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Executive Summary
This document presents the status of the work performed for WP4–Deep environment active
perception and cognition during the second year of the project. This work package consist
of four main tasks, which are Task 4.1–Object detection/recognition and semantic scene segmentation and understanding, Task 4.2–2D/3D object localization and tracking, Task 4.3–Deep
SLAM and 3D scene reconstruction, and Task 4.4–Sensor information fusion. After a general
introduction that provides an overview of the individual chapters with a link to the main objectives of the project, the document dedicates a chapter to each of the tasks. Each chapter (i)
provides an overview on the state of the art for the individual topics and existing toolboxes,
(ii) details the partners’ current work in each task with initial performance results, and (iii) describes the next steps for the individual tasks. Finally, a concluding chapter provides a final
overview of the work and the planned future work for each individual task.
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Introduction

This document describes the work progress of the second year of the project in the four major tasks of WP4–Deep environment active perception and cognition, namely Task 4.1–Object
detection/recognition and semantic scene segmentation and understanding, Task 4.2–2D/3D
object localization and tracking, Task 4.3–Deep SLAM and 3D scene reconstruction and Task
4.4–Sensor information fusion. In this section, a brief description of the work conducted by
the consortium in these tasks is provided, along with a short description on how this work contributes to the Objectives of the project. A more detailed description of the conducted work is
provided in the following sections.

1.1

Object detection/recognition and semantic scene segmentation and
understanding (T4.1)

Performance of recent methods for object detection/recognition and semantic scene segmentation and understanding can be impressive, when the underlying deep learning models used are
of high number of parameters. To make such methods applicable in the context of OpenDR,
one needs to use high-performing lightweight deep learning models. Thus, emphasis needs to
be placed in the training process used to optimize the parameters of such models. To this end,
OpenDR participants developed a variety of methods and tools towards tackling challenges that
arise in deep environment active perception and cognition. These methods target improving
performance and efficiency of deep learning models used for classification or (binary) semantic
segmentation of images, via improved knowledge distillation and hashing, or by allowing for
modeling the model’s uncertainty related to its response.
To that end, AUTH proposed a pseudo-active sensory refinement method (Section 2.1) that
works by applying a number of neural transformation layers on the sensor data. This allows for
refining the sensory input, without having to reacquire the sensor data. In contrast with traditional image processing operations, such as histogram equalization, contrast corrections, etc.,
the proposed method is end-to-end trainable and formulated as a series of neural layers. As a result, the proposed method can be fully integrated in DL end-to-end training pipelines. However,
at the same time, it provides significant advantages, since a) it can be directly used with any DL
model, without requiring any model-specific training or any platform-specific adjustments, b)
it does not require support by the underlying hardware, and c) it avoids the need to reacquire
a new frame for processing by the employed DL model. As a result, the proposed method
provides a solid step towards developing practical and powerful tools that can be directly deployed in a wide variety of systems, tasks and conditions, increasing the perception accuracy,
as also demonstrated in the conducted experimental evaluation. Moreover, AUTH developed
a single-stage self-distillation method, called Probabilistic Online Self-Distillation (POSD) for
improving the performance of any deep neural model, in an online fashion (Section 2.2). The
proposed method allows training compact yet effective models for classification purposes. To
achieve this goal, it argues that considering a classification problem, apart from the hard labels
that express explicit concepts, there are also so-called latent labels that express implicit concepts. These concepts reflect similarities among data, regardless of the classes. Thus, our target
is to maximize the mutual information between the data samples and the latent labels. In this
fashion, we are able to mine additional knowledge from the model itself, in an online manner.
The effectiveness of the proposed method is demonstrated through extensive experiments on six
datasets.
OpenDR
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AUTH also worked on further developing an online self-distillation method for circumventing the flaws of the conventional offline Knowledge Distillation (KD) (i.e., time consuming,
complex and memory and computationally demanding process) (Section 2.3). The proposed
method, named Multilayer Online Self-Acquired Knowledge Distillation (MOSAKD), uses knn non-parametric density estimation for estimating the unknown probability distributions of
the data samples in the feature space generated by any neural layer, that is, either intermediate
layers or the output later. In this way, we can directly estimate the posterior class probabilities
of the data samples and use them as soft labels that explicitly express the similarities of the data
with the classes, negligibly affecting the computational cost. Interestingly, apart from the output
layer, useful information can be acquired from the intermediate layers. Indeed, the experimental
validation on six datasets, including a dataset of synthetic images, indicated the effectiveness of
the MOSAKD method. In addition, AUTH worked on improving the performance of BiseNet
segmentation model, which achieves considerable performance considering the speed-accuracy
trade-off (Section 2.4). More specifically, AUTH investigated ways to improve the performance
of the BiseNet model, both in terms of deployment speed and segmentation accuracy, considering binary segmentation problems. Towards this end, first, a lightweight version of the model
was proposed. Subsequently, the available losses were exploited. As it is experimentally validated, the modified version of the model is faster than the baseline model, while improved
accuracy considering binary segmentation problems is achieved using hinge loss.
Furthermore, AUTH worked on improving object recognition methods, by incorporating label embedding criteria into the learning objective of lightweight neural networks (Section 2.5).
The proposed label embeddings aim to capture general class similarities as well as instancespecific resemblances between samples. The general class embedding learns a linear mapping between the one-hot encoding of the classes and the resulting soft labels are used as the
groundtruth in a cross entropy criterion. For the instance-specific similarities, an external network in the form of an Autoencoder is used, to generate soft embeddings which can first reconstruct the samples themselves and secondly act as targets in the cross entropy loss function.
The resulting soft labels lead the networks to better generalization ability and better recognition
accuracy. AUTH also worked on further developing a deep supervised hashing algorithm that
optimizes the learned codes using an information theoretic measure, the Quadratic Mutual Information (QMI), providing a useful tool for many robotics application where similar objects
must be retrieved from a database (Section 2.6). This can include many applications, ranging
from few-shot learning applications to mining training samples for semi-supervised learning.
The proposed method has been adapted to the needs of large-scale hashing and information
retrieval leading to a novel information-theoretic measure, the Quadratic Spherical Mutual Information (QSMI), that is inspired by QMI but leads to significantly better retrieval precision.
Indeed, the effectiveness of the proposed method is demonstrated under several different scenarios that include multiple large-scale datasets and network architectures, and it outperforms
the existing deep supervised hashing techniques.
AU proposed a type of neural networks called Variational Neural Networks (VNNs) (Section
2.7), which can be used for the estimation of the deep learning model uncertainty with higher
quality than other approaches, such as Monte Carlo Dropout [63] or Bayes By Backprop [14]
methods, according to tests on Epistemic Neural Networks framework [152]. Layers of VNNs
are composed of two identical layers with different weights to generate mean and variance
predictions, which are used to sample from a Gaussian distribution with these parameters. This
means that the model is stochastic and gives different outputs for the same set of weights and
inputs. Predictions and uncertainty of such networks are computed by calculating the mean
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

9/269

and variance of N ≥ 1 runs of the network. The usage of qualitative uncertainty estimation in
robotics could lead to higher system stability and could be used to improve performance of an
active perception task.
TAU proposed Sparse Representation Matching (SRM), a method to transfer intermediate
knowledge obtained from one Convolutional Neural Network (CNN) to another one by utilizing
sparse representation learning (Section 2.8). This is done by extracting sparse representations
of the hidden features of the teacher CNN, which are then used to generate both pixel-level
and image-level labels for training intermediate feature maps of the student network. To obtain
a trainable model, a neural processing block is used which can be efficiently optimized using
stochastic gradient descent and integrated into any CNN in a plug-and-play manner. TAU also
conducted research towards better understanding of learnt feature spaces in image classification
tasks in deep learning (Section 2.9). Training of deep neural networks can be seen as a two-stage
process of feature learning followed by the task-specific prediction of the corresponding output,
which is generally achieved by the last linear layer. Given that successful prediction requires
successful linear classification of learnt features, it is expected that models achieving good
performance converge to feature spaces with highly-separable compact classes. We quantify
this notion of compactness and perform evaluations of different image classification models
on several datasets and find that better compactness is not necessarily associated with better
performance, as well as that compactness ratio is more often maximized than minimized during
training. Further development of tools based on these findings remain for future work.

1.2

2D/3D object localization and tracking (T4.2)

Localization and tracking of objects in (2D) color images and/or in the 3D space requires the
development of efficient methods that can operate using different input data types, i.e. image,
point clouds, and being able to operate in real time. OpenDR participants developed methods for 2D/3D object localization and tracking operating on different types of input data, i.e.
lidar-generated point cloud, spherical images, and color images. AU worked towards 3D object
detection based on spherical projection images of point cloud data (Section 3.1). This data representation is more natural than voxelization or Birds-Eye-View projections as it uses all data
points in their original representation to create an ordered set of points which can be directly
processed by 2D CNNs. The proposed method follows FairMOT’s [254] approach for 2D object
tracking and predicts a heatmap of object centers in the spherical image. The features of the center point are used to regress 3D size, rotation and position offset relative to this point. AU also
worked on a method for single 3D object tracking (Section 3.2) based on a Siamese architecture [11] of a PointPillars network. This model uses first frame detections to initialize and then
tracks the object in Axis-Aligned Bounding Box (AABB) format in PointPillars’s pseudo-image
space by using target and search features and computing cross-correlation scores of target and
search regions’ convolutional features. The position with the highest cross-corellation score
is selected as the new target position. Based on the predicted AABB position, an additional
regression model predicts full 3D location, size and rotation of the object of interest.
AUTH developed a 2D tracking methodology (Section 3.3) that focuses on active object
tracking, where a tracker receives an input visual observation and directly outputs the most
appropriate control actions in order to follow and keep the target in its field of view, unifying in
this way the task of visual tracking and control. This is in contrast with conventional tracking
approaches, as typically developed by the computer vision community, where the problem of
detecting the tracked object in a frame is decoupled from the problem of controlling the camera
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

10/269

and/or the robot to follow the object. The main contribution of the conducted work was a visionbased active tracking method that employs DRL, along with an appropriately designed reward
shaping approach for active tracking problems. The developed methods were evaluated using
Webots, demonstrating good generalization on various dynamic trajectories of moving objects
under a wide range of different setups.

1.3

Deep SLAM and 3D scene reconstruction (T4.3)

For the field of mapping and localization, in this project, OpenDR aims to use the latest advances
in deep learning to integrate network structures into classic SLAM methods to make learning
more robust and efficient. Lately, several methods have put some effort into embedding traditional SLAM structures into deep network architectures. This approach has been shown to
have more robust performance and better generalization capabilities compared to methods that
approximate the whole procedure with a black box function approximator. For example, Neural SLAM [252] embeds the motion model, mapping, and localization procedures [21] into a
completely differentiable deep neural network. The network includes an external memory architecture which is used as a “map” for the agent to learn to write onto and read from. The
method in [90] encodes particle filtering processes into a network [179]. Active neural localizer incorporates traditional filtering-based localization methods into a completely differentiable
network and demonstrates the effectiveness of the learned policy in both 2D and 3D simulated
environments [32]. Following these ideas, we will train separate deep learning modules for each
component of the SLAM pipeline. In this way, each module could either be trained end-to-end,
or they could still use traditional methods but take deep features as inputs. For all the methods,
the use of a lightweight deep learning methodology will be explored to allow deployment on
embedded hardware. First preliminary steps to this end are presented in Section 4.
In particular, in Section 4.1, ALU-FR introduces their work on LiDAR-based panoptic segmentation EfficientLPS [195] as the continuation of the image-based EfficientPS [140] method,
presented in the previous deliverable D4.1. It sets a new state-of-the-art for predicting both semantic and instance segmentation maps for 3D point clouds. The main idea is to project the 3D
data into the 2D domain and apply a CNN-based backbone followed by subtask-specific heads.
Finally, semantic and instance predictions are fused and reprojected to 3D. Moreover, in Section 4.2, ALU-FR presents an extension of their previous work CMRNet++ [27], addressing the
task of monocular visual localization in maps created by a LiDAR sensor. Using a convolutional
neural network, the method advances the state-of-the-art by enabling vision-based localization
in 3D maps independent of the camera parameters. It further shows superior performance compared to other methods by effective generalization to unseen places, i.e., allowing for accurate
localization without the need to retrain.
AGI continued to improve their SLAM plant row detection algorithm. To reduce costs for
the farmer, the second forward facing normal lens camera on Robotti was removed. The plant
row algorithm has been updated to handle the fisheye lens. To increase speed of the algorithm,
it has been moved to C++ and ROS. To increase accuracy, confidence levels have been added,
so the system will be able to make decisions based on expected accuracy.

1.4

Sensor information fusion (T4.4)

In the field of sensor information fusion the project aims to develop environment perception
solutions, which are capable of simultaneously utilizing the data from heterogeneous sources
OpenDR
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(e.g. RGB imagery, depth imagery, audio, various sensory outputs). The emphasis is placed on
efficiency and robustness, specifically the ability to detect and use the information redundancies
between different data streams. This would allow to both reduce the resource consumption of
the model during normal operation and to minimize the ultimate information loss in case of
input stream disruptions.
To that end, TAU has continued its work on the multimodal sensor fusion framework for
manipulation tasks. The formulation of the representation learning task was extended with
additional objective functions to support input reconstruction and cross-modal compensation.
Input reconstruction allows the model to detect an input signal being out-of distribution, which
could indicate the sensor failure or data distortion in a given modality. The system is thus capable of reacting to corrupted inputs without assumptions or prior knowledge of which input
is affected and how. Cross-modal compensation then allows the model to drop the corrupted
input entirely and still recover a feature encoding that is similar (in terms of L2 norm) to the full
encoding. Together these additions allow for the feature encoder to continue operating under
degradation or absence of certain modalities, which is in line with the goal of achieving robustness. Additionally, TAU is working on optimizing the structures of the fusion modules and the
feature encoder as a whole, using neural architecture search. Being autonomous (i.e. requiring
no expert input), the neural architecture search is capable of discovering neural structures that
are superior in terms of task-oriented performance, computational costs, or both. While the
search process itself is computationally expensive, it is performed in an offline fashion, not running directly on the devices targeted by OpenDR. The discovered models can be subsequently
trained and deployed in OpenDR environments, where their improved properties would bring
practical advantages.
Computer vision is another essential part of robotics, as visual information from the environment is widely utilized in numerous successful solutions. Deep learning algorithms in
particular have shown powerful capabilities of solving tasks such as image classification, face
identification and object detection. However, they remain sensitive to input variations, which
can be caused by illumination changes or other harsh visual conditions. Therefore, robotic vision can also benefit greatly from the performance boost and increased redundancy provided by
the sensor information fusion. Effective fusion methodologies are crucial for achieving robustness against asymmetric sensor failures and to minimize uncertainties in the predictions. To that
end, TUD has developed efficient sensor fusion strategies in the context of object detection for
RGB and IR/depth sensors for harsh lighting conditions [131]. The proposed fusion strategies
learn to exploit sensor redundancy in extreme lighting conditions by intelligently determining
the scalar/mask weights for the dominant sensor modality. TUD has also exploited Gumblesoftmax trick to obtain discrete samples from the categorical distribution given the class probabilities of each element in the extracted feature volumes of the input modalities. The learned
weights/masks can also be visualized for each prediction to understand the underlying strengths
of the opted sensor modalities in the given conditions. The work is built upon a transformerbased end-to-end object detector which eliminates the need for hand-crafted components like
anchors and non-maximum suppression. Our multi-modal design converges fairly quickly thus
reducing training time and optimizing computational resources for large-scale datasets. A novel
data augmentation scheme, namely Random Shadows-Highlights (RSH) [132], has been proposed to mimic such extreme conditions. This is performed by randomly creating masks over
the input images, while adjusting the pixel values in the masked regions. RSH is a learning-free
lightweight generic algorithm that allows exploiting large scale multi-modal datasets to train
object detectors or any other image classification models with an improved performance.
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Connection to Project Objectives

The work carried out by the consortium in the context of WP4, as summarized in the previous
subsections, is directly related to the overarching project goals. In particular, the work described
here progressed the state-of-the-art towards meeting the project goals O1 and O2, as will be
presented in detail below.
O1 To provide a modular, open and non-proprietary toolkit for core robotic functionalities
enabled by lightweight deep learning
O1a To enhance the robotic autonomy exploiting lightweight deep learning for on-board deployment
AUTH developed online distillation methods for efficiently training lightweight models
for robotics applications, ranging from a Probabilistic Online Self-Distillation methodology that has been employed (Section 2.2) to an efficient self-distillation approach (Section 2.3). Also, AUTH explored ways for ameliorating the performance of BiseNet semantic segmentation model both in terms of deployment speed and segmentation accuracy, considering binary segmentation problems (Section 2.4). Also, AUTH developed a
supervised hashing methodology (Section 2.6) that enables retrieving objects similar to a
query image, minimizing inference and query time and providing a useful tool both for
few-shot learning, as well as for mining training data when few training data exist.
AU has proposed methods for 3D object detection and tracking which can be used in
robotics applications where lidar sensors are used to sense the robot’s environment. A
method for 3D object detection uses spherical projection images (Section 3.1) for a natural ordering of point clouds and uses a heatmap-based approach to find central object
points and regress a final 3D bounding box from features of this point. A single object
3D tracking method (Section 3.2) was developed that uses a Siamese PointPillars architecture to find an object in the generated pseudo-image space and then regress its 3D
bounding box based on the features of the found region. AU also introduced a new type
of neural networks, called Variational Neural Networks (Section 2.7), with an inherent
ability to express uncertainty.
TAU proposed a knowledge distillation method to transfer intermediate knowledge obtained from one Convolutional Neural Network (CNN) to another one by utilizing sparse
representation learning (Section 2.8). This approach can be integrated into any CNN
in a plug-and-play manner, in order to improve performance of light-weight CNNs for
efficient image/scene classification.
O1b To provide real-time deep learning tools for robotics visual perception on high-resolution
data
AUTH also worked on improving accuracy in classification problems using lightweight
networks which can run in real-time on embedded devices for high-resolution inputs, by
incorporating label embedding criteria into the learning objective of these networks (Section 2.5).
TAU has worked towards investigating the relationships between properties of learnt feature spaces in deep neural networks and performances of corresponding models in image
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classification tasks (Section 2.9), which can be used for understanding the training process of deep learning models when applied on visual perception tasks and can enable
development of methods in further work of the project.
O2 To leverage AI and Cognition in robotics: from perception to action
O2a To propose, design, train and deploy models that go beyond static computer perception,
towards active robot perception
AUTH proposed pseudo-active sensory refinement method (Section 2.1) that works by
applying a number of neural transformation layers on the sensor data, allowing for improving the perception accuracy of DL models without having to re-acquire sensor data.
Also, AUTH worked towards developing end-to-end active tracking approaches. (Section 3.3.
O2c To provide tools for enhanced robot navigation, action and manipulation capabilities that
can exploit if needed deep environment active robot perception
ALU-FR proposed two new methods, namely Efficient LiDAR Panoptic Segmentation
(EfficientLPS) [195] (Section 4.1) and CMRNet++ [27] (Section 4.2). The EfficientLPS
architecture allows to jointly assign semantic classes and distinguish instances of the same
class in LiDAR point clouds, enabling in-depth scene understanding, which is a key requirement for many robot action capabilities. Facilitating advanced robot navigation, the
proposed CMRNet++ enhances monocular vision-based localization in 3D LiDAR maps
and shows superior performance compared to other methods by effective generalization
to unseen places, i.e., allowing for accurate localization without the need to retrain.
TAU has further expanded its modular sensor fusion framework for robotic manipulation
tasks (Section 5.1), incorporating detection and cross-modal compensation of damaged
input signals, as well as leveraging the neural architecture search to autonomously discover more efficient fusion models. These extensions improve efficiency and robustness
of DRL-based controllers in practical robotic manipulation scenarios.
TUD has developed sensor fusion strategies for multi-modal object detection that efficiently exploit sensors redundancy in harsh lighting conditions (Section 5.2). TUD also
proposed a lightweight learning-free data augmentation method which creates random
highlights and shadows to mimic such harsh conditions (Section 5.2).
AGI improved their SLAM plant row guidance algorithm, which will enable the field
robot to be able to react to changes in the plant rows and in its environment.
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Object detection/recognition and semantic scene segmentation and understanding
Pseudo-Active Vision For Improving Deep Visual Perception Through
Neural Sensory Refinement
Introduction, objectives and summary of state of the art

Active vision allows for appropriately controlling the camera of a perception system in order
to improve the perception accuracy [7]. It is worth noting that a camera can be controlled both
regarding its external parameters, e.g., pan and tilt, as well as some of its internal parameters,
e.g., exposure and color profile, etc. Even through there is an increasing amount of literature
for handling the former [183, 138, 161, 19, 247], less focus has been given to the latter (with
respect to the performance of DL models). Indeed, most DL algorithms implicitly assume that
the heavy pre-processing that is involved in most digital camera sensors, e.g., color constancy
algorithms [52, 12, 83, 105], will mitigate the effect of varying illumination conditions. As a
result, most DL models do not explicitly deal with these effects. However, as we experimentally demonstrate in this work, DL models are especially prone to both varying illumination
conditions, as well as changes in contrast, brightness, and slight color shifts. This is not a
surprising finding, since adversarial attacks, as well as studies of the effect of color shifts on
the accuracy of DL models, have indeed demonstrated the vulnerability of DL models to such
transformations [3, 166].
Apart from distribution shifts that arise from the environmental factors described above,
using different hardware for the deployment can also reduce the visual perception accuracy, if
the sensors are not adequately calibrated. The typical solution to this problem is to manually
tune the hardware, as well as employ the appropriate software pre-processing modules in order
to ensure that the models will perform as expected. However, it is obvious that this process
requires a significant amount of effort, often slowing down the integration in many real robotics
applications.
Active perception algorithms can be employed to tackle the aforementioned challenges,
i.e., to appropriately control the internal camera parameters in order to maximize perception
accuracy for a given DL model. This process has many similarities with the visual perception
systems developed in many biological organisms, such as many mammals. In these cases,
different mechanisms exist for adjusting various parameters that affect the signal reaching to
sensor cells, well before propagating the information to the visual cortex. Perhaps the most wellknown example of such mechanism is the adaptive response of the iris to different illuminations
conditions, altering the amount of light eventually reaching the retina [196]. Despite their
potential, active vision methods come with two important drawbacks. First, they typically lead
to the (complete or partial) loss of (at least) one frame acquired by the camera, which can
negatively affect the latency of the system. Second, such algorithms are not easily deployed,
since the output of the active perception algorithm must be first adequately translated in order
to match the underlying hardware of each system, i.e., to translate the model’s output to control
signals.
To overcome these limitations, we propose a pseudo-active sensory refinement method that
works by applying a number of neural transformation layers on the sensor data. This allows
for refining the sensory input, without having to reacquire the sensor data. In contrast with
traditional image processing operations, such as histogram equalization, contrast corrections,
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etc., the proposed method is end-to-end trainable and formulated as a series of neural layers.
As a result, the proposed method can be fully integrated in DL end-to-end training pipelines.
However, at the same time, it provides significant advantages, since a) it can be directly used
with any DL model, without requiring any model-specific training or any platform-specific
adjustments, b) it does not require support by the underlying hardware, and c) it allows for
avoiding the need to reacquire a new frame for processing by the employed DL model. As
a result, the proposed method provides a solid step towards developing practical and powerful
tools that can be directly deployed in a wide variety of systems, tasks and conditions, increasing
the perception accuracy. Indeed, we demonstrate the effectiveness of the proposed method using
two different tasks and datasets, i.e., image recognition on ImageNet dataset (ILSVRC 2012)
[101] and object detection on PASCAL VOC 2007 dataset [56].
A summary of this work is provided hereafter. The corresponding publication is listed
below, and can be found in Appendix 7.1:
1. [163] N. Passalis and A. Tefas, “Pseudo-Active Vision for Improving Deep Visual Perception through Neural Sensory Refinement”, International Conference on Image Processing,
2021
2.1.2

Description of work performed so far

Let x ∈ RW ×H×C be an input image, where W, H and C denote its width, height and number
of channels respectively. Typically, the input image x is fed into a DL model f (x) in order to
perform visual information analysis, e.g., object recognition. The proposed method works by
employing a series of neural transformation layers, as shown in Fig. 1, before feeding the input
into the DL model. The proposed method is composed of three separate modules, each one
performing a different learnable transformation on the input. Each of these modules operate
on a dynamic differentiable color histogram compiled through the previous stage. Therefore,
during the first stage, the image is globally shifted and scaled according to the input histogram.
Then, the second stage performs the same transformation, but on channel level. These two
modules combined aim at correcting global and per color channel brightness and contrast. Then,
the third module is responsible for refining local regions of the input image, while also taking
into account its global histogram, in order to recover information that is potentially lost during
image acquisition, e.g., due to over-exposure.
More specifically, the proposed method works as follows. First, we compile a differentialable histogram with adaptive bins using a Neural Bag-of-Feature-based formulation [156]. To
this end, we quantize the input image features [x]i j ∈ RC using a codebook V = [v1 ; . . . ; vNK ]T ∈
RNK ×C as:
1 W H
(1)
h=
∑ ∑ ui j ∈ RNK
W H i=1
j=1
where NK is the number of codewords, while the similarity vector ui j for the codewords vk and
the input features xi j is calculated as
[ui j ]k = sigm(vTk xi j ),

(2)

where sigm(·) ∈ (0, 1) denotes the sigmoid function. Three different histograms are compiled,
as shown in Fig. 1: a) one at the input (h1 ), b) one at the output of the first module (h2 ) and c)
one at the end of the second module (h3 ). Note that the first histogram operates on the averaged
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Figure 1: The proposed method is composed of three separate neural modules. Each one is
responsible for learning how to apply a different kind of image transformation in order to gradually refine the input image in order to maximize the accuracy of the subsequent DL model.
color intensities, i.e., C = 1, instead of separate color channels, since its aim is to capture the
global information regarding the brightness distribution in the image.
After compiling the first histogram, the proposed method employs two linear layers to appropriately shift and scale the input:
x0 = (x − hT1 W11 )/(1 + hT1 W12 ),

(3)

where W11 ∈ RNK ×1 denotes the weights of the shifting sub-layer and W12 ∈ RNK ×1 denotes the
weights of the scaling sub-layer. Then, this process is repeated in the second module, but the
shifting and scaling is now applied per-channel:
[x00 ]i jk = ([x0 ]i jk − [hT2 W21 ]k )/(1 + [hT2 W22 ]k ),

(4)

where W21 ∈ RNK ×C denotes the weights of the shifting sub-layer and W22 ∈ RNK ×C denotes
the weights of the scaling sub-layer.
Finally, the third module works by first projecting the third histogram into a lower dimensional space:
hx = tanh(hT3 W p ) ∈ RNP
(5)

where W p ∈ RNK ×NP and tanh(·) denotes the hyperbolic tangent function. Then, the vector
hx is upsampled into a W × H × NP tensor and concatenated (channel-wise) with the output of
the previous layer to form the x p ∈ RW ×H×(C+NP ) tensor. The output of the final layer is then
calculated as:
x000 = x00 (1 + tanh(g(x p ))),
(6)
where g(·) ∈ RW ×H×(C) is a series of convolution and deconvolution layers and
denotes
the Hadamard (element-wise) product between two tensors. In this work we use two 5 × 5
convolution layers with 16 and 8 filters, followed by two symmetric deconvolution layers (the
last layer has C filters). The tanh(·) non-linearity is used for all the layers. Note that we assumed
that the input is already normalized into a specific (limited) range. If this assumption does not
hold, then the output of the last layer must be also scaled using a trainable parameter.
All the parameters of the proposed method are learned by first employing an image transformation on the original image x, e.g., brightness, contrast or hue adjustment, leading to a
corrupted image x̃. Then, all the layers are trained using the back-propagation algorithm in
order to recover the original image to the output of the proposed sequence of neural layers,
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denoted by h(·), by minimizing the following loss function:
L =

1 W H C
∑ ∑ ∑ ([x000]i jk − [x]i jk )2,
W HC i=1
j=1 k=1

(7)

where x000 = h(x̃).
2.1.3

Performance evaluation

The proposed method was first extensively evaluated on the ImageNet dataset (ILSVRC 2012)
[101] using an image recognition setup and a ResNet-18 architecture [76]. The proposed
method was also compared to a) directly using the trained ResNet-18 architecture (denoted
as “Baseline”) with the default normalization scheme (global standardization), b) employing a
histogram equalization approach (denoted as “Hist. Equalization”) and c) maximizing the contrast (denoted as “Autocontrast”). We also used different approaches to deteriorate the original
images: a) increasing the contrast by 30% (+) and 40% (++), b) increasing (+/++) or decreasing
(-/–) the brightness by 30% and 40% respectively, c) increasing (+) or decreasing (-) the hue by
10%. Also, we evaluated the methods in a more challenging combined setup where the contrast
was increased by 20%, brightness was decreased by 20% and hue was increased by 5%. The
proposed model was trained by randomly applying different transformations during the training
process and then recovering the original image.
The experimental results for the ImageNet dataset are reported in Table 1. Several interesting conclusions can be drawn from the reported results. First, note that all the applied transformations, i.e., increasing the contrast, increasing/reducing the brightness, increasing/decreasing
the hue, and/or combining multiple transformations on the input image, lead to a significant
reduction in recognition accuracy. For example, even a mild shift in the hue by 10% leads to a
reduction in top-1 accuracy from 69.76% to 62.11%. At the same time, employing non-linear
histogram equalization does not improve the recognition accuracy. In contrast, this type of
image enhancement actually reduces the recognition accuracy, possibly by introducing a catastrophic distribution shift. Similar results were observed for the rest of transformations as well,
but omitted from Table 1, due to lack of space. On the other hand, maximizing the contrast in
the input image can lead to improved recognition accuracy in virtually all the evaluated cases.
Employing the proposed method can further improve the recognition results, by being able to
learn how to appropriately refine the original images in order to compile new transformed images that would be appropriate for the DL model at hand. It is worth noting that for some cases,
e.g., for contrast transformations, using the proposed method can improve the top-1 recognition
by over 3% (relative improvement).
To further demonstrate the generality of the proposed method, we conducted additional
experiments for one other task, i.e., object detection. To this end, we employed the Single
Shot MultiBox Detector (SSD) [124], with a MobileNet backbone [82] for object detection.
The proposed method was not trained on the corresponding detection dataset. Instead, we
directly employed the model trained on the ImageNet dataset for a recognition task in order
to evaluate how it generalizes on this related task. The experimental results are reported in
Table 2. Indeed, using the proposed method again improves the perception accuracy over the
evaluated baselines. Quite interestingly maximizing the contrast does not work so well for this
task, while the proposed method still leads to impressive improvements (e.g., the mean Average
Precision (mAP) increases by over 1.5% in some cases). These results highlight the ability
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Table 1: Pseudo-Active Perception: Object recognition evaluation (recognition accuracy (%) is
reported) on ImageNet dataset (ILSVRC 2012)
Method
Baseline
Baseline
Hist. Equalization
Autocontrast
Proposed
Baseline
Hist. Equalization
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

Transformation
No
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (++)
Contrast (++)
Contrast (++)
Contrast (++)
Brightness (+)
Brightness (+)
Brightness (+)
Brightness(++)
Brightness(++)
Brightness(++)

top-1
69.76
62.18
54.69
62.18
63.43
57.49
50.00
57.47
59.23
64.55
66.81
67.03
60.09
64.10
64.31

top-5
89.08
83.94
77.74
83.93
84.95
80.23
73.48
80.23
81.78
85.92
87.26
87.35
82.48
85.14
85.38

Method
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

Transformation
Brightness(-)
Brightness(-)
Brightness(-)
Brightness(–)
Brightness(–)
Brightness(–)
Hue (+)
Hue (+)
Hue (+)
Hue (-)
Hue (-)
Hue (-)
Combined
Combined
Combined

top-1
60.52
61.02
61.67
53.13
53.78
54.78
62.11
62.17
62.37
62.63
62.69
63.41
55.31
55.17
55.60

top-5
82.64
82.99
83.58
76.38
77.15
78.01
84.38
84.39
84.70
85.02
85.05
85.46
78.35
78.23
78.80

of the proposed method to be directly employed and combined with virtually any DL model
and further increase its robustness by providing an efficient pseudo-active vision approach.
Additional ablation experiments are provided in Appendix 7.1.

2.2
2.2.1

Probabilistic Online Self-Distillation
Introduction, objectives and summary of state of the art

Over the recent years, deep learning (DL) models have eclipsed previous solutions in a wide
range of challenging computer vision tasks, [73]. State-of-the-art DL models are generally
parameter-heavy, containing millions or even billions of parameters [84], assisted to some extent
by the availability of increasingly powerful GPUs. That is, their exceptional performance stems
from their depth and complexity. Therefore, an apparent need for developing compact yet
effective models, diminishing the storage requirements and the computational cost, has been
arisen. During the recent years, substantial research work has been performed to achieve this
goal [37]. Amongst them, Knowledge Distillation (KD) [80] has emerged as a highly promising
approach to address this issue by transferring the knowledge from one, usually larger, model to
a more compact model.
KD methods fall into two categories: online and offline KD. The multi-stage procedure of
initially training a powerful teacher model and then distilling the knowledge to a weaker student
model stands for offline KD. However, offline distillation is accompanied by some flaws. That
is, it is a long-lasting, complex, and computationally and memory-wise demanding process,
since it requires to train first a powerful and heavyweight model and after the convergence to
transfer the acquired knowledge to a faster model. Thus, in the recent literature several online
KD methods have been proposed, in order to circumvent the aforementioned flaws of offline
KD. Online KD describes a procedure where the teacher and the student models are trained
concurrently, that is without the stage of pre-training the teacher model.
Online KD includes a method that trains multiple (student) models mutually from each other
[255], where each model acts as a teacher to other model, as well as a method that trains k copies
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Table 2: Pseudo-Active Perception: Evaluation on the VOC2007 (object detection) dataset (%)

Method
Baseline
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

Transform.
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (++)
Contrast (++)
Contrast (++)
Brightness (++)
Brightness (++)
Brightness (++)
Brightness (–)
Brightness (–)
Brightness (–)
Combined
Combined
Combined

VOC2007
mAP
75.51
62.24
62.13
63.19
66.95
66.86
67.44
70.30
71.36
71.45
56.84
55.81
56.85
56.64
56.39
57.29

of a target (student) model in parallel by adding a distillation term to the loss function of the
i-th model to match the average prediction of the other models [5]. Subsequently, an online
distillation approach builds a multi-branch version of the network by adding identical branches,
each of which constitutes an independent classification model with shared low level layers, and
to create a strong teacher model utilizing a gated logit ensemble of the multiple branches [107].
A recent work [94], combines the previous works [255] and [107], by proposing an online
mutual knowledge distillation method for enhancing both the performance of the fusion module
and the sub-networks. That is, when different sub-networks are used, the sub-networks are
trained similar to [255], while when identical sub-networks are used, the low level layers are
shared and a multi-branch architecture similar to [107] is used. Finally, a two-level distillation
methodology, named Online Knowledge Distillation with Diverse peers (OKDDip), where two
types of students are involved, i.e., multiple auxiliary peers and one group leader, is proposed in
[35]. Distillation is conducted among auxiliary peers with a mechanics for preserving diversity,
and then an ensemble of predictions of these peers is further distilled to the group leader.
A novel probabilistic single-stage self-distillation method, called Probabilistic Online SelfDistillation (POSD), is proposed. The proposed method is model-agnostic, that is, it improves the performance of any deep neural model considering object classification tasks (i.e.,
lightweight and common heavyweight models, as it is demonstrated through the conducted experiments) in an online manner. Thus, as compared to conventional offline KD methods, it reduces the computational and memory requirements. It should be emphasized that the proposed
method derives the additional knowledge from the model itself -that is without any powerful
teacher model- as in [108], but also in an online manner.
More specifically, we argue that in each classification problem there are explicit concepts,
expressed with the hard labels, but there are also implicit concepts, expressed with so-called
latent labels. These implicit concepts reflect potential sub-clusters formed by data samples
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that share specific attributes or similarities among data samples regardless of the class labels.
That is, they are cross-label concepts, which convey useful information about the relationships
between data samples.
Thus, while conventional KD argues that it is useful to maintain the similarities of the samples with the classes (that express the explicit concepts) during the training process, we argue
that there are samples that also share other semantic attributes, extending beyond the explicit
classes. Therefore, we aim to discover these similarities during the training process and then
appropriately employ them to transfer additional knowledge. To achieve this goal, we use a
well-established metric in Information Theory, that is Mutual Information (MI), which allows
us to quantify the information regarding these implicit concepts. Since mutual information is
in general impractical and inefficient to be estimated in high dimensional spaces, we utilize a
variant of mutual information, that is Quadratic Mutual Information [211], which allows us to
efficiently optimize the network toward the aforementioned objective. That is, our goal is to
maximize the MI between the distribution of the data samples and the latent labels. In this way,
the model is not only able to discriminate between different classes, but also to better encode
the geometric relationships between them.
A summary of this work is provided hereafter. The corresponding technical report is listed
below, and can be found in Appendix 7.2:
1. M. Tzelepi, N. Passalis and A. Tefas, “Probabilistic Online Self-Distillation”, Technical
Report.
2.2.2

Description of work performed so far

In each classification problem, there are explicit concepts, expressed with the hard labels, but
there are also implicit concepts, associated with the latent labels. DL models transform the
probability distribution of the data, layer by layer, learning increasingly complex layer representations. As the distribution of the data is being transformed through the layers during the
training procedure, we aim to derive useful information about the relationships among the data
samples which is ultimately ignored, as the samples are forced by the conventional supervised
loss to suppress the implicit concepts. To this aim, we propose to introduce an auxiliary objective aiming to encode the useful implicit concepts, that reflect similarities among the data, from
the model itself. These implicit concepts are unknown, and they can be discovered through
several ways. For example, they could be pre-calculated using clustering, or discovered by exploiting the local manifold structure of the space, etc. In this work, without loss of generality,
we consider the degenerated case where each sample defines a different implicit concept.
More specifically, we consider a O-class classification problem and the labeled data {xi , li }N
i=1 ,
D
O
where xi ∈ ℜ an input vector and D its dimensionality, while li ∈ Z corresponds to its Odimensional one-hot class label vector (hard label). For an input space X ⊆ ℜD and an output
space F ⊆ ℜO , we consider as φ (· ; W ) : X → F a deep neural network with NL ∈ N layers,
and set of parameters W = {W1 , . . . , WNL }, where WL are the weights of a specific layer L,
which transforms its input vector to a O-dimensional probability vector. That is, φ (xi ; W ) ∈ F
corresponds to the output vector of xi ∈ X given by the network φ with parameters W .
Thus, considering the typical classification problem, we seek for the parameters W ∗ that
minimize the cross entropy loss, Jce , between the predicted and hard label distributions:
N

W ∗ = arg min ∑ Jce (li , φ (xi ; W )),
W
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The cross entropy loss for a set of N samples is formulated as:
N

Jce = − ∑

O

∑ limlog(zmi),

(9)

i=1 m=1

where lim is the m-th element of li one-hot label vector, and zm
i is defined as the output of the
softmax operation on the O-dimensional network’s output:
zm
i =

exp(φ (xi ; W )m )
,
∑Cj=1 exp(φ (xi ; W ) j )

(10)

where the notation φ (xi ; W )m is used to refer to the m-th value of the output vector of the
network. The cross entropy loss generally suppresses the aforementioned implicit concepts,
and thus our goal is to circumvent this by enforcing the data samples to maintain the MI with
these concepts.
For simplicity, we consider Y to be a random variable representing the image representations
of the feature space generated by a specific deep neural layer L, that is yi = φ (xi ; WL ). We also
consider a discrete-value variable C that represents the latent labels. Each feature representation
y defines an implicit concept and it is associated with a latent label c.
MI measures dependence between random variables, that is, it measures how much the uncertainty for the latent label c is reduced by observing the feature vector y. Let p(c) be the
probability of observing the latent label c, and p(y, c) the probability density function of the
corresponding joint distribution. The MI between the two random variables is defined as:
MI(Y,C) =
R

N Z

∑

c=1 y

p(y, c) log

p(y, c)
dy,
p(y)P(c)

(11)

where P(c) = y p(y, c)dy. Instead of utilizing MI, we use Quadratic Mutual Information [211],
since directly calculating MI is not computationally tractable. That is, MI can be interpreted as
a Kullback-Leibler divergence between the joint probability density p(y, c) and the product of
marginal probabilities p(y) and P(c). Thus, QMI is derived by replacing the Kullback-Leibler
divergence by the quadratic divergence measure [211]. That is:
QMI(Y,C) =

N Z

∑

c=1 y

(p(y, c) − p(y)P(c))2 dy.

(12)

And thus, by expanding eq. (12) we arrive at the following equation:
QMI(Y,C) =

N Z

∑

c=1 y
N Z

−2 ∑

p(y, c)2 dy +

c=1 y

N Z

∑

c=1 y

p(y)2 P(c)2 dy
(13)

p(y, c)p(y)P(c)dy.

The quantities appearing in eq. (13) are called information potentials and they are defined as
follows: VIN =

OpenDR

N Z

∑

c=1 y

2

p(y, c) dy, VALL =

N Z

∑

c=1 y

2

2

p(y) P(c) dy, VBTW =

N Z

∑

c=1 y

p(y, c)p(y)P(c)dy,
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and thus, the QMI between the data samples and the corresponding latent labels can be expressed as follows utilizing the information potentials:
QMI = VIN +VALL − 2VBTW .

(14)

As we have previously mentioned, we consider that each sample defines an implicit concept,
expressed with a latent label, and thus there are N different latent labels. Under the manifold
assumption [10], we consider that the implicit concepts are expressed in the feature space as
the geometric proximity between the data samples. That is, nearest neighbors, in terms of
Euclidean distance, in the feature space for each sample defining an implicit concept share
the same concept. Note, that the nearest neighbors are updated at each iteration, and thus
throughout the network’s training we obtain more useful nearest neighbors, since the procedure
is driven by the supervised loss. It is also noteworthy that manifold assumption allows us to
infer only similarities, not dissimilarities. Therefore, we can infer that two neighbors are similar
because they are close to each other, however, being far apart does not guarantee that they do
not share the same implicit concept. We should also highlight that as the network is optimized
to discriminate between the different classes (hard labels), the intermediate representations and
the corresponding manifolds are distorted in a way that facilitates the task at hand. Therefore,
some implicit concepts that are not relevant to the task at hand are suppressed, while others,
relevant to the task at hand, are possibly reinforced.
Thus, each of N different latent labels consists of k p samples (i.e., a certain number of nearest samples and the sample itself), and the class prior probability for the c p latent label is given
k
as: P(c p ) = Np , where N corresponds to the total number of samples. Kernel Density Estimation
(KDE) can be used to estimate the joint density probability: p(y, c p ) =

1
N

kp

∑ K(y, y pj; σ 2), for

j=1

a symmetric kernel K, with width σ , where we use the notation y pj to refer to the j-th sample of
the p-th latent label, that is the j-th nearest neighbor, as well as the probability density of Y as
kp
1 N
p(y) = ∑ (y, c p ) = ∑ K(y, y j ; σ 2 ).
N j=1
p=1
Therefore, the information potentials that appear in (14) can be efficiently calculated as:
VIN

1
= 2
N

1
VALL = 2
N
VBTW =



N

kp kp

∑ ∑ ∑ K(ykp, ylp; 2σ 2),

N

kp
∑ ( N )2
p=1

1
N2

(15)

p=1 k=1 l=1

N

kp
∑N
p=1



kp

N

N

∑ ∑ K(yk , yl ; 2σ 2),

(16)

k=1 l=1
N

∑ ∑ K(y pj, yk ; 2σ 2).

(17)

j=1 k=1

The pairwise interactions described above between the samples can be interpreted as follows:
• VIN expresses the interactions between pairs of samples sharing each implicit concept
• VALL expresses the interactions between all pairs of samples, regardless of the latent label
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• VBTW expresses the interactions between samples of each implicit concept against all
other samples
The kernel function K(yi , y j ; σ 2 ) expresses the similarity between two samples i and j.
There are several choices for the kernel function [189]. For example, in [211] the Gaussian kernel is used, while in [158] the authors utilize a cosine similarity based kernel to avoid defining
the width, in order to ensure that a meaningful probability estimation is obtained, since finetuning the width of the kernel is not a straightforward task, [38]. In this work, we use the power
kernel. Power kernel, KP , also known as unrectified triangular kernel, is defined as follows:
KP = ||yi − y j ||d

(18)

Our goal is to maximize the QMI between the distribution of the data samples sharing implicit concepts with the distribution of the latent labels. This process can be accelerated by
observing that VBTW term includes only the distant neighbors to each implicit concept and, as
a result, it typically has a negligible contribution to the optimization compared to VIN . Furthermore, the VALL term is just a contractive term that tends to shrink all the samples in the feature
space, contributing equally to all data samples, regardless their label. Given that our goal is not
to accurately estimate the exact value of MI, but to enhance the implicit concepts that appear
in the data, we propose accelerating the optimization by using VIN as a proxy to QMI. This approximation allows for accelerating the training process, while having only a negligible effect
on the optimization.
Thus, the overall loss, J can be formulated as:
J = JCE − λ JPOSD ,

(19)

where JPOSD = VIN , and λ balances the importance between the hard and the latent labels.
Simple SGD is utilized to train the model:
∆W = −η

ϑJ
.
ϑW

(20)

In this way, the model is trained synchronously both with the conventional supervised loss (hard
labels) so as to discriminate between different classes, and distillation loss so as maximize the
QMI of the samples with the latent labels.
2.2.3

Performance evaluation

The proposed method is extensively evaluated in Appendix 7.2, including experiments on six
datasets using lightweight models, as well as comparisons against competitive online distillation methods using common models (e.g., ResNet, Wide Resnet). In this Section, we provide
representative experiments using lightweight models on three datasets (i.e., Cifar-10, SVHN,
and Fashion MNIST) using different number of nearest neighbors (NN), and also considering
various mini-batch sizes (i.e., of 32, 64, and 128 samples). The performance is measured using
test accuracy (i.e., Top-1 accuracy). The experimental results are provided in Tables 3-5. Best
results are printed in bold.
First, in Table 3, we can observe that the proposed online distillation method improves the
baseline performance for all the values of nearest neighbors on all the utilized datasets, considering mini-batch of 32 samples. We can also see that better performance is accomplished
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utilizing the maximum considered number of nearest neighbors, that is 10NN. The corresponding results setting the mini-batch size to 64 for the three utilized datasets are presented in Table
4. Similar remarks are drawn in this set of experiments. The proposed method achieves improved performance over the baseline in all considered cases. In this case, we can observe that
better results are obtained for fewer nearest neighbors as compared to the previous case, that
is considering 4NN and 8NN. Finally, the evaluation results considering 2NN, 4NN, 8NN and
10NN for mini-batch size set to 128 are provided in Table 5. As we can notice the enhanced
performance of the proposed distillation approach against the baseline is also confirmed in this
case. It is also shown that as the mini-batch size increases, better performance is achieved
utilizing fewer nearest neighbors.

Method
W/o Distillation
POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

Cifar-10
64.826% ± 0.573%
65.508% ± 0.729%
65.674% ± 0.526%
65.622% ± 0.595%
66.280% ± 1.190%

SVHN
88.822% ± 0.217%
89.223% ± 0.404%
89.483% ± 0.279%
89.478% ± 0.154%
89.512% ± 0.379%

Fashion MNIST
91.278% ± 0.141%
91.770% ± 0.160%
91.810% ± 0.115%
91.822% ± 0.127%
91.882% ± 0.108%

Table 3: Test Accuracy - Batch Size: 32

Method
W/o Distillation
POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

Cifar-10
64.734% ± 0.654%
65.472% ± 0.914%
66.782% ± 0.691%
66.140% ± 1.013%
66.336% ± 0.699%

SVHN
88.706% ± 0.306%
89.625% ± 0.307%
89.534% ± 0.500%
89.912% ± 0.250%
89.522% ± 0.260%

Fashion MNIST
91.214% ± 0.141%
91.624% ± 0.111%
91.650% ± 0.138%
91.730% ± 0.157%
91.548% ± 0.172%

Table 4: Test Accuracy - Batch Size: 64

Method
W/o Distillation
POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

Cifar-10
65.048% ± 0.620%
66.248% ± 0.592%
66.362% ± 0.726%
66.760% ± 0.680%
66.304% ± 0.919%

SVHN
88.013% ± 0.083%
89.387% ± 0.433%
89.946% ± 0.433%
89.491% ± 0.363%
89.655% ± 0.334%

Fashion MNIST
91.058% ± 0.130%
91.728% ± 0.175%
91.636% ± 0.154%
91.724% ± 0.121%
91.592% ± 0.151%

Table 5: Test Accuracy - Batch Size: 128

2.3
2.3.1

Efficient Multilayer Online Self-Acquired Knowledge Distillation for
Image Classification
Introduction, objectives and summary of state of the art

Over the recent years, deep learning (DL) models have been successfully utilized in order to
address a wide range of computer vision problems, gradually displacing previous solutions [73].
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Following the evolution of DL, it is evident that DL models are becoming increasingly heavier
(e.g., the older LeNet-5 model [111] has approximately 60k parameters, while the more recent
VGG-16 model [194] has approximately 138M parameters). The increasing complexity of DL
models is accompanied by specific computational and memory requirements, obstructing their
application for robotics applications. These limitations have fueled the need for developing
lightweight, fast, and effective models. Several solutions have been proposed to accomplish
this goal [37]. Amongst them Knowledge Distillation (KD) [80] (also known as Knowledge
Transfer) has emerged as a very effective way to tackle this challenge.
The seminal (offline) KD approach refers to the process where a high-capacity and powerful
model, known as teacher, which achieves considerable performance, transfers its knowledge to
a more compact and fast model, known as student. Thus, apart from the regular supervised loss,
the student model is concurrently trained to mimic the so-called soft labels produced by the
teacher model. To this aim, the parameter of temperature is introduced at the softmax activation
function on the output layer of the network. The rationale behind this practice is that, compared
to the hard labels, the soft labels relay more information about the way the model learns to
generalize, trying implicitly to uncover similarities over the data.
KD methods can be classified into two broad categories: offline and online KD. Offline KD
refers to the multi-stage process that previously described, while online KD refers to the singlestage process of training the teacher and the student models concurrently, that is by omitting the
stage of pretraining the teacher model. Several online distillation methods have been proposed
in the recent literature. For example, a framework of collaborative learning which trains several
classifier heads of the same network at the same time, on the same training data, is proposed
in [197]. The framework generates a population of classifier heads during the training process,
where each head learns, apart from the hard labels, from the soft labels produced by the whole
population. Furthermore, the method involves an intermediate-level representation sharing with
backpropagation rescaling that aggregates the gradient flows for all the heads. Next, a two-level
distillation methodology, named Online Knowledge Distillation with Diverse peers, where two
types of students are involved, i.e., multiple auxiliary peers and one group leader, is proposed in
[35]. Distillation is conducted among auxiliary peers with a mechanics for preserving diversity,
and then an ensemble of predictions of these peers is further distilled to the group leader.
In our work, we propose a single-stage online self-acquired knowledge distillation method,
namely Multilayer Online Self-Acquired Knowledge Distillation (MOSAKD), for ameliorating
the performance of any deep neural model for classification tasks, based on our previous work
published in [221]. The overarching motivation of this work is to effectively train fast and
lightweight models with extra supervision, apart from the regular supervised loss, that reveals
further knowledge beyond the hard labels, from the model itself and also in an online manner, so
as to overcome the inherent limitations of offline KD caused by the multi-step training pipeline
(i.e., time consuming, complex, and memory-wise and computationally demanding process).
The proposed method is established on the following remarks. First, considering a regular
classification task, a probability distribution over the classes is produced by the softmax activation function at the output of neural network. Then, the softmax classifier inherently suppresses
all the activations apart from the highest one. Hence, the conventional (offline) KD methodology manifests that the class probability distribution of a powerful teacher carries useful information on the similarities of the data with all the classes, and thus it is advantageous to retain
these similarities during the training process, instead of merely training the model with the hard
labels [80]. Furthermore, it has been shown that useful information can also be obtained even
by transferring the knowledge from a teacher of identical capacity with the student [62]. Finally,
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it has been demonstrated that compact models usually have the same representation capacity as
their heavier counterparts but they are harder to train [6].
Therefore, our goal is to obtain additional knowledge about the similarities of the samples
with the classes from the model itself and also in an online manner, in order to train fast and
lightweight yet effective DL models. To accomplish this goal, we propose to use the k-nn nonparametric density estimation in order to estimate the unknown probability distributions of the
data samples in the feature space generated by any neural layer, that is either by intermediate
layers or by the output layer. In this fashion, we are capable of directly estimating the posterior
class probabilities of the data samples, based on the neighborhood of each sample, and use
them as soft labels. These soft labels explicitly express the similarity of each sample with all
the classes. It should be emphasized that the proposed method is able to acquire additional
knowledge from any layer, and, as shown, useful information can be distilled even from the
shallower layers.
The experimental evaluation on six datasets validates the effectiveness of the MOSAKD
method. Amongst them, a synthetic dataset for discriminating between humans and non humans has been created. Synthetic data has become an increasingly useful tool in training DL
models, accompanied by a series of benefits [149], with a wide range of robotics applications,
e.g., [120]. A few of those benefits are that synthetic data 1) provide detailed annotations, since
these are automatically generated without containing errors that usually occur in the manual
annotation procedure; 2) are usually large in scale, since they are procedurally generated; 3)
minimize the risk of DL methods deployed in simulation environments in robotics to exhibit
unstable behaviours or complete failures, due to not having been adapted to the visual differences between the virtual and the real world data. In our work, since we are focusing on robotics
applications, we use a fully convolutional model which is capable of operating in real-time (∼
25 Frames Per Second - FPS) utilizing a low-power GPU [220] for high resolution input. The
target is to provide semantic heatmaps of human presence on real data. That is, we train the realtime model using the proposed online distillation method on the synthetic data (only 100 real
human images were used), and we test the model on unseen images that contain real humans,
providing semantic heatmaps. The procedure for producing semantic heatmaps is explained in
[220] (this work was included in Deliverable D4.1).
The main contributions of our work can be summarized as follows:
• We propose a novel Multilayer Online Self-Acquired Knowledge Distillation method.
• The MOSAKD method mines additional knowledge in an online manner from the model
itself, rendering it more efficient. That is, the MOSAKD method does not require using
multiple models to teach each other or copies of a given model like the existing online KD
methods that leads to multiple times more computationally expensive training processes.
• The MOSAKD method is capable of mining additional information about the similarities
of the samples with the classes employing intermediate and the output layers.
• The proposed method can be applied to various architectures varying from lightweight
models to more complex ones.
• The self-nature of the MOSAKD method ensures that advantageous knowledge will be
extracted which is a crucial issue, since the compatibility between the teacher and student
models can significantly affect the effectiveness of the distillation procedure, as demonstrated in [137].
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• The experimental evaluation on six dataset, including a dataset of synthetic data, validates the MOSAKD method can ameliorate the classification performance of simple and
deeper models, while comparison results confirm the superiority of the method over the
state-of-the-art methods.
A summary of this work is provided hereafter. The corresponding technical report is listed
below and can be found in Appendix 7.3:
1. M. Tzelepi, C. Symeonidis, N. Nikolaidis and A. Tefas, “Efficient Multilayer Online SelfAcquired Knowledge Distillation for Image Classification”, Technical Report.
2.3.2

Description of work performed so far

In our work, a novel self-distillation method is proposed that allows for developing fast-toexecute yet effective models that can comply with applications (e.g., robotics applications) with
memory and computational restrictions. The proposed method allows for acquiring additional
knowledge about the similarities of the samples with the classes from the model itself and also
in an online manner.
More specifically, a C-class classification problem and the labeled data {xi , yi }N
i=1 , where
D
C
xi ∈ ℜ is an input vector and D its dimensionality, while yi ∈ Z corresponds to its Cdimensional one-hot class label vector are considered. We also consider, for an input space
X ⊆ ℜD and an output space F ⊆ ℜC , as φ (· ; W ) : X → F a deep neural network with
NL ∈ N layers, and set of parameters W = {W1 , . . . , WNL }, where WL are the weights of a
specific layer L, which transforms its input vector to a C-dimensional probability vector. That
is, for an input vector xi ∈ X , φ (xi ; W ) ∈ F is the output vector given by the network φ with
parameters W .
Thus, considering the regular classification task, the goal is to find the parameters W ∗ that
minimize the cross entropy loss, `ce , between the output vector φ (xi ; W ) and the one-hot class
label vector yi :
N

W ∗ = arg min ∑ `ce (yi , φ (xi ; W )),
W

(21)

i=1

The cross entropy loss for a sample i is defined as:
`ce (yi , zi ) =

C

∑ ymi log(zmi),

(22)

m=1

ym
i

where
is the m-th element of yi one-hot label vector, and zm
i is defined as the output of the
softmax operation on the C-dimensional network’s output:
zm
i

exp(φ (xi ; W )m )
.
= C
∑ j=1 exp(φ (xi ; W ) j )

(23)

Our goal is to mine additional knowledge from the model itself in an online fashion. To
achieve this goal, we propose to use k-nn non-parametric density estimation in order to estimate
the unknown probability distributions of the data samples in the feature space generated by any
neural layer, that is either any intermediate layer or the output layer. The idea of non-parametric
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density estimation is based, in general, on the fact that the probability P that a vector x will fall
in a region R is given by:
Z
P=

R

p(x0 )dx0 .

(24)

Thus, P is a smoothed version of the density function p(x) and this smoothed value of p can
be estimated by estimating the probability P. If we consider that N samples {xi }N
i=1 are drawn
independently and identically distributed according to p(x), then the probability that k of these
N lie inside in R is given by the binomial law:
 
N k
Pk =
P (1 − P)N−k ,
(25)
k

and the expected value for k is given by:

E[k] = NP.

(26)

Furthermore, this binomial distribution for k peaks very sharply about the mean, thus we expect
that the ratio Nk will be a good estimate for the probability P, and hence for the smoothed density
function. The estimate becomes more accurate as N increases. Making also the assumption that
p(x) is continuous and the region R is so small that p does not significantly vary within it, we
arrive at the equation:
Z
R

p(x0 )dx0 ' p(x)V,

(27)

where x is a point within R and V is the volume enclosed by R. By combining Eq. (24), (26),
and (27) we arrive at the following estimate for p(x):
p(x) =

k
N

V

.

(28)

This equation can be, in general, exploited in two different manners: either to define the
number of nearest neighbors, k, and to adjust the volume V from the data, which stands for
the k-nn density estimation, or to define the volume V and to observe how many points k fall
into the region, which gives rise to the parzen windows. The essential advantage of the first
one is that it allows for directly estimating the posterior probabilities P(cm |x) of the class being
cm , m = {1, · · · ,C}, from a set of N labeled data by using the samples to estimate the densities
involved. To do this, we apply the k-nn density estimation to each class separately and then
we make use of the Bayes rule. More specifically, assuming that we have a dataset consisting
of Nm samples that belong to class cm , with N samples in total, so that ∑m Nm = N, we place a
sphere of volume V around x and capture k samples, km of which belong to the class cm . Then,
the estimate for the probability p(x|cm ) is:
p(x|cm ) =

km
,
NmV

(29)

and similarly the unconditional density is given by:
p(x) =

k
,
NV

(30)

Nm
.
N

(31)

while the priors can be approximated by:
P(cm ) =
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Thus, we apply the Bayes rule to compute the posterior class probabilities:
p(x|cm )P(cm )
P(cm |x) =
=
p(x)

km Nm
NmV N
k
NV

=

km
.
k

(32)

Considering the output of a specific layer, L, and for a specific number of nearest neighbors,
k, at the feature space generated by the layer L, the posterior probabilities can be estimated and
used as soft labels. These soft labels explicitly encode information about the similarities of the
samples with the classes. That is, the soft label for a sample i is given by:
sLi = [

kL
k1L k2L
, , . . . , C ],
k k
k

(33)

L , m = {1, · · · ,C} is the number of nearest neighbors that belong to the class c , m =
where km
m
{1, · · · ,C} at the layer L.
Therefore, in the MOSAKD training procedure, the goal is to find the parameters W ∗ that
minimize the overall loss of cross entropy, `ce and self-distillation, `sd :

N

W = arg min ∑ [`ce (yi , φ (xi ; W )) + λ `sd (sLi , φ (xi ; W ))],
∗

W

(34)

i=1

where λ controls the relative importance between the two losses. We use Mean Squared
Error (MSE) as self-distillation loss, however Kullback-Leibler (KL) divergence could also be
used.
Consequently, in the MOSAKD training process the input images are fed to the network, and
for each sample the predictions for belonging to each of the classes are produced. Concurrently,
the soft labels are computed based on the neighborhood of each sample, considering the feature
space generated by a specific neural layer, according to the procedure described above. Then,
the network is trained using the cross entropy loss with the hard labels, and concurrently using
the distillation loss to regress the produced soft labels, encouraging it to regard the similarity of
each sample with the classes. The MOSAKD training procedure is also illustrated in Fig. 2.
2.3.3

Performance evaluation

The MOSAKD method is extensively evaluated in Appendix 7.3. In this Section, we first
provide indicative experiments on Cifar-10 and Synthetic-Human datasets, utilizing a simple
lightweight model and the real-time VGG-1080p model [220], respectively. Performance is
measured using test accuracy (classification accuracy). The experimental results for each utilized layer and for various numbers nearest neighbors (NN) for computing the soft labels are
presented in Tables 6 and 7. As it is demonstrated, the MOSAKD method improves the baseline
performance of training without distillation for all the utilized layers and also for all the values
of NN.
Subsequently, we compare the performance of the MOSAKD method with state-of-the-art
online distillation methods using a common model, that is Wide ResNet 20-08 (WRN-20-08)
model on Cifar-100 dataset. The experimental results are presented in Table 8. As it shown, the
MOSAKD method achieved superior performance over existing methods.
Finally, we use the proposed trained model on the synthetic human dataset to generate
heatmaps on unseen high-resolution images that contain real humans. That is, unseen images of
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Network
Input x
(x;W1)

Lclass.(logits, hard labels)

Ldist.(logits, soft labels)

Figure 2: MOSAKD Training Procedure: The input images are fed to the network, and for
each sample the predictions for belonging to each of the classes are produced. Concurrently,
considering a specific neural layer, the soft labels are computed based on the neighborhood of
each sample in the feature space generated by the specific layer. Then, the network is trained
at the same time using the cross entropy loss with the hard labels and using the distillation loss
with the produced soft labels.

Table 6: Cifar-10: Classification Accuracy of the Proposed MOSAKD Method Utilizing Different Layers and Number of Nearest Neighbors. Baseline of Training Without Distillation:
64.734% ± 0.654%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

4NN
66.204% ± 0.768%
66.307% ± 0.687%
66.150% ± 0.593%
65.210% ± 0.764%
66.056% ± 0.808%

8NN
66.076% ± 0.241%
65.660% ± 0.710%
65.752% ± 0.534%
66.176% ± 0.979%
65.729% ± 0.424%

12NN
65.818% ± 0.560%
66.756% ± 0.953%
65.318% ± 1.035%
66.561% ± 0.635%
65.962% ± 0.841%

16NN
65.994% ± 0.659%
66.423% ± 1.100%
65.856% ± 0.638%
66.468% ± 0.587%
66.570% ± 0.563%

20NN
66.022% ± 0.469%
66.584% ± 0.742%
66.304% ± 0.883%
65.332% ± 0.511%
66.472% ± 0.260%

Table 7: Synthetic Human: Classification Accuracy of the Proposed MOSAKD Method Utilizing Different Layers and Number of Nearest Neighbors. Baseline of Training Without Distillation: 97.048% ± 0.476%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

OpenDR

4NN
97.052% ± 0.716%
97.866% ± 0.684%
97.515% ± 0.636%
97.982% ± 0.882%
96.962% ± 0.997%

8NN
98.275% ± 0.550%
98.096% ± 1.129%
96.814% ± 1.916%
97.264% ± 1.482%
97.946% ± 0.899%

12NN
98.192% ± 0.801%
98.322% ± 0.738%
97.084% ± 1.113%
98.192% ± 1.082%
98.268% ± 0.556%

16NN
98.223% ± 1.288%
97.914% ± 0.641%
98.046% ± 0.908%
97.404% ± 1.129%
98.376% ± 0.611%

20NN
98.592% ± 0.744%
97.982% ± 0.672%
97.842% ± 1.009%
98.426% ± 0.981%
97.960% ± 0.711%
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Table 8: Comparisons Against Online Distillation Methods on Cifar-100 utilizing the WRN20-8 architecture.
Method
WRN-20-8
DML [255]
ONE [107]
CL-ILR [197]
OKDDip [35]
DFL [148]
MOSAKD - Layer 1
MOSAKD - Layer 2
MOSAKD - Layer 3
MOSAKD - Layer 4

Classification Accuracy
77.50% ± 0.44%
79.79 ± 0.11%
78.81 ± 0.12%
79.56 ± 0.13%
80.37 ± 0.07%
80.51% ± 0.49%
80.79% ± 0.20%
80.76% ± 0.21%
80.72% ± 0.23%
81.01% ± 0.21%

Figure 3: Heatmap on real-image containing humans utilizing the human detection model
trained on synthetic humans.
size 1920 × 1080 are fed to the network, and for every window 64 × 64 we compute the output
of the network at the output layer. Indicative evaluation results are illustrated in Figs. 3 and 4.
As it shown, the model which is trained on synthetic images (only 100 real images depicting
humans are used) can successfully detect humans on real images.

2.4
2.4.1

Improving Binary Semantic Scene Segmentation for Robotics Applications
Introduction, objectives and summary of state of the art

Semantic scene segmentation refers to the task of assigning a class label to each pixel of an
image, and hence it is also known as pixel-level classification. Semantic scene segmentation
is a challenging task involved in numerous robotics applications, such as autonomous driving
[4]. Robotics applications are accompanied by particular computational requirements. That is,
the utilized models should be able to effectively operate at sufficient speed, on embedded low
power GPUs, while also considering high-resolution input.
Recent advances in Deep Learning (DL) have provided effective models for addressing the
general problem of semantic scene segmentation [67], however, without considering the issue
of deployment (inference) speed. That is, most of the existing state-of-the-art DL segmentation
models are computationally heavy, and hence ill-suited for robotics applications. Thus, in the
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Figure 4: Heatmap on real-image containing humans utilizing the human detection model
trained on synthetic humans.
recent literature there have been works that also focus on the deployment speed, providing realtime segmentation models, considering mainly high power GPUs [36, 171, 31, 244, 55, 245].
A comparative study of current semantic segmentation models considering the inherent computational restrictions in the context of robotics applications is provided in [222] (this work was
presented in Deliverable D4.1). More specifically, extensive experiments have been conducted
on different embedded platforms (e.g., AGX Xavier, NVIDIA TX-2), and also for various input
resolutions, ranging from lower to higher ones. From the conducted experiments, it is evident
that the Bilateral Segmentation Network (BiseNet) [245] model achieves considerable performance considering the segmentation accuracy-speed trade-off. Towards this end, in this work
we employ BiseNet model and we address the problem of binary semantic segmentation considering robotics applications.
In our work, we explore ways of improving the performance of BiseNet model both in terms
of deployment speed and segmentation accuracy, considering binary segmentation problems. To
this aim, we first propose a lightweight version of the model. That is, we propose a lightweight
network instead of ResNet-18 that is used in the so-called context path. Subsequently, we
exploit the available losses. Specifically, apart from the widely used cross entropy (softmax)
loss, which is also used in the initial version of BiseNet, we apply hinge loss, since as it is
shown in the recent literature, it provides improved accuracy considering binary classification
problems [220].
A summary of this work is provided hereafter. The corresponding technical report is listed
below, and can be found in Appendix 7.4:
1. M. Tzelepi, N. Tragkas and A. Tefas, “Improving Binary Semantic Scene Segmentation
for Robotics Applications”, Technical Report.
2.4.2

Description of work performed so far

The BiseNet model consists of two paths, that is Spatial Path and Context Path. The spatial path
is used in order to preserve the spatial information and generate high resolution features, and
the context path with a fast downsampling strategy is used in order to obtain sufficient receptive
field. Furthermore, the model includes two modules, that is a Feature Fusion Module and an
Attention Refinement Module, in order to further improve the accuracy with acceptable cost.
Finally, apart from the principal cross entropy loss which supervises the output of the BiseNet
model, two auxiliary losses are utilized to supervise the output of the context path.
In our work, we propose to replace the ResNet-18 model used in the context path, with
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a more lightweight model. The proposed model, which is based on the VGG model [194],
consists of five pairs of convolutional layers followed by batch normalization and ReLU activation. A max-pooling layer follows each convolutional block. As it will be presented the
modified BiseNet model utilizing the proposed lightweight model in the context path achieves
considerable speed improvements.
Subsequently, since lightweight models usually have inferior performance as compared to
the heavyweight counterparts, we explore ways to improve their performance. To achieve this
goal, we focus on the loss functions for training the segmentation model. More specifically,
even though cross entropy (softmax) loss, is a widely used loss function in DL, in a recent work
[220] it has been demonstrated that considering binary classification problems, hinge loss can
achieve improved classification performance. Motivated by the aforementioned observation, in
this work, we extend this investigation on binary segmentation problems. Thus, we utilize hinge
loss so as to supervise the output of the whole model. Hinge loss per pixel is defined as:
Nc

`h =

∑ max(0, 1 − ζ {c = j}ylast
j )

(35)

j=1

where c ∈ [1, · · · , Nc ] indicates the correct class among the Nc classes, ylast
indicates the score
j
with respect to the j-th class, and

1
, if condition
ζ {condition} =
−1 , otherwise
In our case, Nc = 2, since we deal with binary segmentation problems.
2.4.3

Performance evaluation

The proposed method is extensively evaluated in Appendix 7.4. In this Section, we first provide
indicative experiments on the deployment speed in terms of Frames Per Second (FPS) for the
modified BiseNet model, as well as on the performance in terms of mean Intersection Over
Union (mIOU) for the hinge loss. Experiments conducted on two binary datasets created from
the CityScapes [41] dataset, exploiting only the Human and Vehicle classes.
The evaluation results with respect to the deployment speed of the modified model against
the BiseNet model with ResNet-18 on an NVIDIA 2-80 Ti, and on an NVIDIA Jetson AGX
Xavier, for various input sizes are presented in Tables 9 and 10. As it is shown, the modified
model is considerably faster in any considered case.
Next, the experimental results for evaluating the hinge loss against cross entropy loss, utilizing the proposed lightweight BiseNet model, on the two binary segmentation datasets are
presented in Table 11. Best results are printed in bold. As it is demonstrated, hinge loss accomplishes superior performance as compared to the cross entropy loss, considering binary
segmentation problems.
Finally, some qualitative results are presented utilizing the proposed modified model trained
for human segmentation and vehicle segmentation in Fig. 5.

2.5
2.5.1

Soft Label Embedding Methods for Improved Object Recognition
Introduction, objectives and summary of state of the art

The popular one-hot encoding method, typically used in classification problems in conjuction
with the cross-entropy loss function, fails to capture the inherent uncertainty in data labeling
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Table 9: Evaluation of speed in terms of FPS utilizing the proposed lightweight model in the
context path, against the ResNet-18 on an NVIDIA 2080 Ti.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
66.51
70.69
98
163.91
216.37
269.58

BiseNet - Proposed
75.23
84.06
119.76
215.61
305.89
353.59

Table 10: Evaluation of speed in terms of FPS utilizing the proposed lightweight model in the
context path, against the ResNet-18 on an NVIDIA Jetson AGX Xavier.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
11.58
12.23
16.38
26.78
40.13
52.42

BiseNet - Proposed
15.32
16.96
23.40
40.12
60.66
77.83

Table 11: Evaluation on segmentation performance in terms of mIOU (%) utilizing the modified
lightweight BiseNet model, for evaluating hinge loss against cross entropy loss.
Dataset
Human Vs Non-Human
Vehicle Vs Non-Vehicle

OpenDR

Cross Entropy Loss
87.82
94.82

Hinge Loss
89.23
95.03
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Figure 5: Predictions of the modified lightweight BiSeNet model trained on Human Vs NonHuman and Vehicle Vs Non-Vehicle datasets.
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processes. Among the sources of uncertainty is the similarity between classes in a dataset, e.g.,
a class of objects can resemble another class or be very dissimilar from others. Furthermore,
certain instances may be ambiguous, even for human annotators. One-hot encoding, due to
its crisp nature, can also lead to overfitting more easily. As an example, consider a binary
classification example, where a difficult sample may be correctly classified with a predicted
probability of 0.8. Despite the prediction being correct, most recent approaches to this problem
would further modify the network weights such that the predicted probability lies closer to 1.
In aiming to learn this crisp probability, the network loses some of its generalization ability.
Figure 6 illustrates general-class and instance-specific similarities using the CIFAR10 dataset
[100]. Two dimensional representations are obtained using t-SNE [225] and a DenseNet [84]
classifier, using the representations of the penultimate layer. The general class similarities, like
those between the dog and cat classes, or the automobile and truck classes, reflect the actual
similarity between these real categories. Instance specific similarities exist as well, as shown in
the marked misclassified samples: (a) a dog misclassified as a cat, (b) a truck misclassified as a
car, (c) a deer misclassified as a horse, (d) a bird misclassified as a ship, (e) a bird misclassified
as a ship, (f) a deer misclassified as a horse, and (g) a dog misclassified as a bird.
Soft labels have been studied in the past, in the context of simpler classifiers like the kNearest Neighbor one [53], and recently scientific research in this task has resurfaced. In [58],
a method for modeling subjectivity in emotion recognition was proposed. An ensemble method,
where different networks are trained with different annotators, was compared against a single
network trained on soft labels, generated by averaging the labels from different annotators. In
[226], soft labels were learned in a meta learning fashion, by treating them as learnable parameters, modeling both class-level and instance-level similarities. Soft labels have also recently
been linked to knowledge distillation methods [221, 219].
In this work, we tackle the shortcomings associated with the one-hot encoding by introducing a framework for learning soft label embeddings. We model relationships both at a class-level
and an instance-level into the proposed label embedding methods. Two variants are proposed:
first, a learnable general-class embedding which aims to capture information regarding interclass similarities, and second, a neural architecture which can be added to any neural classifier
and aims to learn inter-instance similarities. The inherent uncertainty in data labels is thus
somewhat alleviated, allowing the network to focus on incorrectly classified samples, instead
of difficult but correctly classified ones. The concept of this framework is similar to real-life
learning procedures, where uncertainty rules over many subjects.
A summary of this work is provided hereafter. The corresponding technical report is listed
below, and can be found in Appendix 7.5:
1. P. Nousi and A. Tefas, “Self-Learned Label Embeddings for General Class and Instance
Specific Similarity Modeling in Classification”, Technical Report.
2.5.2

Description of the work performed so far

Let xi ∈ RD denote an input sample and yi ∈ {0, 1}K such that ∑K
k=1 yi,k = 1 be its one-hot
encoding, in a set of i = 1, . . . , N training samples spanning over K distinct classes. A standard
classifier f (x) is trained to map the input samples xi to their corresponding one-hot labels and
to make predictions on unseen samples. Typically, the Cross Entropy loss function is used for
this purpose:
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(b)
(a)

(c)

(d)
(g)
(e)

(f)
airplane
automobile

bird
cat

deer
dog

frog
horse

ship
truck

Figure 6: Visualization of feature vectors from the CIFAR10 dataset using t-SNE. General class
similarities exist in this dataset as shown by the proximity of the dog and cat classes, as well
as that between the automobile and truck classes. In contrast, the deer and frog classes are less
similar and less likely to be confused for one another. Instance specific similarities exist as
well, as shown in the marked misclassified samples: (a) a dog misclassified as a cat, (b) a truck
misclassified as a car, (c) a deer misclassified as a horse, (d) a bird misclassified as a ship, (e) an
airplane misclassified as a bird, (f) a deer misclassified as a horse, and (g) a dog misclassified
as a bird.
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(36)

k=1

where p are the probabilities predicted by f (x), obtained as the output of a softmax function on
the output, or logits, of the classifier. We propose the use of soft labels ŷi ∈ RK such that ∑K
k=1 ŷi,k =
1 for all samples in the dataset, such that they capture not only the groundtruth label of each
sample but also inter-class similarities as well as similarities between each sample and other
samples present in the dataset. Our hypothesis is that by using soft labels, a neural classifier
can learn to generalize better, as the sum of errors from correctly-classified but difficult samples will decrease. In terms of the representation learned, less effort will be consumed towards
separating such samples from their similar neighbors.
The new learning task is formulated as:
K

CE(ŷ, p) = − ∑ ŷk · log(pk )

(37)

k=1

where ŷ, i.e., the soft labels, are given by a differentiable function g(·), the parameters of which
can be learned in conjunction with the parameters of the classifier during training.
General Class Soft-Label Embedding We formulate the function g(·) for the case of general
class similarities as a simple embedding of the form g(y) = ŷ = W · y where W ∈ RK×K is a
learnable weights matrix. This can be viewed as a neural network with a single linear hidden
layer. We are interested in modeling the generic case where each class label is given as a linear
combination of all classes, including itself which should intuitively hold a larger weight:
Ŷ = g(Y) = W · Y = W.

(38)

where Ŷ ∈ RK×K is the soft label matrix, i.e., each row ŷk corresponds to the soft labels of the
k-th class, and Y = IK holds the one-hot encodings of all classes. That is, the new label vector
for the k-th class is given by:
ŷk = g(yk ) = W · yk = [Wk1 ,Wk2 , . . . ,Wkk , . . . ,WkK ]

(39)

i.e., practically the k-th row of the weight matrix W, as yk is the one-hot encoding of the k-th
class. As mentioned, the weights matrix should optimally conform to:
K

Wkk ≥ ∑ Wkl ,

(40)

l6=k

so as to retain the groundtruth information. A softmax function is applied on ŷk to ensure that
∑K
l=1 ŷkl = 1.
The classifier and label embedding network are trained in parallel by optimizing the cross
entropy loss given by Eq. (37) for all input samples. The new classification targets are set to be
a weighted combination of the one-hot encoding and their linear combinations given by g(y),
i.e.:
ŷk = α · g(yk ) + (1 − α) · yk
(41)
where α ∈ (0, 1) controls the softness of the labels.
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Instance Specific Soft-Label Embedding In the instance-specific case, the soft labels for
each instance xi are a function of the instance itself, that is:
ŷi = h(xi ).

(42)

The criterion from Eq. (37) still applies in this case and the function h(·) can take the form of a
network which takes xi as input and outputs ŷi .
An external representation of xi can be extracted using an Autencoder [151], where the
intermediate representation zi is set to be K-dimensional. Let g(·), f (·) denote the encoding
and decoding functions respectively, then x̂i ∈ RD is the network’s output, which is trained to
approximate the input. The intermediate representation zi = g(xi ) is given by the encoder. To
ensure a proper mapping between the AEs latent dimensions and the one-hot encoding, a cross
entropy criterion is added to the objective. The final learning objective is:
L =

1 N
∑ CE(yi, σ (zi)) +CE(ŷi, pi) + λ · MSE(xi, x̃i)
N i=1

(43)

where λ is a constant introduced to weigh the classification and reconstruction losses.
In other words, the intermediate representation of the AE is trained to match the groundtruth
labels using a softmax function σ (·), and the cross entropy criterion. The AE is also trained
using the MSE between the input and its prediction. Finally, the classifier’s predictions are
matched to the soft targets, which are given by the intermediate representation. In practice, an
equation similar to Eq. 41 is used to generate the soft targets, so as to maintain the groundtruth
information:
ŷk = β · σ (zk /T ) + (1 − β ) · yk

(44)

where T denotes the softmax temperature.

Combined General-Class and Instance-Specific Label Embedding The instance-specific
case can be combined with the general-class similarity embedding with the addition of the
general-class label embedding network g(y). The learning objective is modified accordingly:
L =

1 N
∑ CE( f (yi), zi) + β ·CE(ŷi, pi) + γ · MSE(xi, x̃i)
N i=1

(45)

where β and γ weigh the classification and reconstruction losses. In this case, it is crucial to
properly initialize the general-class embedding network so as to output labels as close as possible to the groundtruth one-hot encoding. In practice, the soft labels used to train the classifier
are a linear combination of the one-hot groundtruth labels, the general-class embeddings and
the instance-specific embeddings, weighted by two hyperparameters to control the effect of each
embedding on the final targets.
2.5.3

Performance Evaluation

The results of our extensive experiments are presented in the technical report in Appendix 7.5.
In this Section, we provide indicative experiments using a ResNet-18 model and the CIFAR100
dataset, presented in Table 12, in terms of baseline accuracy, accuracy using each compared
method, and relative improvement in accuracy, to account for different training hyperparameters
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for each method. The proposed method provides a significant relative improvement, comparable
to similar methods.
Network

Method

ResNet-18

ResNet-56

Acc

Acc w/ Method

Rel. Impr.

Proposed, GC
Proposed, IS
Proposed, GC+IS

75.81

77.40
77.11
77.27

2.09
1.71
1.92

Tf-KD [246]
DynLS [226], Class
DynLS [226], Instance
LabelEmb [203]

75.87
77.1
77.1
72.65

77.10
78.8
79.2
76.03

1.62
2.20
2.72
4.65

OLS [250]
LS [143]

74.73
72.1

76.09
72.7

1.81
0.83

Table 12: Relative improvement in accuracy using the proposed label embedding methods for
the CIFAR100 dataset.

2.6
2.6.1

Quadratic Mutual Information Modeling for Efficient Hashing
Introduction, objectives and summary of state of the art

The vast amount of data available nowadays, combined with the need to efficiently and promptly
provide answers to users’ queries led to the development of several hashing techniques [51,
122]. Hashing provides a way to represent objects using compact codes, that allow for performing fast and efficient queries in large object databases, lowering the computational requirements
and accelerating many information retrieval-based applications. The increasing need to perform
inference on the edge using embedded devices with limited processing power [109, 159], along
with the vast amount of multimedia data collected from various sensors [169, 153], further
stress the need for developing efficient hashing methods.
Early hashing methods, e.g., Locality Sensitive Hashing (LSH) [43], focused on extracting generic codes that could, in principle, describe every possible object and information need.
However, it was later established that supervised hashing, that learns compact hash codes that
are tailored to the task at hand, can significantly improve the retrieval precision, as well as reduce the size of the extracted codes. In this way, it is possible to learn even smaller hashing
codes, since the extracted code must only encode the information needs for which the users are
actually interested in. However, note that the extracted hash codes must also encode part of
the semantic relationships between the encoded objects, to allow for providing a meaningful
ranking of the retrieved results. Many supervised and semi-supervised hashing methods have
been proposed [106, 236, 253]. However, many deep supervised hashing techniques ignore
several information-theoretic aspects of the process of information retrieval, often leading to
sub-optimal results. For example, many methods employ the pairwise distances between the
images [106, 236, 261] or are based on sampling triplets that must satisfy specific relationships
according to the given ground truth [253, 258]. On the other hand, information-theoretic measures, such as mutual information [172], have been proven to provide robust solutions to many
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machine learning problems, e.g., classification [172]. However, very few steps towards using
these measures for supervised hashing tasks have been made so far.
In this work, we provide a connection between an information-theoretic measure, the Mutual Information (MI) [172], and the process of information retrieval. More specifically, we
argue that mutual information can naturally model the process of information retrieval, providing a solid framework to develop efficient retrieval-oriented supervised hashing techniques.
Even though MI provides a well-defined theoretical formulation for the problem of information
retrieval, applying it in real scenarios is usually intractable, since there is no efficient way to
calculate the actual probability densities, that are involved in the calculation of MI. The great
amount of data as well as their high dimensionality further complicate the practical application
of such measures.
The main contribution of this work is the proposal of an efficient deep supervised hashing algorithm that is capable of extracting short and efficient codes using an extension of an
information-theoretic measure, the Quadratic Mutual Information (QMI) [211]. The architecture of the proposed method is shown in Fig. 7. To derive a practical algorithm that can
efficiently scale to large datasets:
1. We adapt QMI to the needs of supervised hashing by employing a similarity measure that
is close to the actual distance used for the retrieval process, i.e., the Hamming distance.
This gives rise to the proposed Quadratic Spherical Mutual Information (QSMI). It is
also experimentally demonstrated that the proposed QSMI is more robust compared to
the classical Gaussian-based Kernel Density Estimation used in QMI [211], while it does
not require careful tuning of any hyper-parameters.
2. We propose using a more smooth optimization objective employing a novel square clamping approach. This allows for significantly improving the stability of the optimization,
while reducing the risk of converging to bad local minima.
3. We adapt the proposed approach to work in batch-based setting by employing a method
that dynamically estimates the prior probabilities, as they are observed within each batch.
In this way, the proposed method can efficiently scale to larger datasets.
4. We demonstrate that the proposed method can be readily extended to efficiently handle
different scenarios, e.g., retrieval of unseen classes [182].
A summary of this work is provided hereafter. The corresponding publication is listed
below, and can be found in Appendix 7.6:
1. [162] N. Passalis and A. Tefas, “Deep Supervised Hashing using Quadratic Spherical
Mutual Information for Efficient Image Retrieval”, Signal Processing: Image Communication, 2021
2.6.2

Description of work performed so far

Let Y = {y1 , y2 , ..., yN } be a collection of N images, where yi ∈ Rn is the representation of
the i-th image extracted using an appropriate feature extractor, e.g., a deep neural network.
Also, note that even though the term “information need” is used to described a textual query in
traditional Information Retrieval, in this Section we use this term to describe any possible need
that arises from a user’s query, which is not necessarily limited to textual queries. Therefore,
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Figure 7: Pipeline of the proposed hashing method: A deep convolutional neural network
(CNN) is used to extract a representation that can be used to directly obtain a compact binary hash code. The network is optimized using the proposed Quadratic Spherical Mutual
Information loss that is adapted towards the needs of efficient image hashing.
without loss of generality, we focus on the case of content-based image retrieval (CBIR) [115],
where each information need is expected by an image query. The problem of information
retrieval can be then defined as follows: Given an information need q retrieve the images of
the collection Y that fulfill this information need and rank them according to their relevance
to the given information need. Since this work focuses on content-based information retrieval,
the information need q is expressed through a query image, which is usually not a part of the
collection Y .
To be able to measure how well an information retrieval system works, a ground truth set
that contains a set of information needs and the corresponding images that fulfill these information needs is usually employed. Let M be the number of information needs Q = {q1 , q2 , ..., qM }.
(i) (i)
(i)
(i)
Then, for each information need qi , a set of images Qi = {y1 , y2 , ..., yNi }, where y j ∈ Rn is
the representation of the j-th image that fulfills the i-th information need, is given. Please note
that the notation y j is used to refer to the representation of the j-th image (out of N images) of
(i)
the dataset, while the notation y j is used to refer to the representation of the j-th image (out
of Ni images) that fulfills the information need qi . We use this overloaded notation to simplify
the presentation of the proposed approach. Also, note that since all images contained in Qi fulfill the same information need, they can be all used as queries to express the information need
qi . However, there are also other images, which are usually not known beforehand, which also
express the same information need and they can be also used to query the database. The distribution of the images that fulfill the i-th information need can be modeled using the conditional
probability density function p(y|qi ).
Let Y be a random vector that represents the images and Q be a random variable that
represents the information needs. The Shannon’s entropy of information needs, which expresses
the uncertainty regarding the information need that a randomly sampled image fulfills, is defined
as [172]:
(46)
H(Q) = − ∑ P(q)log(P(q)),
q

where P(q) is the prior probability of the information need q, i.e., the probability that a random
image of the collection fulfills the information need q. Note that above definition implicitly
assumes that the information needs are mutually exclusive, i.e., ∑q P(q) = 1, or equivalently,
that each image satisfies only one information need. This is without loss of generality, since
it is straightforward to extend this definition to the general case, where each image can satisfy
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multiple information needs, e.g., by measuring the entropy of each information need separately:


H(Q) = − ∑ P(q)log(P(q)) + (1 − P(q))log(1 − P(q)) .
(47)
q

To simplify the presentation of the proposed method, we assume that the information needs
are mutually exclusive. Nonetheless, the proposed approach can be still used with minimal
modifications, even when this assumption does not hold.
When the query vector is known, then the uncertainty of the information need that it fulfills
can be expressed by the conditional entropy:
!
Z
H(Q|Y ) = −

y

p(y)

∑ p(q|y)log(p(q|y))
q

dy.

(48)

Mutual information (MI) is defined as the amount by which the uncertainty for the information
needs is reduced after observing the query:
I(Q, Y ) = H(Q) − H(Q|Y )
Z
p(q, y)
= ∑ p(q, y)log(
)dy.
P(q)p(y)
q y

(49)

It is desired to maximize the MI between the representation of the images Y and the information needs Q, since this ensures that the uncertainty regarding the information need, which a
query image expresses, is minimized. However, it is usually intractable to directly calculate
the required probability density p(y|qi ) and the corresponding integral in Eq. (49), limiting the
practical applications of MI.
Quadratic Mutual Information: When the aim is not to calculate the exact value of MI, but
to optimize a distribution that maximizes the MI, then a quadratic divergence metric, instead
of the Kullback-Leibler divergence, can be used. Despite its advantages. QMI still suffers
from several limitations: For example, QMI involves the calculation of the pairwise similarity
matrix between all the images of a collection. This quickly becomes intractable, as the size of
the collection increases. Also, selecting the appropriate width for the Gaussian kernels is not
always straightforward, as a non-optimal choice can distort the feature space and slow down
the optimization. To overcome these limitations, we propose the Quadratic Spherical Mutual
Information (QSMI). Instead of relying on the Euclidean distance between two samples, as in
the regular QMI, the angle between two samples is used. In this case, the Gaussian distribution
can be replaced with an appropriate circular distribution, e.g., the von Misses distribution [61].
However, such distributions significantly complicate the process of deriving efficient solutions
for calculating QMI. Instead of this, the proposed QSMI directly replaces the Gaussian kernel,
used for calculating the similarity between two images in the information potentials, with the
cosine similarity:


yT1 y2
1
Scos (y1 , y2 ) =
+1 ,
(50)
2 ky1 k2 ky2 k2
where k·k2 is the l 2 norm of a vector. In that way, we maintain the computationally efficient
QMI formulation and avoid the need for manually tuning the width parameter of the Gaussian
kernel. It is worth noting that the proposed QSMI method is not mathematically equivalent
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Table 13: NUS-WIDE Hashing Evaluation (the mAP for different hash code lengths is reported)
Method

8 bits

12 bits

24 bits

36 bits

48 bits

DSH
DPSH
Proposed

0.660
0.735
0.746

0.659
0.748
0.753

0.671
0.759
0.766

0.689
0.758
0.764

0.694
0.755
0.763

to replacing the Gaussian-based density estimation with cosine-based kernels. Instead, it is
inspired by the QMI formulation (see Section 2.2.2), employing the convenient properties of
Gaussian kernels to extract an efficient closed-form estimation, which is then substituted by a
different kernel. Therefore, QSMI is defined as:
cos
cos
cos
(Q, Y ) − 2VBTW
(Q, Y ),
ITcos (Q, Y ) = VIN
(Q, Y ) +VALL

where

1 M Nk Nk
(k) (k)
) = 2 ∑ ∑ ∑ Scos (yi , y j ),
N k=1 i=1 j=1
 !
M 
1
Nk 2 N N
cos
VALL (Q, Y ) = 2 ∑
∑ ∑ Scos(yi, y j ),
N k=1 N
i=1 j=1
cos
VIN
(Q, Y

and

1 M
cos
VBTW
(Q, Y ) = 2 ∑
N k=1



Nk
N

 Nk

N

∑∑

i=1 j=1

!

(k)
Scos (yi , y j )

(51)

(52)
(53)

.

(54)

Note that instead of directly optimizing the QSMI, we propose using a “square clamp” around
the similarity matrix S, smoothing the optimization surface, as we further explain in Appendix 7.6,
while we also employ an adaptive way to adjust the calculations using the in-batch priors instead
of relying on the statistics of the whole dataset.
2.6.3

Performance evaluation

The proposed method is extensively evaluated in Appendix 2.6, using both an ablation study and
comparing it to other state-of-the-art methods. We provide a brief summary of the experimental
evaluation hereafter. The proposed method was evaluated using the larger-scale NUS-WIDE
dataset that contains 269,648 images that belong to 81 different concepts. Following [117],
we used the images that belong to the 21 most frequent concepts, i.e., 195,834 images. Note
that an image might belong to more than one concept, i.e., fulfill multiple information needs.
Furthermore, instead of using a subsample of the training set, we used the whole training set
(193,734 randomly sampled images) to learn the hash codes (all the methods were used in a
batch setting), and a test set of 2,100 randomly sampled queries was employed to evaluate the
methods. Since there are many differences in the evaluation protocol used by different papers
for this dataset, we compared the proposed method to the DSH [122] and DPSH [117] methods
using the same network and evaluation setup. The evaluation results are shown in Table 13.
The proposed method outperforms the rest of the evaluated methods for any code length. The
time required for training and performing inference using three different methods is reported in
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Table 14: Training and inference time hashing evaluation (time per batch with 128 samples is
reported)
Method

Feed-forward

Back-propagation

DSH
DPSH
Proposed

(inference)
2.9 ms
4.1 ms
3.4 ms

(training)
0.7 ms
0.7ms
0.7ms

Table 15: ILSVRC Hashing Evaluation (20-way experiments, the mAP for different hash code
lengths is reported)
Method

16 bits

32 bits

48 bits

DSH
DPSH
DCH
Proposed

0.922 ± 0.006
0.782 ± 0.036
0.944 ± 0.012
0.945 ± 0.004

0.941 ± 0.004
0.909 ± 0.049
0.911 ± 0.016
0.951 ± 0.004

0.945 ± 0.003
0.939 ± 0.020
0.902 ± 0.005
0.953 ± 0.003

Table 14. More specifically, the time needed for performing one weight update in the last layer,
i.e., calculating the loss and back-propagating the gradients in the last layer, is 3.4 ms for the
proposed method, 2.9 ms for the DSH method and 4.1 ms for the DPSH method. Note that the
actual overhead of the proposed approach during training is small (less than 20% compared to
DSH method), while there is no overhead during inference, since the same architecture is used
(0.7 ms is required per batch for feed-forwarding through the hashing layer of the network).
The proposed method was also evaluated using the ILSVRC dataset. A DenseNet backbone
pre-trained on the same dataset was used [84], while the same hashing architecture and experimental setup as the one used for the NUS-WIDE dataset were employed. Note that a 20-way
retrieval setup, that was repeated 20 times, was used for the evaluation. The experimental results are reported in Table 15. Again, the proposed method outperforms the other evaluated
method, i.e., DSH [122], DPSH [117] and DCH [24], leading to both larger mAP, as well as
smaller standard deviation among the different evaluation runs.

2.7
2.7.1

Variational Neural Networks
Introduction, objectives and summary of state of the art

Uncertainty estimation in neural networks allows us to know when the model is certain in its
predictions, and when it is not, it allows for making it possible to include additional resources
or human effort into processing of critical tasks, when this is needed. The use of uncertainty
estimation methods for robot perception can improve a robot’s safety for itself and its surroundings, and it can be a good indicator for its operation in active perception tasks. In the following,
we introduce a type of neural networks, called Variational Neural Networks, that can be used
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for creating deep learning models with inherent ability to express such uncertainty.
Bayesian Neural Networks [128, 33] consider a distribution over their weights p(w|a) and
a distribution over its hyperparameters p(a). Predictive distribution over an output y for a data
point x can be obtained as
p(y|x) =

Z Z

p(y|x, w)p(w|a)p(a) da dw,

(55)

integrating over all possible hyperparameters and model weights.
Given a dataset D = (Xt ,Yt ), the distribution of weights can be derived from Bayes’ theorem
as
p(Yt |Xt , w)p(w|a)
,
(56)
p(w|D, a) =
p(D)
and predictive distribution has the form
p(y|x, D) =

Z Z

p(y|x, w)p(w|D, a)p(a) da dw.

(57)

Classical neural networks can be viewed as Bayesian neural networks with p(a) = δ (a − â)
and p(w|D, a) = δ (w − ŵa ) [33], where â are selected model hyperparameters, wˆa are parameters optimized by training the model, and δ (x) is a Dirac delta function which has values 0
everywhere except at x = 0 where it equals to 1. In this case, predictive distribution is expressed
by
p(y|x, D) =
=

Z Z

Z Z

p(y|x, w)p(w|D, a)p(a)dadw,
p(y|x, w)δ (w − ŵa )δ (a − â)dadw,

(58)

= p(y|x, ŵâ ),
which is a distribution dictated by the loss of the network.
Usually, hyperparameters are considered fixed at point â and weights are optimized either
by maximum likelihood estimation (MLE)
wmle = arg max [log p(D|w, â)]
w
"
= arg max
w

#

∑ log p(Yi|Xi, w, â)
i

,

(59)

or by maximum a posteriori (MAP)
wmap = arg max[log p(w|D, â)]
w

= arg max[log p(D|w, â) + log p(w)].

(60)

w

where log p(w) is called a regularization term.
Posterior weights distribution p(w|D, a) is often intractable and is replaced by qm (w|a),
which is selected to be tractable and close to the original distribution. To determine how close
a distribution qm is to p, Kullback-Leibler (KL) divergence [103] is used.
KL(qm ||p) =
OpenDR

Z

qm (w|a)log

qm (w|a)
dw,
p(w|D, a)

(61)
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Description of work performed so far

We define a Variational Layer (VL) that takes an input x as
V L (x) = αN ( f (x)),

(62)

f (x) ∼ N (Lµ (x), diag[Lσ2 (x)]),

where L is a regular neural network layer such as fully connected, convolutional or recurrent. Lµ
and Lσ represent instances of the same layer with different values of parameters and activation
functions αµ , ασ , respectively. Activation function αN can be used to apply nonlinearity to
randomly sampled values f (x). By selecting which of αµ , ασ , αN are set to identity functions
and which are set to be real activation functions, such as the Rectified Linear Unit (ReLU), we
can create networks that are described by different mathematical models.
Epistemic uncertainty Fully connected and convolutional layers can be described as the following operation:
Lλ (x) = αλ (Wλ x + bλ ),

(63)

where Wλ and bλ , αλ are weights, bias and activation function, respectively.
By selecting αµ and ασ to be identity functions, the above can be reformulated as
V L (x) = αN ( f (x)),
f (x) ∼ N (Lµ (x), diag[Lσ2 (x)]),

(64)

= N (Wµ x + bµ , diag[(Wσ x + bσ )2 ]).

Using the reparametrization trick [95] we can write f (x) as
ε ∼ N (0, I),
f (x) = Wµ x + bµ + diag[(Wσ x + bσ )]ε,
= (Wµ + diag[Wσ ]ε)x + (bµ + diag[bσ ]ε),
= W x + b,
W ∼N
b∼N

(65)

(Wµ , diag[Wσ2 ]),
(bµ , diag[b2σ ]).

This means that a Variational Layer without any inner activations (αµ , ασ ) is identical to
a regular layer with a distribution over weights, which is a Bayesian Neural Network. The
resulting distribution over weights is Gaussian, which makes this a Bayes by Backprop (BBB)
[15] network.
Aleatoric uncertainty We consider a Variational Layer with Lσ (x) = σ , σ ∈ R, which can
be directly achieved by setting Wσ = 0, bσ = σ , ασ = identity. Following a similar approach as
in (65), we can write f (x) as
ε ∼ N (0, I),
f (x) = αµ (Wµ x + bµ ) + σ ε,
= Lµ (x) + εσ ,
εσ ∼ N (0, σ I).

(66)

In this formulation, εσ represents aleatoric uncertainty.
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Output uncertainty estimation We consider a neural network F(x, w) with a parametric distribution over weights qm (w). We assume the choice of q in a form
qm (w) = Q(m, p(z)),

(67)

where p(z) is a non-parametric distribution and Q is a deterministic function, parametrized by
m. For BBB models Q is defined as
Q(m = (µ, σ ), p(z)) = µ + σ N (0, I).

(68)

Defining an epistemic index z ∼ p(z) [152], we can formulate a deterministic neural network as
Fd (x, m, z) = F(x, Q(m, z)).

(69)

With this formulation, a predictive distribution (57) with fixed hyperparameters is defined as
p(y|x, D) =
E[y] =
Var[y] =
≈

Z

Z

Z

1
T

p(y|x, w)qm (w) dw =
1
y p(y|x, D) dy ≈
T

T

Z

p(y|x, m, z)p(z) dz,

∑ Fd (x, m, zi),
i

T

(y − E[y])(y − E[y]) p(y|x, D) dy,

(70)

T

∑(E[y] − Fd (x, m, zi))(E[y] − Fd (x, m, zi))T .
i

The expectation and the variance are computed using Monte Carlo integration, which can be
i) 0
viewed as an approximation of p(z) with ∑Ti=0 δ (z−z
, zi ∼ p(z), i ∈ 1...T [231].
T
Variational Neural Networks can also be formulated as a deterministic function Fd (x, w, z)
with a variational index z ∼ p(z) which, in the case of identity inner activations, transforms into
an epistemic index and in the case of constant Lσ , transforms into an aleatoric index. Otherwise, it is an index of a distribution that combines both aleatoric and epistemic uncertainties.
Predictive distribution, expectation and variance are formulated similarly to (70).
2.7.3

Performance evaluation

We conducted experiments following the experimental protocol used by Epistemic Neural Networks [152] (ENN) to evaluate the quality of the model’s uncertainty on artificially generated
data. A Deep Gaussian Process is trained on the generated data and is used to generate groundtruth predictions of mean and variance of a particular point. For each method, ENN framework
evaluates a set of predictions and finds mean and variance of the predicted outputs that are later
compared with ground-truth by Kullback-Leibler divergence
σ p σ p2 + (µ p − µgt )2
+
− 1/2,
KL(P||GT ) = log
σgt
2σgt2

(71)

where µ p , σ p and µgt , σgt represent mean and variance of prediction and ground-truth, respectively. The estimated KL value represents the quality of a model’s uncertainty. Lower values
mean better predictions. Each experiment is repeated for different values of input dimensions
(10, 100, 1000), data ratio (1, 10, 100) and noise scale (0.01, 0.1, 1).
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Figure 8: Estimated KL values for different ENN agents: Bayes by Backprop (bbb), Monte
Carlo Dropout (dropout), Ensemble, Hypermodel, Best VNN model (vnn) and best VNN model
with Leaky ReLU activation (vnn lrelu)
According to the experimental results, the best VNN model uses no activations, and both
mean and variance are fully trainable. The best model with activations leads to lower performance, but it is still better than Bayes by Backprop [14] and Monte Carlo Dropout [63] models,
as can be seen from Fig. 8. Fig. 9 illustrates the mean and variance of KL values for different
configurations of VNN models and fixed number of input dimensions of 100.
2.7.4

Future Work

We formulated Variational Neural Networks in general, and evaluated them in Epistemic Neural
Networks benchmark along with adversarial attacks evaluation for classification tasks. Future
work includes adoption of such networks for image classification, and/or other perception tasks,
like 2D/3D object localization and tracking, with possible adversarial attacks for robustness
evaluation.

2.8
2.8.1

Knowledge Distillation by Sparse Representation Matching
Introduction, objectives, and summary of state-of-the-arts

Over the past decade, deep neural networks have become the primary tools to tackle learning
problems in several domains, ranging from machine vision [178, 176] and natural language
processing [46, 174] to biomedical analysis [96, 216]. Of those important developments, Convolutional Neural Networks have evolved as a de facto choice for high-dimensional signals,
either as a feature extraction block or the main workhorse in a learning system. Initially deOpenDR
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Figure 9: Estimated KL values and variances for different VNN configurations
veloped in the 1990s for handwritten character recognition using only two convolutional layers
[111], state-of-the-art CNN topologies nowadays consist of hundreds of layers, having millions of parameters [84, 237]. In fact, not only in computer vision but also in other domains,
state-of-the-art solutions are mainly driven by very large networks [46, 174], which limits their
deployment in practice due to the high computational complexity.
The promising results obtained from maximally attainable computational power has encouraged a lot of research on developing smaller and light-weight models while achieving similar
performances. This includes efforts on designing more efficient neural network families (both
automatic and hand-crafted) [82, 213, 214, 263, 215], compressing pretrained networks through
weight pruning [130, 218], quantization [85, 260], approximation [44], as well as transferring
knowledge from one network to another via knowledge distillation [80]. Of these developments,
Knowledge Distillation (KD) [80] is a simple and widely used technique that has been shown
to be effective in improving the performance of a network, given the access to one or many
pretrained networks. KD and its variants work by utilizing the knowledge acquired in one or
many models (the teacher(s)) as supervisory signals to train another model (the student) along
with the labeled data. Thus, there are two central questions in KD:
• How to represent the knowledge encoded in a teacher network?
• How to efficiently transfer such knowledge to other networks, especially when there are
architectural differences between the teacher and the student networks?
In the original formulation [80], soft probabilities produced by the teacher represent its
knowledge and the student network is trained to mimic this soft prediction. Besides the final
predictions, other works have proposed to utilize intermediate feature maps of the teacher as
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additional knowledge [180, 248, 64, 78, 158]. Intuitively, intermediate feature maps contain
certain clues on how the input is progressively transformed through layers of a CNN, thus can
act as a good source of knowledge. However, we argue that the intermediate feature maps by
themselves are not a good representation of the knowledge encoded in the teacher to teach the
students. To address the question of representing the knowledge of the teacher CNN, instead of
directly utilizing the intermediate feature maps of the teacher as supervisory signals, we propose
to encode each pixel (of the feature maps) in a sparse domain and use the sparse representation
as the source of supervision.
Prior to the era of deep learning, sparse representations attracted a great amount of interest
in computer vision community and formed the basis of many important works [257]. Sparse
representation learning aims at representing the input signal in a domain where the coefficients
are sparsest. This is achieved by using an overcomplete dictionary and decomposing the signal
as a sparse linear combination of the atoms in the dictionary. While the dictionary can be prespecified, it is often desirable to optimize the dictionary together with the sparse decomposition
using example signals. Since hidden feature maps in CNN are often smooth with high correlations between neighboring pixels, they are compressible, e.g., in Fourier domain. Thus, sparse
representation serves as a good choice for representing information encoded in the hidden feature maps.
Sparse representation learning is a well-established topic in which several algorithms have
been proposed [257]. However, to the best of our knowledge, existing formulations are computationally intensive to fit a large amount of data. Although learning task-specific sparse representations have been proposed in prior works [129, 198, 142], we have not seen its utilization
for knowledge transfer using deep neural networks and stochastic optimization. In this work, we
formulate sparse representation learning as a computation block that can be incorporated into
any CNN and be efficiently optimized using mini-batch update from stochastic gradient-descent
based algorithms. Our formulation allows us to take advantage of not only modern stochastic
optimization techniques but also data augmentation to generate target sparsity on-the-fly.
A summary of this work is provided hereafter. The corresponding technical report is listed
below, and can be found in Appendix 7.7:
1. D. T. Tran, M. Gabbouj and A. Iosifidis, “Knowledge Distillation by Sparse Representation Matching”, Technical Report (arXiv:2103.17012).
2.8.2

Description of the work performed so far
(l)

Knowledge Representation Given the n-th input image Xn , let us denote by Tn ∈ RHl ×Wl ×Cl
the output of the l-th layer of the teacher CNN, with Hl and Wl being the spatial dimensions
and Cl is the number of channels. In the following, we used the subscript T and S to denote
a variable that is related to the teacher and student networks, respectively. In addition, we also
(l)
(l)
(l)
denote by tn,i, j = Tn (i, j, :) ∈ RCl the pixel at position (i, j) of Tn . The first objective in
(l)

Sparse Representation Matching (SRM) is to represent each pixel tn,i, j in a sparse domain. To
(l)

(l)

(l)

do so, SRM learns an overcomplete dictionary of Ml atoms: DT = [dT ,1 , . . . , dT ,Ml ] ∈ RCl ×Ml
(l)

(l)

(Ml > Cl ), which is used to express tn,i, j as a linear combination of dT ,m as follows:
(l)
tn,i, j

OpenDR

Ml

=

∑ ψk (tn,i, j , dT ,m) · κ(tn,i, j , dT ,m) · dT ,m
(l)

(l)

(l)

(l)

(l)

(72)

m=1
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where
(l)

(l)

(l)

• κ(tn,i, j , dT ,m ) denotes a function that measures the similarity between tn,i, j and atom
(l)

(l)

(l)

(l)

(l)

(l)

dT ,m . We further denote by kT ,n,i, j = [κ(tn,i, j , dT ,1 ), . . . , κ(tn,i, j , dT ,Ml )] the vector that
(l)

(l)

contains similarities between tn,i, j and all atoms in the dictionary DT .
(l)

(l)

(l)

(l)

• ψk (tn,i, j , dm ) denotes the indicator function that returns a value of 1 if κ(tn,i, j , dT ,m )
(l)

belongs to the set of top-k values in kT ,n,i, j , and a value of 0 otherwise.
(l)

The decomposition in Eq. (72) basically means that tn,i, j is expressed as the linear combi(l)

nation of k most similar atoms in DT , with the coefficients being the corresponding similarity
(l)

(l)

(l)

(l)

(l)

(l)

values. Let λn,i, j,m = ψk (tn,i, j , dT ,m ) · κ(tn,i, j , dT ,m ), then the sparse representation of tn,i, j is
then defined as:
t̃n,i, j = [λn,i, j,1 , . . . , λn,i, j,Ml ] ∈ RMl
(l)

(l)

(l)

(73)

(l)

By construction, there are only k non-zero elements in t̃n,i, j , and k defines the degree of
(l)

sparsity, which is a hyper-parameter of SRM. In order to find t̃n,i, j , we simply minimize the
reconstruction error in Eq. (72) as follows:
argmin ∑
(l)

DT

n,i, j

(l)
ktn,i, j

Ml

−

∑ ψk (tn,i, j , dT ,m) · κ(tn,i, j , dT ,m) · dT ,mk22
(l)

(l)

(l)

(l)

(l)

(74)

m=1

There are many choices for the similarity function κ such as linear kernel, RBF kernel,
sigmoid kernel and so on. In our work, we used the sigmoid kernel κ(x, y) = sigmoid(xT y + c)
since the dot-product makes it computationally efficient and the gradients in the backward pass
are stable. Although the RBF kernel is popular in many works, we empirically found that RBF
kernel is sensitive to the learning rate, which easily leads to numerical issues.
(p)

Knowledge Transfer Let us denote by Sn ∈ RHp ×Wp ×Cp the output of the p-th layer of the
(p)
student network given input image is Xn . In addition, sn,i, j ∈ RCp denotes the pixel at position
(p)

(i, j) of Sn . We consider the task of transferring knowledge from the l-th layer of the teacher
to the p-th layer of the student. To do so, we require that the spatial dimensions of both networks
match (H p = Hl and Wp = Wl ) while the channel dimensions might differ.
Given the sparse representation of the teacher in Eq. (73), a straightforward way is to train
the student network to produce hidden features at spatial position (i, j), having the same sparse
coefficients as its teacher. However, trying to learn exact sparse representations as produced
by the teacher is a too restrictive task since this enforces learning the absolute value of every
point in a high-dimensional space. Instead of enforcing an absolute constraint on how each
pixel of every sample should be represented, to transfer knowledge, we only enforce a relative
constraints between them in the sparse domain. Specifically, we propose to train the student to
only approximate sparse structures of the teacher network by solving a classification problem
(l)
with two types of labels extracted from the sparse representation t̃n,i, j of the teacher: pixel-level
and image-level labels.
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

53/269

Pixel-level labeling: for each spatial position (i, j), we assign a class label, which is the
(l)
(l)
index of the largest element of t̃n,i, j , i.e., the index of the closest (most similar) atom in DT .
(l)

This basically means that we partition all pixels into Ml disjoint sets using dictionary DT ,
and the student network is trained to learn the same partitioning using its own dictionary
(p)
(p)
(p)
(p)
(p)
(p)
(p)
(p)
DS = [dS ,1 , . . . , dS ,Ml ] ∈ RCp ×Ml . Let kS ,n,i, j = [κ(sn,i, j , dS ,1 ), . . . , κ(sn,i, j , dS ,Ml )] denote
(p)

(p)

the vector that contains similarities between pixel sn,i, j and Ml atoms in DS . The first knowledge transfer objective in our method using pixel-level label is defined as follows:
argmin ∑ LCE (cn,i, j , kS ,n,i, j )
(p)

(75)

(p)
ΘS ,DS n,i, j

where ΘS denotes parameters of the student network. LCE denotes the cross-entropy loss func(l)
tion, and cn,i, j = arg max(t̃n,i, j ). Here we should note that the idea of transferring the structure
instead of the absolute representation is not new. For example, in [155] and [208], the authors
proposed to transfer the relative distance between the embeddings of samples. In our case,
the pixel-level labels provide supervisory information on how the pixels in the student network
should be represented in the sparse domain so that their partition using the nearest atom is the
same.
(l)
Image-level labeling: given the sparse representation t̃n,i, j of the teacher, we generate an
(l)

image-level label by averaging t̃n,i, j over the spatial dimensions. While pixel-level labels provide local supervisory information encoding the spatial information, image-level labels provide
global supervisory information, promoting the shift-invariance property. Image-level labeling
bears some resemblances to the Bag-of-Feature model [157], which aggregates the histograms
of image patches to generate an image-level feature. The second knowledge transfer objective
in our method using image-level labels is defined as follows:
argmin ∑ LBCE
(p)
ΘS ,DS

n



(p)

(l)
∑i, j t̃n,i, j ∑i, j kS ,n,i, j
,
Hl ·Wl
Hl ·Wl



(76)

where LBCE denotes the binary cross-entropy loss. Here we should note that since most kernel
(l)
(p)
functions output a similarity score in [0, 1], elements of t̃n,i, j and kS ,n,i, j are also in this range,
making the two inputs to LBCE in Eq. (76) valid.
To summarize, the procedure of our SRM method is similar to FitNet [180], which consists
of the following steps:
• Step 1: Given the source layers (with indices l) in the teacher network T , find the sparse
representation by solving Eq. (74).
• Step 2: Given the target layers (with indices p), optimize the student network S to
predict pixel-level and image-level labels by solving Eq. (75), (76).
• Step 3: Given the student network obtained in Step 2, optimize it using the original KD
algorithm.
All optimization objectives in our algorithm are solved by stochastic gradient descent.
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Performance Evaluation

CIFAR100 Experiments The first set of experiments was conducted on CIFAR100 dataset
[100] to compare our SRM method with other KD methods: KD [80], FitNet [180], AT [248],
PKT [158], RKD [155] and CRD [208]. The results are shown in Table 16. It is clear that the
proposed distillation method outperformed other competing methods.
Table 16: Performance on CIFAR100
Model
DenseNet121 (teacher)
AllCNN
AllCNN-KD
AllCNN-FitNet
AllCNN-AT
AllCNN-PKT
AllCNN-RKD
AllCNN-CRD
AllCNN-SRM (our)

Test Accuracy (%)
75.09 ± 00.29
67.64 ± 01.87
73.27 ± 00.20
72.03 ± 00.27
70.88 ± 0.29
72.22 ± 0.35
70.39 ± 0.17
72.70 ± 0.18
74.73 ± 00.26

Transfer Learning Experiments Since transfer learning is key in the success of many applications that utilize deep neural networks, we conducted experiments in 5 transfer learning
problems (Flowers [150], CUB [227], Cars [99], Indoor-Scenes [173] and PubFig83 [168]) to
assess how well the proposed method works under transfer learning setting compared to others.
In our experiments, we used a pretrained ResNext50 [237] on ILSVRC2012 database as
the teacher network, which is finetuned using the training set of each transfer learning task.
We then benchmarked how well each knowledge distillation method transfers both pretrained
knowledge and domain specific knowledge to a randomly initialized student network using
domain specific data. Both residual (ResNet18 [76], 11.3M parameters, 1.82G FLOPs) and
non-residual (a variant of AllCNN [199], 5.1M parameters, 1.35G FLOPs) architectures were
used as the student.
Full transfer setting: in this setting, we used all samples available in the training set to
perform knowledge transfer from the teacher to the student. The test accuracy achieved by
different methods is shown in Table 17. It is clear that the proposed SRM outperforms other
methods on many datasets, except on Cars and Indoor-Scenes datasets for AllCNN student.
While KD, AT, PKT, CRD and SRM successfully led the students to better minima with both
residual or non-residual students, FitNet was only effective with the residual one. The results
suggest that the proposed intermediate knowledge transfer mechanism in SRM is robust to
architectural differences between the teacher and the student networks.
Few-shot transfer setting: we further assessed how well the methods perform when there
is a limited amount of data for knowledge transfer. For each dataset, we randomly selected
5 samples (5-shot) and 10 samples (10-shot) from the training set for training, and kept the
validation and test set similar to the full transfer setting. Since the Flowers dataset has only
10 training samples in total (the original split provided by the database has 20 samples per
class, however, we used 10 samples for validation purpose), the results for 10-shot are similar
to full transfer learning setting. The test performance (% in accuracy) under 5-shot and 10shot transfer learning settings are reported in Table 18 and Table 19, respectively. Under this
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Table 17: Full transfer learning using AllCNN (ACNN) and ResNet18 (RN18) (test accuracy
%)
Model
ResNext50
ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

Flowers
89.35 ± 00.62
40.80 ± 02.33
46.14 ± 00.39
30.10 ± 02.41
51.62 ± 00.69
47.12 ± 00.52
42.00 ± 01.10
46.99 ± 01.13
51.72 ± 00.58
44.25 ± 00.42
48.26 ± 00.33
48.29 ± 01.24
51.49 ± 00.42
45.32 ± 00.51
42.32 ± 00.28
47.67 ± 00.05
67.46 ± 01.06

CUB
69.53 ± 00.45
47.26 ± 00.18
51.80 ± 00.41
44.30 ± 01.25
51.74 ± 00.39
47.60 ± 00.85
39.99 ± 00.61
51.12 ± 00.34
54.51 ± 01.72
44.79 ± 00.68
54.91 ± 00.33
61.28 ± 00.48
53.13 ± 00.40
45.24 ± 00.39
36.29 ± 00.58
53.25 ± 00.83
63.11 ± 00.45

Cars
87.45 ± 00.27
61.93 ± 01.38
66.12 ± 00.17
60.20 ± 03.83
73.89 ± 00.06
70.16 ± 00.51
56.99 ± 02.44
68.89 ± 00.47
71.44 ± 04.76
57.17 ± 01.95
75.29 ± 00.46
85.01 ± 00.10
77.14 ± 00.15
71.24 ± 02.23
56.87 ± 02.64
76.51 ± 00.74
84.40 ± 00.67

Indoor-Scenes
63.51 ± 00.43
35.82 ± 00.43
38.44 ± 00.99
30.87 ± 00.35
43.56 ± 00.52
37.71 ± 00.64
30.94 ± 00.45
42.82 ± 00.21
43.09 ± 00.60
36.72 ± 00.29
43.84 ± 00.67
45.93 ± 01.00
44.13 ± 00.55
37.27 ± 00.79
29.57 ± 00.90
43.76 ± 00.40
54.59 ± 00.38

PubFig83
91.41 ± 00.14
78.47 ± 00.17
81.54 ± 00.09
77.61 ± 00.87
81.11 ± 01.51
82.03 ± 00.26
75.44 ± 00.50
83.02 ± 00.11
82.89 ± 01.78
79.08 ± 00.36
84.49 ± 00.28
89.78 ± 00.20
83.60 ± 00.19
82.00 ± 00.10
70.90 ± 01.79
84.43 ± 00.40
89.79 ± 00.53

Table 18: 5-shot transfer learning using AllCNN (ACNN) and ResNet18 (RN18) (test accuracy
%)
Model
ResNext50
ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

Flowers
89.35 ± 00.62
32.91 ± 00.94
35.98 ± 00.76
28.73 ± 01.18
38.21 ± 00.88
33.25 ± 00.31
30.27 ± 00.27
35.01 ± 00.57
41.14 ± 01.09
32.95 ± 00.37
38.07 ± 01.47
39.17 ± 00.62
37.36 ± 01.23
33.24 ± 00.47
29.97 ± 00.55
34.24 ± 00.32
51.24 ± 00.48

CUB
69.53 ± 00.45
13.19 ± 00.46
21.60 ± 00.83
14.78 ± 00.60
17.69 ± 00.94
11.30 ± 00.20
09.55 ± 00.34
18.09 ± 00.91
22.89 ± 01.18
11.55 ± 00.10
25.53 ± 00.35
26.50 ± 00.46
18.22 ± 00.47
10.63 ± 00.18
08.83 ± 00.40
18.36 ± 02.09
34.67 ± 00.63

Cars
87.45 ± 00.27
05.03 ± 00.11
10.61 ± 00.52
06.11 ± 00.37
08.52 ± 01.50
06.16 ± 00.29
04.82 ± 00.31
06.77 ± 00.55
11.71 ± 01.21
05.00 ± 00.27
11.37 ± 00.58
12.36 ± 01.00
08.96 ± 00.92
05.88 ± 00.18
04.98 ± 00.13
06.95 ± 00.26
26.63 ± 01.82

Indoor-Scenes
63.51 ± 00.43
09.21 ± 00.81
14.81 ± 00.67
08.36 ± 00.52
08.76 ± 00.39
10.75 ± 01.04
09.68 ± 00.39
09.73 ± 00.49
16.63 ± 00.34
09.04 ± 00.44
14.61 ± 00.88
13.72 ± 01.07
09.93 ± 00.73
11.03 ± 00.82
08.41 ± 00.49
09.01 ± 00.23
21.18 ± 01.29

PubFig83
91.41 ± 00.14
05.15 ± 00.45
11.97 ± 01.40
08.25 ± 01.36
08.02 ± 00.70
06.13 ± 00.18
04.82 ± 00.16
06.33 ± 00.28
13.96 ± 00.52
04.98 ± 00.22
10.69 ± 00.99
11.49 ± 00.66
08.76 ± 00.34
05.34 ± 00.11
04.49 ± 00.24
06.36 ± 00.21
29.31 ± 00.51

restrictive regime, the proposed SRM method performs far better than other tested methods for
both types of students, largely improving the baseline results.
ImageNet Experiments For ImageNet [181] experiments, we followed an experimental setup
similar to that in [39, 248]: ResNet34 and ResNet18 were used as the teacher and student
networks, respectively.
Table 20 shows top-1 classification errors of SRM and related methods, including KD [80],
AT [248], Seq. KD [240], KD+ONE [262], ESKD [39], ESKD+AT [39], CRD [208], having
the same experimental setup. The teacher network (Resnet34) achieves top-1 error of 26.70%.
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Table 19: 10-shot transfer learning using AllCNN (ACNN) and ResNet18 (RN18) (test accuracy
%)
Model
ResNext50

Flowers
89.35 ± 00.62

ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

40.80 ± 02.33
46.14 ± 00.39
30.10 ± 02.41
51.62 ± 00.69
47.12 ± 00.53
42.00 ± 01.10
46.99 ± 01.13
51.72 ± 00.58
44.25 ± 00.42
48.26 ± 00.33
48.29 ± 01.24
51.49 ± 00.42
45.32 ± 00.52
42.32 ± 00.28
47.67 ± 00.05
67.46 ± 01.06

CUB
Cars
69.53 ± 00.45 87.45 ± 00.27
10-Shot
25.53 ± 01.07 09.50 ± 00.82
34.63 ± 00.35 23.43 ± 01.47
29.40 ± 00.63 15.81 ± 02.16
30.26 ± 00.35 25.22 ± 02.90
24.93 ± 01.92 13.82 ± 01.18
19.36 ± 00.50 09.60 ± 00.25
29.72 ± 00.25 16.96 ± 00.77
35.86 ± 01.39 36.28 ± 04.33
22.72 ± 00.91 11.76 ± 01.35
40.57 ± 00.53 35.44 ± 01.13
43.83 ± 00.47 51.88 ± 01.72
30.47 ± 00.55 27.70 ± 02.72
20.62 ± 02.56 11.00 ± 00.63
17.73 ± 00.14 08.73 ± 00.71
30.04 ± 00.13 17.11 ± 00.66
48.42 ± 01.86 61.22 ± 06.84

Indoor-Scenes
63.51 ± 00.43

PubFig83
91.41 ± 00.14

16.23 ± 00.46
21.76 ± 00.53
15.71 ± 01.32
17.90 ± 00.40
16.78 ± 00.59
12.40 ± 00.76
17.60 ± 00.85
24.82 ± 00.47
15.16 ± 00.54
23.85 ± 00.78
24.62 ± 00.47
17.48 ± 00.38
15.76 ± 00.62
11.82 ± 00.34
17.82 ± 00.49
32.21 ± 01.21

10.09 ± 00.19
28.11 ± 00.50
17.89 ± 00.67
26.27 ± 01.76
10.67 ± 00.26
06.99 ± 00.57
17.24 ± 02.98
31.47 ± 01.84
08.92 ± 00.73
29.67 ± 00.91
36.79 ± 01.27
29.80 ± 01.41
08.80 ± 00.54
06.49 ± 00.27
16.08 ± 01.67
51.99 ± 02.95

Table 20: Top-1 Error of ResNet18 on ImageNet. (*) indicates results obtained by 110 epochs
KD
30.79

AT
29.30

Seq. KD
29.60

KD+ONE
29.45

ESKD
29.16

ESKD+AT
28.84

CRD*
28.62∗

SRM (our)
28.79

Using SRM, we can successfully train ResNet18 to achieve 28.79% classification error, which
is lower than existing methods (except CRD, which was trained for 110 epochs), including the
recently proposed ESKD+AT [39] that combines the early-stopping trick and Attention Transfer
[248].

2.9
2.9.1

Compactness in Deep Neural Networks
Introduction, objectives and summary of state of the art

Deep learning has achieved remarkable success in a variety of tasks over the recent years. Training of deep neural networks can be formulated as a two-stage process, where the first stage
corresponds to feature learning, and the seconds stage denotes task-specific output prediction.
In classification tasks, the prediction is generally performed by applying a linear dense layer on
top of the learned feature representation and followed by a softmax activation to transform the
predictions into a class probability distribution. Hence, a prediction in such a model can be seen
as a linear classification in the learned feature space. Classical statistical intuition states that a
good set of features should be class-wise invariant [1, 241]. In other words, it is expected that
the model learns to minimize the distances between the sample representations of each class in
the feature space in order to learn compact class manifolds.
We investigate this phenomenon for deep neural networks. We first analyze the relationship
between the features’ class-wise variance and the performance of the model on a variety of architectures and datasets. We show that in the context of deep neural networks, a more class-wise
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invariant feature space, i.e., one with lower relative variance, does not necessarily imply better
performance. Then, we analyze the class-wise variance of the learned features throughout the
training and discover that over-parameterized neural networks, surprisingly, do not necessarily implicitly minimize it. On the contrary, models typically converge to regimes with higher
variances.
A summary of this work is provided hereafter. The corresponding publication is listed
below, and can be found in Appendix 7.8.
• [40] Chumachenko, K., Laakom, F., Raitoharju, J., Iosifidis, A., and Gabbouj, M, “Rethinking compactness in deep neural networks“, ICML Workshops: Overparameterization, Pitfalls and Opportunities 2021.
2.9.2

Description of work performed so far

To analyze the relationship between the class compactness and model performance, we quantify
it using the class-wise variance in the feature space. Formally, the class-wise variance can be
defined as follows:
Let A be a set of data samples defined as A = {(X1 , y1 ), · · · , (XN , yN )} ∈ X × R, where
yi ∈ {1, · · · , c} is the corresponding class label of Xi . Let {φ (X1 ), · · · , φ (XN )} be the feature
representation of the samples in A. Then, the class-wise variance of the feature space is defined
as follows:
1
(77)
vc = ∑||φ (Xi ) − µi ||22
N i
where µi is the mean of the feature representations of the data belonging to class yi , i.e., µi =
1
φ (X j )δ (y j == yi ).
∑ j δ (y j ==yi ) ∑ j
As can be seen, the class-wise variance measures the average distance of the feature representations of the samples to the corresponding class mean. Intuitively, this quantifies the
compactness of the features learned by a model. Lower class-wise variance implies that the
model has learned an invariant representation of each class, where samples with the same labels
are mapped close to each other, whereas higher class-wise variance implies that the learned
manifolds of the classes are non-compact and outspread in the feature space. Additionally, we
define a normalized variant of the class-wise variance, where it is scaled using the global variance in order to quantify the relative volume of the classes compared to the total volume in the
feature space. Formally, the normalized class-wise variance can be defined as follows:
Let A be a set of data samples defined as A = {(X1 , y1 ), · · · , (XN , yN )} ∈ X × R, where
yi ∈ {1, · · · , c} is the corresponding class label of Xi . Let {φ (X1 ), · · · , φ (XN )} be the feature
representation of the samples in A. Then, the normalized class-wise variance of the feature
space is defined as follows
1
2
N ∑i ||φ (Xi ) − µi ||2
,
(78)
v̄c = 1
2
N ∑i ||φ (Xi ) − µ||2
where µ = N1 ∑ j φ (X j ) is the global mean of the data in the feature space.
The intuition that compactness is a desired property has been utilized in various classical
machine learning methods in the past using the Fisher ratio [241, 87], which is closely related
to the normalized class-wise variance. We investigate the link between the (normalized) classwise variance and the performance of over-parameterized neural network models. Surprisingly,
we find that the compactness intuition does not hold in this case and that lower class-wise variance values do not necessarily result in better accuracy. We perform experimental evaluation
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Table 21: Average test accuracy, class-wise variance, and normalized class-wise variance of
validation set on different models trained on MNIST.
Accuracy
Large CNN
Dense-1
Dense-2
Dense-3
Dense-4
CNN-1
CNN-2
CNN-3

98.59
94.88
96.14
96.63
96.73
96.30
98.16
98.13

vc

v̄c

47659 0.58
15.01 0.44
13.43 0.32
15.94 0.26
20.43 0.23
336.91 0.65
1117.68 0.59
347.39 0.50

Table 22: Average test accuracy, class-wise variance, and normalized class-wise variance of
validation set on different models trained on CIFAR10.

ResNet18
ResNet50
Dense-1
Dense-2
Dense-3
Dense-4
CNN-1
CNN-2
CNN-3

Accuracy

vc

v̄c

91.29
92.12
52.80
53.04
52.90
51.74
66.36
74.53
75.68

7.76
7.37
86.88
48.37
36.45
29.66
292.41
222.07
290.47

0.46
0.40
0.84
0.76
0.70
0.68
0.89
0.89
0.76

of several deep neural network models using MNIST and CIFAR10 datasets on different deep
architectures of different depths and structures, including multilayer perceptrons with solely
fully-connected layers and convolutional networks with VGG-like structure, where exact network structure can be found from the corresponding paper [40]. Additionally, on CIFAR dataset
we quantify the compactness of ResNet18 and ResNet50 architectures. On both datasets, for
each model, we report the test accuracy along with the class-wise variance and the normalized
class-wise variance of the feature space prior to the output layer over the validation set. We
report the average scores across three training iterations.
As can be seen in Table 21, better model performance is not necessarily associated neither
with lower class-wise variance nor with normalized class-wise variance. For example, CNN-2
outperforms CNN-3, while having lower compactness (higher vc and v̄c ). At the same time, all
the Dense models have lower normalized class-wise variances, hence, higher class compactness
compared to any CNN model, while achieving lower accuracy.
Similar results can be observed in models trained on CIFAR10, as shown in Table 22, where
Dense-4 and Dense-3 models have lower class-wise variance compared to Dense-2 model despite having worse performance. Similarly, CNN-2 outperforms CNN-1, although its class-wise
variance is lower. At the same time, their normalized class-wise variances are equal despite the
large gap in the test accuracy. To better understand this phenomenon in the over-parameterized
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Figure 10: Class-wise variance evolution during training.
regime, we further investigate the evolution of the class-wise variance vc and its normalized
counterpart v̄c throughout the training in several different neural network architectures using
CIFAR10 and MNIST. We find that generally all the models do not minimize the class-wise variance.On the contrary, vc is increasing during the training. One example is given in Fig. 10 that
shows the evolution of class-wise variance throughout the training in ResNet18 and ResNet50
trained on CIFAR10 dataset. Further examples can be found in the corresponding paper [40].
2.9.3

Future Work

To this point, we investigated the link between class-wise feature variance and classification performance. We studied the relationship between class-wise compactness of the learned features
and the corresponding model performance in the deep neural network context and identified certain properties of this relationship. Further work is targeted at utilizing the discovered properties
towards improving performance of deep learning models based on compactness in classification
tasks.

3
3.1
3.1.1

2D/3D object localization and tracking
Spherical images for 3D object detection
Introduction, objectives and summary of state of the art

Previously described (D4.1) and integrated into OpenDR voxel-based 3D object detection methods [110, 125] use voxel/pillar representation of the point cloud and create a 2D pseudo-image
that is processed by 2D convolutional neural networks to generate final predictions. Instead
of voxelization, projection-based methods that create such 2D images by structuring points directly can be used. Projection-based methods avoid structural transformations and only try to
represent a set of points on a plane (or a set of planes) based on a particular projection rule.
This mitigates the structural information loss, compared to voxel-based methods.
Projection-based methods try to use different types of point-cloud projections to create
structured data that can be processed by standard 2D CNNs. MVCNN [200] and GSL + AMTC
[77] use multiple plane projections to create separate features and combine them to perform 3D
shape recognition. VeloFCN [116] uses cylindrical projection that creates a 2D image with size
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Figure 11: An example of a spherical projection depth map calculated using a Lidar point
cloud from the KITTI dataset (top), with the corresponding camera image (bottom). Each pixel
represents a point in the 3D scene. Lighter colors correspond to points at a higher distance from
the sensor, while darker colors correspond to points at a lower distance. Absence of a point is
indicated by the darkest color and can be found in the top-center part of the projection image.
that depends on the properties of the Lidar sensor. Given the point (x, y, z) and the average horizontal and vertical angle differences ∆θ and ∆φ , the projected position (r, c) can be obtained
by:
θ = atan2(y, x),
φ = arcsin

p

z
x2 + y2 + z2

!

,

(79)

r = bθ /∆θ c,
c = bφ /∆φ c.

The resulting projection is a 2D image that is processed by a Fully Convolutional Network
(FCN) [191] which generates point-wise box and class predictions. SqueezeSeg [233] uses a
slightly different spherical projection:
!
z
,
θ = arcsin p
x2 + y2 + z2
!
y
(80)
φ = arcsin p
,
x2 + y2
r = bθ /∆θ c,
c = bφ /∆φ c,

and the resulting 2D image is processed by a CNN to produce a point cloud segmentation
output. An example 2D image created by using the spherical projection in Eq. (80) can be seen
in Figure 11.
3.1.2

Description of work performed so far

We use spherical projection to create a 2D pseudo image of an input Lidar, called Spherical
Pseudo Image (SPI), and process it by a 2D CNN to create object predictions. We follow the
approach used in FairMOT [254], i.e. heatmap-based object detection.
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Figure 12: Example of a heatmap generated by an SPI model. Red color represents the depth
of a point, green color represents a target heatmap, and blue color represents the predicted
heatmap. The left-most target heatmap is fragmented due to the absence of points in the center
of a car, seated on the edge of the camera-visible range.
FairMOT creates a 2D heatmap for each class independently by placing Gaussian-distributed
values at the center of an object, leading to high values directly at the center of the object and
lower values at locations close to it. This leads to a heatmap that has mostly zero values for an
uncrowded image. In order to adapt this approach to the 3D case, we project the center and the
edges of the target box to spherical coordinates and define the size of a Gaussian distribution
based on the projected 2D box size, which will be placed at the projected center. A limitation
of this approach is that on a small number of objects that are directly to the side of an ego object (the object on which the sensor is placed) and are mostly out of the camera field of view,
this approach leads to a fragmented heatmap area, leading to centers of such objects having no
points on them and therefore having no chance to place a heatmap on them. An example of such
case can be seen in Fig. 12. This problem occurs on the KITTI dataset for which a frontal field
of view is used to create the point cloud annotations, while it does not occur on the 360-degrees
annotated point cloud used by NuScenes [22] dataset.
For the 2D case, knowing the center of an object and its size is enough to output the prediction, but in our case, we need to predict a 3D pose. To accomplish this, on top of the
heatmap, for each point we predict the size vector (width, height, depth), the offset vector
(dx , dy , dz ) and the rotation angle α. The final prediction is a box with predicted size, the
position (px + dx , py + dy , pz + dz ), where (px , py , pz ) is the position of a point that is classified
as the object’s center based on heatmap values. This means that a point at the front of a car can
be responsible for the object prediction, and the actual position should be offset towards the real
object center. An example is shown in Fig. 13, where the predicted box for a car is based on a
frontal point, which means that the position of the predicted offset has to be defined at roughly
half the object’s size in the frontal direction. This can be solved by classifying responsible
points as those lying in either side of an object and using this to offset the initial box position
closer to a true object center.
3.1.3

Performance evaluation

Table 23 contains results for different configurations of models that use spherical pseudo images. Careful selection of a backbone, learning rate drop, augmentations and other hyperparameters lead to a big difference in performance, which can be further improved by training the
model on a bigger dataset such as NuScenes [22].
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Figure 13: Example of an output of an SPI model projected to Bird’s-Eye View (BEV) for better
visualization.
Table 23: Results of Car 3D Object Detection on KITTI evaluation split. Easy object category
is presented at different IoU thresholds for positive detections: 0.5 and 0.7. Evaluations of
bounding box (BBox), Birds-Eye-View(BEV) and 3D boxes (3D) are presented. SPI models
use spherical pseudo images as inputs. FPN/DLA34 specifies which backbone was used. The
number 10k/60k/100k represents a number of steps to decrease the learning rate. WA means
that worse data augmentations were used. Processing speed (FPS) is measured on NVIDIA
GeForce RTX 2080 Ti.
Method

FPS

SPI-FPN-60k
SPI-FPN-100k
SPI-DLA34-100k
SPI-FPN-10k-WA
PointPillars

3.1.4

25
25
91
25
38

BBox

Easy mAP @ 0.7
Bev

3D

79.04
77.59
46.23
53.12
90.60

80.93
79.82
69.66
56.50
90.75

80.62
79.07
61.46
54.59
90.75

BBox

Easy mAP @ 0.5
Bev

3D

79.04
77.59
46.23
53.12
90.60

67.97
64.51
35.17
37.62
90.04

52.35
42.06
18.55
24.48
80.68

Future Work

We plan to explore better hyperparameters and datasets/augmentations in order to improve performance. We also plan to investigate the problem of a possible high distance between the
responsible point and the center of the object by classifying this point as lying on the frontal,
backward or other parts of the target object and shifting the initial bounding box center closer
to the actual object center which results in smaller variance in predicted offset values, helping
the network to return accurate position predictions.
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Single object 3D tracking with Siamese PointPillars
Introduction, objectives and summary of state of the art

Multiple 3D Object Tracking (MOT) is focused on detecting and assigning unique object IDs
for each object of interest over multiple data frames. These IDs should be different for different
objects and identical for the same object across all frames. The Single Object Tracking (SOT)
task performs tracking of only one object of interest, but problems that arise in MOT and SOT
are similar. Given perfect object detections for MOT, tracking problems mainly come from
losing the object due to either inability to connect the predictions at the current frame with previous history, or due to identification switches, where close or occluding objects are switching
their IDs. The Single Object Tracking problem cannot have an ID switch problem directly, but
if the object of interest is close to, or occluded by, another similar in appearance background
object, the method may start identifying this background object as the target and the actual target object as background. This results in an ID switch scenario. When the target object cannot
be identified in a frame that it is actually present, the method loses its track in the same way as
in the MOT problem.
3D Multiple Object Tracking is usually performed in either by following a detection-based
approach, or a simultaneous detection and tracking approach. Detection-based methods rely on
an external object detector to find the location of the objects, while the method tries to assign
IDs to the detected objects. One of such approaches, AB3DMOT [230], uses 3D Kalman filter
to predict an object’s state and the Hungarian matching algorithm with 3D IoU metric to match
between tracklets predictions and provided detections.
Simultaneous detection and tracking methods mainly use internal representations for both
object detections and prediction of re-identification (RE-ID) features. A low distance metric
between RE-ID features of two objects indicates high probability of these objects being identical
and is used to assign same IDs for objects across frames. CenterPoint [209] represents objects as
a central point and uses its features to regress final position, 3D box size, rotation and velocity
estimate. This method follows a similar approach as in PointPillars [110] and creates a 2D
pseudo-image based on pillar representation of the input point cloud. To perform tracking, the
central point is projected on the previous frame by adding a scaled negative velocity estimate of
this object. The projected point is matched with the closest object from the previous frame.
Single Object Tracking methods take detection of the target in the first frame and then track
the object of interest through consequent frames without the use of a detector. In [72] a 3D
Siamese network is used to auto-encode the shape of a target with a point-wise network. A
Siamese network is also used in [57, 190] with a Point-wise MLP or Transformer architectures.
3.2.2

Description of work performed so far

We follow the approach used in [11] for single object tracking, and apply it on a pseudo-image
extracted by PointPillars [110] or another pseudo-image-based 3D Object Detection method
such as TANet [125]. The part of the pseudo-image, generated by the model’s head, is used as an
input image for a Siamese network. We consider two ways of performing Siamese tracking. One
follows Axis-Aligned Bounding Box (AABB) tracking, and the second one follows rotationbased search. In the AABB case, the object of interest is first detected in the pseudo-image
space in the form of an Axis-Aligned Bounding Box and then an additional head uses features
extracted from this position to perform final 3D Bounding Box regression. An example of
AABB data for tracking is shown on Fig. 14.
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Figure 14: Example of AABB tracking annotations generated for KITTI tracking dataset. The
car with index zero is rotated, but the corresponding AABB box cannot accurately capture its
shape due to its rotation with respect to the frame’s axes.
Training is performed by extracting target and search regions for each object in the dataset
and applying a cross-correlation operation based on either 2D convolution, or Bhattacharyya
distance. The scores extracted by the cross-correlation operation are compared to the ground
truth using Binary Cross Entropy loss. The search region is two times bigger than the target
region and has a random offset as an augmentation. Label elements around the target center
are considered positive, and all other elements are considered negative. The feature extraction
branch is based on the convolutional part of the PointPillars’ Region Proposal Network (RPN),
which is pretrained on the KITTI detection dataset.
Tracking is performed by first applying detection on the initial frame to find the object of
interest. The target model is then extracted by applying the model’s feature extractor on a target
region, which is created by increasing the size of the target by a small number to add contextual
information. The search region is defined in the same way as in training and is used in the next
frame to search for a new position of the target. Features of the search region in the new frame
and the initial frame’s target region are compared to create similarity scores, and the position
with the highest similarity score is used as the new target position.
Multiscale search, as used in 2D single object tracking, is not required in the case of 3D
object tracking based on pseudo-images due to the constant object shape at different distances
from the lidar sensor. However, depending on the rotation of the object in AABB tracking, the
size of the final AABB will be varying. This means that there is a need to perform a free-aspectratio scale search. This is done by retrieving image features both from the target’s location at
the first frame and at the previous frame. These features are compared with the search region at
the current frame, and the target with the highest score is selected as a new initial target.
For the rotation search case, we use an original bounding box and crop a rotated part of the
pseudo-image to generate target and search images. These images are resized to a constant size
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Figure 15: An example of rotated tracking prediction generated for KITTI tracking dataset.
of (127, 127) and (255, 255), respectively. These images are processed to create feature maps
and compared in the same way as in the AABB case, but final displacements are also scaled
down to original sizes. An example of a prediction obtained by following this approach can be
seen in Fig. 15.
Instead of a multiscale search, we take crops of the search region with a slightly changed
rotation angles and compare those to the features of the initial target. The rotation with the best
score (multiplied by a penalty for rotated search regions) is selected as the new object rotation.
The dimensions of the object are kept constant, as they do not change in Lidar space for rigid
objects like cars.
3.2.3

Performance evaluation

We evaluate this approach on KITTI Tracking dataset, which is a Multiple Object Tracking
dataset. In order to create a Single Object Tracking task from it, we extract separate tracklets and
evaluate the mean AABB IoU (mIoU) between prediction and ground truth boxes for the object
category Car. We also count the average percentage of tracked (mTracked) objects by counting
the number of frames where IoU is positive and taking an average of that across tracklets and
scenes. The results are given in Table 24, where it can be seen that both AABB and Rotated
models achieve similar performance in all metrics. Since the evaluated models are in the initial
stage of development, we expect that further experimentation for hyperparameter tuning can
lead to improved performance. The processing speed can be improved by creating the pseudoimage of only the relevant part of the point-cloud and altering the convolutional layer structure.
For the full 3D evaluation, Rotated models are expected to be faster, as there are no additional
regressions needed.

3.2.4

Future Work

We plan to improve the method’s speed (FPS) by focusing on a sub-scene of interest, i.e. by
creating pseudo-images of only the part of the point cloud which needs to be processed further
for tracking the object in the next frame. We plan to investigate the best configuration of AABB
prediction backbone and a 3D prediction head to improve tracking performance.
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Table 24: Results on 3D Car Tracking on KITTI evaluation split. The models are evaluated on separate tracklets by computing mean the IoU of prediction and ground truth objects.
AABB/Rotated indicates the approach used.

3.3
3.3.1

Method

FPS

mIoU (%)

mTracked (%)

Siamese PointPillars AABB
Siamese PointPillars Rotated

5.7
4.8

38.7
37.2

49.0
53.8

Temporal Difference Rewards for End-to-end Vision-based Active Robot
Tracking using Deep Reinforcement Learning
Introduction, objectives and summary of state of the art

The goal in many tracking applications is control [242], instead of tracking per se, leading to
passive tracking approaches, where tracking is disconnected from the actual task at hand. On the
other hand, the emergence of powerful Deep Reinforcement Learning (DRL) approaches [188,
79], enabled the development of active tracking approaches [126, 127]. Such approaches are
capable of learning end-to-end control policies, directly from raw RGB input, without any intermediate pre-processing step. In this way, the developed algorithms can be directly optimized for
the task at hand, without involving separate intermediate tasks. At the same time, this unified
approach also holds the credentials for providing less complex and more robust systems [127].
Despite their apparent advantages, little work has been done so far for active tracking approaches [126, 127], since active tracking requires using advanced and realistic simulation environment for simulating the effects of various control commands instead of relying on static
datasets. At the same time, active tracking typically relies on reward signals for the training
process instead of ground truth bounding boxes that are usually used in passive tracking approaches. However, defining the appropriate reward functions for such tasks is not trivial, since
there are many alternative ways to formulate the goal of the system [170]. This is in contrast
with other DRL applications, such as games [139], where the reward function is intrinsic to the
problem. Indeed, the way that the reward function is defined can have a significant effect on
the behavior of the resulting DRL model, especially for complex control tasks [160]. At the
same time, providing additional rewards, in the form of reward shaping [146, 206, 47], can often allow for further increasing the stability of the training process, along with its convergence
speed.
The contribution of our work is two-fold. First, we develop and evaluate an active tracking simulation environment, demonstrating that active tracking methods can be indeed trained
in an end-to-end fashion operating directly on raw RGB inputs. To this end, a realistic robot
simulation environment was constructed using the Webots simulator [134], while the proposed
method was evaluated using a real robot, the e-puck robot [141], and two different setups, involving different movement patterns of the robots. Furthermore, two different control scenarios
were evaluated, corresponding to the two main approaches that are typically used for control:
a) control using discrete actions/steps and b) control using continuous action spaces. Second,
a simple, yet effective temporal difference-based reward function is introduced and evaluated
for active tracking, improving the tracking error and allowing for directly performing control
based on a tracking objective. Indeed, it is demonstrated, through extensive experiments, that
the employed reward function can indeed lead to improvements in tracking accuracy, under a
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

67/269

Training

Error Calculation
(based on optimal error)

Webots-based
Simulation
Environment

PPO
Active Tracking
Reward

Optimization

Sensory Input
(RGB Pixels)

DRL Model

Control Commands
(wheel speeds)

Feedback to simulator

Inference

Figure 16: Overview of the proposed DRL-based active tracking setup. First, the agent (DRL
Model) is trained using the developed Webots-based simulation environment. Then, the trained
agent is evaluated on a number of different scenarios.
wide range of different setups.
A summary of this work is provided hereafter. The corresponding publication is listed
below, and can be found in Appendix 7.9:
1. [210] P. Tiritiris, N. Passalis and A. Tefas, “Temporal Difference Rewards for End-to-end
Vision-based Active Robot Tracking using Deep Reinforcement Learning”, International
Conference on Emerging Techniques in Computational Intelligence, 2021
3.3.2

Description of work performed so far

The simulation environment was built using the Webots simulator [134], which is an open
source highly realistic robot simulator. The developed simulation environment contains two
GCtronic e-puck robots [141], with the first one being the tracked target and the second one
carrying an RGB camera (64 × 64 pixels) and aiming to track the first robot. E-puck robot
moves by appropriately setting the velocity of its two wheels. Two different kinds of agents
were employed in this work: a) discrete action space agents and b) continuous action space
agents. For agents that work with discrete actions, there are 2k + 1 possible velocity values
within the range [−maxSpeed, +maxSpeed], splited by 2k equally spaced partitions. Therefore,
the total number of actions for these agent is (2k + 1)2 , given that both wheels of the robot must
be controlled. On the other hand, for continuous agents, two real numbers, one for each wheel,
are used. The output of the agent is constrained between the minimum and the maximum speed
supported by the robot, ensuring that all control actions will be within the hardware capabilities
of the robots.
For training the agent, a state-of-the-art DRL optimization method, the Proximal Policy Optimization (PPO) [188], was employed. An actor-critic architecture was used to this end, where
the actor is responsible for selecting the next action, while the critic was used for estimating the
value of each state. PPO relies on the advantage for each performed action a when the agent is
at state s:
Aθ (s, a) = Qθ (st ) −
OpenDR
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where Qθ (st ) denotes the critic’s network estimated value, γ is the discount factor and rt is
the obtained reward at time t for a total number of T time-steps. To ensure the stability of the
optimization process, PPO uses a probability ratio between new and old policy. Clipping this
ratio, as proposed in [188], improves the behavior of the training process. Finally, note that in
training phase PPO collects samples from the older policy using importance sampling.
The architecture used for both the actor and critic follows: Three 2D convolutional layers
were used, followed by three fully connected layer. The ReLU activation function was used
after each layer [75], while average pooling was employed instead of max pooling to avoid
discarding potentially useful information. For discrete agents, the final layer of the actor has the
same number of neurons as the number of possible actions, i.e., (2k + 1)2 , while for continuous
agents two output neurons are used (one for controlling the speed of each wheel). In the latter
case, the output of the network is passed through the tanh activation, to ensure that it will range
between -1 (maximum speed backward) and 1 (maximum speed forward). When the network
outputs a value of 0, then the corresponding wheel stays stationary.
The RL agents must learn to follow the moving target as close as possible over a safe distance, while the camera looking at the center of the target. To this end, we define the distance
error as:
ed (t) = |d(t) − s|,
(82)

where d(t) is the distance between the robots at time t and s is a predefined distance that must
be kept from the robot (safe distance). Also, we define the angular error ea (t) at time t as the
absolute value of the angle between the optimal look-at vector of the camera and the speed
vector of the target robot. A separate reward is calculated for each of these two errors, i.e., rd (t)
and ra (t) respectively, while the total reward is calculated as the sum between the corresponding
rewards:
r(t) = rd (t) + ra (t)
(83)

For defining these two individual rewards, i.e., rd (t) and ra (t), that contribute to the final
reward provided in (83) several methods can be considered. Perhaps the simplest one is to
directly use the negative of error, i.e.,
r(t) = −error(t),

(84)

where r(t) refers to either rd (t) and ra (t) (according to the value used in place of error(t)),
aiming to directly minimize the control error. However, as we experimentally demonstrate in
Section 3.3.3, this naive way of defining the reward leads to suboptimal results. Recent works
in vision-based DRL control proposed to use hint-based rewards inspired by reward shaping
methods [160], i.e.,


cg , error(t) < margin
r(t) = cm , error(t) < error(t − 1) ,
(85)


c p , otherwise

where cg corresponds to the reward for achieving the desired target, cm to the reward for moving
towards a direction that reduces the error , while c p corresponds to the penalty the agent receives
in any other case (its absolute value must be larger than cg to avoid oscillations). We set these
parameters to cg = 1, cm = 0.5 and cg = −1.2 following the protocols proposed in the literature
and experiments conducted to select the optimal parameters. However, setting these parameters
can require a significant amount of effort, involving repeated experiments to determine the
optimal values. Therefore, to overcome this limitation, in this work we propose using a simpler,
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yet more effective approach for calculating the reward based on the temporal difference between
two subsequent error values, i.e.,
r(t) = error(t − 1) − error(t).

(86)

This approach does not require any kind of additional fine-tuning, while it leads to more accurate
control. Note that the first and third reward functions are directly linked to the (unnormalized)
values of the error, therefore min-max normalization is required after the end of each episode, to
ensure the stability of the optimization process. This is not necessary for the hint-based reward,
since the values of this reward are already bounded.
3.3.3

Performance evaluation

The different agents and reward functions were evaluated under different setups, as analytically
reported in Appendix 7.1. The developed agents were evaluated in two different setups:
1. random movement, where the velocity of both wheels of the front robot are selected randomly (therefore the first robot moves on a non-straight trajectory). The velocities remain
the same during the entire episode. This setup was used both for training and evaluation
of the trained agents.
2. random movement with velocity changing, where the same setup as before is used, but the
speed of the wheels changes every 200 steps. As a result, the trajectory of the first robot
changes several times within the same episode, requiring the tracking robot to promptly
adjust in order to avoid losing the target robot. This setup was used for evaluating the
agents trained with the first setup.
Each episode consists of 1000 steps, while an episode ends early when the tracking robot loses
its target. For evaluation we report two different metrics:
1. average distance error (“Distance error”), which measures whether the agents keeps the
desired distance from the tracked robot, and
2. average control steps per episode (“Steps per episode”), which measures the ability of
the agent to track the front robot (note that an episode ends when the tracking robot loses
its target).
The proposed method was initially evaluated using the first setup (random movement evaluation). The evaluation results for the discrete agent are reported in Table 25, while for the
continuous agent in Table 26. For all the evaluated reward functions, the agents are indeed successfully trained, since they solve almost all the test episodes perfectly (the average number of
steps is larger than 950 out of a maximum of 1000). At the same time, the temporal difference
reward seems to lead to the overall best distance error (both for the discrete and continuous
agent). However, it lead to slightly worse behavior for the discrete agent, failing to correctly
track the target robot in a few cases, since the average number of steps per episode is reduced
from 1000 to 969. However, the opposite behavior is observed in the second evaluation setup
reported in Table 27, where the proposed reward leads to both the best distance error, as well
as leads to never losing the target robot for all the evaluated episodes. The same results are
achieved for the hint-based reward, even though hint-based rewards seem to always lead to
higher distance error. This can be explained, since hint-based rewards are disconnected from
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Table 25: Evaluation Setup 1: Discrete agent
Reward

Distance error

Steps per episode

Negative of error

0.014

1000

Hint-based

0.054

969

Proposed

0.009

969

Table 26: Active Tracking Evaluation Setup 1: Continuous agent
Reward

Distance error

Steps per episode

Negative of error

0.02

954

Hint-based

0.03

966

Proposed

0.01

1000

the actual value of the error. Even though in previous works this has been shown to improve the
training stability when combined with Q-learning based algorithms [160], this reward function
does not seem to lead to similar improvements for the problem at hand.

4
4.1
4.1.1

Deep SLAM and 3D scene reconstruction
EfficientLPS: Efficient LiDAR Panoptic Segmentation
Introduction and objectives

Understanding the scene in which an autonomous robot operates is critical for its competent
functioning. Such scene comprehension necessitates recognizing instances of traffic participants along with general scene semantics that can be effectively addressed by the panoptic
segmentation task. In this section, we extend our work on image-based panoptic segmentation, namely EfficientPS, discussed in the OpenDR deliverable D4.1 to the LiDAR domain. We
present the novel top-down Efficient LiDAR Panoptic Segmentation (EfficientLPS) architecture
comprised of a shared backbone, scale-invariant semantic and instance segmentation heads, and
a panoptic fusion module. We design the model architecture to addresses multiple challenges
that occur in the LiDAR domain including distance-dependent sparsity, severe occlusion, large
scale-variations, and reprojection errors. For further improvement, we formulate a regularized
pseudo labelling framework to enable training on unlabelled data. Finally, we evaluate EffiTable 27: Active Tracking Evaluation Setup 2: Discrete agent

OpenDR

Reward

Distance error

Steps per episode

Negative of error

0.016

985

Hint-based

0.035

1000

Proposed

0.007

1000
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cientLPS on two challenging datasets: 1) SemanticKITTI [8] and 2) nuScenes [22], for which
we also release ground truth labels.
A summary of this work is provided hereafter. The corresponding paper is referenced below
and can be found in Appendix 7.10:
• [195] K. Sirohi, R. Mohan, D. Büscher, W. Burgard, and A. Valada, “EfficientLPS: Efficient LiDAR Panoptic Segmentation”, arXiv preprint arXiv:2102.08009, 2021.
(To appear in: IEEE Transactions on Robotics (T-RO))
4.1.2

Summary of state of the art

Panoptic segmentation is a scene understanding problem [97] that unifies the tasks of semantic
segmentation and instance segmentation. While the majority of research in this domain focuses on RGB images, only a few methods address 3D LiDAR point clouds. Since most works
are largely built upon advances made in semantic segmentation and instance segmentation, we
first review recent approaches for these closely related subtasks, followed by state-of-the-art
methods proposed for LiDAR-based panoptic segmentation. Most works in this domain are
largely built upon advances made in semantic segmentation and instance segmentation, therefore we first review recent methods that have been proposed for these closely related sub-tasks,
followed by state-of-the-art approaches that have been introduced for panoptic segmentation.
Semantic Segmentation: The challenges posed by the unordered and sparse nature of point
clouds has hindered the progress in LiDAR semantic segmentation for autonomous driving.
Considerably fewer techniques have been proposed to address this task using point clouds in
comparison to methods in the visual domain. Dewan et al. [48] propose an approach to classify
points into movable, non-movable, and dynamic classes, by combining deep learning-based semantic cues and rigid motion based motion cues in a Bayesian framework. Wu et al. [234]
propose a projection-based approach that builds upon SqueezeNet and introduces the so-called
fire module. The release of the SemanticKITTI [8] dataset motivated many works in semantic
segmentation of LiDAR point clouds. Milioto et al. [136] propose a 2D CNN architecture that
operates on spherically projected point clouds and employs a kNN-based post-processing step
to account for the occlusions due to the projection. SalsaNext [42] uses spherical projection
for segmentation and also performs uncertainty estimation. PolarNet [256] projects the point
cloud in the birds-eye view and employs a ring convolutions on the radially defined grids. KPRNet [98] uses a 2D-3D hybrid approach combining 2D convolutions for semantic segmentation
followed by KPConv-based [207] post-processing using point-wise convolutions.
Instance Segmentation: Similar to the image domain, instance segmentation of point
clouds can be classified into two categories: proposal-based and proposal-free methods. Proposalbased methods perform 3D bounding box detection followed by point-wise mask generation for
the points in each bounding box. 3D Bonet [239] follows this approach using two separate 3D
bounding box proposal generation and mask generation branches. GSPN [243] generates proposals using a shape aware proposal generation for different instances. On the other hand,
proposal-free methods directly predict the instances by detecting keypoints such as the centroid of the instance, or the similarity between points, which is followed by clustering [251].
SGPN [228] learns a similarity matrix between the points which is used to cluster points with
higher similarity scores between them. PointGroup [88] extracts semantic information using
3D sparse convolutions to cluster points towards the instance centroid, followed by using the
original points and the clustered points to obtain the final prediction. VoteNet [49] predicts an
offset vector to the centroid of every point and then employs clustering.
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Figure 17: Illustration of the proposed EfficientLPS [195] architecture for LiDAR-based panoptic segmentation. A 2D projection of the point cloud is fed to the Proximity Convolution Module
(PCM). Afterward, a shared backbone comprising the EfficientNet [205] encoder with a 2-way
feature pyramid network (FPN) [140] and a range encoder network (REN). The fused output
of these modules is fed to semantic and instance heads, whose logits are post-processed in the
panoptic fusion module. The final output is projected back to 3D via a kNN algorithm.
Panoptic Segmentation: Panoptic segmentation methods can also be classified into proposalfree (bottom-up) or proposal-based (top-down) techniques. Bottom-up methods group points
belonging to the same instances either by a voting scheme or based on pixel-pair affinity pyramid while simultaneously learning the semantic labels [65]. On the other hand, top-down approaches, e.g., our previous work MOPT [86], tackle the problem in two a stage manner with
a dedicated instance segmentation branch for detecting and segmenting ‘thing’ classes and a
semantic segmentation branch for segmenting ‘stuff’ classes. Miliotto et al. [135] adopt the
bottom-up approach without instance proposals by using spherical projection of point clouds
and predicting offsets to the centroids for aiding clustering. They also use 3D information
available in the range images for trilinear upsampling in the decoder. Panoster [68] uses an instance head that directly provides the instance IDs of the points from learnable clustering without any explicit grouping requirement. In addition to the spherical projection-based method,
Rangenet++ [136] and Panoster [68] also show the implementation of their clustering mechanism using the point-based method KPConv [207] for semantic segmentation.
4.1.3

Description of work performed so far

In this section, we first give a brief overview of our proposed EfficientLPS architecture followed
by a summary of each of its constituting components. For a in-depth description of the approach
we refer to the full paper [195], which is also included in the appendices. Our network follows
the top-down layout as shown in Figure 17. The approach is composed of four modules: 1)
projection of the point cloud into the 2D space comprising channels for range, intensity, and
(x,y,z) coordinates; 2) a shared backbone consisting of the proposed Proximity Convolution
Module (PCM), a modified EfficientNet-B5 [205] encoder with the 2-way FPN [140], the proposed Range Encoder Network (REN), and the multi-scale feature fusion module; 3) and 4)
task-specific heads for semantic and instance segmentation; and 5) post-processing to fuse the
logits from the separate heads yielding the panoptic prediction and finally back-projection to
the 3D domain.
Projection: We employ scan unfolding [217] to project the point cloud into the 2D range
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image format. Scan unfolding aims to mitigate the problems due to the alternate spherical projection method that suffers from point occlusions due to ego-motion correction. Scan unfolding
yields a much denser representation than spherical projection. LiDAR sensors typically provide
raw data in a range image-like format, with each pixel describing the range value at a particular
row and column. Each column of this range image consists of measurements taken by individual modules stacked vertically within the sensor at a particular time and each row represents
the consecutive measurements of one module taken during spinning of the sensor. However,
most of the publicly available datasets provide LiDAR measurements as a list of 3D Cartesian
coordinates, without any information about the column or row indices. Hence, we assign these
indices to every point in the laser scan for recovering the range image-like representation.
Backbone: The backbone consists of our proposed Proximity Convolution Module (PCM),
followed by an encoder and the novel Range-aware Feature Pyramid Network (RFPN). The
core of the PCM is the proximity convolution operation, which is defined as
y(p) =

∑

pn ∈N

w(pn ) · x(p + pn ),

(87)

where N consists of offsets for the n nearest neighbors of pixel p. The weights w are learned
in the same manner as in standard convolutions. PCM overcomes a drawback of the vanilla
convolution by relaxing the fixed grid structure that limits the geometric transformation modeling capacity. In particular, PCM exploits range information to augment the spatial sampling
locations for effectively improving the transformation modeling ability. We adopt the EfficientNet [205] topology for the main encoder as well as the Range Encoder Network (REN). We
remove the Squeeze and Excitation (SE) connections to enable better localization of features
and contextual elements. Similar to the proposed proximity convolution module, we replace the
batch normalization layers with iABNsync and Leaky ReLU activation. Our proposed rangeaware FPN (RFPN) reinforces the coherently aggregated fine and contextual features of Feature
Pyramid Networks (FPNs) with distance awareness. This enables the network to better segregate adjacent objects with different range variations. We build upon the 2-way FPN [140] that
enables bidirectional flow of information using two parallel branches that aggregate multi-scale
from the main encoder in both a top-down and a bottom-up manner. To fuse the outputs of the
2-way FPN and the REN, we add a multi-scale fusion module. It enables the network to emphasize on the more informative features between the 2-way FPN features and the corresponding
fused features, hence incorporating distance awareness selectively.
Semantic Head: The main component of our proposed distance-dependent semantic head
is the novel range-guided depth-wise atrous separable convolution operation. We essentially encode the range using the REN module and compute the dilation factor to apply at each central
pixel from the encoded features. We then employ the depth-wise atrous separable convolution
operation with the computed dilation factor, thereby enabling the receptive field to be adaptable
to the range data. We extend the semantic head proposed in [140] consisting of Dense Prediction Cells (DPC), Large Scale Feature Extractor (LSFE), and Mismatch Correction Module
(MC) with bottom-up path augmentation connections. We effectively retain the MC module
and the bottom-up path augmentation connections but redesign the DPC and LSFE modules by
incorporating our range-guided depth-wise atrous separable convolutions. We refer to this new
LSFE variant as Range-guided Large Scale Feature Extractor (RLSFE).
Instance Head: We adapt the Mask R-CNN [74] topology and make certain modifications,
including replacing the batch normalization and ReLU activations with iABNsync and Leaky
ReLU layers, respectively. In the first stage, the Region Proposal Network (RPN) employs a
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

74/269

fully convolutional network to generate object proposals and objectness scores for each output
resolution of the RFPN module. In the subsequent stage, ROI align extracts features by directly
pooling from the nth channel of the FPN encodings with a 14 × 14 spatial resolution bounded
within the object proposals obtained in the previous stage. These extracted features are then fed
to specialized bounding box regression, object classification, and mask segmentation networks.
Post-processing: We fuse the outputs of the semantic and instance heads using the heuristic
proposed in [140] to yield the panoptic predictions in the 2D domain. This heuristic enables
us to adaptively fuse the predictions of both heads to alleviate the inherent overlap problem.
During the projection to point clouds, different points may get assigned to the same pixel in
the projected image resulting in the assignment of the same label to all overlapping points.
Moreover, due to the downsampling operations in the network, the convolutions produce blurry
outputs in the decoder leading to leaking of the labels at the boundaries of the instances during
back-projection to the 3D domain. We use a k-nearest neighbor (kNN) based back-projection
scheme [136] to mitigate these issues. For every point in the point cloud, the nearest k neighbors
to the point vote for its semantic and instance labels. We obtain the labels of the selected
neighbors from the corresponding pixels in the projected output prediction. To compute the
nearest neighbors, we search for nearest neighbors within a pre-defined window around the pixel
in the projected range image, out of which we select k nearest points based on the differences
in their absolute range value.
4.1.4

Performance evaluation

We benchmark our proposed EfficientLPS for LiDAR panoptic segmentation on two challenging datasets, namely SemanticKITTI [8] and nuScenes [22]. We use PyTorch for implementing all our architectures and we trained our models on a system with an Intel Xenon
(2.20GHz) processor and a single NVIDIA TITAN X GPU. For a detailed performance evaluation, we refer to the appended paper in Appendix 7.10. The implementation of our proposed EfficientPS model and a live demo on various datasets is publicly available at http:
//lidar-panoptic.cs.uni-freiburg.de. In Figure 18 we show some qualitative results of
our approach and compare them to two baseline models.
Our proposed EfficientLPS sets a new state-of-the-art in LiDAR panoptic segmentation.
In particular, at the time of submission of the corresponding paper, it was ranked first on the
SemanticKITTI panoptic segmentation leaderboard.
4.1.5

Future Work

In our ongoing work, we are exploring extensions of our image and LiDAR-based panoptic segmentation methods to new frontiers in robotics, e.g., prediction of instance labels for occluded
objects. Furthermore, we are planning to tightly couple panoptic segmentation with other important tasks such as depth estimation to supervise and improve the respective other method.
Finally, these approaches will then be integrated in SLAM systems, leveraging images and/or
point clouds, to exploit the use of semantic information in mapping and localization.
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CMRNet++: Map and Camera Agnostic Monocular Visual Localization in LiDAR Maps
Introduction and objectives

Autonomous mobile robots, such as self-driving cars require accurate localization to safely
navigate. Although Global Navigation Satellite System (GNSS) provides global positioning, its
accuracy and reliability is not adequate for robot navigation. For example, in urban environments, buildings often block or reflect satellites signals, causing non-line-of-sight and multipath
issues. In order to alleviate this problem, localization methods that exploit sensors on the robot
EfficientLPS Output (Ours)

Improvement/Error Map

nuScenes (d)

nuScenes (c)

Semantic KITTI (b)

Semantic KITTI (a)

Baseline Output

Figure 18: Qualitative comparison of our proposed EfficientLPS [195] against PanopticTrackNet on SemanticKITTI [8] and (KPConv + Mask R-CNN) on nuScenes [22] validation sets.
The map in the right column shows the points that are misclassified by EfficientLPS in red and
the points that are misclassified by the baseline but correctly predicted by EfficientLPS in blue.
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are used to improve precision and robustness. Moreover, deep learning has found its way to
the localization tasks. However, existing CNN-based pose regression methods fail to generalize well to unseen places. The previously proposed CMRNet [28] effectively addresses this
limitation by enabling map independent monocular localization in LiDAR maps. A follow-up
work enhances the method by introducing CMRNet++ [27], which is a significantly more robust
model that not only generalizes to new places effectively but is also independent of the camera
parameters. It is evaluated on KITTI [69], Agroverse [30], and Lyft5 [81] datasets. We work
towards an extension of CMRNet++ demonstrating that our approach exceeds state-of-the-art
methods. A summary of this work is provided hereafter.
4.2.2

Summary of state of the art

A wide range of methods have been proposed to tackle the localization task, using a variety of
onboard sensors. While LiDAR-based approaches [104, 9] typically achieve sufficiently accurate localization, their adoption is primarily hindered due to the associated high cost. On the
other hand, camera-based methods [185, 184, 17] are more promising for widespread adoption
in autonomous vehicles as they are significantly less expensive. Although historically the performance of camera-based approaches has been subpar compared to LiDAR-based methods,
recent advances in computer vision and machine learning have substantially narrowed this gap.
Some of these methods employ CNNs [92, 175, 223, 20, 224] and random forests [192, 29]
to directly regress the pose of the camera given a single image. Although these methods have
achieved remarkable results in indoor environments, their performance has been significantly
limited in large-scale outdoor environments [186]. Moreover, they can only be employed in
locations where these models have been previously trained on.
In the last decade, map providers have been developing the next generation HD maps tailored for the automotive domain. These maps include accurate geometric reconstructions of
road scenes in the form of point clouds, most often generated from LiDARs. This factor has
motivated researchers to develop methods to localize a camera inside LiDAR-maps. Localization can typically be performed by reconstructing the three-dimensional geometry of the scene
from a camera, and then matching this reconstruction with the map [26, 202], or by matching
in the image plane [232, 145, 28].
Our work builds upon the previously proposed CMRNet [28] model, which was inspired by
camera-to-LiDAR pose calibration techniques [187]. Unlike other state-of-the-art CNN-based
approaches for pose regression [92, 20, 175], CMRNet does not learn the map, but to match
images to a pre-existing map. Consequently, CMRNet can be used in any environment for which
a LiDAR-map is available. However, since the output of CMRNet is metric (a 6-DoF rigid
body transformation from an initial pose), the weights of the network are tied to the intrinsic
parameters of the camera used for collecting the training data.
4.2.3

Description of work performed so far

CMRNet++ is an extension of CMRNet decoupling the localization into two steps: 1) pixel-to3D-point matching and 2) pose regression. In the first step, the CNN only focuses on matching
at the pixel-level instead of metric basis, which makes the network independent of the intrinsic
parameters of the camera. These parameters are instead employed in the second step, where
traditional computer vision methods are exploited to estimate the pose of the camera, given
the matches from the first step. Consequently, after training, CMRNet++ can also be used with
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Figure 19: Outline of the approach proposed in [27]. (a) The input RGB image and (b) the
LiDAR-image are fed to our CMRNet++, predicting (c) pixel displacements between the two inputs. (d) The predicted matches are used to localize the camera using a PnP+RANSAC scheme.
different cameras and maps from those used during training. An outline of our proposed method
is depicted in Figure 19.
For the matching step, we generate a synthesized depth image, the LiDAR-image, by projecting the map into a virtual image plane using a rough pose estimate obtained from GNSS
and the camera intrinsics. To deal with occlusions in point clouds, we employ a z-buffer technique followed by an occlusion estimation filter [28]. Once the inputs to the network (camera
and LiDAR images) have been obtained, for every 3D point in the LiDAR-image, CMRNet++
estimates the pixel of the RGB image that represents the same world point.
The network architecture is based on PWC-Net [201], which was introduced for optical
flow estimation between two consecutive RGB frames. Unlike PWC-Net, CMRNet++ does
not share weights between the two feature pyramid extractors, as the inputs to CMRNet++ are
inherently different (RGB and LiDAR images). Moreover, since the LiDAR-image has only a
single channel, we change the number of input channels of the first convolutional layer in the
feature extractor from three to one. The output of CMRNet++ is a dense feature map, which is
1/4 of the input resolution and consists of two channels that represent the displacement of the
pixel in the RGB image from the same world point.
Once CMRNet++ has been trained, we have the map, i.e., a set of 3D points with known
coordinates, along with their projection in the LiDAR-image and a set of matching points in
the RGB image that is predicted by the CNN. Estimating the pose of the camera given a set
of 2D-3D correspondences and the camera intrinsics is known as the Perspective-n-Point Pose
(PnP) problem. We use the EPnP algorithm [114] within a RANSAC scheme [60] to solve this.
Similar to CMRNet, we employ an iterative refinement technique where we train different
instances of CMRNet++, each specialized in handling different initial error ranges. During
inference, we feed the RGB and LiDAR-image to the network trained with the highest error
range and generate a new LiDAR-image by projecting the map in the predicted pose. The latter
is then fed to the second instance of CMRNet++ that is trained with a lower error range. This
process can be repeated multiple times, iteratively improving the estimated localization pose.
4.2.4

Performance evaluation

We evaluate the localization performance and generalization ability of our CMRNet++ on three
challenging datasets covering a diverse set of countries, sensor setups, and traffic conditions. In
particular, we benchmark CMRNet++ on the KITTI dataset [69], Argoverse [30], and the Lyft
Level 5 AV dataset [81].
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Table 28: Median localization error of CMRNet++ on KITTI, Argoverse, and Lyft5 datasets.
Training Max. Error Range
Initial pose
Iteration 1
Iteration 2
Iteration 3

Transl. [m]

Rot. [deg]

[-2, +2]
[-1, +1]
[-0.6, +0.6]

[−10, +10]
[−2, +2]
[−1, +1]

KITTI Localization Error
Transl. [m] Rot. [deg] Fail [%]
≈ 1.97
0.55
0.22
0.14

≈ 9.83
1.46
0.77
0.43

2.18
-

Argoverse Localization Error
Transl. [m] Rot. [deg]
≈ 1.97
0.80
0.34
0.25

≈ 9.83
1.55
0.58
0.45

Fail [%]
6.24
-

Lyft5 Localization Error
Transl. [m] Rot. [deg]
≈ 1.97
1.32
0.79
0.70

≈ 9.83
2.13
1.28
1.18

Fail [%]
10.56
-

We generate 3D LiDAR maps for each of the datasets by accumulating single scans using
the ground truth position (Argoverse and Lyft5) or a SLAM system [104] (KITTI). Afterward,
we downsample the maps to a resolution of 10cm and remove potentially dynamic objects, e.g.,
pedestrians or cars (except for KITTI due to the lack of ground truth object boxes).
We employ the presented iterative refinement process by training three instances of CMRNet++. To improve the generalization ability of our approach, we apply data augmentation:
1) color jittering of the images by randomly changing the contrast, saturation, and brightness;
2) random horizontally mirroring of the images plus modifying the camera calibration accordingly; 3) random rotation of the images in the range [-5°, 5°]; and 4) transformation of the
LiDAR point cloud to reflect these changes before generating the LiDAR-image.
We summarize the localization errors for the three datasets in Table 28. For more results,
we refer to our previous work [27]. A live demo on various datasets is publicly available at
http://vloc-in-lidar.cs.uni-freiburg.de/.
4.2.5

Future Work

In our future work, we plan to investigate whether the differentiable RANSAC approach [20]
could be employed to train CMRNet++ in and end-to-end fashion, while maintaining the camera
parameters outside of the learning step. We further aim to enhance our map building method by
leveraging semantic segmentation or object detection.

4.3

SLAM and Plant row guidance

The plant row guidance algorithm is the base technology to allow the field robot to be able to
navigate based on its RGB cameras instead of the GPS. Navigating by the cameras is necessary
to be able to respond accordingly to the changes in the plant rows. If the robot does not navigate
based on the plant rows, then the robot and/or implement will damage the crop, reducing the
farmer’s profits.
The algorithm has been moved from python into C++ and ROS to increase speed and reduce
GPU requirements. In addition, AGI decided to remove the 2nd front camera as seen in the
hardware specifications for the agriculture use case in D2.1 and use only 1 camera with the fish
eye lens. The algorithm has been calibrated to adjust for the fisheye lens and the new angle.
In the settings file, figure 1, the size of the image within the actual image (warping area), the
width of the actual crop and the width between the crop can be input. In addition, the number of
horizontal slices the image can be split into can be adjusted. This is for developmental purposes,
so the model can be tuned.
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Figure 1: Setting of the yaml file

AGI has been improving the plant row guidance algorithm to increase accuracy and better be
able to handle situations where the algorithm will fail. To be able to handle situations where the
plant row can become unclear, e.g. tire tracks running over the crop rows or low crop density
in the rows, a confidence level has been added to the algorithm. The confidence level gives
an indication how well the algorithm thinks it knows where the crop row is located. If the
confidence level drops below a certain level, the robot navigation system can choose to follow
path of the last 2 way points or choose to follow the GPS and navigation system.

Figure 2: Plant row guidance being tested on Robotti

OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

5

80/269

Sensor information fusion

5.1

Robustness and Adaptivity via Multimodal Feature Fusion Framework for Control

5.1.1

Introduction and objectives

The robot, while performing a specific task, often has access to multiple different data sources
from its sensors. Such sensors include RGB cameras, Lidars, force feedback sensors, microphones, infrared sensors and more. As different modalities vary greatly in their properties, it
is not trivial to meaningfully combine them, although the importance and benefits of fusion
in environmental perception have been long established [16]. We specifically focus on robot
manipulation tasks, as they both offer a significant challenge and are essential to the majority
of the robotic applications [102], including the core use cases of OpenDR, such as industrial
robotics and healthcare robotics.
Our ongoing contribution in OpenDR has produced a multimodal feature fusion framework,
based on a generalization of approaches taken by Lee et al. [112, 113]. Our formulation takes
advantage of representation learning to separate the training of the feature encoders and the
fusion module from the training of the robotic RL-driven controller. This significantly increases
the data efficiency of training the entire pipeline, particularly reducing the utilization of the
robot itself. There are also indications that pretrained feature encoders can generalize between
different manipulation tasks, which allows further savings on computation. Moreover, the use of
self-supervised task-oriented objectives reduces or negates the need for expert-labeled training
data, which could be a significant bottleneck otherwise. The framework is flexible with respect
to the number and type of the input modalities, as long as appropriate feature extractors are
specified. The structure of the framework has been described in more detail in D4.1.
We previously defined multiple objectives for the framework to fulfill, which are not inherent to its basic design. Specifically:
• robustness to damaged or incomplete inputs
• producing compact and lightweight representations
• compactness of the model architectures
To continue the development of the framework and to achieve these objectives, we now incorporate the following extensions to our approach:
• cross-modal compensation for robustness
• neural architecture search on fusion architectures for efficiency and compactness
The following sections elaborate on the details of these extensions, describe the existing
related methods and our own ongoing work.
5.1.2

Summary of state of the art

Robustness to damaged or incomplete outputs is a highly desirable property for any practical
multimodal application. Input corruption can happen as a result of sensor malfunction, damage
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to the robot, harsh environmental conditions, etc. There are numerous works addressing this
issue from different points of view, of which we consider some representative examples.
Cross-modality prediction is an approach where the information of some modalities can
be inferred from the other modalities. For example, the tactile properties of an object can be
estimated from its visual appearance, which would allow for the multimodal system to operate
with limited or missing tactile input. Works by Li et al. [118] and Takahashi and Tan [204]
follow this exact scenario, while Liu et al. [121] and Wu and Goodman [235] assume a more
general formulation. However, the limitation of such approaches is that they assume knowledge
of which modality is compromised, and utilize models that are trained between a given pair of
modalities. This approach is not only ill-suited for larger number of modalities, it also does not
allow for detection of which input is faulty, which is essential in practice.
Out-of-distribution detection (ODD) allows for the detection of input failures, which is
highly relevant for many robot control tasks and particularly autonomous driving [91]. Some
works, such as Filos et al. [59] and McAllister et al. [133], describe solutions that allow for the
corrupted input to be partially compensated. However, most ODD works do not take advantage
of multiple modalities, basing their compensation instead on the same signal or resorting to
querying the human expert.
Overall, while there is a significant corpus of work on input robustness, these works are
mainly limited to unimodal cases or fixed failure scenarios for specific modalities. As our
framework is input-agnostic, we have to take advantage of the latent representation to make
the input out-of-distribution detection and the subsequent compensation/reconstruction possible
without advance knowledge of the failure case.
Neural architecture search (NAS) is a problem of discovering the most suitable neural architecture for a given task, given a set of criteria, such as task-specific performance, inference
time, memory footprint, etc. NAS allows for the automated design of highly performing structures while relying significantly less on human expertise, which makes it a promising tool in
exploring novel problem formulations and solution spaces. NAS is applicable across the entire
range of deep learning systems and is seeing use in a plethora of fields. More details on NAS
as a whole can be found in the following reviews: [54, 177]. We limit our consideration here to
a few key works related to multimodal fusion.
Multimodal Fusion Architecture Search (MFAS) [165] considers two modalities that are
originally independently processed by multilayer neural networks. The fusion is achieved by
constructing a bimodal fusion network, every layer (or block) of which takes as inputs the
intermediate activations from both unimodal networks (as well as the output of its own previous
layer, if present). The search process optimizes the choice of points from which the unimodal
features are taken, as well as the operations applied by the fusion network. During the search
the unimodal networks’ weights are kept frozen to save on computation, but the entire system
is fine-tuned once the architecture is finalized. The search itself is performed by progressively
unrolling the fusion network complexity, driven by temperature-based sampling (to achieve
gradual transition from exploration to exploitation over the algorithm running time). MFAS is
comparatively efficient in terms of computation due to restricted search space, but it relies on
predefined (and individually powerful) unimodal feature extractors, which severely limits its
generalization and flexibility
Multimodal Fusion Architecture Search (MUFASA) [238] is a more general method which
optimizes simultaneously the unimodal and the fusion branches as part of a single model. It
follows the widely used block-based approach to NAS, whereupon the networks are constructed
from the set of predefined structural units (blocks). Every block belonging to the unimodal
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Figure 20: Multimodal fusion framework with robustness extensions.
branch of the model is only allowed to take states within the same branch as inputs, while the
blocks of the fusion branch can use inputs from itself, but also any of the unimodal branches.
This results in a highly flexible configuration, which is capable of reproducing early, late and
hybrid fusion approaches and any mixture thereof. In fact, multiple fusion approaches per single
modality are reported as the most performant. However, the flexibility of MUFASA naturally
requires a more sophisticated search algorithm (evolutionary search in this case) and induces
significantly higher computational expenses as a result.
As both approaches represent a trade-off between generality and complexity, we take inspiration from both as we design the search spaces for our own NAS implementation.
5.1.3

Description of work performed so far

To achieve robustness with respect to the corruption of inputs, we expand the list of objectives
that drive the training of the feature encoder. In addition to previously described representation
objectives, input reconstruction and modality compensation are added. The structure of the
framework with incorporated robustness extensions is shown on Figure 20. Note that only the
feature encoder is depicted, as the data flow between the RL controller and the robot remain
unchanged.
Input reconstruction objectives measure how well the individual inputs may be reproduced
from the fused features. These objectives may have limited utility when it comes to learning
an efficient task-specific latent representation, but they do allow for a straightforward ODD to
be performed. During inference the reproduced values can be compared against actual inputs,
and a significant reconstruction error would then indicate the corruption of the corresponding
modality. It is important to keep in mind that as the reconstruction is performed from the fused
features, one damaged input is likely to cause the error increase in every other input. Comparing
relative error values and carefully setting thresholds is therefore necessary to avoid mistakes.
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Figure 21: Neural architecture search spaces for multimodal feature fusion.
Modality compensation objective guides the latent representation to preserve its structure
under the effect of corrupted inputs. On every step of the encoder training we can compute a
representation where one of the input modalities is randomly dropped. We can then define an
objective function by computing a difference (such as L2-norm) between the reduced and the
original representations. By minimizing such a difference we gradually train the representation
to compensate for the absence of individual inputs. Having thus trained the feature encoder, we
now have an option to exclude the corrupted modality entirely once it’s detected to be out-ofdistribution, allowing the system to continue operation. This approach can be further extended
to yield the relative importance of modalities, which would allow us e.g. to not query certain
sensors unless absolutely necessary, reducing the overall redundancy and increasing efficiency.
However, this development is left for future work.
The neural architecture search can be incorporated in the framework with or without robustness extensions. The goal of the search is to discover fusion architectures that would offer
a better combination of accuracy of computational efficiency. We use the internally developed search algorithm called ASED (Architecture Search based on Estimation of Distributions)
[144], as it was demonstrated to be capable of identifying small and efficient architectures. For
the sake of brevity we only discuss the task-specific aspects here and we refer the reader to the
original paper [144] for the more detailed description of the core method.
Figure 21 illustrates the search spaces designed for the task. Rectangular ”Units” shown on
this Figure can be either individual neural layers or complex blocks, as the ASED algorithm,
while originally designed for layers, in fact supports both options. Solid colors denote fixed
elements of the structure, while dashed lines and patterns show the elements optimized via the
search. FUSE operation here can refer to one of the basic combination operations, such as concatenation, addition or multiplication. As the illustration shows, different search spaces offer
trade-offs between the flexibility and complexity. Search space 1 keeps the unimodal branches
of the model (individual feature extractors) fixed, and optimizes only the operations that follow
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the fusion. Being the most restricted, this is the simplest of formulations and the least general
one. Search space 2 is patterned after the work of Pérez-Rúa et al. [165], where modality
concatenation is allowed before every layer of the fusion network, with the intermediate unimodal features also being accessible. Finally, search space 3 allows also unimodal branches to
learn layer/block operations, leaving only some of the information flow directions to be fixed
(sequential connections are never removed within each branch). This search space is naturally
the largest and the most difficult to optimize, but the flexibility it offers can allow for very
unconventional architectures to be discovered.
At the core of neural architecture search is the sampling and evaluation of the candidate
models from the design space, with the results of this evaluation guiding the following iterations.
The candidate ranking can be defined over both the performance with respect to the target
objectives (defined on the framework level) and the computational complexity metrics (such
as inference time, number of operations, memory footprint). This allows for the exploration
over a range of architectures with differing properties. While the neural architecture search
itself is a resource-intensive process, it is performed offline and on non-embedded hardware.
The resultant models, however, can be consequently trained and deployed on the devices and
environments targeted by OpenDR, where their advantages can be fully utilized. As multimodal
solutions overall tend to be more computationally demanding compared to unimodal ones (for
obvious reasons), any savings that can be achieved by architectural optimization offer significant
practical benefits.
5.1.4

Training data and performance evaluation

The evaluation of the core framework and its performance indicators is ongoing. Appropriate simulation environments (in Webots) are in development, in collaboration with WP5 Deep
Robot Action and Decision Making. Deployment and evaluation on the real robotic arm are
planned to follow. These scenarios would allow for qualitative and quantitative evaluation of
the framework for control, measuring success rates for different objects, sensor inputs, manipulation tasks, environments, etc. Generalization of trained feature encoders under different task
parameters is also to be investigated. Additionally, in the recent months the multimodal representation learning benchmark was proposed [119], allowing the multimodal fusion algorithms
to be evaluated in a standardized way. We intend to study the performance of our methods on
this benchmark within the next reporting period.
The current extensions of the framework can be evaluated without significant modification
to the environments or collection of the additional data. The robustness with respect to inputs is
to be evaluated by reporting the success rates of manipulation experiments with different modalities being absent or corrupted. The neural architecture search is to be evaluated by the standard
success rate criteria, while conducting the comparison between the discovered architectures of
varying complexities.

5.2
5.2.1

Multi-modal Object Detection in Harsh Lighting Conditions
Introduction and objectives

Human visual object recognition is often rapid, effortless and largely viewpoint or object orientation independent [70]. However, with the advent of deep neural networks, computer vision
algorithms have achieved unprecedented performance and even surpassed human capabilities
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on tasks including image classification, face identification and object recognition [193]. Despite the accuracy of deep neural networks, their generalisation property across changes in the
input distribution e.g., illumination changes and harsh conditions, is not established yet. In a
behavioural comparison of humans and well-known deep neural architectures like ResNet-152
[76], classification performance of neural networks seems to decline rapidly with decreasing
signal-to-noise ratio under image distortions [70, 71]. In the context of object detection, multisensor configurations are known to provide redundancy and often enhance performance of the
detection algorithms. Moreover, efficient sensor fusion strategies minimize uncertainties, increase reliability and are crucial in achieving robustness against asymmetric sensor failures.
Increasing number of sensors might enhance the performance of detection algorithms, however
this comes with a considerable computational/energy cost. This is often not desirable in mobile
robotic systems which typically have constraints in terms of computational power and battery
consumption. In such cases, intelligent choice/combination of sensors is critical. In the following, we will summarize works on a multi-modal fusion strategy and a data augmentation
method that are proposed for object detection in harsh lighting conditions:
• [131] Mazhar, O., Babuska, R., & Kober, J. (2021). GEM: Glare or Gloom, I Can Still
See You - End-to-End Multi-Modal Object Detection. IEEE Robotics and Automation
Letters, 6(4), 6321-6328. https://doi.org/10.1109/LRA.2021.3093871
• [132] Mazhar, O., & Kober, J. (2021). Random Shadows and Highlights: A new data
augmentation method for extreme lighting conditions. arXiv preprint arXiv:2101.05361.
The corresponding papers can be found in Appendices 7.11 and 7.12, respectively.
5.2.2

Summary of state of the art

In this section, we first review deep learning based object detection strategies, followed by a
discussion on existing methods for multi-modal fusion schemes in relevant tasks.
Deep Learning Based Object Detection
Detailed literature surveys for deep learning based object detectors have been published in
[89, 123]. Here we briefly discuss some of the well-known object detection strategies. Typically, object detectors can be classified into two types namely, two-stage and single-stage object
detectors.
Two-stage object detection Two-stage object detectors exploits a region proposal network
(RPN) in their first stage with an input image being fed into the backbone of convolutional
neural network. RPN ranks region boxes alias anchors, and proposes the ones that most likely
contain objects as candidate boxes. In the second stage, the features are extracted by region-ofinterest pooling (RoIPool) operation from each candidate box. These features are then utilized
for bounding-box regression and classification task. The classification and localization accuracy of two-stage detectors has been higher as compared to well-known single stage detectors,
however because of an extra region proposal network, the inference speed is low. Typically,
models in the Region-based Convolutional Neural Networks (R-CNN) family fall into this class
of object detectors. Fast R-CNN, Faster R-CNN and Region-based Fully Convolutional Network (RFCN) are among the popular methods adopting this approach.
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Single-stage object detection
Single-stage detectors propose predicted boxes from input images in one forward pass directly
without region proposal step. Thus, this type of object detectors are time efficient and can be
utilized for real-time operations. You Only Look Once (YOLO) and Single-shot mutilbox detector (SSD) have been the prominent representatives of single-stage object detectors. YOLO
and its subsequent versions, divide the input image into grid cells. For each object that is
present in the image, one grid cell is responsible for predicting it. Each grid cell predicts several bounding boxes and class probabilities. Each bounding box prediction has a confidence
score associated with it. Only the bounding boxes with the confidence score higher than the
threshold are considered. To select a single entity out of several overlapping bounding boxes
detected by the network, YOLO like most other object detectors, employs a hand-crafted strategy known as non-maximum suppression (NMS). NMS selects the bounding box with highest
confidence score and removes the overlapping ones with intersection-over-union (IoU) values
higher than the threshold. This step is often additionally required in generating proposals in
two-stage detectors while assigning anchor boxes to the ground-truth labels. SSD uses a convolutional neural network as a backbone feature extractor to extract feature maps at multiple
scales/layers. Each layer is responsible to produce proposals based on default bounding boxes
associated to each feature map similar to anchor boxes in Faster-RCNN. The default boxes are
pre-selected manually to cover a wide spectrum of real-world objects. This allows classification
of objects of various sizes. For each default box, the network learns an offset for its position
and a scaling factor for its size.
Lately, an end-to-end object detection strategy is proposed in [25] that eliminates the need
for hand-crafted components like anchor boxes and non-maximum suppression. It employs
transformers in an encoder-decoder fashion, combined with a set-based Hungarian loss which
forces unique predictions for each ground truth bounding box by utilizing bipartite matching. Transformers consist of multi-headed self-attention modules and are permutation-invariant.
Thus they are supplemented with fixed positional encodings which are added to the encoder input. The decoder transforms the learned positional encodings, which are unique for each object
query, into an output embedding. These are subsequently decoded into bounding box coordinates and class labels by a feed forward neural network. Object detection strategy in [25] is
among the pioneering works that have exploited transformers in the image domain. However,
technically it is still a combination of CNN and self-attention. Lately, the authors in [50] directly employ a standard transformer in image domain. They interpret an image as a sequence
of patches and process it by a transformer encoder for image recognition task. Promising results were obtained when trained on large scale datasets e.g., ImageNet, ImageNet-21k and JFT.
The inherent non-sequential architecture of transformers allows parallelization of models. They
are computationally efficient thus require substantially fewer computational resources to train.
Therefore, we opted to build upon the methodology of [25] for our multi-modal object detector
for harsh lighting conditions.
Sensor Fusion
Sensor fusion strategies can be roughly divided into three types according to the level of abstraction where fusion is performed or in which order transformations are applied compared to
features combination namely low-level, medium level and high-level fusion [66]. In low-level
or early fusion, raw information from each sensor is fused at pixel level e.g., disparity maps
in stereo-vision cameras [229, 167]. Further examples of early fusion include strategies where
multi-modal data e.g., point cloud from LiDAR and camera images are stacked in depth and
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passed through a classifier to predict object classes, or they complement each other to generate region-of-interest patches for object detection [259]. In medium-level, a set of features
is extracted for each modality in a pre-processing stage while different approaches [154] are
exploited to fuse the extracted features. These include multiplication which computes elementwise product of feature maps, concatenation where feature maps are stacked without any blend,
and convolution where stacked feature maps are convolved with 1×1 filter size. Other methods
employ a combination of two fusing methods e.g., convolution of stacked feature maps followed
by several fully connected layers with dropout regularization [18]. Such fusion methodologies
are otherwise known as late-fusion. In high-level fusion or ensemble learning methods, predictions are obtained individually for each modality and the learnt scores or hypotheses are
subsequently combined via different methods e.g., weighted majority votes [2, 147, 249]. Deep
fusion or cross fusion [23] is another type of fusion strategy which repeatedly combines inputs,
then transforms them individually. In each repetition, the transformation learns different features [13].
Multi-Modal Object Detection
Most of the efforts on multi-modal object detection in the literature are focused on pedestrian
or vehicles detection in automotive context. In terms of sensors combination choice, fusion
strategies are typically proposed for camera-LiDAR, camera-radar and camera-radar-LiDAR
setups. Lately, entropy steered multi-modal deep fusion architecture has been proposed in [13]
following the single-shot object detector framework for adverse weather conditions. Fusion is
performed for multiple sensors including RGB camera, gated camera (NIR band), LiDAR and
radar. For LiDAR, instead of employing BeV projection or point cloud representation, the authors encode depth, height and pulse-intensity on an image plane. Moreover, radar output is
also projected onto an image plane parallel to the image horizontal dimension while considering radar output invariant along the vertical image axis, the data is replicated across horizontal
image axis. A modified VGG architecture is utilized for feature extraction, while features are
exchanged among all modalities driven by sensor entropy, after each pooling operation. Fused
feature maps from the last 6 layers of the features extractors are passed to SSD bounding box
regressor and classification layers. In [45], the authors propose a pseudo multi-modal object
detector from thermal IR images in Faster-RCNN setting. They exploited I2I translation networks namely CycleGAN and UNIT to transform thermal images from FLIR ADAS and KAIST
datasets to RGB domain. Inputs from each modality are passed through CNN feature extractors
with ResNet blocks. The output feature volumes are then stacked and passed through 1×1 convolution for combined feature learning. Subsequently, the output of 1×1 convolution is directly
passed to RPN, bounding box regressor and classification head.
Here we also discuss some fusion strategies which are relevant to our work but originally
proposed for applications other than object detection. Two sensor fusion strategies are proposed in [34] for Visual-Inertial Odometry, namely soft fusion and hard fusion. Soft fusion
method is implemented in a deterministic fashion that learns soft masks and assign weights to
each element in the feature vector. Hard fusion exploits gumbel-softmax resampling strategy
which assigns hard masks resampled from a discrete stochastic distribution, parameterized by a
variable conditioned on feature vectors. This can be viewed as a switcher for each component
in the feature map. The performance of the fusion strategies is studied through sensor data
degradation e.g., vision degradation through occlusions, gaussian noise and missing images
and similarly for IMU degradation and cross-sensor degradation. In [93], the authors propose
a sensor fusion strategy for RGB and depth images to steer a self-driving vehicle. A semantic
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segmentation network is trained by using RGB images by employing an encoder-decoder architecture without skip connections. Once it is trained, the latent semantic vector obtained after
passing the RGB image through the encoder, is fused with the depth features obtained through
a separate CNN features extractor. The fusion architecture proposed by [93] is similar to the
gating mechanism driven by the learned scalar weights presented in [164]. To imitate sensor
failure cases, the network is trained partially with corrupted data. More specifically, random
RGB images are fed into the encoder to obtain irrelevant semantic features to mimic RGB camera failures while blank images are passed through depth features extractor module to simulate
failure of depth sensor. In this report, we propose deterministic weighted fusion strategies that
enable robust and sensor-aware object detection in harsh lighting conditions. We also propose
a selective fusion scheme by exploiting the Gumbel-softmax trick similar to [34]. We perform
extensive experiments and show that our methods have surpassed the state-of-the-art results on
FLIR Thermal Dataset 4.
5.2.3

Description of work performed so far

Multi-Modal Object Detection
In the paper that can be found in Appendix 7.11, deterministic and stochastic sensor-aware
feature fusion strategies are proposed. Deep neural networks designed for vision tasks are often prone to failure when they encounter environmental conditions not covered by the training
data. Single-modal strategies are insufficient when the sensor fails to acquire information due to
malfunction or its design limitations. Multi-sensor configurations are known to provide redundancy, increase reliability, and are crucial in achieving robustness against asymmetric sensor
failures. To address the issue of changing lighting conditions and asymmetric sensor degradation in object detection, we develop a multi-modal 2D object detector, and propose deterministic and stochastic sensor-aware feature fusion strategies. The proposed fusion mechanisms are
driven by the estimated sensor measurement reliability values/weights. Reliable object detection in harsh lighting conditions is essential for applications such as self-driving vehicles and
human-robot interaction. We also propose a new “r-blended” hybrid depth modality for RGB-D
sensors. Through extensive experimentation, we show that the proposed strategies outperform
the existing state-of-the-art methods on the FLIR-Thermal dataset, and obtain promising results
on the SUNRGB-D dataset. We additionally record a new RGB-Infra indoor dataset, namely
L515-Indoors, and demonstrate that the proposed object detection methodologies are highly effective for a variety of lighting conditions.
Data augmentation technique for robustness against lighting perturbations
In the paper that can be found in Appendix 7.12, we propose a new data augmentation method,
Random Shadows and Highlights (RSH) to acquire robustness against lighting perturbations.
Our method creates random shadows and highlights on images, thus challenging the neural
network during the learning process such that it acquires immunity against such input corruptions in real world applications. It is a parameter-learning free method which can be integrated
into most vision related learning applications effortlessly. With extensive experimentation, we
demonstrate that RSH not only increases the robustness of the models against lighting perturbations, but also reduces over-fitting significantly. Thus RSH should be considered essential for
all vision related learning systems.
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Performance evaluation

In this section, performance evaluation of the multi-modal object detector and the data augmentation method will be discussed briefly. For more extensive performance evaluation of the work
on multi-modal object detection and on a data augmentation technique to improve robustness
against lighting perturbations, we refer the reader to the results presented in Appendices 7.11
and 7.12, respectively.
Performance evaluation of the multi-modal object detector on the FLIR-Thermal dataset
is shown in Table 1 in 7.11. We show Average Precision (AP) values at Intersection over
Union(IoU) of 0.5 for each dominant class, while the mean Average Precision (mAP) is also
estimated with and without lighting perturbations. These lighting corruptions are introduced
by creating Random Shadows and Highlights (RSH) on the test RGB images. The evaluation
with lighting perturbation is performed for 10 trials in all experiments, while the average of the
obtained mAP is shown in the table. The results are compared with the single modality object
detector, the multi-modal baseline fusion networks, and the existing state-of-the-art methods on
this dataset. In the baselines, the features from the backbones are fused in two configurations:
averaged and concatenated, without any weighing or re-sampling mechanism. Additionally, we
compared the performance of simple averaging fusion as the baseline method (SSD-BL) and a
weighted averaging fusion scheme (SSD-WA) on the FLIR-Thermal dataset. It is clear from the
evaluation results, that our proposed methodologies, i.e., gsa , gsc , gma , gmc and gs f , outperform
the previously reported results on this dataset.
The performances of the RSH data augmentation strategies on Tiny-ImageNet are evaluated
at different activation probabilities p, ranging from 0.0 to 1.0 with a step size of 0.1. Table 1 in
7.12 presents the results of these experiments at p = 0.5 and p = 1 only. For comparison, models
are trained with Random Gamma Correction (RGC), Random Color Jitter (RCJ) and Random
Disk Illumination (RDI) as well. Apart from train and test error computation, performance
is measured with lighting perturbations as well by applying RSH in the test set with p = 1.
Moreover, the Train-Test Difference (TTD) is also computed to quantify over-fitting of the
models. Negative TTD implies over-regularization which is not desired. The results show that
for lighting perturbations at p = 1 on the test set, the performance of the model trained with RSH
is increased by approximately 25% at both p = 0.5 and p = 1 when compared to RGC which
performed best among other strategies. Furthermore, we estimate the Train-Test Difference
(TTD) to measure over-fitting for cases with and without lighting corruption. In addition to
the increased robustness, our RSH augmentation method proves to have reduced over-fitting
significantly as well.
5.2.5

Future Work

The paper on multi-modal object detection in harsh lighting condition [131] is accepted for
publication in IEEE Robotics and Automation Letters. After submitting Random shadows and
highlights: a new data augmentation method for extreme lighting conditions, we received feedback from the reviewers that the method is promising, but that the evaluation was not yet convincing enough. Their main point of criticism was that the method was not yet evaluated on
a dataset with harsh lighting conditions. Since such a dataset is not publicly available, we are
considering to create an artificial dataset using 3D rendering software. Furthermore, we are also
considering to extend the method to a more general class of shapes, i.e. non-self-intersecting
polygons.
OpenDR

No. 871449

D4.2: Second report on deep environment active perception and cognition

6

90/269

Conclusions

In the second year of the project, the consortium carried out a series of activities following the
overall objectives of the project. In the context of work package 4, we focused on objective O1,
providing a modular, open and non-proprietary toolkit for core robotic functionalities enabled
by lightweight deep learning, and objective O2, leveraging AI and cognition in robotics to go
from perception to action.
ALU-FR worked towards objective O2 by proposing two new methods for T4.3, namely Efficient LiDAR Panoptic Segmentation (EfficientLPS) [195] and an extension of CMRNet++ [27].
The EfficientLPS architecture combines a shared CNN-based backbone with two task-specific
heads for semantic and instance segmentation, respectively, and a final panoptic fusion module.
It operates on a 2D representation of LiDAR point clouds by projecting them to a multi-channel
image comprising range, intensity, and (x,y,z) coordinates. The extended CMRNet++ advances
the state-of-the-art of monocular vision-based localization in 3D LiDAR maps by formulating
the task independent of the camera parameters. It further shows superior performance compared to other methods by effective generalization to unseen places, i.e., allowing for accurate
localization without the need to retrain.
AUTH worked towards O1a by proposing an online distillation method for efficiently training lightweight models for robotics applications, as well as a self-distillation method for training
fast, yet accurate models. Also, AUTH worked towards O1a by proposing ways for improving
the performance of BiseNet semantic segmentation model both in terms of deployment speed
and segmentation accuracy, considering binary segmentation problems. In addition, AUTH
worked towards the same objective by developing a supervised hashing methodology that enables retrieving objects similar to a query image, minimizing inference and query time and
providing a useful tool both for few-shot learning, as well as for mining training data when few
training data exist. Furthermore, AUTH worked towards O1b by incorporating label embedding
criteria into the learning objective of lightweight neural networks, capable of running at realtime on high-resolution inputs on embedded devices. Also, AUTH worked towards addressing
O2a by proposing a pseudo-active sensory refinement method that works by applying a number of neural transformation layers on the sensor data, allowing for improving the perception
accuracy of DL models without having to re-acquire sensor data. Also, AUTH worked towards
developing end-to-end active tracking approaches.
AU worked towards objective O1 by proposing new methods for 3D object detection and
tracking. A new method for 3D object detection uses spherical projection images for a natural ordering of point clouds and uses a heatmap-based approach to find central object points
and regress a final 3D bounding box from features of this point. A single object 3D tracking
method was developed that uses a Siamese PointPillars architecture to find an object in the generated pseudo-image space and then regress its 3D bounding box based on the features of the
found region. Furthermore, AU introduced a new type of neural networks, called Variational
Neural Networks, with an inherent ability to express uncertainty. This uncertainty has higher
quality than other approaches, such as Monte Carlo Dropout [63] and Bayes By Backprop [14]
methods, according to tests on Epistemic Neural Networks framework [152]. The uncertainty,
estimated by this network, could be an indicator for the active perception method to change
position for better predictions.
TUD worked towards objective O2c by developing sensor fusion strategies for multi-modal
object detection. Each sensor modality is passed through an individual sensor-specific feature
extractor backbone. The obtained feature volumes are subsequently utilized to learn respecOpenDR
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tive weights by specialized FFNs in a self-supervised fashion. The feature volumes are subsequently counterbalanced individually, guided by the learned weights, before they are passed
to the bounding box regressor and object classification head. This allows the network to intelligently adjusts its focus on the modality that contains the most relevant information for the
task at hand. Furthermore, a selective feature fusion strategy driven by gumbel-softmax trick is
also proposed. This allows to obtain dominant discrete sample from the feature maps of each
sensor modality in an end-to-end fashion. TUD also proposed a lightweight learning free data
augmentation method (RSH) which creates random highlights and shadows in the input images.
The proposed fusion network(s) learns to handle asymmetric data corruption or sensor failures,
guided by RSH which mimics harsh-lighting/sensor-failure conditions. The proposed multimodal object detector is build upon an end-to-end object detection methodology that exploits
transformers in an encoder-decoder fashion. It converges fairly quickly due to transformers thus
reducing training time and optimizing computational resources for large-scale datasets.
TAU has contributed to objective O1 by developing a knowledge distillation methodology
[212]. The method performs distillation by means of sparse representation learning, i.e., by encoding each pixel of the feature maps in a sparse domain and using these sparse representations
as the source of supervision rather than directly utilizing the intermediate feature maps or soft
labels of the. This allows to perform distillation efficiently from strong teacher to a lightweight
student as shown by experiments on image classification in a range of datasets. In addition, TAU
has worked towards the given objectives by investigating the relationships between properties
of learnt feature spaces in deep neural networks and performances of corresponding models in
image classification tasks [40]. Discovered properties will enable development of methods in
further work of the project. Finally, TAU expanded on their multimodal sensor fusion framework to incorporate robustness with respect to damaged or missing inputs. Optimization of the
fusion models via neural architecture search offers further improvements in both task-specific
capabilities and computational efficiency.
AGI worked towards objective O2c, to enable the field robot to be able to navigate based on
the actual position of the plant rows and thus its environment.
The approaches and methods developed during the second year of the project are well
aligned with the project goals, complement the work done in the first year of the project, and set
new state of the art performance in individual areas. Most of these methodologies will be integrated to the OpenDR toolkit and complement the already integrated tools. Given the achieved
progress we are confident to achieve the overall goals of the project in the targeted time frame
and provide the robotics community with a useful toolkit for deep perception, cognition and
decision making.
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Appendix
Pseudo-Active Vision for Improving Deep Visual Perception through
Neural Sensory Refinement

The appended paper follows.
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ABSTRACT
Active vision approaches hold the credentials for improving the accuracy of Deep Learning (DL) models for many
challenging visual analysis tasks and varying environmental
conditions. However, active vision approaches are typically
closely tied to the underlying hardware, slowing down their
adoption, while they typically increase the latency of perception systems, since sensory data must be recaptured. In this
work, we propose a pseudo-active data refinement method
that works by appropriately refining the sensory input, without having to reacquire the sensor data through traditional
camera control approaches. The proposed method is fully
differentiable and can be trained for the task at hand in an
end-to-end fashion, while it can be directly deployed in a
wide variety of systems, tasks and conditions. The effectiveness and robustness of the proposed method is demonstrated
across a variety of tasks using two challenging datasets.
Index Terms— Active Perception, Active Vision, Visual
Perception, Deep Learning, Robotic Perception
1. INTRODUCTION
Deep Learning (DL) led to remarkable performance in many
challenging computer vision tasks [1]. However, despite its
success in such tasks, employing DL methods in real world
applications, that often have different requirements than simply training a model on a typical computer vision dataset,
pose significant challenges. For example, robotics typically
require visual perception algorithms that can handle temporal and spatial embodiment [2], while also providing active
perception capabilities [3], none of which is currently fully
addressed by existing DL approaches to a satisfactory degree.
This paper focuses on active vision that allows for appropriately controlling the camera of a perception system in order to improve the perception accuracy [3]. It is worth noting
that a camera can be controlled both regarding its external parameters, e.g., pan and tilt, as well as some of its internal parameters, e.g., exposure and color profile, etc. Even through
there is an increasing amount of literature for handling the former [4, 5, 6, 7, 8], less focus has been given to the latter (with
respect to the performance of DL models). Indeed, most DL

algorithms implicitly assume that the heavy pre-processing
that is involved most digital camera sensors, e.g., color constancy algorithms [9, 10, 11, 12], will mitigate the effect of
varying illumination conditions. As a result, most DL models do not explicitly deal with these effects. However, as we
experimentally demonstrate in this paper, DL models are especially prone to both varying illumination conditions, as well
as changes in contrast, brightness, and slight color shifts. This
is not a surprising finding, since adversarial attacks, as well as
studies of the effect of color shifts on the accuracy of DL models, have indeed demonstrated the vulnerability of DL models
to such transformations [13, 14].
Apart from distribution shifts that arise from the environmental factor described above, using different hardware for
the deployment can also reduce the visual perception accuracy, if the sensors are not adequately calibrated. The typical
solution to this problem is to manually tune the hardware, as
well as employ the appropriate software pre-processing modules in order to ensure that the models will perform as expected. However, it is obvious that this process requires a significant amount of effort, often slowing down the integration
in many real robotics applications.
Active perception algorithms can be employed to tackle
the aforementioned challenges, i.e., to appropriately control
the internal camera parameters in order to maximize perception accuracy for a given DL model. This process has many
similarities with the visual perception systems developed in
many biological organisms, such as many mammals. In these
cases, different mechanisms exist for adjusting various parameters that affect the signal reaching to sensor cells, well
before propagating the information to the visual cortex. Perhaps the most well-known example of such mechanism is the
adaptive response of the iris to different illuminations conditions, altering the amount of light eventually reaching the
retina [15]. Despite their potential, active vision methods
come with two important drawbacks. First, they typically
lead to the (complete or partial) loss of (at least) one frame
acquired by the camera, which can negatively affect the latency of the system. Second, such algorithms are not easily deployed, since the output of the active perception algorithm must be first adequately translated in order to match
the underlying hardware of each system, i.e., to translate the
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Fig. 1. The proposed method is composed of three separate neural modules. Each one is responsible for learning how to apply
a different kind of image transformation in order to gradually refine the input image in order to maximize the accuracy of the
subsequent DL model.
model’s output to control signals.
To overcome these limitations in this work we propose
a pseudo-active sensory refinement method that works by
applying a number of neural transformation layers on the
sensor data. This allows for refining the sensory input, without having to reacquire the sensor data. In contrast with
traditional image processing operations, such as histogram
equalization, contrast corrections, etc., the proposed method
is end-to-end trainable and formulated as a series of neural
layers. As a result, the proposed method can be fully integrated in DL end-to-end training pipelines. However, at the
same time, it provides significant advantages, since a) it can
be directly used with any DL model, without requiring any
model-specific training or any platform-specific adjustments,
b) it does not require support by the underlying hardware, and
c) it allows for avoiding the need to reacquire a new frame
for processing by the employed DL model. As a result, the
proposed method provides a solid step towards developing
practical and powerful tools that can be directly deployed in
a wide variety of systems, tasks and conditions, increasing
the perception accuracy. Indeed, we demonstrate the effectiveness of the proposed method using two different tasks
and datasets, i.e., image recognition on ImageNet dataset
(ILSVRC 2012) [16] and object detection on PASCAL VOC
2007 dataset [17].
The rest of the paper is structured as follows. First, we introduce the proposed method in Section 2. Then, we provide
the experimental evaluation in Section 3. Finally, conclusions
are drawn in Section 4.
2. PROPOSED METHOD
Let x ∈ RW ×H×C be an input image, where W, H and C denote its width, height and number of channels respectively.
Typically, the input image x is fed into a DL model f (x)
in order to perform visual information analysis, e.g., object
recognition. The proposed method works by employing a series of neural transformation layers, as shown in Fig. 1, before

feeding the input into the DL model. The proposed method is
composed of three separate modules, each one performing a
different learnable transformation on the input. Each of these
modules operate on a dynamic differentiable color histogram
compiled through the previous stage. Therefore, during the
first stage, the image is globally shifted and scaled according
to the input histogram. Then, the second stage performs the
same transformation, but on channel level. These two modules combined aim at correcting global and per color channel
brightness and contrast. Then, the third module is responsible
for refining local regions of the input image, while also taking
into account its global histogram, in order to recover information that is potentially lost during image acquisition, e.g., due
to over-exposure.
More specifically, the proposed method works as follows.
First, we compile a differentialable histogram with adaptive
bins using a Neural Bag-of-Feature-based formulation [18].
To this end, we quantize the input image features [x]ij ∈ RC
using a codebook V = [v1 ; . . . ; vNK ]T ∈ RNK ×C as:
h=

W H
1 XX
uij ∈ RNK
W H i=1 j=1

(1)

where NK is the number of codewords, while the similarity
vector uij for the codewords vk and the input features xij is
calculated as
[uij ]k = sigm(vkT xij ),
(2)
where sigm(·) ∈ (0, 1) denotes the sigmoid function. Three
different histograms are compiled, as shown in Fig. 1: a) one
at the input (h1 ), b) one at the output of the first module (h2 )
and c) one at the end of the second module (h3 ). Note that
the first histogram operate on the averaged color intensities,
i.e., C = 1, instead of separate color channels, since its aim
is to capture the global information regarding the brightness
distribution in the image.
After compiling the first histogram, the proposed method
employs two linear layers to appropriately shift and scale the

Table 1. Object recognition evaluation (recognition accuracy (%) is reported) on ImageNet dataset (ILSVRC 2012)
Method
Baseline
Baseline
Hist. Equalization
Autocontrast
Proposed
Baseline
Hist. Equalization
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

input:

Transformation
No
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (++)
Contrast (++)
Contrast (++)
Contrast (++)
Brightness (+)
Brightness (+)
Brightness (+)
Brightness(++)
Brightness(++)
Brightness(++)

top-1
69.76
62.18
54.69
62.18
63.43
57.49
50.00
57.47
59.23
64.55
66.81
67.03
60.09
64.10
64.31

x0 = (x − hT1 W11 )/(1 + hT1 W12 ),

top-5
89.08
83.94
77.74
83.93
84.95
80.23
73.48
80.23
81.78
85.92
87.26
87.35
82.48
85.14
85.38

(3)

where W11 ∈ RNK ×1 denotes the weights of the shifting
sub-layer and W12 ∈ RNK ×1 denotes the weights of the
scaling sub-layer. Then, this process is repeated in the second module, but the shifting and scaling is now applied perchannel:
[x00 ]ijk = ([x0 ]ijk − [hT2 W21 ]k )/(1 + [hT2 W22 ]k ),

(4)

where W21 ∈ R
denotes the weights of the shifting
sub-layer and W22 ∈ RNK ×C denotes the weights of the
scaling sub-layer.
Finally, the third module works by first projecting the
third histogram into a lower dimensional space:
NK ×C

hx = tanh(hT3 Wp ) ∈ RNP

(5)

where Wp ∈ RNK ×NP and tanh(·) denotes the hyperbolic
tangent function. Then, the vector hx is upsampled into a
W ×H ×NP tensor and concatenated (channel-wise) with the
output of the previous layer to form the xp ∈ RW ×H×(C+NP )
tensor. The output of the final layer is then calculated as:
x000 = x00

(1 + tanh(g(xp ))),

(6)

where g(·) ∈ RW ×H×(C) is a series of convolution and deconvolution layers and
denotes the Hadamard (elementwise) product between two tensors. In this work we use two
5×5 convolution layers with 16 and 8 filters, followed by two
symmetric deconvolution layers (the last layer has C filters).
The tanh(·) non-linearity is used for all the layers. Note that
we assumed that the input is already normalized into a specific (limited) range. If this assumption does not hold, then
the output of the last layer must be also scaled using a trainable parameter.
All the parameters of the proposed method are learned by
first employing an image transformation on the original image

Method
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

Transformation
Brightness(-)
Brightness(-)
Brightness(-)
Brightness(–)
Brightness(–)
Brightness(–)
Hue (+)
Hue (+)
Hue (+)
Hue (-)
Hue (-)
Hue (-)
Combined
Combined
Combined

top-1
60.52
61.02
61.67
53.13
53.78
54.78
62.11
62.17
62.37
62.63
62.69
63.41
55.31
55.17
55.60

top-5
82.64
82.99
83.58
76.38
77.15
78.01
84.38
84.39
84.70
85.02
85.05
85.46
78.35
78.23
78.80

x, e.g., brightness, contrast or hue adjustment, leading to a
corrupted image x̃. Then, all the layers are trained using the
back-propagation algorithm in order to recover the original
image to the output of the proposed sequence of neural layers,
denoted by h(·), by minimizing the following loss function:
L=

W H C
1 X X X 000
([x ]ijk − [x]ijk )2 ,
W HC i=1 j=1

(7)

k=1

where x000 = h(x̃).
3. EXPERIMENTAL EVALUATION
The proposed method was first extensively evaluated on the
ImageNet dataset (ILSVRC 2012) [16] using an image recognition setup and a ResNet-18 architecture [19]. The proposed
method was trained on the ImageNet dataset using the Adam
optimizer [20]. The proposed model was trained for 10,000
iterations with a learning rate of 0.001, followed by 2,000 iterations with a reduced learning of 0.0001. The batch size
was set to 32, while the number of codewords was set to
NK = 100 and the number of projection dimensions for
the last layer to NP = 8. The proposed method was also
compared to a) directly using the trained ResNet-18 architecture (denoted as “Baseline”) with the default normalization
scheme (global standardization), b) employing a histogram
equalization approach (denoted as “Hist. Equalization”) and
c) maximizing the contrast (denoted as “Autocontrast”).
We also used different approaches to deteriorate the original images: a) increasing the contrast by 30% (+) and 40%
(++), b) increasing (+/++) or decreasing (-/–) the brightness
by 30% and 40% respectively, c) increasing (+) or decreasing
(-) the hue by 10%. Also, we evaluated the methods in a more
challenging combined setup where the contrast was increased
by 20%, brightness was decreased by 20% and hue was increased by 5%. The proposed model was trained by randomly

Table 2. Ablation study on the ImageNet dataset using the
contrast (++) transformation (%)
Method
Baseline
Module 1
Module 1 + 2
Module 1 + 2 + 3

top-1
57.49
58.22
58.42
59.23

top-5
80.23
80.87
80.99
81.78

selecting one transformation and then recovering the original
image.
The experimental results for the ImageNet dataset are
reported in Table 1. Several interesting conclusions can
be drawn from the reported results. First, note that all the
applied transformations, i.e., increasing the contrast, increasing/reducing the brightness, increasing/decreasing the hue,
and/or combining multiple transformations on the input image, lead to a significant reduction in recognition accuracy.
For example, even a mild shift in the hue by 10% leads to
a reduction in top-1 accuracy from 69.76% to 62.11%. At
the same time, employing non-linear histogram equalization
does not improve the recognition accuracy. In contrast, this
type of image enhancement actually reduces the recognition
accuracy, possibly by introducing a catastrophic distribution
shift. Similar results were observed for the rest of transformations as well, but omitted from Table 1, due to lack of
space. On the other hand, maximizing the contrast in the
input image can lead to improved recognition accuracy in
virtually all the evaluated cases. Employing the proposed
method can further improve the recognition results, by being
able to learn how to appropriately refine the original images
in order to compile new transformed images that would be
appropriate for the DL model at hand. It is worth noting that
for some cases, e.g., for contrast transformations, using the
proposed method can improve the top-1 recognition by over
3% (relative improvement). Furthermore, in order to evaluate the effect of the three different modules that are used by
the proposed method, we also performed an ablation study,
where each of these modules was separately evaluated. The
experimental results are reported in Table 2, where we can
observe that each of the employed modules further increases
the recognition accuracy.
To further demonstrate the generality of the proposed
method, we conducted additional experiments for one other
task, i.e., object detection. To this end, we employed the
Single Shot MultiBox Detector (SSD) [21], with a MobileNet
backbone [22] for object detection. The proposed method was
not trained on the corresponding detection dataset. Instead,
we directly employed the model trained on the ImageNet
dataset for a recognition task in order to evaluate how it
generalizes on this related task. The experimental results
are reported in Table 3. Indeed, using the proposed method
again improves the perception accuracy over the evaluated
baselines. Quite interestingly maximizing the contrast does

Table 3. Evaluation on the VOC2007 (object detection)
dataset (%)
Method
Baseline
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed
Baseline
Autocontrast
Proposed

Transform.
Contrast (+)
Contrast (+)
Contrast (+)
Contrast (++)
Contrast (++)
Contrast (++)
Brightness (++)
Brightness (++)
Brightness (++)
Brightness (–)
Brightness (–)
Brightness (–)
Combined
Combined
Combined

VOC2007
mAP
75.51
62.24
62.13
63.19
66.95
66.86
67.44
70.30
71.36
71.45
56.84
55.81
56.85
56.64
56.39
57.29

not work so well for this task, while the proposed method
still leads to impressive improvements (e.g., the mean Average Precision (mAP) increases by over 1.5% in some cases).
These results highlight the ability of the proposed method to
be directly employed and combined with virtually any DL
model and further increase its robustness by providing an
efficient pseudo-active vision approach.

4. CONCLUSIONS
In this work we presented a pseudo-active sensory refinement method that works by applying a number of neural
transformation layers on the input, allowing for efficiently
refining the sensory input, without having to re-acquire the
sensor data. The proposed method is fully differentiable and
can be trained for the task at hand in an end-to-end fashion. Furthermore, as demonstrated through the conducted
experiments, the proposed method can perform well across a
variety of tasks. In this way, it provides a solid step towards
providing powerful tools that can be directly deployed in a
wide variety of systems, tasks and conditions, increasing the
perception accuracy, paving the way for developing more advanced active vision approaches for manipulating the camera
parameters.
Acknowledgments: This project has received funding from
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is to maximize the Mutual Information between the data samples and the latent
labels. In this way, we are able to derive additional knowledge from the model
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1. Introduction
Over the recent years deep learning (DL) models [1], have eclipsed previous
solutions in a wide range of challenging computer vision tasks, [2, 3, 4, 5, 6, 7].
State-of-the-art DL models are generally parameter-heavy, containing millions or
5

even billions of parameters [8, 9, 10, 11], assisted to some extent by the availability
of increasingly powerful GPUs.

That is, the outstanding performance of DL

models stems from their depth and complexity. For instance, amongst others,
ResNets [12], introducing the concept of residual learning, achieve state-of-theart performance by increasing the depth of the networks, while Wide-ResNets [13]
10

are designed to be wider, by reducing the depth. Therefore, applying these models
in real-time terms, and/or on devices with restricted computational resources such
as mobile phones and embedded systems, is obstructed by their enhanced capacity.
Thus, an apparent need for developing compact yet effective models, diminishing the storage requirements and the computational cost, has been arisen. Sub-
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stantial research work has been performed over the recent few years to achieve
this goal [14]. This work epigrammatically includes developing compact and effective models by design, such as [15, 16, 17, 18, 19, 20], parameter pruning, where
the redundancy in the parameters of the model is investigated and the complexity of the model is reduced by removing the redundant parameters [21, 22],
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network quantization where in a similar way the required bits for the parameter representation are removed in order to compress the model [23, 19], and
finally, Knowledge Transfer (KT), [24, 25, 26, 27, 28, 29]. KT has been emerged
as a highly promising approach to address this issue proposing to transfer the
knowledge from one, usually larger, model to a more compact model. Knowledge

25

Distillation (KD) [30, 31, 32, 33] constitutes the most prominent offshoot of KT.
KD, in its typical version, refers to the procedure where the knowledge of a
heavyweight and powerful model, known as teacher, which achieves high performance, is transferred to a lighter and faster model, known as student. The latter
is trained to match the so-called soft labels generated by the teacher model, by
2

30

raising the temperature of the softmax activation function on the output layer of
the network. The above procedure is also known as softening the output distribution. The underlying rationale behind this practice is that these soft labels relay
more information about the way that the model learns to generalize, comparing to
the hard labels. Apart from the aforementioned strategy, where the knowledge is
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transferred from a complex model to a weaker one, there have also been proposed
strategies where the knowledge is transferred from a weaker to a more complex
model [26] or the knowledge is transferred from teachers to students of identical
capacity [34, 35, 36]. The latter process is known as self-distillation. Amongst
the self-distillation works, we distinguish [36] where the knowledge is discovered

40

from the model itself.
KD methods fall into two categories: online and offline KD. The multi-stage
procedure of initially training a powerful teacher model and then distilling the
knowledge to a weaker student model, stands for offline KD. However, offline
distillation is accompanied by some flaws. That is, it is a long-lasting, complex,

45

and computationally and memory demanding process, since it requires to train
first a powerful and heavyweight model, and after the convergence to transfer the
acquired knowledge to a faster model. Thus, in the recent literature several online
KD methods have been proposed, in order to circumvent the aforementioned flaws
of offline KD . Online KD describes the procedure where the teacher and the
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student models are trained concurrently, that is without the stage of pre-training
the teacher model.

Online KD includes methods proposing to train multiple

(student) models mutually from each other [37, 38], where each model acts as a
teacher to other model, as well as methods proposing to train k copies of a target
(student) model in parallel by adding a distillation term to the loss function of
55

the i-th model to match the average prediction of the other models [37]. Existing
online distillation methods are thoroughly discussed in the Related Work Section.
In this work, a novel probabilistic single-stage self-distillation method, called
Probabilistic Online Self-Distillation (POSD), is proposed. The proposed method
is model-agnostic, that is, it improves the performance of any deep neural model

60

considering object classification tasks (i.e., lightweight and common heavyweight
3

models, as it is demonstrated through the conducted experiments) in an online
manner. Thus, as compared to conventional offline KD methods, reduces the computational and memory requirements. It should be emphasized that the proposed
method derives the additional knowledge from the model itself -that is without
65

any powerful teacher model- as in [36], but also in an online manner.
More specifically, we argue that in each classification problem there are explicit
concepts, expressed with the hard labels, but there are also implicit concepts,
expressed with so-called latent labels. These implicit concepts reflect potential
sub-clusters formed by data samples that share specific attributes, or similarities
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among data samples regardless of the class labels. That is, they are cross-label
concepts, which convey useful information about the relationships between data
samples.
Thus, while conventional KD argues that it is useful to maintain the similarities of the samples with the classes (that express the explicit concepts) during the

75

training process, we argue that there are samples that also share other semantic
attributes, extending beyond the explicit classes. Therefore, we aim to discover
these similarities during the training process and then appropriately employ them
to transfer additional knowledge. To achieve this goal, we use a well-established
metric in Information Theory, that is mutual information, which allows us to

80

quantify the information regarding these implicit concepts. Since mutual information is in general impractical and inefficient to be estimated in high dimensional
spaces, we utilize a variant of mutual information, that is Quadratic Mutual Information [39], which allows us to efficiently optimize the network toward the
aforementioned objective. That is, our goal is to maximize the Mutual Informa-
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tion (MI) between the distribution of the data samples and the latent labels. In
this way, the model is not only able to discriminate between different classes, but
also to better encode the geometric relationships between them.
The overarching motivation of the proposed work is to mine further knowledge beyond the hard labels from the model itself and also in an online manner,

90

so as to overcome the limitations of the conventional knowledge distillation (i.e.,
time consuming, complex, and computationally and memory demanding process).
4

Thus, taking also into consideration the observations that useful information can
be obtained even by transferring knowledge from a model of identical capacity to
the student [35], and also that small models usually have the same representa95

tion capacity as their heavier counterparts but they are harder to train [33], we
propose a single stage self-distillation methodology for developing fast-to-execute
yet effective models for various applications with computational and memory restrictions.
To the best of our knowledge, the proposed POSD method, is the first method
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proposing an online self-distillation methodology in a single stage training pipeline,
without affecting the model architecture or employing multiple models, and also
without the need of tuning the temperature hyper-parameter like the most distillation methods. At the same time, the proposed method constitutes a powerful and
efficient approach for exploiting the manifold structure of the feature space formed

105

by the various layers of neural networks. In this way, the proposed method can
significantly reduce over-fitting and, as a result, improve the classification accuracy of the models, as experimentally demonstrated in this paper. Finally, it
should be highlighted that the proposed distillation method can be combined with
any other method for developing effective and faster models, e.g. [16, 17].

110

The main contributions of this work can be summarized as follows:
• We propose a novel Probabilistic Online Self-Distillation method.
• The POSD method acquires the soft labels from the model itself in an online
manner, without requiring the utilization of multiple models or instances
115

/ copies of the model like the most online KD methods, rendering it more
efficient.
• The proposed method is model-agnostic, that is, it is applicable to several
neural network architectures.
• The experimental evaluation indicates that the POSD method can improve

120

the classification performance of any deep neural model.
5

The rest of the manuscript is structured as follows. Section 2 contains a
discussion on relevant works on knowledge distillation. Section 3 presents the
proposed method. Subsequently, in Section 4 we provide the experimental evalua125

tion of the proposed method, including the utilized CNN model and the datasets,
the implementation details, as well as the experimental results. Finally, the conclusions are drawn in Section 5.
2. Related Work
In this section recent works in the general area of KT, as well as on online
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KD, which is more relevant to our work, are presented.
Knowledge Transfer, for transferring the knowledge from one neural network
to another, has been extensively studied during the recent few years with a wide
range of applications [40, 41, 42, 43]. Firstly in [32] and then in [30] the idea of
distilling the knowledge from a powerful teacher to a weaker student by encour-
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aging the latter to regress the soft labels produced by the teacher by appropriately
raising the temperature of the softmax activation function on the output layer of
the network, is proposed. Subsequently, a new pre-training approach is proposed
in [44], utilizing soft labels. The knowledge transfer procedure is employed for
domain adaptation in combination with limited labeled data, in [45], whilst sim-
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ilarly knowledge is transferred from a recurrent neural network (RNN) model to
a small CNN model, in [25]. From a different perspective in the sense that the
teacher is assumed to be weaker than the student, knowledge from conventional
deep neural networks is used to train a RNN model in [26].
Subsequently, the idea of KD [30] is expanded to allow for thinner and deeper
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students, by using not only soft labels but also hints from the teacher’s intermediate layers in order to guide the training of the student model, in [31]. A KD
method where the student model is encouraged to mimic the attention map of
the teacher model is proposed in [46], whilst an approach where the parameters
of the student model are initialized according to the parameters of the teacher
6
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model is proposed in [24]. Subsequently, a method where the student model is
trained to maintain the same amount of mutual information between the learned
representation and a set of labels as the teacher model is proposed in [28], while
a method that uses similarity-induced embedding to transfer the knowledge between two layers of neural networks, is proposed in [27]. Additionally, under
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the information-theoretic perspective, knowledge transfer is formulated as maximizing the mutual information between the student and the teacher networks in
[47]. A multi-step KD approach where an intermediate-sized network is utilized
to bridge the gap between the student model and the teacher model is proposed
in [48], since as it is stated the performance degrades when the gap between the
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teacher model and student model is large. Subsequently, an effective KD method
even when there is a distribution mismatch between teacher’s and student’s training data is proposed in [49]. That is, the method first learns a distribution based
on student’s training data from which images well-classified by the teacher are
sampled. In this way, the data space where the teacher has good knowledge to
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transfer is discovered. In addition, a new loss function is proposed for training
the student network.
Surveying the recent literature, several works has been emerged, proposing
self-distillation approaches. Self-distillation as we have already mentioned refers
to the kind of distillation where distillation is applied from one model to another
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of identical architecture. For instance, KD is applied from a teacher to a student
of identical architecture where the student accomplishes better performance while
it is also optimized faster, in [34]. The flow of solution procedure matrix is utilized
in this approach instead of the previously mentioned hints for transferring the
knowledge between the intermediate layers. A self-distillation approach where
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a teacher model is initially trained, and then after its convergence an identical
student model is trained with both the goals of the hard labels and matching
the output of the teacher model is proposed in [35], however without softening
the logits (i.e. the inputs to the final softmax activation function) by raising the
temperature. Similarly, a target model is trained with a conventional supervised
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loss, the self-discovered knowledge is extracted, and in the second training stage,
7

the model is trained both with the supervised and distillation losses, in [36].
Finally, a framework, named Self-Supervised Knowledge Distillation, proposes
to employ self-supervised tasks in order to acquire richer knowledge from the
teacher model to the student model in [50]. Moreover, the impact of various
185

self-supervised pretext tasks and the effect of noisy self-supervised predictions to
the distillation performance are investigated.
In the recent literature, several works proposing online distillation have also
been emerged. A method namely co-distillation improves the accuracy by proposing to train k copies of a target model in parallel by adding a distillation term to
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the loss function of the i-th model to match the average prediction of the other
models [37]. A quite similar approach, where multiple students teach each other
throughout the training process, is proposed in [38]. That is, each student is
trained with a conventional supervised learning loss, and a distillation loss that
matches each student’s class posterior probabilities with the class probabilities of
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other students. In this way, each model acts as a teacher of the other models.
In this approach, as opposed to the aforementioned co-distillation method [37],
different model architectures can be utilized for the mutual training.
Subsequently, an online distillation approach proposes to build a multi-branch
version of the network by adding identical branches, each of which constitutes
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an independent classification model with shared low level layers, and to create
a strong teacher model utilizing a gated logit ensemble of the multiple branches
in [51].

Each branch is trained with the conventional classification loss and

the distillation loss which regresses the teacher’s output distributions. Next, a
framework of collaborative learning which trains several classifier heads of the
205

same network at the same time, on the same training data, is proposed in [52].
More specifically, the framework generates a population of classifier heads during
the training process, where each head learns, apart from the hard labels, from the
soft labels produced by the whole population. Furthermore, the method involves
an intermediate-level representation sharing with backpropagation rescaling that
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aggregates the gradient flows for all the heads.
Next, a recent work [53], combines the previous works [38] and [51], by propos8

ing an online mutual knowledge distillation method for enhancing both the performance of the fusion module and the sub-networks. That is, when different
sub-networks are used, the sub-networks are trained similar to [38], while when
215

identical sub-networks are used, the low level layers are shared, and a multibranch architecture similar to [51] is used. The architecture consists of an ensemble classifier using the ensemble logit produced from the sub-networks and a
fused classifier, using the fused feature map. The model distills knowledge from
the ensemble classifier to the fused classifier, and simultaneously from the fused
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classifier to each sub-network classifier.
Subsequently, a two-level distillation methodology, named Online Knowledge
Distillation with Diverse peers (OKDDip), where two types of students are involved, i.e., multiple auxiliary peers and one group leader, is proposed in [54].
Distillation is conducted among auxiliary peers with a mechanics for preserving
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diversity, and then an ensemble of predictions of these peers is further distilled to
the group leader. Finally, based on [53], a method named Dense Feature Fusion
for Online Mutual Knowledge Distillation (DFL), where the mid-level features
from the subnetworks are also fused, is proposed in [55].
In this paper, we propose an efficient online self-distillation method which uses
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soft labels to reveal the implicit relationships between data samples. Furthermore,
a key attribute of the proposed method is that the knowledge is distilled within
the same model online, without requiring multiple training stages that typically
increase the computational cost, which renders the proposed method more efficient
compared to existing online KD methods.
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3. Proposed Method
In each classification problem there are explicit concepts, expressed with the
hard labels, but there are also implicit concepts, associated with the latent labels.
Deep neural models transform the probability distribution of the data, layer by
layer, learning increasingly complex layer representations. As the distribution of
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the data is being transformed through the layers during the training procedure,

9

we aim to derive useful information about the relationships among the data
samples which is ultimately ignored, as the samples are forced by the conventional
supervised loss to suppress the implicit concepts. To this aim, we propose to
introduce an auxiliary objective aiming to encode the useful implicit concepts, that
245

reflect similarities among the data, from the model itself. These implicit concepts
are unknown, and they can be discovered through several ways. For example,
they could be pre-calculated using clustering, or discovered by exploiting the local
manifold structure of the space, etc. In this work, without loss of generality, we
consider the degenerated case where the each sample defines a different implicit
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concept.
More specifically, we consider a C -class classification problem, and the labeled
N
data {xi , li }i=1
, where xi ∈ <D an input vector and D its dimensionality, while li ∈

ZC corresponds to its C -dimensional one-hot class label vector (hard label). For
an input space X ⊆ <D and an output space F ⊆ <C , we consider as φ(· ; W) :
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X → F a deep neural network with NL ∈ N layers, and set of parameters W =
{W1 , . . . , WNL }, where WL are the weights of a specific layer L, which transforms
its input vector to a C -dimensional probability vector. That is, φ(xi ; W) ∈ F

corresponds to the output vector of xi ∈ X given by the network φ with parameters

W.

Thus, considering the typical classification problem, we seek for the parameters

W∗ that minimize the cross entropy loss, Jce , between the predicted and hard

label distributions:

W∗ = arg min
W

N
X
i=1

Jce (li , φ(xi ; W)),

(1)

The cross entropy loss for a set of N samples is formulated as:

Jce = −

N X
C
X

lim log(zm
i ),

(2)

i=1 m=1

where lim is the m-th element of li one-hot label vector, and zm
i is defined as the
output of the softmax operation on the C -dimensional network’s output:

10
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exp(φ(xi ; W)m )
zm
,
i = PC
j
j=1 exp(φ(xi ; W) )

(3)

where the notation φ(xi ; W)m is used to refer to the m-th value of the output
vector of the network.

The cross entropy loss generally suppresses the aforementioned implicit concepts, and thus our goal is to circumvent this by enforcing the data samples to
maintain the MI with these concepts.
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For simplicity, we consider Y to be a random variable representing the image
representations of the feature space generated by a specific deep neural layer

L, that is yi = φ(xi ; WL ). We also consider a discrete-value variable C that

represents the latent labels. Each feature representation y defines an implicit
concept and it is associated with a latent label c.
MI measures dependence between random variables, that is, it measures how
much the uncertainty for the latent label c is reduced by observing the feature
vector y. Let p(c) be the probability of observing the latent label c, and p(y, c)
the probability density function of the corresponding joint distribution. The MI
between the two random variables is defined as:

MI(Y, C) =
where P(c) =

R

N Z
X
c=1

y

y

p(y, c) log

p(y, c)
dy,
p(y)P(c)

(4)

p(y, c)dy. Instead of utilizing MI, we use Quadratic Mutual Infor-

mation [39], since directly calculating MI is not computationally tractable. That is,
MI can be interpreted as a Kullback-Leibler divergence between the joint probability density p(y, c) and the product of marginal probabilities p(y) and P(c). Thus,
QMI is derived by replacing the Kullback-Leibler divergence by the quadratic
divergence measure [39]. That is:

QMI(Y, C) =

N Z
X
c=1

y

(p(y, c) − p(y)P(c))2 dy.

11

(5)

And thus, by expanding eq. (5) we arrive at the following equation:

QMI(Y, C) =

N Z
X

y

c=1
N Z
X

−2

c=1

p(y, c)2 dy +

c=1

y

they are defined as follows: VIN =
N Z
X
c=1

p(y)2 P(c)2 dy
(6)

(6), are called information potentials and

N Z
X
c=1

y

y

p(y, c)p(y)P(c)dy.

The quantities appearing in eq.

VBT W =

N Z
X

2

y

p(y, c) dy, VALL =

N Z
X
c=1

y

p(y)2 P(c)2 dy,

p(y, c)p(y)P(c)dy, and thus, the QMI between the data samples

and the corresponding latent labels can be expressed as follows utilizing the
information potentials:

QMI = VIN + VALL − 2VBT W .
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(7)

As we have previously mentioned, we consider that each sample defines an
implicit concept, expressed with a latent label, and thus there are N different latent
labels. Under the manifold assumption [56], we consider that the implicit concepts
are expressed in the feature space as the geometric proximity between the data
samples. That is, nearest neighbors, in terms of Euclidean distance, in the feature
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space for each sample defining an implicit concept, share the same concept. Note,
that the nearest neighbors are updated at each iteration, and thus throughout the
network’s training we obtain more useful nearest neighbors, since the procedure
is driven by the supervised loss. It is also noteworthy that manifold assumption
allows us to infer only similarities, not dissimilarities. Therefore, we can infer
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that two neighbors are similar because they are close to each other, however,
being far apart does not guarantee that they do not share the same implicit
concept. We should also highlight that as the network is optimized to discriminate
between the different classes (hard labels), the intermediate representations and
the corresponding manifolds are distorted in a way that facilitates the task at
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hand. Therefore, some implicit concepts that are not relevant to the task at hand
are suppressed, while other, relevant to the task at hand, are possibly reinforced.
12

Thus, each of N different latent labels consists of k p samples (i.e. a certain
number of nearest samples and the sample itself), and the class prior probability
for the c p latent label is given as: P(c p ) =
290

kp
N,

where N corresponds to the total

number of samples. KDE can be used to estimate the joint density probability:
kp
1 X
p(y, c p ) =
K(y, y pj ; σ2 ), for a symmetric kernel K , with width σ, where we
N j=1
p

use the notation y j to refer to the j-th sample of the p-th latent label, that is the

j-th nearest neighbor, as well as the probability density of Y as p(y) =

kp
X

(y, c p ) =

p=1

N
1 X
K(y, y j ; σ2 ).
N j=1

Therefore, the information potentials that appear in (7) can be efficiently cal-

culated as:

VIN

VALL =

N kp kp
1 XXX
= 2
K(ykp , ylp ; 2σ2 ),
N p=1 k=1 l=1
N N
N
1  X kp 2 X X
)
(
K(yk , yl ; 2σ2 ),
N 2 p=1 N
k=1 l=1

VBT W =
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kp N
N
1 X kp X X
K(y pj , yk ; 2σ2 ).
N 2 p=1 N j=1 k=1

(8)

(9)

(10)

The pairwise interactions described above between the samples can be interpreted as follows:
• VIN expresses the interactions between pairs of samples sharing each implicit
concept
• VALL expresses the interactions between all pairs of samples, regardless of

300

the latent label
• VBT W expresses the interactions between samples of each implicit concept
against all other samples
The kernel function K(yi , y j ; σ2 ) expresses the similarity between two samples i
and j. There are several choices for the kernel function, [57]. For example, in [39]
the Gaussian kernel is used, while in [27] the authors utilize a cosine similarity
13

based kernel to avoid defining the width, in order to ensure that a meaningful
probability estimation is obtained, since fine-tuning the width of the kernel is not
a straightforward task, [58]. In this work, we use the power kernel. Power kernel,

KP , also known as unrectified triangular kernel is defined as follows:
KP = ||yi − y j ||d

(11)

Our goal is to maximize the QMI between the distribution of the data samples
sharing implicit concepts with the distribution of the latent labels. This pro305

cess can be accelerated by observing that VBT W term includes only the distant
neighbors to each implicit concept and, as a result, it typically has a negligible
contribution to the optimization compared to VIN . Furthermore, the VALL term is
just a contractive term that tends to shrink all the samples in the feature space,
contributing equally to all data samples, regardless their label. Given that our
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goal is not to accurately estimate the exact value of MI, but to enhance the implicit concepts that appear in the data, we propose accelerating the optimization
by using VIN as a proxy to QMI. This approximation allows for accelerating the
training process, while having only a negligible effect on the optimization.
Thus, the overall loss, J can be formulated as:

J = JCE − λJPOS D ,

(12)

where JPOS D = VIN , and λ balances the importance between the hard and the
315

latent labels.
Simple SGD is utilized to train the model:

∆W = −η

ϑJ
(14).
ϑW

(14)

In this way, the model is trained synchronously both with the conventional
supervised loss (hard labels) so as to discriminate between different classes, and
distillation loss so as maximize the QMI of the samples with the latent labels. We
should finally highlight that in the early stages of training, the POSD methodol320

ogy may bring less informative knowledge. That is, the nearest neighbors share
by definition some concepts, and hence they are near in the feature space, but
14

these shared concepts may be less informative for the classification performance.
However, as it also verified through the figures that illustrate the test accuracy
throughout the training process in the subsequent Section, as the training pro325

gresses, we are assured that more useful nearest neighbors are brought, since the
process is driven by the supervised loss.
4. Experimental Evaluation
Six datasets were used to validate the performance of the proposed method. In
the following subsections, the descriptions of the datasets and the utilized models’
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architectures are provided. Three sets of experiments were conducted for three
different batch sizes considering also four different number of nearest samples in
each case. Throughout this work, test accuracy (i.e. Top-1 accuracy) were used for
evaluating the proposed method. Each experiment was repeated five times and the
mean value and the standard deviation are reported, considering the maximum
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value of test accuracy for each experiment. The curves of mean test accuracy are
also provided. Finally, we use the sum of floating point operations (FLOPs) to
evaluate the complexity of the proposed POSD method.
4.1. Datasets
In order to evaluate the performance of the proposed online self-distillation
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method extensive experiments were conducted on three datasets (Cifar-10, SVHN,
and Fashion MNIST). Additionally, since the input dimensions of all the utilized
datasets are 32 × 32, we have also performed representative experiments on
Crowd-drone and Tiny-ImageNet datasets. Finally for comparisons against stateof-the-art, we also perform experiments on Cifar-100.
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4.1.1. Cifar-10
The Cifar-10 dataset, [59], consists of 60,000 images of size 32 × 32 divided

into 10 classes with 6,000 images per class. 50,000 images are used as the train

set and 10,000 images as the test set. Sample images of the Cifar-10 dataset are
provided in Fig. 1.
15

Figure 1: Sample images of the Cifar-10 dataset.
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4.1.2. Cifar-100
The Cifar-100 dataset, [59], consists of 60,000 images of size 32 × 32 divided

into 100 classes with 600 images per class. 50,000 images are used as the train
set and 10,000 images as the test set.
4.1.3. Street View House Numbers
355

The Street View House Numbers (SVHN) dataset, [60], obtained from house
numbers in Google Street View images.

It contains 73,257 train images and

26,032 test images, divided into 10 classes, 1 for each digit from 0 to 9. Input
images are of size 32 × 32 and sample images are provided in Fig. 2.

Figure 2: Sample images of the SVHN dataset.

4.1.4. Fashion MNIST
360

The Fashion MNIST dataset, [61] comprises of 28 × 28 gray-scale images of

70,000 fashion products from 10 categories, with 7,000 images per category. The

training set has 60,000 images and the test set has 10,000 images. Sample images
are presented in Fig. 3.
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Figure 3: Sample images of the Fashion MNIST dataset.

4.1.5. Tiny-ImageNet
365

The Tiny-ImageNet dataset contains a training set of 200 classes, each of
them containing 500 images, and a validation set consisting of 50 images per
class. Input image are of size 64 × 64. Sample images are provided in Fig. 4.

Figure 4: Sample images of the Tiny-ImageNet dataset.

4.1.6. Crowd-drone
The Crowd-drone dataset is an augmented version the dataset presented in
370

[3]. Crowd-drone is a binary dataset that contains drone-captured images that
depict human crowds, and non-crowded scenes. The training set of the dataset
consists of 7,000 crowd images, and 7,000 non-crowd images, while the test set
consists of 3,000 crowd images, and 3,000 non-crowd images. Images are of size
128 × 128. Sample images are presented in Fig. 5.
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Figure 5: Sample images of the Crowd-drone dataset.
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4.2. CNN Models
The main focus of this work is to evaluate the effect of the proposed KD
method on training lightweight model that can be effectively deployed on embedded and mobile devices. Therefore, three lightweight CNN architectures are
employed for the conducted experiments. In the case of the first two datasets
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(i.e., Cifar-10, and SVHN-10) we utilize a simple CNN model consisting of five
layers; two convolutional layers with 6 filters of size 5 × 5 and 16 filters of size

5 × 5 respectively, followed by a Rectified Linear Unit (ReLU) [62] activation,
and three fully connected layers (128 × 64 × 10). The convolutional layers are

followed by a 2 × 2 max-pooling layer with a stride of 2. In the first two fully
385

connected layers the activation function is the ReLU, while the last output layer
is a 10-way softmax layer which produces a distribution over the 10 class labels
of the utilized datasets. In the case of the Fashion MNIST dataset we also utilize
a simple architecture consisting of two convolutional with 20 filters of size 5 × 5

and 50 filters of size 5×5 followed by a ReLU activation, and two fully connected
390

layers (64 × 10). The convolutional layers are followed by 2 × 2 max-pooling layer
with a stride of 2. In the first fully connected layer a ReLU activation is applied,
while the last output layer is a 10-way softmax layer.
In the case of the Crowd-drone dataset, we use a lightweight fully convolutional network consisting of four convolutional layers followed by a ReLu activa-
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tion. The first convolutional layer is followed by a max-pooling layer. In the case
of Tiny-ImageNet, we use the ResNet-50 model, since it is a challenging dataset.
Finally, for comparison purposes against previous online KD approaches, we also

18

utilize Wide ResNet 16-2 (abbreviated as WRN-16-2) and Wide ResNet 28-10 (abbreviated as WRN-28-10) [13], Wide ResNet 20-08 (abbreviated as WRN-20-08),
400

and ResNet-32 [12] to perform experiments on Cifar-10 and Cifar-100 datasets.
4.3. Implementation Details
All the experiments were performed using the PyTorch framework. We use
the mini-batch gradient descent for the networks’ training. That is, an update is
performed for every mini-batch of Nb training samples. Experiments conducted
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for Nb = 32, 64, 128 samples. The learning rate is set to 10−3 , and the momentum is 0.9. The models are trained on an NVIDIA GeForce GTX 1080 with
8GB of GPU memory for 100 epochs. The parameter λ in eq. (12) for controlling
the balance between the contributing losses is set to 0.0001 for all the utilized
datasets, however we also utilize different values of λ, in order to investigate its

410

impact to the performance of the POSD method. That is, for fixed number of 4
nearest neighbors, we perform experiments for various values of λ on Cifar-10
dataset, for mini-batch of 64 samples. Evaluation results are provided in Table 1
and Fig. 6. As it is shown, the POSD method improves the baseline performance
for any considered λ.
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Method

Cifar-10

W/o Distillation

64.734% ± 0.654%

λ = 0.1
λ = 0.01
λ = 0.001
λ = 0.0001
λ = 0.00001

66.042% ± 0.575%
65.595% ± 0.467%

65.482% ± 0.533%

66.362% ± 0.726%
65.354% ± 0.330%

Table 1: Test Accuracy - Batch Size: 64, 4NN
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Figure 6: On the parameter λ in eq. (12).

.
4.4. Experimental Results
The first set of experiments setting the mini-batch size to 32 for the first three
utilized datasets (i.e., Cifar-10, SVHN-10, and Fashion MNIST) is presented in
420

Table 2. Four different values of nearest neighbors (NN), that is 2NN, 4NN,
8NN and 10NN were used and their performance was compared with the baseline
model, that is without applying knowledge distillation. Best results are printed
in bold. As we can observe, the proposed online distillation method improves the
baseline performance for all the values of nearest neighbors on all the utilized
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datasets. We can also see that better performance for mini-batch size equal to 32
is accomplished utilizing the maximum considered number of nearest neighbors,
that is 10NN.
The corresponding results setting the mini-batch size to 64 for all the utilized
datasets are presented in Table 3. Similar remarks are drawn in this set of experi-
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ments. The proposed method achieves improved performance over the baseline in
any considered case. In this case, we can observe that better results are obtained
for fewer nearest neighbors as compared to the previous case, that is considering
4NN and 8NN.
Finally, the evaluation results considering 2NN, 4NN, 8NN and 10NN for
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mini-batch size set to 128 are provided in Table 4. As we can notice the enhanced
20

performance of the proposed distillation approach against the baseline is also
confirmed in this case. It also shown that as the mini-batch size increases, better
performance is achieved utilizing fewer nearest neighbors.
Method

Cifar-10

SVHN-10

Fashion MNIST

W/o Distillation

64.826% ± 0.573%

88.822% ± 0.217%

91.278% ± 0.141%

POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

65.508% ± 0.729%

89.223% ± 0.404%

91.770% ± 0.160%

65.622% ± 0.595%

89.478% ± 0.154%

91.822% ± 0.127%

65.674% ± 0.526%

66.280% ± 1.190%

89.483% ± 0.279%

89.512% ± 0.379%

91.810% ± 0.115%

91.882% ± 0.108%

Table 2: Test Accuracy - Batch Size: 32

Method

Cifar-10

SVHN-10

Fashion MNIST

W/o Distillation

64.734% ± 0.654%

88.706% ± 0.306%

91.214% ± 0.141%

66.782% ± 0.691%

89.534% ± 0.500%

91.650% ± 0.138%

POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

65.472% ± 0.914%
66.140% ± 1.013%

66.336% ± 0.699%

89.625% ± 0.307%

89.912% ± 0.250%
89.522% ± 0.260%

91.624% ± 0.111%

91.730% ± 0.157%
91.548% ± 0.172%

Table 3: Test Accuracy - Batch Size: 64

Method

Cifar-10

SVHN-10

Fashion MNIST

W/o Distillation

65.048% ± 0.620%

88.013% ± 0.083%

91.058% ± 0.130%

POSD-2NN
POSD-4NN
POSD-8NN
POSD-10NN

66.248% ± 0.592%

89.387% ± 0.433%

91.728% ± 0.175%

89.491% ± 0.363%

91.724% ± 0.121%

66.362% ± 0.726%

89.946% ± 0.433%

66.304% ± 0.919%

89.655% ± 0.334%

66.760% ± 0.680%

91.636% ± 0.154%
91.592% ± 0.151%

Table 4: Test Accuracy - Batch Size: 128

Figs 7-11 illustrate the comparisons of the mean test accuracy over the epochs
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of training of the proposed method considering 2NN, 4NN, 8NN and 10NN, for
the three considered mini-batch sizes. The enhanced performance of the proposed
21

(a) Cifar-10: Batch Size of 32 samples.

(b) Cifar-10: Batch Size of 64 samples.

Figure 7: Evaluating the test accuracy during the training process for different methods.

(a) Cifar-10: Batch Size of 128 samples.

(b) SVHN-10: Batch Size of 32 samples.

Figure 8: Evaluating the test accuracy during the training process for different methods

method is depicted.
Subsequently, we have conducted representative experiments on datasets consisting of larger images (i.e., 64 × 64, and 128 × 128), that is Tiny-ImageNet
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and Crowd-drone. The experimental results for the Tiny-ImageNet case are provided in Table 5 for different numbers of NNs, while Figure 12 illustrates test
accuracy throughout the training process for the baseline and training with the
POSD methods with the optimal number of NNs (i.e., 2NNs). Correspondigly,
for the Crowd-drone case, the experimental results are provided in Table 6 for
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batch size of 32 samples, and for various numbers of NNs, while Figure 13 illus22

(a) SVHN-10: Batch Size of 64 samples.

(b) SVHN-10: Batch Size of 128 samples.

Figure 9: Evaluating the test accuracy during the training process for different methods

(a) Fashion MNIST: Batch Size of 32 samples.

(b) Fashion MNIST: Batch Size of 64 samples.

Figure 10: Evaluating the test accuracy during the training process for different methods
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Figure 11: Fashion MNIST: Evaluating the test accuracy during the training process for different
methods, batch Size of 128 samples.

Method

Test Accuracy

W/o Distillation

29.700% ± 0.510%

POSD - 2NN
POSD - 4NN
POSD - 8NN
POSD - 10NN

30.639% ± 0.409%
30.406% ± 0.750%
30.620% ± 0.697%
30.000% ±0.508%

Table 5: Tiny-ImageNet dataset.

trates test accuracy throughout the training process for the baseline and training
with the POSD methods with the optimal number of NNs (i.e., 2NNs). From the
demonstrated results, it is evident that the POSD method improves the baseline
classification performance on datasets of 64 × 64 and 128 × 128 input dimensions,
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too.

Next, we have performed experiments in order to compare the proposed methods with state-of-the-art online distillation methods. More specifically, first we
utilize a common architecture, that is WRN-16-2 [13], we apply the proposed online distillation method on Cifar-10 dataset, and compare the performance with
460

the competitive online distillation methods, [51, 53]. In order to ensure a fair
comparison, we follow the same training setup as in [53, 13]. That is, we use
24

Figure 12: Tiny-ImageNet: Evaluating the test accuracy during the training process for the baseline
and training with the POSD methods with the optimal number of NNs.

Method

Test Accuracy

W/o Distillation

96.576% ± 0.811%

POSD - 2NN
POSD - 4NN
POSD - 8NN
POSD - 10NN

97.672% ± 0.269%
96.743% ± 0.563%

96.823 % ± 0.364%
97.103% ± 0.360%

Table 6: Crowd-drone dataset.

Figure 13: Crowd-drone dataset: Evaluating the test accuracy during the training process for the
baseline and training with the POSD methods with the optimal number of NNs.
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the SGD with Nesterov momentum and set the momentum to 0.9. The initial
learning rate is set to 0.1 and drops by 0.2 at 60, 120 and 160 epochs. Models are
trained for 200 epochs using mini-batch of 128 samples.
465

We compare the proposed method with ONE [51] and FFL [53]. It should
be emphasized that the proposed POSD method is a single branch method, that
is, it does not utilize multiple copies/branches of the network.

Thus, for as

much as possible fair comparisons, we use only two sub-networks in all the
competitive approaches, similar to [53]. Note that the manuscript in [51] reports
470

the experimental results utilizing three copies of the network.

Therefore, we

compare the POSD method with ONE distillation method, considering the average
performance of the two branches, and correspondingly with the FFL-S distillation
method considering the average performance of the two sub-networks. We should
note that the number of parameters in both FFL-S and ONE cases is identical
475

to the POSD case, since the additional branches in both cases as well as the
fusion module in FFL-S are discarded in the test phase. Furthermore, even we do
not follow an ensembling methodology, we also compare the performance of the
proposed POSD method with the ensembling methods, that is ONE-E and FFL.
We should note that the number of parameters in ONE-E is 1.24M, and 1.29M
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in FFL, while the number of parameters of POSD is 0.70M, considering WRN
16-2. Evaluation results are presented in Table 7. As it can be observed from the
demonstrated results, the proposed online distillation method achieves superior
performance over competitive online distillation methods. Best performance is
achieved utilizing 2NN. Furthermore, as it is demonstrated that the proposed
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method can even outperform ensembling methods.
Subsequently, we perform experiments utilizing the ResNet-32 [12] and WRN28-10 [13] models, in order to compare the performance of the POSD method
against online distillation methods (i.e., DML [38]) and also offline self-distillation
methods (i.e., SRDL [36]) on Cifar-10 and Cifar-100 datasets. Besides, we provide
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comparisons against the common offline KD method [30].
Regarding the ResNet-32 model, we use the same experimental setup as in
[38] in order to ensure a fair comparison. That is, we use SGD with Nesterov
26

Method

Test Accuracy

WRN 16-2

93.55% ± 0.11%

ONE [51]

93.76%± 0.16%

FFL-S [53]

93.79% ± 0.12%

ONE-E [51]

93.84%± 0.20%

FFL [53]

93.86% ± 0.11%

POSD

94.39% ± 0.17%

Table 7: Comparisons against online distillation methods on Cifar-10 utilizing the WRN 16-2 architecture.

momentum and set the initial learning rate to 0.1, momentum to 0.9 and minibatch size is set to 64. The learning rate dropped by 0.1 every 60 epochs and
495

we train for 200 epochs. Evaluation results are presented in Table 8 for the
Cifar-10 dataset, and in Table 9 for the Cifar-100 dataset. In the case of DML,
we report both the average accuracy of the two networks, as well as the accuracy
of each one separately. As it is demonstrated, regarding the Cifar-10 dataset, the
proposed method achieves superior performance as compared to the competitive
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ones. Note also that KD [30], using as teacher model the powerful ResNet-110
model achieves accuracy 92.75%, which is also inferior as compared to the proposed POSD method’s performance. Regarding the Cifar-100 dataset, the proposed
method achieves superior performance as compared to the DML method, however is slightly inferior as compared to the SRDL method. Furthermore, the KD

505

[30] method utilizing as teacher achieves accuracy 71.17%, which is also inferior
compared to the proposed method.
Subsequently, we compare the performance against DML [38] and SRDL [36]
on Cifar-10 and Cifar-100 datasets, using the WRN-28-10 model [13]. To ensure
a fair comparison we use the same experimental setup as in [13]. That is, we use
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SGD with Nesterov momentum and set the initial learning rate to 0.1, momentum
to 0.9 and mini-batch size is set to 128. The learning rate dropped by 0.1 every 60
epochs and we train for 200 epochs. Experimental results are presented in Table
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Method

Test Accuracy

ResNet-32

92.47%

DML [38]

92.74% (Net1: 92.68% Net2: 92.80%)

SRDL [36]

93.12%

POSD

93.16% ± 0.14%

Table 8: Comparisons against online and offline distillation methods on Cifar-10 utilizing the ResNet32 architecture.

10 for the Cifar-10 dataset and in Table 11 for the Cifar-100 dataset. As it can
be observed the proposed method achieves superior performance against all the
515

compared methods.
Next, we use the WRN-20-08 model to perform experiments on the Cifar-10
and Cifar-100 datasets, and compare the performance of the proposed method
with the OKDDip [54], DFL [55], DML [38], ONE [51], and CL-ILR [52] methods.
In order to ensure fair comparisons, we use the same setup as described in
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[54]. That is, the models are trained for 300 epochs, the mini batch size is
set to 128, and the learning rate is set to 0.1 and is divided by 10 at 150 and
225 epochs. The experimental results are provided in Tables 12 and 13 for the
Cifar-10 and Cifar-100 datasets respectively. As it can be observed, the proposed
POSD method accomplishes superior performance over the state-of-the-art online
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distillation works.
Consequently, the proposed method achieves in general (except one case) superior performance against all the compared online and offline distillation methods,
utilizing different baseline models, as well as on different datasets, validating the
effectiveness of the proposed method.
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Subsequently, we evaluate the complexity of the proposed online distillation
method using the sum of floating point operations (FLOPs) in one forward pass
on a fixed input size. FLOPs are estimated according to https://github.com/

1adrianb/pytorch-estimate-flops. Model size, represented by the model’s
parameters, is also reported for each of the utilized models.
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We utilize the

Method

Test Accuracy

ResNet-32

68.99%

DML [38]

70.97% (Net1: 71.19% Net2: 70.75%)

SRDL [36]

71.63%

POSD

71.31% ± 0.28%

Table 9: Comparisons against online and offline distillation methods on Cifar-100 utilizing the ResNet32 architecture.

Method

Test Accuracy

WRN-28-10*

95.83%

DML [38]

95.65% (Net1: 95.66% Net2: 95.63%)

SRDL [36]

95.41%

POSD

96.03% ± 0.11%

Table 10: Comparisons against online and offline distillation methods on Cifar-10 utilizing the WRN28-10 architecture. *As reported in [13]

Method

Test Accuracy

WRN-28-10*

79.50%

DML [38]

80.18% (Net1: 80.28% Net2: 80.08%)

SRDL [36]

79.38%

POSD

80.28% ± 0.28%

Table 11: Comparisons against online and offline distillation methods on Cifar-100 utilizing the WRN28-10 architecture. *As reported in [13]
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Method

Test Accuracy

WRN-20-8

94.73% ± 0.06%

DML [38]
ONE [51]
CL-ILR [52]
OKDDip [54]
POSD

94.96% ± 0.08%
94.73% ± 0.02%
94.88% ± 0.16%
95.16% ± 0.07%

96.14%± 0.16%

Table 12: Comparisons against online distillation methods on Cifar-10 utilizing the WRN-20-8 architecture.

Method

Test Accuracy

WRN-20-8

77.50% ± 0.44%

DML [38]
ONE [51]
CL-ILR [52]
OKDDip [54]
DFL [55]
POSD

79.79% ± 0.11%

78.81% ± 0.12%

79.56% ± 0.13%

80.37% ± 0.07%

80.51% ± 0.49%

80.80%± 0.10%

Table 13: Comparisons against online distillation methods on Cifar-100 utilizing the WRN-20-8
architecture.
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Method

Teacher

Student

Complexity

KD [30]

ResNet-110 (1.7M)

ResNet-32 (0.5M)

0.33 GFLOPs

POSD

-

ResNet-32 (0.5M)

0.07 GFLOPs

KD [30]

WRN-40-2 (2.26M)

WRN-16-2 (0.7M)

0.43 GFLOPs

POSD

-

WRN-16-2 (0.7M)

0.10 GFLOPs

Table 14: Complexity of the proposed POSD and KD [30] methods using the sum of floating point
operations (FLOPs) in one forward pass on a fixed input size utilizing the Cifar-10 dataset. Model
size, represented by the model’s parameters, is also reported inside parentheses for each of the utilized
models.
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ResNet-32 and WRN-16-2 models on the Cifar-10 dataset. In order to validate
the efficiency of the proposed method, we compare the complexity with the most
famous offline KD method, [30]. In this case, for the ResNet-32 student model,
we use as teacher the stronger ResNet-110 model. Correspondingly, for the WRN16-2 student model, we use as teacher the stronger Wide ResNet 40-2 model

540

(abbreviated as WRN-40-2).
Evaluation results are presented in Table 14. As it can be observed from the
demonstrated results, the proposed POSD method is significantly more efficient
compared to the conventional offline methodology. Furthermore, it should be
noted that competitive online distillation methods that utilize multiple branches
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or copies of a given network, require at least two times more FLOPs than the
proposed one.

That is, the proposed online distillation method is also more

efficient as compared to competitive online methods, too.
Furthermore, on the evaluation of the efficiency of the POSD methodology,
we highlight that apart from the common strong models, used mainly for com550

parison purposes against state-of-the-art online distillation works, we use fast
and lightweight models. The proposed models, trained with the POSD methodology are extremely low-memory demanding, considering the memory required
for training the models using the proposed training pipeline. More specifically,
the required memory to train the lightweight models is 918 MiB in the case
31

Method

Required Memory

KD (ResNet 110/ResNet32)

3196 MiB

POSD (ResNet 32)

1222 MiB

KD (WRN-40-2/WRN-16-2)

2950 MiB

POSD (WRN-16-2)

1256 MiB

Table 15: Required memory for training common models with the POSD method against conventional
KD.
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of CIfar-10 and SVHN datasets, and 920 MiB in the case of Fashion MNIST
dataset. To gain some more insights on the efficiency with respect to the memory
requirements for training with the proposed online methodology, we can compare
the performance of the POSD methodology with the conventional offline KD[30]
using the ResNet-32 and WRN-16-2 models. The POSD method requires 1222
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MiB, while the conventional KD requires 1974 MiB for training first the powerful ResNet-110 model and the 1222 MiB to train the ResNet-32 transferring the
knowledge acquired from ResNet-110. Correspondingly, 1256 MiB are required for
training with the POSD method using the WRN-16-2 model, while for training
first the powerful WRN-40-2 model and transferring the knowledge to the WRN-
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16-2 model with the offline KD methodology are required 2950 MiB. The overall
results are presented in Table 15.
Finally, as it is shown in Table 16, the proposed method requires extremely
low memory for storing the trained models weights. Again, to gain some more insights on the efficiency, we can compare the performance of the proposed method-
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ology using e.g., the ResNet-32 model, or WRN-16-2, compared to an offline KD
methodology that needs to store a strong teacher to mine additional knowledge,
e.g., ResNet-110 or WRN-40-2. The required memory for each of these cases is
provided in Table 17. As it is shown, the POSD methodology would provide exceptional performance (as it validated through the experiments with respect to test

575

accuracy) requiring only 3.6MiB, while offline KD would also require 13.4MiB,
considering the ResNet case.

32

Lightweight Model

Required Memory

Cifar-10

248 KiB

SVHN

248 KiB

Fashion MNIST

303.9 KiB

Table 16: Required memory for storing the weights of the lightweight models trained with the proposed
POSD methodology.

Model

Required Memory

ResNet-32

3.6 MiB

ResNet-110

13.4 MiB

WRN-16-2

5.4 MiB

WRN-40-2

17.2 MiB

Table 17: Required memory for storing common models trained with the proposed POSD methodology.

5. Conclusions
In this paper, we proposed a novel single-stage online self-distillation approach, namely Probabilistic Online Self-Distillation. The proposed method con580

siders that there are implicit concepts in each classification task expressed with
latent labels. These concepts convey useful information about the relationships
between data samples. Our goal is to maximize the QMI between data samples
and the latent labels. We are able, in this way, to derive additional knowledge
directly from the data, without affecting the model architecture by adding multiple
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branches or employing multiple models, and at the same time in a single stage
training pipeline. The experimental evaluation indicates the effectiveness of the
proposed method to improve the classification performance.
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Abstract—Online Knowledge Distillation (KD) has been
proposed as a promising approach for circumventing the
flaws of the conventional offline KD (that is, time consuming, complex and memory and computationally demanding
process). In this paper, a novel method, namely Multilayer
Online Self-Acquired Knowledge Distillation (MOSAKD) is
proposed, aiming to ameliorate the performance of any deep
neural model in an online fashion. To accomplish this goal,
we use k-nn non-parametric density estimation in order to
estimate the unknown probability distributions of the data
samples in the feature space generated by any neural layer
(either intermediate layers or the output later). This enables
us to directly estimate the posterior class probabilities of
the data samples and use them as soft labels that explicitly
express the similarities of the data with the classes, with
negligible computational cost. The experimental validation
on six datasets, including a dataset of synthetic images,
indicates the effectiveness of the MOSAKD method.
Impact Statement—Knowledge Distillation (KD) is a
promising solution for developing both fast and accurate
models for various robotics applications. However, conventional KD requires multiple stages of training (training first a
powerful model and distilling then the knowledge to a faster)
that can be prohibitive for some practical applications. The
single-stage, online self-distillation method that we propose
in this paper overcomes these limitations. The proposed
method improves the baseline on Human Synthetic dataset
from 97.048% to 98.592% utilizing a model that runs in realtime on a Jetson TX-2, while it also improves the previous
state-of-the-art on Cifar10 from 93.86% to 94.28%, utilizing
the WRN 16-2. The proposed method allows for developing
effective and fast-to-execute models that could be used on applications with computation and memory restrictions where
the accuracy is as important as speed, e.g., human detection
towards human avoidance in autonomous unmanned aerial
vehicles.
Index Terms—Knowledge Distillation, Online Knowledge
Distillation, Self-Distillation, Multilayer, Intermediate Layers

O

I. I

VER the recent years, deep learning (DL) models [1]
have been successfully utilized in order to address
a wide range of computer vision problems, gradually displacing previous solutions [2], [3]. Following the evolution
This project has received funding from the European Union’s Horizon
2020 research and innovation programme under grant agreement No
871449 (OpenDR). This publication reflects the authors’ views only. The
European Commission is not responsible for any use that may be made of
the information it contains.
The authors are with the Department of Informatics, Aristotle University
of Thessaloniki, Thessaloniki, Greece, email: {mtzelepi, charsyme, nnik,
tefas}@csd.auth.gr.

of DL, it is evident that DL models are becoming increasingly heavier (e.g., the older LeNet-5 model [4] has
approximately 60k parameters, while the more recent VGG16 model [5] has approximately 138M parameters). The increasing complexity of DL models is accompanied by specific
computational and memory requirements, obstructing their
application for robotics applications. These limitations have
fueled the need for developing lightweight, fast, and effective
models. Several solutions have been proposed to accomplish
this goal [6], ranging from applying pruning techniques [7] to
developing lightweight models by design [8]. Amongst them
Knowledge Distillation (KD) [9] (also known as Knowledge
Transfer) has emerged as a very effective way to tackle this
challenge.
The seminal KD approach refers to the process where a
high-capacity and powerful model, known as teacher, which
achieves considerable performance, transfers its knowledge
to a more compact and fast model, known as student. Thus,
apart from the regular supervised loss, the student model
is concurrently trained to mimic the so-called soft labels
produced by the teacher model. To this aim, the parameter of
temperature is introduced at the softmax activation function
on the output layer of the network. The rationale behind this
practice is that, compared to the hard labels, the soft labels
relay more information about the way the model learns to
generalize, trying implicitly to uncover similarities over the
data. Later approaches include the transfer of knowledge
from a weaker to a more complex model [10] or from teachers
to students of identical capacity [11], [12], [13]. The latter
process is known as self-distillation.
KD methods can be classified into two broad categories:
offline and online KD. Offline KD refers to the multi-stage
process of training first a complex and powerful teacher
model and then transferring the knowledge to a simpler
and faster student model, which has already been described.
Contrariwise, online KD refers to the single-stage process
of training the teacher and the student models concurrently,
that is by omitting the stage of pretraining the teacher model.
In the recent literature, we can find methods that propose to
create a powerful teacher from ensembles of multiple copies
of a target model and then distill the acquired knowledge to
the target model [14], or methods where mutliple models
train each other mutually, that is each model serve as
teacher model for the rest models [15].
In this work, we propose a single-stage online selfacquired knowledge distillation method, namely Multilayer
Online Self-Acquired Knowledge Distillation (MOSAKD),
for ameliorating the performance of any deep neural model
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for classification tasks. The overarching motivation of this
work is to effectively train fast and lightweight models with
an extra supervision, apart from the regular supervised loss,
that reveals further knowledge beyond the hard labels, from
the model itself and also in an online manner, so as to overcome the inherent limitations of offline KD caused by the
multi-step training pipeline (i.e., time consuming, complex,
and memory and computationally demanding process).
The proposed method is established on the following
remarks. First, considering a regular classification task,
a probability distribution over the classes is produced by
the softmax activation function at the output of neural
network. Then, the softmax classifier inherently suppresses
all the activations apart from the highest one. Hence, the
conventional (offline) KD methodology manifests that the
class probability distribution of a powerful teacher carries
useful information on the similarities of the data with all
the classes, and thus it is advantageous to retain these
similarities during the training process, instead of merely
training the model with the hard labels [9]. Furthermore,
it has been shown that useful information can also be
obtained even by transferring the knowledge from a teacher
of identical capacity with the student [12]. Finally, it has
been demonstrated that compact models usually have the
same representation capacity as their heavier counterparts
but they are harder to train [16].
Thus, our goal is to obtain additional knowledge about
the similarities of the samples with the classes from the
model itself and also in an online manner, in order to train
fast and lightweight yet effective DL models. To accomplish
this goal, we propose to use the k-nn non-parametric density
estimation [17] in order to estimate the unknown probability
distributions of the data samples in the feature space generated by any neural layer, that is either by intermediate layers
or by the output layer. In this fashion, as it will be shown,
we are capable of directly estimating the posterior class
probabilities of the data samples, based on the neighborhood
of each sample, and use them as soft labels. These soft labels
explicitly express the similarity of each sample with all the
classes. It should be emphasized that the proposed method
is able to acquire additional knowledge from any layer, and,
as shown, useful information can be distilled even from the
shallower layers.
Furthermore, it should be noted that, considering a general classification task, when estimating the posterior class
probabilities some errors lead to the accumulation of errors,
and the goal is to minimize them. On the other hand,
in our case, we propose to estimate the posterior class
probabilities using the k-nn density estimation, in order
to use them as soft labels, i.e., as an auxiliary task to
the regular supervised loss. Therefore, our target is not to
directly minimize the estimation error for them, but rather
to continuously estimating and regarding them during the
training procedure, in order to aid the main classification
objective. Finally, we anticipate that increasingly meaningful
and reliable soft labels are learnt as the training progresses,
since the procedure is driven by the supervised loss. This
argument is also experimentally confirmed.

The experimental evaluation on six datasets validates
the effectiveness of the MOSAKD method. Amongst them,
a synthetic dataset for discriminating between humans
and non humans has been created. Synthetic data has
become an increasingly useful tool in training DL models,
accompanied by a series of benefits [18], with a wide
range of robotics applications, e.g., [19], [20], [21]. A few
of those benefits are that synthetic data 1) provide detailed
annotations, since these are automatically generated
without containing errors that usually occur in the manual
annotation procedure; 2) are usually large in scale, since
they are procedurally generated; 3) minimize the risk
of DL methods deployed in simulation environments in
robotics to exhibit unstable behaviours or complete failures,
due to not having been adapted to the visual differences
between the virtual and the real world data. In this work,
since we are focusing on robotics applications, we use a
fully convolutional model which is capable of operating
in real-time (∼ 25 Frames Per Second - FPS) utilizing a
low-power GPU [22] for high resolution input. The target
is to provide semantic heatmaps of human presence on
real data. That is, we train the real-time model using the
proposed online distillation method on the synthetic data
(only 100 real human images were used), and we test
the model on unseen images that contain real humans,
providing semantic heatmaps, as explained in [22].
The main contributions of this paper can be summarized
as follows:
•
•

•

•

•

•

We propose a novel Multilayer Online Self-Acquired
Knowledge Distillation method.
The MOSAKD method mines additional knowledge in
an online manner from the model itself, rendering it
more efficient. That is, the MOSAKD method does not
require using multiple models to teach each other or
copies of a given model like the existing online KD
methods that leads to multiple times more computationally expensive training processes.
The MOSAKD method is capable of mining additional
information about the similarities of the samples with
the classes employing intermediate and the output layers.
The proposed method can be applied to various architectures varying from lightweight models to more
complex ones.
The self-nature of the MOSAKD method ensures that
advantageous knowledge will be extracted which is
a crucial issue, since the compatibility between the
teacher and student models can significantly affect
the effectiveness of the distillation procedure, as it is
demonstrated in [23].
The experimental evaluation on six dataset, including
a dataset of synthetic data, validates the MOSAKD
method can ameliorate the classification performance
of simple and deeper models, while comparison results
confirm the superiority of the method over the stateof-the-art methods.
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This article is an extended version of our previous work
presented in [24]. We further extended our previous work
by: 1) extending the proposed methodology on various
(intermediate) layers rather than the output layer of the
model; 2) providing additional experiments on a new
synthetic dataset, constructed for discriminating between
humans and non humans; 3) performing additional
extensive experiments, utilizing various layers and setups
(number of nearest neighbors for computing the soft labels);
4) performing a post-hoc Bonferroni test for evaluating the
statistical significance of the obtained results; 5) performing
additional experiments utilizing different models (i.e., Wide
ResNet 16-2, Wide ResNet 20-08) and an additional dataset
(i.e., Cifar-100) for comparing the performance of the
proposed MOSAKD method with state-of-the-art online
distillation methods (OKDDip [25] , DFL [26], CL-ILR [27],
DML[15], ONE[14], FFL[28]); 6) evaluating the efficiency
of the proposed online method against conventional offline
methodology under different aspects; 7) providing qualitative
results utilizing the proposed model trained on synthetic
human data; 8) thoroughly discussing the relevant literature.
The rest of the paper is organized as follows. Section
II discusses relevant online and offline distillation works.
Section III presents in detail the proposed MOSAKD method.
Subsequently, in Section IV the experiments performed to
evaluate the proposed method are provided, and finally the
conclusions are drawn in Section V.
II. R W
In this Section, we first summarize recent works in the
general area of KD, subsequently recent self-distillation
methods are presented, and finally recent online KD works,
are discussed.
KD has been extensively researched in recent years [29],
[30]. The idea of transferring the knowledge from a powerful
teacher model to a weaker student model by forcing the
latter to mimic the soft labels produced by the teacher
by appropriately raising the temperature of the softmax
activation function on the output layer of the network, was
initially introduced in [31] and subsequently expanded in [9].
Subsequently, the idea of KD [9] was extended so as to allow
for compressing wide and deep models to thinner and deeper
ones, by using not only soft labels but also intermediate-level
hints from the teacher’s hidden layers so as to guide the
training of the student model, in [32]. A method where the
parameters of the student model are initialized as specified
by the parameters of the teacher model is proposed in [33],
while a method that forces the student model to mimic the
teacher’s model attention map is proposed in [34].
In addition, [35] formulates the knowledge transfer as
maximizing the mutual information between the student
and the teacher models, while a multistep approach which
uses an intermediate-sized model in order to eliminate the
gap between the student and teacher models is proposed in
[23], since, as it is demonstrated, when the gap between
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the teacher and student models is large, the performance
degrades. Next, a KD method that models the information
flow through various layers of the teacher model and overcomes several limitations of previous approaches especially
when utilized for training very lightweight students that
significantly differ from teacher, is presented in [36]. Finally,
an effective KD method even when there is a distribution
mismatch between teacher’s and student’s training data is
proposed in [37]. That is, the method first learns a distribution based on student’s training data from which images
well-classified by the teacher are sampled. In this way, the
data space where the teacher has good knowledge to transfer
is discovered. In addition, a new loss function is proposed
for training the student network.
Surveying the relevant literature, we also come across
several self-distillation approaches. For example, a selfdistillation approach where a teacher model is initially
trained, and when it convergences, an identical student
model is trained both with the targets of the hard labels
and matching the output of the teacher model, is proposed in
[12]. Similarly, a given model is trained with a conventional
supervised loss, the self-discovered knowledge is extracted,
and then in the second stage of training, the model is
trained both with the supervised loss and the distillation
loss, in [13]. Finally, a framework, named Self-Supervised
Knowledge Distillation, proposes to employ self-supervised
tasks in order to acquire richer knowledge from the teacher
model to the student model in [38]. Moreover, the impact of
various self-supervised pretext tasks and the effect of noisy
self-supervised predictions to the distillation performance
are investigated.
In the recent literature, several works proposing online
distillation have also been emerged. First, co-distillation
ameliorates the accuracy by training k copies of a target
model in parallel, by introducing a distillation term to the
loss function of the i-th model in order to mimic the average
prediction of the rest models [39]. In a quite similar approach
in [15], multiple student models teach each other during
the training procedure. More specifically, every student,
apart from the regular supervised loss, is trained with a
distillation loss that matches each student’s posterior class
probabilities with the class probabilities of the rest students.
In this manner, each model operates as a teacher of the rest
models.
Subsequently, in [14] a multi-branch version of a given
network is created by introducing identical branches, each
of them being an independent classification model with
shared low level layers. In this way a strong teacher model
is created using a gated logit ensemble of the multiple
branches. Each branch is trained with the regular supervised
loss and the distillation loss which matches the teacher’s
output distributions. Next, a framework of collaborative
learning which trains several classifier heads of the same
network at the same time, on the same training data, is
proposed in [27]. More specifically, the framework generates
a population of classifier heads during the training process,
where each head learns, apart from the hard labels, from the
soft labels produced by the whole population. Furthermore,
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TABLE I: S   KD 
Type
Online Distillation
Offline Distillation
Self Distillation
Knowledge Source
Output Layer
Intermediate Layers

Methods
[15], [27], [14], [28], [39], [25], [26]
[9], [33], [40], [41], [12], [42], [36], [38],
[32], [34], [43], [44], [45], [46]
[12], [39], [14], [35], [13], [11], [38]
Methods
[12], [9], [40], [41], [15], [14], [28], [47],
[39], [48], [49]
[32], [34], [43], [44], [45], [46], [42],
[35], [36], [26]

the method involves an intermediate-level representation
sharing with backpropagation rescaling that aggregates the
gradient flows for all the heads.
Next, an online distillation method that combines the
previous works [15] and [14] is proposed in [28]. More specifically, the method proposes an online mutual knowledge
distillation method for improving the performance of both
the fusion module and the sub-networks. More specifically,
when identical sub-networks are used, the low level layers
are shared, and a multi-branch architecture similar to [14]
is used, while when different sub-networks are used, the
sub-networks are trained similar to [15]. The architecture
consists of an ensemble classifier using the ensemble logit
produced from the sub-networks and a fused classifier, using
the fused feature map. The model mines knowledge from the
ensemble classifier to the fused classifier, and at the same
time from the fused classifier to each sub-network classifier.
Subsequently, a two-level distillation methodology, named
Online Knowledge Distillation with Diverse peers, where
two types of students are involved, i.e., multiple auxiliary
peers and one group leader, is proposed in [25]. Distillation
is conducted among auxiliary peers with a mechanics for
preserving diversity, and then an ensemble of predictions of
these peers is further distilled to the group leader. Finally,
based on [28], a method named Dense Feature Fusion for
Online Mutual Knowledge Distillation, where the mid-level
features from the subnetworks are also fused, is proposed
in [26].
Finally, a summary of indicative previous KD methods
along with information on their key attributes, is presented
in Table I. The Table discriminates between online and
offline KD methods, while it also provides information on
self-distillation methods. It also discriminates previous KD
methods with regard to the carrier of the knowledge (i.e.,
output and intermediate layers).
III. P MOSAKD M
In this paper, a novel self-distillation method is proposed
that allows for developing fast-to-execute yet effective models that can comply with applications (e.g., robotics applications) with memory and computational restrictions. The
proposed method allows for acquiring additional knowledge
about the similarities of the samples with the classes from
the model itself and also in an online manner.
More specifically, a C -class classification problem, and the
N
D
labeled data {xi , yi }i=
is an input vector
1 , where xi ∈ <

and D its dimensionality, while yi ∈ ZC corresponds to
its C -dimensional one-hot class label vector are considered.
We also consider, for an input space X ⊆ <D and an
output space F ⊆ <C , as φ(· ; W) : X → F a deep
neural network with NL ∈ N layers, and set of parameters W = {W1 , . . . , WNL }, where WL are the weights of a
specific layer L, which transforms its input vector to a C dimensional probability vector. That is, for an input vector
xi ∈ X, φ(xi ; W) ∈ F is the output vector given by the
network φ with parameters W.
Thus, considering the regular classification task, the goal
is to find the parameters W∗ that minimize the cross entropy
loss, `ce , between the output vector φ(xi ; W) and the onehot class label vector yi :

W∗ = arg min
W

N
X
i=1


`ce yi , φ(xi ; W) ,

(1)

The cross entropy loss for a sample i is defined as:

`ce (yi , zi ) =

C
X
m=1

m
ym
i log(zi ),

(2)

where ym
i is the m-th element of yi one-hot label vector, and
zm
i is defined as the output of the softmax operation on the
C -dimensional network’s output:

exp(φ(xi ; W)m )
.
zm
=
P
i
C
j
j=1 exp(φ(xi ; W) )

(3)

In this paper, our goal is to mine additional knowledge
from the model itself in an online fashion. To achieve this
goal, we propose to use k-nn non-parametric density estimation [17] in order to estimate the unknown probability distributions of the data samples in the feature space generated by
any neural layer, that is either any intermediate layer or the
output layer. The idea of non-parametric density estimation
is based, in general, on the fact that the probability P that
a vector x will fall in a region R is given by:

P=

Z

R

p(x0 )dx0 .

(4)

Thus, P is a smoothed version of the density function p(x)
and this smoothed value of p can be estimated by estimating
N
the probability P. If we consider that N samples {xi }i=
are
1
drawn independently and identically distributed according
to p(x), then the probability that k of these N lie inside in
R is given by the binomial law:

Pk =

!
N k
P (1 − P)N−k ,
k

(5)

and the expected value for k is given by:

E[k] = NP.

(6)

Furthermore, this binomial distribution for k peaks very
sharply about the mean, thus we expect that the ratio Nk
will be a good estimate for the probability P, and hence for
the smoothed density function. The estimate becomes more
accurate as N increases. Making also the assumption that
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p(x) is continuous and the region R is so small that p does
not significantly vary within it, we arrive at the equation:
Z

R

p(x0 )dx0 ' p(x)V,

p(x) =

k
N

V

(8)

.

This equation can be, in general, exploited in two different
manners: either to define the number of nearest neighbors, k,
and to adjust the volume V from the data, which stands for
the k-nn density estimation, or to define the volume V and to
observe how many points k fall into the region, which gives
rise to the parzen windows. The essential advantage of the
first one is that it allows for directly estimating the posterior
probabilities P(cm |x) of the class being cm , m = {1, · · · , C},
from a set of N labeled data by using the samples to estimate
the densities involved. To do this, we apply the k-nn density
estimation to each class separately and then we make use
of the Bayes rule. More specifically, assuming that we have
a dataset consisting of Nm samples that belong to class cm ,
P
with N samples in total, so that m Nm = N , and we place
a sphere of volume V around x and capture k samples, km
of which belong to the class cm . Then, the estimate for the
probability p(x|cm ) is:

p(x|cm ) =

of cross entropy, `ce and self-distillation, ` sd :
W∗ = arg min

(7)

where x is a point within R and V is the volume enclosed
by R. By combining Eq. (4), (6), and (7) we arrive at the
following estimate for p(x):

km
,
Nm V

(9)

and similarly the unconditional density is given by:

k
p(x) =
,
NV

W

N
Input: Labeled data {xi , yi }i=
1 ; Training epochs T ;
Parameters: Learning rate η; Parameter λ; Number
of nearest neighbors k;
Output: Trained model φ

3

(11)

6

Thus, we the Bayes rule to compute the posterior class
probabilities:

7

P(cm |x) =

p(x|cm )P(cm )
=
p(x)

km Nm
Nm V N
k
NV

=

km
.
k

(12)

Thus, considering the output of a specific layer, L, and
for a specific number of nearest neighbors, k, at the feature
space generated by the layer L, the posterior probabilities
can be estimated and used as soft labels. These soft labels
explicitly encode information about the similarities of the
samples with the classes. That is, the soft label for a sample
i is given by:

siL =

kL 
 k1L k2L
, ,..., C ,
k k
k

Initialization: t=1; Randomly initialize model φ
parameters;
while t 6 T do
Compute the prediction of the network φ using Eq.
(3);
Compute the soft labels using Eq. (13);
Compute the overall loss using Eq. (14);
Update the model φ parameters by the mini-batch
gradient descent algorithm;
end

1

5

Nm
.
P(cm ) =
N

(13)

L
where km
, m = {1, · · · , C} is the number of nearest neighbors
that belong to the class cm , m = {1, · · · , C} at the layer L.
Therefore, in the MOSAKD training procedure, the goal
is to find the parameters W∗ that minimize the overall loss

(14)

i=1

Algorithm 1: MOSAKD Training

4

while the priors can be approximated by:

N
X


[`ce yi , φ(xi ; W) + λ` sd siL , φ(xi ; W) ],

where λ controls the relative importance between the two
losses.
In this paper, we use Mean Squared Error (MSE) as selfdistillation loss, however Kullback-Leibler (KL) divergence
could also be used. The optimization process is summarized
in Algorithm 1.
Consequently, in the MOSAKD training process the input
images are fed to the network, and for each sample the
predictions for belonging to each of the classes are produced.
Concurrently, the soft labels are computed based on the
neighborhood of each sample, considering the feature space
generated by a specific neural layer, according to the procedure described above. Then, the network is trained using
the cross entropy loss with the hard labels, and concurrently
using the distillation loss to regress the produced soft labels,
encouraging it to regard the similarity of each sample
with the classes. The MOSAKD training procedure is also
illustrated in Fig. 1.

2

(10)

5

IV. E
A. Datasets
Six datasets are used in order to validate the effectiveness
of the proposed MOSAKD method: Cifar-10, Cifar-100 [50],
Street View House Numbers (SVHN) [51], Fashion MNIST
[52], Tiny ImageNet 1 , and Synthetic Human datasets.
The synthetic human dataset consists of real background
images populated with 3D human models in various poses.
The human models were generated using PIFu [53], a stateof-the-art deep learning method for generating realistic
3D human models from single-view images. Overall, the
dataset contains 133 human models, generated using fullbody images of people from the Clothing Co-Parsing (CCP)
1

https://tiny-imagenet.herokuapp.com/

6

JOURNAL OF IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 00, NO. 0, MONTH 2020

Network
Input x
(x;W1)

Lclass.(logits, hard labels)

Ldist.(logits, soft labels)

Fig. 1: MOSAKD Training Procedure: The input images are fed to the network, and for each sample the predictions for
belonging to each of the classes are produced. Concurrently, considering a specific neural layer, the soft labels are computed
based on the neighborhood of each sample in the feature space generated by the specific layer. Then, the network is trained
at the same time using the cross entropy loss with the hard labels and using the distillation loss with the produced soft
labels.
[54] dataset as PIFu’s input. The background images were
taken from the Cityscapes [55] dataset which is composed
of video sequences depicting street scenes in various cities.
To achieve a higher level of realism, the 3D human models
are placed on potential 2D image locations (e.g., pavements,
roads), based on coarse annotations for semantic image
segmentation provided by Cityscapes.
Since, as mentioned previously, the target is to train
models that can run in real-time on high-resolution input
for producing heatmaps of human presence [22], we crop
the generated images, and we construct a train set of
19,900 synthetic cropped images containing humans and
100 real images depicting humans, which are derived from
the CUHK Person Re-identification datasets [56], [57]. Furthermore, the train set contains 20,000 non human images,
cropped from images of the Cityscapes dataset. The test set
consists of 5,000 real images containing humans and 5,000
real images without humans, cropped from video frames
that were gathered by querying YouTube2 video search
engine with random keywords. The cropped images are of
size 64 × 64. Sample images of the constructed dataset are
provided in Fig. 2.

2

http://www.youtube.com/

Fig. 2: Sample images of Synthetic Human dataset.
B. CNN Models and Utilized Layers
The target of this work is to evaluate the effect of the proposed multilayer online self-distillation method on training
lightweight models that can be effectively deployed on embedded devices. To this end, in the first set of experiments we
utilize lightweight models, apart from the case of Tiny ImageNet dataset, which is more challenging. More specifically,
in the case of the first two datasets, a lightweight five-layer
CNN model is used, comprising of 63K parameters. The first
two layers are convolutional with 6 filters of size 5 × 5 and
16 filters of size 5 × 5 respectively, while the last three layers
are fully connected (128 × 64 × 10). A 2 × 2 max-pooling
layer with a stride of 2 follows the convolutional layers.
Each convolutional and fully connected layer, apart from
the last one, is followed by a ReLU activation, while the
last fully connected layer is a 10-way softmax layer. In the
conducted experiments we use all the layers for computing
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the soft labels. The first convolutional layer is denoted as
Layer 1 in the experimental results, and correspondingly the
last fully connected layer is denoted as Layer 5.
In the case of the Fashion MNIST dataset a lightweight
four-layer model is utilized, comprising of 77K parameters.
More specifically, the model consists of two convolutional
layers with 20 filters of size 5 × 5 and 50 filters of size
5 × 5, and two fully connected layers (64 × 10). A 2 × 2 maxpooling layer with a stride of 2 follows the convolutional
layers. A ReLU activation is applied on all the layers apart
from the output layer, which is a 10-way softmax layer.
As previously, we use all the layers for the soft label
computation. The first convolutional layer is denoted as
Layer 1 in the experimental results, and correspondingly
the last fully connected layer is denoted as Layer 4.
In the case of Synthetic Human dataset, we use the fully
convolutional lightweight VGG-1080p model [22] comprising of 11K parameters. The model, which consists of five
convolutional layers, runs in real-time for input 1080p on a
low-power Jetson TX-2. We use all the convolutional layers
for the soft labels computation, where the first convolutional
layer is denoted as Layer 1 in the experimental results, and
correspondingly the last convolutional layer is denoted as
Layer 5.
In the case of Tiny ImageNet dataset, we use the powerful ResNet-50 [58] architecture (without utilizing any pretrained model), since it is a challenging dataset. This also
validates our claim that the proposed MOSAKD method is
model agnostic.In our experiments, we use the last fully
connected layer denoted as Layer 5, and the output of the
four convolutional blocks before the aforementioned last
fully connected layer, where the last convolutional block is
denoted as Layer 4, and so on.
Finally, we use the Wide ResNet 16-2 (WRN-16-2) [59],
and Wide ResNet 20-8 (WRN-20-8) models [59] in order
to compare the proposed method against state-of-the-art
online KD approaches on Cifar-10 and Cifar-100 datasets.
In the conducted experiments for both the WRN-16-2 and
WRN-20-08 models, we utilize the last fully connected layer
denoted as Layer 4, and the output of the four convolutional
blocks before the last fully connected layer, where the last
convolutional block is denoted as Layer 3, and so on.
C. Experimental Setup and Evaluation Metrics
Four set of experiments are performed. First, we evaluate
the performance of the MOSAKD method using different
layers of the utilized models, and different numbers of
nearest neighbors for computing the soft labels, using mainly
lightweight models (apart from the case of Tiny ImageNet,
where ResNet-50 was used, as previously explained). Classification accuracy (test accuracy) is used as evaluation metric
(each experiment is repeated five times, and the mean value
of classification accuracy and the standard deviation are
reported).
Subsequently, in the second set of experiments, we compare the performance of the MOSAKD method with stateof-the-art online distillation methods, using more complex
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models. Next, in the third set of experiments, we evaluate
the efficiency of the proposed method using different metrics.
More specifically, we evaluate the complexity (training cost)
utilizing the sum of floating point operations (FLOPs), the
model sizes using the model parameters, and the memory
requirements for training. Finally, in the fourth set of
experiments, we provide some qualitative results using the
real-time model, trained mainly on synthetic human images
(only 100 real human images are used). The trained model
is used to generate heatmaps of human presence on real
high-resolution test images.
D. Implementation Details
In this work, we train our networks using the mini-batch
gradient descent with mini-batch of 64 samples, and we
set the momentum to 0.9 and the learning rate to 10−3 . In
addition, we set the parameter λ in eq. (14) for controlling
the relative importance between the classification and the
distillation losses to 0.1 for all the datasets except for
the Tiny ImageNet where it is set to 0.01. The method is
implemented in Pytorch, and the models are trained for 100
epochs on an NVIDIA 2080 Ti with 11GB of GPU memory.
E. Experimental Results
In the following subsections the four performed sets of
experiments are presented.
1) Evaluation on lightweight models: The experimental
results for evaluating the performance of the MOSAKD
method using the lightweight models on the Cifar-10, SVHN,
Fashion MNIST, Tiny ImageNet, and Synthetic Human
datasets are presented in Tables II-VI respectively. We
utilize five different numbers of nearest neighbors for the
soft label computation, i.e., 4NN, 8NN, 12NN, 16NN, and
20NN. Best results, considering the different utilized layers,
for each specific number of nearest neighbors are printed
in bold. Furthermore, the best performance in each dataset
is also underlined. In Table VII we provide the best performance achieved using the MOSAKD method against the
baseline training without distillation for the five utilized
datasets.
From the demonstrated results, it is obvious that the
proposed online distillation method notably ameliorates the
baseline performance of training without distillation on all
the utilized datasets, using different layers and numbers of
nearest neighbors to compute the soft labels. Interestingly,
considerably good performance can be achieved utilizing the
first layers for the soft label computation, apart from the
output layer which is mainly used in the KD methodologies,
while in some cases, e.g., in the case of Fashion dataset
using 20NN, the best performance is obtained using the
first layer. However, we can not draw any conclusion on
the optimal layer for computing the soft labels, since it is
evident that, depending on the dataset, both first and output
layers convey useful information that allow for producing
reliable soft labels.
Furthermore, it can be observed that the proposed method
considerably ameliorates the performance on all utilized
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TABLE II: C-: C A   P MOSAKD M U D L  N
 N N. B  T W D: 64.734% ± 0.654%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

4NN
66.204% ± 0.768%
66.307% ± 0.687%
66.150% ± 0.593%
65.210% ± 0.764%
66.056% ± 0.808%

8NN
66.076% ± 0.241%
65.660% ± 0.710%
65.752% ± 0.534%
66.176% ± 0.979%
65.729% ± 0.424%

12NN
65.818% ± 0.560%
66.756% ± 0.953%
65.318% ± 1.035%
66.561% ± 0.635%
65.962% ± 0.841%

16NN
65.994% ± 0.659%
66.423% ± 1.100%
65.856% ± 0.638%
66.468% ± 0.587%
66.570% ± 0.563%

20NN
66.022% ± 0.469%
66.584% ± 0.742%
66.304% ± 0.883%
65.332% ± 0.511%
66.472% ± 0.260%

TABLE III: SVHN: C A   P MOSAKD M U D L  N
 N N. B  T W D: 88.706% ± 0.306%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

4NN
89.339% ± 0.257%
89.334% ± 0.503%
89.599% ± 0.249%
89.540% ± 0.256%
89.717% ± 0.210%

8NN
89.393% ± 0.243%
89.619% ± 0.329%
89.606% ± 0.104%
89.256% ± 0.388%
89.318% ± 0.204%

12NN
89.175% ± 0.552%
89.275% ± 0.219%
89.644% ± 0.203%
89.612% ± 0.234%
89.560% ± 0.198%

16NN
89.283% ± 0.303%
89.568% ± 0.460%
89.736% ± 0.187%
89.708% ± 0.279%
89.422% ± 0.330%

20NN
89.583% ± 0.126%
89.311% ± 0.245%
89.449% ± 0.573%
89.376% ± 0.192%
89.036% ± 0.257%

TABLE IV: F MNIST: C A   P MOSAKD M U D L
 N  N N. B  T W D: 91.214% ± 0.141%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4

4NN
91.256% ± 0.167%
91.332% ± 0.150%
91.330% ± 0.149%
91.316% ± 0.089%

8NN
91.249% ± 0.230%
91.122% ± 0.070%
91.226% ± 0.096%
91.300% ± 0.097%

12NN
91.324% ± 0.159%
91.384% ± 0.159%
91.258% ± 0.168%
91.280% ± 0.120%

16NN
91.250% ± 0.128%
91.302% ± 0.143%
91.390% ± 0.111%
91.250% ± 0.103%

20NN
91.530% ± 0.117%
91.297% ± 0.082%
91.342% ± 0.180%
91.338% ± 0.146%

TABLE V: T IN: C A   P MOSAKD M U D L 
N  N N. B  T W D: 31.050% ± 1.550%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

4NN
32.196% ± 0.831%
31.883% ± 0.650%
32.166% ± 0.579%
31.412% ± 0.672%
31.401% ± 1.106%

8NN
31.131% ± 0.876%
31.101% ± 1.120%
31.215% ± 1.020%
32.070% ± 0.600%
31.631% ± 0.519%

12NN
31.270% ± 1.022%
31.236% ± 0.551%
31.800% ± 0.811%
31.895% ± 0.635%
31.357% ± 1.045%

16NN
31.695% ± 0.724%
32.245% ± 0.527%
31.381% ± 0.741%
31.588% ± 0.788%
31.556% ± 0.643%

20NN
31.651% ± 0.366%
31.320% ± 0.662%
31.588% ± 1.201%
31.854% ± 0.564%
31.380% ± 0.753%

TABLE VI: S H: C A   P MOSAKD M U D L
 N  N N. B  T W D: 97.048% ± 0.476%.
Layer
Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

4NN
97.052% ± 0.716%
97.866% ± 0.684%
97.515% ± 0.636%
97.982% ± 0.882%
96.962% ± 0.997%

8NN
98.275% ± 0.550%
98.096% ± 1.129%
96.814% ± 1.916%
97.264% ± 1.482%
97.946% ± 0.899%

12NN
98.192% ± 0.801%
98.322% ± 0.738%
97.084% ± 1.113%
98.192% ± 1.082%
98.268% ± 0.556%

TABLE VII: C A   B P A U  P MOSAKD M
A  B T W D 
A  U D.
Dataset
Cifar-10
SVHN
Fashion MNIST
Tiny ImageNet
Synthetic Human

Baseline (W/o Distillation)
64.734% ± 0.654%
88.706% ± 0.306%
91.214% ± 0.141%
31.050% ± 1.550%
97.048% ± 0.476%

MOSAKD
66.756% ± 0.953%
89.736% ± 0.187%
91.530% ± 0.117%
32.245% ± 0.527%
98.592% ± 0.744%

datasets regardless of the number of classes. That is, it
improves the performance of 2-class, 10-class, and 200class problems. In the case of the latter ones, inherently

16NN
98.223% ± 1.288%
97.914% ± 0.641%
98.046% ± 0.908%
97.404% ± 1.129%
98.376% ± 0.611%

20NN
98.592% ± 0.744%
97.982% ± 0.672%
97.842% ± 1.009%
98.426% ± 0.981%
97.960% ± 0.711%

rich information about the similarities with the classes can
be conveyed, leading to improved performance. However,
it is evident that the proposed method can acquire useful
information in the case of binary problems too, considerably
improving the performance. This can be attributed to the
contextual information that the soft label reveals. Additionally, it can be observed that more reliable soft labels, that
convey more useful information about the similarities of
the samples with the classes, can be achieved using larger
numbers of nearest neighbors for the soft label computation,
that is 16NN and 20NN in four out of five datasets.
Subsequently, the proposed method can also be applied on
two (or more) different layers at the same time. In this case,
two distillation losses are added to the overall loss. This
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Post-Hoc Bonferroni Test

W/o Distillation

MOSAKD

0.5

Fig. 3: Cifar-10 Dataset: Evaluating the classification accuracy throughout the training epochs utilizing 12NN, and
different layers for computing the soft labels.
TABLE VIII: C- D: C A
     λ  . ()  NN
    . B  T
W D: 64.734% ± 0.654%.
Layer
1
2
3
4
5

λ = 0.1
65.818% ± 0.560%
66.756% ± 0.953%
65.318% ± 1.035%
66.561% ± 0.635%
65.962% ± 0.841%

λ = 0.01
65.797 ± 0.495
65.202 ± 0.833
65.789 ± 0.632
65.520 ± 1.041
65.840 ± 0.745

strategy can in some cases further improve the performance
achieved by utilizing each of the layers separately. For
example, in the case of the Cifar-10 dataset, we can achieve
classification accuracy 67.118±0.251 by combining the second
and fifth layer, using 12NN, which is the best performance on
Cifar-10 dataset. In Fig. 3 the curves of mean classification
accuracy, utilizing 12NN, and various layers for computing
the soft labels are illustrated.
Furthermore, as it has been previously mentioned, the
parameter λ in eq. (14), for controlling the balance between
the classification and the distillation losses is set to 0.1, since
it generally performs well. However, it should be noted that
different setups can be utilized, since the MOSAKD method
improves the baseline performance for different values of
the parameter, too. For example, in Table VIII we provide
the experimental results utilizing different values of the
parameter λ on Cifar-10 dataset, utilizing 12NN. As it is
shown, the proposed online distillation method improves the
classification accuracy in all the considered cases. Finally,
as it is mentioned MSE is used for the distillation loss,
however KL divergence can also be utilized. For example,
utilizing the KL divergence we achieve classification accuracy 65.578±0.170, utilizing 8NN and the Layer 4 (baseline
w/o distillation: 64.734±0.654), while utilizing the MSE we
achieve classification accuracy 66.176±0.979.
Finally, we perform a post-hoc Bonferroni test [60] aiming to rank the MOSAKD method against training W/o
Distillation, and assess the statistical significance of the

1

1.5

2

2.5

Average Rank

Fig. 4: Post-Hoc Bonferroni Test

acquired results. More specifically, when the average ranks
over the utilized datasets of two compared methods differ by
at least a Critical Difference (CD), then the performance of
these methods is significantly different. The CD is defined
as follows:
r
v(v + 1)
CD = qa
,
(15)
6D

where the critical values qα can be found in [60], v corresponds to the number of the compared methods, while
D corresponds to the number of datasets. In the conducted
comparison, α is set to 0.05, the number compared methods,
v, is two, while the number of datasets, D, is five. Fig. 4
illustrates the ranking results. The two compared methods
are depicted on the vertical axis, while the performance
ranking is depicted on the horizontal axis. The circles denote
the average rank, and the intervals around the circles denote
the confidence interval, which is defined by the CD value.
Two methods in comparison are significantly different if the
corresponding intervals are non-overlapping, while there is
no statistically significant difference between them when the
corresponding intervals are overlapping. As can be observed,
the proposed MOSAKD method is significantly different
from training w/o distillation.
2) Comparisons against state-of-the-art: In the second set
of experiments, we compare the proposed online distillation
method with state-of-the-art online distillation methods.
More specifically, we first utilize the WRN-16-2 model,
apply the proposed MOSAKD method on Cifar-10 dataset,
and compare the performance with the competitive online
distillation methods, [28], [14]. In the conducted experiments
we use the same training setup as in [59], [28] is followed.
More specifically, the SGD with Nesterov momentum is used
and the momentum is set to 0.9. The initial learning rate
is set to 0.1 and drops by 0.2 at 60, 120 and 160 epochs.
A mini-batch of 128 samples is used and the models are
trained for 200 epochs.
It should be noted, that even though we do not follow
an ensemble methodology, apart from the compared online
methods, FFL-S [28] and ONE [14], we also compare the
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TABLE IX: C A O D
M  C- U  WRN - A.
Method
WRN 16-2
ONE [14]
FFL-S [28]
ONE-E [14]
FFL [28]
MOSAKD - Layer 1
MOSAKD - Layer 2
MOSAKD - Layer 3
MOSAKD - Layer 4

Classification Accuracy
93.55% ± 0.11%
93.76%± 0.16%
93.91% ± 0.09%
93.79%± 0.12%
93.86% ± 0.11%
94.286% ± 0.188%
94.260% ± 0.088%
94.272% ± 0.178%
94.268% ± 0.060%

TABLE X: C A O D
M  C-   WRN-- .
Method
WRN-20-8
DML [15]
ONE [14]
CL-ILR [27]
OKDDip [25]
MOSAKD - Layer 1
MOSAKD - Layer 2
MOSAKD - Layer 3
MOSAKD - Layer 4

Classification Accuracy
94.73% ± 0.06%
94.96 ± 0.08%
94.73 ± 0.02%
94.88 ± 0.16%
95.16 ± 0.07%
96.00% ± 0.06%
96.19% ± 0.10%
96.09% ± 0.07%
96.01% ±0.11%

performance of the proposed online distillation method, with
the ensemble and FFL [28] and ONE-E [14] approaches. It is
emphasized that the number of parameters in FFL is 1.29M,
in ONE-E is 1.24M, while in the proposed MOSAKD method
is 0.70M. The evaluation results are provided in Table IX. As
it can be observed, the MOSAKD method accomplishes superior performance against the compared online distillation
methods, for all the utilized layers. The best performance is
achieved using the first convolutional block. Furthermore, as
it is demonstrated the proposed method can even outperform
ensemble approaches.
Finally, we use the WRN-20-08 model to compare the
performance of the MOSAKD method with the recent OKDDip [25] and DFL [26] methods, as well as with DML
[15], ONE [14], and CL-ILR [27]. We perform experiments
on Cifar-10 and Cifar-100 datasets. To ensure the fairness
of comparisons, we use the same experimental settings as
in [25]. That is, stochastic gradient descent is used with
Nesterov momentum. The initial learning rate is set to 0.1
and is divided by 10 at 150 and 225 epochs, while the
networks are trained for 300 epochs. Finally, we consider
batch sizes of 128 samples. The experimental results are
provided in Tables X and XI for the Cifar-10 and Cifar100 datasets, respectively. Note that the DFL method [26]
provides results only on Cifar-100 dataset. As it evident from
the provided results, the MOSAKD method significantly
improves the baseline, and achieves superior performance
over the competitive online distillation methods using the
WRN-20-08 model on both the Cifar-10 and Cifar-100
datasets.
3) Efficiency evaluation: In the third set of experiments,
the efficiency of the MOSAKD method is evaluated. First,
we evaluate the complexity (training cost) utilizing as

TABLE XI: C A O D
M  C-   WRN-- .
Method
WRN-20-8
DML [15]
ONE [14]
CL-ILR [27]
OKDDip [25]
DFL [26]
MOSAKD - Layer 1
MOSAKD - Layer 2
MOSAKD - Layer 3
MOSAKD - Layer 4

Classification Accuracy
77.50% ± 0.44%
79.79 ± 0.11%
78.81 ± 0.12%
79.56 ± 0.13%
80.37 ± 0.07%
80.51% ± 0.49%
80.79% ± 0.20%
80.76% ± 0.21%
80.72% ± 0.23%
81.01% ± 0.21%

evaluation metric the FLOPS considering one forward
pass. FLOPs are estimated according to https://github.com/
1adrianb/pytorch-estimate-flops. The experiments are conducted on the Cifar-10 dataset, using the WRN-16-2 model.
To gain further insights on the efficiency of the proposed
method, we compare the complexity with the most wellknown offline KD methodology, [9]. For the offline KD, the
powerful Wide ResNet 40-2 model (WRN-40-2) is used as
teacher to mine further knowledge. Furthermore, we use the
model parameters to represent the model sizes for both cases.
The experimental results are presented in Table XII, where
the effectiveness of the proposed online distillation method
against the offline methodology is clearly validated. Apart
from the expected superiority over the offline methodology, due to the fact the proposed method does not require utilizing a separate teacher model for realizing the
distillation procedure, it should be emphasized that the
MOSAKD method is also more cost-effective compared to
the existing online distillation methods. That is, the existing
online distillation methods require at least two times more
FLOPS than the MOSAKD method, since they use at least
two networks or copies of a network to mine additional
knowledge. Therefore, the MOSAKD method which acquires
the knowledge for the same model is more efficient.
Finally, for further evaluating the efficiency of the proposed online distillation methodology, we highlight that
apart from the common strong models which were used
mainly for comparison purposes against state-of-the-art, we
use fast and lightweight models. These models are extremely
low-memory demanding, considering the memory required
for training the models using the proposed training pipeline.
More specifically, the required memory to train a lightweight
model with the proposed method for example on CIfar10 dataset is 920 MiB. To gain some more insights on
the efficiency with respect to the memory requirements for
training with the proposed online methodology, we can
compare the performance of the MOSAKD methodology
again with the conventional offline KD using the WRN-162 model. The MOSAKD method requires 1260 MiB, while
for training first the more powerful WRN-40-2 model and
transferring the knowledge to the WRN-16-2 model with the
offline KD methodology are required 2984 MiB.
4) Qualitative Results: Finally, in the fourth set of experiments, we use the proposed trained model on the syn-
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TABLE XII: C   P MOSAKD 
KD [] M.
Method
KD [9]
MOSAKD

Student
WRN-16-2 (0.7M)
WRN-16-2 (0.7M)

Teacher
WRN-40-2 (2.26M)
-

Complexity
0.43 GFLOPS
0.10 GFLOPS

thetic human dataset to generate heatmaps on unseen highresolution images that contain real humans. That is, unseen
images of size 1920 × 1080 are fed to the network, and
for every window 64 × 64 we compute the output of the
network at the output layer. Indicative evaluation results are
illustrated in Figs. 5 and 6. As it shown, the model which is
trained on synthetic images (only 100 real images depicting
humans are used), can successfully detect humans on real
images.
V. C
In this paper, a novel online self-distillation approach was
proposed, namely Multilayer Online Self-Acquired Knowledge Distillation. The MOSAKD method employs the knn non-parametric density estimation for estimating the
unknown density distributions of the data samples in the
feature space generated by any layer of a deep neural
model. Hence, the posterior class probabilities can be directly
estimated and be used as soft labels that explicitly reveal
the similarities of the data samples with each class. In this
fashion, we are able to mine further knowledge directly from
the data, without modifying the model, e.g., by introducing
multiple copies of the model, and simultaneously in an
one-stage training pipeline. Interestingly, it is evident that
apart from the output layer of the model, which is mainly
used in distillation, intermediate layers can also provide
useful information. The effectiveness of the proposed method
to ameliorate the classification accuracy of any model,
regardless of their complexity, is experimentally validated
on six datasets, including a synthetic dataset. The superiority of the proposed MOSAKD method against compared
online distillation methods is, finally, validated through the
comparison experiments.
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ABSTRACT
Robotics applications are accompanied by particular computational restrictions, i.e., operation at sufficient speed, on embedded low power GPUs for high-resolution input. Semantic scene segmentation performs an important role in a broad
spectrum of robotics applications, e.g., autonomous driving.
In this paper, we focus on binary segmentation problems, considering the specific requirements of the robotics applications.
To this aim, we utilize the BiseNet model, which achieves
significant performance considering the speed-segmentation
accuracy trade-off. The target of this work is two-fold. First,
we propose a lightweight version of BiseNet model, providing significant speed improvements. Second, we explore different losses for enhancing the segmentation accuracy of the
proposed lightweight version of BiseNet on binary segmentation problems. Experiments conducted on various high and
low power GPUs, utilizing two binary segmentation datasets.
Index Terms— Semantic segmentation, Binary, Bisenet,
Robotics, Low power GPUs
1. INTRODUCTION
Semantic scene segmentation refers to the task of assigning
a class label to each pixel of an image, and hence it is also
known as pixel-level classification. Semantic scene segmentation is a challenging task involved in numerous robotics applications, such as autonomous driving [1, 2, 3]. Robotics
applications are accompanied by particular computational requirements. That is, the utilized models should be able to effectively operate at sufficient speed, on embedded low power
GPUs, while also considering high-resolution input.
Recent advances in Deep Learning (DL) have provided effective models for addressing the general problem of semantic scene segmentation [4]. The seminal approach introduced
fully convolutional neural networks [5]. Subsequently, considerable research has been conducted, focusing on improving the segmentation accuracy [6, 7], however, without considering the issue of deployment (inference) speed. That is,
most of the existing state-of-the-art DL segmentation models
are computationally heavy, and hence ill-suited for robotics
applications.

Thus, in the recent literature there have been works that
also focus on the deployment speed, providing real-time
segmentation models, considering mainly high power GPUs
[8, 9, 10, 11, 12, 13]. A comparative study of current semantic
segmentation models considering the inherent computational
restrictions in the context of robotics applications is provided in [14]. More specifically, extensive experiments have
been conducted on different embedded platforms (e.g., AGX
Xavier, NVIDIA TX-2), and also for various input resolutions, ranging from lower to higher ones. From the conducted
experiments, it is evident that the Bilateral Segmentation
Network (BiseNet) [13] model achieves considerable performance considering the segmentation accuracy-speed tradeoff. Towards this end, in this work we employ BiseNet model
and we address the problem of binary semantic segmentation
considering robotics applications.
The target of this work is to explore ways of improving the performance of BiseNet model both in term of deployment speed and segmentation accuracy, considering binary segmentation problems. To this aim, we first propose
a lightweight version of the model. That is, we propose a
lightweight network instead of ResNet-18 [15] that is used in
the so-called context path. Subsequently, we exploit the available losses. Specifically, apart from the widely used cross entropy (softmax) loss, which is also used in the initial version
of BiseNet, we apply hinge loss, since as it is shown in the
recent literature, it provides improved accuracy considering
binary classification problems [16].
The remainder of the manuscript is structured as follows. Section 2 provides the description of the proposed
ways of improving binary segmentation, that is the proposed
lightweight version of BiseNet and the investigation on loss
functions. Next, Section 3 provides the experimental evaluation, and finally conclusions are drawn in Section 4.
2. PROPOSED METHOD
The BiseNet model consists of two paths, that is Spatial Path
and Context Path. The spatial path is used in order to preserve the spatial information and generate high resolution features, and the context path with a fast downsampling strategy
is used in order to to obtain sufficient receptive field. Furthermore, the model includes two modules, that is a Feature

Fusion Module and an Attention Refinement Module, in order
to further improve the accuracy with acceptable cost. Finally,
apart from the principal cross entropy loss which supervises
the output of the BiseNet model, two auxiliary losses are utilized to supervise the output of the context path.
In this work, we propose to replace the ResNet-18 model
used in the context path, with a more lightweight model. The
proposed model, which is based on the VGG model [17], consists of five pairs of convolutional layers followed by batch
normalization and ReLU activation. A max-pooling layer follows each convolutional block. The proposed model architecture is illustrated in Fig. 1. As it will be presented the
modified BiseNet model utilizing the proposed lightweight
model in the context path achieves considerable speed improvements.

class, and
ζ{condition} =



1
−1

, if condition
, otherwise

In our case, Nc = 2, since we deal with binary segmentation
problems.
3. EXPERIMENTS
In this work, we first evaluate the deployment speed of the
proposed modified BiseNet model, since a principal target
of this work is to provide a faster model for binary semantic segmentation. We evaluate the deployment speed in term
of Frames Per Second (FPS), on various high power and low
power GPUs, as well as for various input sizes. Subsequently,
we evaluate the performance of the modified model utilizing
hinge loss against cross entropy loss as principal supervised
loss, utilizing mean Intersection Over Union (mIOU) as evaluation metric.
3.1. Datasets

Fig. 1: Proposed lightweight model in the context-path: Red
boxes represent the max-pooling layers, while the black boxes
represent the convolutional layers, followed by batch normalization ReLU activation. The numbers of output channels of
each convolutional layer are also depicted.
Subsequently, since lightweight models usually have inferior performance as compared to the heavyweight counterparts, we explore ways to improve their performance. To
achieve this goal, we focus on the loss functions for training
the segmentation model. More specifically, even though cross
entropy (softmax) loss, is a widely used loss function in DL,
in a recent work [16] it has been demonstrated that considering binary classification problems, hinge loss can achieve
improved classification performance. Motivated by the aforementioned observation, in this work, we extend this investigation on binary segmentation problems. Thus, we utilize hinge
loss so as to supervise the output of the whole model. Hinge
loss per pixel is defined as:
`h =

Nc
X
j=1

max(0, 1 − ζ{c = j}yjlast )

(1)

where c ∈ [1, · · · , Nc ] indicates the correct class among the
Nc classes, yjlast indicates the score with respect to the j-th

In this work, we utilize the CityScapes [18] dataset, exploiting
only the Human and Vehicle classes, in order to build the two
binary segmentation datasets, i.e., Human Vs Non-Human and
Vehicle Vs Non-Vehicle, respectively. The first one consists of
11,900 train images and 2,000 test images, while the second
one consists of 2,975 train images and 500 test images.
3.2. Implementation Details
All the experiments conducted using the Pytorch framework.
Mini-batch gradient descent is used for the networks training,
where an update is performed for every mini-batch of 8 samples. Momentum is set to 0.9, while the learning rate policy
of the initial work was followed. All the models are trained
on an NVIDIA 2080 Ti, and the deployment speed was tested
on various low power GPUs.
3.3. Experimental Results
In the first set of experiments we evaluate the deployment
speed of the proposed modified lightweight BiseNet model
against the initial version which uses the ResNet-18 model.
We have conducted experiments on a high power NVIDIA
2080 Ti, a high power NVIDIA 2070, a low power NVIDIA
Jetson TX-2, and a low power NVIDIA Jetson AGX Xavier.
Furthermore, we use various input dimensions ranging from
400 × 400 to 1024 × 1024. Experimental results are illustrated in Tables 1-4. Best results are printed in bold. As it is
shown, the proposed model runs significantly faster as compared to the initial model, in any considered case. It can also
be observed increased discrepancy for lower input sizes.

Table 1: Evaluation of speed in terms of FPS utilizing the
proposed lightweight model in the context path, against the
ResNet-18 on an NVIDIA 2080 Ti.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
66.51
70.69
98
163.91
216.37
269.58

BiseNet - Proposed
75.23
84.06
119.76
215.61
305.89
353.59

Table 2: Evaluation of speed in terms of FPS utilizing the
proposed lightweight model in the context path, against the
ResNet-18 on an NVIDIA 2070.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
50.40
56.17
77.46
125.04
184.59
237.61

BiseNet - Proposed
59.15
66.31
93.85
166.26
251.26
315.24

Table 3: Evaluation of speed in terms of FPS utilizing the
proposed lightweight model in the context path, against the
ResNet-18 on an NVIDIA Jetson TX2.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
3.98
4.32
5.71
9.7
14.71
18.82

BiseNet - Proposed
5.02
5.58
7.69
13.36
21.05
26.42

Table 4: Evaluation of speed in terms of FPS utilizing the
proposed lightweight model in the context path, against the
ResNet-18 on an NVIDIA Jetson AGX Xavier.
Input Size
1024 × 1024
1280 × 720
800 × 800
600 × 600
640 × 360
400 × 400

BiseNet - ResNet18
11.58
12.23
16.38
26.78
40.13
52.42

BiseNet - Proposed
15.32
16.96
23.40
40.12
60.66
77.83

Subsequently, the experimental results for evaluating the
hinge loss against cross entropy loss, utilizing the proposed
lightweight BiseNet model, on the two binary segmentation

datasets are presented in Table 5. Best results are printed in
bold. As it is demonstrated, hinge loss accomplishes superior
performance as compared to the cross entropy loss, considering binary segmentation problems.
Table 5: Evaluation on segmentation performance in terms of
mIOU (%) utilizing the modified lightweight BiseNet model,
for evaluating hinge loss against cross entropy loss.
Dataset
Human Vs Non-Human
Vehicle Vs Non-Vehicle

Cross Entropy Loss
87.82
94.82

Hinge Loss
89.23
95.03

Finally, some qualitative results are presented utilizing
the proposed modified model trained for human segmentation
and vehicle segmentation in Fig. 2.
4. CONCLUSIONS
In this paper, we dealt with binary segmentation problems,
utilizing the BiseNet model, which achieves significant performance considering the speed-segmentation accuracy tradeoff. First, we proposed a lightweight version of BiseNet
model, in order to improve the deployment speed. Subsequently, we explored different losses in order to enhance the
segmentation accuracy of the proposed lightweight version of
BiseNet on binary segmentation problems. The experiments
conducted on various high and low power GPUs, utilizing
two binary segmentation datasets, validated the effectiveness
of proposed lightweight version of BiseNet in terms of deployments speed, as well as that hinge loss provides improved
performance considering binary segmentation problems.
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Abstract
The one-hot 0/1 encoding method is the most popularized encoding method
of class labels for classification tasks. Despite its simplicity and popularity,
it comes with limitations and weaknesses, like failing to capture the inherent
uncertainty in data labels, and making classifiers more prone to overfitting.
In this paper, we tackle these shortcomings with a framework for learning soft
label embeddings. Two variants are proposed: first, a learnable general-class
embedding which aims to capture information regarding inter-class similarities, and second, a neural architecture which can be added to any neural classifier and aims to learn inter-instance similarities. The inherent uncertainty
in data labels is thus somewhat alleviated, allowing the network to focus on
incorrectly classified samples, instead of difficult but correctly classified ones.
Our experimental study on five challenging classification benchmarks, using
neural networks of varying depth and width, show that the proposed method
leads to better classification accuracy, highlighting its ability to generalize to
unseen samples.
Keywords: label embedding, soft labels, class similarities, instance
similarities
1. Introduction
The one-hot 0/1 encoding method is the most popularized encoding method
of class labels for classification tasks. Most existing neural network based
classification methods use this encoding along with some variant of the cross
entropy loss function [1]. Despite its simplicity and popularity, it comes with
limitations and weaknesses which we investigate in this work.
One-hot encoding fails to capture the inherent uncertainty in data labeling processes. There are multiple aspects to this issue. First, a dataset
Preprint submitted to Elsevier

November 22, 2021

typically consists of data samples belonging to classes of the same category,
e.g., MNIST depicts handwritten digits. In general, a class of digits may
resemble another class more or less than the remaining classes. For example,
fours tend to resemble - and be confused as - nines more often than any other
digit. Class similarities like these are present in most classification datasets,
even more generic ones. Second, some instances of a class may heavily resemble instances of other classes, much like a small dog may resemble a cat or a
fox, or a flying bird may resemble a plane. These similarities are specific to
each instance of the dataset and may be considered as outliers. Finally, there
is always the potential of human error, either related to the aforementioned
uncertainties or simply by mistake.
Figure 1 illustrates this point using the CIFAR10 dataset [2]. Two dimensional representations are obtained using t-SNE [3] and a DenseNet [4] classifier, using the representations of the penultimate layer. The general class
similarities, like those between the dog and cat classes, or the automobile
and truck classes, reflect the actual similarity between these real categories.
Instance specific similarities exist as well, as shown in the marked misclassified samples: (a) a dog misclassified as a cat, (b) a truck misclassified as a
car, (c) a deer misclassified as a horse, (d) a bird misclassified as a ship, (e)
a bird misclassified as a ship, (f) a deer misclassified as a horse, and (g) a
dog misclassified as a bird.
Furthermore, one-hot encoding can lead to overfitting more easily, as
neural networks have the capacity to bend their representation space in ways
such that they perfectly capture the training samples, despite their outlying
status. As an example, consider a binary classification example, where a
difficult sample may be correctly classified with a predicted probability of
0.8. Despite the prediction being correct, most recent approaches to this
problem would further modify the network weights such that the predicted
probability lies closer to 1. In order to do so, the separating hyperplane
may bend in a way that excludes unseen samples even if they lie close to the
groups of training samples.
In this paper, we tackle these shortcomings with a framework for learning soft label embeddings. Two variants are proposed: first, a learnable
general-class embedding which aims to capture information regarding interclass similarities, and second, a neural architecture which can be added to any
neural classifier and aims to learn inter-instance similarities. The inherent
uncertainty in data labels is thus somewhat alleviated, allowing the network
to focus on incorrectly classified samples, instead of difficult but correctly
2
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Figure 1: Visualization of feature vectors from the CIFAR10 dataset using t-SNE. General
class similarities exist in this dataset as shown by the proximity of the dog and cat classes,
as well as that between the automobile and truck classes. In contrast, the deer and frog
classes are less similar and less likely to be confused for one another. Instance specific
similarities exist as well, as shown in the marked misclassified samples: (a) a dog misclassified as a cat, (b) a truck misclassified as a car, (c) a deer misclassified as a horse, (d) a
bird misclassified as a ship, (e) an airplane misclassified as a bird, (f) a deer misclassified
as a horse, and (g) a dog misclassified as a bird.
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classified ones. The concept of this framework is similar to real-life learning
procedures, where uncertainty rules over many subjects. Students are encouraged to eventually become teachers themselves, in the broader sense of
these words, and to achieve that they must be allowed some liberties when
learning a new subject which presents uncertainties. During the learning
process, students may draw from their own experiences and go on to even
enhance the subject with their knowledge.
The rest of this paper is structured as follows. Section 3 introduces the
notation used in the proposed method as well as the general concept. Sections 3.1 and 3.2 describe the two variants of the proposed method, aiming to
capture general-class and instance-specific similarities in the soft embedding.
The method for combining of the two embeddings is presented in Section 3.3.
Finally, Section 4 summarizes our experimental results and our conclusions
are drawn in Section 5.
2. Related Work
Soft labels, label embedding and label smoothing are all problems similar
to the one tackled in this work, and they have been studied to some extent
in recent literature.
Image annotation is a tedious and uninspiring task, prone to errors, in
both objective and subjective criteria. Subjective errors in particular are
almost impossible to overcome, forcing neural networks to either learn these
mistakes or to find ways to overcome these noisy labels. In fact, labelling
errors are evident in the large number of works revolving around learning
from noisy labels. In [5], two types of label noise are considered: label flips,
where images have been assigned a wrong class, and outliers, where the image
does not depict any of the classes in the dataset but has been erroneously
assigned to one. To mitigate these errors, a linear layer was added at the final
softmax layer, to learn the noise distribution without supervision, i.e., prior
modeling of this distribution. More recently, in [6], a single layer network
was used to learn to generate soft labels from noisy labels.
Soft labels have been studied in the past, in the context of simpler classifiers like the k-Nearest Neighbor one [7], and recently scientific research in this
task has resurfaced. In [8], a method for modeling subjectivity in emotion
recognition was proposed. An ensemble method, where different networks
are trained with different annotators, was compared against a single network
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trained on soft labels, generated by averaging the labels from different annotators. In [9], a soft label method was introduced for ordinal regression, i.e.,
classification problems were classes are not independent, but follow some sort
of order. Maintaining inter-class relationships is crucial in such tasks, and we
further argue that a natural order between classes can be found in most classification datasets, especially as the number of classes increases. In [10], soft
labels were learned in a meta learning fashion, by treating them as learnable
parameters, modeling both class-level and instance-level similarities.
Soft labels have also recently been linked to knowledge distillation methods [11, 12]. In [13], soft labels were explored in the context of relation
extraction with neural networks. A teacher network was used to learn wellinformed soft labels and its knowledge was distilled and transferred to a student network. In [11], posterior class probabilities were estimated using the
data samples, which were used as soft labels, encoding information about the
similarities between the data samples. Further, in [12], a distillation method
aiming to reveal subclass similarities was introduced. In [14], a teacher-free
knowledge distillation method was proposed, using label smoothing regularization. It was also proven that knowledge distillation is a type of learned
label smoothing.
The significance of label smoothing has been gaining interest in recent
years. In [15], it was shown that label smoothing does not hurt the generalization of a model’s predictions, but using a simple label smoothing method
on a network makes it a less effective teacher in a knowledge-distillation setting. In [16], it was shown that label smoothing can indeed be useful to
teacher networks in the presence of noisy labels. In [17], an investigation was
conducted into the effect of label smoothing regularization on the convergence
of stochastic gradient descent methods. It was shown that label smoothing
can help speed up the convergence. In [18], a theoretical framework was introduced, to explain how label smoothing controls the generalization loss. In
[19], an online label smoothing strategy was proposed, to generate soft labels
based on the statistics of the model’s predictions.
Label embedding is closely related to label smoothing. In [20], a label embedding method was proposed for text classification, in a multi-task learning
context. Also in text classification, in [21], a model-based label embedding
method was coupled with a self-interaction attention mechanism. In [22], a
label embedding network was introduced for soft training of deep neural networks. The embedding network learns from the predictions of the classifier
and the two networks are trained in unison. Label embedding is also useful
5

in multi-label classification tasks, as recently showcased in [23].
We are interested in modelling relationships both at a class-level and an
instance-level into the proposed label embedding methods. Inter-class similarities were also studied in [24], using a label smoothing technique to instill
general class similarity information into the learning task. We achieve the
same goal using a simple linear network, which learns to map the one-hot
encodings into soft versions of themselves, using the network’s predictions.
Instance-specific labels were recently studied in [25], in a self-distillation
mechanism. Instead of self-learning the instance-specific labels, we use an
external observer, in the form of an Autoencoder (AE) [26], to uncover the
instance level similarities in its learned latent space.
3. Proposed Methodology
PK
Let xi ∈ RD denote an input sample and yi ∈ {0, 1}K such that
k=1 yi,k =
1 be its one-hot encoding, in a set of i = 1, . . . , N training samples spanning
over K distinct classes. A standard classifier f (x) is trained to map the input
samples xi to their corresponding one-hot labels and to make predictions on
unseen samples. Typically, the Cross Entropy loss function is used for this
purpose:
CE(y, p) = −

K
X

yk · log(pk )

K
X

ŷk · log(pk )

k=1

(1)

where p are the probabilities predicted by f (x), obtained as the output of
a softmax function on the output, or logits,
PKof the classifier. We propose
K
the use of soft labels ŷi ∈ R such that
k=1 ŷi,k = 1 for all samples in
the dataset, such that they capture not only the groundtruth label of each
sample but also inter-class similarities as well as similarities between each
sample and other samples present in the dataset. Our hypothesis is that by
using soft labels, a neural classifier can learn to generalize better, as the sum
of errors from correctly-classified but difficult samples will decrease. In terms
of the representation learned, less effort will be consumed towards separating
such samples from their similar neighbors.
The new learning task is formulated as:
CE(ŷ, p) = −

k=1

6

(2)

where ŷ, i.e., the soft labels, are given by a differentiable function g(·), the
parameters of which can be learned in conjunction with the parameters of
the classifier during training.
In the following Sections we define two methods to generate such soft labels. In both cases, the label embedding learned stems from the representations learned by the classifier itself, hence the title of self-learned embedding.
The first method aims to capture resemblances between the classes present
in the dataset and is described in Section 3.1. The second method aims
to capture resemblances between each sample and any and all instances in
the dataset, regardless of their corresponding classes. Section 3.2 describes
this method in detail, while Section 3.3 presents our proposed method of
combining the aforementioned methods in a single architecture.
3.1. General Class Soft-Label Embedding
We formulate the function g(·) for the case of general class similarities
as a simple embedding of the form g(y) = ŷ = W · y where W ∈ RK×K is
a learnable weights matrix. This can be viewed as a neural network with a
single linear hidden layer. Despite its simplicity, this embedding can model
extreme cases where:
W = IK
(3)
corresponding to the 0/1 one-hot encoding, or:
W=

1
JK
K

(4)

where the notation JK denotes an all-ones matrix of size K × K, corresponding to the case where all class probabilities are equal.
We are, however, interested in the more generic case where each class
label is given as a linear combination of all classes, including itself which
should intuitively hold a larger weight:
Ŷ = g(Y) = W · Y = W.

(5)

where Ŷ ∈ RK×K is the soft label matrix, i.e., each row ŷk corresponds to
the soft labels of the k-th class, and Y = IK holds the one-hot encodings of
all classes. That is, the new label vector for the k-th class is given by:
ŷk = g(yk ) = W · yk = [Wk1 , Wk2 , . . . , Wkk , . . . , WkK ]
7

(6)

i.e., practically the k-th row of the weight matrix W, as yk is the onehot encoding of the k-th class. As mentioned, the weights matrix should
optimally conform to:
K
X
Wkk ≥
Wkl ,
(7)
l6=k

so as to retain the groundtruth
information. A softmax function is applied
P
on ŷk to ensure that K
ŷ
=
1.
l=1 kl
Figure 2 illustrates the use of the proposed general-class network alongside
a generic neural classifier. The two networks are trained in parallel using a
single learning objective, optimizing the cross entropy given by Eq. (2) for
all input samples. If not for the constraint imposed by Eq. (7), it is evident
that this architecture is in direct danger of collapsing to the case presented
in Eq. (4), where all class labels are equal and both networks learn random
weights. There are multiple straightforward ways to avoid this scenario.
One is to add a regularization term to the loss to directly enforce Eq. (7).
However, this entails the threat of collapsing to the case Eq. (3), i.e., the
labels remain binary. Instead, we enforce this constraint by first initializing
the weights matrix using an identity matrix. Some noise is added to these
weights to avoid harsh 0/1 numbers. Furthermore, a different learning rate
is used for the label embedding network which forces the network weights to
update slowly in comparison to the weights of the classification network, for
which a larger learning rate is used. Another way to circumvent this issue
is to set the new classification targets to be a weighted combination of the
one-hot encoding and their linear combinations given by g(y), i.e.:
ŷk = α · g(yk ) + (1 − α) · yk

(8)

where α ∈ (0, 1) controls the softness of the labels. This approach is used in
this work, for its simplicity.
3.2. Instance Specific Soft-Label Embedding
In the instance-specific case, the soft labels for each instance xi are a
function of the instance itself, that is:
ŷi = h(xi ).

(9)

The criterion from Eq. (2) still applies in this case and the function h(·) can
take the form of a network which takes xi as input and outputs ŷi .
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Figure 2: Schematic representation of the learning procedure of a classification network
attached with the proposed general-class label embedding network.

An external representation of xi can be extracted using an Autencoder,
where the intermediate representation zi is set to be K-dimensional. An AE
can be formally defined by its two parts, the encoder and decoder networks,
as a composite function:
x̂i = f (g(xi )),
(10)
where g(·), f (·) are the encoding and decoding functions respectively, and
x̂i ∈ RD is the network’s output, which is trained to approximate the input.
The intermediate representation zi = g(xi ) is given by the encoder. To
ensure a proper mapping between the AEs latent dimensions and the onehot encoding, a cross entropy criterion is added to the objective. In this
setting, in an extreme case of overfitting, the intermediate representation
can take the form of a one-hot encoding. Furthermore, it is also possible
that the AE objective will collapse to mapping every sample to the same
representation, which is another tedious solution of the problem. Both of
these scenarios are mitigated by the addition of the reconstruction loss of
the AE, in terms of MSE between its input and predicted output x̃:
M SE(x, x̂) = kx − x̂k22 .

(11)

As stated, in order to ensure an identity mapping between zi and yi , a
cross entropy loss is added to the objective, between the intermediate repre9

sentations of the AE and the groundtruth labels. The final learning objective
is:
L=

N
1 X
CE(yi , σ(zi )) + CE(ŷi , pi ) + λ · M SE(xi , x̃i )
N i=1

(12)

where λ is a constant introduced to weigh the classification and reconstruction losses. Figure 3 summarizes the proposed architecture for this case. The
input is fed into both the classifier and an AE. The intermediate representation of the AE is trained to match the groundtruth labels using a softmax
function σ(·), and the cross entropy criterion. The AE is also trained using
the MSE between the input and its prediction. Finally, the classifier’s predictions are matched to the soft targets, which are given by the intermediate
representation. In practice, an equation similar to Eq. 8 is used to generate
the soft targets, so as to maintain the groundtruth information:
ŷk = β · σ(zk /T ) + (1 − β) · yk

(13)

where T denotes the softmax temperature.
MSE

x

f

p

CE

h_enc

y

z

h_dec

x_pred

softmax + CE

Figure 3: Schematic representation of the learning procedure of a classification network
attached with the proposed instance-specific label embedding network.
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3.3. Combined General-Class and Instance-Specific Label Embedding
The two methods described in the previous Sections can easily be combined into a single architecture, at the cost of increased training time. The
combination is straightforward and a graphical description is given by Figure 4. The main difference to the instance-specific case is the addition of
the general-class label embedding network g(y), and the learning objective
is modified accordingly:
N
1 X
CE(f (yi ), zi ) + β · CE(ŷi , pi ) + γ · M SE(xi , x̃i )
L=
N i=1

(14)

where β and γ weigh the classification and reconstruction losses. In this
case, it is crucial to properly initialize the general-class embedding network
so as to output labels as close as possible to the groundtruth one-hot encoding. In practice, the soft labels used to train the classifier are a linear
combination of the one-hot groundtruth labels, the general-class embeddings
and the instance-specific embeddings, weighted by two hyperparameters to
control the effect of each embedding on the final targets. The same practice
can be applied to the individual cases of general-class and instance-specific
embeddings.
4. Experimental Study
We conducted experiments on CIFAR10, CIFAR100 [2], Fashion MNIST
[27], STL10 [28] and SVHN [29] datasets. The CIFAR-10 dataset consists of
60000 RGB images of size 32 × 32, spanning over 10 classes, i.e., with 6000
images per class. The training set contains 50000 and the remaining 10000
images constitue the test set. The CIFAR100 dataset is similar, except it
contains 100 classes with 600 images each, 500 of which are used for training
and the remaining 100 are used for testing. The STL10 dataset is similar
to the CIFAR10 dataset, but each class has fewer labeled training examples.
There are 10 classes in this dataset, the images are of size 96 × 96 and colour,
and there are 500 training images and 800 test images per class. The SVHN
dataset is a real-world image dataset for digit recognition. There are 10
classes in the dataset, the digits are cropped and resized to 32 × 32, and in
total there are 73257 digits for training, and 26032 digits for testing. Finally,
the FashionMNIST dataset consists of a training set of 60000 samples and
11

MSE

x

f

p

CE

h_enc

z

h_dec

x_pred

softmax + CE

y

g

y_soft

Figure 4: Schematic representation of the learning procedure of a classification network
attached with the combination of the proposed general-class and instance-specific label
embedding networks.

a test set of 10000 samples. Each sample is a 28 × 28 grayscale image and
there are 10 classes in this dataset, corresponding to clothing categories.
Four types of networks are used based on the ResNet [30] architecture:
a ResNet-8, a ResNet-18, a ResNet-6 model, and a version of the ResNet-6
net with fewer channels, specifically using only a quarter of the learnable
filters (ResNet-6l0.25). The models run at various speeds, and the two most
lightweight ones were chosen so that they can run at real-time on embedded
devices for HD inputs.
The results of our experiments are summarized in Tables 1,2,3 and 4
for the ResNet6-l0.25, ResNet-6, ResNet-8 and ResNet-18 networks and all
datasets. The general-class method is denoted as GC, the instance-specific
case as IS and a combination of the two is also investigated and denoted as
GC+IS. The proposed variants lead to increases in accuracy in all cases over
the baseline models. Note that, despite the increased training cost, the cost
during deployments remains the same as that of the baseline models.
For the lighweight ResNet-6l0.25 model, both the GC and IS methods
12

Dataset
CIFAR10
CIFAR100
STL10
SVHN
FashionMNIST

Baseline

GC

IS

GC+IS

86.81
62.02
59.78
95.09
92.73

87.37
62.59
60.78
95.54
93.38

87.50
62.37
63.29
95.44
93.20

87.63
62.00
62.26
95.17
93.41

Table 1: Res-Net-6l0.25 results on all datasets.

outperform the baseline separately and in combination. However, the combined GC+IS method only offers a small improvement over the GC variant
in the CIFAR10 dataset, and otherwise performs the same or slightly worse
than the independent variants. The combined GC+IS is a more difficult
scheme for this somewhat weak classifier, in terms of its learning capability.
The results are similar for the ResNet-6 model. The proposed GC, IS
and GC+IS outperform the baseline training for all datasets. The combined
variant exceeds the performance of each of the GC, IS methods on the STL10
and FashionMNIST datasets in this case. It also does not perform significantly worse for the rest of the datasets than the GC and IS methods. This
classifier contains four times as many learnable parameters as the ResNet6l0.25 model, which is visible in the overall better results, with the exception
of the STL10 dataset.
Dataset
CIFAR10
CIFAR100
STL10
SVHN
FashionMNIST

Baseline

GC

IS

GC+IS

90.22
69.05
45.01
95.21
93.10

91.78
71.37
45.94
96.09
93.55

91.42
69.85
45.35
95.66
93.44

91.49
71.13
46.91
95.92
93.71

Table 2: ResNet6 results on all datasets.

Moving on to the ResNet-8 model, the performance of the baseline model
is significantly better than the previous, more lightweight models. Furthermore, all proposed methods improve upon that baseline. In three out of the
five datasets, the combined GC+IS performs better than the corresponding
GC and IS methods.
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Dataset
CIFAR10
CIFAR100
STL10
SVHN
FashionMNIST

Baseline

GC

IS

GC+IS

93.71
73.95
73.75
95.46
93.88

94.08
74.99
74.66
96.10
94.19

93.93
74.41
75.19
95.54
94.06

93.95
74.91
75.55
96.14
94.45

Table 3: ResNet8 results on all datasets.

Finally, the deepest network, namely ResNet-18, achieves overall better
baseline results than the previous models. All of the proposed variants improve the performance of the model on all datasets. Notice that the combined
GC+IS method performs better than the GC and IS methods for four out
of five datasets for this model, indicating the existence of a correlation between the network depth, and capacity learning and the effectiveness of the
combined GC+IS method.
Dataset
CIFAR10
CIFAR100
STL10
SVHN
FashionMNIST

Baseline

GC

IS

GC+IS

93.92
75.81
71.88
95.95
93.88

94.41
77.40
72.58
96.48
94.35

94.43
77.11
73.53
96.17
94.21

94.79
77.27
76.23
96.63
94.53

Table 4: ResNet18 results on all datasets.

As mentioned, the combination of the two methods is riskier than each of
the methods used separately, and it seems to work better when the classifier
used has a higher learning capacity. This can be attributed to two factors.
First, to the better performance of the deeper baseline networks, corresponding to a deeper knowledge of the datasets. Second, the networks with more
parameters have more freedom to learn.
Figures 5a and 5b show the loss and accuracy error progression during
training of the ResNet-18 model on the CIFAR100 dataset, for the baseline
and GC methods.
We finally compare the performance of the proposed method with various
state-of-the-art soft label methods, in the CIFAR100 dataset. The results are
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Figure 5: (a) Loss curves and (b) accuracy error progression, for baseline and GC methods,
using ResNet-18 on CIFAR100.

presented in Table 5, in terms of baseline accuracy, accuracy using each compared method, and relative improvement in accuracy, to account for different
training hyperparameters for each method. The proposed method provides
a significant relative improvement, comparable to similar methods.
Network

Method

ResNet-18 Ours, GC
Ours, IS
Ours, GC+IS

Acc

Acc w/ Method Rel. Impr.

75.81

77.40
77.11
77.27

2.09
1.71
1.92

Tf-KD [14]
75.87
TSLA [17], best
76.87
DynLS [10], Class
77.1
DynLS [10], Instance 77.1
LabelEmb [22]
72.65

77.10
78.55
78.8
79.2
76.03

1.62
2.13
2.20
2.72
4.65

76.09
72.7

1.81
0.83

ResNet-56 OLS [19]
LS [15]

74.73
72.1

Table 5: Relative improvement in accuracy for the CIFAR100 dataset.
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5. Conclusions
In this paper, soft label embedding methods were studied and two variants were proposed, with an aim to capture both general-class resemblances
as well as instance-specific similarities, and to incorporate these into the
training process of neural classifiers in order to ease the training process.
For the general-class a simple linear network was used to generate labels
which are a linear combination of the groundtruth one-hot encodings. As
the training process progresses, the network learns to capture general correlations between the classes, allowing the network to achieve lower errors for
well-classified but difficult samples and so to focus on incorrectly classified
samples. In the instance-specific case, the addition of a decoder network and
corresponding reconstruction error leads the logits learned by the classifier to
retain information necessary for the reconstruction, which acts as a regularizer upon the class labels. The proposed methods were shown experimentally
to lead to increased performance in various networks and datasets, both in
the general-class and instance-specific cases, as well as in a combination of
the two.
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Abstract
Several deep supervised hashing techniques have been proposed to allow for extracting compact and efficient neural
network representations for various tasks. However, many deep supervised hashing techniques ignore several informationtheoretic aspects of the process of information retrieval, often leading to sub-optimal results. In this paper, we propose
an efficient deep supervised hashing algorithm that optimizes the learned compact codes using an information-theoretic
measure, the Quadratic Mutual Information (QMI). The proposed method is adapted to the needs of efficient image
hashing and information retrieval leading to a novel information-theoretic measure, the Quadratic Spherical Mutual
Information (QSMI). Apart from demonstrating the effectiveness of the proposed method under different scenarios and
outperforming existing state-of-the-art image hashing techniques, this paper provides a structured way to model the
process of information retrieval and develop novel methods adapted to the needs of different applications.
Keywords: Deep Supervised Hashing, Compact Representations, Quadratic Mutual Information, Image Hashing
1. Introduction
The vast amount of data available nowadays, combined
with the need to efficiently and promptly provide answers
to users’ queries led to the development of several hashing techniques [1, 2]. Hashing provides a way to represent
objects using compact codes, that allow for performing
fast and efficient queries in large object databases, lowering the computational requirements and accelerating many
information retrieval-based applications. The increasing
need to perform inference on the edge using embedded devices with limited processing power [3, 4], along with the
vast amount of multimedia data collected from various sensors [5, 6], further stress the need for developing efficient
hashing methods.
Early hashing methods, e.g., Locality Sensitive Hashing
(LSH) [7], focused on extracting generic codes that could,
in principle, describe every possible object and information
need. However, it was later established that supervised
hashing, that learns compact hash codes that are tailored
to the task at hand, can significantly improve the retrieval
precision, as well as reduce the size of the extracted codes.
In this way, it is possible to learn even smaller hashing
codes, since the extracted code must only encode the information needs for which the users are actually interested
in. However, note that the extracted hash codes must also
encode part of the semantic relationships between the enEmail addresses: passalis@csd.auth.gr (Nikolaos Passalis),
tefas@csd.auth.gr (Anastasios Tefas)
Preprint submitted to Elsevier

coded objects, to allow for providing a meaningful ranking of the retrieved results. Many supervised and semisupervised hashing methods have been proposed [8, 9, 10].
However, many deep supervised hashing techniques ignore
several information-theoretic aspects of the process of information retrieval, often leading to sub-optimal results.
For example, many methods employ the pairwise distances
between the images [8, 9, 11], or are based on sampling
triplets that must satisfy specific relationships according
to the given ground truth [10, 12]. On the other hand,
information-theoretic measures, such as mutual information [13], have been proven to provide robust solutions to
many machine learning problems, e.g., classification [13].
However, very few steps towards using these measures for
supervised hashing tasks have been made so far.
In this paper, we provide a connection between an
information-theoretic measure, the Mutual Information
(MI) [13], and the process of information retrieval. More
specifically, we argue that mutual information can naturally model the process of information retrieval, providing
a solid framework to develop efficient retrieval-oriented supervised hashing techniques. Even though MI provides a
well-defined theoretical formulation for the problem of information retrieval, applying it in real scenarios is usually
intractable, since there is no efficient way to calculate the
actual probability densities, that are involved in the calculation of MI. The great amount of data as well as their
high dimensionality further complicate the practical application of such measures.
The main contribution of this paper is the proposal of an
January 13, 2021

efficient deep supervised hashing algorithm that is capable
of extracting short and efficient codes using a novel extension of an information-theoretic measure, the Quadratic
Mutual Information (QMI) [14]. The architecture of the
proposed method is shown in Fig. 1. To derive a practical
algorithm that can efficiently scale to large datasets:

regularizer [11], that ensures that the output of the network can be readily transformed into a compact hash code.
Most of the proposed methods fall into one of the following
two categories according to the loss function employed for
learning the supervised codes: a) pairwise-based hashing
methods [2, 8, 9, 11, 18, 23, 24, 25] and b) triplet-based
hashing methods [10, 12, 26].
Pairwise-based methods work by learning hash codes
that minimize / maximize the pairwise distance / loglikelihood between similar / dissimilar pairs, e.g., Convolutional Neural Network (CNN)-based hashing [9], network in network hashing [8], deep hashing network [11],
deep pairwise-supervised hashing [24], deep hashing network [11], and deep supervised discrete hashing [18]. More
advanced pairwise methods employ margins that allow for
learning more regularized representations, e.g., deep supervised hashing [2], use asymmetric hashing schemes, e.g.,
deep asymmetric pairwise hashing [25], asymmetric deep
supervised hashing [23], discriminative deep metric learning for asymmetric discrete hashing [27], or use more advanced techniques to obtain the binary codes, e.g., hashing
by continuation [28], or focus on cross-modal retrieval [29].
Triplet-based methods work by sampling an anchor
point along with a positive and a negative example [10,
12, 26, 30]. Then, they learn codes that increase the similarity between the anchor and the positive example, while
reducing the similarity between the anchor and the negative example. However, triplet-based methods are significantly more computationally expensive than pairwisebased methods, requiring a huge number of triplets to be
generated (many of which convey no information, since
they are already satisfied by the code learned by the network), limiting their practical application. Also note that
many non-deep supervised hashing methods have also been
proposed, e.g., [31, 32, 33], but an extensive review of them
is out of the scope of this paper. The interested reader is
referred to [34] for an extensive literature review on hashing.
More recent works on deep supervised hashing employ
objectives based on class-wise loss [35], semantic clusterbased unary loss [36], multi task-based loss [37], list-wise
loss [38], or using anchor graphs for defining the loss function and further improving the hashing performance [39].
Furthermore, an end-to-end supervised product quantization approach for information retrieval was proposed
in [40], while deep discrete hashing approaches [18, 41],
incremental hashing methods [42] and correlation filteringbased fine-grained hashing approaches [43] have also been
utilized to the same end.
The use of MI has also been investigated to aid various
aspects of the retrieval process. In [44, 45] MI is employed
to provide relevance feedback, in [46, 47], MI is used to
provide a powerful deep hashing formulation, while in [48]
MI is employed for performing locality sensitive hashing.
The Shannon’s definition for MI is used in [46] and [47],
leading to employing a Monte Carlo sampling scheme to
approximate MI, together with a differentiable histogram

1. We adapt QMI to the needs of supervised hashing by
employing a similarity measure that is close to the
actual distance used for the retrieval process, i.e., the
Hamming distance. This gives rise to the proposed
Quadratic Spherical Mutual Information (QSMI). It
is also experimentally demonstrated that the proposed QSMI is more robust compared to the classical Gaussian-based Kernel Density Estimation used
in QMI [14], while it does not require careful tuning
of any hyper-parameters.
2. We propose using a more smooth optimization objective employing a novel square clamping approach.
This allows for significantly improving the stability of
the optimization, while reducing the risk of converging to bad local minima.
3. We adapt the proposed approach to work in batchbased setting by employing a method that dynamically estimates the prior probabilities, as they are observed within each batch. In this way, the proposed
method can efficiently scale to larger datasets.
4. We demonstrate that the proposed method can be
readily extended to efficiently handle different scenarios, e.g., retrieval of unseen classes [15].
The proposed method is extensively evaluated using five
image datasets, including two standard datasets used for
evaluating supervised hashing methods, the CIFAR10 [16]
and NUS-WIDE [17] datasets, and it is demonstrated that
it outperforms several existing approaches. Following the
suggestions of [15], we also evaluate the proposed method
in a different evaluation setup, where the learned hash
codes are evaluated using unseen information needs.
The rest of the paper is structured as follows. The related work is discussed in Section 2. The proposed method
is presented in detail in Section 3, while the experimental
evaluation is provided in Section 4. Finally, Section 5 concludes the paper.
2. Related Work
The increasing interest for learning compact hash codes,
together with the great learning capacity of recent deep
learning models, led to the development of several deep
supervised hashing techniques [11, 18], along with semisupervised approaches [19, 20] and sophisticated unsupervised ones [21, 22]. Deep supervised hashing techniques
involve: a) a deep neural network, that is used to extract
a representation from the data, b) a (semi)-supervised loss
function, that is used to train the network, and c) a hashing mechanism, e.g., an appropriate non-linearity [18] or
2

Figure 1: Pipeline of the proposed method: A deep convolutional neural network (CNN) is used to extract a representation that can be used
to directly obtain a compact binary hash code. The network is optimized using the proposed Quadratic Spherical Mutual Information loss
that is adapted towards the needs of efficient image hashing.

binning technique. It should be noted that our approach is
vastly different, since instead of approximating MI through
random sampling, we analytically derive computationally
tractable solutions for calculating MI through a closedform solution obtained through a Quadratic Mutual Information formulation. Therefore, even though both approaches begin with the same objective, i.e., maximizing
mutual information between the hash codes and the information needs, a significantly different approach is employed for tackling the intractable problem of mutual information estimation and optimization in high dimensional
spaces.
To the best of our knowledge, this is one of the first
works that employs a quadratic spherical mutual information loss fully adapted to the needs of deep supervised
hashing. Apart from deriving a practical algorithm and
demonstrating its ability to outperform existing state-ofthe-art methods, the proposed method provides a complete
framework that can be used to model the process of information retrieval. This formulation is fully differentiable
allowing for the end-to-end optimization of deep neural
networks for any retrieval-related task, ranging from learning retrieval-oriented representations and compact hash
codes to fine-tuning the extracted representations using
relevance feedback.

needs. For example, an image that depicts a “red car near
a beach” fulfills at least the following information needs:
“car”, “red car”, “beach”, “car near beach”. Note that
the information needs that an image actually fulfills depend on both its content and the needs of the users, since,
depending on the actual application, the interests of the
users are usually focused on a specific area. For example,
an image of a man entering a bank represents different information needs for a forensics database used by the police
to identify suspects and for a generic web search engine.
The problem of information retrieval can be then defined
as follows: Given an information need q retrieve the images of the collection Y that fulfill this information need
and rank them according to their relevance to the given
information need. This work focuses on content-based information retrieval [49], where the information need q is
expressed through a query image q ∈ Rn , that is usually
not part of the collection Y.
To be able to measure how well an information retrieval
system works, a ground truth set that contains a set of
information needs and the corresponding images that fulfill these information needs is usually employed. Let M
be the number of information needs Q = {q1 , q2 , ..., qM }.
Then, for each information need qi , a set of images Qi =
(i)
(i)
(i)
(i)
{y1 , y2 , ..., yNi }, where yj ∈ Rn is the representation
of the j-th image that fulfills the i-th information need, is
given. Note that |Qi |= Ni . Since all these images fulfill
the same information need, they can be all used as queries
to express this information need. However, there are also
other images, which are usually not known beforehand,
that also express the same information need and they can
be also used to query the database. The distribution of
the images that fulfill the i-th information need can be
modeled using the conditional probability density function
p(y|qi ).

3. Proposed Method
The proposed method is presented in detail in this Section. First, the links between mutual information and
information retrieval are provided. Then, the quadratic
mutual information is introduced, the proposed quadratic
spherical mutual information is derived and several aspects
of the proposed method are discussed.
3.1. Information Retrieval and Mutual Information

Let Y be a random vector that represents the images
and Q be a random variable that represents the information needs. The Shannon’s entropy of the information
needs, that expresses the uncertainty regarding the information need that a randomly sampled image fulfills, is

Let Y = {y1 , y2 , ..., yN } be a collection of N images,
where yi ∈ Rn is the representation of the i-th image extracted using an appropriate feature extractor, e.g., a deep
neural network. Each image yi fulfills a set of information
3

defined as [13]:

Mutual Information (QMI) is defined as [14]:
H(Q) = −

X

P (q)log(P (q)),

(1)

IT (Q, Y ) =

q

q

where P (q) is the prior probability of the information need
q, i.e., the probability that a random image of the collection fulfills the information need q. Note that above definition implicitly assumes
P that the information needs are
mutually exclusive, i.e., q P (q) = 1, or equivalently, that
each image satisfies only one information need. This is
without loss of generality, since it is straightforward to extend this definition to the general case, where each image
can satisfy multiple information needs, simply by measuring the entropy
of each information need separately:

P 
H(Q) = − q P (q)log(P (q)) + (1 − P (q))log(1 − P (q)) .
To simplify the presentation of the proposed method,
we assume that the information needs are mutually exclusive. Nonetheless, the proposed approach can be still
used with minimal modifications, as we also experimentally demonstrate in Section 4, even when this assumption
does not hold. When the query vector is known, then the
uncertainty of the information need that it fulfills can be
expressed by the conditional entropy:
H(Q|Y ) = −

Z

y

p(y)

XZ

X

!

p(q|y)log(p(q|y)) dy.

q

(p(q, y) − P (q)p(y))2 dy.

(4)

By expanding (4), QMI can be expressed as the sum of
three information potentials as IT (Q, Y ) = VIN (Q, Y ) +
V
Y) =
R (Q, Y ) 2− 2VBT W (Q, Y ), where:
PALL
P R VIN (Q,
(Q, Y ) =
P (q)2 p(y)2 dy,
q y p(q, y) dy, VALL
q
y
P R
and VBT W (Q, Y ) = q y p(q, y)P (q)p(y)dy.
To calculate these quantities, the probability P (q) and
the densities p(y) and p(q, y) must be estimated. The
prior probabilities depend only on the distribution of the
information needs in the collection of images. Therefore,
i
for the i-th information need: P (qi ) = N
N , where Ni is the
number of images that fulfill the i-th information need.
The conditional density of the images that fulfill the ith information need can be estimated using the Parzen
window estimation method [50]:
p(y|qi ) =

Ni
1 X
(i)
K(y − yj ; σ 2 ),
Ni j=1

(5)

where K(y; σ 2 ) is a Gaussian kernel (in an n-dimensional
space) with width σ defined as:

(2)

K(y; σ) =

1
(2π)n/2

yT y
√ exp(−
).
2σ
σ

(6)

Then, the joint probability density can be estimated as:

Mutual information is defined as the amount by which
the uncertainty for the information needs is reduced after
observing the query vector:
I(Q, Y ) = H(Q) − H(Q|Y )


XZ
p(q, y)
=
p(q, y)log
dy.
P (q)p(y)
y
q

y

p(qi , y) = p(y|qi )p(qi ) =

Ni
1 X
(i)
K(y − yj ; σ 2 ),
N j=1

(7)

while the density of all the images as:

(3)

p(y) =

It is easy to see that MI can be interpreted as the KullbackLeibler divergence between p(q, y) and P (q)p(y). It is desired to maximize the MI between the representation of the
images Y and the information needs Q, since this ensures
that the uncertainty regarding the information need, that
a query image expresses, is minimized. Also, note that
MI models the intrinsic uncertainty regarding the query
vectors, since it employs the conditional probability density between the information needs and the images. On
the other hand, it is usually intractable to directly calculate the required probability density p(y|qi ) and the corresponding integral in (3), limiting the practical applications
of MI. However, as it is demonstrated later, it is possible to
efficiently estimate the aforementioned probability density
and derive a practical algorithm that maximizes the MI
between a representation and a set of information needs.

N
1 X
(i)
K(y − yj ; σ 2 ).
N j=1

(8)

By substituting these estimations into the definitions
of the information potentials, the following quantities are
obtained:
VIN (Q, Y ) =

M Nk Nk
1 XXX
(k)
(k)
K(yi − yj , 2σ 2 ),
N2
i=1 j=1

(9)

k=1

1
VALL (Q, Y ) = 2
N

2
M 
X
Nk

k=1

N

!

N X
N
X
i=1 j=1

K(yi − yj , 2σ 2 ),
(10)

and
!

 Nk N
M
1 X
Nk X X
(k)
2
VBT W (Q, Y ) = 2
K(yi − yj , 2σ ) ,
N
N i=1 j=1
k=1

(11)

where the following property regarding the convolution
R
between two Gaussian kernels was used:
K(y −
y
2
2
2
yi ; σ )K(y − yj ; σ )dy = K(yi − yj , 2σ ). The information potential VIN expresses the interactions between the
images that fulfill the same information need, the information potential VALL the interactions between all the images

3.2. Quadratic Mutual Information
When the aim is not to calculate the exact value of
MI, but to optimize a distribution that maximizes the MI,
then a quadric divergence metric, instead of the KullbackLeibler divergence, can be used. In this way, the Quadratic
4

of the collection, while the potential VBT W models the interactions of the images that fulfill a specific information
need against all the other images. Therefore, the QMI formulation allows for the efficient calculation of MI, since
the MI is expressed as a weighted sum over the pairwise
interactions of the images of the collection.
Using Parzen window estimation with a Gaussian kernel
for estimating the probability density leads to the implicit
assumption that the similarity between two images is expressed through their Euclidean distance. Thus, the images that fulfill an information need expressed by a query
vector q can be retrieved simply using nearest-neighbor
search.

cos
VALL
(Q, Y )

cos
VBT
W (Q, Y )




y1T y2
+1 ,
ky1 k2 ky2 k2

Scos (yi , yj ), (15)

i=1 j=1

!
 Nk N

M
Nk X X
1 X
(k)
Scos (yi , yj ) .
= 2
N
N i=1 j=1

(16)

ITcos =

1 T
1N
N2



∆

S−


1
S 1N ,
M

(17)

where the indicator matrix is defined as:
[∆]ij

(
1,
=
0,

if the i-th and the j-th documents are similar
otherwise.
(18)

The notation 1N ∈ RN is used to refer an N -dimensional
vector of 1s, while the operator denotes the Hadamard
product between two matrices. Please refer to the Appendix A for a more detailed derivation. This formulation
also allows for directly handling information needs that
are not mutually exclusive. In this case, the values of the
indicator matrix are appropriately set to 1, if two images
share at least one information need.
Instead of directly optimizing the QSMI, we propose
using a “square clamp” around the similarity matrix S,
smoothing the optimization surface. Therefore, given that
the values of S range in the unit interval, the loss function
is re-derived as:
LQSM I =

1 T
1N
N2



∆

(S − 1)

(S − 1) +

1
(S
M


S) 1N .

(19)

As shown in Figure 2a this formulation penalizes the
pairs with larger error more heavily than those with
smaller error, allowing for discovering more robust solutions. This modification effectively addresses the limitation (d), as we also experimentally demonstrate in the ablation study given in Section 4.
The complexity for calculating QSMI is quadratic, since
cos
cos
cos
calculating VIN
, VALL
and VBT
W require a quadratic
number of similarity calculations, i.e., O(N 2 ). To allow
for scaling to larger datasets, batch-based optimization is
used. This allows for reducing the complexity of QMI from
O(N 2 ) to just O(NB2 ) for one optimization step, where
NB is the used batch size that typically ranges from 64 to
256. Therefore, the total complexity for completing one
training epoch is reduced from O(N 2 ) to O(N NB ). Note
that during inference, the proposed method does not require any method-specific components, and, as a result,
the complexity only depends on the used network architecture and the length of the hash codes. However, also

(12)

cos
cos
cos
ITcos (Q, Y ) = VIN
(Q, Y )+VALL
(Q, Y )−2VBT
W (Q, Y ), (13)

where
M Nk Nk
1 XXX
(k)
(k)
Scos (yi , yj ),
N2
i=1 j=1

N X
N
X

Note that when the information needs are equiproba1
, then QSMI can be simplified as
ble, i.e., P (q) = M
cos
cos
cos
IT (Q, Y ) = VIN (Q, Y ) − VBT
Therefore,
W (Q, Y ).
when this assumption holds, QSMI can be easily implemented just by defining the similarity matrix S ∈ RN ×N ,
where [S]ij = Scos (yi , yj ) and the notation [S]ij is used to
refer to the i-th row and j-th column of matrix S. Then,
QSMI can be calculated as:

where k·k2 is the l2 norm of a vector. In this way, we
maintain the computationally efficient QMI formulation
and avoid the need for manually tuning the width parameter of the Gaussian kernel, while adopting a formulation
that is close to the Hamming distance that is actually used
for the retrieval process [33].
Therefore, QSMI is defined as:

cos
VIN
(Q, Y ) =

N

!

k=1

Even though QMI allows for more efficient optimization
of distributions, it suffers from several limitations: a) QMI
involves the calculation of the pairwise similarity matrix
between all the images of a collection. This quickly becomes intractable as the size of the collection increases. b)
Selecting the appropriate width for the Gaussian kernels
is not always straightforward, as a non-optimal choice can
distort the feature space and slow down the optimization.
c) The discrepancy between the distance metric used for
QMI (Euclidean distance) and the distance used for the
actual retrieval of the hashed images (Hamming distance)
can negatively affect the retrieval accuracy. Finally, d) it
was experimentally observed that directly optimizing the
QMI is prone to bad local minima, due to the linear behavior of the loss function that fails to distinguish between
the pairs of images that cause high error and those which
have a smaller overall effect on the learned representation
(more details are given later in this Section).
To overcome the limitations (b) and (c), we propose
the Quadratic Spherical Mutual Information (QSMI). The
proposed QSMI method replaces the Gaussian kernel in
(6), used for calculating the similarity between two images
in the information potentials in (9), (10), and (11), with
the cosine similarity:
1
2

k=1

and

3.3. Quadratic Spherical Mutual Information Optimization

Scos (y1 , y2 ) =

2
M 
X
Nk

1
= 2
N

(14)

k=1
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note that this implies that each batch will contain images only from a subsample of the available information
needs. This in turn means that the observed in-batch prior
probability P (q) will not match the collection-level prior,
leading to underestimating the influence of the potential
VALL to the optimization. To account for this discrepancy, we propose a simple heuristic to estimate the inbatch prior, i.e., the value of M in (28): M is estimated
as M = NB2 /(1TNB ∆1NB ), where NB is the batch size.
To understand the motivation behind this, consider that
if the whole collection was used for the optimization, then
N 2
) = 1TN ∆1N .
the number of 1s in ∆ would be: M ( M
Solving this equation for M yields the value used for approximating M . Note that the value of M is not constant
and depends on the distribution of the samples in each
batch. It was experimentally verified that this approach
indeed improves the performance of the proposed method
over using a constant value for M .

data. This allows for discovering information needs dictated by the structure of the data. Let LQSM I+U denote the loss induced by applying the QMSI loss function on these information needs. Then, the final loss
function for this semi-supervised variant is defined as:
L = LQSM I + αLhash + βLQSM I+U . This variant is used
for the experiments conducted in Section 4.4.

3.4. Deep Supervised Hashing using QSMI

4.1. Datasets and Evaluation Metrics
Five image datasets are used to evaluate the proposed
method in this paper: The Fashion MNIST dataset, the
CIFAR10 dataset, the NUS-WIDE dataset, the MS COCO
dataset, as well as the ILSVRC dataset.
The Fashion MNIST dataset is composed of 60,000
training images and 10,000 test images [51]. The size of
each image is 28 × 28 pixels (gray-scale images) and there
is a total of 10 different classes (each one expresses a different information need). The whole training set was used to
train the networks and build the database, while the test
set was used to query the database and evaluate the performance of the methods. The CIFAR10 dataset is composed
of 50,000 training images and 10,000 test images [16]. The
size of each image is 32×32 pixels (color images) and there
is a total of 10 different classes (information needs). The
NUS-WIDE is a large-scale dataset that contains 269,648
images that belong to 81 different concepts [17]. The images were resized to 224×224 pixels before feeding them to
the network. Following [24], only images that belong to the
21 most frequent concepts, i.e., 195,834 images, were used
for training/evaluating the methods. Each image might
belong to multiple different concepts, i.e., the information
needs are not mutually exclusive. For evaluating the methods, two images were considered relevant if they share at
least one common concept, which is the standard protocol used for this dataset [24]. Similarly to the other two
datasets, the whole training set (193,734 randomly sampled images) was used to train the networks and build the
database, while 2,100 randomly sampled queries (100 from
each category) were employed to evaluate the methods.
The MS COCO dataset [52] is another large-scale multilabel dataset that contain 80 different categories. For this
dataset we followed a similar standardized setup, as reported in [53]. The ILSVRC dataset [54] is a large-scale
image dataset that contains more than one million images
that belong to 1,000 different categories. All training images were used for optimizing the models and building the

4. Experimental Evaluation
The proposed method is extensively evaluated in this
Section, using both an ablation study and comparing it
to other state-of-the-art methods. First, the used datasets
and the employed evaluation setup are briefly described.
The hyper-parameters and the network architectures used
for the evaluation are provided in Appendix B. Finally,
an ablation study is provided and the proposed method is
evaluated using five different datasets.

The proposed QSMI is used to train a deep neural network to extract short binary hash codes, as shown in Fig. 1.
Let x be the raw representation of an image (e.g., the pixels of an image) and let y = fW (x) ∈ Rn be the output
of a neural network fW (·), where W denotes the matrix
of the parameters of the network and n is the length of
the hash code. Apart from learning a representation that
minimizes the JQSM I loss, the network must generate an
output that can be easily translated into a binary hash
code. Several techniques have been proposed to this end,
e.g., using the tanh function [34]. In this work, the output
of the network is required to be close to two possible values, either 1 or -1. Therefore, the used hashing regularizer
is defined, following the recent deep supervised hashing
approaches [2], as:
Lhash =

N
X
k|yi |−1n k1 ,

(20)

i=1

where |·| denotes the absolute value operator and ||·||1 denotes the l1 norm. The final loss function is defined as:
L = LQSM I + αLhash ,

(21)

where α is the weight of the hashing regularizer. The network fW (·) can be then trained using gradient descent, i.e.,
∂J
, where η is the used learning rate. Please
∆W = −η ∂W
refer to Appendix A on details regarding the derivation of
∂J
∂W . After training the network, the hash codes can be
readily obtained using the sign(y) function.
Even though learning highly discriminative hash codes
is desired for retrieving data that belong to the training
domain, it can negatively affect the retrieval for previously
unseen information needs [15]. The proposed method can
be also easily modified to optimize the hash codes toward
other unsupervised information needs. Even though any
source of information can be used, in this work the information needs are discovered by clustering the training
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Table 1: Ablation study using the Fashion MNIST dataset (the mAP
is reported)

database, while the validation images were used for querying the database and evaluating the quality of the learned
hash codes. Note that a 20-way classification setup is employed, i.e., for each experiment 20 different classes were
randomly selected to build the database. All experiments
were repeated 20 times and the mean and standard deviation is reported for all the conducted experiments.
To evaluate the proposed method, the following four
metrics were used: precision, recall, mean average precision (mAP), and precision within hamming radius of
2. Nearest neighbor search using the Hamming distance
was used to retrieve the relevant documents [55]. Fol,
lowing [55], precision is defined as P r(q, k) = rel(q,k)
k
where k is the number of retrieved objects and rel(q, k)
is the number of retrieved objects that fulfill the same information need as the query q, while recall is defined as
rel(q,k)
Rec(q, k) = ntotal(q)
, where ntotal(q) is the total number of database objects that fulfill the same information
as q. Precision within hamming radius of 2 is defined as:
relH2 (q)
, where relH2 (q) is the number of
P rH2 (q) = total
H2 (q)
relevant documents within hamming distance 2 from the
query, while totalH2 (q) is the total number of documents
within hamming distance 2 from the query. Furthermore,
we use the notation (APα ) to refer to the average precision over all queries at the α-th recall level. For all the
experiments conduncted in this work we report the mean
Average Precision at eleven equally spaced recall points
(0, 0.1, ..., 0.9, 1) calculated as:
X
1
APα .
(22)
mAP =
11 α=0, 0.1, ..., 0.9, 1

Clamped
No
Yes
Yes

Spherical
No
No
Yes

mAP
0.727 ± 0.008
0.816 ± 0.009
0.861 ± 0.004

precision (< 2bits)
0.674 ± 0.021
0.864 ± 0.010
0.876 ± 0.004

Table 2: Fashion MNIST Evaluation (the mAP for different hash
code lengths is reported)

Method
12 bits
24 bits
36 bits
48 bits
DSH
0.761 ± 0.02 0.792 ± 0.01 0.809 ± 0.01 0.819 ± 0.01
0.767 ± 0.02 0.773 ± 0.01 0.774 ± 0.01 0.759 ± 0.01
DPSH
Proposed 0.842 ± 0.01 0.857 ± 0.01 0.858 ± 0.01 0.861 ± 0.01

in Table 1. First, employing the proposed clamped loss,
instead of directly optimizing the QMI (σ = 10), improves
the hashing precision, confirming our hypothesis regarding
the benefits of using the proposed clamped loss (as also described in the previous Section and shown in Fig. 2a). This
is also confirmed in the learning curve shown in Fig. 2b,
where both the proposed clamped loss and MI are monitored during the optimization. Optimizing the proposed
clamped loss is directly correlated with the QMI and the
proposed QSMI, both of which steadily increase during
the 50 training epochs. When the spherical formulation
is used (QSMI method), then the mAP further increase
to 86.1% from 72.7% (standard QMI formulation). The
effect of the regularization parameter α for three datasets
(Fashion MNIST, CIFAR-10 and NUS-WIDE) is evaluated in Fig. 3. The proposed method is quite stable and
consistently achieve the best performance for α = 0.01.
However, note that this parameter can have a significant
effect on the learned hash codes, since a sub-optimal choice
can significantly reduce the retrieval precision, as demonstrated in Fig. 3, especially for the NUS-WIDE dataset.
The proposed method was compared to two other stateof-the-art techniques, the Deep Supervised Hashing (DSH)
method [2] and the Deep Pairwise Supervised Hashing
(DPSH) method [24]. We carefully implemented these
methods in a batch-based setting and we tuned their
hyper-parameters to obtain the best performance (please
refer to Appendix B). The evaluation results are shown
in Table 2. The proposed method is abbreviated as “QSMIH” and significantly outperforms the other two competitive pairwise hashing techniques. Recall that a deep
CNN, that was trained from scratch, was employed for the
conducted experiments. Again, the proposed method outperforms all the other methods for all the evaluated hash
code lengths.

For multi-label datasets, such as the NUS-WIDE dataset,
we calculated precision based on the agreement on the labels of the query, e.g., retrieving objects that carry only
half of the labels of the query would lead to a 50% precision
for each of them, while retrieving an object that is annotated with all the labels of the query (and possibly more)
would lead to a precision of 100% for the specific object.
Then, using this definition, mean Average Precision can
be similarly calculated for multi-label datasets.
Finally, note that the proposed method was implemented using the PyTorch framework [56] (version 1.0),
while the experimental evaluation was conducted on an
8-core workstation that was equipped with an RTX 2060
Graphics Processing Unit (GPU). An open-source implementation of the proposed method is available at https:
//github.com/passalis/qsmi.
4.2. Ablation Study
First, the Fashion MNIST dataset [51], is used to perform an ablation study. The effect of various design
choices, i.e., using the proposed clamped loss and spherical formulation, is evaluated in Table 1. The mean Average Precision (mAP) is averaged over 5 runs, while the
code length was set to 48 bits for these experiments. Several conclusions can be drawn from the results reported

4.3. Supervised Hashing Evaluation
The evaluation results for the CIFAR10 dataset are reported in Table 3. The proposed method outperforms
all the other techniques by a large margin for small code
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Figure 2: Ablation Study: Studying the differences between the original loss and the proposed hamming loss (Fig. 2a), and the effect of the
optimization on the QMI and QSMI measures (Fig. 2b).
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Table 3: CIFAR10 Evaluation (the mAP for different hash code
lengths is reported)

Method
DSH
DPSH
QSMIH

8 bits
0.936
0.776
0.962

12 bits
0.958
0.933
0.970

24 bits
0.967
0.971
0.971

36 bits
0.970
0.971
0.971

proposed method, 2.9 ms for the DSH method and 4.1 ms
for the DPSH method. Note that the actual overhead of
the proposed approach during training is small (less than
20% compared to DSH method), while there is no overhead
during inference, since the same architecture is used (0.7
ms is required per batch for feed-forwarding through the
hashing layer of the network). For all these cases, the batch
size was set to 128. Furthermore, the hash codes learned
using the proposed method were plotted using the t-SNE
algorithm [57] in Fig. 4. First, note the generalization abilities of the learned hash codes, since the structure of the
space remains the same for both the database and query
codes, while the representation of different classes remains
quite disentangled, both for the train and test sets. There
are some entanglements between different classes on the
query/test split, but this only concerns a relatively small
number of samples. Also, note that the intra-class similarities seem to be maintained, since the samples that belong
to the same class do not collapse into a single point, but
instead scatter around each class, both for the train and
test sets, leveraging the additional bits to encode these
similarities.
The proposed method was also compared to other
competitive deep supervised methods in Table 5. The
proposed method is compared to DNNH [58], DSH [2],
DPSH [24], HashNet [59], MIHash [46, 47], HashGAN [60]
and PGDH [61] methods using the same evaluation protocol, i.e., 1,000 test images are sampled, 5,000 images

48 bits
0.970
0.971
0.971

Table 4: Training and inference time evaluation (time per batch is
reported)

Method
DSH
DPSH
Proposed

Feed-forward
(inference)
2.9 ms
4.1 ms
3.4 ms

Back-propagation
(training)
0.7 ms
0.7ms
0.7ms

lengths, i.e., 8 and 12 bits. For larger hash codes, the
proposed method performs equally well with the DSH and
DPSH methods. However, the proposed method is capable of achieving almost the same performance as the DSH
and DPSH methods using less than half of the bits, highlighting the expressive power of the proposed technique.
The time required for training and performing inference
using three different methods is reported in Table 4. More
specifically, the time needed for performing one weight update in the last layer, i.e., calculating the loss and backpropagating the gradients in the last layer, is 3.4 ms for the
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Table 6: NUS-WIDE Evaluation (the mAP for different hash code
lengths is reported)

Method
DSH
DPSH
Proposed
10

0

10

8 bits
0.660
0.735
0.746

12 bits
0.659
0.748
0.753

24 bits
0.671
0.759
0.766

36 bits
0.689
0.758
0.764

48 bits
0.694
0.755
0.763

20

Table 7: ILSVRC Evaluation (20-way experiments, the mAP for
different hash code lengths is reported)
Figure 4: Visualization of the hash codes (48 bits) learned using
the proposed method on the CIFAR-10 dataset (30,000 training /
database samples are plotted on the left plot, while 10,000 testing
samples / queries are plotted on the right plot). The t-SNE [57]
algorithm was used for the visualization, while the perplexity of the
algorithm was set to 2.

Method
DSH
DPSH
DCH
Proposed

Table 5: CIFAR10 Evaluation: Comparison with other state-of-theart approaches (the mAP for different hash code lengths is reported)

Method
DNNH [58]
DSH [2]
DPSH [24]
HashNet [59]
HashGAN [60]
PGDH [61]
MIHash [46, 47]
Proposed

16 bits
0.555
0.689
0.646
0.703
0.668
0.736
0.760
0.762

32 bits
0.558
0.691
0.661
0.711
0.731
0.741
0.776
0.776

16 bits
0.922 ± 0.006
0.782 ± 0.036
0.944 ± 0.012
0.945 ± 0.004

32 bits
0.941 ± 0.004
0.909 ± 0.049
0.911 ± 0.016
0.951 ± 0.004

48 bits
0.945 ± 0.003
0.939 ± 0.020
0.902 ± 0.005
0.953 ± 0.003

methods using the same network and evaluation setup.
The evaluation results are shown in Table 6. Again, the
proposed method outperforms the rest of the evaluated
methods for any code length.
The proposed method was also evaluated using the
ILSVRC dataset. A DenseNet backbone pre-trained on
the same dataset was used [63], while the same hashing
architecture and experimental setup as the one used for
the NUS-WIDE dataset were employed. Note that a 20way retrieval setup, that was repeated 20 times, was used
for the evaluation. The experimental results are reported
in Table 7. Again, the proposed method outperforms the
other evaluated method, i.e., DSH [2], DPSH [24] and
DCH [64], leading to both larger mAP, as well as smaller
standard deviation among the different evaluation runs.
Finally, we also evaluated the proposed method with a
recent state-of-the-art approach for deep quantization, the
Central Similarity Quantization (CSQ) approach [53], as
well as against several other hashing approaches, demonstrating that further improvements that can be obtained
when the proposed method is employed. We followed the
same setup as in [53] and evaluated the proposed method
on both the NUS-WIDE and MS COCO datasets using
a ResNet-50 architecture. The evaluation results are provided in Table 8. Note that again the proposed method
led to the overall best results for all the evaluated datasets
and hash code lengths.

64 bits
0.623
0.716
0.686
0.739
0.749
0.762
0.761
0.780

For all the evaluated methods, apart from the proposed one, the results
are as reported in the corresponding literature, i.e., [61], [60] and [62].
The same setup and neural network architecture are used for the evaluated methods.

are used for training the models and the rest of them are
used to form the database. Note that the results for the
competitive methods are as reported in the corresponding
literature [60, 61, 62], while we also used the same neural
network architecture (AlexNet [54]) for the experiments
conducted using the proposed method. The proposed
method significantly outperforms most of the evaluated
methods, including the recently proposed HashGAN [60]
and PGDH [61] methods. It also achieves comparable performance with the MIHash approach for 16 and 32 bits.
However, for longer hash codes (64 bits), it further increases the mAP to 0.78 from 0.76 (next best performing
method).
The proposed QSMIH method was also evaluated using
the larger-scale NUS-WIDE dataset that contains 269,648
images that belong to 81 different concepts. Following [24],
we used the images that belong to the 21 most frequent
concepts, i.e., 195,834 images. Note that an image might
belong to more than one concept, i.e., fulfill multiple information needs. Furthermore, instead of using a subsample
of the training set, we used the whole training set (193,734
randomly sampled images) to learn the hash codes (all the
methods were used in a batch setting), and a test set of
2,100 randomly sampled queries was employed to evaluate
the methods. Since there are many differences in the evaluation protocol used by different papers for this dataset,
we compared the proposed method to the DSH and DPSH

Table 8: MS COCO and NUS-WIDE Evaluation using a ResNet-50
architecture (the mAP for the first 5000 results for different hash
code lengths is reported). The results for the competitive methods
are reported from [53].

Method
CNNH [9]
DNNH [58]
DHN [11]
HashNet [59]
DCH [64]
CSQ [53]
Proposed
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MS COCO
32 bits
64 bits
0.617
0.620
0.651
0.647
0.731
0.745
0.773
0.788
0.801
0.825
0.838
0.861
0.854
0.883

NUS-WIDE
32 bits
64 bits
0.659
0.647
0.738
0.754
0.759
0.771
0.775
0.790
0.795
0.818
0.825
0.839
0.830
0.842

Table 9: CIFAR10 Evaluation - Retrieval of Unseen Information
Needs (the mAP for different hash code lengths is reported)

Method
DSH
DPSH
Proposed

12 bits
0.615 ± 0.065
0.568 ± 0.082
0.691 ± 0.093

24 bits
0.689 ± 0.063
0.635 ± 0.078
0.795 ± 0.061

1
cos
. Then, the information potentials VALL
(Q, Y )
P (q) = M
cos
and VBT W (Q, Y ) can be calculated as:

36 bits
0.674 ± 0.055
0.658 ± 0.048
0.682 ± 0.144

cos
VALL
(Q, Y )

2
M 
X
Nk

1
= 2
N

2
M 
X
1
M

1
= 2
N

4.4. Retrieval of Unseen Information Needs

=

Finally, the proposed method was evaluated using the
evaluation setup proposed in [15], i.e., the 75% of the
classes were used to train the models and the rest 25% were
used to evaluate the models. The process was repeated
5 times using different class/information needs splits and
the mean and standard deviation are reported. The evaluation results are shown in Table 9. The proposed method
also employed 5 unsupervised information needs (discovered using the k-means algorithm on the 75% of the training data). The weight of the unsupervised loss in the
optimization was set to β = 0.5. The proposed variant,
denoted by “QSMIH+U” leads to significantly more regularized representations, that do not collapse outside the
training domain, increasing the mAP for unseen classes
from 0.689 to 0.795, demonstrating the flexibility of the
proposed approach as well as its effectiveness in this setup.
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= VALL
(Q, Y ),

1
N
, since P (q) = M
. Also,
where we assumed that Nk = M
cos
the VIN (Q, Y ) information potential can be expressed using the indicator matrix ∆:
cos
VIN
(Q, Y ) =

5. Conclusions

N Nk
1 XX
[∆]ij Scos (yi , yj ).
N 2 i=1 j=1

(25)

Therefore, the QSMI can be simplified as:

A deep supervised hashing algorithm, adapted to the
needs of efficient image retrieval, that optimizes the
learned codes using an novel information-theoretic measure, the Quadratic Spherical Mutual Information, was
proposed. The proposed method was evaluated using five
different datasets and evaluation setups and compared to
other state-of-the-art supervised hashing techniques. The
proposed method outperformed all the other evaluated
methods regardless the size of the used dataset and training setup, exhibiting a significantly more stable behavior
than the rest of the evaluated methods. More specifically,
when used with a randomly initialized network, the proposed QSMIH method managed to outperform the rest
of the methods by a large margin. On the other hand,
when combined with powerful pre-trained networks, again
it yielded the best results regardless the length of the used
hash code. Also, the proposed method provides theoretical
justification for several existing deep supervised hashing
techniques, while also paves the way for developing more
advanced representation learning techniques for information retrieval using the proposed information-theoretic formulation, e.g., handling cross-modal retrieval tasks [65].

cos
cos
ITcos (Q, Y ) = VIN
(Q, Y ) − VBT
W (Q, Y )

N
N 
1
1 XX
[∆]ij Scos (yi , yj ) −
Scos (yi , yj )
= 2
N i=1 j=1
M

(26)

Finally, using the proposed clamping method, the final
loss function is obtained as:
LQSM I =

N
N 
1 XX
[∆]ij (Scos (yi , yj ) − 1)2
N 2 i=1 j=1

(27)

1
+
(Scos (yi , yj ))2
M

since we aim to maximize (26). Also, note that (27) can
be equivalently expressed as:
LQSM I =

1 T
1N
N2



∆

(S − 1)

(S − 1) +

1
(S
M


S) 1N

(28)

allowing for efficiently implementing the proposed method.
To implement the gradient descent algorithm, the
∂LQSM I
derivative ∂W
, where W are the parameters of the employed neural network, must be calculated. This derivative
is calculated as:

Appendix A - Implementation Details

N

To simplify the implementation of the proposed method,
we assume that all the information needs are equiprobable:
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X
∂LQSM I
=
∂W
i=1



∂LQSM I
∂yi

T

∂yi
,
∂W

(29)

Table 10: Parameters used for the conducted experiments

Param.
Learn. rate
Batch size
Epochs
α
α
ηDP SH

Method
all
all
all
DSH
QSMIH
DPSH

F. MNIST
0.001
128
50
10−5
10−2
5/3*
(*36-48 bits)

CIFAR10
0.001
128
5
10−5
10−2
3

Table 11: Network architecture used for the Fashion MNIST dataset

Layer
Convolution
Max Pooling
Convolution
Max Pooling
Dense

NUS-WIDE
0.001
128
50
10−5
10−1
5


N
X
∂ (Scos (yi , yj ) − 1)2
[∆]ij
∂yi

j=1,i6=j

(30)

1 ∂ (Scos (yi , yj ))2
,
−
M
∂yi

where
∂ (Scos (yi , yj ) − 1)2
∂Scos (yi , yj )
= 2 (Scos (yi , yj ) − 1)
,
∂yi
∂yi
(31)

and
∂Scos (yi , yj )
∂ (Scos (yi , yj ))2
= 2Scos (yi , yj )
.
∂yi
∂yi

(32)

Finally, the derivative of the cosine similarity, needed
for calculating (31) and (32), can be computed as:
∂Scos (yi , yj )
1
=
∂[yi ]l
2



[yi ]l
[yj ]l
yiT yj
−
kyi k2 kyj k2
kyi k2 kyj k2 kyi k22



Filters / Neurons
32
64
# bits

Activation
ReLU
ReLU
-

on the CIFAR dataset, was used. For the NUS-WIDE
dataset, a DenseNet-201 (growth rate 32 and compression
rate 2), that was pretrained on the Imagenet dataset [67],
was also employed. The feature representation was extracted from the last average pooling layers of the networks. Then, two fully connected layers were used: one
with NH neurons and rectifier activation functions, and
one with as many neurons as the desired code length (no
activation function was used for the output layer). The
size of hidden layer was set to NH = 64 for the CIFAR10
dataset and to NH = 2048 for the NUS-WIDE dataset.
To speedup the training process, we back-propagated the
gradients only to the last two layers of the network, which
were trained to perform supervised hashing. For the
MS COCO and NUS-WIDE evaluation using the CSQ
approach (reported in Table 8), we used an Imagenetpretrained ResNet-50 architecture, while the batch size
was set to 32. We also combined the CSQ loss (Lhash ) with
the proposed one, after weighting the proposed one with
acsq = 0.001 to ensure that the gradients back-propagated
from the different losses are on the same magnitude. The
optimization ran for 20 epochs for the MS COCO dataset
and 10 epochs for the NUS-WIDE dataset.

where yi is the output of the used neural network for the i∂yi
th document. The derivative ∂W
depends on the employed
architecture, while the derivative of the proposed loss with
∂LQSM I
can be calculated as:
respect to the hash code ∂y
i
∂LQSM I
1
= 2
∂yi
N

Kernel
5×5
2×2
5×5
2×2
-

. (33)

The loss and the corresponding derivatives can be similarly calculated when the information needs are not
equiprobable.
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Appendix B - Hyper-parameters and Network Architectures
The selected hyper-parameters are shown in Table 10.
We selected the best parameters for the two other evaluated methods, i.e., DSH and DPSH, by performing line
search for each parameter. The Adam optimizer [66], with
the default hyper-parameters, was used for the optimization. The experiments were repeated 5 times and the mean
value of each of the evaluated metrics is reported, except
otherwise stated.
For the experiments conducted on the Fashion MNIST
dataset, a relatively simple Convolutional Neural Network
(CNN) architecture was employed, as shown in Table 11.
The network was initialized using the default PyTorch initialization scheme [56], and it was trained from scratch for
all the conducted experiments.
For the CIFAR10 dataset, a DenseNet-BC-190 (growth
rate 40 and compression rate 2) [63], that was pretrained
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Abstract—Knowledge Distillation refers to a class of methods
that transfers the knowledge from a teacher network to a
student network. In this paper, we propose Sparse Representation
Matching (SRM), a method to transfer intermediate knowledge
obtained from one Convolutional Neural Network (CNN) to
another by utilizing sparse representation learning. SRM first
extracts sparse representations of the hidden features of the
teacher CNN, which are then used to generate both pixel-level
and image-level labels for training intermediate feature maps of
the student network. We formulate SRM as a neural processing
block, which can be efficiently optimized using stochastic gradient
descent and integrated into any CNN in a plug-and-play manner.
Our experiments demonstrate that SRM is robust to architectural
differences between the teacher and student networks, and
outperforms other KD techniques across several datasets.

I. I NTRODUCTION
Over the past decade, deep neural networks have become
the primary tools to tackle learning problems in several domains, ranging from machine vision [1], [2], natural language
processing [3], [4] to biomedical analysis [5], [6] or financial
forecasting [7], [8], [9]. Of those important developments,
Convolutional Neural Networks have evolved as a de facto
choice for high-dimensional signals, either as a feature extraction block or the main workhorse in a learning system. Initially
developed in the 1990s for handwritten character recognition
using only two convolutional layers [10], state-of-the-art CNN
topologies nowadays consist of hundreds of layers, having
millions of parameters [11], [12]. In fact, not only in computer
vision but also in other domains, state-of-the-art solutions are
mainly driven by very large networks [3], [4], which limits
their deployment in practice due to the high computational
complexity.
The promising results obtained from maximally attainable
computational power has encouraged a lot of research on
developing smaller and light-weight models while achieving
similar performances. This includes efforts on designing more
efficient neural network families (both automatic and handcrafted) [13], [14], [15], [16], [17], [18], [19], compressing
pretrained networks through weight pruning [20], [21], quantization [22], [23], approximation [24], [25], or designing
compressive data acquisition and analysis systems [26], [27],
[28], as well as transferring knowledge from one network
to another via knowledge distillation [29]. Of these developments, Knowledge Distillation (KD) [29] is a simple and

widely used technique that has been shown to be effective in
improving the performance of a network, given the access to
one or many pretrained networks. KD and its variants work
by utilizing the knowledge acquired in one or many models
(the teacher(s)) as supervisory signals to train another model
(the student) along with the labeled data. Thus, there are two
central questions in KD:
•
•

How to represent the knowledge encoded in a teacher
network?
How to efficiently transfer such knowledge to other networks, especially when there are architectural differences
between the teacher and the student networks?

In the original formulation [29], soft probabilities produced
by the teacher represent its knowledge and the student network
is trained to mimic this soft prediction. Besides the final
predictions, other works have proposed to utilize intermediate
feature maps of the teacher as additional knowledge [30], [31],
[32], [33], [34]. Intuitively, intermediate feature maps contain
certain clues on how the input is progressively transformed
through layers of a CNN, thus can act as a good source of
knowledge. However, we argue that the intermediate feature
maps by themselves are not a good representation of the
knowledge encoded in the teacher to teach the students. To
address the question of representing the knowledge of the
teacher CNN, instead of directly utilizing the intermediate
feature maps of the teacher as supervisory signals, we propose
to encode each pixel (of the feature maps) in a sparse domain
and use the sparse representation as the source of supervision.
Prior to the era of deep learning, sparse representations
attracted a great amount of interest in computer vision community and is a basis of many important works [35]. Sparse
representation learning aims at representing the input signal in
a domain where the coefficients are sparsest. This is achieved
by using an overcomplete dictionary and decomposing the
signal as a sparse linear combination of the atoms in the
dictionary. While the dictionary can be prespecified, it is often
desirable to optimize the dictionary together with the sparse
decomposition using example signals. Since hidden feature
maps in CNN are often smooth with high correlations between
neighboring pixels, they are compressible, e.g., in Fourier
domain. Thus, sparse representation serves as a good choice
for representing information encoded in the hidden feature

maps.
Sparse representation learning is a well-established topic in
which several algorithms have been proposed [35]. However,
to the best of our knowledge, existing formulations are computationally intensive to fit a large amount of data. Although
learning task-specific sparse representations have been proposed in prior works [36], [37], [38], we have not seen its
utilization for knowledge transfer using deep neural networks
and stochastic optimization. In this work, we formulate sparse
representation learning as a computation block that can be
incorporated into any CNN and be efficiently optimized using
mini-batch update from stochastic gradient-descent based algorithms. Our formulation allows us to take advantage of not
only modern stochastic optimization techniques but also data
augmentation to generate target sparsity on-the-fly.
Given the sparse representations obtained from the teacher
network, we derive the target pixel-level and image-level
sparse representation for the student network. Transferring
knowledge from the teacher to the student is then conducted by optimizing the student with its own dictionaries
to induce the target sparsity. Thus, our knowledge distillation method is dubbed as Sparse Representation Matching (SRM). Extensive experiments presented in Section IV
show that SRM significantly outperforms other recent KD
methods, especially in transfer learning tasks by large margins. In addition, empirical results also indicate that SRM
exhibits robustness to architectural mismatch between the
teacher and the student. The implementation of the proposed
method is publicly accessible through the following repository
https://github.com/viebboy/SRM
II. R ELATED W ORK
The idea of transferring knowledge from one model to
another has existed for a long time. This idea was first
introduced in [39] in which the authors proposed to grow
decision trees to mimic the output of a complex predictor.
Later, similar ideas were proposed for training neural networks
[40], [41], [29], mainly for the purpose of model compression.
Variants of the knowledge transfer idea differ in the methods
of representing and transferring knowledge [42], [33], [30],
[31], [34], [43], [44], as well as the types of data being used
[45], [46], [47], [48].
In [41], the final predictions of an ensemble on unlabeled
data are used to train a single neural network. In [40], the
authors proposed to use the logits produced by the source network as the representation of knowledge, which is transferred
to a target network by minimizing the Mean Squared Error
(MSE) between the logits. The term Knowledge Distillation
was introduced in [29] in which the student network is trained
to simultaneously minimize the cross-entropy measured on
the labeled data and the Kullback-Leibler (KL) divergence
between its predicted probabilities and the soft probabilities
produced by the teacher network. Since its introduction, this
formulation has been widely adopted.
In addition to the soft probabilities of the teacher, later
works have been proposed to utilize intermediate features of

the teacher as additional sources of knowledge. For example,
in FitNet [30], the authors referred to intermediate feature
maps of the teacher as hints and the student is first pretrained
by regressing its intermediate features to the teacher’s hints,
then later optimized with the standard KD approach. In other
works, activation maps [31] as well as feature distributions
[34] computed from intermediate layers have been proposed.
In recent works [43], [44], instead of transferring knowledge
about each individual sample, the authors proposed to transfer
relational knowledge between pairs of samples.
Our SRM method bears some resemblances to previous
works in the sense that SRM also uses intermediate feature
maps as additional sources of knowledge. However, there
are many differences between SRM and existing works. For
example, in FitNet [30], the student network learns to regress
from its intermediate features to the teacher’s; however, the
regressed features are not actually used in the student network.
Thus, the hints in FitNet only indirectly influence the student’s
features. Since the sparse representation is another representation (equivalent) of the feature maps, SRM directly influences
the student’s features. In addition, by manipulating the sparse
representation rather than the hidden features themselves,
SRM is less prone to feature value range mismatch between
the teacher and the student. This is because by construction,
the sparse coefficients generated by SRM only have values
in the range [0, 1] as we will see in Section III. Attentionbased KD method [31] overcomes this problem by normalizing
(using l2 norm) the attention maps of the teacher and the
student. This normalization step, however, might suffer from
numerical instability (when l2 norm is very small) when
attention maps are calculated from activation layers such as
ReLU.
In [49], the authors employed the idea of sparse coding,
however, to represent the network’s parameters rather than the
intermediate feature maps as in our work. In [50], the authors
used the idea of feature quantization and k-means clustering
using intermediate features of the teacher to train the student
with additional convolutional modules to predict the cluster
labels. Our pixel-level label bears some resemblances to this
method. However, we explicitly represent the intermediate features by sparse representation (by minimizing reconstruction
error) and use the same process to transfer both local (pixellevel) and global (image-level) information.
III. K NOWLEDGE D ISTILLATION BY S PARSE
R EPRESENTATION M ATCHING
A. Knowledge Representation
(l)

Given the n-th input image Xn , let us denote by Tn ∈
RHl ×Wl ×Cl the output of the l-th layer of the teacher CNN,
with Hl and Wl being the spatial dimensions and Cl is
the number of channels. In the following, we used the subscript T and S to denote a variable that is related to the
teacher and student networks, respectively. In addition, we
(l)
(l)
also denote by tn,i,j = Tn (i, j, :) ∈ RCl , which is the
(l)
pixel at position (i, j) of Tn . The first objective in SRM

(l)

is to represent each pixel tn,i,j in a sparse domain. To do
so, SRM learns an overcomplete dictionary of Ml atoms:
(l)
(l)
(l)
DT = [dT ,1 , . . . , dT ,Ml ] ∈ RCl ×Ml (Ml > Cl ), which is
(l)
used to express each pixel tn,i,j as a linear combination of
(l)
dT ,m as follows:
(l)

tn,i,j =

Ml
X

m=1

(l)

(l)

(l)

(l)

(l)

ψk (tn,i,j , dT ,m ) · κ(tn,i,j , dT ,m ) · dT ,m

(1)

where
(l)
(l)
• κ(tn,i,j , dT ,m ) denotes a function that measures the sim(l)
(l)
ilarity between tn,i,j and atom dT ,m . We further denote
(l)
(l)
(l)
(l)
(l)
by kT ,n,i,j = [κ(tn,i,j , dT ,1 ), . . . , κ(tn,i,j , dT ,Ml )] the
(l)
vector that contains similarities between tn,i,j and all
(l)
atoms in the dictionary DT .
(l)
(l)
• ψk (tn,i,j , dm ) denotes the indicator function that returns
(l)
(l)
a value of 1 if κ(tn,i,j , dT ,m ) belongs to the set of top-k
(l)
values in kT ,n,i,j , and a value of 0 otherwise.
(l)

The decomposition in Eq. (1) basically means that tn,i,j is
expressed as the linear combination of k most similar atoms in
(l)
DT , with the coefficients being the corresponding similarity
(l)
(l)
(l)
(l)
(l)
values. Let λn,i,j,m = ψk (tn,i,j , dT ,m ) · κ(tn,i,j , dT ,m ), then
(l)
the sparse representation of tn,i,j is then defined as:
(l)

(l)

(l)

t̃n,i,j = [λn,i,j,1 , . . . , λn,i,j,Ml ] ∈ RMl

(2)

By construction, there are only k non-zero elements in
(l)
t̃n,i,j , and k defines the degree of sparsity, which is a hyper(l)
parameter of SRM. In order to find t̃n,i,j , we simply minimize
the reconstruction error in Eq. (1) as follows:
arg min
(l)
DT

−

Ml
X

X

(l)

tn,i,j

n,i,j

m=1

(3)

(l)
(l)
ψk (tn,i,j , dT ,m )

·

(l)
(l)
κ(tn,i,j , dT ,m )

·

(l)
dT ,m

2
2

There are many choices for the similarity function κ such
as linear kernel, RBF kernel, sigmoid kernel and so on. In our
work, we used the sigmoid kernel κ(x, y) = sigmoid(xT y +
c) since the dot-product makes it computationally efficient and
the gradients in the backward pass are stable. Although the
RBF kernel is popular in many works, we empirically found
that RBF kernel is sensitive to the learning rate, which easily
leads to numerical issues.
B. Transferring Knowledge
(p)

Let us denote by Sn ∈ RHp ×Wp ×Cp the output of the pth layer of the student network given input image is Xn . In
(p)
addition, sn,i,j ∈ RCp denotes the pixel at position (i, j) of
(p)
Sn . We consider the task of transferring knowledge from the
l-th layer of the teacher to the p-th layer of the student. To
do so, we require that the spatial dimensions of both networks

match (Hp = Hl and Wp = Wl ) while the channel dimensions
might differ.
Given the sparse representation of the teacher in Eq. (2), a
straightforward way is to train the student network to produce
hidden features at spatial position (i, j), having the same
sparse coefficients as its teacher. However, trying to learn
exact sparse representations as produced by the teacher is a
too restrictive task since this enforces learning the absolute
value of every point in a high-dimensional space. Instead
of enforcing an absolute constraint on how each pixel of
every sample should be represented, to transfer knowledge,
we only enforce a relative constraints between them in the
sparse domain. Specifically, we propose to train the student
to only approximate sparse structures of the teacher network
by solving a classification problem with two types of labels
(l)
extracted from the sparse representation t̃n,i,j of the teacher:
pixel-level and image-level labels.
Pixel-level labeling: for each spatial position (i, j), we
assign a class label, which is the index of the largest element
(l)
of t̃n,i,j , i.e., the index of the closest (most similar) atom
(l)
in DT . This basically means that we partition all pixels
(l)
into Ml disjoint sets using dictionary DT , and the student
network is trained to learn the same partitioning using its
(p)
(p)
(p)
own dictionary DS = [dS,1 , . . . , dS,Ml ] ∈ RCp ×Ml . Let
(p)
(p)
(p)
(p)
(p)
kS,n,i,j = [κ(sn,i,j , dS,1 ), . . . , κ(sn,i,j , dS,Ml )] denote the
(p)
vector that contains similarities between pixel sn,i,j and Ml
(p)
atoms in DS . The first knowledge transfer objective in our
method using pixel-level label is defined as follows:
arg min
(p)
ΘS ,DS

X

n,i,j

(p)

LCE (cn,i,j , kS,n,i,j )

(4)

where ΘS denotes parameters of the student network.
LCE denotes the cross-entropy loss function, and cn,i,j =
(l)
arg max(t̃n,i,j ). Here we should note that the idea of transferring the structure instead of the absolute representation is
not new. For example, in [43] and [44], the authors proposed
to transfer the relative distance between the embeddings of
samples. In our case, the pixel-level labels provide supervisory
information on how the pixels in the student network should be
represented in the sparse domain so that their partition using
the nearest atom is the same.
(l)

Image-level labeling: given the sparse representation t̃n,i,j
of the teacher, we generate an image-level label by averaging
(l)
t̃n,i,j over the spatial dimensions. While pixel-level labels
provide local supervisory information encoding the spatial
information, image-level label provides global supervisory
information, promoting the shift-invariance property. Imagelevel label bears some resemblances to the Bag-of-Feature
model [51], which aggregates the histograms of image patches
to generate an image-level feature. The second knowledge
transfer objective in our method using image-level labels is
defined as follows:

TABLE I
P ERFORMANCE ON CIFAR100

Model
DenseNet121 (teacher)
AllCNN
AllCNN-KD
AllCNN-FitNet
AllCNN-AT
AllCNN-PKT
AllCNN-RKD
AllCNN-CRD
AllCNN-SRM (our)

arg min
(p)

ΘS ,DS

X
n

LBCE

P

Test Accuracy (%)
75.09 ± 00.29
67.64 ± 01.87
73.27 ± 00.20
72.03 ± 00.27
70.88 ± 0.29
72.22 ± 0.35
70.39 ± 0.17
72.70 ± 0.18
74.73 ± 00.26

(l)

i,j

t̃n,i,j

Hl · Wl

,

P

i,j

(p)

kS,n,i,j

Hl · Wl



(5)

where LBCE denotes the binary cross-entropy loss. Here we
should note that since most kernel functions output a similarity
(p)
(l)
score in [0, 1], elements of t̃n,i,j and kS,n,i,j are also in this
range, making the two inputs to LBCE in Eq. (5) valid.
To summarize, the procedures of our SRM method is similar
to FitNet [30], which consists of the following steps:
• Step 1: Given the source layers (with indices l) in the
teacher network T , find the sparse representation by
solving Eq. (3).
• Step 2: Given the target layers (with indices p), optimize
the student network S to predict pixel-level and imagelevel labels by solving Eq. (4), (5).
• Step 3: Given the student network obtained in Step 2,
optimize it using the original KD algorithm.
All optimization objectives in our algorithm are solved by
stochastic gradient descent.
IV. E XPERIMENTS
The first set of experiments was conducted on CIFAR100
dataset [52] to compare our SRM method with other KD
methods: KD [29], FitNet [30], AT [31], PKT [34], RKD [43]
and CRD [44]. In the second set of experiments, we tested the
algorithms under transfer learning setting. In the final set of
experiments, we evaluated SRM on the large-scale ImageNet
dataset.
For every experiment configuration, we ran 3 times and reported the mean and standard deviation. Regarding the source
and the target layers for transferring intermediate knowledge,
we used the outputs of the downsampling layers of the teacher
and student networks. Detailed experimental setup and our
analysis are provided in the following sections. In addition, our
implementation is publicly accessible through the following
repository https://github.com/viebboy/SRM
A. Experiments on CIFAR100
Since CIFAR100 has no validation set, we randomly selected 5K samples from the training set for validation purpose,

reducing the training set size to 45K. Our setup is different
from the conventional practice of validating and reporting the
result on the test set of CIAR100. In this set of experiments,
we used DenseNet121 [11] as the teacher network (7.1M
parameters and 900M FLOPs) and a non-residual architecture
(a variant of AllCNN network [53]) as the student network
(2.2M parameters and 161M FLOPs).
Regarding the training setup, we used ADAM optimizer and
trained all networks for 200 epochs with the initial learning
rate of 0.001, which is reduced by 0.1 at epochs 31 and 131.
For those methods that have pre-training phase, the number of
epochs for pre-training was set to 160. For regularization, we
used weight decay with coefficient 0.0001. For data augmentation, we followed the conventional protocol, which randomly
performs horizontal flipping, random horizontal and/or vertical
shifting by four pixels. For SRM, KD and FitNet, we used
our own implementation, for other methods (AT, PKT, RKD,
CRD), we used the code provided by the authors of CRD
method [44].
TABLE II
C OMPARISON ( TEST ACCURACY %) BETWEEN F IT N ET AND SRM IN
TERMS OF QUALITY OF INTERMEDIATE KNOWLEDGE TRANSFER ON
CIFAR100 USING A LL CNN ARCHITECTURE

FitNet
SRM (our)

Linear Probing
69.95 ± 00.20
69.10 ± 00.31

Whole Network Update
68.06 ± 00.10
71.99 ± 00.08

For KD, FitNet and SRM, we validated the temperature τ
(used to soften teacher’s probability) and the weight α (used to
balance between classification and distillation loss) from the
following set: τ ∈ {2.0, 4.0, 8.0}, and α ∈ {0.25, 0.5, 0.75}.
For other methods, we used the provided values used in CRD
paper [44]. In addition, there are two hyperparameters of SRM:
the degree of sparsity (λ = k/Ml ) and overcompleteness
of dictionaries (µ = Ml /Cl ). Lower values of λ indicate
sparser representations while higher values of µ indicate larger
dictionaries. For CIFAR100, we performed validation with
λ ∈ {0.01, 0.02, 0.03} and µ = {1.5, 2.0, 3.0}.
Overall comparison (Table I): It is clear that the student
network significantly benefits from all knowledge transfer
methods. The proposed SRM method clearly outperforms
other competing methods, establishing more than 1% margin
compared to the second best method (KD). In fact, the student
network trained with SRM achieves very close performance
with its teacher (74.73% versus 75.09%), despite having a
non-residual architecture and 3× less parameters. In addition,
recent methods, such as PKT and CRD, perform better than
FitNet, however, inferior to the original KD method.
Quality of intermediate knowledge transfer: Since FitNet
and SRM have a pretraining phase to transfer intermediate
knowledge, we compared the quality of intermediate knowledge transferred by FitNet and SRM by conducting two types
of experiments after transferring intermediate knowledge: (1)
the student network is optimized for 60 epochs using only the
training data (without teacher’s soft probabilities), given all

TABLE III
SRM TEST ACCURACY (%) ON CIFAR100 WITH DIFFERENT DICTIONARY
SIZES ( PARAMETERIZED BY µ) AND DEGREE OF SPARSITY
( PARAMETERIZED BY λ)

µ
λ
0.01
0.02
0.03

1.5

2.0

3.0

74.00 ± 00.15
74.34 ± 00.07
73.77 ± 00.05

74.12 ± 00.35
74.73 ± 00.26
73.83 ± 00.12

74.09 ± 00.08
74.20 ± 00.27
73.71 ± 00.51

TABLE IV
E FFECTS OF PIXEL - LEVEL LABEL AND IMAGE - LEVEL LABEL IN SRM ON
CIFAR100

Pixel-level label
X
X

Image-level label
X
X

Test accuracy %
73.16 ± 00.39
53.50 ± 09.96
74.73 ± 00.26

parameters are fixed, except the last linear layer for classification. This experiment is called Linear Probing; (2) the student
network is optimized with all parameters for 200 epochs using
only the training data (without teacher’s soft probabilities).
This experiment is named Whole Network Update. The results
are shown in Table II.
Firstly, both experiments show that the student networks
outperform their baseline, thus, benefit from intermediate
knowledge transfer by both methods, even without the final
KD phase. In the first experiment when we only updated the
output layer, the student pretrained by FitNet achieves slightly
better performance than by SRM (69.95% versus 69.10%).
However, when we optimized with respect to all parameters,
the student pretrained by SRM performs significantly better
than the one pretrained by FitNet (71.99% versus 68.06%).
While full parameter update led the student pretrained by SRM
to better local optima, it undermines the student pretrained by
FitNet. This result suggests that the process of intermediate
knowledge transfer in SRM can initialize the student network
at better positions in the parameter space compared to FitNet.
Effects of sparsity (λ) and dictionary size (µ): in Table
III, we show the performance of SRM with different degrees
of sparsity (parameterized by λ = k/Ml , lower λ indicates
higher sparsity) and dictionary sizes (parameterized by µ =
Ml /Cl , higher µ indicates higher overcompleness). As can be
seen from Table III, SRM is not sensitive to λ and µ. In fact,
the worst configuration still performs slightly better than KD
(73.71% versus 73.27%), and much better than other AT, PKT,
RKD and CRD.
Pixel-level label and image-level label: finally, to show
the importance of combining both pixel-level and imagelevel label, we experimented with two other variants of SRM
on CIFAR100: using either pixel-level or image-level label.
The results are shown in Table IV. The student network
performs poorly when only receiving intermediate knowledge

via image-level labels, even though it was later optimized with
the standard KD phase. Similar to the observations made from
Table II, this again suggests that the position in the parameter
space, which is obtained after the intermediate knowledge
transfer phase, and prior to the standard KD phase, heavily
affects the final performance. Once the student network is
badly initialized, even receiving soft probabilities from the
teacher as additional signals does not help. Although using
pixel-level label alone is better than image-level label, the best
performance is obtained by combining both objectives.
B. Transfer Learning Experiments
Since transfer learning is key in the success of many
applications that utilize deep neural networks, we conducted
experiments in 5 transfer learning problems (Flowers [54],
CUB [55], Cars [56], Indoor-Scenes [57] and PubFig83 [58])
to assess how well the proposed method works under transfer
learning setting compared to others.
In our experiments, we used a pretrained ResNext50 [12]
on ILSVRC2012 database as the teacher network, which
is finetuned using the training set of each transfer learning task. We then benchmarked how well each knowledge
distillation method transfers both pretrained knowledge and
domain specific knowledge to a randomly initialized student
network using domain specific data. Both residual (ResNet18
[59], 11.3M parameters, 1.82G FLOPs) and non-residual (a
variant of AllCNN [53], 5.1M parameters, 1.35G FLOPs)
architectures were used as the student.
For each transfer learning dataset, we randomly sampled a
few samples from the training set to establish the validation
set. All images were resized to resolution 224 × 224 and we
used standard ImageNet data augmentation (random crop and
horizontal flipping) during stochastic optimization. Based on
the analysis of hyperparameters in CIFAR100 experiments,
we validated KD, FitNet and SRM using α ∈ {0.5, 0.75} and
τ ∈ {4.0, 8.0}. Sparsity degree λ = 0.02 and dictionary size
µ = 2.0 were used for SRM. For other methods, we used
the hyperparameter settings provided in CRD paper [44]. All
experiments were conducted using ADAM optimizer for 200
epochs with the initial learning rate of 0.001, which is reduced
by 0.1 at epochs 41 and 161. The weight decay coefficient was
set to 0.0001.
Full transfer setting: in this setting, we used all samples
available in the training set to perform knowledge transfer
from the teacher to the student. The test accuracy achieved
by different methods is shown in the upper part of Table V.
It is clear that the proposed SRM outperforms other methods
on many datasets, except on Cars and Indoor-Scenes datasets
for AllCNN student. While KD, AT, PKT, CRD and SRM
successfully led the students to better minima with both
residual or non-residual students, FitNet was only effective
with the residual one. The results suggest that the proposed
intermediate knowledge transfer mechanism in SRM is robust
to architectural differences between the teacher and the student
networks.

TABLE V
F ULL TRANSFER LEARNING USING A LL CNN (ACNN) AND R ES N ET 18 (RN18) ( TEST ACCURACY %)

Model
ResNext50

Flowers
89.35 ± 00.62

ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

40.80 ± 02.33
46.14 ± 00.39
30.10 ± 02.41
51.62 ± 00.69
47.12 ± 00.52
42.00 ± 01.10
46.99 ± 01.13
51.72 ± 00.58
44.25 ± 00.42
48.26 ± 00.33
48.29 ± 01.24
51.49 ± 00.42
45.32 ± 00.51
42.32 ± 00.28
47.67 ± 00.05
67.46 ± 01.06

CUB
69.53 ± 00.45
Full
47.26 ± 00.18
51.80 ± 00.41
44.30 ± 01.25
51.74 ± 00.39
47.60 ± 00.85
39.99 ± 00.61
51.12 ± 00.34
54.51 ± 01.72
44.79 ± 00.68
54.91 ± 00.33
61.28 ± 00.48
53.13 ± 00.40
45.24 ± 00.39
36.29 ± 00.58
53.25 ± 00.83
63.11 ± 00.45

Cars
87.45 ± 00.27
Shot
61.93 ± 01.38
66.12 ± 00.17
60.20 ± 03.83
73.89 ± 00.06
70.16 ± 00.51
56.99 ± 02.44
68.89 ± 00.47
71.44 ± 04.76
57.17 ± 01.95
75.29 ± 00.46
85.01 ± 00.10
77.14 ± 00.15
71.24 ± 02.23
56.87 ± 02.64
76.51 ± 00.74
84.40 ± 00.67

Indoor-Scenes
63.51 ± 00.43

PubFig83
91.41 ± 00.14

35.82 ± 00.43
38.44 ± 00.99
30.87 ± 00.35
43.56 ± 00.52
37.71 ± 00.64
30.94 ± 00.45
42.82 ± 00.21
43.09 ± 00.60
36.72 ± 00.29
43.84 ± 00.67
45.93 ± 01.00
44.13 ± 00.55
37.27 ± 00.79
29.57 ± 00.90
43.76 ± 00.40
54.59 ± 00.38

78.47 ± 00.17
81.54 ± 00.09
77.61 ± 00.87
81.11 ± 01.51
82.03 ± 00.26
75.44 ± 00.50
83.02 ± 00.11
82.89 ± 01.78
79.08 ± 00.36
84.49 ± 00.28
89.78 ± 00.20
83.60 ± 00.19
82.00 ± 00.10
70.90 ± 01.79
84.43 ± 00.40
89.79 ± 00.53

TABLE VI
5- SHOT TRANSFER LEARNING USING A LL CNN (ACNN) AND R ES N ET 18 (RN18) ( TEST ACCURACY %)

Model
ResNext50

Flowers
89.35 ± 00.62

ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

32.91 ± 00.94
35.98 ± 00.76
28.73 ± 01.18
38.21 ± 00.88
33.25 ± 00.31
30.27 ± 00.27
35.01 ± 00.57
41.14 ± 01.09
32.95 ± 00.37
38.07 ± 01.47
39.17 ± 00.62
37.36 ± 01.23
33.24 ± 00.47
29.97 ± 00.55
34.24 ± 00.32
51.24 ± 00.48

CUB
Cars
69.53 ± 00.45
87.45 ± 00.27
5-Shot
13.19 ± 00.46
05.03 ± 00.11
21.60 ± 00.83
10.61 ± 00.52
14.78 ± 00.60
06.11 ± 00.37
17.69 ± 00.94
08.52 ± 01.50
11.30 ± 00.20
06.16 ± 00.29
09.55 ± 00.34
04.82 ± 00.31
18.09 ± 00.91
06.77 ± 00.55
22.89 ± 01.18 11.71 ± 01.21
11.55 ± 00.10
05.00 ± 00.27
25.53 ± 00.35
11.37 ± 00.58
26.50 ± 00.46
12.36 ± 01.00
18.22 ± 00.47
08.96 ± 00.92
10.63 ± 00.18
05.88 ± 00.18
08.83 ± 00.40
04.98 ± 00.13
18.36 ± 02.09
06.95 ± 00.26
34.67 ± 00.63 26.63 ± 01.82

Few-shot transfer setting: we further assessed how well
the methods perform when there is a limited amount of data
for knowledge transfer. For each dataset, we randomly selected
5 samples (5-shot) and 10 samples (10-shot) from the training
set for training purpose, and kept the validation and test set
similar to the full transfer setting. Since the Flowers dataset has
only 10 training samples in total (the original split provided
by the database has 20 samples per class, however, we used
10 samples for validation purpose), the results for 10-shot are

Indoor-Scenes
63.51 ± 00.43

PubFig83
91.41 ± 00.14

09.21 ± 00.81
14.81 ± 00.67
08.36 ± 00.52
08.76 ± 00.39
10.75 ± 01.04
09.68 ± 00.39
09.73 ± 00.49
16.63 ± 00.34
09.04 ± 00.44
14.61 ± 00.88
13.72 ± 01.07
09.93 ± 00.73
11.03 ± 00.82
08.41 ± 00.49
09.01 ± 00.23
21.18 ± 01.29

05.15 ± 00.45
11.97 ± 01.40
08.25 ± 01.36
08.02 ± 00.70
06.13 ± 00.18
04.82 ± 00.16
06.33 ± 00.28
13.96 ± 00.52
04.98 ± 00.22
10.69 ± 00.99
11.49 ± 00.66
08.76 ± 00.34
05.34 ± 00.11
04.49 ± 00.24
06.36 ± 00.21
29.31 ± 00.51

similar to full transfer learning setting. The test performance
(% in accuracy) under 5-shot and 10-shot transfer learning
setting are reported in Table VI and Table VII, respectively.
Under this restrictive regime, the proposed SRM method
performs far better than other tested methods for both types
of students, largely improving the baseline results.

TABLE VII
10- SHOT TRANSFER LEARNING USING A LL CNN (ACNN) AND R ES N ET 18 (RN18) ( TEST ACCURACY %)

Model
ResNext50

Flowers
89.35 ± 00.62

ACNN
ACNN-KD
ACNN-FitNet
ACNN-AT
ACNN-PKT
ACNN-RKD
ACNN-CRD
ACNN-SRM
RN18
RN18-KD
RN18-FitNet
RN18-AT
RN18-PKT
RN18-RKD
RN18-CRD
RN18-SRM

40.80 ± 02.33
46.14 ± 00.39
30.10 ± 02.41
51.62 ± 00.69
47.12 ± 00.53
42.00 ± 01.10
46.99 ± 01.13
51.72 ± 00.58
44.25 ± 00.42
48.26 ± 00.33
48.29 ± 01.24
51.49 ± 00.42
45.32 ± 00.52
42.32 ± 00.28
47.67 ± 00.05
67.46 ± 01.06

CUB
Cars
69.53 ± 00.45
87.45 ± 00.27
10-Shot
25.53 ± 01.07
09.50 ± 00.82
34.63 ± 00.35
23.43 ± 01.47
29.40 ± 00.63
15.81 ± 02.16
30.26 ± 00.35
25.22 ± 02.90
24.93 ± 01.92
13.82 ± 01.18
19.36 ± 00.50
09.60 ± 00.25
29.72 ± 00.25
16.96 ± 00.77
35.86 ± 01.39 36.28 ± 04.33
22.72 ± 00.91
11.76 ± 01.35
40.57 ± 00.53
35.44 ± 01.13
43.83 ± 00.47
51.88 ± 01.72
30.47 ± 00.55
27.70 ± 02.72
20.62 ± 02.56
11.00 ± 00.63
17.73 ± 00.14
08.73 ± 00.71
30.04 ± 00.13
17.11 ± 00.66
48.42 ± 01.86 61.22 ± 06.84

Indoor-Scenes
63.51 ± 00.43

PubFig83
91.41 ± 00.14

16.23 ± 00.46
21.76 ± 00.53
15.71 ± 01.32
17.90 ± 00.40
16.78 ± 00.59
12.40 ± 00.76
17.60 ± 00.85
24.82 ± 00.47
15.16 ± 00.54
23.85 ± 00.78
24.62 ± 00.47
17.48 ± 00.38
15.76 ± 00.62
11.82 ± 00.34
17.82 ± 00.49
32.21 ± 01.21

10.09 ± 00.19
28.11 ± 00.50
17.89 ± 00.67
26.27 ± 01.76
10.67 ± 00.26
06.99 ± 00.57
17.24 ± 02.98
31.47 ± 01.84
08.92 ± 00.73
29.67 ± 00.91
36.79 ± 01.27
29.80 ± 01.41
08.80 ± 00.54
06.49 ± 00.27
16.08 ± 01.67
51.99 ± 02.95

TABLE VIII
T OP -1 E RROR OF R ES N ET 18 ON I MAGE N ET. (*) INDICATES RESULTS OBTAINED BY 110 EPOCHS

KD
30.79

AT
29.30

Seq. KD
29.60

KD+ONE
29.45

C. ImageNet Experiments
For ImageNet [60] experiments, we followed similar experimental setup as in [61], [31]: ResNet34 and ResNet18 were
used as the teacher and student networks, respectively. For
hyperparameters of SRM, we set µ = 4.0, λ = 0.02, τ =
4.0, α = 0.3. For other training protocols, we followed the
standard setup for ImageNet, which trains the student network
for 100 epochs using SGD optimizer with an initial learning
rate of 0.1, dropping by 0.1 at epochs 51, 81, 91. Weight decay
coefficient was set to 0.0001. In addition, the pre-training
phase took 80 epochs with an initial learning rate of 0.1,
dropping by 0.1 for every 20 epochs.
Table VIII shows top-1 classification errors of SRM and
related methods, including KD [29], AT [31], Seq. KD [62],
KD+ONE [63], ESKD [61], ESKD+AT [61], CRD [44],
having the same experimental setup. The teacher network
(Resnet34) achieves top-1 error of 26.70%. Using SRM, we
can successfully train ResNet18 to achieve 28.79% classification error, which is lower than existing methods (except CRD,
which was trained for 110 epochs), including the recently
proposed ESKD+AT [61] that combines early-stopping trick
and Attention Transfer [31].
V. C ONCLUSION
In this work, we proposed Sparse Representation Matching
(SRM), a method to transfer intermediate knowledge from

ESKD
29.16

ESKD+AT
28.84

CRD*
28.62∗

SRM (our)
28.79

one network to another using sparse representation learning. Experimental results on several datasets indicated that
SRM outperforms related methods, successfully performing
intermediate knowledge transfer even if there is a significant
architectural mismatch between networks and/or a limited
amount of data. SRM serves as a starting point for developing
specific knowledge transfer use cases, e.g., data-free knowledge transfer, which is an interesting future research direction.
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Abstract
Deep neural networks are a type of overparameterized models which are able to achieve
high performance despite having typically more
parameters than training samples. Recently, there
has been an increasing interest in uncovering and
understanding the different phenomena that occur
in the over-parameterized regime induced by such
neural networks. In this paper, we aim to shed
light on the relationship between class compactness of the learned feature representations and the
model performance. Surprisingly, we find that
models that learn more class-invariant features
do not necessarily perform better. Moreover, we
show that during training, class-wise variance increases and the models learn a less compact and
more outspread representation of the classes.

1. Introduction
Deep learning is a type of non-linear models that have led
to state-of-the-art results in a wide range of tasks, such as
image classification (Krizhevsky et al., 2012), object detection (Zhao et al., 2019), video analysis (Oprea et al., 2020),
and speech recognition (Hinton et al., 2012). However, deep
neural networks are often over-parameterized, i.e., they have
many more parameters than training samples. While in the
past over-parameterization was known to cause overfitting
and hurt generalization, recent research has shown that this
is not necessarily the case (Belkin et al., 2019; Advani et al.,
2020; Nakkiran et al., 2020; Allen-Zhu et al., 2019). In fact,
over-parameterization is critical to find the global minimum
using stochastic gradient descent (SGD) (Allen-Zhu et al.,
2019). Moreover, over-parameterized models have been
*
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Figure 1. Class-wise variance evolution during training of neural
networks.

found to exhibit benign overfitting (Bartlett et al., 2020;
Sanyal et al., 2020), as well as double descent behavior
(d’Ascoli et al., 2020; Nakkiran et al., 2020). Thus, understanding the effect of over-parameterization is essential to
better understand the generalization of deep learning (Zhang
et al., 2016).
Training of neural networks can be seen as a two-stage process, with the first stage being feature learning, followed by
a task-specific output prediction. In classification tasks, the
prediction is generally performed by applying a linear dense
layer on top of the learned feature representation and followed by a softmax activation to transform the predictions
into a class probability distribution. Hence, a prediction in
such a model can be seen as a linear classification in the
learned feature space. Classical statistical intuition states
that a good set of features should be class-wise invariant
(Abe, 2003; Ye, 2007). In other words, it is expected that the
model learns to minimize the distances between the sample
representations of each class in the feature space in order
to learn compact class manifolds. However, in this paper,
we show that surprisingly this is not necessarily the case
for deep neural networks. As illustrated in Figure 1, the
class-wise variance in the feature space is in fact increasing
during the training rather than decreasing.
In this paper, we investigate this phenomenon for deep neural networks. We first analyze the relationship between the
features’ class-wise variance and the performance of the
model. We show that in the context of deep neural networks, a more class-wise invariant feature space, i.e., lower
relative variance, does not necessarily imply better perfor-
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mance. Then, we analyze the class-wise variance of the
learned features throughout the training and discover that
over-parameterized neural networks, surprisingly, do not
implicitly minimize it. On the contrary, models typically
converge to regimes with higher variances. Our contributions can be summarized as follows:
• We investigate the relationship between class-wise variance and model performance on a variety of architectures and show that in contrary to the classical intuition,
in the deep neural network context, more invariant representations of the classes do not necessarily imply
better performance.
• We analyze the relative variance of the learned features
throughout the training and discover that models do
not minimize compactness of class representations during training and that some over-parameterized models
converge to regimes with higher variances.

2. Class-wise variance in neural networks
In this section, we analyze the class compactness of the
features learned by neural networks. We quantify the class
compactness using the class-wise variance in the feature
space. Formally, the class-wise variance can be defined as
follows:
Definition 1. (class-wise variance) Let A be a set of data
samples defined as A = {(X1 , y1 ), · · · , (XN , yN )} ∈ X ×
R, where yi ∈ {1, · · · , c} is the corresponding class label of
Xi . Let {φ(X1 ), · · · , φ(XN )} be the feature representation
of the samples in A. Then, the class-wise variance of the
feature space is defined as follows:
vc =

1 X
||φ(Xi ) − µi ||22
N i

(1)

where µi is the mean of the feature representations of the P
data belonging to class yi , i.e., µi =
1
P
j φ(Xj )δ(yj == yi ).
δ(yj ==yi )
j

As can be seen, the class-wise variance measures the average distance of the feature representations of the samples
to the corresponding class mean. Intuitively, this quantifies
the compactness of the features learned by a model. Lower
class-wise variance implies that the model has learned an
invariant representation of each class, where samples with
the same labels are mapped close to each other, whereas
higher class-wise variance implies that the learned manifolds of the classes are non-compact and outspread in the
feature space. Additionally, we define a normalized variant of the class-wise variance, where it is scaled using the
global variance in order to quantify the relative volume of
the classes compared to the total volume in the feature space.

Formally, the normalized class-wise variance can be defined
as follows:
Definition 2. (normalized class-wise variance) Let
A be a set of data samples defined as A =
{(X1 , y1 ), · · · , (XN , yN )} ∈ X × R, where yi ∈
{1, · · · , c} is the corresponding class label of Xi . Let
{φ(X1 ), · · · , φ(XN )} be the feature representation of the
samples in A. Then, the normalized class-wise variance of
the feature space is defined as follows
P
1
||φ(Xi ) − µi ||22
N
,
(2)
v̄c = 1 Pi
2
i ||φ(Xi ) − µ||2
N
P
where µ = N1 j φ(Xj ) is the global mean of the data in
the feature space.
The intuition that compactness is a desired property has been
utilized in various classical machine learning methods in the
past using the Fisher ratio (Ye, 2007; Pearson, 1901; Iosifidis
et al., 2013), which is closely related to the normalized classwise variance. In this work, we investigate the link between
the (normalized) class-wise variance and the performance
of over-parameterized neural network models. Surprisingly,
we find that the compactness intuition does not hold in
this case and that lower class-wise variance values do not
necessarily result in better accuracy. Our finding can be
expressed formally as follows:
Hypothesis 1. Lower class-wise variance does not imply
higher classification accuracy.
To verify the hypothesis, we start by an experimental evaluation of several deep neural network models using MNIST
dataset (Deng, 2012). Specifically, we evaluate different model architectures: Dense-1, Dense-2, Dense-3, and
Dense-4 have respectively 1, 2, 3, and 4 intermediate fullyconnected layers with 100 units and ReLU activation. CNN1, CNN-2, CNN-3 have respectively 1, 2, and 3 consecutive
convolutional blocks (32-channel 3 × 3-convolutional layer
followed by a 2 × 2 max-pooling). The final output is flattened and connected to the output layer. We also evaluate a
large CNN, which has a VGG-like structure (Simonyan &
Zisserman, 2014): two 32-channel 3 × 3-convolutional layers followed by a 2 × 2 max-pooling, then two 64-channel
3 × 3-convolutional layers followed by a 2 × 2 max-pooling,
and finally two 128-channel 3 × 3-convolutional layers followed by a 2 × 2 max-pooling. The output is flattened
in order to obtain the feature representation, which is connected to the output layer. All the models are trained for
100 epochs using SGD with a learning rate of 0.001 and a
batch size of 128. The model with the highest validation
accuracy is used in the test phase to obtain the final scores.
Additionally, we perform similar experiments on CIFAR10
dataset (Krizhevsky et al., 2009). Similarly to MNIST models, we report results on CNN architectures of 1, 2, and 3
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Table 1. Average test accuracy, class-wise variance, and normalized class-wise variance of validation set on different models
trained on MNIST.

Large CNN
Dense-1
Dense-2
Dense-3
Dense-4
CNN-1
CNN-2
CNN-3

Accuracy

vc

v̄c

98.59
94.88
96.14
96.63
96.73
96.30
98.16
98.13

47659
15.01
13.43
15.94
20.43
336.91
1117.68
347.39

0.58
0.44
0.32
0.26
0.23
0.65
0.59
0.50

hidden layers with the same structure. We report the results on Dense models with 1-4 hidden layers with 32 units
each trained on flattened images. We additionally report
the results on two deep CNN models, namely ResNet18
and ResNet50 architectures (He et al., 2016). Training is
done for 200 epochs using SGD with a batch size of 128,
a learning rate of 0.1, and a momentum of 0.9, which is
reduced by a factor of 5 after 60, 120, and 160 epochs. Results are reported on the test set using the model selected
on the validation set, with 10k images used for validation,
10k for testing, and 40k for training. Images are normalized
and standard data augmentation is used. On both datasets,
for each model, we report the test accuracy along with the
class-wise variance and the normalized class-wise variance
of the feature space prior to the output layer over the validation set. We report the average scores across three training
iterations.
As can be seen in Table 1, better model performance is not
necessarily associated neither with lower class-wise variance nor with normalized class-wise variance. For example,
Dense-4 outperforms other Dense models, while having
the highest class variance. For the normalized class-wise
variance, despite common intuition, CNN-2 outperforms
CNN-3, while having lower compactness (higher vc and
v̄c ). All the Dense models have lower normalized classwise variances, hence, higher class compactness compared
to any CNN model, while achieving lower accuracy. These
findings comply with our Hypothesis 1.
Similar results can be observed in models trained on CIFAR10, as shown in Table 2, where Dense-4 and Dense-3
models have lower class-wise variance compared to Dense-2
model despite having worse performance. Similarly, CNN2 outperforms CNN-1, although its class-wise variance is
lower. At the same time, their normalized class-wise variances are equal despite the large gap in the test accuracy.
To better understand this phenomenon in the overparameterized regime, we further investigate the evolution

Table 2. Average test accuracy, class-wise variance, and normalized class-wise variance of validation set on different models
trained on CIFAR10.

ResNet18
ResNet50
Dense-1
Dense-2
Dense-3
Dense-4
CNN-1
CNN-2
CNN-3

Accuracy

vc

v̄c

91.29
92.12
52.80
53.04
52.90
51.74
66.36
74.53
75.68

7.76
7.37
86.88
48.37
36.45
29.66
292.41
222.07
290.47

0.46
0.40
0.84
0.76
0.70
0.68
0.89
0.89
0.76

of the class-wise variance vc and its normalized counterpart
v̄c throughout the training in several different neural network architectures using CIFAR10 and MNIST. Figure 2
shows the evolution of the different models over the training
phase on CIFAR10. Surprisingly, as we can see, all the
models do not minimize the class-wise variance. On the
contrary, vc is increasing during the training. This leads us
to our second hypothesis expressed as follows:
Hypothesis 2. Deep neural network training implicitly maximizes the class-wise variance.
Hypothesis 2 states that deep neural networks, on the contrary of the classical intuition, do not learn compact regimes.
During the optimization phase, the models converge towards
regions where the samples from the same class are outspread
in the feature space. For v̄c , we note that it is constant or
slightly decreasing for the first two models and increasing
for the two other models, i.e., dense models. For the two
ResNet models, the average relative volume of the classes
compared to the total volume in the feature space is relatively constant along the training as opposite to the other
two cases where this relative volume is increasing and the
models are exploring more regions in the feature space. The
results on MNIST, illustrated in Figure 3 are consistent with
our findings on CIFAR10. In fact, for the different models
on MNIST, we note that the class-wise variance increases all
along the training and that the relative volume v̄c undergoes
two stages, in the first epochs of the training it decreases
and in the second stage it consistently increases.
Additionally, it should be noted that by observing Figure 2,
we can see that, interestingly, on CIFAR-10 dataset the
regions of accuracy increase correspond to the regions of
class-wise variance growth (increase of vc ). In fact, the
peaks in vc coincide with the peaks in accuracy during
training. This implies a positive correlation between the
increase of variance and the improvement of performance.
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Figure 2. The average accuracy (top), class-wise variance (middle), and normalized class-wise variance (bottom) of the different models
over the training epochs. Models trained on CIFAR10 from left to right: (a) ResNet18, (b) ResNet50, (c) Dense-1, (d) Dense-2

Figure 3. The average accuracy (top), class-wise variance (middle), and normalized class-wise variance (bottom) of the different models
over the training epochs. Models trained on MNIST from left to right: (a) Large CNN, (b) Dense-1, (c) Dense-2, (d) Dense-3

3. Conclusion
In this paper, we studied the link between class-wise feature
invariance and classification performance. We studied the
relationship between class-wise compactness of the learned
features and the corresponding model performance in the
deep neural network context. We report two findings: First,

we show that contrary to the common intuition, in deep learning higher compactness does not imply better performance.
We validate this hypothesis over two datasets, MNIST and
CIFAR10 using different architectures. Second, we show
that neural network models do not implicitly learn more
compact feature spaces. In fact, on the contrary the com-
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pactness decreases during the training phase. The potential
reasons and implications of such phenomena remain to be
further studied.
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Abstract—Object tracking allows for localizing moving objects
in sequences of frames providing detailed information regarding
the trajectory of objects that appear in a scene. In this paper, we
study active object tracking, where a tracker receives an input
visual observation and directly outputs the most appropriate
control actions in order to follow and keep the target in its field of
view, unifying in this way the task of visual tracking and control.
This is in contrast with conventional tracking approaches, as
typically developed by the computer vision community, where
the problem of detecting the tracked object in a frame is
decoupled from the problem of controlling the camera and/or
the robot to follow the object. Deep Reinforcement Learning
(DLR) methods hold the credentials for overcoming these issues,
since they allow for tackling both problems, i.e., detecting the
tracked object and providing control commands, at the same
time. However, DRL algorithms require a significantly different
methodology for training compared to traditional computer
vision models, e.g., they rely on dynamic simulations for training
instead of static datasets, while they are often notoriously difficult
to converge, often requiring reward shaping approaches for
increasing convergence speed and stability. The main contribution
of this paper is a DRL, vision-based active tracking method, along
with an appropriately designed reward shaping approach for
active tracking problems. The developed methods are evaluated
using a state-of-the-art robotics simulator, demonstrating good
generalization on various dynamic trajectories of moving objects
under a wide range of different setups.
Index Terms—Active Tracking, Deep Reinforcement Learning,
Reward Shaping, Webots

I. I NTRODUCTION
In recent years, object tracking has shown a significant
growth and is used in a wide range of applications [1],
[2], including but not limited to robotics applications [3]
and human computer interaction [4]. Object tracking aims to
localize a moving object in a stream of frames, enabling us
to keep detailed information regarding the trajectory of the
corresponding object through time. This information can be
used either for extracting higher level information regarding
the qualities and behavior the tracked object, or for controlling
various parameters of the camera used for acquiring the
video stream. The latter is especially important in various
applications, such as autonomous cinematography [5], or even

just ensuring that an appropriate view of the object of interest
has been obtained, e.g., in surveillance applications [6].
It is worth noting that the goal in many tracking applications
is control [7], instead of tracking per se, leading to passive
tracking approaches, where tracking is disconnected from the
actual task at hand. On the other hand, the emergence of powerful Deep Reinforcement Learning (DRL) approaches [8], [9],
enabled the development of active tracking approaches [10],
[11]. Such approaches are capable of learning end-to-end
control policies, directly from raw RGB input, without any
intermediate pre-processing step. In this way, the developed
algorithms can be directly optimized for the task at hand,
without involving separate intermediate tasks. At the same
time, this unified approach also holds the credentials for
providing less complex and more robust systems [11].
Despite their apparent advantages, little work has been
done so far for active tracking approaches [10], [11], since
active tracking requires using advanced and realistic simulation environment for simulating the effects of various control
commands instead of relying on static datasets. At the same
time, active tracking typically relies on reward signals for the
training process instead of ground truth bounding boxes that
are usually used in passive tracking approaches. However,
defining the appropriate reward functions for such tasks is
not trivial, since there are many alternative ways to formulate
the goal of the system [12]. This is in contrast with other
DRL applications, such as games [13], where the reward
function is intrinsic to the problem. Indeed, the way that the
reward function is defined can have a signfincant effect on the
behavior of the resulting DRL model, especially for complex
control tasks [14]. At the same time, providing additional
rewards, in the form of reward shaping [15]–[17], can often
allow for further increasing the stability of the training process,
along with its convergence speed.
The contribution of this work is two-fold. First, we develop and evaluate an active tracking simulation environment,
demonstrating that active tracking methods can be indeed
trained in an end-to-end fashion operating directly on raw RGB
inputs. To this end, a realistic robot simulation environment

Training

Error Calculation
(based on optimal error)

Webots-based
Simulation
Environment

PPO
Active Tracking
Reward

Sensory Input
(RGB Pixels)

Optimization

DRL Model

Control Commands
(wheel speeds)

Feedback to simulator

Inference

Fig. 1. Overview of the proposed DRL-based active tracking setup. First, the agent (DRL Model) is trained using the developed Webots-based simulation
environment. Then, the trained agent is evaluated on a number of different scenarios (described in Section III).

was constructed using the Webots simulator [18], while the
proposed method was evaluated using a real robot, the e-puck
robot [19], and two different setups, involving different movement patterns of the robots. Furthermore, two different control
scenarios were evaluated, corresponding to the two main
approaches that are typically used for control: a) control using
discrete actions/steps and b) control using continuous action
spaces. Second, a simple, yet effective temporal differencebased reward function is introduced and evaluated for active
tracking, improving the tracking error and allowing for directly
performing control based on a tracking objective. Indeed,
it is demonstrated, through extensive experiments, that the
employed reward function can indeed lead to improvements
in tracking accuracy, under a wide range of different setups.
The rest of the paper is structured as follows. First, background information and the proposed method are presented in
Section II. Then, the experimental evaluation is proposed in
Section III. Finally, conclusions are drawn in Section IV.
II. P ROPOSED M ETHOD
The proposed approach is provided in this Section. First,
we briefly introduce the developed simulation environment.
Then, the employed DRL method is provided, along with
the network architectures used for training the corresponding
agents. Finally, three different reward functions for active
tracking are introduced and discussed. An overview of the
proposed approach for developing DRL agents for active
tracking is provided in Fig. 1.
A. Simulation Environment and DRL agent
The simulation environment was built using the Webots
simulator [18], which is an open source highly realistic robot
simulator. The developed simulation environment contains two
GCtronic e-puck robots [19], with the first one being the
tracked target and the second one carrying an RGB camera
(64 × 64 pixels) and aiming to track the first robot. E-puck

robot moves by appropriately setting the velocity of its two
wheels. Two different kinds of agents were employed in this
paper: a) discrete action space agents and b) continuous action
space agents. For agents that work with discrete actions,
there are 2k + 1 possible velocity values within the range
[−maxSpeed, +maxSpeed], splited by 2k equally spaced
partitions. Therefore, the total number of actions for these
agent is (2k + 1)2 , given that both wheels of the robot must
be controlled. On the other hand, for continuous agents, two
real numbers, one for each wheel, are used. The output of the
agent is constrained between the minimum and the maximum
speed supported by the robot, ensuring that all control actions
will be within the hardware capabilities of the robots.
For training the agent, a state-of-the-art DRL optimization
method, the Proximal Policy Optimization (PPO) [8], was
employed. An actor-critic architecture was used to this end,
where the actor is responsible for selecting the next action,
while the critic was used for estimating the value of each
state. PPO relies on the advantage for each performed action
a when the agent is at state s:
Aθ (s, a) = Qθ (st ) −

T
−1
X

γ t rt ,

(1)

t=0

where Qθ (st ) denotes the critic’s network estimated value, γ
is the discount factor and rt is the obtained reward at time t for
a total number of T time-steps. To ensure the stability of the
optimization process, PPO uses a probability ratio between
new and old policy. Clipping this ratio, as proposed in [8],
improves the behavior of the training process. Finally, note
that in training phase PPO collects samples from the older
policy using importance sampling.
The architecture used for both the actor and critic is
depicted in Fig. 2. Three 2D convolutional layers were used,
followed by three fully connected layer. The ReLU activation
function was used after each layer [20], while average pooling
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Convolutional Layer (16 3 x 3 ﬁlters)
ReLU

2 x 2 Average Pooling

Convolutional Layer (16 3 x 3 ﬁlters)
ReLU

2 x 2 Average Pooling

Convolutional Layer (16 3 x 3 ﬁlters)
ReLU
Fully Connected Layer (128 neurons)
ReLU
Fully Connected Layer (64 neurons)

Fig. 3. Distance and angular errors

ReLU
Output Fully Connected Layer

methods can be considered. Perhaps the simplest one is to
directly use the negative of error, i.e.,

Fig. 2. Network architecture used for the actor and critic models

r(t) = −error(t),

was employed instead of max pooling to avoid discarding
potentially useful information. For discrete agents, the final
layer of the actor has the same number of neurons as the
number of possible actions, i.e., (2k+1)2 , while for continuous
agents two output neurons are used (one for controlling the
speed of each wheel). In the latter case, the output of the
network is passed through the tanh activation, to ensure that
it will range between -1 (maximum speed backward) and 1
(maximum speed forward). When the network outputs a value
of 0, then the corresponding wheel stays stationary.
B. Reward
The RL agents must learn to follow the moving target as
close as possible over a safe distance, while the camera looking
at the center of the target. To this end, we define the distance
error as:
ed (t) = |d(t) − s|,
(2)
where d(t) is the distance between the robots at time t and s
is a predefined distance that must be kept from the robot (safe
distance). Also, we define the angular error ea (t) at time t
as the absolute value of the angle between the optimal lookat vector of the camera and the speed vector of the target
robot, as shown in Fig. 3. A separate reward is calculated
for each of these two errors, i.e., rd (t) and ra (t) respectively,
while the total reward is calculated as the sum between the
corresponding rewards:
r(t) = rd (t) + ra (t)

(3)

For defining these two individual rewards, i.e., rd (t) and
ra (t), that contribute to the final reward provided in (3) several

(4)

where r(t) refers to either rd (t) and ra (t) (according to the
value used in place of error(t)), aiming to directly minimize
the control error. However, as we experimentally demonstrate
in Section III, this naive way of defining the reward leads to
suboptimal results. Recent works in vision-based DRL control
proposed to use hint-based rewards inspired by reward shaping
methods [14], i.e.,


cg , error(t) < margin
(5)
r(t) = cm , error(t) < error(t − 1) ,


cp , otherwise

where cg corresponds to the reward for achieving the desired
target, cm to the reward for moving towards a direction that
reduces the error , while cp corresponds to the penalty the
agent receives in any other case (its absolute value must be
larger than cg to avoid oscillations). We set these parameters
to cg = 1, cm = 0.5 and cg = −1.2 following the protocols
proposed in the literature and experiments conducted to select
the optimal parameters. However, setting these parameters
can require a significant amount of effort, involving repeated
experiments to determine the optimal values. Therefore, to
overcome this limitation, in this work we propose using a
simpler, yet more effective approach for calculating the reward
based on the temporal difference between two subsequent error
values, i.e.,
r(t) = error(t − 1) − error(t).

(6)

This approach does not require any kind of additional finetuning, while it leads to more accurate control, as we demonstrate in Section III. Note that the first and third reward
functions are directly linked to the (unnormalized) values of

TABLE I
H YPERPARAMETER USED FOR ALL THE CONDUCTED EXPERIMENTS
Clip parameter (PPO)
Number of update iterations (PPO)

0.2
10

Gradient norm clipping (max)
Batch size

0.5
64

Actor / Critic learning rate
Number of episodes

0.0001 / 0.0003
100

the error, therefore min-max normalization is required after the
end of each episode, to ensure the stability of the optimization
process. This is not necessary for the hint-based reward, since
the values of this reward are already bounded.
III. E XPERIMENTAL E VALUATION
The different agents and reward functions are evaluated
under different setups in this Section. The hyperparameters
used for all the conducted experiments are summarized in
Table I. The number of update iterations refers to the number
of gradient descent steps performed after each simulation
episode, while the gradient norm clipping refers to the clipping
of the training gradients that are larger than the specific
threshold, which improves training stability. The former was
set to 10, while the later to 0.5 The safe distance was set to
s = 0.2m (meters), while the margin for the hint-based reward
function was set to 0.05.
The developed agents were evaluated in two different setups:
1) random movement, where the velocity of both wheels of
the front robot are selected randomly (therefore the first
robot moves on a non-straight trajectory). The velocities
remain the same during the entire episode. This setup
was used both for training and evaluation of the trained
agents.
2) random movement with velocity changing, where the
same setup as before is used, but the speed of the wheels
changes every 200 steps. As a result, the trajectory of
the first robot changes several times within the same
episode, requiring the tracking robot to promptly adjust
in order to avoid loosing the target robot. This setup
was used for evaluating the agents trained with the first
setup.
Each episode consists of 1000 steps, while an episode ends
early when the tracking robot loses its target. For evaluation
we report two different metrics:
1) average distance error (“Distance error”), which measures whether the agents keeps the desired distance from
the tracked robot, and
2) average control steps per episode (“Steps per episode”),
which measures the ability of the agent to track the front
robot (note that an episode ends when the tracking robot
loses its target).
First, the proposed method was evaluated using the first
setup (random movement evaluation). The evaluation results

TABLE II
E VALUATION S ETUP 1: D ISCRETE AGENT
Reward

Distance error

Steps per episode

Negative of error

0.014

1000

Hint-based

0.054

969

Proposed

0.009

969

TABLE III
E VALUATION S ETUP 1: C ONTINUOUS AGENT
Reward

Distance error

Steps per episode

Negative of error

0.02

954

Hint-based

0.03

966

Proposed

0.01

1000

for the discrete agent are reported in Table II, while for the
continuous agent in Table III. The best discount factor was
selected through validation experiments for all the evaluated
reward functions (γ = {0.01, 0.25, 0.5, 0.75, 0.99}). First, note
that for all the evaluated reward functions, the agents are
indeed successfully trained, since they solve almost all the
test episodes perfectly (the average number of steps is larger
than 950 out of a maximum of 1000). At the same time, the
temporal difference reward seems to lead to the overall best
distance error (both for the discrete and continuous agent).
However, it lead to slightly worse behavior for the discrete
agent, failing to correctly track the target robot in a few cases,
since the average number of steps per episode is reduced from
1000 to 969.
However, the opposite behavior is observed in the second
evaluation setup reported in Table IV, where the proposed
reward leads to both the best distance error, as well as leads
to never loosing the target robot for all the evaluated episodes.
The same results are achieved for the hint-based reward, even
though hint-based rewards seem to always lead to higher
distance error. This can be explained, since hint-based rewards
TABLE IV
E VALUATION S ETUP 2: D ISCRETE AGENT
Reward

Distance error

Negative of error

0.016

Steps per episode
985

Hint-based

0.035

1000

Proposed

0.007

1000

TABLE V
E VALUATION S ETUP 2: C ONTINUOUS AGENT
Reward

Distance error

Steps per episode

Negative of error

0.014

1000

Hint-based

0.030

974

Proposed

0.006

1000

TABLE VI
E VALUATION S ETUP 2 ( WITH OBSTACLES ): C ONTINUOUS AGENT
Reward

Distance error

Steps per episode

Negative of error

0.037

961

Hint-based

0.072

853

Proposed

0.007

965

are disconnected from the actual value of the error. Even
though in previous works this has been shown to improve
the training stability when combined with Q-learning based
algorithms [14], this reward function does not seem to lead to
similar improvements for the problem at hand. The ability of
the proposed reward function to improve the distance error
is again validated using the second evaluation setup using
continuous action spaces (Table V).
Finally, we also evaluated the ability of the trained agents to
work on an even more challenging environment by including
additional obstacles, in the second setup. The evaluation results
for the continuous agent are reported in Table VI. Again, it is
confirmed that the proposed reward leads to the best results
for the continuous agents, both regarding the distance error
and the ability of the agent to keep the target in view, despite
the presence of obstacles.
IV. C ONCLUSIONS
In this paper a deep reinforcement learning-based approach
for solving active tracking problems was presented. The proposed method can be trained in end-to-end fashion, while operating directly on raw RGB inputs without requiring solving
any intermediate tracking problem, like most of the existing
passive tracking methods. At the same time, a simple, yet
effective reward function for active tracking problems was
introduced and demonstrated that it can lead to improved
tracking performance, under two different evaluation setups
and DRL agents using a realistic simulation environment
developed using the Webots simulator and a model of a real
robot, the e-puck robot. The results provided in this paper
pave the way for developing more sophisticated active tracking
methods, ranging from methods that can track a wide variety
of objects, to methods that can control simultaneously both
the robot and the camera, choosing the most appropriate
action to be performed, increasing the perception accuracy.
Furthermore, the proposed method also consists a first step
towards developing advanced active perception algorithms for
other tasks [21], such as object detection, human recognition,
etc.
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Abstract—Panoptic segmentation of point clouds is a crucial
task that enables autonomous vehicles to comprehend their
vicinity using their highly accurate and reliable LiDAR sensors.
Existing top-down approaches tackle this problem by either
combining independent task-specific networks or translating
methods from the image domain ignoring the intricacies of
LiDAR data and thus often resulting in sub-optimal performance.
In this paper, we present the novel top-down Efficient LiDAR
Panoptic Segmentation (EfficientLPS) architecture that addresses
multiple challenges in segmenting LiDAR point clouds including distance-dependent sparsity, severe occlusions, large scalevariations, and re-projection errors. EfficientLPS comprises of a
novel shared backbone that encodes with strengthened geometric
transformation modeling capacity and aggregates semantically
rich range-aware multi-scale features. It incorporates new scaleinvariant semantic and instance segmentation heads along with
the panoptic fusion module which is supervised by our proposed
panoptic periphery loss function. Additionally, we formulate a
regularized pseudo labeling framework to further improve the
performance of EfficientLPS by training on unlabelled data.
We benchmark our proposed model on two large-scale LiDAR
datasets: nuScenes, for which we also provide ground truth
annotations, and SemanticKITTI. Notably, EfficientLPS sets the
new state-of-the-art on both these datasets.
Index Terms—Scene Understanding, Semantic Segmentation,
Instance Segmentation, Panoptic Segmentation.

A

I. I NTRODUCTION

UTONOMOUS vehicles are required to operate in
challenging urban environments that consist of a wide
variety of agents and objects, making comprehensive perception
a critical task for robust and safe navigation. Typically,
perception tasks are focused on independently reasoning about
the semantics of the environment and recognition of object
instances. Recently, panoptic segmentation [1] which unifies
semantic and instance segmentation has emerged as a popular
scene understanding problem that aims to provide a holistic
solution. Panoptic segmentation simultaneously segments the
scene into ’stuff’ classes that comprise of background objects or
amorphous regions such as road, vegetation, and buildings, as
well as ’thing’ classes that represent distinct foreground objects
such as cars, cyclists, and pedestrians. Panoptic segmentation
has been extensively studied in the image domain [1]–[4],
facilitated by the ordered structure of images being supported
by well-researched convolutional networks. However, only
a handful of methods have been proposed for panoptic
segmentation of LiDAR point clouds [5], [6]. LiDARs have
become an indispensable sensor for autonomous vehicles due
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Fig. 1: Overview of the top-down EfficientLPS architecture that consists of
a shared backbone to learn spatially-aware features from the projected point
cloud and individual heads to learn semantic and instance specific features
which are fused in the panoptic fusion module. The network explicitly utilizes
the range information in the backbone, semantic head and fusion module to
mitigate the problems due to the projection and distance-dependent sparsity
of LiDAR point clouds.

to their illumination independence and geometric description
of the scene, making scene understanding using LiDAR point
clouds an essential capability. However, the typical unordered,
sparse, and irregular structure of point clouds pose several
unique challenges.
To this end, deep learning methods that rely on grid based
convolutions to address these challenges typically follow
two different directions. They either project the point cloud
into the 3D voxel space and employ 3D convolutions on
them [7], [8], or they project the point cloud into the 2D
space [6], [9], [10] and employ the well-researched 2D
Convolutional Neural Networks (CNNs). While voxel-based
method achieve high accuracy, they are computationally more
expensive and require substantial memory to store the voxelized
point clouds. Methods such as [8], [11] leverage the sparse
nature of occupied voxel grids to improve the runtime and
memory consumption. The 2D projection based methods on
the other hand, yield a more denser representation and require
comparatively lesser computational resources, but they suffer
from information loss during projection, blurry CNN outputs,
and incorrect label assignment to the occluded points during
re-projection. Therefore, there is a need to bridge this gap with
a method that has the advantages of fast and memory-efficient
2D convolutions while mitigating the problems due to the
projection.
In this work, we present the novel Efficient LiDAR Panoptic Segmentation (EfficientLPS) architecture that effectively
addresses the aforementioned challenges by employing a 2D
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CNN for the task while explicitly utilizing the unique 3D of the model. To address this problem, we introduce the novel
information provided by point clouds. EfficientLPS consists of panoptic periphery loss function that operates on the logits of
a shared backbone comprising our novel Proximity Convolution the panoptic fusion module to effectively combine the outputs of
Module (PCM), an encoder, the proposed Range-aware FPN both heads. Our proposed loss function refines ’thing’ instance
(RFPN) and the Range Encoder Network (REN). We build boundaries by maximizing the range separation between the
the encoder and REN based on the EfficientNet [12] family, foreground boundary pixels, i.e., the ’thing’ instance boundary
therefore we follow the convention of naming our model and the neighboring background pixels.
Most supervised learning methods require large amounts of
with the Efficient prefix. EfficientLPS also consists of a novel
distance-dependent semantic segmentation head and an instance annotated training data and manually labeling point clouds is
segmentation head, followed by a fusion module that provides an extremely arduous task. As an alternative solution to this
the panoptic segmentation output. Our network makes several problem, we explore the viability of generating pseudo labels
new contributions to address the problems that persist in from the abundantly available unlabeled point cloud datasets.
LiDAR cylindrical projections. We propose the Proximity We formulate a new framework for computing regularized
Convolution Module (PCM) that alleviates the problems caused pseudo labels from unlabeled data, given some labeled data
by the fixed geometric grid structure of a standard convolution with similar properties. The regularized pseudo labels aim to
which is incapable of modeling object transformations such reduce the incorrect predictions on the unlabeled dataset to
as scaling, rotation and deformation [13]. The problem of prevent confirmation bias. To the best of our knowledge, this
distance-dependent sparsity further exacerbates the limited is the first work to propose a pseudo labeling technique for
transformation modeling capability of standard convolutions. any point cloud scene understanding task.
We perform extensive evaluations on the SemanticKITTI [16]
The PCM models the transformations of objects in the scene
by leveraging the contributions of nearby points, effectively and nuScenes [17] datasets which have point clouds with
reshaping the convolution kernel depending on range values. different densities to demonstrate the generalization ability of
When LiDAR points are projected into the 2D domain, our model. As the nuScenes dataset itself does not provide
objects tend to be closer to each other. Hence, the network panoptic segmentation labels, we compute the annotations
in these cases often ignores smaller objects in favor of from the publicly available semantic segmentation and 3D
larger overlapping objects. Although this overlap is more bounding box annotations. We provide several baselines and
distinguishable in the range channel of the projections, the make the nuScenes panoptic segmentation dataset publicly
features computed over all the projection channels begin to available to encourage future research using sparse point clouds.
lose track of this distinction as they try to capture more and Our proposed EfficientLPS consistently outperforms existing
more complex representations in the deeper layers of the methods, thereby setting the new state of the art on both
encoder. To alleviate this problem and enable the network datasets and is ranked #1 on the SemanticKITTI leaderboard.
to better distinguish adjacent objects, we propose the Range- Finally, we present detailed ablation studies that demonstrate
aware Feature Pyramid Network (RFPN). We employ the REN the novelty of the various architectural contributions that we
parallel to the encoder to solely encode the range channel of make in this work.
To summarize, the main contributions of this work are as
the projection and selectively fuse it with the FPN outputs to
follows:
compute range-aware multi-scale features.
Moreover, there is a large variation in the scale of objects
1) A novel top-down architecture that consists of a shared
due to the projection of the point cloud into the 2D domain.
backbone with task-specific heads that incorporate our
The objects that are closer tend to be larger in scale, and
proposed range enforced components and a fusion module
objects at a farther distance tend to be smaller. Hence, the 2D
supervised by our panoptic periphery loss function.
projection consists of objects that have distance-dependent
2) The proximity convolution module which boosts the
scale variations. Typically, the instance head of top-down
transformation modeling capacity of the shared backbone
methods cope with it to a certain extent using many predefined
by leveraging range proximity between neighboring points.
anchors at different scales. However, the semantic head
3) The novel range-aware feature pyramid network that
that predominantly aggregates multi-scale features tends to
reinforces bidirectionally aggregated semantically rich
suffer [2], [14], [15]. In order to mitigate this problem, we
multi-scale features with spatial awareness.
propose the distance-dependent semantic head that consists of
4) The new semantic head that captures scale-invariant rich
modules that incorporate our range-guided depth-wise atrous
characteristic and contextual features using our rangeseparable convolutions in addition to fixed multi-dilation rate
guided depth-wise atrous separable convolutions.
convolutions to generate features that cover a relatively large
5) The novel panoptic periphery loss function that refines
scale range in terms of the receptive field in a dense manner.
the segmentation of ’thing’ instances by maximizing the
Furthermore, segmented objects in the projection domain
range separation between foreground boundary pixels and
often tend to have inaccurate boundaries. In the image domain,
neighboring background pixels.
these inaccuracies only span a few pixels so they have little or
6) A new framework for improving panoptic segmentation
negligible effect on the overall performance. However, when
of LiDAR point clouds by exploiting large unlabelled
the segmented output in the projection domain is re-projected
datasets via regularized pseudo label generation.
back into point clouds, it causes leakage of object boundaries
7) Exhaustive quantitative and qualitative evaluations of our
into the background and significantly affects the performance
model along with comprehensive ablation studies of our
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8) We made the code and models publicly available at http:
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use of well researched 2D convolution architectures. To obtain
pseudo sensor data such as the grid representation, existing
methods project points either using the spherical projection [23],
[24] or using scan unfolding [25]. Conversely, point clouds are
II. R ELATED W ORKS
also projected into a bird’s eye view (BEV) [26] to exploit the
Panoptic segmentation has emerged as a popular scene radial nature and obtain better spatial segregation. In this work,
understanding task since its introduction by Kirillov et al. [1]. we employ scan unfolding due to its ability to recover dense
By unifying semantic segmentation and instance segmentation, representations, similar to the original format that a LiDAR
it aims at holistic scene understanding and reasoning. While sensor provides.
panoptic segmentation has been extensively studied in the 2D
domain using RGB images, only a handful of methods address C. Scene Understanding using LiDAR Point Clouds
this task in the 3D domain of LiDAR point clouds. In the
1) Semantic Segmentation: The challenges posed by the
following, we first discuss different convolution kernels and
different techniques of representing point cloud data. We then unordered and sparse nature of point clouds has hindered the
discuss recent works that address the various scene segmenta- progress in LiDAR semantic segmentation for autonomous
tion tasks using point clouds in autonomous driving scenarios, driving. Considerably lesser number of techniques have been
proposed to address this task using point clouds in comparnamely: semantic, instance, and panoptic segmentation.
ison to methods in the visual domain. Dewan et al. [27]
propose an approach to classify points into movable, nonA. Convolution kernels
movable, and dynamic classes, by combining deep learningStandard 2D convolutions lack the ability to model geometric based semantic cues and rigid motion based motion cues in a
relations in the 3D domain due to the nature of the convolution Bayesian framework. Wu et al. [24] propose a projection-based
operation that samples from fixed locations. Some works model approach that builds upon SqueezeNet and introduces the fire
these relations with the help of non-regular grids [13] where module which is incorporated into the encoder and decoder.
the learned offsets change the shape of the sampling grid DeepTemporalSeg [28] employs Bayesian filtering to obtain
in convolutions. Using RGB-D images, Wang et al. [18] temporally consistent semantic segmentation.
directly use the depth value to weight the contribution of
The release of the SemanticKITTI [16] dataset motivated
neighboring pixels for the convolution output. While the many works in semantic segmentation of LiDAR point clouds.
convolution shaping methods using RGB images learn the Milioto et al. [23] propose a 2D CNN architecture that operates
lacking spatial information, we propose a shaping mechanism on spherically projected point clouds and employs a kNN
using the already available spatial information in point clouds. based post-processing step to account for the occlusions due
We devise the Proximity-aware Convolution Module (PCM) to the projection. SalsaNext [9] uses spherical projection for
that reshapes the convolution grid to capture local contextual semantic segmentation and also performs uncertainty estimation.
information from neighboring pixels. This is especially helpful PolarNet [26] projects the point cloud in the birds-eye view
for capturing contextual information of very distant points in and employs a ring convolutions on the radially defined grids.
LiDAR point cloud that suffer from distance-induced sparsity. Some methods follow a hybrid approach by combining 2D
and 3D convolutions. KPRNet [29] uses 2D convolutions
B. Data Representation
for semantic segmentation followed by KPConv-based [22]
The methods that are typically employed on point clouds can post-processing using point-wise convolutions. SPVNAS [30]
be broadly classified into three categories, namely: point-based, automates architecture design by employing neural architectural
volumetric, and projection-based techniques. PointNet [19] search to search for efficient 3D convolution-based models.
2) Instance Segmentation: Similar to the image domain,
is one of the first pioneering point-based methods which
learns features using MLPs followed by max-pooling to instance segmentation of point clouds can be classified into
extract global context. More recent methods [20]–[22] develop two categories: proposal based and proposal free methods.
convolution operations and kernels specially designed to work Proposal based methods perform 3D bounding box detection
with point clouds. Kernel Point Convolution (KPConv) [22] is followed by point-wise mask generation for the points in each
one such method with flexible kernel points in the 3D space, bounding box. 3D Bonet [31] follows this approach using
which are learned in a similar manner on point clouds as two separate 3D bounding box proposal generation and mask
in 2D convolutions. On the other hand, volumetric methods generation branches. GSPN [32] generates proposals using
transform the point clouds into regular voxel grids and apply a shape aware proposal generation for different instances.
3D convolutions [7]. Most methods that rely on 3D convolution On the other hand, proposal free methods directly predict
are both memory and computationally intensive which limits the instances by detecting keypoints such as the centriod
the resolution of the voxels and hence the overall performance. of the instance, or the similarity between points, which is
However, to account for the sparse nature of the voxel grid, followed by clustering [33]. SGPN [34] learns a similarity
sparse 3D convolutions [8], [11] have been proposed to decrease matrix between the points which is used to cluster points
with higher similarity scores between them. PointGroup [35]
the runtime and memory footprint.
In projection-based methods, the point cloud is projected onto extracts semantic information using 3D sparse convolutions
an intermediate regular 2D grid representation to facilitate the to cluster points towards the instance centroid, followed by
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using the original points and the clustered points to obtain the
final prediction. VoteNet [36] predicts an offset vector to the
centroid of every point and then employs clustering.
3) Panoptic Segmentation: Panoptic segmentation methods
can also be classified into proposal-free (bottom-up) or proposalbased (top-down) techniques. Bottom-up methods group points
belonging to the same instances either by a voting scheme
or based on pixel-pair affinity pyramid while simultaneously
learning the semantic labels [37]. On the other hand, top-down
approaches [10] tackle the problem in two a stage manner
with a dedicated instance segmentation branch for detecting
and segmenting ’thing’ classes, and a semantic segmentation
branch for segmenting the ’stuff’ classes.
Miliotto et al. [6] and Gasperini et al. [5] adopt the bottomup approach where instances are detected without region
proposals. Miliotto et al. use spherical projection of point
clouds and predict offsets to the centroids for aiding clustering.
They also use 3D information available in the range images
for trilinear upsampling in the decoder. Panoster [5] uses
an instance head which directly provides the instance ids
of the points from learnable clustering without any explicit
grouping requirement. In addition to the spherical projectionbased method Rangenet++ [23] and Panoster [5] also show
the implementation of their clustering mechanism using the
point-based method KPConv [22] for semantic segmentation.
PanopticTrackNet [10] further unifies panoptic segmentation
with multi-object tracking and provides temporally consistent
instance labels.
4) Semi-Supervised Learning: Semi-supervised learning
(SSL) for LiDAR panoptic segmentation has not been explored.
Thus, we discuss the two prominent SSL approaches for
3D object detection. SESS [38] trains a EMA-based teacher
model and a student model simultaneously with consistency
loss between them whereas 3DIoUMatch [39] employs meanteacher [40] based framework using an IoU prediction filtering
mechanism. Both of the approaches use augmentation of point
clouds for which the point cloud is available. In contrast,
our proposed pseudo labeling framework exploits external
unlabeled point cloud datasets with a separate teacher and
student model.
In this work, we present a novel LiDAR panoptic segmentation network that effectively exploits the advantages of
projection-based top-down methods. Our proposed architecture
comprises of a shared backbone that incorporates the proposed
proximity convolution module in the beginning to boost its
geometric transformation modeling capacity and the novel
range-aware FPN at the end to capture spatially aware and
semantically rich multi-scale features. It further consists of
a modified Mask R-CNN [41] instance head and a new
semantic head that fuses distance-dependent fine and longrange contextual features with distance-independent features for
enhanced scale-invariance. We also propose the novel panoptic
periphery loss function that refines the ’thing’ object class
boundaries by maximizing the range difference between the
foreground and background pixels of the instance boundaries.
All of the aforementioned modules effectively leverage the
intricacies of LiDAR data to address the issues prevalent
in projection-based LiDAR segmentation. Additionally, we
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explore the viability of pseudo labeling for LiDAR panoptic
segmentation and thus propose a novel regularized pseudo
labeling framework for the same.
III. T ECHNICAL A PPROACH
In this section, we present a brief overview of our proposed
EfficientLPS architecture and then detail each of its constituting
components. Fig. 2 illustrates the topology of EfficientLPS that
follows the top-down layout. First, we project the point cloud
from the LiDAR scanner into the two-dimensional space using
scan unfolding [25]. The projected representation comprises
of five channels: range, intensity and the (x, y, z) coordinates.
We then employ our novel shared backbone which consists of
our proposed Proximity Convolution Module (PCM) to aid in
modeling geometric transformations, followed by a modified
EfficientNet-B5 encoder with the 2-way FPN [2]. We employ
the proposed Range Encoder Network (REN) in parallel which
takes the range channel of the projected point cloud as input.
We then fuse the multi-scale outputs of the encoder and REN to
obtain the range-aware feature pyramid that enhances the ability
to distinguish adjacent objects at different distances. The entire
shared backbone is enclosed with green dashed lines in Fig. 2.
Following the backbone, we employ the parallel semantic
segmentation (depicted in orange) and instance segmentation
(depicted in purple) heads. The semantic head consists of Dense
Prediction Cells (DPC) [15] and Large Scale Feature Extractor
(LSFE) [2] units, which we extend with our proposed rangeguided depth-wise atrous separable convolutions to enable
capturing scale invariant long-range contextual and fine features.
We use a variant of Mask R-CNN [41] for the instance head. We
then fuse the logits from both the heads in the panoptic fusion
module [2] which is supervised by our panoptic periphery loss
to facilitate object boundary refinement and yield the panoptic
segmentation in the projection domain. Finally, we re-project
the predictions into the 3D space to obtain the final panoptic
segmentation output of the input point cloud. During training,
we employ our proposed pseudo labeling technique to train our
model with both labeled and unlabeled data. In the rest of this
section, we describe each of the aforementioned components
in detail.
A. Projection using Scan Unfolding
We employ scan unfolding [25] to project the point cloud
into the 2D range image format. Scan unfolding aims to
mitigate the problems due to the alternate spherical projection
method which suffers from point occlusions due to ego-motion
correction. Scan unfolding yields a much denser representation
than spherical projection. LiDAR sensors typically provide raw
data in a range image-like format, with each pixel describing
the range value at a particular row and column. Each column of
this range image consists of measurements taken by individual
modules stacked vertically within the sensor at a particular time
and each row represents the consecutive measurements of one
module taken during spinning of the sensor. However, most of
the publicly available datasets provide LiDAR measurements
as a list of 3D Cartesian coordinates, without any information
about the column or row indices. Hence, we assign these
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Fig. 2: Illustration of our proposed EfficientLPS architecture for LiDAR panoptic segmentation. The point cloud is first projected into the 2D domain using
scan unfolding and fed as an input to our Proximity Convolution Module (PCM). Subsequently, we employ the shared backbone consisting of the EfficientNet
encoder with the 2-way FPN and the Range Encoder Network (REN) in parallel. The output of these two modules are fused and fed as input to the semantic
and instance heads. The logits from both heads are then combined in the panoptic fusion module which is supervised by the panoptic periphery loss function.
Finally, the output of the panoptic fusion module is projected back to the 3D domain using a kNN algorithm.

indices to every point in the laser scan for recovering the range weighted sum of the sampled values to yield an output feature
image-like representation.
map y. The convolution at pixel p is computed as
In order to project the LiDAR scan represented as a point
y(p) = ∑ w(po ) · x(p + po ),
(1)
cloud to the range image, we assign row and column indices to
po ∈R
every point in the scan corresponding to an image of size W ×H.
The list of points provided by datasets such as KITTI [42] where R is a regular sampling grid containing the sampling
is typically constructed by just concatenating the rows of offset locations around p in the input feature map x weighted
each scan. Hence, it is still ordered by horizontal and vertical by the kernel w.
The standard convolution is limited in its geometric transindices. The scan unfolding algorithm takes advantage of this
formation
modeling capacity due to its fixed grid structure.
information and sequentially computes the yaw difference
between the consecutive points to recover the vertical index. The distance-dependent sparsity present in the LiDAR data
A jump is detected when the yaw difference is above a pre- further exacerbates the effects of this limitation. To tackle
defined threshold, which increments the vertical index of the this constraint, we propose the proximity convolution which
following points in the list. We chose a threshold value of exploits range information to augment the spatial sampling
310 deg, since the yaw angle typically drops from a value near locations for effectively improving the transformation modeling
360 deg to near 0 between the rows. The horizontal index is ability. Formally, in the proximity convolution, for each pixel p
h×w
computed as b(0.5(1 − φ /π)W )c, where φ is the yaw angle in the projected range image R ∈ R , we compute its nearest
of each point in the range [−π, π]. The points are projected neighbors using the k-Nearest-Neighbors (kNN) algorithm.
to their corresponding rows and columns with range, intensity Here, we use range difference of the corresponding points
and (x, y, z) coordinates represented as separate channels. This from range image as the distance in the 3D space to find the
results in a tensor of shape (5 × H ×W ) which is fed as input nearest neighbors. Subsequently, we sort the nearest neighbors
to the network. Note that the value of H is the number of in the ascending order of their range difference to the query
vertically placed sensor modules in a sensor, which is 64 for pixel. We now adapt Eq. (1) as
the KITTI dataset. Other datasets that already contain the
y(p) = ∑ w(pn ) · x(p + pn ),
(2)
vertical index information, such as nuScenes, only require the
pn ∈N
computation of the horizontal index.
where N is no longer a regular grid but consists of offsets for
the n nearest neighbors of pixel p. Please note that the grid
N includes the offset to the query pixel and its n − 1 nearest
neighbors. The weights w are learned in the same manner as in
B. EfficientLPS Architecture
standard convolutions. The search grid for the kNN algorithm
1) Backbone: The backbone consists of our proposed is always larger than the learnable weight matrix and value of
Proximity Convolution Module (PCM), followed by an encoder k is the product of kernel size dimensions.
and the novel Range-aware Feature Pyramid Network (RFPN).
The sampling operation of the proximity convolution in
We detail each of these components in the following section. comparison to the standard convolution is illustrated in Fig. 3.
Proximity Convolution Module: The core of the PCM is In the example, the convolutions are performed at the border
the proximity convolution operation. The standard convolution of the objects. As shown in Fig. 3, the proximity convolution
operation performs sampling over a feature map followed by a forms the kernel according to the shape of the object, while the
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respectively and the coefficients for the REN as 0.1, 0.1, and
224 respectively, which we obtain via grid search optimization.
The output of the PCM is fed as input to the main encoder
and the REN takes the projected range image as input. Fig. 2
depicts the main encoder in light purple and the REN in red.
Range-Aware FPN: Our proposed range-aware FPN (RFPN)
reinforces the coherently aggregated fine and contextual features
of Feature Pyramid Networks (FPNs) with distance awareness.
This enables the network to better segregate adjacent objects
with different range variations. We build upon the 2-way
FPN [2] that enables bidirectional flow of information using
two parallel branches that aggregate multi-scale from the main
encoder in a top-down and bottom-up manner respectively.
The 2-way FPN is depicted with yellow blocks in Fig. 2. The
outputs from both the parallel branches at each resolution are
summed together and passed through a 3 × 3 convolution with
256 output channels to yield the outputs: P4 , P8 , P16 , and P32 .
Note that we use standard convolutions in the 2-way FPN
instead of separable convolutions used in [2] to learn richer
representations at the expense of additional parameters.
Fig. 3: Comparison of pixel sampling while applying standard convolution
Our proposed RFPN consists of the aforementioned 2-way
and our proposed proximity convolution. The highlighted red box contains a
car and green box contains a bike. The convolution is applied by placing the
FPN, the REN module, and the feature fusion module as shown
kernel at the yellow dot, and the sampled neighboring pixels are represented
by red dots. Observe that the neighboring pixels are sampled adaptively based in Fig. 4 (a). The REN module is employed in parallel to the
2-way FPN. We find that enabling the REN to learn to encode
on the range difference of the corresponding points in the range image.
range information explicitly in different scales rather than
direct downsampling of range data, yields better performance
standard convolution obtains information outside the objects. as shown in the ablation studies presented in Sec. IV-D3. The
Particularly, the standard convolution is not able to obtain outputs of REN which are at four different resolutions (R4 ,
information for the bike rider (green rectangle), since the large R8 , R16 and R32 ) and the outputs of the 2-way FPN (P4 , P8 ,
distance of the object from the sensor causes increased sparsity. P16 and P32 ) are fed as input to the Feature Fusion module
Since the proximity convolution is less dependent on this which computes range-aware pyramid features for each of the
distance-induced sparsity, it successfully represents the shape corresponding resolution (RP4 , RP8 , RP16 and RP32 ). Here,
of the bike rider. Therefore, the proximity convolution models 4, 8, 16 and 32 denote different downsampling factors with
the geometric transformations more effectively, especially for respect to the input.
farther away objects that suffer from distance-induced sparsity.
The purpose of the fusion module is two-fold. First, to
The proximity convolution module comprises of the proposed fuse the inputs Rs and Ps , where s denotes the downsampling
proximity convolution, synchronized Inplace Activated Batch factor. Second, to enable the network to emphasize on the
Normalization (iABNsync) [3] and Leaky ReLU activation. We more informative features between the 2-way FPN features and
use iABNsync in this layer and all the subsequent parts of the the corresponding fused features, hence incorporating distance
network in contrast to the vanilla batch normalization layer, awareness selectively. As shown in Fig. 4 (b), the feature fusion
as it provides a better estimate of the gradients and reduces module consists of two branches. The first branch takes the
the GPU memory footprint. We study the performance of the concatenated tensors Rs and Ps as input, and feeds them through
proximity convolution module in the ablation study presented two 3 × 3 convolution layers sequentially to yield the fused
in Sec. IV-D2.
features Gs . Additionally, we use iABNsync and leaky ReLU
Encoder: We adopt the EfficientNet [12] topology for the main layers after each 3 × 3 convolution. We compute the weight
encoder as well as the Range Encoder Network (REN). We factors for this branch (w f s ) by employing a 1 × 1 convolution
remove the Squeeze and Excitation (SE) connections to enable followed by a sigmoid activation. The second branch propagates
better localization of features and contextual elements. Similar Ps in parallel and the weight factor of this branch is computed
to the proposed proximity convolution module, we replace the as 1 − w f s . Then the output (RPs ) of this module is given by
batch normalization layers with iABNsync and Leaky ReLU
RPs = w f s ∗ Gs + (1 − w f s ) ∗ Ps ,
(3)
activation. The EfficientNet architecture comprises of nine
blocks where blocks 2, 3, 5, and 9 yield multi-scale features
For the sake of simplicity, the fusion module is depicted as
that correspond to the down-sampling factors of ×4, ×8, ×16 one blue box in Fig. 2, whereas in practice each resolution has
and ×32 respectively.
its own exclusive feature fusion module depicted in Fig. 4 (b).
EfficientNet employs compound scaling to scale the base We present detailed analysis of different components of the
network efficiently. Here, width, depth, and the resolution of the range-aware FPN in the ablation study in Sec. IV-D3.
network are the coefficients available for scaling. We choose the
2) Distance-Dependent Semantic Head: The main composcaling coefficients for the main encoder as 1.6, 2.2, and 456 nent of our proposed distance-dependent semantic head is the
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Fig. 4: Topology of the different proposed architectural components in EfficientLPS. (a) Range-Aware FPN (RFPN) and (b) Feature fusion module is used for
the fusion of range encoded features with FPN features in RFPN. (c) Range-guided Dense Prediction Cells (RDPC) and (d) Range-guided Large Scale Feature
Extractor (RLSFE) modules are part of the proposed semantic head. Lastly, (e) Range-guided depth-wise atrous separable convolution is the mechanism for
controlling dilation offsets in the RDPC and RLSFE modules.

novel range-guided depth-wise atrous separable convolution MC module and the bottom-up path augmentation connections
operation. We essentially encode the range using the REN but redesign the DPC and LSFE modules by incorporating
module and compute the dilation factor to apply at each our range-guided depth-wise atrous separable convolutions.
central pixel from the encoded features. We then employ the We refer to this new LSFE variant as Range-guided Large
depth-wise atrous separable convolution operation with the Scale Feature Extractor (RLSFE) that comprises a 3 × 3 rangecomputed dilation factor, thereby enabling the receptive field guided depth-wise atrous separable convolution with 256 output
to be adaptable to the range data. As shown in Fig. 4 (e), we filters and Dmax = 3 followed by an iABNsync and a Leaky
employ a 3 × 3 convolution on the encoded range features from ReLU activation function. The Dmax parameter is set to a
the REN module to obtain the dilation offsets for each pixel. lower value in this module as it captures fine features that can
Subsequently, we compute the bilinearly interpolated neighbors get distorted with higher dilation rates. We employ two 3 × 3
from the input at the corresponding offsets for each pixel. We separable convolutions with 128 output filters, each followed
then employ a 3 × 3 depth-wise separable convolution on the by iABNsync and a Leaky ReLU activation to further perform
computed neighbors to generate the final output. Note that the channel reduction and learn deeper features. Fig. 4 (d) shows
input, the REN encoded features, and the dilation offsets have the topology of our proposed RLSFE module.
the same spatial resolution. We also use a parameter Dmax in
The topology of our Range-guided Dense Prediction Cells
this convolution to set the maximum value for dilation offsets.
(RDPC) module is depicted in Fig. 4 (c). We refer to the 3 × 3
The range-guided depth-wise atrous separable convolution depth-wise separable convolution with 256 output channels and
learns scale-invariant features as the dilation rate of the a dilation rate of (1,6) as branch A. Similarly, the parallel 3 × 3
convolution kernel changes based on the distance, and so does range-guided depth-wise atrous separable convolution with
the scale of objects. We take advantage of this scale invariance 128 output filters with Dmax = 24 is referred to as branch B.
in the proposed semantic head of our EfficientLPS architecture. Branch A further splits into four parallel branches. Three of the
We extend the semantic head proposed in [2] consisting of branches consist of a 3 × 3 depth-wise separable convolution
Dense Prediction Cells (DPC), Large Scale Feature Extractor with 256 output channels with dilation rates (1,1), (6,21),
(LSFE), and Mismatch Correction Module (MC) with bottom- and (18,15) respectively. The fourth branch is an identity
up path augmentation connections. We effectively retain the connection that goes to the end in parallel to all the branches.
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The fifth branch concatenates with Branch B and consists of C. Panoptic Fusion
a 3 × 3 range-guided depth-wise atrous separable convolution
We fuse the outputs of the semantic and instance heads
with 128 output filters with Dmax = 24, and runs parallel to using the heuristic proposed in [2] to yield the panoptic
other branches. The branch with (18,15) dilation rates further predictions in the projection domain. This heuristic enables
branches out into an identity connection and a branch with us to adaptively fuse the predictions of both the heads which
a 3 × 3 depth-wise separable convolution with 256 output alleviates the inherent overlap problem. The instance head
channels and dilation rate (6,3). In the end, there are a total outputs a set of object instances comprising of class prediction,
of six parallel branches that are concatenated together to yield confidence score, bounding box, and mask logits for each
a tensor with 1536 channels. Finally, a 1 × 1 convolution with instance. While, the semantic head outputs semantic logits of
256 output channels generates the output of the RDPC module. N
stu f f + Nthing channels. We first compute the mask logit MLA
Please note that each of the aforementioned convolutions in for the object instances by applying a series of operations on the
the RDPC module is followed by an iABNsync and Leaky outputs of the instance head, consisting of thresholding, sorting,
ReLU activation.
scaling, resizing, padding, and overlap filtering. Subsequently,
The RDPC module essentially integrates range-guided depth- we compute the mask logit ML for the corresponding object
B
wise atrous separable convolutions with fixed multi-dilation instances from the outputs of the semantic head by channel
rates ones to generate features that cover a relatively large selection based on the class of the object instances and suppress
scale range in terms of receptive field in a dense manner. the logits for that channel outside the instance bounding box.
In summary, our proposed distance-dependent semantic head Finally, we adaptively fuse the two logits ML and ML to
B
A
consists of two RDPC modules employed at ×32 and ×16 yield the fused mask logits FL of the instances as
downsampling factor whose inputs are RP32 , R32 and RP16 ,
R16 respectively. It also utilizes two RLSFE modules for ×8
FL = (σ (MLA ) + σ (MLB )) (MLA + MLB ),
(6)
and ×4 downsampling factor with RP8 , R8 and RP4 , R4 as
is the Hadamard product, and σ (·) is the sigmoid
inputs. These modules are subsequently followed by the MC where
module [2] with bottom-up path augmentations. In the last step, function. In the next step, we concatenate the ’stuff’ logits from
we apply a 1 × 1 convolution with Nstu f f +thing output filters the output of the semantic head and the fused logits, followed
and upsample to the resolution of the input image. We train by applying the softmax function. Subsequently, we apply the
our semantic head with equally weighted per-pixel log-loss argmax function along the channel dimension to obtain the
intermediate panoptic prediction. To compute the final output,
(L pp ) [43] and Lovász-Softmax loss (LLS ) [44] as
we replace the non-’thing’ class predictions in the intermediate
Lsemantic (Θ) = L pp + LLS ,
(4) prediction with the ’stuff’ class predictions of the semantic
head while ignoring the classes that have an area smaller than
We evaluate the performance of our proposed semantic head a pre-defined area threshold min .
sa
in the ablation study presented in Sec. IV-D5.
3) Instance Head: We adopt the Mask R-CNN [41] topology
for the instance head and make certain modifications. We D. Panoptic Periphery Loss
replace the batch normalization and ReLU activations with
We propose the panoptic periphery loss function which
iABNsync and Leaky ReLU layers respectively. Fig. 2 shows exploits range information to refine the boundaries of the ’thing’
the instance head depicted in purple blocks which consists of class objects. By minimizing this loss, the boundary pixels of
two stages. In the first stage, the Region Proposal Network instances are adapted to maximize the range difference to the
(RPN) employs a fully convolutional network to generate object adjacent background pixels. This is motivated by the fact that
proposals and objectness scores for each output resolution of there is typically a range gap at the borders of object instances.
the RFPN module. The RPN is trained with the objectness Consider the network provides a set of instances I of ’thing’
score loss Los [2] and object proposal loss Lop [2]
class objects, and for each instance, we have its foreground
In the subsequent stage, ROI align extracts features by and background pixels. Then for a given range image R, the
directly pooling from the nth channel of the FPN encodings with panoptic periphery loss function is defined as
a 14×14 spatial resolution bounded within the object proposals
1
obtained in the previous stage. These extracted features are then
Lre f ine = −
(kn ∗ (rb − rn )2 )],
(7)
∑ [max
n∈N
|B| ∑
fed to specialized bounding box regression, object classification
i∈I b∈Bi
and mask segmentation networks. The second stage is trained
with the classification loss Lcls [2], bounding box loss Lbbx [2] where |B| is the total number of boundary points over all
instances, Bi is the set of boundary pixels for instance i, N is
and mask segmentation loss Lmask [2].
The overall loss of the instance segmentation head is the the set of the four immediate neighbors of pixel location b, rb
and rn are the range value at pixel location b and n, respectively.
equally weighted summation of the aforementioned losses as
kn = 1 for n being a background pixel and 0 otherwise. The
Linstance = Los + Lop + Lcls + Lbbx + Lmask .
(5) negative sign ensures that the loss decreases when the range
difference between boundary and background increases.
Note that the gradient from the losses Lcls , Lbbx and Lmask are
The overall loss L for training EfficientLPS is given by
allowed to flow only through the network backbone and not
through the RPN.
L = Lsem + Linstance + Lre f ine ,
(8)
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where Lsem is the semantic head loss, Linstance is the instance
head loss and Lre f ine is the panoptic periphery loss for boundary
refinement.
E. Back-projection
During the projection to point clouds, different points may
get assigned to the same pixel in the projected image, which
leads to the assignment of the same label to all overlapping
points. Moreover, due to the downsampling operations in the
network, the convolutions produce blurry outputs in the decoder
which leads to leaking of the labels at the boundaries of the
instances during back-projection to the 3D domain.
We use a k-nearest neighbor (kNN) based back-projection
scheme [23] to mitigate these issues. For every point in the
point cloud, the nearest k neighbors to the point vote for
its semantic and instance labels. We obtain the labels of
the selected neighbors from the corresponding pixels in the
projected output prediction. To compute the nearest neighbors,
we search for nearest neighbors within a pre-defined window
around the pixel in the projected range image, out of which we
select k nearest points based on the differences in their absolute
range value. The entire post-processing is GPU optimized and
is only employed during inference.
F. Psuedo Labeling

9

regularization strategy for pseudo label generation in order
to minimize the confirmation bias while learning.
We first train EfficientLPS on the labeled dataset and use
this model to generate pseudo labels for the unlabelled dataset.
We refer to this model as the Pseudo Label Generator (PLG)
and the parameters that can be used to control the performance
of the model as control parameters as a whole. In the next step,
we use grid search to find the most optimal control parameter
combination that maximizes the given ratio (T P − FP)/T P
until the PQ score is higher than the PQcuto f f parameter on
the validation dataset of the labeled dataset. Here, T P is the
true positives, and FP is false positives that are computed
over the validation set. PQcuto f f is the minimum value of
PQ to which the performance of PLG is allowed to drop. By
maximizing the aforementioned ratio, we make the generated
pseudo label to be more accurate by having relatively fewer
false positives and higher true positives. Subsequently, we use
the optimal control parameter setting to generate pseudo labels
with PLG. As a post-processing step, we then discard all the
instances with the number of points less than a pre-defined
limit Plimit in the pseudo labels. This improves the quality of
the generated pseudo labels by discarding incorrect predictions
that were made due to the lack of sufficient points. We then
train EfficientLPS from scratch on this pseudo labeled dataset,
followed by fine-tuning the model on the labeled dataset to
improve the overall performance. We comprehensively evaluate
the performance of our proposed heuristic in the ablation study
presented in Sec. IV-D7.

Due to the arduous task of annotating point-wise panoptic
segmentation labels in point clouds and the effectiveness of
pseudo labeling in the image domain, we explore its utility
IV. E XPERIMENTAL E VALUATION
for LiDAR panoptic segmentation. We formulate a novel
heuristic to improve the performance of EfficientLPS without
In this section, we first briefly describe the datasets that we
requiring any additional manual human-annotations or model report the results on in Sec. IV-A, followed by the training
augmentations. We make the following assumptions while protocol that we employ in Sec. IV-B and detailed comparisons
formulating the proposed heuristic. First, the unlabeled dataset as well as benchmarking results in Sec. IV-C. Subsequently, we
is drawn from the same data distribution as the labeled dataset. present comprehensive ablation studies on the various proposed
Second, the model which is used to generate the labels for the architectural components in EfficientLPS in Sec. IV-D and
unlabeled dataset and the model learning from these generated detailed qualitative analysis in Sec. IV-E. In all the experiments
pseudo labels are the same, i.e., both the models have the presented in this section, we use the PQ metric [1] as the
same representation capacity. Finally, the precision and recall main evaluation criteria as defined by the benchmarks. For
of the model generating the pseudo labels are tunable during completeness, we also report the mean Intersection-over-Union
inference time via adjustment of one or more hyperparameters. (mIoU), Segmentation Quality (SQ), and Recognition Quality
The first assumption is dataset-specific to ensure high- (RQ), as well as the aforementioned metrics for the ’stuff’ and
quality pseudo labels, since the model trained on the same ’thing’ classes separately.
distribution as the unseen dataset tends to generalize better
than the dataset from a different distribution. In our case, we
choose the KITTI RAW dataset [42] as the unlabeled dataset A. Dataset
since SemanticKITTI [16] which is the labeled dataset, is a
We evaluate the performance of our approach on two datasets
subset of the former. We use the same EfficientLPS model that were collected with LiDARs of different resolutions
to generate the pseudo labels with the goal of improving its to test the generalization of our network. The first dataset
performance, hence satisfying the second assumption. This is SemanticKITTI [16] which contains sequences (00-21)
assumption ensures that the label generating model can provide consisting of point-wise semantic and temporally consistent
meaningful pseudo labels and the learning model has the instance labels for the 43,552 LiDAR scans. The dataset is
representational capacity to capture it. To satisfy the third split into 20,351 scans (sequences 00-10) that are available for
condition, the performance of EfficientLPS can be tuned using training, while the rest of the sequences (11-21) are withheld
softmax confidence thresholding or by tuning the thresholds of and used by the benchmarking server for evaluations. The
the panoptic fusion module in EfficientLPS or a combination dataset provides labels of 28 classes out of which 19 classes
of both. This condition is required to design an effective are considered for evaluation.
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SemanticKITTI

nuScenes

Fig. 5: Example groundtruth visualization from SemanticKITTI and nuScenes datasets. The SemanticKITTI dataset was collected using a 64-beam LiDAR,
hence it provides a fairly dense representation of the environment in comparison to the nuScenes dataset which was collected using a 32-beam LiDAR.

For the second dataset, we use nuScenes [17] which is a RTX GPUs. We first train the model on the pseudo labeled
large-scale dataset for autonomous driving that consists of dataset until the first reduction in learning rate by a factor of
point-wise semantic labels for 32 classes out of which 16 are 10, followed by continuing the training on the labeled dataset.
considered for evaluation. The dataset contains 1000 scenes, out
of which 700 scenes are used for the training set, 150 scenes for C. Comparison with the State-of-the-Art
the validation set, and the rest 150 scenes for the test set. The
In this section, we evaluate the performance of EfficientLPS
dataset itself does not provide any panoptic segmentation labels
and
compare with state-of-the-art methods for panoptic segbut it contains 3D bounding box annotations for the ’thing’
mentation
of LiDAR point clouds.
object classes. To obtain the panoptic segmentation labels, we
We compare with three state-of-the-art methSemanticKITTI:
extract the points that lie inside the ’thing’ class bounding
boxes and assign unique instance-ids. The SemanticKITTI ods, LPSAD [6], PanopticTrackNet [10], and Panoster [5],
dataset ignores object instances that have less than 50 points. as well as the two baselines, (RangeNet++ [23] + PointPilWe follow a similar scheme for the nuScenes dataset and ignore lars [45]), and (KPConv [22] + PointPillars [45]). Tab. I presents
object instances that have less than 15 points, since nuScenes the results on the SemanticKITTI test set which was evaluated
is roughly 3× sparser than SemanticKITTI. While the vertical by the benchmark server. Our proposed EfficientLPS achieves
field of view of the LiDAR that was used in nuScenes is a PQ score of 57.4%, which is an improvement of 4.7%
slightly higher than SemanticKITTI, the number of vertical over the previous state of the art Panoster. EfficientLPS also
lines is only 32 compared to 64 in SemanticKITTI. Fig. 5 outperforms all the existing methods in all the metrics and sets
shows example groundtruth panoptic segmentation of point the new state-of-the-art on this benchmark. The higher overall
SQ score of EfficientLPS can be primarily attributed to the
clouds from both these datasets.
proposed panoptic periphery loss function, which improves the
segmentation quality of ’thing’ class objects by refining their
B. Training Protocol
boundaries. This is evident from the increase of 4.5% in SQth
We train our network on projected point clouds of 4096×256 score compared to Panoster. Moreover, the proposed distanceresolution. We use bilinear interpolation on the projections dependent semantic head enables the recognition of objects
obtained from scan unfolding and nearest neighbor interpolation in a scale-invariant manner by incorporating range encoded
on the ground truth point clouds. We initialize the main information to achieve a higher recognition quality, especially
encoder of our EfficientLPS architecture with weights from the for the ’stuff’ classes. This yields an improvement of 6.4% in
EfficientNet-B5 model pre-trained on the ImageNet [46] dataset. the RQst score, which enables it to achieve the best overall RQ
Furthermore, we initialize the weights of the iABNsync layers score of 68.7%. Additionally, the backbone of EfficientLPS
to 1 and use Xavier initialization for the other layers. We also equipped with the proposed PCM module which models the
employ zero constant initialization for the biases and set the geometric transformations of different objects and the RFPN
slope of Leaky ReLU to 0.01. We use the same hyperparameters which learns spatially consistent features, contributes to the
for the instance head as Mask R-CNN [41]. For the panoptic improvement of 3.7% in PQT h , 5.4% in PQSt and 1.5% in
fusion module, we set ct = 0.5, ot = 0.5 and minsa = 128.
mIoU scores.
We use Stochastic Gradient Descent (SGD) with a momenIn Tab. II, we present a comparison of the class-wise PQ
tum of 0.9 for training our models. We employ a multi-step scores on the SemanticKITTI test set. EfficientLPS achieves the
learning rate schedule, where we start with an initial base highest PQ score for most of the ’stuff’ class objects, with the
learning rate of 0.07 and reduce it by a factor of 10 after exception of trunk and pole classes which are outperformed by
16,000 and 22,000 iterations. We train our models for a total of Panoster. This shows that incorporating range encoded features
25,000 iterations with a batch size of 16 on 8 NVIDIA TITAN into the semantic head helps achieve better overall semantic
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TABLE I: Comparison of LiDAR panoptic segmentation performance on SemanticKITTI test set. All scores are in [%].
Method

PQ

PQ†

SQ

RQ

PQTh

SQTh

RQTh

PQSt

SQSt

RQSt

mIoU

RangeNet++ [23] + PointPillars [45]
KPConv [22] + PointPillars [45]
LPSAD [6]
PanopticTrackNet [10]
Panoster [5]

37.1
44.5
38.0
43.1
52.7

45.9
52.5
47.0
50.7
59.9

75.9
80.0
76.5
78.8
80.7

47.0
54.4
48.2
53.9
64.1

20.2
32.7
25.6
28.6
49.4

75.2
81.5
76.8
80.4
83.3

25.2
38.7
31.8
35.5
58.5

49.3
53.1
47.1
53.6
55.1

76.5
79.0
76.2
77.7
78.8

62.8
65.9
60.1
67.3
68.2

52.4
58.8
50.9
52.6
59.9

EfficientLPS (ours)

57.4

63.2

83.0

68.7

53.1

87.8

60.5

60.5

79.5

74.6

61.4

pole

traffic sign

parking

41.3 6.7 79.2
34.1 8.8 80.7
34.6 5.8 76.0
50.3 10.5 81.8
34.5 6.1 82.0

fence

sidewalk
63.2
60.1
60.1
66.1
62.5

terrain

road
90.6
84.6
90.4
91.2
90.2

trunk

motorcyclist
13.5
22.8
17.2
7.9
51.1

vegetation

bicyclist
31.8
59.4
29.7
35.4
69.2

building

person
14.6
29.9
29.4
34.2
61.1

other ground

other vehicle

motorcycle

bicycle

8.8
19.6
14.8
27.4
30.1

PQ

71.2
77.6
69.5
75.9
77.7

34.6
53.9
30.3
42.0
55.7

37.4
42.2
36.8
44.3
41.2

38.2
49.0
37.3
42.9
48.0

32.8
46.2
31.3
33.4
48.9

47.4
46.8
45.8
51.1
59.8

37.1
44.5
38.0
43.1
52.7

Method

car

truck

TABLE II: Class-wise PQ scores on SemanticKITTI test set. R.Net, P.P, KPC refer to RangeNet++, Point Pillars, KPConv respectively. All scores are in [%].

R.Net [23]+ P.P. [45]
KPC [22] + P.P. [45]
LPSAD [6]
PanopticTrackNet [10]
Panoster [5]

66.9 6.7 3.1 16.2
72.5 17.2 9.2 30.8
76.5 7.1 6.1 23.9
70.8 14.4 17.8 20.9
84.0 18.5 36.4 44.7

EfficientLPS (ours)

85.7 30.3 37.2 47.7 43.2 70.1 66.0 44.7 91.1 71.1 55.3 16.3 87.9 80.6 52.4 47.1 53.0 48.8 61.6 57.4

TABLE III: Comparison of LiDAR panoptic segmentation performance on SemanticKITTI validation set. All scores are in [%].
Method

PQ

PQ†

SQ

RQ

PQTh

SQTh

RQTh

PQSt

SQSt

RQSt

mIoU

RangeNet++ [23] + PointPillars [45]
KPConv [22] + PointPillars [45]
LPSAD [6]
PanopticTrackNet [10]
Panoster [5]

36.5
41.1
36.5
40.0
55.6

46.1
-

73.0
74.3
73.0
79.9

44.9
50.3
48.3
66.8

19.6
28.9
29.9
56.6

69.2
69.8
76.8
-

24.9
33.1
28.2
33.6
65.8

47.1
50.1
47.4
-

75.8
77.6
70.3
-

59.4
62.8
59.1
-

52.8
56.6
50.7
53.8
61.1

EfficientLPS (ours)

59.2

65.1

75.0

69.8

58.0

78.0

68.2

60.9

72.8

71.0

64.9

segmentation performance. The resulting spatial awareness
is significantly beneficial for the other-ground class, which
every method struggles to classify due to the presence of the
more dominating road and sidewalk classes. We also observe a
similar effect with the parking class. EfficientLPS achieves an
improvement in the PQ score by 20.8% for parking and 10.2%
for other-ground in comparison to Panoster. EfficientLPS also
achieves the best performance for all ’thing’ class objects,
with the exception of motocyclist and bicyclist classes. This
is due to the fact that both these classes share almost the
same properties and they are relatively small objects which are
represented by only a few points. These objects also always
coexists with other classes such as bicycle and motorcycle, and
are adversely affected during the projection of point cloud,
rendering them very close to other objects. Hence, the pointbased backbone KPConv and the clustering used by Panoster
provides an advantage in this case. Nevertheless, EfficientLPS
outperforms the other methods in the PQ score for all the
other classes with large margins of 12.1% for other vehicles,
11.8% for truck and 9% for person classes. Therefore, the
overall state-of-the-art performance obtained from our network
is not just due to the improvement in scores for a particular
object class, rather is a result of collective improvement across
different semantic object classes with a variety of structural
properties.
Tab. III presents the results on the SemanticKITTI validation

set. ‘-’ indicates that the corresponding methods do not report
the specific metric. We observe a similar trend here as the test
set where EfficientLPS outperforms all the other methods in
all of the metrics. It achieves a PQ score of 59.2% and 75.0%,
69.8% and 64.9% for SQ, RQ and mIoU scores, respectively.
nuScenes: As there are no existing panoptic segmentation methods that have been benchmarked on the nuScenes dataset, we
trained two baseline methods by combining individual semantic
and instance segmentation models, namely (KPConv [22]
+ Mask R-CNN [41]) and (RangeNet++ [23] + Mask RCNN [41]), as well as the established PanopticTrackNet [10]
which is a projection-based panoptic segmentation model
for LiDAR point clouds. For all these models, we use the
original code provided by the authors and optimized the
hyperparameters to the best of our ability. We trained Mask RCNN on the projected point cloud images using the approach
described in Sec. III-A and project the predictions back to the
3D domain using the post-processing described in Sec. III-E.
We also make these trained baselines publicly available.
Tab. IV presents the results on the nuScenes validation set.
Among the baselines, (KPConv + Mask R-CNN) achieves the
highest PQ score of 51.5%, closely followed by PanopticTrackNet which achieves a PQ score of 51.3%. (KPConv + Mask RCNN) achieves a higher PQSt score than PanopticTrackNet
which demonstrates that ability of point-based methods to
perform better at semantic segmentation. During the projection

© 2021 IEEE

12

TABLE IV: Comparison of LiDAR panoptic segmentation performance results on nuScenes validation set. All scores are in [%].
Method

PQ

PQ†

SQ

RQ

PQTh

SQTh

RQTh

PQSt

SQSt

RQSt

mIoU

RangeNet++ [23] + Mask R-CNN [41]
PanopticTrackNet [10]
KPConv [22] + Mask R-CNN [41]

46.6
51.4
51.5

52.6
56.2
56.8

79.5
80.2
80.3

58.4
63.3
63.5

39.9
45.8
44.6

80.5
81.4
81.3

52.1
55.9
53.9

57.8
60.4
62.9

77.9
78.3
78.8

68.8
75.5
79.4

56.6
58.0
58.9

EfficientLPS (ours)

62.0

65.6

83.4

73.9

56.8

83.2

68.0

70.6

83.8

83.6

65.6

vegetation

man-made

terrain

sidewalk

other flat

driveable

truck

trailer

traffic cone

pedestrian

motorcycle

cvehicle

car

bus

bicycle

Method

barrier

TABLE V: Class-wise results on nuScenes validation set. All scores are in [%].

PQ

RangeNet++ [23] + Mask R-CNN [41] 40.3 25.7 51.7 62.5 14.6 48.3 38.8 41.8 32.7 43.0 77.1 41.5 59.2 42.1 58.9 67.9 46.6
PanopticTrackNet [10]
47.1 32.9 57.9 66.3 22.8 51.1 42.8 46.8 38.9 51.0 81.5 42.3 61.8 45.1 60.9 70.9 51.4
KPConv [22] + Mask R-CNN [41]
46.7 31.5 56.8 65.7 21.9 50.4 41.6 44.9 37.6 49.1 83.5 43.1 63.5 48.6 73.9 71.5 51.5
EfficientLPS (ours)

56.8 37.8 52.4 75.6 32.1 65.1 74.9 73.5 49.9 49.7 95.2 43.9 67.5 52.8 81.8 82.4 62.0

of points, distant objects in the 3D domain end up close to range encoded information in RFPN and the distance-dependent
each other in the projected 2D domain. Hence, projection based semantic head introduces spatial consistency in the learned
methods that solely operate in the 2D domain find it hard to features. This especially helps ’stuff’ object classes, leading
distinguish between them. The proposed distance-dependent to an PQ improvement by 14.0% for driveable surface, 7.2%
semantic head in EfficientLPS exploits range encoded features for terrain, and 7.0% for sidewalk compared to (KPConv +
and achieves an improvement of 7.7% in the PQSt score Mask R-CNN). Overall, the superior performance obtained
over (KPConv + Mask R-CNN). On the other hand, the top- for all classes demonstrates the efficacy of EfficientLPS for
down architecture of PanopticTrackNet which has a dedicated accurately segmenting different semantic object classes, even
instance segmentation head, achieves a better performance for very sparse point clouds.
in segmenting instances of ’thing’ class objects, thereby
achieving a higher PQT h score than (KPConv + Mask R- D. Ablation Studies
CNN). The RFPN moodule along with proposed panoptic
In this section, we present extensive ablation studies on
periphery loss that we use for training EfficientLPS enables the various proposed architectural components in EfficientLPS
it to achieve an improvement of 12.2% in the PQT h score to warrant our design choices and study the impact of each
over PanopticTrackNet. Overall, EfficientLPS achieves a PQ module on the overall performance of our architecture. We
score of 62.0%, SQ score of 83.4%, RQ score of 73.9%, and begin with a comprehensive analysis on the EfficientLPS
mIoU of 65.6%, outperforming all the methods in each of architecture that shows the effect of our proposed proximity
the metrics and sets the new state of the art on the nuScenes input layer, range-aware FPN, distance-dependent semantic
dataset. The consistent state-of-the-art performance, even on head, panoptic periphery loss, and pseudo labeling framework,
the sparse nuScenes dataset demonstrates the effectiveness and on the overall performance of our network. We then study
the generalization ability of our proposed modules in tackling the influence of parameters for the search grid and kernel
different challenges such as distance-dependent sparsity, severe size on the performance of the proximity convolution module.
occlusions, large scale-variations, and re-projection errors.
Subsequently, we study the effect of the REN and the different
In Tab. V, we present the class-wise PQ scores on the approaches to incorporate it with the 2-way FPN in our
nuScenes validation set. The sparsity of the point clouds proposed range-aware FPN. We then present detailed analysis
especially affects segmentation of smaller objects such as of the distance-dependent semantic head to show the impact
pedestrian, bicycle, motorcycle, barrier and traffic cone. The of different architectural design choices. Furthermore, we
operation of the proposed proximity convolution module is quantitatively show the boundary refinement achieved with
independent of the sparsity of the point cloud, and models the panoptic periphery loss function using the border IoU
the geometric transformations of objects, only based on the metric and compare the performance of the proposed pseudo
proximity between the points. This is one of the key factors labeling heuristic to a naive heuristic. Finally, to demonstrate
that enables EfficientLPS to achieve a higher performance the generalization ability of our proposed modules, we present
for all ’thing’ object classes, with an improvement of 12.9% results by incorporating our architectural components into other
for pedestrian, 8.4% for bicycle, and 13.2% for motorcycle well-known top-down panoptic segmentation networks in a
compared to PanopticTrackNet. The sparse nature of point straight forward manner.
clouds also makes it harder to recognize and distinguish be1) Comprehensive Analysis of EfficientLPS: In this section,
tween different semantic object classes, especially for the object we study the improvement due to the incorporation of various
classes that often appear close to each other such as driveable architectural components proposed in EfficientLPS. The results
surface, sidewalk and terrain. The explicit incorporation of of this experiment are shown in Tab. VI. Fig. 6 also shows
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TABLE VI: Ablative analysis on the various proposed architectural components in EfficientLPS. The model variants consists of the marked (3) modules in
their respective columns with Per. Loss denoting the Panoptic and P. Labels denoting Labels. The results are reported on the SemanticKITTI validation set.
Model
Variant

PCM

RFPN

RDPC

Panoptic
Periphery Loss

Pseudo
Labels

PQ
(%)

SQ
(%)

RQ
(%)

PQSt
(%)

PQTh
(%)

mIoU
(%)

Runtime
(ms)

M1
M2
M3
M4
M5
M6

7
3
3
3
3
3

7
7
3
3
3
3

7
7
7
3
3
3

7
7
7
7
3
3

7
7
7
7
7
3

53.0
53.9
55.7
56.6
57.4
59.2

73.1
73.9
74.4
75.0
75.0
75.0

63.9
64.4
65.8
66.8
67.6
69.8

53.3
54.3
55.7
56.4
56.5
58.0

52.5
53.3
55.8
56.9
58.7
60.9

58.6
59.8
60.9
62.4
62.5
64.9

153.84
175.43
192.31
212.76
212.76
212.76

the improvement in performance for each of the models
described in this section. We begin with the base model
M1 that consists of EfficientNet-B5 followed by the 2-way
FPN as the shared backbone with the semantic head from
[2] and a Mask R-CNN based instance head. Subsequently,
the logits from both heads are fused in the panoptic fusion
module at inference time. We train this model with an input
resolution of 4096 × 256 as it allows the anchor scales defined
in [41] to be used directly. We use scan unfolding for point
cloud projection and the kNN-based post-processing for reprojecting the predicted labels back to the 3D domain. Further,
we employ the Lovász-Softmax loss in addition to weight perpixel log loss while training. This model M1 achieves a PQ Fig. 6: Ablation analysis on the percent change in the metrics for the
score of 53.0% with PQst and PQth scores of 53.3% and incorporation of various architectural components shown in Tab. VI. Where
52.5% respectively. This model has a runtime of 153.84 ms. M(n)-M(n+1) denotes the % improvement in the metrics that model M(n+1)
achieves over model M(n).
To compute the runtime, we use a single NVIDIA Titan RTX
GPU and an Intel Xenon@2.20GHz CPU. We average over
1000 runs on the same LiDAR point cloud. In the case of with runtime of 212.76 ms. In order to visualize the qualitative
parallel components in the architecture, maximum runtime improvement of model M4 over model M3, we present an
among all the components contribute to the total runtime. In the example in Fig. 7 (c) where the model M4 segments the wall
subsequent model M2, we incorporate our proposed proximity class much more accurately than the model M3. Our proposed
convolution module which achieves a PQ score of 53.9% and semantic head effectively handles the scale variation depicted
an mIoU of 59.8%, which constitutes to an improvement 0.9% in the examples. It benefits from the adaptable receptive
and 1.2% respectively over the model M1. This improvement field which results from combining fixed multi-dilation rate
can be attributed to the enhanced transformation modeling convolutions with range-guided depth-wise atrous separable
capability imparted due to the incorporation of the proximity convolutions.
convolution module, as shown qualitatively in Fig. 7 (a). The
Subsequently, the model M5 extends model M4 by using our
model M1 fails to recognize and segment far-away objects proposed panoptic periphery loss during training. This model
(motorcyclist in the figure) as the points become more sparse achieves PQth score of 58.7% which is a substantial gain of
with increasing distance. In contrast, the model M2 is able to 1.8% over model M4. The model M5 achieves a overall PQ
accurately capture the distant objects. Additionally, M2 has a and mIoU scores of 57.4% and 62.5% respectively. Fig. 7 (d)
runtime of 175.43 ms.
shows a qualitative comparison of the boundary refinement
The model M3 builds upon the model M2 by incorporating improvement. We further improve the performance of our
the range-aware FPN. This model achieves an improvement of network in model M6 by employing our pseudo labeling
1.8% in PQ score that constitutes to an improvement of 1.4% in framework as described in Sec. IV-D7. Training with an
the PQSt and 2.5% in the PQT h scores while having a runtime unlabeled dataset in combination with the labeled dataset
of 192.31 ms. This performance improvement can be attributed leads to a large improvement of 1.5% in mIoU and 1.8%
to the distance-aware reinforcement of coherently aggregated in PQ scores. The final model M6 achieves state of the art
fine and contextual features that enables accurate segmentation performance on SemanticKITTI, with a PQ score of 59.2%.
of small occluded objects. In Fig. 7 (b), the car is occluded Moreover, we do not observe any changes in runtime of models
by the vegetation. The model M3 is able to successfully M5 and M6 since there is no additional architectural overhead
segment the occluded classes due to the incorporation of range- in these models. Model M6 is essentially EfficientLPS with
aware features, whereas model M2 falsely predicts both the a runtime of 212.76 ms. In the following sections, we further
occluded and the occluder objects as either the foreground or analyze the individual architectural components of the M5
the background class. The next model M4 which incorporates model in more detail.
our distance-dependent semantic head into model M3 achieves
2) Influence of Proximity Convolution Parameters: The
an improvement of 1.5% in mIoU and 0.9% in the PQ score proposed Proximity Convolution (PC) is the core of the
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Model MX

Model MY

(d) X=4, Y=5

(c) X=3, Y=4

(b) X=2, Y=3

(a) X=1, Y=2

Ground Truth

Fig. 7: Qualitative comparison of different models described in Tab. VI. The model numbers denoted by X and Y are shown in the first column. In Fig (a), the
incorporation of the proximity convolution module in model M2 enables accurate segmentation of small and distant objects such as the motorcyclist in the
image. Fig. (b) compares model M2 with M3 which incorporates the Range-aware FPN, enabling it to segment occluded objects such as the van in blue which
is occluded by the surrounding vegetation. Fig. (c) shows the performance improvement due to the new distance guided semantic head incorporated into model
M4 which enables consistent segmentation of the sidewall shown in orange. Lastly, Fig. (d) shows the improvement due to the panoptic periphery loss used in
training model M5 which enables segmenting the entire instance of the human shown in red. The enlarged images are taken from the corresponding projected
range image for better visualization (PDF best viewed at ×4 zoom scale).
TABLE VII: Effect of the search area and kernel size on the performance of
the proximity convolution module. All scores are in [%].
Model

Search grid

Kernel size

PQ

PQSt

PQTh

mIoU

M51
M52
M53
M54

5x5
7x7
7x7

3x3
3x3
3x3
5x5

56.6
57.4
57.1
57.4

55.7
56.5
56.8
56.5

57.9
58.7
57.4
58.5

61.8
62.5
62.5
62.2

proximity convolution module. It employs the kNN algorithm to
find the k closest neighbors of each pixel in the projected image

where value of k is the product of kernel size dimensions of the
proximity convolution. This algorithm is also parameterized by
the search grid size that defines a grid around a pixel within
which the algorithm performs the search. Tab. VII presents the
results of the experiment where we vary the search grid and
kernel sizes in the M5 model from Sec. IV-D1. In the first
model M51 , we employ the standard convolution with a kernel
size of 3 × 3 in the proximity convolution module of model
M5. This model achieves a PQ score of 56.6% and a mIoU of
61.8. The second model M52 uses the PC with a search grid
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TABLE VIII: Influence of the range encoder on the overall panoptic
segmentation performance. All scores are in [%].

Downsampled
Range-Encoded

PQ

PQSt

PQTh

SQ

RQ

mIoU

54.8
57.4

54.6
56.5

55.1
58.7

74.1
75.0

65.2
67.6

59.5
62.5

TABLE IX: Evaluation of different methods to incorporate learned range
features in the RFPN. All scores are in [%].

Additive
Concatenative
Fusion

PQ

PQSt

PQTh

SQ

RQ

mIoU

53.9
56.5
57.4

53.7
55.6
56.5

54.1
57.8
58.7

74.0
74.8
75.0

64.6
66.4
67.6

60.8
61.6
62.5

TABLE X: Evaluation of different variations of the proposed semantic head.

of 5 × 5 and a kernel size of 3 × 3. The model M52 with the All scores are in [%].
proximity convolution achieves an improvement of 0.8% in
RLSFE RDPC
PQ
PQSt
PQTh
SQ
RQ
mIoU
the PQ score. Here, more than one-third of the search space
can be captured by the convolution weights.
7
7
56.2
55.5
57.1
74.7
66.8
61.1
3
7
56.6
56.0
57.4
74.7
67.0
61.4
In model M53 , we increase the search grid of the PC from 5×
57.1
56.2
58.4
74.9
67.5
62.1
7
3
5 to 7 ×7 while keeping the kernel size the same as model M52 .
3
3
57.4
56.5
58.7
75.0
67.6
62.5
Here, almost one-fifth of the search space can be captured by the
convolution weights. Hence, although the search area increases,
there are not enough convolution weights to efficiently capture
4) Evaluation of Range-Aware FPN: There are two main
all the close neighbors. This leads to a decrease in performance components of our proposed range-aware FPN: the REN and
of 0.3% in the PQ score. The model M54 increases the kernel the fusion to incorporate REN features into the FPN. In the
size of the PC in model M53 to 5 × 5. This model performs previous section, we discuss the importance of the REN for the
similar to the model M52 , although the convolution weights functioning of range-aware FPN. In this section, we evaluate
can capture half of the search space. This result indicates different fusion methods to incorporate REN features into
that predominantly the top nine neighbors computed in model the FPN. Tab. IX shows the results from this experiment
M52 were adequate to capture the underlying transformations. on the M5 model from Sec. IV-D1. We identify three major
Therefore, in the proposed EfficientLPS architecture, we employ techniques to fuse features from multiple network streams:
the search grid size of 5 × 5 and a proximity convolution kernel Addition, Concatenation, and Feature fusion. For the additive
size of 3 × 3.
model, the REN features at each scale are expanded to 256
3) Evaluation of Range Encoder Network: The Range channels and are summed with the corresponding output of
Encoder Network (REN) is a small CNN based on the the 2-way FPN to yield the output of the range-aware FPN. In
EfficientNet [12] topology which encodes range information. the case of the concatenative model, the outputs of REN and
We use compound scaling coefficients of 0.1 for the width, 2-way FPN are concatenated at each scale, followed by two
0.1 for the depth, and 224 for the resolution. Our proposed sequential 3 × 3 convolution layers to yield the final output
range-aware FPN and the distance-dependent semantic head of the range-aware FPN. Each of the convolution layers is
both employ the multi-scale features encoded by the REN. The followed by an iABNsync and leaky ReLU activation. For the
multi-scale features of the REN reinforce coherently aggregated feature fusion model, we employ the mechanism from Eq. (3).
fine and contextual output features of the 2-way FPN with
The additive model yields the lowest performance with a
spatial awareness. The dilation offsets for the range-guided PQ score of 53.9% as it treats the features from the REN and
depth-wise atrous separable convolutions that are employed the main network equally, even though the representational
at different scales are computed in the distance-dependent capacity of the two networks are significantly different. Instead
semantic head. In this experiment, we show the importance of supporting the main network to capture richer representation,
of the REN features compared to the direct incorporation of the REN reduces the quality of the overall features. The
the range channel in the EfficientLPS architecture. Tab. VIII concatenative model yields a better performance with a PQ
presents the results from this experiment.
score of 56.5%. This model provides the network with the
We compare the performance of two models in this experi- flexibility of determining which features are more significant
ment. The first model referred to as downsampled, removes the to impart the required spatial awareness and hence achieves a
REN from the model M5 and directly downsamples the range substantial improvement over the additive model. Nevertheless,
channel with downsampling factors ×4, ×8, ×16, and ×32. the fusion model with a PQ score of 57.4% outperforms the
These downsampled versions of the range channels are then other fusion methods. This model further makes the fusion more
fed to the relevant modules. This model achieves a PQ score of flexible by extending the concatenative model with additional
54.8% and a mIoU of 59.5%. The second model is essentially selectivity control which improves the performance. We expect
the model M5 that already has the REN as part of the network, that more adaptive fusion techniques [47]–[49] can further
and we refer to it as the range-encoded model. This model improve the performance of our range-aware FPN.
achieves a PQ score of 57.4% and a mIoU of 62.5%. The
5) Evaluation of Different Semantic Head Topologies: The
range-encoded model achieves an improvement in PQ and semantic head incorporates our proposed range-guided variants
mIoU scores of 2.6% and 3.0% respectively, demonstrating of the dense prediction cells (DPC) [15] and the large scale
that the direct downsampling is not sufficient to propagate feature extractor (LSFE) [2] modules with the bottom-up path
the spatial information to the main network and a dedicated connections. In this section, we compare the performance of
encoder such as the REN is required.
the original versions of each of these two modules with their
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TABLE XI: Evaluation of the panoptic periphery loss using the border IoU
metric for the person (Pe), car (Ca), bicyclist (Bi) and other vehicle (Ov)
classes. All scores are in [%].
Model

Per. loss

bIoUPe

bIoUCa

bIoUBi

bIoUOv

PQTh

M4
M5

7
3

66.8
70.0

89.6
90.3

74.3
75.1

40.9
47.5

56.9
58.7

proposed range-guided counterparts. Tab. X presents the results
of this experiments. We train model M5 from Sec. IV-D1 with
the semantic head consisting of the original DPC and LSFE
modules. This model attain a PQ score of 56.2%, PQst score
of 55.5%, PQth score of 57.1%, and an mIoU of 61.1%. For
the second model, we replace the original LSFE module in
the first model with our range-guided LSFE (RLSFE) module.
This model achieves an improvement of 0.4%, 0.5%, 0.3%,
and 0.3% in the PQ, PQst , PQth and mIoU scores respectively,
compared to the first model.
We observe a similar improvement in performance of the
third model that employs our proposed range-guided DPC
module (RDPC). This model achieves an improvement of
0.9% in the PQ score and 1.3% in the mIoU compared to the
first model. Interestingly, the improvement in the PQth score is
higher than the improvement in the PQst score which is 0.7%
and 1.3% respectively. This indicates a larger improvement in
semantic segmentation of ’thing’ classes with the denser and
relatively larger receptive field of RDPC compared to ’stuff’
classes. Finally, we train the first model with both RLSFE and
RDPC modules which achieves a further improvement with a
PQ score of 57.4% and an mIoU of 62.5%. This experiment
demonstrates that our semantic head effectively learns scaleinvariant features due to its distance-dependent receptive fields.
6) Influence of Panoptic Periphery Loss: We evaluate the
boundary refinement performance due to the panoptic periphery
loss using the border-IoU metric. The border-IoU metric
enables us to analyze the bleeding or shadowing effects that
are observed while projecting the predicted labels back to
point clouds. Our proposed loss exploits spatial information to
refine the boundaries of panoptic ’thing’ class objects. Tab. XI
presents the results using the border-IoU metric for the top four
’thing’ classes that achieve the highest improvement, namely
person, car, bicyclist, and other-vehicle.
We compute the border-IoU for a border width of 2 pixels
for the model M4 and the model M5 from Sec. IV-D1 which
are trained with and without the panoptic periphery loss. We
observe the highest improvement of 6.6% in bIoU for the othervehicle class, followed by 3.2% improvement in bIoU for the
person class. We also observe an improvement for the car and
bicyclist class. The other-vehicle class consists of different
types of vehicles such as a trailer, bus, and train, which makes
it challenging to accurately segment the boundaries. Similarly,
the person class is often only represented with few pixels
for extended body parts which again makes it challenging
to accurately segment these boundaries. The inaccuracies
in the border segmentation are further exacerbated while
projecting back to the 3D domain. Hence, explicitly focusing
on refining the boundaries using our proposed periphery loss
yields substantial improvement.

TABLE XII: Evaluation of the proposed heuristic for pseudo labeling. All
scores are in [%].
Heuristic

PQ

PQSt

PQTh

SQ

RQ

mIoU

7

57.4
58.0
59.2

56.5
57.2
58.0

58.7
59.1
60.9

75.0
75.0
75.0

67.6
69.3
69.8

62.5
64.0
64.9

Mnaive
Mours

TABLE XIII: Evaluation of the generalization ability of our proposed
architectural components. All scores are in [%].
Model

PQ

PQSt

PQTh

SQ

RQ

mIoU

Panoptic FPNvanilla
Seamlessvanilla

48.7
50.6

49.6
50.7

47.5
50.5

71.7
72.8

63.0
63.6

55.2
56.9

Panoptic FPNours
Seamlessours

50.8
53.4

50.9
52.9

50.6
54.1

72.5
73.1

63.4
64.2

56.3
58.4

7) Evaluation of Pseudo Labeling: In this section, we evaluate the performance of our proposed heuristic for generating
pseudo labels from unlabeled datasets. We first define two
pseudo label generators, one for generating naive pseudo labels
(PLGN ) and another using our proposed heuristic (PLGO ).
PLGN is the M5 model from Sec. IV-D1 which achieves the
highest PQ score on the SemanticKITTI validation dataset.
Whereas, PLGO is the M5 models with its hyperparameters
set such that it maximizes the ratio (T P − FP)/T P on the
validation dataset. The hyperparameters that we tune via
grid search are the overlap threshold, minimum stuff area,
confidence threshold, and softmax threshold, for the panoptic
fusion module; NMS IoU, and score threshold, for the RCNN;
the number of proposals for the RPN. For naive labeling of
the unlabeled dataset, we use the output of PLGN as the final
pseudo labels. For our heuristic-based labeling, we employ
the post-processing technique described in Sec. IV-D7 on the
predictions of PLGO to obtain the final pseudo labels. Fig. 8
shows example pseudo labels generated from both the methods.
In example 1, the train is misclassified as a truck in the output
from the naive approach, whereas it is classified as unlabeled
in the output from heuristic-based method. In example 2,
the naive approach misclassifies one of the two persons as
a bicyclist, and our heuristic-based approach classifies both
the people as unlabeled. These examples demonstrate that our
heuristic-based approach assigns objects as unlabeled than
risking misclassification wherever possible.
Tab. XII presents the quantitative results from this experiment.
Both Mnaive and Mours models have the same architecture as the
M5 model from Sec. IV-D1 and are trained using the training
scheme described in Sec. IV-D7. The difference between the
two models is that Mnaive is trained using the naive approach,
whereas Mours is trained using our heuristic-based technique.
We observe that both the models achieve a higher PQ score
than the model trained without the pseudo labeled dataset.
Moreover, our Mours achieves the highest PQ score of 59.2%
which is an improvement of 1.8% over Mnaive . These results
demonstrate that training our model on a pseudo labeled dataset
improves the performance and we obtain a larger improvement
if we further optimize by employing a form of regularization
on the pseudo labels such as using our proposed heuristic.
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Naive

Heuristic-Based (ours)

Example 2

Example 1

Input

Fig. 8: Comparison of pseudo labels generated naively and using our proposed heuristic. On the left, the full range image is shown with zoomed in regions.
Each example shows the predictions of the full image with zoomed in regions and the input range image. The labels generated using the naive heuristic
misclassifies the truck (purple) in example 1 and a person as bicyclist (light purple) in example 2. Our proposed heuristic assigns the misclassified pixels as
unlabeled in both examples.

8) Generalization Ability of Proposed Modules: In this segmentation network can easily be transformed into a LiDAR
experiment, we study the effectiveness and generalization panoptic segmentation network by incorporating our proposed
ability of our proposed modules by directly incorporating them architectural components.
into other well-known top-down image panoptic segmentation
networks. We choose two state-of-the-art panoptic image
E. Qualitative Evaluations
segmentation networks: Panoptic FPN [50] and Seamless [3]. In
In this section, we qualitatively evaluate the panoptic segthe vanilla version of both the networks, we use the panoptic
fusion module to compute the final panoptic segmentation mentation performance of our proposed EfficientLPS model on
predictions. We train the vanilla versions with an input the validation set of SemanticKITTI and nuScenes datasets. We
resolution of 4096 × 256 using scan unfolding based projection compare the results of EfficientLPS with the best performing
and kNN-based post-processing. We employ Lovász Softmax in baseline from Sec. IV-C for the respective datasets. To this end,
addition to weighted per-pixel log loss during training. Tab. XIII we compare with PanopticTrackNet and (KPConv + Mask Rshows the results from this experiment. The Panoptic FPNvanilla CNN) for SemanticKITTI and nuScenes datasets respectively.
model achieves a PQ score of 48.7% and an mIoU of 55.2%. Fig. 9 shows two comparisons for each of these datasets. We
While the Seamlessvanilla model achieves a PQ score of 50.6% also present the improvement/error map for each of the comparisons and enlarge the segments of the outputs that show signifand an mIoU of 56.9%.
icant misclassification. The improvement/error map depicts the
In our version of both the networks, we introduce the points that are misclassified by EfficientLPS with respect to the
proximity convolution module before the encoder, followed groundtruth in red and the points that are correctly predicted by
by employing the REN in parallel to the main encoder EfficientPS but are misclassified by the baseline model in blue.
and switching the standard FPN to our range-aware FPN.
Fig. 9 (a) and Fig. 9 (b) show examples from the SeAdditionally, we use the panoptic periphery loss function during manticKITTI dataset in which the improvement over the
training. Since Panoptic FPN only employs a 3 × 3 convolution baseline output (PanopticTrackNet) can be seen in the more
in the semantic head for each of its FPN scales, we replace this accurate segmentation of the other-vehicle class as well as the
convolution with our proposed 3 × 3 range-guided depth-wise improvement in distinguishing inconspicuous ’thing’ classes
atrous separable convolution with Dmax = 3. We keep Dmax such as person and bicyclist. EfficientLPS also demonstrates a
value low to compute denser features with a small receptive more clear separation of object instances while segmenting clutfield in contrast to a high value that will output sparse features tered classes. This can be primarily attributed to the proximity
with a large receptive field. In the case of the Seamless network, convolution module and the range-aware FPN that enables the
we extend the miniDL module in the semantic head with network to have enhanced transform modeling capacity along
an additional parallel branch that consists of our proposed with distance-aware semantically rich multi-scale features. This
3 × 3 range-guided depth-wise atrous separable convolution enables our model to learn highly discriminative features to
with Dmax = 12. As a result, Panoptic FPNours achieves an accurately classify semantically related classes but at the same
improvement of 2.1% in the PQ score and 1.1% in mIoU over time the spatial awareness allows it to accurately segment
the vanilla version. We also observe a similar improvement of object instances that are very close to each other. In Fig. 9 (a)
2.8% in the PQ score and 1.5% in mIoU for the Seamlessours the baseline fails to classify the other-vehicle class, whereas
model. This demonstrates the generalization ability of our our model accurately classifies this object. In Fig. 9 (b), the
proposed architectural modules as the direct incorporation baseline model segments the bicyclist but classifies is it as
of these modules without any tuning of parameters still a person depicted in red (label color for person class). In
achieves substantial improvement over the vanilla version. contrast, our model correctly classifies it as a bicyclist depicted
These results also show that any future top-down panoptic in magenta (label color for bicyclist class). Our model also
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EfficientLPS Output (Ours)

Improvement/Error Map

nuScenes (d)

nuScenes (c)

Semantic KITTI (b)

Semantic KITTI (a)

Baseline Output

Fig. 9: Qualitative comparison of LiDAR panoptic segmentation results. We compare against PanopticTrackNet on SemanticKITTI and (KPConv + Mask R-CNN)
on nuScenes validation sets. We also show the improvement/error map which shows the points that are misclassified by EfficientLPS in red and the points that
are misclassified by the baseline but correctly predicted by EfficientLPS in blue.

successfully segments both vegetation and fence classes, as
opposed to the baseline which misclassifies most of the fence as
vegetation. Additionally, the effects of the boundary refinement
is prominent in the segmentation of the car in Fig. 9 (a).
In Fig. 9 (c) and Fig. 9 (d), we qualitatively compare the
performance on the sparse nuScenes dataset. We observe that
in Fig. 9 (c) the truck is not segmented in the output of
the baseline model (KPConv + Mask R-CNN), while our
EfficientLPS model accurately segments the instance of the
truck. In Fig. 9 (d) the baseline model segments the oncoming
car instance but misclassifies it as a truck. It is significantly

hard to accurately classify this instance as only a few points
lie on the object. Nevertheless, our model still classifies these
points as a car, which can be attributed to the shared backbone
and the adaptable dense receptive field of the semantic head
as well as the instance head. In Fig. 9 (d) the terrain class is
accurately segmented by the EfficientLPS model, whereas the
baseline misclassifies it as sidewalk.
V. C ONCLUSION
In this work, we presented a novel top-down approach for
LiDAR panoptic segmentation using a 2D CNN that effectively
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leverages the unique spatial information provided by LiDAR
point clouds. Our EfficientLPS architecture achieves stateof-the-art performance by incorporating novel architectural
components that mitigate the problems caused by projecting
the point cloud into the 2D domain. We proposed the proximity convolution module that effectively models geometric
transformations of points in the projected image by exploiting
the proximity between points. Our novel range-aware FPN
demonstrates effective fusion of range encoded features with
that of the main encoder to aggregate semantically rich multiscale range-aware features. We proposed a new distancedependent semantic head that incorporates our range-guided
depth-wise atrous separable convolutions with adaptive dilation
rates that cover large receptive fields densely to better capture
the contextual semantic information. We further introduced the
panoptic periphery loss function that refines object boundaries
by utilizing the range information for maximizing the gap
between the object boundary and the background. Moreover,
we presented a new heuristic for generating pseudo labels from
an unlabeled datasets to assist the network with additional
training data.
We introduced panoptic ground truth annotations for the
sparse LiDAR point clouds in the nuScenes dataset which
we made publicly available. Additionally, we provided several
baselines for LiDAR panoptic segmentation on this new dataset.
We presented comprehensive benchmarking results on SemanticKITTI and nuScenes datasets that show that EfficientLPS
sets the new state-of-the-art. EffcientLPS is ranked #1 on
the SemanticKITTI panoptic segmentation leaderboard. We
presented exhaustive ablation studies with quantitative and
qualitative results that demonstrate the novelty of the proposed
architectural components. Furthermore, we made the code and
models publicly available.
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GEM: Glare or Gloom, I Can Still See You –
End-to-end Multi-modal Object Detection
Osama Mazhar1 , Robert Babuška1,2 and Jens Kober1

Abstract—Deep neural networks designed for vision tasks are
often prone to failure when they encounter environmental conditions not covered by the training data. Single-modal strategies are
insufﬁcient when the sensor fails to acquire information due to
malfunction or its design limitations. Multi-sensor conﬁgurations
are known to provide redundancy, increase reliability, and
are crucial in achieving robustness against asymmetric sensor
failures. To address the issue of changing lighting conditions and
asymmetric sensor degradation in object detection, we develop a
multi-modal 2D object detector, and propose deterministic and
stochastic sensor-aware feature fusion strategies. The proposed
fusion mechanisms are driven by the estimated sensor measurement reliability values/weights. Reliable object detection in
harsh lighting conditions is essential for applications such as selfdriving vehicles and human-robot interaction. We also propose
a new “r-blended” hybrid depth modality for RGB-D sensors.
Through extensive experimentation, we show that the proposed
strategies outperform the existing state-of-the-art methods on
the FLIR-Thermal dataset, and obtain promising results on the
SUNRGB-D dataset. We additionally record a new RGB-Infra
indoor dataset, namely L515-Indoors, and demonstrate that the
proposed object detection methodologies are highly effective for
a variety of lighting conditions.
Index Terms—Object Detection, Segmentation and Categorization, Sensor Fusion, Deep Learning for Visual Perception,
Computer Vision for Automation, RGB-D Perception

I. INTRODUCTION

M

ODERN intelligent systems such as autonomous vehicles or assistive robots should have the ability to
reliably detect objects in challenging real-world scenarios.
Object detection is one of the widely studied problems in
computer vision. It has been addressed lately by employing
deep convolutional neural networks where the state-of-the-art
methods have achieved fairly accurate detection performances
on the existing datasets [1–4]. However, these vision models
are fragile and do not generalize across realistic unconstrained
scenarios, such as changing lighting conditions or other environmental circumstances which were not covered by the
training data [5]. The failure of the detection algorithms in
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Fig. 1. Output samples of the proposed multi-modal object detector. The
blue/green bar at the top illustrates the contribution/reliability of each sensor
modality in obtaining the ﬁnal output. Images from two modalities are merged
diagonally only for illustration purposes. (a) Shows the results on the FLIRThermal dataset with RGB and thermal sensor modalities, (b) Shows the
output on the SUNRGB-D dataset with RGB and our proposed “r-blended”
hybrid depth modality.

such conditions could lead to potentially catastrophic results,
as in the case of self-driving vehicles.
One way of addressing this problem is to employ a dataaugmentation strategy [6]. It refers to the technique of perturbing data without altering class labels, and it has been
proven to greatly improve robustness and generalization performance [7]. Nevertheless, this is insufﬁcient for the cases
where the sensor fails to acquire information due to malfunction or its technical limitations. For example, the output of
standard passive cameras degenerates with reduced ambient
light, while thermal cameras or LiDARs are less affected by
illumination changes.
Multi-sensor conﬁgurations are known to provide redundancy and often enhance the performance of the detection algorithms. Moreover, efﬁcient sensor fusion strategies minimize
uncertainties, increase reliability, and are crucial in achieving
robustness against asymmetric sensor failures [8]. Although,
increasing the number of sensors might enhance the performance of detection algorithms, this comes with a considerable
computational and energy cost. This is not desirable in mobile
robotic systems, which typically have constraints in terms of
computational power and battery consumption. In such cases,
intelligent choice and combination of sensors are crucial.
Furthermore, multi-modal data fusion often requires an
estimate of the sensor signal uncertainty to guarantee efﬁcient
fusion and reliable prediction without a priory knowledge
of the sensor characteristics [9]. The existing multi-modal
object detection methods fuse the sensor data streams without
explicitly modeling the measurement reliability. This may have
severe consequences when the data from an individual sensor
degrades or is missing due to sheer sensor failure.
To address the above problems, we propose sensor-aware
multi-modal fusion strategies for object detection in harsh
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lighting conditions, thus the title “ GEM: Glare or gloom,
I can still see you - End-to-end Multimodal object detection”.
The output samples of GEM are shown in Figure 1. Two
fusion methods are proposed: deterministic weighted fusion
and stochastic feature fusion. In the deterministic weighted
fusion, the measurement certainty of each sensor is estimated
either by learning scalar weights or masks through separate
neural networks. The learned weights are then assigned to the
feature maps extracted from the feature extractor backbones
for each sensor modality. The weighted feature maps can
be fused either by averaging or concatenation. Moreover, we
can visualize and interpret the measurement certainty of each
sensor in the execution phase, which provides deeper insights
into the relative strengths of each data stream. The stochastic
feature fusion creates a one-hot encoding of the feature maps
of each sensor, which can be assumed as a discrete switch
that allows only the dominant/relevant features to pass. The
obtained selected features are then concatenated before they
are passed to the object detection and classiﬁcation head. The
proposed sensor-aware multi-modal object detector, referred
to simply as GEM in the rest of the paper, is trained in an
end-to-end fashion along with the fusion mechanism.
Most modern object detectors, including YOLO, FasterRCNN and SSD employ many hand-crafted features such
as anchor generation, rule-based assignment of classiﬁcation
and regression targets as well as weights to each anchor,
and non-maximum suppression postprocessing. The overall
performance of these methods often relies on careful tuning
of the above-mentioned hyper-parameters. Following their success in sequence/language modeling, transformers have lately
emerged in vision applications, outperforming competitive
baselines and demonstrating a strong potential in this ﬁeld.
Therefore, we employ transformers in our work as in [10],
which thanks to their powerful relational modeling capability
eliminates the need of hand-crafted components in object
detection. Our main contributions in this paper are:
• Evaluation of feature fusion in two conﬁgurations, i.e.,
deterministic weighted fusion and stochastic feature fusion for multi-modal object detection.
• Estimation of measurement reliability of each sensor
as scalar or mask multipliers through separate neural
networks for each modality to efﬁciently drive the deterministic weighted fusion.
• Use of transformers for multi-modal object detection to
harness the efﬁcacy of self-attention in sensor fusion.
II. R ELATED W ORK
In this section, we ﬁrst review deep learning-based object
detection strategies, followed by a discussion on existing
methods for multi-modal fusion methods in relevant tasks.
A. Deep learning-based Object Detection
Detailed literature surveys for deep learning-based object
detectors have been published in [11, 12]. Here we brieﬂy
discuss some of the well-known object detection strategies.
Typically, object detectors can be classiﬁed into two types,
namely two-stage and singe-stage object detectors.

1) Two-stage object detection: Two-stage object detectors
exploit a region proposal network (RPN) in their ﬁrst stage.
RPN ranks region boxes, alias anchors, and proposes the
ones that most likely contain objects as candidate boxes. The
features are extracted by region-of-interest pooling (RoIPool)
operation from each candidate box in the second stage. These
features are then utilized for bounding-box regression and
classiﬁcation tasks.
2) Single-stage object detection: Single-stage detectors
propose predicted boxes from input images in one forward
pass directly, without the region proposal step. Thus, this type
of object detectors are time efﬁcient and can be utilized for
real-time operations. Lately, an end-to-end object detection
strategy has been proposed in [10] that eliminates the need for
hand-crafted components like anchor boxes and non-maximum
suppression. The authors employ transformers in an encoderdecoder fashion, which have been extremely successful and
become a de facto standard for natural language processing
tasks. The transformer implicitly performed region proposals
instead of using an R-CNN. The multi-head attention module
in transformers jointly attended to different semantic regions
of an image/feature maps and linearly aggregates the outputs
through learnable weights. The learned attention maps can be
visualized without requiring dedicated methods, as in the case
of convolutional neural networks. The inherent non-sequential
architecture of transformers allows parallelization of models.
Thus, we opted to build upon the methodology of [10] for our
multi-modal object detector for harsh lighting conditions.
B. Sensor Fusion
Sensor fusion strategies can be roughly divided into three
types according to the level of abstraction where fusion is
performed or in which order transformations are applied
compared to feature combinations, namely low-level, midlevel, and high-level fusion [13]. In low-level or early fusion,
raw information from each sensor is fused at pixel level,
e.g., disparity maps in stereovision cameras [14]. In mid-level
fusion, a set of features is extracted for each modality in
a pre-processing stage, while multiple approaches [15] are
exploited to fuse the extracted features. Late-fusion often
employs a combination of two fusing methods, e.g., convolution of stacked feature maps followed by several fully
connected layers with dropout regularization [16]. In highlevel fusion or ensemble learning methods, predictions are
obtained individually for each modality and the learnt scores
or hypotheses are subsequently combined via strategies such as
weighted majority votes [17]. Deep fusion or cross fusion [18]
is another type of fusion strategy which repeatedly combines
inputs, then transforms them individually. In each repetition,
the transformation learns different features. For example in
[8], features from the layers of VGG network are exchanged
among all modalities driven by sensor entropy after each
pooling operation.
C. Multi-sensor Object Detection
Most of the efforts on multi-modal object detection in the
literature are focused on pedestrian or vehicle detection in
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Fig. 2. Our proposed pipeline for a multi-modal object detector with
transformers. The features from each backbone are fused and passed to the
transformer encoder-decoder network. The decoder output is subsequently
exploited by Multilayer Perceptrons (MLPs) for bounding box regression and
object classiﬁcation.

the automotive context. Sensor fusion strategies are typically
proposed for camera-LiDAR, camera-radar, and camera-radarLiDAR setups. Here, we brieﬂy go through the relevant stateof-the-art methods.
The authors in [8] proposed an entropy-steered multi-modal
deep fusion architecture for adverse weather conditions. The
sensor modalities exploited in their method include RGB
camera, gated camera (NIR band), LiDAR, and radar. Instead
of employing BeV projection or point cloud representation for
LiDAR, the authors encoded depth, height, and pulse intensity
on an image plane. Moreover, the radar output was also
projected onto an image plane parallel to the image horizontal
dimension. Considering the radar output invariant along the
vertical image axis, the scan was replicated across the horizontal image axis. They utilized a modiﬁed VGG architecture
for feature extraction, while features were exchanged among
all modalities driven by sensor entropy after each pooling
operation. Fused feature maps from the last 6 layers of the
feature extractors were passed to the SSD object detection
head. In [19], the authors proposed a pseudo multi-modal
object detector from thermal IR images in a Faster-RCNN
setting. The features from ResNet-50 backbones for the two
modalities are concatenated and a 1 × 1 convolution is applied
to the concatenated features before they are passed to the
rest of Faster-RCNN network. They exploited I2I translation
networks, namely CycleGAN [20] and UNIT [21] to transform
thermal images from the FLIR Thermal [22] and KAIST [23]
datasets to the RGB domain, thus the names MM-CG and
MM-UNIT.
Here, we also discuss some fusion strategies which were
originally proposed for applications other than object detection
but are relevant to our work. In [24], the authors proposed
a sensor fusion methodology for RGB and depth images to
steer a self-driving vehicle. The latent semantic vector from
an encoder-decoder segmentation network trained on RGB images was fused with the depth features. The fusion architecture
proposed by [24] is similar to the gating mechanism driven by
the learned scalar weights presented in [25]. The method proposed in [26] is closest to our work. The authors proposed two
sensor fusion strategies for Visual-Inertial Odometry (VIO),
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namely soft fusion and hard fusion. In soft fusion, they learned
soft masks which were subsequently assigned to each element
in the feature vector. Hard fusion employed a variant of the
Gumbel-max trick, which is often used to sample discrete
data from categorical distributions. Learning masks equal to
the size of feature vectors might introduce computational
overhead. Therefore, we learn dynamic scalar weights for each
sensor modality, which adapt to the environmental/lighting
conditions. These scalar weights represent the reliability or
relevance of the sensor signals. Moreover, we also learn
single-channel masks with a spatial size equal to that of the
feature maps obtained from the feature extractor backbone.
Nevertheless, we also implement the Gumbel-Softmax trick
for comparison, as a stochastic feature fusion for multi-modal
object detectors.
III. S ENSOR - AWARE M ULTI - MODAL F USION
In this work, we propose a new method for sensor-aware
feature selection and multi-modal fusion for object detection.
We actually evaluate feature fusion in two conﬁgurations, i.e.,
deterministic weighted fusion with scalar and mask multipliers, and stochastic feature fusion driven by the GumbelSoftmax trick that enables sampling from a discrete distribution. The overall pipeline of the proposed multi-modal object
detector is illustrated in Figure 2. The proposed methodologies
are trained and evaluated on datasets with RGB and thermal
or depth images. However, it can be extended to include data
from other sensors like LiDAR or radar, either by projecting
the sensor output onto an image plane as proposed in [8] or
by employing sensor-speciﬁc feature extractors such as [27].
A. Deterministic Weighted Fusion
The proposed deterministic weighted fusion scheme is conditioned on the measurement certainty of each sensor. These
values are obtained either by learning scalar weights or masks
through separate neural networks. Subsequently, the weights
are assigned to the feature maps extracted from the backbones
as (scalar or mask) multipliers for each sensor modality. Given
the output of the backbone feature extractors s for a single
modality, the neural network f optimizes parameters θ to
obtain measurement certainty w of the corresponding sensor
as described as follows:
w = f (s, θ) ×

cols �
rows �
k
�
1
s(l, m, n) (1)
rows × cols × k
m=1 n=1
l=1

where k is the selected number of channels. The network f
learns the parameters θ in an end-to-end fashion. In the case of
sensor degradation, the output of the neurons in the early layers
of the corresponding backbone will remain close to zero. Thus,
we multiply the output of the network f by the mean of ﬁrst
k feature maps, 16 in our case, from s in a feed-forward
setting to obtain w. This allows f to dynamically condition
its output to changing lighting/sensor degradation scenarios,
which subsequently guides the transformers to focus on the
dominant sensor modality for object detection. Furthermore,
the multiplication of the raw output of f with the mean
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gsa (sRGB , sIR ) = φ(wRGB � sRGB , wIR � sIR )
gsc (sRGB , sIR ) = [wRGB � sRGB ; wIR � sIR ]

i

U ∼ Uniform[0, 1]

(3)

(4)

(5)

The use of arg max makes the Gumbel-max trick nondifferentiable. However, it can be replaced by Softmax with
a temperature factor τ , thus making it a fully-differentiable
resampling method [28]. Softmax with temperature parameter
τ can be represented as:
fτ (x)i =

exp(xi /τ )
Σnj=1 exp(xj /τ )

𝑠𝑜𝑓𝑡𝑚𝑎𝑥

𝜏

Fig. 3. Illustration of our stochastic feature fusion strategy that employs the
Gumbel-Softmax sampling trick.

where τ determines how closely the Gumbel-Softmax distribution matches the categorical distribution. With low temperatures, e.g., τ = 0.1 to τ = 0.5, the expected value of
a Gumbel-Softmax random variable approaches the expected
value of a categorical random variable [28]. The GumbelSoftmax resampling function can therefore be written as
Qτi = fτ (log πi + Gi ) =

where, Q is a categorical variable with class probabilities
π1 , π2 , . . . , πn and {Gi }i≤n is an i.i.d. sequence of standard
Gumbel random variables which is given by:
G = − log(− log(U )),

𝑠𝑜𝑓𝑡𝑚𝑎𝑥

𝛼"#$

𝐺

B. Stochastic Feature Fusion
In addition to the weighted fusion schemes, we exploit a
variant of the Gumbel-max trick to learn a one-hot encoding
that either propagates or blocks each component of the feature
maps for intelligent fusion. The Gumbel-max resampling
strategy allows to draw discrete samples from a categorical
distribution during the forward pass through a neural network.
It exploits the reparametrization trick to separate out the
deterministic and stochastic parts of the sampling process.
However, it adds Gumbel noise instead of that from a normal
distribution, which is actually used to model the distribution
of the maximums for samples taken from other distributions.
Gumbel-max then employs the arg max function to ﬁnd the
class that has the maximum value for each sample.
Considering α be the n-dimensional probability variable
conditioned for every row on each channel of the feature volume such that α = [π1 , . . . , πn ], representing the probability
of each feature at location n, the Gumbel-max trick can be
represented by the following equation:
Q = arg max(log πi + Gi )

𝜏
𝛼!"

(2)

where φ denotes the mean operation, sRGB and sIR are feature
maps obtained from the backbone feature extractor for RGB
and thermal/IR imagers respectively, while wRGB and wIR are
the sensor measurement certainty weights obtained through
Equation (1). Similar to the scalar fusion method, feature
selection is also modelled by learning masks for each modality,
in this case mRGB and mIR /mdepth , with a spatial size equal
to that of the features maps. The fusion scheme with mask
multipliers is represented as:
gma (sRGB , sIR ) = φ(mRGB � sRGB , mIR � sIR )
gmc (sRGB , sIR ) = [mRGB � sRGB ; mIR � sIR ]

𝐺

+

of the selected feature maps is performed without gradient
calculation to prevent the distortion of the feature maps in the
back-propagation phase.
The weighted feature maps are fused by either taking an
average of the two feature sets, or by concatenating them.
The fused features are then passed to the transformer for
object detection and localization. Our scalar fusion functions
gsa (averaging) and gsc (concatenating) are represented as:

+

4

(6)

exp((log πi + Gi )/τ )
Σnj=1 exp((log πj + Gj )/τ )

(7)

with i = 1, . . . , n.
We set τ = 1 and obtain feature volume approximate onehot categorical encodings for each modality eRGB and eIR .
Then a Hadamard product is taken between the encodings
and the feature volumes and the resultants are subsequently
concatenated and passed on to the bounding box regressor and
classiﬁcation head. We illustrate our selective fusion process
developed for multi-modal object detector in Figure 3, while
the selective fusion function gsf is given as follows
gsf (sRGB , sIR ) = [eRGB � sRGB ; eIR � sIR ].

(8)

IV. E XPERIMENTS
A. Datasets
Three datasets are utilized in the training and evaluation of
GEM, including the FLIR Thermal, SUNRGB-D [29] and a
new L515-Indoor dataset that we recorded for this research.
The FLIR Thermal dataset provides 8,862 training and 1,366
test samples of thermal and RGB images recorded in the
streets and highways in Santa Barbara, California, USA. Only
the thermal images in the dataset are annotated with four
classes, i.e., People, Bicycle, Car and Dog. The given RGB
images in the dataset are neither annotated nor aligned with
their thermal counterparts, while the camera matrices are also
not provided. Thus, to utilize this dataset in a multi-modal
setting, the given RGB images must be annotated or aligned
with their corresponding thermal images. One way to address
this problem is to create artiﬁcial RGB images from input
thermal images through GANs or similar neural networks as
performed in [19]. However, we opted to employ the concept
of homography by manually selecting matching features in
multiple RGB and thermal images. The selected feature points
are then employed to estimate a transformation matrix between
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the two camera modalities. RGB images are subsequently
transformed with the estimated homography matrix such that
they approximately align with their thermal equivalents. The
Dog class constitutes only 0.29% of all the annotations in the
aligned FLIR-Thermal dataset, thus it is not included in our
experiments.
The SUNRGB-D dataset contains 10,335 RGB-D images
taken by Kinect v1, Kinect v2, Intel RealSense, and Asus
Xtion cameras. The annotations provided consist of 146,617
2D polygons and 64,595 3D bounding boxes, while 2D
bounding boxes are obtained by projecting the coordinates of
3D bounding boxes onto the image plane. Although the dataset
contains labels for approximately 800 objects, we evaluate our
method on the selected 19 objects similar to [29]. We ﬁrst
divide the dataset into three subsets such that the training set
consists of 4,255 images, the validation set has 5,050 images,
while the test set contains 1,059 images.
The L515-Indoor dataset provides 482 training and 207
validation RGB and IR images recorded with Intel RealSense
L515 camera with various ambient light conditions in an
indoor scene. It contains annotations of 1,819 2D bounding
boxes of 6 object categories in total. The IR images are
aligned with their RGB counterparts through a homography
matrix which is computed in a similar fashion as explained
for the FLIR-Thermal dataset. The population distributions of
the datasets are illustrated in Figure 4.
B. Pre-processing Sensor Outputs
For the FLIR-Thermal and L515-Indoor datasets, aligned
RGB and thermal/IR images are fed into our feature extractor
backbones without any pre-processing. However, techniques
that exploit datasets with depth images including [29] often
apply HHA encoding [30] on the depth sensor modality for
early feature extraction prior to being fed into the neural
networks. HHA is a geocentric embedding for depth images
that encodes horizontal disparity, height above ground, and
angle with gravity for each pixel. In a multi-threading setup
on a 12-Core Intel® CoreTM i7-9750H CPU, HHA encoding
of a batch of 32 images takes approximately 119 seconds,
which is far from its application in real-time object detection
or segmentation tasks.
To address this problem, assuming that we are working with
RGB and depth modalities, we create a new hybrid image that
introduces scene texture in a depth image. As the red light is
scattered the least by air molecules, we blend the depth images
and the red image channels through a blend weight α. Thus,
we name our hybrid depth image as “r-blended” depth image.
imgr-blended = α imgdepth + (1 − α) imgred

(9)

The value of α is set to 0.9 for depth images while the weight
value for the red channels becomes 0.1. This is to make sure
that when the neural network is trained with “r-blended depth”
image, it should focus on learning the depth features while
information from the red channel only complements the raw
depth map. The idea to blend the red channel is also supported
by the fact that CMOS cameras are often more sensitive to
green and red light. We ﬁrst train our multi-modal object

Fig. 4. Class distributions of the datasets (a) L515-Indoor (b) FLIR-Thermal
(c) SUNRGB-D. The number of annotations in (c) are presented in the
logarithmic scale.

detector on RGB and HHA encoded depth images. Later, we
ﬁne-tune the trained model by replacing HHA encoded images
with r-blended depth images and achieve comparable results
in terms of detection accuracy, while the ﬁne-tuned model can
indeed be used for real-time multi-modal object detection.
C. Training
GEM is trained with scalar fusion and mask fusion methods,
i.e., gsa , gsc , gma and gmc for deterministic weighted fusion
driven by Equations (2) and (3), while it is also trained with gsf
for stochastic feature fusion. The backbone feature extractors
for both sensor streams and the transformer block are pretrained on MSCOCO dataset on RGB images as in [10].
For the FLIR thermal dataset, each model is trained on a
cluster with 2 GPUs for 100 epochs while the models for the
SUNRGB-D dataset are trained with 4 GPUs for 300 epochs.
Similarly, the models for L515-Indoor are trained on a cluster
with 2 GPUs for 300 epochs with a batch size of 1. The batch
size for the FLIR-Thermal and SUNRGBD datasets is set to
2, while the learning rate for the feature extractor backbones,
fusion networks, and transformer block is set to 8×10−6 for all
datasets. We employ ResNet-50 as the feature extractor, while
we also train gsc on MobileNet v2 [31] for the FLIR thermal
dataset. To guide the fusion process and mimic harsh lighting
conditions for the RGB sensor, we also employ Random Shadows and Highlights (RSH) data augmentation as proposed in
[7]. RSH develops immunity against lighting perturbations in
the convolutional neural networks, which is desirable for real
world applications. We additionally implement SSD512 object
detector with VGG16 backbones in a multi-modal setting
in two conﬁgurations, i.e., a simple averaging fusion as the
baseline method (SSD-BL) and a weighted averaging fusion
scheme (SSD-WA) similar to gsa . The anchor/default boxes are
conﬁgured for both SSD-BL and SSD-WA in a fashion similar
to that for the MS-COCO dataset. These models are trained
for 800 epochs in a single GPU setup with a batch size 1 and
a learning rate 1 × 10−4 which decays with a decaying factor
0.2 after the ﬁrst 520,000 iterations.
D. Evaluation
FLIR-Thermal: performance evaluation of the proposed
networks on the FLIR-Thermal dataset is shown in Table I. We
show Average Precision (AP) values at Intersection over Union
(IoU) of 0.5 for each dominant class, while the mean Average
Precision (mAP) is also estimated with and without lighting
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TABLE I
P ERFORMANCE EVALUATION ON FLIR-THERMAL DATASET.
Model
w/ RSH
FLIR Baseline
rgb-only
thermal-only
MM-UNIT [19]
MM-CG [19]
SSD-BL
SSD-WA
avg-baseline
conc-baseline
gsa
gsc
gma
gmc
gsf
gsc m-net

w/o Random Shadows and Highlights
AP@IoU=0.5
mAP@
IoU=0.5
Person Bicycle
Car
0.794
0.580
0.856
0.743
0.383
0.168
0.638
0.395
0.683
0.499
0.783
0.655
0.644
0.494
0.707
0.615
0.633
0.502
0.706
0.614
0.450
0.341
0.719
0.503
0.526
0.314
0.718
0.519
0.801
0.562
0.879
0.747
0.533
0.417
0.675
0.541
0.828
0.593
0.891
0.770
0.809
0.637
0.862
0.769
0.803
0.575
0.862
0.746
0.800
0.611
0.857
0.755
0.790
0.584
0.874
0.749
0.696
0.472
0.823
0.663

w/ RSH
mAP@
IoU=0.5
0.376
0.316
0.478
0.516
0.731
0.492
0.769
0.764
0.744
0.755
0.756
0.664

perturbations. These lighting corruptions are introduced by
creating Random Shadows and Highlights (RSH) on the test
RGB images. The evaluation with lighting perturbation is
performed for 10 trials in all experiments, while the average
of the obtained mAP is shown in the table. The results are
compared with the single modality object detector, the multimodal baseline fusion networks, and the existing state-of-theart methods on this dataset. In the baselines, the features from
the backbones are fused in two conﬁgurations: averaged and
concatenated, without any weighing or re-sampling mechanism. Additionally, we compare the performance of SSDBL and SSD-WA on the FLIR-Thermal dataset. It is clear
from the evaluation results, that our proposed methodologies,
i.e., gsa , gsc , gma , gmc , and gsf , outperform the previously
reported results on this dataset. Our methods also demonstrate
robustness against lighting perturbation, while a signiﬁcant
performance drop of single modality and baseline methods can
be seen when tested with RSH. The “avg-baseline” obtained
comparable results, but as it is only a blind fusion, hence no
sensor contribution or reliability measure can be obtained with
this methodology. Additionally, its performance can signiﬁcantly drop in the case of asymmetric sensor failure. This can
partially be observed in Table I where the baselines are tested
with RSH perturbations. Concerning the evaluation of multimodal SSD on the FLIR-Thermal dataset, SSD-WA certainly
improves the results compared to SSD-BL, speciﬁcally in
terms of robustness against lighting perturbations introduced
by RSH. The overall performance of SSD-based detectors

turned out to be inferior to that of our transformer-based multimodal object detection methods.
Among our proposed fusion methods, gsa obtained the
best overall performance on the FLIR-Thermal dataset. Scalar
multiplication ampliﬁes the information in the feature maps
by retaining the learned structure. Nevertheless, mask multiplication may amplify a certain spatial portion of the feature
maps in some channels, but it could also potentially distort
the learned information depth-wise. Concatenation might be
useful when the feature spaces of the utilized sensor modalities
differ, e.g., image versus point cloud. However, in our case of
image modalities, the averaging features gsa performed better
than concatenation gsc . Similarly, switching off the features
with selective fusion gsf has affected the performance of the
model adversely. We plan to explore this method further in
our future research, especially in the cases when information
from the sensor modalities of dissimilar domains are fused,
e.g., camera versus LiDAR/radar.
SUNRGB-D: The evaluation results on SUNRGB-D dataset
are shown in Table II. We not only present a comparison of
single vs. multi-modal settings on the selected 19 categories of
the SUNRGB-D dataset, but also between raw vs. processed
depth images. The table only shows the results for eight
categories due to limited space. Two single modality networks
are trained, one with RGB images and the other with HHAencoded depth images. We also evaluate the performance
of “conc-baseline” and “avg-baseline” with RGB and HHAencoded depth modalities. Motivated by the performance of
gsa and gsc on the FLIR-Thermal dataset, we chose to evaluate
their performance on SUNRGB-D dataset exclusively. Since
HHA-encoding introduces a signiﬁcant computational burden
inhibiting the possibility of real-time object detection, we
ﬁrst train gsa and gsc with on RGB and HHA-encoded depth
images, later we ﬁne-tune these models on raw-depth images
as well as on our “r-blended” hybrid depth images. It is
evident in Table II that both gsa and gsc obtain promising
results on this dataset with RGB and “r-blended” depth images.
Further analysing the results of Table I, we observe that the
comparative performance of the models on the Bicycle class is
not stable. Looking at the distribution of the datasets in Figure 4, we realize that the Bicycle class only constitutes 8.23%
of the dataset. This indicates its comparative inconsistent
performance on various models. However, analysing the results
in Table II, we realize this performance instability might also
be related to the object size. The proposed networks are able

TABLE II
P ERFORMANCE EVALUATION ON SUNRGB-D DATASET.
Models
RGB-only
HHA-only
conc-baseline
avg-baseline
gsc (raw-depth)
gsc (r-blended)
gsa (raw-depth)
gsa (r-blended)

bathtub
0.116
0.355
0.333
0.174
0.404
0.350
0.204
0.253

bed
0.461
0.409
0.440
0.461
0.411
0.457
0.399
0.423

Tested without Random Shadows and Highlights (RSH)
AP@IoU=0.5
bookshelf
box
chair
...
door
dresser
lamp
0.038
0.084
0.457 . . .
0.370
0.085
0.185
0.002
0.020
0.413 . . .
0.113
0.024
0.199
0.002
0.068
0.456
...
0.367
0.056
0.195
0.032
0.062
0.470
0.339
0.030
0.220
0.008
0.073
0.487
...
0.360
0.051
0.225
0.040
0.085
0.490 . . .
0.381
0.107
0.226
0.033
0.087
0.478
0.344
0.102
0.220
0.106
0.080
0.474
0.379
0.035
0.219

night stand
0.095
0.057
0.041
0.049
0.044
0.108
0.025
0.079

mAP@
IoU=0.5
0.224
0.165
0.211
0.207
0.226
0.242
0.221
0.239

w/ RSH
mAP@
IoU=0.5
0.169
0.093
0.155
0.166
0.209
0.230
0.214
0.236
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Fig. 5. Qualitative analysis of our multi-modal object detector, gsa in this case. Columns (a), (b) and (d) are the outputs of gsa in various asymmetric sensor
failure conditions imitated artiﬁcially, which are mentioned on the upper-right corner of each image in row I. The top blue/green bar represents the contribution
of each sensor modality in obtaining the ﬁnal results (RGB: blue and Thermal/Infra: green). (c) and (e) are the outputs from single modal baselines. (f) is
the ground-truth. Rows I and II are from FLIR-Thermal dataset while III and IV are from L515-Indoor dataset. Row IV represents a true sensor failure case
when IR camera gets saturated due to sun-light even in indoors.
TABLE III
P ERFORMANCE EVALUATION ON L515-I NDOOR DATASET.
w/o Random Shadows and Highlights
w/ RSH
Model
AP@IoU=0.5
mAP@
mAP@
w/ RSH
Chair
Cycle
Bin
Laptop IoU=0.5
IoU=0.5
rgb-only
0.909
0.912
0.920 0.911
0.912
0.769
ir-only
0.141
0.557
0.012 0.690
0.386
0.311
gsa m-net 0.851
0.895
0.705 0.740
0.811
0.685
gsa
0.968
0.998
0.997 0.979
0.982
0.945

to distinguish large sized objects even if their contribution in
the dataset is relatively small e.g., Baththub and Bed classes.
This problem can be traced back to [10] which itself struggles
to perform equally on detecting small sized objects.
L515-Indoor: Table III presents the evaluation results of
L515-Indoor dataset. We tested the performance RGB-only
and IR-only networks, as well as the gsa variant of GEM on
this dataset. Evidently, gsa outperformed both single modality
detectors providing an additional functionality of switching
between the dominant sensors in changing lighting conditions.
The performance of gsa with MobileNet v2 backbone is also
presented in the table. The qualitative results on all three
datasets are shown in Figures 5 and 6.
MobileNet v2: On a mobile platform having a 12-Core
Intel® CoreTM i7-9750H CPU, and Nvidia GeForce RTX
2080 GPU, with ResNet-50 backbones, it takes approx 106.0
ms for a single forward pass on the proposed multi-modal
object detector. However, with MobileNet v2 backbone feature extractors, the time for a single forward pass reduces
to 49.7 ms obtaining approximately 20.1 fps. The drop in
prediction accuracy of the deep models with the decrease in
the number of network parameters for faster detection speed, is
a well-known dilemma (e.g., in our case 23 million parameters
for ResNet-50 to 3.4 million parameters for MobileNet v2).
A compromise on prediction accuracy should only be made

Fig. 6. (a) Sample output of GEM (gsc ) on the SUNRGB-D dataset with
RGB images and “r-blended” depth modality. In (b), the output of single
modal object detector trained only on RGB images is shown, while (c) is the
ground truth.

in non-critical cases where human safety is not at stake.
Otherwise, the use of lightweight backbones should be avoided
V. C ONCLUSION
In this paper, we propose GEM, a novel sensor-aware multimodal object detector, with immunity against adverse lighting
scenarios. Among the proposed sensor fusion conﬁgurations,
the scalar averaging variant of the deterministic weighted
fusion outscored the state-of-the-art and other fusion methods.
The mask multipliers may amplify a certain spatial portion of
the feature maps, but could also potentially distort the learned
features depth-wise. Concatenation might be useful in cases
where the feature spaces of the utilized sensor modalities differ. Regarding RGB-D data, the proposed “r-blended” hybrid
depth modality has proven to be a promising and lightweight
alternative to the commonly employed HHA-encoded depth
images. However, instead of employing a ﬁxed blend weight
α, dynamic adaptation driven by ambient light intensity could
demonstrate a more realistic use of the proposed hybrid image.
GEM brings along the shortcomings of [10] in multi-modal
object detection setting as well, e.g., it struggles to detect small
objects and suffers from the computational complexity of the
attention layers. These issues will be addressed in the future
work.
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ABSTRACT
In this paper, we propose a new data augmentation method,
Random Shadows and Highlights (RSH) to acquire robustness against lighting perturbations. Our method creates random shadows and highlights on images, thus challenging
the neural network during the learning process such that
it acquires immunity against such input corruptions in real
world applications. It is a parameter-learning free method
which can be integrated into most vision related learning applications effortlessly. With extensive experimentation, we
demonstrate that RSH not only increases the robustness of
the models against lighting perturbations, but also reduces
over-fitting significantly. Thus RSH should be considered
essential for all vision related learning systems. Code is
available at: https://github.com/OsamaMazhar/
Random-Shadows-Highlights.
Index Terms— Robotic vision, Harsh conditions, Generalization, Data augmentation, Convolutional Neural Networks
1. INTRODUCTION
It is often claimed that the performance of deep learning algorithms have attained super-human capabilities. However,
real-world effectiveness of deep learning computer vision algorithms often fail to match the published performance on
benchmarks [1]. The vision models are largely fragile and
do not generalize across realistic unconstrained scenarios [2],
e.g., when they encounter instances of classes, textures, or
environmental conditions that were not covered by the training data [3]. This could have serious consequences where the
failures could lead to potentially catastrophic results as in the
case of self-driving vehicles.
The authors of [4] studied the existing hypotheses concerning the methods to improve the robustness of the deep
networks. Of particular relevance to our work, the technique
of perturbing data without altering class labels, also known as
This research is funded by H2020 EU project OpenDR, Grant Agreement No. 871449.

Fig. 1. Samples of our proposed Random Shadows and Highlights (RSH) data augmentation scheme.
data augmentation, has been proven to greatly improve model
robustness and generalization performance [5, 6]. It artificially inflates a dataset through label-preserving transforms
to derive new samples from the originals. Data augmentation offers straightforward strategies to learn invariances that
are challenging to encode architecturally. The most prevalent forms of data augmentation methodologies rely mostly on
hand crafted features or include geometric distortions such as
random cropping, zooming, rotation and flipping [7]. Other
methods include color space transformation, linear intensity
scaling and elastic deformation. These methods are successful at teaching mainly orientation and scale invariance, but
are insufficient for other practical cases like occlusion, texture and complex illumination variations. This is however
often achieved by domain randomization on rendered images
in simulation for Sim2Real transfer [8].
Extreme lighting conditions such as dark shadows, intense highlights or change in brightness substantially affect
the performance of deep models in image classification or
object detection tasks. To address such illumination variations and bridging the reality gap, this paper introduces a
new data augmentation methodology, Random Shadows and
Highlights (RSH) for real camera images. The proposed strategy mimics high-contrast extreme lighting conditions by creating random shadows and highlights in the images. RSH is

a parameter-learning free lightweight method which can be
integrated with most vision related learning models without
the need to change the learning strategy. The proposed data
augmentation method is utilized to imitate the limitations of
conventional RGB sensors to handle extreme light conditions.
2. RELATED WORKS
Data augmentation is a strategy that aims to improve robustness of the models to unforeseen data shifts which they might
encounter in real-world. It explicitly teaches invariance to
whichever transformation is used on the dataset. For example,
robustness against occlusions can be learned through Cutout
[9] and Random Erasing [10]. Cutout randomly masks out
square regions of input to generate new images to simulate
occluded examples. Random Erasing additionally varies size
and aspect ratio of the masked region. It also allows to replace
pixel values with random noise. Instead of occluding an image, CutMix [11] substitutes a portion of image with a portion
of another image while the ground truth labels are also mixed
proportionally to the area of the patches. Mixup [12] is a another regularization strategy that produces elementwise convex combination of two images. AugMix [13] mixes together
the results of several shorter augmentation chains in convex
combinations to prevent image degradation while maintaining
augmentation diversity. Alpha-blending two images generate
pixel-level features that a camera might never produce and
that could potentially affect model performance. To prevent
this, RICAP [14] spatially blend four cropped images to create a new image. It performs occupancy estimation instead
of classification, by mixing the four class labels with ratios
proportional to the areas of the cropped images. The method
proposed in [15] is closest to our proposed strategy. Nevertheless, they only create illumination circles on the images which
does not represent the real world lighting perturbations often
seen in indoor environments or even outdoors caused by shadows of the buildings. Separate from hand-crafted methodologies are learned augmentation methods such as AutoAugment
[16], patch Gaussian augmentation [6], learned image transformations [5] and DeepAugment [4].
3. DATASETS
For image classification, we evaluate RSH on Tiny-ImageNet
[17], CIFAR-10 and CIFAR-100 [18]. Tiny-ImageNet is a
miniature version of the ImageNet dataset with 200 classes.
Each class contains 500 training and 50 validation images
yielding 100,000 training and 10,000 validation samples. All
images are of size 64 × 64 × 3. CIFAR-10 consists of 60,000
colour images in 10 classes with images of objects like airplanes, birds, trucks, etc. Each class consists of 6,000 images.
The training set contains 50,000 images while 10,000 images
are in the validation set. CIFAR-100 is similar to CIFAR-10
except that it has 100 classes with 600 images in each class.

Each image comes with a fine and a coarse label. For object
detection, we utilize the PASCAL VOC 2007 dataset [19]
which provides 9,963 images of realistic scenes containing
24,640 annotated objects. The dataset is split into 50% for
training/validation and 50% for testing. There are 20 classes
of objects which are almost equally distributed in the images.
4. OUR APPROACH
Shadows cast by buildings in outdoors often take the form of
trapezoids. Furthermore, luminous light entering through
windows or doors inside the buildings also take similar
shapes. We devise an algorithm to create Random Shadows and Highlights on images imitating trapezoidal shape
with its base aligned with the vertical axis of the image. For
Algorithm 1: Random Shadows and Highlights
Input: Input image I;
Image size W , H and c;
RSH probability p;
Highlights range Hl , Hh ;
Shadows range Sl , Sh ;
Left edge ranges lul , luh and lll , llh ;
Right edge ranges rul , ruh and rll , rlh .
Output: Transformed image I ∗
Initialization: p1 ← Rand(0, 1).
1 if p1 ≥ p then
2
I ∗ ← I;
3
return I ∗ .
4 else
5
Llf ← Rand(lll , llh ) × H;
6
Lhf ← Rand(lul , luh ) × H;
7
Rlf ← Rand(rll , rlh ) × H;
8
Rhf ← Rand(rul , ruh ) × H;
9
Pbl ← (0, Llf + Lhf );
10
Ptl ← (0, Lhf );
11
Pbr ← (W, Rlf + Rhf );
12
Ptr ← (W, Rhf );
13
Imask ←
ContourFill(Zeros(H, W, c), [Ptl , Ptr , Pbr , Pbl ]);
14
Iinv mask ← ¬Imask ;
15
Sf ← Rand(Sl , Sh );
16
Hf ← Rand(Hl , Hh );
17
Ishadow ← adjustBrightness(I, Sf );
18
Ihigh ← adjustBrightness(I, Hf );
19
I ∗ ← Ishadow (Imask ) + Ihigh (Iinv mask );
20
return I ∗ .
21 end
an image I, Random Shadows and Highlights is applied with
a probability p in training. For probability 1 − p, the image
is left unchanged. RSH is driven by twelve input parameters
to create random shadows and highlights. These variables

include highlights range Hl , Hh and shadows range Sl , Sh .
These also include left edge ranges lul , luh and lll , llh , and
right edge ranges rul , ruh and rll , rlh , to randomly obtain
four points in total i.e., two on each vertical axis of the image
which are subsequently employed to draw a trapezoid. For an
input image of size W × H, our algorithm randomly creates
a contour on the image driven by the provided parameters
ranges. The brightness of the pixels inside the contour is
reduced by a factor Sf which is randomly chosen within
the predefined range Sl and Sh . Similarly, the brightness of
the pixels outside the contour is increased by a factor Hf
obtained from within Hl and Hh . The detailed procedure of
creating the contour mask(s) and ultimately creating an image
with shadows and highlights is shown in Alg 1.
5. EXPERIMENTS
5.1. Image Classification
Through extensive experimentation, we study the impact of
Random Shadows and Highlights (RSH) in comparison to a
set of related augmentations methods. Among the commonly
employed strategies, the most relevant ones to our work are
Gamma Correction and Color Jitter. Varying powers of
gamma darkens or lightens the shadows in the image. While
in Color Jitter, we randomly change the brightness, contrast,
saturation and hue of the image. Moreover, we also compare
our results with the method proposed in [15], we call it Disk
Illumination. To study over-fitting, we quantify the Train-Test
Difference (TTD), as the name suggests, difference in error
on the train set and test set, with and without RSH perturbations. When lighting corruption is applied to the test set,
its probability is set to 1. The RSH parameters which were
chosen in our experiments are: Hl = 1, Hh = 2, Sl = 0,
Sh = 1, lul and rul = 0, luh and ruh = 0.3, lll and rll = 0.4,
llh and rlh = 0.8. Gamma is randomly changed from 0 to
1.5 while brightness, contrast and saturation ranges are 0 to
2, and hue changes from −0.5 to 0.5 randomly.
Architectures: We adopted two architectures on TinyImageNet, CIFAR-10 and CIFAR 100: EfficientNet [20] and
AlexNet [21]. More precisely, we employed the EfficientNetB0 architecture. The models are pre-trained on the ImageNet
dataset except the SoftMax layer which is adopted for each
dataset and initialized with random weights. The training is
performed only for 20 epochs at a learning rate of 1e−3 and a
momentum of 0.9 with the SGD optimizer.
5.1.1. Classification Evaluation
The performances of the selected data augmentation strategies are evaluated at different activation probabilities p, ranging from 0.0 to 1.0 with a step size of 0.1. Table 1 presents
the results of these experiments at p = 0.5 and p = 1 only. At
a first glance, it may appear that the performance with RSH
decreases slightly on test sets when no lighting perturbations

Method

Train
Error

Test
Error

Baseline
RGC (0.5)
RCJ (0.5)
RDI (0.5)
RSH (0.5)
RGC (1)
RCJ (1)
RDI (1)
RSH (1)

0.303
0.301
0.415
0.493
0.353
0.323
0.485
0.639
0.411

0.408
0.396
0.406
0.410
0.407
0.400
0.459
0.631
0.434

Test
Error
RSH (1)
0.630
0.603
0.612
0.627
0.449
0.600
0.656
0.780
0.450

TTD
w/o
RSH
0.105
0.095
−0.009
−0.083
0.054
0.077
−0.026
−0.008
0.023

TTD
RSH
(1)
0.327
0.302
0.197
0.134
0.096
0.277
0.171
0.141
0.039

Table 1. Performance evaluation of EfficientNet-B0 on TinyImageNet. For comparison, models are trained with Random
Gamma Correction (RGC), Random Color Jitter (RCJ) and
Random Disk Illumination (RDI) as well. Apart from train
and test error computation, performance is measured with
lighting perturbations as well by applying RSH in the test set
with p = 1. Moreover, the Train-Test Difference (TTD) is
also computed to quantify over-fitting of the models. Negative TTD implies over-regularization which is not desired.
are applied. To some extent, this is true and is justified by
the observations made in [22] that argues that standard accuracy is often compromised to obtain robust models. However,
when tested with lighting corruptions, our strategy out-scores
all other methods with a considerable margin by obtaining
least test errors at both probabilities. In fact, Figure 2 illustrates that RSH is extremely robust against lighting perturbations at all values of p. Table 1, also shows that for lighting
perturbations at p = 1 on the test set, the performance of the
model trained with RSH is increased by approximately 25%
at both p = 0.5 and p = 1 when compared to RGC which
performed best among other strategies. Furthermore, we estimate the Train-Test Difference (TTD) to measure over-fitting
for cases with and without lighting corruption. In addition
to the increased robustness, our RSH augmentation method
proves to have reduced over-fitting significantly as well.
Impact of hyperparameters: We also conduct experiments to study the impact of RSH hyperparameters on the
model performance. Figure 3 illustrates the results obtained
when training AlexNet on CIFAR-10 with increasing RSH
probability from 0.0 to 1.0. The probability of lighting corruption is set to 1 in the test set. It is evident, that the model
overfits severely when no RSH augmentation is applied during training. Nevertheless, RSH p increases in the training,
robustness of the network increases continuously until we obtain almost the same train-test prediction accuracy, which is
desired in most cases. We also evaluate the impact of changing other hyperparameters. Figure 4 illustrates that increasing
the range of highlights and shadows improves not only the
accuracy of the model, but enhances the TTD by 3.125% as
well. The significance of the “shadows area” is also assessed

Baseline
RSH (1)

0.4

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
p

on CIFAR-100 by changing the values of llh , rlh , lul and rul
while keeping lll , rll , luh and ruh constant. A marginal improvement of 1.7% is observed with the values presented in
Section 5.1 as compared to the the least performing ones.

A new lightweight learning-free data augmentation strategy is
presented in this paper to acquire robustness against lighting
corruption. This is achieved by creating random shadows and
highlights on the images during training. The models trained
with the proposed augmentation method not only out-scored
other similar methods against lighting perturbations but also
reduced over-fitting on the training data significantly. The
results in the performed experiments demonstrate that RSH
should be considered essential in CNN model training. In the
future, we plan to apply our method on other applications, e.g,
facial recognition and person re-identification.
1.0

5.2. Object Detection
Accuracy

In our experiments for object detection, we employ a singlestage end-to-end object detector DETR proposed in [23]. It
is among the pioneering works that exploited transformers in
the image domain. However, DETR technically is still a combination of CNN and self-attention. We utilize ResNet-50 as
the backbone features extractor while the object detector head
is adopted to suit the number of classes in the Pascal VOC
2007 dataset. The weights are initialized from a checkpoint
pretrained on the COCO object dataset. Thus, the hyperparameters of the transformer in DETR are set to default with 6
encoder and decoder layers, 8 attention heads, and 100 number of queries. The learning rate for both backbone and trans-

0.8
0.6
0.4
0.2
0.0

Train
Test
Train/Test Difference

0.0320

0.0240

0.0290

0.0315

0.0310
0.5800

Fig. 3. Performance evaluation on CIFAR-10 when trained
with different activation probabilities of RSH. The probability of lighting corruptions is set to 1 for all values of p. It is
evident that with the increase in p, over-fitting decreases continuously until the model fits almost perfectly for both train
and test sets.

6. CONCLUSION

0.6110

0.2

0.5685

0.4

0.6000

0.6

The performance evaluation of DETR with RSH on the Pascal
VOC 2007 dataset is presented in Table 2. For each setting,
mean of 20 evaluation trials is computed. It is evident from
the results that the model trained with our RSH augmentation
not only maintained its standard accuracy but also improved
the robustness against lighting corruption by 10.328% compared to the baseline. Clear improvements in TTD with and
without RSH perturbations in the test set can also be seen.

0.5835

0.8

5.2.1. Detection Evaluation

0.5545

Train
Test

1.0

Accuracy

TTD w/
RSH
(1)
0.249
0.167

former layers is set to 8×10−6 while training is terminated after 150 epochs for each experiment. We perform experiments
with and without Random Shadows and Highlights augmentation on the Pascal VOC 2007 dataset.

0.5350

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
p

Fig. 2. Test error comparison between different data augmentation strategies for different levels of lighting perturbations. p represents data augmentation activation probabilities
for each individual technique in training as well as that of
lighting perturbations in test set.

0.0

TTD
w/o
RSH
0.137
0.121

Table 2. Performance evaluation of our RSH augmentation
strategy for object detection on the Pascal VOC 2007 dataset.

0.2
0.0

mAP@IoU=0.5
Test w/
Train
Test
RSH (1)
0.888 0.751
0.639
0.872 0.751
0.705

0.5590

0.6

Model

0.4875

Test Error

0.8

Baseline
Random Gamma Correction
Random Color Jitter
Random Disk Illumination
Random Shadows and Highlights

0.5195

1.0

Hl=1.8, Hh=2, Hl=1.6, Hh=2, Hl=1.4, Hh=2, Hl=1.2, Hh=2, Hl=1, Hh=2,
Sl=0, Sh=0.2 Sl=0, Sh=0.4 Sl=0, Sh=0.6 Sl=0, Sh=0.8 Sl=0, Sh=1

Fig. 4. Impact of changing H and S hyperparameters. For
all cases we set Hh = 2 while Sl = 0. The X axis represents
increasing span of choice for highlights and shadows. Clearly,
with wider range, RSH performs best in terms of accuracy.
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