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Abstract—Visual Question Answering (VQA) is one of the most
challenging emerging applications of deep learning. Providing
powerful attention mechanisms is crucial for VQA, since the
model must correctly identify the region of an image that is relevant to the question at hand. However, existing models analyze
the input images at a ﬁxed and typically small resolution, often
leading to discarding valuable ﬁne-grained details. To overcome
this limitation, in this work we propose a reinforcement learningbased active perception approach that works by applying a series
of transformation operations on the images (translation, zoom)
in order to facilitate answering the question at hand. This allows
for performing ﬁne-grained analysis, effectively increasing the
resolution at which the models process information. The proposed
method is orthogonal to existing attention mechanisms and it can
be combined with most existing VQA methods. The effectiveness
of the proposed method is experimentally demonstrated on a
challenging VQA dataset.

I. I NTRODUCTION
The progress witnessed in deep learning (DL) led to a
number of impressive applications, which often involve multimodal data [1]. Among the most spectacular ones is Visual
Question Answering (VQA) [2], [3], [4], where a deep learning model must answer a textual question that refers to a given
image. VQA is among the most challenging deep learning
applications, since the model must correctly identify the region
of the image that concerns the given question and then process
this information to provide the correct answer. This led to
development of many attention mechanisms which allow for
processing only the information that is relevant to the question
at hand [5], [6], [7], [8].
Despite the success of the aforementioned attention mechanisms, they suffer from a critical limitation: the input visual
data are analyzed at a ﬁxed resolution despite the higher
resolution of the original images. As a result, most models
are restricted at analyzing input images that are smaller than
500 × 500 pixels, while many of them are still limited to less
than half of this. This process, despite allowing for reducing
the computational complexity of the models by processing
lower resolution inputs, comes with several signiﬁcant drawbacks. First, it restricts the ﬁdelity of the input, leading to
loosing several ﬁne grained details, especially for smaller or
thin objects that might end up covering only a few pixels
after resizing the input images. Furthermore, DL models are
sensitive to the scale of the objects appearing in images.
Therefore, if the same object, but in a different size, appear

in a novel image, the employed model might fail to recognize
it.
The main contribution of this work is proposing a deep reinforcement learning (RL)-based active perception approach that
can overcome the aforementioned limitations. More speciﬁcally, we propose keeping the resolution at which the analysis
is performed ﬁxed, which does not increase the computational
cost of the analysis, but employing a methodology for ﬁrst
appropriately transforming the input in order to maximize
the accuracy of VQA. To this end, we employ a virtual
camera that can shot at different regions of the original input,
allowing for a) performing ﬁne-grained information analysis
at the same cost (for each frame processed by the VQA
model), b) keeping only the information that is indeed relevant
to the provided question, and c) mitigating the effect of
objects that appear at different scales. The way the proposed
method works is illustrated in Fig. 1. The virtual camera
zooms to the region (leaves of the trees) that concerns the
given question. This allows for extracting more ﬁne-grained
information, maximizing the conﬁdence on the correct answer
and increasing VQA accuracy.
To the best of our knowledge, this is the ﬁrst method
that employs an active perception approach for increasing the
accuracy of VQA on static datasets. Note that the proposed
method is orthogonal to existing attention mechanisms, since
the proposed method appropriately transforms the input (by
zooming in/out and translating the content) to accommodate
the task at hand and it is capable of directly adapting to
the scale of the objects that appear on images. On the other
hand, attention mechanisms only allow the model to suppress
irrelevant features, without re-analysing the input data, as the
proposed method does. The ability of the proposed method to
be effectively combined with attention mechanisms, increasing
the VQA accuracy, is demonstrated in this paper through
several experiments using a powerful attention-equipped VQA
model, MUTAN [6]. Also, in contrast with existing RLbased methods proposed for similar tasks, such as caption
generation [9], [10], [11], the proposed method provides a
powerful active perception approach that can be combined
with any existing VQA model, instead of addressing VQA
per se. Finally, compared to interactive VQA approaches,
such as [12], in this work we do not employ 3D simulation
environments in which complex iterations with objects are

Fig. 1: Using active perception to increase the accuracy of VQA by controlling a virtual camera to shot the region that is
relevant to the given question, increasing the granularity of information analysis

possible, but we focus on handling static images.
The rest of the paper is structured as follows. First, the
proposed method is analytically derived in Section II. Then,
the experimental evaluation is provided in Section III. Finally
conclusions are drawn in Section IV.
II. P ROPOSED M ETHOD
First, we provide a brief introduction to used notation, as
well to the VQA problem at hand. Next, we describe how
active perception, which is typically used in the context of
robotic perception [13], can be employed to increase the
accuracy of VQA, when used on static, yet high-resolution,
images, and formally deﬁne the optimization problem. Finally,
we derive the proposed method by providing a relaxation to the
optimization problem at hand, which allows us to effectively
employ deep reinforcement learning.
A. Visual Question Answering and Active Perception on Static
Images
Let x ∈ RH×W ×C denote an input image, where H denotes
the height, W the width and C the number of channels of
the image. Also, let q denote the question that we want to
answer. Typically, word embedding models are used to acquire
the encoded vector representation of the question [14], [15].
The notation q ∈ RNw is then used to refer to the encoded
question, where Nw is the dimensionality of embedding space.
In this work, we constrain our setup to the commonly used
multiple choice VQA, where the correct answer is selected
over a collection of NC possible answers. Note that this
is without loss of generality, since the proposed method
can be also used for any other VQA setup [16]. Also, let
X = {(xi , qi , ti )| ∀i = 1, . . . , N } be a training set that
consists of N training triplets of images, questions and correct
answers, while let fW (·) ∈ RNC denote a VQA model, where
W are the trainable parameters of the model. The VQA model
fW (·) is trained by minimizing an appropriately chosen loss
over the training set:
W = arg min′
W

N
1 ∑
L (fW′ (xi , qi ), ti ) ,
N i=1

(1)

where L(·) is typically set to the cross-entropy loss, when a
closed set of NC answers is used [6]. In this work, we also
use VQA models that return a probability distribution over the
available answers, e.g., by employing the softmax activation
function. Also, following the relevant literature [16], [5], a
deep learning model is used to implement fW (·).
As we also discussed in Section I, using attention allows
the model to extract only the information relevant to the given
question [6], [5]. However, a critical limitation of this approach
is that the analysis is performed at a ﬁxed, typically low,
resolution, even though the original images are usually of
signiﬁcantly higher resolution, loosing ﬁner details that might
be useful for answering the question at hand. In this work,
we propose pre-processing the original images by applying
a series of transformation operators A in order select a more
appropriate view. This view should, provided the limitations of
the employed VQA model, e.g., input resolution, maximize the
accuracy of VQA. The transformation operations are the result
of a virtual camera that is capable of “shooting” at different
regions of the original image, as well as altering its ﬁeld of
view, similar to other applications related to control [17]. The
camera has ﬁxed resolution, which is set to be equal to the
resolution used by the model fW (·) for the analysis. The
following set of transformation operations are supported:
1) alef t , which corresponds to horizontal translation of the
ﬁeld of view window to the left by δT pixels,
2) aright , which corresponds to horizontal translation of the
ﬁeld of view window to the right by δT pixels,
3) aup , which corresponds to the vertical translation of the
ﬁeld of view window up by δT pixels,
4) adown , which corresponds to the vertical translation of
the ﬁeld of view window down by δT pixels,
5) azoom−in , which corresponds to zooming-in (decreasing
the ﬁeld of view by δz %),
6) azoom−out , which corresponds to zooming-out (increasing the ﬁeld of view by δz %),
7) anull , which corresponds to performing no transformation
(this transformation should be selected when the view is
already optimal for answering the given question),
where δT is set to ⌊0.1 · min(W, H)⌋ and δz to 4% for all the

Fig. 2: Overview of the proposed method: The reinforcement learning agent can control a virtual camera in order to apply a
series of transformations (translation and zoom) on the original input image in order to acquire a view that is more relevant to
the given question. Then, the transformed image is fed to the VQA model and the agent is trained to maximize the expected
reward, which is a function of the conﬁdence of the VQA model for the correct answer.

experiments conducted in this paper. The cumulative effect
of these operations was demonstrated in Fig. 1, while more
examples are provided in Section III.
(t)
We aim to learn an appropriate model hWh (xi , qi ) ∈ A
(t)
which, given the camera view xi at time t and the question qi
selects the most appropriate transformation from A in order to
minimize the loss provided in (1). Therefore, the parameters of
the model can be learned by solving the following optimization
problem:
Wh = arg min
′
W

h

N
)
1 ∑ (
(N )
L fW (xi T , qi ), ti ,
N i=1

(2)

subject to
(t)

(t−1)

xi = at (xi
at =

),

(t−1)
hWh′ (xi
, qi ),
(0)
and xi = xi ,

where NT is the total number of transformation operations
applied. Note that fW (·) can be either be a pre-trained model,
or jointly optimized during this process. Note that the ﬁnal
(N )
image xi T is the result of NT transformations, as dictated
by the constraints of (2). In this work, we choose to keep the
fW (·) ﬁxed during the optimization of hWh (·), since jointly
optimizing both models is signiﬁcantly more computationally
intensive and increases the complexity of the proposed method.
B. Problem Relaxation and Deep Reinforcement Learning
Directly solving the problem presented in (2) is intractable.
Therefore, instead of directly learning the parameters Wh to
minimize (2), we employ a reinforcement learning approach
to maximize the reward collected by an agent that controls
the camera using the operations available in A. The employed
reward function must express the optimization objective of (2),
i.e., to increase the probability of the VQA model answering

correctly. Based on this observation, we deﬁned the employed
reward function as:
(t)

(t−1)

rt = [fW (xi , qi )]c − [fW (xi

, qi )]c ,

(3)

where the notation [fW (·)]c is used to refer to the conﬁdence
of the correct answer. Therefore, the agent acquires a positive
reward when the VQA model fW (·) becomes more conﬁdent
on the correct answers after a control step. Otherwise, a negative reward is obtained. Note that for datasets with multiple
correct answers, such as [4], the answer that provides that
maximum increase in the conﬁdence is used for calculating
the reward.
The proposed method is summarized in Fig. 2. The model
hWh (·) can be optimized using any deep reinforcement learning method in order to maximize the reward obtained through
each control episode. In this work, we employed a state-ofthe-art Q-learning approach, the Rainbow [18], which provides
an efﬁcient way to ﬁt an estimator for the expected future
discounted reward for each action at every time-step. This,
in turn, provides a straightforward way to implement hWh (·)
by simply selecting the action that is expected to yield the
maximum future discounted reward. The network architecture
used to estimate the Q-values is also shown in Fig. 2. After
analyzing the input image using a visual information analysis
network, we extract an attention-like feature map by calculating the similarity u ∈ RHa ×Wa between visual and the textual
modality as:
[u]i,j = [x̃]Ti,j (WT q) ∈ R‘
(4)
where the notations [u]i,j is used to refer to the element in the
location (i, j) of attention map u, WT is a linear translation
layer that maps the textual space into the visual space, x̃
denotes the feature map extracted from the visual information
analysis module, while Ha ×Wa is the size of the feature map
x̃. Two fully connected layers, with a hidden layer consisting

Fig. 3: Applying the proposed method on an unseen image-question pair (inference): The agent is allowed to apply NT
transformations on the input image. Then, the answers obtained for each intermediate transformation are aggregated and the
ﬁnal answer is inferred according to (5).

of 512 neurons, that use the ReLU activation function, were
used to implement both the value and advantage streams, as
suggested in [18].
Note that the agent is rewarded for any control action that
will lead to increasing the conﬁdence on the correct answer,
regardless the time-step at which the action is performed. A
side effect of this is that the ﬁnal action of the agent can
be sub-optimal (since it only partly contributes to the total
reward). To overcome this limitation, we propose not to choose
the answer with the highest probability in the last step, but the
action with the highest average probability over the course
of each episode. In this way, the agent is less sensitive to
noise, while takes into account the behavior of the VQA model
during the whole episode, lessening the effect of potentially
wrong control actions, as further demonstrated in Section III.
Therefore, for an episode with NT control steps, the ﬁnal
answer is calculated as:
[
] 
NT
∑
1
(t)
arg maxj 
fW (xi , qi )  .
(5)
NT i=1
j

The inference process is further illustrates in Fig. 3. Note that
the reward function is used only during the training process,
while the VQA model is employed at each time step for
calculating the conﬁdence for each possible answer.
III. E XPERIMENTAL E VALUATION
In this Section, we brieﬂy provide the experimental setup
used in this work, and then present and discuss the experimental results. The MUTAN model [6] was used as the
base VQA model (fW (·)), while a ResNet-50 model [19],
pretrained on the ImagetNet dataset [20], was used to perform
the visual information analysis (hWh (·)). For extracting vector
representations of questions we used the GRU-based encoder
employed by MUTAN. The Rainbow method was used to
optimize the RL model, while the discount factor was set to
0.99 and the size of the replay memory was set to 100,000.
The deep RL model was trained for 300,000 steps. The Adam

TABLE I: Evaluation results on the VQA 2.0 dataset
Method

Accuracy

Acc. Gain

Baseline
Proposed (Conﬁdent Frame)
Proposed

60.36
59.81
60.86

-0.55
0.5

Proposed (Best Frame)

66.68

6.32

optimizer was used [21], while the learning rate was set to
0.5×10−4 . For evaluating both the baseline method, as well
as the proposed one we ran 5,000 episodes on the validation
set of the employed dataset. Note that we used a different
image for each episode, while the same images/questions were
used when evaluating different methods. Finally, the number
of control steps for each episode was set to NT = 5 for all the
conducted experiments. All the evaluation results are reported
on the VQA 2.0 dataset [2], [4], which employs the images
provided by the MS COCO dataset [22]. The VQA model was
also pretrained on the used dataset.
The evaluation results are reported in Table I. We compared
the proposed approach to the baseline VQA model, where no
transformation has been applied on the original images, as well
as to the proposed RL-based active perception approach that
employs three different ways to select the correct answer:
1) “Proposed (Conﬁdent Frame)”, where the answer with
the higher conﬁdence during the course of the episode is
selected, i.e., the frame t is selected as:
(
(
))
(t′ )
arg max
max
f
(x
,
q
)
,
(6)
W
i
i
′
t

2) “Proposed”, where the proposed answer selection method
presented in (5) is used, and
3) “Proposed (Best Frame)”, where the frame that leads to
the higher conﬁdence on the correct answer is selected
to provide the answer, i.e., the frame t is selected as:
(
)
(t′ )
arg max
[fW (xi , qi )]c ,
(7)
′
t

Original: 0.443

Zoom in: 0.624

Up: 0.570

Zoom in: 0.433

Right: 0.651

Up: 0.660

a) Question: Are there leaves on the trees? - Answer: No
Original: 0.434 Zoom out: 0.416

Right: 0.374

Left: 0.416

Left: 0.427

Zoom in: 0.563

b) Question: Is this a toaster oven? - Answer: Yes
Original: 0.136 Zoom out: 0.204

Left: 0.201

Zoom in: 0.047

Zoom in: 0.517

Zoom in: 0.580

c) Question: What color is the train? - Answer: Silver, Gray
Original: 0.435

Zoom in: 0.252

Zoom in: 0.259

Zoom in: 0.509

Zoom in: 0.466 Zoom out: 0.509

d) Question: Is the dog sleeping? - Answer: No
Original: 0.191 Zoom out: 0.254

Left: 0.250

Zoom in: 0.585

Right: 0.494

Zoom in: 0.636

e) Question: Are there vegetables on the counter? - Answer: No

Fig. 4: Qualitative Evaluation: Three episodes during the testing. The select transformation and conﬁdence to the correct answer
is denoted in the upper part of each image.

where c is the index of the correct answer.
The proposed method increases the VQA accuracy by 0.5%,
while when the proposed frame selection approach is replaced
by the most conﬁdent frame (“Proposed + Conﬁdent Frame”)
a decrease of over -0.5% is observed. To understand why this
happens, we need to consider the case in which the deep RL
agent loses the object of interest and the question refers to the
existence of the aforementioned object, e.g., the question is
“is there a dog?”, the original image contains a dog, while the
transformed image no longer contains a dog. In this case, the
VQA model will be very conﬁdent on the selected answer
(“no”), since the object of interest no longer exists in the

transformed frame, despite the correct answer is “yes”, since
the object exists in the original frame. Employing the proposed
averaging-based approach allows to withstand such phenomena, increasing the accuracy of VQA, and demonstrating the
effectiveness of the proposed method. Finally, note that we
also examined whether developing more robust frame selection
approaches would allow for further increasing the accuracy
of the proposed method by directly selecting the frame that
maximizes the conﬁdence to the correct answer (“Proposed +
Best frame”). Indeed, this approach led to an enormous 6.32%
increase in the accuracy. This demonstrates that the proposed
RL agent was indeed able to reveal ﬁne-grained information,

which was not available to the VQA model when the original
image was used, highlighting the potential of the proposed
approach.
Finally, in Fig. 4, we provide several test episodes to
qualitatively examine the behavior of the proposed method.
Several interesting conclusions can be drawn. First, note that
in the ﬁrst case (a) the model correctly zooms in toward the
leaf area of the trees, demonstrating that the agent is indeed
capable of identifying the region that is relevant to the question
at hand. This gives an important advantage to the model, since
it can perform more ﬁne-grained analysis, i.e., revealing ﬁne
details that would be lost if the whole image was processed
instead. Indeed, the conﬁdence to the correct answer increases
from 0.44 in the original image to 0.66 in the ﬁnal one, while
providing an average conﬁdence of about 0.56, which is almost
30% higher than the original one. These control sequences
also illustrate the intrinsic instability of many VQA models.
For example, note that in the second case, the conﬁdence
to the correct answer slightly decreases, without any obvious
change in the input image. This highlights a critical limitation
of VQA models, since the accuracy of the employed RL agent
relies on the feedback provided by the VQA model. Another
interesting phenomenon is shown in the fourth case (d), where
the agent correctly chooses the “zoom out” transformation,
when the visual clues that would lead to the correct answer
are absent (note that correctly answering this question requires
detecting whether the eye of the dog is open or closed and this
information is not available in the penultimate frame).
IV. C ONCLUSIONS
In this paper, we presented an active perception approach,
that employs deep reinforcement learning, and can be directly
used on static images to increase the accuracy of VQA. The
proposed method works by applying a series of transformations on the input images in order facilitate answering
the question at hand. As experimentally demonstrated, the
proposed method is capable of increasing the accuracy of
VQA, by performing ﬁne-grained information analysis and
mitigating various issues, such as performing inference about
objects that appear at different scales. The conducted experiments also demonstrated the high potential of the proposed
method, since developing more accurate frame selection and
aggregation approaches can lead to signiﬁcant further accuracy
improvements.
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