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Abstract these models when compared to traditional machine learn-

Convolutional Neural Networks (CNNs) are state-of-the-
art models for computer vision tasks such as image classifi-
cation, object detection, and segmentation. However, these
models suffer from their inability to explain decisions, par-
ticularly in fields like healthcare and security, where inter-
pretability is critical. Previous research has developed vari-
ous methods for interpreting CNNSs, including visualization-
based approaches (e.g., saliency maps) that aim to reveal
the underlying features used by the model to make pre-
dictions. In this work, we propose a novel approach that
uses reinforcement learning to generate a visual explana-
tion for CNNs. Our method considers the black-box CNN
model and relies solely on the probability distribution of
the model’s output to localize the features contributing to a
particular prediction. The proposed reinforcement learning
algorithm has an agent with two actions, a forward action
that explores the input image and identifies the most sen-
sitive region to generate a localization mask, and a reverse
action that fine-tunes the localization mask. We evaluate the
performance of our approach using multiple image segmen-
tation metrics and compare it with existing visualization-
based methods. The experimental results demonstrate that
our proposed method outperforms the existing techniques,
producing more accurate localization masks of regions of
interest in the input images.

1. Introduction

Convolutional Neural Networks have become the state-
of-the-art technique for many computer vision tasks, such
as image classification, object detection, segmentation, and
many others. They are very effective at learning complex
visual features from images, allowing them to accurately
classify images with a high level of accuracy. However,
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ing techniques suffer from issues such as the “generaliza-
tion vs interpretability” tradeoff. For example, a decision
tree might be an easy-to-interpret algorithm but might tend
to generalize poorly on the provided dataset, while a hard to
interpret algorithms usually generalize better with millions
of parameters such as CNNSs.

our localization

Original

Figure 1. Output of RL framework for visual explanation via lo-
calization

Interpretability is an important concern in many applica-
tions where deep learning is currently being used, particu-
larly in the fields such as healthcare and finance, where the
impact caused by incorrect decisions might have severe ad-
verse effects. It is important to understand the reasoning
behind a model’s predictions and to ensure that the model
is making decisions based on relevant features. When it
comes to architectures such as CNNs, there are several rea-
sons due to which they might lack interpretability. One rea-
son is the use of a large number of complex nonlinear op-
erations, making it difficult to understand how the features
are extracted from the images. Additionally, the use of a
high number of parameters makes it difficult to trace the
contributions of each feature during the final decision. Re-
searchers in the past have developed various methods for
interpreting CNNs. These approaches aim to reveal the un-
derlying features that the model is using to make its pre-
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dictions with techniques such as visualization, attribution
methods, and so on.

Visualization-based methods aim to visualize the regions
of an image that the model is focusing on. For example, one
of the first approaches to provide visual explanations for
CNN was proposed by Zeiler et. al [22] using Deconvnets
and Zhou et. al as Class Activation Mapping (CAM) [24].
Furthermore, there were numerous other incremental works
such as Grad-CAM, Grad-CAM++ and many others.

In this work, we propose RL-CAM a reinforcement
learning approach that can learn a policy to generate a visual
explanation for Convolutional Neural Networks as shown
in figure [T]. This approach considers the CNN model as
a black-box and completely relies on the probability distri-
bution of the model’s output without requiring any other
information to localize features that contribute towards a
particular prediction. The RL framework is composed of
an agent with two actions, the forward action, and the re-
verse action. The forward action attempts to add distor-
tion to regions in the input image that is most sensitive at
a given step which builds the segmentation mask while the
reverse action attempts to remove distortion that was pre-
viously added and is insignificant, essentially clearing up
the segmentation mask. This process is performed until the
model misclassifies the input image creating an adversar-
ial sample. The objective is to extract the area where the
perturbations were added creating a mask that exposes the
most significant regions that contributed towards a particu-
lar decision. As a result, a finer localization of the Region
of Interest (ROI) is generated. Multiple image segmentation
metrics such as Intersection over Union (IOU) and Dice Co-
efficient were computed to compare the performance of the
proposed method with the existing techniques. Unlike the
majority of the recent research that uses bounding boxes to
evaluate the performance of their proposed approach, we
use a segmentation map to accurately measure the localiza-
tion performance with metrics such as IOU and Dice Coef-
ficient as shown in figure[2] Our approach achieves over 20
percent performance gains over existing popular approaches
when evaluated on imagenet dataset.

The main Contribution of the work can be summarized
as,

1. A novel Reinforcement Learning agent that can gener-
ate an accurate localization mask of ROI for the input
images with a gradient-free approach.

2. The learned policy outperforms the existing popular
visual explanation techniques from the recent litera-
ture.

2. Related Works

One of the earliest and most well-known visual expla-
nation techniques is Class Activation Mapping (CAM) in-

troduced by Zhou et al. (2016) [24], which highlights the
regions of an image that are most important for a given
class. Grad-CAM (Selvaraju et al., 2017) [[15] is another
popular technique that extends CAM by using gradients
to weight the contribution of each feature map to the fi-
nal prediction. Other visual explanation techniques include
Deconvolutional Networks (Zeiler and Fergus, 2014) [22],
guided backpropagation (Springenberg et al., 2015) [18]],
and saliency maps (Simonyan et al., 2013) [17]], which high-
light the pixels that are most relevant for a given class.

More recent works have focused on improving the
accuracy and interpretability of these visual explanation
techniques. For example, Kim et al. (2018) [5] pro-
posed CAM2, an improved version of CAM that incorpo-
rates attention mechanisms to improve localization accu-
racy. Wang et al. (2022) [20] introduced Layer-Wise Co-
Activation Mapping (LCAM), which uses a layer-wise co-
activation matrix to visualize the feature maps of a CNN.
Akhtar and Mian (2022) [2] proposed a spatial-spectral
complementarity-based approach for weakly supervised ob-
ject localization, which combines spectral and spatial atten-
tion mechanisms to improve the accuracy of visual expla-
nations.

In recent times, researchers identified the unreliability
of gradient-based approaches to generate visual explana-
tions/localization maps [1,/19]]. In addition to these visual
explanation techniques, there has been a growing interest
in developing methods for generating textual explanations
of CNN predictions like eigenCAM [21]] and many others.
Similarly, Hendricks et al. (2016) [4] proposed a method for
generating natural language explanations of image classifi-
cation decisions. Recent works have extended this approach
to generate more detailed and informative textual explana-
tions (e.g., Zhang et al., 2021) [23]]. Similarly, work done
by Muhammad et. al [8]] proposed a technique that uses the
principal components of the learned representations from
the convolutional layers to create visual explanations.

Another approach that has been explored recently is
perturbation-based explainability to understand the behav-
ior of convolutional neural networks (CNNs) [3}6}/7]. This
involves making small changes to the input data and observ-
ing the corresponding changes in the output of the network.
By analyzing the changes in output, insights can be gained
as to how the network makes decisions and what features
are focused on.

Overall, the development of explainability techniques for
image classification CNNs is an active area of research,
with many new and innovative approaches being proposed.
These techniques can potentially improve the interpretabil-
ity and trustworthiness of CNN models and facilitate their
deployment in real-world applications. Furthermore, rein-
forcement learning has shown tremendous success in ap-
plications such as healthcare, sustainable energy, controls,
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Figure 2. Compare the performance of the proposed method and the competitors with the ground truth segmentation map
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Figure 3. Receptive Field of Convolutional Neural Networks

and many others [[10-14]]. This work, to the best of our
knowledge, is the first use of reinforcement learning for ex-
plainability.

Receptive fields in CNNs refer to the region of the input
image that a single neuron in a given network layer is sen-
sitive to. Each layer consists of a set of filters that convolve
over the input image and produce a set of feature maps as
shown in figure[3] The receptive fields of a neuron in a par-
ticular layer are determined by the size of the filter in that
layer. As information passes through the network, the re-
ceptive fields of the neurons become larger and more com-
plex, allowing the network to capture increasingly abstract
and high-level features in the input image. For example, for
two sequential convolutional layers I; and I with kernel
size k and stride s, the receptive field can be defined as,

r(i—1)=s;-r; + (k; — s;) (1)

A more generalized equation that applies the above op-
eration recursively for L layers can be defined as,

L

-1
r0 =Y ((K;—1) H s;) +1

i=1

2)

Here, ro denotes the desired RF of the architecture.

The size of the receptive field in convolutional neural
networks (CNNss) can have a significant impact on the per-
formance of saliency map methods. Saliency maps are used
to identify the most important features or regions in an im-
age and are commonly used in computer vision applications
such as object recognition and scene understanding.

Large receptive fields in CNNs tend to capture more
global information and context, while small receptive fields
capture more local details. One potential negative effect of
using large receptive fields for gradient-based visualization
is that it can lead to reduced spatial resolution in the result-
ing heatmap. This is because the receptive field of a neuron
in a CNN determines the size of the local region of the input
image that it is sensitive to. When the receptive fields be-
come large, the neurons respond to a broader range of input
features, which can make it difficult to pinpoint the exact
location of the salient features in the input image. This can
lead to a loss of spatial resolution in the CAM heatmap,
which can make it harder to interpret the results.

3. RL-CAM: Reinforcement Learning Frame-
work

3.1. Problem Formulation

A trained Deep Neural Network (DNN) model under
evaluation can be represented as y argmax f(x;0),
where x denotes the input image, y represents the predic-
tion and 6 represents the model parameters. A non-targeted
black-box attack without access to the # generates a pertur-
bation ¢ such that, y # argmax f(x + §;0). The distance
between the original and the adversarial sample, D(x, z+9)
will be any function of the [, norms where the agent learns
to keep this factor minimum. The objective is to extract
the areas where the perturbation is added creating a mask
that exposes the most significant regions that contributed
towards a particular decision.

3.2. Overall Architecture

In our approach, the input image is divided into square
patches of size n X n and, then the sensitivity of the ground
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Figure 4. Reinforcement Learning architecture for RLAB.

truth probability Pgr, to addition and removal of distor-
tion, is computed for each patch. Based on this sensitivity
information, the RL agent takes two actions,

1. Patches to which distortion are added
2. Patches from which the distortions are removed

This process is done iteratively until the model misclas-
sifies the image or until the budget for the number of maxi-
mum allowed steps is reached. Finally, once the adversarial
sample is generated (model misclassifies), we perform an
iterative image cleanup as a post-processing step to further
minimize D. The difference between the adversarial sam-
ple generated and the original image highlights the regions
where the distortions were added. This mask provides a
more accurate localization of features that contributed to-
wards the particular prediction. The overall flow of the pro-
posed method is represented in Figure [ and [5]

4. RL for Localization map
4.1. State Design

We created a state space that provides the necessary vis-
ibility to the RL agent, while remaining simple enough for
efficient training. To achieve this, we conducted a sensitiv-
ity analysis to pinpoint the most responsive areas of a given
image.

4.1.1 Sensitivity Analysis

We utilized distortion filters (masks) of the same size as the
square patches n x n for the sensitivity analysis. Each fil-
ter had hyperparameters such as noise levels and brightness
levels, which remained fixed throughout the experiment. At
each step of the training and validation, we applied the mask
across all the square patches to assess the shift in the ground
truth classification probability Pg7. We chose to keep the

hyperparameters associated with the distortion filters (such
as noise intensity and amount of blurring) to a minimum
to allow for more precise distortion addition in successive
steps and to control the L, norm. Additionally, we con-
strained the distorted samples to values within the range of
[0, 1]4.

Environment
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Figure 5. Reinforcement Learning agent for RLAB

LISTapp Square patches in descending order of normalized sensitivity to addition of distortion

LISTRemOVE Square patches in ascending order of normalized sensitivity to removal of distortion
LISTproB Classification probability of various classes at this step
LIST L2 distance from original for the last Ngteps = 4 steps

Figure 6. RL states

4.1.2 State Vector

We constructed the state vector using the results of the im-
age sensitivity analysis. The state vector is ordered based
on the degree of drift in Pgr for patches during the addi-
tion (LIST spp) and removal (LISTreymov E) of distor-
tions. Additionally, the state vector includes the classifica-
tion probabilities of each class at each step (LISTproB)
and the L, norm, as shown in Figure@
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4.2. Action

During each step, the RL agent selects the num-
ber of patches (Napp,rsr) to which distortion will
be added from LISTapp and the number of patches
(NrEMp1sT) from which distortions will be removed from
LISTreMOVE, as illustrated in Figure[7] The RL action
space was designed to be discrete and straightforward to al-
low for easy learning of the RL policy. We made sure that
Nreymprst < Nappprst so that distortions are progres-
sively added at each step to keep the number of queries opti-
mally low. However, it is possible for the patch from which
we are removing the distortion to have previously under-
gone multiple distortions, which would only lower the net
increase of the Lo distance for the step. Also, to ensure
computational efficiency, we limited the action space with
Napppist € [1, Nimaz], where Nypq. is @ hyperparameter
set to 8 for ImageNet (224 x 224) image size with a 2 x 2
patch size, to balance effectiveness and computation.

4.2.1 Alternate to Tree Search

The inspiration for having two actions (addition and re-
moval) comes from the application of reinforcement learn-
ing in board games. In board games, the most effective
moves are determined through a computationally expen-
sive process called Deep Tree Search (DTS), which involves
searching multiple layers ahead to anticipate future moves
and outcomes. Even with approximations such as Monte
Carlo Tree Search (MCTS), DTS remains computationally
expensive. However, in this problem, we have the ability
to reset previous moves when we realize that a less optimal
move was made. In the RLAB platform, this is achieved by
removing distortions from patches where distortions were
added in the previous step and adding distortions to other
patches based on the current state of the modified image.
This approach is akin to replaying all the moves in a sin-
gle step and limiting the sensitivity analysis to the current
state of the image, without the need for a tree search. Our
method simplifies the complexity from O(N9) to O(N),
where N is the computation complexity of one level of eval-
uation corresponding to the image size, and d represents the
depth of the tree search. In other words, d signifies how
many queries and actions we consider looking ahead if we
were performing a tree search. The value of d can range
from 1 to the maximum number of steps (max_steps).

4.3. Reward

We introduce a probability dilution (PD) metric that
gauges how much the classification probability deviates
from the ground truth towards other classes. The difference
between the PD of the original image and that of the altered
image resulting from an action (APD) measures the effi-
cacy of the action, while the change in Lo-distance (ALs)
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Figure 7. Details of the Reinforcement Learning Action step (ad-
dition and removal of distortion) for RLAB

Algorithm 1: RLAB: Reinforcement Learning
Training

1 Initialization: Policy parameters

2 Input: Validation set, number of iterations
Max;ie, = 3500

3 Output: Optimized policy for Dueling DQN

4 for image in validation set do

5 Load the image;

6 Calculate reward R, and advantage At based
on current value function;

7 Calculate sensitivity of ground truth

classification probability Psr to change in
distortion for square patches;

1<+ 0;
Predgstep <+ 1 — Pars;
10 while Predgr == Predysic, and
1 < Maz;te,r do
1 Collect set of trajectories (state, action)
by running policy 73, = m(6y) in the
environment — action (Ngqd_dist»
NT'em,dist) 5
12 Calculate reward R; and TD error;
13 Update the DQN policy;
14 Compute/take action and perform
prediction Predysiep;
15 t+—1+1;
16 end
17 end

quantifies the added distortion and serves as the cost for the
action. We use the normalized PD (as given in Equation [3)
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as the reward metric (R,) for our RL agent.

Ry = APDTLOTmaZized = _APD/A[Q 3)

At each step, the probability distribution is updated in the
state vector (LIST),0p), allowing the agent to select the
optimal action while maintaining L, and the number of
steps/queries. We set the discount factor (y) to 0.95 via
hyperparameter tuning, where it determines the extent to
which the RL agent values future rewards compared to those
at the current step.

4.4. RL Algorithm

We used the Dueling DQN [16] algorithm-based Rein-
forcement Learning (RL) agent for RLAB as a localization
agent. The Dueling DQN algorithm splits the Q-values into
two parts: the value function V(s) and the advantage func-
tion A(s, a). The same neural network splits its last layer
into two parts, one of them to estimate the state value func-
tion for states (V(s)) and the other one to estimate state-
dependent action advantage (A (s, a)). It then combines
both parts into a single output, estimating the Q-values.
This change is helpful because sometimes it is unnecessary
to know the exact value of each action. So just learning
the state-value function can be enough in some cases. The
main benefit is generalizing learning across actions without
imposing specific changes to the underlying reinforcement
learning algorithm. The Dueling DQN model fits well with
the discrete action space of a limited number of possible
values of Napp prst and Nrea_prst and has the suit-
able complexity for effective prediction with a reasonably
bounded training. Algorithm 1 explains the overall training
procedure for the proposed approach.

5. Experimental Setup

We trained our RL approach on image classification
datasets ILSVRC2012 [9]]. 80 percent of the original val-
idation set was used to train the RL algorithm, and 20
percent of the original validation set was used for evalua-
tion. We experimented with three off-the-shelf pre-trained
Convolution-based Neural Network architectures: ResNet-
50, Inception-V3, and VGG-16. We set a maximum itera-
tion of 3500 or until the model misclassifies a sample.

All experiments were performed for a patch size of 2 x 2
and a gaussian noise-based distortion filter as we got the
best results for this configuration.

We evaluate the performance of our approach on Ima-
geNet dataset where 1000 samples were randomly sampled
along with their corresponding ground truth segmentation
maps. All compared methods were evaluated on the same
set of images for a fair comparison. To generate the segmen-
tation map from class activation maps, we directly binarize
them with a threshold of 40% of maximum intensity. 40%

yielded the best results when compared with the ground
truth map after extensive evaluation of multiple thresholds.
The localization map from the RL framework is extracted
by computing the difference between the perturbed image
and the original image.

The majority of the work in the literature focus on using
bounding box for object localization, specifically to eval-
uate the performance of interpretability methods. To gen-
erate more accurate localization, we use ground truth seg-
mentation maps, unlike other works. We used two metrics
to evaluate the performance of the competitors and the pro-
posed method, Intersection over Union (IOU) and Dice Co-
efficient which are the two most common methods used in
image segmentation. The IOU metric is a measure of the
overlap between the predicted bounding box and the ground
truth bounding box of an object. It is computed as the ra-
tio of the intersection of the predicted and the ground truth
bounding boxes to the union of the two boxes. In other
words, it measures how much of the predicted bounding
box overlaps with the ground truth bounding box. The val-
ues are expressed between the range of 0 and 1, where a
value of 0 indicates no overlap between the predicted and
the ground truth bounding boxes, while a value of 1 indi-
cates a perfect match between the two.

Similarly, the Dice coefficient is defined as the ratio of
the intersection of two sets to the average size of the two
sets. In the context of object localization, the two sets are
the predicted bounding box and the ground truth bounding
box. The Dice coefficient measures how well the predicted
bounding box aligns with the ground truth bounding box.

2 x|ANB|
1Al + | Bl

The Dice coefficient ranges from 0 to 1, with a value
of 1 indicating a performance match between the predicted
and ground truth bounding boxes. A value of 0 indicates no
overlap between the predicted and ground truth boxes.

The computation for the complete pipeline is GPU-
dependent and is efficiently batched, and scaled on GPUs.
Caching techniques were used for pre-computed informa-
tion such as the noise masks for improved efficiency. Apollo
servers with 8 x 1100 32 GB GPUs were used for train-
ing and validation. We processed 16(images per GPU) x
8(GPUs) = 128 images in a batch for the complete pipeline.

Dice coefficient =

“)

5.1. Results and Discussion

Results presented in Table [I] represent the dice coeffi-
cient values averaged over 1000 samples considered. We
achieve an improvement in the performance of approxi-
mately 22 percent for ResNet-50 architecture, 29 percent
improvement for VGG-16 and 22 percent improvement for
Inception-v3 architecture. It can be observed that the per-
formance of the localization is dependent on the perfor-
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Figure 8. Example output of our approach compared with our competitors
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Table 1. Localization results for various architectures. Comparing RL framework with other popular visualization/localization approaches.

Metric: Dice Coefficient

Architectures | GradCAM | GradCAM++ | EigenCAM | AblationCAM | Ours
ResNet-50 0.21 0.28 0.39 0.36 0.61
VGG-16 0.16 0.19 0.21 0.29 0.58
Inception-V3 0.24 0.18 0.4 0.37 0.59
Averaged 0.20 0.23 0.33 0.34 0.59

Table 2. Localization results for various architectures. Comparing RL framework with other popular visualization/localization approaches.

Metric: Intersection over Union (IOU)

Architectures | GradCAM | GradCAM++ | EigenCAM | AblationCAM | Ours
ResNet-50 0.26 0.24 0.43 0.51 0.64
VGG-16 0.19 0.26 0.33 0.32 0.69
Inception-V3 0.21 0.5 0.36 0.29 0.73
Averaged 0.22 0.33 0.37 0.37 0.68
mance of the architecture. This means an architecture that References

has been well-trained can localize better when compared to
a weakly trained architecture. Figure [§] shows some sam-
ple output of our proposed approach compared to the other
popular visualization approaches.

Similarly, Table [2] compares the performance of the
proposed method against popular visualization approaches
from the literature. It can be observed that our approach
outperforms other competitor approaches by a significant
margin.

6. Conclusion

Convolutional Neural Networks have revolutionized
computer vision tasks with their high accuracy in classify-
ing complex visual data. However, due to their complex
architecture and large number of parameters, they lack in-
terpretability, which is very essential. Many researchers
have developed methods for interpreting CNNs, includ-
ing visualization-based methods such as CAM, Grad-CAM,
and others. In this work, we proposed a novel RL-CAM ap-
proach that uses reinforcement learning to generate visual
explanations for CNNs without requiring any prior infor-
mation. The proposed method outperforms existing pop-
ular techniques in terms of localization accuracy, with the
contributions of this work being the novel Reinforcement
Learning agent that generates accurate localization masks
of ROI for input images and the improvement over exist-
ing visual explanation techniques from the literature. The
proposed method is expected to pave the way for further
research to enhance the interpretability of CNNs in other
domains such as medical and satellite imaging.
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