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Abstract

Vision Transformer(ViT) is one of the most widely used
models in the computer vision field with its great perfor-
mance on various tasks. In order to fully utilize the ViT-
based architecture in various applications, proper visualiza-
tion methods with a decent localization performance are nec-
essary, but these methods employed in CNN-based models
are still not available in ViT due to its unique structure. In this
work, we propose an attention-guided visualization method
applied to ViT that provides a high-level semantic explana-
tion for its decision. Our method selectively aggregates the
gradients directly propagated from the classification output
to each self-attention, collecting the contribution of image
features extracted from each location of the input image.
These gradients are additionally guided by the normalized
self-attention scores, which are the pairwise patch correla-
tion scores. They are used to supplement the gradients on
the patch-level context information efficiently detected by the
self-attention mechanism. This approach of our method pro-
vides elaborate high-level semantic explanations with great
localization performance only with the class labels. As a re-
sult, our method outperforms the previous leading explain-
ability methods of ViT in the weakly-supervised localization
task and presents great capability in capturing the full in-
stances of the target class object. Meanwhile, our method pro-
vides a visualization that faithfully explains the model, which
is demonstrated in the perturbation comparison test.

Introduction
Transformer-based models (Vaswani et al. 2017; Devlin
et al. 2018; Liu et al. 2019; Radford et al. 2018) is a widely
used architecture in various NLP tasks due to its superior
performance. Vision Transformer (ViT) (Dosovitskiy et al.
2020) is a modified Transformer that adopts the architecture
of BERT (Devlin et al. 2018), but is applicable to images by
replacing its basic unit of operation with image patches. As
a Transformer-based model, ViT applies the self-attention
mechanism as its primary operation, sharing the advantages
of the Transformer over other models: it significantly re-
duces the required computational load and supports better
parallelization. Furthermore, recent studies propose that ViT
is better at shape recognition (Tuli et al. 2021) and shows
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high robustness against occlusions and perturbations in the
input (Naseer et al. 2021). Exploiting these benefits, ViT and
its derived models have achieved remarkable performance in
numerous vision tasks such as classification (Chen, Fan, and
Panda 2021; Li et al. 2021; Touvron et al. 2021), object de-
tection (Liu et al. 2021; Wang et al. 2021), and semantic seg-
mentation (Ranftl, Bochkovskiy, and Koltun 2021; Zheng
et al. 2021). Demonstrating its high versatility and decent
performance, especially in large-scale image data, it is now
considered as a practical alternative to Convolutional Neu-
ral Network (CNN) (He et al. 2016; LeCun et al. 1989; Si-
monyan and Zisserman 2014; Szegedy et al. 2015) which
has dominated the computer vision field for the past decade.

Despite the notable success of ViT in computer vision, it
still lacks explainability. The proper methods to provide a
visual explanation of the model are vital to ensure the relia-
bility of the given model. For CNN, for example, numerous
methods have been developed to provide a faithful explana-
tion of the model by gradient analysis (Draelos and Carin
2020; Selvaraju et al. 2017; Zhou et al. 2016). In addition,
many of the gradient-based methods have been actively uti-
lized in weakly-supervised localization (Chattopadhay et al.
2018; Qin, Kim, and Gedeon 2021; Yang et al. 2020). In con-
trast, the unique structure of ViT, such as the use of [class]
token and the self-attention mechanism, makes it compli-
cated to provide the proper explanation of the model. There-
fore, compared to CNN, there have been fewer explainabil-
ity methods developed, including Attention rollout (Abnar
and Zuidema 2020) and Layer-wise Relevance Propagation
(LRP)-based method (Chefer, Gur, and Wolf 2021).

Attention Rollout is a method developed for ViT and aims
to provide a concise aggregation of the overall attention by
using the resulting matrix of self-attention operation. Al-
though it considers the core component of ViT architec-
ture, it assumes a linear combination of attention and over-
looks the influence of the MLP head, resulting in a rough
and non-class-specific explanation of the classification deci-
sion. On the other hand, the LRP-based method applied to
ViT provides a class-specific analysis and takes the whole
model into consideration. It focuses on decomposing the
model back into the level of image patches and calculates
the relevancy score of each patch based on the conservation
property. Since both methods take the self-attention opera-
tion into account, they are prone to the peak intensity re-
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sulting from the repeated softmax operation in the sequen-
tial self-attention module. The softmax operation tends to
amplify the local large values in the process of converting
the self-attention scores into probabilities. Consequently, it
generates a peak intensity that highlights the specific point
of a homogeneous background of the input image due to
high self-attention scores from similar pixel intensities. As
demonstrated in Figure 1, Attention Rollout and LRP-based
method are severely influenced by the peak intensity, re-
sulting in poor localization performance. In contrast, our
method renormalizes the self-attention scores with sigmoid,
which does not affect the original prediction process, and
therefore is much less disturbed by the peak intensity.

In this work, we propose an attention-guided gradient
analysis that aims to improve localization performance by
combining the essential target gradients with the feedfor-
ward feature of the self-attention module. Specifically, to
provide the class activation map (CAM) of high-semantic
explanation, we aggregate the gradients that are directly con-
nected to the MLP head and backpropagated along skip con-
nections. Also, we conclude that the self-attention score rep-
resents the patch correlation scores with a continuous pattern
and preserves spatial position information. Therefore, we
use the self-attention score, which is newly normalized with
the sigmoid operation to alleviate peak intensities, as feature
maps that guide the gradients on the pattern information of
the image. In short, the proposed method provides the CAM
that represents the image features of the input combined with
their contributions to the prediction of the model. This ap-
proach achieves greater weakly-supervised localization per-
formance with the state-of-the-art result in most evaluation
benchmarks. The contributions of this work are as follows:

• We propose a gradient-based method applicable to Vision
Transformer that fully considers the major structures of
the model and provides a reliable high-semantic explana-
tion of the model.

• The proposed method aggregates the selective gradients
guided by the self-attention to construct a class activation
map (CAM) of great localization performance.

• Our method outperforms the previous leading methods
applied to ViT in the experiments on weakly-supervised
localization. We also demonstrate the improved reliabil-
ity of our method by pixel perturbation experiment.

Related Works
Explainability of a deep neural network matters because the
black box nature of it makes it difficult to ensure that the
model is working in a proper way. Hence, there have been
various methods that aim to explain the model’s inner work-
ings, but each method adopts a different idea of what it in-
tends to explain and how it generates the explanations. For
example, in Attention Rollout (Abnar and Zuidema 2020)
which is designed to explain the Transformer, the expla-
nation means the amount of information propagated from
the first to the last self-attention module. Although it can be
easily applied to any Transformer-based model, it does not
take the MLP heads into account and cannot specify how

Raw
Attention

Attention
Rollout LRP-based Ours

Figure 1: The illustration of peak intensity propagation from
the self-attention scores to final visualization heatmaps of
PASCAL VOC 2012. Raw attention is a simple sum aggre-
gation of the self-attention scores of all layers.

much each captured correlation contributes to the classifica-
tion output of a particular class. Therefore, Attention Rollout
produces a non-class-specific explanation and shows lower
performance in localization tasks for some regions that are
unrelated to the classification output are also highlighted.

LRP-based methods are contrived to calculate the rele-
vancy score of the input pixel to the classification output. In
other words, the explanation provided by LRP is the con-
tribution of each pixel of the input image throughout the
model from the input to the output. It first decomposes a
model pixel-wisely typically using Deep Taylor Decompo-
sition (DTD) framework (Montavon et al. 2017), then it cal-
culates the relevancy of each of the pixels by propagating
the decomposed relevancies backward from the output to
the input layer. LRP-based methods have been extended to
various models. Bach et al., (Bach et al. 2015) proposed
an LRP method that can consider the nonlinearity of the
model, and Binder et al., (Binder et al. 2016a) applied LRP
to some deep neural networks including GoogLeNet and
VGG. They, then, extend LRP to the renormalization layer
(Binder et al. 2016b). Finally, Chefer et al., (Chefer, Gur,
and Wolf 2021) introduced the LRP-based method applied
to ViT by proposing the method to apply LRP to the GELU
(Hendrycks and Gimpel 2016) layer, skip connections, and
matrix multiplication, which are the major operations of
ViT and calculates the relevancy score of each image patch.
These methods capture the contribution of each independent
and discrete unit of the model and provide a precise expla-
nation. However, they often result in scattered contributions
which only highlight a partial area of the target class object
because of approximation error in relevancy calculation and
incomplete attention scores as shown in Figure 1.

On the other hand, the gradient-based methods provide
a high-semantic explanation of the model, meaning that
they explain the contribution of the image features elicited
through multiple layers, rather than the contribution of the
independent pixels. The earliest gradient-based method is
Class Activation Map (CAM) (Zhou et al. 2016), which gen-
erates a saliency map as a result of the weighted sum of the
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Figure 2: The demonstration of the ViT architecture and the major components in our method. The yellow shaded lines represent
the essential gradients being considered along the skip connections propagated from the classification output of the given class c,
yc. The purple-colored boxes point to the self-attention score matrices which are the result of matrix multiplication of the query
and the key matrices. The feature maps are these self-attention score matrices normalized with sigmoid, which are represented
as the green boxes in each block. These feature maps are aggregated with the gradients to provide the final class activation map.

feature map channels of the last convolutional layer. Here,
the weights for each feature map channel are calculated by
a single time backward from the classification output of the
target class. Grad-CAM (Selvaraju et al. 2017) proposes a
generalized CAM, whose usage is not restricted to a model
with Global Average Pooling (GAP). Grad-CAM averages
the gradients of each channel to construct a class activa-
tion map of a general CNN model with fully connected lay-
ers. HiResCAM (Draelos and Carin 2020) provides a more
faithful explanation by replacing the channel-wise weights
of the Grad-CAM with the pixel-wise multiplication of the
gradients and the feature maps. Gradient-based methods are
also highly utilized in weakly-supervised object localiza-
tion with great performance. Grad-CAM++ (Chattopadhay
et al. 2018) proposed a generalized version of Grad-CAM
with improved localization performance, adding channel-
wise weights to the Grad-CAM. Combinational CAM (Yang
et al. 2020) and infoCAM (Qin, Kim, and Gedeon 2021) in-
tegrate the CAM of non-label classes to localize the target
object more precisely. In these gradient-based methods, the
feature maps reflect the interaction among the pixels from
multiple layers of the model and the gradients are the con-
tributions of these high-level image features. This approach
of the gradient-based methods that combines the feature
maps and their gradients intrinsically results in a continuous
heatmap where contributions cluster together on the target
object and also gives an excellent capability in object local-
ization.

Methodology
Our method applies the gradient-based visualization tech-
nique to ViT (Dosovitskiy et al. 2020) to generate the class
activation map (CAM) (Zhou et al. 2016; Selvaraju et al.
2017) of the target class. The major components of our
method are demonstrated in Figure 2. To generate a high-
semantic explanation of the model, we focus on the gra-
dients from the classification output to each encoder block
along the backward path through the skip connection. In ad-
dition, these essential gradients are guided by feature maps
obtained from the newly normalized self-attention score ma-
trices by sigmoid. The reasons why the gradients and the
feature map are obtained from the self-attention blocks are
as follows. Firstly, the attention score matrice at each block
contains the high-level image features elicited through the
self-attention mechanism. Given that these image features
represent pairwise patch correlations, these matrices are ap-
propriate to be used as a feature map. Secondly, regardless of
the aggregation option chosen in the MLP head (e.g. [class]
token or average pooling), these matrices preserve the patch
position information of the input image. Here in this paper,
we explain our method based on the original ViT model with
a [class] token.

According to the ViT architecture, the input with a size
of [(n × p) × (n × p) × 3] is flattened and converted into a
patch embedding with a size of [N × P ] before fed into the
transformer encoder. Here, the number of patches N equals
n2 + 1 with n2 image patches and 1 additional for [class]
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Figure 3: The demonstration of the results of softmax and
sigmoid operation applied on self-attention. The images
(left) are the sum aggregation of self-attention of all layers
and heads with each operation and the peaks are indicated
with red boxes. The graphs (right) are the distributions of the
flattened self-attention scores in the left images. The peaks
are indicated with red lines.

token, and the patch embedding size P can vary but is gen-
erally defined as [p2×3]. The order of the patches embedded
in this process is maintained and therefore the positional in-
formation of the n2 image patches is traceable throughout
the feedforward encoder block.

ViT architecture can be largely divided into the MLP head
and the encoder blocks which consist of the self-attention,
MLP, and skip connections. The patch embedding shape of
[N×P ] is maintained at every skip connection layer and we
denote this matrix after the first skip connection in the kth

encoder block as Ek
r1 and the one after the second skip con-

nection in the kth encoder block as Ek
r2, respectively. During

the multi-head self-attention operation in the kth encoder,
the matrix multiplication of the query and the key matrices
results in the self-attention score matrices with the size of
[H×N×N ] where H is the number of heads, and we denote
the self-attention matrix of hth head as Ak

h(1 ≤ h ≤ H). At
the end of the encoder, the MLP head produces the classifi-
cation outputs and we denote the classification output of the
target class c as yc. These matrices in the ViT feedforward
network and their notations are demonstrated in Figure 2.

As the feature map for gradient calculation, the self-
attention matrices Ak

h are used. Each element of the matri-
ces represents the pairwise patch correlation scores detected
at each layer and head and can guide the combined gradi-
ents on meaningful pattern information. Basically, in ViT,
the self-attention scores are converted into the probability
by the softmax operation. However, softmax tends to maxi-
mize the local large values and generates some peak inten-
sity that suppresses other important values as shown in Fig-
ure 3. Therefore, instead of softmax, we normalize the self-
attention matrices with sigmoid, which is a monotonically
increasing function as well as softmax. When we denote the
softmax function as S(·) and sigmoid function as G(·), the

two function satisfies the following relation:

∀x, y ∈ R, S(x) < S(y) =⇒ G(x) < G(y) (1)

At the same time, the sigmoid effectively recovers the
medium correlations that are lost in softmax. The effect of
replacing softmax with sigmoid is represented in Figure 3.
To prevent misunderstanding, we clarify that normalization
with sigmoid does not affect any backpropagation process of
the original ViT structure, and sigmoid of Ak

h is calculated
after the model finishes learning.

Note that in ViT with [class] token, only the first rows of
Ek

r1, Ek
r2 and Ak

h (i.e., Ek
r1,1, Ek

r2,1 and Ak
h,1, respectively)

are considered. The MLP head is only connected with the
[class] token at the end of the last encoder block, EK

r2,1,
which does not contain the positional information of the im-
age patches itself. However, the positional information con-
nected to this token can be traced back to the first rows of the
self-attention matrices Ak

h,1s since all operations from Ak
h,is

along the skip connections are applied row-wisely where i
stands for ith row component. Also due to the skip connec-
tion, the MLP head is directly connected not only to AK

h,1 in
the last encoder block but also to all Ak

h,1s in the previous
blocks, as shown in Figure 2. Therefore, the feature map F k

h

in our method consists of the first-row components of Ak
h,is

normalized with sigmoid operation and is defined as:

F k
h = G(Ak

h,1) (2)

The feature maps F k
h s are generated in the green boxes in

Figure 2.
To produce a complete CAM, the gradients, which rep-

resent the influence of Ak
h,1s of each block, should be com-

bined with the feature maps. In the kth encoder block except
for the last encoder block (i.e., , k < K), the gradient di-
rectly connected from the MLP head towards Ek

r1,1 is prop-
agated along the first skip connection in the (k + 1)th block
towards Ek

r2,1. By doing so, the gradient from the MLP head
can be propagated to Ek−1

h,1 as well as to Ek
h,1. The skip con-

nection consists of a residual operation, a simple addition of
two matrices, with no effect on the gradient passing through
it. Therefore, for the first skip connection in the (k + 1)th

encoder block connected to Ek
r2,1, we get the mathematical

relation as follows:
∂Ek+1

r1,1

∂Ek
r2,1

= I (3)

Then let us denote the gradient propagated from the output
yc to the matrix Ek

r1,1 in the kth encoder block along the
skip connection path as βk,c. The gradient βk,c is defined
as:

βk,c =


∂yc

∂Ek
r1,1

, k = K

βk+1,c · ∂Ek+1
r1,1

∂Ek
r2,1

· ∂Ek
r2,1

∂Ek
r1,1

, k < K
(4)

From Eqs. 3 and 4, we can get:

βk,c =


∂yc

∂Ek
r1,1

, k = K

βk+1,c · ∂Ek
r2,1

∂Ek
r1,1

, k < K
(5)
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Figure 4: The illustration of how the one-dimensional matrix
Lc
1 is reshaped into a two-dimensional class activation map.

Since the self-attention matrices pass through a softmax
layer in each block, the gradients αk,c

h that are propagated to
each feature map F k

h are defined as:

αk,c
h = βk,c ·

∂Ek
r1,1

∂F k
h

= βk,c ·
∂Ek

r1,1

∂S(Ak
h,1)

·
∂S(Ak

h,1)

∂G(Ak
h,1)

(6)

However, the gradients still cause the peak-amplification ef-
fect since they contain the weights propagated from softmax.
In other words, the peak amplification effect occurs due to

large elements in
∂S(Ak

h,1)

∂G(Ak
h,1)

. However, if the general attention

scores are assumed to have a smooth varying property (i.e.,
∂S(Ak

h,1)

∂G(Ak
h,1)

≈ 1), the gradients propagated to each S(Ak
h,1) ap-

proximate the gradients propagated to each G(Ak
h,1), which

can be formulated as:

αk,c
h = βk,c ·

∂Ek
r1,1

∂S(Ak
h,1)

· I (7)

and it is proved in the supplementary material. Due to Equa-
tion 7, our method still faithfully explains the model. The
final gradients αk,c

h are demonstrated in the yellow-shaded
line in Figure 2.

Finally, the class activation map Lc of the given class c
can be formulated as:

Lc =
K∑

k=1

H∑
h=1

F k
h ⊙ReLU(αk,c

h ) (8)

where ⊙ refers to the Hadamard product. Here, we apply
the ReLU operation on the computed gradient αk,c

h to reflect
only the positive contribution to the classification output.
Also, the contributions obtained at each location of the patch
from all layers and heads are summed to combine them in
the same way as the feedforward network fuses the embed-
ded patches at each skip connection. The result of this pro-
cess, Lc, is a [1×N ] matrix where each value represents the
contribution of each patch to the classification output of the
given class c. However, the first element of this matrix rep-
resents the contribution of the [class] token which does not
contain any spatial information. Since we are only interested
in the contribution of each image patch, we discard the first
element and construct the class activation map (CAM) with
the last n2 elements. To visualize the final CAM, the n2 el-
ements are reshaped to a two-dimensional image, which has
the size of [n × n] as demonstrated in Figure. 4. Then it is
interpolated to have the same size as the input image and
eventually generates the final CAM of the model.

Experiments
In this section, we present the results of the performance
comparison of our method with previous leading methods.
The compared methods here are the current explainability
methods devised for ViT that consist of Attention Rollout
(Abnar and Zuidema 2020) and LRP-based method for ViT
(Chefer, Gur, and Wolf 2021).

Experimental Setup
Datasets and Evaluation Metrics. For the evaluation, we
used the validation set of ImageNet ILSVRC 2012 (Rus-
sakovsky et al. 2015) and Pascal VOC 2012 (Everingham
et al. 2012) and the test set of Caltech-UCSD Birds-200-
2011 (CUB 200) (Wah et al. 2011), which provide the
bounding-box annotation label. In quantitative evaluation,
the images with more than one class label in PASCAL VOC
2012 are excluded and only single-class images are used.
During the weakly-supervised localization evaluation, the
input images for which the model produces a wrong pre-
diction are excluded since the heatmaps are not reliable in
this case.

For the weakly-supervised localization test, the perfor-
mance is measured by pixel accuracy, Intersection over
Union (IoU), Dice coefficient (F1), precision, and recall
scores. The pixel perturbation test is measured by the ABPC
score (Samek et al. 2016) with pixel-level perturbation. The
ABPC score is the area between the LeRF and MoRF per-
turbation curves where the LeRF curve removes the least
relevant pixels first and the MoRF curve removes the most
relevant pixels first. A larger ABPC value indicates a better
quality of the heatmap.
Implementation Details. All methods are evaluated with
the same ViT-base (Dosovitskiy et al. 2020) model that takes
the input image with a size of [224× 224× 3]. All methods
share the same model parameters and the fine-tuning details
of the model parameters are provided in the supplementary
material. In this ViT, the input images are converted into
[14×14] number of patches and therefore each method gen-
erates a heatmap with a size of [14×14×1] where one pixel
corresponds to the contribution of one image patch of the
input image. Before evaluation, the heatmaps are all resized
into [224 × 224 × 1] and adjusted to a min-max normal-
ization. For the weakly-supervised object detection, we get
a binary mask from the generated heatmap by applying a
threshold (σ = 0.5) and then generate bounding boxes from
the group of pixels that have a continuous contour. The per-
turbation test is applied to the ground-truth class to compare
the heatmap quality on the existing object.

Results
Here we demonstrate the visualization of the heatmaps gen-
erated by all three methods. Then, we present the quanti-
tative evaluation of each method measured by the weakly-
supervised object detection metrics and pixel-perturbation.
Visualization. The visualization results of each method on
three datasets are presented in Figure 5. The first images of
each dataset demonstrate that our method greatly improves
object localization performance by successfully shading the
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Figure 5: The heatmaps on ImageNet ILSVRC 2012, Pascal VOC 2012, and CUB 200 dataset generated by each of the methods.
The first images in each dataset demonstrate the peak intensities generated on a homogeneous non-object background in Atten-
tion Rollout and LRP-based method and the reduced peak intensities in our method. The second and third images in ILSVRC
2012 and PASCAL VOC show the localization performance of each method on single-instance and multiple-instance images,
respectively. CUB200 consists of single-instance images only and its second and third images include one object instance per
image.

Attention
Rollout LRP-based Ours

Cat

Person

Car

Dog

Figure 6: Visualization of the heatmaps generated for differ-
ent target objects. The input images are from PASCAL VOC
2012 and have two class labels per image.

peak intensities. As can be seen, the visualization results of
the Attention Rollout and LRP-based method on the im-
ages are dominated by the peak intensities and therefore
fail to localize the target objects which are indicated by the
bounding boxes. Also, this result shows that our method
captures the object region more precisely compared to At-
tention Rollout (Abnar and Zuidema 2020). Since Attention
Rollout produces a non-class-specific explanation, it often
highlights some unrelated background regions whereas our
method successfully separates the foreground object from
the background. Also, our method shows a strong point in
encompassing the full object area compared to the LRP-
based method (Chefer, Gur, and Wolf 2021). The LRP-based
method tends to highlight a small conspicuous part of the
object. Furthermore, it often misses some instances of the
object in an image with multiple instances of the class ob-
ject. In contrast, our method successfully localizes the whole
object and also captures all the instances of the class object
even when the instances are placed far from each other.

In addition, ours can also provide class-specific explana-
tions for different classes presented within an image. Figure
6 demonstrates the results of the explanation with different
target classes generated by each method. Attention Rollout
does not provide a class-specific explanation and therefore
produces the same results regardless of the target class la-
bel. In contrast, LRP and ours are both capable of provid-
ing a class-specific explanation of the given model. Here,
our method still maintains better localization performance
by fully capturing the object of each target class. The visu-
alization results on more image samples are presented in the
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Attention Rollout LRP-based Ours
pixel accuracy 0.6209 0.5863 0.7341
IoU 0.3597 0.2029 0.5212
dice (F1) 0.4893 0.3055 0.6515
precision 0.7326 0.9110 0.8299
recall 0.4657 0.2176 0.6276

Table 1: Localization performance comparison on ImageNet
ILSVRC 2012.

Attention Rollout LRP-based Ours
pixel accuracy 0.5592 0.5750 0.7521
IoU 0.1645 0.1574 0.5335
dice (F1) 0.2431 0.2348 0.6646
precision 0.5802 0.7651 0.8167
recall 0.2115 0.1716 0.6647

Table 2: Localization performance comparison on Pascal
VOC 2012.

Attention Rollout LRP-based Ours
pixel accuracy 0.7273 0.7039 0.8351
IoU 0.3097 0.1997 0.5836
dice (F1) 0.4339 0.3106 0.7220
precision 0.8357 0.9669 0.8987
recall 0.3420 0.1992 0.6438

Table 3: Localization performance comparison on CUB 200.

Attention Rollout LRP-based Ours
LeRF 0.4739 0.5140 0.5298
MoRF 0.2053 0.1736 0.1607
ABPC 0.2685 0.3404 0.3691

Table 4: The result of pixel perturbation test on ILSVRC
2012. LeRF represents the area under the LeRF curve and
MoRF represents the area under the MoRF curve. The
ABPC score is the area between the LeRF and MoRF curves.
For LeRF and ABPC higher is better and for MoRF lower is
better.

supplementary material.
Weakly-Supervised Object Detection. The result of
the weakly-supervised object detection on the ImageNet
ILSVRC 2012 validation set is presented in Table 1. This
result shows that ours achieves 73.41% in pixel accuracy,
52.12% in IoU score, and 65.15% in dice coefficient, which
is the highest among the three methods. Although there was
a drop in precision compared to LRP-based (82.99% vs
91.10%), ours achieves a much better recall score (62.76%
vs 21.76%) which is generally a trade-off with precision.

The localization performance on the Pascal VOC 2012
validation is presented in Table 2. Our method achieves
75.21% in pixel accuracy, 53.35% in IoU, and 66.46% in
dice coefficient, presenting outstanding localization perfor-
mance. In this case, our method also achieves the highest
precision score of 81.67%.

Table 3 shows the localization performance evaluated on
the test set of CUB 200. The CUB 200 dataset consists

of images with a single bird per image which are eas-
ily distinguishable from the background. Therefore, patch-
correlation information of the self-attention scores serves
a significant role in this dataset. Our method effectively
utilizes the self-attention scores, resulting in a more accu-
rate and precise explanation compared to others, achieving
83.51% in pixel accuracy, 58.36% in IoU, and 72.20% in
dice coefficient. This is about 10.78%, 27.39%, and 28.81%
higher scores respectively than those of Attention Rollout.

In conclusion, our method provides a high-semantic ex-
planation of ViT that consistently shows an outstanding per-
formance in the weakly-supervised object detection task
compared to the Attention rollout and LRP-based method.
Our method shows significant improvements in terms of
pixel accuracy, IoU, recall, and dice coefficient, while it still
maintains an acceptable level of precision.
Pixel Perturbation. The result of the pixel perturbation test
is presented in Table 4. LeRF and MoRF represent the areas
under the prediction probability score curve when remov-
ing the least relevant pixels first and the most relevant pix-
els first, respectively. The ABPC is the area between these
two curves, which is obtained by subtracting the AUC of
the MoRF curve from that of the LeRF curve. Our method
achieves a better LeRF score and MoRF score and therefore
a higher ABPC score compared to the LRP-based method
(36.91 % vs 34.04 %). This guarantees the better faithfulness
and reliability of the explanations that our method provides.
Additional evaluation results of the object localization task
and the pixel perturbation test are presented in the supple-
mentary materials.

Conclusion
In this work, we propose an attention-guided gradient analy-
sis method that aims at achieving greater weakly-supervised
localization performance. To this end, our method provides a
high-level semantic explanation by selectively collecting the
essential gradients propagated from the classification out-
put of the target class to each self-attention matrix along the
skip connection path. To supplement the gradient informa-
tion with the patch correlation information that indicates the
group of patches with contiguous patterns, the self-attention
scores are combined with the gradients as feature maps. Be-
fore these two major components are aggregated, the self-
attention scores are adapted in a way that decreases the effect
of peak intensities to improve the localization performance
of the CAM. As a result, our method outperforms the current
state-of-the-art visualization techniques of ViT by localizing
the full areas of the target object, and it especially achieves
a great performance improvement in capturing the multiple
instances of the given class object. This provides a reliable
explanation of the model and weakly-supervised object de-
tection method at the same time and allows ViT to be more
adaptable to many tasks involving object localization in the
computer vision field.
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