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Abstract
Due to their outstanding performance, Vision Transformers (ViTs) are becoming one of the most widely used 
architectures for computer vision tasks. However, the interpretation of the output returned by a ViT is still a 
challenging problem, and yet its solution is crucial for users to gain confidence in these new architectures. 
In this setting, some methods to address this issue rely only on attention scores; they cannot offer any causal 
guarantee because the highlighted patches do not necessarily drive the prediction. Other methods use mask-
based perturbations; they are computationally expensive because they must repeatedly test many mask com-
binations of the image and rerun the model to measure confidence changes. To address these limitations, we 
present SImilarity-based GRAphs for Vision Transformer Explainability (SIGRATE), a hybrid framework that 
combines attention cues with graph-based mask generation to leverage the strengths of both approaches and 
overcome their weaknesses. For each attention layer of a ViT, SIGRATE extracts the embeddings of the image 
patches and constructs the corresponding similarity graph; then, it generates a set of binary masks starting 
from specific patches and performing walks in the similarity graph. Finally, it merges the masks of all atten-
tion layers into a heatmap using the coverage bias formula. We have tested SIGRATE on two ViT models (i.e., 
ViT-Base and DeiT-Base) and on two datasets, i.e., a subset of the ImageNet validation set and BloodMNIST. 
Our experiments show that SIGRATE provides promising performance in terms of Insertion, Deletion, and 
Pointing Game. Finally, we have performed a qualitative analysis demonstrating SIGRATE’s capabilities, as 
well as a hyperparameter analysis and an ablation study showing the impact of design choices on SIGRATE’s 
performance and efficiency.

Keywords  Visual explainability · Vision transformer · Patch embedding · Similarity graph · Computer 
vision

1  Introduction

Vision Transformers (ViTs) [1] have quickly become a reference architecture for computer vision tasks, flanking 
and sometimes replacing traditional Convolutional Neural Networks (CNNs) [2].

The self-attention mechanism on which they are based allows them to model long-range dependencies between 
regions of an image. This makes them achieve high performance in image classification, object detection, 
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segmentation, and, more generally, in any task where global context must be taken into account [3–6]. Unlike 
CNNs, which use local convolutional filters for feature extraction, ViTs consider the entire image as a sequence of 
patches. However, this way of proceeding increases the complexity of the process and leads to major challenges 
in interpreting how ViTs make their inferences. This is critical for applications where transparency and trust must 
be achieved.

The need to make deep learning predictions explainable is ever-growing since they impact an increasing num-
ber of critical sectors, such as healthcare, autonomous driving, and security systems [7–9]. Model explainability 
can also help create trust in safe and effective deployment. For this reason, many different methods have been 
developed within classical deep learning architectures to provide at least some insight into the decision-making 
process [10, 11]. However, the peculiar architecture of ViTs, based on self-attention mechanisms, makes their 
interpretation even more difficult [12–14]. In fact, in contrast to earlier models, which attend mostly to specific 
regions of the input, the attention of ViTs lies across the entire image, making it difficult to identify the critical 
factors that led to their decisions. It is precisely this complexity that has led to the need for new explainability 
techniques capable of taking the peculiarities of ViTs into account. Some of them adapt to the ViT context the 
explainability techniques designed for Transformer models operating in the context of Natural Language Process-
ing. Other techniques extend explainability approaches designed for other deep learning models, such as CNNs, to 
ViTs. Finally, other techniques are specifically designed for ViTs and are not derived from the adaptation of previ-
ous approaches. In any case, all explainability techniques working on ViTs can be grouped into three strands [15]. 
The first strand includes attribute-based techniques that focus on identifying the most influential input elements 
responsible for specific inferences [16]. The second strand comprises techniques that use the Transformer’s self-
attention mechanism to interpret how attention patterns affect model predictions [17]. The third strand includes 
techniques that work by masking parts of the input and evaluating the output of the resulting model, which helps 
to assess the importance of different input regions and their contribution to the decision-making process [18].

However, the latter two strands have some limitations. Attention-based explanations provide no causal guar-
antee that the highlighted patches actually drive the prediction, and highly attended regions can sometimes be 
removed without changing the output [19, 20]. Instead, mask-based explanations are computationally expensive 
because the construction of a mask requires a certain number of forward passes, which can result in thousands 
of forward passes for each image.

To address these limitations and overcome the corresponding weaknesses, we introduce SImilarity-based 
GRAphs for Vision Transformer Explainability (SIGRATE), a hybrid explainability framework combining atten-
tion information and graph-based mask generation. In SIGRATE, each ViT layer is modeled as a patch-similarity 
graph whose edge weights represent cosine similarity of patch embeddings. SIGRATE selects the most and least 
relevant patches according to the attention score provided by the classification token (CLS). Then, it uses these 
patches to initialize a greedy walk that adds the most similar neighbors iteratively while reducing the weight of 
the edges that have already been visited. The walk identifies semantically similar regions and generates masks 
highlighting different aspects of the image, such as foreground, context, and background. Afterward, SIGRATE 
weights these masks to explain the model’s prediction. Finally, it merges the masks from all attention layers to 
create an overall heatmap that visually represents the areas most critical to the model’s prediction. This fusion 
combines the global context captured by attention with the causal insights of the perturbation, resulting in better 
explanation heatmaps.

Beyond the technical components described above, the key innovation of SIGRATE lies in the explainability 
mechanism that it introduces. Unlike existing attention- or perturbation-based approaches, SIGRATE neither 
directly uses attention weights nor relies on random mask sampling. Rather, it generates explanation heatmaps 
through similarity-graph traversal, where greedy walks extract coherent regions of patches identified through 
embedding similarity. To the best of our knowledge, this graph-based mask generation mechanism has not been 
explored in prior ViT explainability methods, making it an original contribution of SIGRATE. Furthermore, 
SIGRATE integrates CLS-driven relevance with graph-derived masks, combining global importance cues with 
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the similarity structure encoded in patch embeddings. This design defines a new explainability framework that 
generates coherent and semantically meaningful heatmaps.

According to what is typically done in the literature [21, 22], we evaluated SIGRATE’s performance on two 
widely used ViT backbones (i.e., ViT-Base and DeiT-Base) using a subset of images from the ImageNet vali-
dation set. Moreover, we evaluated SIGRATE’s performance using the BloodMNIST dataset [23] as well, to 
analyze its generalizability across different domains. We also employed three standard explainability metrics, 
i.e., Insertion, Deletion and Pointing Game. We found that, in most cases, SIGRATE consistently outperformed 
existing approaches while requiring fewer computational resources. Furthermore, we performed a qualitative 
analysis to highlight SIGRATE’s capabilities. Finally, we conducted a failure case analysis as well as an exten-
sive hyperparameter and ablation studies to quantify the influence of each design choice on the effectiveness and 
efficiency of our framework.

In summary, the main contributions of this paper are as follows:

	● We combine: (i) modeling ViT token embeddings as a patch-level similarity graph, and (ii) adapting a greedy 
walk algorithm, to cluster highly similar patches.

	● We fuse CLS-token attention insights with mask-based perturbations to generate saliency masks that capture 
both global importance and local patch relationships, which generates more coherent explanation heatmaps.

	● We conduct extensive experiments on two ViT models using a subset of ImageNet and the BloodMNIST data-
set to evaluate the performance of SIGRATE in terms of Insertion, Deletion, and Pointing Game. Furthermore, 
we provide a comprehensive hyperparameter analysis and ablation study to quantify the contribution of each 
component.

The rest of this paper is organized as follows: Section 2 reviews the existing literature on explainability methods 
for ViTs. Section 3 provides the technical description of SIGRATE. Section 4 presents the results of our experi-
mental campaign, compares SIGRATE with other existing approaches in the literature on two different datasets, 
and illustrates a hyperparameter analysis and an ablation study. Section 5 provides a discussion of the results 
obtained. Finally, Sect. 6 draws our conclusions about our work and discusses some possible future developments.

2  Related works

As mentioned in the Introduction, the literature on visual explainability of ViTs falls into three main categories: 
(i) attribution-based, (ii) attention-based, and (iii) mask-based. These categories offer distinct perspectives on 
model interpretability. Attribution- and attention-based approaches are among the most widely adopted, while 
mask-based approaches are gaining relevance due to their ability to provide causal insights into model behavior 
[15].

The goal of attribution-based approaches is to identify the influential parts of the input data that lead to a 
specific classification [24–26]. These methods were initially proposed for CNNs. For instance, Grad-CAM [25] 
generates a coarse localization map by weighting the feature maps of the last convolutional layer with the cor-
responding gradients. This process identifies regions that positively impact the target class. Integrated Gradients 
(IntegratedGrad) [27] uses a rigorous approach to overcome the gradient saturation problem. It calculates the path 
integral of gradients along a linear interpolation from a non-informative base input to the actual input. This ensures 
that the attribution satisfies fundamental axioms for attribution methods, such as sensitivity and implementation 
invariance. Similarly, SmoothGrad [26] addresses the problem of visual noise in sensitivity maps by assuming 
that the signal of interest is stable while noise fluctuates. Therefore, it repeatedly adds Gaussian noise to the 
input image and averages the resulting gradients to produce a clearer explanation. Attribution-based approaches 
were initially proposed for CNNs only and were subsequently adapted to ViTs. An example is described in [16], 
where the authors propose an attention masking strategy to generate Shapley scores [28] for ViT explanations. 
In [29], the authors use Layer-wise Relevance Propagation (LRP) [30] to identify the most important attention 
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heads within Transformer layers. In [17], the authors extend LRP-based relevance computation by applying it to 
each attention head across all layers and by including a relevance propagation rule that considers both positive 
and negative attributions. In this way, they obtain class-specific visualizations. In [31, 32], the authors integrate 
intermediate representations of the ViT gradients to generate explanation heatmaps. This integration facilitates 
the extraction of insights from each attention map of the ViT. In [33], the authors introduce Explaining using 
Verified perturbation Analysis (EVA), an attribution method that ensures that all possible perturbations have been 
exhaustively searched. To this end, the approach propagates perturbation bounds through a neural network to test 
a set of perturbations in a single forward pass. In [34], the authors propose Iterated Integrated Attribution (IIA), 
which is similar to IntegratedGrad but more general than it. IIA iteratively integrates the input image, the learned 
representations returned by the model, and the corresponding gradients to generate an explanation heatmap. 
Recently, other CAM-inspired methods have been developed. KPCA-CAM [35] replaces standard PCA with 
Kernel PCA to generate class activation maps that capture nonlinear relationships in layer activations. On the 
other hand, Finer-CAM [36] extends Grad-CAM by calculating the gradients not only of the logit of the target 
class, but also of the difference between the logit of the target class and the logits of visually similar classes. In 
this way, it highlights truly discriminative regions by excluding shared features and provides more accurate and 
targeted explanations for fine-grained classification tasks.

Attention-based explainability approaches exploit the self-attention mechanism of ViT architectures [37–39]. 
For example, the authors of [40] present two approaches, known as Attention Rollout and Attention Flow, which 
provide insights into the information flow of a ViT. Attention Rollout models information flow by tracking how 
input token identities are propagated to higher layers. It considers the model as a Directed Acyclic Graph (DAG) 
and determines the weight of a path by multiplying the attention weights along its edges. The total influence of 
an input token on a higher-layer embedding is then calculated by multiplying the attention matrices of all inter-
mediate layers and then summing over all possible paths. Importantly, to capture full signal propagation, Atten-
tion Rollout explicitly accounts for residual connections by augmenting the attention matrices with an identity 
matrix. Attention Flow takes a different perspective by using the attention graph as a flow network with capaci-
ties and applying a maximum flow algorithm to quantify the contribution of input tokens. Both approaches were 
originally developed for Transformer models in Natural Language Processing, but have since been extended to 
ViTs. The authors of [41] introduce Gradient Self-Attention Maps (Grad-Sam), an approach that uses attention 
scores and gradients to understand the impact of changes in the focus of a model by examining the output that 
the model returns when it receives specific inputs. The authors of [42] propose an interpretation framework for 
estimating the contribution of individual tokens within a ViT model. This framework uses a two-step process that 
integrates attention perception and reasoning feedback by relying on the partial derivatives of the loss function 
associated with each token. The authors of [43] propose TokenTM, a post-hoc explanation method by which 
token transformation across ViT layers can be integrated into the interpretation approach. TokenTM quantifies 
token transformation by measuring changes in token lengths and correlations in their directions before and after 
the transformation. It also integrates attention weights to provide a holistic view of token contributions to model 
prediction. The authors of [44] present LeGrad, an explainability method designed for ViTs. LeGrad calculates 
the gradient with respect to the attention maps of each model layer and interprets this value as a relevance signal 
that measures the sensitivity of the prediction to changes in attention patterns. For each layer, LeGrad extracts this 
signal, eliminates negative contributions, and aggregates it across heads and tokens. Then, it integrates the result-
ing maps across layers and combines them with intermediate and final activations to obtain the explanation. This 
multi-level formulation allows LeGrad to capture how ViTs distribute feature formation across network’s depth. 
Using gradient sensitivity instead of raw attention reduces background artifacts related to token registers and 
produces maps that focus on regions actually influencing the model’s output. The authors of “Explaining Infor-
mation Flow Inside Vision Transformers Using Markov Chain” [45] propose Transition Attention Maps (TAM), 
which model the information flow in ViTs as a Markov process, mapping the progression of information based on 
the hidden states of tokens across layers. Another attention-based approach, called Gradient-Driven Multi-Head 
Attention Rollout (GMAR), is presented in [46]. GMAR improves the interpretability of ViTs by weighting the 
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contribution of individual attention heads. It calculates the gradients of the predicted class logit with respect to the 
attention maps and interprets these values as important signals that discriminate between different heads. These 
scores are normalized using L1 or L2 norms at each layer and applied to modulate the attention matrices before 
they are recursively aggregated across the network. This hybrid formulation combines the class-specific sensitiv-
ity of gradient-based approaches with the hierarchical information flow of attention rollout. The result consists of 
saliency maps that reflect the regions critical to the model’s decision.

Mask-based methods selectively mask parts of the input data, such as pixels in an image or words in a text, and 
observe the effects on the model output. As for this strand, both adaptations of old methods to ViTs [18] and new 
methods have been proposed in the literature. For example, Randomized Input Sampling for Explanations (RISE) 
[18] performs explanations by applying random masks to the input images, obscuring different parts each time, 
and observing how these changes affect the model’s prediction. A mask-based method developed specifically for 
ViT explainability is ViT-CX [47]. It focuses on the causal effects of patch embeddings on model output rather 
than on attention mechanisms. It generates and aggregates masks to produce saliency maps that reflect model 
output.

Another mask-based method similar to ViT-CX is Transformer Input Sampling (TIS), proposed in “Explaining 
through Transformer Input Sampling” [21]. It exploits the ability of ViTs to process a variable number of tokens 
while avoiding the introduction of misleading outlier features. TIS applies perturbations after linear projections 
and position encoding, but before the Transformer layer, so that perturbations do not generate outlier inputs that 
could affect the corresponding interpretation. ATMAN [48] is a perturbation-based approach to generative ViT 
that manipulates the Transformer’s attention mechanisms to generate heatmaps for input with respect to output. 
To identify tokens that produce a target, ATMAN relies on the detection of token neighborhoods performed by 
computing the cosine similarity of the corresponding embeddings. In this way, it obtains similar tokens that could 
have been used during the generation of a part of the image. In [49], the authors propose VISION DIFFMASK, a 
post-hoc explainability method that uses hidden layer activations to predict the relevant parts of the input accord-
ing to a given classification. VISION DIFFMASK uses a gating mechanism to identify the minimal subset of the 
original input that preserves the predicted distribution over classes. In [50], the authors define class distortion as 
the set of unexpected changes in the network prediction during the mask optimization process. They then propose 
a visual interpretation framework that is robust to class distortion. For this purpose, they use a cross-checking 
mask optimization strategy to perturb the target predictions without affecting non-target ones, which could lead 
to more reliable visual explanations.

Another method that leverages patch masking is Jigsaw-ViT [51]. Although its primary goal is not post-hoc 
explainability, it introduces an auxiliary, self-supervised task. In this task, the model learns to solve jigsaw puz-
zles by predicting the correct spatial arrangement of permuted image patches. This process involves applying 
masks and permutations to the input patches to force the ViT to develop a stronger understanding of spatial rela-
tionships and object compositions. As a result, Jigsaw-ViT can generate more semantically meaningful attention 
maps, which indirectly contributes to model transparency and robustness. Finally, R-Cut [52] does not belong to 
a specific category of explainability methods, but shares characteristics with perturbation-based and mask-based 
approaches. It consists of two main components, namely the “Relationship Weighted Out” (R-Out) module, 
which extracts relevant features from the intermediate layers of the model, and the “Cut” module, which extracts 
finer details from these features.

SIGRATE is a hybrid approach that combines attention-based and mask-based explainability techniques. It 
uses attention scores from the CLS token to select the initial tokens for each walk. This use of attention allows 
it to identify the most and least relevant patches in an image according to the focus of the model. After this, 
SIGRATE generates masks over the walks created on token similarity graphs, making it inherently mask-based. 
These masks are then used to perturb the input, with the goal of discovering how different regions of the image 
contribute to model prediction. Compared to recent mask-based approaches, such as TIS, ViT-CX, ATMAN, 
and VISION DIFFMASK, SIGRATE appears to be more comprehensive and nuanced. While TIS perturbs input 
tokens to measure their effects, and ViT-CX focuses on the causal effects of patch embeddings, SIGRATE uses 
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attention to guide the mask generation process, allowing it to capture both direct input effects and relational 
information between multiple layers.

Compared to ATMAN, which manipulates attention mechanisms to generate a heatmap, and VISION DIF-
FMASK, which identifies minimal subsets of input to preserve predictions, SIGRATE integrates contributions 
from all attention layers to generate detailed and accurate saliency maps that reflect complex interactions within 
the ViT model.

3  Proposed approach

This section describes our approach. In particular, Sect. 3.1 provides a concise overview of it. Section 3.2 details 
how the similarity graph is constructed from the ViT model. Section 3.3 explains how patch importance is com-
puted from graph walks and how the corresponding binary masks are generated. Finally, Sect. 3.4 describes how 
the final heatmap is obtained from the set of binary masks.

3.1  Overview

Before detailing the technical aspects of SIGRATE, we highlight its core methodological innovation. Unlike 
traditional attention- or perturbation-based explainability approaches, SIGRATE generates explanations through 
similarity-graph traversal. For each layer, it constructs a patch-similarity graph from patch embeddings. It then 
performs greedy walks to identify coherent groups of patches. This process produces sets of structured masks 
that reflect the coherence encoded in the embedding space. This graph-driven mechanism for mask generation, 
together with its integration of global relevance signals derived from the CLS token, defines the distinctive fea-
tures of SIGRATE’s explainability strategy.

Specifically, the goal of SIGRATE is to determine which patches of an image a ViT considers when classify-
ing it. For each attention layer, SIGRATE builds a cosine-weighted similarity graph from the patch embeddings. 
Then, it uses the CLS attention token to select the patches with the highest and lowest attention and follows 
greedy and dynamic walks in the graph. Each walk becomes a binary mask that is reweighted by the model’s 
confidence when only the corresponding patches are visible. Thus, each layer returns a set of masks capturing its 
most relevant content. SIGRATE then merges all masks using coverage bias normalization, reshapes them to the 
patch grid and smooths them using a Gaussian filter to leverage patch locality. Finally, it upsamples them using 
bilinear interpolation. After these steps, it generates a single heatmap that highlights the regions of the image 
responsible for the ViT’s predicted label.

3.2  Similarity graph construction

The idea behind SIGRATE’s behavior is to cluster patches sharing the same semantic content. In order to address 
this issue, relying on raw attention alone (thus using the only attention matrix as the adjacency matrix) is insuf-
ficient because attention weights would only derive from query–key interactions, ignoring the value vectors that 
encode each patch’s actual representation. Therefore, two semantically similar patches could receive little mutual 
attention. To capture content directly, SIGRATE uses a patch similarity graph, where the edge weights are the 
cosine similarities between the patch embeddings. In this graph, each patch at a given ViT layer is represented 
by a node. Edges connect patches with high semantic affinity, providing a solid foundation for creating coherent 
clusters.

Formally speaking, let T be a ViT model used for image classification and let L be the set of λ attention layers 
of T. Let I be an image consisting of b × h pixels and let c be its class label. I is divided into a set P of d distinct 
and non-overlapping square patches, each consisting of z × z pixels.
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To generate a set Ml of masks for each attention layer l ∈ L, we analyze the embeddings generated by the 
patches of I according to l. Specifically, we extract the embeddings from the output of the intermediate Feed-
Forward Network (FFN) layer within l, immediately after the Gaussian Error Linear Unit (GELU) activation 
function (see Fig. 1).

Each patch pi is represented by an embedding vector epil
∈ RH  in l; proceeding in this way for all patches 

yields an embedding matrix El ∈ Rd×H .
We did not use the output of the FFN, since it returns an embedding of size typically smaller than H, potentially 

resulting in a loss of information.
Starting from El, we construct a similarity matrix Sl ∈ Rd×d that quantifies the degree of similarity between 

each pair of patch embeddings in the layer l. Specifically, let pi and pj  be two patches, and let epil
 (resp., epjl

) be 
the embedding of pi (resp., pj) in l; to compute the similarity between pi and pj  in l, and thus the value of Sl[i, j]
, we compute the cosine similarity [53] between epil

 and epjl
:

	
siml(pi, pj) = cos(epil

, epjl
) =

epil
· epjl

∥epil
∥ ∥epjl

∥ � (3.1)

The value of the cosine similarity cos(epil
, epjl

) belongs to the real range [−1, 1], where higher values indicate 
higher similarity between epil

 and epjl
.

It is worth noting that Sl is a symmetrical matrix; as mentioned above, it represents the similarity between 
patches; therefore, it can be interpreted as the adjacency matrix of a graph that has a node for each patch and 
whose edges represent the degree of similarity between patches. More specifically, we can define the graph GSl  
associated with Sl as follows:

	 GSl
= ⟨Nl, Al⟩� (3.2)

Nl is the set of nodes of GSl ; each node ni ∈ Nl corresponds to a patch pi ∈ P  in l. Since there is a biuni-
vocal correspondence between the nodes of Nl and the patches of P in l, we will use the terms “node” and 
“patch” interchangeably in the following. Al is the set of edges of GSl ; an edge aij = (ni, nj , wij) ∈ Al 
indicates the similarity in l between the patch pi corresponding to ni and the patch pj  corresponding to nj  
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Fig. 1  Schematic representation of the embedding extraction process in SIGRATE. Patch embeddings are extracted before 
the FFN output after the GELU function to preserve detailed information about patches
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with weight wij = Sl[i, j] = siml(pi, pj). The self-loop edges do not provide any useful information, since 
wii = Sl[i, i] = siml(pi, pi) = cos(epil

, epil
) = 1, and are therefore removed from GSl .

3.3  Graph walk patch scoring

After constructing the similarity graph, we extract clusters of related patches that will serve as masks. To accom-
plish this, we perform a greedy walk implementing a graph-based, region-growing, edge-decay algorithm. In 
particular, starting from the source patches, we iteratively add the nearest neighbors with the highest cosine simi-
larity, thereby aggregating semantically coherent regions. By always following the edge with the highest weight 
and decreasing the weights of the edges already traversed, the walk remains biased toward semantic contiguity. 
The resulting clusters provide masks that delineate meaningful image components, such as the target object, 
contextual cues, or background areas. These components can then be weighted according to their contribution to 
the model’s prediction. Formally speaking, after constructing GSl , we proceed to determine the importance of the 
patches related to l. For this purpose, we use the attention matrix of l, which contains the attention scores assigned 
by the classification token (CLS) of T to the patches of I in l. The higher the attention scores that CLS assigns to 
a patch pi in l, the higher the importance it is given for the correct classification of I.

Let µ, 1 ≤ µ ≤ d, be the number of masks we want to generate for each layer. µ is a hyperparameter of our 
approach; the higher its value, the more accurate the results will be, but also the longer our approach will take 
to obtain them. A hyperparameter analysis related to µ is proposed in Sect. 4.4. We first select the µ

2  patches that 
received the highest attention from CLS in l and the µ

2  patches that received the lowest attention from CLS in 
l. The patches thus selected serve as starting tokens for the construction of µ walks related to the layer l. This 
strategy ensures a more complete exploration of the input space than considering only the µ patches with the 
highest attention of CLS in l. In fact, selecting only the top µ patches could introduce redundant information, as 
the highly attended regions may overlap. By including the most and least important patches, we reduce the risk of 
redundancy, avoid losing potentially useful information present in the early layers with a low score, and ensure a 
more heterogeneous and complete explanation of the model’s inference process.

Let pi be one of the selected µ patches. Starting from pi we compute a walk πil  on GSl  of length ⌊d · r⌋ + 1, 
where r is a real hyperparameter in the interval [0, 1] used to define the desired maximum length of the walks (in 
fact, each walk can have a different length) in all layers of L.

At this point, we start an iterative procedure. At each step, we select the node with the highest similarity score, 
append it to the walk πil , and mark it as the current node. Since our walk allows revisiting nodes, the correspond-
ing mask varies dynamically (in fact, each patch may appear only once in a mask). Therefore, different walks 
in the similarity graph can yield masks of different sizes. To promote exploration, we introduce a decay factor 
δ ∈ [0, 1]. Whenever the walk traverses an edge aij  (i.e., it first visits the node ni and then the node nj), we decre-
ment the corresponding weight as follows:

	 wij = wij · δ wji = wji · δ� (3.3)

This reduces the probability of immediately retracing that step and steers the walk toward new nodes in the next 
iterations. The walk construction ends after ⌊d · r⌋ steps. Since a walk is a sequence of nodes connected by edges, 
this way of proceeding guarantees that each of the µ walks related to the layer l has at most ⌊d · r⌋ + 1 nodes. 
Now, for each walk πil  in l we generate a binary vector mil

∈ Rd, whose j-th position, 1 ≤ j ≤ d, is equal to 1 if 
nj  is included in πil , and 0 otherwise. This vector represents just one of the masks associated with the layer l. The 
set of µ vectors thus obtained constitutes the set Ml of masks associated with l. This procedure is summarized in 
Fig. 2.
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3.4  Heatmap generation

Now, for each layer l ∈ L and for each mask mil
∈ Ml, let Imil

 be the image consisting only of the patches of I 
selected by mil ; we compute the class-specific relevance score σil  related to the class c for the mask mil  as:

	 σil
= τ(T, c, Imil

)� (3.4)

where τ(T, c, Imil
) is a function that returns the confidence of T for the class c and the image Imil

.
Afterwards, we multiply σil by mil to obtain a new mask wmil that takes the model confidence into account. 

We call “binary mask” the original mask mil  and “weighted mask” the new mask wmil . Repeating this procedure 
for all layers and all masks in each layer, we obtain φ = µ · λ masks weighted according to the confidence of 
T for c and I. Finally, we stack the set of weighted masks thus obtained into a matrix WM ∈ Rφ×d as follows:

	

WM =




wm11
· · ·

wmµ1
wm21

· · ·
wmµ2

· · ·
wm1λ

· · ·
wmµλ




� (3.5)

Similarly, we stack the set of binary masks into a matrix BM ∈ Rφ×d as follows:

0.4 0.1 0.2 0.8 0.3 0.9

0.2 0.5 0.4 0.3 0.1 0.3

0.5 0.2 0.6 0.2 0.6 0.7

0.3 0.7 0.1 0.9 0.2 0.4

Calculate
Similarity Graph

Source Token: 5

0.4 0.1 0.2 0.8 0.3 0.9

0.2 0.5 0.4 0.3 0.1 0.3

0.5 0.2 0.6 0.2 0.6 0.7

0.3 0.7 0.1 0.9 0.2 0.4

Source Token: 32

Source Token: ...

Source Token: 27

Fig. 2  The mask generation process in SIGRATE. Starting from the similarity graph, source patches are selected from among 
those most and least attended by the CLS token. From each of these patches, a greedy walk is constructed to generate a 
binary mask that highlights regions considered relevant by the model
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BM =




m11
· · ·
mµ1
m21
· · ·
mµ2
· · ·
m1λ

· · ·
mµλ




� (3.6)

A critical challenge in mask-based explanation approaches, like SIGRATE, is Pixel Coverage Bias (PCB) [18, 47, 
54]. In these approaches, certain patches may be selected more frequently than others simply due to the genera-
tion mechanism. For instance, they may be selected because they act as structural hubs in the similarity graph 
GSl  rather than because of their semantic importance. Without correction, the final saliency map reflects the 
path’s coverage frequency (i.e., how often the path was visited), rather than its actual contribution to the model’s 
decision. This issue is particularly pronounced in cases of causal overdetermination [47]. Standard aggregation 
methods, such as weighted averaging or entropy-based fusion, generally rely on the accumulation of importance 
scores or the statistical distribution of signals across masks. Consequently, they fail to distinguish between a 
genuinely relevant patch and a patch that appears frequently. This leads to an exaggeration of background patches 
that appear in many masks despite having low individual impact, forming visual artifacts. To generate a saliency 
map that addresses this limitation, we adopt the coverage bias formula originally introduced for ViTs in ViT-
CX [47] and subsequently applied in TIS [21].

Specifically, we compute the heatmap Hc,I  associated with the class c and the image I by normalizing the accu-
mulated relevance scores. This heatmap contains d elements, each of which corresponds to a patch pi ∈ P . The 
i-th element, denoted as Hc,I [i], is obtained by summing the contributions of the scores that the patch pi received 
in the various masks contained in WM. This sum is then divided by the number of times pi was selected (and thus 
by the number of times the corresponding entry in BM is 1). Unlike the aforementioned fusion strategies, this 
formulation effectively estimates the expected causal impact of a patch, given its presence in a mask. Coverage 
bias formula decouples the patch’s impact from its selection probability. This ensures that the final heatmap high-
lights regions based on their intrinsic influence on prediction confidence, thus filtering out the structural artifacts 
introduced by the mask generation process. A specific limitation of the coverage bias formula lies in its uniform 
treatment of masks across the depth of the Transformer. Unlike weighted averaging methods that could prioritize 
layers differently, this formula aggregates all masks with equal weighting, potentially overlooking the hierarchi-
cal evolution of features as they transition from local patterns to global semantic structures. However, the heat-
maps generated through this process remain consistent and semantically coherent. Furthermore, implementing a 
weighted average would require the introduction of layer-specific hyperparameters, which could either be highly 
dependent on the characteristics of each individual image or require the development of complex heuristics. Such 
approaches would risk suppressing the contribution of specific layers or requiring excessive hyperparameter 
tuning. Instead, the current uniform aggregation adopted by SIGRATE ensures a more robust and stable repre-
sentation of the model’s internal processing. Formally, the previous reasoning for the computation of Hc,I [i] is 
formalized as follows:

	
Hc,I [i] =

∑φ
q=1 WM [q, i]∑φ
q=1 BM [q, i] � (3.7)

After computing the heatmap Hc,I , a reshape operation is required as described in [21, 47]. Specifically, Hc,I ∈ Rd; 
therefore, it is a vector of d elements, one for each patch of P. However, I consists of a matrix of patches with 
u = h

z  rows and v = b
z  columns such that u · v = d. The reshape operation of Hc,I  has precisely the purpose of 

placing the values of Hc,I  in an u × v matrix. Finally, to reduce noise and exploit the intrinsic locality between 
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adjacent patches, we apply a Gaussian filter to the resized Hc,I  matrix. After this task, an additional step is nec-
essary to move from a heatmap defined over patches to a final heatmap defined over the pixel space. Given that 
the original image I has dimensions b × h pixels, where b = v · z and h = u · z, the final heatmap is obtained by 
performing bilinear interpolation. This kind of interpolation estimates a function’s value at each two-dimensional 
(2-D) point using the four surrounding samples. In particular, it first performs linear interpolation along one axis 
and then along the other. This 2-D extension of 1-D linear interpolation is common in image processing tasks, 
such as resizing, texture mapping, and grid remapping [21] because it yields smoother, less jagged results than 
nearest neighbor methods. Although each interpolation step is linear with respect to the sampled values, the 
combined operation is quadratic with respect to the pixel position, resulting in a nonlinear overall mapping. By 
adopting bilinear interpolation, we convert the heatmap from u · v patches to b · h pixels. The result is a heatmap 
that represents the visual explainability of the ViT T when classifying the image I into the class c.

Algorithm 1 summarizes the approach used by SIGRATE to generate a heatmap related to the classification of 
I in c by T.

Algorithm 1  SIGRATE algorithm for generating an explanatory heatmap
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4  Experiments

In this section, we illustrate our experimental campaign aimed at evaluating the performance of SIGRATE and 
comparing it with that of other related approaches already proposed in the literature. Specifically, in Sect. 4.1 
we describe the experimental setup, specifying the dataset, ViT models, and explainability metrics we adopted. 
In Sect. 4.2, we present the quantitative performance obtained by SIGRATE and compare it with that of related 
approaches. In Sect. 4.3, we report a qualitative analysis of the results obtained by SIGRATE on some images as 
well as a failure case analysis. In Sect. 4.4, we analyze the hyperparameters used in SIGRATE and evaluate their 
impact on its performance. Finally, in Sect. 4.5 we conduct an ablation study to evaluate the graph construction 
strategy underlying the SIGRATE’s approach.

4.1  Experimental setup

In our experiments, we used the Vision Transformer (ViT) [1] and Data-efficient Image Transformer (DeiT) 
models [55] as reference ViT models. Both of them use a classification token (CLS) at the beginning of the input 
sequence, which is requested for the execution of SIGRATE. In addition to the CLS token, the DeiT architecture 
includes a distillation token, which is used with an extra classification head to facilitate learning by distillation. 
The implementations of ViT and DeiT we use are ViT-Base1 and DeiT-Base2.

Regarding the hyperparameters of SIGRATE, in this experimental campaign we set r to 0.75, µ to 12, and δ to 
0.50. As mentioned above, we report a hyperparameter analysis in Sect. 4.4. ViT-Base and DeiT-Base consist of 
12 layers, so the total number of masks is 144. The approaches used for comparison with SIGRATE are TIS [21], 
ViT-CX [47], TAM [45], Chefer1 [17], Chefer2 [56], BT H [42], BT T [42], RISE [18], IntegratedGrad [27], 
SmoothGrad  [26], Finer-CAM [36], KPCA-CAM [35], GradCAM [25], LeGrad  [44], Attention Rollout  [40] 
and GMAR [46]. To evaluate the performance of these approaches, we used the hyperparameter values sug-
gested in the corresponding papers. We selected these approaches because they are the most widely recognized 
approaches in the ViT explainability literature. Furthermore, as highlighted by recent works including TIS [21] 
and ViT-CX [47], most of them are commonly used as reference baselines. Including them allows us to ensure a 
fair and transparent comparison, in line with the experimental protocols established in this research area. In our 
experimental campaign, we employed two datasets, namely ImageNet[57] (Sect. 4.2.1), and BloodMNIST [23] 
(Sect. 4.2.2). For ImageNet, we followed the protocol of previous works [21, 42, 47] and used the same subset of 
5,000 images from the ImageNet validation set. BloodMNIST contains images of peripheral blood cells divided 
into eight distinct categories. We selected it to evaluate the robustness of SIGRATE in the medical domain. The 
interested reader can find the subset index list and the code implementing SIGRATE at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​D​a​v​i​
d​e​T​r​a​i​n​i​/​S​I​G​R​A​T​E​-​V​i​T​-​X​A​I​​​​​.​​

The faithfulness of all approaches is measured by Insertion and Deletion explainability metrics [18]. The 
former assesses the probability of correctly identifying the target class using an increasing number of pixels, 
starting with the most significant ones from the heatmap scores. We compute the Insertion metric using different 
percentages of pixels to obtain the Insertion curve. Then, we calculate the Area Under the Curve (AUC) related 
to the Insertion curve; its value varies in the real range [0, 1]; the higher the value and the better the performance 
of the approach. Instead, the Deletion metric considers how the confidence in finding the target class decreases as 
the pixels with the highest score on the corresponding heatmap are removed from the original image. Again, we 
compute the Deletion curve and the corresponding AUC; the lower the AUC value, the better the performance of 
the explainability approach. To have a metric capable of synthesizing the previous two metrics, we calculate the 
difference between the AUCs of the Insertion and Deletion metrics and we call it Insertion-Deletion. The higher 
the value of this metric, the better the performance of the approach. Following the literature [21], we used four 

1  https://github.com/huggingface/transformers/blob/v4.42.0/src/transformers/models/vit/modeling_vit.py.
2  https://github.com/huggingface/transformers/blob/v4.42.0/src/transformers/models/deit/modeling_deit.py.

https://github.com/DavideTraini/SIGRATE-ViT-XAI
https://github.com/DavideTraini/SIGRATE-ViT-XAI
https://github.com/huggingface/transformers/blob/v4.42.0/src/transformers/models/vit/modeling_vit.py
https://github.com/huggingface/transformers/blob/v4.42.0/src/transformers/models/deit/modeling_deit.py
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different methods to obfuscate the pixels when calculating the Insertion and Deletion metrics. These methods 
are: (i) Mean, which replaces pixel values with the mean values of the entire image; (ii) Blur, which performs 
pixel blurring; (iii) Black, which replaces pixels with the color black; and (iv) Rand, which replaces pixels with 
a random color. Finally, regarding the target label used for evaluation, in Sects. 4.2.1 and 4.2.2 we calculated 
the faithfulness metrics using the ground-truth labels, whereas in Sect. 4.2.3 we computed them using the class 
predicted by the model.

We also tested our approach using the Pointing Game localization metric, which assesses how accurately a 
method can localize the regions of an image that contribute most to the model decision. Since BloodMNIST 
does not provide bounding boxes, we calculated this metric only on the subset of the ImageNet validation set. 
Analogously to what is done in TIS [21], we excluded images whose bounding box covered more than 50% of 
the image, so that only the most complex images were considered. As a result of this policy, we excluded 2892 
images in the calculation of this metric and retained 2,108 images. Given an image, if the pixel with the high-
est value in the corresponding saliency map, and thus the most important pixel, falls within one of the bounding 
boxes, then the test for that image passes and it is labeled as “hit”; otherwise, it is labeled as “miss”. The result of 
the Pointing Game localization metric for the entire dataset is calculated as follows:

	
Pointing Game = No.of hits

No. of hits + No.of misses
� (4.1)

As we can see from Eq. 4.1, this metric varies in the real range [0, 1], where 0 indicates the complete absence of 
“hits”, while 1 denotes that in all the images analyzed, the most important pixel in the saliency map falls within 
the bounding box.

4.2  Quantitative results

4.2.1  ImageNet dataset

In Table 1, we show the performance achieved by SIGRATE and related approaches using the four obfuscation 
methods mentioned above and the ViT-Base model [1]. We use arrows to indicate which values give better per-
formance; in particular, if there is an upward (resp., downward) arrow next to a measure, it means that for that 
measure the best performance is obtained with the highest (resp., lowest) values. To ensure fairness, we used the 
same subset of the ImageNet validation set as TIS [21].

Table 1 shows that SIGRATE performs very well. It achieves the highest Insertion values for all four obfusca-
tion methods. Specifically, it improves upon the second-best approach by 16.07% (resp., 1.45%, 25.00%, and 
19.23%) with Mean (resp., Blur, Black, and Rand).

Regarding Deletion, SIGRATE is the second-best approach with Blur, while, with the other obfuscation meth-
ods, its performance aligns with that of the other approaches (e.g., the performance of ViT-CX with Mean and 
Rand).

Finally, for Insertion-Deletion, SIGRATE is the best approach with Mean, Black, and Rand. In particular, we 
observe improvements of 11.90%, 17.50% and 21.05% respectively, compared to the second-best approach. With 
Blur, SIGRATE is the second-best approach after IntegratedGrad.

Next, we performed the same experiment using the DeiT-Base model [55]. The results are shown in Table 2. 
Similar to the previous experiment, we used the same subset of the ImageNet validation set as TIS [21].

An analysis of this table shows that SIGRATE performs very well even with the DeiT-Base model. In particu-
lar, it achieves the highest Insertion values with all obfuscation methods, outperforming the second-best approach 
by 16.13% with Mean, 5.88% with Blur, 16.13% with Black, and 15.87% with Rand. Regarding Deletion, SIG-
RATE shows competitive performance despite not appearing in the top positions. Its performance aligns with the 
performance of other approaches, such as Chefer2 and RISE. Finally, for Insertion-Deletion, SIGRATE is the 
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best approach with Mean, Black and Rand, achieving improvements over the second-best approach of 14.29%, 
14.29%, and 17.07% respectively. It ranks first alongside LeGrad with Blur, improving upon the second-best 
approach by 13.33%.

Experiments with both ViT-Base and DeiT-Base show that, although SIGRATE performs competitively in the 
Insertion metric, its performance in the Deletion metric lags behind the best related approaches. This discrep-
ancy is explained by the nature of the mask generation process on which SIGRATE is based. Rather than simply 
selecting regions with the highest attention scores, this process constructs walks connecting patches in similarity 
graphs. These walks include areas that, while not strictly decisive, are structurally or semantically related to the 
most important ones. As a result, the generated masks tend to cover larger sets of patches, including not only 
the minimum ones necessary for classification, but also others related to them. This feature leads to asymmetric 
behavior between the two metrics. In fact, Insertion benefits from the presence of related patches in the patch 
sets obtained from the masks because they enable the model to quickly regain confidence in the prediction when 
new patches are added. Conversely, Deletion is penalized by the presence of related patches because they could 
be removed in place of those most significant for the image classification. This could cause patches relevant for 
classification to remain in the image to be classified for a long time as patches are removed for the Deletion com-
putation, which prevents a rapid decrease in the ViT classification model’s confidence and a consequent worsen-
ing of Deletion values.

Furthermore, SIGRATE’s mechanism, which selects both high- and low-attention patches to generate walks in 
graphs, favors a more complete and distributed representation of patch importance, avoiding focusing exclusively 
on the most obvious areas of an image. This improves SIGRATE’s ability to locate objects in complex images and 
increases its interpretative robustness. However, it results in more conservative behavior when removing patches, 
which slows the decrease in confidence, and consequently worsens the Deletion values. We would like to point 
out that this feature is a deliberate design choice of our approach. Indeed, we want SIGRATE to highlight not 
only the areas of an image decisive for classification, but also those functional for the model’s decision-making 
process, which allows us to capture the relationships between patches within the attention levels.

Table 3 shows the comparison between SIGRATE and the other ViT explainability approaches considered 
above with respect to the Pointing Game metric. Again, in this experiment, we used ViT-Base and DeiT-Base as 
the underlying ViTs. Additionally, we used the same subset of the ImageNet validation set as TIS [21].

From the analysis of this table, we can see that, as far as the ViT-Base model is concerned, only 2 out of 16 
approaches achieve higher performance than SIGRATE. These approaches are BT H and BT T, whose Pointing 

Approach ViT-Base DeiT-Base
SIGRATE 0.844 0.866
TIS [21] 0.823 0.825
ViT-CX [47] 0.700 0.700
TAM [45] 0.737 0.635
Chefer1 [17] 0.768 0.748
Chefer2 [56] 0.727 0.654
BT H [42] 0.855 0.775
BT T [42] 0.846 0.755
RISE [18] 0.753 0.766
IntegratedGrad [27] 0.633 0.297
SmoothGrad [26] 0.499 0.742
Finer-CAM [36] 0.805 0.784
KPCA-CAM [35] 0.796 0.768
GradCAM [25] 0.433 0.415
LeGrad [44] 0.761 0.789
Attention Rollout [40] 0.118 0.127
GMAR [46] 0.348 0.612

Table 3  Results of the 
Pointing Game metric for 
the ViT-Base and DeiT-Base 
models and the ImageNet 
dataset

In the case of ViT-Base, SIG-
RATE achieves a very com-
petitive performance, ranking 
among the best approaches 
and outperforming TIS. In the 
case of DeiT-Base, SIGRATE 
achieves the best performance
The best value in each column is 
shown in bold, and the second-
best value is underlined
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Game values are 0.855 and 0.846, respectively. The value of SIGRATE is 0.844, 1.29% lower than the value of 
BT H, i.e., the best approach, which is very satisfactory, comparable to or higher than several other approaches 
under consideration (such as BT T and TIS). If we switch from ViT-Base to DeiT-Base, the scenario changes. In 
fact, in this case SIGRATE achieves the highest Pointing Game value, i.e., 0.866, which is 4.97% higher than the 
second-best approach (i.e., TIS) that achieves a value of 0.825. BT H and BT T values are 0.775 and 0.755, cor-
responding to decreases of 11.74% and 14.70%, respectively, compared to the SIGRATE value.

In conclusion, as for the Pointing Game metric, SIGRATE shows robust performance in identifying relevant 
regions in an image with both ViT-Base and DeiT-Base. It ranks among the top approaches for this metric with 
very high absolute values.

4.2.2  BloodMNIST dataset

To evaluate the robustness of SIGRATE in a domain significantly different from ImageNet, we expanded our 
analysis to the medical field with the BloodMNIST dataset [23]. Designed for classifying peripheral blood cells, 
this dataset includes 17,092 RGB samples of normal cells divided into eight classes and resized to 224 × 224 
pixels. Since there are no bounding boxes as ground truth in the dataset, we focused our analysis on faithfulness 
metrics only, as we could not consider Pointing Game.

Table 4 shows the quantitative results obtained using ViT-Base as the underlying ViT model. As in the previ-
ous experiments, SIGRATE achieves the highest Insertion values with all obfuscation methods. It outperforms 
the second-best approach by 10.29% with Mean, 5.63% with Blur, 11.94% with Black, and 4.69% with Rand. 
Regarding Deletion, although TIS and IntegratedGrad achieve slightly better values than SIGRATE with certain 
obfuscation methods, our approach remains highly competitive. Most importantly, when considering Insertion-
Deletion values, SIGRATE demonstrates a significant advantage over all the other approaches, outperforming the 
second-best one by 11.36% with Mean, 37.50% with Blur, 8.89% with Black and 5.26% with Rand.

The performance trends observed for the DeiT-Base model, shown in Table 5, further validate the effectiveness 
of SIGRATE. In fact, our approach achieves the best results for the Insertion metric, outperforming the second-
best approach by 8.33% with Mean, 2.94% with Blur, 8.33% with Black and 8.22% with Rand. Regarding the 
Deletion metric, SIGRATE shows the best performance with Blur, with a value 5.71% lower than the second-best 
approach3. Furthermore, it is the second-best approach with Mean, Black, and Rand, with values very close to 
the best ones. As a result, the gap between SIGRATE and the other approaches in terms of Insertion-Deletion 
obtained for the DeiT-Base model is even more pronounced than the gap obtained for the ViT-Base model. In 
particular, SIGRATE outperforms the second-best approach by 12.77% with Mean, 12.12% with Blur, 10.64% 
with Black, and 13.04% with Rand.

The analysis of Tables 4 and 5 confirms that SIGRATE is effective not only in highlighting salient regions, but 
also in accurately ignoring irrelevant background noise. This is a critical property for medical image analysis.

4.2.3  Performance on predicted classes

In the experiments presented in Sects. 4.2.1 and 4.2.2, we calculated the faithfulness metrics using ground truth 
labels. Indeed, we essentially asked the model to identify regions of the image containing features associated with 
the correct class. To provide a more comprehensive evaluation of SIGRATE, we extend this analysis by shifting 
the objective and asking the model to identify the image regions that it considers most important to the class it 
actually predicted, even if that class differs from the ground truth. This way of proceeding allows us to evaluate 
the quality of the generated heatmaps in relation to the model’s specific decision, providing a complementary per-
spective to the ground truth-based evaluation. We repeated the evaluation on both ImageNet and BloodMNIST, 
calculating the faithfulness metrics using the top-1 class predicted by the model. Due to space limitations, Table 6 

3  Recall that, with regard to Deletion, lower values indicate better performance.
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only reports the Insertion-Deletion score to compare the results obtained by SIGRATE with those of other related 
approaches.

As shown in Table 6, SIGRATE performs very well on ImageNet with the ViT-Base model. Indeed, it achieves 
the highest values of Insertion-Deletion with all obfuscation methods. It outperforms the second-best approach 
by 5.77% with Mean, 5.56% with Blur, 7.84% with Black, and 3.92% with Rand. It also achieves the highest 
Insertion-Deletion values with all four obfuscation methods using the DeiT-Base model and outperforms the 
second-best approach by 16.33%, 13.51%, 16.33%, and 19.61% with Mean, Blur, Black, and Rand, respectively. 
For BloodMNIST with the ViT-Base model, SIGRATE confirms its superiority in most cases. It achieves the best 
performance with Mean, Black, and Rand, surpassing the second-best approach by 8.70%, 6.52%, and 10.26%, 
respectively. Although it does not rank first with Blur, it still achieves competitive results. Finally, with the DeiT-
Base model and the BloodMNIST dataset, SIGRATE demonstrates robust performance by achieving the first 

Table 6  Comparison of SIGRATE and other related approaches using the Insertion-Deletion metric calculated on the pre-
dicted classes for the ViT-Base and DeiT-Base models on the ImageNet and BloodMNIST datasets
Models Approaches ImageNet BloodMNIST

Insertion-Deletion Insertion-Deletion
Mean Blur Black Rand Mean Blur Black Rand

ViT-Base SIGRATE 0.55 0.38 0.55 0.53 0.50 0.22 0.49 0.43
TIS [21] 0.52 0.36 0.51 0.51 0.46 0.17 0.46 0.39
ViT-CX [47] 0.38 0.29 0.36 0.36 0.19 0.12 0.16 0.21
TAM [45] 0.44 0.29 0.44 0.41 0.30 0.24 0.29 0.27
Chefer1 [17] 0.49 0.27 0.41 0.39 0.32 0.25 0.31 0.29
Chefer2 [56] 0.42 0.28 0.42 0.39 0.29 0.24 0.29 0.27
BT H [42] 0.45 0.29 0.45 0.42 0.31 0.25 0.31 0.29
BT T [42] 0.45 0.29 0.44 0.42 0.31 0.25 0.31 0.29
RISE [18] 0.42 0.27 0.38 0.38 0.28 0.22 0.27 0.31
IntegratedGrad [27] 0.16 0.41 0.16 0.02 0.07 0.17 0.10 0.04
SmoothGrad [26] 0.17 0.17 0.16 0.14 −0.03 0.02 −0.05 −0.04
Finer-CAM [36] 0.32 0.24 0.30 0.31 0.26 0.23 0.25 0.25
KPCA-CAM [35] 0.08 0.12 0.07 0.10 0.12 0.15 0.12 0.13
GradCAM [25] 0.41 0.30 0.40 0.39 0.30 0.25 0.29 0.28
LeGrad [44] 0.36 0.26 0.35 0.35 0.27 0.23 0.26 0.25
Attention Rollout [40] 0.10 0.08 0.11 0.07 0.12 0.10 0.12 0.10
GMAR [46] 0.03 0.07 0.04 0.05 0.08 0.11 0.09 0.09

DeiT-Base SIGRATE 0.57 0.42 0.57 0.61 0.54 0.37 0.53 0.53
TIS [21] 0.49 0.37 0.49 0.51 0.48 0.35 0.48 0.48
ViT-CX [47] 0.32 0.26 0.31 0.29 0.29 0.28 0.24 0.23
TAM [45] 0.37 0.30 0.37 0.37 0.28 0.24 0.27 0.26
Chefer1 [17] 0.38 0.31 0.37 0.37 0.29 0.25 0.28 0.27
Chefer2 [56] 0.36 0.30 0.35 0.33 0.26 0.23 0.25 0.24
BT H [42] 0.36 0.29 0.36 0.36 0.26 0.23 0.26 0.25
BT T [42] 0.36 0.30 0.36 0.37 0.26 0.23 0.26 0.25
RISE [18] 0.49 0.36 0.47 0.45 0.37 0.31 0.36 0.30
IntegratedGrad [27] 0.11 0.19 0.13 0.05 0.06 0.14 0.10 0.04
SmoothGrad [26] 0.01 0.07 0.00 −0.02 −0.13 −0.12 −0.14 −0.15
Finer-CAM [36] 0.35 0.25 0.33 0.34 0.25 0.22 0.24 0.24
KPCA-CAM [35] 0.16 0.15 0.16 0.17 0.18 0.16 0.18 0.18
GradCAM [25] 0.47 0.32 0.47 0.46 0.32 0.27 0.31 0.30
LeGrad [44] 0.41 0.32 0.40 0.37 0.29 0.25 0.28 0.27
Attention Rollout [40] −0.02 0.02 0.04 0.02 0.05 0.07 0.08 0.07
GMAR [46] 0.31 0.25 0.31 0.30 0.24 0.21 0.24 0.23

The best value in each column is shown in bold, and the second-best value is underlined
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position across all obfuscation methods. It improves upon the second-best approach by 12.50%, 5.71%, 10.42%, 
and 10.42% with Mean, Blur, Black, and Rand, respectively.

The results reported in Table 6 demonstrate the robustness of SIGRATE even when the explanation refers to 
the class predicted by the approach rather than the ground truth, as in the experiments of the previous sections. 
Using both ViT-Base and DeiT-Base as models and operating on both ImageNet and BloodMNIST, SIGRATE 
consistently achieves better Insertion-Deletion values than related approaches. These results confirm that our 
framework can detect the areas the model uses to classify an image by effectively isolating the regions that drive 
the specific prediction, regardless of whether the latter matches the ground truth.

4.3  Qualitative results

In this section, we report a qualitative analysis of the heatmaps returned by SIGRATE. This analysis is divided 
into two parts; in the first part, we make a qualitative comparison between SIGRATE and related approaches, 
while in the second part, we focus only on the results of SIGRATE when applied to three images belonging to 
different classes and four images containing objects of two different classes.

For the qualitative comparison between SIGRATE and other approaches available in the literature, we extracted 
heatmaps for four images of ImageNet belonging to different classes using ViT-Base. The results are shown in 
Fig. 3. For reasons of space, we do not show the corresponding results obtained with DeiT-Base, which are, 
however, similar. From the analysis of this figure, we can see that SIGRATE identifies salient areas for the image 
class. In the rows related to the starfish and the toaster, SIGRATE is able to focus very well on the shapes of the 
objects, while giving much less importance to the background. Similar reasoning can be observed in the case of 
the table lamp, where SIGRATE identifies its shape and discards the table area.

In the case of the bullet train, SIGRATE gives weight only to the shape of the train. TIS and ViT-CX also 
produce interesting results, but they focus on larger areas and give importance to objects that are not closely 
related to the image classes (e.g., the background in the bullet train and the slices of bread in the toaster). Finally, 
IntegratedGrad and SmoothGrad return heatmaps very noisy and difficult to interpret. Overall, we can say that 
SIGRATE identifies the most important areas for the corresponding image class and retrieves heatmaps that are 
in line with (and sometimes better than) those obtained by related approaches.

To ensure a comprehensive and fair evaluation, we also examined scenarios in which the explanation qual-
ity is compromised. Figure 4 provides a failure analysis that illustrates scenarios in which SIGRATE and other 
approaches produce unsatisfactory heatmaps. From the analysis of this figure we can observe that failure can be 
attributed to two main factors. The first occurs when the underlying classification model (ViT-Base) misclassi-
fies the ground truth, as illustrated in the first two rows of the figure. For instance, in the first row, the ground 
truth is plate, but the model incorrectly predicts meat loaf. Since the model fails to identify the target class, the 
resulting explanations cannot fully highlight the correct figure. However, we note that SIGRATE demonstrates 
strong noise suppression capabilities. In fact, even in cases of failure, it partially ignores features associated with 
the predicted class (e.g., meat loaf and espresso) and partially delineates the boundaries of the correct class (e.g., 
plate and cup). The second type of failure occurs when multiple instances of the same class appear in an image. 
In these cases, SIGRATE focuses primarily on one instance or a subset of instances that the model recognizes 
with high confidence. This behavior is due to the graph-based mask generation process described in Sect. 3.3. 
Specifically, SIGRATE constructs masks by performing greedy walks on the similarity graph GSl  (see Eq. 3.2), 
starting from the patches with the highest and the lowest attention values. When an object is composed of highly 
cohesive patches, the greedy walk tends to remain confined within that object because the intra-object cosine 
similarity between adjacent patches is often higher than the similarity required to jump to a spatially distant object 
of the same class. Consequently, the generated masks may cover the same dominant object. When these masks are 
merged using the coverage bias formula, the final heatmap emphasizes that object more strongly while assigning 
significantly lower importance to the others. This phenomenon is visible in the third row (granny smith) of Fig. 4, 
where the model correctly predicts the class but SIGRATE focuses on the relevance of the central cut apple and 
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gives less importance to the apples surrounding it. A similar situation occurs in the fourth row (saltshaker) of Fig. 
4, where only one of the two shakers is highlighted.

In summary, these cases demonstrate that SIGRATE functions as a faithful interpreter of the behavior of the 
underlying ViT model. Its tendency to isolate specific instances or follow the predicted class (even when incor-
rect) confirms that the generated masks are driven by the internal decision-making process of the ViT underlying 
SIGRATE. While these heatmaps may appear incomplete compared to human annotations, they accurately reveal 
the specific, often localized visual evidence on which the underlying ViT model relies to make predictions. This 
further validates the consistency of the similarity-based approach.

In the second part of the qualitative comparison, we selected three images of ImageNet belonging to the ski, 
pickup, and spoonbill classes. Each image has its own features, background, and size of the object of interest, with 
bounding boxes provided by ImageNet indicating the location of the object. We computed the heatmap, Insertion 

Fig. 3  Comparison of the heatmaps returned by SIGRATE and related approaches for four images of ImageNet using ViT-
Base. SIGRATE effectively highlights the salient regions of each image and suppresses most of the background
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curve, and Deletion curve for each image. For these analyses, we obscured the patches by applying the Black 
obfuscation method. Finally, we used both ViT-Base and DeiT-Base as underlying ViTs.

Figure 5 shows the results returned by SIGRATE when the underlying ViT model is ViT-Base. From the analy-
sis of this figure, we can draw some interesting conclusions about SIGRATE’s behavior. In fact, looking at the 
ski image (Fig. 5a), we see that SIGRATE gives great importance to the skis, shoes, and legs of the two people, 
as well as the snow around them.

The Insertion curve reveals that SIGRATE needs only 10% of the patches to correctly classify the image. 
This indicates that our approach can correctly identify the most salient areas. As proof of this, it achieves a very 
high AUC Insertion value of 0.84. When the number of patches exceeds 70%, the values of the Insertion curve 
decrease. This can be explained by the fact that the last patches are very noisy and have been correctly discarded 

Fig. 4  Comparison of the heatmaps returned by SIGRATE and related approaches for four images of ImageNet using ViT-
Base. The first two rows (plate and cup) show misclassifications, with the predicted classes being meat loaf and espresso, 
respectively. The third and fourth rows (granny smith and saltshaker) show scenarios with multiple instances of the same 
object, in which SIGRATE may focus on a single instance
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by SIGRATE. Adding them gradually will only worsen ViT-Base’s confidence in classifying images. The Dele-
tion curve decreases very rapidly with the removal of only 5–10% of the patches, corresponding to a low AUC 
value of 0.16.

Regarding the pickup class (Fig. 5b), we observe that SIGRATE gives very high importance to the whole 
shape, while giving no importance to the background. Considering the Insertion curve, SIGRATE needs 15–20% 
of the patches to correctly classify this image. Beyond 20%, Insertion decreases as the percentage of patches 
increases. The reason is the same as for the previous image. Overall, we get an AUC value of 0.79 for this curve. 
If we consider the Deletion curve, we can see that it decreases rapidly with the removal of 10–15% of the patches, 
which corresponds to a very low AUC value of 0.09.

Fig. 5  Heatmaps, Insertion curves, and Deletion curves obtained by SIGRATE on three images using ViT-Base. The bound-
ing boxes in the images indicate the location of the object to be classified
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As far as the spoonbill image (Fig. 5c) is concerned, the heatmap correctly highlights the spoonbill’s shape, 
to which SIGRATE assigns the most importance. SIGRATE gives less importance to the background near the 
spoonbill and even less importance to the background far from it. The Insertion curve rises rapidly as the number 
of selected patches increases from 10% to 15%, and then settles around the maximum value. This trend indicates 
that SIGRATE is very good at identifying the most salient parts of an image for classification purposes. This is 
confirmed by the AUC for this curve, which has a value of 0.90. Finally, the Deletion curve decreases rapidly as 
the number of patches removed increases from 15% to 20%. The overall AUC for this curve has a value of 0.22, 
which is quite higher (and therefore worse) than the previous two cases, although it is still acceptable.

We now consider the performance of SIGRATE on the same images, but with DeiT-Base as underlying ViT 
model. Fig. 6 shows the results obtained.

Fig. 6  Heatmaps, Insertion curves, and Deletion curves obtained by SIGRATE on three images using DeiT-Base. The bound-
ing boxes in the images indicate the location of the object to be classified
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From the analysis of this figure, we can make some interesting considerations. Regarding the ski image (Fig. 
6a), SIGRATE assigns a lot of importance to the skis. Compared to the ViT-Base heatmap, the DeiT-Base one 
focuses more on salient areas of the image class while giving even less weight to the background. The Insertion 
curve reaches a very high value with very few patches and has an AUC value of 0.88, which is higher than that 
achieved in the ViT-Base case. The Deletion curve has a steep slope at 5–10% of the patches and remains very 
low as the percentage of patches increases. The resulting AUC is very low at 0.09.

Looking at the pickup image (Fig. 6b), we can see that SIGRATE focuses on the center of the pickup, the edges 
of the pickup are less important, and the background is ignored. The Insertion curve reaches a high value at 20% 
of the patches and increases as the percentage of patches increases. In this case, the AUC value is 0.78. Similarly, 
the Deletion curve has a steep slope at 10% of the patches and reaches an AUC of 0.12.

Finally, considering the spoonbill image (Fig. 6c), we can see that SIGRATE correctly identifies the spoonbill’s 
shape. The Insertion curve shows high growth already with only 10% of the patches; the corresponding AUC 
value is very high at 0.89. The Deletion curve shows a steep decrease at 15–20% of the patches and remains very 
low as the percentage of patches increases. In this case, the overall AUC value is 0.21.

After these analyses an important consideration is in order. The analysis based on the Pointing Game that we 
have seen in Sect. 4.2 already showed that the explanations generated by SIGRATE tend to align with human 
annotations, since the most relevant areas identified by the model often fall within the bounding boxes provided 
by ImageNet. Now, by analyzing the heatmaps, we can confirm that SIGRATE consistently focuses on the most 
informative areas of the images, i.e., those also highlighted by human-labeled bounding boxes. These results 
demonstrate that SIGRATE not only can identify salient features for classification but also can ensure that the 
results are consistent with human perceptions.

To conclude our qualitative analysis, we report some examples that highlight another peculiarity of SIGRATE. 
Specifically, we want to test whether it is able to work with images containing two objects belonging to two dif-
ferent classes. It often happens that an image contains objects belonging to different classes, and the presence of 
more than one class could change the explainability results. We performed this analysis by selecting four images 
containing two objects from different classes (e.g., an elephant and a zebra) and computing the saliency map for 
each class. The results are shown in Figs. 7, 8, 9 and 10.

From the analysis of these figures, we can see that SIGRATE can work with complex images containing more 
than one class of objects. For example, if we consider the class elephant in Fig. 7, the saliency map returned by 
SIGRATE correctly highlights the shape of the elephant, while giving little importance to the background and the 
zebra. In contrast, if we consider the class zebra, the saliency map returned by SIGRATE gives great importance 
to the shape of the zebra, while the background and the elephant are almost discarded. The same behavior can 
also be observed in the other figures, where the saliency map obtained by SIGRATE only highlights the object 

Fig. 7  Saliency maps in an image containing two objects from different classes (an elephant and a zebra)
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Fig. 10  Saliency maps in an image containing two objects from different classes (a macaw and a beagle)

 

Fig. 9  Saliency maps in an image containing two objects from different classes (a boxer and a tabby cat)

 

Fig. 8  Saliency maps in an image containing two objects from different classes (a golden retriever and a tabby cat)
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of the selected class. This demonstrates SIGRATE’s ability to accurately distinguish multiple classes of objects 
within a complex image.

4.4   Hyperparameter analysis

In this section, we analyze the impact of SIGRATE’s hyperparameters on its performance. Due to space limita-
tions, our study focuses only on ViT-Base; similar behaviors can be observed in the presence of DeiT-Base.

As a first analysis, we want to test the behavior of SIGRATE with different values of the token ratio r. Recall 
that r defines the maximum length of the walk performed on the similarity graph GSl  (see Sect. 3). The higher 
the value of r, the longer the walk and the greater the number of patches selected to construct a mask. During the 
construction of the walk, it is possible to pass over the same node (and therefore the same patch) several times. 
As a consequence, since a patch can be taken only once, it is possible to obtain masks (much) smaller than the 
maximum size. In Table 7, we report the values of the Insertion, Deletion, and Insertion-Deletion metrics returned 
by SIGRATE when the value of r is 0.25, 0.50, and 0.75. We also report the average mask length for each possible 
value of r. Finally, we show in bold the best value obtained for each column. In these experiments, we assume 
that the value of µ is equal to 12.

From the analysis of this table, we can see that the average mask length is directly proportional to the value 
of r, though a scaling factor is present due to the masks’ dynamic generation mechanism. In fact, when r = 0.75 
(resp., 0.50, 0.25), rather than using 147 (resp., 98, 49) patches for each mask, only 76 (resp., 56, 33) are used 
on average. This emphasizes the effect of the dynamic component behind walk generation. In fact, a significant 
decrease in mask length implies a decrease in computational complexity compared to approaches with a fixed 
mask size (such as ViT-CX [47], RISE [18] or TIS [21]). This table also shows that SIGRATE achieves the best 
performance when r = 0.75.

When r = 0.25, its performance decreases for all metrics and obfuscation methods. This decrease is due to the 
low number of patches selected along the walks. Conversely, when r = 0.50, there is only a slight decrease in 
performance, as can be seen from the values of Deletion and Insertion-Deletion.

Having carried out the analysis on the hyperparameter r, we now present the same study on the other hyperpa-
rameter of SIGRATE, i.e., µ, which indicates the number of masks generated for each layer of the ViT of interest 
(see Sect. 3). Again, we considered the Insertion, Deletion, and Insertion-Deletion metrics and the four obfusca-
tion methods used in the other experiments. In this analysis, we set r equal to 0.75, since this is the optimal value 
identified in the previous experiment. Again, for space reasons, we only report the results obtained with ViT-Base. 
We considered three values of µ, namely µ = 4, µ = 8, and µ = 12. The results obtained are shown in Table 8; 
as in the previous table, we have bolded the best values in each column.

From the analysis of this table, we can see that, as µ increases from 4 to 12, all metrics improve. In particular, 
regarding Insertion, SIGRATE performs well for all values of µ, with slight improvements as µ increases.

Regarding Deletion, SIGRATE achieves optimal results at µ = 12; these results often coincide with the values 
at µ = 8. At µ = 4, Deletion values are slightly higher, and therefore SIGRATE’s performance is slightly worse, 
suggesting that fewer masks per layer limit SIGRATE’s ability to isolate the most critical patches. A similar trend 
is obtained for Insertion-Deletion values. Again SIGRATE achieves optimal values at µ = 12, equal or slightly 
lower values at µ = 8, and further slightly lower values at µ = 4. Since the best results are always obtained with 
µ = 12, we chose this value as the reference one.

In addition to the parameters µ and r, SIGRATE requires setting the decay factor δ, which controls how 
much greedy walks in the similarity graph are encouraged to explore new nodes instead of revisiting previously 
selected ones. Lower values of δ promote broader exploration by progressively reducing the importance of tra-
versed edges, while higher values of δ lead to walks that tend to remain in highly similar regions. We carried out 
a hyperparameter study to analyze the impact of different values of δ on SIGRATE’s performance. Specifically, 
we tested three values of δ, i.e., δ = 0.2, δ = 0.5, and δ = 0.8. Table 9 reports the results of this experiment.
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After analyzing this table and seeking a tradeoff between Insertion and Deletion, we chose δ = 0.5 as the 
default value of this hyperparameter in SIGRATE. This value ensures a balanced behavior, promoting a sufficient 
exploration degree while maintaining the focus on the most relevant regions of the image.

Next, we analyzed the computational load of SIGRATE. The previous experimental results have focused on 
a standard input resolution of 224 × 224 pixels. To evaluate the scalability of our approach and the related ones, 
we analyzed their computational cost to generate explanations both for images of 224 × 224 pixels and for larger 
images of 384 × 384 pixels. Table 10 reports the number of Giga FLOating Point Operations (GFLOPs) and the 
processing time per image (averaged over 100 images) for three values of µ with both resolutions. It also com-
pares these values with those of the other related approaches considered in Sect. 4.2.

The results shown in Table 10 for standard resolution (i.e., 224 × 224 pixels) highlight that, even for the 
most computationally demanding configuration (i.e., µ = 12), SIGRATE is significantly more efficient than most 
existing approaches. Its computational cost is notably lower than that of perturbation-based approaches, such as 
TIS [21], RISE [18], and ViT-CX [47], as well as gradient-based approaches, such as IntegratedGrad [27]. At 
the same time, its faithfulness performance is comparable to or superior to that of these approaches, as seen in 
Tables 1 and 3. As µ increases from 8 to 12, the number of GFLOPs required by SIGRATE increases slightly. 
However, this additional cost is more than offset by the corresponding improvements in Insertion, Deletion and 
Insertion-Deletion, as shown in Table 8. Some methods, such as Chefer1 [17], Chefer2 [56], Finer-CAM [36], 
and KPCA-CAM [35], require fewer GFLOPs than SIGRATE. However, they achieve significantly lower faith-
fulness performance, as highlighted in Tables 1, 2 and 3.

Regarding the processing of higher-resolution images (i.e., 384 × 384 pixels), the results in Table 10 confirm 
SIGRATE’s scalability. The computational load inevitably increases with this higher image resolution; however, 
execution time remains low. The combination of this scaling behavior and the very high faithfulness performance 
values achieved by SIGRATE (see Tables 1 and 3 again) makes our framework particularly suitable for process-
ing high-resolution images where computational resources are a constraint and, at the same time, a high faithful-
ness performance is desired.

Table 11 provides a more detailed analysis of the computational overhead required by SIGRATE and other 
mask-based approaches to generate a single mask. Since SIGRATE uses an adaptive mechanism that creates 
masks of variable length based on image content, the values in the table represent the average time and the 

Approach 224×224 pixels 384×384 pixels
Time (s)↓ GFLOPs↓ Time (s)↓ GFLOPs↓

SIGRATE (µ = 4) 0.31 ± 0.03 512.28 1.17 ± 0.08 1,573.79
SIGRATE (µ = 8) 0.52 ± 0.04 1,085.59 1.70 ± 0.11 3,360.27
SIGRATE (µ = 12) 0.71 ± 0.05 1,703.61 2.21 ± 0.14 5,316.72
TIS [21] 5.42 ± 0.38 17,808.70 16.01 ± 1.12 50,822.06
RISE [18] 36.39 ± 2.45 140,927.36 128.18 ± 8.67 396,006.97
VIT-CX [47] 1.40 ± 0.09 4,918.71 4.60 ± 0.31 9,859.79
Chefer1 [17] 0.59 ± 0.04 377.67 0.68 ± 0.05 1,158.66
Chefer2 [56] 0.04 ± 0.01 105.13 0.12 ± 0.01 336.36
BT H [42] 1.04 ± 0.07 2,264.73 2.73 ± 0.19 7,197.32
BT T [42] 1.11 ± 0.08 2,262.70 2.60 ± 0.17 7,146.51
TAM [45] 0.82 ± 0.06 2,203.77 2.35 ± 0.16 6,965.76
IntegratedGrad [27] 3.15 ± 0.24 3,572.95 11.63 ± 0.89 9,836.21
SmoothGrad [26] 3.36 ± 0.26 3,572.93 12.69 ± 0.95 9,836.16
Finer-CAM [36] 0.06 ± 0.01 85.06 0.48 ± 0.03 294.74
KPCA-CAM [35] 0.10 ± 0.01 170.98 0.21 ± 0.02 98.71
GradCAM [25] 0.07 ± 0.01 100.63 0.18 ± 0.01 118.12
LeGrad [44] 0.05 ± 0.01 35.97 0.19 ± 0.02 106.37
Attention Rollout [40] 0.13 ± 0.01 35.50 0.19 ± 0.02 100.12
GMAR [46] 0.34 ± 0.03 142.28 0.95 ± 0.07 498.06

Table 10  Comparison of the 
execution time and GFLOPs 
required by SIGRATE and 
related approaches to pro-
cess a single image   

Two image resolutions are con-
sidered, i.e.,224 × 224   pixels 
and 384×384 pixels. The table 
shows that SIGRATE is com-
putationally more efficient than 
most related approaches (espe-
cially, the mask-based ones), 
even when the value of µ and the 
image resolution increase
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average GFLOPs needed to generate each mask. These average values were computed using 100 images. As can 
be seen from the table, SIGRATE demonstrates remarkable efficiency and negligible processing time at standard 
resolution, consistently outperforming TIS and ViT-CX. Although the generation cost naturally increases with the 
resolution of the input, it remains orders of magnitude smaller than the inference time of the underlying model 
(i.e., ViT-Base or DeiT-Base). Indeed, most of the computational time used for the execution of the approach (see 
Table 10) is required for the classification of the generated masks. Finally, we note that RISE has virtually zero 
cost for generating masks thanks to its random sampling strategy. However, it typically requires a significantly 
larger number of masks to achieve comparable faithfulness to the other approaches, thus shifting the computa-
tional load to the classification phase (see Table 10).

To conclude the hyperparameter analysis, Table 12 shows an analysis of SIGRATE’s scalability as hyper-
parameters r, µ, and δ vary. This analysis reveals that the number µ of masks and the token ratio r primarily 
influence computational cost. These factors lead to approximately linear growth in the GFLOPs required as their 
values increase. When compared to the performance metrics in Tables 7, 8 and 9, it is evident that the increase in 
computational requirements is justified by the substantial improvements in the Insertion, Deletion, and Insertion-
Deletion metrics. Instead, the decay factor δ has a negligible impact on the GFLOPs required by SIGRATE to 
perform its tasks. This implies that δ can be adjusted to optimize the exploration strategy without incurring addi-
tional computational overhead.

4.5   Ablation study

A key step in SIGRATE is the construction of the similarity graph GSl  on which greedy walks are computed to 
generate saliency masks. To analyze the impact of this component, we conducted an ablation study comparing 
four different strategies to weigh the edges between the nodes representing patch embeddings. These strategies 
are:

Table 11  Comparison of the time and GFLOPs required by SIGRATE and other mask-based approaches for generating a 
single mask
Approach 224×224 pixels 384×384 pixels

Time (s)↓ GFLOPs↓ Time (s)↓ GFLOPs↓
SIGRATE (6.16 ± 0.05) × 10−5 0.10 (2.12 ± 0.03) × 10−4 0.39
TIS [21] (3.21 ± 0.02) × 10−4 1.55 (8.79 ± 0.04) × 10−4 2.08
VIT-CX [47] (5.88 ± 0.04) × 10−4 2.05 (1.96 ± 0.02) × 10−3 4.20
RISE [18] 0 ± 0 0 0 ± 0 0
Two resolutions are considered: 224×224 pixels and 384×384 pixels. The results demonstrate that SIGRATE guarantees a higher efficiency 
than the other approaches slightly increasing both runtime and computational load as resolution increases. The low values of RISE are offset by 
the extremely high values of time and GFLOPs required by this approach to process a single image (see Table 10)

r δ GFLOPs
µ = 4 µ = 8 µ = 12

0.25 0.2 384.02 690.59 1014.94
0.5 384.37 688.70 1015.12
0.8 378.55 681.67 1006.53

0.50 0.2 447.94 886.46 1362.83
0.5 448.60 889.98 1359.76
0.8 447.38 879.12 1353.23

0.75 0.2 511.26 1,080.16 1,707.02
0.5 512.28 1,085.59 1,703.61
0.8 512.79 1,076.91 1,700.20

Table 12  Analysis of SIG-
RATE scalability on images 
of size 224×224 pixels as 
the hyperparameters r, δ and 
µ vary

The values show that the compu-
tational cost (GFLOPs) is mainly 
influenced by the increase in µ 
and r, while remaining substan-
tially stable as δ varies
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	● a similarity-based graph (sim), which uses the cosine similarity between patch embeddings;
	● an attention-based graph (att), which uses the attention scores of each attention layer of the ViT;
	● a combined graph (comb), which integrates similarity and attention information;
	● a Euclidean distance-based graph (dist), which inverts the distance between embeddings and uses this value as 
a similarity measure.

Table 13 reports the Insertion, Deletion, and Insertion-Deletion values obtained with these configurations. In the 
computation of these values, we set µ = 12 and r = 0.75.

The analysis of this table shows that sim achieves the best overall performance. It obtains competitive values 
for Insertion and achieves the best values for Deletion with all obfuscation methods. This leads it to obtain the 
highest Insertion-Deletion values, confirming the effectiveness of the similarity graph in producing both informa-
tive and robust explanations.

att shows Insertion values similar to the ones of sim, but higher Deletion values. This suggests that attention 
alone is insufficient to capture the relational structure between patches and tends to focus exclusively on the 
regions most highlighted by the model, neglecting the surrounding ones.

comb does not improve the performance of att; in fact, it achieves similar results. This indicates that combining 
attention and similarity signals may introduce redundancies or conflicts that reduce the effectiveness of walks in 
selecting the most relevant patches. dist obtains slightly higher absolute values than the other three approaches 
for Insertion. However, this comes at the expense of higher Deletion values, resulting in lower Insertion-Deletion 
values than sim. Based on these results, we chose the similarity-based graph as the default configuration for SIG-
RATE, because it is the best tradeoff between the four approaches.

5  Discussion

The experiments presented in the previous section show SIGRATE’s ability to identify areas of the images that 
led a ViT to predict a particular class. For each attention layer, SIGRATE extracts a set of masks representing the 
relevant and irrelevant areas with respect to that specific part of the model. Each mask is constructed thanks to 
a similarity graph that records the similarity between pairs of patches, and the analysis of the attention that the 
classification (CLS) token places on all the other patches.

SIGRATE starts with the patches that have the highest and lowest attention given by the CLS token and builds 
a set of walks that are the basis for the construction of the masks. It then merges these masks using the coverage 
bias formula. Finally, it obtains a heatmap containing the salient areas of an image that led the ViT to a given 
classification result. A closer visual inspection of the heatmaps, particularly those shown in Figs. 5 and 6, reveals 
a strong correspondence between the areas highlighted by SIGRATE and the actual regions of the objects defined 
by the bounding boxes. Rather than producing coarse or sparse heatmaps, SIGRATE accurately outlines the 
semantic structure and contours of target objects. For example, it captures the specific shape of the pickup truck 
or the skis and legs of the skiers. This precise alignment suggests that similarity-based walks effectively aggre-
gate semantically coherent patches. This ensures that SIGRATE strictly focuses on relevant features and success-
fully suppresses background noise. These qualitative results are validated quantitatively by the results obtained 
for the Pointing Game metric in Table 3. Since this metric is an indicator of localization accuracy, its high values 
obtained by SIGRATE confirm that the masks generated by our framework effectively focus on the actual area of 
the object. These results demonstrate that SIGRATE aligns well with human perception of salience. Furthermore, 
our framework demonstrates remarkable robustness in complex scenarios containing multiple objects of differ-
ent classes, as illustrated in Figs. 7, 8, 9 and 10. In these multi-class images, SIGRATE successfully separates 
the visual content, isolating and highlighting only the specific region relevant to the selected target class, while 
ignoring other co-occurring objects.
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The main advantage of SIGRATE is that it considers the contribution of each attention layer in the resulting 
heatmap. Each attention layer learns different patterns from the image. To represent this knowledge, SIGRATE 
builds a set of masks for each attention layer using the similarity graph and the corresponding walks. In this way, 
it obtains a set of masks from each model layer, which are then merged. Another advantage of SIGRATE over 
mask-based approaches [21, 47] concerns the number of masks required to achieve the performance reported 
in the previous section. SIGRATE uses only 144 masks, while the other approaches require between 70 [47] to 
1024 [21] masks. Moreover, the masks generated by SIGRATE are smaller, thus reducing computational cost, as 
shown in Table 10.

6  Conclusion

In this paper, we proposed SIGRATE, an explainability approach for Vision Transformers based on mask genera-
tion. SIGRATE combines the strengths of attention- and mask-based approaches while overcoming their respec-
tive weaknesses. It addresses this issue through a hybrid framework that: (i) leverages CLS token attention scores 
to select the most and least influential patches, (ii) constructs a layer-specific patch-similarity graph to capture 
patch relationships, and (iii) performs greedy walks on each graph to generate a set of binary masks that perturb 
specific image areas. It then merges these masks using the coverage bias formula. Finally, it reshapes and upsam-
ples the resulting heatmap to the original image resolution, merging global context with causality-driven insights.

Overall, SIGRATE’s main contribution is the generation of explanations through similarity-graph traversal. 
Here, greedy walks on patch-embedding similarity produce structured and consistent sets of masks. To the best of 
our knowledge, this mechanism is not employed by existing ViT explainability approaches. SIGRATE combines 
global importance cues with the similarity structure encoded in patch embeddings by integrating CLS-driven 
relevance with these graph-derived masks. This produces consistent and semantically meaningful heatmaps, as 
confirmed by our experimental evaluation.

We tested SIGRATE using the ViT-Base and DeiT-Base models on a subset of the ImageNet validation set and 
on the BloodMNIST dataset. From the experimental results, we observed that it achieves state-of-the-art perfor-
mance for Insertion, Insertion-Deletion and Pointing Game while it is in line with most related approaches for 
Deletion. Taking into account the required execution time and GFLOPs, SIGRATE shows a better performance 
than most of the tested approaches. The only approaches performing better than SIGRATE on this aspect show 
much lower performance on faithfulness metrics. Finally, we presented a qualitative analysis demonstrating SIG-
RATE’s capabilities on several images, conducted a hyperparameter analysis, and performed an ablation study 
over different graph construction strategies. The whole experimental campaign confirmed that SIGRATE can 
visually highlight the salient areas that led a ViT to a specific classification.

However, in addition to the aforementioned strengths, SIGRATE has some limitations. First, it can only work 
with ViTs that use the classification (i.e., CLS) token. While most ViTs (and Transformers in general) use this 
token, some architectures do not employ it [58, 59]. In these cases, SIGRATE cannot interpret these models 
because the walk computation is based on identifying the most relevant and irrelevant patches according to the 
CLS token. One possible solution is to compute relevance at the penultimate layer by estimating each token’s 
contribution to the final class embedding (e.g., via dot-product similarity or local attention flow). These rel-
evance signals could then replace CLS attention in the mask-generation process, preserving the core structure of 
SIGRATE.

Another limitation is that SIGRATE is not applicable to Hierarchical Vision Transformers, such as Swin [59]. 
These architectures use sliding-window attention, which progressively reduces the number of tokens across lay-
ers. This prevents semantic consistency between tokens at different layers. As a consequence, SIGRATE cannot 
apply the coverage bias formula directly to merge all generated masks into a unified heatmap since the masks 
produced at different layers are not aligned in size or meaning. To address this issue, a mechanism would be 
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needed to estimate how tokens in one layer contribute to those in the next layer so that masks can be upscaled or 
propagated consistently.

A further limitation of SIGRATE is its dependence on the quality of patch embedding similarity. Since similar-
ity graphs are constructed from single-layer embeddings, walks implicitly assume that cosine similarity reliably 
reflects semantic relatedness. However, embedding spaces can vary across layers, as early layers may be noisy, 
while deeper layers may compress or distort information. This can lead to the aggregation of semantically incon-
sistent regions. One possible solution is to incorporate multi-layer representations by combining embeddings or 
similarity signals from multiple layers (e.g., through weighted averages or cross-layer graph fusion). This would 
allow SIGRATE to rely on a more stable and robust representation of patch similarity, reducing its sensitivity to 
the distribution of layer-specific embeddings.

The proposal for overcoming the three limitations mentioned above represent three potential future develop-
ments of the research presented in this paper. Another possible development is the extension of our approach to 
Natural Language Processing Transformers, where a higher number of tokens could lead to longer walks on the 
similarity graph, which might be more difficult to interpret.
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