Explaining Transformers Through Similarity
Difference and Uniqueness Masks — A Pilot Study
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Abstract—The widespread deployment of transformers in text
classification creates the need for interpretable AI systems,
particularly in regulatory-sensitive domains where transparency
is mandatory. This pilot study presents the first adaptation of the
Similarity Difference and Uniqueness (SIDU) method, originally
developed for CNN explainability, to transformer architectures.
We address the challenge of bridging spatial feature maps
to sequential token representations by exploring two masking
strategies: Persistent Homology masking, which utilizes angular
distances between the [CLS] token and context tokens, and
Cosine Similarity masking, based on semantic relationships. Our
approach operates on final hidden layer representations, requir-
ing multiple forward passes to evaluate different mask configu-
rations and compute similarity-uniqueness scores for token-level
explanations. Through quantitative and qualitative evaluation
across diverse text classification scenarios, from movie reviews
to legal document processing, we investigate how transformer
hidden states can be leveraged for explainability. To support this
evaluation, we introduce a novel metric called Average Token
Activation, which captures the mean activation of individual
tokens without relying on any threshold mechanisms typical of
XAI plausibility evaluation metrics. Our findings reveal robust
performance across different domains and classification setups,
providing the first insights into the potential and limitations of
this cross-domain XAI adaptation approach.

Index Terms—XAlI, Transformer Interpretability, NLP Classi-
fication, Token-Level Importance, SIDU

I. INTRODUCTION

The digital transformation of business processes has created
an unprecedented reliance on automated text classification sys-
tems across critical sectors [1f]. Financial institutions process
millions of regulatory documents daily, legal firms depend
on Al systems to categorize case files, healthcare organi-
zations analyze patient feedback at scale, and e-commerce
platforms make real-time content moderation decisions. The
widespread deployment of transformer-based models, such as
BERT [2]] and RoBERTa [3]], has achieved remarkable accu-
racy improvements; however, it has simultaneously created a
transparency crisis that threatens the sustainable adoption of
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Al in high-stakes environments [4]]. The regulatory landscape
has fundamentally shifted the requirements for Al deployment.
The European Union’s Al Act [5] mandates explainability for
high-risk Al systems, while GDPR’s “right to explanation”
extends to automated decision-making processes [6]. Similar
regulatory frameworks emerging globally are transforming
explainability from a desirable feature into a legal necessity.
Organizations can no longer justify deploying “black box”
systems solely based on performance metrics; they must
demonstrate that their Al systems make decisions for the right
reasons.

To address such needs, Explainable AI (XAI) has come into
play as a dedicated field, with methods initially developed
in computer vision that have since been extended to text
and NLP applications. At the core of many XAI methods
are saliency maps (also known as heatmaps in literature),
which provide visual representations of feature importance
by assigning relevance scores to input elements. In text
classification, these maps highlight which words or tokens
most influence the model’s predictions, offering an intuitive
way to understand model behavior. Various techniques have
been developed to generate these saliency maps, each with
distinct advantages and limitations. Gradient-based approaches
like Grad-CAM [7|, for instance, provide effective spatial
explanations for CNNs and have been adapted for text classifi-
cation, though they suffer from gradient instability issues that
make them problematic for production environments. Model-
agnostic methods such as LIME [8] and SHAP [9] offer
broader applicability but are computationally complex and
often highlight contextually irrelevant tokens in a given text.

Of particular interest is the Similarity Difference and
Uniqueness (SIDU) method [10], which operates on the princi-
ple that important regions should be both similar to the overall
prediction pattern and unique compared to other regions. SIDU
has demonstrated success in computer vision and has been
extended to text classification using 1D-CNNs, called SIDU-
TXT [11]. However, to go beyond the specific architecture
limitations of CNNs and leverage the full potential of modern



transformer models, we investigate adapting SIDU to trans-
former architectures. This presents fundamental challenges:
while CNNs process information through hierarchical spatial
feature maps where each channel corresponds to distinct
input regions, transformers use attention mechanisms to create
dynamic relationships between tokens, with the [CLS] token
aggregating information through complex attention patterns
that vary across layers and heads.

While CNNs naturally provide spatial feature maps that can
be directly associated with input pixels and masked to create
explanations, transformers lack this explicit spatial structure.
However, we observe that in the final hidden layer, the [CLS]
token, which aggregates global context for classification, ex-
hibits meaningful relationships with individual context tokens.
These relationships, captured through geometric and semantic
similarity measures in the final hidden space, can serve as a
proxy for the spatial feature relationships that SIDU exploits
in CNNs. By identifying which tokens have strong similarity
patterns with the [CLS] token in this final representation and
exhibit unique characteristics compared to other tokens, we
can construct meaningful masks that preserve the contextual
dependencies inherent in transformer representations. Drawing
inspiration from SIDU as a simple and effective XAI method
that uses feature maps to generate masks in CNNs, we
develop novel masking strategies that exploit the [CLS] token’s
learned relationships with context tokens in the final hidden
space. These relationships, captured through geometric and
semantic similarity measures, serve as a proxy for the spatial
feature relationships that SIDU exploits in CNNs, enabling
us to construct meaningful masks that preserve the contextual
dependencies inherent in transformer representations.

Our main contribution is presenting the first adaptation of
SIDU to transformer architectures by developing two novel
masking strategies that leverage [CLS] token relationships:
Persistent-Homology masking using angular distance matrices
to identify connected token components, and Cosine Similarity
masking based on semantic similarity thresholds. Through
comprehensive evaluation across movie review sentiment anal-
ysis and legal document classification (including challenging
long-text scenarios with paragraph selection strategies), we
demonstrate varying performance characteristics that provide
practical insights for deploying transformer explainability
methods in production environments. Additionally, we also in-
troduce a novel metric called Average Token Activation (ATA)
to support the evaluation of our explainability experiments.
Specifically, ATA quantifies the mean activation of individual
tokens without relying on threshold-based criteria differently
from existing plausibility measures [12], [[13]].

II. PRELIMINARIES AND RELATED WORK

In this section, we introduce basic concepts in natural
language processing useful for a better understanding of the
methods and experiments presented in the remainder of the
paper. We also provide an overview of recent developments in
XAI techniques tailored to the text domain.

A. Text classification

Text classification is a fundamental supervised learning task
where models assign input text documents to one or more
predefined categories. The task involves learning a mapping
function from textual input space to a discrete label space,
enabling automated categorization of documents across di-
verse domains such as sentiment analysis, topic classification,
and legal document processing. Early approaches relied on
handcrafted features like bag-of-words and TF-IDF repre-
sentations, treating text as unordered collections of terms.
Modern deep learning has revolutionized this field through
neural architectures that capture word order and contextual
meaning. Convolutional Neural Networks (CNNs) and Recur-
rent Neural Networks (RNNs) provided initial improvements,
but transformer-based models have achieved state-of-the-art
performance [2]. BERT [2] and its variants, like ROBERTza [3]],
exemplify this advancement, learning rich contextual represen-
tations through self-attention mechanisms. These models are
pre-trained on large corpora using masked language modeling
and next sentence prediction objectives, then fine-tuned for
downstream classification tasks. The bidirectional nature of
BERT allows it to consider both left and right context when
encoding each token.

However, the quadratic computational complexity of self-
attention constrains these models to approximately 512 tokens,
creating significant challenges for real-world applications in-
volving lengthy documents. Legal cases, research articles,
and regulatory texts—domains where explainability is often
mandatory—routinely exceed several thousand tokens. To ad-
dress this limitation, researchers have proposed three main
approaches: (i) Long-sequence transformers like Longformer
[14] and BigBird [15] employ sparse attention patterns to pro-
cess thousands of tokens, though at increased computational
cost; (ii) Hierarchical methods [16[]-[18|] encode document
segments independently before aggregating representations;
and (iii) Text selection strategies [19], [20], including both
simple truncation and more sophisticated paragraph selection
methods, extract relevant portions before classification.

Our work adopts paragraph selection following Tuteja
et al. [21], who demonstrated that strategically select-
ing paragraphs—such as concatenating first and last para-
graphs—achieves near full-document performance while
maintaining efficiency. Unlike simple truncation that blindly
cuts at token boundaries, paragraph selection preserves com-
plete semantic units and leverages document structure. How-
ever, this preprocessing introduces additional complexity for
interpretability, as the decision-making process becomes dis-
tributed across both selection and classification stages.

B. XAI methods for NLP

The remarkable performance of transformers comes with
reduced interpretability, creating urgent demand for explain-
able AI methods in high-stakes applications [22]. Existing
XAI approaches for NLP can be categorized into three main
families, each exhibiting distinct limitations that become par-
ticularly problematic in long-text scenarios: (i) Gradient-



based methods like Grad-CAM variants and Integrated Gra-
dients [23|] compute feature importance through backprop-
agation. While computationally efficient, they suffer from
gradient instability and produce noisy attributions with many
false positives, especially in transformer architectures with
multiple layers and attention heads. (ii) Perturbation-based
approaches such as LIME [8] and SHAP [9] treat models
as black boxes, systematically masking inputs to measure
prediction changes. Though model-agnostic, these methods
have high computational complexity and often violate the
contextual dependencies crucial to transformer effectiveness,
resulting in fragmented explanations where semantically re-
lated tokens are incorrectly separated. (iii) Attention-based
explanations initially appeared promising, but extensive re-
search has demonstrated that attention weights do not reliably
indicate feature importance [24]. Moreover, the multi-head,
multi-layer architecture of transformers makes it unclear which
attention patterns should be interpreted as explanations. A
fundamental challenge across all these methods is granularity:
token-level attributions produce scattered explanations that fail
to preserve semantic context, a problem that compounds when
paragraph selection strategies may exclude crucial context
from the explanation process entirely.

The computer vision community has addressed similar
challenges through the Similarity Difference and Uniqueness
(SIDU) method [10]], which identifies spatially coherent re-
gions that are both similar to the overall prediction pattern and
unique compared to other regions. SIDU-TXT [11] success-
fully adapted these principles to 1D-CNNs for text classifica-
tion by generating meaningful masks rather than isolated token
scores. However, transformers lack the explicit spatial feature
maps that SIDU exploits in CNNs, instead creating dynamic
token relationships through attention mechanisms. This pilot
study investigates whether novel masking strategies based on
[CLS] token relationships can produce finer-grain token-level
explanations that minimize irrelevant highlighting while pre-
serving contextual dependencies, particularly in challenging
long-text classification scenarios.

III. METHODOLOGY

This section presents our explainability method adapted
to Transformer-based text classifiers, producing token-level
saliency maps for model predictions. The explainability
pipeline consists of the following stages:

e Mask crafting deals with generating a set of masks that
will be used to alter the input at the token level.

« Input masking involves applying the generated masks to
the input and evaluating the model’s prediction, allowing
us to measure the contribution of each token.

o SIDU score computation and Heatmap generation cal-
culates the Similarity Difference and Uniqueness scores
for each mask and combines the results from the previous
stages to produce a token-level saliency map. This map
assigns an importance score to each token, indicating its
relevance to the model’s prediction.

For the reason described in Section [, among these three
stages, the first two (Mask crafting and Input masking) require
a deeper analysis to be adapted, as they are tightly coupled
with the underlying Transformer architecture. In contrast, the
third stage (SIDU score computation and Heatmap generation)
can be more directly derived from the original SIDU formu-
lation. Section [[II-A] and Section [II=BI delve into the details
of the first two stages, while Section [[II-C] will focus on the
SIDU score computation and heatmap generation, illustrating
how it builds upon the previous stages. Finally, the evaluation
metrics adopted to assess the effectiveness of the proposed
methods are described in Section [I-D]

A. Mask crafting

As it will be better described in Section SIDU-
transformer relies on masks to produce heatmap explanations
as the original SIDU implementation for computer vision.
This stage in the pipeline is referred to as Mask Crafting
and is responsible for generating a set of masks M at the
token level, which are later applied to the input to assess
the impact of individual tokens on the model’s output. As
highlighted in Section [I} classification using Transformers
is performed on a specific token called [CLS], which is
appended to the input sequence. However, this presents a
challenge for the explanation: the model’s decision is encoded
in the [CLS] token, while the goal of our explanation method
is to attribute importance to the individual context tokens.
Therefore, an important step in the SIDU adaptation is to
establish a principled mechanism for mapping the influence of
each input token onto the final [CLS] token. This mapping
is the focus of the masking process strategies we propose
in this section. To address this, we explore two distinct
strategies: Persistent Homology Mask Crafting (PHMC) and
Cosine Similarity Mask Crafting (CSMC), both designed to
identify structurally or semantically similar tokens; then, we
exploit these geometric properties to create masks.

Persistent Homology Mask Crafting. The PHMC method
leverages topological data analysis to generate masks aiming
to capture the semantic structure encoded within Transformer
tokens. The intuition is to measure and exploit the semantic
alignment between each context token and the [CLS] token,
which aggregates information for the final prediction.

We begin by computing the cosine similarity between the
embedding of each token h; and the [CLS] embedding A,
as shown in Equation [I} This similarity is then transformed
into an angular distance #;, as shown in Equation

. hi . hcls
sim(hi, heis) = 70— W
|hi|‘hcls|
6; = arccos(sim(h;, hs)) )

These angular distances serve as a representation for seman-
tic dissimilarity: smaller angles indicate stronger semantic rel-
evance to the prediction. To capture the pairwise relationships
between all token embeddings in a way that emphasizes these



angular differences, we define a similarity matrix D using
an exponential decay over angular differences, as shown in
Equation

Dli, j] = exp(—|0; — 0;]) 3)

This matrix defines a fully connected weighted graph over
the tokens, where the weights reflect semantic proximity in
the hidden space. To extract meaningful structural information
from this graph, we apply a topological thresholding process.
Specifically, we construct a sequence of simplicial complexes
Complex, by thresholding the edge weights in D. At each
threshold €, an edge between tokens ¢ and j is included in
the complex if D[i,j] > €, grouping connected tokens into
clusters. Finally, we compute the 0-dimensional homology
group Hj at each step, identifying connected components of
semantically similar tokens. Tokens that belong to singleton
components, those that remain isolated at a given threshold, are
considered less semantically relevant and are excluded from
the mask. Conversely, tokens that consistently form stable
groups across multiple thresholds are deemed semantically
significant and are included in the mask.

Cosine Similarity Mask Crafting The CSMC method is
designed to exploit the alignment between each context token
and the [CLS] token to construct a sequence of masks. The
intuition behind this method is that the [CLS] token acts
as an aggregate representation of the entire input sequence,
and its embedding is influenced more strongly by the most
semantically relevant tokens. By quantifying this semantic
alignment through cosine similarity, we aim to infer which
tokens contribute more to the final prediction.

Specifically, we start by computing the cosine similarity
between each contextualized token embedding h; and the
contextualized [CLS] embedding hc. This produces a sim-
ilarity score for each token, reflecting its contribution to the
information encoded in the [CLS] representation.

Based on these similarity scores, we generate a sequence
of binary masks by progressively lowering a cosine similarity
threshold used to determine which context tokens are included.
Initially, only the token with the highest similarity to the
[CLS] embedding is retained. As the threshold decreases,
additional tokens whose similarity to [CLS] exceeds the
current threshold are included in the mask. This process
continues until the threshold reaches its minimum value, at
which point all context tokens are included.

B. Input masking

To adapt SIDU to Transformer-based architectures, we
explore two strategies for input masking. The first approach,
referred to as Token Zeroing, operates directly on the in-
put embeddings. Specifically, for each mask, we replace the
embeddings of the selected tokens to be masked with zero
vectors of the same dimensionality, nullifying their semantic
contribution to the model.

The second strategy, which we denote as Attention Suppres-
sion, intervenes at the level of the model’s attention mecha-

nism. Instead of altering the token embeddings, this method
modifies the self-attention weights during the forward pass.
For each mask, we set the attention weights corresponding to
the masked tokens to zero across all heads and layers.

C. SIDU score computation and Heatmap generation

Following the mask generation strategies described in Sec-
tion and the input masking approach from Section
we now compute the SIDU scores to generate the final token-
level explanation heatmap. The SIDU method evaluates each
mask based on two key metrics: Similarity Difference (SID)
and Uniqueness (U).

Let c be the target class for which we generate explanations.
Since Transformer predictions are class-specific, all computa-
tions are relative to c. For each mask M and masked input
Af, we obtain prediction scores Pf and Py, from the masked
and original inputs. The Similarity Difference SID{ measures
how closely the masked prediction matches the original.

Pc _ pc 2
I1Pg, — Pl ) “

SID; = exp <— 957
o

where o controls the sensitivity of the similarity measure.
This metric assigns higher scores to masks that preserve the
model’s original prediction behavior. The Uniqueness score
U; measures how distinct each mask’s prediction is compared
to all other masks:

N
Uf =Y |1 — Pl (5)
j=1

where N is the total number of masks. This encourages
the selection of masks that capture unique aspects of the
model’s decision-making process. The final SIDU weight for
each mask combines both metrics:

W¢ = SIDS - Uf. ©)

To generate the explanation heatmap S¢, we select the top K
masks with highest weights and compute a weighted average:

1 K
§° = gw - M. 7)

This formulation ensures that the final heatmap highlights
tokens that are both similar to the overall prediction pattern
(high SID) and unique in their contribution (high U), providing
a balanced explanation that captures the most semantically
important features for the model’s decision.

D. Evaluation metrics

Dhaini et al. [13]] proposed an XAI evaluation framework
that organizes explanation quality into three dimensions: faith-
fulness, reflecting how well the explanation represents the
model’s predictions; plausibility, its alignment with human
intuition; and complexity, its interpretability and conciseness.
Given the growing emphasis on human-centered explainabil-
ity and the need for human-understandable explanation in



different domains [25[]-[28], this pilot study of the SIDU
algorithm adaptation places particular focus on plausibility
metrics. For this purpose, we rely on human ground truth
explanations. Specifically, the subsentences that annotators
identify as most relevant to the model’s prediction. We can
use some segments to identify these relevant sub-sentences.
These segments provide a reference for assessing how well
the model architecture aligns with human understanding of
what constitutes a valid explanation.

To quantify this alignment, we introduce a new metric called
Average Token Activation. This metric measures the mean
activation score of each input token, derived from explanation
heatmaps, and serves as a proxy for how much each token
contributes to the model’s final decision. Intuitively, ATA is
similar to other existing plausibility metrics such as IoU-F1
or token-F1 score [12f], [13]], as it aims to identify the input
text parts marked as relevant by humans. However, unlike
threshold-based metrics, ATA captures token importance in
a continuous manner without requiring predefined threshold
values [12], [13]. By computing ATA over annotated relevant
segments (ATArel) and comparing it with ATA over irrelevant
parts (ATA%rr), we assess the concentration of model attention
on the key informative regions.

Formally, given a saliency map composed of different
activation values per each toke S = [s1,82,...,8,] for
an input sequence of length n, and a binary mask M =
[m1,ma,...,my,], where m; = 1if token 4 is within a human-
marked relevant region and 0 otherwise, we define ATA,;
and ATA;,, in Equation [§| Ideally, a well-aligned explanation
yields ATA, ~ 1 and ATA;, ~ 0, indicating that the model
focuses on the same parts as the human annotators.

2y i D s (1—my)
i mi > (1 —my)

IV. EXPERIMENTS

ATA = ATAj, = (3

Datasets. Two publicly available datasets from two distinct
application domains were employed to evaluate the perfor-
mance of the proposed analysis: Movie Reviews (MR) [29]]
in the context of sentiment analysis, and the AsyLex [30]]
dataset from the legal domain. MR [29] consists of 2000
user-generated movie reviews characterized by an average text
length of 132 characters. The output labels associated with
each text review are a binary label corresponding to positive
or negative sentiment. The AsyLex dataset [30] provides a
large-scale long-text collection of 59,112 documents related to
refugee status determination decisions in Canada, spanning the
years 1996 to 2022. To evaluate the versatility of the proposed
method, we considered two classification configurations: (i)
a binary classification setup, where each case is labeled as
either accepted or rejected considering the OUTCOME of
the final decision; and (ii) a multi-class classification setup
focused on NORP classification, in which each document
is annotated based on mentions of nationalities, religious
affiliations, political ideologies, or ethnic groups defined as
legally relevant and curated in collaboration with legal experts.

A. Text classification results

To address the classification tasks, we employed two
widely used Transformer-based architectures: BERT [2] and
RoBERTa [3]], both initialized with pretrained weights from
the Hugging Face Transformers library. Specifically, we used
bert-base-uncased and roberta-base, which are
pretrained on large-scale English corpora including BooksCor-
pus and English Wikipedia (for BERT), and a broader col-
lection of news, web text, and Common Crawl data (for
RoBERTa). Each model was fine-tuned for 20 epochs on all
datasets using the Adam optimizer [31]. We explored a range
of learning rates [le~4,5¢7° 1e=5,5e 7% 1e75] and fixed the
batch size to 32.

Given the length of the documents in the AsyLex dataset,
which exceeds the input size limit of the employed Trans-
former models, we adopted paragraph selection strategies
described in Section Specifically, we report results for
three selection approaches: First, where the model processes
only the initial paragraph of each document; Last, which uses
the final paragraph; and Random, where a single paragraph
is randomly sampled from the document. The classification
results of MR, AsyLex-OUTCOME, and AsyLex-NORP are
shown in Tables [I| [l and [[TI] respectively.

TABLE I
CLASSIFICATION EVALUATION ON MR.

Model Acc Prec Recall

BERT 9246 9247 9246

RoBERTa 9146 9145 91.46
TABLE 11

CLASSIFICATION EVALUATION ON ASYLEX-OUTCOME.

Parag. Sel.  Model Acc Prec  Recall
First BERT 87.43 8430 8351
RoBERTa  87.25 83.61 84.55

Last BERT 98.23 9790  97.60
RoBERTa 97.74 97.16 97.11

Random BERT 90.62 89.71  85.90
ando RoBERTa 90.61 8836  87.63

TABLE 111

CLASSIFICATION EVALUATION ON ASYLEX-NORP.

Parag. Sel.  Model Acc Prec Recall
First BERT 7894 7406 7595
) RoBERTa 7836  73.62  76.03
Last BERT 7485 71.08  71.32
RoBERTa 7388 69.76  69.97

Random BERT 7875 7471  73.86
RoBERTa 7875 76.10 75.84




B. XAl results

In this section, we report the results obtained from the
proposed SIDU adaptation. We compare the SIDU version
relying on persistent homology to generate masks (SIDU-
PHMC) and the one based on cosine similarity (SIDU-CSMC)
against established explainability methods, including LIME
and SHAP. The explanation evaluation results of MR, AsyLex-
OUTCOME, and AsyLex-NORP are shown in Tables

and respectively.

TABLE IV
EXPLANATION EVALUATION ON MR

BERT RoBERTa
Model  ATA,e; +  ATAjy L ATApe T ATAg L
PHMC  0.821 0.814 0.892 0.899
CSMC  0.735 0.341 0.802 0.456
SHAP 0.583 0.030 0.678 0.042
LIME 0.312 0.011 0.356 0.009

V. DISCUSSION

First, the SIDU-PHMC variant appears to be ineffective in
distinguishing between relevant and irrelevant tokens. This
is evident from Tables [Vl and [VI] where the difference
between ATArel and ATAirr is almost absent across all datasets
and architectures, indicating that the attributions generated by
SIDU-PHMC are essentially random with respect to human-
annotated relevance. Qualitative evidence from Figures [T]and [2]
(first sentence) further supports this, showing spotty heatmaps
with no clear separation between relevant and irrelevant re-
gions. In contrast, SIDU-CSMC shows substantially better
performance. Quantitatively, it achieves higher ATArel than
ATAirr, confirming its ability to correctly identify tokens
considered important by human annotators. This trend is con-
sistent across Tables and [V1] and holds for SHAP and
LIME as well. However, SIDU-CSMC yields comparatively
higher ATA scores for both relevant and irrelevant tokens. This
indicates that, although it tends to capture relevant information,
it may also partially attribute importance to tokens that are not
explicitly marked as relevant by experts. In contrast, SHAP and
LIME typically highlight shorter phrases or isolated words
with lower overall attribution intensity. From a qualitative
standpoint, SIDU-CSMC demonstrates a closer alignment with
human reasoning than SHAP and LIME. Human explanations
often span entire phrases or sentences, rather than individual
tokens. SIDU-CSMC reflects this behavior, producing more
coherent and contiguous attribution maps across sequences
of related tokens. As illustrated in Figures [1| and [2| (second
sentence), the highlighted regions generated by SIDU-CSMC
tend to follow a consistent semantic flow, unlike the more
fragmented outputs produced by SHAP and LIME.

VI. CONCLUSION

In this pilot study, we introduced the first adaptation of
the SIDU framework to transformer-based models, aiming to

enhance the interpretability of text classification tasks through
token-level explanations. Our investigation centered on two
novel masking strategies, Persistent Homology-based Masking
and Cosine Similarity-based Masking, applied to final hidden
layer representations of transformers. While SIDU-PHMC
failed to produce meaningful heatmaps to explain transformer
predictions, SIDU-CSMC demonstrated promising results, ef-
fectively highlighting relevant tokens in text sequences.
Quantitative and qualitative analyses revealed that SIDU-
CSMC not only achieves a clearer separation between relevant
and irrelevant tokens than SIDU-PHMC, but is also more
in line with human reasoning, favouring semantically more
coherent token activations than isolated words. Despite its en-
couraging results, this study remains exploratory. Future work
should focus on optimizing the mask crafting computation of
SIDU, extending the evaluation to additional NLP tasks.
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Fig. 1. Visual explanation of BERT model prediction on a sample from the MR dataset belonging to the negative sentiment class. The explanations are

generated using, from top to bottom: SIDU-PHMC, SIDU-CSMC, SHAP, and LIME. Underlined in red the sentences marked as relevant by humans.
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Fig. 2. Visual explanation of a RoBERTa model prediction on a sample from the MR dataset belonging to the positive sentiment class. The explanations
are generated using, from top to bottom: SIDU-PHMC, SIDU-CSMC, SHAP, and LIME. Underlined in red the sentences marked as relevant by humans.
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