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also tend to agree more on the most important tokens, whereas models align better when consid-
ering all tokens, reflecting divergent sensitivities to granularity. Prediction class matters as well:
humans are more consistent on opinion texts, while models show greater stability on news. To
refine our variability analysis, we apply discretization schemes aligning LRP values with cate-
gorical human judgments. Both linear and human-aligned discretization increase similarity with
human explanations and thus improve visual plausibility in aggregated attention maps without
altering model predictions. These findings suggest that model explanations are not systematically
more variable than human ones but follow different dynamics depending on representation and
scope. They also highlight the Rashomon effect in LLM explainability, showing that agreement on
outputs does not imply convergence in reasoning. Our work demonstrates how methodological
choices shape explanation variability and offers practical insights for bridging faithfulness and
plausibility in explainable NLP.
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1. Introduction

Transformer-based language models such as BERT (Devlin et al|[2019) or GPT-4
(Achiam et al|2023) have significantly advanced the state of the art in many natural
language processing (NLP) tasks. However, despite their efficiency, these models
remain largely opaque, raising concerns around the transparency and interpretability
of their decisions (Lipton|2018). A growing body of research has proposed explainability
methods, such as model perturbation (Cavalcanti et al.|2024) and layer-wise relevance
propagation (LRP) (Chefer, Gur, and Wolf|2021), to shed light on model behavior. These
methods produce model explanations, which are representations of which parts of
the input most influenced a given prediction. In NLP, these explanations often take
the form of token-level importance maps, sometimes visualized as highlighted text
indicating the most influential words or phrases (Lyu, Apidianaki, and Callison-Burch
2024). Such visualizations allow both researchers and lay users to qualitatively inspect
what the model “attends to” when making a decision.

While these methods can provide useful insights, they also raise questions about
the reliability of the explanations they produce. More specifically, it has been observed
that in the presence of randomness in the training process, a large set of models with
similar performances may arise from training (Breiman|2001). This phenomenon,
usually called the Rashomon effect in social sciences, has recently gained interest in
the explainable machine learning community (Miiller et al.2023). In particular, the
work of |Bogaert et al| (2023) showed that language models belonging to the same
Rashomon set (also referred to as equivalent models, i.e. models whose differences in
efficiency for a given task are not statistically significant) may explain their decisions
using different features, raising questions about their agreement or variability.[Watson,
Hasan, and Moubayed|(2022) showed that similar effects can be observed in the context
of image classification. This paper focuses on this type of variability. We investigate
whether explanations extracted from large language models (LLMs) are more or
less stable than explanations provided by humans and if they share similar trends.
Most prior work has evaluated the quality of these explanations by comparing single
explanations from humans and models on the same input. For example, Sen et al.
(2020) compared transformer-derived token attention maps with so-called “human
attention maps” of the same predicted texts, measuring the degree of overlap between
the sets of highlighted tokens. While informative on the textual information captured
by humans and models, such approaches overlook an important factor: the variability
of explanations across multiple annotators or across multiple functionally equivalent
models producing explanations for the same prediction of the same text.

We also aim to address broader questions about explainability in complex models.
Specifically, we explore whether the decisions of highly complex models such as BERT-
like LLMs can be explained simply enough to be interpretable by humans, and whether
the variability observed in the explanations of equivalent models” decisions is similar
to the inter-annotator disagreement. In contrast to ensemble explanation approaches
such as the one proposed by Krishna et al.[(2022), which aggregate explanations from
different methods and models, we do not attempt to construct consensus maps. Instead,
we treat the raw distribution of explanations (across both multiple humans and models)
as the central object of study. This allows us to directly measure and compare the
intrinsic variability of explanations in each group.
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Two key criteria are often discussed in the explainability literature: plausibility (how
convincing an explanation is to a human observer) and faithfulness (how accurately
the explanation reflects the actual decision-making process of the model) (Jacovi and
Goldberg| 2020). We restrict our analysis to token-level post-hoc model explanations
obtained via Layerwise Relevance Propagation (LRP)(Chefer, Gur, and Wolfj 2021),
a deterministic explanation method for a given model instance, which we consider,
despite not being perfect, to be sufficiently faithful (Lyu, Apidianaki, and Callison-
Burch|2024). At the same time, we investigate to what extent such explanations can also
be judged as plausible. Importantly, we deliberately use this deterministic explanation
method and do not use generative explanations (such as chain-of-thought reasoning)
because these are non-deterministic by nature: the same model may generate different
verbal justifications for identical predictions (Turpin et al.|[2023). Our focus, instead,
is on measurable stability, a property that cannot be properly assessed in generative
outputs.

After presenting the state-of-the-art on variability in transformer and human
explanations of text classification tasks, we present the data and methods used for
our case experiment, which consists in classifying journalistic excerpts as belonging
to the news or opinion genre (henceforth referred to as ’classes’ in the context of the
text classification task). While this experiment was carried out with French texts, the
method presented in the paper is language-agnostic.

Our contributions are threefold: (1) we introduce a systematic framework for
quantifying the variability of explanations within and across groups of equivalent
models and human annotators; (2) we provide empirical evidence that the stability of
model explanations differs markedly from that of human explanations, and that these
differences vary across text classes and explanation formats; (3) we show that simple
post-processing strategies, inspired by human annotation patterns, can substantially
reduce the gap in stability between model and human explanations.

The rest of the paper is structured as follows. Section [2| summarizes prior works
in related fields. Section resents methods and data. Results are detailed in section [4}
then discussed in section [5| Attention map visualizations of the text examples are also
used throughout the paper.

2. Prior Works
2.1 LLM Explainability and Sensitivity to Randomness

Large language models (LLMs), particularly transformer-based architectures, have
achieved impressive performance across a range of natural language processing tasks,
such as text classification (Acheampong, Nunoo-Mensah, and Chen|[2021). However,
crucial concerns are still raised about the explainability of the predictions made by
transformer models. Two widely discussed criteria in the explainability literature are
plausibility (how convincing an explanation is to a human observer) and faithfulness
(how accurately the explanation reflects the actual decision-making process of the
model) (Jacovi and Goldberg| 2020; |Agarwal, Tanneru, and Lakkarajul 2024). Many
proposed explanation methods for LLMs, such as input perturbation or attention
probing, fall short of at least one of these criteria (Lyu, Apidianaki, and Callison-Burch
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2024).

Beyond these criteria, several studies highlight the notion of sensitivity as an
additional dimension for evaluating explanation quality (Adebayo et al.|2018;Yeh et al.
2019; Manna and Sett|2024). In a broad sense, sensitivity captures how explanations
respond to variations in the input or in the modeling process, and is often used as a
criterion for their reliability. In this perspective, explanations should be sensitive to
variations that affect the model’s prediction, and invariant to those that do not.

In this work, we focus on a specific case of sensitivity: the sensitivity of explanations
to randomness in the training process, such as changes in hyperparameters like learning
rate, batch size, or even random seed. As suggested in[Bogaert et al| (2023)] even when
models remain functionally equivalent in terms of their predictions, their explanations
of these predictions can diverge significantly under such variations. However, one
should remain cautious: a given prediction may admit multiple plausible explanations,
but explanations that vary in an essentially arbitrary or uniformly distributed way
provide little insight into the model’s actual reasoning.

2.2 Variability in Human Annotations

Many experiments in formal linguistics or NLP rely on human-annotated texts
that serve as training data or as a gold standard for evaluating models. Tasks
such as sentiment analysis or text classification often depend on labeled datasets,
manually annotated by human participants or experts (Wankhade, Rao, and Kulkarni
2022). However, human annotation of linguistic data presents several challenges
(Mieleszczenko-Kowszewicz et al.[2023).

Crowd-sourced data may suffer from inconsistent quality due to annotators’ vary-
ing levels of expertise or dedication to the task (Basile et al.|2021). Moreover, it is crucial
to remain aware that the representations, knowledge, and subjectivity of annotators
always exert an influence on the results of their annotations (Sap et al.|[2021), which
may have an impact on the reliability of annotated datasets. Even expert annotators
frequently disagree, especially on tasks involving subjective or ambiguous categories
(Jiang and de Marneffe|[2022). This phenomenon of disagreement is often discussed in
terms of inter-annotator agreement (IAA), where low IAA can limit the reliability of the
annotated data. More recently, this variability in labels has been formally conceptual-
ized as Human Label Variation, a term popularized by Barbara Plank (Plank|2022). This
reframing highlights that the variability of labels assigned by different annotators to the
same item is not merely "noise" or a failure of annotation, but rather a valuable piece
of linguistic information. Human Label Variation may reflect the inherent nuance or
complexity of a task (Wiebe et al.[2004; Weber-Genzel et al.2024), or genuine differences
in human interpretation that models should potentially be designed to capture.

2.3 Opinion vs. News Classification

The journalistic world traditionally separates their production in two main classes:
opinion articles, such as columns and editorials, which are overtly subjective,

1 This paper was translated into English in|[Bogaert et al.| (2024)
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and news, which includes all press content intended to follow the standards of
journalistic objectivity (Schudson|2001; Esser and Umbricht|2014). In today’s media
ecosystem, where information is disseminated via the (mostly) uncontrolled and
unprofessionalized channels of digital social networks and where users are placing
less and less trust in traditional media (Latkin et al.[2023; Newman et al.[2024), it
is important to be able to clearly distinguish between opinion and news content. To
this end, automated text classification can improve citizens” ability to navigate online
information, improving their understanding of societal issues, and helping them form
their own opinions.

In the NLP field, classifying press articles according to their genre is a popular
automation task, in English as well as in less-resourced languages such as French
(Katari and Myneni|2020; |Vernier, Monceaux, and Daille|2009; Todirascu|2019). It can be
accomplished to some degree with traditional feature-based or dictionary-based bag-
of-words approaches (Kriiger et al.|2017), or through more complex dynamic systems
also capturing discursive information such as argumentation or figurative language
(Benamara, Taboada, and Mathieu|2017). Studies have demonstrated that transformer
models such as BERT or RoBERTa (Devlin et al.[[2019; [Liu et al.|2019) are able to
predict text genre, in particular distinguishing between journalistic genres, with higher
accuracy than previous state-of-the-art NLP models (Alhindi, Muresan, and Preotiuc-
Pietro|2020; Singh, Chun, and Atluri|2020).

3. Methods
3.1 Data

Two different datasets are described in this section: the large dataset using as training
corpus for fine-tuning the text classification models, and the small dataset which was
both annotated by human participants and used as a test set for the models.

For the transformer-based classification experiment, the corpus used for fine-tuning
the models is a subset of the corpus of 80,000 texts introduced by [Escouflaire et al.
(2024). This corpus contains 8,000 press articles written in French, published by the
four Belgian media mentioned above, balanced between the opinion and news classes.
In total, the fine-tuning corpus contains 5.3 million tokens. The preprocessing steps
follow the steps described in|Bogaert et al.|(2023), which include dynamic truncation of
the text before the 512-token limit of the model.

The sample of texts analyzed in this paper contains 60 texts selected from the test
set (1,000 texts) of the Belgian journalistic texts corpus introduced by [Escouflaire et al.
(2024). All texts are excerpts consisting of the first paragraph or first lines of press
articles written in French, published between 2014 and 2024 by four different Belgian
media: public service news website RTBF Actus, regional daily newspaper L"Avenir, and
national daily newspapers Le Soir and La Libre. The texts contain between 69 and 129
tokens and were selected following several criteria: 30 are excerpts of texts considered
by the media in which they were published as belonging to the opinion class, 30 to
the news class. Of those 60 excerpts, 40 were predicted by the linguistic feature-based
classification model (logistic regression) used in [Bogaert et al.| (2023) as very close to
their corresponding class (regression score between 0 and 0.2 and between 0.8 and 1),
while 20 were not as clearly classified by the model (regression score between 0.3 and
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0.7).
All code and data is available on Githubf
3.2 Human Annotations

We collected manual annotations of the texts through an experiment involving
42 human annotators, all native French speakers, who were tasked with reading
journalistic texts, classifying them as either news or opinion and explaining their
decisions by highlighting relevant segments of the text. Of the 42 participants, 26
are master’s students of journalism in Belgium, aged between 21 and 24 (except two
students aged 29 and 43). All students willingly participated in the experiment, in
the context of a course on information literacy. They were given the choice between
participating in this experiment or writing a short essay on journalistic objectivity.
Respect of deadlines and serious participation in the experiment were the only explicit
criteria for the evaluation of the course. In addition to the 26 students, 16 additional
annotators were recruited through social networks. They are 27 years old on average,
occupy a variety of professions (e.g., lawyers, IT specialists, researchers), and have
also agreed to take part in our experiment willingly. All 42 participants signed a
consent form for their participation in the experiment. The design of the experiment
was approved by the ethical board of the Institute for Language & Communication
(UCLouvain).

Annotations were collected using a custom made platform inspired by PADDLe
(Pirali, Francois, and Gala2022). The platform was designed to enable participants to
create an account, log in and out, and annotate excerpts at their own pace. For each
excerpt, participants completed three annotation steps, similarly to what was done
by [Escouflaire, Descampe, and Fairon| (2024): (1) reading the excerpt and selecting the
journalistic genre it belongs to (opinion or news); (2) indicating their level of confidence
in this choice on a scale from 1 (not confident at all) to 5 (absolutely confident); and (3)
highlighting the textual elements that led them to choose one class over the other.
In the third step, annotators could use three colors to indicate the importance of
each highlighted element: yellow (slightly important), orange (important), and red (very
important). Additionally, an optional free-text field allowed annotators to provide
further comments or considerations. Figure [I] provides an example annotation made by
a student for a given text[]

The first step of the annotation campaign, involving the 26 student participants,
lasted four weeks (from October 21st to November 17th, 2024). Each Monday, students

2 https://github.com/louisescouflaire/HumanSvsLLMS
3 English translation of the annotation interface in Figure
Read the excerpt below carefully.
[Excerpt]
According to you, is this excerpt from an opinion article or a news article?
How confident are you with your classification? [Not confident at all 1 2 3 4 5 Absolutely confident]
Highlight in the excerpt below the elements that led you to choose the opinion category. Choose the
highlighting color according to the importance of the element in your choice.
Keys: Slightly important (yellow), Important (orange), Very important (red), Erase selection (white),
Cancel all highlights.
Would you like to explain your decision (opinion or news) in another way? Or do you have additional
considerations about this excerpt?


https://github.com/louisescouflaire/HumanSvsLLMS
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Lisez attentivement I'extrait ci-dessous.

Il est important qu'un pays séculier puisse se préserver des dogmes religieux. C'est ce qui garantit le vivre
ensemble. Le port du voile n'est pas interdit dans la sphere privée et dans I'espace public contrairement a ce que
veulent faire croire les islamistes qui utilisent la victimisation et profitent des élections pour relancer la
polémique. Parce que, contrairement a ce qu'ils prétendent, le port du voile n'est pas une obsession de la
société belge. C'est bien |a leur stratégie politique de victimisation. Hélas, bien souvent, les musulmans qui ne
sont pas militants ne comprennent pas eux-mémes les enjeux.

D'aprés vous, cet extrait est-il issu d'un article d'opinion ou d'information ?

m Information

A quel point &tes-vous certain de votre classification ?

Pas du tout certain ‘ 2 3 n Absolument cerfain

Surlignez dans l'extrait ci-dessous les éléments qui vous ont fait choisir la catégorie opinion. Choisissez
la couleur de surlignage selon lI'importance de I'élément dans votre choix.

Il est important qu'un pays séculier puisse se préserver des dogmes religieux. O N pou important
C'est ce qui garantit le vivre ensemble. Le port du voile n'est pas interdit dans la
sphére privée et dans l'espace public contrairement a ce que veulent faire croire
les islamistes qui utilisent la victimisation et profitent des élections pour relancer
la polémique. Parce que, contrairement a ce qu'ils prétendent, le port du voile
n'est pas une obsession de la société belge. C'est bien la leur stratégie politique . Tras important
de victimisation. - bien souvent, les musulmans qui ne sont pas militants ne

comprennent pas eux-mémes les enjeux.

Important

Effacer la selection

Annuler tous les surlignements

Voulez-vous expliquer votre décision (Opinion ou Information) d'une autre maniére ? Ou avez-vous
des considérations supplémentaires sur cet extrait ?

Ecrivez ici vos considérations supplémentaires...

Figure 1: Screenshot of an annotation made using the custom interface used for the
experiment.

were assigned 15 random texts from the corpus, which they had to annotate by the
following Sunday. By the end of the campaign, all 26 students had annotated each of
the 60 texts. Only 16 texts were unanimously categorized under the same class by all 26
annotators (6 as opinion, 10 as news). From these 16 texts, 10 (5 per class) were randomly
selected for further annotation. The second step of the experiment, involving the 16
additional participants, lasted between December 10th, 2024, to January 31st, 2025. They
were given the 10 selected texts in random order and as much time as they needed to
read and annotate them. Most participants annotated all the texts in a single session,
a few spread them out over several days. One of the 16 annotators completed only 6
out of 10 annotations, while all others annotated all 10 excerpts. In the end, 6 texts were
annotated by 42 different annotators, and 4 texts by 41.

3.3 Attention-based Explanations
The model used to predict the class of the texts and from which explanations were

generated is the case-insensitive base version of CamemBERT, containing 110 million
parameters (Martin et al|2020). CamemBERT relies on the architecture of RoBERTa
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and was pre-trained on French data (Liu et al.|[2019). We chose CamemBERT over
other French or multilingual transformer models because of its compatibility with
the method used for providing explanations: Layer-wise Relevance Propagation (LRP)
(Chefer, Gur, and Wolf|2021).

LRP belongs to the class of post-hoc local explanation methods, which aim to
attribute a model’s prediction to specific input features (here, individual tokens in the
text) by back-propagating relevance scores from the output layer through the network.
Originally proposed by Bach et al. (2015) and adapted to NLP settings by |Arras et al.
(2017), LRP redistributes the scores layer by layer according to conservation constraints,
assigning to each token a relevance value that reflects its contribution to the final
decision. While several categories of local explanation methods exist, back-propagation
based methods such as LRP offer a direct view into the model’s internal reasoning and
allow for the representation of explanations in the form of attention maps suited for
human insight (see section [3.4). This makes LRP particularly suited for analyzing the
sensitivity of explanations to hyper-parameters in transformer models. Finally, a crucial
feature of LRP for our study is that it produces deterministic explanations for a given
model instance: the same input and the same model parameters always yield the same
explanation, on the contrary of other post-hoc local methods, such as perturbation-
based explanations (?). This determinism is crucial, as it allows us to isolate the effect of
randomness introduced during model training. Moreover, in line with previous works,
we assume that back-propagation provides explanations that are sufficiently faithful
and interpretable at the token level to give meaningful insights, while acknowledging
that this faithfulness is not perfect.

For this experiment, we fine-tuned CamemBERT on the opinion vs. news
classification task using the training set of 8,000 texts, perfectly balanced between
the two classes (4,000 opinion and 4,000 news texts). The hyper-parameters used are the
same as those used by Bogaert et al.| (2023) learning rate of 2 x 1075, batch size of 4, and
2 epochs. To generate 100 equivalent versions of the fine-tuned model, we replicate the
fine-tuning step on the same corpus separately, using 100 different random seeds (0 to
99).

Then, we have all 100 equivalent models predict the class of the 10 texts which
constitute our target sample. Finally, using the LRP method, we generate an explanation
of each prediction made by each model for each text, resulting in a set of 1,000 attention-
based explanations.

3.4 Comparable Explanation Formats

Our goal is to produce explanation formats that are as comparable as possible between
human annotations and model-based attention scores, while being explicit about the
limitations of this approach. We therefore represent both human and model-generated
explanations using attention maps, formatted as vectors associating each token with an
importance value, and allowing for visualizations which are easily interpretable and
enhance the plausibility of explanations to human readers (Sen et al.|[2020). Although
attention maps primarily offer localized, token-level insights and may not capture
higher-level features such as long-range dependencies or syntactic relations, their
clarity makes them well-suited for comparing explanations across different sources
(human vs. LRP explanations).
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For human explanations, attention maps are computed by aggregating the
highlights of all annotators who selected the same class (opinion or news) for the
same text. For example, the human attention map presented in Figure (News 2)
represents a vector combining the annotations of 34 participants. Each token is assigned
a score depending on whether it was not highlighted (0), slightly important (0.33),
important (0.66), or very important (1). These scores are then averaged and normalized
between 0 and 1 across the tokens of the text. We acknowledge that these values are
chosen arbitrarily and may not perfectly reflect the relative importance perceived by
annotators (e.g., an “important” highlight may not actually be twice as relevant as
a “slightly important” one), but they provide a consistent and reproducible way to
aggregate human explanations.

Model-based attention maps, in contrast, are inherently continuous: each token
is associated with a value between 0 and 1. To allow direct comparison with human
explanations, we discretized these continuous values into four categories matching
those used for human annotations: not highlighted (0.0-0.25), slightly important (0.25-
0.50), important (0.50-0.75), and very important (0.75-1.0). While these ranges are again
arbitrary and may be replaced by alternative thresholds, they ensure a consistent
discretization across models. To better match the color distributions of human
annotations, we also experimented with text-specific thresholds (detailed in section[3.6).

As illustrated in Figures[I2]and [14} both human and LRP explanations are visualized
using color-coded attention maps. For opinion predictions, tokens are highlighted in
shades of red (most important), orange, and yellow (least important); for news predic-
tions, shades of blue, teal, and green are used. This formatting is inspired by |Sen et al.
(2020), and adapted by [Escouflaire, Descampe, and Fairon| (2024) to aggregate multiple
explanations of a given text, making variability or disagreement between annotators
visually salient.

3.5 Explanation stability and Measures of Similarity

The main observation in |Bogaert et al| (2023) is that functionally equivalent models
can provide the same label but different explanations, raising a need to characterize
their sensitivity to randomness in training. For this purpose, one can construct an
explanation matrix of m rows (corresponding to different models) and n columns
(corresponding to words in the text), where each a;,, corresponds to the relevance
value assigned by the s-th model to the word at the w-th position, as showed in Figure[2]

n words

" ai1 aiz2 a1.n
o]
=
Q a1 A22
S
g :

a’m,l ...... am7n

Figure 2: Explanation Matrix

Since we hypothesize that human annotators won’t consider that all the words are
relevant, we can post-process our LRP explanation in order to mimic this phenomenon.
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To do so, we can evaluate so-called k-word explanations, obtained by keeping only the
0 < k < n highest relevance values of each explanation, and by assigning a relevance of
0 to all the other tokens.

) asw if As . € TOPk(a's,:)7
Gs,w {O oth. @

Finally, to measure the similarity between the different explanations, we use the
Mean Correlation With Mean Explanation (MCWME) metric introduced in Bogaert,
Descampe, and Standaert (2025). This metric is obtained by repetitively computing the
correlation between one explanation and the average of all the others, and by averaging
these correlations in the end. Figure [3|shows a scheme of how the metric is computed.
The MCWME metric allows us to evaluate the general similarity of all the explanations.
The choice of this metric arises from our explanation format, and we note that working
with more complex explanations (e.g. displaying multiple relevance values per word,
using combinations of words or studying other statistical moments) may require to use
other metrics to study their similarity.

ainnnnin

[ P2 _ _ ~
E;  E;=Average (VE\E)) = LTI —=ij
[ : TP

p; = Pearson_Corr (E;, E;)

innannnil

Figure 3: To obtain the MCWME, we first compute the Pearson correlation between an
explanation and the average of all the others. We then repeat the process for all the
explanations, and end by averaging all the obtained correlations.

As long as we can sort the words in an explanation by their importance (which is
the case for explanations displaying continuous values for each word), we can compute
a plot of the MCWME with respect to k and evaluate if the explanations differ or not on
the most relevant words. Figure [d shows such a plot. For human explanations, which
are discrete by design (only 4 different categories or colors can be used to identify
relevant words), we can not sort the words among each of the colors. It means that it is
not possible to get a unique explanation containing the k£ most relevant values for all
possible values of k. The only easy way to obtain explanations is the trivial top-N one,
were we keep all the relevance values given by all the annotators. In order to have a
similarity value for shorter explanation as well, we also compute the fop-1 MCWME
by applying the procedure illustrated in Figure 5 We first create all variations of an
explanation, that we denote as a block, by considering that each of the words having
the highest relevance values is the top-1 word. For example, for an explanation where
words would be highlighted in red by the human annotators, we generate x variations,
each of them having one of these x words assigned with the highest relevance value

10
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Figure 4: Correlations with Mean Explanation for 100 seeds (left) and Mean Correlation
With Mean Explanation, with confidence intervals (right), for News 5.

and all the others being assigned a relevance of 0 We then obtain the MCWME by first
computing the Pearson correlation between each explanation and the average of the
explanations in the other blocks. We finally compute the average correlation by block
before averaging the values obtained for all the blocks.

It follows that for human explanations, we only compute the top-1 and top-N
MCWME values (the first and last points of the plots in Figure [4).

Pp1=Avg (p; € By)

[ — P2 =AVE (D; € By)
E;  E;=Average (VE\E, € Bloc(i)) =) _ 3 ﬁBj
- " i p= m
p; = Pearson_Corr (E;, E;) Pem =AVg (D; € B)

Figure 5: An example of MCWME computation for top-1 explanations coming from
discrete explanations with respectively 2, 3, ... and N words with the highest relevance
score.

3.6 Explanation discretization

To compare the LRP and the human explanations, we post-process them in order to
have a similar format. Since we can not turn the discrete human explanations (using
4 colors) into continuous ones (between 0 and 1), we need to discretize the LRP
explanations. To do so, we use two different methods.

The first one, previously mentioned in section and referred to as linear
discretization, is a natural way to map continuous values between 0 and 1 to 4 values

4 This process scales very poorly when considering more than 1 top word, and is the reason why we did
not consider more than top-1 explanations as the process would quickly become too computationally
intensive

11
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using equals spans: values between [0 - 0.25] are assigned to white (not highlighted),
[0.26 - 0.50] to yellow (slightly important), [0.51 - 0.75] to orange (important) and [0.75 -
1.00] to red (very important).

The second one, referred to as human-aligned discretization, aims at mimicking the
same color distribution as the one used by the human annotators. Since this distribution
varies from one text to another, the sizes of our 4 spans vary as well. By applying this
process, we ensure that, for each color, the same amount of words are highlighted in
the LRP and human explanations. To obtain the different color breakpoints, we first
compute the amount of words highlighted in each of the colors by human annotators
for a given text, denoted as ¢,, ¢,, ¢, and c¢,,. We then sort all relevance values from
the LRP explanations in descending order and take as breakpoints the value at the ¢,,
¢r + ¢o and ¢, + ¢, + ¢, positions.

4. Results
4.1 Classification Results

Although our focus is on the sensitivity of explanations to randomness in training
rather than on the accuracy and variability of predictions, we first examine Table [1] to
get an overview of the models’ and humans’ classifications for our target sample. The
10 texts in Table 1 are separated based on their ”true label”, which is the class attributed
to the article (from which the piece of text was extracted) by the media that published
it, News or Opin(ion). We removed from the table all predictions that were not explained
by the annotator by highlighting at least one token in the text (which explains why
some texts contain less than 42 predictions, even though there were 42 annotators in
the experiment).

Human labels | LLM labels

(Opin, News) | (Opin, News)
News 1 1,39 0,100
News 2 6,34 0,100
News 3 1,38 0,100
News 4 2,34 0, 100
News 5 0,41 0, 100
Opin 1 42,0 100, 0
Opin 2 42,0 43,57
Opin 3 40,1 96, 4
Opin 4 40,0 100, 0
Opin 5 40,0 100, 0

Table 1: Predictions made by humans and CamemBERT models for the 10 texts.

Table [I| shows that human annotators appear more unanimous when predicting
the class of texts labeled as opinion: except for Opin 3, all opinion texts were classified as
such by all annotators. On the other hand, only one news text (News 5) was classified
as news by all annotators. This may suggest that the discursive style of the opinion
class in journalism appears more obvious to human readers than that of the news class.
However, disagreements are not radical: News 2 shows the highest imbalance in terms
of human predictions, with 6 annotators identifying it as an opinion text and 34 as news.

12
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Regarding the predictions made by the 100 equivalent fine-tuned CamemBERT models,
it appears that they are almost always unanimous: for 8 out of 10 texts, all 100 models
agree on their prediction. This was expected, as all models were trained on the same
data, with the different seeds only impacting the order in which the 8,000 texts appeared
in the training set. Interestingly, and as opposed to humans, the models never disagree
on excerpts of news texts. Opin 2 shows a very high discrepancy between models,
with 43 models predicting the opinion class and 57 going for news. Because this paper
focuses on the variability of human and LRP explanations of similar predictions, we
will leave out this text from qualitative analysis, as predictions made by the model are
particularly divergent. For quantitative analysis, we will only consider explanations of
predictions corresponding corresponding to the ground-truth class (43 explanations for
Opin 2 and 97 for Opin 3).

4.2 Qualitative Analysis

Before turning to quantitative measures of explanation stability, we first examine qual-
itative differences between human and LRP explanations. The goal here is to highlight
structural contrasts in how importance is allocated across texts, both in terms of distri-
bution of token-level importance values and of distribution of explanation segments.

4.2.1 Distribution of Importance Values in Explanations. We begin by investigating
how importance values are distributed across tokens in human and LRP explanations.
This approach allows us to directly compare how annotators and LRP allocate impor-
tance over an entire text. Figure [p| allow us to compare the distribution of the different
importance values assigned by annotators and LRP in terms of the proportion of tokens
in the text. We can see in plots [6b} [6a] and [6q, which compare importance distribution
in the human explanations of the three texts with the models” discretized attention,
that annotators tend to give importance to fewer tokens than models do, regardless of
the text. Plot [6d] shows how this computation is used to format the "human-aligned’
versions of the CamemBERT explanation vectors and attention maps. On top of it,
the distributions of the three degrees of importance are inverted between humans and
CamemBERT models, further confirming the disparities later observed in Section [4.2.2}
These results suggest that human annotators and transformer models importantly differ
in terms of how they explain, at token level, the same predictions.

4.2.2 Distribution of Explanation Segments. We now analyze how explanations are
distributed across contiguous spans of text, so-called explanation segment (for example,
in Figurell} I est important is the first explanation segment highlighted in yellow by the
annotator).

The goal of this analysis is to compare how humans and LRP explanations behave
in terms of segment distribution. To make such a comparison possible, we apply the dis-
cretization scheme introduced earlier, aligning LRP attention values with the categorical
scales used in human annotations. The barplots in Figure [/ allow us to compare the
distribution of the different values attributed to the segments of texts (spans of at least
one token) highlighted by humans and given attention by the CamemBERT models,
following the two discretized explanation formats that render them comparable to
human explanations. For human explanations, we include under the value not important
all segments that were not highlighted at all.
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Figure 6: Proportion of tokens (words) associated to each relevance level.

One expected observation arising from this comparison is that humans tend to
highlight significantly fewer segments of text as more or less important, compared to
CamemBERT. This is due to the fact that the attention values of CamemBERT are a lot
more sparse and volatile from one token to another than the highlights made by the
annotators, who tend to consider longer segments of text as either somewhat important
or not important at all. For example, this appears clearly in the attention maps of Figure
where humans seem to focus their explanations on the beginning and the end of
the text, while LRP gives attention in a more dispersed way. Another major outcome
of Figure [7]is that, proportionally, CamemBERT models have a tendency to attribute
low or very low attention values to a lot of segments, and to give a lot of attention to
only a small number of them. On the other hand, annotators leave a lot of segments
blank (they do not highlight them as important at all), but regarding the highlighted
segments, they are more likely to highlight segments as very important than important,
and slightly important is the least used value by humans. One possible explanation for
this phenomenon is the difficulty of discerning the relative importance of three levels
of importance for human readers. Readers may favor one or two levels of importance
over three when the explanation of a choice through our highlighting task appears more
complex.
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Figure 7: Average number of highlighted segments for two Opinions and two News

4.3 Quantitative Analysis

While the previous sections focused on qualitative contrasts between human and LRP
explanations, we now turn to quantitative measures of their variability. The goal here
is to assess, in a systematic way, whether machine-generated explanations are more
or less stable than human ones, and to examine how methodological choices such as
discretization affect this stability.

4.3.1 Variability of Human vs. Automated Explanations. In this section, we examine
how consistent human explanations are compared to those produced by transformer
models. The goal is to assess whether humans and LRP explanations highlight similar
textual cues when justifying the same predictions, and to what extent the level of
agreement varies depending on the class of the text. To do so, we use the MCWME
similarity score (Bogaert, Descampe, and Standaert|[2025), introduced in Section
which quantifies the similarity across a set of explanations. We first compare human and
LRP explanations directly, before analyzing how similarity evolves when considering
an increasing number of highlighted tokens (k). For humans, we compute MCWME of
the most unanimous prediction (news or opinion), as presented in Table (I} This analysis
allows us to characterize not only the general variability in explanations, but also their
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relative stability across the two classes, and to identify cases where humans and models
diverge most strongly.

In Figures [8 [9 we compare the MCWME similarity scores between all
formats of human and LRP explanations described in sections and using
boxplots representing the confidence intervals around the MCWME values. The
explanation modes and formats being compared are: human explanations, original
(non-discretized), linear and human-aligned LRP explanations. All MCWME measures
are computed both for top-1 and top-N (all tokens) explanations. For both models and
humans, we only included explanations of predictions of the ground-truth class for
each text.

1.0 LRP top-1
—— LRPtop-n
Human top-1
0.8 - —— Human top-n
0.6 - C H

0.4 H H H
0.2 H

0.0 A

T
[
1
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Figure 8: Boxplots of MCWME with confidence intervals for LRP (original) and Human
explanations of the 10 texts, computed for the top-1 or for all tokens (top-N).

We first focus on a comparison of human and non-discretized LRP explanations
(Figure[8). The first observation arising from Figure [§]is that taking only the top-1 token
with the most attention in each explanation systematically produces a lower MCWME
score than when all tokens are considered in the calculation. However, this drop is
much more severe for CamemBERT than for humans, which suggests that humans tend
to agree more on the most important tokens in their explanations than CamemBERT
models do.

Regarding the predicted class being explained, the boxplots in Figure [§| show an-
other interesting difference between human and LRP explanations. On the one hand,
CamemBERT models tend to display a higher MCWME score when explaining news
predictions than for explanations of opinion (this is only true for top-N MCWME scores,
not for top-1). On the contrary, human annotators seem to agree more on explanations
of opinion than news texts. This may be because opinion articles typically contain clear
markers of subjectivity and strong stylistic choices, which provide clearer and more
consistent cues for interpretation. By contrast, news articles tend to follow a more
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Figure 9: Boxplots of MCWME with confidence intervals for LRP (original) and LRP
Linear of the 10 texts, computed for the top-1 or for all tokens (top-N).

neutral style, less marked by linguistic markers, which may make it harder for human
annotators to identify consistent cues for their classification (Koren/2004).

The plots in Figure display how the similarity between CamemBERT
explanations improves in terms of MCWME when increasing the amount of most
highlighted words considered among each explanation (k). We observe that tendency
for all the texts used in our experiment. Moreover, this plot further highlights the
difference in stability between the LRP explanations for news and opinions. First, while
all the curves display a plateau, it is reached much earlier (around k = 20) for opinions
than for news (around k = 60). On top of it, the MCWME value at the plateau is higher
on average for news (between 0.6 and 0.8) than for opinions (between 0.4 and 0.5).

4.3.2 Impact of Discretization on Variability of Explanations. We now examine how
the variability evaluated in the previous section is affected when continuous LRP
explanations are discretized into categorical values. To address this, we compare LRP
explanations in their continuous form (LRP) with their linear versions (LRP Linear),
and further with discretization informed by human annotation distributions (LRP
human-aligned). This step-by-step comparison makes it possible to assess whether
discretization reduces sensitivity to the number of most highlighted tokens (&), and
whether human-aligned thresholds bring LRP explanations closer to human patterns
of variability.

The comparison between the original model (LRP) and linear (LRP Linear)
explanations, which is displayed for the 10 texts in Figure [9] reveals a consistent
pattern: for k =1, the MCWME values for the linearly discretized explanations are
higher than the one for their continuous counterparts, while for £ = N, the MCWME
values for the discretized explanations are lower. This dual shift effectively reduces
the gap between the stability scores for k = 1 and k = N, bringing them closer to the
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Figure 10: MCWME of four texts with respect to the amount of selected top words in
each of the explanations.

values observed in human explanations (Figure [§). The introduction of human-based
discretization (LRP human-aligned) accentuates this effect, as shown in Figure
Discretizing attention values based on human-aligned thresholds yields even smaller
gaps with the MCWME values observed for human explanations.

The boxplots in Figures [ and [I1] indicate that discretizing the attention values
of the LRP explanation vectors, particularly when informed by human annotation,
moderates the sensitivity of explanations when only focusing on a small number of most
highlighted tokens. In our case study based on LRP-based explanations of CamemBERT
predictions, similarity of explanations provided by functionnally equivalent models
tend to vary more sharply with k compared to human annotations. Discretization
smooths this variation, and human-aligned discretization brings the resulting curves
closer to those of human explanations.
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Figure 11: Boxplots of MCWME with confidence intervals for LRP Linear and LRP
human-aligned explanations of the 10 texts, computed for the top-1 or for all tokens
(top-N).

4.4 Linguistic Analysis of Texts

To complement the results presented in the previous sections, we now turn to a
visual inspection of aggregated attention maps. The goal is to qualitatively assess how
humans and LRP highlight different parts of the text when producing explanations,
and to evaluate whether discretization or formatting choices bring LRP explanations
closer to human-like patterns.

For this purpose, we compare attention maps that aggregate human explanations
(top-N), continuous LRP explanations, their linear and human-aligned versions, as well
as formats restricted to top-1 tokens or to the most salient tokens in discretized vectors.
Figures and [14{ display examples for three representative texts: two classified as
news (News 2 and 5) and one classified as opinion (Opin 1). These texts were selected
because they allow us to illustrate clear contrasts between explanation formats. For the
main part of this linguistic analysis, we deliberately avoided texts where the models
disagreed or produced non-unanimous predictions, ensuring that the visualized
comparison between model types is based on the same number of explanations for the
same predicted label. At the end of the section, we will look at maps of an excerpt with
high disagreement among model predictions (Figures[L6|and [I5).

First, the attention maps illustrate how human and LRP explanations diverge
in terms of which tokens receive the most attention, even when aggregating across
multiple explanations.For the text in Figure humans (Figure appear to
explain their predictions for news primarily with mentions of information sources
(FSMA, chiffres [figures], étude [study]), as well as time markers (lundi [Monday], janvier
[January]) and numerical digits. While some of these patterns align with those observed
in Figure (e.g., ce lundi [this Monday], ces données [these data]), the models assign
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greater attention to quotation marks and to the quotation verb commente [comments].
Those are all recognized markers of the news class (Escouflaire et al.|2024), but not the

same ones as the ones prioritized in human explanations.

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un phénoméne qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
ESMA, l'autorité de contrdle des marchés financiers, sont
vertigineux : au cours des trois derniéres années, 830 000 Belges
ont effectué pres de 30 millions de transactions en Bourse. "C'est
gigantesque, commente le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression." Ces données,
récoltées dans le cadre d 'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : "On dit toujours
que les Belges ont un probleme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant."

(a) Humans

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un phénoméne qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
FSMA, l'autorité de controle des marchés financiers, sont
vertigineux : au cours des trois dernieres années, 830 000 Belges
ont effectué prés de 30 millions de transactions en Bourse. "C'est
gigantesque, le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression." Ces données,
récoltées dans le cadre d'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : "On dit toujours
que les Belges ont un probléme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant."

(c) LRP linear

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
FSMA, l'autorité de contréle des marchés financiers, sont
vertigineux : au cours des trois derniéres années, 830 000 Belges
ont effectué preés de 30 millions de transactions en Bourse." C'est
gigantesque, commente le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression." Ces données,
récoltées dans le cadre d'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : "On dit toujours
que les Belges ont un probleme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant.”

(e) LRP Top 1

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un phénoméne qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
FSMA, l'autorité de contréle des marchés financiers, sont
vertigineux : au cours des trois derniéres années, 830 000 Belges
ont effectué prés de 30 millions de transactions en Bourse. "C'est
gigantesque, le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression.” Ces données,
récoltées dans le cadre d'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : "On dit toujours
que les Belges ont un probléme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant."

(b) LRP

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un phénoméne qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
FSMA, l'autorité de contréle des marchés financiers, sont
vertigineux : au cours des trois dernieres années, 830 000 Belges
ont effectué prés de 30 millions de transactions en Bourse." C'est
gigantesque, le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression." Ces données,
récoltées dans le cadre d'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : "On dit toujours
que les Belges ont un probléme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant.”

(d) LRP human-aligned

Pas moins de 830 000 Belges ont effectué des transactions en
Bourse ces trois derniéres années. Un phénomene qui s'est
accentué avec la crise. Les chiffres présentés ce lundi par la
FSMA, l'autorité de contréle des marchés financiers, sont
vertigineux : au cours des trois derniéres années, 830 000 Belges
ont effectué prés de 30 millions de transactions en Bourse. "C'est
gigantesque, commente le président du gendarme boursier, Jean-
Paul Servais. Cela montre que l'intérét de monsieur et madame
Tout-le-monde enregistre une forte progression." Ces données,
récoltées dans le cadre d'une étude menée entre janvier 2018 et
mars 2021, viennent aussi déconstruire un cliché : §On dit toujours
que les Belges ont un probléme d'aversion au risque. Aujourd'hui,
ce constat ne se pose pas, ou alors, nettement moins qu'avant."

(f) LRP top color

No fewer than 830,000 Belgians have carried out stock market
transactions over the past three years. A phenomenon that has
become even more pronounced with the crisis. The figures
presented this Monday by FSMA, the financial markets
supervisory authority, are staggering: over the last three years,
830,000 Belgians have carried out almost 30 million stock market
transactions. That's gigantic," comments the chairman of the stock
market authority, Jean-Paul Servais. It shows that the interest of
ordinary people is growing strongly. These data, gathered as part
of a study conducted between January 2018 and March 2021, also
deconstruct a cliché: "lt's always said that Belgians have a
problem with their aversion to risk. Today, this is not the case, or
much less so than before."

(g) Translation

Figure 12: Attention maps of different explanation methods for News 2, an excerpt of a
news article.
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For Opin 1, where both humans and models classified the text as opinion, the
differences in explanations remain notable. Humans (Figure give substantial
importance to axiological verbs such as gausser [mock], feraient bien [would do well],
s’inquiéter [worry], and riposter [retaliate]. In contrast, the tokens receiving the most
attention in are primarily argumentative connectives (lorsque [when], toutefois
[however], car [because]) as well as the phrase ['idée s’installe [...] que... [the idea
is taking hold [...] that...]. This text also illustrates the attention that transformer
models allocate to sentence boundaries, i.e., the first and final tokens of sentences. This
phenomenon, which was already documented by |Clark et al.| (2019), is not reflected in

human explanations.

Lorsque des militants d’extréme droite défilent au nom de la liberté
et qu’ils scandent leur rejet de la "dictature vaccinale ", il est

de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates de s’inquiéter. Et de riposter. Car peu a
peu, l'idée s’installe, bien au-dela de I'extréme droite et des
milieux complotistes, que les dirigeants des démocraties libérales
se comportent comme des policiers du corps et de la pensée.

(a) Humans

IGrsquieldes militants @lextréme droite défilent au nom de la liberté
et qu'ils scandent leur rejet de la "dictature vaccinale”, il est facile
de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates feraient bien de s'inquiéter. Et de riposter. peu a
peu, Ii@&8Is'installe, bien au-dela de I'extréme droite et des milieux
complotistes, _Ies dirigeants des démocraties libérales se
comportent comme des policiers du corps et de la pensée.

(c) LRP Linear

Lorsque des militants d'extréme droite défilent au nom de la liberté
et qu'ils scandent leur rejet de la "dictature vaccinale", il est facile
de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates feraient bien de s'inquiéter. Et de riposter. Car peu a
peu, I'B88s'installe, bien au-dela de I'extréme droite et des milieux
complotistes, que les dirigeants des démocraties libérales se
comportent comme des policiers du corps et de la pensée.

(e) LRP top 1

I6rsqligldes militants @lextréme droite défilent au nom de la liberté
et qu'ils scandent leur rejet de la "dictature vaccinale”, il est facile
de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates feraient bien de s'inquiéter. Et de riposter. peu a
peu, I'l@88Is'installe, bien au-dela de l'extréme droite et des milieux
complotistes, que les dirigeants des démocraties libérales se
comportent comme des policiers du corps et de la pensée.

(b) LRP

IGrsqlieldes militants @lextréme droite défilent au nom de la liberté
et qu'ils scandent leur rejet de la "dictature vaccinale", il est facile
de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates feraient bien de s'inquiéter. Et de riposter. Gaflpeu a
peu, I'i@88s'installe, bien au-dela de I'extréme droite et des milieux
complotistes, qUielles dirigeants des démocraties libérales se
comportent comme des policiers du corps et de la pensée.

(d) LRP human-aligned

Iorsqieldes militants dlextréme droite défilent au nom de la liberté
et qu'ils scandent leur rejet de la "dictature vaccinale", il est facile
de leur rétorquer que, dans une vraie dictature, ils auraient été
emprisonnés avant méme de pouvoir manifester. Toutefois, au
lieu de se gausser de ces contradictions et de ces emphases, les
démocrates feraient bien de s'inquiéter. Et de riposter. Car peu a
peu, I'l@88s'installe, bien au-dela de I'extréme droite et des milieux
complotistes, que les dirigeants des démocraties libérales se
comportent comme des policiers du corps et de la pensée.

(f) LRP top color

When far-right activists march in the name of freedom and chant
their rejection of the “vaccine dictatorship”, it's easy to retort that,
in a real dictatorship, they would have been imprisoned before
they could even protest. However, instead of laughing at these
contradictions and emphases, democrats would do well to worry.
And to fight back. Because little by little, the idea is taking hold,
well beyond far-right and conspiracy circles, that the leaders of
liberal democracies are behaving like police of the body and mind.

(g) Translation

Figure 13: Attention maps of different explanation methods for Opin 1, an excerpt of an
opinion article.

News 5, like News 2 (Figures [14), was classified as news by both humans and
models. This case further illustrates a recurrent difference between human and LRP
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aggregated explanations: human attention often concentrates on a small number of
tokens or on a specific section of the text, whereas LRP attention tends to be more
diffuse. Here, both maps and [T4b] highlight quotation marks and reporting verbs or
clauses (e.g., “a-t-il indiqué sur Twitter” [he said on Twitter], s’est insurgé [protested]),
but the models also distribute attention across additional tokens such as vendredi

[Friday], que [that], jeudi [Thursday], and autorise [authorizes].

Le président du MR, Georges-Louis Bouchez, s'est insurgé
vendredi contre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue”, at-il indiquelsur Twitter. M. Bouchez
ajoute que le MR finterviendra au parlement bruxellois et au
fédéral.!

(a) Humans

é"président du MR, Georges-Louis Bouchez, Slestinsurgé
vendredi contre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue", a-t-il indiqué sur Twitter. M. Bouchez
ajoute que le MR ‘interviendra au parlement bruxellois et au
fédéral."

(c) LRP linear

Le président du MR, Georges-Louis Bouchez, Blest insurgé
vendredi contre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue”, a-t-il indiqué sur Twitter. M. Bouchez
ajoute que le MR "interviendra au parlement bruxellois et au
fédéral."

(e) LRP top 1

e président du MR, Georges-Louis Bouchez, Slestlinsurgé
vendredi contre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue", a-t-il indiqué sur Twitter. M. Bouchez
ajoute que le MR ‘interviendra au parlement bruxellois et au
fédéral."

(b) LRP

Le président du MR, Georges-Louis Bouchez, Sleéstlinsurgé
vendredi contre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue", a-t-il indiqué sur Twitter. M. Bouchez
ajoute que le MR "interviendra au parlement bruxellois et au
fédéral."

(d) LRP human-aligned

Le président du MR, Georges-Louis Bouchez, s'est insurgé
icontre le fait que la premiére piscine publique de plein air
bruxelloise, accessible depuis jeudi aprés-midi au pont Pierre
Marchant, en bordure de canal a Anderlecht, autorise le burkini -
un maillot de bain qui permet aux femmes musulmanes de se
baigner sans dévoiler leur corps - et réserve certaines heures aux
femmes. "Burkini admis et heures réservées aux femmes. La folie
communautariste continue", a-t-il indiqué sur Twitter. M. Bouchez
ajoute que le MR "interviendra au parlement bruxellois et au
fédéral®

(f) LRP top color

The president of the MR party, Georges-Louis Bouchez, protested
on Friday against the fact that Brussels' first public open-air
swimming pool, open since Thursday afternoon on the canal-side
Pierre Marchant bridge in Anderlecht, allows burkini - a swimsuit
that allows Muslim women to bathe without revealing their bodies
- and reserves certain hours for women. "Burkini allowed and
hours reserved for women. The communitarian madness
continues," he posted on Twitter. Mr. Bouchez added that the MR
“will intervene in the Brussels parliament and at federal level.”

(g) Translation
Figure 14: Attention maps of different explanation methods for News 5, an excerpt of a

news article.

Comparing attention maps of the original LRP explanations with their discretized
versions also yields interesting observations. For all three texts, we can observe that
there is almost no difference in terms of visualization between the original map (for
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example Figure[12b) and the maps of the linear[12dand human-aligned [12d] versions of
the same aggregation of explanations. The difference is slightly more visible in maps
and

We then considered looking only at the fop-1 tokens of all original LRP maps,
as well as at all tokens with the highest value in the discretized human-aligned
maps (referred to as "top-color” maps). These formatting choices produce much more
noticeable changes in the visual appearance of the maps. Top-1 maps, such as Figures
and show a very sharp focus on a few tokens that already stood out in the
original maps and[14b). In some cases, however, they also bring to the foreground
tokens that were less salient in the original maps, as illustrated in Figure with
the token phénomene, which appears consistently across models despite being less
emphasized in the non-discretized versions. By contrast, top-color maps (e.g., Figures
and are sparser and visually closer to human attention maps. They highlight
the tokens that models considered most important, but in a way that preserves more
continuity and readability than top-1 maps. In this sense, such human-aligned top-color
maps may represent a useful compromise: they remain faithful to the strongest signals
in the LRP explanations, while at the same time producing patterns that are more
plausible and easier to interpret for human readers.

Finally, we also examined the human and model explanations of the most divisive
excerpt in the experiment: Opin 2 (Figures [I5 and [16). As explained in section
this excerpt is the only one with a high disagreement in class predictions across the
100 equivalent models, as 43 predicted opinion while 57 predicted news. Interestingly,
this excerpt was not ambiguous for human readers, as all 42 annotators classified the
excerpt as opinion. Comparing the maps of the 43 opinion explanations in Figure [16]and
those aggregating the 57 news explanations in Figure[15|provides insight into what kind
of tokens drive our models to pick one class over the other.

We first observe that there is almost no overlap between the words with the highest
attention in Figure and This is also true for the other explanation formats,
although two tokens appear strongly highlighted in both groups of explanations,
especially visible when comparing the human-aligned maps (Figure and :
the first two tokens of the Opin 2 excerpt, the initial quotation mark and the adverb
Aujourd’hui [Today]. The importance attributed to these tokens may again be due
to their starting position in the text (Clark et al.|2019) rather than to the lexical and
syntactic information they carry. Overall, observing that the most salient tokens may
differ depending on the predicted label further suggests that the LRP explanation
method provides relevant yet partial information about a model’s reasoning towards a
prediction.

Looking at the most attended tokens for the news explanations first, we find that
Figure highlights the verb autorise, which is the head of the only quoted sentence
in the text. It emphasizes that the presence of quotations in an article is an important
news feature according to the models. Other words inside the quotation marks, as well
as the reporting verb introducing the quote, confie [confide], strengthen this hypothesis.
Additionally, the origin of the quotation (radio station La Premiére) is also given relative
attention in Figure (though this does not appear in Figure [15¢).

23



Computational Linguistics

"Aujourd’hui jai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C’est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. EflIGHI,
Jean-Marc Nollet e dire qu’ il est de plus en plus
insupportable d’étre privé des autres. Efloli, Jean-Marc Nollet &
lﬁﬂire la vérité plutt que de mentir sur son suivi des
regles. , Jean-Marc Nollet parle d’or en pointant I'absurdité
des régles des lors qu’elles ne sont plus suivies.

(a) Humans

"Aujourd’hui j'ai respecté la bulle, mais depuis quelques
semaines je m'ia accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiere et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a raison de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des regles dés lors qu'elles ne sont plus suivies.

(c) LRP linear

"Aujourd'hui j'ai respecté la bulle, mais depuis quelques
semaines je m' a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a raison de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
reégles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(e) LRP top 1

Volume vv, Number nn

"Aujourd'hui j'ai respecté la bulle, mais depuis quelques
semaines je m‘ié accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiere et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a raison de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(b) LRP

"Aujourd’hui j'ai respecté la bulle, mais depuis quelques
semaines je m'iz‘a accueillir deux personnes, un couple.”"
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiéere et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a raison de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet
a bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles dés lors qu'elles ne sont plus suivies.

(d) LRP human-aligned

"Aujourd'hui j'ai respecté la bulle, mais depuis quelques
semaines je m' a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a raison de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(f) LRP top color

“Today | respected the bubble, but for the past few weeks | have
been allowing myself to welcome two people, a couple.”
Jean-Marc Nollet confided this early in the morning on La
Premiére radio station and made a plea against respecting
“absurd” measures, in particular the bubble of 1. And yes, Jean-
Marc Nollet is right to say that it is more and more unbearable to
be deprived of others. And yes, Jean-Marc Nollet did the right thing
in telling the truth rather than lying about his compliance with the
rules. And yes, Jean-Marc Nollet is spot on when he points out the
absurdity of rules as soon as they are no longer followed.

(g) Translation

Figure 15: Attention maps of different explanation methods for Opin 2, an excerpt of an
opinion article. For this excerpt, all 42 human annotators agreed on opinion, while 57 out
of the 100 equivalent models predicted news. Figures (b) to (g) show the aggregations of
the explanations provided only by the models who predicted news.

Finally, Figure shows that the token being the most unanimously highlighted
among the 43 model explanations for the opinion class is raison, main semantic part
of the verbal idiom avoir raison de [to be right to]. This word is also the one that was
considered the most important by the human annotators for classifying this excerpt as
opinion (Figure [16a), as it is a strong piece of evidence of the author’s implication in
the text. The verb étre [to be] is also given a lot of attention among models in Figure
likely because it completes the axiological adjective insupportable [unbearable]. The
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"Aujourd’hui jai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C’est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. EfNGH,
Jean-Marc Nollet e dire qu’ il est de plus en plus
insupportable d’étre privé des autres. Efloli, Jean-Marc Nollet &
l%jire la vérité plutét que de mentir sur son suivi des
régles. , Jean-Marc Nollet parle d’or en pointant I'absurdité
des régles des lors qu’elles ne sont plus suivies.

(a) Humans

"Aujourd'hui j'ai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiere et fait un plaidoyer contre le respect de
mesures "absurdes’, en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a [@iSOMlde dire quiil est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutot que de mentir sur son suivi des
regles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(c) LRP linear

"Aujourd’hui j'ai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple.”
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des regles deés lors qu'elles ne sont plus suivies.

(e) LRP top 1

Explanation Variability in Text Classification: Humans vs. LLMs

"Aujourd’hui j'ai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les

de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a [@i§8fllde dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(b) LRP

"AUGUrdRTIN'ai respect¢ la BUlle, MaiSMdepuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se insi au petit matin sur les
de la Premiére et fait un plaidoyer contre le respect
mesures "EBSUrdes’, en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
régles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des régles des lors qu'elles ne sont plus suivies.

(d) LRP human-aligned

"Aujourd'hui j'ai respecté la bulle, mais depuis quelques
semaines je m'autorise a accueillir deux personnes, un couple."
C'est Jean-Marc Nollet qui se confie ainsi au petit matin sur les
ondes de la Premiére et fait un plaidoyer contre le respect de
mesures "absurdes", en particulier la bulle de 1. Et oui,
Jean-Marc Nollet a de dire qu'il est de plus en plus
insupportable d'étre privé des autres. Et oui, Jean-Marc Nollet a
bien fait de dire la vérité plutét que de mentir sur son suivi des
regles. Et oui, Jean-Marc Nollet parle d'or en pointant I'absurdité
des regles dés lors qu'elles ne sont plus suivies.

(f) LRP top color

“Today | respected the bubble, but for the past few weeks | have
been allowing myself to welcome two people, a couple.”
Jean-Marc Nollet confided this early in the morning on La
Premiére radio station and made a plea against respecting
“absurd” measures, in particular the bubble of 1. And yes, Jean-
Marc Nollet is right to say that it is more and more unbearable to
be deprived of others. And yes, Jean-Marc Nollet did the right thing
in telling the truth rather than lying about his compliance with the
rules. And yes, Jean-Marc Nollet is spot on when he points out the
absurdity of rules as soon as they are no longer followed.

(g) Translation

Figure 16: Attention maps of different explanation methods for Opin 2, an excerpt of an
opinion article. For this excerpt, all 42 human annotators agreed on opinion, while 43 out
of the 100 equivalent models predicted opinion. Figures (b) to (g) show the aggregations
of the explanations provided only by the models who predicted opinion.

human-aligned map (Figure supports this claim, as both words appear important.
The same map highlights another strong adjective, absurdes [absurd]. Interestingly, the
quotation marks around this token seem ignored by the models, while the human anno-
tators attributed almost no importance to the word (probably because of the quotation
marks marking the author’s distance from the adjective). In Figure annotators
almost systematically highlighted the threefold anaphoric repetition of Et oui [And yes]
at the start of the last three sentences of the excerpt. This pattern also seems to be present
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in the human-aligned map in Figure suggesting that the fine-tuned models may
also capture stylistic constructions, which are characteristic of opinionated discourse
and signal a stronger authorial stance.

5. Discussion

This study set out to compare the variability of human and LRP explanations for a
French binary journalistic text classification task (news vs. opinion), focusing on a
sample of 10 texts. Our expectation was that the variability of human explanations
would be lower than that of LRP explanations, as a previous study by Bogaert et al.
(2023) suggested that explanations provided by functionally equivalent models for a
text were highly sensitive to random hyperparameters, even when trained on the same
data. However, across all our analyses, both humans and fine-tuned CamemBERT
models produced explanations that varied from one instance to another. The patterns
and sources of this variability differed interestingly between the two.

We first observed in section[4.3.T|that humans tended to provide more concentrated
explanations, highlighting relatively few tokens and often focusing on a small number
of linguistically salient cues of news and opinion classes. In contrast, LRP explanations
were more diffuse and dispersed, with attention values spread across a wide range
of tokens. This difference in style was reflected in the MCWME similarity results:
humans showed stronger agreement on the most important tokens (especially in fop-1
scores) than BERT models did, whereas models tended to align more when all tokens
(especially the low-attention ones) were taken into account. Interestingly, the predicted
class of the text also played a role in explanation similarity. For humans, explanations
of opinion predictions were slightly more consistent than those of news texts, though the
difference was small. For LRP, however, news explanations consistently showed higher
similarity scores than opinion explanations, especially when considering all tokens. This
divergence suggests that the humans and models likely rely on different information
or cues in the texts for predicting their class. This was also reflected in our qualitative
analysis of attention maps (see section [4.4), as we observed that humans and models
did not focus on the same types of tokens for prediction news or opinion.

The key finding of our analysis of human vs. LRP explanation variability (see
section [4.3.1) is that discretization of LRP explanations substantially reduced the
human-model gap. Applying uniform breakpoints (linear discretization) to LRP
explanation vectors already improved similarity scores with human explanations, and
human-aligned discretization (matching the highlight distribution of human annotators
for each text) narrowed the gap further. When visualizing them under the form of
attention maps and through qualitative analysis (section [4.4), we showed that human-
aligned maps (generated under human-aligned thresholds) more closely resembled
human attention maps. This supports the idea that explanation post-processing can
meaningfully improve the alignment between LRP outputs and human reasoning
without altering model predictions.

Recent work by [Deutsch, Foster, and Freitag| (2023) highlights that discretization
and the resulting increase in tied scores can mechanically inflate correlation-based
evaluation metrics, independently of any substantive improvement in alignment
between compared objects. Applied to our setting, this observation suggests that
part of the similarity gains observed after discretizing LRP explanations, both linear
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and human-aligned, may stem from reduced sensitivity of the MCWME metric
to fine-grained ranking differences once attribution values are grouped into fixed
categories. We therefore interpret these quantitative improvements with caution:
while discretization facilitates comparison between continuous model attributions and
categorical human highlights, higher similarity scores alone do not necessarily imply
deeper resemblance in reasoning, but may rather reflect how representation and metric
design interact in explanation evaluation.

In light of both the qualitative trends (Section and quantitative results
(Section [£.3), the answer to the question "are model explanations more variable than
human ones?" is not straightforward. On one side, we showed that LRP explanations
are stylistically very different from human ones: they are more diffuse, spread over
many tokens, and less concentrated on a few salient cues. Then, quantitative trends
highlighted that LRP sometimes display higher sensitivity than humans (especially
when considering only the most highlighted tokens) but this difference diminishes, or
even reverses, when taking into account larger portions of the explanation. In other
words, while machine explanations are not systematically more variable than human
explanations, their variability follows different trends depending on how explanations
are represented and compared.

These findings have implications for explainability research in NLP. Raw LRP
attention values may be faithful indicators of internal model reasoning, but they are
not necessarily well-aligned with human explanations, which are by nature plausible.
Incorporating human-aligned constraints into explanation visualization of transformer
models’ predictions could improve plausibility without compromising faithfulness.
Also, the divergences observed in our analyses suggest that humans and transformer
models may prioritize different types of information when performing the same task,
reflecting expected differences between cognitive and algorithmic processing.

6. Limitations

Our study, limited to the CamemBERT model and LRP explanations, may not be repre-
sentative of the entire field of explainability applied to transformer architectures, but we
believe that it still yields interesting insights to better understand the potential weak-
nesses of these approaches in general. In particular, our conclusions are drawn from
a single RoBERTa-based architecture with fixed model size, pretraining objectives, and
pretraining data. Explanation variability may differ for models trained under different
conditions, even within the same family of models, as changes in pretraining data or
scale are known to affect both internal representations and downstream behavior (Zhao
et al|2024). It is also possible that using another explainability method (Miiller et al.
2023) or focusing on different use cases would lead to different conclusions. Further-
more, LRP explanations are restricted to token-level attributions and do not capture
potential relations or dependencies between words, which may limit the alignment with
human reasoning processes. Likewise, larger or differently pretrained models may rely
on alternative textual cues or distribute relevance more evenly across tokens, potentially
leading to distinct variability patterns compared to those observed for CamemBERT. In
addition, human annotations in this experiment were themselves constrained by the in-
house highlighting interface and by the predefined importance categories, which may
have influenced the way annotators expressed their explanations. Finally, our analysis
focused on a single classification task (distinguishing between news and opinion), and
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it is possible that other tasks would yield different patterns of agreement or variability.
This raises the inevitable broader question of whether human and model explanations,
given their different formats and constraints, are ever fully comparable.

7. Conclusions

In this work, we compared the variability observed across explanations provided by
equivalent models with that observed across annotations made by different human
readers. We first started by showing that despite predicting the same label most of the
time, the models and the annotators provide various explanations. We then highlighted
that the annotations provided by human readers displayed less variability than model
explanations when considering fewer words, but that the opposite trend was observed
when considering all the words in the texts. More importantly, our observations also
shed light on the balance between faithfulness and plausibility in explainable NLP.
While propagation-based explanations are designed to be as faithful as possible to
the model’s internal decision process, plausibility remains a challenge. Bridging this
gap through the use of discretization methods is a relevant direction for future work.
We showed that, when using linear and human-aligned breakpoints for discretizing
model explanations, their distribution was very different between humans and models.
In particular, human annotators tend to assign a uniform level of importance to long
continuous chunks of text, whereas models decompose their explanations at a much
finer granularity, attributing varying contributions to individual tokens.

In future research, it would be relevant to explore whether, despite observed
variability among explanations, some clusters of “typical” explanations may emerge
(Mitrut et al|[2024). Using standard dimensionality reduction techniques (such as
t-SNE) for vizualisation, we do not observe clear clusters in the explanations provided
by equivalent models, but it would be interesting to investigate this possibility further.
Another complementary direction would be to investigate explanations generated
directly by large language models asked to annotate salient tokens. It could help
reveal whether generative models converge on similar patterns of saliency across
texts and classes, and how these patterns compare with human judgments. While
such an experiment may be more aligned with the current trends in LLM research, it
would introduce additional variability due to model stochasticity, which makes direct
comparison with deterministic explanations challenging. Future work could therefore
aim to design controlled setups for LLM-based annotations to enable more meaningful
comparisons with human and propagation-based model explanations.

In the bigger picture, we hope that our study will help in understanding the
impact of the Rashomon effect on model explainability in general, and is a step toward
providing better explanations regarding model predictions.
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