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Abstract

The rapid advancement of multilingual
pre-trained transformers has fueled significant
progress in natural language understanding
across diverse languages. Yet, their inner
workings remain opaque, especially with
regard to how individual neurons encode and
generalize semantic and affective features
across languages. This paper presents an
interpretability study of a fine-tuned XLM-R
model for multilingual emotion classification.
Using neuron-level activation analysis, we
investigate the variance of neurons across
labels, cross-lingual alignment of activations,
and the existence of “polyglot” versus
language-specific neurons. Our results reveal
that while certain neurons consistently encode
emotion-related concepts across languages,
others show strong monolingual specialization.
The code for the analysis is publicly available at
https://github.com/pranaydeeps/emotion_interp.

1 Introduction

The last half-decade has witnessed rapid advances
in large-scale multilingual pre-trained models such
as mBERT (Devlin et al., 2019), XLM-R (Con-
neau et al., 2020), and multilingual variants of
T5 (Xue et al., 2021). While such models have
achieved high performance on a number of down-
stream tasks, our understanding of their internal
decision-making is still quite limited. López-
Otal et al. (2025) survey multilingual interpretabil-
ity studies and note that while some neurons en-
code shared morpho-syntactic features, others show
clear typological specialization. In decoder-based
multilingual transformers, similar findings emerge:
typological or script-related differences cause neu-
rons to form distinct clusters, suggesting that trans-
fer depends on partial overlap between shared and
language-specific neurons (Choenni and Shutova,
2022; Kojima et al., 2024). These mixed re-
sults highlight a central question in multilingual

interpretability: to what extent does a model’s
cross-lingual generalization stem from universal se-
mantic encoding versus overlapping but language-
dependent mechanisms?

Neuron-level interpretability has been widely
used to study the internal structure of neural lan-
guage models, identifying neurons correlated with
linguistic features and validating their roles via
probing and ablation (Dalvi et al., 2019). More
recent work has proposed structured or feature-
centric views, including interaction-based analy-
ses and sparse feature discovery, enabling scalable
mechanistic inspection beyond individual neurons
(Zhang et al., 2021; Foote et al., 2023; Paulo et al.,
2025). In parallel, multilingual interpretability re-
search has examined how multilingual models en-
code and separate languages internally, revealing
both shared and language-specific neurons and ac-
tivation patterns (Kojima et al., 2024; Tang et al.,
2024; Liu et al., 2024). Separately, emerging mech-
anistic studies have begun to analyze how large
language models internally represent affect and
emotion, identifying emotion-sensitive units and
their causal relevance (Tak et al., 2025; Lee et al.,
2025). However, existing work does not jointly
investigate emotion-specific neuron behavior and
the cross-lingual alignment of such neurons.

Our work bridges this gap by combining neuron-
level interpretability with multilingual activation
analysis to study how emotion representations
emerge, generalize, and diverge across languages
within a single multilingual model. By analyz-
ing neuron activations in a fine-tuned XLM-R
model across Arabic, Dutch, Japanese, and Slove-
nian, we explore whether affective semantics (e.g.,
joy, anger, fear) are encoded in shared polyglot
neurons or in language-specific representations.
More specifically, this study aims to (1) identify
neurons that differentiate between emotion labels
through analysis of the activation variance, (2)
compare neuron activations across Arabic, Dutch,
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Japanese, and Slovenian to evaluate cross-lingual
consistency, and (3) categorize neurons as poly-
glot (shared across languages) or monolingual
(language-specific).

2 Methodology

2.1 Model and Training

We employ the XLM-Roberta (XLM-R) base
model (Conneau et al., 2020), a transformer-based
multilingual encoder pre-trained on 100 languages
with the CC100 corpus (Wenzek et al., 2020). For
this study, we use a version of XLM-R that has been
fine-tuned for emotion classification. The model
was trained on the English portion of the EXALT
dataset (Maladry et al., 2024), a multilingual bench-
mark containing emotion-annotated sentences span-
ning multiple typological families. Fine-tuning is
performed using a cross-entropy loss function over
six emotion labels: Neutral, Joy, Love, Anger, Fear,
and Sadness. The final classifier head consists of a
single feed-forward layer mapping the [CLS] em-
bedding to the label space. The model achieves
a macro-F1 of 0.346, 0.433, 0.420, and 0.439 on
the Arabic, Dutch, Japanese, and Slovene test sets,
respectively.

For interpretability, we focus on the penulti-
mate hidden layer (layer 11), as previous studies
have shown that semantic and affective features
tend to emerge in the deeper layers of transform-
ers (Rogers et al., 2020). The classification head
output probabilities are not used directly in our
analysis; instead, we analyze neuron activations
in this pre-classification layer to understand which
internal units contribute to emotion discrimination
and whether these activations generalize across lan-
guages. To this purpose, we selected four typologi-
cally and morphologically distinct languages from
the EXALT development and test splits: Arabic,
Dutch, Japanese, and Slovenian.

2.2 Neuron Activation Extraction

To investigate neuron-level behavior, we extract
activations from specific layers of the fine-tuned
model using forward hooks. These hooks cap-
ture the output tensors of hidden layers during
the forward pass without altering model compu-
tation. Activations are collected for each sentence
in the development and test sets across all four lan-
guages. For interpretability purposes, we focus on
the [CLS] token representation, which typically en-
codes global sentence-level meaning and is used by

the classifier head for prediction. While individual
token embeddings may also carry emotion infor-
mation, focusing on the [CLS] vector allows for
a standardized comparison across languages and
labels.

Each [CLS] activation is a 768-dimensional vec-
tor corresponding to the neurons in the penultimate
layer. We store these vectors along with their as-
sociated emotion label and language identifier. To
ensure comparability, all activations are z-score nor-
malized within each language and then aggregated
per label and per language, producing label-specific
and language-specific activation profiles. The re-
sulting activation dataset forms the basis for our
subsequent quantitative and visual analyses.

2.3 Interpretability Techniques
Variance Analysis Across Labels. To identify
which neurons are most sensitive to emotion dis-
tinctions, we compute the variance of activation
values across the six emotion labels. High-variance
neurons are hypothesized to play a critical role
in label discrimination, as they exhibit strong dif-
ferential activation patterns. This step highlights
potentially specialized “emotion neurons”, which
will be the focus of the following analyses.

Cross-Lingual Neuron Consistency. To test
whether the same neurons encode similar infor-
mation across languages, we compute pairwise cor-
relations between neuron activation vectors across
Arabic, Dutch, Japanese, and Slovenian for equiv-
alent labels. A high correlation indicates that
a neuron behaves consistently across languages.
We also compute the cosine similarity of aver-
aged activations per label and visualize these us-
ing heatmaps. This analysis provides insight into
whether emotion-related neurons are language-
agnostic or language-specific.

Polyglot vs. Monolingual Neurons. Based on
the former analysis, neurons are classified as poly-
glot if their activation patterns for a given emotion
label are consistent (i.e., above a 0.5 activation
threshold) across all four languages, and as mono-
lingual if they show high activation for only one
language. We then measure the distribution of these
polyglot and monolingual neurons per emotion la-
bel to examine which emotions exhibit stronger
cross-lingual generalization.

The complete pipeline allows us to move from
fine-tuned model activations to quantitative evalua-
tion and visual interpretation of neuron-level multi-
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lingual alignment. Together, these methods form
a comprehensive framework for examining the in-
ternal mechanisms by which XLM-R encodes and
transfers emotion semantics across languages.

3 Results

3.1 High-Variance Neurons

Our variance analysis across emotion labels reveals
that specific neurons in deeper layers of XLM-R, es-
pecially in layer 11 (the penultimate layer), exhibit
particularly strong discriminative power. When
computing the variance of activation values across
the six emotion classes, a small subset of neurons
showed substantially higher variance than the layer-
wide mean. These neurons are likely to encode
emotion-related semantic distinctions.

Figure 1 shows the variances of all neurons in
the penultimate layer for the labels Joy and Sad-
ness. These variance plots reveal distinct patterns
in how XLM-R encodes affective semantics at the
neuron level. For Joy, the variance is distributed
across numerous neurons, with several moderate
peaks spread throughout the 768-dimensional hid-
den layer. This pattern suggests a distributed rep-
resentation, where multiple neurons collectively
contribute to encoding the concept of joy rather
than relying on a single specialized unit. This
is consistent with findings from studies on dis-
tributed semantics (Rogers et al., 2020), which
show that semantic categories are encoded across
many units rather than localized "detectors". In
contrast, the Sadness plot displays a few sharply
localized spikes, indicating the presence of highly
specialized “sadness-sensitive” neurons. Such iso-
lated peaks are rare and indicate the presence of
quasi-localized emotion neurons. This contrast
implies that different emotions are represented
through different neural strategies: while some,
like Joy, rely on broad, redundant networks of neu-
rons, others, such as Sadness, appear to be encoded
more sparsely through a small number of highly
discriminative units. This aligns with affective neu-
roscience literature where Joy often co-occurs with
varied linguistic contexts (metaphorical, situational,
or intensifier-based), whereas Sadness expressions
tend to be more lexically direct and contextually ho-
mogeneous (Mohammad and Turney, 2013; Kövec-
ses, 2000). The model may thus require fewer
features to capture the latter reliably.

Figure 1: Variance of each neuron’s activations in the
penultimate layer for the labels Joy (top) and Sadness
(bottom).

3.2 Cross-Lingual Consistency

To assess cross-lingual generalization at the neuron
level, we compared activation distributions across
the Arabic (AR), Dutch (NL), Japanese (JP), and
Slovenian (SL) development sets for each emotion
label. For each neuron, we computed the Spear-
man correlations between mean activations for the
same emotion across languages. Figure 2 shows
a heatmap of the results, revealing that a signifi-
cant proportion of the neurons maintain moderate
to high correlation (ρ > 0.6) across languages, in-
dicating a shared internal encoding of emotional
semantics. However, the strength of cross-lingual
alignment varies by language pair. Dutch and
Slovenian, which share Indo-European roots and
similar syntactic patterns, exhibit higher pairwise
correlations (ρ = 0.94) than either does with Ara-
bic (ρ = 0.77 and ρ = 0.84 for AR-NL and AR-
SL, respectively). This indicates that typological
and orthographic similarity influences the ease of
cross-lingual feature transfer, even at the neuron
level. The results support the hypothesis that multi-
lingual models develop both shared and language-
specific subspaces, modulated by linguistic prox-
imity. However, the strong correlation between
Japanese and Dutch does stand out as an outlier in
this respect (ρ = 0.90). This could be due to both
languages being relatively high-resource languages
in the XLM-R training composition and therefore
having higher-quality representations. However,
the Dutch-Slovenian correlation still far exceeds
the one between Dutch and Japanese, which indi-
cates that in this case the typological proximity of
the languages is more prominent than the training
resources used.
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Figure 2: Heatmap of neuron activation correlations
across six language pairs for each emotion label. Darker
colors represent higher correlation.

3.3 Polyglot Neurons

The cross-lingual correlation analysis enables clas-
sification of neurons into two functional groups:
polyglot neurons (those that behave consistently
across languages) and monolingual neurons
(those that respond selectively to one language).
Polyglot neurons were defined as those exhibiting
activation values above a certain threshold (0.5) for
all four languages for a single emotion label.
Figure 3 illustrates the average neuron activations
for the emotion label Sadness across the four lan-
guages. The overall activation patterns for all four
languages are closely aligned, with overlapping
curves that indicate strong cross-lingual consis-
tency in how Sadness is represented within the
model. This suggests that the model captures
language-independent affective features rather than
relying solely on language-specific cues. The high-
lighted points mark the neurons with the highest
activation magnitudes (“top neurons”) for each lan-
guage. Notably, several of these top neurons over-
lap across some languages, implying the existence
of polyglot neurons that respond similarly to emo-
tional expressions regardless of linguistic form. Mi-
nor deviations among the four lines indicate small
degrees of language-specific variation, likely re-
flecting lexical or syntactic differences in how sad-
ness is expressed in each language. Overall, the
plot provides evidence that Sadness is encoded in
a broadly shared and stable subspace across lan-
guages, reinforcing the hypothesis of multilingual
semantic alignment in XLM-R’s deeper layers.

A distinct subset of neurons emerged as poly-
glot, showing stable and label-specific activations
across all four languages. These neurons likely
encode universal affective semantics, language-
independent concepts strongly associated with cer-
tain emotions. Upon closer inspection we found
that these polyglot neurons were particularly abun-
dant for emotions with clear physiological or uni-
versal expressions (e.g., Fear, Joy), and less fre-
quent for culturally variable emotions such as Love.
This pattern aligns with psychological evidence
that basic emotions have more cross-cultural con-
sistency than social or relational emotions (Ekman,
1992).

Considering the monolingual neurons, we found
that some exhibit clear monolingual behavior, acti-
vating selectively for certain labels in only one lan-
guage. This may reflect differences in the linguistic
realization of emotions. For example, Arabic ex-
pressions of anger often include intensifiers and id-
iomatic phrasing absent in European languages (Al-
Sheikh, 2014), leading to language-specific activa-
tion patterns. These findings emphasize that even
in strongly aligned multilingual models, certain
emotion-related representations remain grounded
in linguistic form rather than universal meaning.

Figure 3: Average neuron activations for Sadness
(Layer-11) for Arabic, Dutch, Japanese and Slovene.
Top neurons are highlighted separately for each lan-
guage.

4 Discussion & Conclusion

The results illustrate the dual nature of multilin-
gual representations within XLM-R. On one hand,
the existence of polyglot neurons demonstrates
that the model captures language-agnostic affec-
tive features, allowing it to generalize emotion se-
mantics across diverse linguistic systems. On the
other hand, the persistence of monolingual neu-
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rons underscores that certain representations re-
main tied to language-specific patterns. From a
quantitative perspective, the distribution of neu-
ron types shows that, across the languages inves-
tigated, approximately 15% of emotion-sensitive
neurons are polyglot, 35% monolingual, and the
remainder are weakly active for the task of emo-
tion classification. Slovenian has by far the least
amount of monolingual neurons active (13), stress-
ing how strongly a low-resource language with
typological similarities to English relies on the
global, language-agnostic representations in the
model, while Japanese (98) and Arabic (111) rely
on a larger number of monolingual neurons due
to typological seperation from English. From an
interpretability perspective, neuron-level analysis
allows us to move beyond aggregate accuracy met-
rics and examine how multilingual models internal-
ize meaning. Observing shared neuron activation
across languages provides direct evidence of se-
mantic transfer, while identifying language-specific
neurons reveals where transfer breaks down. Such
analyses can inform model design; for example, en-
couraging activation alignment of polyglot neurons
could enhance zero-shot transfer.

Furthermore, the methodological framework de-
veloped here, combining activation extraction, vari-
ance ranking, and cross-lingual correlation, offers
a scalable approach to probing multilingual repre-
sentations without requiring retraining or gradient
access. These findings contribute to the broader
interpretability literature by showing that affective
meaning leaves measurable neuron-level signatures
in multilingual transformers. Future extensions
could include causal interventions (e.g., targeted ab-
lations or activation patching) to determine whether
polyglot neurons are not only correlated with, but
also necessary for, emotion prediction.

Limitations

While the present study offers novel insights into
neuron-level interpretability for emotion detection
in multilingual transformers, several limitations
should be acknowledged. First, the analysis fo-
cuses on a limited set of languages. Extending the
evaluation to a broader range of languages, par-
ticularly low-resourced and typologically distant
ones, would provide a more comprehensive under-
standing of how multilingual models generalize
across diverse linguistic systems. Second, our ex-
periments are restricted to emotion classification.

Evaluating other tasks, such as sentiment analysis
or topic classification, could help to determine the
extent to which the observed neuron activations are
task-specific or reflect more general semantic mech-
anisms. Finally, the interpretability methods em-
ployed here, though effective for exploratory anal-
ysis, can be extended to more advanced techniques,
such as neuron ablations or causal mediation analy-
sis, to move from correlation towards determining
causation. This would allow to better characterize
neuron functions and enable stronger claims about
the mechanisms underlying cross-lingual transfer.
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