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Abstract:

Cross-lingual emotion and empathy recognition in social media dialogues is a critical task for
affective computing in multilingual environments, enabling richer understanding of human interactions
across languages. Recent advances in Transformer-based architectures such as BERT and XLM-R
have significantly improved the capacity to model semantic and emotional nuances in text (Devlin et
al., 2019, Conneau et al., 2020). This paper presents a comprehensive framework that leverages
multilingual transformer embeddings, cross-attention fusion mechanisms, and fine-tuning strategies to
detect both emotion and empathy in multilingual social media conversations. Experimental findings
demonstrate performance improvements over baseline models, consistent with recent studies in cross-
lingual affective computing (Zhao et al., 2025; Vu et al., 2025).
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Introduction:

Social media platforms generate
massive volumes of conversational data daily,
providing insights into users’ emotional states
and empathetic interactions. Detecting emotion
and empathy across languages is essential for
applications in mental health support, social
media monitoring, and conversational Al
systems (Rashkin et al., 2019; Barriere et al.,
2022).

Traditional machine learning
approaches such as RNNs and CNNs were
initially used for emotion detection tasks.
However, Transformer-based architectures have
demonstrated superior performance due to their
self-attention mechanism and contextual
modeling capabilities (Devlin et al., 2019; Sun

et al., 2019). Multilingual transformer models

such as XLM-R enable cross-lingual transfer
learning, significantly improving performance
in low-resource languages (Conneau et al.,
2020; Kumar & Garg, 2024).

This research proposes a Transformer-
based framework enhanced with cross-attention
and feature fusion layers for robust cross-

lingual emotion and empathy recognition

Literature Review:
Emotion Recognition in NLP:

Emotion recognition from text has
evolved from classical feature-based models to
deep learning architectures. Early approaches
relied on lexical features and SVM classifiers,
while deep learning models such as CNNs and
LSTMs improved contextual understanding
(Poria et al., 2017).
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More recently, Transformer
architectures have become dominant in emotion
classification tasks due to their ability to
capture long-range dependencies (Devlin et al.,

2019). Hybrid transformer models combining

graph  neural networks and attention
mechanisms have further improved
conversational emotion recognition

performance (Jin et al., 2025).

Multimodal  approaches integrating
speech and text modalities have also shown
performance gains (Yu et al., 2024; Wu et al.,
2025).

Cross-Lingual Emotion Recognition:

Cross-lingual ~ emotion  recognition
remains challenging due to linguistic diversity
and  cultural  differences. = Multilingual
embedding models such as LaBSE provide
language-agnostic semantic representations that
enable zero-shot cross-lingual transfer (Feng et
al., 2022).

Cross-attention mechanisms have been
successfully applied in speech emotion
recognition across languages (Zhao et al,
2025). Additionally, multilingual transformer
fine-tuning has shown promising results for
Indian low-resource languages (Singh & Joshi,

2025; Kumar & Garg, 2024).

Empathy Detection in Dialogue Systems:
Empathy detection is an emerging

research area in affective computing. The

WASSA  shared tasks have

benchmarks for empathy and emotion

provided

classification in conversations (Barriere et al.,
2022).

Transformer-based architectures have
demonstrated strong performance in empathy
prediction tasks (Vasava et al., 2022). Fine-
tuning strategies on the EmpatheticDialogues
dataset further enhance empathetic response
modeling (Vu et al., 2025).

Proposed Framework:
Multilingual Embeddings:

We adopt Language-Agnostic BERT
Sentence Embeddings (LaBSE) to generate
shared  semantic  representations  across
languages (Feng et al., 2022). LaBSE enables
mapping multilingual sentences into a common
embedding space, facilitating zero-shot transfer
learning.

Additionally, multilingual BERT and
XLM-R are used as backbone encoders due to
their  strong  cross-lingual  generalization
capabilities (Devlin et al., 2019; Conneau et al.,
2020).
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Figure. 1. Cross Lingual Emotion & Empathy Recognition Framework.
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These models are pretrained on large-
scale multilingual corpora and learn shared
semantic embedding spaces across languages.
This enables zero-shot and transfer learning
capabilities, where the model trained on English
dialogues can generalize to Hindi, Marathi, or

Tamil without explicit parallel training data.

Transformer Architecture:

The proposed framework leverages a
Transformer encoder with multi-head self-
attention layers. The self-attention mechanism
enables the model to focus on emotionally
salient words and contextual dependencies

across dialogue turns (Devlin et al., 2019).

, QKT
Attention(Q,K,V) = softmazx ( Vv
( ) .

Where:
¢ Q= Query matrix
e K =Key matrix
e V =Value matrix
e dkd kdk = dimensionality of key
vectors
Self-attention allows the model to
dynamically focus on emotionally salient words
across a dialogue, such as:
e Emotion-triggering words
(“heartbroken”, “excited”, “angry”)
e Empathy-indicating
understand”, “That must be hard”)

e (Contextual dependencies across turns

phrases (“T

Multi-head attention captures multiple

relational ~ patterns, improving  emotion

discrimination performance (Sun et al., 2019).

Cross-Attention Layer:
A cross-attention  layer  models
interaction between speaker and listener

utterances. Cross-attention has been shown to

enhance conversational emotion recognition by
capturing inter-speaker dependencies (Zhao et
al., 2025; Jin et al., 2025).
Feature Fusion:

We integrate utterance-level
embeddings, contextual representations, and
attention vectors using a fusion layer.
Multimodal fusion

demonstrated

techniques have
effectiveness in  affective
computing tasks (Pandey et al., 2025; Wu et al.,
2025).

Dropout  regularization and layer
normalization are applied to improve

generalization.

Multi-Task Learning:
The architecture uses a shared encoder with
dual prediction heads:
Emotion Classification Head.
e Multi-class softmax layer
e Predicts emotion categories (Happy,
Sad, Angry, Fear, Neutral, etc.)
e [Loss Function: Cross-Entropy Loss
e Multi-task
representation robustness and reduces
overfitting (Vu et al., 2025).

learning improves

Feature  Fusion and  Representation
Learning:
After contextual encoding and cross-attention
processing:

e Utterance-level embeddings

e Dialogue-level contextual embeddings

e Emotion-specific attention vectors
are fused using concatenation followed by a
fully connected projection layer.
This fusion enables the model to:

e (Combine semantic, contextual, and

emotional features
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o Reduce language-specific noise

e Improve cross-lingual generalization
Dropout regularization is applied to prevent
overfitting, especially when fine-tuning on
smaller Indian language datasets.

e overall model robustness.

Cross-Lingual Transfer Strategy:
To enhance generalization across Indian
languages:

1. Fine-tune on high-resource language

(English)
2. Apply zero-shot testing on
Hindi/Marathi

3. Perform mixed-language joint training
4. Use  data

translation, code-mixing simulation)

augmentation  (back-

This strategy reduces the performance
gap between high-resource and low-resource

languages.

Advantages of the Proposed Transformer
Architecture:
e Handles long conversational context
e Captures subtle empathy cues
e Supports multilingual and code-mixed
data
e Enables zero-shot cross-lingual transfer
e Scalable to low-resource Indian

languages

Experimental Setup:
Dataset:

We utilize multilingual conversational
datasets including EmpatheticDialogues
(Rashkin et al., 2019) and Indian code-mixed
datasets (Singh & Joshi, 2025). Data
augmentation via back-translation enhances
cross-lingual robustness (Kumar & Garg,
2024).

Evaluation Metrics
We evaluate model performance using:

e Accuracy

e Precision

e Recall

e Fl1-Score

e Pearson Correlation

These metrics align with benchmarks used
in recent emotion recognition studies (Barriere
et al., 2022).

Results:
The  proposed  Transformer-based

architecture outperformed monolingual
baselines, consistent with findings in recent
cross-lingual research (Zhao et al., 2025; Jin et
al., 2025).

significantly improved semantic alignment

Multilingual embeddings
across languages (Feng et al., 2022).

Empathy detection achieved strong
Pearson correlation scores, aligning with prior
Transformer-based empathy models (Vasava et
al., 2022).

Discussion:

The results confirm that Transformer
architectures are effective for modeling
complex emotional and empathetic patterns
across languages. However, challenges remain
in handling low-resource languages and code-
mixed content (Singh & Joshi, 2025).

Future work may integrate large
language models (LLMs) and prompt-learning
strategies for

improved  cross-lingual

generalization (Lin et al., 2024).

Conclusion:
This study presents a Transformer-based
framework for cross-lingual emotion and

empathy recognition in multilingual social
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media  dialogues. The integration  of
multilingual ~ embeddings,  cross-attention
mechanisms, and multi-task learning enhances
performance across diverse languages. These
findings contribute to the advancement of

multilingual affective computing system.
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