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Multilingual language models (MLMs) are widely used for cross-lingual
tasks, yet their ability to achieve consistent semantic alignment and transfer
to low-resource languages remains limited. This work examines cross-
lingual semantic alignment and transfer learning through a comparative
evaluation of MLMs at both the word and sentence levels. We analyze
general-purpose models such as big science large open-science open-access
multilingual language model (BLOOM) and task-specialized models
including LaBSE and XLM-R across English, French, Hindi, and Kannada.
Word-level experiments show that LaBSE achieves substantially higher
cosine similarity scores of above 0.80 across languages. In sentence-level
natural language inference, XLM-R outperforms other models, achieving an
F1 score of 68.62% on Kannada and 74.81% on French. These results
indicate that model specialization and training objectives play a crucial role
in cross-lingual performance, particularly for low-resource languages, and

should be carefully considered when deploying multilingual natural
language processing (NLP) systems.
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1. INTRODUCTION

Artificial intelligence (AI) has brought about significant changes in the way we interact with
technology today. Among the various branches of Al, natural language processing (NLP) has stood out for its
ability to help machines understand, interpret, and generate human language. With the rise of generative Al,
the capabilities of language models have grown rapidly, enabling machines to perform tasks like translation,
summarization, and even creative writing. One of the more recent advancements in this space is the
development of multilingual language models (MLMs)-models that can process and understand multiple
languages using a shared neural architecture.

In multilingual settings, these models are especially useful because they can handle input from
different languages without requiring separate models for each one. This makes them ideal for use in global
applications where language diversity is common. In the context of this project, we explore how MLMs can
be applied to understand and process different languages effectively. The project aims to analyze whether
these models truly capture the meaning of words across languages and how well they can transfer knowledge
from a high resource language (English) to a low resource Indic language (Kannada).

MLMs such as BLOOM-1.7B and QWEN2 have been evaluated for their ability to align cross-
lingual word embeddings, represent internal structures through probing tasks like sentence similarity and
named entity recognition, and transfer knowledge across languages, with a focus on low-resource scenarios

Journal homepage: http://ijece.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

974 a ISSN: 2088-8708

[1]. Evaluation methodologies for models like mBERT, XLM-R, and InfoXLLM have revealed that
performance significantly drops in across-language tasks compared to within-language setups, especially in
low-resource languages, exposing generalization weaknesses [2]. The translation performance of big science
large open-science open-access multilingual language model (BLOOM) has been assessed in zero-shot and
few-shot settings across high- and low-resource language pairs, showing notable improvements in few-shot
scenarios when linguistic similarities exist between source and target languages [3]. A more efficient
approach to cross-lingual pretraining has been introduced with XLM-E [4], which uses replaced token
detection instead of masked language modeling and achieves faster, cost-effective training while maintaining
high performance on benchmarks like XTREME [5].

Multilingual BERT has shown strong performance in high-resource languages for named entity
recognition, but its effectiveness sharply declines in low-resource languages due to limited vocabulary
coverage and insufficient training data, which are identified as critical factors affecting multilingual model
performance [6]. Negative interference, where multilingual training degrades performance on individual
languages, has been addressed through a meta-learning approach that introduces language-specific adapters
to improve both monolingual accuracy and cross-lingual transfer [7]. A complementary strategy involves
using language-specific subnetworks within multilingual models to control parameter sharing, which, when
combined with meta-learning, yields significant improvements in few-shot transfer and low-resource
dependency parsing [8]. In the domain of cross-lingual information retrieval, a novel method called
OPTICAL uses optimal transport-based knowledge distillation to align token-level embeddings between
languages, enabling high retrieval performance in low-resource settings without relying on cross-lingual
relevance annotations [9].

The robustness of multilingual models like mBERT and XLM-R under adversarial perturbations has
been evaluated for tasks such as named entity recognition, revealing that vocabulary overlap and linguistic
proximity are key determinants of cross-lingual generalization in low-resource settings [10]. A comparative
study involving multilingual and monolingual models on African languages Kinyarwanda and Kirundi
showed that fine-tuned multilingual models like AfriBERT outperform others, demonstrating strong transfer
capabilities between linguistically similar, low-resource languages [11]. A structured survey of cross-lingual
word embedding techniques categorized methods by data alignment levels and type (parallel vs. comparable),
offering a foundational understanding of multilingual semantic representation approaches [12]. Transfer
learning strategies across various multilingual NLP tasks have been reviewed, highlighting that model
architecture and pretraining data are more impactful than script similarity, with models like XLM-R out
performing both mBERT and language-specific variants in zero-shot transfer scenarios [13].

ZeroShotTM demonstrated that multilingual contextualized embeddings can be effectively
leveraged for zero-shot topic modeling, enabling cross-lingual topic inference without retraining or language-
specific vocabularies [14]. In the domain of low-resource Indian languages, zero-shot translation using
multilingual neural machine translation (NMT) models showed substantial improvement when incorporating
training data from related languages, emphasizing the role of lexical proximity in enhancing translation
performance [15]. To support NLP development for Indian languages, the IndicNLPSuite introduced large-
scale corpora, pretrained models, and evaluation benchmarks, significantly advancing research in under-
resourced Indic language processing [16].

To explore the aforementioned capabilities of MLMs, the project is divided into two core tasks:
evaluating cross-lingual semantic similarity using word embeddings from models like BLOOM and LaBSE
[17], and testing the zero-shot inference ability of MLMs through a natural language inference (NLI) task. By
leveraging pretrained models, curated datasets, and visualizations, the study aims to assess the effectiveness
and real-world applicability of MLMs in multilingual settings, particularly for low-resource languages.

Although MLMs are trained on large and diverse corpora, their ability to represent semantic
meaning consistently across languages is not guaranteed, especially for low-resource languages. Prior studies
have shown that multilingual alignment varies significantly depending on model architecture, training
objectives, and language characteristics. However, many works either focus exclusively on high-resource
languages or evaluate models using a single task. Indic languages such as Kannada remain underexplored in
cross-lingual evaluation. This work addresses this gap by jointly analyzing word-level semantic similarity
and sentence-level inference across multiple languages. By comparing general-purpose multilingual models
with task-specific architectures, we aim to better understand the strengths and limitations of current
multilingual models in low-resource Indic language settings.

The primary objective of this work is to evaluate how effectively MLMs capture cross-lingual
semantic alignment and transfer this knowledge to downstream tasks. To achieve this, we present a unified
evaluation framework that analyzes both word-level semantic similarity and sentence-level zero-shot transfer
performance across English, French, Hindi, and Kannada. We compare general-purpose MLMs such as
BLOOM with task-specialized models including LaBSE and XLM-R to study the impact of architectural
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design and training objectives on cross-lingual performance. Our experiments provide empirical evidence
that strong word-level alignment does not necessarily lead to improved sentence-level inference, particularly
in low-resource languages such as Kannada.

2. METHOD

The system architecture of the proposed solution is designed to facilitate cross-lingual evaluation of
MLMs through two core modules: word embedding similarity and NLI. It builds on the methodology
proposed in [1], but with focus on Indic languages especially Kannada. Each module supports a specific
downstream task and relies on pre-trained transformer-based models to measure multilingual alignment and
semantic understanding. The interface acts as the user interaction layer, while backend logic handles
translation, embedding generation, and inference using streamlined workflows.

Figure 1 depicts the system architecture of the application. In the word embedding similarity
module, the user begins by entering an English word through the interface. The system retrieves the
corresponding translations in French, Hindi, and Kannada using a translation utility. The word and its
translations are tokenized, and a preloaded MLM (LaBSE) generates vector embeddings for each word.
These embeddings are compared using pairwise cosine similarity to measure semantic proximity across
languages [18]. The similarity scores are accompanied by visualization outputs including heatmaps and
t-SNE plots, providing insights into the degree of alignment between cross-lingual word representations.

Main Menu: Word
Embedding Similarity or

NLI option
Word Embedding NLI
Similarity
A h
User inputs a word in User inputs a Premise
English and Hypothesis text
A h
Get translations of the
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Figure 1. System architecture
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In the NLI module, the user inputs a premise and a hypothesis, both of which are first preprocessed.
The preprocessing involves cleaning the data, truncating or padding the input to a fixed length of 128 tokens,
and converting the tokens into tensors along with attention masks. This formatted input is fed into a fine-
tuned XLM-R model [19], which has been trained on the English XNLI dataset and evaluated on the French
XNLI test dataset [20] and Kannada IndicXNLI test dataset [21]. The model processes the preprocessed input
and classifies the relationship between the premise and hypothesis into one of three categories: entailment,
contradiction, or neutral. The resulting prediction and confidence scores are displayed to the user in a
readable format.

3. RESULTS AND DISCUSSION

This section presents the results obtained through a series of experiments conducted on various
MLMs across the two modules: word embedding similarity and NLI. It provides a detailed account of the
performance of each model, supported by relevant tables and visualizations. These evaluations offer insights
into the strengths and limitations of each model in handling multilingual tasks and transferring knowledge
across high- and low-resource languages.

3.1. Word embedding similarity results

For the word embedding similarity module, the models evaluated include BLOOM 560M, BLOOM
1.7B, and LaBSE. Their effectiveness is measured using the average pairwise cosine similarity score (1)
computed over a dataset of 3000 English words and their translations in French, Hindi, and Kannada, which
quantifies the semantic alignment between word embeddings across different languages.

AB

Cosine Similarity(/i §) = AN

)

where A and B are the word embedding vectors, A-EBis the dot product, and || Alland | B || are the
magnitudes of the vectors. Table 1 presents the average pairwise cosine similarity scores obtained by the
three MLMs-BLOOM 560M, BLOOM 1.7B, and LaBSE across different language pairs in the word
embedding similarity module.

Table 1. Average pairwise cosine similarity scores
Language Pair BLOOM 560M BLOOM 1.7B  LaBSE

EN-FR 0.98 0.95 0.90
EN - HI -0.003 -0.14 0.89
EN - KN -0.16 -0.18 0.85
HI - KN 0.097 0.032 0.82

The comparatively higher similarity scores achieved by LaBSE across all language pairs indicate its
superior ability to capture semantic alignment across languages and was thus chosen as the most suitable
model for deployment in the Word Embedding Similarity module. Recent studies have emphasized that
cross-lingual alignment is not a fixed property of multilingual models but can be influenced by architectural
and training strategies. Techniques such as cross-lingual position encoding and bidirectional training have
been shown to improve alignment by explicitly modeling word order differences across languages and
strengthening bilingual representations [22], [23]. In contrast, the present work evaluates pretrained models
without alignment specific fine tuning. The observed degradation in alignment for Indic languages,
particularly in BLOOM embeddings, suggests that incorporating such alignment aware strategies could
potentially enhance cross lingual robustness. Another important factor affecting performance in low resource
languages is lexical frequency. Prior work has shown that multilingual training and knowledge distillation
tend to favor high frequency words, leading to weaker representations for low frequency lexical items [24],
likely contributing to the reduced performance observed for Kannada.

Figure 2 presents the embedding visualizations. Figures 2(a), 2(b), and 2(c) present the t-SNE
visualization of the vector embeddings generated by the BLOOM 560M, BLOOM 1.7B, and the LaBSE
model respectively, in a two-dimensional space. The significant overlap among the embeddings of translated
words confirms that LaBSE effectively captures the semantic alignment of related words across different
languages.
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Figure 2. t-SNE visualization of embeddings obtained from the MLMs (a) BLOOM 560M, (b) BLOOM
1.7B, and (c) LaBSE

3.2. NLI results

For the NLI module, the zero-shot transfer learning performance of BLOOM 560M, BLOOM 1.7B,
and XLM-R is compared using standard classification metrics-accuracy and F1 score on test datasets in
French and Kannada. Table 2 summarizes the test accuracy scores and Table 3 summarizes the test F1 scores
for the NLI task, obtained by evaluating the three aforementioned fine-tuned MLMs on French and Kannada
test datasets. XLM-R achieves better test accuracy and F1 scores for both French and Kannada, indicating its
superior performance in zero-shot transfer for the NLI task. Consequently, XLM-R was selected for
deployment in the NLI module. The superior NLI performance of XLM-R can also be attributed to its
architecture and pretraining strategy, which are better suited for sentence level reasoning. Cross-attention
mechanisms play a critical role in enabling alignment between premise and hypothesis representations across
languages. Prior analyses have identified limitations in cross-attention behavior that affect contextual
alignment, particularly in non-autoregressive and multilingual settings [25]. Although this work does not
perform attention-level analysis, the consistent improvement of XLM-R over BLOOM indicates that stronger
and more context-aware cross-attention representations are beneficial for cross-lingual inference.

Figure 3 presents the model wise accuracy and F1 score comparisons. Figure 3(a) presents a bar
chart of the test accuracy scores, and Figure 3(b) depicts a bar chart of the test F1 scores for the NLI task,
obtained by evaluating the three fine-tuned MLMs-BLOOM 560M, BLOOM 1.7B, XLM-R on French and
Kannada test datasets.
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Table 2. Test accuracy scores Table 3. Test F1 scores
Language BLOOM 560M  BLOOM 1.7B  XLM-R Language BLOOM 560M  BLOOM 1.7B  XLM-R
French 72.27% 75.51% 74.83% French 72.4% 75.59% 74.81%
Kannada 59.08% 61.54% 68.8% Kannada 58.98% 61.46% 68.62%
o Model-wise Accuracy Comparison across Languages Model-wise F1 Score Comparison across Languages
: = 10 Model
. BLOOM 560M . BLOOM 560M
. BLOOM 178 = BLOOM 178
MR MR
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Figure 3. Bar chart for (a) test accuracy scores and (b) test F1 scores

4. CONCLUSION

This study shows that cross-lingual performance of MLMs is highly task-dependent and cannot be
inferred solely from model size or multilingual coverage. Our experiments demonstrate that task-specialized
models such as LaBSE and XLM-R consistently outperform general purpose multilingual models like
BLOOM for word level semantic similarity and sentence level inference, particularly in low resource Indic
languages such as Kannada. These findings highlight the importance of architectural design and training
objectives when selecting multilingual models for practical applications. While this work focuses on
evaluating pretrained models, future work could explore training strategies such as progressive multi-
granularity learning, where models are trained from words to phrases and sentences, to further improve cross-
lingual robustness and transfer performance in low resource settings. In addition, future enhancements may
include investigating one-shot and few-shot transfer capabilities, capturing sentence-level semantic alignment
more explicitly, and extending the analysis to other downstream NLP tasks.
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