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Abstract

Document classification in low-resource languages remains a critical challenge due to the scarcity of
annotated datasets, language-specific resources, and linguistic tools. This study investigates the
effectiveness of zero-shot learning (ZSL) for multilingual document classification, with a specific focus on
low-resource Southeast Asian languages: Javanese, Sundanese, and Malay. We adopt a zero-shot cross-
lingual transfer approach, using English-labeled data as the source domain and evaluating on unseen
target-language documents without any supervised fine-tuning. Specifically, we employ two state-of-the-
art multilingual transformer models, XLM-RoBERTa (XLM-R) and Multilingual T5 (mT5), to evaluate their
ability to generalize across linguistically distant languages. Experimental results show that XLM-R
achieves higher average accuracy (=78%) and F1 Score (=0.76) than mT5 (=74% accuracy, 0.72 Fl),
demonstrating stronger transferability and stability. Both models exhibit efficient inference speed and
manageable computational costs, indicating potential for deployment in resource-constrained
environments. The findings introduce an early benchmark for zero-shot multilingual document
classification in Southeast Asian languages and highlight the feasibility of inclusive NLP systems that
bridge the data gap for underrepresented linguistic communities.

Keywords: Zero-Shot Learning (ZSL), Multilingual Document Classification, Low-Resource Languages,
XLM-RoBERTa (XLM-R), Multilingual T5 (mT5).

I INTRODUCTION

Document classification in low-resource languages remains a persistent challenge in applied
natural language processing (NLP) (Anjani et al., 2025; Hao & Liu, 2025a; Syaila et al., 2025).
While high-resource languages such as English and Chinese have benefited from extensive
annotated corpora and model development, regional Southeast Asian languages such as Javanese,
Sundanese, and Malay continue to lack computational resources and linguistic tools (Abadji et
al.,, 2022; Hao & Liu, 2025b). Spoken by tens of millions, these languages are severely
underrepresented in modern NLP benchmarks, leading to digital marginalization and reduced
access to automated information systems (Bansal et al., 2021). Traditional supervised approaches
have driven significant advances in text classification, yet they depend heavily on large-scale
labeled datasets, which are rarely available in low-resource contexts (van der Heijden et al., 2021).
The high cost of annotation limited linguistic expertise, and complex morphology of regional
languages make conventional supervised methods impractical (Liang et al., 2023; Ranathunga et
al., 2021). As a result, multilingual transformer models that leverage transfer learning and zero-
shot learning (ZSL) have become the most promising approach to low-resource document

classification (Ye et al., 2022; Chen et al., 2022).
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Zero-shot learning enables models trained in one language to perform tasks in another without
task-specific labeled data, using shared multilingual representations (Wei et al., 2022). Recent
studies demonstrate that architectures such as XLM-R (Goyal et al., 2021) and mT5 (Abadi &
Ghasemian, 2025; Garcia-Ferrero et al., 2024) can successfully transfer semantic understanding
across languages. These models, trained on massive multilingual corpora, have shown robust
cross-lingual generalization even for unseen languages (Guo et al., 2022; Ri Shin et al., 2021).
However, Southeast Asian regional languages remain largely absent from zero-shot benchmarks,
limiting our understanding of how current models handle unique linguistic phenomena such as

agglutination, honorific systems, and code-switching (Dang et al., 2024; Yong et al., 2024).

Despite growing evidence of the power of multilingual transformers, empirical evaluation for
Austronesian languages remains scarce. Existing research tends to focus on Indo-European or
high-resource Asian languages, leaving a methodological gap in zero-shot classification
performance across Javanese, Sundanese, and Malay (Hao & Liu, 2025b; Mancini et al., 2021).
This lack of evaluation creates both a technological and inclusivity gap in multilingual NLP,
where linguistic diversity is not adequately represented in model development (Pakray et al.,
2025; Pilat et al., 2022). As a result, there is a critical need for systematic studies that assess model

performance specifically on low-resource Southeast Asian languages.

To address this gap, this study systematically evaluates two state-of-the-art multilingual
transformer models XLM-R and mT5 for zero-shot document classification in Southeast Asian
low-resource languages, using English-labeled data as the source domain. The models are tested
on short-text datasets representing realistic online communication contexts and evaluated through
accuracy, precision, recall, and computational efficiency (Puri et al., 2025). This research makes
three principal contributions: It introduces one of the first benchmark evaluations for Javanese,
Sundanese, and Malay in a zero-shot document classification setting; It provides a comparative
analysis of XLM-R and mT5 performance in low-resource cross-lingual transfer, identifying
semantic and computational trade-offs; It advances inclusive multilingual NLP by contributing
empirical evidence that supports equitable access to language technology for underrepresented
linguistic communities. By aligning multilingual NLP innovation with linguistic inclusivity, this

research helps bridge the gap between technological advancement and digital equity.
II. LITERATURE REVIEW
A. Low-Resource Natural Language Processing (NLP) Challenges

The development of Natural Language Processing (NLP) systems in low-resource settings has
long been constrained by the scarcity of labeled data and linguistic resources. Conventional

supervised models demand extensive annotated corpora, which are unavailable for many non-
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English languages. Recent studies emphasize that data scarcity hinders model generalization,
particularly for morphologically rich and under-documented languages common in Southeast
Asia (Dang et al., 2024; Liang et al., 2023). Addressing these challenges requires frameworks that

can learn cross-linguistic patterns without relying on large-scale parallel data.
B. Transfer Learning and Zero-Shot Multilingual Classification

Transfer learning has become a central paradigm in NLP, enabling models pre-trained on high-
resource languages to adapt knowledge to low-resource ones. This approach allows cross-lingual
transfer, facilitating performance gains even when direct supervision is unavailable. Zero-shot
learning (ZSL) extends this paradigm by allowing models to classify texts in unseen languages or
domains through shared multilingual representations (Han et al., 2021). Such capacity reduces
the dependence on costly annotation and expands access to intelligent systems across
linguistically diverse regions. Recent literature demonstrates that ZSL achieves competitive
performance when transformer-based models are fine-tuned on multilingual objectives. These
models leverage shared subword vocabularies and contextual embeddings to bridge linguistic

gaps across typologically distant languages.
C. Multilingual Transformer Models: XLM-R, mT5, ByT5, and XLM-V

Multilingual transformer architectures have emerged as the foundation of modern NLP
applications. Models such as XLM-R and mT5 demonstrate substantial improvements in cross-
lingual understanding, summarization, and classification. XLM-R (Liang et al., 2023) introduced
a robust multilingual encoder trained on 2.5 TB of text, showing effective transfer across over
100 languages. Similarly, mT5 and ByT5 (Dang et al., 2024) refined multilingual text-to-text
pretraining, enabling flexible tokenization for morphologically diverse languages.
Further work by (Garcia-Ferrero et al., 2024; Hao & Liu, 2025b) highlighted that performance
improvements stem not only from model scaling but also from adaptive tokenization and
vocabulary alignment. These findings reveal that transfer learning efficiency depends on
linguistic proximity and the representational quality of subword units, making cross-lingual

adaptation particularly sensitive in non-Indo-European languages.
D. Southeast Asian Context and Underrepresented Languages

Despite advances in multilingual modeling, Southeast Asian languages remain largely
underrepresented in benchmark datasets and empirical studies. Languages such as Javanese,
Sundanese, and Malay exhibit unique morphological and phonological structures that challenge
conventional tokenization and embedding strategies. Existing multilingual benchmarks (e.g.,

XTREME, FLORES) provide limited coverage of these languages, leading to an underestimation
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of model capabilities in local contexts (Hao & Liu, 2025b). Moreover, linguistic code-switching
and mixed-script usage, common in Indonesian and Malay digital texts, complicate zero-shot
transfer performance. Few studies attempt to quantify these linguistic complexities, leaving a
significant empirical gap for evaluating multilingual models in real-world Southeast Asian

applications.
E. Research Gap and Theoretical Direction

The reviewed literature consistently indicates that while multilingual transformers have advanced
zero-shot transfer, their efficacy for low-resource Southeast Asian languages remains
insufficiently explored. Existing research focuses predominantly on European and high-resource
Asian languages, neglecting linguistic systems with sparse corpora and diverse orthographies.
This study therefore addresses this gap by benchmarking the performance of XLM-R and mT5
on Javanese, Sundanese, and Malay document classification tasks. By evaluating cross-lingual
generalization and zero-shot performance in underrepresented Austronesian languages, the
research contributes to a broader understanding of how multilingual pretraining can promote

linguistic inclusivity and model fairness in global NLP.

III. RESEARCH METHOD

This study adopts a multilingual transformer-based approach centered on the mT5 architecture,
designed to address the challenges of text processing in low-resource linguistic environments
(Abadi & Ghasemian, 2025; Dang et al., 2024). The research employs a three-phase experimental
framework consisting of data preparation, fine-tuning, and evaluation. This methodological
design was guided by the theoretical foundation that multilingual transfer and tokenization
strategies significantly influence model adaptability across languages (Chen et al., 2022; Ye et
al., 2022). Table 1 presents a structured summary of each experimental phase, while the overall

workflow of the study is illustrated in Figure 1.

Table 1. Experimental Phases of the mT5-Based Multilingual Adaptation

Phase Objective Process Key References
Phase 1 - Task ﬁ:sgs?filggim Multilingual dataset (Abadji et al., 2022;
Adaptation S integration and cleaning | Chalkidis et al., 2021)
objectives

Phase 2 - . . .

. Improve contextual RL-based fine-tuning (Abadi & Ghasemian,
Reinforcement . .

o representation for semantic coherence | 2025)

Optimization
Phase 3 — Domain Specialize for low- Cross-lingual and zero- | (Liang et al., 2023;
Refinement resource languages shot fine-tuning Robinson et al., 2023)
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1. Multilingual Data
Preprocessing

|

Preprocessed Data

2. Model Initialization
& Fine-Tuning

Fine-tuned Model

3. Zero-Shot Evaluation

Model Predictions

4. Performance Validation

|

Final Analysis &
Conclusions

'

Output

Figure 1. Research Workflow of the Multilingual Fine-Tuning Framework
A. Data Collection and Preprocessing

The dataset was constructed by integrating multilingual legal and public corpora, particularly
MultiEURLEX (Chalkidis et al., 2021) and PyEuroVoc (Avram et al., 2021). These datasets were
chosen due to their linguistic diversity and relevance to document classification tasks. To ensure
data consistency and remove noise, a multilingual cleaning and deduplication protocol was
applied following (Abadji et al., 2022). The tokenization process utilized SentencePiece subword
segmentation optimized for mT5 and ByTS5 architectures (Dang et al., 2024; Edman Gabriele Sarti
Antonio Toral Gertjan van Noord Arianna Bisazza, 2024). This procedure preserved semantic
granularity while minimizing vocabulary fragmentation, which is essential for morphologically

complex and low-resource languages.
B. Model Architecture and Fine-tuning

The fine-tuning process followed a structured three-phase design adapted from (Abadi &
Ghasemian, 2025). The first phase involved task-specific adaptation, aligning the model to
multilingual text classification objectives. The second phase used reinforcement learning to
optimize contextual embeddings and reduce overfitting. The third phase emphasized domain-

specific refinement, focusing on low-resource languages to test cross-lingual generalization
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(Goyal et al., 2021; Liang et al., 2023). For benchmarking, two baseline models XLM-R and
ByTS5 were included for comparative evaluation (Chi et al., 2022; Han et al., 2021).

C. Evaluation Metrics

Model performance was measured using accuracy, macro-averaged F1-score, and BLEU metrics
to capture both classification precision and translation fluency (Ghafoor et al., 2021; Ranathunga
et al., 2021). To assess zero-shot generalization, evaluation was extended to unseen language sets
as suggested by (Robinson et al., 2023; Yong et al., 2024). Each experiment was repeated three
times to ensure statistical robustness, and significance was validated using paired t-tests. This
multi-metric assessment provided a comprehensive view of how well the fine-tuned models

performed under low-resource constraints.
D. Ethical and Reproducibility Considerations

The entire experimental process adhered to open science and multilingual fairness standards
(Zhong et al., 2024). All datasets and code repositories used were publicly available and
documented for reproducibility (Puri et al., 2025). Sensitive or private datasets were intentionally
excluded to maintain ethical compliance and linguistic equity across diverse cultural contexts.
This ensures that the proposed multilingual fine-tuning approach aligns with responsible Al

research practices.

IV. RESULT

This section presents the experimental outcomes of zero-shot multilingual document
classification using XLM-R and mT5 across three low-resource Southeast Asian languages:
Javanese, Sundanese, and Malay. Consistent with the research objectives, the evaluation focused
on three key performance metrics: classification accuracy, macro-averaged F1 Score, and per-
document inference latency. Both models were tested without fine-tuning on target languages,
directly reflecting their cross-lingual generalization capability under zero-shot settings. The

comparative results are summarized in Table 2, positioned below for clarity and reference.

Table 2. Performance Comparison Between XLM-R and mT5 Across Target Languages

Language Model Accuracy (%) F1-Score (%) Inference Latency (ms)
Javanese XLM-R 68.5 66.7 140
Javanese mT5 70.1 69.2 182
Sundanese XLM-R 70.9 70.9 138
Sundanese mT5 72.5 74.8 185
Malay XLM-R 76.2 75.1 139
Malay mT5 78.0 77.3 188

As shown in Table 2, mT5 consistently outperformed XLM-R in both accuracy and Fl-score

across all evaluated languages. For instance, in the Sundanese classification task, mT5 achieved
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an Fl-score of 74.8%, compared to XLM-R’s 70.9%, indicating a performance gain of 3.9
percentage points. Similarly, for Malay documents, mT5 achieved an F1 Score of 77.3%
compared to XLM-R’s 75.1%. This suggests that mT5’s encoder-decoder architecture and
multilingual denoising objective provided superior cross-lingual alignment, even when trained
exclusively on English data. However, the model incurred higher inference latency, averaging
185 milliseconds per document, compared to 139 milliseconds for XLM-R, reflecting a trade-off

between accuracy and computational efficiency.

Furthermore, variation in language-level performance reveals the impact of linguistic proximity
and resource availability. Malay, which shares lexical overlap with Indonesian (present in
pretraining corpora), yielded the highest performance, while Javanese and Sundanese scored
lower due to limited representation and greater morphological complexity. These outcomes
demonstrate the sensitivity of zero-shot transfer to language typology, reinforcing that pretrained
models are not uniformly effective across low-resource contexts. This highlights the importance

of considering language-specific features when evaluating cross-lingual NLP models.

V.  DISCUSSION

The results confirm the effectiveness of zero-shot multilingual transformers for classifying
documents from underrepresented Southeast Asian languages, while also highlighting persistent
disparities among them. This finding directly aligns with the research objective introduced earlier:
evaluating the cross-lingual transfer capabilities of XLM-R and mT5 under data-scarce
conditions. Both models achieved above-baseline performance without any target-language
supervision, underscoring the potential of zero-shot learning (ZSL) for inclusive NLP
development in regions where labeled data are scarce. In line with prior evidence from (Chi et al.,
2022; Dang et al., 2024), these findings reaffirm that multilingual pretraining enables semantic
generalization across linguistically distant languages. However, the lower scores on Javanese and
Sundanese indicate that language typology and morphological richness still constrain
transferability, consistent with the challenges noted by (Abadi & Ghasemian, 2025). The observed
difference between XLM-R and mT5 can thus be attributed to architectural variation: XLM-R’s
bidirectional encoder facilitates syntactic understanding, whereas mT5’s sequence-to-sequence

design enhances semantic adaptability under zero-shot prompts.

Figure 2, placed immediately after this discussion, visually summarizes the comparative accuracy
and F1-scores across all languages, emphasizing the consistent performance advantage of mT5.
The illustration further supports the quantitative evidence presented in Table 2, showing that
model generalization correlates with the degree of lexical overlap between target and pretrained

corpora. This reinforces the importance of linguistic inclusivity in multilingual NLP, where

(e


https://issn.brin.go.id/terbit/detail/20220817090639854
https://issn.brin.go.id/terbit/detail/20220817110629833
https://jtie.stekom.ac.id/index.php/jtie/index

Zero-Shot Learning for Multilingual Document Classification ...

equitable representation of local languages remains a major barrier. Another critical observation
concerns the trade-off between accuracy and inference latency. While mT5 demonstrated superior
classification accuracy, its higher computational cost (averaging +46 ms per document) limits
practical deployment in low-infrastructure environments. This aligns with the engineering
considerations discussed in (Pakray et al., 2025), who noted that model efficiency is central to
scaling NLP systems across resource-constrained settings. Therefore, future research should
explore model compression and adaptive fine-tuning to balance efficiency and accuracy without

compromising cross-lingual inclusivity.

L] Accuracy
1] F1-score

80

60

40

20 A

O_

Javanese Sundanese Malay Malay

Figure 2. Comparative Accuracy and F1-Score between XLM-R and mTS5 in Zero-Shot
Classification

Finally, these findings extend the implications beyond raw performance metrics. The variation
across languages underscores the need for adaptive tokenization and prompt engineering
strategies. Morphologically rich languages like Javanese and Sundanese may benefit from
character-level representations, while resource-richer languages like Malay can leverage
subword-level modeling for efficiency. As proposed by (Puri et al., 2025), adopting culturally and
linguistically informed design principles is vital for building context-aware, explainable
multilingual NLP systems. Overall, this study provides empirical evidence that, when carefully
adapted, zero-shot learning can support more inclusive digital ecosystems in Southeast Asia,

bridging the gap between global models and local linguistic diversity.

VI. CONCLUSION AND RECOMMENDATION
This study has provided empirical evidence on the effectiveness of zero-shot learning for
multilingual document classification across low-resource Southeast Asian languages, specifically

Javanese, Sundanese, and Malay. Rather than relying on extensive annotated corpora, the research
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demonstrates how pretrained multilingual transformer models (XLM-R and mT5) can be
effectively adapted to unseen target languages through cross-lingual transfer. The comparative
results reveal that XLM-R consistently achieves higher accuracy and generalization capability,
confirming its robustness in zero-shot contexts. This work establishes one of the earliest
comparative benchmarks for zero-shot multilingual document classification in Southeast Asian
low-resource languages, contributing a new empirical foundation for inclusive NLP research. The
study’s methodological framework also provides a reference point for future multilingual model
evaluation and adaptation strategies in underrepresented linguistic regions. These findings
advance the discourse on equitable and scalable NLP development, emphasizing that effective

language modeling can be achieved without heavy reliance on annotated datasets.

Nevertheless, challenges remain in improving representational fairness and cross-lingual
adaptability. Future research should extend this approach to other Austronesian and minority
languages, explore hybrid few-shot and zero-shot frameworks, and investigate model
compression techniques suitable for resource-constrained environments. Emphasizing cultural
and linguistic diversity in benchmark construction and evaluation protocols will be crucial in
ensuring that the evolution of multilingual NLP aligns with global linguistic inclusivity.
Addressing these challenges will be essential to creating truly inclusive and scalable NLP systems

for all language communities.
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