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Abstract
We introduce BURMESE-SAN, the first holistic benchmark that systematically evaluates large language models
(LLMs) for Burmese across three core NLP competencies: understanding (NLU), reasoning (NLR), and gener-
ation (NLG). BURMESE-SAN consolidates seven subtasks spanning these competencies, including Question
Answering, Sentiment Analysis, Toxicity Detection, Causal Reasoning, Natural Language Inference, Abstractive
Summarization, and Machine Translation, several of which were previously unavailable for Burmese. The
benchmark is constructed through a rigorous native-speaker-driven process to ensure linguistic naturalness, fluency,
and cultural authenticity while minimizing translation-induced artifacts. We conduct a large-scale evaluation
of both open-weight and commercial LLMs to examine challenges in Burmese modeling arising from limited
pretraining coverage, rich morphology, and syntactic variation. Our results show that Burmese performance
depends more on architectural design, language representation, and instruction tuning than on model scale
alone. In particular, southeast asia regional fine-tuning and newer model generations yield substantial gains.
Finally, we release BURMESE-SAN as a public leaderboard to support systematic evaluation and sustained
progress in Burmese and other low-resource languages. https://leaderboard.sea-lion.ai/detailed/MY.
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1. Introduction

Recent advances in Large Language Models (LLM)
development have improved the overall capabili-
ties of Natural Language Processing (NLP). With
a large amount of data and high computing power,
LLMs have seen widespread adoption due to their
ability to provide scalable, practical, and diverse
capabilities (Guo et al., 2023; Hadi et al., 2023).
In particular, studies (Liang et al., 2023; Qin et al.,
2025; Chang et al., 2024) demonstrate the effec-
tiveness of LLMs across various languages and
tasks, utilizing their benchmarks to evaluate and
compare model performance.

HELM (Liang et al., 2023) proposed formu-
lating a holistic benchmark to evaluate the ro-
bustness of LLMs for a diversity of tasks in En-
glish. SEACrowd (Lovenia et al., 2024) and SEA-
HELM (Susanto et al., 2025), designed as holistic
benchmarks, evaluate LLMs’ linguistic capabilities
in several Southeast Asian (SEA) languages, and
both use human-crafted and machine-generated
corpora. The fact that some LLMs can perform
well on these benchmarks demonstrates that LLMs
can generalize from English to SEA languages.

However, most existing LLM benchmarks fo-
cus on English, with relatively few evaluating non-
English languages (Son et al., 2024). Furthermore,
even in multilingual benchmarks (Liang et al., 2023;

* Work conducted during Research Internship at AI
Singapore, National University of Singapore.

Susanto et al., 2025), Burmese is not included be-
cause the necessary datasets are not yet available.
Despite being the official language of Myanmar
and having a total number of speakers of over 43-
45 million (Ethnologue, 2019), Burmese remains
an under-resourced language for both models and
benchmarks (Dou et al., 2025).

Burmese stands out among the major SEA lan-
guages for its extensive system of case marking
and its rich morphological structure (Jenny, 2021).
It is a tonal language with an analytic grammati-
cal structure (Okell, 2023). Burmese features four
distinct tones, with each syllable carrying a tone
that plays a crucial role in distinguishing meaning
between otherwise identical syllables.

The language follows a subject-object-verb
(SOV) word order and utilizes a complex system
of honorifics and politeness markers that reflect
social hierarchy and relationships (Republic of the
Union of Myanmar, Myanmar Language Commis-
sion, 2013; Khin Aye, 2024). Burmese is also a
diglossic language, with formal and informal vari-
eties that can differ significantly in vocabulary and
structure, adding another layer of complexity for
language modeling and evaluation. Therefore, due
to the challenge of language and the availability
of Burmese corpora, we need to dedicate more
resources to creating a high-quality benchmark to
identify any gaps and challenges in current LLMs.

To tackle these challenges, we propose

https://leaderboard.sea-lion.ai/detailed/MY
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Figure 1: BURMESE-SAN Benchmark (Left) and Dataset Curation Process for the benchmark
(Right). BURMESE-SAN is a benchmark that holistically evaluates LLM performance across a wide
range of Burmese language tasks. The evaluation is based on native Burmese text, with prompts written
in formal Burmese to ensure clarity and grammatical correctness.

BURMESE-SAN1, the first holistic Burmese Bench-
mark for evaluating LLMs across seven NLP tasks
covering natural language understanding, reason-
ing, and generation. In particular, as shown in
Figure 1, we have seven subtasks: sentiment anal-
ysis (SA), toxicity detection (TD), question answer-
ing (QA), causal reasoning (CR), natural language
inference (NLI), abstractive summarization (AS),
and machine translation (MT), with a total of 3,920
samples. BURMESE-SAN was meticulously built
in collaboration with native speakers, who have
been involved at every stage of the pipeline - from
task selection, prompt translation, and data vali-
dation to final quality assurance. This high-effort,
human-centered approach ensures linguistic au-
thenticity, cultural relevance, and evaluative rigor,
setting a new standard for Burmese benchmarks.
Proposed Studies. Based on BURMESE-SAN,
we investigate the following research questions:
RQ1 Comparison of Commercial and Open-

Source Models How do commercial LLMs
compare with open-weight models on
Burmese language tasks?

RQ2 Effect of Model Scale Does increasing
model size lead to improved performance
on Burmese NLP tasks?

RQ3 Effect of Southeast Asian (SEA) Fine-
Tuning Does fine-tuning on Southeast Asian
languages improve model performance on
Burmese?

RQ4 Effect of Model Quantization How does
model quantization affect performance com-
pared to full-precision models?

1The word San means Standard in Burmese.

RQ5 Temporal Progress in Burmese Language
Capability Have LLMs demonstrated consis-
tent improvements in Burmese performance
across model generations?

Contributions. We summarize the contribution of
our work as follows:

• We propose BURMESE-SAN. A holistic
Burmese benchmark for evaluating LLMs
across seven NLP tasks. Our benchmark is
formulated and edited by humans, resulting in
high-quality samples.

• We present a reproducible dataset develop-
ment process, covering sourcing, task design,
and quality checks. https://github.com/
aisingapore/SEA-HELM.

• We conduct extensive experiments on
Instruction-Tuned, and Reasoning LLMs of
different sizes, revealing systematic gaps
in Burmese understanding, reasoning, and
generation. The results show that SEA-
tuned models can substantially improve
performance.

2. Related Works

2.1. Burmese NLP

Myanmar is a linguistically diverse country with
around 100 ethnic languages and dialects, belong-
ing to four major language families: Sino-Tibetan,
Austro-Asiatic, Tai–Kadai, and Indo-European (Eth-
nologue, 2024). Although Standard Burmese is the
official language, several dialects are spoken, in-
cluding Beik, Dawei, and Rakhine (Oo et al., 2023).

https://github.com/aisingapore/SEA-HELM
https://github.com/aisingapore/SEA-HELM
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Burmese (or Bamar), also known as Standard
Burmese, is the native language of the Bamar ma-
jority and is also spoken by related groups such
as the Mon. It belongs to the Sino-Tibetan (specif-
ically Tibeto-Burman) language family. Burmese
has been significantly influenced by Pali, the liturgi-
cal language of Theravada Buddhism, as well as by
Mon and English. Over time, many foreign words
entered Burmese as loanwords. After the end of
British colonial rule, the government replaced many
English terms by creating new Burmese equiva-
lents (MULTICSD Project Team, 2025). Although
Standard Burmese is the official language of Myan-
mar, widely used by the majority population and
more resource-rich than other ethnic languages, it
is still considered under-resourced for NLP. It lacks
sufficient high-quality data, tools, and benchmarks
for effective language processing. However, due to
its official status, widespread use, and relative re-
source availability, we focus on Standard Burmese
for benchmarking in this work.

The design of BURMESE-SAN focuses on lin-
guistic authenticity and representativeness in vo-
cabulary, sentence structure, and grammar. This
enables a comprehensive evaluation of Natu-
ral Language Processing (NLP) capabilities in
Burmese, encompassing Natural Language Un-
derstanding (NLU), Natural Language Reasoning
(NLR), and Natural Language Generation (NLG).
Regarding sentence structure, BURMESE-SAN is
designed to reflect natural and native use of Stan-
dard Burmese. We carefully prepared the eval-
uation data to help evaluate how well the LLMs
handle real-world Burmese language use. (See
Section 3). The benchmark uses commonly spo-
ken vocabulary, focusing on words and phrases
frequently used in daily conversation. It also nat-
urally includes loanwords - mainly from Pali and
English - that are now a regular part of modern
Burmese lexicon.

2.2. Dataset and Benchmark Overview

Previous efforts to evaluate Burmese language
models have been mostly scattered and uncoor-
dinated. Researchers have developed datasets
for Burmese NLP tasks, including text classifica-
tion, sequence tagging, and machine translation
(Thu et al., 2023; San et al., 2024; Zaw et al.,
2022; Hlaing et al., 2022; Aung et al., 2024; Kyaw
et al., 2024). However, there is still no unified,
comprehensive benchmark to systematically eval-
uate LLMs across different linguistic aspects of the
Burmese language.

Recent Southeast Asian benchmarks largely ex-
clude Burmese or rely on machine-translated data.
SeaExam and SeaBench (Liu et al., 2025) intro-
duce localized exam-style and open-ended queries

in Vietnamese, Thai, and Indonesian, but do not
include Burmese. SailCompass (Guo et al., 2024b)
evaluates Southeast Asian language understand-
ing without any Burmese components. SeaEval
(Wang et al., 2024) provides a multilingual and mul-
ticultural benchmark comprising 29 datasets; how-
ever, Burmese is excluded, and most of the data
are machine-translated or derived from general-
purpose multilingual prompts. BHASA covers In-
donesian, Tamil, Thai, and Vietnamese (Leong
et al., 2023), whereas IndoNLU focuses solely on
Indonesian NLU tasks (Wilie et al., 2020), lacking
evaluations of generative or reasoning capabilities.

Unlike these existing benchmarks, BURMESE-
SAN provides a comprehensive, multi-task eval-
uation suite for Burmese NLP, covering NLU,
NLR, and NLG tasks. All datasets were care-
fully curated and adapted to ensure native speaker
verification, providing linguistic authenticity, high-
quality labels, and cultural relevance. This makes
BURMESE-SAN the first holistic benchmark
specifically designed for Burmese.

3. Task and Dataset Curation

As shown in Table 2, BURMESE-SAN covers tasks
across Natural Language Understanding (NLU),
Natural Language Reasoning (NLR), and Natural
Language Generation (NLG) with balanced class
distributions, totaling 3,920 samples. We discuss
how to formulate BURMESE-SAN, starting from
task and dataset selection in Sections 3.1 and 3.2,
to ensure that our benchmark is holistic. Finally,
we then describe the dataset adaptation and an-
notation process in Section 3.3, including how we
ensure the quality of our benchmark. Note that
more information about the tasks and datasets,
along with task descriptions, dataset information,
and quality, is discussed further in Appendix A, B,
and C.

3.1. Task Selection
Similar to well-exhibited benchmarks in the SEA
languages (Montalan et al., 2025; Liu et al., 2025),
we require tasks that are widely used to evalu-
ate the robustness of LLMs that reflect real-world
scenarios. The tasks should consist of classical
NLP tasks, such as classification, and LLM-widely
adopted tasks, including question answering (QA),
summarization (AS), and machine translation (MT),
as well as reasoning and understanding tasks, in-
cluding natural language inference (NLI). There-
fore, BURMESE-SAN brings comprehensive LLM
evaluation to Burmese with seven tasks across
NLU (sentiment analysis, question answering, and
toxicity detection), NLG (abstractive summarization
and machine translation), and NLR (causal reason-
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Comp. Task Dataset Target1 Language Source2 Adaptation Our contribution
NLU QA Belebele (Bandarkar et al., 2024) S (4) Burmese English-adapted Native re-translation ✓

SA GKLMIP-mya (Jiang et al., 2021) L (3) Burmese Natively-sourced Normalization3 ✓

TD myHateSpeech (Kyaw et al., 2024) L (9) Burmese Natively-sourced No Adaptation
NLR CR Balanced COPA (Kavumba et al., 2019) L (2) English English-sourced Native translation ✓

NLI myXNLI (Htet and Dras, 2025) L (3) Burmese Natively-translated No Adaptation
NLG AS XL-Sum (Hasan et al., 2021) Sum Burmese English-adapted Native re-translation ✓

MT FLORES+ (Team, 2024a) Trans Burmese English-adapted Native re-translation ✓

1 Number of options shown in parentheses. L: Label; S: Span; Sum: Summary; Trans: Translate
2 English-adapted: previously translated from English, then further adapted or corrected by native speakers.

English-sourced: originally written in English.
Natively-sourced: originally created in Burmese by native speakers. Natively-translated: translated by native speakers

3 Normalization: spelling was standardized to follow consistent orthography and modern usage norms,
including Unicode normalization and correction of common typos.

Table 1: Dataset information for each task in BURMESE-SAN. A checkmark in the Our contribution
column indicates direct contributions to the adaptation process.

Competency Task Label # samples
NLU QA Span 120

SA Positive 200
Negative 200
Neutral 200

TD Clean 200
Hate 200

NLR CR Cause 200
Effect 200

NLI Contradiction 200
Entailment 200
Neutral 200

NLG AS Summary 100
MT MYA → ENG 850

ENG → MYA 850
Total 3,920

Table 2: Class distribution per task in BURMESE-
SAN Benchmark Dataset

ing and natural language inference), as shown in
Table 1. This ensures that our benchmark covers
all aspects of LLM evaluation.

3.2. Dataset Selection
To build BURMESE-SAN, we collected open-
source datasets with clear sources, focusing on
those that reflect authentic Burmese language use
in domains such as social media, news, and forums.
For tasks like TD and NLI, high-quality datasets
are already available that do not require adaptation.
These datasets are either formulated in Burmese
(monolingual datasets) or carefully edited by pre-
vious works to fix translation issues (Kyaw et al.,
2024; Htet and Dras, 2025).

However, for other tasks, existing datasets re-
quired translation or editing to meet our goals of cre-
ating high-quality and culturally relevant datasets.
Therefore, we adapted English and partially trans-
lated data sets, including FLORES+ (Team, 2024a),
Belebele (Bandarkar et al., 2024), GKLMIP-
mya (Jiang et al., 2021), XL-Sum (Hasan et al.,
2021), and Balanced COPA (Kavumba et al., 2019),
to create Burmese-SAN. While these datasets are

well-known and widely used in LLM evaluation
benchmarks (Lovenia et al., 2024; Susanto et al.,
2025), they were not readily available in Burmese
or were inadequately translated. We applied nor-
malization and native re-translation to ensure suit-
ability for inclusion in Burmese-SAN. Table 1 also
summarizes the usage, adaptations, and our con-
tributions, highlighting the comprehensive, native-
speaker-verified nature of Burmese-SAN, which dis-
tinguishes it from prior benchmarks (Vayani et al.,
2025; Lovenia et al., 2024).

3.3. Dataset Adaptation and Annotation

As we discussed in the previous discussion, al-
though some Burmese datasets are available, their
data format and quality need refinement to make
them natural in Burmese, culturally suitable, and re-
liable for evaluation. As shown in Figure 1 (Right),
we designed a four-step process (random sam-
pling and filtering, translation, text normalization,
and label verification, as well as native revision) to
combine Burmese and non-Burmese datasets into
a single benchmark. Note that, to ensure dataset
quality, we employed native Burmese speakers
(ages 18–25), primarily university students enrolled
in international programs as annotators.
Random Sampling and Filtering For each task,
we first sampled data and restricted text length to
20–3,000 characters, ensuring balanced class dis-
tributions to reduce bias. All NLU and NLR tasks
were limited to 32 tokens per output, whereas gen-
eration tasks utilized longer outputs, with 256 to-
kens for MT and 512 tokens for AS, to accommo-
date richer content generation. Low-quality items,
such as duplicates, unclear text, or unnatural writ-
ing, were removed by native speakers to maintain
the high quality of Burmese examples. For the na-
tively sourced datasets (SA, TD) and the natively
translated NLI (Htet and Dras, 2025), we applied
task-specific filtering. For the SA and TD tasks,
we removed sentences with contextually ambigu-
ous expressions that could obscure labels. For the

https://huggingface.co/datasets/facebook/belebele
https://huggingface.co/datasets/kornwtp/gklmip-sentiment-mya-classification
https://github.com/ye-kyaw-thu/myHateSpeech
https://huggingface.co/datasets/pkavumba/balanced-copa
https://huggingface.co/datasets/akhtet/myanmar-xnli
https://huggingface.co/datasets/csebuetnlp/xlsum
https://huggingface.co/datasets/openlanguagedata/flores_plus
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NLI task, we ensured premise–hypothesis pairs
accurately reflected the intended relation.
Translation and Binary Criteria Rating For tasks
originally in English (QA, CR, AS, MT), the data
was translated into Burmese using annotators, en-
suring high-quality data. For the English-sourced
dataset (CR), we translated it from English to
Burmese by leveraging our native speaker anno-
tators. In contrast, the English-adapted datasets
(QA, AS, and MT) were re-translated due to the
low quality of existing translations. After transla-
tion, our native-speaker annotators applied a binary
rating (agree/disagree) to evaluate dataset quality
based on multiple criteria. We used Completeness,
Fluency, and Sensibility to assess information re-
tention, grammaticality, and contextual logic for all
tasks; Faithfulness for translation to evaluate mean-
ing preservation; and Relevance and Coherence
for summarization to measure content focus and
structural flow. The initial overall mean joint agree-
ment across all tasks and criteria is 99.11%, indicat-
ing a consistently high level of annotator alignment
throughout the evaluation. For each sample, if it
did not receive full agreement from our annotators,
it was then revised by them to improve quality. This
process efficiently filtered out poor-quality transla-
tions without requiring full re-annotation, ensuring
that only accurate and fluent Burmese text was
included in the benchmark.
Text Normalization and Label Verification In the
next step, normalization was applied to improve
consistency for datasets that were natively sourced
(SA and TD). This process primarily served to
resolve ambiguities and measure inter-annotator
agreement, preserving dataset integrity while im-
proving reliability for downstream evaluation. For
Toxicity Detection (TD), despite spelling errors, dis-
torted spellings were preserved, as they reflect real
social media usage and intentional attempts to by-
pass detection. For Sentiment Analysis (SA), typos,
spelling mistakes, and character-order issues were
corrected so that errors would not affect classifica-
tion. Moreover, code-switching (English-Burmese)
samples were preserved in both tasks, as it is a
natural part of Myanmar social media. For the gold
label of each sample, due to the subjective nature
of these tasks, native speakers verified and, when
necessary, adjusted the labels. We retained the
original labels as far as possible, as our goal was
to ensure label consistency and quality rather than
redefine the task. We found that the agreement
between the original and verified labels was very
high. For Sentiment Analysis (SA), Cohen’s Kappa
= 0.948, Krippendorff’s Alpha = 0.948, and total
agreement = 96.5%. For Toxicity Detection (TD),
Cohen’s Kappa = 0.985, Krippendorff’s Alpha =
0.985, and total agreement = 99.25%.
Native Revision Finally, native speakers con-

ducted a final review of all text. This step focused
on refining linguistic naturalness, cultural appro-
priateness, and readability, including minor adjust-
ments to grammar, punctuation, and style. The
goal was not to alter the meaning, but to ensure
that the dataset reflects authentic Burmese lan-
guage use suitable for downstream tasks.

4. Experimental Setup

4.1. Prompt Templates
For BURMESE-SAN, we designed task-specific
prompt templates entirely in Burmese. These tem-
plates were carefully aligned with the principles
of prompt design established in SEA-HELM (Su-
santo et al., 2025) to ensure consistency between
tasks. In particular, we translate the task prompts
from SEA-HELM into the native Burmese language.
This is because the design prompt of SEA-HELM
maintains a clear separation between instruction
and content, as the formal prompts are unambigu-
ous and standardized, thereby reducing confound-
ing factors that might influence model performance
due to differences in prompt style rather than gen-
uine understanding of the Burmese text.

4.2. Evaluation Setup
Tasks. Each task in BURMESE-SAN, as described
in Section 3, is designed to thoroughly test how well
LLMs understand and use the Burmese language.
A task includes a set of test and example cases,
each with an input, reference answers, metadata,
and the correct label. Metrics We adopt multiple
evaluation metrics to assess model performance
across tasks. For each metric, the model output is
treated as the prediction, while the corresponding
instance label serves as the reference. For NLU
and NLR tasks, we report the accuracy score. For
machine translation, we use MetricX-24 (Juraska
et al., 2024). For abstractive summarization, we
report ROUGE-L F1 using the multilingual ROUGE
implementation from XL-Sum (Hasan et al., 2021).
All metric scores are normalized to a common
[0,100] scale following the SEA-HELM normaliza-
tion process, which accounts for differences in
metric ranges, task difficulty, and random base-
lines (e.g., MetricX originally ranges from [0,25]
but is rescaled to [0,100]). Each model is evalu-
ated across eight independent runs without greedy
decoding (i.e., temperature = 0) (Miller, 2024), and
we report the mean normalized score to ensure
stable and reliable performance estimates.

4.3. Models
Model Selection. We evaluated a set of LLMs
across diverse families, parameter scales, and ac-
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Model MY CR NLI QA SA TD AS MT
Small Models (< 14B)
MERaLiON 2 (10B) 10.66 ± 0.16 0.00 ± 0.00 12.61 ± 0.31 0.00 ± 0.00 0.07 ± 0.13 14.79 ± 0.09 19.49 ± 0.27 35.33 ± 0.15
Olmo 2 1124 (13B) 1.84 ± 0.09 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.79 ± 0.03 0.00 ± 0.00 1.04 ± 0.03
Olmo 2 1124 (7B) 2.18 ± 0.12 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 1.80 ± 0.04 0.00 ± 0.00 6.44 ± 0.10
Olmo 3 (7B) 3.41 ± 0.11 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 3.66 ± 0.05 14.00 ± 0.14 1.11 ± 0.02
Tulu 3 (8B) 10.95 ± 0.14 0.00 ± 0.00 1.35 ± 0.13 5.89 ± 0.64 0.00 ± 0.00 13.70 ± 0.06 21.48 ± 0.17 37.48 ± 0.10
SEA-LION v3-Gemma-2 (9B) 15.40 ± 0.22 0.00 ± 0.00 25.10 ± 0.37 4.52 ± 1.35 0.00 ± 0.00 20.64 ± 0.11 14.84 ± 0.29 53.10 ± 0.15
SEA-LION v3-Llama (8B) 17.88 ± 0.26 4.45 ± 1.29 17.01 ± 0.70 37.41 ± 0.81 22.19 ± 0.97 12.79 ± 0.26 5.61 ± 0.27 13.92 ± 0.12
SEA-LION v4-Apertus (8B) 16.68 ± 0.22 0.00 ± 0.00 0.00 ± 0.00 23.44 ± 0.97 19.05 ± 0.43 15.71 ± 0.08 5.47 ± 0.13 55.46 ± 0.16
SEA-LION v4-Gemma-3-VL (4B) 26.24 ± 0.13 0.00 ± 0.00 34.39 ± 0.30 47.78 ± 0.00 43.11 ± 0.15 27.90 ± 0.07 17.93 ± 0.10 62.56 ± 0.12
SEA-LION v4-Qwen-3-VL (4B) 23.31 ± 0.17 28.80 ± 0.41 21.26 ± 0.21 42.81 ± 0.25 31.54 ± 0.14 20.37 ± 0.10 0.63 ± 0.03 24.90 ± 0.13
SEA-LION v4-Qwen-3-VL (8B) 30.67 ± 0.19 38.77 ± 0.41 23.28 ± 0.25 58.22 ± 0.60 36.21 ± 0.27 31.76 ± 0.11 15.49 ± 0.21 51.70 ± 0.20
Qwen 2.5 (7B) 8.04 ± 0.15 0.00 ± 0.00 5.97 ± 0.82 0.00 ± 0.00 0.00 ± 0.00 8.77 ± 0.15 19.35 ± 0.18 11.22 ± 0.11
Qwen 3 VL (4B) 18.61 ± 0.13 0.00 ± 0.00 29.18 ± 0.48 40.59 ± 0.41 35.60 ± 0.13 21.34 ± 0.09 21.48 ± 0.09 40.17 ± 0.12
Qwen 3 VL (8B) 26.26 ± 0.20 30.70 ± 0.65 3.16 ± 0.14 40.04 ± 0.73 33.83 ± 0.33 25.73 ± 0.13 20.11 ± 0.15 47.90 ± 0.13
Qwen 3 VL (4B) 20.42 ± 0.16 22.77 ± 0.57 21.53 ± 0.32 44.44 ± 0.38 36.70 ± 0.13 20.01 ± 0.13 0.55 ± 0.00 34.34 ± 0.11
Qwen 3 VL (8B) 30.25 ± 0.22 36.85 ± 0.59 32.05 ± 0.46 53.59 ± 0.70 36.41 ± 0.26 32.60 ± 0.17 16.51 ± 0.23 49.72 ± 0.09
Babel (9B) 8.01 ± 0.18 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 22.39 ± 0.63 8.64 ± 0.08 18.33 ± 0.33 17.51 ± 0.22
SeaLLMs V3 (7B) 7.13 ± 0.16 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 8.47 ± 0.08 17.68 ± 0.31 18.87 ± 0.15
Aya Expanse (8B) 3.03 ± 0.13 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 1.48 ± 0.04 0.00 ± 0.00 2.82 ± 0.06
Command R7B 12-2024 (7B) 3.19 ± 0.13 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 4.36 ± 0.07 10.06 ± 0.28 9.73 ± 0.14
Gemma 2 (9B) 9.63 ± 0.17 0.00 ± 0.00 9.16 ± 0.63 0.00 ± 0.00 0.00 ± 0.00 13.02 ± 0.13 14.08 ± 0.28 35.64 ± 0.13
Gemma 3 VL (12B) 42.46 ± 0.15 44.93 ± 0.77 26.22 ± 0.16 67.11 ± 0.41 48.96 ± 0.22 40.97 ± 0.15 18.77 ± 0.26 70.96 ± 0.09
Gemma 3 VL (4B) 20.56 ± 0.19 0.00 ± 0.00 22.12 ± 0.31 35.74 ± 0.38 39.18 ± 0.16 22.25 ± 0.09 19.35 ± 0.12 50.90 ± 0.14
Llama 3 (8B) 3.20 ± 0.06 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 4.89 ± 0.03 0.00 ± 0.00 22.95 ± 0.15
Llama 3.1 (8B) 8.45 ± 0.19 0.00 ± 0.00 0.00 ± 0.00 7.48 ± 1.02 0.00 ± 0.00 10.72 ± 0.09 26.73 ± 0.27 20.69 ± 0.14
Ministral 2410 (8B) 3.90 ± 0.13 0.00 ± 0.00 0.29 ± 0.23 0.00 ± 0.00 0.05 ± 0.10 6.61 ± 0.07 4.22 ± 0.19 27.35 ± 0.17
Sailor2 (8B) 11.65 ± 0.13 0.00 ± 0.00 43.74 ± 0.79 0.26 ± 0.27 0.00 ± 0.00 19.30 ± 0.14 0.00 ± 0.00 48.76 ± 0.14
Apertus (8B) 9.30 ± 0.21 0.00 ± 0.00 0.25 ± 0.22 3.78 ± 1.27 2.92 ± 0.74 12.13 ± 0.10 13.22 ± 0.27 40.68 ± 0.16
Medium Models (14B–32B)
Olmo 2 0325 (32B) 4.38 ± 0.15 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 3.91 ± 0.05 0.00 ± 0.00 14.73 ± 0.12
SEA-LION v4-Gemma-3-VL (27B) 47.18 ± 0.15 57.15 ± 0.47 52.92 ± 0.18 69.11 ± 0.41 47.56 ± 0.26 48.95 ± 0.11 11.43 ± 0.23 77.83 ± 0.10
SEA-LION v4-Qwen-3-VL (32B) 49.56 ± 0.14 66.38 ± 0.20 57.13 ± 0.20 81.52 ± 0.22 40.49 ± 0.13 51.70 ± 0.08 23.56 ± 0.08 64.00 ± 0.19
Qwen 2.5 (14B) 13.59 ± 0.19 0.00 ± 0.00 4.36 ± 0.68 33.96 ± 0.68 0.00 ± 0.00 14.25 ± 0.13 21.50 ± 0.11 32.46 ± 0.10
Qwen 2.5 (32B) 26.99 ± 0.17 13.68 ± 0.64 5.60 ± 0.47 43.04 ± 0.71 32.36 ± 0.33 22.78 ± 0.14 24.05 ± 0.12 39.36 ± 0.15
Qwen 3 VL (14B) 32.46 ± 0.13 31.75 ± 0.52 17.80 ± 0.30 61.26 ± 0.63 36.96 ± 0.23 31.52 ± 0.12 22.76 ± 0.12 51.87 ± 0.16
Qwen 3 VL (32B) 44.60 ± 0.19 60.68 ± 0.45 52.07 ± 0.34 74.48 ± 0.73 41.37 ± 0.31 45.33 ± 0.12 25.31 ± 0.18 44.71 ± 0.18
Qwen 3 VL (32B) 40.89 ± 0.19 49.48 ± 0.48 43.49 ± 0.28 74.04 ± 0.27 47.17 ± 0.17 40.26 ± 0.12 10.77 ± 0.23 56.03 ± 0.11
Aya Expanse (32B) 6.44 ± 0.15 0.25 ± 0.24 0.25 ± 0.22 0.00 ± 0.00 0.00 ± 0.00 5.67 ± 0.08 0.00 ± 0.00 20.66 ± 0.18
Command R 08-2024 (32B) 4.87 ± 0.15 0.00 ± 0.00 1.37 ± 0.69 1.07 ± 0.61 0.00 ± 0.00 6.30 ± 0.13 16.97 ± 0.15 9.75 ± 0.11
Gemma 2 (27B) 23.97 ± 0.24 25.78 ± 1.05 32.10 ± 0.27 31.30 ± 1.50 21.46 ± 0.87 29.59 ± 0.21 21.41 ± 0.19 50.32 ± 0.12
Gemma 3 VL (27B) 48.14 ± 0.17 57.08 ± 0.51 53.82 ± 0.16 69.85 ± 0.31 47.13 ± 0.24 49.96 ± 0.12 13.16 ± 0.25 79.44 ± 0.07
phi-4 (14B) 6.45 ± 0.18 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 17.77 ± 0.69 6.65 ± 0.09 10.79 ± 0.39 16.19 ± 0.12
Mistral Small 3.1 2503 (24B) 2.22 ± 0.11 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 2.38 ± 0.05 3.48 ± 0.09 6.34 ± 0.14
Sailor2 (20B) 8.55 ± 0.11 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 11.66 ± 0.04 0.00 ± 0.00 52.86 ± 0.15
Large Models (> 32B)
Tulu 3 (70B) 35.11 ± 0.17 56.78 ± 0.51 43.75 ± 0.43 66.85 ± 0.68 34.50 ± 0.40 43.89 ± 0.14 25.97 ± 0.24 66.60 ± 0.09
SEA-LION v3-Llama (70B) 38.21 ± 0.28 54.30 ± 0.91 44.63 ± 0.47 73.30 ± 0.70 0.00 ± 0.00 43.98 ± 0.20 25.26 ± 0.16 63.28 ± 0.16
Qwen 3 A3B (30B MoE) 25.62 ± 0.12 0.00 ± 0.00 44.07 ± 0.47 69.04 ± 0.44 31.12 ± 0.29 21.90 ± 0.09 1.27 ± 0.12 34.84 ± 0.12
Qwen 2.5 (72B) 27.54 ± 0.20 5.58 ± 0.22 12.41 ± 0.25 48.63 ± 0.45 39.85 ± 0.22 23.51 ± 0.10 21.68 ± 0.27 46.32 ± 0.14
Qwen 3 A22B (235B MoE) 54.29 ± 0.16 71.32 ± 0.23 57.42 ± 0.19 76.63 ± 0.07 50.32 ± 0.18 56.51 ± 0.08 23.36 ± 0.14 78.40 ± 0.06
Qwen 3 Next (80B MoE) 44.88 ± 0.16 59.27 ± 0.60 46.77 ± 0.22 74.89 ± 0.43 41.88 ± 0.20 46.01 ± 0.12 21.66 ± 0.08 58.58 ± 0.15
Babel (83B) 9.87 ± 0.23 0.00 ± 0.00 0.40 ± 0.32 29.89 ± 2.08 8.11 ± 1.02 7.72 ± 0.10 16.56 ± 0.24 9.61 ± 0.15
ERNIE 4.5 (21B MoE) 17.70 ± 0.15 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 19.67 ± 0.06 10.37 ± 0.19 72.24 ± 0.18
ERNIE 4.5 (300B MoE) 54.68 ± 0.16 68.82 ± 0.22 40.39 ± 0.15 78.52 ± 0.32 49.81 ± 0.16 54.27 ± 0.08 20.84 ± 0.22 86.25 ± 0.05
Command A 03-2025 (111B) 16.52 ± 0.23 0.00 ± 0.00 18.57 ± 0.58 30.78 ± 1.22 16.68 ± 0.75 15.71 ± 0.14 5.57 ± 0.35 37.10 ± 0.19
Command R+ 08-2024 (104B) 6.61 ± 0.18 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 1.83 ± 0.68 9.19 ± 0.07 16.00 ± 0.17 25.95 ± 0.17
DeepSeek V3 (671B MoE) 40.87 ± 0.25 59.22 ± 0.80 16.31 ± 0.79 15.78 ± 1.72 39.07 ± 0.33 41.73 ± 0.17 20.22 ± 0.13 72.92 ± 0.13
DeepSeek V3.1 (671B MoE) 51.30 ± 0.23 58.92 ± 0.70 51.64 ± 0.37 70.41 ± 0.60 44.17 ± 0.21 53.41 ± 0.16 21.47 ± 0.11 85.86 ± 0.05
Llama 3 (70B) 13.09 ± 0.17 32.92 ± 0.66 35.18 ± 0.43 15.33 ± 1.12 0.00 ± 0.00 24.03 ± 0.14 0.00 ± 0.00 49.89 ± 0.11
Llama 3.1 (70B) 19.87 ± 0.24 0.00 ± 0.00 35.08 ± 0.71 37.63 ± 1.30 0.00 ± 0.00 26.76 ± 0.15 27.30 ± 0.26 58.42 ± 0.20
Llama 3.3 (70B) 23.07 ± 0.15 0.00 ± 0.00 42.51 ± 0.31 3.70 ± 0.72 0.00 ± 0.00 29.50 ± 0.09 28.32 ± 0.21 60.06 ± 0.15
Llama 4 Maverick (400B MoE) 51.49 ± 0.20 67.87 ± 0.21 31.87 ± 0.39 80.00 ± 0.00 44.92 ± 0.11 52.54 ± 0.10 30.66 ± 0.15 81.86 ± 0.05
Llama 4 Scout (109B MoE) 45.54 ± 0.17 70.40 ± 0.32 31.74 ± 0.21 75.93 ± 0.19 13.19 ± 0.43 49.98 ± 0.09 25.53 ± 0.25 81.15 ± 0.04
Mistral Large 2411 (123B) 26.17 ± 0.29 7.00 ± 1.42 10.76 ± 0.40 41.41 ± 1.39 36.23 ± 0.41 24.14 ± 0.27 19.68 ± 0.28 55.08 ± 0.20
Kimi K2 Instruct 0905 (1040B MoE) 43.94 ± 0.19 53.02 ± 1.07 13.98 ± 0.36 58.81 ± 0.94 40.21 ± 0.47 41.64 ± 0.20 23.02 ± 0.20 71.96 ± 0.19
Apertus (70B) 13.09 ± 0.25 0.00 ± 0.00 0.00 ± 0.00 21.78 ± 1.43 0.00 ± 0.00 16.60 ± 0.09 15.17 ± 0.17 58.27 ± 0.17

Table 3: Performance of instruct models on BURMESE-SAN tasks. Best model for each task per size
group is bold, second best is underlined.

cess types. The selection includes (i) instruction-
tuned models such as Qwen 3 (Yang and et al.,
2025; Bai and et al., 2025), Llama-3/3.1/3.3/4
series (Grattafiori and et al., 2024), Gemma
2/3 (Team, 2025c), SEA-LION (Ng et al., 2025),
DeepSeek-V3, V3.1 (671B MoE) (Team, 2025a),
OLMo (Groeneveld et al., 2024), Mistral (Jiang
et al., 2023), Sailor2-Chat (Dou et al., 2025), Ba-
bel (Zhao et al., 2025), and Command-R series;
(ii) reasoning-focused models such as DeepSeek-

V3.1 Thinking and DeepSeek-R1 (DeepSeek-AI,
2025), Qwen3-Thinking (Yang and et al., 2025),
QwQ (Team, 2025f), GPT-OSS (Team, 2025d),
OLMo-3-Think (Olmo, 2025), and SEA-LION v3.5 R
(Ng et al., 2025); and (iii) commercial models includ-
ing Google’s Gemini-2/2.5 (Flash and Pro) (Team,
2025b), OpenAI’s GPT-4o (Team, 2024b), GPT-4.1
(OpenAI, 2024), and GPT-5 (Team., 2025), and An-
thropic’s Claude family (Sonnet 4 and Opus 4.1)
(Anthropic, 2025). This diverse collection ensures
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Model MY CR NLI QA SA TD AS MT
Small Models (< 14B)
Olmo 3 Think (7B) 3.85 ± 0.16 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 5.88 ± 0.06 9.99 ± 0.23 17.61 ± 0.12
SEA-LION v3.5 R (Llama) (8B) 22.08 ± 0.20 0.00 ± 0.00 30.19 ± 0.64 54.00 ± 1.22 0.00 ± 0.00 22.28 ± 0.15 11.02 ± 0.32 48.28 ± 0.32
Qwen 3 (Thinking) (4B) 34.78 ± 0.29 40.78 ± 1.30 31.98 ± 0.70 60.37 ± 0.96 31.82 ± 0.53 35.77 ± 0.28 16.29 ± 0.40 56.00 ± 0.11
Qwen 3 (Thinking) (8B) 37.12 ± 0.22 55.80 ± 0.95 33.45 ± 0.63 65.19 ± 1.23 40.18 ± 0.37 40.22 ± 0.22 18.28 ± 0.18 59.53 ± 0.12
Medium Models (14B–32B)
Olmo 3 Think (32B) 5.51 ± 0.16 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 5.85 ± 0.07 8.80 ± 0.19 15.28 ± 0.14
QwQ (32B) 24.66 ± 0.27 0.00 ± 0.00 19.04 ± 0.69 55.96 ± 1.33 30.38 ± 0.49 18.58 ± 0.15 4.17 ± 0.27 38.97 ± 0.19
Qwen 3 (Thinking) (14B) 43.81 ± 0.24 61.45 ± 0.97 35.47 ± 0.45 73.70 ± 1.26 38.71 ± 0.35 45.07 ± 0.20 20.86 ± 0.12 65.04 ± 0.21
Qwen 3 (Thinking) (32B) 52.35 ± 0.26 71.32 ± 0.70 48.61 ± 0.54 77.33 ± 0.87 42.32 ± 0.35 48.49 ± 0.19 22.90 ± 0.16 43.43 ± 0.32
Reka Flash 3.1 (21B) 24.51 ± 0.28 3.80 ± 1.34 39.16 ± 0.65 61.00 ± 1.34 5.20 ± 0.75 26.51 ± 0.28 10.91 ± 0.21 56.18 ± 0.19
Large Models (> 32B)
SEA-LION v3.5 R (Llama) (70B) 44.02 ± 0.26 19.65 ± 1.58 41.37 ± 0.56 75.07 ± 0.67 8.83 ± 0.80 41.60 ± 0.29 21.55 ± 0.10 78.97 ± 0.13
Qwen 3 (Thinking) (235B MoE) 66.39 ± 0.22 77.97 ± 0.44 51.53 ± 0.47 82.44 ± 0.58 44.68 ± 0.26 61.37 ± 0.13 20.48 ± 0.09 85.48 ± 0.03
Qwen 3 (Thinking) (30B MoE) 53.54 ± 0.19 66.55 ± 0.77 48.84 ± 0.59 76.26 ± 0.78 38.92 ± 0.27 53.77 ± 0.16 21.41 ± 0.15 78.70 ± 0.08
Qwen 3 Next (Thinking) (80B MoE) 57.97 ± 0.18 72.50 ± 0.52 49.68 ± 0.54 80.04 ± 0.66 40.75 ± 0.30 56.35 ± 0.15 20.08 ± 0.12 79.88 ± 0.08
DeepSeek V3.1 Thinking (671B MoE) 59.46 ± 0.23 71.65 ± 0.67 48.27 ± 0.58 78.26 ± 0.86 40.91 ± 0.32 57.75 ± 0.15 21.21 ± 0.13 86.46 ± 0.04
Deepseek R1 0528 (671B MoE) 57.31 ± 0.30 72.57 ± 0.54 47.25 ± 0.70 66.07 ± 1.29 41.44 ± 0.31 56.41 ± 0.17 18.28 ± 0.19 85.71 ± 0.05
GPT OSS (120B MoE mxfp4) 48.71 ± 0.21 58.95 ± 0.78 24.25 ± 0.53 70.19 ± 0.89 39.11 ± 0.43 46.00 ± 0.16 17.34 ± 0.11 78.03 ± 0.08
GPT OSS (20B MoE mxfp4) 35.25 ± 0.24 37.58 ± 1.00 13.97 ± 0.93 60.07 ± 1.37 36.12 ± 0.44 34.42 ± 0.26 17.17 ± 0.16 67.28 ± 0.09

Table 4: Performance of Reasoning models on BURMESE-SAN tasks. Best model for each task per size
group is bold, second best is underlined.

Model MY CR NLI QA SA TD AS MT
Opus 4.1 (2025-08-05) 45.10 ± 0.15 71.57 ± 0.35 0.00 ± 0.00 0.00 ± 0.00 48.35 ± 0.19 45.66 ± 0.08 24.69 ± 0.09 87.52 ± 0.03
Sonnet 4 40.45 ± 0.30 24.33 ± 0.13 86.01 ± 0.03 0.00 ± 0.00 47.82 ± 0.25 43.22 ± 0.15 68.10 ± 0.67 0.00 ± 0.00
Gemini 2 Flash 59.23 ± 0.16 76.58 ± 0.43 41.30 ± 0.43 79.81 ± 0.33 41.48 ± 0.24 57.78 ± 0.12 22.09 ± 0.09 88.23 ± 0.04
Gemini 2.5 Flash 69.34 ± 0.16 83.58 ± 0.40 61.07 ± 0.46 84.15 ± 0.53 39.60 ± 0.21 66.16 ± 0.10 24.11 ± 0.14 89.49 ± 0.02
Gemini 2.5 Pro 72.35 ± 0.18 85.75 ± 0.38 67.55 ± 0.43 85.48 ± 0.53 45.56 ± 0.30 68.74 ± 0.11 24.21 ± 0.12 90.22 ± 0.02
GPT 4.1 (2025-04-14) 55.80 ± 0.18 68.80 ± 0.37 42.80 ± 0.38 77.15 ± 0.31 50.24 ± 0.27 54.05 ± 0.11 21.37 ± 0.24 79.73 ± 0.08
GPT 4o (2024-11-20) 51.61 ± 0.20 70.77 ± 0.53 39.48 ± 0.43 75.67 ± 0.66 50.94 ± 0.35 52.34 ± 0.13 21.97 ± 0.13 78.58 ± 0.11
GPT 5 (2025-08-07) 66.46 ± 0.19 79.87 ± 0.66 43.63 ± 0.44 81.37 ± 0.47 45.70 ± 0.30 60.16 ± 0.13 17.09 ± 0.07 87.46 ± 0.04

Table 5: Performance of Commercial models on BURMESE-SAN tasks. Best model for each task per
size group is bold, second best is underlined.

representative coverage of both open-source and
proprietary ecosystems and enables analysis of
scaling trends from small to large models.
Inference Details. During evaluation, input
prompts are constructed by combining evalua-
tion instances with their corresponding prompt
templates. The default evaluation setting in
BURMESE-SAN for instruction-tuned models is
zero-shot prompting, where prompts do not include
any in-context input–label examples. For decoding
parameters, model-specific default configurations
are used when available. For any unspecified pa-
rameters, we apply vLLM default settings. Given
the input prompts and decoding parameters, the
model generates outputs for evaluation.

5. Evaluation Results

We present our findings organized around five
research questions that examine key aspects of
Burmese language model capabilities as described
in Section 1. Tables 3, 4, and 5 report performance
across all NLP tasks, where the MY column de-
notes overall performance. Figure 2 compares
original models with their SEA-fine-tuned variants
(left) and SEA-LION models with their quantized
versions (right), highlighting the effects of regional
fine-tuning and quantization.
Finding #1: Commercial models consistently
outperform open-weight models (RQ1). Com-

mercial models achieve substantially higher perfor-
mance on Burmese tasks, led by Gemini 2.5 Pro
(72.35%), Gemini 2.5 Flash (69.34%), and GPT-5
(66.46%). In contrast, the strongest open-weight
models - ERNIE 4.5 (54.68%), Qwen 3 235B MoE
(54.29%), and Llama 4 Maverick (51.49%) - lag be-
hind, with a gap of approximately 17.67% between
the top commercial and open-weight models. This
disparity is especially pronounced in tasks requir-
ing cultural and language-specific reasoning.
Finding #2: Larger models tend to perform bet-
ter, but scale alone is insufficient (RQ2). Per-
formance generally improves with model scale,
though gains are non-linear and diminish at larger
sizes. While larger variants within families such as
Qwen 3 and Gemma 3 outperform smaller ones,
notable exceptions exist: DeepSeek V3.1 substan-
tially exceeds V3 (51.30% vs. 40.87%), and the
much larger Kimi K2 Instruct (1040B MoE, 43.94%)
underperforms smaller models. These results high-
light the critical role of architecture, training data,
and tuning strategies beyond parameter count.
Finding #3: Southeast Asian fine-tuning ben-
efits certain model families (RQ3). SEA fine-
tuning yields selective improvements that de-
pend strongly on the base model. While Qwen-
based SEA-LION v4 (32B) shows moderate gains
(+4.96%) and the Gemma-based variant slightly de-
grades (–0.96%), Llama-based SEA-LION models
benefit substantially from SEA fine-tuning, particu-
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Figure 2: Left: Comparison of original models against SEA-fine-tuned variants, and Right: SEA-LION
models with their quantized versions - NVIDIA FP4 (NVFP4) and Dynamic FP8 (DynFP8).

larly at larger scales. For example, SEA-LION v3
(Llama 3.1) 70B improves markedly over its base
counterparts, indicating that SEA-specific data is
especially effective for Llama architectures. Task-
wise, gains are most pronounced in machine trans-
lation (+19.29%) and question answering (+7.04%),
highlighting the value of regional fine-tuning for
cross-lingual and generation-centric tasks.
Finding #4: Careful quantization preserves per-
formance for most tasks (RQ4). Modern quanti-
zation methods can largely retain model perfor-
mance when applied conservatively. For SEA-
LION v4 (Qwen) 32B, both 8-bit DynFP8 and 4-
bit NVFP4 quantization yield results comparable
to full precision. DynFP8 similarly preserves per-
formance for Gemma- and Llama-based models,
whereas aggressive NVFP4 quantization causes
notable degradation, particularly for reasoning-
intensive models. These results indicate that quan-
tization effectiveness depends on both the chosen
method and the target task.
Finding #5: Burmese language capability has
improved rapidly across model generations
(RQ5). Burmese performance has increased sub-
stantially across successive model generations,
with clear recent acceleration. Major open-weight
families such as Llama, Qwen, and Gemma exhibit
large generational gains (e.g., Llama 3.3 70B at
23.07% to Llama 4 Maverick at 51.49%), while com-
mercial models show steady progress from GPT-4o
(51.61%) to GPT-5 (66.46%) and from Gemini 2
Flash (59.23%) to Gemini 2.5 Pro (72.35%). Simi-
lar trends are observed within the SEA-LION series,
where newer releases consistently outperform ear-
lier versions; for instance, SEA-LION v4 (Gemma
3) 4B achieves 26.24%, substantially exceeding
SEA-LION v3 (Gemma 2) 9B at 15.40%.

Commercial models continue to achieve the
strongest performance, but the gap with open-
weight models is steadily narrowing as architec-

tures and training strategies improve. While model
scale remains relevant, performance depends on
architectural design, data quality, and instruction
tuning rather than parameter count alone.

Regional fine-tuning yields model-dependent
benefits - particularly for Llama-based models. Fi-
nally, temporal analysis highlights rapid and consis-
tent improvements in Burmese language capability
across model generations, offering practical guid-
ance for model selection and deployment under
diverse constraints.

6. Conclusion

We introduce BURMESE-SAN, the first compre-
hensive benchmark for evaluating large language
models on Burmese across NLU, NLR, and NLG
tasks, constructed with high-quality, linguistically
natural data spanning diverse domains.

Our evaluation reveals clear performance gaps
between model families and generations, demon-
strating that Burmese capability is strongly influ-
enced by model architecture, instruction tuning,
and training strategy rather than scale alone. In par-
ticular, Southeast Asian fine-tuned models - espe-
cially SEA-LION variants - consistently improve per-
formance over generation while recent architectural
advances such as MoE and reasoning-focused
training further accelerate progress. Although com-
mercial models currently achieve the highest over-
all scores, our results indicate that carefully tuned
open-weight models can significantly narrow this
gap, especially as Burmese-focused data and train-
ing strategies continue to improve.

Together, these findings underscore the impor-
tance of language-specific adaptation and position
BURMESE-SAN as a robust foundation for future
research, evaluation, and deployment of LLMs for
Burmese and other low-resource languages.
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Limitations

Benchmarking with formal written Burmese
prompt templates only In this work, although
the evaluation data are natural and conversational,
we focus on evaluating models using formally writ-
ten native Burmese prompt templates to ensure
clarity, consistency, and grammatical correctness.
Model performance on informal-style prompt tem-
plates may differ from what is observed in our
benchmark. Extending BURMESE-SAN to include
spoken and colloquial prompt templates could be a
valuable direction for future work, enabling a more
comprehensive evaluation of Burmese language
models across different registers and contexts.

Focus on Standard Burmese We focus our
study on the relatively better-resource standard
Burmese from central region of Myanmar and
do not include other notable dialects such as
Arakanese (Rakhine) in the southwest, Tavoyan
in the southeast, and Intha in the east, with others
such as Yaw, Merguese (Myeik), and Palaw. Future
work might explore translation or other community-
driven data collection initiatives to extend coverage
to dialects of Burmese language.

Ethical Considerations

Our work on Burmese language technologies con-
tributes to addressing key challenges in linguistic
inclusion and improving technological accessibility
for underrepresented language communities. The
benchmark deliberately incorporates assessments
of culturally specific knowledge to mitigate known
biases in large language models. This emphasizes
the importance of evaluating models within their
cultural context rather than assuming universal ap-
plicability. Datasets included in BURMESE-SAN

are from publicly accessible sources and the au-
thors check and include the License information of
the datasets in the study.

For benchmark dataset quality assurance, a
team of Burmese native speakers was involved
in reviewing and annotating the data. The team,
composed of university internship students, was
recruited through faculty channels. Workload and
compensation were communicated in advance and
adhered to the university guidelines and regulatory
requirements. Given the nature of the toxicity detec-
tion (TD) task, the authors and quality assurance
team were exposed to potentially offensive material.
Measures were taken to mitigate harm: annotators
were encouraged to report inappropriate content
and had the option to discontinue their work at any
time during label verification and native revision.

We do not anticipate any negative social im-
pacts arising from this study. The BURMESE-SAN
dataset and accompanying codebase will be re-
leased under the Creative Commons Attribution
Share-Alike 4.0 (CC-BY-SA 4.0) license.
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A. Overview of Tasks and Datasets

As described in Section 3, we selected seven tasks for inclusion in BURMESE-SAN. Table 1 lists the
source datasets, their adaptations, and usage, all consistent with the original intent.

• Abstractive Summarization (AS) In this task, an LLM is given a paragraph and must generate a
concise sentence summarizing its content. The evaluation focuses not only on identifying the key
information but also on paraphrasing the content coherently. We use XL-Sum (Hasan et al., 2021)
for this task, which contains annotated article-summary pairs.

• Causal Reasoning (CR) This task requires the LLM to identify the causal relationship between
events. Given a premise and a set of statements, the model must determine which statement
represents the cause or effect of the premise. We translate from scratch and employ Balanced
COPA (Kavumba et al., 2019), designed to evaluate commonsense causal reasoning with paired
alternatives.

• Machine Translation (MT) Here, an LLM is provided with text in one language and is expected to
translate it into another language. In this work, we evaluate both English to Burmese and Burmese to
English translations using the FLORES+ dataset (Team, 2024a), which includes translations across
multiple languages and domains.

• Natural Language Inference (NLI) This classification task requires the LLM to determine the
relationship between two sentences (X and Y) as one of the following: (a) X implies Y, (b) X
contradicts Y, or (c) X neither implies nor contradicts Y. We use myXNLI (Htet and Dras, 2025), which
provides human-annotated examples for cross-lingual inference evaluation.

• Question Answering (QA) In this task, an LLM is given a passage and a question and must select
the span from the passage that answers the question. We use Belebele (Bandarkar et al., 2024), a
multiple-choice reading comprehension dataset designed to evaluate passage understanding.

• Toxicity Detection (TD) and Sentiment Analysis (SA) Both tasks involve analyzing natural language
text. TD requires detecting hate speech or abusive language, while SA involves classifying sentiment
as positive, negative, or neutral. We use myHateSpeech (Kyaw et al., 2024) for TD and GKLMIP-mya
(Jiang et al., 2021) for SA.

Task Dataset License
QA Belebele (Bandarkar et al., 2024) CC BY-NC 4.0
SA GKLMIP-mya (Jiang et al., 2021) Unknown
TD myHateSpeech (Kyaw et al., 2024) CC BY-NC-SA 4.0
CR Balanced COPA (Kavumba et al., 2019) CC BY 4.0
NLI myXNLI (Htet and Dras, 2025) CC BY-NC 4.0
AS XL-Sum (Hasan et al., 2021) CC BY-NC-SA 4.0
MT FLORES+ (Team, 2024a) CC BY-SA 4.0

Table 6: Licenses for all datasets included in BURMESE-SAN, with corresponding references.
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B. Dataset Quality Assurance

To ensure dataset quality, we employed bilingual native speakers (ages 18–25), primarily university
students enrolled in international programs in Thailand.

(ENG) Assist doctors while providing patient care.

(Acceptable: Two sentences) ဆရာဝနေ်တကုိွ ကူညီပါ။ (Help doctors) လနူာေတကုိွလည်း တစ်ချနိ်

တည်းမှာ �ကည့်���ေပးပါ။ (Help patients at the same time)

(Acceptable: One sentence different order with ENG) လနူာေတကုိွ �ကည့်���ရင်း ဆရာဝနေ်တကုိွ

ကူညီပါ။ (While helping patients, help doctors)

(Acceptable: Same order with ENG, incorrect grammar in Burmese, same context) ဆရာဝန်

ေတကုိွ ကူညီပါ လနူာေတကုိွ �ကည့်ေပးရင်းနဲ ့

(Not acceptable: wrong context but correct grammar in Burmese) ဆရာဝနေ်တကုိွ �ကည့်ေပး

ရင်းနဲ ့ (While caring doctors) လနူာေတကုိွ ကူညီပါ (Help patients)

Figure 3: Acceptable and Not Acceptable Grammar Errors in the Dataset.

Consonant error: These errors occur while misusing consonants, vowels, and independent vowels. (e.g ဉဩ

→ ဥဩ, �သဂုတ်လ → ဩဂုတ်လ, �ကက်ဉ → �ကက်ဥ)

Dialect error: These errors occur due to language variety based on community or particular area (e.g စပ်စု

လတ်သာေအဖယ် → စပ်စုလိက်ုသာေအဖယ်)

Encoding error: Sometimes Burmese data comes with Zawgyi (Non-Unicode) encoding: (e.g စပ်စုလတ်သာေအ

ဖယ် → စပ်စုလိက်ုသာေအဖယ်)

Phonetic error: Pronunciation of the misspelled word is the same with the intended correct word. (e.g ေခါင်း

ညိမ့် → ေခါင်းညိတ်, မဟတ်ုပဲ → မဟတ်ုဘဲ)

Typographic error: (e.g �ိင်ု → �်င်ု)

Sequence error: Typed in incorrect order.  (e.g ေက�မ → ေ�ကမွ )

Short error: Just short form in daily messaging (e.g အ၆ → အေြခာက်)

Slang error: Some words are misspelled and migrated as slangs (e.g မိြ� → �မိ�)

Stack error: Some adopted words from Pali are stack words and can be misspelled based on the above

errors (e.g မဂ်လာ → မဂ�လာ)

Figure 4: Different Types of Spelling Errors.

Each task may include different types of linguistic issues. QC members need to fix Grammar and
Spelling errors, and the fixed datasets are later used for evaluating LLMs. Figure 3 and 4 shows acceptable
and unacceptable grammar errors and spelling errors examples. For the grammatical references, we
used official guideline published by Republic of the Union of Myanmar, Myanmar Language Commission
2013 and spoken grammar written by Khin Aye 2024.

To ensure the quality and reliability of the translated datasets, three QC members evaluated the
English–Burmese text pairs for the QA, MT, AS, and CR tasks. Each member assigned a score of 0
(Disagree) or 1 (Agree) for each evaluation criterion, which varied by task. The definition of criteria are as
shwon in the Table 7.

In addition to dataset quality checks, QC members responsible for translation were instructed to focus
on the following issues:
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Criteria Tasks Definition
Completeness All Is all the intended information from the source instruction retained

in the translated instruction?
Fluency All Is the output grammatically correct and natural in Burmese?
Sensibility All Is the translation logical and sensible based on the context of the

original instruction?
Faithfulness Translation Does the translated instruction stay true to the meaning of the

original instruction?
Relevance Summarization Does the output (summary) contain only the most important con-

tent?
Coherence Summarization Is the output (summary) logically structured and easy to follow

given the context of the original instruction?

Table 7: Quality Evaluation Criteria for BURMESE-SAN

Task Criterion Joint Agreement (%)

QA
Completeness 100.00
Fluency 97.50
Sensibility 93.33

MT

Completeness 100.00
Fluency 99.76
Sensibility 99.88
Grammaticality 99.76
Faithfulness 99.88

AS

Completeness 100.00
Fluency 100.00
Sensibility 100.00
Relevance of Summary 100.00
Fluency of Summary 100.00
Coherence of Summary 100.00

CR
Completeness 100.00
Fluency 97.00
Sensibility 97.75

Table 8: Joint agreement (%) for each evaluation criterion across tasks requiring (re-)translation. Scores
are before revision by native speakers.

• Literal Translation: Avoid overly direct word-for-word rendering that neglects the target language’s
natural usage and style.

• Cultural Mismatch: Identify translations that sound unnatural due to irrelevant or inappropriate
cultural references.

• Incomplete Translation: Ensure that no parts of the source text are omitted or skipped.
• Misinterpretation: Verify that the intended meaning of the source text is accurately preserved in the

translation.
After evaluation, we revised all translated datasets by reviewing samples that did not receive full

agreement among the three annotators. As shown in Table 8, most criteria achieved high agreement
scores - many reaching 100% - while a few, particularly for Fluency and Sensibility in QA and CR tasks,
were slightly lower. These scores reflect the results after re-translation but before manual revision. To
ensure high quality and consistency, samples without full agreement were further revised by native
speakers. The final dataset contains only samples with full consensus across all evaluation criteria.
Dataset statistics, including class distribution are provided in Table 2.
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C. Challenges with Developing a Burmese Benchmark
C.1. Issues with Native-Sourced and Native-Translated Data
Inconsistency in Technical Terms A common challenge we encountered in Burmese datasets, espe-
cially those created or translated by native speakers, is the inconsistent use of loanwords and technical
terms. While a Burmese dictionary for scientific and technical vocabulary exists (Republic of the Union of
Myanmar, Ministry of Education, 2019), it is not widely adopted, and many modern terms are missing. As
shown in Figure 5 (example a), different translators use different styles. For example, MYA1 and MYA2
provide different translations for the word “Theoretical” and use different transliterations for the city name
“Beijing.”

(a) ENG: I am going to visit Beijing this summer for studying Theoretical Physics

MYA1: ဒီေ�ရွာသီမှာ သီအုိရီ �ူပေဗဒကုိ ေလလ့ာဖိ�  ေဘဂျင်းကုိ သွားမယ်။

MYA2: ဒီေ�ရွာသီမှာ သေဘာတရားေရး �ူပေဗဒကုိ ေလလ့ာဖိ�  ေပဂျင်းကုိ သွားမယ်။

MYA3: ဒီေ�ရွာသီမှာ ေဘဂျင်းကုိ သွားမယ် သီအိရီု �ူပေဗဒကုိ ေလလ့ာဖိ� ။

(b) ENG: Computer Science is a branch of Science. 

MYA1: ကွနပ်ျ�တာသိပ�ံသည် သိပ�ံပညာ၏ ဘာသာရပ်ခဲွတစ်ခုြဖစ်သည်။ 

MYA2: ကွနပ်ျ�တာသိပ�ံဟာ သိပ�ံရဲ� ဘာသာရပ်ခဲွတစ်ခု ြဖစ်ပါတယ်။ 

MYA3: ကွနပ်ျ�တာသိပ�ံက သိပ�ံပညာရဲ� ဘာသာရပ်ခဲွတစ်ခုပါ။

Figure 5: Examples of variation in Burmese translations by native speakers. (a) Differences in technical
term usage, transliteration, and word order. (b) Differences in particle choice and formality.

Inconsistency in Syntax We encounter another problem, which is syntax inconsistency. As shown in
5(a), MYA3’s translation follows a similar structure to MYA1 but uses a different word order. Although the
syntax is not strictly correct, the meaning remains understandable. MYA3 places the phrase “I am going
to visit Beijing” before “for studying Theoretical Physics” to emphasize the trip itself. In Figure 5 (example
b), the translations also vary in particle usage. Burmese has multiple particles with similar meanings,
and different translators make different stylistic choices. For instance, MYA2 and MYA3 use colloquial
language, whereas MYA1 employs formal expressions.

These examples illustrate the broader challenges of working with native-sourced and native-translated
Burmese data. The lack of commonly followed standards leads to inconsistencies in terminology. For
the syntax, although there are writing standards for both formal and informal styles, the standards are
rarely followed. Burmese is a rich and flexible language, and in practice, many speakers do not strictly
adhere to formal grammar or standardized syntax, especially in informal contexts like social media. This
makes it difficult to ensure consistency, even among native speakers. Such variation can impact the
quality and reliability of datasets, particularly for downstream tasks like machine translation or causal
reasoning. To address this, we conducted a cross-revision process by native speakers reviewing and
refining each others’ annotations, or translations to improve consistency, clarity, and alignment with the
original meaning from original native-sourced or original native-translated datasets. With this approach,
we ensure the high-quality and consistency of our datasets, which reflect the real-world application.

C.2. Issues with English-sourced and English-adapted Data
English-sourced and English-adapted datasets were initially translated using either semi-automatic
methods or manual translation. However, we found that automatic translations, such as those from
Google Translate, while grammatically correct, were often unnatural, disfluent, and showed signs of
translation. Many previous works also demonstrate the failure in low-resource machine translations, which
results in low-quality (Frontull and Ströhle, 2025; Court and Elsner, 2024) or a lack of localization (Song
et al., 2025). To address this, we applied retranslation to ensure the samples sounded more natural and
native.
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For the English-sourced dataset, Balanced COPA (Kavumba et al., 2019), there is no Burmese
translation in the previous works. Therefore, we need to translate the dataset to Burmese. We used
Google Translate, but several issues arose due to literal translation of idioms, incorrect word choices,
and reversed meanings. These issues impacted the semantic fidelity of the dataset, especially in the
Balanced COPA translation sourced from English. Therefore, we translated the corpus with a bilingual
native speaker manually and rated the translation quality, then revised the translation errors again following
the procedures discussed in Section 3.3 and Appendix B. These problems highlight the need for culturally
and contextually aware translations.

Similar issues were found in the original translated version of English-adapted datasets like Flores+
and Belebele, where mistranslations, with unclear question intents and word-for-word translations, often
lead to loss of meaning, especially in culturally sensitive or nuanced cases. In another English-adapted
dataset, XL-Sum, in the original translation, we identified several quality issues, including inaccurate
summaries, missing key information, inconsistent or misleading titles, and incomplete articles. These
problems may affect the factual reliability and coherence of the data, highlighting the need for thorough
human validation.

Despite re-translation efforts, some samples still did not fully meet fluency and sensibility criteria, as
shown in Table 8. To ensure high-quality and consistent samples for evaluation, we conducted additional
manual revisions. In BURMESE-SAN, we addressed these challenges through a rigorous translation and
revision process in collaboration with native speakers.
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D. Dataset Examples Prompt Templates, and Models Evaluated

 

Task Example 

QA Text: ဥက္က ာခဲများသည် ပရုိတင်း နှင့် ရှင်သနေ်ရး အေထာက်အကူြပုများ ြဖစ်ေစနိင်ုသည် ေအာ်ဂဲနစ်ပစ္စည်းနှင့်အတ ူ

ကမ္ဘာသို့  ေရအရင်းြမစ်ကုိ သယ်ေဆာင်ေပးြခင်း ြဖစ်နိင်ုသည်။ လနွခ့ဲ်ေသာ နှစ်များစွာ အ�ကာ ကမ္ဘာ�ကီးနှင့် 
�ကယ်တံခွနမ်ျား တိက်ုမိခ့ဲစဉ် အချနိ ်ကတည်းက သိပ္ပံပညာရှင်များသည် �ဂိုလ်များြဖစ်ေပါ်လာပုံ၊ အထူးသြဖင့် 
ကမ္ဘာ�ကီး ြဖစ်ေပါ်လာပုံကုိ နားလည်လိ ု�ကပါသည်။  
Question: သိပ္ပံပညာရှင်များ ရှာေဖွသိရိှလိသုည့် တစ်စုံတစ်ရာမှာ အဘယ်နည်း။  
Choices:  

(က) ကမ္ဘာ�ကီးနှင့် �ကယ်တံခွနမ်ျား အြပင်းအထနတိ်က်ုမိခ့ဲချနိ ်(ခ) ပရုိတိနး်များ ြဖစ်ေပါ် ပုံ  

(ဂ) သဘာဝြဒပ်အေ�ကာင်း (ဃ) ကမ္ဘာ�ကီး ြဖစ်တည်လာပုံ 

Answer: ဃ 

SA Text: ပစ္စည်းကလက်ေဆာင်ေရာပါလို့ေကာင်းပါတယ်။  
Label: �ကားေနခံစားချက် (neutral) 

TD Text: ညေန သွား ကျတ်ိ မယ် ဗျာ လပ်ု လိက်ု ေတာ ့  

Label: သန ့ရှ်င်း (Clean) 

CR Text: ကျွန်ပ်ု၏ကွနြ်ပူတာအသံသည် အလပ်ုမလပ်ုပါ။ 
Question: အကျ ိုး (effect) 

Choices: (0) စပီကာအသစ်ေတ ွတပ်ဆင်ခ့ဲတယ်။ (1) ကျွန်ပ်ု၏ ေဒတာအားလံးုဆုံးရှု ံးသွားခ့ဲသည်။ 
Label: (0) 

NLI Sentence 1: ဤစာကုိ လက်ခံရရိှသည့် လတိူင်ုး ၁၈ ေဒါ်လာေလာက်သာ ေပးခ့ဲလျှင်။ 
Sentence 2: ဤစာကုိလက်ခံရရိှသူတိင်ုး- သင်တို့၏ ပုိက်ဆံကုိ မလှူဒါနး်ပါနဲ ့၊ အဲဒါ လိမ်လည်မှုတစ်ခုြဖစ်တယ်။ 
Label: ဆန ့က်ျင် (contradiction) 

AS Article: တကယ့်ကုိ သမုိင်းဝင်တဲ ့အခုိက်အတံ ့ ြဖစ်ေ�ကာင်း ဂျွနက်ယ်ရီ ေြပာ။ အေမရိကန ်နိင်ုငံြခားေရး ဝန�်ကီး 
တစ်ဦး အေနနဲ ့ နှစ်ေပါင်း ၇၀ အတင်ွး ကျူးဘားကုိ ပထမဆုံး သွားေရာက်သူ ြဖစ်လာတဲ ့ဂျွနက်ယ်ရီက ဟာဗားနား 
�မို့က အေမရိကန ်သံရုံး ဖွင့်ပဲွ အလံတင် အခမ်းအနားကုိ �ကီး�ကပ် ခ့ဲပါတယ်။ ၁၉၆၁ ခုနှစ်က အလံ ြဖုတ်ချခ့ဲတဲ ့

မရိနး်တပ်သား ၃ ဦးကပဲ အခု သံရုံး ဖွင့်ပဲွမှာ အလံတင် ခ့ဲပါတယ်။ အခုလိ ု အလံလွှင့်တင်မှုဟာ သမုိင်းမှာ 
အေရးပါတဲ ့အခုိက်အတံ ့ ြဖစ်တယ်လို့  မစ္စတာ ကယ်ရီက ဒီကေန ့ ေသာ�ကာေန ့ အခမ်းအနားမှာ ေြပာခ့ဲပါတယ်။ 
ဒါေပမယ့် ကျူးဘားမှာ နိင်ုငံေရး အေြပာင်းအလဲ ြဖစ်ဖို့  ဖိအားေပးမှုေတကုိွေတာ ့အေမရိကနဘ်က်က ရပ်တန ့မှ်ာ 
မဟတ်ုဘူးလို့  သူက သတိေပးခ့ဲပါတယ်။ အေမရိကနဘ်က်က ကျူးဘား သံရုံးကုိေတာ ့ ဝါရှင်တန�်မို့မှာ �ပီးခ့ဲတဲ ့

လက ဖွင့်ခ့ဲ�ပီး ြဖစ်ပါတယ်။ ဒါေပမယ့် အေမရိကနဘ်က်က ကုနသွ်ယ်ေရး ပိတ်ဆို့ထားမှုကုိ မပယ်ဖျက် ေသးတဲ ့

ကိစ္စနဲ ့ ပတ်သက်�ပီး ကျူးဘား သမ္မတ ဖီဒယ် ကက်စထရုိက လသိူရှင်�ကား ေြပာခ့ဲပါတယ်။ 
Summary: ကျူးဘား နိင်ုငံမှာ ၅၄ နှစ်ေကျာ်�ကာ ပိတ်ထားခ့ဲတဲ ့အေမရိကန ် သံရုံးကုိ ဒီကေန ့ ေသာ�ကာေနမှ့ာ 
ြပနလ်ည် ဖွင့်လှစ် လိက်ုပါတယ်။ 

MT ENG: He recently lost against Raonic in the Brisbane Open. 

MYA: သူသည် မ�ကာေသးမီက ဘရစ်စ်ဘိနး်အိးုပင်း�ပိုင်ပဲွတင်ွ ေရာ်အိနုစ်ကုိ ရှုံးနမ့်ိခ့ဲရသည်။ 

Figure 6: Example Data Samples for each task in BURMESE-SAN.
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သင့်ကို စာပိုဒ်တစ်ပိုဒ်၊ မေးခွန်းတစ်ခု နှင့် ရွေးချယ်စရာ အဖြေ
လေးခု ပေးထားပါလိမ့်မည်။ စာပိုဒ်ကိုအခြေခံပြီး ပေးထား
သော ရွေးချယ်စရာများထဲမှ တစ်ခုကို ရွေးချယ်၍ ဖြေဆိုပါ။

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ-
အဖြေ- $OPTION
$OPTION နေရာတွင် သင်ရွေးချယ်ထားသော အဖြေကို
အစားထိုးထည့်ပါ။ အဖြေအတွက် က၊ ခ၊ ဂ သို့ မဟုတ် ဃ
အက္ခရာကို အသုံးပြုပါ။{fewshot_examples}

စာပိုဒ်-
```
{text}
```
မေးခွန်း- {question}
က- {choice1}
ခ- {choice2}
ဂ- {choice3}
ဃ- {choice4}

A paragraph to you You will be given a question and
four possible answers. Choose one of the given
options and answer based on the passage.

Answer using only the form below:
Answer: $OPTION
Substitute your chosen answer in place of
$OPTION. For the answer, b. Use the letter c or d.
{fewshot_examples}

Paragraph:
```
{text}
```
Question: {question}
A: {choice1}
B: {choice2}
C: {choice3}
D: {choice4}

(a) Question Answering

အောက်ပါဝါကျစာကြောင်း၏ စိတ်ခံစားချက် မှာ အဘယ်နည်း။
စိတ်ခံစားချက် ဆိုသည်မှာ ရေးသား ပြောဆိုနေစဉ် ထိုသူ၏ စိတ်
ထဲတွင် ဖြစ်နေသော အပြုသဘော၊ အပျက်သဘော၊ သို့ မဟုတ်
အပြုမဟုတ် အပျက်မဟုတ်သော ကြားနေ ခံစားချက် ဖြစ်သည်။
ပေးထားသော စာကြောင်းသည် အပြုသဘော၊ အပျက်သဘော၊
သို့ မဟုတ် ကြားနေ မည်သည့် သဘောရှိသည်ကို စကားလုံးတစ်လုံး
တည်းဖြင့်သာ အမျိုး အစား သတ်မှတ်ပါ။

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ-
အဖြေ- $OPTION

$OPTION နေရာတွင် သင်ရွေးချယ်ထားသော အဖြေကို အစားထိုး
ထည့်ပါ။ {fewshot_examples}

ဝါကျစာကြောင်း-
```

{text}

```

What is the sentiment of the following sentence?
Sentiment refers to the positive, negative, or
neutral feelings that the person has while writing
or speaking. Determine the type of sentiment in
the given sentence using just one word: positive,
negative, or neutral.

Use the following format to respond: Answer:
$OPTION Replace $OPTION with your chosen
answer.{fewshot_examples}

Sentence:
```
{text}
```

(b) Sentiment Analysis

သင်သည် အဆိပ်အတောက် (toxicity) ရှာဖွေစစ်ဆေးသည့်စနစ်

တစ်ခုဖြစ်သည်။ အညွှန်းများကို အောက်ပါအတိုင်း အဓိပ္ပာယ်ဖွင့်

ဆိုထားပါသည်-

သန့် ရှင်း- အဆိပ်အတောက် (toxicity) လုံးဝမပါဝင်ပါ။

အမုန်းစကား- အဆိပ်အတောက် (toxicity) သို့ မဟုတ်

တစ်စုံတစ်ယောက်အား တိုက်ရိုက် ပစ်မှတ်ထား တိုက်ခိုက်ခြင်းများ

ပါဝင်သည်။

အထက်ပါ အညွှန်း အဓိပ္ပာယ်ဖွင့်ဆိုချက်များအရ၊ အောက်ဖော်ပြ

ပါ ဝါကျစာကြောင်း ကို သန့် ရှင်း သို့ မဟုတ် အမုန်းစကား ဟူ၍

စကားလုံးတစ်လုံးတည်းဖြင့်သာ အမျိုး အစား သတ်မှတ်ပါ။

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ-

အဖြေ- $LABEL

$LABEL ကို ရွေးချယ်ထားသည့် အညွှန်းဖြင့် အစားထိုးပါ။

ဝါကျစာကြောင်း- {text}

You are a toxicity detection system. The labels are

defined as follows:

Clean: No toxicity at all.

Hate speech: includes toxicity or attacks directly

targeting someone.

According to the above index definitions, Classify

the sentences below as clean or hate speech using

only one word.

Answer using only the form below:

Answer: $LABEL

Replace $LABEL with the selected label.

sentence string: {text}

(c) Toxicity Detection

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ-

အဖ- $OPTION

$OPTION နေရာတွင် သင်ရွေးချယ်ထားသော အဖြေကို

အစားထိုးထည့်ပါ။ အဖြေအတွက် က သို့ မဟုတ် ခ အက္ခရာကို

အသုံးပြုပါ။ {fewshot_examples}

ပေးထားသော အခြေအနေကို အခြေခံ၍ အောက်ပါရွေးချယ်စရာ

များထဲမှ မည်သည့်အရာက {question_translated} ဖြစ်နိုင်ခြေ

ပို၍ များသနည်း။

အခြေအနေ-

```

{text}

```

အောက်ပါရွေးချယ်စရာများမှ အကောင်းဆုံးအဖြေကို ရွေးချယ်

ပါ-

က- {choice1}

ခ- {choice2}

Answer using only the form below:
Answer: $OPTION
Substitute your chosen answer in place of
$OPTION. Use the letter a or b for the
answer.{fewshot_examples}

Based on the given situation, which of the
following options is {question_translated}
most likely?

Condition:
```
{text}
```
Choose the best answer from the following
options:
A: {choice1}
B: {choice2}

(d) Causal Reasoning
သင့်ကို SENTENCE_1 နှင့် SENTENCE_2 ဟူသော ဝါကျစာကြောင်း နှစ်
ခုကို ပေးထားပါမည်။ SENTENCE_1 နှင့် SENTENCE_2 တို့အတွက်
အောက်ပါဖော်ပြချက်များထဲမှ မည်သည့်အချက်က အကောင်းဆုံး ကိုက်
ညီမှုရှိသည်ကို ဆုံးဖြတ်ပါ။
က- SENTENCE_1 မှန်ကန်လျှင် SENTENCE_2 သည် မုချမှန်ကန်ရ
မည်။
ခ- SENTENCE_1 သည် SENTENCE_2 ကို ဆန့် ကျင်သည်။
ဂ- SENTENCE_1 မှန်ကန်သောအခါ၊ SENTENCE_2 သည် မှန်ကန်နိုင်
သလို မမှန်ကန်ဘဲလည်း ရှိနိုင်ပါသည်။

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ-
အဖြေ- $OPTION
$OPTION နေရာတွင် သင်ရွေးချယ်ထားသော အဖြေကို အစားထိုးထည့်
ပါ။ အဖြေအတွက် က၊ ခ သို့ မဟုတ် ဂ အက္ခရာကို အသုံးပြုပါ။
{fewshot_examples}

SENTENCE_1-
```
{sentence1}
```
SENTENCE_2-
```
{sentence2}
```

You will be given two sentences called SENTENCE_1 and
SENTENCE_2. Decide which of the following statements
best matches SENTENCE_1 and SENTENCE_2.
A: If SENTENCE_1 is true, then SENTENCE_2 must be true.
B: SENTENCE_1 contradicts SENTENCE_2.
C: When SENTENCE_1 is correct, SENTENCE_2 may or
may not be valid.

Answer using only the form below:
Answer: $OPTION
Substitute your chosen answer in place of $OPTION. For
the answer, Use the letter b or c.{fewshot_examples}

SENTENCE_1:
```
{sentence1}
```
SENTENCE_2:
```
{sentence2}
```

(e) Natural Language Inference

အောက်ပါ မြန်မာဆောင်းပါးကို ဝါကျ စာကြောင်း တစ်

ကြောင်း သို့ မဟုတ် နှစ်ကြောင်းပါသော စာပိုဒ်တစ်ပိုဒ်အဖြစ်

အကျဉ်းချုပ်ဖော်ပြပါ။

အောက်ဖော်ပြပါ ပုံစံကိုသာ အသုံးပြု၍ ဖြေဆိုပါ:

အကျဉ်းချုပ်- $SUMMARY

$SUMMARY ကို အကျဉ်းချုပ်ဖြင့် အစားထိုးပါ။

ဆောင်းပါး-

```

{text}

```

Summarize the following Burmese
article as a paragraph of one or two
sentences.

Answer using only the form below:
Summary: $SUMMARY
Replace $SUMMARY with summary.

Article:
```
{text}
```

(f) Abstractive Summarization
ေအာက်ပါစာသားကုိ အဂ�လိပ်ဘာသာသိ�  ဘာသာြပနပ်ါ။

ေအာက်ေဖာ်ြပပါ ပုံစံကုိသာ အသုံးြပ�၍ ေြဖဆုိပါ:

ဘာသာြပနခ်ျက်- $TRANSLATION

$TRANSLATION ကုိ ဘာသာြပနထ်ားေသာ စာသားြဖင့်

အစားထုိးပါ။

စာသား-

```

{text}

```

Translate the following text into English.

Answer using only the form below:
Translation: $TRANSLATION
Replace $TRANSLATION with translated text.

Text:
```
{text}
```

(g) Machine Translation (to English)

ေအာက်ပါစာသားကုိ ြမနမ်ာဘာသာသိ�  ဘာသာြပနေ်ပးပါ။

ေအာက်ေဖာ်ြပပါ ပုံစံကုိသာ အသုံးြပ�၍ ေြဖဆုိပါ-

ဘာသာြပနခ်ျက်- $TRANSLATION

$TRANSLATION ကုိ ဘာသာြပနထ်ားေသာ စာသားြဖင့်

အစားထုိးပါ။

စာသား-

```

{text}

```

Please translate the following text into Burmese.

Answer using only the form below:
Translation: $TRANSLATION
Replace $TRANSLATION with translated text.

Text:
```
{text}
```

(h) Machine Translation (to Myanmar)

Figure 7: Prompt templates used for BURMESE-SAN. English prompt versions are also provided.
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Models Source Link No. params
Instruction Tuning Models
ERNIE 4.5 https://huggingface.co/baidu/ERNIE-4.5-300B-A47B-PT 300B MoE
Qwen 3 A22B https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507 235B MoE
Llama 4 Maverick https://huggingface.co/meta-llama/Llama-4-Maverick-17B-128E-Instruct 400B MoE
DeepSeek V3.1 https://huggingface.co/deepseek-ai/DeepSeek-V3.1 671B MoE
SEA-LION v4 (Qwen 3) https://huggingface.co/aisingapore/Qwen-SEA-LION-v4-32B-IT 32B
Gemma 3 VL https://huggingface.co/google/gemma-3-27b-it 27B
SEA-LION v4 (Gemma 3) https://huggingface.co/aisingapore/Gemma-SEA-LION-v4-27B-IT 27B
Llama 4 Scout https://huggingface.co/meta-llama/Llama-4-Scout-17B-16E-Instruct 109B MoE
Qwen 3 Next https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct 80B MoE
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct 32B
Kimi K2 Instruct 0905 https://huggingface.co/moonshot-ai/Kimi-K2-Instruct-0905 1040B MoE
Gemma 3 VL https://huggingface.co/google/gemma-3-12b-it 12B
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct 32B
DeepSeek V3 https://huggingface.co/deepseek-ai/DeepSeek-V3-0324 671B MoE
SEA-LION v3 (Llama 3.1) https://huggingface.co/aisingapore/Llama-SEA-LION-v3-70B-IT 70B
Tulu 3 https://huggingface.co/allenai/Llama-3.1-Tulu-3-70B 70B
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-14B-Instruct 14B
SEA-LION v4 (Qwen 3 VL) https://huggingface.co/aisingapore/Qwen-SEA-LION-v4-8B-VL 8B
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct 8B
Qwen 2.5 https://huggingface.co/Qwen/Qwen2.5-72B-Instruct 72B
Qwen 2.5 https://huggingface.co/Qwen/Qwen2.5-32B-Instruct 32B
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct 8B
Mistral Large 2411 https://huggingface.co/mistralai/Mistral-Large-Instruct-2411 123B
Qwen 3 A3B https://huggingface.co/Qwen/Qwen3-30B-A3B 30B MoE
Gemma 2 https://huggingface.co/google/gemma-2-27b-it 27B
SEA-LION v4 (Qwen 3 VL) https://huggingface.co/aisingapore/Qwen-VL-SEA-LION-v4 4B
Llama 3.3 https://huggingface.co/meta-llama/Llama-3.3 70B
Llama 3.1 https://huggingface.co/meta-llama/Llama-3.1 70B
SEA-LION v3 (Llama 3.1) https://huggingface.co/aisingapore/Llama-SEA-LION-v3-8B-IT 8B
ERNIE 4.5 https://huggingface.co/ERNIE/ERNIE-4.5 21B MoE
Command A 03-2025 https://huggingface.co/CohereLabs/c4ai-command-a-03-2025 111B
SEA-LION v3 (Gemma 2) https://huggingface.co/aisingapore/Gemma-SEA-LION-v3-9B-IT 9B
Qwen 2.5 https://huggingface.co/Qwen/Qwen2.5-14B-Instruct 14B
Llama 3 https://huggingface.co/meta-llama/Meta-Llama-3-70B 70B
Apertus https://huggingface.co/swiss-ai/Apertus-70B-2509 70B
Sailor2 https://huggingface.co/sail/Sailor2-8B 8B
Tulu 3 https://huggingface.co/allenai/Llama-3.1-Tulu-3-8B-SFT 8B
MERaLiON 2 https://huggingface.co/MERaLiON/MERaLiON-2-10B 10B
Babel https://huggingface.co/Tower-Babel/Babel-83B 83B
Gemma 2 https://huggingface.co/google/gemma-2-9b-it 9B
Apertus https://huggingface.co/swiss-ai/Apertus-8B-2509 8B
Sailor2 https://huggingface.co/sail/Sailor2-20B 20B
Llama 3.1 https://huggingface.co/meta-llama/Llama-3.1-8B 8B
Qwen 2.5 https://huggingface.co/Qwen/Qwen2.5-7B-Instruct 7B
Babel https://huggingface.co/Tower-Babel/Babel-9B 9B
SeaLLMs V3 https://huggingface.co/SeaLLMs/SeaLLMs-v3-7B-Chat 7B
Command R+ 08-2024 https://huggingface.co/CohereLabs/c4ai-command-r-plus-08-2024 104B
phi-4 https://huggingface.co/microsoft/phi-4 14B
Aya Expanse https://huggingface.co/CohereLabs/aya-expanse-32b 32B
Command R 08-2024 https://huggingface.co/CohereLabs/c4ai-command-r-08-2024 32B
Olmo 2 0325 https://huggingface.co/allenai/OLMo-2-0325-32B-Instruct 32B
Ministral 2410 https://huggingface.co/mistralai/Ministral-8B-Instruct-2410 8B
Olmo 3 https://huggingface.co/allenai/Olmo-3-7B-Instruct 7B
Llama 3 https://huggingface.co/meta-llama/Meta-Llama-3-8B 8B
Command R7B 12-2024 https://huggingface.co/CohereLabs/c4ai-command-r7b-12-2024 7B
Aya Expanse https://huggingface.co/CohereLabs/aya-expanse-8b 8B
Mistral Small 3.1 2503 https://huggingface.co/mistralai/Mistral-Small-3.1-24B-Instruct-2503 24B
Olmo 2 1124 https://huggingface.co/allenai/OLMo-2-1124-7B-Instruct 7B
Olmo 2 1124 https://huggingface.co/allenai/OLMo-2-1124-13B-Instruct 13B
SEA-LION v4 (Gemma 3 VL) https://huggingface.co/aisingapore/Gemma-SEA-LION-v4-4B-VL 4B
Gemma 3 VL https://huggingface.co/google/gemma-3-4b-it 4B
Qwen 3 VL https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct 4B
SEA-LION v4 (Apertus) https://huggingface.co/aisingapore/Apertus-SEA-LION-v4-8B-IT 8B
Reasoning Models
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3-235B-A22B-Thinking-2507 235B MoE
DeepSeek V3.1 Thinking https://huggingface.co/deepseek-ai/DeepSeek-V3.1 671B MoE
Qwen 3 Next (Thinking) https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Thinking 80B MoE
Deepseek R1 0528 https://huggingface.co/deepseek-ai/DeepSeek-R1-0528 671B MoE
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3-30B-A3B-Thinking-2507 30B MoE
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3-32B 32B
GPT OSS https://platform.openai.com/docs/models 120B MoE mxfp4
SEA-LION v3.5 R (Llama) https://huggingface.co/aisingapore/Llama-SEA-LION-v3.5-70B-R 70B
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3-14B 14B
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3-8B 8B
GPT OSS https://huggingface.co/openai/gpt-oss-20b 20B MoE mxfp4
Qwen 3 (Thinking) https://huggingface.co/Qwen/Qwen3 4B
QwQ https://huggingface.co/Qwen/QwQ-32B-Preview 32B
Reka Flash 3.1 https://huggingface.co/RekaAI/reka-flash-3.1 21B
SEA-LION v3.5 R (Llama) https://huggingface.co/aisingapore/Llama-SEA-LION-v3.5-8B-R 8B
Olmo 3 Think https://huggingface.co/allenai/Olmo-3-32B-Think 32B
Olmo 3 Think https://huggingface.co/allenai/Olmo-3-7B-Think 7B

Table 9: Links and sizes of models evaluated in our current experiments.

https://huggingface.co/baidu/ERNIE-4.5-300B-A47B-PT
https://huggingface.co/Qwen/Qwen3-235B-A22B-Instruct-2507
https://huggingface.co/meta-llama/Llama-4-Maverick-17B-128E-Instruct
https://huggingface.co/deepseek-ai/DeepSeek-V3.1
https://huggingface.co/aisingapore/Qwen-SEA-LION-v4-32B-IT
https://huggingface.co/google/gemma-3-27b-it
https://huggingface.co/aisingapore/Gemma-SEA-LION-v4-27B-IT
https://huggingface.co/meta-llama/Llama-4-Scout-17B-16E-Instruct
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct
https://huggingface.co/moonshot-ai/Kimi-K2-Instruct-0905
https://huggingface.co/google/gemma-3-12b-it
https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct
https://huggingface.co/deepseek-ai/DeepSeek-V3-0324
https://huggingface.co/aisingapore/Llama-SEA-LION-v3-70B-IT
https://huggingface.co/allenai/Llama-3.1-Tulu-3-70B
https://huggingface.co/Qwen/Qwen3-VL-14B-Instruct
https://huggingface.co/aisingapore/Qwen-SEA-LION-v4-8B-VL
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
https://huggingface.co/Qwen/Qwen2.5-32B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
https://huggingface.co/mistralai/Mistral-Large-Instruct-2411
https://huggingface.co/Qwen/Qwen3-30B-A3B
https://huggingface.co/google/gemma-2-27b-it
https://huggingface.co/aisingapore/Qwen-VL-SEA-LION-v4
https://huggingface.co/meta-llama/Llama-3.3
https://huggingface.co/meta-llama/Llama-3.1
https://huggingface.co/aisingapore/Llama-SEA-LION-v3-8B-IT
https://huggingface.co/ERNIE/ERNIE-4.5
https://huggingface.co/CohereLabs/c4ai-command-a-03-2025
https://huggingface.co/aisingapore/Gemma-SEA-LION-v3-9B-IT
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-70B
https://huggingface.co/swiss-ai/Apertus-70B-2509
https://huggingface.co/sail/Sailor2-8B
https://huggingface.co/allenai/Llama-3.1-Tulu-3-8B-SFT
https://huggingface.co/MERaLiON/MERaLiON-2-10B
https://huggingface.co/Tower-Babel/Babel-83B
https://huggingface.co/google/gemma-2-9b-it
https://huggingface.co/swiss-ai/Apertus-8B-2509
https://huggingface.co/sail/Sailor2-20B
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Tower-Babel/Babel-9B
https://huggingface.co/SeaLLMs/SeaLLMs-v3-7B-Chat
https://huggingface.co/CohereLabs/c4ai-command-r-plus-08-2024
https://huggingface.co/microsoft/phi-4
https://huggingface.co/CohereLabs/aya-expanse-32b
https://huggingface.co/CohereLabs/c4ai-command-r-08-2024
https://huggingface.co/allenai/OLMo-2-0325-32B-Instruct
https://huggingface.co/mistralai/Ministral-8B-Instruct-2410
https://huggingface.co/allenai/Olmo-3-7B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B
https://huggingface.co/CohereLabs/c4ai-command-r7b-12-2024
https://huggingface.co/CohereLabs/aya-expanse-8b
https://huggingface.co/mistralai/Mistral-Small-3.1-24B-Instruct-2503
https://huggingface.co/allenai/OLMo-2-1124-7B-Instruct
https://huggingface.co/allenai/OLMo-2-1124-13B-Instruct
https://huggingface.co/aisingapore/Gemma-SEA-LION-v4-4B-VL
https://huggingface.co/google/gemma-3-4b-it
https://huggingface.co/Qwen/Qwen3-VL-4B-Instruct
https://huggingface.co/aisingapore/Apertus-SEA-LION-v4-8B-IT
https://huggingface.co/Qwen/Qwen3-235B-A22B-Thinking-2507
https://huggingface.co/deepseek-ai/DeepSeek-V3.1
https://huggingface.co/Qwen/Qwen3-Next-80B-A3B-Thinking
https://huggingface.co/deepseek-ai/DeepSeek-R1-0528
https://huggingface.co/Qwen/Qwen3-30B-A3B-Thinking-2507
https://huggingface.co/Qwen/Qwen3-32B
https://platform.openai.com/docs/models
https://huggingface.co/aisingapore/Llama-SEA-LION-v3.5-70B-R
https://huggingface.co/Qwen/Qwen3-14B
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/openai/gpt-oss-20b
https://huggingface.co/Qwen/Qwen3
https://huggingface.co/Qwen/QwQ-32B-Preview
https://huggingface.co/RekaAI/reka-flash-3.1
https://huggingface.co/aisingapore/Llama-SEA-LION-v3.5-8B-R
https://huggingface.co/allenai/Olmo-3-32B-Think
https://huggingface.co/allenai/Olmo-3-7B-Think
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