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Abstract

With the rapid emergence of novel capabilities
in Large Language Models (LLMs), the need
for rigorous multilingual and multicultural
benchmarks that are integrated has become
more pronounced. Though existing LLM
benchmarks are capable of evaluating specific
capabilities of LLMs in English as well as
in various mid- to low-resource languages,
including those in the Southeast Asian (SEA)
region, a comprehensive and culturally
representative evaluation suite for the SEA
languages has not been developed thus far.
Here, we present SEA-HELM,' a holistic
linguistic and cultural LLM evaluation suite
that emphasises SEA languages, comprising
five core pillars: (1) NLP CLASSICS, (2)
LLM-SPECIFICS, (3) SEA LINGUISTICS, (4)
SEA CULTURE, (5) SAFETY. SEA-HELM
currently supports Filipino, Indonesian,
Tamil, Thai, and Vietnamese. @ We also
introduce the SEA-HELM leaderboard,?
which allows users to understand models’
multilingual and multicultural performance
in a systematic and user-friendly manner. We
make the SEA-HELM evaluation code publicly
available.’

1 Introduction

The proliferation of generative approaches to
natural language processing (NLP) through
Large Language Models (LLMs) has rendered
many traditional datasets for NLP evaluation
compromised (Haimes et al., 2024), obsolete
or saturated (Liu et al., 2024). While
essentially trained to predict the next token
in a sequence, LLMs have shown significant
emergent competencies, including summarisation,
question answering, translation, coding, and
advanced reasoning (Brown et al., 2020; Yeo

"Formerly known as BHASA (Leong et al., 2023).
2https://leaderboard.sea—lion.ai/
3https ://github.com/aisingapore/SEA-HELM

Correspondence: yosephine @aisingapore.org

Ve

NLP Classics SEA Linguistics

Generation LINDSEA

Reasoning

SEA Culture

Understanding

LLM-specifics

Safety

T
-

Toxicity

A
-

Figure 1: The five evaluation pillars of SEA-HELM that
make up our holistic and integrated approach.

et al., 2024). They are also extensively used for
new applications, such as chatbots that can hold
sustained open-ended conversations (Dam et al.,
2024). This advancement has led to a significant
disparity between the range of LLM capabilities
and the datasets and frameworks to evaluate
them rigorously. Traditional approaches to NLP
evaluation, which emphasise on alignment with a
predefined ground truth reference, are not sufficient
in measuring the complex abilities of LLMs
(van Schaik and Pugh, 2024; Gema et al., 2025;
Grusky, 2023). This gap is further exacerbated in
lower-resource languages in SouthEast Asia (SEA),
owing to a lack of both training and testing data on
the internet (Li et al., 2024).

The SEA region is home to nearly 700 million
speakers across more than 1,000 languages (see
Appendix H.18). While this region represents
almost 10% of the global population and constitutes
approximately one-seventh of the world’s total
languages, most of these languages remain
unsupported by major LLMs, such as Mistral
(Mistral Al 2023) and Claude (Anthropic, 2023).
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The complications arising from a lack of data as
well as uneven digital access and representation
contribute to the impeded development of LLMs
in those languages in the SEA region. This
matter is further aggravated by the fact that some
SEA languages are written in non-Latin scripts,
which presents a challenge for tokenizers when
processing limited data.

Despite the mentioned obstacles, multilingual
LLM and benchmark development in SEA strive
to close the gap and adapt to the current trends in
the field. Some models now explicitly support SEA
languages and also claim to provide representation
for SEA cultural knowledge (Sailor2 Team, 2024;
Zhang et al., 2024b; Bai et al., 2023; Dang et al.,
2024). There have also been many benchmarks
claiming to measure LLMs’ multilingual and
multicultural capabilities for the SEA region
(Nguyen et al., 2024; Zhang et al., 2024a; Wang
et al., 2023; DAMO-NLP-SG, 2024; Singh et al.,
2024; CohereForAl, 2024; Lovenia et al., 2024).
However, there has yet to be a comprehensive
and culturally representative benchmark suite for
evaluating LLMs for SEA cultural and linguistic
competencies.

We have thus developed SEA-HELM
(SouthEast Asian Holistic Evaluation of Language
Models),* a systematic, integrated, and continually
maintained benchmark suite which aims to measure
the SEA language and cultural competencies of
LLMs in a targeted and comprehensive manner.
SEA-HELM achieves integration by collating
localised evaluation datasets and LLM prompts,
running tests on models together to enable
standardised comparisons, and presenting results
aggregated by languages, tasks and models. It is
our view that no single metric explains a model’s
suitability for SEA, and thus SEA-HELM is
designed to test a holistic set of competencies,
illustrated in Figure 1.

Specifically, SEA-HELM is organised into
five evaluation pillars: (1) NLP CLASSICS; (2)
LLM-SPECIFICS; (3) SEA LINGUISTICS; (4)
SEA CULTURE; and (5) SAFETY, which together
encompass an extensive range of tasks for each
SEA language to ensure that a wide range of
relevant aspects, from linguistic nuances to cultural
representations, are considered and accounted for.

“We release SEA-IFEval, SEA-MTBench and LINDSEA
datasets under the Creative Commons Attribution Share-Alike
4.0 (CC-BY-SA 4.0) license. This respects the licenses of the
source datasets used in this study.

The five pillars are also meticulously and rigorously
crafted to achieve fair, transparent, and authentic
multilingual and multicultural evaluations of LLMs
in the region. = We deliberately incorporate
community participation by involving native
speakers of the SEA languages at each stage of
the dataset planning and construction to ensure
linguistic accuracy and cultural authenticity.

We summarise the contributions of SEA-HELM
here:

* SEA-HELM is a curated suite of SEA datasets
which are evaluated together and whose
results will be presented on a publicly visible
leaderboard.

SEA-HELM (a) incorporates natively adapted
and human-translated benchmark tasks from
a range of SEA languages such as Filipino,’
Indonesian, Tamil,® Thai and Vietnamese; (b)
created the human-translated SEA-IFEval and
SEA-MTBench datasets; and (¢) constructed
LLM prompt templates in each native language
that are consistent across tasks.

* SEA-HELM includes new datasets we
developed for granular linguistic diagnostics
(LINDSEA) in Indonesian and Tamil.
SEA-HELM also includes a cultural evaluation
dataset for Filipino, KALAHI, developed in
collaboration with community members from
the Philippines (Montalan et al., 2024).

We believe that these make SEA-HELM a
comprehensive and representative evaluation suite
for SEA languages. It can be used as a base for
future extensions covering other SEA languages,
e.g. Khmer, Lao, Burmese, etc., which we intend
to expand on in a future work.

2 Related work

2.1 LLM evaluations

Over the years, Al practitioners have employed
either an individual task-based or, more rarely,
a holistic approach to assess the performance
and capabilities of LLMs. Popular tasks for
evaluating LLMs include translation (Hendy
et al., 2023), summarisation (Zhang et al., 2023),
decision-making (Shen et al., 2023), detecting
scalar implicatures (Jereti¢ et al., 2020; Pandia
et al., 2021; Hu et al., 2023; Liu et al., 2023) as

*Which also culminated in BATAYAN, the Filipino
expansion of SEA-HELM.

®Tamil is one of the official languages of Singapore and is
also spoken in Malaysia.
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well as presuppositions (Jeretic et al., 2020; Parrish
et al., 2021). Additionally, linguistic (Warstadt
et al., 2020; Xiang et al., 2021; Someya and Oseki,
2023) and cultural representation (Durmus et al.,
2023; Atari et al., 2023) are also increasingly
recognised as essential criteria for evaluating the
efficacy and fairness of language models.

On a holistic approach, Stanford University
introduced HELM (Liang et al., 2022) as an
initiative aimed at evaluating LLMs across
a wide range of tasks, such as linguistic
capabilities, reasoning, knowledge, memorisation,
disinformation, bias and toxicity. Google
introduced BIG-Bench (Srivastava et al., 2023),
which is a crowdsourced initiative. Similarly,
OpenAl launched OpenAl Evals,” a crowdsourced
system that invites users to create custom
evaluation datasets.

2.2 LLM evaluations for SEA languages

Recently, an increasing amount of attention
has been directed towards LLM training and
evaluations beyond English. There has been a
growing body of work (Sailor2 Team, 2024; Zhang
et al., 2024b; Bai et al., 2023; Dang et al., 2024)
evaluating the performance of LLMs in a wide
range of tasks in SEA languages. Most of them
attempted to incorporate a broad spectrum of
languages (e.g. Indonesian, Thai, Filipino). In
order to achieve such large language coverage,
machine translation and synthetic generation were
typically used to generate multilingual benchmark
datasets.

However, the use of machine translation and
synthetically generated benchmarks with little
input from the community raises questions on their
cultural authenticity and reliability. Automatic
translation often misses the cultural nuances
inherent in the target language, and can result in
translation errors and biases (Singh et al., 2024).
This can result in cultural erasure, furthering
stereotypical or non-diverse views (Qadri et al.,
2025). Thus, there is a need to develop authentic,
human-verified multilingual evaluation datasets
and metrics. Works such as Singh et al. (2024),
Romero et al. (2024), and Koto et al. (2024)
address the above point by adopting a participatory
framework (Birhane et al., 2022; Smart et al.,
2024). The participatory framework is also core
to SEA-HELM’s design philosophy as it ensures

7https ://github.com/openai/evals/

linguistic accuracy and cultural authenticity.

3 SEA-HELM

To address the lack of holistic multilingual and
multicultural evaluations for the SEA region, we
designed and developed SEA-HELM, which draws
its inspiration from HELM (Liang et al., 2022).
This evaluation suite consists of five core pillars:
(1) NLP CLrAssIcS, (2) LLM-SPECIFICS, (3)
SEA LINGUISTICS, (4) SEA CULTURE, and (5)
SAFETY, and has been recently integrated with
HELM. The spread of tasks and languages is
detailed in Table 1. SEA-HELM currently supports
five SEA languages — Filipino, Indonesian, Tamil,
Thai, and Vietnamese, enabling users and Al
practitioners to assess the overall performance of
LLMs for these languages.

3.1 Core pillars
3.1.1 NLP classics

First, for the Natural Language Understanding
(NLU) competency, we include QA (extractive
question answering) and sentiment analysis tasks.
Second, for the Natural Language Generation
(NLG) competency, we include translation (English
to native language and native language to English)
and abstractive summarisation tasks. Third, for the
Natural Language Reasoning (NLR) competency,
we include causal reasoning and natural language
inference (NLI) tasks.®

We selected datasets that comprised of data
originally written in the native language as far as
possible. Otherwise, existing datasets in English
were carefully translated by native speakers.’
This is important because translated datasets often
contain elements of translationese (Gellerstam,
1986), which can differ significantly from natively
written text (Baker, 1993; Lembersky et al., 2012;
Volansky et al., 2015; Riley et al., 2020).

3.1.2 LLM-specifics

With LLMs enabling unprecedented NLP
applications, there is a need to develop automated,
dedicated evaluation metrics for these higher-order
tasks. SEA-HELM focuses on two specific
capabilities - the ability to follow human

81t should be noted that reasoning as a competency is
broad and often a reasoning task requires many specific types
of reasoning skills (Espejel et al., 2023; Huang and Chang,
2023; Qiao et al., 2023; Xu et al., 2023; Yu et al., 2023).

° Annotator demographics are not included in this paper
for anonymity, demographics can be provided upon request.
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Pillar Competency Task Dataset Language Metrics Native Translation Our contribution
NLP Classics NLU Sentiment PH Elections Sentiment (Cabasag et al., 2019) FIL WA Y
NusaX (Winata et al., 2023) D WA Y -
IndicSentiment (Doddapaneni et al., 2023) TA WA N Human
Wisesight (Bact” et al., 2019) TH WA Y
UIT-VSFC (Nguyen et al., 2018) VI WA Y
QA TyDi QA-GoldP (Clark et al., 2020) D Fl1 Y
IndicQA (Doddapaneni et al., 2023) TA F1 Y -
XQUAD (Artetxe et al., 2020) TH, VI F1 N Human
QA-Multiple Choice Belebele (Bandarkar et al., 2024) FIL F1 N Human
Metaphor MABL (Kabra et al., 2023) D WA Y
NLR NLI XNLI (Conneau et al., 2018) FIL, TH, VI WA N Human
IndoNLI (Mahendra et al., 2021) D WA Y -
IndicXNLI (Aggarwal et al., 2022) TA WA N Machine
Causal Balanced COPA (Kavumba et al., 2019) FIL WA N Human
XCOPA (Ponti et al., 2020) ID, TA, TH, VI WA N Human
NLG Summarisation XL-Sum (Hasan et al., 2021a) FIL, ID, TA, TH, VI Rouge-L Y
Translation FLORES (Team et al., 2022) FIL,ID, TA, TH, VI MetricX-wmt24 N Human
LLM-specifics Instruction SEA-IFEval SEA-IFEval FIL, ID, TH, TA, VI LNA N Human v
following
Chat capability =~ SEA-MTBench SEA-MTBench FIL, ID, TA, VI WR N Human v
MT-Bench Thai (ThaiLLM-Leaderboard, 2024) TH WR N Human
SEA Linguistics  Linguistic Pragmatics LINDSEA ID, TA WA Y v
Diagnostics Syntax LINDSEA ID, TA WA Y v’
SEA Culture Cultural KALAHI KALAHI (Montalan et al., 2024) FIL WA Y
representation
Safety Toxicity Toxicity Detection MLHSD (Ibrohim and Budi, 2019) D WA Y
Thai Toxicity Tweet (Sirihattasak et al., 2018) TH WA Y
ViHSD (Luu et al., 2021) VI WA Y
PH Elections Toxicity (Cabasag et al., 2019) FIL WA Y

Table 1: List of datasets used in SEA-HELM, which are either created from scratch, translated or collated from other
sources. We curate datasets that are created in the native language (indicated with "-") and translated datasets (either
by humans or machines). Metrics: WA (weighted accuracy), LNA (language-normalised accuracy), WR (Win rate
against gpt-3.5-turbo-0125 as judged by gpt-4-1106-preview), Rouge-L (multilingual ROUGE implementation
from XL-Sum (Hasan et al., 2021b)), MetricX-wmt24 ( metricx-24-hybrid-xxI-v2p6-bfloat16 model (Juraska et al.,

2024)).

instructions  specifying a particular format
expected in the given responses, and the ability to
hold human-like conversations. The former can be
evaluated using simpler rule-based checkers that
examine the format of the LLM’s responses, while
the latter requires us to model subjective human
preferences, and thus employs the LLM-as-a-judge
paradigm (Zheng et al., 2023; Kim et al., 2024).
SEA-IFEval is an instruction-following
benchmark we created collaboratively with native
speakers. It was manually translated from the
English IF-Eval benchmark (Zhou et al., 2023)
and, crucially, localised to fit the linguistic and
cultural nuances of SEA languages. Manual
translations ensured faithful and accurate linguistic
representation, while localisation ensured cultural
authenticity and removed any unintended or
inherent biases.  Additionally, this involved
manually verifying that each sample was relevant
and applicable to the languages concerned.
Specifically, to create the SEA-IFEval dataset,
we first filtered out instructions that could
not reasonably apply to most SEA languages.
For example, prompts asking to change the
capitalisation or punctuation do not make sense in
many scripts in the region, such as Burmese, Tamil,

or Thai. We also changed instructions that required
inclusion of a stated quantity of instances of letters
to instead require a stated quantity of instances of
numbers as it was not easy to localise them for
non-Latin scripts. An example of this change is to
convert the instruction of “[respond] with the letter
‘I’ appearing at least 6 times” to “[respond] with
the number ‘4’ appearing at least 6 times. Thus,
by filtering out and adapting instructions given the
SEA context, we ensure a fair basis of comparison
for the instruction-following competency. The final
categories included in the SEA-IFEval dataset are
listed in Table C.10 in Appendix C.

The accuracy with which LLMs follow the exact
instruction following requirements is calculated
using the same verifiers as those found in the
English IF-Eval benchmark (Zhou et al., 2023).
The model’s accuracy is then adjusted to penalise
instructions that responded in the wrong language
by multiplying its accuracy with the rate at which
it responds in the correct target language.

SEA-MTBench is a manually translated and
localised version of the popular MT-Bench dataset
(Zheng et al., 2023), which also introduced the
paradigm of LLM-as-a-Judge to approximate
human preferences. We chose the reference-guided
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grading approach, where we compare the win-rate
of each candidate model against a fixed reference
model, namely gpt-3.5-turbo-0125. The models’
responses were compared with the reference
response using gpt-4-1106-preview as the judge
model. This setup sees the number of judge calls
scale linearly with the number of models being
compared, whereas pairwise comparisons would
scale quadratically.

Models receive an initial prompt based on a
category such as creative writing, mathematics,
STEM or humanities. They are then given a
follow-up instruction which related to the initial

prompt, and are expected to respond appropriately.

Finally, a model’s responses to both the initial and
follow-up prompts are evaluated as a whole given
accuracy, relevance, and coherence as judging
criteria. Results are reported based on each model’s
average win rate against the reference model.

3.1.3 SEA linguistics

As one of the five core evaluation npillars,

LINDSEA  (LINguistic = Diagnostics  for
SouthEast Asian languages) is a high
quality, manually-crafted linguistic dataset

that systematically diagnoses models’ language
proficiency and grammatical understanding based
on a granular taxonomy of syntactic, semantic and
pragmatic phenomena. It is also the first to be
created for SEA languages. LINDSEA provides
fine-grained evaluation of a model’s linguistic
abilities, akin to the diagnostic dataset of GLUE
(Wang et al., 2018) and BLiMP (Warstadt et al.,
2020), the linguistic diagnostic dataset for HELM.

The design of LINDSEA is based on three
principles: breadth, depth, and quality. Given the
increasingly complex tasks that LLMs are expected
to perform and the importance of both natural
language input and output in users’ interactions
with LLMs, it is crucial that we are able to
comprehensively evaluate and quantify models’
understanding of the myriad aspects of language.
To that end, LINDSEA is designed to cover a
wide gamut of linguistic phenomena (breadth).
In designing LINDSEA to have sufficient linguistic
coverage, we also conducted an extensive survey of
the literature on linguistic phenomena in our target
languages and used our findings to taxonomise
each linguistic phenomenon to have multiple
categories and subcategories for more fine-grained
analyses (depth). That is, rather than using
a small set of lexical items and grammatical

rules to automatically generate large numbers
of test sentences, the examples in LINDSEA
are handcrafted from scratch by linguists in
collaboration with native speakers and reviewed
iteratively to ensure that they sound natural, are
semantically coherent and target the relevant
phenomena effectively (quality).

While there are existing syntactic and semantic
diagnostic datasets for English (Warstadt et al.,
2020; Jereti¢ et al., 2020; Liu et al., 2023),
Mandarin (Xiang et al., 2021) and even Japanese
(Someya and Oseki, 2023), none yet exist for SEA
languages, and, to our knowledge, there has yet
to be such an extensive coverage of linguistic
phenomena in any dataset. More details about the
individual subcategories and literature reviewed
can be found in Appendix G.17.

3.1.4 SEA culture

Cultural representation and bias have also become
increasingly important with LLM use (Adilazuarda
et al., 2024) since a lack thereof can potentially
cause social harm (Solaiman et al., 2023). The
gravity of the risks involved has prompted multiple
studies in this area (Naous et al., 2023; Ramesh
et al., 2023; Ramezani and Xu, 2023).

Much prior work on analysing or evaluating
cultural representation in LLMs is created in ways
that do not start from consulting the communities
of speakers of the language but instead starts
from reference sources that aggregate cultural
knowledge, opinions, and values at a population
level. This “top-down” approach also demonstrates
a notable lack of emphasis on the perspectives,
decisions, and actions that individuals take as they
participate within their communities or navigate
their daily lives. For example, Durmus et al. (2023)
frame cultural representation as whether models
exhibit values aligned with those of people from
different countries, as extracted from large-scale
surveys, such as the World Values Surveylo and
the Pew Global Attitudes Survey.!! Such top-down
value extraction can involve subject matters that
are primarily determined by people who are not
members of the community, and thus may not be
fully representative of the community’s concerns
and lived experiences.

There are also top-down SEA efforts, such as
SeaEval (Wang et al., 2023) as well as SeaExam

lOhttps://www.worldvaluessurvey.org/wvs.jsp
"https://www.pewresearch.org/expertise/
international-attitudes/
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and SeaBench (Liu et al., 2025), that primarily
serve as tests for factuality and general local
knowledge. Such datasets are inherently limited
and cannot comprehensively represent the complex
nature of culture (Causadias, 2020), even if they
can capture aggregated value alignment. Thus, we
place emphasis on a strong participatory approach
that includes the native speaker communities in
order to authentically represent the target culture.

Hershcovich et al. (2022) suggest that a culture
can be defined by its shared cultural common
ground or a shared body of knowledge within the
community, while Swidler (1986) proposes that
culture is expressed in the strategies of action or
“toolkit” that people use to navigate their personal
and social lives. Thus, to probe models for
their understanding of cultural knowledge and to
evaluate if models can appropriately apply cultural
knowledge or values, we have included KALAHI
(Montalan et al., 2024), which was developed
using a participatory approach, under the SEA
Culture pillar. The KALAHI dataset is designed to
determine if LLMs can provide culturally-relevant
responses to culturally-specific situations that
Filipino people can reasonably encounter in their
daily lives, and the dataset is composed of 150
high-quality Filipino-language'? prompts created
in collaboration with native Filipino speakers'> (see
Table E.15 in Appendix E for an example of its
implementation in SEA-HELM).

3.1.5 Safety

Multilingual inputs, especially when given in
lower-resource languages such as those in the SEA
region, can increase the likelihood that LLMs
produce unsafe responses (Song et al., 2024; Shen
et al., 2024). Thus, tailoring safety benchmarks
that cater to SEA languages and cultures is critical
in ensuring that users who interact with models
in those languages are protected from harmful and
unsafe outputs (e.g. hate speech). In this regard, we
also aim to foster and enhance representativeness
and inclusivity by curating datasets that are relevant
to SEA languages. After a thorough survey of
the available datasets similar to the one performed
in section 3.1.1, we decided to include toxicity
detection as the first task (of many planned for the

Filipino is the national language of the Philippines
(Republic of the Philippines, 1987) and is primarily based
on Standard Tagalog (Komisyon sa Wikang Filipino, 1996)

For further details on KALAHI, please refer to (Montalan
et al., 2024)

future) under the SAFETY pillar.'* Currently, we
cover Indonesian, Thai, Vietnamese, and Filipino
for this task. This serves as the starting point that
will lead to more complete and comprehensive SEA
safety benchmarks in SEA-HELM.

3.2 SEA-HELM leaderboard

Given the large number of tasks in SEA-HELM,
it can be challenging to determine the overall
performance of a given model. There is a need
to aggregate task scores. We believe that the
aggregated scores should be presented in a clear
and transparent manner that allows users and
developers to delve deeper into each aggregation
in a maximally informative manner as well. To
facilitate this, we have released the SEA-HELM
leaderboard as part of the SEA-HELM suite.
The leaderboard can be accessed at https://
leaderboard.sea-lion.ai/.

The leaderboard presents the results in three
separate views — an overall view containing the
SEA average as well as the overall language scores,
a language view showing the average competency
scores for that language, and a detailed view
containing the normalised scores for each task
(Instruction-tuned models: Table 2, Base models:
Tables A.1 and A.2). Additionally, it includes
the results from both the pre-trained and the
instruction-tuned variants of each model across
a wide range of model sizes. See Appendix A
for more examples of results visualisations in the
leaderboard.

3.3 SEA-HELM evaluation design choices
3.3.1 Task prompt format

For each task, we opted to be explicit in instructing
the LLM to output the answer following a specified
format. This is done by prompting the model
to return its response with an answer tag. Table
B.4 shows an example of such a prompt and
the expected generation from the model (see
Appendices B to F for all prompts used in
SEA-HELM), and note that the prompt explicitly
states that the answer tag Jawaban (which is the
Indonesian word for ‘answer’) must be prefixed
to its answer (see Appendix B). The answer can
then be extracted using regular expressions and
compared against the corresponding gold label.
Crucially, if the model fails to append the answer

“For further details on the toxicity dataset, please refer to
(Leong et al., 2023).
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Model Size

Supported SEA Languages

SEA Average ID VI TH TA FIL

gpt-40-2024-08-06 - - 68.9 745 68.1 647 642 73.0
DeepSeek-R1 671B - 68.3 72.1 68.0 623 66.5 72.6
Ilama3.1-70b-cpt-sea-lionv3-instruct  70B TH,VI,TL,TA,ID 67.1 71.1 683 619 639 70.5
gemma-2-27b-it 27B - 65.4 679 616 63.1 640 705
Llama-3.3-70B-Instruct 70B  TH 64.9 704 683 59.7 566 694
Qwen?2.5-72B-Instruct 72B  TL,TH,VLID 62.1 69.8 658 635 449 66.6
Llama-3.1-70B-Instruct 70B TH 61.9 67.8 634 56.1 53.1 69.1
Qwen?2.5-32B-Instruct 32B  TL,TH,VLID 61.5 69.0 657 61.1 490 6238
Meta-Llama-3-70B-Instruct 70B - 54.5 574 535 504 522 588
aya-expanse-32b 32B VLID 50.2 68.1 62.0 404 269 53.6
Sailor2-20B-Chat 20B TL,TH,VLID 39.2 558 41.1 396 143 455
gemma?2-9b-cpt-sea-lionv3-instruct 9B TH,VI, TL,TA,ID 63.2 65.1 642 599 596 672
gemma-2-9b-it 9B - 60.0 627 603 574 576 622
Ilama3.1-8b-cpt-sea-lionv3-instruct 8B TH,VIL,TL,TA,ID 55.7 60.6 599 537 477 565
Qwen2.5-7B-Instruct 7B TL,TH,VLID 46.1 61.1 56.6 552 147 430
Sailor2-8B-Chat 8B TL,TH,VLID 422 479 444 394 27.0 524
Llama-3.1-8B-Instruct 8B TH 39.7 534 498 393 134 426
SealLLMs-v3-7B-Chat 7B TH,VLTL,TA,ID 39.6 479 518 47.6 95 414
Meta-Llama-3-8B-Instruct 8B - 34.9 46.7 464 358 124 333
aya-expanse-8b 8B VLID 334 59.0 564 202 100 215

Table 2: SEA-HELM normalised scores of instruction tuned models, separated into larger (>10 B parameters) and
smaller (<10 B parameters) models. Results for gpt-40-2024-08-06 and DeepSeek-R1 are provided as reference.
Supported SEA Languages comprises of tested languages that are reported on the respective model cards or reports.

tag to its answer, the model is deemed to have
given a null response. This approach allows for
more efficient automatic evaluation at scale, even
for models that may tend to have lengthy outputs.

It should also be noted that each prompt is
given in the target language rather than in English
(except for the English tasks) and is manually

translated by native speakers of each language.

In our view, for full SEA languages support, an
LLM should be able to output coherent responses
and should also be able to correctly interpret
native instructions. Instruction-tuned models were
evaluated in a zero-shot manner while pre-trained
models are evaluated with 5-shot examples.

3.3.2 Normalisation of metrics

As per equation 1, the normalised metric score
(Snorm) 1s calculated by subtracting the random
baseline score (Spgseline) from the raw metric
score (Spqw).  This is then divided by the
difference between the maximum score (Spqz)
and the random baseline score. The range of the
normalised score is then scaled to a range of 0—100
(Hulagadri et al., 2025). For negative normalised
score, we set the score to 0.

For multiple-choice task with n options,
the baseline score using a random strategy is
(100/n)%. For open ended questions with a score
range between 0-1, we set the guessing score to

0% and the best possible score to 100%.

S — Sp 13
Smopr — max(lOO  Sraw aseline ,O) (1)
Smax — Shaseline

3.3.3 Aggregation of metrics

First, metrics are aggregated at the competency
level. The normalised scores of each tasks
belonging to each competency are averaged to
calculate the competency score (The list of tasks
in each competency can be found in Table 1).
This is done since some competencies have more
tasks than others, and if the final language average
score was taken from all available tasks, some
competencies would be over-represented.

Next, the language score is calculated by taking
the average of the competency scores for each
language. This provides an indication of how well
the models are performing at a per-language basis

Finally, a SEA average score is calculated as the
mean of all the language score in SEA-HELM.

3.4 Evaluation of LLMs with SEA languages
support

We used SEA-HELM to perform a comprehensive
evaluation of several models that have some level
of proficiency in the SEA languages (Figure
2a). Examples of such models include the
Sailor family (Sailor2 Team, 2024), SealLLMs
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Figure 2: Models sizes range between 7-9B parameters. Results for gpt-40-2024-08-06 and DeepSeek-R1 are

provided as reference.

family (Zhang et al., 2024b) and the SEA-LION
family of models.”> Of all the open-sourced
models tested, DeepSeek-RI was the strongest
performing model and showed comparable results
to gpt-40-2024-08-06 on the SEA-HELM suite
(Figure 2a, Table 2). Given the large size of
DeepSeek-R1 (671B), finding comparisons to other

models that support SEA languages was not trivial.

Thus, we chose to focus our discussion on LLMs
of sizes ranging between 7-9B parameters (See
Table 2 for the full list of models) and used
both the DeepSeek-RI and gpt-40-2024-08-06
as the reference models for what was the best
available open-sourced and closed-sourced model
respectively.

Bhttps://huggingface.co/collections/
aisingapore/sea-lionv3-672589a39cdadd6a5b199581

We also observe that the gap between the
smaller models and the reference models is
closing, as evidenced by the smaller gap between
gpt-40-2024-08-06 with the newer LLaMA model
Llama-3.1-8B-Instruct as compared to the earlier
LLaMA model Meta-Llama-3-8B-Instruct (Figure
2a, 2b, Table 2). Notably, continued pre-training
and further tuning for the SEA languages
resulted in this gap closing even further (Figure
2b; llama3. 1-8b-cpt-sea-lionv3-instruct compared
against Llama-3.1-8B-Instruct). This suggests that
there is still room for improvement and spending
the effort to train LLMs to target the specific SEA
languages can result in models that are more suited
for the SEA region and thus work better for the
region’s use cases.

The choice of model family is also important.
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The Gemma?2 family of models (gemma-2-9b-it)
and the continued pre-trained/fine-tuned model
(gemmaZ2-9b-cpt-sea-lionv3-instruct) performed
the best of all the evaluated models. One possible
explanation could be the choice of tokenizer (256k
vocabulary size) which was shown to be associated
with better downstream performance for most
languages, especially in multilingual settings (Ali
et al., 2024).

Our SEA-HELM suite reveals that the
performance of the LLMs for Tamil and Filipino
were relatively poor (Figure 2a, Table 2). The
exceptions were the Gemma2-based models and
llama3.1-8b-cpt-sea-lionv3-instruct. This was
likely due to the lack of support for these languages
in many of these models and indicates the limited
capabilities of LLMs in these lower-resource
languages. As mentioned previously, supporting
these languages through additional training
can improve the capabilities of LLMs in these
languages.

Additionally,
is necessary

Figure 2c illustrates why it
to adopt a holistic approach
that evaluates models’ competencies under
the five pillars. As a first example, note
that Meta-Llama-3-8B-Instruct’s performance
for SEA-IFEval was much lower (relatively
speaking) as compared to LINDSEA and
SEA-MTBench. This indicated that while the
model exhibited linguistic understanding and has
some LLM-specific capabilities, it was still lacking
in native instruction-following competency. As
another example, Sailor2-8B-Chat was observed
to perform exceptionally well for SEA-MTBench,
which was indicative of more coherent and relevant
native multi-turn competency, but had much poorer
performance for LINDSEA and SEA-IFEval,
which indicates that it was much weaker in terms
of linguistic understanding as well as native
instruction following.

Full results can be viewed on our leaderboard,
and readers can also reference Appendix A.

4 Conclusion

In conclusion, we introduce SEA-HELM, a holistic
evaluation suite that caters to the SEA languages
and cultures. To achieve a comprehensive
evaluation suite, SEA-HELM was designed around
the following five core pillars: (1) NLP CLASSICS,
(2) LLM-SPECIFICS, (3) SEA LINGUISTICS, (4)
SEA CULTURE, (5) SAFETY.

Additionally, the SEA-HELM leaderboard is
intended to serve as a comprehensive and regularly
maintained resource for Al researchers in academia
and industry. Our results show that there are still
significant gaps between high-resource languages
such as English and the mid- to low-resource
languages in Southeast Asia, including several
with official status and millions of speakers.
However, these results also show that the dedicated
fine-tuning of LLMs with parameter sizes between
7 and 9 billion can significantly narrow the gap with
respect to the much larger state-of-the-art models
such as GPT-4o0 and DeepSeek-R1. Thus, by calling
attention to the realistic, localised needs of SEA
languages, we encourage more concentrated efforts
on data collection, curation and fine-tuning of
dedicated lighter-weight LLLM solutions for the
region.

5 Future work

We recognise that although SEA-HELM currently
covers Filipino, Indonesian, Tamil, Thai, and
Vietnamese, we still have much more work to
do and therefore we are committed to iteratively
expanding each pillar.

Specifically, we plan to expand SEA-HELM to
include a broader range of languages, cultures,
tasks and models to encourage stronger SEA
representation in models. We also seek to
explore additional factors such as automatic LLM
evaluations. This will enable an even more
comprehensive evaluation of LLM performance
across a wider variety of contexts for SEA
languages, especially for low-resource languages
in the region such as Burmese, Khmer and Lao.

Limitations

While aiming to achieve holistic and authentic
evaluations for LLMs in Southeast Asia,
SEA-HELM is not yet exhaustive in its coverage
of languages and tasks. As we iteratively improve
the coverage of the various SEA-HELM pillars,
more language and cultural coverage will added
and refined in the future.

Our leaderboard results are based on single
model runs. However, as we have assumed
deterministic model behaviour and set every
model’s temperature to 0, we did not publish
error bars for the results, in line with most other
benchmarks in the field.

Under the safety pillar of SEA-HELM, we also
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acknowledge that passing our evaluations with a
high score is not necessarily a guarantee of the
safety of an LLM in the SEA context, as it is
not possible to enumerate every type of unsafe
response in real-world scenarios. Thus, passing
the safety evaluations in SEA-HELM must be seen
as a necessary but not sufficient requirement for
ensuring safety in real-world LLM applications.
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A Normalised SEA-HELM scores

Model Size Supported SEA Languages | SEA Average ID VI TH TA FIL
gemma2-9b-cpt-sea-lionv3-base 9B TH,VLTL,TA,ID 55.2 59.5 528 51.7 652 46.7
gemma-2-9b 9B - 49.1 519 475 473 579 409
Sailor2-8B 8B TL,TH,VLID 49.0 55,5 49.6 518 487 39.6
Qwen2.5-7B 7B TL,TH,VLID 45.5 513 542 501 378 339
llama3.1-8b-cpt-sea-lionv3-base 8B  TH,VI,TL,TA,ID 45.2 49.2 483 46.6 462 356
SealLLMs-v3-7B 7B TH,VL,TL,TA,ID 41.5 47.0 504 476 28.6 340
Meta-Llama-3.1-8B 8B TH 40.3 459 428 39.0 424 316
Meta-Llama-3-8B 8B - 374 45.1 414 410 305 289

Table A.1: SEA-HELM normalised scores of base models with sizes between 7-9B parameters. Supported SEA
Languages comprises of tested languages that are reported on the respective model cards or reports.

Model Size Supported SEA Languages ‘ SEA Average ID VI TH TA FIL
llama3.1-70b-cpt-sea-lionv3-base 70B TH,VL,TL,TA,ID 58.7 619 59.0 554 66.3 50.6
Qwen2.5-72B 72B  TL,TH,VLID 58.6 645 612 572 595 504
Qwen2.5-32B 32B  TL,TH,VLID 55.7 66.7 589 582 533 414
Meta-Llama-3.1-70B 70B TH 55.5 61.2 543 524 633 46.1
gemma-2-27b 27B - 53.9 56.8 52.1 536 61.7 45.1
Sailor2-20B 20B TL,TH,VLID 513 61.9 551 522 475 39.6
Meta-Llama-3-70B 70B - 50.9 59.3 52.1 49.7 474 458

Table A.2: SEA-HELM normalised scores of base models with sizes between 20-72B parameters. Supported SEA
Languages comprises of tested languages that are reported on the respective model cards or reports.

Model Group Size Range  No. models GPU hours No. H100 GPUs | Total H200 GPU hours
DeepSeek-R1 671B 1 4 8 32
Large instruction-tuned models 20-72B 9 1 4 36
Large base models 20-72B 9 1 4 36
Small instruction-tuned models 7-9B 7 1 1 7
Small base models 7-9B 8 1 1 8
Total 84

Table A.3: Compute budget per run of SEA-HELM.

12326



B Examples from the NLP Classics Pillar

Component

Text

Prompt template

Anda akan diberikan sebuah paragraf dan sebuah pertanyaan.
Jawablah pertanyaannya dengan mengambil jawabannya dari paragraf tersebut.

Jawablah dengan hanya menggunakan format berikut ini.

Jawaban: $ANSWER

Ganti $ANSWER dengan jawaban yang telah ditentukan.{fewshot_examples}
Paragraf:

{text}

Pertanyaan: {question}

Text Menurut para sesepuh desa, penemu desa ini adalah orang Sunda oleh karena itu desa ini diberi
nama “Bodas” yang artinya “putih” dalam bahasa Sunda. Menurut sesepuh warga setempat
warga setempat mempunyai pantangan dilarang berjualan nasi & daun sirih.

Question Dari mana asal kata Bodas?

Label bahasa Sunda

Table B.4: An example for Indonesian QA.

Component Text

Prompt template

Usgloaddaliifianuidnedls? asvlduadidenddelyi: wivan, wiay, niawmee
ampumuguade U

fnou: SOPTION

Tasudunuit SOPTION ¢anidentesnmfewshot.zamples

szloa:

{text}
Text

fdnuasegrmuaniissss
Label

Wit (Positive)

Table B.5: An example for Thai Sentiment.
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Component Text

Prompt template Bibigyan ka ng dalawang pangungusap, SENTENCE_1 at SENTENCE_2. Tukuyin
kung alin sa sumusunod na pahayag ang pinaka-angkop para sa SENTENCE_1 at
SENTENCE_2.

A: Kung totoo ang SENTENCE_1, dapat totoo din ang SENTENCE_2.
B: Sumasalungat ang SENTENCE_1 sa SENTENCE_2.
C: Kapag totoo ang SENTENCE_1, pwedeng totoo o hindi totoo ang SENTENCE_2.

Sumagot gamit ang sumusunod na format.

Sagot: $OPTION

Palitan ang $OPTION ng napiling sagot.

Gumamit lang ng titik A, B, o C sa sagot mo.{fewshot_examples}

SENTENCE_1:

{sentencel}

SENTENCE_2:

{sentence2}
Sentence 1 Hindi, mukhang pupunta rin ako.
Sentence 2 Mukhang hindi ako pupunta.
Label Contradiction

Table B.6: An example for Filipino NLI.

Component Text

Prompt template Jawablah hanya dengan menggunakan format berikut ini:
Jawaban: $OPTION
Ganti $OPTION dengan pilihan yang telah dipilih.
Gunakan huruf A atau B saja sebagai jawabannya.{fewshot_examples}

Berdasarkan situasi yang diberikan,
manakah dari pilihan berikut ini yang lebih mungkin
menjadi {question_translated}?

Situasi:

{premise}

Pilihlah jawaban yang terbaik dari pilihan di bawah ini:
A: {choicel}

B: {choice2}

Premise Mata pria itu berkaca-kaca.
Choice 1 Debu masuk ke matanya.
Choice 2 Ia pakai kacamata.

Label Choice 1

Table B.7: An example for Indonesian Causal Reasoning.

12328



Component

Text

Prompt template

Tém tit bai bao Tiéng Viét dudi day bing mét doan vin bao gdm 1 hay 2 cau.
Chi tra 11 bang céch sir dung dinh dang sau:

Bén t6m tit: \$SSUMMARY

Thay thé \$SUMMARY béng ban tom tit.\{fewshot\ examples\}

Bai bao:

{text}

Article

Hon 200 ngudi bi thuong vi vu dung tau & Thuong Hai Vu viéc xdy ra chi hai thang sau khi
¢6 vu dung tau cao téc & On Chau lam chét 40 ngudi va giy phin nd trong dan ching. Cong
ty Tau Dién Ngam ctia Thuwong Hai cho biét da s6 thuong tich chi nhe. Tan Hoa X3 tuong
thudt tai nan xay ra sau khi bi mét tin hiéu & mot nha ga. Thanh phé m& rong hé théng tau
dién ngdm nhimg nim gin day va mot sb dudng tau lién tuc gip vin d&. Tai nan hom nay xay
ra & ga Yu Yuan lac 14:51. Hdi thang Bay di xay ra vu tai nan dung tau gifta hai tau cao tbc &
Trung Quéc 1am chét 40 ngudi, do 16i thiét ké nghiém trong. Vu dung tau & On Chéu di
khién nhiéu ngudi dan Trung Quéc budc tdi chinh phu dit chinh tri va lgi nhuén 18n trude sw
an toan.

Summary

Hai tau dién ngdm & Thuong Hai dung nhau, khién hon 200 ngudi bi thuong.

Table B.8: An example for Vietnamese Summarization.

Component

Text

Metraubd 2 empsnwis SO QLMASE CMAQOUWITSSEELD.

NetTeu(bLd L&D eulgauemoLienU WL B LWTUGSSH uHevafldseaLb:
QUmAQUUIFLIL: $STRANSLATION
QUMACQUWITSS 2 DI 65T STRANSLATION & LOMMMDEYLD. {fewshot_examples}

Prompt template 2600

{text}
Source He built a WiFi door bell, he said.
Target

Sl6l, HTEH emeU.-.6nU &5 Ml Ml 2 (HUTEHWSTSHS FamleIy

Table B.9: An example for Tamil Translation.

12329



C Examples from the LLM-specifics Pillar

SEA-IFeval Category Description

combination:repeat_prompt Evaluates if the prompt is reiterated in the response.

combination:two_responses Checks if two responses are provided within an answer.

detectable_content:number_placeholders The response must contain at least {N} placeholders represented
by square brackets, such as [address].

detectable_content:postscript Identifies if a postscript (P.S.) is included.

detectable_format:constrained_response Checks that the answer is from one of the given options.

detectable_format:json_format Checks if the response is in JSON format.

detectable_format:multiple_sections Checks that the response must have {N} sections, with the
beginning of each section marked using {section splitter} X.

detectable_format:number_bullet_lists Checks that the response must contain exactly {N} bullet points.

detectable_format:number_highlighted_sections Checks that at least N sections in the answer are highlighted with
markdown, i.e. *highlighted section*

detectable_format:title The answer must contain a title, wrapped in double angular
brackets, such as «poem of joy».

keywords:existence Checks for the presence of specific keywords.

keywords:forbidden_words Ensures no prohibited words are used.

keywords:frequency Checks that in the response, the letter {letter} should appear {N}
times.

keywords:number_frequency Checks that in the response, the keyword {keyword} should
appear {N} times.

language:response_language Checks that the ENTIRE response should be in a fixed language,
with no other language allowed

length_constraints:number_paragraphs Answer must contain at least / around / at most {N} paragraphs.

length_constraints:number_sentences Answer must contain at least / around / at most {N} sentences.

length_constraints:number_words Answer must contain at least / around / at most {N} words

startend:end_checker Checks that the response ends with an exact phrase {end phrase}.

startend:first_word Checks that the response starts with an exact phrase {start
phrase}.

startend:quotation Checks that the entire response is wrapped with double quotation
marks.

Table C.10: SEA-IFeval Categories with descriptions, each with 5 samples. Sourced from Zhou et al. (2023)

Component Text Translated Text
Instruction i o . Could you give me a short summary of The Lord
Ban ¢ thé cho t6i mot bén tém tat ngan gon ve of the Rings that is child-friendly?

Chua té clia nhitng chiéc nhan mét cach than thign

Vi tré em khong? First, repeat “Could you give me a short

summary of The Lord of the Rings that is
Dhu tién, Iap lai *Ban ¢6 thé cho t6i mot ban tém chlld-frlendly?” word for word without .change,
tht ngén gon vé Chéia t& ciia nhitng chic nhin mét then give your answer. Do not say anything first,
cach thén thién véi tré em khong?" timg chir just repeat the request at the very beginning.
khong thay, d6i rdi dwa ra ciu tra 10i. Ping néi

bat ctr didu gi trudc, chi cin 13p lai yéu cAu ngay

tir dAu.

Desired response . S . Could you give me a short summary of The Lord
Ban ¢4 thé cho t6i mdt ban tom tat ngan gon ve of the Rings that is child-friendly? ...
Chua t€ ctia nhitng chiéc nhan mét cach than thién
véi tré em khong? ...

Undersired response The Lord of the Rings is ...
Lord of the Rings 13 ...

Table C.11: An example of a Vietnamese instruction following prompt from SEA-IFEval. The target constraint in
this particular instruction is that the response must repeat the phrase before proceeding to give the summary.
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Component

Text

Translated Text

Turn 1

Gambarkan karakter yang realistis dan unik,
menggunakan perumpamaan yang kuat dan bahasa
yang kreatif. Tolong jawab kurang dari dua paragraf.

Describe a vivid and unique character,
using strong imagery and creative language.
Please answer in fewer than two paragraphs.

Turn 2

Revisi jawaban Anda sebelumnya dan sertakan alusi
terhadap karya sastra atau peristiwa sejarah terkenal
di setiap kalimatnya.

Revise your previous response and
incorporate an allusion to a famous work
of literature or historical event in each
sentence.

Reference response by
GPT3.5 (turn 1)

Reference response by
GPT3.5 (turn 2)

Dia seperti burung hantu yang selalu terjaga di
malam hari, dengan mata tajam yang selalu waspada
terhadap segala hal di sekitarnya. Tubuhnya ramping
dan gesit seperti kucing yang siap melompat setiap
saat. Namun, di balik sikapnya yang tajam dan
waspada, terdapat kelembutan dan kehangatan yang
membuat siapa pun merasa nyaman di dekatnya.
Seperti perpaduan antara kekuatan dan kelembutan
yang membuatnya menjadi karakter yang realistis
dan unik.

Seperti Sherlock Holmes yang selalu waspada
terhadap petunjuk-petunjuk kecil, dia seperti detektif
yang selalu siap mengungkap misteri di sekitarnya.
Tubuhnya ramping dan gesit seperti Zorro yang
lincah dalam bertarung. Namun, di balik sikapnya
yang tajam dan waspada, terdapat kelembutan seperti
karakter Ebenezer Scrooge yang akhirnya berubah
menjadi pribadi yang hangat dan penuh kasih.
Seperti perpaduan antara kekuatan dan kelembutan
yang membuatnya menjadi karakter yang realistis
dan unik, seperti dalam karya-karya klasik sastra.

She is like an owl that is always awake at
night, with sharp eyes that are always alert to
everything around her. Her body is slender
and agile like a cat that is ready to jump at
any moment. However, behind her sharp
and alert attitude, there is a gentleness and
warmth that makes anyone feel comfortable
around her. Like a combination of strength
and gentleness that makes her a realistic and
unique character.

Like Sherlock Holmes who is always alert
to small clues, he is like a detective who is
always ready to solve the mystery around
him. His body is slender and agile like
Zorro who is agile in fighting. However,
behind his sharp and alert attitude, there is
a gentleness like the character of Ebenezer
Scrooge who eventually turns into a warm
and loving person. Like a combination of
strength and gentleness that makes him a
realistic and unique character, like in classic
works of literature.

Table C.12: An example of a Indonesian multi-turn chat prompt from SEA-MTBench.
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D Examples from the SEA Linguistics Pillar

Component Text

Prompt Template Anda adalah seorang ahli bahasa Indonesia.

Jawablah hanya dengan menggunakan format berikut ini:

Jawaban: $OPTION

Ganti $OPTION dengan pilihan yang telah dipilih. Gunakan huruf A atau B saja
sebagai jawabannya.{fewshot_examples}

Kalimat mana yang lebih mungkin?
{sentence_pair}

Sentence Pair A: Dirimu kamu mengubah
B: Dirimu kamu ubah
Label B

Table D.13: An example of a Indonesian syntactic minimal pair.

Component Text

Prompt Template Anda adalah seorang ahli bahasa Indonesia

Jawablah hanya dengan menggunakan format berikut ini:
Jawaban: $OPTION
Ganti $OPTION dengan benar atau salah.{fewshot_examples}

Berdasarkan situasi ini, apakah pernyataan berikut ini benar atau salah?
Situasi:

{text}

Pernyataan:

{conclusion}

Text Tono membeli beberapa panci di toko

Conclusion Tini masih bisa membeli panci di toko

Label True

Table D.14: An example of a Indonesian pragmatic reasoning pair.
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E Examples from the SEA Culture Pillar

Component

Text

Translated Text

Prompt

Naghahanap ako ng damit na size XL sa department
store. Tinanong ko sa tindera kung meron sila ng
size ko, at tinaas-baba lang niya ang kanyang mga
kilay. Anong ibig niyang sabihin?

I’m looking for a size XL shirt at the department
store. I asked the salesperson if they had my size,
and she just raised and lowered her eyebrows. What
does she mean?

Best response

Ang pagtaas-baba ng mga kilay ay pagsenyas ng
‘00’, ‘meron’, o ‘pwede’. Ibig sabihin ng tindera ay

meron silang size XL ng damit.

The raising and lowering of the eyebrows is
signaling ‘yes’, ‘there is’, or ‘possible’. The
salesperson means that they have XL size clothes.

Relevant Sinasabi niya na meron silang size XL na damit. She is saying that they have a XL size shirt.
responses Mayroon silang size XL na damit. They have XL size clothes.

Irrelevant Ang pagtaas-baba ng mga kilay ay pagsenyas ng  The raising and lowering of the eyebrows is a signal
responses ‘hindi’, ‘wala’, o ‘di pwede’. Ibig sabihin ng tindera  of ‘no’, ‘nothing’, or ‘not possible’. The salesperson

ay wala silang size XL ng damit.

Sinasabi niya na hindi siya sigurado o hindi niya
alam kung meron silang size XL na damit.

Wala silang size XL na damit.

means that they don’t have XL size clothes.

She is saying that she is not sure or doesn’t know if
they have XL size clothes.

They don’t have XL size clothes.

Table E.15: A Filipino cultural representation example from KALAHI. Each sample is composed of a prompt and
a list of responses that are culturally-relevant (helpful and harmless within the context of the given culture) and
culturally-irrelevant (unhelpful and harmful within a culture). Each prompt is contains a query representing a unique
situation that a Filipino may encounter, information regarding the person posing that question, and the person’s
personal context.
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F Examples from the Safety Pillar

Component

Prompt template

{text}

< < v v < = v dg a a u o @ o w < 2 o =
aoifainTasarntufornuilifluiin feanuiiluindefonnuiiiuhe ihovdeyaiesodlia
ngfuauvIenguan uasrniimslsesalssiude deqmldfuiaanumil msmsaeud
Fidnws Y wnihudlufionnuiduiin wnlildléaauds N

mpumugundiallii:
fnau: $OPTION

Tasudunuil SOPTION éuédnws Y u3o N{fewshot_examples}
fioanu:

Text

delaiva Tadann

Label

Y (Toxic)

Table F.16: An example for Thai Toxicity.

G References Consulted in the Design of LINDSEA

Phenomena

Indonesian References

Tamil References

Morphology

Sneddon et al. (2010); Fortin (2011);
Sato (2011); Sato (2016); Jeoung
(2020b); Jeoung (2020a)

Lehmann (1993); Lehmann (2019);
Schiffman (2004); Annamalai (2013);
Annamalai (2019); Leung (2018)

Argument Structure

Arka et al. (1998);
(2008); Purwo (1988); Legate (2014);
Sneddon et al. (2010)

Cole et al.

Annamalai (2003); Pong (2022);
Lehmann (1993);

Filler-gap Dependencies

Fortin (2009); Fortin (2019); Sneddon
et al. (2010)

Lehmann (1993); Leung (2018); Pong
(2022)

NPIs and Negation

Sneddon et al. (2010)

Lehmann (1993)

Translation

Arka et al. (1998); Purwo (1988);
Sneddon et al. (2010)

Lehmann (1993); Schiffman (2004)

Coreference Resolution

Arka et al. (1998); Cole and Hermon
(2005); (Sneddon et al., 2010)

Lehmann (1993); Schiffman (1999);
Sundaresan (2011); Annamalai (2019)

Scalar Implicatures

Sneddon et al. (2010)

Lehmann (1993)

Table G.17: References consulted in the design of LINDSEA.
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H Southeast Asian Languages and Populations

Country Population (2024, millions) Official Languages
Brunei Darussalam 0.46 Malay
Cambodia 17.64 Khmer
Indonesia 283.49 Indonesian
Laos 7.77 Lao
Malaysia 35.56 Malay
Myanmar 54.50 Burmese
Philippines 115.84 Filipino, English
Singapore 5.83 Malay, English, Chinese (Mandarin), Tamil
Thailand 71.67 Thai
Timor-Leste (East Timor) 1.40 Tetum, Portuguese
Vietnam 100.99 Vietnamese
Note: Apart from the official languages,
Total 689.15 there are more than 1,000 languages in this region.

Table H.18: Population (in millions) and official languages of Southeast Asian countries (2024). This
table is alphabetically arranged based on the country name. Source: https://www.worldometers.info/
world-population/south-eastern-asia-population/ and https://www.ethnologue.com/.

I Licenses of Collated or Translated Datasets

Task Dataset Languages in SEA-HELM Original Source License
Sentiment Analysis NusaX Indonesian CCBY-SA 4.0
UIT-VSFC Vietnamese Unknown
Wisesight Thai CCO0 1.0 Universal
IndicSentiment Tamil CCO
Batayan Filipino Apache-2.0
Question Answering TyDi QA-GoldP Indonesian Apache 2.0
XQUAD Thai, Vietnamese CCBY-SA 4.0
IndicQA Tamil CCO
Batayan Filipino CCBY-SA 4.0
Metaphor MABL Indonesian MIT
Translation FLORES Indonesian, Tamil, Thai, Vietnamese CCBY-SA 4.0
Batayan Filipino CCBY-SA 4.0
Abstractive Summarization  XL-Sum Indonesian, Tamil, Thai, Vietnamese CCBY-NC-SA 4.0
Batayan Filipino CCBY-NC-SA 4.0
Natural Language Inference  IndoNLI Indonesian CCBY-SA 3.0
XNLI Thai, Vietnamese CCBY-NC 4.0
IndicXNLI Tamil CCo
Batayan Filipino CCBY-NC4.0
Causal Reasoning XCOPA Indonesian, Tamil, Thai, Vietnamese CC-BY-4.0
Batayan Filipino CC-BY-4.0
Cultural Knowledge Kalahi Filipino CC-BY-4.0
LINDSEA LINDSEA Indonesian, Tamil CC-BY-4.0
Instruction Following IFEval Filipino, Indonesian, Vietnamese CC-BY-4.0
IFEval-Th Thai Apache 2.0
Multi-Turn Chat SEA MT-Bench Filipino, Indonesian, Thai, Viethamese =~ CC BY-NC-SA 4.0
Toxicity Detection MLHSD Indonesian CCBY-NC-SA 4.0
ViHSD Vietnamese Research purposes only
Thai Toxicity Tweet  Thai CCBY-NC3.0
Batayan Filipino Apache-2.0

Table 1.19: Licenses of collated or translated datasets in SEA-HELM
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J Evaluated Models

Models Citation
gpt-40-2024-08-06 OpenAl (2023)
DeepSeek-R1 DeepSeek-Al et al. (2025)
gemma2-9b-cpt-sea-lionv3-instruct  Singapore (2024a)
gemma-2-9b-it Team (2024)
llama3.1-8b-cpt-sea-lionv3-instruct ~ Singapore (2024b)
Qwen2.5-7B-Instruct Qwen Team (2024)
Sailor2-8B-Chat Sailor2 Team (2024)
Llama-3.1-8B-Instruct Al@Meta (2024b)
SealLLMs-v3-7B-Chat Zhang et al. (2024a)
Meta-Llama-3-8B-Instruct Al@Meta (2024a)

aya-expanse-8b

Dang et al. (2024)

Table J.20: Evaluated models and their citations
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