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Abstract

The rapid advancement of large language mod-
els (LLMs) has not been matched by their eval-
uation in low-resource languages, especially
Southeast Asian languages like Lao. To fill
this gap, we introduce LaoBench, the first
large-scale, high-quality, and multidimensional
benchmark for assessing LLM language under-
standing and reasoning in Lao. LaoBench con-
tains 17,000+ expert-curated samples across
three dimensions: culturally grounded knowl-
edge application, curriculum-aligned K12 ed-
ucation, and bilingual translation among Lao,
Chinese, and English. It includes open-source
and held-out subsets, where the held-out por-
tion enables secure black-box evaluation via a
controlled service to improve fairness and data
security. We construct LaoBench with a hybrid
pipeline that combines expert authoring with
agent-assisted verification, ensuring linguistic
accuracy, cultural relevance, and educational
validity. We evaluate diverse state-of-the-art
open-source and closed-source LLMs, and find
that even strong multilingual models lag be-
hind human experts, particularly in culturally
grounded reasoning and translation fidelity. We
hope LaoBench will catalyze research on Lao
and other underrepresented Southeast Asian
languages for more inclusive multilingual
evaluation. To facilitate reproducibility, we
release LaoBench at https://huggingface.
co/datasets/BAAI/LaoBench.

1 Introduction

Large language models (LLMs) have achieved
strong performance on reasoning, dialogue, and
translation (OpenAl et al., 2024), yet evaluation
remains heavily skewed toward high-resource lan-
guages. This gap is particularly severe in Southeast
Asia, where linguistic diversity is high but bench-
mark coverage is limited (Goyal et al., 2021; Ade-
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lani et al., 2021). While evaluation resources exist
for Thai, Vietnamese, and Indonesian (Yang et al.,
2022; Xu et al., 2025; Zhang et al., 2025b; Raja
and Vats, 2025), Lao is still largely absent from
large-scale multilingual benchmarks (Table 1).

Existing SEA-focused benchmarks also have
limitations beyond language coverage. Many em-
phasize high-level multilingual reasoning or rely
on translation from English, which often misses
Lao-specific cultural grounding and linguistic prop-
erties. Lao’s scriptio continua writing system intro-
duces tokenization ambiguity and can distort gener-
ation and translation metrics. Curriculum-aligned
education evaluation is under-explored, despite be-
ing central to native proficiency. Finally, publicly
released benchmarks are increasingly vulnerable to
contamination and leaderboard overfitting, yet Lao
lacks a held-out black-box evaluation service for
fair and sustainable comparison. These gaps moti-
vate LaoBench as a native, multidimensional, and
contamination-resistant evaluation suite for Lao.

Lao is the official language of Laos and is used
by millions of speakers, yet it remains low-resource
in NLP due to limited digitized corpora and scarce
labeled data. Beyond data scarcity, Lao poses chal-
lenges for LLMs, including ambiguous tokeniza-
tion under scriptio continua, a complex tonal sys-
tem, and frequent Pali—Sanskrit loanwords. Exist-
ing Lao NLP resources are mostly task-specific,
such as morphological analysis (Eskander et al.,
2019) and limited translation datasets (Haulai and
Hussain, 2023; Geigle et al., 2024), which are in-
sufficient for evaluating general-purpose LLMs.
Secure evaluation is also increasingly important
as public benchmarks face leakage and overfitting
risks, motivating held-out test sets and black-box
services (Deng et al., 2024).

To address these gaps, we introduce LaoBench,
the first large-scale, high-quality, and multidi-
mensional benchmark for evaluating LLMs in
Lao. LaoBench contains 17,000+ instances span-
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Benchmark

Year SEA Focus Lao Native Knowledge KI12/Exam Translation Open Set Held-out/Black-box

SEA-Region Benchmarks (Holistic / Cultural / Applications)

SeaEval (Wang et al., 2024) 2024 v t t v t t v v
SEA-HELM (Susanto et al., 2025) 2025 v t t v t t v v
SeaExam & SeaBench (Liu et al., 2025) 2025 v 1 v v v T v 1t
Language-Specific Benchmarks (Localized / Monolingual)

VMLU (Bui et al., 2025) 2025 t t v v t t v t
LORAXBENCH (Aji and Cohn, 2025) 2025 v t v v t v v t
Broader Low-Resource / Multi-Script Benchmarks (Context)

M3Exam (Zhang et al., 2023) 2023 v t t v v t v t
CIF-Bench (Li et al., 2024) 2024 t t v t t t v t
MiLiC-Eval (Zhang et al., 2025a) 2025 t t v t t v t
This Work

LaoBench (ours) 2026 v v v v v v v v

Table 1: Comparison between LaoBench and recent SEA-focused or low-resource evaluation benchmarks. Native
indicates whether the benchmark is originally constructed in the target language(s) rather than translated from
English. Open Set indicates whether a publicly released evaluation set is available for reproducible research.
Held-out / Black-box indicates whether the benchmark provides hidden test evaluation (e.g., held-out test sets or
official black-box services) to mitigate contamination and leaderboard overfitting.

ning three dimensions: (1) Knowledge Applica-
tion grounded in Lao society, culture, politics, his-
tory, and science; (2) K12 Foundational Education
aligned with Lao’s national curriculum; and (3)
Bilingual Translation among Lao, Chinese, and
English.

LaoBench includes three subsets: Lao-7k (7,000
open-source MCQs), Lao-10k (10,000+ held-
out MCQs for black-box evaluation), and Lao-
500 (500 open-ended prompts selected using a
BenchBuilder-inspired pipeline (Li et al., 2025)).
We construct LaoBench with a rigorous hybrid
pipeline combining expert authoring and agent-
assisted verification (e.g., duplicate detection, se-
mantic consistency checks, context-independence
filtering, and sensitivity screening).

We benchmark diverse state-of-the-art open-
source and closed-source LLLMs on LaoBench and
find a substantial gap to human experts, especially
in culturally grounded reasoning and translation
fidelity. LaoBench provides a standardized and se-
cure evaluation suite to support reliable comparison
and future research on Lao and other underrepre-
sented Southeast Asian languages.

In summary, our contributions are:

* First multidimensional Lao benchmark. We
introduce LaoBench, the first large-scale bench-
mark for evaluating LLMs in Lao across (i)
culturally grounded knowledge application, (ii)
curriculum-aligned K12 education, and (iii)
trilingual translation (Lao—Chinese—English).
LaoBench contains 17,000+ expert-curated in-
stances.

* Contamination-resistant held-out evaluation.
We construct a held-out subset of 10,000+ MCQs
and design a black-box evaluation protocol to
mitigate test leakage and leaderboard overfitting.
We will deploy the protocol as an online evalua-
tion service upon publication.

* Rigorous hybrid construction pipeline. We
develop a scalable pipeline combining expert au-
thoring with agent-assisted verification, includ-
ing duplicate detection, semantic consistency
checks, context-independence filtering, and sen-
sitivity screening.

¢ Comprehensive benchmarking and key find-
ings. We evaluate diverse state-of-the-art open-
source and closed-source LLMs on LaoBench
and reveal persistent gaps to human experts, es-
pecially in culturally grounded reasoning and
high-fidelity translation.

2 LaoBench

LaoBench is a large-scale, multidimensional bench-
mark designed to systematically evaluate large
language models (LLMs) in Lao, a low-resource
Southeast Asian language. LaoBench provides
comprehensive evaluation coverage across three
core dimensions: Knowledge Application, K12
Foundational Education, and Bilingual Transla-
tion among Lao, Chinese, and English.

2.1 Dataset Overview and Subsets

LaoBench contains more than 17,000 carefully cu-
rated instances. To support both transparent re-
search usage and secure benchmarking, the bench-
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Figure 1: Overview of the LaoBench construction pipeline. We collect raw materials from authoritative Lao sources,
construct closed-form multiple-choice questions and open-ended prompts using different strategies, and perform
multi-stage validation with expert review and agent-assisted verification to ensure linguistic correctness, cultural

relevance, and educational validity.

Subset Size Type

Lao-7k 7,000 Multiple-choice, open-source
Lao-10k 10,000+ Multiple-choice, closed-source
Lao-500 500 Open-ended prompts, open-source

Table 2: Summary of LaoBench dataset subsets.

mark is organized into three complementary sub-
sets, as summarized in Table 2.

Lao-7k (open-source multiple-choice). Lao-7k
contains 7,000 expert-written multiple-choice ques-
tions released publicly to enable reproducible
benchmarking. These questions span all three eval-
uation dimensions and are designed to assess both
factual understanding and reasoning ability in Lao.

Lao-10k (closed-source multiple-choice). Lao-
10k contains over 10,000 additional multiple-
choice questions reserved for black-box evaluation
via a controlled black-box service. We keep this
subset hidden and return only aggregated scores to
mitigate test leakage and leaderboard overfitting.
The full black-box evaluation protocol is described
in Appendix H.

Lao-500 (open-source open-ended). Lao-500
is a set of 500 open-ended prompts intended for
evaluating long-form generation and open-domain
reasoning in Lao. These prompts are automati-
cally selected from a large candidate pool using a
pipeline inspired by BenchBuilder (Li et al., 2025),

which supports continuous benchmark expansion
while maintaining diversity and quality.

Design rationale of the three subsets. We de-
sign LaoBench as a combination of open-source
and closed-source subsets to balance transparency,
fairness, and long-term benchmark reliability.

2.2 Task Categories and Formats

Each LaoBench instance belongs to one of the fol-
lowing three categories, designed to capture com-
plementary aspects of Lao language competence:

Knowledge Application. This category evalu-
ates domain knowledge grounded in Lao society
and culture, covering subdomains. Questions are
designed to require contextual reasoning and cultur-
ally specific knowledge rather than simple pattern
matching.

K12 Foundational Education. This category
aligns with Lao’s national K12 curriculum and eval-
uates foundational knowledge and reasoning skills.
Items emphasize educational validity and reflect
real classroom-style knowledge requirements.

Bilingual Translation. This category evaluates
translation capabilities among Lao, Chinese, and
English in practical domains. Each instance con-
tains a source sentence and a professionally writ-
ten reference translation. We report corpus-level
BLEU under a standardized SacreBLEU configura-
tion with Lao-aware tokenization, and provide full
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Figure 2: Example cases from LaoBench, illustrating the three task types: Knowledge Application, K12 Education,

and Bilingual Translation.

evaluation details in Appendix C.

2.3 Construction Pipeline

LaoBench is constructed through a three-stage
pipeline consisting of raw data acquisition,
dataset construction, and validation and qual-
ity assurance, as illustrated in Figure 1. The
pipeline integrates expert human curation with
agent-assisted verification to ensure both high qual-
ity and scalability.

Raw Data Acquisition. To ensure that LaoBench
reflects realistic language use in Laos, we col-
lect materials from diverse authoritative sources,
including K12 textbooks and curriculum guide-
lines, government and legal documents, encyclo-
pedic and educational publications, as well as cul-
turally grounded articles and local knowledge re-
sources. These sources cover both formal and infor-
mal registers, enabling the benchmark to evaluate
not only factual recall but also culturally grounded
reasoning and practical language understanding.
By grounding questions in authentic Lao contexts,
LaoBench reduces the risk of constructing syn-
thetic or overly translation-based evaluation data,
which is a common limitation in low-resource
benchmarks.

Dataset Construction. We adopt two comple-
mentary construction strategies depending on the
data format. For Lao-7k and Lao-10k, expert
linguists and domain specialists create multiple-
choice questions by selecting key knowledge
points, writing question stems in Lao, and design-
ing plausible distractors with one correct option.
Difficulty is calibrated through iterative refinement

to reduce ambiguity and ensure meaningful reason-
ing requirements. For Lao-500, we begin with a
large candidate prompt pool derived from the same
sources and apply an automated selection proce-
dure inspired by BenchBuilder (Li et al., 2025).
Candidate prompts are scored by an LLM annota-
tor on quality dimensions such as specificity, clar-
ity, domain depth, and creativity. We further apply
topic-based clustering to promote diversity, dis-
card low-quality or redundant clusters, and sample
evenly from the remaining clusters to form a bal-
anced set of 500 open-ended prompts.

Validation and Quality Assurance. All items
undergo multi-stage validation combining expert
review and agent-assisted verification. Human ex-
perts verify factual correctness, linguistic fluency,
cultural appropriateness, and educational validity.
For multiple-choice questions, experts also assess
distractor plausibility and remove ambiguous or
underspecified items. For translation instances, ex-
perts verify semantic alignment between source
and reference translations and correct unnatural
phrasing. Automated agents further support quality
control by detecting duplicates and near-duplicates,
checking semantic consistency, and screening po-
tentially sensitive or harmful content. Items fail-
ing any validation checks are revised or removed
through iterative refinement.

2.4 Data Statistics

LaoBench contains more than 17,000 instances
across three primary categories: Knowledge Appli-
cation, K12 Foundational Education, and Bilingual
Translation. Each category is further organized into
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Figure 3: Distribution of Lao-7k samples across the
three main categories—Knowledge Application, K12
Education, and Translation—and their subdomains.

subdomains. The overall distribution of samples
is shown in Figure 3. Further details are shown in
Appendix A.

3 Experiment

We evaluate LLMs on LaoBench using two comple-
mentary protocols. First, we perform closed-form
multiple-choice evaluation on Lao-7k, enabling
transparent and reproducible benchmarking with
objective metrics. Second, we conduct open-ended
generation evaluation on Lao-500 using an Arena-
style pairwise comparison framework. Together,
these evaluations provide a holistic view of LLM
capabilities in Lao.

3.1 Experimental Setup

Models. We select representative SOTA closed-
source models and diverse open-source fam-
ilies covering different scales and instruction
styles Open-source models include Qwen3-Next-
80B-A3B-Instruct (Yang et al., 2025), Qwen3-
235B-A22B (Team, 2025), Qwen3-235B-A22B-
Instruct-2507, DeepSeek-V3.2-Exp (DeepSeek-Al,
2025) (Thinking and Non-Thinking), Ministral-
8B-Instruct-2410 (The Mistral Al Team, 2024),
and Ling-mini-2.0 (inclusionAl, 2025). Closed-
source models include GPT-5-High (OpenAl,
2025), Qwen3-Max, Qwen3-Plus (Thinking/Non-
Thinking), Gemini-2.5-Pro (Comanici et al., 2025),
Claude-Sonnet-4.5-20250929-thinking (Claude),
and Claude-Opus-4.1-20250805. All API evalu-
ations were conducted during Oct.—Dec. 2025 with
deterministic decoding (temperature = 0 where

supported).

Prompting and inference. All models are eval-
uated in a zero-shot setting without fine-tuning
on LaoBench. For multiple-choice questions, we
present the question stem and four options in Lao
and require models to output exactly one option.
For models that support explicit reasoning, we ad-
ditionally evaluate chain-of-thought (CoT) style
prompting (denoted as Thinking) and compare
against direct-answer prompting (Non-Thinking).
For translation evaluation, we use a fixed Sacre-
BLEU configuration with Lao-aware tokenization
and additionally report chrF++(Popovié, 2017) in
Appendix C.

Output normalization. For multiple-choice eval-
uation, we apply a unified post-processing rule
that maps model outputs to a single option label
(A/B/C/D). If a model produces multiple labels,
non-option text, or an unparseable answer, it is
counted as incorrect.

3.2 Closed-Form Evaluation on Lao-7k

We first conduct closed-form evaluation on Lao-7k.
This subset enables transparent and reproducible
benchmarking with objective metrics.

Metrics. For K12 Education and Knowledge
Application multiple-choice questions, we report
Accuracy. For Translation tasks, we compute
corpus-level BLEU against expert-written refer-
ences under a standardized SacreBLEU configu-
ration. Since Lao is written in a scriptio continua
style without explicit word boundaries, BLEU can
be sensitive to segmentation; we therefore apply
Lao-aware tokenization using LaoNLP before scor-
ing, and additionally report chrF++ in Appendix C.

Overall results. Table 3 reports detailed results
across subdomains for all evaluated models. A
clear gap emerges between open-source and closed-
source models: closed-source systems consistently
dominate across all dimensions, while open-source
models show larger variance. Among closed-
source models, GPT-5-High achieves the strongest
overall accuracy on K12 and Knowledge Applica-
tion, while Gemini-2.5-Pro leads in Translation
BLEU, indicating stronger multilingual genera-
tion fidelity. Among open-source models, Qwen3-
235B-A22B and DeepSeek-V3.2 are the most com-
petitive, whereas smaller models significantly lag
behind in all categories.



Model K12 Accuracy (%) Translation BLEU Knowledge Application Accuracy (%)
Nat. Soc.  Think. Hum. Health Soc. Cult.  Inter.  Env. Pol. Soc. Hist. Nat.
Sci. Sci. & Phil. & Arts & Env. & Law & Hist.  Aff. & Dev. & Law & Cult. & Dev. Sci.
Blind Evaluation
Random Choice 25.00 25.00 25.00 25.00 25.00 - - - - 25.00 25.00 25.00 25.00
Open-Source Models
Qwen3-Next-80B-A3B-Instruct 76.15 6994 6832 91.15 9343 1603 2394 3848 2295 68.78 67.67 60.00 55.73
Qwen3-235B-A22B 8275 7648 77.09 93.11 97.65 2039 27.15 36.64 28.01 7151 7155 62.35 57.64
Qwen3-235B-A22B-Instruct-2507 86.45 7636 7474 9475 9859 21.81 29.02 4147 29.14 7482 7385 59.53 61.46
DeepSeek-V3.2-Exp (Thinking) 84.69 79.19 7539 9148 9484 20.57 2829 3496 2729 7094 7232 63.76 69.43
DeepSeek-V3.2-Exp (Non-Thinking)  79.96 7248 68.06 91.80 9531 2252 29.77 37.16 2949 67.63 7032 6447 58.28
Ministral-8B-Instruct-2410 2352 30.18 2579 3475 2723 0.83 2.09 8.61 209 2216 2653 24.00 23.89
Ling-mini-2.0 35.16 3515 3455 3934 4038  0.69 2.56 9.82 211 2791 3233 31.76 28.98
Closed-Source Models
GPT-5-High 90.03 8291 80.76 95.08 99.53 2096 2852 3859 2691 7942 7774 66.59 75.80
Qwen3-Max 8735 77.82 7631 9475 97.65 21.70 30.07 39.71 2887 75.11 7633 6141 63.38
Qwen3-Plus (Non-Thinking) 86.00 76.61 74.08 9541 99.06 21.69 28.83 4095 2891 7554 7473 59.29 60.51
Qwen3-Plus (Thinking) 84.88 76.85 7448 9541 99.06 2032 2842 3946 2825 7583 73.85 60.47 60.51
Gemini-2.5-Pro 88.69 8279 8220 95.08 99.06 2622 3431 40.71 33.68 77.55 79.51 67.29 70.38
Claude-Sonnet-4.5-20250929-thinking 89.36  80.85 79.71 9541 98.59 2276 2996 37.50 2841 77.12 7721 63.29 69.11
Claude-Opus-4.1-20250805 89.03 80.00 7827 9574 96.71 2478 32.08 3852 3238 77.84 78.80 68.47 68.47
Human Evaluation
Human Experts 98.34 98.14 9729 9893 99.92 - - - - 99.21 98.78 98.97 97.98

Table 3: Detailed performance of evaluated models on Lao-7k. We report accuracy (%) for K12 Education and
Knowledge Application, and BLEU for Translation. Highlighted cells indicate the best result in each column.
Dimension-level averages for the three core dimensions are reported in Figure 4.
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Figure 4: Overall dimension-level averages (K12 Avg / Translation Avg / Knowledge Avg) of evaluated models on
Lao-7k. Each score is averaged over its corresponding subdomains in Table 3.

Fine-grained analysis by subdomain. Figure 4
summarizes model performance aggregated by the
three core dimensions. Across nearly all systems,
K12 Education is generally easier than Knowl-
edge Application. For instance, many strong mod-
els exceed 90% accuracy on K12 subdomains such
as Health & Environment and Humanities & Arts
(Table 3), suggesting that structured curriculum-
aligned content is relatively accessible to multilin-
gual LLMs. In contrast, Knowledge Application
subdomains yield notably lower accuracy, reflect-
ing the need for culturally grounded and domain-
specific reasoning. Even GPT-5-High shows a sub-
stantial drop from K12 to Knowledge Application
accuracy (Table 3), highlighting the intrinsic diffi-
culty of culturally grounded Lao reasoning.

Translation performance remains limited.
Translation BLEU scores are modest for all models.
Even the strongest closed-source systems only
achieve mid-30s BLEU in the best subdomains, in-
dicating persistent challenges in translation fidelity
and fluency. We also observe topic-dependent
differences: Culture & History and Social & Law
tend to be harder because they contain culturally
specific expressions and formal terminology that
require precise lexical choice. These results
suggest that translation involving Lao remains
challenging even for state-of-the-art multilingual
models.

Effect of Chain-of-Thought prompting. Fig-
ure 5 highlights the impact of Chain-of-Thought
(CoT) prompting by comparing Thinking and Non-
Thinking variants. We observe consistent improve-
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ments from CoT prompting, especially on subdo-
mains requiring multi-step reasoning and culturally
grounded Knowledge Application questions. How-
ever, improvements are smaller on more factual or
formulaic K12 subdomains, suggesting that CoT
primarily benefits complex reasoning rather than
straightforward recall.

Gap to human performance. Human experts
achieve near-perfect accuracy across all K12 and
Knowledge Application subdomains establishing
a strong upper bound. The persistent gap between
human performance and state-of-the-art models,
especially on Knowledge Application and Transla-
tion, indicates that LaoBench remains challenging
and provides meaningful headroom for future re-
search.

Overall, LaoBench reveals a consistent perfor-
mance drop from curriculum-aligned knowledge to
culturally grounded reasoning and bilingual trans-
lation, indicating that Lao remains a challenging
low-resource setting for modern LLMs.

3.3 Open-Ended Arena-Style Evaluation on
Lao-500

Closed-form multiple-choice evaluation cannot
fully reflect user-facing generation quality such
as coherence, explanation quality, and long-form
instruction following. We therefore evaluate open-
ended prompts in Lao-500 using an Arena-style
pairwise protocol, which compares model outputs
by preference rather than absolute scoring.

Baseline and pairwise comparison. For each
prompt x;, we generate one response from a candi-
date model M, denoted as ylM , and one response
from a fixed baseline model B (GPT-5-High), de-
noted as le . A judge model J is asked to decide
which response is better with respect to correctness,
completeness, reasoning quality, clarity, and Lao
fluency. To mitigate potential position bias, we
randomize the response ordering and repeat evalua-
tion with swapped positions, then average the two
outcomes for each prompt.

Self-preference and judge bias control. To re-
duce potential self-preference effects, we avoid us-
ing a judge model to evaluate comparisons where it
is also a candidate model whenever applicable, and
we additionally report judge-specific scores and
cross-judge gaps (Appendix F). This design helps
mitigate correlated preferences between judge and
candidate model families.

Win-rate score. Let w/ (M) € [0, 1] denote the
(bias-corrected) win signal of model M on prompt ¢
under judge J, where ties are assigned a fractional
win. In practice we treat ties as half-wins. We
compute the judge-specific win rate of model M
against baseline B as:

1 N
Sy(M) =+ > wi (M). (1)
=1

This score is reported as a percentage.

Multi-judge aggregation. We note that judge
models may exhibit systematic preferences that
correlate with model families. We therefore em-
ploy two judges, Gemini-2.5-Pro and Qwen3-Max,
and define the overall score as the average across
judges:

LS s, @)

M JET
where J denotes the set of judges. To mitigate
single-judge bias, we aggregate scores across two
independent judges and report judge-specific re-
sults in Appendix F.

Bootstrap confidence intervals. To quantify un-
certainty under a limited prompt budget, we esti-
mate confidence intervals via bootstrap resampling
over prompts. For each bootstrap trial ¢, we sample
a multiset of prompts Z(*) with replacement and
recompute the score:
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Figure 6: Arena-style open-ended evaluation results on
Lao-500. Scores are win rates against GPT-5-High with
95% bootstrap confidence intervals (CI), aggregated
over two judges (Gemini-2.5-Pro and Qwen3-Max).
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The reported 95% confidence interval is obtained
from the percentile interval of the bootstrap distri-

bution S (M).

Main results. Figure 6 shows the aggregated
Lao-500 win-rate results (Avg Score) and 95%
bootstrap confidence intervals. To make judge
sensitivity explicit, we report judge-specific win
rates, confidence intervals, and cross-judge gaps
in Appendix F. We further report judge agreement
statistics and a human sanity-check subset in Ap-
pendix D to quantify judge sensitivity and potential
bias.

Analysis of Lao-500 results.
key observations.

(1) Rankings differ from closed-form evalua-
tion. Model rankings under Lao-500 are not strictly
identical to Lao-7k accuracy rankings, indicating
that open-ended evaluation captures additional as-
pects such as explanation quality and coherence
beyond option selection.

(2) Confidence intervals enable uncertainty-
aware comparison. Models with close scores of-
ten exhibit overlapping confidence intervals, sug-
gesting their differences may not be statistically
significant under the sampled prompt set. Non-
overlapping intervals indicate robust gaps.

We highlight three

(3) Judge sensitivity is non-negligible. While
the two judges agree on major trends, we observe
systematic shifts for certain model families. For
example, Qwen3-Max judge tends to assign higher
win rates to Qwen-family models compared to
Gemini-2.5-Pro, indicating judge-dependent pref-
erence patterns.

4 Related Work

Benchmarks for low-resource languages. Re-
cent efforts have expanded evaluation resources for
underrepresented languages, including African and
Indic language benchmarks (Adelani et al., 2021;
Kakwani et al., 2020). For Southeast Asia, bench-
marks have been proposed for Thai, Vietnamese,
and Indonesian (Yang et al., 2022; Xu et al., 2025;
Zhang et al., 2025b; Raja and Vats, 2025). How-
ever, Lao remains largely absent from large-scale
multidimensional evaluation suites, limiting sys-
tematic assessment of modern multilingual LLMs
in this language.

Multilingual evaluation and translation bench-
marks. Multilingual benchmarks and large-scale
MT evaluation datasets provide broad language
coverage, but they often focus on translation
or surface-level understanding and typically ex-
clude Lao or provide limited Lao-specific evalu-
ation. Moreover, multilingual benchmarks rarely
include culturally grounded knowledge reasoning
or education-aligned tasks that reflect real-world
language use in Laos.

Dataset construction and quality assurance.
High-quality benchmarks increasingly combine hu-
man expertise with automated verification to ensure
scalability and reliability (Hendrycks et al., 2021;
Luo et al., 2024; Wang et al., 2025; Kang et al.,
2025; Feng et al., 2025; Zheng et al., 2026; Kang
et al., 2026; Feng et al., 2025). In particular, re-
cent work highlights the importance of held-out
test sets and black-box evaluation to mitigate con-
tamination (Deng et al., 2024). LaoBench follows
this trend by integrating expert curation with agent-
assisted validation and providing a large closed-
source subset.

5 Conclusion

We present LaoBench, the first large-scale mul-
tidimensional benchmark for evaluating LLMs in
Lao, covering culturally grounded knowledge, K12
education, and bilingual translation. LaoBench in-
cludes both open-source subsets for reproducible
research and a large closed-source subset for se-
cure black-box evaluation. Experiments on Lao-7k
and Lao-500 reveal that even strong multilingual
models still lag behind human experts, especially
on knowledge-intensive reasoning and high-fidelity
translation. We hope LaoBench will facilitate more
reliable evaluation and drive progress for Lao and
other underrepresented Southeast Asian languages.



Limitations

LaoBench has several limitations. First, a large por-
tion of the benchmark uses multiple-choice ques-
tions, which may not fully reflect open-ended rea-
soning ability and can allow partial gains from test-
taking strategies. Second, translation evaluation
relies primarily on reference-based metrics such as
BLEU, which can under-estimate valid paraphras-
tic translations and can be sensitive to tokeniza-
tion for Lao script. Third, Arena-style evaluation
depends on LLM-based judges and a fixed base-
line model, which may introduce preference bias
or baseline anchoring effects, although we miti-
gate these via multi-judge aggregation and sanity
checks. In particular, a judge model may favor
outputs that resemble its own instruction style or
that come from the same model family. We par-
tially mitigate this by using two independent judges
and reporting judge-specific scores and cross-judge
gaps in the appendix. Finally, the online black-
box evaluation service for Lao-10k is under active
development and will be released upon publication.

Ethics Statement

Data sourcing and licensing. We collect materi-
als from publicly accessible authoritative sources
such as textbooks, curriculum guidelines, and gov-
ernment documents. For open-source releases, we
only distribute derived benchmark items and do
not redistribute copyrighted raw texts. We comply
with institutional policies and ensure that released
content does not contain identifiable private infor-
mation.

Annotator welfare. All human annotators and re-
viewers are compensated at competitive local mar-
ket rates. They receive clear task instructions, are
informed of potential sensitive topics, and may opt
out of sensitive content annotation.

Sensitive content and harm mitigation. Since
Knowledge Application may involve political, le-
gal, and cultural topics, we apply multi-stage sensi-
tivity screening using both agent-assisted filtering
and expert review. We remove or revise items that
may promote hate, discrimination, misinformation,
or political persuasion, and we avoid collecting or
releasing personal data.

Intended use and reporting mechanism.

LaoBench is intended for research and evaluation
of language technologies for Lao. We discourage

use for surveillance, targeted manipulation, or
misinformation generation.
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A Detailed Dataset Statistics

A.1 Exact subset sizes
LaoBench consists of three subsets:

e Lao-7k: 7,000 open-source multiple-choice
questions.

e Lao-10k: 10k closed-source multiple-choice
questions used for secure black-box evaluation.

* Lao-500: 500 open-ended prompts for genera-
tion evaluation.

A.2 Category and subdomain distribution

Table 4 reports the distribution of instances across
categories and subdomains. We ensure balanced
coverage by enforcing minimum instance counts
per subdomain during construction.

Category Subdomain # Instances
Knowledge Application

History & Development 425
Politics & Law 695
Society & Culture 566
Nature & Science 314
K12 Education

Humanities & Arts 305
Health & Environment 213
Thinking & Philosophy 764
Social Sciences 825
Natural Sciences 893
Translation

International Affairs 276
Culture & History 483
Environment & Development 388
Society & Law 853

Table 4: Detailed distribution of LaoBench instances
across categories and subdomains.

Fine-grained taxonomy. Beyond the coarse-
grained subdomain categorization, we further de-
fine a three-level hierarchical taxonomy (dimension
— category — subcategory) to ensure consistent
data construction and coverage control. Table 5
provides the full taxonomy used in LaoBench, in-
cluding all third-level subcategories.
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Dimension Category

Subcategory

History and Development

Historical Figures and Events

Wars and Conflicts

Political Changes and Development
Education and Progress

Politics and Law

Knowledge Application

Peace Agreements and Civil War Resolution
Diplomacy and International Relations
Political and Administrative Systems

Laws and Conventions

Borders and Territorial Demarcation

Society and Culture

Religion and Beliefs

Culture and Traditions

Ethnic Migration and Social Development
Commemorative Days and Cultural Heritage

Nature and Science

Geography and Environment
Archaeological Discoveries and Anthropology

Humanities and Arts

Writing and Media
Behavioral Norms and Etiquette

Health and Environment

Health and Psychology
Environmental Protection and Sustainability

Thinking and Philosophy

Mathematics and Logical Thinking
Moral Philosophy and Common Sense

Social Sciences

K12 Foundational Education

History and Geography

Historical Events and Culture

Local Culture and History

Social Sciences and Political Science
Social Responsibility and Civic Awareness

Natural Sciences

Zoology and Botany

Physics and Technological Inventions
Matter and Chemistry

Fundamentals of Biology

International Affairs

International Relations and Treaties
Impact of Border Agreements

Culture and History

Religion and Festival Customs

Lao History and Culture

Archaeology and Historical Research
Natural Landscapes and Cultural Heritage

Translation Environment and Development

Education System and Social Equity
Natural Resources and Environmental Protection

Society and Law

Civil Rights and Development History
Laws, Regulations, and Education

Society and Mental Health

Economic Development and Legal Systems
Ethics and Legal Responsibility

Table 5: Full hierarchical taxonomy of LaoBench (dimension — category — subcategory), used to guide data
construction and ensure balanced coverage across fine-grained topics.



B Data Construction and Validation
Protocols

B.1 Data sources

We curate raw materials from authoritative Lao
sources, including: (i) national K12 textbooks and
curriculum guidelines, (ii) government and legal
documents, (iii) encyclopedic and educational pub-
lications, (iv) culturally grounded articles and lo-
cal knowledge resources. All sources are docu-
mented and archived internally. We release meta-
data summaries and source-type statistics for the
open-source subset.

B.2 Expert annotation roles and training

Our annotation team includes Lao linguists, edu-
cation experts, and subject-matter specialists. Be-
fore annotation, we conduct a standardized training
session covering: question writing standards, dis-
tractor design principles, difficulty calibration, and
sensitivity guidelines.

Annotator statistics. We employ 11 Lao-native
annotators and 4 expert reviewers. Each item is
authored by one annotator and reviewed by at least
2 independent experts. Disagreements are resolved
through adjudication by a senior reviewer.

B.3 Multiple-choice question construction
guidelines

For each MCQ:

¢ The stem is written in natural Lao and references
grounded Lao contexts.

* Four options are provided with exactly one cor-
rect answer.

* Distractors are designed to be plausible and se-
mantically close to the correct option, avoiding
trivial elimination.

* We prohibit “all of the above” and “none of the
above” to reduce ambiguity.

* We remove items whose correct option depends
on missing context or relies on overly specific
memorization.

B.4 Translation instance construction

Each translation instance is constructed by: (i) se-
lecting representative sentences from authoritative
sources, (ii) producing a reference translation by
professional translators, (iii) verifying semantic
alignment and Lao fluency via expert review. We
cover translation directions among Lao, Chinese,
and English according to the benchmark taxonomy.

B.5 Agent-assisted verification and filtering

We employ agent-based verification to support scal-

ability and consistency. Agents are used for:

* Duplicate / near-duplicate detection: lexical
overlap (character n-grams) and semantic simi-
larity (embedding retrieval).

* Semantic consistency: verifying that the correct
option is uniquely supported by the stem and that
distractors are not also correct.

* Context independence: removing items requir-
ing external context not provided in the prompt.

* Sensitivity screening: detecting potentially
harmful, private, or politically sensitive content,
followed by expert review.

B.6 Inter-annotator agreement and
adjudication

To estimate reliability, we sample 500 items and
ask 3 annotators to independently label the correct
answer. We report Fleiss’ x:

Do — Pe

k=,

1- Pe
where p, is observed agreement and p. is chance
agreement. Our measured agreement is x = 0.87,
indicating substantial consistency.

B.7 Expert Contributor Profiles and
Transparency

To ensure the linguistic integrity and cultural au-
thenticity of LaoBench, we engaged a diverse
group of 55 human contributors throughout the
construction, validation, and auditing phases. Their
roles, academic backgrounds, and specific respon-
sibilities are summarized in Table 6.

All culturally grounded and curriculum-aligned
items underwent a double-blind review process by
at least two qualified contributors. Items identi-
fied with semantic ambiguity, insufficient contex-
tual grounding, or potential cultural insensitivity
were either significantly revised or discarded. Fi-
nal dataset audits were conducted by senior ex-
pert reviewers (predominantly PhD-level faculty)
to guarantee alignment with Lao national educa-
tional standards.

C Translation Evaluation Configuration

C.1 Tokenization and segmentation

We evaluate translation outputs under a standard-
ized reference-based protocol. Since Lao is written



Role Background Task Descrip-  Education Level (Count) Total
tion
Domain Experts Lao universities & educational Culturally Bachelor (16), Master (5), PhD (4) 25
institutions grounded

knowledge &
K12 dataset
creation

Linguistic Experts Lao—Chinese / Lao-English

translation scholars

Parallel
corpus

Bachelor (6), Master (3), PhD (2) 11
con-

struction

&

random

spot-check
auditing

Senior Reviewers Lao universities & Dept. of Ed-

ucation

Final compre-
hensive full
audit

Master (2), PhD (8) 10

acCross

all categories

Data Curators Computer Science & NLP back-

grounds

Data
solidation,

con-  Bachelor (5), Master (2), PhD (2) 9

formatting, &
consistency
verification

Total

55

Table 6: Summary of human contributors involved in the LaoBench pipeline. The team composition ensures a
balance between pedagogical expertise, linguistic precision, and technical data integrity.

in a scriptio continua style without explicit whites-
pace word boundaries, both BLEU and chrF++ can
be sensitive to segmentation. We therefore per-
form Lao-aware word segmentation using LaoNLP
(v0.7) on both system outputs and references prior
to metric computation. For non-Lao languages
(Chinese and English), we apply standard whites-
pace tokenization (English) and character-aware
tokenization (Chinese) as provided by SacreBLEU.

C.2 BLEU

We compute corpus-level BLEU using SacreBLEU
with a unified configuration across all systems. We
report BLEU scores on the tokenized text, which
improves stability for Lao evaluation.

C.3 ChrF++

In addition to BLEU, we report chrF++ to capture
character n-gram overlap and reduce sensitivity to
tokenization. chrF++ computes a character-level F-
score with word boundary awareness, which is par-
ticularly suitable for low-resource and scriptio con-
tinua languages such as Lao. We compute chrF++
using SacreBLEU with the default setting (charac-
ter n-gram order up to 6 and word n-gram order
up to 2), and report corpus-level scores for each
translation subdomain.

Model Soc.& Law Cult.& Hist. Inter.& Aff. Env.& Dev.
GPT-5-High 50.31 59.92 66.08 57.41
Gemini-2.5-Pro 52.84 56.62 66.35 60.12
Qwen3-Max 52.38 58.04 65.21 58.93

Table 7: chrF++ scores on LaoBench translation subsets.
Higher is better.

D Arena-Style Evaluation Reliability

We enforce a strict JSON-only output format for
judges to ensure deterministic parsing and prevent
explanation leakage.

D.1 Judge agreement

We compute rank correlation between judges
(Gemini-2.5-Pro and Qwen3-Max) using Spear-
man’s p and Kendall’s 7. Our measured agreement
is:

* Spearman p: 0.83
» Kendall 7: 0.71

D.2 Human sanity check

We randomly sample 50 prompts from Lao-500
and ask Lao-native human evaluators to judge pair-
wise outputs. We compare human preferences with
LLM judges and observe 84% agreement, support-
ing judge reliability.



D.3 Baseline anchoring analysis

To quantify baseline effects, we repeat evaluation
using an alternative baseline model (Claude-Opus-
4.1) and measure ranking stability. We find that
while absolute win-rates shift, relative rankings
remain largely stable.

E Arena Prompt Templates and Output
Parsing

To ensure transparency and reproducibility, we pro-
vide the exact prompt templates used for Arena-
style pairwise evaluation on Lao-500. Each com-
parison consists of a user prompt and two candidate
answers (one from the baseline model and one from
a challenger model), evaluated by an independent
judge model. We enforce a strict JSON-only output
format to enable deterministic parsing and to avoid
explanation leakage. To mitigate position bias, we
randomize answer ordering and run each compari-
son twice with swapped positions, then average the
outcomes.

E.1 Generation and Judge Prompt Template

For each Lao-500 prompt, we generate one re-
sponse from the baseline model and one response
from a challenger model using the same generation
template. To reflect realistic user-facing usage in
Laos and to avoid code-switching into English or
Chinese, we explicitly enforce Lao-only outputs.
All models are evaluated in a zero-shot setting with
deterministic decoding (temperature set to O when
supported).

Generation prompt template. Table 8 shows
the prompt template used to generate model re-
sponses. The template consists of (i) a system
instruction enforcing Lao-only outputs, and (ii) the
user prompt drawn from Lao-500. For models that
do not support system prompts, the system instruc-
tion is prepended to the user message.

Judge prompt template. Table 9 shows the
judge prompt used for pairwise evaluation. Given
the same user prompt, the judge receives two
anonymized candidate responses (Response A and
Response B) and decides which is better. The judge
is instructed to evaluate correctness, completeness,
reasoning quality, clarity, and Lao fluency. To miti-
gate position bias, we evaluate each pair twice by
swapping the positions of A and B and then average
the outcomes.

E.2 Tie Handling and Scoring

A tie is assigned a half-win (0.5) for each model.
We report the final win rate of each challenger
against the baseline across all prompts.

E.3 Position Bias Mitigation

For each prompt, we run the judge twice with
swapped ordering (A/B). We compute the bias-
corrected win signal w; (M) by averaging the two
outcomes.

E.4 Output Parsing Rules

We parse the judge output as a JSON object with a
single field winner, whose value must be exactly
one of "A", "B", or "Tie"”. Outputs that fail ISON
parsing or contain invalid values are re-queried
once. If the output remains invalid, we assign a tie
to avoid introducing systematic bias.

F Judge-Specific Arena Results and
Cross-Judge Gap

Table 10 reports judge-specific win rates and 95%
bootstrap confidence intervals for each model on
Lao-500. We also report A(G—Q), the difference
between Gemini-2.5-Pro and Qwen3-Max judges,
and Gap=|A| to quantify judge sensitivity. We ob-
serve that some model families show systematic
preference shifts under different judges, motivating
our multi-judge aggregation protocol in the main
paper. We further verify judge consistency by re-
porting cross-judge rank correlation (Spearman p
and Kendall 7) in Appendix D.

G Contamination and Overlap Checks

We perform two forms of contamination analysis
on the open-source subset (Lao-7k):

* Web overlap retrieval: searching question
stems and key phrases via web search and check-
ing for exact matches.

* N-gram overlap: measuring overlap between
benchmark text and public corpora (e.g., Lao
Wikipedia, news dumps).

We observe that 6.2% of items have potential over-
lap candidates. Manual inspection suggests that
most cases are attributable to common factual state-
ments rather than direct test leakage.



Type
System

Generation Prompt Template (Visualized Layout)

You are a helpful assistant for Lao-speaking users. Answer the user prompt in fluent and natural Lao. Do not

switch to English or Chinese unless explicitly requested.

Rules:
* Respond only in Lao.

 Prioritize correctness and clarity.

* Avoid unnecessary verbosity; be concise but complete.

User [User Prompt]

Table 8: Visualized generation prompt template used to obtain candidate responses on Lao-500. Both the baseline
model and each challenger model are prompted with the same template to ensure fair comparison.

Type Arena Judge Prompt Template (Visualized Layout)

System You are a strict and fair evaluator for Lao-language answers. You will be shown a user prompt and two
candidate answers (Answer A and Answer B). Your task is to decide which answer is better for a Lao-speaking
user.

Evaluation Criteria: (1) Correctness, (2) Completeness, (3) Reasoning Quality, (4) Clarity & Structure, (5)
Lao Fluency & Appropriateness.

Rules:

* Do neot favor verbosity. Prefer concise but complete answers.

 If both answers are similarly good or similarly bad, output Tie.

¢ The answer order is randomized. Do not assume A is better than B.

* Do not reveal your reasoning or analysis.

¢ Output must follow the required JSON format exactly.

Output Format (must be exact):

{"winner”: "A"} or {"winner"”: "B"} {"winner"”: "Tie"}

User [User Prompt]

Answer A:
[Answer A]
Answer B:
[Answer B]

Table 9: Visualized Arena judge prompt template used in Lao-500 evaluation. The judge outputs only a JSON
decision (A/B/Tie) to support deterministic parsing and reduce judge bias.

H Black-box Evaluation Protocol for
Lao-10k

Black-box evaluation protocol. To enable se-
cure and contamination-resistant evaluation, we
keep Lao-10k hidden and evaluate models through
a black-box protocol. Participants submit either (i)
predicted option labels for a provided set of item
IDs, or (ii) an inference API endpoint that follows
our standardized prompt template. We return only
aggregated scores (overall and subdomain-level ac-
curacies) without per-item feedback, and enforce
rate limits on submissions to reduce leaderboard
overfitting. We will deploy this protocol as an on-
line evaluation service upon publication.

I Error Analysis

I.1 Knowledge Application failure modes

We categorize model errors into:

1. Cultural grounding errors: misunderstanding
Lao-specific conventions or institutions.

2. Reasoning errors: failing multi-step inference
even with correct knowledge.

3. Lexical confusion: confusion caused by loan-
words, named entities, or polysemy.

I.2 Translation error types

We analyze translation errors and identify: (i) ter-
minology mistranslation, (ii) omission or hallucina-
tion, (iii) incorrect formal register, (iv) word-order
and fluency degradation. We find that culturally
grounded and legal/administrative domains exhibit
the highest error rates.

J Human Performance Protocol

Human expert performance is measured by assign-
ing 3 Lao-native experts to answer MCQ items



Model Gemini Gemini95% CI Qwen Qwen95% CI A(G—Q) Gap

Gemini-2.5-Pro 54.22 [52.51, 55.93] 48.85  [46.60, 51.10] +5.37 5.37
Claude-Sonnet-4.5-20250929-thinking ~ 50.50 [48.35, 52.65] 50.08  [47.51, 52.65] +0.42 0.42
GPT-5-High (baseline) 49.94 [48.00, 51.88] 49.94  [47.99, 51.89] +0.00 0.00
Claude-Opus-4.1-20250805 50.96 [48.91, 53.01] 47.64  [45.26, 50.02] +3.32 3.32
Qwen3-Max 45.16 [43.16, 47.16] 52.80  [49.86, 55.74] -7.64 7.64
Qwen3-235B-A22B-Instruct-2507 45.53 [43.50, 47.56] 51.75  [48.95, 54.55] -6.22 6.22
DeepSeek-V3.2-Exp(Thinking) 48.69 [46.48, 50.90] 47.29  [44.67,49.91] +1.40 1.40
Qwen3-Plus(Non-Thinking) 45.91 [43.91,47.91] 49.35  [46.19, 52.51] -3.44 3.44
DeepSeek-V3.2-Exp(Non-Thinking) 47.96 [45.41,50.51] 46.36  [43.07, 49.65] +1.60 1.60
Qwen3-Plus(Thinking) 47.74 [45.15, 50.33] 4520  [43.31, 47.09] +2.54 2.54
Qwen3-235B-A22B 46.31 [44.15, 48.47] 45.53  [42.65,48.41] +0.78 0.78
Qwen3-Next-80B-A3B-Instruct 44.55 [41.85, 47.25] 45.73  [42.48,48.98] -1.18 1.18

Table 10: Judge-specific Arena win rates (%) on Lao-500 with 95% bootstrap confidence intervals (CI). A(G—Q)
denotes the score difference between Gemini-2.5-Pro and Qwen3-Max judges, and Gap is the absolute difference.

without external tools. Each item is answered inde-
pendently. We report mean accuracy and standard
deviation across experts. Human accuracy exceeds
97% across all subdomains, confirming benchmark
validity and meaningful headroom for future re-
search.
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