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Abstract

The application of large language models
(LLMs) to Pali written in the Thai script re-
mains limited in accuracy due to its low-
resource setting, complex grammar, and the
absence of standardized evaluation benchmarks.
In this paper, we introduce ThaiPaliBench,
a comprehensive benchmark dataset designed
to systematically evaluate LLM proficiency
in Thai-script Pali. Our proposed dataset is
an LLM-assisted benchmark derived from the
Royal Pali Examination corpus and spans Par-
ian Tham levels 1-9. ThaiPaliBench, com-
prises multiple-choice and sentence-pair tasks
that evaluate grammatical knowledge, read-
ing comprehension, natural language infer-
ence, and translation understanding. To ver-
ify the effectiveness of our benchmark, we
evaluate over 10 model variants across 3 com-
mercial and open-source LLM families, in-
cluding ChatGPT, Claude, Kimi, Grok, Ty-
phoon, GPT-OSS-120B, ThaiLLM, and SEA-
LION. Our experiments show that even the best-
performing model, Kimi K2.5 (1T), achieves
only 68.3% overall accuracy, with perfor-
mance dropping substantially on grammati-
cal reasoning and semantic inference tasks.
These results highlight the unique challenges
posed by Thai-script Pali and confirm that
ThaiPaliBench serves as a reliable, linguis-
tically grounded benchmark for evaluating
LLM proficiency in this low-resource language.
Our proposed dataset is publicly available
at: https://github.com/ainrg-llm-dev/
ThaiPaliBench

1 Introduction

Large language models (LLMs) have demon-
strated remarkable multilingual capabilities, en-
abling cross-lingual understanding and generation
across a wide range of languages (Li et al., 2025;
Ni et al., 2025). However, low-resource languages
— particularly classical languages such as Pali — re-
main a significant challenge. The scarcity of avail-

able training data in these languages means that cur-
rent LLMs lack sufficient linguistic knowledge to
accurately process and interpret them (Jadhav et al.,
2025). This limitation is especially consequential
for Pali, a classical Indic language of profound re-
ligious and cultural significance (Gurusinghe and
Jayatilleke, 2026).

Although Pali serves as the canonical scrip-
tural language of Theravada Buddhism and re-
mains an essential subject of study for Buddhist
monks throughout Southeast Asia, including Thai-
land (Songkaeo, 2021), comprehensive evaluation
frameworks for assessing LLM capabilities in this
language remain largely absent, leaving a con-
siderable gap in multilingual benchmarking re-
search (Arčon et al., 2026).

In particular, Thai monastic and academic insti-
tutions formally teach Pali — a Middle Indo-Aryan
language closely related to Sanskrit — using the
Thai script. The national curriculum, known as
Parian Tham (Appendix A), comprises nine graded
levels (1–9) that progressively assess grammatical
analysis, translation proficiency, doctrinal interpre-
tation, and textual comprehension (Pansa, 2020).
However, existing resources focus primarily on
modern Thai or Romanized Pali (Wanjan, 2021),
and no comprehensive, exam-based benchmark cur-
rently exists to evaluate LLM proficiency on Thai-
script Pali. As a result, the extent to which cur-
rent LLMs can understand Thai-script Pali remains
largely unexplored.

To address the lack of evaluation resources, we
introduce ThaiPaliBench, the first standardized
benchmark for evaluating LLM proficiency on
Thai-script Pali. We build the dataset directly from
the Royal Pali Examination corpus, following es-
tablished benchmark design principles (Miranda
et al., 2025; Shin et al., 2025), converting real
exam materials into structured multiple-choice and
sentence-pair formats. The benchmark spans all
nine Parian Tham levels and contains 4,000 test
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questions, evenly divided into four tasks: grammat-
ical knowledge, reading comprehension, natural
language inference, and translation understanding.
Questions are sampled across proficiency levels,
with grammatical analysis assessed exclusively at
the foundational levels (1–3), and model perfor-
mance is evaluated using accuracy metrics through-
out. Question stems and answer keys are drawn
directly from these official examinations, while
distractor options are LLM-generated under con-
straints anchored to the official answer; we there-
fore describe ThaiPaliBench as an LLM-assisted
benchmark derived from official examination cor-
pora.

To validate ThaiPaliBench, we evaluate 10 LLM
variants spanning proprietary commercial and open-
weight architectures. Our commercial selection in-
cludes GPT-5 mini (OpenAI, 2025), Claude Haiku
4.5 (Anthropic, 2025), and Grok 4.1 (xAI, 2025)
Fast as representative frontier systems.1 For open-
weight models, we evaluate massive frontier sys-
tems (Kimi (Kimi Team, 2026) and GLM (GLM
Team et al., 2026)), regionally specialized models
with continual pre-training (Typhoon (Pipatanakul
et al., 2024), ThaiLLM (Lertpiya et al., 2026), and
SEA-LION (Ong and Limkonchotiwat, 2023)), and
GPT-OSS-120B (OpenAI et al., 2025) as a general
baseline. Our experiments reveal that even the
top-performing model achieves only 68.3% overall
accuracy, confirming that Thai-script Pali remains
a substantially underserved language for current
LLMs.

The main contributions of this work are as fol-
lows:

• We introduce ThaiPaliBench, the first bench-
mark for Thai-script Pali. We build the
dataset from the Royal Pali Examination cor-
pus across all 9 proficiency levels.

• We use 4 standard evaluation tasks: gram-
matical knowledge, reading comprehension,
natural language inference, and translation un-
derstanding. We structure the exam materials
into multiple-choice and sentence pairs for
objective assessment.

2 Related Work

Prior work relevant to ThaiPaliBench spans three
areas: general LLM evaluation frameworks that de-

1Gemini is excluded from evaluation as it was utilized
during dataset construction.

Figure 1: Thai-script Pali and Modern Thai share iden-
tical orthography but represent linguistically distinct
systems.

fine our benchmarking methodology (Section 2.1),
Thai-specific benchmarks that reveal the gap our
work addresses (Section 2.3), and computational
approaches to classical languages that contextu-
alize the linguistic challenges we evaluate (Sec-
tion 2.2).

2.1 LLM Benchmarks and Cultural
Evaluation

The evaluation of Large Language Models
(LLMs) recently shifted from general language
tests to cultural evaluations. Frameworks like
MMLU (Hendrycks et al., 2021) established broad
knowledge benchmarks but heavily favor Western
concepts. In response, regional benchmarks such as
SeaEval (Wang et al., 2024) and SEA-HELM (Su-
santo et al., 2025) introduced cultural reasoning to
show the limits of multilingual models in South-
east Asian contexts. The regional frameworks ef-
fectively measure model performance on standard
reasoning tasks and cultural alignment.

These broad evaluation frameworks measure
only modern language fluency and rely entirely
on standard sentence structures. The general-
ized benchmarks fail to capture the specific script-
switching features that local writing systems like
Thai-script Pali.

2.2 LLM Evaluation for Classical Languages

Processing classical languages presents significant
computational challenges, particularly due to rich
morphology and limited annotated resources. In
Pali, a single nominal stem can appear in many
inflected surface forms depending on case, num-
ber, and gender. Subword tokenization methods
such as Byte-Pair Encoding (BPE) often split these
forms into multiple fragments that do not corre-
spond to meaningful morphemes, making it harder
for models to consistently associate related inflec-
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tions with the same lexical root (Lerner and Yvon,
2025). Similar observations have been reported for
Sanskrit language models such as San-BERT (Bhat-
nagar et al., 2023). Pali also exhibits productive
phonetic compounding through Sandhi, where adja-
cent words are merged and phonologically altered
(e.g., Namatthu from Namo + Atthu). Prior com-
putational work on Pali sandhi processing has pri-
marily focused on rule-based splitting and joining
systems (Basapur et al., 2019), highlighting the
linguistic complexity of recovering original word
boundaries in compounded forms. Current compu-
tational methods rely heavily on Romanized cor-
pora following Western conventions (von Hinüber,
1996) and focus strictly on developing traditional
NLP pipelines. The capability of modern LLMs to
understand classical Pali directly within the Thai
script remains unmeasured. While our work di-
verges from traditional tool development by focus-
ing exclusively on benchmark construction.

2.3 Thai Benchmarks

Thai language evaluation focuses mostly on
modern conversational and domain-specific flu-
ency. Benchmarks such as WangchanThaiIn-
struct (Limkonchotiwat et al., 2025) and the Thai
LLM Leaderboard (SCB 10X et al., 2024) standard-
ize fluency tests for modern secular Thai. These
frameworks primarily evaluate mathematical rea-
soning, reading comprehension, and everyday con-
versational capabilities for modern Thai LLMs.

However, existing Thai benchmarks do not evalu-
ate the handling of Thai-script Pali morphology and
compound formation. When processing Thai-script
Pali, modern Thai models frequently map classi-
cal tokens into modern semantic spaces, leading
to misinterpretation of inflected forms and sandhi
compounds (Appendix(B, C)). Our work extends
beyond modern Thai fluency assessment by explic-
itly evaluating syntactic and morphological com-
prehension in Thai-script Pali contexts.

3 Methodology

This section describes how we construct ThaiPal-
iBench from Royal Pali Examination archives and
formulate its four evaluation tasks.

3.1 Data Collection & Construction

We based ThaiPaliBench on official Royal Pali
Examination archives from 1986 to 2025 (Parian
Tham see details in Appendix A). Supervised by

the Sangha Supreme Council, this national educa-
tion system provides a verified 9-level difficulty.

Processing Thai-script Pali also introduces lin-
guistic challenges that standard models often strug-
gle to resolve. Models must handle segmentation
ambiguities in text written without spaces (scrip-
tio continua), disambiguate "false friends" where
Pali loanwords shift meaning in modern Thai, and
manage frequent code-switching between classical
verses and Thai commentary.

To transform these scanned examinations into
a clean evaluation dataset, we designed a pipeline
with 3 core processing modules, as shown in Fig-
ure 2.

Input Data (Raw PDF Exam). Before running
the pipeline, we collected original examination pa-
pers in scanned PDF format from official archives.
As shown in the Input Data component of Figure 2,
these documents contain Thai-script Pali text, ex-
amination questions, and level-specific sections.
They serve as the raw source for the benchmark.

Module 1: OCR & Digitization. From figure 2,
in the first module, we convert scanned PDF im-
ages into machine-readable text. We initially tested
conventional OCR systems, including olmOCR-2-
7B-10252 and Typhoon OCR 1.5 2B3, but these
systems produced frequent transcription errors and
hallucinated content, especially on complex Thai-
script Pali characters and diacritical marks. To
address these limitations, we adopted Gemini3-Pro-
Preview4 as a Vision–Language Model (VLM) for
digitization (See details in Appendix D).

Module 2: LLM-Based Task Synthesis We
then pass the digitized text to the second module
for task synthesis (the LLM-Based Task Synthesis
component in Figure 2). We use Gemini 3 flash to
structure extracted content into task formats. Care-
fully designed prompts guide the model to gener-
ate 4 task types: Grammar, Reading Comprehen-
sion (RC), Translation, and Natural Language In-
ference (NLI). We structure NLI as sentence pairs
and the remaining tasks as multiple-choice ques-
tions with explicit answer options. This synthesis
stage systematically maps source content to task
type and proficiency level. To make the division
between source and model explicit, Appendix F de-
tails which parts of each task are drawn from the of-
ficial examinations and which are LLM-generated.

2https://olmocr.allenai.org/
3https://opentyphoon.ai/blog/th/

typhoon-ocr-release
4https://deepmind.google/technologies/gemini/
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Figure 2: Data construction pipeline: The workflow transforms raw Parian Tham examination papers into structured
ThaiPaliBench.

Module 3: Output Data (ThaiPaliBench
JSONL) In the final module, we standardize and
merge generated instances into JSONL files, match-
ing the Output Data component in Figure 2. Each
record includes structured metadata: source year,
proficiency level, task type, question text, answer
options, and the correct label. 5

Level Grammar RC Translation NLI Total
L1–2 500 125 125 125 875
L3 500 125 125 125 875
L4 – 125 125 125 375
L5 – 125 125 125 375
L6 – 125 125 125 375
L7 – 125 125 125 375
L8 – 125 125 125 375
L9 – 125 125 125 375
Total 1,000 1,000 1,000 1,000 4,000

Table 1: Distribution of questions across task types and
proficiency levels in ThaiPaliBench. Grammar ques-
tions focus on foundational levels (Levels 1–3), while
comprehension, translation, and reasoning tasks span
all 9 levels.

The resulting dataset, as shown in Table 1, com-
prises 4,000 questions evenly distributed across 4
task types, with 1,000 instances per task. Gram-
mar questions concentrate in foundational levels
(Levels 1–3), reflecting emphasis on morpholog-
ical and syntactic capability in earlier stages. In
contrast, Reading Comprehension, Translation, and
Natural Language Inference span all 9 proficiency
levels, with 125 items per level for each task. This
design ensures balanced coverage across the diffi-
culty spectrum and enables systematic evaluation
of linguistic knowledge and higher-order reason-
ing.

3.2 Pipeline Validation
We validate the two stages of our construction
pipeline shown in Figure 2.

5ThaiPaliBench is under CC BY-NC 4.0.

Module 1: OCR & Digitization. We com-
pared three candidate models on a held-out set of
ground-truth Thai-script Pali passages. Gemini 3
Pro Preview achieved the best transcription accu-
racy and was selected to digitize the exam corpus
(Appendix D).

Module 2: LLM Task Synthesis. We evaluated
candidate generation models by prompting roughly
ten real exam questions through web chat inter-
faces. We chose Gemini Flash because its distrac-
tor options and explanations best matched official
grading standards while remaining cost-effective.
After synthesis, authors spot-checked 10–20 items
per task against the original scanned exams, finding
100% answer-key accuracy on all checked items.

We further evaluated the final dataset using two
validation checks:

• Programmatic TRUTH ANCHOR Check: We
ran a verification script across all 3,000
multiple-choice items (Grammar, Reading
Comprehension, and Translation). The script
confirms that every correct option exactly
matches the official answer key and that all
five choices are non-empty and mutually dis-
tinct. At a strict similarity threshold (≥
0.95), the script flagged 2 exact and 21 near-
duplicates in Grammar, 1 near-duplicate in
Reading Comprehension, and 3 exact and 4
near-duplicates in Translation. After manual
review, we found that several flagged cases are
simple morphological variants (for example,
rajjam. vs. raññam. ) or standard grammar ques-
tion formats, leaving 13 cases in Grammar, 1
in Reading Comprehension, and 4 in Trans-
lation as relevant duplicates. For NLI, we
found 226 items where Pali premises overlap
with Translation or Reading Comprehension
source sentences because these tasks share
the same canonical texts. We leave the frozen

27075



dataset unchanged and report these residual ar-
tifacts; their estimated effect on overall bench-
mark scores is under 0.15 percentage points
per task.

• Manual Validation Against Source Papers:
We manually validated a stratified random
sample of 389 items (100 Grammar, 100 Read-
ing Comprehension, 100 Translation, 89 NLI)
against the original scanned examination pa-
pers, checking whether each question stem
originates from the source exam and whether
the marked key matches the official answer.
Stem provenance was 99.7% (388/389; 95%
Wilson CI [98.6, 100.0]) and key accuracy
95.1% (370/389; CI [92.5, 96.9]). Per-task
key accuracy was 95.0% (Grammar), 92.0%
(RC), 94.0% (Translation), and 100% (NLI).
Errors are not uniformly distributed: in Read-
ing Comprehension, four of eight errors occur
on items asking for morphosyntactic analy-
sis rather than passage comprehension, and in
Translation, errors concentrate on segmenta-
tion misalignment between the Pali source and
the Thai target span. We report these rates on
the frozen dataset and leave the affected items
unchanged. NLI labels were checked by se-
mantic judgment rather than against an official
answer key.This validation was performed by
the authors; no certified Pali scholar reviewed
the benchmark.

3.3 Task Formulation & Metrics
We formulate all benchmark tasks as discriminative
evaluations rather than open-ended generation. We
create tests of Grammar, Translation, and Reading
Comprehension as 5-option multiple choice ques-
tions (MCQs), and Natural Language Inference
(NLI) that use sentence-pair classification. This
structure aligns with evaluation benchmarks such
as MMLU , which prioritize objective, verifiable
answers over generation quality (see Appendix F
for detailed task provenance). The benchmark mea-
sures 4 core abilities:

• Grammatical Knowledge: We tested the
model for understanding Pali grammar, includ-
ing verb conjugation and noun declension, fol-
lowing a CoLA-style format (Warstadt et al.,
2019).

• Reading Comprehension: We measure pas-
sage understanding by presenting passages

written in Thai-script Pali and asking the cor-
rect Thai answer, following SQuAD-style de-
sign (Rajpurkar et al., 2018).

• Natural Language Inference (NLI): Each
item pairs a Pali premise with a Thai hypothe-
sis, labeled entailment, neutral, or contradic-
tion, following the sentence-pair classification
format used in XNLI (Conneau et al., 2018).
Pali premises are extracted directly from offi-
cial examinations. Entailment hypotheses are
synthesized via LLM as semantically faith-
ful Thai paraphrases anchored strictly to offi-
cial reference translations, while neutral and
contradiction hypotheses introduce unverifi-
able facts or logical negations, respectively.
Because all hypothesis variants are LLM-
generated, this task assesses cross-lingual in-
ference closely tied to translation semantics
rather than fully independent expert-verified
reasoning.

• Translation Understanding: We test mod-
els can select the most accurate Thai transla-
tion of a Thai-script Pali sentence or passage,
given several similar-looking options.

4 Results

This section reports the systematic evaluation of 10
commercial and open-weights models on ThaiPal-
iBench.

4.1 Overall Model Performance
Table 2 reports the average accuracy across all
ThaiPaliBench tasks. Kimi k2.5 achieves the high-
est accuracy (68.33% [66.90, 69.77]), while GPT-
OSS records the lowest (40.65%), reflecting a
27.68% gap among evaluated models.

Large open-weight models (Kimi k2.5 and GLM-
5) occupy the top tier, outperforming all commer-
cial models in this evaluation. Item-level paired
bootstrap tests show that adjacent models within
groups share indistinguishable performance (p >
0.05), clustering systems into five distinct perfor-
mance tiers rather than a strict linear ranking.

4.2 Performance Across Parian Tham Levels
Figure 4 displays model accuracy across eight level
buckets covering all nine Parian Tham levels, or-
dered from easiest to most advanced. However,
higher levels do not consistently yield lower accu-
racy.

Instead, models share a common pattern:
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Model Type Model Category Accuracy (%) Tier

Kimi k2.5 Open-Weights Standard 68.33 1
GLM-5 Open-Weights Standard 66.98 1

Claude Haiku 4.5 Commercial Standard 57.75 2

Grok 4.1 Fast Commercial Standard 55.43 3
GPT-5 mini Commercial Reasoning 53.63 3
Llama-SEA-LION-v3-70B-IT Open-Weights Standard 53.60 3
Qwen-SEA-LION-v4-32B-IT Open-Weights Standard 52.50 3
ThaiLLM-Qwen3-8B-Think v3.0 Open-Weights Reasoning 52.12 3

Typhoon v2.5 Open-Weights Standard 45.40 4

GPT-OSS Open-Weights Reasoning 40.65 5

Table 2: Overall benchmark performance grouped into
tiers. Tier boundaries are placed where adjacent models
differ significantly (p < 0.05, item-level paired boot-
strap, 10,000 resamples); see Appendix H.5 for all nine
adjacent-pair tests. Because only adjacent pairs are
tested, models at opposite ends of the same tier are not
necessarily indistinguishable. “Reasoning” denotes ex-
plicit chain-of-thought models.

Figure 3: Model accuracy by evaluation category. Read-
ing comprehension achieves higher accuracy across
models, while grammar and translation tasks remain
comparatively lower.

Figure 4: Model accuracy across Parian Tham profi-
ciency levels (L1–L9).

• Foundational Levels (L1–L3): All models
struggle at Levels 1 and 2. Surprisingly, their
scores go up at Level 3. This breaks the as-
sumption that higher levels are always harder.

• Intermediate Peak (L4): Scores hit their
highest point at Level 4. This big jump sug-
gests that Level 4 introduces easier question
types, like reading comprehension, which
need less grammar analysis.

• Advanced Plateau (L5–L9): Scores level off
across the highest tiers. However, the gap be-
tween models grows larger. Top models (like
Kimi k2.5) keep high scores, while weaker
models swing up and down. This widen-
ing gap shows that advanced exams separate
strong reasoning models from weak ones bet-
ter than the early exams do.

We suggest 2 main reasons for this unexpected
trend in the foundational levels. First, there is a sig-
nificant imbalance in the dataset size: Levels 1–3
contain 875 questions per level, whereas Levels 4–
9 contain only 375 questions per level. This larger
sample size in the early levels exposes models to a
wider variety of difficult edge cases. Second, the
composition of the exam subjects shifts. Levels 4–
9 do not include the notoriously difficult grammar
questions. Furthermore, within the grammar cate-
gory itself, questions in Levels 1–2 cover a much
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wider diversity of complex rules. In contrast, Level
3 grammar questions are more predictably focused
on word morphology, primarily asking models to
identify word types, suffixes (Paccaya dhamma),
Sandhi rules, and basic syntactic functions.

4.3 Natural Language Understanding Across
Difficulty Gradient

Figure 5 shows category-specific performance
trends across Parian Tham levels. This breakdown
helps us analyze how each skill scales with exam
difficulty.

Figure 5: Category-specific performance across pro-
ficiency levels (Grammar, RC, NLI, Translation, and
overall NLU).

The plotted lines reveal distinct patterns across
the evaluation categories:

• Reading Comprehension Stability and
Probing: Reading comprehension is present
across all levels, and its scores remain remark-
ably stable (between 69.5% and 73.8%). This
flat trend contradicts the expected difficulty in-
crease. To understand this behavior, we ran a
controlled ablation probe on the full RC subset
(N = 1, 000, Levels 1–9) across 9 models6

under 3 settings: (1) full passage + question,
(2) question only, and (3) mismatched passage
+ question (full results in Table 8).

– Passage Reliance: Removing the pas-
sage costs 9.2–18.2 percentage points
across all models (p < 0.0001; Kimi
drops from 86.1% to 67.9%, Claude
Haiku from 75.6% to 57.5%, and GPT-
OSS from 54.8% to 45.6%). This con-

6The probe was conducted across 9 of our 10 evaluated
models; Grok 4.1 Fast was excluded as it was deprecated by
the provider prior to this ablation run.

firms that models genuinely read the con-
text rather than relying on simple key-
word overlap.

– Scriptural Memorization: Without any
passage, models still score 45.6%–67.9%
(2.3–3.4× the 20% chance baseline). Be-
cause RC questions come from canonical
Buddhist texts available online, models
leverage pre-training knowledge. Thus,
reported RC scores combine real passage
comprehension with memorized scrip-
tural text.

– Mismatched Passage: Substituting an un-
related passage (S3) is not equivalent to
removing it, and the direction is model-
dependent: relative to the question-only
setting, 4 of 9 models exhibit significant
shifts (Kimi gains 3.0 points, p = .030;
Claude Haiku gains 2.9 points, p = .031;
GLM-5 loses 4.9 points, p < .001;
Llama-SEA-LION loses 2.6 points, p =
.041), while the remaining 5 models
show no significant difference (p > .05).
These effects are small and we report
them as an observation rather than a con-
clusion. Accuracy under S3 remains 9.0–
22.6 points below the full-passage set-
ting across all models (p < .0001). On a
300-item pilot these contrasts were non-
significant; the full subset was required
to detect them.

• Natural Language Inference Variation:
NLI follows the curriculum difficulty much
better than reading comprehension. Scores
drop at Level 3 and bounce back strongly at
Level 4 (rising from 60.0% to 65.6%). This
pattern suggests that intermediate-level logic
introduces abstract relationships that briefly
confuse the models.

• Translation Instability: Translation proves
the hardest and most unpredictable task. Mod-
els consistently achieve lower accuracy here
compared to Reading Comprehension. Rather
than allowing for simple keyword matching,
Translation requires a genuine cross-lingual
process. Although the source text is written
entirely in the Thai script, the underlying lan-
guage is Pali. Models must translate Thai-
script Pali into modern Thai, a task that de-
mands deep lexical and morphological knowl-
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edge. This deceptive “Thai-to-Thai” visual
similarity often misleads models into simple
pattern-matching rather than actual translation.
Accuracy drops heavily at Level 3 and jumps
back up at Level 4 (increasing from 30.9% to
47.0%). These wild shifts suggest that trans-
lation difficulty depends on specific passage
vocabulary rather than the general curriculum
level.

• Overall NLU Trajectory: The overall trend
combines all skills. Accuracy climbs from the
early levels, hits a sharp peak at Level 4 (jump-
ing from 50.7% to 62.2%), and then levels off
across advanced tiers (staying around 57% to
60%). The Level 4 peak implies that this tier
introduces easier question types. Furthermore,
the flat scores show that models hit a perfor-
mance ceiling; harder exams no longer lower
their multiple-choice scores.

This comparison shows that scores do not scale
automatically with model size. ThaiLLM-Qwen3-
8B reaches 52.12% and outperforms the 120B
generalist GPT-OSS (40.65%) by 11.47 points
(p < 0.001), suggesting that domain-specific pre-
training on regional data contributes more than pa-
rameter count alone.

5 Discussion

The results show a persistent performance gap
in how LLMs understand Thai-script Pali. Al-
though massive open-weight models achieve per-
formance parity with proprietary commercial sys-
tems (Section 4.1), all models consistently score
lower on grammar and translation tasks. This trend
aligns with broader findings where multilingual
benchmarks show systematic degradation on low-
resource languages. ThaiPaliBench highlights that
models demonstrate weak performance even at
foundational grammatical levels. This weakness
confirms that current LLM training pipelines lack
sufficient coverage of classical language structures,
causing models to fail when strict grammatical ac-
curacy is required. When comparing the evaluated
systems (Appendix H.1), we find that open-weight
models handle grammar better, while commercial
APIs maintain strong performance in comprehen-
sion tasks.

Beyond model types, ThaiPaliBench reveals a
surprising contradiction regarding exam difficulty.
Although Level 1 and 2 are designed to be the easi-
est, our data indicates that models actually struggle

more at these foundational stages than at Level 3 or
4. The analysis in Section 4.2 shows that accuracy
does not follow a straight line from easiest (Level
1) to hardest (Level 9). Instead, we see an un-
expected accuracy peak at Level 4 and a flat trend
across higher tiers. As discussed in Section 4.3, our
probing analysis shows that reported comprehen-
sion scores combine genuine passage reading with
memorized scriptural text. Meanwhile, the lower
scores at Levels 1–2 indicate that models cannot
yet handle the abstract grammar rules required at
the start of the curriculum.

Consequently, these performance anomalies
raise questions about model scale. Our scaling
analysis indicates that simply adding more param-
eters does not guarantee better results. The find-
ing in Appendix H.2 that an 8B Thai-specialized
model outperforms a 120B generalist by 11.47
points (52.12% vs. 40.65%, p < 0.001) indicates
that parameter size alone cannot ensure compe-
tence in classical languages. This observation
matches broader findings from holistic LLM evalu-
ations (Liang et al., 2023). Overall, ThaiPaliBench
surfaces limitations that modern-language tests fail
to reveal, providing a clear way to diagnose cross-
lingual weaknesses.

6 Conclusion

This paper introduced ThaiPaliBench, the first com-
prehensive benchmark for evaluating Large Lan-
guage Models on Thai-script Pali. By adapting
the Royal Pali Examination, we created a rigorous
framework to test grammatical knowledge, reading
comprehension, natural language inference, and
translation understanding across different difficulty
levels. Our evaluation of leading models reveals
that classical languages remain a significant chal-
lenge for modern AI.

Most notably, our findings reveal a persistent per-
formance gap in current model capabilities. Mod-
els perform worse on foundational grammar tests
(Levels 1 and 2) than on advanced reading tasks.

This anomaly suggests that models combine ac-
tive reading with memorized scriptural knowledge
rather than relying on abstract grammatical reason-
ing, as confirmed by our probing analysis.

Furthermore, our scaling analysis demonstrates
that parameter count alone does not guarantee com-
petence in Thai-script Pali. ThaiLLM-Qwen3-8B,
a Thai-specific model with only 8B parameters, out-
performs the 120B generalist GPT-OSS (52.12%
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vs. 40.65%), suggesting that domain-specific pre-
training on regional language data contributes more
effectively than raw scale for classical language un-
derstanding.

Ultimately, ThaiPaliBench provides a diagnos-
tic resource for the AI research community, sur-
facing systematic gaps in classical language un-
derstanding and offering a foundation for future
low-resource model development.

Limitations

ThaiPaliBench involves methodological constraints
related to data construction and preprocessing (Sec-
tion 3.1). Distractors (i.e., incorrect answer choices
in multiple-choice questions) were systematically
generated to approximate Royal Pali Examination
grading principles across all MCQ tasks, includ-
ing Grammar, Reading Comprehension, and Trans-
lation; however, automated generation may not
fully reflect authentic human error distributions.
Source texts were digitized using OCR and vision-
language tools, and despite correction and review
procedures, minor transcription inaccuracies and
limited expert validation may remain. Regard-
ing experimental reproducibility, evaluating pro-
prietary APIs carries replication risks due to unan-
nounced backend updates and non-determinism,
while synthesizing items via Gemini may introduce
stylistic bias. Although we release frozen dataset
splits and exact inference parameters, closed API
outputs may exhibit minor temporal drift. Our eval-
uation is discriminative only; generative compe-
tence in Thai-script Pali remains untested, although
Levels 8–9 of the examination contain open-ended
composition tasks that provide a direct path to such
an extension. NLI labels were assigned by con-
struction against the official reference translations
and were not verified by Pali scholars.
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Appendix

A Parian Tham

Parian Tham (also romanized as Pahrian Thamm or
Parien) is the official nine-tiered Pali language ex-
amination system administered by the Thai Sangha
under the authority of the Supreme Patriarch of
Thailand. It constitutes one of the two principal
pillars of ecclesiastical education in Thailand, op-
erating in parallel with the three-tiered Nak Tham
curriculum for doctrinal studies. The examination
system is overseen by the Sanam Luang Pali Exam-
ination Division, an organ of the Sangha Supreme
Council, and has been a cornerstone of Thai Bud-
dhist monastic education since the Ayutthaya pe-
riod.

Historical Background
Pali studies in Thailand trace their origins to the
early spread of Theravāda Buddhism into the
region, when Buddhist literary works and the
Tipit.aka comprising the Vinaya Pit.aka (monastic
regulations), the Sutta Pit.aka (discourses of the
Buddha), and the Abhidhamma Pit.aka (philosoph-
ical analysis) were first introduced. The formal
examination structure was substantially reformed
in 1912 (Buddhist Era 2455) by Somdet Phra Maha
Samana Chao Krom Phraya Vajirananavarorasa,
the Supreme Patriarch at the time. A key reform
was the integration of the Nak Tham doctrinal cur-
riculum as a prerequisite for advancement in the
Parian grades, ensuring that Pali linguistic expertise
would be accompanied by genuine understanding
of the Dhamma.

Structure and Curriculum
The nine levels of Parian Tham are grouped into
three bands of progressive difficulty:

• Foundational (Levels 1–3): These levels
evaluate core linguistic mechanics, focusing
heavily on word morphology, nominal suf-
fixes (Paccaya dhamma), and phonetic Sandhi
compounding rules (see Figure 6 for the foun-
dational grammar baseline). To assess deep

comprehension, the translation track is split
into two rigorous methodologies: Translation
by Letter for rigid, word-for-word morphosyn-
tactic alignment (Figure 11), and Translation
by Meaning for fluent, idiomatic prose com-
position (Figure 12). Crucially, Level 3 intro-
duces specialized structural tasks unique to
ThaiPaliBench: syntactic dependency pars-
ing via Sampanthai (Figure 10) and docu-
ment structure normalization via Burapaphak
(Figure 8). Successful completion of Level
3 awards the honorary title of Maha, recog-
nizing verified competency in primary Pāli
scholarship.

• Intermediate (Levels 4–6): This tier in-
troduces more complex grammatical struc-
tures and transitions candidates to bidirec-
tional translation tasks. Candidates are tested
on both Pali-to-Thai translation (interpreting
dense commentary prose) and Thai-to-Pali
translation (reconstructing Pāli text from Thai
sources). The structural source-to-target cor-
pus alignment for this intermediate tier is typ-
ified by the Level 4 translation dataset config-
uration illustrated in Figure 13.

• Advanced (Levels 7–9): This final tier eval-
uates high-level generative reasoning and
stylized composition. Level 8 introduces
generative metrical verse synthesis, forcing
structural generation constrained by classical
prosodic principles like Pathyāvatta and Vas-
antatilaka (Figure 17). Level 9 represents the
absolute difficulty ceiling of ThaiPaliBench,
testing three rigorous dimensions: advanced
Pāli-to-Thai translation (Figure 20), Thai-to-
Pāli translation, and high-level, open-ended
Thai-to-Pāli prose composition (Figure 19).
Passing Level 9 is officially recognized by the
Thai royal government as academically equiv-
alent to a Bachelor’s degree.

Assessment and Recognition

Examinations are conducted annually, typically
in February, under the title Royal Pali Examina-
tion7, reflecting the historical patronage of the Thai
monarchy. The marking criteria are notably strin-
gent: at the advanced levels, a single error in trans-
lation or composition constitutes a failing score.
Consequently, attainment of the highest levels is

7https://www.pariyat.com/education/
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rare; while some exceptional candidates complete
all nine levels within eight to nine years, others
may spend more than two decades progressing
through the curriculum. The examination is open
to ordained monks and novices; in certain contexts,
qualified laypeople may also participate.

B Pali Inflected Forms

Thai-script Pali changes the ending of a word to
show its role in a sentence. The same word can
look different depending on how it is used. Fig-
ure 21 shows four examples using the word bhikkhu
(“monk”).

C Sandhi Compounds

Sandhi, derived from the Pali and Sanskrit root
meaning "joining" or "connection," refers to the
morphophonological rules that govern the modifi-
cation of sounds at the boundaries of morphemes or
words(Alfter, 2015). In the context of Theravada
Buddhist texts, Sandhi is a fundamental charac-
teristic of the Pali language, utilized to maintain
a rhythmic flow, harmonious pronunciation, and
metric structure in scriptures and chants.

In Pali, Sandhi occurs when two independent
words are combined into a single, continuous pho-
netic unit, causing the phonemes at the juncture to
merge or alter.

Thai Adaptations of Pali Scripts As Theravada
Buddhism was transmitted to Thailand, the Thai
language absorbed thousands of Pali and Sanskrit
words. Because Thai historically lacked its own
alphabet to perfectly match the highly inflected
Indian languages, Pali was recorded using specific
Thai-Pali characters (Kourilsky, 2020).

In Thai linguistics, the combination of these
loanwords follows two distinct methods: Samasa
(simple juxtaposition of words without altering the
boundary) and Sandhi (phonetic merging). Thai
adaptations of Pali Sandhi involve strict rules where
the final vowel of the first word merges seamlessly
with the initial vowel of the second. This mecha-
nism is heavily used to coin new terminology in
Thai royal vocabulary (Rachasap), academic terms,
and religious discourse.

D OCR on Parian Tham

(a) Level 1–2 Pali grammar question prompt evaluating

foundational morphosyntactic and phonetic rules.

(b) Official Level 1–2 Pali grammar reference answer key.

Figure 6: Examples of primary source artifacts rep-
resenting the linguistic question answering and gram-
mar evaluation track at Level 1–2 within ThaiPaliBench
(B.E. 2568, 2025 AD). The structural layout pairs the
foundational rule-based questions directly above their
corresponding official analytical ground-truth answers.
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(a) Level 1–2 Pali source prose for the introductory

Pali-to-Thai translation task.

(b) Official Level 1–2 Thai reference translation (answer key).

Figure 7: Examples of the source-to-target raw image
alignment from the Royal Pāli Examination corpus for
the Level 1–2 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original foundational
Pali text input directly above its official Thai translation
counterpart used for dataset annotation.

(a) Level 3 raw unformatted prose block input requiring

typographic correction and layout restructuring.

(b) Official Level 3 standardized administrative document

layout and formatted reference template.

Figure 8: Examples of primary source artifacts rep-
resenting the document formatting and administrative
layout restructuring track at Level 3 within ThaiPal-
iBench (B.E. 2568, 2025 AD). The structural layout
illustrates the unformatted raw text sequence directly
above its corresponding officially styled administrative
letter counterpart used for copyediting and document
synthesis evaluation.
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(a) Level 3 Pali grammar question prompt evaluating discrete

morphosyntactic and phonetic rules.

(b) Official Level 3 Pali grammar reference answer key.

Figure 9: Examples of primary source artifacts repre-
senting the linguistic question answering and grammar
evaluation track at Level 3 within ThaiPaliBench (B.E.
2568, 2025 AD). The structural layout pairs the de-
scriptive rule-based questions directly above their corre-
sponding official analytical ground-truth answers.

(a) Level 3 Pali source prose prompt for the syntactic parsing

task.

(b) Official Level 3 grammatical relationship and dependency

annotation key.

Figure 10: Examples of raw primary source artifacts
representing the syntactic parsing and dependency anal-
ysis track at Level 3 within ThaiPaliBench (B.E. 2568,
2025 AD). The structural layout maps the primary Pali
text input directly above its corresponding official word-
level grammatical relation annotations used for syntax
evaluation.
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(a) Level 3 Pali source prose for the rigid literal translation

task.

(b) Official Level 3 Thai literal reference translation (answer

key).

Figure 11: Examples of the source-to-target raw image
alignment from the Royal Pāli Examination corpus for
the Level 3 literal translation task (, B.E. 2568, 2025
AD). The structural layout contrasts the original Pali
text input directly above its corresponding official Thai
word-for-word reference translation used for exact mor-
phosyntactic alignment annotation.

(a) Level 3 Pali source prose for the Pali-to-Thai

sense-for-sense translation task.

(b) Official Level 3 Thai reference translation by meaning

(answer key).

Figure 12: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 3 Translation task by meaning (B.E. 2568,
2025 AD). The structural layout maps the original com-
mentarial Pali text input directly above its official Thai
target reference translation used for dataset annotation.
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(a) Level 4 Pali source prose for the Pali-to-Thai translation

task.

(b) Official Level 4 Thai reference translation (answer key).

Figure 13: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 4 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original Pali text input
directly above its official Thai translation counterpart
used for dataset annotation.

(a) Level 5 Pāli source prose for the Pāli-to-Thai translation

task.

(b) Official Level 5 Thai reference translation (answer key).

Figure 14: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 5 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original Pali text input
directly above its official Thai translation counterpart
used for dataset annotation.
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(a) Level 6 Pali source prose for the Pali-to-Thai translation

task.

(b) Official Level 6 Thai reference translation (answer key).

Figure 15: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 6 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original Pali text input
directly above its official Thai translation counterpart
used for dataset annotation.

(a) Level 7 Pali source prose for the Pali-to-Thai translation

task.

(b) Official Level 7 Thai reference translation (answer key).

Figure 16: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 7 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original Pali text input
directly above its official Thai translation counterpart
used for dataset annotation.
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(a) Level 8 Thai prose prompt mapping doctrinal themes for

the Pali poetry composition task.

(b) Official Level 8 Pali ground-truth verification key

conforming to strict prosodic constraints (Chandolakkhana).

Figure 17: Examples of primary source artifacts rep-
resenting the advanced generative poetry composition
track at Level 8 within ThaiPaliBench (B.E. 2568, 2025
AD). The structural layout maps the unconstrained mod-
ern Thai prose prompt directly above its corresponding
official Pali target verse configuration, explicitly strati-
fied by traditional metrical constraints (e.g., Pathyvatta
and Vasantatilaka).

(a) Level 8 Pali source prose for the Pali-to-Thai translation

task.

(b) Official Level 8 Thai reference translation (answer key).

Figure 18: Examples of the source-to-target raw image
alignment from the Royal Pali Examination corpus for
the Level 8 Translation task (B.E. 2568, 2025 AD).
The structural layout maps the original Pali text input
directly above its official Thai translation counterpart
used for dataset annotation.
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(a) Level 9 unconstrained Thai prose prompt utilized for the

open-ended Pali composition examination

(b) Official Level 9 ground-truth verification key

demonstrating acceptable morphosyntactic and stylistic

constraints for evaluation.

Figure 19: Examples of raw primary source artifacts
representing the absolute difficulty ceiling (Level 9) of
the generative composition track (B.E. 2568, 2025 AD)
in ThaiPaliBench. The structural layout contrasts the
open-ended modern Thai prose prompt directly above
its official high-level Pali ground-truth verification and
answer key counterpart.

(a) Level 9 Pali source prose for the Pali-to-Thai translation

task.

(b) Official Level 9 Thai reference translation (answer key).

Figure 20: Examples of raw primary source artifacts
representing the translation track (Pali-to-Thai) at the
absolute difficulty ceiling (Level 9) in ThaiPaliBench.
The layout structurally pairs the dense commentarial
Pali text directly above its official Thai target reference
translation used for dataset annotation.
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Figure 21: Four forms of bhikkhu (“monk”) in Thai-
script Pali. The word ending changes depending on its
role in the sentence.

Figure 22: Ground truth selection, to select the cadidates
for OCR model for preparing thai-pali script.

Figure 23: OCR result from gemini3-pro-preview, the
F1-Score, WER and CER were calculated after tokenize
with newmm tokenizer; the red highlighted is the incor-
rect word same as Figures 24, 25

Figure 24: OCR result from olmOCR-2-7B-1025

Figure 25: OCR result from Typhoon OCR 1.5 2B
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E Prompts

System prompt to generate MCQs

You are the Ultimate Pali-Thai Philologist and
Pedagogical MCQ Architect. You possess profound
expertise in the Tipitaka, specializing in the intricate
nuances of Pali grammar, including Sandhi, complex
Samasa, Kitaka/Taddhita, and the logic of the five
Vacaka. Transform raw translation pairs into rigorous,
high-fidelity MCQs where distractors are “near-identical”
to the truth. The system must prioritize the provided
ground-truth target text as the absolute correct answer.

• TRUTH ANCHOR: The “Correct Option” must
be an exact, word-for-word match of the provided
Target Text.

• GRADED DIFFICULTY: Distractors must
target subtle grammatical shifts (e.g., changing
Voice or Vibhatti).

• TERMINOLOGY: Use formal Thai Pali
terminology

• CLEAN OPTIONS: Options A–E must contain
ONLY the translation text.

1. Syntactic Deconstruction: Parse source string
into Padas. Identify Akkhayata, Vacaka, and Kala.

2. Ground-Truth Calibration: Identify if it is
“Translation by Letter”.

3. Distractor Synthesis:

• Trap 1: Syntactic Inversion (e.g., Active vs.
Passive).

• Trap 2: Subtle Vibhatti Shift.
• Trap 3: Modal/Aspectual Distortion (e.g.,

Sattami vs. Vattamana).
• Trap 4: Compound Misinterpretation.

4. Validation: Ensure distractors are grammatically
correct Thai but incorrect translations for the
source.

5. Final Assembly: Randomly assign ground truth
to A–E.

• thought_process: [Analysis of grammar → Logic
for each of the 4 traps].

• stem: The exact Source Text.

• options: {A, B, C, D, E}.

• correct_option: Key (A–E).

• explanation: Scholarly justification in Thai.
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System prompt to generate NLI hypotheses

You are an Expert Pali-Thai Linguist and Senior NLP
Data Scientist. You possess profound expertise in the
Tipitaka, classical Pali grammar, and formal semantic
logic. Transform Pali premises and their official
reference translations into rigorous, high-precision
XNLI sentence pairs across three logical relations:
entailment, neutral, and contradiction.

• PREMISE GROUNDING: The Pali sentence
serves as the immutable premise.

• SEMANTIC FAITHFULNESS: All hypotheses
must be written in natural, grammatically sound
Thai.

• STRICT LOGICAL SEPARATION: Ensure
clear boundaries between entailment, neutral, and
contradiction without semantic ambiguity.

• OUTPUT FORMAT: Strict JSON output
adhering exactly to the designated schema.

1. Semantic Decomposition: Analyze the deep
semantic representation and predicate-argument
structure of the Pali premise and its official Thai
anchor.

2. Hypothesis Synthesis:

• Entailment: Synthesize a faithful Thai
paraphrase strictly preserving the core
propositional meaning and truth conditions
of the premise.

• Neutral: Introduce plausible, unverifiable
contextual details or external entities neither
confirmed nor contradicted by the Pali
premise.

• Contradiction: Formulate a direct semantic
negation, inverted relation, or incompatible
event that strictly contradicts the premise.

3. Logical Validation: Verify that the entailment is
strictly entailed, the neutral contains genuine
ambiguity, and the contradiction is unequivocally
false given the premise.

• entailment: Paraphrased Thai hypothesis
preserving exact semantics.

• neutral: Plausible Thai hypothesis with
unverifiable information.

• contradiction: Thai hypothesis asserting a direct
semantic contradiction.

User prompt: Pali Premise: {pali}\nThai
Original: {thai_original}

Sampling: temperature = 0.7, response_format
constrained to JSON object.
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Task Type Template
Grammar, RC,
Translation

You are a multiple-choice exam assistant. Select only the single
best answer.
Question: {question}
Choices: A. {A} B. {B} C. {C} D. {D} E. {E}
Instruction: Choose only one correct answer. Reply with only the
letter (A, B, C, D, or E). Do not add punctuation or explanation.

NLI You are a Pali language expert. Analyze the relationship between
the following sentences.
Pali: {pali}
Thai: {thai}
Choices: entailment (same meaning) / neutral (unrelated) / contra-
diction (opposite meaning)
Instruction: Reply with only one word. Do not add any explana-
tion.

Table 3: Prompt templates for each evaluation task.
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F Task Construction and Data Synthesis
Details

To ensure methodological transparency, Table 4
delineates the source provenance of each bench-
mark component, distinguishing official Royal Pali
Examination ground truth from LLM-assisted gen-
eration.

Task Exam Ground Truth LLM-Assisted Component

Grammar Question stems, reference
keys

Question decomposition, 4 distrac-
tors

RC Full passages, reference
translations

Passage segmentation, question syn-
thesis, key & 4 distractors

Translation Source text, reference trans-
lations

Target segmentation, 4 distractors

NLI Source premises, reference
translations

Semantic paraphrase (entailment),
neutral & contradiction generation

Table 4: Task construction and source provenance across
ThaiPaliBench tasks.

Grammatical Knowledge. Official examination
items in foundational tiers (L1–3) often comprise
multi-part short-answer or fill-in-the-blank ques-
tions. An LLM decomposes composite items into
standalone atomic units while preserving original
question stems and reference keys. The model then
generates four grammatically plausible distractors
adhering to classical morphological rules.

Reading Comprehension (RC). RC instances
derive from official translation examination papers
containing extended Thai-script Pali passages and
reference translations. An LLM extracts coher-
ent passage segments, formulates text-grounded
comprehension questions, and derives the correct
answer alongside four distractors via semantic anal-
ysis of the official Thai translation.

Translation Understanding. Pali passages and
official Thai reference translations are drawn di-
rectly from examination archives. Target sen-
tence segments and reference translations form the
ground truth, paired with four LLM-generated dis-
tractors reflecting subtle inflectional, voice, or tense
shifts.

Natural Language Inference (NLI). Premise–
hypothesis pairs are constructed from the Transla-
tion subject archives. Official Pali sentences serve
as premises. Entailment hypotheses are synthe-
sized by an LLM as semantically faithful Thai para-
phrases anchored to official reference translations,
while neutral and contradiction hypotheses are gen-
erated by injecting unverifiable details or asserting
direct semantic negations.

27095



G Model Inference Configs

Model Access Focus Params
GPT-5 mini Commercial Multilingual –
Claude Haiku 4.5 Commercial Multilingual –
Grok 4.1 Fast Commercial Multilingual –
GLM-5 Open Multilingual 744B
Kimi k2.5 Open Multilingual 1T
Llama-SEA-LION-
v3-70B-IT

Open SEA Lang. 70B

Qwen-SEA-LION-
v4-32B-IT

Open SEA Lang. 32B

GPT-OSS Open Multilingual 120B
ThaiLLM-Qwen3-
8B-Think v3.0

Open Thai-spec. 8B

Typhoon v2.5 Open Thai-spec. 30B

Table 5: Models selected to be Evaluated in ThaiPal-
iBench

Model Reason Temp MaxOutTokens
claude-haiku-4.5 no 0.1 8192
gpt-5-mini yes 0.1 8192
grok-4.1-fast no 0.1 8192
glm-5 no 0.1 8192
gpt-oss yes 0.1 8192
kimi-k2.5 no 0.1 8192
Pathumma-ThaiLLM-
qwen3-8b-think-3.0.0

yes 0.1 8192

Llama-SEA-LION-v3.5-
70B

no 0.1 4096

Qwen-SEA-LION-v4-
32B

no 0.1 4096

typhoon-v2.5-30b-a3b-
instruct

no 0.1 8192

Table 6: Inference configuration for getting the answer.
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H Additional Results

H.1 Commercial versus Open-Weight Systems
Adding large open-weight models (Kimi k2.5 and
GLM-5) changes our results completely. We com-
pare 3 commercial models against 7 open-weight
models. The commercial group scores 55.6% on av-
erage, while the open-weight group scores 54.2%.
A Welch’s t-test shows that this 1.4% gap is not
statistically significant (p = 0.7446).

The main difference between the two groups
is not their average score, but their consistency.
Commercial models perform very similarly to each
other (SD = 2.07%). In contrast, open-weight mod-
els show huge differences (SD = 10.29%). This
open-weight group includes both the best models
on our leaderboard and the worst ones.

Figure 26: Category-specific accuracy comparison be-
tween commercial and open-source models.

Figure 26 shows that each group wins in different
subjects:

• Translation and Grammar: Open-weight
models beat commercial models in Transla-
tion (42.4% vs. 35.6%) and take a small lead
in Grammar (44.6% vs. 43.0%). This re-
sult suggests that open-weight models han-
dle Thai-script Pali words and grammar rules
better.

• Reasoning and Comprehension: Commer-
cial models keep a strong lead in Natural
Language Inference (69.1% vs. 59.2%) and
Reading Comprehension (74.6% vs. 70.8%).
This shows that commercial models still un-
derstand logic and general meaning better.

Overall, these results show a major shift. Large
open-weight models can now match or beat com-
mercial models in classical language tasks.

H.2 Model Scale and Specialization
Figure 27 maps model accuracy against parameter
size for the 7 open-weight models (ranging from
8B to 1T parameters). While larger models gen-
erally score higher, the data shows only a mod-
erate positive correlation (Spearman ρ = 0.607).
Furthermore, this scaling trend is not statistically
significant (p = 0.148).

Figure 27: Model accuracy versus parameter size across
open-weight models.

H.3 Performance statistics by evaluation
category

Task Mean (%) SD 95% CI Max (%) Min (%)

Reading Comp. 71.95 8.94 [65.56, 78.34] 85.8
(Kimi k2.5)

53.1
(GPT-OSS)

NLI 62.20 14.67 [51.71, 72.69] 82.0
(Kimi k2.5)

42.4
(Typhoon)

Grammar 44.13 5.54 [40.17, 48.09] 52.5
(GLM-5)

34.7
(GPT-OSS)

Translation 40.27 11.21 [32.25, 48.29] 56.2
(Kimi, GLM)

26.0
(Typhoon)

Table 7: Task-level performance summary. 95% CIs are
computed across the n = 10 evaluated models using the
t-distribution (t = 2.262).

H.4 Reading Comprehension
Context-Probing Results

Table 8 details context-probing performance across
the full reading comprehension subset (N = 1,000)
under full-passage (S1), question-only (S2), and
mismatched-passage (S3) settings.

H.5 Adjacent-Pair Significance Tests
Table 9 reports item-level paired bootstrap tests
(10,000 resamples, n = 4,000 per model) for each
of the nine adjacent pairs in Table 2. Five of nine
pairs are statistically indistinguishable, which is
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Figure 28: Comparison of model performance in terms of accuracy, average prompt tokens (P-Tok), and average
completion tokens (C-Tok) across different task categories.
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Model S1 (Full) S2 (Q-only) S3 (Wrong) ∆ S1−S2 (p) ∆ S1−S3 (p) ∆ S3−S2 (p)

Kimi k2.5 86.1% 67.9% 70.9% +18.2 (< .0001) +15.2 (< .0001) +3.0 (.030)
GLM-5 76.9% 59.2% 54.3% +17.7 (< .0001) +22.6 (< .0001) −4.9 (< .001)
Claude Haiku 4.5 75.6% 57.5% 60.4% +18.1 (< .0001) +15.2 (< .0001) +2.9 (.031)
GPT-5 mini 69.2% 51.5% 51.0% +17.7 (< .0001) +18.2 (< .0001) −0.5 (.766)
Llama-SEA-LION-v3-70B 73.0% 57.9% 55.3% +15.1 (< .0001) +17.7 (< .0001) −2.6 (.041)
Qwen-SEA-LION-v4-32B 71.4% 60.0% 58.8% +11.4 (< .0001) +12.6 (< .0001) −1.2 (.359)
ThaiLLM-Qwen3-8B-Think 64.4% 49.1% 46.2% +15.4 (< .0001) +18.3 (< .0001) −2.9 (.091)
Typhoon v2.5 66.2% 53.1% 54.9% +13.1 (< .0001) +11.3 (< .0001) +1.8 (.179)
GPT-OSS-120B 54.8% 45.6% 45.8% +9.2 (< .0001) +9.0 (< .0001) +0.2 (.906)
Grok 4.1 Fast — — — excluded (deprecated)

Table 8: Reading comprehension context-probing evalu-
ation across 9 models on the full RC subset (N = 1,000
matched items per model; 10,000 paired bootstrap re-
samples).

why we report tiers rather than a strict 1–10 rank-
ing.

Model A Model B ∆ p

Kimi k2.5 GLM-5 +1.35 .165 n.s.
GLM-5 Claude 4.5 +9.22 < .05 sep.
Claude 4.5 Grok 4.1 +2.32 < .05 sep.
Grok 4.1 GPT-5 mini +1.80 .083 n.s.
GPT-5 mini Llama-SL-70B +0.02 .999 n.s.
Llama-SL-70B Qwen-SL-32B +1.10 .307 n.s.
Qwen-SL-32B ThaiLLM-8B +0.38 .749 n.s.
ThaiLLM-8B Typhoon v2.5 +6.72 < .05 sep.
Typhoon v2.5 GPT-OSS +4.75 < .05 sep.

Table 9: Adjacent-pair comparisons underlying the tier
assignment in Table 2. ∆ is the accuracy difference
in percentage points; “sep.” denotes separable at p <
0.05. Item-level paired bootstrap, 10,000 resamples. SL
abbreviates SEA-LION.
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