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Abstract
Large Language Models (LLMs) have shown strong generalization across tasks in high-resource languages;
however, their linguistic competence in low-resource and morphologically rich languages such as Tamil remains
largely unexplored. Existing multilingual benchmarks often rely on translated English datasets, failing to capture
the language specific linguistic and cultural nuances of the target language. To address this gap, we introduce
ILAKKANAM, the first Tamil-specific linguistic evaluation benchmark manually curated using 820 questions from
Sri Lankan school-level Tamil subject examination papers spanning Grades 1–13. Each question is annotated by
trained linguists under five linguistic categories and a factual knowledge category. We evaluate both closed-source
and open-source LLMs using a standardized evaluation pipeline. Our results show that Gemini 2.5 achieves the
highest overall performance, while open-source models lag behind, highlighting the gap in linguistic grounding.
Category- and grade-wise analyses reveal that all models perform well on lower-grade questions but show a clear
decline as the grade level and the linguistic complexity of the questions increase. Further, no strong correlation
is observed between a model’s overall performance and its ability to identify linguistic categories, suggesting that
performance may be driven by exposure rather than genuine understanding. The code and dataset used in this
study are publicly available in our repository, where the dataset consists only of extracted examination questions to
mitigate potential data leakage.
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1. Introduction

Since the public release of ChatGPT in
2022 (OpenAI, 2022), Large Language Models
(LLMs) have drawn significant public attention and
rapidly integrated into everyday life. This growing
interest has attracted substantial investment and
funding toward companies developing these
systems, resulting in a proliferation of models
from different vendors. Closed-source models
such as GPT-5 (OpenAI, 2025), Claude Son-
net 4.5 (Claude, 2025), and Gemini 2.5 (Comanici
et al., 2025), as well as open-source counterparts
like LLaMA 4 (Llama4Herd, 2025), DeepSeek-
V3 (DeepSeek-AI et al., 2025), Qwen 2.5 (Qwen
et al., 2025), and Grok 4 (Grok4, 2025), represent
this expanding ecosystem. As LLMs become
integrated into human workflows, including their
use as evaluators for complex tasks (LLM-as-a-
Judge) (Gu et al., 2025; Fu and Liu, 2025), the
responsibility lies with the research community to
evaluate these models, understand their capabil-

The name ILAKKANAM (இலக்கணம்), meaning
”grammar” or ”structural rules” in Tamil, reflects the
dataset’s focus on evaluating the formal linguistic accu-
racy and systematic rule-adherence of large language
models.

ities, and identify their limitations (Chang et al.,
2023).

The GLUE benchmark (Wang et al., 2018) and
its extended version, SuperGLUE (Wang et al.,
2019), established a standardized framework for
evaluating language understanding across lexical
semantics, logic, and grammar. BLiMP (Warstadt
et al., 2020) extended this direction by introduc-
ing minimal pair evaluations for core syntactic
phenomena such as subject–verb agreement and
filler–gap dependencies. HELM (Liang et al.,
2023) broadened the evaluation scope to incor-
porate ethical and demographic dimensions while
emphasizing the limited multilingual and typologi-
cal coverage of existing benchmarks. The MMLU
dataset (Hendrycks et al., 2021) introduced a mul-
titask evaluation across 57 academic and pro-
fessional subject domains assessing both factual
knowledge and reasoning ability. Despite measur-
able gains from larger models such as GPT-3, per-
formance remains below expert level, indicating
persistent limitations in knowledge depth and re-
liability.

While several efforts have attempted to create
multilingual benchmarks, most are direct transla-
tions of their English counterparts (Singh et al.,
2025; Bandarkar et al., 2024). Such approaches
often fail to capture the cultural and linguistic nu-
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ances of the target languages (Ji et al., 2023). Fol-
lowing the design of MMLU, comparable bench-
marks have been developed for other languages,
including Sinhala (Pramodya et al., 2025), Ara-
bic (Koto et al., 2024), Chinese (Li et al., 2024),
Turkish (Yüksel et al., 2024), Indonesian (Koto
et al., 2023), Korean (Son et al., 2025), and
Persian (Ghahroodi et al., 2024). These efforts
demonstrate the importance of language-specific
benchmarks developed by native-speaking com-
munities, ensuring that linguistic and cultural char-
acteristics are represented, which are otherwise
often absent in large-scale multilingual settings.
While SEA-HELM2 (Susanto et al., 2025) evalu-
ates the linguistic capabilities of LLMs through its
LINDSEA suite for Tamil, its coverage remains lim-
ited.

To address this gap, we introduce the
ILAKKANAM, a manually curated dataset de-
signed for Tamil linguistic assessment. Inspired
by MMLU, we compile questions from Sri Lankan
school-level Tamil language examination papers.

ILAKKANAM comprises 820 questions span-
ning Grades 1–13, each annotated by trained lin-
guists under five main linguistic categories (pho-
netics, phonology, morphology, syntax, and se-
matics). This paper outlines the procedures used
to collect, clean, annotate, and evaluate these
questions against both closed- and open-source
LLMs. To summarize, our work makes the follow-
ing core contributions:

• We introduce ILAKKANAM, a manually cu-
rated Tamil linguistic benchmark consisting of
820 questions from Sri Lankan school-level
Tamil language examination papers, anno-
tated across five linguistic categories and a
factual knowledge category.

• We design a structured evaluation pipeline
to assess both closed-source and open-
source LLMs, enabling fine-grained compar-
ison across linguistic dimensions and grade-
level complexity.

• Through quantitative analysis, we reveal a
consistent performance gap between closed-
and open-source models, limited correla-
tion between linguistic accuracy and cate-
gory classification, and highlight the need for
deeper linguistic grounding in Tamil language
modeling.

The code and dataset are available online3. The
dataset includes only extracted examination ques-
tions to minimise potential data leakage.

2Previously known as BHASHA
3https://github.com/LTG-UoJ/

ILAKKANAM-Public

2. Background

This section provides a brief introduction to the
Tamil language and the Sri Lankan education sys-
tem to contextualise and support the work pre-
sented in this paper.

2.1. The Tamil language
Tamil (tam) is a member of the South Dravidian
branch of the Dravidian language family and is spo-
ken by approximately 90 million people worldwide4.
It is an agglutinative language with rich morpho-
logical and syntactic constructions. Tamil has a
documented history of over two millennia, evolv-
ing through distinct historical stages. It holds offi-
cial language status in Sri Lanka, Singapore, and
the Indian state of Tamil Nadu, and recognised as
a second language in many other countries.

From a computational perspective, Tamil is clas-
sified as a low-resource language according to
Joshi’s typology (Joshi et al., 2020). Although
widely spoken, Tamil lacks comprehensive, high-
quality, and error-free resources—particularly an-
notated datasets and standardized benchmarks—
which limits the development and evaluation of ro-
bust NLP tools for the language.

2.2. The Sri Lankan education system
Sri Lanka provides 13 years of free general edu-
cation across four cycles: Primary (Grades 1–5,
ages 5–10), Junior Secondary (Grades 6–9, ages
11–14), Senior Secondary (Grades 10–11, ages
15–16), and Advanced Level (Grades 12–13, ages
17–18)(Liyanage, 2014). Schooling is compulsory
from Grade 1 to 13, with three major national ex-
aminations: the Grade 5 Scholarship Exam (for
merit-based school access and financial aid), the
GCE O/L at Grade 11 (stream selection for A/L),
and the GCE A/L at Grade 13 (university admis-
sion)(Liyanage, 2014).

Tamil is taught as a subject for Tamil-speaking
students from Grade 1 to 11, and as a special-
ization in Grades 12–13. This extended exposure,
reinforced by national assessments, builds strong
linguistic competence among Tamil speaking pop-
ulation in Sri Lanka.

By Grade 55, students are expected to acquire
foundational skills in listening, reading, speaking,
and writing. By Grade 116, they are expected to
master grammar and apply Tamil in academic and

4https://www.worlddata.info/languages/
tamil.php

5https://nie.lk/pdffiles/tg/
tGR05TGTAMILLANGUAGE.pdf

6https://nie.lk/pdffiles/tg/t11tim159.
pdf

https://github.com/LTG-UoJ/ILAKKANAM-Public
https://github.com/LTG-UoJ/ILAKKANAM-Public
https://www.worlddata.info/languages/tamil.php
https://www.worlddata.info/languages/tamil.php
https://nie.lk/pdffiles/tg/tGR05TG TAMILLANGUAGE.pdf
https://nie.lk/pdffiles/tg/tGR05TG TAMILLANGUAGE.pdf
https://nie.lk/pdffiles/tg/t11tim159.pdf
https://nie.lk/pdffiles/tg/t11tim159.pdf
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social contexts. Though not always explicitly la-
beled, the curriculum gradually introduces key lin-
guistic domains: phonetics, phonology, morphol-
ogy, syntax, and semantics. In Grades 12–13, stu-
dents specializing in Tamil engage with advanced
material, including literature, history, and poetry.

3. Related Work

3.1. Tamil in Multilingual Benchmarks
A few multilingual benchmark evaluation datasets
include Tamil among other Indic and Southeast
Asian languages.

SEA-HELM (Susanto et al., 2025; Leong et al.,
2023), through its LINDSEA suite for Tamil, as-
sesses morphology, syntax and semantics using
minimal pair structures and handcrafted diagnos-
tics. In their work, the authors show that both
GPT-4 and GPT-3.5-Turbo perform poorly on Tamil
morphological analysis, with scores of 16.43% and
41.43%, respectively, even when prompted in En-
glish. Issues were particularly acute in processing
gender, person, and tense agreement, as well as
case marking in Question Answering tasks. This
highlights that even prominent commercial mod-
els still have progress to make in achieving true
multilinguality. SEA-HELM further revealed that
Tamil’s non-Latin script introduces complications
in prompt design, such as the use of capitalization
or punctuation conventions that do not align with
Tamil’s orthographic norms.

While PARIKSHA (Watts et al., 2024) scored
Tamil-generated content highly in terms of fluency
and grammaticality, it remains unclear whether
this reflects deep language modeling or surface-
level token fluency. Collectively, these studies pro-
vide strong evidence for the creation and evalua-
tion of LLMs on Tamil in a more fine-grained man-
ner.

3.2. Categorization of Linguistic
Evaluation

Linguistic evaluation can span several axes. How-
ever, we use the five key levels: Phonetics,
Phonology, Morphology, Syntax and Semantics
for our evaluation7.

3.2.1. Phonetics & Phonology

Studies outside Tamil, such as Begus et al. (2025),
evaluated metalinguistic phonological abilities and
showed that LLMs generalize over patterns like in-
tervocalic gemination using synthetic words. Poly-
Bench (Suvarna et al., 2024) further introduced

7https://linguistics.ucla.edu/
undergraduate/what-is-linguistics/

tasks on grapheme-to-phoneme conversion and
syllable counting, noting that phonological com-
petence remains underexplored even for English.
These approaches provide useful reference points
for designing Tamil-specific phonological evalua-
tions. However, Mmodel evaluations have yet to
examine Tamil phonetics and phonology in detail,
although some existing studies offer transferable
insights. In SEA-HELM’s LINDSEA suite reports
that Tamil’s script posed challenges for grapheme-
level prompt formatting, adding further difficulty for
phonology-related tasks.

3.2.2. Morphology

Tamil’s morphological richness continues to pose
difficulties for current LLMs. Results from the
LINDSEA tests in SEA-HELM showed frequent er-
rors in morphological agreement, including mis-
matches in case, gender and number (Leong et al.,
2023; Susanto et al., 2025). Such problems ap-
peared consistently across Question Answering
(QA) and sentence completion tasks, indicating
that the models lack a stable inflection mechanism
for agglutinative languages.

PARIKSHA (Watts et al., 2024) reported a per-
fect acceptability score for GPT-4-Turbo on Tamil
texts, but this self-assessment measure does not
necessarily capture linguistic depth. The gap be-
tween surface acceptability and internal represen-
tation highlights the need for systematic probing of
morphological understanding in Tamil.

3.2.3. Syntax

Tamil syntax, with its free word order and
nested predicate structures, presents additional
challenges for current models. The syntac-
tic diagnostics in LINDSEA evaluate phenomena
such as argument structure and filler–gap de-
pendencies, areas where LLMs often underper-
form (Leong et al., 2023). Following the approach
of BLiMP (Warstadt et al., 2020), these tests use
minimal pairs to probe specific syntactic contrasts
and expose weaknesses in handling long-distance
dependencies or embedded clause scrambling.

Benchmarks like PAWS (Zhang et al., 2019) also
inform Tamil syntax evaluation by showing that
models tend to rely on surface word overlap rather
than syntactic structure—a concern particularly rel-
evant for Tamil, where flexible word order is gram-
matical. Begus et al. (2025) reported similar limita-
tions, noting that LLMs struggle with recursion and
structural ambiguity, consistent with the syntactic
difficulties observed for Tamil.

https://linguistics.ucla.edu/undergraduate/what-is-linguistics/
https://linguistics.ucla.edu/undergraduate/what-is-linguistics/
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3.2.4. Semantics

Semantic understanding remains one of the most
challenging aspects for Tamil, both in isolation and
in inference-based settings. SEA-HELM evalu-
ated Tamil through the IndicXNLI benchmark and
reported that GPT-4o reached a score of 64.7, no-
tably lower than its performance on Vietnamese
and Indonesian (Susanto et al., 2025). The ear-
lier BHASHA study observed even lower seman-
tic comprehension (33.43%) for GPT-4 when En-
glish prompts were used (Leong et al., 2023). The
model performed better, around 70%, on salient
elements such as the emphatic particle taan, sug-
gesting that high-salience, language-specific to-
kens are more reliably captured.

4. Data Creation

ILAKKANAM comprises 820 questions spanning
Grades 1–13, each annotated by two trained lin-
guists under five linguistic categories (see Table
1 for linguistic categories and their descriptions,
and see Table 2 for examples under each cate-
gory). Questions targeting factual knowledge are
labeled as Facts to evaluate Tamil world knowl-
edge in LLMs. This resource is designed to sys-
tematically assess both linguistic competence and
culturally grounded knowledge in Tamil.

To build this evaluation resource, we developed
a structured pipeline to convert school-level exam-
ination materials into a machine-readable dataset.
The workflow involves three key stages: (1) col-
lecting question papers from open educational
archives, (2) digitizing and cleaning scanned docu-
ments and (3) structuring and filtering the finalized
data for experimental use.

4.1. Data Collection
The dataset was built using school-level Tamil lan-
guage examination questions from Grades 1–13
in Sri Lanka. The papers were sourced from the
Noolaham School8 section of Noolaham.org9.
Two latest exam papers were selected per grade
during the curation phase to ensure grade-wise
coverage and topic diversity. In the digitization pro-
cess, essay-type and structured questions were
excluded, focusing instead on items that yield con-
crete, verifiable answers.

4.2. Digitization & Cleaning
The exam papers were available only as scanned
PDFs because most were typed using non-
Unicode Tamil fonts. To obtain machine-readable

8https://noolaham.school/
9A digital archive of open Tamil educational re-

sources.

text, Google’s Optical Character Recognition
(OCR) engine was applied via Google Docs, cho-
sen for its accessibility and ease of use. Each
file was opened directly in Google Docs, which ex-
tracted text through its built-in OCR system.

Automated conversion introduced character,
spacing, and formatting errors, which were manu-
ally corrected. A simple web interface was used to
input cleaned questions and ensure the formatting
consistency.

4.3. Data Structure & Filtering

To maintain consistency with the school examina-
tion paper format, the dataset incorporates nine
distinct question types. This design also con-
tributes to the broader task diversity beyond tra-
ditional Multiple-Choice Questions (MCQs), while
still retaining a substantial proportion of the
dataset. After automated filtration and manual cor-
rection, a final inspection was performed to remove
both exact and near-duplicate questions.

Each datapoint was described using six key
fields to ensure comprehensive information cap-
ture. A detailed description of these fields and their
subfields is provided in Table 1, including the num-
ber of questions in each question type and linguis-
tic category. Questions requiring lengthy written
responses were adapted into multiple-choice for-
mat with non-obvious answer options to facilitate
automated evaluation.

It should also be noted that questions related
to Pragmatics, Discourse, Stylistics, and other
higher-order aspects were incorporated into the
Semantics category (L5; see Table 1 and Table 2).
This decision was made because semantic inter-
pretation is shaped not only by lexical and com-
positional meaning, but also by pragmatic infer-
ence, discourse context, and stylistic choices, all
of which contribute to how meaning is ultimately
constructed and understood. Consequently, this
has led to an increased count of questions in the
semantics category.

We also retained the original mark allocations
from the papers as they could provide a direct mea-
sure of difficulty of questions.

After the extraction and validation phases were
completed, the finalized dataset was exported in
JSON format for experimental use.

5. Large Language Model Evaluation

This section outlines the setup, configuration, and
methodology used to evaluate multiple LLMs on
the curated Tamil question–answer dataset.

https://noolaham.school/
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Table 1: Dataset structure and categorical counts for the curated examination papers.

Field Subfield Description Count
Paper ID — A composite identifier containing the school or institu-

tion name, grade level, and year of examination, en-
abling precise tracking of question origins.

—

Question Type ID

QT01 Fill in the blanks 13
QT02 Provide answer based on the given set of letters/words 80
QT03 Order the words/letters 24
QT04 Question and Answer 182
QT05 Sentence completion 3
QT06 Rewrite with punctuation marks 13
QT07 Multiple Choice Questions (MCQ) 469
QT08 Question and Answer based on given paragraph 21
QT09 True or False 15

Linguistic Category ID

L1 Phonetics 20
L2 Phonology 32
L3 Morphology 75
L4 Syntax 169
L5 Semantics 512
F Fact (questions testing knowledge of Tamil cultural, his-

torical, or factual information)
12

Question Text — Question from the examination paper. —
Answer — The ground truth or correct answer, validated by profes-

sional linguists.
—

Score — The point value assigned to each question in the original
examination paper, preserved to maintain the weighted
importance of different questions.

—

Table 2: Illustrative example for each linguistic category from the ILAKKANAM Dataset.

Category Example Question from the Dataset
L1 (Phonetics) பின்வருவனவற்றுள்வைளநாமூக்ெகாலியாகஅைமவதுஎது?

”Which of the following is a retroflex nasal?”
L2 (Phonology) 'க' கரம் ேவறுபட்டுஒலிக்கும் ெசால் ”A word in which the letter ’ka’ sounds

differently”
L3 (Morphology) 'கண்டான்' என்பதில் பகுதியாகஅைமவது ”lemma of the word kaṇṭāṉ

(he) saw”
L4 (Syntax) "நிமலன் நன்றாகப் படித்தான்.", "நிமலன் சிறந்த ெபறுேபறு

ெபற்றான்." இவ்விருவாக்கியங்கைளயும்இைணப்பதற்குமBகப்
ெபாருத்தமானஇைணப்பிைடச் ெசால் ”’Nimalan studied well’, ’Nimalan
obtained excellent results’ Which is the most appropriate conjunction to connect
these two sentences?”

L5 (Semantics) ேவைலக்குஆட்ேசர்ப்பதுெதாடர்பானஅரசாங்கத்தின்
உத்திேயாகபூர்வவிளம்பரம் <இைடெவளி> ெவளிவந்துள்ளது.
”The official government advertisement regarding recruitment for the position has
been published in the <blank>”

F (Fact) புதியஆத்திசூடியின்ஆசிரியர், ”The author of the new Atticusudi”

5.1. Evaluation Setup and Configuration

We utilized Abacus.AI10 as a unified interface to
access both open-source and closed-source mod-
els (See Appendix A). The list of evaluated models
can be found in Table 3.

10https://chatllm.abacus.ai

To guarantee consistency and factuality in re-
sponses, the generation temperature was fixed at
0. All other hyperparameters were left at their de-
fault values provided by the platform. To prevent
information leakage, ground-truth answers were
stored in a separate JSON file, locally, leaving
only the questions accessible to the models. Each

https://chatllm.abacus.ai
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question file was fed systematically to every LLM
under evaluation, and the generated responses
were stored in separate files for later analysis. This
setup allowed multiple models to be evaluated in
parallel while preserving data integrity throughout
the process.

Table 3: Model catalog grouped by Source Type
and Provider.

Source Type Provider Model

Closed-Source

OpenAI GPT-5
Anthropic Claude Sonnet

4.5
Google Gemini 2.5
xAI Grok 4

Open-Source
Meta Llama 4
DeepSeek DeepSeek-V3
Alibaba Qwen 2.5 72B

Table 4: We report the overall results of each
model through Score Percentage (SP). The num-
bers in parentheses indicate the actual count of
correct answers out of 820 questions. Results of
the best performing model is made bold.

Model SP (/820)
Claude Sonnet 4.5 71.09 (579)
DeepSeek-V3 58.04 (491)
Gemini 2.5 79.55 (659)
Llama 4 60.67 (501)
OpenAI GPT5 75.94 (633)
Qwen 2.5 37.93 (320)
xAI Grok 4 78.15 (638)

5.2. Evaluation and Analysis
Model performance was evaluated by comparing
each model’s responses with the validated ground-
truth answers (See Appendix B for system prompt).
Scores were measured at several levels of detail to
capture both overall and category-specific perfor-
mance. In addition, we conducted a classification
task where models were prompted to assign each
question to one of six predefined categories (L1–
L5 and F) in zero-shot settings (See Appendix C
for system prompt).

Since not all questions from the original exami-
nation papers were included, the number of items
differed across grades. To allow fair comparison,
the grade-level scores were normalized to a 100-
point scale before analysis. We used the following
equation to obtain the Score Percentage for each
analysis.

SP =
So

St
× 100 (1)

where So denotes the total score obtained by the
model and St denotes the total attainable score.

6. Results and Discussion

We evaluate model performance across four com-
plementary dimensions to obtain a comprehensive
understanding of their linguistic and task-level be-
havior:

1. examine overall performance across the full
dataset

2. analyze results by linguistic category (L1–L5
and F) to capture category-specific variations
(refer Table 5 and Figure 1a)

3. report grade-wise performance to observe
how models handle questions of varying com-
plexity (refer Table 6 and Figure 1b)

4. present results from the linguistic category
classification task, which assesses the mod-
els’ ability to identify the underlying linguistic
phenomenon in each question.

6.1. Overall Performance
As presented in Table 4, the overall evaluation re-
veals clear variation in performance across mod-
els, with Gemini 2.5 achieving the highest score
percentage of approximately 80%, reflecting supe-
rior linguistic understanding and factual precision-
likely supported by Google’s extensive multilingual
and high-quality training data. Among all models,
the closed-source group consistently occupies the
top three ranks, highlighting their advantage in opti-
mization, alignment, and dataset diversity. Among
the open-source models, LLaMA 4 performed com-
paratively well with a score percentage of 60.67%,
demonstrating strong generalization ability despite
limited access to proprietary data. In contrast,
Qwen 2.5, despite being a large-scale 72B model,
recorded the lowest score (39.02%), reinforcing
that model size alone does not guarantee better
performance without effective linguistic grounding
and diverse, representative training corpora.

6.2. Linguistic-wise Evaluation
Models were also evaluated across linguistic cate-
gories to assess how effectively they capture dif-
ferent aspects of linguistic understanding. The
results are presented in Table 5 and Figure 1.
The best-performing model overall, Gemini 2.5,
demonstrated consistent performance across all
categories, indicating a balanced grasp of Tamil
language structure. In contrast, most other models
showed weaker performance in the factual (F) cat-
egory, which does not fall under linguistic analysis
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(a) Score Percentage (SP) of each model across linguis-
tic categories.

(b) Score Percentage (SP) of each model across grade
levels.

Figure 1: Performance comparison of LLMs. (a) Category-wise results showing linguistic variation. (b)
Grade-wise results showing variation across difficulty levels.

Table 5: Linguistic category-wise performance of each model through Score Percentage (SP). The num-
bers in parentheses indicate the actual count of correct answers. The best score in each linguistic cate-
gory is made bold.

Model L1 (20) L2 (32) L3 (75) L4 (169) L5 (512) F (12)
Claude Sonnet 4.5 77.97 (15) 44.74 (15) 75.34 (53) 79.28 (129) 69.68 (362) 37.50 (5)
DeepSeek-V3 61.02 (13) 36.84 (13) 59.36 (42) 57.55 (99) 59.55 (319) 37.50 (5)
Gemini 2.5 88.14 (17) 71.05 (23) 79.91 (57) 85.51 (143) 77.69 (410) 75.00 (9)
Llama 4 77.97 (15) 28.95 (9) 62.10 (45) 63.78 (105) 61.12 (323) 32.50 (4)
OpenAI GPT5 94.92 (19) 78.95 (25) 75.80 (54) 84.51 (142) 72.62 (386) 57.50 (7)
Qwen 2.5 (72B) 54.24 (10) 31.58 (10) 21.92 (17) 40.44 (69) 39.22 (210) 35.00 (4)
xAI Grok 4 96.61 (19) 84.21 (27) 79.00 (56) 83.90 (136) 75.56 (393) 57.50 (7)
Average score 78.70 53.76 64.78 70.71 65.06 47.50

but assesses a model’s Tamil world knowledge—
including familiarity with poem authors, cultural ref-
erences, literary works, and historical facts. When
considering the linguistic dimensions alone, none
of the models exceeded 80%, with Gemini 2.5
achieving the highest scores of 79.91% in L3 and
77.69% in L5, showing its relative strength in lin-
guistic comprehension. The highest score within
a linguistic category was observed in L1 (phonet-
ics)(see Figure 1a), achieved by Grok 4 (96.61%),
closely followed by GPT-5 (94.92%), reflecting
their superior performance in this aspect.

In addition, as noted in previous studies, models
continue to perform poorly on phonology and mor-
phology tasks (see Appendix D for representative
failure cases), likely due to the complex and rich
morphological structure of Tamil. Although bet-
ter performance is generally expected on seman-
tic tasks—since models can leverage contextual in-
formation to infer meaning—the overall scores re-
main low. This may also be attributed to the fact

that the semantic test set also contains pragmatic
questions, which introduce additional challenges
for Tamil.

6.3. Grade-wise Evaluation

Table 6 presents the grade-wise evaluation results
of all LLMs, while Figure 1b illustrates the overall
performance trend across grades. The grade-wise
score percentage analysis shows that all models
performed relatively well in Grades 1 and 2, which
is expected since the questions at these levels are
simpler and focus more on basic language skills
that can be easily captured from training data. As
the grade level increases, particularly from Grade
5 onwards, a noticeable decline in performance
is observed across models. This corresponds to
the increasing linguistic and conceptual complex-
ity of questions that require a stronger command
of Tamil grammar, vocabulary, and linguistic struc-
ture. The lowest scores appear around Grades
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Table 6: We report the Score Percentage (SP) for each grade, with the number of correct answers shown
in parentheses. The best result in each grade is highlighted in bold.
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Gr1 (60) 74.74 (41) 55.79 (29) 85.26 (50) 55.79 (29) 92.63 (55) 38.95 (21) 86.32 (51)
Gr2 (58) 81.98 (46) 70.27 (41) 90.99 (53) 66.67 (39) 92.79 (54) 34.23 (20) 96.40 (56)
Gr3 (90) 74.84 (68) 50.97 (46) 79.35 (70) 60.00 (55) 67.74 (62) 27.74 (26) 76.77 (71)
Gr4 (120) 69.75 (91) 57.41 (76) 75.93 (98) 69.75 (89) 71.60 (94) 37.04 (48) 81.48 (102)
Gr5 (111) 68.18 (79) 59.09 (73) 74.03 (89) 57.79 (71) 74.03 (88) 43.51 (52) 74.03 (88)
Gr6 (37) 77.69 (29) 60.00 (22) 79.23 (29) 62.31 (23) 70.77 (26) 43.85 (16) 84.62 (31)
Gr7 (40) 85.00 (34) 65.00 (26) 85.00 (34) 70.00 (28) 85.00 (34) 55.00 (22) 87.50 (35)
Gr8 (40) 65.00 (26) 50.71 (21) 80.00 (32) 62.86 (25) 70.00 (28) 30.71 (13) 75.71 (30)
Gr9 (50) 64.00 (32) 64.00 (32) 72.00 (36) 60.00 (30) 78.00 (39) 46.00 (23) 70.00 (35)
Gr10 (74) 67.57 (50) 66.22 (49) 79.73 (59) 60.81 (45) 74.32 (55) 39.19 (29) 67.57 (50)
Gr11 (80) 63.75 (51) 65.00 (52) 85.00 (68) 62.50 (50) 75.00 (60) 42.50 (34) 65.00 (52)
Gr12 (20) 55.00 (11) 25.00 (5) 70.00 (14) 45.00 (9) 60.00 (12) 25.00 (5) 65.00 (13)
Gr13 (40) 52.50 (21) 47.50 (19) 67.50 (27) 20.00 (8) 65.00 (26) 27.50 (11) 60.00 (24)

5 and 13, which align with national-level examina-
tions in Sri Lanka, where the questions are more
challenging and require precise linguistic under-
standing. Even though Grade 11 (G.C.E. O/L) is
also a national exam, it is less competitive, which
is reflected in slightly better scores. We see that
xAI Grok 4 performing best for lower grades 1-
7, while Gemini 2.5 outperforms all he models at
higher grades (8-13). Among all models, Gem-
ini 2.5 maintained consistently high performance
across grades, achieving above 67% even at the
higher levels, reflecting its stronger adaptability to
linguistic variation and question complexity com-
pared to other models.

Table 7: Overall Accuracy Percentage (AP) for the
linguistic classification task. Numbers in parenthe-
ses show correctly classified tags out of 820. Best-
performing model is in bold.

Model SP (/820)
Claude Sonnet 4.5 44.02 (361)
DeepSeek V3 27.93 (229)
Gemini 2.5 52.07 (427)
LLaMA 4 51.59 (423)
OpenAI GPT-5 65.61 (538)
Qwen 2.5 72B 52.07 (427)
xAI Grok 4 61.59 (505)

6.4. Linguistic Category Classification

In addition to the primary evaluation task, an ad-
ditional experiment was conducted to better un-
derstand each model’s ability to capture linguis-
tic awareness (refer Table 7). In this setup, the
models were instructed to assign an appropriate
linguistic tag (from L1 to L5) to each question, with
any item not fitting a linguistic category explicitly
directed to be tagged as F. A notable observation
emerged from this experiment: while Gemini 2.5
performed exceptionally well in answering ques-
tions during the main evaluation, it ranked second
in this linguistic categorization task, falling behind
GPT-5, with 111 fewer correctly tagged questions.
This finding reinforces the argument that Gemini
2.5’s strong performance may not stem from gen-
uine linguistic understanding, but rather from its ex-
tensive training data coverage (Rane et al., 2024).
Since the evaluation questions are based on Tamil
school examination papers, they are likely to fol-
low predictable patterns and exhibit limited nov-
elty, making them easier for Gemini to match with
seen data. In contrast, the linguistic tagging task
requires deeper analytical ability and true under-
standing of linguistic structures—skills that cannot
be derived from memorized or surface-level data.
In this respect, GPT-5 demonstrated stronger lin-
guistic awareness and interpretive precision.
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7. Copyrights

All the questions used in this work have been
sourced from publicly available materials that are
licensed under the Creative Commons Attribution-
NonCommercial-ShareAlike 4.0 International (CC
BY-NC-SA 4.0).

8. Conclusion

We introduce ILAKKANAM, a Tamil linguistic
benchmark dataset consisting of 820 manually cu-
rated questions from Sri Lankan school-level Tamil
grade-wise examination papers. We perform an
extensive quantitative evaluation on both closed-
source and open-source LLMs and show that there
is a clear gap between them in terms of Tamil lin-
guistic performance. We analyze the overall re-
sults, discuss model performance across linguistic
categories and grade levels, and present observa-
tions from the linguistic categorization task. Our
studies show that Gemini 2.5 performs the best on
our benchmark dataset, and OpenAI GPT-5 per-
forms the best on the linguistic category classifi-
cation. We find no clear relationship between a
model’s performance on the linguistic tasks and
it’s ability to classify these questions into their
respective linguistic categories, further suggest-
ing that LLM performance may not stem from lin-
guistic understanding but rather from broad ex-
posure to training data. We hope that both the
ILAKKANAM dataset and our analyses help re-
searchers better understand the limitations of cur-
rent models and encourage further efforts toward
evaluating and benchmarking LLMs for the Tamil
language. Our implementation and dataset are ac-
cessible at: https://github.com/LTG-UoJ/
ILAKKANAM-Public, where the dataset includes
only extracted examination questions to minimise
the risk of data leakage.

9. Limitations

First, two recent papers were selected from each
grade level, which may not fully capture the
breadth and diversity of Tamil linguistic phenom-
ena. As a result, certain aspects of language use
and structure may not be adequately represented
in the current dataset. We are actively expanding
the question bank to improve linguistic coverage
and representation.

Second, our analysis focused on five core lin-
guistic dimensions: phonetics, phonology, mor-
phology, syntax, and semantics. Extended linguis-
tic areas, such as pragmatics and stylistics, were
grouped under semantics because of their limited
presence in the dataset. This grouping may re-

duce the granularity of analysis for these higher-
level aspects.

Third, the performance scores reported in this
study may change over time as models continue
to improve through updates and new releases.
Therefore, the results should be interpreted as a
snapshot of model capabilities at the time of evalu-
ation. In future work, we plan to develop a con-
tinuously updated evaluation dashboard to track
model performance over time.

10. Future Work

To address the current limitations, future work will
prioritise expanding the dataset by incorporating a
larger number of examination papers across mul-
tiple years and grade levels. This will improve the
diversity and representativeness of Tamil linguis-
tic phenomena within the question bank, enabling
more comprehensive evaluation of LLMs across
linguistic dimensions.

In addition to the existing quantitative evalua-
tion, future research will incorporate qualitative er-
ror analysis to provide deeper insights into model
behaviour and identify systematic linguistic weak-
nesses. This will support a more fine-grained as-
sessment of model performance across different
linguistic dimensions.

Furthermore, future work will also extend the
evaluation by including small and mid-sized
open-source language models. Assessing their
performance is essential for low-resource set-
tings, where computational and infrastructural con-
straints necessitate efficient yet capable models.
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13. Appendices, Software, and Data

A. Prompting Interface

We used the Abacus.AI API to query multiple models through a unified interface. A simplified version of
our querying function is shown below:

client = ApiClient(api_key)

def query_model(client, model_name, question, system_prompt, temperature):
response = client.evaluate_prompt(

prompt=question,
system_message=system_prompt,
llm_name=model_name,
temperature=temperature

)
return response.content

B. System Prompt 1

The following system prompt was used for the task, where models responded to exam-style question
papers.

system_prompt = (
"You are a helpful and concise assistant."
"Provide only the answer - do not include explanations or full sentences."
"For generation tasks, give a brief, direct response."
"For multiple-choice questions (MCQs), return only the option number or letter

corresponding to the correct answer."
)

C. System Prompt 2

The following system prompt was used for the task, where models performed zero-shot classification into
predefined categories (L1-L5 and F, see Table 1).

system_prompt = (
"You are a precise linguistic classifier. "
"Do not answer the question. Your only task is to analyze the given question

text "
"and assign it to one linguistic category based on its content. "
"Return only the category ID as follows:\n"
"L1: Phonetics\n"
"L2: Phonology\n"
"L3: Morphology\n"
"L4: Syntax\n"
"L5: Semantics\n"
"F: Factual or any other non-linguistic content.\n"
"Respond with only the ID (e.g., 'L3'), without explanations, reasoning, or

extra text."
)
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D. Phonology (L2) and Morphology (L3) Representative Failure Cases

Table 8: Examples of phonology & morphology questions where all models produced incorrect answers.

Question Correct Answer Model Answers
பின்வரும் வினாவிற்கான
மBகச்சரியான விைடயின்
இலக்கத்ைதமட்டும் தருக.
'க' என்ற எழுத்து உச்சரிப்பில்
ேவறுபட்டுஒலிக்கும் ெசால்,
”Select the number corresponding to
the most appropriate answer. Which
word contains the letter ‘ka’ pro-
nounced differently?”

1. பங்கம் (paŋgam)
2. ேபகன் (pēxɛn)
3. தாகம் (t�āxam)
4. அகம் (axam)

1 Claude: 2
DeepSeek: 4
Gemini: 2
LLaMA: 2
GPT-5: 2
Qwen: 3
Grok: 2

பின்வரும் வினாவிற்கான
மBகச்சரியான விைடயின்
இலக்கத்ைதமட்டும் தருக.
பின்வருவனவற்றுள்
ஐகாரக்குறுக்கம் இடம்ெபறாத
ெசால்,
”Which of the following words does not
contain the diphthong ‘ai’ contraction?”

1. ஐப்பசி (aippasi)
2. ைவகாசி (ʋaixāsi)
3. மாைய (māyai)
4. ைப (pai)
5. வைச (ʋasai)

1 Claude: 5
DeepSeek: 3
Gemini: 4
LLaMA: 2
GPT-5: 3
Qwen: 3
Grok: 3

பிரித்ெதழுதுக.
”Split the compound word into its
parts.”
வடகிழக்கு
Northeast

வடக்கு + கிழக்கு Claude: வடம் + கிழக்கு
DeepSeek: வட + கிழக்கு
Gemini: வடக்கின் + கிழக்கு
LLaMA:வடகு +இழக்கு
GPT-5: வட + கிழக்கு
Qwen: வடகி ழக்கு
Grok: வட + கிழக்கு

பின்வரும் வினாவிற்கான
மBகச்சரியான விைடயின்
இலக்கத்ைதமட்டும் தருக.
திரிதல் விகாரம் இடம் ெபறாத
ெசால்,
”Which word does not undergo phono-
logical alternation?”

1. கடற்கைர ”Seashore”
2. மரங்கள் ”Trees”
3. ெகாண்ேடன் ”Held (I)”
4. இருமல் ”Cough”
5. ஓடிப்ேபா ”Run-Go”

5 Claude: 4
DeepSeek: 3
Gemini: 4
LLaMA: 4
GPT-5: 4
Qwen: 3
Grok: 4
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