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Abstract
In this paper, we introduce MATA, a novel evaluation dataset to assess the ability of Large Language Models (LLMs)
in Telugu language, comprising 729 carefully curated multiple-choice and open-ended questions that span diverse
linguistic dimensions. We evaluate 11 open-weight and closed-source LLMs on our dataset and present a fine-grained
analysis of their performance. Further, we empirically show how LLMs rely on superficial heuristics such as answer
position and distractor patterns for multiple-choice questions. Finally, we also compare LLM-as-a-judge evaluation
with human evaluation for open-ended questions assess its reliability in a low-resource language. We argue that
such fine-grained evaluation is essential for understanding model limitations and can inform the development of more
linguistically capable LLMs, while also serving as a foundation for future research in Telugu NLP. Our dataset is
available at: https://huggingface.co/datasets/TeluguLLMResearch/MATA
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1. Introduction

The rapid rise of LLMs has led to a continual stream
of new models, each claiming state-of-the-art per-
formance on standard benchmark datasets. While
most of the datasets are in English, several dataset
creation efforts, such as translated versions of
MMLU (Hendrycks et al., 2021; Singh et al., 2024b)
aim to develop multilingual benchmarks across lan-
guages. However, the reliability and comprehen-
siveness of such large-scale benchmarks warrant
closer scrutiny, as shown by some recent work
(Liang et al., 2023; Balloccu et al., 2024; Alzahrani
et al., 2024). Other research has identified sig-
nificant shortcomings in some standard datasets
including issues like time-sensitive or factually in-
correct questions and misaligned answers, which
may lead to unjust penalization of models (Gema
et al., 2025; Plaza et al., 2024; Cengiz et al., 2025;
Kranti et al., 2025). Moreover, translations, re-
gardless of their linguistic fidelity, often fail (Naous
et al., 2024) to capture the cultural and linguistic
nuances specific to these languages. To address
such limitations, several recent efforts (Alghallabi
et al., 2025; Sibaee et al., 2025; Alghamdi et al.,
2025; Tran et al., 2025) have focused on creating
native test sets for non-English languages. These
datasets aim to incorporate culturally and linguisti-
cally grounded elements (Cheng et al., 2025; Adi-
lazuarda et al., 2025), thereby offering more rep-
resentative benchmarks for evaluating multilingual
LLMs. Such initiatives (Liu et al., 2025; Susanto
et al., 2025) emphasize the need for evaluation re-
sources that reflect the unique linguistic features
and cultural context of each language.

Following this lead, we focus on the evaluation

Figure 1: An open-ended Telugu riddle question
from MATA, sourced from a 1st Grade Telugu text
book, along with a few LLM responses, and com-
ments (in English) about the output.

of LLMs in Telugu in this paper. Telugu, a Dravid-
ian language, is the 18th most spoken language
in the world (Ethnologue, 2025), but it is typically
considered low-resource in terms of NLP support.
It exhibits complex grammar (e.g., different forms of
word compounding), and culturally embedded read-
ing comprehension formats (e.g., metrical poetry)
which can be challenging to LLMs. Existing (non-
translated) multilingual benchmarks that include
Telugu focus primarily on multiple-choice questions

https://huggingface.co/datasets/TeluguLLMResearch/MATA
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that assess factual knowledge (Romanou et al.,
2025; Verma et al., 2024) without evaluating any
of the broader linguistic abilities, or other cultur-
ally grounded aspects such as riddles, idioms and
proverbs, leading to an incomplete assessment of
capabilities in the language.

To address these limitations, we introduce MATA
(మాట)1, a new evaluation dataset specifically de-
signed to assess a wide spectrum of linguistic com-
petencies in Telugu. Figure 1 shows an example
question from MATA, sourced from a 1st Grade
Telugu textbook, and the responses from different
LLMs, indicating how Telugu questions considered
appropriate in complexity for a first grader can still
be challenging for today’s LLMs.

Contributions: Our contributions are threefold.
First, we present a new evaluation dataset that sys-
tematically targets various dimensions of linguistic
understanding in Telugu for the first time. Second,
we systematically benchmark 11 proprietary and
open-weight LLMs on this dataset. Third, we study
the robustness of the multiple-choice question for-
mat and the reliability of LLM-as-a-judge to evaluate
open-ended questions in a low-resource language
context.

2. Related Work

Recent efforts in multilingual LLM evaluation have
emphasized the importance of culturally and lin-
guistically grounded datasets. Several studies have
proposed improved evaluation resources for Ara-
bic, focusing on aspects such as poetry (Alghal-
labi et al., 2025), cultural context (Sibaee et al.,
2025), and regional expressions (Alghamdi et al.,
2025). Similar efforts have been made for Ital-
ian (Magnini et al., 2025), Korean (Shin et al., 2025),
Polish (Dadas et al., 2025), Bengali (Kabir et al.,
2025), Tibetan (Gao et al., 2025) and Irish (Tran
et al., 2025) with datasets designed to capture lin-
guistic phenomena unique to the language, includ-
ing idiomatic usage and syntactic patterns. In the
case of Chinese (Huang et al., 2023; Zhao et al.,
2025), curated benchmarks have explored classical
language constructs, idioms, and culturally signifi-
cant knowledge that are often missed in translated
benchmarks (Agarwal et al., 2025).

Our work extends these lines of research by fo-
cusing on Telugu. Unlike prior datasets involving
Telugu (Endait et al., 2025) that either rely on trans-
lations (Singh et al., 2024b) or are automatically
crawled from web sources (Romanou et al., 2024;
Singh et al., 2024a), we construct a test suite that
directly engages with Telugu-specific grammatical
structures, semantic patterns, and culturally em-
bedded language use by sourcing our questions

1pronounced with two syllables: “MAH-tah” and
means ”word”

from school grade language textbooks and higher
level exams. To the best of our knowledge, MATA
is the first evaluation dataset to offer a nuanced,
multifaceted assessment of LLM capabilities in Tel-
ugu.

Figure 2: Category-wise distribution of questions
in MATA

3. Dataset Creation

Motivated by recent efforts (Huang et al., 2023;
Tran et al., 2025) that utilize educational materials
for benchmark construction, we curate our dataset
from Telugu subject textbooks for grades 1 through
10 prescribed by state education boards of the two
Indian states with Telugu as the official language -
Andhra Pradesh and Telangana. Additionally, we
also select questions from the Telugu language
question papers of various competitive exams that
are available online. All content is derived from pub-
licly available government-issued textbooks and
exam questions. Note that our approach is slightly
different from most of the other work that utilizes
educational materials in the sense that we focus
on the textbooks/exams of Telugu language rather
than content in various subjects (e.g., mathematics,
physics, biology etc) written in Telugu.

All questions were manually selected from the
textbook lessons or exams. The answers were
added by the authors during the annotation pro-
cess for the school grade material and were avail-
able in the key provided for the competitive exam
papers. The curation process was carried out by
two native Telugu speakers (authors of this paper).
Initially, each annotator independently curated a
subset of the dataset. Subsequently, both anno-
tators reviewed each other’s annotations for accu-
racy, clarity, linguistic intent, and orthographic cor-
rectness (e.g., spelling and punctuation). Any dis-
crepancies were resolved through collaborative dis-
cussion to ensure consistency and quality across
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Q: చందు్రో డు దికు్కలనే కొమమ్మిలెకి్క తన పొ డవైన కరములతో 
నక్షత్రోకుసుమాలను అందుకుంటునాన్నిడు - ఈ వాక్యాంలో ఉనన్ని 
అలంకారాలు ఏవి?
[EN]: The moon is reaching out to the stars and reaching 
out to them with its long arms - what are the figures of 
speech in this sentence?

Choices: ["శ�్లష, రూపకం", "ఉపమ, రూపకం", "ఉతే�్ప్రేక్ష, శ�్లష",
                "ఉపమ, దృషా్టా ంతం"]
[EN]: [“sarcasm, metaphor”, “resemblance, metaphor”, 
“fanciful, metaphor”, “Similar, Illustration”]

Answer: A

Q Category: Linguistic Reasoning, Q SubCat: Chandassu

Q: "ఉపకారికి నుపకారము విపరీతము గాదు సేయ వివరింపంగా 
నపకారికి నుపకారము నెపమ�నన్నిక జేయువాడె నేర్పరి సుమతీ " - ఈ 
పద్యాంలో తపు్ప అనే అర్థం వచే్చా పదం ఏది?
[EN]: The good man is not given a reward in vain, but the 
evil man is given a reward in vain, and the evil man is not 
given a reward in vain." - Which word in this verse means 
wrong?

Choices: ["ఎనన్నిక", "నెపము", "విపరీతము", "నేర్పరి"]
[EN]: ["reckoning", "accusation", "exaggeration", "genius"]

Answer: B

Q Category: Reading Comprehension, Q SubCat: Prose

Q: నేను స�ౖతం ప్రోపంచాగిన్నికి సమిధనొక్కటి ....
[EN]: I too am a member of the world fire ....

Choices:  ["ధారప� శాను", "మీట�ను", "ఆహు�చా్చాను", 
"మోసాను"]
[EN]: ["I poured out", "I fillip", "I offered", "I 
carried"]

Answer: C

Q Category: Factual Knowledge, Q SubCat: None

Q: నీరులో ఉనాన్నిను కానీ ఆవిరి కాను. నీలోనూ ఉనాన్నిను కానీ నాలో 
మాత్రోం నేను లేను. ఇంతకీ నేనెవరిన్ని?
[EN]: I am in water but not steam. I am in you but not in me. 
Who am I then?

Q Category: Linguistic Reasoning, Q SubCat: 
Word Guesser

Answer: నీ
[EN]:Thy Answer: గజరాజు ప్ారో ణాలను కాపాడాలన ేఉతా్సాహంతో విషు్ణి వు ల��మ్మిదేవిక ిచెప్పలేదు. 

శంఖ చకశా్రీ లను చేతులోనిక ితీసుకోలేదు. సేవకులెవరినీ పిలువలేదు. గరుడవాహనం 
సిద్ధపరచలేదు..
[EN]: In his eagerness to save Gajaraj's life, Vishnu did not tell 
Goddess Lakshmi. He did not take the conch shell in his hand. He did 
not call any servants. He did not prepare the Garuda vehicle… 

Q: "సిరికిం జెప్పఁడు; శంఖ చకశ్రీ యుగముం జేదోయి సంధింపఁ; డ ేపరివారంబునుఁ జీరఁ 
డభ్రోగప�ం బనిన్నింపఁ డాకరి్ణికాం
తర ధమిమ్మిల్లముఁ జక్క నొత్త ఁడు; వివాద ప�్రో �్థత �శ్రీ కుచో
పరిచేలాంచలమ�ైన వీడఁడు గజప్ారో ణావనోతా్సాహియి�.ై.." -ఈ పదా్యానిక ిఅర్థం ఏమిట?ి
[EN]: “Sirikiṁ jeppam̐ḍu; śaṅkha cakra yugamuṁ jēdōyi sandhimpam̐; 
ḍē parivārambunum̐ jīram̐ ḍabhragapatiṁ bannimpam̐…” - What is the 
meaning of this poem?

Q Category: Reading Comprehension, Q SubCat: 
Summarization Q: "ఏ దేశమేగినా, ఎందుకాలిడినా" గేయ రచయిత ఎవరు?

[EN]: Who is the author of the song "No matter 
what country, no matter what reason"

Answer: రాయప�్రో లు సుబ�్బారావు
[EN]: Rayaprolu Subbarao

Q Category: Factual Knowledge, Q SubCat: None

Figure 3: Annotated examples from MATA. Each question includes the original Telugu text, answer choices,
and the correct answer. Note: English translations/transliterations are included only for reader accessibility
and are not part of the original dataset.

the dataset. The resulting benchmark 2 spans
seven high-level categories (see Figure 2) and fif-
teen subcategories (see Table 3 in Appendix D):
grammar, factual knowledge, vocabulary, linguistic
reasoning, riddles, and idioms and proverbs Each
category includes both multiple-choice and open-
ended questions, enabling a broad evaluation of
both recognition-based and generative capabilities
of LLMs. Approximately 25% of the dataset con-
sists of multiple-choice questions, while the remain-
ing 75% are open-ended. We ensured a range
of difficulty by including items from lower grade
textbooks (simpler syntax and vocabulary) through
high-school texts (advanced grammar and seman-
tics). Question complexity is implicitly stratified
through this grade-level sampling. Figure 3 shows
some examples from the dataset across categories
and question types, with English translation.

4. Experimental Setup

We evaluate 11 proprietary and open-weight LLMs
on our proposed MATA benchmark using the In-
spect evaluation framework 3, with both English
(EN) and Telugu (TE) prompts, keeping the default
settings for the hyperparameters (temperature = 0).

Models Evaluated: Our evaluation includes 11
open-weight and proprietary models. The open-
weight models are: Gemma3-12B, Gemma3-27B,
Qwen3-32B, LLama3.3-70B, and Sarvam-M-
24B, a LLM trained specifically on Indian lan-

2Our dataset is shared publicly under a permissible
license

3https://inspect.aisi.org.uk/

guages, while the proprietary models are from GPT-
4o and GPT-4.1 from OpenAI, Sonnet4 from An-
thropic, Grok-3 from XAI, Gemini2.5-Pro and
Gemini2.5-Flash from Google. All models were
accessed through API calls to the provider Open-
Router4 5. Most of these models claim multilingual
support although the exact list of languages is not
explicitly mentioned. Among these models, only
Qwen3 and Sarvam-M explicitly list Telugu as one
of the supported languages.

Evaluation Metrics: As the dataset serves as
a diagnostic evaluation resource, we focus on de-
scriptive statistics and qualitative analyses to pro-
vide interpretable insights than formal hypothe-
sis testing. We adopt standard evaluation met-
rics based on the question format. For multiple-
choice questions, we report accuracy against the
ground truth using Inspect’s multiple choice scorer
which extracts the answer from the LLM output.
For open-ended questions, we incorporate an LLM-
as-a-judge approach, where model-generated re-
sponses are evaluated against the ground truth
answer using LLaMA3.3-70B LLM. We also re-
ran the experiments with another judge model
(Gemma3-27B) as the scorer and present a compar-
ison of the performance in Section 5.3. The judges
were prompted to give a binary output (Correct vs
Incorrect). To validate the reliability of LLM-based
judgments, we also conduct a human evaluation
described in Section 5.3 on a subset of data.

Although it is possible the models give partially

4https://openrouter.ai/
5The approximate cost for all the evaluations was 120

USD

https://inspect.aisi.org.uk/
https://openrouter.ai/
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Figure 4: Radar plots comparing model performance (see Tables 4 and 5 in the Appendix for detailed
numbers.) on English (EN) and Telugu (TE) prompts across models. Open-ended answers were evaluated
using LLama3.3-70B model as the Judge.

correct answers sometimes and a binary judgment
will penalize such scenarios, it is important to note
that partial correctness may not be relevant in all
use cases, and would need a deeper qualitative
analysis to achieve a better understanding of the
model. Hence, we opt for a binary assessment to
get a broad picture, and leave a more detailed study
of graded assessment as future work for specific
application scenarios.

5. Results

We present a detailed analysis of LLM performance
on MATA, followed by additional analysis on the
robustness and reliability of the question format
and automatic evaluation respectively. All models
were evaluated using Telugu (TE) and English (EN)
prompts (where the prompts are in either English or
Telugu, but the questions are always in Telugu). We
present the overall results, organized by question
type (multiple-choice and open-ended), followed by
a detailed analysis based on model performance
across different categories.

5.1. LLM Performance on MATA
Figure 4 presents a comparative analysis of model
performance on TE and EN prompts for multiple-
choice (left) and open-ended (right) questions.

For multiple choice questions, the models per-
formed only slightly better when evaluated with EN
prompts compared to TE prompts. Among the
closed-source models, Gemini2.5-Pro achieved
higher accuracy for both TE (0.974) and EN (0.942)
prompts, while GPT-4.1 showed consistent per-
formance across prompt languages (0.726 TE,

0.721 EN). In contrast, for open-weight models,
Llama3.3-70B showed a noticeable drop in accu-
racy with TE prompts (0.211 vs 0.632 EN). A man-
ual analysis revealed that this drastic drop was
mainly due to model’s failure to consistently follow
the expected output format rather than incorrect
reasoning. As format compliance is necessary to
extract answers automatically from the response,
and other LLMs we studied did not encounter this is-
sue, we did not do any model specific adjustments
to accomodate the LLama model. Open-ended
questions proved to be significantly more challeng-
ing, with most models scoring between 0.22 and
0.45, substantially lower than multiple-choice per-
formance. This difficulty could stem from two fac-
tors: (1) the inherent complexity of the task i.e.,
generating a free text response rather than select-
ing from the given options, and (2) the models’
tendency to provide incomplete responses in Tel-
ugu. For instance, when a question requires listing
four items, models often provide only one-to-two
items and miss other components, leading to lower
evaluation scores despite partial correctness. The
gap in performance between multiple-choice and
open-ended responses even for the best perform-
ing model highlights the limitations of current LLMs
in terms of Telugu capabilities.

Data Contamination: The relatively high perfor-
mance of Gemini2.5-Pro compared to all other
LLMs may lead to the question of data contamina-
tion. Note that the answers for the questions from
the textbooks were added during the annotation
process and are not found in the textbooks them-
selves. So, while data contamination is possible, it
may not be directly from the sources we used for
the dataset.
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Figure 5: Accuracy of different models on multiple choice questions across various language under-
standing categories using English prompt. G: Grammar, V : Vocabulary, RC: Reading Comprehension,
FK : Factual Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning. Higher the accuracy, better the
performance.

Figure 6: Accuracy of different models on open-ended questions across various question categories
using English prompt. Higher the accuracy, better the performance.

Given the diverse nature of the dataset, we
further analyze model performance across the
seven question categories - Grammar (GR), Vocab-
ulary (VB), Reading Comprehension (RC), Factual
Knowledge (FK), Linguistic Reasoning (LR), Idioms
and Proverbs (IP), and Other Reasoning (OR). Con-
sidering that all models performed slightly better
with English prompts overall, we report all subse-
quent results with English prompts. (Results for
Telugu prompts can be found in the Appendix Ta-
bles 5–11). Figures 5 and 6 show the performance
of the different LLMs for multiple-choice and open-
ended questions respectively across question cat-
egories.

For multiple-choice questions, Gemini2.5-Pro
consistently outperforms other models, achieving
over 80% accuracy across all categories. It also

reaches 100% accuracy in multiple categories, in-
cluding RC, IP, and OR. Multiple models also at-
tain 100% accuracy on the RC and OR, suggesting
these question types are more tractable for the
LLMs. In contrast, the LR category appears partic-
ularly challenging, with most models scoring in the
0.3 - 0.4 range. These questions require applying
phonological rules based on vowel length and syl-
lable structure, which LLMs cannot model explicitly.
Exceptions to this trend include Gemini2.5-Pro
and Qwen3-32B, which achieve relatively higher
scores. This could be potentially because their
training includes phoneme or syllable-aware to-
kenization. Factual Knowledge is another chal-
lenging area, especially for open-weight models.
Interestingly, despite Qwen3-32B’s strong over-
all performance, it records its lowest score along
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with Sarvam-M-24B model in this category. This
may be because of limited regional data and weak
grounding in Telugu cultural entities.

For open-ended questions, while Gemini2.5-
Pro did not achieve 100% accuracy in any single
category, it maintained strong performance overall,
with scores exceeding 70% across all categories.
Although the model achieved 100% accuracy in
the Other Reasoning category for multiple-choice
questions, its score dropped to 67% in the open-
ended setting, its lowest among all categories. The
model’s strong MCQ performance likely from pat-
tern matching, where choices act as anchors, but
its drop in open-ended questions reveal gaps in fig-
urative understanding and limited generative ability.

Both closed and open-weight models exhibited
their weakest performance in the Factual Knowl-
edge category for open-ended questions, suggest-
ing that factual questions, particularly those rooted
in Telugu culture, pose a significant challenge (Ro-
hera et al., 2025) in generative response settings.
In addition, the Grammar, Linguistic Reasoning,
Idioms and Proverbs, and Other Reasoning cate-
gories proved difficult for most models, regardless
of model type.

Some questions in the Linguistic Reasoning cat-
egory involve word guesser puzzles, where models
must infer a target word based on its presence or
absence in a set of word pairs (e.g., I am a three-
letter word; I am comprised of letters that appear
in word1 but not in word2, word3 but not word4,
what am I?). These tasks demand fine-grained
phonemic and lexical discrimination and the mod-
els generally did not perform well. The Idioms and
Proverbs category contains expressions rooted in
Telugu cultural context and usage, requiring cultur-
ally informed language understanding. Similarly,
the Other Reasoning category includes riddles and
context-dependent logic that rely on regional knowl-
edge and idiomatic conventions for successful in-
terpretation. These categories demand not only
linguistic competence but also cultural grounding,
and the models consistently struggled to produce
accurate responses. These results highlight that
while models perform well on certain categories
such as reading comprehension (where answer is
directly in the provided context) across both ques-
tion formats, those that require deeper semantic,
phonological, or cultural understanding remain par-
ticularly challenging. Large scale language specific
fine-tuning with specific tasks cover a broad range
of tasks grounded in the language and culture could
potentially lead to better performance, especially in
the reasoning categories.

5.2. Robustness Analysis
Between Figures 5 and 6, we notice that there are
significant disparities between the performance in

Category A B C D
Grammar 23 14 21 20
Vocabulary 4 5 6 2
Reading Comprehension 6 6 7 7
Factual Knowledge 5 6 4 3
Linguistic Reasoning 7 6 6 4
Idioms and Proverbs 5 4 4 12
Other Reasoning 1 0 1 1

Table 1: Distribution of multiple-choice answer op-
tions (A–D) across different dataset categories.

multiple-choice versus open-ended questions for
the same question category across models. This
raises a question: to what extent do these language
models truly comprehend the questions? To better
understand this, we started with the multiple-choice
format, by analyzing the distribution of correct an-
swer positions in the questions. Table 1 shows the
distribution. Note that the MATA dataset does not
contain ‘None of the others’ as a correct answer
for any question. As shown in Table 1, there is no
strong positional bias within any single category,
suggesting that answer distribution is relatively bal-
anced.

Motivated by (Alzahrani et al., 2024; Sánchez-
Salido et al., 2025), we designed a set of controlled
robustness experiments for multiple-choice ques-
tions. In the first setting, we fixed the position of the
correct answer such that it always appeared in a
specific position (e.g., always the first, second, third,
or fourth option) across all questions. In the second
setting, the correct answer was replaced with the
option `ఇచిచ్న సమాధానాలలో ఏదీ సరిపోదు' (‘None of the
others’), which was positioned either as choice ‘D’
(which we call None-at-the-end or NE) or at the orig-
inal answer’s position (which we call None-Random
or NR). These modifications were intended to as-
sess whether model performance reflects genuine
understanding or reliance on superficial cues and
distributional biases. Figure 7 presents the robust-
ness evaluation results for the three categories
that had consistently better multiple-choice perfor-
mance across models: Grammar, Reading Com-
prehension, and Idioms and Proverbs.

While most models largely retained their accu-
racy across fixed answer positions (A–D), certain
models exhibited clear preferences or aversions to
specific positions. For instance, Claude-Sonnet
4 achieved 100% accuracy when the correct an-
swer consistently appeared in position A, suggest-
ing a positional preference. Similarly, Qwen3-32B
performed well when the correct answer was in po-
sitions A or D but showed a drop for positions B and
C. Comparable trends are observed for Sarvam-M-
24B and Gemma3-12B, where performance varied
depending on the position of the correct option.
Such positional preferences suggest that some
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Figure 7: Robustness analysis of multiple-choice question performance under controlled modifications for
Grammar, Reading Comprehension, and Idioms and Proverbs categories using EN prompt: (i) fixing the
position of correct answers to A, B, C, or D, and (ii) replacing correct answers with ‘None of the others’
placed either at the end (‘NE’) or at the right answer position (‘NR’). O: Indicates the accuracy received
with the choice positions present in the original configuration.

models may rely, at least in part, on shallow heuris-
tics rather than genuine comprehension, raising
questions over the generalization capabilities of
some LLMs.

The performance drops observed for Llama3.3-
70B were again primarily attributable to the model
failing to follow instructions. Overall, all models
in general exhibited a noticeable decline in accu-
racy when ”None of the others” was included as
one of the choices. Interestingly, closed-weight
models tended to under perform when this option
was placed at the end, whereas open-weight mod-
els showed a greater performance drop when the
option appeared at a random position. Gemma3-
12B model ’s drop to 0% when ”None of the oth-
ers” was positioned at the end highlights a signif-
icant sensitivity to this configuration. This drop in
performance when ”None of the others” is intro-
duced (which is in-line with Alzahrani et al. (2024)
and Sánchez-Salido et al. (2025) showed for En-
glish and Spanish) suggests that models struggle
to handle negation and out-of-distribution answer
patterns, particularly when the structure of the an-
swer set deviates from what they have seen during
training or pretraining. Whether this is specifically
more severe in low-resource contexts is a question
for further investigation in future.

The differential behavior between closed and
open-weight models might also need additional
analysis. Closed models tend to perform worse
when None is placed at the end, possibly because

they associate the final position with distractors
or low-probability answers in their training distribu-
tion. Since many multiple-choice datasets do not
use None as a correct answer, these models may
implicitly treat such options as implausible, even
when correct. Conversely, open-weight models
show a more significant drop when None appears
at a random position. This could indicate that they
rely more heavily on fixed positional expectations
or alignment between question types and specific
answer choices. The presence of an unexpected or
semantically vague option like ”None of the others”
in a non-final position may introduce ambiguity that
disrupts their decision-making process.

5.3. Validity of LLM-as-a-Judge
Evaluation

All our open-ended question evaluation so far relied
on a LLama3.3-70B judge. Does using a different
judge model lead us to different conclusions? How
reliable is an LLM-judge in a low-resource context
like this, compared to human judgements? We
explore these questions in this section.

Variation between the Judge models: So far,
we reported all the open-ended evaluations using
LLama3.3-70B judge. However, as mentioned ear-
lier in Section 4, we also repeated all the experi-
ments with Gemma3-27B as an alternate judge. Al-
though there is not much overall difference between
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LLama3.3-70B Judge

Category Gemini2.5-pro LLama3.3-70B Qwen3-32B
JS A-1 A-2 JS A-1 A-2 JS A-1 A-2

Vocabulary 0.882 0.933 0.933 0.353 0.833 0.917 0.529 0.889 0.889
Linguistic Reasoning 0.957 1.0 1.0 0.130 0.667 0.667 0.174 0.250 0.250

Table 2: Accuracy of responses from three LLMs as per a LLama judge and two Human Annotators
across two question categories, using English prompt. JS: Judge score. A1, A2: Human annotators.

the judges across models, there are small to large
variations across all models when we break the
analysis by question category. (see Tables 7 and 8
in Appendix). Clearly, the choice of the judge can af-
fect what we infer about model performance in such
cases. While it is possible to explore other judge
models, use LLM-juries instead of single judges, or
use fine-tuned judge models for this purpose, fur-
ther research is in general needed to standardize
the use of LLM judges across languages, and we
leave it for future exploration.

Comparison with Human Judges: To under-
stand how LLM judges compare with human judges,
we took a randomly selected set of 57 open-ended
questions spanning vocabulary and linguistic rea-
soning categories and the model outputs from three
models, and two native speaker human evaluators
labeled the outputs as correct/incorrect. We com-
pared these human judgments with the correspond-
ing evaluations by the LLama3.3 judge. Table 2
summarizes the results of this comparison. (See
the Table 12 in the Appendix for a similar compari-
son with a Gemma3 judge).

For two of the three models, both the human an-
notators reach the same overall accuracy across
the categories. There is some disagreement be-
tween human annotators only for one case - for the
LLama3.3-70B model on the vocabulary questions.
This was because of a disagreement only on one
data sample of the 34 vocabulary samples. In all
cases, though, the judge model’s reported accura-
cies are much lower than human annotator scores,
indicating that the judges are potentially penalizing
the models more than necessary. Interestingly, the
LLama3.3-70B judge model rates generations from
itself to be of a much lower quality than those from
Gemini-2.5-pro and Qwen3-32B, alleviating con-
cerns of judge models being partial to generations
from their own model family. Finally, the model
judgments and human judgments overall seem to
be closest to each other for the best performing
model i.e., Gemini2.5-pro.

Thus, while high scores on the judge model may
correlate with high scores from human annotators,
low scores from the model judge does not necessar-
ily mean low scores from human judges. We did not
specifically analyze for the specific disagreements
between model judge and humans or analyze the

typical error patterns of the judge model assess-
ments, and we leave that as a question to explore
in future.

6. Conclusions

We described the creation the MATA evaluation
dataset to test the Telugu language capabilities of
LLMs, and benchmarked the performance of 11
state-of-the-art LLMs on this dataset. Additionally,
we conducted a robustness analysis of the multiple-
choice question format and a reliability analysis of
the LLM-as-a-judge approach for evaluating open-
ended questions. Our main conclusions are sum-
marized below:

1. There are wide performance disparities across
categories and question types among all LLMs,
although some data subsets such as multiple-
choice reading comprehension questions elicit
consistently good performance with all LLMs.
(Figures 4– 6). Some open-ended reasoning
questions are hard even for the largest and
presumably most powerful models among the
ones we studied.

2. All LLMs are very sensitive to the order and
semantics of multiple-choice options and we
see large performance drops (over 90% to to
0% in some cases!) after substituting the cor-
rect answer with a ”none of the others” option
(Figure 7).

3. There are variations in the accuracy reported
by the two LLM judges, and the judge LLMs
tend to assign much lower accuracy to model
outputs compared to human annotators. (Sec-
tion 5.3).

Most of the questions in this dataset sourced
from school level textbooks, and hence, can be con-
sidered to be a level comprehensible by children
and other (human) language learners. Yet, most
LLMs struggle to answer them correctly. Asking
questions about the language abilities themselves
instead of focusing on translated knowledge inten-
sive questions or multiple-choice general knowl-
edge questions in a given language is perhaps
essential in understanding the true multilingual ca-
pabilities of LLMs. This will require a more mindful
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development of evaluation datasets and methodol-
ogy in future. While we focus on one language and
a relatively small evaluation set in this paper, we
hope that the analysis will provide useful guidelines
for those working on evaluating the capabilities of
LLMs in other languages.

Limitations

Since we focused on a manual dataset creation
process, the final dataset is not a very large one
(729 questions) despite covering a wide range of
question categories. We also don’t have longer
form generative tasks (e.g., summarizing news ar-
ticles). Further, the dataset does not address spe-
cific real-world scenarios. We did not extensively
conduct few-shot evaluations or investigate more
fine-grained judge assessments instead of a bi-
nary correct and incorrect assessment in this paper.
Other approaches such as LLMs-as-a-jury or em-
ploying fine-tuned judge LLMs instead of generic
LLMs for judging were also not explored. Finally, we
did not conduct any significance testing, as there
are no established guidelines on significance test-
ing for LLM evaluations yet. These limitations are
not specific to this particular paper, though, and
are of a more general nature, as research focused
on LLM benchmarking is still evolving. Despite
these limitations, we see this research as a neces-
sary first step towards better evaluation datasets
for Telugu and a call for sound methodologies for
evaluating LLMs in general, and specifically in low-
resource languages, in future.
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A. Dataset Sources

As mentioned in Section 3, we curated our dataset
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Figure 3 presents representative examples (along
with an English translation) from our curated
dataset. Each data instance includes the follow-
ing fields: category (e.g., Linguistic Reasoning,
Reading Comprehension, Factual Knowledge etc.),
sub-category (e.g., Chandassu, Riddles, Summa-
rization etc.), the question text in Telugu, a list of
choices (for multiple-choice questions), and the
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Category Sub-Category Question Type
Multiple-Choice Open-Ended

Grammar Word Formation 50 83
Sentence Formation 14 24

Compounding 9 51
Other (punctuation, PoS) 5 6

Vocabulary - 17 34
Reading Comprehension Prose 2 21

Summarization (Poetry) 24 55
Factual Knowledge - 18 138
Linguistic Reasoning Word Guesser - 17

Chandassu 23 6
Idioms and Proverbs - 25 36
Other Reasoning Riddles 3 68
Total - 190 539

Table 3: Dataset Stats

correct choice (A/B/C/D). In addition to multiple-
choice questions, our dataset also contains open-
ended questions, which require free-form textual
responses instead of selecting from predefined op-
tions.

C. Question Types

Our dataset consists of two types of questions:
multiple choice and open-ended. Multiple Choice
Questions (MCQs) provide a set of four predefined
answer options and only one correct choice. These
are commonly used in educational settings and al-
low for automatic evaluation. In contrast, Open-
Ended Questions (OEQs) require models to pro-
duce free-form textual responses. These questions
often demand descriptive or explanatory answers
and are inherently more challenging to evaluate au-
tomatically. Both MCQs and OEQs are annotated
with a grade-level difficulty ranging from Grade 1 to
Grade 10. The inclusion of both formats ensures
a diverse assessment of language understanding,
reasoning, and generative abilities in Telugu.

D. Dataset Structure

Our dataset is organized into multiple categories
(see Table 3) that reflect distinct linguistic capabil-
ities. Each question is annotated with one of the
following high-level categories:

The Grammar category evaluates how well
LLMs can understand and apply Telugu grammat-
ical 6 rules. Questions in this category involve
compound words formed through morphological
rules (sandhi) and semantic combination of words
(samasam), as well as tasks involving sentence for-
mation and word construction by correctly ordering

6https://en.wikipedia.org/wiki/Telugu_
grammar

words or letters. This category also includes items
on punctuation usage and part-of-speech (PoS)
identification.

The Factual Knowledge category assesses the
model’s familiarity with Telugu culture, literature,
notable authors, and classical texts. These ques-
tions are designed to evaluate the extent to which
LLMs are grounded in culturally specific knowledge
relevant to Telugu.

The Vocabulary category focuses on evaluat-
ing the model’s lexical understanding. It includes
questions on word meanings, contextual interpreta-
tions, synonyms, and semantic similarities, thereby
testing the model’s knowledge of both surface-level
and nuanced vocabulary.

The Linguistic Reasoning category covers
more advanced linguistic constructs, with a focus
on chandassu 7, a prosodic feature similar to metre
in English poetry. This category tests the model’s
ability to reason about and follow phonological and
structural constraints inherent in classical Telugu
poetic forms.

The Reading Comprehension category in-
cludes questions based on prose and poetry ex-
cerpts, especially classical Telugu poems (padyalu).
Tasks involve answering interpretive questions and
summarizing the given passages, thus testing both
comprehension and generative abilities.

The Idioms and Proverbs category includes id-
iomatic expressions and culturally rooted proverbs
that are common in Telugu. This category eval-
uates the model’s ability to interpret figurative
language and understand expressions that carry
meanings beyond their literal composition.

Finally, the Other Reasoning category con-
sists of riddles and evaluates the model’s ability
to interpret metaphorical and symbolic language.

7https://en.wikipedia.org/wiki/Telugu_
grammar#Chandassu_or_Telugu_prosody

https://en.wikipedia.org/wiki/Telugu_grammar
https://en.wikipedia.org/wiki/Telugu_grammar
https://en.wikipedia.org/wiki/Telugu_grammar#Chandassu_or_Telugu_prosody
https://en.wikipedia.org/wiki/Telugu_grammar#Chandassu_or_Telugu_prosody
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template D.0.1

Answer the following multiple choice question.
The entire content of your response should be of
the following format: ’ANSWER: $LETTER’ (without
quotes) where LETTER is one of A,B,C,D.

Figure 8: Default English Prompt template for the
multiple choice questions from the Inspect Frame-
work.

template D.0.2
మీరు నిషాణ్తులౖెన తెలుగు పండితులు మరియు పర్శన్లను మూలాయ్ంక

నం చేయడంలో అనుభవఙుఞ్లు.

కిర్ంద ఒక పర్శన్, సరియౖెన సమాధానం, మూలాయ్ంకనం చేయవలసిన

సమాధానం ఉనాన్యి.

మీరు మూలాయ్ంకనం చేయవలసిన సమాధానం, సరియౖెన సమాధా

నానికి ఎంత దగగ్రగా ఉందో పోలిచ్ చెపాప్లి.

రెండు సమాధానాలు ఒకటే లేదా బాగా దగగ్రగా ఉంటే: "అవును" అని

చెపప్ండి. అలా కాని పకష్ంలో "లేదు" అని చెపప్ండి.

నియమాలు:

1. ఏ అదనపు వివరణలు లేదా వాయ్ఖయ్లు అందించవదుద్ . పౖెన ఇచిచ్న

పదధ్తిలోమాతర్మే సప్ందించండి.

పర్శన్:

$QUESTION

సరియౖెన సమాధానం:

$GROUND_TRUTH

మూలాయ్ంకనం చేయవలసిన సమాధానం:

$MODEL_RESPONSE

Figure 9: Telugu Prompt template for using LLM as
a judge in the evaluation.

These items typically present a set of descriptive or
metaphorical clues, from which the model must
infer the correct answer. This category tests a
model’s reasoning under ambiguity, cultural align-
ment, and ability to decode non-literal language.

E. Prompt Templates

We use two styles of prompt templates for our ex-
periments: English (EN) Prompt and Telugu (TE)
Prompt. The EN Prompt follows the default tem-
plate provided by the Inspect framework (see Fig-
ure 8). The TE Prompt (see Figure 10 ) follows
standard zero-shot prompting structure comprising
a system message, task description, and details
about the expected response format. We follow

template E.0.1
మీ పని కిర్ంద ఇచిచ్న పర్శన్కు సరౖెన జవాబును ఎంపిక చేయడం.

సూచనలు:

1. మీరు నాలుగు ఎంపికల నుండి ఒక సమాధానానిన్ మాతర్మే

ఎంచుకోవాలి మరియు సరౖెన సమాధానానికి సంబంధించిన అకష్రంతో

(A, B, C, లేదా D) సప్ందించాలి.

2. ఏ అదనపు వివరణలు లేదా వాయ్ఖయ్లు అందించవదుద్ . సరౖెన

సమాధానంయొకక్ అకష్రానిన్ మాతర్మే ఇవవ్ండి.

3. మీరు సమాధానం ఖచిచ్తంగా తెలియకపోతే, పర్శన్పౖె మీ అవగాహన

ఆధారంగా అతయ్ంత సముచితంగా అనిపించే ఎంపికను ఎంచుకోండి.

నియమాలు:

1. పౖెన ఇచిచ్న పదధ్తిలోమాతర్మే సప్ందించండి.

2. జవాబు తపప్నిసరిగా ఇచిచ్న నాలుగు సమాధానాలలోది మాతర్మే

అయి ఉండాలి.

జవాబు 'ANSWER: A,B,C,D' ఈనాలుగుఆపష్న్స్ లలో ఒకటి అయియ్

ఉండాలి.

Figure 10: Telugu Prompt template for the multiple
choice questions.

the same distinction to Judge Prompts, which are
used for prompting models to evaluate the model
generated responses. The EN Judge Prompt uses
the default format from the Inspect framework (see
Figure 11). For Telugu, we designed a custom
TE Judge Prompt (see Figure 9) that mirrors the
structure of the TE task prompt, ensuring that the
evaluation criteria and response expectations are
explained in Telugu.

F. Results

F.1. Performance Based On Question
Type

Table 4 and Table 5 present model performance by
question type (Multiple Choice and Open-Ended)
and prompt style (EN and TE). For open-ended
questions, we report evaluation scores using both
LLaMA3-70B and Gemma3-27B as judges.

With the English prompt, Gemini2.5-pro
achieved the higher score for multiple choice ques-
tions (0.942), and also performed strongly on open-
ended questions, with scores of 0.843 (LLaMA
Judge) and 0.819 (Gemma Judge). Among open-
weight models, Qwen3-32B showed the better per-
formance with the English prompt, with scores
of 0.732 (MCQ), 0.357 (LLaMA Judge), and 0.337
(Gemma Judge).

When evaluated with the Telugu prompt,
Gemini2.5-pro achieved slightly higher scores:
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template E.0.2
TASK

You are comparing a submitted answer to an expert answer on a given question. Here is the data:

BEGIN DATA
************
[Question]:

$QUESTION

***********

Expert

$GROUNDTRUTH_ANSWER

***********

Submission:

$GENMODEL_RESPONSE

***********

END DATA

INSTRUCTIONS:

Compare the factual content of the submitted answer with the expert answer. Ignore any differences in
style, grammar, or punctuation.

Does the submission contain the content in the expert answer?

After assessing the submitted answer, reply with ’GRADE: $LETTER’ (without quotes) where LETTER is
one of CI. Please choose ONE option for the grade: either C for correct answers, or I for incorrect answers.

For example, after reviewing a correct answer you might write ‘GRADE: C’ or after reviewing an incor-
rect answer you might write ‘GRADE: I’

First, write out in a step by step manner your reasoning about the criterion to be sure that your conclu-
sion is correct. Avoid simply stating the correct answers at the outset. Then, end with your answer formatted as
’GRADE: $LETTER’ (without quotes) where LETTER is one of CI.

Figure 11: Default English Prompt template for using LLM as a judge in the evaluation in Inspect
Framework.

0.974 (MCQ), 0.824 (LLaMA Judge), and 0.789
(Gemma Judge). In the case of open-weight mod-
els, Qwen3-32B again performed better on mul-
tiple choice questions (0.679), while LLaMA3.3-
70B scored higher on open-ended responses with
0.293 (LLaMA Judge) and 0.281 (Gemma Judge).

The performance gap observed between EN and
TE prompts, particularly for open-weight models,
suggests an interesting direction for future investi-
gation.

F.2. Performance Based On Category

We further analyzed model performance on both
MCQ and OEQ tasks based on the linguistic cat-
egory of each question, across prompt styles. Ta-
ble 6 reports category-wise MCQ accuracy with
EN prompt. Several models: GPT-4o, GPT-
41, Gemini2.5-Flash, Gemini2.5-pro, and
Qwen3-32B, achieved 100% accuracy in the Read-
ing Comprehension category. Similarly, in the
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Other Reasoning category, models like Claude
Sonnet, Gemini2.5-Flash, and Gemini2.5-
pro also reached 100% scores. Overall, higher
accuracy scores were observed in categories such
as Reading Comprehension, Idioms and Proverbs,
Grammar, and Other Reasoning.

Table 9 presents the corresponding category-
wise MCQ results with the TE prompt. Again,
models such as GPT-4o, GPT-41, Gemini2.5-
Flash, and Gemini2.5-pro achieved 100% ac-
curacy in Reading Comprehension category. High
scores were also observed for Idioms and Proverbs
and Other Reasoning, for the Gemini models.
Broadly, the categories where models performed
well with the EN prompt also saw similar results
with the TE prompt, indicating consistent behavior
across prompt styles for certain categories of the
data.

We extended the category-wise analysis to open-
ended questions, using both LLaMA3.3-70B and
Gemma3-27B as judges with the EN prompt. Ta-
bles 7 and 8 present these results. Categories
such as Factual Knowledge, Linguistic Reasoning,
Idioms and Proverbs, and Other Reasoning con-
sistently yielded lower scores across most mod-
els. Nevertheless, Gemini2.5-Pro achieved rel-
atively better performance for these challenging
categories, with scores ranging from 0.68 to 0.96.
Under the Gemma3-27B judge, scores in these cat-
egories remained similarly low; Also in the Linguis-
tic Reasoning category, models such as GPT-4o,
Gemma3-27B, and Gemma3-12B received scores
of 0, underscoring the complexity of this category.

Tables 10 and 11 show the corresponding results
for TE prompts. Under this setting, Gemini2.5-
pro achieved a score of 1.0 in the Linguistic
Reasoning category. However, for most other
models, the performance trends remained con-
sistent with the EN prompt setting, and reports
lower scores in Factual Knowledge and Idioms
and Proverbs—highlighting persistent challenges
across prompt styles.
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Model
Question Type

Multiple-Choice Open-Ended
Gemma3-27B as a Judge Llama3.3-70B as a Judge

GPT-4o 0.758(0.031) 0.337(0.020) 0.356(0.021)
GPT-41 0.721(0.033) 0.431(0.021) 0.446(0.021)
Grok3 0.711(0.033) 0.448(0.021) 0.496(0.022)
Claude-Sonnet4 0.805(0.029) 0.465(0.021) 0.457(0.022)
Gemini2.5-Flash 0.842(0.027) 0.550(0.021) 0.546(0.021)
Gemini2.5-pro 0.942(0.017) 0.819(0.017) 0.843(0.016)
LLama3.3-70B 0.632(0.035) 0.278(0.019) 0.296(0.020)
Qwen3-32B 0.732(0.032) 0.337(0.020) 0.357(0.021)
Gemma3-27B 0.642(0.035) 0.319(0.020) 0.319(0.020)
Sarvam-M-24B 0.447(0.036) 0.226(0.018) 0.230(0.018)
Gemma3-12B 0.616(0.035) 0.215(0.018) 0.226(0.018)

Table 4: Performance of different models on multiple choice and open-ended questions across various
models using English prompt. Accuracy and standard deviation in parantheses. Higher the accuracy the
better the performance.

Model
Question Type

Multiple-Choice Open-Ended
Gemma3-27B as a Judge Llama3.3-70B as a Judge

GPT-4o 0.716(0.033) 0.309(0.020) 0.304(0.020)
GPT-41 0.726(0.032) 0.333(0.020) 0.304(0.020)
Grok3 0.658(0.035) 0.407(0.021) 0.411(0.021)
Claude-Sonnet4 0.789(0.030) 0.376(0.021) 0.352(0.021)
Gemini2.5-Flash 0.811(0.029) 0.570(0.021) 0.548(0.021)
Gemini2.5-pro 0.974(0.017) 0.824(0.016) 0.789(0.018)
LLama3.3-70B 0.211(0.030) 0.293(0.020) 0.281(0.019)
Qwen3-32B 0.679(0.034) 0.269(0.020) 0.267(0.020)
Gemma3-27B 0.605(0.036) 0.250(0.019) 0.244(0.019)
Sarvam-M-24B 0.432(0.036) 0.167(0.016) 0.200(0.017)
Gemma3-12B 0.600(0.036) 0.189(0.017) 0.193(0.017)

Table 5: Performance of different models on multiple choice and open-ended questions across various
models using Telugu prompt. Accuracy and standard deviation in parantheses. Higher the accuracy the
better the performance.

Model G V RC FK LR IP OR
GPT-4o 0.756 0.824 1.0 0.500 0.522 0.880 0.667
GPT-41 0.808 0.706 1.0 0.389 0.391 0.880 0.667
Grok3 0.692 0.647 0.962 0.667 0.304 0.960 0.667
Claude-Sonnet4 0.782 0.765 0.962 0.611 0.611 0.920 1.0
Gemini2.5-Flash 0.872 0.824 1.0 0.611 0.609 0.960 1.0
Gemini2.5-pro 0.936 0.882 1.0 0.833 0.957 1.0 1.0
LLama3.3-70B 0.679 0.353 0.962 0.500 0.304 0.720 0.667
Qwen3-32B 0.731 0.588 1.0 0.278 0.913 0.720 0.667
Gemma3-27B 0.667 0.647 0.923 0.389 0.435 0.680 0.333
Sarvam-M-24B 0.410 0.471 0.885 0.278 0.043 0.560 0.667
Gemma3-12B 0.667 0.529 0.962 0.389 0.304 0.640 0.333

Table 6: Accuracy of different models on multiple choice questions across various language understanding
categories using English prompt. G: Grammar, V : Vocabulary, RC: Reading Comprehension, FK : Factual
Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning.
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Model G V RC FK LR IP OR
GPT-4o 0.360 0.647 0.844 0.196 0.130 0.111 0.176
GPT-41 0.451 0.765 0.961 0.225 0.261 0.278 0.294
Grok3 0.53 0.735 0.922 0.319 0.130 0.472 0.309
Claude-Sonnet4 0.561 0.676 0.844 0.217 0.217 0.361 0.279
Gemini2.5-Flash 0.518 0.735 0.935 0.384 0.217 0.722 0.426
Gemini2.5-pro 0.921 0.882 0.987 0.703 0.957 0.917 0.676
LLama3.3-70B 0.366 0.353 0.532 0.196 0.130 0.306 0.088
Qwen3-32B 0.457 0.529 0.831 0.087 0.174 0.194 0.176
Gemma3-27B 0.305 0.500 0.818 0.130 0.043 0.250 0.206
Sarvam-M-24B 0.268 0.500 0.571 0.058 0.0 0.056 0.132
Gemma3-12B 0.220 0.412 0.662 0.036 0.043 0.111 0.162

Table 7: Accuracy of different models on open-ended questions using LLama3.3-70B as judge across
various language understanding categories using English prompt. G: Grammar, V : Vocabulary, RC:
Reading Comprehension, FK : Factual Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning.

Model G V RC FK LR IP OR
GPT-4o 0.372 0.588 0.753 0.167 0.0 0.111 0.235
GPT-41 0.463 0.794 0.870 0.239 0.217 0.250 0.235
Grok3 0.482 0.824 0.831 0.326 0.087 0.278 0.206
Claude-Sonnet4 0.549 0.794 0.857 0.225 0.174 0.472 0.235
Gemini2.5-Flash 0.561 0.882 0.948 0.384 0.087 0.611 0.368
Gemini2.5-pro 0.890 0.882 0.974 0.710 0.826 0.778 0.676
LLama3.3-70B 0.329 0.412 0.558 0.167 0.087 0.250 0.074
Qwen3-32B 0.494 0.647 0.649 0.080 0.261 0.167 0.088
Gemma3-27B 0.274 0.588 0.779 0.116 0.0 0.417 0.235
Sarvam-M-24B 0.256 0.500 0.481 0.072 0.043 0.167 0.132
Gemma3-12B 0.207 0.500 0.623 0.065 0.0 0.056 0.088

Table 8: Accuracy of different models on open-ended questions using Gemma3-27B as judge across
various language understanding categories using English prompt. G: Grammar, V : Vocabulary, RC:
Reading Comprehension, FK : Factual Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning.

Model G V RC FK LR IP OR
GPT-4o 0.705 0.647 1.0 0.444 0.478 0.920 0.667
GPT-41 0.782 0.824 1.0 0.444 0.261 0.840 0.667
Grok3 0.692 0.588 0.923 0.444 0.174 0.920 0.667
Claude-Sonnet4 0.795 0.765 1.0 0.444 0.696 0.920 0.667
Gemini2.5-Flash 0.833 0.882 1.0 0.667 0.348 1.0 1.0
Gemini2.5-pro 0.962 0.941 1.0 0.944 1.0 1.0 1.0
LLama3.3-70B 0.192 0.353 0.500 0.111 0.0 0.160 0.0
Qwen3-32B 0.756 0.294 0.923 0.278 0.739 0.680 0.667
Gemma3-27B 0.667 0.647 0.808 0.444 0.174 0.720 0.333
Sarvam-M-24B 0.462 0.353 0.692 0.389 0.043 0.480 0.667
Gemma3-12B 0.654 0.471 0.923 0.278 0.348 0.680 0.333

Table 9: Accuracy of different models on multiple choice questions across various language understanding
categories using Telugu prompt. G: Grammar, V : Vocabulary, RC: Reading Comprehension, FK : Factual
Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning.
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Model G V RC FK LR IP OR
GPT-4o 0.299 0.559 0.740 0.181 0.043 0.083 0.147
GPT-41 0.299 0.618 0.753 0.138 0.130 0.056 0.176
Grok3 0.402 0.676 0.779 0.275 0.130 0.333 0.294
Claude-Sonnet4 0.396 0.647 0.727 0.188 0.043 0.056 0.265
Gemini2.5-Flash 0.543 0.794 0.922 0.413 0.13 0.583 0.412
Gemini2.5-pro 0.829 0.794 0.974 0.659 1.0 0.750 0.691
LLama3.3-70B 0.305 0.382 0.597 0.188 0.087 0.333 0.044
Qwen3-32B 0.378 0.529 0.545 0.036 0.304 0.028 0.132
Gemma3-27B 0.274 0.441 0.597 0.094 0.043 0.083 0.147
Sarvam-M-24B 0.268 - 0.424 0.043 0.167 0.083 -
Gemma3-12B 0.213 0.382 0.468 0.058 0.043 0.083 0.118

Table 10: Accuracy of different models on open-ended questions using LLama3.3-70B as judge across
various language understanding categories using Telugu prompt. G: Grammar, V : Vocabulary, RC:
Reading Comprehension, FK : Factual Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning. For
the Sarvam-M model, responses were not received from OpenRouter for two categories despite multiple
runs; hence, results for those categories are not reported.

Model G V RC FK LR IP OR
GPT-4o 0.335 0.618 0.701 0.159 0.087 0.194 0.088
GPT-41 0.341 0.618 0.766 0.181 0.0 0.167 0.191
Grok3 0.402 0.765 0.792 0.261 0.087 0.306 0.265
Claude-Sonnet4 0.445 0.647 0.779 0.188 0.043 0.111 0.250
Gemini2.5-Flash 0.573 0.941 0.883 0.442 0.087 0.639 0.412
Gemini2.5-pro 0.848 0.853 0.974 0.732 0.913 0.833 0.735
LLama3.3-70B 0.335 0.471 0.584 0.174 0.043 0.278 0.103
Qwen3-32B 0.384 0.559 0.545 0.036 0.261 0.028 0.132
Gemma3-27B 0.274 0.588 0.584 0.094 0.0 0.083 0.132
Sarvam-M-24B 0.201 0.588 0.143 0.094 0.0 0.083 0.132
Gemma3-12B 0.201 0.500 0.455 0.051 0.043 0.056 0.103

Table 11: Accuracy of different models on open-ended questions using Gemma3-27B as judge across
various language understanding categories using Telugu prompt. G: Grammar, V : Vocabulary, RC:
Reading Comprehension, FK : Factual Knowledge, IP: Idioms and Proverbs, OR: Other Reasoning.

Category Gemini2.5-pro LLama3.3-70B Qwen3-32B
JS A-1 A-2 JS A-1 A-2 JS A-1 A-2

Vocabulary 0.882 0.867 0.900 0.412 0.857 1.0 0.647 0.591 0.591
Linguistic Reasoning 0.826 1.0 1.0 0.087 1.0 1.0 0.261 0.333 0.333

Table 12: Accuracy of responses from three LLMs as per the Gemma3-27B judge and two Human
Annotators across two question categories, using English prompt. JS: Judge score. A1, A2: Human
annotators.
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