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ABSTRACT

MMLU is one of the most widely used and referred-to benchmarks for LLM performance [19]. It
consists of multiple-choice questions on elementary, high school, college, and professional topics.
MMLU benchmark was designed with English in mind, but we have seen a rise of multilingual
benchmarks alongside multilingual models in recent years. One example is the MMMLU, which
has multiple alternatives now. Such benchmarks allow researchers to compare the performance of
LLMs across languages, speeding up the development in this area.

While multilingual benchmarks exist, such works tend to have a global scope. As a result,
low-resource languages are left out of the spotlight yet again. This applies to Turkic languages as
well. With the exception of Turkish, Turkic languages have been left of most such benchmarks.
In this work, we have concentrated on evaluation of Turkic languages, including extremely low-
resource languages such as Tatar and Crimean Tatar. We have prepared a benchmark consisting of
high-school-level multiple-choice questions. This benchmark has allowed us to evaluate the NLU
capabilities of SOTA LLMs in Turkic languages.

Turkish is the only Turkic language with a native MMLU benchmark. TurkishMMLU was re-
leased a few months ago [65], and we have collaborated with their team on this project. There
have been attempts to create MMLU benchmarks for Turkic (and other) languages by synthetic
generation or machine translation. However, these approaches are known to produce potentially
erroneous text and do not consider the linguistic and cultural nuances of the target language. Since
MMLU was designed for the English language, its contents are biased towards an Anglocentric
worldview. Therefore, any successful benchmark should be created from native sources instead
of direct or indirect translations. Since TurkishMMLU already exists, our project expanded this
to seven more Turkic languages — Azerbaijani, Kazakh, Uzbek, Tatar, Crimean Tatar, Uyghur, and
Karakalpak.

In this project, we have created a unified and native language understanding benchmark for
the aforementioned languages. We have later used this benchmark to evaluate state-of-the-art
LLMs with multilingual capabilities. We have also evaluated the effect of the writing system on the
performance of the model. Finally, we have analysed the output of LLMs in low-resource languages
and identified that LLMs can respond to questions in low-resource languages using a high-resource
language without being prompted to do so.
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1 INTRODUCTION

1.1 Turkic Unified Multilingual Language Understanding Benchmark

Language understanding encompasses a system’s ability to interpret and derive meaning from hu-
man language, incorporating syntax, semantics, and context. Evaluating language models hinges
on this capability, as it ensures coherence, contextual relevance, and accuracy. Benchmarking is
integral to assessing these models, particularly with the rapid advancements in Large Language
Models (LLMs), which now support multiple languages [63, 16, 17] and excel in complex reasoning
tasks such as mathematical, scientific, and coding-related inquiries [25, 2, 15, 17]. However, the
scarcity of robust natural language understanding (NLU) benchmarks capturing diverse linguistic
and cultural contexts remains a challenge. Notably, LLM performance declines in low-resource lan-
guages, which are often underrepresented in training data, highlighting the need for more inclusive
evaluation frameworks.

The majority of benchmarks included in top leaderboards where cutting-edge LLMs are eval-
uated are majorly prepared in English [19, 52, 58, 57]. In order to extend the applicability of LLM
evaluation in more languages, recent efforts were undertaken to build more multilingual NLU
benchmarks [32], however, most of these either cover a limited set of high-resourced languages,
or the multilingual examples are generated by translating original examples from Western-centric
languages, thus failing to capture cultural nuances inherent in different languages. Due to the
multi-dimensional nature of the reasoning task, language-specific benchmarks, especially when
translated into other languages also fail to represent the actual usage as well as demonstrating rea-
soning in the native language. and may further introduce issues such as translationese [55] and
cultural misalignment [48]. On the other end of the spectrum, there are efforts to bridge that gap for
a particular language, for example, African languages [4], Arabic [29], Chinese [33], and Turkish
[65]. These benchmarks are more effective in evaluating the performance of LLMs in a particular
language, but their mono-lingual nature makes it impossible to perform multi-lingual analysis. We
believe it is necessary to develop a benchmark that is multilingual but also capable of capturing the
linguistic and cultural nuances of the target languages.

In this work, we focus on building a truly representative and inclusive single-language family
benchmark to address previous problems and provide a challenging setting for LLM evaluation. The
TUMLU (Turkic Unified Multilingual Language Understanding) benchmark covers the following
languages: Azerbaijani, Crimean Tatar, Turkish, Uyghur, Uzbek, Karakalpak, Kazakh, and Tatar.
The dataset consists of 4-choice questions at middle- and high-school levels. It consists of 38139
questions across 8 languages and 11 subjects (see Figure 6 for a higher-level breakdown across lan-
guages). It is the first such benchmark to include Uyghur, Karakalpak, Tatar, or Crimean Tatar. It
is also a significant improvement over existing benchmarks for Azerbaijani, Uzbek, and Kazakh.



Turkish dataset is TurkishMMLU, which was a separate project [65]. The benchmark is also repre-
sentative in terms of different scripts by including questions and answers in chosen languages in
Latin, Cyrillic, and Arabic scripts. These datasets are transliterated such that it could be possible
to get a dual dataset with the same content in two scripts for further comparative studies. Figure
7 contains a sample from the Uzbek subset. In the case of Uzbek, Crimean Tatar, and Kazakh, all
questions are available both in Cyrillic and Latin scripts, and we report the performance of LLMs
in both scripts in the last section. Uyghur is available in Latin and Arabic scripts.

We also release a more balanced and manually verified version of the dataset called TUMLU-
mini, which contains 100 questions per subject (unless there are less than 100 for the said subject
in a particular language). We use this version to test SOTA open-source and proprietary models of
various sizes. We evaluated them in two settings: few-shot and chain-of-thought reasoning [59].
Our initial results show that proprietary models remain the best option for Turkic languages.

1.2 Limitations

The main goal of this project is to create a multilingual and multi-subject language understanding
benchmark for Turkic languages. We also aim to use this benchmark to evaluate state-of-the-art
LLMs on Turkic languages. Finally, we compare their performance in the same language with
different scripts. That being said, we also consider it important to state our non-goals.

1. TUMLU benchmark is not intended to compare performance across languages. While this
can be done in a limited sense, these results cannot be considered rigorous since there is a
considerable difference in the difficulty level of the same subject in different languages.

2. TUMLU benchmark does not contain open-ended questions. All questions are multiple-
choice, with 4 or fewer choices.

3. TUMLU benchmark does not contain multimodal questions. All questions are text only.
Mathematical and scientific notations are expressed in KIgXor Markdown, depending on the
level of complexity.

1.3 Thesis outline

The work is structured as follows:
« Section 1 (this) introduces the problem.

« Section 2 outlines the relevant literature on the topic. It covers language modeling, multilin-
gual and low-resource LLMs, Turkic languages, and the evaluation of LLMs.



« Section 3 provides the necessary background information on language modeling, LLM bench-
marks, and Turkic languages. It introduces principles of language modeling, discusses LLMs
and common prompting techniques, and finally explains the current state of language mod-
eling in Turkic languages.

+ Section 4 contains details on the methodology of data collection and contents of the final
dataset. It introduces TUMLU-mini, a smaller and manually verified subset of TUMLU that
was used to evaluate SOTA LLMs in the next section.

« Section 5 contains the details of the experimental setup and experimental results. It contains
general findings and also dives into model-specific results.

« We conclude the thesis with a statement on the limitations and ethical considerations of our
work.

« All other results not included in the 5th section can be found in the Appendix A and Appendix
A.

2 LITERATURE REVIEW

This section includes review of relevant literature on language modeling, multilingual and low-
resource LLMs, and evaluation of LLMs.

2.1 Language modeling

Human languages are known to be redundant and full of patterns. Researchers have attempted to
model these patterns in various ways. Earliest methods relied on symbolic Al. An early example
of this approach was ELIZA [60]. ELIZA was used to simulate a psychotherapist. Another famous
example was SHRDLU [61]. This program, too, relied on rules written by the experts to understand
and interact with human languages. Since these methods could not use existing text corpora to
“learn”, they failed to scale up. As a result, they gradually gave way to implicit language modeling.
However, rule-based systems remain an integral part of even the most modern NLP systems. For
example, Rasa [6], one of the most sophisticated and modern chatbot development systems, still
allows use of pattern matching in its pipelines.

The earliest implicit language learning was purely statistical. The most famous example would
be N-gram models [51]. N-gram models rely on the assumption that the probability of the next word
relies on a fixed number of previous words. For example, bigrams use the previous two words
to predict the next word, trigrams use three words, and so on. Bag-of-words was the simplest



statistical approach to representing a text. A relatively more advanced method was tf-idf [21].
These models were easy to implement, but they lacked advanced representations of the language.

By the 21st century, these models were surpassed by neural language models [5]. Unlike statis-
tical models, neural models were capable of modeling more complex relationships between words.
This gives neural models more contextual awareness, making their outputs closer to the actual
probability distributions. The main challenge in modeling language was learning the relationship
between words. Use of recurrent neural networks (RNNs) made this possible. RNNs were intro-
duced by [49] in 1985, but they were not widely adopted due to computational limitations. Once
they were adopted, several issues emerged. Due to gradient vanishing problem, RNNs were less
effective when used over long context. Long-short term memory model was developed to solve this
problem [22]. RNNs and their derivatives remained the dominant architecture for NLP problems
until introduction of attention mechanism [3] and transformer models [56] that relied on it.

Traditionally, language models were trained on a task-specific dataset, with that particular task
in mind. Advances in available text data, computational power, and introduction of attention mech-
anism which was easier to parallelize opened the way for the first foundation models — models that
had general-purpose understanding of the language, and could be fine-tuned or prompted to solve
various tasks. The first such model was BERT by Google [13]. This was followed by larger and
more capable language models in the following years. BERT understood English only, but its mul-
tilingual successors were quickly developed. BERT was not intended for language generation, but
GPT-2 [44] and GPT-3 models showed that scaling language modeling enabled human-level lan-
guage generation as well.

2.2 Multilingual and low-source language modeling

First, NLP solutions were developed for English, similar demand existed in other languages, too.
Multilingual NLP became an active area of research after modern tokenizers enabled the develop-
ment of such models. XLM-RoBERTa was one of the earliest attempts at building a multilingual
foundation model [10]. mT5 [62] was an early multilingual generative language model. In the last
years, almost all state-of-the-art models have some level of multilingual capabilities. Even models
that were trained on monolingual data have been shown to be useful foundation models for other
languages [27].

Multilinguality can be achieved in two general ways: (1) pretraining on a multilingual dataset
or (2) fine-tuning a pre-trained model on a multilingual labeled dataset. The latter can be achieved
in multiple ways, including LORA [24], QLORA [12], RLHF [39], or DPO [45]. The last two are
considered reinforcement learning methods. LORA (Low-Rank Adaptation) is an efficient alterna-
tive to traditional fine-tuning methods. Instead of training the existing weights of a Transformer
block, this method creates an additional rank decomposition matrix for each block. These new



smaller matrices are trained and used during inference alongside the original weight matrices. This
method decreases the number of fine-tuned parameters while preserving the performance of full
fine-tuning. QLORA (Quantized Low-Rank Adaptation) is a more efficient alternative to LORA. It
performs backpropogation on 4-bit weights of the original frozen model. This greatly reduces the
memory requirements for fine-tuning an LLM.

Apart from multilingual models, some low-resource language have their dedicated models.
BERT architecture has been replicated for various languages, including Chinese and Azerbaijani
[27]. Another approach to developing models for low-resource languages is to fine-tune an exist-
ing multilingual model or continue the pre-training stage.

The lack of proper benchmarks is a common barrier to the development of LLMs for low-
resource languages. This issue is gradually being resolved as new benchmarks are introduced.
In the case of Turkic languages, the similarity of these languages has inspired some researchers to
create common benchmarks. Turkic Interlingua is an example of this for the translation task [36].
TurkishMMLU was introduced recently as the first MMLU benchmark for any Turkic language.

2.3 Modeling Turkic languages

Among Turkic languages, Turkish has the most established NLP traditions. This is reflected in
the fact that Turkish has various treebanks, large-scale text corpora, morphological parsers, and
other fundamental NLP tools. While not all of these are prerequisites for developing an LLM or
evaluating it, they show the level of maturity of the Turkish ecosystem. There have been attempts
to train Turkish LLMs from scratch on Turkish-only text corpus [37], or adapt a large multilingual
model to Turkish [1]. An MMLU alternative for Turkish was announced recently [65]. Azerbaijani
has an active NLP community as well. In recent years, there have been attempts to build large-scale
text corpus and a standalone BERT model [27]. This is also the first work to attempt to benchmark
NLU capabilities of language models for Azerbaijani. Another work has built a task-specific LLM
[68]. However, there are no established benchmarks for Azerbaijani.

A pilot evaluation of several LLMs on the Kazakh language was performed [34]. A BERT clone
was trained for Uzbek [30]. However, just like Azerbaijani, these languages lack standardized
benchmarks like TurkishMMLU. There is also a lack of standardization between Turkic languages,
which may be desirable due to the linguistic and cultural proximity of the communities. We are
not aware of any foundation models trained for Kyrgyz, but there are some works that fine-tune
existing foundation models on a Kyrgyz dataset.

While Turkish, Azerbaijani, Uzbek, Kazakh, and Kyrgyz have reached a certain level, other
Turkic languages are lagging. Turkmen, Uyghur, Tatar and other languages Turkic languages have
significant native speakers, but they have very limited NLP resources.



2.4 Evaluation of Large Language Models

Language modeling was pushed forward to solve certain NLP tasks. These tasks can be classified
into the following categories [9]:

 Natural language understanding: sentiment analysis, text classification, natural language
inference (NLI), etc. This category contains traditional NLP benchmarks like SentiBench
[47], IMDB reviews dataset, or Stanford Natural Language Inference Corpus [7].

+ Reasoning. Reasoning capabilities of large language models remain an object of active de-
bates. [43] demonstrates ChatGPT’s reasoning abilities on various NLP tasks.

« Natural language generation tasks like summarization [66] and translation [67].
« Multilinguality [23].
« Factuality [38].

Our work concentrates on an NLU task — multiple-choice question-answering. There are sev-
eral such benchmarks, including MedMCQA [40] for medical question-answering, BIG-bench [14]
and MMLU [19] for multitask evaluation. Since MMLU is partially saturated, its more robust alter-
natives have been developed [58].

Just like we need multilingual models, we also need multilingual benchmarks. While it is easy
to build similar benchmarks in high-resource languages like Chinese and French. Mid- and low-
resource languages are lagging in this area, too. Since most languages do not have the resources
required to build a native benchmark, alternative approaches have been developed. Creating mul-
tilingual benchmarks by machine translating English benchmarks is a common approach, but it
has been shown to be erroneous [55]. There are more advanced works that try to solve this issue.
For example, MURI [31] generates high-quality instruction-tuning datasets that preserve cultural
context.

Recently, there have been attempts to create massively multilingual MMLU datasets. Global
MMLU [50] has translated an existing dataset into 42 languages. They have achieved this with a
combination of professional translation, community translation, and in cases where neither was
available, machine translation. Using the same dataset has its advantages - it is easier to compare
the performance of LLMs across languages. When using different dataset for each languages, it
is harder to make a comparison because difficulty level of the questions may be different. On the
other hand, a dataset created in English carries with itself certain cultural and linguistic biases. It
would be easier for a Chinese language model to understand them. This issue has been explored
in depth in the INCLUDE paper [48]. Instead of translating a single dataset, they have compiled a
multilingual dataset with community support across 44 languages.



3 BACKGROUND

3.1 Language modeling

The term “language modeling” refers to an arbitrary function that predicts the next element (to-
ken) in text based on previous elements. Formally speaking, a language model is represented as a
conditional probability function

P(x;|xy, o, ...imi—1) (1)

where z;_1,%;_2,...,2; is the input sequence of tokens and x; is the next predicted token. We
would need to predict more than a single token to produce text, in which case it would look like

P(z1|zo) * P(x2|xo, 21) * ... x P(a;|T0, 21, ..y Ti—1) (2)

where z( represents the initial input sequence.

Theoretically speaking, a token can be anything from a bit to a sentence. In reality, however, it
tends to be between a character and a word, although this is not strictly true.

Early language models were purely statistical. The simplest such model is called n-gram. This
model uses n previous tokens to predict the next one. Most commonly used versions were bigrams
and trigrams. The larger the n, the larger corpus is required for proper training.

Here’s a concise mathematical explanation in LaTeX of how an n-gram model is trained:

Given a sequence of tokens t1,%9,...,tmy

Cti—(n-1),-- - ti-1,t)
C(ti—(n-1)---»ti-1)

P(tl | ti—(n—l)a e ,tifl) =
In the case of bigrams, this formula would be:

C(ti—a,ti—1,t;)
C(ti—2,ti—1)

Probability function P is later used as a language model. As you can see, this is a simple
statistical model that has very fast training and inference steps. This makes n-grams useful even
now, despite all the advances in neural language models. N-grams are also used in combination
with more advanced algorithms to solve problems such as autocomplete and spelling correction.

P(t; | ti—a,tic1) =

3.2 Large Language Models

In the late 2010s, LLMs emerged and quickly dominated the NLP field. Three factors made this
possible. First was the introduction of transformer architecture. Unlike its predecessor LSTM,
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transformer models do not treat the input sequence, well, sequentially. This enabled the paral-
lelization of the training process. Second was the abundance of text data available on the web.
This was especially the case for English. Third was the continued improvements we achieved in
parallel computing. While GPUs were traditionally used for the rendering of 3D graphics, it was
also adopted in other industries, including machine learning research. As a result of these three
conditions, the NLP community was able to move from task-specific models to foundation mod-
els — models that were trained in a self-supservised manner. That is, instead of using predefined
labels for training, the data itself was used to generate labels. Also, this is not the only model type
that was trained, but it is the most successful type and it is the model that we will concentrate on
throughout this work. These models were large — hundreds of millions of parameters at first and
hundreds of billions of parameters now. Although there was a trend of exponential increase in the
number of LLM parameters (See Figure 1, these large and dense models are gradually giving way
to two different lines of new models. On the one hand, we are seeing more compact, dense models;
on the other hand, we are seeing sparse models with more and more parameters, only a fraction of
which are being used during the inference process. These models are called mixture-of-experts.

Since the beginning of this process, LLMs had both a general understanding of the language
and world knowledge. In most cases, fine-tuning or prompting these models to perform specific
tasks proved more successful than training task-specific models.

An LLM is trained on an unlabeled text corpus. This results in a language model that has
learned the language implicitly. Given an input text, it will automatically complete it in the most
statistically likely manner. However, such a model has limited practical use. In order to make these
base models, as they are called, into chatbots, we need to fine-tune them. Base LLMs fine-tuned to
follow instructions are called instruct models. For example, google/gemma-2-9b’ is a base model,
and google/gemma-2-9b-it ? is an instruction model fine-tuned from google/gemma-2-9b.

Initial works were performed in English using datasets like BookCorpus and WebText (or Open-
WebText, its open-source alternative). These works outperformed all existing models that were
trained directly on a labeled dataset. The release of GPT and BERT models with permissive licenses
promoted the scientific work in this area, resulting in more effective and more efficient alternatives.
These advances were made by (1) training on larger and better datasets, (2) an improved training
process, (3) larger models, and (4) improved model architecture. The international research commu-
nity was quick to replicate these results in other languages, too. Both monolingual and multilingual
alternatives emerged with varying levels of success. The level of success depended on several fac-
tors, including the amount of available text data and existing NLP infrastructure. Both of these
varied widely across the world.

'https://huggingface.co/google/gemma-2-9b
*https://huggingface.co/google/gemma-2-9b-it
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3.3 Prompting LLMs

LLMs are autoregressive models, i.e., they use tokens x1, x3, ..., £, to predict 1. Giving a certain
input x1...2, to get a certain output x,41...2n + m is called prompting.

In the following example, Baku is predicted by the LLM based on the provided input because it
has the lowest perplexity among options (i.e., vocabulary of the tokenizer):

The capital of Azerbaijan is Baku

The desired output is not necessarily a single sequence. For example, if the prompt is a question,
LLM can answer it correctly in multiple ways. For example, both of these are correct:

What is the capital of Azerbaijan? The capital of Azerbaijan is Baku.

or

What is the capital of Azerbaijan? Baku.

These are simple questions, but the latest LLMs are capable of more than answering geography
trivia. In our benchmark, we expect them to answer questions on high-school mathematics and
physics. In such complex cases, it is important to keep the output predictable so that we can auto-
matically calculate the performance of LLM on multiple-choice questions. Our goal is to extract the
choice made by LLM. This is not an easy task. For example, an LLM could answer a maths question
in the following ways.

..., therefore the answer is A.

..., the answer B is not correct ... the correct answer is A.

...Answer: A.

...answer is the fourth option.
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...answer is 3/5.

As you can see, LLM does not even necessarily output option A, B, C, or D. It can answer the
question but not mention which option it was. In order to solve this problem, we employ a method
called few-shot learning [8]. Here, we provide multiple samples with the same structure, followed
by the actual question. This ensures that LLM is going to answer in a predictable format, making
automatic extraction possible.

Question: <Sample question 1>
Answer: A

Question: <Sample question 2>
Answer: B

Question: <Sample question 3>
Answer: B

Question: <Sample question 4>
Answer: A

Question: <Sample question 5>
Answer: C

Question: <Question>
Answer: B.

The actual 5-shot prompt used in our experiments can be found in section 5.1.

Chain-of-thought is a more advanced prompting technique to elicit reasoning in LLMs [59].
First introduced in 2022 by Google Research Brain Team, Chain-of-Thought forces LLMs to start
not with the answer but with the explanation, improving the performance. Zero-shot Chain-of-
Thought is achieved by simply appending “Let’s think step-by-step” to the question.

I am 25 years old. My brother is twice as old as me. How old is he going to be when I am
50?7 Let’s think step-by-step. Your brother is twice as old as you, so he is 25 * 2 = 50 years
old. The difference in your ages now is 50 - 25 = 25 years. Your brother will still be 25 years
older than you, so when you are 50, your brother will be 50 + 25 = 75 years old.

Few-shot Chain-of-Thought is a combination of few-shot and Chain-of-Thought prompts.

11



Question: <Sample question 1>
Explanation: <Sample explanation>
Question: <Sample question 2>
Explanation: <Sample explanation>
Question: <Sample question 3>
Explanation: <Sample explanation>
Question: <Sample question 4>
Explanation: <Sample explanation>
Question: <Sample question 5>
Explanation: <Sample explanation>
Question: <Question>
Explanation: Let’s think step-by-step. Your brother...

5-shot Chain-of-Thought is a powerful method, but it creates additional problems. Traditional
5-shot prompts create predictable outputs, but 5-shot Chain-of-Thought prompts are less manage-
able.

We have used 5-shot and 5-shot Chain-of-Thought prompting methods in our experiments.
Actual prompts can be found in section 5.1.

3.4 Evaluating LLMs

LLMs are known to be capable in both NLU and NLG tasks — people use them daily as summariz-
ers, information retrievers, email writers, etc. But long before these became possible, researchers
wanted to quantify the capabilities of language models and created challenges. Most of the widely
used benchmarks are still classification-based. This is because evaluating text generation is more
challenging. As a result, generative problems are formulated as classification problems and solved
as such. A famous example would be an extractive question-answering dataset called SQuAD [46],
where question-answering — a traditionally generative task — was converted into a classification
problem. But even if we convert the problem, state of the art LLMs remain generative models. This
means that we also need to map the output of the LLM to a predefined class, which is error-prone.
This step can be represented as follows:

: )
fextract > Ygen = Cpred Cpred eC (3)

Where Yy, is the generated output and cpreq is the final prediction extracted from this text.
Using this formula, we can represent the evaluation of LLMs on a classification task as follows:

12



score = S(fextract(P($7psys; 07 ¢))7 Ctrue) (4)

where ¢y is the true label,  is the input question, psy is the system prompt, ¢ is the model
weights, and ¢ is the inference hyperparameters, such as temperature and top K.

In fact, LLMs emerged as a result of attempts to beat these challenges. Earlier challenges were
mostly classification-based, and they have already been saturated. LLMs made most of these bench-
marks obsolete, so more advanced benchmarks like MMLU were introduced to replace them. In the
last 4 years, MMLU has also been mostly solved (see Figure 2), and researchers are now working to
beat even more challenging benchmarks like MMLU-Pro. The problem is that while English mod-
els have surpassed the levels at which MMLU was a valuable benchmark, we cannot say the same
about most other languages. Especially so for the Turkic language family.

100
GPT-4 (few-shot) GPT-40
25 Flan-U-PaLM 540B
Chinchilla Z0B.(5=shot)
S Gopher 280B,(5-shot)
%) UnifiedQA 11B
P 50
o2
w
>
<
RoBERiTa-base 125M (fine-tuned)
25
0
2020 2021 2022 2023 2024

Other models Models with highest Average (%)

Figure 2: MMLU Leaderboard, 2019-2024.
LLM benchmarks have been more and more challenging. This has happened in two directions.

The first direction is specialization. We have more specialized and challenging benchmarks like
AIME for Mathematics [41], LEGALBENCH for Law [18], and MedQA for Medicine.
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The second direction is multilingualism. While SOTA LLMs have solved most of the bench-
marks in English, similarly challenging benchmarks in other languages remain unsolved or par-
tially solved. Multilingual LLM research has skyrocketed in recent years, increasing the number of
multilingual LLMs and multilingual benchmarks.

3.5 Multilingual benchmarks

Evaluating LLMs showed strong performance in English. This led researchers to assess models
in other languages. As LLMs became more multilingual, the need for evaluation tools in various
languages grew [32, 50].

However, creating good multilingual benchmarks presented challenges. A common method
involves translating existing English benchmarks, like MMLU, into other languages [50]. This
approach seems quick but has significant drawbacks. Translated text often suffers from “trans-
lationese” [55]. This means the language might be grammatically correct but sound unnatural or
awkward to native speakers. It carries traces of the original language’s structure and style.

Translations can also miss important cultural details and language nuances [48]. Benchmarks
created in English reflect the cultural context of English-speaking regions. Directly translating
these benchmarks imposes this viewpoint onto other languages and cultures. This creates a bi-
ased test that may not accurately measure an LLM’s understanding of a different language’s native
context.

Another approach uses synthetic generation, where models create new benchmark questions.
This method can also produce incorrect or unnatural text. Some advanced methods have been
suggested to incorporate translation and synthetic generation as steps of a more advanced method.
MURI is a prime example of this approach [31]. Nevertheless, generating high-quality, culturally
relevant questions automatically remains difficult.

These problems highlight the need for benchmarks built from original sources in the target
language. Native benchmarks avoid translation issues and better reflect the actual language use and
cultural context. Creating these native benchmarks is more difficult but provides a more accurate
and fair evaluation of LLM abilities in diverse languages. This need is clear for language groups
like the Turkic languages, which have unique linguistic features and varied resource availability.

3.6 Turkic Languages

The Turkic language family includes languages spoken across a wide area of Eurasia (see Figure 4).
The development and use of LLMs for these languages show significant variation. Some languages
benefit from established research communities and available resources, while others have fewer
tools and datasets. Figure 3 shows the amount of available text data in major Turkic languages and
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Figure 3: Amount of available text data in each language, according to FineWeb 2 [42]
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compares it against other world languages. While not a comprehensive comparison, it highlights
the resource gap between Turkic languages and high-resource languages. While the lack of readily
available natural text cannot be solved in a short period of time, other problematic situations, such
as the lack of benchmarks, can be improved upon. This work focuses on improving evaluation
resources for several Turkic languages.

Turkish: Turkish has the most developed NLP resources among Turkic languages. It pos-
sesses various text corpora, treebanks [53], and morphological analyzers [64]. Researchers have
trained LLMs specifically for Turkish [54] and adapted existing multilingual models [1]. A dedi-
cated MMLU-style benchmark, TurkishMMLU [65], exists to evaluate LLM performance in Turkish.
The TUMLU benchmark incorporates data from this existing Turkish resource [26].

Azerbaijani: The Azerbaijani NLP community is active. Efforts include building text corpora
and training specific models like BERT [27]. Some work exists on task-specific LLMs [68] and initial
NLU benchmarking [27]. However, before TUMLU, there were no established, broad-coverage
benchmarks comparable to MMLU for Azerbaijani.

Kazakh: Research includes pilot evaluations of existing LLMs on Kazakh tasks [35]. Like Azer-
baijani, standardized, comprehensive benchmarks were lacking before this project. According to
FineWeb 2, one of the largest multilingual text corpora, most online Kazakh text uses the Cyrillic
script [42]. TUMLU provides the first large-scale NLU benchmark for Kazakh.

Uzbek: A BERT language model specifically for Uzbek exists [30]. Resources and standardized
benchmarks remain limited compared to higher-resource languages. Both Latin and Cyrillic scripts
are in common use [42]. TUMLU introduces a significant benchmark dataset for Uzbek.

Kyrgyz: Kyrgyz datasets are available as a part of larger multilingual benchmarks, such as
Global MMLU [50], but this dataset is translated and we are not aware of any native MMLU-style
benchmarks in Kyrgyz.

Tatar, Crimean Tatar, Uyghur, and Karakalpak: These languages generally have fewer avail-
able NLP resources and less LLM development compared to the languages above. Tatar primarily
uses the Cyrillic script. Crimean Tatar and Karakalpak use both Latin and Cyrillic scripts. Uyghur
primarily uses an Arabic-derived script. For these languages, TUMLU represents the first major
effort to create a substantial NLU benchmark dataset, enabling evaluation of current LLMs and
supporting future model development.

The differing levels of resources and benchmark availability highlight the need for unified eval-
uation tools like TUMLU to better understand LLM capabilities across the Turkic language family.

3.7 Problem Statement

Our main goal is to create a comprehensive benchmark for understanding Turkic languages. This
benchmark, called TUMLU, draws inspiration from existing benchmarks like MMLU [19] and Turk-
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Figure 4: Distribution of Turkic languages.

ishMMLU [65]. However, TUMLU focuses specifically on the Turkic language family. We aim to
provide a unified tool for evaluating large language models (LLMs) in these languages.

The benchmark consists of multiple-choice questions covering subjects typically taught in mid-
dle and high school. It includes eight Turkic languages: Azerbaijani, Crimean Tatar, Karakalpak,
Kazakh, Tatar, Turkish, Uyghur, and Uzbek. For Turkish, we incorporate data from the existing
TurkishMMLU project [65]. For the other languages, we gathered questions from native sources.
We focused on subjects like History, Geography, Native Language & Literature, Biology, Physics,
Chemistry, and Mathematics. We tried to include at least 100 questions per subject for each lan-
guage, though this was not always possible. We also added other subjects where sufficient data
existed.

A key part of this work involves creating high-quality evaluation data. We decided against us-
ing machine translation or synthetic text generation. Instead, we collected questions directly from
native language materials. This approach requires more effort but ensures the benchmark accu-
rately reflects real language use and cultural context. It helps avoid the pitfalls of translationese
and cultural bias often found in translated datasets [65, 48]. Native speakers verified samples of the
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TUMLU steps

Step 1: Data Collection

Gather multiple-choice guestions across 8 Turkic languages and 11 subjects

Step 2: Create TUMLU Dataset
Compile 38,138 multiple-choice guestions into the full TUMLU benchmark

Step 3: Create TUMLU-mini

Curate and manually verify a more concise, balanced subset of the dataset

Step 4: Model Evaluation

Evaluate 5 closed-source and 7 open-source models using 5-shot prompts

Figure 5: Main steps of the project.

collected data. We also developed native-language chain-of-thought prompts for several languages
to test different evaluation methods [59]. We intend to use TUMLU to assess the performance of
current leading LLMs, both open-source and proprietary models. The results will help establish
a leaderboard, offering guidance for projects involving Turkic languages. To support further re-
search, we will publicly release the TUMLU dataset and the code used for evaluation. This work
aims to fill a gap in evaluation resources and promote better language model development for the
Turkic language family.

4 DATASET

This section outlines our approach to data collection and describes the resulting TUMLU bench-
mark designed for LLM evaluation in Turkic languages. The TUMLU (Turkic Unified Multilingual
Language Understanding) benchmark is a multilingual and multitask dataset. It contains 38,139
multiple-choice questions covering 11 subjects across 8 languages. The questions target middle or
high school level knowledge. Many questions are sample or official items from university entrance
exams in the respective countries. A few sample questions from Tatar subset of the dataset can be
found in Figure 8
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Figure 6: Distribution of subjects across languages in TUMLU. Numbers next to language names
indicate the total question count. Left: middle- and high-resource languages; Right: low-resource
languages.

4.1 Dataset Creation

Our goal was to create MMLU-like datasets [19] for several Turkic languages using native sources.
We aimed to avoid issues like translationese [55] and cultural misalignment [48] common in trans-
lated benchmarks. The process varied for each language due to unique circumstances and resource
availability.

Source Collection: We collected data from publicly available books and websites. For Turkish,
we incorporated the existing TurkishMMLU dataset [65]. For Azerbaijani, we initially used a dataset
collected by scraping several public websites. Closer inspection revealed issues, such as incorrect
answer sheets in biology questions. We curated this data to form the final Azerbaijani subset.
For Kazakh and Uzbek, we collaborated with native speakers to identify useful websites containing
public multiple-choice questions, mostly samples for the Unified National Test (Kazakh) or Entrance
Exam (Uzbek). Kazakh math questions came from 7th-grade materials. Data for Tatar, Crimean
Tatar, Uyghur, and Karakalpak were gathered from similar native sources.

Question Formatting: Original questions had between 2 and 5 answer choices. If a question had
more than 4 choices, we removed one incorrect option. If it had fewer than 4, we kept the question as
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Figure 7: A sample question from the parallel Uzbek dataset, available in both Cyrillic and Latin
alphabets. This enables a comparison of LLM performance across different scripts. English transla-
tion is provided for clarity.

is. Most questions in the final dataset have 4 choices, except for Language and Literature questions
in Crimean Tatar.

Data Verification: Native speakers for each language manually verified the quality and cor-
rectness of a random sample from each subject. In languages like Azerbaijani, where initial data
came from community collections, this verification step was crucial. We found that around 10% of
the initially collected Azerbaijani questions were invalid or had incorrect answers, which we then
corrected or removed. Native speakers confirmed the integrity of the final questions used in the
benchmark.
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Figure 8: A sample of TUMLU dataset. Language: Tatar. Subject: Physics.

Language Question Answer
Azerbaijani 63.1 28.0
Crimean Tatar 113.5 67.3
Karakalpak 112.3 65.3
Kazakh 96.8 19.7
Tatar 154.2 47.8
Turkish 204.6 69.6
Uyghur 180.1 51.1
Uzbek 161.4 16.2

Table 1: Average length of questions and answers across languages. An answer here refers to all
choices, not only the correct ones.

4.2 Dataset Composition

The final TUMLU benchmark includes Azerbaijani, Crimean Tatar, Karakalpak, Kazakh, Tatar,
Turkish, Uyghur, and Uzbek.

Content: It covers eleven subjects: Maths, Physics, Chemistry, Biology, Geography, Native
Language & Literature (NL&L), History, Logic, Human & Society, Philosophy, and Religion & Ethics.
Figure 1 shows the distribution of questions across languages and subjects. Table 1 shows the
average length (in characters) of questions and answer choices per language, indicating variability.

Scripts: The benchmark represents linguistic diversity by including questions in Latin, Cyrillic,
and Arabic scripts, reflecting the writing systems used for these languages (See Figure 7 for an
Uzbek example). We also created transliterated versions to enable comparisons of LLM performance
across different scripts using the same content.
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Subjects Excluded from Experiments: Some subjects (Logic, Human & Society, Philosophy,
Religion & Ethics) were available only in one or two languages. While included in the full dataset
release, they were not used in the experiments reported later in this paper due to limited compara-
bility.

4.3 Considerations for Use

While TUMLU supports monolingual evaluation within each language, comparing model perfor-
mance across languages requires care.

Difficulty Levels: The difficulty of questions within the same subject can vary between lan-
guages. Uzbek and Turkish questions, often based on specific university entrance exams, may be
harder. Azerbaijani and Kazakh questions came from community efforts without strict difficulty
oversight. For instance, Kazakh math questions cover only middle-school topics, making them
easier than those in other languages. It is practically impossible to ensure same difficulty lev-
els, because different countries have different high-school cuuricula. This would only be possible
via translation, but translated datasets are known to contain cultural and regional biases [48], as
well as a phenomenon called translationese [55]. These differences in difficulty levels make direct
cross-lingual performance comparison challenging, though the benchmark remains valuable for
comparing different models within a single language.

Value of Native Data: Creating benchmarks from native sources, despite being more effort,
provides a more accurate measure of LLM understanding in a specific cultural and linguistic con-
text compared to direct translation or synthetic generation [65, 48]. It is possible that such native
benchmarks will reveal insights regarding model performance that would otherwise be missed by
synthetic or translated benchmarks.

4.4 TUMLU-mini

To facilitate more balanced and efficient experiments, we created TUMLU-mini.

Creation: This subset consists of 100 randomly selected and manually verified questions per
subject per language. If a subject had fewer than 100 questions in a language, we included all
available questions. Answer choices were shuffled to reduce simple memorization effects. We
removed subjects available in fewer than 3 languages. Table 2 provides the exact composition.

Answers in TUMLU-mini were not distributed equally. We would expect 25 % of each option,
but as you can see in Figure 9, this is not the case. Therefore, we shuffled the answers before using
them in the benchmark. The publicly available dataset is not shuffled.

All experiments reported in Section 5 were run using the TUMLU-mini subset.
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Language (code) NL&L History Geography Chemistry Physics Biology Maths

Azerbaijani (aze) 100 100 100 100 100 100 100
Crimean Tatar (crh) 100

Karakalpak (kaa) 0 0
Kazakh (kaz) 100 100 100 100 100 100 100
Tatar (tat) 100 100 100 100 100 100 100
Turkish (tur) 100 100 100 100 100 100 100
Uyghur (uig) 100 0 0 100

Uzbek (uzb) 100 100 100 100 100 100 100

Table 2: Composition of TUMLU-mini, a more balanced and manually verified subset of TUMLU
benchmark. All experiments in this paper have been run on TUMLU-mini. These numbers exclude
sample questions used in 5-shot and 5-shot Chain-of-Thought prompts. Language codes are from
ISO 639-3.

4.5 Evaluation Approach

We used the TUMLU-mini dataset to assess the language understanding capabilities of current
LLMs.

Models: We evaluated both closed-source/proprietary models (like GPT-40, Gemini 1.5 Pro,
Gemini 1.5 Flash, Claude 3.5 Sonnet, and Claude 3.5 Haiku) and open-source models (like Qwen2.5
72B, Qwen2.5 7B, Llama- 3.1 405B, Llama 3.3 70B, Llama 3.1 70B, Llama 3.1 8B, Gemma 2 27B, and
Gemma 2 9B). Section 5 provides details on the specific models.

Methods: We ran experiments in two main settings:

5-shot: Providing 5 example question-answer pairs from the same subject before the target
question [8]. This method pushes the language model to follow a certain pattern, making automatic
evaluation easier.

5-shot Chain-of-Thought: Providing 5 examples with step-by-step reasoning leading to the
answer before the target question [59]. While this method improves the performance, it also com-
plicates the answer detection process because the final answer can be formatted in different ways.
While we try to force a certain template by providing 5 examples, chain-of-thought reasoning usu-
ally ends with more varying outputs than 5-shot.

Chain-of-Thought Prompts: We created 5 native-language Chain-of-Thought prompts per sub-
ject for Azerbaijani, Kazakh, Turkish, and Uzbek. Native speakers created the prompts for Azer-
baijani, Kazakh, and Uzbek. Turkish prompts were adapted from the TurkishMMLU project [65]
(changing from 5 choices to 4). We did not create Chain-of-Thought prompts for other languages
due to a lack of native speakers available for validation. All prompts were provided in the respec-
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tive native languages, as prior work suggests English prompts do not improve performance [48].
Sample prompts are in the next section.

5 EXPERIMENTS

5.1 Experimental set-up

Data Previous work [65] has shown that 100 questions per subject are enough to estimate the
performance of a larger dataset. Therefore, we ran all experiments on TUMLU-mini, a subset of
the TUMLU dataset containing no more than 100 questions per subject in each language. While we
have performed the experiments and publicly released the data, results on the following subjects
are not reported in this report: Logic, Philosophy, Religion & Ethics, and Human & Society. These
subjects are available in one or two languages only, which makes any generalization impossible.

Model choice We have used TUMLU to evaluate both open-source models, such as Llama 3.1
[17], Gemma 2 [16], Qwen2.5 [63] and proprietary models, such as Gemini 1.5 [15], Claude 3.5
[2], GPT-40 [25]. The size of selected open-source models varies between 7B and 70B. We do not
have this information on proprietary models. This list includes models from the same series, such
as Qwenz2.5 7B instruct and Qwen2.5 70B instruct [63], which allows us to observe the effect of
scaling [20, 28] on multilingual performance. All open-source models are instruct-tuned versions.
We have omitted this information in the tables to preserve space. Wherever applicable, we have
included the performance of Claude 3.5 Sonnet in the paper since it consistently outperforms all
other models. The performance of the remaining models can be found in the appendices A and A.

These experiments started in December 2024, and models were selected at this time. There are
several notable omissions that we believe should be included here:

+ We did not include reasoning models, such as DeepSeek-R1 [11] by DeepSeek or o1 model
by OpenAl However, it is possible that some of the closed-source models included in our
benchmark also use similar reasoning techniques without mentioning it.

+ Our benchmark does not include some important open-source models, such as Mistral-Large-
Instruct-2411 by Mistral or Llama-3.1-Tulu-3-70B by Allen AL

« We also did not include some major proprietary models, such as Grok models.

The reason for these omissions varies from case to case, but it was either due to resource limi-
tations or limited multilingual support offered by these models.
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Prompting We have run experiments in two settings: 5-shot, where we provide 5 example ques-
tions and answers on the same subject before asking a question [8], and 5-shot Chain-of-Thought,
where we provide 5 example questions and explanations of their answers before asking the question
[59]. Below is a fewshot sample for Biology questions in Azerbaijani:

Sual: 1 saatda 1 bakteriyadan neg¢a nasil térayar?
A) 1 nosil
B) 8 nosil
C) 3 nasil
D) 9 nasil

Cavab: C

Sual: Difteriyaya tutulan 50 nafsrden hec biri miialico serumu almazsa onda onlarin
neca noafori 6lor? (10 naforden 3-4 sag qalir)

A) 12-14

B) 3-4

C) 6-7

D) 30-35

Cavab: D

Sual: Mitoz bolinmodon ovval bitki hiiceyrosindo 24 xromosom olarsa omoalo golon
cavan hiiceyralarin hor birinds ne¢s xromosom olar?

A) 24

B) 12

C)6

D) 48

Cavab: D

Sual: Ikigat mayalanmaya hazirliq morhslasinde amsls galon tozcuqlarin niivasi
boliindiikden sonra comi 186 niive yaranir. Neco tozcuq hiiceyrasi bu boéliinmoads
istirak etmisdir?

A) 186

B) 185
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C) 372
D) 93

Cavab: D

Sual: Insan biitiin émrii boyu maksimum necs yeni dis ¢ixarir?
A) 28

B) 12

C) 52

D) 32

Cavab: C

Sual: Seliilozanin ingaat funksiyasina na aiddir?
A) Qan damarlarinin divari

B) Insaat funksiyasi yoxdur

C) Bitki hiiceyralorinin qilafi

D) Plazmatik membran

Cavab:

And here is the Chain-of-Thought sample for the same subset:

Sual: 1 saatda 1 bakteriyadan nec¢a nasil torayor?
A) 3 nasil
B) 9 nosil
C) 8 nosil
D) 1 nasil

Holl: Addim-addim diigsiinok. Bakteriyalar hor 20 dagigads bir dafs coxalir. 1 saat 60
daqigadir. 1 bakteriyalar 1 saatda 3 nasil torayer. Diizgiin cavab A variantidir.

Sual: Ikigat mayalanmaya hazirliq morhslasinde amsls galon tozcuqlarin niivasi
boliindiikden sonra comi 186 nive yaranir. Neco tozcuq hiiceyrasi bu boéliinmads
istirak etmisdir?

A) 185
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B) 186
C) 93
D) 372

Holl: Addim-addim diisiinok. Ikigat mayalanmayanin hazirliq marhslasinds har tozcuq
mitoz boliinme kecirir. Bilirik ki, mitoz boliinme naticesinds hiiceyronin niivesi ikiya
boliintir. Bu o demoakdir ki, mitoz boliinme zamani 186 niive yaranmisdirsa, demsli 93
tozcuq hiiceyrasi bu béliinmadas istirak etmisdir. Diizglin cavab C variantidir.

Sual: Difteriyaya tutulan 50 nofsrden hec biri miialico serumu almazsa onda onlarin
neca nafori 6lor? (10 naforden 3-4 sag qalir)

A) 6-7

B) 3-4

C) 12-14

D) 30-35

Holl: Addim-addim diigtinak.Difteriyaya tutulan 10 naforden 3-4 nafor sag qalir. Demoali 10
nofardon 6-7 nafor olor. Faizlo ifads etsok, xastolorin 60-70 faizi 6lor. Demoli, 50 nafordon
30-35 nofor dler. Diuizgiin cavab D variantidir.

Sual: Mitoz bolinmodon ovval bitki hiiceyrosindo 24 xromosom olarsa omsalo golon
cavan hiiceyralarin hor birinds ne¢o xromosom olar?

A) 12

B) 24

C)6

D) 48

Holl: Addim-addim diisiinek. Mitoz boliinms naticasinds bir hiiceyradon 2 hiiceyra
yaranir. Bu hiiceyralorin har birinin xromosom say1 ilk hiiceyrs ils eyni olur. ilk hiicyerads
24 xromosom var. Demoli, amoals golon hiiceyralorin hor birinds 24 xromosom olacagq.
Diizgiin cavab B variantidir.

Sual: Insan biitiin émrii boyu maksimum necs yeni dis ¢ixarir?
A) 52
B) 32
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Holl: Addim-addim diisiinok. Insanlar iki dofs dis cixarir:

1. Suid diglari (20 adad): Korpslikds ¢ixan va daha sonra tokilsn diglardir.

2. Daimi dislar (32 adad): Siid diglari tokiildiikdan sonra ¢ixan va 6miir boyu qalan diglardir.
Bunlara 4 adad ag1z boslugu disi (agilli dislar) do daxildir. Insanin émrii boyu ¢ixara bilacayi
maksimum yeni dis say1 52-dir.

Diizgiin cavab: A variantidir.

Sual: Seliilozanin ingaat funksiyasina na aiddir?
A) Ingaat funksiyas1 yoxdur

B) Plazmatik membran

C) Qan damarlarinin divari

D) Bitki hiiceyralarinin qilafi

Holl:

Previous work has demonstrated that [48] providing the prompt in English does not result
in performance gains. Due to this, we provide all prompts in their respective native languages.
These prompts were created manually without the use of LLMs. All of them were created by native

speakers and validated by at least one additional person.

Technical details We run our experiments through OpenAl API, Anthropic API, Google Cloud
Gemini AP, Together Al API, and Deep Infra API. No model was run on a local machine. We used
the following hyperparameters with all APIs: TEMPERATURE = 0.0, MAX_TOKENS = 1024, TOP_P
= 1.0. It is important to note that, in the case of proprietary models like GPT-40, even setting the
temperature parameter to 0 does not ensure deterministic output. Nevertheless, we attempted to

make our results as replicable as possible.
Specifically, we used the following APIs:

« OpenAl API: GPT-40
« Antrhopic APIL: Claude 3.5 Sonnet, Claude 3.5 Haiku
+ Google Cloud Gemini API: Gemini 1.5 Pro, Gemini 1.5 Flash

» Together Al API: Gemma 2 27B, Gemma 2 9B
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Model Mean aze crh kaa kaz tat tur uig uzb
Claude 3.5 Sonnet 79.3 844 812 753 83.0 84.0 857 713 69.1
GPT-4o0 751 824 705 70.8 81.0 805 837 665 654
Gemini 1.5 Pro 740 786 703 68.2 784 805 80.0 71.0 65.1
Gemini 1.5 Flash 65.6 724 68.0 612 68.6 683 76.6 57.8 521
Claude 3.5 Haiku 639 706 629 552 699 675 78.0 56.6 503
Llama- 3.1 405B 62.9 659 695 600 690 704 59.7 582 504

Qwen2.5 72B 615 70.1 61.8 546 626 625 739 56.0 504
Llama 3.3 70B 584 66.0 587 49.2 60.0 695 684 516 44.1
Llama 3.1 70B 57.6  68.1 573 499 564 662 649 524 453
Gemma 2 27b 51.6 58.1 498 47.6 58.4 549 643 422 376
Gemma 2 9b 46.8 53.7 46.8 408 49.1 51.8 604 358 36.1
Qwen2.5 7B 42.1 48,0 42.6 372 450 405 556 334 346
Llama 3.1 8B 40.1 484 357 334 464 441 477 350 299

Table 3: Average 5-shot performance of models on Azerbaijani (aze), Crimean Tatar (crh), Kara-
Kalpak (kaa), Kazakh (kaz), Tatar (tat), Turkish (tur), Uyghur (uig), and Uzbek (uzb) datasets.

+ Deep Infra API: Qwen2.5 72B, Qwen2.5 7B, Llama- 3.1 405B, Llama 3.3 70B, Llama 3.1 70B,
Llama 3.1 8B

We had to use two different APIs for open source models due to technical reasons, but we performed
small-scale experiments to ensure that their outputs match each other.

We ran all experiments in Python 3.10.15. We used beautifulsoup4 4.13.3 to extract structured
text data from HTML files. google-generativeai, openai, anthropic, and togetherai clients were used
for sending LLM requests.

5.2 Main findings

In this section, we present the few-shot and Chain-of-Thought performance of selected models on
the TUMLU-mini dataset. We also present an analysis of output language. Lastly, we explore how
well LLMs perform on the same questions written in different (Latin, Cyrillic, or Arabic) scripts.

5.2.1 5-shot results

We present the average performance of all models in each language in Table 3. Claude 3.5 Sonnet
outperforms other models in all languages. The top 5 spots belong to proprietary models, although
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Figure 10: 5-shot performance on TUMLU-mini benchmark.

it has to be noted that there are larger open-source models that have not been included in this bench-
mark. Among the available open-source models, Qwen2.5 72B Instruct has the best performance.
Results also confirm the scaling hypothesis: Llama 3.1 70B significantly outperforms Llama 3.1 8B.
The same applies to Qwen2.5 7B/72B and Gemma 2 9B/27B. We can also observe a significant im-
provement from Llama 3.1 70B to Llama 3.3 70B. While it is not possible to directly compare results
across languages, we can observe that low-resource languages, such as Crimean Tatar, Karakalpak,
and Uyghur have comparable performance to middle- and high-resource languages. Notably, this
trend holds even with the lowest-performing models.

We present the 5-shot evaluation of Claude 3.5 Sonnet in more detail in Table 4. In most lan-
guages, Native Language & Literature is the most challenging subject for Claude 3.5 Sonnet. This
holds for other models, as well. Subject-language performance matrices of other models are avail-
able in Appendix A. These tables contain the performance with 5-shot chain-of-thought prompts,
but they do not contain performance comparisons with vanilla 5-shot prompts.

5.2.2  5-shot Chain-of-Thought results

We present the average results of the 5-shot Chain-of-Thought evaluation in Table 5. Chain-of-
thought prompts have an overall positive effect on performance. Sporadic negative effects can be
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Figure 11: Language distribution of model responses to Crimean Tatar queries, as detected by
Google Cloud Translation APL
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Language Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 89.0 89.0 91.0 71.0 85.0 73.0 93.0
Crimean-tatar 81.6 75.0 87.0 89.9 70.4 75.0 89.7
Karakalpak 78.0 85.7 75.0 - - 42.2 95.6
Kazakh 92.0 73.0 78.0 78.0 96.0 76.0 88.0
Tatar 94.0 84.0 83.0 91.0 86.3 69.0 81.0
Turkish 84.0 88.0 94.0 92.0 78.0 79.0 85.0
Uyghur 75.0 66.0 - - 75.8 66.0 73.5
Uzbek 71.0 73.0 64.0 70.0 70.0 55.0 81.0

Table 4: Subject-wise 5-shot performance of Claude 3.5 Sonnet across Turkic languages. Missing
values indicate the absence of data for that language in the given subject. NL&L refers to Native
Language and Literature. This subset contains questions with 2 or 3 choices.

explained by incorrect output format rather than incorrect answers. We avoided manual validation
of the output and instead relied on generalizable pattern-matching methods. Apart from this, chain-
of-thought prompts proved to be a better approach than vanilla 5-shot prompts. The only model
that experienced deteriorated performance with Llama 3.1 8B.

Table 6 shows the performance of Claude 3.5 Sonnet on each subject and language. On average,
Chain-of-Thought prompts have a net positive effect in each subject and each language.

5.2.3 Generated language vs. performance

Benchmark results demonstrate that LLMs can have significant language understanding capabili-
ties even in previously unseen languages, such as Crimean Tatar. This can be explained by linguistic
proximity to languages better represented in the training data. Even though LLMs perform sur-
prisingly well in these languages with simple 5-shot prompts. The results are less impressive when
we analyze the generated text quality. While quality per se is hard to quantify, we can detect the
language of generated content. We used Google Cloud Translate API to detect the output language.
This API supports all languages in our benchmark except for Karakalpak. We present results for
Crimean Tatar in Figure 11. As you can see, although these models have answered the majority of
the questions in Crimean Tatar correctly, only a small portion of the generated text is classified as
Crimean Tatar. Almost all of the answers are a synthesis between Turkish and Crimean Tatar. A
similar issue appears in Kazakh when we switch from Cyrillic to Latin script. Although this has a
small negative effect on the performance, the nature of the generated content changes dramatically.
While the output of Cyrillic questions is easily detected as Kazakh, the output of Latin questions is
easily confused with the Tatar language.
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Model Mean aze kaz tat tur uzb
Claude 3.5 Sonnet  84.0 87.1(+2.7) 84.1(+1.1) 87.9(+3.9) 87.9(+2.1) 72.9 (+3.7)

GPT-40 794 829 (+0.4) 80.7(-0.3) 83.0 (+2.5) 84.0 (+0.3)  66.3 (+0.9)
Gemini 1.5 Pro 76.6  80.0 (+1.4) 75.1(-3.3) 79.9(-0.6) 81.0(+1.0)  67.0 (+1.9)
Llama 3.1 405B 68.9  73.4(+7.6) 68.7(-0.3) 65.0(-5.4) 80.7 (+21.0) 56.4 (+6.0)

Claude 3.5 Haiku ~ 70.0  77.0 (+6.4)  74.0 (+4.1) 72.2 (+48)  77.6 (-0.4)  49.0 (-1.3)
Gemini 1.5 Flash 68.1 739 (+1.4) 69.0 (+0.4) 70.1(+1.8) 73.6(-3.0) 54.1(+2.0)
(

Qwen2.5 72B 671  72.1(+2.0) 63.9(+1.3) 67.6 (+5.1) 784 (+4.6)  53.6 (+3.1)
Llama 3.3 70B 66.8  70.6 (+4.6) 69.3(+9.3) 66.3(-3.2) 77.4(+9.0) 50.4 (+6.3)
Gemma 2 27B 59.4  63.0 (+4.9)  61.6 (+3.1) 61.0 (+6.1)  66.4 (+2.1)  44.9 (+7.3)
Llama 3.1 70B 562 59.4(-8.7) 61.7(+53) 58.6(-7.6) 733 (+8.4) 27.9(-17.4)
Gemma 2 9B 52.0  57.3(+3.6) 527 (+3.6) 50.1(-1.7) 623 (+1.9) 37.4(+1.3)
Qwen2.5 7B 464  48.1(+0.1) 464 (+1.4) 43.0 (+25) 563 (+0.7)  38.0 (+3.4)
Llama 3.1 8B 382 407 (-7.7)  38.9(-7.6) 397 (-4.4)  45.1(-2.6)  26.6 (-3.3)
Table 5: Average 5-shot performance of models on Turkic languages.
Language Biology = Chemistry Geography  History Maths NL&L Physics
Azerbaijani  89.0 (0.0) 96.0 (+7.0)  91.0(0.0)  78.0 (+7.0) 83.0(-2.0) 76.0 (+3.0) 97.0 (+4.0)
Kazakh 96.0 (+4.0) 74.0 (+1.0)  78.0(0.0)  80.0 (+2.0) 95.0 (-1.0)  79.0 (+3.0)  87.0 (-1.0)
Turkish 86.0 (+2.0)  85.0(-2.0)  95.0(+1.0) 93.0 (+2.0) 77.0(0.0) 87.0 (+11.0) 89.0 (+4.0)
Uzbek 77.0 (+8.0)  73.0 (0.0)  65.0 (+1.0)  65.0 (-3.0) 79.0 (+9.0) 45.0 (-10.0) 87.0 (+6.0)

Table 6: Subject-wise 5-shot Chain-of-Thought performance of Claude 3.5 Sonnet across Turkic
languages.

This experiment was inspired by the author’s personal experience with early versions of Chat-
GPT supported by the GPT-3.5 model. While this model responded to questions in Azerbaijani with
reasonable accuracy, the quality of its contents was often questionable, and the generated text was
a mixture of Azerbaijani and Turkish. Of course, this is not a singular experience but a well-attested
phenomenon. As far as we are concerned, this is the first work that presents an analysis of this
kind.

5.2.4 Comparing performance on same questions written in different alphabets

Some Turkic languages, such as Crimean Tatar, Kazakh, and Uzbek have both Cyrillic and Latin
alphabets that are actively used. As a result, the text corpora that are used to train LLMs contain
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Language Claude 3.5 Sonnet Qwen2.5 72B Gemma 2 27B
Cyrillic Latin Arabic Cyrillic Latin Arabic Cyrillic Latin Arabic

Crimean Tatar 66.1 80.0 — 47.6 61.8 — 43.5 49.8 —
Kazakh 82.7 78.0 — 64.3 54.1 — 58.5 46.3 —
Uyghur — 64.5 70.8 — 53.4 56.1 — 36.0 42.2
Uzbek 67.9 68.6 — 51.1 50.4 — 394 36.9 —

Table 7: Performance comparison (%) of three LLMs on Turkic languages with their native writing
systems: Arabic and Latin for Uyghur, Cyrillic and Latin for Kazakh, Crimean Tatar, and Uzbek.
Bold numbers indicate the best script performance per language-model pair. Dashes (—) denote
script combinations not used in practice.

both versions. Also, transliteration between these scripts can be done automatically with a negli-
gible error rate. Using these facts, we developed dual datasets for the languages above (see Figure
7). We evaluated models in both versions and compared their performance. We present some of
the results in Table 7. While the results initially seem irregular, they follow a simple pattern:

1. In Crimean Tatar questions, all three models perform better in the Latin script. FineWeb
2 [42], one of the largest multilingual text corpora, contains 21,365,608 Latin and 1,934,168
Cyrillic words in Crimean Tatar.

2. In Kazakh questions, all three models perform better in the Cyrillic script. This aligns with
the fact that most of the Kazakh text data on the web is written in the Cyrillic script. For
example, the FineWeb 2 corpus contains 1,837,049,585 Cyrillic and 0 Latin words in Kazakh.

3. In Uyghur questions, all three models perform better in the Arabic script. While Uyghur is
not represented in Fineweb 2 corpus, virtually all Uyghur text is written in Arabic script.

4. In Uzbek questions, results are less predictable. This can be explained by the fact that Cyrillic
and Latin are more evenly distributed in Uzbek text. FineWeb 2 corpus contains 616,563,348
Latin and 492,264,125 Cyrillic words in Uzbek.?

While these patterns hold across multiple models, there are exceptions. For example, on Uyghur
questions, GPT-40 performs similarly with Arabic and Latin scripts. Llama 3.1 70B has an average
accuracy of 28.48 on Uyghur questions with Arabic script and 41.30 with Latin script.

3In this work, Uzbek refers to Northern Uzbek.
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Language Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 76.00 77.00 74.00 53.00 73.00 54.00 84.00
Crimean Tatar 65.79 53.12 60.87 72.46 55.56  66.00 58.62
Karakalpak 50.00 75.00 50.00 - - 35.94 62.22
Kazakh 60.00 55.00 64.00 52.00 75.00 52.00 79.00
Tatar 68.00 60.00 65.00 78.00 71.58  41.00 54.00
Turkish 79.00 73.00 84.00 85.00 61.00 56.00 79.00
Uyghur 60.00 51.55 - - 64.65 52.00 52.04
Uzbek 53.00 49.00 44.00 55.00 63.00 28.00 61.00

Table 8: Accuracy scores for Qwen2.5 72B Instruct model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 41.00 58.00 53.00 37.00 59.00 30.00 58.00
Crimean Tatar 36.84 37.50 39.13 39.13 55.56  42.00 48.28
Karakalpak 30.00 42.86 39.29 - - 25.00 48.89
Kazakh 38.00 44.00 54.00 31.00 64.00  31.00 53.00
Tatar 41.00 38.00 44.00 42.00 56.84 28.00 34.00
Turkish 42.00 59.00 62.00 69.00 58.00 40.00 59.00
Uyghur 34.00 29.90 - - 38.38 40.00 24.49
Uzbek 35.00 31.00 30.00 34.00 52.00 21.00 39.00

Table 9: Accuracy scores for Qwen2.5 7B Instruct model across languages.

5.3 Model-specific results

In this part, we are going to present a breakdown of the performance of some models across lan-
guages. Tables 8 and 9 show the performance of Qwen2.5 72B Instruct and Qwen2.5 7B Instruct
models, respectively. Comparing these results, we can observe that the scaling hypothesis holds
not only in the aggregate but also across all subjects. In other words, larger Qwen2.5 outperforms
the smaller model in every single subject.

Among the open-source models, Llama 3.1 405B has the best performance, with an average ac-
curacy of 62.9 across all languages. We evaluate three models with 70 billion parameters — Qwen2.5
72B, Llama 3.3 70B, Llama 3.1 70B. Among these, Qwen2.5 72B has the best performance with an
average of 61.5.

Gemma 27B is the only model in its size, and it predictable sits between 8B and 70B models.
Among the smallest models (7B to 9B), Gemma 2 9b has the best performance with an average of
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46.8.

A similar pattern holds with chain-of-thought prompting as well, but we also observe some
changes. Notably, Llama 3.1 405B beats Claude 3.5 Haiku and Gemini 1.5 Flash, some of the most
commonly used proprietary models. Gemma 2 27B beats Llama 3.1 70B despite its size. These results
indicate that not all models react similarly to chain-of-thought prompting. More comprehensive
experiments may be necessary to identify such patterns in full.

One of the most surprising results of chain-of-thought prompts is observed on Llama 3.1 8B. It
loses accuracy in all subjects and is the only model that sees decreases in average accuracy.

5.4 Released Resources

As a result of this work, we have released a database and a code repository. We believe that these
resources will be useful for future research projects.

The main resource is TUMLU-mini, which is hosted on the Hugging Face platform *. You need to
send a request to access the database, but these requests are approved automatically. TUMLU-mini
contains a manually verified subset of the TUMLU benchmark. It was used in our experiments. The
TUMLU dataset is not released publicly, but we intend to use it to create alternative benchmarks
in the future.

We also release the codebase associated with this work. This repository is hosted on GitHub
. It includes the Python scripts used in experiments. It also includes the experimental results
themselves, which can be used to regenerate the tables and graphs available in this work.

Both the dataset and the codebase are released under the Creative Commons Attribution 4.0 li-
cense. This license allows commercial use, distribution, modification, or private use of the resources
with proper attribution.

5

6 CONCLUSION AND FUTURE WORK

Multitask benchmarks are important resources for evaluating the performance of LLMs. Such
benchmarks are available in high-resource languages, but this is not the case for most of the Tur-
kic languages. While certain Turkic languages have been studied in this regard, these works have
either concentrated on an individual language or languages across the globe. No work has treated
Turkic languages as a subject of its own. In this work, we do exactly that — we introduce a unified
and native language understanding benchmark for major Turkic languages and use this benchmark
to evaluate SOTA LLMs.

‘https://huggingface.co/datasets/jafarisbarov/TUMLU-mini
*https://github.com/ceferisbarov/TUMLU
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We also evaluate SOTA LLMs using this benchmark. Comparing the performance of these
LLMs against their performance on translated benchmarks reveals interesting patterns. It turns
out that LLMs struggle more with native benchmarks. We believe this is due to the fact that native
benchmarks contain more local information that has not been available in the pretraining data of
these LLMs.

Our work has two main limitations.

Mismatched difficulty levels Native language & literature subset contained both literature and
language questions in some languages, while it contained only language questions in others. Sim-
ilarly, the history subset contained both world and national history questions in some languages,
while it contained only national questions in others. Maths questions in Kazakh are at middle-
school level, which results in very high scores.

Missing major languages TUMLU covers 8 Turkic languages with more than 180 million native
speakers. However, some major Turkic languages, such as Turkmen, Kyrgyz, and Bashkir, are not
included. We are hoping to extend our benchmark with more languages in future editions.

Apart from these, we also believe that our work can be expanded in the following directions:

« Multi-modal datasets containing questions with images in Physics, Biology, and other sub-
jects, questions with audio in the Native Language subject. The current dataset only contains
text data, which is a very limiting setting to evaluate world knowledge and reasoning capa-
bilities.

+ Creating an open-ended dataset: TUMLU is a multiple-choice question dataset. It only eval-
uates whether or not the model chose the correct option out of 4. A generative benchmark
would provide additional insights into how LLMs reason and answer these questions and
whether or not these steps are correct.

« Higher-level questions. TUMLU contains questions at middle and high-school level. Cre-
ating an alternative dataset at the undergraduate level would challenge the LLMs further
and also offer an opportunity to create a more standardized test, enabling comparison across
languages.
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A MODEL RESULTS

This appendix includes results for all models, except for Claude 3.5 Sonnet which is available in
Table 4. Tables 1-20 contain 5-shot results and the remaining tables contain 5-shot CoT results.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 78.00 79.00 72.00 61.00 65.00 58.00 81.00
Crimean Tatar 63.16 53.12 73.91 56.52 57.41 62.00 65.52
Karakalpak 60.00 60.71 53.57 - - 20.31 80.00
Kazakh 79.00 66.00 72.00 64.00 76.00 58.00 74.00
Tatar 74.00 63.00 73.00 74.00 63.16 59.00 65.00
Turkish 71.00 82.00 84.00 85.00 71.00 70.00 80.00
Uyghur 57.00 44.33 - - 59.60 52.00 59.18
Uzbek 53.00 50.00 48.00 49.00 54.00  41.00 55.00

Table 10: Accuracy scores for Claude 3.5 Haiku-20241022 model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 80.00 80.00 78.00 55.00 72.00 56.00 84.00
Crimean Tatar 78.95 59.38 73.91 59.42 61.11 67.00 72.41
Karakalpak 70.00 82.14 53.57 - - 31.25 68.89
Kazakh 88.00 60.00 73.00 57.00 68.00 57.00 76.00
Tatar 86.00 68.00 74.00 68.00 64.21 47.00 60.00
Turkish 75.00 72.00 78.00 76.00 78.00 59.00 74.00
Uyghur 71.00 53.61 - - 59.60 57.00 45.92
Uzbek 59.00 43.00 49.00 57.00 69.00 22.00 51.00

Table 11: Accuracy scores for GEMINI-1.5-FLASH model across languages.
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Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 81.00 86.00 76.00 56.00 78.00 57.00 89.00
Crimean Tatar 71.05 50.00 65.22 56.52 61.11 52.00 62.07
Karakalpak 76.00 71.43 57.14 - - 43.75 88.89
Kazakh 88.00 68.00 75.00 73.00 94.00 70.00 80.00
Tatar 95.00 78.00 81.00 84.00 80.00 59.00 64.00
Turkish 51.00 61.00 61.00 70.00 64.00 50.00 57.00
Uyghur 70.00 42.27 - - 49.49  66.00 51.02
Uzbek 59.00 69.00 61.00 54.00 79.00 30.00 76.00
Table 12: Accuracy scores for GEMINI-1.5-PRO model across languages.
Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 61.00 57.00 59.00 47.00 45.00 42.00 65.00
Crimean Tatar ~ 50.00 37.50 56.52 52.17 3333 53.00 44.83
Karakalpak 48.00 46.43 35.71 - - 25.00 48.89
Kazakh 67.00 37.00 63.00 41.00 38.00  48.00 50.00
Tatar 69.00 53.00 63.00 54.00 35.79 41.00 47.00
Turkish 65.00 55.00 76.00 75.00 45.00  48.00 57.00
Uyghur 40.00 26.80 - - 37.37 38.00 36.73
Uzbek 49.00 33.00 39.00 41.00 31.00 26.00 34.00

Table 13: Accuracy scores for GOOGLE/GEMMA-2-9B-IT model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 70.00 59.00 62.00 46.00 38.00  55.00 77.00
Crimean Tatar 44.74 46.88 60.87 49.28 35.19 60.00 51.72
Karakalpak 52.00 64.29 42.86 - - 23.44 55.56
Kazakh 79.00 44.00 65.00 56.00 52.00 51.00 62.00
Tatar 71.00 58.00 71.00 63.00 43.16 32.00 45.00
Turkish 73.00 65.00 81.00 78.00 41.00 55.00 57.00
Uyghur 50.00 35.05 - - 34.34 51.00 40.82
Uzbek 46.00 27.00 40.00 44.00 35.00 26.00 40.00

Table 14: Accuracy scores for GOOGLE/GEMMA-2-27B-IT model across languages.

43



Language Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 91.00 93.00 89.00 75.00 70.00  67.00 92.00
Crimean Tatar 60.53 59.38 69.57 86.96 57.41 70.00 89.66
Karakalpak 80.00 82.14 71.43 - - 35.94 84.44
Kazakh 93.00 71.00 76.00 77.00 85.00 77.00 88.00
Tatar 98.00 78.00 88.00 92.00 69.47  69.00 68.00
Turkish 86.00 79.00 95.00 94.00 63.00  82.00 87.00
Uyghur 84.00 54.64 - - 62.63  65.00 66.33
Uzbek 70.00 68.00 65.00 69.00 56.00 51.00 79.00

Table 15: Accuracy scores for GPT-40 model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 76.00 72.00 77.00 59.00 45.00 49.00 84.00
Crimean Tatar 68.42 53.12 69.57 72.46 40.74 58.00 48.28
Karakalpak 58.00 46.43 64.29 - - 21.88 55.56
Kazakh 80.00 42.00 71.00 62.00 52.00 51.00 60.00
Tatar 88.00 67.00 83.00 82.00 67.37 51.00 48.00
Turkish 76.00 58.00 86.00 83.00 41.00 65.00 68.00
Uyghur 37.00 46.39 - - 48.48 49.00 46.94
Uzbek 52.00 38.00 52.00 50.00 44.00 31.00 42.00

Table 16: Accuracy scores for META-LLAMA/LLAMA-3.3-70B-INSTRUCT model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 53.00 50.00 57.00 45.00 36.00  47.00 51.00
Crimean Tatar 42.11 34.38 30.43 44.93 18.52 45.00 34.48
Karakalpak 38.00 39.29 32.14 - - 21.88 35.56
Kazakh 60.00 33.00 64.00 54.00 32.00 41.00 41.00
Tatar 55.00 40.00 61.00 55.00 33.68 33.00 31.00
Turkish 51.00 37.00 63.00 50.00 34.00 35.00 41.00
Uyghur 38.00 27.84 - - 36.36 42.00 30.61
Uzbek 31.00 22.00 38.00 33.00 25.00 29.00 31.00

Table 17: Accuracy scores for META-LLAMA/META-LLAMA-3.1-8B-INSTRUCT model across lan-
guages.
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Language Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 78.00 67.00 78.00 60.00 48.00  62.00 80.00
Crimean Tatar 63.16 40.62 65.22 66.67 29.63  62.00 65.52
Karakalpak 58.00 53.57 60.71 - - 28.12 44.44
Kazakh 57.00 27.00 55.00 57.00 40.00 50.00 48.00
Tatar 72.00 23.00 67.00 72.00 49.47 52.00 47.00
Turkish 70.00 55.00 88.00 70.00 40.00  62.00 68.00
Uyghur 24.00 16.49 - - 20.20  45.00 36.73
Uzbek 42.00 39.00 53.00 34.00 36.00 27.00 42.00

Table 18: Accuracy scores for META-LLAMA/META-LLAMA-3.1-70B-INSTRUCT model across lan-
guages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 41.00 58.00 53.00 37.00 59.00 30.00 58.00
Crimean Tatar 36.84 37.50 39.13 39.13 55.56 42.00 48.28
Karakalpak 30.00 42.86 39.29 - - 25.00 48.89
Kazakh 38.00 44.00 54.00 31.00 64.00 31.00 53.00
Tatar 41.00 38.00 44.00 42.00 56.84 28.00 34.00
Turkish 42.00 59.00 62.00 69.00 58.00 40.00 59.00
Uyghur 34.00 29.90 - - 38.38 40.00 24.49
Uzbek 35.00 31.00 30.00 34.00 52.00  21.00 39.00

Table 19: Accuracy scores for QWEN/QWEN2.5-7B-INSTRUCT model across languages.

Language Biology Chemistry Geography History Maths NL&L Physics
Azerbaijani 76.00 77.00 74.00 53.00 73.00 54.00 84.00
Crimean Tatar 65.79 53.12 60.87 72.46 55.56  66.00 58.62
Karakalpak 50.00 75.00 50.00 - - 35.94 62.22
Kazakh 60.00 55.00 64.00 52.00 75.00 52.00 79.00
Tatar 68.00 60.00 65.00 78.00 71.58 41.00 54.00
Turkish 79.00 73.00 84.00 85.00 61.00 56.00 79.00
Uyghur 60.00 51.55 - - 64.65 52.00 52.04
Uzbek 53.00 49.00 44.00 55.00 63.00 28.00 61.00

Table 20: Accuracy scores for QWEN/Qwen2.5 72B-INSTRUCT model across languages.
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This appendix includes 5-shot CoT results for all models, except for Claude 3.5 Sonnet which is
available in Table 6.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 81.00 83.00 81.00 69.00 76.00 61.00 88.00
Kazakh 82.00 65.00 75.00 61.00 87.00 64.00 84.00
Turkish 74.00 78.00 91.00 85.00 28.00 71.00 68.00
Uzbek 50.00 50.00 37.00 47.00 63.00 24.00 53.00

Table 21: Accuracy scores for Claude 3.5 Haiku-20241022 model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 81.00 83.00 81.00 52.00 71.00 59.00 88.00
Kazakh 79.00 61.00 69.00 51.00 85.00 50.00 78.00
Turkish 71.00 67.00 69.00 69.00 76.00  60.00 74.00
Uzbek 50.00 56.00 41.00 49.00 70.00 17.00 67.00

Table 22: Accuracy scores for GEMINI-1.5-FLASH model across languages.
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Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 79.00 92.00 78.00 53.00 78.00 62.00 80.00
Kazakh 83.00 70.00 63.00 65.00 92.00 67.00 83.00
Turkish 73.00 76.00 84.00 79.00 85.00 51.00 77.00
Uzbek 53.00 67.00 43.00 40.00 73.00 17.00 81.00

Table 23: Accuracy scores for GEMINI-1.5-PRO model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 64.00 67.00 65.00 39.00 45.00  47.00 73.00
Kazakh 61.00 42.00 64.00 46.00 61.00 32.00 62.00
Turkish 72.00 60.00 74.00 71.00 45.00 50.00 64.00
Uzbek 41.00 31.00 40.00 41.00 26.00 25.00 32.00

Table 24: Accuracy scores for GOOGLE/GEMMA-2-9B-IT model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 72.00 76.00 71.00 41.00 55.00  48.00 77.00
Kazakh 74.00 52.00 63.00 46.00 70.00  53.00 73.00
Turkish 77.00 64.00 80.00 77.00 53.00  49.00 65.00
Uzbek 43.00 43.00 48.00 53.00 42.00 10.00 49.00

Table 25: Accuracy scores for GOOGLE/GEMMA-2-27B-IT model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 90.00 91.00 88.00 73.00 75.00 70.00 93.00
Kazakh 89.00 63.00 78.00 82.00 85.00  84.00 84.00
Turkish 86.00 80.00 97.00 92.00 70.00  80.00 83.00
Uzbek 73.00 68.00 70.00 74.00 59.00  39.00 79.00

Table 26: Accuracy scores for GPT-40 model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 81.00 78.00 75.00 54.00 70.00 52.00 79.00
Kazakh 80.00 57.00 70.00 65.00 74.00 59.00 80.00
Turkish 74.00 67.00 84.00 87.00 77.00  67.00 75.00
Uzbek 46.00 15.00 3.00 33.00 35.00 10.00 14.00

Table 27: Accuracy scores for META-LLAMA/LLAMA-3.3-70B-INSTRUCT model across languages.
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Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 43.00 44.00 57.00 36.00 20.00  32.00 53.00
Kazakh 52.00 28.00 55.00 46.00 17.00  32.00 42.00
Turkish 50.00 37.00 58.00 61.00 20.00  39.00 50.00
Uzbek 34.00 5.00 37.00 29.00 9.00 23.00 9.00

Table 28: Accuracy scores for META-LLAMA/META-LLAMA-3.1-8B-INSTRUCT model across lan-
guages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 52.00 67.00 69.00 49.00 55.00 50.00 71.00
Kazakh 77.00 51.00 65.00 65.00 56.00 53.00 65.00
Turkish 72.00 64.00 83.00 88.00 69.00 60.00 77.00
Uzbek 31.00 24.00 8.00 20.00 12.00 11.00 15.00

Table 29: Accuracy scores for META-LLAMA/META-LLAMA-3.1-70B-INSTRUCT model across lan-
guages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 42.00 54.00 54.00 37.00 51.00  35.00 63.00
Kazakh 38.00 41.00 48.00 31.00 66.00  33.00 68.00
Turkish 51.00 59.00 65.00 48.00 70.00  43.00 58.00
Uzbek 40.00 30.00 40.00 42.00 52.00 17.00 44.00

Table 30: Accuracy scores for QWEN/QWEN2.5-7B-INSTRUCT model across languages.

Language  Biology Chemistry Geography History Maths NL&L Physics

Azerbaijani 72.00 88.00 80.00 51.00 80.00  46.00 88.00
Kazakh 64.00 50.00 70.00 50.00 84.00 52.00 77.00
Turkish 78.00 78.00 89.00 84.00 79.00 57.00 84.00
Uzbek 54.00 55.00 46.00 50.00 49.00 27.00 68.00

Table 31: Accuracy scores for QWEN/Qwen2.5 72B-INSTRUCT model across languages.
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