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Abstract
Assessing the broad general knowledge of Large Language Models (LLMs) across multiple domains in Bulgarian
remains challenging due to the limited availability of Bulgarian evaluation benchmarks. To address this gap, we
introduce the Bulgarian Massive Multitask Language Understanding benchmark (MMLU-BG), designed to
evaluate whether LLMs possess generalised knowledge capabilities beyond simple text prediction in Bulgarian. This
paper presents the structure, the development protocol, and the scope of the MMLU-BG benchmark. It is tested
in comparison with the original MMLU for English across seven LLMs selected according to specific criteria. The
experiments demonstrate that the MMLU-BG benchmark assesses multi-domain versatility and highlights the models’
strengths and weaknesses across different subject areas.

1. Introduction

The development of language processing tools is
always linked to the evaluation of their precision
and efficiency. This also applies to Large Language
Models (LLMs), with all their peculiarities and the
challenges that thorough evaluation may reveal.
Publicly available benchmarks are often created for
English; moreover, it has long been noted that eval-
uation benchmarks become outdated very quickly,
as models may overfit to them. Recent surveys
identify issues such as inflated scores caused by
data contamination, as well as cultural and linguistic
biases (Ni et al., 2025); others highlight the neces-
sity of benchmarks that reflect real-world applica-
tions and present challenges (Mohammadi et al.,
2025).

The cited surveys explored hundreds of bench-
marks. In this context, benchmarks for Bulgarian
are few. The specially designed benchmark for Bul-
garian that is freely available is bgGLUE: Bulgar-
ian General Language Understanding Evaluation
(Hardalov et al., 2023). Another publicly available
benchmark is BgGPT Evaluation Suite (INSAIT
Institute, 2023).

The MMLU benchmark (Massive Multitask Lan-
guage Understanding) is widely regarded as one
of the most important and standard benchmarks for
evaluating LLMs (Hendrycks et al., 2021). Its signifi-
cance arises from several key factors, including the
evaluation of logical reasoning, problem-solving,
and factual recall, rather than simple pattern match-
ing.

Given the scarcity of Bulgarian benchmarks,
measuring broad general knowledge across do-
mains is challenging. To address this gap, we de-
veloped Bulgarian Massive Multitask Language

Understanding, or MMLU-BG) to provide datasets
for evaluating whether an LLM possesses gener-
alised knowledge beyond simple text prediction in
Bulgarian. Moreover, unlike many efforts to develop
LLM benchmarks that rely on machine translation,
MMLU-BG is the result of human expert translation.

As MMLU is already available in many languages,
a human-translated Bulgarian MMLU will provide a
reliable test set for cross-lingual comparison of LLM
reasoning across different subjects. In contrast to
some other benchmarks that emphasise only one
type of knowledge (e.g., mathematical reasoning
or general knowledge), and following the design
of MMLU, MMLU-BG assesses multi-domain ver-
satility, identifies the strengths and weaknesses
of models across knowledge areas, and helps to
understand their capabilities.

The paper is organised as follows. Section 2
provides a brief overview of the most important
evaluation benchmarks used to assess LLMs. Sec-
tion 2.3 describes the key features of the Massive
Multitask Language Understanding (MMLU) bench-
mark and the results of its application in evaluat-
ing various LLMs. The motivation for developing
the Bulgarian dataset MMLU-BG is presented in
Section 3. Section 4 outlines the structure and
scope of MMLU-BG, as well as the development
protocol. The relevance and utility of MMLU-BG
are demonstrated through several experiments in
Section 5, which presents the selected LLMs, the
experimental setup, the results, and a discussion of
the outcomes. Finally, Section 6 presents the con-
clusions and our plans for the future development
and expansion of MMLU-BG.

The main contributions of this work are as fol-
lows:
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• First, we have developed a large-scale bench-
mark in Bulgarian, the MMLU-BG, for eval-
uating LLMs, aimed at assessing general
knowledge and multi-domain versatility. This
benchmark enables the identification of model
strengths and weaknesses across different
knowledge areas, providing valuable insight
into model capabilities. Human experts in-
vested significant effort in translating and
adapting MMLU into Bulgarian to create a
linguistically authentic evaluation resource
aligned with terminology already accepted in
Bulgarian.

• Second, we demonstrate experimentally that
MMLU-BG can be successfully applied to eval-
uate models across various subjects, knowl-
edge levels, languages, and LLM architec-
tures.

The MMLU-BG is distributed openly under Cre-
ative Commons Attribution 4.0 International Li-
cense (CC BY), which facilitates the replication of
experiments.

2. Benchmarks for LLMs evaluation

The creation of robust evaluation benchmark, that
can measure progress in the field has received con-
siderable attention. The ability to evaluate allows
comparison of various strategies and guides further
research and improvement.

Three basic types of evaluation tasks for LLMs
are defined: language generation, knowledge utili-
sation, and complex reasoning (Zhao et al., 2023,
29-34). Different surveys emphasise various clas-
sifications, descriptions, and features of evaluation
benchmarks (Chang et al., 2024; Ni et al., 2025).
Here, we briefly present some of the most impor-
tant benchmarks and evaluation frameworks that
assess broad reasoning, knowledge, and multitask
abilities, which is also the purpose of MMLU.

2.1. SuperGLUE
GLUE benchmark (Wang et al., 2018) is a frame-
work for evaluating general-purpose language un-
derstanding technologies. GLUE comprises nine
language understanding tasks based on existing
public datasets. It also includes private test data,
an evaluation server, a single-number aggregate
metric, and an additional diagnostic set.

SuperGLUE (Wang et al., 2019) is a bench-
mark designed to provide a more demanding test
of general-purpose language understanding for En-
glish. SuperGLUE provides a single performance
metric and an analysis toolkit, maintaining GLUE’s
overall design while increasing task difficulty (Wang
et al., 2019).

It includes eight diverse tasks: BoolQ, CB, COPA,
MultiRC, ReCoRD, RTE, WiC, and WSC, cover-
ing question answering, entailment, causal reason-
ing, coreference resolution, complex reading com-
prehension with reasoning and word-sense disam-
biguation.

For several languages – Chinese (Xu et al.,
2020), Korean (Park et al., 2021), Indonesian (Koto
et al., 2020), Russian (Shavrina et al., 2020), and
Bulgarian among others (Hardalov et al., 2023) –
similar benchmarks have been created. Signifi-
cant efforts were made to adhere to the original
GLUE’s guiding principles, covering a wide range
of domains and tasks and incorporating language-
specific characteristics.

2.2. BIG-bench

The BIG-bench (Beyond the Imitation Game
Benchmark) (Srivastava et al., 2023) is a bench-
mark designed to evaluate LLMs using challeng-
ing tasks. BIG-bench comprises over 200 tasks
and human baseline performance data collected
through crowdsourcing. These baselines are used
to compare model and human performance against
gold labels provided by the original creator of each
task. The tasks are diverse, covering areas such
as linguistics, childhood development, mathemat-
ics, common-sense reasoning, biology, physics,
social bias, software development, and more. The
benchmark tasks are novel, span a wide range
of topics and languages, and are intentionally de-
signed to be difficult for pretrained models without
task-specific fine-tuning. The BIG-bench GitHub
repository (Google, 2023) contains the tasks, a
benchmark API that supports task evaluation on
publicly available models, and evaluation results.
In addition, BIG-bench Lite is available as a con-
densed, canonical subset of tasks, allowing quicker
evaluation than the full benchmark.

2.3. Massive Multitask Language
Understanding

The MMLU (Massive Multitask Language Un-
derstanding) benchmark was introduced by
Hendrycks et al. (2021) and covers 57 diverse sub-
jects across multiple domains and difficulty levels.
The MMLU benchmark contains 15,908 multiple-
choice questions designed to evaluate models in
zero-shot and few-shot prompting, making it signifi-
cantly more challenging at the time than its prede-
cessors, such as GLUE and SuperGLUE.

The questions are divided into a few-shot De-
velopment set, a Validation set, and a Test set.
The few-shot Development set contains exactly five
questions per subject. For each subject, at least
100 test questions are provided. The Validation
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set, which may be used for selecting hyperparame-
ters, consists of 1,540 questions across all subjects.
The subjects are divided into four main categories:
19 subjects in STEM (abstract algebra, astronomy,
school physics, etc.), 16 subjects in Humanities
(history, philosophy, religion, art, etc.), 6 subjects
in Social Sciences (economics, politics, sociology,
psychology, culture), and 16 subjects in the cat-
egory Professional skils, which can be further
divided into business, medicine, management, and
professional skills.

Early experiments with MMLU showed that LLMs
such as GPT-3 (175B parameters) achieved an
accuracy of 43.9%, far below the estimated human-
expert level of 89.8%, while smaller models per-
formed worse (25%) (Hendrycks et al., 2021).

Moreover, LLMs exhibited varied performance
across domains, particularly at college and profes-
sional levels. Over the years, MMLU has become
established as a standard for evaluating general
language understanding by LLMs, and the bench-
mark is now widely used for LLM evaluation.

In recent years, LLMs have demonstrated sig-
nificantly improved performance on MMLU. GPT-4
achieved 86.4% accuracy on MMLU in a 5-shot
setting, excelling particularly in humanities and
STEM topics (Achiam et al., 2023). Gemini 1.5
Pro achieved 83.7% accuracy with standard 5-shot
evaluation, while Gemini Ultra reached 90.0% using
chain-of-thought reasoning combined with uncer-
tainty routing (Gemini et al., 2023).

Open-source models also showed competitive
performance, with Llama 3 70B Instruct scoring ap-
proximately 79–82% (Dubey et al., 2024), and Phi-
3-medium (14B parameters), with a notably smaller
size, achieving 78–82% (Abdin et al., 2024).

Frontier models consistently clustered around
86–89% accuracy on MMLU. Claude 3 Opus
achieved 88.2% on MMLU (Anthropic, 2024). Gem-
ini 2.5 Pro achieved 89.8% on Global MMLU (Gem-
ini, 2025). DeepSeek-V3 demonstrated strong per-
formance with 88.3% on MMLU, as did Llama 3.3
70B with 88.5% (Vidhya, 2025). The saturation ef-
fect, together with exceeding the reported human
expert accuracy of 89.8% (Hendrycks et al., 2021,
3), motivated the development of more challenging
variants of the MMLU benchmark.

2.4. Key Features of Benchmarks

Benchmarking practices are heavily concentrated
on a relatively small number of datasets for a partic-
ular task, and many benchmark datasets are used
to evaluate progress on tasks for which the data
were not originally intended (Koch et al., 2021).

A developing theme in the Artificial Intelligence
Index Report 2025 is the observed performance sat-
uration across many popular benchmarks (Maslej

et al., 2025, 14), which has prompted the devel-
opment of new benchmarks such as Humanity’s
Last Exam, a multimodal academic test with broad
subject coverage (Center for AI Safety et al., 2026).

Overall, most existing LLM benchmarks have
several limitations: many are restricted to English,
are narrow in scope, quickly reach saturation as
model performance improves, and often rely on
data created by non-experts or artificial data.

The limited number of existing benchmarks for
Bulgarian covers only a narrow range of domains
and general knowledge, as the data are collected
from social media posts, Wikipedia, and news arti-
cles.

Furthermore, most benchmarks are created or
translated automatically. In contrast to common
practice, we rely on human translation, adaptation,
and evaluation of benchmarks. We aim to investi-
gate LLM performance in more specialised subject
areas, as well as for specific tasks requiring evalu-
ation across a broader range of subjects.

2.5. Related Work

MMLU-Pro Wang et al. (2024) substantially in-
creased the difficulty by expanding answer choices
from four to ten, thereby reducing the probabil-
ity of correct guesses by random selection. The
MMLU-Pro benchmark comprises 12,032 ques-
tions that emphasise reasoning rather than simple
knowledge retrieval. Questions are sourced from
high-quality datasets, including the original MMLU
(with trivial questions removed), STEM websites,
TheoremQA, and SciBench. Experimental results
showed that MMLU-Pro causes a significant accu-
racy drop of 16–33% compared to MMLU across all
tested models and demonstrates greater stability
under prompt variations.

Xuan et al. (2025) extended MMLU-Pro into
a multilingual benchmark (excluding Bulgarian),
MMLU-ProX, addressing the need to evaluate
LLMs across different languages and cultural con-
texts. MMLU-ProX introduces additional complex-
ity through multi-hop reasoning requirements and
longer-context questions that test advanced reason-
ing capabilities. MMLU-ProX specifically targets
the evaluation of state-of-the-art LLMs by incorpo-
rating questions that require integrating informa-
tion from multiple sources and performing complex
logical operations. The benchmark represents a
significant step towards understanding how well
language models can handle sophisticated reason-
ing tasks across linguistic boundaries and reflects
the requirements of multilingual AI applications.

Singh et al. (2024) addressed one of the main
limitations of the original MMLU – its monolingual
nature – by developing Global MMLU, which ex-
tends the original benchmark to multiple languages
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(excluding Bulgarian) and incorporates cultural dif-
ferences in knowledge representation and question
formulation. The authors showed that translating
questions often fails to capture culturally specific
knowledge and may introduce biases that disadvan-
tage models trained on data from other languages
and cultures. Their work involved creating culturally
adapted versions of questions and adding region-
specific content that reflects diverse educational
systems and cultural contexts. This investigation re-
vealed significant performance differences between
models when evaluated on culturally adapted ver-
sus directly translated questions, highlighting that
benchmark design can favour or disadvantage cer-
tain linguistic and cultural backgrounds.

The only known MMLU dataset to include Bul-
garian is the multilingual MMLU-X dataset (Thell-
mann et al., 2024). MMLU-X extends the original
MMLU benchmark to multiple European languages
through automated translation pipelines. The work
showed that cross-lingual performance varies con-
siderably across languages, highlighting that eval-
uation benchmarks built solely through automatic
translation may not fully capture the linguistic di-
versity and complexity of European languages. In
section 5.3 we perform a comparative analysis be-
tween the results on MMLU-BG and the automati-
cally derived Bulgarian counterpart of MMLU-X.

To address the challenge of translating bench-
marks into other languages while efficiently incorpo-
rating their unique linguistic features into the eval-
uated tasks, an automated translation framework
was introduced (Yukhymenko et al., 2026). The aim
is to enable machine translation of datasets and
benchmarks with minimal manual supervision and
maximum configurability, offering various methods
to balance costs and time investment according to
language performance in selected machine trans-
lation models. As a result, several benchmarks,
including MMLU, were translated into Eastern and
Southern European languages such as Ukrainian,
Romanian, Slovak, Lithuanian, Bulgarian, Turkish,
Greek, and Estonian. At the beginning of March
2026, this version of the Bulgarian MMLU machine-
translated benchmark had not been released pub-
licly.

3. Motivation for Bulgarian MMLU

Among the widely discussed concerns regarding
the use of the MMLU benchmark are the high per-
centage of identified errors, the quality of trans-
lations – especially in low-resource languages,
which may amplify errors and ambiguities – and the
amount of culturally dependent content, which may
disadvantage models for low-resource languages
rather than test general reasoning ability. Gema
et al. (2025) found that approximately 6.5% of ques-

tions in MMLU contain flaws, ambiguities, or factual
errors, setting an artificial ceiling on model perfor-
mance scores. The MMLU-Redux benchmark is
proposed as a cleaned variant addressing these
documented problems.

The decision to develop MMLU-BG as the evalu-
ation benchmark for Bulgarian is motivated by the
following key features:

1. Domain scope and universality: MMLU cov-
ers 57 subjects spanning universal academic knowl-
edge (mathematics, physics, chemistry, biology,
law, humanities), making it one of the benchmarks
with the widest coverage in terms of knowledge ar-
eas. This allows assessment of LLM performance
across various fields and helps identify the most
challenging ones.

2. Standardised evaluation protocol: MMLU’s
multiple-choice format provides a consistent eval-
uation methodology, enabling objective compari-
son without requiring language-specific human ex-
pert evaluation or complex scoring. Moreover, this
aligns with widely used human testing systems and
facilitates further extensions of the benchmark.

3. Multilinguality: Global MMLU has been ex-
tended to cover 41 languages, and MML-X to 20
languages, providing standardised evaluation in di-
verse linguistic contexts, including low-resource lan-
guages. This enables direct comparison of model
performance across various languages, including
Bulgarian.

4. Multicultural extensions: Multilingual vari-
ants within the Global MMLU initiative explicitly flag
items that carry cultural or political biases across
languages, making it possible to identify when mod-
els perform poorly on low-resource languages due
to inadequate cultural adaptation, and to build on
that knowledge. This facilitates further improve-
ments to the Bulgarian MMLU benchmark.

5. Practical implications: While proprietary and
larger models are beginning to reach saturation on
MMLU and are close to or surpass the estimated
human-expert 89.8% accuracy, the performance
of smaller models, which are typically used in low-
resource language scenarios, is significantly lower.
Moreover, there are very few evaluation bench-
marks for Bulgarian, especially standardised ones,
which help to evaluate the language-specific per-
formance of LLMs.

6. Comparing human-translated and
machine-translated benchmarks: The intuition is
that advances in LLMs will reduce the differences
between human and machine translation; however,
there are relatively few benchmarks developed
by human experts, which are based on existing
English benchmarks, and the comparison between
human and machine translation has not been
extensively investigated. Moreover, human
translation of benchmarks such as MMLU needs
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to be adapted for language-specific terminology,
for which LLMs may not have been sufficiently
exposed during pretraining

7. Extensions: Existing extensions of MMLU
provide the opportunity to further develop the Bul-
garian evaluation dataset for more advanced evalu-
ation tasks, such as reasoning and domain-specific
tasks. Additionally, a possible direction is to de-
velop a new benchmak based on the methodology
of MMLU.

In summary, the development of MMLU in Bulgar-
ian provides a reference point for evaluating LLM
capabilities and analysing the specifics of language-
dependent benchmarks. This will facilitate the cre-
ation of more advanced and comprehensive bench-
marks for Bulgarian in the future.

4. Bulgarian MMLU

The Bulgarian Massive Multitask Language Un-
derstanding benchmark, or MMLU-BG bench-
mark, is based on the original MMLU dataset and
aims to provide a new resource for evaluating state-
of-the-art LLMs and comparatively ranking their
performance across different subjects in Bulgarian.

4.1. Bulgarian MMLU Structure
MMLU-BG follows the structure and data organ-
isation of the original MMLU dataset (Hendrycks
et al., 2021). Each subject in MMLU-BG consists
of three parts: Development, Validation, and Test,
and is intended to facilitate few-shot experiments
and reliably evaluate LLMs.

The current version of MMLU-BG includes 56
subjects out of the original 57 (see Table 3). The
dataset covers both general knowledge topics and
language- and culture-specific ones, but excludes
the large highly specialised subset of Professional
Law (1,709 questions).

The total number of questions in Bulgarian is
14,093 distributed as follows: 280 questions in the
Development set, 1,348 questions in the Validation
set, and 12,470 questions in the Test set. The Bul-
garian MMLU comprises a total of 807,294 words
of running text.

4.2. MMLU-BG Development Protocol
MMLU-BG is a human translation of the original
dataset from English into Bulgarian.

A 2025 investigation based on over 2,000 multi-
lingual benchmarks shows that the majority (61.4%)
are created in their original languages and are not
translated. Human translations account for 13.2%
of benchmarks, representing the highest quality but
also the most resource-intensive approach, while
machine translation covers the remaining 25.4%
(Wu et al., 2025). This distribution highlights both

the prevalence of native-language benchmark de-
velopment and the increasing role of various ma-
chine translation technologies in multilingual bench-
mark creation. Moreover, the authors show that
simply translating English benchmarks is insuffi-
cient for robust evaluation. For example, localised
benchmarks such as CMMLU for Chinese (Li et al.,
2024) show a substantially higher correlation with
human judgements (0.68) than translated equiv-
alents (0.47 and 0.49), highlighting the need for
culturally and linguistically authentic evaluation re-
sources. In line with these conclusions, the devel-
opment of the MMLU-BG focuses on high-quality
human translation using terminology already ac-
cepted in Bulgarian scientific literature.

To ensure the Bulgarian language quality and
terminology consistency of the translation, the fol-
lowing protocol for the creation of MMLU-BG has
been established:

• MMLU subjects are translated by seven Bul-
garian language experts, four of whom have
high proficiency in English to Bulgarian trans-
lation. Each expert familiarises themselves
as much as possible with the specific subject
and its specialised terminology in both English
and Bulgarian. To this end, the experts con-
sult review articles, textbooks, terminology dic-
tionaries, and encyclopaedias. For difficult
cases, the question is transformed into a state-
ment with the correct answer, and this string
is searched for on the internet.

• Errors previously identified in the original
MMLU Gema et al. (2025), along with some
newly discovered errors, are eliminated in both
English and Bulgarian as follows: Bad Ques-
tion Clarity, concerning clarity, grammar, and
sufficiency of information, and Bad Options
Clarity, concerning unclear, similar, or irrele-
vant answers to the question, are either cor-
rected or, in most cases, deleted. Questions
with No Correct Answer are deleted. Mul-
tiple Correct Answers are revised so that
only one correct answer remains. In cases of
Wrong Ground Truth, when the correct an-
swer differs from the ground truth provided in
MMLU, the correct answer is given if possible;
otherwise, the question is deleted. When elim-
inating questions, the total of 100 questions in
the Test set and 5 questions in the Develop-
ment set is maintained by moving a question
from the Validation set to replace the deleted
question if necessary. In the resulting dataset,
MMLU and MMLU-BG have exactly the same
number of subjects and questions.

• Other minor changes to the original English
formulations are made solely to ensure lan-
guage consistency, correct spelling, punctua-
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tion, and grammatical accuracy in both ques-
tions and answers.

• The same term or string within a subject
was translated consistently unless there were
specific reasons for a different choice. Each
unique answer in English, along with the ques-
tions in which it was nested, is automatically
aligned with the Bulgarian translations and the
corresponding cell in the table where they are
placed. The experts check whether different
translations are appropriate for specific rea-
sons, for example, if the question requires
defining a synonym of a term; if not, only one
translation is retained in the dataset.

• Each subject is checked and validated by a
second expert. Any errors or inconsistencies
in spelling, punctuation, or grammar are cor-
rected directly. Issues involving unclear mean-
ing or incorrect options are marked and re-
turned to the first expert for a final decision.
A final reading by an editor has not yet been
completed due to the large volume of data.
Cross-validation ensures consistent applica-
tion of quality criteria.

5. Experiments

Our experiments aim to determine whether MMLU-
BG is a suitable and viable benchmark for evalu-
ating the capabilities of contemporary LLMs, with
a particular focus on Bulgarian. We are especially
interested in conducting meaningful comparative
analyses between Bulgarian and English, as well as
between expert-translated and machine-translated
benchmarks, and in making domain-specific obser-
vations and analyses.

In other words, we seek to determine whether
the MMLU-BG benchmark is a reliable tool for re-
evaluating models already tested with MMLU and
its derivatives, as well as for testing newly devel-
oped models whose pretraining datasets include
Bulgarian or which are further fine-tuned for con-
versations in Bulgarian. This objective informs our
selection of models: models from two major LLM
families whose pretraining datasets include Bulgar-
ian; models for which Bulgarian is not listed as a
supported language in the pretraining data; models
specifically designed for Bulgarian; and a control
model specifically designed for Ukrainian.

5.1. Description of Selected LLMs

Table 1 lists the models that are used in the Ex-
periments with the number of parameters, whether
English and Bulgarian are explicitly mentioned in
pretraining, and the year of release.

Model Params Languages Year
Gemma-3-27b-it 27b EN, BG 2025
BgGPT-Gemma-2-9B-IT 9b EN, BG 2024
MamayLM-Gemma-3-12B-IT 12b EN, BG, UK 2025
Llama-3.1-8B-Instruct 8b EN 2024
Llama-3.2-3B-Instruct 3b EN 2024
Mistral-7B-Instruct-v0.3 7b EN 2024
Qwen2.5-14B-Instruct 14b EN 2024

Table 1: Comparison across models. Languages:
BG – Bulgarian, EN – English, UK – Ukrainian.

Gemma-3-27B-IT (Google, 2025) is an
instruction-tuned LLM (released in 2025) with
27 billion parameters and a 128K token context
window, supporting over 140 languages, including
Bulgarian. Open weights are available for both
pretrained and instruction-tuned variants. Gemma-
3-27B-IT reportedly achieves 67.5% accuracy on
the MMLU-Pro benchmark (Gemma Team, 2025).

BgGPT-Gemma-2-9B-IT-v1.0 (INSAIT Institute,
2024) was built on Google’s Gemma 2 9B open-
weight models (both instruction-tuned and base
variants) in 2024. It underwent continued pretrain-
ing on approximately 100 billion tokens (85 billion
in Bulgarian) using the Branch-and-Merge strategy
(Alexandrov et al., 2024b). No reports have been
found regarding its performance on MMLU or its
variants.

MamayLM-Gemma-3-12B-IT-v1.0 (INSAIT Insti-
tute, 2025) was built on Gemma 3 12B open-weight
models (both instruction-tuned and base variants)
in 2025. It underwent continued pretraining on a
large, prefiltered Ukrainian dataset using a com-
bination of data mixing and model merging tech-
niques to enhance Ukrainian language and culture.
No detailed, publicly released evaluation results
with MMLU (or its variants) have been found.

Llama-3.1-8B-Instruct (Meta, 2024a) is an open-
weight, instruction-tuned model with 8 billion param-
eters, optimised through supervised fine-tuning and
reinforcement learning with human feedback (re-
leased in 2024). Llama-3.1-8B-Instruct supports a
128K-token context window. It was pretrained on a
large multilingual corpus of approximately 15 trillion
tokens; however, Bulgarian is not listed among the
supported languages. The model achieves 68.21%
accuracy on MMLU (5-shot) and 44.3% accuracy
on MMLU-Pro, as reported by Meta.

Llama-3.2-3B-Instruct (Meta, 2024b) is an open-
weight model released in 2024, developed through
pruning and distillation from larger Llama 3.1 mod-
els, and optimised for specific tasks using super-
vised fine-tuning and reinforcement learning with
human feedback. The model supports a 128K-
token context window and can process up to 128K
tokens in a single prompt. Its pretraining corpus
contains up to 9 trillion tokens from public multi-
lingual data sources; however, Bulgarian is not
listed among the officially supported languages. In
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Meta’s public materials, the 3B model is reported
to achieve approximately 63% accuracy on MMLU
(5-shot).

Mistral-7B-Instruct-v0.3 (Mistral AI, 2024) is an
open-weight model released in 2024. It was fine-
tuned on publicly available instruction datasets fo-
cusing on dialogue and instruction-following tasks;
however, there is no explicit mention of Bulgarian.
The model supports a context window of up to 32K
tokens. This version builds on the Mistral-7B-v0.3
base model, which uses grouped-query attention
and sliding window attention mechanisms for effi-
cient inference. The model achieves approximately
62.6% accuracy on the MMLU (5-shot) benchmark.

Qwen2.5-14B-Instruct (Alibaba Cloud, 2024) is
an open-weight model with 14 billion parameters,
released in 2024. It was pretrained on up to 18 tril-
lion tokens and supports more than 29 languages;
however, Bulgarian is not officially listed among
them. The model uses an optimised transformer
architecture. It supports a context window of up
to 128K tokens and can generate up to 8K tokens.
The model achieves 79.7% on the standard MMLU
(5-shot) benchmark.

5.2. Evaluation Environment
The evaluation is conducted on an NVIDIA A100
GPU with 80 GB of VRAM. The temperature is set
to the default value of 0.7. The software is written
in Python and is publicly available.

The language models are all programmatically
downloaded from Hugging Face. They are then
loaded with PyTorch and quantised to 4 bits and 8
bits respectively using the bitsandbytes Python
library.

The evaluation of a given model for a given sub-
ject is performed as follows. First, each ques-
tion from the Test set is separated into its own
prompt. The prompts do not share any context.
Each prompt asks the model to provide the correct
answer to a given question. An example is then
shown using only the first question from the De-
velopment set, with its answers labelled by Latin
letters (’A’, ’B’, ’C’, and ’D’), followed by the correct
answer. The real question is then given, with its
possible answers also labelled by Latin letters.

We use a one-shot design, which is empirically
determined after several experiments. An addi-
tional motivation is that instruction-following models
are known to generalise from very few examples,
and one-shot evaluation tests whether the model
can learn the pattern from a single example.

The model is expected to return exactly one an-
swer as an uppercase Latin letter. This is checked
by first limiting the model to generate at most 20
tokens, then splitting the output text on whitespace,
treating each substring as a word, and finally com-
paring those words against the available answer

labels. The possible labels for every question are
exactly ’A’, ’B’, ’C’, and ’D’. For example, if the model
produces a response containing both ’A’ and ’B’, the
answer is considered incorrect. If it contains only
’B’, but the correct answer is ’A’, the answer is also
incorrect. The model output is considered correct
(for correct answer ’A’) only if it contains ’A’ and
none of ’B’, ’C’, or ’D’. In Bulgarian, the labels are
the same as in English, again using capital Latin
letters ’A’, ’B’, ’C’, or ’D’.

We evaluate model performance using accuracy
by comparing each model prediction to the ground
truth and scoring it as correct or incorrect depend-
ing on whether it matches the ground truth. The
evaluation metric is binary accuracy, calculated as
the proportion of instances where the model’s de-
cision matches the ground truth answer out of the
total number of answers.

5.3. Evaluation Results
In general, the scores are lower for Bulgarian but
not significantly (an overall drop of 5.3 for 4-bit
quantisation and 5.4 for 8-bit quantisation). The
results show only a minor difference between 4-
and 8-bit quantisations (see Tables 4, 5, 6, and 7).
The implementation uses optimised quantisation
techniques, such as those provided by the bit-
sandbytes library, leading to the assumption –
confirmed by results – that 4-bit quantisation can
retain almost the same effective information as 8-bit
quantisation.

Table 9 presents the detailed performance of
the models (4-bit and 8-bit quantisations) in both
English and Bulgarian within each subject category.
Figures 1, 2, 3, and 4 show a comparison across
subject categories for English and Bulgarian for the
seven selected models (4-bit quantisation).

The highest scores are achieved by Gemma-3-
27b-it for both English and Bulgarian, in both 4-bit
and 8-bit quantisation (see Table 2), and across
all subjects – STEM, Humanities, Social Sciences,
and Professional. This is expected, as the Gemma
3 family is designed for broad, cross-domain ca-
pability and multilingual support, and the relatively
large 27B model is pretrained with Bulgarian data
included in its dataset. The results are consistent
with previous reports for English.

Similar high scores are also achieved by
Qwen2.5-14B-Instruct for English. However, for
Bulgarian, the scores are significantly lower (a drop
of 13.4 for 4-bit and 10.8 for 8-bit) compared to
English, ranging from 6.9 to 16.7 across subjects.
This can be explained by the fact that, although
the model is multilingual, Bulgarian is not explicitly
mentioned in the pretraining dataset, and even if
present, the amount is negligible. For both English
and Bulgarian, the model performs worse on STEM
and considerably better on Social Sciences.
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4-bit 8-bit

Model EN BG EN BG

Gemma-3-27b-it 77.8 73.4 78.1 72.7
BgGPT-Gemma-2-9B-IT-v1.0 61.3 58.1 62.7 56.1
MamayLM-Gemma-3-12B-IT-v1.0 66.9 62.5 69.2 67.6
Llama-3.1-8B-Instruct 21.8 26.0 31.5 32.8
Llama-3.2-3B-Instruct 42.2 27.9 44.3 29.2
Mistral-7B-Instruct-v0.3 55.5 43.0 56.4 41.4
Qwen2.5-14B-Instruct 75.7 62.3 75.0 64.2

Table 2: Overall average accuracy across models
for 4-bit and 8-bit quantisation.

The two models developed by the INSAIT Insti-
tute – BgGPT-Gemma-2-9B-IT, which is specif-
ically focused on Bulgarian, and MamayLM-
Gemma-3-12B-IT-v1.0, which is focused on
Ukrainian – also demonstrate strong performance
in both languages, with a drop of 3.2 for 4-bit and
6.6 for 8-bit quantisation experiments with the first
model, and a drop of 4.4 for 4-bit and 1.6 for 8-bit
quantisation experiments with the second model,
respectively.

Notably, MamayLM-Gemma-3-12B-IT-v1.0,
whose primary specialisation is Ukrainian, main-
tains robust English and multilingual performance
inherited from Gemma 3. The 12B model is
smaller than large models (e.g., 27B) and may
lag in tasks requiring advanced reasoning or
knowledge recall. However, it still outperforms
the Bulgarian-specialised but smaller BgGPT
model, especially in 8-bit experiments. The results
suggest that initial pretraining with data for a given
language and the model size has a greater impact
on behaviour than additional pretraining and fine-
or instruction-tuning: MamayLM-Gemma-3-12B-IT-
v1.0, pretrained and instruction-tuned for Ukrainian,
outperforms BgGPT-Gemma-2-9B-IT-v1.0, which
is pretrained and instruction-tuned for Bulgarian.

Mistral-7B-Instruct-v0.3 achieves results in En-
glish comparable to those of the BgGPT-Gemma-
2-9B-IT-v1.0 model, but shows a significant decline
in performance for Bulgarian (a drop of 12.5 for
4-bit quantisation and 15.0 for 8-bit quantisation).
This may be due to the smaller model size and,
more importantly, to the uncertain representation
of Bulgarian in the pretraining data, as the language
distribution in it has not been publicly reported.

The low results for Bulgarian obtained by the
two models from the Llama family – Llama-3.1-8B-
Instruct and Llama-3.2-3B-Instruct – are likely
due to the limited representation of Bulgarian in
their pretraining datasets. Regarding the lower En-
glish results compared to those reported by Meta,
two factors may explain the difference. First, Meta
provides a standardised evaluation setup for Llama-
3.1 models using deterministic five-shot prompting
for benchmarks such as MMLU. Second, in our ex-

periments, we apply a unified evaluation pipeline
across all models. Unexpectedly, the results of
Llama-3.1-8B-Instruct for English are lower than for
Bulgarian, as many outputs display a failure mode
by generating questions or statements instead of
answers.

Due to its tailored training, BgGPT-Gemma-2-9B-
IT-v1.0 often outperforms larger general-purpose
models (e.g. Qwen 2.5 72B, Llama 3.1 70B) on
Bulgarian benchmarks (Alexandrov et al., 2024a).
Despite its specialisation, the model retains much
of its English and cross-lingual capability inherited
from the Gemma-2 base, making it useful in bilin-
gual and multilingual contexts. The model remains
competent in reasoning, mathematics, knowledge
tasks, and general-purpose language tasks, not
only in Bulgarian.

The comparison between the evaluation of 4-bit
quantisation models using the MMLU-X-BG ma-
chine translation (Table 8) and human expert trans-
lation (Table 5) in MMLU-BG is very interesting.

Although the overall results for MMLU-BG are
higher than those for MMLU-X-BG, there are some
categories and models where the machine transla-
tion achieves slightly better results. The explana-
tion for these observations may be both linguisti-
cally and computationally grounded: some termi-
nology may be translated correctly automatically,
as certain terms in English have Bulgarian equiva-
lents as transcriptions; the machine translation may
preserve sentence structure between the source
and target languages; similar subword or token pat-
terns may occur in both source and translated data;
and some machine-translated texts may be present
in the pretraining data.

6. Conclusion and Future Work

In this paper, we present MMLU-BG, a large-scale
benchmark in Bulgarian for evaluating LLMs, de-
signed to assess general knowledge and multi-
domain versatility. MMLU-BG follows the subjects
and structure of MMLU and has been developed
through human translation and adaptation. Its pur-
pose is to evaluate the strengths and weaknesses
of LLMs across different knowledge domains. De-
spite the ongoing discussion on the saturation effect
of LLMs on existing benchmarks, MMLU-BG can
be used to evaluate new models among the rapidly
growing number of LLMs.

Additionally, MMLU-BG aims to provide a linguis-
tically authentic evaluation resource aligned with
terminology already accepted in Bulgarian. Bench-
marks focusing on STEM-related capabilities have
consistently shown stronger correlations with hu-
man judgements across languages, while tasks
requiring understanding of specific linguistic nu-
ances or cultural contexts may be more sensitive to
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translation errors, resulting in weaker correlations
with human judgements (Wu et al., 2025). In line
with this, we believe that expert translation is bet-
ter aligned with human judgements, especially for
certain subjects.

A next step in our research is to use existing
extensions of MMLU to further expand and im-
prove the MMLU-BG benchmark for more advanced
evaluation tasks, such as reasoning and domain-
specific assessments.

Additionally, as the original MMLU lacks Bulgar-
ian language- and culture-specific knowledge and
may be subject to English cultural biases due to
its content, our efforts are also aimed at address-
ing these potential shortcomings. In its current
form, as a translation and adaptation of the origi-
nal MMLU, MMLU-BG provides a viable basis for
evaluating English language- and culture-specific
features, which may inform subsequent efforts to
expand the dataset with subjects and questions
specific to Bulgarian language and culture. There-
fore, an immediate goal is to extend the dataset with
other subjects widely covered in the Bulgarian edu-
cational system or related to traditional Bulgarian
culture.

Another direction for future research inspired by
the current study is to analyse the sensitivity of
MMLU-BG to the increasing capabilities of LLMs
(including smaller models), and to address the
need for more advanced evaluation benchmarks
intended for specific subjects and tasks.
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9. Limitations

The benchmark MMLU-BG is a translation and
adaptation of the original MMLU. It may inherit po-
tential errors and biases – both linguistic and cul-
tural – that could affect performance evaluation,
as discussed in the paper. Additionally, it lacks

language- and culture-specific knowledge neces-
sary for a representative evaluation focused on
Bulgarian.

The evaluation is also limited to seven LLMs,
which may not be sufficient to establish comprehen-
sive performance baselines across the full range
of available LLMs for Bulgarian. However, the se-
lected models represent a diverse range of sizes, ar-
chitectures, and training data languages, enabling
meaningful comparative analysis across different
model families and approaches.

Any observations and experience gained from
the experiments presented here will support the
development of a more reliable evaluation bench-
mark.
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Appendix

Subject Test Val Dev #Qs #Words

STEM (19 subjects, 3,606 questions, 159.6K words)

Abstract Algebra 100 5 11 116 3.8K
Anatomy 135 5 14 154 4.7K
Astronomy 152 5 16 173 8.3K
College Biology 144 5 16 165 7.4K
College Chemistry 100 5 8 113 4.3K
College Computer Science 100 5 11 116 8.2K
College Mathematics 100 5 11 116 5.3K
College Physics 102 5 11 118 5.5K
Conceptual Physics 235 5 26 266 7.0K
Elementary Mathematics 378 5 41 424 13.5K
High School Biology 310 5 32 347 17.6K
High School Chemistry 203 5 22 230 10.1K
High School Computer Science 100 5 9 114 7.8K
High School Mathematics 270 5 29 304 9.8K
High School Physics 151 5 17 173 10.5K
High School Statistics 216 5 23 244 19.1K
Machine Learning 112 5 11 128 6.1K
Medical Genetics 100 5 11 116 3.4K
Virology 166 5 18 189 7.4K

Humanities (15 subjects, 4,134 questions, 338.4K words)

Formal Logic 126 5 14 145 9.4K
High School European History 165 5 18 188 46.7K
High School World History 236 5 26 267 54.4K
High School Geography 198 5 22 225 6.4K
High School Government and Politics 193 5 21 219 10.6K
High School US History 204 5 22 231 51.9K
Logical Fallacies 163 5 18 186 7.2K
Moral Disputes 346 5 38 389 17.3K
Moral Scenarios 895 5 100 1000 84.3K
Philosophy 311 5 34 350 12.6K
Prehistory 324 5 35 364 14.8K
World Religions 171 5 19 195 3.6K
Global Facts 100 5 10 115 3.7K
International Law 119 5 12 136 9.8K
Jurisprudence 108 5 11 124 5.7K

Social Sciences (6 subjects, 1,808 questions, 76.8K words)

High School Macroeconomics 390 5 43 438 19.8K
High School Microeconomics 238 5 26 269 13.2K
High School Psychology 545 5 60 610 24.4K
Human Sexuality 131 5 12 148 5.2K
Sociology 200 5 22 227 9.8K
US Foreign Policy 100 5 11 116 4.4K

Professional Skills (16 subjects, 4,550 questions, 232.6K words)

Business Ethics 100 5 11 116 5.1K
Clinical Knowledge 265 5 29 299 10.9K
College Medicine 172 5 22 199 11.9K
Computer Security 100 5 11 116 5.0K
Econometrics 114 5 12 131 7.8K
Electrical Engineering 145 5 16 166 4.4K
Human Aging 223 5 23 251 8.3K
Management 103 5 11 119 2.9K
Marketing 234 5 25 264 9.4K
Miscellaneous 753 5 75 833 22.0K
Nutrition 306 5 33 344 15.0K
Professional Accounting 282 5 31 318 22.9K
Professional Medicine 272 5 31 308 35.3K
Professional Psychology 610 5 68 683 34.1K
Public Relations 110 5 12 127 5.0K
Security Studies 244 5 27 276 32.5K

Table 3: MMLU-BG by subject with number of ques-
tions (Test, Val, Dev, #Qs) and number of words.
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Model STEM Hum. Soc. Prof. Avrg.

Gemma-3-27b-it 70.7 78.3 86.8 79.4 77.8
BgGPT-Gemma-2-
9B-IT-v1.0

51.7 61.5 77.6 62.2 61.3

MamayLM-Gemma-
3-12B-IT-v1.0

59.4 69.7 77.0 66.4 66.9

Llama-3.1-8B-
Instruct

17.3 21.7 23.8 24.8 21.8

Llama-3.2-3B-
Instruct

34.7 43.5 48.4 44.4 42.2

Mistral-7B-Instruct-
v0.3

43.9 55.4 64.9 61.1 55.5

Qwen2.5-14B-
Instruct

67.6 78.0 85.0 76.1 75.7

Table 4: Model performance (accuracy) by subject
category – MMLU-EN, 4-bit quantisation. Hum. –
Humanities; Soc. – Social Sciences; Prof. – Pro-
fessional Skills; Avrg. – Average.

Model STEM Hum. Soc. Prof. Avrg.

Gemma-3-27b-it 68.8 72.9 81.9 74.0 73.4
BgGPT-Gemma-2-
9B-IT-v1.0

51.5 56.3 69.2 60.4 58.1

MamayLM-Gemma-
3-12B-IT-v1.0

54.8 60.5 73.9 66.0 62.5

Llama-3.1-8B-
Instruct

22.2 25.4 29.1 28.3 26.0

Llama-3.2-3B-
Instruct

26.4 27.6 27.5 29.4 27.9

Mistral-7B-Instruct-
v0.3

36.9 43.2 47.7 45.6 43.0

Qwen2.5-14B-
Instruct

58.5 61.3 70.6 62.8 62.3

Table 5: Model performance (accuracy) by subject
category – MMLU-BG, 4-bit quantisation.

Model STEM Hum. Soc. Prof. Avrg.

Gemma-3-27b-it 70.9 78.2 86.8 80.2 78.1
BgGPT-Gemma-2-
9B-IT-v1.0

54.4 62.9 77.2 63.3 62.7

MamayLM-Gemma-
3-12B-IT-v1.0

60.5 69.5 80.9 71.2 69.2

Llama-3.1-8B-
Instruct

28.1 32.3 33.0 32.7 31.5

Llama-3.2-3B-
Instruct

36.9 44.2 49.2 48.2 44.3

Mistral-7B-Instruct-
v0.3

43.9 57.5 65.4 61.6 56.4

Qwen2.5-14B-
Instruct

68.6 77.2 82.7 75.0 75.0

Table 6: Model performance (accuracy) by subject
category – MMLU-EN, 8-bit quantisation.

Model STEM Hum. Soc. Prof. Avrg.

Gemma-3-27b-it 69.2 71.5 82.2 72.8 72.7
BgGPT-Gemma-2-
9B-IT-v1.0

49.6 54.3 67.3 58.2 56.1

MamayLM-Gemma-
3-12B-IT-v1.0

60.1 68.4 77.4 68.7 67.6

Llama-3.1-8B-
Instruct

26.7 31.9 40.8 35.1 32.8

Llama-3.2-3B-
Instruct

27.1 28.6 28.4 31.6 29.2

Mistral-7B-Instruct-
v0.3

34.5 42.9 48.8 42.6 41.4

Qwen2.5-14B-
Instruct

61.7 63.9 69.8 64.1 64.2

Table 7: Model performance (accuracy) by subject
category – MMLU-BG, 8-bit quantisation

Model STEM Hum. Soc. Prof. Avrg.

Gemma-3-27b-it 68.7 64.9 82.8 75.2 71.5
BgGPT-Gemma-2-
9B-IT-v1.0

50.8 54.3 66.7 62.1 57.5

MamayLM-Gemma-
3-12B-IT-v1.0

54.8 54.0 73.1 64.4 60.0

Llama-3.1-8B-
Instruct

22.4 27.5 29.8 27.6 26.5

Llama-3.2-3B-
Instruct

26.8 28.2 28.8 30.4 28.6

Mistral-7B-Instruct-
v0.3

35.1 42.9 48.0 46.1 42.6

Qwen2.5-14B-
Instruct

58.1 57.8 68.8 63.1 61.0

Table 8: Model performance (accuracy) by subject
category – MMLU-X-BG, 4-bit quantisation.
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Model Gemma-3 BgGPT MamayLM Llama-3.1 Llama-3.2 Mistral Qwen-2.5
Subject en bg en bg en bg en bg en bg en bg en bg

STEM
Abstract Algebra 49.0 51.0 37.0 29.0 36.0 36.0 14.0 22.0 33.0 21.0 25.0 34.0 60.0 53.0
Anatomy 68.1 61.5 64.4 52.6 65.9 61.5 26.7 21.5 44.4 23.0 50.4 43.0 66.7 51.9
Astronomy 84.9 79.6 67.1 69.7 73.7 55.9 24.3 17.1 41.4 25.7 54.6 37.5 80.3 75.0
College Biology 86.8 82.6 81.9 70.8 85.4 77.1 24.3 31.9 50.7 27.1 61.1 47.2 84.0 68.1
College Chemistry 56.0 60.0 47.0 39.0 52.0 46.0 19.0 21.0 32.0 23.0 42.0 32.0 44.0 48.0
College Computer Science 56.0 55.0 40.0 42.0 56.0 51.0 25.0 27.0 32.0 26.0 41.0 30.0 60.0 44.0
College Mathematics 55.0 51.0 25.0 32.0 40.0 35.0 8.0 21.0 26.0 24.0 25.0 23.0 47.0 49.0
College Physics 59.8 56.9 33.3 32.4 38.2 42.2 10.8 19.6 19.6 25.5 35.3 18.6 48.0 39.2
Conceptual Physics 80.4 75.3 57.4 58.3 63.8 69.8 13.6 23.0 39.1 24.7 44.3 37.9 77.4 62.1
Elementary Mathematics 77.5 78.0 43.1 50.0 53.7 54.8 8.2 18.5 24.1 30.7 35.7 29.6 73.5 66.1
High School Biology 87.1 85.2 78.7 76.1 81.9 70.6 25.2 28.7 36.8 26.1 64.8 56.1 84.8 73.5
High School Chemistry 71.4 71.9 58.6 48.3 64.5 57.1 15.8 19.7 37.4 27.6 39.4 41.9 67.0 54.7
High School Computer Science 84.0 82.0 62.0 65.0 79.0 78.0 25.0 26.0 50.0 34.0 58.0 61.0 82.0 79.0
High School Mathematics 54.1 55.2 27.4 35.6 43.7 43.0 7.0 14.1 30.7 21.1 25.2 23.7 57.4 50.4
High School Physics 62.3 62.3 29.1 45.0 29.1 50.3 17.9 21.2 31.8 25.2 29.1 31.8 54.3 45.0
High School Statistics 70.4 66.2 49.1 48.6 56.5 25.9 25.5 27.8 30.1 26.9 43.1 31.5 67.1 56.5
Machine Learning 59.8 56.2 45.5 40.2 57.1 50.0 17.0 19.6 28.6 25.9 42.0 30.4 58.0 48.2
Medical Genetics 86.0 80.0 78.0 63.0 79.0 81.0 22.0 38.0 53.0 39.0 73.0 46.0 84.0 68.0
Virology 56.6 56.6 45.2 47.6 56.6 48.2 13.9 13.9 35.5 26.5 49.4 41.6 48.8 48.2

Humanities
Formal Logic 58.7 53.2 47.6 37.3 53.2 52.4 19.8 24.6 27.0 23.0 33.3 34.9 57.1 47.6
High School European History 85.5 80.6 78.8 75.8 77.6 25.5 64.2 55.8 59.4 35.2 61.8 48.5 79.4 76.4
High School World History 89.8 75.4 83.1 68.6 84.7 70.3 53.4 42.4 46.2 31.4 63.1 54.2 88.1 69.1
High School Geography 86.9 83.8 77.8 72.7 81.3 81.3 24.7 18.7 30.8 28.3 67.7 58.6 86.4 73.2
High School Government And Politics 95.3 87.0 88.6 77.7 88.1 78.8 17.6 23.8 50.8 10.9 80.3 45.6 92.7 70.5
High School Us History 88.2 83.3 83.3 77.0 86.8 17.6 67.6 48.5 59.3 33.8 72.1 47.5 89.7 69.1
Logical Fallacies 85.9 81.6 66.9 66.9 74.8 69.3 19.6 25.2 48.5 33.1 61.3 44.8 83.4 73.6
Moral Disputes 80.3 72.8 66.8 57.5 78.0 67.6 14.2 21.4 40.2 24.0 62.1 48.6 78.0 62.7
Moral Scenarios 62.9 62.0 28.3 33.3 43.4 54.6 5.8 7.8 28.5 24.2 30.2 28.3 67.3 46.7
Philosophy 81.0 68.5 66.6 58.5 76.2 66.2 12.9 27.7 53.7 31.8 60.1 50.2 77.8 61.4
Prehistory 87.0 76.2 68.5 58.6 79.3 67.0 14.8 34.9 56.5 32.1 65.4 43.2 84.6 62.0
World Religions 87.1 85.4 82.5 61.4 82.5 71.3 18.1 18.7 67.8 37.4 76.0 53.8 84.8 66.1
Global Facts 49.0 51.0 41.0 34.0 48.0 42.0 3.0 16.0 26.0 23.0 30.0 24.0 54.0 53.0
International Law 85.7 81.5 74.8 70.6 83.2 73.1 26.1 49.6 53.8 29.4 72.3 59.7 86.6 68.9
Jurisprudence 81.5 84.3 71.3 67.6 78.7 73.1 26.9 32.4 39.8 22.2 63.9 46.3 78.7 71.3

Social Sciences
High School Macroeconomics 81.5 75.9 70.3 60.8 72.8 63.6 12.6 27.7 40.3 22.8 50.0 34.4 80.3 60.8
High School Microeconomics 87.0 81.1 71.8 64.7 77.7 79.8 22.7 30.3 43.7 29.0 51.7 39.5 86.6 74.4
High School Psychology 90.5 87.2 81.8 78.3 76.7 79.8 33.0 34.9 56.9 27.0 75.4 56.0 87.0 76.1
Human Sexuality 85.5 78.6 79.4 61.1 73.3 64.9 16.0 7.6 42.0 26.0 61.8 48.1 82.4 67.9
Sociology 85.0 79.5 82.5 69.0 82.5 72.5 28.5 27.0 53.5 36.0 78.5 53.5 85.0 72.0
Us Foreign Policy 92.0 87.0 84.0 74.0 87.0 83.0 20.0 32.0 44.0 30.0 74.0 62.0 92.0 70.0

Professional Skills
Business Ethics 82.0 73.0 68.0 66.0 72.0 63.0 9.0 13.0 53.0 27.0 53.0 47.0 71.0 73.0
Clinical Knowledge 80.8 74.7 67.5 57.7 71.3 69.1 12.8 35.5 24.9 23.4 63.0 51.7 81.1 66.4
College Medicine 73.3 66.3 62.8 55.2 68.0 61.6 24.4 23.8 36.6 23.3 58.1 47.1 73.3 58.1
Computer Security 78.0 79.0 72.0 73.0 75.0 69.0 21.0 37.0 48.0 32.0 68.0 57.0 77.0 68.0
Econometrics 56.1 57.9 49.1 40.4 58.8 51.8 17.5 18.4 20.2 23.7 40.4 32.5 63.2 56.1
Electrical Engineering 69.7 70.3 59.3 49.0 60.0 62.1 14.5 19.3 46.2 33.1 48.3 33.1 67.6 56.6
Human Aging 80.3 75.3 66.8 58.3 74.0 69.1 15.7 36.3 49.3 37.2 61.0 46.2 74.9 58.7
Management 84.5 79.6 75.7 66.0 79.6 73.8 19.4 14.6 46.6 35.9 72.8 61.2 81.6 67.0
Marketing 94.0 87.2 83.3 80.8 83.8 81.6 7.7 27.4 50.4 37.6 83.3 65.0 89.3 76.9
Miscellaneous 91.0 83.4 81.1 68.3 86.1 76.1 19.3 17.7 62.9 30.5 77.6 56.0 86.9 66.8
Nutrition 75.5 73.9 69.3 61.1 64.1 69.6 31.7 36.9 47.7 29.4 55.2 44.8 75.2 64.1
Professional Accounting 63.1 56.4 40.1 37.9 43.6 24.1 25.5 29.1 28.0 30.5 39.7 35.5 59.6 45.4
Professional Medicine 74.3 69.1 18.4 57.7 16.9 65.4 40.1 36.8 28.3 26.1 55.1 33.8 64.3 56.6
Professional Psychology 79.7 72.0 46.6 61.0 56.6 65.1 36.6 29.8 41.3 27.5 55.2 32.6 77.4 65.2
Public Relations 70.0 74.5 69.1 67.3 67.3 65.5 18.2 23.6 50.0 24.5 60.0 56.4 64.5 65.5
Security Studies 79.1 72.5 70.1 55.3 79.9 68.9 46.3 45.9 46.3 27.9 56.1 42.6 74.2 56.6

Table 9: Accuracy per subject for 4-bit quantisation. Models: Gemma-3 = Gemma-3-27b-it; BgGPT =
BgGPT-Gemma-2-9B-IT-v1.0; MamayLM = MamayLM-Gemma-3-12B-IT-v1.0; Llama-3.1 = Llama-3.1-8B-
Instruct; Llama-3.2 = Llama-3.2-3B-Instruct; Mistral = Mistral-7B-Instruct-v0.3; Qwen-2.5 = Qwen2.5-14B-
Instruct.
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Figure 1: Comparative results by model and by lan-
guage for STEM subjects – MMLU-EN and MMLU-
BG (4-bit quantisation).

Figure 2: Comparative results by model and by
language for Humanities subjects – MMLU-EN and
MMLU-BG (4-bit quantisation).

Figure 3: Comparative results by model and by
language for Social Sciences subjects – MMLU-EN
and MMLU-BG (4-bit quantisation).

Figure 4: Comparative results by model and by
language for Professional subjects – MMLU-EN
and MMLU-BG (4-bit quantisation).
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