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Abstract

This paper presents the dataset Massive Mul-
titask Language Understanding of Bulgar-
ian Grammar (BulMMLU:gr), modelled on
the MMLU (Massive Multitask Language Un-
derstanding) benchmark. Its aim is to test the
ability of Al grammar-checking applications,
as well as different LLMs, to detect grammati-
cal errors in Bulgarian and thus provide a basis
for analysing the need for a specialised LLM-
based tool to detect such errors and suggest
corrections. Experiments conducted with two
grammar-checking applications and five LLMs
reveal limitations that highlight the need for a
new, dedicated Bulgarian grammar-checking
system. BUIMMLU:gr can be further extended
and used both for evaluation and for fine-tuning
LLMs for grammatical error detection and cor-
rection suggestions.

Keywords: grammatical error detection and
correction suggestions; grammar-checking ap-
plications; Large Language Models

1 Introduction

Large Language Models (LLMs) can edit and trans-
form texts by paraphrasing, shortening, and simpli-
fying them, with varying accuracy depending on
the model’s purpose, size, and language support. In
addition, several artificial intelligence-based appli-
cations offer tools for improving the grammatical
quality of written text, including grammar error
detection and correction suggestions.

The aims of this study are: (i) to examine
the extent to which applications with integrated
grammar checkers that support Bulgarian, and se-
lected LLMs, can correctly identify specific types
of spelling, grammatical, and punctuation errors;'!
and (ii) to analyse the current state of grammar

'In this study, we count as grammatical not only purely
grammatical errors but also spelling and punctuation errors
that are related to grammar.
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checking for Bulgarian and to identify future di-
rections for developing a new Al-based grammar
service dedicated to Bulgarian.

For this purpose, a dataset called Massive Mul-
titask Language Understanding of Bulgarian
Grammar (BulMMLU:gr), based on the Massive
Multitask Language Understanding (MMLU)
benchmark (Hendrycks et al., 2021), has been cre-
ated. It is used to evaluate the ability of specialised
Al-based grammar-checking applications and a
set of LLMs (both proprietary and open-weight
models) to detect grammatical errors in Bulgar-
ian. This empirical evaluation is particularly im-
portant because very few publications describe the
pre-training and fine-tuning procedures of state-of-
the-art LLMs, and even fewer discuss specialised
grammar-checking applications.

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

* Development of the BulMMLU:gr bench-
mark for Bulgarian, including questions de-
signed to cover six types of grammatical,
spelling, and punctuation errors in Bulgarian.
The dataset has a standardised format, follow-
ing the MMLU format.

* Accuracy comparison of two specialised Bul-
garian grammar-checking applications and
five LLMs (including proprietary and open-
weight models) on the BuIMMLU:gr bench-
mark.

The analysis indicates that proprietary LLMs
and one existing grammar service demonstrate rea-
sonably good, though imperfect, performance in
detecting errors in Bulgarian grammar. However,
there is currently no widely available open-source
online service providing comprehensive Bulgarian
grammar checking, nor any open-weight LLM that
achieves comparably high accuracy.



Therefore, it is necessary to expand the Bul-
MMLU:gr dataset to cover a broader — ideally com-
prehensive — range of Bulgarian grammatical phe-
nomena, and to use it for both testing and fine-
tuning suitable language models to create a reliable
tool for grammar checking in Bulgarian.

2 Related work

Traditional rule-based and statistical grammar
checkers have gradually evolved into Al-based ap-
plications. They now offer a range of features that
help users improve style and word choice, correct
grammatical errors, and make content more read-
able and understandable. LLMs can naturally im-
prove grammar, style, and fluency; however, they of-
ten alter the original text and, in some cases, the au-
thor’s intended meaning may be lost, transformed,
or even combined with incorrect statements. In
contrast, Al-based grammar checkers improve clar-
ity, readability, and flow by explicitly presenting
each suggested edit and allowing authors to decide
whether to accept or reject it.

Two essential elements of grammar checking
have been studied for many years: grammatical
error detection and grammatical error correction
(Bryant et al., 2019; Rothe et al., 2021). Research
on grammatical error detection and correction for
English is well established, as are many other NLP
tasks. In addition, a well-defined error taxonomy
and standardised evaluation mechanism have been
developed for English (Bryant et al., 2017). Error
classification methods and approaches for trans-
forming erroneous sequences into correct ones,
based on the nature of the error, have also been
proposed (Omelianchuk et al., 2020).

Recently, several publications have proposed ap-
proaches to grammatical error correction for lan-
guages other than English, including LLM-based
methods for Turkish (Kara et al., 2023) and Chinese
(Tian and Zhou, 2025), as well as synthetic data gen-
eration based on the Mask-Translate-and-Fill frame-
work for low-resource Indian languages (Sharma
and Bhattacharyya, 2025). For Bulgarian, mT5 was
fine-tuned specifically for grammatical error cor-
rection (Klouchek and Batista-Navarro, 2024). The
training data includes errors involving definite arti-
cles, pronouns, agreement, and verb morphology
from a synthetic Bulgarian error-correction dataset.
The fine-tuned model reportedly achieves an F0.5
score of 68.18% and outperforms the evaluated
LLM baselines.
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One of the most widely used modern approaches
to training grammatical error correction models is
to create synthetic parallel datasets containing pairs
of erroneous and corrected sentences (Bondarenko
et al., 2023). For example, RoLegalGEC, a syn-
thetic Romanian-language parallel dataset for gram-
matical error detection and correction in the legal
domain, contains 350,000 synthetically generated
text pairs with error annotations (Timpuriu et al.,
2026). The dataset was used to train and evaluate
several grammatical error detection and correction
models, including knowledge-distilled Transformer
models, sequence-tagging architectures for error
detection, and pre-trained sequence-to-sequence
Transformer models for grammatical error correc-
tion.

Another example is OmniGEC, a collection of
multilingual silver-standard datasets for grammat-
ical error correction covering eleven languages:
Czech, English, Estonian, German, Greek, Ice-
landic, Italian, Latvian, Slovene, Swedish, and
Ukrainian (Kovalchuk et al., 2025). These datasets
were developed to help adapt English grammati-
cal error correction methods to multilingual set-
tings. The source texts are mainly from Wikipedia
and Reddit in the eleven target languages, together
with an additional Ukrainian-only dataset sourced
from social media. The Wikipedia edits were de-
rived from human corrections, while the Reddit
and Ukrainian-only data were automatically cor-
rected using the GPT-40-mini model. The qual-
ity of the corrections was evaluated both automati-
cally and manually, and the data were further used
to fine-tune two open-weight large language mod-
els, Aya-Expanse (8B) and Gemma-3 (12B), which
were reported to achieve state-of-the-art results for
paragraph-level multilingual grammatical error cor-
rection.

Another approach combines synthetic and gold
data by either (i) fine-tuning a large language model
in two stages — first on synthetic data and then on
gold data — or (ii) training a small sequence-to-
sequence (seq2seq) Transformer model that is first
pre-trained on synthetic data and subsequently fine-
tuned on gold data (Palma Gomez et al., 2023).

In summary, recent approaches to grammatical
error detection and correction suggestions mainly
rely on supervised fine-tuning using parallel cor-
pora of erroneous and corrected sentence pairs. In
this framework, grammatical error correction is typ-
ically formulated either as a sequence-to-sequence
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task, in which models directly generate corrected
text, or as a sequence-tagging task, in which models
predict token-level edit operations (Omelianchuk
et al., 2020). Owing to the scarcity of high-quality
annotated data, synthetic data generation is widely
employed. Errors are typically introduced using
rule-based methods, back-translation, or, increas-
ingly, LLM-based generation, enabling the creation
of large-scale synthetic training datasets (Stahlberg
and Kumar, 2021).

To further improve performance, many systems
adopt a two-stage training strategy in which models
are first pre-trained on large synthetic datasets and
then fine-tuned on smaller, high-quality, human-
annotated corpora (Ingélfsdéttir et al., 2023). The
BulMMLU:gr dataset can be readily converted into
a gold-standard fine-tuning dataset, as it contains
erroneous sentences together with their correspond-
ing corrections for the targeted error types. Its use-
fulness for this purpose could be further enhanced
by expanding the dataset to cover a broader range
of grammatical error types. As a proof of concept,
Gemma 3 27B was fine-tuned using a version of
BulMMLU:gr redesigned as a fine-tuning dataset.”

3 Description of the BuIMMLU:gr dataset

The Bulgarian Massive Multitask Language Un-
derstanding benchmark (MMLU-BG) was devel-
oped to evaluate whether an LLM possesses general
knowledge beyond simple text prediction in Bul-
garian (Koeva et al., 2026). The original MMLU
(Massive Multitask Language Understanding)
(Hendrycks et al., 2021) covers 57 diverse subjects
across multiple domains and difficulty levels. The
questions are divided into a few-shot development
set, a validation set for selecting hyperparameters,
and a test set. Although MMLU-BG is well suited
to assessing the general knowledge of LLMs, as it
is a human translation of the original MMLU into
Bulgarian, it does not reflect features specific to
Bulgarian history, culture, and language.

In contrast, the newly developed dataset, Massive
Multitask Language Understanding for Bulgaria
and Bulgarian (BulMMLU), evaluates LLMs’
knowledge of Bulgarian history, literature, eco-
nomics, and the Bulgarian language. Its component,
Massive Multitask Language Understanding of
Bulgarian Grammar (BulMMLU:gr), provides a
benchmark for evaluating specific aspects of Bul-

*https://github.com/DCL-IBL/BG-LLMs/tree/
feat/spelling/gemma3 (accessed on 15.07.26)
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garian grammar, spelling, punctuation, and context-
dependent usage.

Six main types of grammatical error are in-
cluded in the dataset for evaluation, selected ac-
cording to the following principles:

* To provide diverse cases for evaluation, rang-
ing from those that can be resolved by seman-
tic analysis of the context and grammar rules
to purely spelling-related errors.

* To test language-specific grammar, spelling,
and punctuation rules.

* To evaluate correct grammar and spelling rules
that depend on sentence analysis or external
knowledge.

Type 1: Incorrect use of a paronym from a pair
differing by only one letter. For example, in the Bul-
garian sentence *Ha [ snuyapu 2026 2. eepomo we
gae3e 6 oOpBUjerIe 3a NAPUUHI NAAWAHUS 8 CINPA-
rHama, ‘On 1 January 2026, the euro will enter into
circulation for cash payments in the country’, the
word oopeuenue, ‘a word or expression with which
the speaker addresses the listener’, is incorrectly
used instead of the word o6pauwerue, ‘the process
of use or exchange of money and goods; turnover’.
The appropriate word can be selected only after
analysing the syntactic and semantic structure of
the sentence in which the target word is used and
cannot be determined by applying rule-based gram-
mar or spelling rules alone.

Type 2: Incorrect comma placement involving
the adverb maxa ‘in such a way’, the subordinat-
ing conjunction ue ‘that’, and the compound sub-
ordinating conjunction maxka ue ‘so’. For example:
*Hanpaseme, maxa ue 3aKkonsm 0a 6s0e npuem
‘Do it in such a way that the law is passed’; *He cam
NOKAHEeHAa HA POdCOeHUs OeH MmaKa, e Hama od
Ooiioa ‘I am not invited to the birthday party, so |
will not come’. The correct punctuation depends on
whether maka functions as an adverb followed by
the conjunction ue, or whether maka ue functions
as a compound conjunction. Correctly identifying
these errors requires syntactic and semantic anal-
ysis of the sentence to determine the grammatical
function of these expressions.

Type 3: Incorrect fused or separate spelling
of an adverb and an adjective. Combinations of
an adverb and an adjective (including adjectival
participles) are written separately when they do
not denote a single concept, for example, ocobero



onacen ‘especially dangerous’ and npsicno 6050u-
can ‘freshly painted’. They are written as a single
word when they form compound adjectives that con-
ventionally denote a single concept, for example,
ceemaoszenen ‘light green’ and ceemosgrouzsecmen
‘world-famous’. In these cases, rearrangement of
the components is not possible (e.g. *3eaen ceemao,
*uzgecmen ceemosro). This type of error is difficult
to detect because not all compound adjectives writ-
ten as a single word are included in orthographic
dictionaries, and the choice between fused and sep-
arate spelling depends on whether the components
denote a single lexicalised concept or form a phrase.
Consequently, such errors are hardly detectable by
rule-based grammar checkers.

Type 4: Incorrect agreement between an ad-
jective and an abbreviation of a multi-word
proper name. The adjective agrees in gender
and number with the head noun of the multi-word
proper name, even when the expression is abbrevi-
ated. For example, *nosomo J/]C (nanbk noOaBe-
Ha ctoiHoCT, ‘Value Added Tax’, VAT) should be
replaced with nosusm /I/]C, because the noun da-
nek is masculine. Detecting this type of agreement
error requires knowledge of the multi-word expres-
sion represented by the abbreviation, including the
grammatical gender and number of its head noun.

Type 5: Incorrect fused, semi-fused, or sep-
arate spelling of two nouns. Compound nouns
in which one component is of foreign origin and
not used as an independent word are written as
one word. If the first component of the compound
noun is of foreign origin and also used as an inde-
pendent word, both fused and separate spellings
are allowed. For example, the fused spelling zeiinu-
kon3ona (‘gaming console’), where zeiim denotes
‘relating to computer games and video games’, is the
only prescribed form, whereas both espozona and
espo 3ona (‘euro zone’) are allowed because egpo
means ‘the monetary unit of the euro’ and is also
used independently. Some fused words are listed in
modern orthographic dictionaries, but not all new
forms are included, as new words regularly enter
the language. Thus, detecting this spelling error
requires knowledge of which words are of foreign
origin and not used separately in Bulgarian.

Type 6: Incorrect use of plural forms of mascu-
line and neuter nouns. These nouns are of foreign
origin and are either relatively rare or have recently
entered the language, so their forms are not yet well

3ht‘t:ps ://beron.mon.bg (accessed on 15.07.26)
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established. For example, *0ge yucku instead of
06e yuckuma ‘two whiskeys’, ¥*urozo 6urbopou in-
stead of wmnozo burbopoose ‘many billboards’. The
words whose plural forms might be mistaken are of
foreign origin and relatively new to the language.
For some of them, the existence of a plural form
and its correct ending is already recorded in mod-
ern orthographic dictionaries, while others are still
not included in the dictionaries.

The BulMMLU:gr (Massive Multitask Lan-
guage Understanding of Bulgarian Grammar)
dataset provides a new resource for evaluating
state-of-the-art LLLMs and grammar-checking ap-
plications by comparing their performance across
different aspects of Bulgarian grammar, spelling,
and punctuation. BulMMLU:gr follows the struc-
ture and data organisation of the original MMLU
dataset (Hendrycks et al., 2021). Like MMLU, Bul-
MMLU:gr consists of three parts: Development,
Validation, and Test, and is intended to facilitate
few-shot experiments and the reliable evaluation of
LLMs. Each part comprises 5%, 15%, and 80% of
the entire dataset, respectively. The dataset ques-
tions are designed to evaluate grammar, spelling,
and punctuation phenomena that depend on sen-
tence analysis or external knowledge; each question
is followed by four answers, only one of which is
correct, and the correct answer is provided as a
separate field. All questions contain one or two
example sentences with an intentionally inserted
error of one of the described types. In some ques-
tions, two elements of the sentence are targeted.
The dataset was developed manually by one person,
with some semi-automatic support for detecting and
extracting sentences with targeted correct words or
phrases and for spell-checking. Additional semi-
automatic validation procedures were performed to
detect issues involving Cyrillic and Latin characters
and incorrect punctuation inserted at the end of an-
swers. The dataset contains 118 questions covering
all selected error types. The dataset is maintained
in CSV format and can be easily converted into a
fine-tuning dataset.

The BulMMLU:gr dataset is publicly avail-
able under the Creative Commons Attribution 4.0
International Licence (CC BY 4.0), facilitating
the replication of experiments. It is distributed
as part of the broader Massive Multitask Lan-
guage Understanding for Bulgaria and Bul-
garian (BulMMLU) benchmark, which evaluates
LLMs’ knowledge of Bulgarian history, literature,

191



Proceedings of CLIB 2026

economics, and the Bulgarian language.*

Two types of experiments are conducted with the
dataset. The first evaluates grammar-checking ap-
plications that support Bulgarian, while the second
evaluates five LLMs that are either pre-trained on
Bulgarian data or specifically trained and fine-tuned
for Bulgarian.

4 Evaluation of grammar-checking
applications

Contemporary grammar-checking applications
such as Grammarly, QuillBot, and Language-
Tool are Al-based, typically combining machine-
learning methods with rule-based approaches to
detect errors and suggest improvements to gram-
mar, spelling, punctuation, and style, while provid-
ing real-time suggestions across browsers, mobile
applications, and word processors. Modern tools
go beyond correction by offering features such as
paraphrasing, summarisation, and plagiarism and
Al-generated content detection.

4.1 Brief description of grammar-checking
applications

Here we present six publicly accessible grammar-
checking applications.

Grammarly is an Al-based writing assistant that
combines machine learning, natural language pro-
cessing, and rule-based methods to provide gram-
mar, spelling, punctuation, style, and fluency sug-
gestions. It supports more than 20 languages, but
not Bulgarian.> Grammarly is available as a web,
desktop, and mobile application and integrates with
tools such as Microsoft Word and Google Docs.
Earlier work by Grammarly researchers introduced
the GECToR grammatical error correction model,
based on a Transformer encoder (Omelianchuk
et al., 2020).

InstaText is an Al writing assistant that improves
grammar, spelling, punctuation, clarity, and read-
ability.® It integrates with popular writing platforms
and supports editing in several major languages,
while multilingual assistance extends to more than
40 languages, including Bulgarian.

LanguageTool is a grammar and style checker
that combines rule-based and machine-learning

*nttps://huggingface.co/datasets/DCL-IBL/
BulMMLU-Dataset (accessed on 15.07.26)

https://support.grammarly.com/ (accessed on
15.07.26)

f’ht‘t:ps ://instatext.io (accessed on 15.07.26)
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techniques to detect grammatical, spelling, punctua-
tion, and stylistic errors.” It also provides Al-based
paraphrasing and supports 31 languages, although
Bulgarian is not currently available.

Scribens is an online grammar and spell checker
that combines rule-based and Al techniques to de-
tect spelling, grammatical, and punctuation errors.®
It supports more than 40 languages, including Bul-
garian, and is available as both a free and a premium
service.

QuillBot is an Al writing assistant offering para-
phrasing, grammar-checking, summarisation, trans-
lation, plagiarism detection, and citation genera-
tion.? It integrates with Google Docs and Microsoft
Word and supports several major European lan-
guages, but not Bulgarian.

Scribbr is an academic writing platform that
provides plagiarism detection, citation generation,
grammar-checking, and proofreading services.'”
Its Grammar Checker is powered by QuillBot and
supports several major languages, but not Bulgar-
ian.

In summary, there are various applications for
checking and correcting grammar, which com-
monly provide a range of services, including gram-
mar and style checking, improving fluency, text sim-
plification, paraphrasing in different words or styles,
plagiarism detection, and text summarisation. Most
of these applications offer premium modes that use
more advanced algorithms, perform better, allow
checking larger volumes of text, and provide ad-
ditional services. English is generally supported,
and many applications also support widely used lan-
guages such as French, German, and Spanish. Less
frequently, applications support other languages;
among the six applications surveyed, only two sup-
port Bulgarian. Most applications also offer various
options for use and integration with browsers, word
processing programmes, and other platforms.

Table 1 presents a brief comparison of six Al-
based applications that offer grammar-checking ser-
vices. The comparison includes the number of
supported languages, whether Bulgarian is among
them, and whether the application supports various
types of use: online writing or copying texts, inte-
gration in browsers and other online services, as
well as in word processing tools, indicated with +.
Support for Bulgarian mostly relies on multilingual

"https://languagetool.org/ (accessed on 15.07.26)
8h‘c'cps ://www.scribens.com/ (accessed on 15.07.26)
*https://quillbot.com/ (accessed on 15.07.26)
10https ://www.scribbr.com/ (accessed on 15.07.26)



Tool Languages BG Use

Grammarly 24 No  Online+
InstaText 40+ Yes Online+
LanguageTool 31 No  Online+
QuillBot 5 No Online+
Scribbr 5 No Online+
Scribens 40+ Yes Online+

Table 1: Grammar-checking applications

applications, which cover more than 40 languages
but often provide only limited support for Bulgar-
ian.

4.2 Evaluation, results and analysis

Only two grammar-checking applications that sup-
port Bulgarian are evaluated with BulMMLU:gr:
InstaText and Scribens. For the evaluation, the
example sentences from the dataset questions are
extracted and submitted to each application. The
results are recorded and analysed. For Scribens,
however, manual inspection of the suggested re-
placements is required, as the application displays
them only after the user clicks on the highlighted
error. Four outcomes are distinguished:

1. Correct error detection with a correct cor-
rection suggestion — the application correctly
identifies the error and proposes the intended
correction.

2. Correct error detection with an incorrect
correction suggestion — the application cor-
rectly identifies the location of the error but
proposes an incorrect replacement.

3. Failure to detect an error — the application
does not identify an existing error.

4. False error detection (overgeneration) — the
application incorrectly flags a correct lan-
guage unit as an error.

Table 2 presents the evaluation results for the
two grammar-checking applications that support
Bulgarian, InstaText and Scribens. The error de-
tection rate (Det.) is calculated as the percentage
of evaluated sentences that fall into cases 1 and
2, since the error is successfully detected regard-
less of the quality of the suggested correction. The
correct correction rate (Sugg.) is calculated as the
percentage of evaluated sentences that fall into case
1 only, as these are the instances in which both the
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error detection and the proposed correction are cor-
rect. Case 3 represents a failure of error detection
and therefore lowers the error detection rate. Case
4 corresponds to overgeneration (a false positive)
and is reported separately; it is not included in the
calculation of either the error detection rate or the
correct correction rate.

Appl InstaText InstaText Scribens Scribens
Mode Det. Sugg. Det. Sugg.
Type 1 0.65 0.63 0.88 0.82
Type 2 0.72 0.72 0.78 0.65
Type 3 0.51 0.48 0.89 0.84
Type 4 0.62 0.62 0.99 0.99
Type 5 0.45 0.42 0.90 0.78
Type 6 0.60 0.58 0.71 0.56
Total 0.59 0.57 0.85 0.77

Table 2: Detection and suggestion rates of grammar-
checking applications

The results showed that, at the time of the experi-
ment (July 2026), Scribens outperformed InstaText
in detecting most error types, performing best with
Type 4 errors (incorrect agreement between an ad-
jective and an abbreviation of a multi-word proper
name). However, both applications struggled to de-
tect the remaining error types. InstaText achieved
its lowest score on Type 5 (incorrect fused, semi-
fused, or separate spelling of two nouns), whereas
Scribens performed worst on Type 6 (incorrect use
of plural forms of masculine and neuter nouns). For
example, in the sentence:

B kunocanona na 2eiim kaydoa npodxcexmupaxa
KUHO 00KYMEHMANUCMUKA 3a 2eUM UHOYCIpU-
ama u Helinomo eausinue 6ovpxy maaoume ‘In the
game club’s cinema, they screened a documentary
about the game industry and its influence on young
people’,

both applications treat the incorrect separate
spellings of *zeiim kay6 and *zetim unoycmpus
as correct. Moreover, instead of detecting *xumno
Odokymernmanucmuxa as an error and suggesting
that it be written as a single word, both applications
recommend replacing it with a different phrase. In-
staText suggests documentary film, while Scribens
provides the following explanation: The phrase is
stylistically incorrect. ‘Documentary cinema’ is the
established term, whereas ‘cinema documentary’
is a literal and incorrect translation from a foreign
language (a calque).

In principle, Scribens’ error explanation feature
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often indicates that an error has been detected but
not recognised as the correct error type. Conse-
quently, it does not suggest the appropriate correc-
tion. This distinction is not taken into account in
the error analysis. For example, the explanation
provided for the plural form of the word kanyuuro
‘cappuccino’ is incorrect: The plural of kanyuuno in
Bulgarian is formed with the ending -a (xanyuuna).

These observations raise questions that cannot
be answered because the training data, fine-tuning
procedures, and underlying rules of both grammar-
checking applications are not publicly documented.
Consequently, it is only possible to hypothesise
about the reasons for their behaviour. One pos-
sible explanation is that InstaText appears to rely
primarily on Al-based methods, whereas Scribens
appears to rely more heavily on rule-based error
detection and correction.

Overall, although Scribens achieves relatively
good error detection performance across the eval-
uated error types, neither application consistently
provides the intended corrections. These findings
suggest that both applications still have notable lim-
itations in handling Bulgarian-specific grammar,
spelling, and punctuation errors.

S Evaluation of LLLM performance in
grammar checking

LLMs are used in grammar-checking applications
because they learn language patterns from large-
scale datasets, enabling them to detect and correct
errors in a context-aware manner and potentially
offering advantages over traditional rule-based sys-
tems.

5.1 Brief description of LLMs selected for the
experiment

We present five LLMs selected to evaluate the per-
formance of major proprietary models and open-
weight models.

Gemma 4 31B IT is an open-weight multimodal
LLM developed by Google DeepMind and released
in 2026.Built on research related to the Gemini 3 se-
ries, it supports more than 140 languages (including
Bulgarian), image inputs, and a 256K-token context
window. The model is released under the Apache
2.0 licence and is publicly available on Hugging
Face and Kaggle (Google DeepMind, 2026b).

BgGPT 3.0 27B is an instruction-tuned LLM
developed by INSAIT and released in 2026.Based
on the Gemma 3 architecture, it is specifically de-
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signed for Bulgarian-language understanding and
generation, supporting Bulgarian and English, mul-
timodal input, and a 131K-token context window.
The model is freely available through downloadable
weights and an API (INSAIT, 2026).

Claude Sonnet 4.6 is an instruction-tuned LLM
developed by Anthropic and released in 2026.1t is
designed for reasoning, coding, and agentic work-
flows, supports a context window of up to one mil-
lion tokens, and is available through the Anthropic
API (Anthropic, 2026).

Gemini 3.5 Flash is a multimodal LLLM devel-
oped by Google DeepMind and released in 2026.1t
is optimised for low-latency inference while main-
taining strong reasoning and coding performance.
The model supports text, image, audio, video, and
PDF inputs, a one-million-token context window,
and is available through the Gemini API, Vertex
Al Google Al Studio, and the Gemini application
(Google DeepMind, 2026a).

GPT-5.5 is a general-purpose multimodal LLM
developed by OpenAl and released in 2026.1t is
designed for reasoning, instruction following, cod-
ing, and agentic tasks. GPT-5.5 supports a 1.05
million-token context window and incorporates im-
provements in reasoning, coding, and tool use over
previous GPT-5 models. The model is available
through the OpenAl API (OpenAl, 2026).

Experiments conducted with different model fam-
ilies, and with different releases within the same
model series, demonstrate a high degree of vari-
ability in performance. This suggests that solutions
to specific tasks are influenced by multiple factors,
many of which are not fully transparent or control-
lable. Consequently, our analysis focuses on identi-
fying broader performance tendencies and patterns
rather than drawing conclusions from the results of
any single model or model release.

5.2 Evaluation, results and analysis

The BulMMLU:gr dataset is designed as a single
prompt covering all six error types. The prompt
asks the model to provide the correct answer to
a given question by choosing from four options.
No example is shown. The model is instructed
to answer only with one of the letters designating
each possible answer: A), B), C) or D). Three of
the tested models produced outputs exactly as in-
structed, while two returned the letter indicating the
correct answer together with an explanation, from
which the selected option was extracted.



We evaluate model performance using accu-
racy, comparing each model prediction to the gold-
standard answer and scoring it as correct or incor-
rect depending on whether it matches. The evalu-
ation metric is binary accuracy, calculated as the
proportion of instances in which the model’s de-
cision matches the gold standard out of the total
number of answers. The results for five models,
distributed among the six error types, are presented
in Table 3.

Table 3: Accuracy of the five evaluated models

Type N MI M2 M3 M4 M5
Typel 20 0.80 025 0.80 090 0.85
Type2 21 048 043 090 048 0.10
Type3 21 0.10 024 0.71 0.9 0.19
Type4 16 0.63 031 075 056 0.50
Type5 20 0.15 025 0.85 020 030
Type6 20 045 025 0.55 040 0.15
Total 118 042 029 0.76 045 034

The accuracy results reveal substantial perfor-
mance differences across models and question types.
Among the evaluated models, M3 achieves the
highest overall accuracy (0.76), outperforming all
others by a wide margin. The remaining models
show markedly lower overall performance, with M4
achieving 0.45, M1 — 0.42, M5 - 0.34, and M2 —
0.29, and they exhibit more pronounced weaknesses
for specific error types.

The results also show that model performance
strongly depends on the type of question being ad-
dressed. No single model achieves the highest ac-
curacy across all question types. For Type 1 ques-
tions, M4 performs best with an accuracy of 0.90,
followed by M5 (0.85) and M1/M3 (0.80). In con-
trast, M4 performs substantially worse on Type 3
and Type 5 questions, indicating that its strengths
may be limited to particular reasoning patterns or
task formulations. M5 shows a similar pattern of
narrow strength: it is the second-best model on
Type 1 (0.85), but its accuracy drops sharply on
Type 2 (0.10) and remains low for Types 3, 5, and
6, indicating that its performance is highly depen-
dent on question type. The models are not specifi-
cally pre-trained or fine-tuned for Bulgarian gram-
mar, spelling, or punctuation, and the strong per-
formance of a particular model on a specific task
may be due to several factors, such as training data,
model architecture, Bulgarian coverage, and so on.

M3 shows a comparatively more consistent per-
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formance pattern across the evaluated categories.
It achieves the best results for five of the six ques-
tion types (Types 2-6), with Type 1 being the only
category where another model (M4) performs bet-
ter. M3’s strongest results are on Type 5 (0.85)
and Type 2 (0.90). M1, by contrast, is highly in-
consistent: it performs reasonably well on Type 1
(0.80, on par with M3) but drops sharply on Type 3
(0.10), and remains weak on Type 5 (0.15) and Type
6 (0.45). This indicates that M1 lacks general ro-
bustness across error types. As a model with open
weights, it nonetheless remains a good candidate
for further fine-tuning to detect errors in Bulgarian
grammar, spelling, and punctuation.

The lowest overall performance is observed for
M2, which remains below 0.50 accuracy for all
question types and achieves only 0.29 overall accu-
racy. This consistent underperformance suggests
that the model may have difficulties with the specific
reasoning requirements represented in the evalua-
tion set. In comparison, M4 and M5 show inter-
mediate performance but exhibit high variability
between categories, indicating sensitivity to task
formulation.

The observed variability confirms that model se-
lection has a significant impact on task outcomes.
Differences between models are not limited to av-
erage accuracy but also appear in their relative
strengths across question types. Therefore, eval-
uating only aggregate performance may conceal
important model-specific capabilities and limita-
tions. These findings support the use of multiple
evaluation categories and suggest that model choice
should take into account the characteristics of the
target task rather than relying solely on general per-
formance rankings.

The McNemar test is a statistical test used to com-
pare two classifiers on the same set of instances.
Unlike tests based on independent samples, it evalu-
ates paired predictions by focusing on cases where
the two models disagree: instances correctly classi-
fied by one model but incorrectly classified by the
other (McNemar, 1947). The test assesses whether
the difference in error distributions between two
models is statistically significant. In this work, we
use the exact binomial form of the test rather than
the chi-squared approximation, computing the p-
value directly from the binomial distribution with
n = b + c trials and success probability 0.5. A low
p-value indicates that the observed performance dif-
ference is unlikely to arise from random variation,
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suggesting that one model achieves a statistically
different level of accuracy compared with the other.

The pairwise McNemar test results for the com-
plete set of questions (Table 4) show statistically sig-
nificant differences between most model pairs. M3
exhibits the most distinctive performance profile,
with statistically significant differences compared
with every other model (p < 0.0001 in all com-
parisons). This confirms that the superior overall
accuracy of M3 is not only a numerical improve-
ment but also represents a statistically significant
change in prediction behaviour compared with the
remaining models.

The comparisons among M1, M2, M4, and M5
reveal a more mixed pattern. M1 differs signifi-
cantly from M2 (p = 0.0328), but no significant
difference is observed between M1 and M4 or M5
(p = 0.6476 and p = 0.0872, respectively). Sim-
ilarly, M2 performs significantly differently from
M4 (p = 0.0094), but its difference from M5 is not
statistically significant (p = 0.4709). These results
indicate that although the models have different
average accuracies, some performance differences
may not be sufficiently large or consistent across
individual questions to reach statistical significance.

The results by question type (Table 5) provide ad-
ditional insight into the source of these differences.
M3 shows statistically significant differences com-
pared with the other models across several question
categories, particularly Types 2, 3, and 5. For Type
2 questions, M3 shows statistically significant dif-
ferences in favour of M3 over all competing models
(p < 0.0063), indicating a strong advantage in this
category. Similarly, Type 3 and Type 5 questions
show significant differences between M3 and all
other models, suggesting that these categories con-
tribute substantially to the overall performance gap.

Given the number of pairwise comparisons per-
formed, results should be interpreted with aware-
ness that no correction for multiple testing (e.g.,
Bonferroni) was applied; borderline p-values (e.g.,
0.0328, 0.0391, 0.0386) would not remain signifi-
cant under such correction.

Overall, the McNemar analysis confirms that
M3 provides a statistically significant improvement
over the other evaluated models for the majority of
the benchmark. However, the category-level analy-
sis shows that model superiority is task-dependent:
some question types do not show significant dif-
ferences, indicating that performance advantages
arise primarily from specific capabilities rather than
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universal dominance across all tasks.

6 Conclusion and future work

Of the applications surveyed, only two supported
Bulgarian and were included in the evaluation,
specifically for tasks involving grammatical error
detection and correction suggestions. Although
large language models demonstrate strong capabili-
ties in improving text fluency and correcting vari-
ous types of errors, the evaluated LLM interfaces
did not offer the same explicit correction-review
workflow as grammar-checking applications, which
allow users to review, select, and accept or reject
individual corrections. This limitation highlights
a potential direction for future research and devel-
opment: creating a dedicated Bulgarian grammar-
checking system that combines automatic error de-
tection with user-controlled correction suggestions.

A key objective for future work is to develop a
systematic description and classification of the most
frequent errors in Bulgarian, covering syntax, punc-
tuation, and spelling. This resource could support
the extension of the BulMMLU:gr dataset by in-
corporating examples of incorrect sentences paired
with the corresponding corrected versions. Fur-
ther experiments will determine whether a synthetic
dataset, symbolic approaches to data processing, or
both are needed to achieve sufficient coverage of
the different error types.

Future investigations may also explore the adap-
tation and fine-tuning of open-weight large lan-
guage models for Bulgarian grammatical error de-
tection and correction tasks. Potential candidate
models include Gemma 3 27B and Gemma 4 27B,
which could serve as foundations for developing
specialised models capable of providing accurate,
transparent, and user-controllable grammar correc-
tion assistance for Bulgarian. At present, the possi-
bilities of quantising and running large open-weight
language models (such as DeepSeek-V3, V4 Pro, or
Kimi 3), or using pre-compressed or pruned com-
munity weights, remain largely unexplored.
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Appendix A McNemar Test Results

Model M1 M2 M3 M4 M5
M1 — 0.0328*  <0.0001*  0.6476 0.0872
M2 0.0328* <0.0001*  0.0094* 0.4709
M3 <0.0001* <0.0001* — <0.0001* <0.0001*
M4 0.6476 0.0094*  <0.0001* — 0.0146*
M5 0.0872 0.4709  <0.0001*  0.0146* —

* Statistically significant difference at a significance level of
p < 0.05.

Table 4: p-values from the McNemar test for pairwise
comparisons between the models (total of 118 questions)

Question type vs M1 vs M2 vs M4 vs M5

Type 1 1.0000  0.0034*  0.6875 1.0000
Type 2 0.0039*  0.0063* 0.0039* <0.0001*
Type 3 0.0010*  0.0063* 0.0034*  0.0034*
Type 4 0.6875 0.0391*  0.5078 0.3438
Type 5 0.0005* 0.0005* 0.0010*  0.0074*
Type 6 0.7744  0.1796  0.5811 0.0386*

*Statistically significant difference compared to Model 3 at p
<0.05.

Table 5: p-values from the McNemar test: Comparison
of Model 3 with the other models across question types
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