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Abstract: Grammatical error correction (GEC) is the task of automatically detecting and correcting
grammatical errors in text. Large language models have enabled the development of accurate auto-
mated methods for detecting and correcting certain types of errors. In the educational domain, the aim
of GEC is to aid teachers in correcting student errors. Excessive paraphrasing is a property of Gener-
ative Pre-trained Transformer-based models and is undesirable in the language education context. To
avoid this, we develop multiple Slovenian models for correcting errors in spelling, word case (capital-
ization), word form, and word order. We describe the training data construction, training process, and
model evaluation approach using the Solar-Eval 1.0 corpus of school essays authored by primary and
secondary school students. Our quantitative evaluation shows that the developed models have reason-
ably high accuracy levels, and our qualitative evaluation highlights the strengths and weaknesses of
the models and the evaluation process. The analysis reveals multiple challenges and promising future
directions for improving both model development and the evaluation process.
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Introduction

Grammatical error correction (GEC) refers to the automatic detection and
correction of grammatical errors in written text and is a key area of natural lan-
guage processing (NLP). Grammar checkers — programs that verify grammatical
correctness, flag potential language issues, and suggest corrections — are among
the most fundamental language technologies and provide important digital in-
frastructure for modern languages, including Slovene (Krek 2023). Traditional
grammar checkers relied on predefined rule sets, whereas modern systems lever-
age large language models (LLMs), particularly transformer-based architectures
(Vaswani et al. 2017). These Al-driven models have the ability to consider the
broad syntactic and semantic contexts of written texts and have thus become es-
sential for advanced language technologies, significantly outperforming previous
methods. Automated writing evaluation (AWE) is a key application of GEC; it
relies on accurate error detection and correction to provide effective feedback on
students’ writing.

AWE systems provide significant benefits for both students and teachers, as
they increase students’ motivation to write and enhance their self-efficacy (War-
schauer and Grimes 2008; Wilson and Czik 2016; Wilson and Roscoe 2020; Zupanc
and Bosnié 2017). These tools also reduce the time required for providing feed-
back significantly, thereby allowing teachers to focus on the higher-level aspects
of writing, such as content and organization (Cotos 2014; Connor et al. 2014;
Warschauer and Grimes 2008). However, many issues need to be considered, such
as the tool’s technical capabilities, its alignment with pedagogical goals, and the
precision of feedback it provides, which varies depending on the type of error
(Ranalli 2016, 2018; Woodworth and Barkaoui 2020; Wilson et al. 2024). Without
a solid GEC backbone and careful implementation, AWE tools risk providing in-
consistent or even misleading feedback.

Given the role of GEC in language technologies and its impact on automated
writing evaluation, we developed novel Slovenian GEC models for various levels of
error identification and correction. Specifically, these models can correct spelling,
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morphology, and selected orthography (capitalization of letters) and syntax (word
order) issues. Figure 1 presents an example of a model and its outputs.

We decided to build multiple models for different error types (instead of
one general model) because of the challenging nature of constructing the train-
ing dataset. To recognize human-made grammatical errors, the models had to be
trained on a dataset of general texts containing a realistic amount of errors as well
as realistic types of errors. Such datasets are not publicly available for Slovene, so
we resorted to constructing synthetic training datasets. While we could success-
fully synthesize various error types independently, capturing a realistic frequency
of different error types within the same text proved to be a more challenging
problem, which we decided not to tackle in this study. Of the constructed models,
the spelling and word case models exhibited the most promising results; the other
two require further work before they can be applied.

Novel models for Slovenian

Level: ortography
/ AN Antigona je antiéna

Essay CASE model | —>  pajka, katere bi naj bil
Antigona je Anticna avtor Sofokles.
bajka, katere bi naj bil Level: synlax ‘ . -
avtor Sofokles. WORD ORDER Antigona je Antiéna
model —* bajka, katere avtor naj
— bi bil Sofokles.
SPELLING Predstavlja Cloveka,
model —> kakrsni bi morali bit vsi
Predstavlja ¢loveka, ljudje.
kakersni bi morali bit Level: morphology
vsi ljudje. WORD FORM Predstavlja Cloveka,
;/ model —>  kakersni bi morali biti
_ vsi ljudje.

Figure 1: High-level overview of the problem and our contributions. We introduced multiple models
for grammatical error correction in Slovenian.

This paper presents the development process, the effectiveness of the models
in addressing common linguistic errors, particularly in educational contexts, and
the current applicability of the models to writing support systems.

Related Work on Grammatical Error Correction

GEC systems are commonly developed for high-resource languages such as
English and less so for smaller languages such as Slovenian. English systems such
as Grammarly have reached mass adoption due to their ability to detect errors
and suggest corrections with high accuracy. For Slovenian, the with the broad-
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est error correction coverage is Amebis Besana, a commercial product based on
hand-crafted linguistic rules.

Some recent works have involved the development of neural network sys-
tems for specialized problems. Bozi¢ (2020) developed an accurate Bidirectional
Encoder Representations from Transformers-based (BERT) system for automatic
comma placement and released the model for public use through an online in-
terface. Klemen et al. (2024) developed an accurate BERT-based spelling error
detection model using synthetically generated training data. Spelling errors were
synthesized using various heuristics based on intuition, such as the insertion of
random characters and commonly misspelled words.

It has become increasingly common to apply large language models such
as ChatGPT to GEC tasks, with the models instructed to correct the input text
based on a prompt (Lin 2024). However, such systems are prone to significant
input modifications, making them unsuitable in educational contexts. Consider-
ing this, we developed and evaluated multiple novel models for the detection and
correction of spelling, word form, word order, and word case errors. We analysed
their predictions in an educational context using the Solar-Eval 1.0 dataset (Arhar
Holdt et al. 2023) and thus obtained insights into their strengths and weaknesses
as well as the challenges of applying such systems in education.

Grammatical Error Correction Using Language Models

In this section, we describe the models developed for GEC. We discuss the un-
derlying language models used as the base and then describe our customizations,
such as the input and output formats, and the synthetic training data construc-
tion approach.

Base Language Models

We built our detection and correction models by fine-tuning pretrained trans-
former models BERT (Bidirectional Encoder Representations from Transform-
ers) and T5 (Text-to-Text Transfer Transformer) using synthetically constructed
training data. The base models were pretrained on large text corpora, with the
aim of capturing general language properties. Additional fine-tuning allowed the
models to learn specific downstream tasks.

BERT (Devlin et al. 2019) is an encoder-only language model pretrained us-
ing masked language modelling and next sentence prediction tasks. Its architec-
ture makes it particularly effective for discriminative tasks, such as the detection
of grammatical errors. However, it is less suitable for text generation tasks, so we
did not use it for our correction models. We specifically used the BERT-like model
SloBERTa (Uléar and Robnik-Sikonja 2021) in our work, pretrained on multiple
Slovenian corpora.
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T5 (Raffel et al. 2020) is an encoder-decoder language model pretrained
using independent, identically distributed denoising and span corruption tasks.
Its architecture enables the mapping of variable-length input sequences to vari-
able-length output sequences, which makes it useful for generative tasks — in our
case, the correction of grammatical errors. We used the T5-sl-small (Ul¢ar and
Robnik-Sikonja 2023) model pretrained on multiple Slovenian corpora in our
work.

Model Customization for Slovenian

We fine-tuned the base language models using data synthetically generated
from Gigafida 2.0 (Krek et al. 2020) corpus. In this section, we describe the train-
ing modifications we made, including input and output modifications, and the
strategies used to synthetically generate data. We fine-tuned all models for two
epochs and used a learning rate of 2 - 10%. Table 1 presents an overview of the
developed models.

Model Problem Type
T5-slo-word-spelling-annotator Spelling Detection
T5-slo-word-spelling-corrector Spelling Correction
T5-slo-word-form-corrector Word form Correction
T5-slo-word-order-corrector Word order Correction
SloBERTa-word-case-classification-multilabel Word case Detection™

Table 1: Overview of the newly developed models. The model type reflects the main goal of the model.
The correction models could also flag suggested corrections as errors without modifying the words
and could thus be used for error detection. * = the model is specialized for detection, but the predicted
classes also enable error correction. We have released the models publicly on the CJVT HuggingFace
repository.

To build spelling error detection and spelling error correction models, we ap-
plied the strategies described in our previous work (Klemen et al. 2024) to ob-
tain a training dataset and then used it with a generative model (T5) instead of
a discriminative one (BERT). The aim was to observe the accuracy of a system
that treats spelling detection and correction as a text generation problem rather
than as a classification problem. The strategies included random word separation,
neighbouring word concatenation, replacement of commonly misspelled word and
character pairs, and random insertion or deletion of characters. To transform the
spelling detection problem into a generative task, a special text label was added
after each incorrectly spelled word, whereas the correctly spelled words were left
unchanged. The task for the spelling correction model was to map an incorrectly
spelled input text to a correctly spelled one, so no task transformation was needed.
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To build a word form correction model, we fine-tuned a T5 model using a
synthetic training set with partially replaced word forms. Each word was a word
form replacement candidate with probability p .. = 0.2. Each candidate was
then replaced with a random inflected form with the same lemma. This was done
using the Sloleks 2.0 lexicon, which contains all word forms for more than 100,000
lemmas.

To build a word order correction model, we fine-tuned a T5 model using a
synthetic training set with locally shuffled word orders. An input sentence was
segmented into parts based on conjunctions and commas. Then, N__ . words are
randomly shuffled in each part, with the highest weight assigned to N, =1
(indicating no shuffle), and the weight linearly decreased to the number of words
in each segment. This allowed the model to learn to correct shorter word shuffles
as well as larger sentence part rearrangements.

To build a word case correction model, we trained a BERT model to deter-
mine the case of each word. The model received lowercased text as the input, and
its goal was to determine whether the word was uppercase, lowercase, or all-up-
percase. To obtain the ground truth labels for our training set, we assumed that
the initial cases in the Gigafida 2.0 corpus were placed correctly. We thus limited
our training data to a subset of documents produced by publishers with language
editors.

Evaluation

In this section, we present our analysis of the proposed models’ performance.
We start by describing the evaluation procedure, including the data and quality
metrics used. We then discuss our quantitative and qualitative analyses of the
models.

Evaluation Procedure

To evaluate the models in an educational setting, we used the Solar-Eval
dataset (Arhar Holdt et al. 2023), which contains 109 essays authored by Slovene
primary and secondary school students. The dataset was sampled from the Solar
3.0 corpus and reannotated for optimized correction consistency, homogeneity,
and minimal language intervention. It was annotated using a three-level error
categorization scheme, in accordance with publicly released online guidelines!.
For model evaluation, we extracted data subsets containing specific types of er-
rors. For example, to evaluate the word order correction model, we only consid-
ered errors of the type ‘S/BR’, which indicated a syntax-level error.

We quantitatively evaluated the models using general machine learning
metrics, namely precision, recall, and the F0.5 score, an aggregate metric that

1 https://wiki.cjvt.si/attachments/52
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combines precision and recall of a system, assigning a higher weight to precision
than to recall. This choice was supported by intuition, considering that many false
positives can be frustrating in a practical setting, as well as the literature on mea-
suring the correlation between automated metrics and human judgement (Grund-
kiewicz et al. 2015). The F0.5 score is defined as follows:

_ 125-PR _ 1.25- TP
5" 095-P+R  125-TP+0.25-FN + FP

Here, P is the system precision, R is the system recall, TP is the true positive
count, FN is the false negative count, and FP is the false positive count.

For our qualitative analysis, we manually observed a random sample of true
positive, false positive, and false negative predictions by the models and discussed
the commonly occurring patterns. We focused on evaluating the strengths and
weaknesses of the newly developed models in the educational domain rather than
a detailed comparison with existing (and scarcely available) systems. Previous
work (Klemen et al. 2024) has shown that untuned commercial large language
models such as ChatGPT? perform poorly at the problems we tackled in Slove-
nian, which further motivated their exclusion as baseline models. We plan to per-
form a thorough baseline comparison in our future work, with the release of the
next iteration of models built using our method.

Quantitative Evaluation

Model Problem Precision | Recall Fo0.5
T5-slo-word-spelling-annotator Spelling 0.587 0.716 0.609
T5-slo-word-spelling-corrector Spelling 0.663 0.847 0.693
T5-slo-word-form-corrector Word form 0.581 0.258 0.465
T5-slo-word-order-corrector Word order | 0.571 0.148 0.364
SloBERTa-word-case-classification- Word case 0.640 0.898 0.679
multilabel

Table 2: Precision, recall, and F0.5 scores of the models for an error identification task.

Table 2 presents the precision, recall, and F0.5 scores achieved by the newly
developed models for an error identification task. We observed whether an anno-
tated error was identified correctly but not necessarily corrected accurately. The
spelling detection, spelling correction, and word case correction models achieved
moderately high F0.5 scores (between 0.609 and 0.679), and their recall scores
were higher than their precision scores, indicating that a large portion of annotat-
ed errors were detected but a portion of them were falsely flagged. We observe that

2 https://chatgpt.com/
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the T5 model trained to detect and correct errors (T5-slo-word-spelling-corrector)
achieved higher metric scores on the detection task than the model only trained to
detect errors (T5-slo-word-spelling-annotator). This indicates the benefit of multi-
task learning: the model that learned to also correct errors was better at detecting
them. In contrast, the word form and word order correction models obtained poor
FO0.5 scores of 0.465 and 0.364, respectively. These models achieved higher preci-
sion than recall, which indicates that only a few annotated errors were detected
by the models, but these were relatively accurate.

The automatic metric scores were particularly low for the word order cor-
rection model. This was partly due to the model missing many errors. However,
the estimate obtained was also overly pessimistic because of the relatively flexible
word orders of the Slovenian language. In certain cases, multiple different word
orders were valid, but only one was annotated as correct in the evaluation dataset.

Model Problem TP Correction
Accuracy
T5-slo-word-spelling-corrector Spelling 0.903
T5-slo-word-form-corrector Word form 0.821
T5-slo-word-order-corrector Word order 0.250
SloBERTa-word-case-classification-multilabel Word case 0.946

Table 3: Accuracy of corrections made on the subset of true positive identification model predictions.

Table 3 presents the accuracy levels of the corrections generated for true pos-
itives in the detection task. This shows how many of the correctly identified errors
were also accurately corrected. We found that the correction models achieved very
high accuracy levels in most cases, between 0.821 and 0.946. The word order cor-
rection model was an exception; it achieved an accuracy of 0.250. This was partly
due to suboptimal correction performance and partly a consequence of the rela-
tively free word order in Slovenian and the existence of multiple valid orders. To
obtain further insights into the model predictions, we analysed them qualitatively.
We present these conclusions next.

General Qualitative Performance Observations

We found that the correction models built on top of the generative T5 models
were prone to leaving out text, particularly dependent clauses. This is undesir-
able, as such negations may change the meaning of the text or remove essential in-
formation. In terms of practical usability, this is as undesirable as overcorrection
and presents an obstacle for the adoption of fully automatic grammatical error
correction models. In certain cases, the limited context provided to the models
gave rise to potential ambiguity regarding the correct outcome. Either because of
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the evaluation setting or the model’s limited context window, there were multiple
valid outcomes, despite only one being annotated as correct in the dataset.

We also found that the models faced issues when dealing with proper nouns.
This was likely due to the inclusion of literary works in the dataset; the names
found in literary works tend to be uncommon in general use. We plan to tackle
this issue by injecting additional named entity knowledge into the models in the
future. In the next section, we focus on our qualitative analysis of the word case
model’s predictions, as it performed well in the quantitative analysis.

Linguistic Qualitative Evaluation of the Word Case Model

For our detailed qualitative evaluation, we chose the word case model be-
cause it was one of the most promising models and the example cases are most
intuitive for explanations in English. The evaluation involved 386 sentences from
the Solar-Eval 1.0 corpus, each containing isolated word case corrections such as
Ko smo koncali trgatev, smo se odsli kopat v vipavo > Vipavo. (‘When we finished
the grape harvest, we went swimming in the vipava > Vipava.) The exported data
included the original sentence, the ID of the source essay from Solar-Eval 1.0,
the proposed computational correction, the human correction, and an indication
of whether the machine and human decisions aligned. We manually analysed all
the data and grouped the false positives (FPs) and false negatives (FNs) into bot-
tom-up categories based on the type of the problem. The results are presented in
Table 4.

Category and Problem Type Number of Issues Percentage of Issues
True positives 229 59.33%
False positives 131 33.94%
Proper vs. common noun ambiguity 67 17.36%
Sentence boundary misidentification 35 9.07%
Uninterpretable errors and unknown causes 15 3.89%
Residual capitalization issues 12 3.11%
Unnecessary human correction 2 0.52%
False negatives 26 6.74%
Proper vs. common noun ambiguity 15 3.89%
Sentence boundary misidentification 6 1.55%
Unnecessary human correction 3 0.78%
Uninterpretable errors and unknown causes 2 0.52%
Total 386 100.00%

Table 4: The qualitative evaluation results of the word case model include the number and percentage
of true positives, false positives, and false negatives, along with manually assigned problem types.
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Solar-Eval 1.0 predominantly consists of descriptive or analytical essays on
literary works that students have read. A significant portion of the identified is-
sues with the word case model could be attributed to proper vs. common noun
ambiguity, as common nouns are frequently used as proper nouns in the literary
works. For example, Uvod, Krst, Prilika (‘Introduction, Baptism, Parable’) are
used as section titles and thus require capitalization. Similarly, character names
and titles that typically function as common nouns appear as proper nouns, such as
Doktor, Paz, Baron (‘Doctor, Page, Baron’). In some cases, capitalization depends
on the meaning conveyed, such as (krséanski) Bog vs. bog (‘Christian God’ vs. ‘a
god’). Challenges also arose with geographic names, as capitalization depends on
whether a place is inhabited, such as Vrh vs. vrh (‘Peak’ vs. ‘peak’). These led
to difficulties for the students as well as the system, and they led to both false
negatives (15 out of 26) and false positives (67 out of 131). The examples below
illustrate these challenges. The first example shows how the system erroneously
corrected the proper name ‘Baron’ to a common noun. The second shows how it
failed to recognize ‘Introduction’ as a book section title that should be capitalized.
—  Na gradu sta prebivala Mati¢ek kot vrtnar, ki ga Baron > baron povisa v

prvega sluzabnika, in Nezka kot hisna. (‘In the castle lived Mati¢ek as the

gardener, whom the Baron > baron promoted to first servant, and Nezka as
the housemaid.’)
—  Zauvod > uvod h Krstu pri Savici bi lahko rekli, da je ep v malem. (‘For the

Introduction > introduction to Baptism at the Savica, one could say that it

is an epic in miniature.’)

The second major group of cases involved sentence boundary misidentifica-
tion errors — that is, errors in recognizing the beginning of a new sentence or
segment. This group accounted for 35 false positives and 6 false negatives. A sig-
nificant number of these cases stemmed from inconsistencies in corpus structure,
specifically because the boundaries between titles, subtitles, and bullet points
were not clearly marked. Direct speech or quoted text within a sentence was an-
other common source of errors, as the model struggled to determine whether cap-
italization was required. Additionally, some cases were influenced by ellipses; the
capitalization of the word following an ellipsis depends on how the sentence break
is interpreted. The first example below illustrates issues arising from corpus text
segmentation, where titles were not properly separated from the start of the essay.
The second example shows how the system failed to correct the capitalization of
the second quote, and the third how its interpretation of the ellipsis was different
from the human correction. It is important to note that cases like these are often
ambiguous, and even human corrections can vary.

- Solska naloga Pri¢akovanja > pri¢akovanja in resni¢nost Clovek bi pri¢ak-
oval, da bi ljudje, vsi enaki, drzali skupaj. (‘School essay Expectations > ex-
pectations and reality One might expect that people, all equal, would stand
together.’)

—  Ne stori komu tega, ¢esar ne Zeli§, da bi on tebi in kdor > kdor je brez gre-
ha, naj prvi vrze kamen vanj. (‘Do not do unto others what you do not want
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them to do unto you’ and ‘whoever > whoever is without sin, let them cast
the first stone.’)

—  Usoda?? PiSemo jo sami, ¢eprav ... So > So stvari, dogodki, ki jih nikoli ne
bomo mogli doumeti, in prav je tako. (‘Fate?? We write it ourselves, even
though ... There > There are events we will never be able to comprehend,
and that is as it should be.’)

In some cases (2 false positives and 3 false negatives), the suggested language
correction could have been handled differently or was unnecessary, which means
the issue was not an actual program error. The example below illustrates an un-
necessary human correction, which involved the model interpreting ‘story’ as a
common noun — a valid decision in this case.

—  Vzgodbi > zgodbi o Kajnu in Abelu bi bilo lahko pravi¢no tudi, é¢e bi bog sodil
umor z umorom in Kajna. (‘In the story > story of Cain and Abel, it could
also have been fair if God had judged murder with murder and Cain.’)

Among the false positives were several notable residual capitalization issues,
including unrecognized proper names, misinterpretation of common nouns as
proper nouns, and errors influenced by a foreign language or borrowed vocabulary
features (a total of 12 cases). The first example below shows the model’s applica-
tion of the general rule that adjectives ending with -ski (ajdovski) are written with
a lowercase letter, failing to recognize that in this case (Ajdovski gradec), it is part
of a geographical proper name. The second example demonstrates a misinterpre-
tation of a common noun as a proper noun, while the third involves the correction
of a German borrowing, which remains capitalized in the literary text referenced.
—  Crtomir se zelo spremeni na prehodu iz Uvoda v Krst, ker po porazu pri

Ajdovskemu > ajdovskemu gradu spozna, da se je utopi¢no boril za versko

samostojnost slovencev. (‘Crtomir undergoes significant change in the transi-

tion from Introduction to Baptism, as after the defeat at Ajdovski > ajdovski

Castle, he realizes that his struggle for religious independence was futile.’)
—  Po vrnitvi z bega > Bega so me starsi zelo nadrli, $e leto po tem sem imela

vse prepovedano, npr. televizor, racunalnik (‘After returning from the Run >

run, my parents scolded me severely; even a year later, I was forbidden from
watching TV, using the computer, etc.’)

— Ko so prisli do zeleznice, kjer naj bi potekal pregled za odlo¢itev za Volksdo-
jéerja > volksdojcerja ali za pravega arijskega nemca. (‘When they arrived
at the railway station, where an inspection was to be conducted to decide
between becoming a Volksdeutscher > volksdeutscher or a true Aryan Ger-
man.’)

The most challenging issues affecting further development and implementa-
tion are those that cannot be clearly interpreted, making it impossible to deter-
mine why the program made an error. Uninterpretable errors and unknown causes
accounted for 15 false positives and 2 false negatives in our analysis. The first
example below shows that the model incorrectly adjusted the capitalization after
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a full stop, with no clear justification for the decision. A similar issue is present

in the second example; the model incorrectly interpreted the name ‘Nezka’ as a

common noun, even though its interpretations were correct throughout the rest

of the text.

—  Baron sumi, da ima baronica v sobi skritega tujega moskega, saj so bila vrata
njene sobe zaklenjena. Dreza > dreza vanjo, dokler mu ta ne prizna, da je v
sobi Toncek. (‘The baron suspects that the baroness is hiding another man in
her room, as the door was locked. He prods > he prods her until she admits
that Toncek is inside.’)

—  Oslepljeni baron dvori svoji Zeni v prepri¢anju, da je Nezka. Na koncu spozna
v svoji ”Nezki > nezki” Zzeno, ki mu vse oprosti — baron tretji¢ naleti. (‘The
blind baron courts his wife, believing her to be Nezka. In the end, he recog-
nizes his “Nezka > nezka” as his wife, who forgives him - this is the third
time the baron has been fooled.”)

Despite the identified challenges, the model successfully handled several
cases across different categories and correctly applied capitalization rules where
needed: 59.33% of the outcomes were true positives. The first example below
shows the model’s correct capitalization of a regional name upon distinguishing
it from a general geographical reference. The second example shows that it rec-
ognized the beginning of a new sentence and applied capitalization correctly. The
third example demonstrates the model’s ability to recognize demonyms and apply
capitalization accordingly.

—  Veliko sem tudi prejokala, saj sem se spominjala najinih potovanj po primor-
skem > Primorskem. (‘I also cried a lot, as I remembered our travels through
primorska > Primorska.’).

—  Takrat mu Laert pove za zaroto in Hamlet ubije e Klavdija. tako > Tako vsi
umrejo. (‘At that moment, Laertes reveals the conspiracy, and Hamlet kills
Claudius as well. so > So they all die.’)

—  Njihov najvegji problem je bil ta, da so bili nemci > Nemci. (‘Their biggest
problem was that they were germans > Germans.’)

Conclusion

In our work, we developed multiple novel models for Slovenian GEC and
evaluated them quantitatively and qualitatively in an educational context. The
spelling and word case models achieved moderately high automated metric scores,
whereas the word order and word form models performed poorly.

The qualitative evaluation of the word case model with Solar-Eval 1.0 high-
lighted several key challenges related to capitalization. The most prevalent issues
stemmed from proper vs. common noun ambiguity, sentence boundary misiden-
tification, residual capitalization issues, and uninterpretable errors. Our evalua-
tion showed that although there were high numbers of false negatives and false
positives, many of these stemmed from the challenges presented by literary works
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and the complexity of capitalization rules in Slovenian. Evaluations using other
datasets would likely yield more promising results. Efforts to improve this model
could focus on refining its handling of quotation marks, ellipses, and sentence
segmentation and on using different pretrained base models. Additionally, future
work could involve the development of context-aware disambiguation strategies,
particularly for words that can function as both proper and common nouns. Eval-
uations using a more diverse dataset that goes beyond literary analysis essays
would also provide valuable insights into the model’s applicability and potential
refinements.

The unpredictability and variability of certain decisions affect the consisten-
cy and reliability of error correction and thus pose the most significant challenges
to the application of GEC models based on new approaches. While modern trans-
former-based models have substantially improved grammatical error detection
and correction by leveraging broad syntactic and semantic contexts, their deci-
sion-making processes remain opaque. The resulting unpredictability is particu-
larly problematic in the context of automated writing evaluation, as inconsistent
or unclear corrections may mislead users and compromise the system’s pedagogi-
cal effectiveness. As GEC models become more widely implemented in educational
and professional settings, addressing these inconsistencies is essential for ensur-
ing their accuracy, transparency, and practical applicability.
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POPRAVLJANJE SLOVNICNIH NAPAK V SLOVENSKIH ESEJIH Z VELIKIMI JEZI-
KOVNIMI MODELI

Povzetek: Strojno popravljanje slovni¢nih napak je naloga, ki zajema samodejno zaznavanje in po-
pravljanje slovni¢nih napak v besedilu. Na podrodju izobrazevanja je cilj metod pomagati uciteljem pri
popravljanju napak uéencev. Veliki jezikovni modeli omogoéajo razvoj natanénih avtomatskih metod
za zaznavanje in popravljanje doloéenih vrst napak. Da bi se izognili pretiranemu parafraziranju, ki je
znacilno za modele tipa GPT, in je v kontekstu poucevanja jezika nezazeleno, predstavimo veé razvitih
slovenskih modelov tipa BERT in T5 za popravljanje razliénih vrst napak. Te vkljué¢ujejo érkovalne
napake, napake v rabi velikih zacetnic, besednih oblik in besednega reda. V ¢lanku opiSemo postopek
ustvarjanja u¢nih podatkov, postopek udenja ter postopek evalvacije modelov na korpusu Solar-Eval
1.0, ki vsebuje Solske spise osnovnosolcev in srednjesolcev. Avtomatska evalvacija kaze razmeroma
visoko natanénost razvitih modelov, medtem ko ro¢na kvalitativna evalvacija razkrije prednosti in sla-
bosti razvitih modelov ter evalvacijskega postopka. Analiza razkriva Stevilne izzive in obetavne smeri
za nadaljnje izboljSave tako pri razvoju modelov kot pri postopku evalvacije.

Kljuc¢ne besede: veliki jezikovni modeli, popravljanje slovni¢nih napak, izobrazevalna domena, sin-
tetiziranje podatkov
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