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Abstract

This overview is complementary to the com-
prehensive dataset description article for Multi-
GEC – a dataset for Multilingual Grammatical
Error Correction including data for twelve Eu-
ropean languages: Czech, English, Estonian,
German, Greek, Icelandic, Italian, Latvian,
Russian, Slovene, Swedish and Ukrainian.

It is well-known that in the field of Natural
Language Processing (NLP) most publications
tend to focus on the English language. While
this is due to historical reasons (ease of publi-
cation, greater outreach, increased number of
citations, etc.), it does leave other languages
at a disadvantage across multiple tasks. The
MultiGEC dataset was created as an attempt to
counteract this effect. This report provides a
historical overview of the evolution of GEC for
each of the twelve languages in this dataset and
provides a context for the work on the dataset
and the related MultiGEC-2025 shared task.

1 Introduction

The task of Grammatical Error Correction (GEC)
consists of rewriting texts in a given language to
make them adhere to its norms. Despite the name
of the task, corrections are not always strictly gram-
matical in nature, and may also aim to improve
lexical choices, orthography and other aspects of
language use.

As in many other areas of Natural Language
Processing (NLP), there is a strong bias in GEC
research towards English. The MultiGEC dataset
(Masciolini et al., submitted) was created to stim-
ulate GEC-related research in languages other
than English and currently covers twelve Euro-
pean languages: Czech, English, Estonian, Ger-
man, Greek, Icelandic, Italian, Latvian, Russian,
Slovene, Swedish and Ukrainian.

Figure 1 shows the widely different number of
GEC-related publications across the MultiGEC lan-
guages, and the very heavy bias towards English,
which has an order of magnitude more publica-
tions than the runner-up. For generating the num-
bers in the graph, we searched the Association for
Computational Linguistics (ACL) Anthology for



Figure 1: GEC-related publications in the ACL Anthology for the twelve MultiGEC languages.

co-occurrences of the terms “grammatical error cor-
rection”/“GEC” and the relevant language names
in paper titles and abstracts, followed by a manual
review of the hits. For publications that made no
explicit mention of any specific language, we fol-
lowed Ducel et al. (2022) and assumed English to
be the object of study unless it was clearly stated
that the work targeted multiple or low-resource
languages.1 This is an underestimation, as many
articles (particularly older ones) are not indexed
in the ACL Anthology, or were published before
the term “grammatical error correction” was estab-
lished. Our review cites a number of such articles,
and all of the languages considered have at least a
handful of articles.

This overview, complementary to the paper by
Masciolini et al. (submitted) that introduces the
original dataset, is meant to give more context for
the need of such an initiative.

2 Overview of GEC Publications across
the twelve MultiGEC Languages

Throughout this section we present an overview of
the most prominent publications for the different
MultiGEC languages in alphabetical order.

1The search was carried out on December 13, 2024.

2.1 Czech

Following the first spell checker for Czech (Ha-
jič and Drózd, 1990), the earliest prototypes of a
Czech grammar checker originated from a project
using linguistically-motivated rules (Holan et al.,
1997; Oliva, 1997). Rule-based methods are also
behind two more recent systems: (Petkevič, 2014)
and (Hlaváčková et al., 2022). A pre-trained model
for Czech is also available for Korektor (Richter
et al., 2012; Ramasamy et al., 2015), a statistical
tool described as a “spellchecker and (occasional)
grammar checker”. Using neural Machine Transla-
tion (MT) approaches to GEC, Náplava and Straka
(2019) achieved very competitive results for many
languages, including Czech. A modified version
of the system, trained on a large Czech corpus –
content-wise identical to the Czech part of Multi-
GEC – scored even better (Náplava et al., 2022).

2.2 English

There have been many publications on GEC for
English texts over the years. Interest in the topic
accelerated rapidly in the early 2000s, with the de-
velopment of learner-facing applications (Burstein
et al., 2003) and research models targeting spe-
cific error types (e.g. De Felice and Pulman (2008)
and Rozovskaya and Roth (2010)). Subsequently,



the release of large annotated corpora and the or-
ganisation of shared tasks on English GEC gave
added impetus and attention to the problem (e.f.
Yannakoudakis et al., 2011; Ng et al., 2014; Bryant
et al., 2019) and data-driven translation-based ap-
proaches became the dominant paradigm (e.g. Yuan
and Briscoe, 2016; Grundkiewicz and Junczys-
Dowmunt, 2018). More recently, researchers have
been experimenting with prompting LLMs for
GEC (Coyne et al., 2023; Fang et al., 2023b; Loem
et al., 2023): for the time being, supervised models
continue to be the state of the art, but LLMs may
offer a different style of fluency edits compared to
conventional miminal edit correction (Davis et al.,
2024). It remains to be seen whether the latter
will be (a) preferred by learners and (b) considered
pedagogically useful. Bryant et al. (2023) offers
a recent survey of GEC in English (and other lan-
guages).

2.3 Estonian

The first rule-based spell checker for Estonian was
developed at the beginning of the 1990s,2 followed
by a rule-based tool for detecting errors in comma
usage (Liin, 2009). More recently, statistical and
neural methods have been applied to both spell-
checking (Kaalep et al., 2022; Allkivi-Metsoja and
Kippar, 2023) and sentence-level error correction.
In the latter case, neural MT-based approaches are
dominant (Korotkova et al., 2019; Luhtaru et al.,
2024a). LLMs have recently been used for artifi-
cial error generation and correction (Luhtaru et al.,
2024b). All in all, there is currently one Estonian
GEC toolkit in active development.3

2.4 German

A wide range of methods for German has already
been tested, especially on the Merlin corpus (Boyd
et al., 2014). These include rule-based approaches
(Kempfert and Köhn, 2018), LM-based re-ranking
(Boyd, 2018), MT (Grundkiewicz and Junczys-
Dowmunt, 2019; Katsumata and Komachi, 2020;
Rothe et al., 2021; Luhtaru et al., 2024a) and even
using multimodal data (Fang et al., 2023a).

2.5 Greek

There have been two notable efforts by Gakis et al.
(2016) and Korre and Pavlopoulos (2022) to cre-

2Available as part of the Vabamorf morphological analysis
toolkit: github.com/Filosoft/vabamorf

3koodivaramu.eesti.ee/tartunlp/correc
tor

ate GEC tools for Greek. The former resulted in
a grammatical checker that achieves near-human
accuracy for straightforward grammatical errors
but does not address issues of cohesion, coherence
and meaning. Korre and Pavlopoulos (2022) fine-
tuned an MT5 multilingual text-to-text transformer
using the Greek Native Corpus (GNC) (Korre et al.,
2021) and evaluated its performance on both the
GNC and the Greek Learner Corpus (GLCI) (Tan-
tos and Papadopoulou, 2014). This work represents
the most significant step toward enhancing GEC
tools for Modern Greek.

2.6 Icelandic
The only open-source GEC tool for Icelandic,
GreynirCorrect, uses the Icelandic Error Corpus
(Ingason et al., 2021) to identify and correct gram-
mar and spelling issues (Óladóttir et al., 2022). To-
day, two advanced neural GEC models exist for
Icelandic: the byT5-base Transformer, a fine-tuned
byte-level neural model (Ingólfsdóttir et al., 2024)
and the GPT-SW3 model fine-tuned on Icelandic
error corpora.

2.7 Italian
There are some (early) rule-based works on
spelling correction that explicitly evaluate systems
on Italian texts (Oflazer, 1996; Popescu and Vo,
2014; Gupta, 2020), next to systems for lexical
normalization of social media texts (Weber and
Zhekova, 2016; Van Der Goot et al., 2020). More
recently, neural models for spelling correction have
also been introduced (Sbattella and Tedesco, 2018;
Ferrod et al., 2021). While the latter focuses ex-
clusively on out-of-vocabulary words, the former
operates at the sentence level and is potentially also
capable of correcting grammatical errors.

2.8 Latvian
Latvian GEC is represented by several systems
built using rule-based approaches and context free
grammar formalisms, such as those described
in Liin (2009), Deksne et al. (2014) and Dek-
sne (2016); and recently through zero-shot neu-
ral monolingual MT approaches (Korotkova et al.,
2019). In all these cases development of the sys-
tems has relied on error-annotated corpora of Lat-
vian, not necessarily typical of language learners.

2.9 Russian
Similar to other languages, Russian GEC his-
tory can be traced back to approaches targeting

github.com/Filosoft/vabamorf
koodivaramu.eesti.ee/tartunlp/corrector
koodivaramu.eesti.ee/tartunlp/corrector


spelling mistakes (Baytin, 2008; Panina et al., 2013;
Sorokin et al., 2016; Sorokin, 2017; Rozovskaya,
2021). Beyond spell checking, GEC research
has been facilitated by the release of the RULEC-
GEC (Rozovskaya and Roth, 2019) and RU-Lang8
datasets (Trinh and Rozovskaya, 2021), resulting
in a plethora of new models, such as neural MT
approaches (Grundkiewicz and Junczys-Dowmunt,
2019; Náplava and Straka, 2019; Katsumata and
Komachi, 2020; Kementchedjhieva and Søgaard,
2023) and LLMs (Flachs et al., 2021; Rothe et al.,
2021; Sorokin, 2022; Katinskaia and Yangarber,
2023; Stahlberg and Kumar, 2024).

2.10 Slovene
There have been a few notable efforts in build-
ing and analyzing grammar-checking systems for
Slovene, starting with a commercial grammar-
checking tool (Holozan et al., 1992; Holozan,
2013). Recently, open-source tools have emerged.
For instance, Petrič et al. (in press) applied
SloBERTa to detect grammatical errors, achieving
high accuracy on synthetic data but lower perfor-
mance on real-world text, underscoring the need
for authentic datasets. Božič et al. (2020) devel-
oped an automated comma placement tool. Finally,
Klemen et al. (2024) introduced two Slovene spell-
checkers: a traditional lexicon-based model and
a neural model trained on synthetically generated
errors.

2.11 Swedish
Swedish GEC history is split into two distinct pe-
riods: the first one in the 2000s, when develop-
ment of rule-based (Birn, 2000) and statistical ap-
proaches to error detection and part-correction was
ongoing within the Granska project (Domeij et al.,
2000; Bigert and Knutsson, 2002); and the sec-
ond period starting in 2021 with the release of the
correction-annotated SweLL-gold corpus (Volod-
ina et al., 2019), which led to the development of
systems based on neural models, deep learning and
LLMs (Nyberg, 2022; Kurfalı and Östling, 2023;
Ehnroth and Park, 2023; Östling et al., 2024).

2.12 Ukranian
The first rule-based GEC system for Ukranian was
contributed to LanguageTool by Andriy Rysin in
2007 and has been actively developed since then
(cf. among others Miłkowski (2010)). Over the
years, it has expanded to include extensive rule
coverage and has facilitated the creation of various

linguistic resources and tools, such as a part-of-
speech tagger and the VESUM dictionary (Starko
and Rysin, 2022). However, statistical methods
for GEC remained underdeveloped. In 2021, the
first corpus of Ukrainian GEC and fluency edits
was released (Syvokon et al., 2023). This corpus
served as the basis for a Shared Task on Ukrainian
GEC (Syvokon and Romanyshyn, 2023), which
stimulated the development of statistical models
for Ukrainian GEC (Palma Gomez et al. (2023);
Didenko and Sameliuk (2023); Bondarenko et al.
(2023); Saini et al. (2024); inter alia).

3 Concluding remarks

We have given a short overview of the field of
Grammatical Error Correction for the languages
included in the MultiGEC corpus. Despite some
work having been carried out for all 12 languages,
comparison with English shows that the field
would benefit from a more multilingual perspective,
which in turn asks for more training and evaluation
datasets for the less-represented languages. The
latter problem is dual – on the one hand, it heav-
ily depends on whether there has been any work
on creating this sort of datasets for the concerned
languages; on the other – it asks for an effort to
promote such datasets in the community. This is
the reason why we have compiled the MultiGEC
dataset (Masciolini et al., submitted) – for pushing
the field in a multilingual direction, and for promot-
ing less-represented languages in the field of Gram-
matical Error Correction. The MultiGEC dataset
has been used for the MultiGEC-2025 shared task
and is available for new users.4
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Jan Hajič and Januš Drózd. 1990. Spelling-checking
for Highly Inflective Languages. In COLING 1990
Volume 3: Papers presented to the 13th International
Conference on Computational Linguistics, pages 358–
360.
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