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Abstract

A standard method for evaluating grammati-
cal error correction systems severely underes-
timates performance, as it compares outputs
against a small, fixed set of human references,
despite the large space of possible valid correc-
tions. Prior research has shown that using a
closest-gold reference — i.e., a human reference
generated with respect to the system output
rather than the original text — yields more ac-
curate performance estimates. Yet, producing
such references for each system individually is
costly. We introduce an automated method for
generating closest-gold references by prompt-
ing a large language model (LLM) with sys-
tem outputs. We find that performance scores
computed using automatic closest-gold refer-
ences correlate well with human closest-golds,
whereas standard reference-based evaluations
show weak or no correlation.

Building on this insight, we use both fixed
human references and closest-gold references
generated by Claude and Llama to compare the
performance of supervised models and GPT-4
across 14 benchmarks spanning 12 languages.
Consequently, while prior work has shown that
GPT-4 appears to lag behind traditional models,
we demonstrate that this is due to the failures of
the standard evaluation method that systemati-
cally underestimates GPT-4 performance more
severely than that of supervised models. We
show that a more appropriate evaluation ap-
proach, based on the closest gold method, re-
veals that GPT-4 outperforms traditional state-
of-the-art models on almost all languages.'

1 Introduction

Transformer-based large language models (LLMs)
have led to a paradigm shift from training supervised
models on hand-labeled data (Min et al., 2024), and
achieved new state-of-the-art results on numerous
language tasks, while eliminating the reliance on
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Input The settings are very reallistic and the actors had a
great performance .

| The input is corrected by a human expert
v

RG The settings are very realistic and the actors gave a
great performance .

Input The settings are very reallistic and the actors had a
great performance .

v
The settings are very realistic and the actors had }

System
output reat performance .
| The output is corrected by a human expert or by an LLM |
v
cG The settings are very realistic and the actors had

dreat performances .

Figure 1: Top: An input sentence and a fixed gold refer-
ence (RG), created by correcting the input text. Bottom:
An input sentence, system output, and a closest-gold
reference (CG), created by correcting the output. Erro-
neous tokens are in bold, and the changes are underlined.

large amounts of supervised data (Brown et al.,
2020). However, experiments in grammatical error
correction (GEC) yielded mixed results.

While studies on English suggest that LLMs
have the ability to propose high-quality correc-
tions, standard evaluations indicate that LLMs lag
behind state-of-the-art supervised GEC models
(Davis et al., 2024), and their performance on other
languages is particularly poor (Katinskaia and Yan-
garber, 2024). Prior studies hypothesize, however,
that LLM performance may be far better than re-
ported, due to the weaknesses of standard evaluation
metrics, especially when applied to LLM-generated
outputs (Katinskaia and Yangarber, 2024).

The goals of this work are twofold: (1) we aim
to develop an automated evaluation approach that
more accurately reflects model performance, by
emulating human references, enabling the compu-
tation of interpretable performance metrics such
as precision, recall, and F-score; (2) we aim to
assess LLM prompting for GEC in comparison to
supervised models across a diverse set of languages.

To address goal (1), we adopt the evaluation
methodology with closest golds, or CGs (Ro-
zovskaya and Roth, 2021). CG is a reference text
that is as close as possible to the system output.
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Evaluation with closest-gold references provides a
more realistic assessment of system performance
than standard evaluation using fixed reference golds
(RGs), which are generated independently of the
system output (see Section 4.2). Rozovskaya and
Roth (2021) propose to create CGs by manually
correcting the system output itself, which is costly.
Figure 1 illustrates the difference in the process of
creating a fixed reference (RG) and a closest gold.

We introduce an approach that creates CGs au-
tomatically, by prompting an LLM — Claude (An-
thropic, 2024) and Llama (Touvron et al., 2023) —
on system outputs. We find that both Claude and
Llama CGs show high correlations with human
CGs on four benchmarks in three languages. In
contrast, fixed references attain low correlations
with human CGs. We then set out to address goal
(2) and evaluate supervised models and GPT-4 on
14 GEC benchmarks, using automatic CGs.
Contributions: (1) We propose to automate the CG
evaluation methodology, by making use of an LLM
to generate the CGs. We show that this can be done
reliably in multiple languages, as long as the model
generating the CGs is good enough in the target
language. We establish the reliability of LLM CGs
by showing that they correlate well with human
CGs. We argue that a high-performing LLM can
replace human CG references, enabling more accu-
rate evaluation of GEC models than fixed reference
sets; (2) We use Claude and Llama CGs to compare
the performance of supervised models and GPT-4
on 14 GEC benchmarks (both sentence and essay
level); GPT-4 appears to lag behind supervised
models when evaluated with fixed references. How-
ever, under closest-gold evaluation, GPT-4 exhibits
stronger performance on the majority of bench-
marks, with several exceptions on low-resource
languages; (3) We show that Claude and Llama are
consistent in their evaluations of high- and mid-
resource languages, but disagree on lower-resource
languages in essay-level benchmarks, following a
clear pattern: Claude ranks GPT-4 outputs higher
than supervised models, while Llama shows the
opposite preference. We conjecture that Llama may
be a weaker model for lower-resource languages
and tends to make fewer corrections, which may
yield artificially inflated results.

2 Related Work

The challenges of reference-based evaluation
Evaluating GEC performance is known to be

The settings are very reallistic and the actors had a

Input
great performance .

Ref. 1 The settings are very realistic and the actors gave a
great performance .

Ref.2  The settings are very realistic and the actors had
great performances .

Syfteft" The settings are very realistic and the actors had

outpu

great performance .
Scoring against reference 1:

Gold edits: (1) reallistic -> realistic; (2) had -> gave
System edits: (1) reallistic -> realistic; (2) had a great -> had great
Correct edits: (1) reallistic -> realistic

Scoring against reference 2:

Gold edits: (1) reallistic -> realistic; (2) had a great -> had great;

(3) performance -> performances
System edits: (1) reallistic -> realistic; (2) had a great -> had great
Correct edits: (1) reallistic -> realistic; (2) had a great -> had great

Figure 2: Top (grey): Original sentence with errors, and
two human references. Erroneous tokens are in bold, and
the changes are underlined. Bottom (green): System
output and Fy 5 scores computed against reference 1 and
reference 2, respectively.

challenging due to a large space of correct out-
puts (Choshen and Abend, 2018). The standard
approach makes use of reference-based measures,
where system output is compared against a fixed
pre-determined set of human references. A system
is rewarded for proposing corrections that are in the
reference(s), and penalized for proposing changes
not found in the reference and for failing to identify
corrections that are present in the reference(s). A
sample sentence with errors (Ng et al., 2013), along
with two corrected versions (reference 1 and 2), also
shown in Figure 1 as RG and CG), is depicted in
Figure 2: a higher overlap in edits between system
output and reference 2 results in a higher F-score.
A large body of work strongly suggests that evalu-
ating against a small fixed set of references severely
underestimates system performance (Choshen and
Abend, 2018; Bryant et al., 2019; Mita et al., 2019;
Bryant and Ng, 2015; Felice and Briscoe, 2015).
This is because a given erroneous sentence can
have many equally valid corrections. A standard
evaluation compares system output against a small
fixed set of references. If the system produces
a perfectly valid correction that happens to differ
from those references, it gets penalized unfairly.
Evaluating LLM output has additional challenges.
On the one hand, LLMs are known to hallucinate.
On the other hand, they tend to propose “fluency
corrections” that may further improve text that

ZFluency is typically considered as an alternative method
of re-writing (Napoles et al., 2017), where texts are modified
for naturalness, although the two methods are not mutually
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is acceptable already, further underestimating per-
formance (Katinskaia and Yangarber, 2024; Fang
et al., 2023).
Reference-free evaluations To address the above
challenges, prior work has explored reference-less
approaches for evaluating GEC outputs, based
on grammaticality and fluency (Napoles et al.,
2016; Yoshimura et al., 2020; Asano et al., 2017).
Kobayashi et al. (2024) and Islam and Magnani
(2021) propose metrics that use LLMs as evalu-
ators, however, these metrics do not provide an
intuitive and interpretable evaluation of the system
performance. Furthermore, these approaches are
assessed exclusively on English. This is a problem,
since LLMs are known to perform much better
in English than on other languages. Appendix A
provides more detail on the evaluations with LLMs.
In contrast to these studies, we use an LLM to
emulate human references, which allows us to use
a more interpretable evaluation of model perfor-
mance in terms of precision, recall, and F-score.
Furthermore, we assess the use of an LLM as an
evaluator for a large set of languages.
Evaluating LLMs on English GEC Most of the
previous work that assessed the performance of
LLMs for GEC was carried out on English (Schick
et al., 2022; Dwivedi-Yu et al., 2022; Coyne et al.,
2023; Davis et al., 2024). These studies suggest that
LLM performance is far below that of supervised
models, according to standard reference-based eval-
vations. It is further suggested that this happens
because LLMs tend to make fluency edits (Loem
et al., 2023). See Appendix A for more detail.
Prompting LL.Ms for GEC on languages other
than English Evaluation based on reference-based
metrics in languages other than English remains
limited and suggests that supervised models out-
perform LLMs, with a larger performance gap
observed in non-English languages. (Fang et al.,
2023; Katinskaia and Yangarber, 2024).

3 Methodology

GEC benchmarks We use 14 publicly available
GEC benchmarks in 12 languages. To our knowl-
edge, this is the first study of such a large scope
that evaluates both on sentence- and essay-level
benchmarks.> The benchmarks are listed in Ta-
exclusive (Bryant et al., 2023).

3Sentence-level benchmarks may not contain contiguous
passages but individual sentences from different essays or

paragraphs. Essay-level benchmarks consist of full texts,
making it possible to train models that take broader context

Lang. Dataset Total Total Avg.

inputs words len.

EN BEA 4384 86K 20
EN CoNLL 1,312 30K 23
CZ GECCC 7,909 98K 12
DE  Falko-Merlin 2,337 36K 16
ES COWS-L2H 1,127 14K 13
RO RONACC 1,519 17K 11
RU RULEC 5,000 81K 16
RU  RU-Lang8 2,444 31K 13
UA UA-GEC 1,506 24K 14
AR* QALB 158 22K 144
IT* Merlin 81 9K 112
LV* LaVA 537 15K 28
SL*  Solar-EvalH 332 27K 82
SV*  SweLL-gold 289 12K 42

Table 1: GEC evaluation benchmarks. Datasets marked
with a % are essay-level; the rest are sentence-level.
Input refers to paragraphs and sentences in the essay-
and sentence-level benchmarks, respectively. We use
CoNLL to denote CONLL-14. Languages: English (EN);
Czech (CZ); German (DE); Spanish (ES); Romanian
(RO); Russian (RU); Ukrainian (UA); Arabic (AR);
Italian (IT); Latvian (LV); Slovene (SL); Swedish (SV).
Last column shows average input length (words).

ble 1.4 On average, 65%-90% of sentences in
sentence-level datasets contain at least one gold
error, i.e., an error identified and corrected by a
human expert. In the essay-level datasets, every
paragraph contains at least one such error error. The
sizes of the hand-labeled training data, reported
in Appendix Table 6, provide an indication of the
amount of supervision used to train the supervised
models. The training sizes vary between 1M to-
kens (Arabic) to 5K tokens (Russian and Slovene).
With the exception of Arabic and Czech, the other
languages can be considered low-resource as they
have fewer than 150K words of hand-labeled data
for training. For comparison, English has multiple
diverse hand-labeled datasets from amounting to
more than 1M tokens.

Supervised approaches to GEC Supervised ap-
proaches can be broken down into sequence-to-
sequence (seq2seq) (Chollampatt and Ng, 2018;
Yuan and Briscoe, 2016; Grundkiewicz et al., 2019;
Grundkiewicz and Junczys-Dowmunt, 2019; Kiy-
ono et al., 2019; Ji et al., 2017; Katsumata and Ko-
into account.

4The Arabic QALB dataset contains both learner and native
data. We evaluate on the learner partition.
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machi., 2019; Xie et al., 2018; Sorokin, 2022; Rothe
et al., 2021), and sequence-to-editing (seq2edits)
(Omelianchuk et al., 2024; Awasthi et al., 2019;
Li and Shi, 2021; Tarnavskyi et al., 2022). See
Appendix C for more detail.

Evaluation To compare with published work, we
adopt ERRANT (Bryant et al., 2017) for En-
glish (BEA), Ukrainian, Italian, Latvian, Slovene,
Swedish, and Romanian, and MaxMatch (M2)
scorer (Dahlmeier and Ng, 2012) for the other
benchmarks. Both compute precision, recall, and
Fy5,” weighing precision twice as high as recall.
All results are on the test partitions, with the excep-
tion of English (BEA), Italian, Latvian, Slovene,
Swedish, and Ukrainian that are evaluated on the
development partitions since the gold references
for the test are not publicly available.

Prompting GPT-4 for GEC There has been prior
work on comparing LLMs for English and other
languages (see Section 2). We build on these studies
and do not experiment with multiple LLMs but
focus instead on high-performing LLMs. As such,
we utilize the GPT-4 model (version gpt-4-0613),
queried through the API provided by OpenAl°®
We assume a setting in which the input is a single
potentially ungrammatical text snippet (sentence or
paragraph, in the case of essay-level benchmarks)’
and the output is a corrected version of that text.

Similarly, we do not focus on designing appro-
priate prompts for GEC, but build on earlier studies
for the best prompts (Coyne et al., 2023; Katinskaia
and Yangarber, 2024; Davis et al., 2024). We use
zero-shot prompts (see Appendix D).

Appendix Table 8 compares our GPT-4 prompt-
ing results with those from earlier work. Our
results are slightly higher for English (CoNLL) and
German, and are better for Spanish and Russian,
although we use the same prompt as Katinskaia
and Yangarber (2024). It should be noted that
Katinskaia and Yangarber (2024) used GPT-3.5,
whereas we use GPT-4. We conjecture that the
improved performance is due to GPT-4 being a
stronger model.

Prompting Claude and Llama to create closest-
gold references (CGs) In Section 4.3 we propose
a novel approach to generating closest-gold refer-
ences automatically via LLM prompting. We select
Claude and Llama as high-performing LLMs that

SWe use Fy s and F-score interchangeably to refer to Fo 5.

Shttps://openai.com/blog/openai-api

"We use paragraphs and not entire essays; an essay may
contain multiple paragraphs but usually no more than 2-3.

have multilingual capabilities. We use the same
prompt as above, since CG generation is essentially
the same task as GEC, and we expect that prompts
optimized for GEC will also be effective for generat-
ing closest-gold references. Claude and Llama are
queried using outputs produced by supervised mod-
els and GPT-4. We use claude-sonnet-4-20250514
and Llama-3.3-70b-instruct.

4 Experiments and Results

4.1 Evaluation with Fixed Reference Sets

We first evaluate GPT-4 and the supervised mod-
els using fixed references.® For each benchmark,
we use a supervised model that achieved the best
result on that benchmark and denote it as SOTA.
The performance scores of the SOTA models are
obtained from the respective papers that describe
the models.® Table 2 shows the performance of
SOTA models, and compares it to zero-shot prompt-
ing with the three LLMs. Appendix Table 7 lists
additional top-performing supervised models for
each benchmark and provides information on each
model. As shown in Table 2, SOTA outperforms
all LLMs on almost all benchmarks. Two notable
exceptions are Russian and Slovene (both have the
smallest gold training sets among all the bench-
marks). Claude obtains the highest performance
among the LLMs, with GPT-4 being close, while
Llama exhibits the poorest results.

Since we use Llama and Claude to generate CG
references, we focus our analysis on GPT-4 vs.
SOTA. Figure 3 also shows precision and recall
scores of SOTA and GPT-4. SOTA outperforms
GPT-4 on almost all benchmarks (exceptions are
Russian and Slovene that have the least amount of
supervision). The largest gap occurs for Romanian
and Ukrainian. Furthermore, SOTA models tend
to exhibit higher precision than GPT-4.

4.2 Evaluation with Human Closest Golds

Closest golds As discussed in Section 2, an erro-
neous sentence can have many equally valid cor-
rections, and evaluating against fixed references
severely underestimates performance. Rozovskaya
and Roth (2021) define a closest-gold reference
as a reference that is as close as possible to the

8We also evaluate Claude and Llama for completeness.

9For the Russian benchmarks, we evaluate using the model
of Palma Gomez and Rozovskaya (2024) and an enhanced set
of 3 fixed references, Sorokin (2022) reports the best result
on RULEC using a single reference, but we were not able to
obtain the outputs to score them with three references
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System EN-B EN-C CZ DE ES RO RU-R RU-L UA AR* IT* LvV* SL* SV* All
SOTA 634 718 730 768 589 755 648 621 655 625 659 806 512 569 65.6
GPT-4 40.7 579 669 665 521 441 651 682 297 471 468 651 545 523 54.1
Llama 37.7 566 558 655 436 429 557 600 261 476 380 393 364 406 46.1
Claude 453 629 673 680 535 644 635 713 314 523 503 726 555 581 583

Table 2: Performance (Fj s) of top-performing supervised models (SOTA), and 3 LLMs via zero-shot prompting,
evaluated using standard references (RGs). EN-B, EN-C, RU-R, and RU-L stand for EN (BEA), EN (CoNLL), RU
(RULEC), and RU (Lang8), respectively. Datasets marked with a % are essay-level, the rest are sentence-level. The
last column shows performance averaged over all benchmarks. Best result for each benchmark is in bold. Column All
reports results averaged over 14 benchmarks. Lesson from the table: Under standard reference-based evaluation
(RGs), the LLMs substantially underperform SOTA models on most languages and benchmarks.

system output within the space of all possible valid
outputs for given input. To obtain such a reference,
they construct closest-gold references by directly
correcting system outputs. This contrasts with fixed
reference golds, which are created independently
of the system output.

Evaluating against closest golds arguably pro-
vides a more realistic evaluation of system perfor-
mance: a closest-gold reference, on the one hand,
directly quantifies the remaining errors in system
output, and, on the other hand, incorporates all valid
edits proposed by the system. The latter is made
possible by correcting system output itself. Thus,
evaluating against a closest-gold reference does not
penalize valid corrections that are absent from an
arbitrary fixed reference, resulting in greater overlap
with the edits proposed by the system (see Figure 2).
We argue that this is a more principled measure of
correction quality, since it avoids penalizing legit-
imate edits, yet, reflects the remaining edits that
the system had missed. Appendix F provides more
detail on the evaluation with CGs.

Creating human CG references We have per-
formed human annotation for four benchmarks in
three languages — English (BEA and CoNLL), Ara-
bic, and Russian (RULEC). We follow Rozovskaya
and Roth (2021) and present the SOTA and GPT-4
outputs to the annotator together with the origi-
nal sentence. The annotator is asked to correct
the remaining errors, with a focus on maintain-
ing the original meaning (see Appendix G for the
annotation guidelines). The annotators are fluent
native speakers of the target language. Two of the
annotators are trained linguists, and two other an-
notators are students with background in Language
Technology.

For each dataset, we select a random subset of
inputs corrected by the corresponding SOTA model
and GPT-4 and annotate these with human CGs.
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Figure 3: Performance of SOTA and GPT-4, using fixed
references (RGs). SOTA is defined as the top-performing
supervised model by language and benchmark. For
Czech, Romanian and Spanish, precision and recall are
not available in the published papers. x denotes essay-
level benchmarks. All shows performance averaged
over all benchmarks. Lesson from the figure: Under
standard reference-based evaluation (RGs), GPT-4 un-
derperforms SOTA models on most benchmarks, with
SOTA models exhibiting notably higher precision.
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System  References EN (BEA) EN(CoNLL) RU(RULEC) AR (QALB)
CG-H vs. RG 0.14%¢ 0.23% 0.3% 0.07
SOTA CG-H vs. CG-C 0.6% 0.56% 0.45% 0.25%
CG-H vs. CG-L 0.6% 0.5% 0.34% 0.27%
CG-H vs. RG -0.002 0.10% 0.02 0.35%
GPT-4 CG-H vs. CG-C 0.23% 0.30% 0.46% 0.79%
CG-H vs. CG-L 0.295¢ 0.32% 0.27% 0.72%

Table 3: Pearson r between human closest golds (CG-H) vs. Claude closest golds (CG-C), Llama closest golds
(CG-L), and standard fixed reference golds (RG). % denotes strong positive correlation; % denotes moderate to
strong positive correlation. <> denotes moderate positive correlation; ¥ denotes weak positive correlation.

We use the following number of inputs: Russian
(RULEC) — 200; English (BEA and CoNLL) —
150 each; and Arabic — 30. This amounts to a
comparable number of annotated words in each
dataset (3,500-4,000) (excluding inputs shorter than
10 tokens that are typically sentence fragments).'®
We refer to the resulting corrected outputs as human
CGs. We use the resulting human CGs to create
M2 files, by aligning each source sentence with its
corrected version using ERRANT (Bryant et al.,
2017). These M2 files are then used to score the
corresponding outputs of the supervised models
and GPT-4 with the M2 scorer or ERRANT.

Results of evaluation using human CGs Figure 4
shows the results of evaluating supervised models
and GPT-4 on the subsets of the four benchmarks,
using standard references (RGs) and human CGs.
Using closest-gold references leads to higher scores
across all models and benchmarks compared to
standard evaluation. Notably, using the CG evalua-
tion methodology, GPT-4 outperforms supervised
models on all four benchmarks: With closest-gold
references, GPT-4 scores increase more substan-
tially than those of supervised models, suggesting
that GPT-4 performance is more severely underes-
timated under standard fixed-reference evaluation.
Furthermore, the gap is more pronounced for preci-
sion, i.e., closest-gold evaluation increases GPT-4
precision more than SOTA precision. This indi-
cates that, compared to the SOTA models, GPT-4
proposes more valid corrections, which are not cap-
tured by the fixed references. In fact, closest-gold
evaluation reveals that GPT-4 achieves precision
comparable to SOTA models, in contrast to stan-
dard reference-based evaluation. Lastly, while
CGs do not significantly affect the recall scores of

10A small proportion of inputs is excluded: AR: 0%; EN
(CONLL): 1.5%; EN (BEA): 9%:; RU (RULEC): 8%.

Precision

80
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0

EN(BEA)  EN(CoNLL) RU (RULEC)
SOTA (RG) ®GPT-4(RG) = SOTA (CG-H) ®GPT-4(CG-H)

60

Jra— \
20 ‘
. |

EN (BEA)

SOTA (RG) m GPT-4 (RG)

80
60
40
20

0

EN (BEA)

SOTA (RG) ® GPT-4 (RG)

Recall

EN (CoNLL)  RU (RULEC) AR* Al

SOTA (CG-H) M GPT-4 (CG-H)

F-score

EN (CONLL)  RU (RULEC)

SOTA (CG-H) mGPT-4 (CG-H)

Figure 4: Evaluation with fixed reference sets (RGs) and
human closest gold references (CG-H) on the subsets
by language. All denotes scores averaged over the four
subsets. Lesson from the figure: Evaluating against
human CGs leads to higher scores across all models
and benchmarks, compared to standard evaluation. No-
tably, GPT-4 outperforms supervised models on all four
benchmark subsets.

the supervised models, they do raise the recall of
GPT-4. Overall, evaluation with CGs demonstrates
that GPT-4 performance is more severely under-
estimated, when fixed sets of references are used.
Appendix Table 10 tabulates the results in Figure 4.

4.3 Automatic CG Generation

We now create CGs automatically by prompting
Claude and Llama on the outputs produced with
SOTA models and GPT-4.
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Comparing human and automatics CGs First, we
establish the credibility of using LLMs for generat-
ing CGs, by verifying whether using automatic CGs
produces results that are close to those produced
with human CGs. To this end, we evaluate the
performance on the subsets of the four benchmarks,
for which we generated human CG references.

Figure 5 reports the results of this comparison.
Scoring against Claude and Llama CGs produces
results close to those obtained with human CGs.
Crucially, both Llama and Claude CGs produce
the same system ranking as human CGs, consis-
tently ranking GPT-4 higher than the SOTA models.
While evaluation with RGs suggests that SOTA are
superior to GPT-4, both human and automatic CGs
score GPT-4 higher for all the benchmarks. Further,
while automatic and human CG scores are very
close for precision, Claude and Llama scores are
consistently higher for recall, compared to human
CGs. This suggests that Claude and Llama accept
a similar number of edits proposed by the system,
but the human annotators identify additional errors
to be corrected in the outputs. Finally, both Llama
and Claude produce very close scores (within 1-2
points) for the four benchmarks, with Llama CGs re-
sulting in slightly higher scores. Appendix Table 11
tabulates the results presented in Figure 5.

We compute Pearson correlation coefficient
r (Freedman et al., 2007) between human and
Claude CGs, between human and Llama CGs, and
between human CGs and fixed references, by com-
paring input-level Fj 5 scores for the same output.
The results shown in Table 3 indicate a positive
correlation (mostly moderate, and weak in some
cases, with Arabic QALB having a strong corre-
lation) between human CGs and automatic CGs.
Moreover, the correlation values with human CGs
are very close for Claude and Llama. Lastly, fixed
references have no correlation with human CGs.

The key points based on the evaluation with CGs
are: (1) Using RGs does not produce the same
system ranking as with human CGs, and RGs have
no correlation with human CGs; (2) In contrast,
Claude and Llama CG rankings always agree and
have positive correlations with the human CGs; (3)
Precision is consistently higher with Claude and
Llama CGs, compared to human CGs.

4.4 Scoring with Automatic CGs

We use Claude and Llama to score GPT-4 and
SOTA outputs. For the following benchmarks, the
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Figure 5: Evaluation with fixed references (RGs), hu-
man closest golds (CG-H), closest golds produced by
Claude (CG-C) and by Llama (CG-L) (on the subsets by
language). All denotes averaged scores over the four sub-
sets. Lesson from the figure: Scoring against Claude
and Llama CGs produces results close to those obtained
with human CGs: both Llama and Claude CGs produce
the same system ranking as human CGs.

outputs for the SOTA models in Table 2 were not
available: Czech, German, Spanish, and Romanian.
In these cases, we train supervised models following
Stahlberg and Kumar (2024) (see Appendix H). The
performance of the models is very close to SOTA
for all of these languages.

Ranking of SOTA and GPT-4 Table 4 presents the
results of the evaluations using RGs and automatic
CGs. Figure 6 shows the differences in Fj 5 between
SOTA and GPT-4, when using fixed references vs.
Claude and Llama CGs. A positive value indicates
that GPT-4 outperforms SOTA. Evaluation with
both Llama and Claude CGs reveals that GPT-4
outperforms SOTA models on all sentence-level
benchmarks, with the exception of Ukrainian, and
on the essay-level Arabic benchmark. On Ukrainian
and the remaining essay-level datasets, SOTA and
GPT-4 are tied based on Llama CGs, with Clade
CGs suggesting a slight advantage to GPT-4.

Performance gap between SOTA and GPT-4
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Sys. Refs. EN-B EN-C CZ DE ES RO RU-R RU-L UA AR* IT* LV* SL* SV* Al
RG 629 71.1 720 736 578 721 648 621 651 625 659 806 512 569 656
SOTA CG-C 79.0 82.0 825 79.1 785 847 622 628 7201 63.1 781 883 825 902 775
CG-L 732 763 827 81.0 735 696 654 656 737 865 931 924 91.7 89.7 79.6
RG 40.7 579 669 665 5211 441 651 682 297 47.1 468 651 545 523 541
GPT-4 CG-C 90.8 944 885 91.6 892 885 845 888 707 848 868 909 904 929 88.1
CG-L 838 873 862 900 821 788 831 841 69.7 938 934 937 923 90.8 864

Table 4: Performance (Fp 5) of SOTA models and GPT-4, evaluated using standard references (RGs), Claude CGs
(CG-C) and Llama CGs (CG-L). EN-B, EN-C, RU-R, and RU-L stand for EN (BEA), EN (CoNLL), RU (RULEC),
and RU (Lang8), respectively. Datasets marked with a % are essay-level, the rest are sentence-level. The last column
shows performance averaged over all benchmarks. Lesson from the table: Claude exhibits stronger preference for

GPT-4 outputs over SOTA, compared to Llama.

The largest performance gaps are observed for the
high-resource languages on both Llama and Claude
CGs:!'! Russian, English, German and Spanish.
Claude and Llama exhibit consistency on these
languages not only for ranking but also for the
degree of preference for GPT-4, indicating that
both LLMs can score outputs equally confidently.
However, other (mid- and low-resource) languages —
Czech, Romanian — display smaller gaps indicating
that the difference between SOTA and GPT-4 may
not be as strong. Finally, on the lowest-resource
languages — Ukrainian, Latvian, Slovene —as well as
mid-resource languages (Swedish and Italian) GPT-
4 and SOTA models perform similarly, according
to both LLMs. These benchmarks (except for
Ukrainian) are also essay-level, suggesting that
GPT-4 might have difficulty with longer contexts.'?
Overall, mid-resource and low-resource languages
exhibit less consistency between the two LLM
rankings, compared to high-resource languages.
Finally, Table 4 demonstrates that Llama scores
tend to be higher than Claude’s for SOTA outputs,
whereas GPT-4 outputs are ranked higher by Claude.
As such, Claude exhibits stronger preference for
GPT-4 outputs over SOTA, compared to Llama.

Claude and Llama disagreements Claude and
Llama CGs provide the same rankings for SOTA
and GPT-4 on 9 out of 14 benchmarks. On
Ukrainian, Llama prefers SOTA outputs, while
Claude scores them equally. On the four essay-
level benchmarks (Italian, Latvian, Slovene, and
Swedish), Claude scores GPT-4 higher than SOTA
outputs, whereas Llama scores them equally. We

""Here, we define high-, mid-, and low-resource languages
in terms of the amount of monolingual data available for LLM
pre-training, e.g., Xue et al. (2021).

12We hypothesize that the combination of a low-resource
language and longer contexts is the most challenging, since
the Arabic essay-level benchmark exhibits stronger GPT-4
performance, as a mid-resource language.
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Figure 6: Fy s differences (score (GPT-4) — score
(SOTA)). A positive difference indicates that GPT-4
outperforms SOTA, whereas a negative value indicates
that SOTA surpasses GPT-4. Lesson from the figure:
Llama and Claude CGs show that GPT-4 outperforms
SOTA models on nearly all sentence-level benchmarks.
On the essay-level benchmarks results are tied with
Llama CGs or slightly favor GPT-4 (Claude CGs).

conjecture that Llama may be a weaker model
for these low-resource languages (Benkirane et al.,
2024) and struggles with longer inputs. The dis-
agreements on Italian and Swedish suggest that
even on mid-resource languages LLMs may not be
reliable, when longer inputs are involved.

S Analysis and Discussion

How human and automatic CGs differ Human
and automatic CGs provide the same ranking for
the outputs of SOTA and GPT-4 for the four lan-
guage benchmarks in our study, reversing the results
obtained with the standard fixed reference sets. Fur-
thermore, precision scores obtained with Claude
and Llama CGs are consistently higher than the
scores based on human CGs, whereas recall scores
when using auomatic CGs are similar to those ob-
tained with human CGs (Figure 5).

To understand the reason for higher precision
scores with automatic CGs, we inspect the outputs
from the English CoNLL benchmark, and identify
instances of disagreement between Claude and hu-
man CGs. We find that Claude may accept edits
proposed in the system output that are not accepted
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Input

They were told that the wife ’s family was carrying the polygenetic disorder and can pass only to boys rather

than girls .

Output  They were told that the wife ’s family was carrying the polygenetic disorder and it could be passed only to
boys rather than girls .

CG-H They were told that the wife ’s family was carrying the polygenetic disorder and that it could only be passed
to boys rather than girls .

CG-C They were told that the wife ’s family was carrying the polygenic disorder and it could be passed only to boys
rather than girls .

Input In conclusion , the shadow always exists when there is light .

QOutput In conclusion , the shadow always exists when there is light .

CG-H In conclusion , shadow always exists when there is light .

CG-C In conclusion , the shadow always exists when there is light .

Table 5: Example of an original sentence (input); system output; the human closest gold (CG-H), and the Claude
closest gold (CG-C). The parts of the sentence where the human and the Claude CGs disagree are underlined.

by human annotators. However, we do not ob-
serve cases where Claude accepts clearly incorrect
suggestions. Table 5 provides such examples.

Over-correction One issue frequently observed
with LLMs is the issue referred to as over-correction
or fluency edits, where an LLLM has the tendency
to make edits beyond what is required and will
modify output that may be acceptable (Katinskaia
and Yangarber, 2024; Fang et al., 2023; Coyne et al.,
2023). We distinguish two cases: (1) fluency over-
correction — the model replaces an acceptable word
with another word or expression that is as good
or more fluent, without changing the meaning; (2)
incorrect over-editing — proposing a change that
modifies the meaning of the original sentence.

We have an annotator identify and classify the
over-correction cases in the GPT-4 and SOTA out-
puts in the RULEC subset (see Table 15). GPT-4
has a higher frequency of fluency over-corrections
(15% of sentences vs. 2% for the SOTA mod-
els). However, the SOTA model introduces more
false positives by modifying well-formed input and
changing the meaning of the sentence. Most of the
over-corrections in the GPT-4 outputs are due to
rephrasing (word change) or word reordering. In
general, GPT-4 over-correction improves the input.

Model self-bias We compare the rankings of the
four models using Claude and Llama CGs in Fig-
ure 7. While Claude and Llama agree in the rank-
ings of SOTA and GPT-4, the LLMs are clearly
biased towards their own outputs. Specifically,
Claude outputs receive higher scores than Llama
outputs when evaluated with Claude CGs, whereas
Llama CGs indicate that Llama performs compara-
bly to or better than Claude. This suggests model
self-bias, and we advise against using the same
LLM for grammar correction and for evaluation.
See Appendix J for further discussion.

80

60
a0
) I I I I
0
CG-C

HSOTA

CG-L
GPT-4 ®Llama M Claude

Figure 7: Fj 5 scores for the SOTA and the three LLMs
(averaged over the 14 benchmarks) obtained with Claude
CGs (CG-C) vs. LLama CGs (CG-L). Lesson from the
figure: Claude and Llama agree on the relative ranking
of SOTA models and GPT-4, but differ in how they rank
their own outputs, with each assigning higher scores to
its own output than to that of the other model.

6 Conclusion

We propose to automate the evaluation methodology
that uses closest-gold references (CGs), for a more
accurate evaluation of GEC system performance.
The approach emulates human references, thereby
providing interpretable performance metrics: pre-
cision, recall, and F-score. We generate CGs with
two high-performing LLMs — Claude and Llama —
and show that both have positive correlation with
human rankings. We conduct a study across 14
GEC benchmarks. To our knowledge, this is the
first study of such a large scope, providing insight
into GEC LLM performance beyond English.

We demonstrate that the CG methodology can
be automated and used reliably for a more accurate
evaluation of GEC models, as long as the LLM
used to generate the CGs is good enough in the
target language. The proposed methodology should
be valuable for all languages, due to the challenges
of evaluation and the cost of creating human ref-
erences. However, on low-resource languages the
methodology may not be reliable yet, especially
when longer contexts are involved.
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Limitations

In this work, we have introduced the approach to
automate the evaluation methodology based on the
idea of closest-gold references. We have used two
LLMs — a commercial one (Claude) and an open-
source one (Llama) for generating CGs. We have
not evaluated other LLMs, and we hypothesize that
weaker LLMs would not do as well.

Further, we have used four benchmarks in three
languages (English, Russian, and Arabic) to estab-
lish the credibility of the CG evaluation method-
ology. We further conjecture that the quality of
the resulting closest-gold references depends on
the target language and its representation in the
monolingual pre-training data. Both English and
Russian are considered high-resource in this regard,
whereas Arabic can be viewed as mid-resource.

That said, for the low-resource languages that
are not well-represented in the monolingual pre-
training data, more research is needed to evaluate
the quality of the proposed methodology. We plan
this for future work.

One question that this raises is how can we de-
termine whether an LLM is sufficiently strong to
evaluate a given language? We recommend consid-
ering the model’s performance on other NLP tasks,
as well as the amount of monolingual data for that
language used during pre-training, if possible. As
noted above, we find the methodology to be reliable
for high- and mid-resource languages. For low-
resource languages, one may consider combining
multiple LLMs and/or using models specifically
tailored to the target language.

Another limitation of this work is that the gener-
ation of closest-gold references does not take into
account the constraint that corrected texts should
retain their original meaning. This may poten-
tially raise a concern if the system dramatically
changes the sentence meaning. That said, we have
performed an analysis of system outputs for in-
stances of over-correction in SOTA and GPT-4 (see
Section 5) on the Russian RULEC benchmark to
quantify how often sentence meaning is modified.
Our manual analysis by a native annotator indicates
that in the RULEC subset (200 sentences, 4.3K
tokens) there were 16 and 12 over-editing changes
in the SOTA and GPT-4 model outputs, respec-
tively, which is quite infrequent.'®> Based on these
results, we believe that for other high-resource lan-

3We hypothesize that this is because the prompts we use
are optimized to perform minimal edits.

guages over-editing that results in meaning changes
would not be common in strong LLMs such as
GPT-4 (and with strong SOTA supervised mod-
els). However, it is possible that it could be an
issue for lower-resource languages that have little
supervision and/or little monolingual data in LLM
pre-training. As such, we recommend that similar
analyses be conducted on other languages.

Another question that we have not investigated
is LLM potential for homophily bias. Specifically,
the CG methodology involves using one class of
models (high-performing LL.Ms) to evaluate an-
other LLM (GPT-4) against a different class of
models (supervised SOTA). This raises a concern
for a potential for an “LLM-style” bias, where the
evaluator LLM might be more likely to approve of
the kinds of stylistic or fluency-oriented corrections
that another LLM produces. While we have dis-
cussed and evaluated self-bias in LLM evaluators,
measuring and controlling homophily bias would
require different approaches, and, arguably, would
be harder to measure than self-bias. For example,
one could generate human closest golds for a small
subset of the inputs and measure whether LLM
evaluator scores have the same distance from the
human CGs when scoring LL.Ms and supervised
SOTA. Another direction is to compare multiple
LLM evaluators and assess their agreement when
scoring LL.Ms versus supervised SOTA models.
We believe this is an important and exciting di-
rection for future work. That said, the preference
bias is, arguably, also present with human raters
who might have a preference for a specific type of
correction style.

Why evaluation is necessary One may argue that
the concept of automatically generating CG ref-
erences is redundant, given that we already have
sufficiently good GEC models. In such a scenario,
why do we still need evaluation metrics? We be-
lieve that evaluation is still necessary and is needed
for several reasons: (1) We want to compare model
performance; which one is best to use (in a given
use case); (2) In order to improve solutions, we
need to have a reliable evaluation. No solution is
perfect, and if we want to improve (on specific use
cases, languages, phenomena), we need to be able
to have a reliable evaluation method; (3) The CG
methodology is useful in educational settings, to
evaluate human performance.

Finally, we emphasize that this work does not ad-
vocate for discarding human references. Rather, we
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argue that the closest-gold evaluation methodology
enables a more accurate assessment of GEC system
performance, compared to using fixed references,
and propose automating the generation of Closest
Gold references (CGs), using LLMs, rather than
using human experts.

Ethical Considerations

The human annotation presented in this work (for
the subsets of the four benchmarks) was manually
generated by two native English speakers, a native
Russian speaker, and a native Arabic speaker that
were hired to perform the annotation for a com-
pensation. The amount was set according to a
compensation that was offered for similar annota-
tion efforts, and that pay was deemed acceptable by
the annotators. The annotators were informed that
the annotations will be used to perform research
in computational linguistics. The annotations are
available for research purposes.

The authors are not aware of any potential risks
that could result from the use of the data and the
annotations.
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A Details on Related Work

Evaluating LL.Ms on English GEC Most of the
previous work that assessed the performance of
LLMs for GEC was carried out on English. Schick
etal. (2022) employed a simple zero-shot prompt for
GEC, while Dwivedi-Yu et al. (2022) used diverse
zero-shot prompts. Coyne et al. (2023) analyzed
the performance of GPT-3.5 and GPT-4 on two En-
glish benchmarks and compared several prompts
in the zero-shot and few-shot settings. They found
that, given a suitable prompt, LLMs behave reliably
in the single-sentence prompt setting, generating
no unexpected sequences. They also found that
adding few-shot examples has a slight positive ef-
fect on GPT-3.5 but no or negative effect on GPT-4
performance. Davis et al. (2024) evaluated seven
LLMs on four English benchmarks using zero-shot
and few-shot prompts, with the goal of eliciting
performance using minimal-edit style corrections.
Although Davis et al. (2024) specifically aim to
elicit minimal-style edits, they observe that LLMs
are still prone to making fluency edits that score
lower on the standard references created using the
minimal-edit principle. Loem et al. (2023) evalu-
ated the performance of GPT-3 on 3 English bench-
marks, using both zero-shot and few-shot settings,
and compared the use of several prompts against su-
pervised and unsupervised baseline models. They
found that GPT-3 outperforms only unsupervised
baselines in the zero-shot setting. All of the above
studies used standard reference-based evaluation to
compare LLM performance with that of supervised
models, and found that LLM performance is far
below that of supervised models. They further
suggested that this happens because LLMs tend to
make fluency edits (Loem et al., 2023).

Prompting for GEC on Other Languages Evalu-
ation of LLMs on languages other than English is
quite limited. Fang et al. (2023) used zero-shot and
few-shot chain-of-shot (CoT’) prompts to evaluate
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ChatGPT on English, German, and Chinese. Using
standard reference-based evaluations, they found
that ChatGPT performs worse compared to super-
vised models. Katinskaia and Yangarber (2024)
used zero-shot and zero-shot Col prompts to evalu-
ate GPT-3.5-turbo on seven language benchmarks.
In line with previous studies, they found supervised
models to be superior, although the LLM showed
significantly higher recall compared to supervised
models. Additionally, while for English the cor-
rected sentences remained semantically similar to
the source, for languages other than English, the
LLM substantially altered the source sentences,
including their semantics, as well as tended to
“over-correct” inputs that were already well-formed.

Reference-free evaluations To avoid the reliance
on human-generated references, prior work has
explored reference-less approaches for evaluating
GEC outputs, based on grammaticality and flu-
ency (Napoles et al., 2016; Yoshimura et al., 2020;
Asano et al., 2017).

In the last few years, there have been studies on
the use of LLMs as evaluators for text generation
tasks such as summarization and machine trans-
lation (Kocmi and Federmann, 2023; Liu et al.,
2024). LLMs have been used for assessing gram-
maticality for specific language phenomena such as
subject-verb agreement (Linzen et al., 2016; Gold-
berg, 2019) or as components of supervised GEC
systems (Yasunaga et al., 2021).

Studies that assess the use of LLMs as evalua-
tors for GEC are focused on English, furthermore
they generally do not provide an intuitive and in-
terpretable evaluation of the system performance.
Kobayashi et al. (2024) explore the extent to which
LLMs operate as evaluation models in English GEC.
They found that GPT-4 correlates well with human
evaluations, but smaller LLMs tend not to do well.
Islam and Magnani (2021) introduce Scribendi
score metric, an LLM-based method that combines
perplexity, a token sort ratio, and the Levenshtein
distance. Although Scribendi was found to correlate
with human rankings (in English), it has not been
evaluated on non-English texts, and, furthermore,
it provides a single score for a sentence.

In contrast, we use an LLM to emulate human
references, which allows us to compute a more
intuitive and interpretable evaluation of model per-
formance in terms of precision, recall, and F-score.
Furthermore, our study assesses the validity of the
metric on 4 benchmarks in 3 languages.

Language Dataset Train Dev
English (EN) BEA 628K 63K
English (EN) CoNLL M -
Czech (CZ) GECCC 818K 137K
German (DE) Falko-Merlin 305K 39K
Spanish (ES) COWS-L2H 132K 18K
Romanian (RO) RONACC 79K 17K
Russian (RU) RULEC 4,980 2,500
Russian (RU)  Lang8 - 1,968
Ukrainian (UA) UA-GEC 32K 1,506
Arabic (AR*) QALB IM 24K
Italian (IT*) Merlin 71K 9K
Latvian (LV*) LaVA 121K 15K
Slovene (SL*) Solar-EvalH 4.5K 27K
Swedish (SV*) SweLL-gold 110K 12K

Table 6: Gold GEC datasets (training and development
data). See Table 1 for statistics on the evaluation bench-
marks. Datasets marked with a % are essay-level, the
rest are sentence-level.

B GEC Benchmarks

The following benchmarks are used: En-
glish CoNLL-14 (Ng et al.,, 2014) and BEA
W&I+LOCNESS (Bryant et al., 2019), the devel-
opment partition; Arabic QALB, the learner parti-
tion (Rozovskaya et al., 2015); Czech GECCC (N&-
plava et al., 2022); German Falko-Merlin (Boyd,
2018); Romanian RONACC (Cotet et al., 2020);
Russian RULEC (Alsufieva et al., 2012; Rozovskaya
and Roth, 2019) and RU-Lang8 (Trinh and Ro-
zovskaya, 2021); Spanish COWS-L2H (Davidson
et al., 2020); Ukrainian UA-GEC (Syvokon et al.,
2023), Italian, Slovene, Latvian, and Swedish (Mas-
ciolini et al., 2025a,b).

C Supervised Approaches to GEC

Supervised Approaches to GEC Supervised ap-
proaches to GEC can be broken down into sequence-
to-sequence (seq2seq) (Chollampatt and Ng, 2018;
Yuan and Briscoe, 2016; Grundkiewicz et al., 2019;
Grundkiewicz and Junczys-Dowmunt, 2019; Kiy-
ono et al., 2019; Zhao et al., 2019; Ji et al., 2017,
Katsumata and Komachi., 2019; Xie et al., 2018;
Sorokin, 2022; Rothe et al., 2021), and sequence-
to-editing (seq2edits) (Omelianchuk et al., 2020;
Awasthi et al., 2019; Li and Shi, 2021; Tarnavskyi
et al., 2022). In the seq2seq approach, GEC is
cast as a machine translation task with the erro-
neous sentences treated as the source and corrected
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sentences treated as the target. In the seq2edits ap-
proach, GEC systems produce explicit text changes,
called edits. Both approaches achieve state-of-the-
art performance on English GEC that has plenty of
gold training data. The edit-based framework (e.g.,
GECToR Omelianchuk et al. (2020)) was shown to
be competitive on English, however, attempts to use
it with other languages proved to be less success-
ful (Syvokon and Romanyshyn, 2023), due to the
fact that the approach requires language-specific
knowledge to develop rules (Bryantet al., 2023). Re-
cent works also achieve strong results with edit rank-
ing (Sorokin, 2022) or ensembling (Omelianchuk
et al., 2024). For an overview of approaches and
methods in GEC, please see Bryant et al. (2023).

Table 7 lists the results of the top-performing
supervised model(s) for each benchmark. The best
models for English use ensembling techniques and
combine 7 best single models following (Qorib
et al., 2024; Omelianchuk et al., 2024).

For non-English GEC, the seq2seq framework
has shown state-of-the-art performance (Syvokon
et al., 2023; Zhang et al., 2022; Rothe et al., 2021).
Seq2seq models are typically pre-trained on mono-
lingual data where the source side has been cor-
rupted with artificial noise. The pre-trained model
is then further finetuned on gold-labeled data for
the target language. Pre-trained language mod-
els can be used as a starting point (Kaneko et al.,
2020; Malmi et al., 2019; Omelianchuk et al., 2020;
Katsumata and Komachi, 2020). Rothe et al.
(2021) make use of mT5 in a multilingual set-
ting. Stahlberg and Kumar (2024) finetune mT5
on the monolingual data with synthetic spelling
errors and on gold GEC data for each target lan-
guage (Stahlberg and Kumar, 2024). Their ap-
proach produced SOTA results for Romanian, Ger-
man, and Spanish. Palma Gomez et al. (2023)
obtained SOTA results on Ukrainian following
(Stahlberg and Kumar, 2024) and Palma Gomez
and Rozovskaya (2024) adopt their approach for
Russian but generate synthetic data based on mor-
phological transformations instead. Néplava et al.
(2022) present SOTA results in Czech by training
a seq2seq model from scratch on synthetic data
and finetuning it on gold data. The Arabic SOTA
results are achieved by finetuning AraBART Al-
hafni et al. (2023) on the gold data.'* For the
other essay-level benchmarks (Italian, Latvian, and

14 Among all non-English benchmarks, Arabic has the largest
training gold data — over 1 million tokens.

Slovene, and Swedish), we use a multilingual sys-
tem of Staruch (2025) that finetunes Gemma 2 with
QLoRA adapters on the gold data from multiple lan-
guages. This system scored first in the multilingual
GEC shared task (Masciolini et al., 2025a).

Essay-level approaches operate on longer con-
texts (300-1000 tokens), whereas sentence-level
context length is typically less than 200."

D Details about the Prompts

We use the following zero-shot prompt, when query-
ing GPT-4, Llama, and Claude:

Provide a grammatical correction
for the following text indicated by
<input> ERROR </input> tag, making
only necessary changes. If the input
text is already correct,
unchanged. Output the corrected ver
sion directly without any comments
and explanations.
mat your corrected output with the
tag <output> Your Corrected Version
</output>. Please start: <input> ER
ROR </input>"

We use the temperature of 0.1. We found that
the overall results are quite consistent between the
runs. The following information about the role
is provided to the model (where LANGUAGE is
replaced with the appropriate language):

You are a LANGUAGE grammatical er
ror correctiontool that canidentify
and correct grammatical errors in a
text.

return it

Remember to for

E Performance of Supervised
State-of-the-Art Models

Table 8 reports performance of supervised SOTA
models by language and benchmark, based on ear-
lier studies. We show multiple top-performing
models, when available.

F Evaluation with Closest Golds

Example comparing evaluation using reference
golds and closest golds In Table 9 we show an
example (in English) that shows two references (ref.
1 and ref. 2). Ref. 1 is the standard fixed reference
(created by correcting the input sentence) and ref.
2 is generated by correcting the system hypothesis.

SContext length is defined in terms of tokens (after LLM

tokenization). The length of 200 for sentence-level models is
to accommodate longer sentences occurring in 1-2% of inputs.
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Dataset System P R  Fys
Omelianchuk et al. (2024) ens majority-voting (best 7) 71.7 42.2 629

Qorib and Ng (2023) ens best - - 63.4
EN (BEA (dev)) Omelianchuk et al. (2024) GPT-4-ZS single 42.5 450 43.0
Omelianchuk et al. (2024) T5-11B single 60.9 51.1 58.6
Omelianchuk et al. (2024) GECToR-2024 single 64.6 37.2 563
Qorib and Ng (2023) ens best 79.6 499 7I1.1
Omelianchuk et al. (2024) ens majority-voting (best 7)  83.7 45.7 71.8
EN (CoNLL) Omelianchuk et al. (2024) ens GRECO-rank-w (best 7) 81.6 49.3 72.1
Omelianchuk et al. (2024) GPT-4-ZS 59.0 554 582
Omelianchuk et al. (2024) single GECToR-2024 75.0 447 66.0
CZ (GECCCO) Niéplava et al. (2022) - - 73.0
Rothe et al. (2021) - - 76.0
Néplava et al. (2022) - - 73.7
DE (Falko-Merlin) Stahlberg and Kumar (2024) mt5-base FT - - 70.5
Stahlberg and Kumar (2024) mt5-xx1 FT - - 75.5
Luhtaru et al. (2024) Llama-2-7B FT 79.1 68.7 76.8
Stahlberg and Kumar (2024) mt5-base FT - - 50.1
Stahlberg and Kumar (2024) mt5-xx1 FT - - 58.9
ES (COWS-L2H) Flachs et al. (2021) - - 573
Kementchedjhieva and Sggaard (2023) - - 55.2
Stahlberg and Kumar (2024) mt5-base FT - - 68.1
Stahlberg and Kumar (2024) mt5-xx1 FT - - 75.5
RO (RONACC) Kementchedjhieva and Sggaard (2023) - - 68.6
Niculescu et al. (2021) - - 69.0
Sorokin (2022) ru-GPT-large edits, ‘combined’ 735 273 550
RU (RULEC, 1 ref.)  Nédplava and Straka (2019) Transformer 63.3 27.5 50.2
Rothe et al. (2021) mT5-xx1 - - 51.6
RU (RULEC, 3 refs.) Palma Gomez and Rozovskaya (2024) mT5-large 767 399 64.8
RU (Lang8) Palma Gomez and Rozovskaya (2024) mT5-large 71.6 40.5 62.1
UA (UA-GEC (dev)) Palma Gomez et al. (2023) 72.1 479 655
Bondarenko et al. (2023) 79.1 439 682
UA (UA-test) Palma Gomez et al. (2023) mt5-large 73.2 532 68.1
Luhtaru et al. (2024) Llama-2-7B FT 82.0 534 74.1
AR* (QALB) Alhafni et al. (2023) AraBART finetuned best 69.3 439 625
IT* (Merlin) Staruch (2025) gemma?2-9b-it with QLoRA adapters 68.1 58.6 659
LV* (LaVA) Staruch (2025) gemma?2-9b-it with QLoRA adapters 81.3 78.2 80.6

SL* (Solar-EvalH) Staruch (2025) gemma?2-9b-it with QLoRA adapters 58.4 342 51.2
SV* (SweLL-gold) Staruch (2025) gemma?2-9b-it with QLoRA adapters 587 50.7 56.9

Table 7: Performance of top-performing supervised models by benchmark using standard references (RGs). Results
are from the published literature. FT stands for finetuning. ZS stands for zero-shot. RULEC, 3 refs. refers to the
same benchmark as RULEC 1., but includes an enhanced set of 3 references (Palma Gomez and Rozovskaya, 2024)
vs. 1 gold reference in the original RULEC. Datasets marked with a % are essay-level, the rest are sentence-level.
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Dataset System P R Fos
Katinskaia and Yangarber (2024) GPT-3.5 zero-shot 55.8 58.5 56.3

Fang et al. (2023) ChatGPT zero-shot 50.2 59.0 51.7

Davis et al. (2024) GPT-3.5 - - 57.2

EN (CoNLL) Loem et al. (2023) GPT-3 zero-shot - - 56.1
Loem et al. (2023) GPT-3 16-shot - - 57.1

Fang et al. (2023) ChatGPT zero-shot with CoT 51.7

GPT-4 (this work) 577 58.8 579

. Katinskaia and Yangarber (2024) GPT-3.5 zero shot 63.5 63.2 63.4

DE (Falko-Merlin) 557 4 ((this work) 664 668 66.5
Katinskaia and Yangarber (2024) 28.1 40.8 299

ES (COWS-L2H) GPT-4 (this work) 557 425 521
Katinskaia and Yangarber (2024) GPT3.5 zero-shot 29.2 51.5 32.0

RU (RULEC, 1 ref.) Katinskaia and Yangarber (2024) GPT-3.5 rerank 39.5 437 40.3
GPT-4 (this work) 474 4677 472

Table 8: Comparison to earlier published results of LLM prompting.

Note that the scores (P, R, Fs) depend on the
overlap between a reference and system hypothesis.
Evaluation with closest golds attempts to generate
a reference that is as close as possible to the system
hypothesis (by producing a reference relative to sys-
tem output, and not relative to the original sentence).
Thus, evaluation with CGs provides a more realistic
evaluation of system performance. Note that the
overlap (number of correct edits) is larger for ref.
2, and thus the F0.5 score against ref. 2 is higher
(91.0) vs. FO.5 score against ref. 1 (50.0). Al-
though the evaluation framework that we described
above computes precision, recall, and F-score for
each reference independently, edits from multiple
references can be combined for a more accurate
evaluation (CLEME, Ye et al. (2023)). However,
while this may help, it still does not solve the issue
of performance underestimation since most GEC
benchmarks that we use contain 1 reference per
single text.

G Annotation Guidelines for Creating
Human Closest-Gold References

We present the outputs from a SOTA model and
from GPT-4 to a human annotator together with
the original sentence. For annotation, we select
SOTA models from Table 7 for which the outputs
are publicly available. The following supervised
models are used: EN (BEA): Omelianchuk et al.
(2024); EN (CoNLL): Qorib and Ng (2023); RU
(RULEC): Palma Gomez and Rozovskaya (2024));

AR (QALB): Alhafni et al. (2023). The annotator is
asked to correct the remaining errors in the sentence,
with a focus on maintaining the original meaning
and ensuring the output is grammatical.

47458



Input The settings are very reallistic and the actors had a great performance.

System hypo The settings are very realistic and the actors had great performance.
System edits reallistic — realistic; had a great — had great

Evaluation against original gold (RG)
Ref. 1 (RG) The settings are very realistic and the actors gave a great performance.
Gold edits (RG) (1) reallistic — realistic; (2) had — gave
Correct edits (RG) (1) reallistic — realistic

Performance against RG P = 50.0; R = 50.0; Fy5 = 50.0

Evaluation against closest gold (CG)
Ref. 2 (CG) The settings are very realistic and the actors had great performances .
Gold edits (CG) (1) reallistic — realistic; (2) had great — had a great; (3) performance
— performances
Performance against CG P = 100.0; R = 66.0; Fy 5 = 91.0

Table 9: Evaluation with a fixed reference (RG) and a closest-gold reference (CG).

Dataset System Ref. P R Fys

SOTA RG 66.0 387 57.8
SOTA CG 895 487 764

EN(BEA) GPT-4 RG 37.1 457 385
GPT-4 CG 825 674 790
SOTA RG 829 481 724
SOTA CG 921 513 795
EN(CNLL) oy RG 587 562 582
GPT-4 CG 893 728 854
SOTA RG 665 446 60.6
SOTA CG 899 61.1 822
RURULEC)  Gpr4  RG 657 653 656
GPT-4 CG 913 850 900
SOTA RG 695 422 615
AR* (QALB) SOTA  CG 794 492 707

GPT-4 RG 50.6 268 43.0
GPT-4 CG 840 632 788

Table 10: Evaluation with human closest golds (on a subset) by benchmark. The following supervised models
(SOTA) are used: EN (CoNLL): Qorib and Ng (2023); EN (BEA): Omelianchuk et al. (2024); RU (RULEC):
Palma Gomez and Rozovskaya (2024)); AR (QALB): Alhafni et al. (2023).
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Dataset System Ref. P R Fys

SOTA RG 66.0 3877 57.8
SOTA CG-H 89.5 487 76.6
SOTA CG-C 952 513 813
SOTA CG-L 938 514 805

EN (BEA) GPT-4 RG  37.1 457 385
GPT-4 CG-H 825 674 790
GPT-4 CG-C 946 740 89.6
GPT-4 CG-L 925 696 86.8
SOTA RG 829 481 724
SOTA CG-H 921 513 795
SOTA CG-C 944 518 81.1
SOTA CG-L 962 551 837
EN(CNLL)  opry  RG 587 562 582
GPT-4 CG-H 893 728 854
GPT-4 CG-C 967 729 90.8
GPT-4 CG-L 960 77.1 915
SOTA RG 665 446 606
SOTA CG-H 899 61.1 822
SOTA CG-C 924 613 839
SOTA CG-L 935 592 83.8
RUMRULEC)  Gpr4  RG 657 653 656
GPT-4 CG-H 913 850 90.0
GPT-4 CG-C 965 796 92.6
GPT-4 CG-L 962 79.1 922
SOTA RG 695 422 615
SOTA CG-H 794 492 707
SOTA CG-C 744 457 66.1
AR* (QALp) SOTA  CGL 907 728 864

GPT-4 RG 50.6 26.8 43.0
GPT-4 CG-H 840 632 788
GPT-4 CG-C 90.8 650 84.2
GPT-4 CG-L 974 88.1 954

Table 11: Evaluation with closest golds produced with human annotators (CG-H) vs. automatic CGs produced with
Claude (CG-C) and LLama (CG-L) (on a subset by the benchmark). The following supervised (SOTA) models are
used: English (CoNLL): (Qorib and Ng, 2023) ; English (BEA): (Omelianchuk et al., 2024); Arabic: (Alhafni et al.,
2023); Russian (RULEC): (Palma Gomez and Rozovskaya, 2024).
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Annotation Instructions

You are given X text snippets/sentences in
language Y (Y is English, Arabic, or Russian)
that may contain grammatical errors. These
snippets were corrected by two different au-
tomated systems. The total number of text
snippets to be corrected is 2 * X (2 system out-
puts per snippet). X is set between 150-200
for Russian and English and and 30 for Ara-
bic. Annotation Instructions: The provided
snippets need to be checked for:

(1) Is the sentence grammatical? If not, cor-
rect all remaining errors to make sure it is
grammatical (try to make as few changes as
possible but ensure the resulting sentence is
well-formed).

(2) Check that the automated system did not
introduce other errors and/or change the mean-
ing of the original sentence. If the meaning
of the original sentence has been changed, the
corrected sentence should be modified to keep
the meaning of the original sentence.

The format of the file is as follows: Each
sentence appears three times (line 1 — original
sentence; line 2 — system corrected sentence;
line 3 — same as line 2 but preceded by ***)
You should not modify line 1 and line 2. Only
line 3 (that starts with ***) needs to be modi-
fied as above.

Do not correct punctuation that is written
separately from other words. Also, when
correcting, simply delete the incorrect word(s)
and replace them with the correct one(s).

& J

H mT5-Large Models

We adopt the approach of Rothe et al. (2021) and
Stahlberg and Kumar (2024) and make use of
mT5 (Xue et al., 2021). mT5 has been pre-trained
on mC4 corpus, covering 101 languages (Xue et al.,
2021). Following Palma Gomez et al. (2023), we
first pre-trained on target language monolingual
data with synthetic spelling errors. In the second
step, we finetune on the gold data for the target lan-
guage. We use mt5-Large, with 1.2B parameters.
Results are shown in Table 14.

Hyperparameters Experiments are performed
on four A40 48GB GPUs. Table 13 shows training
times per model and per epoch on the synthetic
data (2M sentence pairs). Finetuning on gold data

is fast due to the small sizes of the finetuning sets.
We use 2 seeds with each model, and report results
averaged over two runs. Hyperparameter values are
shown in Table 12.

I Analysis of Over-Corrections

Table 15 shows results of the manual analysis of the
instances of over-correction in SOTA and GPT-4
outputs in a sample of the Russian RULEC dataset
(see Section 5).

J Model Self-Bias

To evaluate model self-bias, we first run Llama and
Claude on the original inputs, and then generate
CGs with both Claude and Llama on all the outputs.
We first compare the rankings of the four systems
by language: SOTA, GPT-4, Llama, and Claude,
using RGs. Then we evaluate the four systems
using Claude and Llama CGs. Results are shown
in Figure 8. While Claude and Llama agree in
the rankings of SOTA and GPT-4 for almost all
benchmarks, the LLMs are clearly biased towards
their own outputs. Specifically, Claude outputs
are scored higher than those by Llama when using
Claude CGs, whereas Llama CGs suggest that
Llama may be as good or better than those of
Claude. Averaged results over the 14 benchamarks
show that Claude substantially outperforms Llama,
whereas Llama CGs indiciate a reverse relation
(albei with a smaller gap). This suggest model self-
bias and we advise against using the same LL.M for
GEC and for evaluation of GEC models.
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Hyperparameter Value

Dropout 0.1
Learning rate le—4
Optimizer Adam
Max epochs 5 (20)
Input/output lengths 128
Seeds 42 (1,42)

Table 12: Hyperparameter settings for mT5-Large models pre-training on synthetic data and finetuning on gold
data. The seeds and the number of epochs are shown separately for the pre-training and the finetuning stages (in
parentheses).

GPU Training time
A40x 1 36hrs

Table 13: Training times per epoch for the pre-training stage on a single GPU (on synthetic data).

Performance (Fy 5)
CZ DE ES RO
72.0 735 578 72.1

Table 14: mT5-Large models pre-trained on 2M. sentence pairs with synthetic errors (spelling) and finetuned on
target language gold data.

Fluency over-correction Incorrect over-editing
Model Word Lex. Other Total D.ele- Lex. Other Total
order tion
SOTA 0 4 0 4 3 7 6 16
GPT-4 4 17 8 29 1 7 4 12

Table 15: Number of over-correction and over-editing occurrences by GPT-4 and the supervised model (SOTA)
in the RULEC subset. Fluency over-correction refers to the cases where the meaning is preserved but the model
replaces a word or expression that is acceptable with another one that is as good or better. Incorrect over-editing
denotes cases that result in the change of meaning, when an acceptable word or expression is replaced.
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Scoring with Llama CGs
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Figure 8: Scoring SOTA, GPT-4, Claude and Llama with Claude CGs (top) and Llama CGs (bottom). Results by
the benchmark and averaged over all datasets.
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