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Abstract

We present WikiComments' a data extraction
method which leverages the revision comments
of Wikipedia edits to extract grammatical er-
ror correction training data. WikiComments
improves the previous Wikipedia extraction
method by only extracting data which are ex-
plicitly grammatical in nature. Our method
produces larger quantities of data—up to 143%
more—than existing benchmarks in languages
such as German and Russian. We show that
augmenting Korean training data with our ex-
tracted data leads to state-of-the-art results. Ad-
ditionally, we show that augmenting minimal
amounts of gold annotated data with WikiCom-
ments improves performance on up to 92% of
German error types.

1 Introduction

Grammatical Error Correction (GEC) is currently
dominated by English models and datasets. Re-
search on languages other than English is consid-
ered a low-resource task given the current scarcity
of evaluation benchmarks and annotated training
data (Bryant et al., 2022). For instance, large public
training datasets for English GEC such as Lang-8
(Mizumoto et al., 2011) contain more than a million
samples, while for German there is currently only
one dataset Falko-MERLIN (Boyd, 2018) with 19K
training samples. Annotating more training data
for these languages is an expensive process due to
the need to find experts in each language, which
hinders non-English GEC research.

To close this data scarcity gap, existing literature
focuses on either generating artificial grammatical
errors (Ndplava and Straka, 2019) or extracting al-
ready available grammatical correction data from
online sources (Boyd, 2018; Grundkiewicz and
Junczys-Dowmunt, 2014) or a combination of both
approaches (Lichtarge et al., 2019; Grundkiewicz
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et al., 2019). These approaches come with their
respective advantages and drawbacks. The main
approaches for generating synthetic data corrupt
error-free sentences by introducing grammatical
errors using either rule-based corruption (Néplava
and Straka, 2019) or machine translation (Lichtarge
etal., 2019), Large Larguage models have also been
used for synthetic dataset generation for other tasks
(Gupta et al., 2023). However, artificial errors from
these methods do not necessarily reflect the errors
humans make in the context of the original text.
They also rely on either a set of grammatical cor-
ruption rules or access to a large language model
that supports the specific language—which can be
expensive to create or run, respectively.

An alternative approach involves extracting pairs
of ungrammatical and their respective corrections
from public edit logs. The primary source of
extracted GEC data is Wikipedia, given its size,
editorial quality, availability, and permissive li-
cence (Boyd, 2018; Grundkiewicz and Junczys-
Dowmunt, 2014; Lichtarge et al., 2019; Grund-
kiewicz et al., 2019). The main drawback is that
these extraction approaches necessarily produce
smaller amounts of training data (upper-bounded
by the size of the available revision logs), com-
pared to the virtually infinite space of synthetic
data. However, the edits extracted can provide
more realistic training data, since they reflect actual
grammatical errors made by humans. The approach
is also less costly than synthetic approaches since
it does not involve text generation, only relatively
simple processing of revision logs. For these rea-
sons, we explore an extraction-based approach for
building GEC data in this paper.

Given that revisions can be made for various
reasons (e.g., correcting a factual inaccuracy), the
current state-of-the-art extractive approaches for
building GEC training corpora rely on various sig-
nals to determine whether a change is grammati-
cal in nature. In this work, we make a simple—


https://anonymous.4open.science/r/wikiComments-6C2A/
https://anonymous.4open.science/r/wikiComments-6C2A/

ORIGINAL: REVISION:
Obama appointed two women to serve on - Obama appointed two women to serve on
the Supreme Court in the first two years of the Supreme Court in the first two years of
his presidency. He nominated [[Sonia his presidency. He nominated [[Sonia
Sotomayor]] on May 26, 2009, to replace  Sotomayor]] on May 26, 2009, to replace
retiring [[Associate Justice of the Supreme  retiring [[Associate Justice of the Supreme
Court of the United States|Associate Court of the United States|Associate
Justice]) [[David Souter]); she was Justice]] [[David Souter]). She was
confirmed on August 6, 2009,<ref>{{cite confirmed on August 6, 2009,<ref>{{cite
news [title = Senate confirms Sotomayor  news [title = Senate confirms Sotomayor for
for Supreme Court Supreme Court

Wikipedia
revision
logs

Page

WikiComments

Revision Revision text
history

L7

A 4
Revision Comment

e.g.“Fixed minor
grammar error’

—
GEC
dataset
Example:

she was confirmed on August 6, 2009 She was confirmed on August 6, 2009

Figure 1: The WikiComments method extracts GEC
training data by filtering the Wikipedia revision com-
ments based on grammar-based keywords.

but important—observation: the comments associ-
ated with grammatical errors often indicate whether
the change is due to a grammatical problem. Fig-
ure 1 provides an example. Building off WikiEdits
(Grundkiewicz and Junczys-Dowmunt, 2014), we
explore whether the Wikipedia edit comments pro-
vide a valuable signal for constructing training data
for low-resource GEC through a keyword-based
filtering approach that we call WikiComments.

We investigate if WikiComments yields consis-
tently better grammatical error correction train-
ing data than the previous approach and in addi-
tion measure what is the quantity of filtered gram-
matical data we can extract compared to current
datasets. We observe our filtering consistently
helps the models and yields better performance
across 3 different languages and 5 different datasets.
This indicates that the revision comments contain
helpful information for determining whether a revi-
sion is grammatical. Additionally, WikiComments
can generate much larger quantities —up to 143%
more— of data than the current gold benchmarks for
languages with large numbers of edits in Wikipedia
such as German and Russian.”

Following we fine-tune an mBART model with
the WikiComments data since it was shown it is an
appropriate baseline for GEC by Katsumata and
Komachi (2020). We measure if we can improve
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performance compared to the gold datasets. We
find that even though our extracted data are not
a substitute for the gold data, we achieve SOTA
results on the Kor-Union and Kor-Learner datasets
by Yoon et al. (2023) when we augmented their
training sentences with ours WikiComments data.

Finally, we investigate the performance when
fine-tuning using a combination of WikiComments
and low-resource gold sentences to determine if we
can complement the dataset creation process by re-
ducing the number of annotated training sentences
needed for a robust GEC model. We achieved better
performance in low-resource German, Russian and
Korean instances when we augmented the training
dataset with our data. Further error type analysis on
German confirms that with our data we can achieve
better performance on several error types the low
resource data was unable to achieve on its own.

In summary, we introduce WikiComments a GEC
data extraction method which leverages revision
comments to detect grammatical error corrections.
Our approach improves previous Wikipedia-based
methods, can augment existing gold datasets and
produce state-of-the-art results. We generate larger
quantities than existing non-English benchmarks
and we demonstrate the benefits of augmenting
low-resource training datasets with our data.

2 Related Work

This section provides an overview of relevant lit-
erature. We explore literature for extracting ex-
isting grammatical correction data and generating
artificial grammatical errors as well as literature
combining both two methods.

2.1 Extracting Grammatical Data

Grundkiewicz and Junczys-Dowmunt (2014) intro-
duced a novel grammatical error correction dataset
called WikEd Error Corpus. Their corpus consists
of approx. 12 million sentences extracted and fil-
tered from Wikipedia edit history dumps. The au-
thors iterate over two adjacent revisions of every
page in the dump to construct the dataset. They
removed unwanted edits such as cases of vandal-
ism and markup and split the articles into sentences
which made up their final English dataset.

Boyd (2018) developed a grammatical error cor-
rection system for German by combining a low-
resource German gold corpus with sentence pairs
extracted from Wikipedia using the tools devel-
oped by Grundkiewicz mentioned previously. The
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authors extend ERRANT (Bryant et al., 2017) to
work with German data by simplifying the error
types used. After training the multilayer convolu-
tional GEC model proposed by Chollampatt and
Ng (2018) on a combination of the gold German
dataset (Falko-MERLIN) and German Wikipedia
sentences they observe that augmenting a low re-
source dataset with Wikipedia-based sentences can
improve model performance.

While both approaches leverage Wikipedia data,
none of their filtering is satisfactory and their
dataset contains a lot of edits that are not grammat-
ical. Grundkiewicz and Junczys-Dowmunt (2014)
while attempting to reduce noise do not ensure
the extracted sentence pairs are of grammatical
content. In contrast, Boyd (2018) filters edits by
attempting to mirror the error distribution of the
Falko-MERLIN dataset using ERRANT. While bet-
ter than no filtering at all, it risks exposing evalu-
ation signals to the training process. In addition,
it requires a method to annotate the GEC errors
and an existing benchmark for the filtering, com-
ponents that are of limited availability depending
on the language. We complement both of these ap-
proaches by filtering Wikipedia explicitly for GEC
training data and not requiring the existence of a
gold dataset or an annotation tool.

2.2 Generating Artificial Data

Grundkiewicz et al. (2019) propose an unsuper-
vised method to generate artificial errors. They
propose generating confusion sets based on the
information from the vocabulary of an Aspell
spellchecker. Their method uses those confusion
sets to introduce errors into an error-free text by
iterating through random words/characters and ei-
ther substituting it with a random word/character
from its confusion set, deleting the word/character
or swapping it with an adjacent one.

Néplava and Straka (2019) present a novel gram-
matical error correction dataset for Czech (AKCES-
GEC). In addition, they experiment with combining
gold data with synthetic data to train a Transformer
(Vaswani et al., 2017) model on multilingual GEC.
Their synthetic data is generated by rule-based cor-
ruption of sentences from the WMT News Crawl
(Bojar et al., 2017). Their results show that their
method performs better than existing GEC systems.

Rothe et al. (2021) proposed leveraging large-
scale language models to simplify the current com-
plexity of synthetic approaches. They pre-train an
XLL T5 (Raffel et al., 2020) model (gT5) on syn-

thetically generated sentences in 101 languages and
fine-tune the model on gold datasets for English,
Russian, Czech and German. Then they leverage
the model to clean the Lang-8 dataset and distil
the model’s knowledge on smaller models. This
cleaned dataset cLLang-8 contains processed sen-
tences for English, German and Russian and they
show that models fine-tuned on it can exhibit state-
of-the-art performance. They argue this approach
can simplify the training for GEC.

While these approaches exhibit competitive per-
formance, their methods for generating artificial
errors have drawbacks. Relying on a set of gram-
matical corruption rules results in corruption that
may not accurately represent actual human errors.
Additionally, they also depend on dictionaries with
comprehensive confusion sets which might not ex-
ist for low-resource languages. Finally, obtaining
sufficient computational resources for pre-training
XXL models on hundreds of languages to distil
GEC knowledge on more datasets —the cLang-8
dataset only contains training data for English, Ger-
man, and Russian— makes these approaches either
too costly for low-resource languages.

2.3 Combinations of Artificial and Extracted
Data

Flachs et al. (2021) demonstrate that Lang8 and
Wikipedia-based data whilst noisy can be beneficial
to grammatical error correction research and that
using even very small amounts of gold data for
fine-tuning can yield good performance.

Finally, Lichtarge et al. (2019) explored two ap-
proaches to generate GEC datasets. The first in-
volves extracting sentences from Wikipedia with
minimal filtering, while the second introduces er-
rors in Wikipedia sentences through round-trip
translation. They demonstrate that GEC methods
trained using either approach perform similarly.

While our focus is solely on extracting existing
grammatical data rather than generating it artifi-
cially, existing literature shows that a combination
of both approaches yields favourable results. Both
papers also confirm the validity of Wikipedia as a
reliable GEC data source. This paper aims to en-
hance the existing Wikipedia extraction approach,
potentially contributing to further improvements to
methods leveraging combinations of extraction and
generation of GEC data.

2.4 Other Approaches
Katsumata and Komachi (2020) proposed using



monolingual (Lewis et al., 2020) and multilingual
BART (Liu et al., 2020) model as a pretrained GEC
model that can be easily used as a baseline. Their
results show that an mBART model fine-tuned in
German and Czech can achieve competitive results
using only gold data and can be used as a baseline
for several languages. We build on their work by
using mBART for our WikiComments experiments.

Fang et al. (2023) proposed using chain-of-
thought and ChatGPT as a GEC method. They
evaluate 3 different languages (English, German
and Chinese) and demonstrate that ChatGPT can
perform well in low-resource languages. One limi-
tation of Fang et al. (2023) is its approach is entirely
reliant on the external API of OpenAl whereas we
aim to provide a GEC solution that can be utilized
even in low resource settings.

3 Methodology

The WikiComments sentence extraction method
parses through dumps of Wikipedia revision history
based on the WikiEdits method of Grundkiewicz et
al (Grundkiewicz and Junczys-Dowmunt, 2014) to
extract grammatical error correction training data
as shown in Figure 2. WikiComments extracts paral-
lel sentences by filtering Wikipedia revision history
dumps. To reduce noise, the revisions are filtered
to remove reverted revisions, markup, code and any
revisions where the only change is numerical. Un-
like the WikiEdits approach, WikiComments lever-
ages the revision comments to heuristically exclude
edits where the comment does not indicate any
change to correct grammatical errors i.e. contain
any word from a list of keywords indicating gram-
matical fixes such as “grammar” or “typo". For a
full list of the keywords check Appendix A. The
resulting sentence pairs can be used to fine-tune
neural models on a GEC task. For a list of sam-
ple sentence pairs filtered out by WikiComments
compared to WikiEdits check Appendix B.

4 Experimental Setup

This section details our experiment setup used to
answer the following research questions:

* RQ1: How does the quantity of the data ex-
tracted with WikiComments compare to the
gold datasets and the WikiEdits approach?

* RQ2: Does filtering with WikiComments im-
prove the quality of the training data extracted
from Wikipedia?

o WikiEdits
Wikipedia data filtering
dumps
Filtering the Revision I
Comments based on ¢ WikiEdits
keywords sentences

WikiComments
Datasets

Figure 2: Filtering process to extract GEC data from
Wikipedia

* RQ3: Does fine-tuning on the WikiComments
data improve performance compared other
non-Wikipedia based approaches?

* RQ4: Does augmenting low resource gold
data with WikiComments data improve model
performance?

4.1 Models

Motivated by the performance of mBART in Kat-
sumata and Komachi (2020) we experiment with
the 680M-parameter mBART developed by Liu
et al. (2020). mBART is a sequence-to-sequence
auto-encoder that was shown to can perform well in
both supervised and unsupervised machine transla-
tion. We fine-tune mBART using the fairseq toolkit
by Ott et al. (2019).

4.2 Languages

Since there is substantial human-annotated data
for languages such as English, we focus on three
low-resource languages with comparably smaller
annotated benchmarks. Our selection includes lan-
guages from different language families to measure
how well our WikiComments extraction process
works. The criteria for our selection were the avail-
ability of existing annotated benchmarks for evalua-
tion, the presence of a dedicated Wikipedia, and the
availability of a spaCy pipeline for pre-processing.
Therefore, we focus on German (Indo-European),
Korean (Koreanic) and Russian (Indo-European).

4.3 Datasets

We use the Falko-MERLIN Dataset by Boyd (2018)
for our experiments on German. For our experi-
ments on Russian, we use the RULEC-GEC dataset



by Rozovskaya and Roth (2019). Finally, for Ko-
rean, we use the Kor-Native, Kor-Learner and Kor-
Union datasets by Yoon et al. (2023).

4.4 Evaluation

We evaluate our models using a modified version of
the MaxMatch (M?) method by Dahlmeier and Ng
(2012) that we modified to use spaCy tokenization
to be consistent with the sentence segmentation of
our sentence extraction. Finally, we performed an
error type analysis on German to identify which
error types’ performance was improved when we
combined the low resource data with our data. We
use the ERRANT modified by Boyd (2018) to get
the performance of each error type. All our re-
ported M? results are from single runs.

4.5 Filtering the dumps from Wikipedia

To answer RQ1 and RQ2 we first extract datasets
of sentence pairs from the Wikipedia data dumps.
For each of the three languages, we produce
two Wikipedia-based datasets, a WikiComments
(WC) and a WikiEdits (WE) one based on the pro-
cess explained in Section 3. The WikiComments
datasets contain the sentence pairs extracted with
our methodology leveraging the revision comment
filter to obtain annotated grammatical data and the
WikiEdits datasets contain the sentence pairs ex-
tracted without the comment filter. Our filter tries
to match keywords that relate to changes in gram-
matical content. We generated these keywords by
manual inspection of their respective Wikipedia
revision history and translating common English
terms such as "grammar", "grammatical" etc to the
target language. We sample 10K, 20K, 50K, and
100K sentences for German and Russian and only
10K and 20K samples for Korean due to the small
number of sentences extracted from Wikipedia. We
fine-tuned an mBART model by iterating on an in-
creasing amount of training sentences to measure
whether the comment-based filtering yields better
GEC training data and how many sentence pairs
we need for optimal performance.

4.6 Complementing Low Resource Data

To answer RQ3 and RQ4 we fine-tune mBART
solely on our WikiComments datasets and on dif-
ferent combinations of the optimal amount of Wi-
kiComments grammatical sentences found in the
previous experiments and the existing gold datasets.
We run experiments combining the entire gold
dataset plus training sentences extracted using our

Language / Dataset Gold WC  WE

Korean 156K 24K 2.8M
German 24K 1.2M  33M
Russian 12K 1.8M 19M

Table 1: Number of total sentences extracted using
WikiComments (WC) compared to total sentences of
WikiEdits (WE) and the gold datasets we used for eval-
uation.

WikiComments approach to investigate if we can
augment the entire gold collection. We addition-
ally try sampling training sentences from the gold
datasets to identify if our Wikipedia sentences can
complement low-resource scenarios by augmenting
the samples with our datasets. We sample 1K, 2.5K,
5K and 10K gold sentence pairs for Kor-Union and
Falko-MERLIN and 1K and 2.5K (due to the small
size of the training split) from RULEC and fine-
tune mBART on combinations of the gold samples
and the WikiComments data.

5 Results and Discussion

This section details our experiments to answer our
research questions. Each subsection contains our
findings and discussion for each research question.

5.1 Comparing quantity of WikiComments
data with other approaches

Table 1 shows the number of sentences extracted
with WikiEdits and WikiComments and the total
sentences of the gold datasets we used for evalua-
tion. Our approach generates less data compared to
WikiEdits but as shown in the previous section we
produce data of better quality. We can verify this
by the small portion of grammatical errors in the
sentences extracted using WikiEdits. Only 4% of
German, 9% of Russian and less than 1% of the Ko-
rean sentences extracted using WikiEdits are kept
by WikiComments which indicates the small num-
ber of grammatical errors in their datasets. Com-
pared to the gold datasets we produce many more
—up to 143 % — sentences in German and Russian
than the two existing gold datasets, Falko-Merlin
and RULEC respectively. Additionally, our Korean
sentences are fewer in number compared to the
sentences in the Kor-Union dataset.

The number of sentences extracted with Wiki-
Comments coincides with the relative ranking of
each language based on the number of edits on
Wikipedia, with German and Russian at 2nd and
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Figure 3: Comparison of German WikiComments and
WikiEdits mBART runs evaluated on Falko-MERLIN

6th rank and Korean at 19th. The fewer edits in
total exist in Wikipedia the smaller the pool of edits
we can filter to extract the grammatical edits from.
Conversely, the difference between our Korean Wi-
kiComments and Kor-Union can be explained by
the fact that Kor-Union is made up of three datasets:
Kor-Native, Kor-Learner and Kor-Langs8.

In conclusion, the WikiEdits approach generates
larger datasets, but most of their content lacks gram-
matical error corrections. In contrast, our approach
contains only revisions addressing grammatical er-
rors and produces larger quantities of data com-
pared to most gold datasets.

5.2 Measuring the impact of the comment
filtering

We can measure the data quality by testing the ef-
fectiveness of mBART models trained on compared
with the effectiveness when trained on the WikiEd-
its datasets. Figure 3 shows the F0.5 performance
of mBART models trained on WikiComments and
WikiEdits on a variety of training sample sizes. We
can see a clear performance improvement with our
WikiComments extracted data on German. Even on
the smallest training sample of 10K sentence pairs
the mBART mode fine-tuned on WikiComments
outperforms all WikiEdits experiments.

We observe similar findings for the Korean Wiki-
Comments datasets, when evaluated on Kor-Union,
Kor-Learner & Kor-Native, which can also be seen
in Figures 5 & 6 with the difference being more
notable on the Kor-Learner dataset. From Figure 4
we can also similar trends as the other languages
with the WikiComment runs performing better than
the WikiEdits runs.
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Figure 4: Comparison of Russian WikiComments and
WikiEdits mBART runs evaluated on RULEC

Overall, we can answer RQ2 that leveraging the
revision comments for our WikiComments data ex-
traction approach improves the existing WikiEdits
approach and can produce better quality grammati-
cal error correction training data.

5.3 Comparing filtered Wikipedia data with
Gold Datasets

Table 2 presents our findings when we fine-tuned
mBART with our WikiComments datasets. For
German and Russian our WikiComments datasets
perform worse on their own and degrade the per-
formance of mBART when combined with the
gold data compared to just using the gold datasets.
This can indicate that while there’s a notable im-
provement over WikiEdits, WikiComment data are
not a substitute for expertly annotated datasets on
these languages. On the other hand, when we aug-
mented the German gold data with ours we out-
performed the ChatGPT approach by Fang et al.
(2023) a method which was fine-tuned on signifi-
cantly larger amounts of data compared to ours.

We see similar findings for Korean, where the
WikiComments datasets are not a substitute for
the respective gold training data. One reason for
this is that the model used by Yoon et al. (Yoon
et al., 2023) KoBART was pre-trained only on
Korean data whereas mBART was pretrained on
cc25(Wenzek et al., 2020; Conneau et al., 2020) a
corpus of 25 languages from different languages
families which might have a different impact on
model performance compare to a model exposed
only on a single language.

However, unlike our experiments on German
and Russian, combining the gold training with ours
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Union
Model FT Data F0.5
German
Transformer FM + WMT 0.737
mT5 Large cLang-8 0.701
mBART FM 0.690
mBART (ours) FM + 50K WC 0.668
ChatGPT Various 0.635
MLConv FM + IM WE 0.452
mBART (ours) 50K WC 0.384
MLConv IM WE 0.158
Russian
Transformer RULEC + WMT 0.502
mTS5 Large cLang-8 0.276
mBART RULEC 0.154
mBART (ours) 50K WC 0.117
mBART (ours) RULEC + 50K WC 0.125
Korean
Kor-Union
mBART (ours) KU + 19K WC 0.333
KoBART KU 0.317
mBART (ours) 19K WC 0.089
Kor-Learner
mBART (ours) KL + 19K WC 0.453
KoBART KL + KU 0.410
KoBART KL 0.376
mBART (ours) 19K WC 0.068
Kor-Native
KoBART KN + KU 0.736
KoBART KN 0.705
mBART (ours) KN + 19K WC 0.551
mBART (ours) 19K WC 0.210

Table 2: Comparison of mBART trained on WikiCom-
ments (WC) with approaches with different fine-tuning
data. Results are grouped by evaluation dataset: Falko-
MERLIN, RULEC and Kor-Union, Kor-Learner and
Kor-Native. The best-performing approach is shown in
bold and our results are shown in ifalics.
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Figure 6: Comparison of Korean WikiComments and
WikiEdits mBART runs evaluated on Kor-Native

yields state-of-the-art performance on both Kor-
Union and Kor-Learner. In conclusion, while our
WikiComments datasets are not a substitute for the
current gold datasets, our results on Kor-Union and
Kor-Learner demonstrated that by combining the
gold training and the WikiComments data we can
obtain SOTA results. This is an indication that our
dataset contains different types of grammatical er-
rors than the gold training sentences and combining
them exposes mBART to a larger pool of errors and
allows us to obtain better GEC performance.

To answer RQ3, fine-tuning solely on WikiCom-
ments data does not improve the performance com-
pared to the current gold datasets. However, the
results on the two Korean datasets when augmented
by the WikiComments show that there is utility to
our method. Investigation on the optimal utilisation
of WikiComments datasets is left for future work.



5.4 Complementing low resource gold
datasets with Wikipedia data

Sample Size  Gold Only + WC )
German
10K 0.618 0.602 -0.016
5K 0.576 0.571  -0.005
2.5K 0.496 0.519  +0.023
1K 0.258 0.478  +0.220
Russian
2.5K 0.064 0.031  -0.033
1K 0.010 0.031  +0.021
Korean
Kor-Union
10K 0.243 0.223  -0.020
5K 0.124 0.083  -0.041
2.5K 0.125 0.079  -0.046
1K 0.035 0.162  +0.127

Table 3: Comparison of F0.5 performance of mBART
fine-tuned only on the gold sample and mBART fine-
tuned on the gold sample and WikiComments

Table 3 presents the findings of our investiga-
tion on whether our data can help research on low-
resource languages. We draw samples of decreas-
ing size from the gold datasets and compare the
sample’s performance with an mBART instance
fine-tuned on a combination of the gold sample
and data extracted by WikiComments. Across all
three languages, our dataset augmentations con-
sistently perform better than the 1K samples on
their own. Notably, we observe an improvement
in performance on the 2.5K German sample. An
interesting observation is the massive decline in
performance in all Russian samples compared to
the performance on the entire RULEC dataset, as
reported in Section 5.3, something not observed in
the samples of Kor-Union or Falko-MERLIN.

Table 4 shows the results of our German error
type analysis. These results validate our earlier
findings on German. Specifically, 92% of error
types show improvement for the 1K sample, 64%
for the 2.5K sample, and 48% for the 5K sample.
Notably, seven error types —AUX:FORM, CONJ,
NOUN, OTHER, PNOUN, SCONJ, and SPELL—
consistently exhibit improvements across all three
sample sizes. This shows the benefits of augment-
ing a small gold dataset with our WikiComments
dataset, especially for languages where annotating
gold sentences is resource-intensive. To answer
RQ4, we find that augmenting low-resource gold
data benefits small collections of 1K sentence pairs.

Error Type 1K 2.5K 5K
ADIJ +0.080 -0.018  +0.050
ADJ:FORM +0.184 +0.031 -0.042
ADP +0.068 -0.068  +0.011
ADV +0.042  +0.010 -0.062
ADV:FORM 0 -0.769  -0.049
AUX +0.134 -0.006  -0.007
AUX:FORM +0.134  +0.030 +0.020
CONJ +0.306 +0.256 +0.055
DET +0.236 +0.107 -0.026
DET:FORM +0.096 -0.038  +0.030
MORPH +0.220  +0.088 -0.026
NOUN +0.191  +0.026  +0.096
NOUN:FORM  +0.063 -0.028  -0.066
ORTH +0.042  +0.008 -0.056
OTHER +0.213  +0.041  +0.037
PART +0.198  +0.088 -0.029
PNOUN +0.159  +0.149 +0.230
PRON +0.198  +0.031 -0.053
PRON:FORM  +0.193 -0.037 -0.055
PUNCT -0.006  +0.039  +0.035
SCONJ +0.123  +0.038  +0.002
SPELL +0.251  +0.077 +0.038
VERB +0.097 -0.026  +0.052
VERB:FORM  +0.071 -0.032  -0.075
wO +0.119  +0.004 -0.044

Table 4: Delta of error type F0.5 of Falko-MERLIN test
evaluation on mBART sample vs sample + WC

Further error analysis on German confirms the ef-
fectiveness of our augmentation, resulting in im-
proved performance when evaluated on both the
entire test collection and individual error types.

6 Conclusion

This paper introduces WikiComments, a data ex-
traction method that leverages the revision com-
ment history of Wikipedia to obtain "silver" gram-
matical error correction data. The approach filters
out Wikipedia revisions without comments men-
tioning edits of grammar errors. Our experiments
demonstrate the consistently better performance of
WikiComments compared to the previous WikiEd-
its method across German, Korean, and Russian
datasets of various sizes. While not a substitute
for "gold" annotated data, WikiComments can be
used to augment them, achieving state-of-the-art
results on Kor-Learner and Kor-Union. Addition-
ally, WikiComments proves helpful for augmenting
low-resource training. In summary, WikiComments
provides a reliable and efficient means of produc-
ing GEC data for low-resource tasks by leveraging
publicly available edits.



7 Limitations

This section outlines the limitations of this paper.
First, We only use a single neural model to evaluate
our extraction method, mBART which is a poten-
tial limitation in investigating whether our findings
generalise across neural models with different ar-
chitectures. Another limitation is that we only eval-
uate our method on three languages, two sharing
the same language family. Finally, in our experi-
ments extracting parallel sentences from Wikipedia
dumps takes a considerable amount of time even
though we took sufficient steps to optimise the ex-
traction process.
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A Revision Filter Keywords

A.1 German Keywords

grammatikkorr, grammatik, tippfehler, gram-
matikalisch, grammatikfehler, grammatika,
tippfehlerkorrektur, tippfehlerkorrigieren,
tippfehlerkorrigiert, tippfehlerkorrigierte

A.2 Korean Keywords

AT, SRR, LR [EHEN.
eR2EH,

A.3 Russian Keywords

olreIaTKaM, orneIaTKaMu, orevaTKax,
OTIEYATKOI, OIICYATKAM, OlICYATKAMH,
oneuaTkax, opdorpadus, opdorpadudeckuii,
opdorpacdudeckast, opdorpacduraecknue,
opdorpaduiecknx, opdorpaduyecknx,
[IYHKTYyaIlus, IIYHKTYaIlMOHHBIH,
[IYHKTYaIlnOHHAS, IIYHKTYaIlMOHHBIE,
[IYHKTYaIlMOHHBIX, IIYHKTYaIIMOHHDIX,
rpaMMaTHKa, TIpaMMaTHYeCKUii, oledarka,

OIleYaTKH, OIleYaTOK, OolevaTKe, OlevdaTKON

B WikiComments Filtering Examples

Below are some samples of queries the WikiEd-
its extracted compared to the same sample as
filtered with WikiComments.
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B.1 German
B.1.1 WikiEdits

Alan Smithee ist eigentlich kein Regisseur, son-
dern ein Anagramm von "The Alias Man", was
bedeutet, daB Filme, in denen Alan Smithee
Regie gefiihrt hat, dem eigentlichen Regisseur
so peinlich waren, daf3 er seinen Namen nicht
dafiir aufs Spiel setzen wollte. Alan Smithee
ist eigentlich kein Regisseur, sondern ein Ana-
gramm von "The Alias Men", was bedeutet,
daB Filme, in denen Alan Smithee Regie gefiihrt
hat, dem eigentlichen Regisseur so peinlich
waren, daB er seinen Namen nicht dafiir aufs
Spiel setzen wollte.

Alan Smithee ist eigentlich kein Regisseur,
sondern ein Anagramm von "The Alias Men",
was bedeutet, daBl Filme,
Smithee Regie gefithrt hat, dem eigentlichen
Regisseur so peinlich waren, daf} er seinen Na-
men nicht dafiir aufs Spiel setzen wollte. Alan
Smithee ist eigentlich kein Regisseur, sondern
ein Anagramm von "The Alias Men", was be-
deutet, dass Filme, in denen Alan Smithee
Regie gefiihrt hat, dem eigentlichen Regisseur
so peinlich waren, dass er seinen Namen nicht
dafiir aufs Spiel setzen wollte.

in denen Alan

Wenn ein Film aber nachweislich stark gegen
den Willen des Regisseurs verdndert wurde,
dann darf das Pseudonym Allen Smithee ver-
wendet werden, und nur dieses. Wenn ein
Film aber nachweislich stark gegen den Willen
des Regisseurs verdndert wurde, dann darf das
Pseudonym Allan Smithee verwendet werden,
und nur dieses.

1997 kam die Parodie (dt: Fahr’ zur Holle,
Hollywood) in die Kinos, damit war das Pseu-
doym offensichtlich enttarnt und damit weniger
nitzlich. 1997 kam die Parodie (dt: "Fahr’
zur Holle, Hollywood") in die Kinos, damit war
das Pseudoym offensichtlich enttarnt und damit
weniger niitzlich.

Wenn ein Film aber nachweislich stark gegen
den Willen des Regisseurs verdndert wurde,
dann darf das Pseudonym Alan Smithee ver-
wendet werden, und nur dieses. Wenn ein
Film nachweislich stark gegen den Willen des
Regisseurs verdndert wurde, dann darf das
Pseudonym Alan Smithee verwendet werden,
und nur dieses.
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B.1.2 WikiComments
1997 kam die Parodie (dt: "Fahr’ zur Holle,

Hollywood") in die Kinos, damit war das Pseu-
doym offensichtlich enttarnt und damit weniger
niitzlich; 1997 kam die Parodie (dt: "Fahr’ zur
Holle, Hollywood") in die Kinos, damit war das
Pseudonym offensichtlich enttarnt und damit
weniger niitzlich;

B.2 Korean
B.2.1 WikiEdits
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B.3 Russian

B.3.1 WikiEdits

3 asrycra 1940 Bepxosusiit Coser CCCP
VAOBJETBOPUJ 3Ty «IIPochby». 3 aBrycra 1940
Bepxosusrit Coper CCCP ynosaeTBopus a1y
pocw0y.

Haspanue (Lituae)
yroMmsinyTo B KBeJJIMHOYPICKUX JIETOIUCIX B
1009. Haspanume «JlurBa» (Lituae) Buepsbie
yroMmsinyTo B KBeyInHOYPICKUX JIETOIUCIX B
1009 roxuy.

CBUIETEILCTBOM — CYIIIECTBOBAHUS — TAKUX

«JIuTBay BIIEPBbIE

JOTOCYAAPCTBEHHBIX OObeINHEHU CIUTAETCS
qoroBop 1219 Mexy raJimiko-BOJIBIHCKUME
KHS3bAMUA 21 KHSI3€EM.

" JINTOBCKHNM

CBI/I,ZLeTeJ'IbCTBOM CyIeCTBOBaHM A TAaKUX
JIOTOCYIAPCTBEHHBIX OObEIUHEHUN CINTAETCS
moroBop 1219  roma  mexy

BOJIBIHCKUMH KHA3bAMHU W 21 JIUTOBCKUM

PaJIMIIKO-

KHSI3eM.

Bekope onn nokopusu IIpyccuio u JIusonuro
, & OCTaBIIHECH HEIMOKOPEHHBIMU 3€MJIU
obbenumHmInCh 1o 3aruroil JIuteel. Bekope

oun mokopmwim llpyccmro wm  JluBomwmio,
a  OCTABIIUECS  HEIOKOPEHHBLIMU  3€MJIA
00BEeTMHIINCH O/ 3aIUTON JINTBHL.

Mindaugas, 1236—1263) IIPYHSLIT

KaTojndeckoe KpemeHne B 1251 um  ObLa
KOpoHOBaH 6 wrosgs 1253. Mindaugas,
1236—1263) npuHsI KATOJINIECKOE KPEIeHne
B 1251 roay um 6b11 KOpoHOoBaH 6 miossg 1253
rojia.

B.3.2 WikiComments

asBanue «Jlursa» (Lituae) BuepBbie yromsiHyTo
Ksemmuubyprckux Jeronucax B 1009.
«JlurBa»  (Lituae) BHepBBIE
yroMsgHyTO B KBeIIMHOYPreKuX JIETOIIUCIX B
1009 romy.

CBHIETE/IBCTBOM — CYIIECTBOBAHUS — TAKHUX
JIOTOCYIAPCTBEHHBIX OObEIUHEHUN CIUTACTCS
noropop 1219 mexay rauiko-BOJBIHCKAMA
21 KHS3€EM.

B
Haszsanme

KHA3bAMU JIMTOBCKUM
CBHUIETEILCTBOM  CYIIECTBOBAHUSA
JOTOCYIAPCTBEHHBIX O0bEeIUHEHNN CINTAETCS
noroBop 1219 roma  MeXJy — TaJIUIKO-
BOJIBIHCKUMH KHS3bIMU # 21 JIUTOBCKUM

n
TaKHNX

12

KHA3EM.

Bcexkope onn mokopmtu [Ipyccuto u JImBonuio
, & OCTaBIIHEeCSd HEIMOKOPEHHBIMU 3eMJIN
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C ERRANT Full Analysis

This section shows the full ERRANT output
for all the low resource German experiments in
Section 5.4.

Error Type P R FO0.5
ADJ 0.160 0.087 0.137
ADJ:FORM 0.640 0.201 0.445
ADP 0.154 0.048 0.107
ADV 0.0 0.0 0.0
ADV:FORM 1.0 0.0 0.0
AUX 0.375 0.146 0.285
AUX:FORM  0.526 0.124 0.319
CONJ 023 0.071 0.027
DET 0.041 0.050 0.043
DET:FORM 0.659 0422 0.591
MORPH 0.636  0.083 0.272
NOUN 0.033 0.014 0.026
NOUN:FORM 0.789 0.187 0.480
ORTH 0.453 0.137 0.311
OTHER 0.038 0.065 0.041
PART 0.625 0.091 0.287
PNOUN 0.0 0.0 0.0
PRON 0.014 0.039 0.016
PRON:FORM 0.267 0.156 0.233
PUNCT 0.673 0.402 0.593
SCONJ 0.065 0.036 0.056
SPELL 0.446 0.079 0.231
VERB 0.375 0.054 0.171
VERB:FORM 0.818 0.074 0.273
wO 0472 0.126 0.305

Table 5: ERRANT error type analysis for mBART fine-
tuned only on 1K sample of Falko-MERLIN



Category P R FO0.5 Category P R FO0.5

ADJ 0.2609 0.1304 0.2174 ADJ 0.2727 0.1304 0.2239
ADJ:FORM 0.7699 0.364  0.6295 ADJ:FORM 0.748  0.3849 0.6293
ADP 0.5161 0.048 0.1751 ADP 0.4643 0.1171 0.2915
ADV 0.1111 0.0119 0.0417 ADV 0.0769 0.0119 0.0368
ADV:FORM 1.0 0.0 0.0 ADV:FORM 0.8 0.6667 0.7692
AUX 0.5316 0.227  0.4192 AUX 0.5333  0.2595 0.4404
AUX:FORM 0.5714 0.2469 0.4525 AUX:FORM 0.4722 0.2099 0.3778
CONJ 0.5 0.1429 0.3333 CONJ 0.0667 0.2143 0.0773
DET 0.4493 0.1107 0.2788 DET 0.2126 0.1571 0.1986
DET:FORM 0.8125 0.4259 0.6876 DET:FORM 0.8057 0.6362 0.7649
MORPH 0.7727 0.2012 0.4928 MORPH 0.6364 0.2071 0.4499
NOUN 0.2647 0.1268 0.2174 NOUN 0.2333 0.0986 0.1832
NOUN:FORM 0.7045 0.2831 0.5429 NOUN:FORM 0.7788 0.3699 0.6378
ORTH 0.4 0.2384 0.3522 ORTH 0.4557 0.301 0.4132
OTHER 0.3319 0.1306 0.2537 OTHER 0.2324 0.1478 0.2085
PART 0.8333 0.1818 0.4854 PART 0.5833 0.2545 0.4636
PNOUN 0.1667 0.1333 0.1587 PNOUN 0.0 0.0 0.0
PRON 0.383  0.0779 0.2148 PRON 0.2333  0.0909 0.1777
PRON:FORM  0.8462 0.1429 0.4264 PRON:FORM  0.7273 0.2078 0.4848
PUNCT 0.6489 0.4255 0.5872 PUNCT 0.621  0.5271 0.5996
SCONJ 0.4286 0.0536 0.1786 SCONJ 0.2727 0.0536 0.15
SPELL 0.6442 0.241  0.4827 SPELL 0.6981 0.1775 0.44
VERB 0.4848 0.0958 0.2676 VERB 0.6 0.1437 0.367
VERB:FORM 0.7647 0.1074 0.3439 VERB:FORM 09412 0.1322 0.4233
WO 0.625  0.1852 0.4237 WO 0.5667 0.2519 0.4533

Table 6: ERRANT error type analysis for mBART fine-  Table 7: ERRANT error type analysis for mBART fine-
tuned on 1K sample of Falko-MERLIN plus WikiCom-  tuned only on 2.5K sample of Falko-MERLIN
ments
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Category P R FO0.5 Category P R FO0.5

ADJ 0.24 0.1304 0.2055 ADJ 0.2121 0.1522 0.1966
ADJ:FORM 0.7554 0.4393 0.6604 ADJ:FORM 0.7914 0.6192 0.7497
ADP 0.55 0.0661 0.2231 ADP 0.4918 0.1802 0.3654
ADV 0.1667 0.0119 0.0463 ADV 0.3333  0.0476 0.1515
ADV:FORM 1.0 0.0 0.0 ADV:FORM 0.8571 1.0 0.8824
AUX 0.5281 0.2541 0.4344 AUX 0.5484 0.3676 0.4993
AUX:FORM 0.5 0.2346  0.4077 AUX:FORM 0.5283 0.3457 0.4778
CONJ 0.5 0.1429 0.3333 CONJ 0.3 0.2143 0.2778
DET 0.4795 0.125  0.3059 DET 0.4562 0.2607 0.3967
DET:FORM 0.8132 0.5103 0.7269 DET:FORM 0.7624 0.6914 0.747
MORPH 0.8261 0.2249 0.5382 MORPH 0.7297 0.3195 0.5806
NOUN 0.25 0.1268 0.2093 NOUN 0.2051 0.1127 0.1762
NOUN:FORM 0.7525 0.347 0.61 NOUN:FORM 0.7692 0.5023 0.6953
ORTH 0.4795 0.2828 0.4209 ORTH 0.5312 0.4121 0.5022
OTHER 0.3195 0.1323 0.249 OTHER 0.2962 0.1873 0.2653
PART 0.7778 0.2545 0.5512 PART 0.6286 0.4 0.5641
PNOUN 0.1538 0.1333 0.1493 PNOUN 0.0 0.0 0.0
PRON 0.3393 0.0823 0.2088 PRON 0405  0.2121 0.3427
PRON:FORM 0.7647 0.1688 0.4483 PRON:FORM 0.7556 0.4416 0.6615
PUNCT 0.6943 0.4819 0.6381 PUNCT 0.645  0.5598 0.6259
SCONJ 0.5 0.0536 0.1875 SCONJ 04 0.1071 0.2586
SPELL 0.6591 0.2782 0.5174 SPELL 0.6951 0.2542 0.5161
VERB 0.5641 0.1317 0.3406 VERB 0.507  0.2156 0.3991
VERB:FORM 0.7083 0.1405 0.3917 VERB:FORM  0.88 0.1818 0.4977
WO 0.6078 0.2296 0.4572 WO 0.5795 0.3778 0.5236

Table 8: ERRANT error type analysis for mBART fine-  Table 9: ERRANT error type analysis for mBART fine-
tuned on 2.5K sample of Falko-MERLIN plus Wiki-  tuned only on 5K sample of Falko-MERLIN
Comments
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Category P R FO0.5
ADJ 0.2917 0.1522 0.2465
ADJ:FORM 0.7679 0.5397 0.708
ADP 0.6438 0.1411 0.376
ADV 0.2857 0.0238 0.0893
ADV:FORM 0.8333 0.8333 0.8333
AUX 0.5833 0.3027 0.4921
AUX:FORM 0.5778 0.321  0.4981
CONJ 0.5 0.1429 0.3333
DET 0.5217 0.1714 0.3704
DET:FORM 0.8198 0.6431 0.7771
MORPH 0.7719 0.2604 0.5542
NOUN 0.3095 0.1831 0.272
NOUN:FORM 0.7414 0.3927 0.6296
ORTH 0.5 0.3111 0.4459
OTHER 0.3665 0.177  0.3019
PART 0.6061 0.3636 0.5348
PNOUN 0.2222  0.2667 0.2299
PRON 0.4444 0.1212 0.2899
PRON:FORM 0.875  0.2727 0.6069
PUNCT 0.7107 0.5158 0.6608
SCONJ 0.5 0.0893 0.2604
SPELL 0.6812 0.3177 0.5544
VERB 0.6207 0.2156 0.4511
VERB:FORM 0.7826 0.1488 0.4225
wO 0.5616 0.3037 0.4801

Table 10: ERRANT error type analysis for mBART
finetuned on 5K sample of Falko-MERLIN plus Wiki-
Comments

D Artifact Licenses

Falko is under CC BY 3.0, and MERLIN
by CC BY-SA 4.0. RULEC-GEC needs a
User Agreement form filled as per their code
repo, the dataset is also CC BY-SA 4.0. The
Kor-Learner corpus is only allowed to be
used & distributed for non-commercial pur-
poses. The Kor-Native corpus is also only
allowed to be used for non-commercial pur-
poses. Please check the code repo by Yoon
et al. (2023): https://github.com/soyoung97/
Standard Korean GEC/tree/main for more
details. Wikipedia dump data are un-
der CC BY-SA 3.0 besides some exceptions
detailed here: https://dumps.wikimedia.org/
legal.html. Our usage falls under their intended
use. We release WikiComments under an MIT
License.
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E (M?) Precision & Recall Graphs for
RQ2

This section shows the Precision and Recall
graphs for the corresponding F0.5 graphs in
Section 5.2
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Figure 7: Comparison of German WikiComments and
WikiEdits mBART runs evaluated on Falko-MERLIN
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Figure 8: Comparison of Russian WikiComments and
WikiEdits mBART runs evaluated on RULEC

0.175

0.150

0.125

Precision
o©
a
o
o

0.075

0.050

0.025

0 10 20 30 40
No. of 10K training samples

0.4

o
W

Precision
o
N

0.1

0.0

0 10 20 30 40
No. of 10K training samples

0.14
0.12
0.10

0.08

Precision

0.04

0.02

0.00

0 10 20 30 40
No. of 10K training samples

Figure 9: Comparison of Korean WikiComments and
WikiEdits mBART runs evaluated on Kor-Learner, Kor-
Union and Kor-Native
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Figure 10: Comparison of Korean WikiComments and
WikiEdits mBART runs evaluated on Kor-Learner, Kor-
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