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Abstract. In this study, we propose a fully automatic methodology for data generation, correction rule
vocabulary construction, and Sequence Tagging model training that specifically targets Grammatical Error
Correction. Our approach operates at the SentencePiece subword level, using basic transformations — keep,
append, replace and delete — that are universally applicable across languages, thereby eliminating the need for
grammar-specific operations. By using the Levenshtein algorithm to generate ground truth corrections and
editorial prescriptions, we obtained a completely invariant and language-independent dataset generation
process. We applied our method to the Sequence Tagging model GECToR and achieved comparable quality
results for English with Fo.5s scores of 62.4 on the CONLL-2014 (test set) and 61.9 on the BEA-2019 (test set),
without manual rule design or manual annotation of error spans/types. The results indicate that subword-level
universal edits can provide a practical alternative to grammar-specific operations, while requiring only parallel
correction data.
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' HIY Mocxkosckuii pusuxo-mexuuyeckusi uHcmuntym,
Poccus, 141701, Mockosckas obracmes, 2. [loneconpyousiil, Mncmumymcexuii nep., 9.

2 Unucmumym npobrem ynpasnenusi um. B. A. Tpanesnuxoea Poccuiickoii akademuu Hayx,
Poccus, 117997, Mocksa, ya. IIpoghcorosnas, 65.

AHHOTanus. B jaHHOM mHCCleOBaHMH MBI MHpEIIaraéM IOJHOCTBIO ABTOMATHUYECKYIO METOJOJIOTHIO
reHepaliy JaHHBIX, IIOCTPOGHUS CJIOBAaps IPaBHI HCHOPABICHHS U OOYYeHHs MOJENU pa3MeTKU
HOCIIEIOBATENBHOCTEH, CIIENUAIbHO OPHEHTHPOBAHHYIO HAa HCIPABICHHE I'paMMaTHYeCKHX ommobok. Hamr
noaxoj paboraer Ha ypoBHe mojcioB SentencePiece, ucnonb3yst 6a3oBbie NpeoOpa3oBaHus — COXPAHEHHE,
n06aBiIeHNe, 3aMeHy H yIalIeHUe, KOTOPbIC YHUBEPCAIBHO IPUMEHUMBI BO BCEX S3bIKAX, TEM CAMBIM YCTPAHSIS
HEOoOXOIUMOCTh B IpaMMaTHYECKU-CIeNUGHIHBIX onepanusx. Mcmomb3ys anroputM JleBeHmTeina Juist
TeHEepallid HCTHHHBIX HCIPaBICHHH M PEJAKIHOHHBIX MPENNHCAHHWH, MBI IOTYyYHIH IIOJTHOCTBIO
HEKOHTPOJIUPYEMBIH H HE3aBHCHMBIH OT A3bIKa MPOIIECC T€HEePaIn HAOOPOB JaHHBIX. MBI IPUMEHHIN HAIT
METO/1 K MoJiesiu pa3meTku nocnenoBarensHocTeid GECTOR u gocTuriy conoctaBUMbIX pe3ysibTaToOB KauecTBa
JUISL aHTJIMHACKOTO s3bIKa ¢ oueHKaMH Fys5 62,4 Ha CoNLL-2014 (tecroBsli HaGop) u 61,9 ma BEA-2019
(TecToBEIif HAOOP), 6€3 PyIHOro KOHCTPYUPOBAHNUS IIPABUI H AHHOTAIIMH THIIOB OMIMOOK. DTO MOKA3bIBAET, UTO
YHHBepCaIbHbIE IPABUJIa HA YPOBHE IIOJICIIOB MOTYT CTaTh albT€PHATHBON IPaMMATHYECKHUM ONEPAIHsAM, IpU
3TOM TpeOyst TOJILKO NapalieIbHbIE TEKCThI — ¢ OIIHMOKaMK U 6€3 OIIHOOK.

KitoueBble €lI0Ba: HCIpaBICHHE IPAMMAaTHYECKHX OMIMOOK; 00OpabOTKa ECTECTBEHHOrO  SI3BIKa;
TpaHc(hOPMEpPbI; MAIIMHHOE 00YUCHHUE.

Jnst uutupoBanus: Xabyrnunos U.A., I'pabosoii A.B., Uexosuu 10.B., Kunbsiko A.C., IBaxuenko A.A.
HcnpaBnenre rpaMMaTHIECKHX OIIMOOK HA ypoOBHE IIOACIOB: yHHBepcanbHbll moaxon. Tpynsr CIT PAH,
toMm 38, Bbin. 3, yacte 1, 2026 r., crp. 187-196 (na anrmmiickom sizbike). DOIL: 10.15514/ISPRAS-2026—
38(3)-11.

Baarogapuoctu. VcciienoBanus npoBeieHbl B paMKax corianieHus ¢ MunoOpaayku Poccun ot 29.10.2025
Ne075-03-2025-662/13, Tema mnpoekra: «lIpukiagHble WCCIEIOBAaHUS MO BHEAPEHUIO TEXHOJIOTHit
UCKYCCTBEHHOI'O MHTEIUIEKTA B BBICIIEM 00pa30BaHUM».

1. Introduction

Grammatical Error Correction (GEC) is an essential task [1-4] as it ensures clarity, precision, and
credibility in written communication. Grammatical mistakes can lead to misunderstandings and
weaken the overall message impact. Therefore, correcting grammatical errors is crucial for effective
communication and ensuring that the intended message is received accurately. Consequently, GEC
plays a vital role in applications such as: checking essays [5], correcting chat messages [6], and
correcting texts written by foreign students [7]. The majority of the GEC study was conducted in
English [8], a field that has already shown positive outcomes. This issue is understudied in many
other languages. The main reason for this is the lack of annotated data.

At the moment, the two most studied approaches are Sequence Tagging [9-11] and Machine
Translation [12-13]. The Sequence Tagging (ST) GECToR [9] model shows a high quality of work
for the English language [14]. ST models are efficient because they do not require a lot of training
data and are easy to interpret. However, ST models suffer from other problems — the need for
annotated data and the creation of a rule vocabulary to perform corrections.
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In this study, we propose a fully automatic methodology for data generation, construction of a
correction rule vocabulary and training of ST models. Our approach is based on moving to the
SentencePiece [15] subword level in GEC. We used only “basic transformations” common to all
languages — keep, append, replace and delete. Thus, we got rid of grammatical dependencies
completely. For our experiments, we applied our approach to the ST model GECToR [9], which
shows high results for English. We have shown that such a method produces results of comparable
quality while being completely automatic. Also, this approach can be adapted to any language, as it
does not require any knowledge of grammatical rules or manual annotations.

2. Subword-level motivation

Tokenization plays a critical role in the computational pipeline [16, 17], primarily due to its ability
to reduce vocabulary size and improve model performance. Various tokenization schemes were
employed depending on the model. For instance, Byte Pair Encoding (BPE) was utilized for
RoBERTa [18], WordPiece for BERT [19], and SentencePiece for XLNet [20]. In this study,
“subword” refers to a unit obtained in the process of character sequence partitioning by a tokenizer
of the corresponding transformer-based model.

In the context of the ST models, the correction rule vocabulary has been built on the word level.
This means that in the training/inference phase, several subwords within a word are matched by a
single correction rule from the vocabulary.

In [9] there were “basic transformations” and “g-transformations”. Basic transformations perform
the whole-word editing operations — delete, keep, replace and append. G-transformations perform
task-specific operations — change verb form, merge/split words, change noun number, case words.
Thus, to develop “g-transformations” for an arbitrary language we need to know the grammatical
rules. It also requires annotated data and additional functionality to map the assessor labels to the
correction rule vocabulary.

At the subword level, we are not required to develop task-specific operations, since each word can
be corrected in a finite number of “basic transformations” without changing the word completely.
It's a crucial point, since the task becomes completely automatic:

1) the requirement for annotated data is obviated by the ability to automatically generate markup
at the subword level utilizing the backtracking in the Levenshtein algorithm [21] employing
only “basic transformations”, as it supports all four operations — delete, keep, replace,
append. All that is needed is parallel data — sentences with errors and sentences without
errors;

2) the development of a model vocabulary is rendered unnecessary since all correction rules can
be automatically derived from “basic transformations” at the subword level.

3. Problem statement

Let us denote the set of source sequences X = {s;|s; = [xq, X3, ... 'x"i]}Nizo , where each

source sequence S;, partitioned with a tokenizer, is represented as a sequence of subwords of length
n;, N is the total number of sentences.
Let the set of target sequences with a tokenization of length m; be similarly given Y = {¢;|t; =

1, Y2, s Y 3N g

Let a correction rule vocabulary W with the rules append, keep, replace and delete be given. We
need to find the set of all possible sequences of corrective transformations with minimum number
of insertion, deletion, replacement operations F = {w; jlwij o si— e ;= Where sequence of
correction rules from the vocabulary W, where w; = {W™{, W™;, ..., w*p, }jeqo,...0;)» Where 0; —
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number of correction rule sequences of the minimum length to transform s;into t;. The ° operation
denotes the element-by-element application of correction rules to subwords.

4. Algorithm description

In this section, we describe the synthetic annotated data generation process. The source sequence
Sk = [*%1, %2, -, X, ] is a tokenized k-th sentence with errors, the target sequence is a tokenized
k-th sentence t;, = [y1, Y2, -, ymk] without errors, where 1 and m, are the lengths of the source
and target sequences respectively.

In our formulation, the problem can be reduced to the problem of retrieving an editorial prescription.
We use the Levenshtein [21] distance, which is defined as the minimum number of append, delete
and replace operations required to convert one sequence to another.

_Hi |_mai |_name| _is _Andrew | . | - "\, keep
. replace
Hi .
— j“O\ l 2 2 4 2| 6 <— delete
HLINEE 3 4 |s|le| 4 .
N insert
my | 2 [May| 2 3 4 |s|6
name \2 4
= 3 3 w 3 5|16
; N
s | 4| 4| 3 2 3 |4]s
N
Andr
_Andrew | 5 5 4 3 2, |3]4
6 | 6 5 4 3 Y243

Fig. 1. The Levenshtein matrix and editorial prescriptions between source and target sequences.
We can observe that there may be more than one prescription.

The Levenshtein distance between the source sequence and the target can be efficiently computed
using a two-dimensional matrix, which is filled using a dynamic programming algorithm. Let D;;
be an edit distance between prefixes sx[0.. {] and £y [0.. /] of lengths i and j, where Dy; = j and
D;g = i. The other values are determined by a recurring relationship:

Dij = Di_q,j-1if skli] = tx[j] and 1 + min(D;_4,j, D; j_1, Di—1,j—1) otherwise.

For example, Fig. 1 shows the Levenshtein distance matrix for the tokenized source sentence “Hi
mai name is Andrew..” and the tokenized target sequence “Hi, my name is Andrew.”. The edit
distance between the source and target sequences is in the bottom-right corner of the matrix and is
equal to 3.

An edit prescription is a sequence of rules (keep, replace, append, delete) that describes how to
transform a source sequence into a target sequence using a minimum number of edit operations. In
order to find ground truth corrections, we need to find an editorial prescription. As shown in Fig. 1,
an editorial prescription can be obtained by backtracking on the calculated distance table. Starting
at the bottom-right corner of the table, build paths to all adjacent cells corresponding to smaller
subtasks and smaller editing distances. Moving up — inserting a subword into the source sequence
(append), moving left — deleting a subword (delete), moving diagonally — replacing a subword
(replace) or keeping unchanged (keep) in case of a match of subwords.
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The number of editorial prescriptions is equal to the number of paths in the graph of subtasks that
have a minimum cost. As we can observe for our example, there are two editorial prescriptions —
{delete . ; append _my ; replace_mai with ,} and {delete . ; append, ; replace _mai with _my}.
Thus we need to find the most optimal one. For brevity, the keep rules have been omitted.
We denote by EP;, = {eq, €5, ..., eok} the set of editorial prescriptions for a pair of sequences (S,
ty), where 0;, — the number of editorial prescriptions for the k-th pair.
In order to find the most optimal editorial prescription for the k-th pair, we take source and target
subwords similarity into account when applying the replace subword rule. Let R; € ¢;,1 €
{1,2,..., 04} Dbe the set of all replace rules with cardinality p; for an arbitrary editorial prescription
er_

R, = {replace_t,; t,}" _,
where source subword ty; € Sy, target subword t5; € ty.
Let us introduce subword similarity:

DL

g = Z LevenshteinDist(ty;, tz;),

i=0

where LevenshteinDist is the function calculating Levenshtein distance between t; and t,; at the

level of symbols within subwords. The editorial prescription e*;: I =arg min{oy, 03, ..., 0, } is
the most optimal. These are gold corrections for the pair (S, ty).

5. Experiments

In this section, we describe the pipeline and the problems we tackled while building it. In order to
evaluate the quality of our approach we use the Sequence Tagging architecture GECToR which
shows high performance in the GEC problem. For a valid comparison, we utilized the same data and
repeated the training process with the same parameters.

5.1 Data description

Table 1 describes the data statistics that were used in [9] and in our research. As we can see from
the table, five datasets were employed — PIE-synthetic [22], Lang-8 [23, 12], NUCLE [24], FCE
[25] and W\&I+LOCNESS [26].

5.1.1 Algorithm constraint

Our backtracking procedure enumerates all minimum-cost edit paths to construct the set of editorial
prescriptions, which may lead to a combinatorial blow-up for long sequences with many differences.
In such cases, we cannot reliably recover gold alignments within resource limits, and those sentence
pairs are excluded from training. Concretely, compared to the data statistics reported in [9], we were
able to use 887,338 non-synthetic sentence pairs out of 1,073,096 (= 82.7%). The excluded pairs are
primarily those with ambiguous or excessively large numbers of optimal paths during backtracking.

5.1.2 Training data

As shown in Table 1, for the first stage of training, as in [9], we used 9IM sentences from PIE-
synthetic. However, due to limitations, only 6.7M sentences match the [9]. Towards the objective
of obtaining a total of 9M we employed the other PIE-synthetic sentences.
Regarding the non-synthetic data, we can observe from Table 1 that we used only 78% of the total.
The non-synthetic data were employed for fine-tuning in training stage II and III.
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Table 1. Training datasets at each stage with the corresponding number of sentences in [9] (word-level) and
in our research (subword-level).

#sents o
Dataset Trse;m:g
Subword-level Word-level &
PIE-synthetic 9,000,000 9,000,000 I
Lang-8 787,613 947,344 II
NUCLE 51,929 56,958 1T
FCE 25,968 34,490 II
W&I+LOCN
ESS 21,828 34,304 11, 11T

5.1.3 Evaluation data

To compare the quality of the model's performance, we used the same test data — CONLL-2014 [8]
and BEA-2019 [27] test sets. For the evaluation, we utilized scorers — M? [21] and ERRANT [27],
corresponding to the tasks.

5.2 Model training

The GECToR architecture consists of a transformer-based encoder and two linear classifiers. The
first classifier predicts the presence of an error in a subword — error detector. The second classifier
predicts a specific rule from the vocabulary to be applied to correct the error or to leave it unchanged
if the most likely rule is keep — error tagger.

If the maximum probability among error detector predictions within a single sentence is less than a
certain threshold, then that sentence is not subject to correction. Otherwise, error tagger predictions
are used for correction. In [9], the threshold is equal to 0.66, in our work we empirically found the
best value to be 0.05.

5.2.1 Word-level correction

In [9], the correction rule vocabulary has been compiled at the word-level. This means that in the
training/inference phase, several subwords within a word are matched by a single correction rule
from the vocabulary.

In [9] there were “basic transformations” and “g-transformations”. Basic transformations perform
the whole word edit operations — delete, keep, replace, append. G-transformations perform task-
specific operations — change verb form, merge/split words, change noun number, case words. Thus,
to develop “g-transformations” for an arbitrary language we need to know the grammatical rules. It
also requires to have annotated data and additional functionality to map the assessor labels to the
correction rule vocabulary. The vocabulary consists of 5000 rules, of which 4971 are “basic
transformations” and 29 are “g-transformations”.

5.2.2 Subword-level correction

In our approach, “g-transformations” are completely absent, thus we are spared from manually
composing correction rules. This is a crucial moment, as generalising the grammar of a language
using manual rules is a non-trivial task for the languages with rich morphology.
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We obtained our vocabulary at the subword-level from the training data using only basic
transformations — delete, keep, replace and append. So, this process is completely automatic, all that
is needed is parallel data. The size of the resulting vocabulary is 25714 rules.

The induced rule vocabulary at the subword level is larger than in the word-level setting (25,714 vs.
5,000 in [9]). While every rule is observed in parallel data and therefore corresponds to a valid
SentencePiece token sequence, some subword-level replacements may look linguistically
unintuitive when viewed in isolation. In practice, plausibility is enforced by the model’s context-
dependent predictions and by decoding constraints of the tokenizer.

5.2.3 Training parameters

We used XLNet as the encoder since it showed the best results in [9]. We provided the training
process with the same parameters except for the batch size. Table 2 shows the set parameters for the
experiments.

The authors of [9] set batch size=256 for the I stage and batch size=128 for II, III stages. We used
sizes 32 and 16 respectively. Table 2 shows the best epochs for each training stage of the XLNet
model at the subword and word levels.

Table 2. The best epochs at each training stage of the XLNet model [9] (word-level) and in our research
(subword-level) with appropriate batch sizes.

Training Word-level Subword-level
e Epoch Batch size Epoch Batch size
I 20 256 20 -
11 9 128 7 P
111 4 128 1 16
5.3 Results

Table 3 shows the results obtained on benchmarks CoNLL-2014 (test) and BEA-2019 (test) with
the related utilities — M?-scorer and ERRANT. On CoNLL-2014 benchmark, our subword-level
model shows competitive Fos = 62.5 compared to Fos = 65.3 for word-level in [9]. Even our
subword-level model slightly outperforms in terms of recall metric R = 40.4 compared to R = 40.1
or word-level. On BEA-2019 our model could not come close to the results of the original model,
but still shows a strong Fos = 61.9. As we can see the model has a relatively low recall. This can be
explained by the fact that we did not use all synthetic data. However, we have been able to show
that it is possible to achieve competitive results with a completely automatic approach. It is important
to note that this approach is language-independent and can be adapted to any language with a
subword vocabulary.

6. Conclusion

In this study, we have demonstrated a completely automatic approach for training Sequence Tagging
models, generating data and constructing a correction rule vocabulary.

We have shown that in this approach we do not need to develop grammar-specific operations. The
basic transformations — delete, keep, replace and append — are sufficient for error correction, since
any word-level error can be represented as subword-level basic transformations. We presented a
way to generate ground truth corrections using the Levenshtein algorithm and retrieving the editorial
prescriptions.
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Table 3. Comparison of subword-level models with word-level models. The M? score for CONLL-2014 (test)
and ERRANT for the BEA-2019 (test) are reported.

CoNLL-2014 (test) BEA-2019 (test)
Model

P R Fos P R Fos

GECToR (subword-level + XLNet) 72.3 40.4 62.4 70.5 41.6 61.9

GECToR (word-level + BERT) 72.1 42.0 63.0 71.5 55.7 67.6

GECToR (word-level + RoBERTa) 73.9 41.5 64.0 712 55.1 71.5

GECToR (word-level + XLNet) 77.5 40.1 65.3 79.2 53.9 72.4

We have shown how we can take into account the subword similarity to obtain optimal ground truth
corrections. Thus, the dataset generation is completely automatic. This is especially important for
low-resource and morphologically complex languages.

We applied our approach to the Sequence Tagging model GECToR and demonstrated that our
approach shows comparable quality results for the English language while being completely
automatic — Fo 5 of 62.4 on CoNLL-2014 (test) and Fos5 of 61.9 on BEA-2019 (test).

In future works, we want to conduct experiments on adapting this approach for other languages. We
also want to see if the quality of the models depends on the used transformer-based encoders with
corresponding tokenizers.
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