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Abstract

Russian grammar correction models can im-
prove on aggregate benchmarks while getting
worse at specific grammar rules. We show
this through per-rule evaluation on a diagnos-
tic benchmark of 48 prescriptive rules: fine-
tuning on synthetic data improves overall Fy 5
while driving subordinate-clause comma accu-
racy from 14% to 1%. The suppression is invisi-
ble under corpus-level metrics and undetectable
with existing coarse, corpus-specific tagsets;
it is recoverable only when diagnosed at rule
granularity. To enable this analysis, we de-
velop a 98-category error taxonomy grounded
in Rozental’s reference grammar and SyntErr,
an open-source synthetic data generator whose
per-rule distribution is an explicit parameter,
designed to support arbitrary rule sets and lan-
guages. Finetuning eight open models (0.8B—
12B) on 39K synthetic examples yields up to
75.3 Fy 5, approaching frontier API models
with models small enough to run on device.
We release the taxonomy, generator, per-rule
evaluation data, and all training artifacts.

1 Introduction

Russian grammatical error correction remains a
small field with limited resources: the largest an-
notated corpus contains fewer than 15K sentences,
and each of the handful of existing benchmarks
defines its own error categories and tagset. These
tagsets serve different purposes: RLC (Kosakin
et al., 2024) classifies errors by their likely cause
in the writer (e.g., case-government errors after a
verb or preposition; transfer from the writer’s first
language, L.1), which is useful for second-language
(L2) pedagogy; RULEC-GEC and GERA use POS-
based categories suited to automatic annotation.
But neither approach identifies which prescriptive
rule was violated.

Recent work has shown that generative LLMs
are increasingly competitive with sequence label-
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ing models for GEC, but they are still evaluated
with the same aggregate metrics. This is problem-
atic because the failure modes differ. Sequence-
labeling models make one wrong prediction at a
time, on individual tokens, which is easy to inspect.
Generative models can systematically fail to apply
a rule that was underrepresented in their training
data, a failure that no aggregate score will reveal.
Diagnosing the latter requires mapping errors to
specific grammar rules.

We cross-reference three Russian GEC corpora
against Rozental’s reference grammar (Rozental’,
1997), the most widely used prescriptive handbook
for Russian writing norms’, covering orthography,
punctuation, and morphology/stylistics across 213
paragraphs. Coverage is sparse: the best corpus
covers 65% of paragraphs, and 47 paragraphs have
no attestation in any corpus.

A deeper problem is the data itself. RULEC-
GEC and RU-Lang8, both L2 corpora, remain the
primary training resources for Russian GEC, so
current systems are optimized for learner errors.
But L1 and L2 error distributions barely overlap
outside of spelling: L2 corpora contain virtually no
prescriptive rule violations, and some L2 errors su-
perficially resemble L1 errors without sharing the
same underlying cause. It has been shown (Sorokin
and Nasyrova, 2025) that training on L2 data ac-
tively degrades performance on L1 rule-specific
correction.

Our central argument is that GEC for morpho-
logically rich languages suffers from three entan-
gled problems that current approaches fail to de-
compose: (1) the sequence labeling formulation
conflates rule identity, corpus frequency, and the
specific replacement word into a single classifica-
tion decision; (2) training on L2 corpora actively

"For orthography and punctuation alone, the RAS-
endorsed handbook by Lopatin et al. has greater institutional
authority, but does not cover morphological norms, govern-
ment, or stylistics, which are all essential for GEC.
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suppresses L1 prescriptive rules because the two
error populations are largely disjoint; (3) aggregate
evaluation hides rule-level damage, making both
problems invisible. We address all three through
rule-grounded synthetic data (SyntErr), per-rule
evaluation anchored in Rozental’s reference gram-
mar, and per-rule diagnostics that reveal training-
data-induced suppression.
Our contributions are:

* Taxonomy and cross-reference. A three-
level error taxonomy (8 categories / 29 sub-
categories / 98 fine-grained tags) grounded
in Rozental’s 213 paragraphs. We cross-
reference three corpora (GERA, RULEC-
GEC, LORuGEC) against this taxonomy and
provide an empirical classification of 4,682
of GERA’s 5,988 errors into our categories
via LLM-assisted classification (Claude Son-
net 4.6), revealing per-corpus coverage gaps

(83).

* SyntErr. An open-source rule-based error
generator that ties each synthetic error to a spe-
cific Rozental paragraph, with configurable
per-rule error rates. The current release cov-
ers the 48 rules tested by LORuGEC (Sorokin
and Nasyrova, 2025), a subset of our 98 cate-
gories that future work can extend.

* Experimental evidence. Fine-tuning eight
open models (0.8B-12B) from three fam-
ilies on 39K SyntErr examples plus 348
LORuGEC examples reaches 75.3 Fy 5, ap-
proaching frontier APIs with on-device-sized
models (§5).

2 Related Work

We review existing Russian GEC corpora (§2.1),
synthetic data generation methods (§2.2), and posi-
tion our approach relative to both.

2.1 Corpora

Table 1 summarizes the publicly available Russian
GEC corpora. Tag-set granularity varies by more
than an order of magnitude, from 4 coarse edit la-
bels in RU-Lang8 to 57 cause-oriented tags in RLC-
GEC. Most are L2 (learner) corpora; only GERA,
LORuGEC, and CoRST contain L1 errors, and
LORuUGEC is the only one annotated at the level
of individual grammar rules. Two of the larger re-
sources (RLC, CoRST) are accessible only through

a query interface rather than as bulk downloads. No
corpus is annotated against a reference grammar.

RULEC-GEC (Rozovskaya and Roth, 2019), the
main Russian GEC benchmark, contains 12.5K
L2/heritage sentences annotated with 23 mor-
phosyntactic tags. RU-Lang8 adds L2 author di-
versity but uses only four coarse edit labels. RLC-
GEC (Kosakin et al., 2024) is a fully annotated sub-
set of the Russian Learner Corpus with 57 cause-
oriented tags. LORuGEC (Sorokin and Nasyrova,
2025) is the first Russian corpus annotated at the
level of individual grammar rules (48 rules, 960
sentences).

Beyond error-annotated corpora,
RuBLiMP (Taktasheva et al., 2024) provides
45K minimal pairs isolating 45 grammatical
phenomena, showing that even large LMs
fail on negation, reflexivity, tense, and aspect.
RuCoLA (Mikhailov et al., 2022) offers 9.8K
sentences for binary acceptability judgments. We
use both as supplementary evaluation (§5).

2.2 Synthetic Data and Rule-Based
Evaluation

Tagged corruption models (Stahlberg and Kumar,
2021, 2024) train a neural network to introduce er-
rors guided by error type labels, but for Russian the
only available labels come from SK RULEC-GEC
sentences with a coarse 20-tag set, so the generator
reproduces L2 patterns and cannot generate L1 rule
violations absent from its training data. Rule-based
generation sidesteps this: GECTurk (Kara et al.,
2023) (Turkish), Ma et al. (2022) (native Chinese
GEC, closest to ours in motivation), Palma Gomez
et al. (2023) (Ukrainian), and Néplava and Straka
(2019); Néplava et al. (2022) (Czech) all define
language-specific heuristics. Two recent studies
anchor evaluation in reference grammars: Li et al.
(2026) probe LLMs against 673 points from a Lux-
embourgish grammar book, finding that translation
quality does not predict grammatical competence;
Banno et al. (2026) use the English Grammar Pro-
file to detect constructs in L2 writing. Sorokin
and Nasyrova (2025) improve Russian GEC via
retrieval-augmented prompting (41.0 — 56.1 Fy 5
on LORuGEC).

Across these resources and methods, three gaps
recur. No Russian GEC corpus annotates errors
against a reference grammar, so coverage of pre-
scriptive rules is unknown. No Russian generator
offers explicit per-rule control over the error distri-
bution it produces; existing generators inherit their
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Table 1: GEC corpora with natural Russian-language data

Corpus Year Size (annotated / full) Source Tag set size Format
RLC-GEC 2024 31,519 L2 57 CSv

RLC 2013  ~90,000 /193,189 L2/HL 46+ Query interface
RULEC-GEC 2019 12,480 L2/HL 23 M2

GERA 2024 6,681 L1, schoolchildren 31 M2

LORuGEC 2025 960 L1 grammar resources 48 M2

CoRST 2013  ~20,000/~175,000 L1, students 39 Query interface
RU-Lang8 2021 4,412/51,575 L2 4 M2

distribution from the L2 corpora they were trained
on. And evaluation reports single aggregate metrics
that cannot separate gains in frequent rules from
losses in rare ones. The rest of the paper takes up
these three gaps in turn.

3 Analysis

3.1 Taxonomy

We anchor our error taxonomy in Rozental’s
CHpaBO‘IHI/IK II0 IIPpaBOIIMCAHUIO WU CTUJIMCTU-
ke (Rozental’, 1997) (Handbook on Spelling and
Style), the most widely used prescriptive hand-
book for Russian. It comprises three parts (or-
thography §§ 1-74, punctuation §§ 75-138, mor-
phology/stylistics §§ 139-213) and consists of 213
paragraphs. We define a three-level taxonomy: 8
coarse categories (e.g., SPELL, PUNCT), 29 sub-
categories, and 98 fine-grained tags. Each fine-
grained tag maps to one or more Rozental para-
graphs and carries an applicability rating (full, par-
tial, or L1-only). Parts I-II describe hard rules
violated by both L1 and L2 writers. Part III is
different: it covers morphological variants (e.g.,
§ 198: B oTmycke vs. the colloquial B ormycky),
verbal government, agreement subtleties, and stylis-
tic norms — prescriptive preferences that L2 learn-
ers rarely encounter. Of our 98 fine-grained tags,
55 are fully applicable to L2 writers, 28 partially,
and 15 are L1-only. This makes the same taxon-
omy usable for evaluating both native-speaker and
learner GEC systems.

3.2 Coverage Analysis

Existing corpora follow a corpus-driven error-set
approach: tags are derived from errors already
present in the data. The resulting tagsets are coarse.
GERA’s single PUNCT tag spans 16 distinct punc-
tuation rules in our taxonomy; S:ORTH covers 24
spelling subcategories (Table 3). A model that
corrects only doubled consonants but fails on root

vowel alternations is indistinguishable under these
tags. Prescriptive rules, by contrast, are explicit,
reproducible, and citable: when a model fails on
Rozental § 87 (comma in compound sentences),
the failure traces to a specific norm. A full cross-
reference (supplementary materials) confirms the
scale of the mismatch: 77 of our 98 fine-grained
tags fall under just 20 RULEC tags, and 95 fall
under just 27 GERA tags.

To assess coverage at the level of individual rules,
we built a per-paragraph evidence table? for three
corpora: two L1 (GERA, LORuGEC) and one
L2 (RULEC). The pipeline uses the Claude Son-
net 4.6 API: for each Rozental paragraph it searches
the corpus for candidate error examples, classifies
them to the specific sub-rule, and records the result.
For GERA (5,988 errors) we additionally classi-
fied each error into our fine-grained tags, grouping
errors by their original GERA tag so each classifi-
cation request covered one tag at a time (Table 3).
4,682 errors received a fine-grained tag; the remain-
ing 1,306 fell outside the 48 currently-implemented
rules or the LLM declined to classify them. All
assignments were reviewed by a single annotator (a
native Russian speaker); approximately 12% of the
model’s initial assignments were corrected during
review.

Table 2 shows that coverage is incomplete even
at the paragraph level. Within each paragraph the
situation is worse. A single Rozental paragraph
may contain up to twenty sub-rules (the general
rule, its exceptions, and special cases), but corpora
typically attest only one of them, and sometimes
only an exception rather than the general rule it
modifies. The mapping is not clean in either di-
rection: one correction can correspond to several
rules, and one sentence can contain several distinct
errors. RULEC has no punctuation coverage at all,

“Supplementary materials:
github.io/papers/bea-2026/.

https://synterr-nlp.
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GERA RULEC LOR Any
L. Orth. (74 §%) 59 54 24 66
IL. Punct. (64 §§) 41 0 1 4
TIL. Morph. (75 §§) 39 41 7 58
Total (213) 139 95 42 166

Table 2: Evidence coverage: Rozental paragraphs with
at least one verified error example per corpus. RULEC
has zero punctuation coverage. 47 paragraphs are unat-
tested in any corpus. Condensed by Rozental chapter;
the full per-paragraph table (213 rows) is in the supple-
mentary materials.

GERA tag N Nug  Top categories

PUNCT 2542 16  subordinate cl. (668),
parenthetical (263),
isolation (239)

S:ORTH 975 24 checked root (145),
unchecked root (124),

conjunction sp. (101)
double gov. (110),
prep. case (63)

G:NOUN:CASE 303 10

S:LETTER:CASE 244 4 proper nouns (117),
titles (63)

L:OTHER 233 3 paronyms (212)

L:REP 286 2 pleonasms (249)

Table 3: GERA error reclassification. Each GERA tag
maps to multiple fine-grained categories in our 98-tag
Rozental-grounded taxonomy. Automated classifica-
tion by Claude Sonnet 4.6 with errors grouped by their
original GERA tag so each request covered one tag
at a time; results manually verified. Niags: number
of distinct fine-grained tags per GERA tag. GERA’s
single PUNCT tag spans 16 distinct punctuation rules;
S:ORTH spans 24 spelling subcategories. Full distribu-
tion available at https://synterr-nlp.github.io/
papers/bea-2026/.

and across all three corpora 47 paragraphs (about a
fifth of Rozental) have no attestation.

The gaps are not random. Learner corpora
(RULEC, RU-Lang8) systematically miss the L1-
only rules, which is why training on L2 data
has been shown to degrade L1 correction per-
formance (Sorokin and Nasyrova, 2025). These
gaps propagate directly into training data: a model
trained on a corpus that lacks punctuation exam-
ples will not learn punctuation rules, regardless
of architecture. With the shift toward LLM-based
GEC this bottleneck becomes addressable. LLMs
already command Russian grammar from pretrain-
ing; what they need is a rule-level training signal,
not token rewrites, to improve on specific prescrip-
tive norms.

3.3 Why Generative Models?

The sequence labeling formulation of GEC (classi-
fying each token as KEEP, DELETE, REPLACE, or
APPEND (Omelianchuk et al., 2020)) has been the
dominant paradigm for six years: it guarantees min-
imal edits by construction, producing corrections
that preserve the author’s text rather than rewriting
it. For English, where most corrections are single-
token edits on a language with minimal inflection,
the label vocabulary stays manageable.

For morphologically rich languages like Rus-
sian, the formulation entangles three things: the
linguistic rule being violated, the frequency of that
violation in the training corpus, and the specific re-
placement word. For example, the same case error
gets a different label when it appears on knura than
on cron: GECToR-style labels are concrete output
forms (e.g., SREPLACE_kwuury), not abstract oper-
ations like “put in the genitive,” so each word X
case combination demands its own label. GECToR-
style models pick each token’s correction from a
fixed vocabulary of 5-20K discrete labels. This
vocabulary grows combinatorially with case, num-
ber, gender, and animacy, and cannot generalize to
rule—word combinations absent from training.

This class imbalance is severe: in both RULEC-
GEC and GERA, 94% of source tokens are already
correct and receive the KEEP label during train-
ing. A rule that appears in a handful of training
examples can’t compete with this signal: the model
defaults to copying rather than correcting. This ex-
plains the finding of Sorokin and Nasyrova (2025)
that fine-tuning on general GEC data is detrimental
for rule-specific errors.

Generative models sacrifice the structural guar-
antee of minimal edits. In exchange, no single
decision has to do all three jobs at once. The rule
itself comes from pretraining. Which rules to train
on comes from SyntErr, not from how often they
appear in natural data. The editing behavior (be
precise, be minimal, do not rewrite) comes from the
prompt and training format, which makes it a soft
constraint rather than an architectural one. With-
out careful prompt and data design, this softness
leads to paraphrase; our overcorrection analysis
(§6) quantifies this failure mode and how to mit-
igate it. In exchange, because the output is free
text, any rule that SyntErr can generate becomes a
training example with no change to the model.
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4 SyntErr

We present SyntErr: an open-source error genera-
tion tool for GEC. SyntErr accepts any error taxon-
omy and any target distribution, extensible to new
languages and rule sets. Given clean text, it intro-
duces errors whose type, frequency, and direction
are explicit YAML configuration parameters, not
artifacts of corpus collection. Labels are correct by
construction: each error is tagged with the rule that
generated it.

Every step of the pipeline exploits linguistic
information from stanza (Qi et al., 2020): POS
tags and morphological features determine which
tokens are valid corruption targets, dependency
parses identify syntactic positions (clause bound-
aries for punctuation, amod arcs for agreement,
obl/nmod for government targets), and pymorphy3
generates correctly inflected corrupt forms preserv-
ing all non-target features. The result is structurally
realistic errors, not random noise. Concurrently,
Qiu et al. (2025) reimplemented ERRANT using
stanza for multilingual GEC annotation across five
languages, validating stanza as the tool of choice
for morphologically aware GEC pipelines.

Each example is a (src, tgt, rule) pair with
one or several errors, depending on configuration.
SyntErr’s minimal-pair mode (one error per sen-
tence) is what we use for supervised fine-tuning in
this paper. The current release implements all 48
rules tested by LORuUGEC (Sorokin and Nasyrova,
2025), generates 10K examples in under 2 minutes
on CPU, and requires no GPU or annotated data as
input.

Pipeline. The generation pipeline operates in
four steps. (1) An error-type distribution is spec-
ified via YAML configuration, or set to uniform
(default). (2) Clean source sentences are analyzed
by stanza (Qi et al., 2020), which provides both
morphological tags (contextual POS, case, gender,
number, e.g., craju = noun.Gen or verb.Past) and a
full dependency parse tree. The parse tree is critical:
it tells the generator which tokens stand in a syntac-
tic relation that a given rule can target. (3) An error
type is selected according to the distribution; the
dependency tree is queried for applicable positions
(e.g., all amod arcs for adjective—noun agreement,
all clause boundaries for comma rules), and one is
chosen at random. (4) The corruption is applied us-
ing pymorphy3 for morphological inflection. The
outputis a {src, tgt, rule} triple. The pipeline
diagram is shown in Figure 2.

obl
amod

-

CTapblﬁ J0M K()T()])I)Iﬁ CTOAT Ha XoJmMme paspyuInIcd.

*Crapas M *X0J1MYy

(Agreement (§§191-197)| [Punctuation (§§77-138) | Government (§§ 196-210) |

Figure 1: Dependency-driven error generation. Each arc
family targets different syntactic relations: agreement
(blue) uses amod/nsubj, punctuation (green) uses clause
boundaries, government (red) uses obl/nmod. Corrupted
forms shown below.

Most error types are not applied at random posi-
tions but at positions identified through dependency
parsing: punctuation rules inspect clause bound-
aries and conjunction scopes, agreement rules tra-
verse amod and nsubj arcs, and government rules
use obl/nmod arcs to corrupt case frames (Fig-
ure 1). Spelling rules use dictionary lookup and
Zaliznyak’s stress dictionary (Zaliznyak, 2010); in-
flection uses pymorphy3. Detailed rule descriptions
are in Appendix D.

5 [Evaluation

5.1 Experimental Setup

Models. We evaluate models in three settings:
(1) frontier API models: Claude Sonnet 4.6, Claude
Opus 4.5/4.6, GPT-5.4, and GigaChat-2-Max (zero-
shot only); (2) eight open models fine-tuned with
LoRA: Qwen 3.5 (0.8B, 4B, 9B), Qwen 2.5-
7B, Gemma 3 (1B, 4B, 12B), and Apertus-8B;
(3) GigaChat-3.1-Lightning (10B MoE, 1.8B ac-
tive; zero-shot only). All evaluations use greedy
decoding.

Data. We generated 39,209 training examples
across the 48 LORuGEC evaluation rules. Source
text is drawn from the RuBLiMP source pool (Tak-
tasheva et al., 2024) (38%), Taiga (Shavrina and
Shapovalova, 2017) and news corpora (Fedorov,
2019) (25%), and targeted mining for forms re-
quired by underrepresented rules (e.g., rare con-
junctions, diminutive suffixes, compound adjec-
tives; 37%). The target distribution is approxi-
mately uniform; some rules are limited by source
sentence availability. All RuBLiMP benchmark
sentences are excluded. Punctuation corrections are
skewed 3.6:1 toward comma insertion over dele-
tion, reflecting the natural L1 tendency to omit
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required commas rather than insert spurious ones.

Fine-tuning. We fine-tune with LoRA (Hu et al.,
2022) (r=16, =32, all attention and MLP projec-
tions), effective batch size 32, learning rate 1074,
bf16 precision.

LORuGEC provides 348 validation and 612 test
sentences. All reported scores are on the 612-
sentence test set. For each model, we train three set-
tings: (1) SyntErr only (39K synthetic examples),
with early stopping on LORuGEC val loss (pa-
tience 5); (2) LORuGEC only (348 sentences — the
LORuGEC val split, repurposed as training data),
trained for 3 epochs; (3) SyntErr then LORuGEC
(two-stage: first SyntErr with early stopping on val,
then continued on the 348 examples for 3 epochs).
Conditions (2) and (3) train on the LORuGEC val
split; with 348 examples at effective batch size 32,
training completes in ~33 steps, too few to trigger
intermediate evaluation. We additionally train a
clean-text control where source equals target (no
errors introduced), to verify that gains come from
error patterns rather than task-format exposure.

Prompt. All training and evaluation use the sys-
tem prompt proposed by Sorokin and Nasyrova
(2025) for LORuGEC evaluation (“loporast s13b1-
KoBas Mojienib. . . full text in Appendix A). This
prompt instructs the model to minimally correct the
input text. We adopt it to ensure fair comparison
with published baselines, but note that prompt sen-
sitivity varies substantially across model families
(Table 7). We additionally evaluate frontier models
with a strict prompt that explicitly forbids word
substitution (“HE MEHAN CJIOBA” — ‘don’t
change words’; full text in Appendix A). The strict
prompt is used only for the prompt-sensitivity abla-
tion (Table 7), not for the main results in Table 4: it
deliberately disallows lexical substitution, which is
appropriate for spelling and punctuation rules but
not for morphological or stylistic ones. The base-
line prompt asks for minimal correction but does
so in indirect, deferential language; some models
interpret this as license to paraphrase. The strict
prompt constrains the model to targeted edits only.
The gap reaches 16.7 Fy 5 on GigaChat-2-Max (Ta-
ble 7), confirming that prompt design is a major
confound in GEC evaluation (Li et al., 2026).

Benchmarks. LORuGEC test: 612 test sen-
tences, 48 prescriptive rules. GERA: 1,314 test
sentences from school texts, OOD for synthetic
data. RuColA: 1,804 OOD dev sentences for gram-

maticality judgment (Matthews Correlation Coeffi-
cient; 0=chance, 1 =perfect). All GEC scores use
M2scorer Fy 5.

We normalize é—e and dash variants before scor-
ing (details in Appendix E).

5.2 Results

Fine-tuning on SyntErr improves LORuGEC
scores across all models (Table 4). Fine-tuning
on SyntErr improves LORuGEC Fj 5 over zero-
shot for every model tested. Qwen3.5-0.8B jumps
from 13.7 to 45.2 (+31.5), Qwen3.5-4B from 47.6
to 67.0 (+19.4), and Apertus-8B from 48.7 to 69.4
(+20.7). Continuation on 348 real LORuGEC ex-
amples adds further gains: Qwen3.5-4B reaches
75.3 and Apertus-8B 72.4, approaching Claude
Opus 4.6 zero-shot (81.8, Table 5) with far fewer
parameters. For Qwen3.5-9B, SyntErr-only (57.3)
still improves over zero-shot (49.2) but underper-
forms lorugec-only (61.2), likely due to the 3.6:1
comma insertion skew in training data; continua-
tion training recovers to 70.9.

Clean-text control. To test whether SyntErr’s
gains come from learning error patterns or simply
from exposure to the prompt-and-response format,
we train on clean text where the source and tar-
get are identical, following the no-corruption base-
line of Kiyono et al. (2019). This collapses perfor-
mance: Qwen2.5-7B drops to 2.0 on LORuGEC
(from 39.5 zero-shot), Qwen3.5-0.8B to 0.0, con-
firming that the gains require actual error examples.

Per-rule analysis. LORuGEC’s 48 rules al-
low fine-grained evaluation. On Qwen3.5-4B,
SyntErr—LORuGEC continuation improves 39 of
48 rules over zero-shot, degrades 5, and leaves 4
unchanged. Table 6 shows the extremes. Gains con-
centrate on fused/split spelling rules that SyntErr
generates by construction; regressions concentrate
on government and lexical rules that require seman-
tic judgment. Notably, subordinate clause comma
deletion drops from 10% to 0% under SyntErr-only:
the 3.6:1 insertion skew in training data teaches
the model to preserve commas rather than remove
them. Continuation on 348 real examples recovers
this to 50%. Full per-rule results (48 rules x 35
settings) are available at https://synterr-nlp.
github.io/papers/bea-2026/.

Does GEC finetuning break general language
understanding? Training a model to correct spe-
cific grammar rules could in principle make it reject
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LORuGEC (612 sent.)

GERA (1,314 sent.)

Model Params ZS +lor +syn +s—1 ZS  +lor +syn  +s—]
Prior-work baseline'

Qwen2.5-7B' 7B 395 440 58.1 66.6 47.6 445 455 505
Qwen 3.5 family

Qwen3.5-0.8B 0.8B 137 338 452 540 258 38.0 440 369
Qwen3.5-4B 4B 476 547 670 753 565 474 479 @ 62.8
Qwen3.5-9B 9B 492 612 573 709 568 544 524 594
Gemma family

Gemma-3-1B IB 189 255 48.0 478 266 276 393 322
Gemma-3-4B 4B 415 430 545 582 463 423 489 467
Gemma-3-12B 12B 525 588 660 69.7 538 554 3599 579
Other

Apertus-8B 8B 48.7 541 694 724 5177 549 61.1 621
GigaChat-3.1*T1 10B 520 — @ — — 604 — @ — —

Table 4: Finetuning results (M2 Fy 5). ZS: zero-shot (baseline prompt). +lor: LoRA on LORuGEC val (348
examples). +syn: LoRA on SyntErr (39K synthetic). +s—/: SyntErr then continued on LORuGEC val. fSame
model used by Sorokin and Nasyrova (2025), who report 41.0 ZS / 56.1 with RAG (LORuGEC) and 67.1 finetuned
(GERA). *MOoE: 10B total, 1.8B active parameters. 'TZS only; a 1K-token system preamble in the default chat

template conflicts with the GEC instruction.

Model LORuGEC GERA
GigaChat-2-Max (baseline) 48.4 37.5
GigaChat-2-Max (strict) 65.1 58.7
GPT-5.4 (strict) 77.4 66.1
Claude Sonnet 4.6 (strict) 78.2 71.5
Claude Opus 4.5 79.8 64.1
Claude Opus 4.6 81.8 70.1

Table 5: Frontier API models, zero-shot (M2 Fg 5).
Strict = explicit “do not change words” prompt.

sentences that native speakers find perfectly accept-
able. To check this, we evaluate all models on
RuCoL A (Mikhailov et al., 2022), a benchmark
where the model judges whether Russian sentences
are grammatically acceptable or not. For models
>4B parameters, MCC remains stable across all
training settings (Table 9). Smaller models (0.8B,
1B) show some degradation under SyntErr, reflect-
ing the narrower capacity trade-off at that scale.

6 Discussion

GERA degradation. SyntErr’s source text is for-
mal, edited prose (news, encyclopedias); GERA
contains school essays by children. Qwen mod-
els show GERA degradation after SyntErr training
(Qwen3.5-4B: 56.5 — 47.9), but Gemma models
do not (46.3 — 48.9). The pattern is consistent
across model sizes within each family, suggest-
ing an architecture- or pretraining-level difference
rather than a capacity issue. On Qwen3.5-4B, Syn-
tErr increases the share of unchanged outputs (copy

Rule 7S +s—l1 A
Top 5 improvements

3aTo (spelling) 16.7 91.7 +75.0
Paired-conj. punctuation 83 833 +75.0
Dash in asyndetic sent. 6.7 80.0 +73.3
Particle -raku 7.7 769 +69.2
orToro (spelling) 333 944 +61.1
Regressions

Prepositional case (ynpasaenune) 50.0 37.5 —12.5
Suffixes -ex/-ux 55.6 444 —-11.1
Parenthetical punctuation 579 474 —10.5

Suppression + recovery (SyntErr-only — continuation)
Subord. clause commas 10.0 50.0 +40.0
(SyntErr-only: 0%)

Table 6: Per-rule exact-match accuracy (%) on Qwen3.5-
4B, LORuGEC test. ZS = zero-shot; +s—1 = SyntErr
then LORuGEC continuation.

in Table 8) on GERA from 7.7% to 22.5%: the
model learns to be conservative from minimal-pair
training and under-applies this to the noisier school-
essay domain. Gemma, which starts with a lower
zero-shot baseline, has less to lose from increased
conservatism. Continuation on LORuGEC recov-
ers GERA in all cases.

Prompt sensitivity. Replacing the baseline
prompt with a strict variant yields up to +16.7 Fg 5
on GigaChat-2-Max (Table 7).

Reasoning hurts. Enabling thinking mode on
Qwen3.5-9B drops LORuGEC Fy 5 from 49.2 to
23.4. The model cites Rozental by name in 165
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LORuGEC GERA

Base Strict Base  Strict

GC-2-Max 48.4 65.1+16.7 37.5 58.7+212
GPT-5.4 737 774437 594 66.1+67
Claude 4.6 76.7 78.2+15 659 715456

Table 7: Prompt sensitivity (M2 Fy 5). Base = baseline
prompt (Appendix A); Strict = explicit “do not change
words.”

of 612 examples, but states the rule incorrectly
91% of the time. On *u Takx, u 3maK (N0 comma
per § 154), it finds the correct answer (“sometimes
written without commas as a fixed idiom”) but
frames it as optional and copies the input. The
minimize-changes instruction interacts adversari-
ally with the reasoning process: the model uses
it to justify rejecting every correction it consid-
ers (“since the prompt says ‘don’t change correct
punctuation,” I should not remove them”). On
rare words the model cannot recognize, reasoning
produces empty output: up to 167 self-correction
loops (“Wait, let me reconsider...”) consuming 14K
tokens without committing to an answer. These
loops are a reasoning pattern trained via reinforce-
ment learning on math and code (DeepSeek-Al,
2025), where backtracking enables error recovery;
for GEC, they amplify uncertainty rather than re-
solving it. The model’s prescriptive knowledge is
too shallow to support productive chain-of-thought
decomposition (Wei et al., 2022). The degrada-
tion is not category-specific either: under think-
ing, exact-match accuracy drops in every LO cat-
egory we measured (spelling —21.5, punctuation
—22.4, agreement —25.6, morphology —20.0, gov-
ernment —56.2, lexical —10.7, averaged across the
35 LORuGEC rules mappable to our taxonomy).
Mechanical categories where reasoning is plausi-
bly unnecessary (spelling, punctuation) suffer at
the same magnitude as semantic ones, ruling out
the reading that thinking helps complex rules while
hurting simple ones. Scaling does not help either:
Qwen3.5-35B-A3B (MoE, 9B active) drops from
58.9 to 29.3 under the same conditions, confirming
that reasoning-mode degradation is not a capacity
issue.

The overcorrection problem. Sorokin and Nasy-
rova (2025) argue that generative models rewrite
for fluency rather than minimally fixing errors. We
quantify this directly (Table 8). On LORuGEC,
zero-shot Qwen3.5-4B produces wrong edits 40.5%

LORuGEC GERA
Copy Exact Over Copy Exact Over
ZS 31.2 28.3 405 77 405 518
+lor 5.1 235 714 3.1 13.0 839
+syn 384 384 232 225 55.0 225

+s—1 248 544 208 16.1 60.3 237

Table 8: Prediction behavior (%, Qwen3.5-4B). Copy:
pred = source. Exact: pred = gold. Over: pred #
source # gold. LORuGEC-only (+lor) produces 71—
84% overcorrection.

of the time (overcorrection) and copies the input
unchanged 31.2% (undercorrection). SyntErr fine-
tuning halves overcorrection to 23.2% and doubles
exact match from 28.3% to 38.4%. The second
training stage (continuation on real LORuGEC ex-
amples) teaches the model when not to edit: over-
correction drops to 20.8%, exact match reaches
54.4%. LORuGEC-only finetuning (348 examples)
fails badly: 71.4% overcorrection, showing the
model learns to edit everything but not what to
edit.

Per-rule analysis reveals the mechanism: on
rules SyntErr covers well, overcorrection is near
zero (0—6%); on rules requiring lexical judgment, it
remains 43-78% as the model normalizes register
rather than correcting grammar.

Aggregate scores hide rule-level damage. Av-
eraged across all eight models, SyntErr finetun-
ing suppresses subordinate clause comma dele-
tion from 14% to 1%: because SyntErr generates
comma insertion errors 3.6 more often than dele-
tion errors, the model learns to preserve commas
rather than remove them. Meanwhile, compound-
word spelling (e.g., oTToro vs. or Toro) improves
from 28% to 85%. Aggregate Fy 5 rises because
the spelling gains outweigh the punctuation losses,
but the punctuation rules are silently suppressed,
invisible under aggregate evaluation. Continuation
on 348 real examples recovers the affected rules
(1% — 69%): the suppression is reversible once
diagnosed. This is only possible with per-rule eval-
uation grounded in a reference grammar.

L1 transfer without L1 training data. Train-
ing exclusively on SyntErr (synthetic L1) and 348
LORuGEC examples transfers to GERA without
any GERA-specific training: Qwen3.5-4B reaches
62.8 Fy 5, within 4.3 points of Sorokin and Nasy-
rova’s Qwen2.5-7B finetuned on GERA data (67.1).
SyntErr teaches which errors to fix; LORuGEC
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continuation teaches when not to edit.

7 Conclusion

We have presented three contributions toward rule-
grounded GEC for morphologically rich languages.
First, a 98-category taxonomy anchored in Rozen-
tal’s reference grammar, revealing that existing cor-
pora cover at most 65% of its paragraphs and that
their coarse tagsets mask critical gaps. Second,
SyntErr, an error generator whose per-rule distri-
bution is an explicit parameter, not an artifact of
corpus collection; the current release covers 48 of
the taxonomy’s 98 categories and is open to exten-
sion. Third, experimental evidence across eight
models from three families that 39K synthetic ex-
amples plus 348 real examples yield up to 75.3 Fg 5
on LORuGEC, approaching frontier models with
0.8B—12B open models.

Per-rule evaluation, enabled by the taxonomy, re-
veals what aggregate scores hide: training data can
suppress specific rules (subordinate clause com-
mas: 14% — 1%, averaged across models) while
improving others (3ato spelling: 17% — 92%),
and continuation training on a small diagnostic set
recovers the suppressed rules. This is the practical
payoff of grounding GEC evaluation in a reference
grammar.

A natural next direction is reinforcement learn-
ing rather than supervised fine-tuning. SFT re-
mains the dominant recipe, but our results sug-
gest it can distort the model’s edit distribution: the
model learns the marginal of the synthetic data
(“edit something on every sentence”) even where
the input is already correct, which is exactly the
overcorrection pattern we measure. A reward that
captures minimal-edit behavior at the rule level
should let the model retain pretrained linguistic
knowledge while still picking up rule-specific cor-
rections, without acquiring the SFT-induced bias
toward editing.

We release the taxonomy with cross-reference
tables, SyntErr, all training configurations and
adapter weights, and per-rule evaluation data>.

Limitations

Scope. We evaluate on Russian only. We do
not evaluate on L2 (learner) benchmarks or at
the document level, and we use a single prompt
regime in the main results (§6 reports a separate

3All artifacts are available at https://synterr-nlp.
github.io/papers/bea-2026/.

prompt-sensitivity analysis but not a fully orthogo-
nal sweep).

Coverage. Our taxonomy defines 98 fine-grained
tags across 213 paragraphs; the current Syn-
tErr implementation covers 48 (those tested by
LORuGEC). The remaining 50 tags are imple-
mentable but not evaluated here. Punctuation gen-
eration is also directionally skewed (3.6:1 toward
comma insertion; §5), which biases the kinds of
punctuation errors the model ever sees during fine-
tuning.

Single seed and training-stack sensitivity. We
report single-seed numbers throughout and did not
re-run training across multiple seeds. A small ex-
ploratory multi-seed run on two of the 4B config-
urations turned out to be inconclusive: the abso-
lute scores depended substantially on the training
stack (quantization, optimizer, kernel choices), and
the cross-stack swing was larger than any plau-
sible seed-to-seed variance, in a model-family-
dependent way. LoRA fine-tuning at this scale
is known to be sensitive to these choices, and disen-
tangling stack effects from seed effects is beyond
the scope of this paper. The absolute numbers in
this paper should therefore be read with that en-
velope of uncertainty, even though the rule-level
patterns we describe (suppression of specific rules
under fine-tuning, recovery via continuation on a
small diagnostic set) were consistent across all con-
figurations we tried.

Stage order. Our two-stage models train on Syn-
tErr first and then continue on LORuGEC. We did
not test the reverse order or a randomly mixed
schedule; stage order plausibly matters and is left
to future work.

Validation as stopping signal. Our SyntErr-
only models use the LORuGEC validation split
as the early-stopping signal. This split is also
used as training data in the +LORuGEC and
SyntErr—LORuGEC settings, so the val-as-stop
and val-as-train roles are entangled; SyntErr-only
numbers may be slightly optimistic relative to a
fully held-out criterion.

Single-annotator categorization. The per-
paragraph mapping between Rozental and the
three corpora reflects one careful annotator’s
judgment; we do not report an inter-annotator
agreement score. The cross-reference should be

471


https://synterr-nlp.github.io/papers/bea-2026/
https://synterr-nlp.github.io/papers/bea-2026/

read as a high-effort survey rather than a validated
annotation.

Strict prompt is an ablation. The strict prompt
(§6) restricts the model to orthography and punctu-
ation and disallows lexical substitution by design.
We use it to isolate prompt sensitivity and not as a
competitive system; its scope is narrower than the
full GEC task.

Ethics Statement

Our taxonomy encodes prescriptive norms as a re-
producible evaluation tool, not as a claim about
how Russian should be written. SyntErr uses no
personally identifiable data; all evaluation corpora
are publicly available.
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A Prompts

All finetuned models and baseline zero-shot eval-
uations use the system prompt proposed for
LORuGEC evaluation:

Jloporas s3pIKOBasl MOJEeNb, mocie «Mcxon-
HOe TpeIoXKeHne» Tebe OyIeT MaHO MpeIIo-
JKE€HHe Ha PYCCKOM SI3BbIKE, KOTOPOE MOXKET
coziepKaTh opdorpaduiecKre, MyHKTyaIn-
OHHbIE, FPAMMATUYECKIE U PeYeBble OIINOKH.
Brieein, moxkasyiicta, TOTBKO KOPPEKTHBIMH
BapHUAHT JIAHHOI'O IIPEJJIOXKEHUs, He JlaBasi
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HUKaKUX KOMMEHTApPpHEB U HE BbIICJ/IAA HUKA-
KHUX CUMBOJIOB. T'BOsI 3aJlava — MHUHUMAJIBHO
U3MEHUTDHb TEKCT, HE MEHSR CJIOBa U 3HAKU
IIpEIINHaHUs, KOTOPbIE U TaK IIPpaBUJIbBHbIE.

The user message template is: Vcxommoe mpeiio-
xkenue: {src}

Strict prompt. For the prompt sensitivity ex-
periment (Table 7), we use the following system
prompt:
VcnpaBp TOBKO 3HAKU MPENTUHAHUS U OP-
dorpacduro. Bepuu To Ke camoe mpejiioxKe-
HHUE, USBMEHUB TOJIbBKO OH.II/I60‘IHI)I€ 3aldaThble,
THUPEe, TOUKH, J1euchl Ui OYKBbI, MM HX
orcyrcreue. HE MEHAU CJIOBA. Kaxmoe
CJIOBO B OTBETE€ JIOJI2KHO IIPHUCYTCTBOBaThL B

HMCXOJHOM IPEJIOXKEHNH. BBIBeIu TOIBLKO pe-
3yJIbTaT.

With bare {src} as the user message (no prefix).

B Training Details

Hardware. Small models (<7B) were trained on
4x RTX 5090 (vast.ai). Large models (8—12B)
were trained on a single RTX 6000 Ada (vast.ai).
Evaluation was performed on a DGX Spark (GB10
Blackwell, 128GB unified memory).

LoRA configuration. All models use LoRA
with r=16, a=32, dropout 0, targeting all atten-
tion projections (g, k,v,0) and MLP projections
(gate, up, down). Training uses Unsloth (Unsloth
Al, 2024) with full 16-bit base weights (LoRA, not
QLoRA), effective batch size 32 (per-device 4 X
gradient accumulation 8), learning rate 104 with
cosine schedule. Early stopping monitors evalua-
tion loss on LORuGEC validation (348 examples)
with patience 5 epochs. Base training uses seed 42;
continuation training uses seed 43.

Data. SyntErr training set: 39,209 examples
across 48 LORuGEC rules (59 generation rules in-
cluding bidirectional variants). Source text compo-
sition: 37% scarce-rule-enriched sentences (mined
to boost underrepresented rules), 38% RuBLiMP
scoring pool (Taktasheva et al., 2024), 25% news
articles. LORuGEC training split: 348 examples
(validation set of LORuGEC).

Models. Qwen3.5 (0.8B, 4B, 9B) (Qwen Team,
2025), Qwen2.5-7B (Yang et al., 2024), Gemma 3
(1B, 4B, 12B) (Gemma Team et al., 2025),
Apertus-8B  (Swiss Al, 2025), GigaChat-3.1-
Lightning (Sber Al, 2026) (zero-shot only).

Inference. All local inference uses vLLM (Kwon
et al, 2023) with bfl6 precision, prefix
caching enabled, and max-model-len 4096.
Gemma 3 and Qwen 3.5 models require the
-language-model-only flag (multimodal
backbone with text-only inference). GigaChat-
3.1-Lightning (Sber AI, 2026) uses the MLA
attention backend with unquantized MoE routing.
Frontier API models (GigaChat-2-Max, GPT-5.4,
Claude Sonnet 4.6) were evaluated via their
respective APIs. All models are evaluated in
non-reasoning mode (-no-think): the model
produces the corrected sentence directly, with no
chain-of-thought or reasoning tokens.

Merge and deployment.
are merged

LoRA adapters
into full-precision checkpoints
using PEFT (Hugging Face, 2023) be-
fore evaluation. Qwen 3.5 models require
AutoModelForImageTextToText for correct
merging (multimodal architecture); Gemma 3
requires removal of rope_parameters from
nested config levels for vLLM compatibility.

Reproducibility. All training and evaluation
code, adapter checkpoints, configuration files,
the SyntErr data generation pipeline, and the
39K-example SyntErr training set itself are
released at https://synterr-nlp.github.io/
papers/bea-2026/. The SyntErr source repos-
itory is at https://github.com/synterr-nlp/
synterr. Training is deterministic given the seed,
hardware, and library versions.

C Full Results

Table 10 reports full precision, recall, and Fy 5 for
all models and settings on LORuGEC and GERA.
Table 9 reports RuCoL A grammaticality judgment
(MCO).

Model Par., ZS +lor +syn +s—l
Qwen3.5-0.8B  0.8B 291 .262 .166  .239
Qwen3.5-4B 4B 460 472 477 473
Qwen3.5-9B 9B 522 521 521 532
Qwen2.5-7B 7B 493 389 412 .398

Gemma-3-1B 1B 202 211 .119 117
Gemma-3-4B 4B 467 471 414 445
Gemma-3-12B  12B  .501 497  .488 520

Apertus-8B 8B 436 428 479 457

Table 9: RuCoLA OOD dev MCC (1804 examples). 0
= chance, 1 = perfect. Models >4B: stable; smaller
models degrade under SyntErr.
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(a) LORuGEC

Zero-shot +lorugec +synterr +s—1
Model Par. P R F0_5 P R F0,5 P R F0_5 P R F0_5
Qwen3.5-0.8B 0.8B 21.2 5.7 13.7 450 169 33.8 60.4 22.6 452 60.7 37.5 54.0
Qwen3.5-4B 4B 523 349 47.6 59.8 40.8 54.7 79.7 40.9 67.0 81.8 57.1 75.3
Qwen3.5-9B 9B 519 40.8 49.2 654 48.7 61.2 62.0 44.1 57.3 74.1 60.3 70.9
Qwen2.5-7B 7B 42.0 319 395 494 30.6 44.0 70.6 34.0 58.1 72.3 50.6 66.6
Gemma-3-1B 1B 21.7 125 18.9 27.1 20.8 25.5 58.6 27.9 48.0 48.4 455 47.8
Gemma-3-4B 4B 43.8 343 41.5 432 42.0 43.0 59.3 41.0 54.5 59.2 545 58.2
Gemma-3-12B  12B 549 447 525 60.6 52.7 58.8 71.1 515 66.0 71.2 64.2 69.7
Apertus-8B 8B 51.5 399 48.7 66.0 31.5 54.1 784 474 694 76.8 58.8 724
GC-3.17 10B 60.7 331 520 — — — — — — — — —
(b) GERA (out-of-domain for SyntErr)
Zero-shot +lorugec +synterr +s—1
Model Par. P R FO.S P R Fo_s P R F()‘5 P R F(),g,
Qwen3.5-0.8B 0.8B 32.8 13.9 25.8 48.6 20.3 38.0 66.2 18.8 44.0 43.4 23.1 369
Qwen3.5-4B 4B 59.0 484 56.5 52.0 35.0 474 624 249 479 71.8 419 62.8
Qwen3.5-9B 9B 56.5 58.1 56.8 58.1 43.1 544 57.8 38.1 524 62.5 49.7 594
Qwen2.5-7B 7B 483 449 47.6 474 35.6 445 57.7 247 455 56.7 352 50.5
Gemma-3-1B 1B 27.8 22.8 26.6 27.6 274 27.6 50.2 21.0 39.3 32.6 30.7 32.2
Gemma-3-4B 4B 47.3 4277 463 41.2 469 423 545 3477 48.9 473 44.1 46.7
Gemma-3-12B  12B 53.6 54.6 53.8 552 55.8 554 653 452 599 58.7 548 579
Apertus-8B 8B 52.1 50.0 51.7 65.1 33.7 549 726 375 61.1 682 457 62.1
GC-3.1* 10B 65.7 455 604 — — — — — - — — —

Table 10: Full P, R, Fy 5 on (a) LORuGEC and (b) GERA (M2scorer, €/dash normalized). *MoE: 10B total, 1.8B

active.

D SyntErr Generation Details

Architecture. SyntErr is built around three core
abstractions: ErrorHandler (a protocol from
which all rule-specific error generators inherit),
Analyzer (the morphological/syntactic backend),
and ErrorPipeline (which orchestrates distribu-
tion sampling, candidate selection, and corrup-
tion). Rules are classified as length-preserving
(e.g., vowel alternations, suffix errors, paronym
substitution) or length-changing (e.g., function
word insertion/deletion, compound-form split-
ting/merging). After any length-changing rule fires,
ErrorPipeline recalculates all downstream token
indices to keep the alignment between source and
target consistent. The full pipeline is shown in
Figure 2.

Rule examples. Consider, for example, the al-
gorithm for introducing a "paronym" type error.
First, the word is looked up in a paronym dictio-
nary. If the word is found, it is replaced with one
of its paronyms, selected at random. The new word
is then inflected using pymorphy3 to preserve the
original grammatical categories.

Among native speakers of Russian, spelling er-

rors involving the use of u and uH in suffixes are
quite common. To simulate the error of writing u
instead of uH, we utilize a morpheme dictionary to
verify that un constitutes part of the suffix rather
than belonging to the root or appearing at a mor-
pheme boundary. We then delete one u. Conversely,
to generate the opposite error, we verify that u be-
longs to one of the suffixes that take a single u
(such as -an-, -siu-, -un-) and that the target word
is not among the exceptions, after which we add an
additional .

A more complex example involves comma place-
ment errors (insertion of an extraneous comma).
According to the rules outlined in Rozental’s ref-
erence guide, an extra comma is inserted in the
following cases where it is not required:

1. A comma before the conjunction kak when
it means B KadectBe (as) or is part of id-
iom. Uses dep-tree: only targets kak with
dep_rel=case/fixed/flat (adjunct/apposition
sense), NOT advcl/ccomp/mark (subordinate
clause).

2. A comma within a phraseological unit con-
taining repeated conjunctions (e.g. HU CIyXy
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HH JIYXY).

3. A comma between adjacent conjunctions
at clause boundaries. Only fires when a
To/Tak /Ho correlative follows the subordi-
nate clause.

4. A comma within indivisible expressions (e.g.
KaK HU B 9éM HU OBIBAJIO, KyIa IJIa3a TJIs-

IT).

Examples of sentences with errors of these types
generated using SyntErr are presented in Table 11.

Performance. SyntErr generates 10K examples
in under 2 minutes on CPU; a GPU is not re-
quired but significantly accelerates stanza, espe-
cially when using depparse.

We measured generation time on a laptop
(AMD Ryzen 5 7535HS, 6 cores; NVIDIA RTX
4050 6 GB; 16 GB RAM; Ubuntu 24.04 LTS)
using a mixed source dataset compiled from
RuBLiMP (Taktasheva et al., 2024), Taiga (Shav-
rina and Shapovalova, 2017), Russian Wikipedia,4
and news articles.”> Benchmark presets use error
probability 1.0 and max one error per sentence;
profile_x presets isolate handler categories.

Table 12 compares backends and depparse over-
head. Natasha is fastest but lacks dependency pars-
ing, limiting it to spelling and morphological rules.
Stanza is roughly 5x slower on CPU than on GPU
(Table 12); GPU throughput is roughly independent
of batch size above 64 (Table 14). Per-category tim-
ings (Table 13) show uniform throughput across
error types.

Rule coverage. The 48 LORuGEC rules expand
to 59 generation rules (bidirectional variants for
split/merge and comma insertion/deletion). Each
generation rule was assigned a uniform target of
847 examples; 40 rules reached this target, and the
remaining 19 are limited by source sentence avail-
ability. Punctuation rules are directionally skewed
toward comma insertion (3.6:1 comma insertion
skew).

Dependency-driven error generation. The key
design choice is that most error types are applied
at positions identified through dependency parsing,
not at random. Three families of errors rely on the
parse tree:

*https://dumps.wikimedia.org/

5https://github.com/mannefedov/ru_kw_eval_
datasets

Punctuation (§§77-138): comma errors inspect
clause boundaries, conjunction scopes, and modi-
fier attachment. For compound sentences (§87),
SyntErr finds the conj arc between predicates
joined by u/a/uo and deletes the required comma.
Spurious insertion follows the same logic in re-
verse: inserting commas where they are not re-
quired (before kak in non-comparative contexts,
inside phraseological expressions, between adja-
cent conjunctions).

Agreement (§8191-197): adjective-noun errors
traverse amod arcs; subject-verb errors use nsubj
arcs.

Government (§§196-210): prepositional govern-
ment errors corrupt case via obl/nmod arcs.

Rules not requiring syntax — spelling (§§1-34),
paronym substitution, compound splitting — use
morphological tags and dictionary lookup. Inflec-
tion uses pymorphy3; stress-sensitive rules use Zal-
iznyak’s dictionary (Zaliznyak, 2010).

Source text filtering. Before generating errors,
source sentences are filtered to keep those between
10 and 50 tokens (long enough to host a target rule,
short enough to validate by hand). They are then
deduplicated to avoid repetition, and any sentence
appearing in the RuBLiMP benchmark is removed
to prevent evaluation-time leakage.
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Original

Corrupted

Error

Fix tag

OTnpaBisisich Ha OXOTY
OH HaJIeJI BETPOBKY 0O0JIOT-
HOTO IBETA .

OTnpaBisisich Ha OXOTY
OH OJ/IeJ BETPOBKY 00JIOT-
HOTO LBETA .

paronym @ position 5

$SREPLACE_naiesn

Iym npubosi pacrér
OCEHHMH JIeJIdHON BeTep
B3JbIMaeT U OeIlIeHO CPbI-
BaeT BOJIHBI , Pa3HOCS IO
BO3JyXy OpBI3rU U PE3KUit
3aIrax Mops .

lym npubosi pacrér
OCEHHUI JIeAAHHON BeTep
B3/bIMAET U GEIIeHO CPBI-
BaeT BOJIHBI , Pa3HOCS TIO
BO3JyXy OPBI3TU U PEe3KUU
3arax Mops .

orthographic_spelling_nn_suffix
@ position 27

$SREPLACE_siensanoit

YTBepXKAal0T , YTO Opa-
3UJILCKIE KapHaBaJbl BOC-
XUMIAIOT U 3aBOPAXKUBAIOT
, M KOI'ZJa Mbl BIIEpBbIE YBU-
JeJIn €ero HEMTOBTOPUMYIO
APKYI0 KpacoTy , TO ca-
MU yOEIUIUCE , HACKOJIBKO
MpaBbl OBLIN OYEBUIIIBI .

YTBepXKAal0T , YTO Opa-
3MJIbCKNE KapHABaJIbl BOC-
XUMIAIOT U 3aBOPAXKUBAIOT
, U , KOTZJa MBI BIEPBbIE
yBI/I,ZLeJII/I €ro HeIIOBTOpH-
MYIO SIpKYIO KpacoTy , TO
caMu yOeUIINCh , HACKOJTh-
KO TNIPaBbI OBLITH OYEBUJIIIHI

comma_insert_
comma_between_conjunctions
@ position 10

$DELETE

Table 11: Examples of SyntErr-generated errors

Backend Dep. 500 1K 2K 10K
stanza (GPU)
+ depparse yes 114 144 20.7 71.6
no depparse no 9.9 12.1 164 51.1
stanza (CPU)
+depparse yes 28.9 459 77.1 348
no depparse no 159 282 444 190
natasha no 34 54 87 373
spaCy no 7.0 9.2 14.0 509

Table 12: SyntErr generation time in seconds (balanced
preset; mean over 5 runs, measured with hyperfine (Pe-
ter, 2023)). lorugec preset within 5% of balanced.

Table 13: Preset performance (2K sentences, stanza
GPU-+depparse). S/s = sentences per second.

Preset Time (s) S/s | Notes
profile_spell 19.6 £0.2 | 102 | no inflection
profile_morph | 19.6 £ 0.1 | 102 | pymorphy3
profile_punct 19.8£0.0 | 101 | dep traversal
profile_struct 19.5£0.1 | 102 | ins/del tokens
balanced 204+ 0.7 98 | reference

Table 14: Batch size vs. throughput (2K sentences). S/s
= sentences per second.

Batch Time (s) S/s | GPU MiB
32 | 22.0£0.1 91 1059

64 | 20.6 £0.3 97 1443
128 | 20.0+0.1 | 100 1975
256 | 19.8 £0.1 | 101 3443
512 | 19.4+0.2 | 103 3541

In force-apply mode (all 48 rules, bidirectional),
stanza GPU processes 10K sentences in 79 s. Peak
memory: 1.8 GB (stanza GPU+depparse), 0.4 GB
(natasha), 1.1 GB (spaCy).
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Figure 2: SyntErr error generation pipeline. Clean sentences are parsed by Stanza into analyzed tokens; a per-rule
error-type distribution (from a reference corpus or a config file) drives an applicability check that selects a matched
rule; the rule is then applied to produce a (src, tgt, rule) triple.

E Scoring Normalization

Before scoring, we apply two normalizations. First,
é is mapped to e: LORuGEC targets use e consis-
tently, but models frequently produce the formally
correct €. Second, Unicode dash variants (FIGURE
DASH U+2012, EN DASH U+2013) are mapped to
EM DASH U+2014; the gold data uses these incon-
sistently (56 em-dash vs. 6 en-dash in LORuGEC).
Hyphen-minus is not normalized, as it is seman-
tically distinct. We do not normalize quotation
marks: Russian prescriptive typography requires
angle quotes («émouku»), but some gold examples
use straight quotes. Models producing the correct
form are penalized; we accept this small bias rather
than erase a genuine distinction.
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