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Abstract

Fine-tuned Large Language Models (LLMs)
dominate in Ukrainian grammatical error cor-
rection (GEC), while API-accessed LLMs re-
main nearly untested on minimal-edit bench-
marks. We evaluate 11 commercial LLMs from
four providers and one open-source Ukrainian
model on the UNLP 2023 Shared Task bench-
mark, GEC-only track, comparing zero-shot,
few-shot, minimal-edits, and LLM-assisted
prompt optimization strategies. Our best config-
uration (Gemini 3.1-Pro) reaches Fj 5 = 69.22,
closing over 90% of the gap to fine-tuned
SOTA (Fy5 = 73.14). For zero-shot prompts,
only Claude models benefit from Ukrainian
instructions. However, the best overall re-
sults for all models use Ukrainian minimal-
edits prompts, whose language-specific rules
require Ukrainian to express precisely. LLM-
assisted prompt optimization on top of minimal-
edits + few-shot achieves the highest score.
Detailed minimal-edits instructions yield the
largest gains for punctuation and case errors
but cause the model to abandon several low-
frequency categories. Delving into error anal-
ysis, we identify five recurring overcorrection
patterns tied to Ukrainian-specific linguistic
phenomena. Code, prompts, and outputs are
publicly available.!?3

1 Introduction and Related Work

Grammatical error correction (GEC) systems op-
erate under two paradigms (Bryant et al., 2023).
Minimal-edit correction targets only clear grammat-
ical, spelling, and punctuation errors, preserving
the author’s wording. Fluency-oriented correction
additionally permits lexical substitutions, syntac-
tic restructuring, and stylistic improvements. The
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minimal-edit setting is especially relevant for educa-
tional tools, where feedback should pinpoint errors
rather than rewrite learner text, and for writing
assistants that must preserve authorial voice.

For English, a high-resource language with
decades of GEC research, this distinction is well
established. Minimal-edit evaluation is the stan-
dard in shared tasks such as CoNLL-2014 (Ng
et al., 2014) and BEA-2019 (Bryant et al., 2019),
while JFLEG (Napoles et al., 2017) targets fluency.
Staruch et al. (2025) recently achieved state-of-the-
art single-model minimal-edit results on BEA-2019
by adapting a decoder-only LLM. The MultiGEC-
2025 shared task (Masciolini et al., 2025) extended
the two-track paradigm to twelve European lan-
guages, confirming it as a cross-lingual standard.

For Ukrainian, GEC infrastructure has only re-
cently begun to emerge. The UNLP 2023 Shared
Task (Syvokon and Romanyshyn, 2023) introduced
the first benchmark with two parallel tracks: GEC-
only (minimal-edit) and GEC+Fluency, both eval-
uated with span-based Fj 5. Since then, research
has shifted toward fluency (Saini et al., 2024), with
Luhtaru et al. (2024) pushing GEC+Fluency SOTA
to Fp.s = 74.09 with a fine-tuned Llama 2 model,
surpassing the original winner (Fy 5 = 68.17; Bon-
darenko et al., 2023). The GEC-only track, how-
ever, has seen no new results. Ukrainian was also
included in MultiGEC-2025, where the winning
team’s fine-tuned Gemma 2 scored GLEU = 79.55
on minimal edits vs. GLEU = 68.03 for a one-
shot Llama 3.1 baseline. Most recently, Kovalchuk
et al. (2025) introduced silver-standard GEC cor-
pora for multiple languages including Ukrainian
and fine-tuned multilingual models on them; how-
ever, their work centers on training data creation
and finetuning rather than prompting strategies for
API-accessed LLMs.

To the best of our knowledge, most of Ukrainian
GEC systems available to date rely on fine-
tuned models that require dedicated GPU infras-
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tructure. Commercial API-accessed LLMs of-
fer a lightweight alternative, yet remain nearly
untested for Ukrainian minimal-edit GEC. The only
published result is from Katinskaia and Yangar-
ber (2024), who evaluated GPT-3.5 (specifically,
gpt-3.5-turbo-0613) in a zero-shot setting on
the UNLP 2023 Shared Task test set, GEC-only
track (henceforth UNLP-2023-test (GEC only)),
and obtained Fy 5 = 27.4, far below the fine-tuned
SOTA of 73.14.

This paper is the first to test newer API-accessed
models on this benchmark and to explore whether
better prompting strategies can close the gap with
fine-tuned systems.

2 Experimental Setup

Data. We use the GEC-only track of the UNLP
2023 Shared Task (Syvokon and Romanyshyn,
2023), which is built on the UA-GEC corpus. We
adopt UA-GEC’s own train and valid splits as our
training and validation sets (31,038 and 1,422 sen-
tences) and report all final numbers on the shared
task’s test set (1,274 sentences), whose gold an-
notations are held out from participants and never
inspected during prompt development. We use
the training and validation sets for prompt devel-
opment (few-shot exemplar selection and prompt
engineering) and report only on the test set.

Models. We evaluate commercial, API-accessed
LLMs from four providers and one open-
source Ukrainian model, Lapa v0.1.2 (Paniv
et al., 2025).4 We report exact snapshot
identifiers for reproducibility. From Ope-
nAl, we use GPT-4.1 (gpt-4.1-2025-04-14),

GPT-4.1-mini (gpt-4.1-mini-2025-04-14),
GPT-5.1 (gpt-5.1-2025-11-13), GPT-
5.2 (gpt-5.2-2025-12-11), and GPT-5.4

(gpt-5.4-2026-03-05). From Moonshot, we use
Kimi-K2 (kimi-k2-0905-preview; 0905 denotes
a dated preview build). The Google and Anthropic
APIs do not expose dated snapshot identifiers; we
use Gemini 3-Flash (gemini-3-flash-preview),
Gemini 3-Pro (gemini-3-pro-preview), Gem-
ini 3.1-Pro (gemini-3.1-pro-preview), Claude
Sonnet 4.6 (claude-sonnet-4.6), and Claude
Opus 4.6 (claude-opus-4. 6).

“4Provider documentation: OpenAl https://platform.
openai.com; Anthropic https://docs.anthropic.com;
Google https://ai.google.dev; Moonshot https://
platform.moonshot.ai.

SInference-time parameters differ: GPT-4.1 and Kimi use
temperature/top-p; Claude and Gemini use either temperature

2.1 Research Questions

We address the following four research questions:

RQ1: What is the zero-shot minimal-edit GEC
performance of current LLMs on Ukrainian rel-
ative to fine-tuned SOTA, and how sensitive is
it to prompt language? We systematically com-
pare 2025-2026 commercial LLMs on UNLP-2023-
test (GEC only) against the fine-tuned SOTA of
Fy.s = 73.14, and test both English and Ukrainian
prompt variants to assess whether instruction lan-
guage affects correction quality for a morpholog-
ically rich, low-resource language. To the best of
our knowledge, the only published LL.M baseline
for Ukrainian GEC is the GPT-3.5 zero-shot result
(English) from Katinskaia and Yangarber (2024),
which we include for reference.

RQ2: Can prompting strategies reduce overcor-
rection compared to zero-shot baselines? We
evaluate how each of the four prompting strategies
affects the precision—recall trade-off: (1) zero-shot,
(2) few-shot, (3) minimal-edits + zero-shot, and
(4) minimal-edits + few-shot.

RQ3: Can LLM-assisted prompt optimiza-
tion improve over manually crafted prompts?
We apply an LLM-assisted prompt optimization
pipeline built on Claude Code skills, an agentic
system that iteratively generates, evaluates, and
refines GEC prompts using the full evaluation loop
as feedback.

RQ4: Where do minimal-edits instructions help
and where do they fail? We compare per-error-
type performance between a standard zero-shot
prompt and our best optimized prompt using ER-
RANT category breakdowns, identifying which
error types benefit most from detailed minimal-
edits instructions and which remain resistant to
prompt-based improvement.

Prompting strategies. We compare four manu-
ally engineered prompting configurations that vary
in prompt detail (general vs. minimal-edits) and use
of examples (zero-shot vs. few-shot).

1. Zero-shot (A.1): a general system prompt that
instructs the model to correct grammatical
and spelling errors and return the original
sentence if no errors are found. No examples
are provided.

or a reasoning effort budget; GPT-5.x uses an effort level

(low/medium/high). We set temperature 0 where available,
default effort for Claude and Gemini, and medium for GPT-5.x.
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2. Few-shot (A.2): the zero-shot prompt aug-
mented with source—target correction pairs
from the training set, covering spelling, punc-
tuation, and morphological errors as well as
already-correct sentences.

3. Minimal-edits + zero-shot (A.3): a detailed
system prompt enumerating which error types
to correct, Ukrainian-specific conventions
(e.g., dash vs. hyphen in dialogue, y/B ‘u/v’
alternation, vocative case in forms of address,
etc.), and categories of changes to avoid. No
examples are provided.

4. Minimal-edits + few-shot (A.4): combines
the detailed minimal-edits system prompt with
few-shot correction examples from the training
set, providing both rule-based guidance and
concrete demonstrations.

Strategies (1)—(4) are tested with both English (EN)
and Ukrainian (UA) prompt text to address RQ1.
For subsequent experiments (RQ2-RQ4), we use
EN for zero-shot and few-shot prompts (where it
performs best for most models; see RQ1) and UA
for minimal-edits variants. This was an intentional
design choice: the minimal-edits rules reference
specific Ukrainian word forms, morphological cat-
egories, and language-specific conventions (e.g.,
vocative case paradigms, euphonic preposition al-
ternation) that cannot be adequately expressed in
English. Because the prompt language and strategy
are tied together in this comparison, we treat them
as a single design decision. To test whether an
LLM can improve over these handcrafted prompts,
we also apply LLM-assisted prompt optimization,
inspired by automatic prompt optimization meth-
ods (see Ramnath et al., 2025, for a survey), on
top of the best minimal-edits + few-shot prompt
(Appendix A.5.2; RQ3).

Evaluation. We use the official UNLP-2023 eval-
uation pipeline (GEC only), which computes span-
level Precision (P), Recall (R), and Fy s using a
Ukrainian adaptation of ERRANT. Per-error-type
scores are extracted from the ERRANT alignment
for the per-error-type analysis (RQ4).

3 Prompt Design

Zero-shot. We use a single-sentence system
prompt (Appendix A.1), adapted from Loem et al.
(2023):

Reply with a corrected version of
the sentence with all grammatical and
spelling errors fixed. If there are no
errors, reply with a copy of the original
sentence. Input sentence: {sentence}.
Corrected sentence:

The Ukrainian version is its direct translation:

Hapnaii Bunpassieny Bepcilo pedeHHsI 3 BU-
[IPABJIEHUMHY BCiMa I'PaAMaTHIHUMU Ta 0pdo-
rpadidHIMU TTOMUJIKAMU. SIKIO TOMUIOK
HEMAE, HaJail KOII0 OPUriHAJIBHOIO pPEYeH-
Hs1. Bxinne peuenns: {sentence}. Bunpasie-
HE PEYEeHHS:

Few-shot. The few-shot prompt extends the zero-
shot instruction with source—target correction pairs
from the training set (Appendix A.2), e.g.:

[Same header as zero-shot prompt]

Input: Tak camo morepmae YkpaiHa i cbo-
POJHI BiJl TOrO IO HACIIPAB/Il TAJAHOBUTHUM
JIIOJISIM 3aBaXKaloTh ITPAIIOBATH. ..
Output: Tak camo moreprae Ykpaina i ceo-
TOJIHI BiJ TOTO, 110 HACIIPAB/Il TAJAHOBUTUM
JTFOJISIM 38BaKalOTh MPAIfOBATH. ..

(Input: ‘Ukraine suffers the same today from the
fact that truly talented people are prevented from
working...”

Output: ‘Ukraine suffers the same today from the
fact, that truly talented people are prevented from
working...”)

Exemplars are drawn from the UA-GEC train-
ing split because it is the only publicly available
Ukrainian GEC corpus at the required scale and
annotation quality. Since this split is public, it may
have been seen by commercial LLMs during pre-
training; drawing exemplars from an independent
Ukrainian GEC corpus would be a cleaner control,
but no comparable dataset currently exists. We
therefore treat our numbers as establishing prompt-
ing baselines on this benchmark and revisit this risk
in the Limitations section.

Minimal-edits. The zero-shot and few-shot
prompts give only a generic correction instruction
(“fix all grammatical and spelling errors”), which
provides no guidance on correction scope. In prac-
tice, this leads LL.Ms to overcorrect: rephrasing
sentences, substituting synonyms, or “improving”’
stylistically acceptable constructions. Since the
ERRANT-based Fp s metric penalizes unnecessary
edits, such overcorrection directly hurts precision.

The minimal-edits prompt addresses this with
a two-part structure (Appendix A.3). The first
part explicitly declares the minimal-edit constraint:
“correct only clear-cut errors while preserving the
original wording“. The second part provides a
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specific taxonomy of 16 Ukrainian GEC error cate-
gories (spelling, punctuation, case, gender, number,
aspect, tense, etc.), followed by language-specific
conventions (e.g., y/B ‘u/v’ alternation before con-
sonants/vowels, em-dash in dialogue) and strict
rules on what not to change (no synonym substi-
tution, no quote style normalization, no changes
when in doubt):

Bunpasssit JIUIIE Taki Tumm noMuiok:
(‘Fix ONLY the following types of errors:’)

1. Opdorpadist: sBHi opdorpadivyni momu-
K1

(‘1. Spelling: obvious spelling errors’)

2. IlyukTyariisi: npormyiieni abo 3aiiBi Komu,
KPAIKW...

(‘2. Punctuation: missing or extra commas, peri-
ods...’)

3. G/Case: HEKOPEKTHE B>KUBaHHS BIMIHKO-
BOI popmMu

(‘3. G/Case: incorrect use of case form’)

The minimal-edits + few-shot variant (Ap-
pendix A.4) combines this detailed system prompt
with few-shot examples.

LLM-assisted prompt optimization. Inspired
by automatic prompt optimization methods (Ram-
nath et al., 2025), we develop a semi-automatic
approach in which an LLLM proposes prompt edits
but a human reviews and accepts them. Our method
borrows ideas from several automatic prompt op-
timization papers: like ProTeGi (Pryzant et al.,
2023), we use LLM-generated “textual gradients”
derived from error analysis to guide prompt edits;
following PromptAgent (Wang et al., 2024), we
cluster prediction—reference mismatches into recur-
ring linguistic patterns (e.g., “unnecessary dash
normalization”, “missed comma before subordi-
nate conjunction”) to produce domain-expert-style
prompt sections; and as in OPRO (Yang et al., 2024),
we maintain an optimization history of previous
candidates and their scores to inform each iteration.

LLM-assisted prompt optimization design. We
implemented this pipeline as a Claude Code skill
powered by Claude Opus 4.6, which acts as both
error analyst and prompt engineer. Starting from
the best manual prompt (usually minimal-edits +
few-shot), the agent iteratively: (1) evaluates the
candidate on the validation set, recording span-level
TP/FP/EN; (2) clusters mismatches into linguistic
patterns ranked by frequency; (3) modifies the
prompt via rule insertion (an explicit prohibition in
the “do not change” section) or example insertion

4000 English (EN) prompts
Ukrainian (UA) prompts 3353 3474

g 3000 >
=
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2 2000 1,523 g
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Figure 1: Prompt length (in tokens, cl100k_base tok-
enizer®) across prompting strategies for English (EN)
and Ukrainian (UA) prompts. Optimized variants are
available in UA only. The minimal-edits + few-shot +
optimized-v2 prompt (A.5.2) is ~32x longer than the
zero-shot UA baseline (A.1.2; 3,474 vs. 108 tokens).

(atargeted input—output pair, including “no-change”
examples); (4) accepts the change only if Fj 5 im-
proves, otherwise reverts. The cycle repeats until
gains plateau.

Optimization setup. Due to cost and time con-
straints, we could not run the optimization loop
separately for every model. Instead, we selected the
best-performing manual prompt, minimal-edits +
few-shot (A.4), and optimized it in two rounds: first
on GPT-4.1-mini, producing minimal-edits + few-
shot + optimized-v1 (A.5.1), and then starting from
that result on Gemini 3-Flash, producing minimal-
edits + few-shot + optimized-v2 (A.5.2). We then
transferred these prompts to the remaining models
without further tuning: GPT and Claude models
are evaluated with optimized-v1, Gemini models
with optimized-v2 (Table 3). We acknowledge that
per-model optimization would give a more com-
plete picture; we report these preliminary results as
a useful reference point.

Prompt length. Figure 1 shows how prompt
length grows across strategies, from 43 tokens for
zero-shot (EN, A.1.1) to 3,474 tokens for minimal-
edits + few-shot + optimized-v2 (UA, A.5.2).

4 Experimental Results

RQ1: Zero-shot performance and prompt lan-
guage (Table 1). We start with zero-shot prompts,
the simplest and most widely used setup for
LLM-based GEC, and test whether prompting in
Ukrainian rather than English improves results.

Shttps://github.com/openai/tiktoken
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Model Lang. Prec. Rec. Fys5 UA?

Baseline: fine-tuned

mBARTS50-large’ - 78.52 50.60 70.71

mT5-large* - 76.81 61.39 73.14
Baseline: LLM zero-shot

® GPT-3.5* EN 25.80 36.20 27.40
APl-accessed (zero-shot)

@& GPT-4.1 EN 37.17 55.54 39.80

@& GPT-4.1 UA 30.24 58.41 33.47

@& GPT-4.1-mini EN
® GPT-4.1-mini UA

39.06 51.92 41.09
36.73 53.03 39.13

@ GPT-5.1 (medium) EN
® GPT-5.1 (medium) UA

36.06 60.15 39.20
32.35 62.61 35.82

® GPT-5.2 (medium) EN
@& GPT-5.2 (medium) UA

34.04 66.31 37.71
29.89 66.90 33.60

® GPT-5.4 (medium) EN
® GPT-5.4 (medium) UA

36.87 62.96 40.20
32.73 65.35 36.36

Claude Sonnet 4.6 EN
Claude Sonnet 4.6 UA

41.79 45.83 42.54
4270 47.76 43.63 +

Claude Opus 4.6  EN
Claude Opus 4.6  UA

47.60 46.20 47.30
49.20 51.60 49.70 +

4 Gemini 3-Flash EN
4 Gemini 3-Flash UA

39.09 64.85 42.46
3591 67.38 39.61

4 Gemini 3-Pro EN
4 Gemini 3-Pro UA

37.89 60.54 40.96
36.30 63.58 39.71

41.50 58.03 44.01
39.16 62.01 42.28

4 Gemini 3.1-Pro EN
4 Gemini 3.1-Pro UA

& Kimi-K2 EN
& Kimi-K2 UA

34.24 5274 36.82
29.03 60.11 32.38

Open-source (zero-shot)
€2 Lapa v0.1.28 EN
€2 Lapa v0.1.2} UA

24.24 23.52 24.09
28.57 32.38 29.26 +

Table 1: RQ1: Zero-shot GEC performance on UNLP-
2023-test (GEC only). Lang.: prompt language,
Ukrainian (UA) or English (EN). Bold marks the best
result per column among API-accessed models. UA?:
+ indicates that the UA prompt yields a higher Fy 5 than
the EN prompt for the same model. fSyvokon and Ro-
manyshyn (2023); ¥Gomez et al. (2023); *Katinskaia and
Yangarber (2024), EN; $Paniv et al. (2025), Ukrainian
open-source LLM.

Zero-shot performance. All current models dra-
matically outperform the GPT-3.5 baseline of
Fos = 27.4 reported by Katinskaia and Yangar-
ber (2024). The best zero-shot system, Claude
Opus 4.6 with a UA prompt, reaches Fy 5 = 49.70,
nearly doubling the GPT-3.5 score. Notably, GPT-
5.x reasoning models do not outperform the older
GPT-4.1-mini (Fp.s = 41.09), despite their stronger
general benchmarks. We attribute this to over-
correction: reasoning-optimized models tend to
over-interpret the correction task, producing more

extensive rewrites that ERRANT penalizes as false
positives.

Even the best zero-shot result remains 23.4
Fy.s points below the fine-tuned SOTA of 73.14.
Comparing the best zero-shot system (Claude
Opus 4.6 UA: P=49.20, R=51.60) against the fine-
tuned reference (P=76.81, R=61.39), the gap is pri-
marily driven by precision (27.6-point difference)
rather than recall (9.8-point difference). Without
task-specific fine-tuning, zero-shot models lack the
calibration to suppress spurious corrections.

Models differ in their precision—recall profiles.
Gemini variants are high-recall correctors (R=60—
67%) with low precision (P=36-42%), flagging
many candidates, many of which are spurious.
Claude models show a more balanced profile with
precision and recall within 5 points of each other,
which is favorable under Fj 5’s precision weighting.
GPT-5.x models lean toward high recall and low
precision, similar to Gemini.

Prompt language. Surprisingly, Claude is the
only family where UA prompts improve perfor-
mance: Claude Opus 4.6 gains 2.4 points (47.30
— 49.70) and Claude Sonnet 4.6 gains 1.1 points
(42.54 — 43.63), with both precision and recall
improving simultaneously. For all other models,
UA prompts degrade Fy s by 1-6 points, consis-
tently trading precision for recall and amplifying
overcorrection. For reference, we also include
Lapa v0.1.27, an open-source Ukrainian LLM,
which scores Fps5 = 29.26 with a UA prompt,
above GPT-3.5 but well below the API-accessed
models.

RQ2: Prompting strategies (Table 2). We select
the six best-performing models from RQ1 (one to
two per provider, excluding lower-scoring variants)
and test whether few-shot examples and minimal-
edits constraints can reduce the overcorrection ob-
served in RQI1.

Best results and gap to SOTA. Combining
few-shot examples with minimal-edits instructions,
minimal-edits + few-shot yields the best or near-
best Fys5 for every model. Claude Opus 4.6
(Fo5 = 63.73) and Gemini 3.1-Pro (63.68) effec-
tively tie despite different zero-shot starting points.
GPT-5.4 shows the largest absolute gain (+19.5

"Lapa (Paniv et al., 2025) is an open-source Ukrainian
LLM fine-tuned with GEC-style prompts different from ours,
and the only non-API-accessed model in our evaluation. We
include it as a reference point for open-weight Ukrainian-

centric models, though a full comparison with open-source
alternatives is beyond the scope of this work.
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Model Prompting Strategy Lang. Prec. Rec. Fos
Baseline: fine-tuned SOTA

mT5-large* - - 76.81 6139 73.14

® GPT-4.1-mini zero-shot (A.1.1) EN 39.06 5192 41.09

few-shot (A.2.1) EN 4475 59.73  47.11

minimal-edits + zero-shot (A.3.1) UA 46.66 51.52 47.56

minimal-edits + few-shot (A.4.1)  UA 47.16 5148 47.97

@& GPT-5.4 zero-shot (A.1.1) EN 36.87 6296 40.20

few-shot (A.2.1) EN 46.24 66.67 49.26

minimal-edits + zero-shot (A.3.1) UA 57.05 63.18 58.18

minimal-edits + few-shot (A.4.1)  UA 60.02 5840 59.69

Claude Sonnet 4.6  zero-shot (A.1.1) EN 4179 4583 4254

few-shot (A.2.1) EN 52.52  56.26 53.23

minimal-edits + zero-shot (A.3.1) UA 62.44 48.55 59.06

minimal-edits + few-shot (A.4.1) UA 6196 49.10 58.88

Claude Opus 4.6 zero-shot (A.1.1) EN 47.60 46.20 47.30

few-shot (A.2.1) EN 56.83 5593 56.65

minimal-edits + zero-shot (A.3.1) UA 67.63 47.08 62.20

minimal-edits + few-shot (A.4.1)  UA 68.54 49.75 63.73

4 Gemini 3-Flash zero-shot (A.1.1) EN 39.09 64.85 4246

few-shot (A.2.1) EN 48.48 72.01 51.87

minimal-edits + zero-shot (A.3.1) UA 53.29 6640 5548

minimal-edits + few-shot (A.4.1)  UA 60.28 66.18 61.38

4 Gemini 3.1-Pro zero-shot (A.1.1) EN 41.50 58.03 44.01

few-shot (A.2.1) EN 54.92  66.25 56.86

minimal-edits + zero-shot (A.3.1) UA 60.49 6524 61.38

minimal-edits + few-shot (A.4.1)  UA 63.76  63.35 63.68

Table 2: RQ2: Effect of prompting strategies on UNLP-2023-test (GEC only). Zero-shot and few-shot use EN
prompts; minimal-edits variants use UA prompts (see Section 3 for rationale). Lang.: prompt language, Ukrainian
(UA) or English (EN). For each model, we report the best configuration per strategy. Bold marks the best result per
column among API-accessed models. fGomez et al. (2023).

points), recovering from the weakest zero-shot re-
sult to a competitive 59.69.

However, even the best prompted result falls
9.4 points below the fine-tuned SOTA of 73.14,
with the gap concentrated in precision (P=76.81 vs.
68.54). The minimal-edits instruction suppresses
the most egregious false positives, but a long tail of
borderline corrections remains that likely requires
task-specific fine-tuning.

Few-shot gains. Adding few-shot examples to the
zero-shot prompt produces moderate but reliable
gains of +6—13 F{ 5 points, driven by improvements
in both precision and recall. The gains are largest
for Gemini 3.1-Pro (+12.85) and smallest for GPT-
4.1-mini (+6.02).

Minimal-edits instructions matter most. The
minimal-edits constraint has a larger effect than
few-shot examples. Switching from a generic EN
prompt to a UA minimal-edits instruction, even
without few-shot examples, already matches or
exceeds few-shot-only performance for five out

of six models. The most striking case is GPT-
5.4: minimal-edits + zero-shot alone yields Fy s =
58.18, a full 9 points above its few-shot score of
49.26. The mechanism is a sharp precision increase
(+8-21 points across models) with modest recall
change, meaning the constraint reduces unnecessary
edits without hurting the model’s ability to catch
real errors.

Overall trends. Across all six models, Fj 5 im-
proves consistently along the progression: zero-
shot < few-shot < minimal-edits + zero-shot <
minimal-edits + few-shot, with one notable excep-
tion: Claude Sonnet 4.6 peaks at minimal-edits +
zero-shot (59.06) and slightly drops with the addi-
tion of few-shot examples (58.88). As discussed in
Section 3, the minimal-edits prompts are written in
Ukrainian by design, so we cannot fully separate
the effect of prompt language from the effect of the
prompting strategy itself.

RQ3: LLM-assisted prompt optimization (Ta-
ble 3).
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Model Prompting Strategy Lang. Prec. Rec. Fos
Baseline: fine-tuned SOTA

mT5-large* - - 76.81 61.39 73.14

@ GPT-4.1-mini minimal-edits + few-shot (A.4.1) UA 47.16 5148 4797

minimal-edits + few-shot + optimized-vl (A.5.1) UA 5575 5149 54.84

& GPT-5.4 minimal-edits + few-shot (A.4.1) UA 60.02 5840 59.69

minimal-edits + few-shot + optimized-vl (A.5.1) UA 63.94 51.75 61.07

Claude Sonnet 4.6  minimal-edits + zero-shot® (A.3.1) UA 62.44 48.55 59.06

minimal-edits + few-shot + optimized-vl (A.5.1) UA 66.73 36.58 57.29

Claude Opus 4.6 minimal-edits + few-shot (A.4.1) UA 68.54 49.75 63.73

minimal-edits + few-shot + optimized-vl (A.5.1) UA 66.54 38.27 57.98

4 Gemini 3-Flash minimal-edits + few-shot (A.4.1) UA 60.28 66.18 61.38

minimal-edits + few-shot + optimized-v2 (A.5.2) UA 69.98 62.87 68.43

4 Gemini 3.1-Pro minimal-edits + few-shot (A.4.1) UA 63.76  63.35 63.68

minimal-edits + few-shot + optimized-v2 (A.5.2) UA 70.77 63.63 69.22

Table 3: RQ3: Effect of LLM-assisted prompt optimization, evaluated on UNLP-2023-test (GEC only). Optimized-v1
was tuned on GPT-4.1-mini, optimized-v2 on Gemini 3-Flash; both were then transferred to other models. Lang.:
prompt language, Ukrainian (UA) or English (EN). For each model, the first row shows the best manual prompt
result (from Table 2); the second row shows the best optimized result. Bold marks the best result per column among

API-accessed models. ¥Gomez et al. (2023).

Best results and gap to SOTA. The best opti-
mized result is Gemini 3.1-Pro with minimal-edits
+ few-shot + optimized-v2 (A.5.2; Fy5 = 69.22),
followed closely by Gemini 3-Flash with the same
prompt (68.43). This narrows the gap to fine-tuned
SOTA from 9.5 to 3.9 points. The gain on the
target model is precision-driven: precision rises
from 63.76 to 70.77 (+7.0) while recall remains
nearly unchanged. The remaining 3.9-point gap is
concentrated in precision (70.77 vs. 76.81), sug-
gesting that closing it likely requires more focused
instructions.

Improvement within Gemini. Since the
minimal-edits + few-shot + optimized-v2 prompt
(A.5.2) was tuned directly on Gemini 3-Flash, its
strong gain on that model (Fj5: 61.38 — 68.43,
+7.05) is expected. More notably, the same prompt
transfers successfully to Gemini 3.1-Pro, which
achieves the overall best result (Fp5 = 69.22),
indicating that optimization on a smaller model
within the family can benefit larger variants.

Improvement on GPT. GPT models show mixed
results. GPT-4.1-mini gains +6.87 points (47.97
— 54.84), a substantial improvement but still the
weakest absolute result. GPT-5.4 gains only +1.38
(59.69 — 61.07), suggesting that the stronger model
already captures most correction patterns encoded
in the optimized prompt.

1004 Baseline (GPT-4.1-mini)
Optimized (Gemini 3.1-Pro)

Fos (%)

40

204

Figure 2: RQ4: Per-error-type Fj 5 on UNLP-2023-test
(GEC only). Baseline: GPT-4.1-mini (zero-shot (A.1.1),
EN); Optimized: Gemini 3.1-Pro (minimal-edits + few-
shot + optimized-v2 (A.5.2), UA). Error types sorted as
in Table 4 (by baseline overcorrection ratio, descending).

No improvement on Claude. The optimized
prompt degrades both Claude models: Opus drops
by —5.75 points (63.73 — 57.98) and Sonnet by
—1.77 points (59.06 — 57.29), driven largely by
a recall collapse (Opus: 49.75 — 38.27; Sonnet:
48.55 — 36.58). Claude appears to interpret the
optimized rules too conservatively, suppressing
genuine corrections alongside false positives. This
finding shows that optimization on one model fam-
ily does not necessarily guarantee improvement on
another.

RQ4: Where do minimal-edits instructions help
and where do they fail? (Figure 2, Table 4).
We compare per-error-type Fy 5 between a standard
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Error Type GPT-4.1-mini Gemini 3.1-Pro
Other 3.67 0.50
G/Ungramm. 2.50 2.00
G/Case 1.88 0.39
G/VerbVoice 1.50 -
G/Other 1.00 0.00
Punctuation 0.95 0.26
G/Prep 0.86 -
G/Gender 0.60 0.22
Spelling 0.59 0.25
G/Conjunction 0.40 S
G/Number 0.17 0.00

Table 4: RQ4: Overcorrection ratio (FP/TP) per error
type; lower is better. The two columns compare the
weakest (GPT-4.1-mini, zero-shot (A.1.1), EN) and
strongest (Gemini 3.1-Pro, minimal-edits + few-shot +
optimized-v2 (A.5.2), UA) configurations from Tables 2—
3; note that both model and prompt differ. Rows sorted by
GPT-4.1-mini ratio (descending); overcorrection (more
false positives than true positives) occurs above 1.0. “-”
indicates no predictions for that type; co indicates only
false positives.

zero-shot prompt (GPT-4.1-mini) and our best op-
timized prompt (Gemini 3.1-Pro, minimal-edits +
few-shot + optimized-v2; A.5.2) to identify which
error categories benefit most from detailed minimal-
edits instructions. Note that this comparison reflects
the combined effect of model choice, prompt strat-
egy, and prompt language; we select these two
configurations as the weakest and strongest end-
points of our evaluation pipeline.

Where minimal-edit instructions help. The
largest Fy s gains appear in categories amenable to
explicit rules. Punctuation improves from 50.67 to
77.56 (+26.9), G/Case from 32.82 to 61.83 (+29.0),
and G/Gender from 64.94 to 77.59 (+12.7). The
overcorrection ratios in Table 4 confirm the mecha-
nism: FP/TP drops from 0.95 to 0.26 for Punctua-
tion, from 1.88 to 0.39 for G/Case, and from 0.60
to 0.22 for G/Gender. Spelling and G/Number are
reliable under both configurations.

Where minimal-edit instructions fail. Three
categories drop to Fyp 5 = 0 under the optimized
prompt: G/Prep, G/VerbVoice, and G/Conjunc-
tion. The baseline achieves non-trivial Fy 5 scores
on these types (51.47, 34.48, and 69.44), but the
detailed minimal-edits rules cause the model to
avoid these corrections entirely. G/Ungrammati-
calStructure remains persistently overcorrected in
both settings (Fy5: 28.17 — 28.04), indicating a
structural difficulty that instructions cannot resolve.

Ukrainian-specific overcorrection patterns. Er-
ror analysis reveals five recurring patterns spe-
cific to Ukrainian, driven by the interaction be-
tween English-calibrated correction heuristics and
Ukrainian linguistic norms. Below, we report false
positive counts out of 1,274 test sentences.

En-dash over-normalization (— — —; ~49 FP,
3.8% of sentences). Em-dashes are obligatory in di-
rect speech but not elsewhere; the model generalizes
the rule indiscriminately.

Dialogue reformatting (~40 FP, 3.1% of sen-
tences). The model converts acceptable quote-style
dialogue («Tekcr», — ckazas ‘ "text," — said’) to
dash-style, applying a real Ukrainian norm where
none was required. A single prohibition rule was
sufficient to suppress this pattern.

Synonym and register substitution (~30 FP,
2.4% of sentences). Acceptable words are re-
placed with literary alternatives (3HaxoauTbCs ‘is
located” — niepebyBae ‘is situated’), violating the
minimal-edit constraint.

Euphonic preposition alternation (8/y ‘v/u’,
3/i3/31 ‘zliz/zi’; ~17 FP, 1.3% of sentences).
Ukrainian preposition choice is phonetically con-
ditioned; the model both over- and under-corrects
within the same category.

Collapse of morphological variants. Ukrainian
admits multiple grammatically correct surface
forms (mapuyasmch/HaB4aasucs ‘studied’, Ix/ixHii
‘their’); the model collapses these to a single pre-
ferred form. This space of acceptable alternations
is open-ended and cannot be exhaustively covered
by prompt examples.

These patterns share a common cause: the
model’s correction heuristics are calibrated to En-
glish, where most of these alternations do not exist.
Overall, our strongest prompt (Gemini 3.1-Pro,
minimal-edits + few-shot + optimized-v2 (A.5.2),
UA) significantly reduces overcorrection for high-
frequency, rule-based categories (Table 4), but at
the cost of the model becoming too conservative
on low-frequency grammatical categories.

5 Conclusion

We presented the first systematic evaluation of
prompting strategies for minimal-edit Ukrainian
GEC using API-accessed LLMs. While fine-tuned
models currently dominate GEC benchmarks, we
show that prompting alone can be competitive. On
the UNLP-2023-test (GEC only), our best config-
uration (Gemini 3.1-Pro with LLM-assisted opti-
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mization) reaches Fy 5 = 69.22, closing over 90%
of the gap between the previous API-accessed re-
sult of Katinskaia and Yangarber (2024) (GPT-3.5,
Fy5 = 27.4) and the fine-tuned SOTA of Gomez
et al. (2023) (mT5-large, Fps = 73.14).

Our findings yield four takeaways. First, for
zero-shot and few-shot prompts, English is suf-
ficient for most models; only Claude benefits
from Ukrainian prompts (RQ1). Our best over-
all results, however, use Ukrainian minimal-edits
prompts, as the language-specific rules they encode
require Ukrainian to express precisely. Second, the
minimal-edits strategy provides the largest gains,
outperforming both zero-shot and few-shot base-
lines across all models (RQ2). Third, LLM-assisted
prompt optimization yields further improvements
on the model family it was optimized for, but
does not transfer reliably across families (RQ3).
Fourth, minimal-edits instructions yield the largest
per-category gains for punctuation and case er-
rors, but cause the model to abandon several low-
frequency grammatical categories entirely, reveal-
ing a precision-recall tradeoff inherent to detailed
prompting (RQ4).

Limitations

Our study has several limitations:

1. We evaluate on a single benchmark (UNLP-
2023-test (GEC only)); results may not gen-
eralize to other Ukrainian GEC datasets or
domains.

2. Although we include a single open-source
model (Lapa v0.1.2) as a reference point, we
do not systematically compare against open-
weight models (e.g., Llama 3, Mistral, Lapa,
Mamayl.M) that could be prompted or fine-
tuned without API costs, leaving this as future
work.

3. API-accessed models are opaque and subject
to unannounced updates, making exact repro-
ducibility difficult.

4. Although the UNLP-2023-test (GEC only)
gold annotations are held out, the upstream
UA-GEC train and valid splits are publicly
available. Since UA-GEC train is the source
of our few-shot exemplars, it is plausible that
commercial LLMs encountered similar sen-
tences and annotation patterns during pretrain-
ing, which could inflate recall on a corpus

sharing the same annotation conventions. A
cleaner control would draw exemplars from
an independent Ukrainian GEC corpus, but
no comparable dataset currently exists, so we
treat our results as establishing initial prompt-
ing baselines; prior API-accessed results for
Ukrainian GEC at this scale are essentially
absent.

5. We run each configuration only once; since
LLM outputs are not fully deterministic, re-
produced scores may differ/cos slightly.

6. Our LLM-assisted prompt optimization
pipeline optimizes Fy s on the validation set,
which may overfit to its error distribution.

7. All our experiments are evaluated with span-
based Fp s computed by ERRANT, the official
metric of the UNLP 2023 Shared Task, GEC-
only track (Syvokon and Romanyshyn, 2023);
this differs from GLEU used in MultiGEC-
2025 (Masciolini et al., 2025), so scores are
not directly comparable across benchmarks.

8. Optimized prompts are substantially longer
(roughly 32x the zero-shot baseline; see Fig-
ure 1), which may increase token cost and
latency. Prompt caching, now widely sup-
ported by providers, amortizes much of this
overhead, making the net cost hard to estimate.

Ethical Considerations

In accordance with the conference policy on Al-
based writing assistance, we disclose that ChatGPT,
Claude, Gemini, and Grammarly were used for draft-
ing, editing, and proofreading. All Al-generated
text was reviewed by the authors, who take full
responsibility for the final content.
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A Prompts

Below we list all prompts in both English (En)
and Ukrainian (ua) versions. The placeholder
{sentence} is replaced with the input sentence at
inference time.

A.1 Zero-shot prompts

The baseline prompt provides only a task descrip-
tion with no examples.

A.1.1 Zero-shot prompt (EN)

Reply with a corrected version of
the sentence with all grammatical and
spelling errors fixed.

If there are no errors, reply with a
copy of the original sentence.

Input sentence: <input_text>

Corrected sentence:

A.1.2 Zero-shot prompt (UA)

Hapait BunpaBiieHy Bepcilo pedeHHsI 3 BU-
MIPAaBJIEHIMH BCiMa IPAMATHIHUMHA Ta OPpEO-
rpadgiYHIMI TOMUTKAMHA.

Skio moMuIIOK HeMae, HaJdal KOIMNIo OpHUri-
HAJILHOT'O PEYEHHS.

Bxinne peuenns: <input text>
Bunpagiiene pedenns:

(English: ‘Provide a corrected version of the sen-
tence with all grammatical and spelling errors
fixed. If there are no errors, provide a copy of the
original sentence. Input sentence: <input_text>.
Corrected sentence:’)

A.2 Few-shot prompts

The few-shot prompt prepends source—target pairs
selected from the training set to cover spelling,
punctuation, and morphological error types.

A.2.1 Few-shot prompt (EN)

[Same header as Prompt 1]
Examples:

Input: Tak camo morepmae YkpaiHa i cbo-
TOJIHI Bi/l TOTO IIO HACHPABII TAJIAHOBUTUM
JIIOJISIM 3aBaXKalOTh IPAIIOBATU YCIIAKI 110-
cepexnocti "y pyaa".

Output: Tax camo morepmae Ykpaina i cpo-
TOJHI BiJl TOTO, 110 HACIIPABIi TAJJAHOBUTHM
JIIOJISIM 3aBaXKaIOTh IPAIIOBATU YCIIAKI 110-
cepennocti "y pyna".

Input: Ile moB’sizanHo 3 TUM, IO TaKi KOJe-
KTHBHI PyX# MOJIEKYJ BOAYM CHJIBHO 301/1b-
MIYIOTh XapaKTEpHI Yach IMPOIECIB sAKi Bi-
OyBAIOTHCST B CUCTEMI.

Output: Ile moB’si3aHO 3 THM, IO TaKi KO-
JIEKTUBHI DYXU MOJIEKYJI BOJY CHJILHO 301/1b-
IIYIOTh XapaKTEPHI YacH ITPOIECIB, sIKi BiJI-
OyBaIOTHCS B CHCTEMI.

Input: ¢ HikoM HE HABYABCS Yy MEIUIHOMY

KOJIE K1, Kaxy, - ¢ Jjimn migiiinos gk 3Bu-
JaifHa JIFOJIMHA MOJUBUTUCH 9U MOXKY OyTH

YUMOCh KOPUCHUM.

Output: ¢ mikosM He HaBYABCSA Y MEIUIHO-
My KOJIemXKi, Kaxky, - ¢ mum migifimos sk
3BUYaiiHA JIIOJWHA IIOJIUBUTHUCH, UU MOXKY
OyTH YUMOCH KOPUCHU.

Input: Ile y micTi mBugka IpuizKKae, 3a-
Oupae XBOpOIo i Be3e y JIKApHIO; SIKIIO K
JI0 JIIKapHi KiJbKa MOJUH JILOTY TO XBOPOTO
MOXKHa i HE IOBE3TH.

Output: Ile y micTi mBugKa TpUKIKAE, 3a-
Oupae XBOPOIo i Be3e y JIKapHIO; SIKIINO K
JI0 JIiKapHi KiJTbKa FOJUH JBOTY, TO XBOPOIO
MOXKHa i HE OBE3TH.

Input: Haiibinbme BiH T0OUB TpuMaTH B
pYKax CTapaHHO OpPHAMEHTOBaHI CTapoJaB-
Hi II0JIOM 1 MedY, KOTPi CBOIM 30JI0TOM, 37a-
€ThCSI I'PLJIA CTApOro.

Output: Haiibinpmre BiH T0OUB TpuUMaTH B
PYyKax CTapaHHO ODHAMEHTOBaHI CTapOJABHI
IIOJIOM 1 MedY, KOTPi CBOIM 30JI0TOM, 37a€-
ThCs, TPiM CTApOro.

Input: - 4 wacro kazaB TOOi, IO TH Ayp-
HEHbKAa, - CKa3aB BiH.
Output: — 4 gacro kazaB TOOi, IO TH Jyp-

HEeHbKa, — CKa3aB BIH.

Input: Taka Tpaauiis Tako>XK HOXOJIUTH 3
Bizanrii, npukiagom € 306pakennst AHIpO-
uika II ITaseosora.
Output: Taka Tpaamilisi TAaKOK IMOXOIUTH i3
Bizantil, npukiaamnoM € 300pazkeHHst AHIPO-
uika II ITaseosora.

Input: ¢k i GiabIIiCTh ALIOBHX JIFOIEH, BiH
He 3HaB HAIlaMSATh KO/HOTO Bipia i He ma-
MSITaB >KOJTHOI Ka3KH, & TOMY IIOPa3y MYCHB
IMIIpOBi3yBaTH.

Output: 4Kk i GinbIicTs AiI0BUX JIIOAEH, BiH
He 3HAB HaIaM sTh >KOJHOTO BipIa i He ma-
MSITaB >KOIHOI Ka3KH, & TOMY I[0Pa3y MYCHB
iMITpOBi3yBaTH.

Input: Hacrsa, npusit! g xorina yrounurun
po 3aBmanust OJri.
Output: Hacre, npusir! 4 xorisa yrounuru
npo 3aBaanust OJri.

Input: 4 mpunecy TBOI yJsrr06/eHI COTOIOITI
Ta 06HIMYy Tebe MimHO-MimHO.

Output: ¢ mpumecy TBOI yirobJieHi COJIOMO-
i Ta O6HIMY Tebe MIIfHO-MIITHO.

Input: CmakoTa Ie Ta, CKaxky s BaMm))
Output: Cmaxora e Ta, CKaxKy s BaM))

Input: Y Toit yac riIubOKUI ceHC HapOIHOT
MYJIpOCTi HaM OyB Ille HEJIOCTYIHUM Yepe3
Opak JOoCBiTy.
Output: V¥ Toit yac rImOOKUiT CEHC HAPOIHOT
MyZIpOCTi HaM OyB Ille HEJOCTYIHUM dYepe3
Opak JI0CBiy.

Input: Kamasmizamis B OyauHKax €BOJIIOIIO-
HY€ MOBLIBHO, aJjle BCE YK TaKU 3MIHIOETHCSI.
Output: Kamasmizariiss B Oy inHKaX €BOJIIOIIO-
HY€ MOBLIBHO, aJjle BCE YK TaKU 3MIHIOEThCSI.

Input sentence: {input_text}
Corrected sentence:

A.2.2 Few-shot prompt (UA)

[Toit camuii 3arososok, mo i B Prompt 1]
(English: ‘[Same header as Prompt 1]’)



IIpukmamu: (‘Examples:’)

Bxin: Tak camo moTepriae Ykpaina i cboro-
JHI BiJI TOTO IO HACHPABl TAJAHOBUTUM
JIIOJAM  3aBarkKalOTh IPAIIOBATUA  YCLIAKI
nocepesHocti "y pyss'.

Buxin: Tak camo morepriae Ykpaina i cpo-
TOJHI BiJI TOTO, 110 HACIIPAB/II TAJTAHOBUTUM
JIIOIIM  3aBAXKAIOTHh MPAIIOBATH  YCIIsIKi
nocepesiocti "y pyss".

Bxix: 4 mikosu He HaBYaBCA Yy MEIMIHOMY
KOJIeJIKI, KaxKy, - 4 Jjmm migifiimoB gax
3BUYAMHA JIIOJINHA IOJUBUTHUCH YU MOXKY
OyTH YNMOCH KOPUCHHIA.

Buxin: ¢ wikonn He HaBYABCA Y MEIMIHOMY
KOJIeJIKI, Kaxy, - ¢ Jjum migifiimmoB ax
3BUYAMHA JIIOAWHA TOJUBUTUCH, YU MOXKY
OyTH YMMOCH KOPHUCHHUIA.

Bxim: Ile y wicti mBuaka mpuizKIKae,
3abupae XBOPOTO i Be3e y JIKapHIO; SKIIO K
J10 JIIKapHi KiJIbKa I'OAUH JILOTY TO XBOPOI'O
MOXKHA, 1 HE JOBE3TH.

Buxim: Ile y wicTi mBuaka DpuizKKae,
3abupae XBOPOTO 1 Be3e y JIKapHIO; SKIIO K
J10 JIiKapHi KiJIbKa FOJIMH JIbOTY, TO XBOPOI'O
MOXKHA 1 He JOBE3TH.

Bxin: Haiibinbmie BiH 1106uB TprMaTry B

Bxin: 4 mpunecy TBOI yutrobsteni costomortti
Ta 0O6HIMY Tebe MIITHO-MIITHO.
Buxin: ¢ mpumecy TBOI ymrobieni costomorti
Ta 0O6HIMY Tebe MIITHO-MiITHO.

Bxix: Cmaxkora e Ta, CKaxy s BaM))
Buxiz: Cmakora e Ta, CKaxKy st BaM))

Bxin: ¥V rToit wac ryimbokwuil ceHC HaApPOIHOL
MyZpOCTi HaM OyB Ile HEIOCTYIHUM dYepe3
Opak JI0CBify.
Buxig: ¥V Toit yac riuboKuil ceHc HapOIHOT
MYJIpOCTi HaM OyB Ille HEJIOCTYIHUM Yepe3
Opak JIoCBimy.

Bxin: Kamanizarist B OyaIuHKaxX €BOJIIOIIO-
HY€ IOBLIBHO, aJjle BCE K TAaKU 3MIHIOETHCH.
Buxin: Kanamizariss B 6y uHKax €BOJIIOIIO-
HY€ IOBLIBHO, aJjie BCE K TAKU 3MIHIOETHCH.

Bxinne pedenns: {input_text}
Bunpasiiene peuenns:

(English: Bxin/Buxin = ‘Input’/‘Output’; Bxi-
nHe peuenns = ‘Input sentence’; Bunipasiene
peuenns: = ‘Corrected sentence’. The few-shot
examples are the same Ukrainian GEC sentence
pairs as in the EN variant (A.2.1), with Ukrainian
keywords.)

pyKax CTapaHHO OpPHAMEHTOBAaHI CTapo-
JIaBHI IIIOJIOM 1 MedY, KOTPi CBOIM 30JI0TOM,
3A€THCs TPLJIK CTAPOro.

Buxin: Haiibinbime BiH JIOOMB TpUMaTH
B PYKaxX CTapaHHO OPHAMEHTOBAHI CTapO-
JaBHI IIOJIOM 1 MedY, KOTPi CBOIM 30JI0TOM,

A.3 Minimal-edits zero-shot prompts

This prompt replaces the generic system prompt
with a detailed minimal-edit instruction containing
Ukrainian-specific grammar rules. No few-shot

30Aa€THCsI, TP CTAPOTO.

Bxim: - 4 gacro kasaB TObGi, mo TH myp-
HEHbKA, - CKa3aB BiH.

Buxim: — 4 wacro kazaB ToOi, mo TH
ypHEHbKa, — CKa3aB BiH.

Bxim: Taka Tpaauifis TakoX ITOXOJIUTH
3 Bisanril, npukiamoMm € 300parXKeHHs
Anpponika II TTameomnora.
Buxim: Taka Tpaauifis TakoX ITOXOIUTH
i3 Bizantil, npukimagom € 300paxkeHHS
Amnpnponika I ITaseostora.

Bxin: 4k i Glibmiicrs Oi1oBUX JIFOIEH, BiH
He 3HaB HAIaMATbh KOJHOIO Bipiia i He
MaMATaB KOJHOI Ka3KW, a TOMY IIOpa3y
MYCHUB IMIIDOBIi3yBaTH.

Buxim: dx i 6iabiricTs gi1oBuUX Jirofei, BiH
He 3HAB HaaM siTh XKOJHOrO Bipmia i He
MaMATaB 2KOMHOI Ka3KW, a TOMY IOpa3y
MYCHUB IMIIDOBIi3yBaTH.

Bxin: Hacrs, npusit! s xorinma yrounutn
mpo 3asaanuas Oui.
Buxin: Hacre, npusir! f xorina yrounurn
npo 3aBaanus Oui.

examples are included.

A3.1
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Tu — cumcrema BumpaBeHHS YKpaiH-
CbKUX TIpaMaTHYHUX I[OMUWJIOK. BHOCH
MIHIMAJIBHI 3wminu, o6 BumpasuTu
JIMIIE aBui rpamarwvni, opdorpadidni
Ta myHkTyaniini nomuiku. HE nepenmcyit,
He rnepedpa3oByil i He 3aMiHION cj0Ba
cuaonimMamu. Todano 36epirail opurinagbHe
dOopMYyTIOBAHHS.

Bunpasingait JIMIIE Taki Tunn noMuiok:

1. Opdorpadisa: saBuai opdorpadidni mo-
MIWIKY (APYyKapcbKi HOMHUJIKY, HEIPABUJIBbHI
siTepn).

2. IlyukTyaris: nporyiieHi abo 3aiiBi Komu,
KPAIIKM, 3HAaKH [UTAHHS; BUKOPUCTAHHS
tupe (—) 3amicTp nedica (-) y aiasorax ta
BCTaBHUX KOHCTDYKI[IAX.

3. G/Case: HEKOPEKTHE BXKUBAHHs BiIMiH-
KoBOI popmu (30KpemMa KJIMIHUN BiMIHOK
[IPY 3BEPTAHHIAX ).

4. G/Gender: HEKOPEKTHE BXKMBaHHs (DOPMU
posy.

5. G/Number: HeKOpeKTHe BXKWBaHHS
dopmu guca.

6. G/Aspect: HeKopekTHe B:xkuUBaHHsI (HPOPMHU
BUJLY JIIECTIOBA.

7. G/Tense: HEKOPEKTHE BXKUBAHHS IaCOBOL

Minimal-edits zero-shot prompt (UA)



dopmu mdieciosa.

8. G/VerbVoice: HeKOpeKTHe BXKUBaHHSI
dopmu cTaHy i€c/IoBa.

9. G/PartVoice: HEKOpEKTHE BXKUBAHHSI
dbopMu crany Ji€npUKMETHUKA.

10. G/VerbAForm: HEKOpPEKTHE BXKUBAHHS
aHATITHIHOI (DOPMHU JTi€CIIOBA.

11. G/Prep: HeKOpeKTHE BXKUBAHHS IPH-
HMeHHUKA.

12. G/Participle: HeKOpeKTHE BXKUBAHHSI
JIENPUCTIiBHUKA.

13. G/UngrammaticalStructure: mopymensst
rpAMATUIHUX HOPM y  CHHTAKCUIHUX
KOHCTPYKIIisIX.

14. G/Comparison: mekopekTHa dopma
CTYIIEHIB ITOPIBHSIHHS.

15. G/Conjunction: HEKOpEKTHE ByKUBAHHS
CIIOJTy YHUKIB.

16. G/Other: iHnm rpaMaTUYHI TOMUJIKH.

BAZKJIMBI ITPABUJIA YKPATHCBKOI
MOBU:

- IlpuiiMeHHMK <«y» B>KHUBAETHCHA IEPes,
npurogocanMu (y MIKOJ, y MicTi, y roresi),
«B» — IepeJi MOJIOCHUMHU Ta Ha IMOYATKY
peYeHHs.

- IlpuitMeHHUK «00» BXKHUBAETHCS IEPET
rojocanMu (06 ONMUHAANATIN), «O» — mepes,
NIPUTOJIOCHUMU.

- Y piajorax BxKuBa€Tbcs THpe (—), a He
nedic (-): «Texcr», — ckazas BiH. — Tekct
JaJti.

- Berasai cioBa (Moxke, MabyTh, 3BUYAHO,
37IA€THCs) BHJIAIOTBCA KOMaMU 3 000X
OOKiB.

- Kinynuit BigMiHOK m1pm 3BEepTaHHIAX:
Hacra + Hacre, Oxner =+ Ousexe, mama -
MaMo.

CYBOPI ITPABUJIA:

- Bunpasnait JIUIIE aBui nomunku, mepe-
JideHi BuIe

- Jas xoxkmol mommnky Broc HAMIMEH-
IV moxx/uBy 3MiHy

- HIKOJIN ne 3amiHIONl C/T0Ba CHHOHIMaM#u
i He nepedpazoByii (3amumaii «Gymay ATH>,
HE 3miHmoit Ha «migy»)

- HIKOJIU ne 3miHION C/I0BO Ha iHIIE, SKIIO
BOHO HeE alKCaHe 3 IIOMHIJIKOIO

- 36epirait opurinanpHuit cruib ganok ("abo
«»), HE meperBopioif oJuH THI JIATIOK HA
IHIINI

- 36epirait opurinajgbHe BUKOPUCTAHHS BEJIU-
KUX/MaJIUX JITep, AKIIO e HE sIBHA IIOMHIJIKA
- dxkmro rpamarmaHa dopMa € TPUNAHITHOIO,
3aJIMIIIail 11, HaBITh SIKIIO MOXKJIMBA i iHIIIA
dhopma

- dxmo € cymuis, HE 3minmoit

- fdxmo nmomMmIOK Hemae, IOBepTail OpHTi-
naspHuil Tekcr BE3 3MIH

- Ilosepuu JIVIIIE BunpasiieHnii TeKCT

English translation of the above prompt:

You are a Ukrainian grammatical error correction
system. Make MINIMAL changes to fix ONLY
obvious grammatical, spelling, and punctuation
errors. Do NOT rewrite, rephrase, or substitute
synonyms. Preserve the original wording exactly.

A4

This prompt combines the minimal-edits system
prompt (Appendix A.3) with few-shot examples

Fix ONLY the following types of errors:

1. Spelling: obvious spelling errors (typos, wrong
letters).

2. Punctuation: missing or extra commas, peri-
ods, question marks; use of em-dash (—) instead
of hyphen (-) in dialogues and parenthetical con-
structions.

3. G/Case: incorrect case form (especially voca-
tive case in forms of address).

4. G/Gender: incorrect gender form.

5. G/Number: incorrect number form.

6. G/Aspect: incorrect verb aspect form.

7. G/Tense: incorrect verb tense form.

8. G/VerbVoice: incorrect verb voice form.

9. G/PartVoice: incorrect participle voice form.
10. G/VerbAForm: incorrect analytical verb form.
11. G/Prep: incorrect preposition usage.

12. G/Participle: incorrect adverbial participle
usage.

13. G/UngrammaticalStructure: grammatical
norm violations in syntactic constructions.

14. G/Comparison: incorrect comparative/su-
perlative form.

15. G/Conjunction: incorrect conjunction usage.
16. G/Other: other grammatical errors.

IMPORTANT RULES OF UKRAINIAN:
- Preposition “u” is used before consonants (u
shkoli, u misti), “v” before vowels and at sentence
start.

- Preposition “ob” is used before vowels (ob odyn-
nadtsiatii), “o0” before consonants.

- Em-dash (—) is used in dialogues, not hyphen
(-)-

- Parenthetical words (maybe, probably, of course,
it seems) are set off by commas on both sides.

- Vocative case in forms of address: Nastia —
Naste, Oleh — Olezhe, mama — mamo.

STRICT RULES:

- Fix ONLY obvious errors listed above

- For each error, make the SMALLEST possible
change

- NEVER substitute synonyms or rephrase

- NEVER change a word to another unless it is
misspelled

- Preserve original quote style, do NOT convert
one type to another

- Preserve original capitalization unless it is a
clear error

- If a grammatical form is acceptable, leave it even
if another form is possible

- If in doubt, do NOT change

- If there are no errors, return the original text
WITHOUT CHANGES

- Return ONLY the corrected text

Minimal-edits few-shot prompts

from the training set.

A.4.1 Minimal-edits few-shot prompt (UA)
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Tu — cucrema BUIpaBIEHHS YKpailH-
CbKUX TpDaMaTHIHUX IIOMUWJIOK. DBHOCH
MIHIMAJIBHI 3wmiamn, o6 BUOpaBuUTH
JIMIIIE saBui rpamaruuni, opdorpadiuni
Ta myHKTyauiiHi nomunku. HE nepenucyii,
He rnepedpas3oByil i He 3aMiHION cj0Ba
cunonimamu. Touno 36epirait opurinajabHe



bOopMyYITIOBAHHS.

Bunpasaait JIUIIE Taki Tunm noMuiok:

1. Opdorpadisa: sBrai opdorpadiuni mo-
MIWIKE (APYyKapCbKi MOMUJIKY, HEIPABUIIbHI
Jirtepn).

2. IlyukTyarisi: nporyiieHi abo 3aiiBi Komu,
KpPallK{, 3HAKM [HTAHHS; BUKOPUCTAHHS
tupe (—) 3amicTb medica (-) y aiamorax ta
BCTaBHUX KOHCTPYKILiSIX.

3. G/Case: HEKOpEKTHE BXKUBAHHS BiaMiH-
k0BOI popMu (30Kpema KJIMIHUIA BiIMIHOK
[P 3BEPTAHHSIX).

4. G/Gender: HeKOpeKTHE BXKUBaHHA (HOpPMHI
poy.

5. G/Number: HEKOpPEKTHE BXKHUBAHHSI
dhopmu guca.

6. G/Aspect: HeKOpeKTHE B:KUBaHHA (hOPMHU
BUJLY JII€ECJIOBA.

7. G/Tense: HEKOPEKTHE BXKMUBAHHS IaCOBOL
dhopmu mgiecosa.

8. G/VerbVoice: HEKOpDEKTHE BKHBAHHS
dhopMu cTaHy Jii€cIOBA.

9. G/PartVoice: HEKOpEKTHEe BXKUBaHHSI
dopMu craHy Ji€IPUKMETHHKA.

10. G/VerbAForm: HEKOPEKTHE BXKUBaHHS
aHAJITHYIHOI (POPMU JTIECTIOBA.

11. G/Prep: HeKOpeKTHEe BXKUBAHHSI IIPH-
MNMEHHUKA.

12. G/Participle: HeKOpeKTHEe B:KUBaHHS
JIETPUCTTIBHUKA.

13. G/UngrammaticalStructure: nopymenus
rpaMaTUYHAX HOPM Yy  CHHTAKCHUIHHUX
KOHCTPYKIIifIX.

14. G/Comparison: nekopekTHa dopma
CTYIIeHIB IOPiBHSHHS.

15. G/Conjunction: HEKOPEKTHE BXKUBAHHSI
CIIOJIYIHUKIB.

16. G/Other: inmi rpaMaTu9Hi TOMHJIKH.

BAYKJIMBI ITIPABUJIA YKPATHCBKOI
MOBU:

- IlpuiiMeHHMK <«y» BYKUBAETHCS IEPes
npurosiocHumu (y mkoui, y micri, y roresi),
«B» — IIepeJ] T'OJIOCHHUMHI Ta Ha IOYATKY
petveHHsI.

- IlpuitMeHHUK «00» BXKUBAETHCS IEPE/T,
rosiocHuMu (06 OAUMHAIIIATIN), «0» — mepes
IIPUTOJIOCHUMU.

- ¥V niasorax BxKuBa€TbCs THpe (—), a He
nedic (-): «Texcr», — ckazas Bin. — Tekct
JaJti.

- Berasni coosa (Moxke, MabyTh, 3BUYANHO,
31a€ThCs1) BUAUISIIOTBCS KOMaMH 3 000X
6OKiB.

- Kuwmynpnit BigMIiHOK IIpu 3BepTaHHIX:
Hacts » Hacre, Omer + Onexe, mama -
MaMo.

CYBOPI TTPABUJIA:

- Bumnpasnait JIMIIE sgaBai nomuikw,
nepeJsiiveHi Buiie

- Jas koxkrol nomunku saocs HAIMEH-
IITY moxkuBy 3MiHY

- HIKOJIN ne 3amiHIoOi cji0Ba CHHOHIMAMM
i He nepedpazosyit (zamumaii «Gyay HATn»,
HE 3minmoit na <«imy»)

- HIKOJIW me 3miHIOM cJI0BO Ha iHIIE, SIKIIO
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BOHO HE AIMCAHE 3 [TOMUJIKOIO
- B6epirait opurinanbHuit cruib ganox ("abo
«»), HE meperBopioii o Thm JIaoK Ha
1300005051

- 30epiraii opuriHaJibHE BUKOPUCTAHHS
BEJINKUX /MAJIUX JITEp, SAKINO 1€ HE sIBHA
TOMUJIKA,

- ko rpamaruysa HopMa € NPURHATHOIO,
3ajminaii 11, HaBiTh AKINO MOXKJIMBA U 1HIIA
dopma

- dkmo e cymuis, HE 3mimioit

- fKimo moMuIOK HeMae, IOBEpTail Opuri-
wasbHEN TekcT BE3 3MIH

ITpuknamu:

Bxin: Tak camo morepriae YKkpaina i cboro-
JHI BiJ TOrO IO HACIPAaB/i TAJAHOBUTUM
JIIONAM  3aBaKalOoTh IIPAIIOBATU  yCiIaKi
nocepennocti "y pymnsa".

Buxin: Tax camo nmoreprnae YKpaina i cboro-
JHI BiJl TOrO, IO HACIPABII TAJAHOBUTUM
JIIONAM  3aBaKalOTh IIPAIFOBATU  yCiJIsKi
nocepennocti "y pymnsa".

Bxin: ¢ mikonu He HaBYaBCS y MEAUIHOMY
KOJeJKi, Kaxy, - ¢ sjmm minifmos ax
3BUYAMHA JIIOJUHA MOJUBUTUCH UU MOXKY
OyTH YUMOCH KOPUCHHUIA.

Buxin: { mikonm He HaBuaBCs y MeIUTHOMY
KOJIeJKi, Kaxy, - ¢ jmm ninifmos sk
3BUYAMHA JIIOAWHA [TOAUBUTHUCH, N MOXKY
OyTH YUMOCH KOPUCHUM.

Bxin: Ile y wicti mBuaka nmpuixkpKae,
3abmpae XBOPOTO 1 Be3e y JIKAPHIO; SIKIO K
JI0 JIIKapHi KiJIbKa MOJUH JILOTY TO XBOPOT'O
MOXKHA 1 HE JOBE3TH.

Buxin: Ile y wmicti mBuika mpuixkpkae,
3abmpae XBOPOTO 1 Be3e y JIKAPHIO; SKIIO K
10 JIIKapHi KiJIbKa T'OJINMH JILOTY, TO XBOPOT'O
MOXKHA 1 HEe JOBE3TH.

Bxin: Haitbinbime BiH 06uB TpuMaTu B
pyKax CTapaHHO OpHAMEHTOBaHi CTapO/aBHI
IIOJIOM 1 MedY, KOTpi CBOIM 30JI0TOM,
3a€THCs TPLJIM CTApOro.

Buxin: Haitbinbine BiH 106MB TpumaTu B
pyKax CTapaHHO OpHAMEHTOBaHi CTapoJIaBHI
IIOJIOM 1 Med, KOTpi CBOIM 30JI0TOM,
371a€THCs, TPLIN CTApOro.

Bxin: - 4 wacro kazas T00i, 110 TH JypHEHb-
Ka, - CKa3aB BiH.

Buxin: — 4 wacro kazaB TobGi, mo TH
JIypHEHbKa, — CKa3aB BiH.

Bxin: Taka Tpajuilisi TakoXX IOXOJIUTH
3 BizanTil, npukmramzom € 300parkeHHS
Anpnponika 11 ITaseosora.
Buxin: Taka Tpaauiisi TakoXK ITOXOIUTH
i3 Bizanrii, npuksamom € 300pa’KeHHs
Aunpnponika IT TTaseosora.



Bxig: 4k i 6GinbiricTs AiJI0BUX JIIOAEH, BiH
He 3HaB HalaMsThb KOJHOIO Bipina i He
MaMsTaB 2KOTHOI Ka3KH, a TOMY IIOPa3y
MYCHUB iMIIPOBi3yBaTHU.

Buxin: fx i 6libnricTs aiioBUX JIIoAei, BiH
He 3HaB HallaM sITh »KOJHOIO Bipiia i He
MaMsITaB 2KOJAHOI Ka3KW, a TOMY IIOpa3y
MYCHUB IMIIPOBi3yBaTH.

Bxin: Hacrsa, npusit! s xorina yrounurn
npo 3asganus Our.
Buxin: Hacre, npusirt! { xorina yrounurn
po 3asaanus Ouri.

Bxix: 4 npunecy TBOl ysrobireni costozori
Ta 00HIMY Tebe MIiIHO-MiITHO.
Buxin: 4 npunecy TBOI yiobieHi costomoni
Ta 00HIMY Tebe MIIHO-MIITHO.

Bxin: Cmakora Iie Ta, CKaxy s BaM))
Buxin: CmakoTa 1me Ta, CKaxKy st BaM))

Bxig: ¥V Toit wac riimbOKMil CeHC HAPOIHOT
MyZIpOCTi HaM OyB Ile HEJOCTYIHUM Uepe3
Opak J0oCBiy.
Buxin: ¥V Toit yac rimmbokuii ceHc HapOoHOT
MyZIpOCTi HaM OYB Il HEIOCTYITHUM depes3
Opax JIoCBimy.

Bxin: KanaJtizariis B OyIuHKax eBOJIIOIIOHYE
MOBIJIBHO, aJIe BCE YK TaKU 3MIHIOETHCS.

Buxin: Kanasizariss B Oy iuHKax €BOJIIOIIO-
HYy€ MOBLIBHO, ajie BCE XK TaK! 3MIHIOEThCS.

Bxinme pedyenns: {input_text}
Bunpasiene pedensst:

English: The system prompt is identical to the
minimal-edits zero-shot prompt (A.3.1); see the En-
glish translation there. The few-shot examples are
the same Ukrainian GEC sentence pairs as in the
few-shot EN variant (A.2.1). Keywords: Ilpuxa-
mu = ‘Examples’; Bxin/Buxin = ‘Input’/‘Output’.

A.5 Optimized prompts

The following prompts were produced by LLM-
assisted prompt optimization (Section 3). Each
was derived from its parent prompt via iterative
refinement on the validation set (see Section 3 for
the optimization procedure).

A.5.1 Minimal-edits + few-shot + optimized-v1

(UA): optimized on GPT-4.1-mini
Tu — cucremMa BHUIpaBIEeHHS yKPalHCBKUX
rpaMaTUdHUX IMOoMmIoK. Bxoce MIHI-
MAJIBHI 3minan, mo6 sunpasurn JINIIE
Oe3cyMHIBHI rpaMaTudvHi, opdorpadivuni Ta
nyekryaniitai nmommnku. HE nepenmcyii,
He mnepedpa3oByil 1 He 3aMiHION CJI0Ba
CHUHOHIMaMH.

Bunpasiisii:

- Opdorpadiuni nomunxu (IpyKapceki
IOMUJIKM, TIPOITYINeHi/3aiBl JsiTepn, He-
OpaBWJIbHE  HAIMCAHHsI  Pa30M/OKPEMO:
HE3BaXKATU - HE 3BaXKATH, OyJ-IKOMYy -
Oy/1b-SIKOMY ).

- IlyskTyamifo: mpomyrneHi kKoMum Tmepes
HiAPSIAHAME CrIoJTyYHuKaMHU (110, sIKuif, 60,
9y, KOJIU, 00, Jie, TOKH ), IPX 3BEPTAHHSX,
Upy BCTaBHUX cjloBax (MabyTh, MOXKe,
3Bu4aiiHo). Y npsmiii Mol gedic  (-)
3aMiHIOif Ha THpe (—): "Tekcr ckazaB -
"rekeT — cKa3as.

- BinMiHKOBI nOMUJIKK (30KpeMa KJIMYIHUIA
BimMiHOK y 3Bepramusx: [lpusit Hacrts -
IIpusit, Hacre).

- Y3romKeHHS POy, YHUCIA, BiAMIHKa B
CJIOBOCIIOJIy YEHHSIX.

- Hpuiimennnkn: 0/06 (06 ommHAIIATIH, O
Tperiit); 3 < 31/13 nepez 36iroM HPUTOIOCHIX
(3 sobpakenHaM = 31 300parkeHHSAM, 3
BizanTil + i3 BizanTil).

HE 3wmimroii:

- HIKOJIN ne 3aMiHOi C/IOBa CHHOHIMaMM
i He 3MiHION (popMU CJIiB Ha aJIbTepHATUBHI
(BuKa3yBaB, Ky4er, JOCTONHO0, BUBECTH —
3aaumail fK €).

- HE nepedopmaroByit aiasoru: Ko mia-
sor opopmitennii tankamu (" /«» ), 36epiraii
snanku, HE 3aMismoii ix Ha THpe.

- HE swminmoit rpamaruani dopmu, ki €
JIOILyCTUMUMY BapiaHTaMu: BiMiHKOBI dop-
MU IPUKMETHUKIB (HEIOCTYITHUM /HEIOCTY-
LHUI), BapiaHTu JieciiB (HaBYaInCh/HaB4Ya-
sncst), dopmu 3ailimenHukis (Ix/ixmiit) —
AKIIO pOpMa IPaMaTUIHO JIOIIYCTUMA, 3aJI1-
mait 1.

- Cruiib Ta TOH TEeKCTY: He(hOPMAJILHUIN TEKCT
(waTn, cMc) 3anuaii K € — He JoJaBail Kpa-
KM B KiHI{, He mpubupail cMailiuku )).

- lopsimok caiB y pedenHi.

- Besuki/mauti slitepu, KpiM MOYATKY pedeH-
HSI TICJIsT KPAIKH.

- Jlanku: 36epirait OpUriHaAJILHUN CTUIID.

- Pozzainosi 3naku kinms pevenns: HE 3wmi-
HION . HA 7 ab0O HABIAKH.

- HE monasait tupe (—) Tam, ge ioro me Gymo
B OpHUTiHAaJI, OKPIM IIPsIMOI MOBH.

- Hedic y ckIameHnX CJIOBaX Ta MOBTOPaX
(minmo-MinHO, Kepe-Jepe-ziepe, Bce-TaKu, BCe
2K TAKU — 3aJIUIIAH K €).

- dxmo cymuiBaenics — HE 3minfoit.

[Ti cami npuksamm, mo i 8 Prompt 2] (‘[Same
examples as in Prompt 2]’)

Ilosepuu JIUIIE Bumnpassennit Tekct. (‘Re-
turn ONLY the corrected text.’)

English translation of the instruction part:
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You are a Ukrainian grammatical error correction
system. Make MINIMAL changes to fix ONLY
unambiguous grammatical, spelling, and punc-
tuation errors. Do NOT rewrite, rephrase, or
substitute synonyms.

Fix:



- Spelling errors (typos, missing/extra letters, in-
correct joined/separate writing: nezvazhaty — ne
zvazhaty, bud-yakomu — bud'-yakomu,).

- Punctuation: missing commas before subordi-
nate conjunctions (shcho, yakyi, bo, chy, koly,
shchob, de, poky), in forms of address, with par-
enthetical words (mabut', mozhe, zvychaino). In
direct speech, replace hyphen (-) with em-dash
(—)

- Case errors (especially vocative in address:
Pryvit Nastia — Pryvit, Naste).

- Gender, number, case agreement in phrases.

- Prepositions: o/ob; z — zi/iz before consonant
clusters.

Do NOT change:

- NEVER substitute synonyms or change word
forms to alternatives — leave as is.

- Do NOT reformat dialogues: if dialogue uses
quotes, keep quotes, do NOT replace with dashes.
- Do NOT change grammatically acceptable vari-
ant forms.

- Text style and tone: leave informal text (chats,
SMS) as is.

- Word order, capitalization (except after period),
quote style, sentence-final punctuation.

- Do NOT add em-dashes where there were none,
except in direct speech.

- Hyphens in compound words and repetitions —
leave as is.

- If in doubt — do NOT change.

A.5.2 Minimal-edits + few-shot + optimized-v2

(UA): optimized on Gemini 3-Flash
The prompt below was derived from minimal-edits
+ few-shot + optimized-v1 (A.5.1) by further LLM-
assisted optimization on Gemini 3-Flash over 5
iterations on the validation set. It includes addi-
tional Ukrainian-specific rules discovered during
optimization.

Tu — cucrema BUNIpaBI€HHS YKPAIHCHKUX
rpaMaTudHuUX NOoMmWIoK. Bwuoce MIHI-
MAJIbHI 3minn, mo6 Bunpasutu JINIIE
6e3cymHuiBHI rpamarnyni, opdorpadiani
Ta myHkTyariiini nomuiaku. HE nepenucyii,
He nepedpas3oByil i He 3aMmiHION CcJOBa
CHHOHIMaMU.

Bunpasisii:

- Opdorpadiuni momMmiaku (IpyKapcbKi
IOMUJIKY, TPOIIYIIEH]/3aiiBl JiTepw, He-
OpaBUJbHE HAIMCAHHS  Pa30M/OKPEMO:
HE3BaKaTU — HEe 3BayKaTH, OyJ-siKOMy -
Oy/(b-IKOMY ).

- IlyskTyamiro: mpomymieHi KoMH Iepef
OiJAPSAHUME CHIOJTyIHUKaMK (110, AKuii, 60,
9, Koy, mob, Je, TIOKN), MPH 3BEPTAHHSX,
OpU  BCTaBHUX CjI0Bax (MaByTb, MOXKe,
3BUUAliHO). Y npsimiii Mol gedic  (-)
saMmiHioii Ha THpe (—): "TekcT ckazaB -
"TekcT — cKazaB.

- BigMiakoBl noMuiku (30KpeMa KJIMIHUHA
BinMiHOK y 3BepraHHax: Ilpusitr Hacra -+
ITpusit, Hacre).

- Y3roj/pKeHHs POy, YHC/A, BiJIMIHKA B
CJIOBOCIIOJIY Y€HHSX.

- Ilpuitmenauku: 0/06 (06 opmHamUATIH, O
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Tperiit); 3 + 31/13 mepes 36irom npurosocHUX
(3 sobpakeHHsAM = 31 300parke€HHAM, 3
BizanTii + i3 BizanTii).

HE swminroii:

- HIKOJIU ne 3aminmoii cjioBa cuHoHIMaMu i
He 3MiHIOI (opMU CJTIB HA aJIbTEepHATUBHI
(BUKa3yBaB, Ky4elo, JOCTOHHOIO, BUBECTU —
sasmmail sk €).

- HE mnepedopmaroByit miajiorn: sKIIO
pianor odopmienuit gankamum  ("/«»),
36epirait manku, HE 3aminioit ix na Tupe.

- HE s3wminfoit rpamaruyni dopmu, sxi €
JOIMYCTUMHUMH  BapiaHTaMu:  BiJIMIHKOBI
dopmu IIPUKMETHUKIB (memocTynHu-
M/HEOCTyIHMIA ), BapianTu JiecitiB
(maB4asucs /HaBuasucs), bopmu 3afiMeHHN-
kiB (ix/IxHill) — akmo dopma rpamMaTaIHO
JOIyCTUMA, 3aJIUIIAM 11.

- Cruip Ta TOH TEKCTY: HedOPMATILHUI
rekcr (9aTH, cMc) 3anumail K € — He
JojaBail Kpallkd B KiHII, He Ipubupait
CMalJIIKH )).

- lopsimok caiB y pedenHi.

- Benuxi/mami Jitepu, KpiM IIOYATKY
DEYEHHS TICIIs KPAIKH.

- Jlanku: 36epirait OpUriHAJILHUN CTHIID.

- Posminosi 3makm kKinng pedenus: HE
3MiHION . Ha 7 abO HABIIAKH.

- HE nomamaii Tupe (—) Tam, me ioro He
0yJI0 B OpUTiHAJI, OKPiM TIPsIMOI MOBH.

- Hedic y ckaameHnX CJIOBaX Ta MOBTOPaX
(MinHO-MiIHO, Jepe-zepe-Iepe, BCe-TakH,
BCe XK TaKU — 3aJIUIIAi K €).

- dxmmo cymuiBaenics — HE 3minioit.

IIpukmamn:

Bxin: Tak camo morepriae Ykpaina i cboro-
JHI BiJ TOrO IO HACIPAaB/i TAJAHOBUTUM
JIIOJISIM ~ 32aBayKalOTh IPAIIOBATH  YCLJISKI
nocepennrocti "y pymnsa".

Buxin: Tak camo morepriae YKpaina i cboro-
JHI BiJl TOTO, IO HACIPABII TAJAHOBUTUM
JIIONAM  3aBaKalOTh IIPAIIOBATU  yCiIsaKi
nocepennocti "y pymnsa".

Bxim: Ile moB’stsano 3 TmMm, 1O Taki
KOJIEKTHUBHI DyXU MOJIEKYJ BOJU CHJIBHO
301TBIIYIOTh XapaKTEPHI 9acHl MPOIECiB sIKi
BiIOyBaIOTHCS B CUCTEMI.

Buxin: Ile mos’s3zano 3 TmMm, 1o Taki
KOJIEKTHUBHI DyXU MOJIEKYJ BOIU CHJIBHO
361JIBIYIOTh XapaKTEPH] 9acu MPOIIECiB, AKi
BiZIOyBaIOTHCS B CUCTEMI.

Bxin: ¢ nikosu He HaBYABCS ¥y MEAUIHOMY
KOJeJKi, Kaxy, - ¢ sjmm ninifmos sax
3BUYAMHA JIIOJUHA MOJUBUTUCH UU MOXKY
OyTH YUMOCH KOPUCHUM.

Buxin: ¢ mikonm He HaB4aBCS y MeIUTHOMY
KOJIeKi, KaxKy, - ¢ Jum migiiimmosB sk
3BUYAMHA JIIOAWHA TOAUBUTHUCH, N MOXKY
OyTH YMMOCHh KOPUCHHUIA.

Bxin: Ile y wmicrti mBuaka npuixpKae,
3abupae XBOPOro i Be3e y JIKapHIO; SIKIIO 2K



JI0 JIIKapHi KiJIbKa I'OAUH JILOTY TO XBOPOT'O
MOXKHa 1 He JI0BE3TH.
Buxin: e y wmicTti mBmaka mpuizxkmkae,
3abupae XBOPOro i Be3e y JIKapHIO; SKIMO K
J0 JIIKapHi KiJIbKa T'OJUH JILOTY, TO XBOPOTr'O
MOXKHa 1 He JI0BE3TH.

Bxig: Haiibiibime BiH J1106MB TpuMaTu B
PYKax CTapaHHO OPHAMEHTOBAaHI CTapOJaBHI
MIOJIOM 1 MedY, KOTPI CBOIM 30JI0OTOM,
3/1a€ThCS I'PiIU CTApPOTro.

Buxin: Haiibisbie BiH 1100MB TpuUMaTH B
PYKax CTapaHHO OPHAMEHTOBAaHI CTapOJaBHI
MIOJIOM 1 MedY, KOTPiI CBOIM 30JI0TOM,
3/1a€ThCs, I'PIJIU CTApOro.

Bxin: - 4 wacro kazaB T00i, 1110 TH JypHEHb-
Ka, - CKa3aB BiH.

Buxin: — 4 wacro kazaB Tobi, mo TH
JypHEHbKA, — CKa3aB BiH.

Bxig: Taka Tpaguilis TakKoX ITOXOJIUTH
3 BizanTil, npukmamom € 300parkeHHs
Angponika II TTaseosora.
Buxin: Taka Tpaauiisi TakoyK ITOXOIUTH
i3 Bizanril, npukiaiom € 300parKeHHsI
Awnpponika II TTaseosiora.

Bxin: ¢k i GinbiiicTh AJIOBUX JIIOAEH, BiH
He 3HAB HAIlAMATH >KOJIHOTO BipIia i He
HaMsATaB KOIMHOI Ka3KH, a TOMY IIOpa3y
MYCHB iMIIPOBi3yBaTH.

Buxin: fx i 6iibnricTs ai1oBUX JIIOAEH, BiH
He 3HAB HAaIlaM’siTh >KOJIHOIO Bipira i He
aMsITaB KOJHOI Ka3KH, a TOMY IIOpa3y
MYCHB iMIIPOBi3yBaTH.

Bxin: Hacrs, npusit! s xorina yrounurn
npo 3asaanusa Ouri.
Buxin: Hacre, npusirt! { xorina yrounurn
npo 3aBaanHs Ouri.

Bxin: 4 npumecy TBOT yirobseni comomorti
Ta 0OHIMYy Tebe MIiITHO-MiIHO.
Buxin: 4 npumecy tBOI ynrobieni costomorii
Ta 0OHIMYy Tebe MIiITHO-MiIHO.

Bxin: Cmaxkora e Ta, CKaxKy s BaM))
Buxing: Cmaxora Iie Ta, CKaxKy s BaM))

Bxig: ¥V Toit wac riimbOKMil CEHC HAPOITHOT
MyZIpOCTi HaM OyB Ile HEJOCTYIHUM Uepe3
Opak JI0CBiy.
Buxin: ¥V Toit yac rimbokuii ceHc HapoHOT
MyYZpOCTi HaM OYB Ie HEJIOCTYITHUM depes3
Opax JIoCBimy.

Bxin: Kanasmizanis B OyIuHKax €BOJIIOI[IOHYE
TOBIJIBHO, aJIe BCE K TaKU 3MIHIOETHCS.

Buxin: Kanasizanist B Oy iuHKax €BOJIIOIIO-
Hy€ IIOBLIBHO, ajle BCe K TaKU 3MIiHIOETbCA.

Bxix: "docures nobpe Buiimos 3 Becry, un
He Tak?! cnuTaB MijimioHep.
Buxix: "docurs nobpe Buitmos 3 Becry, un

English: The instruction structure is the same
as optimized-vl (A.5.1); see the translation there.
This version includes additional few-shot examples
(lines 6-16 above) and was further refined on Gem-
ini 3-Flash. Keywords: Bunpasngit = ‘Fix’; HE
suminioit = ‘Do NOT change’; Ilpuknamn = ‘Ex-

He Tak?"— crnuraB MuTiIiOHEp.

Bxin: He 3maro gk y i"mumx, a y MeHe B
KUTTI TPAILISIIIOCH HE TaK 6araTo JIuB.
Buxin: He 3naro, sk y iHmmx, a y MeHe B
KUTTI TPAILISIIIOCH HE TaK 6araTo JIuB.

Bxin: Xoderbcs 3akindmTu y myci KHUr 3
CaMO/IOIIOMOT'H.
Buxin: Xouernbcs 3akinunTn y myci KHAr i3
CaMOJIOIIOMOT!.

Bxin: Hacrymmoro maHst TiM ke aBTOOGAHOM
IIOBEPHYJINCHA Ha3a/l, 3BT — IIe IIiBTOpU
TOJIUHU JIITAKOM.
Buxin: HacrymHoro mgus TuM »Ke aBTOOAHOM
IIOBEPHYJIUCS HA3a/l, 3BiATU — IIIe MiBTOPU
TOIUHU JIITAKOM.

Bxim: Or umraem Taki HOBUHU 1 >KaJIKYEII,
0 HaceJIeHHIO YKpaiuu [ocrnoas j1aB Bee,
KpiM coBicTi i MO3riB.
Buxin: Ot unraent Taki HOBUHE 1 KaJIKyel,
1[0 HacCeJIeHHIO YKpainu locrioms naB yce,
KpiM coBicTi i MO3riB.

Ilosepuu JIUIIE Bunpasiienunit TekcT. (‘Re-
turn ONLY the corrected text.’)

amples’; Bxin/Buxin = ‘Input’/‘Output’.
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B Inference Pipeline and Structured
Output

Each input sentence is processed independently
through a single LLM call, with no cross-sentence
batching. Before any model invocation, the pipeline
applies a lightweight passthrough rule: lines match-
ing the document-marker pattern # <digits> (e.g.
# 0001) are emitted verbatim and never sent to the
LLM. These markers delimit document boundaries
in the UA-GEC corpus and carry no correctable
content, so routing them around the model both
saves tokens and prevents spurious edits.

For all remaining sentences, the agent issues
one chat completion through a LiteLLM router that
abstracts over the underlying provider (OpenAl, An-
thropic, Google, Moonshot). The system message
is the configured prompt template; the user message
is the raw source sentence. To eliminate free-form
post-processing of model output, we constrain the
response with a JSON schema derived from a Py-
dantic model and attached to the request as a strict
response_format. Field descriptions declared on
the Pydantic model propagate into the schema and
act as in-band instructions to the model.

Schema definition. The response contract is de-
clared once as a Pydantic class:

class GECResponse(BaseModel):
corrected_sentence: str = Field(
., description="Corrected._version_of._
the_input_sentence")

Generated JSON schema. At call time, the class
is converted to JSON Schema, all object nodes
are closed with additionalProperties: false,
and the result is wrapped into the provider-agnostic
response_format envelope:

{
"type": "json_schema”,
"json_schema”: {
"name"”: "GECResponse”,
"strict”: true,
"schema": {
"type": "object”,
"additionalProperties”: false,
"required”: ["corrected_sentence"],
"properties”: {
"corrected_sentence”: {
"type": "string”,
"description”: "Corrected version of
the input sentence”
}
}
}
3
3

[ source sentence J

emit verbatim

(no LLM call)
no
router.completion(. . .)
structured response_format
LiteLLM Router
— provider
[GECResponse.model_validate}
{ predictions.eval.txt J
Parameter Value (from run YAML)
model gpt-4.1-mini
temperature 0.0
top_p 0.1
reasoning_effort None
timeout 90 s

response_format json_schema(GECResponse)

Figure 3: Per-sentence inference flow. Document mark-
ers bypass the LLM; all other sentences go through one
structured-output call. Decoding parameters are read
verbatim from the run YAML, ensuring deterministic
replay.

The decoding parameters in Figure 3 are read
from the run YAML and the exact configuration
file is copied into the output directory alongside
results. json, so a run can be replayed bit-for-bit
given the same provider model snapshot. The re-
turned payload is validated with model_validate,
so any schema violation is caught deterministi-
cally rather than being masked by string heuris-
tics. If a provider rejects json_schema, the
client transparently retries with response_format
= {"type":"json_object"}; for the single-field
case, a final recovery path extracts the corrected
sentence from malformed JSON to keep evaluation
aligned. This design ensures that every non-marker
sentence yields exactly one validated correction,
making the sentence-to-prediction mapping bijec-
tive and the run reproducible given a fixed configu-
ration.
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