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Introduction

The automated processing of idiomatic and non-compositional language
remains one of the most persistent challenges in natural language processing.
Although modern large language models exhibit strong general linguistic
competence, their ability to reliably detect and interpret non-compositional
expressions is insufficiently understood. Russian verb—noun collocations
are a particularly demanding case: they combine lexical, semantic and
grammatical constraints that require a model to move beyond surface-level
compositional interpretation. A collocation such as oderzhat’ pobedu
(‘achieve victory’) cannot be read as the sum of its parts, yet it is not a
frozen idiom either: it inflects, admits limited modification, and paraphrases
cleanly to a single verb (pobedit’, ‘win’).

Research on idiomaticity detection has been carried out primarily
on English data and largely in classification settings, and no large,
methodologically balanced corpus of Russian verb-noun collocations
exists to date. Most work targets fully idiomatic expressions, leaving the
intermediate zone underexplored. Few studies integrate classification,
generation and reconstruction in a single framework, so recognition and
generation abilities are usually measured on different data and cannot be
compared directly.

The goal of this work is to build a balanced dataset of Russian
verb—noun collocations, to define three interconnected subtasks over the
same expressions, to systematically evaluate multilingual and Russian-
specialized LLMs on them in zero-shot, one-shot and few-shot regimes,
and to investigate to what extent parameter-efficient domain adaptation
with LoRA closes the gap left by model scale and language specialization.
The dataset and code are released at https://github.com/Vera-
bahval/russian-verb-noun-collocations.

Differences from the conference version. This paper extends our
article “Automatic Processing of Russian Verb-Noun Collocations Using
Large Language Models”, published in the proceedings of the Dialogue-2026
conference [1], which introduced the dataset, the three-task formulation,
the evaluation of seven LLMs, and the fine-tuning results.

The dataset, task definitions, set of models, fine-tuning hyperparameters

and headline metrics are unchanged, so the two publications report mutually
consistent numbers. The new material comprises:


https://github.com/Vera-bahval/russian-verb-noun-collocations
https://github.com/Vera-bahval/russian-verb-noun-collocations
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1) a detailed account of the dataset methodology: the operational
definition of a collocation, the role of the seed dictionary, the design
of the Russian National Corpus queries, and the augmentation and
balancing steps (Section 2);

2) a per-task analysis of the characteristic errors of general-purpose
models, with worked examples (Section 4);

3) a side-by-side comparison of base and fine-tuned outputs of both
models on the generative subtasks (Section 5);

/) a consolidated cross-model, cross-task comparison and a discussion
of the interplay between model scale, language specialization and
targeted adaptation (Section 6).

1. Related work

A foundational step in idiomaticity research was the creation of large
annotated corpora. MAGPIE [2] combined dictionary-based extraction,
automated mining and multi-level crowdsourced annotation of English
expressions; it contains over 50,000 annotated instances and established
dictionaries plus large corpora as a viable data pipeline.

AStitchInLanguageModels [3] introduced multi-level classification of
multiword expressions and used paraphrasing as a probe of semantic
sensitivity in zero-shot, one-shot and few-shot regimes; it also showed that
special tokenization of the target expression and the training regime affect
measured quality.

FLUTE [4] framed figurative-language understanding as natural
language inference with explanation generation; candidate sentences were
generated with GPT-3 and then validated by experts.

SemEval-2022 Task 2 [5] set a multilingual benchmark for idiomaticity
detection in English, Portuguese and Galician. Adapted encoder architec-
tures led, and the winning one-shot system relied on ensembling, adversarial
and contrastive training, and explicit marking of the multiword expression.

Phelps et al. [6] showed that general-purpose LLMs without adaptation
underperform smaller encoder models fine-tuned for the task; at the
same time, their ability to separate idiomatic from literal usage without
dedicated training signals a general latent competence, and quality grows
with parameter count.
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Zhou et al. [7] integrated idiom definition generation, identification
and reconstruction in a unified framework and adapted the model with
parameter-efficient modules rather than full fine-tuning; this three-subtask
decomposition directly inspired the design of our three tasks.

Two lessons emerge from this line of work and shape our design:

First, dictionaries and large reference corpora are the natural seed for
building non-compositional resources, and LLM-based augmentation
scales the process with moderate manual editing.

Second, non-compositionality is best probed by combining recognition
and generation and by testing several models under several prompting
regimes.

What is still missing is a large, methodologically verified corpus of Russian
verb—noun collocations; the intermediate zone between compositional and
idiomatic expressions remains underexplored; and few studies combine
classification, paraphrasing and reconstruction over the same items. Our
work addresses these gaps.

2. Dataset
2.1. Operational definition

In this work, a verb-noun collocation is a verb plus a noun (a direct
or indirect object, optionally separated by a single preposition) whose
meaning is non-compositional. The diagnostic criterion is the possibility
of paraphrasing the whole construction with a single synonymous verb:
oderzhat’ pobedu (‘achieve victory’) qualifies, as it reduces to pobedit’
(‘win’), and brosit’ vzglyad (‘cast a glance’) reduces to posmotret’ (‘look’),
whereas issledovat’ vopros (‘investigate a question’) is compositional.

The criterion is chosen deliberately, because it targets precisely
the intermediate zone between fully compositional and fully idiomatic
expressions.

2.2. Sources and construction

The initial source of positive examples was the dictionary Stable
Verbal-Nominal Collocations of the Russian Language [8], which contains
over 6,000 verb—noun expressions together with government (case-marking)
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information. Its targeted scope and explicit grammatical information made
it a convenient starting list, but it served only as a seed: all candidates were
checked against contemporary corpus evidence and against the paraphrase
criterion, so that items absent or marginal in present-day usage, or not
reducible to a single verb (e.g., brat’ taksi, ‘take a taxi’), were excluded.

Automatic preprocessing (regular expressions and string operations)
retained the verb, the noun and any single preposition; where both
aspectual forms of the verb were listed, the imperfective was kept.

The Russian National Corpus® (RNC) was used both as a contemporary
frequency filter and as a source of new positive and negative candidates.
Grammatical features in the corpus queries reflected each verb’s syntactic
profile: case matched the verb’s government; a single intervening preposition
was permitted only for prepositional complements; number was left
unconstrained to capture morphological variability.

For each verb, the 100 most frequent constructions were screened
manually: items satisfying the single-verb paraphrase criterion were labeled
as collocations (label 1), the others as compositional examples (label 0).
For instance, for the verb vodit” the construction vodit’ za nos (‘lead by the
nose’ — ‘deceive’) was added as a positive example on grounds of frequency
and a clean single-verb paraphrase, while vodit’ kist’yu (‘move a brush’) was
added as a negative example, being both less frequent and compositional.

Because this procedure produced a surplus of positives, we balanced
the set with data augmentation using GPT-4o [9]: the model was given an
explicit definition and examples of both classes and was prompted to
generate verb—noun expressions in batches of 100 (the prompt is given in
the Appendix).

All outputs were manually verified for compositionality, grammaticality
and non-duplication; generations that were themselves collocations (vodit’
druzhbu, ‘keep up a friendship’) or semantically odd were discarded. This
added 983 verified negative examples.

2.3. Balancing and final composition

A residual imbalance remained at the level of individual verbs: some
verbs had many more examples of one class than of the other, which would
prevent a clean train/test split. We therefore enforce per-verb balance: for
each of the 479 verbs that had at least one positive example, we kept an


https://ruscorpora.ru/en/
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V.M. Deribas’s dictionary: over 6,000 expressions (seed list)

v

Filtering by the RNC (100 most frequent constructions per
verb) and by the single-verb paraphrase criterion; labels 1/0

v

GPT-40 augmentation with manual
verification: 4983 negative examples

v

Per-verb balancing: equal num-
bers of both classes, 2-8 per verb

v

Dataset: 3,264 expressions, 479 verbs
(1,630 collocations, 1,634 non-collocations)

A
Classification Paraphrasing (col- Gap filling (GPT-

(all expressions) location — verb) 40 sentences)

Ficure 1. Dataset construction pipeline and the three subtasks
defined over the same expressions

equal number of collocations and non-collocations (2 to 8 examples per
verb), topping up scarce classes by repeating the RNC search and the
GPT-40 augmentation.

The final corpus contains 3,264 expressions: 1,630 collocations and
1,634 non-collocations, balanced by class and by verb. The construction
pipeline is summarized in Figure 1.

For the paraphrasing subtask, each collocation was manually assigned
a synonymous verb (e.g., zadat’ napravlenie — napravit’, zalivat’sya
kraskoy — krasnet’, znat’ tolk — razbirat’sya). For the gap-filling subtask,
contextualized sentences with a masked collocation were generated for
the positive examples by GPT-40 under controlled prompting and then
reviewed manually; negatives are not used in this subtask. Sample entries
are shown in Table 1.

The three subtasks probe complementary capabilities:

classification targets binary recognition of non-compositionality,

paraphrasing tests lexical-semantic understanding, and

gap filling tests contextual integration of form, meaning and grammatical
realization.

Because they are defined over the same expressions, recognition and
generation can be measured on a common footing. The resource is intended
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TABLE 1. Sample entries from the dataset (Russian transliter-
ated, English glosses in parentheses)

Expression Label Synonym Sentence with gap

vynosit’ obvinenie Posle dolgogo sledstviya prokuratura

;. )
(bring an accusa- 1 obvinyat reshila (MASK) podozrevaemomu po
- (accuse)
tion) tryom stat’yam.
vynosit’ poritsanie 1 poritsat’ Za amoral’noe povedenie emu bylo
(issue censure) (censure) resheno (MASK) pered vsemi kollegams.

vynosit’ pytku 0
(endure torture)

for reuse in idiomaticity detection, paraphrase generation, controlled
text-generation evaluation, and contrastive studies.

3. Evaluation of large language models
3.1. Models and setup

Seven LLMs were evaluated varying in size, language specialization and
tuning regime: Mistral-7B-Instruct-v0.1 [10], Qwen2.5-7B-Instruct [11],
DeepSeek-1lm-7B-base [12], Llama-3.1-8B-Instruct and Llama-3.1-70B-
Instruct [13], and YandexGPT5-Lite-8B™ and YandexGPT5-Pro.

This selection separates the effects of size (7B to 70B parameters), of
language specialization (multilingual vs. Russian-specialized models) and of
instruction tuning; the base autoregressive model DeepSeek-1lm-7B-base is
included as a contrast to the instruction-tuned systems.

Models up to 8B parameters were run locally with the HuggingFace
Transformers library (AutoModelForCausallM and AutoTokenizer); larger
models were queried through the Yandex Cloud API. Each model was
tested in zero-shot, one-shot and few-shot regimes, with in-context examples
drawn from the dataset according to the subtask.

3.2. Task specifications and prompting

Classification. The model receives a verb—noun expression and predicts
a label in {0, 1}, returning only the digit. In the one-shot regime two
examples (one per class) were provided, since a single example would bias a
binary task toward one label; in the few-shot regime six examples were
used, balanced across classes and varied in case, number and presence of a
preposition.

Accuracy (A), Precision (P), Recall (R) and F1 were considered for the
positive class.


https://huggingface.co/yandex
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Paraphrasing. The model receives a collocation and must return
one synonymous verb. Prompts were tuned per model family: mid-size
multilingual models required an explicit “answer in Russian only” constraint
to suppress English and, for Qwen, Chinese fragments.

The base DeepSeek model needed separate treatment, because an
instruction-style prompt made it echo the instruction instead of producing
a verb. For this model, the zero-shot regime used a forced-continuation
prompt ending with an open quote that primes a verb, while the one-shot
and few-shot regimes used a list of collocation=verb pairs ending with
the target collocation followed by “=".

Gap filling. The model replaces the (MASK) token in a sentence with a
verb—noun expression that fits grammatically and semantically. Mid-size
multilingual models required an extended prompt specifying the structural
template (verb, optional preposition, noun) and contrasting valid and
invalid output formats.

For Mistral-7B-Instruct and DeepSeek-1lm-7B no formulation, including
system /assistant role splitting and stepwise verb-then-noun generation,
produced consistently parsable output, so these models were excluded from
this subtask. Representative prompts for all subtasks are given in the
Appendix.

3.3. Evaluation of generative subtasks

For paraphrasing and gap filling, surface-form matching is too strict:
models often produce valid synonyms or alternative but correct grammatical
forms. Therefore an LLM-as-a-judge protocol with YandexGPT5-Lite-8B
as the judge was used, scoring each output against the reference on a 0-6
scale (paraphrasing) or a 0—4 scale (gap filling).

The rubric explicitly penalizes non-Russian fragments, single-word
outputs where a phrase is expected, over-long fragments that copy parts of
the input, and outputs unrelated to the reference; it requires strict JSON
(paraphrasing) or a bare integer (gap filling) so that the score can be
extracted automatically.

The judge belongs to the same family as one of the evaluated systems,
so we took two measures against possible bias.

First, the judge was used only as a scoring function with a fixed rubric
and without information about which model produced each output.
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TaBLE 2. Classification quality (%) of the base models

Model Regime A P R F1
Zero 50.8 50.6 55.7 53.1
Mistral-7B-Instruct one 51.6 50.8 94.3 66.1
few 51.1 50.6 86.5 63.8
Zero 52.5 51.4 89.2 65.2
Qwen2.5-7B-Instruct one 52.5 51.4 921 65.9
few 51.7 50.9 92.1 65.6
Zero 49.5 49.7 90.5 64.2
DeepSeek-1lm-7B-base one 50.0 50.0 100.0 66.6
few 50.0 50.0 100.0 66.6
Z€ero 49.7 50.0 99.3 66.3
Llama-3.1-8B one 49.9 50.0 96.9 65.9
few 50.0 50.0 98.7 66.3
Z€ero 52.3 51.2 96.8 67.0
YandexGPT5-Lite-8B one 53.7 52.0 96.2 67.5
few 54.4 53.5 67.0 59.5
zero 53.5 52.0 98.5 67.9
YandexGPT5-Pro one 54.2 56.2 934 70.2
few 55.3 62.2 53.7 57.6
Z€ero 54.5 52.5 943 674
Llama-3.1-70B one 55.1 52.6 96.7 68.1
few 56.8 54.3 95.6 69.2

11

Second, we manually validated a stratified sample of about 300 judge
scores: the judge reliably awards high scores to near-synonyms
(osuzhdat’ for the reference obvinit’ receives 5 of 6 points) and low
scores to off-topic outputs (oboim for the reference prepodnosit’
podarok receives 0), with disagreements clustering at borderline cases.

Cross-checking against YandexGPT5-Pro on a subset gave consistent

system rankings, so the lighter model was retained as the judge for efficiency.

From the judge scores we report two metrics: %COR, the share of outputs
scoring at least 5 (paraphrasing) or at least 2 (gap filling), and the Mean

Judge Score (MJS).

3.4. Results

Classification results are given in Table 2.

All base models cluster in the 49-57% accuracy band, close to random.
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TABLE 3. Paraphrasing quality

Model zero-shot one-shot few-shot
MJS %COR MIJS %COR MJS %COR
Mistral-7B-Instruct 2.2 32.6 4.0 23.8 4.1 29.8

Qwen2.5-7B-Instruct 4.2 33.8 4.2 34.5 4.2 36.5
DeepSeek-1lm-7B-base 3.4 9.4 4.2 33.0 4.3 38.0

Llama-3.1-8B 4.3 36.1 4.2 34.4 4.3 37.9
YandexGPT5-Lite-8B 4.8 61.2 4.9 63.3 4.9 66.0
YandexGPT5-Pro 4.9 62.1 4.9 65.6 5.0 67.9
Llama-3.1-70B 4.7 55.0 4.7 54.9 4.7 55.6

TaBLE 4. Gap-filling quality

zero-shot one-shot few-shot
MJS %COR MJS %COR MJS %COR

Model

Qwen2.5-7TB-Instruct 1.1 18.8 1.2 21.8 1.2 25.1

Llama-3.1-8B 0.8 10.7 0.9 15.3 1.0 16.3
YandexGPT5-Lite-8B 2.1 58.5 2.2 64.9 2.2 65.2
YandexGPT5-Pro 2.3 67.1 2.4 71.4 2.4 71.3
Llama-3.1-70B 1.9 54.7 2.0 56.3 2.0 58.2

Recall is consistently far higher than Precision, indicating a strong bias
toward the positive (collocation) class. Few-shot prompting offers only
limited and inconsistent gains, and for the Russian-specialized models it

actually trades recall for precision without improving F1.

Tables 3 and 4 present the results on the generative subtasks. Mid-size
multilingual models perform weakest, with frequent non-Russian fragments
and format violations (most severely Mistral and, in zero-shot, DeepSeek).
Russian-specialized models clearly lead, with YandexGPT5-Lite-8B nearly
matching the much larger YandexGPT5-Pro.

Moving to few-shot prompting never lowers MJS relative to zero-shot
for any model and helps the weaker models most: for DeepSeek on
paraphrasing, %COR rises from 9.4 in zero-shot to 38.0 in few-shot.
Llama-3.1-70B improves over its 8B counterpart but does not reach the
Russian-specialized models, confirming that for non-compositional Russian

phenomena language specialization is at least as important as raw scale.
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4. Error analysis
4.1. Classification: positive-class bias

A qualitative review of misclassifications reveals three recurrent failure
modes.

First, models over-predict the positive class for frequent verbs that are
widely represented in dictionaries of set expressions (brat’, vesti,
davat’), i.e., they use verb identity as a heuristic.

Second, models conflate compositional light-verb constructions (e.g.,
provodit’ issledovanie, ‘conduct research’) with non-compositional
collocations, suggesting that surface distributional cues dominate.

Third, for nouns in morphologically marked forms (for instance, abstract
nouns in the instrumental case) models return inconsistent labels on
near-identical inputs, pointing to instability under inflection rather
than a stable decision boundary.

Together these observations explain why accuracy stays near chance:
the cause is not only prompt sensitivity but genuine difficulty with the
intermediate zone of non-compositionality, where neither compositional
decomposition nor whole-idiom recall is sufficient. The high-recall, low-
precision profile in Table 2 is the quantitative illustration of the same bias:
the models find almost all true collocations but drag many compositional
combinations in with them.

4.2. Generation: language mixing and format violation

On paraphrasing and gap filling, the dominant failure of the mid-size
multilingual models is formal rather than conceptual. Mistral and Llama-
3.1-8B frequently emit English tokens or word fragments even when the
prompt forbids non-Russian output, and Qwen occasionally switches to

Chinese; the judge scores such outputs as zero, which accounts for much of
their low %COR.

A second formal failure, specific to gap filling, is structural: the models
return only a verb or only a noun, or copy a fragment of the sentence,
instead of a well-formed verb—noun phrase. This is why an extended
template-and-contrast prompt was needed for Qwen and Llama, whereas no
suitable prompt was found for Mistral or the base DeepSeek model.

The base DeepSeek model shows the clearest regime effect: in zero-shot
it echoes the instruction and scores 9.4% %COR on paraphrasing, but with
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a paired-example prompt and constrained decoding (parameters are given
in the Appendix) it reaches 38.0%. Much of its apparent weakness is
therefore a prompt-format artifact rather than a lack of lexical knowledge.

4.3. Generation: semantic near-misses

A separate class of apparent errors are semantic near-misses that
surface-form matching would wrongly reject but the judge correctly credits:
a model may answer with a synonym that differs in aspect or reflexivity, or
with a very close verb.

For the reference obvinit’ (‘accuse’) a model returns osuzhdat’ (‘con-
demn’), scored 5 of 6; for the collocation brat’ za pravilo (‘make it a rule’)
the answer sledovat’ (‘follow’) matches the reference.

These cases motivate the LLM-as-a-judge protocol: without it, the
generative competence of the stronger models would be systematically
underestimated.

5. Parameter-efficient fine-tuning
5.1. Setup

To assess domain adaptation, we fine-tuned two mid-size models with
complementary specialization: the multilingual Qwen2.5-7B-Instruct [11]
and the Russian-specialized YandexGPT5-Lite-8B. Both models are openly
available, which gives full control over training, and their moderate size fits
a dataset of this scale, on which larger models are prone to overfitting.

Data were split preserving per-verb and per-class balance, yielding
2,358 training and 906 test examples (73% and 27%). Verbs with a single
example of a class, and the two verbs that have only negative examples,
were routed to the training split so that the test split stays balanced (451
positive and 455 negative examples).

LoRA [14] with 4-bit NF4 quantization [15], training each model was
used on a single dataset for classification, paraphrasing and gap filling at
once. Joint training on the three subtasks is more compute-efficient and
encourages cross-task transfer. All tasks were merged into one HuggingFace
dataset in which each item carries a task tag, the task-specific prompt, the
reference answer and the expression; items were shuffled before training.

Hyperparameters: rank r = 16, o = 32, dropout 0.05, learning rate
2-1074, batch size 4 with gradient accumulation to an effective batch of 16,
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TABLE 5. Best results of all models on the three tasks
(%; MJS in points)

Model Classification Paraphrasing Gap filling
A P R F1  MJS %COR MJS %COR

Llama-3.1-8B 49.7 50.0 99.3 66.3 4.3 37.9 1.0 16.3
DeepSeek-7B 50.0 50.0 100.0 66.6 4.3 38.0 — —
Mistral-7B 51.6 50.8 94.3 66.1 4.1 29.8 — —
Qwen2.5-7B 52,5 514 921 65.9 4.2 36.5 1.2 25.1
YandexGPT-8B 53.7 520 96.2 67.5 4.9 66.0 2.2 65.2
Llama-3.1-70B 56.8 54.3 956 69.2 4.7 55.6 2.0 58.2
YandexGPT-Pro 54.2 56.2 934 70.2 5.0 67.9 2.4 71.4
Qwen-7B-LoRA 80.2 82.2 822 79.4 4.9 60.8 2.2 61.2

YandexGPT-8B-LoRA 80.4 82.3 823 79.6 5.1 67.8 2.5 73.8

three epochs, weight decay 0.01. Rank 16 balances adapter capacity against
the risk of overfitting on a small set; the ratio r : a = 1 : 2 gives a scaling
factor of 2.0 and stable updates; three epochs sufficed for convergence on a
held-out split, while longer schedules showed early overfitting.

Adapters were placed on seven attention and feed-forward modules,
which provides the flexibility a multitask objective needs; prompt tokens
were masked from the training target so that only answer tokens contribute
to the loss.

5.2. Results and analysis

Fine-tuning yields substantial gains on all three tasks (Table 5). For
the base models the table reports the best regime (by F1 for classification
and by MJS for the generative subtasks); the best value in each column is
set in bold, except for Recall, where 100% is achieved by the degenerate
“always 1”7 answer.

Classification accuracy rises from about 53% to about 80%, and
Precision and Recall become balanced: the adapted models no longer
rely on the positive-class shortcut. On paraphrasing and gap filling, the
fine-tuned Qwen surpasses the roughly nine times larger Llama-3.1-70B and
approaches YandexGPT5-Pro, while the fine-tuned YandexGPT5-Lite-8B
surpasses YandexGPT5-Pro on gap filling in both metrics.

This is direct evidence that targeted adaptation can substitute for a

large increase in model scale. Figure 2 visualizes the effect of fine-tuning
for both models.
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FIGURE 2. Quality of the two mid-size models before and after
LoRA fine-tuning compared with the untuned YandexGPT5-

Pro (best regime for base models, %)

TABLE 6. Paraphrasing: outputs of the base and LoRA-fine-

tuned models

Collocation Model Base LoRA
wklyuchit’ um Qwen2.5-7B-Instruct  aktivirovat’ podumat’
reference: podumat’ YandexGPT5-Lite-8B  poumnet’ soobrazit’
nabirat’sya smelosti Qwen2.5-7B-Instruct  priobretat’ smelet’
reference: reshat’sya YandexGPT5-Lite-8B  priobretat’ reshat’sya
Qwen2.5-7B-Instruct  shlifovat’ uladit’
zaglazhivat’ ugly lazhivat’
reference: smyagchat’  YandexGPT5-Lite-§B  S9:@#vat sglazhivat’
protivorechiya
Qwen2.5-7TB-Instruct  wvykhodit’ teryat’sya

ukhodit’ iz polya zreniya
reference: skryt’sya YandexGPT5-Lite-8B

skryvat’sya

skryvat’sya

A qualitative inspection shows that, on top of the accuracy gains, the
most marked improvements concern format compliance and the elimination
of language mixing; semantic precision also improves. Tables 6 and 7 give
side-by-side outputs of the base and fine-tuned versions of both models. On
paraphrasing, for vklyuchit’ um (‘engage one’s mind’) the base Qwen
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TABLE 7. Gap filling: outputs of the base and LoRA-fine-tuned models

Qwen2.5-7B-Instruct YandexGPT5-Lite-8B
Base LoRA Base LoRA

On imel obyknovenie (MASK), dazhe me znaya vsey pravdy.
Reference: rasprostranyat’ slukhi

raspuskat’

vynosit’ rasprostranyat’ Ly .
govorit’ namyokamsi slukhi

verdikt slukhi

... ey prishlos’ (MASK), svyazannye s yazykovym bar’erom i odinochestvom.
Reference: preodolevat’ trudnosti

stolknut’sya s perezhivat’ stolknut’sya s preodolevat’
trudnostyami trudnosti (problemams) trudnosti

Postoyannye obstrely nachali (MASK) nekogda protsvetayushchiy gorod.
Reference: prevrashchat’ v razvaliny
nachinat’ (irrelevant privodit’ v

. svodit’ k ruinam . .
razrushenie continuation) upadok

On slishkom mnogo perezhil, chtoby ne (MASK) nastoyashchey druzhbe.
Reference: znat’ tsenu

perestat’ mat’ tsenu tsenit’ nastoyashchuyu  utratit’ veru
doveryat’ druzhbu v

returns aktivirovat’ (‘activate’), while the fine-tuned Qwen returns the
reference podumat’ (‘think’); the Russian-specialized model shows the same
shift (poumnet’ — soobrazit’).

On gap filling, for the sentence “ Postoyannye obstrely nachali (MASK)
nekogda protsvetayushchiy gorod” (‘Constant shelling began to (MASK)
the once-flourishing city’), the base YandexGPT5-Lite-8B produces an
irrelevant continuation while its fine-tuned version returns privodit’ v
upadok (‘bring into decline’), and the fine-tuned Qwen returns svodit’ k
ruinam (‘reduce to ruins’), close to the reference prevrashchat’ v razvaliny
(‘turn into rubble’).

Beyond individual items, the fine-tuned models follow the required
answer format far more reliably, which is itself a large part of the measured
gain.

6. Consolidated comparison and discussion

Reading Table 5 across all models and tasks, three patterns stand out.
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First, on classification the two LoRA-adapted mid-size models clearly
outperform every untuned model, including the 70B one, which shows
that for this task targeted adaptation yields a larger gain than model
scale or language specialization.

Second, among untuned models, Russian-specialized systems beat
multilingual systems of the same size, and larger versions of the
same model beat smaller ones, so on classification both language
specialization and scale help.

Third, on the harder generative tasks the ordering is different: the
Russian-specialized models lead among untuned systems; the LoRA-
adapted Russian 8B model matches or slightly surpasses the larger
untuned YandexGPT5-Pro on MJS; and the LoRA-adapted multilin-
gual Qwen catches up with the untuned YandexGPT5-Lite-8B on
MJS and overtakes Llama-3.1-70B.

In other words, LoRA is effective for all three tasks and most decisively
for the simpler classification task, while the advantage of Russian-specialized
models on paraphrasing and gap filling confirms that these generative tasks
demand a deeper command of Russian morphology and semantics than
classification.

Conclusion

The article introduce a methodologically balanced dataset of 3,264
Russian verb—noun collocations and non-collocations covering 479 verbs.
It is built from a specialized dictionary, the Russian National Corpus
and GPT-4o0 augmentation, and supports three interconnected subtasks:
classification, single-verb paraphrasing and gap filling.

The evaluation of seven multilingual and Russian-specialized LLMs in
zero-shot, one-shot and few-shot regimes showed that general-purpose models
without adaptation classify near chance and have limited robustness in
generation, with substantial dependence on scale and language specialization.
Targeted LoRA-based adaptation of mid-size models closes most of the gap
and in places surpasses much larger general-purpose models.

Future work includes enlarging the dataset from further sources,
covering additional types of set expressions, extending the model pool, and
comparing parameter-efficient methods against full fine-tuning on a larger
corpus.
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Appendix. Representative prompts

The prompts are abridged and translated into English; the full Russian
originals are released with the dataset.

Classification (zero-shot). “Below is a verb-noun combination. Decide
whether it is a collocation. Reply with ONLY 1 (collocation) or 0O
(non-collocation).”

Paraphrasing (Russian-specialized models and Llama-3.1-70B). “Below
is a verb—noun combination. Replace it with a single verb of the same
meaning. Reply with ONLY the verb.” For mid-size multilingual models
the line “Your answer must be ONLY in Russian” was appended.

Paraphrasing (DeepSeek-llm-7B-base). The instruction-style prompt
failed, as the model echoed the examples, so the prompt differed by regime.
The zero-shot regime used forced-continuation completion: “Question: How
can ‘{col}’ be replaced by a single verb? Answer: ‘{col}’ can be replaced
by the verb ) with the trailing open quote priming the verb. The one-shot
and few-shot regimes used a list of paired examples:

Replace a verb—noun combination with a single verb.
Examples:
vskryvat’ prichiny = vyyasnyat’

{col} =
With the decoding parameters

do_sample=False, num_beams=3,
repetition_penalty=1.5, max_new_tokens=7

this gave a one-word verb in nearly all cases.

Gap filling (extended prompt for mid-size multilingual models). “You
are a specialist in Russian set expressions. Fill (MASK) with a SET PHRASE
consisting of a VERB and a NOUN (optional preposition). CORRECT:
razbudit’ interes. INCORRECT: pozhertvovat’ (verb only). The phrase
must be natural Russian and fit the sentence. Reply ONLY in Russian.”

Augmentation of negative examples (GPT-40). “A collocation is a stable
two-word expression whose meaning is non-compositional and which can be
replaced by a single verb. Collocations: vesti diskussiyu, vzvalivat’ bremya,
vpadat’ v isteriku (= diskutirovat’, obremenyat’, isterit’). Non-collocations
are compositional (gotovit’ obed, organizovyvat’ meropriyatie) and cannot
be paraphrased with one verb. Generate 100 verb—noun pairs that are not
collocations.” The outputs were filtered manually.
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Generation of gap sentences (GPT-40). “For each collocation, produce
one Russian sentence of medium length, natural and grammatical, with
enough context that the collocation is uniquely recoverable. Use the correct
aspect. Return two columns: the sentence with (MASK) in place of the
collocation, and the same sentence with the collocation restored.”

Judge for paraphrasing (0-6 scale). “Evaluate the semantic and
grammatical proximity of two Russian verbs. Semantic (0-3): 3 = identical;
2 = close synonyms interchangeable in one sentence (vzglyanut’/posmotret’);
1 = shared meaning with notable differences (zashchishchat’/tsenit’); 0 =
unrelated or non-Russian. Grammatical (0-3): 3 = identical form; 2 =
minor differences (aspect, reflexivity); 1 = substantial differences; 0 = not a
verb or non-Russian. Return strict JSON with the two scores and their

ki

sum.

Judge for gap filling (0—4 scale). “Evaluate the proximity of two
text fragments (predicted vs. reference). 4 = identical; 3 = very close in
meaning, same length, interchangeable (prinyat’ na sebya otvetstvennost’ /
vzyat’ vinu na sebya); 2 = the same words in different forms (bit’ trevogu /
zabit’ trevogu); 1 = loosely related (derzhat” uchet / berech’ den’gi); 0 =
unrelated, OR a single word, OR too long, OR contains non-Russian
inserts. Return only the integer score.”
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Beepenne

Asromarnyueckas 06paboTKa MINOMATHIHOTO U HEKOMIIO3UITMOHATHLHOTO
SA3BIKA OCTAETCs OJIHONM M3 HamboJiee yCTOMIUBBIX MTPOOJIEM KOMITBIOTEPHOM
JINHTBUCTHUKHU. XOTS COBPEMEHHbBIE OOJIBIINE S3LIKOBBIE MOMIEIN JIEMOHCTPUPYIOT
BBICOKYTO OOIIYO JIMHIBUCTUYIECKYIO KOMIIETEHTHOCTh, UX CIIOCOOHOCTD HAEIKHO
PaCIIO3HABATH U MHTEPIPETUPOBATH HEKOMIIO3UIINOHAJIbHBIE BhIPAYKEHUST
n3ydeHa HeJI0CTATOIHO.

Pycckue 11aroibHO-MMEHHbIE KOJITTOKAIUA TIPEJICTABIISIOT c000# 0COGEHHO
NOKA3ATEBHBII CITyHdail: B HUX COYETAIOTCS JIEKCHIECKHE, CEMAHTHIECKIE U
rpaMMATHUYECKUE OFPAHUIEHNUS, TPEOYIONNE OT MOJIEU BBIATH 3a IIPEIeIIbl
HOBEPXHOCTHO} KOMITO3HMIMOHAIBHON nHTEpIperanuu. Tak, Kojokanus
odepoicams nobedy He CBOAUTCSA K CyMME 3HAYEHHH CBOMX KOMIIOHEHTOB,
HO He sIBJIAEeTCsI U 3aCThIBIIEH I/IJII/IOMOI‘/JI: OHa HN3MEHAEeTCd IIO (l)OpMaM,
JIOIYCKAET OrPAaHMICHHYI0 MOTubUKAIIIO 1 11epedPasupyeTcs OHAM TJIArOIOM
(nobedumo).

WccnenoBanust pacno3naBaHusl WIMOMATHIHOCTA TPOBOJINIACH TIPe-
MMYIIIECTBEHHO HAa AHTJIMICKOM MATEPHUaJie U B OCHOBHOM B IIOCTaHOBKE
KJTaccuuKaAI; OOIBITOT0 METOIOJOTUIECKH COATAHCUPOBAHHOIO KOPIIYCa,
PYCCKUX TJIATOJBHO-UMEHHBIX KOJLIOKAIMI 10 CUX MOP HET. BOJbITnHCTBO
paboT OPUEHTUPOBAHO HA IIOJHOCTHIO MINOMATUYHBIE BBIPAXKEHUsI, U3-33,
9ero MPOMeKyTOYHAasl 30HA OCTAETCH MAJOM3ydeHHOH. Jlumb HeMHOrme
HCCJIE/IOBAHUST OObEUHSIOT KIIACCH(PUKAIIUIO, T€HEPAINIO 1 BOCCTAHOBJICHUE B
€JIMHOI TIOCTAHOBKE, IMOITOMY CIOCOOHOCTH K PACIIO3HABAHUIO U K T'eHEPAINN
0OBIYHO U3MEPSIOTCST HA PA3HBIX JAHHBIX M HE MOJJIAI0TC IPSIMOMY CPABHEHUIO.

Iless pabOTHI — MOCTPOUTH COATAHCUPOBAHHBIHN JTATACET PYCCKUX TJIATOIh-
HO-MMEHHBIX KOJIJIOKAIIWN, OIPEeeNTh HaJ OJHIMU M TEMU K€ BbIPAXKEHUSIMHI
TPU B3aMMOCBSI3aHHBIE M10/[33/[A9H, CHCTEMATHIECKH OIEHUThH HA HUX MYJIbTHSI-
3bIuHbIE U pyccKosa3blunble LLM B pexxumax zero-shot, one-shot u few-shot u uc-
CJIeJIOBaTh, B KAKO Mepe mapaMeTpudecku 3 heKTUBHAS TOMEHHAS A IalTAINs
meTosioM LoRA ycrpansier pa3pbIB, OCTAIOMIMICS [IOC/Ie YBEJIMIeHNs pa3Mepa
MOJIeJIN U e€ sA3BIKOBOIT crienmasin3anuu. Jlatacer u Kof, OIyOJMKOBAHBI IO a/pe-
cy https://github.com/Vera-bahval/russian-verb-noun-collocations.

Otnuunsg ot Bepcum JJjid KoHdepeHIuu. HacTosimas cTaThs sSBISIeTCS
pacmupenHoit Bepcueil crarbu «Automatic Processing of Russian Verb-Noun
Collocations Using Large Language Models», omy6/iuKoOBaHHOI B TPyIax
koudepenruu «Juanmor-2026» [1]. B meii Obin npejcTaBiIeHbl JaATACET,
IIOCTAHOBKA M3 TPEX 3ajad, orneHka cemu LLM u pe3ynbraThl 1000ydYeHUs.
Jlaracet, ompeeiennst 3a1a4, HaOOp Mofesel, TumepnapaMeTpsl 1000y IeHusT 1
KJIFOUYEBbIe METPUKHU He M3MEHUJINCH, [I09TOMY YHC/Ia B 00EUX IIyOJIUKAIUIX
corsiacoBanbl. HOBBIMU gBJIAIOTCS:


https://github.com/Vera-bahval/russian-verb-noun-collocations
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1) mojpobHOE OIMCaHre METOIOJIOTHH IIOCTPOEHUs jlaTacera: paboyero
OIpeIeSIeHUsT KOJUIOKAIIMHU, POJIM UCXOTHOTO CJIOBapsi, YCTPOUCTBA
3a1pocoB K HalmoHaJIbHOMY KOPIIyCy PYCCKOIO sI3bIKa, ayTMEHTAIUNA 1
GasancupoBKu (pasmen 2);

2) pa3b0p XapaKTEPHBIX OIMIMOOK MOJIE/eil 00IIero Ha3HATEHUs 10 KaXK I0it
3ajade ¢ npuMepamu (pasuer 4);

J) cormocTaBieHre OTBETOB 0A30BLIX 1 JO00YIEHHBIX BEPCHil 00enx Moeeit
Ha TeHEePATUBHBIX NOJ3aauax (pasuesn 5);

/) CBOIIHOE CpaBHEHME BCeX MOJesell Ha Beex 3ajiadax U O0CYyXKIEHHe
B3aMMOJIEHCTBUsI pa3Mepa MOJIEJIH, sI3bIKOBOI CIIEIUAN3AIME U TIEJIeBOi
afanranun (passern 6).

1. 0630p cyuwecTBytowmnx pabor

OCHOBOITO/TATAIOIIMM [IATOM B UCCJIEIOBAHUIX UIAOMATUIHOCTH CTAJIO
cozgamue Gosbmux pa3MedeHHbx kopycos. Kopmyc MAGPIE [2] o6beaunun
U3BJICYCHUE KAH/IUIATOB O CJIOBAPSIM, AaBTOMATHYECKHIl TIOUCK W MHOTOYDPOBHE-
BYIO KPayJICOPCUHTOBYIO PA3METKY aHTJIUHCKIX BBHIPAYKEHUN; OH COJIEPIKUT
6osee 50000 pasmMedeHHBIX BXOXKJIEHUIT M 3aKPEMUI CBI3KY <«CJIOBAPU U
GoJIbIIIE KOPIIyca» KaK pabounii KOHBeHep MOCTPOEHUSs JAHHBIX.

B pa6ore AStitchInLanguageModels [3]| Gblia BBe/IcHa MHOIOYpOBHEBasT
KJIacCu(PUKAIUsi MHOI'OCJIOBHBIX BBIpasKeHUI, repedpasupoBaHue UCIIOJIb-
30BaJIOCh KaK MHIUKATOP CEMAaHTHYECKON IyBCTBUTEIBHOCTH B PEXKUMAX
zero-shot, one-shot u few-shot; kpome Toro, 6pLIO TOKA3AHO, UTO CHENUATbHAS
TOKEHU3AIIUsI TIeJIEBOTO BhIPAYKEHUsI U PEXKUM OOYUEHUsI BIIUSIIOT Ha U3MEPSIEMOe
KaJIeCTBO.

B pa6ore FLUTE [4] noruManue o6pa3HOro si3bika ¢OpMyInpPOBAHO
Kak 3ajaqa jgorudeckoro ciegosanus (NLI) ¢ remepanueil o6bsicHeHnMIt;
IPe/ITIOKEeHUSI-KAH T IATHI TOPOoK pamch Mosenbio GPT-3 u 3aTrem mposepsinch
9KCIIEPTaMHU.

Copesnosanue SemEval-2022 Task 2 [5] 381210 MyJIbTHsI3bIUHbLH OeHIMADK
pAaCIIO3HABAHUS MINOMATUIHOCTH JJIsi aHTJIHACKOTO, MOPTYTaJIbCKOIO U TaJId-
CHIICKOTO SI3BIKOB. JIMIUPOBAIN aIalITHPOBAHHBIE SHKOJIEPHBIE ADXUTEKTYPHI, a
oOeTUBIIIEE PEIeHrne B peXKuMe one-shot ommpasioch Ha aHcaMOJIUpOBaHUIE,
COCTsI3aTeNIbHOE U KOHTPACTUBHOE OOyUEHNE U SBHYIO PA3METKy MHOTOCJIOBHOTO
BBIPaYKEHMUSI.

. ®ennc u coaBropst [6] mokazauu, uro LLM obuiero nasnadenus
6e3 aJanTaly YCTYIIAT MEHBITUM SHKOJIEPHBIM MOJIEJISM, 1000y I€HHBIM
o1, 3a/a9y; BMecTe ¢ TeM crocobnoctsh LLM ornmaaTrh mamoMaTu<aHOE
ymorpebsieHne 0T OyKBaJIbHOTO 0€3 IeI€BOr0 00y UIeHUsI CBUIETEILCTBYET 00
X ODIIeil JIATEHTHON KOMITETEHTHOCTH, ITPUIEM KAYECTBO PACTET C YUCJIOM
1apaMeTpoB.
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1. Yk0y u coaBTopsI |7| 00bEAUHUIN MEHEPAIIUIO ONIPEIEICHUS MIHOMBI,
€€ mIeHTH(UKAINIO U BOCCTAHOBJIEHNE B €JMHOI TIOCTAHOBKE U aJIallTHPOBAJII
MOJIEIb C IOMOIIBIO ITapaMeTprudeckn 3POEKTUBHBIX MOJIYJIEH BMECTO II0JI-
HOT'O JIO00YUEHUsT; UMEHHO 9TO Pa3JieJIeHNe Ha TPHU MOA3aa4MU TOCITY KO
mpoobpa3oM TPEX 3a7ad Harmeil paboThI.

W3 sTtux paboT ciaemyoT aBa BHIBOA, OMPEIETUBIINX HAII ITOIXO;:

Bo-nepeévix, cioBapu u GOJIBIIIE ITATOHHBIE KOPITYCA CJIy’KAT €CTECTBEH-
HOU OCHOBOI JJId OCTPOEHUA PECYyPCOB HEKOMIIO3UIIMOHAJIBLHON JIEKCUKHU, &
ayrmenTarus ¢ nomomipio LLM macmrrabupyer mporecc 1pu yMepeHHOM
PYYHOM peaKTUPOBAHUM.

Bo-emopbir, HEKOMIO3UIMOHATBHOCTD JIYUIE BCETO TPOBEPSITH, COUETAS
paclio3HaBaHUe U I'€HePAIUI0 U TeCTUPYsI HECKOJIBKO MOJIejlell B HECKOJIbKUX
peKnMax.

Bwmecre ¢ Tem orcyTcTByeT GOJIBINON METOMOIOIMYIECKU TPOBEPEHHBIH KOPILYC
PYCCKHUX TJIAN0JIbHO-UMEHHBIX KOJUIOKAIINAN, TPOMEXKYTOIHAST 30HA MEXKLY
KOMIIO3UIIMOHAJIBHBIMU U UJINOMATHIHBIMU BBIPAYKEHUSAMU OCTAETCST Ma-
JIOU3YYEHHOMN, W JINIIH HEMHOTHE PAabOThI OObETUHIIOT KIaCCU(MDUKAITIIO,
nepeppaszupoBaHue U BOCCTAHOBJIEHUE HAJ[ OJHUMU U TEMU K€ €JIMHUIIAMHU.
Harmra pabota mampapieHa Ha yCTpaHEHHE 3TUX ITPOOEIOB.

2. Oaracer
2.1. Pabouee onpepenexune

ImarompHO-MMEHHON KOJIJIOKAIMEH B JAHHON paboTe HA3bIBAETCS COUCTAHUE
[JIAr0JIa U CYHIECTBUTEILHOrO (IIPSIMOTO UJIM KOCBEHHOI'O JIOTIOJIHEHUS, BO3MOK-
HO, OTJIEJEHHOIO OJJHUM IIPEJJIOrOM ), 3HAYEHIE KOTOPOro HEKOMIIO3UIIMOHAJIBHO.
JlmarHocTHYeCKUM KPUTEPUEM CJIYKUT BO3MOXKHOCTD Tiepedpa3upoBaTh BCIO
KOHCTPYKITHIO OJTHAM CHHOHUMHIYHBIM TJIATOJIOM: 0deporcamsb nobedy yIOoBIETBO-
psieT KPUTEPHUIO, IMOCKOJIbKY CBOJIUTCS K nobedumn, a bpocumv 632440 —K
nOCMOMPeMsb, TOrJIA KaK COYETAHUE UCCACJO8AMD GONPOC KOMITOZUINOHAILHO.
Kpurepuii BoiGpan HaMEPEHHO: OH BbLIE/ISIET UMEHHO IIPOMEXKYTOUHYIO 30HY
MEK/Iy TOJHOCTHIO KOMIIO3UITMOHAJIBHBIMIA U TIOJTHOCTHIO MIHOMATHIHBIMI
BBIPAYKEHUSIMU.

2.2. UcTo4HUKM n nocTpoeHmne

VcxomHpIM HCTOYHUKOM TTOJIOXKUTETBHBIX TPUMEDPOB IIOC/IY2KIJI CJI0BAPh
«¥YcTolunBbIe TIAaroJIbHO-UMEHHBIE CIIOBOCOUETAHNUST PYCCKOTO s3bIKay (8],
copepxkaruit 6osee 6 000 TIAroIBPHO-UMEHHBIX BBIpayKeHUi ¢ nHdOopMarmeii 00
yIpaBJIEHUHU. Y3Kasl HAIPABIECHHOCTD CJIOBAPS U SIBHASI TPAMMATUYIECKAsT
uHMOPMAIIUS CAEIAINA er0 YIO00HBIM CTAPTOBBIM CIIUCKOM, OJTHAKO OH HCIIOJIb30-
BaJICS JIUIITH KAK OCHOBA: BCE KAHJIUJIATHI ITPOBEPSIIINCH 110 COBPEMEHHBIM
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KOPIIyCHBIM JIAaHHBIM U 10 KPUTEPUIO repedpa3vpoBaHus, TaK YTO BbIPAYKEHUSI,
OTCYTCTBYIOIIE U MapruHaJbHbIE B COBPEMEHHOM YIIOTpeOJIeHuU OO0 He
CBOJIMMBIE K OJJHOMY TJIaroJty (Hampumep, 6pamo Mmakcu), HCKII0IAIuch. ABTo-
MaruuecKas npeaodpaboTka (peryssipHble BhIPAXKEHUS U CTPOKOBBIE OIEPAIIUHN )
OCTABJISIA TJIATOJI, CYIIECTBUTEIHHOE U, IPU HAJWYINH, €INHCTBEHHBII IPE/IJIOT;
€CJII B CJIOBape MPUBOUINCH 00e BUIOBbIE (DOPMBI TJIAr0JIa, COXPAHSIACH
dopma HECOBEPIITEHHOTO BUIA.

Hanmonanesaeriii kopryc pycckoro sizpika”™ (HKPS) ncnosnb3oBascst u Kax
COBDEMEHHBIN 4aCTOTHBIN (DHIBTD, U KaK MCTOYHHUK HOBBIX IIOJIOXKUTEIBHBIX U
OTPHIATEIbHBIX KaHAUAATOB. I'paMMaTHIecKne IPU3HAKHA B 3alIpOcax K
KOpILyCy OTPayKaJll CHHTaKCHIeCKUil IIPOMUIb KaxKIO0To IJIarosa; IIajIezk
COOTBETCTBOBAJI yIPABJIEHHUIO IJIaroJjia; eJUHCTBEHHBII TPOMEXKYTOTHBII
IIPEJIOT JIOIYCKaJICS TOJIBKO JJisl MPEJIOXKHBIX JOIOJHEHU; JUCI0 He
OrPaHUYUBAJIOCH, YTOOBI OXBATHTH MOPQOJIOIIIECKYI0 BADUATHBHOCTD.

s KaxK1oro riiaroJia Bpy4dnyto npocmarpusasiuck 100 Hanbosee 4acToT-
HBIX KOHCTPYKIIHUIi: BBIPDAYKEHUs, YIOBJICTBOPSIONINE KPUTEPUIo mepedpasnpoBa-
HUSI OJJHUM TJIAr0JIOM, Pa3MEYasnCh KaK KoJtokauu (MeTka 1), ocranbHbe —
KaK KOMIO3UIMOHAJbHBIE ipuMepbl (Merka 0). Hanpuwmep, s riarosa
godums codetanme 600ums 3a Hoc (— 06MaHBIBAMYb) TOOABIEHO KAK MOJIOKA-
TEJIBHBI TPUMEDP B CHJLy YACTOTHOCTU U OJHO3HAYHOIO HepedpasupoBaHUS
OJTHIM IJIATOJIOM, 8 800UMb KUCTHI0 — KaK OTPUIATEIbHBIN, OYy/IydIl U MeHee
YaCTOTHBIM, M KOMITO3UITHOHATHHBIM.

ITockosbKy 9Ta mporeaypa JaBajia n30bITOK MOJIOKUTEILHBIX TPUMEPOB,
MHOKECTBO DAJIAHCHPOBAJIOCH ayTMEHTAIlAel JTAHHBIX C [IOMOIIBIO MOJIEJIN
GPT-40 [9]: Mozen NPeIbsIBISLIACEH SIBHOE OIIpEJeJIeHNe U IIPUMEPBI 000UX
KJIACCOB U IIpe/Iarajioch 1IOPOXKIaTh IJIaroJIbHO-MMEHHbIe COYeTaHnsd ITaKeTaMu
1o 100 BbIparkeHui (IPOMIIT IIPUBEJIEH B IIPHJIOXKEHNN ).

Bce BbIxOmBI BpYYHYIO IPOBEPSIINCH HA KOMIIO3UIIMOHAIBHOCTD, TPAMMa-
TUYHOCTh U OTCYTCTBHUE JTyOJIMKATOB; OTOPACHIBAJINCH, HAIIPUMED, TIOPOXKIEHUSI,
CaMHi sIBJIAIONIMEC KOJIOKausMu (60dumuv dpyoicby), U CeMAHTHIECKU
cTpaHHBIE coyeTaHus. Tak ObLIO J100aBIeHO 983 MPOBEPEHHBIX OTPHUIIATETBHBIX
puMepa.

2.3. banaHcupoBKa u UTOroBbIi COCTaB

Ha ypoBHe OTIeIbHBIX IJIAr0JIOB COXPAHSIJICST OCTATOYHBIN JIrcOaIanc: y
HEKOTOPBIX [VIAT0JIOB IIPUMEPOB OJIHOTO KJIacca OBLIO 3aMETHO OOJIbINE, 9eM
JIPYrOro, 9To He IMO3BOJIMIO Obl KOPPEKTHO PAa3dUTh JaHHBIE HA 0DYJIAIOILYIO
u TecToByIO BbIOOpKU. [loaToMy MBI obecrievinin GasaHC AT KaXKI0TO
ryaroyia: jyist 479 Taro/ioB, UMEBIIMX XOTsI ObI OJUH MOJIOKUTETLHBIH TpUMep,
OCTaBJISIOCh PABHOE YUCJIO0 KOJUIOKAIWMii U HeKojuiokalwmil (or 2 710 8 npumepoB


https://ruscorpora.ru/
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HA [JIaroJ1), & HEJOCTAIOIIUE KJIACCHI HOIOJIHSIIUCH HOBTOPHBIM [IOUCKOM II0
HKPA u ayrmenrtanueii ¢ nomompbio GPT-40.

Wroroswrit koproyc cojiepkut 3 264 Boipazkenust: 1 630 KostoKauii u
1634 mexosnoKaruu, cOaJIAHCHPOBAHHBIX 110 KJaccy u 1o riaroy. Cxema
[TIOCTPOEHNUsI JATACeTa MOKAa3aHa Ha PUCYHKe 1.

CiioBaps B. M. lepubaca: Gosee
6000 coueranuii (MCXOLHBINH CIIMCOK)

v

Quibrpanust no HKPS (100 4acTOTHBIX KOH-
CTPpYKLMH Ha IJ1aroji) U 110 KPUTEPHUIO IIepe-
dpasupoBanust OgHUM Tyiarojaom; Merku 1/0

v

Ayrmenranuss GPT-40 ¢ py4yHoi npo-
Bepkoii: +983 orpunaresbHBIX IPUMEPA

v

BanancnpOBKa IIO rviaroJiaM: IIOPOBHY
npuMepoB 060UX KJIACCOB, 2—8 Ha IVIaroJsi

v

Jdaracet: 3264 Boipakenus, 479 rsiarosos
(1630 xonnmokanuii, 1 634 HEKOLIOKAIIMH)

A

Knaccudukamms ITepedpasuposanue 3arrostHeHuE IPO-
(Bce BBI ame:st) (xonzoxanus mycka (mpezgto-
b — IJIaroJI) kenust GPT-40)

Pucynok 1. Cxema mocTpoeHus jJaTacera U TPU MOI3aa49N HaJT
OJTHUMU W TE€MU K€ BBIPA’KEHUSIMU

st monzanadn nepedpa3upoBaHus KaXKI0H KOJLUIOKAIIMH BPYIHYIO
COLIOCTABJISIICS. CHHOHUMUYHBIA 1vIarosl (HapuMep, 3adams Hanpagienue — Ha-
NPAGUMDB, 3AAUCAMBCHA KPACKOU — KPACHEMb, 3HAMb MOAK — Da30UPATDLCA).
st Tio3a/1a49u 3aII0/THEHUST TTPOIIYCKA, KOHTEKCTHBIE MTPEIJIOYKEHUsI ¢ 3aMac-
KUPOBAHHON KOJLJIOKAIMEN TOPOXKIAJINUCH JIJIsl TIOJIOYKUTEJILHBIX [IPUMEPOB
mogiesibio GPT-40 ipu KOHTPOJIMpYEMOM ITPOMIITHHTE U 3aTEM IIPOBEPSLINCH
BPYYHYIO; OTPHUIIATEIbHbIE IIPUMEPHI B ITOI T0/33/1a9e HEe UCIOJIB3YIOTCS.
O6paa1ibl 3armmceii mpuBeIeHbl B Tadsmiie 1.

Tpu mo3a1a9u TPOBEPSIIOT B3AUMOIOTIOTHSIOIIHE CIIOCOOHOCTH]:

KAaCCUPuUKRaAYUA — OUHAPHOE PACIO3HABAHUE HEKOMIIO3UITMOHAIBHOCTH,
nepedpasuposarue — JIEKCUKO-CEMAHTHIECKOE TOHUMAHNE,

3aN0AHEHUE NPONYCKA — KOHTEKCTHOE COIVIacoBanue (GOPMbI, 3HAYCHUS U
IPAMMATHIECKOTO ODOPMIICHHS.

TTockonbKy mOA3a1a49M OIIpEIEICHBI HAJ OJIHAMY U TEMU YK€ BBIPAXKEHUSIMU,
pacrio3HaBaHUe U Te€HEPAIUIO MOYKHO U3MepATh Ha o01eit ocnose. Pecypc
MOXKET HCII0JIb30BAThCS B 33/1a4aX PACIIO3HABAHUSA UIMOMATUIHOCTH, T€HEPAIIH
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Tapauua 1. O6pasnbl 3anuceil JaTaceTa

Bripaxkenne = Merka | CuHoHUM IIpeioxkenune ¢ npoIrycKom

ITocae donzozo caedcmeus npokypamypa
8bIHOCUMD

1 obsunams | pewuna (MASK) n0003pe6aeMoMy NO MPEM
obsuHeEHUE
CcMamvbam.
BHIHOCUMD 1 NODULATS 3a amopanvroe nosederue emy 6vLA0 pewseHo
NOPUUAHUE puY (MASK) meped 8cemu Koane2amu.
6bIHOCUMD 0

nomKy

mapadpas, KOHTPOJUPYEMOIl OIEHKY MeHEePAINN TEKCTa U B KOHTPACTUBHBIX
HCCJIE/IOBAHUAX.

3. OueHka 6onbwNX A3bIKOBLIX MoOAenein
3.1. Mogenu n nocraHoBka

OnenuBajiuck cemb LLM, pasjmmuaronuxcst pa3MepoM, si3bIKOBOM CIierua-
nm3anueii 1 pexxumoM Hacrpoiiku: Mistral-7B-Instruct-v0.1 [10], Qwen2.5-7B-
Instruct [11], DeepSeek-1lm-7B-base [12], Llama-3.1-8B-Instruct u Llama-3.1-
70B-Instruct [13], a Takxke YandexGPT5-Lite-8B*™ u YandexGPT5-Pro.

Takoit oT60p 103BOJIsET pasenuTh 3dhdexThl pasMepa (ot 7 1o 70 Mipi
apaMeTPOB), A3bIKOBOI CIeUAIn3aUU (MyJIbTUI3bIYHBIE U PYCCKOS3bIIHbIE
MOJIE/IN) U UHCTPYKTUBHON HACTPOHKY; 6a30Basi AaBTOPEIPECCUOHHAS MOJIE/Th
DeepSeek-1lm-7B-base BkjoueHa [1jisi KOHTPACTa ¢ MHCTPYKTUBHBIME CHCTEMA~
mu. Mojienu /10 8 MJIp/] HapaMeTPOB 3aILyCKAJIUCH JOKAJILHO € IOMOIILIO
6ubaunorekun HuggingFace Transformers (knaccer AutoModelForCausallM u
AutoTokenizer), Gosee kpynubie Mozenn— yepe3 API Yandex Cloud. Kaxnas
MOJIEJIb TeCTUPOBAJIaCh B pexumax zero-shot, one-shot u few-shot; npumepst
JIJIsT KOHTEKCTa OTOUPAJIUCH U3 JATACETA B COOTBETCTBHUU C O3 aUe.

3.2. Cneuyudmkauyms 3aga4 n NPOMNTUHT

Kaaccugpurayusn. Mogenab motydaeT 1iiarojJbHO-IMEHHOE COYeTaHue U
npejckKasbiBaer MeTKy u3 Muoxkecrsa {0, 1}, BosBpamias ToabKo 1udpy.
B pexxume one-shot npembspisiucs JBa npuMepa (110 0JHOMY Ha KJIacc),
IIOCKOJIBKY €IMHCTBEHHBII IIPUMED CMeIaI Obl OMHAPHYIO 331249y K OHOH
MeTKe; B pexxume few-shot — mects mpumMepoB, cOaTaAHCHPOBAHHBIX M0 KJIACCAM
U pa3/IMYalomuxcs 1aJle2KOM, YUCJIOM U HaJIU4YheM IIpesJjora.


https://huggingface.co/yandex
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PaccmarpuBasnach 1o npaBuiibHbIX 0TBeToB (Accuracy, A), TOYHOCTB
(Precision, P), moarory (Recall, R) u Fl-mepy 151 OJI0KATEILHOTO KJIACCA.

Hepegpasuposanue. Mopesib mojrydaer KOJJIOKAIMIO U JIOJIZKHA BEPHYTH
OJIMH CHHOHUMUYHBIH ry1arosi. [IpoMnThl mogdupasiucek moji KaxKjaoe ceMefcTBO
MOJIeJIeit: MyJIbTUS3bITHBIM MOJIEJNISAM CPEJHEro pa3Mepa TPeOOBaIOCh sIBHOE
YKa3aHMe «OTBeYaTh TOJIBKO IIO-PYCCKUY, YTOOBI ITOJABUTH AHIJIUNCKHE, &
y Qwen u kuraiickmne BcraBku. bazooit mojesin DeepSeek morpebosasicst
OTJIeJIBHBII ITOXOJ, IOCKOJIBKY MHCTPYKTHUBHBIM IIPOMIT BBI3BIBAJI IIOBTOPEHUE
MHCTPYKIIUA BMECTO HOPOXKJaeHusd ryarosia. [lostomy njs neé B pexxume
zero-shot mCroIb30BaJICS TPOMIIT-IIPOIOJIPKEHIE, OKAHIUBAIOIIANCS OTKPBIBAIO-
el KaBBIUKOM, KOTOpasl «IOJICKA3bIBACT» TJIAr0J, a B pekuMax one-shot u
few-shot — ccok map BUIa KOJIOKAIMS = IJIAT 0JI, OKAHIMBAIOIIIICS 1e/IeBOit
KOJIJIOKaIieit 1 3HAKOM «—».

3anoanenue nponycka. Momens 3aMeHsieT TOKeH (MASK) B IIPEJIJIOXKEHUAN
IJIATOJIbHO-UMEHHDBIM COYETAHUEM, TTOIXOSIINM IPAMMATHYIECKH U IO CMBICITY.
MyIbTHUA3BITHBIM MOJEJISIM CPEIHETO pasMepa TPeOOBAJICS PACIITUPEHHBIH
[IPOMIIT, 33JIAIOMIUIl CTPYKTYPHBIH MaboH (TJ1aros, Heobs3aTe IbHBIA MPEJIJIOT,
CYIIECTBUTE/IHLHOE) U IPOTUBONOCTABJISIONINI KOPPEKTHBINA U HEKOPPEKTHBII
dopmarer orera. das Mistral-7B-Instruct u DeepSeek-1lm-7B #u omna
dopmysmpoBka, BKIOYas pasjesenue posieii system/assistant u momrarosoe
MTOPOKJICHNE «CHAYAJIA TJIATOJI, 3aT€M CYIIECTBUTEIHLHOEY, He JIaBAIa CTAOMIHHO
pasdbupaeMoro OTBeTa, MOITOMY ITH MOJETH MCKIIOYEHBI U3 JAHHON TOI3a1a4m.
IIpescraBuTeIbHBIC IPOMIITHI JIJISI BCEX T0/133/1a4 IIPUBEICHBI B MTPUJIOXKEHU.

3.3. OueHka reHepaTusHbIX nog3agad

st nepedppasupoBaHust U 3aIl0JHEHUs IIPOIIYCKa TOYHOE COBIIAJIEHUE 110
dopMe CIIMIIKOM CTPOTO: MOJIEH YaCTO BBIIAIOT KOPPEKTHBIE CHHOHUMBI HJIN
UHBIE, HO BEPHbIE rpamMMaTrdeckue (popMbl. 1109TOMY MbI IPUMEHUIM IIPOTOKOJI
LLM-as-a-judge: mojmenb-cyapsi YandexGPT5-Lite-8B onenuBaer Kaxkaprit
OTBET OTHOCUTEJILHO 3TajIoHa 110 mkajie or 0 1o 6 (nepedpasupoBanue) uim or
0 o 4 (3amoJiHEHUE IPOITYCKA,).

Py6puka ornennBanus siBHO mITpadyeT HEpyCccKue (pparMeHThl, OTHO-
CJIOBHBIE OTBETHI TaM, TJ€ OXKUJIAETCsl CJIOBOCOUYETaHNUE, UPE3MEPHO JIJINHHBIE
dparMeHTsl, KOMUPYIOIIAE YaCTH BXO/a, U OTBETHI, HE CBA3AHHBIE C TAJIOHOM;
ona tpebyer crpororo dpopmara JSON (nepedpazuposanue) wjiu OgHOTO
IEJIOT0 Yncya (3aIoJHeHne MPOIYCKaA), YTOOBI OMEHKY MOXKHO OBLIO M3BJIEKATH
ABTOMATUIECKH.

Cynibst TPUHAJJIEIKUT TOMY K€ CEMEHCTBY, UTO U OJIHA U3 OIEHIBAEMBIX
CHCTEM, TIO3TOMY JIJIsT MCKJIIOUEHNST BO3MOYXKHOM MPEB3SITOCTU MBI IPUHSLIA JIBE
MEPBI.
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Bo-nepsvix, Mojeb-Cyibst NCIOIB30BaIACh TOJBKO KaK OIEHUBAIONIA
dyHKIWs ¢ HDUKCHPOBAHHON PyOpUKOH n 6e3 CBelIeHUi O TOM, KaKas MOJIEh
MTOPOJTUJIA OTBET.

Bo-6mopvix, Mbl BpyUHYIO IPOBEPUIN CTPATA(DUAIUPOBAHHYIO BHIOOPKY
npumepro n3 300 OIEHOK CyIbU: CyIbs HAJEKHO CTABUT BBICOKHE DAJIITBI
6uM3KUM cuHOHUMaAM (ocyorcdamsb JJisl STAJIOHA 006UHUMD [TOJLYYAeT
5 6aJutoB U3 6) U HU3KHE — OTBETaM He 1Mo TeMe (060uMm JJIsi STAJIOHA
npenodhocums nodapok nosydaer 0 6aJIOB), IPUIEM PACXOKIECHUSI
C PYYHOI OIEHKON COCPEOTOUYEHBI HA MOMPAHUIHBIX CJIydasX.

[epexpécTHas poBepKa Ha MOJAMHOXKECTBe JaHHBIX ¢ ToMoripio YandexGPT5-
Pro jajia Xopollo corjacoBaHHOe PaHKUPOBaHUE CUCTEM, II03TOMY M3 coobpa-
>Kenuit 3(ppeKTUBHOCTH B KavecTBe Cy/IbH COXpaHeHa MeHbIIas MoAesb. 1o
OlleHKaM CyJbH Bbraucisaiorca ase merpuku: %COR — 10/t OTBETOB ¢ OLEHKOi
He uuke 5 (nepedpazuposanue) uin He HUKe 2 (3al0JHEHUE TIPOIYCKa) — U
cpennss onenka cyabu MJS (Mean Judge Score).

3.4. Pe3ynbratbl

PesynbpraTs! kmaccudukaium npuBeaeHsl B Tabure 2.

Tasnuna 2. Kauecrso kiaccudukanuu (%) 1uist 6a30BbIX Mogesieit

Mogennb Pexxum A P R F1
zero | 50,8 | 50,6 | 55,7 53,1
Mistral-7B-Instruct one 51,6 50,8 ' 94,3 @ 66,1

few 51,1 50,6 86,5 @ 63,8
Zero 52,5 | 51,4 | 89,2 @ 65,2
Qwen2.5-7B-Instruct one 52,5 51,4 | 92,1 @ 65,9
few 51,7 50,9 92,1 @ 65,6
Zero 49,5 49,7 90,5 64,2
DeepSeek-1lm-7B-base one 50,0 50,0 100,0 66,6
few 50,0 50,0 100,0 66,6
Zero 49,7 50,0 99,3 | 66,3
Llama-3.1-8B one 49,9 50,0 96,9 | 65,9
few 50,0 50,0 98,7 @ 66,3
Zero 52,3 51,2 96,8 @ 67,0
YandexGPT5-Lite-8B one 53,7 52,0 96,2 @ 67,5
few 54,4 53,5 67,0 @ 59,5
Zero 53,5 52,0 98,5 | 67,9
YandexGPT5-Pro one 54,2 56,2 @ 93,4 @ 70,2
few 55,3 62,2 53,7 | 57,6
Zero 54,5 52,5 | 94,3 @ 67,4
Llama-3.1-70B one 55,1 52,6 = 96,7 @ 68,1
few 56,8 54,3 95,6 @ 69,2

Bce 6a30BbIe MO HAXOSATCS B JIMANIA30HE JIOJIM TTPABHJIBHBIX OTBETOB
49-57%, 6IUBKOM K CJIydaifHOMY.



32 B.II. KPACHOBAEBA RUmEN;

IlommoTa ycTOIYMBO M 3aMETHO MPEBBIMAET TOYHOCTD, UYTO YKA3bIBAET Ha
CHJIHOE CMEIIEHUE B CTOPOHY IIOJIOKUTEILHOrO Kiacca (Kotokamuii). Pexum
few-shot mgaér juib OrpaHUYEHHBIA U HEIIOC/IeJ0BATE/IbHBIN IIPUPOCT, & Y
DPYCCKOA3BIYHBIX MOJIeNIeH OH (haKTHIeCKH OOMEHUBAET IIOJTHOTY HA TOYHOCTD,
He ysyumrasg F1.

PeByJIbTaTbI Ha I'eHepaTUBHBIX II0/A3aJavaX IIpeJaCTaBJICHbI B Ta6.HI/ILLaX 3

u 4. MyIbTusa3bIaubie MOJIEIN CPETHET0 pa3Mepa MOKa3bhIBAIOT HAnboJsIee

Tabsmuna 3. Kaugecrso nepedpasuposanust

Mogesn zero-shot ‘ one-shot ‘ few-shot
MJS  %COR MJS %COR  MJS  %COR
Mistral-7B-Instruct 2,2 32,6 4,0 23,8 4,1 29,8

Qwen2.5-7TB-Instruct 4,2 33,8 4,2 34,5 4,2 36,5
DeepSeek-1lm-7B-base | 3,4 9,4 4.2 33,0 4,3 38,0

Llama-3.1-8B 43 | 361 | 42 344 | 43 | 379
YandexGPT5-Lite-8B 4,8 | 61,2 | 49 633 | 49 | 66,0
YandexGPT5-Pro 49 621 | 49 656 | 50 | 67,9
Llama-3.1-70B 47 | 550 | 47 549 | 47 | 556

cjabble Pe3yJIbTaThl, C YaCThIMU HEPYCCKUMU (dDparMeHTaMu U HapYIIeHUSIMI
dopmara (cunbuee Bcero y Mistral u, B pexkume zero-shot, y DeepSeek).
Pycckostapramsre Mmozenn yBepenuo smaupyoT, npuaéMm YandexGPT5-Lite-8B
[IOYTH He ycTynaeTr ropaszo 6osee kpynuoit YandexGPT5-Pro.

TasuiA 4. KadecTBo 3aIi0/IHEHUS TPOITYCKA

zero-shot one-shot few-shot
MJS  %COR  MJS %COR  MJS %COR
Qwen2.5-7B-Instruct 1,1 18,8 1,2 21,8 1,2 25,1

Monenb

Llama-3.1-8B 0,8 10,7 | 0,9 15,3 1,0 16,3
YandexGPT5-Lite-8B | 2,1 585 | 2,2 64,9 22 | 652
YandexGPT5-Pro 23 | 67,1 24 714 | 24 | 71,3
Llama-3.1-70B 1,9 | 547 | 20 563 20 | 582

Ilepexon k pexxkumy few-shot uHu y osgmoit momenun ue cumkaer MJS
110 CPABHEHUIO ¢ zero-shot u cuyibHee Bcero momoraer CjaabbIM MOJIEIISIM: Y
DeepSeek na nepedpaszuposannu %COR pacrér ¢ 9,4 B pexkume zero-shot
1o 38,0 B pexxnme few-shot. Momens Llama-3.1-70B npeBocxomut cBoit anasor
Ha 8 MJIPJ HApaMeTPOB, HO HE JIOCTUTAeT YPOBHS PYCCKOA3BITHBIX MOJIEIel;
9TO TOJTBEPIK/IAET, UTO JIJIs HEKOMIIO3UIIMOHAJIBHBIX SIBJICHHI PYCCKOTO SI3bIKA

A3BIKOBas CIleuaJIn3alind He MeHee BazKHa, IYeM pa3Mep MOJIe/IN.
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4. Ananus owmnbok
4.1. Knaccudmkaumn: cmewieHme K nonoxnMTesibHOMY Kaaccy

KauecrBenusiit pazbop omubok KiaccubUKAIMA BBISIBJSET TPH TOBTOPSIIO-
IIUXCcd TUIa cO0eB.

Bo-nepswix, Momenn nepeoreHuBaioT MOJ0KUTETBHbIH KIACC JJIsi 9ACTOTHBIX
IJIar0JI0B, IMHAPOKO IIPEJICTABICHHBIX B CJIOBAPAX YCTOMYUBBIX COYETAHUI
(6pamw, secmu, dasams), T.e. UCHOAB3YIOT UIEHTUIHOCTD IJIAr0Ja Kak
9BPUCTHUKY.

Bo-emopoir, Monenn cMemmBaT KOMIIO3UITHOHAIbHBIE KOHCTPYKITUU C
CEMAaHTHIECKH OCTa0JEHHBIM [JIAr0JIOM (HAIPUMED, Nposodums uccaedo-
6aHUE) C HEKOMITO3UITMOHAIBHBIMY KOJUIOKAIIUSIMU, YTO YKA3bIBAET HA
1peodJIaIaHe MOBEPXHOCTHBIX JUCTPUOYTUBHBIX IIPU3HAKOB.

B-mpemvux, mjist cymecTrBUTEIBHBIX B MOP(OJIOIMYECKH MAapKUPOBAHHBIX
dopmax (Hanpumep, aBCTPAKTHBIX CYIIECTBUTEIbHBIX B TBOPUTEIHHOM
najiezke) MOJIEJIU JAI0T HECOrJIACOBAHHBIE METKH HA [MOYTH UIECHTUIHBIX
BXOJaX, YTO YKa3bIBAET Ha HEYCTOMYMBOCTH IIPU CJIOBOM3MEHEHUU, a HE
Ha yCTOMYHUBYIO I'DAHUILY PEIIEHUS.

Bumecte amu HabIIO/IEHNST 0OBACHSIIOT, IOYEMY JIOJISI TPABUJIBHBIX OTBETOB
JEPAKUTCS OKOJIO CIyH9ailHOT'O yPOBHS: JIEJIO HE TOJBKO B YyBCTBUTEJIBHOCTH K
IIPOMITY, HO ¥ B MOJIUHHONA TPYIHOCTH TPOMEYKYTOTHOU 30HBI HEKOMIIO3H-
IIUOHAJIBHOCTH, TJI€ HEJOCTATOYHO HU KOMIIO3UITMOHAJILHOTO pa3bopa, Hu
BOCIIPOU3BE/IEHUS UIUOMBI 11eJuKoM. [Ipoduip «BbICOKas MOJHOTA — HU3KAS
TOYHOCThH» B TaOJIUIE 2 KOJUIECTBEHHO WILIIOCTPUPYET TO K€ CMEICHUE:
MOJIEJI HaXOJAT HOYTH BCE UCTUHHBIE KOJUJIOKAIIMN, HO OTHOCAT K HUM U
MHOKECTBO KOMIIO3UITNOHAJIBHBIX COUETAHUN.

4.2. TeHepauus: cmelneHne A3bIKOB U HapyweHne dopmarta

Ha nepedpasupoBanuu u 3amoiHEHIT IPOITYCKa, JIOMUHUPYIOIIHA cOOit
MYJIBTHSA3BITHBIX MOJEJIeil CPeHEro pa3Mepa HOCUT He KOHIENTYAJbHBIHN, a
dopmasbubiit xapakrep. Mistral u Llama-3.1-8B 1acto BeimaioT anrmiickue
TOKEHBI Wil (bPArMeHTHI CJIOB, /1azKe KOTVIa IIPOMIIT 3aIPEIIaeT HePYCCKUiT OTBET,
a Qwen MHOI/IA TIEPEKJIFOYAETCs HA KUTANCKUIL; Cy/bsl OIEHUBAET TAKUE OTBETHI
HYJIEM, 9TO OObACHAET 3HAYUTEIbHYIO YacTh ux Huskoro %COR. Bropoit
dopMasbHBI COOi, crierubUIHBIA /IS 3aI0JTHEHNS] TPOIYCKA, — CTPYKTYPHBIIL:
MO/IEJT BO3BPAIIAIOT TOJBKO IJIATOJI WJIN TOJIBKO CYIIECTBUTEIbHOE JIOO0
KOIHUPYIOT (PPArMeHT IPE/JI0KEHNsT BMECTO KOPPEKTHOI'O IVIAr0JIbHO-UMEHHOI'O
ciopocoueranusi. [loaromy st Qwen u Llama morpeboBaJicst paciiupeHHbIi
IIPOMIIT C IMAOJIOHOM U IIPOTHBOIIOCTABIEHNEM (DOPMATOB, TOTIA KaK JIJIst
Mistral u 6azoBoit momenn DeepSeek moaxomsimero mpomMnTa HailTH HE yIaJI0Ch.

Bazosas momenn DeepSeek semoncrpupyer nanbosiee HATVISIIHYIO 3aBU-
CHMOCTDb OT peXKHUMa: B zero-shot oHa MoBTOpsieT MHCTPYKIUIO U [TOJIydaeT
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9,4% %COR ma nepedpazupoBannm, a ¢ TPOMITOM U3 NAP-00PA3IOB U
OrPAHUYEHHBIM JIEKOJUPOBAHUEM ([IAPAMETPLI IIPUBEIECHDI B IIPUIOXKCHUN )
nocturaet 38,0%. Ciie1oBaTesIbHO, 3HAYNTEIbHAA JaCTh €6 BUIUMOI CI1a00CTH —
apredakT opmara MPOMOTA, & HE OTCYTCTBUE JIEKCHIECKUX 3HAHUI.

4.3. leHepauusa: ceMaHTUYECKUE KNOYTU NonagaHnsa»

OTebHBIN KJIACC MHAMBIX OIMIMOOK COCTABJISIOT CEMAHTUIECKHE IIOUTH
0TI [AHUsT», KOTOPBIE COIIOCTABJIEHNE 110 (DOPMeE OIMMOOYHO OTBEPTJIO ObI, HO
Cy/Ibsi KODPEKTHO 3aCINUTHIBAET: MOJIEIb MOYXKET OTBETUTh CHHOHUMOM C MHOI
¢dopMoit BUIa WM BO3BPATHOCTH JIMOO OY€Hb OJIM3KUM 10 3HAYEHUIO [JIATOJIOM.

st arasona 066uHumMs MOJIETH BO3BPAIIAET 0CYHCAAMDb, UTO ONEHNBACTCS
B 5 6asutoB u3 6; JjIs KOJUIOKAIUUA O0pamsd 3G Npasuao OTBET cAedo8amb
COBIIAMIAET C ITAJIOHOM.

Takwe ciaygan obocHOBBIBaIOT TpuMenenue mporokoaa LLM-as-a-judge: 6e3
HEro reHepaTHBHAs KOMIIETEHTHOCTb 00Jiee CHJIBHBIX MO/l CHCTEMATHIECKN
HEJIOOLIeHUBAJIaCh ObI.

5. MNapamertpuyeckn achcekTusHoe foody4eHue
5.1. NocraHoBka

JI71s1 OTeHKN JOMEHHON aalTalin Mbl JTOOOYHININ JIBE MOJIE/IA CPETHETO
pasmepa ¢ B3aUMOJIOIOIHSIONIEN CrieruaIn3aneil: My IbTusI3pI9Hy 0 Qwen2.5-
7B-Instruct [11] u pycckosiabranyio YandexGPT5-Lite-8B. O6e mogenn
HAXOMSITCA B OTKPBITOM JIOCTYIIE, 9TO JAET MOJHBIA KOHTPOJIb HAJl O0ydIeHUeM,
a UX YMEPEHHBI pa3Mep COOTBETCTBYET 00bEMY jaTaceTa: Oojiee KPYyIHbIE
MOJEJIN CKJIOHHBI K Hepeo6yquI/Ho Ha JaHHBIX TaKOI'O MacmTa6a.

Jammble pa3dbuBaanch ¢ coxpaHenneM OajaHca Mo TJIarojgaM Hu 1Mo KJiac-
cam: 2358 obyuaromux u 906 recroBbix npumepos (73 u 27%). Lnaross
C €IMHCTBEHHBIM IIPUMEPOM KaKOIO-JTHOO KJIacca, a TaKKe JBa IJIaroJja,
MMEIOIINX TOJIBKO OTPHUIATEIbHBIE IPUMEDPHI, HAIPABJISINCH B 00y a0y 0
BBIGOPKY, YTOOBI TECTOBAasI BHIOOPKA OCTaBAJIACh cOataHCupoBanHOi (451
HOJIOXKUTEIbHBII 1 455 0TpUIaTe/IbHBIX IIPUMEPOB).

UcnonbzoBamucs LoRA [14] ¢ 4-6urnoii kBantusanueit NF4 [15], obyuas
MOJIEJIN Ha €JMHOM JaTacere Cpasdy JUis KiaaccupuKaImu, nepedpasupoBanus u
zanosinenns nporycka. CoBMecTHOE 0OydeHre Ha TPEX 10/[33/1a9aX IKOHOMHEe
10 BBIYUC/JEHUSIM U CIIOCODCTBYET MEPEHOCY 3HAHUN MeX Iy 3ajadamu. Bee 3a-
Jlaun 00'beIMHEHbBI B euHbIl jaracer ¢popMmara HuggingFace, kaxiplii s/1eMmeHT
KOTOPOTO COJIEPZKUT TEr 3aJIa9M, COOTBETCTBYIOIIUI TIPOMIIT, STAJIOHHBIA OTBET
U CaMO BbIpakeHwue; mepes o0ydeHneM 3/IEMEHTHI [IepPeMeNnBaJIUCh.

lumepmiapamerper: panr r = 16, a = 32, dropout 0,05, ckopocTs 00yUeHMst
21074, pasmep 6aTua 4 ¢ aKKyMyJIsIHell TPAINEHTOB /10 9(PHEKTHBHOIO
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pasmepa 16, Tpu snoxu, weight decay 0,01. Panr 16 ypaBHoBemuBaeT éMKOCTH
aJIAIITEPOB U PUCK Mepeobydennsi Ha HEOOJIBIIOM MHOXKECTBE; OTHOIIEHHUE T
a =1: 2 naér kodddunuent macmrabuposanus 2,0 1 ycTONINBbIE OOHOBJIEHUS;
TPEX IMOX XBATUJIO I CXOJUMOCTHU HA OTJIO2KEHHOU BBIOODKE, a mpu boJiee
JJTUTETLHOM 0Oy IeHnN HaOJII0IAINCh IEPBhIe IPU3HAKN TIEePe00y IeHUs.

Ajtanrepbl pa3MeIauch Ha CEMU MOJYJIsIX OJIOKOB BHUManus u feed-
forward, uro obecreanBaeT ruOKOCTH, HEOOXOAUMYIO B MYJIbTU3aIATHON
ITOCTAHOBKE; TOKEHBI IIPOMIITA UCKJIIOYAJINCH U3 IeJIeBOI TOC/Ie[0BATEIbHOCTH,
TaK 4TO B (PYHKIIUIO IIOTEPHh BHOCSIT BKJIAJ] TOJBKO TOKEHBI OTBETA.

5.2. Pe3synbtaTtbl n aHanu3

Joobyuenne maér CyIecTBEHHBIH NIPUPOCT Ha BCEX TPEX 3asadax (Tabimn-
na 5). st 6a30BbIX Mojesnieil B Tabuuie yKaszaH Jgydmuii pexkum: mo F1 s
kyaccudukarun u 1o MJS i1 reHepaTuBHBIX MOA3a/1a; MOy X KUPHBIM
BBIJIEJIEH JIyUIIUil pe3y/abTar B ¢ToJIONE (/1Jisl OJHOTHI OH HE BbIJIEJIAETCH,
nockosibKy 100% gocruraercsi BHIPOKIEHHBIM OTBETOM «Bcerja 1»).

TapmunA 5. Jlydmue pe3yapTaThl MoJesIell Ha TPEX 3aJadax
(%, moia MJS— 6asubn)

Mogesn Knaccudukanms [ Ilepedpasuposanue [ IIpomyck
A P R F1 MJS %COR | MJS %COR

Llama-3.1-8B 49,7 1 50,0 | 99,3 66,3 4,3 37,9 1,0 16,3
DeepSeek-7TB 50,0 | 50,0 100,0 66,6 4.3 38,0 - -

Mistral-7B 51,6 50,8 94,3 66,1 4,1 29,8 — —

Qwen2.5-7B 52,5 51,4 92,1 65,9 4,2 36,5 1,2 25,1
YandexGPT-8B 53,7 | 52,0 96,2 67,5 4,9 66,0 2,2 65,2
Llama-3.1-70B 56,8 | 54,3 95,6 @ 69,2 4,7 55,6 2,0 58,2
YandexGPT-Pro 54,2 | 56,2 93,4 70,2 5,0 67,9 2,4 71,4
Qwen-7B-LoRA 80,2 82,2 82,2 794 4,9 60,8 2,2 61,2
YandexGPT-8B-LoRA | 80,4 82,3 | 82,3 79,6 5,1 67,8 2,5 73,8

HoJist IpaBUJIBHBIX OTBETOB IPU KJIACCU(PUKAIIUUA PACTET IPUMEPHO
¢ 53 10 80%, a TOYHOCTL M MOJHOTA BBHIPABHUBAIOTCH: aJAllTHPOBaHHbLIE
Moz OOJIbIIEe HE OIMPAIOTCH Ha CMEIIeHUe K II0JI0KUTeIbHOMY Kiaccy. Ha
mepedpa3supoOBaHUK 1 3aIOJHEHUH MPOITyCcKa H000ydeHHass (Qwen mpeBOCXOIUT
IIPUMEPHO B JIeBATH pa3 bosee kpynuyto Llama-3.1-70B u npubsmxkaercs
K YandexGPT5-Pro, a moobyuennass YandexGPT5-Lite-8B npeBocxomut
YandexGPT5-Pro Ha 3amo/iHeHrn mpoIryckKa 1mo 06euM MeTPUKAM.

9T0 npsAMOe CBUIETEIHCTBO TOTO, YTO IIeIeBasl aJallTallisl CIIOCOOHA
3aMEHUTb 3HAYUTE/ILHOE YBeJUYeHrne pa3Mepa Mojean. JpdeKT 1000y deHust
JUIst 0berx MojieJieil HarJIsJIHO II0Ka3aH Ha PUCYHKE 2.
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[ 1 Qwen2.5-7B, 6a3oBas

[ 1YandexGPT5-Lite-8B, 6aszosas
[ YandexGPT5-Pro (6e3 noo6yuenns)

Il Qwen2.5-7B, LoRA
B YandexGPT5-Lite-8B, LoRA
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%COR (nmepedpasup.) %COR (mpomyck)
PucyHok 2. KawectBo AByx Momeseit cpeHero pasmepa 10 u
nocyie 1oobydenust meromoMm LoRA B cpaBHeHUu ¢ Hemo00yIeHHON
YandexGPT5-Pro (syammit peskum 1yist 6a30BbIx Mogesneit, %)

KauecrBennnrit pa36op OTBETOB IIOKa3bIBa€T, 9YTO, IOMHUMO POCTa TOYHOCTH,

HauboJjiee 3aMeTHbBIE YTy dIIeHns KAcaloTCs cOOTIonennst popMaTa U yCTpaHe-

HHs CMelleHUusd A3bIKOB; IIOBBIIIACTCA U CeMaHTUYeCKasd TOYHOCTb OTBETOB.

B Tabsumax 6 u 7 comocTaBiieHbl OTBETHI DA30BBIX U H000YIE€HHBIX BEPCHil

obenx MojeJieil.

Tasmnua 6. IlepedpasupoBanne: oTBeTHI 6a30BbIX U JOOOYYEHHBIX

meronom LoRA monemneii

Kosokamust Monenn Baszosaa LoRA

Qwen2.5-7B-Instruct aKxmueuposams | nodymamo

BKAIOUUMD YM

3TAJIOH: NOJdYyMamv YandexGPT5-Lite-8B | noymnemos coobpasumo
Qwen2.5-7B-Instruct npuobpemamov cMmenems

HAOUPADOCA CMEAOCTU

STAJIOH: PeWaAMbCA YandexGPT5-Lite-8B | npuobpemamo pewamvca
Qwen2.5-7B-Instruct waugposamo Yyaaoumo

3a2/021CUBAMY Y2 4Dl

9TAJIOH: CMALHAMD YandexGPT5-Lite-8B | C2tavrcusame cenaotcusamov

NPOMUBOPEUUA
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Ha niepedpasupoBanun it skarowumo ym 6azoBas Qwen Bo3Bpalaer ak-
MUBUPOBATMDL, & 1000y UEHHASI — STAJIOHHBIH OTBET NOJYMAMDb; Y PYCCKOSI3BITHON
MOJIENIN HaBJIIOIAeTCs TOT JKe CABUT (NoyMHems — coobpasums).

Ha 3anosinennu npoirycka B npejioxkennn «Ilocmosrmvie obcmpennt
Havaay (MASK) mexozda npoysemarowuli 2opod» 6azoas YandexGPT5-Lite-8B
BBIJAET HEpeJeBAHTHOE IIPOJIOJIKEHNE, a J000yIeHHAsT BEPCUsI — COYCTAHNE
npusodumos 6 ynadok; noodydennas Qwen BO3BpAIIAET c800UMD K PYUHAM,
GJIM3KOE K ITAJIOHY NPESPAULAMS 6 PA3GANUHDL.

TAB/IMIIA 7. 3amoiHeHUE MPOIMYCKA: OTBETHI OA30BBIX MOJEEH 1
Mojesei, 1oo0ydeHHbIX MeTooM LoRA

Qwen2.5-7B-Instruct YandexGPT5-Lite-8B
6azoBast LoRA 6azoBast LoRA
On umen obvikHoseHue (MASK), daotce He 3HaA 6cetl Npasdo.
DTaJIoOH: PAcnPoOCMPaHAMS CAYTU
8LIHOCUMDb pacnpocmpanams .. pacnyckamov
2080pUMb HAMEKAMU
sepdurm CAYTU CAYTU
... el npuwnocy (MASK), C8A3aHHbBLE C A3BIKOBHIM OAPHEPOM U 0OUHOUECTIIEOM.
DraJioH: npeodosesamsv MPYoHOCmU
CMOAKHYMBCA nepescusams CMOAKHYMBCA C npeodonesamo
¢ mpyoHocmamu mpyorocmu (npobaemamu) mpyonocmu
Hocmosmnnvie obecmpens navaau (MASK) Hexozda npousemarowuti 20po0.
DTaIOH: NpespauLams 8 PA3BAAUHDL
HAYUHAMD ceodumo (mepesreBanTHOE npueodums
paspyuwenue K PYUHAM [IPOJIOJIZKEHUE) 6 ynadox
OH CAUWKOM MHO20 nepedcun, 4mobv. He (MASK) Hacmoauet dpyorcoe.
DrajoH: 3HAMDb UeHY

nepecmamo snam ueny UEHUMD HACTNOAULYIO ympamums
dosepamov Ipyorcby eepy 6

[MoMuMO OT/IEBHBIX TPUMEPOB, J000yYeHHbIE MOJIEN TOPA3I0 HAIEKHEE
cobomaoT TpedyeMblii (popMaT oTBeTa, 9TO camMo IO cebe COCTaB/sIeT
3HAYNATE/IFHYIO 9aCTh U3MEPEHHOTO IIPUPOCTA.

6. CsopHoe cpaBHeHue u obcyxaeHue
Cpasrenune Bcex Mojiesieli Ha Beex 3aadax (rabuuna 5) BbISBIIET TPU
3aKOHOMEDHOCTH.

Bo-nepevir, npu KaaccuuKAIIN JBe MOJEJN CPEIHEr0 pa3Mepa, aJIallTh-
poBaHHbIe MeTOI0M LORA, yBepeHHO IIPeBOCXOIsT BCe He000y YeHHbBIE
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MOJIEJIH, BKJIIOYast MOJIeb Ha 70 MJIPJ] IapaMeTpOB; CJIeIOBATEIBHO, JIJIs
9TOI 3aja4u IesieBast aIanTanus JaéT OOJIbIUil IPUPOCT, YeM pa3Mep H
SI3BIKOBASI CIIEIHAJIABAIHA.

Bo-emopuix, cpemu Heno00ydeHHBIX MOJIeIeN PYCCKOA3BIMHbBIE TPEBOCKOIST
MYJIbTUS3BIMHBIE TOTO K€ pa3Mepa, a 0oJiee KPYyIHbIE BEPCUU OTHOI
MOJIEJIN TIPEBOCXO/IAT MEHBIIHNE, T. €. IPU KIACCHMUKAIINN TOMOTAIOT U
S3BIKOBAsl CIEIMAII3aINs, 1 Pa3Mep.

B-mpemvuz, na 60ee TPYIHBIX TEHEPATUBHBIX 3a/a9aX KAPTHHA WHAS:
cpe/iu HeJI000y YeHHBIX MOJIeJIell JINJIUPYIOT PYCCKOSI3BIUHBIE; 000y deHHas
DPYCCKOSI3BIMHAsT MOJIE/Ib Ha 8 MJIDJ, IapaMeTPOB CPaBHUBAETCs ¢ OoJiee
KpyuHoit Her000yvenuoit YandexGPT5-Pro nim cirerka npeBocxout eé
o metpuke MJS, a noobyuennast MyabTHs3bIYHAST QWen JOroHSeT
He1000y4yennyo YandexGPT5-Lite-8B mo MJS u o6xour Llama-3.1-70B.

Takum obpasom, LoRA sddexkTuBHa i Becex TPEX 3aja4d U HanboJiee
3HAYUTEIHHO — JIJIst 60JIee IPOCTOil 3a1a49u KIacCupUKAIN, & IPEUMYIIECTBO
PYCCKOSI3BITHBIX MOJeseil Ha nepedPa3snpOBAHIT U 3AIOJTHEHUN IPOITYCKa
MTOJITBEPK/IAET, ITO TeHEPATUBHLIE 3a[adl TPeOYIOT Oojiee TiIyOOKOTroO B eHMUS
pycckoit Mopdosiorueit 1 ceMaHTHKOMN, YeM KJIacCUMDUKAIIHS.

3aknoyeHne

IIpencraBien MeTojioIornYecKu cOAJIAHCUPOBAHHBIHN fgaTaceT u3 3 264
PYCCKUX TUIArOJIbHO-UMEHHBIX KOJUIOKAINN M HEKOJIJIOKAIUI, OXBATHIBAIOIIII
479 rmarosioB. OH TOCTPOEH Ha OCHOBE CIEIUAJIU3NPOBAHHOIO CJIOBapSI,
HarmonaisHOr0 Kopiryca pyccKOro si3blka U ayrmeHTanuu ¢ momornsio GPT-
40 ¥ TIOIEPKUBACT TPU B3aUMOCBsI3aHHbBIE TTOA3AMAUN: KIACCU(DUKAITIIO,
epedpa3supoBaHue OIHUM IJIATOJIOM U 3AII0JHEHHE [IPOILYCKA.

Orenka ceMu MyJIbTUS3BIYHBIX U PYCCKOsA3bI9HbIX LLM B pexxmmax
zero-shot, one-shot u few-shot mokaszasia, 4ro mMozen obiIero HasHadeHus 0e3
aJIAIITAIlNK KJIaCCUMDUIMPYIOT BBIPAXKEHUsI Ha YPOBHE, OJIM3KOM K CJIyJaiiHOMY,
U OIPAHUYEHHO YCTONYMBBI B T€HEPAINH, & MX KAYeCTBO CYIIECTBEHHO 3aBUCUT
OT pa3Mepa U S3BIKOBOU CIIeNUaTU3AINN.

Henesas aganramus merogom LoRA mozereit cpeaero pasmepa ycrpansier
GOJIBIIIYIO YaCTh Pa3pbiBa U HA OTJIEJbHBIX 33/la9aX MO3BOJISIET TTPEB30ITH
ropasjio 60Jiee KpyIHbIE MOJIEIN ODIero Ha3HAUYEHUS.

Hanbreiias pabora BKJIOYAET PACIIUPEHUE JATACeTa JIAHHBIMU U3
JIOTIOJTHUTEJIbHBIX UCTOYHUKOB, OXBAT JAPYIUX THUIIOB YCTOWYUBBIX COUETAHUIH,
pacmupenne Habopa MoJiesieil u CpaBHeHne mapaMeTpudeckn 3pdeKTUBHBIX
MEeTO/IOB C TIOJIHBIM J000yUeHneM Ha 60jiee 00 bEMHOM KOpITyCe.
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Mpunoxenue. NMpumepsbl npomnToB

TIpoMIThl IPUBE/IEHBI B COKPAIEHHOM BUJIE; TIOJHBIE (POPMYTUPOBKU
OITyDJINKOBAHBI BMECTE C JIATACETOM.

Kaaccugpurayusa (zero-shot). «Huke 1aHO coueTaHne Taroja u CyIie-
crBuTesibHOr0. Oupeesnu, siBseTcs Ju OO Kosutokarueit. OTBeTh ToJbKO 1
(kosutokanust) win O (He KOJUIOKAIUS).»

Iepegpasuposarue (pyccrossviurovie modeau u Llama-3.1-70B). «Huxke
JIAHO COYETAHUE TJIAr0JIa W CYNMECTBUTEIHHOIO. 3aMEHN BCE COYETAHUE HA OJIUH
raaros ¢ TakuM ke suadenueM. B orsere mamumu TOJIBKO raarom.» s
MYJIBTUSI3BIYHBIX MOJIEJIell CPEJIHErO pasMepa J06aBisiaack cTpoka « TBoit
orser pomked 0biTh TOJIBKO Ha pycckoM s13bikes.

Iepegpasuposanue (DeepSeek-lim-TB-base). IHCTPyKTUBHBINA IPOMIIT He
cpaboTait: MOJIeJIb TOBTOPSIIA TPUMEDHI, TIO9TOMY IIPOMIIT PA3IUIAJICS 110
peskuMaM. B pexume zero-shot MCmosb30BaI0Ch MPOJOIKEHNE ¢ TIPUHY/TUTE b=
HbIM HavajoM: «Bompoc: Kak ofHuM riarosom 3ameHutsb Beipazkenue ‘{col}’?
Orser: Bripazerue ‘{col}’ MOXKHO 3aMEHHUTH IVIATOJIOM ‘», LJie 3aBEPIIAIONIAs]
OTKPBIBAIOIIAs KABBIYKA «IIOJICKA3bIBAETY IJIaroy. B pexmnmax one-shot u
few-shot nmpumensiica cimcok map-oOpasos:

3aMeHH codeTaHne IVIarojia U CyIIeCTBUTEILHOIO OQHUM Iv1arojioM. llpumepsr:
BCKPLIEAMb NPUNUHGL = bACHAMYL ... {col} =

HpI/I mapaMerpax JeKOIUPOBaHUA
do_sample=False, num_beams=3, repetition_penalty=1.5, max_new_tokens=7

9TO MOYTH BCETJIA TABAJIO OJHOCIOBHBIN OTBET-TJIATOI.

3anoanernue nponycka (pacwupernvili NPOMNIM AL MYALTRUASLIHHOLT
Mmodeneti cpedreeo pasmepa). « Thl— CIEIUATUCT IO PYCCKUM YCTONIUBBIM
poipaskennsM. Samoaan (MASK) YCTOMYNBBIM COUETAHUEM us I'JIATO-
JIA u CYIIECTBUTEJIBHOT'O (Bosmozken npemyior). IIPABUJIBHO:
pasbydums urmepec. HEIIPABUJIBHO: noscepmeosamsb (TONBKO T1arod).
Coueranue JIOJZKHO OBITH €CTECTBEHHBIM JIJIsl PYCCKOTO A3BIKA U IOJIXOJUTEH B
npemyoxkernn. Orpedait TOJIBKO na pycckom.»

Ayemenmayus ompuyamesvio npumepos (GPT-4o). «Kosiokanus — 1o
YCTOWYNBOE COYETAHNE JBYX CJIOB, 3HAYEHUE KOTOPOTO HEKOMIIO3UIIMOHAIBHO
U KOTOPOE MOYKHO 3aMEHUTDH OJIHUM Tuiarojom. Kojutokanuu: gecmu duc-
Kyccuro, 636aiusams bpems, enadams 6 ucmepuky (= duckymuposamao,
obpemensamo, ucmepums ). Hekosurokanun KOMIIO3UIMOHAIBHEI (20mosumb
06ed, 0p2aHU306bI6AMb MEPONPUAMUE) U HE 3AMEHSIIOTCS OHUM [JIATOJIOM.
Hanumm 100 coderanuii r1arojia ¢ CyImecTBUTEIbHBIM, KOTOPBIE HE ABJISTIOTCS
KoJumokaruaMu.» OTBeThbl (PUILTPOBAIUCH BPYYHYIO.

ITopootcderue npedaosrcenuti ¢ nponyckom (GPT-4o). «ys Kaxkoi Koul-
JIOKAITH TIPHJIyMail OJJHO PYCCKOe TIPEJIJIOZKEHIe CPeJIHell JUIMHBI, eCTeCTBEHHOe
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1 rpaMMaTHU4dHOE, C JOCTATOYHBIM KOHTEKCTOM, I‘ITO6])I KOJIJIOKaIlg OITHO3HAYHO
BoccTaHaBMBaach. CTaBb IJIarol B MPaBUILHON BII0BOI dhopme. Bepuu jBa
cTOJIONA: TIpeJToXKeHne ¢ (MASK) Ha MecTe KOJIOKAIMH U TO YK€ MPEJJIOXKEHHUe C
BOCCTAHOBJICHHO} KOJIJIOKAIHEN.»

Cydva das nepedpasuposarus (wranra 0-6). «OneHN ceMAHTUIECKYIO U
rpaMMaTHIeCKy0 OJIN30CTh IBYX PYCCKUX I1arojioB. Cemanmuueckasn OIM30CTh
(0-3): 3— mOTHOCTBIO COBIAAIOT; 2 — OJIM3KHE CHHOHUMBI, B3aNMO3aMEHsIEMbIE
B OJIHOM IIPEJIJTIOYKEHUN (8324AHYMY/Nocmompems); 1 — obIee 3HaYeHUE C
3aMETHBIMU OTJIMIUAMU (3ausuwams/yuenums); 0— He CBA3aHbI WU He Ha
pycckoM. I'pammamuneckas 6mmsocts (0-3): 3— dopmbl coBnagamoT; 2—
HE3HAYUTE/IbHBIE OTINYMsl (BUJI, BO3BPATHOCTD); 1— CyIIECTBEHHBIE OTINIUS;
0— me rarost win He Ha pycckoM. Bepuu crporuit JSON ¢ aByms onenkamu u
UX CyMMOW.»

Cydva das 3anoanenus nponycka (wrasa 0—4). «Ouenu 6au30CTh IBYX
dparmenTOB (OTBET U STAJIOH). 4 — COBIAJIAIOT; 3— OUeHb GJIM3KH 110 CMBICILY,
OJIMHAKOBOM JIJIMHDI, B3aUMO3AMEHSIEMBL (NPUHAMb HA Ce0f OMBEMCMEEHHOCTIL
/ 83aMb 8UKY Ha ceba); 2— Te XKe cJI0Ba B pasHbIX dbopmax (6ume mpesoey /
3abums mpesoey); 1— ornanéuno ceazannt (deporcams yuém / bepeus denveu);
0—me ceazanwl, IJIU oxmo cmoso, UJIN caumkom amunno, JIN comepkut
HEPYCCKHE BCTABKU. BEpHU TOJIBLKO IIeJI0e 9UCII0.»

IlocTtynnuna B pegakIjHiO 11.10.2026;
oZjobpeHa 1mocJjie perjeH3upoBaHusi  13.10.2026;

HOpUHATA K IIyOJIHKAIIuH 17.10.2026;
oy byInKOBaHa OHJIANH 06.11.2026.
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