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Abstract

Against the backdrop of active LLM development, their tendency to hallucinate, as well as the growing
volume of texts they generate, the validation of facts has become increasingly important and relevant.
We propose ruSciFact!, a new benchmark for fact-checking scientific claims in Russian. ruSciFact is
structured as a NLI task, the goal is to verify whether a fact is confirmed by a given abstract. To generate
facts, we used an 3-step pipeline based on LLaMA-405B, validating the resulting sentences with the help
of assessors-terminologists. The ruSciFact dataset consists of 1128 pairs in the format <abstract, claim>,
which we are releasing as open source together with the benchmark code. Additionally, we are open-
sourcing the fact-generation pipeline®, which facilitates the expansion of the dataset to specific scientific
domains. We evaluated several popular language models on ruSciFact, including text embedders and
generative models. The results show that this benchmark allows to effectively assess the fact-checking
capabilities of LLMs in Russian.
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Annoranmsa

Ha dome akTuBHOrO pazBuTust GOILINTUX S3bIKOBBIX MOEJIEH C UX CKIIOHHOCTBIO K TAJLIIOIH-
HAIWsM, & TaK»Ke pOCTa KOJUIECTBA CPEHEPUPOBAHHBIX C UX [TOMOIIBIO TEKCTOB, 33/1a49a BaJIV-
narnuu HaKTOB MPHOOPETAET 0COOYIO BAXKHOCTh M aKTyaJIbHOCTh. Mbl mpeacrasisiem ruSciFact,
HOBBIIl GEHUMAPK JJIsi IPOBEPKY HAYYHBIX yTBEPXKIECHUI Ha PYcCKOM si3bIke. ruSciFact mme-
er ¢dopmar NLI: Tectupyercs crmocoGHOCTH MOEIEl MPOBEPUTH MOATBEPKIACTCS JIX YTBEP-
JKJeHue aHHoraryei. Jljisi reHepanyuy yTBepKI€HUI MbI UCIIOJIb30BAJIN 3-CTyHEHYATHIN Haii-
mwiain Ha 6a3e momenun LLaMa-405B, 3atem Basmaupyst mOJIydeHHbIE yTBEPXKICHUS C IIOMO-
IO ACeCCOPOB-TepMUHOIOroB. Beero ruSciFact comepxxkur 1128 map <aHHOTAIMs, yTBEPXK Ie-
HEE >, KOTOPBIE MBI IIyOJINKYyEeM B OTKPBITOM JOCTYIIE BMECTE C KOJIOM JIJIsI OIEHKU MOJIEJIeil Ha

'nttps://huggingface.co/collections/mlsa-iai-msu-lab/ruscifact-6803f71£2d3025988ebc489e
*https://github.com/mlsa-iai-msu-lab/ruscifact
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Genumapke. Takke MbI IIyOJIMKyeM TafIaiiH PeHepaiy Y TBEPXKI€HU, KOTOPBINA MbI UCIIOJIb-
30BaJjId, 9TOOBI OOJIErYUTh PACIIUPEHNE JAaTaceTa Ha JOMOJTHUTEIbHBIE HAyIHbIe 00acT. Mbl
nporecrupoBasu Ha ruSciFact psig cOBpeMeHHBIX sI3BIKOBBIX MOJIEJIel, KAK TeKCTOBBIX dMOe -
JepoB, Tak u remepatuBHbIX LLM, 1 pe3ypTaThl HOKA3BIBAIOT, YTO OH TO3BOJIsIET 9D (MEKTUBHO
OIIEHUTH MX CIIOCOOHOCTH K IIPOBEPKE HAYYHBIX (PAKTOB HA PYCCKOM SI3BIKE.

KtoueBsie ciioBa: GeHUIMapK, OOIBINNE S3BIKOBBIE MOJIEN, TEKCTOBBIM SMOeIaep

1 Introduction

Assistance in evaluating the veracity of scientific claims becomes more and more important task
in the modern research community due to widespread usage of Large Language Models in many
spheres, including scientific investigation and paper writing processes. Such a task is called
fact-checking — the verification of a statement against a corpus of documents that either support
or refute the claim.

In this work we follow SciFact (Wadden et al., 2020), an expert-annotated dataset of 1,409
scientific claims and related abstracts that either support or refute each claim. All the annotations
in SciFact are provided with rationales (Lei et al., 2016), so each SUPPORTS / REFUTES
decision has a reasoned justification. However, all the sentences presented there are written in
English, making it impossible to use SciFact as a benchmark for fact-checking in other languages,
thus limiting its usability. We propose a novel dataset and benchmark called ruSciFact, designed
to evaluate the problem of scientific claim verification for texts written in Russian.

Another key distinction from SciFact is that, instead of relying on human annotators to
reformulate naturally occurring claims in the papers, we used Large Language Models, making
the data collection process entirely independent of human involvement. Specifically, we used
a frontier-level open source language model Ll1aMa-405B (Touvron et al., 2023), which works
across multiple languages including Russian. Using LL.Ms instead of human annotators enables
the generation of larger datasets in less time.

We aimed to create a benchmark that is genuinely representative of the Russian scientific
landscape. A direct translation of SciFact would inherently introduce biases toward international
literature, thus potentially limiting the applicability and relevance of the benchmark to the Russian
research community. Furthermore, translating specialized scientific claims and annotations
involves complex terminology and domain-specific nuances. Automatic translation methods, such
as using large language models (LLMs), do not yet reliably capture these nuances with perfect
accuracy. Human translation by domain experts would mitigate this, but it requires substantial
time and resources, making it impractical at scale.

Nevertheless, to support a more comprehensive evaluation of models, we still include a
translated version of SciFact along with automated judgments by LLMs (prompts and evaluation
results of wide range of LLMs can be found in Appendix A). This dual approach enables
researchers to assess their systems across different dimensions: both in terms of language and
scientific landscape, and also in terms of task formulation.

Our main contributions are as follows:

¢ a dataset of scientific claims with relevant abstracts;

* open-sourced code for the scientific claim generation pipeline, based on Llama-405B;
 open-sourced code for model evaluation using our proposed benchmark;

* the SciFact dataset translated to Russian.
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2 Related Works

2.1 Scientific benchmarks

There are various benchmarks for assessing the quality of language models. Some are multi-
purpose, covering a range of nearly unrelated tasks, while others focus on specific tasks, evaluating
a model’s ability to solve precise problems or work within a narrow domain. The first group of
benchmarks include well-known GLUE (Wang, 2018) and SUPERGLUE (Wang et al., 2019)
benchmarks. For evaluating embedders, there is the MTEB benchmark (Muennighoff et al.,
2022), which spans 8 embedding tasks covering a total of 58 datasets and 112 languages.

A good example of benchmarks in the second group are those focused on scientific knowledge
extraction and processing, such as SCIDOCS (Cohan et al., 2020). This benchmark consists
of seven document-level tasks, ranging from citation prediction to document classification and
recommendation of scientific articles. In our work, we follow its close relative, SciFact (Wadden
et al., 2020), a dataset and benchmark for scientific claims and related abstracts that either support
or refute the claims. SciFact consists of 1409 scientific claims verified against a corpus of 5183
abstracts. Each dataset entry includes a rationale providing an explanation for the final decision.

SciFact, in turn, is based on the Semantic Scholar Open Research Corpus (S20RC) (Lo
et al., 2019), a large corpus containing 81.1M English-language academic papers from
semanticscholar.org spanning various academic disciplines. The original Semantic Scholar
corpus (S2) consists of titles from scientific papers published in machine learning conferences
and journals from 1985 to 2017, organized by year.

The SciFact public leaderboard is available online . Based on SciFact, an Al fact-checking
challenge called SciVER was developed. This shared task supports systems that should:

1. Take a scientific claim as input

2. Identify all relevant abstracts in a large corpus

3. Label them as Supporting or Refuting the claim

4. Select sentences as evidence for the label

SCIVER evaluation is performed at the abstract level (following (Thorne et al., 2018)) and
sentence level (evaluating the correctness of the individual predicted evidence sentences).

All of the benchmarks discussed above lack non-English data, and we aim to bridge this gap
for the Russian language. Despite being multilingual, even the MTEB benchmark (Muennighoff
et al., 2022) lacks Russian-language tasks. A new benchmark for embedders designed specifically
for the Russian language, called ruMTEB (Snegirev et al., 2024), has been introduced. Another
example of a Russian benchmark is encodechka (Dale, 2022). However, neither of these contains
a significant number of tasks focused specifically on scientific knowledge.

2.2 Automatic Generation of Claims for Fact-checking

Several approaches for the automatic generation of fact claims have been studied.

Pan et al. (Pan et al., 2021) proposed a method for automatically generating claims that can
be supported, refuted, or unverifiable from evidence from Wikipedia. With this aim, the authors
first employ a Question Generator to generate a question—answer pair for the evidence, then they

*https://leaderboard.allenai.org/scifact/submissions/public
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convert the question-answer pair into a claim. The Question Generator and the QA-to-Claim
model are off-the-shelf BART models trained on question-answering datasets.

The authors of (Wright et al., 2022) proposed both supervised and unsupervised methods
for claim generation. For the supervised method, they trained the BART language model on
a small set of <sentence, claim> pairs to directly generate claims (CLAIMGEN-BART). The
unsupervised method, CLAIMGEN-ENTITY, involves identifying named entities in the target
text fragment. For each named entity, the system generates a question about that entity, which
can be answered from the sentence. The system then generates a claim from the question, as
described in (Pan et al., 2021). Additionally, (Wright et al., 2022) proposed KBIN, a method
for generating claims that contradict the text fragment. KBIN is designed for the biomedical
domain. Entities from a given fragment are linked to concepts in the UMLS knowledge base. The
initial concept is then replaced with a sibling concept (a sister concept) from UMLS. The closest
concepts to the initial concept are selected based on pre-trained UMLS concept vectors. For each
related concept, candidate claim variants are generated, with the best variants chosen according
to the lowest perplexity and the highest probability of being a contradiction to the original claim.

Kozlova et al. (Kozlova et al., 2023) generate claims for a general fact-checking dataset in
Russian. The authors used a trained paraphraser model to generate sentences for a text fragment.
In addition, rule-based transformations were proposed as an alternative approach to synthetic data
generation. For example, a randomly selected named entity in a statement was replaced with a
different, randomly selected named entity.

Bussotti et al. (Bussotti et al., 2024) generate claims using both textual and tabular content.
The authors experimented with the BART and LLaMa-2 models. To generate refuting claims,
they used antonyms found by language models and resources such as WordNet and ConceptNet.
The target entity in the initial claim is substituted with a related entity (e.g., antonym, sibling).
Quantitative and human evaluations showed that the generated refuting examples demonstrate
high variety, comparable to those created by humans.

3 Task Definition

Scientific fact-checking, or claim verification, focuses on finding evidence in the literature that
SUPPORTS or REFUTES a given sentence (called a claim). According to (Wadden et al., 2020),
"a scientific claim is an atomic verifiable statement expressing a finding". Validating such claims
is a complex task that requires deep knowledge of specific scientific domains. This problem can
be challenging even for human annotators, requiring specialists with a deep understanding of
the topic. Therefore, the use of artificially accumulated knowledge systems, such as knowledge
graphs or databases created using Al algorithms, can help address this issue. One of the most
popular and effective examples of such approaches is Large Language Models (LLMs), whose
prevalence in various applications is increasing daily. Using an LLM, one can automatically
generate scientific claims and retrieve supporting abstracts without the involvement of human
annotators.
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4 ruSciFact dataset

4.1 Annotations dataset

We choose a publicly available dataset of Russian abstracts called ruSciBench as a starting point.
It consists of 182000 pairs of titles and abstracts of scientific articles from Russian electronic
library elibrary.ru. ruSciBench is the first benchmark for evaluating models on scientific texts
in Russian. While all the papers in this dataset are written in Russian, they also include abstracts
written in English.

4.2 Claims generation process

For the claim generation process, we used the largest model from the Llama family (Touvron et
al., 2023). It has 405B parameters and is reported to perform on par with models like Gemini-
1.5 (Team et al., 2024), GPT-40 (Achiam et al., 2023) and Claude-3.5 Sonnet for tasks such
as MMLU Chat, instruction following, reasoning, code generation, long-context understanding
(NIH/multi-needle task), and multilingual MGSM in a zero-shot scenario. However, Llama is an
open-sourced model, unlike its proprietary counterparts from Google, OpenAl and Anthropic.
We used the 8bit quantized variant of Llama-405B and ran it on 8 A100 with 80Gb Graphics
RAM.
The generation pipeline can be described as follows (see Figure 1).
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Figure 1: Overview of the data generation and validation pipeline.

4.2.1 Generation of positive examples (claims with evidence in the abstracts)

First, we filtered the abstracts in ruSciBench based on the following criteria. The eLibrary
contains many abstracts that do not state meaningful claims. For instance, they may describe the
conducted experiments or tell stories about the scientist, etc. A good example is the paper "COST-
SENSITIVE LEARNING OF CLASSIFICATION KNOWLEDGE AND ITS APPLICATIONS
IN ROBOTICS" by M.Tan*.

Using a specific prompt (see Appendix B), we asked Llama-405B to generate a scientific claim
based solely on the information in the abstract, or to specify that no claims were stated in the
abstract. In the designed prompt, we listed the characteristics a potential claim should have and
provided several examples of abstracts with corresponding claims. These characteristics include
the following points:

“https://www.elibrary.ru/item.asp?id=4996344
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A fact must be related to the abstract and can be clearly supported by information from the

abstract alone.

* A fact should not be too simple and must not contradict general knowledge or common

sense.

* A fact should not contain uncertainty (e.g., a fact cannot include phrases like "in another

study").

According to Llama-405B, only 42% of abstracts from eLibrary contain at least one scientific
claim.

Second, after leaving out abstracts with no claims according to Llama, we continued the
filtration process by eliminating facts that repeated information already present in the abstract.
We performed this step using library fuzzy and its partial_ratio method to calculate how many
words from the abstract and the fact overlapped. If the ratio was higher than 0.7, the claim was
deleted.

Third, we filtered out simple facts. After manually annotating a small subset, we discovered
that most of the generated facts were quite basic and could be derived from general knowledge (for
example, "Russia is the biggest country territory-wise"). We created a prompt (see Appendix C)
that asked the model to classify each fact into one of three classes: simple, medium, or advanced.
Similar to the previous step, the prompt included a detailed description with examples. The
distribution of fact complexity is the follows: most facts are of medium difficulty (61.4%),
while simple and advanced facts are represented in roughly equal proportions (18.4% and 20.1%
respectively).

4.2.2 Generation of negative examples (claims that contradict abstracts)

First, we selected abstracts that contained at least one fact (from the first step in the previous
section). Then, we created a prompt (see Appendix E), that asks the model to generate a fact with
the following features:

* A fact must contradict the abstract.

* A fact supporting the abstract cannot be obtained by removing the particle "not".

* A fact must be relevant to the abstract.

* A fact should not contain uncertainty (e.g., it cannot include phrases like "in another study").

Next, a fact should be derived from a chain of thought. It is a complex task for a language
model. The model first changed truthful facts by adding particle "not" and then rephrased them
so that the final claim would contain no negating expressions. The final fact was retrieved from
such chains with another prompt.

The final step is to evaluate the fact’s relevance and its contradiction to the abstract. We noticed
that many facts neither relevant to the article nor contradict it. We designed an additional prompt
(see Appendix F) that asks the model to grade each fact’s relevance on a scale from 0 to 10 and
indicate how much the abstract supports the fact. For ease of result interpretation, the model
provides the response in JSON format. Only examples with a relevance score of 7 or higher and
an abstract support level of 4 or lower were sent to the next step (labeling).

4.3 Human validation process

The generated facts were annotated by two terminologists with experience in analyzing scientific
texts across various domains. The annotators obtained pairs: (generated claim, initial abstract) and
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non

should provide the pairs with the following labels: "confirms", "contradicts", or "problematic".
For the last two labels, the annotators wrote explanations. Problematic facts could contain
non-existent words or be unclear. Each pair received two annotations.

In some cases, discrepancies arose between the annotations. For instance, one annotator might
have deemed a fact too general for the abstract, while another annotator might have considered
the same general fact to be confirmed. Currently, only facts with consistent annotations are
included in the dataset. The final dataset contains 1128 pairs. Statistics on the length of the texts
are presented in Table 1, the class distribution is shown in Table 2, and the distribution across
scientific categories is detailed in Table 3.

Text Type | Mean Words | 25% Words | 50% Words | 75% Words
Claim 15 12 14 18
Abstract 165 86 144 234

Table 1: Word count statistics for claims and abstracts in the ruSciFact dataset.

Label Count
confirms 758
contradicts 369

Table 2: Class distribution in the final ruSciFact dataset after human validation.
Examples of claims and abstracts from the final dataset can be found in Appendix G.

5 Experiments

5.1 Supervised classification task

The task for evaluating embedders was formulated as a supervised classification problem. The
input to the model was the concatenation of the claim and abstract embeddings. The model’s
objective was to predict a binary class: whether the abstract confirms or contradicts the claim. A
linear classification layer was added on top of the embedder model to perform this classification.
All layers of the embedder model were trained (unfrozen) for 10 epochs. The dataset was split
equally into training and testing sets. This split presented a challenge due to the relatively small
size of the resulting training set.

We tested several well-known embedders using the ruSciFact benchmark and summarised the
results in Table 4. The list of models includes:

* Different RuBERT models (Kuratov and Arkhipov, 2019): rubert-tiny, rubert-tiny-turbo and

rubert-tiny2

* SciRus-tiny (Gerasimenko et al., 2024; Vatolin et al., 2024)

* Multilingual ES (base and large models)

* BGE-M3 embeddings (Chen et al., 2024)

« Universal Sentence Encoder for Russian (USER)?

» Language-agnostic BERT sentence embeddings (LaBSE) (Feng et al., 2020)

S(https://huggingface.co/deepvk/USER-base)
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Scientific Category (GRNTI) Percentage (%)
Medicine and healthcare 30.85
Physics 7.09
Biology 6.83
Chemistry 6.12
Rural and forestry 5.85
Mechanical engineering 3.99
Mechanics 3.46
Geology 3.28
Polygraphy. Reprography. Photokinotechnology 3.10
Mathematics 2.75
Popular education. Pedagogy 2.04
Construction. Architecture 1.95
Mining 1.68
Automation. Computing technique 1.68
Linguistics 1.51
Psychology 1.51
State and law. Legal sciences 1.33
Electronics. Radio engineering 1.24
Electrical engineering 1.15
Informatics 1.15
Metallurgy 1.06

Table 3: Distribution of scientific categories in the ruSciFact dataset (categories with >1%
representation).

* MPNet (Song et al., 2020)

¢ XLM-RoBERTa (Conneau, 2019)

* General Text Embedding family of models (gte-Qwen2-7B-instruct) (Bai et al., 2023)

The best result on ruSciFact among the models presented is achieved by BGE-m3 (Chen et
al., 2024). Despite having only 359M parameters, compared to the larger E5 models (560M)
and the significantly larger Qwen (7.61B), BGE still delivers the best performance in this set of
experiments. Furthermore, the size of the embedder does not always correlate with the score for
the other models as well: RuBERT-tiny?2 is larger than SciRus-tiny3.1, yet their F1-scores are
0.66 and 0.68, respectively. On the other hand, mES5 is nearly 5 times bigger than RuBERT-tiny2
(118M vs. 29M) and its embeddings size is bigger(384 vs. 312), but it has the same score. The
main reason for this discrepancy is context length: for mES it’s 4 times (512 vs. 2048) compared
to RuBERT-tiny2.
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Model Confi

Model name Model size | Embedding size gMax context length F1-Score
rubert-tiny 12M 312 512 0,66
sci-rus-tiny 23M 312 1K 0,67
sci-rus-tiny3.1 23M 312 1K 0,68
rubert-tiny-turbo 29M 312 2K 0,75
rubert-tiny2 29M 312 2K 0,66
multilingual-e5-small 118M 384 512 0,66
USER-base 124M 768 512 0,69
LaBSE-en-ru 129M 768 512 0,84
multilingual-e5-base 278M 768 512 0,78
paraphrase-multilingual-mpnet-base-v2 278M 768 512 0,74
sn-xlm-roberta-base-snli-mnli-anli-xnli 278M 768 512 0,78
USER-bge-m3 359M 1024 8K 0,85
multilingual-e5-large 560M 1024 512 0,8
multilingual-e5-large-instruct 560M 1024 512 0,77
gte-Qwen2-7B-instruct 7.61B 3584 131K 0,82

Table 4: Results of supervised evaluation on ruSciFact benchmark

5.2 Generative LLMs

We also tested 10 proprietary and 7 open-source generative language models on our benchmark,
ruSciFact (see Appendix D for the prompt used in the evaluation). For the closed-source LLMs,
we focused on well-known, powerful models. Since technical details for these models are not
disclosed, we provide only brief notes about each of them.

¢ Claude 3.5 Sonnet (claude-3-5-sonnet-20241022) and Claude 3.5 Haiku (claude-3-5-haiku-

20241022)

* GPT-4o0 (gpt-40-2024-11-20) and GPT-40 mini (gpt-40-mini-2024-07-18)

* Gemini 1.5 Pro (gemini-1.5-pro-002)

* YandexGPT 4 Pro and YandexGPT 4 Lite

* GigaChat: We tested following model versions: GigaChat, GigaChat Pro and GigaChat Max.

As these models lack explicit version identifiers, we specify the access date (05.01.2025).

As for open-source LLMs, we conducted experiments with the following models:

* T-pro-it-1.0 (T-bank, 2024b) and T-lite-it-1.0 (T-bank, 2024a)

* Qwen2.5-32B-Instruct, Qwen2.5-7B-Instruct (Bai et al., 2023), RuadaptQwen2.5-32B-

Instruct (Tikhomirov and Chernyshev, 2023; Tikhomirov and Chernyshev, 2024).

* sainemo-remix-12b-gptq-8bit (Gusev, 2024)

¢ Vikhr-Nemo-12B-Instruct (VikhrModels, 2024).

Most of the generative LLMs, both closed and open-source, achieve F1-scores above 90%
(see Table 5). The best results are obtained by Claude 3.5 Sonnet and GPT-40 among models
developed internationally, and by T-pro among Russian-developed LLMs. Additionally, even
relatively small models, such as T-lite and Qwen2.5-7B, demonstrate strong performance, scoring
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Model name Open weights | Model size | F1-Score
claude-3-5-sonnet-20241022 No - 0,99
gpt-40-2024-11-20 No - 0,98
T-pro-it-1.0 Yes 32B 0,98
gemini-1.5-pro-002 No - 0,97
Qwen2.5-32B-Instruct Yes 32B 0,97
RuadaptQwen2.5-32B-instruct Yes 32B 0,96
YandexGPT 4 Pro No - 0,95
gpt-40-mini-2024-07-18 No - 0,94
T-lite-it-1.0 Yes 7B 0,94
Qwen2.5-7B-Instruct Yes 7B 0,93
claude-3-5-haiku-20241022 No - 0,93
GigaChat Max No - 0,87
sainemo_remix_12b_gptq_8bit Yes 12B 0,80
YandexGPT 4 Lite No - 0,79
GigaChat No - 0,77
Vikhr-Nemo-12B-Instruct-R-21-09-24 Yes 12B 0,75
GigaChat Pro No - 0,75

Table 5: Results of zero shot LLM evaluation on ruSciFact benchmark

over 93% on our ruSciFact benchmark. Overall, the fact-checking task does not appear to
be particularly challenging for powerful models with large context windows and well-trained
reasoning abilities across multiple languages.

5.3 Retrieval evaluation

The retrieval task was formulated following the methodology described in MTEB (Muennighoff
et al., 2022). Dataset entry consists of a claim (query) and the set of all abstracts in the dataset
(corpus). The goal is to retrieve the relevant abstract for each given claim. To achieve this, we
used the evaluated model to embed all claims and all abstracts. Cosine similarity scores were
computed between each claim embedding and all abstract embeddings. Based on these scores,
abstracts were ranked for each claim. The primary metric used for evaluation in this setup is Mean
Reciprocal Rank at k (MRR @k), specifically MRR@1, which measures whether the correct
abstract is ranked first for a given claim.

Several retrieval models were tested using our proposed benchmark ruSciBench. The list of
models includes:

* GritLM-7B (Muennighoff et al., 2024)

* SFR-Embeddings by Salesforce Research (SFR- Embedding-2-R) (Meng* et al., 2024)

* Multilingual E5 (small, base, large and large-instruct) (Wang et al., 2024)

¢ Qwen2-7B-instruct (Bai et al., 2023)

* Stella 1.5B (Alibaba, 2024)
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Model Confi

Model name Model size | Embedding size gMax context length MRR@1
GritLM-7B 7.24B 4096 32K 0,91
SFR-Embedding-2_R 7.11B 4096 32K 0,90
multilingual-e5-large-instruct 560M 1024 512 0,88
multilingual-e5-base 278M 768 512 0,80
multilingual-e5-large 560M 1024 512 0,78
gte-Qwen2-7B-instruct 7.61B 3584 131K 0,81
stella_en_1.5B_v5 1.54B 1024 131K 0,80
multilingual-e5-small 118M 384 512 0,70
USER-bge-m3 359M 1024 8K 0,76
sci-rus-tiny 23M 312 1K 0,57
sci-rus-tiny3.1 23M 312 1K 0,59
USER-base 124M 768 512 0,62
rubert-tiny-turbo 29M 312 2K 0,55
LaBSE-en-ru 129M 768 512 0,42
paraphrase-multilingual-mpnet-base-v2 278M 768 512 0,39
stella_en_400M_v5 435M 1024 8K 0,26
rubert-tiny2 29M 312 2K 0,15
sn-xlm-roberta-base-snli-mnli-anli-xnli 278M 768 512 0,12
rubert-tiny 12M 312 512 0,06

Table 6: Results of retrieval evaluation on ruSciFact benchmark

BGE-M3 (Chen et al., 2024)
¢ SciRus models (Gerasimenko et al., 2024)
RuBERT models (Kuratov and Arkhipov, 2019)
» Language-agnostic BERT sentence embeddings (LaBSE) (Feng et al., 2020)
* Multilingual MPNet (Song et al., 2020)
XLM-RoBERTa (Conneau, 2019)
¢ Universal Sentence Encoder for Russian (USER)
The results are presented in Table 6. As shown, GritLM provides the best result (it is also the
largest model tested in this experiment). Multilingual E5 models also achieve high results being
significantly smaller than GritLM or SFR Embeddings.

6 Conclusion and Future Work

In this work, we introduced a new benchmark, ruSciFact, for evaluating fact-checking capabilities
within the scientific domain in the Russian language. We open-sourced a dataset of scientific
facts with rationales, generated using a multistep pipeline based on LLaMa-405B and validated
by human assessors. In addition to the benchmark, we open-sourced the fact-generation pipeline,
aiming to support research in LLM skill validation, benchmarking, scientific data processing, and
automatic scientific knowledge extraction. ruSciFact is intended to encourage the development of
language models designed for research-oriented tasks while providing a platform for comparing

11
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Russian-speaking models.
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A Scifact tranlation process and results

To adapt the original SciFact benchmark for Russian language evaluation, we undertook a
multi-stage translation process for its English claims and abstracts. The initial translation was
performed using the gpt-40-2024-11-20 large language model. Given the complexity of
scientific terminology and the need for high fidelity, a rigorous quality control procedure was
implemented based on the LLM-as-a-judge paradigm.

For quality assessment, we employed the claude-3-5-haiku-20241022 model to act as an
automated judge. This judge model evaluated each translated claim-abstract pair against the
original English text, checking for semantic equivalence, grammatical correctness in Russian,
and, crucially and the preservation of the core scientific meaning.

The translation and evaluation were conducted iteratively. After the initial translation pass by
gpt-4o, all pairs were evaluated by the claude-3-5-haiku judge. Pairs flagged as containing
translation errors (e.g., incorrect terminology, altered meaning, grammatical issues) were auto-
matically collected. These problematic pairs were then fed back into the gpt-4o0 model for a
second translation attempt. The re-translated pairs were subsequently re-evaluated by the judge
model. This cycle of translation and evaluation was repeated for a total of three iterations.

Despite the iterative refinement, a small subset of examples remained flagged as incorrectly
translated after the third iteration. These persistent cases, often involving particularly nuanced or
complex scientific language, were manually reviewed and corrected by human experts to ensure
the final dataset’s accuracy and reliability. This combined approach of automated translation,
iterative LLLM-based judging, and final manual verification aimed to produce a high-quality
Russian version of the SciFact dataset.

The evaluation of models on the translated SciFact dataset followed the same three setups as
described for the ruSciFact benchmark: supervised classification, zero-shot LLM evaluation, and
retrieval. The task formulations remain consistent with those outlined in the main body of the
paper. The results for each setup are presented in Tables 7, 8, and 9.

Analysis of Results:

Comparing the results on the translated SciFact dataset (Tables 7, 8, 9) with those on the
ruSciFact dataset (Tables 4, 5, 6), a noticeable decrease in performance is observed across all
evaluation setups. This consistent trend suggests that the original SciFact data may be inherently
more complex than ruSciFact, or it represents a different data distribution (e.g., varying scientific
domains or writing styles) on which the evaluated models generally perform less effectively.

In the supervised classification task (Table 7), the highest F1-score achieved is 0.48 (by
multilingual-e5-large and gte-Qwen2-7B-instruct), significantly lower than the 0.85
achieved on ruSciFact. This gap underscores the potential increased difficulty or distributional
shift presented by the SciFact data, possibly amplified by translation nuances.

For the zero-shot LLLM evaluation (Table 8), the performance drop is also substantial. While
top models like claude-3-5-sonnet-20241022 still perform relatively well (F1-score of 0.86),
this is considerably lower than the near-perfect scores achieved by several models on ruSciFact.
This difference highlights that even advanced LLMs find the translated SciFact version more
challenging, likely due to the intrinsic properties of the data, although translation artifacts might
also contribute.

The retrieval task (Table 9) shows the most dramatic performance decrease. The top MRR @1
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Model Confi

Model name Model size | Embedding size gMax context length F1-Score
rubert-tiny 12M 312 512 0,28
sci-rus-tiny 23M 312 1K 0,31
sci-rus-tiny3.1 23M 312 1K 0,33
rubert-tiny-turbo 29M 312 2K 0,23
rubert-tiny2 29M 312 2K 0,31
multilingual-e5-small 118M 384 512 0,28
USER-base 124M 768 512 0,27
LaBSE-en-ru 129M 768 512 0,40
multilingual-e5-base 278M 768 512 0,33
paraphrase-multilingual-mpnet-base-v2 278M 768 512 0,27
sn-xlm-roberta-base-snli-mnli-anli-xnli 278M 768 512 0,36
USER-bge-m3 359M 1024 8K 0,43
multilingual-e5-large 560M 1024 512 0,48
multilingual-e5-large-instruct 560M 1024 512 0,47
gte-Qwen2-7B-instruct 7.61B 3584 131K 0,48

Table 7: Results of supervised evaluation on translated SciFact benchmark

Model name Open weights | Model size | F1-Score
claude-3-5-sonnet-20241022 No - 0,86
T-pro-it-1.0 Yes 32B 0,81
gpt-40-2024-11-20 No - 0,81
gemini-1.5-pro-002 No - 0,79
Qwen2.5-32B-Instruct Yes 32B 0,77
GigaChat Max No - 0,75
gpt-40-mini-2024-07-18 No - 0,75
RuadaptQwen2.5-32B-instruct Yes 32B 0,74
claude-3-5-haiku-20241022 No - 0,73
YandexGPT 4 Pro No - 0,69
T-lite-it-1.0 Yes 7B 0,67
Qwen2.5-7B-Instruct Yes 7B 0,64
GigaChat Pro No - 0,56
YandexGPT 4 Lite No - 0,53
Vikhr-Nemo-12B-Instruct-R-21-09-24 Yes 12B 0,49
sainemo_remix_12b_gptq_8bit Yes 12B 0,48
GigaChat No - 0,47

Table 8: Results of zero shot LLM evaluation on translated SciFact benchmark
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Model Confi

Model name Model size | Embedding size gMax context length MRR@1
SFR-Embedding-2_R 7.11B 4096 32K 0.55
multilingual-e5-large-instruct 560M 1024 512 0.52
GritLM-7B 7.24B 4096 32K 0.52
multilingual-e5-large 560M 1024 512 0.52
gte-Qwen2-7B-instruct 7.61B 3584 131K 0.51
stella_en_1.5B_v5 1.54B 1024 131K 0.50
multilingual-e5-base 278M 768 512 0.49
USER-bge-m3 359M 1024 8K 0.49
multilingual-e5-small 118M 384 512 0.47
sci-rus-tiny3.1 23M 312 1K 0.41
sci-rus-tiny 23M 312 1K 0.39
USER-base 124M 768 512 0.37
LaBSE-en-ru 129M 768 512 0.37
rubert-tiny-turbo 29M 312 2K 0.36
paraphrase-multilingual-mpnet-base-v2 278M 768 512 0.32
stella_en_400M_v5 435M 1024 8K 0.23
rubert-tiny2 29M 312 2K 0.21
sn-xlm-roberta-base-snli-mnli-anli-xnli 278M 768 512 0.12
rubert-tiny 12M 312 512 0.09

Table 9: Results of retrieval evaluation on translated SciFact benchmark

score is 0.55 (SFR-Embedding-2_R), compared to 0.91 on ruSciFact. This indicates significant
difficulty in accurately matching translated claims to translated abstracts based on semantic simil-
arity, potentially stemming from the different nature of the SciFact content and how translation
alters specific phrasing crucial for embedding models.

Overall, the translated SciFact benchmark serves as a valuable complementary evaluation
tool. The observed lower scores across the board emphasize the challenges models face when
dealing with potentially harder or differently distributed data, further complicated by cross-lingual
transfer, underscoring the complexities of robust fact verification.

B Prompt for Positive Claim Generation

In the prompts presented in the appendices, the placeholder {text} is replaced with the actual
text of the abstract during the generation process.

4 )
Bui yuenbiit, KOTOpBIt XOpOIIO pasbupaeTcs BO Bcex 00JACTIX HayKu. Barna

3ajiada - 3aIMUCATH OAWH (DAKT, KOTOPBINA C/IeIyeT U3 aHHOTAIMNA K CTaTbe. Bbr
HE MOKETe€ CKOIMPOBATH TEKCT M3 AHHOTAIIMH, BaM HY2KHO HAIIMCATH (DaKT,
KOTODBI#l CJieyeT W3 aHHOTAIMK, HO NpPAMO B Hell He ykasaH. lIpumeuanwue:
Yb6emurech, 9TO M3BIEIEHHBINH (DAKT TOIHO BHIBEIEH U3 COMEPKAHUS AHHOTAIINM,
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0e3 100aBIeHNsT KAKONH-IN00 JTOTMOJTHUTETEHON NH(MOPMAITNN UM HHTEPIPETAIIAN.
[Tpu nanucanuu dpaxra u3berail CCbIIIOK Ha AHHOTAIMIO (B IPUBEJIEHHOM TEKCT, B
JIAHHOM paboTe, IIpeIoyKeHHbIH MeTo). Takyke npu Hanucanuu (akra nzderai
HEOIIPEJIEJIEHHOCTH, HAIPUMED ''C OIpeJeJeHHBIM CBOWcTBaMu’, B HEKOTOPBIX
COCTOSTHUSAX , ~oNpeaeeHHoN qauHbl . Eean mo aHHOTaIn HEBO3MOXKHO HAITHICATH
TOYHBIA (DaKT, TO HAIWINK “AHHOTAIMS HE COLEPKUT (aKT”

Huxe mnpusenenspr 2 mpumepa (akTOB W AHHOTAIWI, HA OCHOBE KOTOPBIX
OHU ObLIM HAIIACAHBI.

Amnnorarust K crarbe: OXKUIAeTcs, UYTO CHHXKEHHE YPOBHS TOMOIIMCTEHMHA B
CBIBOPOTKE KPOBU C TIOMOIBIO (DOJMEBON KHUCIOTHI CHU3UT CMEPTHOCTH OT
HIEMUIECKO 60Jie3HN cepra. V3BecTHO, YTO MAKCUMAJIbHOE CHU2KEHUE YPOBHSI
TOMOITMCTENHA JIOCTUTAETCs NP IpreMe (HbOIneBoil KUCJIOTHI B 03¢ 1 Mr/cyT, HO
sddekT Gosiee HUBKUX 103 (MMEIOIUX OTHOIIEHNE K OOOralleHuIO MUIIEBBIX PO~
aykros) Hesicen. METO/IBI Mer panjgomusuposasu 151 nanuenTa ¢ uieMudeckoii
6ostesnbio cepina Ha 1 u3 5 103 dosuesoit kucaors (0,2, 0,4, 0,6, 0,8 u 1,0 mr/cyT)
nn 1maanebo. IlepporauaabHo, Uepe3 3 Mecsiia IprueMa J00aBOK U Uepe3 3 Mecsiia
mocJie MPEeKpalleHnst mpreMa, (pOJTUEBON KUCIOTHI, OBLIN B3SITHI 00PA3Ilbl KPOBU
HATOIAK IS aHAJM3a Ha COJEpXKAHUE TOMOIUCTENHA U (POJIMEBOM KUCJIOTHI B
ceiBopoTke KpoBu. PE3VJIBTATHI: Cpenunit ypoBeHb TOMOIUCTENHA B CBIBOPOTKE
KPOBHU CHUZKAJICST TIPU YBEJTUIEHUN 03Bl (POJTUEBON KUCIOTHI JI0 MAKCUMYyMa, IIPHU
mpueme 0,8 Mr GomeBoit KHCIOTH B JIEHB, KOT/Ia CHUYKEHIE YPOBHSI TOMOIIUCTENHA
(c monpaskoil Ha 1anebo) cocraBisino 2,7 MKMOJb /1 (23%), 9T0 aHAJIOTUTHO
u3BecTHOMY 3(dexTy npuema GoJMeBoii KUCIOTHL B 103aX 1 MI'/CyT U BBIIIIe.
Yewm BbIlte OBLI UCXOIHBINA YPOBEHh TOMOITUCTENHA B CBIBOPOTKE KPOBU UEJIOBEKA,
TeM CHJIbHee ObLIa peakIusa Ha (PONMEBYIO KUCIOTY, HO CTATHCTHIECKH 3HATUMOE
CHIKEHIE HAOJIOIAIOCh HE3ABUCUMO OT MCXOJIHOTO YPOBHSI. Y POBEHB (DOJIMEBOIT
KHCJIOTBI B CBHIBODOTKE KPOBHU IIOBBIIIAJICS NPUMEPHO JuHeiHO (5,5 HMOJIb/J1
Ha kaxkaple 0,1 mr donmesoil kuciorer). NHauBuyaabubie KojebaHust yYPOBHS
TOMOIIMCTENHA B CHIBOPOTKE KPOBHU, M3MEPEHHbBIE B IPYyIIIe IIanebo, ObLIn 3HATH-
TETHLHBIMHA IO CPABHEHUIO € 3(PDEKTOM TpremMa hOTNEBOi KUCTOTHI, ITO YKA3HIBAET
HA TO, YTO MOHUTOPHWHI CHUKEHUsI YPOBHST TOMOITUCTENHA, § KOHKPETHOI'O IeJIOBEKA
mernenecoobpasen. BbIBOJIBI [l mocTrKeHms MAKCUMAJIHHOTO CHUXKEHUST YPOBHST
TOMOITMCTENHA B CBIBOPOTKE KPOBU BO BCEM JIMAIA30HE YPOBHEH MOMOIIMCTENHA B
TTOTLYJISITIAH, TIO-BUINMOMY, HEOOXOIMMa 71038 (hOJIMeBoit KUCTOTHL B pa3mepe 0,8
mr/cyT. Horrennne yposuu oboramenusi nuiieBbix npoaykros B CIITA mo3Bosisit
JIOCTHYb JINITh HEOOIBINOM JOMN JTOCTHAKUMOTO CHUKEHUS YPOBHSI TOMOIIMCTENHA.

®akTt u3 crarbu: Jedwurur Burtammaa B9 cHumKkaer ypoBeHb TOMOIIMCTENHA
B KPOBH.
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Annoranus x crarbe: s peakiun Boiaenenus kuciaopoga (OER) 6l pazpabora-
HBI U3BECTHBIE HAa 3eMJle KaTaJn3aTophl 11epBoro psjaa (3d) Ha OCHOBE epexojHbIX
METaJIJIOB; OJTHAKO OHU PAbOTAIOT IIPU MOTEHINAJIAX, 3HAYUTEHHO IPEBBIMIAIONINAX
TepMoImHAMIIecKre TpeboBaHust. Teopust (hyHKIMOHAIA IIOTHOCTH IIPEJIIIOJIATAET,
9TO HEe TPEeXMEPHBIE MeTaJlJIbl C BHICOKON BAJIEHTHOCTHIO, TAKUME KaK BOJIbMpaM,
MOLYT MOJYJIUPOBATH TPEXMEPHBIE OKCUJIBI METAJIJIOB, 00ECIIeInBasl MOYTH OIITH-
MaJIbHYIO SHEPIHUIO aJICOPOIUN JIJIs IIPeJJIaraeMbIX IIPOMEXKYTOYHBIX IIPO/LyKTOB.
Mpr paszpaboTajii METOJI, CHHTE3a IIPU KOMHATHONW TEeMIIEpaType JJis MOJIy IeHUsT
rejie00pa3HbIX OKCUTHIPOKCHJIHBIX MATEPUAJIOB C aTOMapHO OJIHOPOJIHBIM Dac-
[peIeIeHneM METAJIIOB. JTHU Trejieobpasabie okcuruaporcuabl FeCoW obsagaror
caMbIM HU3KUM IepeHanpszkenneM (191 MuLIMBOJIBT), 3aperucTpUPOBAHHBIM
npu 10 MuimaMiiepax Ha KBaJIPATHBIA CAHTUMETD B IIEIOYHOM 3JIEKTPOJIUATE.
Karanmsarop He mposiBiIgeT TPU3HAKOB pa3JjioxKeHus mocie 6osee yem 500 gacon
paboThl. PeHTreHOBCKOE MOIJIOIEHNE U KOMIIBIOTEPHBIE HCCJIE0BAHUS TOKA3BIBAIOT
CHHEPreTUIECKOEe B3aUMOJIEHCTBIE MEXKJTy BOJTB(MPAMOM, KEJIe30M U KOOAJIBTOM B
co3maHny OJIArONPUATHON JIOKAJIBHOW KOOPANHAIIMOHHON CPEIbl U DJIEKTPOHHOM
CTPYKTYPBI, KOTOPBIE MOBBINIAIOT SHEPTEeTUKY TPEJIOXKEHU.

PakT u3 crarbu: YcoBepiieHCTBOBaHHbIE Kartajuzaropbl OER memoncTpn-
PYIOT CTaOUJIbHYIO AKTUBHOCTb B T€UYEHUE HECKOJIBKUX COTEH YacoB.

Ecnu B amHOTAIIME HE CcosmepKuUTCS (HAKTOB, HAIpUMED: B cTaTbhe paccMOTPEHO
CTAHOBJIEHIE OPUTAHO-SITIOHCKAX OTHOIIEHUH B TIEPHUO, OUIIOJISIPHOCTH, OTParKeHa,
ncropusi GOPMUPOBAHUS JBYCTOPOHHUX OTHOIIEHU, a TAKXK€e COTPYIHUYIECTBO B
SKOHOMHUYIECKOM, MTOJTUTHIECKON, HAYTHO-TEXHUIECKON W COIUATBHO-KYJIBTYPHOIT
chepax B yKa3aHHBIN 1Mepuos. |JIaBHBIA aKIEHT OBLI ClIeJIaH Ha PACCMOTPEHUN
3apOXKJIEHWST OTHOIEHUil Mexkjy Beymkobpuranmeit n fmoHmeit m aHaan3a
JMHAMUAKA UX PA3BUTHS. TO HAIUIIYA ~AHHOTAIUS HE COIEPXKUT (DAKT’.

Temepp Bamma 3ajiada - 3aMKUCATh ITOT (DAKT B CJAEAYIONLYI0 AHHOTAIUIO, TOYHO
CJIeJTysl MHCTPYKITUSIM

{text}

He nummm HUKaKuX BBOJHBIX CJIOB (HAIpUMep “U3 aHHOTAIMH CJEJyeT, 9YTO”),
ToJsibKO akT. Hanumnre cBoit dhakT u3 3T0li AaHHOTAIINN:

Prompt for Fact Complexity Classification

Nucrpyknus no kiaaccndukanum (GakToB M0 HAYYHBIM CTATHIM

Bbr siBiIsieTech y9IEHBIM, 0018 aIOIIUM [IYOOKMME 3HAHHSIMH BO BCEX ODJIACTSIX
Hayku. Bama 3aada - onpeaenTh CJI0XKHOCTh (pakTa, N3JI0KEHHOTO B aHHOTAIIAN
K Hay4HOil cTarbe. aKThl MOI'YT OBITH KJIACCU(MUIIMPOBAHBI II0 TPEM yPOBHSIM
CJIOYKHOCTH: IIPOCTOM, CPEIHUN U CIOXKHBIN. B OoTHe IbHBIX cirydasax hakKT MOMKET
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D Prompt for zero shot LLM evaluation
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E Prompt for Negative Claim Generation

f

Brr yuenblit, KOTOPBI XOPOIITO pa3dUpaeTcst BO BeeX obyracTsx HayKu. Baima 3amada
- HAIUCATH OAUH (PaKT, KOTOPBIH ObLI ObI peIeBAHTEH aHHOTAIMN, HO HE CJIE/IyeT U3
Hee. He mcmosp3yit oTpuninanne, BMECTO STOTO HAMUIIUTE (DAKT, KOTOPBIA HE IO/
TBEPKIAETCS aHHOTAIME, HO pejeBaHTeH eifl Bl He MoykeTe CKONMMPOBATH TEKCT
U3 AaHHOTAIINK, BAM HYKHO HAIUCATH (DAKT, KOTOPBIA HE CJIEIyeT U3 AHHOTAIIAH.
[Tpumeuanne: YoeauTech, ITO U3BJICIEHHBIN (DAKT TOYHO BBIBEJIEH U3 COJIEPIKA-
HHS aHHOTAIMH, 0e3 J00aB/IeHNA KAKOH-Iu00 JOIMOJHATEIHLHON HH(MOPMAaIIUN UJIA
unrepuperaiyn. [Ipn Hanucanun daxra nzberaii cCbUIOK Ha aHHOTAIMIO (B [IPUBe-
JIEHHOM TEKCT, B JIAHHOi1 pabore, IpeyIozKeHHbIi MeTos). Takzke npu HanmucaHuu
daxTa m3berail HeolpeIeJeHHOCTH, HaIpuMep "¢ onpeneseHHbIM CBOicTBaMu "B
HEKOTOPBIX COCTOSIHUAX "omnpeneaennoil miuael". Ecim mo aHHOTAIMH HEBO3MOXKHO
HaIMCcaTh TOYHBIN (akT, To Hamumm "AHHOTAIUS He cojep:KuT pakt".

Hwxe npusemensr 2 mpumepa (pakTOB W aHHOTAIUI, HA OCHOBE KOTOPBIX OHU OBLIN
HaIMCAHBI.

IIpumep 1

AnHOTaINA K CTATHE:

Crarhst MOCBSAIIEHA aKTyaJbHBIM IIPOOJEMaM YCTAHOBJIEHHUST YTOJOBHOTO 3aIPETa B
cdepe npodeccHoHAIBHON MEIUITMHCKON JiesiTesibHocTH. [Ipoanain3npoBaHbl mpe-
soxkeanst CjreicTBeHHOrO KomuTera, PO 0 BHeCeHUN M3MEHEHWI B JIEMCTBY O
Yrososubiit Kojeke PP, Ha ocHOBaHUU COIMOJIOTHYECKOrO OIIPOCA U U3y UEHUST
YTOJIOBHBIX JIEJI, CJeIaHbl BBIBOJIBI O HEOOXOIUMOCTH PEMDOPMBI YTOJOBHOIO 3aKOHA.
OCHOBHBIM SIBJISIETCSI BBIBOJ, O HEBO3MOXKHOCTH PEIIEHUsT aKTYAIbHBIX TPOOJIEM B
POCCHUICKOM 3JIPABOOXPAHEHNN UCKIIOUUTEHHO YTOJOBHO-TIPABOBBIMU CPEJICTBAMHE.
DakT u3 cTaThy: AKTYaJbHBIE TPOOIEMBI B POCCHACKOM 3PABOOXPAHEHUN MOTYT
OBITH PEIIEHBI UCKIIOIUTEIHHO YTOJOBHO-TIPABOBBIME CPEJICTBAMU

IIpumep 2

AHHOTaIUA K CTaThe:

PaccMmoTpensl BOIpochl CO3JaHusd CUCTEMbBI OXPAHbl TEPPUTOPUI M1 0OHLEKTOB CTPa-
TErmIecKOro HasHavdeHus. [IpenmoykeHbl CTpYKTypa U CIocob ITOCTPOEHUs TaKOil
CHCTEMBI, UCIIOJIb3YIONINE METOIbI TEOPUH PeIIeToK. st 00paboTKu 1 aHaIn3a, MH-
dopManun ¢ JaTINKOB (PUBHIECKUX BEJIUINH U IOCIELYIONIEro MPUHITHS PEITeHUI
[IPUMEHSIIOTCS PEIIETKH, IIOCTPOEHHBIE C IIOMOIIBIO OIIEPATOPa 3aMbIKAHUSI.

®akT U3 cTaThm: PernreTku MOryT OBITH IOCTPOEHBI 0€3 UCIIOIHL30BAHUS OIIEPATOPA
3aMbIKQHHS

IIpumep anHOTaIUM O0€3 (PAKTOB

Eciin B annoTanum He comepkurcs HakTOB, HAIIPUMED:
B crarbe paccMOTpeHO cTaHOB/ICHUE OPUTAHO-ATIOHCKUAX OTHOIIEHUN B IIEPUO]L
OUIIOJIIPHOCTH, OTPaKeHa UCTOPHUS (DOPMHUPOBAHUS JIBYCTOPOHHUX OTHOIIEHUM, &
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Onucanue Iloseii

[oss relevance u support moryT npunumars 3Hadenus ot 0 1o 10, riae 0 — e pele-
BaHTHO (He moATBepKIaeT Gakr), 10 — MaKCHMaJIbHO PeJIeBAHTHO (LOJTBEPIK/AeT

daxkr).
Bxomanbie /lanHbIe

Tekcr a1 anaausa:
{text}

G Examples of Positive and Negative claims from ruSciFact

This section provides one positive (SUPPORTS) and one negative (REFUTES) example from the
ruSciFact dataset.

Example 1
Claim: ITamueHTHI ¢ UIIEMHYIECKON OOJIE3HBIO CEp/Ilia, MePEHECIINe IPEeCKOKHBIE KOPO-
HapHbIE BMEIIATEIbCTBA, JEMOHCTPUPYIOT YJIYUIIIEHHE TOJIEPAHTHOCTU K (hU3MIecKoit
Harpy3ke [pU UCHOJIb30BAHUN KOMIIBIOTEPU3UPOBAHHBIX CUCTEM IOIJIEPKKN BPATEOHBIX
pelenuii.

Abstract: Iesns. Usyunrs 3¢ddekTuBHOCTE aMOYJIATOPHBIX PEAOUIUTAIIMOHHO-
poUIAKTUIECKUX IIPOTPAMM y HAITMEHTOB MOCJE YPECKOKHBIX KOPOHAPHBIX BMeIla-
reabeTB (HKB) ¢ ucnosb3oBanneM KOMIIBIOTEPU3UPOBAHHON CUCTEMBI MOJJIEPXKKHU BpPa-
4yebubix pemennii (CITKP), npeaaasnaueHHoi j1yisi BBIOOpa peXKUMa KOHTPOJIUPYEMbIX
dbusmueckux TperupoBok (KPT) u npemocrabiienusi MOJTHONEHHBIX PeKOMeHIanuii o du-
suveckoii aktuHocTn (PA). Marepuas u merospl. VccieoBanne BbIOIHSIN B TEYEHHE
12 mec. ¢ Brimouenuem 194 naruentos (124 myzkaunbl u 70 YKEHIIUH, CPEHUAN BO3PACT
53,5) co crabusbHoil hopmoit nimemuyaeckoii 6osesnu cepana (MBC), nepenecmx YKB
(KOpOHAPHYIO aHIHMOILIACTUKY, KOpOHapHOe creHTHpoBanue). [lpu Boibope pexxuma KOT
ncrob3oBasiachk kommboTepusuposantasi CIIKP. Tpanumuonsbie BpadeOHbIE peIeHUst
AHAJIM3UPOBAJIN TI0 CIIENUAILHO pa3dpaborannoil ankere. Pesysnbrarol. [lanueHTs! rpy s
KO®T, nponemoncTpupoBain IOCTOBEPHOE yBEJIUYIEHAE TOJEPAHTHOCTU K (DUIUIECKON Ha-
rpy3ke (T®H) u cpenneit npomomkurensroctr PH, mosokuTe bRy 0 IMHAMAKY KadecTBa
x)usnn (KZK), BbicoKuil ypoBeHb IIPUBEP:KEHHOCTH JIEKAPCTBEHHOI TEpaliu Ha IPOTsIZKe-
HUU BCero mepuojaa peabunuraimn. [Ipu dopMupoBannm BpadeOHBIX PEITEHN NCIIOIb30-
BaJIM, B CpeIHEM, 3 KJIMHUYECKUX Ipu3Haka. Hanbosee Tunnaabie BpadeOHbIE OMTUOKN
HOCHJIA MEeTOJIOJIOTHIECKHIT XapaKkTep. 3ak/deHne. VIHTerpupoBaHue peabuIuTaIlHOHHBIX
nporpamum ¢ uctojibzopanuem CIIBP B amMOys1aTopHBIX yCI0BUSIX y TAIIMEHTOB, IEPEHECIITIX
YKB, obecneunBaeT BhICOKYIO 3P DEKTUBHOCTD PeadbUINTAITIOHHO-TTPOMDUIAKTHICCKAX
MeponpuaTuit u 6ezonacuocts OT.

Label: SUPPORTS

Example 2
Claim: IToposa kapma He BJIHSET Ha COJEPXKAHUE CYyXOro BEIeCTBa, >KUpPa, IIPOTEHHA Y
CEeroJIeTKOB Kapiia
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Abstract: B cratbe npuBegeHbl pe3ysIbTaThbl CPABHEHMST ODMOXUMUIECKOTO COCTABA TeJa
CEroJIeTKOB U I'OJIOBUKOB HEKOTOPBIX KOJLIEKIIMOHHBIX ITOPOJ, Kaplia, Pa3BOAUMbBIX B CILY
«306emHO» : HEMEIIKOTO, capOOsTHCKOTO, OTBOIOK n30beanacKoro kapma (croana X VIII,
TPU [IPUM, CMECh Jelllyiiuarasi ), BEIPAIIEHHBIX OJJHOBPEMEHHO, B OJIMHAKOBBIX YCJIOBHIX
¥ 3UMOBABIIIUX COBMECTHO B OJHOM IIPYY. YCTAHOBJIEHBI ITOPO/IbI, XaPAKTEPU3YIOIIHECsT
ITOBBIIIIEHHBIMY YPOBHSIME COJIEPXKAHUSI CYXOr'0 BEIIEeCTBa, XKUPa, MIPOTENHa, § CErOJIETKOB
Kapta. B pesysbprare mccienoBaHus OMOXUMUIECKOTO COCTaBa TEJIa CErOJIETKOB KapIlia
pa3Hoi MOPOAHON IPUHAIJIEIKHOCTH, BHIPAILIEHHBIX B OJAMHAKOBLIX YCIOBUAX, IIPOSIBJIs-
€TCd TEeHJCHINA K YBEJIMYCHUIO CONEPXKaHUs CYXOI'0 BEIIECTBA, KUpa U IPOTECUHA Y
KOJIUIEKITOHHBIX JINHUI Kapiia 0eJIOpyCCKO cesieKnun (M300eJIMHCKUIT) 110 CDABHEHHIO
¢ nopojiamu 3apy6ezKHOl cejieknun (HeMenkuili u capOosTHCK ML), BBIPAIIEHHBIMU OJIHO-
BPEMEHHO B OJMHAKOBBIX yCJIOBUAX. ¥ TOJOBUKOB KOJIJIEKIIMOHHBIX JIMHUM OEJIOPYCCKOM
CEeJIEKIINN OTMEYAEeTCsl TEHJIEHITNST K YBEJIMUIEHUIO COJEPYKAHNS CyXOr'0 BEIeCTBa, YKUPA
U IPOTENHA, CHUYKEHUIO COJEPKAHNS BJIArd 110 CPABHEHHIO C 3UMOBABIINMU COBMECTHO
KOJIJIEKIIMOHHBIMH IIOPOJAAMH 3apyDerKHOi cesieKiuu. B pesyibrare mcciie1oBaHnust n3Me-
HEHUsI [ToKa3aTeell, XapaKTepu3yonux ONOXUMAIECKI COCTAB TeJla, TPOM3O0IIe X 3a
3UMHUI TIEPUOJI, YCTAHOBJIEHO, YTO OTKJIOHEHUsST OMOXUMUYECKUX [TOKa3aTe e, 0CODEHHO
COJIEpKaHUST CyXOT0 BEIECTBA U YKUPa y TOPOJ] 3apyOesKHO CEIeKIINN 3HAYUTEIHHO BBIIIIE,
9eM y JIMHUI n306emHCKOro Kapna (6esopycckast cesieknust). [lomydennbie ganuble cBu/e-
TEJILCTBYIOT O OOJIBINEH TPUCIIOCOOJIEHHOCTH KapIia KOJIJIEKITMOHHBIX JTUHUN OeI0pyCcCKOoit
CeJIEKIINN K yCJIOBUSIM 3UMOBKH B Besapycu, 0 CpaBHEHHMIO ¢ UMIIOPTHBIME IIOPOJAMME
(HeMenKuM 1 capOOSTHCKUM).

Label: REFUTES
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