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Abstract. The rapid advancement of large language models (LLMs)
has revolutionized text generation, making it increasingly difficult to
distinguish between human- and AI-generated content. This poses a
significant challenge to academic integrity, particularly in scientific
publishing and multilingual contexts where detection resources are
often limited. To address this critical gap, we introduce the AINL-
Eval 2025 Shared Task, specifically focused on the detection of AI-
generated scientific abstracts in Russian. We present a novel, large-
scale dataset comprising 52,305 samples, including human-written
abstracts across 12 diverse scientific domains and AI-generated coun-
terparts from five state-of-the-art LLMs (GPT-4-Turbo, Gemma2-
27B, Llama3.3-70B, Deepseek-V3, and GigaChat-Lite). A core ob-
jective of the task is to challenge participants to develop robust solu-
tions capable of generalizing to both (i) previously unseen scientific
domains and (ii) models not included in the training data. The task
was organized in two phases, attracting 10 teams and 159 submis-
sions, with top systems demonstrating strong performance in iden-
tifying AI-generated content. We also establish a continuous shared
task platform to foster ongoing research and long-term progress in
this important area. The dataset and platform are publicly available
at: https://github.com/iis-research-team/AINL-Eval-2025

§1. Introduction

In recent years, the development of large language models (LLMs) has
revolutionized natural language processing. These models are now capa-
ble of generating text that closely resembles human writing, making it
increasingly difficult to distinguish between AI and human-generated con-
tent. This capability has led to numerous applications across various do-
mains, with researchers proposing LLM-generated paper texts [1, 2], aca-
demic posters [3], and even research ideas [4–6]. Although this represents

Key words and phrases: AI-generated content, large language models, scientific
texts, competition.

48



AINL-EVAL 2025 SHARED TASK 49

significant technological progress, there are domains in which the unre-
stricted use of LLM raises concerns, particularly in scientific publishing
and academic integrity. In response to these challenges, several detection
tools have emerged, such as LLM-DetectAIve [7] and M4 [8], designed to
identify AI-generated content.

The scientific community faces a growing challenge as AI-generated pa-
pers become more sophisticated and harder to detect. This is particularly
concerning in multilingual contexts where detection tools and evaluation
benchmarks may be less developed for languages other than English. To
address this gap, we introduce AINL-Eval 2025, a shared task focused
on detecting AI-generated scientific abstracts in Russian. Unlike previous
efforts such as the RuATD Shared Task 2022 [9], which addressed AI-
generated texts across multiple domains, including machine translation
and paraphrase generation, our task focuses specifically on scientific texts
in Russian, creating a specialized testbed for academic content integrity.

In this paper, we introduce a new dataset of scientific abstracts in Rus-
sian to distinguish between human- and AI-generated texts and design
challenges that require participants to develop solutions capable of gen-
eralizing to new domains and detecting texts generated by models not
included in the training data. Additionally, we have created a continuous
shared task platform that remains accessible for community contributions
and supports long-term progress in this important area.

§2. Related Work

Generally, methods for detecting AI-generated text fall into three cate-
gories: watermarking techniques, statistical approaches, and machine lear-
ning-based methods.

Watermarking is a technique designed to incorporate robust detection
signals into machine-generated text [10]. A watermarking method typi-
cally consists of three components: watermark, encoder, and decoder. An
encoder E embeds a watermark into a content, while a decoder D decodes
a watermark from a content (watermarked or unwatermarked). When a
content has the watermark w, the decoded watermark is similar to w. Wa-
termarking can be implemented using hand-crafted heuristics [11, 12] or
using neural networks-based methods [13, 14]. Such methods are useful if
the model is known.

Statistical methods (including stylistic analysis) rely on features ex-
tracted from the text. For example, in [15] the features from 6 categories
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are taken into account, e.g. lexical features (word count, char count, etc.) or
named entity (first person count, direct address count, etc.). The study [16]
showed that this set of features is highly correlated with our cognitive
processes and may be used to distinguish between human-written and AI-
generated content. In [17] the authors use the following groups of features
to detect AI-generated tweets: 1) Phraseology - features which quantify
how the author organizes words and phrases when creating a piece of text
(e.g., avg. word, sent. count, etc.), 2) Punctuation – features to quantify
how the author utilizes different punctuation (e.g., avg. unique punctuation
count) and 3) Linguistic Diversity - features to quantify how the author
uses different words in the writing (e.g., richness and readability scores).
While statistical methods offer reliability and interpretability, they often
struggle with broader applicability due to their reliance on pre-defined
feature sets.

Machine learning algorithms do not involve an explicit feature extrac-
tion step, as described in the previous sections. The classifier is given the
entire text as input and must learn, as part of the training process, which
characteristics of the text differ between the classes. In [18] the authors pro-
pose a system which is based on XLM-longformer with CRF layer. In [19]
XGB-classifier and SVM are applied for this task. LLM-DetectAIve [20]
uses fine-tuned RoBERTa and DeBERTa to distinguish between four cat-
egories: (i) human-written, (ii) machine-generated, (iii) machine-written,
then machine-humanized, and (iv) human-written, then machine-polished.

Recently, a number of zero-shot methods were proposed. The main
idea is to evaluate the average per-token log probability of the generated
text and thresholding [21]. DetectGPT [22] uses a property of the structure
of an LLM’s probability function. GPT-Who [23] employs the Uniform In-
formation Density (UID) principle, assuming that humans prefer to spread
information evenly during language production.

Given the growing significance of this field, numerous academic com-
petitions have been established to assess progress. SemEval-2024 Task 8:
Multidomain, Multimodel and Multilingual Machine-Generated Text De-
tection [24] featured three subtasks: (1) Human vs. Machine Classification
- the goal of this subtask is to accurately classify a text as either produced
by a human or generated by a machine; (2) Multi-Way Generator Detec-
tion aims to pinpoint the exact source of a text, i.e., determine whether
it originated from a human or a specific LLM; (3) Changing Point De-
tection - the goal is to precisely identify the exact boundary (changing
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point) within a text at which the authorship transitions from a human
to machine happens. The RuATD Shared Task 2022 [9] was developed for
Russian language and consisted of two sub-tasks: (1) to determine if a given
text is automatically generated or written by a human; (2) to identify the
author of a given text. This evaluation is designed specifically to detect
AI-generated scientific texts in Russian. GenAI Content Detection Task 1:
English and Multilingual Machine-Generated Text Detection: AI vs. Hu-
man [25] has two subtasks: monolingual (English) and multilingial, where
the data comes from more than 8 different domains, e.g. scientific papers,
social media, emails, etc. DAGPap22 shared task [26] concentrates on the
detection of AI-generated scientific papers. The ALTA shared tasks [27]
aims to discriminate between human-written and synthetic text generated
by LLM.

§3. Dataset

3.1. Text generation. The overall corpus includes the texts from six
generators, i.e., one human writer and five different LLMs.The human-
written abstracts were parsed and cleaned from the digital scientific jour-
nals in Russian. The domains were the following: Math, Philology, Physics,
Chemistry, Pedagogy, IT, Law, Medicine, Oil and Gas, Management, Eco-
nomics, Biology. It is worth noting that Economics and Biology domains
were not presented in train and dev sets but only appears in the testing
stage.

For each human-written text, the models were prompted to generate
the abstract based on the title and keywords. The prompt in Russian was
as follows:

Given the paper title and keywords,
generate the abstract for this paper.
Write only the abstract text. Don’t
use the phrase “In this work” in the
beginning of the text.
Title: {title}.
Keywords: {keywords}

We prompted each model with the same prompt without changing it.
The following models were selected to generate abstracts: GPT-4-Turbo
[28], Gemma2-27B [29], Llama3.3-70B [30], Deepseek-V3 [31] and GigaChat-
Lite [32].
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The post-processing stage includes removing the LLM artifacts such as
specific prefixes or inappropriate output. Also, we noticed that the models
tend to begin the generation with specific patterns, so we implemented
some heuristics to change the beginnings while preserving the main content
of the abstracts as is.

Thus, we invite participants to propose solutions to the following key
challenges:

(1) Handling data that extend beyond the training set (generalization
to new domains).

(2) Detecting texts generated by a model not included in the training
data (generalization to new models).

3.2. Dataset overview. The dataset size is 52,305 samples, having
35,158 samples for train, 10,978 samples for dev and 6,169 samples for
test. The distribution of labels within the subsets is uniform.

The quantitative analysis of the training subset reveals several find-
ings regarding abstract length. Human-written abstracts are significantly
longer, averaging 126.4 words. In contrast, model-generated abstracts are
considerably shorter, ranging from an average of 49.6 tokens for GigaChat-
Lite to 85.7 tokens for GPT-4-Turbo. It is worth noting that IT and Philol-
ogy are the domains with the longest human-written abstracts. Another
interesting finding is that humans, Llama-3.3 and GPT-4-Turbo have the
closest to the average number of words in the sentence, while Gemma2-
27B and GigaChat-Lite generate sentences with a fewer number of words.
Another distinguishing feature is usage of digitals: humans append in 10
times more digits in the texts than the models.

§4. Task organization

The general purpose of the competition is to identify the precise origin
of a given text, determining if it was authored by a human or generated by
a particular large language model. The texts are abstracts of the scientific
papers in Russian.

The shared task was run in two phases.
Development phase. The training and development data were avail-

able to the participants. The training data contained the texts and the cor-
responding labels reflecting the author of the text: human, GPT4-Turbo,
Gemma2-27B and Llama3.3-70B. These data are assumed to be used to de-
velop the system. The development data contained additional generations
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from the unseen model which was GigaChat-Lite. The participants didn’t
know the ground truth labels for the development set but they could sub-
mit the results on Codalab and get the results. We didn’t limit the number
of submission during this stage. The leaderboard showed the best results
for each participating team, regardless of the submission time.

Test phase. To assess the system’s ability to generalization during
the test phase both new domains (Economics and Biology) and genera-
tor (DeepSeek) were presented. This private set contained only the texts,
without ground truth labels. The duration of this stage was one week.
The participants had only 5 attempts to submit their results. The num-
ber of submissions was limited to avoid overfitting on the test data. The
submission with the highest score was considered to be the final team’s
result.

After the competition ended, we released the gold labels for both the
development and test sets. Furthermore, we kept the submission system
open for the test dataset for post-shared task evaluations.

§5. Evaluation and results

We received 159 submissions from ten teams in the development stage
and five teams in the test stage. Accuracy was used to evaluate the sub-
missions, as in the RuATD Shared Task 2022 [9]. Table 1 shows the scores
on the development set for all submitted systems. The top two systems
on the development set - GigaCheck (Mistral-7B) and YandexGPT 8B -
demonstrated a clear performance advantage over traditional methods and
baselines.

Team sastsy leveraged Mistral-7B-v0.3 as its backbone LLM, enhanced
with a dual-head architecture. The first head performs binary classifica-
tion (Human vs. AI), while the second identifies specific AI models (e.g.,
GPT-4, LLaMA-3) through multiclass classification. To optimize train-
ing efficiency, the model employs LoRA (Low-Rank Adaptation), enabling
lightweight fine-tuning with minimal parameter updates. Additionally, a
weighted cross-entropy loss is used to ensure balanced learning across im-
balanced datasets, thereby improving detection accuracy. Further imple-
mentation details are described in the paper [33].

Team adugeen applied a combined approach based on statistical and
neural model features to improve overall detection performance. In such
a hybrid architecture, the linear layers and the classifier were fine-tuned,
while the rest of the model was kept frozen. Fine-tuning the YandexGPT
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User Entries Accuracy System Summary

sastsy 29 0.9122 GigaCheck (Mistral-7B)
adugeen 64 0.8696 YandexGPT 8B
Nick 13 0.8245 n/a
vikosik3000 3 0.8164 n/a
Baseline - 0.8081 LogReg + TF-IDF
kelijah 2 0.8068 n/a
fedrshm 10 0.7999 n/a
Baseline - 0.7903 BERT
chrnegor 12 0.7833 n/a
dorj 5 0.7564 n/a
FedorinovVladislav 2 0.6468 n/a
eborisov 1 0.2009 n/a

Table 1. Accuracy on the development set.

8B model yielded the best performance on the development set. On the
test set, the best results were achieved using a combination of bag-of-
words features and binoculars derived from the Gemma 2B and LLaMA
1B models. This team submitted the highest number of entries to the
leaderboard.

Overall, the final results on the test set (see Table 2) further emphasize
the growing dominance of large language models in achieving high accuracy
in the detection of AI-generated scientific abstracts in Russian.

User Entries Accuracy System Summary

sastsy 3 0.8635 GigaCheck (Mistral-7B)
adugeen 4 0.8462 BoW + b-Gemma 2B + b-Llama 1B
vikosik3000 1 0.8159 n/a
Baseline - 0.8105 LogReg + TF-IDF
ESBaklanova 1 0.2099 n/a
fedrshm 9 0.2072 n/a

Table 2. Accuracy on the test set.
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§6. Limitations

Due to resource limits, we only generated abstracts. The more challeng-
ing task is to generate the whole paper text. Another limitation is that
the generation was performed based only on the title and keywords. How-
ever, using the text or other metadata could improve the generated texts.
Also the task was limited by the classification whether the whole text of
abstract is generated or not. But in practice, the most general case is to
edit the generated text or to generate the more proof-read version of the
human texts. The task of AI-generated spans detection is considered as
one of the future research direction.

§7. Conclusion

We presented the AINL-Eval 2025 Shared Task, focused on the detec-
tion of AI-generated scientific abstracts in Russian. The best solution for
the shared task achieved 91.22% accuracy on the development set and
86.35% accuracy on the test set. By introducing a comprehensive, multi-
domain, and multi-model dataset, we have provided a specialized testbed
for evaluating the robustness and generalizability of AI-generated text de-
tection systems. The task design, which explicitly challenged participants
to handle unseen domains and models, pushed the boundaries of current
detection capabilities and highlighted the need for more sophisticated and
adaptable solutions.
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