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Abstract

This paper introduces the first shared task on
machine-generated text (MGT) detection for
Polish, organised as part of the PolEval 2025
evaluation campaign. The task evaluates par-
ticipating systems under three scenarios – un-
supervised, constrained, and open – designed
to reflect different levels of access to training
data. In total, seven systems were submitted.
The results indicate that MGT detection for
Polish is feasible, with the best-performing
constrained systems achieving over 90% ac-
curacy on the main evaluation set. However,
performance drops when models are tested on
unseen domains or generator models, reveal-
ing substantial limitations in generalisation. In
the most challenging settings, unsupervised ap-
proaches beat the supervised ones. This shared
task establishes a new benchmark for MGT de-
tection in Polish. The publicly released Śmigiel
dataset is intended to support future research
on robust and generalisable MGT detection.

1 Introduction

The rapid progress of large language models
(LLMs) in recent years has enabled the genera-
tion of highly fluent and linguistically correct texts
in numerous languages. Although these models
demonstrate strong performance in natural lan-
guage processing (NLP) and natural language gen-
eration (NLG) tasks, their reliance on human-
authored data and their capacity to emulate human
writing styles raise critical concerns regarding au-
thenticity, authorship attribution, and the potential
for misuse. Identifying whether a text was written
by a human is critical in several contexts:

1. when the act of writing itself is being evalu-
ated, e.g., in education (Frohock, 2025),

2. in preparing high-credibility documents in sci-
ence (Májovský et al., 2023) or law (Frohock,
2025),

3. in high-risk domains where LLM errors, es-
pecially hallucination, may have serious con-
sequences, e.g., in health-related publications
(Milmo, 2023),

4. in malicious scenarios enabled by large-scale
LLM-generated content, e.g., misinformation
(Zhou et al., 2023), disinformation (Vykopal
et al., 2024), or fraud (Gressel et al., 2024).

In response to this challenge, research has fo-
cused on the development of machine-generated
text (MGT) detection systems – tools designed
to distinguish between human-authored and AI-
generated content (Crothers et al., 2023; Wu et al.,
2025). Common authorship indicators include n-
gram statistics (Gallé et al., 2021; Hamed and Wu,
2024), token probability–based measures such as
perplexity (Gehrmann et al., 2019; Wu et al., 2023),
embedding-space properties (Tulchinskii et al.,
2023), and comparisons with LLM-rewritten vari-
ants of the same text (Zhu et al., 2023; Maslo and
Gargova, 2025). Supervised methods typically rely
on fine-tuned LLMs (Nguyen-Son et al., 2024) or
engineered features, including stylistic, discourse-
level, and probabilistic cues (Przybyła et al., 2023;
Shah et al., 2023; Kim et al., 2024).

At the same time, the need for rigorous evalua-
tion and benchmarking of MGT detection systems
has led to several shared tasks. Prominent exam-
ple include SemEval-2024 Task 8 (Wang et al.,
2024) and its successor, the GenAI Content Detec-
tion Task 1 (Wang et al., 2025), which covered
binary, multi-class, and boundary detection set-
tings across multiple languages. Related challenges
addressed cross-domain detection (Dugan et al.,
2025), academic essay authenticity (Chowdhury
et al., 2025), scientific paper detection (Chame-
zopoulos et al., 2024), and collaborative human–AI
authorship (Bevendorff et al., 2025).

Beyond English, shared tasks have been or-
ganised for Dutch (Fivez et al., 2024), Russian
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(Shamardina et al., 2022), and Spanish (Sarvazyan
et al., 2023). The AuTexTification dataset (Sar-
vazyan et al., 2023) and its multilingual extension
IberAuTexTification (Sarvazyan et al., 2024) are
particularly relevant to our work, as they focus on
mixed-authorship and multi-domain settings.

To date, no shared task or large-scale bench-
mark has been dedicated to MGT detection for
Polish. To address this gap, we organised Śmigiel1
– the first shared task dedicated to spotting machine-
generated text in Polish (see Section 2), conducted
as part of the PolEval 2025 evaluation campaign
(Kobyliński et al., 2025). The task is based on a
newly created dataset (Strebeyko et al., 2025), de-
veloped specifically for this initiative (Section 3).
We also provide several strong baseline systems
(Section 4), which serves as reference points for the
participating submissions (Section 5). The results
the Śmigiel shared task are presented in Section 6,
followed by an in-depth analysis (Section 7) and a
comprehensive discussion (Section 8).

2 Task description

The shared task, together with its corresponding
dataset, is called Śmigiel2 – an extended acronym
for Spotting Machine-Generated Text from LLMs
for Polish. It was organised at the PolEval 20253

(Kobyliński et al., 2025) evaluation campaign.

2.1 Objective

The main objective of this shared task is to bench-
mark and enhance the state-of-the-art in detect-
ing machine-generated texts in the Polish language
across various domains and textual genres. Robust
and reliable MGT detection systems will undoubt-
edly contribute to the broader goals of responsible
AI development, supporting critical areas such as
media verification, academic and journalistic in-
tegrity, and, potentially, digital forensics.

2.2 Procedure

The task is framed as a binary classification prob-
lem: distinguishing between human-authored and
machine-generated texts. Participating systems are
given a collection of text fragments, and must as-
sign each either label 0 (human-written) or label
1 (LLM-generated). To foster the development of

1https://github.com/poleval/2025-smigiel
2śmigiel [’CmigjEl] m I, D. ∼gla gw. «płaski szczebel w

drabinach wozu» [Eng. flat rung in a ladder wagon] (Saloni
and Bańko, 2012)

3https://poleval.pl

models capable of generalising across diverse writ-
ing styles, the test dataset includes samples from
domains not represented in the training set.

2.3 Śmigiel subtasks

Participants submitted their systems under one of
three distinct evaluation subtasks, reflecting differ-
ent training conditions and levels of methodologi-
cal constraint.

UNSUPERVISED This subtask is intended for
classifiers developed without the use of labelled
training data. Systems in this category should rely
exclusively on unsupervised methods, heuristic ap-
proaches, or pre-trained models used without task-
specific fine-tuning.

CONSTRAINED In this subtask, participants
are allowed to train their classifiers solely on the
Śmigiel dataset provided by the task organizers.
The use of any additional external data, pre-trained
resources, or synthetic data generation is prohib-
ited, ensuring a fully controlled and comparable
experimental setting.

OPEN This subtask imposes no restrictions on
training resources. Participants may leverage exter-
nal datasets, pre-trained models, web-crawled data,
or data augmentation techniques.

Submissions within each subtask were evaluated
independently and ranked separately, allowing for
fair comparison among approaches developed un-
der the same set of constraints.

2.4 Evaluation metric

In the Śmigiel task, Accuracy is used as the pri-
mary evaluation metric. Accuracy, defined as the
proportion of correctly classified instances over
the total number of instances, is widely used in
text classification (Jurafsky and Martin, 2025). The
datasets are balanced, with matching number of
human-written and machine-generated fragments.

2.5 Task constraints

The shared task’s rules, same for all contestants
(except the subtask constraints), are:

1. Publicly available pretrained Polish and mul-
tilingual models may be used.

2. Participants may use publicly accessible Pol-
ish corpora, lexical resources, knowledge
bases, and other structured data resources.
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3. Participants are expected to prepare a short
article, describing their solution with enough
details to allow replication of the research.

4. All external models and resources used must
be listed in the submission, including biblio-
graphic references or direct links.

5. The use of proprietary or non-public datasets,
models, or services is strictly prohibited.

6. Each team is allowed a maximum of three
submissions per subtask.

3 Śmigiel Dataset

The Śmigiel dataset (Strebeyko et al., 2025) was
developed specifically for the PolEval 2025 shared
task on detecting machine-generated text (MGT)
in Polish. The dataset pairs human-written text
(HWT) passages with machine-generated contin-
uations produced by LLMs. The construction of
the Śmigiel dataset involved the following main
stages: data collection, generation of MGT counter-
parts, postprocessing, and final corpus composition.
A detailed description of each stage is provided in
(Strebeyko et al., 2025).

3.1 HWT data collection

The raw data were compiled from multiple open-
access Polish datasets covering diverse textual do-
mains, including literature, reviews, social media,
Wikipedia, news, and parliamentary transcripts.
The first four domains were used for both train-
ing and testing, while news and parliamentary tran-
scripts were reserved for evaluation only.

3.2 MGT data generation

HWT passages served as both stand-alone sam-
ples and as prompts (prefixes) for generating MGT
counterparts. MGT examples were produced using
a variety of Polish-specific and multilingual LLMs
of different sizes – ranging from small to large –
and across several decoding strategies to enhance
output diversity. The following generator models
are applied to produce MGT texts:

• small: Bielik-7B-v0.14 (Ociepa et al., 2025),
Llama-3.1-8B (Grattafiori et al., 2024), and
Mistral-7B0-v0.3 (Jiang et al., 2023),

• medium: Bielik-11B-v2.3, PLLuM-12B (Ko-
coń et al., 2025), and Mistral-Nemo (Mistral
AI team, 2024),

4We use the instruct versions of models available in the
HuggingFace repository.

• large: Gemma-3-27B (Kamath et al., 2025),
Llama-3.3-70B.

The resulting raw dataset comprised approxi-
mately 460,000 paired HWT–MGT examples.

3.3 Postprocessing

In the post-processing stage, the dataset underwent
extensive filtering to remove repeated prefixes, met-
alinguistic commentary, non-Polish text, and other
typical LLM-generated errors. About one-third of
MGT and 1% of HWT fragments were discarded.
The sampling procedure then ensured a strict bal-
ance between the HWT and MGT instances, as well
as between the LLM size categories. Texts were
length-normalised to control for bias arising from
MGT verbosity, and aggregated across domains to
form the final dataset.

3.4 Data split

The subsets in the shared task are based on the por-
tions of the Śmigiel dataset (Strebeyko et al., 2025).
Namely, the training set, provided for the partici-
pants, is equivalent to the train portion. Regarding
the test data, in the Śmigiel dataset three subsets are
available: train_α (using the same domains and
models as train), train_β (including generations
in the same domain, but from a model unseen in
training data – llama-lg) and train_γ (covering
domains unseen in training data – parliament and
news). In the shared task, we mix them as:

• testA, using 50% of train_α, 33% of
train_β and 33% of train_γ,

• testB , using 50% of train_α, 67% of
train_β and 67% of train_γ.

The leaderboard for testA is a public one, allow-
ing the participants to test their approaches. Results
on testB (more challenging due to higher contri-
bution of data from unseen configurations) are not
revealed until the conclusion of the shared task,
when they are used to decide the final ranking.

3.5 Final Śmigiel dataset

The final Śmigiel dataset contains 64,000 text sam-
ples – 32,000 HWT and 32,000 MGT – balanced
across textual domains and model categories. Four
domains (literature, reviews, social, wikipedia) are
used for training and evaluation. Two domains
(news and parliament) unseen in training are re-
served exclusively for evaluation.
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Subtask System Method Model

unsup. damian96 Binoculars (Śmigiel-calibrated threshold) Bielik models
kwrobel perplexity difference-based approach Gemma-3-27B & PLLuM-12B

const.

kondziu98 a classifier atop a decoder-only LLM Qwen3-8B
grzmot NA NA
tomek NA NA
eevvgg stylometric feature-based detection Gaussian Naïve Bayes

open grzmot NA NA

Table 1: Overview of systems used in the PolEval 2025 Task 1: Śmigiel.

In statistical analysis, the Śmigiel dataset
achieves close alignment between HWT and MGT
in terms of text length, measured in sentences,
words and characters. The HWT and MGT in-
stances are comparable in overall length, although
they slightly differ in the average number of tokens
per sentence. The longest sentences occur in HWT
passages from the literature, reviews, social me-
dia and Wikipedia, and in MGT passages from the
news and parliamentary domains.

The Śmigiel HWT and MGT instances are also
compared in terms of perplexity. MGT consistently
shows lower perplexity than HWT. This suggests
that MGT texts follow more regular and predictable
linguistic patterns, likely due to reliance on fre-
quent lexical and syntactic constructions. By con-
trast, the higher perplexity of HWT texts reflects
greater linguistic diversity, structural complexity,
and creative variability.

The Śmigiel dataset provides a rigorously cu-
rated and domain-balanced resource for train-
ing and benchmarking the detection of machine-
generated Polish texts. To the best of our knowl-
edge, it is the first publicly available dataset dedi-
cated to MGT detection for Polish.

4 Baseline systems

To provide reference points for the submitted sys-
tems’ efficacy, three baseline solutions relying on
general-purpose text classifiers are presented:

• BiLSTM (Bi-directional Long Short-Term
Memory) neural network, using BERT-
tokenised input, embeddings (length 32) and
two LSTM layers (Hochreiter and Schmidhu-
ber, 1997) with hidden representation (length
128), and a final dense layer with softmax.

• BERT base (Devlin et al., 2018) fine-tuned
for text classification.

• GEMMA2B (Mesnard et al., 2024), fine-
tuned with QLoRa (Dettmers et al., 2023).

We use the implementation of these models from
the BODEGA framework (Przybyła et al., 2024).

5 Submitted systems

Below we provide a short summary of the systems,
for which description articles were submitted.

5.1 Unsupervised systems
damian96 (Starucha, 2025) The proposed so-
lution adapts the Binoculars method (Hans et al.,
2024) to Polish. Binoculars is a zero-shot detec-
tor for machine-generated text that relies on the
ratio of perplexity to cross-perplexity. The method
works by contrasting the outputs of two different
LLMs, i.e. comparing how surprising the input
text is to one model relative to how surprising an-
other model’s predictions of the same text are. In
the present implementation, the decision thresh-
old for classifying text as machine-generated or
human-written is calibrated on the Śmigiel valida-
tion dataset. All experiments are conducted using
Bielik models that share the same tokeniser.

kwrobel (Wróbel, 2025) The perplexity
difference-based approach detects LLM-generated
text by using differences in perplexity behaviour
between multilingual and monolingual LLMs. For
an input text, character-level normalised perplex-
ities are computed using a pair of multilingual
and monolingual models. The difference between
these perplexity values serves as the classification
signal: if the perplexity difference falls below
a predefined threshold, the text is classified as
LLM-generated text; if the difference exceeds the
threshold, the text is classified as human-written.
The core assumption underlying this method is that
such model pairs assign relatively low perplexity
to LLM-generated texts, resulting in smaller
perplexity differences than those observed for
human-written texts. Empirical evaluation across
14 tested models indicates that the most effective
configuration is the pairing of Gemma-3-27B and
PLLuM-12B models.
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5.2 Constrained systems
kondziu98 (Pierzyński, 2025) The winning
MGT detection solution is based on the Qwen3–8B
model (Yang et al., 2025) fine-tuned for binary clas-
sification. To adapt the model to this task, the lan-
guage modelling head used for token-level genera-
tion is replaced with a classification head. This sim-
ple upper-layer classifier is fine-tuned on Śmigiel
data. The resulting approach is characterised by fast
adaptation, resistance to overfitting, and robustness
across diverse textual domains and generators.

eevvgg Building on classical computational sty-
lometry, the proposed approach leverages linguistic
fingerprints — such as lexical richness, function-
word usage, part-of-speech distributions, punctua-
tion patterns, and basic text statistics — extracted
using the pl_core_news_lg spaCy model. The au-
thor hypothesises that these stylistic indicators re-
main discriminative for modern LLM-generated
content and are more robust to domain shift than
transformer-based detectors, as they capture gen-
eral stylistic profiles rather than model-specific
artefacts. The resulting handcrafted feature vectors
are classified using Gaussian Naïve Bayes, show-
ing that efficient and transparent methods can rival
more resource-intensive neural approaches.

The architectures of the remaining solutions sub-
mitted to the Śmigiel task were not disclosed by
their authors. As a result, a detailed architectural
comparison across systems is not possible. The lack
of publicly available information limits analysis to
empirical performance rather than design choices,
training strategies, or model complexity.

6 Results

Table 2 shows the results of the submitted ap-
proaches (accuracy on testB) and baseline solu-
tions. In total, we received 7 submissions: two in
the unsupervised subtask, four in the constrained
subtask and one in open subtask.

We can see that the performance of the unsu-
pervised systems, despite not using any training
data, easily exceeds the 50% accuracy of random
choice and almost reaches 80%. In the constrained
scenario we can see that the submitted solutions
exceeded the baseline approaches in all but one
case. Results over 90%, even though they are hard
to compare with shared tasks in other languages,
indicate that MGT detection is fairly manageable
for Polish – but far from solved. In the open subtask
we received just one approach, which exceeded two

subtask no. system accuracy

unsup. 1. damian96 0.7977
2. kwrobel 0.7574

const.

1. kondziu98 0.9253
2. grzmot 0.9127
3. tomek 0.9103
B GEMMA2B 0.8999
B BERT 0.8007
B BiLSTM 0.7737
4. eevvgg 0.4907

open 1. grzmot 0.8551

Table 2: Classification performance for the seven submit-
ted systems (ordered according to accuracy) and three
baselines (marked B) in the subtasks: unsupervised, con-
strained and open.

of the baselines, but did not reach the levels of the
constrained solutions. This is despite the fact that
the open subtask allowed for using any resources
– those available in the constrained scenario and
others. The smaller popularity of this subtask high-
lights that gathering resources for training MGT
detection model is a laborious (and costly) task.

7 Analysis

In the present section, we analyse the results ob-
tained to better understand the task of MGT detec-
tion for Polish. Firstly, we perform a quantitative
analysis of the detection performance in various
scenarios. Secondly, we manually analyse the in-
dividual text fragments that are most commonly
misclassified (or classified correctly) to understand
the difficult and easy aspects of the task.

7.1 Quantitative

Our quantitative analysis consists of comparing
performance of the 7 submitted solutions and 3
baselines for various subsets of the test set:

• Firstly, we differentiate human-written and
machine-generated fragments,

• Secondly, we look at the relationship between
the train and test data, comparing:

– known data, i.e. produced by the model
and the domain seen in training,

– new domain, i.e. belonging to one of two
domains not included in training (parlia-
ment and news),

– new model, i.e. fragments generated
by the model unseen in training
(llama-lg),
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– new domain/model, i.e. the combination
of the above,

• Thirdly, we check the accuracy on the four do-
mains available in training data (social media
messages, literature snippets, online reviews,
Wikipedia entries) and two only present in the
test data (parliament proceedings and news
articles from Wikinews).

• Finally, we test the recognition performance
for different sizes of the model generating text:
small (under 9 billion parameters), medium
(above 9, but under 15 billion) and large
(above 15 billion parameters)

subset accuracy
unsup. all best

all 0.7977 0.8124 0.9253

human-written 0.8887 0.8154 0.9436
machine-generated 0.7063 0.8093 0.9069

known 0.8380 0.8685 0.9739
new domain∗ 0.7930 0.7938 0.9080
new model∗ 0.7307 0.7899 0.8414
new domain/model∗ 0.7126 0.6928 0.6093

social media 0.7888 0.8439 0.9643
literature 0.8255 0.8555 0.9812
reviews 0.8291 0.8799 0.9813
wikipedia 0.7963 0.8631 0.9527
parliament∗ 0.7876 0.7911 0.9016
news∗ 0.8082 0.8014 0.9261

small model 0.6758 0.7943 0.8945
medium model 0.7067 0.8157 0.9443
large model∗ 0.7271 0.8151 0.8886

Table 3: The accuracy of the evaluated approaches (best
unsupervised, all and best overall) for subsets of the test
set according to their source, overlap with the training
data, domain and model size. See description in text.

Moreover, we compare the performance on the
above subsets for predictions coming from:

• the best unsupervised model (damian96),
• the best model overall (kondziu98),
• all the submissions and baselines.

Table 3 shows the result of the aforementioned
analysis, providing performance for subsets divided
as explained above. The subsets unseen in training
data are marked with the asterisk in the table.

Regarding the sources, we are always getting a
better classification performance for human-written
fragments (recognised as such), while machine-
generated samples are more difficult to recognise.
In terms of connections with training data, the test

samples coming from the same distribution as train-
ing data (known) are easy to classify, resulting in
the impressive 97% accuracy for the best model.
But, the performance worsens when we introduce
new domains (to 91%) and even more so with the
new model (to 84%). For the new model applied
to new domains, the accuracy of the best approach
overall falls down to 61% – far lower than the unsu-
pervised approach, standing at 71%. This is a cau-
tionary tale, indicating that MGT detection models
are extremely prone to overfitting and might prove
unreliable for data unlike what they’ve seen in train-
ing.

Regarding domains, we notice fairly similar
detection accuracy, with the exception of parlia-
ment and news data, which were not available
during training (or pre-training, as they cover cur-
rent events). Reviews appears to be the easiest
domain, which is an encouraging result for the
genre which particularly suffers from the deluge
of low-credibility machine-generated content on-
line (Martínez Otero, 2021). Among the domains
seen in training, social media proves to be most
challenging, most likely due to very short length
– 36 words on average (opposed e.g. to 196 for
wikipedia articles (Strebeyko et al., 2025) provide
less clues for predicting provenance.

Regarding model size, we would expect larger
models to produce more human-like text, result-
ing in lower accuracy, but that, interestingly, is not
the case. For unsupervised models, it’s quite the
opposite: the lowest accuracy is observed for out-
put of the smallest generators, while for supervised
models, the medium-sized LLMs prove most chal-
lenging. This indicates that size is not everything
and very credible text can be produced from modest
models. We need to acknowledge that our analysis
is limited by the fact that for every size bracket
we had a different composition of model families,
which might be a confounding factor.

Additionally, we checked the performance on
text generated with various decoding strategies.
The most commonly detected MGTs were the
ones created with the greedy strategy, with aver-
age success rate of 0.83% across the systems in
the constrained subtask and baselines. This over-
representation is most probably due to the fact that
the strategy considers only the most probable token
at each step, which generally leads to more deter-
ministic outputs and repetitions, especially visible
in longer sequences (Wu et al., 2025). In compar-
ison, the strategy with the lowest average detec-
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Hard human-written
Z tego powodu odbudowa trybunału jest tak naprawdę jak składanie drobnych fragmentów w całość — wymaga precyzji,
wymaga wiedzy i umiejętności, tak aby stworzyć obraz rzeczywistości. Dlatego potrzebujemy nie tylko nowych kawałków, a
zatem sędziów, ale także stabilnej ramy, czyli prawnych regulacji i procedur, które pozwolą nam na złożenie tego w spójną
całość.
Polska stawia także na rozwój sztucznej inteligencji, AI, jako narzędzia, które powinno służyć człowiekowi, a nie odwrotnie.
Wdrażając europejskie regulacje dotyczące AI, musimy zadbać, aby technologie te wspierały rozwój w takich dziedzinach, jak
ochrona zdrowia, edukacja czy logistyka, jednocześnie zapewniając ich bezpieczeństwo i odpowiedzialne wykorzystanie. Nasz
kraj dąży do tego, aby stać się liderem w produkcji i wdrażaniu innowacji związanych z AI, co w dłuższej perspektywie może
przynieść ogromne korzyści
Z tego miejsca pragnę serdecznie podziękować wszystkim obecnym i byłym członkom orkiestry za ich zaangażowanie, pasję
oraz trud włożony w rozwój tej wyjątkowej instytucji. Składam również gratulacje i wyrazy uznania mieszkańcom Suchedniowa,
którzy od lat wspierają swoją orkiestrę, czyniąc z niej prawdziwy symbol lok

Hard machine-generated
Czy Morawiecki skrytykował już dzisiaj gromkim głosem Niemcy za... cokolwi
Czy pan poseł Adrian Zandberg z Nowej Lewicy mógłby odpowiedzieć publicznie na pytanie, czy Nowa Lewica była finansowana
z pieniędzy Gazpromu albo Kremla? Pytałem o to roztargnionego posła Zandberga rok temu w Sejmie.
Oswajanie z seksualną normalnością nie na poziomie tak popularnego shokera ludzkich obrzydliwości, a w bardzo subtelnej,
drgającej poezji codzienneg

Easy human-written
@user2618: mniemy taką nadzieje, zresztą już kolejka jest pewnie na jej miejsce by Klau
Przedmiotem artykułu są ekspresywne nazwy osób o wysokim ładunku emocjonalnym, głównie negatywnym. Są to leksemy
określające w gwarze polskiej obwodu lwowskiego człowieka próżnego, leniwego, powolnego oraz wolno pracującego. Podstawę
materiałową analizy stanowią wyrazy rodzime i pochodzenia obcego, typo
Pan @user4269 wchodząc w tak idiotyczną narrację robi idiotów z własnego elektoratu. Panie Budka przestań Pan robić z Siebie
#POśm

Easy machine-generated
Już od samego początku "Sowy mafii" absorbują widza w swoisty świat przestępczości i korupcji, gdzie granice między dobrem
a złem są coraz bardziej zacierane. Reżyser z niezwykłym wyczuciem portretuje postacie, które są zarówno fascynujące, jak i
przerażające, unosząc się na granicy między realizmem a stylistyczną ekspresją. Każda scena jest starannie skomponowana, a
aktorzy dostarczają występy, które są po prostu olśniewające. (400 more words)
Wystawa ta prezentować będzie prace artystów młodego pokolenia, którzy w swojej twórczości podejmują tematy związane z
kondycją współczesnego człowieka. Artyści ci, poprzez swoje dzieła, starają się odpowiedzieć na pytania dotyczące tożsamości,
wolności, relacji międzyludzkich oraz
, którego autorem jest Ludwik Mierosławski, polski generał, pisarz i działacz polityczny, jeden z przywódców powstania
styczniowego. Utwór ten stanowi ważne źródło historyczne, pozwalające lepiej zrozumieć okoliczności i przebieg powstania,
które było jednym z najwa

Table 4: Random selection of human-written and machine generated fragments that are easy (recognised correctly
by all 10 approaches) or hard (incorrectly labelled by all 10 approaches)

tion success rate of 77% was the (multinominal)
sampling. Considering a wider array of next token
candidates, the strategy increases stochasticity of
the outputs, resulting in more exploratory, creative,
and human-like generations.

7.2 Qualitative

Table 4 shows a random selection of fragments,
either machine-generated or human-written, that
were either very hard to recognise (all submitted
and baseline solutions providing incorrect answer)
or very easy (all correct). In total, we found 10
hard/human cases, 31 hard/machine, 2397 easy/hu-
man and 1028 easy/machine fragments. We can see
that the difficult cases belong to the domain of par-
liamentary proceedings, which is understandable,
given that that domain was withheld from training.
As mentioned, the hard-to-detect instances are gen-

erally shorter than average, supporting the role text
length (and, in our case, its proxy, the generation
genre) play in detectability (Fivez et al., 2024).

During qualitative evaluation of texts, we found
that the most easily detectable MGT (i.e. they have
been detected by all the evaluation systems) contain
repetitions of principal nouns, common phrases,
and grammatical patterns, which is known to be
an effective indicator of MGT in the literature (Wu
et al., 2025) and is characteristic to greedy de-
coding strategy. In extreme cases, the noun gets
repeated every other sentence, leading to patterns
that are easy to spot, especially in longer passages.

Despite applying rigorous filtering of meta-
linguisitic artifacts in postprocessing, there were
some instances in which they have been included.
In the following example, certain "placeholders"
for signatures were added at the end of generated
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text, presumably aiding detection:
Poniżej należy umieścić nazwisko posła lub sen-

atora, który wypowiedź złożył). [Nazwisko posła
lub senatora] (np. Jan Kowalski). [Tytuł posła lub
senatora] (np. poseł na Sejm). [Partia polityczna]
(np. Platforma Obywatelsk

In few generations our prompting method might
have unintentionally made the task easier. To avoid
gender bias in generations, our parliamentary pro-
ceeding prompt mentions that quote is coming from
"a polish male parliamentarian or a polish female
parliamentarian" (Polish parlamentarzysta / par-
manetarzystka). This decision resulted in some gen-
erations expressing certain variability as per gender
of the addresser or the addressed, a feature other-
wise unseen among human texts:

W związku z tym, jako poseł/posłanka, uważam,
że niezmiernie ważne jest utrzymanie wysokiego
poziomu...

Niech Pan/Pani przestanie opowiadać takie
rzeczy. To, co Pan/Pani mówi, jest zwyczajną...

Apart from that, it is not easy to notice many reg-
ularities. Most importantly, even the easy machine-
generated fragments do not exhibit many visible
signs of their provenance, which confirms both the
quality of our dataset and the difficulty of the task.

8 Discussion

Generally speaking, the shared task has fulfilled
its purpose by systematically evaluating a range
of approaches to MGT detection in Polish in the
scenarios covering various text genres and gener-
ator models. Clearly, the best performance is only
achieved for models operating in their ’comfort
zone’ – classifying text in the same genre and from
the same model seen in training. While this frame-
work can have its uses, the lack of generalisability
outside of it is the clear challenge in the area.

While the tested approaches – seven submitted
by participants and three prepared baselines – repre-
sent a variety of solutions, we have to acknowledge
that the two non-standard tasks (unsupervised and
open) are less popular – just three submissions.
These clearly require more effort from the partici-
pants, dealing with poorer performance in the for-
mer one and obtaining additional resources in the
latter. However, the data used in our shared task
is openly available (Strebeyko et al., 2025) and
we hope it will be used to tackle these demanding
scenarios in the future.

Our analysis also gives us some clues on the

LLM’s quality in Polish, since MGT detection ac-
curacy can be interpreted as a proxy for text ap-
parent credibility. Nevertheless, this analysis is not
complete. For truly systematic analysis, we would
prefer to independently test models’ size (parame-
ter count), novelty (whether it was seen in training),
target language (specifically for Polish or multilin-
gual) and family. Unfortunately, for many of these
combinations there simply aren’t models available,
making the analysis biased.

Finally, our effort could be improved by expand-
ing its size and scope: including more genres, more
models and more text. The landscape of LLMs
and their capabilities evolve constantly, making it
necessary to update the benchmarks to make their
evaluation results valid. Nevertheless, we hope that
Śmigiel will be a valuable starting point for such
efforts in the future.

9 Conclusion

This paper reports the results of the first shared
task on MGT detection for Polish, organised within
the PolEval 2025 evaluation campaign. The task
attracted seven submissions across three scenar-
ios – unsupervised, constrained, and open – reflect-
ing different methodological choices. The results
demonstrate that MGT detection for Polish is fea-
sible: the top-performing constrained systems ex-
ceeded 90% accuracy on the main evaluation set
(test B). Nevertheless, the task remains far from
solved, particularly in setting that diverge from the
training distribution.

Our analysis reveals several challenges for MGT
detection. Although supervised approaches achieve
strong performance on known domains and gen-
erator models, their accuracy drops in the most
demanding setting – new domain/model. This be-
haviour highlights the risk of overfitting and the
limited generalisation capabilities of supervised
solutions. As robustness across domains and gener-
ator models is essential for real-world deployment,
unsupervised approaches may offer a reliable alter-
native in such settings.

Overall, the shared task provides a valuable
benchmark for MGT detection in a less-resourced
language – Polish – and offers insights into both
the strengths and limitations of current approaches.
By releasing the Śmigiel dataset and an evaluation
framework, we aim to foster further research on ro-
bust and generalisable methods for MGT detection.
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Łukasz Kobyliński, Ryszard Staruch, Alina
Wróblewska, and Maciej Ogrodniczuk. 2025.
PolEval 2025. In Proceedings of the PolEval 2025
Workshop.
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