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Abstract
We present Śmigiel, the first open dataset for training and evaluating machine-generated text (MGT) in Polish. The
dataset includes a collection of human-written text fragments from six domains, which are used to prompt text
generation by eight language models capable of producing credible Polish text. In addition to the raw corpus of
over 462K generated texts, we also release a cleaned source- and domain-balanced dataset suitable for training
and evaluating MGT detectors. Finally, we conduct preliminary experiments with text classifiers, showing that task
difficulty depends on the text domain, the generating language model, and the availability of similar data in training.
The results indicate that MGT detection in Polish can be approached with general-purpose classifiers that generalize
well to new LLMs, but struggle to adapt to genres not represented in the training data.
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1. Introduction

While language models have long been an impor-
tant tool in the natural language processing (NLP)
toolkit, recently it has become possible to use them
to generate content that is not easily distinguishable
from human-written text. Moreover, these Large
Language Models (LLMs) are now widely available
to the public through chatbot services, such as
ChatGPT, Gemini, or Claude. Because they are
easy to access and use, they are increasingly ap-
plied in a variety of scenarios of natural language
generation (NLG) that were previously performed
by humans.

There are many situations where it is important to
know if a given piece of text was written by a person.
Some examples include:

• when rather than the text itself, we value the act
of writing, as a cognitive exercise or evaluation
measure, e.g., in education (Frohock, 2025),

• in important document creation, when the cred-
ibility of the author plays a crucial role, e.g., in
science (Májovský et al., 2023) or law (Fro-
hock, 2025),

• in high-stakes scenarios, where the weak-
nesses of LLMs (especially hallucination) can
lead to serious consequences, e.g., in health-
related publications (Milmo, 2023),

• in malicious use-cases, where LLMs can be
applied to generate content at scale, e.g., mis-
information (Zhou et al., 2023) or fraud (Gres-
sel et al., 2024).

Due to this need, the research on machine-
generated text (MGT) detection has been growing

recently, in terms of resources (corpora of MGT
and human-written text), classifiers (distinguishing
the two text types), and evaluation frameworks (es-
pecially as shared task events). However, most of
this effort has been directed towards English, al-
though there are many more languages, for which
LLMs are mature enough to produce convincing
output, on some benchmarks surpassing English
(Kim et al., 2025).

Here, we present Śmigiel (Spotting
Machine-Generated Text from LLMs for Pol-
ish), the first dataset for training and testing MGT
detection solutions for Polish. Specifically, we
contribute the following:

• a raw collection of 462 360 text fragments
in Polish generated by eight state-of-the-art
LLMs of various sizes based on human-written
prefixes,

• a source- and domain-balanced and cleaned
dataset of 64 538 human-written and machine-
generated fragments, suitable for training and
evaluation of MGT detection tools,

• a preliminary study into the performance of
baseline approaches to distinguishing human-
written text (HWT) and machine-generated text
(MGT).

In order to encourage further research in this area,
we openly share the created datasets.1 It is worth
noting that Śmigiel was newly used in Task 1 of the
PolEval 2025 (Przybyła et al., 2025).

1https://doi.org/10.5281/zenodo.
18919631

https://doi.org/10.5281/zenodo.18919631
https://doi.org/10.5281/zenodo.18919631
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2. Related Work

This section presents previous work in the three
research streams that have led to our study: the
proliferation and improvement of LLMs capable of
generating text in Polish (Section 2.1), shared tasks
on MGT detection in various languages (Section
2.2), and the intense development of MGT detection
approaches (Section 2.3).

2.1. Large Language Models for Polish
In recent years, several large-scale language mod-
els have been developed to support the Polish lan-
guage and reflect its cultural and linguistic speci-
ficity. Earlier research in Polish NLP research
mainly focused on transformer-based encoders,
e.g., HerBERT (Mroczkowski et al., 2021) or Polish
RoBERTa (Dadas et al., 2020). These models were
based on the BERT and RoBERTa architectures
and were pre-trained and fine-tuned on large Polish
corpora. They proved highly effective in handling
morphologically rich languages such as Polish and
represent a key milestone in Polish NLP.

The next significant step forward was the de-
velopment of generative large language models.
Polish support has increasingly been integrated
into most prominent multilingual LLMs, e.g., Llama
(Meta Team et al., 2024), Mistral (Jiang et al.,
2023; Mistral AI team, 2024), Google Gemma
(Gemma Team, 2025), Qwen (Yang et al., 2025),
and DeepSeek (DeepSeek-AI, 2024). Their open-
weight availability has significantly supported re-
search and downstream adaptation for Polish-
based applications.

In addition to these multilingual LLMs, two im-
portant families of large-scale Polish-specific LLMs
have been developed: Bielik (Ociepa et al., 2025)
and PLLuM (Consortium PLLuM, 2025). These ini-
tiatives represent an important shift from adapting
foreign models to building Polish-native generative
systems that better capture linguistic nuance, stylis-
tic variation, and cultural context.

Most of these LLMs can serve a dual function in
MGT detection research. They can generate con-
tent for training and evaluation, or be used as the
underlying architecture for MGT detectors.

2.2. MGT Shared Tasks and Corpora
With the rapid development of MGT systems, the
need for their benchmarking has become increas-
ingly important. One of the standardized frame-
works for evaluating NLP and NLG systems and
reporting their performance is a shared task. The
main goal of the shared task is to evaluate partici-
pating systems on publicly released datasets using
a well-defined and consistent evaluation method-
ology. The MGT detection challenge has already

led to several shared tasks organized for multiple
languages.

SemEval-2024 Task 8 (Wang et al., 2024) ar-
ranged three subtasks: (1) monolingual (English)
and multilingual binary classification, (2) multi-way
classification aimed at identifying exact text source
(human or specific LLMs), and (3) human–machine
text boundary detection aimed at identifying the
transition point in mixed-authorship texts. Its suc-
cessor, GenAI Content Detection Task 1 (Wang
et al., 2025), included two similar subtasks: En-
glish monolingual and multilingual binary classi-
fication (covering Arabic, Chinese, Dutch, Ger-
man, Hebrew, Hindi, Indonesian, Italian, Japanese,
Kazakh, Norwegian, Russian, Spanish, Urdu, and
Vietnamese). Additionally, two related challenges
were organized within GenAI Content Detection:
Academic Essay Authenticity Challenge (Chowd-
hury et al., 2025) and Cross-Domain MGT Detec-
tion Challenge (Dugan et al., 2025). The DagPap24
shared task (Chamezopoulos et al., 2024) focused
on identifying machine-generated scientific papers,
while Generative AI Authorship Verification Task
(Bevendorff et al., 2025) introduced two subtasks:
(1) binary classification (MGT vs. HWT), and (2)
human-AI collaborative text classification.

Since LLMs can generate content in multiple lan-
guages, MGT detection shared tasks have also
been organized for non-English languages, e.g.,
the CLIN33 shared task (Fivez et al., 2024) for
Dutch, RuATD (Shamardina et al., 2022) for Rus-
sian, and AuTexTification (Sarvazyan et al., 2023)
for Spanish.

Our approach to creating Śmigiel closely aligns
with the latter. The AuTexTification dataset con-
sists of 160K mixed-authorship texts spanning five
textual domains. Its follow-up, IberAuTexTification
(Sarvazyan et al., 2024), extended the scope of
the original challenge. Although the new dataset
was only slightly larger (by roughly 8K instances),
it was significantly more diverse: a broader range
of generation models was employed, and the data
covered seven textual domains in six different lan-
guages – including Portuguese, Catalan, Basque,
and Galician.

2.3. Automatic MGT Detection

The task of distinguishing MGT and HWT has been
recognized since capable language models were
available (Corston-Oliver et al., 2001; Lavergne
et al., 2008; Labbé and Labbé, 2013; Beresneva,
2016). But more recently, the rapid improvement in
the capabilities of LLMs has also led to a growing
interest in MGT detection (Crothers et al., 2023; Wu
et al., 2025).

Researchers have looked into features that dif-
ferentiate texts from these two sources and have



10558

found some that are distinctive enough to build
approaches that are either completely unsuper-
vised or require only slight calibration. This includes
n-gram frequencies (Gallé et al., 2021; Hamed
and Wu, 2024); various measures derived from
token probabilities obtained from language mod-
els (Gehrmann et al., 2019; Lavergne et al., 2008;
Mitchell et al., 2023), especially perplexity (Vasi-
latos et al., 2025; Wu et al., 2023); text properties
in the embedding space (Tulchinskii et al., 2023);
and similarities between the investigated text and
its LLM-rewritten variant (Zhu et al., 2023; Maslo
and Gargova, 2025).

Others have used MGT corpora to train classi-
fiers, either based on fine-tuning general-purpose
LLMs (Radford et al., 2018; Rodriguez et al., 2022;
Nguyen-Son et al., 2024) or feature engineering,
again including measures relying on probabilities
from language models (Verma et al., 2024; Przy-
była et al., 2023; Venkatraman et al., 2024), but
also stylistic (Shah et al., 2023; Corizzo and Leal-
Arenas, 2023), discourse-based (Kim et al., 2024)
and others (Mindner et al., 2023).

Note that the approaches signaled above have
been designed for various languages, but with
a dominant position of English. Regarding Polish,
only a single preliminary study on MGT email de-
tection (Gryka et al., 2024) has been proposed. To
the best of our knowledge, Śmigiel is the first in-
vestigation into multi-domain and multi-model MGT
detection for Polish.

3. Śmigiel Dataset

In this section, we outline the Śmigiel dataset, de-
scribing the procedure for collecting human-written
text (HWT) passages and their machine-generated
text (MGT) counterparts (see Section 3.1), their
postprocessing and sampling (Section 3.2), and
the analysis of the resulting dataset (Section 3.3).

3.1. Raw Data

Studies on MGT detection rely on heterogeneous
datasets that reflect variability in both underlying
text sources and genres, and LLMs used to gener-
ate counterparts to HWT passages. In the spirit of
open science, it is desirable that such datasets be
based on both texts and models not restricted by
commercial licenses.

3.1.1. Human-written Text

To compile a corpus of Polish HWT passages, sev-
eral datasets are surveyed according to two main
criteria: permissive licensing and recency. The latter
is crucial to minimize overlap with data potentially

domain dataset genre

literature

•PLSC (Poświata et al.,
2024)

articles

•open-coursebooks-pl
Poświata (2024)

course books

•Wikiźródła (2025) books

reviews

•PolEmo (Kocoń et al.,
2019)

business,
physician,
courses and
product review

•Allegro Reviews (Rybak
et al., 2020)

product review

•Filmweb (Przybyła, 2024) movie review
•Filmweb+ (Narolski,
2020)

movie review

social
•TwitterEmo (Bogdanow-
icz et al., 2023)

tweets

•BAN-PL (Kolos et al.,
2024)

posts

wikipedia •Polish Wikipedia (2025) encyclopedic
entry

news •Polish Wikinews (2025) news article

parlamint •ParlaMint (Erjavec et al.,
2025)

parliamentary
transcripts

Table 1: Sources of HWT data used in Śmigiel.

used in LLM training, reducing the bias in MGT
detection tasks.

Balancing the recency requirement with the rela-
tive scarcity of Polish resources, texts from multiple
relatively new and publicly available datasets are
collected (see Table 1). The source datasets are
grouped into six general domains. Four of them
– literature, reviews, social, and wikipedia – are
used for both training and testing, while news arti-
cles and parliament transcripts of Polish Parliament
hearings are reserved for testing only.

The texts from the source datasets serve a dual
purpose: after postprocessing, they constitute the
HWT portion of the Śmigiel dataset and act as
seeds or prefixes for LLMs to generate correspond-
ing MGT equivalents.

3.1.2. Machine-generated Text

To construct a set of MGT examples, we prompt
LLMs to produce texts of a specific type, each ini-
tialized with a prefix derived from an HWT source.

The prefix length varies across genres, with so-
cial media texts using the shortest prefixes (mini-
mum 26 characters) and encyclopedic articles re-
quiring the longest ones (at least 50 characters).
Prefixes are formed by sequentially extracting com-
plete sentences from HWT passages until the pre-
defined character length for a given domain is
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reached, using the sentence segmentation function-
ality provided by the LAMBO tokeniser (Przybyła,
2022).

Preserving its style, continue the
newspaper article that begins with
"As reported by the Silesian Cycling
Coalition in a message dated April 25,
Silesian Railways is abandoning its plan
to introduce bicycle seat reservations."
Do not add comments. Do not insert blank
lines between paragraphs.

Figure 1: Translation of an example prompt for news
generation.

The HWT prefixes are incorporated into user
prompts specifically designed for a given domain.
A prompt instructs an LLM to continue writing while
keeping the original text style (see Figure 1). To en-
hance the consistency between MGT and HWT ex-
amples, additional metadata details are sometimes
included in the prompt, e.g., in the case of reviews,
it proved beneficial to specify the type of entity be-
ing reviewed – whether it is a product, a hotel, or
a movie. Similarly, the congruency of generated
coursebook entries improves once the chapter or
section title is included in the prompt. In addition,
prompts for some genres are enhanced to include
instructions to steer the output away from certain
formal shortcomings, such as the excessive use of
newline characters at the end of Figure 1.

Our research focuses on the Polish language;
it is thus essential to employ Polish-specific LLMs
to generate Polish texts. Additionally, we also use
some multilingual LLMs. The size of a model has
an impact on the quality of generated texts: smaller
models often produce less coherent outputs with
noticeable linguistic errors, while larger models
tend to generate more fluent and errorless texts
(cf. Gemma Team et al., 2024). We use models of
various sizes:

• small: Bielik-sm (Ociepa et al., 2025, speak-
leash/Bielik-7B-Instruct-v0.12), Llama-sm
(Meta Team et al., 2024, meta-llama/Llama-
3.1-8B-Instruct), and Mistral-sm (Jiang et al.,
2023, mistralai/Mistral-7B-Instruct-v0.3),

• medium: Bielik-md (speakleash/Bielik-11B-
v2.3-Instruct), Pllum-md (Consortium PLLuM,
2025, CYFRAGOVPL/PLLuM-12B-nc-chat),
and Mistral-md (Mistral AI team, 2024, mis-
tralai/Mistral-Nemo-Instruct-2407),

• large: Gemma-lg (Gemma Team, 2025,
google/gemma-3-27b-it), Llama-lg (meta-
llama/Llama-3.3-70B-Instruct).

2We use models available in the HuggingFace reposi-
tory.

To increase the diversity of generated outputs,
we apply one of the eight decoding strategies for
each generation: greedy decoding (no sampling,
used as the default), beam search (with two beams,
e.g., alternative continuations), contrastive search
(with a repetition penalty), diverse beam search (six
beams divided into three groups, also with a rep-
etition penalty), and the Llama/PLLuM variant of
sampling.

The generations produced by each LLM are then
combined into a single CSV table along with their
corresponding metadata. In cases where an LLM
reproduced the seeding prefix in its generation, this
prefix gets removed from the output to avoid mixed
authorship.

3.1.3. Summary of Raw Data

A collection of raw data examples includes 460K
HWT samples paired with an equal number of MGT
counterparts. A detailed statistical summary is pre-
sented in Table 2. The selected textual domains
vary significantly in sample length. On average,
wikipedia articles are the longest texts (in terms of
the number of characters, words, and sentences
per sample), followed by reviews, news, literature
excerpts, parlamint transcripts, and social media
posts.

Across all domains, MGT instances tend to be
longer than their HWT counterparts. Word lengths
are generally consistent – averaging nearly six char-
acters per word, except in news, literature, and
parlamint, where words are slightly longer. In con-
trast, average sentence lengths show clearer dis-
tinctions: HWT sentences are longer in literature
passages, while the longest MGT sentences are
in parlamint transcripts and encyclopedic articles
(wikipedia). Social media posts, news articles, and
reviews have comparable overall sentence lengths.

3.2. Postprocessing
In this stage, the raw corpus of HWT passages and
MGT generations is trimmed, filtered, sampled, and
aggregated to make it fit for training and evaluating
MGT detection models.

3.2.1. Filtering

In the filtering stage, we load all HWT and MGT
fragments and apply a process that consists of drop-
ping some of them and trimming undesired content
from others. The process has been designed iter-
atively based on manual inspection of generated
outputs. Specifically:

1. We trim the non-letter characters from the be-
ginning, which are often added by LLMs – es-
pecially quotations.
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domain #docs #characters #words #sentences avg word avg sent
mean median mean median mean median length length

human-written texts (HWT)
literature 84000 830.87 506.0 132.80 79.0 6.27 4.0 6.17 20.98
reviews 84000 1131.90 556.0 197.59 100.0 10.85 6.0 5.70 18.98
social 84000 252.77 191.0 45.70 34.0 3.15 3.0 5.63 16.31
wikipedia 84000 1623.11 804.5 271.88 135.0 16.96 10.0 5.95 14.49
news 42120 959.61 756.0 155.13 123.0 8.36 7.0 6.20 19.55
parlamint 84240 614.67 530.0 102.75 88.0 5.32 5.0 6.01 20.54

machine-generated texts (MGT)
literature 84000 886.75 596.0 141.93 91.0 8.07 5.0 6.24 17.91
reviews 84000 1199.50 643.0 208.72 107.0 12.42 6.0 5.97 19.13
social 84000 462.89 382.0 85.90 69.0 5.78 5.0 5.58 16.28
wikipedia 84000 1942.81 1016.0 465.82 170.0 19.54 10.0 5.94 20.45
news 42120 1072.57 899.0 174.30 140.0 9.01 7.0 6.39 20.36
parlamint 84240 720.51 647.0 116.17 104.0 5.58 5.0 6.23 30.48

Table 2: Statistical summary of raw data across different domains.

2. If an MGT fragment begins with a repetition of
the HWT prefix, as is often the case, we trim it
from both fragments.3

3. We remove repeated newlines and whitespace
characters.

4. We strip the introductions provided by the
model and ending with a colon, e.g., “Below is
the rest of the text:”.

5. When generations created by different LLMs
for the same HWT prefix have an overlapping
beginning, we remove it, cutting on sentence
boundaries (detected using a regular expres-
sion).

6. We detect the language for the whole fragment
(using langdetect4) and drop those that are
not in Polish.

7. We split text into lines and remove those that:

• start with one of the standard LLM
openings, e.g., “Oczywiście” [Of course],
“Przepraszam” [I’m sorry], “Nie mogę” [I
can’t],

• are in parentheses (often added by LLMs
as comments),

• are in English,
• are standard Sejm greetings (for parlia-

mentary domain).

8. In case of generations including looped repeti-
tions, we trim the repeated fragment from the
end.

3This operation is not applied to the HWT fragment, if
it would take away more than 50% of the fragment.

4https://pypi.org/project/langdetect/

9. Drop fragments that express LLM’s refusal to
answer the prompt, e.g. “Przepraszam, ale
jako model językowy…” [I’m sorry, but as a
language model …].

After the process above, we drop any fragments
that have fewer than 70 characters left. Depending
on the LLM and text domain, between 30% and
40% of MGT fragments (and 1% of the HWT ones)
get discarded through this process.

3.2.2. Sampling

We group all text fragments into tuples, each con-
taining one HWT fragment and up to eight LLM-
generated continuations prompted with a prefix ex-
tracted from that fragment. Each tuple is then con-
verted into a data instance by selecting a single
HWT or MGT fragment and discarding the remain-
ing ones. The process is designed so that the final
dataset has the following properties:

• No two fragments coming from the same tuple
can be included in the dataset.

• Half of the instances are human-written and
half are machine-generated.

• One-third of the generated instances are com-
ing from small models (Bielik-sm, Mistral-sm,
and Llama-sm), one-third from the medium-
sized ones (Bielik-md, Pllum-md, and Mistral-
md), and one-third from the large ones
(Gemma-lg and Llama-lg).

• The text lengths of HWT and MGT instances
have the same distribution.

The above criteria are met by randomly selecting
the fragment to be used in the given instance and
trimming it to 95% of the length of the shorter of the
two: the HWT fragment and its MGT equivalent.

https://pypi.org/project/langdetect/
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source #docs #characters #words #sentences avg word avg sent
mean median mean median mean median length length

bielik-sm 3342 656.16 364.0 108.42 59.0 6.25 4.0 6.09 17.00
llama-sm 3661 644.66 353.0 108.91 59.0 5.98 3.0 5.84 18.25
mistral-sm 3064 637.44 367.0 104.02 59.0 5.47 3.0 6.17 18.64

bielik-md 3672 707.66 375.0 114.54 60.0 6.4 4.0 6.23 16.75
pllum-md 3410 677.83 387.0 111.01 62.0 6.47 4.0 6.12 16.83
mistral-md 3300 571.63 337.0 98.49 56.0 5.68 3.0 5.94 17.70

gemma-lg 8452 614.41 342.0 100.66 58.0 5.98 4.0 5.97 16.85
llama-lg 3354 708.52 397.5 115.28 65.0 5.11 3.0 6.13 28.49

human 32283 657.98 369.0 110.12 62.0 5.96 4.0 5.96 19.37

Table 3: Statistical summary of Śmigiel samples categorized by source type (MGT vs. HWT).

domain #docs #characters #words #sentences avg word avg sent
mean median mean median mean median length length

human-written texts (HWT)

literature 5798 630.28 432.0 100.44 67.0 4.97 4.0 6.21 20.48
reviews 5401 869.23 511.0 151.24 91.0 8.47 6.0 5.69 19.35
social 5377 199.41 152.0 35.92 27.0 2.45 2.0 5.66 16.68
wikipedia 5738 1176.37 650.0 195.97 106.0 10.25 6.0 6.10 19.48

news 2593 749.46 603.0 121.3 98.0 6.88 6.0 6.19 18.76
parlamint 7376 423.95 355.0 71.02 59.0 3.77 3.0 6.02 20.62

machine-generated texts (MGT)

literature 5948 633.85 437.0 97.13 67.0 5.3 4.0 6.32 17.56
reviews 5205 863.31 503.0 146.6 82.0 7.85 5.0 5.98 18.39
social 5382 196.25 151.0 36.29 28.0 2.88 2.0 5.50 13.69
wikipedia 5775 1144.89 670.0 193.57 112.0 10.87 6.0 5.96 17.84

news 2622 720.26 573.0 112.47 89.0 5.94 5.0 6.39 19.10
parlamint 7323 416.72 346.0 67.25 56.0 3.46 3.0 6.21 23.10

Table 4: Statistical summary of Śmigiel dataset across different domains.

3.2.3. Aggregation

The process described above is executed indepen-
dently for each domain. The resulting instances
are then concatenated and shuffled to produce the
corpus described in Section 3.3.

3.3. Śmigiel Final Composition

3.3.1. Statistical Overview of Śmigiel

The final Śmigiel dataset is balanced not only with
respect to the main categories (MGT and HWT),
but also to the textual domains and generations pro-
duced by LLMs of different sizes. The dataset con-
tains 32K HWT and 32K MGT examples, including:
(1) 10K MGT samples generated by small LLMs,
10K by medium LLMs, and 12K by large LLMs (see
Table 3); and (2) approximately 5.5K HWT and MGT
samples drawn from each of four textual domains
– literature, reviews, social, wikipedia (see Table

4). Additionally, the Śmigiel dataset includes two
unseen domains reserved exclusively for testing:
news with 2.6K HWT and MGT samples each and
parlamint with 7K samples per category.

To mitigate potential detection of MGT instances
based on textual length – given that MGT raw
samples are, on average, longer than their HWT
counterparts across all domains (Section 3.1.3) –
MGT passages are trimmed to match the length
of their corresponding HWT originals. As a result,
the Śmigiel MGT and HWT instances are closely
aligned in length (Table 3): MGT passages average
572–708 characters, 98–115 words, and 5–6 sen-
tences, compared to 658 characters, 110 words,
and 6 sentences in HWT fragments. The median
values show even closer correspondence between
the two categories.

Word length does not differ between HWT and
MGT samples. Sentence lengths, however, vary
across the two groups: HWT sentences average
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19 tokens, while MGT sentences are slightly shorter
(17–18 tokens), except for those generated by
Llama-lg, which average 28 tokens per sentence.

Similarly, the Śmigiel HWT and MGT instances
are comparable in overall length across domains,
although they slightly differ in the average number
of tokens per sentence.

3.3.2. Analysis of Dataset Quality

Perplexity is a widely used metric for evaluating
performance of language models. Lower perplexity
values indicate greater confidence and accuracy
in predicting the next word in a sequence, while
higher values suggest weaker predictive ability. In
our study, perplexity is used to compare HWT and
MGT instances, offering insight into how natural or
predictable each text type appears.

LLM size LLM count mean
gpt2-sm gpt2-xl

small
bielik 1000 42.30 27.49
llama 1000 31.46 22.75
mistral 1000 59.39 46.19

medium
bielik 1000 36.55 25.23
pllum 1000 33.72 22.91
mistral 1000 49.40 37.12

large gemma 1000 45.15 27.59
llama 1000 36.22 23.68

human 1000 84.17 52.56

Table 5: Mean perplexity of Śmigiel MGT and HWT
instances.

Perplexity values, based on the log-likelihoods
of text tokens conditioned on preceding tokens, are
estimated using the sdadas/polish-gpt2-small and
sdadas/polish-gpt2-xl models (Dadas, 2025). Mean
perplexity values are calculated over 1000 text sam-
ples for each tested LLM and for HWT texts (see
Table 5). The perplexity values estimated using the
smaller polish-gpt2-small model are much higher
than those obtained with polish-gpt2-xl; however,
the Pearson correlation between the two sets of
scores remains very strong (ρ = 0.96).

MGT texts consistently show lower perplexity
than HWT texts, suggesting that LLM-generated
texts tend to follow more predictable linguistic pat-
terns. This lower perplexity may reflect higher in-
ternal consistency in token sequences, and more
frequent use of common lexical items and syntactic
structures learned from large-scale training data.
In contrast, the higher perplexity observed in HWT
texts implies greater intra-language diversity and
unpredictability, which can stem from richer lexi-
cal variety, more complex sentence structures, and

context-dependent creativity typical of human au-
thorship. These findings highlight that, although
MGT texts may appear fluent and grammatically
coherent, they often lack irregularities and nuanced
variations typical in natural human language use.

4. MGT Detection

In order to understand how credible the MGT con-
tent appears to ML models, we perform preliminary
experiments on the MGT detection task. We split
the dataset into one training and three test portions
(Section 4.1) and then run general-purpose text
classifiers of several sizes (Section 4.2), measur-
ing the classification accuracy for each combination
(Section 4.3).

4.1. Experimental Setup

We divide our final Śmigiel dataset into the follow-
ing portions:

• train: 80% of the fragments in the literature, re-
views, social and wikipedia domains, including
generations by all models except Llama-lg,

• test_α: 10% of the fragments in the same do-
main as train, including generations by the
same models,

• test_β: 10% of the fragments in the same do-
main as train, including Llama-lg generations,

• test_γ: all of the fragments in the news and
parlamint domains.

Each of the portions includes a matching number
of MGT and HWT fragments.

This split allows us to train classifiers on the train
instances and check their performance when tested
on similar text (test_α), generations coming from
an unseen model (test_β), and text data from an
unseen domain (test_γ).

4.2. Baseline Classifiers
We check the performance of the following baseline
classifiers:

• BiLSTM neural network, using BERT-
tokenised input, 32-long embeddings and two
LSTM layers (Hochreiter and Schmidhuber,
1997) with 128-long hidden representation,
and a final dense layer followed by softmax.

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

• google/gemma-2b (Gemma Team and Google
DeepMind, 2024), fine-tuned with QLoRa
(Dettmers et al., 2023).
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classifier accuracy on test set
test_α test_β test_γ

BiLSTM 0.8619 0.8669 0.7357
BERT 0.8977 0.8988 0.7588
GEMMA 0.9685 0.9683 0.8684

Table 6: Classification performance for three types
of models, measured as accuracy on the test sets:
matching the distribution of training set (test_α),
using unseen LLM as generator (test_β) or texts
from unseen domains (test_γ).

We used the code of BODEGA, a framework for
testing text classification in the misinformation do-
main, and all computational details are described
in the associated article (Przybyła et al., 2024).

4.3. Results

Table 6 shows the performance of the classification
on the three selected test sets. BiLSTM and BERT
behave similarly, obtaining good performance on
the test set matching the training data and compa-
rable for text coming from the new model. However,
when challenged with texts from new domains, they
reach much poorer results, i.e., over 10% lower
accuracy. This indicates the general-purpose solu-
tions do not generalize well to new genres. Interest-
ingly, this also applies to the largest model Gemma-
2b, which achieves impressive performance on the
first two datasets, but much worse on new data.

5. Discussion

In general, the goals that motivated the creation
of Śmigiel are satisfied, as the resulting resource
represents a broad picture of Polish texts generated
by LLMs. It accounts for a variety of domains and
source models of different families and sizes.

The MGT detection effort is a preliminary one,
but it already shows interesting insights. Most no-
ticeably, the performance achieved by the baseline
methods indicates that the classification, while far
from trivial, is noticeably easier than in studies for
other languages. For example, in AuTexTification
(Sarvazyan et al., 2023) the Transformer-based
baseline led to F-score of 57% for English and 69%
for Spanish, while our experiments yielded 76-90%
accuracy of BERT. A likely explanation for this is
that MGT text in Polish is easier to recognize be-
cause less web content is available for pre-training
in this language (Wenzek et al., 2020), resulting in
weaker support for LLMs.

Indeed, our manual analysis has revealed clearly
visible MGT features in the generated text. This is
most obvious in social media domain, where most

LLMs use a formal style of language, clearly dis-
cernible from human-written content. In this chal-
lenge, prompts play a crucial role. Our approach
was based on iterative improvements based on
manual inspection of results. However, a more sys-
tematic solution can yield better results.

One obvious limitation that a lot of LLM output is
discarded in post-processing: 462K of raw gener-
ations lead to 32K final training examples. Some
of it (between 30% and 40%) is filtered out due to
low quality (Section 3.2.1), and this step is undoubt-
edly necessary. However, the rest is discarded to
achieve domain balance and avoid repetitions dur-
ing sampling (Section 3.2.2). Depending on the
downstream MGT classifier or other solutions that
use the data, this step might be skipped, allowing
access to a much larger dataset.

We envisage the following further use of our
dataset:

• Development of MGT detection solutions for
Polish. The baselines presented here are very
simple and could be improved upon, drawing
from research in other languages (Crothers
et al., 2023; Wu et al., 2025).

• Deep linguistic analysis of machine-generated
language properties. Such studies have been
performed for other languages (Zhu et al.,
2023; Berber Sardinha, 2024; Amirjalili et al.,
2024) and the breadth of our corpus allows to
investigate various morphological, lexical and
syntactic phenomena.

To make this future work possible, we share the cre-
ated datasets.5 The Śmigiel dataset has already
been used to conduct a shared task on MGT de-
tection within the PolEval evaluation campaign de-
scribed elsewhere (Przybyła et al., 2025), includ-
ing a manual analysis of the differences between
human-written and machine-generated fragments.

6. Conclusion

The presented study provides a foundation for in-
vestigating MGT detection in Polish. We outlined
the broader context of MGT detection research and
highlighted the authors’ specific contributions to this
area within the Polish setting. We described the col-
lection and postprocessing of the Śmigiel dataset,
along with the preliminary statistical analysis of its
content and underlying raw data. The experimen-
tal framework establishes a reliable benchmarking
environment for testing MGT detection systems –
the first initiative of this kind for Polish.

Our experiments revealed that the effectiveness
of MGT detection models for Polish remains high,

5https://doi.org/10.5281/zenodo.
18919631

https://doi.org/10.5281/zenodo.18919631
https://doi.org/10.5281/zenodo.18919631
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as long as they are trained and tested within the
same domain. They also generalize well to texts
generated by new LLMs unseen during training,
suggesting that effective systems can be devel-
oped for many important applications in academia,
medicine, and law. However, the observed perfor-
mance drop on out-of-domain data indicates sub-
stantial room for improvement – particularly in sce-
narios where universal detection systems must op-
erate across diverse styles and content, such as in
social media contexts.
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