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Abstract. Propaganda techniques are a key tool for creating misleading content, often disseminated
in native languages to increase their impact. Therefore, it is increasingly important to develop de-
tection models not only for high-resource languages but also for low-resource languages, which
still face significant limitations in propaganda detection. This study presents the first approach to
automated propaganda technique detection in Lithuanian using the HALT-PROP corpus. We adapt
the standard framework to account for frequent overlap between techniques. Experiments with the
Lithuanian transformer LT-MLKM-modernBERT show that BILOU tagging improves span identifi-
cation, while sentence classification based on span-level information enhances technique detection
for most techniques. The results also indicate that training separate binary classifiers is more ef-
fective than multi-label classification in this setting. Overall, the proposed approach outperforms
GPT-5.3 on most techniques and provides a strong baseline for propaganda technique detection in
Lithuanian.
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1. Introduction

Over time, propaganda has increasingly shifted toward digital dissemination through so-
cial media and online news platforms. As propaganda often relies on rhetorical manipula-
tion, sometimes incorporating factual elements while still misleading audiences through
specific persuasive techniques, it is important not only to identify whether an article con-
tains propagandistic content, but also to detect the specific techniques employed. More-
over, recent experimental research demonstrates that labelling content as propaganda and
explicitly highlighting the rhetorical techniques used can significantly reduce users’ in-
tentions to share such content online (Jose et al., 2025).
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With the advancement of machine learning technologies, particularly in natural lan-
guage processing, substantial efforts have been devoted to automated propaganda detec-
tion. This is reflected in a series of shared tasks and studies focusing on propaganda
and persuasion technique detection (Rashkin et al., 2017; Barrén-Cedeiio et al., 2019;
Da San Martino et al., 2019, 2020; Dimitrov et al., 2021; Piskorski et al., 2023; Dimitrov
etal.,2024; Alam et al., 2022; Hasanain et al., 2024; Moral et al., 2023, 2024; Hordk et al.,
2024). Despite this progress, significant challenges remain, particularly for low-resource
languages. A key limitation is the scarcity of essential resources, particularly annotated
corpora tailored to these languages.

To address this gap, particularly for the Lithuanian language, the first human-annotated
corpus, HALT-PROP, was released in 2025 (Rizgelieneé et al., 2025). The corpus contains
Lithuanian texts annotated by five experts for propaganda techniques and narratives using
a cross-annotation methodology, allowing multiple techniques and narratives to be as-
signed to the same text. As this is a newly released resource, there is currently no research
on propaganda technique detection based on this corpus, nor are there any dedicated stud-
ies on propaganda technique detection for the Lithuanian language.

The main goal of this research is to develop the first approach for propaganda tech-
niques detection in Lithuanian. To achieve this, the study addresses the following research
questions:

1. Does incorporating span boundary information and increasing the maximum input se-
quence length improve propaganda span identification performance in Lithuanian?

2. How does incorporating span-level information, indicating where propaganda tech-
niques occur, affect the performance of propaganda techniques classification?

3. Does modelling propaganda techniques as independent binary classification tasks im-
prove detection performance compared to multi-class classification in scenarios with
high label overlap?

In this study, a span refers to an uninterrupted fragment of text annotated as containing
at least one propaganda technique.

To address these questions, we first perform an exploratory analysis of the HALT-
PROP corpus. Based on these insights, we propose a methodology for detecting propa-
ganda techniques in Lithuanian news articles that reflects the corpus characteristics. We
then leverage the monolingual Lithuanian transformer model LT-MLKM-modernBERT to
conduct experiments on both span identification and techniques classification. We explore
different training setups, including the use of span-level information, as well as binary and
multi-class classification strategies. Finally, we evaluate the approach under multiple con-
ditions, including gold and predicted spans, and compare the results with zero-shot and
few-shot performance of large language model.

2. Related Work

Until 2019, propaganda detection research primarily focused on document-level classifica-
tion (Rashkin et al., 2017; Barrén-Cedefio et al., 2019). However, because propaganda of-
ten contain both propagandistic and non-propagandistic content, assigning a single label to
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an entire document is overly coarse and has motivated a shift toward fine-grained analysis.
One of the early approaches to propaganda technique detection focused on sentence-level
classification and defined two tasks based on an expert-annotated English dataset covering
18 propaganda techniques: (i) Sentence-Level Classification (SLC) and (ii) Fragment-
Level Classification (FLC) (Da San Martino et al., 2019). Subsequently, the SemEval-
2020 Task 11 shared task was introduced (Da San Martino et al., 2020), which extended
propaganda technique detection from sentence-level classification to span-level analysis.
It defined two subtasks: (i) Span Identification (SI), a binary sequence labelling task aimed
at identifying text fragments containing at least one propaganda technique, and (ii) Tech-
nique Classification (TC), a multi-class classification task that assigns a specific propa-
ganda technique label to the identified spans. Later SemEval tasks further expanded the
scope to include propaganda technique detection in multimodal content (text and images)
(Dimitrov et al., 2021), multilingual analysis (Piskorski er al., 2023), and multilingual
meme analysis (Dimitrov et al., 2024). Beyond SemEval, several initiatives have also ex-
plored non-English and multilingual settings, including Arabic shared tasks on multi-label
technique classification and persuasion detection in tweets (Alam et al., 2022; Hasanain
etal.,2024), as well as the DIPROMATS shared tasks, which address propaganda identi-
fication, characterization, technique classification, and narrative detection in English and
Spanish (Moral et al., 2023, 2024).

However, despite several initiatives extending propaganda technique detection beyond
the English language, research in this area still faces significant limitations, particularly
for low-resource languages. One of the few dedicated efforts is the work of Hordk et al.
(2024), which introduces an annotated corpus for the Czech language and proposes an
initial approach to propaganda technique detection. This approach combines stylometric
features with representations from pretrained transformer models. However, it focuses on
document-level classification, identifying whether an article contains specific techniques.
While this represents an improvement over binary propaganda detection, it still lacks fine-
grained explainability, as it does not indicate where in the text the techniques occur.

In addition, some studies have also explored technique classification for non-English
languages, such as Arabic (Alam et al., 2022), which is generally considered a high-
resource language, as well as multilingual approaches (Piskorski et al., 2023) covering
languages such as Italian, Russian, French, German, and Polish. However, none of the ex-
isting resources include the Lithuanian language, nor do they cover languages spoken in
the Baltic countries. More broadly, languages spoken in countries neighbouring Russia,
as well as in former Eastern Bloc countries, remain severely underrepresented, with entire
regions lacking datasets and models for propaganda identification, despite being primary
targets of information warfare. This work addresses this gap by proposing a method for
propaganda technique detection in the Lithuanian language, representing the first such
approach in the Baltic region, as well as one of the first approaches in general for a low-
resource language spoken in the Russian neighbourhood, and one of the few in European
languages.



4 F. Rizgeliené et al.

3. Data

In this study, we used the first Lithuanian corpus for propaganda narratives and techniques
(Rizgeliené et al., 2025). The corpus consists of two complementary datasets: (1) 2870
news articles manually labelled by five experts at the article level to identify the pres-
ence of propaganda; and (2) a subset of 1000 articles annotated for specific propaganda
techniques and narratives using a cross-annotation approach, in which each article was in-
dependently annotated by two of the five experts, and the final annotation was confirmed
through pairwise discussion. In this study, we focus only on propaganda techniques anno-
tations. Our selected corpus is annotated for the following ten propaganda techniques:

1. Emotional Expression. Intentionally uses emotionally charged language (e.g. fear,
anger, pride, sympathy) to provoke strong feelings and influence audience beliefs or
actions. Often avoids logical reasoning and relies on exaggeration, personal attacks, or
vague but positive terms to shape perception.

2. Whataboutism/Red Herring/Straw Man. Distracts from the main issue by shifting
blame or criticism to others (Whataboutism), introducing irrelevant information or ar-
guments (Red Herring), or misrepresenting an opponent’s view by exaggerating, dis-
torting, or oversimplifying it to attack a weaker version (Straw Man). These strategies
serve to divert or deflect attention from the core argument.

3. Simplification. Deliberately reduces complex issues to overly simple explanations by
attributing blame or responsibility to a single cause or group, framing problems as
having only two opposing options, using stereotyped phrases that shut down deeper
thinking, and relying on short, catchy slogans that appeal more to emotions than logic.
These strategies limit critical analysis and obscure the true complexity of issues.

4. Intentional Vagueness (Obfuscation). Uses ambiguous or imprecise language to ob-
scure meaning, allowing multiple interpretations and helping avoid accountability or
direct scrutiny.

5. Appeal to Authority. Refers to perceived authoritative figures or institutions to legit-
imize a claim, implying it is true based solely on the authority’s status, often without
supporting evidence.

6. Flag-Waving. Promotes a position by invoking patriotism or national pride, suggest-
ing the idea serves the country’s interests, even in the absence of a clear rationale or
evidence.

7. Bandwagon. Encourages alignment with a belief or action by implying widespread
acceptance. Leverages social pressure and the desire to conform to persuade individuals
to adopt the majority view.

8. Doubt/Smears. Seeks to undermine credibility by casting suspicion or attacking char-
acter — either subtly (Doubt) or directly through baseless accusations or insinuations
(Smears) — without presenting concrete evidence.

9. Reduction ad Hitlerum/Stalinum. Discredits a person, idea, or group by associating
them with historically vilified figures (e.g. Hitler, Stalin), appealing to emotion rather
than addressing the actual argument.
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10. Repetition. Reinforces a message through frequent repetition. Over time, repeated
statements may appear more familiar and thus more believable, even in the absence of
evidence, a psychological effect known as the “illusion of truth.”

3.1. Dataset Analysis

3.1.1. Techniques Distribution

We conducted an exploratory analysis of the HALT-PROP dataset to examine the distri-
bution of propaganda techniques and the density and coverage of annotated spans (see
Fig. 1). The results show that the dataset is imbalanced, with a small number of tech-
niques dominating the corpus in both frequency and coverage. Additionally, techniques
differ substantially in typical span length and annotation density, reflecting their different
manipulation strategies: some are expressed through short lexical cues, while others ap-
pear as longer discourse-level segments. Below, we summarize the main findings for the
techniques.

e Emotional Expression, Simplification, and Doubt/Smears are the three most frequent
propaganda techniques in the corpus. Emotional Expression appears in 820 articles,
Simplification in 689 articles, and Doubt/Smears in 649 articles. These techniques also
have the highest text coverage: on average, 39.5% of the text is annotated with Emo-
tional Expression, 23.2% with Simplification, and 22.8% with Doubt/Smears in articles
where they appear. They also show relatively high span densities, with Emotional Ex-
pression appearing in 5—6 spans per article on average, Simplification in 4 spans, and
Doubt/Smears in 3—4 spans. All three techniques have moderate-to-long span lengths
compared to other techniques in the corpus.

A. Articles containing each technique B. Avg. share of article text covered (where present)
Emotional Expression - e T >05%
Simplfication ] o9 I > 2%
DoubtySmears ] 549 T 22.8%
whataboutism/Red Herring/Straw Man - 275 ] 10.0%
Appeal To Authority - 272 I 123%
Uncertainty - 210 I BA
Waving The Flag [ 190 T 0%
Repetition - 184 I s %
Reductio Ad Hitlerum I 114 I s 5%
Following Behind -l 78 S 132%
L‘) 260 4(')0 6(')0 8(')0 (I) é lIO 1‘5 2'0 2'5 3‘0 3'5 4b
# articles Average coverage within article (%)
C. Span density (where present) D. Avg. span length (where present)
Emational Expression I 55 2
Simplication ] .26 i ™
Doubt/Smears ] 257 i 00
whatabouism/Red Herring/Straw Wan ] 1.5 ] 271
Appeal To Authority - 242 I 1o
Uncertainty I 162 I m
Waving The Flag I 2.44 I 2
Repetiton I e 5
Reductio Ad Hitlerum - 2.00 I a3
Following Behind I 1.58 I 101
6 Zi. é ::l xli é 6 5'0 160 150 2(')0 2.%0 360
Average # spans per article Average span length (chars)

Fig. 1. Statistics of propaganda techniques in the HALT-PROP corpus. (A) Number of articles containing each
technique. (B) Average share of article text covered by the technique. (C) Average number of spans per article.
(D) Average span length in characters.
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o Whataboutism/Red Herring/Straw Man, Appeal to Authority, and Uncertainty ap-
pear with medium to lower frequency in the corpus. Whataboutism/Red Herring/Straw
Man occurs in 275 articles, Appeal to Authority in 272 articles, and Uncertainty in
210 articles. Among these techniques, Whataboutism/Red Herring/Straw Man has the
highest text coverage, covering approximately 19% of the article text on average, while
Appeal to Authority covers about 12.3% and Uncertainty 8.7%. The span density is
similar for Whataboutism/Red Herring/Straw Man and Uncertainty, which, on aver-
age, appear in about 1-2 spans per article, whereas Appeal to Authority has a slightly
higher span density, appearing in approximately 2-3 spans per article. In terms of span
length, Whataboutism/Red Herring/Straw Man has the longest spans, averaging about
271 characters. This is likely because the goal of this technique is to redirect attention
from the main issue or topic, which often requires longer text segments to shift the
context.

e Waving the Flag and Repetition occur with relatively lower frequency, appearing in
190 and 184 articles, respectively. These techniques show distinct annotation patterns.
In particular, Repetition stands out among all techniques, with the smallest text coverage
(5.84%), the highest span density (approximately 5—6 spans per article), and the shortest
spans (an average length of only 33 characters). This reflects the main characteristic of
this technique: repeating the same message, phrase, or word multiple times within an
article rather than expressing a complete argument or cue in a single span. Waving the
Flag shows a pattern more similar to other techniques, with relatively low coverage
(10.2%), a moderate span density (approximately 2—3 spans per article), and medium-
length spans (about 143 characters on average).

¢ Reductio ad Hitlerum and Following Behind are the least frequent techniques in the
corpus. Reductio ad Hitlerum appears in 114 articles, while Following Behind appears
in only 78 articles. Following Behind has higher text coverage (13.2%) compared to
Reductio ad Hitlerum (8.8%). The two techniques have similar span densities, typi-
cally appearing in about 1-2 spans per article. However, Following Behind generally
has longer spans (about 191 characters on average), whereas Reductio ad Hitlerum has
moderately long spans (about 143 characters on average).

3.1.2. Span Overlap Analysis

To better understand how propaganda techniques interact, we conducted a span-overlap
analysis. Since a single phrase can express multiple manipulation strategies, overlap anal-
ysis helps identify which techniques commonly co-occur and which appear more indepen-
dently. Figure 2 shows overall and pairwise overlap between techniques at the character
level. The results indicate that overlap is common: for most techniques, more than 50%
of spans overlap with at least one other technique, although the strength of overlap varies.
Emotional Expression shows moderate overall overlap (46.7%), but pairwise analysis re-
veals that many techniques most frequently co-occur with it, which is expected given that it
is the most common technique in the HALT-PROP corpus. The other frequent techniques,
Simplification and Doubt/Smears, show slightly higher overall overlap (53.7% and 52.9%,
respectively), but their pairwise overlaps are generally weaker than those involving Emo-
tional Expression.
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A. Overlap with any other technique B. Pairwise overlap matrix (%)
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Fig. 2. Overlap between propaganda techniques at the character-span level. (A) Percentage of annotated charac-
ters for each technique that overlap with at least one other technique. (B) Pairwise overlap matrix showing the
percentage of characters of the row technique that overlap with the column technique. Bubble size and colour
indicate the magnitude of overlap.

Two notable exceptions emerge. Repetition has extremely high overlap (85.8%), indi-
cating that its spans almost always co-occur with other techniques, most often with Emo-
tional Expression (63.6%). In contrast, Appeal to Authority is relatively independent, with
only 26.3% of its spans overlapping with other techniques.

Overall, Emotional Expression is the most common overlapping technique, followed
by Simplification and Doubt/Smears. An additional pattern appears for Following Behind,
which frequently overlaps with Waving the Flag, likely reflecting their shared appeals to
collective identity or patriotism. Taken together, the analysis shows that multi-technique
spans are common in the dataset and that overlap is a regular characteristic of the annota-
tions.

3.1.3. Sentence-Level Analysis

As the previous analysis showed that technique spans are generally annotated as longer
segments rather than short phrases marking only a few terms (with the exception of Repe-
tition), we also conducted a sentence-level analysis to examine annotation coverage at the
sentence level. To assess how much of each sentence is annotated, we measured the per-
centage of characters covered by technique spans within annotated sentences (see Fig. 3).
The results show that the average coverage exceeds 78% for all techniques except Rep-
etition, and for the most frequent techniques: Emotional Expression, Simplification, and
Doubt/Smears — it exceeds 90%. This indicates that annotations are typically applied at
the sentence level, capturing broader rhetorical context rather than isolated phrases or in-
dividual words. The main exception is Repetition, which often consists of short repeated
words or phrases and therefore covers a smaller portion of the sentence.

We also analysed the distribution of techniques at the sentence level by measuring the
proportion of sentences expressing each technique across the corpus and within sentences
containing annotated propaganda spans. In the latter case, only sentences containing at
least one propaganda technique were considered, excluding non-propagandistic sentences.
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A. Technique prevalence in sentences B. Average annotation coverage within sentences

Emotional Expression

Simplification

Doubt / Smears

Whataboutism / Red Herring / Straw Man

Appeal to Authority

Waving the Flag

Uncertainty

Reductio Ad Hitlerum 1%,

Following Behind

Repetition = Al sentences

= Span sentences

0 10 20 30 40 50 o 20 40 60 80 100
Percent of sentences (%) Average coverage within annotated sentences (%)

Fig. 3. Distribution and coverage of propaganda techniques at the sentence level. (A) Percentage of sentences
containing each technique, shown for all sentences and for sentences that include annotated spans. (B) Average
proportion of sentence text covered by the annotated technique within sentences where it appears.

The results again confirm the imbalance of the dataset. Restricting the analysis to span sen-
tences slightly improves the balance. This effect is most evident for Emotional Expression,
which appears in 30.5% of all sentences in the corpus but rises to 55.3% when only span
sentences are considered. For rarely annotated techniques such as Uncertainty, Reductio
ad Hitlerum, and Following Behind, the difference between the all and span sentences is
small, and each still accounts for less than 5% of sentences.

3.1.4. Key Findings from the Dataset Analysis
After a detailed analysis of the HALT-PROP corpus, several main insights can be drawn:

e The corpus is generally imbalanced, with Emotional Expression, Simplification, and
Doubt/Smears as the dominant techniques. These techniques are not only the most
frequent, but also have the highest text coverage. Among them, Emotional Expression
has the highest share in the corpus, and other techniques often overlap with it.

e Overlap between techniques is very common in the annotations, meaning that a single
annotated span often contains multiple propaganda techniques at the same time.

e In general, propaganda techniques are annotated as longer fragments rather than short
phrases or individual words. With the exception of Repetition, most techniques are an-
notated at the sentence level, with annotated spans covering more than 78% of the sen-
tence characters on average, indicating that they are typically expressed across most of
the sentence rather than through isolated lexical markers.

e Repetition shows a distinct annotation pattern compared to the other techniques: it has
the shortest spans, the lowest text coverage, and the highest span density, reflecting its
nature as a recurring word- or phrase-level phenomenon.

Based on the results of the data analysis, we decided to exclude the Repetition tech-
nique. This decision is motivated by the fact that Repetition exhibits a different usage pat-
tern compared to the other techniques. Unlike most techniques, repetition is not defined
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solely by individual annotated spans, but also by relations between multiple occurrences of
the same word, phrase, or message across a document. Consequently, detecting repetition
would require a different training strategy that models links between repeated elements
throughout the document rather than relying only on local contextual features.

4. Methodology
4.1. Task Formulation

The main goal of this research is to develop the first approach for propaganda technique
detection in Lithuanian. Propaganda technique detection is typically formulated follow-
ing the SemEval framework (Da San Martino et al., 2020), which splits the task into two
subtasks: (i) span identification and (ii) technique classification. In this pipeline, the al-
gorithm first identifies text fragments containing propaganda and then assigns a specific
propaganda technique label to each detected span using multi-class classification.

However, the HALT-PROP corpus differs substantially from the datasets used in
SemEval-style propaganda techniques detection frameworks. In particular, our analysis
shows that propaganda techniques in HALT-PROP frequently overlap and are typically
annotated as longer textual fragments, often covering large parts of sentences. In contrast,
in the PTC-SemEval20 corpus, overlapping annotations are relatively rare: only about
1.8% of spans are associated with multiple techniques (Da San Martino et al., 2020). Due
to this small proportion of overlapping cases, the SemEval task formulation simplified
the problem by treating technique classification as a single-label multi-class task. When a
span was annotated with multiple techniques, the dataset included duplicate instances of
the same span, each associated with one label, effectively avoiding a multi-label formula-
tion.

Another important difference concerns the length of annotated spans. In the PTC-
SemEval20 corpus, most techniques are typically expressed through short lexical cues and
therefore correspond to relatively short spans. In contrast, the HALT-PROP corpus con-
tains a much higher degree of overlap between techniques, with more than 50% of spans
overlapping with other techniques, and annotations often covering larger textual units such
as full clauses or sentences. Because of this high overlap and broader span coverage, apply-
ing the standard SemEval pipeline directly would be problematic. In particular, reducing
the problem to a single-label classification task would fail to capture the multi-technique
nature of many annotated fragments. Therefore, the detection approach must be adapted
to account for the multi-label and highly overlapping structure of propaganda annotations
in the HALT-PROP corpus.

Based on the insights discussed earlier, we adopt the standard two-subtask framework
consisting of span identification and technique classification, while incorporating adapta-
tions that account for the nuances of the HALT-PROP corpus. For the span identification
task, we follow the same standard formulation used in prior approaches. However, the
second subtask, technique classification, is modified to address the high degree of overlap
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between techniques and the longer annotated fragments present in our corpus. As a result,
our approach consists of the following two subtasks:

1. Span Identification. Given a text, the task is to identify spans that contain at least
one propaganda technique. This task is formulated as a token-level sequence tagging
problem.

2. Technique Classification. Given spans identified as containing propaganda techniques,
the task is to determine which specific technique is expressed in each span. Due to the
high overlap between techniques and the presence of long annotated fragments that
often cover entire sentences in our corpus, we fine-tune a separate model for each tech-
nique. Consequently, the task is formulated as a binary sentence classification problem,
where a sentence is assigned label 1 if it contains the target technique and O otherwise.

In addition to developing models for the selected subtasks, we also investigate sev-
eral task-specific research questions and modelling decisions. In particular, we examine
different sequence tagging approaches for span identification and explore alternative for-
mulations of the technique classification task, including whether sentence classification
should be performed on annotated spans or on all sentences, as well as whether a binary
or multi-class formulation is more appropriate. Furthermore, we define the evaluation
metrics used to assess the performance of the proposed approaches. The details of these
investigations and modelling choices are described in the subsections dedicated to each
task.

4.2. Span Identification Task

In the span identification task, the objective is to detect text fragments that contain any
propaganda technique, without distinguishing between specific technique types. A span
is defined as a continuous segment of text corresponding to the annotated region of a
propaganda technique in the corpus. Figure 4 illustrates an example of spans in an article.

4.2.1. Tagging Schemes

Span identification task is formulated as a sequence tagging problem at the token level,
where each token in the document is assigned a label indicating whether it belongs to a
propaganda span. Specifically, the model predicts a label for every token in the sequence,

“Jungtine Karalyste, Vokietija, Italija, Kanada, JAV, Prancizija, Japonija pripaZino Rusijos ginkluotyjy pajégy specialiosios karinés operacijos sekme', - pabrézé jis.
Span1 = =Pasake \falstyibés Blmos pirminn
Yalodinaspudwe.
Donecko ir Lugansko liaudies respubliky pilieciy apsisprendimo teisei.

areiskima apie ketinima "neleisti Rusijai laiméti Ukrainoje” galima vertinti tik tai
tokiu btdu G7 valstybeés priesinasi Ukrainos demilitarizacijai, denacifikacijai, neblokuotos ir nebranduolinés Ukrainos statusui, taip pat

span2 =

“Dabar aisku, kodél nebuvo reaguota | mGsy Prezidento pasidlytas iniciatyvas saugumo klausimais. Rusija suzlugdé jy planus plésti NATO toliau j rytus”, - uzbaigé
Jis

Span 3 "Visi supranta, kad Ukraina turi bati iSvaduota nuo nacizmo ir banderovey. Visi supranta, kad Rusijos Federacijos prezidento sprendimas pradéti Ukrainos
demilitarizavimo ir denacifikavimo operacijq yra istorinis. Ta¢iau ne visi supranta, kad jei mes sustosime, o naciai vis dar bus valdZioje, padétis bus dar blogesné.

Span4 = Noiwpdraind, kad Siandiendea baigiame Didy Iewms.kaﬁ‘ Tada mums nepavyko sustabdyti banderininky, per 10 pokario mety buvo bandoma juos likviduoti,

Zuvo 57 takst. soviety kariy ir karininky, valstybés saugumo pareiglny, partijos ir komjaunimo sovietiniy organy aktyvisty®, - plenariniame posédyje saké KDPF
frakcijos vadovas Genadijus Ziuganovas.

Fig. 4. Example of propaganda spans in an article. The English translation of the example is provided in Ap-
pendix A.



Transformer-Based Detection of Propaganda Techniques in a Low-Resource Language 11

Table 1
Example of token-level binary and BILOU tagging for the propaganda span “Lietuvq masiskai palieka jauni
Zmonés”.
Representation Content
Original fragment Lietuva masiskai palieka jauni Zmonés, dalis jy uZsienyje jau jsitvirtino, ten sukiiré

Seimas ir pasiliko gyventi.
Translation: Young people are leaving Lithuania en masse, some of them have
already settled abroad, started families there, and stayed to live.

Tokenized fragment  Lietuva, mas, iSkai, palieka, jauni, Zmonés, ,, dalis, jy, uz, sienyje, jau, jsitvirtin, o,
ten, sukdiré, Seima, s, ir, pasilik, o, gyventi, .

Binary tagging 1111110000000000000000

BILOU tagging BIIIILOOOOOOOOOO0O0O0O00O0

allowing contiguous tokens with propaganda labels to form the boundaries of propaganda
fragments. We investigate two tagging schemes for the span identification task: binary
tagging and BILOU tagging (Ratinov and Roth, 2009).

In the binary tagging approach, each token is assigned one of two labels indicating
whether it belongs to a propaganda span or not. Specifically, tokens that are part of a
propaganda fragment receive the label 1, while all other tokens receive the label 0. This
formulation focuses only on identifying whether a token is inside a propaganda span,
without explicitly modelling span boundaries.

In contrast, the BILOU tagging scheme explicitly represents span boundaries using
five labels: B (Beginning), I (Inside), L (Last), O (Outside), and U (Unit). Tokens labelled
B mark the beginning of a multi-token span, / indicate tokens inside the span, and L mark
the final token of the span. The label U is used for spans consisting of a single token,
while O denotes tokens outside any propaganda span. Table | illustrates an example of
span tagging using both tagging schemes. In this example, the BILOU tagging does not
include the U label, since it is only used when a span consists of a single token, which
occurs very rarely in our corpus.

4.2.2. Evaluation Metrics for Span Identification

For the evaluation of the span identification task, we use an overlap-based span F| score
(Da San Martino et al., 2020), which assigns partial credit to predictions that partially
overlap with the gold annotations.

Let d denote a document, T; = {t1, ..., t,} the set of gold technique spans in doc-
ument d, and S; = {s1, ..., s} the set of predicted spans. Each span is represented as
a contiguous sequence of character indices. Predicted spans may overlap and are merged
prior to evaluation. Precision (P) and recall (R) are computed by measuring the character-
level overlap between predicted and gold spans:

R 33 3L ®

deD seS;tely

I @

deD seSyteTy
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Gold Span A ion (length= 23 s) E"> Visi supranta, kad Ukraina turi bati iSvaduota nuo nacizmo ir banderovcy.

Predicted Span By Model (length = 33 characters) El|> Visi supranta, ked Ukraing turi bati iSvaduota nuc nacizmd ir banderovey.

Overlap Gold and Predicted (length=7 C> nacizmo

Precision and Recall C> Precision = Overlap/Predicted = 7/33 = 0.21, Recall = Overalap/Gold = 7/23 = 0.30

Fig. 5. Example illustrating the calculation of precision and recall for span identification based on character-level
overlap between predicted and gold spans. The full sentence translates as: “Everyone understands that Ukraine
must be liberated from Nazism and Banderites”. The bold part corresponds to the gold span.

where D denotes the set of all documents in the dataset, |S| and |T'| are the total numbers
of predicted and gold spans, respectively. For a span s, |s| denotes its length in characters,
and |s N t| denotes the number of overlapping characters between spans s and ¢.

Precision measures the proportion of predicted characters that are correctly assigned to
a technique and therefore penalizes over-tagging. Recall measures the proportion of gold
characters that are successfully recovered by the model and therefore penalizes under-
tagging. Figure 5 illustrates an example showing how precision and recall are calculated,
providing a clearer understanding of what the metric measures. The final evaluation score
is computed as the harmonic mean of precision and recall:

o _ 2PR 3)
'=P¥Rr

4.3. Technique Classification Task

This task is formulated as a binary sentence classification problem. We investigate two
settings: (i) a setting without span information, in which all sentences in an article are
considered, and (ii) a setting with span information, in which only sentences contain-
ing annotated propaganda spans, i.e. text fragments labelled with at least one propaganda
technique, are considered.

The data for this task is prepared as follows. First, documents are split into sentences.
Then, binary labels are assigned for each propaganda technique separately. In the span-
sentence setting, sentences that do not overlap with any annotated span are excluded; in
other words, sentences that receive zero labels for all techniques are removed. An example
of the data preparation process for this task is illustrated in Fig. 6.

In this task, we investigate several research questions to assess whether formulating
technique detection as a sentence-level classification task is appropriate for our corpus.
First, we evaluate the effect of span-based filtering by comparing models trained on all
sentences with models trained only on sentences containing propaganda spans. Second,
we examine whether a binary classification formulation is more suitable than a multi-
class approach. To this end, we also fine-tune models in a multi-class setting, where each
sentence may receive multiple technique labels.

Overall, for the technique classification task we fine-tune the same transformer-based
model under several experimental configurations:
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Al d text for propag

Kol ukrainieciai didvyriskai gina savo Teévyne ir mus, kol visa lietuviy tauta grumiasi informaciniame kare, leftistiniai iSdavikai

smogia Lietuvai j nugarg tautos branduolj — $eima — griaunanciu Partnerystes jstatymu . Lyg to baty maza, jie prigimtinés

Seimos gynejus tapatina su Kremliaus rezimu ir asmeniskai — su Vladimiru Putinu.

Girdi, jis pasisako prie$ genderizma, tad ir visi, kas prieStarauja genderizmui, sédi uz vieno stalo su Maskvos agresoriumi.

Tikrove — visiskai priesinga. Ukrainoje néra partnerystés jstatymo. Kaip jo néra ir masy strateginiy partneriy $alyse — Lenkijoje,

Latvijoje, Gruzijoje. Ukrainieciai grumiasi ne uz genderizma ar globalizma, bet uz savo tauting valstybe, uz savo Seimas, uz savo

13

laisve.
labels i ing all
Sentence Simplification =™ Ela Waving
Expression

Kol ukrainiegiai didvyrikai gina savo Téwyne ir mus, kol visa lietuviy tauta grumiasi informaciniame kare, leftistiniai iSdavikai smogia Lietuvai j 1 1 1
nugara tautos branduolj -Seima &iu P; Y jstatymu.

Lyg to bty maza, jie prigimtinés Seimos gynéjus tapatina su Kremliaus rezimu ir asmeniskai - su Vladimiru Putinu. 0 0 : §
Girdi, jis pasisako pries izma, tad irvisi, kas pries sedi uz vieno stalo su Maskvos agresoriumi. 1 0 0
Tikrove ~visiskai priesinga. 1 0 0
Ukrainoje néra partnerysteés jstatymo. 0 0 0
Kaip jo néra ir misy strateginiy partneriy Salyse - Lenkijoje, Latvijoje, Gruzijoje. 0 0 0
Ukrainieiai grumiasi ne uz i arglobali bet uz savo tauting valstybg, uz savo Seimas, uz savo laisve. 1 0 0

labels i ing span
S Emational 1 Waving
Expression

Kol ukrainiegiai didvyriskai gina savo Téwyne ir mus, kol visa lietuviy tauta grumiasi informaciniame kare, leftistiniai iSdavikai smogia Lietuvai j 1 1 1
nugarg tautos branduolj - Seima - griaunanéiu Partnerystés jstatymu.

Lyg to bty maza, jie prigimtinés Seimos gynéjus tapatina su Kremliaus rezimu ir asmeniskai - su Vladimiru Putinu. 0 0 1
Girdi, jis pasisako pries gend 3, tad irvisi, kas pries d sédi uzvieno stalo su Maskvos agresoriumi. 1 0 0
Tikrové -visikai priesinga. 1 0 0
L ieiai grumiasi ne uz izma ar izma, bet uz savo tauting valstybe, uz savo Seimas, uz savo laisve. 1 0 0

Fig. 6. Illustration of converting span-level annotations into sentence-level binary labels. Highlighted spans
correspond to annotated techniques. The tables show the resulting sentence-level labels when using all sentences
and when using only sentences containing annotated spans. The English translation of the example is provided

in Appendix B.

e Fine-tuning the transformer model separately for each technique using all sentences,

formulated as a binary classification task.

e Fine-tuning the transformer model separately for each technique using only sentences
that contain propaganda spans (i.e. sentences containing at least one propaganda tech-
nique). When a span starts or ends in the middle of a sentence, the entire sentence is

still used for classification.

e Fine-tuning the transformer model jointly for all techniques as a multi-label classifica-

tion task using all sentences.

o Fine-tuning the transformer model jointly for all techniques as a multi-label classifica-

tion task using only sentences containing propaganda spans.

4.3.1. Evaluation Metrics for Techniques Classification on Sentence Level

To compare the binary and multi-label approaches, predictions are evaluated separately for
each propaganda technique as a binary classification task. We use macro-F1 as the main
evaluation metric. For each technique, macro-F1 is computed as the unweighted average

of the F1 scores for the positive and negative classes:

1
Flmacro = E(F1+ +Fl1.),

“)
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where F1 denotes the F1 score for the positive class, corresponding to sentences con-
taining the target technique, and F1_ denotes the F1 score for the negative class, corre-
sponding to sentences not containing the target technique. This metric is more suitable
than accuracy in the presence of class imbalance, since it assigns equal importance to
both classes.

Accuracy is also reported as a supplementary metric to provide a general indication of
the proportion of correctly classified instances.

4.3.2. Multi-Class Case Evaluation

Since we also fine-tune a propaganda technique detection model in a multi-class setting,
we use multi-class evaluation metrics during training, specifically for monitoring model
performance and selecting the best model. In particular, the performance of the multi-class
model is monitored using the macro-F1 score computed over the positive classes, which
is defined as:

K
1
Flmacro = E ](X_]: Flka (5)

where F'1; is the Fl-score computed for technique &, and K is the total number of tech-
niques.

4.4. Transformer Model

In this study, we employ the LT-MLKM-modernBERT model (State Digital Solutions
Agency, 2025). LT-MLKM-modernBERT is a monolingual, encoder-only transformer
based on the ModernBERT-base architecture and specifically pretrained for the Lithua-
nian language. Pretraining was conducted on approximately 1.87 billion words (around
49 billion tokens) collected from diverse Lithuanian sources, including news, legal, aca-
demic, and public sector texts. The model comprises 22 Transformer encoder layers with
12 attention heads and a hidden representation size of 768 dimensions, resulting in ap-
proximately 149 million parameters. It employs a custom Lithuanian tokenizer with a vo-
cabulary of 64 000 tokens and supports a maximum input sequence length of 8 192 tokens.
We selected this model because it is currently the largest publicly available Lithuanian lan-
guage model and supports the longest input sequence length among Lithuanian pretrained
transformer models, making it particularly suitable for processing longer textual contexts.

To assess whether LT-MLKM-modernBERT indeed provides superior performance,
we additionally evaluate two alternative transformer models specifically on the span iden-
tification task. These models are included solely for comparative purposes and are not
used in other tasks within this study. In particular, we consider two multilingual models
that support the Lithuanian language: XLM-RoBERTa (Conneau et al., 2020) and LitLat-
BERT (Ul¢ar and Robnik-Sikonja, 2020). This comparison allows us to determine whether
the selected monolingual model offers a tangible advantage over widely used multilingual
alternatives for span identification.
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(A) Transformer Encoder Architecture

(B) Sentence-Level Classification
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Fig. 7. Overview of a Transformer encoder architecture and its application. (A) Encoder producing contextual
token representations. (B) Sentence classification using the [CLS] representation. (C) Token-level sequence
tagging.

Figure 7 illustrates the general Transformer encoder architecture and its adaptations for
the tasks analysed in this study: sequence tagging and sentence classification. In both tasks,
the input data undergoes the same processing stages, including tokenization, embedding,
encoding, and generation of contextual embeddings. The primary difference lies in the
final stage, where task-specific classification layers are applied. In the following section,
we describe the architecture in detail.

Transformer Encoder Architecture. A Transformer encoder maps an input token se-
quence x (x0, X1, ..., Xn, Xp4+1) into contextualized hidden representations H =
(ho, b1, ..., hy, hpy1), where xg = [CLS] and x,,41 [SEP] denote special tokens.
First, the input text is tokenized and converted into token identifiers. Each token identifier
is mapped to a trainable token embedding vector, which is combined with a positional
embedding to encode word order information. The resulting sequence of embeddings is
then passed through a stack of Transformer encoder layers.

Each encoder layer applies multi-head self-attention followed by a position-wise
feed-forward network, together with residual connections and layer normalization. Self-
attention allows each token representation to attend to all other tokens in the sequence,
enabling the model to capture long-range dependencies and contextual interactions. As a
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result, the final hidden state /; corresponding to token x; represents a contextual embed-
ding that incorporates information from the entire input sequence.

Sentence-Level Classification. In the sentence classification setting, the model predicts a
single label for the entire input sequence based on the contextual representation of the
special classification token [CLS], i.e. the hidden state ijcLs). This vector serves as a
fixed-dimensional representation of the whole sequence.

A classification layer maps this representation to a two-dimensional output space cor-
responding to binary classes. The resulting vector z € R? contains unnormalized scores
for each class and is computed as:

= Wsemh[CLS] + Dgent, (6)

where Went € R2X4, beene € R2, and d is the hidden dimension of the encoder.

The predicted label distribution is obtained by applying the softmax function to these
scores. During training, the model is optimized using cross-entropy loss with respect to
the gold binary label.

Sequence Tagging. In the sequence tagging setting, the model predicts a label for each
input token in the sequence, excluding special tokens such as [CLS] and [SEP]. Instead
of using only the sequence-level representation /{cy s, the model uses the contextual rep-
resentations of individual tokens, i.e. i1, ho, ..., h;,. A token-level classification layer is
applied independently to each token representation:

zi = Wiokhi + brok, @)

where z; denotes the vector of unnormalized scores for token i.

In this work, token-level labels are modelled using two different tagging formulations:
a binary tagging scheme and the BILOU tagging scheme. In the binary tagging formula-
tion, each token is assigned one of two labels indicating whether the token belongs to the
target span or not. Formally, the label set is {0, 1}, where label 1 denotes that the token is
part of a target span and label O indicates that the token does not belong to any labelled
span. This formulation simplifies the sequence labelling problem by focusing only on the
presence or absence of the target phenomenon at the token level.

In addition to the binary formulation, we also employ the BILOU tagging scheme. The
BILOU label set includes the tag O and structured span labels of the form B-¢, I-t, L-t,
and U-t, where t denotes a target category. The tag B marks the beginning of a multi-
token span, / marks a token inside the span, L marks the last token of the span, and U
denotes a single-token span. The tag O indicates that the token does not belong to any
labelled span.

Compared to binary tagging, the BILOU scheme explicitly models span boundaries,
allowing the model to distinguish between the beginning, inside, and end of multi-token
spans, as well as single-token spans. This provides richer structural information about
entity boundaries.
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5. Experimental Setup

First, we separate a test set that is used exclusively for the final evaluation in all tasks.
This set remains untouched during all fine-tuning procedures and is used only for testing.
Specifically, 105 articles are selected using stratified sampling by propaganda technique.
The remaining data are used for model training and validation. For each task, the data are
further split into training and validation sets, with 15% reserved for validation to monitor
model performance. The split is performed at the article level to ensure that text chunks
from the same article do not appear in both the training and validation sets, thereby pre-
venting data leakage.

For all tasks, we use the same main fine-tuning hyperparameters. We did not perform
an exhaustive hyperparameter optimization procedure, such as grid search or Bayesian op-
timization. Instead, the main fine-tuning hyperparameters were fixed across experiments
using commonly adopted settings for transformer-based models. Specifically, all models
were trained for 10 epochs using a batch size of 16 and the AdamW optimizer with a
learning rate of 3 x 107> and a weight decay of 0.01. Full fine-tuning was applied in all
experiments: all transformer encoder parameters and the task-specific classification layers
were updated during training, and no layers were frozen. The reported results are based
on a single fine-tuning run for each experimental configuration. These hyperparameters
and fine-tuning settings were kept constant across experiments to ensure comparability
between different modelling settings.

5.1. Task 1: Span Identification

In this task, we fine-tune the transformer model using different input sequence lengths
(512, 1024, and 2048 tokens) and two tagging schemes: Binary and BILOU. In total,
the model is fine-tuned six times, covering all combinations of these parameters: (512,
Binary), (1024, Binary), (2048, Binary), (512, BILOU), (1024, BILOU), and (2048,
BILOU).

Since some articles exceed the maximum input length, they are split into shorter textual
fragments so that each fragment does not exceed this limit at the sentence level. This
ensures that each fragment ends at a sentence boundary rather than in the middle of a
sentence. The best-performing model is selected based on the overall span-level F1 score
(see Section 4.2.2). The models are trained using the standard cross-entropy loss without
class weighting. The goal of this step is to obtain the span identification model with the
highest performance, which is selected based on the performance on test set.

Additionally, for comparative purposes, we fine-tune the XLM-RoBERTa and LitLat-
BERT models on the same span identification task using the same parameters. These
experiments are conducted solely to compare their performance with the LT-MLKM-
modernBERT model and to assess whether the selected model provides superior results.

5.2. Task 2: Technique Classification

In this task, we fine-tune a Transformer model for sentence-level classification. The model
is trained separately for each technique using two different training settings: (i) using all
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sentences extracted from the articles, without incorporating span-level information, and
(ii) using only sentences corresponding to gold-annotated spans, thereby explicitly lever-
aging span-level information. Overall, the model is fine-tuned for nine techniques under
both settings, resulting in a total of 18 training runs.

Before fine-tuning, the data is preprocessed by splitting all articles into individual sen-
tences. Based on the annotations, each sentence is assigned nine binary labels correspond-
ing to the nine techniques. Each label indicates whether the respective technique appears
anywhere within the sentence, where label 1 denotes the presence of the technique and
label O indicates its absence. For the experiments using only span sentences, we remove
sentences that contain only negative labels (i.e. sentences where all nine technique labels
are 0).

The best performing model is selected based on the macro-averaged F1 score (see
Section 4.3.1). Since most techniques are highly imbalanced, we apply a weighted cross-
entropy loss during training. The only exception is the Emotional Expression technique,
for which the class distribution is relatively balanced; therefore, the standard (unweighted)
cross-entropy loss is used.

5.3. Overall Performance Evaluation

For the final evaluation, we assess the technique classification models in three different
ways. First, we report the macro-F1 score of the sentence classification model trained us-
ing all sentences, without incorporating any span information. Second, we report sentence
classification results when using gold span information. Third, we evaluate sentence clas-
sification performance using spans predicted by the best-performing span identification
model obtained in Task 1 (Span Identification). This evaluation setup allows us to anal-
yse the overall effectiveness of span-based information for technique classification and to
estimate how much bias or performance variation is introduced when span identification
predictions are used instead of gold annotations.

5.3.1. Comparison with ChatGPT
For the final evaluation, we also compare our technique classification results with the GPT-
5.3 model, one of the latest GPT models. The GPT model is accessed through the agent
interface and configured as a sentence-level labelling agent for each propaganda technique.
We investigate two variants: zero-shot, where the prompt contains only the definition of
the technique, and few-shot, where the prompt additionally includes ten examples: five
sentences labelled with 1 (technique present) and five labelled with O (technique absent).
We aim to replicate the logic used in our approach, where each model is fine-tuned
separately as a binary sentence-level classifier for each technique. Following the same
setup with GPT-5.3, we provide a separate prompt for each technique and instruct the
model to focus only on the specified technique during annotation. The prompts used in
this approach are shown in Fig. 8.
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You are an expert annotator of propa-
ganda techniques.

Analyze each sentence and assign bi-
nary labels (0 or 1) for the technique
listed below.

Label = 1 if the technique is present.
Label = 0 if the technique is not
present.

Only analyze the sentence itself. Do
NOT infer meaning from the rest of the
article. Do NOT invent labels. Do NOT
output explanations.

Return JSON only.

TECHNIQUE Doubt: Undermines
credibility by casting suspicion or at-
tacking character without presenting
concrete evidence.

OUTPUT FORMAT

"articleid": <articleid>, "sentid": <sen-
tid>, "sentence': "<sentence>", 'la-
bel": "Doubt": 0

Rules: - Labels must be 0 or 1 - Do
not rename labels - Output valid JSON
only

You are an expert annotator of propa-
ganda technique.

Analyze each sentence and assign bi-
nary labels (0 or 1) for the technique
listed below.

Label = 1 if the technique is present.
Label = 0 if the technique is not
present.

Only analyze the sentence itself. Do
NOT infer meaning from the rest of the
article. Do NOT invent labels. Do NOT
output explanations.

Return JSON only.

TECHNIQUE Doubt: Undermines
credibility by casting suspicion or at-
tacking character without presenting
concrete evidence.

FEW-SHOT EXAMPLES

sentence: "Tai tik dar vienas ju bandy-
mas mus apgauti”; label: 1

OUTPUT FORMAT

"articleid": <articleid>, "sentid": <sen-
tid>, "sentence': "<sentence>", "la-
bel": "Doubt": 0

Rules: - Labels must be 0 or 1 - Do
not rename labels - Output valid JSON
only
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Fig. 8. Zero-shot and few-shot prompts used for propaganda technique annotation.

6. Results
6.1. Span Identification

Table 2 reports the results of span identification models fine-tuned with different input
sequence lengths and tagging schemes. Overall, the results on the test set clearly show
that the BILOU tagging scheme consistently outperforms the Binary scheme across all
input lengths. This outcome is expected, since BILOU explicitly models span boundaries
by distinguishing the beginning, inside, last, and unit tokens of spans, whereas the Binary
scheme only indicates whether a token belongs to a span or not. The results also indicate
that increasing the maximum input sequence length does not improve performance. For
both tagging schemes, the best results are achieved with the smallest input size of 512
tokens.

From the perspective of precision and recall, a consistent pattern can be observed.
Binary tagging achieves higher recall than precision across all experimental settings on the
test set, indicating that it favours broader coverage of gold spans rather than strict boundary
accuracy. In some cases, Binary tagging even achieves higher recall than BILOU. For
example, with an input length of 512 tokens, Binary tagging reaches a recall of 77.08%,
compared to 71.49% for BILOU. A similar pattern appears for the input length of 1024
tokens, where Binary achieves 75.86% recall compared to 67.23% for BILOU.
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Table 2
Span identification performance of LT-MLKM-modernBERT under different input sizes and tagging schemes.
Max input Tagging  Train Validation Test
size scheme  precision Recall FI Precision Recall F1 Precision Recall F1
512 Binary  61.34% 80.44% 69.60% 55.77%  74.92% 63.94% 55.52% 77.08% 64.55%
512 BILOU 96.09% 89.05% 92.44% 66.84% 71.91% 69.28% 72.41% 71.49% 71.95%
1024 Binary  68.46% 88.28% 77.12% 54.53% 75.93% 63.47% 55.75% 75.86% 64.27%
1024 BILOU  95.72% 78.90% 86.50% 70.86% 66.58% 68.65% 73.31% 67.23% 70.14%
2048 Binary  67.15% 90.81% 77.21% 55.89% 76.14% 64.46% 54.85% 60.85% 57.70%
2048 BILOU  9491% 79.25% 86.38% 71.19%  70.05% 70.62% 75.09% 64.55% 69.42%
Table 3

Comparison of different models for span identification using a maximum input size of 512 tokens and the
BILOU tagging scheme.

Train Validation Test
Model

Precision Recall Fl1 Precision Recall Fl1 Precision Recall Fl1
LT-MLKM-modernBERT 96.09% 89.05% 92.44% 66.84% 71.91% 69.28% 72.41% 71.49% 71.95%
XLM-RoBERTa 59.26% 92.28% 72.17% 55.27% 79.10% 65.07% 60.44% 81.71% 69.49%
LitLatBERT 61.51% 75.02% 67.59% 59.35% 60.74% 60.03% 62.35% 67.15% 64.66%

However, BILOU tagging consistently achieves substantially higher precision across
all configurations, often outperforming Binary tagging by nearly 20 percentage points.
Overall, BILOU tagging demonstrates a more balanced trade-off between precision and
recall, whereas Binary tagging shows a clear imbalance between these two metrics. This
suggests that BILOU tagging produces more stable span predictions by simultaneously
capturing a larger proportion of gold span characters while also maintaining more accurate
span boundaries. In contrast, Binary tagging primarily focuses on identifying tokens that
belong to gold spans but does not explicitly model span boundaries. As a result, it often
predicts spans that are overly broad or include additional characters that should not belong
to the span. Considering the overall performance measured by the F1 score on the test set,
the BILOU tagging scheme consistently yields better results. The best performance is
achieved with BILOU tagging and a maximum input length of 512 tokens, reaching an F1
score of 71.95%. Therefore, this configuration is selected as the final span identification
model.

Additionally, for comparative purposes, we fine-tuned the multilingual transformer
models XLM-RoBERTa and LitLatBERT using the BILOU tagging scheme and a max-
imum input size of 512 tokens, which is the largest supported sequence length for these
models. The results, presented in Table 3, confirm that LT-MLKM-modernBERT outper-
forms these transformers and achieves the highest performance in span identification.
Based on these results, the other transformer models are not used in subsequent exper-
iments, as LT-MLKM-modernBERT demonstrates superior performance.
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Table 4
Sentence-level classification results for all techniques under two training settings: using all sentences and using
only span sentences.

Training Validation Testing
Acc. F1 Acc. F1 Acc. Fl1

All sentences 76.83% 71.38% 69.09% 65.18% 70.84% 66.08%
Span sentences  73.13% 72.75% 63.13% 62.61% 61.24% 60.62%

All sentences 98.28% 97.27% 78.51% 61.11% 78.23% 60.25%

Technique Setting

Emotional Expression

Simplification Span sentences  60.69% 57.61% 66.53% 62.94% 70.22% 61.70%
Doubt All sentences  82.14% 70.71% 76.39% 61.99% 76.18% 59.90%
Span sentences 64.51% 58.32% 76.92% 68.45% 74.22% 64.97%
Whataboutism/Red All sentences 85.86% 50.73% 89.37% 53.83% 87.75% 49.36%
Herring/Strawman Span sentences  75.38% 51.35% 89.99% 53.87% 90.21% 51.74%
Aopeal to Authorit All sentences  75.35% 50.97% 79.65% 52.49% 77.08% 48.85%
pp ¥ Span sentences  99.34% 97.62% 91.58% 69.37% 91.54% 67.06%
Wavine the Fla All sentences  97.91% 80.34% 96.29% 67.62% 96.31%  68.85%
J J Span sentences  99.91% 99.40% 95.38% 70.61% 94.67%  69.85%
, All sentences  96.60% 66.97% 97.05% 53.90% 97.33%  50.46%
Uncertainty

Span sentences 94.51% 68.36% 89.29% 52.57% 91.02% 57.47%

All sentences 99.20% 85.23% 98.12% 61.93% 98.76% 67.43%
Span sentences 99.83% 97.76% 97.85% 72.98% 98.32% 74.13%

All sentences 97.44% 52.20% 99.16% 51.92% 98.67% 51.89%
Span sentences 95.73% 52.89% 96.89% 58.86% 96.93% 71.32%

Reductio Ad Hitlerum

Following Behind

6.2. Techniques Classification

Table 4 reports the results for the sentence-level propaganda technique classification task.
It should be noted that in the span-sentence setting, the sentences are selected based on
gold spans obtained directly from the annotations.

Overall, the results show that for most techniques using only propaganda span sen-
tences improves classification performance. The only exception is the emotional expres-
sion technique, for which better results are achieved when training on all sentences.

One possible explanation relates to the distribution of this technique in the dataset.
Emotional expression accounts for a large proportion of span sentences, covering approx-
imately 56% of all annotated spans (Fig. 3). However, this becomes more complex when
considering the overlap between techniques (Fig. 2), as emotional expression frequently
co-occurs with other propaganda techniques and often appears in sentences containing
multiple rhetorical patterns.

When training only on span sentences, non-propagandistic sentences are removed, re-
ducing the number of negative examples that help distinguish emotional expression from
other techniques. As a result, the model may learn less distinctive features for emotional
expression and struggle to differentiate them from similar rhetorical patterns, such as sim-
plification.

For all other techniques, a clear improvement can be observed when using span sen-
tences instead of all sentences. This suggests that span identification helps the classifica-
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tion model focus on propagandistic content and improves technique detection, particularly
for less frequent techniques. A likely explanation is that removing non-propagandistic sen-
tences effectively increases the proportion of sentences containing the target technique,
which leads to a more balanced training distribution.

Interestingly, the highest performance is achieved for the techniques Reductio Ad
Hitlerum (F1 =74.13%) and Following Behind (F1 =71.32%). This may be explained by
the fact that these techniques often contain very distinctive linguistic cues. For example,
the Following Behind (Bandwagon) technique is typically expressed through phrases that
signal broad consensus, such as “everyone”, “the majority”, or “the whole nation”. Sim-
ilarly, Reductio Ad Hitlerum frequently appears in contexts referring to Nazism, fascism
and etc. Such clearly identifiable patterns allow the model to learn more discriminative
features.

A similar observation can be made for other relatively rare techniques such as Waving
the Flag (69.85%) and Appeal to Authority (67.06%). These techniques also tend to appear
in recognizable rhetorical contexts. For example, Waving the Flag often relies on patriotic
language, while Appeal to Authority references influential figures or institutions, which
makes these patterns easier for the model to detect.

For the most dominant techniques in the dataset, such as Emotional Expression, Sim-
plification, and Doubt, the performance remains above 60% F1. However, the frequent
overlap between these techniques may make it more difficult for the model to distinguish
their boundaries. These techniques often appear together in the same sentences or in sim-
ilar rhetorical contexts, which can complicate the learning of clearly separable features.

The lowest performance is observed for the Uncertainty and Whataboutism/Red Her-
ring/Strawman techniques. This may be explained by the fact that these techniques are
generally more difficult to identify, even for human annotators. In the HALT-PROP corpus
(Rizgeliené et al., 2025), these techniques were reported to have the lowest inter-annotator
agreement scores.

6.3. Final Evaluation

Table 5 presents the overall results for propaganda technique detection. The table reports
the performance of the LT-MLKM-modernBERT model fine-tuned under different ex-
perimental settings: using all sentences and using only sentences containing propaganda
spans. Gold spans refer to results obtained using the span annotations from the corpus,
while predicted spans refer to spans generated by the best-performing span identification
model (see Table 2). In addition to the per-technique results, we report the average values
of the evaluation metrics across all techniques.

For comparison, we also include results for a multi-class multi-label setup, where in-
stead of fine-tuning LT-MLKM-modernBERT separately for each propaganda technique,
the model was fine-tuned jointly for all techniques. In this setting, we again experimented
with both all sentences and span-only sentences, and evaluated performance using both
gold spans and predicted spans. We also report the results of the GPT-5.3 model obtained
through prompting in both zero-shot and few-shot settings (Section 5.3.1).
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Comparison of LT-MLKM-modernBERT and GPT-5.3 performance across propaganda techniques under
different sentence settings. Binary and multi-class classification results are reported.

Technique

Model Setting

Binary

Multi-class

Acc. Fl1

Acc. Fl1

Emotional
Expression

Simplification

Doubt

Whataboutism/
Red Herring/
Strawman

Appeal to
Authority

Waving the
Flag

Uncertainty

Reductio Ad
Hitlerum

Following
Behind

Average across
techniques

All sentences
LT-MLKM-modernBERT Span sentences (gold)
Span sentences (predicted)
GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

70.84% 66.08%
61.24% 60.62%
58.81% 57.82%
62.22% 52.64%
60.08% 52.23%

78.23% 60.25%
70.22% 61.70%

Span sentences (predicted) 69.67% 61.21%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

51.98% 43.46%
84.89% 46.12%
76.18% 59.90%
74.22% 64.97%

Span sentences (predicted) 73.57% 60.59%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

74.53% 52.75%
86.56% 52.45%
87.75% 49.36%
90.21% 51.74%

Span sentences (predicted) 93.60% 51.64%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

71.18% 45.16%
89.60% 51.10%
77.08% 48.85%
91.54% 67.06%

Span sentences (predicted) 92.19% 54.97%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

79.40% 50.36%
94.45% 52.67%
96.31% 68.85%
94.67% 69.85%

Span sentences (predicted) 96.61% 71.35%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -
All sentences
LT-MLKM-modernBERT Span sentences (gold)
Span sentences (predicted)
GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences

Span sentences (gold)
Span sentences (predicted)
GPT-5.3 Zero Shot -

GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

LT-MLKM-modernBERT

97.05% 52.22%
97.52% 53.92%

97.33% 50.46%
91.02% 57.47%
90.21% 51.64%
95.81% 51.73%
95.07% 52.78%
98.76% 67.43%
98.32% 74.13%
98.64% 74.66%
98.86% 77.42%
98.44% 66.71%
98.67% 51.89%
96.93% 71.32%

Span sentences (predicted) 97.14% 65.34%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

All sentences
LT-MLKM-modernBERT Span sentences (gold)

98.07% 59.77%
94.78% 49.50%

86.79% 58.12%

85.37% 64.32%

Span sentences (predicted) 85.60% 61.02%

GPT-5.3 Zero Shot -
GPT-5.3 Few Shot -

81.01% 53.95%
89.04% 53.05%

51.05% 47.49%
48.78% 48.67%
50.79% 48.69%

55.15% 47.30%
52.43% 50.21%
54.27% 47.31%

50.28% 40.61%
52.89% 47.02%
48.77% 40.21%

54.31% 38.18%
51.11% 38.79%
51.63% 37.11%

46.71% 35.01%
56.73% 43.41%
52.59% 38.38%

47.18% 33.71%
57.53% 42.66%
60.15% 41.59%

53.81% 37.39%
54.87% 39.26%
55.07% 37.81%

49.47% 34.26%
52.37% 36.45%
56.93% 37.65%

66.35% 41.17%
50.00% 35.92%
49.80% 34.76%

52.70% 39.46%
52.97% 42.49%
53.33% 40.39%
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Overall, the results indicate that the selected binary per-technique training approach,
in which a separate classifier is fine-tuned for each propaganda technique, achieves sub-
stantially better detection performance than the multi-class multi-label model across all
techniques. This outcome can be explained by the high degree of overlap between propa-
ganda techniques in the corpus. In a joint multi-label setting, the model must learn several
overlapping technique patterns simultaneously, which may make it more difficult to cap-
ture features that are specific to individual techniques. In contrast, training separate binary
classifiers allows each model to focus on detecting one technique at a time.

When comparing the fine-tuned models trained using span sentences and those trained
using all sentences, span-based training performs better for all techniques except emo-
tional expression. This observation is consistent with earlier findings discussed in Sec-
tion 6.2. Furthermore, when predicted spans were used instead of gold spans, the results
remained comparable and still outperformed the all-sentences setting. These findings sug-
gest that span identification indeed improves propaganda technique detection.

However, high performance degradation is observed for some techniques when pre-
dicted spans are used instead of gold spans. For example, the macro-F1 score for appeal
to authority decreases from 67.06% to 54.97%, for uncertainty from 57.47% to 51.64%,
and for following behind from 71.32% to 65.34%. This can be explained by the strong
class imbalance present in these techniques, each representing less than 4% of all span
sentences. If the predicted span model fails to identify even a small number of sentences
that contain these techniques, their proportion in the dataset decreases further, signifi-
cantly affecting overall performance.

Comparing the fine-tuned transformer models with GPT results, the fine-tuned model
outperforms GPT-5.3 for all techniques except reductio ad hitlerum. This exception can be
explained by the fact that this technique has a highly distinctive contextual pattern and is
generally easier to identify, as it involves references to Nazism or fascism. Consequently,
providing GPT with a clear definition of the technique appears sufficient for accurate de-
tection. In the zero-shot setting, GPT achieved a macro-F1 score of 77.42%, outperform-
ing the fine-tuned transformer model. Interestingly, this high performance was achieved
only in the zero-shot setting, while the few-shot configuration produced the lowest results
for this technique. This may suggest that the additional examples unintentionally biased
the model.

Overall, the best-performing techniques were waving the flag, reductio ad hitlerum,
and following behind. For waving the flag, the span-based model achieved 69.85%
(gold spans) and 71.35% (predicted spans). For reductio ad hitlerum, GPT-5.3 zero-shot
achieved 77.42%, while the span-based models achieved 74.13% (gold) and 74.66% (pre-
dicted). For following behind, the span-based model achieved 71.32% (gold) and 65.34%
(predicted). As previously noted, these techniques have clear contextual patterns and are
among the easiest to recognize. They also achieved the highest annotation agreement rates
in the HALT-PROP corpus (Rizgeliené et al., 2025), indicating that they are relatively easy
for human annotators to identify as well.

The averaged results across all techniques show the same general trend: the binary
per-technique approach outperforms the multi-class multi-label model. In addition, the
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transformer model fine-tuned on span-only sentences outperforms the model fine-tuned
on all sentences, both when using gold spans and predicted spans. The span-based trans-
former models also outperform GPT-5.3 in both zero-shot and few-shot settings.

7. Conclusion

In this study, we present the first approach for propaganda technique detection in Lithua-
nian. In addition, we investigate several research questions that are not only specific to
Lithuanian but are also applicable to other languages, particularly low-resource settings.
These questions are designed to inform the development of propaganda techniques detec-
tion models in similar settings, focusing on: (i) whether span boundary information and
longer input sequences improve span identification, (ii) whether incorporating span-level
information improves technique classification, and (iii) whether modelling techniques as
separate binary classifiers outperform a multi-class approach in scenarios with high over-
lap between techniques.

Using the monolingual Lithuanian transformer LT-MLKM-modernBERT, we experi-
ment with different input lengths, tagging schemes, and classification setups (binary vs.
multi-class, with and without span-level information). Overall, the results show that:

e Incorporating span boundary information improves span identification performance.
The BILOU tagging scheme consistently outperforms binary tagging (71.95% vs
64.55%), producing more accurate and consistent spans and capturing a larger pro-
portion of gold span characters.

e Incorporating span-level information improves techniques classification for most tech-
niques, particularly those with class imbalance. Training only on sentences within pro-
paganda spans yields better performance, and this effect persists even when using pre-
dicted spans instead of gold annotations.

e In scenarios with high overlap between techniques, modelling each technique as a sep-
arate binary classifier outperforms the multi-class approach, highlighting the benefit of
learning technique-specific features.

e Fine-tuned transformer models outperform GPT-5.3 in both zero-shot and few-shot set-
tings for most techniques. The only exception is reductio ad Hitlerum, where GPT-5.3
achieves the best zero-shot performance. This result is likely driven by the distinctive
context and clear definition of this technique, which also makes it one of the easiest
for humans to recognize. Additionally, the results indicate that fine-tuned models also
perform better on techniques with clearly separable contexts, despite class imbalance.
In contrast, techniques that are more frequent in the corpus but lack a clearly distinctive
context tend to achieve lower performance, even when the training data is relatively
balanced.

7.1. Proposed Approach

Since the results show that span identification improves propaganda technique classifica-
tion, we propose a two-stage approach for propaganda technique detection in Lithuanian.
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Original text 1. FULL TEXT INPUT Translated to EN
Rusijos Federacijos taryboje buvo atsiliepta j tai, kad Lietuva pripaZino Rusijg In Russia’s Federation Council, there was a response to Lithuania’s recognition of
|.teroristine valstybe“. Russia as a “terrorist state.”
Lietuvos seimo Rusijos pripaZinimas ,teroristine valstybe“ yra $izofrenijos apraiska. Lithuania's Seimas recognizing Russia as a “terrorist state” is a manifestation of
|Tai pareiske ijos tarybos narys, aukstyjy ramy i i ia. This was stated by Federation Council member Viadimir Dzhabarov,
reikaly komiteto inko pirmasis j imiras Dz Jo First Deputy Chairman of the International Affairs Committee of the upper house of
[z0dzius cituoja radijo stotis ,Govorit Moskva®. Iparliament. His words were quoted by the radio station Govorit Moskva.
is priminé apie Rusijos ¢ kovojant su terorizmu ir He recalled Russia’s efforts in successfully fighting international terrorism and
paklausé, kokios puses Sioje kovoje laikeési vakaroidai lasked which side the “Westernoids” had been on in that fight.
,Gryna Sizofrenija. Salis, kuri nugaléjo tarptautinj terorizma Sirijoje, anksiau “Pure schizophrenia. A country that defeated international terrorism in Syria, and
nugaléjusia tarptautinj terorizma Siaurés Kaukaze, ir jie mus bando pavadinti learlier defeated international terrorism in the North Caucasus, and they are trying
fteroristine $alimi? Kuo jds buvote uzsiéme visus $iuos metus? Bendradarbiavo su lto call us a terrorist country? What have you been doing all these years?
nacistais?" - pareiské Vladimiras DZabarovas. (Collaborating with Nazis?” Vladimir Dzhabarov said.

2. SPAN IDENTIFICATION

Rusijos Federacijos taryboje buvo atsiliepta | tai, kad Lietuva pripazino Rusija In Russia’s Federation Council, there was a response to Lithuania’s recognition of
Lteroristine valstybe". Russia as a “terrorist state.”

Lietuvos seimo Rusijos pripazinimas ,teroristine valstybe" yra $izofrenijos apraiska. [ithuania’s Seimas recognizing Russia as a “terrorist state” is a manifestation of
[Tai pareiske ijos tarybos narys, aukstyjy ramy init i ia. This was stated by Federation Council member Viadimir Dzhabarov,
reikaly komiteto pirmasis ji Dz Jo First Deputy Chairman of the International Affairs Committee of the upper house of
[Zodzius cituoja radijo stotis ,Govorit Moskva". lparliament. His words were quoted by the radio station Govorit Moskva.

\Jis priminé apie Rusijos pastangas sékmingai kovojant su tarptautiniu terorizmu ir He recalled Russia’s efforts in successfully fighting international terrorism and
paklause, kokios pusés Sioje kovoje laikesi vakaroidai. lasked which side the “Westernoids” had been on in that fight.

[Gryna Sizofrenija. Salis, kuri nugaléjo tarptautinj terorizma Sirijoje, anksgiau “Pure schizophrenia. A country that defeated international terrorism in Syria, and
nugaléjusia tarptautinj terorizma Siaurés Kaukaze, ir jie mus bando pavadinti learlier defeated international terrorism in the North Caucasus, and they are trying
lteroristine $alimi? Kuo jas buvote uZsiéme visus Siuos metus? Bendradarbiavo su lto call us a terrorist country? What have you been doing all these years?
nacistais?" - pareiské Viadimiras DZabarovas. It (Collaborating with Nazis?” Vladimir Dzhabarov said.

3. CLASSIFICATION OF SENTENCES WITHIN THE SPAN BY TECHNIQUE

A > o PR AR ,_ = & Lithuania’s Seimas recognizing Russia as a “terrorist state” is a manifestation of
Lietuvos seimo Rusijos pripazinimas ,teroristine valstybe* yra Sizofrenijos apraiska. o

This was stated by Federation Council member Vladimir Dzhabarov, First Deputy
Chairman of the International Affairs Committee of the upper house of parliament.

Tai pareiskeé F ijos tarybos narys, aukstyjy ramy
reikaly komiteto pirminil pirmasis It i D:

Jo ZodZius cituoja radijo stotis ,Govorit Moskva*“. His words were quoted by the radio station Govorit Moskva.

He recalled Russia’s efforts in successfully fighting international terrorism and
asked which side the “Westernoids” had been on in that fight.

Jis priminé apie Rusijos ingai kovojant su iniu terorizmu ir
paklausé, kokios pusés $ioje kovoje laikési vakaroidai.

Fig. 9. Illustration of the proposed two-stage approach: full-text input, propaganda span identification, and tech-
nique classification of sentences containing the identified spans. English translations are provided alongside the
original Lithuanian examples.

Figure 9 illustrates the proposed method. First, the full text is given as input to the span
identification model, which detects propaganda spans. Then, only the identified spans are
further analysed, and the corresponding sentences are classified according to propaganda
technique. In this example, the pink colour indicates the emotional expression technique,
while the blue colour indicates the appeal to authority technique.

8. Limitations and Future Work

Although this study presents the first approach for propaganda technique detection in
Lithuanian, several limitations remain. These limitations also point to important direc-
tions for future work.

e Model comparison under fixed hyperparameters. This work mainly focused on LT-
MLKM-modernBERT, one of the latest monolingual Lithuanian transformer models.
However, for the span identification task, we also compared its performance with two
multilingual transformer models: XLM-RoBERTa and LitLatBERT. Although all three
models are transformer encoders, they differ in architecture. XLM-RoBERTa and Lit-
LatBERT are RoBERTa-based models, whereas LT-MLKM-modernBERT is based on
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the ModernBERT architecture. To ensure comparability, the same hyperparameters
were used across all models and tasks. We also did not investigate layer-freezing strate-
gies; instead, all model layers were fine-tuned in each experiment. Future work should
include model-specific hyperparameter optimization and different fine-tuning strate-
gies, such as freezing selected layers, to provide a more comprehensive comparison of
transformer models for Lithuanian propaganda detection, since different hyperparame-
ter choices may affect classification behaviour (PeriSi¢ et al., 2025).

e Single-run evaluation. Another limitation of this study is that each experimental con-
figuration was evaluated using a single fine-tuning run. Since transformer fine-tuning
can be affected by stochastic factors, such as random initialization of classification
heads, performance may vary across runs with different random seeds. Future work
should evaluate each configuration over multiple runs and report averaged results to-
gether with standard deviations or confidence intervals.

o Technique overlap. The technique overlap analysis conducted in this study shows that
techniques frequently co-occur, suggesting that some of them may share similar linguis-
tic patterns. In the current modelling approach, techniques are treated as independent
labels, which may overlook important relationships between them. When several tech-
niques occur within the same sentence or span, modelling them as fully independent
categories may limit the model’s ability to capture these dependencies. A more fine-
grained linguistic analysis could examine whether different co-occurrence patterns are
associated with different ways in which techniques are expressed in text. For example,
emotional expression may be expressed differently when it co-occurs with simplifica-
tion than when it co-occurs with doubt. Future research could therefore explore mod-
elling approaches that explicitly capture dependencies between techniques. This may
improve the detection of techniques that frequently overlap.

o LILM-based approaches. Another limitation of this study is that the LLM-based com-
parison is limited to one model. Future research could extend this analysis by eval-
uating multiple LLMs, including multilingual and open-weight models. In addition,
fine-tuning such models on the annotated dataset could be explored, as they may better
capture broader contextual information relevant to propaganda technique detection.

A. English Translation of the Example in Fig. 4

“The United Kingdom, Germany, Italy, Canada, the United States, France, and Japan recognized the success of
the special military operation of the Russian armed forces,” he emphasized.

According to the former Prime Minister of the State Duma, the statement adopted by the leaders of the G7
countries about the intention “not to allow Russia to win in Ukraine” can only be assessed in this way.
Vyacheslav Volodin added that in this way, the G7 countries oppose the demilitarization and denazification
of Ukraine, the status of a non-aligned and non-nuclear Ukraine, as well as the right to self-determination
of the citizens of the Donetsk and Luhansk People’s Republics.

“Now it is clear why there was no response to our President’s proposed initiatives on security issues. Russia
thwarted their plans to expand NATO further east,” he concluded.

“Everyone understands that Ukraine must be liberated from Nazism and Banderites. Everyone under-
stands that the decision of the President of the Russian Federation to begin the operation for the demilita-
rization and denazification of Ukraine is historic. However, not everyone understands that if we stop and
the Nazis remain in power, the situation will become even worse.”

I would like to remind you that today we are not ending the Great Patriotic War. At that time, we failed to stop
the Banderites; during the ten post-war years, attempts were made to eliminate them; 57 thousand Soviet sol-
diers, military personnel, state security officers, party and Komsomol Soviet activists were killed,” said Gennady
Zyuganov, the head of the Communist Party faction, at the plenary session.
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B. English Translation of the Example in Fig. 6

While Ukrainians heroically defend their homeland and us, while the entire Lithuanian nation is fighting
in the information war, leftist traitors strike Lithuania in the back with the Partnership Law that destroys
the core of the nation — the family.

As if that were not enough, they equate defenders of the natural family with the Kremlin regime and per-
sonally with Vladimir Putin.

Apparently, he opposes genderism, so everyone who opposes genderism sits at the same table as the Moscow
aggressor.

Reality is completely the opposite.

There is no partnership law in Ukraine.

Nor is there such a law in the countries of our strategic partners — Poland, Latvia, and Georgia.

Ukrainians are fighting not for genderism or globalism, but for their national state, their families, and their
freedom.
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