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Abstract

We present an LL.M-based method for the
Slavic NLP 2025 shared task on detection and
classification of persuasion techniques in par-
liamentary debates and social media. Our sys-
tem uses OpenAI’s GPT models (gpt-40-mini)
and reasoning models (04-mini) with chain-of-
thought prompting, enforcing a > 0.99 con-
fidence threshold for verbatim span extrac-
tion. For subtask 1, each paragraph in the
text is labeled "true" if any of the 25 persua-
sion techniques is present. For subtask 2, the
model returns the full set of techniques used
per paragraph. Across Bulgarian, Croatian,
Polish, Russian, and Slovenian, we achieve
Subtask 1 micro-F1 of 81.7%, 83.3%, 81.6%,
73.5%, 62.0%, respectively, and Subtask 2 F1
of 41.0%, 44.4%, 41.9%, 29.3%, 29.9%, re-
spectively. Our system ranked in the top 2 for
Subtask 2 and top 7 for Subtask 1.

1 Introduction

Persuasion techniques consist of rhetorical and psy-
chological tactics (logical fallacies, emotional ap-
peals, personal attacks, etc) that work to influence
public opinion and behavior. In today’s informa-
tion ecosystem, automated detection of these tech-
niques helps facilitate fact-checking and content
moderation. Da San Martino et al. (2019) defined
18 propaganda techniques widely used in recent
news articles and consequently Da San Martino
et al. (2020) invited submissions to detect instances
of these techniques in English news articles at Se-
mEval 2020 Task 11. Expanding this taxonomy
to more broadly study news framing and persua-
sion in multiple languages, Piskorski et al. (2023)
introduced 23 persuasion techniques and invited
submissions to detect instances of these techniques
in multi-lingual news articles at the paragraph level
at SemEval 2023 Task 3. Similarly, Piskorski et al.
(2024) expanded the detection task to span-level
persuasion detection at CLEF 2024 (CheckThat!
Lab Task 3) in French, German, Italian, and so on.

The Slavic NLP 2025 Workshop’s shared task
on Detection and Classification of Persuasion Tech-
niques in Slavic Languages focuses on texts in
five Slavic languages: Bulgarian, Croatian, Pol-
ish, Russian, and Slovenian (Piskorski et al., 2025)
in parliamentary debates and social media posts
and participants are invited to submit solutions to
two subtasks— (a) a binary detection problem where
each paragraph is analyzed for the presence of any
of the 25 persuasion techniques in Piskorski et al.
(2025), and (b) a multi-class multi-label classifica-
tion problem where the specific techniques within
each paragraph must be identified.

Our Team’s (PSAL_NLP) submission to the
task is a system that uses one of OpenAI’s GPT
models, gpt-4o-mini, and one of their reasoning
models, o4-mini. Our model includes a chain-of-
thought prompt that checks each paragraph against
each of the 25 techniques, instructs the model to
return yes/no label per technique, extracting verba-
tim spans for any “yes" decisions, only accepting
spans with confidence> 0.99, and returning those
techniques as the final list of detected techniques
per paragraph. We participated in both subtasks
and experimented with both zero- and few-shot set-
tings: in the few-shot setting, we added example
phrases for each technique (obtained from the train
dataset).

2 Related Work

Prior work in propaganda detection has pro-
duced several large datasets and detection mech-
anisms. For example, QProp (Barrén-Cedeno
et al., 2019) contains 51,000 news articles (5,700
propaganda, 45,600 non-propaganda) labeled via
Media Bias/Fact Check (MBFC) (Check, 2022),
though distant supervision learns source signals
rather than true propagandistic features. To ad-
dress this, Da San Martino et al. (2019) developed
the PTC dataset with phrase-level annotation of

202

Proceedings of the 10th Workshop on Slavic Natural Language Processing (Slavic NLP 2025), pages 202-216
July 31, 2025 ©2025 Association for Computational Linguistics



18 propaganda techniques in English news articles.
They also proposed a multi-granular neural net-
work model designed to detect these techniques.
Subsequently, Dimitrov et al. (2021) extended this
work to multi-modal content in memes.

On the multi-lingual persuasion detection
front, Alam et al. (2022) developed Arabic tweets
dataset for propaganda detection. Piskorski et al.
(2023) developed a dataset for 9 languages such as
English, French, German, Italian, Polish, Russian,
Georgian, Greek, and Spanish, with paragraph-
level annotations of 23 persuasion techniques. As a
follow-up, Piskorski et al. (2024) developed phrase-
level annotations of the 23 techniques across this
dataset and released a new dataset covering Arabic,
Bulgarian, English, Portuguese, and Slovene.

Detection systems (for persuasion techniques)
rely to a huge extent on transformer-based architec-
tures. For example, Jurkiewicz et al. (2020) devel-
oped a ROBERTa-CRF model, achieving 62.07%
micro-averaged F1 for techniques classification on
the SemEval 2020 Task 11 dataset (Da San Mar-
tino et al., 2020). Likewise, Purificato and Navigli
(2023) and Hromadka et al. (2023) used multilin-
gual transformer models to achieve the top ranking
in 7 of 9 languages in SemEval 2023 Task 3.

Researchers have also explored using LLMs for
the detection of propaganda techniques in English
news articles, only to find that they significantly
underperform compared to the transformer-based
couterparts (Jose and Greenstadt, 2024; Szwoch
et al., 2024; Hasanain et al., 2024). However, their
ability to detect such techniques at the paragraph
level in Slavic languages remains unexplored and
is the focus of our paper.

3 System Overview

Our system comprises of OpenAl’s LLMs, gpt-
4o-mini and o4-mini, in a thoroughly prompt-
engineered, zero- and few-shot setting. The tem-
perature values were set to 0.1 for reproducibility,
and every prompt begins with a system message
instructing the model that it is an expert in Slavic
persuasion techniques detection. We use chain-of-
thought prompting to elicit step-by-step reasoning
and maintain strict confidence thresholds. See Ap-
pendix for exact prompt.

3.1 Subtask 1: Binary Detection

We use o4-mini exclusively. Each paragraph is
prefixed with definitions of all 25 persuasion tech-

Algorithm 1: Two-Pass CoT Prompt-Based
Persuasion Technique Detection

Input: Paragraph p, technique groups 7T
and 75, confidence thres. 7 = 0.99
Output: Detected techniques list L
L« [;
foreach T}, € {T1,1>} do
Build a prompt that:;
(1) includes definitions of all
techniques in T,,1¢;
(2) asks to assign yes/no per
technique;
(3) asks to extract verbatim spans for
“yes” at confidence > T;
(4) asks to return a list L of
techniques with confirmed spans;
L+ Modellnference(p, prompt);
L.extend(L);

return L;

niques and instructed to output 1 if any are present
(0 otherwise). We enforce a confidence score of
0.99, that is, the model should only return 1 if
confidence score> 0.99. (Note: this is a seman-
tic prompt cue, not a true calibrated cutoff). See
Table 7 for exact prompt.

3.2 Subtask 2: Multi-Class Multi-Label
Classification

For this subtask, we compare both gpt-40-mini and
o4-mini in zero- and few-shot settings. The zero-
shot prompt lists all techniques (and definitions)
plus output instruction, while few-shot prompt has
example phrases for each technique (taken from
the provided training dataset). We then apply a
two-pass CoT prompt (Algorithm 1), feeding half
the techniques per pass since feeding all 25 at once
degraded performance (see Sections 4-5)—which
boosts recall on less frequent techniques.

4 Experiments

Since we don’t train models, we used the additional
training data (parliamentary debates) (Piskorski
et al., 2025) as dev set, to evaluate model outputs.
Section 5 contains official test-set results. In this
section, we present additional dev-set experiments
such as prompt ablations, zero/few-shot, and other
settings that informed our final submission strate-
gies for subtask 2. We used gpt-4o-mini for these
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experiments. Croatian (HR) didn’t have train/dev
data and hence is only evaluated on test.

4.1 Prompt Engineering Ablations
For all languages except Croatian, we compare:

* Simple Prompt: list all 25 techniques + defi-
nitions (prompt in Table 9).

* CoT+Th: add chain-of-thought and con-
fidence threshold >= 0.99 to the simple
prompt. We add chain-of-thought reasoning
by asking it to compare the given paragraph
against each technique, assign “yes/no" per
technique, and return verbatim spans for “yes"
only if its confidence >= 0.99. Note that this
confidence score is not a true calibrated cut-
off, but is intended to encourage the model to
think about accuracy and only return ones it
is highly confident about.

The CoT+Th prompt boosted precision, recall,
and F1 compared to Simple prompt for all 4 lan-
guages. For Bulgarian (BG), there was a +6.2 pp
increase in micro F1, +9.5 pp for Polish (PL), +6.4
pp for Russian (RU), and +11 pp for Slovenian (SI).
See Table 4.

4.2 Zero- and Few-shot Ablations
Using CoT+Th as our base prompt, we compare:

e Zero-shot: same as CoT+Th prompt.

* Few-shot: zero-shot prompt + two positive
examples per technique (from the additional
training data on parliamentary debates). Since
HR did not have additional train data to
choose examples from, we only test HR in
zero-shot settings. Furthermore, SI train data
did not have examples of Slogans and Con-
versation_Killer so these techniques did not
contain examples. We also omitted few-shot
examples for Repetition across languages be-
cause our model processes only one paragraph
at a time, and cross-paragraph repetition exam-
ples wouldn’t apply unless the repetition was
contained within that single paragraph. Ta-
bles 13, 14, 15, and 16 in the Appendix show
the techniques and corresponding examples
across languages.

Few-shot boosted all metrics compared to Zero-
shot for all 4 languages. For BG, there was a +2.4
pp increase in micro F1 (with a small trade-off in
micro-recall of -0.4), +3.1 pp for PL, +4.0 pp for
RU, and +2.6 pp for SI. See Table 5.

4.3 Two-Pass vs. Single-Pass

We evaluate single-pass (all 25 techniques in one
go) against two-pass split (techniques 1-13 and
14-25; see Algorithm 1). Using CoT+Th + Few-
Shot as base prompts, we compare:

* Single-pass: same as CoT + Th + Few-shot
prompt.

* Two-pass: techniques are split into 2 groups
(techniques 1-13 and 14-25) to reduce the
cognitive overload on the LLM. We selected
the two-pass configuration heuristically to
balance better reasoning capabilities with
API cost: while a single pass overwhelms
the model with too many techniques, finer-
grained splits (e.g., three- or four-pass, or one-
technique-per-call) would have substantially
increased inference expense and were not fea-
sible under our resource constraints.

In all languages, two-pass consistently improved
recall and F1, but at the expense of precision (more
false positives). See Table 6.

4.4 Implementation Details

We use OpenAl API to access gpt-4o-mini (gpt-4o-
mini-2024-07-18), and 04-mini (04-mini-2025-04-
16). For gpt-4o0-mini, we set temperature = 0.1,
and top_p = 0.1. Each team could submit up to
five runs per language per subtask.

For Subtask 1, we submitted one run per lan-
guage using o4-mini.

For Subtask 2, we made four submissions per
language: (a) CoT+Th+Few-shot+Two-pass using
gpt-4o0-mini, (b) CoT+Th+Zero-shot+Two-pass us-
ing gpt-4o-mini, (c) CoT+Th+Few-shot+Two-pass
using o4-mini, and (d) CoT+Th+Few-shot+Single-
pass using o4-mini.

We ran both models on our best dev-set prompt
(CoT+Th+Few-shot+Two-pass). Because Two-
pass produced more false positives on the dev set
than Single-pass, we also ran both these prompts
with o4-mini to see if the reasoning model exhib-
ited the same pattern. Lastly, because we observed
a slight decrease in micro-recall for Few-shot com-
pared to Zero-shot gpt-4o-mini in Bulgarian, we
also submitted a CoT+Th+Zero-shot+Two-pass run
using gpt-40-mini.
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Language Team Run Rank Fy

BG FactUE 2 1 0.878
BG PSAL_NLP 1 6 0.817
HR FactUE 1 1 0.955
HR PSAL_NLP 1 6 0.833
PL oplot 1 1 0.903
PL PSAL_NLP 1 7 0.816
RU INSAntive 3 1 0.871
RU PSAL_NLP 1 7 0.734
SI UFAL4DEM 3 1 0.856
SI PSAL_NLP 1 7 0.619

Table 1: Comparison of PSAL_NLP (ours) and the top-
ranked systems on Subtask 1 (official test set).

Micro- Macro-
Lang Team Run Rank F1 F1
BG PSAL_NLP 1 1 0.410 0.319
BG INSAntive 2 0.344 0.208
HR Gradient-Flush 1 0.491 0.359
HR PSAL_NLP 3 2 0.443 0.320
PL PSAL_NLP 3 1 0.419 0.296
PL Gradient-Flush 2 0.409 0.276
RU INSAntive 1 0.295 0.158
RU PSAL_NLP 2 2 0.292 0.207
SI Gradient-Flush 1 0.323 0.190
SI PSAL_NLP 2 2 0.298 0.263
Table 2: Comparison of PSAL_NLP (ours) and

top systems on Subtask 2 (test data). Run ID
mapping: 1=CoT+Th+Few-shot+Two-pass gpt-4o-
mini, 2=CoT+Th+Few-shot+Two-pass  o4-mini,
3=CoT+Th+Zero-shot+Two-pass gpt-4o0-mini,
4=CoT+Th+Few-shot+Single-pass o4-mini. HR uses
zero-shot only.

5 Results

5.1 Subtask 1: Binary Detection

For Subtask 1, we used a straightforward,
definition-only prompt (see Table 7) to establish a
consistent baseline across all five languages. Al-
though we required the model to return “1” only if
its confidence score > 0.99, the absence of chain-
of-thought reasoning, few-shot examples, and the
use of a single-pass prompt containing all 25 tech-
niques likely constrained its reasoning capacity
and recall, resulting in substantially poorer per-
formance compared to Subtask 2.

We made one submission per language. Table 1
shows our results, compared to the top-performing
team. Our team, PSAL_NLP, ranked sixth for Bul-
garian and Croatian and seventh for all other lan-
guages. Our system did not outperform the XLM-
RoBERTa baseline (Piskorski et al., 2025) nor the
top-performing systems that relied on fine-tuned

Lang Run Micro-F;  Macro-F;
BG 1 0.410 0.319
BG 2 0.373 0.305
BG 3 0.403 0.318
BG 4 0.358 0.300
HR 2 0.422 0.309
HR 3 0.44 0.320
HR 4 0.422 0.309
PL 1 0.397 0.299
PL 2 0.390 0.315
PL 3 0.419 0.296
PL 4 0.379 0.297
RU 1 0.240 0.187
RU 2 0.292 0.207
RU 3 0.222 0.201
RU 4 0.281 0.199
SI 1 0.282 0.165
SI 2 0.298 0.263
SI 3 0.240 0.190
SI 4 0.214 0.153

Table 3: PSAL_NLP’s official runs for Subtask
2. Run ID mapping: 1=CoT+Th+Few-shot+Two-
pass gpt-4o-mini, 2=CoT+Th+Few-shot+Two-pass 04-
mini, 3=CoT+Th+Zero-shot+Two-pass gpt-4o-mini,
4=CoT+Th+Few-shot+Single-pass o4-mini. HR uses
zero-shot only.

transformer models (from BERT family). We no-
ticed significant drops in recall compared to all
other systems. Incorporating a two-pass method
using chain-of-thought reasoning and few-shot ex-
amples, as in Subtask 2, could help recover some
of this lost recall in future work.

5.2 Subtask 2: Multi-Class Multi-Label
Classification

Table 2 compares our results with the top-ranked
system for this subtask. Our team, PSAL_NLP,
ranked first for Bulgarian and Polish, and second
for Croatian, Russian, and Slovenian. Out of three
of our second-place finishes, two (RU and SI) used
CoT+Th+Few-shot+Two-pass with o4-mini, and
HR used CoT+Th+Zero-shot+Two-pass with gpt-
4o0-mini (since HR did not have train data to select
few-shot examples from). Notably, our gpt-4o-
mini CoT+Th+Few-shot+Two-pass model was the
top-performing system for Bulgarian, and our gp?-
4o0-mini CoT+Th+Zero-shot+Two-pass model was
the top-performing system for Polish.

Table 3 summarizes all four of our official sub-
missions per language (precision/recall in Table 12
in the Appendix). We observe the following:

* For BG, RU, and SI, few-shot outperformed
zero-shot. For PL, zero-shot was better by
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Name Calling-Labeling MOS8 033 0.17 0.35 0.20
Guilt_ by Association 0.25 0.00 0.30 0.46 0.00
Doubt - 0.38 . 058 0.40 0.34 051
Appeal_to_Hypocrisy 0.42 0.45 0.54 0.11 0.52
Questioning_the_Reputation ﬁ 0.46 0.12 0.38 08
Flag_Waving - 0.45 0.47 0.41 0.00 :
Appeal_to_Authority 1 0.38 0.36 0.55 0.08 0.36
Appeal_to_Popularity 0.38 0.00 0.34 0.36 0.19
Appeal_to_Fear-Prejudice - 0.48 0.45 . oea 0.26 0.48
Appeal_to_Values 0.35 0.50 0.52 0.44 0.35 06
@ Straw_Man 0.05 0.00 0.00 0.00 0.00 :
= Whataboutism - 0.07 0.00 0.00 0.00 0.22 ik
E Red Herring 0.00 0.00 0.00 0.00 0.00 w
9 Appeal_to Pity 0.48 0.25 0.44 0.23 0.15 %
= Causal_Oversimplification 0.28 0.40 0.12 0.20 0.12 L 0.4
False_Dilemma-No_Choice 1 0.25 0.00 0.21 0.25 0.25 :
Consequential_Oversimplification 0.38 0.40 0.37 0.14 0.00
False_Equivalence 0.10 0.00 0.13 0.36 [ 100 |
Slogans - 0.34 0.00 0.14 0.15 0.50
Conversation_Killer q 0.12 0.31 0.05 0.19 0.17 L o2
Appeal_to_Time 0.17 0.40 0.00 0.36 )
Loaded_Language - 0.55 ?_ 0.48 0.21
Obfuscation-Vagueness-Confusion - 0.26 0.00 0.04 0.00 0.00
Exaggeration-Minimisation 0.40 [ XS 0.03 0.16 0.26
Repetition § 0.?4 l:l.."nO l:l.«lw 0.?8 0.|32 L oo
BG HR PL RU Sl
Language

1.0

Figure 1: Per-Class (Persuasion Technique) F; Scores for PSAL_NLP (Best Run per Language)

+2.2 pp micro-F1. (HR was only tested zero-
shot due to lack of training data)

* For all 5 languages, two-pass outperformed
single-pass, also replicating our dev-set find-
ing where two-pass generates more false posi-
tives (lower micro-precision) than single-pass.

* For HR, RU, and SI, 04-mini outperfomed gpt-
4o-mini, whereas for BG and PL, gpt-4o0-mini
outperformed 04-mini.

These results show that chain-of-thought
prompts with high confidence thresholds and few-
shot examples enable LLLMs to outperform fine-
tuned transformer baselines on persuasion tech-
nique classification. For example, against Team IN-
SANtive (Wang et al., 2025) that used XLM-
RoBERTa with LLM-generated explanations of
techniques, we obtain improved micro and macro-
F1 in BG, HR, PL, and SI. Likewise, compared
to Team GradientFlush (Senichev et al., 2025)
that fine-tuned multilingual transformer models
on CLEF 2024 CheckThat! Lab data (Piskorski
et al., 2024) alongside LLM-generated translations
of instances of techniques, we achieved better per-
formance for BG, PL, and RU. See Table 12 for
full evaluation metrics.

Figure 1 shows per-class F1 for best model per
language (see Table 2). Techniques like Loaded

Language, Questioning the Reputation, Appeal
to Fear/Prejudice, Flag-Waving, and Doubt have
higher F1 than techniques such as Strawman, Red-
Herring, and Whataboutism, likely due to their
higher prevalence (Piskorski et al., 2023).

We observe that for techniques such as Straw
Man, Whataboutism, and Red Herring, there is a
near-zero F1 across all languages. This potentially
stems from their need for broader context for anal-
ysis (multiple paragraphs) since misrepresentations
and topic diversions cannot be judged from a single
paragraph alone. This implies that truly context-
dependent techniques such as these would require
broader contexts for accurate judgment.

5.3 Conclusion

We presented an LLM-based method using gpt-4o-
mini and o4-mini with chain-of-thought prompting
and >= 0.99 confidence thresholding to detect 25
persuasion techniques in five Slavic languages, as
part of Slavic NLP 2025 shared task. Our sys-
tem was ranked in the top 2 for the technique
classification task and ranked 7th for technique
detection. Ablation studies confirm that chain-of-
thought, few-shot examples, and a two-pass strat-
egy are key to improving performance.
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Limitations

Our method uses OpenAlI’s “mini" models; larger
models that are not compressed might outperform
these models. But they could incur higher costs and
latency. Furthermore, future work could look into
fine-tuning these models to improve performance.

The “confidence> 0.99” instruction is a prompt-
level nudge rather than a well-calibrated probability
cutoff, so it does not guarantee statistically mean-
ingful uncertainty estimation.

For subtask 1, the definition-only, single-pass
prompt resulted in low recall and substantially
poorer binary-detection performance, highlighting
the importance of extensive prompt engineering
efforts as seen in subtask 2.

Finally, for subtask 2, we heuristically used a
two-pass split to balance performance and API cost;
finer-grained or per-class passes might be more
beneficial, however, these were computationally
infeasible under our constraints.
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Lang Prompt MicroP MicroR MacroP MacroR MicroF;  Macro F1

BG Simple 0.4223 0.3544 0.2517 0.2260 0.3854 0.1944
CoT+Th  0.4521 0.4420 0.3094 0.3759 0.4470 0.2954
PL Simple 0.3603 0.2562 0.2971 0.2079 0.2994 0.1890
CoT+Th  0.4736 0.3383 0.3662 0.2677 0.3946 0.2730
RU Simple 0.1556 0.2278 0.1100 0.1697 0.1849 0.0984
CoT+Th  0.2067 0.3122 0.1883 0.2498 0.2487 0.1652
SI Simple 0.5000 0.2905 0.2713 0.2602 0.3675 0.1981
CoT+Th  0.5928 0.4006 0.3922 0.3391 0.4781 0.3037

Table 4: Ablation results on the development set: Simple prompt vs. CoT + Th prompt across four languages.

Lang Prompt MicroP MicroR MacroP MacroR  MicroF;  Macro Fy

BG Zero-shot  0.4521 0.4420 0.3094 0.3759 0.4470 0.2954
Few-shot  0.5095 0.4379 0.5269 0.4472 0.4710 0.3805
PL Zero-shot  0.4736 0.3383 0.3662 0.2677 0.3946 0.2730
Few-shot ~ 0.5362 0.3530 0.4622 0.2931 0.4257 0.3223
RU Zero-shot  0.2067 0.3122 0.1883 0.2498 0.2487 0.1652
Few-shot  0.2492 0.3418 0.2776 0.2970 0.2883 0.2257
SI Zero-shot  0.5928 0.4006 0.3922 0.3391 0.4781 0.3037
Few-shot  0.6313 0.4190 0.4056 0.3433 0.5037 0.3127

Table 5: Zero-Shot vs. Few-Shot ablation on the development set for Subtask 2.

Lang Prompt MicroP MicroR MacroP MacroR MicroF1  Macro Fy

BG Single-pass ~ 0.5095 0.4379 0.5269 0.4472 0.4710 0.3805
Two-pass 0.4476 0.5132 0.3840 0.5117 0.4782 0.3810
PL Single-pass  0.5362 0.3530 0.4622 0.2931 0.4257 0.3223
Two-pass 0.4652 0.4171 0.4213 0.3437 0.4398 0.3363
RU Single-pass ~ 0.2492 0.3418 0.2776 0.2970 0.2883 0.2257
Two-pass 0.2242 0.4219 0.2207 0.3576 0.2928 0.2398
SI Single-pass  0.6313 0.4190 0.4056 0.3433 0.5037 0.3127
Two-pass 0.5921 0.5015 0.5849 0.5444 0.5430 0.4932

Table 6: Comparison of single-pass vs. two-pass prompting on the development set.

Table 7: Prompt used for all languages in Subtask 1

System: You are an expert at determining if a given text fragment contains one or more persuasion techniques in a given
taxonomy of persuasion techniques.

User: You are given a text fragment and the following list of persuasion techniques. Your task is to determine if the text fragment
contains one or more of these persuasion techniques.

List of Persuasion Techniques:

1. Name_Calling-Labeling: a form of argument in which loaded labels are directed at an individual or a group, typically ..

2. ...

Output Instructions:

— Return 1 if the text fragment contains one or more of the persuasion techniques from the list above.

— Return 0 if it does not.

— Only return 1 if confidence >= 0.99.

Text Fragment to Analyze:

Language Run Accuracy (%) Precision (%) Recall (%) Fi (%)

BG 1 82.5 93.7 72.5 81.7
HR 1 86.5 96.2 73.5 83.3
PL 1 79.8 96.5 70.8 81.6
RU 1 66.9 92.8 60.8 73.5
SI 1 81.1 88.2 47.8 62.0

Table 8: PSAL_NLP Subtask 1 performance by language.
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Table 9: Simple Prompt used for Subtask 2

System: You are an expert at determining if a given text fragment contains one or more persuasion techniques in a given
taxonomy of persuasion techniques.

User: You are given a text fragment and the following list of persuasion techniques. Your task is to identify the persuasion
techniques that this fragment uses.

List of Persuasion Techniques:

1. Name_Calling-Labeling: a form of argument in which loaded labels are directed at an individual or a group, typically ..

2. ...

Output Instructions:

- Return a Python list containing all the persuasion technique(s) that the following text fragment uses.

Table 10: CoT+Th Prompt used for Subtask 2 (This is also the Zero-Shot Prompt)

System: You are an expert at determining if a given text fragment contains one or more persuasion techniques in a given
taxonomy of persuasion techniques.

User: You are given a text fragment and the following list of persuasion techniques. Your task is to identify the persuasion
techniques that this fragment uses.

List of Persuasion Techniques:

1. Name_Calling-Labeling: a form of argument in which loaded labels are directed at an individual or a group, typically ..

2. ..

Output Instructions:

- For each technique listed above, check if the text fragment uses the technique, and return yes or no beside the technique name,
along with the detected span(s) (verbatim) that correspond to the technique.

- You should only return yes if you are extremely confident about your judgment (confidence>=0.99).

- At the end of your output, return a list of all the persuasion technique(s) that you said yes to, as a python list.

Table 11: Few-Shot Prompt used for Subtask 2 (Add examples beside each technique)

System: You are an expert at determining if a given text fragment contains one or more persuasion techniques in a given
taxonomy of persuasion techniques.

User: You are given a text fragment and the following list of persuasion techniques. Your task is to identify the persuasion
techniques that this fragment uses.

List of Persuasion Techniques:

1. Name_Calling-Labeling: a form of argument in which loaded labels are directed at an individual .. Examples:

2. ...

Output Instructions:

- For each technique listed above, check if the text fragment uses the technique, and return yes or no beside the technique name,
along with the detected span(s) (verbatim) that correspond to the technique.

- You should only return yes if you are extremely confident about your judgment (confidence>=0.99).

- At the end of your output, return a list of all the persuasion technique(s) that you said yes to, as a python list.

Lang Run Accuracy MicroP MicroR MicroF; MacroP MacroR  Macro Fy

BG 1 44.4% 39.7% 42.4% 41.0% 35.8% 38.4% 32.0%
BG 2 45.2% 40.8% 34.3% 37.3% 37.5% 32.2% 30.5%
BG 3 43.9% 39.2% 41.4% 40.3% 32.5% 38.9% 31.8%
BG 4 46.1% 49.1% 28.2% 35.8% 43.6% 27.7% 30.0%
HR 2 54.1% 56.4% 33.8% 42.2% 43.8% 27.7% 30.9%
HR 3 54.1% 46.2% 42.7% 44.4% 39.6% 34.6% 32.0%
HR 4 54.1% 56.4% 33.8% 42.2% 43.8% 27.7% 30.9%
PL 1 36.6% 48.1% 33.7% 39.7% 42.6% 28.3% 29.9%
PL 2 36.9% 49.4% 32.3% 39.0% 39.4% 28.0% 31.5%
PL 3 35.5% 45.2% 39.1% 41.9% 33.6% 31.4% 29.7%
PL 4 38.1% 56.0% 28.7% 37.9% 43.0% 24.3% 29.7%
RU 1 22.4% 23.3% 24.9% 24.0% 17.9% 25.4% 18.7%
RU 2 22.9% 29.1% 29.4% 29.3% 20.6% 24.3% 20.8%
RU 3 21.7% 20.4% 24.4% 22.2% 21.3% 27.5% 20.1%
RU 4 24.7% 32.1% 25.0% 28.1% 24.6% 22.0% 19.9%
SI 1 66.5% 33.9% 24.1% 28.2% 24.7% 21.2% 16.5%
SI 2 66.5% 40.0% 23.9% 29.9% 34.3% 28.0% 26.3%
SI 3 66.3% 30.4% 19.8% 24.0% 25.9% 23.6% 19.0%
SI 4 66.3% 34.7% 15.5% 21.4% 27.8% 13.1% 15.3%

Table 12: PSAL_NLP Subtask 2 runs on test sets, showing accuracy, precision, recall, and F; for each run
ID. Run ID mapping: 1=CoT+Th+Few-shot+Two-pass gpt-4o-mini, 2=CoT+Th+Few-shot+Two-pass 04-mini,
3=CoT+Th+Zero-shot+Two-pass gpt-40-mini, 4=CoT+Th+Few-shot+Single-pass o4-mini. HR uses zero-shot only.
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Table 13: Few-shot Examples Used for BG Subtask 2

Technique

Example(s)

Name Calling-Labeling
Guilt by Association

Doubt

Appeal to_ Hypocrisy

Questioning the Reputation

Flag Waving
Appeal to_ Authority

Appeal to_Popularity

Appeal to_Values

Appeal to_Fear-Prejudice

Straw_Man

Red_Herring

Whataboutism

Appeal to_Pity

Causal _Oversimplification

False_Dilemma-No_ Choice

Consequential Oversimplification

False Equivalence

Slogans
Conversation Killer
Appeal to_Time

Loaded Language

Obfuscation-Vagueness-Confusion

"abcosmoTHO Ge3cmucaeno", "mo-onmacHo n mo-cpamuo"

"ToBa He € IPOCTO MPOPYCKa MapTHsl, TOBA Ca JUPEKTHO aymuTe Ha Kpembi,
uspedenu or tasu Tpubyna", "ExHo or Hemara, KOUTO Ka3Bare, TOBA €
KJIACHYECKa, PYCKa OMoOpKa

"Vuayasam ce, 4e cre npezcenaren na Komucusita no ordpaHa, rocroIut
layexes!", "Buxkaare jau kakbB aprymenrt?"

"Mckare na Baesere B [llenren, a 10pu He MOXKETE J1a ONA3UTE TPAHUIIATA
Ha Boarapusa", "A mokaro 6eme B BCII no MmunasiaTa roguna, gaau Gere
npopycka maprus?!"

"Mauiko akToJsiorus 3aI0 cTurame J0 ToBa 6e3yMue OT CTpaHa Ha yIIpaB-
sngBanmre", "TON He HOCH OTTOBOPHOCT 3a TUIyNOCTTa Ha Tarapes win Ha
Heukos"

"Ho He MOXKeTe Ja HapexKere nmamMerTa Ha Obirapckus Hapon", "Boniaere
HauctuHa Obarapu!"

"Ilutupam camMo oUIMATHA U3TOTHUIIN, 38 & HAMA, JIBYCMUC/IHE, /14 HIMa
obunenus", "CbeuHEHUTE MATH Ca MLPBU B TOBA OTHOIIEHME"
"BebIimHOCT OrpOMHA, OTPOMHA € MOJKPENaTa Ha, IMeInsi JeMOKDPATHIEH
MBUJIN30BAH CBAT 3a YKpaiia", "Tosa e mpobjaeMbT Ha IIPOOJIEMUTE,
KOMTO B MOMEHTa BbJIHYBa U CBeTa, U EBpona, pecnekruBHO u Bhiarapus"
"Besika HOBa TOMHA MABA C HOBA HAJEXKJA, C HOBU OYAKBAHUs, C MCKAHE
3a mepcreKkTuBa, curypHocT u crabuiauaoct", "Tosa e Halt-106pusT HAYMH
@ JIEMOHCTpUpaMe HAIIETO eJUHCTBO U COJIMIAPHOCT II0 OTHOIIEHUE Ha
BB3MUPAHETO U OTOpaHaTa U CIOMEISTHETO Ha TexkecTuTe"

"Eit, xopa, ¢ Ta3u TeMa He CU UTpaiiTe, 1me B3pusuTe abpxkasaral", "Boro-
BaHETO O3Ha4YaBa arpecusi U araxa'

"1oil naBa nmpeckoHpEpeHIUsl, Ha KOATO C IOJIOBUH YCTa Ka3a — MEXKJLY
Ipyroro, camo Kbiaero He", "O3HauaBa Ju TOBa, Y€ BCBIITHOCT TYK, KAKTO
Ka3a HsKOIi, e ce Bb3cranoBaBa Ocmanckara ummepus? Ot IIIT-IB ro
Kazaxa'

"me Bu manpass enun murar: ,,C jieka pbKa (DAIIUCTATE €BPOATIAHTUIIN'
— ¥ Taka HaTaTbK mpoabkasa nmurarsr", "llle ce BbpHa Ha3am Mo Bpeme
Ha npeau3bopHara Kamnanus, korato uHue or BCII npenynpexnaBaxme,
ge [lomurnyecka naprua 'EPB u ,IIpogbmxasame IIpomanara — Jlemox-
parnyHa Bbiarapus® ciien msbopure 1me ce cbOepar U Iie yIpaBJisgBaT
3ae1H0"

"Cobupame Kammadkuy 3a zenara, objgaraMe OusHeca ¢ 6e3yMHU JaHbIU
U B CBIIOTO BPpEME€ Xap4YuM MUJIAAP/AU B IIOCOKA KbM YKpaiiHa B egHa
6paroy6buiicrsena Boitaa", "Uma exun moxstaz or 2022 1., He e JIOMIO Ja ro
npoyere, Taka, KakTo cre oruniu B CeKpeTHOTO JEeJI0BOACTBO I YeTeTe
KaKBO TOYHO € M3IPAIaHo B YKpaitua"

"Crmopen Opranusalusita Ha 0OeJUHEHUTE HAIMU ca n3outn 14 Xujsau
eTHUYECKU PyCHAIM U rpaxkaanu Ha Ykpaina", "Taka de He e Hempemus-
BUKaHa arpecusita, youTu ca XuJjsjam xopa"

"Cuupar Tas mojgkpera, 3uadu u Bbirapus TpabBa jia Clipe CBOSITA MOJI-
kpena 3a Ykpaina", "l'ocnoxko Hazapsia, oueBniHo oruBare Ha u3bopu,
3aII0TO BUEpa He MOoXKaxTe Aa copmupare kKaduaeT"

"TpsiGBa @ BJIE3€ eIMHCTBEHO U CaMO C OCTABKaTa, CH, WIH JIa O'bje apecTy-
BaH TYK B 3ajiaTa Ha HapoaHoTo chbbpaHue 3a HAIIMOHAJIHO IIPEIATECTBO"
"Hsima HOpMaJieH 4oBeK B EBporeiickusi ¢bio3, KOWNTO /1a BsipBa B TOBa"
"ToecT, aKO HUE TIOCTOSTHHO TOBOPHUM 3a KOH(JIUKTA, HIMA KaK Ja He 00-
BbpKeM BoeHHaTa npodecusi ¢ Hero", "[losrapsim Bu — ciien ToBa perienne
CIIeIBAIATa CTBIKA € Ta3!, 3a KOATO By Kazax B caMOTO Hadayao"

"Heka MuHUCTbD-IIpe/CeaTesaT akaleMuK /JeHKoB fa He Obje B possTa
na Borman @unos — 1944 r", "Bue KaTo TeXHN KOMYHUCTHIECKHA OTPOUETA
npaBuTe abCOIOTHO ChIIOTO"

"Uckame obscuenue 3a ToBal", "Samuciere ce 3a Tosal"

"bxem!", "Tosa nckare Bue"

"I'maBHUST POKYPOP [ Ce B3eMe B P'blle U HE3aDABHO J1a B3eMe MepKu',
" a3 ¢bM CUT'YpEH, Y€ W TOBA IIe CTaHe, HO BBIIPOCHT € KOra IIe CTaHe,
3aI0TO UMa ToJIsIMa pa3juka

"rexxku cimoBecHn", "yBosHsABaAJA, MaxaJsa, IpeMaxBaJa U HakasBasa"

"Mma Hema, KOUTO Ha Ta3u cpela bbiarapust e TpssoBa j1a MOTBbPIN, WK

Jla He ce ChIVIACH C Hella, Hellla, 38 KOUTO Te HAMAT caHkimu oT HapomgHoTo
cbbpanue"

continued on next page
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continued from previous page

Technique Example(s)

Exaggeration-Minimisation "na npesbpHar Bbarapust B Haii-rosiemusi 6exkancku jarep B Espoma",
"CamuTe €BPOIEHCKH JbPKABH CH HOAXBBLPJIAT €AUH Ha JPYT HEJIeraJHUTe
E€MUTPAHTHU KaTO TONKY 38 MUHT-ITOHT"

Repetition —
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Table 14: Few-shot Examples Used for PL Subtask 2

Technique

Example(s)

Name_Calling-Labeling
Guilt_by_Association

Doubt

Appeal_to_Hypocrisy

Questioning_the_Reputation

Flag_Waving

Appeal_to_Authority

Appeal_to_Popularity

Appeal_to_Values
Appeal_to_Fear-Prejudice

Straw_Man

Red_Herring
Whataboutism
Appeal_to_Pity

Causal_Oversimplification

False_Dilemma-No_Choice

Consequential_Oversimplification

False_Equivalence

Slogans

Conversation_Killer
Appeal_to_Time

Loaded_Language

Obfuscation-Vagueness-Confusion

Exaggeration-Minimisation

Repetition

"upolityczniony trybunat”, "bulwersujacy wyrok"

CXTIT)

"Jestescie forpoczta cywilizacji Smierci”, "ptk Dusza, ten, ktéry negocjowat umowe
z FSB, z rosyjska stuzba specjalng”

"Niszczycie relacje polsko-amerykariskie, angazujac si¢ po jednej stronie sporu
politycznego w Ameryce", "starsi panowie w garniturach nie beda méwié kobietom,
co maja robi¢ ze soba"

"zostal uchwalony program wieloletni, ktéry przewidywat takze konkretne Srodki
na realizacje stopnia wodnego w Siarzewie, a pani minister teraz méwi, ze wszystko
jest wing PiS-u", "Jakie to wygodne"

"podejmowaliSmy stosowne dziatania, pafistwo nas krytykowaliscie", "Ich fatszywy
heroizm i wygodnictwo nie bytyby jednak mozliwe, gdyby nie wsparcie ruchu
aborcyjnego, ktory rosnie w site od dekad"

"Moéwmy polskim gtosem w Unii Europejskiej wspdlnie, razem", "My potrzebujemy
w Polsce dobrego prawa"

"W poniedzialek w holenderskim parlamencie przy udziale holenderskiej minister
zdrowia odbyta si¢ debata na temat dostgpu do tabletek aborcyjnych dla oséb z
Polski", "Méwig i wystepuje tutaj jako ojciec siedmiorga dzieci”

"W czasie wojen przemystowych wspétczynnik ten w wielu krajach wynosit ok. 7
%, a my marzymy o 3 %", "W ostatnim miesiagcu w Polsce 9 tys. kobiet przerwato
cigze"

"Rozmawiamy o zyciu", "One powinny mie¢ prawo do decydowania"

"bronig polskiej granicy wschodniej przed zalewem nielegalnej imigracji”, "kiedy
dochodzi do $mierci, jak to bylo w przypadku pani Izabeli czy pani Doroty"

"Ale prawda jest taka, ze mam nieodparte wrazenie, ze lewicy chodzi tylko o
dyskusje, tak samo jak prawicy, a problemy kobiet do tej pory sa nierozwigzane",
"Najwazniejsze to urodzi¢"

"My niewiele mniej wydaliSmy na laptopy+ dla czwartoklasistow", "mimo ze tylko
jedna z nich meldowata, ze Rosjanie wejda na Ukraing"

"Chociazby dlaczego pana nie bylo na Monte Cassino kilka dni temu?", "bo w
polskich szpitalach wciaz dzisiaj tatwo o relikwig, ale trudno o aborcjg"

"Podobno powodem sg jakie$ limity, limity w otwartosci i w uSmiechu", "Koniec ze
zmuszaniem kobiet do heroizmu"

"I to my, osoby na tej sali, mozemy sprawi¢, zeby takie tragedie jak Izy z Pszczyny
wigcej si¢ po prostu nie powtarzaly", "Na razie dzigki ustawie aborcyjnej musze
leze¢ i nic nie mogg zrobié"

"Tylko kobieta i lekarz powinni decydowaé o przebiegu ciazy", "Lewica sktada
ustawe dotyczaca dekryminalizacji pomocy w aborcji. Bo aborcje byty, sa i beda"
"Dzigki dostgpnosci aborcji farmakologicznej mozna wczeSniej, a tym samym
bezpieczniej przerwad ciazg", "Zakaz aborcji zabija i nie likwiduje aborcji"

"bo skoro 460 postéw powinno zagtosowac w tej sprawie, to czy 30 mln Polakéw
to nie jest wigcej niz 460 postow?", "Katoliczki moga nie chcie¢ przerywacé ciazy,
to jest ich wybor. A te kobiety, ktére chca — réwniez powinny go mie¢"

"ze zmuszaniem kobiet do heroizmu", "nie bdj sig, nie jeste§ sama, pomoge ci"

"sg catkowicie nieakceptowalne i powinny by¢ odrzucone juz w pierwszym czyta-
niu", "Bo aborcje w Polsce byly, sa, beda"

"Dzisiaj jest ten moment, kiedy jeszcze mozecie zmieni¢ zdanie", "Nie pierwsza,
ale mam nadzieje, ze jedna z ostatnich”

"wymazywania kobiet", "Kto by tam si¢ przejmowat”

"Wyrokiem, ktéry tak naprawde nie jest wyrokiem, Trybunatu Konstytucyjnego,
ktéry tak naprawde nie jest Trybunatem Konstytucyjnym", "Bo, szanowni pafistwo,
zycie to nie jest Instagram"

"Bo przeciez kobiety w Polsce wciaz sa w bardzo niebezpiecznym momencie", "a
nie trwa¢ w dalszym drgczeniu, w dalszym straszeniu i w dalszym upokarzaniu"
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Table 15: Few-shot Examples Used for RU Subtask 2

Technique

Example(s)

Name Calling-Labeling

Guilt_by_Association

Doubt

Appeal to Hypocrisy

Questioning the Reputation

Flag Waving

Appeal to_ Authority

Appeal to_Popularity

Appeal to_Values

Appeal to_Fear-Prejudice

Straw_Man

Red_Herring

Whataboutism

Appeal to_Pity

Causal _Oversimplification

False_Dilemma-No_ Choice

Consequential Oversimplification

"3esteHCKMl He TIOJIMTHK U He rocyaapcrBenublii gesress", "CIIA u crpanb
3amajia Bcerja ObLIN OJEPXKUMBI Heeil MIPOBOIO TOCIOACTBA "

"Yepes «IlacT» B CBOE BpeMs MPOIILJIO MPAKTUIECKH BCE KOMAHIOBAHHE
VYIIA — Bangepa, lyxesuu, Kyk u ap", "Teppopusm pamukaabHOro
nciaMa, Ka3aJoch, ObLIT yKe 3a0bIT B Poccnu, HO B 9TOT pas 6e3 momorimn
VkpauHb! HE 000MILTIOCH"

"Hu mopmasibHO# MegkoMmuccuun, Hu 3amnpoca B [TH/I mo mecry xkuresb-
crBa He 6bu10", "Ho Hama BiracTb, OX0XKe, OOMaHBIBAETCS HE TOJIBKO B
cdepe BHEITHEN MOJUTUKU U MUTPAIMH - €CTh €I[€ MHOI'O WHTEPECHBIX
HanpasieHui"

"A TO omuH cuaMT, & APYrUe, KTO MUJUIMAPIAMU BOPOBAJI HONIA HA ITOBbI-
menne uian nepecuxkusator Ha CBO 6ypro, a morom eme YBB/I nosyuar
U BCE JIBI'OTBI, OYJlyT TOBOPUTH KAK OHU I'epOorvecKu 3amuimaiu Pogumny",
"Ecsn agMuHucTpanys Baiiziena IpoTHB KOro-To U XO4eT Ha JAaHHOM JTalle
BBECTU CAHKIUU B CBsA3U ¢ «CeBEepHBIMU MOTOKAMHU», TAK ITO HAJO Je-
narb nporus Baiinena n Hymawg — K yHUYTOXKEHUIO JTAHHOTO IIPOEKTA
MPU3LIBAJIM UMEHHO OHU"

"D1u “Tapble HOBBIE JIIOAM  STO He KOMaH;a Tpamia, a KOMaHIA, HC-
nosnb3yomaa Tpavna (Mack, Tuas n npou)", "B Tom wucie moromy, 9To
[pecevyeHue HeJIerajJbHON MUTDAIMY WX JIAXKe ONPDAHUYEHMs] CTUXUWHOMN
MUTPAIMNA BBITOJIHO U BJACTIM Y30ekucraHa'

"STa ncropusi TOBOPUT O TOM, YTO si HUKOIJA He OyIy MOJUTHCS 3a Y-
mm Bpara", "Teppuropust Kypckoit obitactu B Gsimkaiitiiee BpeMsi 6yaer
[IOJIHOCTBIO OCBOOOXKJIEHA, OT IIPOTUBHUKA"

"Crasne B BOHHY BCeX HYyXKHBIX BBITACKHBaJI, 9T00bI TpyAunucsk", "Ho xax
Tosibko Poccust orBeTuT, TO MOJIYAHME 3aKOHIUTCH'"

"CaMMuUT TIOKa3aJI, 9TO 3aIa/Ly He MOJIYYIIOCh CAeIaTh POCCHio m3roem Ha
MexK/IyHapoiHo# apene. Haobopor, K HaM TSHYTCsI MHOTHE BJIUSTEIbHbBIE
PEruoHAJIbHbIE UIPOKU KaK K OJHOMY W3 IVIABHBIX AKTOPOB B OOJIBIION
reonosmurraeckoit urpe", "Cerogus nomumo CIITA B Toit min unoit popme
3aKOHOJIATEILCTBO 00 MHOATEHTaX, HO OoJiee TUOEpATHLHOE, I€M aMepUKAH-
ckoe, nefictByer B Bpuranuu, Nspanie, ABcrpasuu, Apyrux crpaHax. B
Poccun, kcratu, 3akon nmpunasaTt B 2012 romxy"

"B uncropuyeckoit Poccun Takoro #e 6n110. Hanporus, Poccust Bo Bee me-
PHOJBI CBOErO CYIECTBOBaHUS 3aInuinaa cBou cumBosbl", "HabuymuHoit
PEIINIIO OTKA3aThCs «OT N300pakeHust OObEKTOB PEJIMIUO3HOI0 Ha3HATe-
HUS 9uTait, OT KpecToB"

"A ecim 3akoH He paboraer, Tak Oyaer qundyesanue”, "Konrpakr - m06po-
BOJIBHO WJIY MPUHYIATEIHLHO B BOMHCKUX 9aCTSAX 3aCTABJSIOT CPOYHUKOB U
MOOHMIM30BAHHBIX MOAIUCHIBATH KOHTPAKT"

"Eciin a0 He urpa, To daxkrudecku, Tpamm maer kapr-6aanm [TyTtuny
— JOBOAM CBOE JIEJIO JI0 KOHIA, a MbI OyzmeM Habmomars", "XorTs JjieBbie
OBEPAT U B 910"

"BHec 3aKOHOIIPOEKT, KOTOPbIN HAJIEJISIeT AHIMJINACKUANA CTATYCOM sI3bIKA
«MeXKyHapoJHOro obrienust» Ha Ykpaune", "OHUX CyBepeHHBIX PE3€PBOB,
OKa3aBIUXCA Teepb 1o, apecToM Ha 3amnaje, 66110 300 Muumapmaos”
"Ucropust 3akoHa 06 mHOareHTax Hadasach B 1938 roxy B CIITA. Hamo
CKa3aTh, €r0 HOPMBI TaM JI0 CUX IIOP OCTAIOTCS CAMBIMU YKECTKUMU B Mupe"
"PezonaHc oT 3TOro MHTEPBBIO ObLT cepbé3ublit, B CIIIA ero sdpdexr
MBITATUCH TepebuTh nHdopManueit 0 BoiBoge Poccreit B KocMOC iy THUKA
C sIZIEPHBIM OPY?KHEM, YTO, ECTECTBEHHO, OKa3aI0Ch (heikom"

"HenmaBuuil coydaii: naBaaug 3 rpynnbl (0 yMCTBEHHON OTCTAJIOCTH),
cocrouT Ha yuére B Psasanckom ncuxaucnancepe"

"CBepxy pUCYIOT IUIAH 110 HADOPY HA KOHTPAKT, PErMOHBI 6EPYT MO, KO3bI-
PEeK ¥ IPHUBJIEKAIOT JII0Jeil BhIIIaTaMu, MolleHHuKY 3apabareiBaior", "Bce,
KpPOME MPABUTEILCTBA, JJIsi KOTOPOrO BAXKHBI CYMMBbI IIOTPAYEHHBIX JICHET
U KpacHUBbIe OTYETHI, & He KOJINIECTBO Jjiereil”

"A BOT KOPPYIIMOHEPHI, KOTOPHIE OTCUXKUBAIOTCS B JI0OPOBOJILIECKUX
dopMUpOBaHUsX, YTOOBI UX HE 3aKpblLiIn, Hy:KHBI", "C OaHOI CTOPOHBI,
nponosxkaroreecss CBO, KoTopoe HUKaK HEJIb3sT 3aKAHIUBATE JI0 TOTO, KaK
€ero peaJjibHbIE 3aJ1a49u Oy/1yT peaIn30BaHbI"

"JIto6oi KpU3KUC, €CJU €ro OJHAXKILI HE IePEJOMHUThb, HE OCTAHOBUTHL U
He IIOBEPHYTH BCIIAITh, 3aKaHIMBaercs Karacrpodoit”", "Ha to mecro, e
6b11a Poccust, mpuayT apyrue HApOmbl, >KU3HEHHOE [TPOCTPAHCTBO OyIeT
KEeM-TO 3ar0JIHeHO"

continued on next page
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continued from previous page

Technique

Example(s)

False Equivalence

Slogans
Conversation _ Killer

Appeal to_ Time

Loaded Language

Obfuscation-Vagueness-Confusion

Exaggeration-Minimisation

Repetition

"Ecaun 310 TaK, X0TEJI0Ch ObI 9TOOBI /10 Hee joBejin KapTuHKy n3 Cupun,
KOTOpasi MPAMO ceifdac, Ha TJia3ax [MPEBPAIAeTCsl B TEPPOPUCTUUECKUN
aHkJaB"

"He Hy>KHO y?KeCTOYaTh 3aKOH, 32KOH J0JI2KEH paboTaTh"
— mitac Boxwmit"

"0 3TO 3a HAAPYTATEJHCTBO HAJ, 3PABBIM CMBICIIOM YXOJSIIEH aJMUHM-
crpanuu?", "T'Herymee, )KyTkoe oxxumanue"

"OHAKO HBLIHENIHAS CUTyallns, KOrja abopT MPUPABHUBAIOT K JIEXKYP-
HOIi ollepanyy BPOJIie YAAJEHHs AIIIEH IUIUTA, IPOJI0JIKATHC He MoxKeT"
"Beimupanne yckopsiercst"

"PenenTbl M3BECTHBI U B IIEJIOM BCe C HUMU coryiacHbl", "B mTypM B OuH
Kouerr"

"o 3a 3asgBiaenusa’ Hescuo", "koTopsle oTimuarorcs 0coboit 1ep30cThio”
"MUTPAIIMOHHOE IVHAMU YI'POXKAET YTOIIUTH AHTJIOT'O-

BOPAIIIUE CTPAHBI 3AITAJIA", "Tak uro mropmuTh Oyaer Bcex. A
B3PBIBBI U CTPEIb0A — 3TO TOJIBKO HAYAJO"

"...Tmac mapona
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Table 16: Few-shot Examples Used for SI Subtask 2

Technique

Example(s)

Name_Calling-Labeling
Guilt_by_Association

Doubt

Appeal_to_Hypocrisy

Questioning_the_Reputation
Flag_Waving

Appeal_to_Authority
Appeal_to_Popularity
Appeal_to_Values
Appeal_to_Fear-Prejudice

Straw_Man

Red_Herring
Whataboutism

Appeal_to_Pity
Causal_Oversimplification

False_Dilemma-No_Choice

Consequential_Oversimplification

False_Equivalence

Slogans
Conversation_Killer
Appeal_to_Time

Loaded_Language
Obfuscation- Vagueness-Confusion
Exaggeration-Minimisation

Repetition

"Golobisti", "birokrati"

"Zamislite si, NSi problema z uporabo nacisti¢nih in faSisticnih simbolov nima,
kajne, danes pa bi rusila ministra", "sicer ne posvetuje z ustreznimi strokovnjaki,
ampak pogovor opravi z JaSo Jenulom, torej osebo, ki je bila v ¢asu vodenja jansistov
veckrat kaznovana, ker je pozival k neprijavljenim protestom"

"seveda s poslu$nim delom", "Navsezadnje pa gre za odgovornost ministra tudi zato,
ker je na vodilno mesto v policiji imenovan neprimeren kader"

"Kljub navedenemu pa je pod ministrom in nekdanjim generalnim direktorjem v
okviru CVZ celo napredoval”, "On je namre¢ obljubljal eno, delal je popolnoma
drugace”

"Gospod minister, nekdo laZe, nekdo laZe in vas spravlja v neroden poloZaj", "ka-
drovski nacrt pa lahko vsakoletno prakti¢no prilagodimo po lastnih preferencah"
"vlado, ki se s civilno druzbo, recimo, ne pogovarja preko vodnih topov, pendrekov,
solzivca in nasilja, ampak za mizo, civilizirano in strpno”

"ni utemeljena na dejstvih", "Stevilke so vas vzele, izdale"

non

"Tako cutijo ljudje, tako govorijo ankete", "v javnosti seveda odmeva"

"skupnim ukrepanjem", "transparentno in zakonito"

"Potem so ti podatki odtekali morda tudi mafijskim kriminalnim zdruzZbam", "pro-
blematike kot so Romi in pa migracije"

"Denimo NSi ustvarja vtis, kot da je migracijska situacija maltene katastrofi¢na in
da so migranti ogrozZajoc element", "be stranki kot prednostno nalogo EU vidita v
tem, da je treba ¢im bolj zabarikadirati zunanje meje Evropske unije in zavrniti ¢im
ve¢ tistih, ki jim uspe priti na ozemlje trdnjave Evropa, ter jih ¢im prej vrniti tja, od
koder so prisli"

"kot Novomescanka", "Za nekatere se je to leto res zacelo sre¢no, veselo in zdravo,
za rudarje v rudniku Velenje pa¢ ne"

"Istocasno pa nihce ne poskrbi za varovanje toZilke Gon¢in", "Tudi nakazilo Svetlane
Makarovi€ ni bilo nezakonito, samo brez pravne podlage je bilo"

"Hvalezna sem jim kot Novomescanka", "Seveda bomo imeli minuto molka"

"Vsak dan smo prica eni novi aferi", "za reSitev te problematike, torej poveCanega
Stevila, torej, problematike kot so Romi in pa migracije, poveca Stevilo policistov
na terenu"

"se upokojijo ali pa si poiscejo boljso zaposlitev in podajo odpoved", "Niste ucinko-
viti in nikoli ne boste vedeli kako uc€inkoviti bi bili, ¢e bi pred enim letom in pol
sprejeli zakone, ki so jih napisali Zupani"

"Bo moral kdo umreti, da boste priznali resnost razmer kot minister in predloZili
sprejem akcijskega nacrta, kjer bi zaceli ta ozka grla odpravljati?”, "Namesto
ustreznega ukrepanja policija na podhodu ZelezniSke postaje v Ljubljani namesti
nalepke z napisom: Ce ste sami Zrtev spolnega”

"Ce primerjamo torej ceno mobilne hiske, ki jo lahko kupimo na trZi§¢u v velikosti
32 m2, z vso opremo, torej kuhinjo, torej hladilniklerjem, sedezno"

"Situacijo je treba nemudoma zaceti reSevati", "Ni¢ ne gre ez noc, tudi reSevanje
romske problematike ne"

non

"ocitno namenoma", "medijski cirkus"

"prisilnih sredstev", "po mnenju poznavalcev"
"enoto policije, od katere so odvisna Zivljenja in varnost oseb, ki jih ogroZajo

non

mafijske zdruzbe", "spomin zlate ribice, da je nastopila vsesploSna in mnoZi¢na
amnezija"
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