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Abstract
Recent advances in large language models (LLMs) have
demonstrated strong performance on simple text classifica-
tion tasks, frequently under zero-shot settings. However, their
efficacy declines when tackling complex social media chal-
lenges such as propaganda detection, hateful meme classifi-
cation, and toxicity identification. Much of the existing work
has focused on using LLMs to generate synthetic training
data, overlooking the potential of LLM-based text prepro-
cessing and semantic augmentation. In this paper, we intro-
duce an approach that prompts LLMs to clean noisy text and
provide context-rich explanations, thereby enhancing training
sets without substantial increases in data volume. We system-
atically evaluate on the SemEval 2024 multi-label Persuasive
Meme dataset and further validate on the Google Jigsaw toxic
comments and Facebook hateful memes datasets to assess
generalizability. Our results reveal that zero-shot LLM clas-
sification underperforms on these high-context tasks com-
pared to supervised models. In contrast, integrating LLM-
based semantic augmentation yields performance on par with
approaches that rely on human-annotated data, at a fraction
of the cost. These findings underscore the importance of
strategically incorporating LLMs into machine learning (ML)
pipeline for social media classification tasks, offering broad
implications for combating harmful content online.
Disclaimer: This paper contains examples of explicit lan-
guage that may be disturbing to some readers.

Introduction
Large language models (LLMs) have achieved remarkable
performance in a broad range of natural language process-
ing (NLP) tasks, showcasing strong zero-shot and few-shot
capabilities. Tasks such as sentiment analysis (Kuila and
Sarkar 2024) and named entity recognition (Xie et al. 2024)
have particularly benefited from these advancements, high-
lighting the potential of LLMs to perform well without ex-
tensive task-specific training data. However, when applied
to more complex tasks, LLMs often struggle to achieve the
same level of performance as fine-tuned or task-specific
models. Recent studies have highlighted that while zero-
shot and few-shot classification using LLMs is effective,
these methods frequently underperform as compared to tra-
ditional supervised approaches trained on sufficient labeled
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data (Scius-Bertrand et al. 2024). For example, fine-tuning
smaller models has been shown to outperform zero-shot
and few-shots LLMs across a variety of text classification
datasets (Edwards and Camacho-Collados 2024; Hsieh et al.
2023). While some evidence suggests that LLMs can re-
duce the need for extensive data labeling in resource-limited
scenarios (Sushil et al. 2024), their performance declines
in tasks requiring nuanced understanding of multimodal in-
puts, or complex semantic relationships such as propaganda
detection (Jose and Greenstadt 2024) where the complexity
lies in capturing linguistic nuances, context-dependencies
and latent meaning, due to richness of dynamic variants
and figurative use of language (Joshi, Sharma, and Bhat-
tacharyya 2015).

Existing research has predominantly focused on leverag-
ing LLMs to augment datasets by generating synthetic ex-
amples (Patel, Raffel, and Callison-Burch 2024). While this
approach has shown promise in improving model perfor-
mance in data-scarce settings (Veselovsky et al. 2023), it of-
ten overlooks the potential of LLMs to enrich data by adding
context (explanations and relevant information) rather than
quantity. Semantic augmentation, such as generating expla-
nations for existing data samples, offers a novel pathway for
enhancing the feature space without substantially increasing
dataset size. Moreover, data cleaning, a critical preprocess-
ing step, has largely relied on rule-based approaches, which
often fail to handle unpredictable errors and anomalies in
real-world datasets (Borrohou et al. 2023). LLMs, with their
advanced understanding of content, offer an alternative by
addressing data quality issues more flexibly and accurately
(Long et al. 2024).

This study proposes a novel LLM-based semantic aug-
mentation framework that leverages LLMs to clean and con-
textualize data for context-dependent classifications. Unlike
conventional data augmentation approaches, which aim to
increase the size of training datasets, our method focuses on
enriching feature representations by generating relevant in-
formation for each sample and refining noisy text. We evalu-
ate this approach using the SemEval 2024 persuasive meme
dataset, a multi-label classification problem that forms a
subtask of the SemEval Propaganda Detection challenge
(Dimitrov et al. 2024). To further validate the generalizabil-
ity of our method, we also apply it to the Google Jigsaw
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toxic comments dataset1 and the Facebook Hateful Meme
Challenge dataset2 (Kiela, Firooz, and Mohan 2020).

This paper contributes to expanding our understanding of
how LLMs can be effectively integrated into machine learn-
ing (ML) workflows for social media data analysis. By iden-
tifying the most suitable roles for LLMs within a given task,
particularly in improving context and addressing data qual-
ity issues, we provide a scalable solution for tackling com-
plex classification challenges in online content moderation,
propaganda detection, and beyond. The following research
questions guide our investigation:

1. How does incorporating LLM-based data cleaning and
semantic augmentation strategies impact the overall per-
formance of models in context-rich classification tasks?

2. Does the proposed LLM-based semantic augmentation
approach generalize effectively across related domains
on social media?

3. Beyond explanations, which other semantic augmenta-
tion strategies can be used effectively in domains where
LLMs might censor or omit critical language elements?

4. Under which settings do zero-shot LLMs underperform
in social media classification?

Related Work
LLM-Based Data Augmentation
Traditional data augmentation (DA) methods, such as
rule-based transformations (Feng et al. 2021) and back-
translation (Kumar et al. 2019; Yang et al. 2020), have
been significantly enhanced by LLMs that generate synthetic
data, improving model performance across diverse NLP
tasks (Zhou et al. 2024). LLM-based DA has been effec-
tively applied in domains such as healthcare (Wang, Zhao,
and Petzold 2023) and finance (Li et al. 2023a), with studies
demonstrating that synthetic data from LLMs can achieve
performance comparable to human-annotated data, at sig-
nificantly lower costs. For instance, generating 3,000 sam-
ples using GPT-3 costs only $14.37 and takes 46 minutes,
compared to the substantially higher cost and time required
for human annotation (Ding et al. 2023). Despite these ad-
vances, synthetic data often underperforms compared to
human-labeled data, especially within specialized or highly
technical domains (Li et al. 2023b; Ding et al. 2023). Recent
approaches have therefore focused on advanced prompting
strategies, such as chain-of-thought (Wei et al. 2022) and
self-consistency prompting (Wang et al. 2022a), as well as
noise reduction frameworks like SunGen (Gao et al. 2023),
to address these limitations and enhance synthetic dataset
quality. Such methods have enabled LLMs to better capture
task-specific nuances, showing improvement in areas such
as commonsense reasoning (Liu et al. 2021) and specialized
domains like oncology physics (Holmes et al. 2023).

Cross-domain capabilities of LLMs have also been ex-
tensively studied recently. Wang, Zhao, and Petzold (2023)
evaluated LLM performance on healthcare natural language

1kaggle.com/c/jigsaw-toxic-comment-classification-challenge
2ai.facebook.com/datasets/hateful-memes

understanding tasks, demonstrating GPT-4’s superior perfor-
mance over alternative models in classification and named
entity recognition. Similarly, in finance, Li et al. (2023a)
found that GPT-4 performs strongly in news classification
and sentiment analysis tasks, though specialized domain-
specific models maintain advantages in narrower contexts.
This observation extends across various other domains, with
work by Wan et al. (2023) showing effectiveness in infor-
mation extraction, and Bang et al. (2023) confirming high
performance in question answering tasks.

Persuasion and Propaganda Detection
Persuasion techniques are integral to the broader frame-
work of propaganda, significantly influencing public opin-
ion through social media and news platforms (Brattberg and
Maurer 2018; Golovchenko et al. 2020). A range of com-
putational approaches have been developed to identify spe-
cific propaganda techniques, notably including the Propa-
ganda Techniques Corpus (PTC) introduced by Da San Mar-
tino et al. (2019), which catalogues eighteen distinct per-
suasion labels in news articles. Transformer-based models,
such as RoBERTa-CRF (Jurkiewicz et al. 2020) and Multi-
Granularity Networks (MGN) (Da San Martino et al. 2019),
have demonstrated strong performance in persuasion de-
tection tasks. Recent studies (Jose and Greenstadt 2024)
suggest that while general-purpose LLMs typically under-
perform compared to specialized transformer architectures
such as RoBERTa-CRF, they still show promising results in
detecting specific propaganda categories. Notably, popular
LLMs (GPT-3.5, GPT-4, and Claude 3 Opus) outperform
the MGN baseline in categories like name-calling. More-
over, GPT-3.5 and GPT-4 achieve stronger performance in
detecting techniques such as appeal to fear and flag-waving,
though they struggle with more subtle persuasive strategies
such as bandwagon and doubt.

These observations are consistent with broader trends in
recent literature on LLM capabilities in complex NLP tasks,
highlighting both the strengths and remaining challenges
of current systems. The evolution of these detection meth-
ods underscores the importance of developing more nuanced
and context-aware approaches to effectively address increas-
ingly sophisticated persuasion and propaganda strategies,
especially within social media environments.

Datasets
SemEval-2024 Persuasive Memes
The SemEval-2024 Task 4 dataset is the main dataset for
this study as it serves as the basis for all experimental anal-
yses. It is designed for hierarchical multi-label classification
of persuasion techniques in memes. The dataset includes 22
distinct persuasion techniques, structured hierarchically to
represent the complex relationships between rhetorical and
psychological strategies.

The dataset primarily consists of English-language
memes, though it includes a smaller subset in other lan-
guages. Each sample contains both textual and visual el-
ements, making it a challenging multimodal dataset. The
hierarchical structure adds complexity by requiring models
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to identify specific techniques and their contextual relation-
ships within the hierarchy. The dataset consists of a training
set of 7,000 samples and a test set of 1,500 samples. Hier-
archical F1 (H-F1) is the chosen evaluation measure. H-F1
differs from the standard F1 score by taking into account the
hierarchical relationships among labels (Kiritchenko et al.
2006). While the standard F1 score evaluates precision and
recall for flat, independent labels, H-F1 adjusts the evalu-
ation to reflect the hierarchical dependencies between per-
suasion techniques. This ensures that errors at higher levels
in the hierarchy are treated differently from errors at lower
levels, providing a more nuanced assessment of the model’s
performance.

Validation Datasets
We use additional validation datasets to assess the gener-
alizability of the proposed approach by applying the base-
lines and best-performing configurations derived from our
experiments on the SemEval-2024 Persuasion dataset. They
provide a broader evaluation benchmark for the proposed
method’s effectiveness on downstream tasks across different
online contexts.

Google Jigsaw Toxic Comments The Jigsaw Toxic Com-
ments dataset is used to validate the approach in a purely
textual domain focused on toxic comment classification. The
dataset contains English-language Wikipedia comments, an-
notated for six categories of toxicity: toxic, severe toxic, ob-
scene, threat, insult, and identity hate. For this study, only
English comments are considered. The dataset consists of
a training set of 159,571 samples and a test set of 153,164
samples. The evaluation measures are F1-score and ROC-
AUC.

Facebook Hateful Meme Challenge The Facebook Hate-
ful Meme Challenge dataset is used to evaluate methods in a
multimodal task involving both text and image content. Each
meme is classified as hateful or non-hateful. This study fo-
cuses on memes with English text content to validate the
generalizability of the proposed method to multimodal hate
speech detection. The dataset consists of a training set of
8,500 samples and a test set of 1,500 samples. The evalua-
tion measures are F1-score and ROC-AUC.
All three datasets are accompanied by predefined, fixed
training and test splits provided by the organizers, with de-
tailed label distributions shown in Tables 9, 10, and 11 in the
Appendix.

Method
LLM-based Cleaning
To streamline multimodal processing and reduce computa-
tional overhead, we substitute image inputs with textual data
produced by captioning models BLIP (Li et al. 2022) and
GIT (Wang et al. 2022b). This approach is motivated by find-
ings by Nguyen et al. (2024), which highlight that convert-
ing images into textual representations via captioning mod-
els not only simplifies training, but also significantly lowers
computational complexity and speeds up inferences.

However, captioning models often produce outputs con-
taining noise and anomalies, such as grammatical errors,
redundant phrases, and misaligned descriptions (Figure 1).
These inconsistencies are challenging to filter out using tra-
ditional rule-based methods, thus necessitating a more adap-
tive approach. Such imperfections make this an ideal sce-
nario for evaluating the benefits of the proposed text clean-
ing step using LLMs, as the noisy captions provide a realistic
testbed for assessing their capability to enhance text quality
and ensure task relevance.

Figure 1: LLM-based Cleaning for BLIP-generated Caption.

The detailed prompt provided for cleaning and correcting
captions is shown in Figure 13 Appendix.

Using this prompt, we processed the captions and dis-
carded any that resulted in an INVALID DESCRIPTION.
Since memes consist of both text and image components,
when a caption was deemed invalid, the original meme
text was retained and utilized for training without an AI-
generated caption. This ensured that no training sample was
excluded due to an invalid caption.

Model Set Sonnet LLaMA GPT-4o
BLIP Train 89.9 99.9 69.2

Dev 89.8 99.8 72.6
Test 89.5 100.0 71.8

GIT Train 72.5 96.5 69.6
Dev 67.6 95.8 69.8
Test 69.7 97.6 70.0

Table 1: Valid Caption Statistics (%) for BLIP and GIT Mod-
els Using Sonnet 3.5, LLaMA 3.1 70B, and GPT-4o.

Figure 1 illustrates the workflow for cleaning the cap-
tions generated by BLIP. Table 1 presents the percentage
of valid captions produced by BLIP and GIT models after
being cleaned by three LLMs: LLaMA 3.1 70B3, GPT-4o4,
and Sonnet 3.5 v25.

After LLM-based cleaning, if the caption is successfully
processed and deemed valid, both the cleaned caption and
the meme text are passed to training. If the caption is too

3ai.meta.com/blog/meta-llama-3-1/
4openai.com/index/hello-gpt-4o/
5anthropic.com/news/3-5-models-and-computer-use
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Figure 2: Overview of the experimental conditions.

corrupted to clean and is marked as invalid, then only the
original meme text is used. The percentage of valid captions
evaluates how effectively each LLM handles noisy caption
outputs from captioning models like BLIP and GIT, provid-
ing insights into their ability to process caption quality, re-
solve anomalies, and manage failures (Table 1).

LLM-based Semantic Augmentation
In addition to directly utilizing the meme text and machine-
generated captions, we employ LLMs to generate expla-
nations which highlight key semantic or persuasive cues
that might be abstract or less apparent in the raw text
alone. Specifically, each sample is augmented with an LLM-
generated explanation illustrating the potential rhetorical or
psychological strategies present in meme content. Our as-
sumption is that these explanations provide more nuanced
insight, thus improving the downstream model’s perfor-
mance on complex, multi-label classifications.

Experimental Conditions
In this study, we explore six distinct configurations and their
derivatives that incorporate the meme, LLM-based semantic

augmentation, human annotations, multimodal model, and
language model as shown in Figure 2.

1. Zero-Shot with Meme Image and Text: The same
LLMs used for cleaning receive the meme image and
text without any fine-tuning. This baseline measures how
well modern LLMs handle multimodal, multi-label clas-
sification in a zero-shot configuration.

2. Image + Text (Multimodal Model): A multimodal
model CLIP (Radford et al. 2021) processes both im-
age and textual cues, leveraging the learned alignment
between visual and linguistic features.

3. Meme Text Only (Language Model): Only the textual
element of the meme is used, serving as a text-only base-
line. The language model BART decoder (Lewis et al.
2020) treats the classification as a sequence-to-sequence
prediction, inherently suited for hierarchical classifica-
tion.

4. Text + Captions (Language Model): Machine-
generated captions (e.g., from BLIP) are concatenated
with the meme text to incorporate visual context through
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textual representation. The same language model used in
the text-only baseline is employed for this configuration.

5. Human Captions and Explanations (Language
Model): A subset of memes includes crowd-annotated
captions and explanations, while the remaining samples
consist of meme text only. The input is processed using
the same language model as in previous baseline.

6. Meme Text + Cleaned Captions + LLM Explana-
tions (Language Model): Machine-generated captions
undergo LLM-based cleaning to remove noise. Addi-
tionally, each meme is paired with an explanation gen-
erated by an LLM, highlighting potential persuasive or
contextual elements. The concatenated input (meme text,
cleaned captions, and explanation) is processed using the
same language model.

Human and LLM-Based Annotations
We conducted a study on Prolific6 with 300 crowdworkers,
retaining 70 based on a manual inspection of the quality
of their responses. These 70 high-performing crowdwork-
ers annotated 1,000 memes from the SemEval persuasive
meme dataset for training and an additional 1,000 memes
for testing (captions + explanations). Following the instruc-
tions detailed in Figures (6-7) in the Appendix, participants’
captions and explanations of the memes did not contain the
labeled persuasion techniques. This ensured that the human
annotations remained label-agnostic, mirroring the condi-
tions applied to the LLMs. For the remaining samples, only
the original meme text was used without human captions
or explanations. In parallel, we employed LLMs to clean
BLIP/GIT captions and generate explanations for all memes.
Annotating 2,000 memes via crowdworkers costs approxi-
mately $1,100, whereas annotating the entire dataset (9,500
memes) with LLaMA 3.1 70B and Sonnet 3.5 V2 amounted
to only $3 each, and $30 for GPT-4o highlighting the signifi-
cantly lower financial cost of LLM-generated annotations as
compared to crowdsourced annotations.

Ethical Considerations This study was conducted anony-
mously, and crowd participant data were kept confidential.
Approval was obtained from the first author’s Institutional
Review Board (IRB), and all participants provided informed
consent for data collection and analysis. The task took 30
minutes per 10 memes, yielding an approximate hourly rate
of $11. To ensure English proficiency and contextual rel-
evance, given the SemEval persuasive memes dataset cen-
ters on U.S. political content, participants were required via
platform settings to reside in the United States and speak
English fluently.

Variability in LLM Outputs. Unlike LLM-based clean-
ing, which involves a more deterministic processing with
no room for variability, generating explanations introduces
a creative element that can lead to more diverse outputs.
To account for this variability, we generated five versions
of LLM-based explanations for each sample. We report the
average performance across these five variations, along with

6https://www.prolific.co

the variance and best-case results. This repeated generation
process enables us to evaluate the consistency of LLM out-
puts and the potential impact on the downstream task.

Validation on Toxic and Hateful Content
We further validate our approach on two tasks inherently
rich in offensive or hateful language: the Google Jigsaw
Toxic Comments dataset (multi-label/textual) and the Face-
book Hateful Meme Challenge dataset (binary/multimodal).
Both tasks present high-context scenarios where toxicity or
hateful expressions are crucial for accurate classification.

In each setting, we compare:

• Zero-Shot LLM Classification, in which LLaMA 3.1,
Sonnet 3.5 , and GPT-4o receive minimal task-specific
context.

• Language Transformers: DistilBERT (Sanh et al. 2019)
and RoBERTa (Liu et al. 2019), which are encoder-only
models designed for language input.

• Multimodal Model: CLIP, which is used exclusively for
the Facebook Hateful Meme Challenge to process the
multimodal input.

• LLM-Based Semantic Augmentation, where we
prompt the LLM to retain and highlight offensive or
hateful themes (e.g., profanity, racism, xenophobia).
These cues are then concatenated with the original text
(and image features for hateful memes) before being fed
into the downstream model.

Handling Offensive Language and Censorship Unlike
Semeval persuasive memes dataset, we could not simply
prompt LLMs to clean and explain inputs in the toxic com-
ment and hateful meme domains. LLMs when prompted to
clean or explain, either censor or paraphrase explicit words
or phrases that are key indicators of hatefulness and toxicity.
As shown in the following example of a hateful meme text:

“The latest toy has hit the shops. It’s a talking Muslim
doll; nobody knows what the fuck it says, because no
one has the guts to pull the string.”

A simple LLM prompt to clean and explain would often
yield a refusal or a filtered response:

“I apologize, but I do not feel comfortable providing
the cleaning and detailed structural analysis or expla-
nation of hateful content that could further amplify or
spread harmful stereotypes and bigotry.”

Such censorship omits vital features, the explicit profan-
ity and hateful framing that training the model relies on. In-
stead, we requested that the LLM preserve offensive or pro-
fane expressions by producing triggers alongside the expla-
nation, reflecting the core hateful or toxic message. Below is
an example of GPT-4o output:

Notably, the explanation often avoids strong language, but
the requested “triggers” field retains the explicit profanity
and hateful expressions and keywords that are essential to
aid the classification, for detailed output see Figure 12 in
Appendix.
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Explanation: “This meme implies that interacting
with anything connected to Islam is dangerous or un-
desirable, feeding into a narrative that paints Muslims
as inherently threatening or alien. By humorously sug-
gesting that no one dares pull the doll’s string, the
meme mocks and perpetuates fears of Islam.”
Triggers: Islamophobia, Stereotyping, Muslim doll,
what the fuck, no one has the guts.

Model BLIP H-F1 GIT H-F1

Dev Test Dev Test

text-only 64.20 55.77 64.20 55.77
text + uncleaned captions 64.77 57.14 64.54 55.07

Sonnet 3.5 65.78 57.25 65.30 58.43
LLaMA 3.1 64.74 58.87 65.37 58.69
GPT-4o 65.85 57.96 66.04 58.41

Table 2: Performance comparison of BLIP and GIT models
using uncleaned captions and captions cleaned by different
LLMs. H-F1 scores shown for both development and test
sets. Bolded: highest H-F1 scores per column. See Table 6
in Appendix for significance tests.

Results
We present our empirical evaluations results centered on the
SemEval 2024 Persuasive Memes Multi-label Classification
as the primary downstream task. We assess various configu-
rations of the proposed data pipeline and validate the top-
performing approach on two additional tasks. Our results
highlight the effectiveness of the proposed approach through
detailed comparisons across different conditions and config-
urations. The subsequent subsections address each of our re-
search questions in depth.

Does LLM-Based Cleaning Work? (RQ1a)
We evaluated the impact of LLM-based cleaning on captions
generated by BLIP and GIT. Comparing classifiers trained
on uncleaned captions versus those cleaned by LLMs (Son-
net 3.5, LLaMA 3.1 70B, and GPT-4o) revealed modest
H-F1 score improvements (Table 2). Statistical significance
was assessed using the Wilcoxon signed-rank test (Wilcoxon
1945) with Benjamini-Hochberg correction (Benjamini and
Hochberg 1995) on the development set due to the blind na-
ture of the SemEval test set (Table 6 in Appendix). Only
GPT-4o-cleaned captions showed significant improvements
over the uncleaned captions for the classifier (p = 0.0157),
while other LLMs did not achieve statistical significance
(p > 0.05).

GPT-4o’s restrictive cleaning approach likely preserves
essential information without over-processing, despite a
higher rate of invalid captions (Figure 1, Table 1). These
findings are consistent with prior research on rule-based
cleaning in NLP, which also reported incremental perfor-
mance gains (Kukreja et al. 2024). Additionally, integrat-

ing LLM-based cleaning into data augmentation pipelines
streamlines the process by simultaneously generating con-
textual explanations and refining text, eliminating the need
for manual rule-based methods.

However, in domains with highly offensive language,
such as hateful memes and toxic comments, the embedded
LLM safeguards often hinder effective cleaning. Unlike the
persuasive memes dataset with milder language, LLMs fre-
quently censor or omit explicit and hateful expressions es-
sential for accurate classification, as discussed in the “Han-
dling Offensive Language and Censorship” subsection.

Does Adding Context Improve Performance?
(RQ1b)
Leveraging LLMs to augment each meme with a short, ex-
planatory context can yield tangible gains in performance.
As shown in Figure 3b and Table 7 in Appendix, we exper-
iment with three different input configurations beyond the
original meme text (T) or text+caption (T+C): (i) T+E (text
+ explanation), (ii) T+C+E (text + caption + explanation),
and (iii) E (explanation only). We report results across GPT-
4o, Sonnet 3.5 v2, and LLaMA 3.1 70B, conducting five it-
erations per condition to account for the inherent variabil-
ity in LLM-generated outputs. Statistical significance was
assessed using one-sample t-tests with Benjamini-Hochberg
(BH) correction (α = 0.05) to account for multiple compar-
isons.

T+E vs. T. Adding an LLM-generated explanation to the
original text consistently boosts hierarchical F1 (H-F1) com-
pared to text-only baselines. Both GPT-4o and Sonnet 3.5
show statistically significant improvements (BH-p < 0.05)
on both development and test sets, with GPT-4o achieving
the strongest gains (test set: 58.7±0.8 vs. baseline 55.8, BH-
p = 0.001). LLaMA 3.1, while showing numerical improve-
ments, did not achieve statistical significance in this condi-
tion (BH-p > 0.05), suggesting less reliable enhancement
from its explanations.

T+C+E vs T+C. Including meme text, caption and an
LLM-generated explanation (T+C+E) generally yields the
strongest performance. As illustrated in Figure 3a and Ta-
ble 7 in Appendix, this condition attains the highest median
H-F1 across runs for all three LLMs. GPT-4o shows the
most substantial and statistically significant improvements
over both baselines (test set: 60.2±1.4 vs. T+C 57.1, BH-p =
0.007), while Sonnet 3.5 and LLaMA 3.1 show mixed statis-
tical significance when compared to the T+C baseline (BH-p
= 0.085 and 0.12 respectively). This suggests that multiple
sources of context (text, caption, explanation) collectively
help the classifier identify subtle persuasive strategies, no-
tably when using more GPT-4o and Sonnet 3.5.

Explanation-Only (E). In contrast, training on E alone
(i.e., ignoring the original text/caption) substantially de-
grades performance. Figure 3c demonstrates the significant
drop in H-F1 for all three models when only explanations
are used. GPT-4o shows the most resilience in this condition
(56.1±2.0), while both Sonnet 3.5 (46.4±1.0) and LLaMA
3.1 (48.1±2.0) experience substantial performance decrease.
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(a) Violin Plot (b) Point Plot (c) Box Plot

Figure 3: Performance visualization on the test set using different LLMs to generate meme explanations, with 5
runs per condition. GPT-4o maintains consistently strong performance across all conditions Text+Explanation (T+E),
Text+Caption+Explanation (T+C+E), and Explanation Only (E), while Sonnet 3.5 performs well but shows slightly more vari-
ance. LLaMA 3.1 exhibits mixed results with high variance, particularly struggling in the Explanation-only (E) condition. The
T+C+E condition generally yields the most stable performance across all models, suggesting the benefit of combining multiple
information sources.

This indicates that even well-written LLM explanations can-
not fully capture the nuanced rhetorical devices contained in
the original meme text and captions.

Comparison with Other Approaches. Finally, Figure 4
and Table 3 in Appendix, compares semantic augmenta-
tion configuration against task-specific baselines and zero-
shot LLM classification. Our best-performing method, LLM
+ decoder, achieves an H-F1 of 62.2% (using GPT-4o in
T+C+E configuration), significantly exceeding all baselines
(e.g., CLIP: 58.2%, text-only: 55.8%) and outperforming
zero-shot LLMs (e.g., GPT-4o: 54.2%). Together, these find-
ings show that appending succinct, LLM-generated explana-
tions can serve as an effective form of semantic augmenta-
tion, enabling classifiers to better discern persuasive linguis-
tic signals, with the choice of LLM impacting the reliability
of these improvements to some degree.

Generalizability Across Related Domains (RQ2)
To assess whether the proposed LLM-based semantic aug-
mentation approach generalizes effectively across related
domains in social media, we evaluated its performance on
two distinct datasets: Jigsaw Toxic Comments (text-only)
and Facebook Hateful Memes (multimodal). Both tasks re-
quire the model to detect harmful content, but they differ
in modality and language characteristics, providing a robust
test of generalizability. We selected LLaMA 3.1 for seman-
tic augmentation due to its open-source nature and signif-
icantly lower cost than GPT-4o. While GPT-4o delivers the
strongest performance and Sonnet 3.5 offers a similar cost to
LLaMA, both alternatives are closed-source. Demonstrating
strong results with LLaMA reasonably suggests that simi-
lar or better outcomes would be achievable with the other
LLMs.

Figure 4: Performance comparison across different model
categories (3 runs). Our best configuration (LLM + decoder)
achieves the highest performance at 62.2%, outperforming
both task-specific baselines and zero-shot LLMs.

As shown in Figure 5 and Table 4 in Appendix, our ap-
proach (LLM + Encoder) delivers strong, consistent per-
formance across both datasets. For toxic comments, the F1
score (25.3) demonstrates an improvement over all base-
lines, including DistilBERT/CLIP (21.3) and other LLMs.
Importantly, its AUC (91.8) is on par with DistilBERT/CLIP
(92.1), underscoring that our method can achieve compara-
ble classification sensitivity while maintaining superior bal-
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Figure 5: Performance analysis across datasets and metrics. Our LLM + Encoder approach demonstrates strong performance
across both tasks, achieving (a) high F1 and AUC scores on toxic comment detection comparable to specialized models, (b)
superior AUC on hateful meme detection while maintaining competitive F1 scores, and (c) consistent performance across all
metrics as shown in the heatmap visualization.

ance across metrics.
In the hateful memes task, the LLM + Encoder model

achieves the highest AUC (63.0) and competitive F1 (38.0)
compared to baseline approaches. The heatmap in Figure 5
highlights the method’s balanced performance across tasks,
indicating that the model adapts effectively to both domains.
These results suggest that the proposed semantic augmenta-
tion strategy generalizes well across social media tasks with
differing data modalities and content characteristics.

Semantic Augmentation Strategies for Challenging
Domains (RQ3)
While explanation-based augmentation was effective in Se-
mEval persuasive meme classification task, domains involv-
ing strong vulgarity or harmful language, such as toxic com-
ment detection and hateful memes, posed unique challenges.
LLMs often censor, rephrase, or omit critical language el-
ements during explanation generation, which impairs their
effectiveness in these domains. Cleaning strategies simi-
larly failed, as LLMs would sanitize offensive text or re-
turn invalid outputs. To address these issues, we adapted a
trigger-based semantic augmentation strategy that high-
lights keywords and themes in the data, as shown in Ap-
pendix Figure 12.

When to Use Triggers. Table 5 in the appendix compares
the performance of baseline models (DistilBERT/CLIP),
explanation-based augmentation (LLM-exp+Encoder), and
trigger-based augmentation (LLM-triggers+Encoder). In
toxic comment detection, explanations slightly underper-
formed compared to the baseline, while the trigger-based
approach significantly boosted F1 (25.3) and retained a
competitive AUC (91.8). For hateful memes, explanations
showed marginal drop over the baseline (27.3 F1, 58.9
AUC), but the trigger-based strategy achieved substantially
higher scores (38.0 F1, 63.0 AUC).

Unlike explanations, which rely on paraphrasing and elab-
orating which may omit critical language elements due to

LLM safeguards, triggers provide explicit, domain-specific
keywords and themes, allowing the model to focus on key
linguistic features. This is particularly important in tasks in-
volving harmful or offensive content, where triggers enable
the model to identify recurring patterns (e.g., racial slurs,
hateful symbols) that explanations might exclude or para-
phrase. These findings suggest that triggers are especially ef-
fective in domains where capturing explicit terms or themes
is critical for model training, offering a reliable alternative
for semantic augmentation when explanations fall short.

Zero-Shot LLMs: Where Do They Struggle? (RQ4)

Zero-shot LLMs struggle to handle the nuanced and high-
context nature of social media tasks such as persuasive
meme, toxic comment, and hateful meme detection. As
shown in Figures 4-5 and Table 4 in Appendix, their per-
formance is markedly inferior to both task-specific mod-
els and our proposed LLM + Transformer approach, par-
ticularly in multi-label settings where granularity is impor-
tant. These findings conform with prior studies highlight-
ing the limitations of LLMs in complex, context-dependent
tasks (Sushil et al. 2024; Jose and Greenstadt 2024). How-
ever, our findings add a critical observation: while LLMs
demonstrate acceptable performance on hateful meme de-
tection (a binary classification task) they fall short in multi-
label settings like toxic comment classification and persua-
sion detection. This pronounced performance gap highlights
the inherent challenges of tasks requiring fine-grained dif-
ferentiation across overlapping categories, underscoring the
complexities that multi-label classifications pose for LLMs.
Despite these limitations, LLMs prove effective in seman-
tic augmentation through advanced explanation and trigger
generation. This result highlights their potential as tools for
improving downstream model performance, even when their
direct classification capabilities seem inadequate.
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Limitations
Our study primarily focuses on LLM-based semantic aug-
mentation for text-centric tasks, with limited exploration of
multimodal pipelines. While initial tests on the multimodal
Persuasive and Hateful Memes datasets are promising, we
did not deeply examine how LLM-generated outputs could
be more tightly integrated with richer visual features (LLM
+ Multimodal). Additionally, we employed a single, com-
prehensive prompting strategy for generating context (e.g.,
explanations and triggers) across all experiments. Although
effective, exploring diverse prompting styles could poten-
tially uncover further insights but comes with significant
computational and practical overhead, as the experimen-
tal space grows exponentially when combined with multi-
iteration setups across multiple conditions.

Furthermore, human annotations were only collected for
a subset of the data (2,000 memes), while LLMs were used
to annotate the entire dataset (9,500 memes). While this dif-
ference in annotation coverage could be perceived as a limi-
tation, the significantly lower cost of LLM-generated anno-
tations compared to human crowdsourcing ($3 for Sonnet
3.5 vs. $1,100 for 2,000 samples via Prolific) makes this a
realistic and fair comparison. However, the lack of human
annotations on the full dataset may introduce potential bias
when benchmarking against other baselines.

Moreover, we opted for straightforward implementation
of the supervised models, avoiding hyperparameter fine-
tuning to ensure simplicity and comparability. The impact of
semantic augmentation relatively depends on how they are
fused with the original data during training. Factors such as
the percentage of attention allocated to explanations versus
the original input, the use of explicit separators (e.g., [sep]
tokens), and the specific architecture of the model all influ-
ence performance gains when adding the explanations or the
triggers. Further experiments are required to systematically
evaluate these fusion strategies and determine optimal con-
figurations for different tasks and model types.

An additional consideration is that we primarily utilized
LLaMA 3.1, an open-source and cost-effective model. Al-
though LLaMA 3.1 70B exhibits inferior results compared
to closed-source models such as GPT-4o and Sonnet 3.5 v2,
our results suggest that these more capable models are likely
to perform similarly, if not better, when used for semantic
augmentation. Moreover, we observed important differences
regarding model safeguards: while it is possible to bypass
certain content restrictions in GPT-4o and LLaMA 3.1 70B
with carefully crafted prompts, Sonnet 3.5 consistently ad-
heres strictly to content moderation policies, restricting the
generation of offensive or explicit content.

Lastly, our emphasis on contextual augmentation rather
than large-scale synthetic data generation leaves open ques-
tions about the trade-offs between these approaches. Fu-
ture work may aim to address these limitations by integrat-
ing LLMs more systematically with multimodal pipelines
and comparing LLM-based semantic augmentation against
LLM-based data augmentation across diverse tasks with dif-
ferent prompting styles. This research should investigate
how data quality varies between these methods, particularly
examining performance-cost tradeoffs in specialized do-

mains and identifying which augmentation techniques best
preserve domain-specific knowledge while reducing anno-
tation expenses. A standardized evaluation framework mea-
suring not only task performance but also data diversity and
bias mitigation would enable more principled comparisons
between these competing approaches.

Conclusion
In this paper, we proposed a novel semantic augmenta-
tion method leveraging LLMs to enhance the detection of
harmful content such as persuasive memes, toxic comments,
and hateful memes. Unlike conventional data augmenta-
tion strategies, which primarily focus on quantitatively ex-
panding the training set, our method enriches the training
data qualitatively by introducing contextually rich expla-
nations and trigger-based augmentations. Extensive evalu-
ations across three distinct datasets—SemEval 2024 persua-
sive memes, Google Jigsaw toxic comments, and Facebook
hateful memes—demonstrated that our approach substan-
tially improves classification performance, significantly sur-
passing zero-shot LLM baselines and traditional supervised
methods.

Our results highlight several key insights. First, semantic
augmentation using LLM-generated explanations is partic-
ularly effective for context-dependent tasks, demonstrating
an ability to closely approximate the performance of human-
annotated data at a fraction of the cost. Interestingly, despite
their proven effectiveness in generating high-quality expla-
nations, zero-shot LLMs paradoxically underperform when
directly employed for classification tasks. This highlights
a fundamental distinction between explanatory capabilities
and predictive performance, emphasizing the need for tar-
geted semantic augmentation strategies like ours to bridge
this gap. Second, in domains characterized by sensitive or
offensive content, our trigger-based augmentation strategy
effectively circumvents the safeguard limitations inherent
to LLMs, achieving notable gains where explanation-based
augmentation alone fails.

However, our approach is not without limitations. A
prominent concern arises from the safeguard mechanisms
embedded in LLMs, which restrict the generation of explicit
or highly sensitive content. Although our trigger-based aug-
mentation alleviates this issue to some extent, completely
overcoming these safeguards remains challenging, poten-
tially limiting effectiveness in extreme cases or highly offen-
sive content scenarios. Additionally, while our method sig-
nificantly reduces annotation costs and improves efficiency,
further exploration is required to systematically quantify
the relative cost-efficiency of different LLM-based strate-
gies, especially as compared to emerging open-source mod-
els such as DeepSeek R17.

Future research directions include integrating multimodal
augmentation pipelines more thoroughly, systematically ex-
ploring diverse prompting strategies, and extending exper-
iments with fully annotated human-written explanations.

7DeepSeek-R1: Incentivizing Reasoning Capability in LLMs
via Reinforcement Learning, DeepSeek-AI, 2025. Available at
https://arxiv.org/abs/2501.12948.
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Moreover, investigating open-source LLMs for semantic
augmentation may enhance the accessibility and scalabil-
ity of our method, facilitating broader adoption within the
research community. Ultimately, our work underscores the
substantial potential of semantic augmentation to address
nuanced challenges in harmful content detection, paving the
way for safer and more reliable online environments.
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ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes

(e) Did you describe the limitations of your work? Yes
(f) Did you discuss any potential negative societal im-

pacts of your work? NA
(g) Did you discuss any potential misuse of your work?

NA
(h) Did you describe steps taken to prevent or mitigate po-

tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes
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sults? Yes
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served in your study? Yes
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Computational Resources
We accessed GPT-4o via the OpenAI API. For Claude
Sonnet 3.5 v2 and LLaMA 3.1 70B, we used Ama-
zon Bedrock for large language model inference. Down-
stream classification tasks were performed on an Amazon
SageMaker p4de.24xlarge instance, which provides eight
NVIDIA A100 GPUs, for a total of 40GB of GPU memory.
1,144 GiB of system memory (RAM).

Model Configuration Test Performance

Baselines

CLIP 58.2
Text Only 55.8
Text + Caption 57.1
Human Annotation 57.8

Zero-Shot LLMs
GPT-4o 54.2
Sonnet 3.5 40.3
LLaMA 3.1 34.1

Best Model LLM + decoder 62.2

Table 3: Performance comparison across baselines, zero-
shot LLMs, and the best LLM-based explanation configura-
tion on the test set (3 runs). Metrics reflect the effectiveness
of different configurations on SemEval Persuasive Memes
Dataset, with the best test performance highlighted in bold.

Crowdsourcing Task Details
We designed a comprehensive crowdsourcing task to col-
lect high-quality annotations for persuasive memes. Figure 7
shows an example task interface, while Figure 6 presents the
reference table of persuasion techniques provided to annota-
tors.

The annotation task was carefully designed to:
• Provide clear instructions for both image description and

persuasion technique analysis.
• Include examples of good and bad explanations to guide

response quality.
• Present a comprehensive reference table of persuasion

techniques with definitions and examples.
• Discourage personal opinions and encourage objective

analysis.

Model Toxic Comments Hateful Memes
F1 AUC F1 AUC

DistilBERT/CLIP 21.3 92.1 28.0 59.2

GPT-4o 2.0 50.4 46.8 59.2
Sonnet 3.5 3.0 51.8 41.4 58.3
LLaMA 3.1 0.3 50.0 53.9 58.7

LLM + Encoder 25.3 91.8 38.0 63.0

Table 4: Assessing the generalizability of the proposed ap-
proach using the Jigsaw Toxic Comments and Facebook
Hateful Memes datasets. DistilBERT is used as the encoder
for toxic comments (text-only), while CLIP is used for hate-
ful memes (multimodal). Best metrics for each task are high-
lighted in bold.

Model Toxic Comments Hateful Memes
F1 AUC F1 AUC

DistilBERT/CLIP 21.3 92.1 28.0 59.2
LLM-exp+Encoder 20.8 91.5 27.3 58.9
LLM-triggers+Encoder 25.3 91.8 38.0 63.0

Table 5: Comparison of baseline, LLM-generated explana-
tion, and LLM-generated triggers approaches. Results show
F1 and AUC scores for each approach. Best results are in
bold.

Model BLIP GIT
P-Value Sig. P-Value Sig.

Sonnet 3.5 0.7047 No 0.3735 No
LLaMA 70B 0.2049 No 0.1291 No
GPT-4o 0.0157 Yes 0.1715 No

Table 6: Statistical significance testing results comparing
LLM-cleaned captions to uncleaned captions, taking into ac-
count the correction of multiple comparisons.
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LLM Split Raw Inputs With LLM Explanations
T T+C T+E T+C+E E

NA Dev 64.2 64.8 – – –
Test 55.8 57.1 – – –

GPT-4o Dev – – 65.5 (0.9) / 66.6 65.7 (0.9) / 66.7 63.2 (1.7) / 65.6
Test – – 58.7 (0.8) / 59.8 60.2 (1.4) / 62.2 56.1 (2.0) / 58.7

Sonnet 3.5 Dev – – 65.1 (0.7) / 67.3 66.2 (1.0) / 67.3 62.5 (0.8) / 63.7
Test – – 58.3 (0.7) / 59.0 58.4 (1.3) / 59.8 46.4 (1.0) / 53.0

LLaMA 3.1 Dev – – 65.3 (1.8) / 66.7 65.6 (1.4) / 67.0 62.8 (1.7) / 64.6
Test – – 55.8 (2.0) / 59.8 58.7 (1.7) / 60.5 48.1 (2.0) / 53.1

Table 7: Ablation study on the SemEval Persuasive Memes dataset. Results are shown as avg (std) / best. We report hierar-
chical F1 (H-F1) scores comparing raw meme inputs (top section) against LLM-generated explanations (bottom section). The
raw inputs include meme Text only (T) and Text+Caption (T+C), while LLM-explained versions add generated explanations:
Text+Explanation (T+E), Text+Caption+Explanation (T+C+E), and Explanation Only (E). All inputs are fed into a BART de-
coder for training.

Model Comparison Development Set Test Set
Score BH-p Sig. Score BH-p Sig.

GPT-4o T+E vs. T 65.5±0.9 0.020 Yes 58.7±0.8 0.001 Yes
T+C+E vs. T+C 65.7±0.9 0.085 No 60.2±1.4 0.007 Yes

Sonnet 3.5 T+E vs. T 65.1±0.7 0.030 Yes 58.3±0.7 0.001 Yes
T+C+E vs. T+C 66.2±1.0 0.028 Yes 58.4±1.3 0.085 No

LLaMA 3.1 T+E vs. T 65.3±1.8 0.24 No 55.8±2.0 1.00 No
T+C+E vs. T+C 65.6±1.4 0.25 No 58.7±1.7 0.12 No

Table 8: Significance tests comparing baseline text-only (T) and text+caption (T+C) conditions against LLM-based explanation
(T+E, T+C+E). Values show mean ± std (n = 5). p-values are from one-sample t-tests with Benjamini–Hochberg (BH)
correction at α = 0.05.
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Figure 6: Reference table of persuasion techniques provided to annotators. Each technique is accompanied by its definition and
a concrete example to ensure consistent understanding across annotators.
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Figure 7: Example of a meme annotation task showing the interface presented to crowdworkers. The task includes clear instruc-
tions for describing the image content and explaining observed persuasion techniques without directly naming them.
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(a) Dev Violin Plot (b) Dev Point Plot (c) Dev Box Plot

Figure 8: Performance visualization on development set using different plot types: (a) violin plot showing distribution, (b) point
plot showing means with confidence intervals, and (c) box plot showing quartiles and outliers.

prompt = f"""Analyze this meme text: ’{text}’ and image: ’{img}’
Your task: Explain what idea or message this meme is trying to convey.
Rules:
1. Response must be ONE clear, concise sentence (max 50 tokens)
2. Focus on the main message or emotional impact
3. Be specific and direct
4. Only respond ’NA’ if the text is completely incomprehensible"""

Figure 9: Explanation generation prompt used to extract concise interpretations of meme content.

prompt = (
f"""

You are analyzing memes to train a hateful content classifier.
It is crucial that you reproduce all text exactly as provided,
including any profanity, slurs, or offensive terms.
Do not mask, omit, or alter them.

Provide:
1) A brief explanation (max 50 tokens) of the meme’s implied meaning
and cultural context.
2) A combined TRIGGERS list (max 20 tokens), which must include:

- Themes or categories (e.g., racism, islamophobia, etc.)
- Any hateful or offensive words/phrases directly quoted from the
meme text.

Use the following plain-text format (no extra commentary):
[Explanation]
TRIGGERS: [themes and words]
Meme text: {text}\n
Meme image: {img}\n\n

Response:"""
)

Figure 10: Hateful meme analysis prompt designed to capture both explanations and trigger words.
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CLASSIFICATION_PROMPT = """You are an expert in identifying propaganda techniques in images.
You have a hierarchy of propaganda techniques with the following nodes
(each bullet is a node):
- ROOT

- Logos
- Repetition
- Obfuscation, Intentional vagueness, Confusion
- Reasoning

- Simplification
- Causal Oversimplification
- Black-and-white Fallacy/Dictatorship
- Thought-terminating cliché

- Distraction
- Misrepresentation of Someone’s Position (Straw Man)
- Presenting Irrelevant Data (Red Herring)
- Whataboutism

- Justification
- Slogans
- Bandwagon
- Appeal to authority
- Flag-waving
- Appeal to fear/prejudice

- Ethos
- Appeal to authority
- Glittering generalities (Virtue)
- Bandwagon
- Ad Hominem

- Doubt
- Name calling/Labeling
- Smears
- Reductio ad hitlerum
- Whataboutism

- Transfer
- Pathos

- Exaggeration/Minimisation
- Loaded Language
- Appeal to (Strong) Emotions
- Appeal to fear/prejudice
- Flag-waving
- Transfer

Instructions:
- Return only a JSON object with:

{
"labels": ["<label1>", "<label2>", ...]

}
- Do not include explanations, reasoning, or any text outside of the JSON object.
- Do not include code blocks, markdown formatting, or backticks.
- The labels must be chosen from the provided hierarchy.
- Multiple labels are allowed if applicable. If none apply,
return an empty list for "labels".
- The final answer must be a valid JSON object without extra formatting.
"""

Figure 11: The Classification prompt used for propaganda technique identification in Semeval Persuasive memes task. The
prompt includes a comprehensive hierarchy of propaganda techniques and specific instructions for structured output.
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Sample 6244:
Original Text: the latest toy has hit the shops it’s a talking muslim doll
nobody knows what the fuck its says, because no one has the guts to pull the string

Generating explanation...
Explanation: This meme is harmful because it perpetuates the stereotype that Muslims
are inherently threatening or intimidating, implying that people are afraid to interact
with the doll because of its Muslim identity. This reinforces negative attitudes towards
Muslims and contributes to a culture of Islamophobia. The meme’s use of profanity and
mocking tone further exacerbates the harm.

Triggers: Islamophobia, xenophobia,
"nobody knows what the fuck its says, because no one has the guts to pull the string"

Sample 7019:
Original Text: if theres even one homeless child in america we have no room for

illegal aliens

Generating explanation...
Explanation: This statement promotes harmful beliefs by implying that undocumented
immigrants are less deserving of support and resources than American citizens, and
that their presence is a direct threat to the well-being of American children.
This kind of rhetoric can perpetuate xenophobia and dehumanize undocumented immigrants.
Furthermore, it oversimplifies the complex issues of homelessness and immigration.

Triggers: xenophobia, dehumanization, "illegal aliens"

Figure 12: LLama 3.1 examples output using explanation and triggers to enrich the input fed to the training model.

You are an AI assistant that cleans and corrects image descriptions.
Improve the following description by fixing grammatical errors,
removing repetitive phrases, and ensuring it is clear and coherent.
Provide only the cleaned description without any additional notes
or explanations. If the description is too corrupted to fix, respond with
"INVALID DESCRIPTION".

Figure 13: Prompt used for cleaning and correcting captions generated by BLIP and GIT models.
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Technique Count Percentage (%)

Smears 3,640 23.20
Loaded Language 1,751 11.16
Name calling/Labeling 1,525 9.72
Transfer 1,490 9.49
Appeal to authority 893 5.69
Flag-waving 813 5.18
Black-and-white Fallacy/Dictatorship 800 5.10
Glittering generalities (Virtue) 709 4.52
Slogans 686 4.37
Thought-terminating cliché 530 3.38
Appeal to fear/prejudice 415 2.64
Doubt 407 2.59
Exaggeration/Minimisation 390 2.49
Appeal to (Strong) Emotions 370 2.36
Repetition 306 1.95
Whataboutism 296 1.89
Causal Oversimplification 260 1.66
Reductio ad hitlerum 121 0.77
Bandwagon 104 0.66
Straw Man 74 0.47
Red Herring 63 0.40
Obfuscation 50 0.32

Table 9: Distribution of propaganda techniques in the Se-
mEval Persuasive Memes dataset. Percentages indicate the
proportion of total technique occurrences.

Label Number of Comments Percentage (%)

Toxic 15,294 9.6
Severe Toxic 1,595 1.0
Obscene 8,449 5.3
Threat 478 0.3
Insult 7,877 4.9
Identity Hate 1,405 0.9

Table 10: Distribution of toxicity labels in the Jigsaw Toxic
Comment Classification dataset (N=159,571 comments).
Percentages indicate the proportion of comments contain-
ing each specific label. Comments may have multiple labels,
thus percentages do not sum to 100%.

Label Number of Memes Percentage (%)

Hateful 5,000 50.0
Non-Hateful 5,000 50.0

Total 10,000 100.0

Table 11: Distribution of labels in the Facebook Hateful
Memes dataset.
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