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Abstract

Harmful memes pose a distinct challenge for
content moderation: they compress social
meaning into a visual template with short text,
often relying on irony, intertextuality, and lo-
cal cultural context. Current multimodal safety
datasets either focus on narrow harm definitions
or mainly English meme ecosystems, limiting
progress on robust, culturally grounded detec-
tion. We introduce CHARMemes ! a large-scale
benchmark for harm-aware meme understand-
ing in the Russian-oriented online ecosystem
(Runet). The dataset contains 23,025 in-the-
wild memes collected from a template-centric
public source and spans 2007-2025, enabling
temporal and cross-domain analyses. We pro-
pose a taxonomy of 11 harm categories grouped
into three severity buckets, and build the dataset
with a scalable pipeline combining automated
labeling, targeted human review, and multi-
stage deduplication.

We benchmark multiple vision—language ap-
proaches under binary, severity-level, and fine-
grained settings, and evaluate robustness across
time and datasets. Results indicate that bi-
nary harmfulness detection is comparatively
strong, while fine-grained harm recognition re-
mains difficult, especially under temporal shift.
CHARMenmes offers a realistic testbed for devel-
oping more robust harmful meme detectors.

Warning: this paper contains example data that
may be offensive, harmful, or biased.

1 Introduction

In today’s digital culture, memes are a pervasive
form of everyday expression and public discourse.
More broadly, a meme can be treated as a digital
object-most often an image with a caption, but also
a video, a catchphrase, or other reusable format-
that is collectively created, transformed, and circu-
lated online (Shifman, 2013). Memes operate as
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Figure 1: The meme on the left was classified as
Offensive (General Vulgarity), while the meme on the

right was considered Safe.

a communication genre (Wiggins, 2019), closely
linked to participatory culture that encompasses
both creative cultural play and more destructive
forms of engagement such as trolling or harass-
ment (Nagle, 2017; Tuters and Hagen, 2020). At
the same time, these dynamics also enable explic-
itly harmful uses of memes in contemporary politi-
cal and socio-cultural contexts.

Such harmful memes target individuals, commu-
nities, or social groups, reinforcing discrimination,
spreading hate or misinformation, and exacerbat-
ing social divisions (Pramanick et al., 2021b; Kiela
et al., 2020; Sabat et al., 2019). Their rapid circula-
tion on social media amplifies their societal impact,
making the detection and mitigation of harmful
memes a crucial and challenging task for content
moderation and machine learning research. De-
spite this growing attention, the research landscape
is uneven across languages.

This unevenness is especially problematic be-
cause memes are inherently culture-indexed: their
meaning is often carried by shared background
knowledge, including local events, public figures,
slang, and platform-specific conventions, rather
than literal text alone. Consequently, the same tem-
plate or caption can shift semantics across regions
and languages, and models that perform well on
English-centric benchmarks may fail when con-
fronted with culturally grounded references. For
instance, in Figure 1, the visual template of the



meme is the same, however, the semantics and
texts shift the meaning and perception of the meme.
Moreover, regional bias in memes is frequently
implicit, encoded through stereotypes, in-group hu-
mor, and geopolitical or identity framing, which
makes it difficult to detect using surface lexical
cues alone. Current work on harmful memes, how-
ever, remains largely English-centric. Moreover,
many existing studies and benchmarks are orga-
nized around time-bounded, high-salience events
such as the COVID-19 pandemic (Pramanick et al.,
2021Db), election cycles (Pramanick et al., 2021a),
or armed conflicts (Thapa et al., 2022) rather than
modeling harmful memetic content as a persistent,
evolving phenomenon. Existing datasets and mod-
els primarily focus on identifying harmful memes
and their targets (Pramanick et al., 2021a; Sharma
et al., 2023), detecting propaganda techniques in
memes (Dimitrov et al., 2021), and performing fine-
grained classification of phenomena such as racism,
sexism, and antisemitism (Zia et al., 2021; Chan-
dra et al., 2021). Beyond English, resources exist
only for a small number of languages, for exam-
ple Tamil troll memes (Suryawanshi et al., 2020b),
Bengali (Hossain et al., 2022), and Chinese hate-
ful memes (Lu et al., 2024), leaving many large
non-English online spheres underexplored. A no-
table gap is the Russian-oriented online ecosystem,
which constitutes a large and socially consequential
non-English sphere. Russian is among the world’s
most widely spoken languages > and is also among
the most common content languages on the web 3,
and the broader Russian-oriented online ecosystem-—
often referred to as Runet—plays a central role in po-
litical and cultural discourse across the post-Soviet
space.

We use Runet in this broader sense, encompass-
ing not only Russian-language content but also
other languages and communities in the post-Soviet
online space. Yet, to the best of our knowledge,
comparable resources for studying harmful memes
in Runet remain largely absent.

To fill-in this research gap we:

* Introduce CHARMemes a large-scale bench-
mark of memes from the Runet ecosystem,
designed to support harm-aware multimodal
understanding over a long temporal span.

* Propose a fine-grained harm taxonomy with

Zhttps://www.cia.gov/the-world-factbook
3https://w3'cechs.com/technologies/over'view/
content_language (accessed: Dec 2025)

11 categories organized into severity buckets,
enabling more nuanced analysis than binary
harmfulness detection.

* Provide strong baselines and robustness analy-
ses, including fine-grained vs. binary eval-
uation and studies of temporal and cross-
dataset generalization, highlighting current
limitations and open challenges.

‘We also release our dataset and the code for data
scraping, experiments, and analysis®.

2 Related work

Memes in NLP and Vision-Language Research.
In the NLP and vision—language literature, memes
are widely used as a stress test for multimodal un-
derstanding because their meaning is often not lit-
eral: it emerges from the interaction of the image,
overlaid text, template conventions, and shared cul-
tural knowledge, frequently involving humor, sar-
casm, or implicit references. To make this chal-
lenge measurable, prior work has mainly framed
“meme understanding” as supervised benchmark
tasks—e.g., predicting affect or humor in Memo-
tion (Sharma et al., 2020), identifying multimodal
social harms such as misogyny in SemEval MAMI
(Fersini et al., 2022), or performing target-aware
hateful meme classification in the Hateful Memes
challenge (Kiela et al., 2021). Methodologically,
progress has largely tracked advances in vision—
language representation learning and pretraining,
where transformer-based multimodal encoders and
contrastive objectives improve the alignment be-
tween text and images (Li et al., 2019; Chen et al.,
2019; Kim et al., 2021; Radford et al., 2021). De-
spite these improvements, meme understanding re-
mains difficult because key context is frequently
unstated and the same template can express dif-
ferent intents across communities and over time,
which induces strong distribution shift and brittle
generalization (Kiela et al., 2021).

Multimodal Hate and Harmful Meme Detection.
A major line of work studies memes through the
lens of harm: hate speech, offensiveness, and re-
lated safety risks that emerge only when image
and text are interpreted jointly. Early influential
benchmarks formalized this as supervised classi-
fication with explicit multimodal stress tests-for
example, the Hateful Memes challenge constructs

*A link will be provided in the camera-ready version to
preserve anonymity during review.
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Domain Definition

Category

High-severity harms

Most likely to involve coercion, non-consent, or acute

Sexual Exploitation

physical/psychological danger (Krug et al., 2002; Seko  Violence
and Lewis, 2018; Arendt et al., 2019). Self-Harm
Mid-severity harms Centers on demeaning or targeting people and can lead to  Hate Speech
real-world harms through stigmatization or coordinated = Harassment
abuse (Fortuna and Nunes, 2018; Rosa et al., 2019; Vogels,
2021).
Contextual / May be harmful, misleading, or inappropriate depending
platform-policy harms on framing and audience, but is often less dangerous than
high-severity harms (Scheuerman et al., 2021; Jiang et al., Propaganda
2021). Offensive
Safe Does not fall into any of the above harm categories. Safe

Table 1: Harm taxonomy grouped into severity buckets with our new categories in

“benign confounders” to reduce unimodal short-
cuts and shows a large gap between human per-
formance and strong model baselines, highlight-
ing the difficulty of robust multimodal hate de-
tection (Kiela et al., 2021). Beyond binary hate,
several datasets broaden the notion of harm: Mul-
tiOFF targets offensive meme content in politi-
cally themed memes and compares early-fusion
multimodal models against unimodal baselines
(Suryawanshi et al., 2020a), while HarMeme intro-
duces harmfulness detection together with identify-
ing the fargeted social entities, motivating target-
aware modeling for harmful memes (Pramanick
et al.,, 2021b,a). Shared-task settings such as
SemEval MAMI further emphasize fine-grained
harmful categories (e.g., types of misogyny) and
have driven practical architectures that combine
OCR text, visual encoders, and multimodal fusion
(Fersini et al., 2022). Overall, progress has largely
come from better multimodal fusion and pretrain-
ing, but performance remains brittle because meme
harm is often implicit, culturally grounded, and
sensitive to small changes in either modality (Kiela
et al., 2021; Pramanick et al., 2021b).

3 Harmful Meme Categorization

As reviewed in Section 2, harmful meme bench-
marks span heterogeneous label spaces, ranging
from binary hate detection to task-specific tax-
onomies (e.g., targets, misogyny, propaganda),
which makes results hard to compare and can under-
specify in-the-wild phenomena. Since CHARMemes
aims to evaluate harm in a large, culturally
grounded Runet ecosystem, we need a unified cate-
gorization scheme that covers recurring harm types
in real meme sharing, provides clear boundary rules

for ambiguous cases, and enables evaluation at mul-
tiple granularities. We therefore build the harm
taxonomy below and use it consistently for auto-
mated labeling, human adjudication, and as the
label space for evaluation in Section 5.

We categorize harmful memes by adapting the
typology of Sharma et al. (2022). Building on
their broad families, we refine the scheme to better
match contemporary in-the-wild meme usage and
to support clearer analysis across platforms. Our
taxonomy contains 11 labels (Table 1), which we
additionally group into three severity buckets: high-
severity, mid-severity, and contextual/platform-
policy harms. Safe denotes memes that do not
fall into any harm category.

Our differences from prior typologies are driven
by two considerations: coverage and boundary
clarity. We add three explicit categories that are
frequent in real-world meme sharing, but are of-
ten implicit or merged into broader labels in ear-
lier schemes: Illegal Content, Animal Cruelty,
and NSFW. Treating these as first-class categories
avoids collapsing heterogeneous phenomena into
a residual bucket (e.g., “offensive”) and supports
more informative analyses of which harms are
present and how often they occur. This choice
is also motivated by the way contemporary plat-
forms are increasingly used to distribute and nor-
malize regulated or illicit material: for example,
social media has become an important venue for
drug advertising and dealing-related activity (De-
mant and Aagesen, 2022). Likewise, animal cru-
elty has emerged as a distinct, highly shareable
(and sometimes monetized) genre of online con-
tent, with evidence of systematic exploitation of
animals by content creators across platforms and
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Figure 2: Dataset Creation Pipeline: we scrape memes from memepedia. ru, then we do automated annotation with
state of the art commercial LLMs, ambigous samples are re-annotated by human annotators. Finally we remove

duplicates from the dataset.

countries (Carvalho et al., 2023).

Because meme meaning is often indirect and
context-dependent, category boundaries can be par-
ticularly ambiguous. We separate legal, consensual
adult sexual or suggestive content (NSFW) from
sexual content involving coercion (McGlynn and
Rackley, 2017), non-consent, blackmail/traffick-
ing, or minors (Wolak et al., 2018) (Sexual Ex-
ploitation). Similarly, we distinguish Hate Speech -
attacks on protected groups - from Offensive con-
tent (crude or insensitive content without protected-
group animus) (Davidson et al., 2017), and separate
Harassment - targeting identifiable individuals, in-
cluding doxing or brigading (Thomas et al., 2021)
- from group-directed hostility, which falls under
Hate Speech. Finally, we treat self-harm as a ded-
icated harm family, since suicide/self-injury and
eating-disorder promotion differ in both manifesta-
tion and intervention needs (De Choudhury et al.,
2016) from other forms of harmful content.

For added granularity, we map each top-level
category to a set of representative subtypes (illus-
trative rather than exhaustive). Hate Speech may
include racism/xenophobia, sexism, homophobi-
a/transphobia, religious hate, ableism, and other
forms of targeted hostility toward protected groups.
Violence may include depictions or glorification
of violence, as well as terrorism/extremism-related
content. Illegal Content may include drugs and
gambling, along with scams, fraud, and other il-
licit or regulated activities. Self-Harm may include
suicide/self-injury content and the promotion or
encouragement of eating disorders. NSFW may

include nudity or sexually suggestive content and
adult sexual humor. Full definitions, subtype de-
scriptions, and representative examples for all cate-
gories are provided in the annotation guidelines in
Appendix C.

4 Dataset

In this section, we describe the construction of
CHARMemes, outlining how we collect items from
real-world meme sources and organize them into a
unified benchmark. We then summarize the result-
ing dataset contents and the basic processing/an-
notation steps needed to make it usable for down-
stream evaluation. The dataset creation pipeline is
shown on Figure 2, and detailed in following sec-
tions. Dataset statistics are given in Appendix A.

4.1 Data Collection

Following Bates et al. (2025), we scraped Memepe-
dia, a Russian meme database’ that is structurally
similar to Know Your Meme (KYM)®. Each Meme-
pedia entry provides a template-level description -
origin and context - and multiple “in-the-wild” us-
age examples sourced from web forums and social
media. For each meme, we parsed the template
description and all available usage examples.
From the template description, we extracted the
meme’s year of release using GPT-4.1-mini for cost
efficiency. We manually verified this extraction on
a random sample of 300 templates, confirming that

5https: //memepedia.ru/
https: //knowyourmeme . com/
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Dataset # Samples Time span Is multilingual? Fine-grained? # Topics
Hateful Memes Challenge (Kiela et al., 2020) 10,000 2020 No Yes 1
HarMeme (Pramanick et al., 2021a) 7,096 2020-2021 No Yes 2
MultiOFF (Suryawanshi et al., 2020a) 743 2016 No No 1
CHARMemes 23,025 2007-2025 Yes Yes 20+

Table 2: Comparison of multimodal meme datasets.

the predicted year matches the year stated in the
description.

We annotated each usage example with GPT-5
according to the taxonomy in Section 3, using the
prompt in Appendix D. To improve reliability, we
used a three-round re-annotation/self-consistency
procedure similar to MemeMind (Gu et al., 2025).
If GPT-5 produced the same label in all three
rounds, we accepted it as final. Otherwise, we
treated the example as anomalous and routed it to
human annotation.

As additional metadata, we added meme cap-
tion’s transcript, its language, detected with lingua’,
and a meme’s topic label inferred with GPT-5 in an
additional round of annotation (See Appendix J).

4.2 Human Annotation

While automated labeling covers the full corpus,
we reserve human annotation for anomalous or am-
biguous cases flagged by our self-consistency pro-
cedure. As a result, nearly 20% of the dataset were
adjudicated by trained bilingual annotators under a
shared set of guidelines. Our annotators are native
Russian speakers with at least C1 English profi-
ciency familiar with Runet meme culture (active
social media users since at least 2013). Annotators
were compensated on an hourly basis, with rates
aligned to prevailing local wages in their country of
residence®. We provided a labeling interface with
clear annotation guidelines (see Appendix G) and
ensured that each example was annotated indepen-
dently by at least two annotators. When annota-
tors agreed, we used the shared label; when they
disagreed, they discussed the case and assigned a
consensus label. In Appendix I we provide some
examples of inconsistent GPT annotations and con-
sensus human labels.

To validate GPT-5 labels, we randomly sam-
pled 200 examples from the subset with three-
round LLM agreement and asked annotators to
label them as a trial task. We then measured inter-

"https://github.com/pemistahl/lingua-py
8 Additional annotator details are provided in Appendix F.

annotator agreement and annotator-LLM agree-
ment (Appendix E). One annotator’s labels devi-
ated substantially from the rest; after adjudication
and review, we excluded this annotator from further
labeling due to numerous errors in annotation.

4.3 Deduplication

To ensure dataset quality, we implemented a three-
stage deduplication pipeline for our meme images.
First, we implemented MDS5 hashing to remove
identical images, which resulted in removal of
94 exact duplicates. Second, we applied percep-
tual hashing to detect near-identical images (Ham-
ming distance < 5), removing 206 samples. Third,
we used multimodal similarity computed using
ResNet-50 (He et al., 2016) for image embed-
dings and a sentence-transformer® (Reimers and
Gurevych, 2020) for text embeddings. We chose
these models as a lightweight, high-throughput em-
bedding pipeline: ResNet-50 provides compact vi-
sual features that are well-suited to capturing mid-
level pattern similarity (sufficient for our duplicate
filtering), and multilingual-MiniLM-L12-v2 offers
strong semantic representations at a small model
size and low inference cost. Using these embed-
dings, we removed 412 samples with > 0.95 sim-
ilarity in both modalities. To further detect near-
identical images, we classified borderline cases that
had similarity scores between 0.85 and 0.95 (n =
1702) for manual review. During manual review,
we further identified 633 duplicates and restored
30 samples that were flagged as duplicates by our
pipeline. In total, our pipeline removed 1345 sam-
ples, resulting in 23,025 unique memes. Examples
of such memes can be found in Appendix H.

4.4 Dataset Comparison

Table 2 summarizes how CHARMemes compares to
prior multimodal meme datasets. Owing to careful
curation, CHARMemes is substantially larger than ex-
isting benchmarks and spans a much longer time
range, enabling analyses across multiple meme

multilingual-MiniLM-L12-v2
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“eras” rather than a single snapshot. Unlike most
prior datasets, which are English-only and focus
on one or two topics, CHARMemes is multilingual
and covers a broad set of topics. Finally, whereas
several benchmarks frame the task as binary predic-
tion, CHARMemes supports fine-grained harmfulness
modeling with 11 categories, facilitating more de-
tailed evaluation and error analysis.

5 Experiments and Results

Recent shared tasks on multimodal hate speech and
meme understanding (Fersini et al., 2022; Dim-
itrov et al., 2024) show that both fine-tuned CN-
N/transformer architectures and lightweight classi-
fiers trained on pretrained visual features are strong
baselines. In particular, several works extract fixed
representations from pretrained models such as
CLIP (Radford et al., 2021) and train simple down-
stream classifiers (e.g., logistic regression or boost-
ing), achieving competitive performance at substan-
tially lower training cost (Zhang and Wang, 2022;
Chen and Chou, 2022). Standard CNN backbones
also remain effective for meme-related classifica-
tion (Chikoti et al., 2024). Motivated by these find-
ings, we evaluate representative baselines to assess
whether CHARMemes supports meaningful learning
and to study error patterns across modeling choices,
rather than to optimize for state-of-the-art results.

5.1 Experimental Setup

Modeling conditions. We consider three com-
plementary setups: (i) Text-only: We classify
meme caption text with XLM-RoBERTa (Con-
neau et al., 2020), motivated by evidence from
SemEval-2022 Task 5 that RoOBERTa-style mod-
els are strong for meme text analysis (Fersini et al.,
2022). (ii) Visual-only (fine-tuned CNN): We fine-
tune EfficientNet-B2 (Tan and Le, 2019) as a strong
unimodal image baseline. (iii) Visual-only (frozen
features): We extract CLIP embeddings (Radford
et al., 2021) as fixed image representations and
train lightweight classifiers on top, using Logistic
Regression and XGBoost (Zhang and Wang, 2022;
Chen and Chou, 2022).

Training details. Trainable neural models
(XLM-RoBERTa and EfficientNet-B2) are fine-
tuned for 5 epochs with a learning rate of 2 x 1072,
For the frozen-feature setup, CLIP is used only for
feature extraction; Logistic Regression and XG-
Boost are trained as downstream classifiers (no
end-to-end fine-tuning).

Evaluation protocol and metric. Given the
class imbalance in CHARMemes, we report Macro-
F1 as the primary metric. We evaluate performance
at three levels of granularity:

* Binary classification: Harmful vs. Safe.

* Domain classification: High-severity, Mid-
severity, and Contextual harms vs. Safe (4
classes), as shown in Table 1.

* Fine-grained classification: The 11 cate-
gories defined in our taxonomy.

5.2 Harmful Meme Classification

Model Name Fine-grained Domain Binary
Random 9.09 25.00 50.00
Majority Class 7.42 20.42 40.84
XLM-RoBERTa 27.98 41.29 58.82
EfficientNet 25.03 38.40 63.00
CLIP + LogReg 25.53 36.98 56.28
CLIP + XGBoost 24.95 38.44 63.33

Table 3: Macro F1-Scores for classifiers on different
levels of granularity. Best results are bold, while best
XLM-RoBERTa results are underlined, since it uses a
slightly different training and testing sets.

Table 3 indicates that the fine-grained 11-class
setting is challenging across all baselines, with
Macro-F1 remaining below 30. XLM-RoBERTa at-
tains the best Fine-grained (27.98) and Domain
(41.29) scores, but its text-only formulation re-
stricts evaluation to the captioned subset, excluding
roughly 20% of CHARMemes. We therefore report
it as a strong reference point, while prioritizing
models that operate on the full dataset in the exper-
iments that follow.

Among image-only approaches, CLIP-based vi-
sual features paired with lightweight classifiers are
competitive: Logistic Regression yields the highest
Fine-grained score (25.53), whereas XGBoost per-
forms best on Domain (38.44) and Binary (63.33).

For consistency across levels of granularity, we
derive the Domain (4-class) and Binary evaluations
by mapping the 11-class predictions to their corre-
sponding domain labels (Table 1) and to Harmful
vs. Safe. Consequently, confusion among closely
related Fine-grained categories does not necessar-
ily imply failures at the Domain level. Our error
analysis (Appendix B) supports this interpretation:
misclassifications often occur within the same do-
main (e.g., between contextual harms), rather than



across domains. This helps explain why models
such as CLIP+XGBoost can show modest Fine-
grained performance while still making reasonably
accurate safe/unsafe decisions.

5.3 Cross-Dataset Generalization

To further assess the utility of CHARMemes, we
run cross-dataset transfer experiments in which
a model trained on one dataset is evaluated on
another. We use the best-performing binary clas-
sifier from Section 5.2 (CLIP+XGBoost) and se-
lect comparison datasets from Table 2. Since
HarMeme (Pramanick et al., 2021a) contains two
distinct topical subsets, we report results sepa-
rately for Harm-P (US election-related) and Harm-
C (COVID-related). For comparability, Table 4
reports four training configurations for each target
dataset: Base (train/test on the target), CHARMemes
(Aligned) (train on a size- and time-matched sub-
set of CHARMemes), CHARMemes (Full) (train on the
full CHARMemes training split), and Reverse (train
on the target and test on a size-matched portion of
CHARMemes). We focus on the binary setting be-
cause most benchmark datasets provide only harm-
ful vs. safe labels (Table 2).

Table 4 reveals a consistent gap between in-
domain and cross-domain performance. Training
on CHARMemes transfers reasonably when using the
full training split: CHARMemes (Full) matches or
closely approaches Base on Harm-C (74.73 vs.
78.68) and MultiOFF (59.03 vs. 60.31), and re-
mains competitive on Harm-P (54.81 vs. 56.00),
while the drop is larger on the Hateful Memes Chal-
lenge (54.22 vs. 58.18). In contrast, CHARMemes
(Aligned) typically underperforms both Base and
CHARMemes (Full), suggesting that matching only
time span and sample size is insufficient to counter-
act domain shift. A likely contributing factor is that
the aligned subset is obtained via random sampling
within the target time window, which does not guar-
antee comparability in topic mix, meme templates,
or visual styles, and a more targeted selection strat-
egy such as one suggested by Bates et al. (2025)
could improve transfer. Finally, the Reverse di-
rection is consistently harder: when training on
the target datasets and testing on CHARMemes, the
drop in results is most notable. The key factor for
this could be a high amount of memes in Russian
in CHARMemes, which makes generalization from
English only way harder. Overall, our results sug-
gest that CHARMemes can be considered as a useful
training resource for creating detectors of harmful

memes outside of Runet.

5.4 Temporal Generalization

Unlike many multimodal safety benchmarks that
reflect short-lived events or are collected within a
narrow time window, memes evolve continuously:
templates appear and disappear, visual styles shift,
slang and coded references drift, and changing cul-
tural contexts reshape what “harmful” looks like
in practice. This raises a key question: do models
trained on past meme distributions remain reliable
on future memes, or do they become outdated as
the ecosystem changes? To study this, we evaluate
temporal generalization by training on historical
slices of the dataset and testing on different time
periods.

We partition the dataset into five consecutive
temporal splits—2007-2016, 2016-2017, 2017
2019, 2019-2020, and 2020-2025. Although these
intervals are uneven in duration, they are defined
to keep the number of examples and class distribu-
tion per split nearly constant (approximately 4.6K
samples each), which helps isolate temporal distri-
bution shift from changes in training-set size. To
measure temporal generalization, we run a cross-
period evaluation protocol: for each split .S;, we
train a model using only 90% of examples from
S; and then evaluate it on every other split .S; with
Jj # i, and the rest 10% of split S;. This yields
a full train—test matrix over time, allowing us to
quantify how performance changes with increasing
temporal distance and to compare how well dif-
ferent model families transfer from earlier to later
meme distributions.

Our results in Figure 3 suggest that temporal gen-
eralization is challenging for fine-grained labels,
whereas binary harmfulness detection is substan-
tially more stable over time. In particular, CLIP-
feature-based models generally maintain reason-
able binary macro F-score when trained on a partic-
ular period and evaluated on the other ones, even
when they struggle to preserve fine-grained dis-
tinctions. This matches the intuition that broad
safe/unsafe cues generalize better than taxonomy-
level labels, which are more sensitive to emerging
formats and shifting cultural references. Results
for other model families appear in Appendix K.

6 Conclusion and Future Work

We introduced CHARMemes a large-scale dataset for
harmful meme detection in the Russian-oriented



Experiment Setup

Training Set Statistics Binary Results

Target dataset (test) Training data Time Span #Train / #Test #Harm (train) #Safe (train) Accuracy Macro-F1 AF1
Hateful Memes Challenge Hateful Memes (Base) 2020 8,500/ 1,000 3,089 5,481 61.30 58.18 0.00
CHARMemes (Aligned) 2007-2025 8,500/ 1,000 3,089 5,481 55.00 54.13 -4.05
Reverse (train Hateful Memes) 2020 8,500/ 1,000 3,089 5,481 52.60 37.94 -25.39
CHARMemes (Full) 2007-2025 20,719/ 1,000 6,419 14,300 55.50 54.22 -3.96
Harm-C Harm-C (Base) 20202021 3,013/354 1,064 1,949 79.66 78.68 0.00
CHARMemes (Aligned) 2019-2022 3,013/354 1,061 1,952 66.38 58.41 -20.27
Reverse (train HC) 20202021 3,013/354 1,064 1,949 58.19 46.41 -16.92
CHARMemes (Full) 2007-2025  20,719/354 6,419 14,300 76.55 74.73 -3.95
Harm-P Harm-P (Base) 20202021 2,938 /355 1,488 1,450 56.06 56.00 0.00
CHARMemes (Aligned) 2019-2022 2,938 /355 1,475 1,463 53.52 53.04 -2.96
Reverse (train HP) 20202021 2,938 /355 1,488 1,450 53.80 50.99 -12.34
CHARMemes (Full) 2007-2025  20,719/355 6,419 14,300 56.06 54.81 -1.19
MultiOFF MultiOFF (Base) 2016 4457149 187 258 62.16 60.31 0.00
CHARMemes (Aligned) 2016 445 /149 183 262 59.46 49.40 -10.91
Reverse (train MO) 2016 445/ 149 187 258 55.70 52.08 -11.25
CHARMemes (Full) 2007-2025 20,719/ 149 6,419 14,300 59.06 59.03 -1.28

Table 4: Cross-domain binary classification results (Harmful vs. Safe) across four target datasets. For each block,
the Target dataset (test) is fixed, and we vary the training data: (i) Base trains and tests on the target dataset;
(i1) CHARMemes (Aligned) trains on a subset of CHARMemes matched to the target dataset in both time span and
training-set size; (iii) Reverse trains on the target dataset and tests on CHARMemes; and (iv) CHARMemes (Full) trains
on the full CHARMemes training set. Time Span denotes the collection period of the training source, and #Harm/#Safe
report class counts in the training split. Results are reported as percentages. AF1 is computed relative to the Base
Macro-F1 within each block; for Reverse, AF1 is relative to 63.33 (in-domain CLIP+XGBoost on CHARMemes;

Table 3).
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Figure 3: Temporal generalization of CLIP+XGBoost model.

online ecosystem (Runet). It aggregates in-the-
wild memes from a template-centric public source
and covers a broad historical span, enabling both
cross-domain and temporal analyses of harmful
meme content. To support fine-grained safety
research, we proposed a harm taxonomy with
11 categories, additionally organized into three
severity buckets (high-severity, mid-severity, and
contextual/platform-policy harms), and designed
an annotation workflow that combines strong au-
tomated labeling with targeted human review and
extensive deduplication. Our experiments showed
that fine-grained harmfulness recognition remains
challenging, while binary harmful-vs-safe detec-
tion is substantially more robust, including under
temporal and cross-dataset transfer. These results
highlight both the progress and the remaining areas

for improvement of current approaches when faced
with cultural context, evolving meme formats, and
shifting topical distributions.

We hope CHARMemes helps drive progress in
harmful meme detection, supporting safer online
spaces and more reliable, respectful communica-
tion across languages, communities, and evolving
meme trends.

In future work, we plan to extend the dataset to
include memes from platforms beyond Runet. We
also intend to focus more on modeling. While the
current work primarily introduces the dataset and
highlights the limitations of existing approaches,
our next steps will be to develop new methods for
harmful meme detection that are more robust for
fine-grained classification across different time pe-
riods and media formats.



Limitations

Despite the contributions of this work, several limi-
tations should be acknowledged.

First, the primary focus of this study is on dataset
creation rather than on developing state-of-the-art
classification models. Consequently, model selec-
tion and training were not exhaustively explored.
While we followed best practices reported in prior
shared tasks, the chosen models may not fully
reflect the performance potential achievable with
more extensive experimentation and optimization.

Second, the notion of harmfulness in memes is
inherently subjective. To mitigate annotator bias,
each sample was labeled by multiple annotators,
and both human annotators and large language
models were employed. At the same time, our hu-
man annotators were active users of Runet commu-
nities, which may have influenced their judgments.
As aresult, individuals from different cultural back-
grounds or age groups may perceive and label the
same content differently.

Finally, as a resource paper, our primary goal is
to provide a scalable, well-documented benchmark;
in principle, such datasets benefit from comprehen-
sive human validation. However, full re-annotation
of the entire dataset would be prohibitively costly
and would not materially improve the benchmark’s
utility given our quality controls. Since we observe
consistently decent inter-annotator agreement and
strong alignment between the annotators and the
subset of GPT-5 labels we audited (Appendix E),
we do not perform a full human evaluation over all
samples.

Ethical Statement

While our dataset is designed to support research on
meme understanding and the detection of harmful
content in multimodal systems, we acknowledge
the potential for misuse. The dataset contains real-
world memes that may include hateful, harassing,
or offensive language, as well as harmful stereo-
types and sensitive cultural references directed at
individuals and social groups. As a result, there
is a risk that the dataset could be used to train
or prompt models to generate or amplify harm-
ful memes, targeted harassment, or disinformation.
We explicitly discourage any such use and release
the dataset for academic research purposes aimed
at improving the safety, robustness, and account-
ability of vision—language and language models.
We further note that meme interpretation is highly

context-dependent: captions and visuals can be
benign in one context but harmful in another, and
some examples may be disturbing to annotators and
readers. Also, given the sensitive topics covered in
the dataset, annotators provided informed consent
before annotation and had an option to withdraw at
any time.

Finally, we used all datasets and web-sites in
compliance with their usage rules and regulations,
but since memes often derive from copyrighted
material and may depict identifiable individuals,
we encourage downstream users to respect source
licensing and to avoid applications that enable ha-
rassment or content amplification. The dataset is
intended for harm-aware analysis and evaluation,
not for meme generation.
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A Dataset Statistics

Figure 4 shows the class distribution in our dataset.
Overall we have 23,025 samples. The over-
whelming majority of safe samples is reasonable,
since this reflects real-world platform distributions,
where most content is non-harmful and only a
smaller fraction falls into clearly harmful cate-
gories. However, the resulting class imbalance
also makes the task more challenging: models
can achieve deceptively strong overall accuracy
by over-predicting the majority class, while still
performing poorly on rare but high-impact harm
categories. For this reason, in addition to reporting
aggregate metrics, we emphasize class-aware eval-
uation (e.g., macro-averaged scores) and analyze
per-class performance to better capture fine-grained
detection behavior.

In terms of language distribution in the dataset,
42.77% of all image captions are in Russian.
24.22% are in English, 20.35% of samples do
not contain any caption and the rest of the data
is in other languages, including but not limited
to: Ukrainian, Belarusian, Kazakh, etc. There are
on average 7-13 words in caption. The TF-IDF
analysis reveals strong lexical separation between
classes, suggesting that captions contain category-
specific cues rather than generic language. Of-
fensive, Harassment, and Hate Speech are driven
by strongly polarizing, targeted expressions, while
Self-Harm is characterized by mental-health and
self-harm indicators (e.g., “suicide”, “depression”,
“grave”). Propaganda is dominated by political en-
tities and election-related terminology (e.g., “elec-
tions”, “Russia”, “Navalny”, “Putin”, “Trump”),
and Illegal Content is strongly linked to substance-
related vocabulary.

The image set is dominated by relatively small,
web-style meme resolutions, with a pronounced
mode at 360x270 and a median size of 500x397
(approximately 0.22 MP). Aspect ratios are largely
“standard” (median and 75th percentile at 1.33,
i.e., close to 4:3), while a long tail of wide im-
ages (up to 9.10) suggests the presence of panora-
mas, multi-panel collages, or elongated screenshots.
File formats are primarily JPEG (21,951 . jpg +
444 . jpeg, ~79%), with a sizeable PNG minor-
ity (~20%), consistent with a mix of photographic
content and text-heavy graphics. There are notable
outliers - very large files (up to ~14.7 MB) and
extremely high Laplacian variance—which likely
correspond to high-resolution screenshots or de-
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tailed graphics.

Offensive

NSFW

Harassment

Violence

E Hate Speech
o
1]
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lllegal Content
Self-Harm
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Sexual Exploitation

0.0% 2.0% 4.0% 6.0%

Share of dataset (%)

8.0% 10.0%

Figure 4: Category distribution in the dataset. The rest
are Safe samples.

B Error Analysis

Confusion matrix on Figure 5 shows that misclas-
sification often happens within the same harm do-
main. It explains why performance for 4 and 2
classes is better than for fine-grained 11-class clas-
sification.

1.0

Animal Cruelty SLLRER 00% 00% 00% 00% 00% 0.0% 00%

Harassment { 0.0% 40.0% 00% 67% 26.7% 26.7% 0.0% 0.0%

Hate Speech { 0.0% 14.3% 357% 21.4% 25.0% 36% 0.0% 0.0%

00% 00% 37.5%

12.5%

lllegal Content 37.5% 00% 12.5% 0.0%

NSFW 00% 00% 09% [EVELH 88% 00% 0.0% 0.0%

True Label

Offensive 00% 00% 09% 56%

ro.4

Propaganda 00% 00% 00% 00%

0.0% 00% 00% 0.0%

0.0% MUEH 0.0%

00% 00% 323% 56% 0.0%
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Predicted Label

Figure 5: Confusion-Matrix for Harmful Meme Classi-
fication (only unsafe classes are used for clarity).

C Annotator’s Guidelines

To ensure a high-quality and standardized format
for instruction-output annotations, we provide clear
guidelines throughout the annotation process. In
this section we provide guidelines given to anno-
tators before they started work. The text of the
annotation shared with annotators is given below.



For convenience, annotators were provided with
an annotation tool, see in Appendix G. They were
also encouraged to use web-search and translation
tools in cases when memes hard to understand or
they were in a language other than Russian or En-
glish.

Meme Content Annotation Guidelines

Task. Annotators label Russian-language
memes into content-moderation categories
(harmful/offensive/policy-violating). When
multiple harms appear, the final label reflects
the primary harmful content.

Two modes. Validation measures agree-
ment on a shared subset; Labeling assigns
final labels to challenging cases where model
suggestions disagree.

Severity hierarchy. If multiple categories
apply, choose the most severe:

Sexual Exploitation > Violence >

Self-Harm >
Hate Speech

> Harassment >
Animal Cruelty >
Illegal Content

> Propaganda >
Offensive >
NSFW > Safe.

Label set.
» Safe: non-violating content.

» Hate Speech: attacks/dehumanization to-
ward protected groups.

— Subcategories: Racism & Xenopho-
bia; Sexism; Homophobia & Trans-
phobia; Religious Hate; Ableism;
Targeted Hostility.

» Harassment: bullying/threats/doxing tar-
geting identifiable individuals.

— Subcategory: Cyberbullying & Dox-
ing.
* Violence: depiction/promotion/glorifica-

tion of physical harm or extremist vio-
lence.

— Subcategories: Glorification of Vio-
lence; Terrorism & Extremism.
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e Self-Harm:  encouragement/glorifica-
tion/instructions for self-injury or eating
disorders.

— Subcategories: Suicide & Self-
Injury; Eating Disorders.

* Sexual Exploitation: non-
consensual/coercive  sexual content
or any sexualized content involving
minors.

— Subcategories: CSAM; Trafficking;
Sexual Coercion.

* Jllegal Content: promotion/facilitation of
illegal activities (e.g., drugs, scams).

— Subcategories: Drugs & Gambling;
Scams & Fraud.

* Propaganda: political misinformation
intended to mislead (satire/opinion ex-
cluded).

— Subcategory: Political Misinforma-
tion.

* Offensive: vulgarity, shock/gore, crude
sexual humor, or cultural stereotyping
without protected-group attacks.

— Subcategories: Vulgarity & Profan-
ity; Shock Content & Gore; Sexual
Aggression/Humor; Cultural Stereo-

typing.

* NSFW: legal/consensual sexual or sug-
gestive content inappropriate for general
audiences.

— Subcategories: Nudity/Suggestive;
Adult Humor; Relationship Jokes.

* Animal Cruelty: depiction/promotion/-
glorification of intentional animal harm.

Decision rules.

1. Primary content: label the most severe
harm (per hierarchy).

2. Text vs. image: text usually determines
the meme message; exception: extreme
violence or CSAM in the image domi-
nates.




3. Surface-form labeling: satire/critique
containing slurs or hateful statements is
labeled as Hate Speech (models learn
from visible cues).

4. Uncertainty: if unsure between two cat-
egories, choose the more severe; if the
image is corrupted/blank, mark as invalid
(Skip/Trash depending on mode).

5. Language: if text is not understood, use
visual cues and translation if needed.

Summary Checklist. Before you begin,
please make sure you:

¢ understand the difference between Vali-
dation and Labeling modes;

* have reviewed all category and subcate-
gory definitions;

* know the severity hierarchy (Sexual Ex-
ploitation — ... — Safe);

* understand when to use Skip vs. Trash;

* are prepared for exposure to potentially
disturbing content and take breaks when
needed;

* know how to report issues and provide
progress updates.
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D Annotation Prompt

In this section we provide prompt used for annota-
tion with GPT-5.

Annotation Prompt

You are an expert meme classifier.
Your task is to analyze a meme image (including both
its text and visuals) and classify it
according to the taxonomy below.

You must return three things:

1. The text caption from the meme (OCR the text,
exactly as shown).

2. One or more categories (from the taxonomy).

3. For each category, the most specific subcategory.

If no harmful content applies, return category "Safe
/ None".

### Taxonomy

Hate Speech
Content that expresses or promotes hatred,
dehumanization, or discrimination against
protected groups or individuals based on
protected characteristics.

*xRacism & Xenophobia*x*

- Attacks based on race, ethnicity, nationality,
or immigration status

- Racial slurs, stereotypes, or dehumanizing
language

- Content promoting racial superiority or
segregation

- Anti-immigrant sentiment or ethnic
discrimination

*xSexismxx

- Derogatory content about women or men based
solely on gender

- Gender-based stereotypes used to demean or
belittle

- Content promoting gender inequality or misogyny
/misandry

- Sexual objectification combined with
dehumanization

**Homophobia & Transphobiaxx*
- Attacks on LGBTQ+ individuals or communities
- Content denying LGBTQ+ rights or humanity
- Slurs or derogatory terms related to sexual
orientation or gender identity
"Conversion therapy"” promotion or similar
harmful content

**Religious Hatexx

- Attacks on religious groups or beliefs

- Anti-Semitism, Islamophobia, or hatred toward
any faith

- Content calling for violence against religious
communities

- Mockery intended to incite hatred (distinct
from respectful critique)

**Ableism#*x

- Discrimination against people with disabilities

- Mockery or dehumanization based on physical or
mental conditions

- Content suggesting disabled individuals are
lesser or burdensome

- Use of disability-related slurs as insults

**Targeted Hostility#x

- Hate speech not fitting other subcategories

- Attacks on age, appearance, or other
characteristics

- Coordinated harassment campaigns

- Content explicitly calling for exclusion or
harm

*xImportant Distinction:*x*

Hate speech requires intent to demean or attack a
protected group. Crude jokes without
malicious intent may fall under "Offensive”
instead.

Offensive

Content that is crude, vulgar, or insensitive but
lacks the targeted hatred characteristic of
hate speech.

16

*% Vulgarity & Profanityxx*

- Heavy use of swear words or crude language

- Sexually explicit jokes or innuendo (non-
harmful)

- Toilet humor or gross-out content

- Content that would be inappropriate in
professional settings

*% Shock Content & Gorexx

- Disturbing imagery of death, injury, or
violence

- Graphic medical content or accidents

- Content designed to shock or disgust viewers

- "Edgy" humor relying on disturbing visuals

*%* Sexual Aggression/Humorxx

- Sexual jokes or innuendo that objectify without
consent context

- Crude sexual references or gestures

- Content reducing individuals to sexual objects

- Rape jokes or sexual violence humor (if not
clearly promoting harm-otherwise classify as
Hate Speech or another more severe category
if applicable)

*% Cultural Stereotypingxx

- Stereotypes about cultural practices, accents,
or traditions

- Mocking cultural dress, food, or customs

- "Exotic” portrayals that otherize groups

- Content perpetuating harmful national or
regional stereotypes

Safe / None

- No hateful, offensive, or otherwise harmful
content detected.

### Output Format (strict JSON)

"caption"”: "<exact text from the meme>",
"labels”: [
{
"category": "Hate Speech”,
"subcategory”: "2.1 Racism & Xenophobia”
3,
{
"category"”: "Offensive”,
"subcategory”: "3.1 Vulgarity & Profanity”
}
]
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Annotator 2

Annotator 3

Annotator 4

Annotator
Cohen's Kappa

Annotator 5

Annotator 6

Annotator 7

GPT

0.0

Figure 6: Inter-Annotator Agreement

E Inter-Annotator Agreement

As shown in Figure 6, the pairwise agreement be-
tween GPT-5 and the human annotators, measured
with Cohen’s x, is generally high. One rater (An-
notator 5) is a clear outlier with substantially lower
agreement scores. A manual inspection of this an-
notator’s labels suggested that many of them were
incorrect, so we excluded this annotator from our
final dataset. All reported results therefore rely on
six annotators, whose Fleiss’ « is 0.721, indicating
substantial agreement.

F Annotators’ Demographics

We recruited six annotators. All were 21 years
or older, had completed or were in the process
of completing a higher-education degree, and had
been subscribed to meme channels in Runet social
networks since at least 2013. The group consisted
of two women and four men.

G User Interface for Labeling

We provided annotators with a convenient labeling
tool. Figure 7 shows the starting page of this tool,
where annotators were allowed to pick the junk
of data they are annotating, and Figure 8 shows
labeling interface, where annotators were selecting
the most appropriate class for the given label.

H Examples of memes from
CHARMemes

In Table 5 we provide several samples of memes
from the dataset.

10"Mukhosransk" is a derogatory Russian slang term for a
remote, depressed provincial town (akin to " nowhere").
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Content Warning: This section contains exam-
ples of memes that may be offensive, including hate
speech and toxic content. These are included solely
for research purposes. We by no means support the
statements found in this section.

I Analysis of Labeling Disagreement

Table 6 provides examples of memes where the
LLM (GPT-5) predictions across three independent
runs differed. We also report the final human con-
sensus label, selected for these memes.

J Covered Topics

Since our dataset covers a huge timeframe (from
2007 to 2025), it covers multiple information topics
including, but not limited to: US elections, COVID,
US sanctions, Russia-Ukraine conflict, Russian
protests, constitutional reforms in Russia, climate
change, the global financial crisis, the Crimea an-
nexation, and the Belarus 2020 crisis. Across these
years, memes react both to discrete headline events
(e.g., elections, outbreaks, military escalations, ma-
jor policy changes) and to longer-running socio-
political processes (e.g., sanctions regimes, propa-
ganda narratives, economic volatility, and shifts in
public life). In addition, the dataset includes histori-
cally anchored themes that remain culturally salient
in Russian online discourse, such as the USSR and
Soviet nostalgia, as well as WWII / Great Patri-
otic War symbolism, commemorative culture, and
their contemporary political and identity-related
reinterpretations.

To capture this breadth without forcing overly
narrow labels, we used a hybrid taxonomy: a com-
pact set of recommended high-level topics plus
an open-set mechanism for proposing new labels
when the meme’s theme did not fit the predefined
list. Concretely, we used the following annotation
prompt with GPT-5 assign topics to memes.

Topic Extraction Prompt

You are an expert meme analyst.
Task: extract meta-topic(s) from a meme image using
BOTH text and visuals.

You have a recommended taxonomy below,
introduce new topics when needed.

but you MAY

Recommended taxonomy (ID -> name/definition):
{topics_block}

Return STRICT JSON only.

Output requirements:

- topics: up to 3 items, most relevant first

- Each topic item MUST be either:
(A) a known topic: use "topic_id"”
(B) a new topic: use "new_topic”

from taxonomy
object (id/name/



# Meme Annotation System

Welcome , Annatator

Figure 7: Welcome Page of the Labeling Interface

B Batch 4| B Image 1/944 | B Labeled: 0| & Skipped: 0

# Manual

TETA JTOJA H3 MYXOCPAHCKA TAKAS:

Figure 8: Main Labeling Interface for Annotators.
Translation: "Aunt Lyuda from Mukhosransk'? be like..."

definition)

STRICT OUTPUT JSON SCHEMA:

"caption”: "<exact text>",
"topics”: [
"kind": "known",
"topic_id"”: "<one of taxonomy IDs>",
},
{
"kind": "new",
"new_topic”: {
"proposed_id": "short_snake_case”,
"name”: "Human readable name”,
"definition”: "What it covers (one sentence)
3,
}

]
}

Hard constraints:

- Prefer kind="known"” when a taxonomy topic fits
reasonably .

- Only use kind="new” when it truly doesn’t fit or a
missing recurring theme is clear

- topic_id must be exactly one of the taxonomy IDs
listed above.

- proposed_id must be snake_case.

- Return JSON only (no markdown).
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K Temporal Generalization Examples

Figure 9 shows a consistent temporal generaliza-
tion pattern across models. Performance is highest
when training and testing within the same historical
split, and drops under cross-period transfer. Effi-
cientNet exhibits the smallest apparent shift, largely
because its overall performance is low across all
splits. For the remaining models, temporal drift is
clear for the 11- and 4-class settings, whereas bi-
nary harmfulness detection remains comparatively
stable across time.
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Figure 9: Temporal generalization of all models.
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Meme Image Original Caption Translation Class

20 MusutmoHoB Mouu?! 20 Million powers?! Safe

N/A N/A Animal Cruelty

CaJsio 3aKOHYMIIOCh We’re out of salo Offensive /
Cultural-
stereotyping

Hy uro 3a dydmno pxapsrit What a load of cr*p. Rusty saw Offensive /

MIPOCMOTpEJ MIJUTHAPIB billions of timelines and there’s Vulgarity &

BapUAHTOB BCEJICHHBIX U JiuIlb  only one where we aren’t total ~ Profanity
B OIHOM MBI He JIoxo3aBpel. A losers. And the memes in this
MeMBI B rabJIike group

[PKABLIANPOCMOTPEN MUNNIMAPALI BAPUAHTOB BCENEHHLIN
W NMWEIB ORHOM Mbi HE NIOXO3ABPbL. A MEMDI B MABTIMKE!

HapOJ: XBaTUT CTPOMUTH Jaud,  people: stop building mansions, Propaganda /
JaBaii Jiydie JOporu u give us roads and hospitals Political
OOJILHMLILL, HEA instead; nah Misinformation

XBATHT CTPOHTS AAUH,
AABAW AYUWIE AOPOTH
W s0nbHMLBI

Table 5: Meme samples with corresponding labels and translation.
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Meme Image

Original Caption

Translation

Labels by GPT
(3 Runs)

Label by
Human Annotators

TcC. mapeHpb 3a J0OOBb
BBIIIUTH HE XOYEIIh?

psst. hey kid. wanna
drink to love?

1. Illegal Content/Drugs
& Gambling
2. Illegal Content/Drugs
& Gambling
3. NSFW/Adult Humor

Illegal Content/Drugs
& Gambling

X0uelllb B nutep?

wanna go to piter?

1. Self-Harm/Suicide &
Self-Injury

2. Self-Harm/Suicide &
Self-Injury

3. Violence/Glorifica-
tion of Violence

Self-Harm/Suicide &
Self-Injury

[pockyTep Hano 3a80AVTS NOKa MOAOAOH,
noToM n03aHo byzer

A Tol mouemy TupockyTep He Kynuwb?
Yacuku-To TUKaIOT.

Uro 3HaumT He xouelws MvpockyTep?
vpockyTep Bce XOTAT, He NpUAYMbiBaii!

IMpockyTep — 310 cuactbel Yto aHaunT
KaTaTbea Herae? [lan bor seiin, aact n
[LOPOXKY.

T'upockyTep HamoO 3aBO-
JIUTh TTOKA MOJIOJOM, TO-
TOM TO3JHO OymeT. A
Thl Houemy I'upockyrep
He Kymuub? Yacuku-
TO THKalT. YTOo 3Ha-
YUT He Xouelb [ upoc-
kyTep? I'upockyTep Bce
XOTSAT, He IPUTyMBIBaiA !
I'mpockyTtep — 3710 cua-
ctbe! UTo 3HauWT Ka-
Tatbcs Herge? dam 6or
BEWI, 1acT U JOPOKKY.

You need to get a hover-
board while you’re still
young, or it’ll be too
late. Why haven’t you
bought a hoverboard
yet? The clock is tick-
ing, you know. What
do you mean you don’t
want a hoverboard? Ev-
eryone wants a hov-
erboard, stop making
things up! A hov-
erboard is a blessing!
What do you mean you
have nowhere to ride?
If god gave you a vape,
he’ll give you a pave-
ment.

1. Safe

2. Safe

3. Offensive/Vulgarity
& Profanity

Safe

Table 6: Examples of memes where automated annotation provided inconsistent labeling.

21



	Introduction
	Related work
	Harmful Meme Categorization
	Dataset
	Data Collection
	Human Annotation
	Deduplication
	Dataset Comparison

	Experiments and Results
	Experimental Setup
	Harmful Meme Classification
	Cross-Dataset Generalization
	Temporal Generalization

	Conclusion and Future Work
	Dataset Statistics
	Error Analysis
	Annotator's Guidelines
	Annotation Prompt
	Inter-Annotator Agreement
	Annotators' Demographics
	User Interface for Labeling
	Examples of memes from CHARMemes
	Analysis of Labeling Disagreement
	Covered Topics
	Temporal Generalization Examples

