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Abstract

Warning: this paper contains content that may
be offensive or upsetting.
The ability of Large Visual Language Mod-
els (LVLMs) to identify hate speech in memes
across several cultures requires (1) access to
cultural knowledge that is not readily available
to them; and (2) the ability to reason with this
knowledge. This paper shows how culturally-
aware Hate Frames can be acquired to inform
hate speech identification across various cul-
tures. The paper also shows that counterfactual
reasoning is ideal for identifying hate speech
and generating explanations. Promising results
show not only improved hate speech identifica-
tion in each culture, but also reduction of the
performance gap of hate speech identification
between different cultures. 1

1 Introduction

Social media platforms have empowered individu-
als by amplifying their voices and facilitating free-
dom of expression. However, these platforms have
also become fertile ground for hate speech and
other forms of online harassment. Hate speech is
defined as any form of communication that con-
veys, promotes, or has the capacity to incite hatred
against individuals or groups (Herz and Molnár,
2012). Therefore, the identification of hate speech
is essential for safeguarding those targeted by such
social media communications.

However, the identification of hate speech in so-
cial media remains a complex challenge because:
(1) hate speech identification methods need to op-
erate not only on texts (Waseem and Hovy, 2016;
Davidson et al., 2017), but also on multimodal con-
tent (Gomez et al., 2019; Hossain et al., 2022; Bhan-
dari et al., 2023; Kiela et al., 2020); and (2) hate
speech relies heavily on cultural influences, lead-
ing to varying interpretations. Recently, Bui et al.

1Code:https://github.com/rak55/
Cultural-Hate-Frames

Figure 1: Example of Hate Frame discerned for a Meme
interpreted in the German culture.

(2025) has investigated how well current Large Vi-
sion Language Models (LVLMs) are capable of
addressing these challenges for identifying hate
speech across languages and cultures, introducing
the Multi3Hate, a parallel dataset of memes sam-
pled across 5 cultures and languages. Figure 1 illus-
trates an example from this dataset. Multi3Hate
enabled experiments prompting LVLMs to iden-
tify hate speech, Bui et al. (2025) concluding that
culture-motivated limitations exist, especially in
some non-English, non-Western cultures. This
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Figure 2: The Hierarchy of Hate Defining Elements, cf. (Korre et al., 2025).

prompted us to consider the following research
question:
Q1: What kind of cultural knowledge should be
available to LVLMs to enable them to accurately
identify hate speech across various cultures?
To answer this question, we consider Hate Frames,
which encode (a) cultural knowledge, which in-
cludes (i) knowledge about historical events; (ii)
knowledge of the social norms and cultural values;
and (iii) knowledge concerning minority groups
in a culture; as well as (b) knowledge about how
hate is defined. For example, Figure 1 illustrates
a meme from the Multi3Hate dataset along with
the Hate Frame discerned for its interpretation in
German culture, which is the only culture in which
the meme is interpreted as hateful.

While encoding cultural knowledge in Hate
Frames is intuitive, encoding knowledge about how
hate is defined is less so, but in this paper we show
that it is equally important. For example, the Hate
Frame illustrated in Figure 1 is informed by the
defining elements of hate available from the Tax-
onomy of Hate Defining Elements illustrated in
Figure 2. The Taxonomy has three dimensions:
(1) the hate target of the meme; (2) the intend or
purpose of the meme; and (3) the means through
which hate is expressed. In Figure 1 the Hate
Frame is populated for each dimension of the tax-
onomy with Hate Defining Elements (HDEs), e.g.,
Race/Ethnicity; as well as values inferred from the
meme for these HDEs, e.g., North Africans. But,
most importantly, Figure 1 shows how provocation,
an HDE for means of hate, is inferred based on
cultural knowledge, which is also explicit in the

Hate Frame. Moreover, the Hate Frame indicates
that the meme from Figure 1 is inferred as hateful
in German culture, providing an explanation for
the inference informed by the knowledge encoded
in the Hate Frame. This brings us to the second
research question that we considered:
Q2: What form of inference should LVLMs use to
(a) identify hate speech and (b) explain it?
In this paper, we show that counterfactual reason-
ing, which provides arguments in favor of identify-
ing hate speech and contrasts them with arguments
that dismiss hate speech identification, is an ideal
form of reasoning available to LVLMs.

Through comprehensive experiments, we show
in this paper that culturally-aware Hate Frames
informing counterfactual reasoning, not only pro-
vide valid answers to our two research questions,
but also generate improved performance for hate
speech identification on the Multi3Hate dataset.
The results are superior in each culture and more-
over, reduce the performance gap in hate speech
identification between different cultures.

2 Related Work

Hate Speech identification is not a new research
problem (Waseem and Hovy, 2016; Davidson et al.,
2017; Fortuna and Nunes, 2018; Gomez et al.,
2019; Kiela et al., 2020), but only recently has
cultural knowledge been considered to have an im-
portant impact on the quality of hate speech detec-
tion. For example, this became evident when Lee
et al. (2024) considered several English-speaking
cultures, aiming to detect hate speech in posts from
YouTube and Reddit. More recently, Bui et al.
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Figure 3: The Culture Knowledge Acquisition Agent (CKA-Agent).

(2025) extended the study of the impact of cul-
tural knowledge on hate speech identification in
memes by considering several non-English speak-
ing cultures, concluding that there are significant
performance gaps when identifying hate speech in
various cultures.

In this paper, we use the same dataset introduced
in Bui et al. (2025), discerning Hate Frames, in
which several forms of knowledge are acquired by
LVLMs, enabling them to perform counterfactual
reasoning. Our method, informed by culturally-
aware Hate Frames enables the inference of cultural
nuances accounting for the identification of hateful
memes across various cultures.

3 A Taxonomy of Hate Defining Elements

To define hate, Korre et al. (2025) processed 493
hate speech definitions drawn from five distinct
domains: (1) hate speech laws, (2) Wikipedia, (3)
dictionaries, (4) NLP research papers, and (5) on-
line texts —to generate a taxonomy of Hate Defin-
ing Elements (HDEs), illustrated in Figure 2. The
HDE taxonomy was generated through Semantic
Componential Analysis (SCA). SCA is a linguistic
method that decomposes the meanings of words
or phrases into their constituent features, identify-
ing potential cross-domain and cross-cultural dif-
ferences. The HDE taxonomy is organized around
three main elements: (1) the hate target, (2) the hate
intent/purpose, and (3) the hate act/means. Each
of these three dimensions is specialized along two
additional levels of the hierarchy, producing 34
distinct HDEs.

4 The Method

The System for identifying Cultural Hate and infer-
ring Explanations informed by Cultural Knowledge
Retrieval and Counterfactual Reasoning (CHER)
generates for each meme Mi and each culture Cj

a separate Hate Frameji which indicates if Mi is
hateful in culture Cj , along with an explanation for
the hate speech identification. Hate Frameji also
provides evidence of (a) the cultural knowledge
that supports the hate speech identification; and
(b) the HDEs inferred from Mi in Cj . We note
that even when hate speech is not identified, Hate
Frameji encodes an explanation for this inference.

The CHER system discerns a Hate Frameji
for each meme Mi in each culture Cj from the
Multi3Hate dataset in three phases:
Phase 1: cultural knowledge acquisition;
Phase 2: identification of the Hate Defining Ele-
ments (HDEs), taking into account the acquired
cultural knowledge. The identified HDEs and their
values discerned from the meme are encoded in
Hate Frameji , along with the cultural knowledge;
Phase 3: performs counterfactual reasoning of the
LVLM to infer if meme Mi is interpreted as hateful
in culture Cj , generating a culturally-aware expla-
nation of the inference. The inference and explana-
tion are also encoded in Hate Frameji .

4.1 Cultural Knowledge Acquisition

For each culture Cj , the CHER system acquires
a Cultural Knowledge Package (CKP) through
the operation of Culture Knowledge Acquisition
(CKA)-Agent, illustrated in Figure 3. The CKA-
Agent is implemented as a ReAct-style agent (Yao
et al., 2023), which combines, in an interleaved
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manner, the capabilities of VLMs to reason (e.g.
through Chain-of-Thought (CoT) prompting) and
act (e.g. retrieving information from Wikipedia).
This is because we believe that the acquisition of
diverse cultural knowledge that is useful for iden-
tifying hate speech should benefit from access to
knowledge-acquisition tools.

The CKA-Agent receives a main prompt con-
taining: (1) instructions for inferring social knowl-
edge from the meme; (2) descriptions of each tool
available to it along with their expected inputs and
outputs; (3) the description of the persona for each
culture Cj ; and (4) instructions for performing self-
reflection over the retrieved cultural knowledge, in
order to assemble the CKP. The prompt is detailed
in Appendix A. As shown in Figure 3, the CKA-
Agent performs three different steps, as instructed
in the prompt it receives:
Step 1: infers social knowledge by instructing the
VLM to analyze the meme Mi visual content as
well as its caption to infer (1) social entities (in-
cluding people, locations, dates), (2) visible social
groups (e.g., groups identifiable through age, skin
tone, gender presentation, race, etc.), (3) symbols,
and (4) the social domain reflected in Mi. A so-
cial domain refers to a specific context such as
family, school, or workplace that influences how
individuals interact, behave, and form relationships.
Appendix B shows examples of social knowledge
inferred for various memes across several cultures.
Step 2: relies on several tools that the CKA-Agent
can use in parallel to retrieve cultural knowledge:
Tool 1 for Retrieving Historical Context uses the
social knowledge inferred in Step 1. It prompts
the LLM to generate culture-specific Wikipedia
queries, which are then sent to the Wikipedia API.
The API returns five of the most relevant article
summaries for each query. Appendix B provides
an example comparing the Historical Context re-
trieved for the same meme across two cultures,
together with the generated Wikipedia queries and
the retrieved articles that pass the self-reflection cri-
teria. Appendix A additionally provides the com-
plete prompt used by Tool 1 for query generation.
Tool 2 for Retrieving Cultural Values and Social
Norms performs semantic retrieval over (1) the
World Values Survey (WVS) (Haerpfer et al., 2020)
for cross-cultural attitudes and values, and (2) the
Cultural Atlas (Mosaica, 2024) for socially docu-
mented practices and behavioral expectations. The
queries used in the semantic retrieval are formed
from the social domain inferred at Step 1. The se-

mantic retrieval is made possible by encoding (i)
each element of the social domain and (ii) the ques-
tions from WVS (or the section names from the
Cultural Atlas) using the Sentence-BERT model
(Reimers and Gurevych, 2019) and considering
their cosine similarity. Only knowledge whose
similarity to the inferred social domain exceeds a
threshold τ is retrieved. Appendix B provides an
example comparing the Cultural Values and Social
Norms retrieved for the same meme across two cul-
tures.
Tool 3 for Retrieving Knowledge concerning Mi-
nority Groups in a culture Cj relies on a publicly
accessible resource that maintains country-specific
profiles documenting the demographic composi-
tion, legal status, and historical circumstances of
minority and indigenous communities worldwide
2. For each culture Cj , the tool uses three fields
from the MRG country profile: (1) the main lan-
guages spoken; (2) the main religions practiced;
and (3) the enumerated minority and indigenous
population groups. Since minority group classifica-
tions, dominant religions, and main languages are
stable demographic facts that do not vary by meme
content, this information is compiled once per cul-
ture Cj , and does not need to be further evaluated.
Appendix B provides examples of the knowledge
concerning minority groups for each culture Cj .
Step 3: implements the self-reflection of the CKA-
Agent, evaluating the cultural knowledge retrieved
in Step 2. Self-reflection uses a Cultural Persona
CPj , considered for each culture Cj . Each CPj is
constructed by providing the LVLM with cultural
knowledge available from the Cultural Atlas core
concepts and Do’s and Don’ts sections for each
culture Cj , as in (Rao et al., 2025; Kamruzzaman
et al., 2026). The self-reflection step evaluates the
quality of the retrieved cultural knowledge using
two criteria: (1) cultural consciousness, determin-
ing whether the knowledge is likely to be recog-
nized within the mainstream public consciousness
of the culture Cj , and (2) meme relevance, deter-
mining whether the knowledge directly explains
the meme’s visual or textual content rather than
being only tangentially related. Any retrieved cul-
tural knowledge that does not meet both criteria is
filtered out, allowing the CKA-Agent to assemble
the CKP, which is then encoded in the Hate Frame

2Minority Rights Group International (MRG) World Di-
rectory https://minorityrights.org/
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4.2 Identification of Hate Defining Elements
The Cultural Knowledge Package (CKP) informs
the identification for each meme Mi in each culture
Cj of the Hate Defining Elements (HDEs) pertain-
ing to (1) the Hate Target; (2) Hate Intend/Purpose;
and (3) Hate Acts/Means, encoded in the Taxon-
omy of Hate Defining Elements.

Figure 4: The Inference of HDEs.

The identification of these HDEs results from
Chain-of-Thought (CoT) prompting (Wei et al.,
2022) of the LVLM, as shown in Figure 4. The
prompt, detailed in Appendix A, includes the meme
Mi, the complete HDE taxonomy described in Sec-
tion 3, and the CKP assembled by the CKA-Agent
for culture Cj . The LVLM is instructed to pro-
pose only those HDEs supported by evidence in
the CKP and to generate a rationale explaining how
each identified HDE is grounded in the CKP.

Since the identification of HDEs is performed
independently for each culture Cj , the same meme
Mi may lead to the identification of different HDEs
in different cultures, as the CKP assembled for
different cultures may vary. Additionally, multi-
ple HDEs may be identified for the same meme
Mi when the meme simultaneously refers to mul-
tiple Hate Targets, Intents, or Acts. Nevertheless,
hate speech shall not be identified for any meme
Mi in a culture Cj unless a Target HDE, an In-
tend/Purpose HDE and an Act/Means HDE have
been inferred and used to populate the correspond-
ing Hate Frameji .

4.3 Counterfactual Reasoning for Hate
Speech Identification

After the HDEs are identified for a meme Mi inter-
preted in a culture Cj , the decision of whether the
meme contains hate speech is made through coun-
terfactual reasoning, as shown in Figure 5. Rather
than directly populating the Hate Frameji , each

Figure 5: Counterfactual Prompting for Hate Speech
Identification.

identified HDE is independently evaluated through
competing hateful and non-hateful interpretations
grounded in the CKP.
2 Step 1 involves constructing a tree of counterfac-
tuals for each identified HDE: one branch assumes
that the HDE supports a hateful interpretation of
Mi, while the other assumes that the same HDE
does not support hate speech. Both branches are
always constructed regardless of the content of Mi,
since the validity of each interpretation must be
evaluated in later stages. This allows CHER to
explicitly contrast competing culturally grounded
interpretations of the same meme.
2 Step 2 prompts the LVLM to explain why, given
a particular HDE and the relevant cultural knowl-
edge from the CKP, the meme should be inter-
preted as hateful or non-hateful. The prompting ap-
proach seeks to generate post hoc rationalizations
for both hypotheses associated with each HDE. In
Appendix A, we detail this Chain-of-Explanation
(CoE) prompting strategy, inspired by Weinzierl
and Harabagiu (2024). Through CoE prompting,
the LVLM generates counterfactual explanations
eHS
+ and eHS

− for each HDE, where eHS
+ argues

why the meme should be interpreted as hateful
through the proposed HDE, while eHS

− argues why
the same HDE should not be interpreted as hateful.
2 Step 3 takes inspiration from Chain-of-
Verification (CoVe) prompting proposed by Dhu-
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Model Method US DE MX IN CN

GPT-5

Vanilla 78.3±0.5 75.2±0.7 73.1±0.8 68.4±0.9 71.2±0.7

Vanilla-Eng 78.1±0.5 72.7±0.8 71.3±0.8 65.9±1.1 69.6±0.9

CHER 82.3±0.4 81.5±0.6 80.4±0.7 78.9±0.8 79.5±0.7

Gemini 2.5 Pro

Vanilla 73.4±0.6 72.1±0.8 71.3±0.8 67.9±0.9 68.8±0.8

Vanilla-Eng 73.5±0.5 70.2±0.8 70.1±0.9 64.9±1.1 67.8±0.8

CHER 77.8±0.3 80.2±0.6 78.9±0.7 77.6±0.8 75.4±0.5

Qwen2.5-VL 72B

Vanilla 73.2±0.7 65.4±0.9 67.8±0.9 61.3±1.0 61.8±1.0

Vanilla-Eng 72.8±0.8 61.9±1.2 65.1±1.0 59.0±1.2 58.8±1.3

CHER 77.4±0.6 71.8±0.8 72.9±0.8 70.6±0.9 68.4±0.9

LLaVA OV 73B

Vanilla 70.3±0.8 63.2±1.0 65.1±1.0 59.4±1.1 60.2±1.0

Vanilla-Eng 70.1±0.8 60.2±1.1 64.6±1.0 57.3±1.2 57.9±1.2

CHER 74.1±0.7 69.3±0.9 70.4±0.5 66.7±0.5 68.1±0.6

InternVL3 78B

Vanilla 67.8±0.9 62.4±1.0 63.5±1.0 58.2±1.1 57.6±1.1

Vanilla-Eng 66.5±1.0 59.7±1.1 61.5±1.0 55.6±1.3 54.8±1.4

CHER 71.2±0.8 68.1±0.7 68.4±0.9 66.8±0.8 64.3±1.2

Table 1: Macro-F1 scores for five LVLMs under vanilla prompting (native-language and English input) and CHER
across five cultures. Values are mean ± standard deviation across three independent LVLM runs.

liawala et al. (2024). CoVe prompting enables
LVLMs to deliberate over generated responses
through introspection. We employ the counterfac-
tual explanations eHS

+ and eHS
− produced for each

HDE in Step 2 within a Counterfactual Chain-of-
Contrastive Verification (CCoCV) prompt, as in
Weinzierl and Harabagiu (2024). The LVLM con-
trasts the two rationales and weighs each against
the CKP, determining whether the competing hy-
potheses support inferring hate speech from Mi.
The same CCoCV prompt additionally generates
the final Hate Frameji , including: (1) the final
hate decision, assigned as hateful if hate speech
is inferred for at least one identified HDE; (2) the
subset of HDEs for which hate speech is inferred;
(3) the corresponding relevant cultural knowledge
selected from the CKP; (4) the explanation gener-
ated for the decision; and (5) the alternative non-
hateful interpretation when hate speech is not in-
ferred. The complete CCoCV prompt is detailed in
Appendix A.

5 The Dataset

We use Multi3Hate (Bui et al., 2025), a multi-
modal, multilingual, and multicultural parallel hate
speech benchmark annotated by native annotators
across five cultures: the United States (US), Ger-
many (DE), Mexico (MX), India (IN), and China
(CN). The dataset contains 1,500 memes spanning
15 topics across five sociopolitical categories: re-
ligion, political issues, nationality, ethnicity, and
LGBTQ+ discourse. Each culture contains 300 an-
notated memes, with 154 hateful memes for the US,
179 for Germany, 167 for Mexico, 180 for India,

and 190 for China. Each meme was annotated by
at least five native annotators per culture using ma-
jority voting. Inter-annotator agreement, measured
using Krippendorff’s α, ranges from 0.39 to 0.47
across cultures, comparable to prior hate speech
annotation studies (Ross et al., 2016; Lee et al.,
2024).

6 Experimental Results

6.1 Implementation Details

We use GPT-53(Singh et al., 2026) as the backbone
LVLM for CHER. In accordance with the GPT-5
model family, we use a fixed temperature of 1.0.
For each retrieved Wikipedia article, the first
five lines of the article summary are retained as
contextual knowledge. For Tool 2, the semantic
similarity threshold τ is set to 0.6, selected on
the basis of retrieval coverage and independent
of the gold hate labels, so that no component
of CHER is fit to the Multi3Hate annotations.
We analyze CHER’s sensitivity to τ in Appendix C.

6.2 Automatic Evaluation

CHER identifies as hateful 153 memes for US cul-
ture; 206 memes for DE culture; 186 memes for
MX culture; 188 memes for IN culture and 200
memes for CN culture. Across all cultures, Phase
2 of CHER generates 2,509 candidate HDEs, of
which 1,902 are encoded in the 1500 Hate Frames
discerned by CHER. Detailed error analysis for
CHER is provided in Appendix G.

3API Version: gpt-5-2025-08-07
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Table 1 reports the Macro-F1 performance of
CHER when identifying hate speech across five
cultures. In addition to GPT-5, we evaluate CHER
when using several additional LVLMs, including
Gemini 2.5 Pro4, Qwen2.5-VL 72B (Bai et al.,
2025), LLaVA OneVision 73B (Li et al., 2024),
and InternVL3 78B (Zhu et al., 2025). We com-
pare the performance of CHER against a Vanilla
baseline that follows the prompt used in Bui et al.
(2025), which receives both the meme and its cap-
tion in the original language corresponding to the
target culture. Since CHER operates solely on
English-language memes, we additionally include
a Vanilla-Eng baseline that receives the same En-
glish input as CHER, isolating the contribution of
our framework from any effect of the input lan-
guage. The detailed prompts are provided in Ap-
pendix D. To account for the stochasticity of LLM
generation, we report the mean and standard devia-
tion of Macro-F1 over three independent runs with
a sampling temperature of 1.0.
Table 1 shows that CHER consistently outperforms
the vanilla baseline across all five models and all
five cultures, with particularly pronounced gains
for non-US cultures. For GPT-5, the largest abso-
lute improvement occurs for IN (+10.5 F1 points),
followed by CN (+8.3) and MX (+7.3). These re-
sults indicate that CHER not only improves the
overall hate speech identification, but also substan-
tially narrows the cross-cultural performance gap.
Among the five LVLMs evaluated, GPT-5 achieves
the strongest overall performance.
In addition, we have evaluated the quality of hate
speech identification against several baselines:
⋄ (Baseline 1) Zero-Shot Prompting (ZS-Prompt):
GPT-5 is prompted with meme Mi in culture Cj

using the same prompt used in Bui et al. (2025).
This baseline only identifies if the meme is hateful
or not. It does not generate any Hate Frame.
⋄ (Baseline 2) Zero-Shot Chain-of-thought Prompt-
ing (ZS-CoT): GPT-5 is prompted using Chain-
of-Thought(CoT), in a zero-shot manner with the
meme Mi in a culture Cj , by extending the prompt
used in Bui et al. (2025) with step-by-step reason-
ing instructions that ask the model to identify rel-
evant cultural knowledge, HDEs and their values,
and generate a hate explanation before deciding if
Mi is hateful in Cj .
⋄ (Baseline 3) Zero-Shot Chain-of-thought Prompt-
ing with Cultural Persona (ZS-CoT + CP): Similar

4API Version: gemini-2.5-pro

to ZS-CoT, but the prompt is augmented with a cul-
tural persona constructed from the Core Concepts
and Do’s and Don’ts provided by Cultural Atlas
for culture Cj .
⋄ (Baseline 4) Few-Shot Chain-of-thought Prompt-
ing (FS-CoT): Similar to ZS-CoT, but augments the
prompt with three in-context demonstration memes
Mx

i hateful in culture Cj , providing also hate expla-
nations, HDEs and their values, as well as cultural
knowledge.
⋄ (Baseline 5) Few-Shot Chain-of-thought Prompt-
ing with Cultural Persona (FS-CoT + CP) Similar
to FS-CoT, but additionally augments the prompt
with a cultural persona, like in ZS-CoT + CP.
⋄ (Baseline 6) Anthropological Prompting (AP-
Prompt): For each culture Cj , we employ anthro-
pological prompting (AlKhamissi et al., 2024) to
prompt GPT-5 with the meme Mi. The anthropo-
logical framework encourages the model to rea-
son through emic perspectives, cultural relativism,
and socioeconomic context. We extend the origi-
nal prompt with additional instructions to identify
HDEs and determine whether the meme is hateful.
To capture diverse cultural viewpoints, we con-
struct demographic personas by sampling from a
predefined set of demographic profiles; the full list
is provided in Appendix E. The final hate speech
decision is obtained through majority voting across
three persona-based runs.
⋄ (Baseline 7) Multi-Agent Framework (MIND):
MIND (Liu et al., 2025) is a training-free, multi-
agent framework for zero-shot harmful meme de-
tection, making it directly comparable to CHER as
both are inference-only agentic systems. MIND (1)
retrieves the top-k memes most similar to the in-
put meme Mi from an unlabeled reference set, (2)
derives general insights through a bi-directional re-
flection process, and (3) makes the final prediction
through multi-agent debate. Since MIND operates
on an unlabeled reference set, we use the remaining
299 memes from culture Cj as the reference set for
each input meme Mi in a leave-one-out manner.
Because retrieval relies solely on meme content
and does not use gold labels, this setting introduces
no additional supervision. As MIND does not ex-
plicitly model cultural information, we provide it
with the native-language caption for culture Cj and
use multilingual CLIP for retrieval, allowing its
predictions to vary across cultures. For a fair com-
parison, we instantiate MIND’s agents with the
same GPT-5 backbone used by CHER while oth-
erwise following its original configuration. Unlike
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the prompting-based baselines, MIND produces
only a binary harmfulness decision and does not
identify HDEs or generate culturally grounded ex-
planations.
The prompts for all baselines are provided in Ap-
pendix D. Table 2 shows that CHER consistently
outperforms all baselines, demonstrating the effec-
tiveness of identifying hate speech through coun-
terfactual reasoning informed by Hate Frames.

Method US DE MX IN CN

CHER 82.3 81.5 80.4 78.9 79.5

ZS-Prompt 78.3 75.2 73.1 68.4 71.2

ZS-CoT 79.2 76.4 74.5 69.8 72.8

ZS-CoT + CP 79.8 77.2 75.8 72.3 74.2

FS-CoT 80.4 78.2 77.0 73.7 75.1

FS-CoT + CP 80.6 78.8 77.3 74.2 76.1

AP-Prompt 80.5 77.1 76.1 72.8 74.7

MIND 80.6 77.0 76.3 72.1 74.2

Table 2: Macro-F1 comparison between CHER and
baselines for hate speech identification across five cul-
tures.

6.3 Human Evaluation

To conduct human evaluation of Hate Frameji
for a meme Mi interpreted in a culture Cj , we
randomly sampled 100 memes identified as
hateful by CHER in each culture Cj , obtaining
a set SE of 500 Hate Frameji . For each Hate
Frameji from SE , three native annotators who
have resided in the country of Cj for a minimum
of ten years independently evaluated the Hate
Frameji produced by CHER and each baseline
across five dimensions:
Quality of the discovered HDEs: Annotators
evaluate whether the HDEs for Hate Target, Hate
Intend and Hate Acts and their values are correct
independently using (Yes/No) judgments. The
results are listed in Table 3, indicating that the hate
targets were better identified than the other HDEs.
However, all HDEs are discovered with accuracy
over 75%. Appendix F details the results of HDE
identification for each culture.
Quality of Acquired Cultural Knowledge Anno-
tators assess the cultural knowledge along two
dimensions: (1) factual accuracy, evaluated on a
3-point Likert scale (Accurate, Partially Accurate,
Inaccurate), measuring whether the retrieved
knowledge correctly reflects real historical, social,

or political information from culture Cj ; and (2)
relevance to the meme, evaluated using (Directly
Relevant, Tangentially Relevant, Not Relevant),
measuring whether the retrieved knowledge
meaningfully supports the hateful interpretation
of the meme. The results are listed in Table 3,
indicating that CHER acquired cultural knowledge
that has high factual accuracy and is deemed to be
relevant to memes.
Quality of the Hate Explanation Annotators
evaluate whether the generated hate explanation
plausibly and coherently explains why the meme
is hateful or non-hateful within Cj . Plausibility
is evaluated using a 3-point Likert scale (Plau-
sible, Somewhat Plausible, Implausible), while
coherence is evaluated using binary judgments
(Coherent / Incoherent). The results, listed in
Table 3, indicate that CHER generates the most
plausible explanations, which are also highly
coherent.
For all qualitative evaluations, the Inter-Annotator
Agreement (IAA) was measured using Krip-
pendorff’s α (Krippendorff, 2011), with results
ranging from 0.61 to 0.79 across all evaluation
dimensions and cultures, indicating substantial
agreement throughout. Detailed annotation guide-
lines and per-culture IAA results are provided in
Appendix H.

6.4 Ablation Study

Table 4 presents the ablation results for CHER
across five cultures. Among all components, re-
moving the Cultural Knowledge Package (CKP)
causes the largest drop of F1-score across all cul-
tures, particularly for India and China, highlight-
ing the importance of culture-specific knowledge.
Within the CKP, removing Tool 1 (Historical Con-
text) causes the largest degradation for Germany,
India, and China, whereas for the US the removal
of Tool 3 has the greatest impact, suggesting that
the relative contribution of each retrieval tool is
itself culture-dependent. It is to be noted that when
ignoring the HDEs, significant reduction of the F1-
scores can also be observed, indicating the role of
encoding HDEs in the Hate Frames. The counter-
factual reasoning and self-reflection modules also
provide substantial impact in hate speech identifi-
cation by CHER across all five cultures. Details of
the error analysis are provided in Appendix G.
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HDE Quality (Accuracy %) Cultural Knowledge (Mean 1–3) Hate Explanation

Method Target (%) Intent (%) Act (%) Factual Accuracy Meme Relevance Plausibility (1–3) Coherence (%)

CHER 81.0 75.2 77.1 2.78 2.72 2.74 81.3

ZS-CoT 66.8 56.4 61.4 1.93 1.86 2.04 65.9

ZS-CoT+CP 69.6 59.3 64.7 2.07 2.00 2.14 69.0

FS-CoT 71.7 61.1 66.8 2.16 2.09 2.23 71.7

FS-CoT+CP 73.6 64.4 68.4 2.35 2.20 2.28 74.4

AP-Prompt 72.5 63.1 67.4 2.22 2.15 2.30 73.1

Table 3: Human evaluation results macro-averaged across five cultures. Accuracy (%) is reported for Target,
Intent, Act, and coherence, while mean Likert scores (1–3) are reported for factual accuracy, meme relevance, and
plausibility.

Method US DE MX IN CN

CHER 82.3 81.5 80.4 78.9 79.5

w/o Tool 1 81.1 78.7 78.9 74.6 77.3

w/o Tool 2 (Cultural Atlas) 81.1 80.2 78.8 77.6 78.5

w/o Tool 2 (WVS) 80.9 80.3 79.0 77.9 78.3

w/o Tool 3 80.0 80.1 79.7 77.8 79.1

w/o self-reflection 81.5 79.3 78.0 76.3 78.1

w/o HDE identification 81.6 79.4 78.1 75.5 77.4

w/o counterfactual reasoning 81.3 78.9 77.5 75.1 77.1

w/o CKP 79.3 75.9 74.2 69.9 71.7

Table 4: Macro-F1 ablation study evaluating the contri-
bution of retrieval tools, self-reflection, HDE identifica-
tion, and counterfactual reasoning in CHER.

Dataset (test split) Vanilla CHER w/o CKP CHER

Harm-C 72.3 75.1 80.3

Harm-P 72.8 75.4 81.1

HatefulMemes 71.5 74.7 79.7

Table 5: Macro-F1 on additional English hate speech
benchmarks. CHER w/o CKP removes the Cultural
Knowledge Package, isolating the contribution of re-
trieved cultural knowledge.

6.5 Evaluation on Additional Hate Datasets

Beyond Multi3Hate, we evaluate whether CHER
generalizes to additional hate speech datasets, in-
cluding HatefulMemes (Kiela et al., 2020), Harm-
C (Pramanick et al., 2021a), and Harm-P (Praman-
ick et al., 2021b). Since these datasets are English-
only and lack cross-cultural annotations, we run
CHER with a single English (US) cultural configu-
ration, keeping the CKA-Agent and prompts fixed
across datasets.

For evaluation, we consider each dataset’s offi-
cial evaluation split: the 354-meme test split for
Harm-C (COVID-19) and the 355-meme test split
for Harm-P (US politics), using the corrected re-

lease with train–test duplicates removed and merg-
ing the very harmful and partially harmful labels
into a single harmful class, following prior work.
For HatefulMemes, whose official test labels are
not publicly released, we evaluate on the balanced
500-meme dev_seen split, following common prac-
tice. We report Macro-F1 for consistency with our
Multi3Hate experiments. On each dataset, we
compare CHER against the Vanilla zero-shot base-
line of Bui et al. (2025) and a CHER w/o CKP
variant that removes the Cultural Knowledge Pack-
age to isolate the contribution of retrieved cultural
knowledge.

Table 5 shows that CHER consistently outper-
forms the Vanilla baseline across all three datasets.
Removing the CKP leads to a noticeable drop in
performance, highlighting the contribution of re-
trieved cultural knowledge. Overall, these results
show that CHER generalizes beyond Multi3Hate
to new datasets and topic domains.

7 Conclusion

This paper presents a method for acquiring
culturally-aware Hate Frames that encode knowl-
edge that is not readily available to Large Vision
Language Models (LVLMs), enabling them to suc-
cessfully identify hate speech in memes across sev-
eral cultures. Hate speech identification results
from counterfactual reasoning of LVLMs, which
generate plausible and coherent explanations. Ex-
periments performed on the Multi3Hate dataset
indicate improved hate speech identification across
all cultures, when compared with the results re-
ported in Bui et al. (2025). The results also indicate
a significant reduction of the gap in performance
across cultures.
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8 Limitations

While CHER demonstrates strong performance in
culturally grounded hate speech interpretation, sev-
eral limitations remain.

Dataset Scale and Coverage. Our experiments
rely on Multi3Hate, which is currently the only
dataset providing parallel multilingual and multi-
cultural hate speech annotations across multiple
cultures. Although the dataset enables controlled
cross-cultural evaluation, it remains relatively lim-
ited in scale and cultural coverage. The benchmark
contains only five target cultures and 45 meme
templates, which may not fully capture the diver-
sity, evolution, and regional variability of online
hateful discourse. Expanding culturally aligned
hate speech datasets across additional countries,
languages, and sociopolitical contexts remains an
important direction for future work.

Static Cultural Knowledge. CHER relies on ex-
ternally retrieved cultural knowledge sources such
as Wikipedia, Cultural Atlas, World Values Survey
(WVS), and minority-group knowledge reposito-
ries. These resources are largely static and may
fail to capture rapidly evolving online slang, emerg-
ing political events, internet subcultures, or newly
formed stereotypes. As cultural discourse changes
over time, retrieved knowledge may become incom-
plete, outdated, or insufficiently representative of
real-world online communities.

Evaluation Scale. The human evaluation of hate
frame quality is conducted on 100 memes per cul-
ture with three annotators, which, while consistent
with comparable studies, constitutes a relatively
small evaluation pool.

Computational Cost. CHER involves multiple
sequential reasoning stages, including social knowl-
edge inference, multi-source cultural knowledge
retrieval, self-reflection, HDE identification, coun-
terfactual explanation generation, and contrastive
verification. This multi-stage pipeline introduces
substantially higher computational cost, which may
limit practical deployment in real-time content
moderation settings, where latency constraints are
critical.

Broader Multimedia Contexts. CHER is de-
signed for the image-text meme format as an-
notated in Multi3Hate. In practice, culturally
grounded hate speech also appears in short-form

videos, livestreams, audio clips, and multimodal
conversational interactions that contain temporal,
auditory, and contextual information beyond static
meme content. Extending CHER to richer multime-
dia settings remains an important avenue for future
work.

9 Ethical Statement

We respected the privacy and confidentiality of in-
dividuals whose social media content appeared in
the Multi3Hate dataset (Bui et al., 2025). All
examples used in this work were handled in ac-
cordance with the original dataset usage policies,
and no personally identifiable information was col-
lected, stored, or redistributed as part of this study.
This work received approval from the Institutional
Review Board (IRB) at the University of Texas at
Dallas.

To support transparency and reproducibility, we
document all experimental settings, prompts, con-
figurations, and annotation procedures in the paper,
supplemental material, and linked GitHub reposi-
tory. Human evaluations were conducted to assess
the quality of the generated Hate Frames, and we
report detailed inter-annotator agreement results
across evaluation criteria and cultures.

Given the harmful and offensive nature of the
dataset, annotators were informed beforehand
about the content and provided explicit consent
prior to participation. Annotators were encouraged
to take breaks whenever necessary during the an-
notation process.

While exposure to hateful content may pose
potential psychological risks, the goal of this
work is to advance the understanding of culturally
grounded online hate and support the development
of systems capable of identifying, interpreting, and
mitigating harmful narratives across cultures. We
hope this work contributes toward the responsible
advancement of multimodal NLP and the creation
of safer and more inclusive online spaces.
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A Prompts used in CHER

Figure 6 shows the main prompt for the CKA-
Agent. Figure 7 presents the prompt used by
Tool 1 for generating culture-specific Wikipedia
queries to retrieve historical context. Figure 8
shows the prompt used for Hate Defining Element
(HDE) identification. Figure 9 presents the Chain-
of-Explanation prompt used for generating coun-
terfactual hateful and non-hateful explanations,
while Figure 10 shows the Counterfactual Chain-
of-Contrastive Verification prompt used to judge
the validity of the generated counterfactual expla-
nations for each HDE.
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Figure 6: Main prompt for CKA-Agent.
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Figure 7: Prompt used by Tool 1 to generate culture-specific queries for retrieving historical context.

Figure 8: Prompt used for the identification of Hate Defining Elements.
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Figure 9: Chain-of-Explanation prompt used for generating counterfactual explanations.
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Figure 10: Counterfactual Chain-of-Contrastive Verification prompt used to judge the validity of counterfactual
explanations generated for each HDE.
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B Qualitative Examples of Cultural
Knowledge Retrieval and Hate Frame
Generation

Figure 11: Examples of social knowledge inferred for
various memes across several cultures.

Figure 11 presents examples of social knowl-
edge inferred by CHER across different memes
and cultures. For each meme, the system extracts
four categories of culturally relevant information:
social entities, visible social groups, symbols, and
the social domain. For instance, the Mexico ex-
ample identifies culturally salient symbols such
as the sombrero and Mexican flag colors along-
side immigration and labor-related social domains,
while the Germany example captures workplace-
related social context and identifies named enti-
ties such as “Kevin” and “Yaji.” Similarly, the In-
dia example focuses on visible racialized social
groups and themes of attractiveness and desirability,
whereas the China example identifies governance
and healthcare-related social domains connected
to national identity and public policy discourse.
Overall, the figure demonstrates CHER’s ability to
extract culturally grounded contextual signals that
later guide CKP retrieval and Hate Frame gener-
ation. Figure 12 presents example outputs from

Tool 1 (Historical Context Retriever) for the same
meme interpreted in Germany and India. The figure
illustrates how culture-specific Wikipedia queries
generate different retrieved knowledge depending
on the target culture, and how the self-reflection
step filters retrieved entries using the Cultural Con-
sciousness and Meme Relevance criteria.
For Germany, the query Kevin Germany retrieves
the article Kevinismus, a culturally recognized Ger-
man stereotype associating the name “Kevin” with
lower socioeconomic status and poor educational
background. This entry is marked as both culturally
conscious and meme relevant, allowing it to remain
in the final Cultural Knowledge Package (CKP).
In contrast, the query Yaji Germany retrieves an
unrelated article about Peter Gilmour, which fails
both filtering criteria and is discarded.
Similarly, for India, the query Indian workplace
hierarchy retrieves the article Caste, which reflects
socially recognized hierarchical structures relevant
to workplace and class interpretations. Although
culturally conscious, it is judged insufficiently rele-
vant to the meme and therefore excluded from the
final CKP. Queries such as Kevin India and Yaji
India retrieve unrelated entities and are rejected by
the self-reflection module.
Overall, the figure demonstrates how CHER per-
forms culture-specific historical retrieval while us-
ing self-reflection to remove culturally irrelevant
or weakly grounded knowledge before Hate Frame
generation.
Figure 13 presents example outputs from Tool 2,
which retrieves culture-specific social norms and
value-oriented knowledge using the inferred social
domain Workplace and professional context. The
figure compares the retrieved World Values Survey
(WVS) statistics and Cultural Atlas business cul-
ture knowledge for Germany and India.
The top section shows semantically matched WVS
questions along with their statistical summaries. Al-
though both cultures strongly associate work with
social importance and duty, the responses reveal no-
table cultural differences. For example, agreement
with the statement Work should always come first
is substantially higher in India (83%) than in Ger-
many (28%), reflecting differing workplace value
systems.
The bottom section presents retrieved Cultural At-
las subsections related to business culture and work-
place interaction norms. For Germany, the retrieved
knowledge emphasizes professionalism, adherence
to rules, expertise-based hierarchy, and direct com-

57729



munication styles. In contrast, the India retrieval
highlights hierarchical workplace structures based
on age and position, indirect communication pat-
terns, relationship-oriented negotiation practices,
and stronger sensitivity to interpersonal hierarchy.
Overall, the figure illustrates how Tool 2 retrieves
culturally grounded workplace norms and social
values that differ substantially across cultures de-
spite sharing the same inferred social domain.
These retrieved signals later help contextualize
culture-specific hateful interpretations during Hate
Frame generation.
Table 6 summarizes demographic and cultural back-
ground knowledge about minority groups collected
from Minority Rights Group International (MRG)
5 for the five cultures used in this work. For each
culture, the table presents major spoken languages,
dominant religious traditions, and socially relevant
minority groups that may become targets of cultur-
ally grounded hateful discourse. The listed minor-
ity groups include ethnic, racial, religious, migrant,
and indigenous communities that are historically
or socially significant within each cultural context.
Figure 14 presents an end-to-end example of
CHER’s counterfactual reasoning process for the
same meme interpreted in two different cultures:
Germany and India. The figure illustrates how
CHER generates culturally grounded Hate Defin-
ing Elements (HDEs), produces competing hateful
and non-hateful explanations, and synthesizes the
final Hate Frame through contrastive verification.
For Germany, CHER identifies a culturally
grounded HDE targeting socioeconomic status
through the documented stereotype of Kevinismus,
which associates the name “Kevin” with lower so-
cioeconomic status, poor educational attainment,
and reduced professionalism in German discourse.
The generated hateful explanation argues that the
meme indirectly portrays “Kevin” and “Yaji” as
lower-status workers who remain in the office while
others work remotely, reinforcing workplace hier-
archy stereotypes. The non-hateful explanation
instead frames the meme as ordinary workplace
humor related to remote work attendance. After
comparing both interpretations, CHER accepts the
hateful interpretation and generates a final Hate
Frame labeled as hateful.
In contrast, for India, CHER fails to identify any
culturally grounded HDE supported by the re-

5Minority Rights Group International (MRG) World Di-
rectory https://minorityrights.org/

trieved Cultural Knowledge Package (CKP). Since
no relevant historical associations, social norms, or
minority-related sensitivities are relevant for the
meme, the system does not identify any HDEs and
produces a final Hate Frame labeled as not hateful,
interpreting the meme as general workplace humor.
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Figure 12: Most relevant article summaries retrieved by Tool 1 (Historical Context Retriever) for Germany and
India, together with the corresponding Wikipedia search queries.
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Figure 13: Example of Cultural Values as well as Social Norms retrieved for the social domain Workplace and
professional context.
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Main Languages Main Religions Minority Groups

US English, Spanish Christianity, Judaism, Islam Hispanic and Latino communities, Mex-
icans, Puerto Ricans, Cubans, African
Americans, Asian Americans, Asian
Indians, Chinese Americans, Filipino
Americans, Japanese Americans, Ko-
rean Americans, Vietnamese Americans,
Native Americans, American Indians,
Alaska Natives, Native Hawaiians, Pa-
cific Islanders, Arab Americans, Mid-
dle Eastern Americans, Iranian Ameri-
cans, Armenian Americans, Assyrian /
Chaldean / Syriac communities, Turkish
Americans, Jewish communities, Mus-
lims, Amish, Quakers, Dukhobor and
Bruderhoffer Christians, Christian Sci-
entists, Hare Krishnas, Mormons

Germany German, Danish, Frisian,
Sorbian, Low German, Ara-
bic, Kurdish, Polish, Rus-
sian, Turkish

Lutheran Christianity, Ro-
man Catholicism, Islam, Ju-
daism

Danes, Frisians, Sorbs, Roma / Sinti,
Turkish migrant communities, Syrian
refugee communities, Iraqi refugee com-
munities, Afghan refugee communities,
Jewish communities

Mexico Spanish, Zapotec, Yucatec
Maya, Nahuatl, Mixtec

Roman Catholicism, Indige-
nous religions

Indigenous Peoples (including Nahua,
Maya, Zapotec, Mixtec, Tzotzil, Tzeltal,
Otomi, Totonaca, Chol, Mazatec, Rará-
muri / Tarahumara, Purépecha, Te-
pehuanes / Ódami, Wixárika / Hui-
chol, Mixe), Afro-Mexicans, Afro-
descendants, Black Mexicans, Indige-
nous migrants, Salvadoran migrants,
Honduran migrants, Afro-Hondurans,
Guatemalan migrants, Zapatista Indige-
nous communities

India Hindi, Bangla, Telugu,
Marathi, Tamil, Urdu,
Gujarati, English

Hinduism, Islam, Christian-
ity, Sikhism, Buddhism,
Jainism, Zoroastrianism, Ju-
daism

Muslims, Christians, Sikhs, Dalits, Adi-
vasis, Anglo-Indians, Kashmiris, Jews,
Andaman Islanders

China Mandarin Chinese, Can-
tonese (Yue), Shanghainese
(Wu), Fuzhou (Minbei),
Hokkien-Taiwanese (Min-
nan), Qiang, Gan, Hakka,
Uyghur, Tibetan

Buddhism, Roman Catholi-
cism, Islam, Tibetan Bud-
dhism (Lamaism), Protes-
tantism, Shamanism, Ani-
mism, Taoism, Dongba re-
ligion

Zhuang, Manchu, Hui, Miao, Uyghurs,
Yi (Lolo), Tujia, Mongols, Tibetans, Mo-
suo, Chuanqing, Gaoshan Indigenous
peoples, Sherpas, Mang, Khmu, Minzú
communities, Inner Mongolians, Xin-
jiang minorities, Tibetan minorities

Table 6: Knowledge concerning Minority Groups for all five cultures
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Figure 14: Example of HDE identification, counterfactual explanations and Hate Frame.
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C Analysis of τ

τ US DE MX IN CN

0.50 81.3 80.2 78.5 76.2 77.7

0.55 81.8 80.7 79.6 77.1 78.2

0.60 82.3 81.5 80.4 78.9 79.5

0.65 81.0 80.2 79.1 77.3 78.8

0.70 80.3 79.0 78.4 76.3 77.3

Table 7: Sensitivity of CHER (Macro-F1) to the re-
trieval threshold τ across five cultures.

The retrieval threshold τ in Tool 2 controls
how much cultural knowledge passes the Sentence-
BERT similarity filter before self-reflection. We
fixed τ = 0.6 using a label-free criterion: we exam-
ined how the amount of retrieved cultural knowl-
edge varied with τ and selected the point at which
retrieval saturates, i.e., the loosest threshold that
still recovers the relevant World Values Survey
and Cultural Atlas entries before additional low-
similarity items begin to dominate. We deliberately
favor coverage over precision at this stage because
the subsequent self-reflection step (Step 3) filters
the retrieved candidates on cultural consciousness
and meme relevance; a looser threshold therefore
avoids prematurely discarding useful knowledge
while leaving the removal of tangential items to
self-reflection. Crucially, this criterion depends
only on retrieval coverage and never on the gold
hate labels, so τ is not tuned against the evaluation
metric and no component of CHER is fit to the
Multi3Hate annotations.

To confirm that our results do not depend on
this specific choice, Table 7 reports CHER’s
Macro-F1 (with GPT-5) as τ is varied over
{0.5, 0.55, 0.6, 0.65, 0.7}. Performance is stable
across the entire range, varying by at most 2.7 F1
points in any culture, and peaks at τ = 0.6 con-
sistently across all five cultures. Notably, CHER
exceeds the vanilla baseline (Table 1) at every value
of τ and in every culture, confirming that the re-
ported gains are a property of the method rather
than an artifact of threshold selection.

D Prompts used for Baseline Methods

Figure 15 shows the standard zero-shot prompt-
ing baseline from Multi3Hate (Bui et al., 2025).

They introduce six simple prompt variations for
hate speech interpretation, and we use the first tem-
plate as the representative zero-shot baseline in
our experiments. Figure 16 presents the Zero-shot
Chain-of-Thought (ZS-CoT) prompting strategy,
which encourages step-by-step reasoning during
hate speech interpretation. Figure 17 shows the
Zero-shot Chain-of-Thought with Cultural Persona
(ZS-CoT+CP) prompt, where the model is addi-
tionally guided to reason from the perspective of
the target culture.
For each culture Cj , we employ anthropological
prompting (AlKhamissi et al., 2024) to prompt
GPT-5 with meme Mi. The prompt encourages
the model to reason through anthropological con-
cepts such as emic and etic perspectives, cultural
relativism, socioeconomic background, lived ex-
perience, and regional context when interpreting
the meme. We further extend the original anthro-
pological prompting framework with additional in-
structions for cultural knowledge generation, Hate
Defining Element (HDE) identification, hate expla-
nation generation, and final hate speech classifica-
tion. Figure 18 presents the complete anthropologi-
cal prompt used in our experiments.
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Figure 15: Zero-shot prompt used in Multi3Hate (Bui et al., 2025).

Figure 16: Zero-shot Chain-of-thought Prompt.
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Figure 17: Prompt for Zero-shot Chain-of-thought with Cultural Persona.
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Attribute US DE MX IN CN

Region Ohio /

Texas /

California

North Rhine-Westphalia /

Bavaria /

Berlin

Mexico City /

Jalisco /

Nuevo León

Maharashtra /

Uttar Pradesh /

Tamil Nadu

Guangdong /

Beijing /

Shanghai

Sex Male / Female

Age 20 – 39

Social Class Upper middle, Lower middle, Working

Marital Status Single, Married, Divorced

Education Lower, Middle, Higher

Table 8: Demographic profiles for Anthropological Prompting.

Target Intent Act

Method US DE MX IN CN US DE MX IN CN US DE MX IN CN

CHER 84.2 82.1 80.8 78.4 79.6 78.1 76.4 74.9 73.9 72.8 80.4 76.8 78.2 74.3 75.9

ZS-CoT 72.4 68.3 65.8 63.4 64.2 62.8 57.4 55.2 51.8 54.6 67.3 63.1 61.8 57.9 56.8

ZS-CoT+CP 74.1 70.4 70.8 65.4 67.3 64.2 60.8 59.1 54.7 57.9 69.8 66.4 64.7 60.1 62.4

FS-CoT 76.3 72.8 72.4 67.2 69.8 66.1 62.4 61.3 57.4 58.4 71.9 67.4 68.3 62.1 64.3

FS-CoT+CP 77.8 74.6 74.1 69.8 71.6 68.1 65.4 63.1 61.4 63.8 73.4 69.7 68.4 65.4 64.9

AP-Prompt 76.9 74.2 72.8 68.4 70.1 67.1 64.3 61.8 59.6 62.8 72.4 68.7 67.4 63.1 65.2

Table 9: Accuracy for HDE identification by CHER and prompting-based baselines, measured against human-
annotated ground truth across 100 hateful memes per culture.

E Anthropological Prompting

To capture diverse intra-cultural viewpoints for
anthropological prompting, we construct demo-
graphic personas by sampling combinations of re-
gion, sex, age, social class, marital status, and ed-
ucation level from predefined demographic pro-
files shown in Table 8. The demographic profiles
include culturally representative regions for each
country, male and female identities, age groups
between 20–39, upper-middle, lower-middle, and
working-class socioeconomic backgrounds, multi-

ple marital statuses, and varying education levels.
For each meme-culture pair (Mi, Cj), the model
is prompted from the perspective of three different
personas, and the final hate speech prediction is ob-
tained through majority voting across the persona-
specific outputs.

F Additional Quantitative Results

Table 9 reports accuracy scores for HDE identifi-
cation across all baselines and CHER, evaluated
on 100 hateful memes per culture using human-
annotated ground truth. For each meme, three na-
tive annotators from the corresponding culture in-
dependently annotate the Target, Intent, and Act
components, and the final HDE labels are obtained
through majority voting. Annotators were provided
with the complete HDE taxonomy, detailed descrip-
tions of the HDE components, and examples ex-
plaining different Target, Intent, and Act categories.
Inter-annotator agreement, measured using Krip-
pendorff’s α, averages 0.71 for Target, 0.69 for In-
tent, and 0.71 for Act across all cultures, indicating
substantial agreement. Across all methods, target
identification achieves the highest scores, followed
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Figure 18: Anthropological Prompt.

by Act identification, while Intent identification re-
mains the most challenging task.
CHER consistently achieves the best perfor-
mance across all cultures and HDE dimensions,
demonstrating strong cross-cultural generalization.
Among the baseline methods, FS-CoT+CP per-
forms the strongest overall, suggesting that com-
bining few-shot reasoning with culturally aware
prompting substantially improves HDE identifi-
cation. In contrast, zero-shot methods, partic-
ularly ZS-CoT, exhibit noticeably lower perfor-
mance across all settings. The performance gap
is more pronounced for India and China. Overall,
the results demonstrate the effectiveness of CHER
in capturing culturally grounded hateful discourse
signals more accurately than existing prompting-

based approaches.

G Error Analysis

Table 10 presents the confusion matrices and class-
wise performance of CHER across all five cul-
tures on Multi3Hate. Across all cultures, CHER
achieves higher F1 scores for the Hate class com-
pared to the Non-Hate class.

Figure 19 presents examples where CHER’s pre-
dictions diverge from the Multi3Hate ground-truth
annotations. We observe that many of these dis-
agreements arise from annotation ambiguity rather
than clear reasoning failures.
Figures 19a and 19b illustrate cases where CHER
predicts hateful interpretations for Germany despite
non-hateful ground-truth labels. In Figure 19a, the
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United States (US)

Predicted

Actual Hate Non-Hate Total

Hate 127 27 154

Non-Hate 26 120 146

Total 153 147 300

Germany (DE)

Predicted

Actual Hate Non-Hate Total

Hate 167 12 179

Non-Hate 39 82 121

Total 206 94 300

Mexico (MX)

Predicted

Actual Hate Non-Hate Total

Hate 148 19 167

Non-Hate 38 95 133

Total 186 114 300

India (IN)

Predicted

Actual Hate Non-Hate Total

Hate 154 26 180

Non-Hate 34 86 120

Total 188 112 300

China (CN)

Predicted

Actual Hate Non-Hate Total

Hate 167 23 190

Non-Hate 33 77 110

Total 200 100 300

Metric US DE MX IN CN

FH
1 82.7 86.8 83.9 83.7 85.6

FN
1 81.9 76.3 76.9 74.1 73.3

Macro-F1 82.3 81.5 80.4 78.9 79.5

Table 10: Confusion matrices for CHER across five cultures on Multi3Hate. Rows = actual labels, Columns =
predicted labels. FH

1 = F1 for Hate class, FN
1 = F1 for Non-Hate class.

meme invokes the globally recognizable stereotype
of Indian call-center workers and associates it with
technological incompetence. This stereotype is
widely circulated within broader Western online
discourse, including Germany, making the hate-
ful interpretation culturally plausible. Similarly,
Figure 19b relies on implicit racial caricature by
comparing a dancing African child to Jay-Z. Al-
though some annotators may interpret the meme
as absurd celebrity humor, it can also plausibly
activate anti-Black racial stereotypes historically
present in Western internet culture.
Figure 19c highlights ambiguity surrounding na-
tionalism and linguistic superiority. The meme
may be interpreted either as humor or as mock-
ery directed toward non-English-speaking groups
through implicit cultural superiority claims. In
contrast, Figure 19d illustrates a case where CHER
assigns non-hateful labels for China and Mexico de-
spite hateful ground-truth annotations. The meme’s

hateful interpretation is highly implicit, and it is
not immediately clear why the meme should be
considered hateful within the Chinese and Mexican
cultural settings. This example therefore reflects
ambiguity in how annotators perceive and interpret
culturally grounded harmful intent across cultures.
Figure 19e similarly reflects annotation ambiguity.
The meme appears to mock overweight individu-
als through exaggerated humor involving fast food.
While the meme is annotated as non-hateful in the
Chinese setting, it is not immediately clear why the
hateful interpretation should be rejected, since the
meme plausibly targets body weight and reinforces
negative stereotypes about overweight individuals.
This example highlights how annotators may differ
in whether they interpret appearance-based ridicule
as hateful or merely as internet humor.
Importantly, the Multi3Hate benchmark (Bui
et al., 2025) itself discusses annotation ambigu-
ity and translation-related disagreements in cross-
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Culture GT Pred
US 1 1
DE 0 1*
MX 0 1*
CN 1 1
IN 0 0

(a)

Culture GT Pred
US 1 1
DE 0 1*
MX 1 1
CN 1 1
IN 1 1

(b)

Culture GT Pred
US 1 1
DE 0 1*
MX 1 1
CN 1 1
IN 0 0

(c)

Culture GT Pred
US 0 0
DE 0 0
MX 1 0*
CN 1 0*
IN 0 0

(d)

Culture GT Pred
US 1 1
DE 1 1
MX 1 1
CN 0 1*
IN 1 1

(e)

Figure 19: Error analysis: memes where CHER diverges from Multi3Hate ground truth (GT). * = prediction differs
from GT.

cultural hate speech interpretation. Several dis-
agreements observed in Figure 19 may therefore
stem not only from model prediction errors, but
also from differences in annotator sensitivity and
interpretations of humor, offensiveness, and harm-
ful intent.

H Human Evaluation Details

H.1 Annotator Profiles

We recruited three native annotators per culture,
totalling fifteen annotators across the five target cul-
tures. Each annotator was required to have resided
continuously in their target country for a minimum

of ten years and to demonstrate native proficiency
in the culture’s primary language. Annotators were
recruited through academic and professional net-
works. The annotator pool spans a range of pro-
fessional backgrounds including social sciences,
computer science, linguistics, and communications,
with all annotators holding at least a Bachelor’s
degree. The annotator pool across all cultures in-
cluded both male and female participants.

H.2 Annotator Instructions

Annotators received a detailed annotation guide,
presented in Figure 20, prior to starting the task.
The guide covered the definition of hate speech
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Dimension Scale US DE MX IN CN Avg

Target Correctness Binary 0.73 0.71 0.72 0.69 0.70 0.71

Intent Correctness Binary 0.71 0.71 0.71 0.62 0.69 0.69

Act Correctness Binary 0.72 0.73 0.70 0.66 0.74 0.71

Factual Accuracy 3-pt Likert 0.79 0.77 0.78 0.71 0.79 0.77

Meme Relevance 3-pt Likert 0.72 0.75 0.73 0.65 0.69 0.71

Plausibility 3-pt Likert 0.70 0.64 0.69 0.61 0.65 0.66

Coherence Binary 0.77 0.77 0.75 0.70 0.74 0.75

HDE Quality avg 0.72 0.72 0.71 0.65 0.71 0.70

Cultural Knowledge avg 0.75 0.76 0.75 0.68 0.74 0.74

Hate Explanation avg 0.73 0.70 0.72 0.65 0.69 0.70

Table 11: Inter-annotator agreement measured using Krippendorff’s α across cultures and evaluation dimensions,
based on annotations from three native annotators per culture.

used in this study, the HDE taxonomy, a descrip-
tion of the Hate Frame structure (Target, Intent,
Act, Cultural Knowledge, Hate Explanation), and
the evaluation criteria and scales for each dimen-
sion. Annotators were additionally provided with
detailed descriptions of the Target, Intent, and Act
components, along with examples explaining dif-
ferent Target, Intent, and Act categories and their
corresponding values. Annotators were informed
beforehand that the task involved exposure to poten-
tially harmful hate speech content. All annotators
completed a mandatory calibration round on ten
held-out examples before proceeding to the main
annotation task. Disagreements during calibration
were discussed collectively to align understanding
of the annotation criteria. For each evaluated pair
(Mi, Cj), the annotators were shown the meme
image, the meme caption, and the Hate Frame pro-
duced by the system under evaluation. They were
asked to independently evaluate the frame using
the criteria described in Section 6.

H.3 Inter Annotation Agreement Details
We measure inter-annotator agreement using Krip-
pendorff’s α (Krippendorff, 2011), computed with
nominal weighting for binary dimensions (Target,
Intent, Act, Coherence) and ordinal weighting for
Likert dimensions (Factual Accuracy, Meme Rel-
evance, Plausibility). Table 11 reports Krippen-
dorff’s α for each evaluation dimension across all
cultures. Overall, the results demonstrate substan-
tial inter-annotator agreement and consistent anno-
tation reliability for evaluating culturally grounded

hate frames. Agreement is highest for Factual Ac-
curacy and Coherence, indicating strong consensus
among annotators regarding the correctness of the
retrieved cultural knowledge and the consistency
of the generated explanations. Among the HDE di-
mensions, Target and Act achieve higher agreement
than Intent, suggesting that identifying the under-
lying hateful intention of a meme is comparatively
more subjective and culturally nuanced.
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Figure 20: Annotation Guidelines for Human evaluation of Hate Frames.
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