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Abstract

Understanding how hate is framed in multimodal social media content is crucial for developing interpretable and
robust hate detection systems. We present the MM-HateFrames Dataset, a large-scale resource encoding 2,298
Hate Frames (HFs) and their corresponding rationales discovered from two benchmark datasets—Hateful Memes
and MMHS150K—comprising over 11K+ social media multimodal posts. This novel dataset allowed us to explore
several generative and non-generative methods to automatically discover the way hate is framed when relying on
MM-HateFrames. Experimental evaluations show that few-shot LMM prompting generates the most coherent and
sound frame articulations. Therefore, the MM-HateFrames Dataset provides a valuable foundation for future research
in hate speech understanding, frame articulation, and explainable multimodal NLP, enabling models to interpret not
only whether content is hateful but also how hate is conceptually framed.

Disclaimer: This paper contains examples of hateful content that may be disturbing to some readers.

Keywords: Framing, Hate speech, Multimedia, Large Language Models

1. Introduction

Even though social media platforms such as Insta-
gram, Facebook, Reddit, and X have empowered
individuals by amplifying their voices and facilitat-
ing freedom of expression, they have simultane-
ously 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 an individual or group based on a shared
characteristic or group membership (Her, 2012).
The identification of hate speech is essential not
only for safeguarding the groups targeted by such
social media communications but also for enabling
the development of counter-narratives aimed at mit-
igating its harmful effects; cf. (Alyahya and Aldayel,
2024; Albanyan et al., 2023).

However, the identification of hate speech remains
a complex challenge for three primary reasons.
First, there is inconsistency in the terminology and
definitions of hate speech across disciplines, which
undermines efforts to build reliable computational
models, as it remains unclear which criteria they
should be trained to detect. Second, hate speech
relies heavily on cultural influences, leading to vary-
ing individual interpretations. Third, although hate
speech may target a wide range of groups based
on demographics characterized by religion, gender,
family status, or race and may vary significantly
in its mode of delivery, prior research has dispro-
portionately concentrated on narrow subsets of tar-
gets (e.g., women and immigrants) (Basile et al.,
2019) or specific forms of expressing hate (e.g.,
implicit vs. explicit hate) (EISherief et al., 2021).
To address this lack of definitional clarity, (Korre
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Figure 1: Hateful memes evoking the same Hate
Frame (HF). The HF reveals the hate Target, Inten-
tion and Means.

et al., 2025) used Semantic Componential Analysis
(SCA) to identify definitional components of hate
speech. SCA is a linguistic technique, based on
the principle of semantic compositionality, used to
break down the meaning of words or phrases into
their constituent parts or features. SCA enabled
derivation of a hierarchy of Hate Defining Elements
(HDEs) for hate speech informed by 493 definitions
spanning five diverse cultural domains. (Korre et al.,
2025) revealed that the main three dimensions of
hate speech are (1) the Target of hate, (2) the In-
tention/Purpose of hate, and (3) the Act/Means of
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delivering hate speech. Figure 1 illustrates three
different memes and the HDEs corresponding to
them along the Target, Intent, and Means dimen-
sions.

We find that adopting the hierarchy of HDE for
hate speech is necessary but not sufficient when
processing hate speech. Just identifying the HDE
from a MultiMedia Posting (MMP) does not inform
the way hate is framed, especially when the com-
munications contain not only text but also images,
as shown in Figure 1. The HF evoked by the three
memes illustrated in the figure points to who is the
Target of hate, namely Asians, and articulates why
the memes are hateful, because the usage of preju-
dice, humiliation, and stereotyping is evident due to
the statement of the HF from the figure, and more-
over, the HF exemplifies how hate is framed through
insults and provocation. The discovery of HFs al-
lows us to analyze which kind of hate is prevalent in
a social media platform and to pinpoint all commu-
nications that evoke such HFs. Moreover, HFs can
inform the design of counter-narratives tailored to
address specific forms of hate (Guest et al., 2021;
Chung et al., 2019).

Hate Framings (HF) are special forms of framings.
Framing is a concept central to communication sci-
ences. The definition of framings provided by Ent-
man (1993) notes that “fo frame is to select some
aspects of a perceived reality and make them more
salient in a communicating text, in such a way as to
promote problem definition, causal interpretation,
moral evaluation, and/or treatment recommenda-
tion for the item described.” Based on this definition,
the Hate Frames (HFs) address the various prob-
lems raised when hate speech is performed, en-
coded by the Hate Defining Elements (HDE). HFs
also provide a causal interpretation of the problems
they address through their articulation.

In this paper we introduce MM-HateFrames, a
corpus of multimodal media postings (MMPs) an-
notated with (a) the Hate Framings (HF) evoked by
each multimodal posting as well as (b) Hate Defin-
ing Elements (HDEs) characterizing the HF. An
example of such annotation is provided in Figure 1.
Although we are the first to introduce and annotate
HFs, we were inspired by recent work on frame
discovery and articulation reported in (Weinzierl
and Harabagiu, 2024) and (Ailneni and Harabagiu,
2025). (Weinzierl and Harabagiu, 2024) introduced
a method for automatically discovering and artic-
ulating frames of communication evoked in text-
based social media postings addressing vaccine
hesitancy. (Ailneni and Harabagiu, 2025) proposed
a method for discovering and articulating framings
of misogyny from misogynistic memes without re-
quiring prior knowledge of misogyny-related prob-
lems. Both these methods highlighted the fact that
multiple postings evoke the same frame and that, in

MMP = Multimodal Media Posting
HF = Hate Frame LLM = Large Language Model
HDE = Hate Defining Element Cofl = Chain of Thought

3 different Col (Chain of Thought) prompting methods:

1] CoTHPE = CoT prompting for discovering HDEs

2] CoT™F = Col prompting for discovering HFs.

3] CoT Rel =CoT prompting for discovering relations between HFs.

LMM = Large Multimodal Model

Figure 2: Acronyms used in the paper.

addition, relations such as paraphrasing, specializ-
ing, and contradiction span the discovered frames.
Following these observations, MM-HateFrames
also links the HFs through such relations. MM-
HateFrames uses memes originating from two ma-
jor hate datasets: (1) the Hateful Memes Dataset
(Kiela et al., 2021) and (2) the MMHS150K dataset
(Gomez et al., 2019)

This paper makes the following contributions:
<1> We introduce the first dataset of hate frames
generated from multimodal hate speech, encom-
passing the full spectrum of targets, intents, and ac-
tions, rather than being limited to a narrow subset of
hate phenomena. We release the MM-HateFrames
annotations and software on GitHub'.
<12t For each Hate Frame (HF) available in MM-
HateFrames, we provide expert-verified rationales
that explain why the HF is being articulated, thereby
enabling deeper interpretability.
<13r> We present an annotation procedure and
guidelines for discovering and verifying Hate
Frames (HFs) that are not confined to a single form
of hate and that can be applied to any multimodal
hate speech dataset.
<14r> We describe experiments with using the an-
notations available in MM-HateFrames for learning
to discover and articulate Hate Frames (HFs).

2. Background and Related Work

2.1. Frame Discovery and Annotation

Early research aiming at frame discovery from so-
cial media has generally relied on unsupervised
approaches (Russell Neuman et al., 2014; Meraz
and Papacharissi, 2013) which revealed interesting
framing patterns highlighted by lexical terms. How-
ever, these methods neither discovered the frame
problems nor did they articulate the causes of those
problems; therefore, they do not have the framing
definition from Entman (1993). The Media Frames
Corpus (MFC) (Card et al., 2015) was the first effort
that annotated fifteen dimensions of policy frames,
addressing such problems as Constitutionality and
Jurisprudence or Security and Defense. MFC en-
abled supervised approaches to frame problem

"https://github.com/rak55/
MM—-HateFrames—Dataset
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discovery, using sequential and pretrained models
(Naderi and Hirst, 2017; Khanehzar et al., 2019).
Mendelsohn et al. (2021) considered the analysis
of frames in social media by identifying immigra-
tion policy problems with multi-label classification
methods, relying on RoBERTa (Liu et al., 2019).
However, (Weinzierl and Harabagiu, 2024) were
the first to leverage the reasoning capabilities of
Large Language Models (LLMs) for automatically
discovering and articulating frames from text-based
social media. Ailneni and Harabagiu (2025) intro-
duced Dis-MP&F, a method for discovering and
articulating misogyny frames from memes, which
also generates a data-driven Taxonomy of Misog-
yny (ToM) and is the first to articulate 1089 Frames
of Misogyny (FoMs) without prior knowledge of all
Misogyny Problems (MPs). The annotation of HFs
in MM-HateFrames is inspired by the work reported
in (Weinzierl and Harabagiu, 2024) and (Ailneni
and Harabagiu, 2025), but it is also informed by the
taxonomy provided in (Korre et al., 2025).

2.2

Hate speech detection on social media initially re-
lied on text-only datasets and classifiers, focusing
on overtly abusive language (Fortuna and Nunes,
2018; Davidson et al., 2017; Waseem and Hovy,
2016). However, with the rise of multimodal content,
research has shifted toward capturing the interplay
between text and imagery. The Hateful Memes
dataset (Kiela et al., 2021) marked a key milestone
in hate detection research, serving as a bench-
mark for evaluating multimodal transformer archi-
tectures such as UNITER (Chen et al., 2020), Visu-
alBERT (Li et al., 2019), and CLIP (Radford et al.,
2021) in modeling cross-modal reasoning. Simi-
larly, MMHS150K (Gomez et al., 2019) explored
hate in Twitter image—text pairs, where multimodal
fusion models were compared against text-only
baselines, revealing challenges in aligning the two
modalities. The MAMI dataset (Fersini et al., 2022)
extended this effort to misogyny detection, inspiring
fusion architectures that combine visual and textual
encoders. Moving beyond explicit hate, HateXplain
(Mathew et al., 2022) emphasized interpretability
by providing target-group and rationale annotations,
enabling attention-based models to explain deci-
sions, while ToxiGen (Hartvigsen et al., 2022) ad-
dressed implicit hate through synthetic adversarial
examples generated by LLMs. (Bui et al., 2025)
introduces a multimodal, multilingual, and multi-
cultural dataset for hate speech detection across
languages and cultural contexts. However, none of
the prior methods considered the analysis of how
hate is framed, and none enables the understand-
ing not only of who is hated and why but also of
how they are hated. In contrast, our work focuses
on modeling how hate is conceptually framed by

Identifying Hate on Social Media

providing annotations of Hate Frames, Hate Defin-
ing Elements, rationales, and inter-frame relations,
enabling interpretability beyond detection.

3. Annotating the MM-HateFrames

The MM-HateFrames dataset consists of a corpus
of MMPs, which we selected from existing hate
speech datasets. For each MMP, the HF it evokes
was annotated, as well as the corresponding HDEs,
which were available from the taxonomy of HDEs
released in (Korre et al., 2025). First, we anno-
tate the HDEs discovered for each posting from
our corpus. Then we articulate and verify the HFs
evoked by postings. Finally, we also annotate in
MM-HateFrames the relations that span the an-
notated HFs, enabling us to consolidate the most
relevant HFs while also allowing the inspection of
the various ways hate is framed on social media as
well as relations between HFs, e.g., contradiction
or subsumption.

3.1. The Corpus

The selection of the multimedia corpus of social
media postings results from surveying prominent
hate speech datasets previously released in the
literature and identifying those that meet three key
criteria: (1) multimodal composition (containing
both image and text modalities), (2) English
language content, and (3) diversity across targeted
demographic groups. Based on these criteria, we
selected two benchmark datasets that satisfy the
above requirements: the Hateful Memes Dataset
released by Facebook Al (Kiela et al., 2021) and
MMHS 150K introduced by (Gomez et al., 2019).
The Hateful Memes Dataset: is comprising 10k
memes generated artificially by placing meme text
over a new underlying stock image. Each meme
was rated by three different annotators on a scale
of 1-3, with a 1 indicating definitely hateful, a 2
indicating not sure, and a 3 indicating definitely
not hateful. Memes with disagreement were
annotated by an expert. The memes encompass
hate directed at diverse demographics, including
religion, nationality, sex, socio-economic status,
etc.

Preprocessing the Hateful Memes Dataset: The
dataset is partitioned into 8,500 memes for training,
500 for validation, and 1,000 for testing. Among
the 9,000 memes comprising the training and
validation splits, 3,300 are labeled as hateful.
These hateful instances form the basis of our
frame articulation analysis. Since the dataset
already provides transcribed meme text, additional
optical character recognition (OCR) extraction or
further preprocessing was not required.

Although the examples are artificially generated,
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Figure 3: The three levels of the Hierarchy of Hate Defining Elements, cf. (Korre et al., 2025).

the dataset was explicitly designed to mimic
realistic meme-style communication and to capture
subtle multimodal interactions that occur in online
hate speech. In this work, we use the dataset
primarily as a controlled benchmark for studying
multimodal hate framing. To complement this
synthetic setting, we also include MMHS150K,
which contains naturally occurring social media
posts, allowing our analysis to cover both curated
benchmark data and real-world multimodal hate
expressions.

The MMHS150K dataset: The MMHS150K
dataset comprises 150,000 multimodal tweets (text
+ image) collected via the Twitter APl between
September 2018 and February 2019. Tweets
containing any of the 51 Hatebase terms (EISherief
et al., 2018) were retained and crowdsourced
into six categories: no attack, racist, sexist,
homophobic, religion-based attack, or attack on
other communities.

Preprocessing the MMHS150K dataset: Each
entry in the dataset contains the tweet text, its
associated image, and an array of three integer
labels (ranging from 0-5), one provided by each of
three Amazon Mechanical Turk annotators. The la-
bel mapping is as follows: 0—Not Hate, 1—Racist,
2—Sexist, 3—Homophobic, 4—Religion-based,
and 5—Other Hate. To isolate hateful instances,
we retained posts where the majority of annotators
agreed on a hate label, yielding 8,579 hateful
posts from a total of 149,823 entries. Posts were
excluded from the hateful subset if at least one
annotator labeled them as not hate. The textual
content of the post was further preprocessed to
remove URLs and extraneous characters to ensure
linguistic consistency.

3.2. A Taxonomy of Hate Defining
Elements

Korre et al. (2025) processed 493 hate speech
definitions drawn from five distinct domains—hate
speech laws, Wikipedia, dictionaries, NLP research
papers, and online—to generate a taxonomy of
HDEs through Semantic Componential Analysis
(SCA). Keywords were extracted and annotated
as components of an HDE taxonomy organized
around three main elements: (1) the hate target, (2)
the hate intent/purpose, and (3) the hate act/means.
Each of these dimensions is specialized along two
additional levels of the hierarchy, as shown in Fig-
ure 3. But more importantly, the HDEs encoded
in this hierarchy enable us to consider the prob-
lems addressed by the HFs that are discovered in
Phase B in the following way: (1) the Target and
all its subsumed HDEs reflect who is hated; (2) the
Intent/Purpose and all its subsumed HDEs reflect
why hate is framed in a certain way; while (3) the
Act/Means and all its subsumed HDEs reflect how
hate is framed. Therefore, the problems addressed
by the HFs annotated in MM-HateFrames are ad-
dressing who is hated, how they are hated, and why
they are hated. The HFs articulate these problems
addressed through the HDEs.

3.3. Hate Frames Articulation

HFs are discovered and articulated from both
datasets of our corpus in four phases:

<1 In Phase A, all the MultiModal Posts (MMPs)
are annotated with HDEs available from the hier-
archy illustrated in Figure 3 using a zero-shot CoT
prompting (Wei et al., 2022), namely CoT#PE_ All
HDEs discovered in this way are verified and cor-
rected when necessary by human experts.

<12t In Phase B, HFs are discovered and articu-
lated, given the HDE already annotated in each
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Frames of communication select particular aspects of an issue and make them salient in communicating a
message. Social science stipulates that discourse almost inescapably involves framing — a strategy of
highlighting certain issues to promote a certain interpretation or attitude. It has been argued that "to frame is to
select some aspects of a perceived reality and make them more salient in a communicating text, in such a way
as to promote problem definition, causal interpretation, moral evaluation, and/or treatment recommendation.”
Task Overview:

You will be tasked with identifying and articulating hate framings on the social media postings.

For each input post, you will be provided with the Hate Defining Elements (HDEs) that the post addresses,
categorized across three dimensions: 1) the Target of hate, (2) the Intention/Purpose of hate and (3) the
Act/Means of delivering hate speech.

Procedure:

You should first discuss your reasoning and then provide your final decision.

Each post may or may not contain one or more Hate Frames (HFs). Your analysis proceeds as follows:

(a) Reason about whether the posting contains a frame (or more frames) or just states something factual or an
experience. This reasoning should encompass the three HDEs. If the posting contains a frame, the nextstepis
(b) Articulate that frame succinctly. You will perform these steps until the answer to (a) is false, either because
there are no frames in the posting, or because you have already articulated all the frames.

Figure 4: System prompt used in Phase B.

MMP, using a second Col prompting, namely
CoTH¥  which relies on retrieval-based in-context
learning.

<3r> In Phase C, possible relations between the
HFs revealed in Phase B are discovered using few-
shot CoT prompting of an LLM, namely CoT"<.
Non-relevant HFs are also filtered out in this phase.
<4r> In Phase D, the relevant HFs emerging from
Phase C are evaluated by five annotators for clarity
and soundness, metrics defined in (Weinzierl and
Harabagiu, 2024) and the HFs deemed to have low
scores using these metrics are edited by a human
expert annotator.

3.3.1. Phase A: Annotating Hate Defining

Elements

We leverage the zero-shot reasoning capabilities of
LLMs (Kojima et al., 2022) to predict the target, in-
tent, and means of each MMP, using CoT prompting
(Wei et al., 2022). In this prompting setup, CoTHPF
instructs a Large Multimodal Model (LMM) to con-
sider the HDE hierarchy to select the applicable
targets, intents, and actions of a given MMP while
also providing a rationale for each selected HDE.
The LMM receives both the meme image and its
associated text as input. In this way, for each MMP,
this process yields a set of HDEs across the three
dimensions (target, intent, means) along with their
corresponding rationales.

Subsequently, three annotators review these pre-
dicted HDEs and edit them when necessary. An
annotated HDE is retained only if a majority of an-
notators agree on its applicability to the MMP after
considering the rationale generated alongside it.
Inter-annotator reliability, measured using Krippen-
dorff’'s « (Krippendorff, 2011), was 0.82, indicating
strong agreement among annotators.

3.3.2. Phase B: Retrieval-Based In-Context
Learning of Hate Frame Articulation

The in-context few-shot learning ability of LLMs
has enabled them to generalize to unseen cases
without additional fine-tuning, thereby unlocking a
range of new technological possibilities. However,
as (Liu et al., 2022) showed, an LLM’s in-context
performance can vary markedly with the choice
of examples. This observation has motivated re-
search in prompt retrieval, where, for a given test
instance, training examples are selected for inclu-
sion in the prompt according to a similarity metric.
Prior work has either relied on off-the-shelf unsuper-
vised similarity metrics or trained prompt retrievers
to select examples based on surface-level similar-
ity (Wang et al., 2024; Das et al., 2021). Building
on these approaches, we retrieve demonstrations
for each meme by leveraging CLIP embeddings
(Radford et al., 2021) to capture deeper semantic
similarity with the input.

To enable this retrieval, we first construct a demon-
stration bank comprising 250 MMPs annotated with
HFs and their rationales by our group of experts.
The bank is designed to ensure broad coverage,
with at least five demonstrations spanning every
HDE illustrated in Figure 3. Each candidate demon-
stration is embedded into a joint vision—-language
space by computing the element-wise average of
normalized image and text embeddings derived
from CLIP (Radford et al., 2021). The resulting
vector representations are stored in a FAISS index
(Douze et al., 2025) to facilitate efficient nearest-
neighbor search.

During inference, for each input MMP, we re-
strict the candidate pool to demonstrations shar-
ing at least one Hate Dimension Element (HDE)
across all three hate dimensions shown in Fig-
ure 3. We compute the unified CLIP embedding
of the input MMP and retrieve the top-k nearest
demonstrations from the FAISS index. The GPT-5-
mini model is then prompted using CoT reasoning
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White people are colonizers who do not belong

£ in America and should be excluded.

White families are entitled to priority and
belonging in America.

Contradiction

Working-class white people are inherently
worthless and irredeemably white trash.

Working-class white people are inherently
inferior and deserve to be labeled as white trash.

Jewish people deserve to be ostracized because
they are morally corrupt.

Jews are collectively guilty and should be
blamed for societal problems.

Specialization Paraphrase

Figure 5: Examples of relations between HFs.

(CoTHT) (Wei et al., 2022) to articulate the under-
lying HFs and their rationales (see Figure 4). In
this way, 8,000 unique HFs were generated for
the MM-HateFrames dataset and 12,214 HFs for
MMHS150K.

3.3.3. Phase C: Discovering Relations
Between Hate Frames

After articulating HFs in Phase B, we aimed to iden-
tify relations among them. Following (Weinzierl and
Harabagiu, 2024), two HFs are labeled as para-
phrases if they share identical HDEs and underly-
ing causes, and as contradictions if their causes
conflict. When two HFs share the same HDEs but
one conveys a more specific cause, it is marked as
a specialization. Examples of these relation types
are shown in Figure 5. For each H F4, we retrieve
its top-k most similar frames S4 .. using Sentence-
BERT (Reimers and Gurevych, 2019). Each can-
didate pair (HFa, HFg), where HFg € S4 ., is
then evaluated by GPT-5-mini with few-shot CoT
reasoning (CoT ') to determine the relation type
and provide a supporting rationale. The prompts
follow (Ailneni and Harabagiu, 2025) and include
two examples each of paraphrase, contradiction,
specialization, and unrelated pairs.

We apply this procedure to both datasets, merging
paraphrased HFs to form a consolidated set. The
relevance of each HF in the consolidated set is then
computed as the total number of MMPs that evoke
it, as in (Weinzierl and Harabagiu, 2024). Only HFs
evoked by at least two MMPs are retained in the
final set. Table 1 summarizes the number of articu-
lated HFs from Phase B, the discovered relations
(paraphrase, contradiction, specialization) in this
phase, and the final set of relevant HFs for both
datasets. To ensure the reliability of relation discov-
ery, each predicted relation is manually verified by
three annotators, who review and revise the LLM-
generated type and rationale when necessary. A
relation is finalized only if a majority of annotators
agree on its validity. Inter-annotator reliability, mea-

Category Hateful Memes MMHS150K
Articulated HFs 8000 12214
Paraphrases 16572 22374
Specializations 53 67
Contradictions 43 32
Final HFs 1085 1213

Table 1: Number of HFs discovered in Phase A;
number and type of relations between HFs discov-
ered in Phase B; final number of HFs selected in
Phase B using our method.

Slillaterswave their own

Hate Frame: Immigrants framed as
invaders who do not belong and threatens
the nation.

Hate Frame: Police officers are insecure,
overcompensating bullies who rely on authority
and force to validate themselves.

Clarity: Clarity: %

Targets: Occupation/Profession,
Gender/Sex/Sexual Orientation.

Intents: Humiliation, Prejudice, Stereotyping
Actions: Insults, Provocation

Rationale: The meme uses a provocative tone to
stereotype and insult male officers, framing them
as emotionally insecure bullies who
overcompensate.

Soundness: «

Targets: Nationality/Region/Citizenship,
Legal Status/Discrimination

Intents: Hate, Prejudice, Exclusion
Actions: Provocation

Rationale: Applies a broad negative
stereotype to immigrants (portraying them
as disloyal or invading), simplifying and
blaming the whole group.

Soundness: 3

Figure 6: Examples of Memes with articulated HFs
and rationales evaluated for clarity and soundness.

sured using Krippendorff's o (Krippendorff, 2011),
was 0.85 for verifying the validity of a relation.

3.3.4. Phase D: Hate Frame Refinement

Once the final set of HFs was obtained for our
corpus, we evaluated them using the criteria in-
troduced in (Weinzierl and Harabagiu, 2024): (a)
the soundness of the rationale generated by the
LMM when prompted with CoT* ¥, and (b) the clar-
ity of the HF articulation. Five graduate students
with near-native English proficiency and a comput-
ing background conducted these evaluations. The
guidelines given to the annotators include the defi-
nition of an HF and an HDE, the hierarchy of HDEs
(Korre et al., 2025) and few examples demonstrat-
ing the annotation procedure for some example
HFs and their corresponding rationales.

For clarity, annotators were instructed to verify
whether the HF was truly a frame rather than a fac-
tual statement and whether it represented a correct
and contextually grounded interpretation of the in-
put meme. For soundness, they assessed whether
the rationale was relevant to the input post by refer-
encing the target, intent, and means of hate.

For example, in Figure 6, the articulated HF ab-
stracts the meme’s message into a broader framing
rather than repeating surface-level content. More-
over, the rationale explicitly identifies the target
(male officers) and correctly characterizes the in-
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Target Category Hateful Memes MMHS150K
Race / Ethnicity 491 540
Religion / Belief 383 124
Gender/Sex/Sexual Orientation 346 382
Nationality/Region/Citizenship 256 209
Appearance 153 189
Age 105 109
Disability 90 340
Legal Status/Discrimination 61 73
Occupation/Profession 61 145
Socio-economic Status 50 219
Family Status 32 16

Table 2: Distribution of HFs across targets for both datasets from MMHateFrames.

tent as humiliation through derogatory stereotyping,
thereby grounding the frame in the meme’s hateful
purpose.

In contrast, the right-side meme fails at both criteria.
The HF is merely a factual reformulation (e.g., us-
ing “framed as”), which does not capture a causal
narrative. Additionally, the rationale misidentifies
the intent as mere stereotyping, whereas the meme
conveys exclusionary and hateful messaging. Be-
cause both the articulation and the identification of
intent are inaccurate, the example fails both clarity
and soundness.

Each HF was evaluated for clarity and soundness
using binary (yes/no) labels. To address potential
bias inherent in semi-automatic annotation settings,
model-generated outputs were treated strictly as
initial proposals rather than final labels. Annotators
were instructed to independently assess each HF
and its rationale against the multimodal content.
Frames or rationales flagged by at least two anno-
tators as failing either criterion were subsequently
reviewed and revised by an expert annotator, re-
sulting in revisions to 189 HFs from the Hateful
Memes dataset and 205 from MMHS150K. This
multi-level verification procedure ensured that the
final annotations reflect human judgment and crit-
ical evaluation rather than passive acceptance of
model suggestions.

The inter-annotator agreement measured as Krip-
pendorf’s alpha « (Krippendorff, 2011) is 0.75 for
clarity and 0.73 for soundness, which are consid-
ered to be strong agreement.

4. Analysis of the MM-HateFrames
dataset

MM-HateFrames annotates 24,122 HDEs from the
hierarchy illustrated in Figure 3, out of which 4,449
correspond to hate targets, 13,918 correspond
to hate intent/purpose, and 5,755 correspond to
hate acts/means. But more importantly, each of
these HDEs was addressed by 2,298 HFs that we
have also annotated. The HFs can be inspected

along several criteria: (1) the hate targets they ad-
dress, (2) the hate intent/purposes, and (3) the
hate act/means. For example, Table 2 illustrates
the number of HFs for hate target categories on
both datasets from our corpus. Our analysis re-
veals that on both datasets of our corpus, when
Race/Ethnicity was the target of hate, the largest
number of HFs were articulated, indicating that
there are an extremely large number of ways to
frame hate against this Target. On the other ex-
treme, the smallest way of framing hate was ob-
tained when the target was the family status. The
distribution of HFs along the Intent/Purpose dimen-
sion or along the Means/Act dimension of hate re-
veals which specific form of hate purpose or hate
means is most prolific in framing. This information
is available on GitHub?, revealing a subtle under-
standing of the many ways hate is framed on social
media.

To further allow inspection of HFs, we have im-
plemented an interface that considers, for each of
the HFs encoded in MM-HateFrames, a method
of browsing the relations that connect it to other
HFs. This will allow researchers to find which HFs
contradict each other and which HFs specialize a
given HF.

5. Using MM-HateFrames

Methodology: To systematically evaluate the im-
pact of our annotated HFs in the MM-HateFrames
dataset, we study the task of automatically articu-
lating Hate Frames (HFs) from multimodal memes.
Given a meme (image and OCR text) along with its
associated target, intent, and means, each method
generates a concise HF that abstracts the underly-
ing causal framing of hate expressed in the meme.
We benchmark against seven representative meth-
ods spanning both non-generative and genera-
tive paradigms. The non-generative methods in-
clude HAC-SBERT, HAC-CLIP, and HAC-LLaMA,

’https://github.com/rak55/
MM—-HateFrames—Dataset
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System Discovered HFs Paraphrases Contradictions Specializations Final HFs
HAC-SBERT - - - - 551
HAC-CLIP - - - - 609
HAC-LLaMA - - - - 607
LLaVA (Zero-shot) 6890 9365 2 19 719
LLaVA (Few-shot) 6756 9198 8 25 728
InternVL (Zero-shot) 6076 8689 7 17 701
InternVL (Few-shot) 5993 8598 10 23 693

Table 3: Number of HFs discovered in Phase A; number and type of relations between HFs discovered in

Phase B; final number of HFs selected in Phase B.

System V4 R RK F1 PA
HAC-SBERT - 0.39 0.30 0.33 0.34 0.19
HAC-CLIP - 0.41 032 034 036 0.25
HAC-LLaMA - 044 040 039 042 0.29
LLaVA (Zero-shot) 0.53 067 062 059 064 0.33
LLaVA (Few-shot) 0.58 070 0.64 061 0.67 0.39
InternVL (Zero-shot) 0.62 0.69 0.62 0.60 0.65 0.35
InternVL (Few-shot) 0.66 0.71 0.67 0.64 0.69 0.44

Table 4: Evaluation results of the final sets of HFs.

while the generative multimodal methods comprise
LLaVA and InternVL, each evaluated under zero-
shot and few-shot settings. All experiments were
conducted on the HatefulMemes dataset (Kiela
etal., 2021), which consists of 3300 hateful memes.
For clustering-based approaches, each meme
M; is encoded either as: (a) a text-only repre-
sentation using Sentence-BERT (Reimers and
Gurevych, 2019) embeddings of the OCR text
(HAC-SBERT), or (b) a multimodal representation
using the element-wise average of normalized CLIP
(Radford et al., 2021) text and image embeddings
(HAC-CLIP):

Pi = % (CLIPtext(ti) + OLIPimg(LZ))

We then apply Hierarchical Agglomerative Cluster-
ing (HAC) with Ward’s linkage (Jr., 1963) and a
variance-gain threshold of 1.1. For each cluster C},
the OCR text of the meme nearest to the centroid is
considered as a HF. As an extension to this method,
the OCR texts of the top-k cluster members (k=5)
are concatenated and summarized using a zero-
shot LLaMA 3.1 (7B) (Touvron et al., 2023) prompt
(HAC-LLaMA), producing a short, descriptive HF.
This non-generative baseline measures thematic
grouping ability without explicit reasoning; there-
fore, it does not produce any associated rationales
or discover relations between HFs.

For generative multimodal evaluation, we employ
LLaVA-OneVision-1.5 (8B) (Liu et al., 2023), a
LMM capable of joint image—text reasoning. Us-
ing the same system prompt as MM-HateFrames,
it integrates the hierarchy of HDE and the defini-
tion of a HF to guide articulation. Each input com-
prises the meme image, its OCR text, and the cor-
responding target, intent, and means. We consider
both zero-shot (LLaVA Zero-shot) and few-shot

(LLaVA Few-shot) settings, the latter employing
five diverse multimodal exemplars that include the
meme, OCR text, verified HF, and rationale. We fur-
ther evaluate InternVL-3.5 (8B) (Chen et al., 2024),
adopting identical zero-shot and few-shot prompt-
ing strategies (InternVL Zero-shot, InternVL Few-
shot).

All generated HFs (after paraphrase elimination for
generative baselines) were independently evalu-
ated by three trained linguists. Following (Weinzierl
and Harabagiu, 2024), we compute the following
metrics: All generated HFs (after paraphrase elim-
ination for generative baselines) were indepen-
dently evaluated by three trained linguists. Follow-
ing (Weinzierl and Harabagiu, 2024), we compute
the following metrics:

Quality of Reasoning (2).
tion of sound rationales:

Measures the propor-

7 -5
N

(1)

Here, N denote the number of HFs judged sound
and Nr is the total number of generated HFs. A
HF is considered sound if it satisfies the soundness
criteria defined in Section 3.3.4.

Quality of Articulation (A). Measures the pro-
portion of clear, well-formed HFs:

A=
Nr

(@)

Here, N¢ denote the number of HFs judged clear.
A HF is considered clear if it satisfies the clarity
criteria defined in Section 3.3.4.
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Recall of Clear and Known HFs.

N¢e
R=———"— 3
N+ Np — Ng 3)
Ng
= — 4
Rk Ny (4)

Here, R captures recall of clear HFs, while
Ryx measures recall of known HFs from the MM-
HateFrames reference dataset. N = 1085 is the
number of reference HFs; and N is the number of
generated HFs deemed known by the annotators.

Combined F; Score.
trade-off:

Captures the clarity—recall

2AR
Fi =—— 5
"TA+R ®)

Novel HF Precision (P4).
newly discovered HFs:

Measures clarity of

_ N¢ — Nk

Pa=_< 'K
AT Ny, —Ng

(6)

Evaluation Results: Table 3 lists the number of
HFs discovered in Phase A when using each sys-
tem, the number of paraphrases and contradictions
discovered in Phase B, and the final number of HFs
selected in Phase B. Table 4 lists the results of all
the evaluation metrics mentioned earlier across
all baselines for discovering HFs. Among the
non-generative clustering baselines, HAC-LLaMA
achieves slightly higher clarity (A = 0.44) and re-
call (R = 0.40) than HAC-SBERT and HAC-CLIP,
indicating that summarizing clustered meme texts
with a generative model modestly improves inter-
pretability. However, these clustering approaches
still perform poorly overall, reflecting their inability
to capture the causal and moral reasoning required
for true frame articulation.

In contrast, multimodal LLMs—LLaVA and In-
ternVL—produce markedly clearer and more co-
herent HFs. Both models benefit from few-shot
demonstrations, with InternVL (Few-shot) obtain-
ing the best overall results, suggesting that fine-
grained visual grounding and even a few examples
for in-context learning can substantially enhance
the articulation of HFs.

These findings confirm that explicit multimodal rea-
soning is crucial for generating sound and novel
frames beyond surface-level textual similarity.

6. Conclusion

We introduced the MM-HateFrames Dataset, a
large-scale resource capturing how hate is concep-
tually framed in multimodal social media. Three
CoT promtps are used to produce the annotations,

which are also verified and edited by human ex-
perts. First, HDEs are annotated, which allowed
us to combine Retrieval-based In-Context Learning
with expert-guided refinement, to discover, articu-
late and curate HFs paired with their rationales.
Through extensive linguistic evaluation and bench-
marking against both clustering-based and large
multimodal baselines, we demonstrated that cur-
rent LMMs, particularly under few-shot settings,
are capable of producing coherent and contextually
grounded frame articulations but still fall short in
reasoning about the underlying causal and moral
dimensions of hate.

In future work, we aim to enrich the dataset by
linking HFs to underlying human values, enabling
the study of how hateful narratives violate or dis-
tort shared moral principles. This value-grounded
extension will facilitate the development of counter-
hate narratives that challenge these framings con-
structively.

Limitations

First, while the MM-HateFrames dataset provides
a valuable foundation for understanding how hate
is conceptually framed in multimodal content, we
cannot guarantee that it captures the full spec-
trum of possible HFs. Our analysis is limited
to two benchmark datasets—Hateful Memes and
MMHS150K—which, although diverse, represent
only a subset of online hate expressions. Never-
theless, this serves as a strong starting point for
systematically studying multimodal hate framing.

Second, our current framework considers only
three types of relations between HFs—paraphrase,
specialization, and contradiction. Future work
should explore other potential relations to more
comprehensively capture the complexity of hate
discourse. Third, we restrict our analysis to im-
age—text pairs. Other media modalities common
on social platforms—such as audio, video, or an-
imated GIFs—remain unexplored. Expanding to
such modalities, as well as to platforms like Reddit
or YouTube where posts and threads are longer
and context-rich, would enhance the generalizabil-
ity of our framework. Fourth, although we adopt
the hierarchy of Hate Defining Elements (HDEs)
proposed by (Korre et al., 2025) as the foundation
for our annotation, we do not assume that it is com-
plete or final. During annotation, annotators were
instructed to flag cases in which the predefined cat-
egories did not fully capture the hate expression in
the multimodal post. In practice, we did not observe
systematic gaps at the level of the three primary
hate dimensions (target, intent, and means). How-
ever, some borderline cases required careful inter-
pretation within existing subcategories, indicating
that future work could refine or extend the hierarchy
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based on empirical findings. We therefore use the
HDE hierarchy as a structured framework to ensure
consistency and comparability, while acknowledg-
ing that it may evolve as new forms of multimodal
hate expression are studied. Finally, we do not
analyze the temporal dynamics of Hate Frames
or how they evolve over time. Temporal modeling
could provide valuable insights into the progression
and diffusion of hateful narratives across social and
cultural contexts.

Ethical Statement

Our work adheres fully to the ACL Code of Ethics®.
We employ two publicly available datasets— the
Hateful Memes and MMHS150K—which contain
multimodal social media content expressing various
forms of hate directed toward different demographic
groups. Given the sensitivity of such material, we
implemented strict ethical safeguards to ensure re-
sponsible data handling and analysis. The study re-
ceived approval from the Institutional Review Board
(IRB) at University of Texas at Dallas for research
involving social media data. To ensure reliability
and fairness, we followed a rigorous annotation and
validation process, including inter-annotator agree-
ment checks to maintain consistency and quality.
While we acknowledge the potential harm associ-
ated with engaging with hateful or offensive content,
our research aims to advance the understanding of
online hate and to support the development of tools
that help identify, interpret, and counteract harm-
ful narratives. Ultimately, this work contributes to
the ethical advancement of multimodal NLP and
the broader goal of fostering safer, more inclusive
online spaces.
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7. Appendices

A. Annotation Protocol and
Annotator Details

AA1.

The annotation process involved multiple annota-
tors participating across different phases of the
pipeline. All annotators were graduate-level stu-
dents affiliated with our institution and had aca-
demic backgrounds in computer science, natural
language processing, or computational linguistics.

Annotator Background and Roles
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Annotators demonstrated near-native English pro-
ficiency and received training on the definitions
of Hate Frames (HFs), Hate Defining Elements
(HDEs), and the overall annotation objectives be-
fore beginning the task. Three annotators partic-
ipated in Phase A (HDE verification) and Phase
C (relation verification), while five annotators par-
ticipated in Phase D, which focused on evaluating
clarity and soundness of the articulated frames.
In addition to these annotators, a senior expert
annotator supervised the annotation process and
performed adjudication and revisions whenever dis-
agreements or low-quality outputs were identified.

A.2. Annotation Training and Guidelines

Before annotation began, annotators were provided
with written guidelines describing the definitions of
HFs and HDEs, the hierarchy of HDEs used in this
work, and several example multimodal posts illus-
trating correct and incorrect annotations. Training
emphasized that model-generated outputs should
be treated as suggestions rather than ground truth.
Annotators were instructed to independently evalu-
ate each prediction based on the multimodal con-
tent and to revise or reject outputs whenever nec-
essary. The goal of the training process was to
ensure consistent interpretation of framing, causal
reasoning, and hate dimensions across annotators.

A.3. Annotation Interface and Workflow

Annotation was conducted through an internal an-
notation interface designed to support multimodal
inspection and editing. For each multimodal post,
annotators were presented with the meme image,
the associated OCR or textual content, the model-
generated predictions, and the accompanying ra-
tionale. The interface allowed annotators to directly
edit labels, modify rationales, remove incorrect pre-
dictions, or add missing annotations. Annotators
were required to actively review each instance and
could not simply accept predictions without inspec-
tion. This workflow was designed to minimize an-
choring bias and to ensure that final annotations
reflected human judgment rather than automatic
model outputs.

A.4. Phase A: Human Verification of Hate
Defining Elements

In Phase A, an LMM generated initial predictions
for the target, intent/purpose, and act/means di-
mensions of hate, together with rationales. Annota-
tors reviewed these predictions by verifying whether
each HDE was supported by the multimodal content
and whether the accompanying rationale correctly
justified the selection. Annotators were instructed
to remove unsupported HDEs, correct inaccurate

assignments, and add missing elements when re-
quired. An HDE annotation was retained only when
at least two of the three annotators agreed on its
validity. Inter-annotator agreement measured using
Krippendorff's « was 0.82, indicating strong agree-
ment.

A.5. Phase B: Human Verification of Hate
Frame Articulation

Phase B produced candidate Hate Frames and
rationales using retrieval-based in-context prompt-
ing. Annotators reviewed the generated frames to
ensure that each articulation represented a gener-
alized framing rather than a literal restatement of
the meme content. They were instructed to verify
that the articulated frame captured a causal or in-
terpretive perspective and that the rationale was
grounded in the identified target, intent, and means
dimensions. Annotators were explicitly instructed
not to accept outputs solely because they were
model-generated and to revise articulations when-
ever necessary.

A.6. Phase C: Verification of Relations
Between Hate Frames

In Phase C, candidate relations between pairs of
Hate Frames were predicted automatically and then
verified by human annotators. Annotators evalu-
ated whether each relation corresponded to para-
phrase, contradiction, specialization, or no relation
by considering both the frame articulation and the
provided rationale. Definitions of each relation type,
together with illustrative examples of paraphrases,
specializations, and contradictions between frames,
were provided in the annotation guidelines to en-
sure consistent interpretation. A relation was fi-
nalized only when a majority agreement among
annotators was achieved. Inter-annotator agree-
ment for this phase, measured using Krippendorff's
«, reached 0.85, indicating strong consistency.

A.7. Phase D: Evaluation of Clarity and
Soundness

In Phase D, five annotators evaluated each Hate
Frame using two binary criteria: clarity and sound-
ness. Clarity measured whether the articulation
represented a genuine frame rather than a factual
reformulation, while soundness assessed whether
the rationale correctly connected the meme content
to the identified hate dimensions. Frames flagged
by at least two annotators as failing either criterion
were reviewed and revised by an expert annotator.
Inter-annotator agreement was 0.75 for clarity and
0.73 for soundness, reflecting strong agreement
levels for subjective evaluation tasks.
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A.8. Disagreement Resolution and
Expert Adjudication

Disagreements were resolved through majority vot-
ing whenever possible. Cases were identified as
low quality based on clarity and soundness in
Phase D were escalated to a senior expert an-
notator for revision. This procedure ensured con-
sistency across annotations while maintaining hu-
man oversight over model-generated suggestions
throughout the pipeline.

A.9. Annotation Disagreement Analysis

To promote transparency on annotation uncertainty,
we retain and release annotator-level disagreement
information across annotation phases. Disagree-
ments occurred primarily in two stages: Phase A
(HDE verification) and Phase D (clarity and sound-
ness evaluation of Hate Frames).

Figure 7 illustrates a disagreement case from
Phase A during HDE verification. All three anno-
tators agreed that the primary hate target falls un-
der Race/Ethnicity (Demographics), and the major-
ity also agreed on Stereotyping as an intent and
Provocation under verbal/written expressions as
the means of delivery. However, disagreement
emerged when evaluating additional intent subcate-
gories within the Social/Cultural Control dimension.

Specifically, one annotator marked Marginaliza-
tion as applicable, while the other two rejected it.
Conversely, Exclusion was accepted by one an-
notator but rejected by the remaining two. These
disagreements reflect interpretive differences at
the subcategory level rather than disagreement
about the overall hateful framing. While annota-
tors consistently identified the meme as target-
ing race/ethnicity through stereotypical provocation,
they differed in whether the framing implied social
marginalization or explicit exclusion. Following the
majority-agreement protocol, only the categories
endorsed by at least two annotators were retained
in the final annotation.

Figure 8 illustrates a disagreement case from
Phase D during evaluation of the clarity crite-
rion. The initially articulated HF stated that Mus-
lim women are unfit for public life and should be
ridiculed for appearing in public roles. While two
annotators accepted this articulation as clear, three
annotators rejected it on the grounds that it did not
accurately reflect the interpretation intended in the
meme.

The meme mocks a woman wearing a religious
head covering by comparing it to a diaper and de-
scribing her as intellectually deficient. However, it
does not explicitly frame Muslim women as unfit for
public life more broadly; rather, it ridicules women
who wear religious head coverings by portraying
them as mentally inferior. The original frame there-

WinEn Yourr Wiie Mends

Targets: Race/Ethnicity (Demographics)
Accept
Accept
Accept
ts: Race/Ethnicity (Demographics)
Intents: Stereotyping (Social/Cultural Control)
Accept
Accept
Accept
Intents: Marginalization (Social/Cultural
Control)

Final tar

Accept

Reject

Reject
Intents: Exclusion (Social/Cultural Control)

Reject

Accept

Reject
Final Intents: Race/Ethnicity (Demographics)
Actions: Provocation (Verbal/Written
Expressions)

Accept

Accept

Accept
Final Actions: Provocation (Verbal/Written
Expressions)

Figure 7: Example of annotator disagreement in
Phase A (HDE verification)

fore overgeneralized the meme’s message, attribut-
ing a broader exclusionary narrative about public
participation that was not directly articulated in the
content.

Because clarity requires that an HF provide a
correct and contextually grounded abstraction of
the hateful frame of the meme, three annotators
judged the initial articulation to be an inaccurate
interpretation rather than a faithful frame. The case
was subsequently reviewed by an expert annotator,
who revised the frame to Women who weatr reli-
gious head coverings are mentally deficient, align-
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“Flook mommy. thaﬁummi;ﬂl 0

Is'wearing,my diaper o henieat:. -~

» o
S okay honey SHERas sifor brans

Hate Frame: Muslim women are unfit for
public life and should be ridiculed for
appearingin public roles.

Criteria: Clarity

Annotator 1: Accept Annotator 2: Accept
Annotator 3: Reject

Annotator 4: Reject Annotator 4: Reject
Expert Revision: Women who wear religious
head coverings are mentally deficient.

Figure 8: Phase D disagreement example for the
clarity criterion

ing the articulation more closely with the meme’s
expressed ridicule.

8414



	Introduction
	Background and Related Work
	Frame Discovery and Annotation
	Identifying Hate on Social Media

	Annotating the MM-HateFrames
	The Corpus
	A Taxonomy of Hate Defining Elements
	Hate Frames Articulation
	Phase A: Annotating Hate Defining Elements
	Phase B: Retrieval-Based In-Context Learning of Hate Frame Articulation
	Phase C: Discovering Relations Between Hate Frames
	Phase D: Hate Frame Refinement


	Analysis of the MM-HateFrames dataset
	Using MM-HateFrames
	Conclusion
	Appendices
	Annotation Protocol and Annotator Details
	Annotator Background and Roles
	Annotation Training and Guidelines
	Annotation Interface and Workflow
	Phase A: Human Verification of Hate Defining Elements
	Phase B: Human Verification of Hate Frame Articulation
	Phase C: Verification of Relations Between Hate Frames
	Phase D: Evaluation of Clarity and Soundness
	Disagreement Resolution and Expert Adjudication
	Annotation Disagreement Analysis


