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Abstract
Current multimodal toxicity benchmarks typically use a sin-
gle binary hatefulness label. This coarse approach conflates
two fundamentally different characteristics of expression:
tone and content. Drawing on communication science theory,
we introduce a fine-grained annotation scheme that distin-
guishes two separable dimensions: incivility (rude or dismis-
sive tone) and intolerance (content that attacks pluralism and
targets groups or identities) and apply it to 2,030 memes from
the Hateful Memes dataset. Our empirical analysis shows
that incivility and intolerance are distinct dimensions, and
that the widely used hatefulness label primarily captures in-
tolerance rather than incivility. We further evaluate different
vision-language models under coarse-label training, transfer
learning across label schemes and a joint learning approach
that combines the coarse hatefulness label with our fine-
grained annotations. Our results show that fine-grained an-
notations complement existing coarse labels and, when used
jointly, improve overall model performance. Moreover, mod-
els trained with the fine-grained scheme exhibit more bal-
anced moderation-relevant error profiles and are less prone
to under-detection of harmful content than models trained
on hatefulness labels alone (FNR-FPR, the difference be-
tween false negative and false positive rates: 0.74 to 0.42 for
LLaVA-1.6-Mistral-7B; 0.54 to 0.28 for Qwen2.5-VL-7B).
This work contributes to data-centric approaches in content
moderation by improving the reliability and accuracy of mod-
eration systems through enhanced data quality. Overall, com-
bining both coarse and fine-grained labels provides a practical
route to more reliable multimodal moderation.

Code — https://github.com/nils-herrmann/beyond hate
Data — https://doi.org/10.57967/hf/8301

Introduction
Content moderation on online platforms increasingly relies
on automated systems to detect harmful multimodal con-
tent such as memes1 (Martinez Pandiani, Tjong Kim Sang,
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1Content warning: This paper contains images and text taken
from the Hateful Memes dataset, which contains hateful and abu-
sive language, identity-based slurs, and offensive stereotypes, in-
cluding content targeting individual groups (e.g., race, ethnicity,
religion, gender, sexual orientation). It may also include harass-
ment and references to violence.

and Ceolin 2025). These systems are trained on benchmark
datasets whose label definitions implicitly encode normative
choices about what counts as harmful. The most widely used
multimodal benchmark, the Hateful Memes Dataset (Kiela
et al. 2020), uses a single binary distinction between hateful
and benign content. This coarse operationalization necessar-
ily conflates two fundamentally different characteristics of
expression, namely tone and content.

This conflation is not just a technical inconvenience. From
a normative perspective, communication science research
has established that incivility - rude or dismissive tone -
and intolerance - content that attacks pluralism and targets
identities - are conceptually and empirically distinct (Coe,
Kenski, and Rains 2014; Rossini 2022; Kümpel and Un-
kel 2023). Uncivil speech may still contribute to democratic
deliberation despite its tone (Rossini 2022), while intoler-
ant speech poses a fundamentally different kind of threat
by seeking to dehumanize or exclude. A moderation sys-
tem that cannot distinguish between these dimensions risks
both over-moderating legitimate disagreement and under-
detecting harmful content that happens to be expressed in
civil language. Existing multimodal benchmarks, by col-
lapsing these dimensions into a single label, obscure this
distinction and propagate it into every model trained on their
data.

In practice, using a fine-grained multi-label approach
which distinguishes between tone (incivility) and content
(intolerance) enables the development of nuanced anno-
tation schemes, which in turn lead to more reliable data
with versatile use-cases. Drawing on the theoretical dis-
tinction between incivility and intolerance, we introduce
a fine-grained annotation scheme and apply it to 2,030
memes from the Hateful Memes dataset. We evaluate vision-
language models under coarse-label training, transfer learn-
ing across label schemes, and a joint learning approach that
combines the coarse hatefulness label with our fine-grained
annotations. We situate our work across unimodal, multi-
modal, and generative approaches that have been proposed
for toxic meme detection (Waseem et al. 2017; Hossain,
Hoque, and Hossain 2023; Liang et al. 2022; Kumar and
Nandakumar 2022; Qu et al. 2023; Koutlis, Schinas, and Pa-
padopoulos 2023; Lin et al. 2023, 2024; Cao et al. 2022; Jain
et al. 2023).

Our results show that the original binary hatefulness la-



bel captures most forms of identity-based intolerance reli-
ably, but largely misses politically-oriented intolerance and
the dimension of incivility. Moreover, we show that auto-
mated models trained with fine-grained labels exhibit more
balanced moderation-relevant error profiles: Open-source
VLMs shift from systematic under-detection of harmful con-
tent towards symmetric error trade-offs (FNR-FPR: 0.74 to
0.42 for LLaVA-1.6-Mistral-7B; 0.54 to 0.28 for Qwen2.5-
VL-7B), a finding with direct implications for platforms de-
ploying these models for content moderation.

Research Questions. To evaluate whether a conceptually
grounded distinction between tone and content improves
multimodal moderation models, we address the following
four research questions:
1. RQ1 (Construct separability): Do incivility (tone) and

intolerance (content) empirically separate in multimodal
memes, and how often do they co-occur?

2. RQ2 (Predictive utility): Does supervision with fine-
grained labels (incivility and intolerance), alone or
jointly with the original coarse hatefulness label, im-
prove model performance compared to coarse-only su-
pervision?

3. RQ3 (Error trade-offs): How does label granularity af-
fect moderation-relevant error trade-offs when detecting
harmful content?

4. RQ4 (Operationalization alignment): What does the
original binary hatefulness label operationalize in prac-
tice: intolerance, incivility, their conjunction, or their dis-
junction?

Contributions. We make four contributions:
1. Fine-grained annotation scheme: We introduce a mul-

timodal annotation scheme that operationalizes harmful
expression along two dimensions: incivility (tone) and in-
tolerance (content). The scheme is grounded in commu-
nication science and accompanied by detailed guidelines
and sub-types to support consistent labeling.

2. Open-access dataset and code: We release an annotated
subset of the Hateful Memes dataset containing fine-
grained incivility and intolerance labels (in compliance
with the dataset license), along with annotation guide-
lines, documentation, and scripts that allow users to re-
construct the full dataset.

3. Empirical evaluation of label granularity: We evalu-
ate vision-language models under four training configu-
rations (zero-shot, baseline fine-tuning, transfer learning
and joint learning) to quantify how coarse versus fine-
grained supervision affects learnability and generaliza-
tion across tasks.

4. Moderation-relevant error and construct analysis:
We analyze false positive and false negative behavior to
assess whether different supervision schemes bias mod-
els toward over-flagging or under-detection. Addition-
ally, we test alternative operationalizations linking the
original binary hateful label to incivility and intolerance,
clarifying what single-label hate detection captures in
practice.

Related Work
Current Multimodal Computational Approaches
Effectively identifying hateful memes requires multimodal
understanding, as the meaning often emerges from the in-
teraction between visual and textual components. Unimodal
models which process only text or image, struggle to cap-
ture these interactions, particularly in the presence of be-
nign confounders where neither modality alone is sufficient
(Kiela et al. 2020).

Two major computational paradigms have emerged for
this task. The first is the specialist approach, which relies
on CLIP-style encoders combined with task-specific fusion
and interaction mechanisms for multimodal hate classifica-
tion (Radford et al. 2021). Notable examples include Hate-
CLIPper (Kumar and Nandakumar 2022) and MemeCLIP
(Shah et al. 2024). The second is the generalist approach,
which employs instruction-tuned vision-language models
such as LLaVA (Liu et al. 2023) and Qwen2-VL (Wang et al.
2024), adapting them to the benchmark via supervised fine-
tuning and related strategies. More recent work augments
such models with retrieval or staged adaptation procedures
to increase robustness (Mei et al. 2025). Together these two
modeling families provide a natural basis for studying how
annotation choices interact with multimodal learning.

Datasets for Hateful Meme Identification
Most multimodal hate speech datasets, including the Hateful
Memes Challenge (Kiela et al. 2020), employ a single binary
label to distinguish hateful from non-hateful content (Sabat,
Ferrer, and Giro-i-Nieto 2019; Badour and Brown 2021).

Subsequent work has introduced more nuanced labeling
schemes. Rajput et al. (2022) frame hatefulness as a multi-
class problem, differentiating between hate-inducing, satiri-
cal, and non-offensive memes, while Bhandari et al. (2023)
extend single-label approaches by distinguishing between
directed and undirected hate.

Other studies conceptualize hatefulness as a multi-
dimensional phenomenon captured through multiple labels.
Grover et al. (2025) distinguish between the sentiment,
content, direction, and target of toxic memes. Lin et al.
(2025) introduce GOAT-Bench, which covers related dimen-
sions such as hatefulness, misogyny, offensiveness, sarcasm,
and harmfulness, with each dimension based on a different
dataset and treated as a separate classification task. Kumari,
Bandyopadhyay, and Ekbal (2023) show that jointly learn-
ing offensiveness with related dimensions improves detec-
tion performance, further indicating that hatefulness cannot
be captured by a single label.

Research most closely related to this study augments the
original Hateful Memes dataset with additional annotation
layers. Mathias et al. (2021) expand the dataset by labeling
protected categories (e.g., race, religion, disability) and at-
tack types (e.g., mocking, dehumanizing, inciting violence),
while Hee, Chong, and Lee (2023) add contextual expla-
nations for why content is considered hateful. Collectively,
these efforts provide a more detailed view of multimodal
hatefulness. However, none jointly annotate tone and con-




