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Warning: this paper contains examples of hate speech that
may be offensive or upsetting to some readers.

Abstract
In this work, we study the role of profanity as a proxy

cue in hate speech detection by evaluating multiple LLMs
under controlled setups that decouple hatefulness and pro-
fanity. Our findings suggest that models consistently un-
derperform on nuanced hate without profanity and benign
profanity, indicating over-reliance on profanity cues. Con-
trolled masking and insertion of profanity further induce
label flips and shift attention away from semantic hateful-
ness, motivating fine-grained benchmarks and evaluation
methods that separate profanity from hate.

1 Introduction
In recent years, large language models (LLMs) have been

widely adopted for hate speech detection [1, 2]. However,
they struggle to distinguish hate speech from profanity or
other offensive language, which are conceptually distinct
but often conflated in datasets and systems [3, 4].

This has practical consequences. Over-reliance on pro-
fanity as a signal for hate can lead to over-moderation of
benign profanity, while missing implicit hate lacking ex-
plicit lexical cues. The issue is exacerbated in culturally
and linguistically diverse contexts, where profanity usage
is highly contextual and can signal identity, emphasis, or
closeness rather than hostility. As a result, systems trained
without learning to explicitly separate hatefulness from
profanity risk systematic misclassification.

We conduct a systematic empirical study of LLMs’ re-
liance on profanity cues in hate speech detection. Us-
ing public benchmark datasets and controlled evaluation
setups, we explicitly decouple hatefulness and profanity

∗ This work was done during the first author’s internship at National
Institute of Information and Communications Technology, Kyoto,
Japan.
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Figure 1 Illustration of our evaluation setup.

and evaluate performance across four categories: hateful
non-profane (H-NP), hateful profane (H-P), non-hateful
non-profane (NH-NP), and non-hateful profane (NH-P).
Although the data include both hatefulness and profanity
labels, our task focuses solely on hatefulness. We further
introduce three targeted text perturbations that mask or
insert profane terms to probe model sensitivity to surface-
level lexical cues. Figure 1 summarizes our setup.

Our results across multiple open-source LLMs show
consistent weakness on H-NP and NH-P, indicating an
over-reliance on profanity as a shortcut for hatefulness.
Perturbation experiments further reveal that masking or
inserting profanity can induce prediction shifts and divert
model attention away from other semantic cues. We also
observe that larger models tend to be more sensitive to
profanity cues, and that chain-of-thought (CoT) prompting
often amplifies this effect. In contrast, a specialized moder-
ation model, Llama Guard 3 [5], exhibits better robustness
under both profanity masking and insertion.
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2 Background

2.1 Hateful vs. offensive speech

Hate speech and offensive language are often treated
synonymously in both research and deployed moderation
systems, despite being conceptually distinct. While hate
speech targets individuals or groups based on protected
characteristics and often involves dehumanization, exclu-
sion, or incitement, offensive language, including profan-
ity, can occur without hate.

This distinction is particularly important for implicit
hate, where hostility is conveyed without explicit slurs or
profanity [6], and for benign profanity, where offensive
terms occur without hate; conflation of the two can lead
to over- or under-moderation [3, 4]. Prior work shows that
open LLMs are prone to spurious correlations, attributing
hate based on surface cues such as swear words [7].

2.2 Profanity-labeled datasets

Hate speech detection datasets often do not explicitly
decouple profanity from hatefulness. Instead, existing re-
sources typically focus on a single dimension, either hate-
fulness [8] or offensiveness [9]. As a result, models eval-
uated on such datasets may implicitly associate profanity
with hate, reinforcing the conflation.

Several datasets attempt to address this issue but remain
limited, for instance by relying on a hierarchical annota-
tion scheme to capture offensiveness [10]. The resulting
dataset, however, is not fully profanity-labeled. Others,
such as THOS [11] and PHate [12] annotate both polarity
and profanity dimensions, yet are restricted in their lan-
guage coverage. More recently, functional and culturally
grounded datasets like HateCheck [13] and REACT [14]
aim to provide labeling on both the polarity and profanity
dimensions, while at the same time enabling evaluation
across more diverse linguistic contexts.

3 Methodology

3.1 Datasets

We primarily use the English subset of HateCheck as
the main evaluation dataset. As a functional test suite,
HateCheck supports controlled analyses of profanity ef-
fects. We partition the data into four categories: hateful

non-profane (H-NP), hateful profane (H-P), non-hateful
non-profane (NH-NP), and non-hateful profane (NH-P)
based on the functionality column, with rules summa-
rized in Table 2.

We additionally use REACT for extended multilingual
analysis. REACT provides independent polarity and pro-
fanity labels across multiple languages and target groups,
enabling a straightforward four-way partition.

3.2 Models

We evaluate Perspective API1）, a widely deployed off-
the-shelf system for toxicity classification, and three open
LLMs: Llama 3.1 8B Instruct [5], Qwen 3 (8B/14B) [15],
and Gemma 3 12B Instruct [16]. We also test chain-of-
thought (CoT) prompting for the same LLMs, and include
Llama Guard 3 as a specialized moderation model for com-
parison.

3.3 Prompt setups

To enable direct comparisons, all LLMs use a fixed sys-
tem prompt and a single-label classification prompt. For
CoT variants, we add short reasoning instructions before
outputting a final label. Full prompt templates are provided
in Appendix A.

3.4 Profanity analysis

We probe profanity as a surface cue with three perturba-
tions. Each method changes only the presence or realiza-
tion of profanity while keeping the surrounding sentence
semantics as stable as possible.

MaskProf We replace profane keywords in profane
examples (H-P and NH-P; one occurrence per sentence)
with a <mask> token. This removes explicit lexical cues
while preserving sentence structure, testing whether mod-
els can still rely on non-profanity semantic signals.

TagProf We replace profane keywords with a
<profanity> tag. Unlike MaskProf, TagProf preserves
the presence of profanity but abstracts its specific lexical
form, separating sensitivity to specific profane keywords
from sensitivity to profanity itself.

AddProf We inject profanity into non-profane exam-
ples (H-NP and NH-NP) using only general, non-targeted
terms to avoid altering polarity. To minimize semantic
disruption, we append profanity at the sentence end using

1） https://perspectiveapi.com
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Category Example text Group

H-NP There is no place for homosexuals in Namibia. LGBTQ
H-P How much longer will you grunt, you Russian-speaking freaks?! Russophones
NH-NP Refugees from Ukraine talk about life under occupation. War victims
NH-P Black Namibians are some of the best fucking people out there! Black people

Table 1 Examples distinguishing hatefulness from profanity. Sentences are sampled from the REACT data are translated into English.
H-NP: hateful without profanity; H-P: hateful with profanity; NH-NP: non-hateful without profanity; NH-P: non-hateful with profanity.

Category Filtering criterion

H-NP Remaining data with _h suffix
H-P profanity_nh

NH-NP slur_h + profanity_h

NH-P All data with _nh suffix

Table 2 Filtering criteria for partitioning HateCheck data into
the four predefined categories.

one of three templates: (i) “[. . . ]. [Profanity].” (ii)
“[. . . ]. ([Profanity])” (iii) “[. . . ], [profanity].” Ad-
dProf serves as a controlled inverse of MaskProf/TagProf,
testing whether benign profanity triggers hate predictions.

4 Results and Analysis
We analyze the effect of profanity cues on hate speech

classification using three controlled perturbation settings
(Section 3.4) on HateCheck. Accuracy is reported on the
relevant subsets: profane data for MaskProf and TagProf,
and non-profane data for AddProf.

MaskProf Masking profanity causes substantial per-
formance drops on H-P across all models, indicating a
strong reliance on explicit profanity cues for detecting hate-
ful content (Figure 2). The drop is particularly pronounced
for the Perspective API, while LLMs remain strong but
still degrade noticeably. On unperturbed H-P data, larger
models perform slightly better, suggesting greater capacity
to leverage non-profanity hateful signals. In contrast, NH-
P accuracy increases sharply, often approaching ceiling,
once profanity is masked, indicating that profanity alone
frequently triggers false positives.

CoT often mitigates H-P degradation by encouraging at-
tention to broader semantics, but lowers unperturbed NH-P
accuracy, indicating more conservative judgments in pro-
fane contexts. MaskProf can also partially flip the per-
ceived polarity label of some H-P instances. The resulting
accuracy drop thus reflects both model behavior and the
conflation of profanity and hate in existing benchmarks.
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Figure 2 Accuracy comparison between the normal and
MaskProf setups across models for H-P (top) and NH-P (bot-
tom) data, sorted by increasing performance gap (Δ).

TagProf TagProf (Figure 3) yields similar but much
smaller H-P drops than MaskProf, and in some cases slight
improvements (e.g., Qwen 3 8B). This indicates that degra-
dation under MaskProf is driven less by the removal of spe-
cific profane tokens than by blocking profanity in general,
reinforcing models’ reliance on profanity cues.

On NH-P, performance correlates more clearly with
model size and CoT: larger models benefit from CoT,
whereas smaller models degrade regardless of prompting
strategy. This pattern aligns with the belief that larger
models, especially with CoT, have stronger reasoning ca-
pabilities that assist in identifying semantic signals beyond
lexical cues [17], while smaller models become overly con-
servative in the presence of profanity tags.

AddProf AddProf (Figure 4) injects benign, non-
targeted profanity into originally non-profane texts to test
sensitivity in the opposite direction. On H-NP, adding pro-
fanity has little effect for LLMs, suggesting predictions are
primarily determined by hateful semantics. This contrasts
with MaskProf, where removing profanity from H-P often
causes large drops, indicating that profanity and hateful-
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Figure 3 Accuracy comparison between the normal and Tag-
Prof setups across models for H-P (top) and NH-P (bottom) data,
sorted by increasing performance gap (Δ).

ness are frequently entangled in HateCheck H-P examples.
On NH-NP, profanity insertion causes large accuracy

drops across models, revealing strong oversensitivity to
profanity cues in non-hateful contexts. Notably, larger
models exhibit larger drops, indicating scale may amplify
reliance on lexical cues rather than improve robustness.
While CoT mitigates this effect for larger models, it often
worsens it for smaller ones, consistent with trends observed
under MaskProf and TagProf.
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Figure 4 Accuracy comparison between the normal and Ad-
dProf setups across models for H-NP (top) and NH-NP (bottom)
data, sorted by increasing performance gap (Δ).

Llama Guard 3 Across all perturbation setups, Llama
Guard 3 exhibits consistently higher robustness, showing
less degradation under both profanity masking and inser-
tion. For example, it performs best on normal NH-P and

remains strongest on NH-NP under AddProf. This robust-
ness likely reflects its safety-aligned training, highlighting
the value of task-specific supervision for decoupling pro-
fanity from hatefulness.

Multilingual evaluation on REACT To assess gen-
eralization beyond English, we additionally evaluate the
same models on REACT, which covers multiple target
groups and languages [14]. Across target groups, buck-
eted results are consistent with HateCheck: models remain
highly sensitive to profanity cues, with performance drops
on NH-P and H-NP. Few-shot prompting substantially im-
proves H-NP/H-P for most LLMs but can worsen NH-P for
several models. Scaling helps larger models most under
zero-shot, but the gap narrows under few-shot, as smaller
models benefit more from examples. CoT effects are mixed
in zero-shot, but under few-shot it generally hurts H-NP/H-
P, suggesting that implicit reasoning does not reliably help
once examples are provided. We report detailed per-group
results and analyses in Appendix B.

5 Conclusion
In this work, we investigate the role of profanity as a

proxy cue in hate speech detection through a comprehen-
sive evaluation of common contemporary LLMs. We show
that models consistently struggle with both nuanced hate
without profanity and benign profanity without hate, indi-
cating a conflation of these two dimensions. Through con-
trolled perturbation analyses, we demonstrate that mask-
ing or inserting profanity can induce large-scale prediction
shifts, indicating an over-reliance on surface-level lexical
cues rather than underlying semantics.

Across perturbation settings, three main trends are re-
vealed: (i) profanity acts as a strong proxy for hate in non-
hateful contexts; (ii) CoT prompting mitigates profanity-
triggered errors primarily in larger models, while poten-
tially exacerbating them in smaller ones; and (iii) Llama
Guard 3, a specialized moderation model, exhibits substan-
tially greater robustness under both masking and insertion.

Overall, our findings emphasize the limitations of cur-
rent evaluation methods and the need for benchmark
datasets and evaluation strategies that explicitly distinguish
profanity as a separate dimension from hatefulness. Ad-
dressing this issue is essential for developing more reliable
and fair content moderation systems in real-world deploy-
ment.
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A Prompt Templates
To enable direct comparisons, we use a shared system prompt for all LLMs:

You are a multilingual content-safety moderator.

Your role is to carefully analyze text in different languages and decide whether it contains

hate speech.

For classification, we use a minimal user prompt to enforce single-label outputs and reduce refusals:

Classify the following text. Return exactly one of: [LABEL LIST].

Output only the label; no explanations.

If you feel uncertain, still choose the single best label from [LABEL LIST]; do not refuse.

Text: [INPUT]

For CoT, we apply a uniform reasoning prompt across all models, also in cases where model-specific thinking modes
are available:

Classify the following text. Return exactly one of: [LABEL LIST].

Think step by step and explain your reasoning in 2–3 short sentences.

First, check whether the text contains profanity or offensive language.

Then, decide whether it expresses hateful content or not.

If you feel uncertain, still choose the single best label from [LABEL LIST]; do not refuse.

Text: [INPUT]

This keeps prompts fixed across conditions, so differences are attributed to the presence or absence of profanity rather
than prompt variation.

B REACT Results
We report full results on the four buckets of REACT data under zero-shot and few-shot prompting. Table 3 lists per-

bucket accuracies for each target group and model. As a point of reference, we additionally include a human agreement
column, computed as the average pairwise agreement rate between any two data annotators. This serves as an approximate
indicator of upper bound on model performance.

Group Cat. Human Agr. Persp. API
Llama 3.1 Llama 3.1 CoT Llama Guard 3 Qwen 3 8B Qwen 3 8B CoT Qwen 3 14B Qwen 3 14B CoT Gemma 3 Gemma 3 CoT

zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot zero-shot few-shot

rus-war

H-NP 0.96 0.32 0.70 0.97 0.85 0.85 0.65 0.74 0.80 0.98 0.84 0.88 0.85 0.89 0.78 0.80 0.90 0.78 0.73 0.67
H-P 0.98 0.84 0.90 0.99 0.95 0.94 0.88 0.93 0.94 0.99 0.97 0.98 0.99 0.99 0.96 0.97 0.99 0.97 0.85 0.89
NH-NP 0.96 0.99 0.96 0.93 0.95 0.96 0.96 0.96 0.97 0.93 0.98 0.98 0.95 0.97 0.98 0.99 0.98 0.99 0.99 0.99
NH-P 0.93 0.94 0.90 0.62 0.74 0.89 0.80 0.70 0.81 0.65 0.78 0.86 0.73 0.87 0.81 0.95 0.81 0.87 0.97 0.98

rus-lgbtq

H-NP 0.95 0.10 0.70 0.84 0.78 0.79 0.73 0.81 0.61 0.81 0.77 0.86 0.81 0.77 0.81 0.78 0.83 0.87 0.78 0.83
H-P 0.96 0.77 0.85 0.96 0.95 0.93 0.90 0.96 0.89 0.95 0.94 0.97 0.95 0.93 0.89 0.89 0.98 0.99 0.86 0.95
NH-NP 0.99 1.00 0.99 0.96 0.98 0.98 0.99 0.99 0.99 0.99 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
NH-P 0.91 0.94 0.92 0.89 0.84 0.88 0.85 0.84 0.90 0.83 0.78 0.69 0.78 0.94 0.81 0.92 0.81 0.79 0.90 0.95

ukr-russophones

H-NP 0.82 0.01 0.42 0.83 0.57 0.63 0.50 0.62 0.70 0.88 0.54 0.66 0.70 0.80 0.55 0.62 0.60 0.74 0.27 0.48
H-P 0.92 0.47 0.74 0.94 0.85 0.86 0.68 0.78 0.91 0.98 0.86 0.94 0.93 0.97 0.77 0.92 0.90 0.99 0.41 0.87
NH-NP 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
NH-P 0.95 0.96 1.00 0.86 0.91 0.85 0.83 0.79 0.91 0.59 0.73 0.59 0.69 0.87 0.78 0.92 0.89 0.44 0.94 0.89

ukr-russians

H-NP 0.97 0.14 0.58 0.88 0.64 0.84 0.53 0.63 0.69 0.92 0.70 0.79 0.80 0.92 0.71 0.77 0.84 0.89 0.46 0.74
H-P 1.00 0.88 0.78 0.98 0.86 0.98 0.73 0.72 0.92 0.97 0.92 0.97 0.95 1.00 0.92 1.00 1.00 1.00 0.65 0.97
NH-NP 1.00 1.00 0.99 0.99 0.99 0.99 0.98 1.00 0.99 0.99 0.99 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
NH-P 0.82 0.86 1.00 1.00 0.97 0.99 0.82 0.80 0.93 0.96 0.90 0.97 0.81 0.94 0.96 0.97 0.98 0.95 0.99 1.00

afr-lgbtq

H-NP 0.88 0.08 0.42 0.66 0.59 0.68 0.47 0.55 0.42 0.68 0.39 0.47 0.53 0.61 0.53 0.37 0.68 0.66 0.42 0.42
H-P 0.90 0.05 0.76 0.89 0.83 0.95 0.82 0.82 0.37 0.84 0.55 0.71 0.68 0.84 0.79 0.89 0.95 1.00 0.89 0.95
NH-NP 0.86 1.00 0.94 0.88 0.88 0.82 0.92 0.92 0.93 0.84 0.88 0.92 0.89 0.93 0.92 0.94 0.90 0.96 0.92 0.97
NH-P 0.67 1.00 0.79 0.71 0.71 0.57 0.57 0.43 0.86 0.57 0.71 0.71 0.86 0.79 0.57 0.57 0.64 0.71 0.64 0.57

Average

H-NP 0.92 0.13 0.57 0.84 0.69 0.76 0.58 0.67 0.64 0.85 0.65 0.73 0.74 0.80 0.68 0.67 0.77 0.79 0.53 0.63
H-P 0.95 0.60 0.81 0.95 0.89 0.93 0.80 0.84 0.80 0.95 0.85 0.91 0.90 0.95 0.87 0.94 0.96 0.99 0.73 0.93
NH-NP 0.96 1.00 0.98 0.95 0.96 0.95 0.97 0.97 0.98 0.95 0.97 0.98 0.97 0.98 0.98 0.99 0.97 0.99 0.98 0.99
NH-P 0.86 0.95 0.92 0.82 0.83 0.84 0.77 0.71 0.88 0.72 0.78 0.76 0.77 0.88 0.79 0.87 0.83 0.75 0.89 0.88

Table 3 REACT four-bucket accuracies under zero-shot and few-shot prompting. Human agreement is pairwise annotator agreement,
shown as a reference upper bound.
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