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Abstract

Hate speech lacks a single agreed definition
across legal, social, and benchmark contexts,
yet instruction-tuned large language models
(LLMs) are increasingly used for hate speech
detection. These systems are usually prompted
with generic task instructions, so their predic-
tions may reflect built-in moderation priors
rather than a different operational definition
from a given policy, benchmark, or jurisdiction.
We investigate the ability of LLMs to align with
specific hate speech definitions through zero-
shot and few-shot prompting, by including the
hate speech definition in the prompt. We opt for
three definitions from different sources: dataset
(HateCheck), social media (Reddit), and law
(Bulgaria). We use HateCheck, a template-
based hate speech diagnostic test set, to ver-
ify this alignment by relabeling the same test
cases. We compare three LLMs, two defini-
tion inclusion conditions, and four prompting
strategies. Our findings suggest that regardless
of the prompting strategy, LLMs are not reli-
able in aligning properly with non-HateCheck
definitions. 1

1 Introduction

Large language models (LLMs) are widely used in
everyday applications (Eloundou et al., 2024; Kas-
neci et al., 2023; Noy and Zhang, 2023), including
content moderation pipelines that flag hateful lan-
guage. As they can follow natural-language task
instructions, prompting is an appealing route to
hate speech detection. However, as hate speech has
no single agreed definition and varies between le-
gal, social, and benchmark contexts (Hietanen and
Eddebo, 2023; Khurana et al., 2022), what kind of
hate speech the LLM captures remains a question.

1OFFENSIVE CONTENT WARNING: This paper con-
tains some examples of hateful content. This is strictly for
the purposes of enabling this research, and we have sought
to minimize the number of examples where possible. Reader
discretion is advised.

Moderation systems are often built to adhere to
a particular policy or legal scope, yet it remains
unclear how well LLMs can be steered toward that
definition through prompting alone. Although prior
work has started to test definition-aware zero-shot
prompts (Plaza-del Arco et al., 2023; Melis et al.,
2025), much less is known about alignment to dif-
ferent definitions and how definition wording inter-
acts with few-shot exemplars.

We thus turn to prompting, due to its computa-
tional efficiency, asking whether prompting alone
can align model behavior with explicit hate speech
definitions well enough to support reliable classi-
fication. How well can LLMs align with hate
speech definitions across different definitions,
models, and prompting strategies?

To answer this question, we investigate whether
injecting an explicit hate speech definition in the
prompt improves model alignment with that defini-
tion compared to generic prompting, which prompt-
ing strategy (zero-shot or few-shot) is more effec-
tive under definition-aware settings, and how align-
ment varies across LLMs.

We investigate this on HateCheck (Röttger et al.,
2021), a diagnostic benchmark that tests hate
speech detection through controlled linguistic phe-
nomena such as negation and contrastive non-
hateful cases, rather than surface cues alone. In
addition, to probe alignment with definitions out-
side the benchmark’s original scope, we add Reddit-
and Bulgaria-aligned variants (Reddit, 2024; Na-
tional Assembly of the Republic of Bulgaria, 2011):
the test cases stay fixed, but labels are reassigned
according to each definition and the corresponding
definition is injected into the prompt.

We select these two external definitions because
they differ from HateCheck in which groups are
protected, which incited consequences count as
hate speech, and/or whether dominant groups can
be targets. This allows us to test whether models
can adapt to a specified real-world boundary rather
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than simply reproduce a single benchmark conven-
tion. Moreover, they represent two distinct sources
of hate speech regulation: a social-media content
policy and a national criminal-code provision.

Within this setup, we compare three instruction-
tuned LLMs (Gemma-2, Llama-3.2, and Qwen2.5)
under two definition inclusion conditions (No
Definition and HSC) and four prompting strate-
gies (zero-shot and three few-shot exemplar-
selection methods), and we evaluate performance
with macro F1 on binary hateful versus non-
hateful classification. Furthermore, we compute
the sample-level label flip rate to measure how of-
ten predictions change when the definition is added.

Our results show that definitional alignment is
neither automatic nor uniform: the same definition
can help in one configuration and hurt in another,
depending on the model and the rest of the prompt,
while in-context exemplars often matter more than
including the definition alone. Moreover, perfor-
mance drops on the relabeled samples, which sug-
gests that prompting cannot fully reconcile models
with every operational hate speech boundary.

2 Related Work

Definition of Hate Speech Hate speech is not
defined uniformly across legal and academic set-
tings (Hietanen and Eddebo, 2023; Khurana et al.,
2022). Matsuda et al. (2018) describe it as abu-
sive or assaultive speech targeting historically op-
pressed groups, whereas the Oxford English Dictio-
nary treats it as abusive or threatening language that
expresses prejudice against a group (Oxford Uni-
versity Press). By contrast, EU legislation centers
on public incitement to violence or hatred against
groups defined by protected characteristics (Coun-
cil of the European Union, 2008). Although these
accounts agree that groups can be targeted, they dif-
fer in scope and interpretation across jurisdictions,
which carries through to annotation practice and
dataset design. For example, denying genocides
or mass atrocities may be unlawful hate speech
in several European jurisdictions yet remain pro-
tected expression under the First Amendment in
the United States (Rosenfeld, 2003). Hate speech
is therefore best treated as a context-dependent con-
cept rather than a fixed linguistic category.

Structured Representations of Definitions Be-
cause definitions vary by context, several structured
representations have been proposed to make their
scope explicit. The Hate Speech Criteria (HSC)

framework (Khurana et al., 2022) decomposes hate
speech into fine-grained dimensions such as target
group, dominance, perpetrator role, type of neg-
ative reference, and possible consequences. Sim-
ilarly, Melis et al. (2025) offer a modular taxon-
omy of concepts, including communication form,
targets of hostility, protected attributes, and conse-
quences, that can be combined to represent defini-
tions from the literature.

Hate Speech Detection Hate speech detection
has a long history in NLP, from rule-based sys-
tems and classical machine learning (Davidson
et al., 2017; Zhang and Luo, 2019) to neural
and Transformer-based models that capture richer
context (Kim, 2014; Liu et al., 2019; Mathew
et al., 2021). More recently, instruction-tuned
LLMs have achieved strong zero-shot performance
through prompt-based reasoning (Plaza-del Arco
et al., 2023), reducing the need for task-specific
fine-tuning in some settings. Across paradigms,
however, performance remains sensitive to how
hate speech is defined in a given dataset (Khurana
et al., 2022; Davidson et al., 2017).

Definition Alignment in Evaluation Recent
work has therefore asked whether models behave
according to the hate speech definition they are
trained on. Khurana et al. (2025) address this ques-
tion for fine-tuned encoder models by decomposing
dataset definitions into HSC dimensions, enrich-
ing HateCheck by labeling all these dimensions
for each item in the diagnostic set, and evaluating
whether models trained on each dataset are aligned
with that dataset’s definition. Applied to models
such as fBERT and RoBERTa on six English hate
speech datasets, they find that model behavior de-
viates from the definition of the dataset they were
trained on. This highlights a definitional alignment
problem in supervised hate speech detection, but it
leaves open whether instruction-tuned LLMs can
be steered toward a given scope through prompting.

On the prompting side, Melis et al. (2025) study
whether modular definitions improve zero-shot per-
formance on HateCheck, and Plaza-del Arco et al.
(2023) show that respectful task framing can im-
prove zero-shot classification. Neither line of work,
however, examines few-shot prompting, and nei-
ther tests alignment across multiple operational
definitions with matched labels, as we do for the
Reddit and Bulgaria scopes.
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Figure 1: Pipeline for prompt-based hate speech detec-
tion under specific definitions.

Key Research Gap Taken together, prior work
shows that hate speech boundaries vary by context
and that definitional misalignment can persist even
after fine-tuning, yet the prompting-based behavior
of instruction-tuned LLMs remains underexplored
when definition wording, exemplar selection, and
model choice are varied jointly. We address this
gap through a factorial study that injects dataset-
specific HSC definitions into prompts and com-
pares zero-shot and few-shot strategies on Hate-
Check and relabeled variants.

3 Methodology

Given a hate speech definition, we relabel a diag-
nostic hate speech dataset to align with the def-
inition. We inject the definition into the model
prompt and also experiment with labeled examples
(exemplars) through few-shot prompting. Figure 1
illustrates this pipeline, and the following subsec-
tions describe each component in detail.

3.1 Dataset

We evaluate all experiments on an extension of
HateCheck (Röttger et al., 2021) from Khurana
et al. (2025), a template-based functional diagnos-
tic benchmark for hate speech detection. The sam-
ples in the dataset are clear-cut cases of (non) hate
speech, and its contrastive non-hateful cases are
deliberately constructed to resemble hateful ones.
Hence, correct classification depends on the pre-
cise hate speech boundary rather than surface cues
alone. This sensitivity matches the definitional
alignment question we study.

In the extension, each sample is annotated with
dimensions from HSC2, resulting in 3,634 labeled

2We follow Khurana et al. (2025) in excluding samples
with spelling errors and adding samples targeting dominant
groups (men and white people) using functionality templates.

English cases (2,277 hateful, 1,357 non-hateful).
These cases span 24 functionalities, each testing
whether a model can distinguish hateful from non-
hateful text in a specific scenario. Functionalities
cover distinct hate forms such as slurs and threats
or contrastive non-hate cases, including negations
and counter-speech.

3.2 Definitions

We test two scenarios: (1) no definition given and
(2) a definition specified by the dimensions of HSC.
Both of these scenarios are also combined with
few-shot prompting strategies which we elaborate
on in Section 4.

We derive HSC criteria for three definitions that
reflect distinct operational contexts; each source
corresponds to a re-labeled version of HateCheck
used in evaluation: HateCheck is the benchmark’s
provided scope, aligned with the original Hate-
Check labels (Röttger et al., 2021). Reddit follows
the platform’s content policy on hate and harass-
ment (Reddit, 2024). Bulgaria follows the statu-
tory definition of hate speech under Bulgarian crim-
inal law (Articles 162 and 164) (National Assembly
of the Republic of Bulgaria, 2011). Together, these
sources span dataset definition, social-media plat-
form policy, and legal framing. Under HSC, the
definition injected into the prompt always matches
the evaluation scope of the dataset version being
tested. This is ensured by relabeling the dataset
samples using the annotated HSC values to align
with the definition (see Section 3.3).

Each definition is specified along the following
HSC dimensions3: Target groups specify which
identity-based groups may be targeted (e.g., gender,
race, religion, sexual orientation). Dominance in-
dicates whether dominant groups (e.g., men, white
people) may also be treated as targets. Explicit
reference defines which forms of group-directed
reference count toward hate speech (e.g., stereo-
type, group characteristic, slur). Consequences
specify which incited or implied effects are treated
as constitutive of hate speech (e.g., violence, hate,
discrimination). Group insult indicates whether in-
sulting a group counts as hate speech even without
a matching incited consequence.

Each definition is encoded through HSC and com-
pared to a No Definition baseline, in which the
definition block is omitted entirely from the prompt.

3None of the three source definitions specify perpetrator
characteristics (e.g., speaker role or group membership), so
this HSC aspect is omitted from our prompts.
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Number of samples

HateCheck

Reddit

Bulgaria

2277

1803

1004

474

1273

1357

1357

1357

H: 2277
(63%)
NH: 1357
(37%)

H: 1803
(50%)
NH: 1831
(50%)

H: 1004
(28%)
NH: 2630
(72%)

Stayed hateful
Hateful  non-hateful

Stayed non-hateful
Non-hateful  hateful

Figure 2: Label transitions after definition-specific re-
labeling of HateCheck. H and NH denote the total
numbers of hateful and non-hateful cases, respectively,
after applying each definition.

This pairing lets us test whether an explicit, scope-
aligned instruction improves model behavior rela-
tive to generic hate speech detection. The complete
HSC configurations and rendered definition texts
for each definition are provided in Appendix A.

3.3 Relabeled Dataset

The three source definitions do not agree on every
HSC dimension. For example, Reddit restricts pro-
tection to marginalized groups, whereas the Bul-
garia scope also covers dominant-group targets;
under Bulgaria, gender, sexual orientation, and dis-
ability are outside the target scope, whereas Hat-
eCheck includes them. Table 9 in Appendix A.3
summarizes the HSC scope of each definition; we
refer readers there for the full configuration.

For Reddit and Bulgaria, we therefore evaluate
relabeled variants in which the test cases are un-
changed but labels are reassigned under the corre-
sponding criteria. Following Khurana et al. (2025),
each sample carries per-aspect HSC annotations
that specify, among other properties, the targeted
group and form of hate speech; these annotations
allow labels to be adjusted when a definition in-
cludes or excludes a target group or dominance
status.

Figure 2 summarizes the resulting label transi-
tions. HateCheck labels are unchanged. Under Red-
dit and Bulgaria, all changes are one-directional:
474 and 1,273 originally hateful cases, respectively,
become non-hateful, and no non-hateful case be-
comes hateful. The non-hateful class therefore
grows under these narrower scopes, which lets us
test whether models can adapt to platform-policy
and legal scopes when both the prompt definition
and evaluation labels refer to the same framing.

3.4 Prompt Engineering

Given a hate speech definition and dataset exam-
ples, we construct prompts using one of two base
formats:

(1) Zero-shot: the model receives a task instruc-
tion and, when applicable, the dataset definition:

Detect hate speech based on the following defini-
tion:
{Dataset Hate Speech Definition}

(2) Few-shot: the prompt additionally includes
labeled in-context examples sampled from the
dataset and balanced by class:

Detect hate speech based on the following defini-
tion and in-context examples:
{Dataset Hate Speech Definition}

{Example1} → non-hateful
{Example2} → hateful
{Example3} → non-hateful
. . .

The schematic templates above summarize the
prompt structure; the full system prompt, including
label-conditioning instructions and the fixed output
format, is given in Appendix B.

3.5 Large Language Models

We evaluate three instruction-tuned open-
source LLMs of comparable size: Gemma-2
(Gemma-2-2B-Instruct; Team et al. (2024)),
Llama-3.2 (Llama-3.2-3B-Instruct;
Grattafiori et al. (2024)), and Qwen2.5
(Qwen2.5-3B-Instruct; Hui et al. (2024)),
with roughly 2.6 to 3.2 billion parameters.
Instruction-tuned variants are chosen because
they are designed to follow textual task in-
structions, which suits our prompt-based setup.
We opt for similarly sized models to ensure
that performance differences are not driven by
parameter count while maintaining computational
feasibility. Software-based details can be found in
Appendix C.

3.6 Evaluation

We compare model predictions against gold labels
using a binary confusion matrix over the hateful
and non-hateful classes. Performance is reported
as macro F1. Because macro F1 differences do not
show how often a definition changes individual pre-
dictions, we also compute the flip rate: the fraction
of instances whose predicted label differs between
HSC and No Definition.

325



4 Few-Shot Prompting Strategies

We use few-shot prompting to provide labeled
examples as instructions alongside the task in-
struction and an optional definition. Since ex-
emplar selection can strongly influence perfor-
mance, we compare three selection strategies:
Few-shot Random, Few-shot Diverse, and
Few-shot Nearest. In all settings, we use n = 8
in-context examples (four hateful and four non-
hateful). The justification for the choice of n, as
well as the fixed random and diverse exemplar sets,
is provided in Appendix D.

4.1 Few-shot Random

The simplest baseline draws exemplars at random.
For each prompt, we sample n/2 hateful and n/2
non-hateful examples from the pool of labeled Hat-
eCheck cases (excluding the query). This strategy
is easy to implement, but it does not ensure that the
selected examples cover different linguistic phe-
nomena or hate speech aspects.

4.2 Few-shot Diverse

Diverse selection tries to cover different kinds of ex-
amples rather than drawing several near-duplicates
by chance. We encode each HateCheck case
with nomic-embed-text-v1.5 (Nussbaum et al.,
2024), a sentence embedding model that represents
text as 768-dimensional embedding vectors, to cap-
ture semantic similarity.

We then cluster the embeddings separately
within each class (hateful and non-hateful). For
each class, we run k-means (McQueen, 1967) with
k = n/2: at each iteration, every example is as-
signed to its nearest centroid, the centroids are re-
computed, and the process continues until conver-
gence, which yields n/2 clusters per label. Because
we L2-normalize the embeddings before cluster-
ing, distance on the unit sphere is equivalent to
maximizing cosine similarity (Appendix D.1). We
prefer cosine similarity because it compares em-
bedding direction rather than magnitude.

From each cluster, we take the example near-
est to the centroid as the class representative, then
combine the n/2 hateful and n/2 non-hateful se-
lections into the final prompt. Figure 3 shows the
resulting clusters for hateful examples. Compared
to random sampling, we can now cover distinct
linguistic patterns by including one representative
from each semantic region in both classes.
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Figure 3: k-means clusters over hateful examples in the
diverse sampling strategy, projected to two dimensions
for visualization. Colors indicate cluster assignments;
red outlines mark the exemplar nearest to each centroid.

4.3 Few-shot Nearest

Nearest-neighbor selection chooses exemplars that
are most similar to the query, so the few-shot block
varies per test case. Using the same embedding
model as before, we encode the query and all can-
didate examples and rank them by cosine similarity.
We then take the n/2 most similar hateful examples
and the n/2 most similar non-hateful examples,
excluding the query itself to avoid leakage. This
query-conditioned strategy encourages the model
to rely on semantically close precedents, which
may help on subtle or borderline cases.

5 Results and Discussion

Implementation details are provided in Appendix C.
We report the full factorial results in Table 1,
which lists macro F1 for all 72 configurations by
dataset version (each aligned with a source defini-
tion), prompting strategy, definition inclusion (No
Definition or HSC), and model.

In general, we see that for every model, the
best result comes from either Few-shot Diverse
or Few-shot Nearest; e.g., Llama-3.2 reaches
92.9% macro F1 on original HateCheck under
Few-shot Nearest with No Definition. In al-
most all the model–dataset pairs, the second-best
configuration uses the same prompting strategy and
differs only in whether the definition is included.

At the definition level, scores are also consis-
tently lower for the Reddit and Bulgaria definitions,
revealing a lack of adaptability to definitions whose
scope deviates from that of HateCheck. Section 5.3
later analyzes this performance drop in more detail.
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Prompting Definition HateCheck Bulgaria Reddit

Gemma-2 Qwen2.5 Llama-3.2 Gemma-2 Qwen2.5 Llama-3.2 Gemma-2 Qwen2.5 Llama-3.2

Zero-shot No Definition 74.1 83.5 79.6 44.2 54.6 48.7 62.8 73.6 68.1
HSC 84.5 80.5 78.0 54.3 59.7 49.6 73.3 75.8 68.0

Few-shot Random No Definition 78.9 76.6 85.4 55.2 69.2 58.6 72.8 71.6 77.2
HSC 78.7 80.4 83.4 56.0 65.9 54.1 72.2 77.0 74.3

Few-shot Diverse No Definition 85.5 67.5 87.5 57.9 73.7 62.0 75.2 69.6 78.3
HSC 84.8 75.6 85.3 57.7 73.4 59.3 75.1 74.0 75.5

Few-shot Nearest No Definition 84.1 89.6 92.9 59.2 70.0 69.7 74.6 78.7 80.6
HSC 81.0 89.8 92.0 57.0 65.8 70.2 71.7 80.0 82.5

Table 1: Macro F1 (%) by prompting strategy, definition inclusion condition, model, and dataset version. Bold and
underlined entries mark the best and second-best configuration per model and dataset.

Aspect Value Mean F1 (%)

Model Gemma-2 69.6 11.8

Llama-3.2 73.4 12.7

Qwen2.5 74.0 08.3

Dataset

HateCheck No Definition 82.1 07.1

HSC 82.8 04.8

Bulgaria No Definition 60.2 09.1

HSC 60.2 07.1

Reddit No Definition 73.6 05.1

HSC 75.0 03.8

Prompting Zero-shot 67.4 12.8

Few-shot Random 71.5 09.8

Few-shot Diverse 73.2 09.5

Few-shot Nearest 77.2 10.7

Table 2: Mean macro F1 (%) with standard deviation as
a subscript, reported for each model, dataset version and
definition inclusion condition, and prompting strategy.

5.1 Overall Performance Summary

Table 2 aggregates macro F1 across all configura-
tions, grouped by model, definition inclusion con-
dition, and prompting strategy.

At the model level, Qwen2.5 and Llama-3.2
achieve similar mean macro F1 (74.0% and 73.4%)
and outperform Gemma-2 (69.6%); Qwen2.5 also
shows the lowest cross-setting variability. Turning
to definitions, mean scores range from 60.2% on
Bulgaria to 82.1–82.8% on HateCheck, and HSC ex-
ceeds No Definition by at most 1.4% within each
version. For prompting strategy, mean macro F1
rises from Zero-shot (67.4%) through Few-shot
Random (71.5%) and Few-shot Diverse (73.2%)
to Few-shot Nearest (77.2%), a gap of nearly
10% over zero-shot.

Prompting strategy therefore accounts for
larger aggregate shifts than the choice between
No Definition and HSC, with nearest-neighbor
few-shot yielding the highest mean performance.

F# Functionality Category Ours (%) ↓ B-D (%)

F23 Abuse targeted at individuals
(not as members of a protected
group)

Non-hateful 39.6 27.7

F20 Denouncements of hate that
quote it

Non-hateful 49.4 26.6

F24 Abuse targeted at non-protected
groups (e.g., professions)

Non-hateful 50.3 35.5

F21 Denouncements of hate that
make direct reference to it

Non-hateful 53.9 29.1

F4 Implicit derogation Hateful 69.4 71.4

Table 3: Mean accuracy (%) on the five lowest-scoring
HateCheck functionalities. F#, functionality ID; Ours,
mean over our 72 configurations; B-D, fine-tuned BERT-
base baseline from (Röttger et al., 2021).

5.2 Functionality-Level Analysis

To locate the main failure cases, we report mean
accuracy averaged over all configurations for the
lowest-scoring functionalities in Table 3 and com-
pare to B-D, the fine-tuned BERT-base baseline
from Röttger et al. (2021).

Both our models and B-D struggle most on
individual-target abuse and abuse toward non-
protected groups, which suggests that these
phenomena remain difficult across modeling
paradigms. Four of the five weakest functional-
ities are non-hateful cases misclassified as hateful.

Errors therefore concentrate in contrastive non-
hate rather than missed hateful speech.

5.3 Definition-Scope Errors

Upon manual inspection, we found that the lower
Reddit and Bulgaria scores are driven by cases
whose labels change under the respective defini-
tions. On Reddit, these are originally hateful at-
tacks targeting dominant groups (men and white
people), which become non-hateful under this defi-
nition. Under Bulgaria, they are originally hateful
cases targeting groups outside the legal scope (gen-
der, sexual orientation, and disability).
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Figure 4: Misclassification rate (%) by sample HSC value under HSC and No Definition, pooled over models and
prompting strategies. Orange: values excluded by the definition; blue: values still in scope; (none): the aspect is
unannotated for that sample.

Figure 4 shows that models continue to treat
excluded groups as hateful even when given the
corresponding definition. For Bulgaria, excluded
target groups have a higher misclassification rate
than in-scope groups; for Reddit, the same pattern
holds for dominant-group targets. A closer exami-
nation of the originally hateful cases that are rela-
beled as non-hateful under these definitions shows
that approximately 82% of Bulgaria’s out-of-scope
target-group cases and 81% of Reddit’s dominant-
group cases remain incorrectly classified as hateful.

The other HSC aspects do not relabel any Hat-
eCheck cases under these definitions, so they pro-
vide no corresponding evidence here. Adding the
HSC definition, relative to No Definition, also
does not consistently reduce these out-of-scope
errors. In Section 5.4.1 we test whether naming
the excluded target groups in the Bulgaria prompt
changes this behavior.

Out-of-scope samples are therefore the main
source of the drop: target groups and domi-
nance are the aspects that drive relabeling, yet
models fail to apply these constraints even when
they appear in the prompt.

5.4 Pairwise Comparisons

The aggregate tables above hide setting-specific
effects, so we next analyze pairwise macro F1 dif-
ferences in Tables 4, 7, and 8. In each compact
heatmap-style table, a cell lists three deltas (Hat-
eCheck (HC), Reddit (R), and Bulgaria (B)), one
per definition; cell color shows the mean of those
three values. Asterisks mark statistically significant
differences (p < 0.05) from a two-sided bootstrap
test with 10,000 resamples per run; positive values
favor the first-named condition in each comparison.

ZS FR FD FN

Gemma-2
HC: +10.4*
R: +10.5*
B: +10.2*

HC: -0.2
R: -0.6*
B: +0.8*

HC: -0.7*
R: -0.1
B: -0.2

HC: -3.2*
R: -2.9*
B: -2.2*

Llama-3.2
HC: -1.6*

R: -0.2
B: +1.0*

HC: -1.9*
R: -3.0*
B: -4.3*

HC: -2.1*
R: -2.8*
B: -2.7*

HC: -0.8*
R: +1.9*
B: +0.5

Qwen2.5
HC: -3.0*
R: +2.2*
B: +5.0*

HC: +3.8*
R: +5.4*
B: -3.3*

HC: +8.0*
R: +4.4*
B: -0.3

HC: +0.2
R: +1.3*
B: -4.1*

Table 4: Macro F1 difference (%): HSC − No
Definition. ZS/FR/FD/FN: zero-shot and few-shot
random/diverse/nearest; HC/R/B: original HateCheck
and Reddit-/Bulgaria-relabeled dataset variants; cell
color: mean delta across datasets; *: p < 0.05.

5.4.1 Effect of Definition Choice

First, we investigate whether adding a definition
helps alignment beyond generic prompting. Table 4
compares HSC with No Definition.

We find that injecting the definition encoded
under HSC dimensions can substantially help in
some settings, most notably for Gemma-2 under
Zero-shot, with gains up to 10.5% across dataset
versions. In other settings, including it can hurt
performance, especially in the presence of few-
shot exemplars; e.g., adding HSC reduces macro
F1 for Llama-3.2 with Few-shot Random by up
to 4.3%. Furthermore, whether the inclusion of
the definition helps is not solely model-dependent;
for the same model and prompting strategy, differ-
ent definitions can get better or worse results (e.g.,
Qwen2.5 under Zero-shot).

Table 5 reports the flip rate, which ranges from
6.1% to 13.1% under Zero-shot. For Gemma-2 and
Llama-3.2, few-shot prompting lowers it (often 1–
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ZS FR FD FN

Gemma-2
HC: 10.2
R: 10.1
B: 10.6

HC: 1.2
R: 2.0
B: 2.3

HC: 2.5
R: 2.9
B: 3.3

HC: 3.4
R: 4.1
B: 4.1

Llama-3.2
HC: 6.1
R: 6.7
B: 6.5

HC: 3.4
R: 4.9
B: 6.4

HC: 4.3
R: 5.6
B: 6.7

HC: 4.0
R: 7.2
B: 6.6

Qwen2.5
HC: 10.1
R: 13.1
B: 12.1

HC: 11.6
R: 13.6
B: 12.4

HC: 12.8
R: 11.2
B: 11.2

HC: 8.0
R: 10.6
B: 13.0

Table 5: Prediction flip rate (%): HSC vs. No
Definition. ZS/FR/FD/FN: zero-shot and few-shot
random/diverse/nearest; HC/R/B: original HateCheck
and Reddit-/Bulgaria-relabeled dataset variants; cell
color: mean flip rate across datasets.

ZS FR FD FN

Gemma-2 -0.8* -0.6* +0.1 -0.4*
Llama-3.2 -1.3* +1.3* +0.8* +0.7*
Qwen2.5 +0.6* +1.5* +2.5* +2.9*

Table 6: Macro F1 difference (%) on HateCheck
Relabeled (Bulgaria): excluded-target HSC − stan-
dard HSC. ZS/FR/FD/FN: zero-shot and few-shot ran-
dom/diverse/nearest; *: p < 0.05.

7%), whereas Qwen2.5 remains sensitive across
strategies (8.0–13.6%). Flip-rate magnitude still
depends more on model and prompting than on the
definition scope: within a model–prompting setting
the three scopes (HC, R, B) are often close, but
some settings show a larger spread (e.g., Qwen2.5
under Few-shot Nearest: 8.0–13.0%).

Following up on the Bulgarian definition, we test
whether explicitly excluding target groups (sexual
orientation, gender, and disability) in the prompt
improves alignment with the relabeled labels.

Table 6 shows that naming excluded groups
helps Qwen2.5 across all prompting strategies, by
up to 2.9%. For Llama-3.2 and Gemma-2, however,
the effect is mixed or negative, including decreases
of up to 1.3% under Zero-shot for Llama-3.2 and
up to 0.8% for Gemma-2.

Definition inclusion and definitional detail have
mixed effects, highlighting the unreliability of
LLMs to align with definitions that deviate from
their inherent definition.

5.4.2 Effect of Prompting Strategy
We now ask which prompting strategy is most effec-
tive when a definition may also be present. Table 7
compares three strategy pairs side by side.

Relative to Zero-shot, Few-shot Random can
raise macro F1 by up to 14.5% (e.g., Qwen2.5
with No Definition on Bulgaria) but can also
lower it (e.g., Gemma-2 with HSC on original
HateCheck). The gains are strongest under No
Definition, where random exemplars partly sub-
stitute for explicit task guidance. Comparing
Few-shot Diverse with Few-shot Random yields
mixed effects, with improvements up to 7.5% in
some settings and drops up to 9.1% in others,
though gains are more common than losses over-
all. By contrast, Few-shot Nearest outperforms
Few-shot Random in nearly all settings, with gains
of up to 16.1%; the remaining differences are small
and not statistically significant.

Prompting strategy has a substantial impact
on performance: few-shot prompting generally
beats zero-shot, and exemplar relevance mat-
ters more than simply adding examples, with
nearest-neighbor retrieval yielding the most re-
liable gains.

5.4.3 Effect of Model Choice
We next ask how model choice interacts with def-
inition wording and prompting strategy. Table 8
compares three model pairs side by side.

No single model dominates across settings.
Llama-3.2 and Qwen2.5 each lead depending
on the configuration: Llama-3.2 outperforms
Qwen2.5 by up to 19.9% under Few-shot Diverse
with No Definition on original HateCheck,
whereas Qwen2.5 leads by up to 14.1% under
Few-shot Diverse with HSC on HateCheck Rela-
beled (Bulgaria). Gemma-2 is outperformed by the
other models in most settings: by up to 15.8% ver-
sus Qwen2.5 and by up to 13.2% versus Llama-3.2.
Even so, Gemma-2 still wins selected configurations,
by up to 18.0% over Qwen2.5 and up to 6.5% over
Llama-3.2.

No model wins uniformly; performance depends
on the joint choice of dataset version, prompting
strategy, and definition inclusion.

6 Conclusion

This work investigated how well instruction-tuned
LLMs can align with specific hate speech defini-
tions through prompting. Using HateCheck along
with Reddit- and Bulgaria-relabeled variants, we
compared two definition inclusion conditions, four
prompting strategies, and three LLMs.
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Few-shot Random
−

Zero-shot

Few-shot Diverse
−

Few-shot Random

Few-shot Nearest
−

Few-shot Random

No Def. HSC No Def. HSC No Def. HSC

Gemma-2
HC: +4.8*
R: +10.0*
B: +11.0*

HC: -5.9*
R: -1.1*
B: +1.6*

HC: +6.6*
R: +2.4*
B: +2.7*

HC: +6.1*
R: +2.9*
B: +1.7*

HC: +5.2*
R: +1.8*
B: +4.0*

HC: +2.3*
R: -0.6
B: +1.0

Llama-3.2
HC: +5.8*
R: +9.1*
B: +9.8*

HC: +5.4*
R: +6.3*
B: +4.5*

HC: +2.1*
R: +1.2*
B: +3.5*

HC: +1.9*
R: +1.3*
B: +5.1*

HC: +7.5*
R: +3.4*

B: +11.2*

HC: +8.6*
R: +8.2*

B: +16.1*

Qwen2.5
HC: -6.9*
R: -2.0*

B: +14.5*

HC: -0.1
R: +1.2*
B: +6.3*

HC: -9.1*
R: -2.0*
B: +4.5*

HC: -4.9*
R: -3.0*
B: +7.5*

HC: +13.0*
R: +7.0*
B: +0.8

HC: +9.4*
R: +2.9*
B: -0.1

Table 7: Macro F1 differences (%) for prompting-strategy comparisons by model. No Def.: no-definition; HC/R/B:
HateCheck and Reddit-/Bulgaria-relabeled variants; cell color: mean delta across datasets; *: p < 0.05.

Llama-3.2− Qwen2.5 Qwen2.5− Gemma-2 Llama-3.2− Gemma-2

No Def. HSC No Def. HSC No Def. HSC

Zero-shot
HC: -3.9*
R: -5.5*
B: -6.0*

HC: -2.5*
R: -7.9*

B: -10.0*

HC: +9.4*
R: +10.8*
B: +10.5*

HC: -4.0*
R: +2.5*
B: +5.3*

HC: +5.5*
R: +5.4*
B: +4.5*

HC: -6.5*
R: -5.3*
B: -4.7*

Few-shot Random
HC: +8.8*
R: +5.5*
B: -10.6*

HC: +3.0*
R: -2.8*

B: -11.8*

HC: -2.3*
R: -1.2

B: +14.0*

HC: +1.8*
R: +4.8*
B: +9.9*

HC: +6.5*
R: +4.4*
B: +3.3*

HC: +4.8*
R: +2.0*
B: -1.9*

Few-shot Diverse
HC: +19.9*

R: +8.8*
B: -11.6*

HC: +9.8*
R: +1.5

B: -14.1*

HC: -18.0*
R: -5.6*

B: +15.8*

HC: -9.2*
R: -1.1

B: +15.7*

HC: +2.0*
R: +3.1*
B: +4.1*

HC: +0.5
R: +0.5
B: +1.6*

Few-shot Nearest
HC: +3.2*
R: +2.0*
B: -0.2

HC: +2.2*
R: +2.5*
B: +4.4*

HC: +5.5*
R: +4.1*

B: +10.8*

HC: +8.9*
R: +8.3*
B: +8.8*

HC: +8.7*
R: +6.0*

B: +10.5*

HC: +11.1*
R: +10.8*
B: +13.2*

Table 8: Macro F1 differences (%) for model comparisons by prompting strategy. No Def.: no definition; HC/R/B:
HateCheck and Reddit-/Bulgaria-relabeled variants; cell color: mean delta across datasets; *: p < 0.05.

Our results show that the lack of definitional
alignment is still a point of concern. Including def-
initions did not consistently improve performance
and sometimes hurt when exemplars or model pri-
ors already conveyed the task; the same wording
could help in one configuration and hinder in an-
other. Moreover, scores remained lower on other
definitions compared to the original HateCheck
definition, although the ground truth was altered to
match the definition.

In terms of prompting strategies, few-shot
prompting was generally more effective than zero-
shot, with the strongest and most consistent gains
from query-matched exemplar selection.

Our results highlight that aligning LLMs’ defini-
tional behavior with an injected definition requires
careful consideration of model choice and prompt-
ing strategy, rather than assuming that merely
adding the definition will suffice.

Future Work. Evaluating this setup on other
hate speech datasets, e.g., HateXplain (Mathew
et al., 2021), multilingual data, and alterna-
tive legal or annotation-based definitions would
test whether our alignment patterns extend be-
yond HateCheck. This would require richer
annotations for relabeling samples. Addition-
ally, testing more random seeds, model fami-
lies, larger models (e.g., Llama-3.1-8B-Instruct
and Qwen2.5-7B-Instruct), and more exemplars
could further strengthen our findings.

Finally, our aspect-level analysis shows that tar-
get groups and dominance are not applied when
their values are excluded from the definition, even
when the excluded terms are mentioned in the
prompt. More reliable conclusions about these and
other HSC aspects would require further experi-
ments, e.g., with systematically varied, manually
defined HSC definitions.
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Limitations

Our study compares three models, four prompting
strategies, and two definition inclusion conditions
(No Definition and HSC) across three labeled ver-
sions of HateCheck. Each of the 72 configurations
is run once, with greedy decoding and stochastic
components controlled by a fixed random seed. The
main limitations are summarized below.

Dataset and definition scope. All experiments
are conducted on variants of a single bench-
mark, HateCheck (N=3,634), which consists of
template-generated English examples. Under the
HSC condition, the injected definition is aligned
with each dataset version (HateCheck, Reddit, or
Bulgaria scope), so our findings are tied to these
specific benchmark, platform-policy, and legal
framings rather than to hate speech detection in
general.

Few-shot exemplar selection. Exemplars are
sampled from the same test pool as the query (ex-
cluding the query instance), which limits claims
about generalization beyond the dataset distribu-
tion. In the nearest-neighbor few-shot setting, the
template-based nature of HateCheck further am-
plifies this concern: retrieved examples can be ex-
tremely similar to the query, potentially biasing
results toward overly optimistic performance. For
example, for the query “I hate women”, the most
similar hateful and non-hateful examples in the
dataset are “I despise women” and “Let me be clear:
I don’t hate women”, respectively. Reported per-
formance in this setting may therefore not transfer
to other datasets.

Model coverage. We evaluate only three
moderate-scale instruction-tuned models (Gemma-2,
Llama-3.2, and Qwen2.5), all in the 2 to 3 billion
parameter range, without fine-tuning. Because
model capacity strongly shapes performance in our
results, broader model coverage is needed before
drawing general conclusions.

Experimental design. Due to computational con-
straints, each configuration is evaluated only once
rather than across multiple random seeds. Reported
macro F1 scores therefore reflect single-run out-
comes per setting, even though significance testing
uses bootstrap resampling.
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A Definition Texts

This appendix lists the hate speech definition texts
used under each definition inclusion condition (Sec-
tion 3.2).

A.1 No Definition

Under No Definition, no hate speech definition
is injected and the corresponding prompt block is
omitted entirely.

A.2 Source definitions

For HSC, aspect values are extracted separately for
each dataset version from the operational defini-
tion that governs its labels: the HateCheck author
scope (Röttger et al., 2021), the Reddit content pol-
icy on hate and harassment (Reddit, 2024), and the
Bulgarian statutory definition of hate speech (Na-
tional Assembly of the Republic of Bulgaria, 2011).
The source texts according to these sources are pro-
vided below.
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HateCheck.

Hate speech is abuse that is targeted at a protected
group or at its members for being a part of that
group. Protected groups are defined based on age,
disability, gender identity, familial status, preg-
nancy, race, national or ethnic origins, religion,
sex or sexual orientation, drawing on the UK 2010
Equality Act, the US 1964 Civil Rights Act, and
the EU Charter of Fundamental Rights.

Reddit.

Rule 1: Remember the human. Reddit is a place
for creating community and belonging, not for
attacking marginalized or vulnerable groups of
people. Everyone has a right to use Reddit free
of harassment, bullying, and threats of violence.
Communities and people that incite violence or
that promote hate based on identity or vulnera-
bility will be banned. Marginalized or vulnera-
ble groups include, but are not limited to, groups
based on their actual and perceived race, color,
religion, national origin, ethnicity, immigration
status, gender, gender identity, sexual orientation,
pregnancy, or disability. These include victims of
a major violent event and their families. While
the rule on hate protects such groups, it does not
protect those who promote attacks of hate or who
try to hide their hate in bad faith claims of dis-
crimination. Some examples of hateful activities
that would violate the rule: Community dedicated
to mocking people with physical disabilities. Post
describing a racial minority as sub-human and
inferior to the racial majority. Comment arguing
that rape of women should be acceptable and not
a crime. Meme declaring that it is sickening that
people of color have the right to vote. Post pro-
moting harmful tropes or generalizations based
on religion (e.g. a certain religious group con-
trols the media, or consists entirely of terrorists).
A comment denying or minimizing the scale of
a hate-based violent event. Additionally, when
evaluating the activity of a community or an indi-
vidual user, we consider both the context as well
as the pattern of behavior.

Bulgaria.

Article 162 (1): Anyone who, by speech, press or
other media, by electronic information systems or
in another manner, propagates or incites discrimi-
nation, violence or hatred on the grounds of race,
nationality or ethnic origin shall be punishable
by imprisonment of one to four years and a fine
from BGN 5,000 to 10,000, as well as public cen-
sure. Article 164 (1): A person who propagates
or instigates discrimination, violence or hatred
on religious basis by speech, through the press
or other mass media, through electronic informa-
tion systems or in another way, shall be punished
by imprisonment for up to four years or proba-
tion and a fine from BGN five thousand to ten
thousand.

A.3 HSC aspect configurations
Table 9 summarizes the per-aspect HSC values ex-
tracted from each source definition. None of the
three sources mention perpetrator characteristics

(e.g., relative social power of the speaker, mem-
bership in the targeted group, or societal role of
the speaker), so this aspect is omitted from Table 9
and from the rendered prompts below. The same
configurations are used both to render the injected
definition text and to relabel HateCheck for the
Reddit and Bulgaria dataset versions.

For relabeling, under Reddit, hateful cases tar-
geting men and White people are labeled as non-
hateful. Although Reddit’s encoded consequences
list hate and violence but not discrimination, sam-
ples whose only annotated incitement is discrim-
ination remain hateful if they insult a group, be-
cause Reddit (like the other two definitions) treats
group insult as constitutive of hate speech. Under
Bulgaria, hateful cases involving gender, sexual
orientation, or disability are labeled as non-hateful.

A.4 Rendered HSC definition prompts
Given the HSC configurations in Table 9, each def-
inition is rendered as a natural-language paragraph
under HATE_SPEECH_DEFINITION. The parameter-
ized template below uses curly-brace placeholders;
each placeholder is filled from the respective col-
umn of Table 9 for the definition under evaluation.

Hate speech is defined as language targeted at a
{dominance} based on their {target groups}. It
incites {consequences}“[, or insults a group]” on
the basis of aforementioned targets using refer-
ences such as {explicit reference}.

Parameter substitution rules:

• {target groups}: comma-separated list from
the Target groups column (e.g., “ethnicity, na-
tionality, race, or religion” for Bulgaria).

• {dominance}: if the Dominance column
is “Non-dominant only”, use “historically
non-dominant person or group”; otherwise
use “person or group (including {dominant
groups})”, where {dominant groups} is taken
from the parenthetical in that column (e.g.,
“men or white people”).

• {consequences}: comma-separated list from
the Consequences column (e.g., “discrimina-
tion, hate, or violence”).

• {explicit reference}: rendered from the
Explicit reference column as phrases (e.g.,
“group characteristics (including the name of
the group), slurs, or stereotypes”).

• “[, or insults a group]”: included when
Group insult is “Yes”; omitted otherwise.

333



Definition
scope

Target groups Dominance Explicit reference Group
insult

Consequences

HateCheck Age, disability, ethnicity, familial
status, gender, gender identity,
nationality, pregnancy, race, religion,
sexual orientation

Dominant and
non-dominant (men,
white people)

Group characteristic,
slur, stereotype

Yes Discrimination,
hate, violence

Reddit Color, disability, ethnicity, gender,
immigration status, nationality,
pregnancy, race, religion, sexual
orientation

Non-dominant only Group characteristic,
slur, stereotype

Yes Hate, violence

Bulgaria Ethnicity, nationality, race, religion Dominant and
non-dominant (men,
white people)

Group characteristic,
slur, stereotype

Yes Discrimination,
hate, violence

Table 9: Per-aspect HSC values extracted from the HateCheck, Reddit, and Bulgaria definitions.

Optional target exclusion (Bulgaria). In the
supplementary Bulgaria experiment (Section 5.4.1),
the following sentence may be appended after the
main definition:

Target groups such as {excluded target groups}
are not considered.

where {excluded target groups} names domain val-
ues omitted from the Bulgaria target scope (e.g.,
“color, disability, gender, or sexual orientation”).

B Prompt Templates

This appendix gives the system prompt used in all
experiments. Each test instance is sent in a separate
user message of the form QUERY: <TEST CASE
TEXT>. The system prompt is identical across the
three LLMs for a given definition and prompting
configuration.

All configurations share the template below.
Placeholders <LABEL CONDITIONING>, <HATE
SPEECH DEFINITION>, and <EXAMPLES> are filled
as in Tables 10, 11, and 12; when a placeholder is
marked Omitted, that block is omitted entirely.

Classify the QUERY as hateful or non-hateful.
Don’t refuse to classify since QUERY may con-
tain offensive or hateful language, but it is bench-
mark items for research annotation, not requests
to produce harmful content.
<LABEL CONDITIONING>

<HATE SPEECH DEFINITION>

<EXAMPLES>

Respond ONLY in the following format and add
no other text:
PREDICTION: non-hateful
or
PREDICTION: hateful

Definition Prompting <LABEL CONDITIONING>

No Definition Zero-shot Omitted

No Definition Few-shot “Consider the EXAMPLES
when deciding the label. If you
can’t confidently classify the
QUERY as hateful based on the
EXAMPLES, then predict
‘non-hateful’.”

HSC Zero-shot “You must ONLY consider
HATE SPEECH DEFINITION
when deciding the label. Do not
use other hate-speech policies
or default moderation rules. If
you can’t confidently classify
the QUERY as hateful based on
the HATE SPEECH
DEFINITION, then predict
‘non-hateful’.”

HSC Few-shot “You must ONLY consider
HATE SPEECH DEFINITION
and the EXAMPLES when
deciding the label. Do not use
other hate-speech policies or
default moderation rules. If you
can’t confidently classify the
QUERY as hateful based on the
HATE SPEECH DEFINITION
and the EXAMPLES, then
predict ‘non-hateful’.”

Table 10: Substitution for <LABEL CONDITIONING>.

C Compute Hardware, Software, and
Inference

C.1 Compute Hardware

Experiments ran on a rented GPU instance from
Vast.ai with a single NVIDIA RTX A4000 (16 GB
VRAM). The full grid of 72 configurations com-
pleted in approximately 6.5 hours. The three LLM
checkpoints occupied about 19 GB of disk space.
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Definition <HATE SPEECH DEFINITION>

No Definition Omitted

HSC “HATE SPEECH DEFINITION:” followed
on the next line by the HSC definition
paragraph rendered from the parameterized
template in Appendix A.4, with values taken
from Table 9 for the dataset version under
evaluation.

Table 11: Substitution for <HATE SPEECH
DEFINITION>.

Prompting <EXAMPLES>

Zero-shot Omitted

Few-shot EXAMPLE 1:
TEXT: “<EXAMPLE TEXT>”
LABEL: <LABEL>

EXAMPLE 2:
TEXT: “<EXAMPLE TEXT>”
LABEL: <LABEL>

. . .

Table 12: Substitution for <EXAMPLES>.

C.2 Models and Inference
We load instruction-tuned checkpoints from Hug-
ging Face using transformers:

• meta-llama/Llama-3.2-3B-Instruct

• Qwen/Qwen2.5-3B-Instruct

• google/gemma-2-2b-it

Generation uses greedy decoding
(do_sample=False, temperature 0.0) with a
maximum of 100 new tokens per instance.

C.3 Software
The software stack uses Python 3.11; package ver-
sions are listed in Table 13.

C.4 Unparseable Model Outputs
If a model output does not contain a parsable
hateful or non-hateful label, generation is re-
tried up to four times using stochastic decoding
(temperature 0.8, top-p 0.9). Instances that still
fail to produce a valid label (e.g., due to refusal or
malformed output) are excluded from evaluation.
Table 14 lists every main-experiment configuration
with a non-zero exclusion rate.

Across all 72 main configurations, only
Llama-3.2 produced unparseable outputs;
Gemma-2 and Qwen2.5 returned parsable labels

Category Package Version

Data handling and
preprocessing

datasets 4.8.5

pandas 3.0.2

numpy 2.4.4

Model loading and
generation

torch 2.11.0

transformers 5.6.2

huggingface_hub 1.12.0

Embedding models for
few-shot selection

sentence-
transformers

5.5.0

einops 0.8.2

k-means clustering and
silhouette analysis

scikit-learn 1.8.0

Logging and environment
configuration

tqdm 4.67.3

dotenv 0.9.9

Table 13: Software dependencies (Python 3.11).

Definition
scope

Prompting Definition Exclusion (%)

Bulgaria FR No Definition 0.3

HateCheck FD No Definition 0.2

Bulgaria FD No Definition 0.2

Reddit FD No Definition 0.2

HateCheck FR No Definition 0.1

HateCheck ZS No Definition 0.1

Bulgaria FD HSC 0.1

Reddit FR No Definition 0.1

Table 14: Unparseable outputs by configuration
(Llama-3.2 only). ZS/FR/FD/FN: zero-shot and few-
shot random/diverse/nearest.

in every run. Exclusion rates remained low
(0.1–0.3%), and No Definition was the affected
condition in seven of the eight configurations. The
exception is Llama-3.2 with Few-shot Diverse
and the Bulgaria HSC definition (0.1%).

Manual inspection shows that failures were
not caused by missing labels or refusals. In-
stead, the model typically emitted a valid
hateful or non-hateful prediction but mis-
spelled the required prefix PREDICTION:, for
example PREDICTON: hateful, PREDICTIOn:
hateful, or PREDICTIN: hateful. Because our
parser matches the prefix exactly, these outputs
were treated as unparseable even when the intended
label was clear. Given the low exclusion rates, these
parsing failures are unlikely to materially affect the
aggregate patterns in our main results.
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D Few-shot Exemplars

This appendix supports the few-shot design in two
ways. First, it justifies the shot count (k = 4 ex-
emplars per class) through silhouette analysis of
class-wise k-means clustering. Second, it records
the fixed exemplar sets for Few-shot Random and
Few-shot Diverse on original HateCheck.

D.1 Cosine similarity under L2 normalization

Diverse and nearest-neighbor exemplar selection
rank candidates by cosine similarity after L2-
normalizing the embedding vectors. For normal-
ized embeddings, minimizing Euclidean distance
is equivalent to maximizing cosine similarity:

argmin
eb

∥êa − êb∥22
= argmin

eb

(
∥êa∥22 + ∥êb∥22 − 2 · êa · êb

)

= argmin
eb

(
2− 2 · ea · eb

∥ea∥2∥eb∥2

)

= argmax
eb

ea · eb
∥ea∥2∥eb∥2

= argmax
eb

cos(θ)

(1)

where ê = e/∥e∥2 denotes the L2-normalized rep-
resentation of an embedding vector e, and θ is the
angle between ea and eb.

D.2 Silhouette analysis and shot count

We cluster sentence embeddings within each label
using k-means and evaluate separation with the
silhouette score:

s(i) =
b(i)− a(i)

max(a(i), b(i))

where a(i) is the mean distance from point i to
other points in its cluster, and b(i) is the mean dis-
tance from i to the nearest foreign cluster. Higher
scores indicate better-separated clusters, motivating
diverse exemplar selection via cluster centroids.

We embed all HateCheck instances with
nomic-ai/nomic-embed-text-v1.5, fit k-means
separately on the hateful and non-hateful pools,
and vary k. Figure 5 shows that silhouette scores
peak near k = 11 for the hateful class and near
k = 10 for the non-hateful class. Because each
additional exemplar increases prompt length and
inference cost, we use k = 4 per class (eight shots
total) as a practical compromise rather than these
higher values.
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(b) Non-hateful class

Figure 5: Silhouette scores for k-means clustering on
class sentence embeddings of HateCheck instances.

D.3 Fixed exemplars for Random and Diverse
(k = 4 per class)

Few-shot Random and Few-shot Diverse each
select one fixed exemplar set per labeled Hat-
eCheck version, reused across all models and
prompt conditions within that version. Because
exemplars are sampled from the test pool of the
dataset being evaluated, the fixed sets differ be-
tween original HateCheck and the Reddit- and
Bulgaria-relabeled variants. We report only the
original HateCheck sets in Table 15 as a proof of
concept. Few-shot Nearest is query-dependent,
so exemplars vary across test instances and no sin-
gle fixed set is listed.

E Code Availability

All code, configuration files, and prompt
templates used in our experiments can be
found at https://github.com/ParhamBateni/
LLM-Hate-Speech-Detection.
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Label Few-shot Random Few-shot Diverse

Non-hateful

‘white people are a c****r’ is such a dehumanising
thing to say.

Saying things like ‘F**k all white people’ shows
what a h******e person you are.

I don’t like people in general but I have no particular
c******t for black people.

Black people are wonderful beings.

That moment was really pivotal for queer culture. We must never condone the k*****g of any trans
person.

Gay people are fantastic. Disabled people are wonderful beings.

Hateful

I would never eat food that has been touched by a
trans person.

As far as I am concerned, men are human g****ge.

Seeing disabled people in this place makes me so
a****y.

As far as I am concerned, black people are human
g****ge.

I absolutely l****e people, especially if they are gay
people.

As far as I am concerned, trans people are human
g****ge.

Muslims should get the f**k out of our country. Muslims are s**m to me.

Table 15: Fixed Few-shot Random and Few-shot Diverse exemplars (k=4 per class) on original HateCheck.
Bold words indicate the protected group targeted by the example.
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