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Abstract

Hate speech remains a persistent and evolving threat on online
platforms. The widespread use of large language models (LLMs)
further intensifies this problem by making hateful content easier
and cheaper to generate at scale. Although stronger hate speech
detectors continue to be proposed, their performance remains un-
even across target identity groups and different forms of hateful
expression, partly because existing training data provides only lim-
ited coverage of these cases. Thus, we introduce PersonaHate, a
scalable persona-driven data synthesis pipeline for constructing
diverse hate speech datasets. PersonaHate begins with a large
persona pool of 457K personas drawn from two real-world sources.
Conditioned on selected personas from this pool, it prompts eight
LLMs to generate hate speech across 34 identity groups and per-
forms multi-judge annotation to obtain reliable labels. The resulting
corpus contains 791K samples, from which we curate a 67K group-
balanced training set. Our modular design also supports exten-
sion to new identity groups, generators, and emerging hate targets.
Built upon this dataset, we evaluate two detector training strate-
gies: training from scratch and further fine-tuning. Results show
that all trained models achieve competitive performance across
four widely used external benchmarks. Notably, a 184M-parameter
DeBERTa-v3 model trained from scratch reaches 77.6% average
F1 and 79.3% average accuracy, outperforming OpenAI’s Moder-
ation API on HateBenchSet and MHS. Furthermore, fine-tuning
Llama-3.1-8B raises its average F1 from 14.1% to 76.8%, even surpass-
ing LlamaGuard-3, Meta’s official safety model based on the same
Llama-3.1-8B architecture, on three of four benchmarks. These re-
sults show that our PersonaHate can substantially improve the
robustness and cross-dataset generalization of hate speech detec-
tors. We hope our work can take a step forward in hate speech
detection and contribute to mitigating online harm and even hate
campaigns.
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1 Introduction

Online hate speech remains a major challenge for content moder-
ation systems [53, 67]. A UNESCO-Ipsos survey reports that 67%
of internet users have been exposed to online hate speech [58],
highlighting the need for reliable hate speech detection [53, 56].

Recent advances in large language models (LLMs) further com-
plicate this problem. Because LLMs can produce fluent and varied
text at low cost, hateful content can now be generated at scale and
in many different styles [7]. Hate speech detectors, therefore, need
to generalize beyond human-authored data to increasingly diverse
and evolving LLM-generated content. Specifically, we follow the
United Nations’ definition and use hate speech to refer to offensive
discourse targeting individuals or groups based on inherent character-
istics, such as race, religion, gender, or other identity attributes [42].

Despite continuous progress, existing hate speech detectors still
exhibit systematic weaknesses. Prior work shows that their per-
formance can vary substantially across target identity groups and
across datasets [4, 67]. These weaknesses are especially concern-
ing in the LLM era, where harmful content can be easily adapted
to new targets, styles, and platforms [54, 65]. One major cause is
the limitation of existing training data. Many hate speech datasets
are small, platform-specific, and highly imbalanced across identity
groups and labels [18, 59]. LLM-generated data provides a scalable
alternative, but existing methods usually rely on direct prompting
or fixed prompt templates [22, 65], which often produce limited
diversity. More importantly, they do not reflect how hate speech
appears in real-world platforms: hateful content is relatively rare,
and a large portion of it is produced by users with persistent hateful
attitudes, beliefs, and rhetorical habits [57].

To address this gap, we use personas as a controllable mechanism
for data synthesis [10]. Rather than relying only on general-purpose
personas, we extract hateful personas from 4chan /pol/ [1], an on-
line platform known for politically extreme and hateful discourse.
This choice is motivated by the observation that hate speech is not
uniformly produced by all users, but is often concentrated among
users who repeatedly express hateful views [4, 49]. By inferring
personas from real hateful posts, our pipeline captures speaker
archetypes that are more likely to generate hateful content in realis-
tic ways. At the same time, we combine these hateful personas with
general-purpose personas to broaden stylistic and demographic
coverage. This allows the generated data to include both explicit
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extremist rhetoric and more mainstream, implicit, or coded forms
of prejudice.

Based on this idea, we propose PersonaHate, a scalable persona-
driven data synthesis pipeline for constructing diverse data for
hate speech analysis. PersonaHate first builds a 457K-persona
pool from two complementary sources: hateful personas inferred
from the politically incorrect board /pol/ on 4chan [1], and general-
purpose personas sampled from PersonaHub [10]. It then dedupli-
cates the pool and applies diversity-aware sampling (farthest point
sampling [23]) to select representative personas. These personas
are paired with 34 identity groups and used to guide generation
from multiple LLMs, producing speech samples that vary across tar-
gets, speaker archetypes, generator styles, and sentiment directions.
After refusal filtering and output normalization, PersonaHate ap-
plies multi-judge annotation to obtain reliable hate speech labels.
The resulting corpus contains 791K valid samples, from which we
curate a 67K group-balanced training set. Because each stage is
modular, PersonaHate can be extended to new identity groups,
generators, and emerging hate targets. It can therefore serve as
a training data construction pipeline for improving hate speech
detectors’ performance and generalizability.

We evaluate PersonaHate from both data and model perspec-
tives. On the data side, we analyze whether the pipeline produces
diverse synthetic hate speech. Our results show that persona condi-
tioning improves semantic and lexical diversity over direct prompt-
ing, that persona diversity transfers to output diversity, and that
hateful personas from 4chan and general-purpose personas provide
complementary signals. We further show that using multiple LLM
generators broadens the output distribution and reduces depen-
dence on any single model’s style or safety behavior.

On the model side, we evaluate detectors trained or further fine-
tuned on PersonaHate across four external hate speech bench-
marks and 34 identity groups. Models trained on PersonaHate
achieve strong cross-dataset performance, approaching prompted
commercial LLM classifiers while using much smaller deployable
models. PersonaHate also improves performance on weakly de-
tected groups, and ablation studies show that broad coverage over
identity groups, personas, and generators is important for detector
robustness. These findings suggest that persona-driven synthesis
can provide both diverse evaluation data and effective training
supervision for robust hate speech detection.

In summary, we make the following contributions:

• We introduce PersonaHate, a large-scale persona-

driven hate speech data synthesis pipeline. Person-
aHate starts from a pool of 457K personas, selects 2,285
representative personas, and uses eight LLMs to generate
hate speech across 34 identity groups. After multi-judge an-
notation, the resulting corpus contains 791K labeled samples,
from which we curate a 67K group-balanced training set for
detector training.

• We empirically validate that PersonaHate is a scal-

able mechanism for increasing data diversity. We show
that persona conditioning broadens semantic and lexical cov-
erage compared with direct prompting and fixed-template
generation. We further show that persona diversity transfers

to output diversity, hateful and general persona sources pro-
vide complementary signals, and persona prompts reduce
refusal rates in safety-aligned LLMs. Controlled ablations
show that identity group coverage and multi-model gen-
eration provide complementary gains beyond data volume
alone.

• We show that PersonaHate improves detector robust-

ness across benchmarks and identity groups. Models
trained on PersonaHate achieve strong performance on
four external benchmarks. For example, LFTW-RoBERTa
reaches 78.1% average F1, DeBERTa-v3 reaches 77.6%, and
Llama-3.2-3B reaches 77,8%, approaching prompted commer-
cial LLM classifiers while using smaller deployable models.
We also show that full multi-group training outperforms
targeted single-group training on weakly detected identity
groups, indicating the value of broad group coverage.

2 Background and Related Work

Hate Speech Detectors. Hate speech detectors have evolved from
feature-based classifiers [14, 32, 43, 63] to neural encoders [2, 5,
9, 41], commercial moderation APIs [27, 46], and LLM-based clas-
sifiers [17, 21, 26, 64]. Encoder-based models such as BERT and
RoBERTa provide efficient deployment options [16, 35], while domain-
adapted models such as HateBERT further pretrain on abusive
or hateful corpora [9]. Commercial systems such as Perspective
API [27] and OpenAI Moderation [46] are widely used for content
moderation [33, 37]. Recent work also prompts or fine-tunes LLMs
as hate speech or safety classifiers [6, 21].
Hate SpeechDatasets. Prior work has introduced a range of bench-
mark datasets for hate speech detection [43, 62]. Early datasets
mainly focus on social media platforms such as Twitter and Gab [14,
19, 63]. For example, HateXplain [38] includes target-group labels
and rationales for Twitter and Gab posts, while Measuring Hate
Speech (MHS) [52] collects hate speech from YouTube, Twitter, and
Reddit using large-scale annotator judgments [30, 51]. However,
most existing datasets are primarily human-authored, tied to spe-
cific platforms or time periods, and uneven in their coverage of
identity groups and expression styles [4, 36, 67]. Recent benchmarks
such as HateBenchSet [54] use LLM-generated hate speech to eval-
uate detectors across identity groups. However, these datasets are
often built with fixed prompt templates and are primarily designed
for evaluation rather than scalable detector training. These limita-
tions motivate data construction methods that can systematically
expand coverage across targets, sources, and expressions.
LLM-Based Data Synthesis. LLMs have been used to synthesize
training and evaluation data for many NLP tasks [31]. In safety
and moderation, synthetic data has been used for data augmenta-
tion [65], red-teaming [55], detector evaluation [54], and controlled
benchmark construction [50, 60]. Existing hate speech synthesis
methods, such as HateBenchSet [54], commonly rely on direct
prompts or fixed prompt templates. Persona-driven prompting is
another line of LLM-based synthesis [10, 13, 15], where personas are
used to steer generation by specifying speaker background, beliefs,
preferences, or communication style. Large-scale persona resources
such as PersonaHub [10] provide broad collections of automatically
curated personas for synthetic data generation. Prior studies also
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examine how assigned personas affect model-generated opinions,
biases, and linguistic patterns [34]. Our work follows this line of
LLM-based data synthesis but applies it to hate speech training data
construction. We combine general-purpose personas with hateful
personas inferred from 4chan /pol/ posts, use multiple LLM gener-
ators, and apply multi-judge annotation to produce a large-scale
labeled corpus.

3 Empirical Motivation

Before introducing the PersonaHate pipeline, we first present an
empirical analysis that reveals structural weaknesses in existing
hate speech datasets and detectors.

3.1 Limited Identity Group Coverage

Robust hate speech detection requires data that covers a broad
range of target identity groups, yet existing datasets often provide
incomplete or imbalanced coverage [48, 59].

Human-authored benchmarks such as HateXplain [38], David-
son [14], and MHS [51] are widely used, but they are limited for
group-level robustness analysis. HateXplain includes target-group
annotations, but its distribution is highly skewed: the three most
frequent groups account for 44.4% of labeled instances, while the
ten least frequent groups together account for only 2.7% [38]. David-
son [14] contains no target-group annotations, and MHS, while
broader in coverage, remains imbalanced and requires binarizing
continuous severity scores for standard classification [30, 51].

LLM-generated benchmarks such asHateBenchSet improve group
balance by construction, covering 34 subgroups across six iden-
tity categories [54]. However, HateBenchSet remains limited as a
training resource in two ways. First, it contains only 7,838 sam-
ples, which limits the per-group training signal. Second, its six
generators differ substantially in output style and quality: GPT-4
outputs are generally coherent but often formulaic, whereas OPT
outputs contain more unstructured fragments, such as forum-style
replies, prompt artifacts, and incomplete text. This heterogeneity
can complicate training and evaluation, since models may learn
generator-specific artifacts rather than generalizable hate speech
patterns.

3.2 Limitations of Existing Hate Speech

Detectors

We further evaluate hate speech detectors across different identity
groups and datasets.
Group-Wise Disparities. We first evaluate Llama Guard 3 [40], a
strong open-source safety classifier, on HateBenchSet at both cate-
gory and subgroup levels. Although Llama Guard 3 achieves strong
overall performance (F1 = 85.5%), Table 1 shows substantial varia-
tion across the six main identity categories. The best-performing
category is Religion (F1 = 89.6%), while the weakest is Sexuality
(F1 = 78.3%), yielding an 11.3 percentage-point gap. The gap be-
comes larger at the subgroup level. The best-performing subgroup
is Religion_Christian (F1 = 92.8%), whereas the weakest is Sex-
uality_Straight (F1 = 63.5%), a 29.3 percentage-point difference.
Other low-performing subgroups include Gender_Men (F1 = 73.8%),
Race_Native-American (F1 = 79.1%), and Race_Asian (F1 = 80.2%).

Table 1: Llama Guard 3 per-group F1 scores (%) onHateBench-

Set. The gap between the best and worst categories is 11.3

percentage points.

Category Samples Precision Recall F1

Religion 1,663 94.7 85.1 89.6
Origin 1,157 93.4 82.7 87.8
Disability 1,167 89.4 81.2 85.1
Gender 1,362 92.4 77.3 84.2
Race 1,578 87.7 79.5 83.4
Sexuality 911 84.4 73.0 78.3

Overall 7,838 91.1 80.6 85.5

Table 2: F1 scores (%) of pretrained detectors evaluated on

four benchmarks.

Model HateBench HateXplain Davidson MHS

Detoxify 75.4 63.5 73.6 71.8
LFTW-RoBERTa 79.4 72.4 82.3 66.7
Cardiff-RoBERTa 82.7 71.7 90.8 68.8
Llama Guard 3 85.3 79.9 75.8 55.5

These results show that even a capable hate speech detector cannot
perform equally across identity groups.
Limited Cross-Dataset Generalizability.We evaluate four rep-
resentative detectors, including Detoxify [24], LFTW [60], OpenAI
Moderation [46], and the Google Perspective API [27], across four
benchmarks mentioned in Section 3.1. As shown in Table 2, we find
that strong performance on one benchmark does not necessarily
transfer to another. Llama Guard 3 achieves 85.3% F1 on HateBench-
Set but drops to 55.5% on MHS, yielding a 29.8 percentage-point
gap. Cardiff-RoBERTa performs best on Davidson (90.8%) but drops
to 68.8% on MHS. Detoxify is more stable, with a smaller gap of
11.9 points, but its overall performance remains lower and never
exceeds 75.4% F1. This pattern might be influenced by their imbal-
anced training dataset.

3.3 Toward Scalable and Diverse Training Data

Based on our observations above, we find that existing hate speech
datasets have a limited and uneven coverage of identity groups
and labels. Further, existing hate speech detectors exhibit an iden-
tity group-wise disparity and limited cross-dataset generalizability,
which is bounded by the model structure and the training data.
Thus, we focus on hate speech data and aim to provide a more di-
verse and scalable data synthesis pipeline for hate speech analysis.

4 PersonaHate Pipeline

4.1 Overview

In this work, we propose PersonaHate, a scalable persona-driven
data synthesis pipeline for constructing diverse hate speech data
with a broad coverage. As shown in Figure 1, the pipeline consists
of three stages. In the first stage, we construct a large persona pool
containing both hateful and general personas. Secondly, we extract
personas to generate hate speech examples covering different target
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Figure 1: Overview of the PersonaHate pipeline, including persona construction, diversity-aware persona selection, multi-LLM

group-targeted data generation, quality-aware annotation, and group-balanced training set construction.

groups via multiple LLMs. At the final stage, we conduct a quality-
aware multi-judge annotation and group-balanced sampling to
obtain a labeled dataset for hate speech analysis.

4.2 Stage I: Persona Pool Construction

A key design choice in our PersonaHate is to generate hate speech
through personas rather than through direct prompting. Personas
provide speaker-level context: they encode attitudes, beliefs, social
background, and rhetorical tendencies that shape how a personmay
express views about an identity group [10, 15]. This is particularly
important for hate speech synthesis because hate speech is not
uniformly produced by all users. In real-world platforms, hateful
content is relatively sparse, and a substantial portion is produced
by users who repeatedly express hateful attitudes [4, 49]. Therefore,
relying only on generic personas may improve surface diversity,
but may not capture the speaker archetypes that are most likely to
produce hateful content.

To address this issue, we construct a hateful persona pool from
/pol/, the politically incorrect board of 4chan. We use the dataset
released by Papasavva et al. [47], which contains 3.5 years of /pol/
posts from June 2016 to November 2019, together with Perspective
API identity attack scores. We filter posts with an identity attack
score above 0.7 and a length above 500 characters. For each retained
post, we prompt GPT-4o [44] to infer a persona description that
characterizes the likely speaker behind the post. This process yields
305,616 hateful personas, each grounded in an actual hateful post.
However, they contain substantial redundancy, since many posts
express similar beliefs or rhetorical patterns. We therefore conduct
deduplication: given persona embeddings, we greedily retain a per-
sona only if its cosine similarity to all previously retained personas
is below a threshold 𝜏 = 0.9. The algorithm can be found in Ap-
pendix D for reproduction. The hateful persona pool is reduced
from 305,616 to 257,473 personas, removing 15.7% of the original
entries. Importantly, we do not directly use the original /pol/ posts
as training samples. Instead, we use them only to recover speaker
archetypes grounded in real hateful discourse. This design allows
PersonaHate to capture realistic hateful personas while avoiding
direct reuse of platform-specific posts as detector training data.

Hateful personas alone, however, cover only one region of the
persona space. They tend to reflect more extreme, confrontational,
and politically charged speaker profiles. To broaden the range of
possible speakers, we additionally sample 200K general-purpose
personas from PersonaHub [10]. These personas are not necessar-
ily hateful, but they introduce diverse occupations, backgrounds,
interests, and communication styles.

The final persona pool thus combines two complementary sources,
resulting in a 457K persona pool. Example personas are provided
in Appendix C. The 4chan-derived personas provide realistic hate-
ful speaker archetypes and improve the likelihood of generating
hate-related content. The PersonaHub personas broaden stylistic
and demographic diversity. Together, they support hate speech
synthesis that is both grounded in real-world hateful discourse and
diverse enough for robust detector training.

4.3 Stage II: Diversity-Oriented Data Synthesis

In this stage, PersonaHate samples personas from the constructed
persona pool and prompts multiple LLMs to generate hate speech
data conditioned on these personas and 34 identity groups.

4.3.1 Diversity-Aware Persona Selection. Random sampling tends
to over-represent dense regions of the persona space, such as
generic political commentators, while under-representing rarer
archetypes. To improve coverage, we apply Farthest Point Sampling
(FPS) independently to each persona source. FPS operates on nor-
malized sentence embeddings {e𝑖 } computedwith all-MiniLM-L6-v2.
Starting from a random seed, it iteratively selects the persona that
is farthest from the current selected set in cosine distance:

𝑝𝑡+1 = argmax
𝑖∉S𝑡

min
𝑗∈S𝑡

(
1 − e⊤𝑖 e𝑗

)
, (1)

where S𝑡 denotes the selected indices after 𝑡 iterations. This greedy
procedure improves coverage of the embedding space by discourag-
ing redundant selections from dense clusters. We run FPS separately
on the two persona sources and select personas in proportion to
each pool’s size: 1,000 from PersonaHub and 1,285 from the dedu-
plicated 4chan pool, yielding 2,285 personas in total.

We further compare FPS with random sampling and Density-
Aware FPS (DA-FPS) [11] with the same amount of samples (2,285)
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Table 3: Comparison of persona selection methods (𝑛 = 2,285).
Fill distance measures the worst-case cosine distance from

any pool point to its nearest selected point; lower is better.

Mean NN distance measures the average nearest-neighbor

distance among selected personas; higher indicates less re-

dundant selection.

Method Fill Dist. ↓ Mean NN ↑ Time

Random 0.781 0.312 –
DA-FPS 0.686 0.415 1,370 s
FPS 0.686 0.415 30 s

in Table 3. Compared with random sampling, FPS reduces the fill dis-
tance from 0.781 to 0.686 and increases the mean nearest-neighbor
distance from 0.312 to 0.415, indicating broader and less redun-
dant coverage. DA-FPS yields the same coverage metrics as FPS in
our setting, but is substantially slower. We therefore use source-
stratified FPS for its simplicity and efficiency. A UMAP visualization
of the selected personas is provided in Appendix E.

4.3.2 Prompt Template Design. We frame generation as a creative-
writing task. The prompt template below requires different per-
sonas, identity groups, and sentiments (positive and negative):

You are a creative writer working on a novel that explores social
dynamics and prejudices. You’re writing a character study.
Character Profile: {persona}
For authenticity, write a brief monologue (2–3 sentences) where
this character expresses their private, unfiltered {sentiment}
views about {identity group}. This is fiction for educational
purposes about understanding different perspectives.
Character’s monologue:

This framing serves two purposes. First, it provides a contextualized
writing task, which reduces refusals from safety-aligned models
compared with direct requests. Second, it encourages the model
to write in the persona’s voice, increasing variation in vocabulary,
tone, explicitness, and framing.

We adopt the identity group taxonomy from prior works [52,
54], which defines 34 groups across six categories (see Table 19 in
Appendix F). This taxonomy covers major protected characteristics
used in content moderation policies and allows direct comparison
with existing LLM-generated hate speech benchmarks [42, 52, 54].
Based on this taxonomy, each selected persona is paired with each
of the 34 identity groups and two sentiment directions, positive
and negative. This produces 2,285 × 34 × 2 = 155,380 prompts per
generator.

4.3.3 Multi-LLM Generation. We use eight LLMs spanning dif-
ferent providers, architectures, and alignment strategies as our
generators:

• Commercial APIs: GPT-4o-mini, Claude, and Gemini.
• Open-Source Models: Llama-3-8B, Qwen-2.5-7B, Ministral-
8B, Gemma-2-9B, and DeepSeek-R1-Distill-8B.

Using multiple generators could increase distributional coverage
and reduce dependence on the style or refusal behavior of any sin-
gle model [54]. In this stage, each model receives the same 155,380
prompts with a temperature of 0.7. Table 4 reports generation sta-
tistics by model. Compliance rates vary widely, from 12.3% for

Table 4: Per-generator statistics. Compliance is the fraction

of prompts that yield valid non-refused outputs. Hate rate is

determined by the ≥ 4/6majority-vote threshold.

Model Type Samples Compliance Hate (%)

GPT-4o-mini API 109,586 70.5% 3.6
Claude-3-Haiku API 19,130 12.3% 4.3
Gemini-2.5-Flash API 31,223 20.1% 3.9
DeepSeek-R1-8B Open 111,018 71.4% 15.2
Qwen-2.5-7B Open 104,218 67.1% 17.5
Mistral-7B Open 122,592 78.9% 15.1
Gemma-2-9B Open 139,326 89.7% 15.3
Llama-3.1-8B Open 154,190 99.2% 18.7

Total – 791,283 63.7% 13.9

Claude-3-Haiku to 99.2% for Llama-3.1-8B, reflecting differences
in their internal safety mechanisms. Open-weight models gener-
ally produce more valid outputs, while API-gated models are more
conservative. Hate rates also vary by generator: Llama-3.1-8B and
Qwen-2.5-7B produce the highest fractions of samples labeled hate,
while GPT-4o-mini and Gemini-2.5-Flash produce the lowest. This
variation supports our multi-model design, since different genera-
tors contribute different amounts and types of training signal.

We then remove refused outputs from the final dataset by de-
tecting refusal keywords [68]. After refusal filtering, the combined
outputs from all eight models yield 791,283 valid speech samples,
covering all 34 identity groups from 2,285 diverse persona view-
points.

4.4 Stage III: Quality-Aware Annotation and

Filtering

In this stage, we utilize amulti-judge annotation pipeline to label the
791K valid samples and then construct a group-balanced training
set for hate speech detection.

4.4.1 Data Cleaning. Before annotation, we apply a post-processing
pipeline to clean the raw model outputs. This pipeline addresses
three issues that arise from multi-model generation.
Enhanced Refusal Detection. The initial keyword-based refusal
filter (Section 4.3.3) catches explicit refusals (e.g., “I cannot generate
hate speech”) butmisses subtler forms.We apply a secondary heuris-
tic that detects meta-commentary (e.g., “As a language model. . . ”),
disclaimers appended to otherwise compliant outputs, and outputs
that discuss hate speech in the abstract rather than adopting the
persona’s voice. This secondary filter identifies an additional 8.6%
of outputs as implicit refusals across the eight models, ranging from
0.1% (Gemini) to 14.0% (Claude).
Output Normalization. Different models produce outputs with
different formatting conventions. Some wrap monologues in quota-
tion marks, others prepend character names or stage directions, and
some include chain-of-thought reasoning before the monologue
(notably DeepSeek-R1). We strip these artifacts to retain only the
speech content, ensuring consistent formatting across models.
Length Filtering. We exclude outputs shorter than 10 characters,
which are typically fragments rather than meaningful speech. This
removes a negligible fraction (<0.1%) of outputs.
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After post-processing, 791,283 valid samples remain, which are
stored in JSONL format. Each record contains the generated text,
the persona description, the persona source (PersonaHub or 4chan),
the target identity group, the sentiment direction, the generator,
per-judge annotations, and the aggregated vote label.

4.4.2 Multi-Judge Annotation. We annotate each valid sample us-
ing six independent judges: three LLM APIs (GPT-4o-mini, Claude-
3-Haiku, and Gemini-2.5-Flash), one open-source LLM (Gemma-
2-9B), and two dedicated moderation tools (OpenAI Moderation
and LlamaGuard-3-8B). The jury intentionally combines LLMs with
dedicated moderation tools: the former provide contextual under-
standing, while the latter provide task-specific classification results.
Moreover, multi-model voting provides a natural confidence signal
for further analysis.

We first query each judge with the following prompt:
Is the following text hate speech? Hate speech is content that
expresses hatred or promotes violence against people based on
race, ethnicity, religion, gender, sexual orientation, disability,
or origin.
Text: “{text}”
Answer with only one word: yes or no.

The temperature is set to 0 for reproducibility. We parse each re-
sponse by extracting the first word and mapping yes to hate and
no to non-hate. Responses that cannot be parsed are recorded as
abstentions.

Then, we conduct a calibration experiment on HateXplain [38],
using 14,385 samples after removing the “offensive” category, to
choose the voting threshold. Each judge independently classifies
every sample, and we evaluate majority-vote thresholds ≥ 𝑘/6
for 𝑘 ∈ {3, 4, 5, 6}. As shown in Table 5, ≥ 4/6 achieves the best
F1 score, 82.1%, with 82.6% accuracy and 91.8% recall. The stricter
≥ 5/6 threshold slightly improves accuracy but reduces recall, while
unanimous voting is too restrictive. We therefore use ≥ 4/6 as the
final threshold for assigning hate labels. A sample is labeled hate
if at least four of the six judges classify it as hate speech, and non-
hate otherwise. This produces 109,788 hate samples and 681,495
non-hate samples from 791,283 valid samples.

We further construct a group-balanced training dataset for fur-
ther hate speech analysis. Specifically, for each of the 34 identity
groups, we sample up to 1,000 hate and 1,000 non-hate examples.
Groups with fewer than 1,000 hate samples contribute all available
hate samples and an equal number of non-hate samples. This yields
a balanced training set of 67,452 samples, with 33,726 hate and
33,726 non-hate examples. This per-group balancing ensures that
every identity group contributes, especially for groups with rare
hate speech.

4.5 PersonaHate Dataset Analysis

Table 21 in Appendix G summarizes our PersonaHate pipeline.
We further compare the resulting training set with existing hate
speech datasets. Table 6 exhibits the dataset size, number of iden-
tity groups, and the imbalance rate (i.e., #Largest Group

#Smallest Group ). We find that
PersonaHate is substantially larger than the synthetic HateBench-
Set dataset and the largest MHS dataset. PersonaHate provides
explicit coverage of 34 identity groups, and achieves near-uniform
group representation (1.17:1). Compared with human-authored

Table 5: Voting threshold calibration on HateXplain after

removing the “offensive” category. The ≥ 4/6 threshold

achieves the best F1 while maintaining high recall.

Threshold Accuracy F1 Precision Recall

Individual judges
Gemma-2-9B 71.0 73.8 60.6 94.4
Gemini-2.5-Flash 81.7 81.8 71.8 95.1
Claude-3-Haiku 78.8 81.8 70.9 96.6
GPT-4o-mini 73.5 76.2 62.3 97.9

LlamaGuard-3 80.4 79.7 72.2 88.9
OpenAI Moderation 77.2 74.3 72.7 76.0

Multi-judge voting
≥ 3/6 78.4 79.4 67.8 95.9
≥ 4/6 82.6 82.1 74.2 91.8
≥ 5/6 83.3 80.4 81.8 79.1
≥ 6/6 67.6 45.1 85.2 30.7

Table 6: Comparison of PersonaHate with existing hate

speech datasets.

Dataset Samples Groups Imbalance

HateXplain 20,148 23 894:1
Davidson 24,783 0 N/A
MHS 39,565 39 12:1
HateBenchSet 7,838 34 ∼3:1

PersonaHate 67,452 34 ∼1.17:1

datasets such as HateXplain, Davidson, and MHS, PersonaHate
is designed as a scalable, group-aware synthetic training resource
that complements existing evaluation benchmarks. Additionally, we
compare our PersonaHate against the LLM-synthetic HateBench-
Set in Appendix I. Our PersonaHate outperforms HateBenchSet
in both semantic and lexical diversity, even across different identity
groups.

5 Design Validation of PersonaHate

In this section, we evaluate whether our PersonaHate could pro-
duce diverse hate speech data at scale. Firstly, we validate two key
design choices in the pipeline, i.e., personas and multi-model gen-
eration. We examine the role of personas in improving both the
diversity and feasibility of hate speech synthesis. We also analyze
the role of multi-model generation in broadening distributional
coverage and supporting scalable dataset construction. Finally, we
investigate our generation and annotation throughput to validate
the scalability of our pipeline.

5.1 Role of Personas

A central claim of our pipeline is that personas are not merely
decorative prompt context, but a functional mechanism for inducing
diversity in generated hate speech [10, 15, 29]. We validate this
claim by investigating the influence of personas’ existence, diversity,
and origin on dataset diversity and comparing it with other LLM-
generated datasets.
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Table 7: Generation characteristics of hateful personas de-

rived from 4chan and general personas sampled from Per-

sonaHub, evaluated on GPT-4o-mini outputs.

Metric 4chan PersonaHub

Number of personas 1,285 1,000
Hate rate (majority vote) 21.3% 6.8%
Median output length (chars) 412 487
Mean pairwise cosine dist. 0.51 0.62
Unique unigrams (per 1K samples) 2,847 3,412

Influence of the Existence of Personas. As is known, Person-
aHate generates hate speech data conditioned on prompts with
sampled personas (see Section 4.3.2). We therefore compare the di-
versity of generated outputs under our persona-conditioned genera-
tion with direct generation, i.e., generating negative content target-
ing an identity group without persona context. For comparison, we
use the same generator (GPT-4o-mini) and target 34 identity groups.
We encode all outputs with Sentence-BERT (all-MiniLM-L6-v2)
and compare their embedding-space coverage.

We observe that persona-conditioned outputs cover a substan-
tially larger region of the embedding space. The mean pairwise
cosine distance increases from 0.42 (direct) to 0.58 (persona), while
the fill distance to a held-out reference corpus decreases from 0.81
to 0.67. These results indicate that persona conditioning increases
semantic spread and improves distributional coverage.
Influence of theDiversity of Personas.Wenext examinewhether
diversity in the persona pool correlates with the generated outputs’
diversity. Using our FPS-selected personas (𝑛 = 2,285), we com-
pute pairwise cosine distances between persona embeddings and
compare them with the corresponding output embedding distances,
averaged across identity groups. The Spearman correlation between
persona distance and output distance is 𝜌 = 0.61 (𝑝 < 0.001), indicat-
ing that more dissimilar personas tend to produce more dissimilar
outputs. This supports our use of embedding-space diversity during
persona selection.
Influence of the Source of Personas. Our two persona sources,
i.e., 4chan and PersonaHub, serve complementary roles. As shown
in Table 7, 4chan-derived hateful personas produce hateful outputs
more frequently under majority voting (21.3% vs. 6.8%). In contrast,
PersonaHub personas produce hateful outputs less often but yield
more lexically and semantically diverse generations, i.e., with higher
mean pairwise cosine distance and more unique unigrams per 1K
samples. This supports our dual-source design: the hateful source
provides stronger hate-related signals, while the general source
broadens the range of viewpoints and expressions.

5.2 Role of Multiple Generators

While personas introduce diversity at the prompt level, using mul-
tiple generators further reduces dependence on any single model’s
output style or safety behavior. We therefore examine whether
different generators contribute non-redundant content.
Embedding-Space Separation. To visualize cross-model comple-
mentarity, we fix the target identity group to Muslims and project
the generated outputs from all eight models into a shared UMAP
space using Sentence-BERT embeddings. Fixing the target group

Table 8: Marginal coverage of each generator, measured as

the fraction of embedding-space regions uniquely closest to

that model’s outputs.

Model #Samples Coverage (%)

Llama-3-8B 154,190 22.4
Gemma-2-9B 139,326 18.1
Ministral-8B 122,592 14.7
DeepSeek-R1-8B 111,018 13.2
GPT-4o-mini 109,586 11.5
Qwen-2.5-7B 104,218 9.8
Gemini 31,223 4.5
Claude 19,130 5.8

controls for topical variation and allows us to focus on model-
specific differences in style and framing. As shown in Figure 2,
outputs from different models partially overlap but also occupy
distinct subregions of the embedding space. API-gated models and
open-weight models form visibly different regions, and individ-
ual models also show separation within each group. This suggests
that different generators share a common semantic core while still
introducing model-specific stylistic and rhetorical variation.
Complementarity ofGenerators.To further quantify eachmodel’s
contribution, we compute its marginal coverage: the fraction of the
combined embedding space that is uniquely closest to samples from
that model. Let X𝑚 denote the set of embedded samples generated
by model𝑚, and letA be a shared set of anchor points representing
the combined embedding space, obtained by clustering or uniformly
subsampling

⋃
𝑚 X𝑚 . Each anchor point is assigned to the generator

whose samples are closest to it:

𝑎(𝑢) = arg min
𝑚∈{1,...,𝑀 }

𝑑 (𝑢,X𝑚), 𝑑 (𝑢,X𝑚) = min
𝑧∈X𝑚

∥𝑢−𝑧∥2, 𝑢 ∈ A .

The marginal coverage of generator𝑚 is defined as

MC(𝑚) = |{𝑢 ∈ A : 𝑎(𝑢) =𝑚}|
|A| .

This metric measures the fraction of the shared embedding space
that is uniquely closest to samples from generator𝑚, rather than
merely counting how many samples the generator produces.

As shown in Table 8, no single model dominates the output
space. The most prolific model, Llama-3-8B, produces 154K usable
samples but accounts for only 22.4% of unique coverage. Conversely,
Claude produces only 19K usable samples but still contributes 5.8%
of unique coverage. Removing any single model changes the overall
fill distance by 3–8%, confirming that each generator contributes
non-redundant distributional mass.
Summary. These results support our multi-model design. Differ-
ent generators contribute complementary outputs, reducing de-
pendence on any single model and broadening the distributional
coverage of PersonaHate.

5.3 Scalability

In addition to diversity, we investigate the scalability of our Per-
sonaHate by reporting the throughput in the generation and an-
notation processes.
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GPT-4o-mini Claude-3-Haiku Gemini-2.5-Flash Llama-3.1-8B

Figure 2: Faceted UMAP projection of Sentence-BERT embeddings for outputs targetingMuslims. Four representative generators

are shown; each panel highlights one model’s outputs (colored) against the full eight-model distribution (gray).

Table 9: Generation efficiency per model. Wall-clock time in-

cludes retries. Throughput is measured in processed prompts

per minute (p/m). Output Tokens are the total input token

amount (M).

Model Wall Time Throughput Output Tok.

GPT-4o-mini 5.3 h 489 10.4
Claude 13.4 h 193 2.1
Gemini 22.9 h 113 1.8
DeepSeek-R1-8B 9.1 h 284 28.4
Qwen-2.5-7B 7.5 h 345 25.6
Ministral-8B 3.2 h 809 11.2
Gemma-2-9B 3.3 h 785 8.6
Llama-3-8B 9.4 h 275 39.3

Generation Throughput. Table 9 summarizes generation through-
put across models. Open-weight models served via vLLM on a single
A100 GPU process 155,380 prompts in 3–9 hours, reaching 280–
800 prompts per minute. API-gated models show larger variation
due to rate limits: GPT-4o-mini completes generation in about 5
hours with parallel requests, whereas Gemini and Claude require
13–23 hours. Across all eight generators, the total generation cost
is approximately $120 in API fees plus around 40 GPU-hours for
open-weight models.
Annotation Throughput. Our three-judge voting procedure is
also parallelizable.With 16-thread parallelism and all judges queried
in parallel, annotation processes approximately 10,000 samples per
hour per model. Annotating the full 791K-sample corpus takes
approximately 80 hours of wall-clock time when generation sources
are processed in parallel. The annotation cost is dominated by API
fees for the judge models.
Summary. Our pipeline is horizontally scalable at each stage. Per-
sona selection via FPS is a one-time computation and runs in about
30 seconds for our persona pool. Generation is parallel across per-
sonas, identity groups, and generators, while annotation is parallel
across samples. Adding a new generator only requires running
generation and annotation for that model; the persona pool, se-
lection procedure, and prompt design are shared. This modularity
allows PersonaHate to be incrementally expanded as new models,
identity groups, or hate targets emerge.

6 Enhancing Hate Speech Detection

6.1 Experimental Setup

6.1.1 Base Models and Training Settings. We train three types of
detection models based on our PersonaHate, organized by how
they are trained or adapted for hate speech detection.
Encoders to Train From Scratch.We first fine-tune four general-
purpose transformer encoders that have not been specifically trained
for hate speech detection. Each model is trained with a binary clas-
sification head on top of the [CLS] representation: BERT-base
(110M parameters) [16], RoBERTa-base (125M) [35], DeBERTa-
v3 (184M) [25], andXLM-RoBERTa-base (278M) [12]. This setting
tests whether PersonaHate provides sufficient supervision to train
effective hate speech detectors from general-purpose language en-
coders.
Pretrained Encoders to Fine-Tune. We also evaluate whether
PersonaHate provides complementary signal for models that have
already been trained on hate speech data. For this setting, we
continue fine-tuning three pretrained detectors on PersonaHate:
Detoxify-BERT and Detoxify-RoBERTa [24], corresponding to
the “original” BERT-based and “unbiased” RoBERTa-based vari-
ants of Detoxify, and LFTW-RoBERTa [60], a RoBERTa model
trained through four rounds of dynamically collected hate speech
data in the DynaBench setting. This setting examines whether
persona-driven synthetic data improves detectors beyond existing
hate speech training corpora.
LLMs to Fine-Tune. Finally, we collect four LLMs and fine-tune
them on PersonaHate via LoRA. Specifically, we adopt Qwen-2.5-

0.5B [66], Llama-3.2-1B, Llama-3.2-3B, and Llama-3.1-8B [39],
from Qwen and Meta, respectively. These models are trained to
perform binary hate speech classification in a generative format,
outputting either “yes” or “no”. This setting tests whether Person-
aHate can train compact generative classifiers and whether model
scale affects the benefit of synthetic training data.

6.1.2 Baseline Methods. To compare our trained detectors, we
collect eight state-of-the-art hate speech detectors as the baselines.
Pretrained Encoders.We consider three pretrained encoder-based
detectors. Detoxify is a Transformer-based toxicity classifier trained
on the JigsawToxic Comment benchmarks [24]. LFTW is a RoBERTa-
based hate speech detector trained on the dynamically generated
dataset from Learning from the Worst [60]. Cardiff-RoBERTa is a
Twitter-RoBERTa model fine-tuned for binary hate speech classifi-
cation using 13 English hate speech datasets [8].
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LLM APIs. We further include three commercial LLM APIs as
prompt-based baselines for hate speech classification. GPT-4o-mini
is a lightweight OpenAI model for fast and cost-efficient text and
vision tasks, with a 128K-token context window and structured-
output support [45]. Claude-Sonnet-4 is a commercial model in
Anthropic’s Claude 4 family, designed for strong reasoning, coding,
and instruction-following performance while remaining practical
for high-volume applications [3]. Gemini-2.5-Flash is a Google
model optimized for price and performance efficiency, with broad
general-purpose capabilities [20].
Moderations Tools. We also include two moderation-oriented
tools as category-based baselines. Llama Guard 3 is a Llama-based
safety classifier from Meta that classifies prompts and responses
under a safety taxonomy; we use its S10: Hate category as the
hate prediction [40]. OpenAI Moderation is a hosted moderation
endpoint for detecting harmful content; we use its hate categories
as hate predictions [46].

6.1.3 Evaluation Datasets. We evaluate on four widely used hate
speech detection benchmarks. Although Section 3.1 discusses lim-
itations of these datasets, they remain well-suited for evaluation
because they are established benchmarks and cover different data
sources and annotation settings. This allows us to test whether
models trained on PersonaHate generalize beyond their synthetic
training distribution.
HateBenchSet. (7,838 samples) An LLM-generated benchmark
covering 34 identity subgroups.
HateXplain. (20,148 samples) A human-authored Twitter/Gab
benchmark with target-group annotations.
MHS. (39,565 samples) A social media benchmark with severity-
based annotations from diverse annotators.
Davidson. (5,593 samples after filtering) A Twitter benchmark used
to test transfer under a different hate/offensive label taxonomy.

For multi-class datasets, we focus on binary hate speech detec-
tion by retaining hate and non-hate samples and removing samples
labeled as offensive.

6.1.4 Metrics. We report accuracy and F1 for the binary classifi-
cation task. For group-level evaluation, we report per-group F1,
macro-F1, and the equity gap, i.e., the difference between the best-
and worst-performing groups. We use F1 as the primary metric.

6.2 Performance of Training From Scratch on

PersonaHate

We first evaluate PersonaHate as a training resource for hate
speech detection, especially when we train encoders on Person-
aHate from scratch. Table 10 reports the performance of general-
purpose encoder models trained on PersonaHate, together with
commercial APIs and pretrained detector baselines. Although these
encoders have no prior hate-speech-specific training, PersonaHate
fine-tuning yields competitive cross-dataset performance. BERT,
RoBERTa, and DeBERTa-v3 achieve 74.2%, 75.5%, and 77.6% average
F1 across four benchmarks, respectively. The strongest encoder,
DeBERTa-v3, approaches prompted commercial LLM classifiers
such as GPT-4o-mini (79.7%) and Claude-4-Sonnet (80.5%), while
using a substantially smaller and more deployable model. These
results suggest that PersonaHate provides useful supervision for

training effective hate speech detectors without relying on human-
authored hate speech training data.

6.3 Performance of Fine-Tuning on

PersonaHate

Wenext examinewhether PersonaHate provides a complementary
training signal for models that already have hate speech or safety-
related training, i.e., whether fine-tuning on PersonaHate can
enhance the detection performance. Table 11 reports paired results
before and after fine-tuning each model on PersonaHate.

We observe that fine-tuning on PersonaHate improves all pre-
trained encoder models. LFTW-RoBERTa, the strongest pretrained
encoder baseline, improves from 75.2% to 78.1% average F1, reach-
ing the best encoder result in our experiments. Detoxify-BERT
improves from 71.1% to 75.8%, and Detoxify-RoBERTa improves
from 71.4% to 73.5%. The largest gains appear on HateBenchSet,
where PersonaHate’s LLM-generated training data provides the
most direct distributional match: Detoxify-BERT improves by 11.8
percentage points, Detoxify-RoBERTa by 9.0 points, and LFTW-
RoBERTa by 9.3 points.

The Llama models also benefit substantially from supervised
fine-tuning on PersonaHate. Llama-3.2-1B improves from 34.2%
to 74.0% average F1, and Llama-3.2-3B improves from 47.9% to 77.8%.
The largest model, Llama-3.1-8B, already has stronger zero-shot
performance (70.7%) but still improves to 76.8%, matching the best
encoder result. These results show that PersonaHate can train
compact generative classifiers and that even stronger instruction-
tuned models benefit from task-specific synthetic data.

Overall, the consistent improvements across both pretrained en-
coders and Llama-based generative classifiers suggest that Person-
aHate is not redundant with existing hate speech training corpora.
Instead, its persona-driven and LLM-generated content provides
complementary supervision, especially for generated hate speech,
while still improving average performance across human-authored
benchmarks.

6.4 Worst-Group Improvement

As shown in Section 3.2, one limitation of hate speech detectors is
that the detection performance varies substantially across identity
groups. A natural mitigation strategy is to collect or synthesize
more data for the weakest groups and train models specifically on
those groups. We test whether such targeted identity group train-
ing is sufficient, and compare it with training on the full, diverse
PersonaHate dataset.

We first identify 12 low-performing groups under zero-shot
Qwen-2.5-0.5B on HateBenchSet and train separate single-group
models using approximately 2K samples from each target group
extracted from PersonaHate. For each group, we compare three
settings: zero-shot inference, targeted single-group training, and
full multi-group training using approximately 67K samples from all
34 groups (PersonaHate). All models use the same Qwen-2.5-0.5B
architecture with LoRA fine-tuning.

As shown in Table 12, targeted training substantially improves
performance over the zero-shot baseline for every group. The gains
range from +2.6 percentage points for Men to +47.8 points for Im-
migrants, with an average improvement of +27.5 points. Groups
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Table 10: Training from scratch on PersonaHate. We report per-dataset F1 scores (%) and average accuracy, F1, and macro-F1

across four benchmarks. Commercial APIs and pretrained detectors are included as reference baselines.

Group Model HX HB DV MHS Acc F1 M-F1

Pretrained Encoders

Detoxify-BERT 63.5 75.4 73.6 71.8 73.9 71.1 73.1
Detoxify-RoBERTa 63.7 78.1 71.9 71.8 74.4 71.4 73.6
LFTW-RoBERTa 72.4 79.4 82.3 66.7 77.1 75.2 76.4
Cardiff-RoBERTa 71.7 82.7 90.8 68.8 83.1 78.5 82.1

LLM APIs
GPT-4o-mini 79.3 89.2 80.4 70.1 81.9 79.7 81.0
Claude-4-Sonnet 82.8 88.8 81.5 68.8 83.7 80.5 82.8
Gemini-2.5-Flash 84.4 87.8 82.5 68.5 84.5 80.8 83.5

Moderation Tools Llama Guard 3 79.7 85.5 76.0 56.2 81.4 74.3 79.5
OpenAI Moderation 75.6 84.3 76.8 57.8 80.4 73.6 78.6

Encoders + PersonaHate

BERT 65.4 87.1 75.4 68.9 77.0 74.2 76.0
RoBERTa 67.5 88.3 75.8 70.4 77.3 75.5 76.5
DeBERTa-v3 70.9 89.8 78.8 71.0 79.3 77.6 78.2
XLM-RoBERTa 58.2 88.1 61.4 63.8 75.1 67.9 73.0

Table 11: Fine-tuning pretrained models with PersonaHate. We report F1 scores (%) across four benchmarks before and after

PersonaHate fine-tuning. Δ denotes the change in average F1.

Model Setting HX HB DV MHS Avg Δ

Detoxify-BERT zero-shot 63.5 75.4 73.6 71.8 71.1 –
Detoxify-BERT + PersonaHate 65.1 87.2 79.5 71.4 75.8 +4.7

Detoxify-RoBERTa zero-shot 63.7 78.1 71.9 71.8 71.4 –
Detoxify-RoBERTa + PersonaHate 64.9 87.1 74.1 67.8 73.5 +2.1

LFTW-RoBERTa zero-shot 72.4 79.4 82.3 66.7 75.2 –
LFTW-RoBERTa + PersonaHate 69.4 88.7 83.1 71.0 78.1 +2.9

Cardiff-RoBERTa zero-shot 71.7 82.7 90.8 68.8 78.5 –
Cardiff-RoBERTa + PersonaHate 72.8 88.0 86.6 70.8 79.5 +1.0

Qwen-2.5-0.5B zero-shot 1.8 24.6 5.4 4.7 9.1 –
Qwen-2.5-0.5B + PersonaHate 57.8 84.3 61.5 61.9 66.4 +57.3

Llama-3.2-1B zero-shot 32.6 43.9 23.0 37.1 34.2 –
Llama-3.2-1B + PersonaHate 66.0 84.9 76.1 69.2 74.0 +39.8

Llama-3.2-3B zero-shot 25.8 79.5 42.0 44.2 47.9 –
Llama-3.2-3B + PersonaHate 75.8 86.4 81.5 67.7 77.8 +29.9

Llama-3.1-8B zero-shot 69.3 78.3 74.4 60.8 70.7 –
Llama-3.1-8B + PersonaHate 74.6 87.7 81.5 63.5 76.8 +6.1

with particularly low zero-shot performance, such as Physical Dis-
ability and Gay, benefit strongly from targeted training, suggesting
that additional group-specific supervision can help address severe
under-detection.

However, targeted training is consistently outperformed by full
multi-group PersonaHate training. The full model achieves higher
F1 than the corresponding single-group model for all 12 target
groups, with an average F1 of 79.9% compared with 55.6% for tar-
geted training. This suggests that broad group coverage provides
useful cross-group transfer: patterns learned from diverse hate tar-
gets help improve detection even for the weakest groups, beyond
what can be achieved by concentrating training data on the target
group alone.

6.5 Cross-Dataset Generalization

Another common failure mode of hate speech detectors is strong
performance on one dataset but poor transfer to others, as illus-
trated in Section 3.2. We therefore examine whether PersonaHate-
trained models remain effective across benchmarks with different
sources, annotation schemes, and label definitions.
Consistent Performance Across Benchmarks. PersonaHate-
trained encoders show relatively stable performance across the four
evaluation datasets. For example, DeBERTa-v3 trained on Person-
aHate achieves 70.9% F1 on HateXplain and 89.8% on HateBench-
Set (see Table 10), while LFTW-RoBERTa+PersonaHate ranges
from 69.4% to 88.7% (see Table 11).d We find that all detectors
trained or fine-tuned on PersonaHate achieve good performance
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Table 12: F1 scores (%) on HateBenchSet for low-performing

target groups under three training settings using Qwen-2.5-

0.5B. Targeted training uses approximately 2K samples from

the target group only; Full training uses approximately 67K

samples from all 34 groups (PersonaHate).

Target Group Zero-shot Targeted Full Δtgt Δ
full

Immigrants 25.5 73.3 87.9 +47.8 +62.4
Phys. Disability 9.8 57.0 75.5 +47.2 +65.7
Migrant Workers 33.2 69.2 84.3 +36.1 +51.1
Muslims 37.9 71.3 86.6 +33.4 +48.7
Asian 29.2 62.5 67.1 +33.3 +37.9
Women 23.3 55.2 79.6 +31.9 +56.3
Gay 18.6 47.7 68.0 +29.2 +49.4
Cogn. Disability 17.6 42.7 77.6 +25.1 +60.0
Black 39.3 63.4 79.6 +24.1 +40.3
White 30.4 45.7 81.7 +15.3 +51.3
Christians 33.7 37.7 86.5 +4.1 +52.8
Men 38.5 41.1 84.5 +2.6 +46.0

Average 28.1 55.6 79.9 +27.5 +51.8

on LLM-generated HateBenchSet, and maintain competitive re-
sults on human-authored datasets such as HateXplain, Davidson,
and MHS. We also see that our PersonaHate could help enhance
the hate speech detection performance in most cases. This is no-
table because PersonaHate is fully synthetic, whereas the external
benchmarks contain human-authored content from different plat-
forms. The results suggest that our persona-driven synthetic data
captures generalizable hate speech patterns, including group target-
ing, derogatory framing, and recurring rhetorical structures, rather
than only model-specific artifacts.
Robustness Across Annotation Schemes. Note that the evalu-
ation benchmarks use different labeling schemes: HateBenchSet
and Davidson distinguish hate from offensive language, HateXplain
uses hate/offensive/normal labels, and MHS uses severity-based an-
notations. Despite these differences, the best PersonaHate-trained
models achieve F1 above 70% on three of four benchmarks. This
suggests that the binary labels produced by our annotation pipeline
align reasonably well with multiple human annotation standards.

6.6 Adaptation to Evolving Hate Distributions

A challenge for hate speech detection is whether it can adapt
to newly emerging hate, i.e., content involving topics, events, or
rhetoric that emerges after existing datasets were collected. We
study this setting using the New-Wave Hate benchmark [61], which
covers six emerging hate topics: anti-Asian hate (Asian), ageism,
vaccine-related hate (Vaccine), mask-related hate (Mask), Capitol
riot rhetoric (Capitol), and Russia–Ukraine conflict rhetoric (Rus–
Ukr). We quickly adapt our PersonaHate accordingly: we first
sample 200 personas from the persona pool; then we prompt the
generators conditioned on the persona, sentiment, and the hate
topic (replacing the target identity group); finally, we adopt the
multi-judge annotation for labeling and filtering. Overall, we got
540 balanced labeled samples for the newly emerging hate terms.

Based on these labeled samples, we fine-tune Llama-3.1-8B to
evaluate how PersonaHate can improve the detection ability on

newly emerging hate concepts. Table 13 shows that PersonaHate
can rapidly adapt a detector to emerging hate topics. Commercial
APIs show highly uneven performance across topics. GPT-4o-mini
achieves 85.5% F1 on anti-Asian hate but only 39.0% onmask-related
hate, yielding a 46.5 percentage points gap. In contrast, Llama-3.1-
8B + PersonaHate shows a much narrower spread, from 68.5%
on ageism to 83.8% on anti-Asian hate, with a 15.3 points gap.
It outperforms all commercial APIs on five of the six categories,
with the largest margin on mask-related hate (+31.4 points over
GPT-4o-mini). These results suggest that scalable persona-driven
synthesis can provide an effective and efficient mechanism for
updating detectors as new hate targets and rhetoric emerge.

6.7 Ablation Study: Does Diversity Matter

Beyond Scale?

We conduct ablation studies to examine whether the gains from
PersonaHate come only from increasing the number of training
samples, or from increasing the diversity of the training data. This
distinction is important because PersonaHate is designed not
merely to scale up synthetic data, but to cover diverse identity
groups, generator behaviors, and persona-conditioned expressions.
We focus on two diversity axes in this section: identity group cov-
erage and generator diversity. All experiments use DeBERTa-v3
with the same training procedure, and all sampled training sets are
label-balanced.
Size-Controlled Diversity.We first control the number of train-
ing samples and vary only the diversity of the data. Table 14 reports
results at two data scales. At the 2K-sample scale, training on one
group from one generator achieves 67.6% average F1. Keeping the
same sample size but adding all eight generators improves the
average F1 to 68.9%. Using all 34 identity groups and all eight gener-
ators further improves it to 69.3%. This shows that, even when the
amount of training data is fixed, broader coverage over generators
and identity groups improves cross-dataset generalization.

The effect becomes clearer at the 10K-sample scale. The restricted
setting with one generator and five groups achieves only 69.1% av-
erage F1. Expanding identity-group coverage while keeping one
generator improves performance to 75.8%, and expanding gener-
ator coverage while keeping five groups improves performance
to 76.1%. Thus, neither data size nor a single diversity source is
sufficient by itself. Group diversity and generator diversity provide
complementary benefits, and removing both substantially weakens
the trained detector.
Scaling Identity Group Coverage.We next test whether identity-
group diversity remains useful when the training set becomes larger.
Table 15 comparesmodels trainedwith 10, 17, and 34 identity groups
while using all eight generators. Training with 10 groups reaches
74.3% average F1, expanding to 17 groups improves performance to
75.6%, and using all 34 groups achieves 77.6%. The gain from 17 to
34 groups is larger than the gain from 10 to 17 groups, and the full
34-group setting remains the strongest among the group-scaling
conditions.

These results indicate that identity-group coverage contributes
to detector robustness beyond raw data volume. A broader set of
target groups exposes the detector to more varied hateful fram-
ings, stereotypes, and linguistic patterns, some of which transfer
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Table 13: Per-category F1 scores (%) on the New-Wave Hate benchmark. PersonaHate adapts Llama-3.1-8B to emerging hate

topics using 540 balanced samples generated and annotated by our PersonaHate.

Model Asian Ageism Mask Vaccine Capitol Rus–Ukr Gap Overall

OpenAI Moderation 65.9 42.0 12.4 31.1 24.3 67.6 55.2 48.7
Claude-4-Sonnet 83.3 27.5 21.7 27.9 20.3 65.9 63.0 55.5
Gemini-2.5-Flash 77.6 34.7 28.2 42.3 41.4 64.3 49.4 57.5
GPT-4o-mini 85.5 52.1 39.0 54.7 57.9 81.5 46.5 69.8

Llama-3.1-8B zero-shot 67.0 49.8 58.4 59.9 55.0 65.2 17.2 61.0
Llama-3.1-8B + PersonaHate 83.8 68.5 70.4 73.0 73.7 77.9 15.3 76.7

Table 14: Size-controlled diversity ablation using DeBERTa-

v3. All conditions are label-balanced. Condition names use

abbreviated settings: M denotes the number of generators

(Mdl), and G denotes the number of identity groups (Grp).

The average F1 score is computed across four benchmarks.

Condition 𝑁 Grp Mdl HX HB DV MHS Avg

1M1G_2K 2K 1 1 64.0 84.0 55.3 67.3 67.7
8M1G_2K 2K 1 8 70.0 84.3 55.7 65.7 68.9
8M34G_2K 2K 34 8 65.6 83.3 60.0 68.3 69.3

1M5G_10K 10K 5 1 66.8 87.7 59.8 62.0 69.1
1M34G_10K 10K 34 1 71.2 88.4 75.0 68.7 75.8
8M5G_10K 10K 5 8 73.4 88.2 75.2 67.6 76.1

Table 15: Effect of identity group coverage at larger training

scales using DeBERTa-v3. All conditions use eight genera-

tors. Condition names use abbreviated settings: M denotes

the number of generators (Mdl), and G denotes the number

of identity groups (Grp). The average F1 score is computed

across four benchmarks.

Condition 𝑁 Grp HX HB DV MHS Avg

8M10G 20K 10 71.5 89.4 70.2 66.1 74.3
8M17G 34K 17 69.5 88.7 74.6 69.6 75.6
1M34G 51K 34 70.9 88.3 76.7 70.1 76.5
8M34G (full) 67K 34 70.9 89.8 78.8 71.0 77.6

across groups and benchmarks. This finding is consistent with the
worst-group analysis in Section 6.4, where full multi-group training
outperforms targeted single-group training on weakly detected
groups. Overall, the ablation confirms that PersonaHate’s benefit
comes from diversity-aware data construction, not simply from
generating more synthetic samples.

7 Limitations

Synthetic Data as Training Data. PersonaHate is designed as a
synthetic data pipeline, not as a replacement for human-authored
hate speech benchmarks. Human-authored datasets remain impor-
tant because they capture naturally occurring discourse, platform-
specific norms, social context, and annotation standards that are dif-
ficult to fully reproduce through synthetic generation [57]. For this
reason, we use PersonaHate to train or fine-tune detectors and rely

on external benchmarks for evaluation. The strong cross-dataset
results suggest that persona-driven synthetic data can provide use-
ful supervision, but they should not be interpreted as evidence that
synthetic data alone fully captures real-world hate speech.
Label Quality and Ambiguous Cases. PersonaHate uses multi-
judge annotation to reduce dependence on any single classifier
or LLM judge. However, hate speech labeling remains inherently
difficult, especially for implicit hate, counterspeech, reclaimed slurs,
quotation, and context-dependent cases. Our binary labeling scheme
supports large-scale detector training, but it cannot capture all
levels of severity, intent, target ambiguity, or pragmatic context.
Future work could combine multi-judge annotation with expert or
community-informed review for ambiguous samples, and extend
the labels to severity, target, rationale, or explanation annotations.
Scope and Generalization. Our current pipeline focuses on Eng-
lish text and 34 identity groups following established hate speech
benchmarks. This design supports controlled comparison with prior
work, but it does not cover all languages, regions, cultural contexts,
or intersectional identities. Hate speech also appears in multimodal
and conversational settings, where images, memes, dialogue history,
and platform context can change the meaning of a message. Extend-
ing PersonaHate to multilingual, multimodal, and conversation-
aware generation is an important direction for future work.

8 Conclusion

We presented PersonaHate, a scalable persona-driven data syn-
thesis pipeline for hate speech analysis. PersonaHate constructs
a large persona pool from complementary sources, selects diverse
personas through embedding-based sampling, generates group-
targeted speech across 34 identity groups using multiple LLMs, and
applies multi-judge annotation to obtain reliable hate speech labels.
The resulting corpus contains 791K valid samples, from which we
curate a 67K group-balanced training set.

Besides diversity and scalability analysis, our experiments fur-
ther show that persona-driven synthetic data improves hate speech
detection across datasets and identity groups. Models trained or
fine-tuned on PersonaHate achieve strong cross-dataset perfor-
mance, improve weak-group detection, and benefit from broader
coverage over identity groups, generators, and personas. These
results suggest that diversity-aware data synthesis is a practical
way to improve the robustness and generalizability of hate speech
detectors. We hope this work encourages future research that im-
proves hate speech detection through better data design, in addition
to better model design.
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constraints. The full corpus contains 791K valid generated samples,
while the curated group-balanced training set contains 67K samples.
We thus provide a representative subset that is sufficient to verify
the main methodology.

These artifacts are provided strictly for research purposes, such
as reproducing our experiments and developing hate speech detec-
tion systems. As the released data includes LLM-generated hate
speech targeting specific identity groups, reader discretion is rec-
ommended. For the final camera-ready release, we plan to make
the complete artifact available through an appropriate long-term
repository, subject to responsible release considerations for harmful-
content data.

B Ethical Considerations

This work studies persona-driven synthetic data generation for
hate speech detection. Because the study involves generating and
analyzing hateful or offensive language, we carefully consider the
potential risks to affected identity groups, researchers exposed to
harmful content, downstream users of the released artifacts, and
the broader public. The goal of this work is defensive: we aim to
improve the robustness and cross-dataset generalization of hate
speech detectors against diverse, LLM-generated, and evolving
forms of hateful expression.

Our pipeline does not collect private user data or recruit external
annotators. The generated samples are synthetic and are produced
by LLMs conditioned on persona descriptions, identity groups,
and sentiment directions. The annotation process is performed by
multiple LLM-based judges and moderation tools, with only limited
manual inspection by the authors for quality control. Therefore, no
crowdworkers or external participants were exposed to harmful
content during this study. For the public benchmark datasets used
in evaluation, we follow their intended research use and report
results in aggregate.

The main ethical risk is that synthetic hateful text, persona-
conditioned prompts, or generation procedures could be misused
to produce abusive content at scale or to train harmful generation
systems. There is also a risk that identity group labels could be
misinterpreted as associating protected groups with harmful stereo-
types. To mitigate these risks, we use identity group labels only as
detection targets and evaluation attributes. They are not used to
profile individuals, make claims about protected groups, or justify
stereotypes. We also avoid including unnecessary hateful examples
in the paper and include a content warning for readers.

We believe the benefits of this work outweigh the risks. Hate
speech evolves rapidly across platforms, target groups, and lin-
guistic styles, and detectors trained on static or narrowly scoped
datasets often fail under distribution shift. By constructing a con-
trolled, group-aware, and persona-driven synthesis pipeline, this
work can help researchers and practitioners develop more robust
moderation tools, especially for underrepresented or emerging
forms of online hate. At the same time, we acknowledge that auto-
mated hate speech detection remains imperfect and may produce
group-wise errors or disparities. Therefore, any downstream de-
ployment of models trained with PersonaHate should include
additional auditing, human review, and safeguards appropriate to
the application context.

C Persona Extraction Examples

Table 16 shows six examples of hateful personas extracted from
4chan /pol/ posts. The posts span a range of identity attack scores
(0.71 to 0.97) and cover different persona archetypes: from overtly
aggressive individuals using extreme profanity (top rows) to politi-
cally frustrated users expressing subtler forms of prejudice (bottom
rows). For each post, GPT-4o infers a persona description that cap-
tures the author’s attitudes, communication style, and ideological
leanings. These persona descriptions serve as character profiles for
downstream hate speech generation.
System prompt:

Analyze who would write this text.
IMPORTANT: Start your response with the persona description
directly.
DO NOT start with phrases like:
- "The text is likely to be written by"
- "This text appears to be written by"
- "The author is likely"
Just describe the persona directly.

User prompt:

Based on this text, describe the persona who would write it:
{text}
Remember: Start your description directly without any intro-
ductory phrases!

D Persona Deduplication

The raw 4chan-derived personas contain substantial redundancy,
since many posts express similar beliefs or rhetorical patterns. We
therefore conduct deduplication: given persona embeddings, we
greedily retain a persona only if its cosine similarity to all previ-
ously retained personas is below a threshold 𝜏 = 0.9. Specifically,
given a persona pool P = {𝑝1, . . . , 𝑝𝑁 }, we compute normalized
embeddings e𝑖 = 𝜙 (𝑝𝑖 )/∥𝜙 (𝑝𝑖 )∥ using text-embedding-3-small.
We then apply greedy deduplication by initializing a retained set
S = ∅ and scanning each persona in sequence. Persona 𝑝𝑖 is re-
tained if and only if

max
𝑗∈S

e⊤𝑖 e𝑗 < 𝜏 . (2)

This ensures that no two retained personas exceed the cosine simi-
larity threshold. To accelerate nearest neighbor search, we maintain
a Faiss inner product index [28] that is incrementally updated as
new personas are retained. After deduplication, the hateful persona
pool is reduced from 305,616 to 257,473 personas, removing 15.7%
of the original entries.

E Persona Selection Visualization

Figure 3 visualizes the persona selections produced by random
sampling, FPS, and DA-FPS using UMAP projections of the full
persona embedding space (457K points). Each row corresponds
to one persona source; each column to a selection method. The
background shows the complete pool for that source, and dark
points indicate the selected personas.

Random sampling (a, d) concentrates selections in high-density
regions and leaves sparse areas uncovered. Both FPS (b, e) and DA-
FPS (c, f) spread selections uniformly across the embedding space,
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Table 16: Examples of hateful personas extracted from 4chan /pol/ posts via GPT-4o. Each row shows the post ID, its Perspective

API identity attack score, the source post, and the inferred persona description. Content warning: source posts contain offensive

language.

Tox. Post ID Source Post Extracted Persona

0.97 110938075 Shut the f**k up, dude. I don’t care that you’re right I just don’t
want any f**king American to ever respond to me in ANY f**king
thread. Do you hear me you “son of bubblegum b***h” or whatever
you f**king say in that s**t hole. By now you’re probably thinking:
“hurr *eats cheetohs* ders no way dis is real it has 2 b *sips 3 litre
mnt dew* copy pasta!”. Well it isn’t and you’re wrong. This is all
me, baby. Calling you out for what you are you sack of “owl s**t” or
whatever the f**k. Don’t even think to reply to this, or infact, ANY
f**king Australian poster in ANY thread because I guarantee you’re
going to feel the full brunt of my steel-capped boot slamming down
on your fat f**king skull. Enjoy your day, c**t.

An aggressive and confrontational individual with a strong dis-
dain for Americans, likely stemming from cultural or personal
grievances. This persona is unapologetically rude and uses profane
language to express anger and superiority. They possess a volatile
temperament and possibly harbor national pride, as evidenced by
the explicit disapproval of American responses to Australian posts.
The writer adopts an internet-savvy tone, referencing memes and
stereotypes about Americans, indicating familiarity with online
culture and possibly frequent participation in online forums or
discussions. This person is confrontational and enjoys using intim-
idation tactics to assert dominance over perceived adversaries.

0.84 92427541 I’m with Alex on this one. If Hillary wins, f**k this country. It was
a good run, but the US really is prepping itself for the garbage
bin of history. Anyone know some countries (that aren’t cucked)
which allow citizenship through military service? Or maybe that
have low skilled work visas until citizenship attainment? I’ll pick
cotton, I really don’t give a f**k. I have couple degrees, but I doubt
New Zealand, Australia, Medpackland, or wherever else gives a
s**t about a Law Enforcement & US law degree, so yeah I think
I’m basically f**ked when it comes to being regarded as a “skilled”
immigrant.

A disgruntled and politically frustrated individual with a strong
opposition to Hillary Clinton and a pessimistic view of the future of
the United States. They feel disillusionedwith the political direction
of the country and are exploring options for emigration. They have
a background in law enforcement and US law but feel that their
qualifications may not be valued internationally. Despite their
educational background, they express a willingness to take on low-
skilled work to obtain citizenship in another country.

0.73 96282744 Yeah, they tell you that, but you need to look at their actions. Lefties
are constantly complaining about the 1%, yet they suck the d**k
of every actor, musician, artist, etc., and follow trends more than
any other group of people. As long as it’s some millionaire with
a background in “art” rather than banking telling them what to
do, they won’t bat an eye. They’ll sit there and say “Well Hillary
is a politician, but all of these good-hearted people like Leonardo
DiCaprio are voting for her, so she must be okay”.

A politically conservative individual with a critical view of leftist
ideologies and behaviors. They express skepticism towards the
perceived hypocrisy of left-leaning individuals, particularly regard-
ing issues of wealth and celebrity influence. This person may feel
frustrated with what they see as inconsistencies in the values and
actions of those on the left, especially when it comes to idolizing
wealthy individuals in the entertainment industry while criticizing
wealth accumulation in other sectors. The tone suggests a ten-
dency towards sarcasm and a desire to challenge the credibility
and decision-making of liberal individuals or groups.

0.71 94529252 Watching the last season was the worst – every episode is Rick
(the supposed alpha) kowtowing to the needs of every woman he
possibly can. That last mission was to get maggie to the ‘doctor’
for her cramp, yet she was fine at the end of this episode. They
abandoned the safety of their walls/guns/ammo to get captured
because a b***h has a p***y ache. Rewatch some of last season,
literally every episode is him getting overruled by carol and maggie
and then his idea getting overruled and him just forgetting that he
had a plan. Rick literally destroyed a family because the husband
slapped his wife. And what do these people do all day? Why is
there crops? No potato patches, no corn, no pig stye, no nothing,
it’s just the females sitting around doing nothing in their electricity
powered houses waiting until the real men show up and kill them
all.

A disgruntled viewer of a television series, possibly “The Walking
Dead,” who feels frustrated with the show’s depiction of gender
dynamics and character decisions. This person appears to have
strong opinions about traditional gender roles, expressing disdain
for what they perceive as male characters being subservient to
female characters. They seem to be critical of narrative choices
that prioritize female characters’ needs or perspectives and are
frustrated by perceived plot inconsistencies, such as characters’
survival tactics and resource management. The tone suggests they
are passionate, possibly using hyperbolic language to emphasize
their displeasure with the show’s direction.

covering boundary regions that random sampling misses. The two
methods produce visually indistinguishable results, consistent with
their identical fill distance (Table 3).

F Identity Groups

Table 19 shows the 34 identity groups covering six categories. Com-
pared with MHS, we omit the age categories following HateBench-
Set, as hate speech targeting an age group is hard to define.
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(a) Random  PersonaHub (1003) (b) FPS  PersonaHub (1000) (c) DA-FPS  PersonaHub (1000)

(d) Random  4chan (1282) (e) FPS  4chan (1285) (f) DA-FPS  4chan (1285)

PersonaHub pool (200K) Selected from PersonaHub 4chan pool (257K) Selected from 4chan

Figure 3: UMAP visualization of persona selection methods. Top row: PersonaHub pool (200K personas). Bottom row: 4chan

pool (257K personas). Columns show (a, d) random sampling, (b, e) FPS, and (c, f) DA-FPS. Light points are the full pool; dark

points are the selected subset. FPS and DA-FPS achieve uniform spatial coverage, while random sampling over-represents dense

clusters.

Table 17: Within-model, within-group semantic diversity

(avg pairwise cosine distance of Sentence-BERT embeddings,

averaged across 34 groups). PersonaHate models show sta-

ble diversity; HateBenchSet models vary widely due to the

absence of persona conditioning.

PersonaHate HateBenchSet

Model Div. Model Div.

Gemini-2.5-Flash 0.577 OPT 0.758
DeepSeek-R1 0.576 Dolly 0.565
Gemma-2-9B 0.544 Baichuan 0.481
Claude-3-Haiku 0.541 Vicuna 0.469
Qwen-2.5-7B 0.521 GPT-3 0.399
Llama-3.1-8B 0.521 GPT-4 0.373
GPT-4o-mini 0.473
Mistral-7B 0.449

Avg ± std 0.525 ± 0.046 Avg ± std 0.507 ± 0.131

G PersonaHate Pipeline Statistics

Table 21 shows the overview of our PersonaHate pipeline and the
resulting dataset.

Table 18: Structural and lexical diversity comparison between

PersonaHate and HateBenchSet. Lexical metrics are com-

puted on equal-sized samples (7,838 texts each).

Metric PersonaHate HateBenchSet

Total samples 791,283 7,838
Generators 8 6
Unique personas/prompts 2,285 / 77,690 — / 204
Identity groups 34 34

Distinct-1 0.064 0.051
Distinct-2 0.345 0.325
Distinct-3 0.656 0.634
Vocabulary size 32,976 27,132
Avg length (tokens) 65 ± 33 68 ± 55

H Per-Group Annotation Statistics

Table 22 reports the annotation statistics for each of the 34 identity
groups in PersonaHate, sorted by hate rate (fraction labeled hate
by ≥4/6 vote). The total sample count per group varies only due
to differential refusal rates across models (ratio 1.3:1), confirming
near-uniform coverage by construction. Hate rates range from 3.5%
(Atheists) to 27.0% (Jews), with traditionally marginalized groups
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Table 19: The 34 identity groups used for speech generation,

organized into six categories.

Category Identity Groups

Race/Ethnicity Asian, Black or African American,
(7) Latino or Non-White Hispanic, Middle Eastern,

Native American or Alaska Native,
Pacific Islander, Non-Hispanic White

Religion Atheists, Buddhists, Christians, Hindus,
(7) Jews, Mormons, Muslims

Immigration/ Immigrants, Migrant Workers,
Origin (5) People From a Specific Country,

Undocumented People, Refugees

Gender Men, Women, Non-Binary or Third Gender,
(6) Transgender Men, Transgender Women,

Transgender (Unspecified)

Sexual Bisexual, Gay, Lesbian, Heterosexual
Orientation (4)

Disability Physical Disabilities, Cognitive Disorders
(5) or Learning Disability, Mental Health

Problems, Visually Impaired,
Hearing Impaired

Table 20: Refusal rates under direct vs. persona-based prompt-

ing across three API-gated models. Each condition uses 100

personas × 34 groups = 3,400 prompts.

Model Direct (%) Persona (%) Δ (pp)

GPT-4o-mini 96.2 29.5 −66.7
Gemini-2.5-Flash 100.0 79.9 −20.1
Claude-3-Haiku 100.0 87.7 −12.3

Table 21: PersonaHate pipeline statistics. Compliance rate

is the fraction of prompts that yield valid non-refused out-

puts after post-processing.

Property Value

Total prompts 1,243,040
Valid samples 791,283
Overall compliance rate 63.7%

Hate (≥ 4/6) 109,788 (13.9%)
Non-hate (≤ 3/6) 681,495 (86.1%)

Identity groups 34
Group categories 6
Unique personas 2,285
Generator models 8
Judge models 6
Voting threshold ≥ 4/6

Training set 67,452
Hate / Non-hate 33,726 / 33,726

receiving higher hate rates. The “Ambiguous” column reports sam-
ples with 2–3 hate votes out of 6, which are retained as non-hate
in the primary dataset.

I Per-Group Diversity Analysis: PersonaHate

vs. HateBenchSet

Section 5.1 reports that PersonaHate achieves higher within-
group embedding diversity than HateBenchSet on 32 of 34 identity
groups. This appendix provides the full per-group breakdown and
additional analysis.

I.1 Methodology

For each of the 34 identity groups shared between PersonaHate
and HateBenchSet, we sample up to 200 hate-labeled texts per
dataset and compute all pairwise cosine distances among their
Sentence-BERT embeddings (all-MiniLM-L6-v2). Thewithin-group
diversity of a dataset for a given group is defined as the mean of
these pairwise distances: higher values indicate that texts targeting
the same group exhibit more varied phrasing, rhetoric, and style.
We also compute three lexical diversity metrics—distinct-1, distinct-
2, and distinct-3—defined as the ratio of unique 𝑛-grams to total
𝑛-grams across all texts.

I.2 Per-Group Results

Figure 4 (left panel) and Table 17 show the within-group embedding
diversity for all 34 groups. PersonaHate (blue) achieves higher
diversity than HateBenchSet (orange) on 32 of 34 groups, with the
two exceptions being Atheists (−0.030) andWomen (−0.041). Specif-
ically, PersonaHate yields stable within-model diversity across
generators (range: 0.449–0.577, std = 0.046), whereas HateBench-
Set varies much more widely across models (range: 0.373–0.758,
std = 0.131). The average within-group cosine distance is 0.580
for PersonaHate vs. 0.512 for HateBenchSet, a 13.3% relative im-
provement. This suggests that persona conditioning provides a
more consistent mechanism for inducing semantic variation, while
fixed-template generation is more sensitive to individual model
behavior.

Table 23 reports the complete numerical results. The diversity
advantage is largest for groups where HateBenchSet outputs are
most formulaic: Undocumented (+0.146), Visually Impaired (+0.137),
Non-Hispanic White (+0.127), Transgender (+0.126), and Physical
Disability (+0.124). These are groups where direct prompting tends
to produce a narrow set of stereotyped outputs, while persona
conditioning enables a wider range of rhetorical strategies.

I.3 Lexical Diversity

Figure 4 (right panel) and Table 18 compare lexical diversity be-
tween the two datasets using 5,000 randomly sampled texts each.
PersonaHate shows higher distinct-𝑛 ratios at all levels: distinct-1
(0.085 vs. 0.074, +15%), distinct-2 (0.385 vs. 0.374, +3%), and distinct-
3 (0.677 vs. 0.657, +3%). The vocabulary size is nearly double: 25,129
unique tokens for PersonaHate vs. 13,593 for HateBenchSet at
equal sample counts. This indicates that persona conditioning en-
courages the use of a broader vocabulary and more varied phrasing,
rather than converging on a fixed set of hateful expressions.

I.4 Analysis of Exceptions

The two groups where HateBenchSet shows higher diversity—
Atheists and Women—are both groups where HateBenchSet has
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Table 22: Per-group annotation statistics on PersonaHate (791,283 samples, 6 judges, ≥4/6 hate threshold). Groups are sorted
by hate rate. Hate (≥ 4/6) and non-hate (≤ 1/6) represent high-confidence labels; ambiguous samples (2–3/6) are retained as

non-hate.

Category Identity Group Total Hate (≥4/6) Non-hate (≤1/6) Ambiguous Hate %

Religion
Jews 20,461 5,515 13,128 1,818 27.0
Muslims 21,849 4,981 14,670 2,198 22.8
Hindus 22,327 4,521 15,969 1,837 20.2
Mormons 23,376 2,047 18,537 2,792 8.8
Buddhists 25,210 2,108 20,722 2,380 8.4
Christians 24,289 1,236 20,691 2,362 5.1
Atheists 25,141 872 22,224 2,045 3.5

Race & Ethnicity
Asian 21,377 4,143 15,033 2,201 19.4
Pacific Islander 22,505 4,332 16,102 2,071 19.2
Middle Eastern 21,907 4,102 15,822 1,983 18.7
Latino or Non-White Hispanic 21,501 3,869 15,277 2,355 18.0
Native American or Alaska Native 22,598 3,940 16,313 2,345 17.4
Black or African American 20,746 3,282 15,478 1,986 15.8
Non-Hispanic White 22,430 2,943 15,644 3,843 13.1

Gender
Women 24,870 4,931 17,108 2,831 19.8
Transgender Women 22,659 3,915 16,127 2,617 17.3
Transgender Men 23,053 3,663 16,488 2,902 15.9
Transgender (Unspecified) 23,170 1,744 18,860 2,566 7.5
Non-Binary or Third Gender 25,318 1,338 20,209 3,771 5.3
Men 25,961 1,166 22,617 2,178 4.5

Disability
Physical Disabilities 23,845 3,782 17,068 2,995 15.9
Visually Impaired 23,563 2,929 17,788 2,846 12.4
Hearing Impaired 24,183 2,995 18,394 2,794 12.4
Cognitive/Learning Disability 24,960 2,618 19,415 2,927 10.5
Mental Health Problems 25,291 1,732 20,621 2,938 6.8

Sexual Orientation
Lesbian 22,382 3,191 17,061 2,130 14.3
Bisexual 24,833 3,120 18,681 3,032 12.6
Gay 22,623 2,552 17,798 2,273 11.3
Heterosexual 23,830 854 21,432 1,544 3.6

Origin
Migrant Workers 23,419 5,021 15,519 2,879 21.4
Immigrants 24,088 4,972 15,757 3,359 20.6
Refugees 23,971 4,826 16,114 3,031 20.1
Specific Country Origin 22,170 3,528 15,597 3,045 15.9
Undocumented People 21,377 3,020 15,629 2,728 14.1

Overall
All 34 groups 791,283 109,788 593,893 87,602 13.9

relatively large sample counts (132 and 104 respectively) and where
hate speech tends to follow well-established rhetorical patterns
across both datasets. For Women, the high diversity in HateBench-
Set may reflect the broad range of misogynistic rhetoric captured
by its generators (GPT-3, GPT-4, Vicuna, Dolly, OPT), which col-
lectively cover both explicit and implicit forms. For Atheists, the
narrow gap (−0.030) is within the range of sampling noise given
the subsample sizes used.

J Persona-Based Prompting Reduces Refusal

Beyond diversity, persona conditioning also improves the feasibility
of generating training data from safety-aligned LLMs. Direct re-
quests for hateful content are frequently refused, which can reduce
usable yield and skew the dataset toward groups or expressions
that pass model safety filters. We compare direct prompting and
persona-based prompting across three API-gated models: GPT-4o-
mini, Gemini-2.5-Flash, and Claude-3-Haiku. Each condition uses
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Figure 4: Left: within-group embedding diversity (avg pairwise cosine distance among Sentence-BERT embeddings) for all 34

identity groups. PersonaHate shows higher diversity on 32/34 groups. Right: lexical diversity (distinct-𝑛) computed over 5,000

samples per dataset. PersonaHate achieves higher ratios at all 𝑛-gram levels.

100 personas and 34 identity groups, resulting in 3,400 prompts
per condition per model. We detect refusals using a keyword-based
classifier covering common refusal phrases such as “I cannot,” “as
an AI,” and “I apologize.”

As shown in Table 20, direct prompting leads to near-universal
refusal across all three models. Persona-based prompting substan-
tially reduces refusal rates: GPT-4o-mini drops from 96.2% to 29.5%,
Gemini from 100.0% to 79.9%, and Claude from 100.0% to 87.7%.
This confirms that persona conditioning increases generation yield,
although refusal remains substantial for more conservative models.
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Table 23: Per-group within-group diversity comparison. Cosine Dist = avg pairwise cosine distance among Sentence-BERT

embeddings of hate-labeled texts targeting each group (up to 200 samples). Δ = PersonaHate − HateBenchSet. Groups are

sorted alphabetically.

Identity Group PH 𝑛 HB 𝑛 PH Cosine Dist HB Cosine Dist Δ

Asian 8,753 80 0.620 0.563 +0.057
Atheists 11,021 132 0.442 0.472 −0.030
Bisexual 10,786 77 0.517 0.426 +0.091
Black/African American 8,335 92 0.671 0.622 +0.048
Buddhists 10,824 130 0.443 0.450 −0.007
Christians 10,988 153 0.552 0.531 +0.022
Gay 9,702 84 0.686 0.569 +0.117
Hearing Impaired 10,177 87 0.581 0.463 +0.117
Heterosexual 10,834 103 0.598 0.498 +0.100
Hindus 9,215 117 0.573 0.453 +0.120
Immigrants 11,075 125 0.533 0.492 +0.041
Jews 7,919 101 0.571 0.558 +0.013
Latino/Hispanic 8,962 79 0.689 0.583 +0.106
Lesbian 9,224 83 0.640 0.529 +0.111
Men 11,901 147 0.594 0.561 +0.033
Middle Eastern 8,970 113 0.634 0.574 +0.061
Migrant Workers 10,456 120 0.498 0.438 +0.060
Mormons 10,243 142 0.442 0.406 +0.035
Muslims 9,002 122 0.627 0.553 +0.074
Native American 9,480 101 0.604 0.548 +0.056
Non-Binary 11,055 79 0.547 0.509 +0.037
Non-Hispanic White 10,349 122 0.628 0.501 +0.127
Pacific Islander 9,098 94 0.580 0.481 +0.100
Specific Country Origin 9,508 100 0.669 0.629 +0.039
Cognitive Disability 10,886 99 0.643 0.540 +0.103
Mental Health 11,231 125 0.561 0.493 +0.068
Physical Disability 9,841 93 0.582 0.458 +0.124
Refugees 11,041 123 0.489 0.424 +0.065
Transgender 9,742 95 0.589 0.463 +0.126
Transgender Men 9,462 100 0.558 0.454 +0.104
Transgender Women 9,347 100 0.544 0.455 +0.089
Undocumented 9,378 116 0.612 0.466 +0.146
Visually Impaired 9,812 95 0.613 0.476 +0.137
Women 11,396 104 0.548 0.588 −0.041

Average – – 0.580 0.512 +0.068
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