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Abstract

Despite growing interest in automated hate
speech detection, most existing approaches
overlook the linguistic diversity of online con-
tent. Multilingual instruction-tuned large lan-
guage models such as LLaMA, Aya, Qwen,
and BloomZ offer promising capabilities across
languages, but their effectiveness in identify-
ing hate speech through zero-shot and few-
shot prompting remains underexplored. This
work evaluates LLM prompting-based detec-
tion across eight non-English languages, uti-
lizing several prompting techniques and com-
paring them to fine-tuned encoder models. We
show that while zero-shot and few-shot prompt-
ing lag behind fine-tuned encoder models on
most of the real-world evaluation sets, they
achieve better generalization on functional tests
for hate speech detection. Our study also
reveals that prompt design plays a critical
role, with each language often requiring cus-
tomized prompting techniques to maximize per-
formance. !

1 Introduction

Hate speech is a worldwide issue that undermines
the safety of social media platforms, no matter the
language (Thomas et al., 2021). It can violate plat-
form rules, damage user trust, influence opinions,
and reinforce harmful biases against individuals or
groups targeted (MacAvaney et al., 2019; Vedeler
et al., 2019; Stockmann et al., 2023). However,
most recent advancements in hate speech detection
have focused primarily on English, as the majority
of datasets and language models are centered on
English content. This has led to limited—but not
negligible—attention to other languages (Huang
et al., 2023; Peng et al., 2023). Since users on so-
cial media write and engage with content in many

languages—not just English—it is crucial to find
'"The code and prompts are publicly avail-
able at: https://github.com/FaezeGhorbanpour/
MultilingualHateSpeechPrompting

tools that can detect hate speech across various
languages.

Instruct-tuned Large language models (LLMs)
have demonstrated exceptional performance across
a wide range of text-related tasks (Skibicki, 2025;
Zhang et al., 2024). Many of these models pos-
sess multilingual capabilities, enabling them to pro-
cess and understand text in various languages (Pe-
drazzini, 2025; Shaham et al., 2024). This makes
them suitable for tasks like hate speech detection,
even without additional fine-tuning. Although fine-
tuning is possible, it requires computational and
resource costs, which leads many users to rely on
prompt-based use instead (Min et al., 2022; Zhao
et al., 2023). While their effectiveness in detect-
ing hate speech in English has been studied exten-
sively (Roy et al., 2023; Guo et al., 2023; Zhang
et al., 2025), their performance on non-English
datasets remains underexplored.

To evaluate the capabilities of multilingual
instruction-tuned LLMs in detecting hate speech in
various languages, we conduct a study using several
prompting techniques, including zero-shot prompt-
ing (e.g., vanilla, chain-of-thought, role-play), few-
shot prompting, and combinations of these prompts.
We evaluate performance across eight non-English
hate speech detection tasks, covering Spanish, Por-
tuguese, German, French, Italian, Turkish, Hindi,
and Arabic, using real-world? and hate speech func-
tional test sets. This study seeks to address the fol-
lowing research questions: (1) How well do LLMs
perform on hate speech detection across various
non-English languages? (2) Does few-shot prompt-
ing improve performance compared to zero-shot
prompting? (3) How does LLM performance com-
pare to that of traditional fine-tuned models?

Our findings highlight the importance of prompt
design in multilingual hate speech detection. While
performance varies by the prompting strategy, ex-

By real-world test sets, we meant datasets collected from
actual conversations, which better reflect real-world scenarios.
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perimenting with different techniques leads to rea-
sonably strong results. In most languages, few-shot
prompting combined with other techniques outper-
forms zero-shot prompting, suggesting that provid-
ing a few task-specific examples is beneficial.

Compared to fine-tuned encoder models, prompt-
ing LLMs shows lower performance on real-world
test sets. However, in functional test cases, prompt-
ing often performs better. Further analysis of lan-
guages where prompting underperforms on real-
world data suggests that prompting can still be a
practical option when only limited training data is
available. Nonetheless, with access to larger train-
ing sets, fine-tuning encoder models remains the
more effective approach. Overall, instruction-tuned
LLMs demonstrate stronger generalization in con-
trolled functional benchmarks, without the need for
additional training.

2 Related Work

The ability of instruction-tuned LLMs to perform a
wide range of NLP tasks without the need for fine-
tuning or training data has drawn growing interest,
particularly in applications like hate speech detec-
tion. Recent studies have explored LLM-based hate
speech detection, primarily in English. Zhu et al.
(2025) reports low agreement between LLM predic-
tions and human annotations, while Li et al. (2024)
finds that LLMs are more effective at identifying
non-hateful content. Huang et al. (2023) exam-
ines the use of LLMs for generating explanations
of implicit hate, and Roy et al. (2023) shows that
including target-specific information in prompts
improves performance.

Another study examines how in-context learn-
ing, combined with few-shot examples and task de-
scriptions, boosts the performance of hate speech
detection by LLMs (Han and Tang, 2022). Guo
etal. (2023) investigates using LLMs for real-world
hate speech detection using four diverse prompt-
ing strategies and finds that few-shot and chain-of-
thought prompts help. While these works have ex-
plored prompting techniques, they primarily assess
the capabilities of LLLMs for hate speech detection
in English and do not examine a broad range of
prompting strategies across languages.

There have been efforts to investigate the capa-
bilities of LLMs for non-English hate speech. Guo
et al. (2023) and Faria et al. (2024) tested prompt
strategies only in Chinese and Bangla, respectively.
Ahmad et al. (2025) used an LLM for hate speech

detection in Urdu, outperforming BERT in detect-
ing both explicit and implicit hate. Moving be-
yond isolated languages, Masud et al. (2024) as-
sesses LLMSs’ sensitivity to geographical priming
and persona attributes in five languages, showing
that geographical cues can improve regional align-
ment in hate speech detection. Similarly, Zahid
et al. (2025) uses geographical contextualization
into prompts for five languages. These motivate
our use of culture-aware prompts; However, these
studies do not explore a wide range of prompting
strategies, such as few-shot, chain-of-thought, etc.
He et al. (2024) introduced a multilingual bench-
mark for offensive language detection in eight lan-
guages, focusing on offensive language and model
alignment over prompt design. Tonneau et al.
(2024) evaluate hate speech detection in eight lan-
guages using real-world and functional test sets,
but rely solely on vanilla prompting. Similarly,
Dey et al. (2024) applied prompting LLMs to three
low-resource South Asian languages, finding that
translating inputs to English outperformed prompt-
ing in the original language. This motivated us
to prompt the LLM to translate before classifying.
In contrast to these efforts, our work covers eight
languages and evaluates a broader range of prompt
designs on real-world and functional test sets.

3 Datasets

We selected datasets with explicit hate speech la-
bels that adhere to definitions commonly used in
social science and by social media platforms: abu-
sive language that targets a protected group or
individuals for being part of that group.

The datasets, along with their overall sizes and
the percentage of hateful instances, are summarized
as follows: OUS19_AR (Ousidhoum et al., 2019):
Contains 3,353 Arabic tweets, with 22.5% labeled
as hateful. OUS19_FR (Ousidhoum et al., 2019):
Consist of 4,014 French tweets, with 11.0% labeled
as hateful. BAS19_ES (Basile et al., 2019): Com-
piled for SemEval 2019, it includes 4,950 Span-
ish tweets, 41.5% of which are labeled as hateful.
HAS21_HI (Modha et al., 2021): Collected for
HASOC 2021, it contains 4,594 Hindi tweets, with
12.3% labeled hateful. SAN20_IT (Sanguinetti
et al., 2020): Created for Evalita 2020, it includes
8,100 Italian tweets, 41.8% of which are hateful.
FOR19_PT (Fortuna et al., 2019): Consists of
5,670 Portuguese tweets, with 31.5% labeled as
hateful. Gahd24_DE (Goldzycher et al., 2024):

414



A German adversarial dataset consisting of 10,996
tweets, 42.4% of which are labeled as hateful. Xdo-
main_TR (Toraman et al., 2022): A large-scale,
multi-domain Turkish dataset consisting of 38K
samples, with a class imbalance rate of 74.4%.

For functional hate speech evaluation, we used
the HateCheck benchmark (Rottger et al., 2021),
a benchmark for evaluating the robustness of hate
speech detection systems across languages. It in-
cludes functional test cases—controlled examples
designed to test specific capabilities such as han-
dling implicit hate, negation, and non-hateful slurs.
Originally developed for English, it has been ex-
tended by Rottger et al. (2022) to multiple lan-
guages to support cross-lingual evaluation and re-
veal systematic model weaknesses not captured by
standard datasets.

4 Models

We evaluate four instruction-tuned multilingual
LLMs for hate speech detection across eight
languages: LLaMA-3.1-8B-Instruct (Grattafiori
et al., 2024): Meta’s instruction-tuned decoder
model, optimized for reasoning tasks and primar-
ily designed for English, with multilingual sup-
port. Qwen2.5-7B-Instruct (Qwen et al., 2025;
Yang et al., 2024): A multilingual decoder model
by Alibaba Cloud, supporting 30+ languages with
strong instruction-following capabilities. Aya-
101 (Ustiin et al., 2024): Cohere’s multilingual
model trained on 100+ languages, tuned for equi-
table cross-lingual NLP, including hate speech de-
tection. BloomZ-7B1 (Muennighoff et al., 2023a):
A decoder model by BigScience, fine-tuned via
multitask instruction tuning on 46 languages for
cross-lingual instruction following.

For the encoder-based baseline, we fine-tuned
two multilingual models with strong performance
on classification tasks: XLM-T (Barbieri et al.,
2022; Conneau et al., 2020): An XLM-R exten-
sion pre-trained on 198M Twitter posts in 30+ lan-
guages. mDeBERTa (He et al., 2021): A multilin-
gual encoder covering 100+ languages, effective
in zero-shot and low-resource settings. See Ap-
pendix A for model versions and additional details.

S Experimental Setup

For each dataset, we randomly sampled
2,000 samples to serve as the test set for evaluating
both prompting-based and fine-tuned models. Due
to limited dataset sizes, the test sets for Arabic and

French were restricted to 1,000 and 1,500 samples,
respectively. Instruction-tuned multilingual LLMs
were evaluated in inference-only mode, without
additional fine-tuning, on both real-world and
functional test sets. The models were prompted
such that they responded with yes if the input text
was hateful and no otherwise. Each experiment
was repeated with three random seeds, and we
alternated the order of yes and no in the prompt to
reduce positional bias.

For the encoder-based models, after setting aside
the test set, we held out 500 samples for validation
and used the rest for training. After training, we
evaluated the models on both their respective test
sets, representing real-world evaluation, and on
their language-specific subsets of the HateCheck
benchmark, representing functional test evaluation.
Model outputs and labels were mapped to binary
values: O for non-hateful and 1 for hateful. Each ex-
periment was run with five different random seeds,
and the final results were averaged across these
runs. Moreover, since several of the datasets are
imbalanced, we report F1-macro as the primary
evaluation metric to ensure fair assessment across
classes. Further implementation details and hyper-
parameters are provided in Appendix A.

6 Prompts

We assess instruction-tuned multilingual LLMs
using a range of prompting strategies for hate
speech detection, such as: directly asking whether
a comment is hateful (vanilla); prompting the
model to act as a classifier (classification); chain-
of-thought prompting for step-by-step reasoning
(CoT); natural language inference-inspired prompts
(NLI); language-aware prompts that consider lin-
guistic and cultural context (cultural); assigning
the LLM the role of a community moderator (role-
play); translate then classify prompts (translation);
definition-based prompts that explain hate speech
(definition); and defining related forms of abusive
content to help the model differentiate them from
hate speech (distinction), etc. We also include few-
shot prompting, where we retrieve and insert exam-
ple instances from the training set into the prompt.
We also explore combinations of these strategies.
For full prompt texts and implementation details,
see Appendix B.
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BloomZ AyalO1 Llama3 Qwen
zero-shot zero-shot zero-shot Few Shot zero-shot Few Shot
prompt fl prompt fl prompt fl prompt fl prompt fl prompt fl

, ¢ Classification 54.50 Definition  63.68 Classification 63.13 5 shot + CoT 68.89 Translation 64.79 5 shot + CoT 68.90
z pt Definition ~ 63.92 Definition ~ 71.51 Role Play 70.79 5 shot + Cultural 73.70 Role Play + CoT ~ 73.44 5 shot + Role Play  72.56
= hi Cultural 51.33 Classification 47.33 CoT 52.09 5shot+Role Play  55.55 Distinction 53.76 1 shot + CoT 49.57
% ar NLI 58.67 Distinction  64.67 Classification 62.66 5 shot + Cultural 66.93 NLI 70.61 5 shot 65.88
§ fr NLI 55.63 Translation 53.44 CoT 55.22 5shot+ Definition ~ 51.53 NLI 55.59 5 shot 51.78
= it CoT 55.50 Vanilla 74.82 Distinction  75.86 5 shot + CoT 76.18 Cultural 73.34 5 shot + Cultural 79.00
& de CoT 38.36 Vanilla 67.51 Role Play 50.16 5 shot + Cultural 78.14 Target 50.19 5 shot + Definition ~ 77.55
tr  Role Play 55.20 - - Classification 76.16 5 shot + CoT 81.76 Translation 75.89 5 shot + CoT 77.03
« es Definition  64.88 Distinction  73.19 Vanilla 86.37 5 shot 86.45 Vanilla 84.39 5shot + Definition  86.43
é pt Definition ~ 66.04 Distinction  72.39 Classification 83.37 3 shot 86.59 CoT 82.15 5 shot + Definition 84.08
— hi RolePlay  51.99 Distinction 65.95 Classification 65.31 1 shot + Cultural 65.36 Definition 65.41 1 shot + Definition ~ 66.61
£ ar Definition  62.08 Vanilla 62.99 Impact 64.00 1 shot 67.95 Vanilla 70.42 3 shot + Definition ~ 71.88
s fr CoT 63.34 Distinction 71.94 Vanilla 84.61 5 shot + Role Play 84.37 Vanilla 82.06 5 shot + Definition 86.08
E it Role Play 55.15 Distinction  71.25 Role Play 79.72 5 shot + COT 87.08 Target 78.35 5 shot + Definition 84.17
de Role Play 51.75 Distinction  72.64 Classification 85.86 5 shot + Cultural 89.65 Impact 82.64 5 shot + Definition ~ 86.62
Table 1: Zero-shot and few-shot prompting results for instruction-tuned multilingual LLMs. The best or near-best

results for each language for both evaluation setups are highlighted in bold. F1 refers to F1-macro.

7 Results

We evaluate instruction-tuned LLMs with various
prompt types over three runs in the inference mode
and report the average F1-macro scores. Table 1
summarizes the performance of zero-/few-shot re-
sults for four instruction-tuned models across eight
languages. We observe that prompt design sig-
nificantly affects performance. Ayal0l performs
best with definition- and distinction-based prompts,
suggesting that explicit definitions improve its ac-
curacy. In contrast, Qwen excels with NLI and
role-play prompts, indicating sensitivity to context
and conversational cues.

In zero-shot settings, Qwen and LLaMA3 gen-
erally outperform the other models, with similar
overall performance. However, Qwen performs bet-
ter in most real-world test cases, whereas LLaMA3
leads on functional benchmarks. Few-shot prompt-
ing (typically five-shot) improves performance, es-
pecially on functional tests, as examples help the
model apply contextual distinctions more effec-
tively. On real-world tests, improvement is less
consistent—even with examples from the same
training data. This suggests that few-shot effective-
ness depends not only on data quality but also on
prompt clarity and structure. Overall, instruction-
tuned LLMs perform notably well on functional
tests and reasonably well on real-world tests in
different languages. However, their effectiveness
depends heavily on prompt design and the inclu-
sion of few-shot examples. Appendix D contains
detailed performance results.

For comparison, we fine-tune two encoder mod-
els for binary hate speech classification on train

fine-tuned fine-tuned zero-shot few-shot
mDeBERTa  XLM-T prompting prompting
es 8145 82.78 64.79 68.90
% pt 7322 72.62 73.44 73.70
= hi  51.34 59.18 53.76 55.55
T ar 6834 70.31 70.61 67.36
g fr 5156 51.42 55.63 51.78
= it 79.71 78.82 75.86 79.00
& de  80.39 79.18 67.51 78.14
tr 9272 88.32 76.16 81.76
s e 6094 67.93 86.37 86.45
é pt  58.94 57.28 83.37 86.59
— hi 2491 23.26 65.95 66.61
g ar 2393 25.47 70.42 71.88
5 fr 2589 26.61 84.61 86.08
E it 54.07 52.05 78.54 87.08
de 7436 70.60 83.27 89.65

Table 2: Results (f1-macro) of fine-tuned encoder mod-
els vs. best zero-/few-shot prompting LLMs. The best
or near-best results for each language for both evalua-
tion setups are highlighted in bold.

sets of datasets using five random seeds and re-
port the average macro F1 scores. Table 2 summa-
rizes the performance of encoder models alongside
the best zero- and few-shot prompting results. On
real-world datasets, encoder models generally out-
perform LLM prompting across most languages,
benefiting from fine-tuning on task-specific data.
However, the trend reverses on functional tests,
where few-shot prompting often yields better re-
sults—highlighting the stronger generalization abil-
ity of large LLMs in controlled evaluation settings.

To understand when prompting is preferable, we
conducted additional experiments comparing en-
coder model performance at varying training set
sizes to that of prompting. Figure 1 presents re-
sults for three languages where prompting under-
performs compared to fine-tuned models. Depend-
ing on the language, prompting becomes compet-
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Spanish

750 1000 1250 1500 1750 2000 0 250 500
Train Size

Hindi — = Zero-shot

750 1000 1250 1500 1750 2000 0 250 500
Train Size

German

== Zero-Shot
— - Few-Shot
XLMT

750 1000 1250 1500 1750 2000
Train Size

Figure 1: Performance of zero-/few-shot prompted LLMs vs. fine-tuned XLM-T across varying training sizes.

itive when training data is limited—for example,
with 100-200 examples in Spanish, 300—400 in
Hindi, or 600-700 in German. Beyond that, fine-
tuning generally yields better performance. See Ap-
pendix C for more results across other languages.

8 Conclusion

In this study, we explore the capabilities of multi-
lingual instruction-tuned LLMs in detecting hate
speech across eight non-English languages. The
findings suggest that different prompting tech-
niques work better for different languages, indi-
cating that it is beneficial to experiment with var-
ious prompt designs when addressing a new lan-
guage. In real-world scenarios, where the data is
more culturally dependent, prompting LLMs is less
effective than training encoder models with task-
specific data. However, in functional hate speech
tests, LLMs tend to perform better and offer more
flexibility. Incorporating few-shot examples into
prompts in such cases may further enhance the
LLMs’ performance.

Limitations

One unavoidable limitation of our work is the num-
ber of multilingual instruction-tuned LLMs we
were able to include. Given the rapid growth and
proliferation of generative AI models, new LLMs
are continually emerging. However, due to re-
source and time constraints, we were unable to
include more models in our evaluation. We also
did not fine-tune the instruction-tuned LLMs to
better adapt them to our datasets.

A second limitation concerns the additional con-
textual information available for prompt construc-
tion. Most of our datasets included only the text,
label, and language, but lacked richer metadata. In-
corporating information such as the targeted group
of the hate speech, the context in which it occurred,
or the domain of the text could potentially improve

model performance (Roy et al., 2023).

Finally, while we incorporated a wide range
of carefully designed prompt variations to probe
model behavior, our set of prompt configurations
is not exhaustive. Alternative formulations or edge
cases may exist that we have not explored. There-
fore, our findings should be interpreted as indica-
tive rather than definitive.
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A Model and Training Details
A.1 Instruction-tuned LLLM Setup

To select suitable instruction-tuned multilingual
LLMs, we first conducted a brief experiment to
ensure that their safety tuning would not inter-
fere with hate speech classification. Our goal
was to evaluate detection capabilities, not robust-
ness to jailbreak attempts. We excluded models
such as mTO-large (Muennighoff et al., 2023b),
Ministral-8B-Instruct (Al, 2024), and Teuken-7B-
instruct (Al et al., 2024) that failed to follow in-
structions reliably. We used the transformers
library to load and run models in inference mode,
generating binary outputs (yes or no). We set
max_new_tokens=10, do_sample=False, and left
temperature/top-k/top-p unset. Batch size and max
sequence length varied depending on the prompt
and model.

A.2 Encoder Model Training

For training the encoder-based models, in addi-
tion to the previously mentioned 2,000-sample test
set, we randomly held out 500 samples for vali-
dation and used the remaining data for training.

Models were fine-tuned for 10 epochs using the
transformers Trainer, with a batch size of 16
and max sequence length of 128. Default settings
were used for the learning rate, optimizer, and
scheduler.

A.3 Data Formatting

Most datasets used were binary hate vs. non-hate
classification tasks. Any remaining datasets, such
as German and Turkish ones, were also converted
to this binary format to ensure consistency. The
datasets we used in this study are legally licensed
and permitted for use in research projects.

A.4 Model Size and Budget

Experiments with instruction-tuned
LLMs—LLaMA33, Qwen2.5%, Ayal01°, and
BloomZ®—were primarily conducted on NVIDIA
RTX A6000 servers in inference mode, with no
parameter updates during prompting. In contrast,
fine-tuning of encoder models was performed on
NVIDIA GeForce GTX 1080 Ti GPUs, where all
model parameters were updated during training.
The mDeBERTa’ has approximately 86 million
parameters, while XLM-T? consists of around 279
million parameters. All models used in this study
were sourced from Hugging Face and are licensed
for legal use in academic research.

Shttps://huggingface.co/meta-1lama/Llama-3.
1-8B-Instruct
4https://huggingface.co/Qwen/QwenZ.
5-7B-Instruct
5https://huggingface.co/CohereLabs/aya—101
6https://huggingface.co/bigscience/bloomz—7b1
"https://huggingface.co/microsoft/
mdeberta-v3-base
8https://huggingface.co/cardiffnlp/
twitter-xlm-roberta-base
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B Prompts Details

You can find the zero-shot prompt texts in Table 3and Table 4 and the few-shot prompt texts in Table 5. In
these tables, "CoT" refers to chain-of-thought prompting, and "NLI" refers to prompts guided by natural
language inference. The "+" symbol indicates a combination of the two prompt types. Dataset instances
are enclosed in {text}. The placeholders {yn1} and {yn2} correspond to the expected outputs ("yes"
and "no"), which were randomly swapped to reduce positional bias. The input language is represented as
{language}, and if the prompt requires few-shot examples, they are inserted in {examples}.

In our few-shot experiments, we retrieve 1, 3, or 5 examples per class from the training set and include
them in the prompt to guide the model’s predictions. For example, a 5-shot setting includes five hate
and five non-hate examples, interleaved by class (e.g., one hate, one non-hate), resulting in a total of 10
examples. While we experimented with using more than five examples per class, context length limitations
and computational constraints prevented us from applying this to all prompts and models.

C Comparing Prompting and Fine-tuning Under Varying Data Conditions

Figure 2 illustrates the performance of the XLM-T model fine-tuned on training sets ranging from 10 to
2,000 instances across various languages, alongside the best zero-/few-shot results from instruction-tuned
LLMs. Notably, in Portuguese, Arabic, French, and Italian, zero- or few-shot prompting matches or
exceeds the performance of XLM-T even when trained on 2,000 labeled examples. In other languages,
prompting performs competitively when training data is limited, offering a strong alternative in low-
resource settings. As expected, fine-tuning generally surpasses prompting when sufficient labeled data is
available, highlighting a practical trade-off between data availability and model adaptation strategy.

Zoo | 2o f oo o /
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(e) French (f) Italian (g) German (h) Turkish

Figure 2: Performance of zero-/few-shot prompted LLMs vs. fine-tuned XLM-T across varying training sizes.

D Full Prompting Results

The complete results for Spanish and Hindi are shown in Table 6. Italian and German results are in
Table 7, Arabic and French in Table 8, and Portuguese in Table 9. The zero-shot and few-shot results for
each language in both evaluation setups for each LLM are highlighted in bold. The symbol ‘—’ indicates
failure due to excessive prompt length or runtime issues.
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Prompt Type

Prompt Text

Vanilla

Classification

Definition

CoT

NLI

Role Play

Cultural

Cultural + Defini-

tion

Role Play + CoT

Cultural + CoT

Is the following comment hateful? Respond only with {ynl} or {yn2}. Don’t provide explanations or
any other information.
Comment: "{text}". Answer:

Classify the following comment as either hateful or non-hateful. Respond with yes for hateful and no
for non-hateful. Answer only {ynl} or {yn2}. Don’t provide explanations or any other information.
Comment: "{text}". Answer:

Hate speech is language that expresses discrimination, hostility, or violence against individuals or
groups based on race, religion, ethnicity, nationality, gender, sexual orientation, or disability. Does the
following comment contain hate speech? Answer only {ynl} or {yn2}. Don’t provide explanations or
any other information.

Comment: "{text}". Answer:

Analyze the following comment step by step to determine if it contains hate speech.

Step 1: Identify if the comment targets a specific person or group based on race, religion, ethnic origin,
national origin, sex, disability, sexual orientation, or gender identity. If no target is identified, the
comment is not hate speech.

Step 2: Assess whether the language expresses hostility, discrimination, incitement to violence,
dehumanization, or derogatory stereotypes toward the target.

Step 3: Based on the above steps, conclude whether this is hate speech.

Answer only {ynl} or {yn2}. Don’t provide explanations or any other information.

Comment: "{text}". Answer:

Premise: "{text}"

Hypothesis: "This statement contains hate speech as defined by social and legal standards."

Does the premise entail the hypothesis? Don’t provide explanations or any other information. Answer
only {ynl} or {yn2}. Answer:

You are a community moderator responsible for ensuring compliance with hate speech policies.
Analyze the following text and determine if it violates the guidelines.

Text: "{text}"

Does this text violate the community’s hate speech policy? Don’t provide explanations or any other
information. Answer only {ynl} or {yn2}. Answer:

Hate speech is defined as language that expresses discrimination, hostility, or violence against
individuals or groups based on race, religion, ethnicity, nationality, gender, sexual orientation, or
disability.

Analyze the following text written in {language} considering cultural context, idioms, and societal
norms of {language }-speaking communities. Does this text contain hate speech?

Don’t provide explanations or any other information. Answer only {ynl} or {yn2}.

Text: "{text}". Answer:

Hate speech is defined as language that expresses discrimination, hostility, or violence against
individuals or groups based on race, religion, ethnicity, nationality, gender, sexual orientation, or
disability.

Analyze the following text written in {language} considering cultural context, idioms, and societal
norms of {language}-speaking communities. Does this text contain hate speech?

Don’t provide explanations or any other information. Answer only {ynl} or {yn2}.

Text: "{text}". Answer:

You are a community moderator responsible for enforcing hate speech policies. Analyze the following
comment step by step to determine if it violates these policies.

Step 1: Identify any offensive or harmful language targeting a person or group.

Step 2: Assess if the language attacks are based on attributes such as race, religion, ethnic origin,
national origin, sex, disability, sexual orientation, or gender identity.

Step 3: Determine if the comment violates the community’s hate speech policy.

Does this comment violate the community guidelines on hate speech? Answer only {ynl} or {yn2}.
Don’t provide explanations or any other information.

Comment: "{text}". Answer:

Analyze the following text written in {language} step by step, considering cultural context, idioms,
and societal norms in {language }-speaking communities.

Step 1: Identify any offensive or harmful language targeting a person or group.

Step 2: Determine if the language attacks are based on attributes such as race, religion, ethnic origin,
national origin, sex, disability, sexual orientation, or gender identity.

Step 3: Conclude whether it is hate speech.

Does this text contain hate speech? Don’t provide explanations or any other information. Answer
only {ynl} or {yn2}.

Text: "{text}". Answer:

Table 3: Zero-shot prompt templates for hate speech detection in eight non-English languages (part 1).
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Prompt Type

Prompt Text

Target

Impact

Translation

Distinction

Identify the target group, if any, in the following comment. Then, determine if it contains hate speech.
Does it contain hate speech? Answer only {ynl} or {yn2}.
Comment: "{text}". Answer:

Consider the context of the following comment, including the target audience and potential impact.
Does this comment contain hate speech?

Answer only {ynl} or {yn2}. Don’t provide explanations or any other information.

Comment: "{text}". Answer:

Translate the following text from {language} to English: Text: "{text}"

Now, classify the text as either hateful or non-hateful. Don’t provide explanations or any other
information.

Respond with yes for hateful and no for non-hateful. Answer:

Considering the following definitions, tell me if the given comment contains hate speech?

- Hate Speech: Attacks, dehumanizes, incites violence, or promotes discrimination against a group
based on identity (e.g., race, religion, gender, etc.).

- Toxic Language: Aggressive, harassing, or harmful speech, but not necessarily identity-based.

- Offensive Language: Rude or impolite but does not incite harm or target a group.

Answer only {ynl} or {yn2}. Don’t provide explanations or any other information.

Comment: "{text}". Answer:

Table 4: Zero-shot prompt templates for hate speech detection in eight non-English languages (part 2).

Prompt Type

Prompt Text

Few Shot

Few Shot + CoT

Few Shot + Role
Play

Few Shot + Cultural

Few Shot + Defini-
tion

Consider following examples:

{examples}

Now, classify this comment as either hateful or non-hateful:

Comment: "{text}"

Respond with yes for hateful and no for non-hateful. Answer only {ynl} or {yn2}. Don’t provide
explanations or any other information. Answer:

Here are some examples of comments and their classifications as yes if it is hateful or no if not:
{examples}

Now, analyze the following comment step by step and determine if it is hateful.

Step 1: Identify any offensive or harmful language targeting a person or group.

Step 2: Determine if the language attacks are based on attributes such as race, religion, ethnic origin,
national origin, sex, disability, sexual orientation, or gender identity.

Step 3: Conclude whether it is hate speech. Don’t provide explanations or any other information.
Answer only {ynl} or {yn2}. Don’t provide explanations or any other information.

Comment: "{text}". Answer:

As a community moderator, you have previously handled the following cases they including hate
speech or not:

{examples}

Based on these examples, analyze the following comment and determine if it violates the community’s
hate speech policy.

Don’t provide explanations or any other information. Answer only {ynl} or {yn2}.

Comment: "{text}". Answer:

Here are examples of comments in {language} and their classifications as yes if it is hateful or no if
not:

{examples}

Now, analyze the following comment written in {language} and determine if it is hateful. Is this
comment hateful?

Don’t provide explanations or any other information. Answer only {ynl} or {yn2}.

Comment: "{text}". Answer:

Hate speech is defined as language that expresses discrimination, hostility, or violence against
individuals or groups based on race, religion, ethnicity, nationality, gender, sexual orientation, or
disability. Here are some examples:

{examples}

Is this comment hateful? Comment: "{text}"

Don’t provide explanations or any other information. Answer only {ynl} or {yn2}. Answer:

Table 5: Few-shot prompt templates for hate speech detection in non-English languages.
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Bas19_es

Has21_hi

Real-world test sets

Functional test sets

Real-world test sets

Functional test sets

llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen
Vanilla 40.14 6256 4447 6226 8637 67.33 3630 84.39 25.00 36.17 48.06 33.25 40.56 42.13 23.89 64.11
Classification 63.13 60.16 54.50 62.64 8392 39.06 38.53 8I.16 3248 4733 35.13 31.87 6531 5508 3341 65.27
Definition 6221 63.68 5598 4235 8279 58.71 64.88 80.46 31.67 3348 44.11 3198 6527 6033 5094 65.41
CoT 50.65 37.19 50.26 4258 3359 28.08 60.44 55.58 52.09 2041 21.60 36.10 39.86 27.02 50.56 64.35
Cultural 57.54 60.62 48.66 63.08 69.72 59.04 29.33 48.79 23.67 3450 51.33 3249 57.04 59.43 3026 52.11
NLI 47.68 3574 58.66 1850 25.18 37.76 5790 28.44 3379 3484 5093 3236 23.18 31.51 4725 3041
Role Play 58.99 60.68 5590 43.79 78.03 4425 56.81 55.39 29.63 30.72 49.59 3254 59.60 58.19 51.99 56.57
Cultural + Defi- 57.54 60.65 54.15 4243 7673 51.08 53.11 47.35 2625 4259 36.01 2830 6431 61.72 37.59 64.08
nition
Role Play + CoT 5542 2690 29.58 59.92 7425 4194 4127 73.87 3542 9.09 1055 46.55 59.69 46.06 41.10 63.30
Cultural + CoT 59.06 47.15 30.61 60.57 61.37 4220 4127 72.68 3430 2472 1939 4238 39.13 5539 41.10 57.53
Target 41.03 3741 36.82 64.77 4791 30.61 23.38 81.28 2923 11.00 4728 32.53 40.79 17.42 2320 64.20
Impact 60.83 4049 46.25 61.74 8034 42.69 4490 82.52 2930 30.40 47.00 3240 62.88 3829 2539 55.29
Translation 5591 39.05 35.89 64.79 71.84 4442 40.50 76.16 18.36  33.86 14.72 3420 65.19 40.75 30.65 51.55
Distinction 62.80 6294 36.80 6342 78.06 73.19 23.53 78.38 49.00 - 47.17 53,76 6148 6595 23.15 62.02
Few Shot 1 44776 2342 4476 42.11 86.44 2846 3441 5374 3449 956 43.64 2747 4383 2541 2372 4141
ew Sho 5 4785 - 50.78 4533 58.63 - 58.81 56.90 37.02 - 4752 30.77 44.10 - 2320 63.40
Few Shot + 1 6444 28.09 5427 6434 8293 3259 3554 80.68 5490 - 4549 49.57 6433 1892 24.66 63.65
CoT 5 68.89 - 55.15 68.90 8645 - 38.36  84.03 - - 4827 49.61 4435 - 24.67 63.19
Few Shot + 1 43.61 3755 57.06 6644 5586 37.88 36.83 81.60 50.63 19.46 4645 2935 64.46 3563 2372 4236
Role Play 5 46.01 - 5325 4588 5629 - 29.77 83.45 5555 - 4833 3339 6044 - 2320 66.61
Few Shot + 1 6525 4251 58.71 64.41 8489 42.88 43.10 81.03 3433 2595 40.83 29.99 6536 34.10 24.84 4236
Cultural 5 68.35 - 57.82 4528 8494 - 45.03 82.99 36.01 - 4598 2826 62.78 3932 27.30 4248
Few Shot + 1 64.25 41.09 5240 64.83 8253 4199 29.18 80.06 3475 24.03 4722 2875 44.14 4086 2341 6593
Definition 5 66.85 - 48.85 66.94 8359 - 25.00 86.43 4781 - 48.61 32.69 4240 - 2320 6522
Table 6: Complete Zero- and Few-shot Prompting Results for Spanish & Hindi.
San20_it Gahd24_de
Real-world test sets Functional test sets Real-world test sets Functional test sets
llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen
Vanilla 4831 74.82 43.65 46.18 5740 69.28 24.06 53.50 4830 67.51 2643 4841 8238 66.35 24.58 54.50
Classification 5091 50.58 39.35 4943 7494 4021 2747 77.69 50.04 43.71 31.53 49.68 85.86 38.50 28.89 49.53
Definition 49.03 74.51 37.87 47.04 5543 58.70 4945 7697 4838 45.75 35.67 49.19 52.03 61.34 42.60 75.28
CoT 54.55 - 55.50 4545 30.15 27.66 50.09 77.93 44.08 - 38.36 48.52 7553 28.61 4921 52.80
Cultural 46.77 48.64 31.73 50.67 6823 6241 25.68 48.10 4325 4458 27.63 4599 6148 58.14 2542 50.15
NLI 3290 4521 40.04 1929 2329 3587 3756 28.73 26.09 34.09 30.88 10.56 2537 4035 36.26 30.81
Role Play 4894 70.55 35.64 5048 78.54 4400 55.15 51.08 50.16 43.81 37.14 4843 80.03 47.56 51.75 53.02
Cultural + Defi- 4594 44.09 35.84 51.15 79.72 5220 4232 7731 46.44 4355 3220 48.08 66.55 65.15 33.57 77.42
nition
Role Play + CoT 65.68 - 2945 7255 77.60 42779 41.18 73.48 4381 - 1995 4954 71.10 44.82 41.16 7047
Cultural + CoT 4933 51.09 3399 7334 40.61 43.04 41.18 71.42 26.78 - 2030 48.09 71.80 47.64 41.16 7043
Target 4696 35.00 24.51 49.85 4523 3049 23.08 78.35 39.32 3432 2425 5019 37.06 31.22 23.15 75.62
Impact 4751 4937 2536 44.80 72.63 42.09 31.85 73.63 48.33 43.55 2525 4555 8327 38.38 2499 82.64
Translation 4344 4530 25.80 5036 7445 4491 3515 71.87 4836 3533 27.39 45.65 71.02 4371 3296 7545
Distinction 7586 - 36.81 71.52 7531 7125 23.16 75.16 - - 2438 49.82 7594 72.64 23.16 70.20
Few Shot 1 7397 2840 51.31 4858 56.12 28.76 37.03 47.82 74.67 24.05 5592 4398 8492 2850 4251 36.61
5 4871 32.08 58.74 52.05 8295 3140 41.13 53.11 77.07 2870 5592 49.85 8837 29.07 47.02 55.25
Few Shot + 1 73.16 1536 52.89 73.54 82.10 22.09 3391 79.35 76.16 - 5244 7626 84.12 2856 35.69 8143
CoT 5 76.18 - 51.03 76.57 87.08 - 4590 83.00 - - 58.66 77.04 88.39 - 48.26 85.19
Few Shot + 1 48.58 29.21 47.66 7391 5433 3340 3491 80.15 50.69 27.52 58.60 76.24 58.16 27.61 47.70 80.10
Role Play 5 4835 - 56.00 50.76 80.08 33.97 3565 8145 51.78 31.54 5733 7842 89.54 27.54 46.00 85.28
Few Shot + 1 74.83 3824 5557 7636 80.56 36.69 44.18 78.45 75.16 40.11 61.34 4936 86.67 34.58 54.07 80.87
Cultural 5 7143 - 55.14 79.00 77.65 37.93 49.17 80.50 78.14 43.16 64.40 51.28 89.65 - 57.25 83.44
Few Shot + 1 74.44 33.00 4238 71.16 82.79 37.03 28.80 80.12 4796 36.84 5091 77.22 8253 31.36 37.05 8l1.14
Definition 5 47.04 - 46.55 7791 7832 3755 2932 84.17 7321 3792 5724 7155 8643 30.77 4827 86.62

Table 7: Complete Zero- and Few-shot Prompting Results for Italian & German.
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QOus19_ar

Ous19_fr

Real-world test sets

Functional test sets

Real-world test sets

Functional test sets

llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen llama3 ayalOl bloomz qwen
Vanilla 27.63 51.61 5127 6041 42.87 6299 3389 7042 28.73 46.15 48.28 49.75 84.61 66.78 38.11 82.06
Classification 62.66 4490 5633 5634 6122 38.01 5029 6851 50.51 3937 4934 43.81 8331 4257 4740 52.05
Definition 50.72 52.63 5034 61.87 61.71 62.50 62.08 68.98 20.85 47.88 48.87 46.73 5499 59.58 63.10 77.59
CoT 60.70 29.24 31.17 6436 3920 27.64 57.66 68.65 5522 2418 3836 5374 61.34 29.79 63.34 8125
Cultural 51.12 4755 4448 6721 57.79 57.68 36.62 60.16 43.07 36.21 50.75 49.73 72.65 59.52 3539 7251
NLI 4724 40.03 58.67 70.61 2340 27.66 47.06 47.01 49.36 3639 55.63 55.59 2420 41.15 60.28 61.88
Role Play 47774 4835 5099 64.71 62.05 47.67 56.32 6585 4778 4538 48.84 47.89 78.62 46.26 59.68 80.03
Cultural + Defi- 56.76 47.06 49.81 59.66 6143 61.16 4250 68.81 39.94 4452 52.84 44.68 7505 57.10 51.19 7732
nition
Role Play + CoT 4240 1376 1896 49.56 61.35 41.82 41.13 64.75 3875 1631 942 3567 7683 4239 41.15 72.19
Cultural + CoT 4344 36.26 20.62 5822 2792 59.06 41.13 64.57 38.87 3589 11.82 40.07 45.52 4343 41.15 70.81
Target 3442 1831 4337 61.86 3446 2339 2352 70.02 2795 1647 4726 45.13 4139 31.56 2400 77.76
Impact 3428 2870 43.86 6423 64.00 38.05 3690 63.18 3201 23.79 51.75 51.69 7852 4245 49.28 79.08
Translation 3446 4333 28.84 6646 5825 39.04 39.59 59.01 29.78 5344 2431 48.15 70.65 44.63 3499 49.06
Distinction 6045 64.67 4372 6047 60.52 62.54 24.52 69.48 51.62 53.09 4726 50.09 7692 7194 2798 74.19
1 60.26 17.79 57.82 59.47 6795 26.84 34.66 68.74 47.07 844 4631 45.19 8297 2855 37770 7741
Few Shot 3 61.56 18.78 59.29 64.62 64.13 2644 3553 65.89 4793 822 4633 4871 82.17 27.84 40.62 80.82
5 61.62 19.89 55.89 65.88 6339 2659 32.57 64.89 4890 8.52 49.61 51.78 82.83 2748 36.55 81.60
Few Shot + 1 64.55 1533 5346 60.73 62.66 2092 29.12 68.22 49.09 732 48.85 4331 8195 29.28 3559 78.13
CoT 3 65.79 - 5324 62.01 6321 16.11 37.23 68.04 5030 747 5095 4527 8332 29.12 43.76 80.68
0 5 65.06 15.19 5396 6233 63.55 10.62 3596 69.57 5126 675 51.13 4641 8381 2797 43.69 81.36
Few Shot + 1 59.63 1476 55.15 6230 43.62 22.15 40.11 69.26 4487 9.75 4891 4639 5535 3094 4137 8028
l::)VleP;)a 3 62.06 14.69 55.66 61.60 6516 2392 3641 68.79 49.36 8.10  50.55 4690 83.50 30.67 36.53 81.62
Y 5 63.05 1547 55.63 6354 6274 25.67 33.05 68.26 49.57 886 50.71 47.14 8437 31.12 3279 82.61
Few Shot + 1 62.36 2320 56.74 6337 63.00 31.17 42.09 66.01 4642 19.10 45.63 4746 5525 3790 5359 52.19
Cvfjltural 3 65.82 23.12 5742 64.06 59.52 38.55 48.68 66.48 4779 1726 44.61 3229 82.68 41.68 59.97 79.99
5 66.93 22.68 5574 64.62 57.88 40.59 47.80 66.14 49.69 1579 4851 4923 5547 41.57 60.27 80.88
Few Shot + 1 63.17 14.66 52.14 5441 6544 3095 29.66 71.40 5033 9.76 5210 40.10 7991 3442 33.17 7751
Definition 3 64.71 14.17 5424 5882 61.50 31.03 30.11 71.88 50.07 14.65 50.28 4229 82.15 3430 37.70 8237
© N 5 63.78 1430 55.00 60.68 58.96 31.60 2831 71.59 51.53 1476 50.74 4330 8244 3338 38.04 86.08
Table 8: Complete Zero- and Few-shot Prompting Results for Arabic & French.
Real-world test sets Functional test sets
llama3 ayalOl bloomz qwen  llama3 ayalOl bloomz qwen
Vanilla 44.98 71.08 45.00 42.72 82.71 64.93 42.98 56.25
Classification 67.05 45.70 39.12  70.63 83.37 34.35 28.83  79.50
Definition 45.83 71.51 63.92 66.00 79.25 55.36 66.04 79.50
CoT 50.22 41.54 56.89 36.01 48.04 28.44 61.43 82.15
Cultural 67.64 67.68 49.39 66.97 76.88 56.38 37.26 75.78
NLI 49.54 41.36 53.68 8.51 3547 40.45 58.81 37.60
Role Play 70.79 65.33 58.76 41.59 82.22 43.78 56.03 55.16
Cultural + Definition 63.29 60.29 48.28 69.49 69.82 48.01 50.48 78.71
Role Play + CoT 67.14 40.57 24.01 73.44 72.82 42.30 41.15 73.05
Cultural + CoT 4591 55.23 35.90 72.06 78.14 4191 41.25 73.22
Target 44.27 38.33 40.62 67.79 46.38 27.97 24.57 80.58
Impact 66.05 46.03 30.90 57.51 81.22 40.76 52.24 79.48
Translation 69.40 63.96 43.74 60.41 76.44 45.83 41.49 75.05
Distinction 69.82 67.11 40.62 59.75 78.30 72.39 25.36 77.36
1 46.16 21.18 49.97 70.60 85.80 28.94 45.59 51.28
Few Shot 3 46.13 21.07 55.92 70.19 86.59 29.30 65.08 53.12
5 47.00 21.19 59.69 70.39 57.48 29.44 68.70 53.59
Few Shot + 1 70.63 26.28 53.76 72.55 83.78 27.66 33.75 78.71
T 3 7235 2878 5527 7234 8425 2609 4263  79.99
5 72.98 25.80 55.23 72.53 84.22 22.55 44.59 80.57
1 46.35 3291 55.36 70.74 56.07 30.08 40.13 53.55
Few Shot +
Role Pla 3 69.63 33.24 54.29 72.36 83.32 31.57 38.86 82.38
Y 5 69.78 31.40 52.23 72.56 83.82 31.31 3593 83.29
Few Shot + 1 71.81 44.30 60.42 70.64 85.14 42.58 49.75 80.05
eC It 01 3 72.24 44.60 60.78 70.47 84.72 42.70 55.90 80.84
uitura 5 7370 4388 6054 7113 8478 4230 5555 8216
1 71.06 33.39 50.79 71.74 83.19 45.67 37.20 80.40
Few Shot +
Definiti 3 70.55 32.86 52.60 71.42 84.42 33.07 37.52 82.82
chmtion 5 7142 3241 5150 7159 8472 3254 3651 84.08

Table 9: Complete Zero- and Few-shot Prompting Results for Portuguese.
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