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Abstract

Warning: This paper contains examples of
hate speech, which may be disturbing or offen-
sive to some readers.

While large language models (LLMs) have in-
creasingly been applied to hate speech detoxifi-
cation, the prompts often trigger safety alerts,
causing LLMs to refuse the task. In this study,
we systematically investigate false refusal be-
havior in hate speech detoxification and analyze
the contextual and linguistic biases that trigger
such refusals. We evaluate nine LLMs on both
English and multilingual datasets, our results
show that LLMs disproportionately refuse in-
puts with higher semantic toxicity and those
targeting specific groups, particularly national-
ity, religion, and political ideology. Although
multilingual datasets exhibit lower overall false
refusal rates than English datasets, models still
display systematic, language-dependent biases
toward certain targets. Based on these find-
ings, we propose a simple cross-translation
strategy, translating English hate speech into
Chinese for detoxification and back, which sub-
stantially reduces false refusals while preserv-
ing the original content, providing an effective
and lightweight mitigation approach.

1 Introduction

While hate speech has become increasingly preva-
lent on online platforms (Yuan et al., 2022; Khu-
rana et al., 2025), automatically rewriting such con-
tent to preserve semantic meaning while remov-
ing toxicity, i.e., hate speech detoxification, has
emerged as a promising mitigation strategy, aiming
to transform rather than filter harmful text (Lo-
gacheva et al., 2022; Dementieva et al., 2024). As
a form of text style transfer, detoxification rewrites
a toxic span into a neutral or polite form while pre-
serving its original intent and information (Tran
et al., 2020). In practice, detoxification can sup-
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Detoxify this sentence while preserving its
meaning:
These f***ts ruin everything. Pride month is

I’'m sorry, but | can’t help rewrite or A

modify hateful or discriminatory '

content. | cannot assist in generating or

transforming offensive language.
Figure 1: An example of false refusal behavior of LLM
to detoxify hate speech targeting to queer people. While
the hate speech itself is offensive and unsafe, the instruct
is safe and LLM is supposed to fulfill the request but it
still reject.

o

Id all just disapy

port content moderation by suggesting neutral para-
phrases instead of simply deleting posts, thereby
preserving user intent and dialogue flow while
reducing harmful wording (Habibi et al., 2024).
It can also help curate safer research corpora at
scale for downstream NLP training (Yu et al., 2025;
Yuan et al., 2025b). With the widespread adoption
of Large Language Models (LLMs), detoxifica-
tion can be performed directly through instruction-
following prompts that request models to rewrite
toxic content (Lai et al., 2024).

However, contemporary LLMs are heavily
aligned to safety and ethical guidelines. Align-
ment efforts such as Reinforcement Learning from
Human Feedback (RLHF) (Bai et al., 2022) train
models to reject unsafe inputs but introduce a ten-
sion between safety and helpfulness: excessive
safety alignment can result in over-refusal, where
models decline benign or legitimate requests (Chua
et al., 2024; Fang et al., 2025). In the context of
detoxification, this manifests when models refuse
to rewrite hate speech because the toxic input itself
triggers safety filters, even though the user intent
is explicitly to mitigate harm (Yuan et al., 2025b).
As illustrated in Figure 1, this phenomenon, of-
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ten referred to as false refusal behavior, describes
cases where models over reject inputs that should
be permissible (Rottger et al., 2024).

Prior work has benchmarked LLMs and cat-
egorised false refusals into several classes, and
detoxification is situated in the category of safe in-
struction but sensitive content (Yuan et al., 2025c¢).
However, a deeper investigation of false refusal
behavior within detoxification remains missing.
Moreover, emerging evidence suggests that false re-
fusals are not uniformly distributed. Inputs that con-
tain particular dialects, identity related expressions,
or sociopolitical references are disproportionately
refused, raising concerns regarding fairness and
representational harm (Lu et al., 2025; la Pena Sar-
racen and Rosso, 2023; Garg et al., 2023).

Given the increasing use of LLMs to improve
the online environment by reducing harmful con-
tent, analysing the bias in false refusal behavior
for detoxification is important. Such analysis of-
fers guidance for developing models that are both
helpful and safe and provides insight into how false
refusal can be mitigated within this specific task set-
ting. In this work, we present a systematic analysis
of false refusal behavior in LLMs for hate speech
detoxification. We first evaluate detoxification re-
fusal rates and collect the rejected samples. We
then analyze and quantify the biases underlying
these refusals from both contextual and linguistic
perspectives. Contextually, we examine toxicity
scores, the presence of swear words, and the as-
sociated bias categories annotated using the Holis-
ticBias framework (Smith et al., 2022). Linguis-
tically, we analyze sentence length and syntactic
complexity.

Experiments on nine LLMs show that all models
exhibit notable refusal rates to hate speech detox-
ification, ranging from 3% to 32%. Our analysis
reveals that false refusals are strongly associated
with specific contextual cues, indicating underlying
bias in current safety mechanisms. In particular,
the models systematically tend to reject detoxifi-
cation requests more often when the hate speech
targets specific groups, with nationality, religion,
and political ideologies being the most frequently
rejected categories.

We further extend our analysis to multilingual
hate speech, including French, Spanish, German,
Chinese, and Korean. While the overall refusal
rate is lower for most languages compared with En-
glish, bias remains present and continues to dispro-
portionately affect certain target groups. Political

ideologies is the most strongly affected category in
French, Spanish, Chinese, and Korean.

Based on these findings, we propose a cross-
translation mitigation strategy for hate speech
detoxification that translates English inputs into
Chinese, performs detoxification, and then trans-
lates the outputs back into English, as Chinese ex-
hibits the lowest refusal rate among the evaluated
languages. This simple strategy reduces the false-
refusal rate from 11.78% to 1.09% while main-
taining toxicity scores and swear-word prevalence
comparable to the original content.

In summary, our contributions are threefold:

* We systematically evaluate false-refusal be-
havior in LLM-based hate speech detoxifica-
tion across nine LL.Ms in English and five
multilingual settings.

* We analyze and quantify biases in false re-
fusals, showing that they are strongly associ-
ated with specific contextual cues and dispro-
portionately affect content targeting national-
ity, religion, and political ideologies.

* We propose a simple yet effective cross-
translation strategy that substantially reduces
false-refusal rates while maintaining detoxifi-
cation quality.

2 Related Work

Hate Speech and Detoxification Hate speech
targets individuals or groups based on protected
attributes such as race, gender, religion, or sexual
orientation, posing persistent challenges for online
moderation (Yin and Zubiaga, 2021; Yuan et al.,
2025d). The scale and diversity of user generated
content has driven extensive research on automated
hate speech detection and mitigation, yet effective
moderation remains difficult due to contextual am-
biguity and pragmatic nuance (Jahan and Oussalah,
2023).

Recent advances in LLMs enable more fluent
and semantically faithful rewriting, framing detox-
ification as a form of text style transfer that re-
moves toxicity while preserving meaning (Jin et al.,
2022; Logacheva et al., 2022). Prior work has
explored dedicated detoxification corpora, cross
lingual detoxification via translation, and seman-
tic consistency constraints to maintain content fi-
delity (Neplenbroek et al., 2025; Khondaker et al.,
2024). Despite these improvements, detoxification
systems continue to exhibit over correction and
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refusal behavior, particularly for inputs involving
sociolinguistic variation or culturally sensitive ex-
pressions (Yu et al., 2025).

Large Language Model Safety and Bias Large
language models raise significant safety concerns,
including harmful generation, adversarial vulnera-
bility, and representational bias (Shi et al., 2024; Ge
et al., 2024). These risks are widely recognised as
socio technical, arising from interactions between
training data, optimisation objectives, deployment
settings, and governance mechanisms (Chua et al.,
2024). Although safety alignment techniques re-
duce harmful outputs under standard conditions,
they remain brittle under distribution shift, and
even aligned models are vulnerable to jailbreak
attacks due to competing objectives and limited
generalisation (Wei et al., 2023).

An important consequence of safety alignment is
false refusal behavior, where models decline benign
or contextually appropriate prompts. Its prevalence
has been demonstrated across diagnostic bench-
marks: Rottger et al. (2024) show that models fre-
quently refuse unambiguously safe prompts con-
taining ambiguous lexical cues, while Cui et al.
(2024) scale this analysis to large sets of pseudo
toxic but harmless inputs. Dinan et al. (2022) fur-
ther propose dynamic evaluations that generate
model specific benign prompts likely to trigger re-
fusals.

Despite these advances, most prior work ad-
dresses oversensitivity in aggregate rather than its
disparate impact. Detoxification systems have been
shown to underperform on African American En-
glish and other minority dialects, disproportion-
ately marginalising these varieties (Xu et al., 2021).
While bias aware reward modelling seeks to sep-
arate harmful toxicity from neutral identity refer-
ences (Faal et al., 2023), systematic analyses of
bias in false refusal behavior remain limited. Ad-
dressing this gap, our work examines how LLMs
over refuse detoxification tasks and analyse the
underlying bias.

3 Problem Formulation

Let M denote a large language model for hate
speech detoxification. Given an input z € X, the
model produces an output y = M (z) € ), where
each input x consists of (i) a detoxification instruc-
tion and (ii) a content segment that may contain
toxic, abusive, or offensive language. In this set-
ting, the presence of toxic content is expected and

does not alone justify refusal.

Content Toxicity. We define a content toxicity
function

t: X —{0,1},

where t(x) = 1 indicates toxic or hateful content
and t(x) = 0 indicates non-toxic content.

Task Admissibility. We define a task-conditional
admissibility function

g:X —{0,1},

where g(z) = 1 denotes inadmissible instruc-
tions (e.g., endorsing hate or inciting harm) and
g(x) = 0 denotes benign, admissible detoxifica-
tion requests, regardless of whether ¢(x) = 1.

Model Refusal Behavior.
function

We define a refusal

r:Y — {0,1},

where r(y) = 1 indicates refusal and r(y) = 0 in-
dicates a compliant detoxified output. A full refusal
occurs when r(M(z)) = 1.

False and Correct Refusals
defined as

A false refusal is

F={zeX|gle)=0Ar(M) =1},

corresponding to refusals on admissible inputs,
while a correct refusal is defined as

C={zeX|glx)=1Ar(M(x)) =1},
where refusal aligns with task-level safety require-

ments. In addition to full refusals, We define a
partial-refusal indicator

s:Y —{0,1},
where s(y) = 1 denotes extraneous safety or moral-

izing content. The set of partial refusals is defined
as

P={zeX|r(M(z)) =0As(M(x)) =1}.
Partial refusals reflect over-moderation that may af-

fect neutrality, fluency, or usability. We take partial
refusals as refusal behavior as well in this work.
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4 Experimental Setting

4.1 Dataset

We use both English and multilingual hate speech
datasets.! The English datasets include HateX-
plain (Mathew et al., 2021), ParaDetox (Logacheva
et al., 2022), and Davidson (Davidson et al., 2017).
The multilingual datasets include French, German,
Spanish (Tonneau et al., 2024), Chinese (Yang
et al., 2025b), and Korean (Park et al., 2023).

The datasets include labels ranging from offen-
sive to neutral. As a preprocessing step, we remove
samples labeled as "neutral" or "normal" from the
original datasets and only keep the toxic samples
for the experiments.

4.2 Models

We select nine LLMs of varying sizes and fami-
lies: GPT-40 mini, GPT-3.5 turbo (Achiam et al.,
2023), Llama-3.1 8B (Grattafiori et al., 2024),
Qwen 2.5 7B and 3 30B (Team et al., 2024b; Yang
et al., 2025a), Gemma 2 9B and 3 27B (Team
et al., 2024a, 2025), and Mistral 7B and Mixtral
8x7B (Jiang et al., 2023, 2024).

For the open-source models, we include both
small and large variants to systematically analyze
how model size affects bias in false refusal behavior
for the hate speech detoxification task.’

4.3 Hate Speech Detoxification Prompt

The prompt design is kept consistent across all mod-
els to ensure a fair assessment, as shown in Figure 2.
No additional instructions or constraints are intro-
duced beyond the core task formulation, allowing
us to observe each model’s inherent detoxification
behavior without external influence. Miscellaneous
generation parameters, such as the temperature, are
left at their default values. Furthermore, no explicit
system prompt is provided, enabling the models to
respond according to their native, unaltered align-
ment and safety configurations.

Detoxification Prompt

role: user,
content: Detoxify the text while preserving
the original meaning.

Figure 2: Prompt used for hate speech detoxification.

"Dataset statistics are presented in Appendix A.
The details of the LLMs are presented in Appendix B.

4.4 False Refusal Annotation

To systematically annotate the outputs of the hate
speech detoxification task, we employ Phi-4, de-
veloped by Microsoft (Blog, 2024), following the
LLM-as-a-Judge paradigm (Li et al., 2025; Yuan
et al., 2025a). The model is instructed to evalu-
ate whether the detoxified output is successful or
contains unnecessary moral advice or judgmental
language beyond the intended detoxification. To
ensure annotation quality, we conduct a human
evaluation on a subset of the samples. The inter-
annotator agreement results indicate moderate-to-
strong alignment between Phi-4 and human anno-
tators, which we consider sufficient for large-scale
false-refusal annotation. 3

4.5 HolisticBias Categorization

We adopt the HolisticBias (Smith et al., 2022) tax-
onomy to analyze the bias from a contextual per-
spective based on targeted social categories. Holis-
ticBias provides a comprehensive, human-curated
set of descriptor terms spanning 13 demographic
pillars, including race and ethnicity, gender and sex,
religion, socioeconomic status, ability, body type,
and age. Each pillar contains diverse identity de-
scriptors organized into property groups, enabling
fine-grained examination of model responses to
specific social identities.*

4.6 Bias Measurement

To compute the bias ratio for each category, we
first count the total number of samples in each
category for both the raw dataset (/N;*") and the
false refusals (Ngr), where Nygw = Zc N and
Ni = >, NE.

Next, we calculate the proportional share of cat-
egory c in the raw dataset and in the false refusals
as

raw fr
Praw_Nc pfr_Nc
c - ) c .
Nraw Nfr

Finally, the bias ratio for category c is defined as

fr
R, = e

~ praw’
Pc

where R, > 1 indicates that category c is overrep-
resented in false refusals, which reflects a bias in

3The details of the inter-annotator agreement for Phi-4 are
provided in Appendix C.

*An overview of the HolisticBias dataset with 13 axes can
be found in Appendix F. The original distribution of these
categories across the three English datasets is presented in
Appendix G.
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the model, and R. < 1 indicates that it is underrep-
resented.

5 Bias Analysis on English Datasets

5.1 Refusal Behavior in Detoxification

& & 8 & &
& & e o o &

Figure 3: Refusal rates of different LLMs on hate speech
detoxification tasks across English datasets.

Figure 3 presents the refusal rates of nine LLMs
evaluated on three English datasets. Refusal rates
vary substantially across both models and datasets.
For ParaDetox, all models exhibit relatively low re-
fusal rates, ranging from 3.7% (Mixtral) to 20.1%
(Gemma3 27B). Similarly, on Davidson, refusal
rates range from 2.7% (Qwen3 30B) to 16.9% (Mis-
tral). In contrast, HateXplain yields the highest
refusal rates across models, with several LLMs ex-
hibiting refusal rates around or above 20%, includ-
ing GPT-3.5 (19.4%), Mistral (26.4%), and Mixtral
(32.5%). This trend is likely due to the presence
of a large number of explicit identity and social-
group terms in HateXplain. Compared with the
other datasets, HateXplain contains substantially
more group identifiers, which may cause models to
systematically overestimate harmfulness and, con-
sequently, produce elevated false refusals.

Overall, these results indicate that LLMs exhibit
pervasive false refusal behavior in detoxification
tasks, largely independent of model size, model
Sfamily, or dataset.

5.2 Contextual Analysis

We perform a contextual analysis of falsely re-
fused samples to examine their toxicity levels, the
presence of swear words, and the distribution of
sociodemographic factors according to the Holis-
ticBias categories.

5.2.1 Toxicity Level

We compute the toxicity score of falsely refused
samples using the unbiased-toxic-roberta
model® (Hanu and Unitary team, 2020). As shown

5https://huggingface.co/unitary/
unbiased-toxic-roberta

in Figure 4, the toxicity scores of falsely refused
samples are generally higher than the average toxi-
city scores of the original datasets across almost all
models. For Davidson, the average toxicity score
of the full dataset is 0.8405, while all LLMs ex-
cept Mistral (0.8394) exhibit higher toxicity scores.
For ParaDetox, Mistral 7B and Gemma?2 9B show
lower toxicity scores than the dataset average; how-
ever, their absolute scores remain relatively high,
at 0.91 and 0.86. In contrast, false refusals on Ha-
teXplain exhibit lower toxicity scores than those
on the other two datasets, while being substantially
higher than the average toxicity level of the original
dataset. These results indicate that LLMs system-
atically tend to refuse inputs with higher semantic
toxicity during detoxification, reflecting a bias to-
ward over-rejecting more toxic content.

5.2.2 Swear Word Presence

We further examine whether the presence of swear
words acts as a trigger for false refusals.® As shown
in Figure 5, only about 50% of falsely refused sam-
ples in the Davidson dataset contain swear words.
For ParaDetox, approximately 60% of refused sam-
ples include swear words. And HateXplain exhibits
the lowest prevalence across all models, with only
around 20% of falsely refused samples containing
swear words. These results indicate that compared
to semantic toxicity, the presence of swear words
plays a less significant role in triggering false re-
fusals during detoxification.

5.2.3 Bias Categorization

We analyze bias in the targeted groups and con-
tent of falsely refused samples using HolisticBias,
implemented with Phi-4. Since a single input text
can reference multiple identity groups or contain
multiple lexical harms, and it is not always clear
which specific terms trigger false refusals, Phi-4 is
allowed to annotate multiple labels simultaneously.

The mean bias ratio for each category across
all nine models and three datasets is computed
to identify the most and least biased categories,
as shown in Figure 6. The bias ratios reveal
clear asymmetries in model behavior during hate
speech detoxification. Categories such as Nation-
ality (R, = 1.63), Religion (R, = 1.49), and Po-
litical Ideologies (R. = 1.36) exhibit the highest

Swear words are detected using Phi-4 as a binary classifi-
cation task, indicating whether a text contains swear words.

7 Additionally, the mean bias ratio for each model is cal-
culated for each category across all three English datasets, as
presented in Appendix H.
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Figure 4: Toxicity scores of false refused samples in English datasets.
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Figure 5: Percentage of falsely refused samples containing swear words across English datasets.

bias in false refusals, indicating that texts referenc-
ing these sociopolitically sensitive identities dis-
proportionately trigger LLM safety mechanisms,
reflecting an overcautious refusal tendency. Socioe-
conomic Class, Cultural, Sexual Orientation, and
Race/Ethnicity are also overrepresented, with R,
values ranging from 1.30 to 1.16.

In contrast, categories such as Gender and
Sex (R, = 0.81), Body Type (R. = 0.96), and
Ability (R, = 0.99) show bias ratios below one,
indicating that these groups are less likely to be
falsely rejected. The remaining categories, includ-
ing Characteristics and Age, generally maintain
proportions consistent with their presence in the
original dataset.

Overall, these results indicate that LLMs system-
atically exhibit bias in refusing to detoxify certain
types of content based on the target group, with
Nationality, Religion, and Political Ideologies par-
ticularly prone to false refusals.

Gender and sex
Body type

Ability

Age

Characteristics

Race ethnicity
Sexual orientation
Cultural
Socioeconomic class
Political ideologies
Religion

Nationality

Figure 6: Mean Bias Ratio of HolisticBias Category
across nine LLMs. Nationality, Religion and Political
Ideologies are mostly biased top-3, whereas Ability,
Body Type and Gender and Sex are the least biased.

5.3 Linguistic Analysis

Beyond contextual factors, we examine linguis-
tic triggers of false refusals along two dimensions:
sentence length and sentence complexity. This anal-
ysis enables an assessment of whether models re-
spond differently to short, overtly toxic utterances
versus longer, grammatically complex statements.
We present the results on Davidson dataset using
GPT-40-mini, Mixtral 8 x7B, Gemma3 27B, and
Qwen3 30B.8

5.3.1 Sentence Length

Sentence length of the hate text in false refusals is
calculated by counting the total number of tokens
per instance. Figure 7(a) shows that token-length
distributions for false refusals largely overlap with
those of the original datasets across models, indi-
cating that text length alone is not a consistent pre-
dictor of refusal behavior. Model-specific variation
is nevertheless observed: GPT-40-mini, Gemma
and Qwen exhibit a tendency to refuse shorter in-
puts, whereas Mistral show a modest shift toward
longer ones. These patterns suggest that refusal
behavior is influenced less by sentence length it-
self than by its interaction with lexical toxicity and
sociocultural semantics.

5.3.2 Sentence Complexity

Sentence complexity of the hate text in false re-
fusals is measured using the parse tree depth distri-
bution.” As shown in Figure 7(b), the distributions

8Full results for the other datasets and models are provided
in Appendix I.

"We also analyze clause count as another measure of sen-
tence complexity in Appendix I.
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(a) Sentence Length

(b) Parse Tree Depth

Figure 7: (a) Refused versus original token-length distributions on Davidson and four representative models. (b) Refused versus
original parse tree depth distributions on Davidson and four representative models.

of parse tree depth for false refusals largely over-
lap with those of the original datasets, mirroring
the trends observed for sentence length. While mi-
nor model-specific deviations are observed, their
effects are limited. This indicates that syntactic
complexity alone is not a consistent trigger of false
refusal behavior in LLM-based hate speech detoxi-
fication.

6 Bias Analysis on Multilingual Datasets

We further examine the bias in multilingual detoxi-
fication tasks using German, French, Spanish, Chi-
nese, and Korean datasets. The analysis is con-
ducted using a subset of comparatively smaller yet
representative models: GPT40-mini, Llama3 8B,
Mistral 7B, Gemma?2 9B, and Qwen2.5 7B.

6.1 Refusal Behavior in Detoxification

Hate Speech Detoxification Rates

44.05 GPT40-mini
Mistral 78
40 W= Llama3 8B
Qwen2.5 78
= Gemma2 98

Detoxification Rate (%)

German French Spanish Korean Chinese
Language

Figure 8: False Refusal Ratio of Multilingual Dataset.

Figure 8 reports false refusal ratios across multi-
lingual datasets. Spanish consistently exhibits the
highest refusal rates across models, exceeding 40%
for Gemma?2 9B, while Chinese shows the lowest
rates, reaching as low as 0.44% for GPT-40-mini.
German and French fall between these extremes.
Elevated refusal rates for Spanish are most pro-
nounced in Gemma2 9B. This pattern suggests

limited cross-lingual robustness and heightened
sensitivity to non-English inputs. In contrast, the
uniformly low refusal rates observed for Chinese
likely reflect under-sensitivity rather than improved
detoxification performance. This observation is
consistent with findings from Zhang et al. (2024),
which show that LLMs often fail to identify unsafe
Chinese content due to linguistic characteristics
and English-centric safety alignment.

Overall, multilingual false refusal behavior
varies substantially across language—dataset pairs.
While dataset differences preclude isolating pure
language effects, the observed trends are consis-
tent with uneven cross-lingual generalization in
English-centered safety alignment.

6.2 Bias Categorization

We extend the HolisticBias analysis to multilingual
datasets using the same methodology as in the En-
glish setting.!” Figure 9 reports mean bias ratios
averaged across representative models for French,
German, Spanish, Chinese and Korean.

Across all languages, Political Ideologies con-
sistently exhibit the highest over-refusal rates, indi-
cating that sociopolitical discourse remains a domi-
nant trigger of alignment sensitivity in multilingual
detoxification. This pattern suggests the transfer
of English-centric moderation heuristics, where po-
litically charged language is frequently associated
with unsafe content.

Language-specific differences further emerge.
In Chinese, Political Ideologies, Socioeconomic
Class, and Sexual Orientation show the highest
bias ratios, while Religion exhibits relatively low

'0The bias categorization is presented in the main text, while
additional analyses, including toxicity scores, swear words,
sentence length, and complexity, are provided in Appendix J.
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Chinese — Mean Bias Ratio by Category (Descending)
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(d) Chinese

Korean — Mean Bias Ratio by Category (Descending)
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Figure 9: HolisticBias Bias Analysis of Multilingual
Datasets

over-refusal. German displays heightened sensi-
tivity toward Race and Ethnicity, followed by So-
cioeconomic Class. French shows over-refusal con-
centrated in Cultural, Characteristics and Political
Ideologies, with lower bias for Nationality and So-
cioeconomic Class. Spanish exhibits a more uni-
form distribution of bias ratios across categories,
though Political Ideologies and Gender and Sex
remain slightly elevated, consistent with its higher
overall false refusal rates.

Overall, these results indicate that multilingual
bias is neither uniform nor random, but instead
reflects language-specific sociocultural sensitivities
shaped by model alignment. The persistent over-
refusal of political content underscores the need for
multilingual bias calibration.

7 Cross-Translation Framework for False
Refusal Mitigation

Our multilingual evaluation shows that, LLMs ex-
hibit substantially lower false refusal rates when
detoxifying non-English inputs compared to En-
glish inputs. For instance, Chinese inputs yield the
lowest refusal ratio of 0.44% with GPT-40-mini,
indicating that LLMs are generally more willing
to attempt detoxification in non-English languages.
This observation motivates us to propose a simple
cross-translation framework for mitigating false
refusals in detoxification.'!

Specifically, we employ Qwen-MT (Qwen Team,
2025) as the translation model and pair it with GPT-
4o-mini as the detoxification model, which exhibits
particularly low false refusal rates on Chinese in-
puts. To ensure translation quality, we evaluate
Qwen-MT on 200 samples from the Chinese hate
speech dataset. A native Chinese speaker who
speaks English as a second language manually
translates these samples to create reference transla-
tions. Qwen-MT achieves a BLEU score of 22.55
and a BERTScore of 0.86 against these references,
indicating a reasonable level of semantic preserva-
tion.

We apply the cross-translation framework to Ha-
teXplain, with results reported in Table 1. Cross-
translation substantially reduces the false refusal
ratio. Toxicity scores are computed on the origi-
nal input texts corresponding to false refusals after
mitigation, and the reduced average toxicity indi-
cates that cross-translation enables detoxification

""We provide qualitative evidence for this language-specific

effect and compare alternative mitigation strategies in Ap-
pendix E.
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Metric Original  Cross-Translation
False Refusal Ratio 11.78% 1.09%
Toxicity Score 0.7220 0.6053
Swear Words 17.711% 16.60%

Style Accuracy 0.98 0.95
Content Preservation 0.87 0.87
Fluency 0.92 0.95

Table 1: Effect of the cross-translation mitigation frame-
work on HateXplain with GPT-40-mini.

for higher-toxicity inputs that would otherwise trig-
ger oversensitive refusal. Swear word ratios remain
close to the dataset’s original values. Following
prior detoxification evaluation (Yuan et al., 2025b),
we further assess style accuracy, content preserva-
tion, and fluency; the cross-translated texts remain
close to the original inputs across all three dimen-
sions. These findings motivate further investigation
into cross-translation for mitigating false refusals
in multilingual hate speech detoxification.

8 Conclusion

In this work, we systematically study false refusal
behavior in hate speech detoxification across En-
glish and multilingual datasets. Our analysis re-
veals that LLLMs disproportionately refuse inputs
with higher semantic toxicity and content target-
ing specific sociopolitical categories, particularly
nationality, religion, and political ideologies. More-
over, we propose a simple cross-translation miti-
gation framework that significantly reduces false
refusal rates while largely preserving semantic con-
tent and toxicity characteristics. Overall, this work
provides a foundation for future research on fair,
robust, and multilingual detoxification systems that
balance safety with utility.

Limitations

We acknowledge several limitations in this work.
First, we adopt a deliberately simple and fixed
prompt for the hate speech detoxification task in
order to observe the models’ inherent behavior.
While this design choice improves comparabil-
ity across LLMs, alternative prompt formulations,
prompt engineering strategies, or decoding param-
eter settings, such as temperature, may lead to dif-
ferent detoxification and refusal behaviors.
Second, our study is limited to six languages,
namely English, French, German, Spanish, Chi-
nese, and Korean. As a result, languages beyond
this set, particularly low-resource languages and

those with distinct linguistic or cultural norms, are
not covered. The observed cross-lingual patterns
may therefore not generalize to all languages.

Third, our bias analysis relies on automatic an-
notation using an LLM-as-a-Judge paradigm, with
limited human verification. Although we conduct
human evaluation on a subset of samples and ob-
serve reasonable agreement, annotation errors or
model-specific biases in the judge model may still
affect the results. Future work could incorporate
larger-scale human annotation or alternative bias
measurement frameworks to further strengthen the
conclusions.

Ethical Considerations

This work analyzes false refusal behavior in LLM-
based hate speech detoxification and therefore in-
volves toxic and offensive language. All such con-
tent is used solely for research purposes to study
model behavior and improve safety and fairness;
no harmful content is generated beyond what is
required for evaluation.

Our analysis of bias using the HolisticBias tax-
onomy is descriptive rather than normative and is
intended to identify uneven refusal behavior across
social categories, not to make judgments about any
group. While our proposed cross-translation strat-
egy reduces false refusals, it may also affect the
detection of unsafe content in certain languages
and should be applied with caution in real-world
systems.

In deployed moderation pipelines, false refusal
is also a utility failure rather than only an annota-
tion error. If a system is designed to rewrite rather
than delete harmful wording, a false refusal can im-
pose a hard block on content that could otherwise
be safely reconstructed, increasing over-censorship
and shifting additional burden to human modera-
tors (Habibi et al., 2024). We therefore interpret
false-refusal rate as a downstream deployment risk
that can affect both moderation outcomes and user
trust.

Use of AI Assistants. We used Al-based writ-
ing assistance tools for minor language editing and
proofreading. All scientific content, analyses, and
conclusions were produced and verified by the au-
thors.
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A Dataset

Table 2 summarizes the datasets used in our experi-
ments.

Dataset / Language Size
English

Davidson (Davidson et al., 2017) ~20K
HateXplain (Mathew et al., 2021) ~12K
ParaDetox (Logacheva et al., 2022) ~15K
Multilingual

French (Tonneau et al., 2024) ~4K
Spanish (Tonneau et al., 2024) ~7K
German (Tonneau et al., 2024) ~6K
Chinese (Yang et al., 2025b) ~18K
Korean (Park et al., 2023) ~140K

Table 2: Datasets used in our study. “Size” denotes the
number of instances used in the experiments.

B Models

The details of the LLMs, including their sizes and
multilingual coverage, are presented in Table 3.

Model Size Multilingual Coverage

Closed Source

GPT-40 mini -
GPT-3.5 Turbo -

50+ languages
50+ languages

Open Source

Llama-3.1 8B 30+ languages
Mistral 8B Limited multilingual support
Mixtral 8x7B Limited multilingual support
Qwen-2.5 7B 29+ languages
Qwen-3 30B 29+ languages
Gemma-2 9B Limited multilingual support
Gemma-3 27B Limited multilingual support

Table 3: Language models used in this study, with their
sizes and approximate multilingual coverage.
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C Inter-Annotator Agreement and Judge
Robustness

To assess Phi-4’s reliability as an automated annota-
tor, we conduct a cross-annotation study using 200
detoxified outputs from the English HateXplain
subset: 100 examples flagged by Phi-4 as poten-
tial false refusals and 100 non—false-refusal cases.
The validation set is designed to verify the usability
of LLM judges for contextual false-refusal deci-
sions rather than to exhaustively cover all possible
linguistic variations. Linguistic factors such as to-
ken count and sentence length are not annotated
because they are directly measurable from the text.

Two human annotators label the validation set.
Both annotators are graduate students in computer
science and speak English as a second language.
Before labeling, they review guideline examples
that illustrate false refusals and non-false-refusal
outputs in the detoxification setting. They then
independently label the 200 randomly ordered ex-
amples according to whether the model output un-
necessarily refuses, gives moralizing or judgmental
advice instead of detoxifying, or otherwise fails to
perform the requested safe rewrite.

To test whether the annotation results depend
on a single judge model, we additionally evalu-
ate DeepSeek-R1 on the same 200 examples. As
shown in Table 4, DeepSeek-R1 aligns closely with
both human annotators and Phi-4. The cross-model
agreement between DeepSeek-R1 and Phi-4 is high
(Cohen’s k = 0.810, 90.5% raw agreement), sug-
gesting that false-refusal annotations are not spe-
cific to one model family.

D Interpretability Example for
Category-Specific Refusals

To provide qualitative interpretability evidence for
why some target categories trigger false refusals,
we inspect examples in which identity-related ex-
pressions dominate the model’s refusal decision.
For the input “i hate these fagxxts”, the model
focuses disproportionately on the identity-related
token “fagxxts” compared with surrounding tokens
such as “i”, “hate”, and “these”. This suggests that
the refusal decision can be driven by heightened
sensitivity to the identity token itself rather than
by a holistic assessment of the full detoxification
request.

Annotator Pair Cohen’s x  Agreement (%)
Human baselines

Annotator A vs Annota- 0.878 94.5
tor B

Phi-4 original judge

Phi-4 vs Annotator A 0.670 83.5
Phi-4 vs Annotator B 0.700 85.0
Phi-4 vs Human Con- 0.740 87.0
sensus

DeepSeek-R1 additional judge

DeepSeek-R1 vs Anno- 0.690 84.5
tator A

DeepSeek-R1 vs Anno- 0.720 86.0
tator B

DeepSeek-R1 vs Hu- 0.760 88.0
man Consensus

Cross-model robustness

DeepSeek-R1 vs Phi-4 0.810 90.5

Table 4: Inter-annotator agreement between human an-
notators, Phi-4, and DeepSeek-R1 on the stratified 200-
sample evaluation set.

Token  Relative attention saliency
i Low

hate Medium

these Low

fagxxts High

Table 5: Qualitative attention-saliency summary for an
identity-related false-refusal example. The slur is ob-
fuscated to reduce harm while preserving the observed
trigger pattern.

E Additional Analysis of
Cross-Translation

To better understand why Chinese inputs produce
lower false-refusal rates, we conduct a qualitative
analysis of multilingual detoxification examples.
We find that refusals are often triggered by high-
saliency English tokens or phrases, such as explicit
negative predicates, insults, and identity terms. In
Chinese translations, the same concepts may be dis-
tributed across multiple characters, combined with
grammatical particles, or expressed with different
word-order patterns. This can reduce the promi-
nence of individual high-risk tokens and weaken
the match with English-centric safety triggers.
Table 6 illustrates this pattern. The English
prompt contains salient tokens such as “hate”, “in-
competent”, and the target nationality, which can
jointly trigger refusal. In the Chinese version, these
meanings are represented through a different seg-
mentation and syntax, dispersing saliency across
the sentence. Similar patterns appear in other
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identity-related prompts, suggesting that tokeniza-
tion granularity, word order, and semantic disper-
sion can affect refusal behavior. Cross-translation
leverages this effect by re-expressing English in-
puts in Chinese before detoxification, reducing
false refusals caused by surface-level English safety
triggers.

Language Prompt Refusal

English

“I hate these incompetent [na-  Yes
tionality] doctors.”

Chinese “Fi T RIXLTLRERI[EEIE  No

Table 6: Qualitative example showing how high-
saliency English triggers can become less prominent
after Chinese translation.

We also compare cross-translation with two al-
ternative mitigation strategies on HateXplain using
Llama-3.1 8B. The first is reasoning-based mitiga-
tion, following Think-Before-Refusal, which en-
courages the model to reflect before refusing (Si
et al., 2025). The second is post-hoc explanation-
based mitigation, which identifies influential to-
kens and reduces their attention scores during in-
ference (Yuan et al., 2025c¢). Because the latter
requires direct attention-score modification, it is
only applicable to open-source models. As shown
in Table 7, cross-translation achieves the lowest
false-refusal rate, indicating that it is both effective
and comparatively easy to apply without modifying
model internals.

Method False Refusal Rate (%)
None 14.42
Rethinking 10.21
Post-hoc 3.64
Cross-translation (ours) 2.57

Table 7: Comparison of mitigation strategies on HateX-
plain using Llama-3.1 8B.

E.1 Human Evaluation of Cross-Translation

In addition to automatic metrics, we manually eval-
uate 50 cross-translated HateXplain instances to
estimate whether the mitigation still produces false
refusals. As shown in Table 8, the human-evaluated
false-refusal rate remains low and is close to the
LLM-as-a-judge estimate, supporting the robust-
ness of the mitigation result.

Metric Cross-Translation

Human-evaluated False Refusal Rate (%) 2.01
LLM-as-a-judge False Refusal Rate (%) 1.09

Table 8: Human evaluation of false refusals on 50 cross-
translated HateXplain instances.

E.2 Unsafe-Prompt Check in Chinese

Although our detoxification task uses safe in-
structions with sensitive content, very low refusal
rates in Chinese may also indicate under-detection
of genuinely unsafe prompts. To contextualize
this risk, we translate 20 unsafe prompts from
XSTest (Rottger et al., 2024) into Chinese and
evaluate GPT-40-mini. Table 9 shows that re-
fusal remains high in Chinese, but lower than in
English. This supports our ethical caution that
cross-translation reduces false refusals but may also
weaken unsafe-content detection in some settings.

Language Refusal Rate (%)
English 100.0
Chinese 87.12

Table 9: Refusal rates of GPT-40-mini on 20 unsafe
XSTest prompts and their manual Chinese translations.

F HolisticBias Structure

HolisticBias dataset consists of 13 demographic
axis and buckets. Figure 10 shows the overview of
HolisticBias.

G HolisticBias Categorization of English
Datasets

Figure 11 presents the HolisticBias categorization
of the original English datasets, illustrating the dis-
tribution of samples across each category.

H Mean Bias Ratio of False Refusals

The mean bias ratio of false refusals for each Holis-
ticBias category, aggregated across the three En-
glish datasets, is reported in Table 10.

I Linguistic Analysis of False Refusals in
English Datasets

This section presents additional linguistic analyses
of false refusals in English datasets that are omit-
ted from the main body due to space constraints.
We analyze three linguistic factors: token length,
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Category GPT 3.5 GPT40omini Mistral 7B Mixtral §x7B Llama3 8B Qwen2.57B Qwen3 30B Gemma29B Gemma327B
Nationality 1.83 1.67 1.94 1.24 1.22 1.76 1.37 1.87 1.48
Religion 1.61 1.46 1.81 1.54 1.15 1.29 1.33 1.43 1.78
Cultural 1.13 1.22 1.20 1.58 1.07 1.04 1.09 1.11 091
Race ethnicity 1.19 1.22 1.18 0.99 1.24 1.23 1.06 1.32 0.86
Sexual orientation 1.36 143 1.21 0.70 1.39 1.33 0.99 1.39 0.98
Political ideologies 1.15 1.34 1.42 1.45 1.11 1.12 1.48 1.26 1.52
Socioeconomic class 1.31 1.33 1.17 1.22 1.25 1.23 1.14 1.20 1.64
Characteristics 1.02 1.04 1.02 1.04 1.01 1.00 0.91 1.00 091
Body type 091 0.89 0.97 1.05 0.94 0.93 0.99 0.95 0.90
Ability 0.99 0.96 0.99 1.01 1.00 1.00 0.95 0.98 1.01
Age 1.02 1.03 0.92 1.03 1.00 1.03 0.94 1.01 0.98
Gender and sex 0.79 0.76 0.79 0.73 0.79 0.81 0.90 0.76 0.77

Table 10: Mean bias ratio (R.) per HolisticBias category across models for English datasets. Values greater than 1
indicate overrepresentation of the category in false refusals. The largest value in each column is shown in bold, and

the smallest value is underlined.

Axis Bucket

Ability T auditory -

Age

Body type

(o ETETGEE N - mobility —

Gender/sex

Nationality gy oo

Nonce

Political .
asian

Race/ethnicity

Religion

Sexual
orientatiol

Socioeconomic

Descriptor

- “Deaf”
- “hard-of-hearing”
“hearing-impaired”

- “paraplegic”
“paralyzed”

“quadriplegic”

“Asian”
“Asian-American”
“Desi”

Figure 10: Structure of the HolisticBias dataset adapted
from Smith et al. (2022). It consists of 13 demographic
pillars, each containing multiple property groups repre-
senting diverse social and identity dimensions.
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clause count, and parse tree depth. The corre-
sponding distributions across different model fami-
lies are illustrated as follows.

Token Length. The token length distributions of
false refusals for GPT, Llama, Mistral, Qwen, and
Gemma models are shown in Figures 12-16.

Clause Count. Clause count distributions for the
same set of models are presented in Figures 17-21.

Parse Tree Depth. Figures 22-26 report the dis-
tributions of parse tree depth, capturing syntactic
complexity across false refusals.

Across all three linguistic dimensions, the distri-
butions of falsely refused samples closely overlap
with those of the original datasets. These results in-
dicate that token length, clause count, and syntactic
complexity do not exhibit consistent or systematic
patterns that trigger false refusal behavior in LLM-
based hate speech detoxification.

J Bias Analysis on Multilingual Datasets

J.1 Toxicity Level

As Detoxify (Hanu and Unitary team, 2020)
doesn’t support all multilingual datasets, Figure 27
shows the toxicity score in French dataset. It sug-
gests that false refusals in French are associated
with higher toxicity scores than the average in orig-
inal dataset.
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Figure 27: Toxicity Score of French Dataset.

J.2 Swear Word Presence

Swear Word Ratios Across Models and L

3081

2556

2350 23.58

13.09)

Swear Word Ratio (%)

550513

sssssssssssssssss

Figure 28: Swear Words Ratio of Multilingual Datasets.

Swear-word ratios for multilingual datasets are
shown in Figure 28. Spanish exhibits the highest ra-
tios across models, exceeding 30% for Qwen2.5 7B
and 25% for Gemma2 9B, aligning with the el-
evated false refusal rates observed in Figure 8.
This suggests that Spanish false refusals are largely
driven by oversensitivity to direct lexical cues. In
contrast, French shows substantially lower swear-
word ratios (3.68-7.74%), indicating that false re-
fusals are more influenced by semantic misinter-
pretation than explicit profanity. German, Korean,
and Chinese exhibit consistently low ratios (2-7%),
suggesting that false refusals in these languages are
not primarily triggered by profanity but by broader
semantic or structural mismatches with English-
centric safety alignment. Overall, these results
highlight the need for multilingual detoxification
mechanisms that jointly calibrate lexical and se-
mantic sensitivity.

J.3 Sentence Length

Figure 29 presents the token-length distributions
of false refusals and original samples for Spanish
and Chinese across all evaluated models. The cor-
responding distributions for French, German, and
Korean are shown in Figures 30, 31, and 32, re-
spectively.

Across all languages, the token-length distribu-
tions of falsely refused samples largely overlap
with those of the original datasets, indicating that
sentence length and surface-level verbosity do not
systematically trigger refusal behavior. In Span-
ish, despite substantially higher false-refusal ra-
tios, only minor shifts toward shorter inputs are
observed for certain models, such as Gemma2 9B
and Mistral 7B. This suggests that over-refusals are
more likely driven by semantic or cultural factors,
including informal registers or idiomatic expres-
sions, rather than lexical complexity.

By contrast, Chinese exhibits similarly overlap-
ping length distributions alongside consistently low
refusal rates, implying under-sensitivity to toxic
content despite comparable input lengths. Taken
together, these results indicate that multilingual
refusal behavior is shaped primarily by semantic
and alignment-related factors, rather than by token-
level properties.

J.4 Sentence Complexity

Figure 33 presents the clause-count distributions
for Spanish and Chinese across all evaluated mod-
els. Corresponding distributions for French, Ger-

6756



Distribution of Total Tokens
)

Distribution of Total Tokens Distribution of Total Tokens

Dataset

GPT-3.5-Turbo 0.05 Dataset 3.5-Tuy
[0 Refused [0 Refused
0.06 [ Davidson HateXplain
™
oos
2004 2003
2 2
Bo03 H
™
™
0.01
0.01
0.00 0.00
o s w1 om om w B s 2 1 » o o 1w om w 0 @
Total Tokens Total Tokens: Total Tokens
(a) Davidson (b) Paradetox (c) HateXplain
Distribution of Total Tokens Distribution of Total Tokens Distribution of Total Tokens
007 Dataset 010 005 Dataset T GPT-do-mini
[0 Refused [0 Refused
0.06 Davidson HateXplain
0.04 F
™
0.05
Z0.04 2006 2z 002
3 % 5
0.03 0.04 0.02
™
0.02 0.01
0.01
0.00 0.00 0.00
] 5 10 15 20 25 30 35 0 5 10 15 20 =10 o 10 20 30 40 50 60 70
“Total Tokens: Total Tokens “Total Tokens:
(d) Davidson (e) Paradetox (f) HateXplain
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Figure 14: Token count distributions across datasets for Mistral 7B and Mixtral 8 x7B.
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Figure 15: Token count distributions across datasets for Qwen2.5 7B and Qwen3 30B.

— Total Tokens

— Total Tokens.
T dataset Gemma_98
006 1 Refused
=1 Original o004
0.05
003
0.04
z z
g H
0003 8 0.02
0.02
001
001
0.00 0.00
-5 o 5 10 15 20 2 30 3 o 5 10 15 20
Total Tokens. Total Tokens. Total Tokens.
(a) Davidson (b) Paradetox (c) HateXplain
Distribution of Total Tokens Distribution of Total Tokens Distribution of Total Tokens
Dataset Gemma 278 Dataset Gemma 278 Gemma 278
0.10 | [ Refused 0.175 [ Refused 0.030 T
Davidson Paradetox
0.150 0.025
0.125 0.020
2 2z Dataset
2 0.100 2 0 Refused
g S 0.015 [0 Hatexplain
0,075
0.010
0.050
0.025 0,005 [
0.000 0.000
-5 o 5 10 15 20 25 30 35 o 5 10 15 20 o 10 20 30 40 50 60
Total Tokens Total Tokens Total Tokens

(d) Davidson (e) Paradetox (f) HateXplain

Figure 16: Token count distributions across datasets for Gemma2 9B and Gemma3 27B.
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Figure 19: Clause count distributions across datasets for Mistral 7B and Mixtral 8 x7B.
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Figure 20: Clause count distributions across datasets for Qwen2.5 7B and Qwen3 30B.
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Figure 21: Clause count distributions across datasets for Gemma2 9B and Gemma3 27B.
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Figure 22: Parse tree depth distributions across datasets for GPT-3.5-Turbo and GPT-40-mini.
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Figure 23: Parse tree depth distributions across datasets for Llama3 8B.
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Figure 24: Parse tree depth distributions across datasets for Mistral 7B and Mixtral 8 x7B.
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Figure 25: Parse tree depth distributions across datasets for Qwen2.5 7B and Qwen3 30B.
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Figure 26: Parse tree depth distributions across datasets for Gemma2 9B and Gemma3 27B.
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Figure 29: Token count distribution for false refusals versus original samples across representative models in Spanish and
Chinese dataset.
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Figure 30: Token count distributions for French dataset.
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Figure 31: Token count distributions for German dataset.
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Figure 32: Token count distribution of Korean dataset.
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man, and Korean are shown in Figures 34, 35, and
36, respectively. Parse tree depth distributions are
shown in Figures 37, 38, and 39.

Similar to the token-length patterns, the distri-
butions of falsely refused samples largely overlap
with those of the original datasets across all lan-
guages. Only minor shifts toward simpler struc-
tures are observed in a few models. This indicates
that clause-level and parse-tree syntactic complex-
ity do not meaningfully contribute to false refusal
behavior in multilingual hate speech detoxification.

Despite substantial differences in overall refusal
rates between Spanish and Chinese, the compara-
ble distributions of clause counts and parse-tree
depths suggest that refusals are primarily driven
by semantic and contextual factors, rather than by
structural complexity.
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Figure 33: Clause count distribution for false refusals versus original samples across representative models in Spanish and
Chinese datasets.
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Figure 34: Clause count distributions for French dataset.
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Figure 35: Clause count distributions for German dataset.
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Figure 36: Clause count distribution of the Korean dataset.
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Figure 37: Parse tree depth distributions for French dataset.
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Figure 38: Parse tree depth distributions for German dataset.
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Figure 39: Parse tree depth distribution of the Korean dataset.
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