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Abstract
Large language models (LLMs) are transform-
ing natural language processing across diverse
linguistic communities. However, they can re-
produce and amplify toxic content, including
hate speech, harassment, and bias, posing sig-
nificant risks to multilingual applications. We
provide the first comprehensive survey of the
many detoxification methods specifically tai-
lored to multilingual LLMs. First, we define
toxicity its measurement, then we provide a
brief review of monolingual mitigation strate-
gies, including data filtering, style transfer,
expert-based logit steering, retrieval augmenta-
tion, and alignment with human feedback. We
then present an in-depth taxonomy of multi-
lingual approaches spanning (1) training meth-
ods, (2) post-hoc editing and decoding strate-
gies, (3) alignment and reinforcement-learning
techniques, and (4) data-centric innovations,
such as parallel detox corpora and synthetic
data generation. Finally, we discuss open chal-
lenges in multilingual detoxification, including
data scarcity, evaluation inconsistencies, cul-
tural nuances and biases. Overall, we produce
a needed overview of the state of multi-lingual
toxicity detection and mitigation on which the
community can ground to build globally safe
and equitable LLMs.

1 Introduction

Large Language Models (LLMs) are increasingly
used in multilingual settings, powering applica-
tions ranging from multilingual chatbots to cross-
lingual content moderation (de Wynter et al., 2025;
Hartvigsen et al., 2022; Kim et al., 2025). How-
ever, as their use spreads, so too do potential
harms: LLMs often produce or amplify toxic con-
tent—hate speech, bias, harassment—that becomes
especially problematic when crossing linguistic and
cultural boundaries (Röttger et al., 2021; Sharma
and Bhalla, 2025; Deshpande et al., 2023a). De-
spite progress on monolingual detoxification (es-

pecially English), there remain significant research
gaps in mitigating toxicity in multilingual LLMs
(Beniwal et al., 2025a; Tiţa and Zubiaga, 2021;
Dementieva et al., 2024a; Logacheva et al., 2022;
de Wynter et al., 2025).

The Complexity of Multilingual Toxicity. Mul-
tilingual detoxification is not merely a translation
of English safety protocols (Neplenbroek et al.,
2025; Kumar et al., 2025a). Instead, it requires
navigating a complex anatomy of harm that varies
across cultures. Toxicity manifests along a spec-
trum from overt categories—such as slurs, explicit
insults, and profanity—to implicit forms like mi-
croaggressions, sarcasm, and toxic condescension,
which are significantly harder to detect and miti-
gate (Lin and Li, 2025; Wen et al., 2023). This
complexity is compounded by cultural dissonance:
expressions that are benign in one linguistic con-
text may be offensive in another, and rigid, English-
centric alignment norms often fail to distinguish
between actual hate speech and reclaimed slurs
or dialectal variations. Furthermore, multilingual
environments introduce unique linguistic vulnera-
bilities (Kivlichan et al., 2021). For example, code-
switching (e.g., Hinglish) and mixed-script inputs
frequently bypass standard safety filters entirely.
As Gehman et al. (2020) demonstrated, pretrained
models can degenerate into toxic text even from
seemingly innocuous prompts, amplifying biases
present in their training data, illustrating why ro-
bust, culturally aware mitigation is essential (Vong-
pradit et al., 2024; Dammu et al., 2024; Yu et al.,
2023).

Failures of Current Approaches. Traditional
content moderation relied on keyword-based filter-
ing and rule-based systems, which are inadequate
for capturing the nuanced, context-dependent na-
ture of toxic language (Kim et al., 2025; Huang,
2025). Early machine learning approaches involved
handcrafted features that often failed to generalize,
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Figure 1: A brief taxonomy of toxicity in mLLMs.

easily being circumvented by simple lexical varia-
tions (Beniwal et al., 2025b; Jain et al., 2024). The
emergence of large-scale LLMs introduces new
challenges. Increasing model size alone does not
inherently improve the ability to follow user in-
tent; without alignment, larger models can simply
generate more convincing untruthful or toxic out-
puts (Lu et al., 2025; Li et al., 2024b; Lee et al.,
2024). Moreover, current alignment techniques like
Reinforcement Learning from Human Feedback
(RLHF) are often English-centric (Park and Rudz-
icz, 2022; Chaudhary et al., 2024). While these
methods may reduce English toxicity, residual toxi-
city persists in underrepresented languages (Uppaal
et al., 2025; Li et al., 2024c). Consequently, ex-
isting mechanisms may fail to recognize slurs in
languages like Amharic due to bias in the training
data (Costa-jussà et al., 2023). Such failures un-
derscore that multilingual detoxification is a matter
of technical robustness, global security, and social
equity (Adragna et al., 2020; Cecchini et al., 2024).
This survey provides the first comprehensive
overview of detoxification methods for multilin-
gual LLMs. We synthesize recent advances in de-
tecting and mitigating toxicity, offering a detailed
taxonomy of datasets, methodologies, and evalua-
tion frameworks as shown in Figure 1.

Theme The survey includes the following key
themes:

• Multilingual threat models covering language-
shift jailbreaks, pivot/translation attacks, code-
switch prompts, transliteration, multilingual
red-teaming, and adaptation-time safety col-
lapse—due to cross-lingual, low-resource fine-
tuning.

• Task settings organized into three forms—(i)
toxic to neutral rewriting, (ii) toxicity classi-
fication, (iii) toxic versus neutral generation/

prompt continuations, along with evaluation
metrics.

• Multilingual Toxicity Detection: Multilin-
gual Encoder and Decoder-based detectors,
Translation-based Pipelines, and Representa-
tion Level Detection.

• Detoxification Taxonomy: data-centric and
model-centric detoxification, constrained de-
coding, and representation steering and multi-
lingual guardrails.

We conclude with a discussion of open challenges
and a forward-looking research plan for multilin-
gual detoxification.

2 Threat Models for Inducing Toxicity in
Multilingual LLMs

We focus on multilingual-specific toxicity-inducing
threat models, which are adversarial procedures
that exploit language choice, cross-lingual transfer,
or multilingual interaction structure to elicit toxic
generations from a safety-aligned model.

2.1 Prompt-Space Multilingual Attacks

Language-Shift Jailbreaks. A central multi-
lingual threat is that simply re-expressing mali-
cious intent in a non-English language can by-
pass English-centric refusal behavior. Deng et al.
formalize (i) unintentional multilingual jailbreaks
(benign users prompting in underrepresented lan-
guages) and (ii) intentional multilingual jailbreaks
(adversaries combining multilingual prompts with
explicit malicious instructions), and show substan-
tially higher unsafe rates in lower-resource lan-
guages.

Translation-Mediated and Pivot attacks. trans-
lates an unsafe English prompt into a target low-
resource language to increase compliance, then
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translates the response back. Shen et al. (2024) em-
pirically demonstrate higher unsafe response rates
for malicious prompts expressed in lower-resource
languages, motivating translation/pivot-based red-
teaming. Recent defenses that re-anchor safety
using English while enforcing target-language out-
puts further underscore translation as a core failure
mode in multilingual safety (Zhang et al., 2025).

Language Mixing: Code-Switching and Multi-
Language Mixtures. Multilingual prompts are
often mixed within a single context. Yoo et al.
(2025) shows that code-switched red-teaming
queries can elicit unsafe behavior more effectively
than monolingual attacks and introduces a synthe-
sis framework (CSRT) to generate such queries
at scale. Complementarily, Upadhayay and Be-
hzadan (2024) proposes the Sandwich Attack, a
multi-language mixture prompt that interleaves be-
nign and adversarial segments across languages to
induce harmful completions in a black-box setting.

2.2 Multilingual Red Teaming

Red teaming operationalizes threat models by gen-
erating adversarial prompts and dialogues at scale.
Foundational work establishes manual and LM-
assisted red teaming methodologies (Perez et al.,
2022; Zhuo et al., 2023). Recent multilingual ex-
tensions explicitly target the multilingual capability
envelope: CSRT generates code-switched attacks
(Yoo et al., 2025); Rainbow Teaming produces di-
verse open-ended adversarial prompts and has been
replicated/extended for Polish as a concrete non-
English safety stress test (Samvelyan et al., 2024;
Krasnodębska et al., 2025); and MM-ART auto-
mates multi-turn, multilingual red teaming, show-
ing vulnerability increases sharply with conversa-
tion length and is substantially underestimated by
single-turn English evaluation (Singhania et al.,
2025).

2.3 Post-Deployment Adaptation Attacks

Cross-lingual Fine-Tuning Attacks. Aligned
multilingual models are frequently customized
via SFT/PEFT after deployment, creating an
adaptation-time attack surface. Poppi et al. (2025)
show that fine-tuning on a small toxic dataset in
one language can collapse safety across other lan-
guages (cross-lingual attack transfer). Their Safety
Information Localization (SIL) analysis suggests
safety-relevant parameters are partially language-
agnostic, enabling sparse updates to induce multi-

lingual failure.

Jailbreaks via New-Language learning. Even
benign adaptation can be risky: Upadhayay and
Behzadan (2025) show that LoRA fine-tuning to
learn a low-resource language—without harmful
data—can nonetheless degrade refusal behavior,
implying that multilingual expansion itself can
destabilize safety guarantees.

Multilingual detoxification methods should
therefore be evaluated not only on monolingual
English prompts, but under compositions of multi-
lingual operators (translate/pivot, code-switch, mix-
ture prompts, transliteration), multi-turn interac-
tion, and post-deployment adaptation stress tests

3 Task Setup: Datasets and Metrics

3.1 Datasets
Toxicity datasets can broadly be categorized into
three tasks:
Translation: Toxic → Neutral Rewriting Pa-
raDetox (Logacheva et al., 2022) was one of the
first parallel detoxification corpora in English, with
around 12K pairs of which are manually annotated
for style preservation (toxic → neutral), content
preservation (BLEU, semantic similarity), fluency,
and a joint score. Subsequently ,this was extended
for other languages such as Russian (Dementieva
et al., 2023a) and Hindi (Mukherjee et al., 2023),
culminating in the MultiParadetox (Dementieva
et al., 2024a) work, which extended to 25 lan-
guages (including the initial 9 English, Spanish,
German, Chinese, Arabic, Hindi, Ukrainian, Rus-
sian, Amharic). Recently, Moskovskiy et al. (2025,
2024) presents a large synthetic parallel corpus
over English, German, French, Spanish, and Rus-
sian generated via few-shot LLM prompting. De-
mentieva et al. (2024b) presented parallel detox-
ification data for 9 langauges (English, Spanish,
German, Chinese, Arabic, Hindi, Ukrainian, Rus-
sian, Amharic) at the PAN 2024 shared task. Re-
latedly, APPDIA (Atwell et al., 2022) and CAPP
(Som et al., 2024) provide parallel datasets for of-
fensive/inoffensive Reddit (evaluated via a Safe
Score) and paraphrased dialogue data (evaluated
via Perspective API), respectively.
Classification: Toxic Text Detection Jigsaw1

(Kivlichan et al., 2021) was introduced as a Kaggle
competition as an English multi-label classifica-
tion (toxic, severe toxic, obscene, threat, insult,

1https://www.kaggle.com/c/
jigsaw-unintended-bias-in-toxicity-classification
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identity-hate) with ground truth crowd-sourced la-
bels, which were later extended to a multilingual
classification of comments in Chinese, French,
Spanish, German, Russian, Turkish (plus a test
set in Bulgarian) for binary toxicity. Addition-
ally, on Twitter data, there have been offensive
tweet detection datasets as parts of SemEval tasks
for English OffensEval (Zampieri et al., 2019)
and its multilingual extension to Arabic, Danish,
English, Greek, Turkish (Zampieri et al., 2020),
and task extension to span detection (Pavlopoulos
et al., 2021). Furthermore, several Hate Speech
Detection datasets are available for English (Hate-
Check)(Röttger et al., 2021) and multilingual ver-
sions (Multilingual Hate Check, HatEval, HASOC
(Röttger et al., 2022; Mandl et al., 2019; Basile
et al., 2019)) that cover diverse languages and fine-
grained categories within hate speech. Lifetox
(Kim et al., 2024) is a dataset designed to identify
implicit toxicity within a broad range of advice-
seeking scenarios. In the context of LLMs, such
classification datasets have been used for evalua-
tion (Meng et al., 2024) but also for detoxification
via retrieval (Pozzobon et al., 2023). Finally, Toxi-
Gen (Hartvigsen et al., 2022) provides a large GPT-
generated toxic versus benign statements about pro-
tected groups, and shows fine-tuning classifiers on
ToxiGen greatly improve their detection accuracy.
Generation: Non toxic Text Continuation Re-
alToxicityPrompts (RTP) (Gehman et al., 2020)
provides an English prompt and response dataset
(100K web prompts), paired with toxicity scores
from Perspective API. The dataset assesses “neu-
ral toxic degeneration” by evaluating the likeli-
hood of LLMs producing toxic continuations from
both toxic and non-toxic prompts, evaluated via
Expected Maximum Toxicity (EMT) and toxicity
probability metrics. Expanding upon RTP, RTP-
LX (de Wynter et al., 2025) is a multilingual
benchmark encompassing 38 languages, includ-
ing dialect-specific variations. It features human-
transcreated prompts and completions, annotated
by native speakers across various harm categories
like bias, insult, and identity attack. This bench-
mark evaluates LLMs’ ability to detect cultur-
ally nuanced toxic content, revealing challenges
in model alignment with human judgments, espe-
cially in context-dependent scenarios. PTP (Jain
et al., 2024) offers a large-scale, multilingual eval-
uation framework with 425,000 naturally occur-
ring prompts across 17 languages. Unlike RTP-
LX, which relies on translations, PTP sources real-

world web text to better capture linguistic and cul-
tural nuances. Evaluations using PTP have shown
that LLM toxicity tends to increase with model
size and decrease in language resource availabil-
ity. While instruction and preference-tuning meth-
ods can mitigate toxicity, the choice of tuning
method has limited impact. Separately, Brun and
Nikoulina (2024) focuses on 50,000 naturally oc-
curring French prompts and their continuations,
annotated for toxicity. TET (Luong et al., 2024) is
a benchmark designed to expose latent toxic behav-
iors in LLMs by using prompts crafted to bypass
safety mechanisms. It comprises 2,546 prompts
filtered from over 1 million real-world interactions
with 25 different LLMs, sourced from the Chat-
Lmsys-1M dataset and can elicit more toxic re-
sponses from LLMs compared to using ToxiGen
(Hartvigsen et al., 2022) as prompts, a modified
setup originally used in Orca (Mukherjee et al.,
2023) (by posing a question, provide seven sen-
tences in the dataset, and then prompt the model
to answer in a style similar to those provided sen-
tences). Deshpande et al. (2023b) demonstrated
that using a persona in the system prompt of Chat-
GPT can elicit even more toxic responses from RTP
prompts.

3.2 Metrics

Toxicity Detection Metrics Outputs are often
scored by toxicity classifiers. One can measure the
style transfer accuracy (STA): the fraction of out-
puts that a classifier deems non-toxic. For example,
models use RoBERTa-based classifiers trained on
Jigsaw to compute STA (Dementieva et al., 2023b).
Other tools like Perspective API2 can be used to
score toxicity on a continuous scale. A success-
ful detoxification should yield high STA or low
toxicity scores (e.g. a drop in toxic-generation
probability as in (Li et al., 2024c)).
Content Preservation and Fluency To ensure
meaning is retained, similarity metrics are applied.
Popular choices include BLEURT (Sellam et al.,
2020) or BERTScore to compare the detoxified
output to the input (or reference). Dementieva et al.
(2023a) adopt BLEURT for English content simi-
larity (SIM) and LaBSE embeddings for Russian.
Fluency is evaluated by the percentage of gram-
matical or fluent sentences, often via a language
acceptability classifier (e.g., a RoBERTa trained to
recognize acceptability) (Dementieva et al., 2023a;

2https://perspectiveapi.com/
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Logacheva et al., 2022). Combined metrics like the
product of STA, SIM, and fluency are sometimes
used to rank models.

4 Detection

Detecting toxicity in multilingual settings presents
unique challenges due to linguistic diversity, mor-
phology, code-mixing, dialectal variation, and cul-
turally dependent definitions of harm.

4.1 Multilingual Transformers
Subsequent advancements leveraged deep con-
textual encoders such as mBERT and XLM-R,
demonstrating that cross-lingual representations
substantially improve toxicity identification in
low-resource languages (Tiţa and Zubiaga, 2021).
These models benefit from shared subword vocab-
ularies and multilingual training corpora, allow-
ing for knowledge transfer from high-resource lan-
guages, such as English, to typologically distant
languages. Nevertheless, studies have shown that
performance remains uneven across languages with
distinct scripts or limited pretraining resources, in-
dicating persistent representational biases (Kanji-
rangat et al., 2025). The brittleness of subword tok-
enization under spelling variants, obfuscation, and
script mixing, requires byte/character-level model-
ing. The next-generation Perspective API centers a
single multilingual token-free Charformer for toxic
content detection (Lees et al., 2022).

4.2 Translation-based Pipelines
A parallel line of work explores translation-based
pipelines, where toxic text in non-English lan-
guages is machine-translated into English before
being applied to a high-performing English toxic-
ity classifier (Bell et al., 2025). While this strategy
often yields higher accuracy due to the maturity
of English-based detectors, it raises concerns re-
garding error propagation, translation artifacts, and
semantic drift—issues that disproportionately af-
fect dialectal, code-mixed, and morphologically
complex languages (Zampieri et al., 2020). Trans-
lation systems themselves can introduce or obscure
toxic content, posing additional ethical and method-
ological limitations.

4.3 Representation-level Detection
Recent research investigates representation-level
detection (Duan et al., 2025; Wang et al., 2021),
analyzing how toxicity is encoded within latent em-
bedding spaces across languages. Such studies re-

veal that toxicity-related signals cluster consistently
across multilingual embedding spaces (Shaik et al.,
2025; Conneau et al., 2020), suggesting shared
semantic dimensions of harmful content despite
linguistic variation. These findings further moti-
vate embedding-based probing and neuron-level
attribution techniques that seek to identify how and
where toxicity features are stored within multilin-
gual models (Li et al., 2024c).

4.4 LLM based Detection

Finally, the emergence of instruction-tuned LLMs
has broadened the detection landscape (Hu et al.,
2024). Several works evaluate LLMs as zero-
shot or few-shot toxicity detectors, demonstrating
strong generalization but also highlighting calibra-
tion failures (Liu et al.) and cultural misalignment
across languages (Yang et al., 2025). These models
often rely on implicit safety priors learned during
the alignment process, which can lead to inconsis-
tent behavior when handling region-specific socio-
linguistic norms (Li et al., 2024a).
Takeaway: Collectively, the literature indicates that
while multilingual LLMs have greatly improved
cross-lingual toxicity detection, substantial chal-
lenges remain. Persistent gaps in language cov-
erage, bias in training corpora, inconsistent cross-
lingual performance, and translation-induced errors
limit the reliability of current detectors.

5 Detoxification

5.1 Data-Centric Detoxification

Data-centric detoxification focuses on enhancing
the quality of pre-training and fine-tuning cor-
pora by removing toxic or harmful content. Early
large-scale filtering pipelines relied on blocklists
or lexical heuristics; however, contemporary ap-
proaches utilize multilingual classifiers to remove
toxic spans prior to training (Gehman et al., 2020;
Park and Rudzicz, 2022; Kreutzer et al., 2022).
More recent work emphasizes bias-aware filter-
ing to avoid inadvertently suppressing dialectal or
marginalized speech (Sap et al., 2022; Jaggi et al.,
2024). In multilingual settings, filtering heavily
relies on the cross-lingual generalization of toxic-
ity detectors (e.g., XLM-R), which can misclassify
culturally specific idioms or reclaimed slurs (Ben-
salem et al., 2024; Welbl et al., 2021). Data filtering
is highly scalable and effective for reducing sys-
temic toxicity; however, it risks cultural misalign-
ment, uneven performance across languages, and
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the over-removal of minority language varieties:
Stranisci and Hardmeier (2025); Park and Rudzicz
(2022) show that there is a tradeoff of the positive
impact of filtering strategies in reducing harmful
content with increasing the underrepresentation of
vulnerable groups.

5.2 Model-Centric Detoxification
Supervised Finetuning on Safe or Contrastive
Data Supervised detoxification approaches fine-
tune LLMs on curated non-toxic corpora or con-
trastive toxic–neutral pairs (Hawkins et al., 2024).
(Neplenbroek et al., 2025) shows that finetuning on
curated non-harmful text reduce general biases, but
find only direct preference optimization to be effec-
tive for mitigating toxicity. The mitigation caused
by applying these methods in English also transfers
to non-English languages and the extent to which
transfer takes place can be predicted by the amount
of data in a given language present in the model’s
pretraining data. However, this transfer of bias and
toxicity mitigation often comes at the expense of de-
creased language generation ability in non-English
languages, highlighting the importance of develop-
ing language-specific bias and toxicity mitigation
methods. Finetuning-based detoxification provides
strong control and good multilingual generaliza-
tion, but may reduce model diversity or creativity,
and can introduce unintended stylistic flattening
(Wang et al., 2022).

Instruction-Based Safety Tuning Instruction
tuning using curated safety datasets or synthetic
refusal-style instructions (Zhao et al., 2025; Li
et al., 2024b) enhances multilingual LLMs’ ability
to decline harmful requests and avoid toxic con-
tinuations. Recent multilingual safety instruction
sets (e.g. PolyGuard) (Kumar et al., 2025b) sig-
nificantly improve cross-lingual robustness. These
methods scale well and align closely with practi-
cal deployment requirements, though annotation
biases remain a persistent limitation.

RLHF and Human Feedback Alignment Rein-
forcement learning from human feedback (RLHF)
(Ouyang and et al., 2022; Bai and et al., 2022) is
a foundational alignment technique that improves
safety by training reward models to penalize toxic
or harmful outputs. While RLHF datasets are pri-
marily English-centric, multilingual LLMs bene-
fit indirectly through shared parameters and cross-
lingual transfer (Dang et al., 2024). However, re-
liance on English safety norms introduces cross-

cultural misalignment in multilingual models (Lu
et al., 2025), especially for expressions that are
offensive in some cultures but neutral in others.

5.3 Decoding-Time Detoxification

Post-hoc methods avoid (or minimize) retraining
by steering generation at inference (Ko et al.,
2024). Classifier-guided and expert-based logit
steering include PPLM-style hidden-state pertur-
bations (Pascual et al., 2021), GeDi-style gen-
erative discriminators (Krause et al., 2021), and
expert/anti-expert mixture decoding (e.g., DEx-
perts (Liu et al., 2021)). Expert steering is modu-
lar and easily extended across languages, though
availability of high-quality multilingual experts re-
mains a bottleneck. A second family uses edit-
after-generate: produce a candidate, detect toxicity,
and rewrite/refine (often via prompting or a special-
ized editor) (Leong et al.). In multilingual deploy-
ments, translation-pivot pipelines remain common
(translate→detox in English→translate back), but
they risk semantic drift and can erase culturally
salient pragmatics; task submissions increasingly
combine pivoting with LLM-based paraphrasing
and reranking. Retrieval augmentation can also
support detox by grounding rewrites in policy ex-
amples or safe templates.

5.4 Model Editing and Representation
Interventions

Recent work investigates activation steer-
ing—modifying internal LM representations
to remove or attenuate toxic features (Goyal
et al., 2025). SemSteer (Turner et al., 2024),
ROME-based editing (Meng and et al., 2022),
and directional activation steering (Klerings et al.,
2025) identify interpretable semantic directions
that can be suppressed during generation. Because
semantic directions often cluster cross-lingually,
activation steering has shown early promise in
multilingual detoxification (Sundar et al., 2025).
Editing offers targeted, potentially efficient
detoxification, but multilingual evaluation is still
nascent, and regression risk is high without careful
cross-lingual audits (Wang et al., 2024a).

5.5 Multilingual Guardrails

Related (but not the focus of this survey) is post-
hoc moderation independent of detoxifying the
generator, i.e., multilingual guardrails (Yi et al.):
deployment-time controllers that classify/gate
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prompts and responses into policy categories (in-
cluding prompt harmfulness, response harmful-
ness, and refusal/compliance), under potentially
adversarial multilingual prompts (language choice,
code-switching, transliteration/orthographic vari-
ants) that routinely break English-centric safe-
guards . The key multilingual guardrails are Llama
Guard (Inan et al., 2023), Aegis (Ghosh et al.,
2024), MrGuard (Yang et al., 2025), WildGuard
(Han et al., 2024), PolyGuard (Kumar et al., 2025b),
MultiGuard (Verma et al., 2025), CREST (Bansal
and Mishra, 2025) and UnityAI-Guard (Beniwal
et al., 2025b).
Key Takeaways We present the main takeaways as:

• Cross-lingual robustness remains the main
challenge: Detoxification methods consis-
tently perform better in high-resource lan-
guages than in low-resource or morpholog-
ically rich languages.

• Cultural bias persists across detoxification
pipelines: Many “safe” signals originate
from English, causing misalignment in non-
Western contexts.

• Hybrid strategies are most effective: Combin-
ing data filtering, controlled decoding, and
alignment-based tuning yields the most stable
multilingual detoxification outcomes.

• Avoiding over-censorship is an unresolved
issue: Techniques often suppress legitimate
emotional or dialectal expressions, leading to
“model homogenization.”

6 Discussion and Open Challenges

6.1 Cross-Lingual Gaps in Detoxification
A key bottleneck across multilingual safety
pipelines is the persistent performance dispar-
ity between high-resource and low-resource lan-
guages. Even models explicitly designed for multi-
lingual toxicity detection rely largely on English-
centric representations or annotations (Gehman
et al., 2020; Kreutzer et al., 2022). As a result,
toxic content in morphologically rich or cultur-
ally distant languages—such as Arabic dialects,
Hindi, Swahili, or Tagalog—remains systemati-
cally under-detected (Bensalem et al., 2024). Fur-
thermore, alignment methods such as RLHF or
constitutional tuning predominantly use English
preference data (Ouyang and et al., 2022; Bai and
et al., 2022), resulting in safety behaviors learned

in English being projected unevenly across lan-
guages. This leads to inconsistent refusal behavior,
over-sensitivity to benign expressions, or failure
to recognize toxic slang in non-English languages
(Lu et al., 2025).
Open Challenge: Developing culturally aware, bal-
anced, multilingual safety representations that scale
to low-resource languages without English over-
dominance remains an unsolved and essential re-
search agenda.

6.2 Cultural and Normative Misalignment
Toxicity is inherently contextual and culturally em-
bedded. While several studies demonstrate that an-
notators’ identities strongly influence toxicity judg-
ments (Sap et al., 2022, 2019; Jaggi et al., 2024),
most multilingual LLM safety datasets still assume
a monolithic perspective on harmfulness. Models
trained under such regimes risk over-censoring re-
claimed slurs, misclassifying dialectal expressions,
or even reinforcing majority-group norms, result-
ing in cultural erasure or linguistic homogenization
(Shen et al., 2024). As multilingual LLMs expand
globally, these mismatches become increasingly
problematic. Languages with rich honorific sys-
tems, code-switching norms, or culturally specific
humor (Li et al., 2024a), expose current models’
inability to differentiate toxicity from socially sanc-
tioned expressions.
Open Challenge: Future systems need culturally
grounded, community-driven annotation processes
and context-aware toxicity modeling that respects
sociolinguistic diversity.

6.3 Lack of Robust, Multilingual Evaluation
Frameworks

A recurring theme in top-tier work is the lack of
standardized, multilingual frameworks for evaluat-
ing toxicity. Existing benchmarks—e.g., RealToxi-
cityPrompts (Gehman et al., 2020) — are predom-
inantly English-centric, while recent multilingual
datasets, such as PolyGuard (Kumar et al., 2025b),
cover only a limited number of languages and do-
mains. Further, evaluation pipelines struggle to
assess subtle forms of toxicity, such as microag-
gressions, presuppositional harm, or implicit bias
(Sap et al., 2022). Cross-lingual transfer of toxicity
classifiers (e.g., XLM-R) often produces false posi-
tives for dialects or false negatives for low-resource
slang, making evaluation unreliable.
Open Challenge: Building comprehensive multi-
lingual benchmarks with fine-grained categories
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of toxicity, robust cross-cultural annotations, and
shared evaluation protocols is urgently needed
(Wang et al., 2024b).

6.4 Over-Suppression and Style Degradation
Detoxification techniques, particularly contrastive
finetuning and representation editing, often reduce
linguistic richness or stylistic diversity. Prior work
demonstrates that detoxified models produce more
generic, less expressive, and overly formal out-
puts (Welbl et al., 2021; Liu et al., 2021). In
multilingual settings, this effect is amplified: for
low-resource languages, detoxification can inadver-
tently erase dialectal identity, flatten morphology,
or default to English-like syntax due to shared sub-
word vocabularies and cross-lingual interference
(Zhao et al., 2025). Techniques such as activa-
tion editing (Turner et al., 2024) and PPLM (Pas-
cual et al., 2021) offer fine-grained control but still
risk semantic oversuppression when applied cross-
lingually.
Open Challenge: Designing detoxification tech-
niques that preserve stylistic and cultural charac-
teristics while eliminating harmful content remains
an open frontier.

6.5 Handling Code-Switching and
Mixed-Linguistic Toxicity

Multilingual communities frequently communi-
cate through code-switching (e.g., Hinglish, Ara-
bizi, Spanglish), which combines scripts, phonetic
spellings, and culturally specific expressions. How-
ever, current toxicity detectors consistently misclas-
sify code-switched text due to a lack of training cov-
erage and inconsistent tokenization (Zhang et al.;
Bensalem et al., 2024). Moreover, LLMs often fail
to recognize toxicity embedded in mixed-language
slang or transliterations (e.g., Hindi profanity in
Roman script) (Sharma and Bhalla, 2025). This
poses serious risks for global deployments of mul-
tilingual LLMs.
Open Challenge: Robust multilingual safety sys-
tems must explicitly account for code-switching
and orthographic variation. This may involve
training models on code-mixed corpora, utiliz-
ing unified subword tokenizers that handle mixed
scripts, and developing language-agnostic features
for toxic content. Approaches like transliteration
mapping, code-switch data augmentation, or en-
semble detectors (one per language, plus a fusion
model) is important for mixed-linguistic detoxifi-
cation.

6.6 Key Takeaways
• Language Disparities: Toxicity mitigation re-

mains uneven across languages – methods that
succeed in English often underperform in low-
resource languages and dialects, leaving some
communities with higher exposure to toxic
outputs.

• Cultural Context Matters: One-size-fits-all
safety tuning leads to misalignment with lo-
cal norms. Models may over-censor benign
cultural expressions or miss contextually of-
fensive language, highlighting the need for
culturally grounded curation of toxic content.

• Evaluation Gaps: The field lacks standardized
multilingual benchmarks. Fragmented evalua-
tion protocols make it challenging to compare
systems, especially for subtle toxicity, under-
scoring the need for shared frameworks and
diverse testbeds.

• Style and Expression Trade-offs: Many detox-
ification techniques inadvertently degrade out-
put quality or diversity, yielding robotic text.
Preserving linguistic richness and user intent
while filtering toxicity is important.

• Hybrid approaches combining multilingual
data filtering, language-specific detoxifiers,
controlled generation, and culturally aware
alignment - yield more stable and globally
robust detoxification than any single method.

• Need for Interpretability: Understanding why
a model flags or generates content as toxic is
crucial. Better interpretability in multilingual
settings would facilitate more principled and
transparent detoxification methods.

7 Conclusion

Multilingual detoxification should be treated as a
first-class safety problem rather than an English-
centric add-on: toxicity and refusal behavior
vary sharply under language shift, translation
pivots, code-switching, transliteration, and post-
deployment adaptation. This survey systematized
the space along (i) multilingual threat models, (ii)
tasks spanning rewriting, classification, and toxic-
generation , and (iii) a mechanism-based taxonomy
of mitigation. Across methods, the dominant bot-
tlenecks are cross-lingual coverage gaps, culturally
contingent notions of harm, and over-suppression
of legitimate dialectal or identity-related language.
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Limitations

This survey synthesizes a fast-moving literature,
so specific model families, benchmarks, and best
practices may evolve after publication. The evi-
dence base is also uneven across languages: many
“multilingual” studies still emphasize high-resource
languages, with fewer results for low-resource
languages, dialect continua, and code-mixed or
transliterated text. Because toxicity definitions and
label schemas vary across datasets and cultures,
some comparisons across papers are necessarily
approximate. Finally, many evaluations rely on
automatic detectors, translation-based protocols,
or closed-model assessments, which can introduce
measurement noise and limit strict apples-to-apples
replication.

Ethics

This survey reviews prior work on toxicity in multi-
lingual language models and does not involve new
data collection or model deployment. However,
existing approaches often reflect English-centric
norms and may misclassify or suppress cultur-
ally specific or reclaimed expressions in other lan-
guages. Automated toxicity detection and detoxifi-
cation can therefore reinforce societal and annota-
tor biases or lead to over-censorship. We highlight
the importance of culturally aware evaluation, in-
clusive data practices, and careful consideration of
safety–utility trade-offs in multilingual settings.
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