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Abstract
Large language models (LLMs) are increas-
ingly deployed across languages, but their
safety behavior remains uneven across linguis-
tic and cultural contexts. This survey synthe-
sizes work on toxicity detection and detoxi-
fication for multilingual LLMs. We first cat-
alogue threat models that exploit language
choice, translation pivots, code-switching, or-
thographic variation, multi-turn interaction,
and post-deployment fine-tuning to weaken
safety alignment. We then organize task for-
mulations (toxic-to-neutral rewriting, toxic-
ity classification, and toxic-generation eval-
uation), multilingual detection approaches
(cross-lingual encoders, translation pipelines,
representation-level probes, and LLM-based
detectors), and mitigation strategies spanning
data filtering, supervised and preference-based
tuning, decoding-time steering, representation
editing, and multilingual guardrails. Across
these areas, we identify persistent challenges:
uneven language coverage, culturally contin-
gent definitions of harm, fragmented evaluation
protocols, and the risk that detoxification sup-
presses legitimate dialectal or identity-related
expression.

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). As de-
ployment expands, so do safety risks: LLMs can
produce, amplify, or fail to detect toxic content
such as hate speech, harassment, profanity, and
identity-based abuse, and these risks are not dis-
tributed uniformly across languages (Röttger et al.,
2021; Sharma and Bhalla, 2025; Deshpande et al.,
2023; Krasnodębska et al., 2026). Despite substan-
tial progress on English detoxification, multilin-
gual detection and mitigation remain less mature,

especially for low-resource languages, dialects,
code-switched inputs, and culturally specific harms
(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 a direct translation of
English safety protocols (Neplenbroek et al., 2025;
Kumar et al., 2025). Toxicity ranges from overt
categories, such as slurs, explicit insults, and pro-
fanity, to implicit forms such as microaggressions,
sarcasm, and toxic condescension, which are harder
to annotate, detect, and mitigate (Wen et al., 2023;
Sap et al., 2022). Definitions of harm also vary by
community: expressions that are benign, reclaimed,
or dialectal in one context may be offensive in an-
other. Multilingual settings introduce additional
technical vulnerabilities. Code-switching, translit-
eration, and mixed-script inputs can weaken both
detectors and refusal behavior (Zhang et al., 2023;
Al Ghanim et al., 2024; Yoo et al., 2025), while pre-
trained models can degenerate into toxic continua-
tions from benign or ambiguous prompts (Gehman
et al., 2020). These failures interact with broader
cultural and social biases in generated language
(Vongpradit et al., 2024; Dammu et al., 2024).

Failures of Current Approaches. Traditional
moderation systems rely heavily on keyword lists,
rules, and supervised classifiers, which are brittle
under paraphrase, obfuscation, dialectal variation,
and context-dependent meaning (Kim et al., 2025;
Huang, 2025). LLM alignment reduces many overt
harms, but it does not transfer uniformly across
languages: malicious prompts in lower-resource
languages are more likely to elicit unsafe responses
(Deng et al., 2024; Shen et al., 2024), and prefer-
ence optimization or RLHF data remain concen-
trated in a small set of high-resource languages
(Dang et al., 2024; Lu et al., 2025). Preference
tuning can transfer across languages, but transfer
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quality varies with representation alignment and
language-resource availability (Li et al., 2024b; Ne-
plenbroek et al., 2025). Machine translation is not
a universal fallback either: multilingual translation
systems can introduce, amplify, or obscure toxicity
through hallucination and data bias (Costa-Jussà
et al., 2023). These failures make multilingual
detoxification a problem of technical robustness,
evaluation validity, and sociolinguistic coverage
(Adragna et al., 2020; Cecchini et al., 2024).
This survey provides a focused overview of detox-
ification for multilingual LLMs, synthesizing re-
cent work on detection and mitigation into a tax-
onomy of datasets, methods, and evaluation frame-
works (Figure 1). Related surveys examine multi-
lingual LLM safety broadly (Krasnodębska et al.,
2026); our emphasis is the narrower detoxification
pipeline: how toxic behavior is induced, measured,
detected, and mitigated across languages.

Scope and Contributions. The survey is orga-
nized around the following themes:

• We organize multilingual threat models cover-
ing language-shift jailbreaks, translation/pivot
attacks, code-switch prompts, multilingual
red-teaming, and adaptation-time safety col-
lapse from cross-lingual fine-tuning (§2).

• We organize task formulations into three
categories—toxic-to-neutral rewriting, toxic-
ity classification, and toxic-generation/prompt
continuation—and survey the datasets and
metrics used to evaluate each.

• We survey multilingual toxicity detection
methods, spanning encoder- and decoder-
based transformers, translation-based
pipelines, representation-level probing, and
LLM-based zero-shot detection.

• We present a mechanism-based detoxifica-
tion taxonomy covering data-centric filter-
ing, supervised and preference-based tuning,
decoding-time steering, representation editing,
and multilingual guardrails.

We conclude with a discussion of open challenges—
cross-lingual coverage gaps, cultural misalignment,
evaluation fragmentation, and over-suppression—
and identify concrete directions for building glob-
ally safe and equitable LLMs.

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 trans-
fer, or multilingual interaction to elicit toxic out-
puts from a safety-aligned model. In this survey,
we treat safety vulnerabilities—jailbreaks, align-
ment bypass, red-teaming—as the mechanisms
through which toxic outputs are induced; “safety
failure” and “toxicity elicitation” are thus two
views of the same problem. To make these threat
models comparable, we use four diagnostic axes:
(i) language composition (monolingual vs. code-
switched), (ii) script composition (standard vs.
mixed-script/transliterated), (iii) translation media-
tion (direct vs. pivot/round-trip), and (iv) cultural-
norm variation (universal vs. culturally contingent
harm). The subsections below instantiate these
axes: language-shift attacks isolate non-English
prompting; translation-mediated attacks stress piv-
oting and round-trip evaluation; code-switching
attacks combine language and script composition;
and multilingual red-teaming/adaptation attacks ex-
pose how these linguistic operators interact with



culturally contingent safety policies.

2.1 Prompt-Space Multilingual Attacks
Language-Shift Jailbreaks. This threat primar-
ily tests language composition: a malicious or
ambiguous request remains monolingual but is
re-expressed outside English. Deng et al. (2024)
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. This
threat stresses translation mediation: an unsafe
English prompt is translated into a target low-
resource language to increase compliance, then the
response is translated 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. This threat combines lan-
guage composition with script composition, be-
cause multilingual prompts may mix languages,
scripts, and transliterated forms within one con-
text. Yoo et al. (2025) show that code-switched red-
teaming queries can elicit unsafe behavior more
effectively than monolingual attacks and introduce
a synthesis framework (CSRT) to generate such
queries at scale. Complementarily, Upadhayay and
Behzadan (2024) propose 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 these axes by gener-
ating adversarial prompts and dialogues at scale,
including culturally specific prompts whose harm-
fulness may not be captured by English-centric
policies. Early work established 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 where safety be-
havior can shift across languages and local norms.
Poppi et al. (2025) show that fine-tuning on a small
toxic dataset in one language can collapse safety
across other languages (cross-lingual attack trans-
fer). Their Safety Information Localization (SIL)
analysis suggests safety-relevant parameters are
partially language-agnostic, enabling sparse up-
dates to induce multilingual failure.

Jailbreaks via New-Language Learning. Even
benign adaptation can be risky: Upadhayay and Be-
hzadan (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.
The threat models above motivate the task formula-
tions, datasets, and metrics we discuss next.

3 Task Setup: Datasets and Metrics

3.1 Datasets
Toxicity datasets can broadly be categorized into
three tasks, each corresponding to a distinct evalua-
tion goal:
Toxic-to-Neutral Rewriting. ParaDetox (Lo-
gacheva et al., 2022) introduced more than 10K En-
glish toxic→neutral paraphrase pairs. Subsequent
work explored cross-lingual transfer for detoxifica-
tion (Moskovskiy et al., 2022; Dementieva et al.,
2023), added a Hindi evaluation set (Mukherjee



et al., 2023), and extended the ParaDetox collec-
tion pipeline to Russian, Ukrainian, and Spanish in
MultiParaDetox (Dementieva et al., 2024a). The
TextDetox/PAN 2024 shared task and its COL-
ING extension broadened the parallel detoxifica-
tion setting to 9 languages: English, Spanish, Ger-
man, Chinese, Arabic, Hindi, Ukrainian, Russian,
and Amharic (Dementieva et al., 2024b, 2025).
SynthDetox-M (Moskovskiy et al., 2025, 2024)
adds 16K high-quality synthetic pairs across Ger-
man, French, Spanish, and Russian via few-shot
LLM prompting. APPDIA (Atwell et al., 2022)
and CAPP (Som et al., 2024) provide discourse-
or dialogue-aware parallel corpora for offensive-
content paraphrasing.
Toxic Text Detection. Jigsaw’s English Toxic
Comment and Unintended Bias tasks provide large-
scale comment-level toxicity labels, while the mul-
tilingual Jigsaw task evaluates binary toxicity in
Spanish, Italian, Turkish, French, Portuguese, and
Russian using English-labeled training data (Jig-
saw, 2018; Kivlichan et al., 2020). OffensEval
covers English offensive-language identification
in 2019 and five languages in 2020 (Arabic, Dan-
ish, English, Greek, and Turkish) (Zampieri et al.,
2019, 2020); the related Toxic Spans task tar-
gets span-level explanations in English (Pavlopou-
los et al., 2021). HateCheck provides functional
tests for English hate-speech detection, and Mul-
tilingual HateCheck extends this diagnostic fram-
ing to ten languages (Röttger et al., 2021, 2022).
HASOC and HatEval provide additional multilin-
gual hate/offensive-language benchmarks (Mandl
et al., 2019; Basile et al., 2019). LifeTox (Kim et al.,
2024) targets implicit toxicity in English advice-
seeking contexts, and ToxiGen (Hartvigsen et al.,
2022) provides 274K machine-generated toxic and
benign statements about protected groups. Such
classification datasets serve both toxicity evaluation
(Koh et al., 2024) and retrieval-based detoxification
(Pozzobon et al., 2023).
Non-Toxic Text Continuation. RealToxici-
tyPrompts (RTP) (Gehman et al., 2020) provides
100K English web prompts scored by Perspective
API and introduced common toxic-generation met-
rics such as Expected Maximum Toxicity (EMT)
and toxicity probability. RTP-LX (de Wynter
et al., 2025) extends this style of evaluation to 28
languages in the paper, with human-transcreated
prompts and native-speaker annotations for harm
categories such as bias, insult, identity attack, and
microaggression. PolygloToxicityPrompts (PTP)

(Jain et al., 2024) offers 425K naturally sourced
prompts across 17 languages and reports that tox-
icity tends to increase as model size grows or
language-resource availability decreases. French-
ToxicityPrompts (Brun and Nikoulina, 2024) pro-
vides 50K French prompts. TET (Luong et al.,
2024) comprises 2,546 prompts filtered from
1M real-world LLM interactions to expose la-
tent toxic behaviors that can bypass safety mecha-
nisms. Deshpande et al. (2023) further showed that
persona-based system prompts can amplify toxic
degeneration.

3.2 Metrics

Toxicity Detection Metrics Outputs are often
scored by toxicity classifiers. A common metric is
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., 2023).
Other tools such as the Perspective API1 provide
continuous toxicity scores. Detoxification systems
are typically expected to improve STA or reduce
toxicity scores while preserving meaning and flu-
ency (e.g., reducing toxic-generation probability as
in Li et al., 2024b).
Content Preservation and Fluency To ensure
meaning is retained, similarity metrics are applied.
Popular choices include BLEURT (Sellam et al.,
2020) or BERTScore (Zhang et al., 2020) to com-
pare the detoxified output to the input or a refer-
ence. Dementieva et al. (2023) adopt BLEURT
for English content similarity (SIM) and LaBSE
embeddings for Russian. Fluency is evaluated
by the percentage of grammatical or fluent sen-
tences, often via a language acceptability classifier
(e.g., a RoBERTa trained to recognize acceptabil-
ity) (Dementieva et al., 2023; Logacheva et al.,
2022). Combined metrics like the product of STA,
SIM, and fluency are sometimes used to rank mod-
els.

Cross-Lingual Alignment When detox and
translation happen together, one can also measure
translation quality or cross-lingual consistency. For
example, in simultaneous translation+detox, one
may compute BLEU (Papineni et al., 2002) or
COMET (Rei et al., 2020) between the generated
detoxified translation and a human reference. In
practice, cross-lingual transfer effectiveness is of-
ten inferred from zero-shot performance, or by cor-

1https://perspectiveapi.com/

https://perspectiveapi.com/


Dataset Task Languages Source Approx. size

ParaDetox (Logacheva et al., 2022) Rewrite EN Natural 10K+
MultiParaDetox (Dementieva et al., 2024a) Rewrite RU, UK, ES Natural 16.4K pairs
SynthDetox-M (Moskovskiy et al., 2025) Rewrite DE, FR, ES, RU Synthetic 16K
TextDetox/PAN 2024 (Dementieva et al., 2024b) Rewrite 9 langs Mixed 1K pairs/lang
APPDIA (Atwell et al., 2022) Rewrite EN (Reddit) Natural ∼2K

Jigsaw (Jigsaw, 2018; Kivlichan et al., 2020) Classify EN + 6 eval langs Natural ∼160K EN train
OffensEval (Zampieri et al., 2019, 2020) Classify 5 langs Natural Task-dependent
HateCheck (Röttger et al., 2021, 2022) Classify EN + 10 langs Synthetic tests 40K+ tests
LifeTox (Kim et al., 2024) Classify EN Natural 87.5K
ToxiGen (Hartvigsen et al., 2022) Classify EN Synthetic 274K

RTP (Gehman et al., 2020) Generate EN Natural 100K
RTP-LX (de Wynter et al., 2025) Generate 28 langs (paper) Transcreated 1K+/locale
PTP (Jain et al., 2024) Generate 17 langs Natural 425K
FrenchTP (Brun and Nikoulina, 2024) Generate FR Natural 50K
TET (Luong et al., 2024) Generate EN Natural 2,546

Table 1: Taxonomy of toxicity datasets organized by task. Source indicates whether data is human-authored
(Natural), machine-translated (Translated), human-transcreated (Transcreated), LLM-generated (Synthetic), or
assembled from multiple sources (Mixed). Sizes are rounded where appropriate and follow the cited paper or task
release.

relating translated and original outputs. Some work
also uses source-output embedding similarity as a
proxy for semantic alignment.

Human Evaluation Ultimately, manual judg-
ments are key. Human annotators typically rate
detox outputs on (1) toxicity/style (is the output
non-toxic/neutral?); (2) content preservation (does
it retain the original meaning?); and (3) fluency (is
the output natural?). Human scores are used both
to evaluate final systems and to calibrate or validate
automatic metrics (e.g. correlating BLEURT with
meaning preservation).

4 Detection

Detecting toxicity in multilingual settings is com-
plicated by linguistic diversity, code-mixing, dialec-
tal variation, and culturally contingent definitions
of harm.

4.1 Multilingual Transformers

Early toxicity detection relied on keyword lists and
lexicon-based classifiers, which lack contextual un-
derstanding and fail under paraphrase, obfuscation,
and dialectal variation. Deep contextual encoders
such as mBERT and XLM-R marked a significant
advance, demonstrating that cross-lingual represen-
tations can improve toxicity identification across
languages (Conneau et al., 2020; Tiţa and Zubiaga,
2021). These models benefit from shared subword
vocabularies and multilingual pretraining, allowing
transfer from high-resource languages such as En-
glish to languages with less labeled toxicity data.

Nevertheless, performance remains uneven across
scripts, dialects, and languages with limited pre-
training resources (Kanjirangat et al., 2025). The
brittleness of subword tokenization under spelling
variants, obfuscation, and script mixing has mo-
tivated byte- and character-level alternatives; the
newer Perspective API, for example, uses a mul-
tilingual token-free Charformer architecture for
toxic-content detection (Lees et al., 2022).

4.2 Translation-Based Pipelines
A parallel line of work explores translation-based
pipelines, where non-English text is machine-
translated into English before being passed to an
English toxicity classifier (Bell et al., 2025). This
strategy can be competitive because English detec-
tors are comparatively mature, but it introduces er-
ror propagation, translation artifacts, and semantic
drift, especially for dialectal, code-mixed, or mor-
phologically complex inputs (Zampieri et al., 2020).
Translation systems themselves can introduce or
obscure toxic content, so translation is best treated
as an evaluation or deployment design choice rather
than a neutral preprocessing step (Costa-Jussà et al.,
2023).

4.3 Representation-Level Detection
Recent research identifies linear toxic subspaces
in language model embeddings (Wang et al., 2021;
Duan et al., 2025), suggesting that toxicity-related
features can occupy identifiable directions in latent
space. Decomposing models into interpretable ex-
pert components can further isolate toxicity-related



behavior (Shaik et al., 2025). These findings moti-
vate probing and attribution techniques that seek to
locate where toxicity features are stored, with ap-
plications to both detection and mitigation (Wang
et al., 2024a; Goyal et al., 2025).

4.4 LLM-Based Detection

The emergence of instruction-tuned LLMs has
opened new detection avenues (Hu et al., 2024).
Several works evaluate LLMs as zero-shot or few-
shot toxicity detectors, showing strong generaliza-
tion but also calibration failures (Liu et al., 2025)
and cultural misalignment across languages (Yang
et al., 2025). These models often rely on implicit
safety priors learned during alignment, which can
produce inconsistent behavior on region-specific
sociolinguistic norms.
Takeaway: Multilingual LLMs and multilingual en-
coders have improved cross-lingual toxicity detec-
tion, but substantial challenges remain. Persistent
gaps in language coverage, bias in training cor-
pora, inconsistent cross-lingual performance, and
translation-induced errors limit the reliability of
current detectors. See Table 2 in the Appendix for
a detailed comparison.

5 Detoxification

5.1 Data-Centric Detoxification

Data-centric detoxification targets the quality of
pre-training and fine-tuning corpora by removing
or down-weighting toxic content. Early filtering
pipelines relied on blocklists or lexical heuristics;
contemporary pipelines often combine language
identification, quality filters, and toxicity classifiers
at web scale (Kreutzer et al., 2022; Stranisci and
Hardmeier, 2025). More recent work emphasizes
bias-aware filtering to avoid suppressing dialectal
or marginalized speech (Sap et al., 2022; Jaggi
et al., 2024; Xu et al., 2021). In multilingual set-
tings, filtering depends heavily on cross-lingual
detector generalization, which can misclassify cul-
turally specific idioms, reclaimed slurs, or dialectal
markers (Bensalem et al., 2024; Welbl et al., 2021).
Data filtering is scalable and can reduce exposure
to toxic training examples, but it also risks cultural
misalignment, uneven language coverage, and the
over-removal of minority language varieties; re-
cent work argues that harmful-content filtering can
deepen underrepresentation of already vulnerable
groups (Stranisci and Hardmeier, 2025).

5.2 Model-Centric Detoxification

Supervised Finetuning on Safe or Contrastive
Data Supervised detoxification approaches fine-
tune LLMs on curated non-toxic corpora, con-
trastive toxic–neutral pairs, or attribute-controlled
toxicity objectives (Hawkins et al., 2024; Meng
et al., 2024). Neplenbroek et al. (2025) report that
mitigation can transfer across languages, but that
transfer depends on language-resource conditions
and can trade off against non-English generation
quality. Fine-tuning-based detoxification can pro-
vide strong control, but it may reduce output di-
versity, degrade generation quality, or introduce
stylistic flattening (Wang et al., 2022; Welbl et al.,
2021).

Instruction-Based Safety Tuning Instruction
tuning using curated safety data or synthetic refusal-
style instructions can enhance multilingual LLMs’
ability to decline harmful requests and avoid toxic
continuations. Multilingual preference optimiza-
tion shows that alignment can transfer across lan-
guages when feedback data are balanced and suffi-
ciently broad (Dang et al., 2024). These methods
scale well for deployment, though annotation bi-
ases and cultural coverage remain persistent limita-
tions.

RLHF and Human Feedback Alignment Rein-
forcement learning from human feedback (RLHF)
(Ouyang et al., 2022; Bai et al., 2022) can im-
prove safety by training reward models to penalize
toxic outputs. While RLHF datasets are primar-
ily English-centric, multilingual LLMs can 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 in-
clude PPLM hidden-state perturbations (Dathathri
et al., 2020; Pascual et al., 2021), GeDi-style
generative discriminators (Krause et al., 2021),
and expert/anti-expert mixture decoding such as
DExperts (Liu et al., 2021). Expert steering is
modular, but high-quality multilingual experts are
a bottleneck. A second family uses edit-after-



generate: produce a candidate, detect toxicity,
and rewrite or refine it via prompting or a spe-
cialized editor (Leong et al., 2023). In multi-
lingual deployments, translation-pivot pipelines
(translate→detox in English→translate back) re-
main common, but they risk semantic drift and
can erase culturally salient pragmatics (Dementieva
et al., 2023; Bell et al., 2025). Retrieval augmenta-
tion can also support detoxification by grounding
rewrites in policy examples or safe templates (Poz-
zobon et al., 2023).

5.4 Model Editing and Representation
Interventions

Recent work investigates activation steering: mod-
ifying internal LM representations to remove or
attenuate toxic features (Goyal et al., 2025). Acti-
vation Addition (Turner et al., 2024) and ROME-
based editing (Meng et al., 2022) identify direc-
tions or associations that can be altered during
generation. Early analyses of how interventions
reshape cross-lingual representations (Sundar et al.,
2025) suggest potential for multilingual transfer,
though evaluation is still nascent and regression
risk remains high without careful cross-lingual au-
dits (Wang et al., 2024a).

5.5 Multilingual Guardrails

A related line of work–not the main focus of
this survey–is post-hoc moderation via multilin-
gual guardrails (Yi et al., 2024): deployment-
time controllers that classify and gate prompts
and responses into policy categories such as
prompt harmfulness, response harmfulness, and
refusal/compliance under adversarial multilingual
inputs. Language choice, code-switching, and
transliteration can weaken English-centric safe-
guards. Representative guardrails and safety classi-
fiers include Llama Guard (Inan et al., 2023), Aegis
(Ghosh et al., 2024), MrGuard (Yang et al., 2025),
WildGuard (Han et al., 2024), PolyGuard (Ku-
mar et al., 2025), MultiGuard/OmniGuard (Verma
et al., 2025), CREST (Bansal and Mishra, 2025),
Qwen3Guard (Zhao et al., 2025), and UnityAI-
Guard (Beniwal et al., 2025b).
Key Takeaways.

• Cross-lingual robustness remains a central
challenge: Detoxification methods often per-
form better in high-resource languages than
in low-resource or morphologically rich lan-
guages.

• Cultural bias persists across detoxification
pipelines: Much safety supervision originates
from English, creating misalignment in non-
Western contexts.

• Hybrid strategies are promising: Combining
data filtering, controlled decoding, alignment
tuning, and guardrails can cover failure modes
that no single method handles reliably.

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

See Table 3 in the Appendix for a detailed compar-
ison of detoxification techniques.

6 Discussion and Open Challenges

6.1 Cross-Lingual Gaps in Detoxification

A persistent disparity exists between high-resource
and low-resource languages. Many multilingual
toxicity detectors and safety-tuned LLMs are
trained or validated primarily on English and other
high-resource languages, leaving morphologically
rich, dialectal, or culturally distant varieties under-
detected (Shen et al., 2024; Wang et al., 2024b;
Bensalem et al., 2024). Alignment methods such
as RLHF and constitutional tuning have histori-
cally relied on English-heavy preference or prin-
ciple data (Ouyang et al., 2022; Bai et al., 2022),
which can produce inconsistent refusal behavior
and weak recognition of non-English toxic slang
(Lu et al., 2025; Dang et al., 2024).
Open Challenge: Developing culturally aware
multilingual safety representations that scale to
low-resource languages without English over-
dominance remains essential.

6.2 Cultural and Normative Misalignment

Toxicity is culturally embedded: annotators’ identi-
ties and beliefs strongly influence judgments (Sap
et al., 2022, 2019; Jaggi et al., 2024), yet many
safety datasets collapse disagreement into a sin-
gle label. Models therefore risk over-censoring
reclaimed slurs, misclassifying dialectal expres-
sions, or reinforcing majority-group norms (Shen
et al., 2024). Languages with rich honorific sys-
tems, code-switching norms, or culturally specific
humor (Li et al., 2024a) expose current models’
limited ability to differentiate toxicity from socially
sanctioned expression.



Open Challenge: Future systems need cultur-
ally grounded, community-driven annotation and
context-aware toxicity modeling that respects soci-
olinguistic diversity.

6.3 Lack of Robust, Multilingual Evaluation
Frameworks

A recurring theme is the lack of standardized, mul-
tilingual frameworks for evaluating toxicity. Ex-
isting generation benchmarks such as RealToxici-
tyPrompts (Gehman et al., 2020) are English-only,
while newer multilingual datasets such as RTP-
LX, PTP, and PolyGuard broaden coverage but
differ substantially in task format, label schema,
and language set (de Wynter et al., 2025; Jain et al.,
2024; Kumar et al., 2025). Evaluation pipelines
also struggle with subtle harms such as microag-
gressions, presuppositional harm, and implicit bias
(Sap et al., 2022). Cross-lingual transfer of toxicity
classifiers can produce false positives for dialects
or false negatives for low-resource slang, making
direct comparison unreliable.
Open Challenge: The field needs multilingual
benchmarks with fine-grained toxicity categories,
cross-cultural annotations, and shared evaluation
protocols (Wang et al., 2024b).

6.4 Over-Suppression and Style Degradation
Detoxification techniques, particularly contrastive
finetuning and representation editing, can reduce
linguistic richness or stylistic diversity. Prior work
shows that detoxification can trade toxicity reduc-
tion for reduced fluency, reduced diversity, or sup-
pression of identity-related language (Welbl et al.,
2021; Liu et al., 2021; Xu et al., 2021). In multilin-
gual settings, this risk is amplified: low-resource
languages may be pushed toward generic, formal,
or English-like outputs because the model has
weaker language-specific representations. Tech-
niques such as activation editing (Turner et al.,
2024) and PPLM (Dathathri et al., 2020) offer
fine-grained control but still risk semantic over-
suppression 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 communicate
through code-switching (e.g., Hinglish, Arabizi,

Spanglish), combining scripts, phonetic spellings,
and culturally specific expressions. Current LLMs
and toxicity detectors are less reliable under code-
switching because training coverage, tokeniza-
tion, and evaluation data are sparse for mixed-
language inputs (Zhang et al., 2023; Bensalem
et al., 2024). Safety failures under code-switched
or transliterated prompts have been demonstrated
for red-teaming and jailbreak settings (Al Ghanim
et al., 2024; Yoo et al., 2025), and Hindi-English
toxic language remains an active detection prob-
lem (Sharma and Bhalla, 2025). This poses serious
risks for global deployments of multilingual LLMs.
Open Challenge: Robust multilingual safety sys-
tems must explicitly account for code-switching
and orthographic variation via code-mixed train-
ing corpora, unified mixed-script tokenizers, and
transliteration-aware detection.

6.6 The Role of Decoding-Time Steering

Decoding-time methods (PPLM, GeDi, DExperts)
are best viewed as a complementary safeguard—
modular and retraining-light—not a standalone
fix for root causes like English-centric alignment
data. In multilingual settings, tokenization asym-
metries, script mixing, and cross-lingual seman-
tic drift weaken expert model reliability; build-
ing language-specific experts for low-resource lan-
guages remains impractical at scale. A central
bottleneck is expert availability (data scarcity),
followed by representation entanglement (toxic
directions conflating sentiment, intensity, and iden-
tity) and cross-script transfer instability. The evi-
dence points toward hybrid architectures: filter-
ing and alignment tuning address root causes; steer-
ing provides inference-time control; guardrails add
system-level robustness. Where norms are cultur-
ally contingent, community-grounded supervision
remains necessary.

6.7 Key Takeaways
• Language disparities: Methods effective in

English often underperform in low-resource
languages and dialects.

• Cultural context: One-size-fits-all safety
tuning misaligns with local norms, over-
censoring benign expressions or missing con-
textually offensive language.

• Evaluation gaps: Fragmented protocols
and English-centric benchmarks make cross-
system comparison unreliable, especially for
subtle toxicity.



• Style trade-offs: Detoxification often de-
grades output diversity, yielding generic text
that erases linguistic richness.

• Hybrid approaches: Combining data filter-
ing, controlled generation, culturally aware
alignment, and guardrails is the most defensi-
ble direction for deployment.

• Interpretability: Understanding why models
flag or generate toxic content is essential for
trust and auditability in multilingual settings.

7 Conclusion

This survey offers a focused treatment of detoxifica-
tion for multilingual LLMs, a problem that remains
under-studied relative to its practical importance.
We systematized the space along three axes: mul-
tilingual threat models that expose how language
shift, translation pivots, code-switching, and post-
deployment adaptation erode safety; task formula-
tions spanning rewriting, classification, and toxic-
generation evaluation; and a mechanism-based
taxonomy covering data filtering, supervised and
preference-based tuning, decoding-time steering,
representation editing, and guardrails.

Two findings cut across every axis. First, cross-
lingual transfer of safety is unreliable: methods
effective in English routinely under-perform in low-
resource and morphologically rich languages, and
alignment learned from English preference data can
misfire when projected onto other cultural contexts.
Second, detoxification and linguistic diversity are
in tension: current techniques can suppress legiti-
mate dialectal, code-switched, or identity-related
expression, trading one harm for another.

The most pressing research need is evaluation
infrastructure: standardized, culturally grounded
multilingual benchmarks that go beyond English-
translated prompts and that measure not only tox-
icity reduction but also preservation of stylistic
and cultural content. Without such benchmarks,
progress on multilingual safety will remain diffi-
cult to measure and easy to overstate.

Limitations

This survey synthesizes a fast-moving literature,
so specific model families, benchmarks, and best
practices may evolve after publication. Its scope is
also intentionally focused on text-based toxicity de-
tection and detoxification for multilingual language
models; we do not cover multimodal moderation,
broader cyber-safety policies, or legal governance

in depth. The evidence base is uneven across lan-
guages: many “multilingual” studies still empha-
size English and other high-resource languages,
with fewer results for low-resource languages, di-
alect continua, and code-mixed or transliterated
text. Because toxicity definitions and label schemas
vary across datasets and cultures, comparisons
across papers are necessarily approximate. We
also do not run a quantitative meta-analysis or re-
produce prior experiments; our synthesis depends
on reported results, which often use different mod-
els, datasets, detectors, and evaluation protocols.
Finally, many evaluations rely on automatic detec-
tors, 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 mul-
tilingual language models and does not involve
new data collection, human-subject annotation, or
model deployment. Because the paper discusses
jailbreaks, red-teaming, and adaptation-time safety
failures, the topic has some dual-use risk. We there-
fore keep the discussion at the level of threat mod-
els, evaluation categories, and mitigation strategies
rather than providing operational attack instruc-
tions or harmful prompt examples. The central
ethical concern is that automated toxicity detec-
tion and detoxification can reflect English-centric
or majority-culture norms, misclassify reclaimed
or dialectal expressions, and suppress legitimate
identity-related speech. Such failures can rein-
force societal and annotator biases or lead to over-
censorship, especially for communities already un-
derrepresented in training and evaluation data. We
therefore emphasize culturally grounded evalua-
tion, inclusive data practices, transparent reporting
of language coverage, and careful safety–utility
trade-offs in multilingual deployment.
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Approach Typical setup Strengths Main failure modes Representative evidence

Cross-lingual classi-
fiers

mBERT/XLM-R or simi-
lar encoders trained on la-
beled toxicity data

Efficient inference; supports
many languages with shared
representations

Uneven transfer across scripts,
dialects, and low-resource lan-
guages; annotation bias trans-
fers with labels

Cross-lingual hate-speech detec-
tion (Tiţa and Zubiaga, 2021); di-
alect and tokenization bias (Sap
et al., 2019; Kanjirangat et al.,
2025)

Translation-to-
English pipelines

Translate non-English text,
then apply an English de-
tector

Reuses strong English detec-
tors; simple to deploy

Translation artifacts, seman-
tic drift, and toxicity inser-
tion/omission

Cross-lingual toxicity classifica-
tion via MT (Bell et al., 2025);
toxicity in MT (Costa-Jussà et al.,
2023)

LLM-based detection Prompt or fine-tune
instruction models/guard
models for toxicity labels

Flexible label schemas; can
use context and rationales

Calibration failures; inconsis-
tent cultural norms; closed-
model reproducibility issues

LLM toxicity detection (Hu et al.,
2024); guard calibration (Liu
et al., 2025); multilingual reason-
ing guardrails (Yang et al., 2025)

Representation prob-
ing

Linear probes, subspace
analysis, or feature attribu-
tion in hidden states

Supports interpretability and
targeted mitigation

Correlational unless paired with
causal interventions; multilin-
gual transfer remains under-
tested

Toxic subspaces (Wang et al.,
2021; Duan et al., 2025); ex-
pert decomposition (Shaik et al.,
2025)

Table 2: Comparison of multilingual toxicity detection approaches.

Technique Strengths Weaknesses Representative evidence

Parallel supervised
fine-tuning

Strong task fit when toxic–neutral
pairs exist; direct control over
rewriting behavior

Expensive parallel data; weak
zero-shot transfer; style can flat-
ten

ParaDetox and multilingual exten-
sions (Logacheva et al., 2022; De-
mentieva et al., 2024a, 2025)

Preference tuning /
RLHF / DPO

Can reduce toxic continuations
and transfer safety preferences
across languages

Transfer varies with representa-
tion alignment and language re-
sources; English-heavy reward
data can misalign norms

Cross-lingual preference transfer (Li
et al., 2024b; Neplenbroek et al.,
2025); multilingual preference op-
timization (Dang et al., 2024)

Decoding-time steer-
ing

Avoids full retraining; can be tog-
gled or tuned at inference time

Needs calibrated classifiers or ex-
pert models; may degrade fluency
under strong guidance; multilin-
gual evidence remains limited

PPLM (Dathathri et al., 2020); GeDi
(Krause et al., 2021); DExperts (Liu
et al., 2021)

Edit-after-generate Modular; can combine detection,
rewriting, and reranking

Slower; detector errors propagate;
translation pivots can lose prag-
matics

Toxification reversal (Leong et al.,
2023); self-detoxification (Ko et al.,
2024); retrieval mitigation (Poz-
zobon et al., 2023)

Representation editing Targets internal toxicity features
with limited data or parameter up-
dates

Regression risk; limited multilin-
gual evaluation; causal claims re-
quire audits

SafeEdit (Wang et al., 2024a); ac-
tivation engineering (Turner et al.,
2024); SAE steering (Goyal et al.,
2025)

Multilingual guardrails Deployment-time
prompt/response gating; policy
labels can be updated without
changing generator

Does not detoxify the genera-
tor itself; vulnerable to coverage
gaps and adversarial multilingual
forms

MultiGuard/OmniGuard (Verma
et al., 2025); PolyGuard (Kumar
et al., 2025); MrGuard (Yang et al.,
2025); Qwen3Guard (Zhao et al.,
2025)

Table 3: Comparison of multilingual LLM detoxification and moderation techniques.
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