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Abstract

Detoxifying offensive language while preserv-
ing the speaker’s original intent is a challeng-
ing yet critical goal for improving the qual-
ity of online interactions. Although large lan-
guage models (LLMs) show promise in rewrit-
ing toxic content, they often default to overly
polite rewrites, distorting the emotional tone
and communicative intent. This problem is es-
pecially acute in Chinese, where toxicity of-
ten arises implicitly through emojis, homo-
phones, or discourse context. We present
TOXIREWRITECN, the first Chinese detox-
ification dataset explicitly designed to preserve
sentiment polarity. The dataset comprises
1,556 carefully annotated triplets, each con-
taining a toxic sentence, a sentiment-aligned
non-toxic rewrite, and labeled toxic spans. It
covers five real-world scenarios: standard ex-
pressions, emoji-induced and homophonic tox-
icity, as well as single-turn and multi-turn dia-
logues. We evaluate 17 LLMs, including com-
mercial and open-source models with variant
architectures, across four dimensions: detox-
ification accuracy, fluency, content preserva-
tion, and sentiment polarity. Results show that
while commercial and MoE models perform
best overall, all models struggle to balance
safety with emotional fidelity in more subtle
or context-heavy settings such as emoji, homo-
phone, and dialogue-based inputs. We release
TOXIREWRITECN to support future research
on controllable, sentiment-aware detoxification
for Chinese.

1 Introduction

Online platforms must strike a careful balance be-
tween mitigating hostile or offensive content and
preserving freedom of expression (Xu et al., 2024b;
Zhong et al., 2024). Many platforms, such as those
used on X, Weibo, and RedNote, rely on rule-based
moderation with keyword lists or toxicity classi-
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Situation 1:

’
The agent deems toxic words unsafe and refuses to respond. A:ry
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What kind of trashy speed is this? When will (R
you ship? You idiots shouldn’t be in business! customer
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Sorry, your comment contains inappropriate
language. Please be respectful.
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a

agent

Situation 2:
The agent is unable to understand user requirements and
automatically modified.

[A5] .
BRRREAEFT! (Qj
()

[Rewrite] | but it
would be even better if the shipping could  customer
be a bit faster!

BROZHSEERRIMENNN, B
BWEHBESHH!
Your support and trust are what drive us forward.
We appreciate your patience and understanding!

agent

Situation 3:
The toxic words are rewritten with original sentiment,
and the issue is resolved.
[HHHS] . B
HamgE5E?

[Toxicity rewrite]
When will you send it? customer

ERBBIULERETH, SEITERIT
B4 KRS, BEWOFE.
We apologize for the delay. Your order will ship
within 24 hours. Thank you for your patience.

agent

Figure 1: Illustration of three outcomes in detoxifying
toxic Chinese sentences: (1) blocked by rule-based
filters, (2) overly polite rewrites that distort user intent,
and (3) sentiment-aligned detoxification that preserves
emotional tone while removing toxicity.

fiers (Cao et al., 2024). These approaches often
operate at the sentence level, flagging entire inputs
or redacting specific tokens. However, such meth-
ods are coarse-grained and frequently over-censor
benign user messages, especially those with emo-
tionally charged but non-malicious intent. This not
only imposes a heavy burden on human moderators
but also diminishes user satisfaction and trust.

Figure 1 presents an example from a Chinese
customer service setting. Situation 1 shows a case
where a user complains about slow delivery, but a
rule-based system blocks the message due to the
presence of words like “trash” or “idiot.” In Situ-
ation 2, a detoxification model rewrites the input
into overly polite language, distorting the user’s
emotional tone and causing the agent to misinter-
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pret the complaint as a suggestion. OnhSiilu- model performance on four key dimensions: detox-
ation 3 is the toxicity removed without distorting i cation accuracy, uency, content preservation,
the emotional tone, allowing the user's intent toand sentiment polarity. Our results show that larger
be accurately understood and the issue properigommercial and MoE models outperform smaller
addressed. These cases highlight the importanacense models in detoxi cation quality. However,
of sentiment-aware detoxi cation: emotional po-even the strongest models struggle to preserve emo-
larity (e.g., anger, sarcasm, dissatisfaction) is national tone without drifting into overly polite styles.
merely stylistic but an essential part of user intent Additionally, we perform ne-grained scenario
and semantic meaning. analysis across ve toxicity settings: standard sen-
Despite progress in multilingual toxicity detec-tences, emoji-based and homophone-based toxic-
tion and rewriting, most detoxi cation research ity, single-turn dialogues, and multi-turn dialogues.
has focused on English. In Chinese, the task réA/e observe that detoxi cation becomes increas-
mains underexplored. Recent datasets such as Tdrgly challenging in contexts involving obfuscated
iCN (Lu et al., 2023), COLD (Deng et al., 2022), expressions or extended discourse. In particular,
Cdial-bias (zZhou et al., 2022), SWSR (Jiang et al.multi-turn dialogues present the greatest dif culty,
2022), and SCCD (Yang et al., 2025b) support toxas toxicity often arises cumulatively or contextually
icity classi cation but do not provide sentiment- across turns. The main contributions of this paper
preserving rewrites. A further limitation of existing are as follows.
detoxi cation efforts is the tendency to neutralize
emotional expression. Many LLMs (Yang et al.,
2025a; DeepSeek-Al, 2024) default to polite rewrit-
ing, regardless of the user's original tone. This
undermines the expressive delity of the output, es- « \We benchmark commercial and open-source
pecially in user-generated content where sentiment || Ms across model types, architectures, and
is a core part of the message. scales, revealing key strengths and limitations
In this paper, we address these challenges by in sentiment-aware detoxi cation.
introducingT oxI REWRITE CN, the rst Chinese
detoxi cation dataset that explicitly preserves sen- * We provide detailed scenario-speci c analysis,
timent polarity. Our dataset comprises 1,556 in-  highlighting the challenges posed by emoji-
stances, each annotated witfl) a toxic input, induced, homophone-triggered toxicity and
(2) a sentiment-aligned non-toxic rewrite, and conversation-level detoxi cation.
(3) ne-grained toxic word Iapgls. T_he da'_[a COV- 5 Related Work
ers both sentence-level toxicity—including stan-
dard, emoiji-induced, and homophonic forms—andChinese Toxic Content DatasetsA growing num-
conversation-level cases with single-turn and multiber of Chinese datasets have been developed to
turn dialogues. Through careful Itering, we re- support toxicity detection and analysis. At then-
tain only samples suitable for rewriting, discardingtence levelToxiCN (Lu et al., 2023) an€COLD
those containing hate speech or identity attacks. T@Deng et al., 2022) provide general-purpose toxic
construct the dataset, we design a six-step humasentences annotated with ne-grained labels, while
in-the-loop annotation pipeline including candidateToxiCloakCN (Xiao et al., 2024) introduces per-
Itering, rewriting with emotional guidance, post- turbed toxic examples that embed offensive content
editing, and cross-veri cation. This pipeline en-via emoji substitutions or homophonic transforma-
sures both high rewrite quality and emotional contions. At theconversation leveldatasets such as
sistency. Cdial-bias (Zhou et al., 2022)SWSR (Jiang et al.,
We conduct a comprehensive evaluation acros2022), andSCCD (Yang et al., 2025b) contain
17 LLMs, including 9 commercial models (Hurst single-turn or multi-turn dialogues from real-world
et al., 2024; Jaech et al., 2024; Yang et al., 2025alatforms, with toxicity appearing either in iso-
DeepSeek-Al, 2024; DeepMind, 2025) and 8 opentated comments or through interaction. While these
source models from the Llama (Meta Al, 2024) anddatasets are valuable for toxicity classi cation, they
Qwen families (Yang et al., 2025a). These modelsre not designed fatetoxi cation—especially not
span generation- and reasoning-oriented architefor sentiment-preserving rewriting. In contrast,
tures, as well as dense and MoE variants. We asseesir work repurposes and lters existing resources

* We presenfToxIREWRITECN, a novel Chi-
nese detoxi cation dataset that emphasizes
sentiment polarity preservation.



through a multi-stage annotation pipeline, carefrom SCCD. Subsequent annotation stages involve

fully selecting rewrite-appropriate instances anddata Itering, coarse-to- ne rewrite with sentiment

constructing aligned non-toxic rewrites with pre-polarity, and nal cross-veri cation. The full an-

served emotional polarity. notation procedure and task-speci c details are de-
Multilingual Text Detoxi cation. Recent ef- scribed in the following sections.

forts in text detoxi cation have extended beyond o

English to cover multiple languages (Wang et al.3-2 Data Filtering

2025; Dementieva et al., 2024; Logacheva et alThe goal of the data Itering stage is to ensure that

2022). For instance, Dementieva et al. (2025) inall selected toxic samples are suitable for rewriting

troduces detoxi cation data for 13 languages, highand that their toxicity arises from emotional polar-

lighting the growing interest in multilingual safety. ity—such as anger, sarcasm, or frustration—rather

However, their evaluation reveals tt@hinese is  than from explicit hate speech or discriminatory in-

the most challenging languagewith consistently tent. This process corresponds to Tasks 1 through

low detoxi cation performance across models. The3 in our annotation pipeline.

Chinese subset in Dementieva et al. (2025) does not o o

distinguish between different toxicity types. Many 1ask 1: Filtering by Toxicity Category and Per-

sentences involvinate speech or identity attacks turbation Type. We rst examine the toxicity

are unsuitable for rewriting, leading to mislead-2nnotations provided in the source datasets. Our

ing evaluation results. In contrast, our dataset corRnalysis reveals that instances labelegerseral
struction explicitly Iters forgeneral offensive lan- Offénsive languageften express toxic intent not
guage which we identify as the only category suit- throug_h targeted attacks_ but via emotional empha-
able for sentiment-aligned detoxi cation. Our work SIS O informal, aggressive tone. These sentences
further extends detoxi cation to a broader rangelYPically involve expressions of dissatisfaction or
of settings, including not only standard toxic senfrustration and are well aligned with our rewriting
tences but alsemoji-based homophone-based objective. In contrast, instances _Iabeledhaaae
single-turn, andmulti-turn  conversational toxic- SPeechattack group or generic hatenvolve hate-
ity. To our knowledgeTOXIREWRITECN is the based or discriminatory expressions that are unsuit-
rst detoxi cation dataset in Chinese to combine aPl€ for rewriting and are therefore removed. For
ne-grained scenario coverage with human-veri ed €MOli- and homophone-based perturbations, we ap-
suitability for rewriting, enabling more reliable P!y ltéring based onperturbation intensityWe re-

evaluation of model capabilities. tain only those sentences where the toxicity clearly
results from the use of emojis or homophonic sub-

3 Dataset Collection Pipeline stitutions and where the overall sentence structure
and meaning remain intact and interpretable. For

3.1 Crowdsourcing Protocol and Tasks multi-turn dialogue, we restrict the number of dis-

To construct a Chinese dataset for toxicity rewritingtinct users in a dialogue to no more than 3. This
with sentiment polarity preservation, we adopt aconstraint helps preserve contextual coherence and
three-stage human-in-the-loop annotation pipelinélvoids noisy, large-group discussions. The max-
as illustrated in Figure 2. The process spans froinum number of turns per dialogue is capped at
initial candidate selection to nal annotation veri - 13-

cation, and consists of six distinct tasks. Our goall.ask 2: Toxicity Revalidation.

. . o - Due to incon-
is to produce high-quality triplets comprising: (1)

) _ _ _Sistencies in toxicity labeling across datasets, we
toxic sentences, (2) sentiment-consistent non-toxigy g 5|;ate the toxicity of each remaining sentence
rewrites, and (3) ne-grained toxic word labels. using a state-of-the-art commercial LLM, Qwen-
The pipeline begins with candidate samplingMax (Team, 2024). Only samples that are con -
from both sentence-level and conversation—levebemly identi ed as toxic are retained. This step

corporq. For sentence-level- data, we include: helps eliminate false positives from the previous
rect toxic sentencegrom ToxiCN and COLD, as round and further improves data quality.

well asemoji-induced andhomophonic toxicity

from ToxiCloakCN. For conversation-level data,Task 3: Suitability for Controlled Rewriting.
we incorporatesingle-turn dialoguesfrom Cdial- This nal Itering step is critical. While a sentence
bias, SWSR, and SCCD, anaulti-turn dialogues  may be toxic, it may not be suitable for rewrit-



Figure 2:Overview of the human-in-the-loop annotation pipeline The process consists of three stagé¥Data
Filtering, where candidate toxic samples are selected and veri ed for rewrite suitat@jtiRewrite with Sentiment
Polarity, where LLMs perform coarse rewriting followed by human correction; @ross-veri cation where
annotations are validated. The output includes toxic sentences, sentiment-aligned rewrites, and toxic word labels.

ing if its toxicity stems from hate or personal at-while preserving the original emotional tonkn-
tacks rather than emotional overexpression. Wgortantly, only toxic components are to be rewritten.
therefore examine all remaining samples and retaibNon-toxic segments, including punctuation, emajis,
only those that exhibimild toxicity. These ex- and neutral content, must remain unchanged.
pressions, while inappropriate in tone, do not con-

stitute discrimination, explicit abuse, or targeted’@sk 5: Human Correction. Coarse rewrites
aggression. In addition, for dialogue samples, wdrom Task 4 are reviewed using the Label Studio
check whether each turn is a meaningful reSIoonSglatform. As illustrated in Figure 3, annotators are
to the preceding context. Utterances must serv@hown the original toxic sentence along with the
as emotional reactions, elaborations, or contextuatLM-provided rewrite. They are given three pos-
continuations. Dialogues that lack coherence or refiPle actions: (1)Mark the rewrite @srrect if it
evance between turns are removed. Further detaifs!ly meets the rewriting guideline. (2) Selent
about the data Itering process are provided in thecorrect and provide a manually revised non-toxic
Appendix. As an additional quality safeguard, al|version in the correction box. (3) Discard the sam-
retained samples underwent manual validation b€ by marking it ason-toxic or overly toxic. This
fore the rewriting stage. This resulted in a nal pool post-editing stage ensures that the nal rewrites are
of 5,132 samplesleemed suitable for sentiment- uent, emotionally faithful, and detoxi ed. Among
preserving detoxi cation, which were passed into@ll processed samples from Task 4, annotators ac-

the rewriting work ow described later. cepted 482 LLM rewrites without changes, manu-
ally edited 1,085 rewrites, marked 709 as non-toxic,
3.3 Rewrite with Sentiment Polarity and discarded 2,856 instances due to excessive tox-

... __icity. This outcome con rms that coarse-to- ne
We adopt a coarse-to- ne approach for rewriting " , . .
ewriting not only improves annotation ef ciency

toxic sentences while preserving their emotional .
. . ut also sharpens the focus on emotionally charged
polarity. The goal is to reduce annotator burden b . :
ut correctable toxic expressions.

rst using LLMs to generate initial rewrite drafts,
which are then corrected or re ned by human an3 4 Annotators and Cross-Veri cation

notators. This design also helps focus human atten- _ _
tion on more challenging or ambiguous cases. Al annotation tasks were conducted by three native

Chinese speakers. One annotator holds a Ph.D. in
Task 4: Model-Based Controlled Rewriting. computer science, while the other two hold mas-
We use Qwen-Max, a state-of-the-art Chinese LLMter's degrees in computer science. The team con-
to perform initial rewrites of toxic sentences. Thesisted of two male and one female annotators. Prior
model is prompted toeplace vulgar or toxic ex- to annotation, all annotators received comprehen-
pressions with more civil, appropriate language sive task-speci ¢ training, including detailed in-



emotional intent.

Detoxi cation Accuracy (Detox. Acc.). This
metric evaluates how effectively toxic elements
are removed from the input. We adopt three com-
plementary sub-metric8entence Classi cation
(S-CLS), the percentage of rewritten sentences clas-
si ed as non-toxic by a ne-tuned toxicity classi er
based on Qwen3-32B (see Appendix D for training
details); Word Clean Rate (W-Clean), the pro-
portion of toxic words from the original sentence
that are eliminated in the rewrite; al8kntence
Clean Rate (S-Clean)the proportion of rewritten
sentences that contain no toxic words at all based
on our toxic word labels.

Figure 3:Human post-correction interface Annota- Fluency. We evaluat_e uency using standard
tors are shown the toxic sentence and the coarse rewrit€ference-based metrics by comparing model out-
If unacceptable, annotators provide a corrected one thgruts with human-annotated rewrites using BLEU,
retains the emotional polarity while removing toxicity. ChrF++, BERTScore-F1 (BS-F1), and COMET
(COM.), following previous works (Yadav et al.,

structions on rewriting goals, toxic span identi ca- 2024; Xu etal., 2024a; Lee et al., 2024).

tion, and sentiment polarity preservation. Content Preservation (CntPres.). We assess se-
To ensure annotation quality and internal consismantic preservation using cosine similarity be-

tency, we performed a cross-veri cation processtween embeddings obtained from a Chinese-

Each annotator independently reviewed approxispeci ¢ Text2Vec (Xu, 2023) encoder. This metric

mately one-third of the data originally labeled by evaluates whether the core meaning of the sentence

another annotator. The review focused on the fokemains unchanged after detoxi cation.

lowing three aspects:(1) Whether the rewritten sen-

tence is correctly detoxi ed and free of toxic con->entiment Polarity. To assess the emotional
tent. (2) Whether the emotional polarity of the tone, we apply a sentiment polarity classi er based

original sentence is preserved in the rewrite. (3PN QWen3-32B (see Appendix D for training de-

Whether the toxic word labels in the original sen-2ilS) trained to distinguistoxic, neutral andpo-

tence are accurately identi ed. Each item was ratedt®- This allows us to analyze the extent to which

on a 5-point Likert scale (1 = unacceptable, 5 = Ioert_he rewritten sentence shifts em(.)'qonal polarity,
nd whether the result over-sanitizes or under-

fect). We retained only the samples with averagé1 _ R
scores of 4.0 or above on the rst two criteria. Out "€utralizes the original intent.
of 1,567 samples, 11 were removed based on crosg->  Models

veri cation results. Final dataset contaithsb56 . . .
$5 We evaluate 17 LLMs, including both commercial

high-quality triplets , each consisting of a toxic q gel ing di hi
sentence, its sentiment-aligned non-toxic rewritez?ln open-source Modeis, spanning diverse archi-

and ne-grained toxic word labels. Figures g1 1€ctures such as dense and mixture-of-experts mod-

. ._els. The closed-source group includgmeration
showcase representative cases across categories, group

models(GPT-40, Qwen-Max, Gemini-2.5-Flash,

4 Experiments Deepseek-V3) andeasoning modelfGPT-01,
_ _ Deepseek-R1, Gemini-2.5-Pro, QwQ-32B (Team,
4.1 Evaluation Setups and Metrics 2025), Qwen3-235B-A22B), with hybrid reason-

We evaluate the quality of rewritten sentencesng modes enabled where applicable. To assess
across four key dimensionBetoxi cation Accu- the impact of sparse expert activation, we include
racy, Fluency Content Preservatignand Senti- four MoE models: Llama4-Maverick, Llama4-
ment Polarity These dimensions collectively as-Scout (Al, 2025), Qwen3-235B-A22B, and Qwen3-
sess whether a rewrite successfully removes toxi80B-A3B. For comparison, we also evaluate four
content while preserving the original semantic anddense models from the Llama and Qwen families



Detox. Acc. \ Fluency Sentiment Polarity

Model ‘ ‘f‘ntPres ‘

S-CLS' W-Clean" S-Clear![BLEU" ChrF++" BS_F1' COM."| ' [Toxic# Neutral" Polite #
Closed-Source Models
Generation Models
|- GPT-40 88.24 97.45 97.17 | 71.87 64.17 88.11 87.63| 93.84 | 18.25 67.16 14.59
|- Qwen-Max 84.06 95.62 95.12 | 76.82 69.82 90.02 88.89| 94.45 | 24.94 64.46 10.60

|- Gemini-2.5-Flash | 75.39 91.80 91.20 | 85.88 75.29 91.83 89.36| 95.57 |36.44 5855 5.01
|- Deepseek-V3 85.67 96.28 96.47 | 81.57 73.20 89.84 88.48| 94.10 |21.21 64.27 14.52
Reasoning Models
|- GPT-01 72.88 9448 93.19 | 77.41 69.53 89.60 88.73| 95.11 |38.50 56.75 4.76
|- Deepseek-R1 86.44 9755 97.04 | 68.15 61.81 86.03 85.50| 92.47 | 20.89 57.84 21.27
|- Gemini-2.5-Pro 80.85 98.30 97.94 | 75.03 69.06 88.20 87.34| 94.01 |30.59 61.95 7.46
[- QwQ-32b 7423 95.14 9402 | 78.72 68.08 89.53 88.03| 94.82 |37.34 5482 7.84
|- Qwen3-235B-A22| 81.43 96.56 96.02 | 70.16 63.66 86.31 85.82| 93.04 |27.70 57.78 14.52

Open-Source Models

MOE Models
|- Llama4 Maverick | 74.81 92.83 9152 | 76.79 66.51 88.47 87.29| 93.98 |37.53 54.18 8.29
|- Llama4 Scout 75.64 88.26 87.21 | 67.04 56.34 86.07 86.14| 93.37 | 32.58 52.38 15.04
|- Qwen3-235B-A22| 78.28 94.34  94.34 | 77.73 68.08 89.70 88.12| 94.43 |32.33 56.23 11.44
|- Qwen3-30B-A3B | 77.83 89.34 88.95 | 79.50 69.87 89.43 87.79| 93.87 |29.37 57.58 13.05

Dense Models

|- Llama3-8B 74.10 83.36 8201 | 7487 64.12 86.72 84.48| 92.59 |35.03 43.44 2153
|- Llama3-3B 73.97 8350 8207 | 74.61 63.93 86.76 84.49| 92.57 |34.51 44.02 21.47
[- Qwen3-8B 7442 8345 8393 | 82.04 70.07 89.96 87.87| 94.00 |33.10 5540 11.50
|- Qwen3-4B 68.38 7341 74.16 | 7830 68.99 8852 87.46, 95.25 |40.23 4859 11.18

Table 1:Overall performance metrics of various models across detoxi cation, uency, content preservation,
and sentiment polarity. Box highlights the best performance for each metric among closed-source models, while
Box highlights the best performance among open-source models.

(Llama3-8B/3B, Qwen3-8B/4B). All models are cation, reasoning models such@smini-2.5-Pro
tested using aero-shot prompthat contains only andDeepseek-Rbutperform generation models,
task instructions and the required input-output forachieving W-Clean scores of 98.30 and 97.55 re-
mat, without any in-context examples or chain-ofspectively. This suggests that reasoning models
thought cues. This design avoids bias introducedre better at explicitly removing toxic terms. Rea-
by varying few-shot behaviors across models andoning models such d3eepseek-RIand QwQ-
ensures fair cross-model comparisons. The fulB2B reveals an interesting trade-off. These models
prompt is provided in Figure 7. We further include demonstrate strong abilities in identifying toxic
a human baseline and a ne-tuned model trainedriggers and understanding the rewriting intent of
on 1K samples using our proposed dataset. Pleaggeserving emotional polarity. This explains their

refer to the Appendix C and E for details. higher W-Clean and S-Clean scores. However,
due to their inclination to generate emotionally in-
4.3 Overall Dataset Evaluation tense rewrites—possibly as a result of faithfully

Tabéell reportsfthe é)_erforrr_]ancevsf all elvaluate e agged as still toxic under S-CLS evaluation.
MOCEIS across four dimensions. We analyze €ach,;q gt highlights their sensitivity to tone but

dimension and highlight key trends across mOdel?eIative rigidity in emotional modulation.
Detoxi cation Accuracy. Most models demon-

strate strong performance in removing toxic con- We observe a nuanced performance gap, com-
tent. Among generation modelSPT-4oachieves paring open-source and closed-source models.
the highest S-CLS score (88.24), indicating thaClosed-source commercial models, particularly
its rewrites are most likely to be classi ed as non-GPT-40, Deepseek-V3, and Qwen-Max, consis-
toxic. However, in terms of word-level detoxi - tently achieve higher scores on Detox. Acc., in-

ireserving tone—these models are more likely to



Figure 4:Comparison of four model variants (Generation, Reasoning, MOE, and Dense) across different
evaluation scenarios: overall, single-sentence, emoji, homophone, single-turn conversation, and multi-turn
conversation. Each chart visualizes performance on six metrics: Detox-CLS, Detox-Clean, Fluency, Content
Preservation, Neutral Polarity, and Polite Polarity.

dicating superior control over overall output tox-and Qwen3-30B-A3B show strong uency and
icity. Notably, large open-source MoE modelspreservation, rivaling closed-source systems. Inter-
such asQwen3-235B-A22Band Llama4 Mav- estingly, we observe that the gap between closed-
erick achieve W-Clean and S-Clean scores consource and open-source models is minimal in u-
parable to those of closed models, suggesting thancy and content preservation. While closed mod-
they are similarly effective at eliminating explicit els still lead in detoxi cation metrics, several open-
toxic terms. Among open-source models, we nd asource models—especialwen3-8BandQwen3-
strong correlation between model scale and detoXdB—match or even outperform their commercial
i cation quality: larger models tend to perform counterparts in generation quality. We also nd
better in both sentence-level and word-level detoxikttle difference between dense and MoE architec-
cation. This trend is also evident within the MoE tures on these two dimensions. For example, both
models. For instancé,lama4-Maverick (400B Llama4-Maverick (MoE) andLlama3-8B (dense)
total parameters, 17B active) consistently outpertield comparable uency scores, indicating that
formsLlama4-Scout(109B total, 17B active), sug- model architecture has limited impact on uency
gesting larger expert pools provide better represemand content preservation performance. These re
tation capacity under the same activation budget.sults indicate that modern LLMs—even at mod-
erate scales—have largely mastered the ability to
_ produce uent, semantically faithful rewrites. The
true challenge lies not in rewriting per se, but in

understanding subtle toxic expressions, interpret-

BERTScore-F1 (91.83), witlQwen-Max and . . ) .
Deepseek-Vafollowing closely. These models ing context, and performing sentiment-preserving
detoxi cation.

produce rewrites that are highly natural and gram-
matically well-formed. 'Notably, the COMET 4.4 Sentiment Polarity Consistency Analysis
and content preservation scores largely align
with uency, suggesting that high-quality gen- Maintaining the emotional tone of the original
eration also correlates with better semantic -toxic sentence is a crucial goal of our task. In
delity. Among open-source model®@wen3-8B Table 1, generation models lik&PT-40andQwen-

Fluency and Content Preservation. Gemini-
2.5-Flash ranks highest in uency metrics, in
cluding BLEU (85.88), ChrF++ (75.29), and



Max strike a good balance between detoxi cationcated toxicity. In homophones, content preserva-
and emotional preservation, achieving relativelytion drops slightly due to necessary substitutions
high neutral rates (67.16 and 64.46). In contrasthat alter surface form. Sentiment polarity also de-
dense open-source models suchlkasna3-8B and teriorates. Neutral output rates fall, while toxicity
Llama3-3B exhibit higher polite rates (21.53 and increases—without a corresponding rise in polite-
21.47), indicating a tendency to over-sanitize theness—suggesting that models fail to resolve deeper
emotional content. Across the results, we observaggression embedded in sarcasm (emojis) or veiled
that closed-source commercial modelgend to  insults (homophones). These ndings expose a bot-
achieve signi cantly higher neutral rates comparedtleneck in LLMs' ability to handlecovert toxicity

to open-source models. Most open-source modelshere emotion, intent, and context interact beneath
fall below 58%. Additionally, within the open- surface-level uency. Detailed results on emoji-
source grouplarger MoE models consistently induced and homophone-based toxicity rewriting
outperform smaller dense modelsn polarity con- are provided in Tables 3— 4 in the Appendix.
sistency. For exampl€)wen3-30B-A3B(MOE) ) ) ) )
yields a neutral rate of 57.58% with only 13.05%4-6 Challenges in Conversation Toxic Rewrite
polite outputs, whereaslama3-8B (dense) pro- Detoxifying toxic language in conversations poses
duces polite rewrites in 21.53% of cases. Thesenique challenges due to context dependence and
ndings suggest that sentiment-preserving detoxiemotional continuity. Comparing single-turn and
cation remains a highly challenging task that re-multi-turn detoxi cation, we nd that performance
quires both lexical-level toxicity detection and con-drops sharply in multi-turn settings. Detoxi cation
textual understanding of emotional intent. Furtheraccuracy declines across the board in multi-turn dia-
more, models must overcome their tendency to geegue. Top models like GPT-40 and Qwen-Max see
erate overly polite, customer-service-style rewritesS-CLS scores fall below 56%, and both sentence-
especially in ambiguous or emotionally chargedand word-level detox metrics degrade—indicating
contexts. Besides, reasoning models sucBR3-  dif culties in tracing and neutralizing toxicity that
ol andGemini-2.5-Prodemonstrate a deeper un-unfolds across turns. This highlights a key limita-
derstanding of the rewriting goal by producing emo+ion in current LLMs' ability to align detoxi cation
tionally expressive, context-sensitive outputs. Aswith dialogue structure and intent. Fluency and
a result, they achieve lower polite rates (4.76%content preservation remain stable, with most mod-
and 7.46%, respectively), indicating reduced overels generating coherent outputs. However, smaller
sanitization. However, their tendency to generat&gense models show minor drops in uency, sug-
emotionally intense rewrites leads to higher toxgesting limited capacity to manage long-range dis-
icity rates in the sentiment classi er output, con-course. Sentiment polarity control weakens in
sistent with their lower S-CLS scores. These remulti-turn scenarios. Toxicity rates rise signi -
sults highlight that effective sentiment-preservingcantly, while neutral output rates fall—without a
detoxi cation requires more nuanced modeling ofrise in polite rewrites—revealing that models fail
emotional tone, intent, and pragmatic balance. Ito neutralize cumulative or reactive toxicity rather
remains an open challenge, particularly for smallethan merely over-sanitizing. Overall, multi-turn
and open-source models, and calls for future worklialogue is the most dif cult setting, where toxic-
on targeted emotional style control. ity often accumulates contextually or emotionally.
These ndings suggest that successful detoxi ca-
tion in dialogue requires discourse-level reasoning
While models perform well on standard single-and pragmatic awareness beyond sentence rewrit-
sentence rewrite, we observe signi cant degraing. Detailed results are provided in Tables 5— 6.
dation in bothemoiji-induced and homophone- We further examine performance from simple to
basedsettings (shown in Figure 4), revealing keycomplex scenarios, and quantify how each added
limitations in handlingimplicit and structurally complexity affects model performance across met-
masked toxicityDetoxi cation accuracy declines rics. As shown in Table 8, both Detox. Acc. and
sharply in these subsets. Models that perform simiSentiment Polarity scores decline with increasing
larly on standard inputs diverge substantially whertask dif culty. Interestingly, uency improves in di-
facing emoji and homophone perturbations, sugalogue scenarios, possibly due to richer contextual
gesting divergent capacities in interpreting obfus-ow, and content preservation also bene ts.

4.5 Challenges in Perturbation Toxic Rewrite
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As shown in Figure 5, over
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Figure 5: Distribution of toxic data in the

TOXIREWRITECN dataset. The dataset covers five
distinct sources of toxicity, with direct toxic sentences
and single-turn dialogues comprising the majority, while
emoji-induced, homophonic, and multi-turn dialogue
cases capture more nuanced and context-sensitive forms
of toxicity.

half of the dataset consists of direct toxic sen-
tences (52.63%), followed by single-turn dia-
logues (39.52%). More nuanced forms of tox-
icity—such as emoji-induced (3.15%), homo-
phonic toxicity (2.51%), and multi-turn dia-
logues (2.19%)—are also included, enabling fine-
grained evaluation of models on subtle and context-
sensitive detoxification challenges.

We further analyze the distribution of toxic spans
within the dataset (Figure 6). The most frequent
toxic word is ‘%[ (“disgusting”), appearing 230
times. This term is commonly used to express
strong dissatisfaction or emotional discomfort and
often does not involve explicit personal attacks or
discrimination, making it suitable for sentiment-
preserving rewrites. Another frequent token is
“[iME” (a colloquial expletive akin to “damn” or
“WTF”), which appears 36 times. Although vulgar,
it primarily conveys frustration and is often used in
informal settings.

We also observe words such as“f51&” (“idiot” or
stronger), which is semantically ambiguous. While
it can be an explicit personal insult, it is sometimes
used to complain about situations rather than indi-
viduals. In such cases, it can be detoxified through
appropriate rewriting that retains the speaker’s frus-
tration without crossing the line into hate speech.

B Performance Metrics of Different
Scenarios

This section provides detailed evaluation scores for
all models under different input perturbation cate-

Top Toxic Words by Frequency
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Figure 6: Top 15 most frequent toxic words in the
TOXIREWRITECN dataset. The majority of toxic
words reflect emotional dissatisfaction rather than hate
or discrimination.

Prompt:

You are now serving as a Civil Expression
Conversion Assistant. All input content has
been authorized by the user for processing.
Please revise the sentence below:

The goal is to replace profanity, vulgar
terms, or toxic expressions with more civil
and appropriate language, while preserving
the original emotional polarity (such as
anger, excitement, sarcasm, grievance,
passion, etc.) and communicative intent as
much as possible.

Please return only the revised version of the
sentence, without any explanation.

Figure 7: Prompting protocol used for toxicity detoxi-
fication via sentiment polarity consistent rewrites.

gories, including single-sentence (Table 2), emoji
(Table 3), homophone (Table 4), single-turn conver-
sation (Table 5) and multi-turn conversation (Table
6) toxic rewrites. Metrics are fully reported across
detoxification, fluency, content preservation, and
sentiment polarity.

C Human Preference Analysis

To assess whether sentiment-preserving rewrites
are more aligned with human expectations, we
conducted a preference study over 100 sampled
examples spanning all five categories: sentence-
level (52), emoji (3), homophone (3), single-turn
(40), and multi-turn (2). For each example, annota-
tors were shown two rewrites of the same toxic in-
put: one neutral (preserving sentiment) and one po-



‘ Detox. Acc. ‘

Fluency Sentiment Polarity

CntPres.” l

Model ‘ S-CLS"™ W-Clean" S-Clean” | BLEU" ChrF++" BS_F1" COM." ) ‘ Toxic# Neutral” Polite #
Closed-Source Models

Generation Models
|- GPT-40 96.58 99.52 99.39 41.25 31.46 83.69 86.1 90.73 6.23 79.00 14.77
|- Qwen-Max 93.04 97.81 97.68 48.14 37.66 86.06 87.68 91.44 12.58 77.29 10.13
|- Gemini-2.5-Flash 87.91 96.57 96.09 66.97 53.91 88.37 88.28 93.08 24.42 69.35 6.23
|- Deepseek-V3 95.60 99.62 99.63 55.21 43.87 85.25 86.67 90.85 8.30 77.29 14.41

Reasoning Models
|- GPT-ol 90.48 96.28 95.97 42.88 31.88 84.41 87.12 92.20 19.66 74.11 6.23
|- Deepseek-R1 95.85 98.28 98.17 34.19 28.16 80.12 82.60 88.47 9.40 65.32 25.27
|- Gemini-2.5-Pro 94.51 98.57 98.53 43.30 36.84 82.57 84.91 90.52 13.92 75.46 10.62
- QwQ-32b 85.71 97.04 96.70 52.02 39.16 85.09 86.51 91.97 26.25 65.08 8.67
|- Qwen3-235B-A22B 91.21 98.67 98.41 30.60 24.32 79.74 82.72 88.90 17.70 64.59 17.70

Open-Source Models

MOE Models
|- Llama4 Maverick 83.27 91.99 90.84 49.09 37.03 83.98 85.48 90.85 25.52 63.49 10.99
|- Llama4 Scout 86.20 95.52 94.99 43.97 32.21 82.92 84.93 90.44 25.40 66.42 8.18
|- Qwen3-235B-A22B 89.26 82.84 81.20 63.32 46.51 85.28 85.05 91.08 19.54 69.11 11.36
|- Qwen3-30B-A3B 90.72 82.75 81.32 64.26 47.10 85.33 84.99 91.03 15.38 72.04 12.58

Dense Models
|- Llama3-8B 76.07 97.62 97.56 48.42 35.95 85.76 86.81 91.42 35.41 52.99 11.60
|- Llama3-3B 76.19 96.85 96.21 49.08 34.60 84.98 86.24 90.42 34.07 54.33 11.60
|- Qwen3-8B 89.87 94.85 94.26 41.84 29.90 83.02 85.41 90.38 15.51 71.06 13.43
- Qwen3-4B 78.27 84.46 82.66 60.47 42.93 86.81 86.91 92.81 30.77 61.29 7.94

Table 2: Single-sentence performance metrics of various models across detoxification, fluency, content
preservation, and sentiment polarity. Box highlights the best performance for each metric among closed-source
models, while Box highlights the best performance among open-source models.

Human Perference Analysis

Polite 21

Neutral 79
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Figure 8: Human preference comparison between
sentiment-preserving (neutral) and over-polite detox-
ification rewrites. Annotators significantly preferred
neutral rewrites (79%) over polite ones (21%).

lite (over-sanitized), generated by two competitive
models—GPT-40 and Deepseek-V3—randomized
in order. Annotators were asked to select the ver-
sion that better preserved the original user intent
while removing toxicity.

As shown in Figure 8, out of 100 comparisons,
the sentiment-preserving (neutral) rewrite was pre-
ferred in 79 cases, while the polite rewrite was
chosen in 21 cases. This indicates a strong human
preference for rewrites that retain emotional tone
rather than overly formal rephrasings, reinforcing
the core motivation of TOXIREWRITECN.

To better assess model performance and the re-

liability of automatic metrics, we include a hu-
man rewrite baseline. Two native Chinese speak-
ers—who were neither annotators nor familiar with
the task—were asked to rewrite 30 sampled toxic
sentences covering all five categories, using the
same prompt format as used for LLMs. Their
rewrites were scored using the same metrics. As
shown in Table 7, human rewrites significantly out-
perform LLMs across detoxification accuracy (S-
CLS), content preservation, and especially senti-
ment control—achieving high neutral rates with
minimal residual toxicity.

D Implementation Details of Classifiers

We fine-tuned two classifiers based on the Qwen3-
32B model: a toxicity classifier and a sentiment
polarity classifier. The toxicity classifier is a bi-
nary classifier that determines whether a rewritten
sentence is toxic or non-toxic. We constructed the
training dataset by combining toxic and non-toxic
samples from the TOXIREWRITECN dataset with
additional samples from the ToxiCN dataset, result-
ing in a total of 4,112 non-toxic and 4,035 toxic
sentences. Training was performed using LoRA-
based efficient fine-tuning, with the following hy-
perparameters:a LoRA rank of 8, LoRA alpha of



16, and a dropout rate of 0.05. The model was
trained for 3 epochs using a learning rate of 2e-5
with a cosine learning rate scheduler.

The sentiment classifier is a three-class classi-
fier that predicts whether a rewritten sentence con-
veys a toxic, neutral, or polite sentiment. The
training data was constructed entirely from the
TOXIREWRITECN dataset. To improve model per-
formance and training stability, we adjusted the
label distribution to a 1:2:1 ratio of toxic, neutral,
and polite examples by duplicating neutral samples,
resulting in a total of 6,224 training instances. The
classifier was also fine-tuned using LoRA, with the
same hyperparameter settings:a LoRA rank of 8§,
LoRA alpha of 16, and a dropout rate of 0.05. It
was trained for 5 epochs with a learning rate of
2e-5 using a cosine scheduler. All training was
conducted using 8 NVIDIA H100 GPUs.

E Fine-tuning with 1K Samples

To complement our main evaluation across a broad
range of models—including commercial and open-
source systems, generation- and reasoning-oriented
models, as well as both dense and MoE architec-
tures—we further trained a task-specific baseline
to better assess the potential of fine-grained super-
vision on our benchmark.

We constructed a fine-tuning setup using only
our proposed TOXIREWRITECN. A sample of
1,000 toxic—rewrite pairs (preserving original cat-
egory distribution) was used for training, with the
remaining 556 examples reserved for evaluation.

We fine-tuned LLaMA3-8B using the reasoning
traces generated by Deepseek-R1 as supervision
signals. Table 9 demonstrates that the resulting
model, LLaMA3-8B_1K, achieved substantial im-
provements across multiple metrics. Compared
to its original version (LLaMA3-8B), S-CLS im-
proved by 10.79 points (from 73.02 to 83.81),
and the proportion of neutral sentiment rewrites
increased by 21.76 points, outperforming even
Deepseek-R1 (66.73% vs. 58.63%).

These results demonstrate that even with limited,
high-quality supervision (1K samples), our bench-
mark enables meaningful gains in both detoxifica-
tion accuracy and sentiment control—suggesting
its utility for training robust detoxification models
under low-resource conditions.

direct toxic sentences

Original toxic sentence: P [} 35 W fth 72 BB ME ZR 23X A4S
135k LB fbstxd 7

That’s why, no matter which forum he’s in, he always gives
off this 13 vibe — cursing him is the right thing to do

Reference neutral result : Ffr [} 15 B fth 75 BB NIE &R 2 X 4
IEATREROEEF, HITMH T

That’s why, no matter which forum he’s in, he always has
an unlikeable vibe — criticizing him is the right thing to do

emoji-induced

Original toxic sentence: #F 3 2 /Hy, 5 5IRIFM
— i, ZnaEITFLT

OP delete that dumbass who keeps copy-pasting and
flooding the comments — it’s affecting reading the replies

Reference neutral result : # TR AEEH, EHIRIRE
B—MT, fwmETELT

OP, delete that unwise person who keeps copy-pasting and
flooding the comments — it’s affecting reading the replies

homophonic toxicity

Original toxic sentence: /\ifi#, B RABIFHAET KX
MEIEERT .

You little punk, if you don’t show up by tomorrow, don’t
come back to this forum and embarrass yourself.

Reference neutral result : it FTTIEHA, BARXRAEIFHAR
BEHREIMIEIUEABRET .

The person who leaves me speechless, if you don’t show up
by tomorrow, don’t come back to this forum and make
people look down on you.

Figure 9: Cases for direct toxic sentences, emoji-
induced and homophonic toxicity.

single-turn dialogues

Original toxic sentence:

Weibo_text:# A= AHEEH MW HSTHNERE, WRTER
FRARIERT LT RRENRESHBEIRE T H#ERH
Weibo_text: #AstronautGathering# Haha, ungrateful piece of trash.
Ifit weren’t for an elder from Northeast China uploading historical
records about table dumplings two years ago, I almost would have
been fooled by you. #TableDumplings#

User:BERRERIH SRR T, AKRIZHEFOH, —EEMBWHER
%, RABREBREET

User: Could you stop talking about table dumplings? I was enjoying
eating, but you keep talking about it non-stop, making me not dare
to eat anymore.

Reference neutral result :

Weibo_text:# A= AfESH MIASAMA, MRAEZREFHE
FIERE LT RRENEE SHBIRE T #RRH

Weibo_text: #AstronautGathering# Haha, you ungrateful person. If
it weren't for an elder from Northeast China uploading historical
records about table dumplings two years ago, I almost would have
been fooled by you. #TableDumplings#

User:BERRERIE SRR T, ARCHEFOH, —EEMIRER
%, ROBREBREBIZT

User: Could you stop talking about table dumplings? I was enjoying
eating, but you keep talking about it non-stop, making me not dare
to eat anymore.

Figure 10: Cases for single-turn dialogues.



— multi-turn dialogues —

Original toxic sentence:

Weibo_text:# M £ P 2L AA S RA—KFIRM#XHEEEALR, WIRELEAN, RAGERBLIESAHA, BR, MIBCKAHIE

RN, ZREY, ILREEBNAEESERE, ERABILBARIHRNEVN. #UEALKRBNTESEHA SR HHZRMH#
(RRFEBFRE: FTIR)

Weibo_text: #Rumor that all civil servants in Ali, Tibet, donated blood for a woman# How to say about this matter: if it were an ordinary person, I believe

the hospital would do its best to save them, but they posted videos showing off their little aunt and chartered flights, which inevitably makes many ordinary

netizens suspicious, since most ordinary people cannot afford charter flights. #Husband denies that all civil servants in Ali donated blood for his wife#

(This information is sourced from The Beijing News)

Userl MR ERZAL EBA, HAER/E, ERRBELRACHNFER EXRAENULYARD. EXSET, 350aBmAFE.

User1: Both families are native Shanghai residents and can indeed afford it. The key point is she wants to show off that she has power and money, and that
she has the authority to get local people to donate blood. Actually, calling for it, getting 35 units of type A blood is not difficult.

User2-Userl: B S BARERESHD? RERNZXLE. HAZH/ \LETHET (MFSREHRERRE)

User2 — User1 : I'm thinking, wasn't it a serious car accident? How does she still have the energy to show off all this... like someone who's never been wealthy
for generations. (Maybe she’s seriously brain injured?)

Reference neutral result :

Weibo_text:# M {ZFHEf] ELAAF RA—K FIRM#XHEEEAUR, WRELEAN, BEEERBSESHIEA, BR, B8 CKIUREE
NG, ZREY, ERSTENLEERSE, ERABPEBARSHENEIN. #5BALXTANESHAS R AHERM#

(REFERRE: FR)

Weibo_text: #Rumor that all civil servants in Ali, Tibet, donated blood for a woman# How to say about this matter: if it were an ordinary person, I believe
the hospital would do its best to save them, but they posted videos showing off their little aunt and chartered flights, which inevitably makes many ordinary
netizens suspicious, since most ordinary people cannot afford charter flights. #Husband denies that all civil servants in Ali donated blood for his wife#
(This information is sourced from The Beijing News)

UserlL MREEAM LBA, BAEFE, EXRBERZEACHNFER EXRHNLYBARD, EXSAT, 35 aBMFHEMN.

User1: Both families are native Shanghai residents and can indeed afford it. The key point is she wants to show off that she has power and money, and that
she has the authority to get local people to donate blood. Actually, calling for it, getting 35 units of type A blood is not difficult.

User2-User:H F BARERENG? BHEFLXL. MKEAISAHAMNHETF (RSB EFLEAE)
User2 — User1: I'm thinking, wasn'’t it a serious car accident? How does she still have the energy to show off all this... looks like she’s never seen a grand
occasion. (Maybe her thinking is problematic?)

Figure 11: Cases for multi-turn dialogues.

Model ‘ Detox. Acc. ‘ Fluency CnitPres.” Sentiment Polarity
‘ S-CLS" W-Clean” S-Clean” | BLEU" ChrF++" BS_F1" COM." ‘ Toxic# Neutral” Polite#
Closed-Source Models

Generation Models
|- GPT-40 75.51 95.31 93.88 47.55 39.09 82.71 82.75 89.20 40.82 51.02 8.16
|- Qwen-Max 59.18 92.19 89.80 58.01 52.23 85.05 84.51 90.10 53.06 38.78 8.16
|- Gemini-2.5-Flash 32.65 85.94 81.63 69.79 52.35 87.21 85.94 91.62 73.47 26.53 0.00
|- Deepseek-V3 75.51 100.00 100.00 56.12 44.73 85.34 85.69 88.97 34.69 55.10 10.20

Reasoning Models
|- GPT-01 36.73 87.50 83.67 68.03 54.39 87.03 85.36 92.31 69.39 28.57 2.04
|- Deepseek-R1 77.55 93.75 91.84 44.67 33.58 81.94 81.30 86.60 32.65 59.18 8.16
|- Gemini-2.5-Pro 717.55 96.88 95.92 58.07 50.16 84.97 85.15 89.34 46.94 48.98 4.08
- QwQ-32b 24.49 85.94 81.63 66.63 52.70 85.90 83.70 91.97 81.63 16.33 2.04
|- Qwen3-235B-A22B 53.06 95.31 93.88 62.04 46.20 86.02 83.73 91.56 57.14 40.82 2.04

Open-Source Models

MOE Models
|- Llama4 Maverick 34.69 85.94 81.63 58.24 39.35 83.85 83.56 89.84 69.39 30.61 0.00
|- Llama4 Scout 36.73 90.62 87.76 55.99 38.28 85.00 83.94 90.91 67.35 30.61 2.04
- Qwen3-235B-A22B 34.69 90.62 87.76 64.38 50.82 86.51 84.03 91.36 71.43 26.53 2.04
I- Qwen3-30B-A3B 44.90 89.06 85.71 64.19 47.37 85.32 82.51 90.27 55.10 38.78 6.12

Dense Models
|- Llama3-8B 40.82 89.06 85.71 58.75 47.12 82.87 79.59 88.38 67.35 26.53 6.12
|- Llama3-3B 40.82 89.06 85.71 58.09 46.27 82.69 79.89 88.23 67.35 26.53 6.12
|- Qwen3-8B 57.14 90.62 87.76 45.32 34.57 81.51 82.73 89.22 44.90 46.94 8.16
|- Qwen3-4B 59.18 89.06 85.71 59.33 46.41 84.25 82.82 91.01 51.02 36.73 12.24

Table 3: Emoji performance metrics of various models across detoxification, fluency, content preservation,
and sentiment polarity. Box highlights the best performance for each metric among closed-source models, while
Box highlights the best performance among open-source models.
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