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B, 7£ MAgr. SBF. DynaHate. Jigsaw £ 4 I, MSMO-Detox #H% T4 R EHE £ L st e oy vk, Ftkfeds
AT 23.1%. 23.9%. 17.6% 5.6%, LAk, SO 51 AR B BE 71 A3 21 2GE . 7T ML, MSMO-Detox
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Multi-stage Multi-objective Text Detoxification for Implicit Toxicity

MAO Ke'?, AN Jun-Xiu"?, WANG Xin'"*, YUAN Ming-Kun'?

'(School of Software Engineering, Chengdu University of Information Technology, Chengdu 610225, China)
*(Institute of Parallel Computing and Big Data, Chengdu University of Information Technology, Chengdu 610225, China)

Abstract: Existing textual detoxification methods do not fully consider implicit toxicity, and detoxified text often has low
quality. To address these problems, a multi-stage multi-objective detoxification framework, termed as MSMO-Detox, is
proposed. MSMO-Detox uses a three-stage cascade for precise detoxification. First, a marker-based toxicity attribution
technique propagates decomposition vectors to identify tokens whose toxicity contribution exceeds a threshold and
performs masking on these tokens. Second, a product of experts (PoE) framework generates replacement tokens for
masked positions. Third, a multi-objective reranking strategy conducts a comprehensive evaluation of candidate sentences
across implicit toxicity, fluency, and semantic preservation, and selects the highest-scoring candidate as the output.
Experimental results show that on MAgr, SBF, DynaHate, and Jigsaw datasets, MSMO-Detox reduces toxicity metrics by
an average of 23.1%, 23.9%, 17.6%, and 5.6%, compared with the best baseline on each dataset. Fluency and semantic
preservation also improve. MSMO-Detox demonstrates clear advantages in textual detoxification and can be applied to
the task of toxic-text style transfer as an important tool for the elimination of cyber violence and optimizing online
ecosystems.

Key words: text detoxification; implicit toxicity; text style transfer; multi-objective optimization; network ecological

governance

O FHEBH: HERESFERS (22BXW048)
WA R ] 2025-09-11; 45 BU [H]: 2025-10-10; SR FH I [A]: 2025-10-29; csa 748 H AR [H]: 2026-03-02


mailto:anjunxiu@cuit.edu.cn
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
http://www.c-s-a.org.cn/1003-3254/10111.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.010111
https://cstr.cn/32024.14.csa.010111
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

I 28 A s DR T R A Ok i B I LB S 2 5
R, AR SRR 2 L KRR S #
JIE T S AL S, X I 2% 2 ) g B R AL ™ E
B ) A £ 5 (text detoxification) 1F A H ARIE 5 4b
B AT G — I AT S, SO T IRBIIRE IE A
ARG FENERERE S RIE, DRI 4 23 7]
ARVREW RIMIA LR ER AR GG
M55 F B, 5 SCAR AL, I FETE B0 &
257 THIAFCE B 2 SR PR 1.

A XA LRI T, R T
AR WA S £ R 772 Bhan ZECUK T E L
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it B W R e O B, (B A% v DL 1 B Al R A
TE bR SO EE M, AN B AR BE T xCIE S, TR DA
Jo B 5 328 175 14 ) R - JE 5. Dementieva 257 R
IR - A R - A RS, SR SR B AR AR, AL
0 B 1R} B e 17] 2R A AR AL DG B AR, I AR N2 B
WA SR % 7 5 ORSE we Jo & F kr RAE R, (R
LA JE 35 oS BRI R B, HF o BN SCEAR S 2 X
T RE FTEBR. 3 Ah, — e 44 IR B F e 48 ) 4%
AT, ISR U R H S A R A E S N
o8 LA, Pour S5 T X EE 22 SRR ISR 1k B 3
FETF T ROR, AR %I KT B J7 VEAT A 2R 3040 S
FIGET, T E0E AR R R 2.

Ent B R, ARG — M 2 B S 2
HARAL I SC AR £ 5070, %7 ikat & etk &
50T S AR B, S RS A Ak B GE AR P SR
TR AIAN ToxiGen-HateBER TV B PEAG MR HR. % H
b 5 HE 7 SR 51 NI 38 22 TP 8 BR ot AR S
AT G B, A ROWBHE OB 5k AR RIE.

AR TTRR AT

(1) BHEET 3 Bt /K 2 i) R s 1 25 B 4L R
FH IR BT - JE e A - FE HEE A0 R R IR M, e 25
BB R B A MRS D . A e HERD I8 F 2 454
i 126 B D10 25 55 DA 1) i 21 S Y R

(2) BE i la A MR AL FEHL R : 32 F BE Ak 30 40 sk 5
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Ei A SV (S AR G E e
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W FE 515 SCORBE, TE BRI 2 1 XU [ I A 2000 ke A% 4

2
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5 3R A B SOARY BB AY, REAE 7™ 4 2 Bl 5 BE IR,
380 i B 7 8], AH 2 I ZR 38040 75 SRR RS 1
TERAEAS I 25 5 P2 A AN T B SOAR.
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18, LI P51 5 5 B ROE UR R 53, Rehulka
293 1 () RAG meets detox Ik ZAH 6 B R 04k
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S (x;) FTE AR EA VR I3.
23.1 B EM (Toxicity) ¥4
FGERTEEARCIN 25 71T BE 2N a2 ) i WA ZIBR BN R,
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GRYEAISOEE

L(x;) = log PPL(x;) (6)
Wt J 19 20 R — A N (00 e B b PR 55 /DML P A1 R
KAA P, FrI R IR/ NA— 1k

_ Lnorm(xi) = Prin
Lyorm(x;) = Prox — Proin (7
B i URAR B EVE D F(x):
F(x;) = 1 = Lyorm(x:) )]

233 iEARE PSS (BERTScore)

W AR VESr B IER IR 2555 )5 I SCAR IR BRI 46 15
SR SEREE . iz AR ARl I R U E ) T 5 2 H AT
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4
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Horb, |C1 5 R R 5 1% 4] - x; F1 225 ) 1 H ) token
B BJGIHRYE Precision 5 Recall BERTHE P E 1)
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N[0, 1], BB R T SCOR BBk AT . 1H5 2 200 R Fros:

2Precision - Recall
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55l I A [ 00 48, e | o, B SR 41
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i ok Validation Test
SBF 92 114
MAgr 238 298
DynaHate 1858 2011
Jigsaw — 10000

SBF (social bias frames) {4 5% 7F iy 2 (1 1 Ft v
BT AR AT AR A e U L 2 B AR, T
FL2 ok B P T RO R A XS iE BT AE 2 A
SR PR R e R At A 2 e LB, TR LR AR
XA e HI 2 S B A EE

MAgr 4 5K H — >4 N Microaggressions.com
i) Tumblr {25 %1% FuvE FH P B 44 R A T A+ 2
LS W B AR, 4550l A A — AN B0
)51 B A BRI, 2 — AN S 50F s
55 R

DynaHate #4586 & — Ml &£ R IVIR 5 6
B, RHAUERA 7 T e, Khags
i B i IR I8,

Jigsaw #4452 Google Jigsaw [P\ & i i “H &
PRS0 HPEEE, K EH Kaggle F— A FHkdk“Unin-
tended Bias in Toxicity Classification”, JR 415 £k H
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CivilComments ¥ & 1 H 7 ¥Fi8 (0T VPR X). B 78
SRR 5 B A 5 =AML ff 22
3.2 IFNEERR

FESUAR Z2 B3 R AT 55 o, PR AR it R0 o & 75
[ e 22 R, B Gt 1 R . BT UR
W NG SCARABMEE 48, A SR IR SRl i fe h B is
FHIR 4 Ffis FPPAS 48 bR R A B g P .

i Perspective API K1 & & 14, Google Pers-
pective APT X4 i) ¥R [ BUE JE HAE (0, 1) Z 811
LAV AR, 2 BOBIRER R SUA <A 2 A 2Bk D,
A Rl bz 4] 5. b6 J5 18 BLEU (bilingual evalua-
tion understudy) 1 BERTScore $8 45 R & AE il SCAAH
X S% AR MIRE B, BLEU S 2R
TREEFEEE . BERTScore MISGEERAME LA TR BEFELE, P
A ] LS A PP SCAR S ARSI AR
FifE 1. JJE 5N Perplexity #ib5, FIF GPT-2 XL ¥4
HERSCAR IR S, Perplexity {H/NRHBAFSES
BRI GErt- oA, Vi FE A A] S
3.3 ELRR

AL TAEFEME T A LFZPRERAFIE LR,
NI, PR IR LA A Ny L BbR e, ] 3 M4
RN ek AL, A HE ParaGeDi''. CondBERT!!
DAz MaRCo"". jl i 153k s BE 2R EAL () LU, RES A
JIHIAIESE MSMO-Detox 7E 2B MR i SCAS i & ERALH.

ParaGeDi: {5 FH R SCBEAY AE pl[m] S A), H i it X
IS5 R T R R i Y, SRk 21 S A AR 1k R
i H .

CondBERT: il i 1 45 [ )5 73 288 2 T+ 55017 15 ) “ 75
PR30, WS ¥ 2 Bom T BE IRV AR D <R 1 1A
17, )5 P BERT A2 AR 25 [F) S £ 4.

MaRCo: 1§ f| Product of Experts HEZL 5 H 4 it 2%
T E A RIA B R FACR, BB L TTH TR RS
IESCAH LN 2.

34 LWIMESSHISE
341 SERIAEE

52061847 7E Ubuntu 20.04 #:1E R4t I, e b
#%°4 10 vCPU Intel Xeon Processor (Skylake, IBRS),
GPU  NVIDIA A100-PCIE-40GB, 1 X H7E
Python 3.8 #1141 ] PyTorch 2.0.0 JF & SZH.

342 fRIHESH
Ty 7€ FE A 2 B 7 S OCARAE R . R

Py IR OR B 5 T T -, AUt BT BB 4R7E (0.1,
0.15,0.20,---,0.5} YU [ W AT BX G 48 R, e 240 € 11 H
WZ 2 FIniS 3 Jigsaw #iE N S SR 4E, SBF
5 MAgr #R £ 5E WHBCA MY, WECE 1 R 1521
B UE B T AL A% R B Jigsaw HUdE AR TR
HERERKAT, FEELM token S 5B I THE
kb3, {4 Batch size 1 B 1550/ LB G0 A7 HE K.
*2 HHEESHER

PAETES HEh Batch size
SBF 0.25 25
MAgr 0.25 25
DynaHate 0.2 25
Jigsaw 0.15 10

343 HAIHEESE
AT FE T, 5% T MaRCo KA B iR R
BRSO E W 3 .

K3 FndBEESHIES

ZH SBF MAgr DynaHate Jigsaw
RGFIRIIE R L5 L5 1.5 1.5
LR RBRE R 50 425 4.75 4.75
Repetition penalty 1.5 1.0 1.0 1.0
Temperature (base model) 2.9 2.5 2.5 2.5
Batch size 25 25 25 10

344 ZHEREAFIEBESH

1E % H br HEHEP W0 FE b, 4 55 PR 30 )RR B e
AL, B S 2 R AR OO B W 1, e 2R RS A &R
(177 B E R SR B EEVE 20 I & ML AE. X T AR
B, 42, €(04,045,---,0.6). A €{0.25,0.3,0.35,
0.4}, FHL A3 =1-2 -2 (FIFHH LA 0 48 4
BARIER R ST R, ARSI 4 PrsiES

R4 ZHBEHTFIREESEES

EAEITE S A A2 A3
SBF 0.50 0.35 0.15
MAgr 0.50 0.35 0.15
DynaHate 0.50 0.35 0.15
Jigsaw 0.45 0.3 0.25

() IR ot - AN T] F B8040 4R, Gt — et ) 1 O B0
WHEN S5, N5 AMBE ] ok H ZR G VT 43 B e 1 ) AR
k.

3.5 SLIEER

SRS IR AR 5 PR, BoR 1 AR SR I MSMO-
Detox 77725 HAhKEL J71%4E MAgr. SBF. DynaHate.
Jigsaw F0Ha4E L1 s2ih gl B, Hrol kKo e RS IR,
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TR IR RS R
K5ORS SR
" Validation Test

itk Method Toxicity Perplexity BERTScore BLEU Toxicity Perplexity BERTScore BLEU

Original 0.280 52.13 — — 0.258 70.19 — —
CondBERT 0.170 179.65 0.937 0.689 0.152 160.20 0.939 0.687
MAgr ParaGeDi 0.148 124.11 0.922 0.461 0.151 113.56 0.925 0.450
MaRCo 0.143 43.55 0.957 0.768 0.139 39.33 0.954 0.751
MSMO-Detox 0.115 37.42 0.960 0.785 0.102 40.23 0.953 0.769

Original 0.349 58.46 — — 0.342 88.79 — —
CondBERT 0.219 137.29 0.931 0.661 0.205 115.71 0.938 0.693
SBF ParaGeDi 0.171 188.67 0.913 0.392 0.176 103.81 0.924 0.467
MaRCo 0.177 54.98 0.947 0.731 0.178 48.56 0.948 0.709
MSMO-Detox 0.131 47.18 0.954 0.745 0.133 42.85 0.956 0.750

Original 0.536 205.76 — — 0.555 222.55 — —
CondBERT 0.291 254.05 0.941 0.725 0.293 271.21 0.940 0.735
DynaHate ParaGeDi 0.289 221.46 0.915 0.468 0.211 341.28 0.892 0.282
MaRCo 0.259 110.36 0.939 0.707 0.261 127.92 0.936 0.686
MSMO-Detox 0.191 141.01 0.947 0.721 0.192 114.35 0.945 0.716

Original — — — — 0.738 364.71 — —
CondBERT — — — — 0.198 288.72 0.939 0.691
Jigsaw ParaGeDi — — — — 0.229 309.52 0.894 0.392
MaRCo — — — — 0.296 166.41 0.926 0.652
MSMO-Detox — — — — 0.187 188.60 0.936 0.692

% 5 A LIS, MSMO-Detox £ 4 M4
BIRUAS T AR L5800, KT S, MSMO-Detox 5
ARG AL, fEEHE4E MAgr. SBF. DynaHate.
Jigsaw b, BYEME D AF IR T 23.1% 23.9%.
17.6% 5.6%. Fr Jigsaw A2 3 208 ME B 45, M0l Tl
EIF Y MSMO-Detox X - i 3 85 M . it e 21 8L 4T 1)
BV AOR. B R, TERUT R AT 28O M
[ i, MSMO-Detox R+ T RIFHISCA T &, 5545
LR R M LL, Perplexity. BERTScore. BLEU #4313k
K B R B AR BIIK T 45 3 T FE AR, MSMO-Detox
RIS T 2 A 5 SO i & AP, SR T
Z W B % H bR RAAESL A Rk

SR B T EL A 3 5 B MSMO-Detox J7 2 1) 52 bR 25
BACR, B R 6 R TIZFIELE 4 MAFEEE L

S 7N

HRE B N
Original You have so many black friends.

MAgr Masking You have so many <mask> friends.
Results You have so many good friends.
Original Wow. She is actually quite beautiful for a Samoan.

SBF Masking Wow. She is actually quite beautiful for a <mask>.

Results  Wow. She is actually quite beautiful for a woman!

Dvna Original My white laptop is better than all white women.
Y Masking My <mask> laptop is better than all <mask> <mask>.

Hat
ate Results My stylish laptop is better than all the others.

Original s it possible that you are as stupid as you sound?
Jigsaw Masking s it possible that you are as <mask> as you sound?

Results s it possible that you are as confused as you sound?

3.6 HRSCIG
AT VS % H AR EHEE AL Z SCAR LB TR M
PERE R, AR L2 B iR EH R AA T

()25 55 )5 1) SCATR 1. AT SEER, 3R 7 105k T R A I SLIR Y
£ 7 HEhSER

w R Validation Test
CSEES Method Toxicity  Perplexity = BERTScore  BLEU  Toxicity  Perplexity  BERTScore  BLEU
MAgr w/o reranking 0.135 40.01 0.959 0.786 0.112 4111 0.954 0.778
MSMO-Detox 0.115 37.42 0.960 0.785 0.102 40.23 0.953 0.769
SBF w/o reranking 0.153 5112 0.952 0.746 0.149 45.19 0.953 0.756
MSMO-Detox 0.131 47.18 0.954 0.745 0.133 42.85 0.956 0.750
Dynatiate w/o reranking 0.209 155.72 0.946 0.720 0.209 125.19 0.944 0.718
MSMO-Detox 0.191 141.01 0.947 0.721 0.192 114.35 0.945 0.716
Jigsaw w/o reranking — — — — 0.198 190.74 0.935 0.693
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MSMO-Detox — — —

— 0.187 188.60 0.936 0.692
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BT RO SCA TR 112 .

4 FR5RE

AN IAE A LT NEANGE AT S 5
S B SCAS Joit 2 A DAAS 380 O B 1 e 238, B — P 1 2
KB Z B Z B CARRF T, T HZE Rk
777k DecompX, FEH T REANA X T B ME A9 B AR TTHR,
JHERD S R R R A MaRCo J7¥E#EAT A
AR, RIE T ABCCAE M E T, #7402 HirE A7
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