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Research on Detoxification Task of Chinese Texts
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Abstract: The purpose of this paper was to study how to effectively remove the toxicity of Chinese texts. For this task, this paper re-
constructed a Chinese texts toxicity corpus set, which was used as the data basis for task research. Based on this data set, this paper
explored the toxic manifestations of texts, and analyzed the causes of specific types of toxic texts. Based on the analysis results
above, this paper used two types of text style transfer models based on editing and generating to remove text toxicity, and further ex-
plored the performance of removing text toxicity based on different Prompts in large language models. According to the experimen-
tal results, the edited model can effectively remove the toxicity of explicit toxic text, and has a higher degree of content preservation,
while the generated text has a higher degree of fluency. Prompt-based large language model can remove sentence toxicity to a certain
extent, but compared with specific style transfer models, the detoxification ability of small parameter large language model needs to
be improved.
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(Guided Generative Style Transformer, G-GST)
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Fig.1 Flow chart of T&G model
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Table 2  Statistical results of data set (Toxic text)

SR Jigsaw 2018 COLDataset Weibo
e NS 80k 10k 10k
) TR 24.41 47.89 17.52
3.2 HuESH

O3 BT TE A SCA 1 B R IR A B T e
EAHMMEFEY, TERNFEE: (DER
R RBE A RSO 8 T i 5 el e s
TR, R A S PRGSO TR A A9 T 2
(2) 3CA B B3 1k 1y SO 3 — 28R >R TSGR
I SCAS 25 4 1] P A A 07 5
3.2.1 HMWEIT X5

M H R A RO A AR W T
i) AT B 1 SCAS Oy R SRR SOAS T B U
SO o g AR SCR A 3l AN TR B T 200
TSR Gy o EE X H S EAL, AT E T —
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W g B QR R SCAS o FRAT N =A%l 46 b 23 )
W AL Al B — € 8 (9 SCAR #EAT 0 A, A s iy
LR 8 RN 3 P

N TR R B 75 002K 1 3 i e %40 4 73
Koy TAEN DL BEAT R, JF gt Hh TR O di 3X

x3 AFHEBRITER(Y)

Table 3 Automatically annotate statistical results (sentences)
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Table 4 Manually annotated statistical results (sentences)
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Fig. 4 Statistical results of dataset
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Table 5 Detection and evaluation results of toxic words
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Fig.5 Sample 1 of attention fraction heat map of

classification model
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1) GPT i & B8 o A i) a) 5 A AU 9 J2
B, ELAE AN EB RUAR ) ) s i AR TR R AR
AR BE SR A TR MR TR . TR AU EE I S AR T T
R O B IR, BT LA g A R A T ik U LA
Ko e 7 1 1), PRI X 30— 28 0 B 1 SO B 2
B AE I A AT

I Ah A SO AR R S R B I 45 5 Prompt
M) 07 X BV SCAR AT T S o &F X Chat
GLM Z F| £ 7 FR AT 2R F Suzgun 480 42 H 19
DU F Prompt B4R, @12 9 Frzs , LA X B 76 A [A)
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Table 6 Evaluation results of baseline model on test set

T KA IR FEM
Table 9 Input prompt template of large model

A ACC/% BiHR 44 F5 R N 75
Original* 0.46 BE—BOUR [y [ ], 3R S R S04,
Tag&.Generator 47.96 T — B RS M s, ) [ ]
Bias Mitigation 66.40 Vanilla: Here is a text: [d,][2""][d,] Here is a rewrite of the
CondBERT 70.47 text, which is [s,]: [d/;]
ParaGebi 7408 SR B ol 0 [d T2 ), B RS
it — Ji KU A Ls o JH SO [d]

KT AFHFHELER(BEXHFRIA)

Table 7 Automatic evaluation results (explicit toxicity text)

HeT SIM/ % FL ACC/%
Tag&.Generator 54.12 113.87 45.86
BiasMitigation 88.52 45.01 47.13
CondBERT 94.92 89.20 58.53
ParaGeDi 54.40 39.97 64.60

RS AFHIFFLER(BXERILLR)

Table 8 Automatic evaluation results (implicit toxicity text)

Contrastive: ~ Here is a text which is [s,]: [d, 2" ][d,] Here is a

rewrite of the text, which is [s,J): [d,]

B — B AR M s B SCAR: [ Tl ], Xk
Fid = BIEMSCR, BAR T RUELs 1 [d)]
Negation—v1: Here is a text which is [s, ]: [, 2" d,] Here is a

rewrite of the text, which is not [s]: [/,]

B SIM/ % FL ACC/%
Tag&.Generator 52.03 130.08 48.04
BiasMitigation 86.29 101.46 59.77
CondBERT 91.86 100.03 61.32
ParaGeDi 52.55 47.88 74.13

XA — B AN W[5, SCAR: [y LN d ), 3
R Y TS R ISR BRI so): [d)]
Negation—v2: Here is a text which is not [s,: [, [2"*"][d,] Here is

arewrite of the text, which is [s,]: [,]

PARE A AR R R B SOAS TR Y 22 S L AR
UL 3R 10 R o [ B T 20 £ 0 208 X CPM-
bee-1B #5% AU k17 G 94 , fff H3& B SC A i B AT
55, I X F B0 A S P B A 7Y ChatGLM-6B
BRI KR, SCR G5 Rk 11 o o
G5 R AT DL E I, 8 B A [A) 19 Prompt /E R
RN TN &4 R TR P S I NN B 2
Wi, 3 B AE 245 0 — D 2SRRI AR B R

PESCA B RE 1 I R A RRIETE . ek, o
MR SRR LA LR — 24k
Tho 32 T B0 A A RO S R A ) B AR
TE A SCAS AR R e B TR BN 3 2% 7
55 o RIR = BRI B B BT T 3, AR Y
SCAS B v 9 U i 1, (EL ) 1 B R AT T
W AER , 2 2R 7 A 3 R A7 B 5 R R
A, BSOS i SO T PR 7R TR A
4.3.2 HERTHISHT

7 SO JE 2 AR B OR B By 2% R SR B A 1 )
T B AT T REE T o B BRI T o o B
R (D) AT AP AE 2 AT 1A 1 B A A

F10 W Prompt B4R £ ChatGLM AR | o & a2 R
Table 10  Generation results of four Prompt templates on ChatGLM model

Prompt L R T2 2R B R
bl XA SOAS AR A 2B AR SR AR KA X R B TRl BRSO SCRT e A
Vanilla SCAS  RAT LA 2B A A RAS, X2 — A SOR (B NS SIS IR RS e e 4l
AT At E U L SIS P A A T ) A SOAS A NHB LA [GPMPN
bk B RESCAR IR AT 2B R SR AR AT) M SR B S ATE T ISR A NS h
Contrastive HPESCAS < (R T LA A A AE R KA}, IR — A AT TSR AT IR (IR RT Fsh i bl
AR A T it E UL S S A AT 1R S T ) R P SOR EEPN S5 a IGPSIPN
Bl TR A SCAS R AT LA AN B R A A R A, R S R AR BARA S ATE T RIESER  BoA ARl
Negation—v1 PESCAR AR AT LU A RATE AL R KA S — A S3OA - (R A g EDFA AT s ksl
B T i O LRI ST FURTY , 1RO R AR RE A SCAS - { EEPN S5 a IGPSIPN
Hikim BRSO A IRTT A T AR 2R A KA, OEME R B SEATEERIASER oA NSl
Negation-v2 4 R SOAS - (T LU T BB R A, OB — RSO (AN Mg EIFAE T R 2l
SRS T R 2 BN SR AT SRR RS T A SOR A NAR LA A WL
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REESE &N I AT RE 5 (2) 1A F i i) 7
P 1) 55 45 1k 1n) 22 8] 1Y) 3R] 22 SOk, 5 B A
AR A TR R AR . BR R ) an € 12
TR o

Rl KEZRAEHLER

Table 11 Experimental results of large language model

B SIM/ % FL ACC/%
ChatGLM-6B 39.57 39.21 50.47
ChatGLM2-6B 41.29 38.79 50.48
ChatGLM-6B* (i) 71.61 38.54 44.76
ChatGLM2-6B* (i) 57.44 30.06 57.42
CPM-bee-1B*(fii#) 83.55 43.73 40.77

F12 A AR T
Table 12 Model output error example

AR BRI

N— AR 11 25 B A — P N e kR 1 ) R, 92
TEEEOE T
PRI 1B BRI AN B IR A B, S 7
EIE T

FERRIH ] T O

BhF2  FA, RS I R

A2 BB AR AR

R 2 BB YA

BA)TF3 RE

PERIT3 AREGEIX A TCH, 2 R 5 2

kAT 1

RSO3 REAHIERMER

SR — IR 5 AR A D DR R A o )
o A R B 6] T S50V RE R R R e RN . AT TR
PG 8 S 1 i B R 4 FE R 1 T B AL, u
S YNl 2 B0 1) 20 91 114 ) 4% 73 A6 10 45 T ik oK )
T I T R ) 22 W R R AR 1]

1117 3 SR 518 SO A Y T2 R AR, A
A A i ) IS BT 1) A Al R XA B
R FE 25 R A 1 1) 5 Ui (] A T SR R . I
Hb, )T B HAHE Y B B R R A 2 I A
JIEFE oy A A R SOfE R X R
RIS ) P T R SO T RE O .

5 MghhEE

AR SCHAG T — A B R SO SCA 25 75
1 55 ot 46, O 3k Tz B SR R AT T 30K £ 7
WE5E . AT % B, A [ 28 B i SCAS XA i B A
T LR AR A A 22 5, RV JE T 2 A A 8 10 K
SR ML B3 A TR 1 bR R R R A B O i 2R

i ABE AR A A - B R Ok R B R aE . S
05 28 S R B, X F W U R B SO g i X
TR e A R0 A R L a M [a) i a5 KR B AR B8 D
SCA YN ASAE B AR U R A 1Y SR )
HAE SR (08 AR BB 02 [ i) A
AR LIRWIEE . BAh, R A Prompt 19 K
HEBEMBAR LB, BEDERE
OB PR L GROR J5 ) RIS B AY L 5 RE 15 E)
THET AR T A TR BLRL NS R
TERI LIS A RS

R AR XAANUE 2, H#R
I8 R B, X 25 SO SO AR S5 R
TR R . e Ml 2 i FEAR A E T Y
Nl £ — AR B R g SO H AR 3% ) v )
Pl B L T o S S D O s v e
ENE = O A A AN e R S i R B ST A
BRSO AR B o AN, TEAS SC TR 1y S Al
b, FRATTKE HE— A L 558 B 00 A kL 7 1
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