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*®1 MEFEBEEEERM.

Table 1 Examples of harmful information on online platforms.

Text Type Explanation
K 25 BRI A BRI S Ry R N T —
Ittt WA R R,

PEEBOR T IR BHHAE T, REE
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WA E £ 08 S 1 R B

e U AR 2R PG A AN 5 T 24 R A
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o R AN . PRI, N DR BEBOARE M BN A T8 B A I i B B S T B, IR LR S WA S . W)
2% SELI G AN A L2 4 UL B #2557 S5 AR BT 2 REHT. b4k, BL BERT, RoBERTa, GPT RAIBEALAE AR
TRYINZR1E 5 TE N SO U L a2 v SURIRRT 52 4% 30 TR 7y T e 0L L S ik e 0y 0100 S AN R PR T
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S MALRATEEE N, 5 — V0w e B A BN R R S ) () IRk T 5 1 SCHR 1) 22 1) A A ] 52 g 5%
R, P57 R S B S SRR AR RE 70, LA TR B M AR IAANE BEF A I 2% 5y tH DL A
BRRAS R R BT, A I ST I 51N S AR N SCAR AT S i (4150 3RO SOA R ] | RS
PREQAFE il A7), AR H IR R RE R, IS IR AR &, IR R AERAME LR, $ Tt X
B PERCL o 1 SRS MBS AR A 5 208 IRl g

SR, I U S 5 7 AR SOE RO 75 SRR 7 A B A L. &5, Z T Ui SO 5 0 il
R TV P 50 ) R S i A 1) EAT A R A A, TGV 78 7038 I I % T LA P 30 A DR 4 D). Lk,
A J7 ik Z 0 B R SCHE OBl &S FIWTRE 71, wE DL 23 BB TEAS [RGB h i 18 X, B 5 5N S 20T H
TMESS ANILRC R AR AR, AT I J 8 SUIAS s 1R ORI 7). f i, [ 5 Ak b SR R SRS 8 2 7218 RG RN A2
Fid s SN TUARFNR, (AR 5] N5 2 5T FIAE 55 9 S I AR A5 U, 19 T AT 7 - 5 A R 1R SURIR, A
T H SR R ) R e 181 BRI T VA R 2 4608 SCHY 9 M g 0 57 TR0 340 ) o 2 1) A/ 8 Sk A 7Y
R = 18T 1) FL Ay N1 SO SR B & BLR SRS 7. TR, R AR SCAS (38 SC R FEAIAME RN IR TG oK, B &
MK e 15 7 2SI NANERTE SUAE B LR N2 5 NI EE BAR 28, AT 2 1 SCHE 937 VR AR R 2R 245 1 T Y
FIA R 5 5 1 5z A RE

S b ) B, AR SR P R T e g S 2 i 1) B A BT 2 775 CALR (counterfactual active lexicon
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A SRR SR ERAT O, AR RS AR Sy AN SCACH B TR 3G S W AEIB SO FE B R A S5 AE, B I
Fe T B AMNERIR, P TR EA R K SCRAE R BT 5, A5 Jo M A B o il R TE 5 A
B LA WA S5 SR AR e I AN E5 At B8 0, BEJS 51 NEE T S 3R SR R o 2l PR S Ak 2 ST AL, A2 e R
1T NSRS AT G AL, BRI A5 AR L RE R [RIIN, 95k 2D AN 06 L (e 22 AR 15 UG 10 o Sk 1Y)
SRR B BIR T 3, BRI AR 5 1 O, T A RE S R G B ARIE BT BEAT ShAS KR, T I SRkt
Bz Tk« 2% BETE R IH] )R AR 1 B 015 SRR ). 7E 3 AN LAY (5 BRI 508 4R 1 1) 556 25
R, RO T H & D705 T B B AR T oAb, Gl — P e L SR IR IR T SR S R R R e
A J52 2 SIS 2R 8 2 2 B LA PR AT 280, 6 IR 7 VAR e ot 1 o 1 1) 1 i 4 S BRI 0ot 7 ) 1 2 A AN TU AR
HMBAIRTI, RTHS R IG5 TT VR AE AR M 2B BT T BOH A Rt 52 A g
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(1) $2H 7 CALR HESE, KA 2 HG v AN JE T 0 A0 27 51 (R SRS A0 AL 10 L, SEZ30 MR DU 3K ) 381138 SCBK ) ) v
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(2) WiT T S ST 2RI 2 2 AL, G I SR 2 o) SR A AR R SRS AT Bh A LA, AT E TS R AR,
BEARTUAR AN A5 B AR ) ) i AR A 3.

(3) 7E SWSR M, ToxiCN 151 &5 STATE-ToxiCN [0 = AN BA A [FIE 5 &2 44 8 FBR gL & L 8dE 4 -
BEAT RGEPPAL, gt SRR W i th VA A Rtk
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FUHRA A5 BRI 78 EA S T 2% ) )ik 5 N TRHE TR, Warner 4§ 29, Burnap %5 U fl Nobata
& 220 R AR R) n-gram S5 2 FE FHRE, IS G SRR RN 2 [ E S R I 5k, A EE
SAT B AR, B TR BE 5 2] 0K R, BN SCAE XA e gk — 38 ot Wt 98 5 R KU FH v 2 R AAE DL A
R 218 YRR >, Badjatiya 25 231 % CNN, LSTM Al FastText FF Twitter 5 E15 87028, iFHAHZ K
28 RN AH LU AL GRRAIE BT SRR 15 SO R 7). thAh, FARAR OC AR 20 I W - B R S0, v ER TR HARIA
Bl 2B S AR P ORI T IR R S AR R RE ] A28 RRSRE, X R RS EE R
Hor I TR 2 G T RFAIE [ 0 2 0 LR 2 ST 36 A8, (BT LA TS 4 S AR R g 30K . OB B | i Al ik DA I 5 %
H g 1) 5K .

2.2 ETHINGESERNSGE

b TN 2505 5 AL ) R, BERT FEAERGRINTE RS BN SCEBRE /1, 18 oA F5 S Al ) 25 22
Bt BT 2 BERT 1ENSCARGRASA:, @50 58 eA) 790 145 #illn, Deng %5 29 B-F 93¢ BERT
Py 7 E S FAR AR, T SC B MEE SR, Dai 45 BO ¥ BERT 5 2/R5 20404, RN @ E L
PRI . SEALR B AT B AR RSB, BEJS, AHOCHE ST af AR SCAR 43 885 1714 8 BOE A, Chhablani %5 B
H BERT, RoBERTa fl SpanBERT #4746 5 F BO I, DAVR A SCA H fid ke A S 1 1 AR B B AR, KBS
BT AR BE KPR TN SR RUASE R B8 i (1) 48 2380 15 SCERAR- SRR ) B2 ol B T 45 BT S I
W9 B SR 2% 2] BRI s . B OR AN TE SCRAFYE SRR IT. Guo %5 B3 LU T GPT-3.5 FEEFEA. D
AH CoT 7R R AR R, & BUERE U3 n A B T ELR Fa s X, (B7E P 4R 9B 5t FIAEEE. Deng
2 34 F1 Jin 2% B3] R HY AugCOLD J5 M GPT-HateCheck J7i%, MM B AR Az sl A 34T BOdE 14 5,
A REETE TR AR E #E1. Cheremetiev %5 P61 UNE I i KA B SCA R N FRTHBR XA F 45 BAS DU %
R AR, BART S, KBS HAHES) 74 45 AR A L SCHEER . S5 R AL i EURTIE U358 7 1) R JE,
HIA TR 2 N THR SR S EL AR, X BRIk | ) 265 BE % AN ) A5 Y A o S B e 47
SR IR
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EE— r
Answer parser o
Two-stage rollout pdp ]'—’[ Ca(x)= Scoreqa(§5%,ya) ]
L
Lexicon
retrieval ( Advantage
X y 0 Format reward A
|

Policy mq

baseline gain

No-search Counterfactual retrieval
Ba(x) Ag(x) = Cq(x) — Ba(x)

1 (MEMFE) CALR AR MREE.
Figure 1 (Color online) The workflow of CALR.
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STATE-ToxiCN 15| A\l $L45 2., DANE SR ) oo SCH FIFIR IR RE 7). Yuan 45 MO0 @ DU FC 1] $ o S
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T SRR B NGRS R ST B, Stranisci 5 42 R GG F W@ AR AR B R R S5 AEIE S B, Zhao
2t 193] 3 5 T R B AS 2 G R AR G SR AE T | Mnassri 25 44 I FH 1) B SR BE AINE OB A7 528 RAG 2UAG0.
SRR, ANEREIR G 35 7 L RE S R TR R 78 AR S SEARTY B BORE X AR AR BIE R, H B
T 22 R ARSI 61 2 B SR 3 2 3] VI 4 DB £ ) A

2.4 WMBEMRGFERICIE

B T3 K 2 O] S UL HE « SeR Ml 1Al B ARDURE BN R AT [ e A, e R A 2 Tilise H.
A, SRZ XS RAT A SR EE 5. — O, X ESRTEME G R R Al RN, ToVE R SRR LR
AL B SRR E MBI AEBOCREE, FENCHI S 75 5 2SI ASMBANR, AR &) 3 BOUERUS 2 85 2T
R 3 I, BUA KR SR H SR Z A R A RS AR ), HE DL BRIk L B BT RR I BORT Y R B A
WP R IR, FEU R4 RS LRl LFRZ B 2. oAk, AR SR SR 2R R A,
B = i 2157 (4 R AL ML, (E AT MRS IR AE A RO AT DRI, G g S 3 kRS 2 A DU X5l P i A e
Rtk il CIRB I B A5 PR AL AR, A5 TR BE MR S A\ A2 I T 2 1t R A R I LA ARG 2% PA) 28 DA R ] R A
AR, A FAF B INBT T b a2 A A ok A S B i) R

3 CALR 5%

ASCHEH CALR, RI—Ff ()4 3545 S A (0 S 0 S slial A 307 vk, Tk SRR N 1 P, %07
R B BTN RR AL R 48 L AUPR A BB PRI A SCAS I, AL IR 24 ELHRSS HAS
SR, MR ARSI AR NI R R, JFAE RIS R 2 45 R S i & P Wr. Gl s 5 STk, AR AANL S ST A0 e
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3.1 ERBENX
KL FEL AP FHE BRIEIEE. BT A FBEE R RERLE . S+ R PR 7 sUATREAN ), A
SCANKGAT 55 PR 5 P 57— ] o it 4540, T A B RN B SR A — A BT 45520, iC SRR SN
D= {dy,do,...,dn}. (1)
S FAEREIELE d e D, BEMANA o, BRE S A RIRGRH o BER, M BE S5 2 M B Pa()
5 SEL B B BN Z B 4 T 7 B TN 45 R
Ja = Pa(0), (2)

Hrb ga € Va, Ya FonBlESE d W a318), yg R0 B RFREAR 2.
NT G AR TSR TR, ASCE MR SRR € A 515 7 B AL
Scoreq(§a, ya) € [0, 1]. (3)

BB T AR TN g SARENRRE yo Z A — B0k, AFEGEIER Scoreq AT RSB 75 R4 77 Elisk
B0V AT S, BT T OB AE SER A A 4E. TE T, AU HAE NG — TS R 2 =
B B S AT HARZ N SR — D HIRAERY g, A AR 06 BN S S R FAGSMBIATE AR, ek
P Fo AT 25 R A 55145 77
max Eorg(-a,d) [Scoreq(Py(0),ya)] - (4)

3.2 FanailwE
N T AERERL RENS B A AN E IR, A SCH 1 A S R R A AR D SN RN R, AR AR AR i R
LA FE PR BN, 25— KR R
(search)qi|qa] - - + |gm (/search), (5)
b qq0,. .., g R BYOY TR EAW AN, 58 KR RIZ

(answer) 4 (/answer), (6)

Forb gg SR AR P B A TN 45
L e BB R BRI R { i}y, AR AR [ATAH ML AR TR L

r = Retriever(q1, g2, - - -, Gm), @

KRR r S N B ARIE S SR, FEE TR B ORI, 5 B 45 Ah i) B oy 25 PF 0 21 S
ANHANE], A SCEAT R BT AR R EB04T A, AT BE AR 4 EL A4 N JA) W mis e 4R Y AB 15 250, A/ T %
FHVRTHE, 10 5 A 0 2 R ) T e e
3.3 MMERIACIE5E Rollout

N T AR ILAFARNC . AR SORN 58 0 W A8 B R, AS SR TR B A i 5 rollout AL, VEZH E
Tt R a5 1 B,

TESE—P B, BB AR N U o, AR AT AR T -

01 ~7(- | x,d), (8)
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&% 1 Two-stage lexicon-augmented rollout.

Input: Training dataset D; policy model mp; lexicon retriever R; scoring function Scoreg;
Output: Policy model 7y;

1: Initialize wy with the SFT model,;

2: for each (z;,yi,d;) € D do

3: Generate the no-retrieval prediction ybase
4: Compute the baseline score B; = Scoreg, (ybabe y;) according to Eq. (16);
5: end for
6: while not converged do
7 Sample a batch B;
8:  for each (z;,v;,d;) € B do
9: Generate o) ~ g (- | 24, d;);
10: if o(1) contains <search> then
11: Retrieve lexical evidence r = R(q);
12: Generate 0(2) ~ 7o (- | z;, 0 7, d;);
13: 0+ (oM, 7, 0(2));
14: else
15: 0+ 0(1);
16: end if
17: Parse the prediction §; = Py, (0);
18: Compute the answer quality reward Riwer = Scored (Ti,94);
19: Compute the counterfactual retrieval gain reward Rg;m according to Eq. (25);
20: Compute the total reward Ry, = )‘fRformat + )\aRanswcr + /\gRg;m7

21: end for
22: Update 0 using GRPO with group-relative advantages;
23: end while

24: return my.

WS o) & MIZEME, QI EEHHE (answer), WA B WR, KRG o) /BRI H AT AIEDY. &
o1 AT RENME, RIBLAYHIH (search) HIEA [FRTHIH (answer), REHE SLfibT i 28!

41,92, - - -, qm = ParseSearch(o1), (9)
U ERE R E Y oa e
r = Retriever(qi,qa, . .., Gm)- (10)
BEJG, R REE H r BRIB IR IS bR S0, SRR NG I B A O A R
09 ~my(- | ,01,7,d). (11)
R, B2t o I LARIR N
o1, PUEy s Rtk =k EIES
0= (12)

(01,7,02), WIARFERFGEHTIER.

RIS, MR R r HAMEIAER A, FEARAEA B S A ) token. N T GG PR B SCAN IR A AR
RBNE, ARSCAE IR A B HERY my:
1, W% token ;AR A Y,
mgy = (13)
0, WHEZERZRIRFEIM token.
TERME PN, A A BT (search) AT (answer) token 22 S04k, KL ZRIATIR Bl SCAR A S8 HHAE A
A A A AT
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3.4 GRPO il

AL B R B R Al R GRPO 191 BEAT 342 ST IR, X TR FER (2,94, d), BB 2
HT SR RAE G ANt i
{0}y ~ mo(- | 2, d). (14)

MR8 PRI L9686, RSO BN 65 MBS 1 520 Re. BTG, GRPO (T4
AR 2 I AR i 5
R mean({R)5,)
A AR 1
Sosh g S MNP, S BV, SRR 024 S0 R WSS 0
PRI, 01251 L9 AR
P2 T, ASCHE IR A M T IR A, BUIRTT 3, A — SR A RISk e
BB RO 10 AT AR g, A SEIEAT5 0,

Bg(x) = Scoreq (457, ya). (16)
SR Ba(z) ¥ AE N RFLSIR, H TR £ &2 5 IR 7 SRR AR A A 2 3.
3.5 it
AL ek B = ARG R ARl L B SR PR A A S S SR BRI G A W TR AR o, B
o WIS 2JahE LH
Rd(o’ yd) = AgRgain(07 yd) + )‘fR(fiormat (0) + )‘aRgnswcr (03 yd)’ (17)
Hrp, R, RN EER RN, RE, 0 BB, R er RRERIERN. Ay, Ap A Ao 2514
S 5 2Pl i TR AN S 0T R R RO R A, WUE VSR EA Ay, Af, Aa€ [0, 1].
3.5.1 1&IAZRN
1% A T SRR B AL AT AT RS A B . R B B S AN T THL. T S, AR S A8
ENVEARZE: R T AT WA, R4 (search); ABARLZE Y B AT I 45 R I, N dai i (answer). LK, AR
B A5 G N RE S AR ST L IR AT BR B Py () e 9 512 T 25
PRl M BT LU R
Rfdormat (O) = Rtag (0) + Rgarse(o)’ (18)
HorP, Riag (o) M EARLE R IERAME AR R MBI EHRAE, RY, .0 (0) BB 2 7T S8R d ok s U2
K. A% QRN T AR AE A 2 2T N R 3 0a /D e s e« A QAL RIAS AT A AT ] 255
3.5.2 ERREEM
B S B T A B AR R R A TN S AR R AR R B B — B, Dy T AR A B S, ASTAE TRy
[P 72 SR I 2 — A B A SRAR, T2 48— 16 P Bdle S 8 A1 9549 70 B B Scoreq.
45 E B R 2t th o, B S IE I AT BR BOTS 38 T &5 R

Ya = Pa(o). (19)

Rgnswcr(o’ yd) = Scored(g}d, yd) (20)
HWRLX AR, A FEE T LUE A B BPP0 7 HE Scoreq, 584 2% STHEZRA B (R EF AL,
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Retrieve first, ) Current score

then answer N

et Cq(x) = Scoreq 9§, ya)
J

if Ag(x) >0
Ve A Rgain = Ad(x)

Counterfactual retrieval gain

Counterfactual
gain reward

Ag(x) = Cq(x) — Ba(x) - ~
7'y if Ag(x) <0
Riain = —(184(x)| +€)
J
Direct answer Baseline score
phase Ba(x) = Scoreq (95°°¢,y4)

2 (MEEFE) RESOREDITERE.

Figure 2 (Color online) The computation process of counterfactual retrieval gain.

3.5.3 REZLWNRELT

oSS R at iR A S A% O R i et HrH SRR A 2 . iR A T AW A A R
BEAESRTE T AT REAS AR 55 R B, AT T8 S A R = = 306 BT A i A\ AL, 2% PR SRS
XHFREMEAS, B el ok R A AL

Bg(x) = Scoreq(45%°, ya), (21)
TR AE 2 I SR ARG R A i 24 2 SN, A 3 T
9i = Pa(o), (22)
Xt I R 24 BTAE 55 70 BON
Ca(z) = Scorea(J5™, ya), (23)
B2 SR S S S 2 5E SN
Ag(z) = Cy(x) — By(x). (24)

2 Tsearch RANRRLR RGN R . IS S0A0 21 2 il € SN

Ad(l’), Isearch = 1 and Ad(fﬁ) >0,
Rioin(0.9a) = { — (|Aa(2)| +€), Tsearen = 1 and Ag(z) <0, (25)
07 I[sealrch = 0,

Forp, e A F 0 AR T . X I0UM T AR SRR A AR R R oK e 2 AR DL

GG T — N RFI B X TR MR, SR )5 RS 5 R 2 % T ISR AET.
SRR R A B B TR R R, TR ZON TR AR AL A RS B, BEARRAT I A 32 fil; A SRAR R B 2
THESSAG 7, BN 52 IR, ok, B 2 5 B AN o] Bt AR R ARZE, M0 A& —Fh MESS PR RESR T H b
BTN EYSE/ RN

4 WERSHH

4.1 HIBESFMNIEIR

SIE BT T VR BPE, AR SCHE SWSR, ToxiCN Al STATE-ToxiCN =M AF ALK T A ERNE
KK s g T R seat, R BmaE 4t 7 51 FERIEM K BiE R R, BENE A SO i BAEK RAESE
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il A RO SR AR S R, = AN B B AN AP & R R S Bk A S TG, JREE o028, 200
IR KRGS M FAE B MESS, A BT MAS R 7341 A0 52 2848 S0 50 JiE A ST VE A R Az A
AET.

SWSR. M) J& — AN rp SO B SIS I B 42, B 8969 2 B I IS Bl Al 3016 A1) 1A F i) i 4, %
Hetl 2 P g 18 S AR E T 3, ASSC LG 90% R VE N IR, AR 10% BOEEE IR EuE, Holgd
FEF A M A FROR PSS, ZHIRE EEH T HBFS R B E sexist (PERIBA) WZE, Hit—PU0 category
(BLIERL) M target (Bl HAR), ¥ e — 00 R 2 73 RAT 55, 28l 08 B AR SCHE A A v O PR S B DR,
fRICFIME B AL RIE, &AL AAH S R tE o 3 A 2 IR A BE

ToxiCN 1% B — A s E PR /- REAR A, W K Fhf . Mg, PR SR80, A5 12011 46Kk B &1-FFIlG
B PP, BLA—> 1032 18] (4 35 1] i) 4, Hedl A b 608 1 IR ANl icdls S, e I gRdls 9600 2%,
TR 2411 4. ZEUREMIRELEE B toxic (A FEM), type (A EF2EH), group (HAREEM) Al expression
(RIETTN), W —r K. ZorRMEIRR T RALSS. A& FREH) Macro-f1 {5, DIV RLAEA F 1%
W A HE AW B T7 A HARREA R 5 T RO RE. 2B o B S R F R, IR
X 7> — i B AU E = A =

STATE-ToxiCN 19 & — Al [a) 4 kL FE B VA 3545 SRS A 50 45, 06 Jopiie . Mgy A S5 400, 6055
8029 %K H AP AN IE B SCAR, BAR—> 830 /™l i) BE 1] 1, Him 4 rp J5 AR SR A0 1 I SRR AR R ST, o
WZREE 6424 5%, MR 1605 5. 2R AL IAESS HAR AL target (HAR)+ argument (1B#3) . hateful (4 F 1)
Fl group (BAREEMAR), W 38 250 M B BUE 55, 1228008 S0 H bRdt R Bt i fiA 35 28001 2 1)
[ ZER AT RO &R, I S VP AR AT B A 15 B 5 I 2% R R BR g i 7).

A KA Macro-Precision (prec), Macro-Recall (rec) 1 Macro-f1 (mf1) E RN LV Fabr. KT H—1R %)
RS o, FREIR . AR Fy 2lE SOh

TP,

PC:TPC—FFPC, (26)
TP,
Re= p N (27)
2P R,
.= - 2
1,c Pc + RC7 ( 8)

Hrp, TP, FP, }1 FN, 733 R2K50] ¢ BREIEG] RIEGIAR GG P, AREE, FosBERTN 3000 ¢ 1
FEAS RSB g T2 28 B LE B, AR R s kAot b; R WA IR, RomSE0 ¢ i ESEREA Fh g A I iR
A T B, A R R R R IR AR D By KSR AR B RS B TR A i R A A % 2 b R )
PERE.

XS C ANEBBTRBMESS, E 50 RS R . A REM Py, XS 2R T AR
¥, 33| Macro-Precision, Macro-Recall A1 Macro-f1:

c

. 1

Macro-Precision = ol CZ:; P, (29)
1 &

Macro-Recall = = » R, 30
acro-Reca c ; (30)

1 &
Macro-fl = — S F, ., 31
acro c CZ:; 1, (31)

HA Macro-f1 2 &5 Fy B°FHME.
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* 2 fREE SWSR HiEE LRI, AERTRIINRMER.

Table 2 Performance of models on the SWSR, dataset. The best results in each column are shown in bold.

Mothod Sexist Category Target
prec rec mf1 prec rec mf1 prec rec mf1
BERTsrT 79.1 77.9 78.5 36.3 34.0 35.1 51.2 46.6 48.8
RoBERTagpT 78.2 79.2 78.7 36.3 35.3 35.8 44.2 51.8 47.7
RoBERTay exicon Y 79.1 78.9 79.0 37.8 34.7 36.2 46.7 49.8 48.2
Qwen2.5-3Bgpp 79.4 78.0 78.7 40.5 39.1 39.8 52.4 53.3 52.8
Qwen2.5-7TBgp 81.2 79.7 80.4 41.5 39.2 40.3 55.4 54.6 55.0
Qwen2.5-3Bc g (Ours) 81.6 79.4 80.5 41.5 41.7 41.6 53.6 52.6 53.1
Qwen2.5-7TBcar,r (Ours) 82.7 81.4 82.0 43.0 42.8 42.9 56.3 55.7 56.0

AL, X STATE-ToxiCN H () Bt U 55, ASCS 2 30HR [19]) W&, #—5 KM Hard # Soft PiFhIL
Be 77 sGHAT PR, b, Hard SESRTUINES B-S AR 45 R 58 A VUHED, XT 00 25 5 1) 58 B A AR 14 2SR 5055 Soft
HESR Target Al Argument FJF4F B ULECEE AR 0.5, [FAH) Hateful 1 Group ShryESS B 5¢ 4 ULHD, 56 M) 5 7 & A
RS EMRN T HFREZ0E LR F LR ARG E0E CH
Fi #ard + F1,50ft
2

Score = (32)

4.2 EBEEHFEESHEE

E=AKEE B, AR SCHERI Qwen2.5-3B 1 Qwen2.5-7B 1E N KB SRR 28 191 3% ) W B i
(supervised fine-tuning, SFT) #EATIIZE. AIRUEA R 72 (A1 @A) Lok, B A ROE & B8 35 R — U1 AR ik
AT SR 70 BeAh, ASCEE— Pk EL BERT Ml RoBERTa EATIIZIE &AL LE 4. 3T
SWSR %446, ASCHEIN RoBERTa Lexicon M) J7EAE A 51 AT ML AT VRIS ELIELL. XF T ToxiCN #i#adk, it —
BN TKE J5ik 151 V5 Ayial s st 28, % F STATE-ToxiCN H#i4E, T 2L 5 & 2 VU e, 1£584)
B AE A ELBIE ROAZ S M AR T 5%, BRI AR Qwen2.5 R A1 RIE 5 BEALEAT X L4 4T

KK LoRA (low-rank adaptation) 461 5 K 5 AT S 408 R0W0R, DABRAR I ZR AR FE 42 s o 2%
K. LoRA [k (Rank) FZEARE (Alpha) 437 % B oA 32 fil 64 W7, Xt FHRBSE, AR NS B4 44E
HEEHLRI > 10% FIREAVE NIGIESE, JiA 90% F-TALALYIZR U8, X AN [A)fig it 2 B e B kAT S0 LR, 2%
L =R B RESS R, G UB AR IR S E H T R 2505, KWIEESLIHE, SFT MrBm
WZRARNRE N 4, # I FRBE 2 x 1074, YIZREEUCN 3; CALR IIZRBr BURIALR /N BEE DY 4, F R REN
5x 1077, YIZREEUCN 5. X T CALR HIZRJaleR %, S g Sl a8 22 i@ A S i) E 20 B Ax, BRI A ER ] 5 Ty
1. HT&5 SFT MrBOllZh)a, B8 O RS oAe e I8 708 Tl i th i =X, R by A Q5 R AR = e B /N ) 0.05.
& SRR E N 2 I AL, mRARE N 0.1.

4.3 FEIEHHER

% 2~d S RBIR T A SO N ER L T4 SWSR, ToxiCN Al STATE-ToxiCN ##E£E FRA R, 14
G5 YRR E TIEAT 5 YORBUBAL S 5. 7E STATE-ToxiCN HE 4 HIPEAG o, Hard A1 Soft 73 51 F7R k&
VLHC 5 SEARULEC 26 N Fy fB, 25654848 Score N _H H A, Bl Score = (F1 qara + Fisore)/2. NET 2
DLANELEL, R prec, rec A1 mf1 SEFRAR LAE R, J5 Se8% A0 B o 1 [R1 S48 An R K F AR [R5 7 7 2K
MR LLE H, 2T Qwen2.5 FIBIITE ZANE FAG BIRAMT S H S T ROV B MERERIL. 7E5] N CALR
JiEfa, AT SFT, SAE R ZHOF M 8hs 393G — S48 71, R CALR BB Ry s 0 5 4 %
B ORI R AR RE .

7f SWSR ##i4E I, RoBERTa+Lexicon £ =M Fy _Fik#F| 79.0, #id BERT 1 RoBERTa 25 41 Jk 2k
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Table 3 Performance of models on the ToxiCN dataset. The best results in each column are shown in bold.

Toxic Type Group Expression
Method

prec rec mf1 prec rec mf1 prec rec mf1 prec rec mf1
BERTSsyrT 81.9 81.9 81.9 71.9 70.1 71.0 62.4 49.2 55.0 63.2 61.1 62.1
RoBERTagpT 82.7 82.6 82.6 73.2 74.0 73.6 63.2 50.9 56.4 65.4 65.3 65.3
RoBERTarkg (7] 83.0 82.9 82.9 74.8 73.4 74.1 64.1 51.2 56.9 65.7 65.9 65.8
Qwen2.5-3Bgpr 84.4 83.6 84.0 81.3 80.8 81.0 78.2 80.1 79.1 71.0 72.0 71.5
Qwen2.5-7TBgpr 84.5 83.5 84.0 82.1 81.0 81.5 77.6 80.2 78.9 72.0 72.6 72.3

Qwen2.5-3Boap,g (Ours) 85.2 85.2 85.2 82.7 82.6 82.6 82.5 82.0 82.2 75.2 74.9 75.0
Qwen2.5-TBcap,r (Ours) 85.8 85.7 85.7 83.3 83.5 83.4 82.8 83.3 83.0 76.2 76.3 76.2

* 4 fREFE STATE-ToxiCN HiE&E LRI, HERTEIINRME

Table 4 Performance of models on the STATE-ToxiCN dataset. The best results in each column are shown in bold.

Hard Soft
Method Score
prec rec mf1 prec rec mf1
Qwen2.5-3Bgpr 28.5 18.9 19.1 19.0 37.6 38.1 37.8
Qwen2.5-7TBgpr 34.2 25.3 24.4 24.9 44.2 42.3 43.3
Qwen2.5-3Boap,r (Ours) 33.4 22.6 24.2 23.4 41.9 44.9 43.4
Qwen2.5-7TBgapp (Ours) 36.0 25.4 25.7 25.5 46.2 46.6 46.4

B, Y 51N S AR — B AR B B T IR TR A F R BRI BE ). SR, 5 Qwen2.5 RABITUARLL,
R ERAEAR FH RIS HARRRESS BRI B 220, M DUE RN Qwen2.5-3B AL, it —
XfH SFT 5 CALR 7795 A LUK, CALR 7E SWSR _EAFRIGPEREIRTHECK, Fy BRI THIEEEZ N 0.3~2.6, &
WHZITEAEA A S HON A E3 R — e S A

fE ToxiCN HHRAE T, AFAER 2 M LLFLAR (10 ) 48 FEGE 151 S T AL (110 S BR A e /122K 5. BERT,
RoBERTa LA 5| N TKE (Toxic Knowledge Enhancement, £ 55 AR 58) 1) RoBERTa S¢4% 4t /7 AL H 73 Fa b
BT AR, (HEAREJG T Qwen2.5 RAIAL, JUHAERIE TS HFRRHA R LSS L2 N, X
R LG AL G 08 SER SRS 5 R e /1A IR, #E—XIE SFT 5 CALR 7E Qwen2.5 RFIFA
LR PLE S, CALR 7R By (BRI FIRE N 1.2~4.1, HH group 5 expression 1R 55 FIFE T+ 8%
K (3.1~4.1). IEX—L K], CALR XKML SCHERE L 15 SORBS RS 5 B AR 4R BEAT 25 B B a2
BEAER.

£ STATE-ToxiCN $(¥a4E, [FFEAAERZ A DLERAA 11 2% FRAE D91 R FEA S il s 5 1R 55 2
FAERIE S, R AR R PR T R BRI R EIR Bl sone BT 1 mara, UEIBREITETE
SOEAFRZEVLEL A —E fe ), (BAE KBRS A VLI 15 B N 07 7E — 0 PRIE, T 0 S Bl H 12 50080 4 0 4l kL R
T A Re SIS ER, U R B YEFR AL G SR EE SRR T, BTt — B IR THL AR RE
fERZAPERE L, CALR X 3B B IZRE Score $RTMRE AN 4.9, MXS 7B BAHIILTH N 1.8, W] CALR X H/»
PR I 38 25 RO B 4F. 1K AT BE 2 o T/ ME Y A R RS B AT B, 0h M SCHG 5 540 2R A5 R A RO B 5, A
M CALR HO/E I 5N 2.

SRS, SABIREE RS A DL MR T 655 5 A B 25, FNSLG®E T 3B 5
7B PRI R FE RS CALR 7EAS [ A4 SE RN AN RIS BB T AH 35 T JE 2R A R I A T AN R R R
RESRTT, R HA1Z 7 V2 RE S L Hh i 2 AN A 55« H5df 70 A S5 BRI, B R S O 5 R L -1 5 RS AR
ke
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Figure 3 (Color online) The performance of the reinforcement learning policy.
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SRR R 1207 32 B R FH ] 2 R R VPR N SO R AT A5 H T, 0 UG e 21 (1 1] B LT R S
2RI, KA T RN IR % b s s, B 3 R T SR Ak A ST 2R SRS A X DT LR AR 2% AT s R 11
PEREIE 25,

MEEREE SRR, G NGRS SR 3R SRS R R AE K 2 H0 e br BAR T UL RO 2 U772, R AL T 5EmE % 2T 1
K R ALHI e 5 SO TR M A SR, 76 SWSR B g I, s ik 5] SEms 745 2R A H AR iR BIME 55
A2 FEAAE, HAHE T ToxiCN 5 STATE-ToxiCN #(¥E4E (AR REIR FHVE I N 1.4~3.5 Al 0.8~1.4),
SWSR IR /N, X — 2 57 BT A A B AR RE 5 et SWSR A ey M 3R IA A 2 2 B il e B4
SCATE SCHHGT B2, LLM A B RIUAT 4 4 3 3L 25 S, TR D TG A 2R 77 SR IR A5 Ml AR S P B2 5 5, e 7
SERAL: S SRS LA AME AR R B ML R, A& 5 2 Rl ARy FE AR 4L L, ILIRR R R S
FIATCREORILELE B, AT TP AW, 3X — 55 53R B, A SCRTH2 () SRS Re g AR 915 SR S 3 18 R bk
BT AR AR, AT A 250080/ TG G ) i i s SR PR TU AR A 28 5 M 7 -, A AL ) A A 3 )RR ) 3K
BN LA N TE RSN S B TR T R A B AT 55 ) R AR M R

4.5 REZORETRMBIERIE

FE_F AT IR SR SR 28 SR A AR I SR b, ATt — 2D I8 I RS o S T SIS 2R 3 e A A 0T B S X
TR B i 5 & RS, HET Qwen2.5-3B Fl Qwen2.5-7B 7E =ANERAE FHEAT SZI8 0 B, PARHIF ;e
SRS 2R 48 25 2Ll x s Ak 2 SR R SRS AL R . B 4 BOR T I N R S SR R I R i e, SRR R [ A
L 5VEMTEAR LIPERRIE TR . M SLIRZE FrT LU, 51N 35 SR 21 30 i 225 IR 28 7 & i 4 I 2 50T
rabs B3O T A Fl 1% 22 Jah 0 JE 2R AR Y, 3R B2 2 B BR 0 A 2R SR 2% S ER (A AU AR5 5, AT 2
FHEEARRT I PERE. 7E ToxiCN 5 STATE-ToxiCN ¥4 b, %2 by sk I PE RS T BN 2, HoH ToxiCN [ 7y
PTHIEE A 0.3~2.3, STATE-ToxiCN A 1.1~2.3. ML Z F, 7£ SWSR H#is4E b, HIs s Mxt i, HAER E
KALRHE S PRI R, AH L HAR P D EE 4, SWSR B ik 5 AL I G X &b, SCARTE U N
2, KIE F A B R AT R 4T 50 B8 SCER A, R e P B LS 32 Bk B2 I8 U AR, 7212500 T, il
Tk S S SRS B B AL R AT A M SO R P SR R 2 AT PR, A A5 2 L) R A DA TR AR B BT
FIN Sk - I o B AR R R ISR, 5 B L L RE AT R 5| AR AL Tk 4 5 B E B E R &=
WVE, AR ARG 22 o Sk R, S s FLA S P 3 SOIG 0, JF I A4 THE 45 B IIAT 55 1 B A R .

4.6 KWERYERDH
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Figure 4 (Color online) The performance of counterfactual retrieval gain.
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Figure 5 (Color online) Positive-to-negative gain ratio.
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Figure 6 (Color online) Net gain rate.
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Figure 7 (Color online) Negative gain rate.
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Figure 8 (Color online) Retrieval count.
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Abstract Harmful information detection is of great significance for maintaining the security of the online ecosystem and
preventing social risks, and constitutes a key task in digitalized social governance. In recent years, harmful information
detection methods based on artificial intelligence, especially large language models, have made substantial progress in
automated identification. Meanwhile, in real-world online environments where implicit expressions frequently emerge and
internet slang continues to evolve, incorporating external semantic information can help supplement models’ understanding
of contextual semantics and implicit harmful intent, thereby further improving harmful information detection performance.
However, existing external knowledge-based semantic enhancement methods mostly rely on static matching or rule-triggered
retrieval, making it difficult for models to adaptively determine whether external knowledge is necessary and what specific
knowledge should be introduced. This may introduce semantic noise and limit the discriminative performance and
generalization ability of the model. To address these issues, this paper proposes an active lexicon retrieval method based
on counterfactual rewards. The proposed method formulates the external knowledge retrieval process as a policy learning
problem. Through reinforcement learning, the model adaptively decides whether to retrieve external knowledge and which
key semantic terms to retrieve. Moreover, a counterfactual retrieval gain reward mechanism is designed to guide the model
toward high-value retrieval behaviors that make actual contributions to the discrimination task, thereby enabling a shift
from a rule-driven retrieval paradigm to a semantic-driven retrieval paradigm. Experimental results on SWSR, ToxiCN,
and STATE-ToxiCN, which exhibit varying levels of linguistic complexity and different distributions of implicit harmful
expressions, demonstrate that the proposed method consistently improves performance across different detection tasks, data
distributions, and model scales (3B and 7B). The improvements are particularly pronounced in scenarios with a higher
prevalence of metaphorical expressions and internet slang, validating the effectiveness and generalizability of the proposed
method in complex online semantic environments.

Keywords digitalized social governance, harmful information detection, reinforcement learning, large language models,
counterfactual reward



