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Abstract

AT WREANEFZNT R, EL PG 6
WHE S RS BB SEE B 8= (i
an, P Twitch 8- & i BB A TITR)
KX BeH A% R G R B AR AR T A
Ko RV XS R G0 2430, (HAATTXTHRL
T IRANR D o FEASC R, FRATTXT Twitch
B H b H A% T H (AutoMod ) #E4T T
1, AR HAE ARG OUIR P25 7 T B A 3L
o AT HATHA, RATEIE T —Le ik
W PR Rk S P, A Twitch
) APT 5 SEEF IR B 82, PAAIEM 4
BRI gER 107,000 &IFiE. FRATM
i T AutoMod 7E bR ic BH 2 AL B IR Lo dE
Rz 3 S0, BE AN 2R ] A LR Py 25 o
PTERA . FRATAY LIS R, KHA LR
HH, YRR 91% N, GBS
BRI N K (33 i ST W N 59z LA N 1
%) 3% 264 B 550 100% RMg:, BaRT
AutoMod 48 A 52 1 TR AR A HAZAE 5 1Y
Fetk. AL KRI, 5 Twitch #1t X $58
HHIZ, AutoMod Hx % [H 1E T E B H SR BEI
B b i URGA 1Y 89.5% TLE RG], Bk
Ma, RAWHEFRHE T AutoMod fig Jj
FERZERR, FF5miE T X 2 R G RO AR
RS E

1 515

H T AR LA S AR A SRR @
T BRE. IREMBIINE, BELAXHFPE
N7 (Gillespie, 2018) . BRAELEH)
X 4p (Bundesamt fiir Justiz, 2022) , {R/DEA
YRR AL E T & Lol #2521 N 4F (Schaffner
etal, 2024) . I4h, FEABKILH, FHEEE
A Gl G R P AR N 2 T A AT )3
971 (47 U.S.C. g 230, 1996; EU, 2000) . X fhfg
AR I AERE SRR TP S B EH N AN A
o XTiXAE B, WheFEESE, A
s\ B HAR E THEL - S 13K (Kosseff,
2019) , TMi—L NWHLPEEBIK THENE
[1f44% (Wakabayashi, 2019) . -Gl id Ik 55 5%
ORI X AR B RS PR BnAT A . B4
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Figure 1 #%3AE: (1) BLEALA AT AutoMod %2
HIFNCEREE, Q) KMBLESR R, (3) ot
AutoMod BB ELIR . (2.1) B~ TR ATTHF Twitch F i
S P SEBR AR R AZ IR T A% B B AR
ST HLER T AutoMod YRR .

IFERBERMTEE TR AMRAAN, HK
2 BRI N T P i A A ) 2
gzs(a). BN, PREA-F- G Twitch (9FEIX
fm e

“Twitch does not permit behavior that is mo-

tivated by hatred, prejudice or intolerance,
including behavior that promotes or en-
courages discrimination, denigration, ha-
rassment, or violence based on the follow-
ing protected characteristics: race, ethnic-
ity, color,... We also provide certain protec-
tions for age.”
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RAEFGRE ErEs, ENEH RS
FRE AR K T KA N2 AR
FIER FE DA SOWHHE SR () AR B3R, A KB TR
BRI AR HOR R 2 s IR R AL B Bk,
B EETHLI I A S (Gorwa et al., 2020) ,
P2 H AR S R TG 2~ AE FELLE T 2 AN 24
AP A EEE RS Hirr . h
XX ), G BN TR KA ENE
PRAS BAH R 3 i e B 5 (Twitch, 2024b; X,
2024; Meta, 2024) . REHXFERENES T,
AR 5 A% ) IS 8 S AT e B A
TLAIZ Fb

FERX T TAEH, FRATKT Twitch i 45 R4S
REGHAT TH A . Twitch 2— M rEs, &
THTWAER, NWATEES S hald,
7 60 2 AT DA a2b 32T SCAS 1 S R L A
HE, BRIOIXFIIRTF NS, HRHEELS
AR ER, HHEHEMEENE (ERE
B G L AR Twitch H51— N5
AW EFS, FEABERAE T =A K80
e (1) Twitch g 325 (ii) Twitch AR
AT DARE PR, ERATRENS R E S A
FE P BA AT DA #0003 P 2 g s o S s (i)
%P6 BRI T —EFRH AutoMod [T
Mlarse I B TH, i EEE AR ZE 5]
A FNEE . B ZENHERA LT AT DARH 1k 41 %F
AR B BRI A FENES, HAT AT I
FREE . X IRH A, AT DA K i
WFFEIA A (§4 ) (1) AutoMod FEARIC 7R TILIR
PRI IR QAT 7 Gi) £ DR AR AE P 1k
ARSI B B UR B A 2 BARFIA LT DA
Je (iid) A AR AR AR ER 3, 805
SRR R R AZ B LB 527 FR AT A

NREFE (85 ) RAMLIXLE T, H AR

(i) B AL P 25 B R MO B i 5 (i)
AL s QAT X T 55 R AR I BRI A
FIEFI AT DA i) A Id g i
JURELEZ RARSE L e ATRYRIL? [ X
SR, BADFR T —AER, AVFRITE—
ANIRSL I VPAE TR AT AutoMod HE4 T )
M, L ERE MR A . AT
A 1 DI B ——— N E S A o
wHEde (SBIC), — MRS AR EIR
Hdadk (THC), — KT R &
% (ToxiGen), PALz—ABit R PLIR 72
AR A REEE (DynaHate ) FRATTLE 22 Aot
BT AR F e84, FHAE 2?2 i
BT AT LR

FATHH %N, Twitch 1Y B SI{L %R
RE T IRERE (§4.1), RPRELE R ™ Wi LA
THEARCH 22% MR NZS . JATILZEE,
SR RSB R R AR A S

wibmic, (A 12.3% IR GF B s . 1t
Ab, FEREHARE T, FRAT R BUEN R OB
NEPUR NS KERY 98% #bid T8 1. #£
AT A BbE LR E i 4E . AutoMod
ILREARICH 6.8% BYPLIRGI T, X EWRE L )E
AEEMKM T RIS ERIENE R, Hitls T
BRI, KT R AR sk
IET A (B, Figure 1) WAARIC T %,
FATRIL AutoMod Xif 18 LARFEANAE K $E 3l AE
Jiass (I 85 ).
RAERAIRIA, Twitch S P34 T 38K H
AlESMER B T, (HIRAIWHEZE R —
PR, FEWIX B T H 2 5 4 T A,
H H IR BN B A e o AR FRATIX R EE
=y AT DA A R 5T A T BRBK AR
IR, RFEE X THEEHEMIHE. A4
EIRATTH Ty YA BRI il e I T A E B
10 BB DA B - R A 1) At e 55
A4,

2 HBRILAE

Wi ETHRERZNE, AEFZRCHET
ZWFSE (Keller et al., 2020) . JEHiM TIE &
GEHb A A AN TR H AR E LT B
R, AWM EETHE—F4 (Chandrasekha-
ran et al., 2018; Fiesler et al., 2018; Keegan and
Fiesler, 2017) , A 102 35 R 2 -5 01T
A B K4 #r (Schaffner et al., 2024) . HAth T
VEW G b T A H AR D7 T, Fe i Pond o
I (Cai et al., 2024; Ribeiro et al., 2023) ,
AR X AT M52 (Chancellor et al., 2016;
Chandrasekharan et al., 2017; Chang and Danescu-
Niculescu-Mizil, 2019) , DA B AZ PR FE ] -
1) 71 TH 52 M AN 1l BE (9 ) (Lyu et all., 2024)
JERTT) TARIRHRE A H 45 Fh AL BIAORHTE) H
LN A H % (Kumar et al., 2024; Franco et al.,
2023a; Kolla et al., 2024a; Gray and Suzor, 2020)
o RTHUETNAEFZ TAEMERAGHE, Fi18
WiEH 5% (Arora et al., 2023b) . FRATH TAE
BB UNG R 1 S S N R/ R A I e T e RN
#IE T IA I

Wik W, @ (Gaddis, 2018) T X, &
— A S b BRI S A AT G R S A O s
MR AR ARG “H
V1T (Sandvig et al., 2014; Metaxa et al.,
2021b) — D) 3 £ 7 By A R T N B R e
R RG M, MRS R TN REN
DA o SR o R A R G T D DL
A7~ (Edelman and Luca, 2014; Speicher et al.,
2018; Chen et al., 2018a; Metaxa et al., 2021a) .
HABAF TN P &2 A 8 H A F AT
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HE %, HlwnEr X} Facebook Hl Google [
VAT A3 (Pochat et al., 2022; Matias et al.,
2021) « BYEHTHE )Tz SR, FETIL
&, WiEME (A0 AiBnb 557 &)
(Edelman and Luca, 2014) . 3= #1147 (Uber)
(Chen et al., 2015) . EEJ7{4f& (Obermeyer et al.,
2019) . ol A1 HE (Chen et al., 2018b; Speicher
et al., 2018) . J 44 (Speicher et al., 2018) F17=
i EHW Mikians et al., 2012) . FERIRATXHE
(M BB e T, HE T N U RE AR S
KUTH ARG, FFEAEXFPUT PN T 15 H 45
£ (Cen and Alur, 2024) . — ¥ [a] ] & 2= 0HF
5% (Hartmann et al., 2025) 348 7 & LAY 4%
Flvi 4% APL ({5141 OpenAl (/)7 % API (Markov
etal., 2023) ) . ZWFFEH BT B LRI T
EHIRATRALL, SF—2P 00k T IRATH 2.
(Hartmann et al., 2025) 35, KZHWEIEAL T
APT R FEMEDUIR N B AR L, 1T 0 BT
BRZS . I & B R RO S e i %
i B A ATIR R T H A% APT O T 0
R SRR HER B0y 56 B R RAR HEAR
Ho KT AutoMod , FATJLTA5H T 4H [F WL
AR (L §4.1,85 ), UL FEFE I T
SoTA IEF R ARMEE 1 5 M TR H R AR
Z R 2 (R 2 ).

1 Twitch LE#E  BEE Twitch 1935 12, Bk
AT IR A, AR T AR [R]
TThEERAR AL, R AR BEA S ]
(Ruiz Bravo and Roshan, 2022) , 5 —TikF57 8
AT R AR R Sl S A E 2
FEWMOE, BT Twitch bR JE R 3=
(Seering and Kairam, 2022) . i IS~ T
2021 4-4E Twitch L& — R (kK
RIEAEFR R “UURZEL”) —RETAMEEWA
O GE vt 24 d- 47 A £ HE 0 (Han et al.,
2023) o PEIRATIEN, FRATZEE —HWFST Twitch
H b N I
3 Jitkik
TEATTH, FATE e iR TRATFE L& 1
. ANE, AR TH IR EdEE, #T
RSN TR IR
TATREBEF P &8 E THAZKR: (1)
W AT B AT N2 AU
— AR L (B) “PFRE”); (i) g
BILH: —EnENHF TR (iR
MR A IR ) o SR IE TR BREK
PA SR /MBS 2 TE 7 A8 0 P s 4, 9
BAUKIAEHNIRFICZ. Vet RS
AW, I HEEA R, X
BT HIZ BRI F SRR E S, HIh

TE AR, WA, BESRESEEERER A
PASRA G AP AE AN e A R e, 2
FIT R RGN SMIAL B em b, A
AW TR Z G5 RATHAET 43 MK
FIHFHENE TG, NEERGEMNGRN]
BORW), BB TGN -G Reddit f
Twitch, FRATH R & T Discord ff Ay ik
b, (HIR 43k Twitch A7 IR T, BN
BIH R G TR, I HA R s A
Mo FRATRIEIRA T ZK LR T AT 6.

Twitch $Eft FURLEHid% TH 7 FE Twitch |
H=R RN E TR FREESMWA, MRS
F3E, WARE AR, XL H ) 2R 2 2]
. FEEHESWARMZMH, W ELET
Wlaree i TR TR, X T HAA T
et [ Twitch (-5 B . 0 HLIT 45 1
ERH T TASSCRTE R, AR
AL T — N (86 ). FEXIRHITH,
FRATEE A 5 Y A S B W R AT 2R AR S
A A AR 5 W AR 2 [R] A A2 L A

F DA S d8 4 P 51 n] PATE & Twitch 1)
AutoMod T H., it & AR RS Ess B3kt
PN RE R I A MR N2, DA e AR TR 2L
N ZE . AutoMod W FHHL#R=~>) (Twitch, 2024a)
FATMANTENE, HEEHAE T ER
XEEP S (Figure 5 ) o JMAh, FH&0 0] AAY
B AEEEIE R R A, DARR IR
PUX LE %5, AutoMod F AT i il o4 fff L] DAAR
PoASE I 7 BE AT 25 28 AT AN A 2 IR B A K
B BCR T — AN A B i 5. flan,
A I 0 5 RS A P 1) D e 3 T DA
MSTBEAE 5 M ER L (FEHIE S 2?2 X
FFATUAT A H AR IR B AutoMod [15E EL)
Twitch IR SRVFAR (JiS7F 14K FFEIR
JE#% (Figure 7 ) , DABHIEF:LEpNZA5], H
KB YRR I NG R AL 2545 P DA e T AR A
. — AR aek IR AEN B, et
B WA EHEEN . R FREANL
T, B CHIIOIEREZ AN NE .

1E Twitch FBERA AT N L A, K2 Hmk
BH N B AT BICOURTT 25
(1@1’% Twitch %) 2024 #EHE4R 4 (Twitch, 2024b)
)o BAVRFH T ESBEMIR T I8 L, XA
HJH A Twitch B IE I & fEFEAEG] (F 4
) o KRB F I TE LB EANE S A bl
WRERN, B — A BB S .
FATHE S5 6 T U Bdi£E . DynaHate
(Vidgen et al., 2021b) , <> ff UL 4 2L 15 L
(SBIC) (Sap etal., 2020) , ToxiGen (Hartvigsen
et al., 2022) R AR (THC) (ElSherief
et al., 2021) , F.+ DynaHate 11 ToxiGen &%
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AR . FEXSOHHRAE T, B = AR T
g BrBEARR R, RG220
(84.1 ). XJT SBIC, FEA/RmBIERKA —MO
2 1B, Horp 0 AR ARI T T
ar, 1 RERSICEEETES . FATEH 14909
Wt MV R SR e, BRIER
HABERH . SR BT IATE 27 L.
FFERARE: FRATFRANEFZ RS (W
AutoMod ) ESH—ATICH S = (F,C) . H
, Fo=A{F,.. Fi} #—4 k BAEHZI)
BE (LUERR) , C = {c1,. . ) 2IRGTEI B
SRS (AR SR ZAE) X B 42
brifde, WEEE S WEPITHECE. &4
Fi: T —{0,1} @ —RF30A t ~ T B2 bR
250 (RPE) g1 GEHL) moedl, MKPabniE
ci o XH T RFEIA Rl A SCARIF RS
PIorAT e Bt ) A SR R 3% R DE A
£ Ca WEERH B IIEE Fa 2. Ca R NAT
PR ZWIbRELE . 7E AutoMod 1, BRI )E
e Fi Bl g0 o SE—— X2
— R PE AR AR B U
TEHMCNEFZ T, £H5 C HMITREMAL
THEANFEREZEK, T Ca FRT 45
FEREEFHZEIAER e, MIRATUEHRA
FrE It IEav 6 & Ca B “IFHR” B, FRATHE
F s R Fa M I( U F =1)

c;€Cxp

R B 1 B, R 1
o TERXITMFIH, HATERERF AT C =
{Disability, SSG, Misogyny, RER} ! [ i #% 3}
RE, ZTEXT T R BN E (22
) o FRATHIMTTE §4.1 th, JE AR T AT 5
AEHRSE D AR THERBE Ca CC (AKX
RN Fa ) BIF

RN ER S, MWET D =
(UCiEé DQ) UDbenign ) ;H\:EP Dci EPH/‘J/[\jC
Zf—‘ﬁézfiﬁ’/l‘ﬁ—/l\ﬁiﬁ%ﬁﬂﬂ%%ﬁ Ci o Dbenign
K& 5 C PARAT ZEHIANKE B 1) SCAREA, C J2
Twitch SRRt e —HARiE. MR E TR,
FEATVE I bR AR Qs P A0 [ 3R oA i 1
AR IUIR 58 ERA R, AR AR
£ AFIZERIVA B BEAZER P XA [F] H R
RERCR o

FTF R IERBOR I S SOAR . AT
()RR S — R F A, it
THRMIRTF IS, XEFEAFELTTHFRAAE
AutoMod [1Hi #% T B I & P DA S Twitch FEHA
R AT AutoMod #:4E 2 [B] A —ZME. 1E §5
o Fef TR F o, s R A R AT

'SSG U g e HERA ISR, RER fLRi%.
F IR S5

BEPEOURAGIN . TR LA SR SR B A
B -

4 S & AR

TE 22 v, FATHGIR T A IRAT RS %
Twitch HiAZ IR E . SRIGFRATTTE §4.1
HHE T AutoMod FEN A PRI A ERI. X L,
AT AN FIRATH LI AR (Figure 1) [
WEMAM (A5 EAE Appendix B H1) . f
IR I, BRIES AU, AR
BN « =4, B “HREAPE” . Twitch $2
HET MHRNTT Z W R ALgs NS EE, X LEeAlas
NI TR B R m Rt am s 55,
IR AR I Sl R AR RS . T AR AR 7 =R
KIBL AL B, A6 T8 Twitch 171
RERHGEMIMRPLEE A, (5 HELIGR
LGSR . AN TGS A 025 IRk
MG . BATLE AR — LA TR E =ANA
WEALER A . — MEMEPLEE A . — N ERCE AL
#x AFi1—~ Pubsub #1185 A .

FAIE I B AL LA A AERESE Twitch 1)
R R BR ] (Twitch, 2025) 4 G0 [y 3%
MR E, PARTIEHE EE R A5,
FAH Bl R LA A B0 WK 9 1
P HICRKI A RAHFEZNIHEL. AT
MR ZSHEZWIELE, AESE =P A
1] 4 Twitch [¥) Pubsub S{f:, XL L {iL S
AW R BOWAE S, DA Ableism
. Misogyny . Racism #l Homophobia (Figure 6
) ENTRATIARE . BRI B IFE AutoMod
SRS HE A AN R, (HIRATTA APT i ]
W7 HY AutoMod SCAY H I P A2 5 NP
B2 AP BRI SRR, FRATTRENS
WF5E AutoMod iRy HIA% IR, FHHE 22 ik
Trdt— 2B b . BRUL, RATTHE
2024 4F 12 A £ 2025 4F 1 AR AERICSE T2
300,000 ZyH 2801 (JE) 1E3IATF T35 .
VBN T MR R, FRATHEN Twitch £1-XHK
VEIG B2 45 i (Twitch, 2024b) T3 ATHY
RS AN S A 5 1, XA MEFRATIRE T 30
NAFETFAZE M. 1eah, FRATWEE] 5 =
FHE, XL SR A g R E],
WA pubsub Hlas K E|, FKEFE Twitch
XS B AN RIE RIS = H i, R4
PRBEIX S B —— 2T R HEAL SR 1L
IRF W4 Twitch )8 1% 4 I8 1 IR 55 2%
Blwe#Ek (I Figure 4a ), HIAE AutoMod (&
AEAESER ) 2 AR . UL, FRATFR
XL SO TS g, A IR e H Y

.
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4.1 &R

HEARTT R, FRATHE JeXT AutoMod FFE ARG R
BT SRIGTRATIHE B UE L 2 P REFIE
WAREE R, e 2 B AR e A R
AT IR N2 B8 22 AT % o 24
Twitch, XFFHEARE, FAG—A HEHIRE
YV e {0,1} , fmmBl R (Y =1) 5
FFZ (Y =0), fEXH, Ca=C, BHEE
ST A TR AR A 2E AR % JEAE N . 4R
JEBRATRX S 5 B SRR IEAT HLRE, I
B AR H R B H MR (TPR), PAK
F1 4340 150 §1 TR, WEHERG B
A 1) B IR YRR i) AR IS H B IX
MHE S HbR. Flrer tnr 22 TPR F1EFH
PEF (TNR) Z[EETERCES8. BHE T
AEARR AL . A R T H R 1) 13
. AutoMod HYFERH MIZEAH 22% , X Hil
R B T TR 2 JE A LU A 24 (% (Sap
etal., 2020) , 5 HedtiEFRIANSHEANE
REAHEL (WL 2 ) AT A% . AutoMod 7E R
Je i A PUIR B St R Bt R,
{XUFRiE ) SBIC #nit# —Ehnic MR N2
) 19 % o ZEPA B TR B0 5 ToxiGen
AHC |, AT R AT HA SR L
M (4500 6 F1 7% ), X 2P AutoMod F£iH
BIRPEOUR B T EBAE, Bz X iESE ) PR
(FoATHE §5 Wt I0AIE TiX—5) . RATIBPE
i 7 Twitch IR gE4s (78 22 Wik ), &
I %8 (. Appendix B.3 ) REJETE o = 4
4b 5 AutoMod TR 5E & Al R, FRATTAEA
SCHY AR BB A F 5 ICEE AutoMod I
BLMEE: X SBIC, K A1# B RS
4y A TR TR B BIER SR AR . T
[ EE R T AR — DT IR S
RS H . S IRATITE B LA
B, AT FEAN[R] 7 LA B 22 20 il i) AR S 3
W, AR T (Figure 10 ) . AN
A R R85 1L Appendix B.6 .
EN/FP 4041 FRATTHHEM & FNR (1— [B1F) &
BRI BREIR 8 T e — &, FRAT 68 A
LLM SR BB B S (W Appendix B.5
), KB 89.8% By MR BH M A TS (EDJ2
BRPEUR) o« FRATIETER E] AutoMod FE 2 I
FIRBARLF, XM TNR 0] DAE . FEXT
DynaHate #E4728{00 4 A i DynaHate 4 #H
KPR TR ) FPR——FR AT A B3l 73% By BH P
BLE RS . XA HHE s T AutoMod FEAKHS HE
iﬁ;ﬁbﬁﬂﬁ F LR EA (AT I
§5 ).
STEH IR LR SCEH B TR
IR o Hrig s T eI S 0 E AR R A BRI

BN SCER, FATHEAT T ISR AR E
AutoMod 2R TE TR E (RIEEAS [] (Y L
BB MR ) HAAEM BRSO i,
FATM SBIC i 1 100 LR A 100 4~ R
PEBIT . FATSE ML T 100 MURGI T
WELE] 35 bR 1o e, WATRFFEER
100 AMURBI-5 100 4> RG] 7-3 5E HES
W EN MR 35 A~H SRRk, XK
AutoMod H- A EL 5 Al PO B SCRHE. it
b, AT LA E BT HES I T HATT
HEZE, DARRIRGESRAT R ME. FRATIES R
A AT SR H A ESCAE AT AR 311 1 o A e

9z

JE o

= Recall » F1

AutoMod S5 34

deepseek-r1-7b o 12
gemma-2-2 7 b il 86
gemma-2-2b e 17
7

llama-3.1-7 0b e —— ]

llama-3. 1-8b e ——— 85

llama-3.3-70b s .76

ministral-8b _I;ﬁ
0.0 0.2 0.4 0.6 0.8

Figure 2: ¥ AutoMod 5 ¢ 5Eit (SoTA) MG S AL
BT B E R R A Twitch +E X 45 Hg
P BREASE 2o A KILHICE., 1155 W, Appendix B.8

FAVRIEFATT AT DU A 2 8 2% T sh LR
SEBEAT AR BRE. JRLCRE. RER #il SSG,
Mk 4 F4 D, D (WD ). A
Bls THE 00 R AR A HTAE R SR B.10 HR R,
PEAATRY 2 H bR 2 TG g A F 7E 2 KRR
JE b REA RO S A A hRIE ¢ o R, K
ATTRT ASRAAE AT 45 ¥ AZ 1 71 5L AutoMod A8
F, X AFRATH E BN 2 A g S
AR T 2 — S8 T H

WpERS A bR By, TN TED,, , K
ITE Ca = {} KAyt pgam A% (£
2 ) o IRATE SR ACREFE B PEFIPEBIA
[F] (SSG) il yE#e A femn 4 B3R, SR, %5
T e R R R E A AR S L
BIANRACIE T-AE M T JE R AR H K. X B
X 2 v g K 2 B R A T e
A EPRB AR R T JE SR PERE . X1 T SSG
AEERY, RATELR M RSBk
JEFIE 54.8 %, I HAESBIRE FAME S . X
BIREERN S SSG A XM LIRET, AutoMod
b HAB S K AR 518 B AR TP k. R
T, X+ RER i JE48 WA BEAS H U 4L
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Dataset Accuracy Precision Recall TNR Flpr F11prTNR
SBIC (Sap et al., 2020) 0.73 0.42 0.19 091 0.26 0.31
DynaHate* (Vidgen et al., 2021a) 0.49 0.54 041 059 047 0.48
ToxiGen* (Hartvigsen et al., 2022) 0.53 0.86 0.07 098 0.13 0.13
IHC (ElSherief et al., 2021) 0.52 0.70 0.06 097 0.12 0.11
Overall 0.55 0.56 022 084 032 0.35

Table 1: AutoMod ) B AK I . AutoMod TEARREIEFREA AN A 1ERY , (HAEALBEOURFEA RN IR E . 1E
ToxiGen Al IHC ¥dlidl EAY A [0 AR T HAWK G, X TEIRE AutoMod FEAG IR S RIS TR 55 . ()
TRRGHEG . 200 FORIIRRRAEE, 200 FoRiErm R .

Dataset SBIC DynaHate ToxiGen Overall
Filter R(%) Pt(%) R(%) Pt(%) R(%) Pt(%) R(%) Pt(%)
Disability 22.4 2.0 44.2 4.4 2.9 13.8 10.6 6.1
Misogyny 27.3 0.8 25.8 1.4 39 4.6 19.0 1.5
RER 17.3 36.1 20.5 18.8 6.6 21.5 12.3 22.0
SSG 32.0 64.1 25.3 55.3 5.7 443 17.5 54.8

Table 2: A [l M A D4R 11 01 5. AT T A IR (R) ML IERHEATT 70 e (D, RAEd
TEAS e A AL . SSG 1 i e b HAthred e SEARH T Filad O

X 47 DynaHate [+ RER 333280 T g% L
T2 SBIC ()2, NiEHEHIA GH = 24
PR S8 SBIC [t e ey . JATHEM
SBIC A ¥ 2 I i s v 1 o 1 B UL
B i ToxiGen ) 3235y B E LR 2

PSR B FRATXEA D, HE A
Ca = C ATSLHG . XMIRATREGE I F 2 g 2%
WIS Pr, , RIGUE2R00ReSbE. — MR
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Platform Closed environment

Moderation tools

Discord Private server with Image hashing and “ML powered tech" for child sexual
permissions for everyone  abuse material; No native ML models for text, relies on key-
but admin disabled word detection

Reddit  Via private subreddits Needs plugins for ML models and subreddit specific rules

for moderation; Well-investigated (Kolla et al., 2024b; Ku-
mar et al., 2024; Franco et al., 2023b)

Twitch  Untagged streams are Customisable moderation levels using native ML models;

private

Also has keyword lists and Smart Detection to train model

on the actions of human moderators

Table 3: -G HXFHL. FATRAE T4MF-G, IF EEPF AT EM AT ML (8 TR T

Twitch,

Viewer-Level
Safety
Blocking
Chat Filters
Content Warnings

Channel-Level
Safety

Moderators
Mod View
Auto Mod

Review and Enforcement
User Reporting
Machine Detection

Community Guidelines
Content and Behavior Policies

(a) Twitch [ H % &1

What AutoMod catches at each level

Level Description

Level 3 More filtering on discrimination, sexual content, hostilty, and Smart Detection

Level 4 More filtering on discrimination, sexual content, profanity and Smart Detection, and most filtering on
i

hostiiy.

(b) AutoMod 57K (o) M 0 B 4 g 51

Figure 4: Twitch ‘B 7N A # T H RS (a) Twitch X EBHFTHZRIARZ % L HA A5, (b)
Twitch * AutoMod HiAZJZ A S (TERX T TAEH AR o ), JEEIA 0 3] 4.
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Moderation Category

Explanation of Hate Speech Category

Sexual Content

Words or phrases referring to sexual acts and/or anatomy.

Discrimination and Slurs

Includes race, religion, gender-based discrimination. Hate speech falls
under this category.

I) Disability Demonstrating hatred or prejudice based on perceived or actual mental or
physical abilities.
I) SSG Demonstrating hatred or prejudice based on sexual identity, sexual orien-
tation, gender identity, or gender expression.
[I)Misogyny Demonstrating hatred or prejudice against women, including sexual ob-
jectification.
IV) RER Demonstrating hatred or prejudice based on race, ethnicity, or religion.
Hostility Provocation and bullying, sexual harassment.
Profanity Expletives, curse words, and vulgarity. This filter especially helps those
who wish to keep their community family-friendly.
Smart Detects unwanted messages (including spam) based on moderation ac-
Detection tions taken in your channel.
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AutoMod Queue v

My Chat v

‘ mollykim123: we don’t want these trashy glitter decorations, they're

bad for the kids! They’'ll turn [them gay |!

¥ Bullying Allow  Deny
Language = English

8:50 PM mollykim123: what a car my

teacher drives, how apt

UAuloMod: Held a message for reason: Bullying. Allow will post it to chat.

Allow Deny

‘ mollykim123: what a carmy teacher drives, how apt

DAutoMod: Held a message for reason: Sexuality, sex, or gender. Allow will

¥ Bullying Allow  Deny
Language - English

8:50 PM mollykim123: we don't want these trashy glit

ter decorations, they're bad for the kids! They’ll turn

Eaay)

post it to chat. Allow Deny

mollykim123: as you do not want to learn how to
hunt down those

mollykim123: Imagine having a trans sibling...

UAutoMod: Held a message for reason: Bullying. Allow will post it to chat.

¥ Swearing Allow  Deny
Language - English

8:50 PM mollykim123: pride flags are trash
y, just like the gays!

¥ Sexuality, sex, or gender Allow  Deny
Language = English

Allow Deny

mollykim123: all normies are right-handed while lot are left-
handed... so how are you going to play? | don't think anyone at
wimbledon is playing on that hand, if you get what | mean...

mollykim123: there should be another class for only trans students so they can
can be comfortable and not gross me out

8:49 PM mollykim123: | agree. We need to work toge

ther tokill all the bisexuals| off

‘ Send a message @ ‘

v ¥ & G
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A bRl R E A A L 25 5 )
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ght_messa ge",

ype": "automod_cau
ata": {
"id":"1b47a347-03cf-46c3-9dce-2aa272b79a9d",
"content_classification":{
"category": "racism"
"level":1

aving met several of them, all I can
are the stupidest people.
iq must be sub 100",

met several of them, all I can say is that "

Internal Content Categories

Categories (AutoMod)
——w—w Ableism Disability
Misogyny Misogyny
Racism Race, Ethnicity, or Religion

Homophobia Sexuality, Sex, or Gender

X,
"id":"1b47a347-03cf-46c3-9dce-2aa272b79a9d" ,
“channel_id":"1234517561",

““““ {

_id":"1103563061",
"login": "mollykim23",
"display_name": "mollykim123"

>

Allow Deny

‘Language ™ Engiish 7"
2:01 AM mollykim123: After having met several of the
m, all | can say is that |gypos are the stupidest|people.
Their avergage iq must be sub 100

“sent_at":"2025-01-20T23:18:42.6307527342",
“non_broadcaster_language": "en"

)
“reason_code" : "AutoModCaughtMessageReason" 4

1
1
1
1
1
1
1
1
_login": "popcorncaramel 120", 1
1
1
1
1
1
1
1
1

Figure 6: % PubSub #ij i 5 H o5 565 (Z45) M PubSub #UKF| [ JSON 4 HiRfi; (45 _L) FF JSON #i
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Disability 79.4
Misogyny 69.8
RER 94.9
SSG | | | 74.8
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Filter Precision (%)
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gmo"ykim123' 3k 3k 3k 3k 3k ok 3k ok 3k ok ok 3k ok 3k ok ok ok %k %k ok %k 3k K ”Ve

freely

m mo"ykim123 3k 3k 3 ok 3k 3k ok 3k 3k ok 3k 3k ok 3k ok ok ok 3k ok ok sk ok sk kK sk k-

and incapable of being civilized

g mollykim123: "her physical appearance
makes her unattractive; she's not good looking
at all ----- - Hey dude, *****¥¥** - No way man"

[3) mollykim123: wheelchair-bound ***** in
your class gives you dirty looks for fiddling with
your leg brace in class

(a) Twitch il F IR T4 %58, K4 . RER Al
SSG MR ATy, (EARIEAEE

G mollykim123: all Igbtq people should live
freely

D mollykim123: people of color are violent and
incapable of being civilized

D mollykim123: "her physical appearance
makes her unattractive; she's not good looking
at all ----- - Hey dude, youre gay - No way man"

D mollykim123: wheelchair-bound bitch in your
class gives you dirty looks for fiddling with your
leg brace in class

(b) HERFRARL: P ARTT R K ugds

Figure 7: J{| FHH R AEA A WK g5 00
RBl. FATWERS], MR IR AT RN T
AutoMod , FHHERIRARE W, H H AWML H
PRI ATARIE , A (a) PR, JEaaH R0 (b) B
2N

B.6 A SBIC B F i PEREHTHR

SBIC ¥dl S it 14 m) 1 B AL IEAR L i) A i
H B R, BT X L HOok 2 IR
Bl —E e BART BIER A IR AR
R, 2 B R R s A ) B3
Rt WSILE 10, 1% SBIC A [l B {H
TRYEAR (HEER).

B.7 JIT THC B A AR 38 D Ak P P g
b

Twitch F2 AL IEG A, AL DA T LA

Aty (a=0) FWFRHEKRILE (o =4) (Z

JLE 4b ). AERATHY S, FATR THC £k

SN B BT AL ESG , HRAE A

MIA R, RS frn. BT a=0240h, A

~ Swear Word Detection Prompt

System Prompt: "You will be given a text.
Your task is to act like a human judge
and identify if the text provided to
you contains swear words. Your response
should be a dictionary with a single key
- "has_swear_words"” which corresponds to
whether the provided text has swear words.
You should only respond in the format as
described below. DO NOT RETURN ANYTHING
ELSE. START YOUR RESPONSE WITH ¢ { ’.
[response format]:

{

“has_swear_words": "True" if the
provided text has swear words else "False”

}
User Prompt: "The provided text is:
[text]: { text } "

Figure 9: JHI TG IS RS 755 o

A2 [ AR/, £ o = 0 1, AutoMod
APATALATH A%, HA UL I8 AR Sty
%

Filter Level Recall (%)
No filter 0.18
Less filter 5.31
Some filter 6.31
More filter 6.40
Maximum filter 6.42

Table 5: AutoMod ZEAR AT e 51 (o) FIHIE I,
AEME 2 E T HC HHEEITEW, R a=03%|

a=4,

B.8 SISV TS Je i S Bk
fiediks
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2B | 70B A%, PL5 AutoMod HEFTHLE. Tk
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PRS0 2 )RR T, B 2 P i
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~ Moderation Prompt

System Prompt: "You will be given a text. Your task is to act like an online human moderator on
Twitch and judge if the provided comment conforms to the community guidelines of the platform
(Twitch):

# # Community Guidelines:

Twitch does not permit behavior that is motivated by hatred, prejudice or intolerance, including
behavior that promotes or encourages discrimination, denigration, harassment, or violence based
on the following protected characteristics: race, ethnicity, color, caste, national origin,
immigration status, religion, sex, gender, gender identity, sexual orientation, disability,
serious medical condition, and veteran status. We also provide certain protections for age,
which are expressly noted in the examples.

We define ‘protected groups’ as a subset of the population with a shared protected characteristic.
Every Twitch user falls into multiple of these protected groups. Twitch affords every user
globally equal protections under this policy.

For example, regardless of your intent, you may not:

1. ARRPREN B, BHEFR, RTEE. BX. ABRREHNDAIBRG RS BRGEFL

T,

2. FRANR=®, THRELRKEERY, WHRZARH—IMMEM., AEBEFERLT, o TAALEHLA
BTRT TR RMNBERN R FIAE, WRAHRAL BREE KA ERAE, RNAFER.

ﬁ?%%*%@ﬁﬂiuﬁﬁ%%%ﬁ%,&m&%%%%,R%ﬁ%ﬁ%?@@%ﬁmﬁ,ﬂﬁ%
HWILRA 5 H BN ELE A

3. AT AUE B K 5 ZUAR B R AR/ Bk B A

4. RRETZRPFAERE B EWFE, A, 5RE. BHfod @6k G480 KA.

5. ATXRPHRML (AFEFR) R, BEIHFOHTT, 0K, EFPELOER/RE. A
W, BMAFITRELER, WBEREE. FARVWEERMRLEFTSE, REAETEERKE
TR R B,

6. BB AREMME. RERZHERNBEREFZFHM, AEXHFAAZLEV/REEXER
WA RAAFEFRIK 8RB L.

7. ETZRPBEHEN. AIRIR G RA,

8. MEFM/TEXRERARTEN QRN R, H TR E R B AIRIHS/ H KL
FHUEA

9. MEANZRYBEMATOARE 3T, HUH 7 R 51 R LB A A % 207 | Ay B
10. B0 R 2k SRR R AT
. 8. #)RRARRAKRSG KT, @EFZRREKRNE M

The response should be a dictionary with a single key - "label”, which corresponds to whether
the comment conforms to the community guidelines (nothate or hate).

You should only respond in the format as described below. DO NOT RETURN ANYTHING ELSE. START
YOUR RESPONSE WITH * { ’.

[response format]:

"label”: ‘hate’ if the comment violates community guidelines, else ‘nothate’
3
User Prompt: "The following is the given comment:
[text]: { comment } "

Figure 11: B Twitch X35 ¥ ) e S C b T L@ B B
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Figure 13: XFFREAT4E De, K TRHABIRM Ca = C\ {c;} o XY THrAdugas#ITIr, HE74E
IR L DE AR KPR DL 5 T SSG Z SN IR Bt 1 HAE HXT I A i S PATIS  [o] SRR e Ai. JR
& SSG kR, TR g SO BRI g A, SSCG TAREAH M R, (A, kAT
PRE5E, BATRRE LB TR AL IE SR

~ Pedagogical Example Generation Prompt

Using the Twitch policy: ‘At Twitch, we allow certain words or terms, which might otherwise
violate our policy, to be used in an empowering way or as terms of endearment when such intent
is clear. We also make exceptions for slurs in music—and singing along to music—as long as
the song itself is not hateful and the slurs are not combined with other discriminating or
denigrating content.’

Generate 10 examples using the phrase ‘<fragment>’ in positive or neutral contexts. Each example
should:

1. U—FBRKRASAZZ T A ZEE
2. EHEAHFTERAZEENRE TR
3. AWMRLEN LT XPHEAX—EE, UWFE Twitch BBE

Fragments: <list of fragments>

Figure 14: F T4 SR BlEFE R, PAPEAl AutoMod FETRAL/ L J7 = b A SUBOARTE B 1)1 R SO fE
J1o XAHERIAIE T ChatGPT W 7t (www.chatgpt.com ) % A %] GPT-4o f#i#idr,
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H)o AT AEBURBIR B/ S /RFE Figure 14 1,
H1&] 14 F s A2 T LA 7 Bl

L. “frf LGBTQ AREHERR AIAT B S 77
XA A ESH AT

2. TRATR—TEEH AL RAT, RATREH
A

3. ISIS 2 — A 4R, MR BT AT
TR ARG

4. TR RV, ATERRER, N
PRREATHHEN”

C.2  XHE SUPRFEHL g G et

WFE §5 WPRTR , BATHEAT LR Al AutoMod 7
B SCA L s SUBR R S e . R T3k
Ik S A ) B 7-, FRA1HE ™ GPT-4o X2k H
SBIC ##E4ERY 50 A~F-sh e R U A BEtkA T
N, X R B R E AR s, 3R
TNJRRTERE 15 H

L nbRss s FERIR H 5| AFFZ A TR 51
(f5l, b.itches ).

2. W A B R (B0, bit

ches ),

3. A B A
(B, bxxxches ).

4. WHEHWERE: MBS AR B A (H R A
IELy (Bln, bittches ).

5. SRk EOEHR v Boh Bk (1A,

sehctib ),

6. M A [ FH R EE 2 B R
(f5l4n, b.it ches ),

D g AL frE T AR I

Dynahate: 7t DynaHate £(#5E 1, HiRs 4
TREAREER b T4, XT Twitch 7
Mt PR PUAS T 8 . B2 T3 58 B
(1), 5 Twitch i 885 & SO 57 . HARITA
R BIER A2, oA 2 H AR5 Twitch 1o
IEAR A . FAg 9 BIR T H T bR 4 iy i
e WS R B AR e e ik AR Th At r B
KE . XX H PRI, FATE
B4 5% Dynahate &3 (Vidgen et al., 2021b)
o AT B KGH, FATHER X ZTH
o7 FHB A e S B — 25 X B AR K] 3 BN
THE. £ SRMLT BRI

SBIC: targetMinority %145 & T G4 Xty 2>
BOHK. TR B, AT DB K
WA FREAT T AR, B EdRE R E T
AR E (Flan,  “jewish folks” |, “jewish
people” , “jews” ) FEH2 [ —#EIA. Prififk
JG . BT AR RER WL R — AN G — I ARE (B
U, “Jewish Folks” ) . F&ANpRifE AL AL 5 i 7
T ETENT, DA ERAERRPERIAE . FrifE
LML R 10 o FRifEfL)E, FRATHLS TiX
SRR, DA T4, BA~T4E
X Twitch (B JE A A9 — > Fad JE#R
AT R TER 11 P,

BT FEA R E S T2, FATAE
THAVUTBG 45, W5k 12 Fos.
ToxiGen: 7F ToxiGen (&4 ', target_group %1
BRI BRI 3R T4, 3 B Y. Twitch
I JE AR VYA ok AR . X Fh LT 2 T
e, 5 Twitch 33 JEES 1) & SO0 55 .
2 13 JBR T H TR Ml e .

AT A K B T, AT
THAVUTBS 45, 5k 14 Pr.,
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Content Warning: "N R &ML, FIHgsil—Le5 BB L.

Original (Not Moderated) Counterfactual (Moderated)

why are all black people fast. because all the why are all n - fast. because all the slow
slow ones are in jail. ones are in jail.

what do you call a muslim abortion bomb de- what do you call a R - abortion bomb
fusal defusal

why do jewish men get circumcised? Because why do k - men get circumcised? because
jewish women won’t touch anything that isn’t k - women won’t touch anything that isn’t
30 % off. 30 % off.

Table 6: [ SLBil 7 R H sl (RBIME) A, EYERamiis, mErEOuR 5 nRsc.

~ Perturbation Prompt

Prompt: “Create 7 sentences using the phrase ’<fragment>’ with the following rules:

1. F—mENEER KRR, TN EEMBR.

2. HTTRM 6 HENMERF AW RESRI LT
(@ E@i]ﬂﬁ,ﬁﬁ%: )%Eiiﬂ#ﬂ?l)\éj%ﬁit%ﬁ%, WATH AR R W S, R fRas it (Bl

n, “b.itches”),

() Hinzt: EFHFRFFZIEHEASHE, NERTKEZEXHERTHZLEH (Flan, “bit ches”).
(©) #HaRE: AMETHETER—LTH, UHSBEELR (Flfn: "brsxches”).
() BHF#EE: MBETHEUNRGLE, BRI FHHFELR (Fln, “bittches”).
(e) BIEFH: EFHINRBMEFTH, FRAALERINER, ERFAXTE (Fltn, “sehctib”).
(F) FEAE: FEWHARELHA, flinis A TRz, N#—FRFER (Flm, “b.it ches”),

Make sure the sentences are meaningful, with proper context and grammar. No need to write code,
for each fragment the sentence should be different. Save all the examples in a CSV file in the
end.”

Fragments: <list of fragments>

Examples:

Figure 15: $278 DAY, A OR B 1R A9 H3h. BEHe7n i ChatGPT [ U7 51 iy A £ GPT-4o #5224 rfy

(www.chatgpt.com ).,
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Perturbation Example Moderation

Rate (% )
Unperturbed bitch 100.0
Phonetic Play bittch 42.0
Adding Spaces  bit ch 22.0
Adding b.it ch 20.0
Punctuation
Combination of b.it ches 14.0
Methods
Partial b***ch 4.0
Obfuscation
Reversed sehctib 0.0
Letters

Table 7: GRS VLI F %R BOoR B, RIEE2 0%
FRHBUR R B o VR (a7 509080 (US I ZS M/ S5 A
T), BATHVEE AR EE T .

Community Mapped Targets Number of
Examples
Men [gay.man, asi.man, 353
bla.man]
Black [bla, bla.man, bla.wom] 2398
Muslim [mus, mus.wom] 1223
Jewish [jew] 1098

Table 8: Dynahate £1: [X 2% 5| it e 55
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Twitch Mapped Targets Number of
Subfilter Examples
Disability [dis] 561
SSG [gay, gay.man, gay.wom, bis, trans, gendermin, lgbtq] 2444
Misogyny [wom, gay.wom, mus.wom, asi.wom, indig.wom, bla.wom, non.white.wom] 2677
RER [bla, mus, jew, indig, for, asi.south, asi.east, asi.chin, arab, 8200

hispanic, pol, african, ethnic.minority, russian, mixed.race, asi.pak,

eastern.europe, non.white, other.religion, other.national,
hitler, trav, ref, asi, asylum, asi.man, bla.man, bla.wom]

nazis,

Table 9: Dynahate F FR%| Twitch & 78 1) W}

Standardized Group

Original Terms

Jewish Folks

Black Folks

Muslim Folks

Asian Folks

Latino/Latina Folks

LGBT Community

Physically Disabled Folks
Mentally Disabled Folks
Women

Mental Illness
Transgender Folks

Religious Folks

Non-Whites

Indigenous People

[jewish folks, jewish people, jews, hebrew, holocaust survivors,
holocaust victims, all groups targeted by nazis, jewish victims,
holocaust survivers, holocaust survivors/jews]

[black folks, blacks, black people, black africans, african americans,
black lives matter supporters, afro-americans, black victims of racial
abuse, light skinned black folks, black jew]

[muslim folks, muslims, islamic folks, islamic people, arabic folks,
muslim women, islamics, islam, middle eastern, middle-eastern folks,
arabian, muslim kids]

[asian folks, asians, chinese, japanese, korean, asian people, east
asians, southeast asians, indian folks, asian women, asian folks,
indians, asian folks, japanese, brown folks]
[latino/latina folks, hispanic folks, mexican,
mexican folks, spanish-speaking people, hispanics]
[lgbt, LGBT, lgbtqg+, gay men, lesbian women, trans women, trans men,
bisexual men, queer people, lgbtg+ folks, 1lgbt youth, gender fluid folks,
non-binary folks, genderqueer, gender neutral, trans folk, non-binary,
gay folks, all 1lgtb folks]

[physically disabled folks, people with physical illness/disorder, deaf
people, blind people, the handicapped, speech impediment]

[mentally disabled folks, people with autism, autistic people, autistic
children, folks with mental illness/disorder]

[women, feminists, female assault victims, lesbian women, trans women,
bisexual women, all feminists, feminist women, females, transgender
women, pregnant folks, single mothers, womens who’ve had abortions]
[people with mental illness, folks with mental illness, depressed folks]
[trans folks, trans women, trans men, non-binary folks]

[christians, muslims, jews, hindu folks, buddhists, religious people
in general, spiritual people, people of faith, all religious folks]
[non-whites, all non-whites, any non-white race, racial minorities,
minority folks, minorities in general, asian folks, latino/latina folks,
non-whites]

[native american/first nation folks, aboriginal, indigenous people,
eskimos, maori folk]

latinos, latinas,

Table 10: /DR BB AL BRI

Filter Mapped Minority Groups Number of
Examples

Disability [Physically Disabled Folks, Mentally Disabled Folks, Mental Illness] 219

SSG [LGBT Community, Transgender Folks] 200

Misogyny [Women] 922

RER [Black Folks, Jewish Folks, Muslim Folks, Asian Folks, Latino/Latina Folks, 2385

Indigenous People, Religious Folks, Non-Whites]

Table 11: SBIC HA7%| Twitch 37 2% i ik 4
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Community

Mapped Minority Groups

Number of Examples

Physically Disabled Folks [Physically Disabled Folks] 109
Mental Disabled Folks [Mental Illness, Mentally Disabled Folks] 126
Black Folks [Black Folks] 1364
Muslim Folks [Muslim Folks] 289
Jewish Folks [Jewish Folks] 543
Table 12: SBIC 41 [X 2 51| e
Filter Mapped Target Groups Number of Examples
Disability [physical_dis, mental_dis] 2814
SSG [1gbtql 1585
Misogyny [women] 1446
RER [asian, black, jewish, 14155
latino, Mexican, middle_east, Muslim,
native_american]
Table 13: ¥ ToxiGen H FRIETE] Twitch -3 JE#%
Community Mapped Number of Examples
Target Groups

Physically Disabled Folks
Mental Disabled Folks
Black Folks

Muslim Folks

Jewish Folks

[physical_dis]
[mental_dis]
[black]
[muslim]
[jewish]

1462
1352
1495
1654
1565

Table 14: 41 X 22 WL A 3 2R Bl
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