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Emotion enhanced hateful meme detection based on contrastive
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Abstract: Hateful meme detection is a challenging multimodal task that requires models to comprehend implicit
semantics in both visual and textual domains and engage in cross-modal understanding. Addressing hate meme
detection in the Chinese context, in this paper a dataset, named CHmemes, was introduced and a CLIP
(contrastive language-image pre-training)-based emotion-enhanced Transformer model was designed as a
baseline. In this model emotional features from both images and text were leveraged to enhance the features
extracted from CLIP, then attribute information related to hate in images was incorporated to boost the model's
attention towards hate-related content in images. Finally, image descriptions as a supervision mechanism was
employed to prevent overfitting. The proposed model achieves superior performance, surpassing multiple
comparison models on the CHmemes dataset with metrics AUROC 77.67% and Acc 72.71%, validating the
significance of emotional features and image attribute information for hate meme detection.

Keywords: CLIP; Chinese hateful meme detection; emotion enhancement

EE TR : BRI S 5 555 E 5 F 5 S5 % Op BB ) TR0 S (SKLMCC2023KF005) 5 7 P4 [ AR RE: 543 15 30 H (20241ID170001) ; [ 52
FIOARLF4E42 (62276072)

EE BN (" AEIRAEE) FBE e (2000-), 55, BT A, E 2N 2RISR 5T . Email:zhilong.zheng@st.gxu.edu.cn; 3% % (1986-) , %2,

A B, B NFIET 53R . Email:20170024@gxau.edu.cn; - 3CH (1998-), I - AF5E AR, 322 R I 251 5 VA BE0FSY . Email:

2112391053@st.gxu.edu.cn; B 5 (1979-) , B it #6087, FENF LEAMARIT ST . Email:gbhuang@gxu.edu.cn; FEAEA (1994-) , 4, i+, B

FEL, FENFEMIT NS . Email:haonancheng@cuc.edu.cn



70 i B A& B IF 5

%5 6 3

] 28 1% 11, (internet memes ) BE W% A= 5l BT XL M &
WA NI, © 2 A i B AR R IR IR s
Fhosm i) FEMBE X2 — AR THA T 6 8
BLHIBY AN 5835, Tk ROHE B 2 e R A6 A, T 00 R
AL R Bt s A NBCREAAR . R LI e 1 B A
T, B ASE PR AL 0 8 28 Wi R 2 AR 4 DX AF 58 4 A
Z—5

PURASE PR R BT 58 2 RN (b 11 5 s ok 3R Gk — 8k
HHRHUE LGRS PUR 518, X e UR F e DLl
IRIEZ . AT 55 i 55 AU A5 7R T i) A 3 4t 4 R
(AR A, R 22 R TN A 2 P Kb B XD K
PR RS T . R0 — 2 )5 ik
DUIRASE DS IR Sy Z2 384T 55 1 — A R e 455, F
FHSBUYI 25 00 A0 3 18 75 R R A LIRS DR 5 s L iR A7 7k
P, IR AN AR R A A R AR B . D A
[ T TR 45 A I 2B 8 (40 BERT ) 5 45 1 1T 4515
YA T vy 31 vt ) TR S O B R ) 2 A
S8 TAES IR P 0 o 5 BB R A R ) o B 5
TR SCAME B, S A SUREE A DUE T 4R
FHRE SRR Y B F SO SRR K 2 BT 55 5
R EESCARNTESS o AHZ: LA b5 AR SR AFAE — S n) fi
1) ) R ASE AL 22 485 25 AT 55 7 Ak hy S SCAAT: 55 P
23 2 W UG A DUIRAS DURE 5G9 3845 L 5 2) X 28 7 vk
2 T EAF B TR RIRCR B 5

BT IR S R A TN T R
7 K% Wl 25 (CLIP, contrastive language image pre-
training )" ()55 SR 50 Y 245 2S5BS (E2TC, emotion-
enhanced Ttransformer model based on CLIP) , % &% f1
SCAE R R AR AR 0 U, 1 R B B i
BORDSTOURAR AR 8 A3 , (WIS G i A
JEVEE B, B a fE 2SRl G WY BOR T B = L e
B PR RHE , JE S B NS R DE R, TR 4
BRI . ASSCHYTTEE S ZS G : DR T8 — el
RABE PRURS I K5 B A2 CHmemes , P48 4254 5Kk &5 3
FOURREE 2) Bt 7 — 5T CLIP i B i 2
BESAEAY E2TC ARy v SCHURASE PRGN i) B AR A 5 3 )
7£ CHmemes J¢ 73 ZM AR AE - 3= 5 i S g 28 L1k ]
TSR R A RO

2 HXIE
T — SEbIF 508 Ho A 22 B S AT 55 B B i 7% B L

&

PRAE RS I EA 71008 . Zhang 58 AU i T HAMI
AR F P2 AEAL S FNE i A RIS T BT SOR
HUBXT G5 BoR 55 £ /K . Deshpande 25 A\ ' 1 1
SR A AR DA A B =E 5 0945 BEA T AU AR PRSI
AL 35 SCAS Sy 1Y) i 44 SR I EE BRI R,
P % PG g ) A 3%« E B A 00 R P 4% 524 . Praman-
ick A5 I g — A2 JRORE PR Ry B AR AIE A S Y 24
AR A HESE . Kumar 58 A48 H— it 2]
viig # #Y, F1] ] FIM (feature interaction matrix) X} M
CLIP % it 28 345 19 MG R SCAR 32 7R 2 (0] i S AR A 28
H AT AU . Cao 8 AR H I TR A9 AR Y
PromptHate , ¥4 & | & FR () $2 7R 4t — 28 | F SOUR
1, #] FH RoBERTa 15 5 52 84 v 1% B =S MR A 7 LR
iR 432 . Burbi 8 N7HE G —Fh Z S PURE [ 3
FI7 %, B TYI Zk CLIP M SCAR 5 36 4 AR R A 350l
EIRCAINEZ N & S

PURASE PR R 5 BB R A = 5 0 e g i, [
IR R 5 ADURBE A . Kougia 558 AP
it 1137 50 L, R G2 SO 3 06 FoR R IK EUR 4%
iy 24 SERTERIRG I H 9 S A TR R 3% 5 A DL AR
5328 il I AN ERENIR R 5 1 R G I 2R 1 ok LR AR
PRIAGEIN o Liu S5 K B B 28 I 2% 1 T PR A5
PRIASE DN, 516 25 B PG rh ) SR AR 2, TR0 A3 R
JEGEDRITAS SR SR SCAR [R] A 1K 2R, ) i 5 i I O
AT B G FRE  ER FSCARRRE .

Wil 7 ST (1 1 B, 38 40 9 R R 7R ke it e
PUARB A AT, Dai 55 A% 5T #1125 7 BLIP-2!"Y
BRI TE 5 T8 VAP0 T T 5 A—1 464
AR AR e i A SR BUR R 48 2 115 BRI, 72
FEA PR AL R A AT 55 IS B84 M o Cao %6
NP — i 5 T RO A (B R D7 s i ik i m)
R PN A DG (R RER S8 75 R 435 1 TN 2 I i 1 5 A A
W28 S HIVE RGOS, A5 B R, 25 X LR A 2 A
RIS

3 E2TC#&E3

PIUARASE DRI 157 7 40 Wy — 45 7 9 4 35 v S0
A G B AFAEPUR o PUIRASE DRI AT 55 2R A
BRI il R AN SCR IR S BS BEAS R 57, i s
A FERCRIR R IA SR —Fh 2T CLIP
FR 17 TR iR DUARASE DR R I D7 3k, BETRURE SR AN P 1 s
FLFEFFAE SR BUBE B | BORRIE $2 OB B R A\ W) T
A BRSSP 15 g 3 s Bk o Y i SE A



20244F

B e, 5 T X O TR T ER T 25 00 2 O AR A TR AG T 71

VRES 1Y) CLIP A5 1 S B VAR A SCR SRR 5 R ) i i —
AT GRS 2 | 153 CLIP RPAE R 9538 N 45 2 1
PR T IRAIAT 55 5 32N ARG A5 IS A0 55 % Doz A6
A BRE AL R FRATHI [ 56 14 P R AR IR A SCA AL 5

— Classification |

P B SR IRCT BB AW 22 R AR S i 0
TG P AURAR B ST s FJm O 1 B LR A R i A1)
AL Bt T GRS S A R R e A
Xt 2 SR AR PR AR A O T R A L AP A

. CLIPSCA e
mig )

; OCR i
) ——l BTRERRENN ||

B 1 E2TCHEEI

3.1 FFAEREER

A% 3Cffi FH Chinese-CLIP £ U UG A 56 RFAF o X
TALGE AR, T 50K S 148 2046 2 RN, R R
45 (1) Chinese-CLIP A5 Y 1L 3 73 32 1) VITU e AR 4
HUE PR A R v R AE F,, (1)

F.=CLIP([]) @D

X T SCARHIE, B PSR A BER e = 1) AP HX
g A UG s SOA SRR I SCARRIR R T, 985
5 40 52 4 AiE AH 8] A9 Chinese-CLIP A% 7 i 15 5 43
X BERT! 52 A o £ BUAR A vp (1) SCA RRAE F,
=X (2):

F,= CLIP(T) (2)

Chinese-CLIP 1 Il 5 1) KI5 RN SCAS X} 38 5 1% 15
AR IF AR S, SRATAE DUIRAS DR e A 3 4 B X R e i
T YRR | PRy S TR IR DU, RUGORT SCAE B AT g
FRRTERMEE o L, 7 5 i b AL A (1)
IR N SCA R AIE 25 6] 2Z 18] B 3 L6 &R, A SCHE CLIP
PG SCAS i s 1 i 1 AR 38 I T YN 2R s )2 Al
75 G RN SCAS 2 1) B8 MEAff M % 55 . S B2 2 1 1A
18 R AE A SCA FEAE 43 0 K ox b FLALFL G0 A
(3).:0(4):

F! = Project,(F,) (3

F! = Project,(F,) (4)
Hrfr, Project, Fl Project, 73 51| 3 7 EMGFN SCA g AT |

HIEZ
3.2 KR APE i

AR Joo B NV H B MG R AE TS 7k
TE R I TR 42 FairFace illZ— 1 A\ Y@ PE42
HUER o Bz I R AsE 80 T 42 1 FH T A SC A AU AR [
IS B i A R — KA B PRI 1 e i 281 %) N e 5
O n, BRI T B BT A AT 55 1) =B PR B S, e
Frenter T frge 53R R0 (5) (K (6) (7))

ﬁacc = { ReSNet34facc (Ifaccn ) }Q/: 1 ( 5>
f‘gender = { ReSNet34gender (Igendem ) }ﬁ/: 1 ( 6>
j;igc = { ReSNet34agc (Iagcn ) }]nv: 1 ( 7>

Brx 2e (5 BPHER A G B — A2, b 5]
TP A5 R 0 AR IR) B 4 B 2 1) i A2 R B 3R
F(8):

Soxwa = €mbed (cat ( frces foenders frge ) (8

W £ o TE R U RS NI S HABARAE L R A 2]
gt , LA BRI S T SOURASC AR E B



72 CE=NEF LS

%5 6 3

3.3 THEIERE I

PG B AE R EERT LA 23 R P JZ LSRR AIE L PR
MAEFFIEARZ I ERAE . A SCRH] Zhang 55 A2

H A PR AR IO v, 8 A P B3I 25 e 1515
SRR OB R ARAT PG TR AIE o TR 51 TR AR A 42 X
A FEUNIE 2 7

@ SEER I
hER
HLSLRAE

v

Bl - 1EHHLRE

BIRFHLR

Fl+ 1RHIAE

2 ERIE B R BN B 4544 [

RSO ResNet50 11 2 321 9 265 $i B i X
FHIE, 7E ResNet {4 2 M 2% 2 A 73 SCAR HUIR G R A AT
GURFAE , I T2 265 (4 i R R 55 T SCRFAIE Fil
S IR AR HAARTE, 7050 A ResNet Y
5 A ANTR] 19 265 TR 2 ) A5 RRUZ SR IBCHS AN [ RUE By P ks
TIE R Aol AR P J2 A AR A £, Fovh i = 1,2,3,4,5, %R M)
R R AR L o 570 S AR B R 5 SR 1 AR
55 T 2% i B SRR AR SR A A 3 — 4
JERHIE R R R I B IR IS A A T 45 2 A5 B e
AR R 22 22 L o e I ) P A1 JRERALE o

XTSI AR SC Rl #1259 RoBER ta
HRE TR S ST 19 41) 5 A TRRFALE

34 ZBA

Z B Rl A B SR AE B T4 3 A R R
F14) PG AR A1 R SCAR R AE 43 31) 5 155 i JRORSE B v 1 [
GRS B AE R SCAS 5 TR AR A1 I S 380 A (] %) 4 138 2R
A5 B R RRAE 5 SUARFRIE () e & R OR F,, B
F oo SRIE B UG ARAE SCASRAAE AR S0 0 S R
FEAF WS 2R [ 4 B2 A R RAE 25 R Bl &, 25 2
TR AT F e 8 = FIRRE A DREZ , 15X (9)
Foue = cat (LN (W, F,,,),
LN (W, F o ),LN (W, F o))

Hpw ,w, fiw, J&n 22 S8 LN EIH—1b . &5
F| H Transformer 9 F 73 75 S HL I El-A i AFRE , fa

(9

Fil 5 e A PR ARFAE
3.5 Pgab I

AT G i 1T B 2 2 XU ARASS DR Az I A 1 A
] A0 R RRAIE | Z0 W63 49 A 1 B0 7 e il S, R e mT
AE 2 T EUBR LT LA, 117 52 M B R0 A H Al 0cd 4 -
Iz ACYE . R T I/ B e 25 , AR SCRI FHASE A
B EUR A R D W BHAF 5, LB R R 8 [R] B OC 1 1]
15 B4 4 Jy R T A 2 ANAS DG T PG v X6 AR ASE PR A
DA ) SR R AREAE o W B A B iy EL AR S B 151 3 e
/N, B PEF H Koutlis 5 A POHE 9 20 58 38 43 1) %
(VPU, visual part utilization ) 1 % X 455 [K] 4% 217 8K
B, R RS R SCAAE LAY 2l v [R5 SR 5
iy A VRS W W 2R 1 5 KABEAY , %1 prompt 1 H
KB FEREAS fiE 7 A2 B BT I EUR UGS i 1
HAEREG R BRI S H B R e, R
93 3 ZAMEANIS N — A EUR S IR A2 553 3, A i
i L1 A R G EMRRRIEAE A A, 4208 — 1> Transformer
F B 25 A UG A A

3.6 KL

E2TC A0 £ B NI 2k B s, — A2 25k fig
MIHERRTE , — 2 SRS A AR e M . X T
BB, A AT 55 PR R e 38 U K R
BAHEA XN (10) s

Lo =ylog(y) +(1 -y)log(1-5) (10D



20244F

B e, 5 T X O TR T ER T 25 00 2 O AR A TR AG T 73

B3 Bk iRk

Horb,y FORMEA I B AR, p R B O %
55 A A R 45 % R, MG AR S
H 105 4 7 2 A B, B ¢ B 22 o 48 SR G SR MR
AN P () v, LT, = (11) iR
P(y|y-,, 1, T) = Sofimax ([ D,,],) (11)
Hr [ D, ] 227 i 05 PERRAE Y 565 A FREAE
] i o AR R AR 2850 A1 AT LAARAS ¢ B 20 A= B o1
Vo3 SRJG B ¢S 220 A A R AE 1] 2 5 A RS 2 1) i AR AR
PEIEAE N T — B 2 (0 i A RRAE 5 3 A T2 A 3
AP ARl R R B AR S R AR ok . R
A S R B oA ] LAFROR K (12)

P(Y)=Zp(yt|y<,,1,T> (12)

P 5 i 3 R B e 4 F) 93 2 R RO A I B At 3 5
RABEIY A Jl 4 41 38 22 T 8 58 SUIR B %, = (13)

M
Lcap :'Zﬁ(yz)logp(yt|y<nls T) (13)
(=1

Hodr p () KRR A B USRSl R A ¢ 4> oS0
FFRFRIE 25 o

B 2 2 pRBSOE: B3R PR 7 pRE I 45 6
AW (14) s .

L :Lclass +/uLc (14)

ap

4 LIG
4.1 BPadE Bk ik

CHmemes J2& 4% 3C Ay H SCARLARASE PR AT 55 )
(RS 55, B0t F 435 Bl TR B P 45 R e S i
1) B PR RS 3 4 , 3L 4254 3k PG , 45k R A A ik
NG SCASA

TR IC G R - AR FRE 5] Mk . LGBTQ
A A~ F2 R B S TE B PR AR SEEH | Skt i)
R T SRR A DA A | BERE IR 1Y

M P 5 PR R S I e 7 BB SR AR E N 2 o X
TG AL 5 5 SR B B2 B R sl 5
X T UG A SCASEAR I R i SR A
A T B B , e &3 58 2754 5K EI&

U SC BB« I TG B B IAGR rh Bl o A A
i , AR EMGOE 2 THEUREE . o T A5 45 53
i, FoAT N IEIE 2 SL A 5 Hateful Memes H 0 146
1500 FRARPUIR MG , B G b SCH e A v SCFE R 2K
P — 07, BB A B 4254 R EIG, Horh
A PURES 2352 5K, AEPUIREHE 1902 5K

S N &) SR i 5 = o NS Rl o S5
AP KBGOk B TR0 R &, 28 i m sk B
3k H -F Hateful Memes.

.

i bR s b 115 >

El4 CHmemes $iB &£ A

AT BRI ) E2TC A AL (32 Ak P Al 3288
PR AR ST TE 73 AP IS A S0 SO 4 EiF AT 158
% . Hateful Memes" 41 i 4& (FHM ) /2 Facebook % []
ARG DU BRI AT 55 T 1+ 1Y, 246 12000 5K A
G ORI EME, BEak BUREREE T T PR FnE DU %)
ook, HO R AR A UR AR OURFEAR SR T T
PR . HarMeme™ 80086 5 2 — N1 X LR LA
o ) 2 P R MBI A A1 3544 A4 ISk TR il
£ COVID-19 AH AL

SIE S5 50 FPUAR A PR A AT 55, A SO H oA
Acc Fll AUROC {H bR AL BERTERE .



74 i B A& B IF 5

%5 6 3

42 BEE

XFF BRI EUG B FT s R/ NS — 7
F16%16, SR J5 T FHFENLER Y (40 ik TG 55 2 Fh - Bt
PG A TR 3 5, B A AR (32 Ak Pk . XT30S,
A SCA Y ZS AR AR s AT S FR B . IR A RN
P RS F AR AR B i) LG A A v 28 /0 R 3 VR Bl B
HOE BT T i ROE F R AR A G R  a)
KB, B S TPl R R A B R 30, X FHA
SRR B T FRIE ), 15 B B R 23 (B ) 4
R T HE BUERBT R A MR AR SOl BLIP2 A R R
TR A AR AR b AR SCRI R/ ML DAL SR s
i F AdamW AL 25 , B RL (1)) 4 2% > SRR 1 x
10, fiff P27 > SR 2D R, Bl I st ] i R 1 3l
o] 3, SRR RIS FIE 5 ARHIERY Chinese-CLIP
FA B MG A 1 I A5 S BLIP2 (A B 2 58 4 VR
S50 TR R BB AR R AN IRl B s ARAR T AEA S
P AEFELE R 304 epoch, 7E FHM Al A —4
B AE LB ILEER 501 epoch.

4.3 SEEGEHR

T CHmemes 28 4 [ A0 XF L S0 25 S an e 1 pr
N CRIRFIRYERE R ) o AR SCHTR H A9 B2TC 5 AL 7E
SRR AE [ A 2 Ace Fl AUROC {H T8 54
FEHE T T AT A X LU ASE TR 0 B X6 T R SO AL AR AR AR A
I, E2TC A A P R O T At X A R

Horp  ZEMRAE | E2TC 5 M AR 45 %) BERT™
FERUAR L, AR R F1 AUROC $8 4543 AR T T 7.51% FiI
9.68% ; 55 FAZAR ) Image-Region B AYAH [b , HERG R
F AUROC #8454 IR T T 19.66% F119.96% ; 15 2245
A9 =58 Visual BERT?!  Hate-CLIPper /1 Pro-Cap"”
AALE, VR T T 4.81%.2.43% 113.87%, AUROC
2 IR TF T 5.80% .3.75% H12.05%

%1 Chmemes #{#5% F E2TC 5 E it 55 M4 BE LL %5

BHIF4E M
R AUROC  Acc | AUROC  Acc
(%) (%) (%) (%)

? BERT 6477 6262 | 6243 6173
7§ Image—Region 54.19 50.48 52.15 49.58
4 VisualBERT 68.15 66.50 66.31 64.43
& Hate-CLIPper 73.11 69.47 68.36 66.81
& Pro—Cap 74.55 7021 70.06 65.37

E2TC 7761 271 72.11 69.24

R TSR UE 2 Y B2TC AU 1492 Ak 1k AN nT AT S
PE AR SCIAFE 5 58 S8 42 FHMY AT HarMeme!
HEAT TR AR, R 2 JROR T IR AR 4k

AR B2TC AR A A0 A4 U el
gER HJEAE FHM B 4E | E2TC i) AUROC PERELIK
T 5% 1 1) Hate-CLIPper #% & | 45 5L AH 2% 2.11%; 7¢
HarMemes 354 -, E2TC 1) AUROC { FIVERf 2R 5 5
P Pro-Cap B AUAH Y , 43511 AH 2% 0.23% #10.17%

ZEE AT BT A SO 5 (32 2) A CHmemes (8
FE(F 1) FAIR A S 56 45 S E2TC A R /E FHM A1
CHmemes _I" 1) AUROC {H 1 % Acc 22 1553911 K
9.07%(81.18% vs.72.11%) F14.05%(73.29% vs.69.24%) ,
Pro-Cap B B 7E WA F8 A5 L 19 22 154371 o0 10.81% FlI
6.91%. 7E HarMemes £ #i 4 F1 CHmemes %035 45 I,
E2TC #57 AUROC {E FIVER R 22 155051 4 17.91% Fll
13.84%; Pro-Cap FHUAE /MR 25031124 20.19%
H117.88%. AHXTFHAWALRL  E2TC HEAIFEA R £ £
APERE 22 I )N, IR [ MR RIS R o A
(BEAE  E2TC A B (o 65 B R B 5 1932 A b

%2 FHM 70 HarMemes {445 L Byt Lb SRR 45 3R

FHM i 45 HarMeme $(#54E
A AUROC  Ace | AUROC  Acc
(%) (%) (%) (%)

p BERT 66.10 57.12 81.39 75.68
& Image—Region 56.69 52.34 76.46 73.05
% Visual BERT 68.71 61.48 80.46 75.31
i3 Hate—CLIPper 83.29 - - -
N
© Pro—Cap 80.87 72.28 90.25 83.25

E2TC 81.18 73.29 90.02 83.08

N TSR AT YNGR TR I BRI £ O B ]
BNy T Vi IO P A5 B A R ) 2 ) AR T X
E2TCHRERY AT T IH RS, SCRa 45 RAUNZR 3 B, B
AR AR IR AR B AT H S RO E 5 S i
BRI SR, DUHORIEII B SR B A 3k

R3 ONMEERTHERSKHELER
MGEGEE  EEE AETE EEEREEE AUROC(%)

N N v 73.41
N N v 74.91
v J v 75.33
v v v 76.22
v J v v 77.67




20244F

B e, 5 T X O TR T ER T 25 00 2 O AR A TR AG T 75

FIME—AT R T RBR AT B I 52 1) 2 50 2
J Rl FH 52 2 % I CLIP i 4R BA ERAF 4TI 25
HERR R T B T 4.26% , VAW 4R 1Y CLIP FRAE A 58 4
& TR PRI, T I 24 #5522 ) TS A
US4 45 0] S BT 4 A 6 5, 34 i A R0 % - A
TR, B AT R R EUR W) JE P P HUs
S BG5S B BRIz L5 8 () i A AN 5 IR
W NP ARG AR PR SRR AR S AR R BT
T 2.76%. PR K Z 25 X R a3 A
(), G A A 0 g AR B IR R 28 G EE 2
DAL G B8 B 12 A B f A5 760 8 (A 1 i o B B S 1 R R
5 AT AL PR B AR HR OB e 1 S B0 25 31 BB B 1%
HE e i A TR AN 2 4 G ORD SCAS 19 175 SRR AIE I8 7 il
G 3] CLIPRHIE T TEMER R LN FE T 2.34%. HLIRAT
DL WO — T M A 15 U8, B8R CLLIP 42 B R 1F B
i D) B 2 R B A5 2 ER AR AR AE ik =X
Al -G B 0% 1 DR AR IR X T JBREIE 1Y) 5 1, £ e AR 1Y
R MERE o 5 DUAT AL R UG A M B A 1 S 5
ghR B bRz R BRI 25 B bR R — A0 2530
o BRI, AR RLAE IE 6 R I AUROC | N[ T 1.45%.
G W B R BB A A AR SC 1 R & R 5 L TR
= G T OURAR YRR AIE , RS 7 15 3 40
A, [T S A R A S B AR 1 37 fhse

4.4 EMmbr

F 4R T E2TC BRI A Pro-Cap 5 717E CHmemes
B RS2 ST L, FORHA 2R T AT 55 I
FA ST 4 9 E2TC AR LE T Pro-Cap AL L34

%4 E2TC 5 Pro-Cap 615 #7 L8

E&
T T FOLRIT I 5,
XA HERE IR S R R M 5
Pro-Cap EOUIR PR
E2TC il FERIR
AR PR EfLR

AL I RGN IR I A 2P JE B A AR, e
10 L A T AN 80, SOAS PN 2 0 il 5 R X 9 1
167, BRI Y JE R P 152 KR J& T L
BPPERI LR , Pro-Cap S T “HE LR, 322

Ji K2 Pro-Cap A1 Y KA A Bl 1 i3 1) [ 4 A ik
“Xt B A AR e AR L PR T L A T T T
WG ST HFIR T . AR SCRY BE2TC A 2.
PR 5E FR A, HEBA 2T T UG b AN 3R 18 1% 18 1 1
JE& IR B U A PR o X TR 4 AL B EME , Pro-
Cap FE R HBTTI Ry LR, AT B I B AE DI 25 3
T2 T ARAH G I A5 BRI 1) S8 22, BRI I Pro-Cap 23 fill 7]
F RO X A PR UR Y, X 2 B AT R Z IR S
VAL TR fr Jy BRI R PN 2 ) 45 5 B
U, S BRI 25 A R o T AR SC ) E2TC RS LA 175 Ja%
FEAIE S b il G FN SCASRRAIE | LA AR AEAE il
B B i B O o FE X A7 o, RS AR 1)
S AN R A IR T R O R %,
J& TR AR 8% 5 SCAS Y 202 “ O 0 22 FOR RIS 2L
ANELHEFNFR A S 7, SCAS R P N B AR 1 O o
e, MR I T E B, E2TC Heig 25 4 1% 185 8 IE
TR 2 g T AR () .

PSR T — LA SRR TN A R G 7. RS A
TR B SRS AR, E2TC i) 4l 15 1 et PR ]
REJE AU HERRRE T AN iz 97 O MG P&
PESEE ISP — 2 G AS BOR IR AR 8 T
WG 2 s SCAR NS “FRE R IEAE S IR @A 1435
A I T A T S L, PRI E2TC A8 s Tl >k “ AR f
MR IR TE AR GO R Rl e — Aol , Bl
FARTAY S [RIPEAY " 3K A , A RE AL R X ]
PEASBEAR AN E AR , T8 WA A9 24 S T
S AN BRI PUR T BRI A — A
PEN FLR GG A AR BRI 5 A0 R T AMIRRIE A 2R AR
T ECE2TC AL R N 2ot , E2TC IR
ANV @ PR B O A5 B, B > <4k
PR . XR8P U T — S IR AL
PRSI T R, T B TR BT RE , A RE AR
PR 437 11 )

®5 BAEFHEHIRTHI

B
e P AR
pa:S REE R IEESS 30 G K%Eﬁa}u;#fﬂ
E2TC JEHIR E[Z7RI
B AR IR




76 i B A& B IF 5

%5 6 3

5 BREERE

AR SCE X AR ABE PRLAS I v e AR LS T
() 0, Rl T — A SR ASE DR 500 4 O 48 11— ol i
T CLIP F 15 B s A A% R IR 5 CLIP HRAE ik
N Rl 5 A R BB A v AL R A RS S SOAR T Uy
fEo BAh, BT T — N EHE AW 8 MR IS, 15
P BEAS S T 5 OUIRAR S A MG A @ v, A T 1R
PG RAE Ry W B R | AR AR R % [ s G 7 TR {5 4%
PRI R B AFAE o 7E 22508 A B (R0t Ll 52 56 R il
SR T B T R A R

£ 2% 3Lk (References) :

[1] Kiela D, Firooz H, Mohan A, et al. The hateful memes
challenge: detecting hate speech in multimodal memes [(cly
Proceedings of the 34th International Conference on Neural
Information Processing Systems, 2020, 33: 2611-2624.

[2] Pramanick S, Dimitrov D, Mukherjee R, et al. Detecting
harmful memes and their targets [C]/ Findings of the Asso-
ciation for Computational Linguistics: ACL-IJCNLP 2021,
2021: 2783-2796.

[3]  KougiaV, Fetzel S, Kirchmair T, et al. Memegraphs: linking
memes to knowledge graphs[ CJ// International Conference on
Document Analysis and Recognition, 2023: 534-551.

(4] XDOA, #5t, 33, 55 . S5RGBT 1 2SR
P FNBFFE L] B R TR i (SRR ) | 2024,
38(1): 169-179.

[5] Pramanick S, Sharma S, Dimitrov D, et al. MOMENTA: a
multimodal framework for detecting harmful memes and their
targets[ C ]/ Findings of the Association for Computational
Linguistics: EMNLP 2021, 2021: 4439-4455.

[6] Kumar G K, Nandakumar K. Hate-CLIPper: multimodal
hateful meme classification based on cross-modal interaction
of CLIP features| C ]// Proceedings of the Second Workshop
on NLP for Positive Impact (NLP4PI), 2022 171-183.

(7] Burbi G, Baldrati A, Agnolucci L, et al. Mapping memes to
words for multimodal hateful meme classification| C |/ Pro-
ceedings of the IEEE/CVF International Conference on
Computer Vision, 2023: 2832-2836.

[8] Dai W, LiJ, Li D, et al. InstructBLIP: towards general-
purpose vision-language models with instruction tuning[ C ]/
Advances in Neural Information Processing Systems, 2024,
36.

[9] CaoR, Hee M S, Kuek A, et al. Pro-cap: leveraging a frozen

vision-language model for hateful meme detection [clu

[15]

[16]

Proceedings of the 31st ACM International Conference on
Multimedia, 2023: 5244-5252.
Radford A, Kim J W, Hallacy C, et al. Learning transferable
visual models from natural language supervision [C]// Inter-
national Conference on Machine Learning, 2021 : 8748-8763.
Zhang W, Liu G, Li Z, et al. Hateful memes detection via
complementary visual and linguistic networks [ DB/OL].
arXiv:2012.04977, 2020.
Deshpande T, Mani N. An interpretable approach to hateful
meme detection[ C ]/ Proceedings of the 2021 International
Conference on Multimodal Interaction, 2021: 723-727.
Cao R, Lee R K W, Chong W H, et al. Prompting for mul-
timodal hateful meme classification| C |// Proceedings of the
2022 Conference on Empirical Methods in Natural Language
Processing, 2022: 321-332.
LiJ, Li D, Savarese S, et al. BLIP-2: bootstrapping language-
image pre-training with frozen image encoders and large
language models[ C ]/ Proceedings of International Confer-
ence on Machine Learning, 2023: 19730-19742.
Dosovitskiy A, Beyer L, Kolesnikov A, et al. An image is
worth 16x16 words: Transformers for image recognition at
scale [C]// Proceedings of International Conference on
Learning Representations, 2020.
Devlin J, Chang M W, Lee K, et al. BERT: pre-training of
deep bidirectional Transformers for language understanding
[C]// Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Language
Technologies, 2019: 4171-4186.
Karkkainen K, Joo J. FairFace: face attribute dataset for
balanced race, gender, and age for bias measurement and
mitigation[ C |// IEEE Winter Conference on Applications of
Computer Vision, 2021: 1547-1557.
Zhang H, Xu D, Luo G, et al. Learning multi-level repre-
sentations for affective image recognition [J]. Neural Com-
puting and Applications, 2022, 34(16): 14107-14120.
You Q, Luo J, Jin H, et al. Building a large scale dataset for
image emotion recognition: the fine print and the benchmark
[CJ// Proceedings of the AAAI Conference on Artificial In-
telligence, 2016, 30(1).
Koutlis C, Schinas M, Papadopoulos S. MemeTector: en-
forcing deep focus for meme detection [J]. International
Journal of Multimedia Information Retrieval, 2023, 12(1):
11.
Li L H, Yatskar M, Yin D, et al. Visualbert: a simple and
performant baseline for vision and language[ DB/OL ]. arXiv:
1908.03557, 2019.

YR AREF



H31 4, e & B AL 5 Vol 31,No 6
2024412 A Information and Communication Research Dec., 2024

SIS R UL, B, TARRS  BUMR . ALGC 3Kl N LT P97 il Ak AT IR R S5 1. (5 BALHR L, 2024,31(06):77-
88.
XEHS:2097-4930(2024)06-0077-12

AIGCIRZN THITA B EHI - BIin IR ESHBE N

ZHEV RN R T AR
(1. P EHEBRRFEARESEHFERRELEEZR T, LT 100024;
2P EBBRFRFEFEFER, T 100024;
BATFMEMRAKRFEZRFEREFR, LT 100191;
LEARAZGOMBRRERRKFT AR ELEEE, LK 100191)

FEE B BCFHOR TN LR BE RS i Jig , MR P 25 1Ak A IR AR E R 40 SR U A T B8 3, FERR RN, 2 il A ry 4l
Wy PN 25 RS T 2 T P S MEA AR SR o ZEHEZA 0N, i il AL R LT P 25— T T S AT PR 2 BV & S AR B fin R 3% R A BIVE A,
T3 TR AT P2 5 W 5 | R AR B 2 T A 25 P R NS B o AR SC B 22 4 Il R G 25 N T8 g2k N A
ARG far i gl v 9 2 AL R BF T HE R F SIS AIGCE AR 58T AR, X ATCC MV A & HlAL TN . SCEEM AIGC
HARR RS IR LR LR N2 S5O0 & B0 e Hil 4 M ALGCIA PR AR BE N A OB S PR AR DC RIS, O
TS T TG AR AR B AR I FSE T 18] o

AR T NS s A ALGC BUF AR

RE4SZES: G220.7;TN948  XEAFRIAAD: A

Audiovisual content customization driven by AIGC : frontier
exploration and trend analysis

LI Zhiyong"’, GUAN Yue’, WEI Xin®", WANG Donghan'?, YAN Yingchen**

(1.State Key Laboratory of Integration and Communication, Communication University of China, Beijing
100024, China; 2. School of Economics and Management, Communication University of China, Beijing 100024,
China; 3. School of Economics and Management, Beihang University, Beijing 100191, China; 4. Key Laboratory
of Complex System Analysis, Management and Decision (Beihang University), Ministry of Education, Beijing

100191, China)

Abstract: With the rapid advancement of digital technology and artificial intelligence, audio-visual
content customization (ACC) has emerged as a significant trend in modern media and entertainment.
From the demand side, customized audio-visual content is able to satisfy users' personalized needs. From
the supply side, ACC not only provides more flexible and efficient creative tools for audio-visual content
creators but also attracts and retains a larger user base and content creators for audio-visual content

platforms. This review aimed to systematically summarize and synthesized the research progress on how
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