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Multimodal Fake News Detection via Fine-grained Alignment and Dominant Modality
Enhancement

BAI Shu-Ming, CAO Zhan-Mao, LIU Cong, LI Jun-Bin
(School of Computer Science, South China Normal University, Guangzhou 510631, China)

Abstract: Existing multimodal fake news detection methods still suffer from the following limitations. During cross-
modal semantic alignment, only global features are typically aligned, failing to establish fine-grained semantic
correspondences between local image regions and their relevant text fragments. In the modality fusion stage, an equal-
weight combination strategy is usually adopted, which prevents the more informative dominant modality from being fully
utilized, thereby limiting model performance. To address these issues, this study proposes a multimodal fake news
detection model integrating fine-grained alignment and dominant modality enhancement. The fine-grained alignment
module leverages the capability of the FG-CLIP model to guide precise correspondence between deep semantic features
of news images and texts, effectively suppressing interference from irrelevant regions. Moreover, the dominant modality
is determined by a confidence score, which is computed based on the distance between single-modality features and their
corresponding class prototypes. A prototype cross-entropy loss is introduced to enhance the representational capacity of
the dominant modality, enabling it to play a leading role in the fusion process. Experimental results on the Weibo and
GossipCop datasets demonstrate that the proposed model outperforms baseline methods on most evaluation metrics,
verifying its effectiveness and robustness in fake news detection tasks.

Key words: multimodal fake news detection; multimodal learning; fine-grained semantic alignment; prototype

network; dominant modality enhancement

© e Fr it 1 : 2025-09-10; & X4 []: 2025-10-10; SR A [8]: 2025-10-29; csa 7528 Hi Ji i H]: 2026-01-19


mailto:caozhanmao@scnu.edu.cn
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
http://www.c-s-a.org.cn/1003-3254/10110.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.010110
https://cstr.cn/32024.14.csa.010110
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

B AR S WA DR A R, A ARER B A A
A4S H aAEHE. SR, M SRR SA . B3RS
PR A F S5 N R R ARCR R O, g At B
WH S R T S st Rk, i — R A 8 R
H 2 # R AR I G Ny vk B R LS L. 2
A& REABCHIT I ks W0 77325 [0 i 20 R ) 0 AR . SRS I
BEAT AN, 5608 4 T A7 TR AN [ RS 2 18] B A5 2 R B, JF:
L 2 A R SIS RS I A0 B AR, AT B
5K el £ 4 T R A BE 0 55 0 FRRE T, FLPEREA T2k
T RS ORI 7 v,

LA 22 A58 28 R BRI [ 6L TN 777 925308 A5 FH FT )1 R
T3 B BUOSCAC R AR AN MR ARFAE, JF o — 2 i 2= 3t
TG A A A S B s A A SO S S Rl RS
Rl A R AR HEAT 3 180 3 200 JE e, S RS SOWF 57 O
AT, HAZ 0 HAr e @ BB N A5 3R 6] 15
SCORI, AT S B PG 0 SCELRM S B R BEARE. 480, &
A T3 VE R R RRE 0 4 JRy o 55 SR, Ak DLAE B %
T [ 37 55 v S B L S 2 ] S B X3 ) AR 2 5, A
T PR 2R e I 44

BEAh, FHTTTHE Y, 252 R BRI P AL U S 7Y T
2 THI I 265 S 03¢ S ) R, RIDAS [ A 1) &5 HH A B P I
I 45 R, 5 F IR — A B AR e B0 kb AR AL, 5
FEUERE T . A SRR XS 15 A2 B S ] RUiE — 2B 73 A,
R EIHIT ] AR S A A PR I AN L 25 A R T T P9 2
— ST I R AR R, o iR A B A
B, B SO A 3 I A A AR S L
o RN E EARERER, REmEA A
AE S WS AF FOAR . Hr T I, A — e b, 8
T EE A A A AE R (BRI IR I S A R 2 7
AR, 5 BB AR T8 E L EAME R,
FRE TR R R SR B, TR ) 25 R
AR IRES1, HH A0SR BE 0% 3 3 R BT [
R Bt A T B S ik — A AR TSR T R AT e A 0 4
GES

B DAL i i, AR SCHE T AL R 5 0 S
A 1G98 1) 2 SR HT AL WA Y FADM (fine-grained
alignment and dominant modality enhancement
multimodal fake news detection model). 1%45 T £, & 7
AN GBI 2R B2 AT SOR SRR SR AR S TR 5
GRS ARRLE T SUW SR S] N FG-CLIP £ 881,
X AN RSB 2T SO0 T4 55 I R B 22 A

2

A KA, 8 %0f BB R 8 DX I AT RS HE RSB, JF 53
AR TE TR AU SN N SR AR, AT SEIL 1 4R i
SO 38X FG-CLIP BEATIER % 21, RERS I IX F
FIIER B AR SCHE Y FADM A58 o 38 5 320 e 14 4db
i, FADM 2 B8 % G B 4l $12 P SO 1) b J=) 38 LA
—HUE RIS — B, TSI I SRS AH B 5, A 3L
e 1 o0F REABCHT A U (R vEE M 2. 3 A6, AR SCHE H 4 o
DB 1) 22 15535 R BRI [ ) 7 V. 207 1032 ) TR Y
W2 K R, FAZ L AR B TR I 4% (1 AR S 80y 2
B, & S fR 98 A BEAS AR 5 3 P J& 28 ) SR B 2 1)
FORE S TH BB KBS s RS E
B, B —MMRR R H RS ARG, sl &Mt
RS 1) TR AL A8 SO A ) 7 =X, B A0 B S ) Ry
AUE Tea) B i) JFCxop 2K ) F) SR 2R 7 ) BEAT SRS, AT 18 o
TR B RAERE Sy, RN T AN AE, [
] T BRI

PN EHH Z2 B Hitl W B — AN LR X
B 2 AR A T, AR S R SO S i i h it
P Xof 1) RIS R STAR RFAIE [ B 22 [R) R R B, SE I B RS
T SO0 555 T 4 AR 285 VA 1) 5 48 i A ke ) 2 g 0 34 A
A IR AIE [ B [ 200 JL BT e R AT B 28, AT 2R
B0 X o R S0 5, B A3 a AR AR5 2] Be ). A
BEHAE SE 1 SO A i R, SR 1 1R O 3R 5
RS R 9 28—, WIS 25 52 T 22 B R A8 A
FROHER I 5 B R

AR HE TR AT

(1) 72— T BE 06 i I i AR 25 AR Xof 5 1Y) 25 4
A R AR R A DB A 2 B 5] N 2438 KR FG-
CLIP, 5| 537 [ SCA 5 UG HEAT 4RL FE T8 SO 5%

(2) Vet — AR T JE B AR A S VR Al 5 4 9 Ty
WA TTIREE T JE AL 25 4 W A B 2 AR R AR B
RS, Il d de MU AT A5 25 1 S Y A8 SO 1K, 18 i
HERAES 2T R

(3) FEWA T iRt FE HEH I 4k Weibo 5 GossipCop
AT SEE, S5 SRR, AR SCHR H BT VRAE 2 T A L
T I 772, Ba e HAa Rt

1 FHRTAE
1.1 SRS ERERN

2 RS K O I ARSI A 45 1) 28 9 U v R A3 FH T
SR IR 53 B EURT 19 1) MR AR 5 SCARRRAE, SR )5


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

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

i H AR G N A

AT 2 B R AR AL A, A FH il A R E 2 A7 1 40 2.
Khattar 25 NP4 HOW SCARRRAE 5 EUGRFAE B 54
VB 73 (), G I AR 4 4 A PR AR TR F T TE A G
PE. Zhang %5 AU F 151 25 /¢ BERT! 'F1 VGG-19 43
)R B S AR B R 2 A U R, X T 2 )
Xof 5 R A AT R 35k 0 4 AE A T, % g A3 % 1) A
BMR" LA ] T — Rl Z AL B 260U, BE 05 78042
TN B SR 1 S RS S DA [R1E SCR A 43 8, LIS
SRR AR R AR I AR . Wu S N T 22
PRI R WL 5 R ) 25 TR AR AR 5 SO A
REAEZ A1 (028 L, AT 78 59 R AN R B AS SRR AAE 2 1] 1)
B SCHAMR S SR, KRR P B0 = A 1
T ME DA RS )8 SCOC R AT 70 00 BB, N T MR X
— il 1, Jing S NV T — Rl A 4, MK
J2 B 5 J2 B0 A BEAS REAE, 3B Y R A5 Jl SR AT A [A]
1% 2 KA. 1 Shen 25 NUSIHEH ) MCOT BEALKE
xif b2 SN 5 B A A S PR TR S A, IERE 2 A7 2
TH] A G 5 SRS TR G SR &R, AR TS RS
RIRK T IIRG

AR, B 2 MRS B (1 &, CLIPM %5 £ 45
A SRR R S AR A SR SR AL T 37 . CLIP A
BUAE RHUA ) BG - SCA I @ik 6t b 27 ) 3R A7 )11 45,
BE 1% B 17 b 2 N7 PR 5 SCA IR SRR, DRIk, A R 5
I ST TSR CLIP 52 5 Bl ] S8 ) S B0 5 5L
BB 55, Zhou 2 N5 5l F CLIP B 11 1 1% G
Tith 285 R ST A Gy R 245 442 EOCHT 1) P SC AR BUG R AE, 12
ITPHEE, A2 UL & T8 SORIAE B 2 SRl & R 1E. S8
M, DA 22 A5 25 SR K 2 458 B8 0 KWL P 3 SO
FrIZ T, AN RERH PR 4 R TE G B, ME LA s 4
SCZ TR (R AL FE SR B A R iX — 1), W S AR T
FG-CLIP BRI & 78 CLIP LAl i g K4
R X IR bR EA 2 DA S AN KL FE REAR BN, 3%
FETE T BB S AL FE X 55 e
1.2 ETFRBNKBRSITH SRS A

FHNERS UAFABRBEARER, BF
A EEE S B 5 A 2 5 NS S TR
TR St 37 ] 2 S P 0 B, OB O AR A A B 3 A S )
P2, BZok L 32 S ARSI . AR, Qe 1R 5 A A
DHHBIA, FH IR AR IR S Re ), -
F 57 [ ) A T I o Bk

J R 9 2 O R D R AR A R R AR 5], o

O AR S BN 000 3 R B SRAE, JFidad TH R A
H5&FMNFER MR EIEAT K. BT R%E R RE
Sl P L PR, % 7 VI AR SR AT B T 2 T4
B 22 A 2 ST (R BLAS AN 48 ) 3, Fan 25 N PO H R
JEI D5 28 V) 28 P il B P RS (1) R W, 38 49 1 U4k 4
R 55 AR I 2 ) TR i A PR A I A8 X
W B, SR N 4% R s G RO P A A R B

T R 2 RS R AR T RS AT 55 T W PR TC VA
BOHAT SRR EE T 55, DL T 78 43 A A A A o 1)
5 5 010 R, A SCHRE T A00RLE 1 SO SR R A RS
F G5 2 RS R ARG A I U7 v, 8L 5] N FG-CLIP
PR 5| 5307 1 R 5 SCAR 4IRS 1 SO 55 R,
A FH Ji 2R PX 2% By 2 PEAS B 1 o B S SRR S TR,
R AL AR 3R AE 22 2] B 0, U/ 9 AES B T4, $2
FHAE AR W 14 .

2 BRI H LA 3 AR

AR SO R ORI RS W AT 55 W0y — 4 2K ), H A
e AR SCHR H S ERY 5 B B 2 e L S el PR B0
PEA B AR GE RGN 1] 1 BT, A B 4 e
B Z A RHESR DU (05 BB RAE SR LS 5 3
ARFFAESR AR ) AIRL S SO TR . 2R RRE
RA BRI 3 SR TR AR SRR
TR 2.

2.1 BIESHHERIURR

FADM #5254 g 56 (4 FHRFAE S A 43 il 5ot 3 i S A
A AT RAE SR EL.

TESCARFAE SR AR 1, 1 S0t B 4G 4 N SCAS xp 1E
1753, A3 B B B {xg, 20, ). SRS, FE 1]
FEFN I TT S IN[CLS] I &, F T3 T 4R E 4R
B X 45N E[SEP], Ty baitf). S Wesit N token
FEB: Sttt tBEP) Hoeh m R R SOA
FRTAEL, 43R5 § AT token FP . ZiE FE ]
Fom A

token = Tokenizer(xt) )

SRJG, # token ¥ H4 N BERT # AL AT S0 Ay
FF$HZEC. BERT (12 N HEE 1 Transformer™ 45 5 28 44
J, AN S — AN RHE R E A, RO RIREE 1R
OESENACTE-#

h" = BERT (tokens)|[!] )

3


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

http://www.c-s-a.org.cn Rk SE Bk 5 A ]

i E RSN

~
—\
Onh
o}
WO | O :
mawanns [ 2O)!
1
1 =N
1 4 O :
! NN Ol L]
: éﬂﬂ*lfilﬁx 1| ZAEESRHE o
- : B ol = et
FE pro-sesses g 1 I
! ! * ffg I
L HT0S 0B 5 | o
LRI R RS, e N O I
G B i | :
e (G o
! i, Tk 1 5
bt P o}
e 7 ) ompmmms £|O)
1
S P A ]
A Vo OREERSE IR ) VAR SR
~ ,’
[ESIR Y - SO P =Ty Y B e Ry Rt
RNT R Z 2 R SCAE SUE R, B RREAL 2 SRR 2 G AL
a0 Ve I
B — JZH[CLS] I REAL, o), HF I8 2 STk R AL = ResNet (x) ©)

HInA G, B, AE— Bl — 2= ) I ES
w8 Softmax BREGTHEZEE I Ea:
exp(w(l))

-1
exp (Wm)

)=

(€)

~

B 25 [ SCARRFALE 17 B H i 4 )2 (RO [CLS T ) & AL
RANFFH:

“4)

TEIRAF SORFRAE 1) B by J5 , ASSC 5] NS 28 Prexe
W LWL ARk R & fr, DLEBRSORHRIITURE B, IF
T B OGS SURFAE. WL 28 Prex H 2 2R R A
Fiz, 3R 2 R AR 77 SR AR N RHE, 15 20 4b 2
SCARRAIE:
ST = Prext (ht) (5)
TE T 1) AL 37 411 58 1) PR ol 5 28 3 & AL (S
B, R eSS UiE 53505, KGR T DL 3R
TE BCEL A, L[5 4 307 o ) 3 S 1k
T 2, X R AR N R 1 AR o AT TRAL B, I
AETHZE 224%224 W AR R KN, RIEHI ResNet50

4

R TS S R SO G ) R S, I
DI R BB E 55 BT, /£ ResNet50 AL f5
N T BB & I CBAMPY,

55, A8 5 Prexe M (8] 25 44 1) AR B 5 28 Prime
H G RFAE Bl I 22 5 SOACHRFAEAH [R] 18 7 1A, 753 3]
ERAFAE:

Ji = Ping(CBAM (hy))
2.2 YRR ISR

9T KB [ SO R Ry B 45 S SR A
SOk, ASCHE T IR R SO TR, L 2% 45 )
ik 2 fiow.

@

o)
0
_ 9 |0
O O. O
el
s )10 g s @
) : o)
— B :
O O le) 0O
FG-CLIPY A [© Olfid 8 oy, .
it 3., _.8:_ o| wmen
)
o), &
B 2 4URiEE O S


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

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

i H AR G N A

AR %O AR AE T4 — AN LS ),
FHAEZ 7 8] A S R 5 SCARRFAE 0 5. ik, FG-
CLIP 5l N T X3 L7 2] (regional contrastive lear-
ning) A F1#£ A (hard fine-grained negative sample)
SRR, DAAE BEAR PO 0 0 fige e [X 3585 JFE 0 B2 ) S0 AR
IR 2 [) ST ARRL 250 55, [R] B 3 TSR X 733 L E
e AU EA — B RE 7). 78 X0 e R v, A
PG rb il B 22 e DX, FRK 3 N SO Bk 51X 8t
XIS RS 2R AR5, AT FG-CLIP A8 ) SCA g
B 88 Etexe M1 MR G5 25 Ermg , 70 0145 X LB BC 0T 9 S0 A
B A0 AR X s e S 1) — > 3 52 g 1 S 1) A (] e
FEHE U RS SURFE [ &

z7 = Etext(xT) (®)

21 = Etmg(x1) )
TEAZIE XS B, i v G ARE A f 2 5 CR
RFAIE 7] 5 zp 22 [ ) 4% 5% AFTALA FEE Sk 1 6 T P B2 FR) A S
—
Z.z

]

Horb, sy RoER i DICAREH j A ER KIS AU,
NS SRR AR I AT O 55, FG-CLIP SR IR LE 5
> M AL 451 2K R K, 3 5 KA UG BC A A 22 1] ) A
ARE  de/MEARULBCREAS 22 T8 YA ALLRE, AT £E 3
S A TR S AL

(10)

| & [-log exp(sii/T) _log exp(sii/T)
L=— Z N N
2N £ Z exp(sij/7) Z exp(s;i/T)

j=1 j=1

(11)
Hoh, NASEE RN, ORI R 5L, TR A
FE . %A 2R R 508 T XA 2 SR DR B G S R R
SCARAE U SO (8] OR R v A ARLRE, 17 5 AN AH 26 SCAR
B UG AR LR R ] B AR, JE I B /b B IR bE AR K,
Rl 2 SRR EIE s S TN Eop e N -3
XF 5.

B A7 AR S 5 N F L 5 TE R AT S FE AR fUUE
SRR AN UEFC 6 X 35k- AR, AN T S A A 7R 2 > i 4
FE BV S22 e XA 58 7 B [X 43 T S7URE A (1) g
77, AR T XHMUINE S S RS

AR SCAE TR 210 FG-CLIP, F3 i i #% 2 > sk

L 22 RS T I A0S 5. 1 2, 8 T 3R SR A A DA SE
AL BB RS 1 SO0 5%
frG = FC(zr +21) (12)
Hh, FC RRERZE, AT — D &R e N
HOR T A H G AR, AR REAE J2 T AT 4000 P 1 SO
e, B A3 B B A AR S SO 55 RE 1 IRE ROR frg .
B, ¥ frv A fro FEIEE 45 FE EAT PR 42, 1931
BEENZHBEERR:

fear = concat (fr, fra, fi) (13)
Hr, concat R RPHERRAE, RAURE T & B R
AR A AR, 382 305N T FG-CLIP Jir s A5 4
LR T SOR 5 S, AT B2 T+ BE A 1) 5 RS R AIE R
B, o fra BN IE P 2SR B DL SE I 22 B A REAE 1
TREEXT 5 5. ZIE A A% 45 0 B 2 A4S B B A
2+ ReLU i B4 LA & Dropout 41A%:

Jiuse = Adapter (feat) (14)
Hort, Adapter /R IERCAREEL, 7RISR B S 4mT
21, T FG-CLIP EAREMIRFFAR LS, ML T 2480
BRI SRS . O T A AR T AE 2 AR e
5 IEMAL R, F £ B FG-CLIP 4R 15 U6 5%
REJT, AE foo TR E0IE U BAZ BRI 7 0 R, N
T A7 RS ) 6 20 Wi 75 DX 35 10 06, 7 B oA ) 5 A
AN E SOV
23 ZIRSHEREGSHES A
FEARIF 2SR B fruse Ji, PR S K
MDA () B RS R AR BEAT SR . 25 18 B 7858 1| B S
XU, Rl A AR fruse PTRERL B TURAE R, #ETT T 2L
FRAEEFOLE ) . (R , AR FE 2 AR R IE SR A o B
N BB RAE, H A AN [R]E S —BUk R 1E M RE .
B fre fruse A 20 A R ESEFEFC
FCy. FCs, M5ty =4 logit A 8. 585, ¥ 3 4 logit
) B IR TG ER SR AN, 13 B R AR A FHLE fina -
Sinat = FC1 (fr) + FCa(frg) + FC3(fi) (15)
ba 5, Zeid Sigmoid Wik ek L, 15 20 2R
$ = Sigmoid( fiina) (16)
o, IR 4 N\ [ £ Pl AR .
FEINGRBr B, SR Fl = 7038 UM 401 2K R 2500) A5 1Y sk
T LR RN N, BSEARZE Ay, TIEEZ 9,

5


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

NERE SSRGS

1 N
Leg=-v Z[yilog(j/i)+(1 —y)log(1-39)]  (17)

pay

ZBTHE IR B 2 8 BLAME BRI, B R fi#
TRFAE TUAR R ik HOL A 0] R, AT B R ABCHT T A
DU TREAff 12 5 A
24 RBRZSIRBI SIEIRIEIR

RS AE € A A e 0 BE AR A R, ]
HBREAS T, AT A2 T k2 AR I o ol Fry 74 i 22 11
ZAGRE].

T, A5 SR o 2% f FEARL, St RGN S A R 2 gk
ITPHEREVEAS . AR &, A YIZREE H 42 I — 5 Lh A7) Bl L
S HH 30 433 8, 43 ) B A 258 ) P BEMBURRALE f A SO AR
FHE fr. XHREAN 00k, THE I JEAY )

Ne
W NL}( " gk
Horf, ke {0, 1) 43 ) s A F e 0B 58T |, Ny AR
Jillk B IIFEAREE.

RJG, THEFEAFRE S S5 R B BRI EE &, JFd i

Softmax R & IE B e o BT B

cal-p(4")

(18)

0
prV=yd)=—% T

A LT
Py =y)= exp(-D(£".¢™))

2o (-0("7)

Jerh, y g REAShRAE, T DA B) = || ) (Ai= B B
i=1

B A SR B 2 HCH. R, St N

N HGREAHET B, F8 SRS B R

N .
Rr= ZPlT
i=0
N .
Ry = Z 21
i=0

B Rr>Rilt, AN, 2, BIGHZ
NRFHRE.

SEREAS VRN, 51N R L 28 SO 458 2% LI 5 e
HILE R AE

(20)

6

L (mbEne)
=—— I . . 21
-EPCE N; 0og Zexp(—E(f(‘),c(]))) ( )
Jj=0
o, f Rl or ) 2R A0 AR AS IO AIE n) 1 B X 97 28
AR

B 2%, BRI R AR BRI R oA R iR 5 R

LB RN
Lfinal = LcE + LpcE (22)

AL E 0% B IE N S AL A, sk )5
R, AT S T R B e A 00 1 el R 5 iz AL g

3 SEE 50
3.1 HiEE

N T A TH VA T AR AR Y P B, AR SO A
20 RS2SR [ AR DU AT P 1 A JF B 4 - Weibo
GossipCop. X PN EHR AL BRI T4+ 2 WAV &, s
TS S R AR I 0 B SRR AR, B Bk 1
Fi7R.

®1BEEGHER

Hse HIvpimEcE  REmEEE ELSdeE
Weibo 4799 4749 9528
GossipCop 10259 2581 12840

TSz I R b, #HR 7:1:2 (B B R AR ) o A
WZREE . SRR FIMRER, DAORIE VYA AR 2 1t 5 ]
bk,

3.2 SR B RIFMNIERR

S A JE T Ubuntu 20.04 #:1E 24, K H
NVIDIA RTX 4060 ‘&R, I8 F PyTorch i %% > HE
HSEELAE R I 25 5 R, Y250t AR P4 A Adam R4k
AU ZHL, V1A% 2] 2% E R 0.001, fitE K/ 64,
EAEEH 50.

N S50 A8 P 22 AL R AT P A 00 4 45 D P v i
F (Accuracy). F5i= (Precision). A% (Recall).
F1 5% (F1-score) {E AR RE Pl FE AR,

3.3 XL EERSH

2 A T AR H ) FADM 7R 5 A 3 4%
A SAFEPY . BDANN!" . MCAN!"!, CAFEP!,
BMR!"?, FND-CLIP"™, #£ GossipCop 1 Weibo i3
£ I REST LG, IR E iR el .


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

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

i H AR G N A

2 FADM B 5 R 2R ROR ) sz 45 R

e L sACE FLIH

LSEES S Accuracy Precision Recall Fl-score Precision Recall F1-score

SAFE 0.816 0.818 0.815 0.817 0.816 0.818 0.817

BDANN 0.851 0.869 0.836 0.852 0.832 0.866 0.849

MCAN 0.910 0.927 0.899 0.912 0.897 0.922 0.908

Weibo CAFE 0.840 0.855 0.830 0.842 0.825 0.851 0.837

FND-CLIP 0.907 0.914 0.901 0.908 0.914 0.901 0.907

BMR 0.916 0.924 0.901 0.912 0.900 0.921 0.920

FADM 0.926 0.912 0.950 0.931 0.942 0.898 0.920

SAFE 0.838 0.758 0.558 0.643 0.857 0.937 0.895

BDANN 0.865 0.705 0.517 0.597 0.891 0.948 0.919

MCAN 0.877 0.710 0.604 0.653 0.909 0.941 0.922

GossipCop CAFE 0.867 0.732 0.490 0.587 0.887 0.957 0.921

FND-CLIP 0.880 0.761 0.549 0.638 0.899 0.959 0.928

BMR 0.883 0.717 0.647 0.680 0.917 0.939 0.928

FADM 0.886 0.777 0.569 0.657 0.903 0.965 0.931

I A B SR aR 5 R AN AR SCHR Y FADM A
TE PR AN E 0048 46 1 K 2 0T A Fr AR LTS T iR
S0, WAE T AR B 7E Weibo Ui 4R |,
FADM kel vEEAf 2235 3 T 92.6%, BRI Y 18 T
T 1%; 1EXF A8 T e PR o, A =120 F1 25053931
T 4.9% M1 1.9%. £ GossipCop %i#iE4E I, FADM
RHERA 3 88.6%, BRI T 0.3%, Hrh R
T R RS B R I2 R T 6%. ELARBEAARVEE i R FE T IR
A PR, AFLE R R8T D s 00 v s e 2 1) S 3 s T L
SRR S, X R B A AR 1R R AR I B
AIEEME, AefE T Rk R R

5 FND-CLIP # %4 b, FADM £ K 2 HOFAt 1
b B RILEAR, HJF K 7E T FND-CLIP A M\ EEAAIE X
J2 T B S0 — SO AT AR, AR B Ak I 5 T A DA 3R
PRI 5L 22 T 49 DR B X 3 PP AL 138 ST R &R, 5 SR
RUAE SR 005 SRR D7 AR AE AN A2, 3E T s e FLAE

R AT [ ARG U AT: 45 P Ak e R B T A SRS R 42
HH R GR35 SORT S A5 B A 00 412 1 S 2 11 1 ) 3 0t
LG, AT B FHR AL N 2 B35 B I 25 & BEAR RE /).

5 CAFE I b, FADM A5 78 5 i 55 6 00 47 R
AR, R KAE T CAFE AU G B0 A1 B AL SO A
5 G 2 B 08 SO, AR b SCYEFR BE 1 38 B I %
B AR B SR AE. SR, CAFE 7EACEAE S S,
Xof PR A BB R I T AH R B, X % R B R
AR SO — A R R L B R AE B S
RS T 7 AR A DU 77 AR SCHR H Hh i U5 BT =
B AR A T2 TR A T I R U ) S, RE S 78 4y
FHE XS BT 5 R, BRI,
34 HRALW SRS

SR8 UE AR SCARE Y v 5 A SR AT A, AR SCE
1T T I RSEES, S35 Nk 3 Fos. & ol id A B
R rp B AN B, 153 LT AR AR,

K3 IHERSIG SR AR

N , i BT FLSEHTE

Bk 1k Accuracy Precision Recall Fl-score Precision Recall Fl-score

FE R PL A TR 5 3 A 0.902 0.905 0.909 0.907 0.898 0.894 0.907

FE R AIL B 8 S S A B 0.896 0.911 0.889 0.900 0.880 0.903 0.891

Weibo A RS 0.660 0.696 0.630 0.661 0.628 0.694 0.659

A SO 0.888 0.920 0.863 0.891 0.858 0.917 0.886

SEX [ FADMAR 0.926 0.912 0.950 0.931 0.942 0.898 0.920

FE BRI A RS TR 5 1 SR 0.873 0.724 0.558 0.630 0.900 0.949 0.924

T AR AL R 5 SN S AR 0.867 0.733 0.484 0.583 0.886 0.958 0.921

GossipCop XA MG A S 0.735 0.345 0.339 0.342 0.832 0.836 0.834

A I SCAR RS 0.784 0.478 0.656 0.533 0.903 0.817 0.858

SEHE I F ADMAREZY 0.886 0.777 0.569 0.657 0.903 0.961 0.931



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

(1) FEBRR A REAS W) 5 38 S AR AN PR A RS
{1 K AR T A 00 B 0 2R AT PP AL 5 3 o, LE RS 1)
R DA A S5 A B 34T Rl

(2) FEBRGIAL 1 SO FERE L AUAE ] BERT $2HL
(1) SCAHEAEFD ResNetS0 HEHL 1) EURFFAE, 1 W5 # B 4
PHE G HEAT MR ARHT [E ASr 0.

(3) AU F SCAEERS : A F BERT BEAYFZHL 1 5T
ARRFAEREAT A

(4) AUf FH BB BEAS : A M8 F ResNet50 42 B ]
QAFAEREAT AN

SERL, e FADM BEAULE & T A _E
T AR R, Ui IH S A 0 B AR P R 1 AR TE KR T H
BAEH.

T e, 2R TR T S Uy vk, U B[R] B
A8 FH 39 I 1) UG5 SR IEAT RS I R A A50R FH T S
FLAME 2 AN A T e P A5 A S I P 2 e e I, it
HH PR GRS 2 T o 8T T R AT 55 o 40 A5 R A B, T
SCAAEAS B TR, S 7E R Y R o R vh 78 oy R L
SAEH.

TERSBR T AR BEVE SO SRS, BEALTE Weibo
H1 GossipCop Hd £E 1 [ HER =50 531 F 1% 3% F1 1.9%,
PERE R N IE, £ 9] FADM HRE RGE T FG-CLIP
(1 P& SC AR B2 1 SONT 55 RE 7, FELE BT RS o R AE T
HEER. X5 TIRABS N 5 R, B
7t Weibo fil GossipCop ¥4 b B HEHf 2 73 3l & F%
2.4% H1 1.3%, S8 E 1 BT H D SR A5 1 o S B Re %
B SIS T3, AT 2E— 254 T kA el Ao il
PERE.

3.5 FHEEEHISZEIRRFESH

ARSIGIE Weibo BHESE it — 5041 T F LA
525 5] RPN B S HOG AL BE 1 e, SIae 4h
Rk 4 P, Ho, TR ABBRAS R 5 R,
YN i PEAS[R] B (1) 7B T 5 J 2 4 e A 4 A
AR 5 R SR AOR AN AR S8 W E AN A 1 T AR b
BT S8, Hodh, 0% FoR AT FiZ AR R,

M 4 FRT UE H, BEE 18R LU IOk, R 3
BT BT, AR 5% Bk B B i 45 R 92.6%. SR, B 1
S LU PR3 K, HERA BTN 22 91.5% 76 47 1 A& A
A P /NS I SR S R e SRR, 5 s R Y
A BRI 2, AR AR I ZRBUR A, i
IR K FBE YIS T 5 HE ) D 2 s A R o R i 0

8

IR, RSB BESTIER 278 70 I 25, T 82
I B AP RE.
K4 AIETELS R R

TEELLHI (%) HETH R
0 0.902

1 0.920

5 0.926

10 0.918

20 0.917

50 0.918

100 0.915

S SRR/ FIRE TR A M e L IRl ANz AL
REJIA —E HISEIR. N T R AN R] 5 2] 2R B M R 1)
SO, ARSI 30 W B S RN 0.001. 0.0005,
0.000 1 AT LI 40#r, SRIm s R 3. Bl 4 s,

1.00

i

%
%
s}f
<<é

- 1r=0.001
0.80 | = 1r=0.0005
1r=0.0001
0.75 - - ; ; - :
0 10 20 30 40 50
RS
K3 It R R R T 2R
0.50
045}
0.40}
@ 0.35)
B
o= 0.30+
025}
- 1r=0.001
0.20} = 1r=0.0005
1r=0.0001
0.15Ls . . . . .
0 10 20 30 40 50

IERIEL
B4 IRt B R (AR AT 22 P
M 3 AT BUE Y, HECT HAh i A2 21 3, (A
KAV 0.001 Fy2E 2] Z, BRI AT DU PR IS 8%, JF H.#E
B AR T v Al A 22 20 L AL 4 AT DUR H A
F10.001 22 2] AT I ZRA L fe rp, HR AR 15 4
A T AR, ER R AR 3 0, oAk
THBB RO ZY, IF B Ay~ 22 21 5%, X T
IS 2 S A ISR, AAEX
S REER R S B A


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

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

i H AR G N A

3.6 AL HR
3tk — 2 o M A A BT B AR A B 0 S RE T, A
5 F Weibo Ml £E, 1 FH t-SNE SL35E5%F il &4 4E . 3¢

ARESFFAE . GBS E ST 4E vl AL b7, H
RO TR ) 3R s S8 T TR — 2R A AR AE . SR 45
wmE 5. B 6 s,

REARCHT I
S

~

2 AEGHT [

iy | HEEHE
- LR !
«};:_"’f L

HSCHT

(a) R AL

(b) SCABEZSRHAE

(c) BB RS FFAE

5 PEBREZSHY TR FADM A5 I RHAE AT AL

o
e < FLSK T
5 1 —':- -,
# fod
A
vk
g

*

sy
.

3

.

e

'k-ﬂf

s
o

s

S
i
.

I

(a) Bl GHRAE

(c) PBALASRFAIE

K6 FADM RRRFAIE T AL AL

B, WK, MG RHEAR BT 5 — BN HRRAE
LA S I R HEIL TR, REW B4 M X > ST IR
HEABGHT I8, B 25 B A AR AR A 2R AN RIS 2 2 1] Y
HAME S, ISR EAL R PERE. FIK, SO KRR
B B SRFAE B 55 [X 9y, RWISOAR AL 5 2 H ) 1k
EXEE, MRGEEARERARZ. F, SO
ASE IR R AR I P S LR35

BB 5 5K 6 AT, SIN TSR
)5 I SR H S, SCARLASRAAE I B 2R R
S5 5 T AR (14 28 8] 7 1 B, A A9 S ) 5 R AR
VFE A 0 N 22 8] R T 0 S B S 3 O R ROR R
TR AEE H 2 PN SCABE S NI H L, I 51 %
FURRAE R SR 7 1) B, AT 48 5 1 ol RE . Rl RS AL
f T R A 5 A — 25 BIE T AZ L AT ROk, RO
PRSI 51 T BE NS 52 TR ARG T L e 5 B i .
3.7 EhInth

T BB (I BOR, A ST Weibo
PR e T LA AR A 1 22 A2 R ABOHT [ 451
BEAT R 7 Hr.

Bl 7(a) JEs 1 — R ABCHT AR5, AR T T

B J. AT UG ), B8 RE A4 SCA AR 5 R
BRI 5 E EE S A s TEIREEE
S SR, T W B SO B B
— B, BRI 58 Dy B SE B 281, FADM
BRI H 2R BB P AL 5t 1710 2N IE O E
AR B 2 3 B 45 {235 7T, Ll 2008 b n{ iz
2463 430 1278, (N 1710 V85 . [ 632
1 FR R I HAIE 523X — 15 BRI HE, DR I — 3 2
AR, A5 g 24 S WX — DU 1571 Ay i Al

7(b) JEN T — WU B S (A9, (A2 ok
5 Ay AR . 3 2 DR A ] PR A B — A 1A,
e = 7850 I8 SUAE R DR R ASE R AR A A5 DT AL i s
SCAREAS R AR P AR, ol i R 2 ) 4 A1 1) 38 5
HRAEZ2THe 7. SR, BT AR SOARAE S PR A A7
TEARZE, K 3T I SCAR W B AR AS S, k1T S SOk
wH.

T LA EPASZ BT DUR Y, 1R 2 A RS A
B ROE SUE R, AR S SO SR ML RE S 2R
F+ FADM #5838 fit 34 W7 AE A 14, 3% 2 b 1A [RI B2 TR 1)
T SCHAMERTNE RE R HE T ORBER. U

9


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

i E RSN

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

F D BRI SCAN I, AR ST AR 2 T R R R 45 )
RS o AL B AL — ERE R RS RS B A R Y

[#255 F BLR T | 2R st BUE T N AL 5T 1/10 22435 P 1]
CVEAT G N s 4 45023678, ELilE20084E 1L
BIZE 246430105578, UN1/10.

(a) AP LR 2451

S, AEAAEAE R T BE Tk, XN )5 gt e 4t T
JiT.

i

i 3 ]
' ! 7 F s
I/ ': N - )
- Woarste i \

I PRURS T A5 K i ), BRI T 37 e
PR DA T0AR K B i AT 1 s
KB 250 KA E TR LA R L A5 R 4 R A
Ko WAL RER, A AL TRk B
HEVLRAR T, BRI S,

(b) K4 =151

K7 FADM BRI Hr

4 gl

R ST o 22 M S R T T 0 e 5 A A A P 1
SR FEREFIAS L, i LA P SC IR i T SR B
T AEREAS S BRI BT, SRS 5 AR S 2
GRS T IR, B U8 SR T K L, ey T T
FG-CLIP F{I2HRE FEE 56f 5 AL N T [0 o] 24 1 A S
AP GBI, ME T FADM A, Sti6 o R
Wi, FADM 7 £AN8b5 B4 T804 ik, Holid i mhse
W AL 5 S BOBUR SR IE T A A S
B VE. RN b — 15 45 A A BB R 5 MR £ s
A LSRRI ) S 1 v a A

SE Rk
Shu K, Sliva A, Wang SH, et al. Fake news detection on
social media: A data mining perspective. ACM SIGKDD
Explorations Newsletter, 2017, 19(1): 22-36. [doi: 10.1145/
3137597.3137600]
2 Jin ZW, Cao J, Guo H, et al. Multimodal fusion with

recurrent neural networks for rumor detection on microblogs.

—

Proceedings of the 25th ACM International Conference on
Multimedia. Mountain View: ACM, 2017. 795-816. [doi: 10.
1145/3123266.3123454]

Singhal S, Shah RR, Chakraborty T, et al. SpotFake: A
multi-modal framework for fake news detection. Proceedings
of the 5th IEEE International Conference on Multimedia Big
Data. Singapore: IEEE, 2019. 39—47. [doi: 10.1109/BigMM.

W

10

2019.00-44]

4 Li JN, Selvaraju RR, Gotmare AD, et al. Align before fuse:
Vision and language representation learning with momentum
distillation. Proceedings of the 35th International Conference
on Neural Information Processing Systems. Curran
Associates Inc., 2021. 742. [doi: 10.5555/3540261.3541003]

5 Chen YX, Li DS, Zhang P, et al. Cross-modal ambiguity
learning for multimodal fake news detection. Proceedings of
the 2022 ACM Web Conference. Lyon: ACM, 2022.
2897-2905. [doi: 10.1145/3485447.3511968]

6 Singhal S, Pandey T, Mrig S, ef al. Leveraging intra and inter
modality relationship for multimodal fake news detection.
Companion Proceedings of the Web Conference 2022. Lyon:
ACM, 2022. 726-734. [doi: 10.1145/3487553.3524650]

7 Xie C, Wang B, Kong F, et al. FG-CLIP: Fine-grained visual

and textual align-ment poster. Proceedings of the 2025

International Conference on Machine Learning. 2025.

12345-12356.

Snell J, Swersky K, Zemel R. Prototypical networks for few-

o0

shot learning. Proceedings of the 31st International
Conference on Neural Information Processing Systems. Long
Beach: Curran Associates Inc., 2017. 4080-4090. [doi: 10.
5555/3294996.3295163]

9 Khattar D, Goud JS, Gupta M, et al. MVAE: Multimodal
variational autoencoder for fake news detection. Proceedings
of the 2019 World Wide Web Conference. San Francisco:
ACM, 2019. 2915-2921. [doi: 10.1145/3308558.3313552]

10 Zhang T, Wang D, Chen HH, et al. BDANN: BERT-based


https://doi.org/10.1145/3137597.3137600
https://doi.org/10.1145/3137597.3137600
https://doi.org/10.1145/3123266.3123454
https://doi.org/10.1145/3123266.3123454
https://doi.org/10.1109/BigMM.2019.00-44
https://doi.org/10.1109/BigMM.2019.00-44
https://doi.org/10.1109/BigMM.2019.00-44
https://doi.org/10.1109/BigMM.2019.00-44
https://doi.org/10.5555/3540261.3541003
https://doi.org/10.1145/3485447.3511968
https://doi.org/10.1145/3487553.3524650
https://doi.org/10.5555/3294996.3295163
https://doi.org/10.5555/3294996.3295163
https://doi.org/10.1145/3308558.3313552
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

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

i H AR G N A

11

12

13

14

15

16

17

domain adaptation neural network for multi-modal fake news
detection. Proceedings of the 2020 International Joint
Conference on Neural Networks. Glasgow: IEEE, 2020. 1-8.
[doi: 10.1109/1JCNN48605.2020.9206973]

Devlin J, Chang MW, Lee K, ef al. BERT: Pre-training of
deep bidirectional Transformers for language understanding.
Proceedings of the 2019 Conference of the North American
Chapter of the Association for Computational Linguistics:
Human Language Technologies. Minneapolis: Association
for Computational Linguistics, 2019. 4171-4186. [doi: 10.
18653/V1/N19-1423]

Ying QC, Hu XX, Zhou YM, et al. Bootstrapping multi-view
representations for fake news detection. Proceedings of the
37th  AAAI Artificial  Intelligence.
Washington: AAAI Press, 2023. 5384-5392. [doi: 10.1609/
aaai.v37i4.25670]

Wu Y, Zhan PW, Zhang Y], et al. Multimodal fusion with

co-attention networks for fake news detection. Proceedings

Conference on

of the 2021 Findings of the Association for Computational
Linguistics. Association for Computational Linguistics,
2021. 2560-2569.

Jing J, Wu HC, Sun J, et al. Multimodal fake news detection
via progressive fusion networks. Information Processing &
Management, 2023, 60(1): 103120.

Shen XR, Huang MW, Hu Z, et al. Multimodal fake news
detection with contrastive learning and optimal transport.
Frontiers in Computer Science, 2024, 6: 1473457. [doi: 10.
3389/fcomp.2024.1473457]

Radford A, Kim JW, Hallacy C, et al. Learning transferable
visual models from natural language supervision.
Proceedings of the 38th International Conference on Machine
Learning. PMLR, 2021. 8748-8763.

Pramanick S, Roy A, Patel Johns VM. Multimodal learning
using optimal transport for sarcasm and humor detection.

Proceedings of the 2022 IEEE/CVF Winter Conference on

18

20

21

22

23

24

Applications of Computer Vision. Waikoloa: IEEE, 2022.
546-556.

Zhou YM, Yang YZ, Ying QC, et al. Multimodal fake news
detection via CLIP-guided learning. Proceedings of the 2023
IEEE International Conference on Multimedia and Expo.
Brisbane: IEEE, 2023. 2825-2830.

Pahde F, Puscas M, Klein T, et al. Multimodal prototypical
networks for few-shot learning. Proceedings of the 2021
IEEE Winter Conference on Applications of Computer
Vision. Waikoloa: IEEE, 2021. 2643-2652.

Fan YF, Xu WC, Wang HZ, ef al. PMR: Prototypical modal
rebalance for multimodal learning. Proceedings of the 2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Vancouver: IEEE, 2023. 20029-20038.
Vaswani A, Shazeer N, Parmar N, et al. Attention is all you
need. Proceedings of the 31st International Conference on
Neural Information Processing Systems. Long Beach: Curran
Associates Inc., 2017. 6000-6010. [doi: 10.5555/3295222.

3295349]
He KM, Zhang XY, Ren SQ, ef al. Deep residual learning for
image recognition. Proceedings of the 2016 IEEE

Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 770-778. [doi: 10.1109/CVPR.2016.
90]

Woo S, Park J, Lee JY, et al. CBAM: Convolutional block
of the
Conference on Computer Vision. Munich: Springer, 2018.
3-19. [doi: 10.1007/978-3-030-01234-2 1]

Zhou XY, Wu JD, Zafarani R. SAFE: Similarity-aware

multi-modal fake news detection. Proceedings of the 24th

attention module. Proceedings 15th European

Pacific-Asia Conference on Advances in Knowledge

Discovery and Data Mining. Singapore: Springer, 2020.
354-367. [doi: 10.1007/978-3-030-47436-2_27]

(B e 5K EEY)

11


https://doi.org/10.1109/IJCNN48605.2020.9206973
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.18653/V1/N19-1423
https://doi.org/10.1609/aaai.v37i4.25670
https://doi.org/10.1609/aaai.v37i4.25670
https://doi.org/10.3389/fcomp.2024.1473457
https://doi.org/10.3389/fcomp.2024.1473457
https://doi.org/10.5555/3295222.3295349
https://doi.org/10.5555/3295222.3295349
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-01234-2_1
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
https://doi.org/10.1007/978-3-030-47436-2_27
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

	1 相关工作
	1.1 多模态虚假新闻检测
	1.2 基于原型的优势模态评估与增强方法

	2 细粒度对齐与优势模态主导模型
	2.1 多模态特征提取模块
	2.2 细粒度语义对齐模块
	2.3 多模态特征聚合与新闻分类
	2.4 优势模态识别与增强模块

	3 实验与分析
	3.1 数据集
	3.2 实验设置及评价指标
	3.3 对比实验与结果分析
	3.4 消融实验与结果分析
	3.5 子集比例与学习率选择分析
	3.6 可视化分析
	3.7 案例分析

	4 结束语
	参考文献

