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Abstract: The rapid development of artificial intelligence (AI) technology has enriched the Internet content ecosys-

tem while simultaneously exacerbating the widespread propagation of multimodal fake news. In particular, the application
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of deepfake technology renders false information highly realistic at both visual and semantic levels, posing a severe threat to
the trust system of the online public sphere. Although existing multimodal fake news detection techniques have utilized
cross-modal attention mechanisms and large language models (LLMs) to achieve multimodal semantic alignment and rea-
soning enhancement, these methods still face challenges in specific scenarios. On one hand, general-purpose large models
are prone to “hallucination” risks and are often limited to coarse-grained semantic fusion, making it difficult to accurately
capture mismatch conflicts between visual and textual entities. On the other hand, existing models often overlook the min-
ing of physical artifacts in the image frequency domain and emotional manipulation signals in the text, resulting in limited
discrimination capability when facing high-fidelity fake content generated by generative Al. To address the aforementioned
issues, this paper proposes a multimodal similarity-aware graph attention network (MS-GAT) based on multi-channel fea-
ture enhancement. The method first designs a multi-channel feature extraction module, utilizing the bidirectional encoder
representations from transformers (BERT) model to extract deep semantic and emotional features of the text, combined with
the vision transformer (ViT) to acquire image spatial features. Simultaneously, it introduces the fast Fourier transform (FFT)
to capture anomalous artifacts in the image frequency domain and implements weighted fusion of multi-channel features
through an adaptive gating unit. Building upon this, this paper constructs a similarity-aware heterogeneous graph containing
visual-textual entity nodes and modality hub nodes. It utilizes the CLIP model to calculate the similarity of each node in a
shared semantic space and thereby explicitly models the fine-grained associations between images and text. Finally, the
model employs the graph attention network (GAT) to aggregate neighborhood information, dynamically adjusting the asso-
ciation strength between nodes via attention weights to focus on visual-textual inconsistency features, and incorporates an
adaptive multi-task loss function to resolve the optimization imbalance problem in joint learning. The proposed method
achieves accuracies of 94.5% and 87.6% on the Weibo17 and CEND datasets, respectively, with all key performance indica-
tors outperforming existing mainstream baselines. Research results indicate that by integrating multi-channel visual-textual
features with structured reasoning mechanisms, the proposed method successfully captures deep semantic conflicts between
images and text, providing a new perspective and technical support for enhancing the interpretability and robustness of mul-
timodal fake news detection.

Key words: fake news detection; multimodal fusion; visual-textual similarity awareness; multi-channel feature ex-
traction; graph attention network; heterogeneous graph
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EEE,.
4.3 ZIBIBEFHER

22383 AR R B ER 5 78 A SCAS 5 [EIR a2 4 ok
FERAEAR S Pl LR AT WL R O e 2
SER R AR BE R T AT RURAE

TESCABEZS A B 2R ) i B SCARRAIE
B BRFAE . 15 SCRFE R 01 25 (1 Bert-base! ™ B2 R 3¢
O, HTRA B 171 SO SCAR R 5 19 SRRy O o 7 1 Je
RS A FROA B BERT BRI HL, 4l 2 SCA i 3Rk
817 T ]

TE BB AL B rp | 320058 B Jas [R] BURR A1 55 400
BRASAE . 23 [ BURFAE SR 01 259 ViT-base!™ 3R, 1l
T R A5 ) RF A (8 47 2 5 490 a0 0 30 5 PRkt ol PR o
A5 (Fast Fourier Transform, FFT) 43 K% 15-3] , § 7E
WU H T G el e 4 7 A i ) BRAA 2

TG SRS R 258 T RRE , AT ERIAT
PR A AL AL o — s 2 R LS
Sigmoid % PRET I 11 # BRTT , 27 2 A2 i 8h AL LAF
A [ 3 T ) STk . B b R OSOARTE SURRIESA T,
T IRERIE A T, T 135 T AT I g € [0.1]7(D K
FRUELERE ) , BB 5 0 SURFRIE T AT 3R

T,=gOT,,, +(1-8)0OT,, (3)
Hrp, OF/RouR sk . YR SRR T 1 FE AL ] fl
BP0 SR 1, SRR 1, A B P 14
FEAE 1. 3R H I8 N RS SR RE % AR A i A N 2 s 28
HRHIEE I A B . RLE S B RRE 1 AN U S S
P AP SIS LRI GG B M B R A 2 R
SRS ARIN 7 3 2 S HERE.
4.4 ZESBECERMREEGRE

AR AL TR ZRSAE B AL N RE RS 0 U 5]
SCHNART B SRS G A R 25 4 . % S F R R R
71 2% ( Graph Attention Network, GAT)P* Bk A, T
5 15 BAEA A9 5 ) AL 1 5 55 O i 72 4
3 s .



4620 LU S ¢ 2025 4F:
P
SCARSEAR ’:| *
\ 4 A\ 4 A 4 A4
Vn V1, £ Vin
(@]
=
el —» " Si Siz Si3 Siv
—» % Sn S Sa3 Son s
g stk
Vi S31 S3 Si3 Say
: = 4 i A
—» Vi Syt Sy Svs Swy

V5 AR AL R

2 BRI J J 5# )

T« PR RURMBLSE R R Y S, R MR SEAR § 5 SCAR SR j R AE B AR X AT B
B3 SR L Sl PR A e 7

T, AR LT R S A V. T
ZRAE B I GRS B AL, 40 =2 SOR SR
SV MR SARTT AV, MBS AL AV =T, 1)
P (4 S35 BB V] = V| + V) + 2. SCAS SE AR N R 44 52
M1 40 B R AE b T 25 (%) CILTP AR R 8 £ 1 B, i A%
ASHELL T A5 R Lh R 1E W0 SR FH 4.3 795 A8 B il R AIE
] .

FWR AR i T A E S W 5 R] B G BR
BE . AL w, 7E GAT T T8 S5 B R G Kt 2
&Am%ﬁﬁ%mumu PRI . X AR RIS K
T i) e Ve UV, BT 5 AR R AR Y FI RO 2
() 9 23 52 AR DL

), p©
Similarity(i,j)= ———~— (4)
| ]

ZITEAE CLIP Y3t sim AZS R Hh AT . 36T IUAH
RLEE 2 5 1% 4 28 S PR R AL 30« X SCAR S A X
i,j € Vi, 45 Similarity(i, /) > 0,, WFE i F1j 2 [A1 45 AL E H
w, :Similarity(i,j) B TG ) 321 5 % MG S AR X, 2R 1
ﬁe PEATHAUAL B . X T BE A AS SLAAOGT , TH AT 2 SOA
SR e V MG K e V,, 45 Similarity(i, j)> 6, , W 2
TSRS AR IR, A R w, = Similarity (i, ).

BEAR 12 B 45 K9 3000 5 7 3 SR SRS AR AL 1) i
B FERASES N B SRS B R B AT 5. XA
ARSAR i € Vo GAEHORE IS I — 5538 B2 2 SCRRAL T, 1Y
TCIa 5 X TR EURSEAR j e v, I ZE BRI N4 3% 2
FEGHX AL T B TG 1) 70 . M2 5 A B 34 5 8 oA [

fHw,.
g 52 G, 2R B R A AL T AR AR X =
O e V3 GHRG BHRTE W= {wlij)e E| W 212

ARARLRE JEAT SAR TR G 2 1 3 e ey 3 1 AR g 7
T AR AR AL R A BB, AR ARy A IR
WEE 1R .

ik SESECE RN R ENEE
BN RIS B =TT, 1), BRSHRAE S E=(,-.1,),
A B BRI AE T, T, CLIPRERY, AR B 0,. 6., 6,, #X
N F w,,
Bt SRS L B A ] G=(V,E), B SRR AE A X

11 AR LAY RRIIR AL SRR
Ve B, RS T R Y,
Vi B R SR T RIS 4 Y,
Ve V,UVUIT,. 1)

for AP veV do

if veV, then X[v|«—CLIP_text_encoder

else if veV, then X[v]«—CLIP_image_encoder
else X[v|«{T. 1}

A A G oA o

end for
IR 2T AR IR
E—D I #iEG ERIR I g
for BEXTH(up) in (VXVIUVXV)UV,XV) do
s<—cosine_similarity(X[u],X[v])
if (u,peV, and s>0) or (u,veV, and s>6,) or
(ueV,veV, and s>6,) then
15. E<—EU{ (u, v, weight= s)}

R
2o =3

16. end if

17.  end for

18. /1 LB 3SR IS AR A 340 )

19. for SR e V'rle do

20. EHEU{( VAT, 1}, weight=w,, )}
21. end for

22. return G =(V,E), X
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SRR « 5T 22 30 3 T 585 P SR 2 JE R 4 o A T ) 4621

4.5 ERFTEGN

AT T 20 [ A AR Y I A7 Ak A R A A2 K
32 : ARSI 43 S AR AR I 4332 . PR 4 Sl L iR
1R RT3 g Y11 25, DA SIS 35 24 9 2 o]
4.5.1 BERNSX

A R Z ZEERE IS HE G L%
AN ERAE . GAT 3 i {3 2 AL Ry B JE 15 4 B 22 5
A , DLSEHUE B mRCR A . T BRI AR BT A
v, RS 12 BRI RN R O, NE 1235 1+1 )2 8
Bt AR .

TG, A S o S HARE T A e N, Z H Y
TEE 280, AL SIS a1 O oo 1 s iy s 2

¢¥=LeakyReLU (a"" W ORD|WOR"])  (5)

Hodr, WSR T 28 3] (R AR A B 5 0" R RIS R 2454
H )i || Ko ) PHERRAE . BES Z05 B E
A AR A TR w5 13 2 ) SR EORE N, W AR AR
v A28 e LA v 1) S B A EE , I A Softmax PR 5E
A1k, 3 B R AAE o). e ARYE T B A E
PNACER G 48 & 5 sSURR AR, I 38 1 S R AU B R — )=
FRIER R A0
hg+l):a( D agwwh;ﬂ) (6)
0t LI HE G, B R A e 45 R R 5 FE
H(L)={h"\v eV} Hif5 585 4 Ja it A 452 4E £ B
T GFAE hy,, -1 LA H 9 )2 4 3 422 T 46 ) B 1Y) 22
JZ B HL (MultiLayer Perceptron, MLP) 43 2% 2% , i 1
Softmax PR& 5 l’é‘ﬁ‘)ﬁ{)ﬂlﬁﬁiﬁéﬁﬁﬁ(}
4.5.2 BESKNSZ
R T HEARAE PR sk AR P AT B 2 M 1Y 4 R R B
R E SRR AREAIFATBCE 1 3O 5 EHRAG I 73
S SUAR SR SR 4.3 75 A R Rl SCAR AR T, i
57 MLP 5 Softmax Ab Bt W00 A 46 5. 25 BlHb , ]
1853 SR 22 38 18 ERARRAE 1, B 0 57 MLP 43 28 28 4
R S04 3,
4.5.3 BEFISHEBENMMGRK
Ry B A =R 53 SR TR, AR SR LT
A2 2] AR A AR R pRER . X T4 s
BRI S LSRR A y 2 8] Y 58 SURT R Ly
Lo L - SIEEIR Lo 5 SN
Low= z exp( —ﬂi)Lj+/1f (7)

Je{text, image, graph}
Hov, 2,725 A0 R TR SC IR 1 ] 27 ) S48, AR L
{55 RO 2 . LA e 0 2, 11 SR R R, 4
X EOT ZE BRI IZAR R IR PRI . ASMY 2,1/. Tt

BT IENACYE . il e ME Ly BT RERS (130T

b I8 B 45 03 SCAE U S b B AU, A TG 1 2045 285 e
fECHT T A P RE , i o T T Sl S R B AN E 1

5 L5

ARATTE LA TFBE 4 B X MS-GAT HE 42 i 46
PERESEAT PP, . 81t 5 HE LR T vk A ) b S 6 56 I A 7Y
AT R, R Rl S S0 AR S O B R m ek, T 45
AL G AT ASE R A T AEMLR 5T i
5.1 HIEENR

ARHBFFE 3 Weibol7 5 CFND 4> I 5 98 48 iF
ATHEREPAN . X SR A & = W RSO A AEAS, B
B 25 2ok AR A, B A5 1 Q3 30 S I 46 IR T 1) I AR
B A

Weibol17 £ 4i 4 U8 [ Bk I F- 5. b T 80 G b
S B WM 5 AU | 2 BN S A ORI
RGN T 20124F 5 1 2 2016 4F 1 H W16 () B 56 i3
T FLSH [ R B [ B At SRR LA & A B4 S

CFND J& — /N R | 410k 119 v SC 22 A5 285 B3
£ . HR BT 191 R 4R 6 A4 5 I S5 S0 A A I il S 4k 22
£, ELSH R T 4T RN et T Bk
TER AT S . AN B AR i T AR e 522 U
UE BEREATI 3 Ry S A B A5 TR SR, R Bk T 0%
FEAN [F) ST R A5 3B AFAE

TESC G 1 B, A 500K 3 A Bl 45 44 R
6:2:2 [ EL Bt AL I 3 R I 2 | 56 UE B R 4R |, o
S TR B DI 2 S8 E R e A RETEAG . Weibol7 11
CFND SR MRS HHE B 1 s .

F1 HE&EGITESR

Hdede | B R | RO | B R | AR
Weibol7 9402 4748 4654 9 402
CFND 26 665 10271 16 394 26 665

5.2 XWEZESFMIER
5.2.1 LWEE

AR IEET PyTorch VR S S HE LR S P MS-GAT #5
R R A SE 5 1 7E 5 2 NVIDIA GeForce RTX 4090D
GPU MY N sty . BERER ] A& WAl (Adap-
tive Moment Estimation, Adam) 4L 28 0E 475800 50, #)
IR 2R 5 x 107, Y2 B A% 34 epoch.

ALY 2 S S BOR B T : GAT 250 B
R TR SR BORE N 457 SR AR E R 768
Dropout Fb 315 B8 0.3 5 MU BI{H 0,.0,.0, Y1 &
0.6 3 WS HE A H w, BEE R 1.05 HER KN BEE R 20.
5.2.2 iFMrigtR

R T AT VPG AR R 4 PR RE AT 5 R FH R 5 S AR
PERE 5B MERE M) — IR R bR, LG HER 2 (Accu-
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racy, Acc) , LA ST X B — 2 RS i % ( Precision, P) |
H [ Z (Recall, R) 1 F1 43 %% (F1-score, F1). BT A 545
¥ T KR ) ECBHAE (true positives, TP) | B
(true negatives, TN) B FH 1 (false positives, FP) {5 ’H
M (false negatives, FN VG EE TR

HERR 328 ORI TE A T A4 R AR5 R AR 4L
B EG A, T S WA R g R R TS8R . At ol ST
55 REABRGHT I P2 HR 28 AT 58 20 S0 SR 2R AR A - 4
Tl 3 A e SR S S e s 2 Sl R RE A T S PR s Tk
IR BB 5 4 ] 58 B 2 28 03] S5 PR A v R A T A
U FE A 5 F1 53 K500 2 A5 1 258 5 4 (8] 5 %) 3 01 35
B, T LR B PP BB A 2800 E AR RE Al . SE50
S5 OB MR 10 SR R 2, DA KA 2 S
BT A R F1 04
5.3 APtk

A K MS-GAT #5285 AT BE R T AR 2 S R
ABCHT AR IAT: 55 TP -1 76 B, B TEZ W PEAG MS-GAT 1Y
PEREZR L.
5.3.1 E&7HE

VPG AR ST R ASE R A AT A5, A ISR T LA
IRE S A dIUE- S p

(1) ARSI

W 2 T7 AR T SCAR s UG Y B — AR
THREZ B Rl G 12

(a) BERT™: 12 )5 iR FH TUUI 25 ) BERT J2 BUSCA
FHE, JE45 6 0 SRR I THIE .

(b) ViT ™+ 3% 5 36 R B 45 A VAT 5 B 5
fiE, JF4h & B HATHIE .

(2) 2RISR & Rk

WG S8 512 308 3 AN [) ) X 5 B 5 SR 435 TR SCAR
B YR RS AGIN ) ERE

(a)UniSMMC™ 12 45 5 R AR 5 X Fr Al G
TR F I B RAE , 4R ) — b T 55 B i RS X
FEHL , 38 2 g A B S FRAE [] FLAT 1E A T A9 A5 2
X 562 2 I AF AL

(b) MIAN" + 322 77 12 R FH 43 22 2 2 B Bl 34 58 2465
ASFRAE , 8 2o 5 5 25 58 B AR 5 Wb ] 1 T T PIL ) A
T SCHORE , 51 39 1] 39 28 7 AL D X4 O 2
FAREZS A A —BURAE

(3) [l 2k

WM 2 T 1 ) T A 2 ) 4% A A i) PN 5 sl
RS R S A2

(a) GAT* 7 13 ek 2 1 40 i 1 sk A A T 52
B BISRE .

(b) H T 40 o #E 42 7R 1Y 25 185 25 XF 5% (Cross-
Modal Alignment with Visual Reasoning Prompting, CMA-

VRP) 72 3% 07 1k MO 1) 5 (A b 2 RS T, R
LLM 5 LVLM R HUCHE R , 5 i o 1% Ly~ 5
BHARBEGRHE.

(4) Z @B FFIE R H 4k

WG 28 T7 12 A B A 5 T, 951 DA 285 P 842 i
ZHEEAE B, LA R B8 W AR E R S

(a) B T3 2 4t 25 1 B 07 ) WU A% JERFAIE (Hierar-
chical Social Attention-Dual Emotion Features, HSA-DEF)!’
207 R Bi-LSTM 4t il X, >R 2 IR AAE 253 3 )
B A S 2544, I 5 1 AU A% R AR e 42 A
5 2 ARMR] R B2 5

(b) Z BL & Up [ & J1 W 4% (Multimodal Co-
Attention Networks, MCAN) "' . 1% 77 ¥ 5] ] 45 B¢ &I 116
25 A 3ol 5 U AR 3 2ok 224> I el 3 3 0 )23 S SRR
FRAERE B 5 SRR IE A TR 5T

(e) Z A5 25 W i 5 Al & 1 4% (Multimodal Progres-
sive Fusion Network , MPFN) [36], % 77 1 H) FH Swin Trans-
former 202 [ 45 &, IF456 VGG19 $EBUAUEE B , i
i 3 2ok 22 2 Rl SR M A BT SCERAE

(5) RALHYFELL

U2 T R A R B I A 70 1 1 SR B
PEATHHEL, AR T Y BT A Se B AR

(a) LLMs: ZRfF 9% 1% B Doubaol.6 5 Qwen3[3l]{/ﬁﬁﬂ
LR SR I P AL B R Al SCARAE S I AR
RULE g 1 5080 v WO 25 3R AR 1 B R SR e B
26T V6] %) LS R A LRI

(b) NLIN'™: 3% Jy 1 76 b #2 By B3 i OCR 55 81
VI SCG A, I 256 SRR A A S U Bl S SR AR
B 8 & W (Low-Rank Adaptation, LoRA) {4 19 LLM %
T 45 2, T30 a i PR AR A e 1 4 o 28
5.3.2 LWHERESH

ABFTORE MS-GAT IR 5.3.1 45 fr ik S 2 7 ik 1
Weibol7 Fl CEND %dli 4 b #EAT X LL S8 . K28R T
S ITHEAEI A T P AR SR

HH 3R 2 AT AL, A S 4t 1) MS-GAT B AE P4
P T B WA R A5 2 F1 A B X e ik 58
UE 1 IZHEZRTE 2455385 1 OB IR ARG DU AT: 55 v ) A 81k

£ Weibol7 U4 £ I, MS-GAT (1 ¥ i 3 ik %
0.945 , 2 {5 5T I 28 51 (¥ K143 %10k 0.9425 7 CFND %44l
B b HHER R 0.876, K BORT M) F1 424004 0.845. A
2T, AR B — RS i) BERT 5 ViT #5280 3% 3 —
M, UE T BB AR IR AR PR 3 A2 2 Ph 1 PN 2 B 1 JR FR
PE T MS-GAT i i fill & & SC 5 AMF 2 52 T+ 1 46 il
TERE .

1E 5 2B RG KRG 7k ryxt e, MS-GAT
PRI T A0RLFE HESL A AR F . S48 MIAN 5 UniSMMC |



o120 W A A T 22 3E T R R 5 R SO R TR 17 s (i I A 4623
F2 BHREHREE LAEREXTLE

A - — R ABLHT 1] ” LI ”
2 PEN B F143% Kt AR F14045

BERT 0.857 0.854 0.858 0.856 0.861 0.857 0.859

ViT 0.778 0.771 0.785 0.778 0.786 0.772 0.779

UniSMMC 0.935 0.928 0.927 0.927 0.929 0.930 0.929

MIAN 0.936 0.950 0.920 0.935 0.923 0.952 0.937

GAT 0.871 0.875 0.878 0.877 0.881 0.877 0.879

CMA-VRP 0.938 0.933 0.942 0.941 0.929 0.906 0.938

Weibol7 HSA-DEF 0.913 0.911 0.913 0.912 0.915 0.913 0.914

MCAN 0.899 0.913 0.889 0.901 0.884 0.909 0.897

MPFN 0.838 0.857 0.894 0.889 0.873 0.863 0.876

Doubao 1.6 0.770 0.792 0.763 0.777 0.747 0.778 0.762

Qwen3 0.639 0.839 0.357 0.501 0.583 0.929 0.717

NLIN 0.922 0.905 0.941 0.923 0.940 0.903 0.921

KSR 0.945 0.956 0.928 0.942 0.931 0.958 0.944

BERT 0.828 0.812 0.721 0.764 0.837 0.895 0.865

ViT 0.782 0.721 0.709 0.715 0.819 0.828 0.824

UniSMMC 0.858 0.872 0.740 0.801 0.851 0.932 0.890

MIAN 0.859 0.799 0.780 0.829 0.833 0.823 0.847

GAT 0.823 0.764 0.781 0.773 0.861 0.849 0.855

CMA-VRP 0.866 0.795 0.776 0.785 0.861 0.868 0.863

CFND HSA-DEF 0.839 0.840 0.820 0.830 0.850 0.830 0.840

MCAN 0.845 0.774 0.845 0.808 0.897 0.845 0.870

MPFN 0.824 0.854 0.769 0.809 0.802 0.875 0.837

Doubao 1.6 0.779 0.738 0.868 0.798 0.839 0.691 0.758

Qwen3 0.675 0.731 0.553 0.630 0.641 0.796 0.710

NLIN 0.874 0.813 0.873 0.842 0917 0.874 0.895

ES'@RS 0.876 0.816 0.891 0.845 0.918 0.891 0.897

VE IR 225 R PRI F 7% , UK (25 S R RIR 375 .
FHEZE LRI T RAFROCR 0 MS-GAT i# i3 #4 2 55
RIS T B IR 2 BB se 1. Ah, SRR E Dy ik
CMA-VRP #H Et , MS-GAT 51 A B AHABL B AL il 5 48
AR T A5 T SN T b Ay e A TR o S — 3o, 1
56 AL LS OC R I P AR

5 230 38 R IR LR A 0T He it — 25 B0 E T R AE $RE
gl RO ST S M 2 S NN 1l - /< R 11 £
HSA-DEF Sl fil] F F 45 38 FRAIF 19 MCAN 5 MPFN ¥k 18
I PLPERE . X R — 2 IR 2 RIS AR TR )=
FR % : HSA-DEF Z W& 1 &% W B 38 , 1 MCAN 5
MPFN > & 78 70 Fl] FH SCAE B[] . MS-GAT 3l 1 8 &
EIGAT AT B 5 SCAE AR AE , 9k Ah T 5 — R A
2, DT BEAE U1 B 22 2870 ) A el

a5 KB T BARLL L X HL I T 7 k1
Pedie. R B E T REA T B T RIMAZ IR, e LU 3
A A O IR L . 528 oM B NLIN AH L, MS-GAT 7F
ZAFahs LA A H . XV REZ T NLIN ¥ 28

TG — W 2 SCAR ZS ] R BURUR A Y 5 SUAR I
AT S Aot F b 2 AR A0URE 5 1T MS-GAT IR B T 23818
JE AR FEAE I AR B rh i AT xS B R T A B R AR
R AF B
5.4 JHEASHT

A5 3 3 7E Weibol7 55 CFND #5464 b #E 171 gl
SEH, PEAG MS-GAT HEAE i SR 1 Dk . ASBIF9E LA
SEREIY MS-GAT 51 kg B, 38 2ok 1y et © 22 1A o % ¢
B S5 HE 4R | 223 1B RHAE (Rl BIL I SO0k 5 s X 1 fig
HYSZH .

AFTEIE T AR 6 P ml AR A A 7% L A3

(1) wlo Graph (B BRIEIALH ) 2 AR RREBR T [ 44 4
5 GATHIH, HEW Rl & J5 1 ZBES Rk i A 2
EiFtT o2 .

(2)wlo Multi-channel (£ [} 223 i FRE ) 72 AR
R T SCAS JBAREAE F RGO AR A, (AR B BE Al 1) S
ARG SCRENG A3 [ A
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(3)w/ Concat (B BRI T Al G ML) < 122728 (AR AR
AR Z2 38 B R Al G SO T TR AL 46 TR B
HFREIE P2 .

(4)w/ GMU G Ry Z RS 148 5000 2B R ]
AL 4 oy 28 ML 1Y) 22 B T 45 5 9T (Gated Multi-
modal Unit, GMU)"™*, LA FEAS 5] 1] 35 ML i) o Mg s AR AE
PRl

(5)w/ Late Fusion (B3R 2Rl G ) %R RB B T
A I RS 28 AR ik ST A FH SCA R s 43 S R AT P
I, SR 3 R 32 00 - YR Ry e A

(6)wlo Adaptive Loss (BB A 1& NN 2% ) - 1248
TRFEBR T T 0] 5 2] S H 40 2R AL, ok JH i 5
B P YA (1: 1) Sk 41 & B 2R SCAR R 5 BIE&
k.

F 3R T MS-GAT K I 6 Flii il 5 fAAE Weibol7
5 CFND #0464 FAPERE R I . SC0 45 AR U], B Rk
16 SUHE Z2 v ) O B S B 12 2 5 3OS [) R 32 ) 17 i
R, KB IE T 2 B8 500 R 454 | 238 8 R IZRHAE T
PERLE DL e B PG A SR s A K AR [T AT 55 vh
A ZEE .

K3 HRBSLBER

A ik —_— HEAEGHT _ ELIH _
iR FEJCES F143%1 i PE M F14M4

ARICT5 0.945 0.956 0.928 0.942 0.931 0.958 0.944

wlo Graph 0.918 0.925 0.903 0.914 0.908 0.932 0.920

wlo Multi-channel 0.912 0.918 0.898 0.908 0.902 0.925 0.913

Weibol7 w/ Concat 0.906 0.910 0.892 0.901 0.896 0.919 0.907

w/ GMU 0.939 0.948 0.924 0.936 0.927 0.954 0.940

w/ Late Fusion 0.868 0.871 0.855 0.863 0.860 0.879 0.869

wlo Adaptive Loss 0.925 0.932 0911 0.921 0.915 0.938 0.926

LSS 0.876 0.816 0.891 0.845 0.918 0.891 0.897

wlo Graph 0.837 0.760 0.842 0.800 0.894 0.834 0.863

wlo Multi-channel 0.843 0.769 0.847 0.806 0.898 0.840 0.868

CFND w/ Concat 0.840 0.779 0.817 0.797 0.882 0.854 0.868

w/ GMU 0.860 0.795 0.857 0.825 0.906 0.862 0.883

w/ Late Fusion 0.830 0.806 0.735 0.769 0.843 0.889 0.865

wlo Adaptive Loss 0.843 0.782 0.821 0.801 0.884 0.857 0.870

TE P RO AS SR LR SR AT A 25 R T R38R

ot w/ Late Fusion 2B /PR T R fi W B b, GIE
HH T AT B 1) 2R 5 )2 A S LA AR 12 A7 B 7 B R A
o T 38 3k S P S B A e ] 2 Rl o TR )
R T CHE B R IR 3 B CFND 04l 5 fE i
i 0.876 [ 2 0.837, LW UK AR AL - BOF A 5858,
FIFH GAT g7 SR A g 3038 48 G IR RE A U A — 2K
PEAG 5 . BBk 2238 1A FRIE- 5 SO B8 4 Y ERf 32 3
T RRZ 3.3% , UESE T AU 5 A IR AE AR ) B RO PR 4
B L RERE YR AL AL URFIE B E XL 7E AL A R
XT LA, w/ Concat 2B K B T B DR R AFES I AT
M7 T, PR 25 5 T AH L 2509 52 2% 1 GMU , AR S0
THEY T AL L el D TUAR S B AR T 3k 305 U
T TRERZALRE ST . B BB RR L IE WA 2k 2 2
PERE T B, S0 Uk 1 sh A8 & 24T 55 73 S oT Bk AE AL AL A
TINS5 - 4% T 55 T B L3
5.5 T-SNET®#i{t

Ry HT R A 5 B A 23 (8], AR =53 A
i HL AR 3k 4% A (i-distributed Stochastic Neighbor Embed-

ding, t-SNE) "l 42 P b 4l 1 A | 125 A A A0 e 3k
A F A T X RO L 3R W & T s ()R AT AT A
1. 4 JB/R T Weibol7 5 CFND £ 52 380 A< 4
Logits Ao AT A AL 25

SISECIWINAS =2 &5 3t 1R N TR €7
283 MS-GAT B b 3 5 A A A it X B LR AE AR 4
23 A S X8 kg BT ] 5 LS AR AR (1 IX 43 . 3%
it St ok AR B T AH X T B R A5 A L 1% 00 A LR
AL 2 ) B T HLAS N IR R AERAE . R, 3l 4L 43
BT AS [ B0 40 S A AR AR 7 N 19 A7 155 0, 1T LA 25 DAl
Y (8 A A e BRI 4R 37 50 T 1z L RE
5.6 SEHW

AT B AEEIT MS-GAT B Y v 56 8 2 on) 1k filg
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