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2\ ROUA B e R e AR o FEBEAT RS TR =
PO RE T, AMLEF SR RE S EAME, &
B 18 T MR A SR T R O R A R AR R B T
Phe Bk, 2RI S B 2 A S B 32 2
e 5 > PR - (1) B fe] 72 PR B AL S AP ) 15 R
8 [A] I A 003 i 22 A 25 S o £ U2, DA S B E A
(2) Z B HE AR S RIS TE AR 5
AT SEPEANE]D, A ] Zh A PPAL ARSI T T SE
TR BLHEAT B S Rt — PRI

N T R B TR, AR SR Al [ S0
AT (S 2 8 B R (Trusted Multimodal In-
tent Recognition, TMIR) 7%k, B4, HEZH
BHE R U R A Bk R T SRS A AR
B, AEAS RIS HEE 78 70 A2 BRI AR 1A () ELAMS
B R AR E B OR B AR N I B A
BR: i, st r 2 ER A EE, H RN
KR AT SEPEREAT A MR Sh SR & o i BIRAE f
HH R R S5 R A, AT DAZe H ok SR 45 R T A5
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SRR B TE SRR . H AT AN 1 R 5
F2 AL A 55 0T 135 A PR IO Y S0 o A R R S A
A 55 B0 3 B0 R B RO A AR MRS AL S AT 55—
BT . INIAL NS R, ANINIE R 2RAE
T IO IA 5 v 1847 175 BAZ 0RO 28 R0 il 8 F) 1
W, SRR E RS VIMEST . A0k
T2 BRI B 515 5N B P 2 A S U
W5,

2 AR PR ) R D77 v A A A R T R ) O
N AL S TR AR 2 2] Tk 5, IR TR
B OO S R AE B P AT R .
an, BRI NIRRT — Bl B A L A2 Y 5
(Convolutional Long Short-Term Memory, Con-
volutional-LSTM), X FH F7 Bl R SCAH 19 H ATV 2%
BRI B 2 BT F P RORES R
Fr AR T S5AT 55 _EAG BRI 2 KR, A
EO SN A N ISR ) BV 1 E o 2 P 1
Kruk% N2 B Instagram ¥ & b EUE A SCA AR &
R, WMAEEM KA ZEEBEAT K. Zhang
S5 NP T8 [ A4 6 R A N A T I E =
BEAT 120 M, AR T A G AR AR SR AR
o BRI SCAR Z IR AE HOG &« Maharanas A\
feth T — P 2RSS ORI, 454G T AR
SCASR ) ELRR AL P B A S IS S A3
FAL S IR B AR 2 5ENEZ
HME R TP 2 S50 08 . Zhang S8 NS T s 0 s
PRIV IR E T 2D HREEY R TS
MRS EMIntRee, 05K T 2
BT I 2 B4 Transformer (MULtimodal
Transformer MULT)P), AN SRR E M2
TS 1E 1B T 7R (Modality-Invariant and Specific
representations for multimodal sentiment Analysis,
MISA)MOSET L AT B BRI . 2 B 4% b
Huang®§ N H 7 — M T3 B0 1T ph 2 N 2%
) 1 3 L 1) 2 A il B D7 VE AT R BRI . B T3
#E&EMIntRecl, Singh% N\ HET 2 R i Hi st
M T 2R 1EH A £ Emolnt_ MD, Jf4&H—
o [R) IR R0 B 1 28 SO R B 2 A5 2 BS
15 5% Transformer Y 4%

SR, IR ) 2 B RN T B AT R
MRS OB B — R, RS TR IR I A
FERIAHENE . ISR IS T, Lk
FEAR RSB AFAE BRI, R > B RR
FERL T AN AR AR 3 AT A5 BE AN o T3 Y
RS R TR 2 R S A X SR AL, A
2 X EH T TR 7R SRR AN [ T 5 B R AR P R B

MIZ S, A% G DU VR IR LR A R AN
eI, (I 0 W 7 B R A I 2R A
THER MR MR R, BRI R . 50
i 754N A, 2T Dirichlet (1 77 @it 51 N 320
AR PR R I A 5 F AT S SEHS AN
SEEEAL, B TECRITHRH, 3T Dirichlet
TR O TR B 27 ST AN S8 PR Al v ) — N B
T3 e AR Z A S BAR, B xR
E AN RIS A RFAE AL B B Ll 5 BE AT A, AR
A FEIEE A R AR, 2 SIS B R AR B g T
fEREE, ARJE R E (5 B Rl & BB A i — i 2
it FR) T A5 22 L PRI R S 2%, AT i e AL S8 I 0 i
R 2 RS R R RCR .

3 FAESRSEEEIRAAGE

AR TE Z RSB EBE A TMIR, H
T AL PR AL AT IR BHE B SCAS . S AR AR AR S 22
BMAFEE, SESHNELIR. 2REFIEELR
JR I TSR SR URHE F) B 2 AL IR A B Y
2 AR RS AR AR B AN S RS R E AL s AT S il
GEET EUEHEAEN, EEA{E I iEid Dempster
HUah &R E R, A MR A {5 B,
S Z A B I CH TR A TMIRGE A
AR A
3.1 ZIESHHERS

ZIEAFHER R B M A R A R Gh 2 i
WG AR . REA AR AEEE FR1E 1T
Ko MEEGNZBESFHER R IES, MR AR (3]
Wt 24 (Mel-Frequency Cepstral Coefficients,
MF CCs) H 8 H T $& BUE MBS R AE, 1] [ &
(Word to Vector, Word2Vec) ] #ii- 18 SCA4 Hii 2%
(Term Frequency-Inverse Document Frequency,
TF-IDF) 88 HIREAT SCARHER TR . 2R IX L A% 45t
B 7 R AEAT AE DL AR 2 SRS IR 2 IR A XA R
M & M2 BAT woR I RAERE ), FETIRES 2
MIRFIER N RN . [RIHTE 2 B R IEROR
=, T ZR1E R A g A 2% R AIE (Bidirec-
tional Encoder Representations from Trans-
formers, BERT). #EF|A&E 2.08% (Waveform
to Vector 2.0, Wav2Vec2.0)MSIHIT I 2 & 15 1
X 3G A 42 N 2% (Faster Regions with Convolu-
tional Neural Networks, Faster-RCNN) 43744 3¢
AL AR S 2 RS TR RO B O R ALE )
B 3B KR AE R OR 4 BN Xp € RErxdr
Xy € RIV&VEI X, € Rbaxda . Hih e (T,V,A)
FoRFINKIE, d e (T,V,A) RaRFHELEE
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K1 AR s

B i A SR I 14 AR 22 X 2 R 23 i1l S B3 A
P Y R FRFAIE A DR B O B PR 1k 1 () I o I 4
B, ma(D)FR. HA, froya 23 MEEER%
HIRN, - dr RS R 4L

Xitvay = ConvlD (X{T,V,A}yf{T,V,A}) € REArvayxd
(1)

3.2 ZMEFHERE

NT T80 A 2 RS B 1) EAME R 2 PR,
AT T BB ST BRI R 8 g A
A& R 1S B 2SR MR N G, 3P4
IS SRR SR 22 SIS AL R R 23R
H RS REIE R SRS I R A (5 R, N
B BRI = RHE R R
3.2.1 BEEESREIRR

PERIA AT BRI B LA E R ML, A
RS AS R OHE 7890 28 L, il HEASEAS [] 1) F A R
k. EARRUG, IS ) A B ELAS R IE R s ok
Hom HARES FIRHIER R, AT LA M 2 RS BE 1
AA R . ROk, ZARBIH P RS Trans-

R AR RS

formert% ! (Cross-Modal Transformer, CMT)4: i,
PSSR IEAL B . CMTHAZ Lo 95 AR AT = I 0L
il LA > 5 B AEAS B R IE 2 s R 0 H AR
FIRFIE R R . B3PS HEAT I AL &, A3t
ET6ANCMTER . Hr, DIA-SCACM T
N, ARSI SCA PSS IR 95N
53 B ZW 0 Z 5 F R A 2 RS AR A
WA, fdZhBEHRSERNE, BRAKEME T
PEATRFAE 2 J5 B SCARRRAIE ) B R 22 e U —
LERIBTBE, SRR 20, . HrP R
JE R T R M R K T A A N 4 . CMTHE
RUR B BT 2 UOXFERITHSL, SO RIS &
PE B R HIT R HRG . XA IR, BirX
3 T WA 2 B 45 B R A 0 B B B SR AE RE
7o HiJE— 215 B 2 I WIS 1n) &3 0 5 1)
SR EACN Zy 1 € REd,

[FIEE, SCAS AN & A0 b AT i — P A 1
AE N HIRRR, 5 ERES BT AR B AR
o ¥ H AR B AR I CM T ) i t 1) & P 2



6 1

By B BRI RIS R 7 2 B R R T v 1969

K, DHNENZy, Ze M Zy, B Z,\= Concat(Zy_;a,
Zy_a) € RErvax2d  SRH] E T Z I HLH R 5 AL H Ay
TELN, fEER R P 7 2 h AN E TR Z E]
W R o ot B VR JIHLES 4 H PRk
VE N AL B I 2 RFER 7R, 18N Zrusion o
3.2.2 HESHFEMIIRIR

FERSA R E gt i, 18 3B R 1 1) WL
] K i B 12 2. M 4% (Bidirectional Long and Short
Term Memory, Bi-LSTM), FEHEEAMEAS N
FAEGER, RERSHNERRAEE, BREN
IS Bok . AR TR RGBSR, 52
i 2 S HAR R R RS .

PERLAS L B AR 1 TR R A R, A
BT RS AR A M EEE R, IR
TSR E AR, K 2 AR I B
JEWIRFAE ], PR MRS AR P . AR
B 3ABI-LSTM, 73 % SCA ., B SN AIE £E
BRI TT ) b dEAT A, SR MBS E IR [A] 7
A BRI A AR ) B AR O B, AR B4 SRy R ALE
DL A B LS AL B R B A2 4, =X (2) B s

Hjy = BiLSTM (X ;03"5™) € R% (2)

Horr, oBISTM R W 2% Bl 2 I S 4, Ha =2 ¥
1E [A) AR ) LS T M M 4% 8¢ Ji — A B e oBR 2 14 4 o
PHEZ 515 20 ) S R BS AL PRE R s . R 2E,
FAT T LAAS 2 WA AR S A 1 Hy RN SCAR BB S AT
K Hr .
3.3 ZMEFEME

TEAF 2] bk FH 7 2 P SR B s A s A S A0 [
fERINZ G, WKIEEMEHEEW, AR CKRHEEA
WEHE, X 2B RGN, SRR
Sy EINAIES V-3 -3 =5 i bune sy =N e C E
P EERA R R AR R T DLy A
AN

()AL ERESE AR R B X1 (P EIESE): ML
R A X P = B S R R iR oR .
s W P 2 B EE A 3R BCE 1) 2 A0 1 1) B
LT IHERR. B2 —NIEMAHE, RARAH
e=le!, el -ef]. HYgEEETERERENE, 8
SRS BB ——X R, HBE S SR E R
A g T 1z R M K

PLSCA AR B (R AE 1) 2 Hy B, SN T RENESC
AR PR AE AR YR, B el A &
2805 ST B PR R ke S5 2810400 P A 0 o) I P 4 4 ]
o BRI SR AE U0 BRI A S oft plusl SCAKI 11
RHIE 7] 7 Hy AR IER e, wal(3)Fm

e' = Softplus (W'Hy +b") € R (3)

Hrp, WIRREEREZHNEE, b" &
Wile [FIRE, AT LA WARAI . 5 A5 B A A A 1 A
PR LERIGIE M €2, e Filet, ZUIRATT—IL1G
2 Y S AN EHESE -

(2) EME I LE R 5] ADirichlet 73 ffi KA
FIRUEE AT E . BT AEE R RS
ALY 0 A o ARAE Dirichlet 73 A1 SR A5 AN &
PE, AT DA B R B O, Tk B AT {5
I . Dirichlet 7347 (1 2802 — M AR K4E ]
Ha=[a,a, o], HHSEIEH T ENEHAE
SR AT T AR AL . Dy 1 IRIG AR AL IR B
) B MR [ Dirichlet 045, 5 2 2 8ok
AER, EEKX LXK a=etaK KTEAEN
Dirichlet 7> fi (141 . Horh e RIRIRA HIUESE o
a = lay,as, -, ar) AR Sk 28 2 B 00 5 I 4
Y ai=10<anan ax <1, FAKCHA
AAFAEAREFIS, B a TR — A2 EHEUE N
1/K. TREALH Dirichlet /3 i ZHa =e + 1.

EX2(FMEI): F MR WERIR H—MEFIERR
PP AL R A A E TERIJURE R . BRI E
BIAERE M AN = B2 1) BAE DA SR i
MAE, KR Nw={bual. EMWEINEEF
T Z [AFAERUN K R w = {b,u,a} < Dir (Pla),
Ho b= [b1,bo, -+, b ] R 7 = BRI ) B AS FE S
i, wFoRIHAE R . EATRIEYE . Di-
richlet 73 A S 4 o 18] A6 2 = (4) F =X (5) 12

K
u+ Y bp=1 (4)
k=1
K K
€L ak,]_ K
= 1) = b — 2k -2
S ;(6k+ ) ;O“w k S g U S

(5)
Horp, SEIRDirichlet /A HI5EE . X THERE
K, HIRMBIERERZ, SERAETEL . K
2, BRSPS H SRS AR, AR AN E
o U L A R A AR AR SO AT LR N R I b
HZMEL BRI T AL AN E P 0T DA A
AU AT R A AT SRR . N ASSCE X T AR
(MBS 5. E X3 EATE )
PP AT A5 5 A P i A () 00 5 P P 7 PR )
SERMTTEERRRE, NS EHUER, R @
B 20 R s s SRR v S . S NG AT AR
t' MDirichlet 7 i Z 8ol « AWE MW L RE
fEREbE 2 (a2 R0 (6) s
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=t =N =1-u'(6) (6) Dyt (&) = In - +) (Ga—1)
>oap r)[[r@s) |
k=1 k=1
K
(4) BB IE S 73 B VLB AN . [d, (Gu0) — ¥ (Z ”ﬂ o)
W5 ILJG BB TS, ASCEIN T — R L pa

I Dempsterl & H 2 BB B W L5
AN W= [b},b%, -~-7b}(],u1, [a%7a%7"'7a}(] Mw? = [b%
b3, b2, [a2,a3, - a2 R HUE N/ K,
E RN ERE Nw = [b1,b2, bk u, [a1,a2, +aK]
FEIE A A U WAH A o

FEEWE WA G R, ka8 R nT
EESRG T A MBI R AE A, 3RS T
ferm. w=(7) PoR

ulu?

t=1-u=1-

K
Z b,lcbi +ul +u? —ut?
k=1
1,2
21 a2t
Horb, R PR U LA A T
u YA LR S B SN E AT, %
XKW T RE 5 RAE A TN TS AT A
WE Al Th . ARTTEME T 2K, A
SEHL DT R 2 A E R WL, AT DU BB ANH 2
P, AT e e 24 A R T &85 SRR P S 1k
3.4 RALRER
ASCHR A — M E Z WA SN, FESRA I
FEARE MBI IEE e )5, 7] L3 2| Dirichlet 73 A7
MZHa' = [of,ab, -, ob ]|, ARG BOR N
2 X ) Dirichlet 43 A7 ) £ 22 112

(7)

K 1 K
Lace (Otz) :/ [Z —yikln (pik) B (a) H p?];tkfl .dpi
k=1 Y ok=1
K
=D vk (¥ (Si) — ¢ (cuk)) (8)
k=1

ik 27 N FEFE AR B 4 A A0 1L 00 L & T 5 & SR ) A
2, MIERAKERE R = {b' v’ e} H 135,
Bl pir=bi+aiu’c yu R HSEAREAE, KA EE
Fo . %A X K AE S H0H o, K Dirich-
let 04 EA 43 3], i2digammabki$, B&Z
Betabfi %, z0(8) MW £ &N FEA I IR 28 1) e
AR B B 22 b, H AT A B R S O] P U A R
DEGE, BEAR4E/NN0, RSN T KLEE

Hrb, =yt (1—y:) © ;5 %MK K Dirichlet 7y
ARTE B SR AAE ST, TEAE IERARZEXT B 2
ot T 1, M. Wk, XFREAHI o MR
B, RN

L(aj) = Lace (o7) + ADxkr (&) (10)
Hr, A>0, 2 FHENIHRK R B AT &Rk
Ky B2 fe N AR IE B R 28 BT X (4 3 A1 24
A2 S 0 VAT O UE B bl /D o #E I R X 288 T LA
RIUZHTIG RN P0G, LA 1k 9 2% 12 ) SR it
JEERIE KL AIUSE AT i 1 AL R 240 5 93 A7

4 I
4.1 ¥R

A A#E A B E £ MInt Rec /& FH Zhang &5 A1
PR . BPREEM R M5 >k B TR (Super-
store) , EAFTFEENMAOMG R, XA TULE
AR AL A0S B P B B RS 2 RS
fE 8. MIntRecs 5 —NH T B A5t 248
SR E P EERIRE, A2 224 AR,
FEARIE S SOR BRI s . SCER[1)
TEFIEMIntRecEU R EERT, 15 50 MARAII 3 b 3R H

TR R, AR JE PRI K TG
LSRR, BRI B . 28
S, ARSI R 7 Hh 3R 1 SCA 7 S R A — o 1) P
Fr, Hmoviepy T BB EIL AR E A B . £
LAY “CRIBGEESE” M B HEPR” R
B Hrp, “FRIAHEEBESE” M0 NI1EE
Bl. “BRHEB” WA R ACEE3: 11 LHT
BIREN IR IR AN EE
4.2 SEIRIT

AR FHAER 2 (Ace) s M B (m-R) -
ZE I F UE (m-F1) A% W 286 1 2% (m-P)E N
BRI B VPAL TR AR, 1% e A A s D) 5% B A
BAVERE AT . ASZEG 2 3 T Pytorch iR B 2 ST HESR
M, SLRPNEETRSERE RN,
AR H B BERTHE A NBERT-base-uncased
4.3 LWHERS

R T BIEARB R B 73 RACR, T LU 9F
FE LR AR LR H O EMIntRec L iEAT T X6 EE . Hordr,



%6 W BEE. B RGP 2 R R Tk 1971
Tk~ (@) v ES R ITE: ARZE (9)MAP!M: HR AR 8] (R AR AL SR Xof AN [ A
BFRNH G J77% (Effective Multimodal Representa- A, JEFFH SRS VE B UL A S SR AR

tion and Fusion Method, EMRFM ) I B A1 42 AT FE TV 5286 25 AN R 2 %t
T (Modality-Aware Prompting, MAP) /& £ £ FRBSEAMN S, ConvLSTMAIMDLEHR T
SRBERBITE. A, ASGEX T T A T7 12 ) e B O BOR S i T T i T

SIHT I 2SR 7%, WIMIS AR 2 458 0 BT ]
BERT (Multimodal Adaptation Gate BERT,
MAG-BERT). XfL7ikn T :

(1)ConvLSTMP: FELSTMHKIJEH I 5] A
THEBUSHE, (HH AT DAL B 7 A 4 R 1 8

(2) Z MR B 2 2] 8 (Multiview Deep
Learning, MDL)": 2 & 535] [ J5) 35 A A A 0%
%, FIHICNN, LSTMAI-F- 23t (L3R 45 2 HL EIRPALE
KIRo

(3)Wav2vec+Transformer: 4 Wav2vect il
)& PRFAE 4\ B Transformert, S8 J5 K th 45
RH T3

(4)Faster-RCNN+Transformer: ¥ Faster-
RCNNPE R PAREE S A 2 Transformer, K
AR T2k,

(5)MISAM: RpAE— M HAE S Ui RIS
[T e Sl 51 U N A i1 S o [T S = b B U
Rk AL BRI R . 22 e 40t R AN 43 AT 5540 2R 0t
BT ISR, BT 2K,

(6)MULTE ! Ji i XU 7] 5 A A 31 = Ll /8
T8 ) Transformer, 3k 1A RS 2 (8] iR AH
HAEH.

(T)MAG-BERT!: Jiid —AN 2B HIEM]
(MAG) ¥ &AM AE S E MBI BERT Y, MAG
A DALE 1R SC7 (8] o 7 A s ORI AU S S A I v )
A B wmEe, IAFIBERTZZIA], LAEERZ R H &5
FIREATRRI TN o

(8) EMRFM!!: — e T3 5y 145 b 22 I
I Z SR E AL, R X 7 A ERES I TTER I
e AT 2

*1 AASHRE

PSB85 X R SUARTE Z S B R BT
KR T EEAEH, SCARPEE TS SRR
P2 EEGEE, fRERAMEZEERKE. £
BB O R W2 = T RS A, X R
X} 2 B EHE AT R SR O SL A i, FE
TR, EIEMERESE R, RS
B A AN TR B SC KR, AT RE A% 58 vE A 1A
NEREE. SHEZBABAMHIL, ACRBEN
TMIRAHH T MISA FIMSZE5 A R LE AN VEAS P b |
VA BRMSRT, EEJFERREE T TMIRS [E4F
AN AN [ A B AT A5 FE R AT 200 = LI sh A fil
A, AT RERE X 0 AN [F AL E ) DTk . AR RE
TMIRE H e RN IR A Acci& I+ T
L73NE A, m-RIEF T LI E 5, IE T TMIR
R B b A 1 2 AR A 1) P 38 B A RN 5 L fe
HEE, HEE T 2MENsEEME, MmE
T BRI r B ROR

N T M A SO R RS, AR
WET R EERA WK = ERENIES,
W HARE NG — R, AT T KRR
ROCHIZ %%, F 5SMULTHE M YEAT 7 XFEL, 2
BI2fR. MBS LU, AR SCTELER N5
FRAUCHEY E TMULTEAR . 5T “Rig” &=
B, MR AUCHEYRIR S, Hp A
H A TMIRFBE A I AUCHH 51750.99, X7 iEH T
FAERTI B BT A . XS T
W7 EE, BN MAUCHEERG, HA
HERAUCHED B TMULTHEA, 551

%2 MHTERRER(%)

SRR ZHUH
I EYEE (CUA . M. FH40) 768, 256, 768
FHIRRKSE (TR IR, E40) 48, 480, 230
) HR 10°
Batch-size 20
CNNBERUZ KD (LA . &40 5, 10, 10
CNNBRUZEE R (A I EH) 120, 120, 120

Transformer /=% 8
BiLSTMESEZ RN A WA, H4) 60,60,60

A Y Acc m-P m-R m-F1l
ConvLSTM 70.11 57.90 60.09 58.38
FARES MDL 70.79 70.38 66.76 66.89

Wav2vec+Transformer 24.04 7.31 12.25 8.72
Faster R-CNN+Transformer 15.28 7.86 8.12 5.77

MISA 71.91 70.46 67.82 68.07
MULT 72.52 70.25 69.24 69.25
E2LFS MAG-BERT 72.65 69.08 69.28 68.64
EMRFM 72.58 T71.90 70.45 70.46
MAP 72.13 72.50 68.80 71.80
TMIR 74.38 72.83 71.55 71.36
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% 06t ¥ 06t

= -

E 0.4 | E( 04 |
02 02
ot 0} ,

0 02 04 06 08 1.0
(NSRS

— MULT (AUC=0.73)
TMIR (AUC=0.99)

(a) “ERg = EIMROCHZ

0 02 04 06 08 1.0
(EARVES

— MULT (AUC=0.42)
TMIR (AUC=0.53)

(b) “EHR EEROCH 2%

2 TMIR 5MULTHZ FIROC #H £

AUCHHIN0.42, XM I MULTHR A AR “ 5]
W EETTAZ .
4.4 HRAEIG

N T R A SO I AT A 2 S i A
Y TMIR H 25 AN 2H 0 40 0 73 48 250 R 1 5
AR AT T RS EG, R3NELIREEE, THREhsL
WU

(1) w/oZMEIRERIZ: £ BB E
ZPES BT B RS RS E DA b, $ 24
AFHER R 215 BRHIE 17 &2 B35\ 2 2 W E W] (5
Rl AR

(2) 7E 58 B R B AR IR 25 4 5 S AT BB R
W BE N ES A S Transformer

(3) w/oZME M ER GBI 7EE BB
EHZME R E A HE, HE 4L B RE
) B 5 28 0 4 T 42 = AT Soft max U R 203K
PRI 5 L5 R, FEAE AL A8 XA 0 R gk AT 1S 2
Vil

SEEG (1) L 4nL s RS A8 TR B A2 oKE 58 Y i
B )E, Acc FR#3.82MH 70 il YRS N
HRA (S B A 2R HAS B EEIRNAR R K
HE, S (2) IR IR EHES B Transformer 5, &
BIRGIORS NI, JCHS 4 S UAR-F il Transformer
I, AN FEAR KWE T 1%, FRHIDOSTA Oyl B A
BN R I A R RN 45 R B . SEe
B)EHZ MBI EaA RIS, #Eh AR 2
73 R BEL 120167 F 2y i SR IRIE T ] A R
IRHIE D O A B EIAE, SRR ok
BB PR B — 35 S . 2L AT b S AR R
W B A EAE, B THRMZEE . T
TMIRAGE AL AL fl S ooy h R I AL, IR W) H A
S, AMAESE o BRI AR, IERERE T
D25 SR AT A5 B A

4.5 1ERSZEXTLE

ARICRHF AT E 8 (FLOPs) fIZ 4 & (Params)
KGR E 3 S5 R JRTEFE. K Batch
size W € N4, TFHE AR KT IETMIRE X
MISAFIMULTEXS LA [ FLOPsflIParams. %4
I TR R . NG RF LIS, ALK
TMIRFBEA 5 HARBI R H AR FEAH Z A K FETTIR
HAETTTH, 52 BAE S EAR R FIMIS AR A
FHEG, ParamstebnfhRef FrfEK. L6 KE, AL
FEH A TMIRBL B 7 57 2% B AN B2 RV 6 5 HoAh 7 vk
MR, RO RIFrIH P BRI .
5 Z5RIE

AT — AT ) 2 B R ER B D5,

# 3 ERSII LR (%)

kil Acc m-P m-R  m-F1

w/o ZHEIFFIESEEUZ 70.56  68.70  66.78  66.94
w/oB - 3L A Transformer 7258 7223  70.26  70.15
w/o M- A Transformer  72.13  70.98  70.85  70.04
w/o XAR-EHiTransformer  71.91  66.87 69.54  67.32
w/o M- i Transformer 72,13 71.85  70.91  70.75
w/o BA-Wi Transformer  73.26  67.76  70.60  68.52
w/o AP Transformer 72,58  70.99  71.18  70.45
w/o ZHEA SR AR 73.26 7116 71.14  70.37

TMIR 74.38 72.83 71.55  71.36

R4 FRUTHESSHEILER

el FLOPs(G) Params(M)
MISA 15.58 115.93
MULT 16.60 105.03
DEAN 14.22 89.88
MAG-BERT 14.04 88.43
TMIR 17.14 108.24




EA ] (7S F

B REAL I A5 FE K 7 2 B R T v

1973

BRI T AME, JFOR B RS N B IR A 1
B EZAERER S, € XS T I
BEAGEE AT A MRS L i) L,
ARG 2 BB EEVUNGE R . KRR, &
THEAERTT T B BRI AER 3, IR REXT TIN5
R ATE FEREAT FE R (HR A SRR R 7y = ]
o LRI Rt — b . BRI
AGASTA, BT RE2 M A0 T 2 B, T 200t
SHCERARBIVERE T RE. DRI RS 5 18R ) it
BESRIIARY T HCRHEA KR, BE AR 25
SNBSS R E, 9/ BSRAE AS 53 P B e (AL
H, DU ASFSRA R RE . Ah, RS
R AR AR N AR PRy B R g5 i, BATE
I3 SRR ALY 1) 22 40U 1

2 % X u

[1] ZHANG Hanlei, XU Hua, WANG Xin, et al. MIntRec: A
new dataset for multimodal intent recognition[C]. The 30th
ACM International Conference on Multimedia, Lisboa,
Portugal, 2022: 1688-1697. doi: 10.1145/3503161.3547906.

[2] SINGH U, ABHISHEK K, and AZAD H K. A survey of
cutting-edge multimodal sentiment analysis[J]. ACM
Computing Surveys, 2024, 56(9): 227. doi: 10.1145/3652149.

[3] HAO Jiaqi, ZHAO Junfeng, and WANG Zhigang. Multi-
modal sarcasm detection via graph convolutional network
and dynamic network[C]. The 33rd ACM International
Conference on Information and Knowledge Management,
Boise, USA, 2024: 789-798. doi: 10.1145/3627673.3679703.

[4]  KRUK J, LUBIN J, SIKKA K, et al. Integrating text and
image: Determining multimodal document intent in
Instagram posts[C]. The 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language
Processing, Hong Kong, China, 2019: 4622-4632. doi:
10.18653/v1/D19-1469.

[6] ZHANG Lu, SHEN Jialie, ZHANG Jian, et al. Multimodal
marketing intent analysis for effective targeted
advertising[J]. IEEE Transactions on Multimedia, 2022, 24:
1830-1843. doi: 10.1109/TMM.2021.3073267.

[6] MAHARANA A, TRAN Q, DERNONCOURT F, et al.
Multimodal intent discovery from livestream videos[C].
Findings of the Association for Computational Linguistics:
NAACL, Seattle, USA, 2022: 476-489. doi: 10.18653/v1/
2022.findings-naacl.36.

[7]  SINGH G V, FIRDAUS M, EKBAL A, et al. Emolnt-trans:
A multimodal transformer for identifying emotions and
intents in social conversations[J]. IEEE/ACM Transactions
on Audio, Speech, and Language Processing, 2023, 31:
290-300. doi: 10.1109/TASLP.2022.3224287.

8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

BRAE, T2, RIBE, S5, WORHLES A o P AT 2% R BRI
H[I). R E R 5 ERE, 2017, 47(8): 997-1007. doi: 10.
1360/N112016-00306.

QIAN Yue, DING Xiao, LIU Ting, et al. Identification
method of user's travel consumption intention in chatting
robot[J]. Scientia Sinica Informationis, 2017, 47(8):
997-1007. doi: 10.1360/N112016-00306.

TSAI'Y H H, BAI Shaojie, LIANG P P, et al. Multimodal
transformer for unaligned multimodal language
sequences|[C]. The 57th Annual Meeting of the Association
for Computational Linguistics, Florence, Italy, 2019:
6558-6569. doi: 10.18653/v1/P19-1656.

HAZARIKA D, ZIMMERMANN R, and PORIA S. MISA:
Modality-invariant and -specific representations for
The 28th ACM
International Conference on Multimedia, Seattle, USA,
2020: 1122-1131. doi: 10.1145/3394171.3413678.

HUANG Xuejian, MA Tinghuai, JIA Li, et al. An effective

multimodal sentiment analysis[C].

multimodal representation and fusion method for
multimodal intent recognition[J]. Neurocomputing, 2023,
548: 126373. doi: 10.1016/j.neucom.2023.126373.

HAN Zongbo, ZHANG Changqing, FU Huazhu, et al.
Trusted multi-view classification with dynamic evidential
fusion[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2023, 45(2): 2551-2566. doi: 10.1109/
TPAMI.2022.3171983.

BAEVSKI A, ZHOU H, MOHAMED A, et al. Wav2vec 2.0:
A framework for self-supervised learning of speech
representations[C]. Proceedings of the 34th International
Conference on Neural Information Processing Systems,
Vancouver, Canada, 2020: 1044. doi: 10.5555/3495724.
3496768.

LIU Wei, YUE Xiaodong, CHEN Yufei, et al. Trusted
multi-view deep learning with opinion aggregation[C]. The
Thirty-Sixth AAAI Conference on Artificial Intelligence,
2022: 7585-7593. doi: 10.1609/aaai.v36i7.20724.

ZHANG Zhu, WEI Xuan, ZHENG Xiaolong, et al.
Detecting product adoption intentions via multiview deep
learning[J]. INFORMS Journal on Computing, 2022, 34(1):
541-556. doi: 10.1287 /ijoc.2021.1083.

RAHMAN W, HASAN M K, LEE S, et al. Integrating
multimodal information in large pretrained transformers|C].
The 58th Annual Meeting of the Association for
Computational Linguistics, 2020: 2359-2369. doi:
10.18653/v1/2020.acl-main.214.

ZHOU Qianrui, XU Hua, LI Hao, et al. Token-level
contrastive learning with modality-aware prompting for
multimodal intent recognition[C]. The Thirty-Eighth AAAI
Conference on Artificial Intelligence, Vancouver, Canada,

2024: 17114-17122. doi: 10.1609/aaai.v38i15.29656.


https://doi.org/10.1145/3503161.3547906
https://doi.org/10.1145/3652149
https://doi.org/10.1145/3627673.3679703
https://doi.org/10.1145/3627673.3679703
https://doi.org/10.1145/3627673.3679703
https://doi.org/10.18653/v1/D19-1469
https://doi.org/10.18653/v1/D19-1469
https://doi.org/10.18653/v1/D19-1469
https://doi.org/10.1109/TMM.2021.3073267
https://doi.org/10.18653/v1/2022.findings-naacl.36
https://doi.org/10.18653/v1/2022.findings-naacl.36
https://doi.org/10.18653/v1/2022.findings-naacl.36
https://doi.org/10.18653/v1/2022.findings-naacl.36
https://doi.org/10.1109/TASLP.2022.3224287
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.1360/N112016-00306
https://doi.org/10.18653/v1/P19-1656
https://doi.org/10.18653/v1/P19-1656
https://doi.org/10.18653/v1/P19-1656
https://doi.org/10.1145/3394171.3413678
https://doi.org/10.1016/j.neucom.2023.126373
https://doi.org/10.1109/TPAMI.2022.3171983
https://doi.org/10.1109/TPAMI.2022.3171983
https://doi.org/10.5555/3495724.3496768
https://doi.org/10.5555/3495724.3496768
https://doi.org/10.1609/aaai.v36i7.20724
https://doi.org/10.1609/aaai.v36i7.20724
https://doi.org/10.1609/aaai.v36i7.20724
https://doi.org/10.1287/ijoc.2021.1083
https://doi.org/10.18653/v1/2020.acl-main.214
https://doi.org/10.18653/v1/2020.acl-main.214
https://doi.org/10.18653/v1/2020.acl-main.214
https://doi.org/10.1609/aaai.v38i15.29656

1974

BT 5 fF B % M 54T %

Mo B &, AR, WRROT RO E MEHERE S S R TR

L
BeRK: L, Wi, WHOT ROV A E IR A E P HERL. SRS R

Multimodal Intent Recognition Method with View Reliability

YANG Ying®® YANG Yanqiu®? YU Bengong®®

®(School of Management, Hefei University of Technology, Hefei 230009, China)
®(Key Laboratory of Process Optimization & Intelligent Decision-making, Ministry of Education,
Hefei University of Technology, Hefei 230009, China)
Engineering Research Center for Intelligent Decision-Making & Information System Technologies, Ministry

of Education, Hefei 230009, China)

o

Abstract:

Objective With the rapid advancement of human-computer interaction technologies, accurately recognizing
users’ multimodal intentions in social chat dialogue systems has become essential. These systems must process
both semantic and affective content to meet users’ informational and emotional needs. However, current
approaches face two major challenges: ineffective cross-modal interaction and difficulty handling uncertainty.
First, the heterogeneity of multimodal data limits the ability to leverage intermodal complementarity. Second,
noise affects the reliability of each modality differently, and traditional methods often fail to account for these
dynamic variations, leading to suboptimal fusion performance. To address these limitations, this study proposes
a Trusted Multimodal Intent Recognition (TMIR) method. TMIR adaptively fuses multimodal information by
assessing the credibility of each modality, thereby enhancing intent recognition accuracy and model
interpretability. This approach supports intelligent and personalized services in open-domain conversational
systems.

Methods The TMIR method is developed to improve the accuracy and reliability of intent recognition in
social chat dialogue systems. It consists of three core modules: a multimodal feature representation layer, a
multi-view feature extraction layer, and a trusted fusion layer (Fig. 1). In the multimodal feature representation
layer, BERT, Wav2Vec 2.0, and Faster R-CNN are used to extract features from text, audio, and video inputs,
respectively. The multi-view feature extraction layer comprises a cross-modal interaction module and a
modality-specific encoding module. The cross-modal interaction module applies cross-modal Transformers to
generate cross-modal feature views, enabling the model to capture complementary information between
modalities (e.g., text and audio). This enhances the expressiveness of the overall feature representation. The
modality-specific encoding module employs Bi-LSTM to extract unimodal feature views, preserving the distinct
characteristics of each modality. In the trusted fusion layer, features from each view are converted into
evidence. Subjective opinions are formulated according to subjective logic theory and are fused dynamically
using Dempster’s combination rules. This process yields the final intent recognition result and provides a
measure of credibility. To optimize model training, a combinatorial strategy based on Dirichlet distribution
expectation is applied, which reduces uncertainty and enhances recognition reliability.

Results and Discussions The TMIR method is evaluated on the MIntRec dataset, achieving a 1.73%
improvement in accuracy and a 1.1% increase in recall compared with the baseline (Table 2). Ablation studies
confirm the contribution of each module: removing the cross-modal interaction and modality-specific encoding
components results in a 3.82% drop in accuracy, highlighting their roles in capturing intermodal interactions
and preserving unimodal features (Table 3). Excluding the multi-view trusted fusion module reduces accuracy
by 1.12% and recall by 1.67%, demonstrating the effectiveness of credibility-based dynamic fusion in enhancing
generalization (Table 3). Receiver Operating Characteristic (ROC) curve analysis (Fig. 2) shows that TMIR
outperforms the MULT model in detecting both “thanks” and “taunt” intents, with higher Area Under the

Curve (AUC) values. In terms of computational efficiency, TMIR maintains comparable FLOPs and parameter
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counts to existing multimodal models (Table 4), indicating its feasibility for real-world deployment. These
results demonstrate that TMIR effectively balances performance and efficiency, offering a promising approach
for robust multimodal intent recognition.

Conclusions This study proposes a TMIR method. By addressing the heterogeneity and uncertainty of
multimodal data—specifically text, audio, and video—the method incorporates a cross-modal interaction
module, a modality-specific encoding module, and a multi-view trusted fusion module. These components
collectively enhance the accuracy and interpretability of intent recognition. Experimental results demonstrate
that TMIR outperforms the baseline in both accuracy and recall, and exhibits strong generalization in handling
multimodal inputs. Future work will address class imbalance and the dynamic identification of emerging intent
categories. The method also holds potential for broader application in domains such as healthcare and customer
service, supporting its multi-domain scalability.

Key words: Intent recognition; Multimodal fusion; Multi-view learning
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