AL LS K R DOI: 10.7544/issn1000-1239.202330722
Journal of Computer Research and Development 61(5): 1310-1324, 2024

ETHANMIERTHNBENBENSEEFITIE

BERET DREE EIRE

'O W RSB SE (VR) B L%k B & 330013)
PO AR B TR AL B At 210044)

ULV 2 R BAT BB M E 330013)
(huangxuejian@jxufe.edu.cn)

Multimodal Learning Method Based on Intra- and Inter-Sample Cooperative

Representation and Adaptive Fusion

Huang Xuejian'?, Ma Tinghuai?, and Wang Gensheng’
' (College of VR Modern Industry, Jiangxi University of Finance and Economics, Nanchang 330013)
* (College of Computer, Nanjing University of Information Science and Technology, Nanjing 210044)

* (College of Information Management, Jiangxi University of Finance and Economics, Nanchang 330013)

Abstract Multimodal machine learning represents a novel paradigm in artificial intelligence, leveraging various
modalities and intelligent processing algorithms to achieve enhanced performance. Multimodal representation and
fusion are two pivotal tasks in multimodal machine learning. Currently, most multimodal representation methods pay
little attention to inter-sample collaboration, leading to a lack of robustness in feature representation. Additionally,
most multimodal feature fusion methods exhibit sensitivity to noisy data. Therefore, in the realm of multimodal
representation, an approach based on both intra-sample and inter-sample multimodal collaboration is proposed to
facilitate a comprehensive understanding of interactions within and between modalities, ultimately enhancing the
robustness of feature representation. Firstly, text, speech, and visual features are individually extracted based on pre-
trained models such as BERT, Wav2vec 2.0, and Faster R-CNN. Subsequently, considering the complementarity and
consistency of multimodal data, two categories of encoders, namely modality-specific and modality-shared, are
constructed to learn both modality-specific and shared feature representations. Furthermore, intra-sample collaboration
loss functions are formulated using central moment differences and orthogonality, while inter-sample collaboration
loss functions are established using contrastive learning. Lastly, a representation learning function is designed based
on intra-sample collaboration, inter-sample collaboration, and sample reconstruction errors. Regarding multimodal
fusion, an adaptive multimodal feature fusion method is designed, accounting for the possibility that each modality
may exhibit varying types of effects and levels of noise at different times, using attention mechanisms and gated
neural networks. Experimental results on the multimodal intent recognition dataset MIntRec and emotion datasets
CMU-MOSI and CMU-MOSEI demonstrate that this multimodal learning approach outperforms baseline methods
across multiple evaluation metrics.
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D7 TR BT SCAFRAE S 3 B3 AL SE RRAE 8 B 1Y)
el oy — 7, LI T [ IE N M RA, A RUEAR T
T RO Hh T R AE TR I MR S TR
24 ZRWN

1 Z RS RlA FRIE b 2 )2 40 B 28 I 4%
o R A 2 B I U AE 55 40 264 45 R A2 U gk
WA 55 6 3 i 2245 0, =l (17) foR:

N
1 A
I X . - YA
N;y,ln(y,n Sl 2h2,
Lig = " an
1 R A
- N;Hyi—yfllﬁ SIWle [,

ool N U REARURE , 3 55 BAE FREA 4 2
SEAURBINL. SIWI L2 TR, DLF IS B i it
BLATE. T ScB R 2 LA FIHS 21
U1 %5, 7 S A 2 825 36 7R 2% 5T B L L
Loooon T2 4512 Lo AT 2 B AL, 2 A1 I
FRUISE(18) BT, Hrha, B, y AU,

N
1 i i i
L= LtaSk + N Z (a/Lintra +ﬁLimcr + ychcon)' (18

i=1

3 XWHSH

31 EWIRE
3.1 SEEGEE

7R S MR 2 15 A 8 PR 0 0 B MiIntRec Rl 22
155 25 75 B 45 42 CMU-MOSI, CMU-MOSEIL*ff: g 52
BB, X 3 A HHE SR AR 1 SO | TR R 3 D
B MiIntRec X036 4 th i R B BEEAR S R G H
S E AL, R AR B0 ok R T 55 R Super-
store”, B 7 2 224 £ 5L 4] MIntRec £ 5 4 0 & “ K ik
7 26 S BET A S B A bR T2 A HLRLEE R G Rk
175 25 B BE 4043 O 11 > Z 12651 Complain, Praise,
Apologize, Thank, Criticize, Care, Agree, Taunt, Flaunt,
Oppose, Joke. “SZILHER” 41434 9 > E EIZE5: Inform,
Advise, Arrange, Introduce, Comfort, Leave, Prevent,
Greet, Ask for help. CMU-MOSI #l CMU-MOSEI %% #&

B8 H R MR R 27 A, 5 IR B4 42 SR U T YouTube,
A7 B ZUBU (+3) . AU (+2) . 55 BUAR (+1) ,
(0). 55TH M (—1) . THM (=2) . R ZLHE M (~3)3X 7 Fh
15 I 2 ). CMU-MOST 04 S W 5% T 89 £i YouTube
PR 2 199 45 A5 F BE, CMU-MOSET %4 45 4 2
CMU-MOSI 4" JE iz, W% 1 1 000 {37 YouTube JH J*
() 3 228 Z5 LA, 495 250 4> 5, 3k 23 453 4] 1.
YIZRAE | 50 UE S AL AE 19 R 43 25 R a3k 1 o

Table 1 Division Results of Datasets

R1 HESENSER

€IS IR S BriEgE Mk

MIntRec 1344 455 455
CMU-MOSI 1319 440 440
CMU-MOSEI 16265 1869 4643

3.12  PHNdERR

& MiIntRec £ 4 £ _F 04T 20-class 73 364 55, F|
F UE # 2 (accuracy, Acc). % F ¥ K # /£ (macro
precision, MP) . 7344 [ 2 (macro recall, MR) F1 7%
-3 Fl-score(macro Fl-score, MF1) 1 Ay 8 ik 1 fig 1T
#r 48 b5. £ CMU-MOSI F1 CMU-MOSEI £ 4% 4 I $4
A7 181 U9 R0 43 28 AT 55, (81 IH AT 55 1) 7 289 48 % iR 22
(mean absolute error, MAE) Fll J7 /K b # 3¢ &R 4L
(Pearson correlation coefficient, PCC)1E & ¥ i 48 #x ,
I3 AT 55 FH 53 UE 38 (Ace-2) | Fl-score Fll -
I RUERR R (Ace-T AN 45 F5. Acc, MP, MR, MFI,
PCC, Fl-score {E il K% U, MAE (BB AR A 4T . 76 LATE
[ F 53 1, CMU-MOSI Fl CMU-MOSEI (45 5 A 42 175
BT ECA (f, B0 F (B, 1E) 2 B =53 25 k.
3.1.3 SN

TEW) IR FRAE 32 BT, 43 51 5 T 131 25 ) BERT-
base-uncased, Wav2vec 2.0, Faster R-CNN 43 5] $i& Bt 3¢
A AL AR, 7E 2 BES KR, [EHEECN 1.
2 A HCH 1 1Y Transformer 43 51 % SCA | & A0
B R AR AT TAL B, G A 8% E.056,), Ey(u'i6)),
E,u":6)), E,u";0%)F fi#% 1% 45 D(hY, ;0 % 52
M AN Y. E Z B RLA T, Self-attention Al
Cross-attention 2 F 1Y 2 50 A1 £ 3L 80 11245
T, SR 2 )2 0 A A 2 4L RE RO UL, %
J ) S 0 i A A R AN, R SR R R TR )2 1 I
2y, HoAth B S5 4% 2 s, b TR (18)

@ https:/drive.google.com/drive/folders/18iLqmUYDDOwIiiRbgwLpzw76BD62PK0p?usp=sharing

@) https://github.com/pliang279/MultiBench
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BZMa, B, yHIIE R WA, A SR T —Fh AL M
AL R Tk, BARNA L 3.2.1 75

Table 2 Hyperparameters Setting

®2 BEHIRE

SR B KT A 30
R KF I L, 230
WY R PSR L, 480
SCAKHIEYEFE F 768
W RELERE F, 256
R SHL WBEAIEARRE F, 768
Lintra MALE a 0.7
Limer ﬂ‘Jﬂi ﬂ 0.7
Liecon FIRLE y 0.6
HULE2E R CMD, L K 5
S TR 25 IR 245 1 B2 R/ 256
SRS 3E-5
IENE S5 1E-6
BRINGE R 20
IS 1 IE VIR SRR AL 6
HEEYIZRAY batch size 3
Dropout /i 0.1
Ak % Optimizer Adam

32 GRMOW
32,1 BRA ALY S Bt

Lintas Liner> Lrccon A AL AH @, B, V%EE HY =
B RATR T XS HIE R 2S5 M R {0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9, 1.0}. 8& i, AT A XF @, B, I
F S ST PO A TR S [ e 2 28, B
DNSEGHETE R, BRI PN A% 48 R Oy UA] ge 15 A
PN AEM S B A, (0 AT LA R sk 20> 18 2R A 1 1)
THAE. b T TRz Afe ), FATIE B A £ XA
] i Bt AR BN R S B & B, FRATTIERE T
1£ MIntRec, CMU-MOSI, CMU-MOSEI ix 3 4~ & -
- B8 o B R A 1 S B A XORE R IO B TE AR AR
5 FU e AN [ 504 4 1 #0 BE AR A 4 i M g, T A AY
ALy PR T A~ o B 4 SR g 25 R KD 5 .

e, FATE BRIy [ 5E H 0.5, =0.7 B ALY K I
s SRR, TATE ol %E R 0.7, yE & K 0.5, B=0.7
I 55 AU % B e A B e, RATTHE oF B SE N 0.7,
y=0.6 I} B Y 1) ¥ RE fe £E . BIF DL, i &k @=0.7,
B=0.7, y=0.6. M\ &l 5 F i, 15 R XF FE 4 15 2% Lrccon M AL
oy B R,

o =0.5,7=0.5 o a=0.7,7=0.5 & 0=0.7, f=0.7
81
80
| s
£V N
e
= 78r
3 “
877t
= y
76
5 1 1 1 1 1 1 1 1 1 1

01 02 03 04 05 06 07 08 09 1.0

Fig. 5 Hyperparameter search
K5 BEHER

322 JriEXf LAyt

1) Z S8 A AT AR 55 1 S50 % L

TR UE AR SCHE Y CoAdMu 7 ¥R I AT k1,
PEFE LT 238 2% ) T A B2k, X [ HAE 2 AR
AN B BAE Sh  HERE.

DTFN™, —Ff 3 F 5K 5 0 SRS @A 7 ik,
PEELAYIE F R . A0S REAE S SRR AR AR, 45 2]
il 7 1] £

@LMF". 38 i Kt 5K AR IR 47 40 i, B A
AFEE AR B R BT 2B RS, #F it B
Aok e,

GMFM". 3 3o 485 45 40 fiff A 2 LA RAE A 22
L 25 ) 531 DR AR o A AR IR -, 22 A il PR
TAE i A RS Z IR S 52 R RS AR LR X T
AR 2 P — 1.

@RMFN™, —fh 3 T 15 38 £ B BE il & 99 4% (1 22
RS J7 8, B Rl 5 o3 i R i SR IR I 24 B B

GCIAM. R g it 75 2 > B2 2Z 18] 14 58 T 5%
F, JFRI TR OB 3207 2% S AR AR TE T R A DG &R

OMCTNY, 18 13 Seq2Seq 15 AU 512 i A [a] #6545 =2
(i) £ >F [l e 48k, 75 3] 22 1325 H] A R 45 RS

(DRAVEN®! 3 1 058 45 AIE F1E 55 7 AIF B0 245 2%
SCAH R R A, SR SCAS R R SCA AR 1 B ROR

@MulT™. F] JH 5 #1 25 Transformer ¥ I 5 75 %
el B BESR 2 2R FROR.

@ICCN'. i I 1 & - SCAS FRLAT - SCA 114 5 AE 5
FRURI R B0 AH G 73 B 0K A Il 2 B R IE 2R

AOMISA". g A 5 48 5 3] 2 AN AS TR A -2 i)
i, g3 2 2] S B RRAE FVRE A R AL, H O Ik R R
TERAFEAR N B Z RS P[]

@MAG-BERT™. il if ZHEA53E )W 1], fuiF BERT
TE L ) 8] 2 32 Z BRIV T B, (ARG S R A
BERT A &I 1 & AL sd A S 1 A5
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@QMF"™. | Fil 12 7 HHIE Hh 14 38 il R 21 2 3k 3 38
FAREAS TN B ASLAS A A ELAE L, 4R 2 RS RL A 1 T

@HyCon"". 38 1 Bk A4 B I X E 2 2 | B (]
Xif b2 ) R0 X b o) S A S R

@EMFRM"". 78 MISA J7 3% B9 JE 7k b, 38 i ol
J 2 5 6 RS (A R AIE 25 8] AT 20 o, Rz T R R
IR T AR NI Z RS PR

3 3R 4 43 5l J& 7 2 6 81 IR A 4 CMU-
MOSI il CMU-MOSEI I i X Fe &5 5. K8 4 Jk F 3%
TREE RS R TR IR E A N £
B D7 vk, DOl B T ok R ml G 1 O TR T O 4 R 4
BRI, FEOTRAROR 2, T5 8 KR U5 4
B 2E BB A 19 28 B R 2] ik — i T a2
25 A 1 2 56 R, ) 0 2 A A T — Bt A
AN, PR ORI B, BRI T I R IR
FEFR N2 ik, SEF U R R R ) 2R T
PEREDL T KA o0k TR & R 1y J7 s, Ay U] 46
TR T VR 2 A B W BAS [R] 1 REAE 25 6], AH L
T e 55 3] [7] — A~ 23 (] 7 A 2R B A ML DR B T REAS
[R5 A FRAE. BX A 28 J7 75 MAG-BERT g 3k 15 A XF
BP0 fe, F2 R R S AR B T WIS AL
BERT 5 K 918 S 2% 2 G677, 145 b M4 i 5 AL 3E A
B F T BERT 2 .QMF J7 i F & T HIS Y

B 0 R ] 2 SR 3 AR LRSS RIS B (1 58 HL, BOAR
BRI BR K4 T, (R & T 2 BASm G
B AT i B AR SCHE H ) CoAdMu 5 5 7E CMU-MOSI
H CMU-MOSEI % 2 MR I, b oo i i) SR 2k
BAEFTA WP 8 bR A — o B R $R T, I T
AR ST B A B

2) Z AR B R 55 1 S 36 % L

H T BUE CoAdMu T TE B 4 2 AR T
22 BE T, AR SCTE S A Z0 E B TR R  BE E
i 4E MiIntRec I, 52t F — 25 1 5256 X b — 5 I,
MintRec Jit I F0 >k U5 T BLSL i s i 7 Be, B
Fw WY A RN T, DL SR TR i 3 i T
53— 7 I, MIntRec £ & T 55 Sk 4i0R B 19 20 A 2 &
FH, AR T RIRE LS LHE bR A Sk
MulT, MISA, MAG-BERT, HyCon 3% 4 /> 5 i i) £ f
A2 2 I R B ARSI A5 R L an 3k 5 PR,
HEAZEHN Y Fl-score W13 6 F13 7 s,

M2 5 HA L& B, CoAdMu 77 ¥ 1 FIT A5 B AN
feAn BARAS T B A AR, b Se itk i B 4 T VA A
Acc, MP, MR, MF1 I 43 5l #2 & T 1.354 & 4 55 .
2AT AR 235 D E TR 222 D E T A T
RO A Z B B A A 55 T W 5. — 5 1,
MintRec 46 4 7E 503 50 T OR 4, I RBAEFEAS TR 4
SRy W R S 5 — J7 T, MIntRec 348 48 th Y 45 Fb B 25

Table 3 Comparison with Baselines on CMU-MOSI Dataset
%3 7£ CMU-MOSI 5% F SELRFILE

Tk MAE PCC Acc-2/% Fl-score/% Acc-7/%
TEN 0.970 0.633 73.9/- 73.4/- 32.1
LMF 0.912 0.668 76.4/— 75.7/~ 32.8
MFM 0.951 0.662 78.1/~ 78.1/~ 36.2
RMFN 0.922 0.681 78.4/— 78.0/— 38.3
CIA 0.914 0.689 79.9/- 79.5/- 389
MCTN 0.909 0.676 79.3/- 79.1/- 35.6
RAVEN 0.915 0.691 78.0/~ 76.6/— 332
MulT 0.871 0.698 —/83.0 —/82.8 40.0
ICCN 0.862 0.714 —/83.0 —/83.0 39.0
MISA 0.783 0.761 81.8/83.4 81.7/83.6 23
MAG-BERT 0.790 0.769 82.2/83.5 82.6/83.5 429
QMF 0.915 0.696 -179.7 —/79.6 33.5
HyCon 0.713 0.790 —/85.2 —/85.1 46.6
EMRFM 0.722 0.785 —/84.7 —/84.8 46.1
CoAdMu ( A3C) 0.711 0.798 84.1/86.1 84.0/86.1 47.2
Asora 10.002 10.008 11.9/10.9 11.4/11.0 10.6

TE: Asora FORAIOTTEHERISCHERINEN I, | FOR TR, 1308827,

——RgZe o (i, JE60) M (f, IE) MEER. SRREUE R R R ARA.
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Table 4 Comparison with Baselines on CMU-MOSEI Dataset
% 4 7£ CMU-MOSEI #iiE4& t 5E &ML

Jrid MAE PCC Acc-2/% Fl-score/% Acc-7/%
TEN 0.610 0.671 79.4/— 79.7/- 49.8
LMF 0.608 0.677 80.6/— 81.0/~ 50.0
MFM 0.602 0.692 81.1/~ 81.6/— 50.7
RMFN 0.604 0.685 80.9/— 81.2/— 50.5
CIA 0.680 0.590 80.4/— 78.2/— 50.1
MCTN 0.609 0.670 79.8/— 80.6/— 49.6
RAVEN 0.614 0.662 79.1/- 79.5/- 50.0
MulT 0.580 0.703 —/82.5 —/82.3 51.8
ICCN 0.565 0.713 —/84.2 —/84.2 51.6
MISA 0.555 0.756 83.6/85.5 83.8/85.3 522
MAG-BERT 0.602 0.778 83.1/85.0 83.2/85.0 51.9
QMF 0.640 0.658 —/80.7 -/79.8 47.9
HyCon 0.601 0.776 —/85.4 —/85.6 52.8
EMRFM 0.600 0.775 —/85.2 —/85.3 52.3
CoAdMu (A3C) 0.550 0.791 84.2/86.5 84.6/86.7 53.6
Asora 10.005 10.013 10.6/11.0 10.8/11.1 10.8

HE: Agora FORARTERRSGHRINEX L, (TR TR, 13RI, —~RZ2aMomRaE (5, G650 M (L, 1) R, BIREE IR m(E.

Table 5 Comparison with Baselines on MIntRec Dataset

% 5 7£ MIntRec #iiE5E F 5ELHITEE %
ik Acc MP MR MF1
MulT 71.24 67.53 68.15 67.58
MISA 71.91 69.98 68.91 68.92
MAG-BERT 71.01 68.15 65.83 66.09
HyCon 71.33 68.93 65.21 66.37
CoAdMu (7A3) 73.26 7245 71.26 71.14
Asora 11.35 12.47 12.35 12.22

TE: Ao TR A SO R EHE I T AT L, | Zor R, 17REEIT.
SR F R AR

FE N [F) B 20 ] i 22 30 AN R) () 4 R 2 B i, #E 3%
ik Agree 1 Thank iX 2 Ff & &l B (%) SCAS H A A6 X &
E 1) 23577 2, e LG8 REAE B A O A B . 4R
Ifii, 7€ #& 3K Taunt il Joke & P B, 15 2 AL Hh i)

RN AR GF 1 D FEAFAE . JE R Ty VR AR 2
CEFRN, BRAT, EFRRE LR TR K,
T AEFEAE fl G bR T S i B4 7 =, I = i A
M) AE 09 AF R /N, 3 BBE AU XF M RS 8K 4 B
J&.CoAdMu & H W3 [A] 227 F0H 38 1 @il 19 5 =, A
AR B b2 2] T 2828 3R 7, 10 HL AT DUAR 418 AS [] 9
RN AR IR/ B 3h IR B RRAE I Rl A AL, AR
BTG 1 W P 5 ) e, B DAARAS: T A A 28R

MR 6 F1 7 KB, [6]—AJ7 B AE A 6] ) 2 8] 43
X EEANRE TR, A WA T ke T A 1Y
2590 R 15 B i WY PE BE . MulT 7€ Complain, Joke,
Greet iX 3 29 [ 3R 45 T H =1 9743 ; MISA 7£ Agree,
Flaunt, Arrange, Introduce, Prevent iX 5 /~28 | - 3K 75
T #5743 ; MAG-BERT 7 Apologize, Oppose, Inform,
Ask for help iX 4 N2 5] F AR T e 7E4r;

Table 6 Fl-score for Each Fine-grained Intent Category in “Express Emotions and Attitudes”

Ro6 “"RABEIEE HENMHESEZANE Fl-score %
itk Complain Praise Apologize Thank Criticize Care Agree Taunt Flaunt Joke Oppose
MulT 67.26 87.36 98.11 95.83 48.00 86.49 91.67 9.52 36.36 50.00 35.29
MISA 62.14 86.67 98.11 98.04 47.06 81.82 100.00 25.00 50.00 37.50 27.27
MAG-BERT 66.09 90.24 98.18 98.04 40.00 85.71 95.65 9.09 15.38 40.00 40.00
HyCon 66.67 93.83 98.11 98.11 48.89 94.74 95.65 10.00 23.53 28.57 38.10
CoAdMu ( A3C) 64.08 90.24 96.30 94.34 60.87 91.89 96.00 28.57 44.44 40.00 34.78

T BHEEFR R
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Table 7 Fl-score for Each Fine-grained Intent Category in “Achieve Goals”
F7 “ZHER PENENEEEZRFIE Fl-score %
Ttk Comfort Inform Advise Arrange Introduce Leave Prevent Greet Ask for help
MulT 68.57 69.72 72.00 64.00 60.00 70.27 80.00 91.67 69.57
MISA 78.79 69.57 70.59 65.00 72.00 75.00 85.71 90.91 57.14
MAG-BERT 70.00 70.23 60.47 62.22 61.90 75.00 80.00 90.91 72.73
HyCon 74.29 65.67 72.73 62.50 59.46 68.97 69.23 85.71 72.73
CoAdMu (73C) 83.33 69.64 77.19 57.78 71.79 83.87 82.76 85.71 70.59
T BB R R E .
HyCon #£ Praise, Thank, Care, Advise X 4 251 4k 3.2.3  THERSZES AT

5T & 5 P 4r; CoAdMu 7E Criticize, Taunt, Comfort,
Leave iX 4 25| L3R A3 T & i 7745 48 CoAdMu
PAF R e m P BB R R Z, B0 Fl-score
B 55 K 3 2ok B v 43 09 43 A & 3R, HyCon 48 K 715 J&
FIREME RN, MISA i K FRASE MR H
b 25 9 2 &R 51, MulT, MAG-BERT, CoAdMu 7£ A
A AT 55 1 36 O L e B8 . o A 7 T e KT 40 2 A
o) AR RE ARG B 19 43 2R, {HE Taunt, Flaunt,
Joke, Oppose iX 4 4~ _E 1 70 R A4, o ixX
SR KRR ES AT R R/ SERY
S A MOTR 2 U B, 38 1 B CoAdMu 1R 4R 7
KBS Z AT S LR EAN 2.

h T2 BT AS [ B Bt CoAdMu 1Y 53 Rik
TATEITT 11 4Em S5 T 7. kO~ @& XA
) 525 B s 7 @ ~ © 2 X Z B ROR B
HH A5 R T il 5 vk D L B 2 RS RN,
B, ue, wii A 2SS 2 Jr k@K FH o B
NZRT5 =X, B SR 30 2K SRR L = Lina + Liner + Liccon X7
LR FOR BB BEAT TN 25, SRS, FEAR 4 5 2% ok 8
Lo X 22 B2 il A 455 BRI 235 2R T0 0 A R i A 7 U1 5 Ty
@005 1) 2% bk 2425 FRAE Bl A (LB T 5 2
BITHNE & TR 4 BT, Tk ORBREA 2R
il G L, SR T T AR I i 77 G AT RS L 4
Ik 8 fioR.

Table 8 Ablation Experiment Results
R8 HEIKWLER

CMU-MOSI CMU-MOSEI MiIntRec
Tk

MAE Acc-7/% MAE Acc-7/% Acc/% MF1/%
CoAdMu (A3 ) 0.711 472 0.550 53.6 733 71.1
@ (=) Text 1372 22.6 0.790 24.6 29.9 22.8
@ (-) Video 0.786 447 0.561 50.9 71.5 67.4
® (=) Audio 0.730 46.1 0.557 52.0 73.1 70.8
@ (=) Ly 0.791 43.9 0.568 49.4 71.4 68.9
® (=) L 0.734 45.8 0.559 51.6 72.6 70.5
© (=) Lieeon 0.798 432 0.570 49.1 69.5 67.6
@ (-) MultRe 0.803 42,6 0.575 48.4 70.6 68.5
® (*) MultRe 0.784 44.9 0.562 50.9 71.6 69.4
© (-) Gate V 0.805 423 0.572 48.7 69.6 66.7
© (-) Gate_ A 0.728 46.6 0.555 525 72.6 70.1
@ (-) MultFu 0.807 42.0 0.578 48.0 69.1 66.3

i i T5 O~ @I 2 50 25 R e B, 2 BR SCAR XS
5 7R P B 1) 2 W e R, — O I 0 DR SO R B T
AL S T 2 A B S — TR 4R T
R R I 2 T 5 A6 Y ) 07 1, 4R A SCAR 5k 1Y

Jot ik 37 g O ARSI 25 BRI LE 2 R
Xt 5 A P RE S R B K, S TR D AT LG T, L
¢ IE A SCARRAE B TU A PEAR X 80 /0, 7T LA S 4 b b
FESCAFFAE.
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A E@~ @1 S 45 R & B, K BRAT AT —
A RIS IR 2 PR pRECAR 23 F IS L (9 P g,
X2 PR R A A P B B TR 450 2 PR L PRUIE T 3 5247
TIE 1 R AL AR AT SRR AIE 19 22 5 5 R AR [) %) [ 45
5 R B Linier PRUE 17 [8) 28 SRR AS (8 R AE 2 A A BLEE, A
[F] 288 S RE A 9 e i B A 22 S 1 R A R 40 % pR R
Lycoon 75 2 SRR AE AV A RRAEOR B T 00 05 5 A0F 25 1]
(Y AH DGR BT, i B~y 2 B AH T B RRE R o L i 3 T
BOW) T2 K I, W X B 2R TR 2 2 B
e, 25%F CoAdMu (1 VE i i WA K B 52 . 33X 2 A oy
22 R 25 BUE A7 AE B AN R — B0k, X A SRR A AN
FEA FRIE 4022 ), ae iR gt i  may AL @l gy
@ 1Y 52 5 25 2Rk B, SR 43 Bl 2 1) O 243 AR
CoAdMu [ PERE, Xy A L i 31 o 1) 1 25 05 =X, 43 B
Y Gl Z R T 1 R4k i 78

Wt T EQO~ OB SEER 45 R LM, LR ZRE
il A B R T T4 o 25 D L TR A 4 ) 4%
F A BA BT S5 CoAdMu (1 1 RE, I R iE
B RN AT BB LE A [ B 220 28 30 AN ) 1) 4 FH 26 B0 0
AN [) 05300 ) Mg 7, ] 92 o 22 ) 2% ] LUAR 48 45 FiE X6 T
W25 S AR RN B 3043 B Al AR, fiE A 800 I g
FEI T A LG T S T TR 2 2, 5 1] 45 ph 42
W 25 162 2] 1 SRR AR L 33X o B S R AR AR LT
T RO T 25 S B T R MEH, Tk @3
W EIIE 73X — i N EVRSE IR 25 R F , A G iy &
MBS & A5 £ A BIAE T, 2 BRAT AT — A A e R
SR PR, IERH T CoAdMu 3119 & B
324 RZESTHT

T T Ah SR R 25 SR AT VR A A b, AR SO
22 B2 2 RN 1 0 1k 235 SRR ¥ L I kAT AT AL Ak,
WKL 6 FroR . K8 AL bR B0 AR 28, D\ AR A5 Oy LS AR 4
P TR e A 2 T AE 238 1) KN, X R R A S
R, U] CoAdMu 11 28 0 A 8 By . B A I,
CoAdMu 7£ K 43 B I 200 1 3RAF T 48 5 iR 1R,
40, ¢ Praise, Apologize, Thank, Agree, Care 252 %] |-
FALT 90% LA AHE HESZR. SR1MT, 7£ Taunt, Joke, Oppose
X3 A ERIAME, Ko s 5 KT LA 5
AL RIE L SIE RS SRR 2 WA HE R, A
46 %5 A TV 1 b T 7. DA TST 6 s B, CoAdMu
2 58 Complain 1= | i, Criticize 5 Oppose, Criticize
1% H i Taunt, Taunt 3% H %, Joke, Joke 1% ¥ i Flaunt,
Inform 1% #1| i, Arrange.iX 1 /2 45 7 BRA# 1), P by ax g
RS EAT R S AL, A B AR SR AR
FRAT A A A ] B P [, PR ik [ 28 S0 R A | AR Ak B

@3
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Fig. 6 Visualization of confusion matrix
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Table 9 Speech and Visual Feature Fusion Weights under

Different Intent Categories

x9 FRAEEEIN THIEFFARSEREGNE

2 W ERIERL A AR WSEFHE R G AL E
Advise 0.17 0.97
Agree 0.40 0.98

Apologize 0.93 0.98
Arrange 0.24 0.99
Ask for help 0.15 0.99
Care 0.24 0.97
Comfort 0.80 0.99
Complain 0.92 0.94
Criticize 0.93 0.98

Flaunt 0.88 0.92
Greet 0.47 0.97
Inform 0.73 0.95

Introduce 0.72 0.96

Joke 0.85 0.98
Leave 0.78 0.96
Oppose 0.50 0.99
Praise 0.96 0.68
Prevent 0.52 0.98
Taunt 0.87 0.96
Thank 0.98 0.92
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Fig. 7 Feature distribution visualization
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