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Abstract The goal of multimodal sentiment analysis is to perceive and understand human emotions through various heteroge-
neous modalities,such as language,video,and audio. However, there are complex correlations between different modalities. Most
existing methods directly fuse multiple modality features, they overlook the fact that asynchronous modality fusion representa-
tions contribute differently to sentiment analysis. To address the above issues,this paper proposes a sentiment classification me-
thod based on stepwise collaborative fusion representation. Firstly,a denoising bottleneck model is used to filter out noise and re-
dundancy in the audio and video,and the two modalities are fused through Transformer,establishing a low-level feature represen-
tation of the audio-video fusion. Then,a cross-modal attention mechanism is utilized to enhance the audio-video modalities with
the text modality,constructing a high-level feature representation of the audio-video fusion. Secondly,a novel multimodal fusion
layer is designed to incorporate multi-level feature representations into the pre-trained T5 model,establishing a text-centric multi-
modal fusion representation. Finally, the low-level feature representation, high-level feature representation.,and text-centric fea-
ture fusion representation are combined to achieve sentiment classification of multimodal data. Experimental results on two public
datasets, CMU-MOSI and CMU-MOSEI indicate that the proposed method improves the Acc-7 metric by 0.1 and 0. 17 compared
to the existing baseline model ALMT, demonstrating that stepwise collaborative fusion representation can enhance multimodal
sentiment classification performance.
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Table 1 MOSI and CMU-MOSEI datasets statistics

Dataset # Train # Valid # Test = All
CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16326 1871 4659 22856
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Table 2 Comparison of experimental on CMU-MOSI dataset

method MAE Corr F1-Score Acc7 Acc2
TFN 0.901 0698 —/80.70 34.90 —/80. 80
LMF 0.917 0. 695 —/82.40 33.20 —/82.50
MFM 0. 877 0.706 —/81.60 35.40 —/81.70
ICCN 0.862 0.714 —/83.00 39.00 —/83.00
MulT 0.871 0.698 —/82.80 40.00 —/83.00
MISA 0.783 0.761 81.70/83.60 42.30 81.80/83. 40
PMR - - —/83.40 40. 60 —/83.60

MAG-Bert  0.727 0.781 82.50/84. 61 43.62 82.37/84.43
Self-MM 0.712 0.795 83.68/84.91 45.79 82.54/84.77
MMIM 0. 700 0. 800 84.00/85.98 46.65 84.14/86.06
DBF 0.693 0.801 85.10/86.90 44.8 85.10/86.90
Uni-MSE 0.691 0.809 85.83/86.42 48.68 85.85/86. 90
ALMT 0.683 0. 805 84.57/86.47 49.42 84.55/86.43
SCFR 0.680 0.801 85.92/87.12 49.52 85.91/87.10

#* 3 CMU-MOSEI #4841 19 % b 5258
Table 3 Comparison of experimental on CMU-MOSEI dataset

method MAE Corr F1-Score Acc7 Acc2
TEFN 0.593 0. 700 —/82.10 50. 20 —/82.50
LMF 0.677 0. 695 —/82.10 48. 00 —/82.00
MFM 0.717 0.706 —/84.40 51.30 —/84.30
ICCN 0.565 0.713 —/84.20 51.60 —/84.20
MulT 0. 580 0.703 —/82.30 51.80 —/82.50
PMR - - —/82.60 52.50 —/83.30
MISA 0.555 0.756 83.80/85. 30 52.20 83.60/85.50
MAG-Bert  0.543 0.755 82.77/84.71 52.67 82.51/84.82
Self-MM 0.529 0.767 83.00/84.90 53.50 82.70/85.00
MMIM 0.526 0.772 82.70/85.99 54.24 82.20/86.00
DBF 0.523 0.772 84.80/86. 20 54.2 84.30/86.40
Uni-MSE 0.523 0.773 85.79/87.46 54.39 85.86/87.50
ALMT 0.526 0.779 85.19/86. 86 54.28 84.78/86.79
SCFR 0.528 0.783 85.92/87. 64 54.45 85.37/87.21

2 ML 3T .

1) 3¢ SCFR #5328 J5 76 M H, JLF- 78 T 43 46 4
HRIAT T A M BRI R A5 R . TR BHME R A R B Y 1 R A 2R A
% (Ace-7) b AR SCREH 5 JL LR BEAUAE 1L PERE A 0 3 #ETF, 3%
T 53 UME LG RN 2B T IO MTT 55 R A 5 .

2) SCFR At % T 7R 2% 3 B B i MISA, 78 CMU-
MOST #0485 F 09 e A PPAR 38 AR A K48 T, X 3R W] MISA
2 ) 1 Z A R T BE AR SRS 40, i SCER 1] LA /1N AN [7] 45
A2 S,

3) Lk CMU-MOSEI %4 42 24 5 , SCFR 5 DBF 75 % #H
e 20 MIFE Ace-7 F1 Corr LSZBLT 0. 46V7ﬁl 1. 42% W $ETFE,
3 2% B A Sk U AR A AT AT A M 7S Y R B o — 2D R AR
FEE M RR ELER,
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DHARIAR SCFR 5 ALMT Jr ik L, 78 A B0 48 -
B PEAGFE PR Ace-2 LA BISEEL T 1.61/0. 78 A1 0. 70/0. 48 1y
#2755 Uni-MSE J5 ik 48 L BUAS T A Y i M fe, = 8 7 03I
SRBEI 5] H A A A5 B AT DL 3R T B B A P
4.5 HBLIEIS

J T B AE 4% 4L F X SCFR # 5 mi , 4 3¢ #E CMU-MOSEI
AR LRI — RPIHE R SRR 4 e, Hd-w/o
FRMBR AN SRR, 5 3 AT T B A B
PSSR S BB A R R T,

E R 1B

Table 4 Ablation experiment results

Model Ace-7 Ace-2 F1 MAE Corr
Ours 54.45 85.37/87.21 85.92/87. 64 0.528 0.783
-w/o A 51.92 83.62/85.10 82.78/85.11 0.538 0. 780
-w/o V 51.73 83.39/85.02 82.36/84.97 0. 547 0.778
-w/o L 45,24 72.60/74.27 71.69/73. 64 0. 806 0.516
-bottleneck 52.06 82.76/84.72 83.09/84.96 0.533 0.759
-FvcA 52.85 83.63/85.07 83.17/85.32 0.541 0.756

-Multimodal ~
53.35 84.02/86. 22 83.26/85.21 0.545 0.769

Fusion

I Z AT T — UM B — Fh A, U ¢ X A8 0 4 g
B, WS 4 g TS I B A ] — Fh BT #B & F 3L
PERE MY T F . I3 SCEFR A8 8 AT LU [6] 45 75 op 22 ) T4 s
Boo AL 7E K R AR i A S, SCFR (144 BB 475 8% 41 XF
BEw L B E T SCAR BT T 15 0L B R R RS e e R
7% A8 R ) 0 FRARAE

1)-bottleneck ##4H H, SCFR £ CMU-MOSET i #i 4 I
i) Corr FFET 0.024, MAE 34 )T 0. 005, B T 76 fR ¢4
A E Rs WA B R BRICRE B S E M,

2)-FveA KL% A [t SCFR 7 CMU-MOSET ¥4 45 1y
Acc-2 FFET 1.74/2. 14, MAE 61T 0. 013, £ T B #E
RO S A2 A B AL BT B0 R AE S SRR

3)-Multimodal Fusion # £ # t SCFR # CMU-MOSEI
BARAE M Ace?7 FHET 1.1, Acc2 FHET 1.35/0.99,F1
FRET 2.66/2.43, MAE 3 Ji1 7 0. 017, Corr F&f T 0. 014,
F B PMF B8 AT DU B K & 5 SCA HUR A 56 1 05 B 78
M B R T EEIEH,

4.6 ZBIHH

J T R R R AR O R SCFR WY PERE. % 5 I T 1
CMU-MOSI ##s % &y — 2875 4, 5 Ground Truth #H Eb, W]
LLE 7R 3C SCFR A5 B AH Fb 56 28 455 T DB, 17 /8% 3 A9 1 fE
BN HER .

TEREB] 2 v, J5 0 B A A SCAS A A B R Y 3R Cn
love) , Uh 3l A1 9 Pt 3 H 3R 1% 150 1, 3 Fh B M7 B Y iR
Fk ¥ R 0F H , SCFR #1 DBF [ i v 5 00 1 45 1% 1 58
BE . FEREG 1 RIEEG] 4 rh, SCOAS P FRAR B A R L B
B0k 75 R OF & 19 0GB B SCEFR W 8 B % 0E &
A A R, ZERE 3 b DGR B B SO B Y
3R UL A TR H RS P IR, DBF e & 4 IR 1Y
TERHIM {2 SCFR 4 & % B £ A B E B, R B b
EW S B . i — B IEM] T SCFREEAIR I Z 4 1Y

A8 25 Tl 0 A 2 A 1 8 20 BT 9 SR S A AR

#5 LB
Table 5 Case study

o

Ny . Ground
HE A Spoken words+ acoustic+ visual DBF SCFR
Truth
“Except their eyes are kind of like
1 this welcome to the polar express”+ —0.6 —0.2 —0.5
tense voice+ frown expression
“I1 think you will really love this
2 movie if you are 8,” +emphatic voice 2.0 2.0 2.0
~+shocked expression
“and I think its predictable up an to
3 point” + smooth voice + flat expres- —1.0 0.2 —0.7
sion
“All T can say is he’s a pretty good-
4 looking guy” + disappointed voice + —1.2 —0.8 —1.0

contradictory smile.

HERIE W TZEEWEANALS A W5 E— W
BT A ) A0 ) 5 25 i 3 T 1 B AT P B DTS 1R, 5
— 7 W T 2R E TR SRR 5 IOR A ek . B
X I — ) I AR SCHR R T 3 0 20 DR AR R 2R 1 IR 0 B
Tk, AR SR DR S HAS £ R ITARE B 5 1 & A
AR GARFAE 48 TS A i) T 40 5 B 0 A 2SR IR RE Ty . SR U
T A 250 7 Dy HL A 3 SCAC SR A B4 3 AR 265 1Y s 0
AiE 5 [F) B, 22 45 B 3 AR 285 0 AIE 327 35 11 4 L 5 SO A
BEA EBU G ER RS EL 5 CAMENEL.
5 A = RS Rl S R AR SE AL AT . A SCEER A A TT
B4 BEAT T R R SE B, 5 AR AR SO L T — R
FLk . AT LI BT S IS 22 T R R T
e T B2 1 TN 8 L B A SCAR SR R B 2 S R B BE Y
155 b e BeAbh BT LR 5 R 7 5 AR A AR AR 25 I i TR A Y [
I B3 R A O B OGB4 S L T IS DA R 2 B O T — P R 2
B AHT

2 % X W
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