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2 > LSRR B AR PE 29 5, A B T fe/Mb R B
22 ITAR i 2 RS Bl G s LSRR A R BE A AU
ABRE RS 0 AR R AE . A K A R R T
AR T T B R R B g A pR B4 R
B om WUE I W R o, ¥ ) RO B S A ROR
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H}=ReLU([R}@DM1-W,"+6,"),  (3)
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LA (12)~(13).

Girv="Up cx(Frv), (12)

Gra=Usi cx(Fra), (13)
Hi, Gy Gy € R 2 Bi-GRU 2 U Y XU 255 1
JERAFAIE

e K PR 2R SOR S B S W6 SO R B
PEAT B, TE4% A Bi-GRU M 45 48 BURRE (5 & . 1T
/NN I
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k

1

Ho g, j=1,2, -+, u,N, (i, j R EAR DAL 5
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(26)
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WA 1)
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2.6. 1 ABMB K T /N AS R S EOHE TR] i 22
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A RRAE , I8 B A AU 2 R E5 R dk 75 > REAIE 1] it
Z 1] B AR, L E AR R R I i B b s/ Bz A
g oAb N A T Ao BE 2% 5 (central moment
discrepancy, CMD) ,CMD &4 X 1 Y 45 FBEHL
FEA AR i R p Mg E XAl [ @, 6 1Y |, s
I 22 5 1E W Ak 2% CMD 8 22 X o CMD J 19 2
¥ifhiit,Co(X)=E(x— E(X)). CMD J&—Fli 5&
4 B R ka2 s A I 2
ke A Eﬂ]ZlEﬂéﬁﬁE’J;—?;# AT
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z o cx)—cuy)|
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E 3(

TEARLI G A A 0T B 258 A48 37 1 23 W] /Y

9 B i 23 27 2] B [6) B A5 R AR 22 TA] A O B Y
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HE, AR CMD A & K2R
(maximum mean discrepancy, MMD) = KL # /&
(kullback-leibler divergence) i Jit P & CMD A~ X
e FPAT I R L E T AR T R B Y
VM H IO & 4% i R B FAZJE e 58 . oo, R
X PR (adversarial loss) $& fit 1 55 —F AR L%
IR Jy 58 A H: 36 501 45 A Sk 52 2 5 s 2 5 R/
TR, X S MY A 1) 2 8O S R B DALt ik 4R 0
B HL i CMD.
2.6.2 ZFMA 2= AR A 3 ZAR O A0 DR A
Tl AN TR] 1) 6 75 BB 106 1o 2804l 2 A BRC 90 1 R AE . AE
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Tab.1 Experimental dataset

LGRS s LRSS
MOSI 1283 686
MOSEI 16 315 4654

3.2 XBRHRERESSH
S5 16 $F Google colab fil 55 #§ K Il Zh B Y | 4
P21 5 O Python 3. 7, BRI BT W55 2 TR

K2 SLRHBHE

Tab.2 Experimental environment parameter settings

EAS Ji A5
GPU NVIDIA-SMI 460. 32. 03
[T Tesla T4
WAE RN 16 G
i R AE 4L Pytorch fE42
WMEEEE Python 3.7
BIER G Windows 11

T ARBUE R SR e RE AL & BT A 25
f F Adam fIE b2 b 47 BT, 2800 2 S 5, kAl
SR R ANERG L DEAT S S S W IR e T
RS R RS BRRBS %3
B .
®3 LRMSHRE

Tab.3 Experimental hyperparameter settings

2R MOSI MOSEI

batch_size 32 64
optimizer Adam Adam

learning rate 0.001 0.000 1
dropout 0.5 0.5
epoch 50 70
embeding-size 300 300
hidden-size 128 128
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3.3 ZHERE

Z oy 2R bR X 43 S AE /17 (non—neg/neg) il
iE /1 (pos/neg) b4 , Ak 1 /1 b5 25 G 45 O Fl 1 4%,
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(Fl-score) > 1l £ 8 (9 205, 3¢ 19 o 1 2 A
F1 43 %08 5 26 WA 0y PE g 58 4 . XF T [l 5 4%
5, W) 2R H A 1 48 %) % 22 (mean absolute error,
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coefficient, Corr) fE N IPAL #6845 . MAE B9 0 5 2 Al
VR ¥ Js e S o 98000 15 22 1) K/ | 32 2R RV
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Tab. 4 Comparative results of MOSI benchmark experiments

Models Acc-2 Fl-score Acc-7 M, C..

ICCN —/83.2 —/82.9 38.8 0. 858 0.713

BBFN —/82.8 —/82.3 42.5 0.787 0.748
CubeMLP —/85.2 —/84.6 44.1 0.770 0.755
MCGMF —/83.6 —/83.9 45.1 0.760 0.756
HFM-AM —/79.6 —/79.3 —

MISA 78.0/80.9 78.1/80.7 43.1 0. 804 0.739

MSSA 80.9/83.1 80.3/82.8 43.9 0.791 0. 750
Hycon-B —/85.0 —/84.9 42.7 0.721 0.795

ICDN —/81.7 —/81.9 43.4 0.884 0.681
PS-Mixer 80.7/82.4 80.5/82. 4 44.0 0.797 0.749
MSF-CA 84.1/85.6 84.4/85.7 45.9 0.731 0.791

#5 MOSELEE SRR 1L 4S
Tab. 5 Comparison results of MOSEI benchmark experiment

Models Acc-2 Fl-score Acc-7 M e C,.

ICCN —/84.0 —/84.1 51.9 0.562 0.717

BBFN —/84.4 —/84.6 53.0 0.548 0.704
CubeMLP —/84.7 —/84.3 53.2 0.538 0. 760
MCGMF —/85.6 —/85.1 52.8 0.541 0.768
HFM-AM —/78.7 —/78.2 — — —

MISA 81.9/84.6 82.4/84.9 52.7 0. 549 0.758

MSSA 83.5/85.9 83.7/85.8 53.6 0. 540 0.761
Hycon-B —/85.6 —/85.8 53.4 0.598 0.779

ICDN —/81.7 —/81.9 53.0 0.584 0.712
PS-Mixer 83.3/85.8 83.2/85.9 53.7 0.531 0.762
MSF-CA 85.7/88.3 83.9/86.7 54.6 0.521 0.783

3.5.2 Ak E B R T VAN AL v 4% S X i
BOE Y DT A SCR AT DU IS A A R AT
K, AN S(THA AV . THV) = EE
(THV+A). FERBEHEG(THAA+V. THV)
It H 7 e e 20 R B IR £8% e i L 2 e e AR S R
AR FIRE A 5 om b B RRE RoR 4t TCN W
ZERLA S BRI A G T R ) R OC
52 SR A P AR A Rl A ML) B AN 7R R )
AT WAL A fl A . B S AL 9L F Transformer 9 £
Sk VE By ML o8 MU S AR Rl G, e 40 3 A i A

JE BN AR T SRS H A (T+HV+HA) B
A AR 2 2 B AR P BRI AT AR B2 O T
S LT AV 2B R SOAS T ML
fiE . FLR A T il S 0 A A0 3% 6 BT s

R % 6 B8 B0H , A XURE 2 19 B B v, SR
MiEHH SRR, WM CAHGKRZ  IEE
FIRE UG 2H & R B fe 22 . X 9E— D W] 1 A S
Pl &R R B R 225 Mgl A RS H G,
L P RE 35 4R T, AT 46 i 1 AN BIF 5 7 1 1 o>
B v SR 2488255 1% B AT AP
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Tab. 6 Modality ablation experiment comparison results

MOSI MOSEI
Models
My(v)  C.(M) M (V) Co.(h)
V+A 1.448 0.047 0.789 0.098
T+A 0.789 0.767 0. 544 0.767
V+T 0.837 0.745 0.576 0.751
T+V+A 0.731 0.791 0.521 0.783

R T k25 VAl A SRS AR v 45 A5 B 1) 4 B
Xof A5 Y R MR R 9 RZ L T T 8 AL L, BRI
T EERANFR 7R . o MSF-CA-a i BR AR
TR B AR B0 A5 2 s MSF-CA- g 114 B 1 80 v iy 25 55
Bt R s MSF-CA—y 11 B B A4 v i 5 4 2% 5
MSF-CA-CA 5 B 455 #84 r (1% 38 38 7 2 1 L
MSF-CA-MI 2k ¥# B 185 A o i 85 28 AN 748 R 5
MSF-CA-MS 2}y iH B 155 84 v i 185 25 F 5 3R
MSF-CA-TCN 2 14 B A5 245 45 %R HF i TCN fil
4 W% ; MSEF-CA (Bi-GRU) i ffi il Bi-GRU [ %%
FRAIR A P 28 X 246 2 T S R AIE s MSF-CA 2l
ARSI A AL

2T AU Rk ST X b 4 R

Tab.7 Model ablation experiment comparison results

MOSI MOSEI
Models

M (V) C,.(}) M (v)  C. (1)

—a 0.746 0.771 0.541 0.767
—p 0.749 0.767 0. 548 0.759
—v 0.751 0.764 0. 544 0.769
—CA 0.764 0.756 0.553 0.771
—MI 0.784 0.751 0.532 0.771
—MS 0.781 0.754 0.537 0.762
—TCN 0.749 0.770 0.541 0.764
Bi-GRU 0.742 0.775 0.533 0.769
MSF-CA 0.731 0.791 0.521 0.783

MR T AR B AR RN SR E R
AN AR O 22 AR O E R A G 2 E R M A R Y
PERE . X UL T RS TR R o ) R BLSA E ROR
IR 2 5 5 7 1 T B O 3 T LA A /M A 2K R
o B bR A B TR A 5] 4% s ] SRR Y
P o B IE A TE 2 LS YEREA BT R, R T
PL BEA BOR B IR R BOCHEE B . Ak, KERBLES
i RE R R P TON Rl G 99 2% J 85801 g L e
%, 3 S e T A R R S AR SR L 22 57 4R
R, B SE AT B B e P L B IR A

P2 2% B 4 Bi-GRU W 4% J5 , B %0 75 438 412 9951
J¥ 9 1 1 A B T RE T B AR, 36 T 1R & & )
L8 FXF T Bi-GRU W 45 (1) 4 ek

3.5.3 AE MRS FI 4RI T RESEE
260 34 2 310 Xf A5 Y oy 25 L A sE L A 4
ik 2 300 B, A5 Y M RE I8 B B A 9T AE A B0 4R
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Fig. 4 Parameter selection experiment
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Multimodal sentiment analysis fusing multi-subspace and
channel attention

MI Xiaofeng, WANG Xuyang, SHI Haojun

(School of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: Current multimodal sentiment analysis primarily relies on complex techniques for
fusing multimodal features. However, due to the significant distribution differences among
various modal features, direct fusion yields poor results. To address this issue, this paper
proposes an interactive learning network model that integrates a multi—subspace framework
and channel attention. Firstly, a hybrid neural network is utilized to extract features from each
modality, and a stacked bidirectional long short-term memory network is employed to
represent the utterance sequence at the linguistic level. Fixed-size utterance vectors are
mapped into two different representations: modal-invariant and modal-specific, with the
latter undergoing bimodal interaction using a temporal convolutional network. Subsequently,
channel attention is leveraged to extract more meaningful information, and a cross—modal
interactive bidirectional gated recurrent neural network and a bimodal interactive attention
mechanism are proposed for deeper interaction among the extracted modal-invariant
representation vectors. lL.oss optimization is then performed using a loss function. Finally, a
multi—head attention mechanism based on Transformer is executed to obtain a joint vector,
and a fully connected layer is utilized to predict the final result. Experiments conducted on the
CMU-MOSI and CMU-MOSEI datasets demonstrate that this method can effectively
eliminate multimodal differences and achieve multimodal fusion.

Key words: multimodal sentiment analysis; hybrid neural network; multimodal fusion;

Transformer; attention mechanism



