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Abstract Multimodal sentiment analysis has significant applications in smart education,such as assessing students’ engagement
and emotional states through speech.facial expressions,and tone to help teachers adjust teaching strategies in real time. How-
ever, existing cross-modal attention mechanisms struggle to capture associations between heterogeneous modalities effectively,and
the collaboration between shared and private spaces remains underexplored, limiting multimodal fusion learning. To address these
issues, this paper proposes a multimodal sentiment analysis model that integrates heterogeneous modalities across multiple space
domains using dominant attention. This mechanism enables effective fusion of heterogeneous modalities in both domains, enhan-
cing cross-modal learning. Additionally,a gating mechanism preserves the modality independence of shared-space fusion vectors,
ensuring complementary interactions between private and shared spaces. Experimental results on the MOSI and MOSEI datasets
demonstrate that the proposed model achieves overall performance improvements, validating its ability to capture and integrate
heterogeneous multimodal information effectively.

Keywords Multimodal sentiment analysis, Dominant attention, Multi-space domain,Gating mechanism,Smart education
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h, = Transh formerEncode(h, ) (28)
B

h:;*ﬁ“:lhzfil’:v:] (29)

O=FC(RELU(FC(h3))) € RN*! (30)

Horb concatC« ) RAPHELBE ; N AREAR BEGRELUC - ) R
T HRBGFCC» ) A ERE)Z ;0 R4l 4 E N 1,
2.5 WMEEFRH

T SIS RIS S 3R R E N AR F A [A] rp iy R 5 L2 R
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PSS JE B2 AF AL R AF B 0% 4 3 A SR 09 R W) 7 1 .
X — B A5 R [ B 22 8] 9 R AE R AR R AR SO L AT
LR B AN PEAAE B R B SE BB I S 2SR G . X2
S R A TR U (32) R
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I Py P, II% (32)

AT, VLAY R 3 PR, 70 5l 2 78 SCA LA 5 335 S,
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Table 1 Division of datasets
%A CMU-MOSI CMU-MOSEI
I 4 % 1284 16326
6 iE % 229 1871
bR 686 4659
B fn 2199 22856

3.2 BEFE

h TR UE A SR AL AR A B AR M AT 55 1 B RO AR S0k
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MULTM" . FFH4 — ) Transformer 22 14 3¢ 4b 71 £ fh 2%
R A SR . Cld S HOREE D ALH S TR
IF] ) 7 Rl

MISA™) 42 T RS R AE RIS R 1 Fom il 1l 2% 5
TS 1 S [R) RR AE RUSTS R A W RHAT 4R = T 2 B IR A
BT B4 1

MAG-BERT"Y . 454 T BERT ({58 KiE 5 2 n g I %
RRZS T B ST HLH] , L G st B ot AN Aok B R RIS 15 S

SELF-MM™# . F| H] B W B 1 S 2 h 28 A8 W 0 v Bk
ZAT S5 R IR B RS RAE M — Bk 2 T bk,

MCGMF™ il F S RS 1 T FE L] 25 M O B B L HME L
EEMEMAHLAREEMEGEETMRE TS RL—

TETFNUS 3l 15 2 2 1 [7] 3CA (4 5 055 45 e 4, ) FH o
T AL RN AL AR S AR AR R R AL RS- E

AR,
TMBL™ 42 OB 25 95 52 Bl b 305 25 R S 4 AE =
2 0 7 AL ) Ak B 385 T SR AIE AT A 1 5 S 22
3.3 ZWET
3.3.1 EHBEE

AL 3T PyTorch #EXE #3517 T Ubuntu22. 04
fE &Y BB NVIDIA GeForce RTX4090, f£ b #1583
B L0 F e AR GPU 34T il , 08 I 255 B2 1Y e A
X — S IR RG] Tz T AR A R A B Y
3.3.2 EBAKAIEAMIRAT

CMU-MOSI #l CMU-MOSEI %% 4 4 19 15 bR 1 790
R LA AR DA )R, B AR SCT AT 4a 0 - R 25 MAE,
J IR AR 36 M Corr i O 32 B PE N 46 A . X F 40 BT
% - FHIALHY Fl-score FI Z 3 il 43 25 W i & Acc2 1E 1T
i 2 80, SR D 2 AR SO Ry e 25 SR A 8 M E A . [
XL ZE A PE A 48 bR, T RLAT A% H IT A AL FE R [WAT SR Y
PERE RN E B M, B R T - T HTE Z RS FE iy
SWERSE S

5k A gy k0 Atk S B

F 2 30 T AE 2 RS BT A 5 9 B 4 CMU-MO-
SIHl CMU-MOSET | #F 47 1 SE 5 25 5 . Sy DR IIE S5 3 19 48 °F
PELASCHEM R 52 30 BR 58 B BT BT A X L A, 3% rpom
HH Y P28 2R & TG b 2 I A A B . A5 R R, AR
FEALTE B MAE DL S 19 48 5 3 5 T 88T i 182 8 LU Ab, At
K TG AR 0L T B A SRR AR .l A AT, 7E T S K
WL TR FEARER T R, B4 % K1
12 fL ik

RETT .
3.4
3.4.1

2 ANFEBEAELESE CMU-MOSI #l CMU-MOSET | 5% 2 750 45
Table 2 Sentiment prediction results of different model on the CMU-MOSI and CMU-MOSEI datasets

Model CMU-MOSI CMU-MOSEI
Ace-7 Ace-2 F1 MAE Corr Ace-7 Ace-2 F1 MAE Corr
TFN 32.1 80.2 80.1 0.925 0.662 50.2 82.6 82.3 0.570 0.716
LMF 32.8 80. 1 80.0 0.931 0.670 48.0 83.7 83.8 0.568 0.727
MFN 34.2 80.0 80.0 0.951 0.665 51.1 84.0 83.9 0.575 0.720
MULT 40. 0 80. 5 80.5 0.918 0.685 52.1 84.0 83.9 0.564 0.732
MISA 42.3 83.5 83.5 0.752 0.784 52.2 84.3 84.3 0. 550 0.758
MAG-BERT 42.9 84.6 84.6 0.730 0.789 52.8 85.1 85.1 0.558 0.761
SELF-MM 45.8 84.9 84.8 0.731 0.785 53.0 85.2 85.2 0.540 0.763
MCGMF 45.6 83.5 83.5 0.763 0.756 52.8 85.6 85.6 0.541 0.768
TETFN - 86. 10 86.07 0.717 0. 800 - 85.18 85.27 0.551 0.748
TMBL 36.3 83. 84 84. 29 0. 867 0.762 52.4 85. 84 85.92 0. 545 0.766
Ours 46.1 86. 89 86.83 0.728 0.802 53.2 86.95 86.94 0.541 0.779

3.4.2 EREZTAHIABREAE LR
o T SR AEAS R vh Xk i 3 W e MRS B A ROt Bt
T—R 5525, 58 i 78 MOSET 3045 48 Fib AR RS RN

TAHEAT 28 B SR ] J2 AR 2 1Y ik 5 3T 2 S TR AT 55 1Y
R BLAOR UL L TE B B SCAS SRy 3 AR 2 R B 25 3k 4 AR
SPIRPR LT BEAT T ALY SR FT A
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Table 3 Subject-modal selection experiments
Lead-Modal MAE Corr  Acc/%  F1/%
Text(MOSED 0. 545 0.771 86.58 86. 36
DMS(MOSED 0.541 0.779 86. 95 86.93
3.4.3 K@%k

1) A [ B 25 6 A5 00 f1 52 1)

1 B R [R) B A A A S R R B A AR B R TRLL R
TR 5T AN TR) A B 25 4 A AR TR 1 BB A BTK , F CMIU-MOSI
LT T — RN AR 45 RS 4 Fral .

o BB

Table 4 Modal ablation experiments

Modal MAE Corr Ace/ % F1/%
T 0. 802 0.760 82.58 82. 61
A 1.454 0. 008 44,71 61.83
v 1.454 0.005 43.93 61.28

T.A 0.766 0.792 86.12 86. 20

T.V 0.801 0.788 85.09 85.13

AV 1.192 0.011 63.21 63.21

T.A,V 0.728 0. 802 86. 89 86. 83

S WY, 2N B AT A I AL (3 BT A A8 bR
BT —EREMN TR, 763 M — B, SOAR B TE 4
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ZHBMA A B E T B — B XY R IE T A R A 1)
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RO R B 75 T A SCAS LS 19 201 45 D0 89 2 B o e v oy
BEFR T, 3 — 25 B0 UE T SCAR AR A A 22 B A% RS AT Y 6
VEF . it [R) Bt i R 3 R ASE S et L B 1 R b R T L A AR B
Bk 8] T AEK T, AR R L L A N E R B
A G T AR R T R A T B — AR A T A A

2) A [ T e ot A2 250 1 5

AR SCRETRY B 4 A EE R H A AL 40 0 R AE A R
P (FE) BERIS £ B I (CMD-A) 5 %5 [ B8 1T 355
S (CDGBEH 2R Al AR H, S T 50 0 B B Hh 4% A4~ A8 B
A XM 78 CMU-MOST 804645 a7 7 LU T a0 56, 45
Fxf g 5 pral .

R B AR TR B AL 2 R A R b i 3 R T I ML
K Cross-modal Attention 175 2OBF SCAR {5 B 5 LA .
BT ALG L PR 4 Bl ) 5 T ST B0,

A8 B 5 2 (R 3 T4 - S B DR Y o (0 8 s TR BT 4R AR S
o A5 245 He 52 2% () IR 3 R0 A 255 IR0 ) B0 R AT = A 2 0 L
B RlA S SR 5 DR A TG 1) &2 0 2E 17 B0

% R AR 1R 4 OB e . 25 Bk TR A TR op X 2 B A8 R AR Y 2 —
LRI, R 2 BB RS MISA i (i FRAE £ BUT7 1 o 38 B A
ik 1) B ARl A B S b PR 4 B RS ) & T SEAT IO,

. BB R E OB R T T R,
Acc-2 FFET 5.69 NEIFELFL FFET 5.55 A~ H 434, Corr
A% 0. 037, MAE EFF 0. 064, 3052 2 4R 7= & S dL il v
TR GBS FEAT 55 v 7 32 A8 o 77 0 B 285 ) i e o
FE AR A Y T 8 B SR Tk B TR R A R . X
A M4k T 15 88 crossmodal-attention H % ff 7 #5 25 1) 1
R W T EESMERMS I EN RSN ERRE

58 Al 32 A 2 T 3 2 b S 30 S BB R AR E TR AR
JE B R A5 B

HR BBk i 25 I 1 ¥ 05, tBE A RS 6T B Ace2 T
% 2.82 ANH 45, F1 R 2. 77 A~ H 43 55, Corr B 0. 020,
MAE -7t 0. 033, 3 J& By 45 45 ) 8 0145 6 O T FL AT 45 [ £
B A b e = A ARG 15 B AR 2, AT 48 T 1 4
RIRI, BRI IEE)E AL T R A A 25 6 5 2Ok #b
Fe AL 5 A A @G 1 A RE . R BUT R A R B AR BN
Fo v 2 RS M T AR AL B PR

Z e s B BR AL AR BOBE B o A5 700 1k R o B T — S8 R 1Y
FEAK, Ace-2 TR 0.55 M H 8. F1 TR 0. 49 N 408,
Corr [ 0. 008, MAE JF 0. 014, 3% R B 4, B A 2%
FH S8 — FRAF SR By 5 I i ACRRAE T T — S AR R
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1H B . i COVAREP B THHIE  Facet (13 3R 1% B ¥ #E
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Table 5 Comparison of module ablation experiments

Model MAE Corr  Acc2/%  F1/%

Ours 0.728 0. 802 86. 89 86. 83

w/o(CMD-A)  0.792 0.765 81.20 81.28

w/o(CDG) 0.761 0.782 84.07 84.06

w/o(FE) 0.742 0.794 86. 34 86. 34
HRIE ALRL T -METERTEELSZ=SHEUE

B EM ZBSEBR M A, B el s S B £ F RS
AT Z WA 32 B ] 2078 ) 34T B A 1L, 1 38 4 T 2 A 17 IRk
YA A PR RE . A T S B S A EREE LR LR T
P IR Z UL FRFTRE T 8 52 SCAR R A5 8RS 5 () i
Wl A T AR T A A N S A [ fE B T
SyAEH. R T R AL BT S i R B, EL
43, 7E CMU-MOSI Al CMU-MOSEL W5 /4> 32 i F (14 155 %
YW BUE S AT T S0 E , S5 00 45 S A A5 R A S A
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