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Enhanced feature fusion network for multimodal sentiment analysis
XU Yumiao', SHAN Guoxuan®

(1 School of Communication and Information Engineering, Chongqing College of Mobile Communication, Chongqing 401520, China;
2 Chongging CRRC Sifang Institute Intelligent Equipment Technology Company Limited, Chongqing 401133, China)

Abstract: To address the low accuracy of multimodal sentiment analysis models in fusing multimodal representations, an Enhanced
Feature Fusion Network ( EFFNet) is proposed. The Text—Centered Cross—Modal Interaction Module ( TCIM ), based on an
improved Transformer architecture, establishes textual modality as the dominant modality, enabling visual and audio modalities to
learn key information from text. This process generates feature interaction pairs, thereby mitigating inter —modal inconsistency.
Additionally, a lightweight Multi—-modal Segmentation Fusion Module (MSFM) is introduced to extract enhanced global features,
termed the fourth modality, achieving tight semantic coupling across modalities. Through this dual-fusion mechanism, an enhanced
joint representation for multimodal sentiment analysis is ultimately obtained. Experiments on the CMU-MOSI and CMU-MOSEI
datasets demonstrate that the proposed model achieves F1 scores of 86.43% and 86.32% , respectively, under unaligned settings for
regression and classification tasks.

Key words: multimodal sentiment analysis; cross—modal interaction; multimodal segmentation fusion; dual-fusion mechanism
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Fig. 1 Architecture diagram of the enhanced feature fusion network



555 H TRERRR

o S T AR AR TR AT 3 S BRI Rl 1 2% 199

1.1 1=EH
TG, TERFESR B, 73 N 3 MR B g
BRI RS B X T SCARBIAS, il FH I 25 1Y
RoBERTa #1" AbHil A BATRIFS) 195 4R F, .
F, = RoBERTa(I*,6""") (1)

i, FeR™™, 67" 7% RoBERTa 515 1 6 4%
ZHL,

XF TG 5 AT, SR T HE & 1) LSTM 45
B AR AR AR IL T R R 5]

F. =FC(sLSTM(I",6")) (2)

K. F eR™ m e |V,A} L, FRaaH&R
BB, d, Fma & i Bl
TE4ERE | 6™ 7R LSTM K7 1 [ 2% 25

)i X F, b A7 245 Ak A5 30 G — 4 5 G SC AR
TIREAE £, LME S Sert &
1.2 BESTEER

FEARAT 3 DRI RAE ) , 38 2 AR A 5|
SLUF, MF AR, m e [V A}, IR
TERE FIHLH 2 ) SCARBEZS 5 SOARABEZS 22 i) ) Bk
FEAE BRI £y B o, B AR5 28 AR HIR A0 200 30 40 2
Crossmodal Transformers, AU T .

0K,
CMA(F, ,F,) = Softmax

[FW, [ Wy F!]

Jd
XACMA( -, ) WEEBSTEE TR R, F,
ﬁ*ﬁ?&%ﬁ(ﬁjﬁ/*b"ﬁ) , Py ASCRBSHRE, Q.
K.V i E J1 WL A9 A8 (Query) | 8 (Key) | fH
(Value ) Hi % .

BRI 2 3k 7, DUAH 3R AN [RRRAE 25 6]
(R OCIAR L, 38 4 3% 25 H i RN e e k. 7
SENL X AR TSR TR K5 Sk i Hh 4 R
T PFHE P WS R AR I 2 i R 2 25 (] | R T
13 B AR TE B E, AT R AT
MultiHead(F,,F,) = [head, @head, ®head, | W’

(4)

o WO PR A S 1, IR PR

e O AR [ RUBE B AT 24t Ak, 15 )
SCAMBERAESSERT fo . SCREIRFESSTXT £
1.3 ZEESEREGER

ﬁnl’fl 2 JroR  ABEHO SCA PLSE A 3 P

VAT PRI 4 A

Softmax

(F,Wy ] (3)

elemwise summation

elemwise multiplication

2 BESSHESERENE

Fig. 2 Structure of the multimodal segmentation and fusion module
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Table 1 Experimental results of different models on CMU-MOSI

Model MAE Corr Acc—7 Acc—-2 F1
TFN 0.901 0. 698 34.90 -/80. 80 -/80.70
MFM 0.877 0. 706 35.40 -/81.70 -/81. 60
MulT 0.861 0.711 -/81.10 -/81.00
MAG-Bert 0.727 0. 781 43.62 82.37/84.43 82.50/84. 61
MISA 0.783 0.761 42.30 81.80/83.40 81.70/83. 60
Self-MM 0.737 0.779 44.17 82.80/84. 60 82.67/84.54
TMRN 0.704 0.784 48. 68 83.67/85.67 83.45/85.52
TETFN 0.717 0. 800 84.05/86. 10 83.83/86.07
EFFNet 0. 669 0.818 46. 65 84.40/86.43 84.46/86.43
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Table 2 Experimental results of different models on CMU-MOSEI

Model MAE Corr Ace—7 Acc—-2 F1
TFN 0.593 0. 700 50.20 -/82.50 -/82.10
MFM 0. 568 0.717 51.30 -/84.40 /84.30
MulT 0. 580 0.703 -/82.50 -/82.30
MAG-Bert 0.543 0.755 52.67 82.51/84.82 82.77/84.71
MISA 0.555 0.756 52.20 83.60/85.50 83.80/85.30
Self-MM 0.535 0.763 53.48 79.46/84. 16 80. 18/84. 24
TMRN 0.535 0.762 53.65 83.39/86. 19 83.67/86.08
TETFN 0. 551 0.748 84.25/85.27 84.18/85.27
EFFNet 0.525 0.785 53.90 83.88/86. 30 84.22/86.32
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Table 4 Ablation experimental results of each module

Model MAE | Ace T F171
EFFNet 0. 669 84.40/86.43  84.46/86.43
w/0 TCIM 0. 683 82.49/84.45  82.87/84.42
w/0 MSFM 0.704 82.44/82.45  82.25/84.44
w/0 GAFM 0. 694 81.04/84.49  82.14/84.46
2.4.3  BIASHUEE AT BLALAMHE
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Table 3 Ablation experimental results of each modality

Model MAE | Acc T F11
EFFNet 0. 669 84.40/86.43  84.46/86.43
w/o text 1. 464 54.69/53.35  54.98/54.65

w/0 acoustic 0.612 83.86/86.30  83.58/85.46
w/o visual 0.674 82.46/84.88  83.02/85.39
w/o forth 0. 670 83.42/85.21  84.08/85.78
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