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Multi-subspace multimodal sentiment analysis

method based on Transformer
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Abstract Multimodal sentiment analysis refers to recognizing the emotions expressed by characters in a video
through textual, visual and acoustic information. Most of the existing methods learn multimodal coherence in-
formation by designing complex fusion schemes, while ignoring inter-and intra-modal differentiation informa-

tion, resulting in a lack of information complementary to multimodal fusion representations. To this end, we
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propose a multi-subspace Transformer fusion network for multimodal sentiment analysis ( MSTFN) method.
The method maps different modalities to private and shared subspaces to obtain private and shared representa-
tions of different modalities, learning differentiated and unified information for each modality. Specifically, the
initial feature representations of each modality are first mapped to their respective private and shared subspaces
to learn the private representation containing unique information and the shared representation containing uni-
fied information in each modality. Second, under the premise of strengthening the roles of textual and audio
modalities, a binary collaborative attention cross-modal Transformer module is designed to obtain textual and
audio-based tri-modal representations. Then, the final representation of each modality is generated using mo-
dal private and shared representations and fused two by two to obtain a bimodal representation to further com-
plement the information of the multimodal fusion representation. Finally, the unimodal representation, bimodal
representation, and trimodal representation are stitched together as the final multimodal feature for sentiment
prediction. Experimental results on two benchmark multimodal sentiment analysis datasets show that the pres-
ent method improves on the binary classification accuracy metrics by 0. 025 6/0.014 3 and 0. 000 7/0.002 3,
respectively, compared to the best benchmark method.

Keywords multimodal sentiment analysis; Transformer structure; multiple subspaces; multi-head attention

mechanism

FERI M & BRI, P K2 H SR X —
PR AR R LA B (EL i A B IR AN U
B ZRRSAE BT & AU SCA R A5 19 5 B
ARV AT S SEY . A EHEE
T BT IREBU TIRE MR 22 B 28
ARETTE SR D G FoR, N3RS 28—
FOMEAF L H R T UL A B R R XU Can i)
RS AT R S 2B B R B R
TR B o XTI R 2 o e i — 5 82
FEMEFS A B, PRI, 52K T BEES N RIS ] Y 25 5
P S, S EER 24 ) B 15 M5 B I A 4T, A
TR i 1SR A fE
RGBS Z AR S vk H 34 B A
() g S AL A A [, 5 400 7 B AR ) 1 ke
] —3, BRI, AN [RIASE 2 e S 2] ] — A~ FRRAIE 7
A, AT B 5 B 2 RIS RIR

-
=X FRRLG St

‘//'17!3'\\*,4‘

P

() ZJTRIAR R A 451

(RIS, K A [ B2 B S AN [ () R AE 725 8] o, i
24 > e T IS A B, DA B 4 1 i 27
IS TR IB I RE R . A 2R
AT HT I AR SRS Transformer 347135
Bl {8 FH = UM BRI 2548, 18] 1 (‘d)FJ?E?,iX
ﬁﬁiﬁ#‘?fﬁl‘*%?.fﬁj\ 5 3 b 2 RS HEAT il

B R A FREAETURTE B, IS
T*%i”xﬂ)uﬂ?ﬁﬂl“fﬁ B, R L, Al 5 —
FRAERS 7oAl & 2SRRI LBRITARFE AN
JCEEHEZS Transformer Fil 5 7 58 B H A 2 B34S
A HT Y — S RS R, [ 1(b) S —
JCR AR B A, 1_??437'542 TREHCH 2 A48

SETHN 2 ABEEHATRLS , L, R AL PRIEAR
SR RIRTIE T, WD TUAR R B AR, 3R TR R
ke

— TR A L
Ik 5 Wik + BN

T W + K

ek

(b) ZITRAE L

Bl 1 =0 PRl A 5 545 —Inm & 05 s

Fig.1 Schematic diagram of ternary symmetric fusion scheme and binary fusion scheme
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Fig.2 Transformer-based multi-subspace multimodal sentiment analysis network framework diagram
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Tab. 2 Experimental results of this method and benchmark method on CMU-MOSI dataset

MR TS AR TSR () — A3 R B85 L /" i
TS BRI 9 — 0 284521
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Tab.3  Experimental results of this method and benchmark method on CMU-MOSEI dataset
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Tab.4  Ablation experiments on CMU-MOSI datasets

MAE Acc-2/% F1-score/%
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Tab.5 The effect of different numbers of target modes on model performance
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