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Sequential multimodal sentiment analysis model based on multi-task learning
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(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing Jiangsu 210044, China)

Abstract: Considering the issues of unimodal feature representation and cross-modal feature fusion in sequential
multimodal sentiment analysis, a multi-task learning based sentiment analysis model was proposed by combining with multi-
head attention mechanism. Firstly, Convolution Neural Network (CNN), Bidirectional Gated Recurrent Unit (BiGRU) and
Multi-Head Self-Attention (MHSA) were used to realize the sequential unimodal feature representation. Secondly, the
bidirectional cross-modal information was fused by multi-head attention. Finally, based on multi-task learning, the
sentiment polarity classification and sentiment intensity regression were added as auxiliary tasks to improve the
comprehensive performance of the main task of sentiment score regression. Experimental results demonstrate that the
proposed model improves the accuracy of binary classification by 7.8 percentage points and 3.1 percentage points
respectively on CMU Multimodal Opinion Sentiment and Emotion Intensity (CMU-MOSEI) and CMU Multimodal Opinion
level Sentiment Intensity (CMU-MOSI) datasets compared with multimodal factorization model. Therefore, the proposed
model is applicable for the sentiment analysis problems under multimodal scenarios, and can provide the decision supports
for product recommendation, stock market forecasting, public opinion monitoring and other relevant applications.
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Fig. 1 Sequential feature extraction methods
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Fig. 3 Architecture of upstream feature representation model
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Fig. 6 Task-specific feature fusion
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Tab. 2 Statistics of multimodal benchmark datasets

FiE R CMU-MOSI CMU-MOSEI
YIGREREAEL 1283 16 315
IR UFSE AR SR 229 1871
WX GEREA L 686 4654
SCAKEAE 4 768 768
R A 74 74
SRR 2 47 35
SO 20 40
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Tab. 3  Experimental results on CMU-MOSEI dataset

FEIR Acc-7% Ace-2/%  F1/% MAE Corr
MFM 45.0 76.9 77.0 0.710 0. 540
RAVEN 50.0 79.1 79.5 0.614 0. 662
MCTN 49.6 79.8 80. 6 0. 609 0. 670
MulT 51.8 82.5 82.3 0. 580 0.703
CIM-MTL — 80. 5 78.8 — —
ACHE 51.9 84.7 84.7 0.582 0.707

R4 CMU-MOSI#iiR&E LLh#ER
Tab. 4 Experimental results on CMU-MOSI dataset

il Ace-71%  Ace-2/% F1/% MAE Corr
RMFN 38.3 78.4 78.0 0.922 0. 681
MFM 36.2 78. 1 78. 1 0.951 0. 662
RAVEN 33.2 78.0 76.6 0.915 0.691
MCTN 35.6 79.3 79. 1 0.909 0.676
MulT 40.0 83.0 82.8 0.871 0. 698

ARSI 36.0 81.2 81.2 0. 948 0. 639

RMFN (Recurrent Multistage Fusion Network ) B30 R R
PR 1 - i AR 3l Sl Z2 A W BLEA T, I A G B ok 22 0
ZRAHARIN RS N B R 15 R

MFM (Multimodal Factorization Model) : Tsai 23442 1 T —
2 B AL A Ok 2 ] Z RS FHIERR BRI AR
ST R S R RO A A R T

RAVEN Attended  Variation Embedding
Network )P 1Z 763 T 2 A Al P AR SCAR B AR Bk
PERER)R IR A FRR , B AR MU B 5 IR ORISR
BEA —E MG, 7 B N\ JEIE F I 75 B AR SCAR Y
EN EYSNS

MCTN (Multimodal Cyclic Translation Network ) I RS
T SR AR R 254 | 2 SRS Z M R0 G & L TR
A — BB KA B RS RHIE RS

MulT : Z AR BB T 22 3k 78 2 S AL AN Transformer 2544,
S RS 2 6] OGRS B BRI SC EOC R .

CIM-MTL: %7 ¥ 2 22 S B T AT 552 2 i) Z RS
TSI ATRERL , B R JERAIORL JE 1 25 48 43 AT 55 Al B4R T
FAL55 I MERE

Z B3 FAES5 BT BT AR 55 , TRUEE F MAE Fi Rz
IR R R HL (Pearson Correlation, Corr) AP #EFR. IHAb,
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EAE R 5 RV RE IO VE M AR bR o MR AR 3R 3~4 A ZE R o A
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Tab. 5 Ablation experimental results on CMU-MOSEI dataset

PR AOR PR A IR RN ZAL55 PN TR
CNN BiGRU HiEE N HiEE ) RS PSR RS R [ Ace-7/% Acc-2/% F1/%
x N N N N N N N 51.1 84.2 84.2
J x J J J v v v 51.0 84.2 84.3
N N x v N N N N 51.1 83.9 84. 1
N N v x N N v v 51.5 84. 1 84. 1
N N v N x v N v 49.9 83.3 83.6
J N N v N x N v 50. 4 84.3 84.4
N N v v N N x v 51.1 83.6 83.6
N N N v N N v x 49.5 84.2 84.3
N N v N N v v v 51.9 84.7 84.7
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Fig. 7 Visualization of weight coefficients
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