AR R A RBIERR) 5 578 1 202148 1 /9

Acta Scientiarum Naturalium Universitatis Pekinensis, Vol. 57, No. 1 (Jan. 2021)

doi: 10.13209/j.0479-8023.2020.085

L/

T AT 2 1 2 B 1
HFER AEE RER' Hps!

1. BRI Tl K22 RIINITHE MR 58 AR B, TR 518055; 2. School of Computer Science and Electronic
Engineering, University of Essex, Colchester CO4 3SQ; T il {5 /E#, E-mail: xuruifeng@hit.edu.cn

UM 5 1%

WE Oy 7 iEad B E R BT 55 o ) B SR S ) M B ISR e, R B TS R ORCR, BN
— P T AT 55 2 o B9 2 RS O R, 2 A A I ) R 2 o) LB R i R 1 A SR B
ﬁmmﬂﬁ%%ﬁMmmﬁ%%L%%%ﬁ%,ﬁMW¢%%%$ﬁ§%W“WE%E,mﬂﬁbi7ﬂﬁ
AR BB R IR R, R EL7E S B0 4 b A9 IRGRU HE A R L TR RE S Y SR A5 A A3 il 4 T
0.8%712.5%.,
KR ZESHER W

IR, BUSRES, 2555

A Multi-modal Sentiment Recognition Method Based on Multi-task Learning
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Abstract In order to learn more emotionally inclined video and speech representations through auxiliary tasks,
and improve the effect of multi-modal fusion, this paper proposes a multi-modal sentiment recognition method
based on multi-task learning. A multimodal sharing layer is used to learn the sentiment information of the visual
and acoustic modes. The experiment on MOSI and MOSEI data sets shows that adding two auxiliary single-modal
sentiment recognition tasks can learn more effective single-modal sentiment representations, and improve the

accuracy of sentiment recognition by 0.8% and 2.5% respectively.
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Fig. 1 Framework of multimodal sentiment recognition based on multitask learning
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Fig.3 Three modal filling methods
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Table 2 Results of models on MOSI and MOSETI test sets

WA e A% w-f1/% MAE Corr
EF-LSTM 723 72.6 1.111 0.558
LF-LSTM 733 73.6 1.096 0.600
TFN 73.9 73.4 0.970 0.633
LMF 76.4 75.7 0.912 0.668
MARN 77.1 77.0 0.968 0.625
MOSI MFN 77.4 713 0.965 0.632
MTL - - - -
MulT 81.1 81.0 0.889 0.686
M-BERT 84.4 86.3* 0.732 0.790
AL 85.1 85.2 0.708 0.793
""""" ASOTA  108% - 3% t04%
"""""""""""""""" BFLSTM 714 71 om0 o047
LF-LSTM 72.7 73.5 0.716 0.517
TFN 743 73.4 0.715 0.530
LMF 73.4 73.7 0.716 0.523
MARN 743 74.7 0.712 0.533
MOSEI MFN 72.0 725 0.714 0.519
MTL 80.5 78.8 - -
MulT 81.6 81.6 0.591 0.645
M-BERT 822 82.8 0.543 0.764
AL 83.6 83.8 0.546 0.762
""""" ASOTA 1% op2% o loaw
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Fig. 4 Loss curves of three tasks on MOSI and MOSEI train sets
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Table 3 Sample cases that the multitask model correctly identifies
A Hoim @&t M-BERT A3

XA Maybe only 5 jokes made me laugh

(-1.8) (0.4) (-0.3)

BERE e
_________ %A  Likeenough that it actually is a good reason why they why theyre attacking.
- BHEB - -
2 (1.3) (-0.2) (0.2)
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________ %Ak Ircallydidenjoy as well wasnt too fond of the ending

3 s ffs - - [
(1.4) (-0.2) (0.4)
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Table 4 Results of models with different sharing layers on MOSI and MOSEI test sets

HIpES e RO A% w-f1/% MAE Corr
MM-BERT-Linear 85.1 85.2 0.708 0.793
MOSI MM-BERT-RNN 83.5 83.6 0.700 0.801
MM-BERT-RAC 84.3 84.2 0.692 0.806

~ MM-BERTLinear 86 Y os46 0762
MOSEI MM-BERT-RNN 83.2 83.4 0.544 0.763
MM-BERT-RAC 83.3 83.6 0.546 0.763

JZ 5 B 3RS A RS RISE AL o AEYIZR A i AR
W, ARSI BRI 55 AR R BRI 2 S
BOAT IR, (8 LR % T A b A X AR S 1 ELAT
55 BT ) A REAE . SCOG 25 SRR, FRATTHE H AR A
£ MOSI Fl MOSEIL £ 45 £ I 1915 8% 73 25 4 A # HiX
A5 2 i F A R
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