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Multimodal Sentiment Analysis Based On Cross-Module Fusion
Abstract: Understanding expressed emotion and sentiment is critical in multimodal sentiment analysis. Human language is usually
multimodal, including visual, speech, and textual modalities, and each modality contains much different information, such as textual
modalities include basic speech symbols, syntax, and speech actions. Speech modalities include speech, intonation, and vocal
expressions, and visual modalities include gesture features, body language, eyes, and facial expressions. Therefore, how to efficiently
fuse inter-modal information has become a hot issue in the field of multimodal sentiment analysis nowadays. To this end, we propose a
cross-modal fusion network model. The model uses the LSTM network as the representation sub-network of language and visual

modalities. In contrast the cross-module fusion of the improved Transformer model is use the two modal information effectively. To
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verify the effectiveness of the proposed model, we carefully evaluated on IEMOCAP and MOSEI datasets and the results show that the

model for sentiment classification has improved accuracy.

Keywords: Transformer model, Multimodal sentiment analysis, Cross-module fusion
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ANKESMEA KBS, CRGAESITA, B (& e ) A s 22 (75 AR ) (Gibson K R&
Ingold T, 1994). XL ({5 B HATREDS 78 70 B N AT A R 1 S 4 (17 i (Manning C Det al.
2014). SR, ASEIVE S AR B B ARSI 7 b NSRIE S MRS . N, S SR B IR ) A2 AR AT
RE 2Bl A He SO A T AR 4k, DRI TRATT AT BB TGV 3R A5 e A1 2 ) ) e R W AT o 48 i T R 0k 2 it 106
MITER R, T2, ZHEETFIEERIE “AXFE” MR, 75N SRS KR, it
Tsai #2211 Multimodal Transformer (MulT) (Tsai Yetal. 2019),iX /& —Fhifii B 5m iR, ¥ & 7 45xvE Transformer #
7% (Vaswani A et al. 2017), DLEIEMRXFHIZ BT A= I RoR. Sl it AR ZBESTE S W TAER LR
S A SRS I 2 AT B R HER R AE . 5 BGOSR S U ) 2 RS RN
A~[E](Ngiam J et al. 2009;Srivastava N&Salakhutdinov R, 2012). A ZEiE S &R F 41, DR S & 0 A8 (5
(Liang P Pet al.2018; Tsai Y et al.2018). FLIA) A A H - Rl & 5 v KBk B AN [ IH 4 A RFAE
(Ngiam J et al. 2009; Lazaridou A et al. 2015), S—=2 > BiAAHEL, I T AR . fal, SRR
B R 25 3] AR ZBRE S 3R oK. Bl Gu(Gu Y etal. 2018) 1 43 )2 VE 2 1 SRIg 24 2] RS FTR,
Wang(Wang Y et al. 2018)#& i T 1EIA S5 V AR {0 ik N 2% (RAVEN), i3 43 A i) B b A A= B 4HDRLFE (1 40 5 F1
W B A TR A R IR M IR TE & R AE . BhAh, M 1R B AR 4R S AT AR R AR A TE 5 &
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etal. 2016; Lin Z et al. 2017) Transformer, 5 371% G (14 FA ML I 25 (CNN) FIJE IR 22 0 26 (RNIN), - 38 5 ] ik
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RS B AR SCAR BRI JC R F R SCA B TR BT NMT, Transformer W25t 2L D B2 T He
f£55, BI5IE S 28 (Dai et al. 2018; Baevski A& Auli M, 2018). & A tbriE(Strubell E et al. 2018). 17 LM
(G MUler et al. 2018) Fl%% 2] f1) - & AE(Devlin J et al. 2018) %% .

K45 #1301Z (Hochreiter S et al. 1997)(Long short-term memory, LSTM)/& —F45 2k ) RNN, 228 T fi#
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IEMOCAP(Carlos Busso et al. 2008) ¥ #5 5 & 2 53 — e il I 2 BSHHREE . ZFUR 4t 151 P sgifilxs
TEIIRRZE G, B IEA PN VR, BN IR S 3EH 302 M. DSBS B S . AR B VR
PEHE . IBZEIN 3 NI EE ARG 25 (Ekman P, 1999): #RIR. 605 58S faIUF . RVEURI DK DA S = Afrdp
B YR . R PRSI .

KTEHAEE DU BN 5 NEE IR A E %, SR B Barah, 2dhts
IR A — A AR TNV 5] (RO BHE 7 (PR IREE o MBS 12 A B B0 PR D I B X6 4
FERIBCEE ™ AR SN . SRR RI TR — AN A B DS 4 AMER I 4w R E .

3.2 CMU-MOSE| #iR &

CMU-MOSEI(AmirAli Z et al. 2018¢) ¥4 4 25— 4R MOSI #dli 4, 7E CMU-MOSI #idfs 5 1) F Al |
BEATY R, QE WIS B BB B BORE A X T8 -3 B+3. AZHHE R & A Rk e
WRELRIR, 8k AATIN L A A, IRk 1T U — A RIS SR . 2R T
— 20 250 DMANE B R BRI, IR R MR 2 10 M B BN L. X5 T30 8 B
8, FURRREIFEEE . EZBERET, (£ 4643 KT, 1869 ZZAATEATIRUE, 16265 4%
SIHEAT I 25
4 RWRESERHH
41 LHGE

KB AT Adam(Kingma D& Ba J, 2014) e fb s Y SR A TR, 22 5] %<0y 1e-4, batch_size=32, 4
SRR Z R H 10 MERLF TN, LSTM [Ras80= 4k /N E Dy 512,

WZFEA 16265 />, TMIFE A 4643 4.

SOV E bR R BT AR A BT R IA (- 25 BOnt RLAEFE

4.2 EER M
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(] FRIAS -1
15



BATE SR 1 P 7 RATHIBAS B E IEMOCAP b kS i & (Precision) 7 [5] & (Recall) Al A Al
F1 %0

%= 1IEMOCAP HIBZ1E S E R (Prec. RRIBTAE . F1 IR F1 5%)

Model Prec. Recall F1
CMN(L+A,Ours) 67.4 67.4 67.4
Mult(L+A+V)( Tsai Y et al. 2019) - - 715
RAVEN(Wang Y et al. 2018) —_— — 66.5
E1(L+A)(Sahu G, 2019) 56.6 57.3 55.7
E2(L+A)(Sahu G, 2019) 64.9 63.2 66.0

MOSEI s& —/MHEXTE I B a4 . & 2 45 A& MOSEI 2-sentiments 1T 45 1) 45

= 2MOSEI 2-sentiments £ & By 45 8

Model AD =

CMN(L+A,Ours) 425 425
Mult(L+A+V)( Tsai Y etal. 2019) 811 81.0
RAVEN(L+A+V) (Wang Y et al. 2018) 9.0 79.5
76.9 77.0

G-MFN(AmirAli Zadeh et al. 2018b)

R EIE AT LA, 7E IEMOCAP 45 4E b, FRATHIBAY AR A T A A R B AR Lt t8, {HAE
MOSEI #i#E & _F g5 REIEARNE, XEAHEG 1. £ IEMOCAP 4 b, AW
FEFE FARECT EL. E2 MY, 2353 T 19.1%. 3.8%. fEHRIF FAET EL. E2 B, A RRE T
17.6%. 6.6%. 7E F143-% b, M T RAVEN. El. E2 =AMERISHIHEE T 1.3%. 21.0%. 2.1%. LA EAL
SEIRIER T A SCHT AL R] T MSA HH IS FETE RE -

5 B

A SCARE H Y — AR R 5 e b A 9 2% (Cross-module converged networks, CMN). % M4 174 o 2 3k 1
LSTM [P FI B B, BEASHFAE S BTH, 2 J5 25T Transformer, AN #2 HUBEAS (8] 1) 25 ZERRAF 5 B R B #b
EE .. FEATTHIHFEEE IEMOCAP Fl MOCEI L#E4T 1 Xf ELitls, £ IEMOCAP %4 L HIRILIL 2] 1
MSA S KT, & TR AR A e e .
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