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Multimodal Sentiment Analysis Method Based on Adaptive Weight Fusion

LUO Yuan-Yi, WU Rui, LIU Jia-Feng, TANG Xiang-Long
(College of Computer Science and Technology, Harbin Institute of technology, Harbin 150006, China)

Abstract: Multimodal sentiment analysis is a task that uses subjective information from multiple modalities to analyze sentiment.
Exploring how to effectively learn the interaction between modalities has always been an essential task in multimodal analysis. In recent
research, it is found that the learning rate of different modalities is unbalanced, leading to the convergence of one modality while the rest
of the modalities are under-fitting, which weakens the effect of multimodal collaborative decision-making. In order to combine multiple
modalities more effectively and learn the multimodal sentiment features with rich expression, this study proposes a multimodal sentiment
analysis method based on adaptive weight fusion. The method of adaptive weight fusion is divided into two phases. The first phase is to
adaptively change the fusion weights of unimodal feature representations according to the difference of unimodal learning gradients to
dynamically balance the modal learning rate. The study calls this phase balanced fusion (B-fusion). The second phase is to eliminate the
impact of the fusion weights of B-fusion on task analysis, propose the modal attention to explore the contributions of modalities to the

task, and dynamically allocate the fusion weight to each modality. The study calls this phase attention fusion (A-fusion). The experimental
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results show that the introduction of the B-fusion method into existing multimodal sentiment analysis methods can effectively improve the
accuracy of sentiment analysis. The ablation experiment results show that adding the A-fusion method to B-fusion can effectively reduce
the impact of B-fusion weights on the task, which is conducive to improving the analysis results of sentiment analysis. Compared with the
existing multimodal sentiment analysis models, the proposed method has a simpler structure, lower computational consumption, and better
task accuracy than these comparison models, which shows that the method has high efficiency and excellent performance in multimodal
sentiment analysis tasks.

Key words: multimodal sentiment analysis; balanced learning; multimodal fusion; adaptive learning
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T FRE A G AR S A0, A SC DU IE B A 45 R o Hep, SR A A 2= 1 K S B0 A T . e SR HHE S

BRI 2 PR,
x2 WA EARERAT R ES R E
[ MOSI MOSEI SIMS IEMOCAP
batch size 64 64 16 24
learning rate 1E4 1E-5 1E-5 1E+4
hidden size 256 128 128 256
post dim 128 128 64 128
epoch 50 50 50 50
dropout 0.0 0.4 0.0 0.4
early stop 20 1 8 8

% 2, “batch size” s LRI AEAR IS, “learning rate” j& 128 W 4% 1) 2% ) Z8; “hidden size” & FRAR A 2]
(B R R AR AL B “post dim™ & 2 B R 7n 2% X (W BABUZRAAE 4L 2 “epoch” 2 B IR YN ZRIREL; “dropout” 2 FAL 2
W& B> PR TUIIRE A ; “early stop™ Jhy By 1Ei U045 T 1 B PRI 1T 45 A FR 45 1.
3.4 BRABTHENBRIES R

ASCHEHR Y B BS A MBI BAT 145 43 BT A8 LF-DNN A1 LF-LSTM Hr, WSS oh S 2S 1) 27 ST B
JEEWE AR, 55 15 IR AT AT 55 (R 46 R, IR AR SCHR R D7 iR A48T 2 A5 2 o) B4R T 2 LS AR I A AT TR 2 T e 1)
AR, SER AR A 4. X 3 Pros. Hoh, “BY s A B GG 7k Ja SR,

0.0010 ! T | & T
A B 0.0010F =1
I 14 \\ 14
0.0008F 14 0.0008|
A \
! 1 \
- ! 1 '\\ \\
g 00006 E AN e ; 20.0006F N -
’ - ) .4 L] \
O ! Y= ‘\\ ll' o} % N
0.0004+ | SN A R
! \ A 0.000 4 N,
:[ N - v ;T \\ )
0.0002F 1 " NAT AN /
A TN 0.000 2 S .
0 =t . . . . . . . . . . L
0 5 10 15 20 25 2 4 6 8 10 12 14
Epoch Epoch
(a) LF-DNN (b) LF-LSTM

K4 NN B RbE 73 I SRS U B L R X LE
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R3O B A T A R R EE R E

Y ZREIALE R ZREIIAL R (B)
LF-DNN 0.766 8 0.794 2
LF-LSTM 0.747 8 0.774 1
LF-DNN (BERT) 0.780 5 0.806 1
LF-LSTM (BERT) 0.7799 0.799 8

4 {5 T T MOST B8 L 56 UF WA I 15 I AT LE-DNN. LF-LSTM JIIA B @l &5 772 5 1) B i

BhEEMREEARAY. S 1 @47 LGS AT LU H, I B il A 755, I Zhid R A B 1 2 5088 A e FE T 230, 19K
T RS RRATURE 25 1) 2% ) B SR B2, A B 27 20 3188 HARTE ) IR SR AE R A R AIURRIE 7. 46 3 iR T

ZAEBBRIE I B BA 7 VLRI 1 200 2R 45 ot Eb. R 3 s Rl LB, N B @& J7vk e, BERL IR 4 gt ot
H B4R, Jorh, BERT £ CABIASR A T BERT Tyl A 203k 47 4L 21
3.5 BREEES XTI

Ha AN S AR 55 AT 11 22 B % 2 M A28 A i 4k CMU-MOSI. CMU-MOSEI. SIMS. IEMOCAP
TR LG, BUEA SO RIS A T AT 45 T I R0, SEEREE Rk 40 8 5 R, Horh, “U I ks -1 3aik [13],
Q7[R B KU SCHR (151, 37 IR AU+ STk [261, <47 IR AU+ SCHR [27], <+ B 45 H AR T 3R HX
(R T BT .

# 4 KT CMU-MOSEL. CMU-MOSI. SIMS ¥4 [R5 % 45 5 (%)

. CMU-MOSI CMU-MOSEI SIMS
e S F1 MAE Corr e S F1 MAE Corr e S Fl1

TFN'? 80.8 80.7 90.1 69.8 82.5 82.1 59.3 70.0 79.86 80.15

LMF"? 82.5 82.4 91.7 69.5 82.0 82.1 62.3 67.7 79.37 78.65
MulT' 83.4 82.8 87.1 69.8 82.5 82.3 58.0 70.3 — —
MISA' 83.4 83.6 783 76.1 84.23 83.97 56.8 724 — —
MAG-BERT 84.3 843 73.1 78.9 85.23 85.08 53.9 75.3 = -

Self-MM? 85.98 85.95 713 79.8 85.17 85.30 53.0 76.5 80.74 80.78
HGraph-CL* 86.2 86.2 71.7 79.9 85.9 85.8 527 76.9 = -
MAG-BERT’ 83.54 83.57 7491 78.33 85.16 85.02 5434  76.02 — -

Self-MM" 84.03 84.05 7241 79.09 85.22 85.07  53.89  76.63 79.21 78.87

AR 86.28 86.38 71.63 79.1 86.38 86.46 53.49 77.02 80.96 81.28

*5 FET IEMOCAP FHE RTINS L5 3 (%)

e Happy Sad Angry Neutral
Acc Fl1 Acc Fl Acc F1 Acc Fl
MulT® 86.4 82.9 82.3 82.4 85.3 85.8 712 70.0
Fusion-Based-CM-Attn-MulT®  85.6 83.7 83.6 83.7 84.6 85.0 70.4 69.9
LMF-MulT’ 85.3 84.1 84.1 83.4 85.7 86.2 71.2 70.8
AR 86.4 84.2 85.2 84.7 86.3 86.7 71.3 71.4

R 4 RBLI S M Se i 45 3 b, AR SCREENAE CMU-MOSI. CMU-MOSEIL, SIMS X 3 #8145 51
AT %of LUARTY. E STMS BHs £ (10 LS55 Hp, AH LG T 24T 55 A3 TR Self-MM (R IIAR 45 R, AR SCBERLR ] FR AT
G A BL T VESRAT T AR R AT 5 A B 5 SR, UBR T AR SCH S K5 18 4 B VEAE 98D 8 I 4543 SR B0 T, Be3R
EUTE BRI 10 2 B R IE R R, SR THS B BT 55 10 /0 BT 45 . #1488 T HGraph-CL R A SO 7
MOSI F 4 1) 57 /R b AH DS FiaFn Al MOSET i 42 v 1K) Y 456 R 2= Fa n Mg AIG, i DR J 56 bl 2 > AH G T M
28 SV TR TR AR B 2 AR G R, OB S TE AT I R SR AT 58 BEATHR
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TE2E 5 1WA 28 53 BT SE 30 45 R, AR SCRERY (E “Happy " Fl1“Sad BRI 26 1 14 48 28 45 SAR LL T 3L AbASI I 1) S 56 4
RARTHRZ , T AE“Neutral™ 5 25 T K73 245 FAH LU T HARBER (1) 5256 45 R L THEL D

AT ELWHLAATL Bl A 75 S B T P Onh Rl AR 1 1 R AR R, A SOR T 1 BUMERR 2 TR IR 3 it
SR RN 10 B @A BUE AT I, BRI 5 Pros. & s mTRAE h, S 1 N UIZREE R R 2 7
AINZREE UK, SCARRBEZS 0 B G BUELAE AN, 110 He R P AR 19 B fih & BUELAE AN 0, 5 SCAR S AE VI
SR 2 SR, T ARSI IR0 A AR, Bl 13 AR PR /A K B AT 2801 2 A 2 TR R 27 >k
A, AR A BRI AR B 0% 2 ) 3 S R ARE ) IORFE AR,

N IUA SO AEAT 55 73 BT 1 AR, A SRR b LA 0 22 B2 AR B 0 S L 3 A 73 SR T F0) BE. o B
SR 6 Pros.

pocht S 200 _40% 680 __100% %6 SANEERI (5)
Epoch? Z g CMU-MOSI  CMU-MOSEI  IEMOCAP
— MulT 991 0112 333
-_— LMF-MulT 11.01 137.35 23.53
I Self-MM 745 75.99 —
g ———— AR 618 65.33 1276
———————
e

Epoch50 ’

m Text ® Audio = Video

5 BataBUERIZAE K
AR SR ARSI A A 52 20 (1) 22 B Rl T vk, R P 87 SR (R R DR 7 VE AT Rl A 6 ] U H,
ARSCHEH FRE AU E T MulT 55 2 45825 53 il &5 A5 20 A4 50 /D (R0 I ZRINHTR], GF BH T A SCRBERSAEAT 5543 # o £ e 2
3.6 HRLSCIG SR
ERFUIE T AR A Z AT 2 2 R0, A S35 A T BEALBR B2 1 BE UL AG 2% (SGD) #1131 R B2 A0 AL #
(Adam) VLT 2 3, FIWTAR SO 12 15 e 36 TR 7] (0 D0 Ak 28 #3845 RGP OR. st 4 sk 7 fiow, v,
(GB) KR T BAFE LG T772.

KT HESHTEER (%)

- MOSI MOSEI SIMS

" = Fl =S Fl1 S Fl1
SGD 84.45 84.48 84.84 84.92 79.65 79.48
SGD (GB) 86.28 86.38 86.38 86.46 80.96 81.28
Adam 84.30 84.34 84.56 84.52 79.43 79.21
Adam (GB) 85.06 85.1 85.14 85.3 79.87 80.95

MF 7 HATEUE H, B AN DL RS, A ST AR RESRAS R I THECR.. £ ABENLBR L T BEE L it ds
(15256, ASSCIT VA RESRAT S UL (K 3RTH AR, T A 1908 BRI 20 T S 46 SR IR BT/ b4k, ALl
MOST $odi k9 JLith, Xf bt 3 OB AERE AT B Rl J5 3R (157 ) BRI B A2 4k, X B g R i 5 s, 3L
Hh, AR RIS 127 ST R L W E, B ARRR A s B (I 28 .

6(a) i3 T B Rl 7k Z B 3 FILAS 27 >) IBR LR EE 22K, 5] 6(b) ik T AEH] B @G U5k )5 3 At
AR IR R, AT LU, RAEHT B Rl 5 vA I, SOACKAS )2 STRE ORI v T LR B, AR
SR, i U AR AN A (157 )RR L MR AR, S KR EEANEE L 0.000 1, 7258 10 kA #30 T 0. A
B Rl 7R R, /N T SCAKEAS IR 2 2 3, FFA LR B RE A o2 2.
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0.000 40 + ‘;\ Z; 0.000 40 - ':‘ "Z;
0.000 35 7 0.00035 =
0.00030 1 | 0.00030 £t

000025 Lo 3 0.000 25
5000020 50000201 "
0.000 15 | 0.000 15 |
0.000 10 } A oSA N 0.000 10 -
0.000 05 [ %en AR A AAVAYAVAY 0,000 05 | fo ™ ey s DA :
0 ettt T = 0 ' L X X X -
0 10 20 30 40 50 0 10 20 30 40
Epoch Epoch
(a) M B @il 771501 (b) IIN B @& e

Bl6 A% Bl i ot Lo s as
b ARIA ST VAN BASASRN 22 A AT 45 S5 SRR S, o 3 ST 7 1A FH i i 1) RS AS R AT 45 5
AT, 553k 8 Bin. o, “(OGB R R A RSB TA7 /572, BRI S50 45 TR N S A R A BRI I 25 (1
HH T AT ). G JEAT LU, AR A P BR T 7 VI, R4 I 4 S ol SOARRAS 2, S SRR A

(T8 UERNEZRAR, 17 S TBREE P IS, BN T SRR IAT 45 A AT, AT 45 45 SR PR A 34T

BAVEST A @S TTIEEHT T AT, FIWT A BE 7R ST R TR TS B I T &5 IOHERI BE. 45 sk 9
s, o, (A BE RN KBS TE R B (A R WAL BR, IR TS PR M 2 SRR IUh B

RE (0 i 45 SR
#* 8 H T MOSEI HUHE 4 (1 RSN Z ST 45 45

HXFH (%)

RO A MG IIRIHE TSR (%)

bt MOSI MOSEI
Bk ()GB AR SR ~ N N
Sk 84.76 85.03 (OAfE 85.37 85.43 85.99 86.11
st 65.22 79.50 AR SRR 86.28 86.38 86.38 86.46
LA 67.10 77.79
EZL 84.84 86.38

M9 LR AT AR, AR A Rl IR O0 T, SER RESRAT AT I BT 55 70 8401, (ER REIL 21 e .
FEMIAN A BESTTIRJG, 8> T B @l 0 AT 55 g 1 R0, 2028 Hh A AR AR R 55 0 (9 D iR, A1 A 3R T ek
RS T ai R BeAh, o 7 ARBL A Rl B O AT AR 250 R I W, AT 45 A S S B LAM RS 5,
ISR A Rl VAR AR, ST ARG AR B B M 4 RIS . g5 R0 10 pros. e, 3 b
RS IR L0 AR R 45 2R

® 10 AREBEEIT (%)

AR LU (GUAR 555 BLA) e Fl1
(0:0:0) 85.99 86.11
(0.38:0.20:0.42) 86.05 86.18
(0.35:0.39:0.26) 85.86 86.00
(0.36:0.34:0.30) 86.38 86.46

M 10 RS 45 R W] A, SCABES DR RE 2 >) 21 5 22 10 v SO G M40 28 5T A5 vt (KB, SR W) SCAAR
AAESS I TTRRALK, 2 SCARAE S5 H DTHRAL T 5 KN, A155 1 70 R85 Rk Bl i . AEIR LSRR (0.36:0.34:0.30),
3 BRI A RS LLB ZE B R /N, AR R T A SO VA RER I A R 27 2, A 0 A (1 ks SCRIKRE .

4 & it

N T RESAT OGS £ 22 MRS IEAT G IR A, 7 1 DRI 28 i) 2 30 S A AN 1 3 BB (1P E 1 e, AR S 9
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H Al T S B A 1 2 RS T I T i, L B B NS R A D5 AN B 5 1 AN BO B
R, A B AN [ B2 O 100 246 1A o E I 32 22 S RS 1) B RS BUELREA T O, (RS REE 1L B Al & AL fE
L NV R PP 0 9% (1) 2 ST BB BE, SR B AR 5 20 4. 5 2 MY BON A Ry, ST K H K2 e B LG
AR 175 I AT AL 55 R PR S AR S5 0. A Rl 5 D5 V38 o v e LR by BB AR A 3 s Bl A i 23 ICBUER,, M
FIRCEACR TR S5 0T (K ok, S I 2 RESRF RS A B IR S SR NS5 5. K B Rl 75955
NI B2 BT BT D, 25 RAEW] T B Blva 75 R8T 2 BEA T M WAL (2 2T RE ). KA SR
T B BUAT 1) 22 B IR O W BT AE AR T AT R 25 23 PRI A 55 R EAT 0T B, 5 R e s AR SOBE R A8 BRI ) 2 14
Bl b, AT 55 MRS R8T LU, B0 0E 1 A SCRE R AR 1 I T AT 55w AT S PEAN s bk AEAROR B ST,
TRATTRE R A MR TT T BB A2 ST AP (1 5 3.
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