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Multimodal sentiment analysis based on adaptive graph learning weight

QU Haicheng, XU Bo
(School of Software, Liaoning Technical University, Huludao 125105, China)

Abstract: The inconsistency in representing different modalities in multimodal sentiment analysis tasks results in signi-
ficant differences in the density of emotional information between modalities. A multimodal sentiment analysis method
based on adaptive graph learning weights is proposed to balance the uneven distribution of emotional information in dif-
ferent modalities and reduce the redundancy of multimodal feature representations. First, different feature extraction
methods are used to capture specific information within each mode. Second, different modalities are mapped to the same
space through a common encoder, and cross-modal attention mechanisms are used to explicitly construct correlations
between modalities. Third, the predicted values and modal representations of each modality for task classification are
embedded into the adaptive graph, and the contribution of different modalities to the final classification task is learned
through modal labels to dynamically adjust the weights between different modalities for adapting to changes in the dom-
inant modality. Finally, an information bottleneck mechanism is introduced for denoising, aiming to learn a nonredund-
ant multimodal feature representation for sentiment prediction. The proposed model is evaluated on the publicly avail-
able multimodal sentiment analysis datasets. Experimental results show that its effectively improving the accuracy of

multimodal sentiment analysis.
Keywords: multimodal; sentiment analysis; modal differences; information redundancy; adaptive graph learning; cross
modal attention; similarity constraints; information bottleneck
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Table 2 Model comparison results based on CMU-MOSI and CMU-MOSEI datasets

o CMU_MOSI CMU_MOSEI

Acc7/% Acc2/% F\/% MAE Corr Acc7/% Acc2/% F\/% MAE Corr
TFN 322 76.4 76.3 1.017 0.604 49.8 79.4 79.7 0.610 0.671
LMF 30.6 73.8 73.7 1.026 0.602 50.0 80.6 81.0 0.608 0.677
MULT 39.1 81.1 81.0 0.889 0.686 50.7 81.6 81.6 0.591 0.694

PMR 40.6 82.4 82.1 — — 51.8 83.1 82.8 — —
MISA 41.3 83.5 83.5 0.776 0.778 52.0 84.6 84.6 0.557 0.751
SELF_ MM 46.6 85.4 85.4 0.708 0.796 53.8 85.1 84.9 0.530 0.764
MMIM 457 83.0 83.1 0.751 0.764 52.8 84.7 84.5 0.549 0.747
MAG-BERT 429 83.5 83.5 0.790 0.769 51.9 85.0 85.0 0.602 0.778
TETEN — 84.0 83.8 0.717 0.800 — 84.2 84.1 0.551 0.748
DMD 40.2 81.3 81.2 0.897 0.691 52.9 84.6 84.6 0.558 0.737
AR 47.6 86.2 86.1 0.726 0.801 53.8 85.7 85.7 0.593 0.785
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Table 3 Ablation study results for different modal inputs
i S Acc7/% Acc2/% F\/% MAE Corr
1 A 445 83.8 83.7 0.758 0.773
2 =y 18.1 60.8 60.8 1.429 0.087
3 v, 19.7 62.4 62.4 1.420 0.061
4 SCA | B2 45.7 84.3 84.3 0.751 0.774
5 NG 42.1 81.7 81.7 0.788 0.736
6 M, E2>] 42.4 81.6 81.6 0.784 0.748
7 BN 475 82.6 82.6 0.762 0.750
8 SCAS R 47.7 83.2 83.2 0.744 0.774
9 PG B4 21.0 62.9 62.8 1.404 0.073
10 SO L B 45.8 84.1 84.1 0.738 0.768
11 A W | 22 46.4 85.0 85.0 0.733 0.781
12 s A B2 46.1 84.7 84.7 0.746 0.775
13 SOAREHL L 46.3 85.1 85.1 0.751 0.783
14 SCAS AR A Bl 22 47.6 86.2 86.1 0.726 0.801
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Table 4 Impact of different modules on model performance

Y & Acc7/% Acc2/% F\/% MAE Corr
1 AR 47.6 86.2 86.1 0.726 0.801
2 w/o CoAn 46.5 85.2 85.2 0.725 0.786
3 w/o GFM 44.8 83.9 83.9 0.768 0.766
4 w/o IB 453 84.7 84.7 0.745 0.779
5 w/o CoAn and IB 46.3 83.3 83.3 0.761 0.776
6 w/o GFM and IB 43.6 82.7 82.7 0.768 0.767
7 Wio Lo 46.2 84.2 84.1 0.729 0.781
8 W/o Ly 45.6 84.6 84.5 0.731 0.788
9 W0 Lo« Lo 449 83.8 83.8 0.745 0.775




o552 1

iR e S N S B K s & NV EZ oY PR ) 525 -

1A, EEHRIY T A A T A A5 A
PEREMISZ MR, WS ER 4 a5 2 ~ 6 LI INE
AT 1) 7E R BRESBIS TR ) CoAn J5, HEAY
PERE T FE T 1.0 H 435, X Ui CoAn 1 LI 2UHfi
SIS 0] Y SR N8 SUXF 55, 2) 1E Ze B (Bl 2 > B
P GFM J&, XHHEPR Wi K, Acc2 TR 2.3 A5
M, Ace7 TRET 2.8 B3 A, XUl IliE i GFM, 1
A (A AT DLHEAT 3850 10 38 B, Rl Iy AN [A] B 221 3
B AR Ak, (45 0% 1 ) SR AT Je ok = 6 191 8k
fiE, Kk tb B B RE . 3) 76 2L BRE B
IB J&, BRI PERE % 1.5 A 40 A5, X 36 H 1B A LA
AR B Z A RER S P TR E B, (15
B RA RS0 E S ME ., 4) 16 2 BR AU B
CoAn-1B il GFM-IB J&, B8 P g 40 5l F B T
2.9 HAF SR 3.5 A 4 A, R TR E AR AT
BRI B

552 410, EERS T KA I B i

K5 BEHafprtEBEE

RAPIVETT, MEER 4 P a5 l 7~ 8 HYSLIG 45
SR LIS, 7E S 25 Bk 8] 2 > 3 A v s ]
B IE] b 29 R, BEAE AR BT T R, L& Y
2 P HRER L BR T, KR AR I K, Ace2 T FE
T 2.4 A4y A, DX ULIAFE B[R] AN 5s [a] L 2y on]
DA A5 ABE 2 (R T AR VR 70 AH R B AN AR o, itE—
L GRS ] Y 22 S
343 RBAKBBNESH

FE T SCJZ T AR AR 2 3R pR BRI B S AL
o, BIAT T ACE R o f g, BRI (5)
M= B) Frm o T HRIE o M pXT T AR B 1Y 52
Wi, o FIBHUE M 0.1, 0.01 1 0.001, SEHG45 L 5,
M5 Hra] LUE X CMU_MOSI $i4E, ol
0.01. pHL 0.001 B}, HOERFAF . X F CMU_MOSEI
PG, SR 2ZF AR, FEaN 0.01. 84
0.01 if, Acc7 fERI IR R e i, HAELERHIE T,
Hlahy 0.01. A 0.001 1A SUAR A Y e 2 HUA

5% i

Table 5 Impact of hyperparameters a and § on model performance

CMU_MOSI CMU_MOSEI
ZHRUHE
Acc7/% Acc2/% F\/% MAE Corr Acc7/% Acc2/% F\/% MAE Corr
0=0.1, p=0.1 46.8 84.5 84.4 0.738 0.777 524 84.9 84.9 0.606 0.778
0=0.1, p=0.01 43.9 83.7 83.7 0.747 0.773 53.1 85.3 85.2 0.596 0.782
0=0.1, f=0.001 46.9 84.6 84.6 0.716 0.786 52.5 85.1 85.1 0.614 0.776
0=0.01, 5=0.1 46.0 84.5 84.5 0.720 0.781 52.9 84.9 84.9 0.598 0.778
0=0.01, 5=0.01 47.1 85.4 85.4 0.731 0.792 54.1 85.2 85.2 0.592 0.764
0=0.01, £=0.001 47.6 86.2 86.1 0.726 0.801 53.8 85.7 85.7 0.593 0.785
0=0.001, p=0.1 46.7 84.6 84.6 0.746 0.784 52.1 84.6 84.5 0.612 0.776
0=0.001, =0.01 47.5 85.6 85.6 0.730 0.783 534 85.1 85.0 0.592 0.763
0=0.001,5=0.001 45.7 84.9 84.9 0.732 0.774 533 85.4 85.2 0.594 0.781
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Fig. 2 Binary classification process on CMU_MOSI
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Fig. 3 Visualization of modal interaction weights
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