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Center moment discrepancy multimodal sentiment analysis based on
self-attention mechanism

CHEN Zhongyuan, LU Chong "

(College of Information Management, Xinjiang University of Finance and Economics, Urumgqi 830012, Xinjiang, China)

Abstract: A center moment discrepancy multimodal sentiment analysis based on self-attention mechanism ( SA-CMD) is proposed,
aiming to address issues related to modality correlation mining, feature fusion strategies, and label updating mechanisms in existing
models. First, an encoder is used to encode the extracted feature sequences, and the weights of each modality’s features are
dynamically adjusted through a self-attention mechanism to capture the complex dependencies between modalities. Next, the center
moment discrepancy method is introduced to dynamically optimize feature representations and label distributions, enhancing the
model’s robustness. During the feature fusion process, the model calculates the distance discrepancy between modality features and
their respective positive and negative centers to generate more accurate feature labels, further improving the quality of the fused
features. Finally, a linear layer is used to project the fused features onto a lower-dimensional space for prediction. Experimental
results show that SA-CMD outperforms existing baseline models in the public CMU-MOSI and CMU-MOSEI datasets across various
evaluation metrics, especially in terms of the Pearson correlation coefficient, binary classification accuracy, and seven-class
classification accuracy. Ablation experiments further verify the key role of the self-attention mechanism and the center moment
discrepancy method in enhancing model performance, fully demonstrating the effectiveness and robustness of the SA-CMD model in
multimodal sentiment analysis tasks.
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ARYGRIGTE [ AR IE S A FERF5E TP Y CMU-MOSI #il CMU-MOSEI 2 MAJFBESE FikfT .

CMU-MOSI'*' . CMU-MOST #4545 & 2 F A Wi o8 o i 2 MO RO 48 . %8R 4 tH YouTube
M A R B, A F 93 AN, BTt 2 199 A~ F0iE T Fr B, 3 26 i B by 89 {3 AN [R] A E 4 ==l T
FL 2 o LA B R S, BRI BT aE R A [ -3, 3 ] Z M L AT 4, -3 3%
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CMU-MOSEI'" ; CMU-MOSEI ¥ #& 45 5 CMU-MOSI AL, (H AR TE K, A& 3k 3 228 /S HL A3 Fil
1 000 AN [F] P35 119 23 453 Nl T REIE I, W5 AR U i) 250 A8 FH B8, 128U S pRiE 5 CMU-
MOSI A [A], B TETEER T LA — A i 28 R ], 3R 1 /R T CMU-MOSI Fl CMU-MOSET %4
LR BRI 53

# 1 CMU-MOSI #l CMU-MOSEI 3 48 r %3 & 73

Table 1 Data split of the CMU-MOSI and CMU-MOSEI datasets A A
LIRS PIEZRES IS UESE MR B
CMU-MOSI 1284 229 686 2199
CMU-MOSEI 16 326 1871 4659 22 856

32 iR
FRHE SCHiR[ 9,13 ,21 ] , A SCHE MOSI A1 MOSET #5045 47525, SR FH LA DA 48 b R PEAG AR AY 1Y 43
KBTS X T84T 55 A8 Acc-7 i A% B s 0 67 1 (-3 ) B3 20 1E 1 (3) 19 7 A X | w30 1 5
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6) PS-Mixer > ; 3 i TR A AR i) F5 TR 38 1) o, SIS TR RS A 50808 =2 1) A5 868 15
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ARSI AE F AT FF R LA ERE 78 RTX 3090 GPU | F IR EE 2 S HESE PyTorch HEAT5EFL, N T
PEACBIRIVERE AR SO SEGHAT T A8 2, BRI S H0% & R AL K/ (bateh size ) IWHEH 16,
32 .64 ;%> (learning rate) X & 4 le-3 le-4 le-5 2e-5 3e-4 3e-5 4e-5 5e-3 Se-5; H o FIT TR 25 ) [ it
JZK/IN(V_hidden size F1 A_hidden size) i% &}y 16 .32 64 128 ;37 5 F= 353 (dropout) % & 4 0.1.0.2.0.3
0.4.0.5, Zad MAIEER  EE TRV BESHEA S, HIEE R WER 2 PR,

F2 EmILHSEL
Table 2 Optimal hyperparameters

* . learning learning learning learning V-LSTM A-LSTM

Hehasie batch size rate bert rate audio rate video rate other hidden size  hidden size dropout
CMU-MOSI 16 le-5 5e-5 5e-5 3e-4 16 32 0.1
CMU-MOSEI 32 2e-5 le-3 le-3 le-4 32 64 0.1

35 LBERLSH

AR SRR B RE R R /E CMU-MOSI #il CMU-MOSEI 3842 I (%) L4t B 4ns% 3 firns .

MFE 3 SIS LS SR LLE Y, AR ORI ZE CMU-MOSI S0 42 T 19 45 SR AS AR Y048 T P04 S vl . G
A ORI Y Corr FEFRIRELERS A EEFF T 0.288% ~12.37% ; Acc-2 #5442 FF T 0.127% ~5.652% ; Acc-7
FEFREETE T 0.570% ~22.199% , iR Hrah R A SCRARLAE Z AN dE b5 3 R B AR EE ) B

1 CMU-MOSEI ¥4 4 |, A SCRERILE Corr , Acc-2 F1 F1 Ace-7 J7 T [RIRE B T BIA SLfe s i,
AR SCHERITE Ace-2 FaARAHES T R AR ZE A2 i 75 1Y SELF_MM 27+ T 0.901% , 7E 4 FH 2 B A R 1E 32
BOT BT 3T MSTEN $27F T 0.326% , £ 45 A bR Az A S U S FRAES2 O I S 0, 5%
TETFN $27+ 1 1.280% ., {EA51 SR, A SR A Y K A SRR g PEREARE T TE R 1 35

DCSZE R AR SCHE Y B T R AL S 0 B 22 5 ik 3 5k A R e AR S 1) ) B AR O R
AR R | B 1A 7 b BHE 7 RIS — BSCRRAF B () e e | O L Ak B0 O R M 5 S el e B 1
RGP B RRa e e, ST 5, A SR ZE CMU-MOSI #l CMU-MOSEI 304545 iR MBI T4
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#3  ZHUYE CMU-MOSI Al CMU-MOSET £ 4E Y45 X L
Table 3 Comparison of multiple model results on the CMU-MOSI and CMU-MOSEI dataset

Hom CMU-MOSI CMU-MOSEI

Corr MAE Acc-2 F1 Acc-7 Corr MAE Acc-2 F1 Acc-7

TETFN® 0.800 0 0.7170 86.10 86.07 — 0.7480 0.5510 85.18 85.27 —
ICCN* 0.7140 0.862 0 83.07 83.02 39.01 0.7140 0.5650 84.18 84.36 51.58
MISA* 0.761 0 0.783 0 83.40 83.60 42.30 0.756 0 0.5550 85.50 85.30 52.20

SELF-MM* 0.798 0 0.713 0 85.98 85.95 — 0.7650 0.5300 85.17 85.30 —
MMIM* 0.800 0 0.700 O 86.06 85.98 46.65 0.7720 0.526 0 85.97 85.94 54.24
PS-Mixer" 0.7480 0.794 0 82.10 82.10 44.31 0.7650 0.5370 86.10 85.77 53.00

MSTFEN* 0.800 0 0.705 0 86.63 86.63 — 0.7620 0.5370 85.99 85.92 —
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Table 4 Ablation experiments based on CMU-MOSI dataset

TEEAY Corr MAE Acc-2 F1 Acc-7
w/o B{EE ML 0.799 3 0.704 4 84.91 84.87 48.25
w/ 0 SUABRZS 0.798 8 0.689 9 85.98 85.95 49.42
w/ o PLHAR S 0.800 6 0.689 3 85.52 85.42 48.83
w/ o FAARZS 0.802 8 0.7029 86.13 86.14 47.81
w/0 SCAS ABE RN AT A 0.802 1 0.690 4 85.82 85.77 48.54
ASCAGEAY 0.8020 0.695 1 86.74 86.69 47.67
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Table 5 The results of case analysis on CMU-MOSI dataset
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