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Abstract

Multimodal sentiment analysis (MSA) utilizes visual, textual, and audio data to improve the accu-
racy of sentiment analysis. Although multimodal information can provide richer context, how to
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effectively handle the interaction and fusion across heterogeneous multimodal data remains an im-
portant challenge. To this end, this paper proposes a multimodal sentiment analysis method based
on hierarchical distance-aware contrastive learning (HDACL). Specifically, HDACL achieves full in-
teraction across different modal data by introducing a cross-modal attention mechanism. Mean-
while we design a contrastive learning strategy guided by the difference in sentiment intensity dis-
tance to further enhance the consistency alignment of multimodal data. The method was validated
on the CMU-MOSI multimodal sentiment analysis dataset. Experimental results show that the HDACL
method achieved 0.7% and 0.8% performance improvements on the Acc-2 and Acc-7 indicators, re-
spectively.
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1. 3]

Z IS5 ) T (multimodal sentiment analysis, MSA) 5 7E 18 i % &2k H AR S FE B . X
AR AT o B NN K. 5EET RS IIE A v AN E, MSA AR B Esdls, IR RS
AR E G R, HARME V%, AR BARA[1]. 4, MSA e 7R HE (2] AHLAZH 3]
S ATIRAR 4155 U IR .

R 7T A AR BRI IR b, @R AT B B, RS ORISR, DLER
WS AE B [5]o AR, BRASEES T VR AE RN B 2% 1 IR AR A I Jo vk 4 Tl A AN B SRR R i i AR Ak . R %
BASHAR AP 1 T AR (6], AFUBEZS [R] ) e o M Il ESE 1 2SR S HIMERE . N T i
e Bk Pk, BTN IL AR A PR SEEE . 1) BT 2B R VLRI MSA J7k[7] (81l sh A
RS (0] %5 02 AR DG, SIS (R A RS B, AT 46 /NIRRT 55 2 S 500 2 (R i . 2) T2
B — B 2T MSA J735[9] [10]REA Rt oR-& AN A L [ ) 2 7, (R #EBES G B Rl a5 .
TERAS LG RE T, AR SE B RS AC T ME A7 43 SRS [B) A5 Rl G o BSBEAS — 20tk 2 =) AT LA 2L
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BT EiRPki, FRATIRH T —Fh IR T 2 5 PR R RN 6T B 27 2] (hierarchical distance-aware contrastive
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7E Acc-2. F1 3%, Acc-7 LLL T 46 %1% % (mean absolute error, MAE)f&bx_EEUE T B E T,
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BANEPFGESARLL, SCRBESIRUE 7 E M8 E RIS S #ill, Taboada (11 1#9%E | HAMRNMEM R
FER AR L, 44 1B U)o 5 2% (semantic orientation calculator, SO-CAL), VI #E XA 4615 S
KFR. RAMSE2EE IR, SEnSFE 7ERAE M, 38 1 H SCRUE RO i I HER % .
BEENL S22 IR R, SCRemEAL[13]. TEIRM 4% 14L& Transformer 155 7R IB S H W F# 311
HEHE— DI TR T SORIE IR TR RE o TR0 50 (155 88 7 A o Je o £ HC T 0 3 A B o s e i
FRIE, TS H RS R AR RS BOIRZS[16]. B, Li Z5E[17]F) G A4 4 X 4% (Convolutional Neural
Network, CNN)RA SR IR AERAE, CASSIUE 8 73— 71, 56T 2 AR 15 88 2 A DU e ik 437 1 &
P PR, QAR R R DS A, SRIRBITE BOIRAS o RRAESE T VR A b R AR AR R
4 (Mel-frequency cepstral coefficients, MFCC)& F T2 & MU(E 5 H (115 [ 18] BEEIREMH & N 4%
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=]

i o
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BEAS — Bk vT RE TC VAT FOH PR B0 2 4R 1E, SBUEE TS BIEA L. Bk, ASCHRH TET
HDACL [ MSA J5i%, Hilid BA 7 ZEa—8E S M 2 S ER IR E M 2SS R AN
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Frig i) HDACL AEZE S M 1 FvR. EFXEAFRPAABES, KA T AR gL TR 0K
B B BERT [23 1/E N SCA i 2% LR EUR ADAFAE Z, € R™ 5 Mo M0 5 A0 25 4504 FH 3301 45 1 HL [22] k47
VI HHE FEEUF 3 H] Transformer LAy 3R A3 H06S B O gRLAEIE Z, € R™ P 1 Z, e R™P . BiJa, 4
S REAE AL S B R AE A AR SCARIAIE , 5 SCANRHAIE I8 I B B I 0 Lo 2% )ik AT R, DL B Gy
IEAENGIRAG B T 2SR5 #E—DHh, BSEES Transformer #¢8H T- DASCARES o B S B
AEH., RN R SRR ASRAE hase FH By o 355, I ERBGIRRAINT EE A2 3] DLSE I m AR AE N 5 B
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Figure 1. Diagram of the proposed HDACL structure
1. FriRtHAY HDACL 4545

3.2. B4 Transformer

Wk 1 R, BBt S ARES Transformer #AHE =AML A2 SGER AN BIEEIIHLH] A
R e . Jorp, AT ML EIFIE MG A2 7 —1b, H AT AER R Add&Norm (+) - FRATFIH 3=
MRS, BISCARES, Rashis SRS ). Bk, AR SOk R WU BT SCA RS R AE A
FESCABSFHAE ] AL SRS . B RIE, CARSENIE TR LEW 0, KIELHH AR
&, MRS BRAUNE K, RUE Y, . mef{av) . B, CABESIECABEMBREEEN
WL AR T A 35U A

H,_,, = Add&Norm(Atten(Q,. K.V, ))

T
= Add&Norm{Softmax [Q’%J V. J ,

Horb, Hao FOREERESRHE, d, AAESCABSRHERYERE . B, FRATIEIE 53 = PR 25 AR
bt —22 225, ASEBLFR A1 A ) 4 SR RO 2 A5, HLmT BARRIR A
H}_,, = Add&Norm(Atten(Q;. ,,. K, ,,. Vi)

(M

r 2
= Add&Norm| Softmax G K Vo ils @)
\ldﬁz»t
Hob, b SR A R IR A E, d PSRN . B, S L AT AR b
Affe, DAIRE SRR, BEMSRF A MBS S RE HL , » WTRLERIRA:
H._ = Add&Norm(Relu (w, (wH,, +b,)+0, )) 3)

ﬁ\:q:" le W2’ bly U\& bZ%%i—\‘ﬁﬁﬁ%Mé%%*XE*u'fﬁ%o %JH:’ E%*ﬁ%?\ Transformer *@@%Eb" ﬁ;ﬂuﬁ
RCHBAE W] AR (I TA) 25K P 3R 2 583 7 41 2 TA) R AR ELAE
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3.3. 1FEIEERAEEE S

T AEN S5 R A AR S SRR R B A AR AR S B, R TS R B IR AN H e T,
HAFREE VS M E R E AT o 5, FRAT T I R R B Skt AN [F) R A i) i 48 o B 22 57, DA
FEAS § A1 7 e, mr LAl

D(i,j)=|y, = ¥,],#i, (4)
Horb, y RORMEHIREL, R MSA RS HEREARE. 5, TATRE THIE A =0.5 BEBREEAR
SR HREARS . 4 D0, j) < A, BEA i A1 j ABWRREAS: 24 D(i,j)> A 1, KEAR £ R j it ept 4
XFs Z e, FRATTAR Y 17 RO S8 7 e RN AN R AR AR T AN R A . Bk, AT AL A ALtk
o CEES R G A T Y NS O
p|Tanh(D(i, j)-24),D(i, /) < A
| fTanh(D(i. ). D(i. ) > 2

b, o, FORREA R BRI, =15 IR, IR RE. AR HIBE I 2 FiR.
D(i,j) < AW, BEABRESHIA, w,, JB00 T W, B, WS RRARRE 2 FRK, NN BT O SR R 2
8 D (i, j)>A R, BEGEESRORIA, w, SR EF . B, BRI X K, SRS 03 R
Ko B, N HE R e ST T DR

6))

i.J

sim(i, j
ZZB:I * Hiod™ (T :
28 L DG e
- J= . .
lcl - 2B glog 25 W,‘yj*Simgi’j) 51 * J> (6)
Dijyn * €

Forb, B RORMCIRBCR,  sim(i, /) RoRFEA @ B j KRZAOUE, 1, FREnSEnEwe x, W1, &
WAy 00 Y FIRGZUI L, 180l z, (Z, WICLSIHFME), me{t,a,v} Fom: MFREZRA, i
JH R (H, , W[CLSIE), nef{a—t,v—t} Fro
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Figure 2. Diagram of the weight change rule
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L P B A AN — Bk 2] Ja . BATEE P ekl & [CLSIRHE A, Al &y, o SR)EIES 4
R IR R LI A R S B T, 3 E bR R MAE, R
hiae = |y_JA’| (7
A, y AESUBBEAREARSE, D oA R TN R (T BARAS . 45 AP B RS L2 X), BRATTI ik
H bR R ER] AR IR
=l +a(l+ 15 +15) (8)

R, o FRFURRSIORERL, [ L FRERBES S, LR RE RO S
4. TWERKE D
4.1. INFE

FT A SIS AE python i 5 3.8 WRACH pytorch IRJE2ESIHESL 1.10 AR FH#UAT. Bb4h, FTA A4 7E—
> NVIDIA RTX 3090 GPU E#47. g, AMEH Adamw AL 2%, #3158 0.001. Ny 7 #E
Gt A, BATSLIL T —NEIE LN, S 8 ANIESE epoch ) MAE AN R FERICHIIZR e .

4.2. BUREMITMNIER

BAVEH T CMU-MOSI [241 50 42 K ¥4 HDACL fITEfE. CMU-MOSI %4 £5 52 Pl MSA P BERY
I HEEEZ —, B YouTube BB 2 SR TSR K, A5 A\ 93 ANRRATH 731 R 1) 2199 A
AT Bt . CMU-MOST 8 46 (158 v Be a2 7 [-3, 3136 P9 BAIE/ 643 31 DX 23 AR 17 26 AT AR 1 4
EsEg, FRAEH T 38K B (Ace-2). Fl-Score. -L2EKEE (Ace-7)LA M MAE 1E P BE - HE 5

4.3. MELSRWETR T

75 UE HDACL A R, AT LS MSA AE5H LARTAIEEAY, BRI MULT [7]. MMIM [9]. TFN
[20]1BL K MISA [22]#E47 T EEEL. M 1 iR aRATIEL P #2 HH 1) HDACL ) Ace-2. F1-Score. Acc-7 LA K
MAE 73 7iE 2] T 85.8%- 85.7%- 46.8%LL K% 0.71, TE&Afebs LIERESSE T AJ7i%. iIXIHEF LA
SCABLES Ay O S RS A5 JB A8 HL AN 43 J21F 46 BE B IR 06T bl 23 S0 S R8s 58 00 A i, et s 4y
PR S B A E R, R 2 S B WA % 15 B ARk, AN e B A fr A
P

Table 1. Comparative experimental results

1. LSRG AR

it Acc-2 F1-Score Acc-7 MAE
MULT 83.6 83.6 45.5 0.83
MMIM 84.8 84.8 46.0 0.77
TFN 84.3 84.4 452 0.81
MISA 85.1 84.9 44.8 0.78
HDACL 85.8 85.7 46.8 0.71

4.4. FHERTIL 4T

W 3 Firais, BT I 0k e N BT i AT A4S AEEAT T-SNE WIARAL R 7 A7 157 45 B B S0 Ll 22 ST )
BERIPERERIREME . IS 3(a) P Al LA Y, AR AR 28 BR G BORRT Le 27 ST B B0 T, I B U RHEAE AN
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Figure 3. Feature visualization results, (a) is the method without contrastive learning, (b) is the HDACL

E 3. HEAMKER, () EREANLEFIMTGE, (b) 2FFREA HDACL

4.5. EEBESH¥ T

Wk 4 s, BATHE PRI EEESH, BME 2 MRE R o MBURTERET 7. BARTE,
FATAE0.1,0.2, ==+, 0.9} FTE B NIRZ T IX PSS BN . A IE] 4(a)h T AR Y, SERI{E 2 BOEN 0.5
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Figure 4. Hyperparameter sensitivity analysis results, (a) is the threshold A, (b) is the weight coefficient o
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L H A BN ASTE R S HLH (CTA) AT 25 #E 2 BN %) b2 ] (SDACL) %G, HDACL fg
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A ROt 3 i 22 RS E R 10— UM 55, SR TR B T O AERR PE RN R S — ik . SEI04E AR, HDACL
£ CMU-MOSI ##E4 1) Acc-2. Fl-Score. Acc-7 LUK MAE 70 HiAFI T 85.8%. 85.7%-. 46.8%LL %
0.71, MRS FEIE T BEPHERERR T .

E&WE

PRBE T R G 8 e SR MR (=5 N HEBE DL RE 13 Mk Tk B3 S & @ 15 5 kX SRt
FL) (SYZK2022ZX087), VLBAIR T W E iR ARSI H GETHLAEM I E AR RIS N RFEH
W) (XKJ202306).

SE

[1] Islam, M.S., Kabir, M.N., Ghani, N.A., Zamli, K.Z., Zulkifli, N.S.A., Rahman, M.M., et al. (2024) Challenges and Future
in Deep Learning for Sentiment Analysis: A Comprehensive Review and a Proposed Novel Hybrid Approach. 4rtificial
Intelligence Review, 57, Article No. 62. https://doi.org/10.1007/s10462-023-10651-9

[2] Poria, S., Hazarika, D., Majumder, N. and Mihalcea, R. (2023) Beneath the Tip of the Iceberg: Current Challenges and
New Directions in Sentiment Analysis Research. IEEE Transactions on Affective Computing, 14, 108-132.
https://doi.org/10.1109/taffc.2020.3038167

[3] Poria, S., Cambria, E., Bajpai, R. and Hussain, A. (2017) A Review of Affective Computing: From Unimodal Analysis
to Multimodal Fusion. Information Fusion, 37, 98-125. https://doi.org/10.1016/j.inffus.2017.02.003

[4] Somandepalli, K., Guha, T., Martinez, V.R., Kumar, N., Adam, H. and Narayanan, S. (2021) Computational Media
Intelligence: Human-Centered Machine Analysis of Media. Proceedings of the IEEE, 109, 891-910.
https://doi.org/10.1109/jproc.2020.3047978

[5] S22RUMRR, Tkt BT =MBAFHERS 5 RS I RS R ]. tHEALLAE, 2025: 1-10.
https://doi.org/10.19678/j.issn.1000-3428.0070397, 2025-03-25.

[6] Fan, C., Zhu, K., Tao, J., Yi, G., Xue, J. and Lv, Z. (2025) Multi-Level Contrastive Learning: Hierarchical Alleviation
of Heterogeneity in Multimodal Sentiment Analysis. [EEE Transactions on Affective Computing, 16, 207-222.
https://doi.org/10.1109/taffc.2024.3423671

[71 Tsai, Y.H., Bai, S., Liang, P.P., Kolter, J.Z., Morency, L. and Salakhutdinov, R. (2019) Multimodal Transformer for
Unaligned Multimodal Language Sequences. Proceedings of the 57th Annual Meeting of the Association for Computa-
tional Linguistics, Florence, 28 July-2 August 2019, 6558-6569. https://doi.org/10.18653/v1/p19-1656

[81 Li, Y., Wang, Y. and Cui, Z. (2023) Decoupled Multimodal Distilling for Emotion Recognition. 2023 /IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition (CVPR), Vancouver, 17-24 June 2023, 6631-6640.
https://doi.org/10.1109/cvpr52729.2023.0064 1

[91 Han, W., Chen, H. and Poria, S. (2021) Improving Multimodal Fusion with Hierarchical Mutual Information Maximiza-
tion for Multimodal Sentiment Analysis. Proceedings of the 2021 Conference on Empirical Methods in Natural Lan-

guage Processing, 7-11 November 2021, 9180-9192. https://doi.org/10.18653/v1/2021.emnlp-main.723

[10] Wang, D, Liu, S., Wang, Q., Tian, Y., He, L. and Gao, X. (2023) Cross-Modal Enhancement Network for Multimodal
Sentiment Analysis. [EEE Transactions on Multimedia, 25, 4909-4921. https://doi.org/10.1109/tmm.2022.3183830

[11] Taboada, M., Brooke, J., Tofiloski, M., Voll, K. and Stede, M. (2011) Lexicon-Based Methods for Sentiment Analysis.
Computational Linguistics, 37, 267-307. https://doi.org/10.1162/coli_a_00049

[12] AW, RhZE. BT 23015 R SRR B8 1) b SO IR A R 98] THBENLRL A 5 3R, 2019, 36(9): 93-99.

[13] Chang, C. and Lin, C. (2011) LIBSVM: A Library for Support Vector Machines. ACM Transactions on Intelligent Sys-
tems and Technology, 2, 1-27. https://doi.org/10.1145/1961189.1961199

[14] EM, HFE, ZiE 5T Attention-Bi-LSTM IR IR 1K 4 M A [0]. tHENENE SR A, 2020, 10(12):
2380-2387.

[15] Naseem, U., Razzak, 1., Musial, K. and Imran, M. (2020) Transformer Based Deep Intelligent Contextual Embedding

for Twitter Sentiment Analysis. Future Generation Computer Systems, 113, 58-69.
https://doi.org/10.1016/j.future.2020.06.050

[16] Fasel, B. and Luettin, J. (2003) Automatic Facial Expression Analysis: A Survey. Pattern Recognition, 36, 259-275.
https://doi.org/10.1016/s0031-3203(02)00052-3

[17] Li, J., Zhang, D., Zhang, J., Zhang, J., Li, T., Xia, Y., ef al. (2017) Facial Expression Recognition with Faster R-CNN.

DOI: 10.12677/csa.2025.155134 622 PR 55


https://doi.org/10.12677/csa.2025.155134
https://doi.org/10.1007/s10462-023-10651-9
https://doi.org/10.1109/taffc.2020.3038167
https://doi.org/10.1016/j.inffus.2017.02.003
https://doi.org/10.1109/jproc.2020.3047978
https://doi.org/10.19678/j.issn.1000-3428.0070397
https://doi.org/10.1109/taffc.2024.3423671
https://doi.org/10.18653/v1/p19-1656
https://doi.org/10.1109/cvpr52729.2023.00641
https://doi.org/10.18653/v1/2021.emnlp-main.723
https://doi.org/10.1109/tmm.2022.3183830
https://doi.org/10.1162/coli_a_00049
https://doi.org/10.1145/1961189.1961199
https://doi.org/10.1016/j.future.2020.06.050
https://doi.org/10.1016/s0031-3203(02)00052-3

SYVEE

[18]

[19]

[20]

[21]

[22]

[23]

[24]

Procedia Computer Science, 107, 135-140. https://doi.org/10.1016/j.procs.2017.03.069

Nancy, A.M., Kumar, G.S., Doshi, P. and Shaw, S. (2018) Audio Based Emotion Recognition Using Mel Frequency
Cepstral Coefficient and Support Vector Machine. Journal of Computational and Theoretical Nanoscience, 15, 2255-
2258. https://doi.org/10.1166/jctn.2018.7447

Koolagudi, S.G. and Rao, K.S. (2012) Emotion Recognition from Speech: A Review. International Journal of Speech
Technology, 15, 99-117. https://doi.org/10.1007/s10772-011-9125-1

Zadeh, A., Chen, M., Poria, S., Cambria, E. and Morency, L. (2017) Tensor Fusion Network for Multimodal Sentiment
Analysis. Proceedings of the 2017 Conference on Empirical Methods in Natural Language Processing, Copenhagen, 9-
11 September 2017, 1103-1114. https://doi.org/10.18653/v1/d17-1115

He, L., Wang, Z., Wang, L. and Li, F. (2023) Multimodal Mutual Attention-Based Sentiment Analysis Framework
Adapted to Complicated Contexts. [EEE Transactions on Circuits and Systems for Video Technology, 33, 7131-7143.
https://doi.org/10.1109/tcsvt.2023.3276075

Hazarika, D., Zimmermann, R. and Poria, S. (2020) MISA: Modality-Invariant and-Specific Representations for Multi-
modal Sentiment Analysis. Proceedings of the 28th ACM International Conference on Multimedia, Seattle, 12-16 Octo-
ber 2020, 1122-1131. https://doi.org/10.1145/3394171.3413678

Wolf, T., Debut, L., Sanh, V., Chaumond, J., Delangue, C., Moi, A., et al. (2020) Transformers: State-Of-The-Art Natural
Language Processing. Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing:
System Demonstrations, 16-20 November 2020, 38-45. https://doi.org/10.18653/v1/2020.emnlp-demos.6

Zadeh, A., Zellers, R., Pincus, E. and Morency, L.P. (2016) MOSI: Multimodal Corpus of Sentiment Intensity and Sub-
jectivity Analysis in Online Opinion Videos. arXiv: 1606. 06259.

DOI: 10.12677/csa.2025.155134 623 HEHUR 5 R


https://doi.org/10.12677/csa.2025.155134
https://doi.org/10.1016/j.procs.2017.03.069
https://doi.org/10.1166/jctn.2018.7447
https://doi.org/10.1007/s10772-011-9125-1
https://doi.org/10.18653/v1/d17-1115
https://doi.org/10.1109/tcsvt.2023.3276075
https://doi.org/10.1145/3394171.3413678
https://doi.org/10.18653/v1/2020.emnlp-demos.6

	基于分层距离感知对比学习的多模态情绪分析
	摘  要
	关键词
	Multimodal Sentiment Analysis Based on Hierarchical Distance-Aware Contrastive Learning
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 单模态情感分析
	2.2. 多模态情感分析

	3. 方法
	3.1. 总体框架
	3.2. 跨模态Transformer
	3.3. 情绪距离感知对比学习
	3.4. 融合层和预测端

	4. 实验结果及分析
	4.1. 实验配置
	4.2. 数据集和评价指标
	4.3. 对比实验结果分析
	4.4. 特征可视化分析
	4.5. 重要超参数分析

	5. 结论
	基金项目
	参考文献

