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Figure 1 Examples of multimodal data
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Figure 4 CH-SIMS data distribution diagram
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Table 2 Visual model contrast experiment results %
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il TR MARIERE 1. B-PIFT B & W8 R A
T—EMET A RBR AR, E-PIFT /Y
& WG bR A BT 4 S, Ul W ERNIE #5% AL 58 19 5 X
ohOCHE F FRIE R EL R BE ) . M-PIFT {5 1] 2 5 70 #E
Wi 5 B A5y ki — AL R AR AL MR RE . PIFT A%
RULE BT A 46 An L AR IUAS T B 4 i 25 5 L 35X 16 B Ro-
BERTa i o 3 i A4 1 A0 Il 25 B 18] 55 0 32 i — 25
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x4 BEHMAXLER

Table 4 Text-Visual model contrast experiment %

SCAS AL B AL A Ace F1 P R
CLIP-ResNet34 75.19 75.17  75.35  75.00
CLIP-ResNet50 77. 06 76.85  76.65  77.06

CLIP-ViT32 76. 04 75.49  75.70  75.29
CLIP-CA-MSA 78.07 77.39 78.01  76.69

i 3 S2 IS PP AL, & R CLIP-ResNet50 F1 CLIP-
CA-MSA FEHAHIT,{H CLIP-CA-MSA £ #E 1 il 1]
W% 2 AN e bR BT CLIP-ResNet50,

3 HmEIRLS

Oy 56 UE AR SC A5 A8 e X 20 52 1 TR0 A 1) P i A
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former™>13 Fp, Horp , MeanP 7] Dy /b 1 58 = 1
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FEALA 1 2 2578 AR SC BT, LSTM W] L) 2 > 4L A5
rh IR A G 2R Al LA Y ) A R A Bl A R
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Table 5 Video fusion ablation experiment results %

M1 6 W, 28 SO RE 1 J7 18 n] LASE At 4 P
SR RHAE G T TUA (B TR, PR A X T DF
PO E WS B ERORA T W B

2k b IA JE A 0 22 R R 0 A A B Y 9
SRR AT ROR N T, K B A S B I L AE CH-
SIMS % dfa e b R BUALY 0k T %07 6 A Rtk
3.3 ARBERASXFEHEMIR

AR IS EG ] CLIP A58 rh i A DL B8 23 26 75 0k
(similarity-CLS ) K #L 5& 45 ik 5 28 551] 1 A7 A1 0L R 3
BRI A O 2R a8 R, 5 Rt
2 (lineaer-CLS) #E 47 X f SE 56 i ] CH-SIMS ¥4
B SERIME T PR,

x7T BEBREBERSEAEHMIRER

Table 7 Ablation experiment of image emotion

LA B 7 Ace F1 P R
MeanP 75. 44 75.59 75.74 75. 68
LSTM 77. 63 77.18 77. 14 77.32

Transformer 78. 51 77. 63 78. 35 77.07

classification method results %

G K 10y 2 T5 Ace Fl P R
linear-CLS 76.75 76.10  76.17 76. 04
similarity-CLS 78.51 77.63 78.35 77.07

M5 AR, MeanP J7 V5 2% W46 br AL, 1L 3C
A BAREAS A BEMERA R AN T 0. 44 1 43 40, VW] MeanP
M T R R R e BE . LSTM n] DU 250
7 JE B AARAIE 22 (8] 1 B YOG 2R FE 45 AR bR AR
A ETt . Transformer J7 25 g 75 1 S A0 47 AiF 2Z 8] 7Y
2R S5 HAR B, HERH AL LSTM 5 i 42 &
0.88 T3 A,
3.2 SESHUEREAFEEMER

Y% (concat) F138 XL iF & 77 ( cross-attention ) 4
ZRUS RIS 2 FhOrvk, S DFE D7 s & A
A B PEAT 7 B4 5 A P — 1 2 B 2 o Ak LRl 5
JEBAE B AT LT A TSR B (H 2 Z W SRS Y Y
SEHAR R . RN BB BT A Trans-
former Z it i , $12 B 25 B A R AE | 75 58 BB S R AIE
RZE G I 2RISR . AT RLSE A ) A2 22 8] 1Y
F R SCE AT AR A5 B A SCfE R AR Ik
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Table 6 Multi-mode feature fusion ablation
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TR AT K AS TR 2 A B o B TR 3 e
D5 15 R BT BB 4 32 BIRRAE 28 (B A0 AR B e, JF B
H T CH-SIMS B 504 5 AR K WA rh 77 7 e s T
P, 2 T B0 53 2 07 R HE O R A T AR DL
TR ks CLIP #5810 254 55 AR TR 031 25
PR T 2 > 3 Y 3 8 4 AE AT DL B B B B R Ui AT
%5 AT LA I8 L B e TR A 1] R [R]
FEHE 75 5K .
3.4 MEKEHHRER

TR B AR SO R AR pR B A Rt LS
TS R I8 2% pR B00E A7 % HE S0 6 2 R BT a2
g R 8 i,
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Table 8 Loss function ablation experiment results %

1 2% bR AL Ace F1 P R
JIAS R A 2k 77.19  76.34  76.08 76.63

F7 Z A E % 78.51 77.63  78.35 771.07

experiment results %
ARG Acc F1 P R
concat 76. 32 75.19 75.58 74.93

cross-attention 78. 51 77. 63 78. 35 77.07

Hi 8 AT, i OISR AR B4 45 35 418 s 8 o
BB E B2 T HRBR T, 31X 15 WA 45 2 A
SRANBENS 1 — %E T A [R5 285 1) 2 2 1 e
JE o ARIR] 7 22 AN 0 R PR A0 2K AR 2 B 1S I i op B
A HLF IR HARHER T PR R B ACR A
RARTET 1,32 A 1,29 173 ki, U W 45 5 285 [T A AN
SE W B0 B LA K Bl i o A4 A A AU RE A8 S



552 #

PRaHE 55 . JE T CLIP I8 ST T ) B9 B8 25 15l 40 M A 2 49

B b T B R R RS 00 17 8 48 o M0 P
4 g

AR SCEE R 2 S O BT A AE R BLS Rl A AN 7
o3 Ar BI04 DL EE B 2 55 )8, 32 1 — R L F
FRAE A R0 A B 28 P 400 2% 1 22 B 25 1 I 4 A A AR
CLIP-CA-MSA, ¥ 5, MR T CLIP-CA-MSA 1% {&
MEZE , RIS A4 1 S0 T 41 0 1) 28l 46 LA e S 80
AT S IO T A AL B R IR SE TR
F14) L 0 S FR X 2 7 3 B s ) IR B T 22 AR S TN 2k
BRI 77 (AR 8 T . SRJG 38 G 0 S g 5
RS BBy A RPE, (HASCH ] T CH-SIMS %X
0 2 1) SCAS S 43 AR A4 PR 5 58 43 o S SR SR
AT AT DA DR B 1 S e i — 2P
P& TR U5 8% A3 AT 10 M B SRR Ak g

S % UK

[1] PANG B, LEE L, VAITHYANATHAN S. Thumbs up?
sentiment classification using machine learning techniques
[ C] //Proceedings of the 2002 Conference on Empirical
Methods Language Processing ( EMNLP
2002). Stroudshurg: ACL, 2002 79-86.

[2] ZHANG L,LIU B. Sentiment analysis and opinion mining
[EB/OL]. (2015-12-31) [ 2023-04-24]. https: //doi.
org/10. 1007/978~1-4899-7502-7_907-2.

(3] 25, &KW, KFN. @G AE I I HLG Rk
BLSTM WY E T e @A [ 1], AN K Z24R (T
SFRL) , 2020, 41(1) ;58-62.

LIY, JINQY, ZHANG Q C. Improved BLSTM food re-

in Natural

view sentiment analysis with positional attention mecha-
nisms[ J]. Journal of Zhengzhou University ( Engineering
Science ) , 2020, 41(1) :58-62.

[4] MUNIKAR M, SHAKYA S,
grained sentiment classification using BERT [ EB/OL ].
(2019- 10 -04) [ 2023 — 04 - 24 ]. https: // arxiv. org/
abs/1910. 03474.

[5] ZHUX G, LI L, ZHANG W, et al. Dependency exploi-

SHRESTHA A.

Fine-

tation; a unified CNN-RNN approach for visual emotion
recognition [ C ] // Proceedings of the 26th International
Joint Conference on Artificial Intelligence. New York:
ACM, 2017.:3595-3601.

[6] YOUQZ,JINHL, LUO J B. Visual sentiment analysis
by attending on local image regions[ C] //Proceedings of
the Thirty-first AAAI Conference on Artificial Intelli-
gence. New York;ACM, 2017 231-237.

[7] WANG H H, MEGHAWAT A, MORENCY L P, et al.
Select-additive learning: improving generalization in mul-

timodal sentiment analysis[ C ] //2017 IEEE International

[9]

[10]

[11]

[12]

[14]

[15]

[16]

[17]

Conference on Multimedia and Expo (ICME). Piscata-
way: IEEE, 2017 949-954.

FRER B BT EMAE N 2L 5 2R E RS
MIRERI[ 1], B8 007 5 1R & 81,2023 (10) . 74-84.
WU S S,MA J. Multi-task & multi-modal sentiment analy-
sis model based on aware fusion[ J]. Data Analysis and
Knowledge Discovery, 2023(10) :74-84.

RADFORD A, KIM J W, HALLACY C, et al. Learning
transferable visual models from natural language supervi-
sion[ EB/OL]. (2021-02-26) [ 2023-04-24]. https: //
arxiv. org/abs/2103. 00020.

TR, BRI, WINE % R TRR AR R A
PA O SCAN EATT]. BRSOk
i ,2023,7(11) :46-55.

LAI' Y B,CHEN Y,HU X C. et al. Emotional analysis of
public health emergency micro-blog based on prompt em-
bedding [ J ].
2023,7(11) :46-55.

YU W M, XU H, MENG F Y, et al. CH-SIMS: a Chi-

Data Analysis and Knowledge Discovery,

nese multimodal sentiment analysis dataset with fine-
grained annotation of modality [ C ] //Proceedings of the
58th Annual Meeting of the Association for Computational
Linguistics. Stroudsburg: ACL, 2020, 3718-3727.
ZADEH A, CHEN M H, PORIA S, et al. Tensor fusion
network for multimodal sentiment analysis [ EB/OL ].
(2017-07-23) [ 2023 - 04— 24]. hutps: // doi. org/
10. 48550/ arXiv. 1707. 07250.

LIU Z, SHEN Y, LAKSHMINARASIMHAN V B, et al.
Efficient low-rank multimodal fusion with modality-specif-
ic factors[ C] //Proceedings of the 56th Annual Meeting of
the Association for Computational Linguistics. Strouds-
burg: ACL, 2018. 2247-2256.

TSATY H H, BAI S J, LIANG P P, et al. Multimodal
Transformer for unaligned multimodal language sequences
[ C]. //Proceedings of the 57th Annual Meeting of the As-
sociation for Computational Linguistics.
ACL, 2019: 6558-6569.

YU W M, XU H, YUAN Z Q, et al. Learning modality-

Stroudsburg

specific representations with self-supervised multi-task
learning for multimodal sentiment analysis[ C ] //Proceed-
ings of the AAAI Conference on Artificial Intelligence. Pa-
lo Alto :AAAI, 2021: 10790-10797.

SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL ].
(2014-09-04) [ 2023 - 04 -24]. https: // arxiv. org/
abs/1409. 1556.

HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[ C] /2016 IEEE Confer-
ence on Vision and Pattern

Computer Recognition



50 N K F F W (T %R 2024 4

(CVPR). Piscataway: IEEE, 2016. 770-778. sentations[ EB/OL]. (2019-09-26) [2023-04-24].

[18] LIU Z, MAO HZ, WU C Y, et al. A ConvNet for the https ; //arxiv. org/abs/1909. 11942.
2020s[ C]//2022 TEEE/CVF Conference on Computer Vi- [23] DEVLIN J, CHANG M W, LEE K, et al. BERT: pre-
sion and Pattern Recognition ( CVPR ). Piscataway: training of deep bidirectional transformers for language
IEEE, 2022. 11966-11976. understanding[ EB/OL]. (2018-11-11) [ 2023-04 -

[19] BALTRUSAITIS T, ZADEH A, LIM Y C, et al. Open- 247. htips: /doi. org/10. 48550/ arXiv. 1810. 04805.
Face 2. 0: facial behavior analysis toolkit[ C]//2018 13th [24] SUNY, WANG S H, LIY K, et al. ERNIE; enhanced
IEEE International Conference on Automatic Face & Ges- representation through knowledge integration [ EB/OL].
ture Recognition (FG 2018). Piscataway: [EEE, 2018; (2019-04-19) [ 2023 - 04 - 24 ]. hitps; // doi. org/
59-66. 10. 48550/ arXiv. 1904. 09223.

[20] DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al. [25] CUL'Y M, CHE W X, LIU T, et al. Revisiting pre-
An image is worth 16x16 words: transformers for image trained models for Chinese natural language processing
recognition at scalel EB/OL]. (2020-10-22)[2023-04- [EB/OL]. (2020-04-29) [2023-04-24]. https: /
24]. https . //arxiv. org/abs/2010. 11929. doi. org/10. 48550/ arXiv. 2004. 13922.

[21] DESAI S, RAMASWAMY H G. Ablation-CAM: visual [26] LIU Y H, OTT M, GOYAL N, et al. RoBERTa: a ro-
explanations for deep convolutional network via gradient- bustly optimized BERT pretraining approach [ EB/OL].
free localization [ C ] /2020 TEEE Winter Conference on (2019-07-26) [ 2023 - 04 —24]. https: // doi. org/
Applications of Computer Vision ( WACV ). Piscataway: 10. 48550/arXiv. 1907. 11692.

IEEE, 2020. 972-980. [27] LUO HS, JIL, ZHONG M, et al. CLIP4Clip: an empiri-

[22] LANZZ, CHEN M D, GOODMAN S, et al. ALBERT; cal study of CLIP for end to end video clip retrieval and
a lite BERT for self-supervised learning of language repre- captioning[ J]. Neurocomputing, 2022, 508 293-304.

Multimodal Sentiment Analysis Model Based on CLIP and Cross-attention

CHEN Yan'?, LAI Yubin', XIAO Ao', LIAO Yuxiang', CHEN Ningjiang'

(1. School of Computer and Electronic Information Science, Guangxi University, Nanning 530000, China; 2. Guangxi Key Laboratory

of Multimedia Communication and Network Technology, Guangxi University, Nanning 530000, China)

Abstract: In response to the issues of limited annotated data, insufficient fusion between modalities, and informa-
tion redundancy in multimodal sentiment analysis, a multimodal sentiment analysis model called CLIP-CA-MSA
based on contrastive language-image pretraining( CLIP ) and cross-attention mechanism was proposed in this study.
This model employed models such as BERT which was pre-trained by CLIP, and PIFT to extract feature vectors
from videos and textual content. Subsequently, a cross-attention mechanism was applied to facilitate interaction be-
tween image feature vectors and text feature vectors, enhancing information exchange across different modalities.
Finally, the uncertainty loss was utilized to compute the fused features, and the ultimate sentiment classification re-
sults were generated from the outputs. The experimental results showed that the model could increase accuracyrate
by 5 percentage points to 14 percentage points and the F1 value by 3 percentage point to 12 percentage point over
other multimodal models, which verifieed the superiority of the model in this study. And uses of ablation experi-
ments to verified the validity of each module of the model. This model could effectively utilize the complementarity
and correlation of multimodal data, and utilize uncertainty loss to improve the robustness and generalization ability
of the model.

Keywords: sentiment analysis; multimodal learning; cross-attention; CLIP model; Transformer; feature fusion



