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Abstract The goal of multimodal sentiment analysis is to achieve reliable and robust sentiment analysis by utilizing complemen-
tary information provided by multiple modalities. Recently,extracting deep semantic features by neural networks has achieved re-
markable results in multimodal sentiment analysis. But the fusion of features at different levels of multimodal information is also
an important part in determining the effectiveness of sentiment analysis. Thus,a multimodal sentiment analysis model based on
adaptive gating information fusion(AGIF) is proposed. Firstly,the different levels of visual and color features extracted by swin
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analysis. Secondly, the sentiment of an image is often expressed by multiple subtle local regions due to the abstraction and com-
plexity of sentiment,and these sentiment discriminating regions can be located accurately by iterative attention based on past in-
formation. The latest ERNIE pre-training model is utilized to solve the problem of Word2Vec and GloVe’s inability to handle the
word polysemy. Finally,the auto-fusion network is utilized to “dynamically” fuse the features of each modality, solving the pro-
blem of information redundancy caused by the deterministic operation(concatenation or TFN) to construct multimodal joint rep-
resentation. Extensive experiments on three publicly available real datasets demonstrate the effectiveness of the proposed model.
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FIH Swin Transformer W %5 34 $2 B 52 48 4F . © 5] AT CNN
IR 5 XMW o e fE R LE @l T
CNN., [FIRF 3R AT & T 9058 A% 9 A W) 2 IR 4% F @il
Ao I L 1% R TR T A A R S R b A B £ A AR A
TR IX 35k,

TEZBSAE B, AT 9 AGIF (Auto-Fusion)
J7 s B F H A 15 1% A3 A7 7 i . AGIF(Auto-Fusion) (1 #E
N 74. 88% , 5 MultiSentiNet, Hu, Co-Memory-M, DMAF,
ANNM, MVAN-M Fl MLSA # It 4 % 2 & T 5.04%,
6.56%.4.37% 7. 41% 5. 7%, 1. 9% Fl 4. 99% ., HH kb H At
AL AT J7 15, AT IR T AR 1 A 2 R
AEX6F 135 I8 4 BT 10 5 1, 3 3 14 AR L T A TR 45 AN T2 IR
EAE AR Bl o 55 8% 40 BT ) SR EAT AR A . e AT, 3 2 Ty vk
B Rl A B R CanBF B2 A1 TEND 8 DL 52 P A 35 1 R 4 2
BBARR ARASIBAHZEEFER, RO A R
£ P 45 6 4SS A AR AE 3JE AT A 3 e R Ak A5 AR S =2 T 1Y
AR S MR R IR 2 RS RAE 3 — e B PR 2% 20 B0 Y B shal & 1)
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1M T RARSIIT B MVSA MRS b A 92 5 45 51 A Hl DA-MLCNN #f [, AGIF-V By #E 5 32 85 1 18. 35% Al
Table 1 Results of compared methods and our approaches on 11.25% . TELREAER/H T, AGIF(Auto-Fusion) [f, Mul-

MVSA testing datas P
testing dataset gy, tiSentiNet Huo DMAF F1OANNM [ o B 2% 4 B3 8 T
VAL

: i 8.12% ,6.87% ,7.49% 1 6.25%,
MVSA_Single MVSA_Multiple
F1  Accuracy F1 Accuracy £ 2 NPT A S EAE ArtPhoto MR 4E [ 1Y 5256 45 5
Att-BiLSTM(Word2vee)  62.69  65.16  65.08  67.22
CNN+Att-BiILSTM

%A BAE

Table 2 Results of compared methods and our approaches on

(Word2vee) 64.58  66.09  65.68 68.08 ArtPhoto testing dataset
X AR CNN+ Att-BiLSTM CHAT 2 95)
BERT 67.10  68.75  69.50  70.02
( ) Eg:l AR F1 Accuracy
CNNFAWBILSTM 0 00 20 00 69.51 70, 40 Att-BiLSTM(Word2vee) 65.48 65. 62
(ERNIE) \ CNN+ Att-BiILSTM(Word2vec) 66. 30 66.25
Vggl9 60.70 62.76  61.89  64.06 X & . )
CNN+ Att-BiLSTM(BERT) 71.07 71.25
Resnet101 63.53 64.06 64.25 64.76 A SIMCER s o
CNN -BiLSTM(ERNIE . .
E % Swin Transformer 64.69 65.39 64. 86 65.57 . ¢ ) /.37 7
DA-MLCNN 63.10 64.20 63.75 64.03 Vegl9 40. 99 41.88
AGIF-V 66.96 68.17 66.13 67.77 Resnet101 41.32 42.50
MultiSentiNet 69.63 69. 84 68.11 68. 86 - Swin Transformer 46. 87 46. 88
Hu 66.58 68.32 65.16  68.43 : SentiNet-A — 35. 40
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Fig. 8 Confusion matrix of different methods on ArtPhoto dataset
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Sy T ELUR R I, FRATHE X b T ik 0 1A A4 Ak 3 43 S
A A BRI 43 v on] LR e 0 I 4% R AT TR A L e T A TRD Y
Swin Transformer [ 4% A1 ERNIE Tl Jll 25 #5 # , 7£ ArtPhoto
By LT T RIS, Ik 3 A, AT LUR I TES — 1
T 25 A SRR T L A SCT7 WAT A T de i i O8RS 3X 58 43
TER TR AL A M AV B . R T B AR R B 0 8% A T
SR X S A3 AT 0 AR TR SR L B AT 00 & S L RA T 1k X
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QH_:EO

3 ARFEITETEG — M4 MBI T 15256 25 R
Table 3 Experimental results of different methods with unified

network and pre-trained models

£ 4 ARFEE LA FAETE MVSA_Single M AE | 119 9255 25 5

Table 4 Experimental results of fusion features at different

locations on MVSA_Single testing dataset

CHAL 20
A F1 Accuracy
MultiSentiNet 72.39 72.50
Hu 74,23 74. 38
DMAF 72.82 73.13
ANNM 73.56 73.75
Our Method 75.54 75.62

CHLRT 2 6D

44 1 2 3 4 F1 Accuracy
1 J 47.08 57.52
2 Nj 57.05 60.76
3 N 59. 88 62.15
4 N 65.39 66. 32
5 NN/ 57.17 60.76
6 N N 59.55 62.27
7 N/ J 65.52 66. 32
8 NN/ 59. 83 62.04
9 N N 65. 38 66. 44
10 NN/ 65.29 66. 44
11 NN 60. 78 63.19
12 v Y N 65. 24 66.55
13 N/ v Y 65.18 66.67
14 NN 65. 20 66. 67
15 v N N 65. 56 66.78

F 2 XHIT A LI EETE ArtPhoto MR b 1 528 45

Table 2 Results of compared methods and our approaches on

ArtPhoto testing dataset

3.5.2 #AK K%K

FE AR B R BT b FRATT R T At — s
SRR T /A 00 58 R AR AR R AE DL Rk R E T X

AR T RRER N PATHREL X - EENS
B, B Ry B s o) 3 R R R A A R R A A B . AR SCHE MV-
SA_Single 4 L2 T 1—5 X 5 NS4 WA 9 i,
WP BT DA B I 25 2 R 0 38 T 5 R B o T A
BEZ A, 4 T=3 0, M Ria 8 TR KE., A Tk
SRR MER RIS R R B O bt g R B BN L 26 T

(HLAL: 00D

XA HA F1 Accuracy
Att-BiILSTM(Word2vec) 65.48 65. 62
) CNN+ Att-BiLSTM(Word2vec) 66. 30 66. 25
R CNN+Att-BiILSTM(BERT) 71.07 71.25
CNN-+ Att-BiLSTM(ERNIE) 71.37 71.88
Vggl9 40. 99 11.88
Resnet101 41,32 42.50
Swin Transformer 46. 87 16. 88

1%

SentiNet-A - 35.40
DA-MLCNN 41.84 42.50
AGIF-V 52.88 53.75
MultiSentiNet 67.59 67.50
Hu 69. 00 68.75
g+ DMAF 68.13 68.13
XK ANNM 69. 54 69.37
AGIF(Concat) 74.84 75.00
AGIF (Auto-Fusion) 75.54 75. 62
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Fig. 9 Experimental results on MVSA_Single testing dataset with
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HER R WA g Th, R KA Z5 6 Z 8 T & DAL E G
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different number of iterations

3.6 HEAZW
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JZUARE LA (MFF) ey 345 AE (LF) L & Ji -4 (GF) L[] 8
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FLASR A B AT A N A AR SR R AT I 4
MVSA_Single £ 42 b #9715 il 52 36 i 45 - n 3k 5 Fr g,
FATT Y FE AR Y (BMD J& F] H Swin Transformer $2 BURFE , il
AR IEAT AL A R UE T R N 65, 39% . A (R EE
TEZ 5 O 2888 5 T 0.7 %6, U6 BH T 46 A3 A €0 38 of 49 J% 43
B S, 5IAZRRAFMEMEZ R, Il RES T
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HEATINAL R G, A R B AR AR 2 R, W R R A T
0.81% . Hi 1% BAy & Z4 ke IR 5 8% — g ol 2 4> A0 i
JRI AR AE S AR, 3 e 2 1 T R A 7 3k 5 S ) X
3o, FT DL A AT T . A 4 R L R AE 22 T
IR T 0,23 %, Ui BT BG4 15 IR AU B 7E JR 3 R AE |
WENERIMELE. MATTRCZE, M ERE T
0. 35 % » T AT 12 2% > 4 Jey B A1E 1 Sy 8 48 i %o 1 IR ik A9 R
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Table 5 Accuracy of ablation experiment on MVSA_Single

CHLA s 26D
Model F1 Accuracy

BM 64.69 65.39

BM-+CF 64.95 66.09

BM+CF + MFF 65.56 66.78

BM+CF + MFF-+LF 66.35 67.59

BM-+CF +MFF+ LF+GF 66. 64 67.82

BM~+CF +MFF+LF+GF+GU 66.96 68.17

BM+CF +MFF+LF+GF+GU+TF 73.64 74.19

BM+CF+ MFF+ LF+GF+GU+TF+ AFN 74.40 74.88
GERIE ORI TR T A& TR BG4

A el s TN - B el PUN I E ¥ (= PSY  el E-2 8 gD
AN TR] )22 R A R 58 R R R R AT AL Rl 5 78 43 R RO R A
BT ZE WA R IE AT S5 B 0 0 52 . LU, B T 1
B A2 =t RT3 a2 A B R E L 5N I DG 1Y 2 A Al i
RS 31 DX 38 A e 1 R SR 2 37 S5 R AL AN HE I RS 52 B I R
IS5 A — N T TR XA R AT I ST R 45 S 2R
HE A 2 X R TR AE . F X Word2Vece #l GloVe IR &, B
1R I ERNIE I 2580 R, 4 35) V0 45 4y 18 1k 45 4 Fig SUAE
BT 5 — 288 R R 3 38 13 iR L FoRie . RJE
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