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Table 2 Comparison of experimental results
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Table 1 Dataset details

Twitter-2015 Twitter-2017

S K 51
Entity type Train  Dev. Test Train  Dev.  Test
Person 2217 552 1816 2943 626 621
Location 2091 522 1697 731 173 178
(16) Organization 928 247 839 1674 375 395
Miscellaneous 940 225 726 701 150 157
Total 6176 1546 5078 6049 1324 1351
Twitter quantity 4 000 1000 3257 3373 723 723

AR S5 A 9] 2R (Recall) | #E#6 % (Precision) |
F1 {8 1F b 52 5% ¥ # 46 A7, 5 HBILSTM - CRF -
GVATT" .BERT-CRF-GVATT" | AdaCAN-CNN-
BiLSTM-CRF™ £ 12 F 7 i B9 X He 45 % 2
B

Twitter-2015

Twitter-2017

Modal Model Precision (%) Recall (%) F1 (%)  Precision (%)  Recall (%) F1 (%)
Text  BILSTM-CRF 68. 14 61. 09 64. 42 79. 42 73.43 76.31
LSTM-CNN-CRF 66. 24 68. 09 67.15 80. 00 78.76 79.37
HiBil STM-CRF 70.32 68. 05 69.17 82. 69 78.16 80.37
BERT-softmax 68. 30 74.61 71.32 82.19 83.72 82.95
BERT-CRF 71. 00 73.27 72.10 82.98 84. 46 83.71
BERT-BILSTM-CRF 71.03 73.57 72.27 83. 20 84. 68 83.93
HBILSTM-CRF-GVATT 73.96 67. 90 70. 80 83. 41 80. 38 81.87
BERT-CRF-GVATT 69. 15 74.46 71.70 83. 64 84.38 84.01
AdaCAN-CNN-BILSTM-CRF 72.75 68. 74 70. 69 84.16 80. 24 82.15
AdaCAN-BERT-CRF 69. 87 74.59 72.15 85.15 83. 20 84.10
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Continued table

Twitter-2015

Twitter-2017

A 155 7
Modal Model Precision (%) Recall (%) F1 (%)  Precision (%)  Recall (%) F1 (%)
AGBAN 74.13 72.39 73.25 85.36 84.56 85. 23
MDA-CRF 72.81 70. 33 71.55 82. 64 83. 24 83. 45
Image+ Text  CWI-Attention 72.37 70. 05 71.19 84.56 84.78 83. 42
MT-BERT-CRF 70. 48 74. 80 72.58 84. 60 84.16 84. 42
UMT-BERT-CRF 71.67 75.23 73.41 85. 28 85. 34 85. 31
MSB-Small-CRF 74.97 72.04 73.47 85. 20 83. 60 84.32
UMGF 74. 49 75.21 74. 85 86. 54 84.50 85.51
UAMNer 71.78 74.63 73.10 84.13 85.71 84. 90
ITINER (This study) 73.20 75. 40 73.61 87.21 86.76 86. 44

Note: Bold data in the table indicates the highest score in the current comparison method

4.2 FTEELIE

S A5 R W, B SCHR G W AT LR AS T A
PR fE A SC 5 1 AE Twitter-2017 3098 4 I A4 o 1
R A W F1AE 5% b7k i BT i UMGEF
SRR T 0.67%.2.26% F1 0.93% 5 7E Twitter-
2015 $¥a4E b, B IRIEE T 0. 19%,

XiF T BRSO L I ZR 0 J  W RAR TR G
MM, i, BERT-CRF 7E Twitter-2017 {4
£ EWER R, H R F1 AR HiBILSTM -
CRF 439t 0.29% .6. 3% Fl 3. 34 % , 2 B Il 4
ORISR NER o BAT B B f %, i CRF i i 1)
BERT-CRF 8 HEGED: T A softmax 1) BERT-soft-
max, B CRF 2 X NER B4 &t , it % b B
BHZEE T, T UE B 26807 %0 ae v Bk
TSI, B, ARG EE SR W
ANEE4E | HBILSTM-CRF 3 2 B i F1 {843 542
T 1.63% M1 1.5%. Bt Ak, A F AGBAN,
UMT-BERT-CRF 4§ A i F 18] 15 i i (9 15 AL, A SC
05 ¥k BTk e R B I, SR WA 45 A R A iR AT B T 58
NER f£5 .

BEXF A ) B AE Twitter-2015 Bdi 4 R A
FEBYAE B0, A SO B B2 09 9 25 34T 40 gt A
B B B SR A3 A IR 38 e X b P SR S A4 A Y
ANTR] B2 e 1 5000 4 1) R SCOR B R B L 9F N AR ¢
THECHE 45 0 T SCOCHR B, an &l 5 T

M5 AT DL SRR 4 v SO SR 4 A 5 IRHR
SR AT Z B B 25 S R SR 5 SOAR SR IE AN 2 5
SN N1 5 G v g S O 5 i — 2 2 1 R
(R SCAJIT 25 1) iy 24 S AR BS0EE L 3K — 22 AR I T A

B TP MR SCAR X 2 (A AE A T G BR Bl 55 O HR I 0 . XF
Fe B 4R 1Y B SO B R & B, Twitter-2015 H & SC G
KIS LA Twitter-2017 8 £, i %) A<
SCHTHR 7 1 G R 5 RR AR B A 6 TR i OR
R L PRI A IR S TG DG R 55 S 1B 114 ] SOvE s o
PR 3 5 SCA I 1 S22 1 2 T K L 3 th B IR 3 1 it
111 4% SR 47 AT G 56 B M Bl . R ok gy
BT o A SCHE HH 08 I gk 11 S [a] il 1) 753 1T DKy 81 S
TEAH CPERY MNER 77 5K 25 40 fH X T & 53 e 25 T8 ¢
A5 AT A R Rk

Comparison of
text entity quantity

Comparison of
image entity quantity

7000 Relevancy of 7000 Relevancy of

6000 F image and text: 6000 F image and text:
2 61%-64% & 77% —80%
= 5000 = 5000
< <
24000 24000 -
£3000 £3000
S 2000 2000 -

1000 1000

0

Twitter-  Twitter- Twitter-  Twitter-
2015 2017 2015 2017

M Person M Location M Organization M Miscellaneous
5 Halm 4R 92 i X L
Fig.5 Comparison diagram of dataset entity quantity
HELIE

R T WS AS SO SCHE A i 4 S5 AU I AR AR e A
U A RO SRR A O A A T T RS A, dn
3 TR o BRI L6 145 L BEUGUERN SCAS il 6 3 %6F
BT AR Ak B R ), A K R A R S B R A
Twitter-2017 4548 [0 3R BLWI & A8 22, Wi 7F Twit-
ter-2015 4R L R ILA I BA T 15 2 wg A 4R

4.3



I ARE,2022 ££,29 %, 5 4 #] Guangxi Sciences,2022,Vol. 29 No. 4

Fh BXAEUE T 4.2 75 09081, B A B 48 B 4 ok
P18 552 M 2 AT T S 000 DG B8 S ] i AN ] ] S i) S Bk
JEHE K, AT LAl NER AT 45 2 41 55 Bl 25 (&1 3C 8] 56 Bk
JEEAS 2 0 AT RE 25 B A I BOAE . FE 2 RS H F 32
R 2 B R O SCAR R JE PERE I T R
IR I N R o BT N R W E
W2 S BUR A PERE T B X R B T B A AR
H - EE,

£3 HmZE

Table 3 Ablation experiment

Twitter-2015 Twitter-2017

LAY - -
Model Preci Recall F1 Preci Recall F1

:}% (% % ;% % %

ITJNER (This study) 73.20 75.30 73.61 87.21 86.76 86.44

72.33 75.60 73.93 85.30 85.05 85.17

w/0 image caption

72.53 74.92 73.70 85.51 85.95 85.73

w/o visual gate

w/0 image-aware texXt- 7 75 74 49 79 54 83,57 84.23 83.89

fusion

Note:Bold data in the table indicates the highest score in the current

comparison method
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Image-Text Joint Named Entity Recognition Method Based on

Multi-modal Semantic Interaction

ZHONG Weixing, WANG Hairong, WANG Dong,CHE Miao
(School of Computer Science and Engineering, North Minzu University, Yinchuan, Ningxia, 750021, China)

Abstract ;: To solve the problem of noise impact and insufficient image-text semantic fusion in existing Multi-

modal Named Entity Recognition (MNER) research, this article proposes an Image-Text Joint Named Entity

Recognition (ITJNER) model with multi-modal semantic interaction. The ITINER model adds image de-

scription as an additional feature to enrich the multi-modal feature representation. The image description can

help filter out the noise introduced from image features and summarize image semantic information in text

form. A multi-modal semantic fusion model of multi-modal collaborative interaction is also constructed, which
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can enhance the multi-modal information fusion and reduce the semantic deviation of image information.
Method experiments were performed on the Twitter-2015 and Twitter-2017 datasets,and the results were an-
alyzed and compared with AdaCAN, UMT, UMGF, Object- AGBAN and other methods. Compared with
UMGF method,which showed the optimal result in the above methods, the accuracy,recall and F1 value of
this method on Twitter-2017 dataset increased by 0. 67%,2. 26% and 0. 93% , respectively. On the Twitter-
2015 dataset, the recall rate increased by 0. 19%. The experimental results verify the effectiveness of this
method.

Key words: multi-modal named entity recognition;image-text data; multi-modal attention;image description;

the semantic integration
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