B 39% 1 (77 DO NEE S Vol.39 No.l
20254F 1 H Journal of Hunan University of Technology Jan. 2025

do0i:10.3969/j.issn.1673-9833.2025.01.009

FETHLE T SO i SO 2 Ak o s AR AN D74

R, RIEHEC, WRREFC, MES, B =’
(1IEE Tk R THEdLaer, WIEE ARYN 412007; 2. 8988 Tolk K~ BBz hy, Wi BRI 412007 )

W OE: T MR AR e UK AR BB JE A A 3R 535 S KON T B AE B2 SURAS B AN A
BXAWEGEA, #ET —FEATAILE LAE LGB ZEAD SRR 7 ik, akd BERT LA AER
FA= CLIP ( contrastive language—image pre-training ) AL AFAEFR I i, &3+ T A TR X SUE & A AL 69
HIER BET, AIBATAE A XAZ EZ A 693E Lk &, CLIP it bk 5 S AE R # AT 4, HALAE
A VA JE o IC B AL A Ao 3t B 6 ARG L, R RACEARA (L B 69 AL — SRS ) e AR, B B s /M i AR AR (R
TR ALI — AT ) egAamiit ., &8 A A HE £ TWITTER-2015 A= TWITTER-2017 4F 4 4B %
FHEREN, KRR AT FESBEEG L ERBANES T EMRE, BwE, FAHAZERIT,

KR ZHA; 8 FRRA,; HAEmRS; EUIER

RESES: TP39I1 XEAREE: A XEHS: 1673-9833(2025)01-0064-08

SISCA8: TR, K, REH, F . OATUESE LB LR SRS L EHRAH T % [J]. 4
B Ik K IR, 2025, 39(1): 64-71.

A Multi-Modal Named Entity Recognition Method Based on Visual and

Textual Semantic Enhancement

MAN Fangteng', ZHU Yanhui’, ZHANG Zhixuan®, YING Xujian', CHEN Hao’

(1. College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China;
2. College of Rail Transit, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of a solution of the partial semantic loss in the fusion of visual and textual features, which leads
to a significant deviation in the supplementation of visual information to textual information, a multimodal named entity
recognition method has thus been proposed based on visual and textual semantic enhancement. A feature interaction unit
based on collaborative cross attention mechanism is designed for an enhancement of the semantic relationship between
visual information and textual information by integrating BERT text feature extraction and CLIP (contrastive language
image pre-training) visual feature extraction methods. CLIP pre-trains through a contrastive learning framework to
optimize the model for a correct matching of visual and corresponding text descriptions, thus maximizing the similarity
of positive samples (matched visual text pairs) while minimizing the similarity of negative samples (mismatched visual
text pairs). The general domain datasets TWITTER-2015 and TWITTER-2017 are adopted as experimental datasets
in this article. Experimental results show that compared with traditional methods, this model is characterized with a
significantly improved accuracy, recall, and F, score in multi-modal named entity recognition tasks.
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Fig. 1 Overall structure diagram of the model
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YRR g R, BARENAMRE 1 PR,
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Table 1  Statistics of two multi-modal datasets content

TWITTER-2015 TWITTER-2017

25
Train Dev Test Train Dev Test

PER 2217 552 1816 2943 626 621
LOC 2091 522 1697 731 173 178
ORG 928 247 839 1674 375 395
MISC 940 225 726 701 150 157
Total 6176 7 546 5075 6 049 1324 1351

BHigE sy b PER( A4 ) . LOC( M ) . ORG (4
ZUEHIE ) . MISC (HAhSLA ) 25 4 FpSfASs Ry,
3.2 KIIE

A SZ I 3 F PyTorch HE 28 #45 a2 78, I i
GPU THAHELQL AT IR I . TEAH A0 R C 5 Gn 3
2 fR.

*x2 WHRER

Table 2 Hardware configuration table

RGNLE HLAR RS
PERS Windows 11 x 64 {if
CPU 12th Core i7-12700H
GPU NVIDIA GeForce RTX 3060
AT 16 GB
Python A 3.9.17
PyTorch A 1.12.1
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4) AdaCAN-BERT-CRF % %, AdaCAN J&—Fl
S A S .| P 5= W G S 1240 2 S B3 G L [T
R SUER, A BT R T 2 S A a1
e, I, AdaCAN-BERT-CRF #%a] ) 5543
FIA B SR R SUBHASCENLE] . BERT MYTE 5 328
22 BEJI I CRF P AIARIEOL ., S m s iy fin 44
SRS

5) AR, R BERT 1E R CASA5%, CLIP H
G Gt s VE A gt e, (il PSR R 58
T B T AU F 28 82 SCAS G B R P45 G Ry i o ) R
TESEA RS, MR Z BRI G 0K, R
WG FHIEE A CRF 2, SJa1321 500551 .

4 SRIGHER

41 BSHIRE

ARSI B R P A BB 40, batch_size 24
32, SUA G G F bert-based-cased FE R, A
i B TR openai/clip-vit-base-patch #1, HiAth 2
ORI 3.
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Table 3 Hyper-parameter setting

2R HufE e HfE
num_epochs 40 eval _begin_epoch 1
batch_size 32 max_seq 40
Ir Se-5 hidden_dropout_prob 0.1
warmup_ratio 0.06

HA % B num_epochs (epoch U5 ) . batch
size (LK) | Ir (22208 ) | warmup_ratio ( T
VIR b2A2 3 ) | eval begin epoch (LUf epoch) |
max_seq (T KFFHNKE ) | hidden_dropout prob ( [
ji = dropout 5% ) 7 NS5
42 HEBIXTLE R

ARSCRMER R . A B FEAE BRI
FIbr#E. 43 B 4E TWITTER-2015 Fil TWITTER-2017
PO A BTS00, IR HIMER S . A B A
FAHEEAE RSB a5 AP HIBRIE , X T S2ge 45 Rk 4.
5 R,

&4 7E TWITTER-2015 ERSEIOLE R3S EE
Table 4 Comparison of experimental results of

TWITTER-2015 %

i P R F,
BIiLSTM-CRF 68.14 61.09 64.42
BERT-CRF 69.22 72.37 70.76
GVATT-BERT-CRF 69.15 72.59 70.83
AdaCAN-BERT-CRF 69.87 73.45 70.62
EN S 70.15 73.81 71.93

&S5 7E TWITTER-2017 ERSEIOLE R3S EE
Table 5 Comparison of experimental results of

TWITTER-2017 %

i P R F,
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