TENMBZ5HE 1673-9418/2024/18(02)-0506-10
Journal of Frontiers of Computer Science and Technology doi: 10.3778/j.issn.1673-9418.2210078

2 RF 2 0 i o A4 SR U0 iy 1%

LM M E RS 40 %Fm,m ' 550025

MRF FHEIAFERHRFR, M 550025
ANEXRFERRE EEEE, XM 550025

1246 # E-mail: trx_0401@163.com

i B8 FRRA (NER)E 49 e s e IR i B RiB S AP S THESOMA ., I TXARPAEK
FTHhE %x TR L FREA A, R A B RIET LB R GEE AR TR AR — DA & A
ARG, R T AERETHHF S mPAZ 0, MR EARR AR R R B L, 4 Lk R A, 32 8
—# % REIEZE N6 4 FHRH 7 % (MSA-NER) ., &8, A A BERTH A2 45 L FTXREEWATS

% ,fi@iE BILSTM M & mig L Ae) L TXL AT, LR, ¥R T THTEBRBEL RE B LML, T akd
FEEERFIFEHRESLZEL, RE,NASKLEEIMESATZN, @i ——?ﬁﬁé\ REFAFEE T T
HIRERR R XA, EHEANEE N BRI B AT S RENH LGRS, R, o4 17% E
S EVAIRAN G L SRR, EIREA, 777:‘:%:&GENIA%HACEZOOS%X%U)%‘EJ:Fl/\fz'l %] 81.7%#= 86.8%, 5
A EARAARLA FAF 0GR A] 2R

Kol in] : - % EARIAA) (NER) ;5 £353; $ R EIEE N ;AR Z ML ;T 5 1)

SCik b &g A Sy RS TP18

Named Entity Recognition Based on Multi-scale Attention

TANG Ruixue****, QIN Yongbin*}, CHEN Yanping**

1. School of Information, Guizhou University of Finance and Economics, Guiyang 550025, China
2. College of Computer Science and Technology, Guizhou University, Guiyang 550025, China

3. State Key Laboratory of Public Big Data, Guiyang 550025, China

Abstract: The accuracy of named entity recognition (NER) task will promote the research of multiple downstream
tasks in natural language field. Due to a large number of nested semantics in text,.named entities are recognized dif-
ficultly. Recognizing nested semantics becomes a difficulty in natural language processing. Previous studies have
single scale of extracting feature and under-utilization of the boundary infermation. They ignore many details under
different scales and then lead to the situation of entity recognition error or'omission. Aiming at the.above problems,
a multi-scale attention method for named entity recognition (MSA-NER) is proposed. Firstly, the BERT model is
used to obtain representation vector containing context-information, and then the BiLSTM network is used to
strengthen the context representation of text..Secondly, the representation vectors are enumerated and concatenated
to form span information matrix. The direction information is fused to obtain richer interactive information. Thirdly,
multi-head attention is used to construct multiple subspaces. Two-dimensional convolution is used to optionally ag-
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gregate text information at different scales in each subspace, so as to implement multi-scale feature fusion in each at-

tention layer. Finally, the fused matrix is used for span classification to identify named entities. Experimental results
show that the F'1 score of the proposed method reaches 81.7% and 86.8% on GENIA and ACE2005 English datasets,
respectively. The proposed method demonstrates better recognition performance compared with existing mainstream

models.

Key words: named entity recognition (NER); nested semantics; multi-scale attention; convolutional neural network;
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Table 6  Results of ablation experiment
on two datasets %
GENIA ACE2005
LT
P R F1 P R F1

w/o CLN  83.1 78.6 80.8 85.2 86.7 85.9
w/o MA 80.2 80.0 80.1 83.7 86.4 85.1
w/o BF 82.2 80.6 81.4 85.2 86.5 85.8

AN SCAGER 81.3 821 81.7 86.0 87.6 86.8
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Fig.3 Ablation experiment visualization
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Table 7 1st case study

the search for a small plane that disappeared sunday

S in massachusetts has a bittersweet ending.
GPE: Massachusetts; VEH: that; VEH: a small plane
Gold label . -
that disappeared sunday in massachusetts
Cik[10]  GPE: Massachusetts; VEH: that
GPE: Massachusetts; VEH:that; VEH: a small plane;
SCHk[20]  VEH: a small plane that disappeared Sunday; VEH:a
small plane that disappeared sunday in massachusetts
ours GPE: Massachusetts; VEH: that
VEH: a small plane that disappeared sunday in massachusetts
%8 S 25t
Table 8 2nd case study
St Octamer transcription factors and the cell type-
specificity of immunoglobulin gene expression.
rotein: Octamer transcription factors
Gold label P nseriptor _
DNA: cell type-specificity of immunoglobulin gene
- rotein: Octamer transcription factors
scikgrop PO serip
DNA: immunoglobulin gene
protein: Octamer transcription factors
. protein: transcription factors
20 . . .
ACHK[20] DNA: cell type-specificity of immunoglobulin gene
DNA: cell immunoglobulin gene
rotein: Octamer transcription factors
Ours P P

DNA: cell type-specificity of immunoglobulin gene
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