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[ Abstract] Entity nesting is a common phenomenon in natbral language. Improving the accuracy of nested Named
Entity Recognition(NER) plays an important role in various Natural lbanguage Processing(NLP) tasks.Addressing the
inaccuracy of existing nested NER methods for identifying entity boundaries and their ineffective use of entity boundary
information, a boundary enhanced classification model for nested NER is proposed.A Convolution Neural Network (CNN) is
used to extract features of adjacent words, and sequence annotation model with multi-heads attention is added to obtain
the boundary features of entities and improve the accuracy of entity boundary detection.On this basis, the model first
calculates the contribution of each word in the entity to each entity type, combines the entity keyword with each entity
boundary word to represent the entity , makes the entity representation contain the entity key and boundary information,
and finally determines the entity type.Experiments show that adding the multi-head attention mechanism effectively
improves the performances of nested NER andrecognition.The model demonstrated a good accuracy performance on the
GENIA and GermEval 2014 datasetsuln' addition, of all models compared in the experiments, the proposed model
achieved the best recall rate and Fl-score.
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Fig.1 Framework of boundary enhanced classification model
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Table 4 Performance index of entity type detection of different models on GENIA %
S e % L : SR
ARSI SCHR[ 101455 5 SCHR[13 ] SCHR[IS A

DNA 75.9 69.2 72.4 70.1 67.8 70.6
RNA 85.0 78.0 81.3 80.8 75.9 81.5
Protein 78.9 76.8 77.9 72.7 72.9 76.4
Cell line 72.6 70.3 71.5 66.9 63.6 71.3
Cell type 78.0 69.4 73.4 71.3 69.8 72.5
Mt 71.7 74.5 76.1 71.1 70.7 74.7
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Table 5 Performance index of entity type boundary tag

prediction of different models on GENIA %
B ‘ F1-Score
MRARSE lBR FER ,

AR SCHk [15]45 5

N 99.3 99.1 99.2 99.2

B 85.5 84.4 84.9 84.3

| 83.2 89.9 86.3 85.6

E 86.3 87.9 87.1 86.6
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124 1113 5 F,-Score b8 H AW XS AR Y 44 fir 4 7t
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I GermEval 2014 %0854 I R 4F , X 2 H i GENIA
B LE i B SRS TE £ | T GermEval 2014 54 4
T S A A A o

*6 AEEAELE GermEval 2014 ERyHEEEIEIR

Table 6 Performance index of different models on

GermEval 2014 %

LT HER R 1 ] F1-Score
SCHiR[ 1345 Y 75.0 60.8 67.2
SCHk[10]45 5 72.9 61.5 66.7
SCHR[15 T4 74.5 69.1 71.7
AR AR 74.6 70.2 72.3

AN, R E A SCHEAITE Flat NER | A9 & FIAE , 76
JNLPBA $4fs 8 b #4792 560, e g0 45 5 R B, Bi-Score
KE74.2%
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PEAT | R SCHERE 4R B, 7E BILSTM 22 Ji5 fd FH 223k 71 3
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ik

2)CNN-BiLSTM+SEKey : fifi /] CNN £l BILSTM
AT SCA B AR IE SR I, Z IE A 2k A A
JIRUH % 8 1 45 S5 A i 5 1) R OGS 1) 3 2
Tk HEAT AR AT

3) CNN-BiLSTM+M-head-att+Mean: i /] CNN
I BILSTM #F 4T CA 915 BRI FR HL , Z J5 i 2
Sk B IIHLE AR o S ST 45 A S A 30 1A
G B 1 5 1%, T2 A B Be N Y AR ) R OR
AT AL A B SRR R .

4)CNN-BiLSTM+M-head-att+Key : i i CNN F/I
BiLSTM # 17 SCA 19 {5 B R ik 52 M, 2 )5 1l ] 22 3k
B TP, SEAR A3 BT AN G5 6 Sk i Fae) , H
DR TE R T R A B SRR OR

5)CNN-BiLSTM+M-head-att+SEMean : fii Jf] CNN
1 BILSTM #E 47 SCA M {5 B IE S 3, 2 05 1 22k
e =ALIN N RN e N PSS E = WAL Rr
it 256 S A4Sk 2 1 R i) £ P 24040 3R 1)y i 3] 5
RN

AT RSTAY (1) SEBG 45 R W% 7 i o BILSTM+
M-head-att+SEKey A L , 4 SCHE Y A RFARSE HRAT i A
CNNA Bl TR AR ) B S0 A S 14 315 25 T
[F] P A5 FRURZ R JBE AN 2 1) SR A T AR Ak S A ) 1
YEFH . AH%: CNN-BillSTM+SEK ey ] £ 3k v 2 77 41
TMEAS AR SCR R A G S AT RT3 L #047 rdi 5 . CNN-
BiLSTM+M-head-att+Mean#ll CNN-BiLSTM+M-head-
att+Key %) UGS R FRWT | B fiff FH G 58 7 v 3 0 7 ik
KR SR L ar i PR 3R SR P R AR T BRI =5 o
CNNABILSTM-+tM-head-att+Mean ,CNN-BiLSTM+M-
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SEMean [ %] HL 45 K W, 7635 SEARI i E SR TT iR
S50 P 5 A () TE A AR BN T, AR R
AT IC o B U B AE R SR b S A 1 B 4]
REAS IR BRI YU IR RE J) . 5 CNN-BILSTM+
M-head-att+SE Mean %) % Hb &5 JL 38 B, A SCAR 7Y I 7y
R A R F1-Score # A FT 42 T, 1 B 45 A S M4 5t
) TSI AAC G 7 1) 5 VA AR B 0 SE AR SRR T ER , H I
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Table 7 Performance index of ablation models on GENIA %

iR R HI2E Fl-Score
BiLSTM+M-head-att+SEKey 77.7 72.6 75.1
CNN-LSTM+SEKey 77.0 74.2 75.6
CNN-BiLSTM+M-head-att+Mean 78.3 72.4 75.3
CNN-BiLSTM+M-head-att+Key 77.3 73.5 75.4

CNN-BiLSTM+M-head-att+SEMean 76.8 74.4 75.7
AR SCHE Y 77.7 74.5 76.1

EA DL B S RATA, 254 CNN-BILSTM . £
Sk U B 7 ML) AT R AE B ER LA e 45 G e N S A
Sk R 1A e F7n I, RE WS A AR A R 1) P RE
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