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KRR BFEAFETFELESRAEFEKR KRR 430074
(m201971992@hust. edu. cn)

%

~i,

W O E BT PLIABRVERAI>RA, P L E4 2 %K A (Chinese Nested Named Entity Recognition, CNNER) 4£ 4+ #%
Rk, it B M L e 5 TR IR TS REE, P42 CNNER 4%%&& T A A AR e R R A 2R
2 #2 A ( Boundary-aware Layered Nerual Model, BLNM) , 'é_kk MAET —AH2EE N A% R KN 53942 8 Fo 48 4R

FHRZAMGBELXR AHBRFHEAT RGBT HESEER T L FARRINEN AL, b kB KR ERANHE FE R
BJE AT A AN FARGARAZ B AL EAZE MET — /\ﬂ)ﬁ‘i)ﬁki\ﬁﬂ% F T B AR AR 6 R A 8 R KRR B LB
BRAERA, AT ACE 2005 ¥ XL #E24 £ FHRMBEN ZHE RN, ZHEAN LA KT R

A5 v}vswzé%\ﬁé%ﬁw A B EENARAERR;EENEZERNL
FEESES TP391.1

Chinese Nested Named Entity Recognition Algorithm Based on Segmentation Attention and
Boundary-aware

ZHANG Ruyjia, DAT Lu,GUO Peng and WANG Bang

School of Electronic Information and Communications, Huazhong University of Science and Technology, Wuhan 430074, China

Abstract Chinese nested named entity recognition(CNNER) is a challenging task due to the absence of natural delimiters in Chi-
nese and the complexity of the nested structure. In this paper,we propose a novel boundary-aware layered neural model (BLNM)
with segmentation attention for the CNNER task. To exploit some semantic relation among adjacent characters,we first design a
segmentation attention network to capture the potential word information and enhance character representation. Next, we model
the nested structure with dynamically stacked Flat NER networks to detect entities in an inner to outer manner, We also design a
boundary generative module to connect adjacent Flat NER layers, which can mark the boundary and position of detected entities
and greatly alleviate the error propagation problem. Experiment results on ACE 2005 Chinese nested NE dataset show that the
proposed model achieves superior performance than the state-of-the-art methods.

Keywords Chinese nested named entity recognition,Segmentation attention,Boundary generative,Layered neural network

B 45 S VR YR SRS R B8 A% 0 G b Y3 5 R A G R AL R
L i 4 SR R EDAR Mk 52 B MR BR HhIR 0 25 M B e i B
fir 44 SR B (Named Entity Recognition, NER) /& H #& fiir 44 SR (Nested Named Entity) 97 A9 7NRL B 4y 4 24K, 53
15 5 4b Bl (Natural Language Processing, NLP) 47 33 (1 — 5 2 TC ¥R FE IR 2 YR SCAS B fig v 3l 4 o 2 2 UROkE JEE 3R UAE B,

1 3l

il

BT 55 S SR EE 40 O R IR LR I D S AT P ORG
KRR, A \
IiF NLP AR S48 46 T Seik 5 B . dr 4 SR RAIME 45 1 R H - ORG
P T 5 SCAS T il 44 S MR I S B O S R 3 28 B T S MEESk
N N - . FEANREPEESRFH5 40 %
MR, LRGSR S A 'S LA,
WS A 4 Sk, B 1R TSSO A AR A I 45 WL R i 2 S s B
B S AEE T R, o 5 R Sk Fig.1 Example of Chinese nested named entities
“CrAe AR IEHE B 45 BE6F 5 0 A = JORG” FRE A~ /N bi i & 52 11 itk & iy 45 L AU (Nested Named Entity Recog-

SR e A\ R EGPE”FI“[E %k JORG”, HEi k% nition, NNER) J5 #5170 3 2 J& 5 F 80 0] %), {5 5 28 %0 0] %

F& H M .2021-11-25  3&{8 H #1.2022-06-17
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U RO PR AR SR 38 T R U L RKORE F A AT
F I b 3 FME B0, A7 6 FE I FE 7 L R0 1k 2% L AT B A 1 25 45 )
W, TR SK  BEE IR 2% ) (Deep Learning) fE % NLP £ 5
B L R AR 22 2 T IR 24 AR i 5 0 46 5T 0 Sk 1R 3
WESR, Ju BB T R ST G0 bR AL, 8 5 X
A Jid - i 44 52 4R 38 5] (Flat Named Entity Recognition, Flat
NER) JZ AT B A S, S T v 4 B0 40 | /N ki 3 Ok
Y23 oAl N (EPTIS 3y, LN ) e D =l Ry w
FEJRI B 5 5y AR 25 5 3, 491 A0, 24 /N B SR 0 R )
FER I RORE B S o AR A B I AR . RV Li T 2020
AEHEH T —Fh 2RI A 2 I AL S5 A B R AL R S 5
SRR AR AR OR AT il DR 22 AL B ), AN, I
Hh SR A i 44 A TR R AT R B T A 1 L SR R A 4R
£ 2 18] BAE SUM5 B, 206 T 53X 0 1A 1 FHAE BRA (5 B . B
T BRI A A R R LA Y R U
BB AR—HBE, AR ORI R B AT i A TR A 20 .

EEXF A (0] B, AR SCHR T — Al i SRR R b N 4%
RRAY AR R0 T B S HE B P NER J2 1 5 20, il /VRL B 3
FORLBE 2 J2 M AR rh SCSCAR T i i B 4 SR, — 5, A
SCE T — 4 A i AU B (Boundary Aware Module)
FHFARIC A& 28 PN 0 SE iR 30 R B AL B E R IEAR R
AT RERRSEN T RRE M T IREGSRNE, 55—,
AL 254 Tieba 4338 T H 5 5 & ALE #1645 B Al Sk
THFHFMER D HEYMATRBETXEXFERE. BHiE
£ ACE 2005 H SCHOHE 55 1 509F T BLNM 80 1 4 ke, 5
B4R R W] AR ST T SR R

ASCH 2 AR T MK TAE 8 3 W EEANSAT BLNM
PASS R 25 ) 3 505 4 15 TN T 2458 A8 A vh S 42 i 4 S IR LA
B I HERE T 0 IR I ACR BEAT T AT WAL s d S R A 4 SO0 R
BERK,

2 MXTIIME

T fifp A 4 SE AT B B B 32 A R A s e
(Token-based) Fl 3 T 43 2113 (Span-based) Wi s, Hi i, 751
[TNE R

Token-based J5 1 64 SCA T4 Ak Sy REAE 1 5] I £ ROG gt
FRIEAE B AR5 5T - TR 28 P ) B . Huang %6 37 0K
BiLSTM-CRF # %! A F NER {F: 55 , 3 & B CRF BB n] D)3k
BURI M B bR 1R B B T R B A9 IR B8R . Liu 0%
P T — P 2 AT 55 P A AR il B8 LM-LSTM-CRF, i@ i
B AN B S FAYAE BORAR T 2 SR BI R .

SR, Token-based A #1415 47 78 25 #E B | 55 1 3 5L 1000
R A B, BRI 22 3 B2 T Span-based 1Y 7 2k 42 T
155 PERE . % 7 SRV A S A 1 T A T B X 3ok ol 31 PRI 26 HY
ok, 9K JE IR A2 46 e Bk AT 4y 28, Xia TR T
MGNER 8 4844 324G RY o — A48 00 25 A — A 3 2 28 4Lk
R 9T A TR Y SR BE L R B SR AT 4 2
Luan ZFUS 8 T — 58 FAEZE DyGIE, Tl e se ik A B
Ii1) f) 58 B 2 9 sh 25 ) 2 52 4k B Bt Pl (Span Graph) . 52 852
N NEE

AH EG T SCSCAR R S SOA TR A 28 AR Dy i 2030 AR IR
ME L) B3 0 G 135 0 B . Dong 507 1 WOK F 45 2% BILSTM-
CRF [ 45 25 44 o7 F 7 b SCin 2 SR IRUBIME 45 1, JF 58 51 A
i 55 58 1 RRAE 3 R A b SO A R A R AT g T 1y =X
o B S AT A B (R L SR )5 B BILSTM-CRF £ 8 i 17 7%
SIFRT . Zhang 2094531 T Lattice LSTM 4544 , 31 1 UK A]
{5 B 5] A CNER £ 45w, Liu &M R H T WC-LSTM #
AL 5 i 0 Ak 1) Sl S B, AU U T Lattice LSTM Il %5
HFJE 3 batch FFAT Ak 09 1R) 8, KRR HE T H 5 0% 0 38 T
KA R 0 RNN B RLE 7R XE DL K 0O 7 8 A8 UM
BB B AR B L R G R D 2 3 T 2 3R G il
2 I 2 B R fe it e X — W) L, Gui Y45 CNN G 5
Rethinking #1732 1 T LR-CNN #5853 iR Pt T Lattice
LSTM #5# T v A a4 b BRI A5 2w 28 1 [ 8, Sui %00 %
¥ GAT(Graph Attention Network) B 4% F1 [ 2 44 2 (1 15
X EFIA CNER 155 SR T+ T fir 45 SR PR30 09 M g
HRKEEART B i) oA, JEW AR, A7 — 22 H 5 T R
A S B 00 She 2 T S T 42 S A 8 TR R

R TR RAR T SR - i 44 S8 R TR TR] A T 22
T A A 0 P SO B AL . B G0 P SR B A 44 SE AR IR
AR J2 e F L) AN A% SE ML AR 2= IV L Zhou %D F 2004
AEAR Y 7 2 Zhou ZETETF 2006 4R 4R H Y AR S SR
S s S 4% S AR P S 5 RO 0 O TR T ik 2 A 4 S A
Fu 28058 1o il B SCIE F AR AE, B T 3 F CRF AE4L (Y
CNNER # B PERE . 1 4F 2k , Bl & U8 B 22 ) B DF 2 HGi 285k
TR 2 2208 1 2 W 45 R0 % F T CNNER 145+, Li
GO T —Fh 2 2 BCA = I BRI 8 A B L
T ARARAE R A B R U T

3 BRABRAMEBMEMBZER

AL T AT A A2 SR G I FRHE AR B iy h 3
B i 44 SRR 3 L i 30 iy ) O 2 R AT S ARG U, 46 28
H R EE R an gl 2 s .

Bk UL Z A 3 AN SRR B, 1) 4 HI
= 1B H (Segmentation Attention Module, SAM) , %% He 45
A T " 431 (Chinese Word Segmentation, CWS) T. E.Fll 1
B HLHL ¥ SCA T AN o SO AT AL O AL TENE R R AT
] & IR A A BN — B R T i 44 SRR B Z . 2) T 4
2RI (Flat NER Module) . )2 Flat NER J2 i1 Bil.-
STM il CRF 4L« 5 # BEAT SCAS 2 81 19 A AIE $2 1 )5 2 % |
T SCHREE AT AR I T S AR A R B RS Y
HH B0 I T i 44 SR TR 3 )2 Bl A ME 2 AT A 38 g el D R )
FObE 7 SR JZ IR SR, 3) AR U B (Boundary
Generative Module,BGM) , #£2 Flat NER J2 2 [A] i 3% $ &
4y, BGM e F| 34 L 4 15 (Boundary Encodings) FI{v &
% (Position Encodings) %} - — 2 Flat NER J2 /7 8% 31l (1) 52
T B30 BB BT AR AR AR5 B A RRIE TG AT — 2 Flat
NER 2, B #| Flat NER JZ2 /R 75 JUjI] H 7 0 S5 4, 450 A 457 11 3

BB R A
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Fig. 2

3.1 SEEEAESR

T AF B v ST 2 i 44 SR TR R TR G 1k 4 AR A 4R
22 B T R, 2 T 5 2 I 2 BHE SRR PR L R
WL FAT AT T AR R L, A 3 BT R, At R A R
LT SCH A LR BT R R AT RN, o a1 fE B
B HIVE NER 1F %5 19 3CRRAE (Soft Features) ,

A A

&3 o> BIVE R S B A5 1Y
Fig. 3 Structure of segmentation attention module

XTFRAR T s={ciycrsrsent» SAM B i £ #
TR AR N ST AT ST B R AT e

e; = Lookup(¢;) D
Howh, Lookup € RN J& BEALI 4 1k 19 7 4F ik A £ & 3%, T 72
W Grid 72 27 53 AL, d, R T AT B4 BE , SAM B Al
H Jieba T H X SCA BEAT 733, BIGIA /AT A8 HA FE LY

Overall structure of BLNM model

B B 1 X SCAS T SCHR G 9 45 #E AT 43 2 L 15 AR 30 43 1) 45
SFH R H 137 57 (Local Attention) W 45 3|38 4 A~ i) 1 X
ML AR ) o RAR) AR AN AF S FRATT I 5T ) R i
Bl AT — 5 5 ¢, Xe,, WA Ha,,, TR QT

exp score(e, se,) (2)
exp score(e, se.)

QXpon —

™

T€ (ivit 1))

H 1<i<im n<j<<N.i 1) 5350 Fom i b | =4 R
FAFRS R R B - e, X BLHE n A F I FAF A

SR T W

score(e,, se,) =v" tanh(We,, +W,e,) (3)
Ho,w, W, € R &GS HE R vERY

ARG | AN FARETFLG B A TR S R 0 1R i
wo, I ERWT

Wi :éia,,,{,,e,, (4)

B4 K TFAFIR A e, 5 HX 2338 4 6] 1] Hw AN, 5
B FAE 1 4k x, <

x,=e,tw, 5

FEATRE 20 TE R IR R i tH X = (xR

55— 2 Jm Vi 44 SR 2 A
3.2 REGBIMFIRANESR

Wt SAM BT B A5 B A 4 1 4F B W AT R AE Y 4
Joi o 4 o B B A ME S 0 T A 44 S8R THU R Y o AT
Z 2T A bR . — EUR I BT i 92 1A, 2 AE Y i A A TR
TEHIA— B 1Y Flat NER JZ, 7F 8 1 & B2 & #; w0,
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PR 2% 1 i B, 58 B SE ARG T

Ammmmﬁmm~¢mmﬁﬁ%mﬂw%wm
STM) il — #%m 7 (CREOH . B 2 51 T Wi 4
*wm%ﬁmm

mTLmMﬁ@%ﬂuﬁﬁ%E%ﬁ%ﬁﬁEﬁﬁﬁ
B—AHHFIE R F LI ATR A ¢ 2R RRIE)F5IX = (i,
xb e xi P A BILSTM 355745 3] B 8 )2 R 2 o 708 1 1) B
EEHIRZS FE 9 ChL SRS s e ) 55U T B 2R 5 9 (i s
) HEAT PR 5 3 58 8 09 B2 FRIE )P A H = (hi
By - YD

BB RATH bR AR CRE 2505 4 440 455 25 =2 [l Y
WA R LI A B 5 . ST 45 58 MR E F A Y,

Ry sese s hy

BZA)F/]‘%/’}JH\YWF?EJT = (1] oty 4o J\)E‘]@E%ﬁ
exp(iA,« ey Jr Z\:U /
P(T'|H)= (6)
> exp(zA, . H)+EU
TE Ty

Hoh, Ty 25 i EHTA R AR IF I 6 A &5
R A, L TR NBR 0 e R BURR B 5B
U, BRE 0 DFIFE0 I RIR &0 50 8. 16 F15 f2
o, CRF W 4% fifi B 28 4% b 383607 (Viterbi Algorithm) 15 31 5
AT A7 25 7 51

BENHEREAR (X, T, H R —
NER 2. 82 St R AH 13153 =0 F .

i K ]2 Flat

L:fmngmw:fﬁngqu» )

M CRE % B M AR 25 7 510, J AT 1 31 s A SE 44 T f
B 5 10 B 2 R AE R AT 0 AN RS 38, 15 32 SR B AR AE R
No B PN B SER N AN FERI R, B R A F
545 0T84 S AR X B A AR AE R o .

Vi = 7]+1§m ®

3.3 BMRERAKHR
SCHRL8JAE P A~ Flat NER J2 2 [8] 4% 38 % 31U i Y 52
PR A 2R 2 38 Jad 0T S A TN B A R A 1] i SR S 2 5

IEAY o BB R T A 0 S A (Y R A T B B i O — A AT R
fE RN,
S N . (9

end—start+1 ;=qan

Horp, start Al end 43R BRI SR IR AL B R 5] o0 R
TRE R AT X R R 0] & s m; 3R R R 46 2 5 B RHAE [n] £

IR, X R 40 05 1 A TR R 2 AL 3G A, AL 2R T 7
fFE 2N T IS A B AR B 38 T SCAR A 1 B
A5, BRI 2S5 5 B SR B X SCAS T SCRY SR L A T X A i
R RRIEARTNN. hy T AR DI A A8, A G T —Fh il
S RO 2 HGE 1 PF HE AT R AR L 30 5 4 D (Boundary

Encodings) FISZ A& {7 & % i3 ( Entity Position Encodings) , €
)rTWEWTR'J_"J F S Y i A )
LRI 4 TR,

B A5 S 1 5 A R B

B-Gpe

#i-12 7 FNERZ
T 4

E-Gpe
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i—1

EARFA
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Z: 1R BIEO ik HU , F A0 B30 B 524K 4328 3 845
RIS 46 A Sr FCAR 28 BY R B 45 Jr B AR 28 “E” S AR A AR
AT IIBAR T 70 ) 0 B F e s AH 1. 0,0. 9 F10. 6,
JE LR F AT AF B AR O” X RL M (R 0. 1.

WA LR A B i — 1 BRI g S A L R
ARBTN = (b by by e by D)

55 TR B AT B ) 2 I B S AR T 2 R T B

AR TR B S, FRATIBIAT SE AL T 25 A5 L oK B S 1A
AL B A 0 AL A B BT SRR S e B R OR

mﬁg— +1§P ! (10)

b j Bk 53 B3R SRR T 74y, R T 745 v pi %
TR E TS, pl AR A TR o AR XS R A

Structure of boundary generative module

B, pl ' ERYVY SR — A YR RE ., AR E R
B Sk G D 240 6 A A L B — A 1 B FR R AE — 2 1
P 3 T i 252 200 A7 B0 Ak B ] B o PSS A0 )1 i 84

WE 4 FR BGM BEHU e FFAE P AIY ! =y 'y
yé’l oy 5 R GRS BT B A p PR RS R

yol=[yi bt Yspl V] EF A CNN R 4% b H g 173 5 R
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BLNM #8325 1 47 PP A
4.1 EWiE
1.1.1 #EE

A 30K ACE 2005 Hh SCHUIR 87 F2 B9+ 1 19 LR 43
YII 25 4 A SR TS0 R A R ORI T I B
(Broadcast News). #7 [H & 2k ( Newswire) Ml I 11 {# &
(Weblog) , i 6000 £ 45 4]F 30000 A9 AL, Hrp, 5
R F B AL £ KIS, 0 A& (person, Per) (4141 (organiza-
tion, Org) . 1 & (location, Loc) . ¥ Jifi (facility, Fac). it #%
(weapon, Wea) . 44 (vehicle, Veh) Fl#l 2% BUIE 52 /& (geo-po-
litical entity,Gpe) . % HUHE 4 76 B — 2 09 5088 4» i dn 3% 1
B4,

F 1 ACE 2005 " 3CiR s i 44 55 W80 42 1 524K 3 7
Table 1  Entity distribution of ACE 2005 Chinese nested NE dataset

Ne
CTotal BAL/%
%~ 10750 4726 1050 1156 324 512 7761 26279  77.62
%% 2831 1737 405 390 42 127 815 6347 18.74
$=F 524 231 79 104 9 22 78 1047 3.09
ZWE 89 28 12 20 0 2 7 158 0.47
¥HE 17 1 2 3 0 1 2 26 0.08
8663 33857 100

B 3 Per Org Loc Fac Wea Veh Gpe

%At 14211 6723 1548 1673 375 664
T : Ne 82 52 (4 Ak
M 1 P RMER L, ACE 2005 HSCHR & i 4 SR $0HR 4R
TR R B SR AR 5B 4 BRI 52— UA A F
TR ER, RS RATIEBE R 1 b & R R 28 20 52 ik 1y
AT o Per BRI IR 2, HRJE Gpe BRI SR AN
Org K RIS,
4.1.2 +HAERAR
AR SCHE VTR v SC A i 44 S AR P i AT RS Af DG 7
i3 (Exact-match Evaluation) . BJF 52 4 ) 700 31 554 70 790 0 2
Y55 ON R T 0 45 SR 1 58 4 AH TR e, A4 B 0 32 55 MR Bk IF
P
PEAY 3t A2 il FH 2L IE il (True Positives, TP) | i IE
(False Positives, FP) Fl {8 5 ] (False Negatives, FN) iX 3 4~
Z R0 CNNER AL 55 B9 PEAR 15 45 RIKS 8 3 (Precision) \ A
A 2% (RecalD Al F1 {H (Fl-score) , JIE XA T
TP

Preci.\‘i(nz:W (12)
__ TP )
RewlliTP*FFN (13)
o Precision X Recall
Pliz><Precisivn+RecalZ s
4.1.3 BEAHEKE

TERIT B S HOTH , A XS 2% 08 ], % B LSTM Fji
SRS L R E A i A EFE 5 200, it K71 (Batch Size)
N 16,2 2] # (Learning Rate) ¥R {E K 0. 001, 7] /£ Il i id 7
TP A T ORI HEAT B A PR A O R A R S L
WKE T BAE S5 (Earlystopping) L L2 1F W 4L 2 % (L2-regu-
larization) Fil Dropout %, H:#7 Dropout % & 4 0.5,

AR S I 22 N L S A — ¥ B R AR SR
n 2 g, A g, R — A8 S HUE kA
A L AE S BORE B AR FE R R . S 255 DL JIr A 5 4 4 2

#TF PyTorch fE4R), I H 7E [l — Bt NVIDIA GeForce GTX
1080 Ti GPU LizgfThy. 4563 2 Al A, 24tk K/NEL 16,
Dropout FHL 0. 5, 9] i % 2] R HL 0. 001, FR % 2 R 245 4 B B
200 H 4G AL E BE B A
F 2 ACE 2005 H3CH B fm 44 IR R 5 1B S8 8%
SRR ZER:
Table 2 Value range and best value of tuned hyper parameters

in ACE 2005 Chinese nested NE dataset

5 3 b
K AN
8,16,32,64 16
(Batch size)
Dropout %
ropout 0.1.0.5.0.5.0.7 0.5
(Dropout rate)
W 4k 3] R 0.0001,0.001,
W ¥ ] & 0. 001
(Learning rate) 0.003,0.01
R RS 100,200,300 200

(No. of hidden units)

4.2 BT

T BAIEAR SRR (1 A4 201 L A SO BT 5 AR SO T A
SR BT R DA ABIAE gt AR Ju AR T — A4
B IR A 52 1 Re AE 1Y B 48 J2 & B A (Neural Layered Model,
NLM) , JH 746 0 35 S B30 48 o i i 8 S A, 25 JE 3] b 3 3¢
Z W E AR, AT NLM 4 5 § #% A 2 (Embedding
Layer) %4 3@ FH T SCFEAF M0 454 . ZE Al A B (Baseline)
B— 2 B M4 M 4 (Stacked Neural Model, SNMD , #
NLM #55, H R FE Flat NER J2 22 8] %3 8 3 50 H 09 52 f4k 1k 17
JE45 ., FrABEIE ACE 2005 th SO 4 b 3R 47 I 45 A
it

L3P T RIS R, RAHEFE T, A SCHL T BLNM
1E Precision, Recall #1 Fl-score F#3E T A LA, X IT L)
T A SO Y A A A6 0 L O O oA A SR B, — 5 T, SNM
HNLM A5 4B 20w 7 8 22 1 433 45 B AR T BI4E B o5 —
J7 18, SNM BEBIBE A [n] T — J2 4% 38 HU 5 B, B 98 NLM £
RUGRAN T 31X — A2 {18 [R) o A AS T 3t s b 3 o 1 4 1R A 8
J¥) 75,

F 3 ACE 2005 i & i 44 SR IR A b 2 22 5000 4
Table 3 Main results on ACE 2005 Chinese nested NE test set

(A2 )
#A P R F1
SNM 75.27 70.73 72.93
NLM 75.52 72.21 73.84

AR SCHE A (BLNMD 77.21 73.71 75. 42

e 4 g FATN b T BLNM #5815 SNM A %1 75 R~
) J2 46 0 52 A b A9 R0, op BLNM 48 8 A9 1 k3t F
SNM B, B 43 53 76 i 2 A 238 B T 76. 50 %6 F1 56. 55 %
B9 Fl-score, XL, RATH 5 — 2 itk B SR G RR Oy i 2 58
& (Bottom-level Entities) , ¥ H: 4% |2 1) SE 14 55 Bk b w5 2 52 {4
(High-level Entities) . MFE P IRATHE T LLFE ), Bl 5 2 By
I, ASR P B R R R R R B WA RN DA
19. 73 %6 [ S 53 A4 16 = )2 5 10 I 2 SE AR ) 800 9 3480, 27 %%
SEAARECE 1 2 TR 2 S ORI ) R OJE R AR B R A U
2) (e 2B SAGE R R B IR T T B e X T B



218

Com puter Science THEHELZ  Vol. 50,No. 1,]Jan. 2023

LR AR I = = R W NI | o N = Bl =1 R B 2 Sy = v 2
WEE, XRE T ARG S EBEN e, T Lo,
BLNM #8 FU5 5 J2 50 06 ) P RE RV A0 T SNM AL
F4 ARICERE SNM AR [] J2 18 500 250 R 0 % L
Table 4 Results comparison of different layers of the proposed

model and SNM

BLNM SNM 54K

P/% R/% F1/% P/% R/%  FU% HE
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Table 5 Performance of SAM

CHLT . %)
A P R F1
SNM 75.27 70.73 72.93
+SAM 75. 30 73.55 74. 42
NLM 75.52 72.21 73.87
+SAM 75.76 72.93 74.32
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Table 6 Performance of BGM

BT . %)
#A P R F1
SNM 75. 27 70.73 72.93
+BE 75. 36 71.68 73.48

BGM 75. 86 71.88 73.81
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Fig.5 Prediction result comparison on ACE 2005 Chinese test set
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