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Abstract Traditional named entity recognition methods directly rely on plenty of hand-crafted features and special do-
main knowledge,and have resolved the problem that there are few supervised learning corpora which are available. But
the costs of developing hand-crafted features and obtaining domain knowledge are expensive. To solve this problem,a
neural network model based on BLSTM(Bidirectional Long Short-Term Memory) was proposed. This method does not
directly use hand-crafted features and domain knowledge any more, but utilizes the word embedding based on context
and word embedding based on characters. The former expresses the information about context of named entities,and the
latter expresses the information about prefix, postfix and domain knowledge which make up the named entities. Simulta-
neously,it constrains the cost function of BLSTM by using the dependency between the labels in tagged sequence,and
integrates the domain knowledge into the cost function, furtherly improving the recognition ability of the model. The ex-

periments show that the recognition effect of the method in this paper is superior to traditional methods.
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Fig. 2 Structure of named entity recognition model
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Fig. 3  Structure of training character level word embedding model
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) A 1) 18] 4 Ay R BUEL R 0. 55 4 48 I 4% B B A A R
150, BGHZE A 1 2, BeHUZ 0 2 JT 40 300, 4 )2 K/
A 13525 2 FAE SR 0. 001 86 BE WA B R 55 batch K/
R 4005 MR Y SR 10 fR, S B TR A AL Y 32 4k ok fE, X
BLSTM_NER # % f) iy A 3 B3 2 19 AL T & 1] T Dropout
HoR,

SCHk[2]H A9 CRF ik i JF I H CRF+ +5. 4 SC8,
F 1% 7 75 R 00 2 AL B2 i L35 2 3 7 1 U0 i 4 S iR,
WS BRE 5 AR SR I A BA& 0T Ltk i A g 2 H S 80k
B SCERL11]H Ay SVM J7 i i A T A LIBLINEAR S8,
B AERAE g i SCHRC 11D/ DNN R 45 5] A4 40 A sAFAE . SC
BkL1109 (% DNN J5 3 1 H 3l 4 7 2% (AutoEncoder, AE) 5
T 0 26 T2 1 43 25 2243 5 1 Logistic Al Softmax 52 3 . 1% %1
IR ZE R S H0% 8 TR 43 2448 B Logistic S0,
EFICE B 5L BRI B & T EUEE 100,42 oy 0.2, B
YNk 50 RUFULSL, A T A SCHY J7 5, DNN J5 2 Jir & H
A 2 I 45 RASE IS /N AR AR B 2 AR SCRY IR O s,
F DNN Jr ¥k Bt R F 1 ) 4% 45 #) AR SCH ) 3% + BLSTM
PR 7 925 T 2R L 119 1) 44 65 4 AN T)  R1 At o0 28 A A0 11 AR 31
ANFIERBETE Ao ZF W s, EEUPUNCRIE RIS
TN AT
4.3 EMIERR

AR SO A 4 S AR TR ] R AR Oy 22 4y 2 IR, 3 13 2%,
TEVTAN I g HL G4k — 4 2 1l B, B3 3 7 WL R AN T

HRYE 4.1 9 B R AR R A28 44 FIHLAG 44 43
3 AN ST 0 5] R, AR TR R — A AR . LN R
434 B-PER,I-PER,E-PER,S-PER H1 O 5 Z&, ¥R 5] H 59 A
L TEIR P R RS R G I — A SR s B ] — A &

SR ER IR 12y 4 Y I 28 s T R U S Ik B TR
by o ] S SROR SR E L i S AR 2 R 2 IR 4 2R
HOAIE R, M4 FINLIG £ 10 5 405 v 5 I AR ]

K Z A3 S ) F 0 PEAN 48 A A 2 6 A SCRI ST Y O 1%
BRI ROCR BEAT TP A, 8 b 1 5 b ) BLAARE AR T SR AT

BEAREAR 4> M 1E 2K (Positive) Fl 112 (Negative) , FEA R IE
ZIF B BRI Sy 1E 25 1 40 H (True Positive)id 2 TP #
A A A H AR TR0 A 1E 25 19 41 H (False Positive) it h
FP; R4 2 £ 25 9 B w68 R 1000 o £ 35 A9 80 B (True Nega-
tive) J024 TN #E A 2 1F 28 I H 9B B 3 0 o 4 25 i 0 A
(False Negative) it & FN,

K 16 % (Precision, P) . & [ % (Recall, R) | F M & {4 (F-
score, F) | /& B ( Sensitivity, Sent) . % 5 ¥ ( Specificity,
Spec) \ 1-4% 51 (1-Spec)  HEH F (Accuracy, Ace) 8 br & LA
XAD—=xKAD PR

P=TP/(TP+FP) 1D
R=TP/(TP+FN) (@)
F=2%*P*R/(P+R)=2%TP/(2% TP+FP+FN)
13
Sent=TP/(TP+FN)=R 1
Spec=TN/(TN+FP) (15
1-Spec=FP/(TN-+FP) (16)
Acc=(TP+TN)/(TP+TN+FP+FN) an

Hop, R AD B P B P IE 09 15 26 550 1E 20
BB ) 2 (12) 1Y R 23k P00 I 6 19 1 28 AR AR T OE
F B L)1) A F i PRI R YU AT 3 8, 5k
T HEMEEARER UL 3 AR bR EE I AR ROR .
HKADMW Sent 53012 H R G ;215 1 Spec F 517
MIER R R GHEAR RIS BB LB, W Senr Az
(16) Y 1-Spec ¥ M i) ROC (Receiver Operating Characteris-
tic) 1 28 & — P A PO B AL 1 3k, TR PR A T IR 2R £
FA TR R . X T RE A AY IE G2 R 35 4 B9 1)L 26 VE AN O
HERABENSEMNE, AR B HE % DataSet2 1 DataSet3
BT IE AR M S B . Sy ilE— 25 W E A A A UR L 4
t AUC(Area Under the Curve) 8 4% , i% 4§ 4% 5 ROC [t £k 5
AR g A P DX 3 A TR PR R [0, 1 2 {7 K 5 A A5 8
)RR R AT

G5 b AR SCE R R B 4R R AR B PR, F,
Acc i JFl— 4R 4 EOR R B () ROC i 26 FLAH L A9 AUC
HIAE 1 9 AR ST 42 7 25 TR BN RIOR (A
4.4 ELHERBRNW

Sy B8 TR AR SCHR 1 i 44 SR TR0 O 3k 0 RO AR L SE g
SYWIALIEAT o RS — AL S oh ) FE T B T A 2 I 46 A A
TR 58 B HL 2% 2 > BERL R 1808 , 4 BLSTM_NER #i 7
B A ] 1) B AL 7 A S I A RR & 22 R 0 2 R, AR RS
BLSTM_NER_1;7E 5% — 20 52 56 o o 0 5% L 4< SC 482 1 Ay 8001
TTIEFEAR N AAR SCHE ) E° N E™ L bR 28 22 (8] 1 2 3R 6
F A SR U AR B 2, E° M1 DataSetd
Y15 3], BLSTM_NER H 894743 7 ik WL (6) , iRl
BLSTM_NER_2, £ BLSTM_NER_2 % 2l I, BLSTM _
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NER H BT 4307 e B4 = (7 A #1,32  BLSTM_NER_3,
£ BLSTM_NER_3 Ay 3Eal | ¥ E° &4 f i DataSet5 Yl %k
A EN AR Z A 8 BLSTM_NER_4, % 41 52 5 i) 7 %}
FEAS SCHE % BLSTM_NER A5 5 (%) 4 Fh 1 28 0% 35 510 5% 4 .
Wi 20 5286 43 B 7E DataSet2 Fl DataSet3 b #EA7 .

4.4.1 BHKZOMBEF I FHRILRYERER

L Se B4 AN 2 FF 51, CRE K2 A 52 56 45 5 o SC ik
(25 B fre S 56 45 S . SVML AT DNIN ASE 70 (1) 52 56 25 51 hy SCilik
11 JH e e g g R . i SCHRC2 R SCHRC 11 T f9 380y vk
FIPEM FERRALE T PR I FL IR 2 000 [k 3 AN F5

F 2 #M BLSTM_NER_1 5 CRF Ml SVM 3R 5 0H (1 %) H S2 8625 51/ %

Table 2 Comparison of recognition effect about BLSTM_NER_1,CRF,SVM model/ %

. —r A% : 34 i Hlt 4 :

P R F P R F P R F
CRF 95. 40 85.70 90. 30 95.70 89.30 92. 40 93.70 87.60 90. 50
DataSet2 SVM 93.56 82.41 87.63 84.93 73.15 78.60 87.73 63.78 73. 86
DNN 97.55 87.10 92.03 93.58 77.11 84.55 87.83 71.94 79.09
DataSers DISTM_NER 1 97.72 88.21  92.72 94.31 80. 83 87.05 88.97 80. 65 84.61
BLSTM_NER_1 97.67 88.19 92.69 95.42 81.62 87.98 89. 86 81.76 85. 66

M 2 JT 4 1Y S 50 BOHE T A3 H L #E DataSet2 I 1) X F
N 43X 5 i 44 S, BT R M 26 X 4% 1) DNINASE A 174 45 331
R T ARG HL A 2 2] J5 ¥ CRF Al SVM, BLSTM_NER_
1A A SR R W A T DNIN R B (3 3 B0 8 (H 2% R
KL JE P R T AR SO B B9 DataSet2 $i 45 i A 4% 52 17k 44
HHB o B A4, BRI — g B pR ek BRI 4% S 3 2 ST A
AR T SR L T A A B B R AL ME B A T L £ BLSTM 4
R S DNN A B3 U0 ROR 1 S ma 32/, 2) X F 1 2 Fidl
i) 44 3 Wi 2 244, CRE A58 28 % 4 500 25 SR F 16 o 40 A D 1K 2 iy
FAE CRF BB A T 245 r v Ml S HE A Tk
THRRAE o 3 BERRAE A1 A T A4E S 45 8 ) JBORS 0 15 T o G i 3R A%
T ) A A A A5 S, X S PR U 45 S A AR Y OE T
Wi, 17 BLSTM_NER_1 8 £ F] 1 2 115 5 S8R E , Y it 5
AR T N THHE R CRF J7 ik br , (H3EF N THRAE 4 7 vk
BYARAN & 55 73 A0 7 R A B A 48 I 2% (Convolutional Neu-
ral Network, CNN) A 5 H2 0 51 5 44 54K Y 7 8 L R AN
T ARRAE 04T 35k 1) B L B R A RN AR AR B L X
Uk B AR SCIY 7575 5 A CNIN SR 19 05 W6 78 A m AN TR 1E
A 5L A AR TR B B8 Fr . T 4 RN B A 4 K T 2 S A
BLSTM_NER_1 78 @ 5 5] 30 R 47 F DNN A& B, 23 4 5
PR J2: b 44 FTAIL A 44 33 T 26 92 1R 58 i 35 K. BLSTM Hilf 4k 19 &
PEB A RS TR M ER.

A DataSet3 [ 1% 58 Jy vk B A8 S 56 £ P8 . Bir LA X Hb AR #4

BLSTM_NER_1 7 ${ #it #£ DataSet2 F1 DataSet3 |- 1) 52 4 %5
$ .1 DataSet3 | BLSTM_NER_1 # %% A 44 3% 3 fir 2 52 1K
B PR R M 22 T %A AR DataSet2 b (408 590 8% 38 L R
Sl F DataSet3 #5044 19 A\ 4 % £ T DataSet2 ¥ 4
LRPNES- ¢ GUER R 5 LN SN s T 3 AN S N 6
A3 80107 AT T 40 %05 2) 42 FHLFY 44 3% T 28 52 1A 9 3 1) %
BAE DataSet3 W& 4T DataSet2, J& K 2 1 T DataSet3 H )
Hi 44 FIHLAG 2 1) 7 34K B 1 K F DataSet2 $04R 4 F 09 Hh 44
FIHLAL 24 094 B2 A2 R T BLSTM il 48 A9 K B B 5 . .
4.4.2 mANBEEEF EAFREL R AR R SR 09 2T b R I 2R

W35 — 2 Se g A i, ek (2] T 19 CRE 7 16 19 255 5 B0R
Tl 7w A3 1 o B AL = A R I ABR 88 22 TR) B 24 R0 B
ARSI B IR AR I R, I LAEEAT T8 A58, th &
2 MR 3 I8 vl LA . /£ BLSTM_NER_4 195056
GER AT T CRF J7 8 093H B8O .

TEAE T ST P LI T TYI  A 4R 8) B BR A = ) Y 24
o e & A0 4T L 0 R, DataSet2 Fil DataSet3 | A9 A 44 . Hb
HHLK 49 PoRVE A Ace 15058 B9 X Lo 5286 25 Rk 3 fF
B, 2 3 BT 5 SR BUHE R 45 5 EBIRL Y PLR R 1-Spec 3
A AR R BRSBTS B R RS R, AT
AR 45 07 FH iy 44 S5 A TR0 [R]85 4 AR 1) i o 1) R
P E A B RAE. .8 P {H .8 1-Spec {H .8 Ace {H BB
RV

%3 A BLSTM_NER_ 1 & BLSTM_NER_4 (%35 BI85 14 %) e 5286 25 5/ %

Table 3 Comparison of recognition effect about BLSTM_NER_1 to BLSTM_NER_4 model/ %
AR A 4 AR A - nE " LA N
P R F Ace P R F Acc P R F Acc
BLSTM_NER_1 97.72 88.21 92.72 99.75 94. 31 80. 83 87.05 99.52 88.97 80. 65 84.61 99.71
DataSet? BLSTM_NER_2 97.74 88.28 92.77 99.75 96. 74 82.78 89.22 99. 6 90. 56 83.72 87.01 99.75
BLSTM_NER_3 97.98 88. 89 93.21 99.77 96.93 84.45 90. 26 99.63 91.13 84.55 87.72 99.76
BLSTM_NER 4 98.23 89.49 93.66 99.78 97.52 89.34 93.25 99.74 93.74 87.98 90.77  99.82
BLSTM_NER_1 97.67 88.19 92.69 99.78 95.42 81.62 87.98 99. 87 89. 86 81.76 85. 66 99. 86
.. BLSTM_NER_2 97.69 89.21 93. 26 99. 8 96.91 82.97 89.4 99. 88 90. 89 83.35 86.96 99. 87
DataSets BLSTM_NER_3 97.81 89.17 93.29 99. 8 97.15 84. 87 90. 6 99. 89 91. 36 85.28 88.22 99. 88
BLSTMLNER 4 97.92 89.34 93.43 99.81 97.62 89.41 9333 99.93 94.17 88.21 91.09 99.91
B AR ER 3 I EAR A BRI A B AR A AL D B AR BLSTM_NER 4 A% b4 LA 24 3 B84/ P.R Al F

DataSetl Fll DataSet2 A I A Ace (HAVR &, 1 H 22 5%
AR LA BV (8 ) I A 1) i EAR S A KR
A IR S . S B dE 48 A A BLSTM _NER_1 &

TR B %k B Wi 42 A+, BLSTM_NER 4 7£ DataSet2 | (17 5
SRR I TR B 0 A 44 SRR B O R B S LA R .
R ARYE 22 3 DA T a] B4 X L A BE 0 AR B B0 B A 45
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F . DTE DataSet2 fll DataSet3 -, A 443X 2 i 44 524K il 31 1)
AR AE N T AR 2 RS 9 BLSTM_NER_2 A2 #Y |-
% BLSTM_NER _1 WA $2 7t , 23 01 Jit B 2 A 24 330 Fh 52 4% 1 i
S5 BT B RRR 2 29 FOW SRR 45 SR A — 52 1Y S, {ELRE AR K
TE M AU R 1% BLSTM_NER_3 #1 BLSTM_NER_4 # #1
AR T 2 R G A 3 A AT TR G 3 ] ) Y
TE 2 2 1 T 01 %) T X Tl A ASE 2 A5 78 g 200 SR A 5 ) 42
Tt 5 2) T b 24 FH AL 44 3 W5 28 il 44 S5 PR 6 3G N T 28 )5 28 R0 A
&2 5. BLSTM _ NER _ 2 # B A9 3R 5 2 R 0 B ¢ T
BLSTM_NER_1 #84 fy 3R 5 ROCR o 43 87 H 5 2 il T 3 44
HUKE 24 3 W 2 i 24 SEPR KB B A& KL T B R 2
i3 T R SO A AT BLSTM_ES 85 51 31| 24 45 21 fi4 7] 1)
X U R A B B 5 i R R R Y SCORTHT R %
15 B iy 4 SR A BRI L X — S FE CRE A8 8 rp 13
BT HAE B ORE i 45 S5 R AT AR AE 1 i 1R
Shy A1 4 I 45 A5 TR A AR AR B AL X 4% SR U O SO S B R
BE R T . TEIA TR 144 ALY 4 U AR
7€ BLSTM_NER_3 1 BLSTM_NER_4 |4 ¥ 0] & (92 7},
U B B 85 P /0t (99 1 24 RATL A 44 ] A £ A 0 A R 1 B AR
PR R o 80T 3 7 AR IR R AR A S g A9 0 T RS o
SR,

oK A SCHR Y BLSTM_NER_1 & BLSTM_NER_4
AL AT R0 L 45 ROC R, & 4— & 6 iR . AUC fE 40
F A FTA. B A— 1 6 R 4 BT S S 06 B0 O I R A R AR R
IFi) e S 580 A AR (SR AR . P T A A ) U AR
IR EAR K, B 1-Spec BIETEA L 0. 02 B Sent 1Y {H 5L
TR F0. 8, A KA [F) B 7Y A R sk R ) ) 22 5L B/ 4 — D 6
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Fig. 4 ROC curve of person named entities
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Fig. 6 ROC curve of orgnization named entities

# 4 1€ DataSet2 Ml DataSet3 |- AR [FIEER A [H 9244 AUC 1
Table 4 AUC values for different entities in different models on

DataSet2 and DataSet3

. LAk KA
i A >

A 4 Wt 4
BLSTM_NER_1 0.9387 0.8668 0.8627
BLSTM_NER_2 0. 9462 0.8803 0.8919

DataSet2
BLSTM_NER_3 0. 9520 0.9057 0. 9023
BLSTM_NER_4 0.9571 0.9359 0.9183
BLSTM_NER_1 0.9072 0. 8850 0. 8640
BLSTM_NER_2 0.9196 0.8973 0. 8832

DataSet3
BLSTM_NER_3 0.9316 0.9203 0.8953
BLSTM_NER_4 0.9471 0.9498 0.9222

A ARIEBIRIBE 1-Spec {HF Sent fHAZ AL ARG B, BB
P 43 A R R B SR B AR . DRI B 4 — & 6 9 ROC il 46
SERNZER 4 Fral i) AUC A L mT LU 1, J6 38 76 MR A 5008 46
B 1-Spec MIHR R . Sent Fa 2D HE TN, 3 U5 B AR (1 1R 550 2%
RIERE . DEREINATGSE B A4 H A B M
b SRRV SR RS B SR 1 8Y €/ Y (ER  ENE A i o< 7
FHRSCR A AN AE 24 FIOHLAG 45 520k B 0], R R R T A4
FERERE B NERME FEARBAARLR ANA
) T g N 28 5 AR TR Y SR TR N 44 S A T A A B A A G
PE RCHT S 2815 B m 28 2 A5 IR 4RUAa R R X A 44 X 28 5
WA —E W B IR R,

HWRK AR RIRIBE 1-Spec {H N Sent 525 b B 15 B, AL
U] 4 X LY FA R A B AR R 9 TR A8 5R . D AR BT 4 () FET 4
(b AT LUE A% S5 72 B4 4 DataSet3 I F+ i T
DataSet2, 43 7 J& 4 J& DataSet3 1 (1 A 2 52 A1 & B 50 ) &
P4 5 (#3/B-PER ##/1-PER #i/I-PER /K/E-PER), — 1%
o A DT A B 1 AL DataSet2 I E L, S HA K
T 19 2K B KT DataSet2 |9 A 4% 37 3 (4 - 3 K 2, 7
DARGZ% 5 48 AR 25 ] 24 SR04 200 P 1) 1 B BB VR
{H BLSTM_NER_4 % BLSTM_NER_3 fy i 5 £ T} % HAth 52
) (Y B T/ 3 U Y N 44 SO E A TE D) I i 4 O
8, 0 AR B s 42 DataSet2 B, 2DARIEE 5 FE 5(b) A
DIE . b 4 524k 9 BLSTM _NER 3 #1 BLSTM_NER 4
R ) 32 TH 8RB BLSTM_NER_2 55 B &, 3 356 B A 43 35
SR b, 44 52 A ) 19 280 3R R T A AR 45 24 ol T ] i, A
LIS 3 76 3R O R A R KA RT3 R, A 7E | 4% 52 AR
SIS RL T A 2D i AT, 3D AR & 6 Ca) TR 6 (b) TT LU
F L WL 45 524K B BLSTM_NER_ 2 #i#1% BLSTM_NER_
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