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[ Abstract] A BiLSTM-CRF model is constructed by combining the Conditional Random Field ( CRF) model of
Bidirectional Long Short-Term Memory( BILSTM) network to extract three kinds of entity information , tenderer, bidding
agent and bidding number,in a commercial text sequence. The normalized bidding text sequence is vectorized by word.
The forward and backward text features of the serialized text are obtained by BiLSTM neural network, and the
corresponding entities in the two-way text features are extracted by CRF. Experimental results show that compared with
the traditional machine learning algorithm CRF,the precision,recall rate and F1 value of the three types of entities in the
proposed model are improved by 15.21% ,12.06% and 13.70% in average,respectively.

[ Key words] Conditional Random Field( CRF) ; Bidirectional Long Short-Term Memory( BiILSTM) network; language
model; Named Entity Recognition( NER) ; deep learning

DOI:10.19678/j. issn. 1000-3428. 0052810

E£WB WA R+ 3R 5 H (18PTDJ0085 ,2019 YFH0075 ,2018GZDZX0030) 5 3 4 i1 4% 3+ %1 3% H (2017CDLZ-G25) .,

TEB B RN (1994—) B WMk, M Moy BARE S AR N TR W &2 I RAE, DRI 4 EREH,
TR,

W F5 H HA :2018-10-08 {& 8] H #:2018-11-11 E-mail; yangyang@ tcexfw. com



FasE HSH SN, M T T

T4 T BILSTM-CRF (i 7 15 5 A 5, 53] 8 % 309

0 ik

B A 1 & bR B i 16 B bR SR TR A
A BRI TSR SO, R R T RS
A, AR RN #3865 07 fmi |
PRI A 13 L, T LG £l TR S 2 4 30 J 2 R ) 3
FEEATHEAT L 7 T 4 S 2 A4

FERT A5 SCRY L 3865 7 14 45 BRI B R AL A 4
SRR R S A T A TR I 4% R T AR B G ) R
50 G AR 7 R EE , TR 2 I 4% LRI 3K S
AT L A 3 B TR RO T B R AE R G T
Ik 25 b Ak R 2R 0 £ 1 B A T LA AR
VAR BRI AL AT, TR B 4 T
AR PR SO R A AL SRR 0 L K
T BB ) S5 A 45 T TS B ROR , 9F B SR IE S
A7 2 TR G 7 M i S 3 L, AT LA 3 Mk
SO R R AE 25 3, AT X B T HR I M 2 1 8 SR AT
PR, AR SCHR ) — e TR 2 I 4% i AR Oy
B, LAXTRR F5 o 48 b 07 109 46 BRI AR S5 DL B SR AR AL
PHAE (S B AT IR B A5 HR

1 #XxIE

1.1 f&5iR5F %

g5 B IO R R e, N Tt i
U AT SR Ja X 458 B 0F A7 o | & 4 A DA A
1 e AL R B A 4 SR X R 7 i
BLALEE 2 2K AT AL B Oy A M T gt pL A A
177 5

TR U] F 3 3 ok o A ) R DU A Al B A
N A5 L, FL 7 B K 1 5 36 I DA R R i 4% S 1A
0B AL OB R 4 AT 55 8 R XE B . A,
A2 Ty R HLAT I DR A L T R R 59 4 e
AR A 25 Ak B — 1 KR AR 4R I R, (H Bl S R AR
Pt A B 2K AR 25 0 A0 Bt o A AR K Ee ), T
W1 T 2% AR e 2R B 8 19 4 56 0 3R DL g 57 R
B .

TGP = W kRl G h S R S gt
PLEs 2 2 Bk, 32 A5 B KA (Maximum Entropy ,
ME) £ 58" o K B} B8 8 ( Hidden Markov
Model, HMM )7 | % #% ] & #1 ( Support Vector
Machine, SVM )" I & % 14 F ¥l 3% ( Conditional
Random Field,CRF) "', {HJ2& , b3k J7 vk B9 FRAE 32
MRTENTZ 5, B 5 £ R SCEE 5 11 &
w R TEB R 2R 55 B R N TAR R A, Bl
R I A AR
1.2 WMENBZTE

AR R TIREM A MW T BRIES
Ab PR HRAR T B SR R R T ik R AR LA

R I 0 A TR -1 O N S SR D B U 7
g5 P X ARSI R Sy S A] AR K RE B
A UL R A 5 JE R AR G R 11 &2 &
% #% ( Recurrent Neural Network , RNN) "%/ jij 32 1 4= o
RNN [ Z Ff A% 4 75 4b PR [0] 77 50 2040 1 ] DLAR 4
Ho BRI A7 e A2, 6 A ) i R T
DLkt O N T B2 BRI 1B B 6 R AR 5 1T Ab
BT B4 n-gram SORUAR L, RNN AR AT L4
FRAERRE K B B R SOfF B, IF HABA 7 B A Gk

X F— R fER) RNN, KB T 15 AT 51
HX=(x,,x,,,x,) B £ =1 3] ¢ =T 3%ACTHE
BUZMAIT H = (hy by, b)) MU FS Y = (y,,
Youu¥e)o LR B, Fy, MIFE AW

h,=F(W_x,+W,h,  +b,)

{y, =W, h, +b, ()
Horp W AEH M, W, 25 A2 x B2 b i
A BE W, 02 B2 Z i) A B 6 [, W, 2 Be iR
2 h B Ry BIALE AR R b 2 )2 1Y IR )
b, JEFRHZE h R E b, B Z y B IR &, F 2R
2 P T TS R R, YT BRI AT D& Sigmoid bR K.
tanh pRELSE

2 HEXEKR

2.1 KERZIZIEE

RNN A7 75 5 75 450 8 0 i 35 45 390 1 o B
B|BTHRIFHR, B EEHGARE EEWN
RNN i B 7 b B e 37 K048 i ml 8 25 & AE 46 B2 T
JEUHE AR IE IS, X I, W 5 i T K A
iC1Z ( Long-Short Term Memory, LSTM ) £ 5l . 5
RNN #AUA [6], LSTM 458 AU 75 50 )2 in A 1 4 31
BRI I BT, X AE — E T F B 98 [ AR B2 T
2R e B KR AR AR IR R T R BB A A K
B ) A ) R B AR R OC &R 1 Jir75 2 LSTM #55 #Y
) — A7 BT o

=

1 LSTM &= B fFfi 8T



310 D2 - N ] A D

201945 15 H

LSTM # B i) i S FERm i F
i,=c(Wx,+W,h, ,+W_c, ,+b,)
fi=0(Wx, +W, h,_, +W,, , +b,)
o,=c(W_x,+W,h,_ , +W_c,  +b,) (2)
C,=fC,  +itanh(W _x, +W,h, , +b,)
h,=o,tanh(C,)
Ho o J2& Wi e % Sigmoid K%L, 7, f, v0,.C, b, 5}
VPR AT E L TN N NI T NI TRR v ) I E
PV 16 b, WO AT AR b R o A
SCAFE S % T4 ¢ A A, LSTM B RL i) iy A
x C,_, h,_ o x, HICRFIIRE DA,
C,  Hlh, 535k LSTM #8) ¢ — 1 i 2] iy iC 42 50T
I 23 1) BT el i, AH N 1) s €, R R, AT
A (2) AT
2.2 FHREHIAHEE

CRF 5B S 75 25 5E — i A BEHLAS 5 5540 T 55
— L B AL A A% M R 0 A B HLR R
R it B AL A B REAA AL S R B R B AL, Herh, 2
PEBE F A9 45 IR 25 1 BE AL 37 0 ] DA A DR A U [R)
W 2 FiR . EAPRESRBER P(Y|X) Y 24 i
A, FIRFRIC A, X 2o AL &, RSB/ &
PRTERLER T 91 o 7527 2T B, R I 25 80408 3 1 1)

AR T B 4 (RSP (Y| X) 5 45 BUI B
o5 AR xR A PP (Y| X) Bk
ot th R A

t-1

N 2 Yk Yn-1 Y

2 SZEESHRENS

R, FE bR I R v, R AR 404 0 £ S 000 24
RUARSE BT 00 0 2 26

1) g5 KA 4325 g5 K = JR B S A8 7
AR o T ST O TN A A B bR A
Xk 48 45 R 48— fif 15 5 4R B R de K 1 F 8 A T
(RS

)L MERENLE T IR ER. HE 1 KT IEAR
[, 33X 2 07 ¥ A Ak BEAR 2 R B 00 3 0 ) 1
RAEAT % & .

TESEH G OL T, 55 2 JT7 IR AL bn T 1 A v vl
B 4 B ROR

3 ETESREMNNE LSTM

Vo SR e e A OB R TN 2R 7 RN R T v Y
BT A RO, AR SCHE ST — Bl T AR A AL
i) LSTM, B BILSTM-LM £, $8 45 {5 2 09 U3 2
— A 24 SR ) R 2 — A SCAR TF AR R
A B T A R i SR 2 A R,
LSTM 7 &b 3 3C AR Fp 31 [ 250 A 4 K A 4, LT LU
AR B ] KB B (5 B R . B2 T LSTM
() BILSTM REf% % B i 41 9 = F SCf5 &, JF B
A G2 B B R SCZ E R E &R . fE BILSTM
BT ep AR S| TS AR, D) 7 I A R R B
JE SIE 858 G F 0 [ e 1 e Lz AR g ) .

3.1 BIiLSTM-CRF #& %!

B LSTM $i¢ SCAR Fp 81 32 Wi g AL, 3 HURE Ak 2
HSCAE M 208 TR SUE B o B LSTM X 4 — A4
Y25 51 53 A T — A~ 180 65 A0 10 )5 9 LSTM. ) 4%
HIX 2 4~ LSTM [ 4% 3% B2 45 [i] — A4 )2 o 3K o 4o
S EERY T DL i 2 AR — N P A SR B R
SCEE . B3 iR oA BILSTM A5 70 ¢ i 1] L (1) & I
REAE,

hey h, hyy h
i 2
- -~ il 2
> i
HNE

X1 X X1 X2

3 BiLSTM W& 44
[T 1] LSTM [ 26 (R HE 258 1 %] ~ 55 1 4
F 2B A x, ~ x,, 3R BT I BARECR s

. JZI LSTM [ 2 [ BE 324 ¢ A1 %1 ~
551 AN 2R A X, ~ x, , AT I b R 1 B
BORZS T, b, e d Y ED A B A I 2
[ LSS T B 0L 16 R 0, b 2 A 16 L i 4 F 3 £ B
B AR — A WL 3

[ﬁt]
h, = (3)
h,

] B A & bR SO B A EE LSTM 51 3
[f] 22 3K W o, B 6 3 24 i) 1 R LA B

TERRFS SCAS 56 T H AR B0 R 58 A W1 R
7R U FRR N cxxxx A RS A7 HRAR T xxxx A R
T o BRI, TE ) — A SCAS 912 75 4 5 # AR A



FasE HSH SN, M T T

T4 T BILSTM-CRF (i 7 15 5 A 5, 53] 8 % 311

S i Al RE 8 kS 2 SC HEAE T, T LA 32 A Je SCA
R OC 2R o BILSTM A5 L AE A ] i, & 5 < A iy
JASCRFR . B, X TR HE T — KA RS
A7 CNN fisi i) F ARG S AR S, S R B S A A
BRZSF]” B RFAE 5 B I, 23R DLW Z P 91 & — A A W
ZRo T LSTM B8 F (LI 5 3 51 o AR UK v 1]
WHEAE R, ZFSIR IR T T, LSTM FREUY
Sk M R 5, Pk, LSTM 2 JI iy 51 AN & —
AT o AR XA xxxx AR W HRRT B
[l 27 xxxx A FRA R 72 BlSCA 751, SOA BEp AR5
AT 44 A0 AR S A AE P, 2R R A
CNN =} #. 5] LSTM, AJ fE TG 3% HE R X 28 T4 . CNN
9 ) T JiH 4R O SR T DA T S SBR[ LSTM X Ji5 1
(1 T HEAS 0% BURR ALK 3 B H) . XL LSTM AU g
AR PP 9 sh 245 B, 1 HL AE 6 F) AT 4 Bif i) 9 if Je 3C
5 AR BB R AR 2R

$¢ BILSTM 5 CRF #EA7 45 45, X H: BE A KAA
BiLSTM # B SCAS 5 41 v 1% BT SO &L, o ] BLa
i CRF 78 ) 2 11 b (9 4 T 15 5 R 32 i A T RS o
#, BILSTM-CRF B RIS H AN 4 Fi7R o

[B-Ten|[E-Ten][E-Ten||E-Ten] [0 | [0 ] [0] crFR

ERSCRAE

FIFI

E 4 BIiLSTM-CRF #8454y

3.2 BILSTM-CRF W48 &k 451

BiLSTM-CRF #{ 2 S A 45 04 By 3 A 40 41
BB [ 3 )25, BILSTM W) 2% )22, it 28 ) 2% 1 5 A 7Y
CRF JZ . AR5 A 0 T 5 SCAS , #e BB A 7 45 F
TTHA T o A FEAF AR 2 AR IE A R BTy 58
R —&B453 o AT RS AT L R SR
WK A F] BILSTM 5@ i3f BILSTM %) £% #4) 4 4
T B SUE BB SR F AN A n ik . 7645 F] BILSTM
P28 D 4% A ) ek e, X AT A O B A IR B
FRIAT— 2 B A 5 A )35 5 AL CRF A, 38 i
CRF i85 1 7 5] SCA A F 17 B AR 28, ¥ H bR

HEAR 28 XT L A5 i AT 51 10 X U8R, AR 5 8 e
SCRPREARRE R B 2K o Sk B8 v RS R 1) 32 Ak g T 3T B
BT LA G, AR SCERE R B I 5 3R AT
dropout JZ
3.3 iE5#E

TE SRR T AL BRATER  15 H R )y2 A T )
PERRTE AR M E B R R UL X HLAS B, IR &
HEHEEEEM . HFHEIE - M FaE — 17
HI 77 A A 22 DT ) T e — 3Rk Gk I A
XHREE, L, A SCHE BILSTM-CRF B ] A
WHE AL, CRF ] DRI MoKy BILSTM 1 22 f 4% $
BN 1R SCMF B 3 A 0 B A 4547 AH B i A5 2%,
X AR A 2H B SR . R BTN S, fiE R B R )
TR BPTT 1A S 500 B2, i) Adam #1725 54
I e /MERR
3.4 BIiLSTM-CRF B 7 i 35 32 B A (9 B2

FAAR A5 IR AR AL 8 [F 5K R W LAY X — A48
AR XA o s, — Rl DL o BB R AT A R
— AR BT S S B R AR E, BT LR A
i R LT 45 o SR, B A 22 5 KT 1 & R i AR
R AE BRI 78 R A R 0 FE AR SO, X 4 Al 1Y
H 43 M i A T AR KR e R L, A Al B 3l b X
FEAR SO B A DG AR B #E AT 4 B, B A ORI B 5k

AR SO ) EEAE B AR A AR g
FAPRACHL A5 , A SCH BiILSTM-CRF £ AU i A T 48 4
SRR BRI AR 5 FrR . w58, B K
W RHUHE B8 ST, X B — 3 SCAS 3 47 B9 Ak ik 3 5F:
FBR S0 AT ARG 8 AR AT S BT 4 A
BARSCAR AT U H, B AR 2 /N 10 SCAR B, i
BiLSTM-CRF #5155 H B 4> /N SCAS B % o 1) s 45
T8 5 e 2 AR AR 25 17 5 45 5 Ji SCAS R M e 4 1) 52
&, FI A BILSTM-CRF #5554 #F 47 # 45 SC 1417 2 42 B
B P A% 1 R,

Y,

BiLSTM-CRF || k#4551 b |

bR

5 BRXHERRIRRE

iR 1 HEARSOIHE B AR U

BN BRI A A source

W AR IR NG tender ARG S KA
number YA G agent

1.tender = { | ,number=1{ | ,agent = { |;/ = XfEEHF It
TR+ /

2. source = normalize ( source )/ * X} 485 X4 N A AT
WAL B, F2BR 57 AT+ /



312 D2 - N ] A D

201945 15 H

3. clips = token ( source ) / = X} 4k Ff J5 09 41 5 SC1F & F%
FREAFS  BOIE HEAT U1, B S0 A i B A A8 3R clips
thox /

4. for clip in clips do / = X clips F I B /NSCAREE = /

5. temp_tender, temp _number, temp _agent = get_entity
(clip)/ * #4E A clips 4 A %] BILSTM-CRF 41 % it 15 5] 8
FR B bR G5 AR AR AU 3 A SE A = /

6. tender«— temp _tender ; number«— temp _number; agent «—
temp_agent;/ = 4558 5 G B AR ARG S IR AR
P A\ £E 4 tender,number,agent H * /

7. end for

8. return tender,number, agent

4 XRERSSM

SRy 50 UE A SCBE TR X HH AR SCIE 5 2 R 4 AL
R AR T A IR T IR S bR S B AT S
555X H
4.1 HIEE

AR YRS B DA H [ BURE R W) I FH A5 A R ) ) S
AR5 FICH T &3t 50 000 %47 b5 S04, XX
SEHAR SO N AR A R AR A SR bR 4 5 4R
PR B, ZBRICSE PRI A 3 2815 B a5 L
I B AT 329 45 000 Z%udl o Horb 40 35 SR AR
OB FHAR A AR bR G5 1 H 73 5 29 g 43% \T1%
63% . X T IX LERCHE , A SCH R 73 1Y F ] E AL A
O B 25 5 Al i 4 o
4.2 HIEmAE

BSCHE 0 A B S AR BRI S 1 I 4 RN OC B P
R fESEhR, A R 2 BT s o T AR s A w
i), B, B SR R AR — KR, AR A F] 4
“RERER AT, SRR 5E R R KR E
o PN, A V)44 R — A PR TR I T
A PLIE i B AN B A AT AT & o & E| L ]
R AR SCLL Ry i Bk ) T AT U0 . AR S5 Y KR
P WAL BRrb e XS I R AR I A b R S AT S
HER - 1TFWES MNESTHEDSFIE
[ -0.25,0.25 X [a] N BE BL D 46 4k, B 445 3 — 4
300 ZEf) 7 1] 4
4.3 HEBREERS5SYEE

Tensorflow & iy 7 N L4 RE A1 BA T & 1Y 3 &
SOJHESE, Bz TSR A LR A ) Bk
AR ] Tensorflow A7 KA £ . 5200 2 ik
H :dropout {H & 0.5, Il Zx £ Y batch_size & 32, il
IR batch_size Sy 64, BiLSTM 1 {ij 5 J5 4] Fa ik Lk
SHHERE Sy 100, Y[ ZR77 2] %50 0. 001, i A 2 K
BUHCAR R By 1k BILSTM 6 B & 4F . 18 4 — 5¢ Il 45

45 BT A VI 2R B4 4T 6L, R F Adam {24 45 e /ML
BERR , AR 2R B 1 50 sk 4R /Y Fl
{EEELE T 10 W LAJE 25 900 45, I OR 77 A4 | Fl
[[ERES bk RIVE S V8
4.4 TERESHT

YK 52 8 % CRF, CNN, BiLSTM , CNN-CRF
LSTM-CRF L) % BiLSTM-CRF 6 Fift J5 i £ 47 %I Lt
R A [l ORGSR DL L FLE AR 0 B0 35 4,
FRARME 1 ~ 3R 3 FiR.

F1 BEFAEBRANRAE R %
PRES LGRS 7 ] 5 Fl {i
CRF 64.52 71.83 67.98
CNN 70.13 71.68 70.90
BiLSTM 67. 84 79.45 73.19
CNN-CRF 77.83 78.71 78.27
LSTM-CRF 76.73 83.10 79.79
BiLSTM-CRF 82.16 86.32 84.19

K2 BEAEMBRESIANERI %

Jr i i 3¢ PENEES Fl {8
CRF 69.52 70.87 70.19
CNN 74.87 71.34 73.06
BiLSTM 73.46 76.36 74.88
CNN-CRF 75.46 79.04 77.21
LSTM-CRF 81.06 82.47 81.76
BiLSTM-CRF 85.74 86.58 86.16

®3 BAEHBERERANERITE %

Ir I o 5 4 Ju] FI {4
CRF 77.13 80.84 78.94
CNN 80.51 81.65 81.08
BiLSTM 73.68 85.12 78.99
CNN-CRF 85.73 83.07 84.38
LSTM-CRF 87.85 82.05 84.85
BiLSTM-CRF 88.91 86.83 87.86

HE1~F3IALES:

1) 3£ F RNN (7 % (41 BiLSTM ) % A&l F 3k
F CNN (1773, J5 & CNN B A Z0HE B A& RRAE
R 3h A 19 3 51 (] 8, 36 F RN 19 455 760 I 3% B 74
B 4§, BILSTM j& LSTM i AU i oigifF , N &5 3 &,
BiLSTM J5 ¥4 F LSTM J7 3, J& Kl & BiLSTM 1]
LA 51 B4 I 1) R I i) K BBUARR AIE 3 B AR 48 BF 4 1f
A% 270 B ARG B

2) 5l AGE F AL CRF 0] L &5 4% 45 70 5 ok K [
FERE (AR 42 TF . L CNN £ %1 4 ], i A CRF J5
BRG] T B F 38T, R 2 E SRR 5 A



FasE HSH SN, M T T

T4 T BILSTM-CRF (i 7 15 5 A 5, 53] 8 % 313

FRRh T ONN B FL 36V R 3 £ 11 2290 1 F 306
R

3) ¥ H.— CRF FIVEFE Wi 2 W24 45 & CRF JE17
5 H B L, VR 26 0 4 B A BT 4R 4 T
ST VAT TR T T BRI RCR . BEAN 5
7475 25 08 CRE X 45 VA FE 2 I8 24 0 80 75 911 25
PR FTTI % B, CRF T L6220 T 4 b e S0 b
H A 07 T 20 4 1 2 B0 B A L, 5 VI 5 0,
BIiLSTM-CRF 5 6) Al 6% 1 He #l % 5] — /8 5 10 K
S JF BLAT AR RO BT, T BILSTM 457 76 ) 1]
BT B R BN, 23 5 U T A 18 1 A A
AT,

%3 BILSTM-CRF H 78 76 47 b A5 0 41 14
BT 45 5 L ORG24 51 82, 16%
88.91% .85.74% , [\ Z 451k 86.32% .86.83% .
86. 58% , U4 I 12 77 v T L B A8 48 A 0 S P i B
Fo R H £ )2 BILSTM-CRF J5 ik, B4R v LUK
T AT I S 5 EL ol T 2 MO A, 7 B
AR S B IR 2 7 2 ALK T T
4.5 BTG RTEH

K SCA T BILSTM-CRF 85803 2052 19 500 f347
BRI AT 15 9 O 15 A b T 0 45 L3 43 0
bo HoR 3 8 1R 52 4 I B AT 469 1, A IE
BRI AT HE 2 , R TR % HEER B
WRITHG A7 7 190, 3B A SCH 4 B IR ST e B 9 5
M9 %5 B2 0U4 S 1, S6R AR SCH 4 8K 5 S0 15 FLEE
B F — ST B 1 50 B 45 2 TUH 3
SRR I A7 4 1, HC A R R A SO PR AR AT AL IR
B AR B 5 B O A o 1 W A
1 SR B U L6 5 4% 1T 3R 44 b R A A
14 6, FC A W B o R A SR AR I R B b
G R AR B A B TE X T 4 0 A i T 9
BB SO S g S T G A A
S e ph T B 2 4 B A 5 OB B L R
BRI BLAT 23 1, FC A B 15 o 09 6 4 B 10
B i, T — 2 2 1AL B 5 o R 3 4
Pt

5 ZRiE

R S VR I 2 16 24 7 1 o T 80 92 PR L 3
Mg g F BILSTM-CRF {70 147 65 3C 455 110
SRR FER OB L R B 4 B B R
S SCA S 5 AL R BILSTM 6] 4% 450t
I SCRIR 3¢ %16 5 AR AE . AER T ONN [ %,

BiLSTM 1 LA 55 4 [fj #b 35 BT 51 Ak SC A 11 4
fiE , AH#E T LSTM [ 4% , BILSTM #] L [a] fif 35 B Hif 3C
FG SCI R FRAE . S0 25 L K W], 5 CNN RNN
AHEE , BILSTM-CRF 455 %1 i % U5 45 4 19 R R05R
Z JZ BiLSTM & R AR T 50 )2 25 4, B LI 25 F0
ol g e [R] 39 6 K, 78 DR IE 5 fE B 58 0 H B R 48
J+£ )7 BILSTM #i #U 1) 80 4% J& T — 2 1 oF 5%
Jiml,

S & Uk

[ 1] ZHANG Lei, ZHANG Yi. Big data analysis by infinite
deep neural networks[ J]. Journal of Computer Research
and Development,2016,53(1) :68-79.

[2] BOSCO A,LAGANA D,MUSMANNO R, et al. Modeling and
solving the mixed capacitated general routing problem [J ].
Optimization Letters,2013,7(7) ;1451-1469.

[3] MIKOLOV T, SUTSKEVER I, CHEN K, et al. Distri-
buted representations of words and phrases and their
compositionality [ J ]. Advances in Neural Information
Processing Systems,2013,26:3111-3119.

(4] CHIUIJPC,NICHOLS E. Namedentity recognition with
bidirectional LSTM-CNNs [ EB/OL ]. [ 2018-09-30 ].
https ://arxiv. org/pdf/1511. 08308. pdf.

[5] ZHANG Suxiang, WANG Xiaojie. Automatic recognition
of Chinese organization name based on conditional
random fields [ C ]//Proceedings of International
Conference on Natural Language Processing and
Knowledge Engineering. Washington D. C. , USA . IEEE
Press,2007 :229-233.

[6] BORTHWICK A E. A maximum entropy approach to
named entity recognition[ D]. New York,USA:New York
University,1999.

[7] BIKEL D M,MILLER S,SCHWARTZ R, et al. Nymble:a
high-performance learning name-finder [ C ]//Proceedings
of the 15th Conference on Applied Natural Language
Processing. Washington D. C., USA: IEEE Press, 1997
194-201.

[ 8] ASAHARA M, MATSUMOTO Y. Japanese named entity
extraction with redundant morphological analysis [ C ]//
Proceedings of NAACL’ 03. Stroudsburg, USA : Association
for Computational Linguistics,2003.:8-15.

[9] MCCALLUM A,LI Wei. Early results for named entity
recognition with conditional random fields, feature
induction and Web-enhanced lexicons| C ]//Proceedings
of CONLL ’ 03. Stroudsburg, USA: Association for
Computational Linguistics,2003;188-191.

[10] CHO K,VAN MERRIENBOER B, GULCEHRE C,et al.
Learning phrase representations using RNN encoder-
decoder for statistical machine translation [ EB/OL ].
[2018-09-30 ]. http://anthology. aclweb. org/D/D14/
D14-1179. pdf.



314 02 M S . B 2019 45 A 15 |
[11] SANTOS C N D, GATTIT M. Deep convolutional neural for training large scale neural network language

[12]

[13]

[14]

[17]

[18]

[19]

[20]

networks for sentiment analysis of short texts [ EB/OL ].
[2018-09-30]. http :// www. aclweb. org/ anthology,/ C14-1008.
LI Jiwei, GALLEY M, BROCKETT C, et al. A
diversity-promoting
conversation models[ EB/OL ]. [ 2018-09-25 ]. https://
arxiv. org/pdf/1510. 03055. pdf.

KARJALA T W, HIMMELBLAU D M ,MIIKKULAINEN R.

Data rectification using recurrent ( Elman) neural networks

objective function for neural

[ C 1//Proceedings of International Joint Confe-rence on
Neural Networks. Washington D. C. ,USA.IEEE Press,1992 .
901-906.

GRAVES A. Long short-term memory[ M ]//GRAVES A.
Supervised
networks. Berlin, Germany ; Springer,2012 ;1735-1780.
ZHOU Guobing, WU Jianxin, ZHANG Chenlin, et al.

Minimal gated unit for recurrent neural networks[J].

sequence labelling with recurrent neural

International Journal of Automation and Computing,
2016,13(3) :226-234.

MIKOLOV T,CHEN Kai, CORRADO G, et al. Efficient
estimation of word representations in vector space
[EB/OL]. [ 2018-09-10 ]. http://export. arxiv. org/pdf/
1301.3781.

BENGIO Y,SCHWENK H,SENECAL J S, et al. Neural
probabilistic language models [ J]. Journal of Machine
Learning Research,2001,3(6) :1137-1155.

MIKOLOV T,KARAFIAT M,BURGET L,et al. Recurrent
neural network based language model[ EB/OL . [ 2018-09-
25]. http://www. fit. vutbr. cz/research/ groups/speech/
publi/2010/mikolov_interspeech2010_IS100722. pdf.
MIKOLOV T, ZWEIG G. Context dependent recurrent
neural network language model [ C ]//Proceedings of
2012 IEEE Spoken Language Technology Workshop.
Washington D. C. ,USAIEEE Press,2012.234-239.

MIKOLOV T,DEORAS A,POVEY D, et al. Strategies

[21]

[22]

[23]

[24]

[25]

[26]

models[ C]//Proceedings of 2011 IEEE Workshop on
Automatic Speech Recognition
Washington D. C. ,USAIEEE Press,2011:196-201.

GRAVES A, SCHMIDHUBER J. Framewise phoneme

classification with bidirectional LSTM and other neural

and Understanding.

network architectures [ J ]. Neural Networks, 2005,
18(5) :602-610.

HOCHREITER S, SCHMIDHUBER J. Long
memory[ J]. Neural Computation,1997,9(8) :1735-1780.
GRAVES A,JAITLY N,MOHAMED A R . Hybrid speech
recognition with deep bidirectional LSTM [ C ]//
Proceedings of 2013 IEEE Workshop on Automatic Speech
Recognition and Understanding. Washington D. C. , USA;
IEEE Press,2013:273-278.

BAHDANAU D, CHO K, BENGIO Y. Neural machine
translation by jointly learning to align and translate [ EB/
OL]. [2018-09-15]. https:// arxiv. org/ pdf/1409. 0473. pdf.
RATNAPARKHI A. A maximum entropy model for
part-of-speech tagging [ C]//Proceedings of Conference

short-term

on Empirical Methods in Natural Language Processing.
Washington D. C. ,USA.IEEE Press,1996.133-142.

MCCALLUM A, FREITAG D, PEREIRA F C N.
Maximum entropy Markov models for information
extraction and segmentation [ C ]//Proceedings of the
17th International Conference on Machine Learning.
Washington D. C. ,USAIEEE Press,2000.591-598.

LAFFERTY J D, MCCALLUM A, PEREIRA F C N.
Conditional random fields; probabilistic models for
segmenting and labeling sequence data [ C ]//Proceedings
of the 18th International Conference on Machine Learning.
[S. L]: 2001 .

282-289.

Morgan Kaufmann Publishers Inc.

’

% 48

RuJy

(4255 307 50)

[11]

[12]

[13]

[14]

HOANG T S,DGHAYM D,SNOOK C,et al. A composition
mechanism for refinement-based methods [ C]//Proceedings
of International Conference on Engineering of Complex
Computer Systems. Washington D. C., USA. IEEE Press,
2017 .100-109.

ABRIAL J R, SU Wen. Transforming guarded events into
pre-conditioned operations [ EB/OL ]. [ 2018-02-28 ].
http.//wiki. event-b. org/images/JR2_A_sld_Proc_in_EVB
_V5. pdf.

3 MR E. 2T Event-B 178 5 1k a4 56 4k £ A
FELT]. TR R 244 ,2014,43(3) :405-408.
LEUSCHEL M, BUTLER M. ProB: an automated
analysis tool-set for the B method [ J]. International

Journal on Software Tools for Technology Transfer,

[15]

[16]

[18]

2008,10(2) :185-203.

HOFNER P, KHEDRI R, MOLLER B. An algebra of
product families [ J]. Software and Systems Modeling,
2011,10(2) :161-182.

ABRIAL J R. Event model decomposition [ EB/OL ].
[2018-02-28 ]. https://www. research-collection. ethz.
ch/bitstream/handle/20. 500. 11850/69255/1/eth-4958-
01. pdf.

MEDTRONIC Inc. The minimed paradigm
insulin pump and continuous glucose monitoring system

real-time

insulin pump user guide [ M |. Minneapolis, USA.

Medtronic MiniMed Inc. ,2008.

BUTLER M. Decomposition structures for Event-B[ J].

Lecture Notes in Computer Science,2009,5423.20-38.
g X



