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Abstract: The current research on Uyghur named entity recognition mainly adopt statistical learning methods that
are conditional random fields, but it depends on the feature engineering and domain knowledge extracted manually.
To solve this problem, this paper proposes a method based on deep neural network and introduces different feature
vector representation for Uyghur named entity recognition. The word embedding with semantic information about
each word was obtained through the large-scale unlabeled corpus and the character-level embedding was extracted
by Bi-LSTM. To further get united vector representation, we adopt direct concatenation or attention-based method
to combine the character-level embedding with word embedding. Finally, the deep neural network of
Bi-LSTM-CRF was used to label named entities. The experimental results show that the Bi-LSTM-CRF with the
united vector representation based on attention mechanism achieves an F-value of 90.13% for Uyghur named
entity recognition.
Key words: Uyghur named entity recognition; long short-term memory network; conditional random fields;
attention mechanism
1518

B (5 B BERZ AR, FLIBE I b 4k /R SCRE B3R U IR O 5, T 4EE /R 3
5 B R RAT R EE, dbdEE /RGBS S BN AE . dr 4 SR UIE S B &

T KisHER: ERBHA:

EEWH: Ex 973 iHRIR I H (2014CB340506); 5 H 4Bl 3L 4% B H (61462083; 61262060; 61662077;
61331011); 7l 2 iE M 1E B BOR 9206 &= TF % (2016D03023)
fEEE N : TR (1993—), 4, MEHFFA, FEF RGN ERE S, Ll - HIUR (1981—),
B, WA S, @R, ZEGFRSUECN D E R R HAAE T A S LA, HORAR - KRS (1958
—), B, WA, %, FERRTENERIES LHE. Hai1H.



T A ) — TSR AT 55, B TR AR S A A SO il LA R e i S SR, A4
M W%, JFHTEE S, VUSSEIRE. & RGESM A EHEER.

BE VR B 2 ST AR N, JE T4 48 W 4% 1) i 44 SR 1 e pGE AL ZiE BIo
BLEAD b 2T IR IIMERE . SR, 4EE /R ST A 44 SRR A TS I B, THIIG 6 32 2 )
TR (D gE/RIERESFE MMM ERS . @I MIARRRELZ, —Mala2
PR, EREIEMEL, MM RARE R B (O0V); (2) 4iH /Rifm 4 LA K
INERHIE; (3) WA ATFIIEARSE, E UL A BRI 2 R 20 X 28 J7 5 R P e .
BRAN, A Y IR SC A 44 SEARIRBIIE 7T 32 R A 3 T e i i il g v 5 HUN AR 25 45 14
Tl s ey ik o AR T N R E A R A TR A AT S

WY G BB PR TR, AR SCHRE T 56 TR P 28 I 4% (1) 4 B 7K SC iy 44 SR Sl 1R
o AXMEZETAENRIR: (LD S TX4EE/RSCHHIANA . . WU FEBR5;
(2) WGP 2E 4 28 J7 3 N I TE 4 5 SR SO 44 SEAR RN s (3D 40 Sl i F B B R TGV RN 2 T3
B I I BCR AN 157 ) | AR E I ATERS, RS IS EE M4 T IR LT
B R AEFEXT EE Bi-LSTM Al Bi-LSTM-CRF FiA AR AL (R IR (4) DABR& s RN
YE R Bi-LSTM-CRF J5 B B ITERE R IR, A5 RUER MR T A B il R 1
2 HHXI{E

T2 R 25 14 )73 D28 IR it 3 P 8 iy 4 SR B 7 BURREAE S5 1. Collobert 25
T 2011 2 H T HT CNN-CRF #1& WL T T dr 44 SEAR BN 7L, BERHIL T — &
B4 %5 805 ¥ TR R R 2% 073 T R BURRAEAT 45 . Huang 260 B T — A DU TR EL
PR AR5 AAE T 2 R ] [ P B2 ) BV A% N 1) Bi-LSTM-CRF #57, 7 CONLL2003 $#i4E I
F{H3iA%] T 90.10%; Lample Z5B18] X T i Bi-LSTM $REUH T 474 ) &, F{EiA%] T 90.94%:
Rei 25OV 7 ) v 2 A7 WL SR B 7 45 2% ) B A A B R A i Ma 25U T
BLSTM-CNNs-CRF #i£2 IZ5 #5518, lidk CNN 22 3] =g a i, LTIy, skifghess
PR LR 7 — A TR P Ao 428 O 2% 10 A B 7 1 A SEEBIL PR ST iy 44 SRR ), A Rt e 7
TR L Dong MW H 3T BLSTM-CRF 14 ML RN, 4344 7
Fh 55 ) £

AE GO B T S R TR A, 4 R SC A 4 SEAR RN SR DR, I LR R £
SFHER Ay B SR KRR I AT SRR BRI RI R & EEN L, SN TR
T ISR T A BRG] I SE IR ALEIMR T Geit SR 45 4
W GEE IR N4, EEAE D RTIRA%, B ERR R LA T &N YeE /RIEF 5
R R 2 BB AL 1R 4 B IR SCN 4 R 5 T FH T R0 (1) 7 9256 DO N 8 R AT AR
b SEAARYRE SIS 2 P B LI AL A 45 5 7R 7T T 48 R SO 44 R 31,
IR TR R 224 AR SR W T R RS SRR SBT3 TR (4 4 R
SCHURI A AR BT T A g v PR o T 3 T TR U 3 3 2O 28 AR B P I 1] . By
TR AT UM AT DRI DL b 4855 IR SC i 44 SEAAR R BRI 7 32 R 6 TR0 (1 77 VA B
HET AT ITE, XL IEBOMESE, R ITE S ReE R, FRE N T4 %R
B M AR RRAE AR, AT b0 BH 4 55 2R ST 44 SRR 1 e B — 5 I ek 2 1)

3 FHEEERR

PAESR, HATRIAER RO 2N T ARE S AU, JTHRRESEIVI. KX
K 1A ) A R AR BARFAE, 5] N5 40 ) B R0 UF 1] ) B R0 4 4 1) 2 PRI BEG 45 [ B R s )
Y IR S 4 SEAR RN BIREIA , AR SO RS DL R RHE ) 5
3.1 igEE

a3 A0 3 ) BN B MRS ) AR Ay 8 ) SRR (1)1 U5 2., 55 one-hot [A] &3
SRAR L, TAT DA RO AR 4, FEC R 3R] 1A ) SR . word2vect AT Glove™H 2 H iy



TN An A [ 21 5 ARE S A BT YE T H, Hrh word2vec 245 CBOW Al Skip-gram
PRI . O 1RGSR B ) Al &, AR SCRI R BN ER 2 5 Fi s BRI = A G S A EE 4
AL ) 385 J5A) (4 E R TEE R F word2vec 1 Skip-gram 5 R B TR 2414 300 4 ) &,
A ER IS 1249649 AN FR AT RSB R . AR IS I ) B AR R R
A FEEAS token HITRIIZRIA &, G0 HEAS token ANFERH, AU B — N EE— K =
xH.,

3.2 BEMEERR

Y ERIGR TIAF S MRS, 18RRI AT S B I (R 28k S I iE 2 Dh g,
RIS TVE B R, 25 5 3 A 6 3 1] Ir) R, 5400 (14 1] i) B 06f oA 288 S 1] ) AR AN A2 o LI 7
R B S MWL, X TRESFENE SRR TR ELSIEEARLK, Ehei
FOIMEAERE BERSE L, MRS ARG A ., thoh, TR m 2R %
A B AR R T P e e ) A B S 1) R,

B, MG E SRR MERNFAMEERE: A5, 5 word HEAT
FF A AT Bi-LSTM AR AY R B 3w] (R 71 () A% B 1) B, AR VAR R IFI B 1 5 BROJEHETT
AL R IR 1 AU AL SR IR 1, AT HEEERIN Cor = [laora s Tora ] @

B i word fEiR A R EREFF AR w,,,, » FRHEAENC,,, » ACKHELLTH
PR A1 &V

(D) BT HEBEREREBRA I RERR B w,,,, Fc,, EIEEPHE R R B &A1 N5
PR R N B e,y > Bl e,y =Wy :Coo] o ZHE 1 7R,

(2) FEFIEZAPBINEES FERR. ASCHEY Rei 28O 7 208 1 2 S HLK: 7]
] B AN R ) B INBOR BT S, Wi 2 Fros. HpvER MU IARE a Zilid w2
PR AR 258 2 ST )

e

'word

=a-W,

word

+ (1_ a) ' cword (1)

a= oW tanh(W W,y +W2C,r)) (2)

AW W2\ WS4 IR AL a FORL A

word word

Embeddin Embedding
N concatenated .- attention-based
in] [m] 3R Wen embedding 1] 7] R embedding
character-level €men character-level
Embedding Embedding
Cmen

o>
ar
il
g

K13

TEERRES I ERR K 2 B VR LI



4 FT Bi-LSTM-CRF RY4E & /R Ap 2 LR 7
HEE M ERREA Bi-LSTM BRI, SRS [aE ff 1 E M S ik & R
WA m PR E DR RBA A E, i tanh B mEgE 2 -1,1]; &5
SRR ALIZ FIT R B L BIARAC T 51 o D T 7840 BRARYE B R SC i 44 SRR 7T, AR SC AL
T 4EE /R “men junggoni sdyimen”  (HICEE: WERHFED HHATHH.
4.1 Bi-LSTM
TEH L M Z%  (Recurrent neural network, RNN) 2 &b FH 2 51 Ay 5] 5 ) — b 4 22 X 4%
TS A, TR A s AE BARFRAK PR SRS B, (R R B R AR TR Y R R
PRIE IR RE . KAEIRHCZME (LSTM) P8R RNN (A8 Ff, B SR 7E % 80 E PS03
IO R IGIE R &N TS M B ANCZ A U B R SUE B LSTM TIE5 AT 18
BT Hd]. LSTM fE R m W
fi=ocW;x +U h_+V,c_, +b;)
i, =ocWx +U;h  +Vic, +b)
c,=fec_+ie (tanhW.x, +U.h_ +b,)) 3)
0, =cW,x, +U,h_+V.c_, +b))
h =0, e tanh(c,)

Horb o R AEENE R HL sigmoid BRi%L, e AR SIRIZHE, tanh KX IETIRREL, X, hy S
., HIFR LRI Bz . 2R TS, WL ULV B RIERR

XL TECEOIRAS AL, b R AT

NTRMFIH LR ER, ACKKA Bi-LSTM #%8, Bi-LSTM 7 LSTM ()34
ESEINT IAERR ), v LLRHAE B H0 5 5 AR AN 5 A RN B, SR E A RS R R
FEWATT G BIFS], B ERSRRER. X THAFHIS=(e,6,L ,e,), Bi-LSTM
FEIRECRT IR & = (1,0, L 1) AR &R & r = (r,n,,L 1), W Bi-LSTM [ 24t
Mt =(;r), fE Bi-LSTM Z [ tanh JZ & H T Tl &> 538 B A vl Bedm i 7 91 iR BLAS L .

h =tanh(W, t,) (4)

Horpr W, KR B2 A E AR .

Softmax /£y Bi-LSTM %t 2, AT LK &AM BN AT 2703 Softmax K21
S B T AT BEAR S B I — AR R A3 A

. _ €
p(yi—nn)—~§jgﬁm;

p(y; =ilh ) FoRFAN T FI R T AN ER R ARD y, 2 j IR, K RoRirEiE s, fE
IESONEebtbuR = 2N R AP k- ¢ PPANTE QU A it

E:-i log(p(y, ) (6)

()

4.2 Bi-LSTM-CRF

T A SCH 4 7R SC i 4 SRR BB VR FIRREAT 5% - KA T BIO Aryd B, Ifiixfh
PRt B A IR SR LR, Bl an“I-ORG” Z Hi AN Al G /2 “B-LOC”EL# O. # VA Bi-LSTM
AREAR DR, {22 CRF A8 L F X2 MR R, MMEER T softmax
AR R e R AR AL P A, R R A AR S B Bi-LSTM Ml CRF 454, EPfE A
Bi-LSTM-CRF #28 H T- 45 /R 3w & SR iR, Wil 3 s



CRF Layer

Hidden Layer

~— ~=

Bi-LSTM
encoder <

Input
Embedding

3 &F Bi-LSTM-CRF BY4E B /Ry & LRI 5
A 3 7 R A A B R Bi-LSTM RS &, 53t Bi-LSTM 4 28 K
iR e (EFEFE 3.1, HAFPHIRNAn«k , nRKARBNTFIKE, kRS E

BRI, WEZE T FR R AN (4 FREWFEE, WP RN P H i A B

5§ ASBRRIAH 3 R EEARET () ORF BUHI S 4, T, 407 i b 51
B § IR BE, H T RSB  y —{y, yaol v} o AR T
axw=gnm+gam )
AR R R AR AR,

exp(S(X,Y))

log(p(y| X)) = 'Og(m

)

(8)
=S(X,y)-log(}>_ S(X,y))
TE T I R SR AR e K E 781y .
f=ngMSWIX) 9)

5 LWERS ST

ASCHEAT T 22 G N S 6 R 6 E R i A 25 R 28 6k 4 5 /R S iy 44 SEAAR TR ) AR A 25 R
E NGk TPNEE St Ve - AlT
5.1 SLIG HiiRE

AR SR B 98 22 B P B R S AR IRy 44 SEARBUR 4R, Rt 39027 & A)F, B
454k 102360 1>, A4 4. HLR 4 L2 BN 27.81%. 41.60%. 30.58%. #fE4E
LIRS SRR E R 7.5:1: 1.5 FIELEI o A IZREE. IRIEHE . MIREE . HARK 0 Aifs Bin



F 1. £ 2. £3 Fon, H NE BRr B9k, OOV RRAKB I CRIENZGES HIL
i), ROOV FTRAETFM AL,

*® 1B R SRBIERANBEENZITER

Data Sentence Token NE PER LOC ORG
train 29270 861967 76787 21304 32011 23472
dev 3902 115689 10215 2842 4258 3115
test 5855 174989 15358 4323 6316 4719
& 2 &% OOA it 2
Dev-data Token NE PER LOC ORG
oov 5991 4263 1314 1222 1728
Roov 5.18% 41.73% 46.23% 28.70% 55.47%
% 3 MiE ooV FKitfER
Test-data Token NE PER LOC ORG
oov 9271 6440 1987 1905 2553
Roov 5.29% 41.93% 45.96% 30.16% 54.10%

5. 2 PEMEAR
SEBGRFF —{8 CFL) SRIFMar 42 SeR iR m &k, Hb F -8 uEmR (P). ARE
(R) k. iHEARWT.

_ AL VUM SRR R (10)
ST TS T
TE R TR ) ) SEAR A5
= i 100% (11)
B R T A
F gt = 2PXR 1 00% (12)
(P+R)

53 BHIKE

AXBHFNLAER, RAZET batch BAEE MRS E, Hh batch KK
64, i Adadelta fEAL5EI%, IF R EHATMG: T H N 1.0; 8 1 B ikid & ), & Dropout
2409 0.5 LSTM [l 7] A% 3 A0 S 17 A% 1 1) 54+ [P0 B4 P2 73750 09 50; LSTM HR Bl = 1Y
KN AE bi-LSTM Ti#E L tanh JZ 1JZH0R E DY 50, ARIEHEE: /R 3 i 44 SR )] 17
BE, B 2 2 I kin] ) BER A skipgram #57 H AR 300 4E; BAAS o Bk 4 fir
No

® ABHRE

SRR L]
dropout rate 0.5
BIdE# 2% 1.0
] ) B A 300

TR ) Y 100
el = AR 200
tanh 244 50
AR EL 100

5 4 LR B SRS

N T BT FE T8 0 4 PR 24 R S i 44 SEAR IR TR A 2k, ARSCRASE T CRF A
M 2 2T IR IR ST i 40 SN T iR N R 2 R e CRT SR 2 T M B BOR SR = B ARE F 4L
BAARPBEROARSS), Al LAl AR BT EE SRS R ROR . TR RIS



ME{EANMAIE, 7 Bi-LSTM f1 Bi-Bi-LSTM-CRF PFh A 47908, spibss Bk
5 FiiRe
* 5 FEIHERFRTEL LI 45 R

Dev (F fE/%) Test (F 1E/%)

A R
PER LOC ORG NE PER LOC ORG NE
Baseline — — — — 9165 8572 8591 8743
word embedding 90.70 84.42 8269 8560 91.03 82.82 8151 84.67
Bi-LSTM concatenated embedding 9442 88.10 8381 8852 9443 87.05 8348 88.00
attention-based embedding 94.58 88.29 83.79 88.62 93.87 86.68 83.27 87.61
word embedding 91.05 86.37 86.80 87.82 91.15 8522 86.68 87.35

Bi-LSTM-CRF concatenated embedding 9487 89.67 8831 90.70 9529 87.78 87.44 89.79
attention-based embedding  95.14 89.75 88.65 90.91 94.85 88.28 88.28 90.13

M5 REH, H5HE ARG, Bi-LSTM Ml Bi-LSTM-CRF i F ik 4 (X 7 1] [a] & A
N AR L TR Ay 46 SRR ) R IUAH S, (R RS M BB N N A & IS L T #H
fEm, WG NFERR R R NEA M ER R TR — b8 T 485 IR S 44 SEAR IR P
e, [FIBS RERS A Rk N THREECISRRFE Y TAE & MEA LE, Bi-LSTM-CRF AL
T Bi-LSTM, Ui B 26BN RE 8 28502 SIAHARARIC Z (A R OR R, AT B &5 AR LAAS 21 i
W FIbREE s PIMECS M ER AL TR A &M 5, /£ Bi-LSTM A Bi-LSTM-CRF %K
AR BAE R, BHHSIANTFRRIAE, %A R SIS RHE, NMEZMIESFEEES
MG R A 7€ Bi-LSTM i8I, BMERS [ BRI AH LI, J TR N A ) &
FoRTETT R ERA T, MRAERIL; 7€ Bi-LSTM-CRF &, Xt AFEE TR, K
BT B IIHLE A 7] R s AR AR i 44 SR ) b F EE R T 90.13%, Him T2 T
BRI E M ER N, UL TVER LS [ B R R {8 Bi-LSTM-CRF A5 4
BN M e R A ) B AR A PR E R, HERH TS FEE WS RiE.

T G UF R A R I AR () R, A SO R AR FTIN AR H BT 1Y OOV HihHX
Hek, DX OOV RHIHHT T 4007, Wik 6 Fios.

%< 6 OOV iR 5l Ay 3 bk 3036

» OOV—Dev (F {/%) OOV—Test (F 1E/%)
it ) &
PER LOC ORG NE PER LOC ORG NE

Baseline — — — — — 86.78 6761 8166 79.02
word embedding 94.76 92.03 87.05 91.24 94.49 90.52 86.08 90.23
Bi-LSTM concatenated embedding  97.24 93.70 86.85 9258 96.88 93.18 86.86 92.27
attention-based embedding 97.20 94.06 87.66 92.95 96.34 92.69 87.17 92.00
word embedding 9456 91.27 89.44 91.63 94.00 90.05 89.10 90.87

Bi-LSTM-CRF  concatenated embedding  97.16 94.48 9090 94.14 97.09 93.06 90.04 93.28
attention-based embedding  97.10 94.01 91.11 93.98 96.58 9294 90.74 93.29

MFE 6 T, FHEMLEHRRIAE OOV R AR T AL R G T A MRl ioh R X 4 K
FINFRFR IR, OOV RAMEREJLT-AR M 2% 247, VIS [ E R s 1] LLA SRR A S
SRR T B R B A T B R R 552 TR IVLUH A M 23R s B, 72 OOV
PO EAZEANK, I AT DA B 3 T B2 R BRI A n) R R 7E R OOV iR A R AT
6 LERIB

I FI 48 R S i 4 SRR BB FE 408 T N L RORAE CRRAN U AR, £ 0hZ 8, &
SCHRH TR TIREAE N B 1, EERE T ARSI R ER Bi-LSTM-CRF £/
AT i eIt R T B 2 2B R Sl ) 2 DA S [ AR AR, SRR



B BT SRR P AR5 T Bi-LSTM SR AT R AT BR &, 70 AR T B
H IR (R B 1) B s AR T ML BB 5 [ B3R R BT Bi-LSTM-CRF i f 45
TR AT SEARFRTE . SEERR T, B TIEE ML RN Bi-LSTM-CRF J5 A IR 2
SRR, HTI U I T RO AU PR IG5 1) s RE 8 (AR s 25 M ) 7 5 4 i) B e 3
17 B P PR AT RS

FEARRIIHE T LA, T TR REEAIT T I TR BR8N 2% (R 45 IR S i 44 S AR U3, 4R
BRI 22 N 25 AR A 5 B AR oh SN R B, B0E HE Rl T 4 R S 44 S
VUMY, BEAh, R FIT A 2 o ST A 354 T b 14 iy 42 SR TR

SE 3k

[1] 5K iAo, AR R 55, ) i, R 2200, 5 TR BE o 22 I 448 1) v S i 44 SRR I [3]. h SOfE B AEAR, 2017, 31(4):
28-35.

[2] £& Wz R A B B M 4. B T4 (0 B g b SO 2 SE R[], A 30fE B AR, 2018,
32(3): 84-90,100.

[3] Lample G, Ballesteros M, Subramanian S, et al. Neural Architectures for Named Entity Recognition[J].
2016:260-270.

[4] Ma X, Hovy E. End-to-end Sequence Labeling via Bi-directional LSTM-CNNs-CRF[J]. 2016.

[5] 3CrR/R A, SRR, WHIEINFYEN 22 4R ), 4. BT R AFRENLI I 4E R R N AR DT[] TR
KR (HARBHAR), 2013(6):873-877.

[6] KA AL SELHR, Rua /KL $T LER R PE 52, 3010 5 SR R AR 4R A he o, E BR . CRF 5 HUINIRH 25 & i 4
HR A BRI L[], HofE B AR, 2017, 31(6): 110-118.

[7] B H B R JRALA T, VER, SRR SORHERL, W7 EL SR, Siit 5 BN & 4 AR A4
Rk Bk, 2017, 43(4): 653-664.

[8] Collobert R, Weston J, Karlen M, et al. Natural Language Processing (Almost) from Scratch[J]. Journal of
Machine Learning Research, 2011, 12(1):2493-2537.

[9] Huang Z, Xu W, Yu K. Bidirectional LSTM-CRF Models for Sequence Tagging[J]. Computer Science, 2015.

[10] Rei M, Crichton G K O, Pyysalo S. Attending to Characters in Neural Sequence Labeling Models.[C].// the
26th International Conference on Computational Linguistics. 2016: 309-318.

[11] Dong C, Zhang J, Zong C, et al. Character-Based LSTM-CRF with Radical-Level Features for Chinese Named
Entity Recognition[C]// International Conference on Computer Processing of Oriental Languages. Springer
International Publishing, 2016:239-250.

[12] 0 H 4 KRR MARAR, MR RA R, S5 SRR, FE T GE it R )R & SR £0 485 7R N 42 0 R
FU[I]. WK (F A FFIR), 2014(3):319-324.

[13] ZZ A TR, KH W » W, 5. TR IR E CRR I 4E 5 R SOOI A R 0]. 5L TR 5 Bt
2014(8):2944-2948.

[14] BT T A8 Fy 58, 3l <5 KR, HRAR AR, A ORI TR) B S A B A R R ) S BRI R[], i
& B 24, 2016(6):190-200.

[15] Mikolov T, Sutskever I, Chen K, et al. Distributed Representations of Words and Phrases and their
Compositionality[J]. Advances in Neural Information Processing Systems, 2013, 26:3111-3119.

[16] Pennington J, Socher R, Manning C. Glove: Global Vectors for Word Representation[C]// Conference on
Empirical Methods in Natural Language Processing. 2014:1532-1543.

[17] Ling W, Lu® T, Marujo L, et al. Finding Function in Form: Compositional Character Models for Open
Vocabulary Word Representation[J]. Computer Science, 2015:1899-1907.

[18] Hochreiter S, Schmidhuber J. Long short-term memory[J]. Neural computation, 1997, 9(8): 1735-1780.

TEEBRIT: FHE WE4EE /R BR XS EARFHRILX R 666 5 #iE K5
830046 13899948293 wanglulu@stu.xju.edu.cn



