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Abstract Supervised machine learning methods require a certain amount of manual labeling to learn model
parameters. On the one hand, the scale of manual annotations often significantly affects the performance of the
model. On the other hand, the cost of manual annotations is very high. Therefore, how to make full use of existing
heterogeneous manual data has always been a focus of the academic community. Li et al. (2015) propose a coupled
sequence labeling model based on traditional discrete features, which can effectively convert and exploit
heterogeneous lexical data. The authors extend their approach under the BILSTM-based deep learning framework.
The neural coupled model learn its parameters directly on two heterogeneous training data, and predict two optimal
sequences simultaneously during the test phase. The authors have conducted a lot of experiments on the part-of-
speech(POS) tagging task and the joint word segmentation and POS(WS&POS) tagging task. The results show
that neural coupled approach is superior to other methods for exploiting heterogeneous lexical data, including the
multi-task learning method and the traditional discrete-feature coupled model. Neural coupled model achieves
higher performance on both scenarios, i.e., annotation conversion and boost the final target-side tagging accuracy
by exploiting heterogeneous data.
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VEEE, Qe 78 43 A A A SR IR e v R A O RE A TR A AT AR R DGR . B RTE T
WL BT ) R EAE A CTB. PKU (PD). MSR, ASCRH 1 Xue et al. (2005)M1H4 3 ) € Hr ST e
(Penn Chinese Treebank, CTB) FlH It KIMHEE S HWF T IE AR HRiERZE (People’s Daily,
PD) BIgHAT S8,  FE BE 3 18] (3] 4 DA & 43 i) 22 S ik 1 Ffoi o

= 1| RHBIEZEG

Tablel A example of heterogeneous annotations

B Bia
CTB-iAlfk 3 2/AD #/PN  E/NN 2355 /NN Ti&/vv . /PU
PD-iAE $5l/d 2/v HE/n 2235 /n g/ o /W
CTB- s Eall = #* % i ‘F iy o
7iAEY  B@AD  I@AD E@AD S@PN  S@NN B@NN E@NN B@VV E@VV  S@PU
PD- s Eall = #* % i ‘F iy

4y iRiR) B@d E@d S@v B@n E@n B@n E@n B@v E@v sg@w

NT o R SR B SR T Get AB PR R, BT ONER S T UM A R T2, W Jiang et al. (2009)16]
PEH K48 SFAFME 75, Qiu et al. (2013) I H A28 PERE & 457 DL Iz Chen et al. (2016)B1H H i3 T &
S BAT S 2 . U HE, Li et al. Q0151 SR FFHE H T FE T 4L 40 5 BURRAE AR & 1 b
HEJ7, Lietal. (2016)UM07E 3l bk — D tith, 7R R I S B8 Lk AT 7 RESL b, A
AR M B T B3 T AR T, 7E SRR B B AL A Bl & A TAT S5 B EAE R

2 8RR 2 ) T IRAE R A I AT 5 B R I RRAREE ), AR SOl IR T 2 TR B 2 ST
ARG bRiE ik . TERNE S HTAE 55 LR e A BUH (R A Rk 50 45 B SRR R 1D MR TIRES )
(BB RL L HE R R AR L, AR SRR E A 2 2) MIZATS S ML, FhEbrvE R R A it 76 B
PR AL A AT I RE R R B, H0E SE 5 () R A B R R AL RS B8 775 3D AHEL T2 T4& 48 & BURFIE Y CRF
AR, BT IR 2 ST AP &R A B R T DUEAS B8 /& (14 9] V25 23 AT R0 S ) B B AL R 1k R o

1 BEF W EHKFEHAICIZ Mg B 1R B

W H AT 2 M B TR o) BB ER T, AT KR 12 (Bidirectional Long Short-Term
Memory, BILSTM) M2 A/E AFEMERRFEA AR . Wl 1 fis, SENESRRE. RWiLE. 15459 /AT
JZV# 5y . FonJE (Input Layer) B 40 o (14 18] 507 Ak B2 B Rr A0 18] S AF B AL Iy N, 9B 2 08 1
BiLSTM W 4% 3k B A1) 7 HH B AN A B 1 B R SCRE, 180 E 18 it 2 248 (Multi-layer Perception,
MLP) iHHE A MRZERIAF5r, FUJE A Softmax B 25 F0M 45 A 1] 57 AR AS o
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Fig.1 BILSTM model Fig.2 Representation of word
1.1 RRE

TR MR EAE S b, RATTE R R JZ R SR 0] 1) & A0 18] SRR AE I 280 — 8 B gm s 5 1 v X 25 1)
BN o A =R H TN R 7 5, T o 1) = B WL UG A AT B dm S b B . 25 e — MR T
S={wi,wo,w3,...,wn}» wi oA THIIE 1 M, n RoRA)FHFEPNE, XS T8BAE wi={c e 2.
D3y Cim)s G RN wi FHIEE §NT, m BRZEFFERANE. WE 2 B, BATE wi B ITE 71
BENLHIAA AL B E S AN ) BILSTM 1, 3 BiLSTM H R A JiF 18] % B 855 — AN Bl 2 Sy H hypy A1 Ry B

2



FE B wi XTRLE A ) He,, J5 1, 132 wi BB ARHER EX;, BAX 7 UERRN:
Xi= e, ©hyy @ hypys (1)
T 7E 53 A A PE B A ARV EAT 25 b, BRATTBE LA 46 46 24 BT~ unigram [ & 5 bigram [M&E. 25 € —1
DL B IA) T S={c1,02,C35.-5Cn} s ¢ RANF)FHIIEE i NF, n RRATFHFEHINE. X THNF
cir BAMVE OAHT— DT oo 54T, DIRECYET 10 R 3RHE [ & bigram, 5 41751 unigram
HEPEE, 4 o R ERHMEREX, 7] PLRIR N:
Xi= e, DPe (2)
Hrr, e, o R0 bigram FHEFE, e &7~ 2 07 unigram L[ &

1.2 4mi8 =

Zn B JZAE ] LSTM X 4) {5 B AT gt o FRATDRE R mp i) B ) B R IR T & X 1 9 LSTM )
iy N 0f HEAS B R A REAT A A B 2 HAE s i 4 RS By, TR AR BUE SO

i; =Wy [hi_y, Xi] + bin)s (3)
fi=oWsg-[hi1, Xi] + bgy), (4)

0; = 0(Woye - [hi—1, Xi] + bout)> Q)

¢;= fi~¢iq+i;-tanh(W.- [hi_1, X;] + b.), (6)
h; = o; - tanh(c;), (7

A, by fir 05 ¢ BIFRIRES § ANERE LRGN T] S ST S TR S Y, X A h R R 5

1A T 0 S R N i) R A S8 B L o o FTtanh 90 B S, WRTD 23 Tl o8 %A 1T R AS R B S i
LSTM RS R WL LR UG B, TAAFEARRKME R . 7 REW % i 4> J7 [ 1 ) 5

52, FATREAT 5 P A LSTM [FIFSUZ fa th P AE k2, 13 2038 wi i) BILSTM BSCIR AR 2 hy:

o, R AR5y B ZE 5 BILSTM RO 2 (M AT . J5 4 H -
1.38137E

1953 248 H MLP kit B MR 10155, # BILSTM it h,/E8 MLP (%N, M5 261
RN B8] B X L ) I AT B 22 (1143 73 Scorre :
Score; = Wy, - hy @ by )
Horft, W Mbpyy 73 5275 MLP JZ (AL A B

1.4 FUME

TATZEE IR L 7 CRF Al local loss, KRILPEREZMAK, HAEMAREMPSLE -, ¥ CRFAEA
T 2 X B R LA K . TP R S e RE, FRAIERTA B E#HCR A Softmax R TN A 2
PR R H 28 X (CrossEntropy) B EUE N H b A%

X455 3] wi, 255 m FRET RE R 1, AR BI1E 0 20T Softmax B IH— 4 AL B 5 1 Fr

Vi = softmax(score;) = Zmee—mjrek ) (10)
k=1
Horpy ZoR % j Mr g H— A B2 J5 T e . T H AR R HON -
loss = =Yty logyj, (11)

Horry, R T 243 A
2 BT HESFINFAFIIREREFH

N T RN R G R Z M 2 S5, OF LU AR RR ] S K M P e Ak B Ik BE . BRATIAE
FLAERIR ESCHL T Chen et al. (2016)14i HY i JE T~ 22 J 25 22 AT 55 2 2T ) 7 A B A 7Y

AT 55 5 S TEAN L SR T (R A 3 A T RE 8 R A AL R B IR SN R R S 4, e
HEFRREMRmGERISE, MG S B MLP E25, AT & 3 AR5, 5 KT Il%iE
BHIEA B3R T 7 I AR PR RE .



PD:38 tags Bundled Tags
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Fig.3 Multi-Task Learning model Fig.4 A example of POS ambiguous labeling

LA 2 ) TR G R R ) N B AE 2L AR — 3, XHIFE T2 BiLSTM 4atd 2 J5, S AR¥EE K
KRS DI B MLP E i EAR A WK 3 FiR, WA RBIERN 252 I8, tE
PN MLP 2, S4B ASRE A BRI, BILSTM % <% A4 MLP-A i+ 5 R4, 4
WERIEAR)R H B BRI, BILSTM A% % A2 MLP-B it H AR 455 . BEASA A N R, Mk
AN HG BRI, B B A Y T SRR

3 BT HEMBRFBEIRER’

W1 T 2 A 55 5 ST R BTN 5 A it B AOARZE 51, R SR AT BILSTM JZ [R] I i 9 4> Ho 4
AT E], MLP E 88125, FrLlY Lietal. (2015)°42 t FRE G BIBUAH EL, St Bl DI 2R i) 2 80800 .

PD:128 tags Bundled Tags
B@ad [B@AD, B@ad] [B@AD, B@ad] SoftMax
CTB: 99 tags [B@AD, I@ad]
I@ad [B@AD, |@ad] [B@AD, E@ad] Add
H B@AD E@ad [B@AD, E@ad] | | [B@AD, S@ad] MLP
[B@AD, B@n] —
2l |@AD s@ad (B@AD, s@ad] [ MLP-A ] [ MLP-joint |
[I@AD, B@ad]
= I B@AD, B
g E@AD en [BOAD. B@N | - 9AD. 1@ad]
" 1@n [B@AD, I@n] [I@AD, E@ad]
: | o (194D, S6ad | BILSTM
1@n [B@AD, E@n] [1@AD. B@n]
AT EEE R EAT S SEMTERE Input Layer Xi
8 (RIIHRZD) #1284 H99¥1284
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Fig.5 A example of WS&POS ambiguous labeling
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Fig.6 Neural coupled model

Li et al. (2015)°14 H (1 35 T G0 B BIURFIE PR & 77 Z10 AR T 5 284 1) 5 AA M0V 2 0 P A S ) 5080 1)
ZEREATIRGE (AR PERRZE “[NN,n]™D, FHEY KM a 26 Ll T dsi. K 4. |5 for, @
2[R A AR S0 bR 25 T BE PN B — bR A G B A O — SR SR AR 2 (PR A BRIAR 25D o AT HY e
F|FET BILSTM MR M RERL |, AR AR A5 25 518 B 1H & F 1 H A5 s 21

W 6 R, 5 UER N 2 AT 55 % SBR[ 1R 2 , 19 21 BiLSTM % i 5 [F] B 4\ 2 =4~ MLP
o 23 BRSPS TS B ST AR 254550 1) MLP-A\MLP-B DL & — AN+ 540 9545 2543 43 1) MLP-joint.
e ZARTEAS A WL O R AL AR S BB E R AN, BRI NG B AR B4y, A
TS WA i MBS R AR 2 N e, e T AR N

Score(s, i, [t t]) = Scorejome (s, i, [t% t?]) + (12)
Scoregep o(s, i, t%) + Scoregey, (s, i, tP),
Hrr, Scorejoine(s, i, [t% t"DRRA)T S HH 1 MBI NG R [t 2101357, Scoregep o(s, i, t%)-
Scoregep (s, i, tPY SRR T S A i MAYERR N A BEHR S A PSR %, BB RS &
MT AR IS 57

FHRH, BT RN B IR AR R A Ik —AN, BT DUARSCON B AR BREGHAT 79 . #lin CTBS KA 1

PREEBE N T.=32, PD WA AR E & M| T,=38, ATLL CTBS Bl A AN ) IE A FR 25 38



A, 1 PD BRI AN B IE R B AR 25 32 4. T2 AR EL (Cross Entropy) MR H A :
loss = —log ¥¥_, y;» (13)
Horr, k FORIEWI R BIPR IR, v N IEFIEORIAR S 45 70 238 Softmax H— b 2 5 IUHEZ .

4 205

4.1 LR E

FEIX—5, BAVE R PEFRFAT S5 F0 70 17 PEBR G AR R AR 55 b a3l @A 7 K& S22 00 uE 3R AT 7
A R .

BBERE RATRH T A s B AR B 00 B0 5 R I 25 VAt R 2 117 1] M e v A
RUFA o3 A VE R A bRy RS, 23 i CTBS AP ANAS [ LR PD B RE, #UBLANER 2 k. A~ PD i
BL4r 7 B Lietal. (2016)199A0 Li et al. (2015)PH24E, ASCfEi#R PD1. PD2. HT-#k/> Chenetal. (2016)]
IR, FrbA 2 AT 45 % I AR X A e M 2 L T st . BhAMRATIE KA T Lietal. (2016)1O2 41
1000 )3k H PD2 M N TARVEEHE “newly labeled ” SRl iR AL () S M B B8 55 AL BE 77 . 3X 1000 A N Az
EEAEG, A 27942 ANESRE PD LTS AR HEFR S, 1R A 5769 AN E N TARE CTB FLE ARSS

<2 BIEARGT
Table 2 Data size statistics

#corpus #sentences #tokens
train 16,091 437,911
CTB dev 803 20,454
test 1,910 50,319

train 46,815 1,097,839
PDI dev 2,000 46,182
test 5,000 118,174

train 273,883 6,499,208
dev 1,000 23,427
PD2 test 2,500 58,301

with CTB tags with PD tags
newly labeled 1,000 5769 37943

TN FEAR 206 b 3a] M SO (R AN T8 bR 9 1) P HE TR 28 (Accuracy ), 1 20 18 18l 4 BE 2 A SR 48 45 9«
HERIE (Precision, P). A3 (Recall, R). ZE&abr{E (F-measure, F)o FLob ] ia] 4 B & ) PR
AU AR/ By 1. BEv S %018 Py Ry F 18, 6586 R AT R MRS — 5. Bl
TR BE STV R Li et al. (2016)MON 4%, B I 25 HE 1) die B A ZR 00 HY 1000 ) N T v s b A4
JLE CTB #YE E el ik, 578 Hodh A TARIE CTB VG I M) 5769 AN1a] b B4 ial ot dE i % .

ARG E AT PyTorch HEHLSLIL L NIk, FAEH Adam 58 Bk A AY 347 S 3700, N T
R A P B A EE, FRATE A Lietal. (2014) U235 H (K] corpus weighting 1F A Huds 1 & I 250712,
BEUGEAC S NP I 2504 HH BEN LI M. N M) TR A ISR, £ H 1 dev Hud b ia) v i R 5l
F oA AR E R F B T IR R E e 2 fE 1L BATRIE A F ELFIE A CTBS 5 PD1 (Rl Zh & ik
175208 6 b 5 R M=N=16,091 (CTBS5 4l g EidE) LKL 1=10 MIs2in v E . A8 dria) [m) 5 7
) B 4E B2 35109 100, %] F %Y 0.001, dropout 4 0.55.

4. 2 A RRELSER

N T SRR 2R S R B R, AT S AR PR AR AT 55 A T S5, R S AT N AR AT X B
T HIFHE Lietal. (2015)°781 Lietal. (2016)10 25 Bk 4T LU AL, FAT#E CTB5. PD2 #l CTB5. PDI
P AL KA R B IR T AR, R WK 3. K 4 PR,

%% 3 AEIF3357E CTBS #1 PD1 _EAIRAIMFREERZE (Accuracy)
Table 3 The precision of part-of-speech tagging on CTBS5 and PD1 by different methods

CTBS PD1

]
Ra Dev Test Dev Test
Baseline BILSTM 94.87 94.33 96.20 96.16
Multi-Task Learning 95.46 95.05 96.27 96.31
Neural Coupled Model 95.81 95.45 96.07 96.19
Baseline CRF - 94.07 - 95.82

Li 1. (201

ietal (2016) Coupied CRF - 9483 - 95.90




= 4 KNEFF3A7E CTBS 1 PD2 EHYIRIMEAREERRZE (Accuracy)
Table 4 The precision of POS tagging on CTB5 and PD2 by different methods

CTB5 PD2
-
wE Dev Test Dev Test
Multi-Task Learning 95.95 95.89 97.53 97.42
Neural Coupled Model 95.99 95.96 97.64 97.56
. Baseline CRF 94.28 94.10 - -
Lietal. (2015) Coupled CRE 95.10 95.00

FEFE TR M AR VE 0 515 B, BILSTM A58 2 5 bY 3 4% 45 5 BIURFIE /) CRF A AURS . Wi/E R 7 5%
MEAE 2 J5, KRk T 25T, ARSI AR A A, #0F Lh & HE A R 0 B
PR . JUH R IR AT BN CTBS $UdE, 24145 2% > U VA0 W3 21 5 ) B s sz 36 1k e b 4y
BRI 0.72%K1 1.56%, ARG HEAI RS HETE 1.12%F0 1.63%. 45 5222 B S5 46 B4R 1048 P 1 S R g 35
3R T3 1 o v 1 M f

52 R 552 5 7 b, R AT BRI PD b, MR ARG R S 2 AR, HE
7E PD1 BB, TMi7E CTBS RUMIR4E E, 05 PD1 NS BEE ST (525 b, sha il &R A
Fb AT 45 24 2 T Y 0.40%. X2 T CTBS Bl MU/, PD Bl ANB i K, 78 S 4 B4 A 72
i, CTBS5 e 2 1) PD HIR MR T ERE. 1 PD HAEM CTBS Fra 3R, Ghhridthge LT
TCF

IR T LR HUEEN ARG CRF B ARUHLL, fEPA R 8 sei b, B TR 2 IR S A 8y
IRBA SRR E . BR THE CTBS L4051 0.62%F1 0.96% KT, Bl &7 PD1 I, 4 0.29%K#2TF.
UL T IR IR PEARIEAT 55 b, TR 25 2] D7 iR A S B AL G0 B BORRAE 7 i T L& AL 38 . R INSGIE T A X
P&t IR B 2 2 38 A R T B R A8 o R S R B

76 PD1 A1 PD2 b, JUMRFITEREM ZH A8, T2 B AE S ] kR R bt i, #6
ANREA ORI S M B B PR BE o U B S B IR K, B — M BRI S 2 M L — o 1 ZE BE R,
IR 75 21 P 35 Bh AT A

4.3 AR ER B HRIELS R

N T HE— B ISR B 1A R, AR AR AT 55 2 AN, FRATTIEAE 4y 1 A PR B S PR VE AR S5 AT
—HXTHSESE . N 75 Li et al. (2016)MOI) SIS 25 BN EE, FRATR A —FE R EdE % CTBS. PD1,
SR RRMERAY . BT 2 ARG I I A B A R A TR A ) AR S AR VAR, SRR 5 R .

= 5 NREIFRTE CTBS #1 PD1 WAL &R E 45 R (PRF)
Table 5 The result(PRF) of WS&POS tagging on CTB5 and PD1 by different methods

s CTB5-test PD1-test
i P R F P R F
Baseline BILSTM 88.96 89.66 89.31 92.77 92.65 92.71
Multi-Task Learning 90.40 90.56 90.48 92.48 92.41 92.45
Neural Coupled Model 90.66 90.66 90.51 92.28 92.28 92.37
Li etal. 2016) Baseline CRF 89.60 89.38 89.49 92.74 92.20 92.47
Coupled CRF 90.68 90.49 90.58 92.70 92.19 92.44

SRS SRR M, AES S B A CRF BAATEL, &AM GE 5 2 AR
S IR T AL G B BURRE I BL vE CRF AHEL, v BILSTM BEZY (R MEREAE Y, CTBS MR FIRAG, 1M
PD1 R4 LWE & . SEIG2h SRR B, 7EAR BB BRI 43 i A AT 2% b, IR 2% 2 1 BILSTM
BT A% B BURFAE Y CRF RIEAR —3, H BILSTM BONE 5 52 B A HE UL 1 52 .

MZALSS S 2 EM, WA ERR WA H BT, EARRERT. 4R RMPES TS
b, AR T 25 TR TEHERSA . KRR NBEREEHEMESSZINE T ELZHS
B, BHRERRGEILTE—F, SERAENIHETE Z /AT B MR ), FFAERIULE B 835 5
Br Pk B

7 CTBS MIMREE I, Toie /& 38 4% 40 B BURFE AR A R A 00 2 2 TR FE 4 DI AR S B AL, Lk,
AL =T, MR 1.2%A A R 3E T . B T S e Hiobin 15 B o S Re 65 A AR Tt
o3 1] PEBE -

76 PD1 IREE b, S /MBERIVERE JLF — B, A il 51 BILSTM 2 fE AR 8 1% e e ify e Ao IX 2 22
K24 PD1 HIBLAH L CTB 8K, AGHfeC & m, mE/MNIER CTB Xf PD1 B BhA K, 7£ CTB Al
PD1 b dE47 (FIA MEARE S S 5 Li etal. (2016)M OS2 56 45 B3R BH 13X — o 10 H T 5256 52 2 BE ALY 46
LA K batch K/NEE— SR K 52, SEIHMERESH — € MRS .
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4. 4 {RBI F A BIRIA MR

BR 7 A A B R P AR AT 25 A0 g 3] R PR B S AR AR 55 BRI T AR S Y B A A, JRATTIEAE
BRI S K 3 1R Wl P e A B AT T SR e . SRR 6 PR
* 6 TEIGERMRB I AERER
Table 6 Model conversion accuracy of different methods

RE PD-to-CTB # L EMRE
Baseline BiLSTM 91.49
Multi-Task learning (with PD1) 93.10
Neural Coupled model (with PD1) 93.36
Multi-Task learning (with PD2) 94.16
Neural Coupled model (with PD2) 94.54
. Baseline CRF 90.59
Lietal (2015) Coupled CRF (with PD2) 93790

BT URFE 2 2 ) HEHE BILSTM 455 AU FH JE T 4% 4t B HIURFAE (1) 2 CRF #8435t CTBS YIZRii15, 45
RRW, SIERMEARMETS DRt b g AL, 3 TR B 2% 5 7 ik 1 SR HERT R 70 1) M i A ey -
WAL T G B U IE 7R, BT 0.90% 1 RESE T

TERFH CTBS. PD1 X 2H A B4 I S R R b, Wh 88 A bRyt 58 5 22 AT 5% 2 31 J7 v AR b 1 SR i
R IR KB T, o 35Tt 1.61%. 1.87%. fEFIAH CTBS. PD2 iXHFHEHHENAMET I, A
IR ZAT 55 2 S T AL M Re it — D 3R T, JE T IR B 5 >0 R 4% 5 3 BIURR1IE (1) 5 40 54 55 2R A LL
TRUEB R IR A NI . R T AR R Be 08 AR B A A B T BRI R AR RE T

5215207 EM L, i 2&7E CTBS. PDI i Lt 47T 1 sis, I8 275 3 KM CTBS. PD2
B L, GREERPE TSR E M NERE T S 2 BRI ES Z R,
AT B A B 5 ) 3R] MR A AP e o BLZE OB 1) A Bt b, R S AR B L 2 AT 522 ST VA 0.38%
e R IR T

5 Lietal. (2015)913% F4% 45 B BURFE (085 & CRF AR L, 3 08 5 2 >0 05 2 0 R & A 70 o 4]
AL B 0.64% M3, BB T JUAMERI R sk S5 R R, T IR 52 2] 5 VR IR S A Y Ak i TR A1
56 Ji S R B 1 A M AR S b

4.5 SLIGEER R

HH RIS RUAE AN [ B0 b 22 e R W], 7R R P4 b, BB K CTBS . PD2 BEWS NS i
Tk REAR T o I AE e A B R, BRI PD R JE AN RE A CTBS 45 3 B B 1A 25 B .

X R PEARVE s &AM AE CTBS BRI, AT IR 2 & B RES BUAS S LR TR RE . R W
BT IR BE 2 S BRI 6 LI 1% G B ORFAE I RS 5 B R S R AN SR AR RE /0, RENSAE 1A PEARTEAE 55
ERAGE A ERe . RS MR T 2 AR5 1 S Ui ik th Ui WY, RS AR R B RS T8 0 A 57
KE HCHR 3 B B2 T G A R R AR A b v v AR R 0 H Y

78 SR B R Ve e f Ml 5 AR 55 b, i TR SRR 2 (025 i 7 R EE R, R R
PARZEAE B I8 0 28, B ARENE IS S 4 I B 2 A PE e, M b AT SEaF st Bt b 5 . XN
TR ST SR R I R) 7 3RALRE A7, B DU 2 T SR B IR R S A, fh e il S AR AL e s
SO RAL A B 2 R RS & 58 &, AT RES HUAS B Li et al. (2015)H HY (0 35 1% St B HiCRF AL O RS
AR A TS 10 S A Bt A PR A AL AT R S RE T

5HxIE

TR EE, [F—F0E S M AR ARG, BARER S, HARRIMHEME. 518 T HAl
VP2 F0 38 U0 T wort — P RO 7k 78 o0 PR S bR v e, DG H R AR U EAE S

Jiang et al. (2009)[1E Je it T 2L T H#E B 22 3] (Nivre and McDonald, 2008)!'3Iff) 5 S4S4E (guide-
feature) J77%, A T7£ CTB Al PD ¥l b 0 70l ial B A ARiEIE S« Sun et al. (2012)14—BH @ T
fe FHRHETT L, I HARH T — AN A B TR SN 7. S AATHE — R U b AR BOREAE I E 5 Ab
— P B IR EREOEANE], Li et al. (2015)142 Hi R HE & BEAY R % 75 0 S Eds EEE G A RRAE, R AT B
BRI AR S 4, BAFRE T S T A 8E 2 a3k .

Qiuetal. (2013) VR H T &M A A, (HRMATIBE R 1 R MFRERFE. Lietal. (2015)0
P2 H O G B 2R AL F- A F CRF(Sutton et al., 2004)151, 78 Fof 2 S U 30 4B bR 2 m] DLy fift T A I 52
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P ERE. EXBTAES, #6775 ERRECAS LA B A A R R 3 K AHFAE S, $R48hR
5] DLy fif 9 P A 4 B ST BR A%

H il & F IR 2 & TR bR iE B0 50 T 7 28 1E %5 (Jin and Ghahramani,2003)U'61, J¥ 31 bR iE AT 55
(Dredze et al., 2009)!' 7124 & 73 #7455 (Riezler et al., 2002['8); Tackstrom et al.,20131'91), 1j Li et al. (2015)1]
) TARSRAE 7 — MR S BOMIAR v . ST FRAE RN R (1) 7 v, Horp— AN ) A 2 B fhoft
JEHIFRZE . Lietal. (2016)U'97E Li et al. (2015)PI A B mili b, XTHcdim () nl e b2 42 & 34T T185Y, 18
FE/NTEAG A AR 2E 25 (8] B AT @A, MIRAVEE ALY 3] T M4 b, fERBIE MRS EG FEE,
AMAE AR KRB PRI IR T B 2 W25, 1 HRH ok 1922 SO ek 007 158 8 5 M v 2K

AL, A BRI S 2 AT 55 S BV OC, T2 AE 555 21 7 162 R L AR 25 10 58 B4
L[N 22 3] Z A K AE 55 - Chen et al. (2016)8HR H T 5 T4 22 X 2% 1) 24T 55 24 IR ) - 3A) PR AR T
KEZREBESH, H it A EE 25 B AR5 70 I IR AR 25 21 o i 3RAT T A 2 18 5 5
B, AR SHILFE R ILE, RS 3 il 4.

AW SRR, ASCHR B TR FE 7 ) AR A BB LU T N 508, RERSAE IR EE AT AT 55
ERAR R RN R . TN BRI RS B, AT ITER S BRI

6 4518

AR srh, YNGR EE I T &R FUB R 35 52 36 A i e e . T AR 218 A
[F) TR RO ) DS s, i HOX b e A B LU s 5 3745, T o i) 78 20 R R S A 08 SR T iRl 43
AT S LG R PR RE R T 52 3 )2 SR VE B 52 1n) /8

i T 52 2 EHE AR I o, TR VR BTAT S5 O M RE AR A2 BRI RLE B AR . TSR, HTFIRE S
EEFIES CHEEMES LIS T R, R RES BT TS W oy id A by b, TR E S
1) BILSTM-CRF #R C 28 il o 1 H A I 230 5 .

NT RIS R R R B, A CERE T IR NE Tk BN
B 77724 Chen et al. (2016)142 H (2% T IR BE 22 S I 2AE 555 21 7%, PAKAE Lietal. (2015)013%
o 2 A G B HURFAE TR B 7 FUAR VR T o 3P A U vk 48 e A e/ 1 AR Y A O B T SR A b A KR
FrHERE T e

ASCAESEAT NI TAE, KA By REREEIHESR B R BILSTM #E AL 55 K (1) A1) T RAEGE
71, TEIRGRAREE Lt AT 0L, [R5 ST AR 2R 1018 0 SRR 221018 2, FFE BT HEH T
BIARER B AR B AT AT N TAEAT X b, & REBW, RSB RI TR A bR AT % L AT Rg
IEBIRITERE R &, R R HEERG AT S B RR R B . A4, T AR SO BB T T R SRR S
355, BRI HIBN T A EFTE(E S, B CAE S5 Bl f i PR A 5 k541 55 B HEF BB .
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