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Neural Network Coupled Model for Conversion and Exploitation of
Heterogeneous Lexical Annotations
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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.

Key words Coupled model; BILSTM; deep learning; part-of-speech tagging; word segmentation
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WL TAESS 2 — MR LS € f) 1, g tH AR 5t 1 DL R SR R R . R e T SOfE B PR
IR 5%, 1 AT I RSOR B RS R B B R AR S (i AvE Ay AL E B gt Re . AR, IR
FE2E IAE B ORE 5 B AT SS B TIRGFII8CR  fERE AT AR 55 B, gy dnl A P ARy B,
T BILSTM-CRF 7 Z1 b5 id: 77 25 A0 3 1A% Gt B HIURAE 1 P S0 AR VR D5 i b, |1 1 oK i ) 7 3R AIE R
1, WEREE TR, SO R ITIE.

B 1R B A IR T A SR AR R i, AR B I b, B 5T R A A (B 2 R T A 1]
ST IYERE . T DOE T AR AR AR 2 38 S AN [E ARG B B, T R BT SR I B ) EOE A N AR
FEEE, Aner 78 o R S A EoE R $ETH G v R B R e oy TR AR AN AR SRR R R . H AT E T
WE S AT A B A CTBLPKU(PD).MSR, A SCK A H Xue et al. (2005)144 3 1) 5 M H1 SCH 2 (Penn
Chinese Treebank, CTB)F1 B b K iH 538 T 50 70 BT #4038 1\ R H 4538 BLZE (People’s Daily, PD)PIEAT 52
55, B RV ] g ] P DL K e 22 R AN 1 PR .

x=1 FEIEEN

Table 1 A example of heterogeneous annotations

iR 1141
CTB-¥ 1 R 2 /AD /PN /NN ZUF/NN -7AA% . /PU
PD-iil 14 FEA/d BV FE /m 25 TH/v . /W
CTB- L5 5l 2 E24 = % ot N W
53 1] v P B@AD [@AD E@AD S@PN S@NN B@NN  E@NN B@VV ~ E@VV S@PU
PD- ¥ 5l 2 E24 ] i K et
Z B@n U E@n
43 1 P B@d E@d S@v B@n E@n B@v E@v S@w

NTFEAA BRI g R R R, AT NS T LM R U5, W0 Jang et al.
(2009)1°152 t {45 FHFAE 7%, Qiu et al. (2013)7F2 H (Y ZEPERE A1 BL K Chen et al. (2016)*142 Hi f) 3
TWRES I ZAL %277 JUHAZ, Lietal. (2015)P15 R IF 52 T 28 T4 S8 B HURHAE IR & 7
FURREETTIE, Li et al. (2016)MOEHLIEA 13t — B0, 72 A FRURE Y b Bidls B b 4T 7 K& S ie 73
ALAETE S i EEUS TR IR R ER T, FE R M EE R AL B S U TR S LA AR R
Bl

% J8 BIR L 5 21 D5 AR R A M AR 55 Ll RIARB W, AR SCE sl 4R 7 3 TR 2 ST 1Y
MR EIRETTE . FETRNE AL 55 LS K Bt O R A Rt B A8 55 LR SER R W] DA TR 22 2T 1
BRI AL, SRS BB BN X 2)M AR5 S A b, R85 bR i A2 e 08 78 IS4
AR o T PR RE R RTINS 5 5 (0 e by Bl S AL R RE 05 3)MHEL T3 TR G B IE 9 CRF AR &
AR, PR FEE 2 S Y e 2 R 5 A8 R T DA B e A 3 v 20 A AN S A e e A R S TR e

1 BT EKFEHAIC IZ M R AR E AR R

WA H AT IRE B B TR BE 2% o) B R, AT KR 1042 (Bidirectional Long Short-Term
Memory, BILSTM) M & /E R fEFRyERIAL . WKl 1 P, A SRR E . WiDE. 150 E M2
VU7 . K72 (Input Layer) ¥ 24 i 1] 887 A0 B BCRFAE 7] SR BB AN, Jmfl 238 BILSTM
W) 28 3R HUA) - R R AN R BT I B R SCRRAE, 1549 20 2 2N 48 (Multi-layer Perception, MLP) T 5
AFRZEMIAS 4y, T Z 8 Softmax bR 00 A& AN 17 8% AR 25 o
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Fig.2 Representation of word

11 RRE
FEARPEPRIEAT S5 b, FRATAE 7 J2 [ e 3R B3] i) 0 o i) B AR A1 O 85— 78 1 9 B i A D X 4% 1)
BN o m] A SR WO SR 7 20, TS ) BE AL AR AL O BEAT SRS R R AL B . 45 E — AN T
S={wi,wa,w3,...,wn}, wi RoaFFTHPE i ANiE, n Roxa)FHE AN, TN E wis{c e e
i 3,...Ciim}, cij 2] wi IS AT, m R Rz P AN B a8 2 B, JRATE wi BT S BE AL
e e A A 2] BILSTM H1, JK5 BILSTM AT A i 17 %% H 1) 55 Ja — > Bl 5 HE Ry ARy 542 51
wi 0 N ) 3] ) ey, 5 T, 79 3 wi R ERARHE R B X, 84X, 7T BAR ROy
X;= ey, @ hy, ® hpp, (1)
MAE 53 A YA bRy AR 55 b, IRATRENLHI 64 24 517/ unigram A &5 bigram A& . %45E —1
PAF N BN B) T S={c1,c2,¢3,....6n}, ¢ RARF)THEIS i N5, n BoRa) FHERNE XN TENY o
PATE LT — D i 54805, DUORBCA AT 10 )5 B4R AE [ & bigram, 5 X575 unigram 1] &
PHE, B4 o KR AR B X, 7] LR IR
X; = eq_ D €c; (2)
SO, e, e B AT bigram FFIE IR, e. 3724 A1 510 unigram 45
1.2 4whj=E
i 2 A A LSTM A 6] 705 B AT i o FRATRE ) v i) 87 1) f 4 RFAE 2 7 1) & X 7E 9 LSTM 1Y



B N X BB AN B e SEAT G 65 45 B 24 B B 1 A R A B Ry, R BT RUE ON:

i;=0(Wi, - [hi_y, X;] + b)), (3)

fi= G(ng “[hi—, X1 + bfg)a 4)

0, =Wy - [hi_l.Xi] + boyt), )

¢; = fi ¢y +i;-tanh(W,-[hi_y, X;] + b,), (6)
h; = o; - tanh(c;), @)

Horlr, @y, fo 04 ¢ 0 WARTRE TS BRI DT ST R TR S R, X Ah RS 1
U] B Xk L PR N [ R R BSJZ i Y o o ATtanh B0 B8 i, WD 73 730 368 B4 17T A BCE AR Al B -

LSTM {1 B0 A5 H 8 A 22 3REU(S 8., T MRS % 58 ok Sk (3 . 9 T B B 3 AN 77 170 1 ) 125
B, BRATE RS FIFS LSTM HI R R M B — 2, 755137 wi i) BILSTM B 2 %o hy:
h;=h,®h,, (8)

For, R4y % BILSTM B2 AIRT . S5 It -
13 B7E

545 248 Bl MLP Kt B AR 754y, ¥ BILSTM % H hyAF  MLP % N, M1 75 5] 4] 1
AN BT B IR A AR 25 143 4 Scorre;:

Score; = Wy, " by © by, 9)

Horft, W by 70 591275 MLP JZ (B AN i . o
1.4 TN E

BATZRHHXFEE T CRF # local loss, ZIMEREZRIA K, HAEREBAR S -, K CRF {E N
D255 T3P PRI R LU K o A T P B 5 R e, FRATIE BT A A 1 #0R FH Softmax bR A1 T 5 2845 25
FER 28 IR (CrossEntropy) 2R AU 1E A H br bR 55

FF45 @i wi, S48 m FAraeiatE, AN PRLERTE 40 Softmax 1V — 1AL 5 (1% H oA

yj = softmax(score;) = Zmee—swj,ek, (10)
k=1
Horby o5 j MrE @ H— A B 2 J5 f T RE 2. T H AR e E0A -
loss = =¥t y; - log y;, (1D

S L £
2 2T HESF INFFTIFREREF A

N T REEE A A SR 2 R 2 R, B R AN L R P S A O BT R OA B R Re, FRATTAE
FEUEBLAY | SEIL T Chen et al. (2016)BI5E H (1 56 T #4128 X 28 22 AT 25 27 21 1) S A B a2

ZAT 555 2] I E AR G T AR A AL (AR A AE T R 0% [R5 I F LA SR S i B 2 8, e
HERIRZMMILZHSE, FFMLNSAS B MLP ZS5, Mm% 3 FFR%, 5 KT II%E
LA E AT T AR 1 P R

ZAT S ) A S R R S HE R B AR — 3, X BIE T4 0d BiLSTM Zwib 2 f5, 24 ikl
SRR BAE TN B MLP JZ2HHEFR 1G5y . Wil 3 fis, WA TSR 25 A b,
PIANMSTI ) MLP 2, 4iIlZRiER)K E A BRI, BILSTM K% H 224 A48 MLP-A 552157, 4
ZRiEA)SK E B iE R, BILSTM % oK dm A 2 MLP-B it SBAR%45 5y o BERUHRT R A8, A
WA BRI, R B A Y T R A
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Fig. 3 Multi-Task Learning model

PD:38 tags Bundled Tags

ad INR, ad] [NR, ad]
CTB: 32tags [NR, n]
n [NR, n] %NR, ns]]

NR, nt
hE NR ns [NR, ns] [NR, nz]
1 w t [NR, nt] [NR 1]
R n ) [NR, nr]
‘ [NR’ ...]
% NN nz INR, nz] [VV, ad]
nx [NR, nx] WV, n]
KR NN [WV, ns]
nr [NR, nr] [VV, nt]
[VV, nz]
INR, -] [VV, nx]
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Fig. 4 A example of POS ambiguous labeling
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X

T3
H1 T 2 AL 55 22 IR O BN &S Hs B ks 25, RARAZEM BILSTM JZ A i Py A~ £t
WZRAF ], MLP JZ 58I 2%, BTl Lietal. (2015)PH B SBAHEL, A8 B Ul 2R 0 2 B0 b .

PD:128 tags Bundled Tags
B@ad [B@AD, B@ad] | | [B@AD, B@ad]
CTB: 99 tags [B@AD, |@ad]
1@ad [B@AD, 1@ad] | [1p@AD, E@ad]
s B@AD E@ad [B@AD, E@ad] | | [BOAD, S@ad]
[B@AD, B@n]
7l 1@AD S@ad [B@AD, S@ad]
- | B@AD, B [I@AD, B@ad]
= E@AD on (B@AD. B@n] [I@AD, 1@ad]
2 o 1@n [B@AD, 1@n] [I@AD, E@ad]
; S@PN
[|@AD, S@ad]
I@n [B@AD, E@n] 16AD B61]
AT B IEHRORRE EMTERE
4 IR #1289 $£99%1284
B 5 AR SRR RG]
Fig.5 A example of WS&POS ambiguous labeling
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Fig. 6 Neural coupled model

Li et al. (2015)14 H 19 5 1% 40 28 BCRRAE (R 6 7 21 s v B 284 1) L Al 2 8 T A S A 5000 1
ZEREAT IR (BN AR RS “[NN,n]” ), IFEES RINREEbRAEE & Lk ir @i, wiE 4. B 5 fos,
ik 2 R i B 0 bR 25 T B 1 K B — A A WL A D — A AR G AR A (PR BRI AR 28 o FRATTR o H 2 2
5T BILSTM [P #2228 AR |, AR 45 BOMI b5 25 B 37 150 v 1& F 1) H AR ek 4

WE 6 fiw, HHEMERBM ZAE S5 B F R 2, /5% BILSTM %0t /5 8] B 4\ 3 =4
MLP 1, 23 5 8 vk BN RGBS AR 2545 40 1) MLP-A. MLP-B A — AN i B0 45 b 2515 73 (1)
MLP-joint. e Z AR G Wi OC 205 0N ML AR 25 1945 70 S ECE PRGN, 15 25N 45 B b iR 2L
W45 5y, A1 S HE 1 AN 1A B G R AR 2 A [ %, e 1R AR 2 -

Score(s, i, [t% t"]) = Scorejoime (s, i, [t t°]) + Scorege, o(s,i,t*) + Scoregey (s, i, t7), (12)
i, Scorejoime(s, i, [t tPDRARAIF S 8 i MABFR WS FRZ [, 21735, Scoregep o(s,i,t9)-
Scoregey p(s, i, t2) I MFRRA)T S A I A EBEAR A A TFEIR A ML AR Y. B BRI RS
ST HRZE P13 53

FHREHE, R T8N 18] B IR B R PEAS 1k —AS, B DRSO H AR R BGEAT 74 & . 1 CTBS 11 M b5
SR N| To|=32, PD 1] PE AR 2 50 N | To[=38, FT LA CTBS 1Bk (15 A 6] (1) IE A BORI bR 25 38 4, 1M
PD i K} AN 1) IE AR S H 32 . T2 H A5 A% (Cross Entropy) A1 N8 & N:

loss = —log ¥¥_, y;, (13)
Horp, k RoR IER R BORIAR 2 B0, v N IET DRI AR S 15 0 40 Softmax H— 1K J5 IR

4 KI§
41 LWRE

TEIX—17, FRATHE ] M bR 33 AT 55 A0 4917 ] VR BX B Ry AT 55 b A L 7 R I SE 00 L I uE AT
LA .

BURSERE BATKH T =188 0 G B AR VS B 0020 dE 52 R I 2 DF Ak 740 22 1 9] 14 by A
YRy ) ] R A AR IE AL AL, 73 8 CTBS M AN A [FFUEL R PD Gk, MBI 2 Frox. WA PD i
KL 1 Li et al. (2016)UOA Li et al. (2015)42 4, A Fx PD1. PD2. 1T H/> Chen et al. (2016)*
HIEHE, Bt DA AT 25 5% 2) 703X 9 20 S A 4508 B db AT SE 56 o BEAMRATTIE SR A T Li et al. (2016) 042 (11
1000 )2k H PD2 H N TARVEZE “newly labeled” SRalA5E B4 1) e 44 £ 4 4% AL B /0 o 31X 1000 A1) AN AR
HHAE A, S8 27942 NMiAAR A PD BVE iR PEARZE, TR A 5769 NMAN LA A CTB #LiE 1IFR%E

VRN FE AR S 56w U] P S 56 () DA 48 AR A TR TE B R (Accuracy), T 43 1A 1) PR BR A R DA 48 AR A
HEWH 2 (Precision, P). A [ Z (Recall, R). Z5H 18 bl (F-measure, F)o H 7318 1 PR BCA BV AR
AMRIE 1 E B 1. Ev SEZIFHE PL Ry FE, 7 Eid P SN RS — 8. AR L EE 1T
YK H Li et al. (2016)1 M5, BRI 250 S 16 S AR A R L 1000 ) N T bRy £ s o & /N 1] /2 CTB



G L P, JRAE T N AR CTB G ia P 1 5769 AN 1a] b pPA 1] 12 #E A 2

®2 BEARGH

Table 2 Data size statistics

#corpus #sentences #tokens
train 16,091 437911
CTB dev 803 20,454
test 1,910 50,319
train 46,815 1,097,839
PD1 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
5,769 27,942

BWENGE FAVIET PyTorch HEZLSLIL 2 AN J53E, FHTH Adam B3 B0 A A AT BB U R T
EELHIR A A T B, AT Li et al. (2014)"2142 1) corpus weighting 1E A EHE R & I 475 7%,
FEOGEAR S IR I R84 P BEHL A My N N FIRAE ISR, 76% B 1 dev Zd b1 P ki 2 55
O REARE R F AEIEAR TR E st e a1k . BRAVRYE AR LB & CTBS 5 PD1 K I Zr 48k
A7 SEHG T LG JE SR A M=N=16,091(CTBS5 4 & I ZR & #5) L 22 1=10 (1) 5556 B B o 808 o i [a] & 71 5~ v =
YL 100, 2% 2] Z1%°H 0.001, dropout 24 0.55,

4.2 iRMHERRELESR

N T B UEH AR A BRI R, FRATE SR R AR AR S T SEE, S ET N TAE AT X E .
T E I Li et al. (2015)°VF0 Li et al. (2016)1 M1y 25 k47 L, FATLE CTBS. PD2 fil CTBS. PDI
P S B AR EAE A BIN SR T =AY, S5 RNER 3. K 4 Fion.

FEHEE R AR VE I 73 b, BILSTM A8 B2 L0 B T% 40 B BURRAE (1) CRF AR . TAERIH T 5%
MEIRZ G, TR T ZAEE¥ AWM, ERAR IR B SR A B8, A bR AE B #H 0
SRR 1R o JU SR 0 HHE A AR X BN ) CTBS $idi, 241 55 5 21 J5 iR AE PR 20 53 A 04 s 3 Pk e 233l
FETF 0.72%F1 1.56%, LR AL TE 1.12%M1 1.63%. 45 53 W 5 M B0 10 46 FH ff s e % 345 B
PETH ] AR T (0 HE AR 1

%3 FREIFSEE CTB5 # PD1 _HHYIRFRE HERBZE (Accuracy)
Table 3 The precision of part-of-speech tagging on CTBS and PD1 by different methods

CTBS PD1
ekl

Dev Test Dev Test
Baseline BILSTM 94.87 9433 96.20  96.16
Multi-Task Learning 95.46  95.05 96.27 96.31
Neural Coupled Model 9581 9545 96.07  96.19
Baseline CRF 94.07 95.82

Liet al. (2016)
Coupled CRF 94.83 95.90




# 4 A[E7FEE CTB5 # PD2 _EHYIRIMEARE ERAZR (Accuracy)
Table 4 The precision of POS tagging on CTB5 and PD2 by different methods

i CTB5 PD2
Ay
Dev Test Dev Test
Multi-Task Learning 9595 95.89 97.53 97.42
Neural Coupled Model 95.99 95.96 97.64 97.56

Baseline CRF 9428 94.10
Li et al. (2015)
Coupled CRF  95.10  95.00

HZAE% ML, ARSI KM PD b, #hE RSB SE RS 2 AR, HE
7t PD1 _LIRHEAK. Mi/E CTBS MMli4E [, JLHZE S PD1 At m M AT s ie b, s &
bt 2 AT 45 2% 2] 7B Y 0.40% 30X /2 BT CTBS Zdl MU 5 /)N, PD B U A K, 75 S A a1 8 o
CTBS5 REfg 23 £ 1 PD AR MM IR THERE. M PD HAEM CTBS 2R R D, X hrik g JL T i
8

H5ETAERBEHBEFIERNA CRF B, TEMA T MEIRELE b, BT RE IR RAE
RIS . BT £ CTBS L4 5H 0.62%F1 0.96%[F#27F, Bifi &7 PD1 b, 4 0.29%K#2TF.
VLB T TR AR AT 55 b, VRS ) U7 I S LA G B BCRRAE 7 v B AR . R ISR T AL
B HH IR B 2 ) R A A5 2 B R 7 40 R e A B

76 PD1 M1 PD2 b, JUMBERIIMEREA] Z#A I &, TR IE BATL S22 H IR &M A bRt ik, 4B
AR SR A B B2 PR R . U IR M R R, B — i B U S 2 A LA — 8 (Y ZE PR,
I HF A 30 1 35 BT H
4.3 AR E iR EE R

N T D MG E R A o, AR MERRIEAT 5 2 A, BAVIELE S A e B A AR AT %S BT
—HXFHESEES . N T 5 Lietal. (2016)1ON)SEEG 25 Bk b, AR A —FEMEE 4 CTBS. PDI, Il
TIHAERIRL, BT AT 55 2 10 S M B AR R R L T IR B S R S AR AR, 4RI S s

5 AEIFHEE CTBS #1 PD1 LM EHAIM BEAFRE L5 R (PRF)
Table 5 The result(PRF) of WS&POS tagging on CTB5 and PD1 by different methods

CTB5-test PD1-test
Y
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 9241 9245
Neural Coupled Model 90.66  90.66 90.51 92.28 92.28 92.37

Baseline CRF  89.60 89.38 89.49 92.74 9220 92.47
Lietal. (2016)

Coupled CRF  90.68 90.49 90.58 92.70  92.19 92.44

AR S N F A2, AL S0 B R IE RS & CRF BRI LL, MMl SR i At 5 2 LA B
S R T4 G0 B B AE (R R ME CRF AHEL, JE4E BILSTM #5274 iy v GEAH 24, CTBS Mk FB& (%, 1fii PD1
MAREE WS o eI 45 R, ERSEEB RN 0 id B &1 4% L, TR 311 BILSTM 1k
FAE G B B AR CRE RILFEAR —F, H BILSTM BN 5 52 348 FUASL 1 5201

MZAL 5522 S i b, i AR 3 A B B3R T, FEARMR R . 45 R A AL L,
AR T 2AASHATEFLHEMRSE . XEFANBRBEEUESTENLATHEZNSH,
HRRmBEILT—H, SEGEAEAMR S E 215 T 508 10 EE 7y, FF AR R IULE B 1 1775 40 B 14

&b
He °



76 CTBS MJIAREE b, Toil 2 5 T 1% Ge 25 BURFIE I RS B A B0 2 JE T IR B 2 ST IR S A Y, Bk
S B AL Tk, MU E 1.2% A A MR, RO T 50 B0 B AR SE R 68 A 3L T
o3 1A R

£ PD1 MR b, & MBRIVERE JL-F—50, B BILSTM kAR 7Y 14 8 S iy e £ o 1X 3 %2
A4 PD1 ¥UBAH L CTB BOR, A& R C A% m, ME/NEEK CTB X PD1 I BIA K, £ CTB Al
PD1 bEgEAT B3R EARE SE 5 5 Li et al. (2016)!M V1) SEEG 45 IR B 11X — £l T HH T 5250 52 2 B WL AT 46
LA K batch K/NGE—SE R KM s2 M, SR MERE 22— MR TF 3 .
4.4 RBRSHREREEL

Bk 7 AE A PR ] P AR VAT 55 A1 43 ] PR B S AR VAT 45 LIS R T A AR S B G A, FRATTIETE
TR} S KA B R R PR A B AT T SRR AT . 5 RNER 6 B

R 6 TREIHGERREGEERE

Table 6 Model conversion accuracy of different methods

e PD-to-CTB At i %

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
Li et al. (2015)

Coupled CRF (with PD2) 93.90
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