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Abstract

attempt to make full use of existing heterogeneous annotations to learn model parameters. We extend coupled

In order to expand the scale of manual annotated data and thereby improve model performance, we

sequence labeling model proposed by Li et al. (2015) under the BILSTM-based deep learning framework. The
neural coupled model learn its parameters directly on two heterogeneous training data, and predicts two optimal
sequences simultaneously during the test phase. A lot of experiments have been conducted 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 heterogenecous 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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Fig. 2 Representation of word
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Fig. 5 An example of WS&POS ambiguous labeling
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Fig. 6 Neural coupled model
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Table 2 Data size statistics

TR GIEd )4
train 16091 437911
CTB  dev 803 20454
test 1910 50319
train 46815 1097839
PDI  dev 2000 46182
test 5000 118174
train 273883 6499208
dev 1000 23427
- 2500 58301
newly PR CTBIAME  bRid PD Mk
1000 =-memmmomm e
labeled 5769 27942
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Table 3  The precision of part-of-speech tagging on CTBS
and PD1 by different methods (%)

" CTBS PDI
sl

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
oy  Baseline CRF - 94.07 - 95.82

Li %(2016)1%
Coupled CRF - 94.83 - 95.90

P MR B T FROR IR AELR, T

%4 FEFETE CTBS 1 PD2 iR AR T ERE(%)
Table 4 The precision of POS tagging on CTBS5 and PD2 by
different methods (%)

" CTBS5 PD2
sl
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
Li & Baseline CRF 9428  94.10 - -

(2015)"” Coupled CRE  95.10  95.00 - -
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K4 PD1 AL LL CTB R, AN BPEREC 8w, M4/
MUAL Y CTB X} PD1 5 BN K, 78 CTB #l PD1 |
HEAT BT VAR T S0 50 5 Li 25 U0 S0 25 L 34 K 1
X — o T I A7 BB AL bh 1k LA bateh K/
LR, £ BE S R IF o) .
5.4 HENBRHEREREERWL

FRATT AR AR Xk S 4 BB 1) 1) M AL A 7 S0 58 0
Mr, 45N 6 B,

FET YRR 2 2] B L v BILSTM #5550 FI Bk T4 48
B HURFAE () 36 1fE CRF BRI iy CTBS Y1445 5, 5
FETA AR AT 55 BT L EE SR8, ST IR 2
J7 15 0 SRR e IR G AL RE ) I R FAE 5 B
BORRAE DT 1, U 0.90%B PERES TT .

R H CTBS M PD1 A9 548 Y 2Ry B A I
5IMERIRUAR L, R A PR R R R 2 AT 55 )

%5 AEFHETE CTB5 #1 PD1 L R4 iRAMEEGHRE
HR(%)
Table 5 The result of WS&POS tagging on CTB5 and PD1
by different methods (%)

CTBS5-test PD1-test
i
P R F P R F
Baseline BiLSTM 88.96 89.66 8931 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 9228 92.28 92.37

Li % Bascline CRF  89.60 89.38 89.49 9274 9220 92.47
2016)" Coupled CRF  90.68 90.49 90.58 92.70 92.19 92.44

R6 ARAENREELERE(%)

Table 6 Model conversion accuracy of different methods(%)

e PD-to-CTB ¥ L %

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 CRE 9059
Li %(2015)"

Coupled CRF (with PD2) 93.90

LA IR KRR EE AT, 43042 Tt 1.61%F1 1.87%.
FE K] CTBS il PD2 S A B4 I 2R B AY |-, AR
ZAT 55 24 2 J5 Bk G AL PR RE I — 4R ), Wi HE T
TR FE 2 2] TN 3L 4% 5t B WURAE 1) 53 44 B0 4SS 0 AH T
TR AR (Y B T AR TN B e, 3R B S A B
RIREE AR B A7 OB AR T X B (0 AL Rl A e .

521522 ik M, JeigqE CTBS Ml PD1
Bi e b, 2R3 RS CTBS Al PD2 44l 4
SR EE AR, TR 2 A A T 4 i M
% 18 SR EE Z MR R RS AR S A Z R IR R,
T ELAT a8 R R At RE . O HL, ZERR KR
) SRR A L, MR A SR HET 26 1L 24T 55
2 7 0.38% 4R TT .

55 Li 25 PV % G0 B BURRAE A9 RS A CRE Y
FHE, 36T URBE 2 > J7 1 i R G 1S AR A 1) 1 e A
e LA 0.64% M4 T, KBS BRRAE, 250k
B, JEF IR 4 ) ik 0 R A A5E 1 BB A% T 47 b 5 il
SR B IR MR S G
5.5 XWERSH

A RS ALIE AN [ R0 4 i 22 5 3R], 7E 554
M PIZH AR b, FUR ST KB CTBS i PD2 BE 8 HUAs:
W2 R ERe R T . AR SRR N R, BB R R
PD %4 5 31 A RE M CTBS FR 45 21 B i Al A4 5085 1)

XF L i) AR T b A AR FE CTBS By R I,
AT B 2R A B BE S U e AR i PR e, R
BT URBE 27 > RN A AR L2 Lh 3 T 15 40 B FURRAE
AR R A B TR B 58 A R AE R 7, BERSAE IR PEAR AT 55
B AR T RE . MM AR T £
5527 2 J i, WUl BHRR & B BB A2 T 58 40 I FH
FARCE S B TG0 3 AR AP BB TR AR T A R R

FE SRR iR R AL Al A FAT 55 1, RT
I A5 R0 T 4 1T b % PR SR R R, R
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