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Joint learning of Chinese word segmentation and
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Abstract: The convolutional structure was introduced into the recurrent neural network to construct a convolutional recurrent neural network.

Based on this network, a sequence annotation model for joint learning of Chinese word segmentation and entity recognition was constructed. The

model relies on the convolutional recurrent neural network to construct feature-encoding layer, which realizes the joint extraction of local spatial

features and long-distance time-dependent features of Chinese character sequences; the improved recurrent neural network was relies on the

constructing of tag-decoding layer, which realizes the effective modeling of timing-dependent features in the tag sequences; the unified word

segmentation and entity recognition annotation mode relies on the achieving of joint learning of word segmentation information and entity information

which avoids the error propagation problem of traditional pipeline methods. Experimental results on the People’s Daily corpus and Microsoft’s

annotated corpus show that the framework has significant performance improvement over traditional statistical models and neural network models,

especially when identifying entities with multiple characters, and its effect is significantly better than other methods.
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Fig.1 Joint learning model of Chinese word segmentation and

entity recognition based on fused neural network
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Fig.2 Feature extraction process of a single

convolutional recurrent neuron
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Fig.3 Feature extraction process of

two convolutional recurrent neurons
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Fig.4 Data processing process of the

feature encoding layer
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Fig.6  Operation process of the tag decoding layer
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Fig.7 Internal structure and data processing flow of

the GRU decoding network
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Tab.5 Parameters of the best performance
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Tab.6 Entity recognition results on the test set
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Tab.7 Comparison with other models’ recognition
performance ( PFR)

RERIAKY RIS W/ % HEZE/ % Fl1 - {8/ %

NASER 93,10 90.75 91.91
CRF/1d]

. M s2fk  95.15 91.38 93.23
FriE

PUMSZiR  83.16 82.21 82.68

BilsTM + ABZA 9178 91.62 91.70
AR 94.24 93.12 93.68

Softmax/
WRE  gimgscik 82.23 83.16 82,69
BiiISTM + AFASEAAk  93.98  94.47 94.22

CRF/  Higszfk  95.42 92.36 93.87
FhREE

MUFSEIR  84.32 85.62 84.97

CNN+  J gacfk  94.66  95.32 94.99
LTV Mg szik  94.42  93.76 94.09
CRF/ = ' ' ’
opie DURSHE 86.42 4.4 85.40
gk, ABEME 92.58 91,97 92.27
AR sk 93.20 96.03 94.59

4z [6]
5 LAk 87.22 89.96 88.57
CRNN +

NBSER 94.42 95.21 94.81

RNN/
.. Mgk 95015 93.48 94.31
FARE

geaes DUBSEE 9422 92.22 93.21

MR T BIEERATE A SCBTHHYEET“ CRNN +
RNN/ AR & 22 2] 7 BB AE = A 16 bs B AR TS
TIRAER U S50 (L SIPLR 24 (Y =R L 41 [a
HM L - fEA A S —)  E TR s AR T
FREE R (S HES R — i Z AR AE 0.5% LI
), R B b BCHAR T A 2 35 i PR RESR TT
[FJIRF 5 SCRR [ 6 ] A A9 IR B 45 RAH L, A 3CHe i
(TS e b 24 PO 5 TR A % e, (BAE N4
FIZH LR 24 (R0 7 T A WL PERESR T . JF
HL,SCHERT6 T35 M A9 7 A 1 RS i A 7 )
RPAE , AR SCHR 1) T B0AT 88 BAT AT 1 1
ko 73oh AESER R, AR SRS AR 1 2
B IR Rk AR B A B i R AT T
GETT AR LE AT, 4 2R R AR SO SR R LA de
D INGRB R, AN Rk AUy 51 e 4%
(] #R R 2 A e 228 o 26 AR D g A
AR AT B g ) I R AN PSR

T3HN AR TCHE T kit RNN A4 AR 25 i i =
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Tab.8 Performance comparison of different

decoding layers( PFR)

BORLEH R/ % BER % FL- {1/ %
CRNN + Softmax ~ 91.84 91.62 91.73
CRNN +CRF  94.76 92.98 93.86
CRNN+RNN  94.68 93.82 94.25

M8 AT LI i, FE R AR CRNN AR ¢
TEZRT 2 AL T AL E CRF A6t 2 i A5 R 45
2l Softmax 73 JZ A7 5 o 1A HE T 5 A1 49 [o] R
L F1 {8, XL W] CRF JZ4 Softmax JZ X 4R% I
P IUE B ERRRE ) SRR 22, IRl B, bR as:
(LR SRR B T 24 SR U A9 25 R A
FLAEREI 5 [RRE A TETE , 56 T 202k RNN f figt b
JEEHET CRE H i 4% 2 16 B A S R
MRS OCT , o I 5 T W] AR T, X B A
Z i 24 SRR R, I HLE WO Ui
ok U] T TRt RNN 5 )= 2 CRE J=
XIPRZE R bR SCRBRAFIEA E 4 Y RE T,
MEETH 1 i 24 S AR A FUIAICR , Bk 17X — it
{OESpyqa

RS, 2T 6 A TR A R 0 S AR R ) 1
P AR SCR TR X P ROl 6 (Y dr 4 Se ik (2%
JEHL A R SR ) 25 R BEAT T et Xt
Eo, HLERRINER 9 R

x99 FKEEAYIRAEREXTLL (PFR)
Tab.9  Comparison of recognition performance of

long entities( PFR)

TR BEAE) WEHIR/ % BRIR/ % F1 -{8/%
CRE/ AR TE 83.16 82.21 82.68
Bi-LSTM + Softmax/ o) o7 g4 64 83.59
TR
Bi-LSTM + CREZSE o6 19 84.55 85.36
FriE
CNN + Bi-LSTM +

o 88.30  87.68 87.98
CRF/FARiE
CRNN+ RNN/ o) 60 90,12 91.01
Frit:
CRNN + RNN/ 7
U 93.96  92.08 93.01
WA=

M9 ATLUE X T BA ZA TR K4
SRR AR SCBET IR A 2 ) B T A LAt 5
TUA W IUES 3RAT T S dr A HERR 2 4 [B] 5 A0
F1 -1{H,

LRE VL LS MA R A BT 0 A 44
SEARPUNAESE AT T BUR RO RBOR , FLE R AT I 25
TR IR I 1 3 T 45 R B o 22 19 2%
FRHIE A5 2 , RE RS A AR & 15 BURIIR FR 45 M 1Y
DL T 268 X P 51 B34 78 2= (R R A
OB AE IR & AL RE 7 , M SR IR AR AE XS AR T
SURA IR ERIR RO TR T
2t RNN 1BRRE A% )=, 7250 A A RNN [ iy i
FRAS RN 2 TS B F SURBUR R, A
RO FIARAE LT SCR B R A B T s =2 it
Tl AP 2 B B R R S
TG BANAG — bR R, 455 YR
22 PRI R I ZR 5ok S B il £ B 5 S A
ISV IDEISEE 2SR

6 #ig

ARTCWFTE T T BRI 22 9 25 1) rp S0
SRR G 2 I RESE, B T B BUR IR 2
P 285 A AR AR S B J2 | SRS SCAR 3 3 Ry i 23 (]
PR MR B S P (R I K 15 2 B0 66 T ek
PERY RNN 3 ARSI E)Z , UEBAR 51N
PR AR IR PP IR O 2% 5 [ I 33 3 rp S0 20 3) S AACIR
A GE— bR, LB T A 33 i A SRR Y
WRtrar ] o e TFERL B SR as REIE T I%AE
SRR, JEHGE XS 2 TR SR IR
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