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Improvement on CRFs-based Chinese word segmentation algorithm
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Abstract: In Chinese word segmentation fields, the most widely used method is character-based
tagging, which reformulates segmentation task to a sequence tagging task. The Conditional Random Fields
(CRFs) tagger is the best tagger which can achieve state-of-the-art performance. The segmentation of the
command orders is one of the basics of the auto-generation of command orders. Yet when using the model
for command orders segmentation, problems of bad time and space efficiency are encountered. The model
is analyzed and feature subsets are selected by using the feature selection algorithm, which cut the
overhead of time and space effectively and improve the efficiency of the model. Then a novel post-process
using CRFs confidence is presented to further improve performance. By combining the feature selection
method and the confidence-based post-process, great improvement is achieved and the experimental
results are satisfactory.

Key words: Chinese word segmentation; Conditional Random Fields; feature selection; confidence

ARt A (5 B AR IR & e, BB (5 B 2 B4 BUR JE 3 Ko 3, 1R SO (E B SR B
Az IR R VIR . SV S AN, o SCSCAR TR IR RAEAE A A B AT, b S iR YU v S B A B Y S
AR, SRS T A PR A 2 i () R T S AT SR SO AR B TR R AR . TR A A G0 3 TR Ay B
D7 M BRAE AT B B TG0 5 ¥ o A% G877 15 QORI ] 5 K DG RN S ) e KVE B &5, 6 TG 1H A 5 ¥ 322 S HF )
i+ HL(Support Vector Machine, SVM)™ | [ 5 /R B} F A5 %I (Hidden Markov Model, HMM)!®/H1 % 4 Bfi #1L % (Conditional
Random Fields, CRFs)4: . J&FG0if i i 8 e o e W Ll b, w45 2 b A% 48 r R s Rk . B % 4017
BRI BI G, & 7 M RE O M 22 T8 L . B B S A 43 AR 1Y 02 35T CRFs 1401 B8, {H CRFs
1) 3 0] R H I R ACR IR A , B RLAS B P 1 LN ) 52 4% B RN 5 TR A2 2 BE AR v, JULIRAE B i iRk | IR
W IR B, 90050 DI 25 g A A RS BB A I T S e, AR TR R B T, e S A B Y 43 1R R S R R DK
Gy 42 = FLUN R4, il 223 R PR AR Ak Y P B R S IR A ) — Kk .

FEEHE: 2011-05-24; f€EIBHE: 2011-08-23



55 2 1] P % - BT UM 4R &L ui 185

1 ETEGRENZE M
11 FYREAHEE

CRFs S —Ff ) ) B0 | SR B0 2 G 1 PRI A, 86T T A% ) b 7 MBI, T AT R e URR AR, ot L PR R
4RI — iy 5 1, B AR bR iC A ), BT RAAE P S0 B R HMM R 8 B R B S B (Maximum
Entropy Markov Model, MEMM)Z 45 RY , BUAH 42 4 A RCR™, Horh i X CRFs 78 SCOM T 45 e iy . eS8
WERF I AT, BRIC 50 S R R A

p (y|x)ocexp[ z ﬂ“kfk(e:y|e’x)+ Z ,ukgk(v,y|v’x)J (1)

ecEk VeV ik
A x RARTEARE WL FINE; y RoRHN RETFIE; F—-eEX8anEG=V,E)t, VILEREH
Mg, ERRET M, | RE{CE S 2 s, BE G i X 1 AMmKET Il e=v,_,v),
f (&Y |, X) AARESFE AR R E; 9, (VY | X) AWARSERIE R A A g 2 VIR FEAR TS B AR AEAN R 5 kK W ERIE
PRELHR S s v oV HI Y s TR AR sREICR AR R AAUSR Al 11771 . CRFs F8 BB RIS ™ pR 2, AR A% AR
kAR B e/ Eh i, B A 27 FRid {2 BFGS(Limited memory Broyden,Fletcher,Goldfarb,Shanno, L-BFGS)
AT .
1.2 #RiEs

51 A A AT 8 43 1) (0] B A0 BT B bR TR, XFF 1 AN A I RS R R bR A, SERICHb N GE T
Al ZE R . LRMS IR R 22— W AR i 7 v, B A L AE ] v B B 4 TR AR 2E A i R
BYARE N LRMS 4 NARFE RS Z —. Lef) R AD R, RrighofR WA B A, M(middle)ft i /)
WIS, S(single)fURB T I . S bRid, 43 ia) Il B % A6k FF 0 bR ), A

BT XX W WG W W .

LR LR LR LR S LR S

Fri LRMS 4 Mr% 2 — WA T e 28 mld, af 5] ARRAE S £ 07 Bk PRARAAE , DA 26 B A S8URFIE K 32 T
S

1.3 H 3243 3R) Fp AR B (i B 4 4E

v SO AR AE 4 unigram FEAE B bigram FRAE 2 2, FAEAF A % 1 PKUOS LA FIRKAHAE 4745
WFER, W 1 15, Jp U00 Al UOL RS AEF 5, %x[0,0145 1 & TablelResug;{gggf;ggtfeatumsg‘;_fgu‘;‘“
M (unigram), %x[1,013§ ~ 1 4~ (unigram), %x[-1,0]/%x[0,01%5 i U00:%x[—2,0] 0.662
B 1SR T 6 4 (bigram) . HRAERCRAE 1 4T 02 Gosomion] 08>
BEAE . LB AN 7 R A ) T I ERT 7 A S A 3 (1 T AT ARAE L 3 SRR AE ey 0.760
o BT A B R R TR, AR “REL”, SR AMAl I STk R RN, PR oot 20174 1] 0816
T RZEUEN T EGEAE A TA] S, JC AR AE S S BURE 23 ) I kK . U07:%x[0,01/%x[1,0] 0.935

34 I A5 A BEAR 7 1A AT 40 IR, 2SR 1, T ey oy B
DL, unigram FEAE A R U02, iR AN 1 B L el oo
AR, “IRAE PR A R U06 A U7, Ji% 067 B MR 1 A% ik all features 0.963

U01+U02+U03+U06+U07+U09 0.965

B e A e 1A I R 04 . U02+U06 2H A% A4 45 fE AR B FIT BE 35
FI) 1)1 B8 A4 TR AR T BB I8 B 1k BEAH 22 JC L, (HRRAE B0 H) 22 4 LA B0 S o 1T UL [R] 9 R AE X 43 16] 1) BT
BRI . HA DR R T EEAEN, — &R 2 A AR, 1 H AR 2 25 5 B0 2k 8] K 23 )
BEIRBCRMEK.,
1.4 $FIEEEE X

H AR SC B RRE 358 B 2 e A AR AIE X ], O Ak R A1 e 43 OV 48 okt 0 1) E T SR AR AE 4L & o 36 A T
A REAE 23X O = AR T, o A AR IR o oA 3 S 45 U ) SRR 2 8 45 43 1 A 55 38 I AN RREAE 6 B T 00 R A1
AL o A R R N B TE G B TU AR 1 TR RRAE , FRARUNZR A 2, T Ak Bl 45 15 B RS o O RS . TG
FRAE 2 B B R G 0 S0 ik L BRBAE AR . fE ORI, chil, R HRE MR IE R —, EE
DR AR R ROR . ARSI IR, A R RRAE 0T t ARG ¢ sk S AR EE, AR 1 AMRRAE AR 2



186 s B 5E B FIRK 5510 4

SRR A SC, AT RRAEAE 4318 i 72 b i DTk Lh K .
BTN B S 2 R R AR R AR R AR, R X A R RS RRAE B X RS 28 B R
TEEFE T T, B T A RAE ¢ B ST R — A 2R B 56 AR, MR Chil, BRZR, AR .
N(AD -CB)? 2)

(A+C)(B+D)(A+B)(C +D)

P A IZRHESS R 2 S0 MR s B I AR 1] HoAB 2 5 B9 B C e 20 I R IE A i B I
s D A HADZE N R IR R IE R A N O LB 4 ARG SR S X B R AE SR T R AR L BT A 2R

M ZR B, EICH B R AR IR AR BT ) B SR
Chiy,,, (1) = max Chi® (t.c;) (3)

Chi?(t,c) =

A m oA
75 PRUOS el £ VI ki 1 MY S, AR SO T B ik

1 CRiZ,, » HfH B A ELHE AT 0%, 463 A B SLAT TR — W64 A0 2 PRUOS T XU T I
N ) Table2 Performances with different features on PKUOS5
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