EVEPEE E XL LTS

S

—

ST H SR EFPEIEVI TR 70

TR, 2B, KT
L AR EREE B EERBIFUIN, 5T 100080)

1 = BT BRI H T 2 mm — St HLAs B3 ik, (H2 H i3 T HiE
B PE RGN FEYV) S AE LTI, A —NF WA RE D) 3R R . AR
T —FREDI T, T IELE V)RR A, U DOETE R b T AT LR
HOKT 2 il il 8, K SR DOE RS R, FSRR A2 7 AT BLE DI 45, JERIH Viterbi
IR GBI LA ZE . 7E 2005 41 863 YL e ALARFH v A B seae gt At (bleud)
JE: 01764 (), 0.2231 (W), sLBeRM, XFRKAT ks, EiEPa#Ea A
G m B e, WEORARE T 0.5 AN E 4 .

KB  SuHLEaSERE BIPEEAY, RREUIy

A New Approach to Phrase Segmentation
for Statistical Machine Translation

Zhongjun He', Qun Liu', Shouxun Lin*

(1. Institute of Computing Technology, Chinese Academy of Sciences, Beijing, China 100080)

Abstract:  Currently, Phrase-based Statistical Machine Translation is the state-of-the-art method in SMT
community. However, none of the phrase-based systems has the special module to deal with the phrase
segmentation, they consider all segmentations of a sentence with a uniform distribution. In this paper, we
proposed a phrase segmentation method: Firstly, find the words strings occur more than twice in Chinese
corpus, which are considered as Chinese phrases; Secondly, use the Shortest-Path method to do phrase
segmentation, and employ Viterbi algorithm to train iteratively to gain the phrase probability. We do
experiments on 2005 HTRDP (863) MT evaluation test set. Using the phrase segmentation model, the results
(Bleu4) are: 0.1764 (writing) and 0.2231(dialog). Experiments show that the phrase segmentation model can
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help to improve translation quality on long sentences. We get about 0.5 percentage point increase on writing.

key words: Statistical Machine Translation; Translation Model; Phrase Segmentation
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I L4 90 4EARH, Peter Brown 5 AR 77 56 145 U5 it JEARU O GE v WL S B
BERLIOKR, RR )L, TSRS Ea T RErsP. Hir, BTG
G HLA R (Phrase-based SMT) HOA T GeitHlas Bl itk — M), FETRIER
5P AT R S 1 A B AT I, MDA H R T 1 Bl ST RO S
DL TE A Sy BEATBHEE ;s Och 321 T X SRt vkl i e s B b, SEBL T A1)
PAE WL 55; Chiang 481 T RV, B FE— ARSI R
i (synchronous context-free grammar), FCUFRE I A EBELS 74135 (sub-phrase), B4k,
A VF 2 B HRBU) TR T RAE IR A

4%4/%?1)[’%/@¥ flJ = fl f2 ce fJ %ﬁi%j‘jﬁﬁg‘/ﬂ¥ ell = elez "'e| ’ %5% W\—F 3 /[\ig%:

1 OKER T = £, armEiEs £ = £F, - f
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3. MURBIEERIAL, WG — N OGE R EE PR IS K JE T 1
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Fig.1 directed acycline graph of phrase segmentation
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I R . ZUOEI Viterbi B R IEIECE S v, RAN KA
BER A OB B0, RGN, BENUR BB H, LA IR A R A
WA, EWLGPIFEFENSE, R, SRR IT, MR BB U (.
FU Vitebi ST HAC I ZR00 S5 20 T
x 1 BRI GRS

Tab. 1 Phrase segmentation model training algorithm

(BN

Find all phrases from training corpus and compute phrase probability with formula

M)

2. foriter =1to MAX_ITERATION

3. for each sentence in training corpus

4. using the shortest length algorithm to find the phrase segmentation with the
highest probability

5. for each phrase p in the best segmentation

6. count(p)++;

7. compute the new phrase probability

Hoh MAX_ITERATION s KIEARIEL,  — st 3~5 Yir LAlesl.
3 B S
BRI AR RS S G LA B P B AZ 08 s BB R S e 1 P28 B 1 72
IR, R A48 2= H B 24 5
31 BEER
AT RIS Log-linear T kil
exp[Y. " 4,0, (e, £,7)] W
X expLY A (@ )]
TEPTA AT Re e B rh, PR 2R i KB PRAE by B 250,
' =argmax{Pr(e,' | f,’)} (5

Pr(ell | flj) = pilM (ell | flJ) =

AL B BRI 7 A BB R EE R p(8 | ) A1 p(F | &), BB AR % lex(6 | f) @
i lex(f &) O, wemssimim(e), SEATREL, WBEVMERP,, .

3.2 fReY

AT, BOEMATRIEDIS, AIRRIRAIE% (Beam Search) MEAT
BRSO T AR, IR, A F A IUE RIS, R n
A TEERTERITE, N2 AR KNI m (ZEBRATIR%6 T =10,
M=100). Log-linear {75 12 Kl 2R A5 MR A I 2550,
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FRAAE 2005 4F 863 VX HEHL B AN AR AE_LHEAT T 928, IZREERH] 2005 4
863 VEI AL Zidi . R SRIE 5 M08 T HMZE I ZRgE FIIZR T 3-gram S5 56
Y, ) A SCA R 7RI ZRAEE D) 4R . ST 2004 4F 863 Y S AL AL EH PR VI ()
BT RS A TRRBR N2, E2ER GIZA++ e SE P T 0247
YIZIRAF I ER 55, IR grow-diag-final P At 55, 4R FEdE AT 4 v b e Il 31
YR IS B

TRA U 53 4 — R VR AT R VE VI 40 E h H2k R 45 (baseline): A E e th il

FRIOUVE J81 o B DT R A AR, K p(E | ) AR M E D 2 i s A K

FEAR I RE R, O TAERCR R DU ISP, TR0, B 20 M
D7 IR S5 R AR 2 (] 863 Sl MPFl =, R/ Bleud /E 4 PHIIFE 47D

* 2. WIRER
Tab. 2 Experiments Results
05 X 17k 05 fF i
Baseline 0.2303 0.1716
Phrase Segment Model 0.2231 0.1764
Best SMT System* 0.1814 0.1188

i #Best SMT System UK U FiIF AT HIARFIE R G4 R
M 2 ATLUE Y, B BN B T4 R S BB T i, TR i
THEWEM . LR R SE T X —ISR 1k

1. AT REE D)/ B R sl F SOEE R ZRIY DU 2 ]88 8 4R DO R
TXRE i 2 LSBT 1) 1 e e P J Vo T XA RV 2 DU A 6 57 Rk 22 4
(), KA RS AR RE I R o X T RHETERR U, HoA A, A
BBV, S AU SERE, 3 RGPERE N . B, XA “Hr
Btz /b7, BV BRI “hrik & 27, XFEgR AT K HE
B “Price is what”, TMI7EXGERLEFEH A g A ILIC M AE “Mrie 2 b
How much is it 7, T4 E V)0 FAEER U RIS AN, S| TR AR
Az, W FRE UL i B S AR AR R W ) ) (2005 A I S
BRI A2t 36%), I fFHE #5 R B R AR D TGV AR X — )

2. FEINRIERI, SHRERIRA & 14, ST UIZDGE R RE DI B ki, Hos
Feig /b, A sgnm T RE b A R

3. XFRESRUL, AT MR, KZHOEHEERL, AP EAa i AR AR A
s AN, ) R D) o AR AT LUK L A E DA ok, R TR T A

4. B%
FT, AF0E TV 40 DLERE P R — A0 T OBV VI 52 S50 A

(K1, ASCRM T —F AsEIE VI 7%, WDBUE Pl RE R B S, AU Viterbi
A SRR, AT AR ] N-fei Bk A2 AT R Ul 2y, DRI R . S
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