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Abstract
machine translation (MT) systems. However, overcoming different word orders presented in multiple MT systems during

Recently confusion network decoding showed a better performance in combining outputs from multiple

hypothesis alignment still remains to be the biggest challenge to confusion-network-based MT system combination. The
previous alignment methods do not consider the information about semantics. In order to improve the system performance,
we introduce word sense disambiguation (WSD) into confusion network alignment. Meanwhile, the selection of skeleton is
taken through sentence similarity score, and the sentence similarity is computed by the largest bipartite graph matching
algorithm. In order to combine WSD based on WordNet with our system, the experiments showed that the result using

revised translation error rate (TER) algorithms is better than classic TER system combination.
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PUANS DB b, ASTRIBLAS B0 35 3R 40 45 R I AS 7] 4] P
TBRBERI P A 52— BRI PR KR TR A
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(Word sense disambiguation, WSD) 5| X 2% M
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ARAF SEAF (RN 5. AR S T2 B F 4] SCTH 80 T koK
HEAT XI55, 075 UfE B WordNet 5 AR RGER&
RIMEZE T, g 3] SCH S B S BEAT X0 55 R B sy R 4¢
R R PERE.

he got a car

he got a good

(a) ANIEBHIEFE
(a) Bad alignment

he got a car
he got a good auto
(b) IEHIIRFF

(b) Good alignment
1 VR % IR P A0 5 2481

Fig.1 Two alignment examples of the confusion network
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FEIXLEME & 2 i) A7 T AL FE [/ LG R (Synonymy)
XK FR (Antonymy). b N7 KR (Hypernymy
and hyponymy). #4> X% (Meronymy) A3
REZTE LR A, WordNet H1 i1 1 Synset 4

1%, Synset Z [ H K RZRTRE RN TEAINE KR,
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] R H R T AR AR T L =
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cone” [IVHERIFE, LA 2 B 2e 7l ]
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or illness”; H.ii] “cone” A =/E ML “solid body
which narrows to a point, something of this shape
whether solid or hollow fruit of a certain evergreen
tree”. 1L LA “cone” ) =AM B LY
55— B SR B3 “pine” (954 R 5 B o (10 A
—A R, AT “evergreen tree” HILIEW
AN LA R — AN SO 2 LA “pine” A “cone”
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(1)) 1~ R R REAS PR AT 9 0, JRATTAR AR AN 490
(R3] o4 H bgie]. SR R

HB 1. EE-MEE RN RK, T
AT SIS TR], A8 H A 16 R e S K AN ST, B
L5 H bR IE 2N K /2 AR AN H ks i A4 i) K /2
AN Bl F K2 4, W E bR 2 2 4N,
H b il (R A 2 2 A

LI 2. W FAEIE E TS R AR, 2R
I AN YE (4w RIh) T R



1181

M85 3T WordNet 7 Sl L0 2 S 2

1577

W 3. AT AN RN X, SR AR
%: 1) B WordNet $2HEFfRRe, 8 Sl I 2) H
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e 4 dark B — D EE (dark#n#1). XA
Synset %G & {light #n# 10, lighting #n#1}.
AR (light #n#10) & (dark#n# 1) 1 x i,
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L7 car, auto --- Fl truck --- ) LCS &
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artifact

[instrumentality] [ article |

[conveyance, transport] [ ware |

I
| vehicle |

wheeled vehicle

|au|0mo(|ve, moturl I bike, bicycle I

car, auto,. | | truck |

Kl 2 WordNet Hft |47 4321 5451
Fig.2 An example of the hyponym taxonomy in
WordNet
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Synset &G Z ¥ — EAFE— 41T

2) VERTE WordNet & foiF 2 4k7k (1), —L&
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3) WVCAk: 247E WordNet H 3k — > Bl i,
1) B e AR, e “book” Al “books” YRR B
0, AT AN,

4) XA TR G BAT R R Gl 1 1R A ] 3L
XS FATA LA noun Fl verb, K4 &AL T
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W SEAULEL, o X AY B2 ES.
i F§ Hungarian 53234 3K & A TERC.

6) LA FAPBRIGULECSE BB s 1 — A MAN 71
FHACLRE BB, A 1R 2 SRS R SRAF P A 1 -1 1) S AR
FEA. AERT I AR, FRATIHE T P AN AT FRL R
AR TSI SO SCHALE . X148 — A 2 :UFRAT
I —ANIE 4 (1) S AT 5 A )
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X Match(X,Y) 4& X FY VUHCTA 1915 SR LS
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PERUE, DABORARARIME —E 2 Hogm. H MS1 &
NN EBES /NG W
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NSRS S T LR £ S SR E e . F MS 2 R
MNHIEAA. ik, DICE #— B iR [l EL VTR 5
PIEAE, AT LA ). FEIX AN S v 75 Lk ek

Sim (s, t) =

AL EAE VLR (BT EA 2 BE AN BIE), H MS 2
o N AN 2~ 5K

7) P 5 AR T S AR Bl R 1 1 D R AR
THEPIN T B AR R R 280 O(m x n x
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2 TER HIERSUHFNE % W 45 760
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1) AN MT RGeHlH N-best 455,

2) PRI i S

3) B AT B S AR R AT 5, B
TR VR PR AR I

4) FEAE 7 R PR LI ) 2%

5) A% FH 5~ G AE R i) S5 50 AR SRR TV
WA 2 LA T fiff A

6) MITRERMAMZSEL, mAAEM AL 1y
L.

FEIXANHESE S, IV 190 245 e 2y e i A 4868 1
PRSI T 1) 2R R R R 2) oAb ik
FHVE L SRR 0 5. T B S B R,
PIAS— I E: 1) Hl TER. 73 8 4 40 % e 4K
(1) 55/ DURE 07 KOS (Minimum Bayes risk, MBR)
SKIEFET GRS 2) HIERE R — ARG MR AR
BRI PEAE N 2 AN TRVE 46 10 S el RS A
FI— b 7 5K, BSR4 SCR ) 3~ A BLRE SR
T FEE EMIE. 0P VR A I 2% T ) TR
TN [RGB R PR R AT 00 5%, Ak AN TR] A v 7
PEAT AN TR (R3] Py, xS AR 28 10 DY AN AT g ik
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1) 57T Levenshtein Z %5 5 %5 1¥) 2 £ UL AT 57
04

2) KT R 55 el

3) HNZEdEe GIZA++ RHEATX 555

4) fiH] TER SR TR 55

X EETT YA 55 ) R P A A AT 2 ] S
THET TER X507 vE i T HoAbo 55053, R
WoEPLAE R GURl & i 0 T, R BATT A A
WordNet EAT 1] HRAZ e MIHE 37 T M6 R KX %77
YR
2.1 TER BZRysH

TER 8k F L2l — RV K5
AT/ E 2. BRI % TERP) O 4
SN A EE A PEAL AR AR, B R

. hypothesis H, reference R.
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. TER %55, AT, {E5 BT 5256 45 5.

HIE 1. #7 “n-gram table”.
I 2. RN R min_edit_dis().
FIE 3. UHINM shift B4R 2SH
IR 8.1, VAR shift FTEHL
1) WHEA AT R 5] all_poss_shift ();
2) WHAF—Fh AT BEM shift, K sk /NG P
3) A Be/ N PR S AR /NFRFE B K ) shift A B af
IJ shift.
SIE 3.2, 4% TER alignment Z4.

TER 4573 7] UL R AT o5

INS + DEL B+ SHIFT
rER(E. B - INS +]\}S”U +S

(1)

Hr, N, Z2ZE K E. SRR A G2
TER AV (shift) #:4E, — RPN T H R
KA, B/ DRI Y R R B o] DUl I M R ok
L. M 2ASEE K, TER W50 b il
SEF LI B R UEANSH LN KE. £
AN 25 R IR /N g B 2 m DA ek 2R n g B
RV 2 2% 56 K RIS 2. Ui TER 1459
0. HT Insertion #1E, TER 134> W gELL 1 .
BN R B VR N TR S 2R B 0 O(n?), no A 5id]
AN B TAEAE R, TR 5 2% 1 mT DL4A 9 2]
O(n), XFERT DAY R4 = e K A) 7 B TER AR
TR, T3 WSD 150445 TER 57+
DI R RAE M TERE, BATTHEE R AR s WSD
Ji B ) SCRHARLRE A4S 2, IXFE A 48 28 5 /N G 48 0E 29
I 575 R 1) T ] SCAHALE.

2.2 REMLEEIRRRD

BATKH A TR AHE Y Log-linear i 3EAT
FE RIS Sy T o 15 A P B S A TR S
BAMIGIN T B FHEE N —NRE. DU N iR

N

N;—1 N,—1
log p(Eju|Fj) = > log (Z Azp(wll,i)) +
=1 =1

UL(Ej,n) + ,LLNnull(Ej,n) + SNwords(Ej,n)
(2)

Sl o SR MR, T L(E,,,) J 20 log
ﬂ%%, NwordS(Ej,n) IEI'EE Ej,n EPE[‘]}EJ%L WTEKJE%*E}E
Fop(wll, i) 51 RGNS B S i+ 1 T
WHEATIH RSB E R 30 (2) TRUFE L A
T AFE log-linear KA. 25—/ MREAE 23 1 log
TE R, 38— AV S 2 BUIEG log o 4o B4
S AR NULL 9 log Ja 3% s — 2
FIF KB log JEo M. B a MANRRIEA 2 58 4

3 T WordNet 17 3GH I BISRIG L R4
#r

E S5 v B A T R A R I AR 4 T R 43 S
NIST 06 1 NIST 08 [+ 333 4, 4 )\ &
G TR, ETF R AR AE i =) BLEU 13
3oyt 32.60 1 27.75. LEIF R SRR (1) &
ANEIE S IR A\ HLES R e R 4 b A3 2 1.
R /NE AU ) BLUE-407) FAESEAS bR v, 34T
EHMIELE 24002 TER 532 (I T[] SCil A R AR
WULED) SkEEHT RGal 4. I T WSD JE# TER
SEETF RS LS LR 1. fESLI A Al
Pl SO TE 573, 2ol ST1 AT ST2 (WLEE
1.2 %), £ESE R 2L R0 B A0 T AR v ) 1A
LB 77 MS1 (L) At MS2 (DICE &
). IANT WSD G TER 2 > e L 145
R 2.

*K1 HFIFRELES WSD ) TER 242

Table 1  Integrating WSD into TER in
development set
System WSD TER
Baseline 37.7
SI14+MS1 37.8
SI1+MS2 38.02
SI2+MS 1 38.11
SI2+MS2 38.21

* 2 FEMRREE LA WSD ) TER 223

Table 2 Integrating WSD into TER in test set
System WSD TER
Baseline 30.6

SI14+MS1 30.71
SI14+MS2 30.82
SI2+MS1 31.93
SI2+MS 2 31.13

TR, 45T WSD ) TER 24> ISR
Tk & i) TER 22 2. fEiX 2 mA WSD [
TER ", &UFH 7502 H Wu F1 Palmer $2H
TTRTFE AL, {4 H DICE R4k 335 205
P AHE TR REA I MR 2, DA FRATTEFE (1) )\
PERGAITER K, WSD % P BE I 52 i A 2 1R K.
WL I RS Z AR K IUE, 2753 2 iRk
R

4 #ig

ARAE)EAH TER X558 1 M4 1 36t L
BT SCIIAR AN, $¢@ T4 TER &k [ i
IXF55. X FARGE IR T WordNet [8)7H 5 7 vk 47
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TG, IFACR SCI BRI AR & AP 247 B,
FERIVHEE 2, T TRV R 4 A1 SR
TAEAL GRS TR rh T SCR S AR B AR A R A7 X

7,

(7 Byt A7 2 1 BTS00 S e . o T

I M A B AR 0] 55 PR B T AR, A T ot
K] Lesk ST 1] SGH B
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