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Machine t rans l a t i on be tween d is t an t l angua ges , l i ke Engl i sh -J apanese or

Chinese - J apanese , i s p rob lemat i c , because of the ex i s t ence of t rans l a t i on

d ivergen ces ( i . e . , c ros s - l i ngu i s t i c d i ff e rences ) . Th ese d i f fe renc es ma y l i e in

the wa y words cor r espond across l an guages (phrasa l , a l ignmen t ) , i n the w a y

words a re o rdered in sen tences ( s t ruc tura l , s yn t ax ) and in the wa y words a r e

decomposed ( l ex i ca l , s egmen ta t ion ) . In mach ine t rans l a t i on , a number o f

approaches hav e a t t empted to ac coun t fo r d ive rgen ces b y in t roduc ing la t en t

va r i ab l es in to the t rans l a t i on mode l s . Such la t en t va r i ab l es , i . e . , h idden

paramete r s , cap tu re the under l yin g c l as ses o r s t ruc tu res . P rev ious resea rch ha s

shown tha t l a t en t v a r i ab l es benef i t t he l ea rn ing o f the t ra ns l a t i on . However,

mos t o f these l a t en t va r i ab l e mode l s a r e as ymmet r i c ( i . e . , mono-d i rec t iona l o r

mono l ingua l ) mode l s . The y ar e on l y a b le to par t i a l l y cap tu re the t rans l a t i on

d ivergen ces . Th i s r esu l t s in lower t ra ns l a t i on sco res wh en t rans l a t i ng d i s t an t

l angua ge pa i r s . Apar t f rom tha t , t hese mode l s ignore the fac t tha t

c ros s - l i ngu i s t i c eq u iva l en t s migh t e x is t in vocabu la r y, s yn tax or phrasa l

a l i gnmen t s . I t i s na tu ra l t o ex p lo i t b id i rec t i ona l mode l s tha t migh t t ak e

advan tage of these equ iva l en ts .

Th is d i s se r t a t i on proposes a s ys t emat i c so lu t ion to the t rans l a t i on

d ivergen ce prob le m, ca l l ed b id i rec t iona l l a t en t va r i a b l e f ramework . Th is

f ramework cons i s t s o f severa l b id i rec t i ona l l a t en t va r i ab l e mode l s . Each mode l

dea l s wi th the c or respond ing lex i c a l , ph rasa l o r s t ruc tu ra l d ive rgence s

sequen t i a l l y. Thus , t h i s l eads to more eff i c i en t l ea rn ing of d i s t an t l angua ge

t rans l a t i on . The eff i c i enc y of these b id i rec t i ona l mode l s a re inves t iga t ed

th rough th ree mac h ine t rans l a t i on t asks : ph rasa l a l i gn men t , s yn tax -base d

reo rder in g and word segmen ta t io n . Ex per imen ta l resu l t s shows tha t

b id i rec t i ona l l a t en t va r i ab l e mode l s e ffec t ive l y reduc e c onf l i c t s caused b y

as ymmet r i c mode l s in these t asks , wh ich yie ld (a ) s t a t e -o f - the -a r t pe r fo rmance ,

wh i l e l ead ing to (b ) shor t e r t r a in ing t imes and /o r (c ) smal l e r mode l s iz es .

The d is se r t a t i on i s o rgan iz ed as fo l lows :

Chap te r 1 [ In tro duct ion ] in t roduce s the ex is t i ng prob lems in cur ren t MT

approaches , bas i c no t ions o f l a t en t va r i ab l e and ex p la ins the mot iva t ions o f

th i s work .

Chap te r 2 [ Bac kground ] p rov ides the necessa r y co ncep t s in s t a t i s t i ca l

mach ine t rans l a t i on (SMT) and neura l mach ine t rans l a t i on (NMT) .

Chap te r 3 [ Explo i t ing Bidirec t iona l Latent Var iab le Model s in

Phrase-based SMT: Phrasa l Al ignme nt ] i nves t i ga t es a fundamen ta l l a t en t

va r i ab l e in phrase - based SMT models , i . e . , ph rasa l a l i gnmen t . Conven t iona l

methods ex t rac t ph rasa l a l i gnmen t s (man y- to -man y) re l yin g on as ymmet r i c

word a l ignmen t mode l s , i . e . , IBM model s (1~5) [ Brown , 1993] . Th i s requ i res a
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b i -d i rec t i ona l t r a in ing proc edure and the add i t i ona l p roces s o f s ymmet r i z a t i on ,

resu l t i ng in long t r a in ing t imes and la rge t rans l a t i on t ab l es .

Thi s d i s se r t a t i on proposes a nove l h ybr id method fo r s ymmet r i c phras a l

a l i gnmen t . I t r e s t s on the effec t ive a pprox imat ion method fo r IBM model 2

[R i l e y and Gi ldea , 2012] (more accur a t e , f as t e r ) and a beam-search var i a t i on

of the h ie ra rch i c a l sub-sen t en t i a l a l i gnmen t (HSSA) method [ Lard i l l eux e t a l . ,

2012] ( s ymmet r i c ) . Th i s enab les the p roposed method to obta in be t t e r

es t ima t ion of in i t i a l pa ramete r s , t o t r a in fas t e r, and to de l ive r more accu ra t e

phrasa l a l i gnmen t s .

Compared to o the r t echn iques (G IZA + +, the s t a t e -o f - the - a r t imp lemen ta t i on

fo r IBM model s ) , t h i s nove l method (a ) keeps the t ra ns l a t i on accur ac y in

var ious l angua ge p a i r s . Bu t i t i s muc h more eff i c i en t because (b ) i t r equ i res

on l y 4% of the t ra in ing t ime of G IZA+ + and (c ) i t ou tpu t s much smal l e r

t r ans l a t i on t ab l es (50% in avera ge) . C ompared to fas t_a l ign [ D ye r e t a l . , 2013] ,

ano ther fas t and e ff i c i en t word a l igner, i t ( a ) s ign i f i can t l y su rpas ses i t (+1 .37

BLEU poin t s , p -va lue < 0 .01) in Engl i s h -J apanese wi th in ( b ) the same t r a in ing

t ime whi l e (c ) redu c ing b y h a l f the s iz e o f the t rans l a t i on t ab l es .

Chap te r 4 [ Explo i t ing Bidirec t iona l Latent Var iab le Model s in

Syntax-based SMT: Syntact i c Representa t ion ] i nves t i ga t es the b id i rec t i ona l

l a t en t va r i ab l e o f shared s yn ta c t i c s t ruc tu res ac ros s l an guages . Phrase -base d

SMT suff e r s f rom t he long-d i s t ance re o rder ing p rob lem, e spec i a l l y fo r d i s t an t

l angua ge pa i r s , t yp i ca l o f Engl i sh -J a panese . Recen t works on s yn tax -based

SMT have shown t ha t the use of s yn tac t i c s t ruc tu res improves long-d i s t ance

reo rder in gs . S yn tax -based SMT methods invo lves e i the r mak ing use of

s yn tac t i c par se r s to obta in parse t rees , o r emplo yin g la rge ru l e t ab l es such as

h ie ra rch i ca l SMT [ Chiang , 2007] .

The bracke t ing t r ansduc t ion grammar fo rmal i sm (BT G) [Wu, 1997]

cons t i t u t es a s imple b i l i ngua l p a r s ing mode l to answer th i s p rob lem. BTG

al lows di ffe ren t wo rd order s l i censed b y the same s yn tac t i c s t ruc tu re . Rec e n t

resea rch has wide l y s tud ied BTG -bas ed preo rder ing in phrase -based SMT,

however the re a re l es s a t t en t ion on BTG-based de cod ing . Th i s d i s se r t a t i on

proposes a nove l l a t en t BTG-based d ecod ing method ba sed on the TD-BT G

method [ Naka gawa , 2015] . Al though TD-BTG is the s t a t e - o f - the -a r t method, i t

i s sens i t i ve to in i t i a l word a l ignmen t s . Aiming a t more accura t e reo rder in g

mode ls , t h i s d i s se r t a t i on f i r s t improves the t ra in ing a l go r i t hm in the TD-BT G

method b y adop t ing ensemble /mini -ba t ch l ea rn ing techn iques wi th a

fo res t -margin -base d paramete r upda t ing s t ra t eg y. On the top of tha t , a

bo t tom-up BTG-bas ed decoder i s bu i l t . I t cons t i t u t es a log - l i nea r mode l where

incorpora t ing the TD-BTG-b ased reo rd er ing mode l wi th othe r mode l s .
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As for e ff i c i enc y in t rans l a t i on , when used fo r p reo rder ing , the improved

method (a ) l eads t o s t a t i s t i ca l l y s i gn i f i can t ga ins in Engl i sh–J apanese an d

Japanese–Engl i sh t rans l a t i on accurac y (+0 .5 and +0 .8 BLE U poin t respec t ive ly,

p -va lue < 0 .01) . ( b ) I t i s fou r t ime s as fas t i n t ra in ing compar ed to the

s t a t e -o f - the -a r t method (c ) wi thout d i ffe renc e in mode l s i z es . The use of the

BTG-based r eo rde r ing mode l (a ) l eads to a s t a t i s t i ca l l y s i gn i f i can t

improvemen t (+0 .43 BLEU poin t , p -va lue < 0 .05) in Engl i sh -J apanes e

t rans l a t i on accura c y fo r our BTG-ba sed decoder over the s t andard Mose s

phrase -based decod er (b ) wi th s imi l a r decod ing speed w hi l e (c ) redu c ing t he

s iz e o f the l ex i ca l r eo rder ing mode l s ( 20% of s t a t e -o f - the -a r t mode l s i z e ) .

Chap te r 5 [Explo i t ing Bid irec t iona l Latent Var iab le Model s in Seq2se q

NMT: Sub-w ord Segmentat ion ] i nves t i ga t es the b id i rec t i ona l l a t en t va r i ab l e

o f vocabu la r y fo r word segmen ta t ion . Word segmen ta t ion i s used fo r the

computa t ion of the vocabu la r y of Eas t As ian l angu ages wi thou t word

separa to r s (Ch inese o r J apanese ) . Conven t iona l superv i sed word segmen te r s

mass ive l y p roduc e ra re words which MT s ys t ems canno t t r ans l a t e in d i ffe re n t

quan t i t y fo r d i ffe ren t se gmen te r s . Th is resu l t s in lower and d i ffe r en t

t r ans l a t i on sco res in SMT or NMT.

To tack le the ra re word prob lem in Eas t As ian l angua ges and reduc e

sens i t i v i t y to segmen ta t ion , th i s d i s se r t a t ion proposes a nove l b i l i ngu a l

unsuperv i sed sub- word segmen ta t ion method based o n the pr inc ip l e o f

min imum descr ip t i on l ength (MD L) . Th i s method lea rns a s ingle (F) f in i t e - s iz e

vocabu la r y, where s ub-words a re common to the two langu ages , each wi th (M)

a min imal f requenc y. In add i t i on , th i s enab les to share w ord embedd ing la ye r

be tween the encode r and the decoder in Seq2seq NMT.

W hen compared wi th s t a t e -o f - the -a r t word segmen te r s , Juman fo r J apanes e

and Stan fo rd Segm en te r fo r Ch inese , i n bo th SMT and NMT ex per imen t s in

Japanese -Ch inese and Chinese -J apane se , t he p roposed method (a ) l eads to

s t a t i s t i ca l l y s ign i f i can t improvemen t s in t rans l a t i on acc urac y (+1 .0 BLEU ,

p-va lue < 0 .01) ( b ) Times canno t be compared as J uman and Stan fo r d

Segmen te r a r e f roz e n mode l s , bu t (c ) the vocabu la r y s i z e i s l a rge l y r educed (20

t imes smal l e r ) as wel l as the s i z e o f the word embedd ing la ye r (50% smal l e r

than in a monol ingua l se t t ing ) . W he n compar ing wi th two o ther sub-word

mode ls fo r NMT se n tence p iece mode l [Wu et a l . 2016] and b yte pa i r encod ing

[Sennr i ch e t a l . 2016] , t he p roposed method (a ) l eads to comparab le o r abo ve

t rans l a t i on accura c y in bo th mono l ingua l and bi l i ngua l ca ses whi l e (b ) be ing 3

to 8 t imes as fas t , ( c ) fo r the same voc abu la r y s i z es .

Chap te r 6 [ Contr ibut ions and Conclus ions ] summar iz es the d i s se r t a t ion

and men t ions fu tu re d i rec t ions . Th i s d i s se r t a t ion inves t iga t ed to reduc e
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t r ans l a t i on d ivergences us ing b id i rec t iona l l a t en t va r i ab l e mode l s . The

proposed methods n o t onl y yi e ld (a ) s t a t e -o f - the -a r t o r ab ove per fo rmanc e bu t

a l so (b ) have shor t e r t r a in ing t imes a nd /o r ( c ) smal l e r m ode l s iz es . Th i s i s a

s ign i f i can t con t r ibu t ion to the f i e ld o f mach ine t rans l a t i on which pushes the

l imi t s o f MT. For a l l t hese reasons , t h i s i s wor th a PhD degre e .


