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State-of-the-art statistical machine translation models are estimated from
parallel corpora (manually translated text)

Large volumes of parallel text are typically needed to induce good models

Manual translation is laborious and expensive

Sufficient quantities available for only a few language pairs
E.g. Canadian and European parliamentary proceedings

WMT 2011 translation task: 6 languages, Google Translate - 59



PR pe

DN.

] ‘mhu» E G
LS Tﬁﬂi"_!

AERY m-~r~n &5- *--'T’“'mm-»f,_*r’:°'1...,1g'1--— U.C.".meriﬁ e
IERTEET ) T OISR —'-*"‘ux SV %AMEH' EYNBEAR S USETTIEre N
mﬁrm(m—h = SERM ATV HT WA I T 20 e

x> ,rbu-.,a'\m Y] |v:):§? ..umc,‘m\b...,u,rm.,mv,/s«&nvw.rruymm 2ty

ol ot S fan b oS w‘, s 2
fovedovipy ™! E CRATY Y S O 7 4y MY S TR NN W P e s it
'72!3:";.?37\x.u/..fi:;u?m o by S T vonpa E A i \\ym-{ﬂl’-.\u-u(\-l-y) SA Ellur GuiPL rm:.mw.r,nﬂ
JeIxw Ao S \v)llglni)‘ J" xu’audf /Alv.,(\‘akq M ul\w\-;p\/( “rm.\lu:m s/wu‘- m./u._..uu

|m\ll;l/;u\,:1sa:-hv>/);i-la"A corums B4 v lip 31 1» ﬁ'r“‘-bxtu.vnﬂWn\’n/"il“’"v"i"”“—‘zf AYIY B
DrepamdnemZ e, ,,,x.m \{g\ ,qq,rx nqm.r»ma,n.. )-dm U)nlnk.,. ST .‘,ug,,,.l%“m\;g‘ b S «“‘, f°""~'3.‘
aw,\,,\.l..‘.,,uyl » A 3, fof 122 T p.n%(—»n. VA3 eu ) 0y I Al\km 4\»4»..\
 RIhEE Qe Vumn.\vml’w l[krmv\;lx?, «,rmtm\ls/ .3];2!1\«/1 giR JI‘S/;hufll‘hquv,k-Ju o1tei~ o oz xﬁ-v-rwr
1208257 B12031 lws, 1o 1123, RN EAYS \ Vs W B2 2515 Hv,\.',,ﬁy 3\ >0 ,,W-.xx/,,,//x\-xx.xr =53\ Qe o ps
.V2|l-u(d-)|m7l.71 exe, ATANY |Euu‘~u— 4vy;|\b,|r:i|-/av,t— iw,:,lww WEDEX 0 wlow) vw:r-v

kn.n 0 NT B SIN A w,.m'--|' e el hb—.m, —"‘./)“PA-‘\<1V:I»I1¢;§)/-(T,'( xJ
mf;msﬂ,y. ,\“1,. m.»],u,.u..,.xusm;x'luu v A nw/ .xu,..v,m.uwmusn-y.w,,u\l 1-5. 1&} SLA
Py thv.,,u.uu..*ﬂym) WL (23S WRD . Al w3, (GG ES S0 a3, LY et 1, rx 2SN S 2 e el
RSN o|~3 23 PN e 5_1;/\,m.|¢/0\m-~,,,‘;| &«s.ym.,,un«x -,4..“.vao)u|}lmrw f—,uu.{mu ﬂ.«r»r: ilLﬂm“J
q %L S SN O/ Aion it orfio 2 qW juves piny S L3 o

R RS I 19 A g (A o
ey ~x\|d el ALt e :”(awum_.me,_,g\_,g e e iz, o N L'L‘aull(d((Jlll
s Vs, S L b s G 1 ot o B S ALNEARSIRED TGV Wi 3 ST 00, a6
° \:\"-/ll‘\!"dp!llllov!l/u\«‘*(ﬂu"I(»Spulyl hmuwwqp;\\bh |-,uxwnamrum‘z,\wm(urtm.“/w- :,s,-,m. |f&u»/w//.nu\ 44w, ~,
nstead o B D e B e e e
. Pt oot 4 Ul o, e-A\..,uw;nnm&\\:qw.\-m._ SN TE B G N TUNAT 10 il g SN
2 bn(- A A \-»wu..\-,,,y(gym‘ 7 2 K. )w, m A uPnrb\())l.,"yh,._,,.\)_,..Jul.u\.:ﬂ—\u)\vnlg, el lo s ..m,,,‘
L oAt nicra o o v %3 ﬂa,,;..x,qu_», 3 AR X G e D&10 A m,,.,‘.v.uy"
45, L0 ,.\\’r.r,..,r/-_,.‘mrfrm(nlouum rw b

w\ws.uuamu 2 ¢S v\qu\.\\ AR ~~‘1 g
AN FAOTE A v o SRS EINer 515 AT (a0, t,, vl‘.a]+I/|\vn|4\.]‘,~((;”<“\" l{py
% 9 na\) prifel ) y.rure.,o.sw.\.(‘u.»-b,v ] Vv .\ »n)n..«é.nv 1y, ;(,
19 V11010 E 10 s B COUA siel: DA el 19317 oA ok, "‘)

m\e Wﬂmu.\_: \>u.x&|\»r\—-~u/1w{',n.... frﬁ”“-*"l“ \Yp.:&\\»k.ﬂf.u,:vp /W)-S‘f\||Iv.]\£~r»3n{(-.&~|, % lpu-,),q

A, AT/ bl yr wy.,,\w,‘,hQ-.r\),o“,:;wa,;y B A e )’brvm
Sty *vm-«»>,xu:an.,:.1.nu\\ymml-»/h /.\ n SICL: c~>->/ 1 .]\Y’ > HAsAy 0. w,,in.;mxpi— ks ('
‘;wcu LAl 4 my2 Kot % W 4 ST Vb s 25 G945 A Ef (D) 1y el rr.h,wu}rat,u u.u,,r:, S cs

ot e D0 v e 42 1 3N w,,,;\\hw,&\\z\r,»,,,_\(.,a—,\»ro Lamuf‘uvdb A (us\, LA el g u«," ez
A *t

BALIARYoNTaYOYMEOTKA.
1PATAIAS
SEOVZ Y TERoYE A TR
mu}uuin’v’xmlvu CARATARERY,
IANOBIOY RN ANMERAY Y 1 thlv

"‘ e .'.pm
ETINARTA (O Tmmen deiers
R X TSt L
mnm"mm.mnml o A ATy, APRC A IR O
AR RIS R
AT R o oy S Ao A Yo be

)‘n""ﬁA TEy e AT AT TtazTor Tt

TAZ teiouay AR nn:y»unn«Nullv

3 0t nax e
xennus |rA\1 Yu\uAnnl EONQIHIANEIL TaTAN

At Y, o
A HTE O I TAKEA AL e
2N AER T vaQurnx;\nnluv(‘n\uAﬂuvA i

i 28 i ...my.u.mm«?n

EAR
lunAvnxA\vm‘Avw- ,

T ‘m'i“n s
S

Y iAnNnANDili 'Ku A tu-m.‘»wtu‘u‘l\~-v(vuvxu'~vAv.nN P
wmm» Yo 5y SRt AU 03 et Al:mvl\m‘r‘(ll e uhlkyr’\‘hw:vmz;:~A¢A:v\’::;mn

AN
PRI NV
SRRTIEATY .‘m.;:..u.\.m..m\;tw. e
" e ot e
1’"’”’*‘.‘.2’,‘(%"3‘}&‘.3,1&‘" :‘u&‘.'uq’t«“:nn-unouwmm;:’:‘n:?-mmfh
2 R A R R VR A
e Y T AR
t/«llam'rlx;;ﬁ‘z"#'“m'ﬁ d' mm “""r‘-'ﬁ’h:»‘"'ﬂ Pl
W A E A A
haan
A N vt prr e v
TR R R
AT T et
g o T AA Y ALy o TIA TS T oU0 CONE TN
Yl\“°VA\°W‘II|lY[\I!B|lKN(r,{nnal\kAAU\ANNmm!rrﬁM|b-\kA l'nqA\ENE)(ALYA!'"!»"ENMTI\NKMAEVTE

R S SR SO 31X a“ ..A.,*... ri;V:::A.,k.a{‘;l




Cheap monolingual data

Use cheap and plentiful monolingual data to reduce (eliminate?) the
need for parallel data to induce good translation models




At a very high level, translation involves:

Choosing correct translation of words and phrases

Phrase based SMT: extract / score phrasal dictionaries from sentence
aligned parallel data

This work: extend bilingual lexicon induction to score phrasal
dictionaries from monolingual data

Putting the translated phrases or words in the right order

Phrase based SMT: extract ordering information from parallel data

This work: novel algorithm to estimate ordering from monolingual data
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» Phrase-based statistical machine translation

» Weaning phrase-based SMT off parallel data

Scoring phrases

Extending bilingual lexicon induction

Scoring ordering

Novel reordering algorithm

» Experiments



Parallel Data
(big and expensive)

Phrase Table

Word Align
and Extract
Phrases

fr
Score Score
Phrases Ordering

TE
35

Extract

Phrases

en fr

Monolingual Data
(huge and cheap)

Score Score
Phrases Ordering

Phrase Table

Tuning Data
(small)
en | fr fr
Scored Table
en | fr | fts
—_— e | ft weights
/ v

en

We introduce monolingual equivalents to
bilingually estimated features



» Phrase-based SMT: relatedness of a given phrase pair (e,f) is captured by:
Phrase translation probabilities @ (e|f), ¢ (fle)

Average word translation w(e/|f) probabilities using phrase-pair-internal word
alignments

fj

f:[ indice de || inflacidon ]

e

e:[ inflation || rate ]

€

Both estimated from a parallel corpus

» How can we induce phrasal similarity from monolingual data?



» An old first idea [Rapp, 99]: measure contextual similarity
Words appearing in similar context are probably related

First, collect context

rapidamente | 2
planeta ..este (niumero podria)(crecer) (muy rapidamente) si no se modifica ...

economias I

... nuestras (economias a)(crecer)(y desarrollarse)de forma saludable ...

extranjero

...que (nos permitira)(crecer) (rapidamente cuando) el contexto ...

empleo

crecer



» An old first idea [Rapp, 99]: measure contextual similarity

Words appearing in similar context are probably related

First, collect context

Then, project through a seed dictionary, and compare vectors

4 | economic >
growth 1
employment 2 /
7 | quickly 1 9
policy
1 I -
policy activity
crecer aaan_d

(projected)



» Second idea: measure temporal similarity

Assume, we have temporal information associated with text (e.g. news
publication dates)

Events are discussed in different languages at the same time

Collect temporal signature

—— terrorist (en)
— terrorista (es)

Similar J
||u|||\ |

Occurrences

— terrorist (en)
HHH ‘ Hm . Dissimilar J
'H\H“WWWHHWH h“ﬂ”"HHHHMun\H‘ atl g """‘””"”‘HHHUW"ll‘ I

Time

Occurrences

Measure similarity between signatures (e.g. cosine or DFT-based metric)
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» Third idea: measure topic similarity

Phrases and their translations are likely to appear in the same topic

The more similar the set of topics in which a pair of phrases appears the more
likely the phrases are similar

Topic | Topic 2 Topic 3 Topic N

LI

L2 - -

We treat Wikipedia article pairs with interlingual links as topics

12



» Fourth idea: measure orthographic similarity

Etymologically related words often retain similar spelling across languages with

the same writing system

Spanish

English

‘ democracia democracy |

Transliterate for language pairs with different writing system

Russian

Transliterated English

‘ AeMoKpaTus

demokratiya democracy |

Measure similarity with edit distance or a discriminative translit model

» Other ideas: burstiness, etc.
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» Challenge in scoring phrase pairs monolingually: Sparsity

50

45 —a
40

Accuracy, %
— = N N W W
Un O U1 O U1 O UL

~=Top 10

o

0 100 200 300 400 500 600
Corpus frequency

» Score the similarity of individual words within a phrase pair
Similar to lexical weights in phrase-based SMT

Use phrase pair internal word alignments, penalize for unaligned words
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» Phrase-based SMT: model the probabilities of orientation change of a phrase

with respect to a preceding phrase when translated

Start with aligned phrases
m: monotone (keep order)
s: swap order

d: become discontinuous

Reordering features are
probability estimates of s, d, and
m

How
much
should
you
charge
for
your

Facebook

profile

Wieviel

sollte

man

aufrgund

seines

Profils

in

Facebook
verdienen

bl

15



» Estimate same probabilities, but from pairs of (unaligned) sentences taken
from monolingual data

We don’t have alignments, but we do have a phrase table

Phrase Table
German English
! das , and
Profils profile
Facebook in Facebook
und nicht and a lack
zustand situation as

What does your (Facebook)(profile) reveal?

Das Anlegen eines (Profils) in Faceboo@ ist einfach.

Repeat over many sentences

:I_I

Mono
English

Mono
German




» Estimate same probabilities, but from pairs of (unaligned) sentences taken
from monolingual data

We don’t have alignments, but we do have a phrase table

S
c
o
% n o S
%) @ (0] “6 O y—
© () c et (4] - C
O < O Ao £ w 2 o
What
does
your

Facebook

profile

reveal

Repeatoverrnanysentences



Phrase-based SMT Features Monolingual Equivalents

Phrase translation probabilities Temporal, contextual, and topic
phrase similarity

Lexical weights Temporal, contextual, topic, and
orthographic word similarities

Reordering features Reordering features estimated
from monolingual data

Alternatives to features estimated from parallel corpora: we use cheap
monolingual data (along with some metadata), and a seed dictionary



» Idealized setup: treat English and Spanish sections of Europarl as two
independent monolingual corpora

Europarl is annotated with temporal information
» Drop the idealization: estimate features from truly monolingual corpora
Gigaword,Wikipedia for contextual and temporal
Wikipedia for topical
» Run a series of lesion experiments:
Begin with standard features estimated from parallel data
Drop phrasal, lexical, and reordering features
Replace them with the monolingually estimated counterparts

See how much performance can be recovered
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Experiment: Europarl Spanish-English

25: """""""""""""""""""""""""""""""""




Experiment: Monolingual Spanish-English




Monolingual data takes us a long way toward inducing good translation models

Can recover substantial portion of the lost performance in lesion experiments

Consistently improve performance when added to the phrase-based setup

Important direction for languages lacking sufficient (or any) parallel data

True for most languages

Monolingual data is plentiful and growing
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