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Abstract

In this paper we describea phrase-basedn-

igram model for statistical machinetransla-
tion that usesa much simpler set of model
parameterghan similar phrase-basechodels.
The units of translationare blocks - pairs of

phrases.During decodingwe usea block un-

igram model and a word-basedtrigram lan-

guagemodel. During training, the blocks are
learnedfrom sourceinterval projectionsusing
anunderlyingwordalignment.We show exper

imentalresultsonblock selectiorcriteriabased
on unigramcountsandphrasdength.

1 Phrase-basedJnigram Model

Variouspapersisephrase-basetianslatiorsystemgOch
etal.,1999;MarcuandWong,2002;YamadandKnight,
2002) that have shovn to improve translationquality
over single-word basedranslationsystemsntroducedn
(Brown et al., 1993). In this paper we presenta simi-

lar systemwith a muchsimplersetof modelparameters.

Speci cally, we computethe probability of a block se-
quenced] . Theblock sequencgrobabilityPr (b7) is de-
composednto conditionalprobabilitiesusing the chain
rule:

Y
Pr(b}) Pr(bjb 1) 1)
1

= p (bjb 1) p* (bijb 1)
1

p (b) p* ’(bjb 1)

i=1

Wetry to nd theblocksequencéhatmaximizesPr (b} ):
b = arg maXy Pr(b}). Themodelproposeds a joint

g@us.ibm.com

00000000
|lee®0co0000O0O
00000 eloo0
|loocoooleeloo0
SEeIN X X JISRCKeRe
|ooceee@0 00O
0000000/ e
0O000000ee®
0O000000ee

'ee@lc0oo0000OO0O

s s s i s
1 2 3 4

Figurel: A blocksequencéhatjointly generated target
andsourcephrases.

modelasin (Marcu and Wong, 2002), sincetarget and
sourcephrasesregeneratedointly. Theapproachis il-
lustratedn Figurel. Thesourcephrasesregivenonthe
x-axisandthetargetphrasesregivenonthey-axis.
Thetwo typesof parametergn Eq 1 arede ned as:

Block unigram modelp(b): we computeunigram
probabilitiesfor the blocks. The blocksaresimpler
thanthealignmenttemplatesn (Ochetal., 1999)in
thatthey do nothave ary internalstructure.

Trigram language model:  the probability
p(bjb 1) betweenadjacentblocksis computedas
the probability of the rst targetword in the target
clumpof by giventhe nal two wordsof thetamet
clumpofb ;.

Theexponent is setin informal experimentgo be 0:5.
No otherparametersuchasdistortion probabilitiesare
used.

To selectblocks b from training data, we computeuni-
gramblock co-occurrenceountsN (b). N (b) cannotbe
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Figure 2: The left picture shawvs three blocks that are
learnedfrom projectingthreesourceintervals. Theright
picture shaws three blocks that cannotbe obtain from
sourcenterval projections.

computedfor all blocksin the training data: we would
obtain hundredsof millions of blocks. The blocks are
restrictedby an underlyingword alignment. The word
alignments obtainedrom anHMM Viterbi training (Vo-
gel et al., 1996). The HMM Viterbi training is carried
outtwice with EnglishastargetlanguageandChineseas
sourcelanguageandvice versa.We take the intersection
of thetwo alignmentsasdescribedn (Ochetal., 1999).
To generateéblocksfrom the intersectionwe proceedas
follows: for eachsourceinterval [j; j 9, we computethe
minimumtargetindex i andmaximumtargetindex i° of
theintersectioralignmentpointsthatfall into theinterval
li; j 9. Theapproachis illustratedin Figure2. In theleft
picture,for example thesourcanterval [1; 3]is projected
into the target interval [1;3] . The pair ([j; j 9; [i; i9)
togetherwith the words at the correspondingpositions
yields a block learnedfrom this training sentencepair.
For sourceintervalswithoutalignmentpointsin them,no
blocksareproduced We alsoextenda block correspond-
ing to the interval pair ([j; j 9;[i; i9) by elementson the
union of the two Viterbi HMM alignments. A similar
block selectiorschemehasbeenpresentedn (Ochetal.,
1999).Finally, thetargetandsourcephrasesirerestricted
to beequalor lessthan8 wordslong. Thisway we obtain
23 millions blockson our training dataincluding blocks
thatoccuronly once. This baselinesetis further Itered
using the unigramcountN (b): Nk denotesthe set of
blocksb for which N (b) k. Blocks wherethetarget
andthe sourceclump areof length1 arekeptregardless
of theircount! We computethe unigramprobability p(b)
asrelative frequeng over all selectedlocks.

We alsotriedamorerestrictive projectionschemesource
intervalsareprojectednto targetintervalsandthereverse
projectionof the targetinterval hasto beincludedin the
original sourceinterval. The resultsfor this symmet-
rical projectionare currently worse, since someblocks
with longertargetintervals areexcluded. An example
of 4 blocks obtainedfrom the training datais shown in

To apply the restrictions exhaustiely, we have imple-
mentedree-basedatastructurego storethe23 million blocks
with phrase®f upto length8 in aboutl:6 gigabyteof RAM.

$DATE  —
Beijing —
agency — =
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Figure 3: An example of 4 recursvely nestedblocks

by;bp; bs; ba.

Figure3. '$DATE' is a placeholderfor a date expres-
sion. Block by containsthe blocksb; to bs. All 4 blocks

are selectedin training: the unigram decoderprefers
by evenif by,bp, andb; are much more frequent. The

solid alignmentpoints are elementsfrom the intersec-
tion, the stripedalignmentpointsare elementsrom the

union. Usingtheunionpoints,we canlearnone-to-mam

blocktranslationsfor example thepair(c;, Xinhua news

ageng") is learnedrom thetraining data.

We usea DP-basedeamsearchproceduresimilar to the

one presentedn (Tillmann, 2001). We maximize over

all block sggmentationdy} for which the sourcephrases
yield a sggmentationof the input sourcesentencegen-

eratingthe targetsentenceimultaneouslyln the current
experiments,decodingwithout block re-orderingyields

the besttranslationresults. The decodetranslatesabout
180wordspersecond.

2 Experimental Results

Thetranslationsystemis testedon a Chinese-to-English
translationtask. The training datacome from several
news sourcesFor testing,we usethe DARPA/NIST MT
2001 dry-run testing data, which consistsof 793 sen-
tenceswith 20; 333 words arrangedin 80 documents.
Thetraining datais providedby the LDC andlabeledby
NIST asthe Large Dataconditionfor the MT 2002eval-
uation. The Chinesesentencearesggmentednto words.
Thetrainingdatacontains23:7 million Chineseand25:3
million Englishwords.

Experimentalresultsare presentedn Table 1 and Ta-
ble 2. Tablel shawvsthe effect of the unigramthreshold.
Thesecondcolumnshavsthenumberof blocksselected.
Thethird columnreportsthe BLEU score(Papinenietal.,
2002)alongwith 95% con denceinterval. We uselBM

2\We did notusethe rst 25 document®f the 105-document
dry-runtestsetbecauseéhey wereusedasadevelopmentestset
beforethedry-runandweresubsequentladdedo our training
data.



Table 1: Effect of the unigramthresholdon the BLEU
score.Themaximumphrasdengthis 8.

Selection #blocks | BLEUr4n4
Restriction selected

| IBM1 baseline] 1.23M | 0.11 0.01|

N2 423M | 0.18 0.02

N3 1.22M | 0.18 0.01

N4 0.84M | 0.17 0.01

N5 0.65M | 0.17 0.01

Table 2: Effect of the maximum phraselength on the
BLEU score.Theunigramthresholds N (b) 2.

maximum | #blocks | BLEUr4n4
phrasdength | selected
8 4.23M | 0.18 0.02
7 3.76M | 0.17 0.02
6 3.26M | 0.17 0.01
5 2.73M | 0.17 0.01
4 2.16M | 0.17 0.01
3 1.51M | 0.16 0.01
2 0.77M | 0.14 0.01
1 0.16M | 0.12 0.01

Model 1 asabaselinenodelwhichis similarto ourblock
model: neithermodelusedistortionor alignmentproba-
bilities. The bestresultsareobtainedfor theN 2 andthe
N 3 sets.

TheN 3 setusesonly 1:22 million blocksin contrasto
N 2 which has4:23million blocks. Thisindicateghatthe
numberof blockscanbe reduceddrasticallywithout af-
fectingthetranslationperformancesigni cantly. Table2
shaws the effect of the maximumphraselength on the
BLEU scorefor the N 2 block set. Including blockswith
longerphrasesctuallyhelpsto improve performanceal-
thoughlength4 alreadyobtainsgoodresults.

We alsoranthe N2 on the June2002DARPA TIDES
Large Data evaluationtest set. Six researchsites and
four commercialoff-the-shelfsystemsvereevaluatedn
LargeDatatrack. A majority of thesystemsverephrase-
basedtranslationsystems. For comparisonwith other
sites, we quotethe NIST score(Doddington,2002) on
this testset: N2 systemscores7.44 whereaghe of cial
top two systemsscored7.65and7.34respectiely.

3 Conclusion

In thispaperwedescribed phrase-baseghigrammodel
for statisticalmachinetranslation. The modelis much
simpler than other phrase-basedtatisticalmodels. We
experimentedwith differentrestrictionson the phrases

selectedfrom the training data. Longer phraseswhich
occurlessfrequentlydo nothelpmuch.
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