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Abstract

In this paper, we describea phrase-basedun-
igram model for statistical machine transla-
tion that usesa much simpler set of model
parametersthan similar phrase-basedmodels.
The units of translationare blocks - pairs of
phrases.During decoding,we usea block un-
igram model and a word-basedtrigram lan-
guagemodel. During training, the blocksare
learnedfrom sourceinterval projectionsusing
anunderlyingwordalignment.Weshow exper-
imentalresultsonblockselectioncriteriabased
onunigramcountsandphraselength.

1 Phrase-basedUnigram Model

Variouspapersusephrase-basedtranslationsystems(Och
etal.,1999;MarcuandWong,2002;YamadaandKnight,
2002) that have shown to improve translationquality
oversingle-wordbasedtranslationsystemsintroducedin
(Brown et al., 1993). In this paper, we presenta simi-
lar systemwith a muchsimplersetof modelparameters.
Speci�cally, we computethe probability of a block se-
quencebn

1 . TheblocksequenceprobabilityPr (bn
1 ) is de-

composedinto conditionalprobabilitiesusing the chain
rule:

Pr (bn
1 ) �

nY

i =1

Pr (bi jbi � 1) (1)

=
nY

i =1

p� (bi jbi � 1) � p(1 � � ) (bi jbi � 1)

�
nY

i =1

p� (bi ) � p(1 � � ) (bi jbi � 1)

Wetry to �nd theblocksequencethatmaximizesPr (bn
1 ):

bn
1 = argmaxbn

1
Pr (bn

1 ). Themodelproposedis a joint
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Figure1: A blocksequencethatjointly generates4 target
andsourcephrases.

model as in (Marcu andWong, 2002), sincetarget and
sourcephrasesaregeneratedjointly. Theapproachis il-
lustratedin Figure1. Thesourcephrasesaregivenon the
x-axisandthetargetphrasesaregivenon they-axis.

Thetwo typesof parametersin Eq1 arede�ned as:

� Block unigram model p(bi ): we computeunigram
probabilitiesfor theblocks. Theblocksaresimpler
thanthealignmenttemplatesin (Ochetal., 1999)in
thatthey donothaveany internalstructure.

� Trigram language model: the probability
p(bi jbi � 1) betweenadjacentblocksis computedas
the probability of the �rst target word in the target
clump of bi given the �nal two wordsof the target
clumpof bi � 1.

Theexponent� is setin informal experimentsto be0:5.
No otherparameterssuchasdistortionprobabilitiesare
used.
To selectblocksb from training data,we computeuni-
gramblock co-occurrencecountsN (b). N (b) cannotbe
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Figure 2: The left picture shows threeblocks that are
learnedfrom projectingthreesourceintervals. Theright
picture shows threeblocks that cannotbe obtain from
sourceinterval projections.

computedfor all blocks in the training data: we would
obtain hundredsof millions of blocks. The blocks are
restrictedby an underlyingword alignment. The word
alignmentis obtainedfrom anHMM Viterbi training(Vo-
gel et al., 1996). The HMM Viterbi training is carried
out twice with EnglishastargetlanguageandChineseas
sourcelanguageandvice versa.We take theintersection
of thetwo alignmentsasdescribedin (Ochet al., 1999).
To generateblocksfrom the intersection,we proceedas
follows: for eachsourceinterval [j; j 0], we computethe
minimumtarget index i andmaximumtarget index i 0 of
theintersectionalignmentpointsthatfall into theinterval
[j; j 0]. Theapproachis illustratedin Figure2. In theleft
picture,for example,thesourceinterval [1; 3] is projected
into the target interval [1; 3] . The pair ([j; j 0]; [i; i 0])
togetherwith the words at the correspondingpositions
yields a block learnedfrom this training sentencepair.
For sourceintervalswithoutalignmentpointsin them,no
blocksareproduced.Wealsoextendablockcorrespond-
ing to the interval pair ([j; j 0]; [i; i 0]) by elementson the
union of the two Viterbi HMM alignments. A similar
blockselectionschemehasbeenpresentedin (Ochet al.,
1999).Finally, thetargetandsourcephrasesarerestricted
to beequalor lessthan8 wordslong. Thiswayweobtain
23 millions blockson our trainingdataincludingblocks
thatoccuronly once.This baselinesetis further �ltered
using the unigramcount N (b): N k denotesthe set of
blocksb for which N (b) � k. Blocks wherethe target
andthesourceclumpareof length1 arekept regardless
of theircount.1 Wecomputetheunigramprobabilityp(b)
asrelative frequency overall selectedblocks.
Wealsotriedamorerestrictiveprojectionscheme:source
intervalsareprojectedinto targetintervalsandthereverse
projectionof the target interval hasto be includedin the
original sourceinterval. The resultsfor this symmet-
rical projectionare currently worse,sincesomeblocks
with longer target intervals areexcluded. An example
of 4 blocksobtainedfrom the training datais shown in

1To apply the restrictions exhaustively, we have imple-
mentedtree-baseddatastructuresto storethe23 million blocks
with phrasesof up to length8 in about1:6 gigabyteof RAM.

Figure 3: An example of 4 recursively nestedblocks
b1; b2; b3; b4.

Figure 3. '$DATE' is a placeholderfor a dateexpres-
sion. Block b4 containstheblocksb1 to b3. All 4 blocks
are selectedin training: the unigram decoderprefers
b4 even if b1,b2, and b3 are much more frequent. The
solid alignmentpoints are elementsfrom the intersec-
tion, the stripedalignmentpointsareelementsfrom the
union.Usingtheunionpoints,wecanlearnone-to-many
blocktranslations;for example,thepair(c1,'Xinhua news
agency') is learnedfrom thetrainingdata.
We usea DP-basedbeamsearchproceduresimilar to the
one presentedin (Tillmann, 2001). We maximizeover
all block segmentationsbn

1 for which thesourcephrases
yield a segmentationof the input sourcesentence,gen-
eratingthetargetsentencesimultaneously. In thecurrent
experiments,decodingwithout block re-orderingyields
thebesttranslationresults.Thedecodertranslatesabout
180wordspersecond.

2 Experimental Results

Thetranslationsystemis testedon a Chinese-to-English
translationtask. The training data come from several
news sources.For testing,we usetheDARPA/NIST MT
2001 dry-run testing data, which consistsof 793 sen-
tenceswith 20; 333 words arrangedin 80 documents.2

Thetrainingdatais providedby theLDC andlabeledby
NIST astheLargeDataconditionfor theMT 2002eval-
uation.TheChinesesentencesaresegmentedinto words.
Thetrainingdatacontains23:7 million Chineseand25:3
million Englishwords.
Experimentalresultsare presentedin Table 1 and Ta-
ble 2. Table1 shows theeffect of theunigramthreshold.
Thesecondcolumnshowsthenumberof blocksselected.
Thethird columnreportstheBLEU score(Papinenietal.,
2002)alongwith 95%con�denceinterval. We useIBM

2Wedid notusethe�rst 25documentsof the105-document
dry-runtestsetbecausethey wereusedasadevelopmenttestset
beforethedry-runandweresubsequentlyaddedto our training
data.



Table 1: Effect of the unigramthresholdon the BLEU

score.Themaximumphraselengthis 8.

Selection # blocks BLEUr4n4
Restriction selected

IBM1 baseline 1.23M 0.11� 0.01

N2 4.23M 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 maximumphraselength on the
BLEU score.Theunigramthresholdis N (b) � 2.

maximum # blocks BLEUr4n4
phraselength 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

Model1 asabaselinemodelwhichis similarto ourblock
model:neithermodelusesdistortionor alignmentproba-
bilities. Thebestresultsareobtainedfor theN 2 andthe
N 3 sets.

TheN 3 setusesonly 1:22million blocksin contrastto
N 2 whichhas4:23million blocks.Thisindicatesthatthe
numberof blockscanbe reduceddrasticallywithout af-
fectingthetranslationperformancesigni�cantly. Table2
shows the effect of the maximumphraselength on the
BLEU scorefor theN 2 block set. Includingblockswith
longerphrasesactuallyhelpsto improveperformance,al-
thoughlength4 alreadyobtainsgoodresults.

We alsoran theN2 on theJune2002DARPA TIDES
Large Data evaluation test set. Six researchsites and
four commercialoff-the-shelfsystemswereevaluatedin
LargeDatatrack.A majorityof thesystemswerephrase-
basedtranslationsystems. For comparisonwith other
sites,we quotethe NIST score(Doddington,2002) on
this testset: N2 systemscores7.44whereasthe of�cial
top two systemsscored7.65and7.34respectively.

3 Conclusion

In thispaper, wedescribedaphrase-basedunigrammodel
for statisticalmachinetranslation. The model is much
simpler than other phrase-basedstatisticalmodels. We
experimentedwith different restrictionson the phrases

selectedfrom the training data. Longer phraseswhich
occurlessfrequentlydonothelpmuch.
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