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riptionPhilipp Koehnkoehn�isi.eduUSC Information S
ien
es InstituteDe
ember 11, 2003Abstra
tThis do
ument des
ribes Pharaoh, a beam sear
h de
oder for phrase-based statisti
al ma
hinetranslation models. It is both a user manual that des
ribes how to run the program to performma
hine translation, as well as des
ription of the me
hani
s of the de
oder.We developed Pharaoh as part of our PhD thesis [Koehn, 2003℄ at the University of SouthernCalifornia. It is an implementation of the 
urrently best-performing methods for statisti
al ma
hinetranslation: heuristi
 beam sear
h and phrase-based translation. Experiments with this de
oder werealso reported by Koehn et al. [2003℄.The de
oder allows you to supply your own translation model in simple format and translate textbetween languages. For full use of the de
oder you will also need the SRI language modeling toolkitand (for n-best list generating) the Carmel �nite state ma
hine toolkit. Both of these resour
es areavailable for free. We do not in
lude a program to learn a translation table from a parallel 
orpus,but we do des
ribe methods how to do this in this do
ument.1
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1 User ManualThis do
ument 
onsists of three parts, (1) a user manual for the de
oder, (2) an introdu
tion to phrase-based statisti
al ma
hine translation, and (3) a des
ription of the de
oder. Ea
h of these three se
tionsis self-
ontained and highlights a di�erent aspe
t of the same subje
t matter.We start in this se
tion with a manual on using the de
oder, sin
e we expe
t this to be 
losest tothe interests of the reader. While we try to make this as self-
ontained as possible, some details will behard to understand without knowledge of the other se
tions. If you have more time, or if you are moreinterested in the theoreti
al ba
kground, it might be better to start with Se
tion 2 and 3.1.1 DownloadThe de
oder 
ode is available at the web pages of the Information S
ien
es Institute at the University ofSouthern Calfornia:http://www.isi.edu/li
ensed-sw/pharaoh/After unpa
king, you will see the following dire
tories and �les:bin/pharaoh the binary of the de
oder (Linux/Intel)model a toy example that is used in this manualdo
 a dire
tory that in
ludes this do
umentationlm/europarl.srilm a language model for use with the modelsThe pa
kage 
ontains the de
oder 
ode, along with do
umentation and a toy translation model. Inthe following we will walk through the features of the de
oder. The reader is advised to download andunpa
k the 
ode and repeat the steps and try variations.What is missing to build a full ma
hine translation system from s
rat
h?� A parallel 
orpus 
an be obtained from various sour
es, e.g., the Europarl 
orpus [Koehn, 2002℄from http://www.isi.edu/�koehn/europarl� The program to train a language model is available from SRI athttp://www.spee
h.sri.
om/proje
ts/srilm/� For the generation of word latti
es and n-best list, you will need the Carmel �nite state toolkit,whi
h is available athttp://www.isi.edu/li
ensed-sw/
armel/� A training system to generate translation models for the de
oder. This is 
urrently not available,but this do
ument des
ribes methods how to build translation models, whi
h should enable thereader to write her own 
ode for this. 3



1.2 A Simple Translation ModelLet us begin with a look at the toy translation model that is provided with the de
oder release. Thedire
tory model 
ontains three �lestoy.f2n the phrase translation table p(njf)toy.n2f the phrase translation table p(f jn)pharaoh.ini the 
on�guration �le for the de
oderLet's look at the �rst line of the phrase translation table p(njf) (�le toy.f2n):the ||| der ||| 1.0This entry means that the probality of translating the German (or foreign, or f) word der into theEnglish (or native, or n) word the is 1.0. Or in mathemati
al notation: p(thejder) = 1:0.Now, let's take a look at the �rst line of the other phrase translation table, p(f jn) (�le toy.n2f):der ||| the ||| 0.3Here we have p(derjthe) = 0:3. Clearly p(njf) 6= p(f jn). This is generally true, the reason being here,that there are multiple German de�nite determiners, while English has only the. Look at the others inthe translation table �le toy.n2f:der ||| the ||| 0.3das ||| the ||| 0.4die ||| the ||| 0.3The translation tables are the main knowledge sour
e for the ma
hine translation de
oder. Thede
oder 
onsults these tables to �gure out how to translate input in one language (the foreign language,or f) to another language (the native language, or n).Being a phrase translation model, the translation tables do not only 
ontain single word entries, butmulti-word entries. These are 
alled phrases, but this 
on
ept means nothing more than an arbitrarysequen
e of words, with no sophisti
ated linguisti
 motivation.Here is an example for a phrase translation entry in toy.f2n:this is ||| das ist ||| 0.3Why are there two phrase translation tables? Be
ause of the sour
e 
hannel model, the translationmodel is reformulated from p(njf) to p(n)p(f jn), allowing for the use of the language model p(n). Inpra
ti
e that means that the \normal" translation table p(f jn) is used by the de
oder to �nd the n-besttranslations for an input phrase n, while the \inverse" translation table p(njf) is used for s
oring. Thiswill be
ome more 
lear after reading the ba
kground on the phrase model.1.3 Running the De
oderWithout further ado, let us run the de
oder: 4



# Sample 
onfiguration file[ttable-file-f2n℄model/toy.f2n[ttable-file-n2f℄model/toy.n2f[lmodel-file℄lm/europarl.srilm[ttable-limit℄10[ttable-threshold℄0.001[weight-d℄1[weight-l℄1[weight-t℄1[weight-w℄0Figure 1: Sample 
on�guration �le for the de
oder: It spe
i�es the �le lo
ations for translation tableslanguage model, as well as other de
oder% e
ho 'das ist ein kleines haus' | bin/pharaoh -f model/pharaoh.ini > outPharaoh v1.0pre7, written by Philipp Koehna beam sear
h de
oder for phrase-based statisti
al ma
hine translation models(
) 2002-2003 University of Southern Californialoading phrase translation table from model/toy.f2nloading inverse phrase translation table from model/toy.n2floading language model from lm/europarl.srilmreading input senten
estranslating.% 
at outthis is a small houseHere, the toy model managed to translate the German input senten
e das ist ein kleines haus intothe English this is a small house, whi
h is a 
orre
t translation.5



The de
oder is 
ontrolled by the 
on�guration �le model/pharaoh.ini. This �le is displayed inFigure 1 on the pre
eding page. We will take a look at all the parameters that are spe
i�ed here (andthen some) below. At this point, let us just note that the translation model �les and the language model�le are spe
i�ed here. In this example, the �le names are relative paths, but usually having full paths isbetter, so that the de
oder does not have to be run from a spe
i�
 dire
tory.All parameters 
an be spe
�ed in this �le, or on the 
ommand line. For instan
e, we 
an also indi
atethe language model �le on the 
ommand line:% bin/pharaoh -f model/pharaoh.ini -lmodel-file lm/europarl.srilmWe just ran the de
oder on a single senten
e provided on the 
ommand line. Usually we want totranslate more than one senten
e. In this 
ase, the input senten
es are stored in a �le, one senten
eper line. This �le is piped into the de
oder and the output is piped into some output �le for furtherpro
essing:% pharaoh -f /somewhere/pharaoh.ini < in > out�
 �	Parameters-f, -
onfig { spe
i�es the lo
ation of the 
on�guration �le1.3.1 Tra
eHow the de
oder works is des
ribed in detail in Se
tion 3. But let us �rst develop an intuition by lookingunder the hood. There are two swit
hes that for
e the de
oder to reveal more about its inner workings:-tra
e and -verbose.The tra
e option reveals whi
h phrase translations were used in the best translation found by thede
oder. Running the de
oder with the tra
e swit
h (short -t) on the same examplee
ho 'das ist ein kleines haus' | bin/pharaoh -f model/pharaoh.ini -t >outgives us the extended outputthis is |0.014086|0|1| a |0.188447|2|2| small |0.000706353|3|3|house |1.46468e-07|4|4|Ea
h generated English phrase is now annotated with additional information:� this is was generated from the German words 0{1 (das ist), with 
ombined model 
ost of 0.014086.� a was generated from the German words 2{2 (ein), with 
ombined model 
ost of 0.188447.� small was generated from the German words 3{3 (kleines), with 
ombined model 
ost of 0.000706353.� house was generated from the German words 4{4 (haus), with 
ombined model 
ost of 1.46468e-07.Note that the German senten
e does not have to be translated in sequen
e. Here an example, werethe English output is reordered: 6



% e
ho 'ein haus ist das' | bin/pharaoh -f model/pharaoh.ini -t -d 0.5this |0.00104332|3|3| is |0.13853|2|2| a |0.0420482|0|0| house |5.85786e-08|1|1|�
 �	Parameters-t, -tra
e { output is annotated with phrase translations used1.3.2 VerboseNow for the next swit
h, -verbose (short -v), that displays additional run time information. Theverbosity of the de
oder output exists in three levels. The default is 1. Moving on to -v 2 gives a s
reendump of all parameter values and summary statisti
s for ea
h translated senten
es:e
ho 'das ist ein kleines haus' | bin/pharaoh -f model/pharaoh.ini -v 2...
olle
ted 12 translation optionsHYP: 557 added, 32 dis
arded below threshold, 199 pruned, 572 merged.BEST: this is a small house -28.9234These mysterious statisti
s summarize how many internal states were generated and gives us also theprobability s
ore of the best translation: exp(-28.9234). The displayed statisti
s mean: 12 translationoptions (phrase translation table entries) were used in the sear
h for the best translation for this senten
e.557 hypotheses were added to hypothesis sta
ks, 32 were not added, be
ause they fell out of the beam,199 were dis
arded from the hypothesis sta
ks, be
ause better hypotheses entered the sta
k, and 572hypotheses were re
ombined. Confused? The se
tion on the deo
der (Se
tion 3) explains what all thismeans.The most verbose output (-v 3) provides even more information. In fa
t, it is so mu
h, that we 
ouldnot possibly �t it in this manual. Run the following 
ommand and enjoy:e
ho 'das ist ein kleines haus' | bin/pharaoh -f model/pharaoh.ini -v 3Let us look together at some highlights. Before de
oding, the phrase translation table is 
onsultedfor possible phrase translations. For some phrases, we �nd entries, for others we �nd nothing. Here anex
erpt: [das;2℄the<1>, pC=-0.916291, 
=-5.78855it<2>, pC=-2.30259, 
=-8.0761this<3>, pC=-2.30259, 
=-8.00205...[das ist;6℄it is<6>, pC=-1.60944, 
=-10.207this is<7>, pC=-0.223144, 
=-10.2906...[das ist ein;0℄ 7



The �rst number next to a phrase is an internal phrase identi�er, the pC denotes the log of the phrasetranslation probability, after 
 the future 
ost estimate for the phrase is given.Future 
ost is an estimate of how hard it is to translate di�erent parts of the senten
e. After lookingup phrase translation probabilities, future 
osts are 
omputed for all 
ontigous spans over the senten
e:future 
osts from 0 to 0 is -5.78855future 
osts from 0 to 1 is -10.207future 
osts from 0 to 2 is -15.7221future 
osts from 0 to 3 is -25.4433future 
osts from 0 to 4 is -34.7094future 
osts from 1 to 1 is -4.92223future 
osts from 1 to 2 is -10.4373future 
osts from 1 to 3 is -20.1585future 
osts from 1 to 4 is -29.4246future 
osts from 2 to 2 is -5.5151future 
osts from 2 to 3 is -15.2363future 
osts from 2 to 4 is -24.5023future 
osts from 3 to 3 is -9.72116future 
osts from 3 to 4 is -18.9872future 
osts from 4 to 4 is -9.26607Some parts of the senten
e are easier to translate than others. For instan
e the estimate for translatingthe �rst two words (0{1: das ist) is deemed to be 
heaper (-10.207) than the last two (4{5: kleines haus, -18.9872). Again, the negative numbers are log probabilities. For more on future 
ost, please see Se
tion 3.5on page 32.After all this preperation, we start to 
reate partial translations by translating a phrase at a time.The �rst hypothesis is generated by translating the �rst German word as the:
reating hypothesis 1 from 0base s
ore 0translation 
ost -0.916291distortion 
ost 0language model 
ost for 'the' -2.03434word penalty -0s
ore -2.95064 + futureCost -29.4246 = -32.3752Here, starting with the empty initial hypothesis 0, a new hypothesis (id 1) is 
reated. Startingfrom zero 
ost (base s
ore), translating the phrase the 
arries translation 
ost (-0.916291), distortionor reordering 
ost (0), language model 
ost (-2.03434), and word penalty (0). Overall, a probility 
ostof exp(-2.95064) is a

umulated. Together with the future 
ost estimate for the remaining part if thesenten
e (-29.4246), this hypothesis is assigned a s
ore of -32.3752.And so it 
ontinues, for a total of 1161 
reated hypothesis. At the end, the best s
oring �nal hypothesisis found and the hypothesis graph traversed ba
kwards to retrieve the best translation:8



[ 976 => 583 ℄[ 583 => 106 ℄[ 106 => 12 ℄[ 12 => 0 ℄Confused enough yet? Before we get 
aught too mu
h in the intri
ate details of the inner workingsof the de
oder, let us return to a
tually using the de
oder. Mu
h of what has just been said will be
omemu
h 
learer after reading the ba
kground information in Se
tion 3.�
 �	Parameters-v, -verbose { allows for more detailed output: default (1), summary statisti
s (2), fullprogress report (3)1.4 Tuning for QualityThe key to good translation performan
e is having a good phrase translation table. But some tuning 
anbe done with the de
oder. The most important is the tuning of the model parameters.The probability 
ost that is assigned to a translation is a produ
t of probability 
osts of four models:phrase translation table, language model, reordering model, and word penalty. Ea
h of these models
ontributes information over one aspe
t of the 
hara
teristi
s of a good translation:� The phrase translation table ensures that the English phrases and the German phrases are goodtranslations of ea
h other.� The language model ensures that the output is 
uent English.� The distortion model allows for reordering of the input senten
e, but at a 
ost: The morereordering, the more expensive is the translation.� The word penalty provides means to ensure that the translations do not get too long or too short.Ea
h of these 
omponents 
an be given a weight that sets its importan
e. Mathemati
ally, the 
ostof translation is: p(ejf) = p�(f je)�� � pLM(e)�LM � pD(e; f)�D � !length(e) �W(e) (1)The propability p(ejf) of the English translation e given the foreign input f is broken up into fourmodels, phrase translation p�(f je), language model pLM(e), distortion model pD(e; f), and word penalty!length(e). Ea
h of the four model is weighted by a weight �.The weighting is provided to the de
oder with the four parameters weight-t, weight-l, weight-d,and weight-w. The default setting for these weights are 1,1,1, and 0. These are also the values in Figure 1on page 5.Setting these weights to the right values 
an improve translation quality. We already sneaked in oneexample above. When translating the German senten
e ein haus ist das, we set the distortion weight to0.5 to get the right translation: 9



% e
ho 'ein haus ist das' | bin/pharaoh -f model/pharaoh.ini -d 0.5this is a houseWith the default weights, the translation 
omes out wrong:% e
ho 'ein haus ist das' | bin/pharaoh -f model/pharaoh.inia house is theWhat is the right weight setting depends on the 
orpus and the language pair. Ususally, a held outdevelopment set is used to optimize the parameter settings. The simplest method here is to try out witha large number of possible settings, and pi
k what works best. Good values for the weights for phrasetranslation table (weight-t, short tm), language model (weight-l, short lm), and reordering model(weight-d, short d) are 0.1{1, good values for the word penalty (weight-w, short w) are -3{3. Negativevalues for the word penalty favor longer output, positive values favor shorter output.�



�
	

Parameters-tm, -weight-t { weight of the phrase translation table-lm, -weight-l { weight of the language model-d, -weight-d { weight of the distortion (reordering) model-w, -weight-w { weight of the word penalty1.5 Tuning for SpeedLet us now look at some additional parameters that help to speed up the de
oder. Unfortunately higherspeed usually 
omes at 
ost of translation quality. The speed-ups are a
hieved by limiting the sear
hspa
e of the de
oder. By 
utting out part of the sear
h spa
e, we may not be able to �nd the besttranslation anymore.1.5.1 Translation Table SizeOne strategy to limit the sear
h spa
e is by redu
ing the number of translation options used for ea
hinput phrase, i.e. the number of phrase translation table entries that are retrieved. While in the toyexample, the translation tables are very small, these 
an have thousands of entries per phrase in a realisti
s
enario. If the phrase translation table is learned from real data, it 
ontains a lot of noise. So, we arereally interested only in the most probable ones and would like to elimiate the others.The are two ways to limit the translation table size: by a �xed limit on how many translationoptions are retrieved for ea
h input phrase, and by a probability threshold, that spe
i�es that the phrasetranslation probability has to be above some value.Compare the statisti
s and the translation output for our toy model, when no translation table limitis used % e
ho 'das ist ein kleines haus' |bin/pharaoh -f model/pharaoh.ini -ttable-limit 1 -v 2... 10




olle
ted 12 translation optionsHYP: 557 added, 32 dis
arded below threshold, 199 pruned, 572 merged.BEST: this is a small house -28.9234with the statisti
s and translation output, when a limit of 1 is used% e
ho 'das ist ein kleines haus' |bin/pharaoh -f model/pharaoh.ini -ttable-limit 1 -v 2...
olle
ted 6 translation optionsHYP: 173 added, 0 dis
arded below threshold, 0 pruned, 120 merged.BEST: it is a small house -30.3268Redu
ing the number of translation options to only one per phrase, had a number of e�e
ts: (1)Overall only 6 translation options instead of 12 translation options were 
olle
ted. (2) The number ofgenerated hypothesis fell to 173 from 557, and no hypotheses were pruned out. (3) The translation
hanged, and the output now has lower probability | exp(-30.3268) vs. exp(-28.9234).[ -ttable-threshold not implemented yet ℄�
 �	Parameters-ttable-limit { number of phrase translations used for ea
h foreign phrase (default 20)-ttable-threshold { minimum probability for a phrase translation entry (default 0)1.5.2 Hypothesis Sta
k Size (Beam)A di�erent way to redu
e the sear
h is to redu
e the size of hypothesis sta
ks. For ea
h number of foreignwords translated, the de
oder keeps a sta
k of the best (partial) translations. By redu
ing this sta
k sizethe sear
h will be qui
ker, sin
e less hypotheses are kept at ea
h stage, and therefore less hypotheses aregenerated. This is explained in more detail in Se
tion 3.From a user perspe
tive, sear
h speed is linear to the maximum sta
k size. Compare the followingsystem runs with sta
k size 1000, 100 (the default), 10, and 1:% e
ho 'das ist ein kleines haus' n| bin/pharaoh -f model/pharaoh.ini -s 1000 -v 2...
olle
ted 12 translation optionsHYP: 634 added, 0 dis
arded below threshold, 0 pruned, 1306 merged.BEST: this is a small house -28.9234% e
ho 'das ist ein kleines haus' n| bin/pharaoh -f model/pharaoh.ini -s 100 -v 2...
olle
ted 12 translation optionsHYP: 557 added, 32 dis
arded below threshold, 199 pruned, 572 merged.BEST: this is a small house -28.923411



% e
ho 'das ist ein kleines haus' n| bin/pharaoh -f model/pharaoh.ini -s 10 -v 2...
olle
ted 12 translation optionsHYP: 101 added, 93 dis
arded below threshold, 50 pruned, 29 merged.BEST: this is a small house -28.9234% e
ho 'das ist ein kleines haus' n| bin/pharaoh -f model/pharaoh.ini -s 1 -v 2...
olle
ted 12 translation optionsHYP: 9 added, 19 dis
arded below threshold, 4 pruned, 0 merged.BEST: this is a little house -30.0117Note that the number of hypothesis entered on sta
ks is getting smaller with the sta
k size: 634, 557,101, and 9. With a sta
k size of 1000, no pruning takes pla
e, whi
h means an exhaustive sear
h. Withsmaller sta
k sizes we risk sear
h errors, meaning the generation of translations that s
ore worse than thebest translation a

ording to the model.In this toy example, a worse translation is only generated with a sta
k size of 1. Again, by worsetranslation, we mean worse s
oring a

rosing to our model (exp(-30.0117) vs. exp(-28.9234)). If it isa
tually a worse translation in terms of translation quality, is another question. However, the task of thede
oder is to �nd the best s
oring translation. If worse s
oring translations are of better quality, thenthis is a problem of the model, and should be resolved by better modeling.[ -beam-threshold not implemented yet ℄�



�
	Parameters-s, -sta
k { maximum size of the beam, i.e., the hypothesis sta
ks (default 100)-b, -beam-threshold { minimum value of a hypothesis relative to the best hypothesis ina sta
k (default 0.00001)1.5.3 Limit on Distortion (Reordering)[ -distortion-limit not implemented yet ℄�
 �	Parameters-distortion-limit { maximum distan
e between two input phrases that are translated totwo neighboring output phrases (default 0, no limit)1.6 XML MarkupSometimes we have external knowledge that we want to bring to the de
oder. For instan
e, we might havea better translation system for translating numbers of dates. We would like to plug in these translationsinto the de
oder without 
hanging the model. 12



To address this, the de
oder has an XML markup s
heme that allows the spe
i�
ation of translationsfor parts of the senten
e. In its simplest form, we 
an tell the de
oder what to use to translate 
ertainwords in the senten
e:% e
ho 'das ist <np english="a 
ute pla
e">ein kleines haus</np>' n| bin/pharaoh -f model/pharaoh.inithis is a 
ute pla
e% e
ho 'das ist ein kleines <n english="dwelling">haus</n>' n| bin/pharaoh -f model/pharaoh.inithis is a little dwellingThe words have to be surrounded by tags, su
h as <np...> and </np>. The name of the tags 
anbe 
hosen freely. The target output is spe
i�ed in the opening tag as a parameter value for a parameterthat is 
alled for histori
al reasons english (the 
anoni
al target language).Not only one, but multiple translations 
an be spe
i�ed, as the following example shows:% e
ho 'das ist ein kleines <n english="dwelling|pla
e|house">haus</n>' n| bin/pharaoh -f model/pharaoh.inithat is a little pla
eHere, three 
hoi
es are given: dwelling, pla
e, house. The de
oder may pi
k any of them. E�e
tively,the language model de
ides what �ts best into the senten
e 
ontext.But we 
an also provide probabilities along with these translation 
hoi
es:% e
ho 'das ist ein kleines n<n english="dwelling|pla
e|house" prob="0.1|0.1|0.8">haus</n>' n| bin/pharaoh -f model/pharaoh.inithat is a small houseHere, the given probability distribution assigns probilities to the three 
hoi
es: dwelling (p=0.1), pla
e(p=0.1), and house (p=0.8). With these probabilities, the de
oder 
hoses house instead of pla
e.As a �nal twist, we 
an allow the de
oder to use either translations from the model or the spe
i�edtranslations:% e
ho 'das ist ein kleines n<n english="dwelling|pla
e" prob="0.9|0.1">haus</n>' n| bin/pharaoh -f model/pharaoh.ini -bypass-markedthis is a small houseThe swit
h -bypass-marked gives the de
oder a 
hoi
e between using the spe
i�ed translations orits own. This 
hoi
e, again, is ulitmately made by the language model, whi
h takes the senten
e 
ontextinto a

ount.But we may also have some notion of how mu
h we trust our spe
i�ed translations opposed to howmu
h we trust the model. This 
an be expressed in a weight that is fa
tored into the probabilities of thespe
i�ed translations: 13



% e
ho 'das ist ein kleines n<n english="dwelling|pla
e" prob="0.9|0.1">haus</n>' n| bin/pharaoh -f model/pharaoh.ini -bypass-marked -weight-marked 10this is a little dwellingThe weight 10, spe
i�ed by the swit
h -weight-marked, is multiplied with the spe
i�ed probabilities.Alternately, 10-fold probabilities may be spe
i�ed (prob="9|1"), sin
e it is not required that these addup to one. The weighting feature is really just there for 
onvenien
e, so that di�erent weights 
an betried easily without 
hanging the input to the de
oder.One last remark: this XML-s
heme does not follow standard markup notation. No surrounding tagsare ne

essary, and the input format still has to be one senten
e per line.�
 �	Parameters-bypass-marked { allow to bypass the translations spe
i�ed with the XML markup-weight-marked { weight the spe
i�ed translations (default 1) relative to model translations1.7 N-Best List GenerationSo far, we were able to see only the 1-best translation, meaning the best translation that the de
oderfound, as s
ored by the model. But we might also want to know what was the se
ond 
hoi
e, how mu
hits s
ore di�ers, where the 
orre
t translation is ranked, and so on.The swit
h -latti
e lets the de
oder output a word latti
e. This latti
e 
an be pro
essed by the�nite state toolkit Carmel for n-best lists, s
oring of spe
i�
 translations, and other things. While you
an also write your own tools to work with the latti
e, it is highly re
ommended to use that toolkit, whi
his freely available from the Information S
ien
es Institute at University of Southern California under thisaddress: http://www.isi.edu/li
ensed-sw/
armel/This page also 
ontains instru
tions how to use the �nite state toolkit.But let us return to our de
oder and run it with the latti
e swit
h:e
ho 'das ist ein kleines haus' | nbin/pharaoh -f model/pharaoh.ini -latti
e fooThe de
oder runs as before, but it also 
reates two �les:foo.0000foo.0000.stateThe �rst �le, foo.0000 
ontains the word latti
e, the se
ond �le, foo.0000.state 
ontains additionalinformation for ea
h state whi
h may 
ome in handy. The �le name was spe
i�ed at the 
ommand line(by the argument to the swit
h, -latti
e foo), with the senten
e number (here, 0000) atta
hed to it.Let us take a look at the �rst lines of foo.0000: 14



1162(0 (1 "the" 0.0523065))(0 (2 "it" 0.0056504))(0 (3 "this" 0.00467583))(0 (4 "is" 0.00107724))(0 (5 "'s" 1.67017e-05))(0 (6 "a" 0.00128125))(0 (7 "an" 0.0002182))(0 (8 "small" 1.34764e-06))(0 (9 "little" 5.53138e-07))The �rst number (1162) spe
i�es the number of the �nal state. Then, state transitions are listed,one per line. The �rst transition states that we 
an move from state 0 (the start state) to state 1 byprodu
ing the word the with a 
ost of 0.0523065.Here are the state transitions that are used in the best path:(0 (12 "this is" 0.014086))(12 (106 "a" 0.188447))(106 (583 "small" 0.000706353))(583 (1162 "house" 1.46468e-07))Before we move on to using Carmel to get all kinds of useful information out of this �le, let us take aqui
k look at the se
ond �le. Here are the �rst lines of foo.0000.state:1 100002 100003 100004 010005 010006 001007 001008 000109 00010This �le 
ontains word 
overage ve
tors for ea
h state. For instan
e, the �rst state has the 
overageve
tor 10000, meaning that in this state, the �rst word was already translated (indi
ated by 1), while theothers where not (indi
ated by 0). One 
an see, how this �le will be useful to retrieve phrase alignmentsbetween input and any output that 
an be found as a path in the word latti
e. However, we will notdis
uss this further in this manual.The �nite state toolkit Carmel has a large number of options, and the reader is advised to take a lookat its extensive tutorial. Here, we want to highlight only a few. Let us start with:% 
armel -OQWk 5 foo.0000this is a small house 15



this is a little houseit is a small housethis is a small houseit is a small houseThese are the top 5 translations a

ording to the word latti
e. The swit
h -k spe
i�es the number oftranslations (here, 5). The other swit
hes suppress information. We 
an drop them to get more verboseoutput. For instan
e, we might be interested in the probability s
ores of ea
h translation:% 
armel -OQk 5 foo.0000this is a small house 2.74626e-13this is a little house 9.24851e-14it is a small house 6.74879e-14this is a small house 3.43281e-14it is a small house 3.37439e-14Dropping the next swit
h gives us some insight into what phrase translations were used:% 
armel -Ok 5 foo.0000"this is" "a" "small" "house" 2.74626e-13"this is" "a" "little" "house" 9.24851e-14"it is" "a" "small" "house" 6.74879e-14"this" "is" "a" "small" "house" 3.43281e-14"it" "is" "a" "small" "house" 3.37439e-14Without any additional swit
hes, we get the state transitions used in ea
h translation (we just do thisfor the �rst two here):% 
armel -k 2 foo.0000("this is" : "this is" / 0.014086 -> 12) ("a" : "a" / 0.188447 -> 106)("small" : "small" / 0.000706353 -> 583) ("house" : "house" / 1.46468e-07-> 1162) 2.74626e-13("this is" : "this is" / 0.014086 -> 12) ("a" : "a" / 0.188447 -> 106)("little" : "little" / 0.000902867 -> 584) ("house" : "house" / 3.85897e-08-> 1162) 9.24851e-14�
 �	Parameters-l, -latti
e { 
reates word latti
e �les in a spe
i�ed lo
ation1.8 Building a Language ModelWe provided a language model with the de
oder pa
kage, whi
h is trained on the Europarl 
orpus1.However, the language model should be trained on a 
orpus that is suitable to the domain. If the1available at http://www.isi.edu/�koehn/europarl/ 16



translation model is trained on a parallel 
orpus, then the language model should be trained on the same
orpus.Our de
oder works with the SRI language modeling toolkit [Stolke, 2002℄, whi
h is freely available athttp://www.spee
h.sri.
om/proje
ts/srilm/The release 
omes with a program that 
reates a language model �le, as required by our de
oder.A language model 
an be 
reated by 
alling:% ngram-
ount -text test-file -lm language-model-fileThere are a variety of swit
hes that 
an be used. The ones that were used to 
reate the Europarllanguage model were:-interpolate -kndis
ount1 -kndis
ount2 -kndis
ount31.9 EvaluationEvaluation the quality of ma
hine translation is not as easy as it seems. We 
an not simply 
he
k if theoutput the the system mat
hes exa
tly a referen
e translation provided by a human translation, sin
ethere is too mu
h variation possible. There are many a

eptable ways to translate a senten
e.Here are some evaluation metri
s that have been re
ently used for statisti
al ma
hine translation:� Human judgement is the best way to evaluate ma
hine translation performan
e. Human judgesmay be asked, if the output senten
e is 
orre
t overall, is synta
ti
ally well-formed, or 
arries thesame meaning as the original, et
. These 
an be either hard yes/no de
isions or graded an a s
ale.Two human judges will disagree on some senten
es, no matter what the question is, but espe
iallywhen assigning �ne grain grades. A bigger problem with this type of evaluation is, however, thatit is very labor intensive. Judging thousands of senten
es (a typi
al test 
orpus size) implies manyhours of work.� Word error rate is a metri
 that is 
ommonly used in spee
h re
ognition. The system outputis 
ompared with a referen
e translation, and the number of 
orre
t words is 
ounted. The wordshave to be either in the same sequen
e as in the referen
e translation, or may be reordered (then
alled position independent word error rate).� BLEU is 
urrently the most 
ommonly used metri
 in statisti
al ma
hine translation [Papineniet al., 2001℄. It is similar to word error rate in that it 
ompares the system output against areferen
e translation. However, it 
ompares not only single words, but also word bigrams, trigrams,and so on. Most 
ommonly, n-grams of size up to four are used, but the better the system output thelonger n-grams tra
k human judgement. Comparison may be against a single or multiple referen
etranslations.It is not really hard to implement the BLEU metri
. A free toolkit for it (and also the related NISTmetri
) 
an be obtained from the following web site:17



http://www.nist.gov/spee
h/tests/mt/resour
es/s
oring.htmThere is some 
ontroversy in the ma
hine translation 
ommunity regarding automati
 s
oring methods.Resear
hers use it as an aid, but are aware that ultimately quality judgements have to 
ome from humanjudges.1.10 Advan
ed FeaturesWe 
on
lude this manual with some additional features of the de
oder, whi
h allow for some moresophisti
ated uses.1.10.1 Multiple Language ModelsThe de
oder may use more than language model. Usually the language model is trained on one side theparallel 
orpus. But we may also have a se
ond language model that is trained on a larger amount ofmonolingual text.When using mulitple language models, ea
h of them has to be assigned a weight. Here an example,where a se
ond language model �le is used, with a lower weight:% bin/pharaoh -f model/pharaoh.ini <in >out n-lmodel-file lm/europarl.srilm /somewhere/other.srilm n-weight-l 0.7 0.41.10.2 Multiple Translation TablesNot only multiple language models, but also multiple translation tables 
an be used. These have to bestored in the same �le, however.The motivation behind this 
omes from the reframing of the alignment template approa
h as a phrasetranslation method: For ea
h phrase translation, two s
ores are fa
tored in. Besides a maximum likelihoodphrase translation s
ore, also a word translation s
ore, that measures how well the words in the phrasemat
h up. See the dis
ussion by Koehn et al. [2003℄ for more detail on this.The translation probabilities have to be provided next to ea
h other in the phrase translation table:this is ||| das ist ||| 0.3 0.232As before, multiple weights have to be given to the de
oder:% bin/pharaoh -f model/pharaoh.ini <in >out -weight-t 1 0.251.10.3 Res
oringThis feature was developed to get the s
ores from the di�erent model 
omponents. This is ne

essary todo optimize the model weight parameters using methods su
h as maximum entropy or minimum errorrate training [O
h and Ney, 2002; O
h, 2003℄. 18



Sin
e this is done in 
onjun
tion with n-best list generation, the input format is related. Re
all thatwe generated a word latti
e �le for a single input senten
e. We now also have to 
reate a res
oring �lefor ea
h input senten
e.Re
all the example from Se
tion 1.7 on page 14, where we 
reated a 5-best list of translations:% 
armel -OQWk 5 foo.0000this is a small housethis is a little houseit is a small housethis is a small houseit is a small houseThe full details for the �rst two translations are:% 
armel -k 2 foo.0000("this is" : "this is" / 0.014086 -> 12) ("a" : "a" / 0.188447 -> 106)("small" : "small" / 0.000706353 -> 583) ("house" : "house" / 1.46468e-07-> 1162) 2.74626e-13("this is" : "this is" / 0.014086 -> 12) ("a" : "a" / 0.188447 -> 106)("little" : "little" / 0.000902867 -> 584) ("house" : "house" / 3.85897e-08-> 1162) 9.24851e-14This information has to augmented with reordering information and reformulated into:E this is F das ist D 0 P 0.014086 E a F ein D 0 P 0.188447 E small F kleinesn D 0 P 0.000706353 E house F haus D 0 P 1.46468e-07 T 2.74626e-13E this is F das ist D 0 P 0.014086 E a F ein D 0 P 0.188447 E little F kleinesn D 0 P 0.000902867 E house F haus D 0 P 3.85897e-08 T 9.24851e-14The format of this �le is as follows: Ea
h translation is listed in a separate line. Ea
h line 
onsistsof the phrase translations that make up the translation and the �nal total s
ore (e.g., T 2.74626e-13).For ea
h phrase translation four things have to be spe
i�ed: the target translation (e.g., E this is), thesour
e (e.g., F das ist), the distortion (e.g., D 0), and the probability for this step (e.g., P 0.014086).The probability spe
i�
ations (T, P) may be �lled by dummy values, sin
e they are only used for debuggingpurposes.With this �le, we 
an 
all the de
oder:% bin/pharaoh -f model/pharaoh.ini -res
ore foo.best2.0000The output is s
ored in the �le foo.best2.0000.res
ore:pD: 0, pLM[0℄: -27.0908, pTM: -1.83258, pWP: -5, reported s
ore: 2.74626e-13pD: 0, pLM[0℄: -28.1791, pTM: -1.83258, pWP: -5, reported s
ore: 9.24851e-1419



The �le lists the s
ores for the di�erent 
omponents: distortion (pD), language model (pLM[0℄),translation model (pTM) and word penalty (pWP). These s
ores are unweighted, meaning that the weightparamaters have not been fa
tored in.To 
he
k, that the s
ores are 
orre
t, we 
an 
ompute:exp(0)1 � exp(�27:0908)1 � exp(�1:83258)1 � exp(�5)0 = 2:746e� 13 (2)If we want to res
ore multiple �les, there is a 
onvenient option for that as well. The �le stem has tobe provided as well as the number of �les, whi
h is quote similar to the word latti
e 
reation. Here is the
ommand that res
ores one �le with the �le stem foo.best2, e�e
tively doing the same as before:% bin/pharaoh -f model/pharaoh.ini -res
oredir foo.best2 1�
 �	Parameters-r, -res
ore { res
ore a given translation with the model 
omponents-rd, -res
oredir { res
ore multiple �les

20



2 Phrase-Based Statisti
al Ma
hine TranslationStatisti
al Ma
hine Translation as a resear
h area started in the late 1980s with the Candide proje
tat IBM [Brown et al., 1990℄. IBM's original approa
h maps individual words to words and allows fordeletion and insertion of words.Lately, various resear
hers have shown better translation quality with the use of phrase translation.Phrase-based MT 
an be tra
ed ba
k to O
h [1998℄'s alignment template model, whi
h 
an be re-framedas a phrase translation system. Other resear
hers used augmented their systems with phrase translation,su
h as Yamada and Knight [2001℄, who use phrase translation in a syntax-based.Mar
u and Wong [2002℄ introdu
ed a joint-probability model for phrase translation. At this point,most 
ompetitive statisti
al ma
hine translation systems use phrase translation, su
h as the CMU [Vogelet al., 2003℄ and IBM [Tillmann, 2003℄ systems. Phrase-based systems 
ame out ahead at a re
entinternational ma
hine translation 
ompetition (DARPA TIDES Ma
hine Translation Evaluation 2003 onChinese-English and Arabi
-English).Of 
ourse, there are other ways to do ma
hine translation. Most 
ommer
ial systems use transferrules and a ri
h translation lexi
on. Until re
ently, ma
hine translation resear
h has been fo
used onknowledge based systems that use a interlingua representation as an intermediate step between inputand output.There are also other ways to do statisti
al ma
hine translation. There is some e�ort in building syntax-based models that either use real syntax trees generated by synta
ti
 parsers [Yamada and Knight, 2001;Koehn and Knight, 2002; S
hafer and Yarowski, 2003℄, or tree transfer methods motivated by synta
ti
reordering patterns [Wu, 1997; Alshawi et al., 2000℄.The phrase-based statisti
al ma
hine translation model we present here was de�ned by Koehn et al.[2003℄. See also the des
ription by Zens et al. [2002℄. The alternative phrase-based methods di�er in theway the phrase translation table is 
reated, whi
h we disuss in detail below.2.1 ModelFigure 2 on the following page illustrates the pro
ess of phrase-based translation. The input is segmentedinto a number of sequen
es of 
onse
utive words (so-
alled \phrases"). Ea
h phrase is translated into anEnglish phrase, and English phrases in the output may be reordered.In this se
tion, we will de�ne the phrase-based ma
hine translation model formally. The phrasetranslation model is based on the noisy 
hannel model. We use Bayes rule to reformulate the translationprobability for translating a foreign senten
e f into English e asargmaxep(ejf) = argmaxep(f je)p(e)This allows for a language model p(e) and a separate translation model p(f je).During de
oding, the foreign input senten
e f is segmented into a sequen
e of I phrases �f I1 . Weassume a uniform probability distribution over all possible segmentations.Ea
h foreign phrase �fi in �f I1 is translated into an English phrase �ei. The English phrases may bereordered. Phrase translation is modeled by a probability distribution �( �fij�ei). Re
all that due to theBayes rule, the translation dire
tion is inverted from a modeling standpoint.21



Morgen  fliege  ich   nach Kanada  zur Konferenz

Tomorrow  I  will fly   to the conference  in CanadaFigure 2: Phrase-based ma
hine translation: input is segmented in phrases, ea
h is translated and maybe reordered.Reordering of the English output phrases is modeled by a relative distortion probability distributiond(ai � bi�1), where ai denotes the start position of the foreign phrase that was translated into the ithEnglish phrase, and bi�1 denotes the end position of the foreign phrase that was translated into the(i� 1)th English phrase.We use a simple distortion model d(ai � bi�1) = �jai�bi�1�1j with an appropriate value for theparameter �.In order to 
alibrate the output length, we introdu
e a fa
tor ! (
alled word 
ost) for ea
h generatedEnglish word in addition to the trigram language model pLM. This is a simple means to optimizeperforman
e. Usually, this fa
tor is larger than 1, biasing toward longer output.In summary, the best English output senten
e ebest given a foreign input senten
e f a

ording to ourmodel is ebest = argmaxep(ejf)= argmaxep(f je)pLM(e)!length(e)where p(f je) is de
omposed into p( �f I1 j�eI1) = IYi=1�( �fij�ei)d(ai � bi�1)2.2 Word AlignmentWhen des
ribing the phrase-based translation model so far, we did not dis
uss how to obtain the modelparameters, espe
ially the phrase probability translation table that maps foreign phrases to Englishphrases.Most re
ently published methods on extra
ting a phrase translation table from a parallel 
orpus startwith a word alignment. Word alignment is an a
tive resear
h topi
. For instan
e, this problem was thefo
us as a shared task at a re
ent data driven ma
hine translation workshop [Mihal
ea and Pedersen,2003℄. See also the systemati
 
omparison by O
h and Ney [2003℄.At this point, the most 
ommon tool to establish a word alignment is to use the toolkit Giza++2.This toolkit is an implementation of the original IBM Models that started statisti
al ma
hine translationresear
h. However, these models have some serious draw-ba
ks. Most importantly, they only allow at2available at http://www.isi.edu/�o
h/GIZA++.html 22
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Figure 3: Interse
tion of two alignments produ
ed by the Giza++ toolkit, a 
ommon strategy to obtainhigh-pre
ision word alignmentsmost one English word to be aligned with ea
h foreign word. To resolve this, some transformations areapplied.First, the parallel 
orpus is aligned bidire
tionally, e.g., Spanish to English and English to Spanish.This generates two word alignments that have to be re
on
iled. If we interse
t the two alignments, we geta high-pre
ision alignment of high-
on�den
e alignment points. If we take the union of the two alignments,we get a high-re
all alignment with additional alignment points. See Figure 3 for an illustration.Resear
hers di�er in their methods where to go from here. We des
ribe the details below.2.3 Methods for Learning Phrase TranslationsMost of the re
ently proposed methods use a word alignment to learn a phrase translation table. Wedis
uss three su
h methods in this se
tion [O
h, 2002; Venugopal et al., 2003; Tillmann, 2003℄, and oneex
eption.2.3.1 Mar
u and WongFirst, the ex
eption: Mar
u and Wong [2002℄ proposed to establish phrase 
orresponden
es dire
tly in aparallel 
orpus. To learn su
h 
orresponden
es, they introdu
ed a phrase-based joint probability modelthat simultaneously generates both the sour
e and target senten
es in a parallel 
orpus.Expe
tation Maximization learning in Mar
u and Wong's framework yields both (i) a joint probabilitydistribution �(�e; �f), whi
h re
e
ts the probability that phrases �e and �f are translation equivalents; (ii)and a joint distribution d(i; j), whi
h re
e
ts the probability that a phrase at position i is translated into23
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Figure 4: Illustration of the re�nement heuristi
s by O
h and Ney [2003℄: Points from the interse
tion(bla
k) are expanded (arrows) into points of the union (grey).a phrase at position j.To use this model in the 
ontext of our framework, we simply marginalize the joint probabilitiesestimated by Mar
u and Wong [2002℄ to 
onditional probabilities. Note that this approa
h is 
onsistentwith the approa
h taken by Mar
u and Wong themselves, who use 
onditional models during de
oding.2.3.2 O
h et al.O
h and Ney [2003℄ propose a heuristi
 approa
h to re�ne the alignments obtained from Giza++. At aminimum, all alignment points of the interse
tion of the two alignments are maintained. At a maximum,the points of the union of the two alignments are 
onsidered. To illustrate this, see Figure 4. Theinterse
tion points are bla
k, the additional points in the union are shaded grey.O
h and Ney explore the spa
e between interse
tion and union with expansion heuristi
s that startwith the interse
tion and add additional alignment points. The de
ision whi
h points to add may dependon a number of 
riteria:� In whi
h alignment does the potential alignment point exist? Foreign-English or English-foreign?� Does the potential point neighbor already established points?� Does \neighboring" mean dire
tly adja
ent (blo
k-distan
e), or also diagonally adja
ent?� Is the English or the foreign word that the potential point 
onne
ts unaligned so far? Are bothunaligned?� What is the lexi
al probability for the potential point?O
h and Ney [2003℄ are ambigous in their des
ription about whi
h alignment points are added in theirre�ned method. We reimplemented their method re
ently [Koehn et al., 2003℄, so we will des
ribe thisinterpretation here.Our heuristi
 pro
eeds as follows: We start with interse
tion of the two word alignments. We onlyadd new alignment points that exist in the union of two word alignments. We also always require that anew alignment point 
onne
ts at least one previously unaligned word.24



Maria no daba una
bofetada

a la
bruja

verde

Mary

witch

green

the

slap

not

did

(Maria, Mary), (no, did not), (slap, daba una bofetada), (a la, the), (bruja, wit
h),(verde, green), (Maria no, Mary did not), (no daba una bofetada, did not slap),(daba una bofetada a la, slap the), (bruja verde, green wit
h),(Maria no daba una bofetada, Mary did not slap),(no daba una bofetada a la, did not slap the), (a la bruja verde, the green wit
h)(Maria no daba una bofetada a la, Mary did not slap the),(daba una bofetada a la bruja verde, slap the green wit
h),(no daba una bofetada a la bruja verde, did not slap the green wit
h),(Maria no daba una bofetada a la bruja verde, Mary did not slap the green wit
h)Figure 5: Learning all phrase pairs that are 
onsistent with the word alignmentFirst, we expand to only dire
tly adja
ent alignment points. We 
he
k for potential points startingfrom the top right 
orner of the alignment matrix, 
he
king for alignment points for the �rst Englishword, then 
ontinue with alignment points for the se
ond English word, and so on.This is done iteratively until no alignment point 
an be added anymore. In a �nal step, we addnon-adja
ent alignment points, with otherwise the same requirements.We 
olle
t all aligned phrase pairs that are 
onsistent with the word alignment: The words in a legalphrase pair are only aligned to ea
h other, and not to words outside. The set of bilingual phrases BP
an be de�ned formally [Zens et al., 2002℄ as:BP(fJ1 ; eJ1 ; A) = f(f j+mj ; ei+ni ) : 8(i0; j0) 2 A : j � j0 � j +m$ i � i0 � i+ ng (3)Figure 5 displays all the phrase pairs that are 
olle
ted a

ording to this de�nition for the alignmentfrom our running example.Given the 
olle
ted phrase pairs, we estimate the phrase translation probability distribution by relativefrequen
y: �( �f j�e) = 
ount( �f; �e)P �f 
ount( �f; �e)No smoothing is performed, although lexi
al weighting addresses the problem of sparse data. Formore details, see our paper on phrase-based translation [Koehn et al., 2003℄.25



2.3.3 TillmannTillmann [2003℄ proposes a variation of this method. He starts with phrase alignments based on theinterse
tion of the two Giza alignments and uses points of the union to expand these. See his presentationfor details.2.3.4 Venugopal, Zhang, and VogelVenugopal et al. [2003℄ allows also for the 
olle
tion of phrase pairs that are violated by the word align-ment. They introdu
e a number of s
oring methods take 
onsisten
y with the word alignment, lexi
altranslation probabilities, phrase length, et
. into a

ount.Zhang et al. [2003℄ proposes a phrase alignment method that is based on word alignments and triesto �nd a unique segmentation of the senten
e pair, as it is done by Mar
u and Wong [2002℄ dire
tly.This enables them to estimate joint probability distributions, whi
h 
an be marginalized into 
onditionalprobability distributions.Vogel et al. [2003℄ reviews these two methods and shows that the 
ombining phrase tables generatedby di�erent methods improves results.
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3 De
oderThis se
tion des
ribes the de
oder Pharaoh from a more theoreti
al perspe
tive. The de
oder was origi-nally developed for the phrase model proposed by Mar
u and Wong [2002℄. At that time, only a greedyhill-
limbing de
oder was available, whi
h was unsuÆ
ent for our work on noun phrase translation [Koehn,2003℄.The de
oder implements a beam sear
h and is roughly similar to work by Tillmann [2001℄ and O
h[2002℄. In fa
t, by reframing O
h's alignment template model as a phrase translation model, the de
oderis also suitable for his model, as well as other re
ently proposed phrase models [Venugopal et al., 2003;Tillmann, 2003℄.We start this se
tion with de�ning the 
on
ept of translation options, des
ribe the basi
 me
hanismof beam sear
h, and its ne

essary 
omponents: pruning, future 
ost estimates. We 
on
lude withba
kground on n-best list generation and the XML implementation.3.1 Translation OptionsGiven an input string of words, a number of phrase translations 
ould be applied. We 
all ea
h su
happli
able phrase translation a translation option. This is illustrated in Figure 6, where a number ofphrase translations for the Spanish input senten
e Maria no daba uma bofetada a la bruja verde aregiven.These translation options are 
olle
ted before any de
oding takes pla
e. This allows a qui
ker lookupthan 
onsulting the whole phrase translation table during de
oding. The translation options are storedwith the information� �rst foreign word 
overed� last foreign word 
overed� English phrase translation� phrase translation probabilityNote that only the translation options that 
an be applied to a given input text are ne
essary forde
oding. Sin
e the entire phrase translation table may be to big to �t into memory, we 
an restri
tourselves to these translation options to over
ome su
h 
omputational 
on
erns. We may even generate
bofetadaunadaba a la verdebrujanoMaria

Mary not give a slap to the witch green

to theno slap

did not by green witcha slap

todid not give

the

slap the witchFigure 6: Some translation options for the Spanish input senten
e Maria no daba una bofetada a la brujaverde 27



e: Mary
f: *--------
p: .534

e: witch
f: -------*-
p: .182

e: 
f: ----------
p: 1

e: Mary did not
f: **-------
p: .122

e: Mary slap
f: *-***----
p: .043

Figure 7: State expansion in the beam de
oder: in ea
h expansion English words are generated, additionalforeign words are 
overed (marked by *), and the probability 
ost so far is adjusted. In this example theinput senten
e is Maria no daba una bofetada a la bruja verde.a phrase translation table on demand that only in
ludes valid translation options for a given input text.This way, a full phrase translation table (that may be 
omputationally too expensive to produ
e) maynever have to be built.3.2 Core AlgorithmThe phrase-based de
oder we developed employs a beam sear
h algorithm, similar to the one used by[Jelinek, 1998, Chapter 5℄ for spee
h re
ognition. The English output senten
e is generated left to rightin form of hypotheses.This pro
ess illustrated in Figure 7. Starting from the initial hypothesis, the �rst expansion is theforeign word Maria, whi
h is translated as Mary. The foreign word is marked as translated (marked byan asterisk). We may also expand the initial hypothesis by translating the foreign word bruja as wit
h.We 
an generate new hypotheses from these expanded hypotheses. Given the �rst expanded hypothesiswe generate a new hypothesis by translating no with did not. Now the �rst two foreign words Mariaand no are marked as being 
overed. Following the ba
k pointers of the hypotheses we 
an read of the(partial) translations of the senten
e.Let us now des
ribe the beam sear
h more formally. We begin the sear
h in an initial state whereno foreign input words are translated and no English output words have been generated. New states are
reated by extending the English output with a phrasal translation of that 
overs some of the foreigninput words not yet translated.The 
urrent 
ost of the new state is the 
ost of the original state multiplied with the translation,distortion and language model 
osts of the added phrasal translation. Note that we use the informal
on
ept 
ost analogous to probability: A high 
ost is a low probability.Ea
h sear
h state (hypothesis) is represented by� a ba
k link to the best previous state (needed for �nd the best translation of the senten
e by28



ba
k-tra
king through the sear
h states)� the foreign words 
overed so far� the last two English words generated (needed for 
omputing future language model 
osts)� the end of the last foreign phrase 
overed (needed for 
omputing future distortion 
osts)� the last added English phrase (needed for reading the translation from a path of hypotheses)� the 
ost so far� an estimate of the future 
ost (is pre
omputed and stored for eÆ
ien
y reasons, as detailed inSe
tion 3.5)Final states in the sear
h are hypotheses that 
over all foreign words. Among these the hypothesiswith the lowest 
ost (highest probability) is sele
ted as best translation.The algorithm des
ribed so far 
an be used for exhaustively sear
hing through all possible translations.In the next se
tions we will des
ribe how to optimize the sear
h by dis
arding hypotheses that 
annot bepart of the path to the best translation. We then introdu
e the 
on
ept of 
omparable states that allowus to de�ne a beam of good hypotheses and prune out hypotheses that fall out of this beam. In a laterse
tion (Se
tion 3.6), we will des
ribe how to generate an (approximate) n-best list.3.3 Re
ombining HypothesesRe
ombining hypothesis is a risk-free way to redu
e the sear
h spa
e. Two hypotheses 
an be re
ombinedif they agree in� the foreign words 
overed so far� the last two English words generated� the end of the last foreign phrase 
overedIf there are two paths that lead to two hypotheses that agree in these properties, we keep only the
heaper hypothesis, e.g., the one with the least 
ost so far. The other hypothesis 
annot be part of thepath to the best translation, and we 
an safely dis
ard it.Note that the inferior hypothesis 
an be part of the path to the se
ond best translation. This isimportant for generating n-best lists. We return to this point in Se
tion 3.6.3.4 Beam Sear
hWhile the re
ombination of hypotheses as des
ribed above redu
es the size of the sear
h spa
e, this is notenough for all but the shortest senten
es. Let us estimate how many hypotheses (or, states) are generatedduring an exhaustive sear
h. Considering the possible values for the properties of unique hypotheses, we
an estimate an upper bound for the number of states byN ' 2nf jVej2nf (4)29



where nf is the number of foreign words, and jVej the size of the English vo
abulary. In pra
ti
e, thenumber of possible English words for the last two words generated is mu
h smaller than jVej2. The main
on
ern is the exponential explosion from the 2nf possible 
on�gurations of foreign words 
overed by ahypothesis. Note this 
auses the problem of ma
hine translation to be
ome NP-
omplete [Knight, 1999℄and thus dramati
ally harder than, for instan
e, spee
h re
ognition.In our beam sear
h we 
ompare the hypotheses that 
over the same number of foreign words andprune out the inferior hypotheses. We 
ould base the judgment of what inferior hypotheses are on the
ost of ea
h hypothesis so far. However, this is generally a very bad 
riterion, sin
e it biases the sear
hto �rst translating the easy part of the senten
e. For instan
e, if there is a three word foreign phrasethat easily translates into a 
ommon English phrase, this may 
arry mu
h less 
ost than translating threewords separately into un
ommon English words. The sear
h will prefer to start the senten
e with theeasy part and dis
ount alternatives too early.So, our measure for pruning out hypotheses in our beam sear
h does not only in
lude the 
ost so far,but also an estimate of the future 
ost. This future 
ost estimation should favor hypotheses that already
overed diÆ
ult parts of the senten
e and have only easy parts left, and dis
ount hypotheses that 
overedthe easy parts �rst. We des
ribe the details of our future 
ost estimation in the next se
tion.Given the 
ost so far and the future 
ost estimation, we 
an prune out hypotheses that fall outside thebeam. The beam size 
an be de�ned by threshold and histogram pruning. A relative threshold 
uts outa hypothesis with a probability less than a fa
tor � of the best hypotheses (e.g., � = 0.001). Histogrampruning keeps a 
ertain number n of hypotheses (e.g., n = 1000).Note that this type of pruning is not risk-free (opposed to the re
ombination, whi
h we des
ribedearlier in Se
tion 3.3). If the future 
ost estimates are inadequate, we may prune out hypotheses on thepath to the best s
oring translation. In a parti
ular version of beam sear
h, A* sear
h, the future 
ostestimate is required to be admissible, whi
h means that it never overestimates the future 
ost. Usingbest-�rst sear
h and an admissible heuristi
 allows pruning that is risk-free. In pra
ti
e, however, thistype of pruning does not suÆ
iently redu
e the sear
h spa
e. See more on sear
h in any good Arti�
ialIntelligen
e text book, su
h as the one by Russel and Norvig [1995℄.Figure 8 des
ribes the algorithm we used for our beam sear
h. For ea
h number of foreign words
overed, a hypothesis sta
k in 
reated. The initial hypothesis is pla
ed in the sta
k for hypotheses withno foreign words 
overed. Starting with this hypothesis, new hypotheses are generated by 
ommitting tophrasal translations that 
overed previously unused foreign words. Ea
h derived hypothesis is pla
ed ina sta
k based on the number of foreign words it 
overs.We pro
eed through these hypothesis sta
ks, going through ea
h hypothesis in the sta
k, derivingnew hypotheses for this hypothesis and pla
ing them into the appropriate sta
k (see Figure 9 for anillustration). After a new hypothesis is pla
ed into a sta
k, the sta
k may have to be pruned by thresholdor histogram pruning, if it has be
ome too large. In the end, the best hypothesis of the ones that 
overall foreign words is the �nal state of the best translation. We 
an read o� the English words of thetranslation by following the ba
k links in ea
h hypothesis.
30



initialize hypothesisSta
k[0 .. nf℄;
reate initial hypothesis hyp_init;add to sta
k hypothesisSta
k[0℄;for i=0 to nf-1:for ea
h hyp in hypothesisSta
k[i℄:for ea
h new_hyp that 
an be derived from hyp:nf[new_hyp℄ = number of foreign words 
overed by new_hyp;add new_hyp to hypothesisSta
k[nf[new_hyp℄℄;prune hypothesisSta
k[nf[new_hyp℄℄;find best hypothesis best_hyp in hypothesisSta
k[nf℄;output best path that leads to best_hyp;Figure 8: Pseudo 
ode for the beam sear
h algorithm

1 2 3 4 5 6Figure 9: Hypothesis expansion: Hypotheses are pla
ed in sta
ks a

ording to the number of foreignwords translated so far. If a hypothesis is expanded into new hypotheses, these are pla
ed in new sta
ks.
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c01 c12 c23 c34 c45

c02 c35

Maria no daba una bofetada

0.0052 0.1255 0.0323 0.2127 0.0075

0.0003 0.0012

0.0003

c25

0 1 2 3 4 5

Figure 10: Finding the best future 
ost path through translation options. The 
heapest 
ost is 
01
12
25 =0:0052�0:1255�0:0003= 1:9578�10�7, hen
e it is the estimate of the 
ost of translating the �ve wordsMaria no daba una bofetada.3.5 Future Cost EstimationRe
all that for ex
luding hypotheses from the beam we do not only have to 
onsider the 
ost so far, butalso an estimate of the future 
ost. While it is possible to 
al
ulate the 
heapest possible future 
ostfor ea
h hypothesis, this is 
omputationally so expensive that it would defeat the purpose of the beamsear
h.The future 
ost is tied to the foreign words that are not yet translated. In the framework of thephrase-based model, not only may single words be translated individually, but also 
onse
utive sequen
esof words as a phrase.Ea
h su
h translation operation 
arries a translation 
ost, language model 
osts, and a distortion 
ost.For our future 
ost estimate we 
onsider only translation and language model 
osts. The language model
ost is usually 
al
ulated by a trigram language model. However, we do not know the pre
eding Englishwords for a translation operation. Therefore, we approximate this 
ost by 
omputing the language models
ore for the generated English words alone. That means, if only one English word is generated, we takeits unigram probability. If two words are generated, we take the unigram probability of the �rst wordand the bigram probability of the se
ond word, and so on.For a sequen
e of foreign words multiple overlapping translation options exist. We just des
ribed howwe 
al
ulate the 
ost for ea
h translation option. The 
heapest way to translate the sequen
e of foreignwords in
ludes the 
heapest translation options. We approximate the 
ost for a path through translationoptions by the produ
t of the 
ost for ea
h option.To illustrate this 
on
ept, refer to Figure 10. The translation options 
over di�erent 
onse
utiveforeign words and 
arry an estimated 
ost 
ij . The 
ost of the shaded path through the sequen
e oftranslation options is 
01
12
25 = 1:9578� 10�7.The 
heapest path for a sequen
e of foreign words 
an be qui
kly 
omputed with dynami
 program-ming. Also note that if the foreign words not 
overed so far are two (or more) dis
onne
ted sequen
esof foreign words, the 
ombined 
ost is simply the produ
t of the 
osts for ea
h 
ontiguous sequen
e.Sin
e there are only n(n + 1)=2 
ontiguous sequen
es for n words, the future 
ost estimates for thesesequen
es 
an be easily pre
omputed and 
a
hed for ea
h input senten
e. Looking up the future 
ostsfor a hypothesis 
an then be done very qui
kly by table lookup. This has 
onsiderable speed advantagesover 
omputing future 
ost on the 
y. 32



3.6 N-Best Lists GenerationUsually, we expe
t the de
oder to give us the best translation for a given input a

ording to the model. Butfor some appli
ations, we might also be interested in the se
ond best translation, third best translation,and so on.A 
ommon method in spee
h re
ognition, that has also emerged in ma
hine translation [Koehn andKnight, 2003; O
h et al., 2003℄ is to �rst use a ma
hine translation system su
h as our de
oder as a basemodel to generate a set of 
andidate translations for ea
h input senten
e. Then, additional features areused to res
ore these translations.An n-best list is one way to represent multiple 
andidate translations. Su
h a set of possible trans-lations 
an also be represented by word graphs [UeÆng et al., 2002℄ or forest stru
tures over parse trees[Langkilde, 2000℄. These alternative data stru
tures allow for more 
ompa
t representation of a mu
hlarger set of 
andidates. However, it is mu
h harder to dete
t and s
ore global properties over su
h datastru
tures.3.6.1 Additional Ar
s in the Sear
h GraphRe
all the pro
ess of state expansions, illustrated in Figure 7. The generated hypotheses and the ex-pansions that link them form a graph. Paths bran
h out when there are multiple translation optionsfor a hypothesis from whi
h multiple new hypotheses 
an be derived. Paths join when hypotheses arere
ombined.Usually, when we re
ombine hypotheses, as des
ribed in Se
tion 3.3, we simply dis
ard the worsehypothesis, sin
e it 
annot possibly be part of the best path through the sear
h graph (in other words,part of the best translation).But sin
e we are now also interested in the se
ond best translation, we 
annot simply dis
ard infor-mation about that hypothesis. If we would do this, the sear
h graph would only 
ontain one path forea
h hypothesis in the last hypothesis sta
k (whi
h 
ontains hypotheses that 
over all foreign words).If we store information that there are multiple ways to rea
h a hypothesis, the number of possiblepaths also multiplies along the path when we traverse ba
kward through the graph.In order to keep the information about merging paths, we keep a re
ord of su
h merges that 
ontains� identi�er of the previous hypothesis� identi�er of the lower-
ost hypothesis� 
ost from the previous to higher-
ost hypothesisFigure 11 gives an example for the generation of su
h an ar
: in this 
ase, the hypotheses 2 and4 are equivalent in respe
t to the heuristi
 sear
h, as detailed in Se
tion 3.3. Hen
e, hypothesis 4 isdeleted. But sin
e we want keep the information about the path leading from hypothesis 3 to 2, we storea re
ord of this ar
. The ar
 also 
ontains the 
ost added from hypothesis 3 to 4. Note that the 
ost fromhypothesis 1 to hypothesis 2 does not have to be stored, sin
e it 
an be re
omputed from the hypothesisdata stru
tures. 33



1 2

3 4

arc

Figure 11: Keeping a re
ord of an ar
 for n-best list generation: if hypothesis 2 and 4 are equivalent withrespe
t to the heuristi
 sear
h, hypothesis 4 is deleted (hypothesis re
ombination), but a re
ord of thear
(3, 2, 
ost4 � 
ost3) is kept.3.6.2 Mining the Sear
h Graph for an n-Best ListThe graph of the hypothesis spa
e 
an be also be viewed as a probabilisti
 �nite state automaton. Thehypotheses are states, and the re
ords of ba
k-links and the additionally stored ar
s are state transitions.The added probability s
ores when expanding a hypothesis are the 
osts of the state transitions.Finding the n-best path in su
h a probabilisti
 �nite state automaton is a well-studied problem. Inour implementation, we store the information about hypotheses, hypothesis transitions, and additionalar
s in a �le that 
an be pro
essed by the �nite state toolkit Carmel3, whi
h we use to mine the n-bestlists. This toolkit uses the n shortest paths algorithm by Eppstein [1994℄.Our method is related to work by UeÆng et al. [2002℄ for generating n-best lists for IBM Model 4.3.7 XML-MarkupWhile statisti
al ma
hine translation methods 
ope well with many aspe
ts of translation of languages,there are a few spe
ial problems for whi
h better solutions exist. One example is the translation of namedentity, su
h as proper names, dates, quantities, and numbers.Consider the task of translating numbers, su
h as 17.55. In order for a statisti
al ma
hine translationsystem to be able to translate this number, it has to observed it in the training data. But even if it hasbeen seen a few times, it is possible that the translation table learned for this \word" is very noisy.Translating numbers is not a hard problem. It is therefore desirable to be able to tell the de
oder upfront how to translate su
h numbers.The translation of named entities, for whi
h other methods exist, was the motivation for the work byGermann [2003℄ to develop a XML markup s
heme that, among other things, allows the spe
i�
ation ofprede�ned translations in the input to a statisti
al ma
hine translation system.To 
ontinue our example of the number 17.55, this may take the following form:Er erzielte <NUMBER english='17.55'>17,55</NUMBER> Punkte .This modi�ed input passes to the de
oder not only the German words, but also that the third word,the number 17,55, should be translated as 17.55. The de
oder a

epts this translation and does not tryto �nd a translation on its own.3available at http://www.isi.edu/li
ensed-sw/
armel/34



The use of su
h prede�ned translations for named entities has been shown to improve the qualityof a statisti
al ma
hine translation system signi�
antly, espe
ially when only a small parallel 
orpus isavailable.We extended the XML s
heme for our work on noun phrase translation [Koehn, 2003℄. Here, weseparate out the noun phrases of a seten
e, translate them separately, and plug the translations ba
k intoa full senten
e translation system.We provide these translation using the same XML markup s
heme:Es ist <NPPP english='a small house'>ein kleines Haus</NPPP> .Here, the noun phrase ein kleines Haus was re
ognized in the input. It was passed to the NP/PPsubsystem, whi
h translated it as a small house. This translation is now spe
i�ed in the modi�ed input.This instru
ts the de
oder to use this as a translation for this part of the senten
e.3.7.1 Phrase-Based Translation with XML MarkupGermann [2003℄ developed an implementation of the XML markup s
heme for a greedy de
oder for aword-based statisti
al ma
hine translation model. We implemented and extended it for a beam sear
hde
oder for a phrase-based statisti
al ma
hine translation model.Marking a sequen
e of words and spe
ifying a translation for them �ts neatly into the framework ofphrase-based translation. In a way, for a given phrase in the senten
e, a translation is provided, whi
h isin essen
e a phrase translation with translation probability 1. Only for the other parts of the senten
e,translation options are generated from the phrase translation table.Sin
e the �rst step of the implementation of the beam sear
h de
oder is to 
olle
t all possible trans-lation options, only this step has to be altered to be sensitive to spe
i�
ations via XML markup. The
ore algorithm remains un
hanged.3.7.2 Passing Probability Distribution of TranslationsMaking the hard de
ision of spe
ifying the translation for parts of the senten
e has some draw-ba
ks.For instan
e, the number 1 may be translated as 1, one, a, and so on into English. So we may want toprovide a set of possible translations.Instead of passing one best translation 
hoi
e to the de
oder, we may want to pass along a probabilitydistribution over a set of possible translations. Given several 
hoi
es, the de
oder is aided by the languagemodel to sort out whi
h translation to use.We extend the XML markup s
heme by allowing the spe
i�
ation of multiple English translationoptions along with translation probabilities.To give an example:Es ist <NPPP english='a small house|a little house' prob='0.6|0.4'>ein kleines Haus</NPPP>Here, both a small house and a little house are passed along as possible translations, with the trans-lation probabilities 0.6 and 0.4, respe
tively.The s
ores that are passed along with the translations do not have to be probabilities in a stri
t sense,e.g., they do not have to add up to 1. They also do not in
lude language model probabilities, but onlythe fa
tor p(f je) for the marked part of the senten
e.35



As in the 
ase of passing on a single best translation, we treat the passed translations as translationoptions in the de
oder. Now, they also in
lude translation probability s
ore, whi
h 
orresponds to aphrase translation probability s
ore.The language model s
ores for all the words in the transfered translation and the phrase translations
hosen by the de
oder are fa
tored in. This way, the language model helps with the sele
tion of the besttranslation in the passed probability distribution, using the a
tual senten
e 
ontext in whi
h it is used.3.7.3 Multi-Path IntegrationBy spe
ifying a set of possible translations, we 
an deal with un
ertainty whi
h of the translations is theright one. But there is also the un
ertainty, when to use spe
i�ed translations at all. Maybe the originalmodel has a better way to deal with the targeted words.Re
ognizing that the hard de
ision of breaking out 
ertain words in the input senten
e and providingtranslations to them may be o

asionally harmful, we now want to relax this de
ision. We allow thede
oder to use the spe
i�ed translations, but also to bypass them and use its own translations.We 
all this multi-path integration, sin
e we allow two pathways when translating. The path may gothrough the spe
i�ed translations, or we use translation options from the regular translation model.Re
all that the spe
i�ed translations are in the same format as the regular translation options from thephrase translation table. This made the implementation of the XML markup s
heme so straight-forward.Passing on an n-best of translations to the de
oder is the same as looking up the phrase translation fora given phrase from the phrase translation table. In both 
ases, possible translations for a part of theinput senten
e with probabilities are provided to the de
oder.In other words: In multi-path translation, not only all the translation options from the phrase trans-lation table 
an be used for translation any part of the senten
e (in
luding marked up words), but alsothe spe
i�ed translations. It is left to the full senten
e translation system to pi
k whi
h translation optionto use.One may 
on
eive of many di�erent weighting s
hemes to balan
e regular phrase translation tableentries against spe
i�ed translations. The de
oder allows for s
aling the probabilities of the spe
i�edtranslations with a fa
tor.
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Appendix: All De
oder Parameters�




�

	

Parameters-f, -
onfig { spe
i�es the lo
ation of the 
on�guration �le-t, -tra
e { output is annotated with phrase translations used-v, -verbose { allows for more detailed output: default (1), summary statisti
s (2), fullprogress report (3)-tm, -weight-t { weight of the phrase translation table-lm, -weight-l { weight of the language model-d, -weight-d { weight of the distortion (reordering) model-w, -weight-w { weight of the word penalty-ttable-limit { number of phrase translations used for ea
h foreign phrase (default 20)-ttable-threshold { minimum probability for a phrase translation entry (default 0)-s, -sta
k { maximum size of the beam, i.e., the hypothesis sta
ks (default 100)-b, -beam-threshold { minimum value of a hypothesis relative to the best hypothesis ina sta
k (default 0.00001)-distortion-limit { maximum distan
e between two input phrases that are translated totwo neighboring output phrases (default 0, no limit)-bypass-marked { allow to bypass the translations spe
i�ed with the XML markup-weight-marked { weight the spe
i�ed translations (default 1) relative to model translations-l, -latti
e { 
reates word latti
e �les in a spe
i�ed lo
ation-r, -res
ore { res
ore a given translation with the model 
omponents-rd, -res
oredir { res
ore multiple �les
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