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Abstract

Attempts to estimate phrase translation
probablities for statistical machine transla-
tion using iteratively-trained models have
repeatedly failed to produce translations as
good as those obtained by estimating phrase
translation probablities from surface statis-
tics of bilingual word alignments as de-
scribed by Koehn, et al. (2003). We pro-
pose a new iteratively-trained phrase trans-
lation model that produces translations of
quality equal to or better than those pro-
duced by Koehn, et al.'s model. Moreover,
with the new model, translation quality de-

Wong (2002), was found by Koehn, et al. (2003),
to produce translations not quite as good as their
method. Recently, Birch et al. (2006) tried the
Marcu and Wong model constrained by a word
alignment and also found that Koehn, et al.'s model
worked better, with the advantage of the standard
model increasing as more features were added to the
overall translation model. DeNero et al. (2006) tried
a different generative phrase translation model anal-
ogous to IBM word-translation Model 3 (Brown et
al., 1993), and again found that the standard model
outperformed their generative model.

DeNero et al. (2006) attribute the inferiority of
their model and the Marcu and Wong model to a hid-
den segmentation variable, which enables the EM

grades much more slowly as pruning is tigh-

Wiy & algorithm to maximize the probability of the train-
tend to reduce translation time.

ing data without really improving the quality of the
model. We propose an iteratively-trained phrase
translation model that does not require different seg-

Estimates of conditional phrase translation probabientations to compete against one another, and we
ities provide a major source of translation knowl|-Show that this produces translations of quality equal
edge in phrase-based statistical machine translatiéh Or better than those produced by the standard
(SMT) systems. The most widely used method fomodel. We find, moreover, that with the new model,
estimating these probabilities is that of Koehn, effanslation quality degrades much more slowly as
al. (2003), in which phrase pairs are extracted frorR"uning is tightend to reduce translation time.
word-aligned bilingual sentence pairs, and their Decoding efficiency is usually considered only in
translation probabilities estimated heuristically fronthe design and implementation of decoding algo-
surface statistics of the extracted phrase pairs. Wihms, or the choice of model structures to support
will refer to this approach as “the standard model”. faster decoding algorithms. We are not aware of any
There have been several attempts to estimagétention previously having been paid to the effect of
phrase translation probabilities directly, using gerdifferent methods of parameter estimation on trans-
erative models trained iteratively on a parallel corlation efficiency for a given model structure.
pus using the Expectation Maximization (EM) algo- The time required for decoding is of great im-
rithm. The first of these models, that of Marcu angortance in the practical application of SMT tech-
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nology. One of the criticisms of SMT often made 4. For each selected phrasednand the corre-
by adherents of rule-based machine translation is sponding phrase position ity stochastically
that SMT is too slow for practical application. The choose a target phrase.

rapidly falling price of computer hardware has ame-

liorated this problem to a great extent, but the fact re- 5- Read off the target sentenéefrom the se-
mains that every factor of 2 improvement in transla- ~ quence of target phrases.

tion efficiency means a factor of 2 decrease in hard- , ) ]

ware cost for intensive applications of SMT, such DPeNero et al’s analysis of why their model per-
as a web-based translation service (“Translate thfg'Ms relatively poorly hinges on the fact that the

page”). SMT surely needs all the help in can get iﬁegmentation probabilities used in step 2 are, in
this regard. fact, not trained, but simply assumed to be uniform.

Given complete freedom to select whatever segmen-
2 Previous Approaches tation maximizes the likelihood of any given sen-

, o tence pair, EM tends to favor segmentations that
Koehn, et al.'s (2003) method of estimating phraseie|q source phrases with as few occurrences as pos-

translation probabilities is very simple. They stargjpie since more of the associated conditional prob-
with an automatically word-aligned corpus of bilin-gpjjity mass can be concentrated on the target phrase
gual sentence pairs, in which certain words argjignments that are possible in the sentence at hand.
linked, indicating that they are translations of eackn ;s EM tends to maximize the probability of the
other, or that they are parts of phrases that are tra’l?aining data by concentrating probability mass on
lations of each other. They extract every posSine rarest source phrases it can construct to cover
ble phrase pair (up to a given length limit) that (@}ne training data. The resulting probability estimates
contains at least one pair of linked words, and (Bhys have less generalizability to unseen data than

does not contain any words that have links to othef rohapility mass were concentrated on more fre-
words not included in the phrase pairIn other quently occurring source phrases.

words, word alignment links cannot cross phrase
pair boundaries. Phrase translation probabilities ag A Segmentation-Free Model
estimated simply by marginalizing the counts of

phrase instances: To avoid the problem identified by DeNero et al.,
we propose an iteratively-trained model that does
p(zly) = C(z,y) not assume a segmentatio_n of the training data into
Yo C(2!y) non-overlapping phrase pairs. We refer to our model

as “iteratively-trained” rather than “generative” be-

Th'z rkr;'?t'hod '? tl;sid to estm;]ate the Fond't'onat!ause we have not proved any of the mathematical
probabilities of both target phrases give SourCﬁroperties usually associated with generative mod-
phrases and source phrases given target phrases.els; e.g., that the training procedure maximizes the

In contrqst to the standard quel, DeNe_r_o_, et af'rkelihood of the training data. We will motivate
(2005) estimate phrgse translapon probabilities a%he model, however, with a generative story as to
cording to the following generative model: how phrase alignments are produced, given a pair of
source and target sentences. Our model extends to
phrase alignment the concept of a sentence pair gen-
2. Stochastically segmentinto some number of erating a word alignment developed by Cherry and

phrases. Lin (2003).

_ _ Our model is defined in terms of two stochastic
3. For each selected phrase dn stochastically ,,cessegelectiorandalignment as follows:
choose a phrase position in the target sentence

b that is being generated. 1. For each word-aligned sentence pair, we iden-

1This method of phrase pair extraction was originally de- tify a_‘” the pOSSi_ble_ phrase pair instances ac-
scribed by Och et al. (1999). cording to the criteria used by Koehn et al.

1. Begin with a source sentenee
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2. Each source phrase instance that is included inWe have seen how to derive phrase translation
any of the possible phrase pair instances indgrobabilities from the selection probabilities, but
pendently selects one of the target phrase irwhere do the latter come from? We answer this
stances that it forms a possible phrase pair irguestion by adding the following constraint to the

stance with.

. Each target phrase instance that is included in
any of the possible phrase pair instances inde-
pendently selects one of the source phrase in-
stances that it forms a possible phrase pair in-
stance with.

model:

The probabilty of a phrase selecting a
phraser is proportional to the probability
of z translating ag;, normalized over the
possible non-null choices far presented
by the word-aligned sentence pair.

4. A source phrase instance is aligned to a targ&tymbolically, we can express this as
phrase instance, if and only if each selects the

other Plylz)

> Pe(yl")

Given a set pf selection probability distributionswhereps denotes selection probability, denotes
and a word-aligned parallel corpus, we can eagransiation probability, and’ ranges over the phrase

ily compute the expected number of alignment injnstances that could possibly aligngo We are, in

stances for a given phrase pair type. The probabilitytect, inverting and renormalizing translation prob-
of a pair of phrase instancesandy being aligned is  gpjjities to get selection probabilities. The reason
simply ps(z[y) x ps(y|x), wherep; is the applica- tor the inversion may not be immediately apparent,
ble selection probability distribution. The expected, ; it in fact simply generalizes the e-step formula

number of instances of alignmerf(z, y), for the iy the EM training for IBM Model 1 from words to
pair of phrases andy, is just the sum of the align- phrases.

ment probabilities of all the possible instances of Tnis model immediately suggests (and, in fact

that phrase pair type. _ was designed to suggest) the following EM-like
From the expected number of alignments and thﬁaining procedure:

total number of occurrences of each source and tar- - . N o
get phrase type in the corpus (Whether or not they 1. I'nltlallze the t.ranslatlon probablllty dlStl’lbU.-
particpate in possible phrase pairs), we estimate the tions to be uniform. (It doesn’t matter at this

conditional phrase translation probabilities as point whether the possibility of no translation
is included or not.)
E(z,y)

C(z) ’

p5($|y) =

(ely) = =
PRET= 700y 2.
where E' denotes expected counts, a6ddenotes
observed counts.

The use of the total observed counts of particu-
lar source and target phrases (instead of marginal-3-
ized expected joint counts) in estimating the condi-
tional phrase translation probabilities, together with
the multiplication of selection probabilities in com-
puting the alignment probability of particular phrase
pair instances, causes the conditional phrase transla-
tion probability distributions generally to sumtoless We view this training procedure as iteratively try-
than1.0. We interpret the missing probability massing to find a set of phrase translation probabilities
as the probability that a given word sequence dod¢hat satisfies all the constraints of the model, al-
not translate as any contiguous word sequence in thi@ugh we have not proved that this training proce-
other language. dure always converges. We also have not proved that

pe(yle) = E step: Compute the expected phrase alignment
counts according to the model, deriving the se-
lection probabilities from the current estimates

of the translation probabilities as described.

M step: Re-estimate the phrase translation
probabilities according to the expected phrase
alignment counts as described.

4. Repeat the E and M steps, until the desired de-
gree of convergence is obtained.
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the procedure maximizes the likelihood of anything(Brown et al., 1993). The feature weights for the
although we find empirically that each iteration deoverall translation models were trained using Och’s
creases the conditional entropy of the phrase tran€003) minimume-error-rate training procedure. The
lation model. In any case, the training procedurgeights were optimized separately for our model
seems to work well in practice. It is also very simi-and for the standard phrase translation model. Our
lar to the joint training procedure for HMM word- decoder is a reimplementation in Perl of the algo-
alignment models in both directions described byithm used by the Pharaoh decoder as described by
Liang et al. (2006), which was the original inspira-Koehn (2003Y

tion for our training procedure. The data we used comes from an English-French
_ bilingual corpus of Canadian Hansards parliamen-
4 Experimental Set-Up and Data tary proceedings supplied for the bilingual word

We evaluated our phrase translation model conftignment workshop held at HLT-NAACL 2003
pared to the standard model of Koehn et al. in théVihalcea and Pedersen, 2003). Automatic sentence
context of a fairly typical end-to-end phrase-based!ignment of this data was provided by Ulrich Ger-
SMT system. The overall translation model scorann. We used 500,000 sentences pairs from this
consists of a weighted sum of the following eight agE0"PUs for training both the phrase translation mod-

gregated feature values for each translation hypotflS and IBM Model 1 exical scores. These 500,000
esis: sentence pairs were word-aligned using a state-of-

the-art word-alignment method (Moore et al., 2006).

e the sum of the log probabilities of each source separate set of 500 sentence pairs was used to train
phrase in the hypothesis given the correspondhe translation model weights, and two additional
ing target phrase, computed either by ouheld-out sets of 2000 sentence pairs each were used
model or the standard model, as test data.

The two phrase translation models were trained

¢ the sum of the log probabilities of each tar'usin the same set of possible phrase pairs extracted
get phrase in the hypothesis given the corre- g P P P

: . rom the word-aligned 500,000 sentence pair cor-
sponding source phrase, computed either b o : . .
us, finding all possible phrase pairs permitted by
our model or the standard model, o
the criteria followed by Koehn et al., up to a phrase
e the sum of lexical scores for each source phrad@ngth of seven words. This produced approximately

given the corresponding target phrase, 69 million distinct phrase pair types. No pruning of
the set of possible phrase pairs was done during or

» the sum of lexical scores for each target phrasgefore training the phrase translation models. Our
given the corresponding source phrase, phrase translation model and IBM Model 1 were

... both trained for five iterations. The training pro-
¢ the log of the target language model probability : :
edure for our phrase translation model trains mod-

for the sequence of target phrases in the hypoth-"", . . .
esis au getp ! yp els in both directions simultaneously, but for IBM

Model 1, models were trained separately in each di-
e the total number of words in the target phrasetgction. The models were then pruned to include
in the hypothesis, only phrase pairs that matched the source sides of

_the small training and test sets.
¢ the total number of source/target phrase pairs

composing the hypothesis, 5 Entropy Measurements

e the distortion penalty as implemented in thelo verify that our iterative training procedure was
Pharaoh decoder (Koehn, 2003). behaving as expected, after each training iteration

The lexical scores are computed as the (unnor- “Since Perl is a byte-code interpreted language, absolute de-
. . . . coding times will be slower than with the standard machine-
malized) log probability of the Viterbi alignment for language-compiled implementation of Pharaoh, but relative
a phrase pair under IBM word-translation Model Zimes between models should be comparable.
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we measured the conditional entropy of the model The distortion limit is the maximum distance al-
in predicting English phrases given French phrasemwed between two source phrases that produce ad-

according to the formula jacent target phrases in the decoder output. The dis-
tortion limit can be viewed as a model parameter,

H(E|F) =Y _p(f)Y_pilelf)logypilelf), as well as a pruning paramter, because setting it to
S ¢ an optimum value usually improves translation qual-

. ity over leaving it unrestricted. We carried out ex-
wheree and f range over the English and French %riments with the distortion limit set to 1, which

phrases that occur in the extracted phrase pairs, aﬁeemed to produce the highesteR scores on our

p(f) was estimated according to the relative freEzlata set with the standard model, and also set to 5,

guency of these French phrases in a 2000 sentencgiCh is perhaps a more typical value for phrase-

sample_of the French sen_tences from th? 500’9 ased SMT systems. Translation model weights
Yxor'c':(;?;?gﬁg seen(t)(z:;:i epdagsrﬁor?c;{[ig'raell f"éi;:g;ns\ivere trained separately for these two settings, be-
g1 ! ’Wf i ' ! i y bit cause the greater the distortion limit, the higher the
NG sequence of entropy measurements in bits Piqiqrtion penalty weight needed for optimal trans-
phrase: 1.329, 1.177, 1.146, 1.140, 1.136.

We al dth ditional ent fthIation quality.
€ also compare € conditional entropy ot the The translation table limit and translation table

sta_ndar'd model tp the fln_al iteration of our mOOIelthreshold are applied statically to the phrase trans-
estimatingp(f) using the first of our 2000 sentence,, ;. table. which combines all components of the

pgirtest sets. For this data, our model measured 1'%@erall translation model score that can be com-
bits per phrase, and the standard model measur gted for each phrase pair in isolation. This in-

4.30 bits per phrase. DeNero et al. obtained corr ludes all information except the distortion penalty

sponding measurements of 1.55 bits per phrase a080re and the part of the language model score that

3'72 bltsdpler phraseai;(f')r th?; rr:odelt anz thel_sft?éoks atn-grams that cross target phrase boundaries.
ard model, using a dierent data set and a sightiyy, o anslation table limit is the maximum number

different estimation method. of translations allowed in the table for any given

source phrase. The translation table threshold is
the maximum difference in combined translation ta-
We wanted to look at the trade-off between decoddle score allowed between the highest scoring trans-
ing time and translation quality for our new phrasdation and lowest scoring translation for any given
translation model compared to the standard modedource phrase. The beam limit and beam threshold
Since this trade-off is also affected by the settings afre defined similarly, but they apply dynamically to
various pruning parameters, we compared decodirige sets of competing partial hypotheses that cover
time and translation quality, as measured lmeB  the same number of source words in the beam search
score (Papineni et al, 2002), for the two models ofor the highest scoring translation.

our first test set over a broad range of settings for the For each of the two distortion limits we tried, we

6 Translation Experiments

decoder pruning parameters. carried out a systematic search for combinations of
The Pharaoh decoding algorithm, has five pruningettings of the other four pruning parameters that
parameters that affect decoding time: gave the best trade-offs between decoding time and
BLEU score. Starting at a setting of 0.5 for the
e Distortion limit threshold parametéetaind 5 for the limit parameters

we performed a hill-climbing search over step-wise

Translation table limit relaxations of all combinations of the four parame-

Translation table threshold 3We use difference in weighted linear scores directly for
our pruning thresholds, whereas the standard implementation of
Pharaoh expresses these as probability ratios. Hence the specific

e Beam limit values for these parameters are not comparable to published de-
scriptions of experiments using Pharaoh, although the effects of
e Beam threshold pruning are exactly the same.
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ters, incrementing the threshold parameters by Odood translation time.
and the limit parameters by 5 at each step. For eachExamining the results for a distortion limit of
resulting point that provided the bestBu scoreyet 1, we found that the BEu score obtained with
seen for the amount of decoding time used, we itethe loosest pruning parameter settings (2.5 for both
ated the search. threshold paramters, and 25 for both limit parame-
The resulting possible combinations ofLiBy  ters) were essentially identical for the two mod-
score and decoding time for the two phrase trangls: 30.42 BEU[%]. As the pruning parameters
lation models are displayed in Figure 1, for a distorare tightened to reduce decoding time, however,
tion limit of 1, and Figure 2, for a distortion limit the new model performs much better. At a decod-
of 5. BLEU score is reported on a scale of 1-100ng time almost 6 times faster than for the settings
(BLEU[%]), and decoding time is measured in mil-that produced the highestLBU score, the change

liseconds per word. Note that the decoding time axi§ score was only-0.07 BLEU[%] with the new
is presented on a log scale. model. To obtain a slightly woréeBLEU score

The points that represent pruning parameter sef=0-08 BLEU[%]) using the standard model took

tings one might consider using in a practical systerd0% more decoding time.

are those on or near the upper convex hull of the It does appear, however, that the bestB score
set of points for each model. These upper-conveior the standard model is slightly better than the best
hull points are highlighted in the figures. Points faBLEU score for the new model: 30.43 vs. 30.42.
from these boundaries represent settings of one BriS in fact currious that there seem to be numer-
more of the parameters that are too restrictive to olUs points where the standard model gets a slightly

tain good translation quality, together with settingS™ 4pgints on the convex hulls with exactly comparableB
of other parameters that are too permissive to obtaégores do not often occur.
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better B.EU score than it does with with the loos- reflect reality, but not in the region where they equal
est pruning settings, which should have the loweslr exceed the score for the loosest pruning settings.
search error. At a distortion limit of 5, there seems no question
We conjectured that this might be an artifact othat the new model performs better than the standard
our test procedure. If a model is at all reasonablenodel. The difference Beu scores for the upper-
most search errors will reduce the ultimate objecsonvex-hull points ranges from about 0.8 to 0.2
tive function, in our case the IEuU score, but oc- BLEU[%] for comparable decoding times. Again,
casionally a search error will increase the objectivthe advantage of the new model is greater at shorter
function just by chance. The smaller the number oflecoding times. Compared to the results with a dis-
search errors in a particular test, the greater the likartion limit of 1, the standard model loses transla-
lihood that, by chance, more search errors will intion quality, with a change of about0.2 BLEU[%]
crease the objective function than decrease it. Sinder the loosest pruning settings, while the new model
we are sampling a fairly large number of combi-gains very slightly ¢0.04 BLEU[%)]).
nations of pruning parameter settings (179 for the _
standard model with a distortion limit of 1), it is / Conclusions

possible that a small number of these have MOrg,ig stydy seems to confirm DeNero et al.’s diagno-
“good” search errors than *bad” search errors sim;g that the main reason for poor performance of pre-
ply by chance, and that this accounts for the smafq, s jteratively-trained phrase translation models,
number of points (13) at which theLBU score ex- ¢ompared to Koehn et al.’'s model, is the effect of the
ceeds that of the point which should have the fewegfiygen segmentation variable in these models. We
search errors. This effect may be more pronouncegh e geveloped an iteratively-trained phrase transla-

with the standard model than with the new model;, o qel that is segmentation free, and shown that,
simply because there is more noise in the standag 5 minimum, it eliminates the shortfall inLBU

model. score compared to the standard model. With a larger

To test the hypothesis that theLBU SCOres igiortion Iimit, the new model produced transla-
greater than the score for the loosest pruning sefyns with a noticably better BEU score.

tings simply represent noise in the data, we col- grom g practical point of view, the main result

lected all the pruning settings that produceteB 4 probably that BEU score degrades much more
scores greater than or equal to the the one for thg, v \ith our model than with the standard model,
loosest pruning settings, and evaluated the standgfflen, the decoding search is tuned for speed. For
model at those settings on our second held-out tegh e settings that appear reasonable, this difference
set. We then looked at the correlation between tqg close to a factor of 2. even if there is no differ-

BLEU scores for these settings on the two test Set§pcq i the translation quality obtainable when prun-
and found that it was very small and negative, with is |g0sened. For high-demand applications like
r = —0.099. The standard F-test for the significancyep, nage translation, roughly half of the investment
of a correlation yieldegp = 0.74; in other words, i, yansiation servers could be saved while provid-

completely insignificant. This strongly suggests thgf his level of translation quality with the same re-
the apparent improvement inLBu score for certain sponse time.

tighter pruning settings is illusory.
As a sanity check, we tested the®J score cor- Acknowledgement
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