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ABSTRACT Based on our earlier work [8], here we also start out from

. . . _ a standard definition of phrase pairs and aim at principled es
The heuristic estimates of conditional phrase translgifob-  imation of the conditional phrase probabilities. Confrey
abilities are based_ on frequency counts ina vyord—ahgped Pathe common approach based on findings in [2], we exatict
allel corpus. Earlier attempts at more principled estioili - yhrase pairs from the training corpus (i.e., without limit on
using Expectation-Maximization (EM) underperform this jength). In this paper we consider the outstanding question
heuristic. This paper shows that a recently introduced hovéyt hether this choice pays off in terms of performance -rela
estimator based on smoothing might provide a good altemgyye 1o the heuristic estimator. Furthermore, while [8] dise
tive. Whenall phrase pairs are estimated (no length cut-off), prench-English as benchmark evaluation data, here we ex-

this estimator slightly outperforms the heuristic estionat hibit new experiments on German-English EuroParl data. We
Index Terms— Transduction, Parameter Estimation, COmpare our own phrase pair probability estimates to a-state
Smoothing Methods of-the-art baseline system (based on Moses [9]) by substitu

ing these estimates instead of the heuristics (both dines}i
When all phrase pairs are estimated, our system performs
1. MOTIVATION better than the heuristic. These results on German-English
provide support to our earlier results on French-Engligh [8
The conditional probabilities of phrase translation pawa-  Based on these outcomes, we conclude that the principled es-
stitute a major component in phrase-based statistical Mach timation of phrase probabilities without length cut-offlti®
translation (PBSMT) [1, 2]. Itis currently standard praeti the promise of improved performance.
to extract a multi-set of phrase pairs of length less tharxan e
perimentally set upperbound (e.g., seven words) from a word
aligned parallel corpus [2]. The phrase probabilities @te e 2. THE MODEL
mated by using the counts in the multi-set of extracted @was

as relative frequencies [2], leading to a heuristic esimat  The phrase pairs are extracted from a word-aligned paral-
It has proven difficult to date to outperform the heuristicle| corpus using a standard method (cf. [2, 10]). Based on
with a more principled estimation method, e.g., [3, 4]. DeN-findings in [2], PBSMT practitioners constrain the phrase
ero etal [3] explore EM estimation under a conditional modeljength to a certain maximum because longer phrases do not
The model involves a latent segmentation probability, sét u improve performance. In this work we emplajl phrase-
formly or to prefer shorter phrases over longer ones, and gajrs that can be extracted from the word-aligned training
reordering component akin to IBM model 3. The heuristicdata. This avoids implicit, accidental biases due to lecgth
estimator remains superior because "EM learns overly detepff and has a positive impact on performance as we will show
minized segmentations and translation parameters, dirggfit empirically in the next sections.
the training data and failing to generalize”. More recerjdy We employ the translation model described in [8] (the
devise a model without segmentation variables and employ@rget language model is estimated separately). Given a

heuristic estimation procedure. Again, the translaticuits word-aligned sentence pd(f, e, a), our model works as fol-
remain inferior to the heuristic. The alternative apprasch |- T

based on [5] or [6] are related but for space reasons we will
not discuss them here (see e.g., [7]). A containero; = (I, 7y,le,re) consists of the start; and endr

positions for a phrase ifiand the start. and end-. positions for an aligned
This work was done within NWO VIDI project number 639.022460 phrase ire. The bilingual containers are akin to the concepts in [5].




1. Abiding by word-alignment&, segment source-target
sentence paitf, e) into a sequence of containerss!,
and a bag of phrase pairs{(f,e) = {(f;,¢;)}i_;.

2. For a given segmentatiar{, for every containes; (1 <
j < I) generate the phrase-pdif;, e¢;), independently
from all other phrase-pairs.

This leads to the following probabilistic model:

P(fle;a) = Y Plal) ] PUile) (@

ofe%(a) (fj.ej)€ai(f,e)

WhereX(a) is the set obinarizable segmentations that are
eligible under the alignments betweerf ande, and P (o)

is the prior probability over segmentations. Both entities
defined next.

INPUT: Word-aligned parallel training daté
OUTPUT: Estimatesr for all P(f | e)

Solit dataT into equal partd{y, . . .
For1 <i <10 do
Extract from E; = U;; H; all phrase pairs;
Initialize 79 to uniform conditional probs
Letj =0
Repeat
Letj=j+1 // EM iteration counter
For1 <i<10 do
E-step calculate expected counts for pairs
in 7/ on H; using counts from/ .
M-step: calculate probabilities for pairs in

aHIO-

We follow [11] and use Inversion Transduction Grammar
(ITG) [12] for defining the binarizable segmentations. The
binarizable segmentatior’s(a) are those derivable by the
binary Synchronous Context-Free Grammar (bSCFG) imple-
menting ITG [12]. This bSCFG has a set of synchronous lex-
icalrules{XP — f, e| f,eis a phrase pair} and only two
binary glue rules: monoton& P — [X P X P] and inverted
XP — (XP XP). Inthis bSCFG, every derivation corre- {4} and{2} will not combine with the surrounding context
sponds to a binarization of a segmentation of the input (segf1} and {5}) without the other two. Thus, there is only a
Figure 1). Note that this bSCFG generates all binarizationgingle binarization of3, 4, 2}. Hence, the shorter containers
for every segmentation of the input. It is possible to caistr  are not more productive than the single long container!
this bSCFG such that it generates a single, canonical deriva e define our prior based on the ITG spurious deriva-
tion/binarization per segmentation. However, in the sequ&jons. We observe that theimber of possible binarizations
(this section) we show that the number of such derivations ighat a segmentation has under the Wu97 bSCFG is a di-
a good measure of phrase pair productivity. _ rect function of the ways in which the containers combine

We implement the above model using a weighted versiogmong themselves (monotone vs. inverted/crossing) within
of the bSCFG. For lexical rules the weigRtX P — f,¢) :=  segmentations. This number provides a more accurate mea-

P(f | e), where(f, e) is a phrase-pair (these are the trainablésyre of productivity than container length. Hence, we define
parameters). We do not train the two non-lexical rules and f"jo(gl) _  N(oD where N (o7) is the number of binary
1/ - 1

their weights at 1.0. L ZE@) T _ _
Itis tempting to have preference for segmentatishthat derivations/trees that; has in the b|_nary_ S(_ZFG (bS_CFG),
consist of shorter containers because those give highercov @1dZ(X()) = 3,7y ) N(o{). This prior is the ratio of
age of new data. However, this will not give better estimatesiumber of derivations of! to the total number of derivations
as found empirically in [3]. For example, consider the align that(f, e, a) has under the bSCFG.
ment{1,3,4,2,5} (aligned with{1, 2, 3,4,5}) that has one
segmentation into five containefs; 3;4;2;5} and another
into three{1; 3,4, 2;5} (see figure 1). In the first segmenta-

= from the expected counts

. ~j 10 j

For1l<jg < 10 dOvﬂg = 1—1027;1 )
Until = := {#7,...,7,} has converged

Fig. 2. Penalized Deleted Estimation

3. ESTIMATION BY SMOOTHING

XP P
P x xP XP

For a latent variable model, Expectation-Maximization (EM
[13] is usually used for finding a (local) maximum-likelihdo
estimate (MLE). However, under models like ours, where a

= 4 > \ s phrasepair anditssub phrase pairsare included in the model,
>8< ‘ the MLE can be expected to overfit the data. Instead of mere
275 a4lls EM we opt for asmoothed version: we combine Deleted Es-
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timation [14] with the Jackknife.
Figure 2 shows the pseudo-code for our estimator. Like in

Fig. 1. Two segmentations of an alignment: both are derivabl®eleted Estimation, we split the training data into tenetif
by two binarizations/derivations. ent splits ofextraction/heldout sets of respectively 90%/10%
of the training set. For every split< i < 10, we extract the
set of all phrase pairs; from theextraction set F; and train

tion, due to crossing alignments, each of the contaifig}s



it (under our model) on theeldout set H;. The set of phrase ~ Phrases System BLEU
pairsm = ULY, m; extracted from the total training data is the < 7 (std setting)| Baseline PBSMT 0.2818
set of model parameters. Each sets trained on its corre- <10 Baseline PBSMT 0.2834
sponding heldout sell; by EM. The resulting ten separate  All Baseline PBSMT 0.2827
EM processes are synchronized in their initializationirtite <10 Penalized EM + ITG Priof 0.2846
erations as well as stop condition. The EM processes start ou p|| Penalized EM + ITG Priof 0.2830

from uniform conditional estimates in atl. After every EM
iterationj, when the M-steps has finished, the estimates in all
7T7J (1 < i < 10) are set to the average (over< i < 10)  Table 1. Results: Europarl German-English train/dev/test
of the estimates i’ leading to7?. The resulting averaged SPIits from ACLO72"* Workshop on SMT
probabilities mﬁf are the current phrase pair estimates, which
feed into the next iteratiof 1 of the different EM processes.
There are two special boundary cases which demand sp
cial attention during estimation: (Bparse distributions: A
phrasee that does occur both if; and F; could have a pair
(f,e) that occurs ind; butnot in E; (i.e., notinm;). We add
the missing pait f, ) to 7; and set its probability tb0—5*em,
wherelen is the length of the phrase pair. And @gro dis-
tributions: When a phrase does not occur ind;, all its

polating feature functions{; (defined next), where\; are

fie interpolation weights. The sét consists of the follow-

ing feature functions (see Moses): a 5-gram target language
model, the standard reordering scores, the word and phrase
penalty scores, the conditional lexical estimates obthine
from the word-alignment in both directions, and the condi-
tional phrase translation estimates in both directiB($ | ¢)

! , , i . andP(e | f). Keeping the other five feature functions fixed,
paws(f, e)_ in m; will havv_a zero counts. We set t_hls toauni- o compare our estimates BYf | ¢) andP(e | f) (and the
form distribution every time again. We use a bilingual CYK o, 20 henalty) to the commonly used heuristic estimates.
parser to parse the t_)SCFG. For |mplement|_ng EM.' we em- The training, development and test data all come from the
ploy the Inside-Outside algorithm [15]. During eSt'mat'on.German—Eninshtranslation shared task of the ACL 2007 Sec-

bgcause t:;]e Tput, OlétpUt and word-allgrlment are known i F?? Workshop on Statistical Machine Translation After
advance, the time and space requirements remain managa ning sentence pairs with word length more than 40 on ei-

. i 6y
ﬁaensgptlrt]e the worst-case complexiy(n®) in target sentence ther side, we are left with 996K sentence pairdraging
n.
L set Thedevelopment and test dataare composed of 2K
Note thhat st:ndard E eblﬁ_t(_ad Esgm?t'o('; fsumsﬁh:&(sjc_;red sentence pairs each. All data sets are lowercased. For both
counts (rather than probabilities) obtained from the di ereNtihe baseline system and our method, we produce word-level

splits before applying the M-step (normalization). White alignments for the parallel training corpus using GIZA++.

rationale behind Deleted Estimation comes from MLE OVelye use 5 iterations of each IBM Model 1 and HMM align-

t_he original training dgta, our method has a smoothing ijecment models, followed by 3 iterations of each Model 3 and
tive: generally speaking, the averages over differentduild Model 4. From this aligned training corpus, we extract the

Z?f:S g|vehlelzs sharp estlmatﬁ_s tha!" MLE. By Iaveraglng tr}?nrase pairs according to the heuristics in [2]. The languag
iffierent heldout estimates, this estimator employs a ena model used in all systems is a 5-gram language model trained

term that depends on the marginal count.oh the heldout on the English side of the parallel corpus. Minimum-Error

set. Theoretically spea_klng, wh_en the training data IS UNRate Training (MERT) is applied on the development set to
boundedly large, our estimator will converge to the samie est

o o obtain optimal log-linear interpolation weights for allette
mates as Deleted Estimation. When the data is still spanse, Osystemsp g P g

estimator is biased, unlike the MLE which overfit the data. In We compare different versions of our system against the
all experiments, our method (dubbed Penalized Deleted EStl%)aseline system using the heuristic estimator. Performanc

mation) outperforms Deleted Estimation. is measured by computing the BLEU scores [16] of the sys-
tem’s translations, when compared against a single referen
4. EMPIRICAL EXPERIMENTS translation per sentence.

Table 1 exhibits the BLEU scores for the systems. The
We employ an existing decoder, Moses, which defines gable shows two sets of results: systems decoding with phras
log-linear modele® = argmaxe ) .5 ArHy(f,€), inter-  pairs up to maximum length seven (Moses settings) or ten on
both sides and systems that decode with all phrase pairs. For
all version of our own system, we train the table containing
witten 28’3, [count 1 (f, ¢) /count s (¢)][count s (€) /count(€)] = a_tll phrase pairs (over 95 million phrase pairs) using our es-
3= 4w (fle)[county (e) /countr (e)] where 7 (fle) is the estimate timator, and in the cases where we use phrase length cut-off

from heldout setf. Hence, DE linearly interpolatedty; with factors ~ (S€ven/ten) during decoding we simply discard phrase pairs
count g (€)/countr(e). Our estimator employs uniform interpolation fac-
tors instead, thereby penalizing the DI counts (hence RedaDl). Shttp://www.statmt.org/wmt07

2Define county () to be the count of event in datay. The Deleted
Estimation (DE) estimate iEH countg (f, e)/countr(e), which can be




longer than the length cut-off (without re-normalization)

[3]

These results show that phrase pairs of maximum length 10

give the best results, followed Iayl phrase pairs, and only af-
ter that comes the standard setting with length cut-off 4s Th

holds both for heuristic estimates and our own estimates. Ou
estimator, penalized-EM with ITG prior, yields improved [4]
BLEU scores over the heuristic in both cases (cutoff=10 and
all). While the improvement is modest it should be taken in

light of all earlier, less successfull attempts at matchmgy

heuristic performance. Given our earlier results on French [5]
English [8], we conclude that more principled estimation of

all phrase pairs holds the promise of producing improved sys
tem performance. However, we must also note that the room

for improvement over the heuristic is small especially when [
using a decoder that does not allow marginalization (ey., b

sampling) over the different segmentations.

5. DISCUSSION AND FUTURE RESEARCH

[7]

In this work we aim at more principled phrase translation

probability estimates. We show that estimatialg phrase

pairs with our estimator can be beneficial. The generative[

8]

model we use assumes latent segmentations and employs
ITG-based priors over segmentations. The goal of estimatio

is a smooth Maximum-Likelihood estimate; we achieve this [g

by embedding EM in a penalized deleted interpolation esti-

mator. The fact that our estimator improves over the hearist

estimator on a reasonably sized data set is rather encogragi [10]
Our model is far simpler than the model of [3], and can be

related to the joint phrase model [5]: it does not need to gen-

erate alignments from segmentations because the bilingu['aill]

containers/concepts preserve the alignments betweesgshra

Furthermore, we do not use heuristics for pruning the space

of segmentations or possible analyses during estimation.

In future research we intend to explore our estimator ori12]
other models, such as as the joint phrase model [5]. Based on

recent findings, we will attempt marginalizing out the diffe
ent segmentations during decoding. For this we should buil
our own decoder in order to experiment with tractable way

for achieving a marginalization effect. Finally, if we viewr

3]

conditional model as an alternative to the Marcu and Wong
joint model, we might be able to explore new ways for induc-
ing phrase alignments from parallel corpora without assgmi [14]

that word-alignment is given.
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