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ABSTRACT

The heuristic estimates of conditional phrase translationprob-
abilities are based on frequency counts in a word-aligned par-
allel corpus. Earlier attempts at more principled estimation
using Expectation-Maximization (EM) underperform this
heuristic. This paper shows that a recently introduced novel
estimator based on smoothing might provide a good alterna-
tive. Whenall phrase pairs are estimated (no length cut-off),
this estimator slightly outperforms the heuristic estimator.

Index Terms— Transduction, Parameter Estimation,
Smoothing Methods

1. MOTIVATION

The conditional probabilities of phrase translation pairscon-
stitute a major component in phrase-based statistical Machine
translation (PBSMT) [1, 2]. It is currently standard practice
to extract a multi-set of phrase pairs of length less than an ex-
perimentally set upperbound (e.g., seven words) from a word-
aligned parallel corpus [2]. The phrase probabilities are esti-
mated by using the counts in the multi-set of extracted phrases
as relative frequencies [2], leading to a heuristic estimator.

It has proven difficult to date to outperform the heuristic
with a more principled estimation method, e.g., [3, 4]. DeN-
ero et al [3] explore EM estimation under a conditional model.
The model involves a latent segmentation probability, set uni-
formly or to prefer shorter phrases over longer ones, and a
reordering component akin to IBM model 3. The heuristic
estimator remains superior because ”EM learns overly deter-
minized segmentations and translation parameters, overfitting
the training data and failing to generalize”. More recently, [4]
devise a model without segmentation variables and employ a
heuristic estimation procedure. Again, the translation results
remain inferior to the heuristic. The alternative approaches
based on [5] or [6] are related but for space reasons we will
not discuss them here (see e.g., [7]).
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Based on our earlier work [8], here we also start out from
a standard definition of phrase pairs and aim at principled es-
timation of the conditional phrase probabilities. Contrary to
the common approach based on findings in [2], we extractall
phrase pairs from the training corpus (i.e., without limit on
length). In this paper we consider the outstanding question
of whether this choice pays off in terms of performance, rela-
tive to the heuristic estimator. Furthermore, while [8] used
French-English as benchmark evaluation data, here we ex-
hibit new experiments on German-English EuroParl data. We
compare our own phrase pair probability estimates to a state-
of-the-art baseline system (based on Moses [9]) by substitut-
ing these estimates instead of the heuristics (both directions).
When all phrase pairs are estimated, our system performs
better than the heuristic. These results on German-English
provide support to our earlier results on French-English [8].
Based on these outcomes, we conclude that the principled es-
timation of phrase probabilities without length cut-off holds
the promise of improved performance.

2. THE MODEL

The phrase pairs are extracted from a word-aligned paral-
lel corpus using a standard method (cf. [2, 10]). Based on
findings in [2], PBSMT practitioners constrain the phrase
length to a certain maximum because longer phrases do not
improve performance. In this work we employall phrase-
pairs that can be extracted from the word-aligned training
data.This avoids implicit, accidental biases due to lengthcut-
off and has a positive impact on performance as we will show
empirically in the next sections.

We employ the translation model described in [8] (the
target language model is estimated separately). Given a
word-aligned sentence pair〈f , e,a〉, our model works as fol-
lows1:

1A containerσj = 〈lf , rf , le, re〉 consists of the startlf and endrf

positions for a phrase inf and the startle and endre positions for an aligned
phrase ine. The bilingual containers are akin to the concepts in [5].



1. Abiding by word-alignmentsa, segment source-target
sentence pair〈f , e〉 into a sequence ofI containersσI

1 ,
and a bag ofI phrase pairsσI

1(f , e) = {〈fj , ej〉}
I
j=1.

2. For a given segmentationσI
1 , for every containerσj (1 ≤

j ≤ I) generate the phrase-pair〈fj , ej〉, independently
from all other phrase-pairs.

This leads to the following probabilistic model:

P (f | e;a) =
∑

σI
1
∈Σ(a)

P (σI
1)

∏

〈fj ,ej〉∈σI
1
(f ,e)

P (fj | ej) (1)

WhereΣ(a) is the set ofbinarizable segmentations that are
eligible under the alignmentsa betweenf ande, andP (σI

1)
is the prior probability over segmentations. Both entitiesare
defined next.

We follow [11] and use Inversion Transduction Grammar
(ITG) [12] for defining the binarizable segmentations. The
binarizable segmentationsΣ(a) are those derivable by the
binary Synchronous Context-Free Grammar (bSCFG) imple-
menting ITG [12]. This bSCFG has a set of synchronous lex-
ical rules{XP → f, e | f, e is a phrase pair} and only two
binary glue rules: monotoneXP → [XP XP ] and inverted
XP → 〈XP XP 〉. In this bSCFG, every derivation corre-
sponds to a binarization of a segmentation of the input (see
Figure 1). Note that this bSCFG generates all binarizations
for every segmentation of the input. It is possible to constrain
this bSCFG such that it generates a single, canonical deriva-
tion/binarization per segmentation. However, in the sequel
(this section) we show that the number of such derivations is
a good measure of phrase pair productivity.

We implement the above model using a weighted version
of the bSCFG. For lexical rules the weightP (XP → f, e) :=
P (f | e), where〈f, e〉 is a phrase-pair (these are the trainable
parameters). We do not train the two non-lexical rules and fix
their weights at 1.0.

It is tempting to have preference for segmentationsσI
1 that

consist of shorter containers because those give higher cover-
age of new data. However, this will not give better estimates
as found empirically in [3]. For example, consider the align-
ment{1, 3, 4, 2, 5} (aligned with{1, 2, 3, 4, 5}) that has one
segmentation into five containers{1; 3; 4; 2; 5} and another
into three{1; 3, 4, 2; 5} (see figure 1). In the first segmenta-
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Fig. 1. Two segmentations of an alignment: both are derivable
by two binarizations/derivations.

tion, due to crossing alignments, each of the containers{3},

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

Split dataT into equal partsH1, . . . , H10.
For 1 ≤ i ≤ 10 do

Extract from Ei = ∪j 6=iHj all phrase pairsπi

Initialize π̂0
i to uniform conditional probs

Let j = 0
Repeat

Let j = j + 1 // EM iteration counter
For 1 ≤ i ≤ 10 do

E-step: calculate expected counts for pairs
in πj

i onHi using counts from̂πj−1
i .

M-step: calculate probabilities for pairs in
πj

i from the expected counts
For 1 ≤ i ≤ 10 do π̂j

i := 1
10

∑10
i=1 πj

i

Until π := {π̂j
1, . . . , π̂

j
10} has converged

Fig. 2. Penalized Deleted Estimation

{4} and{2} will not combine with the surrounding context
({1} and{5}) without the other two. Thus, there is only a
single binarization of{3, 4, 2}. Hence, the shorter containers
are not more productive than the single long container!

We define our prior based on the ITG spurious deriva-
tions. We observe that thenumber of possible binarizations
that a segmentation has under the Wu97 bSCFG is a di-
rect function of the ways in which the containers combine
among themselves (monotone vs. inverted/crossing) within
segmentations. This number provides a more accurate mea-
sure of productivity than container length. Hence, we define

P (σI
1) :=

N(σI
1
)

Z(Σ(a)) , whereN(σI
1) is the number of binary

derivations/trees thatσI
1 has in the binary SCFG (bSCFG),

andZ(Σ(a)) =
∑

σJ
1
∈Σ(a) N(σJ

1 ). This prior is the ratio of

number of derivations ofσI
1 to the total number of derivations

that〈f , e,a〉 has under the bSCFG.

3. ESTIMATION BY SMOOTHING

For a latent variable model, Expectation-Maximization (EM)
[13] is usually used for finding a (local) maximum-likelihood
estimate (MLE). However, under models like ours, where a
phrase pair and its sub phrase pairs are included in the model,
the MLE can be expected to overfit the data. Instead of mere
EM we opt for asmoothed version: we combine Deleted Es-
timation [14] with the Jackknife.

Figure 2 shows the pseudo-code for our estimator. Like in
Deleted Estimation, we split the training data into ten differ-
ent splits ofextraction/heldout sets of respectively 90%/10%
of the training set. For every split1 ≤ i ≤ 10, we extract the
set of all phrase pairsπi from theextraction setEi and train



it (under our model) on theheldout set Hi. The set of phrase
pairsπ = ∪10

i=1πi extracted from the total training data is the
set of model parameters. Each setπi is trained on its corre-
sponding heldout setHi by EM. The resulting ten separate
EM processes are synchronized in their initialization, their it-
erations as well as stop condition. The EM processes start out
from uniform conditional estimates in allπi. After every EM
iterationj, when the M-steps has finished, the estimates in all
πj

i (1 ≤ i ≤ 10) are set to the average (over1 ≤ i ≤ 10)
of the estimates inπj

i leading toπ̂j
i . The resulting averaged

probabilities in̂πj
i are the current phrase pair estimates, which

feed into the next iterationj+1 of the different EM processes.
There are two special boundary cases which demand spe-

cial attention during estimation: (1)Sparse distributions: A
phrasee that does occur both inHi andEi could have a pair
〈f, e〉 that occurs inHi but not in Ei (i.e., not inπi). We add
the missing pair〈f, e〉 toπi and set its probability to10−5∗len,
wherelen is the length of the phrase pair. And (2)Zero dis-
tributions: When a phrasee does not occur inHi, all its
pairs〈f, e〉 in πi will have zero counts. We set this to a uni-
form distribution every time again. We use a bilingual CYK
parser to parse the bSCFG. For implementing EM, we em-
ploy the Inside-Outside algorithm [15]. During estimation,
because the input, output and word-alignment are known in
advance, the time and space requirements remain managable
despite the worst-case complexityO(n6) in target sentence
lengthn.

Note that standard Deleted Estimation sums theexpected
counts (rather than probabilities) obtained from the different
splits before applying the M-step (normalization). While the
rationale behind Deleted Estimation comes from MLE over
the original training data, our method has a smoothing objec-
tive: generally speaking, the averages over different heldout
sets give less sharp estimates than MLE. By averaging the
different heldout estimates, this estimator employs a penalty
term that depends on the marginal count ofe in the heldout
set2. Theoretically speaking, when the training data is un-
boundedly large, our estimator will converge to the same esti-
mates as Deleted Estimation. When the data is still sparse, our
estimator is biased, unlike the MLE which overfit the data. In
all experiments, our method (dubbed Penalized Deleted Esti-
mation) outperforms Deleted Estimation.

4. EMPIRICAL EXPERIMENTS

We employ an existing decoder, Moses, which defines a
log-linear model,e∗ = argmaxe

∑
f∈Φ λfHf (f , e), inter-

2Define county(x) to be the count of eventx in datay. The Deleted
Estimation (DE) estimate is

∑
H

countH(f, e)/countT (e), which can be

written as
∑

H
[countH(f, e)/countH(e)][countH(e)/countT (e)] =∑

H
πH(f |e)[countH(e)/countT (e)] where πH(f |e) is the estimate

from heldout setH. Hence, DE linearly interpolatedπH with factors
countH(e)/countT (e). Our estimator employs uniform interpolation fac-
tors instead, thereby penalizing the DI counts (hence Penalized DI).

Phrases System BLEU
≤ 7 (std setting) Baseline PBSMT 0.2818
≤ 10 Baseline PBSMT 0.2834
All Baseline PBSMT 0.2827

≤ 10 Penalized EM + ITG Prior 0.2846
All Penalized EM + ITG Prior 0.2830

Table 1. Results: Europarl German-English train/dev/test
splits from ACL072nd Workshop on SMT

polating feature functionsHf (defined next), whereλf are
the interpolation weights. The setΦ 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 obtained
from the word-alignment in both directions, and the condi-
tional phrase translation estimates in both directionsP (f | e)
andP (e | f). Keeping the other five feature functions fixed,
we compare our estimates ofP (f | e) andP (e | f) (and the
phrase penalty) to the commonly used heuristic estimates.

The training, development and test data all come from the
German-English translation shared task of the ACL 2007 Sec-
ond Workshop on Statistical Machine Translation3. After
pruning sentence pairs with word length more than 40 on ei-
ther side, we are left with 996K sentence pairs astraining
set. The development and test dataare composed of 2K
sentence pairs each. All data sets are lowercased. For both
the baseline system and our method, we produce word-level
alignments for the parallel training corpus using GIZA++.
We use 5 iterations of each IBM Model 1 and HMM align-
ment models, followed by 3 iterations of each Model 3 and
Model 4. From this aligned training corpus, we extract the
phrase pairs according to the heuristics in [2]. The language
model used in all systems is a 5-gram language model trained
on the English side of the parallel corpus. Minimum-Error
Rate Training (MERT) is applied on the development set to
obtain optimal log-linear interpolation weights for all these
systems.

We compare different versions of our system against the
baseline system using the heuristic estimator. Performance
is measured by computing the BLEU scores [16] of the sys-
tem’s translations, when compared against a single reference
translation per sentence.

Table 1 exhibits the BLEU scores for the systems. The
table shows two sets of results: systems decoding with phrase
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
all phrase pairs (over 95 million phrase pairs) using our es-
timator, and in the cases where we use phrase length cut-off
(seven/ten) during decoding we simply discard phrase pairs

3http://www.statmt.org/wmt07



longer than the length cut-off (without re-normalization).
These results show that phrase pairs of maximum length 10

give the best results, followed byall phrase pairs, and only af-
ter that comes the standard setting with length cut-off 7. This
holds both for heuristic estimates and our own estimates. Our
estimator, penalized-EM with ITG prior, yields improved
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 matchingthe
heuristic performance. Given our earlier results on French-
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 (e.g., by
sampling) over the different segmentations.

5. DISCUSSION AND FUTURE RESEARCH

In this work we aim at more principled phrase translation
probability estimates. We show that estimatingall phrase
pairs with our estimator can be beneficial. The generative
model we use assumes latent segmentations and employs
ITG-based priors over segmentations. The goal of estimation
is a smooth Maximum-Likelihood estimate; we achieve this
by embedding EM in a penalized deleted interpolation esti-
mator. The fact that our estimator improves over the heuristic
estimator on a reasonably sized data set is rather encouraging.

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 bilingual
containers/concepts preserve the alignments between phrases.
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 on
other models, such as as the joint phrase model [5]. Based on
recent findings, we will attempt marginalizing out the differ-
ent segmentations during decoding. For this we should build
our own decoder in order to experiment with tractable ways
for achieving a marginalization effect. Finally, if we viewour
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 assuming
that word-alignment is given.
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