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Abstract—In phrase-based and hierarchical phrase-based sta-
tistical machine translation systems, translation performance de-
pends heavily on the size and quality of the translation table. To
meet the requirements of making a real-time response, some re-
search has been performed to filter the translation table. However,
most existing methods are always based on one or two constraints
that act as hard rules, such as not allowing phrase-pairs with low
translation probabilities. These approaches sometimes make con-
straints rigid because they consider only a single factor instead of
composite factors. Based on the considerations above, in this paper,
we propose a machine learning-based framework that integrates
multiple features for translation model pruning. Experimental re-
sults show that our framework is effective by pruning 80% of the
phrase-pairs and 70% of the hierarchical rules, while retaining the
quality of the translation models when using the BLEU evaluation
metric. Our study further shows that our method can select the
most useful phrase-pairs and rules, including those that are low in
frequency but still very useful.
Index Terms—Classification, statistical machine translation

(SMT), syntactic constraints, translation model pruning.

I. INTRODUCTION

R ECENTLY, intelligent terminals (such as mobile devices,
PDAs and smartphones) have become increasingly

popular. Most of these devices would benefit from a real-time
translation tool to break the barrier of different languages.
However, it is still difficult to produce a real-time as well as
acceptable response, because of the limitations of the memory
and CPU performance. The memory cost arises when the
translation table become large. Therefore, this paper focuses
on the problem of pruning the translation model for a statistical
machine translation (SMT) system. In SMT, phrase-based
translation systems (PBTSs), which include the hierarchical
phrase-based translation systems (HPBTSs) [1], are the most
popular and mature systems. The main task of a machine
translation decoder (such as Moses [2]1) is to choose the most
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promising translation candidates from a large-scale translation
table with several conditional probabilities. The translation
pairs are extracted by a heuristic method [3] based on the
word alignments learned from parallel corpora [4]. Thus, the
size and quality of the translation table determines the overall
translation performance to a large extent.
Generally, two typical sorts of phrase-pairs cause the phrase

table to be redundant and much larger than expected. One is
that a distinct source phrase corresponds to many translation
options (1-to-many). In fact, many options are poorly translated
and are never considered in decoding due to limited beam size,
which can be discarded safely. The other case is that a distinct
source phrase has only one or two translation options (1-to-
few). In this case, many phrase-pairs are extracted by accident
because of wrong alignments; thus, the source and target sides
are not significantly associated. As far as we know, it is difficult
to prune them both at a time effectively. For example, some
pruning methods use heuristic rules, such as histogram pruning,
to cut off overloaded translation options, but those methods
always do not work for the second case. While for the second
case, some methods adopt Fisher’s significance test [7], [8],
[17] to prune the weakly associated pairs. However, they may
discard many useful pairs unexpectedly, such as named entities
that occur rarely in a parallel training corpus, which could
damage the translation quality. Other methods using relative
entropy [33], [34] are good at pruning redundant phrases,
especially for those long phrases that can be replaced by
combining shorter phrases. But the score of combined phrases
often differs from the original one. As a result, with more
and more discarding, some pruned long phrases cannot be
reconstructed by shorter ones after score ranking, leading to
weakening of the translation performance. Therefore, there is
still much room for improvement in achieving a significant
pruning rate while maintaining the translation quality. For this
aim, we should seek an integration framework to perform the
pruning task by accounting for most of the useful factors and
measurements.
From the analysis above, in this paper, a simple but effec-

tive machine learning-based method is proposed to select the
useful translation pairs in the phrase-based translation model
(PBTM) or rules in the hierarchical phrase-based translation
model (HPBTM). In our method, we consider the pruning task
as a classification problem. Along with that approach, many
effective heuristic measures mentioned above are encoded as
strong representative features under the classification frame-
work, which makes the heuristic measures more flexible than
when used as hard rules.
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Fig. 1. Pruning process in our classification framework.

Although the concept of using a classifier to improve the
BLEU score is not new, the main contribution of this paper is to
explore rich statistical and syntactic features that are applied to
the classification framework to compact the translation tables of
PBTM and HPBTM as much as possible. Experimental results
show that our method is effective because it prunes 80% of the
phrase-pairs and 70% of the hierarchical rules while retaining
the quality of the translation models under the BLEU evalua-
tion metric.
The remainder of this paper is organized as follows:

Section II presents the machine learning-based pruning frame-
work. Section III describes how to express the heuristic mea-
sures as features and how to utilize those features for our clas-
sifier. Our experimental results are presented in Section IV and
further analysis is given in Section V. Section VI introduces the
related work. Finally, we give concluding remarks and mention
future work in Section VII.

II. OVERVIEW OF OUR PROPOSED MACHINE LEARNING-BASED
PRUNING FRAMEWORK

As mentioned above, our basic idea is to distinguish which
phrase-pairs or rules of the whole translation model are poten-
tially more useful than others, and we treat the filtration of the
phrase-table and rule-table as a classification problem.
Fig. 1 illustrates the whole classification framework of how

we build the classifier and how to make it work for obtaining
a pruned translation-table. Given an original translation model,
we tune all of the parameters based on a development set using
the Minimum Error Rate Training (MERT) process. Then, we
trace the decoding path on the development set with the opti-
mized translation model and sample training data for the classi-
fier. Additionally, we extract features and use them to train the
classifier based on the training data. Finally, the classifier is uti-
lized to prune the original translation table and thus obtain the
final filtered translation table.

III. DETAILS OF OUR PRUNING METHOD

In this section, we provide details about building a classifier
for pruning the translation table.

A. Training Set for the Classifier
A key issue in building a classifier is how to obtain the

classification training data automatically. Because all of the
parameters in a translation model are tuned using the develop-
ment data (Dev-data in Fig. 1), the tuned translation model can
tell which translations are best for the development of source
phrases. Thus, it is very natural to extract the classification
training data from the tuned decoding path of the development
source sentences.
We describe the details of how to obtain positive and negative

training data for our classifier as follows. First, we filter out a
development translation table (Dev-TT) from the whole transla-
tion table based on the development source sentences. Then, we
trace the search graph during decoding the development set with
the optimized parameters, and record every phrase-pair or rule
that is in the decoding lattice. Because there is no classification
criterion that discriminates good and bad translation pairs, we
learn it from data. In this paper, we divide all the phrase-pairs
or rules of the Dev-TT into three categories, including “actu-
ally finally used”, “considered but not finally used” and “not
considered”, as inspired by [5]. Among Dev-TT, all of the “ac-
tually finally used” phrase-pairs or rules in the final translation
are adopted as positive training data, and the “not considered”
are adopted as negative training data. The related definitions are
given as follows:

The development translation table (Dev-TT) is filtered out from
the whole translation table based on the development data.

The translation table in beam (TT-In-Beam) contains phrase-
pairs or rules that have been involved in the translation lattice
at least once by the beam search during decoding on the devel-
opment data.

The phrase-pairs that are actually used in final translation. We
assign by deriving the search path of the best translation. Note
that translation candidates that are identical to the best transla-
tion may exist by accident, but we only care the phrase-pairs in
the best path. is a subset of .

The {TT-Out-Of-Beam} is the complement of C inW, consisting
of those phrases that were always dropped out of the beam.
Fig. 2 shows the relationship of the positive and negative data.

Here, is the positive data, and is the negative data. The
closed interval C-P (C excludes P) represents the data that are
only considered in the decoding but are not chosen for the final
translation.

B. Features for Pruning the Phrase-Based Models
The features are designed for different translation models. In

the following approach, we introduce features for the phrase-
based model in detail. Some of the features are inspired by pre-
vious studies [18], [19], [21]–[26].
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Fig. 2. The relationship between positive data and negative data.

Fig. 3. The source syntactic tree and the alignment of the phrase pair “不是
什么 ||| is not a”. The last word of the source side “什么” is not aligned with
any word on the target side.

In general, we use four types of features. The first type is
bi-directional translation probabilities, and the second type is
syntactic constraints. We also consider the significant value of
Fisher’s test [7] and the length ratio.
In terms of the translation probabilities, we take two types of

probabilities into account. One type is the bi-directional phrase
translation probabilities and bi-directional lexicalized transla-
tion probabilities, which can be obtained from the translation
table. The second type is the reordering probabilities because
they might impact whether the phrase-pair should be kept.
For the syntactic constraints, if a span corresponds to a single

sub-tree in a syntactic parse tree, it is called a “syntactic phrase”,
and this definition is naturally to be a syntactic constraint for
phrase pruning. The study in [10] used a less strict syntactic
constraint. If the source side of a phrase-pair is an illegal syn-
tactic phrase and the first or last word in the source side is not
aligned, then the pair will be discarded. However, we think that
this rule is still somewhat rigid. Take the following example,
“不是 什么 ||| is not a,” where the last word “什么(what)” of
the source phrase is unaligned. The syntactic tree of the source
phrase is given in Fig. 3.
According to the syntactic constraints used in [10], this

phrase-pair should be eliminated, and the phrase-pairs “之 鹰
||| eagle” and “便捷 的 ||| convenient “ should be pruned out
for the same reason. However, these pairs could be good trans-
lation pairs when decoding. Therefore, we treat the syntactic
constraints as features, which enables us to generate a more
flexible judgment.
We consider the alignment of the boundary words and the

syntax information to be binary-valued features. The source
syntactic constraint features are listed as follows:
• SHS: if the source phrase starts with a syntactic sub-phrase
(more than one word), then ; otherwise,

;

TABLE I
BINARY VALUES FOR THE PHRASE PAIR”不是什么 ||| IS NOT A”

• STS: if the source phrase ends with a syntactic sub-phrase
(more than one word), then ; otherwise,

;
• SHA: if the first word of the source phrase is aligned, then

; otherwise, ;
• STA: if the last word of the source phrase is aligned, then

; otherwise, ;
• SSW: if the source phrase is a single word, then ;
otherwise, ;

With the source syntactic feature defined above, the values of
the syntactic features of the phrase-pair “不是什么 ||| is not a”
are given in Table I.
We also consider the target syntactic constraints, which are

the same as those of the source syntactic constraints.
With respect to the significant value, previous studies have

suggested that Fisher’s test is an effective way to prune out
most of the phrase-pairs, and a similar result has been verified in
our experiments. Therefore, we employ the -value as a feature
in our classifier. Next, we briefly review how to compute the
-value. Given training set that constitutes parallel sentences
and a phrase-pair to be valued, we collect , and

, which represent the counts of sentences that contain ,
and the pair , respectively. The probability that the pair

occurs times by chance is given by the hypergeo-
metric distribution, as follows:

(1)

The corresponding -value is the sum of under the
circumstance that is not less than , while
equals and equals ,

(2)

In addition, we add the length ratio as a feature. Let be the
length (the word counts) of the source phrase, and let be the
length of the target phrase. Then, we obtain

(3)

C. Features for Pruning the Hierarchical Phrase-Based
Models
Because the hierarchical model includes not only the con-

ventional phrase-pairs but also the rules with non-terminals,
the hierarchical model becomes more complicated than the
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common phrase model, in general. Moreover, it is usually more
difficult to judge whether a rule with non-terminal is useful
compared to a phrase-pair, because the rule with non-terminal
has less lexicalized information. Thus, the features used for the
phrase-based model cannot be directly applied to the hierar-
chical model. We must make some modifications.
As mentioned above, the hierarchical phrase-based models

include two forms of pairs: those with and those without non-
terminals. Features for the rules without non-terminals are the
same as those in the phrase-based model; as a result, we do not
describe the details here again. In terms of the features for the
rules with non-terminals, there are a total of three types.
First, the rule translation probabilities and lexicalized transla-

tion probabilities are also accounted for. Second, the LenRatio
is slightly different from Equation (3).

(4)

where is the terminal length (word counts) in the
left-hand side of a rule and is the terminal length of
the right-hand side.
Next, we employ the dependency syntactic features to make

a soft constraint on the rules.
The same concept of the Relax-Well-Formed structure in

[19] is used to compute the dependency features. We first
review how the Relax-Well-Formed structure is defined. Let

represent a sentence, and let be the
position of the parent word for each word. If is a root, then

. Given a dependency structure , it will be
called a Relax-Well-Formed structure if and only if it satisfies
the following conditions:
• , where
• , where
Rules that are not Relax-Well-Formed are pruned in [19]. In

this paper, they are not immediately discarded when the rules
are against the Relax-Well-Formed structure; instead, we prefer
to use a vector of probabilities that indicate the probability that a
rule will be kept or discarded under the dependency constraint.
We use a triple vector ( , , ) to represent the probabilities,
where is the dependency feature value for the source side of
a rule, for the target side, and for both sides. We say that

if a rule is Relax-Well-Formed. Given a
rule ( ), where represents the left side of the rule and
represents the right side, we obtain the values in the triple vector
for and as follows,

(5)

(6)

(7)

where or is the set of source or target sentences in the
training corpus, respectively. When extracted from the th sen-
tence, is specified to be and has the same meaning as .
is an Kronecker delta function whose value is 1 once is true;

otherwise, its value is 0. represents the counts of .
We use this type of dependency syntactic constraints on rules

that have non-terminals in the hierarchical phrase-based model
instead of the original syntactic constraints in the phrase-based
model due to the characteristics of the dependency syntax. Be-
cause the non-terminals in the rules match any possible con-
secutive words in a sentence and cover one or more nodes in
a syntactic tree, it is difficult to judge whether a rule with a
non-terminal is a legal syntactic rule. Thus, the dependency tree
constraints appear to be a good choice because we only need to
consider the lexicalized information. At the same time, the de-
pendency constraints can be applied on both the phrase-pairs
and the rules; thus, these constraints are more convenient to us
when acquiring features in a unified feature-representing model.

IV. EXPERIMENTS

In our experiments, we focus on the pruning rate of the trans-
lation model while considering the translation quality. To com-
pare our methods with other existing methods, a series of exper-
iments have been performed on the Chinese-to-English transla-
tion task.

A. Experimental Setup
We use the FBIS corpus as training data, which contains ap-

proximately 7.1 million Chinese words and 9.2 million English
words. To obtain sufficient training samples for classification,
we use the NIST03 and NIST04 corpus as the development set,
which contain 919 and 1,788 sentences, respectively. NIST05
and NIST06 are used as test sets, with 1,083 and 1,664 sentences
included, respectively. Note that NIST05 and NIST06 are only
used as testing data in the translation task and never used for
training the classifier.
To obtain the original phrase-based and hierarchical

phrase-based translation model, we train a 5-gram language
model with SRILM2 on the FBIS English part. We obtain
the source-to-target and target-to-source word alignments
by GIZA++3. These alignments are then symmetrized with
grow-diag-final-and strategy. The translation model is gener-
ated by Moses (2010-8-13 Version), using the default parameter
settings. For the phrase-based translation model, the maximum
length of the phrases in the phrase table is 7. For pruning
settings, the beam size is 200, and 20 translation options
are retrieved for each input phrase. The features contained
in the baseline translation system are bi-directional phrase
translation probabilities, bi-directional lexicalized translation
probabilities, bidirectional standard lexicalized reordering
probabilities, phrase penalty, word penalty, distance-based
reordering model score and language model score. For the
hierarchal phrase-based translation model, we use the same
setup as the phrase-based model, except we limit the number
of symbols on each side of a rule to 5.

2http://www.speech.sri.com/projects/srilm/
3http://www.statmt.org/moses/giza/GIZA++.html
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TABLE II
PERFORMANCE OF THE SVM-BASED CLASSIFIER

FOR DIFFERENT COMBINED FEATURES

An SVM-based classifier is employed and trained by the
widely used open toolkit LIBSVM [31]. There are many
choices of the kernel function for the SVM classifier, such as
a Linear Function, Sigmoid Function, Polynomial Function
and Radial Basis Function (RBF). RBF was chosen as our
kernel function after a series of experimental comparisons.
This method transforms the space into a high dimension for
the non-linear cases and has the advantage of having fewer
parameters than the Polynomial Function because the number
of parameters determines the complexity of the model directly.
For the training data for the SVM-based classifier, we collect

the decoding statistics and (Section IV-A) on the optimized
weights tuned on the development set. Then, a stratified random
sampling set is built, which is meant to randomly sample the
same size for the positive and negative data. In total, we use
10,000 positive and 10,000 negative training data instances.
To obtain dependency syntactic features, all of the sentences

in the training, development and testing set are parsed using the
Berkeley parser4, which is trained on the Penn Chinese Tree-
bank 6.0, and we then convert the generated phrase-based syn-
tactic trees into dependency trees using the conversion algo-
rithm described in [28], [29].

B. Results on the Phrase-Based Model

To verify the effectiveness of the features used to prune the
phrase table under our uniform framework, we compare dif-
ferent feature groups.
Comparison of Various Features: We tuned the classifiers on

dev-set by 5-fold cross-validation. It means we divided all the
data into 5 parts, 1 of which was used for testing and the rest
for training. Each time we chose a different part for testing,
and then repeated 5 times. Table II shows the average accu-
racy. For each feature group, we attempted different kernel func-
tions and parameters on the training data. In this table, PLTP
includes phrase and lexicalized phrase translation probabilities,
both of which are bi-directional. LRP represents the standard
lexicalized reordering probabilities. The syntactic features con-
sist of source syntactic features (SS) and target syntactic fea-
tures (TS). LenRatio is the length ratio feature. PV represents
the statistics significance feature -value. is the length of the
target phrase, and is the length of the source phrase. We also
compare the two ratios and because the average
sentence lengths of Chinese and English are always different
empirically.

4http://code.google.com/p/berkeleyparser

TABLE III
SIZE AND BLEU FOR DIFFERENT COMBINED FEATURES COMPARED

WITH THE BASELINE ( )

The first two groups of features test how the translation prob-
abilities and the syntactic information separately affect the ac-
curacy of the classification. We add the distortion model feature
to the third group to see whether the distortion feature is useful.
Then, we add the target syntactic information feature after using
the source syntactic information.
Table II shows that the combination of PLTP, LRP, LenRatio

and PV is very effective and that using the syntactic feature
alone is not helpful.
Compared with the predicting capability of the classifiers, we

are concerned more with the reduction in the whole translation
model and the translation quality. Does a higher accuracy al-
ways result in a better performance for the size reduction and
BLEU? Table III shows the changes in the translation model
sizes and their corresponding BLEU scores.
The results in Table III indicate that the translation quality

maintains a relatively consistent trend with the accuracy of the
classifier. Additionally, it is better to add the syntactic features
because the classifier with syntactic features can discard over
75% of the phrase-pairs.
The results also prove that the combination of PLTP, LRP,

LenRatio and PV is very effective in pruning the phrase-pairs,
especially the phrases and lexicalized translation probabilities.
This result is reasonable because the translation candidates with
low translation probabilities are unlikely to be added into the
translation lattice. Thus, these pairs can be eliminated without a
loss of quality.We have noted that the syntactic features without
the addition of the others are weakly supported by the data.
Nonetheless, the classifier with the SS TS features can still
remove nearly half of all phrase-pairs. It is not surprising that
the BLEU score declines with only the syntactic features. The
phrase-based translation model allows illegal syntactic phrases.
For this reason, the loss of large illegal syntactic phrases could
lead to a reduction in the BLEU score.
In Table III, compared with PLTP LRP LenRatio SS

TS PV, the features PLTP LRP LenRatio TS PV
are better for pruning, which appears to imply that the source
syntactic information has a negative effect on the pruning. We
provide an insightful reason for this finding in Section V.
We also compare the different pruned table sizes on the

NIST05 and NIST06 data with different combinations of fea-
tures; these results are shown in Fig. 4. We clearly observe that
it is easier to filter table NIST05 (91.7% at most) and NIST06
(91.1% at most) than to prune the whole table (76% at most).
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Fig. 4. Changes in the table size of NIST05 and NIST06. We can see that it
is better to combine the syntactic features with other features than to use the
syntactic features alone.

TABLE IV
BASIC STATISTICS OF THE ORIGINAL AND PRUNED PHRASE TABLE UNDER

THE FEATURES PLTP LenRatio TS PV

DSN: distinct source phrase numbers ACPS: average candidate-options per
distinct source phrase ALS: average length of distinct source phrases ALT:
average length of target phrases

To find out why the pruning performance on the testing set is
better than on the whole table, we compute statistics about the
original tables and the pruned tables with the most effective
feature group (PLTP LRP LenRatio TS PV) in Table IV.
Table IV explicitly reveals the traits of the original table and

the pruned table. For the original table of NIST05/06, the av-
erage translation options for a distinct source phrase are, in fact,
overloaded. Our classifier can cut off most of the options (ap-
proximately ) and maintain a diverse set of dis-
tinct source phrases. While there are few average options for a
distinct source phrase in the whole table, we tend to keep the
candidate options (only cut off half of the options on average)
and prune many useless distinct phrases (approximately 50%).
We conclude that the 1-to-many phrase-pairs and the 1-to-few
phrase-pairs are distributed differently in the testing set table
and the whole table, which is why the pruning rate cannot reach
a similar achievement on the testing set table and the whole
table.
Another issue from Table IV concerns the lengths of the ratios

of the source and target phrases. Empirically, English sentences
are longer than Chinese sentences; thus, it looks as though a
Chinese phrase should correspond to a longer English phrase.
However, the lengths of the well-translated source and target
phrases prove to be almost equal, as observed in ALS and ALT
in the pruned table. In fact, we obtain a similar result in the
positive training data, which is well-translated pairs, where ALS
is 1.84 and ALT is 1.98.
Testing on a Different Scale of Negative Data: As mentioned

above, we focus on how to prune the phrase table greatly while
maintaining the translation quality. Generally, the ratio of the
scale of negative and positive data will have a large impact
on the classification performance. As we know, having more
negative training data means more discarded phrases, but over-
pruning could harm the translation quality. Thus, we must find

Fig. 5. (a) The reduction in the whole table size. When the negative data in-
creases, the size of the table becomes smaller. CR is the abbreviation for the
compression rate (b) The translation quality of the testing set with different ra-
tios of negative and positive data.

TABLE V
BLEU SCORES ON THE TEST SET WITH AN INCREASING

RATE OF NEGATIVE DATA

an appropriate balance to trade off the phrase size and the trans-
lation quality.
Table V and Fig. 5 show the different sizes of the transla-

tion table and BLEU scores under different ratios (1, 2, 3, 4,
and 5). Like experiment setup before, we also randomly sample
instances from all training data to build the different ratios of
Positive/Negative data. In total, we obtain 10,000 positive and
10,000/20,000/30,000/40,000/50,000 negative training data in-
stances. We choose two groups of features, one of which in-
cludes PLTP, LRP, LenRatio and PV because they outperform
other combinations in terms of the accuracy in Table II and the
translation quality in Table III; the other group of features is ob-
tained by adding TS to Group1 to obtain a better pruning rate
that observed in Table III.
We train our classifier to be more sensitive for negative

data, which successfully reduces more phrases and retains the
BLEU score. With the features in Group2, the whole table
can be pruned to a reasonably small size without harming
the performance too much. We have found that the syntactic
features play a very important role in pruning the phrases. After
the ratio of negative and positive data exceeds 2, the highest
pruning rate is more than 80% but grows much more slowly.
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Thus, we infer that the most suitable ratio is approximately 2,
and we choose the negative samples to be double the positive
in the following experiment.
When facing a new translation model and new development

data, we should determine the best ratio of negative to positive
data, which is not randomly chosen. Fig. 5 shows that the trans-
lation quality changes very slow; we only need to refer to the
trend in the pruning rate curve under a predefined feature com-
bination (see GROUP2). This process is off-line and fast.
Comparison of Various Methods: Table V shows the com-

parison results of previous methods, especially the hard-rule
methods.
TMS is short for the translation model score, which is

computed by summing up the weighted bi-directional phrase
translation probabilities and the bi-directional lexicalized
translation probabilities. By computing all of the TMS scores
for all of the phrase-pairs, we obtain a phrase table that ranks
the scores from high to low. Then, the phrase-pairs that have
a low TMS are pruned when they are lower than the size
threshold, e.g., retaining all, retaining 80%, and so on. In our
experiments, we used 80%, 60% and 40%. We also compare
Histogram pruning, which preserve options for each distinct
source phrase with the highest . LenRatio is a way to
discard a pair whose length ratio of left-hand to right-hand is
outside a given limitation. We also re-implement the method
of usage statistics filtering (USF), which inspires us to obtain
the training data in the way mentioned in Section IV. Then, the
popular pruning method of Fisher’s test is also performed as
a benchmark. Fisher’s exact tests in our experiments are per-
formed with SALM [30]. We also compare Relative Entropy,
and the combination with Fisher’s Test via different interpola-
tion weight ,which is mentioned in [34]. In our experiment,
we used a ratio of 1/2 positive to negative data to train the
classifier.
Table VI clearly shows that when compared with previous

work, our method can provide better translation BLEU scores
with a much larger reduction in the translation table. Approx-
imately 80% of the phrase-pairs are discarded by our method
with the Group2 features. In this experiment, we use

as the upper bound of Fisher’s test. The study in [32] ob-
served a large number of triple-1 phrase or rules and noted most
of them do not occur by chance. A pair whose , and

are all equal to 1 is called a triple-1 pair. In our training
corpus, we find that approximately 1/3 of the whole phrase-table
is triple-1 phrase-pairs, which is a very large number, but that
many of them are useful phrase-pairs.

C. Results on the Hierarchical Phrase-Based Models
Next, we would like to know how effective the method is

when it is extended to the hierarchical phrase-basedmodel. Con-
sidering the balance of training time and the pruning rate, we set
the ratio of negative data to positive data as 2/1.
Pruning Rates and BLEU Scores with Various Features:

Table VII shows the model size reduction and translation
quality when it is applied to the hierarchical translation model.
We have implemented the Relax-Well-Formed (RWF) con-
straints following [19]. RLTP represents the rule and lexicalized
translation probabilities. PV is the significance value feature.

TABLE VI
COMPARISON OF PREVIOUS WORK AND OURS

Fig. 6. Details of PTABLE (Phrase-table) and RTABLE (Rule-table).

LenRatio is the length ratio feature. We use DSS, DTS, and
DBOTH to represent the dependency syntactic feature of the
source, target, and both sides, respectively. Fig. 6 gives the
pruning details of the phrase-table and rule-table in the hierar-
chical translation model.
Table VII tells us that the reduction in the whole size is ap-

proximately 67%, which shows that size of the rule-table is
sharply reduced while the translation performance still main-
tains at a relatively stable level. The comparison of features
suggests that the dependency syntactic features are helpful and
that the system works better when we exclude the source side
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TABLE VII
SIZE AND BLEU OF DIFFERENT COMBINED FEATURES

IN THE HIERARCHICAL MODEL

TABLE VIII
ACCURACY OF CLASSIFIERS WITH DIFFERENT FEATURE COMBINATIONS

P-classifier is for the phrase-table; R-classifier is for the rule-table.

Fig. 7. The reduction in the whole table size with different scales of negative
data in the hierarchical model.

of the dependency syntactic features. An interesting observa-
tion is that we obtain a similar result in the previous experiment
for phrase-based models (Table III). We provide a more detailed
analysis on such results in the next section.
Accuracy Details of Different Classifiers and Feature Set-

tings: Tables VII and VIII show a relatively consistent trend
between the accuracy and translation quality, which is similar
to the experimental results on the phrase-based models.
Testing on a Different Scale of Negative Data: The pruning

rates and BLEU scores for different scales of negative data are
given in Fig. 7. When the amount of negative data increases,
the model pruning rate (RR) becomes higher. We can find that
the best ratio point for this model is approximately 3, where
approximately 70% of the rules can be filtered, and the BLEU
Scores of NIST’05/’06 are 25.83/27.97, which changes slightly.

D. Results on Additional Experiments
All of the features that we used are directly combined into

the classification framework for pruning; in fact, we doubt
whether they can improve the translation quality by adding
them (including PV and LenRatio) into a baseline translation
system as additional log-linear features. Thus, we perform
additional experiments to test this idea, and we test whether the
TMS can be improved in this setup. In order to make the results
stable, we vary initial model parameters and report the average

TABLE IX
COMPARISON OF THE EXPERIMENTAL RESULTS USING THE FEATURES IN A
CLASSIFICATION FRAMEWORK OR DIRECTLY ADDING TO THE DECODER

We use Baseline# to distinguish from Baseline before the results. Additional
features are involved in this translation system. TMS# calculates a composite
score of the additional features aside from the features of TMS in Table VI.

BLEU scores. The experimental results are shown in Table IX.
The new baseline BLEU scores of both sets improve compared
with the original baseline scores (25.30 for NIST05 and 26.86
for NIST06). And performance of our method still outperforms
TMS which loses about 2 points at the 60% pruning rate, while
ours change subtle at 80% pruning rate.

V. FURTHER ANALYSIS AND DISCUSSION

A. Are Target Syntactic Features Better Than Source Features?
As observed from the experimental results above, when we

remove source syntactic features from the full syntactic infor-
mation, the pruning rate becomes higher under both the phrase-
based and hierarchical phrase-based situations. Thus, we have
to guess that the syntactic feature on the target side is more ef-
fective than the syntactic feature on the source side. In the fol-
lowing, we provide a detailed analysis.
We introduce the Average Syntactic Well-Formed (ASW)

samples to test our hypothesis.
Let represents the value of the syntactic feature of a rule

or a phrase. Here, is a binary value in the phrase-based
model but a real value in the hierarchical phrase-based models.
Then, . It is obvious that a larger ASW diver-
gence between the positive and negative data results in better
performance.
Fig. 8 shows the ASW between the positive data and the neg-

ative data. This figure clearly indicates that the ASW divergence
on the target side is more evident than that of the source side.
Our original aim of adding the source syntactic features was

to select the good phrase-pairs or rules that have legal syntactic
or well-formed structures. Unexpectedly, from Fig. 8(b), we see
that the negative data of the source side in the phrase-based
model contains more legal syntactics, which leads to a bad effect
on the pruning rate, as shown in Table III (from 24% to 43%).
A similar result is also shown in Table VI (from 33% to 36%).
From the analysis above, we can conclude that for the Chi-

nese-to-English translation task, it is better not to use the source
syntactic information as a single feature. However, whether the
source syntactic information has the same effect in the opposite
translation direction is to be tested in the future. Considering
the space constraints, we do not perform this experiment in this
paper. If future work gives a contrary result, i.e., the target syn-
tactic information is useless in the English-to-Chinese transla-
tion task, then we can see that the syntactic information is more
closely related to the language itself than to the translation di-
rection. Additionally, the error rates of the parsers will be taken
into account.
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Fig. 8. (a) ASW of the source and target side in the rule-table in hierarchical
training samples (b) ASW of the source and target side in the phrase-table in
phrase-based training samples. Source Head refers to the count of the legal syn-
tactic source head (SHS), and Source Tail refers to that of STS, which is similar
to the Target Head and Target Tail.

TABLE X
PHRASE-TABLE DETAILS OF EACH METHOD BEFORE

AND AFTER THE PRUNING PROCESS

DSN: distinct source phrase numbers CR: compression rate CRM:
compression rate of 1-to-many ( ) phrases CRR: compression rate of
1-to-few ( ) phrases ACPS: average candidate-options per distinct
source phrase ALS: average length of distinct source phrases ALT: average
length of target phrases

B. Discussion About What Types of Phrases will be Discarded

Each pruning method shows a different bias on discarded
phrase-pairs due to different theoretical characteristics of each
method. Table X shows the details of the phrase-table for each
method. In the table, the threshold of Fisher’s significance test is

, the threshold of TMS is 40%, the features of our methods
are GROUP2 features (PLTP LRP LenRatio TS PV), and
the scales of negative and positive training data are the same.

For Fisher’s significance test, if the source and target phrases
have no significant association, then they are discarded. Thus,
many accidentally extracted translation options are cut off,
which causes a large pruning rate of 1-to-many phrase-pairs.
TMS pruning will discard many translation options with

low-weighted translation probabilities, both for 1-to-many and
1-to-few phrase-pairs.
The histogram pruning method leaves out many translation

options that have low phrase translation probabilities; thus,
the 1-to-many phrase-pairs are pruned heavily. However, the
pruned table is still large because no distinct source phrase is
discarded.
The USF method is good at selecting very effective phrase-

pairs in theory, but only when the development set is sufficient
can the whole table become pruned substantially.
Our method takes advantage of composite factors; it achieves

the best performance on both 1-to-many and 1-to-few transla-
tion pairs.

VI. RELATED WORK

For the phrase-based translation model, one of the typical
pruning methods is based on the usage of statistics during the
decoding of development data [5], which could prune most
of the phrase-pairs without a significant loss in the quality of
the PBTS. A similar method is to extract phrase-pairs using a
scoring metric [6]. However, these methods absolutely depend
on the statistics of the development decoding, without any
linguistic information. This arrangement means that a large
amount of development data is required to address an enormous
translation model, and the result involves some inevitable loss
of good linguistic translation pairs.
Another effective method integrated in Moses uses the sig-

nificance test of phrase-pair co-occurrences, which prunes
phrase-pairs using a “ -value” [7]. Similar work based on statis-
tical independence uses “Noise” as the filtering criterion [8]. Be-
sides, some approaches of computing relative entropy [33], [34]
are good at pruning redundant phrases, especially for those long
phrases that can be replaced by shorter phrases. However, all
thesemethodsmentioned above ignore the syntactic information
of phrases and sometimes discard the potential useful phrases
that occur with a low probability in the training corpus. The
paper in [9] uses strict syntactic constraints to prune most of the
phrases. For that application, most of the phrase-pairs violate the
strict constraints, andmany of them are well-translated pairs that
can contribute to the final translation; thus, the strict syntactic
constraints lead to a large reduction in the translation quality.
Nonetheless, it has been proven that using relaxed syntactic
constraints in the source phrase can filter some phrases without
harming the quality [10]. However, little is mentioned about
why the target syntactic information should not be used, and
the pruning capacity still has room to be improved. Some other
work uses syntax to improve word alignments, which results in
a better phrase-table [11]–[14]. These authors can improve the
translation quality, but the model size still remains large because
they concentrate more on decreasing the error propagation
instead of on pruning. The study in [15] introduces a method to
filter the term-pairs validation as a classification problem that
mainly focuses on the newly extracted translation lexicons for
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word alignment, but it employs only manual tagging data and
mainly aims at those term-pairs that have good linguistic value
for alignment, regardless of the translation table size and trans-
lation quality. Another similar study, in [16], employs one-class
SVM to help select good phrase-pairs. Our idea is inspired by
[16]. The major differences lie in feature selection and training
data building: 1) Our underlying principle is to compress a table
maximally while retaining comparable translation quality. The
study in [16] concentrates only on improving the BLEU score;
2) We highlight and use the syntactic and dependency-syntactic
structure information of a phrase-pair or rule; and 3)We propose
a simple but effective way to automatically generate the training
data independent from the selected features. The method in [16]
for obtaining negative training data that is closely related to the
features and the whole process of obtaining the training data is
relatively complicated. Their work focuses on how to improve
the BLEU scores by selecting good translation-pairs. They adopt
oracle decoding methods to obtain positive data and then use an
iterative mapping convergence process to obtain negative data.
However, they do not care about the size of the pruned table.
For the hierarchical phrase-based translation model, [17] ex-

tends the significance test in [7] to the hierarchical phrase-based
model. Because phrases are more sparse than rules with non-
terminals in general, the power of filtering in [7] is somewhat
weak. Apart from these studies, other well-known methods are
based on syntactic information. Most rules in the hierarchical
phrase-based translation model can be discarded under the
constraint of having a well-formed structure on the target side
[18]. However, the experimental results in [19] indicate that
the methods in [18] lead to a significant degradation in the
translation quality. Instead, [19] proposes a Relax-Well-Formed
method to improve the translation quality, with fewer rules
being discarded.

VII. CONCLUSIONS

In this paper, we propose a unified framework to perform
a pruning task on both phrase-based and hierarchical phrase-
based translation models, which greatly reduces the model size
while retaining the translation quality.
In summary, our methods have the following advantages over

existing studies. (1) We exploit and integrate all of the heuristic
features in a classification framework, which makes it more ro-
bust and effective to filter the phrase-pairs or rules. The experi-
mental results have shown that it is effective at pruning approx-
imately 80% of the phrase-pairs and 70% of the rules without
harming the translation quality. (2) The training process of our
classifier is embedded off-line in our framework and is indepen-
dent of the test set (Fisher is also independent). In our classifier,
only two factors are determined. One factor is the feature selec-
tion, and the other factor is the ratio of positive to negative data.
Both of these factors can attain the best combination under our
framework. (3) Training data of the classifier are generated auto-
matically from the decoding path with a tuned translation model
and development data. (4) Our unified framework breaks the
limitation of specific translation model pruning, which makes
it possible to extend and transfer to other syntactic translation
models.

In future work, wewill study themethod using other language
pairs and use other linguistic features according to the charac-
teristics of different languages. Moreover, we wish to use our
pruning framework embedded in other translation models, such
as syntax-based models.
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