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Abstract. Word deletion (WD) errors can lead to poor comprehension
of the meaning of source translated sentences in phrase-based statistical
machine translation (SMT), and have a critical impact on the adequacy
of the translation results generated by SMT systems. In this paper, first
we classify the word deletion into two categories, wanted and unwanted
word deletions. For these two kinds of word deletions, we propose a
maximum entropy based word deletion model to improve the translation quality in phrase-based SMT. Our proposed model are based on
features automatically learned from a real-word bitext. In our experiments on Chinese-to-English news and web translation tasks, the results
show that our approach is capable of generating more adequate translations compared with the baseline system, and our proposed word deletion
model yields a +0.99 BLEU improvement and a -2.20 TER reduction on
the NIST machine translation evaluation corpora.
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Introduction

Recently, although researchers have shown an increasing interest in neural machine translation (NMT) [1–4], statistical machine translation (SMT) also draw
a lot of attention. SMT has been applied to many applications, and the phrasebased translation model has been widely used in modern SMT systems due
to its simplicity and strong performance [5, 6]. To evaluate the quality of machine translation systems, we often consider both adequacy and fluency [7], and
measure the number of edits required to change a system output into one of
the references [8]. For poor translation results with low adequacy, the problem is
mainly caused by word deletion problems, word insertion problems, and incorrect
word choices. Word insertion problems are not common during translation [9].
Incorrect word choices are eliminated by improving translation model [10, 11] or
using domain adaptation [12]. As word deletion (WD) problems have not gotten enough attention in research community, in this paper we propose a context
sensitive word deletion model to address these problems.
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Fig. 1. Example of wanted and unwanted word deletion.
Table 1. Statistics of unwanted word deletion determined by human evaluators from
200 randomly selected machine-translated sentences on the news translation task.
Corpus
# Sentences
# Words
200
3, 293

Unwanted WD
Frequency
Ratio
450
13.67%

There are two kinds of word deletions. First, every language has some spurious words that do not need to be translated, referred to as wanted word deletion.
It is correct that the source spurious words are not translated during translation. See Fig. 1 for an example. The source Chinese spurious word ‘了’ has no
counterparts in the other language and will be translated to empty word  by
decoder. It is possible to learn phrase pairs ‘了, ’ for wanted word deletion from
a word aligned bilingual training corpus. Consequently, SMT systems realize
the function of wanted word deletion. However, unwanted word deletion appears
along with wanted word deletion during phrase extraction. For example, the
phrase pair ‘微型 电脑, micro’ in Fig. 1 is an unwanted word deletion as the
source meaningful word ‘电脑’ has no counterparts in the target language and
results in a translation error. An unwanted word deletion seriously influences
the adequacy of translation results generated by SMT systems. Unwanted word
deletion is very common in SMT systems, from Table 1 we can see that the
ratio of unwanted word deletion is as high as 13.67% of all 3, 293 words in our
200 randomly selected sentences determined by human evaluators, and there are
about 2.5 meaningful words that are not translated at all in each sentence on
average. In this paper, we try to explore the research into wanted and unwanted
word deletions for the phrase-based SMT system.
To address wanted and unwanted word deletion problems, first of all, we
should judge whether a source word is a spurious or meaningful word. For a
source spurious word, we do not want to translate it during translation, which is
referred to as ‘deleted’. On the contrary, a source meaningful word that we want
it to be correctly translated is referred to as ‘reserved’. Obviously, this problem
can be cast as a binary classification problem. Consequently, we propose a novel
maximum entropy based context sensitive model to improve the translation quality. The proposed word deletion model based on maximum entropy automatically
learns features from a real-world bitext. During decoding, our proposed model
is embedded inside a log-linear phrase-based model of translation. Finally, experimental results demonstrate that our proposed methods achieve significant

improvements in BLEU [7] and TER [8] score on the Chinese-to-English news
and web translation tasks. For example, it yields a +0.99 BLEU improvement
and a -2.20 TER reduction on the NIST MT evaluation corpora.

2

Statistical Machine Translation

The goal of machine translation is to automatically translate from a source string
f1J to a target string eI1 . In SMT, this problem can be stated as: we find a target
string êI1 from all possible translations by the following equation:

(1)
êI1 = arg max{P r eI1 |f1J }
eI1


J

where P r eI1 |f1 is the probability that eI1 is the translation
 of the given source
I J
J
string f1 . To model the posterior probability
P r e1 |f1 , our decoder utilizes

the log-linear model [13]. P r eI1 |f1J is calculated as follows:
P

exp( a λa ha (f1J , eI1 ))
P
P r eI1 |f1J = P
(2)
J I∗
∗
eI exp(
a λa ha (f1 , e1 ))
1

{ha (f1J , eI1 )|a

where
= 1, ...} is a set of features, and λa is the feature weight
corresponding to the a-th feature. ha (f1J , eI1 ) can be regarded as a function that
maps each pair of source string f1J and target string eI1 into a non-negative
 value,
and λa can be regarded as the contribution of ha (f1J , eI1 ) to P r eI1 |f1J . Ideally,
J I
λa indicates the pairwise
 correspondence between the feature ha (f1 , e1 ) and the
overall score P r eI1 |f1J . A positive
value
of
λ
indicates
a
positive
correlation
a

J I
I J
between ha (f1 , e1 ) to P r e1 |f1 , while a negative value indicates a negative
correlation.
In a general pipeline of SMT, λ is learned on a tuning data set to obtain
an optimized weight vector λ∗ . To learn the optimized weight vector λ∗ , λ is
usually optimized according to a certain objective function. The objective function should take the translation quality into account and can be automatically
learned from MT outputs and reference translations. Therefore, we use BLEU to
define the error function and learn optimized feature weights using the minimum
error rate training method [14].
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3.1

Context Sensitive Word Deletion Model
Word Deletion Model

As mentioned in section 2, all the features used in our system are combined in
a log-linear fashion. So, Given a derivation v, the corresponding model score is
calculated as follows:
Y

P r eI1 , v|f1J =
P rl (fjj12 , eii21 ) × P rr (v)λr × P rlm (eI1 )λlm × WDλWD
j

i

(fj 2 ,ei2 )∈v
1

1

(3)
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Fig. 2. Example of phrase pairs for illustrating context condition.

where 1 ≤ i1 , i2 ≤ I, 1 ≤ j1 , j2 ≤ J, P rr (v) is the maximum entropy based
reordering model proposed in [15], and λr is its weight. P rlm (eI1 ) is the n-gram
language model score, and λlm is its weight. We use P rl (fjj12 , eii21 ) to calculate
the probability of the lexical rule.
P rl (fjj12 , eii21 ) =p(eii21 |fjj12 )λ1 × p(fjj12 |eii21 )λ2 ×
plex (eii21 |fjj12 )λ3 × plex (fjj12 |eii21 )λ4 ×
exp(1)λ5 × exp(|eii21 |)λ6

(4)

where p(·) are the phrase translation probabilities in both directions, plex (·) are
the lexical translation probabilities in both directions, and exp(1) and exp(|eii21 |)
are the phrase penalty and word penalty, respectively.
WD in Equation 3 is our proposed context sensitive word deletion model,
and λWD is its weight. For the word deletion model WD, we define it on source
word fj , context context(fj ) and deletion d ∈ {deleted, reserved}. WD is defined
as follows:
WD = f (d, fj , context(fj ))

(5)

where fj is a source word that needs to be translated. context(fj ) is the context
words around the source word fj . d is deletion or not that based on the word
alignments between the source sentence sI1 and the target sentence tJ1 , which
covers the value over deleted and reserved. If fj is a source spurious word and we
do not want to translate it during translation, d = deleted. On the other hand,
if fj is a source meaningful word and we want it to be correctly translated,
d = reserved. We will describe the proposed model in the next section.
3.2

Maximum Entropy Based Word Deletion Model

In this section, first, we will explain why we use context to address word deletion
problems. Through data analysis determined by human evaluators, we can see
that incorrect context condition is the main cause for the incorrect word deletion.
See Fig. 2 for an example. The phrase pair ‘电脑 程序, program’, whose source
meaningful word ‘电脑’ is translated to  based on this context, is correct. ‘电脑’
that can be regarded as a spurious source word based on this context is referred
to as wanted word deletion. If our bilingual training corpus contains this phrase
pair, then the phrase pair ‘电脑, ’ will be produced during phrase extraction.

But for phrase pairs ‘微型 电脑, micro computer’, ‘电脑’ can not be translated
to  based on current context. During translation, ‘微型 电脑’ will be translated
into ‘micro’ if the phrase pair ‘电脑, ’ is selected by the decoder. Then an
unwanted word deletion occurs. Consequently, based on the context of a given
source word, we want to automatically learn correct wanted and unwanted word
deletion models. Therefore, we propose a context sensitive word deletion model
to address word deletion problems.
As described above, we defined the word deletion model WD on three factors:
source word fj , context(fj ), and the word deletion d. The central problem is that
given fj and context(fj ), how to predict d ∈ {deleted, reserved}. This is a typical
problem of two-class classification. To be consistent with the whole model, the
conditional probability p(d|fj , context(fj )) is calculated. A good way to this
problem is to use features of source lexical words and word alignments between
source and target sentence as word deletion evidences. It is very straight to use
maximum entropy model to integrate features to predicate word deletions of the
source word fj . Under the maximum entropy based model, we have:
P
exp( b θb hb (d, fj , context(fj )))
P
(6)
WD = pθ (d|fj , context(fj )) = P
∗
d∗ exp(
b θb hb (d , fj , context(fj )))
where the functions hb ∈ {0, 1} are model features and the θb are weights of the
model features which can be trained by different algorithms [16].
3.3

Word Deletion Examples and Features

If we want to extract high-precision word deletion examples, first we should
have a bilingual corpus with high-precision word alignments. We obtain the word
alignments using the way in [15]. After running GIZA++ in both directions [17],
we apply the grow-diag-final-and refinement rule on the intersection alignments
for each sentence pair.
A word deletion example is a triple (d, fj , context(fj )). In the bilingual training corpus with high-precision word alignments, for the source word fj , if there
exists a target word ei that is aligned to fj , d = reserved. Otherwise, d =
deleted.
With the extracted word deletion examples, we can obtain features for our
maximum entropy based context sensitive word deletion model. See Fig. 3 for
an example, we want to justify if the current source word ‘一台’ or ‘了’ should
be deleted or reserved. The feature templates for our method is shown here:
– the lexical form of the source word fj itself, here is ‘一台’ or ‘了’.
– the lexical forms fj−2 , fj−1 , fj+1 , and fj+2 . Where fj−2 and fj−1 are the
two words to the left of fj , and fj+1 , and fj+2 are the two words to the right
of fj .
Then we can obtain two word deletion examples for the source spurious and
meaningful words, respectively:
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Fig. 3. The lexical form of words in rectangle are the features that used in maximum
entropy word deletion model.

– d=reserved, fj =一台, fj−2 =买, fj−1 =了, fj+1 =微型, fj+2 =电脑
– d=deleted, fj =了, fj−2 =我, fj−1 =买, fj+1 =一台, fj+2 =微型
We first extract word deletion evidences from our 2.43M bilingual training
data with word alignments. Then, we use the MaxEnt toolkit1 to tune the feature
weights. Finally, the proposed maximum entropy based WD model is integrated
into the standard log-linear model used by our decoder in Equation 3.
3.4

Decoder

After training the context sensitive word deletion model WD with the maximum
entropy approach, we integrate it into our log-linear phrase-based model during
decoding. Here, the source sentence f1J that is needed to be translated is ‘我买
了一台微型电脑’, after tokenization we can get a string ‘我 买 了 一台 微型 电
脑’. For every word fjj12 in f1J , 1 ≤ j1 , j2 ≤ J, we will use WD model to justify
if it is needed to be deleted or reserved.
When we translate the Chinese source word ‘了’, the WD model shows that
it is more likely to be spurious word and needed to be ‘deleted’ based on current
context during translation. When the decoder selects the phrase ‘买 了, bought’
in Fig. 4(a) that contains source word ‘了’ and does not have any correspondences
for ‘了’ in the target side, then the WD feature will be active during translation.
But when the decoder selects the phrase in Fig. 4(b) that contains source word
‘了’ and the target word ‘a’ is aligned to ‘了’, then the WD feature will be
inactive for the phrase (买 了, bought a) during translation.
Now we switch to the source meaningful word. When we translate the Chinese
source word ‘微型’, the context sensitive model shows that it is more likely to
1

http://homepages.inf.ed.ac.uk/lzhang10/maxent.html
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Fig. 4. Sample phrases pairs used during decoding.

be meaningful word and needed to be ‘reserved’ based on this context. When
the decoder selects the phrase (一台 微型, a micro) in Fig. 4(c) that the target
word ‘micro’ is aligned to the source word ‘微型’, then the WD feature will be
active during decoding. Otherwise, the WD feature will be inactive if the decoder
selects the phrase (一台 微型, a) in Fig. 4(d) as there are no correspondences
for the Chinese source meaningful word ‘微型’.

4

Evaluation

In this section, we describe our method of evaluating the context sensitive word
deletion model to address word deletion issues in SMT. We applied the proposed
methods to a state-of-the-art phrase-based SMT system [18] and carried out
experiments on Chinese-to-English news and web translation tasks.
4.1

Experiment Setup

We developed a CKY style decoder that employed a beam search and cube
pruning to build our phrase-based SMT system [19]. Our SMT system used
all standard features adopted in the current state-of-the-art phrase-based system, including bidirectional phrase translation probabilities, bidirectional lexical
weights, an n-gram language model, target word penalty and phrase penalty. In
addition, the ME-based lexicalized reordering model was employed in our system [15]. The reordering limit was set to 8 and the beam size was set to 30. The
maximum length of source and target phrases were limited to 5 words.
Our experiments were conducted on two Chinese-to-English translation tasks:
news and web domains. In both domains, our bilingual data consisted of 2.43
million sentence pairs selected from the NIST portion of the bilingual data of
NIST MT 2008 Evaluation. The 5-gram language model for both translation
tasks was trained on the Xinhua portion of English Gigaword corpus (16.28M)
in addition to the target side of the bilingual data. For the news domain, we used
the NIST 2006 news MT evaluation set as our development set (616 sentences)
and the NIST 2008 news, 2008 progress news, and 2012 news MT evaluation sets

Table 2. BLEU4 scores of the baseline and the proposed maximum entropy based
model in Chinese-to-English news translation. Here, * indicates significantly better on
test performance at the p = 0.05 level compared to the baseline method.
Method
baseline
+
+  + maxent

2006
30.58
31.28∗
31.57∗

BLEU on News Data [%]
2008
2008 pro 2012
29.60
27.22
29.42
29.68
27.46
30.08∗
∗
∗
30.25
28.13
30.28∗

Table 3. BLEU4 scores of the baseline and the proposed maximum entropy based
model in Chinese-to-English web translation. Here, * indicates significantly better on
test performance at the p = 0.05 level compared to the baseline method.
Method
baseline
+
+  + maxent

2006
28.03
28.44
28.77∗

BLEU on Web Data [%]
2008
2008 pro
21.28
22.41
21.68
22.78
21.99∗
23.01∗

2012
19.68
19.95
19.91

as our test sets (691, 688, and 400 sentences). For the web domain, we used the
NIST 2006 webdata MT evaluation set as our development set (483 sentences)
and the NIST 2008 web, 2008 progress web, and 2012 web MT evaluation sets
as our test sets (666, 682, and 420 sentences).
The GIZA++ tool was used to perform the bidirectional word alignment
between the source and target sentences [17]. After running GIZA++ in both
directions, we applied the grow-diag-final-and refinement rule on the intersection
alignments for each sentence pair.
4.2

Results

Table 2 and Table 3 depict the BLEU scores of the baseline approach (Row
‘baseline’) and the maximum entropy based WD model (Row ‘++maxent’) on
Chinese-to-English news and web translation tasks. In order to compare with the
method proposed by Li et al. [20] to address spurious source word translation,
a specific empty symbol  on the target language side is posited and any source
word is allowed to translate into  (Row ‘+’). This symbol is just visible in phrase
table. That is,  is not counted when calculating language model score, word
penalty and any other feature values, and it is omitted in the final translation
results. For our proposed context sensitive WD model, any source word is also
allowed to translate into .
On the Chinese-to-English news translation in Table 2, first we can see that,
when empty symbol  is posited on the target language side (Row ‘+’), the
baseline system achieved BLEU score increase of 0.70, 0.08, 0.24, and 0.66 on
NIST 2006 news, 2008 news, 2008 progress news, and 2012 news, respectively.
From this we can say that it is better to improve translation quality in BLEU
score when any source words are allowed to translated to empty word . Second,

Table 4. TER scores of various methods in news translation. For TER, lower is better.
Method
baseline
+  + maxent

2006
76.31
74.15

TER on News Data [%]
2008
2008 pro 2012
59.65
60.30
60.54
58.20
59.10
58.34

Table 5. TER scores of various methods in web translation. For TER, lower is better.
Method
baseline
+  + maxent

2006
62.31
60.33

TER on Web Data [%]
2008
2008pro
63.92
63.06
62.33
61.31

2012
66.95
65.53

we can see that our proposed context sensitive WD model significantly improve
the BLEU score on both development and test sets (Row ‘++maxent’). Our
proposed method achieved BLEU score increase of 0.99, 0.65, 0.91, and 0.86 on
development and test datasets, respectively.
When we switch to Chinese-to-English web translation in Table 3, the experimental results are similar to those in Table 2. When introduced empty symbol
 (Row ‘+’), the baseline system achieved BLEU score increase of 0.41, 0.40,
0.37, and 0.27 on NIST 2006 web, 2008 web, 2008 progress web, and 2012 web,
respectively. For our proposed context sensitive model (Row ‘++maxent’), the
achievements are 0.74, 0.71, 0.60, and 0.23 points on the BLEU score for the
NIST 2006 web, 2008 web, 2008 progress web, and 2012 web, respectively.
Translation Edit Rate (TER) is an error metric for machine translation that
measures the number of edits required to change a system output into one of the
references [8]. Snover et al. [8] showed that the single-reference variant of TER
correlates as well with human judgments of MT quality as the four-reference
variant of BLEU. So, in addition to use BLEU score to evaluate the translation
quality for statistical machine translation system, we also use TER metric to
evaluate our proposed context sensitive WD model for the word deletion problems. Different from BLEU score, the lower is better for TER metric. Table 4 and
Table 5 depict the TER scores of the baseline approach and the proposed methods on Chinese-to-English news and web translation tasks. On news translation
in Table 4, we can see that our proposed method (Row ‘++maxent’) yields a
gain of 2.16, 1.45, 1.20, and 2.20 TER score decrease on the development and
test sets, respectively. When we switch to web translation in Table 5, the experimental results are similar to those in Table 4. For example, our proposed method
(Row ‘++maxent’) achieved TER score decrease of 1.98, 1.59, 1.75 and 1.42
on the development and test sets, respectively. Therefore, we can conclude that
our proposed maximum context sensitive word deletion model can significantly
improve the translation quality in TER metric for Chinese-to-English news and
web translation.

5

Related Work

Although researchers have shown an increasing interest in NMT [1–4], SMT also
draw a lot of attention. There are many problems that SMT finds difficult to
solve and the word deletion issue is among them. Several studies have addressed
the word deletion problems, Li et al. [21] proposed four effective models to handle
undesired word deletion. Parton et al. [22] presented a hybrid approach, APES, to
target adequacy errors. Huck and Ney [23] investigated an insertion and deletion
model that was implemented as phrase-level feature functions that counted the
number of inserted or deleted word. Zhang et al. [24] focused on unaligned words
only and applied hard deletion and optional deletion of the unaligned words on
the source side before phrase extraction. Though easy to implement, this method
introduced more noise into the phrase table. They showed that reducing the
noise in phrase extraction is more effective than improving word alignment [25,
26]. Menezes and Quirk [27] presented an extension of the treelet translation
method to include order templates with structural insertion and deletion. Li et
al. [20] proposed three models to handle spurious source words. They utilized
different methods to calculate the translation probability that the source words
are translated into empty word .
In contrast to previous studies, we first categorize word deletion problems into
wanted and unwanted word deletion. Second, we proposed maximum entropy
based context sensitive word deletion model to address both the wanted and
unwanted word deletions.

6

Conclusion

In this paper, we tackled the word deletion issue for the phrase-based SMT.
First of all, we classified word deletion problems into two categories, wanted
and unwanted word deletion. For these two kinds of word deletion problems,
we proposed a context sensitive WD model to address them. The proposed WD
model are based on features automatically learned from a real-word bitext. We
evaluated our proposed methods on Chinese-to-English news and web translation
tasks, and the experimental results demonstrated that our proposed context
sensitive model achieved significant improvements in BLEU and TER scores.
On the NIST Chinese-to-English evaluation corpora, it achieved a +0.99 BLEU
improvement and a -2.20 TER reduction on top of a baseline system.
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