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Abstract

This paper presents our work in the e-
valuation task of the 11th China Work-
shop of Machine Translation (CWMT).
The MT system is a phrase-based sys-
tem, and built based on Moses. In this
task, all the translation systems were
constructed based on our data selec-
tion method using recursive neural net-
work (RNN). We evaluated different s-
election methods and submitted three
language pairs systems: Chinese-to-
English (CE), English-to-Chinese (EC)
and double blind (DB).

1 Introduction

CWMT aims to provide a platform for
the communications and academic exchanges
in the field of machine translation (MT),
with a special emphasis on the Chinese lan-
guage. The evaluation task is held every
two years. This year, the evaluations fo-
cus on six language pairs including Chinese-
to-English, English-to-Chinese, Mongol-to-
Chinese, Tibet-to-Chinese, Uygur-to-Chinese
and Double Blind. In this report, we present
our submitted MT systems on English-to-
Chinese, Chinese-to-English, and the Double
Blind translation. The Double Blind transla-
tion task is a new trial in the CWMT, where
both the source and target languages are en-
coded into unknown languages pair. The par-
allel training and development data are pro-
vided in form of sentences and parse struc-
tures, to accommodate both phrase-based and
syntax-based translation paradigms. An en-
coded monolingual corpus for target language
is also provided for training the language mod-
el (LM). The objective of this evaluation aims
to assess the performance of the core model

in a more focus way. The participants can put
more attention on the design of the translation
model itself rather than any language depen-
dent pre- and post-processing.

We carefully inspected all of the concerned
corpora, in particular the Chinese-English
and English-Chinese data. A series of pre-
processing steps are conducted. After pro-
cessed, the number of Chinese and English
sentences are nearly 8 million. Constructing
translation models using such a large corpus is
not only time consuming, but also costs a lot of
computational resources, in particular, when
we experimented with different model settings
and tunings. To cope with this, our strategy
is to use a small but relevant data for con-
structing the translation systems. Data selec-
tion (Wang et al., 2014a; Axelrod et al., 2011)
is an ideal approach. We not only can save
time and resource in building multiple models,
but also can obtain a comparable or even bet-
ter models. Most importantly, we gain more
time in spotting the problems and determining
the model with the best parameters. Different
from previous works (Lu et al., 2014a; Wang
et al., 2013) that relied on some amount of in-
domain parallel data (i.e. tens of thousands
parallel sentences), in this evaluation task we
used the official test set as the in-domain data
which is monolingual and consists of 1,100 sen-
tences only. While the training data is treated
as general-domain data. We participate the
constrained track of the evaluation. All the
resources used in building the MT systems are
constrained to training data provided by the
organizer.

The rest of this report is as follows: Sec-
tion 2 presents the background and the da-
ta selection methods investigated in this work.
Section 3 describes the construction details of
MT models for three language pairs. Section
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4 gives the official results, followed by a con-
clusion to end this paper.

2 Domain Adaptation and Data
Selection

The state-of-the-art phrase-based machine
translation uses data-driven method to build
the translation system. According to this sce-
nario, the more the training data it uses, the
better the model it is. But the problem is that
the performance of statistical machine transla-
tion (SMT) system is not only relevant to the
quantity of training data, but also depends on
the quality of data. In reality, it is very diffi-
cult to collect a large amount of training data
which is highly relevant to the domain of text
to be translated. On the other hand, smal-
l amount of domain specific data is easier to
collect and construct, but which is far from e-
nough for training a good translation model
due to insufficient of the data. This estab-
lishes a research direction of data selection for
domain adaptation in the context of SMT.

In domain adaptation, training data is treat-
ed as general-domain data. The general-
domain data is usually considered as a large
corpus that embraces data which is relevant
to the domain of target text, i.e. in-domain
data. Given a small in-domain data, data se-
lection is to extract domain specific sentences
from the general-domain corpus by taking the
given in-domain data as reference. The ex-
tracted content is used together with the in-
domain data for building a domain specific
translation system. In data selection, there
are two application scenarios. The first appli-
cation is to enlarge the content of in-domain
data by adding relevant parallel sentences se-
lected from a rich data set, e.g. crawled from
online sources. While in the second applica-
tion, instead of using a large and (target do-
main) irrelevant data, data selection model is
used to filter out such irrelevant sentences and
preserve only the consistent and relevant da-
ta. Both of those application objectives aim
to produce a better translation system. Our
work in this evaluation belongs to the latter
case.

Cross-entropy is widely used in the study
of data selection methods. Moore and Lewis
(2010) consider the cross-entropy of source

sentences with respective to an in-domain
language model, LMI , and the non-specific-
domain language model, LMN . The sentences
are scored based on the difference of cross-
entropies. The sentences whose score are less
than a threshold T are considered as domain
specific data and selected.

T = HI(s)−HN (s) (1)

where HI(s) and HN (s) are the cross-entropies
of sentence, s, according to the in-domain lan-
guage model, LMI , and non-specific-domain
language model, LMN , respectively.

Axelrod et al. (2011) extend the work to
bilingual application. They score a paral-
lel sentence pair by taking the sum of cross-
entropy differences from both the source and
target sentences, according to the following e-
quation:

T = [HI−src(s)−HN−src(s)]

+[HI−tgt(s)−HN−tgt(s)]
(2)

Duh et al. (2013) use a neural language
model (Bengio et al., 2003) instead of conven-
tional n-gram model. He observed that a large
amount of words are not seen from the general-
domain sentences according to the in-domain
data, and more than 60% sentences contain at
least one unknown word. Although this prob-
lem can be solved by using back-off and other
smooth techniques, the neural language model
provides a better way in smoothing the prob-
abilities of unseen words but similar contex-
t. However, these methods based on language
models suffer from a problem that they do not
take the syntactic and semantic information of
sentences into consideration. Especially in the
context of data selection, such linguistic fea-
tures of sentences are the vital clues. In this
work, we design a data selection model based
on recursive neural network (Lu et al., 2014b).
The model is first trained by using both in-
domain and out-domain data for inducing the
representation of sentences. Then a logistic
regression classifier is constructed from these
sentence representations and domain label. Fi-
nally, the recursive neural network model and
the classifier are used for generating the repre-
sentations of sentences and scoring. The sen-
tences whose score are higher than a threshold
T are selected as relevant data.
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3 Experiments

3.1 Chinese and English Translations

In this section, we describe the details in con-
structing the translation systems for Chinese-
to-English and English-to-Chinese.

3.1.1 Data Preparation

As mentioned, phrase-based machine transla-
tion is data-driven. So careful preparation for
training data may lead to very significant im-
provements in translation quality. Considering
the difference between Chinese and English, a
series of preparation steps are carried out for
these two languages separately.

Tokenization: For English, we use the
Moses (Koehn et al., 2007) accompanied
scripts to tokenize the text. Tokenization sep-
arates the words from punctuation and change
some special symbols to escape codes which
can be recognized by the decoder, for example,
converting apostrophe ”′” to ”&apos”. Anoth-
er adjustment is the truecasing. The intention
of this is to prevent the word alignment mod-
el from generating spurious candidates caused
by initial capital of words. That may affect
the alignment distributions learned from the
model. Take the two English sentences for ex-
ample, I want to buy some books, and Books
are our friends, the word books in these sen-
tences refers to the same meaning书. Because
the initial capital of the second sentence, two
possible alignments, books↔书 and Books↔
书, are produced. The toolkit we used is ac-
companied with the Moses.

Word Segmentation: For Chinese, the to-
kenization falls into the segmentation of tex-
t. Empirical experiments show that different
Chinese segmentation models lead to different
translation quality (Zeng et al., 2013; Zeng et
al., 2014). In this task, we try different off-the-
self segmentation models including ANSJ1, S-
tanford Tokenizer (Chang et al., 2008) and our
SMT-based Chinese Word Segmentation mod-
el (Zeng et al., 2014), which takes the word
alignment information of the training data in-
to consideration. Please refer to Zeng et la.
(2014) for more details.

Deduplication: According to observation,
duplicate sentences are found in both Chinese

1https://github.com/NLPchina/ansj_seg

and English data. This may lead to unpre-
dictable result of the model, so we remove all
the duplicates from the training data, includ-
ing the sentences pair caused by case (case-
insensitive criteria).

Long Sentences Removal: The last step
is deleting sentences limited with maximum
length, as long sentences will degrade the
alignment quality. This year, the organizer
does not offer the baseline system and con-
figurations for reference, we empirically set
the maximum sentence length to 40 and 50,
respectively, and included it in our experi-
ments. Table 1 shows the statistics of the
training data. SegSMT stands for our SMT-
based Chinese Word Segmentation model. We
prepared 8 different sets of training corpo-
ra, according to the different Chinese word
segmentation models and the maximum sen-
tence length constraint. We found that more
(i.e. around ten thousand) sentences were dis-
carded in using ANSJ segmentation model,
compared with other segmentation methods,
showing that more single Chinese characters
are being recognized as words by ANSJ tool.

3.1.2 Language Model

Language model (LM) is an essential part to
a translation system, whether a LM is good or
not plays a vital role in hypothesis decoding
(translation). So preparation of training data
is important. The data we used for training
the LM includes the target sentences of the
parallel corpus, and the monolingual data pro-
vided by the CWMT organizer. We adopted
the same preprocessing steps as described in §
3.1.1, except the step of constraining the max-
imum sentence length. For English, we con-
ducted the text tokenization and truecasing.
While for Chinese, we used StanfordPKU word
segmentation, as we found that with the given
training data, the Stanford Tokenizer trained
on Peking University Corpus (Yu et al., 2003)
exhibits highest BLEU score among the four
Chinese-to-English translation systems. Table
2 shows the statistic of LM model data.

In the table, Len. stands for the average
sentence length. It is noted that the average
sentence length of Chinese text is nearly dou-
ble the English ones. But, there is no any cor-
relation with the size of Chinese and English
data, where the number of Chinese sentences
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Tokenizer Language Length Sentences Tokens Average Length

ANSJ
CH

1-40 6,765,089 104,840,261 15.49
1-50 7,003,963 114,504,506 16.34

EN
1-40 6,765,089 106,671,600 15.76
1-50 7,003,963 116,670,472 16.65

SegSMT
CH

1-40 6,790,063 96,641,697 14.23
1-50 7,015,937 105,046,355 14.97

EN
1-40 6,790,063 107,581,354 15.84
1-50 7,015,937 117,250,116 16.71

StanfordCTB

CH
1-40 6,782,361 102,168,309 15.06
1-50 7,012,291 111,279,369 15.87

EN
1-40 6,782,361 107,256,599 15.81
1-50 7,012,291 117,019,697 16.69

StanfordPKU

CH
1-40 6,778,457 102,860,336 15.17
1-50 7,010,847 112,062,894 15.98

EN
1-40 6,778,457 107,125,133 15.80
1-50 7,010,847 116,960,760 16.68

Table 1: Statistic Summary of the Prepared Training Data

is twice as many as English.

3.1.3 Experiment Setup

In the training pipeline, Fast Align (Dyer et
al., 2013) with grow-diag-final-and was used
to generate the word-to-word alignments. The
5-gram LM models were built using the S-
RILM toolkit (Stolcke and others, 2002), s-
moothed with improved Kneser-Ney discount-
ing. The lexicalized reordering model was
trained by using msd-bidirectional-fe. The
weighting parameters of the model were tuned
via minimum-error-rate (Och, 2003) on the
provided development set. We used BLEU
(Papineni et al., 2002) as the metric to evalu-
ate the performance of all constructed system-
s.

3.1.4 Evaluation and Analysis

To evaluate various methods, models and con-
figurations, we implemented the experiemnt
on Chinese-to-English language pair and ran-
domly selected 1,000 Chinese sentences from
the training data as the test set.

Baseline System: The baseline model was
built on the original and unprocessed training

Lang. Sent. Tokens Len.

English 7,885,206 131,350,289 16.66
Chinese 15,663,416 487,604,950 31.13

Table 2: Statistics of LM Training Data

data. That is we did not do any preprocess-
ing to the data, i.e. the steps described in §
3.1.1. For Chinese segmentation, we employed
the Stanfordctb tokenizer that trained on Pen-
n Chinese Treebank (CTB) (Xue et al., 2005).
The total number of sentences of the training
data is 7,780,333. We want to see the impact
of data preparation work for the final result.

Segmentation Models: In the first ex-
periment, we would like to explore how the
segmentation of Chinese text affects the end-
to-end translation performance of the trained
models. In this evaluation, we carried out the
data preprocessing procedures as described in
§ 3.1.1. Two sets of training data were pre-
pared by considering the maximum sentence
length, MaxLen = 40 and MaxLen = 50.
For each of which, four different segmentation
models were applied, and a translation system
was trained on it. Table 3 presents the perfor-
mance of the models, SY S〈∗〉−〈+〉, where 〈∗〉
represents different segmentation models, and
〈+〉 indicates the cutoff threshold of the max-
imum sentence length.

From the results, we observed that most of
the models gain improvements over the base-
line on the development data, except the mod-
els of SY SSegSMT−〈+〉. The probable reason of
this drop is due to the training data and the
induced word alignments, which we used for
training the segmentation model. In the fu-
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ture, we will look into this problem. Regard-
ing the test data, only three of the models ex-
hibited statistically significant improvements
over the baseline model. Among the evaluat-
ed systems, the SY SStanPKU−50 achieved the
best performance, giving a BLEU point gain
of 1.48 and 1.89 on development and test data
over the baseline system, we also extend the
limited sentence length to 60, but result is not
better than that of 50.

Model
BLEU
(dev)

BLEU
(test)

Baseline 23.86 31.59

SYSANSJ-40 24.97 30.20
SYSSegSMT-40 22.33 29.85
SYSStanPKU-40 25.17 31.38
SYSStanCTB-40 24.92 32.64

SYSANSJ-50 24.68 31.96
SYSSegSMT-50 22.36 32.30
SYSStanPKU-50 25.34 33.48
SYSStanCTB-50 25.31 33.43

Table 3: The Performance of Data
Preparation

Data Selection: In this section, we com-
pared the data selection methods on the
task of translation based on the setting of
SYSStanPKU-50, that we described in § 2. This
includes the cross-entropy (CrEn) model of
Moore and Lewis (2010) with the same LM
settings as § 3.1.3, neural LM (nLM) model
of Duh et al. (2013) and the recursive neural
network (RNN) model of Lu et al. (2014b).
In determining the selection threshold, we ex-
perimented with different selection rates from
20% to 80% of the training data with a step of
20%. We wanted to investigate the translation
performance of systems that trained on differ-
ent size of the data. The results are presented
in Table 4. From the evaluations, it displays
our findings. First, we confirm the result of
Duh et al. (2013), that using a recurrent neu-
ral language model to replace the conventional
n-gram model improves the translation perfor-
mance. Second, our proposed recursive neural
network data selection model outperforms oth-
er models in all data sets. These findings can
be witnessed from the translation results that
evaluated on the development and test data,
as shown in Table 4.

Model BLEU(dev) BLEU(test)

Baseline 23.86 31.59

SYSStanPKU-50 25.34 33.48

SYSCrEn-20 21.63 26.18
SYSnLM-20 21.89 26.30
SYSRNN-20 22.66 26.46

SYSCrEn-40 22.95 29.48
SYSnLM-40 23.30 29.42
SYSRNN-40 24.09 29.6

SYSCrEn-60 23.62 31.89
SYSnLM-60 23.73 31.03
SYSRNN-60 24.54 32.15

SYSCrEn-80 24.28 32.96
SYSnLM-80 24.72 33.29
SYSRNN-80 25.19 33.50

Table 4: Translation Results of Systems
Trained on Selected Data

Normalization of Punctuation: During
the development, we discovered the English
tokenizer produced the special words as Fig-
ure 1 shows, it seriously affects the quality of
word alignment model, and as a consequence,
this affection propagates to the subsequent
processes and impacts the overall translation
quality. We toke a closer look at the problem

The Original Sentence1:

I wasn’t aware you are having a session .

Sentence1 after tokenization:

I wasn鈥檛 aware you are having a session .

The Original Sentence2:

we didn’t tell him he probably would never make 
the team , so he didn’t know .

Sentence2 after tokenization:

we didn鈥檛 tell him he probably would never make 
the team , so he didn鈥檛 know .

Figure 1: Problem of Punctuation

and found that the single quotation and apos-
trophe are incorrectly used (and interchange-
ably used) through the data. It causes the
tokenizer unable to correctly distinguish the
punctuation in the context, and resulted in
turning it into a special word. We addressed
this issue by normalizing the punctuation to
the right practice. We then trained a model
using the same data as SYSRNN-80 after nor-
malization, and obtained a statistically signifi-
cant improvement with a gain of 1.83 and 2.49
BLEU points on the development and test da-
ta compared with baseline system. Table 5
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presents the results of the best models con-
cluded from each of the experiments.

Model
BLEU
(dev)

BLEU
(test)

Baseline 23.86 31.59
SYSStanPKU-50 25.34 33.48

SYSRNN-80 25.19 33.50
SYSPunNorm 25.69 34.08

Table 5: The Performance of Selected
Models

SYSPunNorm has the best performance a-
mong all models, so we adopt the same set-
ting for our Chinese-to-English submitted sys-
tem, because all training and develop data for
Chinese-to-English and English-to-Chinese are
the same, we use the same setting for English-
to-Chinese submitted system.

3.2 Double Blind Translation

This section presents the details in implement-
ing the systems for the Double Blind transla-
tion task.

3.2.1 Data Preparation

In Double Blind translation task, all words in-
cluding punctuation are encoded into cipher-
text which are unreadable. As the affection
of punctuation and initial capital is not tak-
en into consideration any more, tokenization
and truecasing are unnecessary. According to
the experiments of Chinese to English trans-
lation, the length of sentences and duplication
are the factors that we concerned about, the
same preparation work as § 3.1.1 is adopted in
order to limit sentence length and remove du-
plicated sentences. Table 6 shows the statistic
of all training data after data preparation.

The total number of training corpus is
2,000,000, from this table we can see that
17.5% sentences which are longer than 40 to-
kens, and nearly 10% are longer than 50 That
means long sentences still constitute a relative-
ly large proportion of the training corpus.

3.2.2 Language Model

The same as Chinese to English translation
task, the data we used for training the LM in-
cludes the target language sentences and the
monolingual data provided by the CWMT or-
ganizer. Duplicated sentences are removed as

they may lead to unpredictable result. After
processing, the size of data for training the LM
model is 10,070,854.

3.2.3 Evaluation and Analysis

For this double blind evaluation task, we adop-
t the same experiment settings as Chinese to
English translation task. Due to the lack of
reference in official test set, we randomly ex-
tract two test sets which contain 1000 sen-
tences separately, and the remaining training
corpus is our final training corpus.

Baseline System: The baseline system is
built using all original training corpus without
any pre-processing work. The same as Chinese
to English translation, we want to see if the
data preparation can impact the translation
performance.

Limited Sentence Length: Long sen-
tences may cause unpromising word alignmen-
t. In this section, we carried out more detailed
experiments on limiting sentence length. Six
SMT systems are trained on different training
corpus which are filtered by various thresholds
of maximum sentence length (from 30 to 80).
Their BLEU scores are shown in Table 7.

In the column of model, the ’+’ of SYS+

stands for the longest sentence length in
the training corpus. Limiting the maximum
sentence length is helpful in improving the
translation performance. However, when the
threshold is 30, the result becomes nearly the
same as baseline. The reason may be that
it removed a large amount of sentence (about
30%).

Data Selection: The same as Chinese to

Length Sentences Lang. Token

1-30 1,393,797
Source 25,174,482
Target 26,685,038

1-40 1,670,239
Source 33,678,437
Target 35,565,856

1-50 1,800,391
Source 38,597,509
Target 41,094,934

1-60 1,879,521
Source 42,165,777
Target 45,229,548

1-70 1,931,563
Source 44,905,359
Target 48,436,555

1-80 1,965,383
Source 46,942,536
Target 50,834,982

Table 6: The Statistic of Training Data
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Model BLEU(test1) BLEU(test2)

Baseline 17.48 16.55
SYS30 17.54 16.58
SYS40 18.26 17.23
SYS50 17.76 16.81
SYS60 17.65 16.87
SYS70 17.70 16.73
SYS80 17.68 16.79

Table 7: The Performance of Data
Preparation

English translation task, we also use data s-
election method for this task. According to
Section 3.1 and 3.2.3, we built SMT system-
s by combining the best data selection mod-
el and max sentence length threshold found
in previous experiments, which are RNN and
40. Table 8 shows the result of the data se-
lection methods with different selection rates
vary from 20% to 80% with a step of 20%.

Model BLEU(test1) BLEU(test2)

Baseline 17.48 16.55
SYSRNN-20 16.18 15.66
SYSRNN-40 16.95 16.38
SYSRNN-60 17.47 16.65
SYSRNN-80 17.72 16.76

Table 8: The Performance of Data Se-
lection

The ’+’ of SYSRNN-+ stands for the select-
ing rate. From this table we can see that when
selection rate is below 60%, the result is poor
because the training corpus is too small to
train a decent model. The system with selec-
tion rate of 80% does outperform the baseline.
However, its score is still lower than that of
SYS40. It indicates that for the small training
corpus, the data selection may not be a good
choice.

4 Official Result and Conclusion

This paper discusses our work of the evalua-
tion task of Chinese and English transaltion,
double blind transaltion. Experiments show
that a careful data preparation work can im-
prove the performance of translation. We al-
so found that data selection is an efficient
method to select high quality data and achieve
a comparable result to the systems using all

training corpus. Finally, we submit the re-
sult of official test set by using the same set-
ting as SYSPunNorm for Chinese-to-English and
English-to-Chineses, and the same setting as
SYSRNN-80 for Double Blind.

Langauge Metric Score

Chinese-English BLEU4 21.60
English-Chinese BLEU5 36.00

Double Blind BLEU4 18.88

Table 9: The Performance of Official Re-
sult

For Chinese to English and English to Chi-
nese transaltion, both our systems rank 2rd
among six and four teams, while for double
blind, the result is not good, the reason may
be that data selection hardly impacts the re-
sult while the whole training corpus is relative-
ly small. In this evaluation task, we also tried
some other method, such as using neural LM
model instead of traditional model, doing pre-
ordering and re-ranking(Wang et al., 2014b),
but these methods didn’t improve the result.
In the future, we may try building an efficient
LM model by applying data selection method-
s.
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