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Abstract. Neural machine translation (NMT) has achieved great success under a great deal of bilingual corpora in the past few years. However, it is much less effective for low-resource language. In order to alleviate
the problem, we present two approaches which can improve the performance of low-resource NMT system. The first approach employs the
weight sharing of decoder to enhance the target language model of lowresource NMT system. The second approach applies cross-lingual embedding and source sentence representation space sharing to strengthen the
encoder of low-resource NMT. Our experiments demonstrate that the
proposed method can obtain significant improvements on low-resource
neural machine translation than baseline system. On the IWSLT2015
Vietnamese-English translation task, our model can improve the translation quality by an average of 1.43 BLEU scores. Besides, we can also
get the increase of 0.96 BLEU scores when translating from Mongolian
to Chinese.
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Introduction

Machine translation is an important part of artificial intelligence, which explores
how to use computers to translate one language into the other. In recent years,
neural machine translation (NMT) has achieved great success because of the
development of deep learning and the availability of large-scale parallel corpus[1,
2]. In a variety of language pairs, the performance of neural machine translation
has gradually surpassed phrase-based statistical machine translation (SMT)[3,
4]. NMT is an end-to-end translation method, which typically consists of an
encoder and a decoder[5, 6]. More concretely, the encoder network maps the
input sequence to a fixed-length vector and the decoder network gets translation
from the vector. However, the defect of encoder-decoder framework is that the
encoder only obtains all the information of source sentences through a fixedlength vector. This leads to the poor performance of NMT in long sentences.
In order to solve this problem, the attention mechanism was proposed by [7, 8].

The attention mechanism can utilize relevant source side information to help
predict the current target word, and significantly improve the performance of
NMT. Therefore, the encoder-decoder framework with attention has become the
mainstream method of the neural machine translation.
However, as a data-driven approach, the performance of NMT is severely
affected by the size and the quality of parallel corpus. As the decrease of parallel
corpus, the quality of NMT is greatly reduced[9, 10]. In this case, the NMT lags
behind statistical machine translation on low-resource language pairs. However,
the vast majority of language pairs lack a large amount of parallel corpus[11].
Therefore, research on low-resource is valuable.
In this paper, we investigate the usage of the similarity and complementarity
between different languages to obtain high-quality context vector and strengthen
the decoder for low-resource neural machine translation. Intuitively, we employ
multi-task learning framework to build two NMT models, one is a low-resource
model (e.g., Vietnamese-English) and the other is a high-resource model (e.g.,
French-English). These two models share the weights of certain layers. To achieve
this goal, we propose two approaches. Inspired by [12], the first approach exploits
weight sharing of decoder side between low-resource model and high-resource
model to improve the performance of target language model of the low-resource
NMT system.
The proposed second approach applies multi-lingual translation system to
share word embedding space and sentence representation space between different
languages in the source side. The motivation behind this is that we can obtain
better context vector for low-resource NMT model with the assistance of highresource parallel corpus. More concretely, the approach builds upon the recent
work on cross-lingual embedding[13]. First, we train the embedding for different
source languages on monolingual corpora, and then learn a liner transformation
to map the embedding from one space to the other. Therefore, we can align
the word embedding space in this way. For sentence representation, not only in
order to maintain the independence of each language, but also to map sentence
representation into same space, we share the weights of last few layers of the
encoder, not all of its layers. In this work, we make following contributions:

• To fully investigate weight sharing in low-resource NMT model, we propose
and compare two methods. One attempts to reinforce the decoder side for
low-resource model by sharing the weights of decoder layers with the highresource model, and the other tries to share word embedding space and
sentence representation space between source languages, so that we can get
high-quality context vector for low-resource model.
• The experiments on Vietnamese-to-English and Mongolian-to-Chinese translations show that our proposed methods significantly outperform the NMT
baseline model with attention mechanism.
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Neural Machine Translation Background

The encoder-decoder NMT model has been proposed in recent years[7, 8] and
consists of three parts: encoder, attention and decoder. The model takes a source
sequence X = (x1 , x2 , ..., xTx ) as input and generates corresponding translation
Y = (y1 , y2 , ..., yTy ), where xt and yt are the symbols of source language and the
target language respectively.
Encoder: Given a source sentence X, the encoder builds a continuous representation with recurrent neural networks (RNNs). In NMT model, bi-directional
neural networks including a forward RNN and a backward RNN are often im→
−
plemented. The forward RNN reads the input sentence from left to right: h t =
→
−
→
−
f enc (Ex (xt ), h t−1 ). Similarly, the backward RNN reads the input sentence from
←
−
←
−
←
−
right to left: h t = f enc (Ex (xt ), h t−1 ), where the Ex is the word embedding
→
−
←
−
matrix and the ht is a hidden state of RNN at time t. f enc and f enc are
some nonlinear functions. In encoder side, the RNN can be a Long Short Term
Memory Unit(LSTM) or a Gate Recurrent Unit(GRU).
Attention: The attention mechanism[7, 8] was proposed to dynamically compute the context vector of the source end. In general, the current target hidden
state is compared with all source
PTs states to derive attention weight αts . Calculate a context vector ct =
s=1 αts hs as the weighted average of the source
states based on the attention weights. Then combine the context vector with
the current target hidden state to generate final attention vector at . In attention
mechanism, the attention weight αts is used to measure the correlation between
the t-th target token and s-th source token, and is calculated as follows:
exp(score(ht , hs ))
αts = PTs
exp(score(ht , hs0 ))
s0 =1

(1)

where ht is the hidden state of target at time t and hs is the hidden state of
source at time s. score() is a nonlinear function, usually a feed-forward neural
network with a hidden layer.
Decoder:The decoder utilizes recurrent neural networks to predict the target
sequence y = (y1 , y2 , ..., yTy ). Each word yi is predicted based on recurrent neural
network hidden state hi , the previously predicted word yi−1 , and a context vector
ci . Therefore, each conditional probability is calculated as follows:
p(yt |{y1 , y2 , ..., yt−1 }, c) = f (yt−1 , ht , c)

(2)

where the f is a nonlinear function, usually a multi-layered neural network. However, other architectures such as convolutional neural network or hybrid neural
network can be used[5]. In summary, the decoder defines the joint probability
for translation y:
T
Y
p(y) =
p(yt |y1 , ..., yt−1 , c)
(3)
t=1

where the y = (y1 , y2 , ..., yTy ).
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Fig. 1. The framework of SD model. The model consists of three parts, the green curve
is a high-resource NMT model, the red curve is a low-resource NMT model, and the
yellow curve represents a shared part of the two models. In the training process, the
two models independently train the encoder, but share the weights of the decoder.
The word embeddings are initialized randomly and updated continuously in iteration.
Besides, we investigate the influence of the shared attention mechanism on low-resource
NMT model.

The low-resource neural machine translation has attracted lots of attention
in recent times. Many authors have conducted in-depth research on this issue, especially how to make use of high-resource parallel corpora to assist low-resource
NMT[10, 14]. It is well known that more high-quality related data can lead to
better and more robust network models. For example, the amount of VietnameseEnglish corpus is not big enough, but the French-English parallel corpus is large,
so we can utilize French-English parallel corpus to improve the performance of
Vietnamese-English NMT model. In this paper, we exploit high-resource parallel corpus to enhance the encoder and decoder of low-resource NMT model
respectively.
3.1

Strengthen Decoder

In neural machine translation model, the decoder plays an important role in
improving fluency for translation system. In essence, the decoder is a recurrent
neural network language model that is conditioned on source context in encoderdecoder architecture for NMT. In this section, we aim to exploit the signals
from high-resource target side corpora to enhance the decoder of low-resource
neural machine translation model, which we refer to as SD model. For detail,
we share the weights of decoder between high-resource NMT model and lowresource NMT model to achieve the goal. Given the low-resource parallel corpora
1
DL = {(X (n,1) , Y (n,1) )}N
n=1 , where the N1 is not big enough. And we also have
2
large-scale high-resource language pairs DH = {(X (n,2) , Y (n,2) )}N
n=1 in which

the N2 >> N1 . In the SD model, the neural machine translation is trained with
k
maximum likelihood on the mixed language pairs {X (n,k) , Y (n,k) }n=1,...,N
k={1,2} :
2

L(θ) =

N

k
1 XX
logp(Y (n,k) |X (n,k) ; θ)
2
n=1

(4)

k=1

where θ is parameter of the neural network.
Since the languages utilized by the two models on the decoder are same, we
can make full use of the high-resource target language information to improve
the performance of the decoder of the low-resource neural machine translation.
In addition, we also investigate the influence of the shared attention layer on lowresource neural machine translation model. The Fig.1 summarizes the general
schema of the SD model.
3.2

Strengthen Encoder

Generally speaking, both the source and target word embedding are randomly initialized and then updated as the number of iterators increase in NMT
model. This method is feasible for large-scale parallel corpus, but it performs
poorly on low-resource corpora. Due to the small size of parallel corpora in lowresource NMT, the translation system can not fully learn the internal structure
of sentences and lexical information, which results in the model being unable to
generate valid word embedding. This is a major limitation on low-resource neural machine translation system. On the other hand, in many-to-one translation
system, it is very significant for low-resource corpora to share sentence representation space with similar languages. For example, it is feasible for low-resource
NMT model to share source sentence representation space with high-resource
language if the two languages have similar word order. In this section, we use
cross-lingual embedding and weight sharing of encoder to alleviate these two
issues, which we refer to as SE model.
Share word embedding space For the first problem, we utilize the crosslingual embedding to align word embedding space. We train the embedding for
each language using monolingual corpora independently, and then learn a liner
transformation to map the word embedding from one space to the other. For
detail, let X and Y represent the word embedding matrix so that Xi is the word
embedding of the i-th entry in the source vocabulary table and Yj corresponds
to the j-th target language embedding. The goal is to find a mapping matrix M
that satisfies the following condition:
XX
2
M∗ = argmin
Dij ||Xi∗ M − Yj∗ ||
(5)
i

j

where Dij = 1 if i-th source language word is aligned with the j-th target language word else 0. In this paper, we follow the cross-lingual embedding method
proposed by[13].
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Fig. 2. The framework of SE model. The model can be divided into three parts, the
green curve is a high-resource NMT model, the red curve is a low-resource NMT model,
and the yellow curve represents a shared part of the two models. In the training process, we utilize cross-lingual embedding to share word embedding space and map the
representation of sentences from different languages to same space by sharing weights
of the last few layers of the encoder.

Share sentence representation space For sentence representation space
sharing, we propose a simple and effective way to implement it. As shown
in Fig.2, the proposed method utilizes weight sharing to map representation
of sentences from different languages to same space. More concretely, we exploit two independent encoders but sharing the weights of last few layers to
extract the high-level representation of the input sentences. Given the input sequence X = (x1 , x2 , ..., xn ) and the initial output sequence of the encoder stack
H = (h1 , h2 , ..., hn ), we calculate He as follows:
He = f

H + (1 − f )

E(X)

(6)

where He is the final output sequence of the encoder and which will be utilized
to calculate the context vector by the decoder and the E is cross-lingual word
embedding matrix. f is a gate unit and calculated as follows:
f = g(W E + U H + b)

(7)

where the W and U are the weights of neural network, and the b is bias and they
are shared by the two encoders. The following reasons support this approach:
• Through the weight sharing of the last few layers, the two encoders can
generate approximate output when the sentences with similar semantics from
different languages are used as input. Therefore, the proposed method can
get high-quality context vector for low-resource NMT model with the assist
of high-resource NMT system.
• There are differences between languages, such as syntax and lexical. In our
model, the weights of first few layers of the encoder are not shared, which
is to obtain the characteristics of each language for the translation system.
Accordingly, we share the weights of last few layers rather than the entire
encoder.
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Experiments

In this section, we describe the data set used in our experiments, data processing,
the training details and all the translation results we obtain in experiments.
4.1

Dataset

We evaluate our models on four language pairs: French-English, VietnameseEnglish, English-Chinese, Mongolian-Chinese. In our experiments, we translate
Vietnamese into English with the help of French-English. Similarly, we translate
Mongolian into Chinese with the assistance of English-Chinese.
The Vietnamese-English (133K sentence pairs, 2.7million English words and
3.3 million Vietnamese words) is provided by IWSLT2015 and Mongolian-Chinese
(67K sentences pairs, 848K Chinese words and 822K Mongolian words) is provided by CWMT2009. We evaluate our approach on the French-English (2 million
sentence pairs, 50 million English words and 52 million French words) translation
task of the WMT14 workshop. And we obtain English-Chinese parallel corpus(2
million sentence pairs, 22million English words and 24 million Chinese words)
from the WMT17. The Chinese sentences are word segmented using Stanford
Word Segmenter. We preserve casing for words and replace those whose frequencies are less than 5 by <unk>. As a result, our vocabulary table size is 17K and
7.7K for English and Vietnamese respectively. And we report BLEU scores on
tst2012 and tst2013 for Vietnamese-English translation system. And we make
the same treatment for Mongolian-Chinese parallel corpora. Therefore, the size
of Chinese and Mongolian vocabulary table is 14K and 12K respectively.
4.2

Training setup

In our experiment, we exploit encoder-decoder framework with attention mechanism to train NMT model. More concretely, we employ two-layer bi-directional
RNN in the encoder, and another two-layer uni-directional RNN in the decoder.
All the RNNs use LSTM[15] cells with 600 units, and the dimensionality of word
embedding is set to 512. As for attention mechanism, we use the global attention
method proposed by [8]. The models are trained using stochastic gradient descent and the maximum length of the sentence is 50. We apply dropout[16] with
a probability of 0.25 during training. For all models, the initial learning rate is
0.2, and then it decreases as the number of iterations increases. We initialize
all of the parameters of network with the uniform distribution. The maximum
value of the gradient is set to 5 in order to solve gradient explosion.
4.3

Results and analysis

The results of BLEU scores are presented in Table 1. The architecture of baseline
system is similar to the one mentioned in section 4.2. However, in order to prevent
overfitting, we exploit one-layer bi-directional LSTM in the encoder, with 512
units in each cell.

Table 1. The performance of proposed method on IWSLT2015 Vietnamese to English
tst2012 and tst2013 set and CWMT2009 Mongolian to Chinese test set.
Models

Vi-En(tst2012)
Baseline
20.15
SD
20.62
SD + share attention
20.48
SE
21.43

BLEU
Vi-En(tst2013)
23.07
23.59
23.34
24.65

Mn-Ch
11.69
12.07
11.83
12.65

As it can be seen from Table 1, the proposed method obtains very competitive
results compared to the baseline system. Our model can reach 21.43 and 24.65
BLEU scores in Vietnamese-English tst2012 and tst2013 set respectively, and
we can also achieve 12.65 BLEU scores in Mongolian-Chinese test set, which
is much stronger than the baseline system, with improvements of at least 6.3%
in all cases, and up to 8.2% in some (e.g. from 11.69 to 12.65 BLEU scores in
Chinese to Mongolian). The experiment results show that we can improve the
performance of low-resource neural machine translation with the help of highresource language pairs.
In addition, from table 1, we can see that the model can increase the 0.47
and 0.52 BLEU scores in Vietnamese-English tst2012 and tst2013 set respectively by only strengthening the decoder of the low-resource NMT model, and
the BLEU scores of Mongolian-Chinese is also improved. It reveals that the lowresource NMT system generates a better target side language model than the
baseline system by sharing the weights of decoder with high-resource language
pairs. However, the performance of low-resource neural machine translation is
reduced when we share the weights of attention layer with the high-resource neural machine translation model. Compared with the SD model, the BLEU scores
of Vietnamese-English decrease by 0.14 and 0.25 respectively, and the BLEU
scores of Mongolian-Chinese also decline. The attention mechanism is used to
capture the source side information dynamically, which allows model learning
to align between the target language and source language. For different source
languages, the alignment matrix obtained by the model is not same. Therefore,
sharing attention layer can lead to a decrease in the performance of low-resource
neural machine translation system.
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Related works

Low-resource neural machine translation has attracted a lot of attention in recent years. [10] presented a transfer learning method to improve the performance
of low-resource neural machine translation. Their main idea was to first train a
high-resource language pair model, then transfer some of the learned parameters to the low-resource pair to initialize and constrain training. Besides, semisupervised approach is another way to deal effectively with insufficient resources.

[17] explored strategies to train with monolingual data without changing the neural network architecture. They utilized dummy source sentences and synthetic
source sentences to construct pseudo-parallel corpora, which brings substantial
improvements to neural machine translation. [18] converted a monolingual corpus in the target language into a parallel corpus by copying it, so that each
source sentence is identical to its corresponding target sentence. [19] investigated how to utilize the source-side monolingual data in NMT to enhance encoder
network. They applied the multi-task learning framework using two NMTs to
predict the translation and the reordered source-side monolingual sentences simultaneously. For zero-resource neural machine translation, [20] made attempt
to train a source-to-target NMT model without parallel corpora available, guided
by an existing pivot-to-target NMT model on a source-pivot parallel corpus. [21]
proposed an approach to zero-resource NMT via maximum expected likelihood
estimation. Their results revealed that maximum expected likelihood estimation
can greatly improve the performance of NMT. [22] introduced automatic encoder to neural machine translation, and proposed a semi-supervised learning
method based on bilingual corpus and monolingual corpus. [23] proposed two
methods, which are referred to as shallow fusion and deep fusion, to integrate
a language model into NMT. The basic idea is to use the language model to
score the candidate words proposed by the translation model at each time step
or concatenating the hidden states of the language model and the decoder. [24]
proposed a finetuning algorithm for multiway, multilingual neural machine translation that enables zero-resource machine translation. In unsupervised Machine
Translation, [25] proposed a method to build unsupervised NMT model. They
combined unsupervised cross-lingual embedding, denoising auto-encoder and dual learning together to train NMT system in a unsupervised manner. The method
proposed in [26] was similar to [25], but the work in [26] was more complete.
Although unsupervised machine translation methods are promising, their performance is far lower than supervised machine translation. In multi-task neural
machine translation, [27] proposed a method that can simultaneously translate
sentences from one source language to multiple target languages. In detail, their
models shared source languages representation and separated the modeling of
different target language translation.

6

Conclusion

In this paper, we aim to utilize high-resource languages to improve the performance of low-resource neural machine translation. We propose two methods to
achieve this goal. One is to exploit the weight sharing of decoder to enhance the
target side language model of low-resource NMT system. The other is to enhance
the encoder by using cross-lingual embedding and shared sentence representation
space.
The experiments show the effectiveness of our proposal, which has significant
improvements in the BLEU scores over baseline system. Our model can improve
the translation quality on the IWSLT2015 Vietnamese-English translation task.

In addition, the proposed approaches in this paper is also effective for MongolianChinese translation.
In the future, we plan to combine unsupervised or semi-supervised methods
with our model. Besides, we will verify the approach with more datasets from
different domains.
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