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Neural machine translation (NMT) has achieved remarkable results in sentence-level translation, but the
text problems of sentence-level translation, such as consistency and reference, are solved by using context
information. Different from the previous methods using source context modeling, this paper proposes a novel
Chinese-English neural machine translation that integrates target context information based on deliberation
network. Specifically, with the help of the deliberating network, this paper makes a second translation of the
source end of the text. The first translation is based on sentence level translation, and the second translation
refers to the first translation of the whole text. The integration of domain knowledge into the translation model
improves the effect of the translation model. The experimental results show that compared with the baseline
model, the BLEU values of the Chinese-English and English-Chinese models are increased by 1.28 and 2.08.
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1. Introduction

In recent years, neural machine translation has become a
mainstream method in the field of machine translation, and
its translation effect on multiple language pairs has reached
the current optimal [1–3]. However, neural machine trans-
lation models usually take sentences as the translation unit
and only model the current sentence, without considering
the context information of the text. As a result, when the
text is used as input, the dependency between the sentences
in the text cannot be utilized, and the generated translation
is prone to misturn, poor cohesion and other problems due
to the absence of the text context. Recently, more and more
relevant works have proposed various models to capture
contextual information conducive to the translation of the
current sentence from the source text other than the current
sentence [4, 5], hoping to alleviate the problems of refer-
ence, translation consistency, translation coherence and

other problems in the text translation through contextual
information. Different from these efforts, this paper will
explore how to effectively use the target text information
(i.e., automatic translation) to improve the quality of text
translation [6].

Text machine translation using the target-end (auto-
matic) context usually involves two stages. In the first
stage, the target translation at sentence level is obtained. In
the second stage, by modeling part or all of the text trans-
lation of the first stage, the second translation is carried
out. The models of the two phases can be independent
of each other, or they can be related, such as sharing the
encoder end. Zhang et al. [7] used the target context of
part of the text to obtain the (sentence-level) translation of
each sentence in the text in advance, and then repaired the
text translation or regarded the text translation as similar
to the source context. Chen et al. [8] needed to prepare
local target context for each sentence in the chapter (such
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as the first three sentences), and the model still took the
sentence as the input unit. This would lead to a lot of
computational redundancy in the model and increase the
computational burden. In order to improve the cohesion be-
tween translated sentences, related reward functions were
set up according to the text translation in reference [9]. In
addition, references [10–12] used the method of caching
vocabularies/sentences to cache the previous translation or
the output state of the previous translation to try to main-
tain the consistency of the translation in the subsequent
translation process. Different from these related works,
this paper models the whole target context, obtains use-
ful information conducive to the current sentence, carries
out secondary translation, and obtains the final text level
translation.

In general, text context modeling only uses the source
information, while ignoring the target information. Empiri-
cally, the text context modeling method on the target end
can solve the problems in text translation more directly [13,
14]. However, in the machine translation task, the input of
the test process only contains the source text, so the sen-
tence level translation of the text to be translated needs to be
obtained first, and then the target text generated by the de-
coding is used to obtain the final text level translation [15].
Choo et al. [16] proposed the Grid Beam Search method
to limit the translation of terms to ensure that terms and
other words would appear in the translation. Ahammad
et al. [17] improved the translation effect by combining
the training data to solve the problem of sparse words in
the training data. By using domain data set to fine-tune
the model, San et al. [18] achieved a good improvement
in the translation effect of the model in the domain. Siu et
al. [19] integrated the terms in the conference scene into
the translation model by means of splicing and fusion, and
improved the translation quality of the model in the confer-
ence scene. Bala et al. [20] proved the effectiveness of the
concatenation fusion method and improved the translation
quality of models in the field of news by using the term
base.

For the second stage, this paper takes the whole text
as the input unit to translate the sentences in the text syn-
chronously. Specifically, the proposed refinement network
[21] consists of an encoder and two decoders, wherein the
encoder is used to encode the sentences in the source text.
The first decoder is used to output sentence-level transla-
tion. The input of the second decoder includes the output
of the corresponding sentence on the encoding side, and the
translation of the entire text of the first decoder. In order to
make the model lightweight, this article shares parameters
for the common parts of the two decoders. The experimen-

tal results of Chinese-English text translation show that
the proposed method can improve the translation perfor-
mance. It is commendable that with the improvement of
the performance of the benchmark model, the proposed
method is more effective because the first stage can output
high-quality translations.

2. Materials and methods

2.1. Deliberation Network

Xia et al. [22] proposed deliberation networks for sequence
generation. The deliberation network has a two-stage de-
coder, in which the first stage decoder is used to decode
and generate the original sequence, and the second stage
decoder revises the original statement through the elab-
oration process, so that it can produce a better sequence
by observing future words from the original statement in
the first stage. The network can make use of the global
information by checking the contents before and after the
sequence decoding process through a deliberation process.

2.2. Sentence level neural machine translation

Machine translation can be seen as the transformation of
one sequence to another. In neural machine translation, the
sequence to sequence transformation process can be imple-
mented by the encoder-decoder framework. The encoder
encodes the source end sequence [23], and the decoder de-
codes it into the sequence corresponding to the source end,
which is generally called the target end. The optimization
goal of sentence-level neural machine translation is to maxi-
mize the log-likelihood probability of the objective function

on a given sentence-level training set S1 =
{〈

xk, yk
〉}K1

k=1
,

as shown in Eq. (1).

L(θ) = max
θ

1
K1

K1

∑
k=1

log
(

Pθ

(
yk | xk

))
(1)

Where
〈

xk, yk
〉

is the k -th parallel sentence pair and K1 is
the number of parallel sentence pairs in the training data. θ

is the sentence level neural machine translation parameter
that needs to be trained.

2.3. Text level neural machine translation

Similarly, in text level neural machine translation, where
the input and output are one text, given the text level train-

ing set S2 =
{〈

Xk, Yk
〉}K2

k=1
, the optimization objective

function is shown in Eq. (2).
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(2)
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Where
〈

Xk, Yk
〉

represents the k -th parallel chapter pair.
K2 is the number of parallel text pairs in the training data.
Because text level neural machine translation parameters
need to be trained. Specifically, the probability function
of a parallel text can be further represented as shown in
Eq. (3).

P
(

Yk | Xk
)
=

L

∏
i=1

PΘ

(
Yk

i | Xk
i , Di

)
(3)

Where
〈

Xk
i , Yk

i

〉
represents the i-th parallel sentence pair

in the k-th chapter. L represents the number of sentences
in the parallel text. Di represents the text context of the
i-th sentence. Specifically, the sentence-level probability
function of the above formula is shown in Eq. (4).

P
(

Yk | Xk
)
=

L

∏
i=1

m

∏
j=1

PΘ

(
yk

i,j | xk
i , yk

i<j, Di

)
(4)

Where m represents the sentence length of the target end.
yk

i,j represents the j -th word in the i -th sentence of the
target end in the k -th chapter.

In particular, this paper explores text machine transla-
tion that integrates full-text at the target end. Therefore,
Eq. (4) can be further refined as:

P
(

Yk | Xk
)
=

L

∏
i=1

m

∏
j=1

PΘ

(
yk

i,j | xk
i , yk

i<j, Ŷk
i ̸=j

)
(5)

Where Ŷk
i ̸=j represents the context of the text other than the

i -th sentence in the k -th text. In training stage, Yk
i ̸=j =

Ŷk
i ̸=j represents the actual text context. In testing stage,

Ŷk
i ̸=j = Ỹk

i ̸=j indicates the first decoding of the automatically
generated text context.

2.4. Proposed Chinese-English neural machine transla-
tion

The purpose of this paper is to improve the performance
of model translation by effectively modeling the context
information of the target text and integrating the context
information into the current sentence. The proposed model
structure in this paper is shown in Fig. 1, which is imple-
mented based on the Transformer neural machine trans-
lation model. The proposed model consists of encoder,
decoder 1 and decoder 2.

Encoder. Consistent with standard sentence-level Trans-
former encoders, the same encoding layers are superim-
posed. Each encoding layer consists of a multi-head self-
attention sub-layer and a fully connected feed-forward net-
work complex sub-layer.

For a source text X = (X1, · · · , XL) containing L
sentences, the hidden state of the encoder is S =

Fig. 1. Proposed network structure.

(S1, · · · , SL) ∈ RL×n×d. Where Si =
(
si,1, · · · , si,n

)
∈ Rn×d

represents the hidden state of the i -th sentence Xi in the
chapter. si,j indicates the hidden state of the j -th word of
the i-th sentence in the text. n indicates the sentence length
at the source end. d indicates the hidden status dimension.

Decoder 1. That is, the decoding end of the first transla-
tion, which is consistent with the standard sentence-level
Transformer decoder, and the decoding layer of decoder
1 consists of multi-head self-attention sub-layer, source-
end context attention sub-layer and a fully connected feed-
forward network complex sub-layer. Here, the encoder-
decoder attention sub-layer is used to capture the informa-
tion of the source end sentence.

Similarly, given the target text Y = (Y1, · · · , YL),
record the hidden state of decoder 1 output as H =

(H1, · · · , HL) ∈ RL×m×d. Where Hi =
(
hi,1, · · · , hi,n

)
∈

Rm×d represents the hidden state of the i -th sentence Yi in
the text. hi,j represents the hidden state of the j -th word
in the i-th sentence of the text. m represents the sentence
length of the target end.

Decoder 2. That is, the decoding side of the second
translation, whose structure is similar to that of decoder
1. The difference is that each layer of decoder 2 adds a
target end context attention sub-layer between the encoder-
decoder attention sub-layer and the fully connected feed-
forward network complex sub-layer to fuse the target end
context information.

In this paper, a dynamic weighting method is adopted
to integrate the whole text information into a fixed length
range, so as to solve the problem of inconsistent context
length.

In this paper, a dynamic weighting method is adopted
to integrate the whole text information into a fixed length
range, so as to solve the problem of inconsistent context
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length.
Sentence level representation. For the i-th sentence at

the target end, the sentence level representation vector Ui

of the sentence is obtained by sentence weighting [24], as
shown in Eqs. (6) and (7).

αi = softmax
(

W2 tanb
(

W1HT
i

))
(6)

Ui =
m

∑
j=1

αi,jhi,j (7)

Where, W1 ∈ Rd1×d and W2 ∈ Rd1 are trainable parameters.
d1 is the hidden layer dimension in the sentence weighted
representation process. Ui ∈ Rd is the sentence-level vector
representation of the i -th sentence in the chapter. And so
on, the sentence level vector of the entire chapter at the
target end is represented by U = (U1, · · · , UL) ∈ RL×d.
In a similar way, it can obtain the sentence-level vector
representation V = (V1, · · · , VL) ∈ RL×d.

Context-weighted representation. For the i-th sentence,
the target end context does not include the target end sen-
tence vector of the current sentence itself, expressed as
H̸=i = (H1, · · · , Hi−1, Hi+1, · · · , HL) ∈ R(L−1)×m×d. The
corresponding sentence level at the source end is repre-
sented as V̸=i = (V1, · · · , Vi−1, Vi+1, · · · , VL) ∈ R(L−1)×d,
and the weight of the current sentence on the context is
calculated, as shown in Eqs. (8) and (9).

λi = softmax
(

ViVT
̸=1

)
(8)

Ci =
L−1

∑
j=1

λi,j × H̸=i,j (9)

Where Vi is the sentence-level representation of the source
end of the i-th sentence, and the context-weighted repre-
sentation of the i-th sentence in the chapter is Ci.

Integrating the target text information into decoder 2.
In this paper, a target-context attention sub-layer is added
between the encoder-decoder attention sub-layer and the
feed-forward neural network sub-layer of each layer of
decoder 2. For the i-th sentence of the text, recording Oi,
it represents the output of the encoder-decoder attention
sub-layer. The new target context attention sub-layer uses
a multi-head attention model to fuse the target text infor-
mation Ci, as shown in equation (10).

Ti = multihead (Oi, Ci, Ci) (10)

Training process and decoding process. Neural ma-
chine translation training parameters need a lot of parallel
corpus, text level parallel corpus is very rare, but sentence
level parallel corpus is relatively easy to obtain in some

common languages. Similarly, this paper adopts a two-
stage training method. The first stage trains the parameters
required for sentence-level neural machine translation, as
shown in Figure 1 for encoder and decoder 1. In the sec-
ond stage, the parameters of the sentence-level model are
fixed first, and then the parameters required by the text
translation model are trained. In order to ensure that the
effect brought by the model comes from the improvement
of text information and verify the validity of the model
proposed in this paper under large-scale sentence-level par-
allel corpus, the parameters of the same layer in decoder 1
and decoder 2 are shared, and only the parameters of the
context information fusion layer are trained.

Different from the training process, in the decoding pro-
cess, because there is no real text context, it is necessary to
use the sentence-level model to automatically generate the
trusted target end, and then use the automatically gener-
ated target end as the context for the second stage decoding.

3. Results and discussion

The Chinese-English parallel corpus extracted from LDC
is used in the Chinese-English translation task [25], which
includes sentence-level and texture-level corpus. The
sentence-level corpus has about 2 million parallel sentence
pairs, and the texture-level corpus has more than 60000
parallel sentence pairs. It contains about 800000 parallel
sentences. On average, each chapter has 22 sentences. At
the same time, the NIST 2006 dataset is used as the devel-
opment set, and NIST2002, NIST2003, NIST2004, NIST2005,
and NIST2008 are used as the test set. The development
set and the test set consist of 100 and 580 chapters, includ-
ing 1664 and 5833 sentences, respectively. In addition, the
TED Chinese-English parallel discourse corpus is also used.
There are more than 10000 parallel discourse pairs in the
texture-level corpus, which contains about 200000 paral-
lel sentence pairs in total, with an average of 15 sentences
per chapter. At the same time, dev2010 data set is used
as the development set, and tst2010, tst2011, tst2012, and
tst2013 are used as the test set. The development and test
sets consist of 60 and 365 chapters, including 887 and 5473
sentences, respectively. The sentence-level parallel corpus
is still LDC parallel sentence pairs. When preprocessing
the experimental data, the Jieba word segmentation tool
is used to segment the Chinese sentences and the Moses
script is used to preprocess the English sentences. Then,
the processed Chinese and English data are sublexicalized
by BPE tool respectively, and the operands on both Chinese
and English data sets are 30000.

The text level parallel corpus training set for the English-
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Table 1. Results of Chinese-English translation experiment.

Model NIST02 NIST03 NIST04 NIST05 NIST08 All
Baseline1 42.66 44.11 42.51 40.90 31.88 40.23
Proposed 43.20 45.13 43.33 42.28 32.89 41.19
Baseline2 49.35 49.50 49.27 49.49 39.34 47.33
Proposed 50.87 51.16 50.93 50.62 41.22 49.00

Table 2. Results of the Chinese-English translation
experiment in TED.

Model dev2010 Tst201013
Baseline1 12.59 18.18
Proposed 12.83 18.79
Baseline2 14.36 20.51
Proposed 14.83 21.16

Table 3. Results of English-German translation
experiment.

Model news-test2015 news-test2016
Baseline1 20.33 22.20
Proposed 20.63 22.70
Baseline2 28.13 32.82
Proposed 29.16 33.91

German translation task is News Commentary v11 corpus,
and the sentence level parallel corpus is derived from the
WMT14 English-German translation task [26]. The text-
level parallel corpus contains about 10000 parallel text
pairs, with a total of about 200000 sentence pairs. The
WMT14 English and German corpus contains 4 million sen-
tence pairs. The development set is news-test2015, and the
test set is news-test2016, which consist of 112 and 184 chap-
ters, containing 2200 and 2999 sentences, respectively. Sim-
ilar to the Chinese-English translation task, Moses script is
used to preprocess English and German sentences respec-
tively. Then, the processed data is sublexicalized.

The experimental model uses the Transformer model in
OpenNMT and adds the functions required by the model in
this paper on this basis. The encoder and decoder are set to
six layers, the number of heads in the multi-head attention
mechanism is 8 , and the input and output dimensions of
the feed-forward neural network layer are 512 . The hid-
den layer dimension is 2048, using the Adam optimization
function as the optimizer. Where β1 is 0.9 , β2 is 0.998 , and
the Dropout probability is set to 0.1 . The learning rate is
set to 1.0 and 0.5 in the first and second phases, respectively.
During the translation of decoder 2, the Beam size is set
to 5 . At the same time, in order to speed up the decoding
speed in the first stage, the Beam size is set to 2 during the
translation process of decoder 1 .

Based on two scenarios, namely whether the translation

model is pre-trained with or without large-scale parallel
sentences, two benchmark systems are defined in this pa-
per. Baseline 1 only uses text level parallel corpus for sen-
tence level translation. Baseline 2 uses large-scale parallel
sentences to pre-train the model on the corpus, and then
continues to train the model based on the text level parallel
corpus (i.e. model fine-tuning). It is important to note that
benchmark system 2 includes the data used in benchmark
system 1.

This article uses the multi-bleu.perl test script and re-
ports BLEU scores as test metrics. In addition, a self-
sampling method is used to test the significance of the
improvement of the performance BLEU value.

Table 1 shows the results of the Chinese-English trans-
lation experiment. As can be seen from Table 1, the model
method proposed in this paper can significantly improve
the performance of the two benchmark systems. In par-
ticular, when only the text parallel corpus is included,
adding the text information can improve the test set by
0.96 BLEU compared with the sentence-level model Base-
line1. When the model uses more sentence-level corpus,
even though the performance of sentence-level model Base-
line2 is greatly improved compared with Baseline1, the pro-
posed method improves the test set by 1.67 BLEU, which
is higher than the improvement based on Baseline1. The
reason is that with the improvement of translation quality
in the first stage, the proposed method can capture higher-
quality text context information at the target end. Table 2
shows the results of the TED Chinese-English translation
experiment. It can be seen from Table 2 that, compared
with the sentence-level model Baseline1, adding text infor-
mation can increase 0.61 BLEU in the test set. However,
after adding LDC sentence-level corpus, compared with
Baseline2, the effect is not significantly improved, possibly
because there are certain differences between sentence-level
corpus and discourse corpus.

Table 3 shows the results of English-German translation
experiment. As can be seen from Table 3, the model in this
paper still has a good performance. Compared with the
sentence-level model Baseline1, adding the text informa-
tion can improve the test set by 0.50 BLEU. When the model
uses more sentence-level corpus, the proposed method im-
proves the test set by 1.09 BLEU.
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Table 4. Comparison of translation performance (BLEU) and parameter with target related work.

Model parameter NIST02 NIST03 NIST04 NIST05 NIST08 All
Baseline2 49 49.35 49.50 49.27 49.49 39.34 47.33
Proposed 57 50.87 51.16 50.93 50.62 41.22 49.00
Rachman Baseline2 49 48.88 48.60 48.92 49.34 40.72 47.19
Rachman 84 48.98 49.12 49.37 49.06 41.19 47.56
Zan Baseline2 60 48.64 47.55 47.80 48.35 38.32 45.98
Zan 72 48.98 48.06 47.92 48.54 38.39 46.38

In this section, we will take Chinese-English translation
task as an example to conduct experimental analysis of the
proposed text neural machine translation model integrating
target context. At the same time, since the second scenario,
which uses large-scale parallel sentence pairs to pre-train
the model, achieves better translation results than the first
scenario, Baseline2 will be used as the benchmark system
in this section.

Rachman et al. [27] used the local target text information
to assist the translation of the current sentence. Consistent
with the experimental setting, this paper uses the source
code and the corpus of this paper to run the reference sys-
tem (Rachman (Baseline2)) and the text translation system
(Rachman) which uses the first 3 sentences of both the
source and target end of the current sentence as the text
context. Table 4 is the experimental result. It can be seen
from Table 4 that the performance of the benchmark sys-
tem used in this paper is slightly better than that of the
Rachman benchmark system on the test set. In the scenario
where large-scale parallel sentence pairs are used, the Rach-
man method achieves only 0.37 BLEU improvement, even
when both source and target context information are used.
Compared with the Rachman method, the proposed model
can significantly improve the translation performance. In
addition, the method proposed by Zan et al. [28] was
tested on the Transformer benchmark system (recorded
Zan(Baseline2), Zan), and the proposed method by Zan
achieved 0.40 BLEU. Table 4 compares the parameters of
the model. On the one hand, the parameters of the bench-
mark system in this paper are similar to those of the Rach-
man benchmark system; On the other hand, because the
parameters of the common sub-layer in the two decoders
are shared, the proposed model introduces only about 16%
of the parameters compared to the benchmark system, far
fewer than the parameters in the Rachman model.

Li et al. [29] used part of the source-end text context
and defined two encoders to encode the current sentence
and context respectively. In this paper, the method is re-
produced on the benchmark system (noted as Li). Table 5
compares the experimental results, and it can be seen from
Table 5 that the method of using the target context in this pa-

per is slightly better. The proposed method by Li achieves
1.49 BLEU improvement by using the sources-end method,
and this paper achieves 1.67 BLEU improvement by using
the target-end method. In addition, this article compares
the method of using the target side context with the method
of using the source side context (recorded as Proposed+s).
As can be seen from Table 5, the target-end context method
used in this paper increases the value of BLEU by 0.47 com-
pared with the source context method used in this paper.

A. Effect of different decoding layers in decoder 1 on
model performance.

Because the Transformer decoder contains different lay-
ers, each layer may contain different information. In order
to explore the output influence of different decoding layers
in decoder 1 on the model, Table 6 analyzes the experi-
mental results using the different layers output in decoder
1 at the target end as the text context. That is, the Hj in
Eq. (9) comes from the output of different layers in decoder
1. As can be seen from Table 6, which layer of encoder
information is used has little impact on the performance of
the final model. Relatively speaking, the best performance
is achieved by modeling the last layer of output in decoder
1 as the text context.

B. Pronoun translation performance
In order to verify the effect of Pronoun translation after

adding text context information, this paper analyzes the
accuracy of pronoun translation [30]. Table 7 shows the
pronoun translation accuracy of this model on the Chinese-
English dataset test set. As can be seen from the results in
Table 7, the target-end context can effectively improve the
performance of reference translation.

4. Conclusions

Different from previous text translation methods that
model the context of the source text, this paper proposes a
text translation model that integrates the information of the
target text. Specifically, with the help of the deliberation net-
work, the source end of the text is translated twice. The first
translation is based on sentence-level translation, and the
second translation refers to the first translation of the whole
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Table 5. Comparison of translation performance (BLEU) and parameter with source-side related work.

Model parameter NIST02 NIST03 NIST04 NIST05 NIST08 All
Baseline2 49 49.35 49.50 49.27 49.49 39.34 47.33
Proposed 57 50.87 51.16 50.93 50.62 41.22 49.00
Li 76 50.81 50.92 50.47 51.10 40.62 48.82
Proposed + s 57 50.32 50.61 50.04 50.73 40.79 48.53

Table 6. The output influence of encoding layers with different contexts in decoder 1 on the model.

Model NIST02 NIST03 NIST04 NIST05 NIST08 All
Baseline2 49.35 49.50 49.27 49.49 39.34 47.33
Proposed+t1 50.72 50.49 50.64 50.53 41.55 48.82
Proposed+t3 50.81 50.37 50.54 50.66 41.77 48.88
Proposed+t5 50.84 51.05 50.64 50.57 41.52 48.93
Proposed+t6 50.87 51.16 50.93 50.62 41.22 49.00

Table 7. Pronoun translation accuracy on Chinese-English
dataset.

Model Accuracy/%
Baseline2 56.84
Proposed 58.25

text. In order to reduce the size of the newly introduced
parameters in the model, the model shares the common
sub-layer of the two decoders. Experimental results based
on LDC Chinese-English text dataset and WMT English-
German text dataset show that the proposed method can
significantly improve translation performance under the
condition of introducing fewer parameters. At the same
time, with the improvement of the quality of the first trans-
lation (sentence level translation), the method in this paper
is more effective.
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