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With the continuous development of machine learning and neural networks, neural machine translation (NMT)
has been widely used due to its strong translation ability. Lexical information is overused in the construction of
the internal nodes that make up the structure. Using phrase structure encoders can lead to over-translation
problems. In addition, the number of model parameters increases with the use of grammatical structures, and
the phrase nodes may not always be beneficial to the neural translation model. Therefore, we propose a novel
Chinese-English machine translation model based on transfer learning and self-attention. In order to make
use of the position information between words, the absolute position information of words is represented by
sine-cosine position encoding in the machine translation model based on self-attention mechanism. However,
while this method can reflect relative distance, it lacks direction. In this paper, a new machine translation model
is proposed by combining transfer learning with self-attention mechanism. This model not only inherits the high
efficiency of self-attention mechanism, but also preserves the distance information and direction information
between words. The results of translation experiments show that the proposed transfer learning model is
significantly better than the traditional tree model.
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1. Introduction

In recent years, machine translation as an important part of
natural language processing has made rapid development.
The original statistical, phrase-based and instance based
translation methods have gradually evolved into neural
machine translation methods based on neural networks
and encoder models, which are even comparable to human
translation in translation quality [1, 2]. At the same time,
the translation mode has gradually developed from the
original translation mode from one language to another
language to enable simultaneous translation from one lan-
guage to multiple languages, gradually showing a trend
of diversification. However, there are differences in gram-
mar rules and writing forms between Chinese and English,

which makes the traditional machine translation model
unable to play a good role. Therefore, designing a high-
quality translation model has become an important means
to improve the quality of Chinese-English translation [3].

Since its emergence, neural network machine transla-
tion has far exceeded traditional statistical machine transla-
tion and rule-based and phrase-based machine translation
in terms of performance. Akeel and Mishra [4] applied
artificial neural network (ANN) to Chinese-English ma-
chine translation, added CBR and translation rule base,
and finally used CBR method to select Urdu translation
rules for input English sentences. However, the transla-
tion rules need to be made manually, and often need to
be updated and maintained, resulting in a large workload
and miscellaneous. The translation and research of neural
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machine translation model between large languages has
attracted much attention, but the translation effect for small
languages is not good [5].

The translation model based on neural network, such as
recurrent neural network, is a kind of sequential structure,
which contains the position information of the word in the
sequence. Transformer does not include recurrent neural
networks (RNN) [6, 7] and convolutional neural networks.
Transformer processes every word in a sentence in parallel,
has no ability to recognize the order of each token, and does
not contain any location information. The inclusion of Posi-
tional Embedding (PE) [8] helps the model identify location
information. In contrast, Sinusoidal position encoding uses
predefined functions to calculate position coding informa-
tion, which does not contain learnable parameters and is
not flexible enough. The relative position encoding pro-
posed by Hayworth et al. [9] integrated the relative position
representation into transformer’s self-attention mechanism,
although it greatly improved the translation performance
of neural machine translation system. To some extent, long-
distance position dependence is sacrificed.

Neural machine translation model is an end-to-end
model using an encoder-decoder framework [10]. In neural
machine translation, the neural machine translation model
treats the source language sentence as a sequence of words
or words, ignoring the structural information inherent in
the language. The first explicit introduction of syntactic
knowledge into neural machine translation began with the
work of Wu et al., which showed that the introduction
of linguistic knowledge into neural machine translation
would greatly improve translation performance [11]. How-
ever, some existing methods of fusion dependency syntax
use addition or splicing dependency syntax vectors on the
basis of obtaining word vectors, which will obscure the
meaning expressed by word vectors to some extent.

Aiming at the limitations of traditional neural machine
translation methods, a novel Chinese-English machine
translation model based on transfer learning and self-
attention is proposed. An example shows that the proposed
model is superior to other models with fewer parameters,
and has great application value in the fields of machine
translation and automatic construction of domain knowl-
edge base. This paper is organized as follows. In section
2, we give the related works. Section 3 introduces the
proposed model in detail. Experiments are conducted in
section 4. There is a conclusion in section 5.

2. Related works

There have been some related work from different angles
to try to use different methods to construct position coding

information, which can be roughly divided into absolute
position coding and relative position coding, and some
other fancy encoding methods. Murthy and Hanumantha-
iah [12] directly regarded location encoding as a trainable
parameter, but this method that could learn location infor-
mation from the training process could usually deal with
a limited text length. Since natural languages generally
rely more on relative position. Shan et al. [13] proposed
relative position coding, which did not fully model the po-
sition information of each input, but was a method to con-
sider pair relationships between input elements through
improved extensions of self-attention mechanisms. Incor-
porate relative position representation into transformer’s
self-attention mechanism. Considering the relative distance
between the current position and the Attention position
during Attention training can greatly improve the transla-
tion performance of neural machine translation system.

Although relative location coding has no limit on text
length, it sacrifices long-distance location dependence to
some extent. Omote et al. [14] adopted dependency tree
to represent the semantic structure of the sentence, simpli-
fied the syntactic relationship between input words, and
encoded the position information according to the depth of
each word in the dependency tree. Sadr et al. [15] proposed
a recursive position embedding method based on word
vectors to capture the sequential dependencies according
to the word content in the sentence. The sequential depen-
dence based on word content is encoded into word embed-
dings by learning cyclic location embeddings by recurrent
neural networks. They are then integrated into an existing
multi-head self-attention model either as separate heads
or as part of each head. Hou and Li [16] proposed a posi-
tion encoding based on continuous dynamic systems and
constructed the FLOATER model. The model was learned
by an ordinary differential equation solver, which could
not only model the position relationship, but also was not
limited by the text length, making it very flexible. However,
this location coding method sacrifices parallelism to some
extent, which may lead to speed bottlenecks.

In the aspect of integrating syntactic analysis into neural
machine translation, Membarth et al. [17] linearized the
syntax tree of source language sentences after depth-first
traversal to obtain syntactic structure information. Wang
et al. [18] made use of the dependency syntactic structure
of the source language, took the dependency relationship,
part of speech, word root and other information in the
dependency structure as characteristics, respectively repre-
sented it with different vectors and spliced together with
word vectors to form the input vector of each source lan-
guage word.
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3. Chinese-english machine translation model

3.1. Transfer learning strategy

Transfer learning generally obtains certain knowledge by
training the original task and memorizes it, and then trans-
fers the stored knowledge to a task that is similar to the
original task. Transfer learning strategy allows to borrow a
large amount of existing labeled data to train the network
and transfer the knowledge learned to the neural network
model with less labeled data, thus reducing the amount of
training data for application tasks [18, 19].

Traditional machine learning methods of natural lan-
guage processing first train the model for a specific lan-
guage through a large number of corresponding parallel
corpora, and then apply the translation model to the spe-
cific language translation task. In contrast, transfer learning
no longer requires its basic conditions. First, the data used
to train the machine learning model and the test data must
be equally distributed and the data are independent of each
other. Second, the data set used for training must ensure a
certain scale in order to obtain an ideal model.

Transfer learning is one of the machine learning meth-
ods. In transfer learning, Domain is the main body of
learning, which consists of data characteristics and dis-
tribution. The domain is further divided into the source
domain containing the existing knowledge and the target
domain to be learned. Transfer learning is the study of
how to transfer the knowledge learned in the source do-
main to the target domain. The method can be divided
into Instance-Based Transfer Learning (IBTL) according to
different transfer methods, Feature-Based Transfer Learn-
ing (FBTL), Parameter-Based Transfer Learning (PBTL) and
Relation-Based Transfer Learning (RBTL) [20]. In this paper,
model-based migration, also known as parameter migra-
tion method, is studied in English and Chinese machine
translation, that is, there are model parameters that can be
shared in the source domain and the target domain. The
specific method is to first train the source domain, get a
model with good effect, record and transfer the model pa-
rameters to the target domain, and then continue to learn a
new model according to the target domain.

The transfer learning strategy is very suitable for tasks
where there is a lack of labeled data. At present, except
for a few languages with abundant parallel corpus data
resources (such as English and Chinese), many languages
have a common problem of lack of bilingual parallel corpus
resources and insufficient labeled data [21]. The introduc-
tion of transfer learning will alleviate this difficulty.

Fig. 1. LSTM structure diagram

3.2. Long Short-term Memory (LSTM)

1. One-way LSTM. Natural language processing is a typ-
ical sequence-to-sequence machine learning task, for
which Recurrent Neural Networks (RNNS) are most
commonly used. RNNS are able to memorize a se-
quence of data input to the network, and from this
information RNNS can make some predictions. Long
Short-Term Memory (LSTM) is a type of RNN that
improves on the basic RNN. LSTM has a longer mem-
ory capacity, effectively overcoming the problem of
long-distance dependence in machine translation, and
significantly improving the fluency and readability of
machine translation.

LSTM adds a memory unit to determine whether the
information is useful on the basis of ordinary RNN,
which is called a block. The block is mainly controlled
by gate mechanism. Three gate control units and a
memory cell are placed in a block, including a forget-
ting gate control unit, an input gate control unit and
an output gate control unit. The LSTM memory unit
structure is shown in Fig. 1.

In Fig. 1 ht represents the output of the block at time
t.xt is the new information currently entered. In the
forgetting gate, ft is obtained from ht−1 and xt, and
it is used to calculate the degree of forgetting of infor-
mation in Ct−1. An upper bound of 1 means complete
memory, and a lower bound of 0 means complete for-
getting, which is calculated as follows:

ft = σ
(

W f × [ht−1, xt] + b f

)
(1)

In the input gate, it is used to control the updating
degree of the new input status information, which is
calculated by ht−1 and xt. The new status information
is C̃, and its calculation formula is as follows:

it = σ (Wi × [ht−1, xt] + bi) (2)
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C̃t = tanh (WC × [ht−1, xt] + bC) (3)

The current new information Ct can be calculated by
the above state, that is, forgetting some information
and adding new information to be remembered. The
calculation formula is as follows:

Ct = ft × Ct−1 + it × C̃t (4)

In the output gate, ot is used to control what informa-
tion needs to be output. The calculation formula is as
follows:

ot = (Wo × [ht−1, xt] + bo) (5)

ht = ot × tanh (Ct) (6)

Where W is the weight matrix. b is the bias matrix.

In general, RNN may have the situation of gradient
disappearance in training, and the perception of the
later time node to the previous time node decreases,
so that the connection between two nodes that are far
away is weakened. LSTM can remember information
that fits algorithms or rules, and other information
is forgotten. When the information in the neural net-
work enters the hidden node, the memory unit con-
trols the propagation of information through the three
gate mechanism. Only the information that conforms
to the gate control will be remembered and transmitted
backward, otherwise the forgetting gate will discard
the information, and the retained information will con-
tinue to propagate backward or directly output the
result according to the demand.

2. Two-way LSTM. One problem with unidirectional
LSTM modeling sentences is that it cannot encode
information from back to front. However, in ma-
chine translation, the translation of a word often needs
context-dependent information, so bidirectional LSTM
can better capture bidirectional semantic dependen-
cies.

Bidirectional LSTM is a combination of forward LSTM
and backward LSTM. The forward calculation is per-
formed from time 1 to time i, and the output of the
forward hidden layer is obtained and saved at each
time. The calculation is also reversed along time i to
time 1, obtaining and saving the output of the back-
ward hidden layer at each time. Finally, the final out-
put is obtained by combining the output results of the

Fig. 2. Bidirectional LSTM structure diagram

corresponding time at each moment. The bidirectional
LSTM structure diagram is shown in Fig. 2.

In Fig. 2, Xi is the input at time i, and bidirectional
LSTM will retain two values, the hidden layer state
Ai in the forward calculation process and the hidden
layer state Ãi in the reverse calculation process, and
the final output value Yi depends on the above two
values. That is, in forward computation, hidden layer
Si is related to Si−1, and in reverse computation, Si is
related to Si+1.

3.3. Self-attention (SA)

The SA mechanism has attracted wide Attention due to
its parallel computing capability and modeling flexibility,
while the Multi-Head Attention (MHA) mechanism in the
SA mechanism enables the model to focus on the corre-
sponding information from different sub-spaces [22]. Since
the SA mechanism ignores the position factor of the word
in the sentence, it can explicitly capture the semantic re-
lationship between the current word and all the words in
the sentence, while the MHA mechanism maps the input
sequence to different subspaces, which use the SA mech-
anism to further enhance the performance of the machine
translation model. Compared with the traditional RNN
model, the SA mechanism has the advantages of fewer
parameters, faster speed and better effect.

As shown in Fig. 3, when SA mechanism is used to pro-
cess each word (that is, each element in the input sequence),
for example, when xi is calculated, SA mechanism can as-
sociate it with all the words in the sequence and calculate
the semantic similarity between them. The advantage of
this mechanism is that it can help to mine the semantic rela-
tionship between all the words in the sequence. To encode
words more accurately.

Each attention head has an input sequence X =

(x1, x2, · · · , xn) , xi ∈ Rdx for a set of n-tuples, and then cal-
culate the output sequence Z = (z1, z2, · · · , zn) , zi ∈ Rdz

of a set of n-tuples.

The element zi in the output sequence Z is derived from
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Fig. 3. SA structure

Fig. 4. Calculation process of Q, K, and V

the input element xi, which is linearly transformed and its
weighted sum computed to obtain:

zi =
n

∑
j=1

softmax

(
QiKT

j√
dk

)
Vj (7)

In the softmax function, a linear transformation of the
input elements enhances the expressibility. The softmax
function is calculated as follows:

softmax
(

aij

)
=

expaij

∑n
k=1 expaik

(8)

Q, K, and V stand for query, key, and value respectively.
They are useful abstract representations for calculating at-
tention scores. dk is the dimension of key.

√
dk is the scaling

dot product, so that the gradient is more stable, Q, K, and
V are calculated as follows:

Qi = xiWQ (9)

Kj = xjWK (10)

Vj = xjWV (11)

As shown in Fig. 4, WQ, WK , and WV are the matrices
learned in the training process. These are the weights of
Q, K, and V. Each attention head has its own unique weight
matrix.

The SA mechanism uses l attention heads, the output
zh of all attention heads is merged, and then a linear trans-
formation is performed to get the output of each sub-layer.
The multi-head attention mechanism extends the model’s
ability to focus on different locations. The output result

of the multi-head attention mechanism is calculated as fol-
lows:

zO = Concat (zhead 1, · · · , zheadl )WO (12)

Zheadi represents the output vector of the i-th attention
head. The function of Concat() is to combine the output
vectors of all the attention heads. WO is the weight matrix
generated during model training. The multi-head attention
mechanism combines the output of the individual atten-
tion heads and then performs a linear transformation to
produce the final output.

3.4. Parameter transfer in TensorFlow

In this paper, the English-Chinese machine translation
model based on parameter transfer is built in TensorFlow
environment, using the memory object inside TensorFlow
to store the model. The transfer of parameter weights is
realized by importing the pre-trained model. The trained
English-Chinese neural network parameter weights are
transferred into the translation model proposed, that is, the
node parameters of the network are no longer initialized
randomly during English-Chinese neural machine trans-
lation, but the trained English-Chinese model parameters
are imported into the proposed model for initialization.
In TensorFlow deep learning framework, the calculation
graph and related parameters are stored separately, so im-
porting the pre-trained model requires two steps: first, the
neural network model graph needs to be constructed; Then
it loads the weight parameters.

After the pre-trained model is trained, the Checkpoint
file (corresponding extension .ckpt) stores the values of rel-
evant variables such as weights, bias, and gradients of all
nodes in the neural network. save all network parameters
by calling the save() method of the Saver object in Tensor-
Flow. Then in the new neural network, the parameters of
the pre-trained model are loaded by the restore() method,
and the training is continued on this basis. Figure 5 shows
the process of TensorFlow parameter migration.

4. Experiments and results

This paper conducts an experiment on Chinese-English lan-
guage pairs. 50,000 sentence pairs randomly selected from
News Commentary v12 in the WMT17 corpus are used as
the training set in the translation task. The data came from
the news field using newsdev2017 as the validation set and
newstest2017 as the test set. Unused words. UNK &gt;
Indicates. This article uses the StanfordCoreNLP toolkit to
obtain the dependency matrix for each sentence. The scale
of experimental data is shown in Table 1.
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Fig. 5. Parameters transfer

Table 1. Experimental data scale statistics table

Pairs Training Validation Test
sets set set

Chines-English 50000 2005 2002

Experimental environment: Operating system Win-
dows11, memory 32 GB, disk space: 1 T, CPU: Intel Core
i7, graphics card: NVIDIA GeForce RTX 2060, python3.6,
64-bit, using the deep learning framework tensorflow de-
velopment.

Parameter setting. The basic structure of the model pro-
posed in this paper is based on Transformer. The encoder
and decoder of the model in this paper are stacked with 6
encoder and 6 decoder sub-layer respectively. The dimen-
sion of the word vector and the size of the hidden layer at
source and destination are set to 512 . The number of atten-
tion heads is 8 , the dimension of the feed-forward neural
network is 2048. Dropout is set to 0.1, and the initial learn-
ing rate is set to 0.5 . The model parameters are updated
using the Adam algorithm, and the optimizer parameters
are set to β1 = 0.9, β2 = 0.98, ε = 10−9. Only sentences
with no more than 100 sentences in the source language are
used, and the CBOW model context window size c is 2 .

In order to verify the effectiveness of this model, the
experiment is mainly improved on the basis of the baseline
model Transformer. In order to more intuitively under-
stand the importance of different improvement modules of
this model for system performance, the proposed model
is decomposed during the experiment, and the complete
model proposed in this paper is compared with the model
of a shielded module. Understand and analyze the impor-
tance of each sub-module to the translation performance of
the model. The experiment in this paper mainly analyzes
the importance of the two sub-models added after the im-
provement of transformer based on the original baseline
model, that is, the dependency matrix is used to add se-
mantic information to the original model and the LSTM

Table 2. Comparison results

Model BLEU
TNN [24] 26.99
BIAM [25] 27.12
SSM [26] 27.44

Proposed-SA 29.65
Proposed 30.78

model is used to obtain the location coding of language
sequences. For the module using dependency tree, only
the semantic relations of the source language sentences are
represented by dependency matrix, and the word vector
is integrated in such a way that the two words with the
highest degree of closeness of each target word are added
to the predicted sequence. For the LSTM model, the input
sequence obtained by the dependency tree module is input
into the LSTM model for training, and the output of each
time step is obtained. Because of the powerful memory
function of LSTM, the output of each time step is regarded
as the position information of each word in the sentence
in this paper. In this paper, BLEU value [23]is used as the
evaluation criterion of the model. The experimental results
are shown in Table 2.

As can be seen from Table 2, the translation model pro-
posed in this paper performs better than the benchmark
model in Chinese-English translation. This paper takes
newsdev2017 as the verification set and newstest2017 as
the test set to start the experiment. The average BLEU value
of the model proposed in this paper can reach 30.78, which
is 3.79 BLEU points higher than the TNN model.

Therefore, the method proposed in this paper can im-
prove the translation performance of transformer model.
In order to verify the validity of the two sub-modules pro-
posed in this paper, an ablation experiment is designed. As
can be seen from Table 2, the overall model proposed in this
paper improves by 1.13 BLEU points compared with the
model without SA, which indicates that adding semantic
information to the model can better help the model un-
derstand the sentence structure information, thus improv-
ing the translation performance. A translation example is
shown in Table 3.

The BLEU value of Chinese to English translation on the
validation set increases with the number of training steps.
Compared with the baseline model, the method proposed
in this paper has a better translation effect. It shows that the
method proposed in this paper has a clearer understanding
of the semantic results of sentences after adding linguistic
knowledge to the baseline model Transformer, and the im-
proved accuracy of position coding information obtained
by using LSTM makes the proposed model more accurate
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Table 3. Translation example.

in translating source language sentences and generating
more accurate translation results.

5. Conclusions

In this paper, LSTM and SA mechanism are combined to
improve the performance of machine translation. The ex-
perimental results show that the proposed model can more
accurately represent the position relationship between long-
distance words, and can achieve better scores in data sets
with more long sentences. This is because LSTM conver-
gence is slow, and the concept of long distance is blurred
in a progressive way, which can more accurately capture
the difference in the position relationship between long-
distance words. However, the experimental results of the
proposed model in the data set with more short sentences
are not satisfactory, because the accuracy of the position
relationship between short distance words is different from
the actual situation when logarithmic subscript is used.
The next step will continue to study how to effectively com-
bine syntactic analysis and SA mechanism to enhance the
ability of the model to model the syntactic structure. The
effective combination of convolutional network and SA
mechanism to enhance the ability of the model to obtain
local information is also worth further exploring.
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