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,is study uses an end-to-end encoder-decoder structure to build a machine translation model, allowing the machine to au-
tomatically learn features and transform the corpus data into distributed representations. ,e word vector uses a neural network
to achieve direct mapping. Research on constructing neural machine translation models for different neural network structures.
Based on the translation model of the LSTM network, the gate valve mechanism reduces the gradient attenuation and improves
the ability to process long-distance sequences. Based on the GRU network structure, the simplified processing is performed on the
basis of it, which reduces the training complexity and achieves good performance. Aiming at the problem that some source
language sequences of any length in the encoder are encoded into fixed-dimensional background vectors, the attention
mechanism is introduced to dynamically adjust the degree of influence of the source language context on the target language
sequence, and the translation model’s ability to deal with long-distance dependencies is improved. In order to better reflect the
context information, this study further proposes a machine translation model based on two-way GRU and compares and analyzes
multiple translation models to verify the effectiveness of the model’s performance improvement.

1. Introduction

Machine translation usually combines natural language
processing and artificial intelligence. It retains the original
meaning. Realize themutual translation between two natural
languages and complete the equivalent conversion. As an
important method to realize the equivalent transmission,
translation is rather important in this process [1–6].

In the previous research, linguists manually wrote the
conversion rules between the two languages to be translated.
Although the research on rule-based methods has reached
the syntactic stage, this method is almost entirely dependent
on the quality of language rules, which requires linguists to
be very high, and is easily restricted in the field of application
and cannot summarize. all the rules that the language will
use. ,e emergence of a translation model based on word
alignment proposed by IBM in 1993 marked the birth of
statistical machine translation. Compared with the previous
model, statistical machine translation learns the conversion

rules from the corpus, no longer needs to provide the
language rules actively, and solves the bottleneck problem of
knowledge acquisition. But in order to obtain perfect
translation results, this method still has many problems. ,e
translation results have poor utilization of global features
and rely too much on data preprocessing steps. Each step is
related to each other, and the accuracy of the processing
steps affects the final translation result, greater impact. In
fact, its related research has achieved good results. It is
usually applied to provide new solutions for machine
translation-related problems. ,e machine translation can
be roughly divided into two types. One still uses the sta-
tistical machine translation system framework to improve
key modules [7–11].

,e research and exploration may be dated back to the
birth of electronic computers in 1940s. Known as the pioneer
of machine translation, Warren Weaver, as the head of the
Natural Science Department of the Rockefeller Foundation,
published “Machine Translation” in 1949, marking the
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formal proposal of the idea of machine translation. He
believes that the existence of multiple languages in the world
is inherently consistent, and languages exist as a description
tool of human society and objective things. For people who
master a certain language, a foreign language is just a form of
encoding of their mother tongue, and the foreign language
can be translated into their mother tongue by cracking the
password. Under the social background of significant
achievements in the field of password cracking, people
generally accepted Weaver’s point of view and full of ex-
pectations for machine translation research. In the following
ten years, the popularity of machine translation has con-
tinued to rise. ,e United States and the Soviet Union have
caused a sudden upsurge in machine translation [12–15].

,e development of machine translation has not been
smooth sailing. For a period of time, the development of
machine translation was put on hold. ,is was attributed to
the “Language and Machine” report issued by the American
Academy of Sciences Automated Language Processing
Advisory Committee in 1966. In this report, the researchers
of the committee denied the feasibility of machine trans-
lation with the shortcomings of slow speed, high accuracy,
and high consumption and directly denied the possibility of
the development of practical machine translation systems.
At that time, the field of machine translation research was
affected by the report, and the research investment was
terminated one after another, making machine translation
research into a period of underestimation. With the de-
velopment of computer application technology and lin-
guistics-related fields, coupled with the expansion of the
demand for social information services at that time, machine
translation has only begun to recover. ,e development of
machine translation has mainly experienced the following
aspects [16, 17].

,e translation process is mainly composed of three
parts: analysis, conversion, and generation. By parsing the
source language sentence, the deep structure is obtained.,e
deep structure representation mentioned here can be di-
vided into syntax-based, semantic-based, or intermediate
language-based methods. Syntactic research focuses on
analyzing the syntactic structure of the source language and
generating the syntactic structure of the target language;
semantic research uses semantic analysis on the source
language to obtain the semantic representation and then
transforms the semantic representation to generate the
target language; the intermediate language method uses a
mapping relationship with natural language. ,e universal
intermediate language realizes through two mappings.
Among them, machine translation based on syntactic rules
has relatively mature syntactic theories such as generative
transformation grammar and dependent grammar, which
can obtain better translation results under certain condi-
tions. ,e methods of semantic analysis and intermediate
language are still in the preliminary research stage [18–22].

,e rule-based machine translation method highly relies
on the rules of language. Although it has a certain degree of
versatility, the cost of obtaining the rules is relatively high.
,e quality of the language rules is too dependent on the
experience and knowledge of the linguist, the maintenance

of the rules, and the compatibility of the new and the old
rules. It is a bottleneck problem that is difficult to break
through. After the rule-based method, researchers built a
large-scale bilingual corpus. At the same time, machine
learning researchmethods appeared.,e combination of the
two has led to improved machine translation methods. ,is
leads to the emergence of instance-based and statistical-
based machines. Translation methods are based on bilingual
corpus for research.

After years of research, statistical machine translation
has achieved good results, but there are still many problems
to be solved. Because the linear model is used, linearity is
inseparable when processing high-dimensional complex
data, making it difficult for training and search algorithms to
approach the theoretical upper limit of the translation space;
the conversion is mainly at the vocabulary, phrase and
syntax level realization, and lack of proper semantic rep-
resentation; use context-independent features to design
funny dynamic programming search algorithms, which
makes it difficult to accommodate nonlocal context infor-
mation in the model; in addition, it also includes the dif-
ficulty of feature design, data sparseness, and error
propagation caused by pipeline architecture problem. ,e
application of deep learning theory can better solve these
problems of statistical machine translation. Existing research
methods mainly include two kinds: one uses deep learning
technology to improve key modules and built the model to
achieve direct source language to target language [23–27].

,e well-known professor Bengio in the field of deep
learning proposed a language model based on the neural
network in 2003, which effectively alleviated the problem of
data sparseness through distributed representation. Com-
pared with the traditional language model that only con-
siders the first n−1 words of the target language, Jacob et al.
believed that not only the historical information of the target
language but also the relevant parts of the source language
also play a certain role.,ey proposed a neural network joint
model to increase the BLEU value. About 6%, Peng et al.
used a recursive autoencoder to obtain the distributed
representation of the word string and then built a neural
network classifier to alleviate the problem of feature design.
Lu et al. transformed the existing feature set into a new
feature set, which significantly improved the expression
ability of the translation model. Nal et al. first proposed end-
to-end neural machine translation in 2013 and proposed a
“encoding-decoding” model framework to directly model
the translation probability. For the input source language
sentence, the encoder was used to map it into a continuous,
dense vector, the continuous representation method solves
the previous sparse problem, and then the vector is con-
verted into a target language sentence through the decoder.
,ey use convolutional neural networks to construct en-
coders, and decoders use recurrent neural networks to
obtain historical information and process variable-length
strings. In view of the gradient attenuation and gradient
explosion problems that are prone to occur in the training
process, Sutskever et al. introduced long and short-term
memory LSTM into end-to-end neural machine translation
and used the method of setting threshold switches to
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improve the recurrent neural network, aiming at the
problem of the encoder generating fixed-length vectors
[28–33].

2. Neural Networks

,e use of activation functions adds nonlinear modeling
capabilities to neural networks. It can only perform linear
mapping expressions. ,e entire network is only equivalent
to a single-layer neural network, losing the actual meaning of
the hidden layer. ,e activation function can make the deep
neural network have the ability of nonlinear mapping
learning. Under normal circumstances, the activation
function should have the properties of differentiability,
monotonicity, and limited output value range. Because the
neural network training process is optimized based on the
gradient, the activation function must be differentiable to
ensure the calculation of the gradient. ,e monotonic ac-
tivation function can ensure that the single-layer neural
network is convex. Since the optimization is carried out on
the basis of gradient calculation, the finite output of the
activation function can make the feature representation in
the neural network more significantly affected by the finite
weight, thereby making the optimization method more
stable. At present, the common activation functions are
mostly piecewise linear and nonlinear functions with ex-
ponential shape, mainly including sigmoid, tanh, ReLU,
ELU, and PReLU. Here, we will introduce the two activation
functions used in this article.

,e sigmoid function is the most widely used activation
function, and its functional formula is

f(x) �
1

1 + e
− x. (1)

Tanh is a hyperbolic tangent function, and the function
form is

f(x) �
1 − e

− 2x

1 + e
−2x

. (2)

As another commonly used activation function, the
output range of the tanh function is between [−1, 1], and the
average output value is 0, which is the same as the sigmoid
function. When the input is large or small, the output of the
function is almost smooth. Although there will also be the
problem of gradient disappearance, the tanh function
converges faster and can reduce the number of iterations.

For the linear regression model, the hypothetical func-
tion is expressed as follows:

hθ x1, x2, . . . , xn(  � θ0 + θ1x1 + · · · + θnxn. (3)

where θi(i � 0, 1, . . . , n) is the model parameter and xi(i �

0, 1, . . . , n) is the n eigenvalue of each sample. Adding
x0 � 1, the above formula can be transformed into

hθ x1, x2, . . . , xn(  � 
n

i�1
θixi. (4)

,e corresponding cost function is

Jθ �
1
2m



m

j�0
hθ x

j
0, x

j
1, . . . , x

j
n  − yj 

2
. (5)

,e algorithm flow corresponding to the gradient de-
scent method is shown in Figure 1:

In the system, the column search algorithm search tree is
constructed. ,is method can greatly reduce the time and
space resources occupied by the search process, but since
each step is implemented by the greedy method, it cannot
guarantee that the global optimal solution is obtained.

,en, it becomes

P y1, y2, . . . , yT′(  � 

T′

t′�1

P yt′ |y1, ..., yt′−1, c( . (6)

,e dropout is shown as Figure 2.
Regarding the above systems, translation results cannot

be directly reflected in the form of output text, and certain
quantitative standards are needed for evaluation. In recent
years, a variety of evaluation standards have appeared in the
world, including BLEU, N1ST, and METEOR. ,e most
commonly used is the BLEU (Bilingual Evaluation Un-
derstudy). ,is method obtains the evaluation value by
calculating the similarity between the translation result of
the computer translation system and the manual translation
result. Compare and count the number of n-grams that
cooccur in the system translation and the reference trans-
lation, and then divide the number of matched n-grams. ,e
mathematical formula is

BLEU � BP · exp 
N

n�1
ωnlog pn

⎛⎝ ⎞⎠. (7)

Among them, BP is the penalty factor, and N is the
longest n-gram, ωn means that the weight of the cooccurring
n-gram word usually takes the constant value 1/n, and the
value of N is usually 4, and ωn � 0.25 is the most commonly
used BLEU4 indicator.

3. Neural Network Translation Model
Incorporating Attention

,e rule-based machine translation method highly relies on
the rules of language. Although it has a certain degree of
versatility, the cost of obtaining the rules is relatively high.
,e quality of the language rules is too dependent on the
experience and knowledge of the linguist, the maintenance
of the rules, and the compatibility of the new and old rules. It
is a bottleneck problem that is difficult to break through.
After the rule-based method, researchers built a large-scale
bilingual corpus. At the same time, machine learning re-
search methods appeared. ,e combination of the two has
led to improved machine translation methods. ,is leads to
the emergence of instance-based and statistical-based ma-
chines. Translation methods are based on bilingual corpus
for research.

After years of research, statistical machine translation
has achieved good results, but there are still many problems
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to be solved. Because the linear model is used, linearity is
inseparable when processing high-dimensional complex
data, making it difficult for training and search algorithms to
approach the theoretical upper limit of the translation space;
the conversion is mainly at the vocabulary, phrase and
syntax level realization, and lack of proper semantic rep-
resentation; use context-independent features to design
funny dynamic programming search algorithms, which
makes it difficult to accommodate nonlocal context infor-
mation in the model; in addition, it also includes the

difficulty of feature design, data sparseness, and error
propagation caused by pipeline architecture problem. ,e
application of deep learning theory can better solve these
problems of statistical machine translation. Existing research
methods mainly include two kinds: one uses deep learning
technology to improve key modules and built the model to
achieve direct source language to target language.

At present, many researchers have proposed many
improved methods for NMT, among which the most ef-
fective is the codec system based on the attention

output

layer

input

(a) (b)

Figure 2: Dropout figure. (a) Traditional neural network. (b) Dropout neural network.
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Figure 1: Gradient descent algorithm flow.
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architecture. Figure 3(a) shows the structural principle
according to the attention NMT model, which is devided
into three parts: the coding and decoding layers and the
structure of the middle cascade that introduces the attention
mechanism.

,e NMT system first converts all the divided symbols
into a sequence, namely, word embedding. In this process,
each character must be processed separately, and finally, the
original sequence after the word embedding is generated. In
the figure, the word embedding layer, NMT uses a bidi-
rectional recurrent neural network (biRNN) to obtain a
representation of the entire original sequence after training.
Between the encoding layer and the decoding layer, an at-
tentionmechanism is added to fuse all time steps of the input
sequence and focus on the current time step of the decoding
layer. In the process of generating the target word, the
controller will integrate three items: the last generated word,
the current hidden layer state, and the context information
calculated by the attention mechanism to determine the final
target word.

,e RNN coding layer is very important for NMT
based on the attention model. However, it is difficult for
traditional RNNs to achieve multilayer information in-
tegration, and machine translation increasingly requires
this network structure. ,erefore, this article proposes a
multichannel attention mechanism encoder, the network
of which is shown in Figure 3(b). ,is structure adds an
external storage to assist the RNN to complete more
complex integrated learning. In addition, the hidden layer
state of the RNN and the word embedding sequence to-
gether generate gated annotations for the attention
mechanism between the codec layers. From another
perspective, integrating the word embedding sequence
into the attention mechanism model can also be seen as
establishing a short-circuit connection, which can alle-
viate the degradation problem. ,is short-circuit con-
nection does not introduce any additional parameters
while enhancing the network function and does not cause
computationally complex upgrades.

Figure 4 shows the detailed rules for reading and writing
the memory of the coding layer of the neural translation
system. In each time step, the state node in the RNN queries
the context information in the memory, and the memory is
stored according to the attention-based mechanism. In this
design, the previous state node is used to query and obtain
context information as the input state of the gated recurrent
unit (GRU), instead of directly feeding back the previous
state to the GRU. ,is operation ensures that the controller
can obtain more context information before generating the
current state, which can potentially help the GRU make
judgments. While designing read memory operation, write
operation is also designed in the system. ,e purpose of this
design, according to the research work of the Baidu team, is
to hope that the RNN and NTM can learn different types of
associations through different update strategies.

,e function of the encoder is to convert an input se-
quence of variable length into a background vector C of fixed
length.

,e encoder part is mainly divided into three steps:

(1) First, the input source language sequence
X � x1, x2, . . . , xn  is represented by one-hot
encoding, and each word xi in the source language
sentence is represented as a column vector wi. ,e
value of the dimension represented by the index
value is 1, and the rest are 0.

(2) Map the vector obtained in the previous step to the
low-dimensional semantic space to form a word
vector. Since the vector obtained by only one-hot
encoding is too sparse and cannot describe the se-
mantic similarity, it is necessary to use a word vector
model of distributed representation to convert it and
map it to the low-dimensional semantic space to
generate a fixed-dimensional word vector.

(3) Using neural network coding to generate source
language, as shown in the following equation:

h � σ hi−1, Si( . (8)

Among them, h0 is an all-zero vector, σ represents a
nonlinear activation function, and the equation
h � h1, h2, . . . , hn  obtained is the input state coding se-
quence of n source language words, which is the background
vector C mentioned at the beginning of this section.

,e task of the decoder is to obtain the maximum
probability. ,e specific process is as follows:

(1) For a certain time i in the sequence, calculate the next
hidden layer state Zi+ according to the background
vector C generated by the source language sequence.
Calculate by

Zi+1 � σ c, ui, zi( . (9)

Among them, z0 is an all-zero vector, and s repre-
sents a nonlinear activation function.

(2) ,e softmax function is used for normalization to
obtain the probability distribution of the Zi+1th word

(3) Calculate the cost function according to the obtained
probability, and repeat the above sequence
processed.

Statistical machine translation usually designs translation
models based on linguistic knowledge. Neural machine
translation focuses on the design of neural networkmechanisms
in the model. ,e encoder and decoder frameworks involve the
use of neural networks to build models. In actual use, there are
many types of neural networks, and choosing a suitable neural
network has an important impact on the machine translation
results. As the earliest network structure proposed in the field of
neural machine translation, the recurrent neural network is a
neural network that can store time series information. It stores
historical information through hidden states. ,is structure
makes it theoretically able to input sequences of arbitrary length
processed. It evolved on the basis of the feedforward neural
network. Each layer of the recurrent neural network not only
outputs the next layer but also outputs a hidden layer state,
which is used when processing the next sample for the current
layer. ,e state of the hidden layer is a function representation
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of the state of all the hidden layers at the previousmoment.,is
structure enables the recurrent neural network to process data
samples with front-to-back dependencies.

In a single hidden layer feedforward neural network, the
vectorization method is used to calculate, where s represents
the sigmoid function, that is, the activation function of the
hidden layer; assuming that the length of the hidden layer is
h, the number of samples is n, and the feature vector di-
mension is for batch data of x; the output of the hidden layer
is represented as

H � σ XWxh + bh( ,

sigmod(x) �
1

1 + e
− x.

(10)

Figure 5 shows the basic processing flow of constructing
an encoder-decoder machine translation model using a
recurrent neural network. ,e encoder end input is a source
language sequence with a start mark and an end repre-
sentation, which is converted into a distributed represen-
tation of word vector data and then passed into the encoder
end neural network, and the background vector containing
the source language information is passed. As the input of
the neural network on the decoder side, finally input the
target language sequence through the neural network cal-
culation. Add “<bos>“ (beginning of sequence) in front of
the input sequence to indicate the beginning of the sequence,
and add the character “<eos>“ (end of sequence) after the
input and output sequences to indicate the termination of
the sequence and character to determine the termination
condition of the current sequence.

In the recurrent neural network, the hidden layer state at
the current moment records the network information at the
previous moment, and the output of the network is calcu-
lated based on this state. In actual use, the word represented
by one-hot is first mapped into a word vector representation
using a distributed representation method and then used as
the input of the recurrent neural network at each time to
achieve sequence output. In the training process, when the
time sequence length of each time series training data sample
is large or time t is small, the hidden layer variables of the
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Figure 3: ,e structural principle of the NMTmodel based on attention. (a) Conventional NMT. (b) NMT with multichannel encoder.
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Figure 4: Coding layer of the neural translation system.
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objective function at time t may have gradient decay or
gradient explosion. Since the deep neural network
training adopts the method of back propagation, chain
derivation is required. ,e gradient calculation of each
layer will involve continuous multiplication operation. In
the face of multilayer networks, if the continuous mul-
tiplication factor is mostly less than 1, the final product
may tend to 0, that is, gradient attenuation occurs,
resulting in the subsequent network layer parameters not
changing, and updated iterations cannot be performed;
similarly, if the multiplication factor is mostly greater
than 1, the final product may tend to infinity, that is, a
gradient occurs and explode.

In the face of gradient explosion, gradient clipping is
required. All gradients are spliced into one vector, and the
clipping threshold is set to θ. According to (10), it can ensure
that themagnitude of the gradient vector does not exceed the
threshold:

g � min
θ

|g|
, 1 g. (11)

According to the translation model constructed in the
previous content, it can be found that the output of the

encoding stage is a fixed-dimensional vector, which leads
to the use of the same-dimensional vector to encode the
semantic syntax and other information, regardless of the
length of the source language sequence. ,e input involved
in the translation process is a sequence of variable length,
and the constructed model may not fully fit the source
language input sequence, and the processing effect is not
ideal when dealing with long sentence sequences. At the
same time, from the perspective of human translation,
while translating, more attention will be paid to the part of
the source language that is more closely related to the
current translation. As the translation progresses, the part
of concern will also change, but the use of fixed-dimen-
sional vectors here means all parts of the source language
sequence are given the same degree of attention, which is
obviously not conducive to the improvement of machine
translation performance. ,e decoder model strengthens
the representation ability of the source language sequence.
As shown in Figure 6, the neural machine translation
model consists of three parts: the encoder, the decoder,
and the attention mechanism, using a set of multiple
vectors instead of a fixed vector to represent the source
language information, the target sequence generation
process dynamically selects the background vector, and the

<bos> I Yes one <eos>Source 
Language Series

One Hot 
Encoding

Word 
vector E

N
C
O
D
E
R

D
E
C
O
D
E
R

I am a student

student

<eos>
Target

language

Word 
sample

Word 
probability

Hidden state
Source language 
encoding status

Figure 5: Encoder-decoder framework.
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decoding process pays more attention to the part of the
source language that is more relevant to the target
sequence.

Similar to the decoder part proposed in this part, the
calculation formula for the next hidden layer state of the
target end is

Zi+1 � σ ci, ui, zi( . (12)

At this time, the background vector is no longer
uniform and fixed, and Ci is the ith word in the source
language sentence, which makes it possible to find a
unique background vector Ci corresponding to each
word.

,e calculation formula is

Ci � 
T

j�1
αijhj. (13)

,is formula actually performs a weighted average
calculation on the hidden layer state. ,e calculation for-
mula is

αij �
exp eij 


T
k�1 exp eik( 

,

eij � a zi, hj .

(14)

,e attention mechanism allows the translationmodel to
better solve the problem of long-distance dependence by
adding different weights to the source language. According
to the experimental results of Bahdanau et al., as shown in
Figure 7, through the introduction of the attention mech-
anism, the translation model’s translation effect for long
sentences has been significantly improved compared to the
model without the attention mechanism. ,e exact model is
shown in Figure 8.

<bos> I Yes One student <eos>Source
Language Series
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Encoding

Word
vector
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E
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Source language
encoding status

D
E
C
O
D
E
R

I am a student <eos>
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language

Word
sample

Word
probability

Hidden state

Attention weight

Figure 6: Translation model using the attention mechanism.
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Figure 8: BiGRU model structure.
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4. Experimental Comparative Analysis

In view of the actual situation of the research in this article,
the experimental data in this section use the IWSLT dataset
with a smaller data scale for experiments. ,e International
Workshop on Spoken Language Translation (IWSLT) is the
most influential spoken language machine translation in the
world. Evaluation of the game: a comparative analysis of the
various neural network models mentioned in this chapter,
and an experimental comparison of Chinese-English ma-
chine translation tasks. ,e experimental data use the
IWSLT 2015 dataset, which includes 220000 Chinese-En-
glish parallel sentence pairs training data, 1 pair develop-
ment set data, and 3 pairs of test set data. Build a neural
machine translation system on the deep learning framework
TensorFlow.

Different neural networks are used in the translation
model used for training separately. ,e experimental results
are shown in Figure 9. ,e first column in the figure shows
the translation models of different types of neural networks,
and the second to fourth columns show that several
translation models are in the BLEU value performance on
the development set and test set.

Comparing lines 2–5 in the figure, it can be found that
under the premise that the attention mechanism is not used,
the performance of the model based on the RNN structure is
better than that of the model using the LSTM and GRU
structure. ,e two-way GRU proposed in this study is in the
original, improved on the basis. ,e 5–8th lines in the figure
are all translation models that incorporate the attention
mechanism on the original structure.

5. Conclusions

,is article mainly focuses on Chinese-English machine
translation tasks. ,e encoder and decoder parts are con-
structed by the neural network, and the word vector method

of distributed representation is adopted, source language
and target language sequence. Different translation models
are constructed for comparison and analysis of three kinds
of neural networks: recurrent neural network, long-term
short-term memory, and gated recurrent unit. ,e attention
mechanism is added to improve the translation model’s
processing of long-distance dependence. A neural machine
translation model based on two-way GRU is proposed to
improve the contextual representation ability of the source
language, and experiments are carried out to verify the
effectiveness of the improved method.

Neural machine translation uses neural networks to
switch between the source language and the target language.
,e relatively closed translation process makes it difficult to
explicitly use prior knowledge. Aiming at the problem that
neural machine translation cannot make good use of lin-
guistic knowledge, proposed a neural machine translation
model that adds part-of-speech sequence information. On
the basis of the two-way GRU translation model fused with
the attention mechanism, Stanford Parser is used for syn-
tactic analysis to obtain the part-of-speech sequence in-
formation, and then, it is integrated into the translation
model in the form of two-way encoding. ,e encoder part
uses vector splicing to form the background vector together.
Verify the effectiveness of the analysis and improvement
methods.
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,e dataset used to support the findings of this study can be
accessed upon request from the corresponding author.
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