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ABSTRACT 
The development of globalization has contributed to the increasing demand for cross-language 
communication, and machine translation, as an effective language conversion tool, has improved the 
quality and efficiency of English translation. The article discusses the syntactic optimization and 
semantic reconstruction strategies for English translation based on machine learning. The machine 
translation model of English syntax optimization and semantic reconstruction based on EM algorithm 
is constructed by using key technologies such as EM algorithm and multi-head attention mechanism. 
The model adopts a joint learning method, combining the Transformer model with the EM algorithm. 
The dependency between any two words in the input sequence is captured using the multi-head 
attention mechanism, and the new translation corpus is generated by multi-task joint training 
algorithm. The training phase of this paper's model has good translation effect, and the model of this 
paper gets the highest BLEU score of 32.86 when the number of multi-head attention layers is 1. The 
distribution of semantic features of translation reconstruction under this paper's method is basically 
consistent with the simulation results, and the error elimination rate of semantic reconstruction is 
99.64% when the number of samples is 500. The method in this paper is more effective in syntactic 
structure optimization, with the highest BLEU scores on “Chinese to English” and “English to Chinese”, 
and the syntactic correctness rate on English long sentences of different topics reaches 
88.69%~96.57%. 

Keywords: machine learning, EM algorithm, multiple attention, Transformer model, English translation 
 

1. Introduction 

In today's era of globalization, the importance of English is self-evident, and it has become a global 
common language. As an important communication tool, translation plays an important role in 
promoting communication between different languages and cultures [1-4]. English translation is the 
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process of transforming information from English language to another language. English translation is 
not only simply translating words and sentences, but also needs to consider the meaning of words, 
grammatical structure, context, and cultural background and other factors [5-8], and machine learning 
can play an important role in the process of English translation in terms of syntax and semantics of 
translation [9]. 

In recent years, with the popularization of the Internet and the acceleration of globalization, 
language translation technology has become a research that has attracted much attention in the ϐield 
of science and technology. In this context, machine learning technology is widely used in the ϐield of 
language translation, which becomes an important means to realize the automation of language 
translation [10-13]. Machine learning-based language translation technology refers to the use of 
machine learning models to automate the translation of texts between different languages. This kind 
of translation no longer needs human translation, but by training the machine learning model, the 
source language text is transformed into the target language text [14-17]. At present, the language 
translation techniques based on machine learning are mainly categorized into two kinds: statistical 
machine translation and neural machine translation. Among them, statistical machine translation is 
an earlier proposed translation technique, which mainly utilizes probabilistic models for translation, 
while neural machine translation is a new technique developed in recent years, which uses deep 
learning features for translation [18-21]. 

The study exploits the powerful generalization performance of both EM algorithm and Transformer 
model in English machine translation to generate a high-quality English translation corpus by jointly 
learning the model. Meanwhile, the Transformer model adopts a multi-head attention mechanism to 
understand and represent the input text from multiple perspectives. Maximum likelihood-based 
principle is used to complete the determination of the model training objective function, aiming to 
optimize the English translation syntax and accurately achieve semantic reconstruction. Meanwhile, 
in order to verify the effectiveness of the method, the study utilizes the IWSLT and MTNT4 datasets to 
conduct translation model training, syntax optimization, and semantic reconstruction experiments. 

2. Key technologies 

2.1. EM algorithm under machine learning 

The EM algorithm [22] can be described as the following two steps: the E (Estimate) step and the M 
(Maximization) step, and a loop iteration is performed based on these two steps.The EM algorithm is 
essentially a data addition algorithm. Each iteration of the algorithm consists of two steps: the ϐirst 
step is to ϐind the conditional expectation of the log-likelihood function (E-step), and the second step 
is to maximize the conditional expectation obtained from the E-step computation (M-step). It uses data 
expansion to reduce the more complex likelihood function optimization problem into a series of 
optimization problems for simpler functions. 

In general, denote by ( | )p Y  the likelihood density function of the parameter  to be estimated, 
which is called the distribution density function of the posterior distribution, ( | , )p Y Z  the density 
function of the posterior distribution about  obtained after adding the data Z, and ( | , )p Z Y  the 
density function of the conditional distribution of the latent data Z given  and the observed data 
Y and use this conditional density function to adjust for the added data, the purpose of the previous 
work is to compute the value of ( | )p Y  at the estimation of the unknown parameter  at extreme 
values, so next the whole algorithm is run as follows: 

Noting ( )i  as the estimate of the a posteriori plurality at the beginning of the 1i  nd iteration, the 
two steps of the 1i  rd iteration are the E-steps. Place ( | , )p Y Z  or log ( | , )p Y Z  on the hidden 
data Z to compute its conditional expectation so that the hypothesized hidden data can be eliminated, 
i.e: 
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Step M: Maximize ( )( | , )iQ Y   and ϐind a point ( 1)i   to make: 

 ( 1) ( ) ( )( | , ) max ( | , )i i iQ Y Q Y      (2) 

An iterative process 1i i    is thus formed, iterating the above E-steps and M-steps until they 
are sufϐiciently small: 

 1 ( 1) ( ) ( ) ( )|| | | o r || ||( | , ) ( | , )i i i i i iQ Y Q Y         (3) 

When the observed data follow a Gaussian normal distribution, the likelihood density function of 
the fully observed data can be expressed as: 
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Where  is the parameter to be determined ( , )  , Y are the known observations 1 2 1( , , )nl l l  , 
Z  are the missing data nl  . Missing data nl   The probability density function of the conditional 
distribution based on the known observations and parameters is: 
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where , i    is the parameter estimate after the i  nd iteration.The expectation step of the EM 
algorithm is calculated as follows: 
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The resulting ( | , )iQ Y   after integration is maximized to give 1i  . Since ( | , )iQ Y   integrates 
out the missing data, the method of ϐinding the extremes is the same as for the calculation of the 
maximum likelihood estimate. Substitute 1i    to recalculate the expected value, and so on until 

|1|| |i i    or 1 |( | , )| ( )| || ,i i i iQ Y Q Y      is sufϐiciently small. At the end of the iteration, the best 
valuation of the unknown parameter with missing data is obtained. 

2.2. Attention mechanisms 

2.2.1. Encoder-Decoder Framework. For understanding the attention mechanism, one has to ϐirst 
understand the encoder-decoder framework [23]. An encoder-decoder is a Seq2Seq model of 
sequences, i.e., a model that outputs a Y at the decoder side by inputting a sequence X at the encoder 
side. The encoding process in the encoder-decoder model is to transform the input sequence into a 
vector with a ϐixed length. The decoding process, on the contrary, is to decode the ϐixed-length vector 
output from the encoding side into an output sequence, which theoretically represents exactly the 
same meaning or data. 

The ϐield of machine translation is generally an LSTM-LSTM encoder-decoder framework and so on, 
so it is a framework-type model rather than a concrete model. Its input and output parts can be any 
form of data, including text, images, video, formula data, etc. One of its more abstract frame 
representations is shown in Figure 1 below. 
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Fig. 1. Abstract encoder-decoder framework 

2.2.2. Attention module. Figure 2 shows the encoder-decoder framework with the addition of the 
attention model. In order to solve the problems that exist above, it is necessary to introduce the 
attention model [24], and the key to understanding the attention model is that the ϐixed intermediate 
semantic representation C is replaced with C1 that is adapted to the changes added to the attention 
model based on the current output word. 

DecryptorEncoder

X1 X2 X3 X4

Y1 Y2 Y3

C1
C2

C3

 

Fig. 2. Encoder-decoder framework with attention model 

At this point the word 1 2 1( , , , , )i i iy g C y y y    of moment i  is generated, where: 
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xT  denotes the length of the input sequence, ij  denotes the attention allocation weight of the  j

th word in the input sentence at the time of outputting the  i  rd word, and jh   is the semantic 
encoding of the  jth word in the input sentence. 

2.2.3. Self-attention mechanisms. The self-attention mechanism [25] involves three vectors: a query 
vector, a key vector and a value vector. An attention matrix and attention weights are used for each 
word in the input sequence, so that each word in the sequence has a bidirectional representation, that 
is, it contains information about the word above and information about the word below. The attention 
mechanism ϐirst inputs the semantic vector representation of the target word and each word in the 
context, and obtains the query vector representation of the target word, the key vector representation 
of each word in the context, and the original value vector representation of the target word and each 
word in the context by linear transformation, and computes the query vectors and each key vector in 



RESEARCH ON SYNTACTIC OPTIMIZATION AND SEMANTIC 4709 

 

order to obtain the similarity weights, and the commonly used similarity functions are dot product, 
splicing, and perceptron, among others. These weights are then normalized using the softmax function. 
Finally, the weights are summed with the original value vectors of the target words to obtain the value 
vectors of each word in the context, i.e., the ϐinal semantic vector representation. As the output of 
Attention. The computational procedure is shown below: 
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Where, Q is the word in the sentence, K  is the individual word in the context, V is the respective 
original value in both the target word as well as the context word, iK  is the key value of the i th word, 

iW  is the weight vector of the i th word, ( , )if Q K  is the similarity, Self-Attention is the probability 
distribution of the attention, j  denotes the number of dimensions, and J denotes an upper bound 
on the number of dimensions. 

In order to enhance the diversity of Self-Attention, multi-head Self-Attention is further utilized, that 
is, different Self-Attention modules obtain the augmented semantic vectors of each word in the text 
under different semantic spaces, and linearly combine multiple augmented semantic vectors of each 
word to obtain a ϐinal augmented semantic vector. 

3. Joint Learning Strategy for English Syntax Optimization and Reconstruction 
Based on EM Algorithm 

3.1. Co-training of Transformer based on EM algorithm 

3.1.1. Transformer model. The structure of the Transformer model is given in Fig. 3, where the 
encoding part is composed of 6 layers of encoders, and similarly, the decoding part is composed of 6 
layers of decoders. 

Each layer of the encoder consists of a self-attentive computation sublayer and a feed-forward 
neural network (FNN) sublayer, each of which is conϐigured with a residual connection to implement 
the regularization operation. The decoder consists of three sublayers per layer. The ϐirst sublayer still 
uses the Self-Attention computation layer, which differs from the Self-Attention layer in the encoder in 
that the decoder adds a mask to the Self-Attention vectors in order to block the inϐluence of the 
following information in the computation. The role of the second sublayer is to compute the attention 
vector between the output of the encoder and the state of the decoder's hidden layer. The third 
sublayer is the FNN sublayer, which serves the same purpose as the encoder. 
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Fig. 3. Transformer model structure 

The Transformer model works as described below [26]: 
1) Compute the input sentence vector representation. 
2) For each word in the sentence, the word vectors ie , where l p

ie R  , are multiplied by three weight 
matrices of dimension p d , denoted , , vQW W W , respectively, to obtain the corresponding three 
d-dimensional vectors, denoted , ,q k v . 
3) Transformer uses the multi-head attention mechanism to matrix splice k and v  of each word to 
get the large matrix , ,K V n  of the spliced n d  as the number of words, and the number of heads 
used here is m  for the convenience of generalization. 
4) According to the multi-head attention mechanism, slice , ,q K V   to get      1 1 1

, ,
m m m

i i ii i i
q K V

    
respectively. 
5) For any i m , compute: 

 ( , , ) max( )
T

i i
i i i

q K
C attention q K V soft V

d
   (12) 

6) Perform multiple attention calculations: 

 1( , , ) ({ } )m O
i iMultiHead q K V Concat C W  (13) 

Take the calculation of layer l  of the encoder side of the Transformer model as an example, where 
1l  . The working principle of the model is explained: 

(1) In the self-attention mechanism module, according to the calculation results above: 

 
, 1 1 1

1( ,{ , } )l c l l l n
i i j j jh MultiHead h h h  

  (14) 

(2) In the residual linking and normalization part, layer normalization is utilized in the original text 
and is calculated as follows: 

 , , 1( )l c l l
i i iLayerNorm h h    (15) 

(3) After the layer normalization calculation, the nonlinear transformation using the next fully 
connected layer is calculated as follows: 
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(4) Finally, the results above are then computed using the pressed residual join and layer 
normalization modules to obtain the hidden state representation l

ih , which is computed as follows: 

 , ,( )l n l
i i ih LayerNorm h     (17) 

In the above computation, layer normalization facilitates training. Speciϐically, let z  denote a d-
dimensional vector, i.e., 1 2[ , , .. ., ]dz z z z . The layer normalization is computed as follows: 
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where    denotes the hyperparameter to prevent the case where the denominator is zero. The 
following is an explanation of the computation process for the hidden state l

is  at moment i  of the 
decoder: 

(1) The bottom part of the decoder is the attention mechanism module of the mask, which is 
calculated as follows: 

 
, 1 1 1

1( ,{ , } )l s l l l i
i i j j js MultiHead s s s  

  (21) 

(2) Computation of the ϐirst residual connection and layer normalization module: 

 , , 1( )l l l
i i iLayerNorm s s      (22) 

(3) The following is the computation of the source-to-target-language attention mechanism module, 
which takes into account the information at the source-language end, but the computation also 
employs a multi-head attention mechanism in the following process: 

 
, ,

1( ,{ , } )l c l s L L n
i i j j js MultiHead h h    (23) 

(4) Computation of the second residual join and layer normalization module: 

 , , ,( )l c l c l
i i iLayerNorm s     (24) 

(5) Computation of fully connected networks: 

 , ,
1 1 2 2Re ( )l n l c t t t t

i is LU W b W b     (25) 

(6) Finally, there is a third residual connection and the computation of the layer normalization 
module, and ϐinally, the hidden state l

is at moment i  of the decoder is computed as: 

 , ,( )l l n l c
i i is LayerNorm s   (26) 

3.1.2. Joint learning models. In this paper, we utilize the joint learning method [27], taking the 
generation of Chinese-English parallel corpus as the main task, the training of Transformer model as 
the auxiliary task, combining the main and auxiliary tasks through EM algorithms, and adopting the 
joint training method to generate large-scale and high-quality parallel corpus by using the existing 
corpus. In the process of corpus generation, the Transformer model is combined with the EM 
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algorithm, and the parameters are tuned through iterative training until the whole process converges. 
The joint learning model architecture is shown in Figure 4. 

Corpus expansion 
+EM iterative training

 
 Zh EnNMT   En ZhNMT 

Auxiliary task

New Chinese 
corpus

New English 
corpus

Chinese corpus English corpus Chinese and English 
parallel corpus

Main task

 

Fig. 4. Joint learning model architecture 

3.1.3. Joint multi-task training algorithm: 
1) Pre-training of word vectors. In this paper, we utilize publicly available parallel corpus resources 
and online Chinese-English monolingual corpus resources as the initial corpus resources, and carry 
out pre-processing work on the corpus, including pre-processing of the source and target languages. 
The Word2Vec model is used to generate word vectors, which are used as inputs to two unidirectional 
Transformer models to initialize the training model. 
2) EM iterative training algorithm based on the Transformer model. In this paper, the Chinese-to-
English Transformer model is labeled as Zh EnNM T  , and the English-to-Chinese model is labeled as 

: ni n zNMT  . The goal of iterative training of the models is to jointly optimize Zh EnNM T   and E n ZhNM T   
using the Chinese corpus S and the English corpus T. The speciϐic algorithms for iterative training 
are shown below: 

(1) Initialize Zh EnNM T   and E n ZhNM T   using random weight parameters S T   and T S  . 
(2) Pre-train Zh EnNM T    and E n ZhNM T    on the bilingual parallel corpus 1{( , )}Ni i iD S T   . Send 

generations using the EM algorithm until convergence as described below: 
E-Step: 
For Zh EnNM T  , use E n ZhNM T   to generate translation Ŝ   using the bulk English corpus 1{ }pi iT t

  
and combine the two to form a new parallel corpus ˆ{ , }D T S    . Similarly, for E n ZhNM T   , use 

Zh EnNM T   to generate translation T̂   using the bulk Chinese corpus 1{ }qj jS S
  and combine the 

two to form a new parallel corpus ˆ{ , }D S T   . 
M-Step: 
For Zh EnNM T   , the weighted bilingual corpus DUD    is utilized to train Zh EnNM T   , where the 

weights of the generated corpus are assigned to be from the translation probability ( | )jP s t , and the 
weights of the real corpus are assigned to be 1. Similarly, for E n ZhNM T  , the weighted bilingual corpus 
DUD   is utilized to train E n ZhNM T  , where the weights of the generated corpus are assigned to be 
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from the translation probability ( | )jP t s , and the weights of the real corpus are assigned to be 1. 

3.2. Objective function for model training 

For the pre-training process, this is done using an approach based on the maximum likelihood 
principle, which has the general approach of maximizing the log conditional probability of a correct 
translation, given the model parameters of the source language sentence , with the goal of obtaining 
a  that satisϐies the following equation: 
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where: N  is the size of the training corpus and | |it  is the length of the target language sentence it . 
For a given original parallel corpus 1{( , )}ni i iD S T   and English monolingual corpus 1{ }pi iT t

 , the 
training objective of the model is to maximize the likelihood of bilingual data and monolingual data, 
i.e: 
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Where: the ϐirst part represents the conditional probability of generating English T for Chinese S. 
The second part represents the language model about T. The decomposition of the language model 
part for English is obtained: 
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According to Jensen's inequality, the following equation can be obtained: 
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where: s  represents the hidden variable of the Chinese translation generated by the English sentence 
it , ( )q s  is the approximate probability distribution of s , ( )p s  represents the marginal distribution 

of s  , and ( ( ) || ( ))KL q s p s   is the KL   divergence between the two probability distributions. The 
following equation can be applied when ( )q s  meets the following conditions: 
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( )
ip s t

c
q s

  (32) 

where: c  is constant and does not depend on t , for given: 

 ( ) 1
s

q s   (33) 

Then ( )q s  can be calculated by the following equation: 

 
*( , ) ( , )

( ) ( | )
( , )

i i
i

i
s

p s t p s t
q s p s t

c p s t
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  (34) 

Where: *( | )ip s t   denotes the optimal translation probability from English to Chinese. Using the 
translation probability ( | )ip s t 2 as the approximate probability distribution of the source language 
satisϐies the conditions of the following equation: 

 ( | ) ( )ip s t q s  (35) 
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Therefore, it can be obtained: 

 *( ) ( )S T S TL L    (36) 
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The above equation shows that ( )S TL     serves as a lower bound for the optimal translation 
*( )S TL     and that ( ( | ) || ( ))jKL p s t p s   is independent of the parameters s     of the model. So the 

optimization function ( )SL    can be further simpliϐied: 

 
1 1

( ) log ( ) ( ) log ( )| | |
N T

S T i i j j
i j s

L p t s p s t p t s 
 

    (38) 

Similarly, the optimization objective function for English to Chinese translation model E n ZhNM T   
can be obtained: 
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( ) log ( ) ( ) log ( )| | |
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T S i i j j
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L p s t p t s p s t 
 

    (39) 

where: t   is used as a hidden variable of the source language sentence js . The training objective 
function of the joint learning model is obtained as: 

 ( ) ( ) ( )S T T SL L L      (40) 

4. Experimental configuration and analysis of results 

4.1. Experimental configuration 

4.1.1. Experimental data. In order to verify the effectiveness of the method, the experiments in this 
paper mainly train the translation model on parallel datasets by the International Workshop on 
Spoken Language Translation (IWSLT for short), including IWSLT171, IWSLT152, and IWSLT133. In 
addition, in order to test the adaptive performance of the translation system on noisy text, the dataset 
MTNT4 (Testbed for Machine Translation of Noisy Text), which is specially used for the evaluation, is 
chosen for this paper. These noisy texts contain a variety of linguistic errors, including spelling 
mistakes, character omissions, character repetitions, character redundancies, grammatical errors, etc., 
and then they are translated by professional language users to obtain their correct translations. 

4.1.2. Experimental setup. All experiments at the institute are based on fairseq, an open source 
framework from facebook. Transformer is used as the base model framework, the number of layers of 
both encoder and decoder is set to 5, the dimensions of word embedding and the dimensions of the 
output state of each layer are 512, the dimensions of the feedforward neural network module are set 
to 512, 2048, 512 in that order, and the number of heads of the multi-head attention module is set to 
6. The model applies Dropout during training and label smoothing, the corresponding neuron 
deactivation rate and smoothing factor are set to 0.2, and the models for all language pairs are trained 
using a joint word list with a size of 20K. The learning rate change strategy during model training is 
inverse sqrt, the corresponding warm updates are set to 4000, and Adam is used as the optimizer. All 
the experimental data have been processed by word splitting, special symbol processing, and effective 
length sentence screening, with the ratio of parallel sentences set to 2 and effective lengths from 1-
200. 

4.1.3. Experimental environment. The experimental process of syntactic optimization and semantic 
reconstruction of English translation based on machine learning is done using Linux system and 
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Python language on a computer with NVIDIA GTX 1080ti GPUs with 11G of video memory, and the 
experiments are implemented on pytorch framework. 

4.2. Experimental results and analysis 

4.2.1. Model evolution in the training phase. Syntactic optimization of English translation as well as 
semantic reconstruction model training evolution have been carried out for this paper's method, and 
the deep learning-based RNN-NMT method is chosen as a comparison. 

In terms of evaluation metrics, BLEU values (Bilingual Evaluation Understudy) are used to judge the 
accuracy of Chinese-to-English neural machine translation, which replaces manual evaluation to 
measure the quality of machine translation.BLEU values indicate the degree of correspondence 
between the candidate (the sentence generated by the model to be evaluated) and the reference (the 
human translation as the reference answer). In other words, the BLEU value of a sentence indicates 
how well the candidate and the reference match. The BLEU value of a sentence is calculated as follows: 

 
1

exp( log )
N

n n
n

BLEU BP w P


    (41) 

where n  denotes n gram , i.e., the set of phrases of n  word lengths. 
Another evaluation metric is the word alignment error rate (AER), which is calculated as follows: 
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In the above formula, A denotes the set of output English words and Chinese words, D denotes the 
set of English words manually labeled as “sure” and Chinese words, and P denotes the set of English 
words manually labeled as “possible” and Chinese words. D is obviously a subset of P. In the speciϐic 
experiments, this paper only adopts a “sure” labeling type, so D=P in this paper. 

Figure 5 shows the changes of BLEU score and word alignment error rate of word granularity during 
the training process, the BLEU score is tested on the IWSLT corpus, and the word alignment error rate 
is tested on the MTNT4 corpus. As expected, the BLEU scores of both models gradually increase with 
training, and the Transformer-based machine translation model in this paper gets better translation 
results with BLEU scores between 22 and 28. However, the word alignment error rate of the 
Transformer machine translation model is higher than that of the recurrent neural network-based 
model, and it will become higher and higher as the training progresses, which means that the effect of 
word alignment will become worse and worse. 
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Fig. 5. The variation of the BLEU and the AER of the word alignment 

This paper attempts to integrate knowledge of the syntactic structure of English at different layers 
of the multicentered attention mechanism in order to investigate the gap between the integration 
effects of different attention layers. In this section of the experiment, 1 , 2  and 3  are all 0.60, 
0.30 and 0.10 respectively. This experiment measured the BLEU values under different layers of multi-
head attention mechanism ϐive times and took the average value to ensure the accuracy of the 
experiment. 

The BLEU scores under different layers of multi-head attention mechanisms are shown in Figure 6, 
where the horizontal coordinates indicate the BLEU values obtained using this paper's method when 
selecting the 1~8 layers of multi-head attention mechanisms for fusing English syntactic information. 

The experimental results show that a relatively high BLEU value (32.86) was obtained by 
performing the fusion of the dependent syntactic information at the ϐirst layer of the multi-head 
attention mechanism. Compared with the lowest BLEU value obtained by performing fusion at the 
second layer, it improved by 5.45 points. This is because the ϐirst layer of the multi-head attention 
mechanism will pay more attention to the word to be translated itself, and introducing the contextual 
information of the parent word at the ϐirst layer can enable the word embedding to contain more 
features, thus obtaining a more effective word representation. This can further help the translation 
model to complete the translation process more accurately. Therefore, the appropriate attention layer 
is also conducive to improving the translation performance more effectively with the help of 
dependent syntactic information. The following experiments will be carried out when the number of 
layers of the multi-head attention mechanism is 1. 
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Fig. 6. The bleu scores under the same number of long attention mechanisms 

4.2.2. Distribution of semantic reconstruction features. Experiments were conducted to verify the 
effectiveness of this paper's method in eliminating translation errors in English semantic 
reconstruction. The experiments are designed using Matlab, and the set of association rules for English 
conversion is represented in OAEI language. The set of simple semantic units is 1000, the set of sample 
training volume is 100, the number of iterations is 100, the set of semantic attributes is 50, the number 
of instances of similarity semantic feature distribution is 100, the number of learning times is 100, and 
the convergence step is 20. 

According to the above simulation environment and parameter settings, the translation error in 
English conversion is eliminated and the distribution of semantic features is tested. Figure 7 
demonstrates the feature distribution of the semantic feature simulation and semantic reconstruction 
calibration. As can be seen from the ϐigure, the distribution of semantic features in the simulation is 
between [-1,1], and after the semantic reconstruction conversion by this paper's method, the 
distribution of the translated semantic features is still between [-1,1] and basically overlaps with the 
simulation results. It shows that the accuracy and correction ability of the method is good for 
eliminating errors in English conversion translation. The translation error elimination accuracy of 
English language conversion is high and the correlation of translation calibration is strong. 
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Fig. 7. The characteristics of simulation and semantic reconstruction calibration 

In order to further evaluate the error elimination rate of this paper's method in semantic 
reconstruction, three commonly used semantic transformation methods are selected in this paper. 
These include multi-fuzzy semantic automatic judgment, particle swarm optimization algorithm, and 
deep learning error elimination method, which are denoted as Methods 1-3 in turn, and are compared 
with the results of this paper's method. 

The comparison results of the semantic error elimination rate of each method are shown in Figure 
8. It is clear from the ϐigure that the error elimination rate of each method is improving with the 
increase of the number of test samples. When the number of samples is 500, the error elimination rate 
of multi-fuzzy semantic automatic judgment, particle swarm optimization algorithm, and deep 
learning error elimination method all reach the best, which are 91.09%, 90.35%, and 93.51%, 
respectively. And the method in this paper reaches 99.64%, which is 6.56% to 10.28% higher than the 
comparison methods. It indicates that the error elimination rate of semantic reconstruction of the 
proposed method in this study is higher than the commonly used methods. 

 

Fig. 8. The semantic error elimination rate of all parties is compared 

4.2.3. Evaluation of Translation Syntax Optimization. In order to verify the optimization effect of the 
method proposed in this paper in translation syntax, the BLEU score is chosen as the optimization 
evaluation index. In this section, under the same experimental environment as above, syntax 
optimization comparison experiments are carried out with multi-fuzzy semantic automatic judgment, 
particle swarm optimization algorithm and deep learning error elimination method experimented in 
the previous section. 

Figure 9 shows the comparison results of BLEU values for syntactic optimization. As can be seen 
from the ϐigure, method 2 has the lowest BLEU value in both "Chinese to English" and "English to 
Chinese". In this paper, the BLEU value is the highest under the effect of the multi-head attention 
mechanism. Compared to method 2, the BLEU value on the "Chinese to English" translation is 
increased by 6.89, and the "English to Chinese" direction is increased by 6.97. It shows that the 
translated sentences obtained by this method are more suitable for human translation, and the logic 
is clear and natural, which can form a translation with an easy-to-understand ϐlow ϐield. 
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Fig. 9. The method of syntactic optimization results in the comparison of BLEU 

In order to verify the generalization of the present method, syntactic correctness experiments were 
conducted on 2000 English long sentences extracted from the IWSLT171, IWSLT152, and IWSLT133 
datasets on the topics of news, law, and novels, respectively. 

Figure 10 depicts the results of the syntactic correctness comparison of each model in the three 
datasets. From the ϐigure, it can be seen that the syntactic correct rate results of the methods on English 
long sentences of different topics in different datasets are deviated. However, the four methods have 
the best effect on legal long sentences with the correct rate of 84.70% to 96.57%. The effect on the 
novel dataset is lower, with only 70.74%~88.69% correct rate. The reason is that common legal texts 
have standardized structure and rigorous content, so their syntactic analysis is more effective. The 
common ϐiction text has ϐlexible and changeable language and will use various rhetorical devices, so it 
leads to a lower effect of its syntactic analysis. And on the long sentences of different topics in the three 
datasets, the syntactic correctness of this paper's method is shown to be the highest, and in the case 
of literary topics, this paper's method improves 11.58%~21.42% compared with the comparison 
method. It indicates that this paper's method pays more attention to the correctness of grammatical 
elements such as tense, morphology, subject-verb agreement, etc., when translating long sentences, 
and the syntactic optimization effect is better. 
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Fig. 10. The results of the comparison of the syntax accuracy 

5. Conclusion 

In this paper, we constructed a syntactic optimization and semantic reconstruction model for English 
translation based on machine learning, and the model takes the EM algorithm as the core, and the 
training of the Transformer model as an auxiliary task. In the process of corpus generation, the joint 
learning model is used for parameter optimization. Weights are assigned to the generated corpus 
through pre-training of word vectors and iterative training of EM based on the Transformer model. 
After determining the objective function for model training, relevant experimental studies are carried 
out on a variety of datasets. The experimental results are as follows: 

The BLEU score of this paper's model in the training phase converges to about 27.5, which has a 
good translation effect. The BLEU score reaches 32.86 when the number of layers of the attention 
mechanism is 1. The feature distribution of the semantic reconstruction of this paper's model is similar 
to the simulation results in [-1,1], and when the number of samples is 500, the error elimination rate 
of the semantic reconstruction is improved by 6.56%~10.28% compared with the comparison method, 
which indicates that this paper's model has strong correlation of translation calibration. The BLEU 
value of this model in syntactic optimization on is nearly 7 points higher than that of particle swarm 
optimization algorithm, and it has the highest syntactic accuracy rate, showing excellent syntactic 
optimization effect of English translation. The model in this paper shows signiϐicant advantages in 
terms of translation quality, ϐluency and accuracy on both syntactic optimization and semantic 
reconstruction. 
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