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Abstract. For the problem of the lack of linguistic knowledge in the 
neural machine translation model, which is called Transformer, and the 
insufficient flexibility of positional encoding, this paper introduces the 
dependency syntax analysis and the long short-term memory network. The 
source language syntactic structure information is constructed in the neural 
machine translation system, and the more accurate position information is 
obtained by using the memory characteristics of LSTM. Experiments show 
that using the improved model improves by 1.23 BLEU points in the 
translation task of the IWSLT14 Chinese-English language pair. 
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1 Introduction 
Machine translation (MT) refers to how a computer translates a source language 

sentence into a target language sentence with the same semantics[1] and is an essential 
branch in natural language processing. People divide Machine translation into three types: 
rule-based machine translation, statistical machine translation (SMT), neural machine 
translation (NMT)[2]. With the continuous development of deep learning, neural machine 
translation has outperformed statistical machine translation in most language pairs and has 
become the mainstream in machine translation[3]. In 2017, Vaswani et al.[5] proposed a 
Transformer model based on the attention mechanism, although it significantly improved 
the training speed and translation quality. However, there are still some shortcomings:  

A neural network-based translation model such as a recurrent neural network is a 
sequential structure that contains the position information of words in the sequence. While 
Transformer does not contain recurrent neural network (RNN) and convolutional neural 
network (CNN), the transformer can not have the ability to identify the order of each token, 
and does not contain any position information. Adding Positional Embedding (PE) can help 
the model identify positional information. The Sinusoidal positional embedding proposed 
by Vaswani et al. uses a predefined function to calculate the positional embedding 
information, which does not contain learnable parameters and is not flexible enough.  
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The neural machine translation model adopts the encoder-decoder framework, an end-
to-end model[7]. In neural machine translation, neural machine translation models treat 
source language sentences as words or sequences of words, ignoring the structural 
information inherent in the language. The first explicit introduction of syntactic knowledge 
in neural machine translation started with Eriguchi et al.[8], which showed that introducing 
linguistic knowledge into neural machine translation would significantly improve 
translation performance.  

For the above problems, this paper uses Transformer as the benchmark model and uses 
the dependency syntax tree [9] to obtain the minimum distance between each word, which is 
the closeness of the relationship between words and words, and then converts it into the 
corresponding dependency matrix. Finally, based on the CBOW[10] model, predicting the 
target word according to the dependent word is added to obtain the word vector containing 
the dependency. Using the LSTM model [11] trained the output vector. At this time, the 
input sequence contains each sentence's semantic structure and word position information. 
In this paper, it is verified through experiments that the above methods can improve 
translation performance. Finally, the evaluation results of the improved model in this paper 
on the test2010-2013 test set verify the method's effectiveness.  

2 Related work 
Due to some shortcomings of the original transformer model, many researchers in the 
academic community began to improve the Transformer. Some related works have been 
tried from different angles, using different methods to construct position encoding 
information, roughly divided into absolute position encoding and relative position encoding, 
and some other fancy encoding methods.  

Since natural language is generally more dependent on relative position, Shaw et al. [6] 
proposed relative position encoding, which does not fully model the position information of 
each input but is an improved extension of the self-attention mechanism to consider the 
method for pairwise relationships between elements. The relative position representation is 
used in the Transformer's self-attention mechanism. When training Attention, the relative 
distance between the current position and the position of the Attention is considered, which 
dramatically improves the translation performance of the neural machine translation system. 
Although relative position encoding has no limit on text length, it sacrifices long-distance 
position dependence to some extent. Wang et al. [13] adopted a dependency tree to represent 
the semantic structure of a sentence, which simplified the syntactic relationship between 
input words and encoded positional information according to the depth of each word in the 
dependency tree. Chen et al.[14] proposed a word-vector-based recursive positional 
embedding method to capture sequential dependencies based on word content in sentences. 
Employs recurrent positional embeddings learned by a recurrent neural network to encode 
word content-based order dependencies into word embeddings. They are then integrated 
into existing multi-head self-attention models as independent heads or as part of each head.  

In integrating syntactic analysis into neural machine translation, Li et al. [16] performed 
depth-first traversal of the syntactic tree of source language sentences and linearized it to 
obtain syntactic structure information. Sennrich et al. [17] used the source language 
dependency syntactic structure to use the dependency relationship, part of speech, a word 
root, and other information in the dependency structure as features, which were represented 
by different vectors and spliced together with the word vector to form each source language 
word. the input vector. 

Inspired by the advantages and disadvantages of the above-mentioned related work, this 
paper proposes DTCL (dependency tree combined LSTM). Integrate the dependencies into 
the input sequence, and use the memory characteristics of LSTM to concatenate the output 
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of each time step, that is, the position information of each word and the original sequence, 
as the input sequence of the entire Transformer. This method solves the shortcomings of the 
original model. 

3 Background 
The transformer is a classic NLP model proposed by Google's team in 2017. It only uses 
the Attention mechanism for machine translation tasks and has achieved good translation 
results. The transformer uses the encoder-decoder.  

As said above, the Transformer processes each word in parallel and cannot identify the 
order of each token. Adding positional coding can help the model identify positional 
information. Therefore, to take advantage of the order of the sequence, the positional 
encoding is added to the input sequence at the bottom of the encoder and decoder stacks. 
The positional encoding has the same dimension as the word vector, and the two can be 
directly added as the encoder input. Use sine and cosine functions of different frequencies, 
as shown in equations (1) and (2). 

)10000/sin(PE model/2
)2,(

di
iPOS pos=                                  (1) 

)10000/(cosPE model/2
)12,(

di
iPOS pos=+                              (2) 

Where pos  is the element position in the sequence, i2  is the current dimension of the 
position encoding vector, and modeld  is the dimension of the input sequence. Each 
dimension of the positional encoding corresponds to a sinusoid. The wavelengths form a 
geometric progression from π2  to π210000 ⋅ . 

According to equations (1) and (2), it can be seen that the Transformer model has 
limitations in obtaining position encoding information. According to the memory 
characteristics of LSTM, this paper captures long-distance dependence to obtain position 
information, and each time series output contains the information of the previous word to 
obtain the position code. 

The Transformer model architecture is shown in Figure 1. 
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Fig. 1. Transformer model architecture. 
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4 Neural machine translation system integrating dependency 
syntax and LSTM 
This section describes methods for incorporating dependency syntax and LSTMs into 
Transformers. This paper only makes the same improvements to the input and output 
sequences of the benchmark model Transformer. The source language sentence word vector 
is passed through the dependency syntax tree to make the obtained input sequence contain 
semantic information and then input to the long and short-term memory network model to 
obtain the position information code. Finally, the word vector and the position information 
code is spliced into the final input sequence. 

4.1 Dependency syntax tree 

Dependency syntax analyzes a sentence into a dependency syntax tree to describe the 
dependencies between words, which is called dependency relation grammar [20]. 
Dependency syntax shows that there is a master-slave relationship between words. The 
dependency relationship matrix [21] can indicate a relationship between two words and 
how far the relationship is. Then, the closeness of the relationship between the two words is 
obtained so that the neural machine translation system can understand the general meaning 
of the sentence and obtain a more accurate translation result. This paper introduces the 
dependency syntax tree in syntactic analysis to integrate the structural information of the 
source language sentence into the input sequence and send it to the model for training. 

For each source language to be translated, in order to more accurately understand the 
semantic information of the sentence, the Stanford CoreNLP toolkit is used to convert the 
source language sentence into the form of a dependency syntax tree, and then into the 
corresponding dependency matrix, because CBOW uses contextual The method of 
predicting the target word lacks the support of syntactic structure information. Based on the 
words in the context window, this paper selects the two words with the highest degree of 
closeness to the target word and adds them to the prediction sequence to obtain the word 
vector. 

Taking "he told Tom to get his coat" as an example, Figure 2 shows the relevant 
dependency tree. 

叫

他 汤姆 拿

去 外衣

Root

 
Fig. 2. Dependency syntax tree. 

As shown in Figure 2, the distance between words in a sentence does not represent the 
closeness of the connection between the two words. The words that make up a sentence are 
also not arranged in order. There are long-distance dependencies between words. Therefore, 
it is necessary to use dependency syntax to extract semantic information in sentences in this 
paper. We can understand the structure of the sentence and the relationship between words 
through the extracted semantic information. However, the computer cannot directly identify 
the extracted information. This paper converts the dependency syntax tree into a 
dependency matrix. The definition of the dependency matrix is as follows: 
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1. The dependency weight is set to zero for two words with no dependencies. 
2. For two words with a dependency relationship, as the distance between the two words 

in the dependency syntax tree increases, the weight of the dependency relationship should 
also decrease. As shown in formula (3). 
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The dependency matrix can clearly show the closeness of the relationship between 
words. The two words with the closest degree of dependency are added to the sequence 
used to predict the target word in the CBOW model to predict the target word to obtain the 
word vector containing the dependency information. 

4.2 Long short-term memory network 

The long short-term memory network is a recurrent neural network. Compared with the 
recurrent neural network, LSTM is special. It can be applied to longer sequences to learn 
long-term dependency information.  LSTM has the cyclic structure of RNN, but unlike it, 
LSTM introduces three gate structures to realize the transfer of information in the network 
structure.  

The role of LSTM in this paper is to obtain position encoding information and alleviate 
the limitations of position encoding in the original model. The LSTM model architecture is 
shown in Figure 3. 
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Fig. 3. LSTM model architecture. 

This paper introduces the LSTM neural network structure to help obtain the position 
information of words in sentences. According to the memory characteristics of LSTM itself, 
the input sequence containing the dependencies between words and word vectors and word 
vectors is input into the LSTM model for training. One of the characteristics of LSTM is 
that it can solve the problem of long-distance dependence of sentences so that the output of 
each time step can be The information includes the content information of the current word 
and the previous word, so this paper uses the output of each time step of LSTM as the 
position information of the current word. Directly adding the position code and the word 
vector will blur the semantic representation of the word vector and cannot represent the 
position information well. Therefore, this paper adopts the concatnate method to fuse the 
position information and the word vector to improve the translation effect of the translation 
system. The improved overall model architecture in this paper is shown in Figure 4. 
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Fig. 4. DTCL model architecture. 

5 Experimental setup 
We uses the Transformer proposed by Ashish Vaswani et al. to improve the benchmark 
model and experimented on IWSLT14 by using Chinese-English language pairs.We use 
dev2010 as the validation set and test2010-2013 as the test set. This article uses the 
Stanford CoreNLP toolkit to obtain the dependency matrix of each sentence. The scale of 
the experimental data is shown in Table 1. 

Table 1. Scale statistics of experimental data. 

Language pair Traing Development Test 
zh-en 8.7M 43.4K 0.2M 

Parameter setting: The basic structure of the model proposed in this paper is based on 
Transformer, using six encoder sub-layers and six decoder sub-layers to build the encoder 
and decoder of this model respectively. The word vector dimension of the model and the 
hidden layer size of the source and destination are both set to 512. The number of attention 
heads is 8, and the feedforward neural network dimension is 2048. The value of Dropout is 
set to 0.1, the initial value of the learning rate is set to 0.5, the model parameters are 
updated using the Adam algorithm [22], and the optimizer parameters are set to 1,2,3. Other 
related parameters are consistent with the transformer model proposed by Vaswani et al. 
Only sentences with no more than 100 source language sentences are used, and the context 
window size of the CBOW model is 2. 

5.1 Results and analysis 

In order to more intuitively understand the importance of the different improved modules of 
this model to the system performance, the proposed model is decomposed in the experiment 
process. The complete model proposed in this paper is compared with the model with a 
masked module to understand and analyze the importance of each sub-module to the 
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translation performance of the model. The experiment in this paper mainly analyzes the 
importance of the two sub-models added after the improvement of the original baseline 
model transformer, using the dependency matrix to add semantic information to the original 
model and using the LSTM model to obtain the positional encoding of the language 
sequence. For the module using the dependency tree, only the semantic relationship of the 
source language sentence is represented by the dependency relationship matrix, and the two 
words with the highest degree of closeness of each target word are added to the word vector 
in the prediction sequence. For the LSTM model, the input sequence obtained by the 
module using the dependency tree is input to the LSTM model for training, and the output 
of each time step is obtained. Because of the powerful memory function of LSTM, this 
paper uses the output of each time step as each word's location information in the sentence. 
This paper uses the BLEU value[23] as the judging criterion for the model. In this paper, 
DTCL (dependency tree combine LSTM) is used to represent the method proposed in this 
paper, "DTCL(-DT)" (DTCL without dependency tree) is used to represent the model that 
removes the dependency tree, and "DTCL(-L)" is used to represent the model that removes 
the LSTM. 

The experimental results are shown in Table 2. 
Table 2. Experimental results. 

 Model BLEU 
 

Existing NMT Systems 
GNMT[24] 27.24 

ConvS2S[12] 27.51 
Transformer 28.70 

 
Our NMT Systems 

DTCL(-L) 29.32 
DTCL(-DT) 29.54 

DTCL 29.93 
As shown in Table 2, the translation model proposed in this paper outperforms other 

existing models in translation from Chinese to English. This paper uses dev2010 as the 
validation set and test2010-2013 as the test set to start the experiment. The average BLEU 
value of the model proposed in this paper can reach 29.93, which is 1.23 BLEU points 
higher than the benchmark model. It can be seen that the method proposed in this paper can 
improve the translation performance of the transformer model. In order to verify the 
effectiveness of the two sub-modules proposed in this paper, ablation experiments are 
performed in this paper. As shown in Table 1, the overall model proposed in this paper 
improves by 0.61 BLEU points than DTCL(-L), which indicates that adding semantic 
information to the model can better help the model understand the structural information of 
sentences, thereby improving translation performance. Furthermore, compared with 
DTCL(-DT), the model proposed in this paper improves 0.39 BLEU points. It shows that 
using the output of each time step of LSTM as the position information of the word can 
improve the translation accuracy of the translation system, thereby improving the 
translation performance of the translation system. 

Figure 5 shows the change curve of the BLEU value of the Chinese to English 
translation on the validation set with the number of training steps. It can be seen from the 
figure that the method proposed in this paper has a good improvement in translation effect 
compared with the baseline model. 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. The position encoding information obtained by using LSTM makes 
the model proposed in this paper more accurate. Translate source language sentences, 
which produces more accurate translations. 
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Fig. 5. The relationship between the number of iteration steps and the BLEU value of the model on 
the validation set. 

6 Conclusion 
This paper proposes a method to improve the accuracy of the input sequence in the DTCL 
model so that the input sequence can more accurately represent the source language. The 
dependency matrix is obtained using a dependency tree, and the word vectors of the two 
words with the highest degree of closeness of each target word are added to the prediction 
sequence. Positional encoding information, and integrate these two operations into the 
neural machine translation model Transformer to improve translation performance. 
Experiments show that our way of obtaining location information has an extensive 
performance improvement on the translation task of Chinese-English language pairs. 

In the future work, I hope to continue to improve the performance of machine 
translation by improving the way to obtain sentence position information. Linguistic 
knowledge and neural networks are currently being introduced to improve the translation 
effect. The next step will be to change the structure of the attention model to obtain the 
position information of the sentence to further improve the translation performance of the 
model. 
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