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ABSTRACT

The rapid development of natural language processing technology makes machine translation play an
increasingly important role in cross-lingual information exchange. In this paper, we propose an English
long text translation paradigm based on the self-attention mechanism and introduce various
improvement strategies to enhance the model performance. The model's ability to process English
long text is improved by introducing multi-head attention and hierarchical self-attention modules. The
long text translation paradigm is optimized by using techniques such as residual linkage, layer
normalization and dynamic memory network. A series of experiments are conducted to verify the
effectiveness of the improved model on the English long text translation task. The English long text
translation paradigm constructed in this paper outperforms the Transformer model and other related
variants on both CPU and GPU. And Transformer outperforms this paper's model in terms of n-gram
accuracy in real translation experiments. The BLEU scores of the improved model on News and other
datasets are significantly improved compared with the original baseline model, which verifies the
effectiveness of the improvement strategy of this paper and provides a reference for the solution of
the problem of English long text translation.

Keywords: self-attention mechanism, multi-attention, residual connection, layer normalization, long
text translation

1. Introduction

The term “paradigm” first appeared in the book The Structure of Scientific Revolutions, published in
1964 by the famous American philosopher Thomas Samuel Kuhn. A paradigm is a recognized example
of some specific scientific practice, including laws, theories, applications, and instruments in a
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particular field [1-2]. It can be seen that paradigms construct guiding theories and practical methods
in specific scientific fields at specific times. In the field of science, the breakthrough of paradigm leads
to the revolution of science, which can make the science get a brand-new face, and the same is true in
the field of literature. The study of translation paradigm is of great significance for the development of
translation studies [3-4].

In the 1980s, the concept of philosophy of science was used in translation studies, and translation
studies began to form its paradigm. Some scholars summarize Western translation studies into
classical translation paradigm, modern translation linguistics paradigm and contemporary translation
cultural integration paradigm, while translation paradigm has gone through the development process
of author-centered paradigm, text-centered paradigm and translator-centered paradigm, in which
translation paradigm includes philological paradigm, structuralist paradigm, deconstructionist
paradigm and constructivist paradigm. Obviously, the evolution of translation history has contributed
to the evolution of translation paradigms [5-7].

Business English is a branch of English for Specialized Purposes, which involves foreign propaganda,
social life, production activities, business communication, laws and regulations and many other fields
[8-9]. The research on business English translation is in full swing at present. Some scholars focus on
the study of translation skills, some scholars focus on the study of vocabulary features and sentence
features, and some scholars discuss the problem of translation standards [10-11]. However, it is
understandable that many scholars cite language texts from different business activities to prove their
point, but it is necessary to clarify a basic concept when discussing business English translation
standards, that is, business English itself is a superordinate word (with the help of lexicological
concepts), and under the category of "business English", it also includes many "subordinate words" of
different styles, such as advertising English, contract English, etc. [12-15]. In this paper, we think that
when discussing the translation standard, we can't use the standard of sub-category to replace the
superior category, because although these texts can be collectively called business English, and there
are many similarities between them, but ignoring the huge objective differences between them to
arrive at the translation standard of “business English” will inevitably be biased to cover the whole
picture. [16-17]. Therefore, based on the perspective of text type theory, combined with the wide range
of business English texts, the formal degree of the genre spanning a large range of characteristics,
according to the characteristics of its subordinate text types, specific issues and specific analysis, the
implementation of diversified standards [18-19].

Castilho, S et al. articulated the neural network machine translation strategy as a new paradigm in
the field of machine translation and carried out a study to compare the translation quality of NMT
systems and statistical MT, concluding that NMT systems have pushed machine translation forward
[20]. Toral, A et al. examined the effectiveness of neural network machine translation practiced on
various different texts, and by comparing it for the MT-dominated PBSMT translation paradigm, it was
confirmed that the quality and accuracy of NMT's translations were significantly improved [21]. Dabre,
R et al. reviewed the research related to neurotranslation strategies and found that many researchers
have facilitated translation quality through multilingual parallel corpora, while various specific
methods of MNMT were classified and analyzed to identify the advantages and disadvantages of these
techniques [22]. Bowker, L reviewed the related journal papers on Al translation tools assisting English
writing and combined with a pilot practice at a university, argued the feasibility and effectiveness of
machine translation to promote the learning of English translation knowledge, and concluded that the
future direction of the future development of the Al translation machine tools is the translation and
writing skills and so on [23]. Rishita, M. V. S et al. introduced machine translation tools and focused on
analyzing the problem of building deep neural networks as part of an end-to-end translation pipeline,
which includes preprocessing, model building, and running the model on English text, deepening the
knowledge of machine translation [24]. In summary, the above is a strategy for English text translation
from the perspective of neural network machine translation technology and tools.
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Hkiri, E. et al. explored the problems related to named entities in the translation process and
concluded that improper translation of NER can lead to a significant decrease in sentence readability,
so they tried to utilize machine learning strategies and rule-based techniques in order to deal with the
problem of NER in translating English from Arabic, and obtained good results [25]. Polyakova, L. S et
al. discussed the structural and semantic characteristics of English terminology of texts in the field of
science and technology, as well as methods of translation from Russian, noting that the development
of science and technology constantly creates a new vocabulary of scientific and technical terms, and
that there are difficulties in the process of translating English terminology [26]. Sandra, R. A based on
the critical review methodology examines the need to optimize the translation of English source text
into Indonesian language by focusing on the vocabulary, concepts of the source text and considering
the cultural context of the translated language in order to improve the readability of the language
translation [27]. The above studies have been studied and discussed around the optimization of
English translation from the perspective of cultural context readability of the language translated from
English, naming of objects, and structural and semantic features of terminology.

Aiming at the problems of loss of contextual information and difficulty in capturing long-term
dependencies faced by traditional sequence-to-sequence models in processing long texts, this paper
proposes a translation paradigm based on the self-attention mechanism for English long texts to
enhance the model's ability to process long texts. The encoder part of the translation paradigm
constructed in this paper adopts a multi-layer self-attention mechanism, and each layer includes
multiple attention heads to capture different levels of linguistic features. The decoder part combines
the self-attention mechanism and the multi-head attention mechanism to ensure that the model makes
full use of the source sequence information in the process of generating the target sequence. WMT14
and WMT18 are selected as the datasets, and BLEU is used as the evaluation index to compare and
analyze the performance of this paper's model in theoretical and practical translation. To address the
problems of the model in the experiments, this paper proposes improvement strategies such as
enhancing the self-attention mechanism, introducing residual connectivity and layer normalization,
and dynamic memory network, and selects the publicly available English long text dataset for further
experiments. Based on the experimental results, the effectiveness of the improvement strategies in
this paper and the good performance of the model in English long text translation are illustrated.

2. Relevant theories and technologies

2.1. Overview of machine translation

Machine translation is a technology that uses computers to simulate the human translation process to
achieve translation between different languages, i.e., the conversion of one natural language to another
natural language [28]. The natural language being converted is called the source utterance and the
converted natural language is called the target utterance. Although the process and concepts are
simple and easy to understand, the scientific fields involved are cutting-edge and complex, including
artificial intelligence, big data processing, and linguistics. Therefore, machine translation is an
important branch of deep learning, as well as one of the important research areas of natural language
processing.

Nowadays, neural network-based machine translation models make the translation level almost
comparable to human translation, in which the most mainstream method is to use neural networks to
directly map the source utterance to the target utterance, which is also known as the end-to-end neural
network machine translation model, but there are drawbacks to this model, and there is a loss of
contextual information when dealing with long texts. The problems of translation selection,
introduction of knowledge, interpretability, and part-of-speech translation make the machine
translation still not in line with contemporary translation needs, and the machine translation model
needs to be further improved.
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2.2. Self-attention mechanisms

Self-attention mechanism is an approach that mimics the human attention mechanism for processing
information in the field of machine learning and artificial intelligence. It is based on the principle of
how the human brain works by selectively focusing attention to process specific information, thus
improving the efficiency and accuracy of information processing. The principle of self-attention
mechanism for text processing in the field of NLP is that the input word embedding vector is solved
for its query matrix (Q), key matrix (K), and value matrix (V) respectively. The similarity is obtained
by dot product method, as well as processing such as normalizing the exponential function and
dividing by the square root of the dimension in order to get different weights and attention
distributions, so as to get the input information that has a higher weight of influence on the current
output information, so that the model can focus its attention on inputs that have an important
influence on the next target output. The development of the self-attention mechanism can be traced
back to research in the field of neuroscience, especially to the human visual system. In the visual
system, human attention can be focused on the target of interest, ignoring other irrelevant information.
This selective attention mechanism allows humans to process complex visual information efficiently.

2.3. Sequence-to-sequence modeling

The Seq2Seq model is a new end-to-end mapping approach with the structure shown in Fig. 1, which
centers on the encoder-decoder architecture [29]. The encoder is responsible for converting an input
sequence of variable length into a context vector of fixed shape and encoding the input sequence
information in that context variable, which can be viewed as the semantic vector of this sequence C.
The decoder is responsible for generating the specified sequence based on the semantic vector C, a
process also known as decoding.

Fig. 1. Seq2Seq model

If the input sequence is {X,X,,--,X,} and X, isthe mrd marker of the input sequence, at
time step m, the recurrent neural network converts X, and the hidden state /4, , of the previous
time step into the current hidden state 4, through function f asshown in equation (1). And then
the encoder converts the hidden states of all time steps into semantic vector C through function ¢,
as shown in equation (2). If the output sequence of the training set is {YI,YZ,' Y } , for each time step

t, the conditional probability distribution P of the decoder output Y, depends on the subsequence

{Y,,Y,,---,Y,,} of the previous output and the semantic vector C,as shown in equation (3):
hm = f(Xm’hm—l) (1)
C:q(hl’hz,...’hm) 2)
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P(Y|%.Y,,+.Y_,C) (3)

Seq2Seq also uses a recurrent neural network as a decoder to model the conditional probability
distribution of Y.Atany time step ¢ on the output sequence, the recurrent neural network takes as
inputs the outputs Y _, and semantic vectors C from the previous time step, and then transforms
these inputs from the current time step ¢ with the previous hidden state 4 _, into a new hidden
state A, through a function g as shown in Eq. (4), with a function g to represent the decoder
hidden layer transformation:

h, :g(Yt—l’ht—l’C) (4)

Seq2Seq usually uses GRU or Long Short-Term Memory Network as the encoder and decoder, and
the convergence of GRU is significantly better than LSTM under different tasks, so in this paper, GRU is
used as the encoder and decoder of Seq2Seq, and its unit structure is shown in Fig. 2.

Fig. 2. GRU cell structure

In Fig. 2, z, is the update gate of GRU, which is used to control how much information the current
h, state needs to retain from the previous moment #,, state and how much information it can
receive from the candidate state 7. ; the reset gate 7 isused to control whether the calculation of the
candidate state 7%, is dependent on the previous moment state /4 _,; o is the activation function;
b is the bias value; the corresponding weight matrices of the time-step parameters are W, W,, and
W,; and the corresponding parameters of the hidden state are U_, U,, U, The calculation process
is shown in Eq. (5) to Eq. (8):

z,=0(W.X,+U_h_ +b.) (5)
r=c(WX,+Uh_ +b,) (6)
h = tanh (W, X, +U, (r0 h_)+b,) (7)
hy=2,0 h+(1-2)0 h (8)

The application of Seq2Seq model in time series forecasting is to take the historical observation
sequences as inputs and generate the prediction sequences for a future period as outputs. The model
captures the dependencies and patterns between sequences through the encoder and decoder
structure, and is able to effectively learn the evolutionary trend of sequences.The Seq2Seq model can
adapt to input and output sequences of different lengths, and has the capability of being able to deal
with sequences of variable lengths, which makes it suitable for a variety of time series prediction tasks.
However, the Seq2Seq model based on traditional recurrent neural networks still retains the
shortcomings of recurrent neural networks, and the use of the attention mechanism in the decoding
process of the model can effectively increase the ability of the model to extract the dependencies of
long sequences.
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2.4. Challenges and opportunities in translating long texts

Long text translation faces more challenges compared to short text translation. First, long texts contain
more contextual information and complex logical structures, which puts higher requirements on the
modeling comprehension ability. Second, the long-term dependencies in long texts are more complex
and require stronger modeling capabilities to capture them accurately. In addition, long text
translation needs to cope with the consistency problem. That is, maintaining terminology and style
consistency throughout the translation process. However, with the increased availability of big data
and computational resources, and the continuous advancement of deep learning techniques at the first
level, new opportunities are opening up for long text translation. The quality of long text translation
can be significantly improved by constructing more effective model structures and adopting advanced
training strategies. The long text translation paradigm with opportunity self-attention mechanism
proposed in this paper formally arises in this context, aiming to improve the performance of long text
translation by improving the self-attention mechanism and optimizing the model architecture.

3. Paradigm construction of translation of long text based on self-attention
mechanism

3.1. Characteristics and requirements for translating long texts

Long text translation has unique characteristics and requirements compared to short text translation.
Long texts usually involve more contextual information and complex logical structures, which require
translation models not only to have strong comprehension ability, but also to effectively capture long-
term dependencies. In addition, long text translation needs to maintain the consistency of the overall
style and terminology to avoid inconsistencies or sudden changes in style in long content. Therefore,
long text translation not only requires the model to have strong language comprehension ability, but
also needs to have good memory and consistency maintenance mechanism.

3.2. Application of Self-Attention Mechanism in Long Text Translation

Although the Seq2Seq model is already very much in line with the idea of human translation behavior,
i.e., reading a sentence in the original language, understanding its meaning first, and then translating
it into a sentence in the target language. But Seq2Seq still has two drawbacks: one is that the encoder
has difficulty in compressing a long sentence into a fixed-dimension vector. The second is that the
decoder also forgets the information in the output vector encoded by the encoder when decoding, this
is because for every word translated in front of it during decoding, the information of the word will be
passed into the next time step as an input along with the encoder output vector, at this time, there will
be less and less information in the encoder output vector before, so the later the time step, the worse
the translation will be. Therefore, when neural machine translation is performed, often the first half of
the sentence is translated well, and the second half is translated poorly.

In order to solve the problems of Seq2Seq model, related scholars proposed a self-attention
mechanism and used it in Seq2Seq model. The main idea introduced by the self-attention mechanism
is to mimic the behavior of human beings in translating long texts, i.e., at each step of decoding, not
only to combine the fixed-size vectors encoded by the encoder (read-through the whole text), but also
to check back to the original each word (precision localization), both of which work together to
determine the output of the current step [30]. The structure of the self-attention mechanism is shown
in Figure 3.
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Fig. 3. Self-attention mechanism

The self-attention mechanism used in this paper does not require the use of two-way GRU to
perform the calculation of global attention, and this self-attention mechanism provides is the kind of
algorithms to calculate the weight of attention, all of them are simpler to calculate than the other self-
attention mechanisms, while the results are not much different, the three calculations are shown in
Equation (9):

hi }_ly dot
SCOI”e(hiJ_lS) =<h- VVa]/_l\ general (9)
Ve -tanh(Wa [h,,EJ) concat

where /4, denotes the current time-step hiding state, }73 denotes the source language hiding state,

andboth W, and V, are the parameter matrices to be learned.

3.3.  Architectural Design of Long Text Translation Paradigm

In order to adapt to the characteristics and requirements of long text translation, this paper designs a
novel long text translation architecture. The architecture introduces a self-attention mechanism and a
multi-level attention module on the basis of the traditional Seq2Seq model to enhance the model's
ability to process long texts. The specific architecture is shown in Fig. 4. The encoder part employs a
multi-layered self-attention mechanism, each layer including multiple attention heads to capture
linguistic features at different levels. The decoder part, on the other hand, combines the self-attention
mechanism and the multi-head attention mechanism to ensure that the information of the source
sequence is fully utilized when generating the target sequence.

X Y <EOS>
o T
A LTI (CELTTy ([CLITT

1 )

Attention Layer
3 3 4 % % 4
[GRU]<—>[ GRU]<—>[ GRU] [GRU]—»[ GRU]—»[ GRU]
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Fig. 4. The paradigm of the translation paradigm

3.3.1. Encoder. The encoder is responsible for converting the input sequence into a fixed length
vector representation. Assuming that the input sequenceis X ={x,,x,,---,x,}, the encoder is given by:

hi = SA(hi—l’ xi) (10)

where S4 denotes the self-attention mechanism function and /4 denotes the ird hidden state
vector.

3.3.2. Multilayer Self-Attention Module. The multi-layer self-attention module consists of multiple
self-attention layers, each containing multiple attention heads. The formula for layer 1 is:

H, = MultiHead(H, ,,0,,K,,V,) (11)

where MultiHead denotes the multi-head attention functionand Q,,K,,V; denotes the query vector,
key vector and value vector of layer 1, respectively.

3.3.3. Decoders. The decoder is responsible for generating the target sequence based on the output
of the encoder. Each layer of the decoder equally contains self-attention mechanism and multi-
attention mechanism. The formula for layer ; is:

y].=Decodel’(yj,l,Hn,Qj,Kj:Vj) (12)

where Decoder denotes the decoder function and H, denotes the final output vector of the
encoder.

3.3.4. Loss function. In order to optimize the performance of the model, the cross-entropy loss
function is used in this paper. The loss function is defined as:

1
L:—ﬁZillogP(yl_ x) (13)

where P(y,]x;) denotes the probability of target output »; given input x,.

Through the above algorithmic process and formula derivation, it can be seen that the proposed
long text translation paradigm is able to effectively capture the complex structures and long-term
dependencies in long texts, thus improving translation accuracy and fluency.

3.4. Experimental analysis

3.4.1. Introduction to the experimental data set. The WMT14 English-German bilingual dataset
focuses on translation between English and German and provides a large parallel corpus about long
texts from a variety of sources, including news, websites, and books, etc. The WMT18 dataset is an
important dataset used for research on machine translation, which was released by the WMT series of
conferences organized by the International Natural Language Processing Community in 2018. This
dataset contains a parallel corpus of long texts in multiple language pairs and is widely used to evaluate
and compare different machine translation systems.

To facilitate comparison with other models, this paper will use the WMT14 English-German
bilingual dataset for BLEU and efficiency comparison. To facilitate checking the translation quality, this
paper will use the Chinese-English language in WMT18 to train and test the dataset.

3.4.2. Evaluation indicators. BLEU is a method for measuring the quality of machine translation,
which assesses the quality of translation mainly by comparing the agreement between machine
translation and human translated text. The underlying assumption of the method is that the better the
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performance of a machine translation is if its results more closely resemble those of a professional
translation.

BLEU is calculated by comparing the translated text (usually sentences) with a set of high-quality
reference translations and assigning scores to each text segment. These scores are then averaged over
the entire text set to estimate the overall translation quality. The formula for the calculation is as
follows:

N

BLEUzBP-eXp(ZWn loanj (14)
i=1

where N is the upper limit of the value of n-grams (segments consisting of 7 words), which is

taken as 4, i.e,, only 4-grams are counted at most. W, is the weight of the n-grams, and usually the

same weight is taken for each n-gram. BP is the shortness penalty factor, which prevents the

machine-translated sentences from being too short instead of resulting in higher scores:

17 ﬂMT > Lref

BP =
eXp (1 - LMT j U{LMT < Lref (15)
Ly '
P for n-gram based accuracy:
z Counter Clip (n — gram)
Pn — n—grameMT (16)

z Counter (n - gram)

n—grameMT

where Counter Clip is to count the number of n-grams appearing in the reference translation and
Counter is to count the number of n-grams in the machine translated text.

In this paper, the metric used to evaluate translation quality is SacreBLEU, which is an important
tool for machine translation evaluation, aiming to provide a more standardized and reproducible
method for calculating BLEU scores.SacreBLEU solves many problems encountered when calculating
BLEU scores, such as the lack of space as a word segmentation means in comparing Chinese
translations, which makes conventional BLEU difficult to be used for evaluating Chinese translations.
For example, when comparing Chinese translations, due to the lack of spaces as a means of word
separation, it is difficult to use conventional BLEU to assess the quality of Chinese translations.

3.4.3. Reference models. In this paper, we will use the Anglo-German and Anglo-Chinese models in
Opus as the baseline models, both of which use the standard Transformer architecture, and the model
parameters are shown in Table 1. Among them, the Anglo-German model achieved a BLEU score of
28.31 on the WMT14 dataset and the Anglo-Chinese model achieved a BLEU score of 26.78 on the
WMT18 dataset.

Table 1. Opus model parameters

Parameter name Parameter value
Encoder layer number 8
Decoder layer number 8

Attention number 10
Characteristic dimension 508
Feedforward dimension 2142
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3.4.4. Comparison of results. The experiments in this section are designed to verify whether the
model in this paper can improve the translation speed of English long text while ensuring the quality
of the translated text. The hardware and software used for the experiment are CPU: AMD Ryzen(TM)
55600, GPU: NVIDIA GeForce RTX 3090Ti, OS: Ubuntu22.04, Python: 3.10.12, PyTorch: 2.0.0, CUDA:
11.8.

1) Experimental data preprocessing. In order to train the models designed in this chapter, the training,
validation and test sets of WMT14 and WMT18 were selected. For WMT18, only the comment section
of news reports was selected. The following data cleaning measures are applied to the above datasets:

(1) Remove statement pairs containing HTML tags.

(2) Remove statement pairs containing the same target text.

(3) Remove statement pairs with the same language of source and target statements.

(4) For the utterance pairs after disambiguation, if the sequence length ratio is less than 1:5 or
greater than 5:1, the utterance pair is discarded.

After the above processing, the utterance pairs of each collection of the final corpus are shown in
Table 2.

Table 2. The logarithmic amount of the statement of the data set after washing

Data set Training set Verification set Test set
WMT14 4326984 3046 3218
WMT18 178632 51378 27694

where the sequence length distribution of the test set for both is shown in Fig. 5, and (a) and (b) denote
the WMT14 dataset and WMT18 dataset, respectively.

Density Density

0.0027 0.0004
0.0024 - 0.0004
0.0020 0.0003
0.0017 0.0003
0.0014 0.0002

0.0010 0.0002

Number of sequences
Number of sequences

0.0007 0.0001

0.0003 0.0001

0.0000 0.0000
0 10 20 30 40 50 60 70 0 10 20 30 40 50
Sequence length Sequence length
(a) WMT14 (b) WMT18

Fig. 5. The sequence length distribution of the test set

2) Model Theory Performance Experiments. In order to compare the models' English long text
translation ability, this subsection will initialize the standard Transformer and its various variants and
the long text translation paradigm proposed in this paper with the parameters in Table 1 and initialize
them with the parameter weights of these models, respectively. Afterwards, the same sequences are
input to these models, and sequences of equal length to the input sequences are generated in an
autoregressive manner using a greedy search strategy, and the time taken to generate the sequences
is recorded. For each length of sequence, each model will be generated 7 times and the final result will
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be the average of the 7 times. To test the inference performance of the models on CPU and GPU, one
experiment will be done on CPU and one on GPU.

The results of the experiments on GPU are shown in Fig. 6, where the horizontal and vertical
coordinates are logarithmic axes. When using GPU for inference, it can be seen that the model in this
paper is basically comparable to the standard Transformer in terms of new element generation speed
when the length of the sequence is short, but it shows in addition to a faster advantage in long text.
The translation time of this paper's model is basically linear with the text length. In the text length of
about 450, the standard Transformer in the translation time appeared to rise significantly, consuming
time from the more obvious quadratic upward trend. When the text length is 500 and above, the
standard Transformer has exceeded the upper limit of video memory and cannot complete the test in
this experimental environment. Compared to other linear complexity Transformer variants, the model
in this paper also shows an advantage, in most cases can achieve better performance.

30000— ‘ A 29700
27000 l 26810
A 23920

24000

' 21030 &
2 21000 ! 3
5 | | 18140 E
£ 18000 - | g -
o | 15250 2
= | =
E 12360 5
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8 ? 2
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3690
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LinearTransformer
Reformer
Performer

Ours 200

Transformer

Fig. 6. Model theoretical ability experiment results (GPU)

The results of the experiments on CPU are shown in Fig. 7. When reasoning with CPU, thanks to the
introduction of the self-attention mechanism, the model in this paper is especially suitable for CPU
reasoning and can achieve better performance under all lengths of text experiments. Especially for
long texts, the translation time of this paper's model is proportional to the text length, while the
Transformer is proportional to the square of the text length. Compared to other variants, the model in
this paper is able to achieve better performance in experiments with all input text lengths.
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Fig. 7. Model theoretical ability experiment results (CPU)

3) Model actual translation experiment. The trained model of this paper and Opus English-Chinese
model are translated on the test set, and the BLEU scores are calculated and the translation time is
recorded. The final results are shown in Table 3. The results shown in Table 3 are contrary to the
theoretical performance experimental results, based on the components of BLEU as shown in Table
4.Transformer still outperforms this paper's model in n-gram accuracy, and its words are closer to the
reference translation compared to this paper's model. However, on this test machine, the length of the
text it translates is on the short side, resulting in a lower BP, making the final score lower than that of
this paper's model. Similarly, since the translated text translated by this paper's model is longer in
length, this makes the final time longer.

Table 3. Translation results on WMT18

BLUE Time/ms
Transformer 25.34 30584.74
Ours 29.71 40196.83
Table 4. The various components of BLEU score
1-gram | 2-gram | 3-gram | 4-gram | BP Machine translation length Reference length
Transformer 64.83 42.54 28.49 2036 | 0.71 709643
1036748
Ours 52.74 33.87 21.58 1548 | 0.98 998746

4. Improvement strategies and experimental analysis

4.1. Improvement strategies

In order to further enhance the performance of the English long text translation paradigm based on
the self-attention mechanism, the following improvement strategies are proposed in this paper:

1) Enhancing the self-attention mechanism. By increasing the depth and width of the attention heads,
the model's ability to capture long-term dependencies is improved. Specifically, this paper extends the
multi-head attention mechanism into a hierarchical multi-head attention mechanism, which enables
the model to focus on different levels of linguistic features at the same time.
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2) Introducing residual connectivity and layer normalization. In order to improve the stability and
training efficiency of the model, this paper introduces residual connectivity and layer normalization
techniques in the encoder and decoder. Residual concatenation allows the signal to run directly
through multiple layers, reducing the risk of gradient vanishing. Layer normalization, on the other
hand, helps to accelerate the training process and improve the convergence speed of the model.

3) Dynamic Memory Networks. In order to solve the consistency problem in long text translation, this
paper introduces a dynamic memory network. The network can store and update key information to
ensure consistency and coherence throughout the translation process.

4.2. Experimentation and Analysis

4.2.1. Data sets. In this section of the experiments the commonly used Anglo-German dataset in the
domain is used for validation, the processing of the dataset used is kept consistent with the previous
work to allow for fair comparisons, and Moses is used for the segmentation process and OpenNMT is
used for the BPE segmentation process. The statistics for the corpus used are shown in Table 5. The
experiments in this section use the same hyperparameters as the previous work in the model training
session for fair comparison.
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Table 5. Data set statistics

Data set Training set size Validation set size Test set size
News 10000 1000 1000
TED 50000 5000 5000

Novels 80000 8000 8000

4.2.2. Training parameters. The experiments used hyperparameters consistent with the previous
work in the model training session for fair comparison. Where batch size was set to 5000 tokens, the
hidden layer unit of the multi-head attention mechanism was set to 1048, the feed-forward neural
network layer was set to 1048, the embedding dimension was set to 256, and the number of heads was
set to 8. For the TED and Novels datasets due to their small size, the dropout ratio was set to 0.1, and
for the News dataset, the dropout was set to 0.05. The top module in the unified encoder was set to 7
layers and the bottom module was designed to 2 layers, for a total of 5 layers in the encoder. In order
to balance the training overhead and model performance, the context information used is limited to
the previous and next sentences of the current statement to be translated. The model was trained using
the Adam optimizer with the parameters setto 3 =0.95,3, =0.97,6 =1x107", and the learning rate
was set to increase linearly from 0 to 3 x 10-# for 5000 steps at the beginning of model training, and
then decrease to inversely proportional to the square root. Cross moisture with label smoothing was
used as the loss function, and the smoothing rate was set to 0.3. The model was trained until 20
consecutive epochs when the loss function no longer decreased.

4.2.3. Experimental results. In this experiment, the experimental results were compared with the
initially constructed baseline model of the English long text translation paradigm the experimental
results are shown in Table 6. From the table, it can be seen that the enhanced self-attention mechanism,
the introduction of residual connectivity and layer normalization, and the dynamic memory network
can significantly improve the BLEU scores, verifying the effectiveness of the improvement strategies.

Table 6. BLEU fraction comparison

Model name News TED Novels
Baseline model 28.5 26.3 27.8
Enhanced self-focus model 30.2 28.9 29.4
Add the residual connection and the layer normalization model 31.7 30.1 30.8
Dynamic memory network model 324 31.5 31.9

5. Conclusion

This paper introduces the self-attention mechanism on the basis of the traditional Seq2Seq model to
construct a baseline English long text translation paradigm. Various improvement strategies are
proposed to optimize the model according to the problems of the model in the experiments to improve
the model's performance in translating English long texts. The model before optimization outperforms
the standard Transformer model and other related variants in the theoretical experiments. However,
in the actual translation experiments, the translation time of the model is 40196.83ms, which is 14.29%
more than the standard Transformer model, and it is also inferior to the standard Transformer model
in terms of n-gram accuracy. The BLEU scores of the optimized model on the News, TED and Novels
datasets are 30.2, 31.7, 32.4, 28.9, 30.1, 31.5, and 29.4, 30.8, 31.9, which are significantly improved
compared to those of the pre-optimization baseline model, indicating that the optimization strategy
used in this paper is able to effectively overcome the deficiencies of the baseline model in the actual
translation of English long texts. This indicates that the optimization strategy used in this paper can
effectively overcome the shortcomings of the baseline model in the actual translation of English long
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text, and provide strong technical support for solving the problem of English long text translation.
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