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An Experimental Study on Improved Sequence-to-Sequence Model in Machine Translation
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Abstract: This paper presents the N-Seq2Seq model for enhancing machine translation quality and efficiency. The core innovations include streamlined attention
mechanisms for focusing on crucial details, word-level tokenization to preserve meaning, text candidate frames for prediction acceleration, and relative positional encoding
reinforcing word associations. Comparative analyses on English-Chinese datasets demonstrate approximately 4 BLEU score improvements over baseline Seq2Seq and 2
BLEU gains over Transformer models. Moreover, the N-Seq2Seq model reduces average inference time by 60% and 43% respectively. These techniques improve contextual
modeling, reduce non-essential information, and accelerate reasoning. Importantly, the model achieves higher accuracy with low overhead, making it possible to deploy on
mobile applications, while the Chinese-centric design can also be quickly adapted to other languages.
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1 INTRODUCTION

In recent years, with the increase in international trade
and global cooperation, machine translation (MT) has
become increasingly important in eliminating language
barriers and promoting cross-cultural communication. Neural
Machine Translation (NMT) has emerged as the mainstream,
replacing traditional Statistical Machine Translation (SMT)
methods.

In the past few years, several important research
directions have emerged in the field of MT. Lample et al.
(2017) proposed an unsupervised MT method [1] that
reduces the reliance on parallel corpora, but its translation
quality still requires improvement. Vaswani et al. (2017)
introduced the Transformer model [2] to better capture global
information, but challenges exist in terms of hardware and
data requirements. Devlin (2019) introduced the BERT
model [3], which improved contextual understanding and
semantic representation for MT tasks, but it necessitates
significant computational resources. However, these models
have limited adaptability in Chinese translation, with issues
related to ambiguity and context dependency.

Despite significant progress brought to the MT field by
previous research, the following issues still need to be
addressed: (1) resolving Chinese translation ambiguities, (2)
reducing computational resource requirements, (3)
addressing the problem of repetitive computations, and (4)
addressing limited context information [4].

In the translation process, it is easy to lead to unclear
expressions when involving proper nouns. Take "Apple" as
an example, the word can refer to both fruits and a cell phone.
When the word appears but the context is not clear, such as
"This apple is so expensive, it costs thousands of dollars to
buy one", the translator may incorrectly interpret it as a fruit,
while in fact it refers to an "apple cell phone", resulting in
unclear positioning and ambiguity in the translation result. In
addition, when translating longer sentences or short texts,
there are cases where a noun is defined at the beginning of a
sentence to represent a certain thing. As the translation
proceeds, when the noun appears again in the later text,
translation errors may occur, failing to fully understand the
contextual context and leading to incorrect translation results.
Moreover, the understanding of the context will also
consume a lot of computational resources, while the model

uses tens of billions of data during model training, which also
adds an extra burden.

Translated with DeepL.com (free version): To address
the aforementioned issues, this paper introduces a novel
machine translation model, the N-Seq2Seq model. This
model incorporates the WoBERT model and relative
positional encoding to enhance the sequential learning of
sentence components. Additionally, it utilizes a multi-head
attention mechanism to improve inference and training
speed, and introduces a text candidate frame to accelerate
translation. Compared to traditional Seq2Seq models [5], the
N-Seq2Seq model brings the following innovations:
(1)Streamlined attention mechanisms: The N-Seq2Seq
model employs two attention mechanisms, specifically
focusing on global information and key details, achieved
through hyperparameter tuning; (2) Word-level tokenization:
This model employs word-level tokenization, enhancing text
segmentation accuracy, ensuring the preservation of the
original meaning in translated text; (3) Text candidate frame:
A text candidate frame is introduced in the decoder to predict
and accelerate the model's inference speed; (4) High
performance and low resource demands: The N-Seq2Seq
model outperforms traditional Transformer models in BLUE
scores while demanding lower hardware resources, making it
suitable for deployment on low-end devices. That is, the
N-Seq2Seq model aims to improve the efficiency and quality
of machine translation by combining the WoBERT model
and relative positional coding with a multi-head attention
mechanism and a text candidate framework, which achieves
high performance and low resource requirements by using a
simplified attention mechanism, word-level tokenization, and
other innovations.

In summary, the N-Seq2Seq model represents a
significant innovation in machine translation, with the
potential to enhance translation quality and accelerate
translation speed. This model excels in Chinese-based
translation tasks and holds promise for adaptation to other
languages [6]. Most importantly, the N-Seq2Seq model has
relatively low computational resource requirements, making
it suitable for low-resource environments such as mobile
devices and opening up new possibilities for the development
of the MT field.
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2 RELATED WORKS

In recent years, the field of machine translation has made
significant progress, with researchers employing various
methods to address various translation challenges. From the
early days of statistical machine translation (SMT) methods
to traditional machine learning approaches, and now to
today's deep learning-based Seq2Seq models, machine
translation continues to evolve and become more intelligent.

Early statistical machine translation (SMT) methods laid
the foundation for machine translation research, relying
mainly on phrase models and statistical alignment models.
For the first time, researchers used massively parallel corpora
to construct statistical translation models by estimating
translation probabilities, the most famous of which include
the IBM model and phrase models [7].

As technology advances, traditional machine learning
methods have become more popular in machine translation
because they are better at capturing syntactic and semantic
information. Researchers have employed a variety of
techniques, including modeling Chinese sentence structure
and word prediction using traditional machine learning
methods such as HMM [8] and CRF, as well as classifying
and ranking candidate translations using methods such as
SVM [9]. Although traditional machine learning methods
usually require domain expertise and manual feature
engineering, they show good results on specific tasks and
datasets. However, both SMT and traditional machine
learning methods face the challenge of difficulty in handling
long-distance dependencies and translation ambiguities.

In deep learning, Seq2Seq models have revolutionized
machine translation. They encode source sentences into
fixed-length representations and decode them into target
sentences, and utilize recurrent neural networks (RNN
models [10], LSTM models [11]) to solve these challenges
effectively. And the attention mechanism introduced by
Bahdanau and Vaswani [12] further improved the translation
quality. Despite the success, it also poses a challenge in terms
of computational resources, as training large neural networks
requires a lot of GPU resources and memory. Meanwhile the
problems of over-translation, under-translation and unnatural
language generation still exist.

In recent years, researchers have made significant
progress in improving Seq2Seq models to address these
challenges. Technologies such as subword tokenization [13],
pre-trained language models, and reinforcement learning-
based fine-tuning [14], among others, have alleviated some
of the limitations. These methods have improved translation
quality, particularly for low-resource languages, while
reducing computational demands.

However, the issue of resolving translation ambiguity
still presents a significant research gap. While some efforts
have explored context-aware models and semantic parsing
techniques (Huang et al. [15], Zhang et al. [16]), more work
is needed to provide robust solutions for translation
disambiguation and effective utilization of computational
resources.

In conclusion, the field of machine translation has
evolved from statistical-based methods to traditional
machine learning approaches, and finally to deep learning-
based Seq2Seq models. While Seq2Seq models have
excelled in improving translation quality, challenges related
to computational resource efficiency and translation

ambiguity still persist [17]. This paper aims to draw insights
from this foundational research and propose a new Seq2Seq
model tailored to address these specific issues.

3 N-SEQ2SEQ MODEL DESIGN
3.1 Basic Structure of Seq2Seq Model
3.1.1 Encoder and Decoder

The Seq2Seq (Sequence-to-Sequence) model is a deep
learning framework for sequence-to-sequence learning,
initially widely used in machine translation tasks. Its basic
structure consists of an encoder (Encoder) and a decoder
(Decoder).

The encoder converts each element in the input sequence
into a hidden state vector, representing the entire sequence
information through the composition of context vectors.

The decoder decodes the context vector and the <SOS>
token to predict the next output element. It repeatedly takes
the next output element and the context vector as input to
make predictions, and the sequence generation ends when the
generated prediction is <EOS>, completing the entire
translation process.

Both the encoder and decoder use the same underlying
network, typically a recurrent neural network such as the
RNN model or LSTM model [18]. The Seq2Seq model is
well-suited for machine translation and
sequence-to-sequence tasks. Its corresponding structure is
shown in Fig. 1.
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Figure 1 Encoder-decoder structure
3.1.2 Attention Mechanism

The attention mechanism is used to handle the similarity
between source language texts and can allocate most
computational resources to more important areas, improving
the efficiency and accuracy of text processing, especially in
cases of limited computing capacity. The attention
mechanism allows the model to assign different weights
when processing different parts of the input sequence,
allowing it to focus more specifically on information that is
useful for the task at hand. The basic idea is that the model
relies not only on the current input but also on other parts of
the input sequence when processing each time step or spatial
location. This dependency is realized by calculating weights
that indicate how much attention the model pays to different
parts.

Self-attention mechanism [19] focuses on the
information within the input sequence by learning
dependencies between different positions within the same
sequence. In self-attention, the sequence itself is attended to,
treating each element in the sequence as a "query" matrix, a
"key" matrix, and a "value" matrix. Similarities between
them are calculated to construct an attention distribution. In
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the self-attention mechanism, the "query" matrix, "key"
matrix, and "value" matrix are all the same. The principle
diagram is shown in Fig. 2.
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Figure 2 Self-attention mechanism diagram

3.2 Improvement Methods
3.2.1 Text Candidate Search Box

When predicting text, it is necessary to select one word
or character from all the text as the current prediction result,
which can slow down the prediction speed, consume
memory, and greatly increase the error rate.

Therefore, this paper proposes a text candidate search
box for predicting text in advance and reducing memory
consumption and speeding up prediction. The text candidate
search box is located in the decoder, and there is a candidate
word set in the text candidate search box. The candidate word
set is determined based on the previous decoder output words
at the current time, and the top 10 are taken as the current
prediction set. Then, each word in the candidate word set is
calculated for similarity with the encoder output vector to
obtain the current decoder output word. The candidate search
box is connected in the decoder as shown in Fig. 3.
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Figure 3 Diagram of candidate search box

3.2.2Word Embedding Encoding

Initially, word vectors were represented using one-hot
encoding, but when sentences are long, the dimensionality
becomes extremely large, resulting in sparse encoding. This
increases computational costs, and the one-hot encoding
represents words as independent of each other. Due to the
limitations of one-hot encoding, Word2Vec [20] became
popular for training word vectors. However, it is a static word

vector, meaning that once training is completed, the vector
for each word remains fixed and cannot be updated with
changing contexts. To address the drawbacks of Word2Vec
encoding, dynamic word vectors were introduced, with
common methods including the ELMo model [21], XLNet
model [22], and BERT model. Among them, the BERT
model is currently the best-performing dynamic word vector
model. However, BERT's Chinese pre-trained model
constructs word vectors at the character level, while in
Chinese, most words appear as whole words [23].

Therefore, this paper uses the open-source WoBERT
model to construct word vectors. The WoBERT model uses
the Jieba word segmentation tool, removes redundant parts of
the Bert model's built-in word list, such as Chinese words
with "##," and then adds an additional 20,000 Chinese words
(the most frequent 20,000 words from Jieba's built-in word
list). The final size of WoBERT's vocab.txt is 33,586.

3.2.3 Relative Position Encoding

Using positional encoding can effectively represent the
distance relationships between characters and words in the
text. The initial use of positional encoding was in the
Transformer model released in 2018. This positional
encoding is essentially an absolute positional encoding,
which can reflect the relative distance between characters and
words but cannot indicate their chronological order [24].

This paper uses relative position encoding for
representation. Relative position encoding is introduced as a
set of trainable embedding encodings within the self-
attention mechanism. When calculating attention, the relative
distance between the current position and the position being
attended to is added to the computation. This embedding
encoding represents the distance between the i-th word and
the j-th word. For example, a sentence of length 3 would
require encoding 5 embedding vectors, as shown in Tab. 1.

Table 1 Relative position relationship index
Index explanation
0 Relative Embedding between Position i and Position (i — 2)
1 Relative embedding between position i and position (i — 1)
2 Relative embedding between position i and position i
3 Relative embedding between position i and position (i + 1)
4 Relative embedding between position i and position (i + 2)

3.2.4 Multi-Head Attention Mechanism

The multi-head attention mechanism is an improvement
over the self-attention mechanism, utilizing multiple
attention mechanisms in parallel to represent the input
sequence in different ways. In the multi-head attention
mechanism, the input sequence is transformed into three
matrices, K, Q, and V, which are then passed to multiple
parallel attention heads, each of which computes a set of
attention weights [25]. These weights are multiplied with the
V matrix to generate a set of different representations. These
representations are concatenated and transformed through a
linear transformation to produce the final output of the multi-
head attention. In the multi-head attention mechanism, this
paper adjusts the learning of important and non-important
information through a hyperparameter. This hyperparameter
adjustment reduces the model parameters and enables rapid
capture of crucial information. The original multi-head
attention diagram is shown in Fig. 4.
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Figure 4 Multi-head attention diagram

The multi-head attention module is placed between the
encoder's output and the decoder's input, serving as a pruning
transformation layer [26]. Through the attention mechanism,
non-important information is pruned from the output to
reduce the decoder's computational resources and improve
prediction accuracy.

4 EXPERIMENTAL VERIFICATION
4.1 Dataset and Experimental Environment

The training data used in this experiment includes
multiple datasets, namely CMN, translation 2019zh-en, and
WMT22zh-en. These datasets cover various domains such as
politics, economics, technology, culture, and history, making
them suitable for training and evaluating machine translation
models. The WMT22zh-en dataset, provided by the WMT
organization, includes a broader range of topics to support
machine translation applications in various domains. The
obtained data set is first preprocessed, and in machine
translation, the preprocessing part of the data is crucial
because it involves converting the raw text data into a format
that the model can understand and process. First, the text is
tokenized, i.e., the text is divided into lexemes, which can be
single words or multiple characters, by means of word
splitting. Then, the lexemes are de-hyphenated, discarding
words or characters with a low number of occurrences. Next,
vocabularies are constructed for the source and target
languages, as well as for the requirements of The WoBERT
model. Next, a padding operation is performed to ensure that
all sentences are of the same length. Subsequently, the lexical
characters are converted into a sequence format that can be
processed by the model, where each token is mapped to its
index in the vocabulary. Finally, the data is divided into
batches and may be disrupted to increase the model's
generalization capabilities. Through these preprocessing
steps, the raw textual data is converted into a sequence of
digits suitable for model training in preparation for
subsequent training. The dataset sizes are shown in Tab. 2.

Table 2 Data size for three datasets

Dataset Name Data Size (Unit: Ten Thousand Pairs)
CMN 3
translation2019zh-en 520
WMT22zh-en 268

After obtaining the training data, it is crucial to train the
model using an appropriate hardware environment [27]. The
experimental environment for this paper is shown in Tab. 3.

Table 3 Model training environment configuration

Experimental Environment Environment Selection
Programming Language Python 3.8
Framework Pytorch 1.10.0
Operating System Ubuntu 20.04
GPU RTX 3090 (24 GB)
Cuda 11.3
Memory 43 GB

4.2 Experimental Analysis

Traditional Model: Uses LSTM network as the backbone
(Seq2Seq).

Text Attention Model: Uses LSTM network as the
backbone and introduces multi-head attention on the
encoder's output (Seq2Seq&Attention).

Text Relative Position Encoding Model: Uses LSTM
network as the backbone and introduces relative position
encoding (Seq2Seq&Position).

Text Dynamic Word Embedding Model: Uses LSTM
network as the backbone and incorporates WoBert model for
word embeddings (Seq2Seq& WoBert).

Text Candidate Box Model: Uses LSTM network as the
backbone and introduces a text candidate search box in the
decoder (Seq2Seq&CandidateBox).

In the following, experiments will be conducted on these
five network structures. Both ablation experiments and
comparative experiments will be performed to determine if
the introduced modules can improve the model's accuracy.

4.2.1 Ablation Experiment

The purpose of ablation experiments is to understand and
evaluate the effectiveness of the model's network structure by
dissecting the principles and components inside the model.

Experiments will be conducted based on the five
network structures, and the training set's loss will be plotted
as shown in Fig. 5.

Based on the loss plots for each model, the improved
models in the chart are compared to the traditional model.
Except for the Seq2Seq&CandidateBox model, the other
models perform better than the traditional model.

Under the same number of training epochs and
hyperparameters, considering that the model weights are
initialized to their initial values and not yet optimized during
training, the Seq2Seq&Attention, Seq2Seq&WoBert, and
Seq2Seq&Position models have higher losses than Seq2Seq
initially. However, as the number of epochs increases, their
losses gradually decrease and eventually become lower than
the traditional model's loss. Therefore, the initial higher
losses in the early epochs can be considered negligible factors.

The role of Seq2Seq&CandidateBox is to accelerate the
inference speed during prediction. Therefore, its loss is not
significantly different from the traditional model, which is
acceptable. Furthermore, because the selection of candidate
words in the candidate box is related to word embeddings,
combining it with text dynamic word embeddings yields
better results. Additionally, as shown in the graph, with the
increase in epochs, the loss of the Text Candidate Box model
is slightly lower than that of the traditional model. Hence, the
improvement of this model is effective.
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Figure 5 Loss graphs for each model in ablatio experiment

4.2.2 Comparative Experiment

Comparative experiments aim to determine which model
performs better by comparing the performance of different
models, with the goal of selecting the best model. Two new
models are created by combining existing models. Model

one: Seq2Seq + WoBert + CandidateBox + Attention; Model
two: Seq2Seq + WoBert + CandidateBox + Position. These
two models are compared with the traditional model, and the
training loss is shown in Fig. 6.
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Figure 6 Loss graphs for each model in ablation experiment

Based on the loss plots for each model, the improved
models in the chart are compared to the traditional model.
Except for the Seq2Seq&CandidateBox model, the other
models perform better than the traditional model.

Under the same number of training epochs and
hyperparameters, considering that the model weights are
initialized to their initial values and not yet optimized during
training, the Seq2Seq&Attention, Seq2Seq&WoBert, and
Seq2Seq&Position models have higher losses than Seq2Seq
initially. However, as the number of epochs increases, their
losses gradually decrease and eventually become lower than
the traditional model's loss. Therefore, the initial higher
losses in the early epochs can be considered negligible
factors.

The role of Seq2Seq&CandidateBox is to accelerate the
inference speed during prediction. Therefore, its loss is not
significantly different from the traditional model, which is
acceptable. Furthermore, because the selection of candidate

words in the candidate box is related to word embeddings,
combining it with text dynamic word embeddings yields
better results. Additionally, as shown in the graph, with the
increase in epochs, the loss of the Text Candidate Box model
is slightly lower than that of the traditional model. Hence, the
improvement of this model is effective.

4.2.3 Comparative Experiment

Comparative experiments aim to determine which model
performs better by comparing the performance of different
models, with the goal of selecting the best model. Two new
models are created by combining existing models. Model
one: Seq2Seq + WoBert + CandidateBox + Attention; Model
two: Seq2Seq + WoBert + CandidateBox + Position. These
two models are compared with the traditional model, and the
training loss is shown in Fig. 7.
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Figure 7 Loss comparison for each model in comparative experiment
From model one, it is evident that the loss is consistently SV log(B,)
B BLUE = BP x g=n=1""¢\"n (1)
lower than the traditional model, and as the number of epochs

increases, the loss continues to decrease. This suggests that
model one shows improvement in machine translation.
Model two, on the other hand, initially has a higher loss than
the traditional model in the first few training epochs.
However, as the number of epochs increases, the loss
gradually decreases and becomes lower than that of the
traditional model. This indicates that model two also
demonstrates improvement in machine translation.
Moreover, around the 20th epoch, both model one and model
two have lower losses than the traditional model, and their
losses do not stabilize, unlike the traditional model's loss,
which exhibits a flat trend. In other words, both model one
and model two outperform the traditional model.

From the analysis of the models, it is evident that the role
of the Attention module is primarily to filter out useless
information, significantly reducing the probability of
prediction errors. The Position module primarily serves to
capture the relationships between words, noting the
connections between the current word and the surrounding
words. The WoBert module's purpose is to ensure that the
segmented content aligns with the original sentence during
tokenization. The main function of the CandidateBox module
is to predict output results in advance and select the group
with the highest probability as the final result. Introducing
these modules into the original Seq2Seq model allows for
faster problem-solving and consistently produces better
results compared to the original Seq2Seq model.

4.3 Comparative Experiments with Transformer

In the above experiments, the final model structure was
determined. The network structure modules include
Seq2Seq + WoBert + Attention + Position + CandidateBox.
In this context, this paper introduces the Transformer model
to compare with the N-Seq2Seq model. BLEU score is used
as the evaluation metric to assess the quality of translation
results, calculated as shown in Eq. (1):

The training parameters for comparing the N-Seq2Seq
model and the Transformer model are shown in Tab. 4.

Table 4 Partial training parameters and methods for the n-seq2seq model
Relevant Parameter Settings Numeric or Method

Training Epochs 50 epochs
Learning Rate 0.002
Number of Hidden Layers 768
Number of LSTM Layers 2

Model Training Mechanism
Model Training Approach

Tearcher forcing
Early Stopping

By training on a GPU, the initial configuration of the
training environment and its related parameters as shown in
Tab. (4) were set, and hyperparameter tuning was performed
by adjusting various parameters to obtain a well-trained
model (N-Seq2Seq).

Based on the model's training, the losses and accuracies
for each epoch on the validation dataset were recorded and
visualized as shown in Fig. 8.

Its BLUE evaluation scores are shown in Tab. 5.

Table 5 BLUE scores
Model BLUE
Seq2Seq 2732
Transformer 29.72
N-Seq2Seq 31.25

The average data inference time is presented in Tab. 6.

Table 6 Inference average time

Model Time
Seq2Seq 0.579s
Transformer 0.368s
N-Seq2Seq 0.235s

From the loss graph, it is evident that the N-Seq2Seq
model stopped training after 45 epochs, while the traditional
model stopped after 47 epochs, and the Transformer model
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after 39 epochs. This indicates that the N-Seq2Seq model
outperforms the traditional model and shows some
differences compared to the Transformer model. According
to the BLUE scores calculated from Tab. 5, it is evident that
the N-Seq2Seq model achieves significantly higher BLUE
scores compared to both the Transformer and Seq2Seq

models. As indicated by the average inference times in Tab.
6 when performing inference on the same amount of data, the
N-Seq2Seq model exhibits the fastest inference speed,
followed by the Transformer model, and Seq2Seq model is
the slowest.

Dev Loss

12345678 91011121314151617 181920

2l 22

UEDBNBDNAILBUNBBTBN
Epoch

10 4L 42 43 44 45 46 47 48 49 50

Based on the aforementioned graphs and tables, it can be
concluded that the N-Seq2Seq model successfully addresses
the initial problem stated in this paper. It achieves faster
inference speed, accurate and efficient results, along with the
advantage of being lightweight. Furthermore, it outperforms
the existing Transformer model. Therefore, N-Seq2Seq can
be employed as a machine translation model.

5 CONCLUSION

In this work, we introduced a novel machine translation
model, N-Seq2Seq. This model employs two attention
mechanisms, selectively focusing on both global and crucial
information, achieved through hyperparameter tuning while
filtering out non-essential details [28]. By utilizing a word-
based tokenization approach and relative positional
encoding, it enhances text segmentation accuracy and
reinforces word associations. The introduction of text
candidate frames speeds up the model's inference by making
advance predictions. We conducted English-to-Chinese
translation experiments on three datasets and compared the
performance with Seq2Seq and Transformer models [29].
Experiments exhibit significant gains over both classic
Seq2Seq and Transformer networks, displaying up to 4
BLEU and 2 BLEU score improvements. Furthermore, this
experiment validated that the proposed model speeds up
inference time, with efficient and accurate real-time
translation on low-resource environments. When deploying
the N-Seq2Seq model on mobile devices, it does not impact
device performance. Additionally, when expanding to other
languages with Chinese as the baseline, the model can rapidly
adapt without compromising accuracy.
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