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ABSTRACT
With the advancement of globalization, the significance of English translation in cross-cultural 
communication has been increasingly emphasized. Traditional methods of translation teach-
ing are becoming insufficient to meet the demands of modern learners, particularly in the 
context of the rapid development of mobile internet and intelligent devices. Consequently, 
there is an urgent need to introduce new technological approaches to improve teaching effi-
ciency and the learner experience in translation education. The widespread use of mobile 
technology presents new opportunities for translation teaching, especially in the areas of 
real-time feedback, personalized learning, and translation aids. However, existing transla-
tion tools and models are often too complex and unsuitable for lightweight devices, and they 
exhibit certain limitations in enhancing learning efficiency and translation quality. Thus, the 
design of lightweight translation models suited for mobile devices has become a critical issue 
in translation education. This study aims to explore the application of optimized translation 
model designs on mobile devices in translation teaching. The study focuses on two core com-
ponents: first, the design of a lightweight translation model based on attention mechanisms 
to improve computational efficiency and translation quality; second, the investigation of 
encoder and decoder designs suitable for mobile devices to enhance model performance. 
Through these optimizations, the study aims to provide a more efficient and personalized tool 
for translation teaching, thereby improving teaching outcomes and the learning experience, 
while offering theoretical support and practical guidance for the innovation of translation 
education models.
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1	 INTRODUCTION

With the acceleration of globalization, English, as one of the primary lan-
guages of international communication, has assumed a crucial role across various 
sectors [1, 2]. Particularly in the field of translation, English translation is not only 
an essential component of language learning but also a bridge for cross-cultural 
communication. The rapid development of information technology, especially the 
widespread use of mobile internet and intelligent devices, has led to continuous 
innovations in translation tools and methods [3–6]. The extensive application of 
mobile technology presents unprecedented opportunities for translation teach-
ing, particularly in terms of enabling learners to access translation aids and real-
time feedback anytime and anywhere. Efficiently leveraging mobile technology to 
enhance the effectiveness of translation teaching and improve the learning experi-
ence has become a focal issue in current educational research.

The significance of this study lies in exploring how mobile technology can be uti-
lized to improve both efficiency and the learning experience in translation teaching, 
particularly in the context of English translation education [7, 8]. As the demands 
for translation learning become more diverse and teaching methods continue to 
evolve, traditional translation teaching methods and tools are gradually becom-
ing inadequate for meeting the needs of modern learners. Mobile technology can 
not only increase the interactivity and flexibility of learning but also assist learn-
ers in mastering translation skills more efficiently through intelligent and person-
alized translation support [9–13]. Therefore, researching the application of mobile 
technology in translation teaching is expected to provide new theoretical support for 
translation education and offer guidance for the innovation of teaching design and 
methods in practice.

Although previous studies have explored the integration of translation teaching 
and mobile technology, many studies still exhibit certain limitations. First, exist-
ing mobile translation tools and models are often too large or complex for prac-
tical use, making them unsuitable for lightweight devices and convenient mobile 
applications, thereby restricting the user experience of learners [14–18]. Second, 
most current model designs prioritize generalizability and accuracy, neglecting the 
personalized needs of learners in specific teaching contexts, which results in limited 
improvements in translation teaching efficiency. Furthermore, existing attention 
mechanisms and encoder-decoder designs have yet to be optimized for the hard-
ware constraints of mobile devices, leading to suboptimal system performance and 
response speeds, which negatively impact learning outcomes. As such, designing 
efficient translation models suitable for mobile devices has become a major chal-
lenge in current translation education research.

This study aims to propose a lightweight translation model based on mobile 
devices, with a focus on exploring the attention mechanism and optimizing the design 
of encoders and decoders. Specifically, the research first investigates the design of 
an attention mechanism for the lightweight translation model suitable for mobile 
devices. By reducing computational load and enhancing computational efficiency, 
the goal is to achieve superior translation quality and user experience. Additionally, 
the study examines how to design efficient encoder and decoder structures for 
mobile devices, taking into account the computational capabilities and network 
environments of mobile platforms to ensure the efficient completion of translation 
tasks. Through these design optimizations, this study seeks to provide a more effi-
cient, personalized, and adaptive teaching tool for translation education, thereby 
promoting innovation and enhancement in translation education models.
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2	 ATTENTION MECHANISM DESIGN FOR THE LIGHTWEIGHT 
TRANSLATION MODEL ON MOBILE DEVICES

With the continuous improvement of mobile device hardware performance 
and their widespread use in daily life, the field of education, particularly transla-
tion teaching, has gradually shifted towards mobile and personalized approaches. 
Compared to traditional translation tools based on personal computers, mobile 
devices are characterized by convenience and availability, enabling learners to 
engage in translation practice and receive instant feedback more flexibly. However, 
existing translation models and tools often require complex computational resources 
and large-scale data processing capabilities, which are difficult to fully exploit 
within the limited hardware constraints of mobile devices. To meet the application 
demands of mobile platforms, the design of a lightweight translation model becomes 
critical. A lightweight translation model reduces computational resource usage and 
enhances processing efficiency, which not only improves the response speed of the 
translation system on mobile devices but also effectively lowers energy consump-
tion and extends device lifespan. This results in a smoother and more efficient learn-
ing experience for learners.

A lightweight convolution module was first designed for the mobile device trans-
lation model in this study. Unlike traditional convolutional neural networks, deep 
convolution decomposes convolution operations to process input features, enabling 
effective local feature extraction with limited computational resources. Specifically, 
deep convolution employs only one convolution kernel per layer to perform convo-
lution on input data, thereby reducing computational load and improving processing 
speed. Under the hardware limitations of mobile devices, deep convolution signifi-
cantly reduces model complexity, avoids excessive computational redundancy, and 
maintains a high feature extraction capacity. By independently applying convolution 
kernels across different channels, deep convolution is able to capture finer features 
of each channel, thereby enhancing the model’s ability to represent textual input. 
Let the input dimension be denoted by f, and the size of the convolution kernel by j. 
The calculation formula for deep convolution is as follows:
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Lightweight convolution, on the other hand, determines the importance of input 
elements by fixing the context window and using a set of shared weights that do 
not vary with time steps, thereby reducing the model complexity. Compared to 
deep convolution, the lightweight convolution used in this study applies the same 
convolution kernel across multiple channels when processing each input feature, 
avoiding redundant computations that would arise from performing independent 
convolutions on each channel. This approach significantly reduces the number of 
parameters in the model. This design principle not only alleviates the computational 
burden on mobile devices but also enhances the computation speed and execution 
efficiency of the model under limited hardware resources. Let f/G represent the 
number of channels in each head with shared weights, and the calculation formula 
for the lightweight convolution output channel z and the u-th element is as follows:
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In this study, the proposed lightweight attention mechanism module was 
optimized in two ways, as illustrated in Figure 1. First, a dual-branch structure 
was introduced to optimize the traditional attention mechanism to accommodate 
the computational limitations of mobile devices and enhance the performance of 
the translation model. Unlike the traditional attention mechanism, the lightweight 
attention mechanism employs a more advantageous combination method in feature 
extraction. That is, by integrating dynamic convolution with the attention mecha-
nism, it enhances the model’s feature capture ability at both the global and local 
levels. At the global level, the lightweight attention mechanism continues to use the 
traditional attention mechanism, effectively focusing on the global dependencies 
of the input sequence. At the local level, to address the limitations of the attention 
mechanism in capturing local features, the lightweight attention mechanism incor-
porates a dynamic convolution network, which enables more precise extraction of 
local features within the input sequence.

Fig. 1. Structure diagram of the lightweight attention mechanism module

In the design of the lightweight attention mechanism module, the input sentence 
was first processed through an encoder to obtain the sentence representation, which 
was then dimensionally split into A1 and A2, where f1 = f 2 and f = f1 + f 2. This splitting 
method allows the model to simultaneously utilize information from both dynamic 
convolution and the attention mechanism. Given that the Transformer architecture 
employs multi-head attention, the lightweight attention mechanism sets the number 
of heads G for both the attention mechanism and dynamic convolution, ensuring 
that each head’s dimension is fmod = f/2G, thus facilitating efficient feature extraction 
and fusion. This design ensures that the model, while maintaining a low number of 
parameters, retains powerful feature extraction capabilities and efficient global fea-
ture modeling capabilities, thus optimizing the translation task on mobile devices. 
Assuming that the multiplication of A1 with Qw, Qj, and Qn results in W, J, and N, and 
the learnable parameters are denoted by Qw, Qj, and Qn, the following holds:
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To further enhance the local feature extraction ability, dynamic convolution was 
introduced in the right branch of the lightweight attention mechanism. Similar to 
lightweight convolution, dynamic convolution utilizes time-step-dependent convo-
lution kernels. By incorporating dynamic weights associated with the time steps, 
the convolution operation adjusts its parameters according to the input sequence’s 
time steps, thus better adapting to varying input features. This dynamic convolution 
design allows local features to be effectively fused with global features through a 
gating mechanism while processing the sentence, and the output feature map can be 
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subsequently passed to the lightweight convolution module for further processing. 
In this dual-branch architecture, dynamic convolution not only enhances the accu-
racy of local feature extraction but also reduces the model’s computational com-
plexity, thereby lowering the computational resources required by mobile devices 
during runtime. Assuming that the learnable linear parameters are represented by 
Q

g k z

W

, , , the dynamic convolution formula is as follows:

	 DC(A, u, z) = LC(A, d(Au)g: , u, z)	 (4)
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In response to the issues of computational complexity and excessive parameter 
volume in the feedforward neural networks of traditional Transformer models, a 
design for a lightweight attention mechanism module based on a gating mechanism 
was proposed in this study. In the standard Transformer, after the input sentence is 
processed by the attention mechanism, it is typically passed through a feedforward 
neural network for nonlinear fusion to enhance the model’s expressive power and 
to prevent the potential collapse phenomenon that may occur within the attention 
mechanism. However, the structure of the feedforward neural network usually 
expands the intermediate dimension by a factor of four before scaling it back to 
the original dimension, a process that requires substantial computation and param-
eters. This is particularly pronounced when processing shorter sentences, where 
the computational complexity and parameter volume of the feedforward neural 
network become especially prominent. As a result, the high complexity and large 
parameter volume of the feedforward neural network are not suitable for tasks such 
as English-Chinese machine translation, which deal with low-resource languages. 
This is especially true in scenarios with limited resources on mobile devices, where 
it may adversely affect the model’s operational efficiency.

To address this issue, a strategy replacing the traditional feedforward neural 
network with a gating mechanism was proposed in this study. In the lightweight 
attention mechanism module, a dual-branch structure was employed, and a gated 
recurrent unit (GRU) structure was used to replace the traditional feedforward 
neural network, achieving the same nonlinear fusion functionality. Specifically, 
the dimensions of the left and right branches in the dual-branch structure were 
designed as f1 = f 2 = f/2, and these branches were effectively fused through the GRU 
structure. Compared to the traditional feedforward neural network, the GRU struc-
ture not only has fewer parameters but also performs more efficiently in the pro-
cessing of sequential data. This approach allows the model to maintain comparable 
functionality to the feedforward neural network without increasing the computa-
tional and storage burdens, thus effectively reducing model complexity and min-
imizing the consumption of computational resources on mobile devices. Figure 2 
shows the vector dimension diagram of the lightweight attention mechanism mod-
ule. The learnable linear transformation is denoted by Qh, the concatenation opera-
tion is represented by [‧;‧], the activation function is denoted by δ (‧), and ⊗ represents 
element-wise multiplication. The GRU structure can be formulated as follows:

	 c = δ (Qh[ATT(‧); DC(‧)])	 (6)

	 g = (1 - c) ⊗ ATT(‧) + c ⊗ DC(‧)	 (7)
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Fig. 2. Vector dimension diagram of the lightweight attention mechanism module

To accelerate the convergence of the GRU, layer normalization was applied 
as follows:

	 G = (LayerNorm(g))	 (8)

3	 ENCODER AND DECODER DESIGN FOR THE LIGHTWEIGHT 
TRANSLATION MODEL ON MOBILE DEVICES

The encoder and decoder of the lightweight translation model for mobile devices 
were further designed in this study, as shown in Figures 3 and 4.

Fig. 3. Encoder structure of the lightweight translation model for mobile devices

Fig. 4. Decoder structure diagram of the lightweight translation model for mobile devices
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The encoder design of the proposed lightweight Transformer model aims to 
optimize machine translation tasks on mobile devices, particularly in environments 
with limited computational resources, to enhance both translation efficiency and 
quality. Similar to the traditional Transformer encoder structure, the proposed 
model uses the addition of word embeddings and positional information as the 
input structure, ensuring that both semantic and positional information within the 
sentence can be effectively encoded. The inclusion of positional information allows 
the model to better understand the word order relationships in the sequential data, 
which is particularly important for processing long sentences or complex structures 
in translation tasks. Under this input structure, the sentence vector X is first passed 
through positional encoding, after which it enters the lightweight attention mecha-
nism module for further processing. Specifically, the embedding information of the 
word ãj is represented by R

j

Q, and for the u-th English word ãu, the input is given by:

	 a OR j u R
j j

Q� �� �� �, 	 (9)

Assuming the position of the word in the sentence is represented by j, and the 
embedding dimension of the word is denoted by f, where 2u is an even dimension, 
and 2u + 1 is an odd dimension. OR[j, u] is expressed as:
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The formula for inputting A into the lightweight attention mechanism module is 
as follows:

	 G = L_ATT (A)	 (12)

Unlike the attention mechanism in the traditional Transformer encoder, the light-
weight Transformer presented in this study adopts a lightweight attention mecha-
nism structure as its core. The lightweight attention mechanism module integrates 
two feature extraction methods: the attention mechanism and dynamic convolution, 
and processes the input sentence through a dual-branch structure. In the lightweight 
attention mechanism module, the sentence vector is processed by two branches: the 
left branch uses the traditional multi-head attention mechanism to capture global 
dependencies, while the right branch employs dynamic convolution to enhance 
the extraction of local features. This dual-branch design enables the model to pro-
cess both global and local features efficiently with fewer parameters, achieving 
more effective feature extraction. The output G of the lightweight attention mech-
anism module combines the features from both branches. However, since the out-
put dimension fOUT = f/2, it is necessary to expand the output dimension back to the 
input dimension f through a fully connected layer to ensure consistency between 
the input and output. Assuming that the parameter matrices are represented by Q1 
and y1, the calculation formula is given as:

	 G = FCL(G) = ReLU(aQ1 + y1)	 (13)
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To further enhance the model’s stability and training performance, an Add & 
Norm structure was introduced after the output of the lightweight attention mech-
anism module. This structure incorporates residual connections and layer normal-
ization operations, aimed at addressing the vanishing gradient problem in deep 
network training. Residual connections help facilitate the transmission of informa-
tion by adding the input and output, preventing the potential vanishing or exploding 
gradient issues during backpropagation in deep networks. Layer normalization is 
applied to the output of each layer, which aids in accelerating training and improv-
ing the model’s generalization ability. The calculation formula is as follows:

	 OUT = (LayerNorm(A + G))	 (14)

After processing through the lightweight attention mechanism module, the 
fully connected layer for dimension expansion, and the Add & Norm structure, the 
encoder ultimately outputs the hidden state representation of the English sentence. 
This representation serves as one of the inputs for the decoder and continues to par-
ticipate in the subsequent translation task training.

In this study, the design of the lightweight Transformer model’s decoder also 
follows the structure of the standard Transformer, but was optimized to meet the 
requirements of mobile device lightweight translation. The design goal of the decoder 
is to handle Chinese sentence translation tasks while maintaining high translation 
quality under resource-constrained environments. While the general structure of 
the decoder is similar to that of the encoder, several key differences exist, including 
the different input language, the use of masked attention mechanisms, and adjust-
ments in computation.

Firstly, the input to the decoder is the Chinese sentence, rather than the English 
sentence. This directly impacts the training and translation process of the model, 
as the decoder’s task is to generate the Chinese sentence translation based on the 
hidden state of the English sentence output from the encoder. During the decod-
ing process, in order to prevent the model from accessing future word information 
when predicting the current word, a masked operation was introduced in the first 
lightweight attention mechanism layer. The masked operation ensures that each 
word in the target language only depends on the previous words, without access to 
words that follow the current word. This allows the decoder to progressively gener-
ate the translation output, preventing information leakage and ensuring compliance 
with the generation process.

The second lightweight attention mechanism layer in the decoder is similar to 
the attention mechanism in the encoder, with one notable difference: the method of 
calculating the attention mechanism in the second lightweight attention mechanism 
layer of the decoder. Specifically, the keys and values in this layer are not directly 
computed from the output of the previous decoder layer, but instead are derived 
from the hidden states output by the encoder. This design enables the decoder to 
fully utilize the contextual information generated by the encoder, thereby dynam-
ically adjusting the translation output during the decoding process and enhancing 
the contextual consistency of the translation results.

In the final part of the decoder, a SoftMax layer was employed to predict the 
probability of the next translation word. Due to the use of the masked operation in 
the decoding process, the SoftMax layer only considers all the information prior to 
the current word and is not influenced by subsequent words. The output dimen-
sion of the SoftMax layer matches the vocabulary size, generating a probability 
distribution of vocabulary size for each prediction, from which the word with the 
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highest probability is selected as the translation output. However, as the vocabulary 
size increases, the number of parameters that the SoftMax layer needs to update 
also increases, which may result in greater redundancy in the model and impact 
its computational efficiency and training time. Particularly on resource-constrained 
devices, a larger vocabulary can increase the complexity of the model, thus pro-
longing training and inference times and raising computational costs. Therefore, in 
practical applications, a balance must be struck between vocabulary size and model 
efficiency to meet the performance requirements of mobile devices.

4	 EXPERIMENTAL RESULTS AND ANALYSIS

Table 1. Comparison of translations

Sentence Type Sentence Content

Sentence 1 Remember what should be remembered, and forget what should be 
forgotten. Alter what is changeable, and accept what is mutable.

Reference translation 记住该记住的，忘记该忘记的。改变能改变的， 
接受不能改变的。

F1 dataset 记住值得铭记的东西，忘记应该遗忘的事情； 
改变可以改变的事情，接受无法改变的事实．

′F1  dataset 记住应该记住的，忘记应该忘记的。改变可变的， 
接受不可变的。

Sentence 2 You never really know a man until you stand in his shoes and walk 
around in them.

Reference translation 除非你穿上一个人的鞋子，像他一样走来走去， 
否则你永远无法真正了解一个人。

F2 dataset 除非你站在一个人的立场上走来走去， 
否则你永远不会真正了解他

′F2  dataset 如果你不感同身受，你永远不会真正地了解一个人。

Table 1 presents examples of the comparison of translations. In this table, the 
F1 and F2 datasets correspond to the training and validation sets, respectively, while 
the ′F1  and ′F2 datasets correspond to the pseudo-parallel corpora for the training and 
validation sets. When analyzing the experimental data in Table 1, the discussion 
can focus on three key aspects: translation quality, learning efficiency, and improve-
ment in user experience, particularly in light of the characteristics of translation 
models on mobile devices. First, according to the experimental results, the trans-
lation quality has generally improved for both the F1 and F2 datasets. The transla-
tion performance of the F1 dataset is relatively precise, especially for sentences such 
as “remember what should be remembered, and forget what should be forgotten,” 
where the model effectively preserves both the semantic and syntactic structure 
of the sentence, with an accurate understanding of the context. In the ′F1  dataset, 
the translation quality does not significantly decline compared to the F1 dataset, 
indicating that the pseudo-parallel corpus has had a positive impact on the train-
ing of the translation model. Notably, for the translation of “alter what is change-
able, and accept what is mutable,” the model demonstrates flexibility in adjusting 
word order, thereby improving the fluency and naturalness of the sentence. It is 
evident that the lightweight translation model on mobile devices has achieved nota-
ble improvements in the learning experience. In particular, the performance of the 
F2 and ′F2 datasets reveals that through optimizing the attention mechanism and the  
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encoder/decoder structure, both the accuracy and processing speed of the translation 
can be significantly enhanced. This structural optimization allows the model to per-
form high-quality translations with reduced computational resources, thus improv-
ing the user interaction experience.

Fig. 5. Comparison of experimental results before and after lightweighting  
of the model under the ′F1  dataset

Fig. 6. Comparison of experimental results before and after lightweighting  
of the model under the ′F2  dataset

Based on the experimental results shown in Figures 5 and 6, which present a com-
parison of the performance before and after the lightweighting of the model under 
the ′F1  and ′F2 datasets, a significant improvement in performance can be observed 
after model lightweighting. Taking the ′F1 dataset as an example, the lightweight 
Transformer model increased from a score of 12.5 at epoch 26 to 28 at epoch 40, 
showing a marked performance improvement. Within the same number of training 
epochs, the standard Transformer model’s performance increased from 10 to 27.92. 
In contrast, the lightweight version showed a more pronounced improvement in 
translation quality, especially during the later stages of training, where the lightweight 
model outperformed the standard model. Additionally, similar trends were observed 
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in the ′F2  dataset. The lightweight Transformer model increased from a score of 37.2 at 
epoch 66 to 42.4 at epoch 80, while the standard Transformer model increased from 
30 to 42. Although both models reached similar scores at the end, the lightweight 
model exhibited a more noticeable performance gain during the training process. 
This suggests that the lightweight model improves training efficiency while maintain-
ing translation quality. From the aforementioned experimental results, it can be con-
cluded that through architectural optimization, the lightweight model achieves higher 
performance gains under the same computational resources. This not only reduces 
the computational load but also improves training speed and processing efficiency, 
making it particularly suitable for the computational constraints of mobile devices.

Fig. 7. Comparison of the experimental results of different machine translation  
models under the ′F1  dataset

Fig. 8. Comparison of the experimental results of different machine translation  
models under the ′F2  dataset

Based on the comparison data for different machine translation models under 
the ′F1  and ′F2  datasets, as shown in Figures 7 and 8, it can be observed that the 
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lightweight translation model for mobile devices exhibits a significant advantage 
over other models. Regarding the performance on the ′F1  dataset, the lightweight 
Transformer showed a steady increase in performance during the training process 
from epoch 31 to epoch 40, improving from a score of 21.6 to 28.4. Although its 
final score was slightly lower than that of WaveNet (31.66) and Reformer (30.8), 
the lightweight Transformer demonstrated a smooth growth trend and provided 
a good cost-effectiveness ratio. When compared to the Enhanced Representation 
through Knowledge Integration (ERNIE) Translate model (with a maximum score 
of 30.44), although the lightweight Transformer showed some performance gaps at 
certain stages, it significantly outperformed these more complex models in terms 
of computational efficiency, highlighting the advantage of lightweight models in 
balancing translation quality and computational resources. The results from the 
′F2 dataset further revealed improvements in both accuracy and efficiency for the 

lightweight model. The lightweight transformer improved from a score of 37.2 to 
44. While WaveNet achieved the best performance in the later stages of training 
(a score of 45.23), the lightweight Transformer exhibited a faster rate of accuracy 
improvement, demonstrating higher training efficiency. This highlights the poten-
tial of the lightweight translation model, particularly in practical applications on 
mobile devices.

Table 2. Experimental results of different machine translation models across three metrics

Dataset Model BLEU-4 Parameters Speed

′F1
Transformer 27.59 17.22M × 1.1

Lightweight Transformer 31.26 6.79M × 0.78

ERNIE Translate 31.28 5.74M × 0.61

Reformer 31.65 6.34M × 0.71

WaveNet 32.56 7.24M × 0.82

′F2
Transformer 42.59 21.52M × 1.1

Lightweight Transformer 43.15 6.47M × 7.7

ERNIE Translate 43.59 5.62M × 6.2

Reformer 43.22 6.34M × 0.71

WaveNet 44.59 7.24M × 0.82

The experimental results presented in Table 2 demonstrate that the lightweight 
Transformer model exhibits significant advantages across several key metrics, espe-
cially in mobile device applications, where it can both provide high translation qual-
ity and significantly enhance translation efficiency. In the ′F1 dataset, the BLEU-4 
score of the lightweight Transformer is 31.26, a notable improvement compared to 
the standard Transformer (27.59). Although WaveNet (32.56) and Reformer (31.65) 
slightly outperform in terms of translation quality, the lightweight Transformer’s 
score is close to these models, while its parameter count is substantially lower at 
6.79 M, compared to the standard Transformer’s 17.22 M and WaveNet’s 7.24 M, 
demonstrating its advantage in resource utilization. Moreover, the training speed 
of the lightweight Transformer is commendable; while slightly lower than that 
of WaveNet (× 0.82), it surpasses ERNIE Translate (× 0.61) and Reformer (× 0.71), 
showing a well-balanced performance in computational efficiency. For the ′F2  data-
set, the BLEU-4 score of the lightweight Transformer is 43.15, slightly below that 
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of WaveNet (44.59), but higher than that of the standard Transformer (42.59) and 
Reformer (43.22). Furthermore, its translation speed has greatly improved, reaching 
× 7.7, far surpassing all other models, especially when compared to the standard 
Transformer’s × 1.1 and ERNIE Translate’s × 6.2, where the improvement in transla-
tion efficiency is particularly striking.

In conclusion, the lightweight translation model proposed in this study demon-
strates significant advantages in both translation quality and efficiency, making it 
especially suitable for mobile devices with limited computational resources. By opti-
mizing the attention mechanism and streamlining the encoder and decoder struc-
tures, the lightweight Transformer successfully reduces the parameter count while 
maintaining translation quality, significantly boosting computational efficiency. 
Compared to the standard Transformer, the lightweight model not only achieves 
higher translation accuracy but also shows superior adaptability in translation 
speed, better meeting the demands of translation tasks on mobile devices.

5	 CONCLUSION

A lightweight translation model based on mobile devices was proposed in this 
study, aimed at enhancing translation teaching efficiency and the learning expe-
rience on mobile devices. The core of the research lies in optimizing the attention 
mechanism and streamlining the encoder and decoder structures within the transla-
tion model, thereby reducing computational complexity and resource consumption 
while improving translation quality and execution speed. Analysis of experimental 
results on the ′F1  and ′F2 datasets reveals that the lightweight Transformer model 
outperforms traditional machine translation models in terms of computational effi-
ciency, translation quality, and mobile device compatibility. On both the ′F1  and ′F2  
datasets, the BLEU-4 score of the lightweight Transformer is comparable to other 
models, with a notable advantage in computational efficiency, especially in mobile 
device environments, where it provides faster translation responses and a smoother 
user experience. Furthermore, despite a reduction in parameter count, the light-
weight model maintains good translation performance, offering an efficient, accu-
rate, and low-resource solution for translation applications on mobile devices, which 
holds significant practical value.

Although the lightweight translation model proposed in this study achieves 
promising results in improving translation efficiency and quality, some limitations 
remain. First, despite its excellent performance on mobile devices, the lightweight 
Transformer may experience a decline in accuracy when handling complex contexts 
or long sentences. Second, while improvements have been made in the training and 
inference speed of the model, it still lags behind certain more efficient complex mod-
els, such as WaveNet, particularly in larger-scale datasets, where its performance 
may not meet expectations. Future research could focus on further optimizing the 
model structure, particularly in improving its capability for long-text translation and 
fine-grained contextual understanding.
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