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ABSTRACT

This paper studies an interactive mobile English translation ability analysis model based on
particle swarm optimisation (PSO) and neural networks (NNs) and explores its application
potential in mobile translation teaching. By integrating the global search capability of PSO
algorithm and the powerful learning capability of NN, the model aims to optimise the trans-
lation quality assessment process and improve the accuracy and efficiency of translation
capability analysis. By training NNs to recognise language features, style and accuracy in
translated texts, and fine-tuning NN parameters with PSO algorithm, this paper constructs
a model that can effectively evaluate and interactively improve mobile English translation
ability. The results show that the interactive mobile English translation ability analysis model
based on PSO and NN has significant teaching application value, and brings new possibilities
to the field of translation education, especially mobile learning scenarios.
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1  INTRODUCTION

As globalisation speeds up, English’s role as the primary language for interna-
tional communication becomes increasingly prominent, and its translation ability
has become increasingly important. In the field of translation, how to improve the
ability to translate efficiently and accurately has become a common concern of edu-
cators and researchers. In recent years, the field of English translation has ushered in
a wave of innovation in artificial intelligence technology and has become the focus
of attention in the industry. Hameed and other scholars are committed to explor-
ing new applications of intelligent systems. By extensively collecting and analysing
multiple data such as students’ learning status, personality characteristics and age,
they successfully built an analytical model for assessing learning ability. This model
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is then applied to analyse individuals’ unique performance in English translation,
providing valuable insights for optimising English translation algorithms. With the
rapid progress of information technology, this kind of translation system is gradually
alleviating the problem of the educational gap caused by the uneven distribution of
educational resources, which highlights the importance and urgency of English trans-
lation algorithm research. In the actual English application scenario, Behnamian and
other innovators use artificial intelligence technology to build an intelligent listening
resource corpus, which not only automatically allocates appropriate listening mate-
rials, but also realises contextually interactive functions, significantly improving the
accuracy and practicality of translation. On the other hand, research on the integra-
tion of cloud platforms and artificial intelligence has also become a hot topic. Moradi
and other researchers cleverly integrate the powerful big data processing and com-
puting capabilities of cloud platforms into the translation process, so that artificial
intelligence can play a greater potential in the field of translation. The cloud platform
system can deeply understand the translation characteristics in various language
environments, and then realise the accurate and quantitative output of translation
results and promote the boundary expansion of English translation technology.

In view of this, this paper introduces a model for analysing English translation
proficiency, utilising particle swarm optimisation (PSO) in conjunction with a neural
network (NN). By learning and training the extracted translation samples of stu-
dents, the trained PSO NN model is used to analyse the correct degree of students’
English translation ability [1], assisting educators in assessing students’ translation
skills. To further enhance the quality of English translation instruction. Compared
with previous studies, the PSO algorithm is an optimisation technique inspired by
the behaviour of particle swarms in nature. By simulating the communication and
interaction between particles, it achieves the purpose of swarm intelligence. It has
the characteristics of being simple and powerful. The algorithm performs well in
solving complex optimisation problems; especially in the realm of machine learning,
NNs serve as computational models that emulate the structure and functioning of
biological NNs. Through the connection and weight adjustment between large num-
bers of neurones, it can estimate or approximate complex functions, and has strong
learning ability and generalisation ability. By integrating PSO with NNs, we con-
struct an English translation proficiency analysis model. This model aims to enhance
the precision and efficiency of translation by optimising the NNs parameters and
structure. This model can not only analyse the translator’s translation ability but also
provide personalised guidance and feedback for translation teaching and promote
the rapid improvement of translation ability [2]. In this paper, data collection, model
construction, model training and testing, application analysis and other research
methods are adopted. Data collection will collect translation sample data of students,
including translation tasks of different difficulty and different fields; The model’s
development employs the PSO algorithm to refine the NNs structure and parame-
ters, ultimately establishing an analysis model for English translation proficiency:.
The collected data is used to train the model, and the accuracy and generalisation
ability of the model are evaluated by cross-validation and other methods. Finally, the
trained model is applied to the actual teaching scenario to analyse students’ transla-
tion ability and provide personalized feedback. The research focuses on the specific
application and effect evaluation of the PSO algorithm in NN parameter and struc-
ture optimisation and the construction of English translation ability analysis model
and its practical application in teaching. Research difficulties include the challenges
to model training caused by the diversity of translation sample data (such as dif-
ferent fields and difficulties), how to effectively combine PSO algorithm and NN to
achieve accurate optimisation of model parameters, and how to design a scientific
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and practical personalised teaching feedback mechanism based on model analy-
sis results [3, 4]. The solution can improve data quality and diversity through data
cleaning, standardization and enhancement technology, provide strong support for
model training, in-depth study of the principles of PSO algorithm and NN, explore
the best way to integrate the two, optimize the model parameters through multiple
experiments and iterations, combine educational psychology and translation teach-
ing theory, Design a personalized feedback mechanism that meets the needs of stu-
dents and is constantly verified and adjusted through practical teaching applications.
This study will explore the basic principles, construction methods and application of
the PSO and NN-based English translation competence analysis model in translation
teaching. The findings of this study will contribute to advancing innovative models
for analysing translation competence and offer fresh perspectives and techniques
for translation instruction. This holds considerable importance for enhancing the
quality and efficiency of translation teaching [5].

2 PARTICLE SWARM OPTIMISATION ALGORITHM AND NEURAL
NETWORK ALGORITHM ANALYSIS

2.1 Particle swarm optimisation algorithm

Particle swarm optimisation, a renowned evolutionary computational approach
developed by J. Kennedy and R. C. Eberhart in 1995, draws inspiration from the col-
lective hunting patterns of birds and fish schools. This algorithm addresses optimis-
ation challenges by mimicking the interactions and collective intelligence exhibited
by particle swarms in nature [6]. At its heart lies the principle of achieving the opti-
mal solution through inter-particle communication and collaborative efforts.

The core principle of this algorithm involves representing each potential solution
as a “particle” traversing the solution space [7]. These particles dynamically adjust
their trajectory and velocity, guided by their own historical search records and the
collective behaviour exhibited by neighbouring particles. Each particle possesses
two key attributes: position and velocity. The former signifies the current solution,
while the latter dictates the next position [8]. The dynamics of particle movement are
governed by its instantaneous position and velocity, in conjunction with its personal
best-achieved solution and the globally optimal solution discovered, thereby influ-
encing its subsequent trajectory. For each particle, formulas (1) and (2) are used to
calculate the updated position and velocity to seek a new solution [9].

k+1 — y*pk k k _ vk k k _ yk
vi = Vi + Cl * Rl,i * (XPbest,i Xi )+ CZ * RZ,i * (XGbest Xi ) (1)

xf*l = xf + vi’<+1 2)

In the above formula, x*, denotes the position of the i particle in the k generation,

and vjf;l denotes the velocity of the i particle in the k generation. During the search
process, each particle keeps track of the best position it discovers, referred to as its
personal best position, and xj,, . is the individual best position of the i particle in
the k generation. At the same time, the whole population will also record the global
best position found so far, that is, the overall best position, and x,  is the overall
optimal value position of the population in generation k. When updating speed and
position [10], the algorithm uses inertia weight coefficient w, self-learning factor C,
and social learning factor C,, as well as two random numbers R, and R, uniformly

distributed in the interval [0,1]. Together, these parameters dictate how the particle
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modifies its speed and location based on its current condition, personal best, and
overall best values.

Through many iterations, the particle swarm will gradually approach the optimal
solution of the problem.

Figure 1 illustrates the flowchart of the PSO algorithm.

Particle swarm parameter initialization

!

The individual fitness of each particle is calculated
and the global optimal is obtained

Meet the
criteria?

Update the individual position and
speed of each particle

l

Calculate the individual fitness of each
particle

Update the historical optimal position
of each particle

l

Update the global optimal location of
the population

Fig. 1. Mlustrative diagram of the particle swarm optimisation methodology

2.2 Neural network algorithm

Neural networks, alternatively known as artificial NNs, constitute a branch of
machine learning and serve as the foundation of deep learning algorithms [11].
They represent a mathematical/computational model that mimics the structural
arrangement and functional processes of biological NNs to predict or closely approx-
imate functions [12]. It essentially constitutes a network architecture consisting of
numerous interconnected neurones. These nodes simulate the functions of biologi-
cal neurones, process input data through weighted summation [13], activation func-
tion and other mechanisms, and output processing results. It is mainly composed
of nodes (neurones), levels (input level, concealed level, output level) [14], weights,
bias and activation functions and other basic elements. The operational principle
of NNs is rooted in mimicking the biological nervous system, processing and trans-
mitting information through the interaction between large numbers of neurones.
Each neuron in a NNs receives input signals from the preceding layer [15], applies
a weighted summation to these signals, and subsequently processes them through
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an activation function to generate an output signal [16, 17]. This output then serves
as an input for subsequent neurones, contributing to the intricate, interconnected
network architecture.

In a NN, each neuron gathers input from the preceding layer of neurones and
generates an output after performing a sequence of computations. These calcula-
tions usually involve the following steps:

1. Enter weighted summation: A neurone integrates multiple input signals, each
scaled by its respective weight, and sums these weighted inputs for further pro-
cessing [18]. The mathematical expression for this step is formula (3).

Z :anwixi 3)
i=1

Where, z is the weighted sum, w, is the weight of the i th input signal, x, is the
i th input signal, and n is the number of input signals [19].

2. Add bias: In NNs, bias is a learnable parameter used to adjust the activation value
of neurones. Bias is usually treated as a constant term that is added to the input
of a neurone and thus affects its output [20]. The effect of bias can be understood
as adjusting the intercept position of the neuron’s activation function when the
input is zero. If there is no bias parameter, the activation function of the neurone
is always zero when the input is zero, and it cannot exhibit complex nonlinear
characteristics. By adjusting the bias parameters, the output value of the activation
function of neurones is not zero when the input is zero, so that the complex nonlin-
ear characteristics can be better displayed. Furthermore [21], to tackle the challenge
of data imbalance, bias parameters offer a viable solution. In the context of classifi-
cation, where a dataset may contain a disproportionately small number of samples
belonging to a particular class, fine-tuning these bias parameters can effectively
elevate the predictive emphasis on that class, ultimately enhancing classification
accuracy. On the basis of the weighted sum, a bias term is added to adjust the activa-
tion threshold of neurones. The mathematical expression for this step is formula (4).

Z'=z+Db 4)

Where, z' is the weighted sum after adding bias, and b is the biased-term.

3. Activation function: Apply the activation function to the weighted sum (optionally
adjusted by a bias term) to generate the neuron’s output [22]. The activation func-
tion serves to convert an unlimited input into a predictable output format and
incorporate nonlinear elements. Common activation functions include Sigmoid,
ReLU, Tanh and so on. Take the Sigmoid function as an example; its mathematical
expression is shown in equation (5) [23].

1
1+e?

(5)

a=c(z")=

Where, a is the output of the neuron and (') is the Sigmoid function.

3  MODEL ANALYSIS OF ENGLISH TRANSLATION ABILITY BASED
ON PARTICLE SWARM OPTIMISATION AND NEURAL NETWORK

By integrating the optimisation principles of the PSO algorithm into the NN,
the combined approach significantly enhances its global optimisation capabilities.
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In the initial phase, this hybrid algorithm leverages the movement and updating
of particles to identify the optimal solution for the NN. This paper presents a model
for assessing English translation proficiency through the fusion of the BP neural
network algorithm with the PSO algorithm. The following outlines the algorithmic
framework and its execution flow [24].

3.1 Construction of neural network model

ABPneural network primarily comprises an arrangement of multiple layers, includ-
ing input layers, output layers, and intermediary hidden layers, forming the structural
foundation of its operation. In a BP neural network, input signals are sequentially
transmitted between neurones along a preset path, which is called forward propa-
gation. Each neurone receives weighted inputs from neurones in the previous layer
and produces outputs based on activation functions within it [23], which then become
inputs to neurones in the next layer. Through this step-by-step approach, the network
completes a complete mapping from input to output. To minimise the discrepancy
between the networks’ output and the desired target, the BP neural network employs
an error backpropagation technique that leverages gradient descent for optimisation.
This method iteratively computes the error contribution (gradients) of each neurone,
starting from the output layer and moving backwards, and updates the weights and
biases of each neurone based on these gradients. Through repeated iterations of this
learning process, the network gradually adjusts its internal parameters until the error
reaches the lowest acceptable level, thus achieving effective training of the network.

Figure 2 displays the algorithm’s flowchart.

Input the parameters of neural
network

!

Enter the initial weight factor
established by the PSO

!

Sample the system output

Calculate the controller output

f

Modified weight factor based on
gradient descent method

i

Calculate K, K;, Kp(according to the
forward propagation formula of BP
neural network)

E(H:%[rikl—y(k)]z —E¢0J

I
E=0

end

Fig. 2. Flow chart of BP neural network algorithm
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The input for the NNs input layer is presented in equation (6).
n(k)=x(k),i=1,2,3,4 (6)

Where x,(k) represents the input value and n,(k) represents the matrix form of the
input value.

The input and output of the hidden layer and the activation function of the hidden
layer are shown in formula (7), (8) and (9).

5
I=>wxn(k)h=1,234,5 (7)
h=1
0,(k) =glIk], k=1,2,3 8)
eX —e X
800 = e+ e )

In formula 7, I is the input value of the hidden layer, in formula 8, O,(k) is the
output value of the hidden layer, and in formula 4, the activation function is the
sigmoid function.

The input value of the output layer is equation (10), output value is (11),
neuronal activation function is equation (12), and the performance index function
is equation (13).

O=w,x0, (10)
K=1(Q) (1)

e)(
fO=——+ (12)
E(k) = %[r(k) — yF (13)

In Formula 10, Q represents the input value of the output layer, in formula 11,
K represents the output value of the output layer, and f(Q) represents the activa-
tion function.

3.2 Data pre-processing

In order to eliminate the influence of large-value data on model-based prediction
or diagnosis, the data must be pre-processed first. In this paper, the normalisation of
the data is adopted. Normalisation is a technique of scaling data so that it falls into
a specific small range, such as between 0 and 1 [25, 26]. During the normalisation
process, the Sigmoid function serves as the activation function for the output layer
of the NN. The Sigmoid function possesses a distinctive characteristic: as the input
value x tends towards positive or negative infinity, its output value converges to 1 or
0, respectively, thus naturally limiting the output range between (0, 1). Without data
normalisation, those features with large absolute values may dominate the train-
ing process, causing the model to be insensitive to changes in features with smaller
values, thus affecting the overall training effect and the generalisation ability of the
model. Through normalization processing [27], it is possible to ensure that all fea-
tures are fairly considered during training. This, in turn, enhances the learning and
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prediction capabilities of the network. The formula for normalisation is given in
equation (14).

__ 7min

X =2+ - ,11)(#J (14)

Zmax _ Zmin
i i

The output value can be reversely normalised, and the formula is shown in
equation (15).

X —A _ .
Zi:{)*z_)*llj(Zi -2z )+zl_ (15)

In Formula 15, z, represents the anti-normalised value, and x, represents the nor-
malised value; 4, represents the lower limit and 4, represents the upper limit. z"*
indicates the maximum value in the source data. z™" represents the minimum value
in the source data.

3.3 Particle initialization

Within the predefined search space, the initial locations and velocities of parti-
cles are randomly initialised. Subsequently, the locally optimal position is iteratively
refined by comparing and updating each particle’s individual best position, fostering
a dynamic optimisation process. For particle velocity and position initialisation set-
tings; set the initial position of particle i to be a vector X, = (x,, X,,..., X;,), where n rep-
resents the dimensionality of the search space, and each component X; (j=1,2,.,n)
is randomly generated in the interval (0, 1), denoting the initial coordinates of parti-
cle i within the exploration domain, it signifies the origination point of its traversal
in the search space. Similarly, the initial velocity of particle i is set to vector V, = (v,,,
Vs V). It should be noted that the components of speed are usually not generated
directly at random in the interval (0, 1), but according to the specific needs of the
problem and the scope of the search space to set a suitable speed range and then
randomly select the value of each v, within this range. This is done to ensure that
the particles are able to move through the search space at an appropriate speed. In
the PSO algorithm, a local optimal position P, is also maintained, indicating the opti-
mal position discovered among all current particles, P, is determined by comparing
the current position of all the particles (usually calculated based on some fitness
function), Pg =min{P, P,,..., P}, where P, (=0, 1, ... s) represents the record of the
best position of the particle i (that is, the optimal solution encountered by the parti-
cle during the search), and s is the total number of particles in the particle swarm.
Therefore, P, is actually the best of all the individual best positions of all the particles
as the local optimal solution for the entire particle population.

3.4 Fitness calculation

For each particle, we calculate its fitness value according to its specific objective
function. This step aims to quantify how good the particle’s current position is for
solving the optimisation problem. We then compare the calculated fitness values
with the best fitness values stored in memory (i.e., the function values corresponding
to the optimal solutions explored by all the particles so far). If the current particle’s
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fitness value surpasses the best value stored in memory, the best value is updated to
ensure that we are tracking the best solution in the entire search space. Then, based
on this remembered sweet spot, and the sweet spot in the particle’s own history,
the particle adjusts the speed and direction of its next phase of search. The sum of
squared errors (SSE) is a frequently used measure to assess the difference between
a model’s predictions and actual values, and we utilise it here to determine fitness.
A smaller SSE value indicates that the model’s predictions are closer to the actual
values, that is, the higher the fitness of the particle. By minimising SSE, we can drive
the particles closer to the global optimal solution. Its calculation formula is shown
in equation (16).

) =SSE= ST ~E) (16)

In Formula 16, T, represents the data fitted by the algorithm, and E, represents
the original data.

3.5 Particle update and iterative optimisation

The positions of particles are recorded, and their position vectors and velocity
vectors are updated continuously. The tracking of each particle’s position and veloc-
ity vectors is ongoing, ensuring timely updates, and at each iteration, the perfor-
mance of the current particle (i.e., its best value) is first evaluated and compared to
the global best value currently recorded. If a particle’s best value surpasses the cur-
rent global best value, the global best value in memory is updated to that particle’s
best value. Subsequently, all particles adjust their position and velocity vectors based
on the current global best value and their own historical best values, according to
the rules defined in the PSO algorithm. This correction process aims to guide the par-
ticle to move to a better region in the solution space and prepare for the next global
search iteration. The calculation formulas for particle position velocity update are as
follows: (17) and (18).

VK =WVE + clrand()(si’f*— sl.k)+ CZrand()(sf— sl") (17)
Sik+1: Sl.k'i‘ ‘/ik+1 (18)

Where ¢, and c, are acceleration constants; W stands for inertia factor; rand()
is a uniform random number of [0,1]; sl.k* represents the k* dimension of the indi-
vidual extremum of the i th variable; s/ represents the i dimension of the global
optimal solution. s* represents the k dimension of the individual extremum of the
{ th variable.

By repeating the above steps, recording the position, updating the velocity vector,
comparing and updating the global best value, and correcting the particle position
velocity, the particle swarm can gradually approach the optimal solution of the opti-
misation problem.

3.6 Training neural network model

Upon completion of the optimisation process by the particle swarm algorithm, the
BP neural network is endowed with the optimal weights and thresholds obtained.
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These refined parameters then facilitate the network’s training, where forward prop-
agation computes the network’s output, and error backpropagation adjusts weights
and thresholds to minimise the output error. Upon training completion, an inde-
pendent test set assesses the network’s practical performance. During testing, the
trained network processes test data, and the output’s alignment with actual values is
evaluated. Evaluation metrics such as accuracy, recall, and F1 score are obtained by
comparing test results with actual values, providing a thorough assessment.

Figure 3 depicts the flowchart of the BP neural network optimised using the PSO

technique.

Determine the topology of the BP
neural network

I

Determine the initial weight and
threshold

]

Initialize the parameters such as population size,position,velocity, inertia
factor,acceleration factor and generation number of particle swarmn
2

Calculate the fitness of PSO algorithm [+—

]

Update the position and velocity of
particles

Update the position and velocity of
particles

Update g..: by comparing all current
Piest and gues Values

Satisfy termination
conditions

Y
v

The weights and thresholds optimized by particle swarm optimization are
assigned to BP neural network

BP neural network training
andtesting

Fig. 3. Flowchart of a BP neural network improved through the application of the particle swarm
optimisation algorithm for optimisation

4  EXPERIMENT
4.1 Comparison experiment with ElIman neural network

In order to evaluate the accuracy of PSO-BP neural network algorithm in pre-
diction tasks, this study carried out two sets of experiments in parallel: one group
used PSO-BP neural network algorithm, the other group used Elman neural network
algorithm, and verified the prediction performance by comparing and analysing the
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experimental data of the two. The Elman neural network, as a leader in the field of
regression prediction and time series prediction, with its excellent time series data
processing ability and built-in “memory” mechanism, has shown strong strength in
many prediction tasks, so it is selected as the benchmark method in this comparison
experiment. The Elman neural network is fundamentally a type of recursive NN.
Its distinctive design encompasses four primary layers: the input layer, which is
tasked with receiving external data; the hidden layer (or intermediate layer), which
handles the nonlinear transformation of information; and a key component of the
network, the context layer, which serves to store the output state of the hidden layer
from the previous time step, so that the network can deal with the temporal depen-
dence of time series data. The output layer outputs the processed result. This design
gives Elman NN a significant advantage when dealing with tasks that feature time
series and require memory.
Figure 4 visually illustrates this structural layout of the Elman neural network.

Hidden
layer
Output
w, layer
y(k)
]
x(k)
w, il x (k)

Undertaking
layer

Fig. 4. Architecture of the Elman neural network

y(k) = gw x(k))
x(k) = fw,x(k)+w, (uk - 1)) (19)
x (k) =x(k -1)

In Formula 14, x represents the node unit of the middle layer, y represents the
output, u represents the input, x, represents the feedback state, g(*) represents
the transfer function of the output neuron, f(*) represents the transfer function
of the interneuron, k represents the reference points, and w, denotes the weight
connecting the input layer to the hidden layer in the Elman neural network. w,
represents the weight between the hidden layer and the successor layer and w, rep-
resents the weight between the hidden layer and the output layer. f(*) uses logsig as
the transfer function, and g(*) uses pure line as the linear transfer function.

In Figure 5, we assessed the predictive accuracy of two NN models: the BP neural
network enhanced with PSO and the Elman neural network. The red curve highlights
the deviation between the Elman neural network’s predictions and the actual values
when tested on the dataset, while the blue curve represents the corresponding devi-
ation when making predictions through the PSO-BP neural network. To perform this
comparison experiment, the test dataset was reorganized into the same format as
the training dataset, i.e., formatted as a matrix with 201 rows and 60 columns. This
setup allows the NN to process the input data column by column, each processing
corresponding to one training iteration or test instance indicated on the horizontal
coordinate in Figure 5, for a total of 60 independent predictions and evaluations.
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| ——PSO-BP
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Number of training times

Fig. 5. Comparison of prediction accuracy between PSO-BP and Elman neural network

The analysis presented in Figure 5 reveals that the PSO-BP neural network outper-
forms the Elman neural network in terms of prediction accuracy. The experimental
results clearly showecase this superiority, with the PSO-BP NN algorithm achieving a
prediction error of just 0.0177mm, while the error of Elman algorithm is 0.6825mm.
This comparison highlights the significant improvement of the prediction accuracy
of PSO-BP algorithm, which is specifically reflected in the improvement of its predic-
tion accuracy by about 97.42% compared with Elman algorithm. Further, when deal-
ing with large-scale data sets, the PSO-BP neural network algorithm shows stronger
adaptability and efficiency advantages. This is primarily attributed to the effective
optimisation provided by the PSO algorithm on the BP neural network’s parameters,
enabling the network to converge more rapidly to the global optimal solution, so that
the prediction speed and accuracy are excellent. To sum up, PSO-BP neural network
algorithm is undoubtedly a more advantageous choice for those prediction tasks
that require high efficiency and accuracy. It can not only provide more accurate pre-
diction results, but also maintain efficient performance when processing large-scale
data, thus meeting the needs of complex prediction scenarios.

4.2 Case application

In order to verify the application of PSO based NN model in English translation
teaching, a comprehensive verification process was designed and implemented.
First, the data samples of students’ English translation learning characteristics are
systematically collected, and then the validation procedure encompasses two pri-
mary phases. (1) Neural network cultivation and fine-tuning: Here, we leverage the
PSO technique to educate NNs. The objective of this phase is to discover the opti-
mal combination of NNs weights and thresholds, ensuring a seamless fit with the
training dataset, utilizing PSO’s intelligent exploration capabilities. (2) Model evalu-
ation and testing: post-training, an independent test set assesses the optimised NNs
model’s efficacy and performance. We evaluate its accuracy, recall, and F1 score by
gauging how closely its outputs align with actual translation results.

Data quality is the key to the success of NN algorithms. 5000 pieces of students’
English translation data were carefully screened from the huge database of many
schools. Following rigorous filtering, samples deemed invalid, ambiguous, or incom-
plete were discarded to uphold the diversity and veracity of the dataset. To enhance
the model’s generalisation capabilities, data augmentation methods, including the
introduction of noise, were employed, culminating in the compilation of a compre-
hensive sample set comprising 2000 meticulously curated, high-quality test instances.
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Then, parameters are set and trained. When using PSO algorithm to train NN, the
precocious factor is set to 0.01, and other key parameters are randomly generated.
Based on best practices of the PSO algorithm, three different particle swarm sizes (10,
15 and 20) were tried to explore their impact on training efficiency and results. The
experimental results show that when the number of iterations reaches 223, 286 and
437 respectively, the model error decreases significantly and tends to be stable, and
no better solution appears, indicating that the global optimal solution has been found.
At this point, we stop the iteration and record the relevant data, as shown in Table 1.

Table 1. Results of case test of neural network model of particle swarm optimisation

Particle Number of Optimal Number Training Sample Average Error
Population Iterations of Particles Mean Error of Test Sample
10 223 3 0.06 0.13
15 286 9 0.20 0.26
20 437 6 0.29 0.30

The data in the table above clearly indicates that training the NN model using the
PSO algorithm can identify the optimal solution for various sizes of particle popula-
tions while achieving a low error rate. Utilising the devised learning analysis model
framework, the NN model, bolstered by PSO technology, can be employed to pre-
cisely assess the proficiency of students in English translation, thereby offering an
accurate evaluation of their abilities, providing teachers with an effective estimate
of students’ translation level, and guiding the subsequent teaching plan and strategy
formulation. At the same time, through the quantitative assessment of students’ trans-
lation ability, students can more intuitively understand their own translation level
and see the specific changes in their progress. Such instant feedback can improve
students’ motivation to learn and stimulate their interest in learning in order to par-
ticipate more actively in the learning and practice of translation. The application of
this model is a concrete embodiment of educational technology innovation. It breaks
the traditional way of teaching evaluation and introduces a more scientific and effi-
cient evaluation method. This innovation not only enhances teaching quality but also
drives the reform and advancement of the entire educational system and provides
strong support to cultivate more innovative talents and practical skills. In summary,
the application of the model of analysis of translation capacity to English based on
the optimisation of particle swarm and NN in teaching is of great importance, which
can improve not only the quality of teaching and the level of personalised teaching
but also improve the motivation of students to learn and promote educational inno-
vation. As technology continues to evolve and improve, it is believed that this model
will play an even more important role in education in the future.

5 CONCLUSION
This paper delves into the model for analysing English translation ability utilising
PSO and NN, and meticulously examines its application in translation education. The

key findings of the research are as follows:

1. Successfully constructed an English translation ability analysis model combining
PSO algorithm and NN technology. The model makes full use of the advantages of
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PSO algorithm in global search and local optimisation, combined with the pow-
erful nonlinear mapping and learning ability of NN, and realises the efficient
and accurate evaluation of English translation ability. In the process of model
construction, the mathematical model, algorithm flow and convergence charac-
teristics of PSO algorithm are deeply studied. At the same time, the basic principle
of artificial neural network, network structure design and parameter optimisa-
tion methods are mastered. Through a carefully designed fusion strategy, we find
the best balance point for the two to work together, ensuring the accuracy and
robustness of the model in the evaluation of translation ability.

In order to ensure the effectiveness and generalisation ability of model training,
a series of advanced data processing technologies are adopted, including data
cleaning, standardisation and enhancement. By removing noise data, filling in
missing values, processing outliers and other steps, the data quality is signifi-
cantly improved. Through standardised processing, the influence of different
dimensions on data analysis is eliminated. Through data enhancement technol-
ogy, the diversity and quantity of training samples are increased, and the over-
fitting problem is effectively alleviated. In the model training stage, combining
educational psychology and translation teaching theory, reasonable objective
functions and evaluation indicators were designed, and the model parameters
were optimised through multiple experiments and iterations, which gradually
improved the prediction accuracy and stability of the model.

To assess the practical impact of the NN algorithm model incorporating PSO in
English translation education, it is applied in several practical teaching scenarios.
Through a comparative analysis of the students’ performance under the traditional
teaching method and the teaching method based on the model, it is found that the
students using the new model have shown significant improvement in translation
ability, learning motivation and learning effectiveness. These positive results not
only prove the validity and practicability of the model but also provide strong sup-
port for the intelligent transformation of translation teaching in the future.

This model offers a novel tool for quantitative assessment of translation quality

and an unprecedented personalised guidance and feedback system for translation
education. As we look ahead, with the ongoing advancements in artificial intelli-
gence technology and the diversifying needs of translation education, the English
translation ability analysis model leveraging PSO and NN holds vast potential for
development. It is hoped that the application potential of this model in more teach-
ing scenarios, such as multilingual translation and professional translation, can be
further explored in future studies. To cater to various learners’ requirements, we
also aspire to enhance the model’s performance and user experience through ongo-
ing technological innovations and optimizations, and contribute more to the pros-
perity and development of translation education.
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