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I. INTRODUCTION  

Currently, the enhancement of teaching quality and 
standards in colleges and universities has become a crucial 
topic across various industries due to the widespread access 
to higher education. As a novel pedagogical approach, 
online education has become one of the important teaching 
methods in college education. Ideological and political ed-
ucation is an important aspect of education that cannot be 
neglected. Under the guidance of China’s new concept of 
building "curriculum ideological and political", the gradual 
formation of a large ideological and political system is in-
evitable for the development of education. 

In traditional ideological and political education, the ide-
ological and political classes offered by counselors cannot 
get a warm response from students due to strong theoretical 
and boring content. In particular, modern college students 
have a strong sense of autonomy and diverse personalities, 
coupled with the influence of modern Internet, so that they 
have a low degree of identification with the party, shallow 
family and country feelings, weakened collective conscious- 

ness, and insufficient cultural literacy. This is also the fun-
damental reason why contemporary colleges face chal-
lenges in instilling ideological and political values in stu-
dents lies in the difficulty of capturing their hearts and 
minds, and it cannot guide their life, study, and social prac-
tice. In this context, online education is presented in a new 
form in the field of ideological and political education for 
college students, providing a space and direction for re-
search and development of online ideological and political 
education in my country. 

The essence of online ideological and political education 
is to help the majority of students establish correct ideolog-
ical concepts, and then have a certain driving effect on their 
outlook on life and values, establish a good ideological and 
political quality and literacy for them, and obtain them 
through online activities. good interaction. The objective of 
online ideological and political education is to provide each 
student with an equitable chance to receive education, to 
transform the traditional teaching model into interactive 
teaching, to convert the identities between teachers and stu-
dents, and to conduct equal exchanges, making ideological 
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and political teaching more democratization. Online ideo-
logical and political education in colleges serves as a sig-
nificant platform for ideological and political instruction. 
Proper integration of ideological and political education 
into teaching is crucial for reinforcing the value orientation 
of college students and enhancing their moral and ideolog-
ical development. 

Today’s college students prefer using mobile devices to 
study ideological and political courses online. Learning 
through mobile platforms offers several advantages, such as 
environmental and resource efficiency, fragmented learning, 
interactive engagement, and enhanced cognitive benefits. 
With the rapid growth of mobile business data, the tradi-
tional centralized storage and computing model of cloud 
computing may lead to increased system response delays, 
network congestion, and other issues when responding to 
large numbers of on-demand or live broadcast requests for 
ideological and political courses from users. To address 
these drawbacks, the edge computing model has emerged. 
The edge computing model can migrate high real-time ser-
vice and data requirements from the cloud computing cen-
ter to the edge, where analysis and processing can take 
place close to the user end. This can effectively reduce the 
load pressure on the cloud center, decrease transmission de-
lays, and improve the quality of user experience. 

In order to meet people’s demand for video-on-demand, 
it has become a research hotspot to use effective video cach-
ing technology in edge computing network architecture to 
place content on appropriate edge computing servers. 
Based on the characteristics of fast refresh of user end video 
requests, this study focuses on the video caching approach 
for ideological and political courses, centering on the de-
velopment of a caching strategy that minimizes transmis-
sion delays and enhances user experience quality within a 
“device-edge-cloud” collaborative architecture. Further-
more, we propose a caching strategy based on Long and 
Short-term Memory Networks (LSTM-GA) that utilizes ge-
netic algorithms for edge computing. Simulation results 
demonstrate that this caching approach can significantly re-
duce transmission delays and improve the overall quality of 
user experience. 

  

II. RELATED WORK 

With the gradual maturity of edge computing, the litera-
ture [1] considered the computing power of edge computing 
servers, so it is possible to process videos or perform other 
related calculations on edge computing servers. Over the 
past few years, deep learning has made remarkable ad-
vancements in diverse fields, including but not limited to 
image recognition, speech recognition, and natural lan-
guage processing. It can achieve high prediction accuracy 

and light up the development path of continuous data pro-
cessing, such as text and speech processing [2]. References 
[3-7] have investigated the prediction of video content pop-
ularity using deep learning techniques. Li et al. [4], utilizing 
data from Youku, a prominent online video service provider 
in China, addressed the challenges of understanding popu-
larity trends and predicting the future popularity of individ-
ual videos. Meanwhile, Liu et al. [5] proposed a Software-
Defined Networking (SDN) based approach called DLCPP 
(Deep-Learning-based Content Popularity Prediction) for 
predicting content popularity using deep learning tech-
niques, demonstrating higher prediction accuracy through 
extensive experimental results. But none of the above stud-
ies apply it to the pre-caching of video content. Due to the 
lack of computing resources and training data on the mobile 
end, literature [8] designed a learning-based system struc-
ture. After centralizing the training data to the cloud, the 
computing resources in the cloud are used to train the deep 
learning model. The video content popularity score pre-
dicted by the model is pre-cached for the video content. 
However, uploading local data to the cloud will bring the 
risk of privacy data leakage. In addition, the amount of data 
that needs to be uploaded is huge, and it will also cause a 
lot of communication overhead. 

The use of effective video caching technology in the 
edge computing network architecture to place the content 
on the appropriate edge computing server. It has garnered 
significant attention from both domestic and international 
scholars. In 2014, Ahlehagh & Dey [9] established a user 
preference analysis model based on the caching strategy 
implemented by User Preference Profile (UPP), analyzed 
the user preference in the target area and adjusted the cache 
content. The strategy has a good effect on users with stable 
motion state, and when the user state changes, the perfor-
mance of the strategy decreases significantly. Sengupta et 
al. [10] integrated machine learning technology and cach-
ing technology to implement a caching strategy under a dis-
tributed architecture. Facing the cell heterogeneous net-
work model, Gu et al. [11] proposed a content caching strat-
egy (Q-Learning Content Caching Strategy, QLC) of Q-
learning technology. When user preferences are in a steady 
state, QLC is able to predict and adjust caching strategies, 
but is ineffective for sudden changing user request events. 
Reference [12] realizes the cooperative cache strategy 
(Cache Strategy Based on Cooperation, CSC) based on the 
idea of mutual cooperation. This strategy takes the mutual 
communication between base stations as the research basis, 
and it demonstrates outstanding performance in both cache 
capacity and user experience quality, but does not filter the 
cached content, resulting in a large amount of duplicate 
content being cached in different base stations, resulting in 
space loss. Traverso et al. [13] proposed a caching strategy 
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(A Caching Strategy for Noise Model to Dynamically Ob-
tain Content Popularity, NMDOCP). It is effective in sup-
pressing the temporal locality of content popularity. But the 
noise model used does not perform well in terms of system 
propagation delay. Poularakis & Tassiulas [14] proposed a 
User-Aware Data Resource Caching Strategy (UADR), 
which provides an effective solution for edge caching strat-
egies when users move. At the same time, the base station 
exists as a closed individual. When the user switches be-
tween base stations, the phenomenon of delay and jitter will 
appear. Li et al. [15] proposed a low-cost task scheduling 
caching strategy aimed at reducing the transmission cost. 

In the research of edge caching strategy, although there 
are relatively mature caching solutions, most of them are 
generated for specific application scenarios and are rela-
tively independent. The characteristics of fast refresh of 
video scenes of user ends have not been comprehensively 
reviewed. Analyze and consider. In order to solve the above 
problems, this paper takes the video caching strategy as the 
core, and conducts research on the video caching strategy 
for ideological and political courses for edge computing un-
der the "device-edge-cloud" system collaborative architec-
ture. Through an information technology perspective, this 
approach supports the advancement of online ideological 
and political education by improving the user experience of 
online courses and increasing their accessibility. 

 

III. SYSTEM ARCHITECTURE AND 
NETWORK MODEL 

3.1. System Architecture 
The utilization of edge caching strategy in video scenes 

is becoming increasingly popular and is considered the gen-
eral trend [16]. For edge computing-focused video caching 
strategies, a "End-Edge-Cloud" system collaborative archi-
tecture, as depicted in Fig. 1, is proposed based on the fast 
video refresh requirements and the user’s on-demand video 
needs along with the scenarios of users frequently switch-
ing between various edge computing servers. 

When a requested resource is cached on a nearby edge 
computing server, it will be directly responded to. If not 
found locally, adjacent edge computing servers will be 

searched. If the requested resource is found, the response 
will be coordinated through collaboration between the edge 
computing servers. If the resource is not found in the adja-
cent servers, the local edge computing server will search for 
it in the cloud center, which will respond with the search 
result. In the collaborative architecture of the system, dif-
ferent edge computing servers are controlled through a 
Software Defined Network (SDN) [17], and resources are 
configured uniformly. Within the "End-Edge-Cloud" col-
laborative architecture, the user end can request video re-
sources as required. Implementing an appropriate caching 
strategy to distribute specific video resources across edge 
computing servers can significantly decrease data transmis-
sion redundancy and transmission delay, ultimately enhanc-
ing user experience quality. 

 
3.2. Network Model 

Considering that the network connection rarely switches 
in non-mobile scenarios, the connection is relatively stable, 
and the transmission delay and user experience quality are 
relatively good. This paper mainly considers the mobile 
scenario of the user terminal. Faced with the characteristics 
of fast video refresh, a network model is established with 
the goal of reducing transmission delay and improving user 
experience quality. The mobile scene here can be not only 
a smartphone, a tablet, etc., but also a laptop, a mobile 
workstation, etc. Let M be the set of MBS edge computing 
cache servers at the edge, denoted as {1, 2, 3, ..., MBS }, and 
U be the set of N users, represented as {U1, U2, U3, ... , UN}. 
The cache file matrix of the edge computing server is de-
fined as X, where Xif equals 1 if the file f is cached in the 
edge computing service i, and 0 otherwise. The area cov-
ered by each edge computing server is considered a circle 
with a radius of ri. The probability that user u requests file f 
is denoted as Puf, and Ni represents the number of neighbors 
of the edge computing server. The user’s movement speed 
in the service area is defined as v, and the time interval for 
the edge computing server to respond to the requested con-
tent is τ. The variables defined in this study are: 

  ൝𝑄 = 0, ௥೔௩ > 𝜏𝑄 = 1, ௥೔௩ ≤ 𝜏. (1)

   

When Q=0, the user remains within the current service 
area during time τ. When Q=1, the user moves out of the 
current service area within time τ. 

The hit rate is defined as assuming that the edge compu-
ting server moves to position j in the next time period: 

 θ = ෍ 𝑝(𝑄 = 0) ∙ 𝑃௨௙ ∙ 𝑃൫𝑋௜௙ = 1൯ +௜∈ெ ෍ 𝑝(𝑄 = 1)௜∈ெ∙ 𝑃௨௙ ∙ 𝑃൫𝑋௜௙ = 1൯. (2) 
  

Fig. 1. “End-edge-cloud” system architecture. 
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In the spatial dimension, the path of the user end’s move-
ment can be regarded as a Markov chain model of several 
states. The moving direction and distance of the user end 
can be used to predict the current location information 
through the LSTM model through the historical parameters 
of the user end moving. Assuming that the number of videos 
cached at the edge computing end is m, which is expressed 
as F = {f1, f2, f3, ... , fm}, and the content popularity of fi is 
greater than fj (i > j), and the size of video i is |fi|. User re-
quests for videos are independent and do not interfere with 
each other. According to the request probability Puf, the as-
sumption is made that the request probability follows the 
Zipf distribution, where the parameter σ is taken into con-
sideration [18]: 

  𝑃௙ = ௙ష഑∑ ௞ష഑೘ೖసభ , 𝑓 = 1,2, … , 𝑚, (3)
  
where σ and m are the parameters of the Zipf distribution, re-
spectively. According to the characteristics of fast video re-
fresh, it is assumed that the user may request multiple video 
contents within a period of time, and the size of each video 
content is randomly distributed. Each video content has a delay 
requirement dt, that is, the edge computing server must com-
plete the response to the requested content within this time pe-
riod, otherwise the request is deemed invalid. 

The caching strategy’s fundamental concept is to store a 
portion of the video collection to the edge computing cache 
server based on video collection attributes and user requests, 
generating a caching matrix X. The overall delay in the 
caching system is the total of the user’s request delay in re-
ceiving a response from the edge computing cache server 
and the delay in receiving a response when requesting from 
the cloud center. To minimize the total delay, it is ideal to 
handle most of the requests on the edge computing cache 
server. If dM represents the delay caused by the user request-
ing from the edge computing server, and dY represents the 
time it takes for data to travel from the cloud center. Thus, 
the total delay can be represented as: 

  𝐷் = 𝜃𝑑ெ + (1 − θ)𝑑௒. (4)
  

In the formula, θ is the hit rate. Constraints are: (1) The 
total size of each edge computing cache server’s cache files 
cannot be greater than the size of the edge computing cache 
server’s cache capacity; (2) Each video content file must 
have a transmission delay that is shorter than its required 
delay dt. Additionally, the request delay should follow a 
Zipf distribution with a parameter of (σ, N). Thus, the prob-
lem of optimization strategy can be defined as follows: 

   minሼ𝐷்ሽ;∑ 𝑋௜௙|𝑓| ≤ 𝑚௜௜∈ெ,௙∈ி ；𝑋௜௙ ∈ ሼ0,1ሽ;𝑑௧~𝑍𝑖𝑝𝑓(𝜎, 𝑁). (5) 
  

Under certain constraints, it is necessary to find an opti- 

mal solution that minimizes the time delay DT of the system. 
Specifically, there may be multiple decision variables and 
multiple constraints, and it is necessary to optimize the time 
delay DT under these constraints, and find a set of optimal 
decision variables to minimize the time delay DT. In this 
paper, the objection function is min{DT}, while the con-
straints are: ∑ 𝑋௜௙|𝑓| ≤ 𝑚௜௜∈ெ,௙∈ி  , 𝑋௜௙ ∈ ሼ0,1ሽ  and dt~ 𝑍𝑖𝑝𝑓(𝜎, 𝑁). 
  

IV. LSTM-GA CACHING STRATEGY 

The Long Short-Term Memory Network (LSTM) [19] is 
a temporal recurrent network that was proposed to address 
long-term dependency issues. As the user mobility problem 
in this study can be modeled as a Markov process, LSTM 
is well-suited for time series prediction tasks. With its 
unique structure of input, output, and forget gates, the 
LSTM network model can accurately predict the target edge 
computing server based on the user’s historical trajectory 
information. Therefore, selecting the LSTM network model 
for this caching strategy model can lead to precise target 
edge computing server predictions. 

The Genetic Algorithm is a powerful global optimization 
method that seeks to find the best possible solution. It mim-
ics the principles of biological evolution, where new chro-
mosomes are generated through natural crossover and mu-
tation. The implementation of the genetic algorithm usually 
involves four steps: encoding, population initialization, fit-
ness value calculation, and genetic operation. Due to its 
ability to enhance and optimize other algorithms, genetic 
algorithms have been extensively applied in various opti-
mization problems. 

There are three main advantages of genetic algorithms. 
Firstly, they possess excellent global search capabilities, 
which can prevent getting stuck in local optimal solutions 
and enable finding the global optimal solution. Secondly, 
they are highly compatible and can be combined with other 
algorithms for optimization. Thirdly, compared with gen-
eral optimization problems, genetic algorithms require 
lower mathematical requirements, and do not need to estab-
lish conditions such as objective functions. They can be 
solved based on the given problem. Drawing on the ad-
vantages of the above three aspects, this paper employs the 
genetic algorithm to optimize the neural network, to find 
the global optimal solution, and conduct modeling. 

This paper proposes the Genetic Algorithm-based Cache 
Strategy for Long and Short-Term Memory Network 
(LSTM-GA). The LSTM neural network model is inte-
grated with the genetic algorithm to optimize the model pa-
rameters and establish the model. The aim of this caching 
strategy is to reduce the transmission delay to the greatest 
extent possible while maximizing content requests at the 
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edge computing cache server when the user is in motion. 
  

4.1. Prediction of Target Edge Computing Servers 
In real-world scenarios [20], the video content stored in 

the edge computing cache server becomes obsolete when 
the user end moves between different servers. If the user 
switches the edge computing server while requesting a 
video file, the request gets interrupted. To address this issue, 
this paper proposes using the LSTM network model to pre-
dict the target edge computing server that the user may 
switch to in the next time period. By caching the requested 
or currently watched video file in advance in the predicted 
server, seamless switching of edge computing server cache 
resources can be achieved, resulting in smooth video play-
back. 

The LSTM network model consists of several compo-
nents, including an input gate, an output gate, a forgetting 
gate, and a memory unit. The forget gate is used to selec-
tively forget some previous secondary state information. 
After forgetting some secondary state information, new 
memory needs to be added from the current state, which is 
realized by the input gate. The LSTM model needs to output 
the current state after calculating the new state, which is re-
alized by the output gate at this time. 

In the LSTM network model, the cell state used to con-
trol information transmission is Ct; the previous sequence 
state is ht-1 and the current sequence input data is Xt. The 
forget gate’s output, denoted as ft, is computed using an ac-
tivation function and has a range of [0,1]. The value of ft 
corresponds to the probability of discarding the information 
stored in the previous hidden state. Its expression is: 

 𝑓௧ = σ൫𝑊௙ሾ𝑓௧ିଵ, 𝑋௧ሿ൯ + 𝑏௙. (6)
 

In the formula, Wf and bf represent the coefficient and 
bias of the linear relationship, respectively. σ is the activa-
tion function. The input gate is responsible for implement-
ing the input of the current sequence. The output consists of 
two parts: the first part outputs it, which is implemented us-
ing the σ activation function; The second part outputs at, 
which is implemented using the tanh activation function. 

The prediction of the target edge computing server that 
the user end will switch to in the next time period involves 
several steps. Firstly, the edge computing server set H and 
the time slice τ based on the user end’s historical movement 
trajectory are inputted. Next, the LSTM network model is 
utilized to predict the edge computing server that the user 
end is likely to switch to in the next time period. Then, ot is 
generated, and the edge computing server ht to which the 
user end will move is determined based on ot and Ct. Sub-
sequently, the total delay Dt of the requested video trans-
mission at the edge computing server ht is calculated to ob- 

tain the local optimal solution, and the local buffer matrix 
X is updated. 

  

4.2. Model Establishment 
The LSTM is first optimized using the GA algorithm. By 

training the LSTM model and evaluating the appropriate-
ness, the optimal parameters are selected. Then use the op-
timized LSTM network model to predict the user end mov-
ing path. Determine the target edge computing server with 
the smallest transmission delay and cache the video to 
achieve the optimal solution. Using the GA algorithm to 
find the optimal window and number of units for LSTM is 
roughly divided into the following four steps: 

(1) Decode the genetic algorithm solution to obtain the 
window size and number of cells. (2) Use the window size 
found by GA to prepare the dataset and divide it into train-
ing and validation sets. (3) Input the LSTM model, calcu-
late the RMSE on the validation set, and return the value as 
the fitness value of the current genetic algorithm solution to 
obtain the optimal parameters. (4) Establish an LSTM neu-
ral network model, and use the optimal time window size 
and the optimal number of hidden layer units of the neural 
network obtained in the above steps as corresponding pa-
rameters to predict the result. 

Chromosomes used in this paper are encoded as binary 
bits, representing the size of the time window and the num-
ber of LSTM neural units. The initial population is ran-
domly generated, initialized randomly using the Bernoulli 
distribution. Evaluation based on fitness function and selec-
tion, followed by crossover and mutation, using ordered 
crossover, random mutation, and wheel selection. This pro-
cess is repeated for a defined number of iterations. Finally, 
a solution with the highest fitness score is selected as the 
best solution. The fitness function is an important part of 
the genetic algorithm and must be chosen carefully. In this 
paper we use RMSE (root mean square error) to calculate 
the fitness of each chromosome, and return the smallest 
RMSE subset as the optimal solution to obtain the optimal 
window width and number of cells. 

  

V. SIMULATION EXPERIMENTS 

The performance of the LSTM-GA caching strategy un-
der the "end-edge-cloud" system collaborative architecture 
is evaluated by comparing it with other caching strategies 
such as UPP [9], QLC [11], and CSC [12]. Various perfor-
mance indicators such as hit rate, transmission delay, 
throughput, and packet loss rate are compared and analyzed 
to assess the effectiveness of the LSTM-GA caching strategy. 

 
5.1. Simulation Environment 

In the simulation experiment, the input video data mainly 
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includes video ID, video name, video size and popularity. 
User data mainly includes user ID, location information, 
number of connected edge computing servers, distance 
moved within a time slice, user preference set, total popu-
larity, popularity fluctuation parameters, and target edge 
computing server location. The primary information stored 
on the edge computing server comprises the quantity of 
base stations, the range of each base station, the number of 
users connected to each base station, and the cache queue. 

The genetic algorithm evaluates individuals in each iter-
ation using a fitness function. Individuals with higher fit-
ness scores are considered better solutions, and they are 
more likely to be selected for reproduction. The traits of 
these individuals are then manifested in the next generation, 
improving the overall quality of the solution. As the genetic 
algorithm progresses, the quality of the solution will im-
prove and the fitness will increase. This paper mainly eval-
uates the influence of the number of iterations of the GA 
algorithm on the experimental results. The experimental re-
sults are shown below. The hit ratio of resource requests is 
evaluated first, followed by the throughput of the system. 
The experimental results are shown below. The hit ratio of 
resource requests is evaluated first, followed by the 
throughput of the system.  

 
5.2. Result Analysis 

The hit rate measures the proportion of successful re-
sponses to video resource requests at the edge computing 
cache server (or neighboring servers) compared to the total 
number of requests. Fig. 2 presents the hit rate results for 
the caching strategy proposed in this paper and three other 
strategies (UPP [9], QLC [11], and CSC [12]) under differ-
ent iteration times. 

Based on the results depicted in Fig. 2, the hit rate of the 
proposed LSTM-GA strategy is initially slightly inferior to 
that of the other strategies. This is mainly due to the lack of 
adequate historical trajectory information of the end user at 
the start of the iteration, which causes a deviation in the tar-
get MEC server that the user moves. Nonetheless, with an 

increase in the number of iterations, the system’s collection 
of user terminal trajectory data improves, leading to more 
accurate prediction results and an increase in the hit rate. 
Overall, it can be observed that the proposed strategy out-
performs the other three strategies in terms of hit rate as the 
number of iterations increases. 

The primary meaning of transmission delay in this con-
text is the overall time taken from when a request is sent to 
when the user end receives a response. The smaller the 
transmission delay, the better the system cache policy per-
formance and the higher the user experience quality. Fig. 3 
shows the comparison results of the transmission delay per-
formance between the proposed strategy and the above 
three strategies under different iteration times. The simula-
tion results indicate that the LSTM-SA approach suggested 
in this paper exhibits superior performance concerning the 
total transmission delay, particularly as the number of iter-
ations increases. 
 

VI. CONCLUSIONS 

Ideological and political education conducted online re-
moves the constraints of time and location on ideological 
and political learning, providing a new approach for this 
form of education. This is particularly meaningful for col-
lege students’ ideological and political education. Focusing 
on video caching strategy as its core, this study investigates 
the caching strategy for ideological and political courses in 
edge computing under the "device-edge-cloud" collabora-
tive architecture. Accordingly, a caching strategy based on 
the long-short-term memory network and genetic algorithm 
is proposed in this paper, which reduces transmission delay 
and optimizes user experience quality by predicting the best 
caching location for video content. Simulation experiments 
show that the proposed LSTM-GA caching strategy has 
higher hit rate and throughput than other caching strategies, 
and effectively improves the quality of user experience. 
Undeniably, this paper also exists two aspects of limitations. 
On one hand, this paper lacks of the large-scale data collec- 

 

Fig. 3. Experimental results on transmission delay over the num-
ber of iterations. 

 
  

Fig. 2. Experimental results on hit rate over the number of itera-
tions. 



Journal of Multimedia Information System VOL. 10, NO. 2, June 2023 (pp. 137-144): ISSN 2383-7632 (Online) 
https://doi.org/10.33851/JMIS.2023.10.2.137 

143           

 

tion on ideological and political opinions, which causes that 
the evolutionary intelligent method based on GA has no bet-
ter stability. On the other hand, the task scheduling in the 
edge computing has not been considered, which reduces the 
efficiency of edge computing. In future, the mentioned lim-
itations will be addressed. 
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