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ABSTRACT 
In today's era, the transformative power of computing is highlighted, and computational thinking has 
become the core literacy and essential ability of learners, while computer education is an effective 
carrier for cultivating computational thinking. The article firstly researches the theory related to 
collaborative filtering and generative adversarial recommender system. Then it combines SeqGAN 
with traditional CF algorithms, proposes to use sequence generative adversarial network for missing 
data prediction, and makes appropriate improvements to SeqGAN to make it suitable for generating 
scoring data, and then further designs a computer teaching system based on this model. The article 
launches performance testing experiments on Ali's real dataset UserBehavior, and conducts 
experiments on the effect of computer education with the students of computer application major in 
a secondary school as the research object. The results of the study show that in the comparative 
analysis of the pre-test and post-test of computational thinking of the experimental class, the mean of 
the total score of computational thinking of the experimental class in the pre-test and post-test is 71.17 
and 78.35, respectively, and the post-test is more than 7 points higher than the pre-test. It can be 
concluded that the teaching model of multilevel computational modeling designed in this paper 
promotes the development of students' computational thinking and academic performance, improves 
students' learning attitudes, and increases classroom participation. 

Keywords: generative adversarial networks, SeqGAN, CF algorithm, multilevel computational model, 
computer education 
 

1. Introduction 

The rapid development of computer technology is changing our lifestyle and career needs. In this 
digital age, computer education is not only a basic requirement, but also becomes the key to career 
and future employment [1-2]. How to improve the quality and effectiveness of computer education in 
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colleges and universities has become a pressing issue. 
Artificial intelligence is no longer a future science fiction, it has become a powerful assistant in our 

education field [3]. Through personalized learning, intelligent teaching and data analysis, AI can 
provide students with a more challenging and specifically tailored learning experience [4-5]. As the 
global technological revolution continues to evolve, computer technology has profoundly changed the 
way we live and work. As educators in the new era, we need to keep innovating to meet the needs of 
students and provide them with the best educational experience [6-7]. Especially for computer 
education in colleges and universities, it has become an urgent task to better train students with 
computer skills [8]. 

Artificial intelligence is no longer just a concept in science fiction or movies; it has been deeply 
integrated into our daily life, especially in the field of education. Through personalized learning, data 
analytics, and intelligent teaching, AI can provide students with a more challenging and highly 
customized learning experience, thus increasing their competitiveness in the computing field [9-11]. 
In the traditional education model, students are usually forced to learn at the same pace and in the 
same way. However, each student learns in a unique way and at a unique pace. Artificial intelligence 
can provide personalized learning paths by analyzing students' learning styles, needs, and progress 
[12-13]. This means that students who grasp knowledge quickly can move forward faster, while 
students who are confused about certain concepts can receive additional support. This customized 
approach helps students to better understand and master computer skills while increasing their self-
confidence [14-15]. 

Artificial intelligence can also help educators better understand students' needs and performance 
through data analytics, and by monitoring students' academic performance and study habits, AI can 
provide educators with valuable insights that can help them adjust their teaching methods to meet 
students' needs [16-17]. Such accurate predictions can help reduce students' academic frustration and 
improve their academic achievement. Artificial intelligence technologies are not meant to replace 
teachers, but to give them new roles. Teachers can act as tutors and mentors of learning, guiding 
students to explore the world of computer science more deeply [18-20]. Teachers can also utilize AI 
data to better understand their students' needs and provide them with more targeted support. This 
intelligent approach to teaching and learning will make education more interactive and engaging, 
helping to stimulate student interest and creativity [21-22]. 

In the broad arena of computer education, the integration of intelligent educational technologies 
not only crosses the boundaries of traditional teaching, but also tailors a more personalized, efficient 
and interactive learning experience for students, which greatly accelerates the pace of education 
modernization [23-24]. By applying AI technology more widely, we can provide better education and 
produce more students with computer skills, laying a solid foundation for their careers. However, we 
also need to recognize the limitations of AI technology and continue to explore and innovate in order 
to realize its full potential [25-27]. Only in this way can we better meet the challenges of the digital age 
and pave the way for our students' future. 

Literature [28] systematically reviewed the research literature related to the game education model 
in computer education practice, pointing out that these research methods have shortcomings such as 
high subjectivity and small samples, and arguing that a more scientifically rigorous approach is needed 
for assessment and research. Literature [29] searched journal articles on computer education and 
found that the research themes developed as popularization of computer education, independent 
multimedia learning, network computer collaborative learning and online and learning in the digital 
age, which provided a reference to the development of the theme vein for the research on the related 
themes. Literature [30] conducted a pedagogical experiment to evaluate the performance of mobiledu 
in the computer education classroom, and found that mobiledu stimulated students' computer 
learning potential and corrected students' interest in computer system design learning. Literature [31] 
describes the Lab4CE computer distance learning laboratory that provides a practical platform for 
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students' computer learning and positively contributes to students' computer performance. Literature 
[32] summarizes the research on educational technology, which mainly contains computer-assisted 
instruction based on communication technology (ICT) and computer technology-based (CAI) assisted 
instruction, and in general, educational technology has played a positive role to a certain extent. 
Literature [33] developed an educational framework adapted to higher degree programs with 
computing and provided an international tool to describe the learning of computer competencies, 
which helps to build a good learning environment for computer courses. The above studies have 
explored the current status and development of computer education in depth from the dimensions of 
computer education development, computer teaching tools, educational technology empowering 
computer teaching and learning as well as the design of teaching and learning frameworks, but there 
are fewer studies that deal with intelligent education. 

On the other hand, AI technology is commonly used in education, and the research around AI 
technology in education practice is mainly investigative, with the main goal of exploring the value, 
advantages and shortcomings of AI technology in education. Literature [34], in a study on the 
application of OpenAI ChatGPT's language generation model in the field of education, learned that the 
majority of users have a positive attitude towards AI technology in education, and pointed out that it 
is possible to mitigate the bad usage of the technology based on clear policies and guidelines, and to 
guide it to be used in education in a scientific, rational and legal way. Literature [35] combined with 
library literature research, pointed out that AI technology has been commonly used in education, the 
main forms of expression are, virtual tutors, voice teaching assistants, teaching translation and 
personalized learning, etc., and believed that the emergence of AI technology has effectively alleviated 
and shared the heavy learning tasks and pressure of teachers. Literature [36] is based on empirical 
investigation methods to discover the deficiencies of AI in educational practice, and to improve the 
framework of the use of AI technology in educational applications around the three aspects of teaching, 
governance and practical operation. Literature [37] describes the positive role played by AI technology 
in education, including assisting teaching and broadening teaching content and thinking, and points 
out that AI technology will replace non-teaching positions to a certain extent. Literature [38] delves 
into the value potential of the introduction of AI technology into education, basing its in-depth analysis 
on existing research on educational models of AI technology, and provides theoretical references for 
understanding how AI technology can reshape education. 

The article first introduces the gaming idea and realization principle based on collaborative filtering 
and generative adversarial network GAN. Then it combines SeqGAN with traditional CF algorithms to 
use SeqGAN for missing data prediction, which predicts more realistic learner behavioral preference 
data based on the time-series relationship of users' historical behavioral data, so as to fill in the scoring 
data. After completing the model establishment, the system architecture as well as the system 
functions are determined, and the system application design and implementation are completed 
according to the requirements, and a series of model performance checking experiments are carried 
out on the real dataset UserBehavior. Finally, an empirical study is carried out with the students of 
computer application major in a secondary school in a province as the research object, and relevant 
data are collected in teaching practice to verify the application effect of the computer model proposed 
in this paper in computer education in terms of computational thinking measurements, academic 
achievement tests, problem exploration records, classroom observation records, and interviews and 
analyses. 

2. Computerized teaching system based on generative AI multilevel 
computational modeling 

2.1. Collaborative Filtering and Generative Adversarial Networks 

2.1.1. Collaborative Filtering Recommendation Algorithms: 
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1) Content-based recommendation. The core idea of content-based recommendation strategy: based 
on the characteristics of the user's historically preferred item content, recommend items similar to the 
user's preferred items. Two key issues are as follows: ϐirst, how to represent the user's preference? 
Second, how to represent the characteristics of the items to be predicted? First the user's preference 
is characterized by the user's implicit feedback or explicit feedback. Then the content features of the 
items to be predicted are computed. Finally, the features of user preferences and the features of the 
items to be predicted are matched for similarity, and after matching, they are sorted for 
recommendation. 

2) Collaborative Filtering Recommendation. The core idea of collaborative ϐiltering: given a target user 
A, based on the ratings of A on the project and the historical ratings of all users except A on the project, 
ϐind the set of users B with higher similarity to A. Because user A may like the same project as set B, 
recommend the project that user A likes to B. Assuming that there are m  user and i items, a co-
scoring matrix of *m n  is formed M . Where ijM  represents the scoring of item j  by user i, and 

if ijM  is null (missing value), it means that user i has not scored item j  [39]. 

A. Memory-Based Collaborative Filtering 
The most commonly used in memory-based collaborative filtering is the nearest neighbor approach. 

The main process of the nearest neighbor technique: first, a number of nearest neighbor users of the 
target user are obtained based on the similarity of user ratings. Then, the ratings of the predicted items 
are weighted and counted based on the ratings of the nearest neighbor users. Finally, the final ratings 
of the predicted items are obtained and ranked for recommendation. Memory-based collaborative 
filtering includes user-based collaborative filtering and item-based collaborative filtering. In both 
user-based and item-based collaborative filtering, calculating the similarity occupies a very important 
position. The commonly used methods for calculating similarity are as follows: euclidean distance, 
cosine similarity, Pearson's correlation coefficient and Jaccard's similarity coefficient. 

Euclidean distance. It is an alias of Euclidean distance and refers to the straight line distance 
between two points in space. It can be used to calculate the absolute distance between user i’s rating 
vector iu  and user j ’s rating vector ju  in a n -dimensional vector space. The Euclidean distance 

( , )i jd u u  is shown in equation (1). 

 2d( , ) ( ) [0, )i j i ju u x x     
 (1) 

The normalized Euclidean distance, as shown in equation (2) below. 
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Pearson's correlation coefficient. It is mainly used to measure the degree of linear correlation 
between variable Y and variable X. The range of this coefficient is [-1, 1]. Less than 0 represents 
negative correlation, more than 0 represents positive correlation, and equal to 0 is not correlated. The 
specific formula is shown in equation (3). 
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Cosine Similarity. Cosine similarity, which also becomes cosine similarity, is evaluated between two 
vectors by calculating the cosine of the angle between them. The exact formula is shown in equation 
(4). 
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Jaccard similarity coefficient. The ratio of the number of elements of the intersection of two sets C 
(the set of items rated by user i) and D (the set of items rated by user j ) in the concatenation of C 
and D is known as the Jaccard coefficient of the two sets, and the Jaccard similarity coefficient is a 
measure of similarity between the two sets. The specific formula is shown in equation (5). 
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


 (5) 

where ( )S i  denotes the set of items rated by user i and ( )S j  denotes the set of items rated by user 
j . 

B. Model-based collaborative filtering 
Model-based collaborative filtering mainly uses algorithms such as machine learning or data mining 

to build a model, train the model using data from users and items, and use the trained model to predict 
the ratings of items by target users. The main models include Bayesian model, matrix decomposition, 
clustering model and so on. 

(1) Matrix decomposition. Among model-based collaborative ϐiltering, matrix decomposition is the 
most popular. Suppose there are m users and n items. The matrix decomposition can be used to learn 
the potential vector M  of m users and the potential vector N  of n items to obtain the rating matrix 

( * )TR R M N  . The principle of matrix decomposition is shown in Fig. 1, which maps the original 

rating matrix R  into the inner product of the transpose of two matrices M  and N  of dimension 
f  in the hidden space. Each user u  can be represented using vector f

um R  and each item i can 

be represented using vector f
in R . For the target user u , to predict the rating ûir  of item i by 

user u , it is shown in equation (6). 

 ˆ T
ui u ir m n  (6) 

From Eq. (6), it is key to get the vectors for each user and item. The user's predicted rating for the 
item can be obtained by calculating the inner product of the user vector and the item vector. 
Regularization is often done to prevent overfitting from arising. The specific formula for the matrix 
decomposition loss function is shown in (7). 

 
2 2 2

,

ˆ( ) (|| || )|| ||ui ui u i
u i R

L r r m n


     (7) 

In equation (7), uir  is the true rating of item i by user u , ûir  is the predicted rating of item i by 

user u ,   is the regularization penalty coefficient, and 2‖‖  is the second paradigm. 
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Fig. 1. Schematic diagram of matrix decomposition 

(2) Bayesian Modeling. A Bayesian model is represented using a directed acyclic graph ( , , )D B  . D 
represents the set of vertices of an acyclic graph. B represents the set of edges of an acyclic graph, and 
an edge can connect two vertices.   then represents a table of conditional probabilities, where each 
element of the table represents the probability that two vertices are connected. The conditional 
probability is the probability that event A occurs when random event B occurs ( | )P A B  . Bayes' 
theorem, on the other hand, is a theorem about the conditional probability of random event A and 
random event B, as shown in equation (8). 

 
( )

( | )
( )

P AB
P A B

P B
  (8) 

(3) Clustering models. The clustering model performs clustering based on similarity, which can be 
measured using the Perkovsky running distance. For example, given two data points, 

1 2 3( , , ,..., )nX x x x x  and 1 2 3( , , ,..., )nY y y y y , the Minkowski distances for X  and Y  are shown in 
equation (9). 
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2.1.2. Generating an Adversarial Network GAN. GAN is a generative adversarial network that 
estimates generative models through an adversarial process.The framework structure of GAN is 
illustrated in Fig. 2. As seen in the ϐigure, GAN trains two models simultaneously. The generator G is 
used to capture the probability distribution of the data and the discriminator D is used to discriminate 
whether the samples come from the training data or the data generated by the generator, where G and 
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D are ordinary deep neural network models [40]. GAN is based on the very large and very small game 
rather than optimization problem, which has a value function as shown in Eq. (10). 

 ~ ( ) ~ ( )( , ) [log ( )] [log(1 ( ( )))]
data zG x p x z p zmin maxV D G E D x E D G z    (10) 

where ( )zp z  is an a priori noise and ( )D x  denotes the probability that x  is from the real data and 
not from G. The training process is as follows. Train D to maximize the correct recognition of the real 
samples as positive samples and the recognition of the generated samples as negative samples, and 
train G to minimize log(1 ( ( )))D G z . The process of adversarial training is as follows, first train D, take 
a batch of real samples and a batch of hidden variables, the hidden variables are used as inputs to the 
generation of G to get the generated samples, and at this time, keep G's network parameters unchanged, 
and update D's network parameters. After that train G, also take a batch of hidden variables through G 
to get the generated samples, at this time keep the network parameters of D unchanged and update 
the network parameters of G. 
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Fig. 2. Structure of the generated adversarial network 

2.2. Collaborative Filtering Recommendation Model Based on SeqGAN 

2.2.1. Model structure. The model ϐirst processes the dataset into a labeled score vector dataset with 
time series according to the data processing method. The model structure is shown in Fig. 3. The 
Generator part of the ϐigure is the generator model of SeqGAN, in this paper, LSTM is chosen as the 
generator of the model, the generator generates the fake label rating sequence 1 2, , , tY y y y    by 

random noise z, where ty  represents the rating vector of the user at the moment t. The ϐigure shows 

the speciϐic training adversarial process of the model, which passes the fake label scoring sequence Y  
generated by the generator and the real user label vector sequence 1 2, , , tX x x x    into the 

discriminator, and the discriminator outputs the probability values of the real scoring sequence X  
and Y  respectively, p  if the real scoring sequence X  is identiϐied as the real scoring sequence, 

and p   if the scoring sequence Y   generated by the generator is identiϐied as the real scoring 

sequence. The probability value p   is then used as a reward to guide the generator to send 
generation updates, prompting the generator to generate more realistic user-rated sequences of labels 
as much as possible. The discriminator ends training and saves the model when it cannot distinguish 
whether the rating sequence Y  generated by the generator is a generated sequence or a real rating 
sequence, i.e., 0.5p  . 
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Fig. 3. Model structure 

2.2.2. Model Generator. The long and short-term memory network LSTM has a better effect on 
temporal data processing, and it can use the user's historical labeled rating data to uncover the user's 
behavioral preference, so as to predict the new labeled rating data, so this paper adopts the long and 
short-term memory network as the generator of SeqGAN G  (  is the parameter) [41]. leakyrelu 
function not only accelerates the convergence speed, and solves the gradient vanishing problem, it can 
also provide a good control of the information written into the input gate, so that the user's temporal 
static preference and dynamic preference can be processed at the same time, so in this paper, we use 
the leakyrelu activation function in the input gate ( ti ) of the long and short-term memory network. 

In order to avoid the generator's overdependence on the original data and the problem of model 
overfitting, random noise z is used to replace the real rating sequence input to the generator, and this 
method enables the generator to predict more realistic user preference data. 

As shown in Eq. The LSTM begins its training by first generating an initial hidden state 1
gh  through 

random noise z. Where ty  is a sequence of generated scoring vectors, the specific generation process 

is shown in Eq. Generator 1 2{ , , , }TG y y y   . 

 1( , )g
t i t t ii RELU W h y b      (11) 

 1 0( , )g gh LSTM z h  (12) 

 1( , )g g
t t th LSTM y h   (13) 

 g
t ty W h b    (14) 

2.2.3. Model discriminator. The gated recurrent unit GRU has achieved better results in text 
categorization tasks, so in this paper, GRU is chosen as the discriminator D  (  is a parameter) to 

assist the training of the generator G . 1:( )TD Y  represents the probability that the generated rating 

sequence 1: 1 2{ , , , }T TY y y y    may be a true rating sequence. The rating sequence generated by 

generator G  is used as a negative example and the real labeled rating sequence is used as a positive 

example to train the discriminator model D  for discrimination. 
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As shown in Eq. The discriminator ultimately uses a sigmoid function to evaluate the probability 
that each node in the generated scoring sequence may be a real scoring data, and accumulates the 
value of this estimated probability, and finally takes its average value as the probability that the 
sequence may be a real scoring sequence, as shown in Eq. 

 1( , )d d
t t th GRU y h   (15) 

 1 2 1( , , , ) ( )d
t tp y y y Wh b    (16) 

 1:
1

1
( ) ( )

t

T i
i

D Y p y
T



   (17) 

2.2.4. Strategy Gradient. In order to better assist the model generation against training, the learning 
process of the action value function 

0
( , )G

DQ s a   is carried out through a reinforcement learning 

algorithm with the expression shown in Eq. (18), where 
0
( , )C

DQ s a  denotes the expected reward that 

can be obtained after taking the action a  starting from the state s . Using the discriminator D  as 

the reward function, the estimated probability value of D  is regarded as the actual reward obtained 

and dynamically updated iteratively D   while guiding the training of the generator for further 

optimization of the generator. 

 1: 1 1:( , ) ( )G
D T T TQ a y s Y D Y

      (18) 

Once the obtained scoring sequences are more realistic, the model will be re-trained on the 
discriminator with the model description shown in Equation (19). 

 ~ ~min ( [lg ( )] [lg(1 ( ))])
dataX p Y GE D X E D Y

      (19) 

The objective of the generator G  is to generate a sequence of label scores based on the starting 

state 0s   and maximize its expected final reward as much as possible, with the objective function 

( )J   shown in equation (20). 

 
1

0 1 0 0 1( ) [ | , ] ( | ) ( , )G
T D

y y

J E R s G y s Q s y
 


  

ò
 (20) 

where TR  denotes the reward after generating the complete sequence of ratings. 

During adversarial training of the model, the generator is updated each time a new discriminator is 
obtained. The optimization approach of the model is based on the strategy gradient, which relies on 
maximizing the long-term reward. Then the gradient is solved for the objective function ( )J    as 
shown in equation (21). 
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

 
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 (21) 

where ty  is the sequence of ratings generated by G . The expectation E can be approximated by 
sampling and then updating the parameters of the generator as shown in Eq. (22). 

 ( )h J      (22) 

In the above equation, the optimization algorithm with adaptive learning rate such as Adam and 
RMSprop is used, h  denotes the learning rate in step h , and h R  . 
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2.3. Computerized teaching system design 

2.3.1. System architecture. This system is a B/S framework, mainly using the MVC model to decouple 
the system modules.B/S is also known as the web page display mode, also known as the 
browser/server, because the use of the browser can be directly carried out in the system's knowledge 
of the recommendation, the server is working in the back-end. This structure accesses the network 
through the browser and then communicates directly with the user. The main features are: simple 
operation, no additional consideration of the application, you only need to enter the access address in 
the browser, and then you can log in to access, high maintainability, the client as well as the system 
does not need to make changes, only need to be upgraded at the server. 

B/S structure is the integration of the browser, server and database, so it is a kind of network 
architecture, which divides the work in business processing, and provides support for system 
operation [42]. B/S structure is also based on the development of the C/S structure, which 
complements and improves the former, and improves the efficiency of the work of the client and the 
server, and also improves the quality of the system, so it has good applications. B/S structure is also 
developed based on C/S structure, which complements the former and improves the quality of the 
system while improving the efficiency of the clients and servers. 

MVC is an acronym for Model, View and Controller. Typically, we can divide the J2EE web application 
structure into three independent and related layers, namely the model, view and controller, each of 
which accomplishes a relatively fixed function in the application. The model layer is the functional 
layer used for data processing in the J2EE web application structure, and the main operational 
functions involve database access and control. The view layer is used in the J2EE web application 
structure to present the data obtained from the model layer in HTML, CSS and JavaScript. Control layer 
is a J2EE WEB application used to handle the user's business logic page flow and permission control 
and other functions, mainly to achieve the function of the system to respond to the user's request for 
operation, the control process of this business logic, the data used in the database, through the call 
interface to achieve the call process on the model layer, and then the model layer to return to the data 
processing in a certain form to display to the user to view and conduct the subsequent operations. It 
can be seen that the WEB application through the hierarchical division of the architecture, can be 
better to make the class to maintain independence, and make the different functions of the class call 
each other more flexible, and at the same time can provide class reuse, so that the general function of 
the operation of the WEB application code is more easy to extend and reuse. 

Based on the system functionality, the system is divided into data layer, algorithm layer, business 
layer, and interaction layer. The model is actually located in the algorithm layer, which obtains data 
from the database and processes the data according to the business logic. Views are located in the 
interaction layer and mainly present data to the user. The controller sits between the interaction layer 
and the business layer and handles user inputs and interactions. 

Data Tier: The main task of the data tier is to store data, using the relational database management 
system MySQL and the distributed file storage system HDFS. Among them, MySQL has the following 
advantages: first, performance and efficient service stability. Second, MySQL software is small in 
memory, easy to install and maintain, and low cost. Third, the MySQL community has active users. 
HDFS has the following advantages: first, high fault tolerance, data can be saved in multiple copies, 
once the copy is lost, repair can be automatically realized. Second, it is suitable for big data processing, 
and it can handle GB, TB and PB level data in terms of data size. Third, the use of streaming data access, 
write once, read many times, can ensure data consistency. Fourth, it can be built on inexpensive 
machines with high reliability and scalability, supporting the expansion of more than 10k nodes. 

Algorithm layer: collaborative filtering recommendation algorithm based on SeqGAN. 
Business layer: the development of the business layer is realized by using relevant software 

development techniques. 
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User layer: the user layer mainly consists of two kinds of users, ordinary users and administrators. 

2.3.2. System functions. The recommendation system provides users with rich functions, which are 
mainly divided into four modules: database storage module, index construction module, user query 
module, and computer teaching knowledge recommendation module. 

1) Database storage module: it is responsible for storing the basic data information of the paper as 
well as the topic information and keyword information obtained through model training, and the data 
storage module stores the data obtained after the preprocessing operation on the dataset into the 
database. The database storage module stores the relevant contents in the dataset and provides thesis 
retrieval support for the index building module. 

2) Index construction module: taking the relevant content of the database storage module as input, 
the computer teaching knowledge stored in the database is indexed and constructed using the Lucene 
search engine tool. 

3) User Retrieval Module: this module mainly provides users with the function of searching papers. 
In addition, the thesis retrieval module also serves the recommendation module, filtering the thesis 
according to the user-selected fields, keywords and other information, generating a candidate set of 
thesis for the user, and the recommendation algorithm finally selects the thesis from the candidate set. 

4) Paper Recommendation Module: The paper selected by the user is used as the input text for the 
recommendation algorithm, and the recommendation model training module mainly uses the model 
in this paper and the traditional model, and calculates the recommendation list for each user by 
utilizing the user's history record and the paper's text information. Taking the text summary input by 
the user as input and the title as output of the text summary, the model is trained to complement the 
user's rating matrix of the paper, and finally the Top K-rated recommendation candidate list is 
generated for each user by the Maximum Heap Sorting algorithm. The paper pushing process is shown 
in Fig. 4. 

Backstage
Recommendation 

algorithm
User 

mailbox

Paper pageUser - Paper form

User-paper 
interaction 
information

Recommended 
paper

User 
information

User behavior 
information

 

Fig. 4. Paper push process 

3. Experiments and analysis of results 

3.1. Model performance test 

3.1.1. Experimental setup. In this paper, we select the UserBehavior dataset provided by Alibaba, 
which is organized similarly to MovieLens-20M. By comparing the experiments, this study can better 
go to discuss whether the GAN-based behavioral path recommendation algorithm can effectively solve 
the data sparsity problem of the collaborative ϐiltering algorithm, and also more fully discover the 
advantages and disadvantages of the algorithm in the recommendation evaluation index, which is of 
great signiϐicance to draw experimental conclusions as well as to get the shortcomings in the design. 
The abbreviations of each algorithm against the display page are shown in Table 1. 

Table 1. Each algorithm is a short name for the display page 

Numbering Algorithm For short 
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Method 1 Collaborative filtering recommendation algorithm Item-CF 

Method 2 A collaborative filtering recommendation algorithm based on the knowledge map BR-CF 

Method 3 
Using the behavior path of the generated data to filter the recommendation 

algorithm 
SeqGAN1 

Method 4 
Based on GAN's behavioral path collaborative filtering recommendation 

algorithm 
SeqGAN2 

Method 5 The hybrid recommendation algorithm for Item-CF and BR-CF Mix1 

Method 6 The hybrid recommendation algorithm for Item-CF and GAN CF Mix2 

Method 7 The hybrid recommendation algorithm for Item-CF and GAN_BR CF Mix3 

Method 8 The cascade recommendation algorithm for Item-CF and BR_CF Combine 

Method 9 The cascade recommendation algorithm for Item-CF and GAN CF Combine1 

Method 10 The cascade recommendation algorithm for Item-CF and GAN_BR_CF Combine2 

Method 11 A layered collaborative filtering recommendation based on Spark SH-CF 

Method 12 A recommendation algorithm based on pheromones Pheromone-based 

3.1.2. Experimental data statistics. The classiϐication of behavioral paths in the system of this paper 
is shown in Table 2, and 2532 behavioral paths are created based on 20069 behavioral data (from 193 
users) in the experiment, and 2622 pseudo-user behavioral paths are generated by using SeqGAN to 
learn these 2532 behavioral paths. At the same time, according to the deϐinition of behavior path 
categories, these pseudo-user behavior paths are classiϐied, and ϐinally 1825 "PV" dimensions are 
obtained, of which 163 are in the "FAV" dimension, 382 are in the "CART" dimension, and 252 are in 
the "Buy" dimension. 

Table 2. The behavior path classiϐication in this article system 

Data type Classification Quantity/piece 

Real data 

Behavioral data 20069 

Behavior path 2532 

User 193 

Generated pseudo-data 

Dimension of “pv” 1825 

Dimension of “fav” 163 

Dimension of “cart” 382 

Dimension of “buy” 252 

total 2622 

3.1.3. Analysis of the number of referrals. Due to the existence of data sparsity, i.e., when there is no 
behavioral path category with lower priority in the data, or when there is not enough user data to form 
a behavioral path, both Algorithm 1 and Algorithm 2 are unable to make a recommendation in this 
dimension. Therefore, before evaluating the recommendation using accuracy and coverage, the 
statistics of the number of people who can be recommended for Methods 1 through 7 are ϐirst 
performed, and the statistics of the number of people who can be recommended are shown in Table 3. 
In all subsequent graphs and tables 1d   dimensions represent the fav dimension, 2d   dimensions 
represent the cart dimension, and 3d  dimensions represent the buy dimension. As can be seen from 
the table, in dimension 1 and dimension 2, method 4 in method 1 to method 4 can recommend the 
largest number of people, and method 7 in method 5 to method 7 can recommend the largest number 
of people, which can be seen that whether it is in the recommendation algorithm 2 or in the hybrid 
recommendation algorithm 5, the inclusion of SeqGAN can reduce the recommendation of the case of 
the empty, and improve the diversity of the recommendation. 

Table 3. The number of people who can recommend the number of people statistics 
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Algorithm 

The number of people 

recommended in the 1d  

dimension 

The number of people 

recommended in the 2d  

dimension 

The number of people 

recommended in the 3d  

dimension 

Method 1 25 86 25 

Method 2 20 72 29 

Method 3 22 75 19 

Method 4 51 95 20 

Method 5 42 125 55 

Method 6 46 120 50 

Method 7 53 131 40 

3.1.4. Recommended coverage analysis. The recommended coverage of methods 2-4 is shown in 
Figure 5, where the area of method 4 covers method 2 and method 3, i.e., the coverage of method 4 is 
consistently better than that of method 2 and method 3 in three dimensions. In fact, in dimension 1, 
the coverage of method 2 is 0.15% while that of method 4 is 1.5%, a full order of magnitude 
improvement. This indicates that Method 4 has better ability to uncover the long tail of items than 
Method 2. Method 3 is a recommendation after using SeqGAN generated data to cover real data, and 
the difference between its coverage area and the area of recommendation using real data is not large, 
which on the one hand indicates that the quality of the generated data is not weaker than that of the 
real data, and on the other hand, it also indicates that it is not that the quality of the generated data is 
high enough to cause the GAN-based behavioral path collaborative ϐiltering algorithm to excel in the 
recommendation coverage rate, but that the use of SeqGAN can effectively alleviate the algorithm 
performance improvement caused by the data sparsity problem. 

 

Fig. 5. Method 2-4 recommendation coverage 

3.1.5. Comparison of average accuracy: 
1) A comparison of the average recommendation accuracy is shown in Fig. 6, where the average 
accuracy of Method 4 is lower than that of Method 2 and Method 3 in all dimensions, which is 
completely opposite to Method 4's performance in terms of coverage discussed above, and the study 
concludes that this is a negative result due to the fact that Method 4 is populated with sparse data. To 
further validate the above conclusion, this study collects and organizes the shortest distance data 
computed by Methods 2, 3, and 4 during the recommendation process, and the recommended average 
shortest distances are shown in Table 4. 

Since SeqGAN is the learning of the entire collection of behavioral paths, the behavioral paths it 
generates are more universal, making the shortest distance calculated by Method 3 in making 
recommendations smaller compared to Method 2, which uses real data, i.e., the behavioral similarities 
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are more similar on the whole. And after using SeqGAN to populate the sparse data in the original data, 
the average shortest distances of each dimension when making recommendations are larger than the 
average shortest distances of both recommending using only real data and recommending using only 
SeqGAN-generated data, which, as discussed earlier, is mainly due to the fact that many of the sparse 
data that could not be recommended originally are populated by the generated data, although they can 
be recommended, but since the the supplemented data is generalized but not user-specific, resulting 
in large shortest distances for recommendations. This also coincides to some extent with the 
conclusion that the recommendation accuracy may decrease after filling sparse data, as a cost of 
solving data sparsity. 

2) Although the average accuracy of method 4 is worse in the figure, it is found that method 7 is 
optimal in both dimension 1 and dimension 2. Taking the effective number to 3 decimal places, the 
average accuracy of method 7 is 89.3%, 90.1%, and 73.5% in the three dimensions, while the average 
accuracy of method 5 is 81.2%, 86.3%, and 72.5% in the three dimensions, and method 7 improves by 
8.1%, 3.8%, and 1% in the three dimensions, respectively. In fact, when the recommendation accuracy 
of 0 is included, the average correctness of method 7 on the 3 dimensions is 76.5%, 79.2% and 27.3%, 
while at this time the average correctness of method 5 on the dimensions is 55.8%, 66.9% and 32.5%, 
and method 7 improves over method 5 by 20.7% on dimension 1 and by 12.3% on dimension 2. The 
results of this study illustrate that the recommendation performance of the hybrid recommendation 
algorithm is improved by using SeqGAN to alleviate the data sparsity problem, and the hybrid 
recommendation can also well minimize the negative impact caused by populating sparse data. 

3) As shown in the figure, among all the methods, method 7 has the best performance in dimension 
1 and dimension 2, and the performance in dimension 3 is relatively not bad, which indicates that the 
recommendation performance of the hybrid recommendation algorithm of item collaborative filtering 
and GAN-based behavioral path collaborative filtering proposed in this paper is very excellent, and 
verifies that the GAN-based behavioral path collaborative filtering recommendation algorithm 
proposed in this paper is effective. The method proposed in this paper has guiding significance and 
research value for using GAN to improve the recommendation performance of the recommendation 
system. 

 

Fig. 6. Comparison of average recommendation accuracy 

Table 4. Recommended average shortest distance 

Algorithm 
The shortest distance of the 1d  

dimension 

The shortest distance of the 2d  

dimension 

The shortest distance of the 3d  

dimension 

Method 2 5.96 9.63 9.3 

Method 3 4.75 8.65 8.32 
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Method 4 9.85 15.62 9.82 

 
4) Although it is important to compare the average accuracy in each dimension, the overall 

performance of the system can not only look at the performance of each dimension, but also need to 
compare the performance of the algorithms from a macro point of view. The average accuracy of each 
dimension is shown in Figure 7. From the content of the figure, it can be seen that the sum of the 
average accuracy of each dimension, i.e., the comprehensive performance of the algorithms is 
significantly better than a series of comparison algorithms.The Mix1 method and the Mix2 method are 
comparable in their comprehensive performance, and the Combine method and the Combine1 method 
are basically the same in their comprehensive performance, which verifies the validity of the data 
generated using SeqGAN. At the same time, the Mix3 method performs better than Mix1 and Mix2, and 
the Combine2 method performs better than Combine and Combine1, which also verifies the 
effectiveness of using Seq-GAN to generate data to fill the real data, and solving the problem of data 
sparsity can really improve the comprehensive performance of the algorithm effectively. And 
comparing all the algorithms, it can be found that the comprehensive performance of Mix3 method is 
the best among all the algorithms, which further verifies the superiority of the hybrid recommendation 
algorithm of item collaborative filtering and GAN-based behavioral path collaborative filtering 
proposed in this paper, and at the same time confirms the effectiveness of the algorithm proposed in 
this paper. 

 

Fig. 7. Average accuracy of each dimension 

3.2. Teaching Model Practice for Computational Thinking Cultivation 

3.2.1. Preparation for teaching practice: 

1) Teaching Practice Program. In order to verify the application effect of the teaching model oriented 
to the cultivation of computational thinking, the author carries out the teaching practice of the C 
language course in the computer application major of a secondary school in a province, selects 
experimental classes and control classes, and mainly examines whether the application of the 
multilevel computational model designed in this paper in the classroom of computer education can 
effectively cultivate the computational thinking ability of the students, enhance the students' academic 
performance, and improve the students' learning attitudes, increase classroom participation. Before 
starting the teaching practice, two classes of comparable level were identiϐied as the subjects of the 
study. Computer application sophomore class 1 and class 2, the class type is the same, the students' 
past performance is basically the same, class 1 has 40 students, class 2 has 40 students, the two classes 
have the same number of students, with similar male to female ratio structure. In this study, the 
teaching mode is the independent variable, the experimental class and the control class have different 
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teaching modes, the ϐirst class adopts the systematic assistance of this paper for teaching, and the 
second class adopts the traditional lecture-practice teaching mode. The dependent variables are 
students' computational thinking level, theory test scores and skills assessment scores, and the 
changes in the dependent variables are derived by analyzing the data of questionnaire survey, theory 
knowledge test, programming skills assessment and problem exploration records. 

2) Implementation of the pre-test: 

(1) Computational thinking pre-test. Eighty paper questionnaires on computational thinking pre-test 
were distributed to the ϐirst and second computer classes. Independent samples t-test was conducted 
on the questionnaire pre-test data of the two classes using SPSS 20.0, and the statistics of independent 
samples t-test for computational thinking pre-test of Class I and Class II are shown in Table 5. As can 
be seen from the table, the mean values of the ϐive sub-dimensions of computational thinking in Class 
I and Class II are similar, and the mean values of the total computational thinking scores are also not 
very different. In terms of Sig. (two-sided) values, the t-test Sig. values of Class I and Class II on the ϐive 
sub-dimensions of computational thinking are greater than 0.05, and the t-test Sig. value of the two 
classes on the total score of computational thinking is 0.782, which is also greater than 0.05, which 
indicates that before carrying out the teaching practice, there is no signiϐicant difference between the 
two classes in computational thinking in general and in each sub-dimension, and that the two classes 
have the basically the same level of computational thinking. 

Table 5. Test the test statistics of the independent sample t before calculating the thought 

Dimension Class Number Mean Standard deviation t Sig.(Double side) 

Abstraction 
Class 1 40 14.84 2.877 -

0.149 
0.882 

Class 2 40 15.28 2.607 

Decomposition 
Class 1 40 13.18 2.726 -

0.512 
0.624 

Class 2 40 14.18 2.542 

Algorithm 
Class 1 40 14.31 2.793 -

0.169 
0.872 

Class 2 40 14.5 2.662 

Evaluate 
Class 1 40 13.78 2.201 -

0.302 
0.772 

Class 2 40 13.43 2.577 

Recapitulate 
Class 1 40 15.05 2.739 

0.196 0.851 
Class 2 40 15.08 2.322 

Calculate the total score of thought 
Class 1 40 71.24 9.896 -

0.263 
0.782 

Class 2 40 72.1 8.434 

(2) Programming skills pre-test. The programming skills pre-test was taken as a computerized test, in 
which students completed the programming operation within the speciϐied time, and the full score 
was 100 points. Using SPSS 20.0 to carry out independent samples t-test on the programming skills 
pre-test scores of the two classes, the statistics of independent samples t-test on the theoretical 
knowledge pre-test of the ϐirst class and the second class are shown in Table 6. As can be seen from 
the table, the mean score of class I is 72.6 and the mean score of class II is 70.62. From the Sig. (two-
sided) value, the two-sided Sig. value of the independent sample t-test for Class I and Class II is 0.752, 
which is greater than 0.05, indicating that the difference between the two classes' scores on the pre-
test of programming skills is not signiϐicant, and that Class I and Class II have basically the same level 
of programming skills. 

Table 6. The independent sample t test is measured before the theoretical knowledge 

Class Number Highest Minimum Average Standard deviation t Sig.(Double 
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score score score side) 

Class 1 40 95 49 72.6 10.932 
-0.051 0.752 

Class 2 40 90 50 70.62 10.692 

3.2.2. Analysis of the effectiveness of teaching practice: 

1) Analysis of Computational Thinking Measurement. In order to test whether the teaching mode 
oriented to the cultivation of computational thinking can improve the level of students' computational 
thinking, independent samples t-test was conducted on the posttest data of the two classes, and paired 
samples t-test was conducted on the pre and posttest data of the control class and the experimental 
class, respectively, which were analyzed as follows: 

(1) Comparative analysis of computational thinking posttests of the two classes. Using SPSS 20.0 to 
conduct independent samples t-test on the computational thinking posttest data of the two classes, 
the statistics of independent samples t-test on the computational thinking posttest of the experimental 
class and the control class are shown in Table 7. As can be seen from the table, at the end of the teaching 
practice, the mean scores of the ϐive sub-dimensions of computational thinking of the experimental 
class were higher than those of the control class, and the mean of their total computational thinking 
scores were approximately about 6 points higher than those of the control class. In terms of Sig. (two-
sided) values, the t-test Sig. values of the experimental class and the control class on the ϐive sub-
dimensions of computational thinking are less than 0.05, and the t-test Sig. value of the two classes on 
the total score of computational thinking is 0.006, which is less than 0.01, and it produces a signiϐicant 
difference between the two classes in the overall computational thinking scores and in the sub-
dimensions. In conclusion, at the end of the teaching practice, the total computational thinking score 
of the experimental class was higher than that of the control class and showed a difference, and also 
the scores of the dimensions were higher than that of the control class and showed a difference. 

Table 7. Test statistics of independent sample t after calculation 

Dimension Class Number Mean Standard deviation t Sig.(Double side) 

Abstraction 
Laboratory class 40 16.4 1.874 

2.211 0.036 
Cross-reference class 40 15.25 2.632 

Decomposition 
Laboratory class 40 14.89 2.192 

2.105 0.032 
Cross-reference class 40 13.87 2.274 

Algorithm 
Laboratory class 40 15.65 2.286 

2.088 0.043 
Cross-reference class 40 14.6 2.746 

Evaluate 
Laboratory class 40 14.76 1.775 

2.185 0.03 
Cross-reference class 40 13.75 2.368 

Recapitulate 
Laboratory class 40 16.19 2.055 

2.351 0.026 
Cross-reference class 40 15 2.65 

Calculate the total 

score of thought 

Laboratory class 40 78.36 7.491 
3.122 0.006 

Cross-reference class 40 72.15 8.208 

(2) Comparative analysis of computational thinking pre- and post-tests in the control class. Using SPSS 
20.0, the computational thinking pre- and post-test data of the control class were subjected to paired 
samples t-test, and the descriptive statistics of the computational thinking pre- and post-test of the 
control class are shown in Table 8. As can be seen from the table, the mean total score of computational 
thinking of the control class was 71.5 in the pre-test and 72.13 in the post-test, and the total score of 
the post-test was slightly higher than that of the pre-test, but the difference was not signiϐicant. In 
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terms of the mean values of the scores of the ϐive sub-dimensions of computational thinking, the scores 
of the pre-test and the post-test were relatively close to each other. 
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Table 8. Statistical descriptive statistics were measured before and after the calculation 

Dimension Testing Number Mean Standard deviation Standard error of mean 

Abstraction 
Pre-test 40 15.28 2.527 0.485 

Post-test 40 15.04 2.85 0.48 

Decomposition 
Pre-test 40 14.18 2.37 0.433 

Post-test 40 13.95 2.505 0.435 

Algorithm 
Pre-test 40 14.5 2.586 0.429 

Post-test 40 14.93 2.26 0.438 

Evaluate 
Pre-test 40 13.43 2.269 0.423 

Post-test 40 13.39 2.555 0.436 

Recapitulate 
Pre-test 40 15.08 2.54 0.459 

Post-test 40 15.12 2.521 0.458 

Calculate the total score of thought 
Pre-test 40 72.1 8.47 1.511 

Post-test 40 72.13 8.263 1.498 

 
The paired sample t-test statistics for the pre and post-test of computational thinking in the control 

class are shown in Table 9. As can be seen from the table, the two-sided test Sig. value corresponding 
to the total score of computational thinking in the control class is 0.473, which is greater than 0.05, 
while the two-sided test Sig. values corresponding to the five subdimensions of computational 
thinking are all greater than 0.05. It can be concluded that, with the adoption of the traditional teaching 
mode of C language in the control class, the pre and post-tests of computational thinking are basically 
the same, and have not produced any significant changes. 

Table 9. Test the sample t test statistics before and after the calculation of the thought 

Dimension 
Pair 

difference 
Number Mean 

Standard 

deviation 
t 

Sig.(Double 

side) 

Abstraction Pre-Post 40 -0.038 1.485 -0.122 0.894 

Decomposition Pre-Post 40 -0.187 1.429 -0.909 0.364 

Algorithm Pre-Post 40 -0.043 0.807 -0.208 0.793 

Evaluate Pre-Post 40 0.02 1.982 0.184 0.865 

Recapitulate Pre-Post 40 -0.062 1.813 -0.167 0.845 

Calculate the total score of thought Pre-Post 40 -0.288 2.127 -0.741 0.473 

(3) Comparative analysis of computational thinking pre- and post-tests in the experimental class. A 
paired-samples t-test was conducted on the computational thinking pre- and post-test data of the 
experimental class using SPSS 20.0. The descriptive statistics of computational thinking pre- and post-
test of the experimental class are shown in Table 10. As can be seen from the table, the mean of the 
total score of computational thinking of the experimental class was 71.17 in the pre-test, and the mean 
of the total score reached 78.35 in the post-test, and the post-test was more than 7 points higher than 
the pre-test. In terms of the mean values of the scores of the ϐive sub-dimensions of computational 
thinking, the experimental class also scored higher in all the post-tests than in the pre-tests. 
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Table 10. Calculate the descriptive statistics before and after thinking 

Dimension Testing Number Mean Standard deviation Standard error of mean 

Abstraction 
Pre-test 40 14.84 2.658 0.494 

Post-test 40 16.01 1.844 0.344 

Decomposition 
Pre-test 40 13.18 2.79 0.511 

Post-test 40 15.06 2.022 0.337 

Algorithm 
Pre-test 40 14.31 2.495 0.441 

Post-test 40 15.82 2.088 0.38 

Evaluate 
Pre-test 40 13.78 2.3 0.38 

Post-test 40 14.99 2.092 0.391 

Recapitulate 
Pre-test 40 15.05 2.647 0.494 

Post-test 40 16.63 2.038 0.371 

Calculate the total score of thought 
Pre-test 40 71.24 9.868 1.778 

Post-test 40 78.35 7.46 1.355 

 
The paired sample t-test statistics for the pre and post-tests of computational thinking in the 

experimental class are shown in Table 11. From the table, it can be further seen that the means and t-
values of the total computational thinking scores and the paired difference scores of each sub-
dimension in the experimental class are negative, indicating that the scores of the post-test are higher 
than those of the pre-test. Meanwhile, the corresponding two-sided test Sig. values are all less than 
0.01, indicating that the pre and post test results show significant differences. It can be concluded that 
the level of computational thinking in the experimental class was significantly improved at the end of 
the teaching practice oriented to the cultivation of computational thinking. 

Table 11. Test the sample t test statistics before and after the calculation of the thought 

Dimension Pair difference Number Mean Standard deviation t Sig.(Double side) 

Abstraction Pre-Post 40 -1.509 0.945 -5.261 0.000 

Decomposition Pre-Post 40 -1.728 0.964 -7.62 0.000 

Algorithm Pre-Post 40 -1.335 1.011 -5.93 0.000 

Evaluate Pre-Post 40 -1.423 1.27 -6.661 0.000 

Recapitulate Pre-Post 40 -1.666 1.64 -3.919 0.000 

Calculate the total score of thought Pre-Post 40 -7.293 3.956 -10.028 0.000 

2) Analysis of skill test scores. The post-test scores of programming skills in the experimental and 
control classes are shown in Table 12. As can be seen from the table, 9% of the students in the 
experimental class scored less than 60 points and 25% of the students in the control class scored less 
than 60 points, and the proportion of failing students in the control class was much higher than that 
in the experimental class. Students with more than 70 points in the experimental class accounted for 
59%, while students with more than 70 points in the control class accounted for only 36%, and the 
proportion of students with moderate grades or higher in the experimental class was signiϐicantly 
higher than that in the control class. The percentage of students with more than 90 points in the 
experimental class is 7%, and the percentage of students with more than 90 points in the control class 
is 1%, and the percentage of students with high scores in the experimental class is also higher than 
that in the control class. It can be seen that the experimental class's performance in the post-test of 
programming skills is better than that of the control class. 
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Table 12. Experimental class and comparison class programming skills 

Class Below 60 60-69 70-79 80-89 90-100 

Class1 9% 25% 37% 22% 7% 

Class2 25% 38% 25% 11% 1% 

 
In order to more accurately understand the difference between the programming skills posttest 

scores of the two classes, the programming skills posttest scores of the two classes were imported into 
SPSS 20.0, and independent samples t-tests were conducted, and the statistics of independent samples 
t-tests of programming skills posttests of the experimental class and the control class are shown in 
Table 13. As can be seen from the table, the mean score of the programming skills posttest of the 
experimental class is 73.96, and the mean score of the programming skills posttest of the control class 
is 65.96, and the mean score of the experimental class is higher than that of the control class by more 
than 6 points. Meanwhile the two-sided Sig. value of the independent samples t-test for the two classes 
is 0.042, which is less than 0.05, indicating that there is a significant difference between the two classes 
in programming skills posttest scores. 

Table 13. Test the test statistics for the independent sample t after programming skills 

Class Number Highest score Minimum score Average score Standard deviation t Sig.(Double side) 

Class1 40 96 56 73.96 11.263 
2.265 0.042 

Class2 40 91 45 65.95 12.542 

3) Analysis of classroom observation records. A comparison of the average scores of classroom 
observations of the experimental and control classes is shown in Figure 8. As can be seen from the 
ϐigure, the average scores of the experimental class are higher than those of the control class in all six 
observation points. In particular, the gap between the classroom participation scores of the two classes 
is even greater, and the classroom participation of students in the experimental class is signiϐicantly 
better than that of the control class. It can be seen that the use of the system in this paper to assist in 
teaching can improve students' classroom participation. 

 

Fig. 8. The experiment class and the comparison class observed the average comparison 

4. Conclusion 

Based on combing the theories related to collaborative filtering and generative adversarial 
recommender systems, this study proposes the design of a multi-level computational teaching 
resource recommendation model combined with generative AI technology, and the application of 
computerized teaching. The research results are summarized as follows: 
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The results of a series of experiments on the real dataset UserBehavior show that the average 
accuracy of Mix3 on three dimensions is 8.1%, 3.8% and 1% higher than that of Mix1 on three 
dimensions, respectively. The results of this study illustrate that the recommendation performance of 
the hybrid recommendation algorithm is improved by using SeqGAN to alleviate the data sparsity 
problem, thus validating the effectiveness of the proposed algorithm in this paper. 

In the analysis of programming skills post-test scores of the experimental and control classes. 
Students with less than 60 points in the experimental and control classes accounted for 9% and 25% 
respectively, and the proportion of failing students in the control class was much higher than that in 
the experimental class. It can be concluded that the programming skills post-test scores of the 
experimental class are better than those of the control class. That is, the use of computer teaching 
system based on generative AI multilevel computing model can significantly improve the effect of 
computer education. 
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