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Abstract—In order to solve the problem of automatic generation and evolu-
tion of personalized curriculum, the method of using the genetic algorithm to
realize the evolution of personalized learning content is proposed to satisfy the
dynamic personalized needs of users. Through the research and implementation
of personalized curriculum generation technology, first, the structures of curric-
ulum generation, genetic algorithm and curriculum scene, as well as the method
and technology of personalized curriculum generation and evolution system
framework are described in detail. Then, the framework structure based on ge-
netic algorithm is determined, and the user model is updated. Finally, experi-
ments are carried out based on the genetic algorithm. The research on the exper-
iment of automatic generation and evolution of personalized curriculum shows
that the application of genetic algorithm in the process of curriculum generation
and evolution makes students' learning content evolve with the change of their
knowledge state in the process of learning, effectively promotes students' inter-
est in learning, and improves learning efficiency and effect.

Keywords—Genetic algorithm, personalized learning, curriculum generation,
curriculum evolution

1 Introduction

With the rapid development of modern communication technologies, multimedia
technology, and Internet technology, network learners can obtain various learning
resources in a variety of fast and convenient ways. However, some problems also
appear, such as how to acquire the relevant knowledge that learners need from a large
number of learning resources so as to complete learning a specific course from formal
learning? How can learners acquire learning resources in accordance with their cur-
rent learning status and learning objectives? This often cannot be accomplished by a
learner's own ability. Instead, it needs professional teachers to make appropriate selec-
tion and compilation, and construct a specific network course in accordance with the
individual needs and objectives of learners based on the correct assessment of learn-
ers' learning level, cognitive ability, and knowledge level. Therefore, personalized
curriculum generation technology and method is a very important research direction
in the field of e-learning.
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The generation and realization of individualized learning resources can be regarded
as an important step of individualized education, and the generation of individualized
learning resources must be based on the evaluation of students' personality character-
istics and learning process. However, learning is an individual cognitive process.
Individualization is also a concept in psychology, sociology, pedagogy, philosophy,
and other disciplines, which has considerable complexity. The key problem of online
learning is how to extract, count, and analyze the key information and data in the
process of students' learning in the current online learning environment, to get person-
alized characteristics of different students, and to generate personalized learning con-
tent accordingly. In the process of generating learning content, it is supposed to con-
sider the teaching objectives, the requirements of different levels of the curriculum, as
well as the teachers' syllabus and teaching content.

The research is to solve the problem of automatic generation and evolution of cur-
riculums in distance network learning environment to meet the needs of personalized
learning. When large-scale learners are in urgent needs of appropriate learning re-
sources that can meet their individual needs, facing the lack of computer skills of
many professional teachers and the needs for simple methods to solve the problem of
network course construction, how to use algorithms in a large knowledge base and a
large resource base to generate curriculum knowledge areas and suitable learning
resources for formal learning? In order to adapt to the personalized needs in the learn-
ing process, how to update the course content dynamically? Based on these problems,
a learning state tracking method based on personalized knowledge state graph is pro-
posed. The genetic algorithm is applied to generate and evolve personalized curricu-
lum content, which solves the dynamic updating problem of curriculum content.

2 Literature Review

The study of curriculum generation technology has always been one of the hot top-
ics in the field of network learning based on the Web. Girgis et al. (2014) proposed a
structure-oriented technology, which uses the genetic algorithm to automatically gen-
erate test paths for a set of courses covering all usage criteria [1]. For programs with
loops, the proposed technique generates paths according to the subset criterion, which
requires traversing zero, one and two loops paths. The set of paths generated by the
proposed genetic algorithm can be passed to the test data generation tool to find pro-
gram input that will execute these paths. Compared with the random test path genera-
tion technology, the effectiveness of the algorithm is verified by experiments. Yin et
al. (2018) designed the research of curriculum generation based on an expert system
and attempted to use the methodto separate the inference engine from a knowledge
base. They also tried to solve the problem of curriculum generation using chromo-
some problems in graph theory, and the research work was deepened continuously
[2]. Chen et al. (2014) proposed the evolutionary design based on the structural gene
model of life cycle assessment and established the genetic model of structural life
cycle assessment characteristics [3]. They also converted the variable length coding to
equal length coding to achieve quantitative representation of structural information.
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Moreover, they established the fitness function of structural life cycle assessment by
using the analytic hierarchy process and designed genetic operators. The genetic mod-
el based on structural life cycle assessment realizes the evolutionary design of design
schemes, reflects the life cycle evaluation characteristics of design schemes and im-
proves the efficiency of the product design generation. Shi and Zhang (2014) analyzed
and compared the advantages and disadvantages of genetic algorithm and evolution-
ary coding in solving system identification problems. They also proposed a new sys-
tem identification method combining genetic algorithm and evolutionary coding. This
method does not depend on the initial value of the population but still has strong sta-
bility. The simulation results showed the effectiveness and uniqueness of the method
[4]. Yu et al. (2017), aimed at solving the slow evolution speed and premature con-
vergence of the standard genetic algorithm, put forward an improved genetic algo-
rithm based on multi-objective optimization model by improving gene coding, popu-
lation initialization and genetic operators [5]. The improved genetic algorithm has
better comprehensive execution speed than the standard genetic algorithm and im-
proves the maximum fitness (0.79-0.84) and the average fitness (0.74-0.83). Based on
the algorithm of time bitmap superposition matching, De et al. (2016) transformed the
problem of course generation into the problem of course hour pattern searching based
on time bitmap superposition matching, abstracted the course generation process, and
eliminated the conflict of course generation by various backtracking methods [6].
Sahu et al. (2014), on the basis of priority automatic curriculum generation algorithm,
used the idea of zero integration in operational research to transform these problems
into physical four-dimensional space problems, which can reduce the width of space
[7]- Xin et al. (2017) used artificial intelligence and decision support system to gener-
ate courses. These systems start from the school's teaching management and depend
on the actual constraints, artificial-subjected and intelligence-assisted work [8].

To sum up, based on the above research, the methods and technologies used are in-
troduced. Second, the structure of curriculum generation, genetic algorithm, relation-
ship between curriculum generation and genetic algorithm, and personalized course
generation and evolution system framework are discussed. Moreover, the results are
analyzed in detail from the system framework structure and user model update. At
last, the effects of mutation probability on average fitness and optimal fitness, and the
influences of crossover probability on average fitness and optimal fitness are analyzed
specifically. The advantage of the study is that the genetic algorithm is effectively
used in personalized curriculum learning and have good effects in improving learning
efficiency, providing a reference for future study on the application of the genetic
algorithm in curriculum learning. However, the curriculum learning is affected by
various factors; thus, only applying genetic algorithm is far from enough. Other effec-
tive methods to improve curriculum learning efficiency remain to be further studied.
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3 Method and Technology

3.1  Structure of curriculum generation

Curriculum refers to the total sum of disciplines that school students should learn
and the processes and arrangements. Broadly speaking, it refers to the sum of all dis-
ciplines stipulated in order to achieve the goal of school training; narrowly speaking,
it refers to the knowledge system to be studied by a certain discipline, and it is a well-
designed teaching plan.

Curriculum structure refers to the form and structure of the curriculum. Figure 1
shows some examples of a professional teacher's conceptual maps related to the
course of "data structure" in the computer field, which shows the relationships among
courses, concepts, and learning objects. It can be concluded that the knowledge sys-
tem of a course is constructed by a series of related concepts, and the learning re-
sources of a course are composed of many learning objects. At the same time, each
learning object is constructed to learn and understand the corresponding concepts.
That is to say, the learning goal of the learning object is to grasp/understand/learn the
concepts in the curriculum. Meanwhile, the scope of the concepts is different, that is,
the granularity of the concepts is different. A concept with a larger category can con-
tain several concepts with smaller categories. This "inclusion" relationship defines the
concepts as the granularity of different sizes. The hierarchical relationship between
concepts is constructed. In addition, the constraint relationship between concepts is
constructed by the factor of "prior knowledge". According to the constraint relation-
ship, the concept map can be extracted into a directed acyclic graph.
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Fig. 1. An example of the structure of curriculum generation

3.2 Genetic algorithm

According to Goldberg's definition in 1986, the genetic algorithm is a kind of evo-
lutionary algorithm and a search algorithm for solving optimization problems in com-
putational mathematics. Evolutionary algorithms are originally developed from the
phenomena in evolutionary biology, including heredity, mutation, natural selection,
and hybridization. The general implementation of the genetic algorithm is computer
simulation. For an optimization problem, the population of abstract representation of a
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certain number of candidate solutions evolves to better decomposition, in which the
candidate solution is an individual, and an abstract representation is a chromosome.
The general solution is represented by 0/1 string (binary), and other expressions can
also be used. The process of evolution begins with a population of completely random
individuals and evolves from generation to generation thereafter. In the evolution
process of each generation, the fitness of the whole population is evaluated systemati-
cally. Based on the fitness, multiple individuals are randomly selected from the cur-
rent population, and new life populations are generated by natural selection and muta-
tion as the current population in the next iteration of the algorithm. The basic flow
chart of the algorithm is shown in Figure 2.

Generate initial qunt

Whether or not to stop

Calculating fitness value
Selection operation

Mutation operation

Output results

Generating a new
generation of population

Fig. 2. The basic flow chart of the genetic algorithm

A personalized curriculum evolution model based on genetic algorithm is pro-
posed. First, the concept coding in the curriculum generation system is used to gener-
ate the initial population by applying the intrinsic relationship in the knowledge struc-
ture diagram, and the fitness function is designed for the model. The difficulty of
concepts, the relationship between learning objects and the time parameters of con-
ceptual learning are considered comprehensively. Then, the selection, crossover, and
mutation operations of the genetic algorithm are implemented, and the learning con-
tent sequence satisfying the fitness function is generated. In the whole learning pro-
cess, students' learning content is updated at any time to truly meet the needs of per-
sonalized learning.

3.3  Genetic algorithm and curriculum generation

Most of the methods based on genetic algorithm apply the same process, such as
analyzing students' different needs, different knowledge backgrounds and levels,
generating personalized courseware sequence, and applying Horton-based courseware
generation architecture, as shown in Figure 3.
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The methods for learning path generation based on the genetic algorithm are de-
scribed as follows: first, encoding to generate an initial population. If there are n
courseware in the courseware database, a number (from 1 to n) is assigned to each
courseware, that is to say, an integer code is used to represent a gene individually. In
this way, the numbered courseware has been allocated to combine with other
courseware to form a chromosome, which represents a learning path in the personal-
ized courseware sequence; second, the initial population size is determined. General-
ly, the initial population size is determined by the complexity of the problem. The
larger the initial population size is, the lower the computational efficiency is, but it
will help to find high-quality solutions accordingly. In order to generate a more adap-
tive learning path, the initial population size is generally defined as 100. Third, the
fitness function is selected. Fitness function is used to evaluate the fitness of the gen-
erated learning path. According to the results of the pre-test and the relationship be-
tween the difficulty coefficient and the concept of the courseware, the personalized
learning path is generated. In general, the courseware mapped by learners in the items
answering errors in the pre-test is considered, and the courseware with lower difficul-
ty coefficient always chooses the first one in the learning path. The fitness function is
generally:

n

f= (1_W)Xr(,>1)i +wx(1-b;)
(M

In Equation (1), f is an adaptive function, r(,_,,; denotes the degree of association

between the two adjacent courseware in the generated learning path, that is, the degree
of association between (i-1) courseware and the concept of the i-th courseware; b;
denotes the difficulty coefficient of the i-th courseware; w denotes the adjustment
weight, and n denotes the number of courseware in the personalized learning path.

3.4  System framework of personalized curriculum generation and evolution

The personalized curriculum generation and evolution system are mainly aimed at
the different learning objectives, knowledge levels, and learning abilities of Internet-
based network learners so as to generate appropriate curriculum knowledge structure
and related learning resources for them. The subordinate, hierarchical and pioneer
relationships among curriculum concepts need to be consistent with the predefined
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ones in the expert system. The personalized course generation and evolution (PCGE)
system framework consists of two subsystems and four functional modules. The two
subsystems are personalized course generation system (PCG-LRS) based on hierar-
chical recommendation algorithm and personalized course evolution system based on
genetic algorithm (PCE-GA) and dynamic feature analysis. The four functional mod-
ules are initial personality analysis module, learner profile description and modeling
module, personality dynamic analysis module, curriculum knowledge structure man-
agement, and teaching plan formulation module. Figure 4 shows the PCGE system
framework.

According to the framework of PCGE system shown in Figure 4, the workflow of
the system is briefly described as follows: Step 1: Before learning, learner's user files
are analyzed by the initial personality analysis module to get the initial personality
data; Step 2: Teachers, based on the initial personality data of students, combined with
the existing knowledge base and resources in the system, and through the module of
curriculum knowledge structure management and teaching plan making, provide the
knowledge structure and learning resources of the curriculum; Step 3: According to
the curriculum knowledge structure and learning resource database customized by
teachers, the system calls the curriculum generation algorithm, and generates the
initial personalized curriculum through the initial curriculum generation subsystem
PCG-LRS; Step 4: Students begin to learn the initial curriculum, and collect the dy-
namic knowledge structure and learning ability evaluation systematically; Step 5: In
the learning process, the system read learners' dynamic personality characteristics
periodically, call genetic algorithm, and generate personalized courses through PCE-
GA, a subsystem of curriculum evolution; Step 6: In terms of the evolving personal-
ized courses in the learning process of students, the system continues to collect updat-
ed data of dynamic knowledge structure and evaluation of related abilities, and repeats
Step 5 until the end of the course learning.
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Fig. 4. System framework of PCGE
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4 Results

4.1  System frame structure

On the basis of PCG-LRS, a framework of PCE-GA is proposed. There are several
important problems in the process of realizing the dynamic evolution of the curricu-
lum. Initial course generation: Based on PCG-LRS, considering the stochastic con-
vergence of the genetic algorithm and the fast convergence of the optimal solution in
the multi-objective rearrangement problem, the method of hierarchical topological
ranking is introduced to avoid losing the constraints between concepts, and the gener-
ation algorithm of initial course is improved. User model updating: This is the key to
PCE-GA. In order to update the user model, the system adopts evaluation-based user
model learning method. Learning process evaluation: This module is the evaluation of
students' learning process, which introduces vector model and is based on Q-matrix-
ability matrix, including time parameters, difficulty coefficient, and other parameter
generation or estimation. Personalized curriculum generation: The implementation
process of curriculum generation algorithm based on genetic algorithm includes popu-
lation initialization, fitness function, selection, crossover, mutation, etc.

The overall framework of PCE-GA is shown in Figure 5, which consists of an ini-
tial curriculum generation module, an evaluation module, a personalized curriculum
generation module, and a curriculum evolution module. Initialization course (CO)
generation method, as described in Chapter 3, is automatically generated through
PCG-LRS according to the curriculum objectives set by teachers, the subject domain
knowledge, the syllabus, and the personalized knowledge features based on user pre-
test results. Co is not the personalized course suitable for different students in the
whole learning process but the overall learning content of students in a certain degree
of education in a discipline. The evaluation module is to evaluate students' learning
outcomes in the process of learning. Basically, the evaluation module scores a stu-
dent's mastery of each concept and learning ability (0-5 points) according to the stu-
dents' answers. After the concept is marked by scores in the knowledge concept map,
it is called a personalized concept map (PCM), which is the main input parameter of
PCE-GA algorithm. The course generated in the personalized course generation mod-
ule is Ci(i=1, 2,...,n) and i represents a series of courses evolved from Co. Throughout
the process, the evaluation module evaluates students' learning performance at each
set period (the cycle is set by teachers, such as weekly or biweekly). Accordingly, the
curriculum C; is evolved into Ci+1. In the whole learning cycle of a student learning a
subject, the PCE-GA system generates a series of courses Ci(i = 1, 2,...,n) until the
completion of the whole subject's learning objectives.
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Fig. 5. The framework of personalized curriculum automatic generation and evolution (PCE-
GA) based on genetic algorithm

4.2  User model update

By using user profile specification, in this algorithm, the user's knowledge and
ability information are mainly updated in real time in the process of students' learning.
Therefore, the updated algorithm of the user model is described in detail. The defini-
tion of related parameters in PCE-GA conceptual model and algorithm is shown in
Table 1.

Table 1. PCE-GA main parameters

Symbol Dimension Significance Symbol Dimension Significance
Concept set [User set
c n C=(c1,c2,...,Cn) u s U=(ur,uz,...,us)

[User concept U-C
matrix: user's learning
state matrix for con-

Resource set, that is,
R m the set of learning Z sxn
objects, R=(r1,12,..., I'm)

cepts
The correlation degree The correlation matrix
T of two learning objects R mxn between m learning
ri and 1 objects

Learning object -
r mxn concept R-C relational Y sXm
matrix

[User - learning object
|U-R evaluation matrix

User model learning is to interpret and deduce collected data, classify noise, form
useful knowledge about user characteristics, and format user model with final struc-
tured representation. Common centralized learning technologies include TF-IDF
(Term Frequency--Inverse Document Frequency), Bayesian classifier, decision tree
induction, neural network, and clustering. However, in this system, the user's person-
ality characteristics are not the traditional user interest characteristics, but the user's
grasp of each concept, learning ability, and different target characteristics in the
knowledge system in the course of learning curriculum. Therefore, the above learning
methods are not available. As a result, an evaluation-based user model learning meth-
od is proposed to obtain a user's personality characteristics implicitly based on the
evaluation of knowledge and ability in the process of user learning.
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The automatic curriculum generation system is designed to enable professional
teachers to independently complete the process of curriculum construction and per-
sonalized curriculum generation without the guidance of professional technicians, and
try not to increase the burden of professional teachers so that they can cope with the
teaching process freely in the face of large-scale learning student groups. Therefore,
in the system adopted, all the learning objects and self-test questions designed and
developed by teachers are regarded as curriculum resources that can be used to evalu-
ate students' learning status, i.e. curriculum resources that can be assessed, without the
need for a large number of specialized testing problems as described in Birenbaum.
Based on the above principles and methods, Q matrix is extended to "concepts-
learning objects" correlation matrix, and a series of different types of "assessable
teaching resources" are designed to provide a formative evaluation in the learning
process.

Drawing on the idea of formative evaluation in pedagogy, in the course of design-
ing learning resources, professional teachers define evaluation methods according to
metadata criteria of learning objects, including exercises and tests related to learning
resources, or subjective evaluation methods that can determine the scores, etc. There-
fore, in the learning process, the system can get students' learning state of each learn-
ing object at any time. In this system, the evaluation process generates a user-learning
object evaluation matrix UR (User Resource), in which the value of each component
is 0-1/NA, representing the score value (0-1) or the unlearned value, respectively. The
UR form is shown in Table 2.

Table 2. User learning object evaluation matrix UR definition form

. Learning resource R
Y matrix
r1 r2 Fm
ui yu yi2 Yim
uz2 21 22 vee 2m
User U y y Y
Us Yst ys2 Ysm

4.3  Experimental results

Because of the role of selection operator and crossover operator in genetic algo-
rithm, some excellent gene segments are lost prematurely, which limits the search
scope, so that the algorithm can only find the local optimal solutioninstead of the
global optimal solution. In order to overcome the problem of premature convergence,
relatively excellent parameter combinations are determined through experiments.
These parameters include population size, crossover probability P., mutation probabil-
ity Pm, selection crossover and mutation, and other basic operators. Control parame-
ters are important to system performance. For example, if the population size is too
small, the search range of the algorithm will be affected, leading to the failure to ob-
tain the global optimal solution; if the population size is too large, the search efficien-
cy of the algorithm will be reduced. The bigger the crossover probability and mutation
probability are, the stronger the detection ability of the algorithm is, but the easier it is
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to destroy the stability of the algorithm, so as to detect new hyperplanes; the smaller
the crossover and mutation probability are, the stronger the development ability of the
algorithm is, and the better the suboptimal individuals can be maintained in the algo-
rithm. However, in the application environment of curriculum generation, it is neces-
sary to determine the optimal combination of parameters through experiments accord-
ing to the actual learning data.

In the experiment, the initial population is set to 50, and repeated experiments are
conducted to determine the crossover probability and mutation probability, so as to
achieve good results. First, the crossover probability is set to 0.5, and the mutation
probability is set to different values to observe its effects on the average fitness proto-
col and the optimal adaptive chromosome generation. Figures 6 and 7 show the results
of the tests and comparisons. The test results show that the variation probability has a
small effect on the average fitness of the population, and a high enough average fit-
ness will change the evolutionary trend of the population.
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Next, the mutation probability is set to 0.1, while the crossover probability is set to
different values to observe its effects on the average fitness protocol and optimal
adaptive chromosome generation. The experiments shown in Figures 8 and 9 show
that higher crossover probability and mutation probability can avoid premature popu-
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lation convergence. However, the emergence of a large number of new chromosomes
means that the performance of population evolution is bound to decline with the su-
per-large-scale calculation. Considering many tests, the crossover probability is set to
0.5 and the mutation probability is set to 0.15.
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For the determination of selection operator, the classical roulette wheel selection
method, tournament selection method, and order statistic based competitive selection
method are compared. After repeated experimental tests, the tournament selection
method based on fitness ranking order statistics is chosen. Based on the principle of
avoiding damaging the excellent gene pattern in the acquired parent generation as
much as possible, considering that all genes in chromosome must appear and not
repeat, a partial matching crossover algorithm (PMX) similar to double crossover is
chosen, and a mapping relationship is designed according to the practical problems of
course content arrangement.
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5 Conclusion

The personalized realization of curriculum learning in the network learning envi-
ronment is focused on the generation and evolution model of curriculum content and
its algorithm implementation in the formal learning process. The problem of individu-
alization of learning content in the process of large-scale network education is ex-
plored and solved. Combining with the genetic algorithm, the automatic generation of
curriculum knowledge structure and learning objects in the learning process is real-
ized, and the learning content is updated dynamically in the learning process.

Through the successful application of the genetic algorithm in the whole learning
process to realize the dynamic updating of the curriculum, a personalized curriculum
evolution algorithm based on genetic algorithm PCE-GA is proposed. In order to
quickly converge to an optimal solution in multi-objective problems, a hierarchical
topological sorting algorithm is proposed to generate the initial solution space consi-
dering the directed acyclicity of concept maps and combining with the topological
sorting algorithm. Under the framework of this algorithm, the dynamic updating of
the target user model and the continuous evolution of the curriculum provide a good
framework with good versatility and expansibility for solving the personalized curri-
culum generation problems in the network learning environment.
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