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Abstract: In order to improve the teaching effect of Chinese courses, this paper focuses on the construction and
assessment of adaptive learning paths, aiming to realize personalized teaching and meet students' diversified
learning needs by using artificial intelligence technology. The article establishes a learner model from the learner's
individualized needs, and designs a domain knowledge structure model in combination with the knowledge
characteristics of the Chinese curriculum. The DINA model is used to diagnose students' mastery of Chinese
knowledge points, and then a gated loop unit is introduced to design a knowledge tracking model for exploring
students' knowledge level. Combined with the Q-Learning algorithm of reinforcement learning, the adaptive
learning path recommendation method for Chinese knowledge was designed, and the data analysis was carried out
through application practice. The results show that the performance of students' Chinese knowledge tracking level
and path recommendation is better than the current mainstream methods, and the overall language learning
performance of the experimental class students in the teaching practice has been improved by 14.69 points, and the
mean value of the learning path score is 6.47 points (7-point scale). Therefore, relying on intelligent algorithms to
assist the teaching of language courses helps to improve the level of language teaching and also provides guidance
for innovative language teaching methods.
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paths

1. Introduction

The integration and development of information technology and education system has become the
core driving force to promote educational change, and this process not only provides technical support
for the modernization of education, but also is an important practical path for the implementation of the
national education strategy [1-2]. Chinese, as a core subject in the basic education stage, is of great
value in cultivating students' language use ability and cultural literacy [3]. However, current Chinese
teaching still faces many practical challenges [4-5], first of all, at the level of knowledge transfer, the
content of the textbook is mostly linked by unit themes, and it is difficult for students to integrate
fragmented knowledge and form a systematic knowledge network. At the level of grasping the learning
situation, it is difficult for teachers to accurately understand the differences in the accumulation of
knowledge and thinking styles of different students, which leads to the fact that layered teaching is a
mere formality. At the level of ability cultivation, some teachers lack knowledge about the cultivation
of students' core abilities such as logical thinking and creative expression. In this context, it is of great
significance for teachers to use digital intelligence technology to integrate multidisciplinary knowledge
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in their Chinese teaching practice, to construct a knowledge system of the language discipline, and to
provide services for students' personalized learning, which is important for improving teaching
efficiency and promoting students' personalized learning [6-7].

Personalized teaching arose with the development of computers, and later developed into adaptive
learning to take care of individualized learning needs [8]. Adaptive learning emphasizes adjusting the
content or mode of instruction according to the characteristics of the learners to achieve truly tailored
instruction to improve learning effectiveness and motivation [9]. Scholars generally believe that
e-learning is easier to achieve adaptive learning than traditional teaching, in which learning systems
and artificial intelligence, which play an important role in the implementation of adaptive learning, will
promote the further realization of lifelong learning and personalized learning in future education
[10-11].

Adaptive learning can effectively make up for the shortcomings of traditional teaching, and is an
important way to help learners achieve personalized learning [12]. Adaptive learning is mainly
composed of three parts: measurement model, learning model and recommendation strategy. The
measurement model describes the learner's mastery of knowledge, the learning model is the
quantification of the relationship between learning materials and the learner's knowledge changes, and
the recommendation strategy refers to the selection of appropriate learning materials for the learner
based on the existing information [13]. Among them, recommendation strategy is the core part of
adaptive learning, how recommendation strategy is constructed directly affects how to provide learners
with suitable learning materials, so the research on recommendation strategy is crucial in adaptive
learning [14-15]. A good recommendation strategy cannot be separated from the measurement of
learners' attribute characteristics and efficient recommendation techniques, and the application of
reinforcement learning can solve these two problems well. Reinforcement learning is a branch of
machine science, and reinforcement learning emphasizes that learners find the relationship between
learning states and learning behaviors by interacting with the environment in order to obtain the
maximum cumulative rewards, so that the learners' learning effects can be maximized [16-18].
Reinforcement learning provides theoretical and technical support for the realization of adaptive
learning paths [19].

Technology not only promotes the balanced development of education, but also makes the
adaptability and personalization of education possible. Based on the learners' needs in Chinese teaching,
this paper designs the learner model and domain knowledge model respectively, diagnoses students'
mastery of knowledge points using the DINA model, and introduces the GRU model to design the
evolutionary knowledge tracking model for assessing students' knowledge level. Based on the
reinforcement learning algorithm, the Q-Learning algorithm is combined to construct an adaptive
learning path recommendation algorithm for Chinese course knowledge. This study provides a new
research perspective for the innovation of Chinese teaching, and also provides a theoretical practice to
promote the optimization of adaptive learning paths in the language curriculum.

2. Relevant theoretical and technical foundations

With the rapid development of digital technology, information technology and network technology,
the new generation of technological revolution represented by big data, cloud computing, artificial
intelligence and so on is profoundly changing social production and daily life style, and at the same
time, it also brings new challenges and opportunities to the field of education. It is necessary to give
full play to the advantages of new technologies and explore the in-depth integration of online and
offline of the teaching mode, which is used to serve personalized learning. The data-driven, intelligent
recommendation and customizable curriculum and other educational advantages of the rapidly
changing artificial intelligence technology can provide adequate technical support and resource
guarantee for personalized education.

2.1. Intensive study of relevant theories

2.1.1. Markov process

Reinforcement learning (RL) is one of the paradigms and methodologies of machine learning,
where an intelligent body obtains feedback by interacting with its environment. Specifically, the
intelligent body makes an action based on the current state, the environment gives a reward based on
the intelligent body's action, and the intelligent body learns a strategy to reach the problem of
maximizing the reward or achieving a specific goal.

(1) Markov property



Markov property means that the state of the current moment is only related to the state of the
previous moment, and has no relationship with the state of any other moment. Describing Markov
property in terms of probabilistic formulas for state transfer is expressed as follows:

p(S/H |St):p(S/+1 |S1’ """ ’Sl) (1)

(2) Markov process

A Markov process (MP) is a memoryless stochastic process, i.e., the conditional probability of a
Markov process is related only to the current state of the system. A Markov process can be represented
by a dichotomy (S,P),S denoting a finite set of states, and P denoting a matrix of state transfer

probabilities, where p_ . = p(SHl =s']S, zs) represents the transfer probability from the current

state S, to the next state S .

(3) Markov reward process

The purpose of reinforcement learning is to maximize the reward during the interaction with the
environment, and it is necessary that the environment has given the reward back to the intelligent body.
Therefore, the Markov Reward Process (MRP) adds the reward function R to the Markov process,
and the MRP extends the MP into (S, P, R,y) . Where the reward function R is defined as:

Rx = E[Rt+1 ‘ St = S] (2)

denotes the expected reward that can be obtained at the next moment S,,, instate S, at moment ¢,

t+1
and the reward discount factor y denotes the sum of all decaying rewards (discounted rewards) from
moment ¢ onwards.

For the whole process, the intelligent body can receive rewards multiple times, so the final reward
of the intelligent body is the cumulative reward G, , denoted as follows:

Gt = Rt+1 +7/Rt+2 t...= ijo yth+k+1 (3)

where G, is the cumulative reward and the decay coefficient y takes values between [0,1] and is
used to adjust the weights of the intelligence on current and future rewards.

For a Markovian reward process, the value function is defined as the expected reward for the state
s, 1.e:

Vx(s)=E[Gt |S, =s]
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(4) Markov Decision Process

Markov Decision Process (MDP), a Markov reward process with decision making, where the next
state of the intelligent is not only related to the current state but also to the action currently taken, thus
the state transfer probability of the MDP has an additional condition, viz:

p;,Zp(SH,:stl=S,A,=a) (5)

and the MDP can be represented by a quintuple <S,4,P,R,y >, where A is a finite set of actions
and the reward function becomes:

Rt:E[Rt+l|St:S’Ai:a] (6)

Intelligent bodies need to select actions based on observations of the environment, so MDP
introduces policies that represent the distribution of all possible actions. The policy 7 is a mapping
from each state space and action space to the action probability distribution, denoted as
7m(a|s),m(als) represents the probability of choosing the action as « if the state is s at the



moment ¢, which can be expressed as:
n(a|s)=p(4 =alS, =s) (7

2.1.2. Q-Learning Algorithm

Q-Learning algorithm is a planning algorithm that seeks the optimal policy by updating the value
function through continuous iteration, which is an off-policy learning method based on Time
Difference (TD), and is also a typical model-free reinforcement learning algorithm that does not need
to rely on any environment model. The core idea of the Q-Learning algorithm is to create a table of Q

values based on the set of states S and the set of actions 4 (the vertical coordinate of the O value

table represents the state, and the horizontal coordinate represents the action corresponding to a state).
denotes the action corresponding to a state), and then update the Q(s,a) in the O table, i.e., the

state-action value function, based on the reward R and ( estimates after each iteration. When the
update of the @ value table is completed, the action corresponding to the maximum value of O in

that state, i.e., the maximum value of the state-action value function, is selected from it to be executed,
so that the intelligent body can get the maximum cumulative rewards from the external environment,
and thus the optimal strategy can be found. The specific steps of the algorithm are as follows:

(1) Initialize the Q(s,a) data in the Q-value table. Generally, all Q values are initialized to 0.

(2) Determine the state s, at the current ¢ moment.

(3) Select the action a, based on the Q-value table and combined with a certain action strategy

(4) Perform the action a, and then perform a state transfer to migrate to a new state s,,, at the
next moment, i.e., the moment of ¢+1, and obtain the corresponding reward R, .
(5) Update the correction Q(st,a[) by iterating the recursive formula. The relevant recursive

formula is as follows:
Q(S[ ’ at )m)w = Q(St b al )Old + a |:Rl+1 + 7maxa’ Q(SH] ’ a,) - Q(Sl ) at )Old :| (8)

Where o denotes the learning rate, which satisfies o €[0,1], and if « takes a larger value, the
fraction of Q-values prior to the retained iteration will be smaller, and the Q(s,a) value will converge
faster, but too fast convergence will lead to oscillations. » denotes the discount factor, which satisfies
y €[0,1] and represents the degree of influence and importance of subsequent rewards on the current
moment, a value of 0 for y indicates that only short-term rewards at the current moment are
emphasized, and a value of 1 for y implies that more emphasis is placed on distant rewards in the

new

future. Q(s,,a,)" s the value function for the ¢ moment before the iteration, while O(s,,q,)

refers to the value function after the iteration, max, Q(s,,,,a’) then represents the maximum Q(s,a)

value corresponding to the state at the next moment, i.e., the #+1 moment.

(6) When the smart body reaches the goal state, i.e., the end point or the restricted area, it stops
iterating and returns to the start state to start a new cycle. Otherwise, return to step (2) and continue
iterating to update the corrected Q(s,a) value.

(7) If the recursive formula is satisfied, it means that the iteration of Q(s,a) values converges and
the update of the table of (@ values is completed. Then the action corresponding to the largest
O(s,a) value is selected according to the greedy strategy, and the system will be able to obtain the
largest cumulative reward, so as to find the optimal strategy to find the optimal path.

2.2. DINA model with GRU

2.2.1. DINA model basis

The DINA model is essentially a mathematical model that can be used to describe the probability of
a subject answering an item correctly, and thus functions as a cognitive diagnostic. Therefore, the
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DINA model is also often regarded as a cognitive diagnostic model. The full name of the DINA model
is Deterministic input, noisy and gate model, which involves only two parameters, is simple and
flexible, and can be described by the following mathematical language, namely:

where P is used to denote the probability that subject i can answer question j correctly. Where

x; 1s the score of subject i on question j, when subject i answers question j correctly x; =1,

otherwise x, =0. @, = [a“ ,a[z,--‘,a,.,(] is known as the cognitive attribute vector, and if o, =1, it

means that the subject i mastered the cognitive attribute ¢, , and if «, =0, it means no mastery.

ik >

q;,= [qjl,---,qu] , 1.e., the j th row of the Q-matrix, is used to reflect the examination of cognitive

attributes by question j . 177, = le aj , by the expression 7, for 0<py, <1, andif 7, =1, it
means that the subject i has mastered all the attributes examined in the question ;j without failing to
do so, and if there are attributes that have not been mastered, there will be n; = 0. s ; is the miss
parameter, which indicates the probability that the subject would have mastered all the examined
attributes but answered the question j incorrectly; and g, is the guess parameter, which is the
probability that one has not fully mastered all the attributes examined by j but still answered the

question correctly.
Using the DINA model for cognitive diagnosis, two parameters are first estimated based on the
students' response data, and the values of the parameters g, and s, reflect the reliability of the

model and the cognitive diagnostic process. Secondly, the DINA model is used to summarize the
attribute mastery patterns of individuals and groups, and the commonly used estimation methods
include great likelihood estimation, Bayesian posterior estimation, and great posterior estimation.

2.2.2. Door-controlled circulation units

Gated Recurrent Unit (GRU) is a variant of recurrent neural network, which is an improved
network model proposed to solve the problems of classical recurrent neural network (RNN), such as the
existence of gradient explosion and difficult to memorize long-term memory. In the GRU model, there
are two gates, the update gate and the reset gate, the update gate determines how much state
information from the previous moment is sent to the current state, and the reset gate determines how
much state information from the previous moment is sent to the hidden layer state.

The role of the reset gate is to control the proportion of state information from the previous moment
that goes to the hidden layer, and its expression is:

r=o(W,[h.x]) (10)

Where W, is the reset gating weight, o is the sigmoid function, and the final output is mapped
to [0,1], where 0 means that no amount is allowed to pass and 1 means that any amount is allowed to

pass, and the larger the value of the output means that the more information about the state of the
previous moment enters the hidden layer.
After getting the reset gating signal, reset the information of the last hidden layer to get

h,_, =h_, *r,, at this time, we have discarded some of the unneeded information, and then consider the

user's current input information, and reset the information hNt_1 and the input of the moment x, are
spliced, i.e:

h, :tanh(W,;-[ig*h,_l,xt]) (11)

Where W, is the hidden layer state weights, [] denotes the splicing operation (addition), * denotes

the dot product operation, and the tanh activation function maps the obtained data to [—L1].

The update gate acts to control the proportion of state information from the previous moment that is
sent to the current state, and the update gate formula is:
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z=o(W. [h_.x]) (12)

Where W, is the update gate weight and o is the sigmoid function that maps the result to [0,1],

with 0 indicating that no amount is allowed to pass, and 1 indicating that any amount is allowed to pass,
the larger the value of the update gate, the more previous-moment information has been brought into
the current moment.

z, can both forget and select memory, through =z, *4 can discard part of the information in 7, ,

through (1-z,)*h,_, can select part of the information in h,,, z*h and (1-z)*h_, forma
mutually complementary relationship. If the value of z, is larger, it indicates that less information is

retained in the hidden layer in the previous moment, which is mainly supplemented by izl information,

and if the value of z, is smaller, it indicates that more information is retained in the hidden layer in

the previous moment, which is less supplemented by l;[ information. Therefore, the state of the
current layer can be represented as:

ho=(1=z)*h_ +z,*h (13)

1

GRU retains some of the state information through the reset gate and update gate functions, so that
the important information is preserved after a longer time sequence, which solves the long dependency
problem in RNN more effectively.

3. Recommendations for optimizing adaptive learning paths

In the era of big data, the explosive growth of online learning resources, information overload and
network confusion have become obstacles to learners' personalized learning, and there are many
bottlenecks in regular education that restrict the effective occurrence of personalized learning, such as
the diagnosis of learners' learning needs, the search for common learning paths, and the guidance of
individualized learning paths. Therefore, planning adaptive personalized learning paths for learners
based on reinforcement learning is an effective method and key way to promote their personalized
development.

3.1. Problem definition and preparatory knowledge

3.1.1. Modeling Learner and Domain Knowledge

The learner is the main participant and experiencer of adaptive learning, as well as the main body of
personalized resource acquisition, so the design of adaptive learning should firstly focus on the
characteristics of the learner's personalized needs. In order to more clearly characterize the properties
of learner objects in the system, we need to instantiate them, i.e., model the learners. It can be said that
the learner model is the foundation of adaptive learning implementation, which is mainly achieved by
collecting and processing learner personalization information in real time with the help of user
modeling components or third-party agent software. In this study, given the IMS LIP standard, the
learner model is characterized in the form of a tetrad in terms of four dimensions: basic characteristics,
learning styles, cognitive level, and learning records. Namely:

(14)

) BaseInformation, LearningStyle,
LearningModel =

CognitiveLevel, AccessRecords

Among them, Baselnformation is used to represent some basic static information of the learner,
LearningStyle represents the learning style of the learner, which can be constructed by drawing on
Felder's learning style model, CognitiveLevel represents the current cognitive level of the learner,
which can be characterized from the primary, intermediate, and advanced levels, and AccessRecords
represents the access records of the learner throughout the learning process. AccessRecords represents
the access records of the learner during the whole learning process.

Domain knowledge refers to all the clusters of empirical, theoretical and methodological knowledge
units in a professional field, while in the computer world we define it as the knowledge clusters which
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are easy to operate in terms of computer storage, system organization and management by using a
certain (or a number of) representations to materialize and structure the knowledge for the needs of a
specific domain.

For teaching the Chinese curriculum, we characterize the structural model of its domain knowledge
as:

Object = {Id,Name,Level,Style,Content,OR } (15)

Among them, I/d denotes the unique identification of the Chinese knowledge object, Level
denotes the level of difficulty of the Chinese knowledge object, Style denotes the style of bias of the
Chinese knowledge object, Name denotes the name of the knowledge object, Content denotes the
information of the content of the knowledge object, and OR denotes the set of relationships to which

the knowledge object belongs. Based on the above three types of relations, the model of relations
between knowledge objects in the Chinese curriculum domain in this study OR can be expressed as:

OR = {< Aid ,Bid >,Type,Weight} (16)

Where Type denotes the type of relationship and Weight the weight value of the relationship,

the higher the value represents the greater the correlation between the knowledge.

3.1.2. Students' mastery of knowledge points

After completing the modeling of learners and language domain knowledge, in order to further get
the students' learning status, this paper introduces the DINA model to diagnose the students' mastery of
Chinese knowledge points.

The traditional DINA model models the students by uniting the students' question doing R matrix
and the test question knowledge point association @ matrix. Each student P, is described as a

vector of knowledge point mastery a, = {a a a } , where each dimension corresponds to one

ul> > u2s > uk
knowledge point, «, =1 denotes that student u has mastered knowledge point k,c, =0 denotes
that student u has not mastered knowledge point % .
With the knowledge point mastery vector @, of student P known, for the test question J, that
student P, has not answered, one can obtain the potential response of student P, to test question J,

i.e.:
K
My =] [l (17)
k=1

Where 7, =0 indicates that the student P cannot answer the test question J, correctly, and if
n, =1, itis assumed that the student P, can answer the test question J, correctly.

In addition, the DINA model introduces test parameters (error rate and guessing rate) to model the
student's responses in the real situation. Specifically, the response of student P, to test question J,

is represented as:

P (a,)=P(R,=1]a,)=g " (1-s, )" (18)

Since the interrelationships between knowledge points are considered to be “connected” in the
DINA model, the failure rate s, is defined as the probability that a student who has mastered all the
skills required for a test question will still be unable to answer Question v correctly, and the guess
rate g, is defined as the probability that a student who has not mastered all the skills required for a
test question will be able to answer Question v correctly.

The DINA model uses the EM algorithm to maximize the marginal likelihood of Eq. (18) to obtain
parameter estimates for §,,5,,---,§, and g,,g,,---,&, . And the knowledge point mastery vector a

u

of a student P, can be determined by maximizing the posterior probability of the student's test score
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to obtain the student's dichotomous knowledge point mastery vector. Then:
0, =argmax (a|R,)
=argmax L(R, | a,§,, ¢, )P(a)

= arg max L(Ru\a,fv,gv) (19)

4
=argmax [ [P(R, | @5, 8,)

o v=1

After obtaining the students' knowledge point mastery, it can be combined with the students'
knowledge point mastery and the knowledge point examination of the test questions to be
recommended as the a priori of the RALP model proposed in this paper to make the prediction of
students' answering situation and be used for recommendation.

3.2. Adaptive Learning Path Recommendations

3.2.1. Path Recommendation Framework

Figure 1 shows the model framework of adaptive learning path recommendation (RALP). In the
adaptive learning path optimization recommendation for Chinese teaching, the learning path includes
the sequence of learning activities and the learning object, and the learning style and knowledge level
are two important individual difference characteristics of the learners, which predict the performance of
different learning behaviors, and are the important basis for realizing adaptive push.

User registration
fﬁ]&' . —» information (learning style — Learning styles

Nl measure)

Learner l

Goal-oriented, course
learning (knowledge points, —» Knowledge level
cases, exercises, tests, etc.)
A

\ 4

Adaptive learning path recommendation based
on Q-Learning algorithm

v

Learning Path
Learning Ob jects

Degree of abstraction: abstract resources/

1L
LAT = LA2 - an 4 cqncrete resources
Media types: pictures, diagrams, flowcharts,
Sequence of learning videos/text
activities Learning styles: linear/non-linear
Difficulty coefficients: 0.8~1/0.0.4~0.7/0.1~0.3

Figure 1. Adaptive learning path recommendation framework

The objectives of adaptive learning path optimization recommendation are as follows:

(1) Learning style determination. Using the explicit subjective determination of the questionnaire
survey and the implicit method of mining learning behavior patterns by DINA model to infer the
learning style, the combination of the two methods can realize the accurate push of personalized
learning path.

(2) Knowledge level estimation. Measuring students' knowledge ability is a constant topic in the
field of education, and the knowledge level tends to change over time with the accumulation of
learning. Using the knowledge tracking model, we can track and diagnose students' knowledge level in
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real time based on learning behavior data (case study time, number of clicks and clicks, question and
answer time and number of attempts, etc.), and dynamically present the learning objects in terms of
conceptual knowledge comprehension level and difficulty level.

(3) Learning path mining and personalized recommendation. By using the reinforcement learning
Q-learning algorithm, the best learning path is mined from the group learning behavior. Meanwhile,
personalized push is achieved based on characteristics such as learning style and knowledge level to
solve problems such as "learning disorientation" and "cognitive overload", and improve the internal
motivation and learning demand for learning.

3.2.2. Evolutionary Knowledge Tracking

In order to realize the adaptive learning path recommendation of Chinese course knowledge, this
paper designs the GRU-based Evolutionary Knowledge Tracking model (G-EKT), whose specific
framework is shown in Fig. 2, which mainly consists of an embedding layer, a knowledge extraction
layer and a knowledge evolution layer.

Output

l
Connecting & Spreading

A
hpx |
SAGRU —»{SAGRU—» --- —» SAGRU —» SAGRU
X X
Knowledge \ \ \ \
R Attention Attention Attention Attention
g s Fr |
2y | h, I hr, N hrl\j. ‘D,
A A A
Knowledge
extraction GRU ——» GRU —» ---—» GRU —>» GRU
layer
| T_J C TJ [ T_| E TJ
% v, Vi vy
Embedded
Loer | = f f f f
X1 X2 X1 xr Objective test
Interactive Sequence of Student Test Questions questions

Figure 2. G-EKT Model structure

First, the data of students' test question interaction sequences are input into the embedding layer,
which converts the large-scale sparse features into low-dimensional dense features suitable for model
input, and sorts the students' test question interactions by time, and converts the unique heat encoding

x, into the embedding vector v, . Then in order to solve the problem that it is difficult to model the

potential knowledge state, the gated recurrent unit (GRU) in deep learning is used in the knowledge
extraction layer to model the dependency relationship between the test question interaction sequences,
following the principle that the knowledge mastery of the students will directly affect the results of
their successive questions. That is, if a student has not mastered a certain knowledge point, he will be
continuously wrong when doing that question, and vice versa. For this reason, an auxiliary loss
function is introduced to impose additional supervision on the test-question interaction at the current
moment, which both provides more semantic information for the knowledge representation of the input
data and yields better embedding vectors, and helps to minimize the negative impact of the student's
external environment and internal cognition on the representation of the knowledge state, so that the
hidden state of the GRU can effectively represent the knowledge state. Next, in order to solve the
problem of the influence of the order of test questions on the prediction effect, a gated recurrent unit
(SAGRU) with a self-attention updating gate is designed at the knowledge evolution layer to model the
knowledge evolution process related to the target test questions, which can calculate the correlation
between the knowledge state and the target test questions by means of the self-attention mechanism,
dynamically perceive the related knowledge and weaken the influence of the relative order of the
questions, so as to guarantee the smooth evolution of the target test questions and to ensure the success
of the target test questions. SAGRU can calculate the correlation between the knowledge state and the
9



target test questions with the help of self-attention mechanism, dynamically perceive the related
knowledge, and weaken the influence of the relative order of test questions to ensure the smooth
evolution of the target test questions. Finally, the dynamic knowledge states /;, and the embedding

vectors of the target questions are concatenated and fed into a multilayer perceptual machine (MLP) for
the final judgment, which outputs in real time the students’ mastery of each knowledge point.

3.2.3. Description of the recommendation algorithm

After obtaining the students' mastery of each knowledge point, this paper designs the Q-Learning
algorithm based on reinforcement learning for adaptive learning path recommendation of Chinese
knowledge. It specifically contains the following links:

(1) Define the state, action, reward and Q-table in the RALP model. Among them, state is the
learner's mastery state of the target knowledge point in the learning task at a certain moment, i.c., the
level of mastery of the target knowledge point is predicted by the G-EKT model after the intelligent
body chooses an action, which takes the value of the number in the interval of [0,1], denoted by s.

Actions are the two outcomes of a learner learning a learning item, i.e., mastery or non-mastery, which
are regarded as two actions, and the action is denoted by a(a € 4) , with a,, indicating that the

student has not mastered the i th learning item, and a, indicating that the student has mastered the
i th learning item. Assuming that there are N learning items in a learning task, this corresponds to 2N
actions. Reward means that the environment from the current state s, after executing an action a,,
or a, reaches the learning objective of the target knowledge point, i.e., the target state value s, is

reached, and the reward value r is l; otherwise, r is 0. The reward R(s,a) can be expressed as:

1 §fs

0 s<s (20)

R(s,a)= {

where (s,a) is the current state and action, and § is the current state s, after performing the action.

The RALP model calculates the rewards for different behaviors of an intelligent body by building a
Q-table. Q(s,a) denotes the reward received by the intelligent body for performing behavior a in state

s. The intelligent body takes the value of QO(s,a) as the basis of the choice of the next behavior. The
matrix Q can be represented as:

(Sl’al) Q@l’alﬂ)
(S2’all) Q@zsam)

_Q(Swalo) Q(Swau) Q(Swazo) Q(SI’GZI) Q(Sl’al))
Q(s29a]0) Q(sz’an) Q(sz’azo) Q(SZ’aN) Q(Szaam)

0= Q(Sj7a10) Q(Sj7a11) Q(Sj7a20) Q(Sj’aZI) Q(Sj’al()) Q(Sjaall) QG/aano) @)

_Q(sm,alo) O(s,.ay) O(s,.a5) Ofs,.ay,) =+ O(s,.a0) O(s,.a,) - Ofs,.a,)

Where rows denote states, columns denote actions, and the element Q(s j,a,o) denotes the
expectation that the learner will be able to gain by choosing the action a,, in state s, .

During model training, after performing each action, the model updates the expectation Q(s,a)

using reward feedback. The updated expectation value Q'(s,a) is given by:
0'(5,0) = 0(s,0) + | R(s,a)+ 7 - max {O(5,@)} - 0(s.a) 22)

where (5’,&’) denotes the next state and its corresponding behavior, mgx{Q(s”,d')} denotes the

maximum Q value corresponding to all actions in the 5§’ state, the learning rate « =0.1, and the
discount factor ¥ =0.9.

(2) The model is trained by obtaining rewards for the behavior of the intelligent body in different
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environments to update the parameters. In this process, the state and the behavior of the intelligent
body keep changing, and the behavior exhibited by the intelligent body from a certain initial state to the
target state can be regarded as a round, and the next round is entered after a round is completed. Under
the state s, the rule for selecting behaviors a is as follows: determine whether the set of Q-values of
the behaviors that are not exhibited in the state s 1is all 0. If it is all 0, then a behavior is randomly
selected. Otherwise, 90% probability is to choose the behavior with the largest Q value, and 10%
probability is to choose a behavior randomly.

(3) When the model training is finished, the training result Q-Table is outputted for personalized
recommendation of learning items within the learning task.

4. Adaptive learning path recommendation application validation

Educational informatization has promoted changes in the concept of education, and education in the
information age pays more attention to the individual demands of learners. Promoting adaptive
development of learners is one of the basic features of education in the information technology era and
an important means of cultivating innovative talents. Therefore, focusing on adaptive learning and
promoting learners' individual development has become an important part of future educational
development.

4.1. Knowledge Tracking and Recommendation Effectiveness

4.1.1. Predicted effects of student performance

In this paper, experiments are conducted on two real online education datasets to demonstrate the
effectiveness of the G-EKT model by comparing its prediction performance with other knowledge
tracking models and knowledge tracking performance. The online education datasets mainly include
the ASSISTments and Slepemapy.cz datasets, and the average AUC, average ACC, and average RMSE
are used as metrics to evaluate the prediction performance. AUC is defined as the area enclosed by the
ROC curve and the lower axis, and 50% of the AUC value indicates the prediction performance
obtained by random guessing, and a high AUC value indicates that the model has high ACC is the
percentage of correctly predicted results over all results, and a high ACC value indicates that the model
has a high predictive performance.RMSE is defined as the root mean square error between the
predicted value and the true value, and the lower the value of RMSE, the better the predictive
performance of the model.

For each model, 50 tests are conducted in this paper and the average AUC value, average ACC
value and average RMSE value are taken for comparison to get the comparative results of model
knowledge tracking prediction performance as shown in Table 1.

From the table, it can be seen that the AUC, ACC and RMSE values of the G-EKT model are better
than the other three comparative methods on both datasets, which suggests that the performance of the
G-EKT model in predicting the future performance of the students is superior to the existing models.
From the experimental comparison results, it can be seen that the BKT model has the lowest predictive
performance on both data sets, which suggests that the BKT model has limitations in modeling
students' potential level of knowledge about a knowledge point as a binary variable. The DKT model
uses the latent vectors of the recurrent neural network to model the overall knowledge level of the
students, and cannot model the students' mastery of the individual knowledge points, so the prediction
performance of the DKT model on the two datasets is lower than that of the DKVMN and the G-EKT
model. Both DKVMN and G-EKT models can model students' mastery of individual knowledge points,
but the DKVMN model ignores students' forgetting behavior during the learning period and defaults to
the fact that students' mastery of unreviewed knowledge points remains the same, which is a limitation,
and thus the predictive performance of the G-EKT model is stronger than that of the DKVMN model.

Table 1. Prediction results of models

Index Datasets BKT DKT DKVMN G-EKT
AUC ASSISTments 0.672 0.725 0.734 0.762
Slepemapy.cz 0.701 0.784 0.793 0.815
ACC ASSISTments 0.636 0.681 0.687 0.736
Slepemapy.cz 0.675 0.734 0.745 0.774
RMSE ASSISTments 0.443 0.416 0.402 0.319
Slepemapy.cz 0.421 0.408 0.399 0.348
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4.1.2. Path recommendation performance effects

The state-of-the-art adaptive learning path recommendation frameworks selected for comparison in
this study are Cognitive Structural Enhancement Model (CSEAL), Knowledge Point Concept Coverage
Based Prediction Model (KCP-ER), and Bi-Layer Multi-Objective Recommendation Model
(MulOER-SAN), with consistent parameter settings of the deep learning algorithms involved in the
baseline model. In order to highlight the learning path recommendation effect, this paper uses
effectiveness and adaptability metrics to evaluate the quality of the resulting adaptive learning paths.
Effectiveness is used to assess the improvement of learners' learning performance in a session, and
adaptability reflects whether each recommended exercise has an appropriate difficulty level. Table 2
shows the results of learning path recommendation for different models on different datasets.

It can be observed that the adaptive learning path recommended using the CSEAL model performs
the worst on two different educational datasets. After analysis, it is found that the CSEAL model
obtains the exercise candidate set directly through the successor knowledge point concepts of the
current knowledge point concepts in the knowledge graph, instead of obtaining it by using the
knowledge point concept coverage prediction, and it also does not take into account the difficulty
characteristics of the exercises, which may be the reason for the poor recommendation effect. The
MulOER-SAN model outperforms the KCP-ER model in all metrics on both datasets, and the RALP
model outperforms all comparison models in both effectiveness and adaptability. The technology
comparison experiments show that the dynamic learning environment representation that incorporates
learner behavior and domain knowledge features makes the adaptive learning path recommendation
based on reinforcement learning algorithms of higher quality and exhibits superior performance.

Table 2. Experimental results of different models

Model ASSISTments Slepemapy.cz
Validity Adaptability Validity Adaptability
CSEAL 0.421 0.684 0.438 0.709
KCP-ER 0.457 0.701 0.452 0.743
MulOER-SAN 0.478 0.715 0.489 0.776
RALP 0.521 0.779 0.556 0.814

4.2. Adaptive Learning Pathway Applications

4.2.1. Experimental Procedures for Applied Objects

To verify whether the RALP model in this paper can push more matching learning paths for learners
with different ability levels in Chinese teaching practice, language teaching practice is carried out. The
following aspects are involved:

(1) Application object and content. In this study, 80 first-year high school students in the class of
2023 in a middle school affiliated to a teacher training university were used as the research subjects to
carry out the application activities of Chinese teaching for a period of 18 weeks. The 80 first-year high
school students were divided equally according to the random number table method, in which there
were 40 students in each of the experimental class (YW 1) and the control class (YW2), and the average
age of the students in the two groups was 15.7 years old, with a male-to-female ratio of about 2:3.The
textbooks in the syllabus of the first year of high school were selected as the teaching contents, and the
Chinese teaching practice activities were carried out as a result of this.

(2) The teaching practice lasted for 18 weeks, and a pre-test was administered to both groups of
students to test their initial proficiency levels. At the same time, the Ministep software was used to
analyze the data of the previous students and the test questions of the question bank, compare the
difficulty of the test questions and the ability level of the learners within the same range, eliminate
abnormal questions, and determine the difficulty level of each test question. The test questions were
randomly pushed for the students in the experimental group from the question bank, and the initial
ability level of the students in the experimental group was obtained by Ministep software. The Chinese
teaching activities were carried out separately for the two groups of students, with the control group
adopting the traditional classroom teaching mode and the experimental group's teaching practice
arranged as follows:

When the online teaching platform was used as the basic support to carry out the 18-week Chinese
teaching practice, one test was carried out every three weeks, totaling six post-test experiments. At the
end of each test, a learner diagnostic report was obtained and the learner's ability level was updated, the
cognitive deficits of the students were counted, and remedial teaching was carried out after the class
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based on the diagnostic report and the learner's ability level. Test questions are pushed to the learners
based on the latest ability level calibration results for each test. Questionnaires were distributed and
collected at the end of the 18th week of teaching practice to investigate the experimental group's
satisfaction with the application of the RALP model, and finally, the relevant data and questionnaire
results were collated and analyzed. The experimental group and the control group kept the same
irrelevant variables except for the different teaching methods.

4.2.2. Performance of Students in Academic Achievement

With the initial knowledge level of the control group before carrying out the RALP model-based
application of teaching Chinese. The analysis shows that the difference between the pretest scores of
the experimental group (M=72.16,SD=3.27) and the control group (M=73.09,SD=4.76) is not
significant (t=0.571,p=0.193). It indicates that the initial knowledge level of the two groups of students
is comparable before carrying out the application of RALP model-based Chinese teaching and learning,
which can avoid the result error due to the difference in the initial knowledge level of the students.

As the experimental group used the RALP model for the first time, there may be phenomena such
as unfamiliarity with the operation process and unadaptation to the teaching method, which may affect
the results of the teaching application, therefore, in this study, during the 18-week teaching practice, we
carried out one teaching test every three weeks and recorded the test scores of the two groups of
students. The article on the six post-test scores of paired samples t-test, comparing the experimental
group and the control group scores of each test, and its specific comparison results are shown in Table
3.

The difference in performance between the experimental group (M=74.28,SD=4.15) and the control
group (M=74.39,SD=3.27) was not significant (t=0.273,p=0.135) in the posttest 1 test. There may be
two reasons for this, one is that the experimental group was not familiar with the ARLP model and did
not adapt to the new teaching method. The second is that the experimental group did not use the ARLP
model for personalized learning in the pre-test. After the first teaching in the posttest, students
gradually adapted to the teaching mode supported by the ARLP model and completed the Chinese
course with its assistance. With p=0.032<0.05 in the second test, p=0.007<0.01 in the third test, and
p<0.001 in the results of the fourth to sixth tests, the posttest scores of the experimental group and the
control group differed significantly, and the differences gradually increased. The control group lacks
the support of cognitive diagnosis and related personalized teaching aids, so the ambiguous goals and
time-consuming access to information in Chinese course learning are the main reasons for the lower
problem solving rate and learning efficiency.The diagnostic results given by the ARLP model can help
the experimental group to accurately grasp their own knowledge structure, and the adaptive learning
path recommended with the support of the diagnostic results can help the experimental group to make
up for the knowledge deficiencies. The ARLP model can help the experimental group accurately grasp
their own knowledge structure, and the adaptive learning path recommendation supported by the
diagnostic results can assist the experimental group to make up for the knowledge deficiencies, so as to
carry out more targeted learning of Chinese courses, and ultimately improve the problem solving rate
and learning efficiency of the experimental group. As a result, the teaching application of ARLP model
promotes the adaptive learning of the experimental group, and the students' performance is significantly
improved.

Table 3. Analysis of the post-test scores of the experimental and control group

Test Class Means SD SE t value p value
Tol w74 32 osa 02 0133
T2 W ogsel 43 ossd LTS 0032
TeS w76 3%s  onos 2O 0007
Te Wy 7008 da9  ommy ST <000
TS ywa  mig a5 o OBETC oo
TS vy e o o ST <ol

Note: *p<0.05, **p<0.01, ***p<0.001
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4.2.3. Learning path quality scores

At the end of the 18-week teaching practice, a comprehensive rating was conducted for the two
groups of students' learning of the knowledge points of the Chinese curriculum, mainly through the
online learning platform to collect students' ratings of the effectiveness of the recommended adaptive
learning paths and students' ratings of the quality of the recommended learning paths. The ratings were
characterized by a 7-point Likert scale, with higher branches indicating that the adaptive learning paths
were of higher quality and better able to meet students' learning needs of Chinese course knowledge. At
the end of the practice of the entire teaching course, the quality ratings of all the learning paths were
averaged out on a student-by-student basis, and their results were obtained as shown in Fig. 3, with the
colored area in the figure as the margin of error.

From the figure, it can be seen that the experimental group students' ratings of adaptive learning
paths are generally higher than the control group students' ratings of independent learning paths,
indicating that the adaptive learning paths constructed in this study are of better quality relative to the
independent learning paths, due to the fact that the latter recommends suitable learning paths for
students and reduces the learning load. An independent samples t-test on the scores of the two groups
of students showed that the mean values of the experimental and control group students' scores on the
quality of the learning paths were 6.47 and 5.89, respectively, and the experimental group's scores were
9.85% higher than those of the control group students, with a significant difference in the composite
scores (p<0.01).

6.9F L
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4.5 —#— Control class i
WP P NI AU (TN PR SPUNN YN NI NNPUN SArUN S NAPU NN SAPR N NP SN R R
2 4 6 8 1012 14 16 18 20 22 24 26 28 30 32 34 36 38 40

Learner number

Figure 3. Learning path quality scoring

At the end of the Chinese course, the log of learning behaviors recorded by the online learning
platform can be used to derive the average learning time for students to learn a single knowledge unit,
and the average learning time after normalization is shown in Figure 4.

As can be seen from the figure, most of the students in the experimental group used a shorter
learning time than the students in the control group, which is due to the fact that when learning
according to the recommended adaptive learning paths, the students spend less time on searching and
selecting learning resources, and learn more efficiently. However, there are some exceptions, which
may be due to individual differences in students' learning ability and learning efficiency. In addition,
the difference in the average study time of students in the control group was large, while the difference
in the average study time of students in the experimental group was small. This is due to the different
searching and learning abilities of students, which caused the time spent by students in the control
group in searching for learning resources to be different, whereas students in the experimental group
used the adaptive learning paths recommended by the platform, which narrowed down the difference in
the average learning time to a certain extent. The results of the independent sample t-test on the average
learning time of the two groups of students show that the difference in the average learning time of the
two groups of students is significant (p<0.05), and the adaptive learning path effectively reduces the
cognitive load of the experimental group of students, so that their learning efficiency is improved.
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Figure 4. Comparison of average study time

4.2.4. Learning and mastery of knowledge points

Based on the analysis of student performance and learning path quality scores, for students in the
experimental class, data can also be analyzed to evaluate how many knowledge points a student has
learned and how many more have been mastered, and visualize the learning status and implement
personalized intervention guidance to visualize the learning and mastery of knowledge points as shown
in Figure 5. In the figure, the right circle represents the number of knowledge points learned, the left
square represents the number of knowledge points mastered, and the difference in distance between the
two points represents the number of knowledge points not mastered by the student.

From the figure, it can be seen that the 33rd student corresponds to the longest line between the two
points, which indicates that the student's learning situation is worse. In this paper, when building the
ARLP model, it is designed for the student's learning situation, i.e., when the distance difference
between the two points is lower than the set threshold (20), the system will automatically send an alert
according to the student's learning situation. And at the same time, it will push the knowledge points
appropriate to its difficulty for learning according to the cognitive ability of the learner, informing the
students of the previous knowledge and related knowledge that they should learn. After completing the
learning, the subsequent knowledge points that can be learned only, this personalized intervention
guidance helps to promote teaching and learning. In the figure, the number of corresponding
knowledge points for 3 students, such as 5th, 9th and 11th, is only shown as circles, indicating that the
knowledge of the Chinese they have learned has been fully mastered.
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Figure 5. Visualize the learning and mastery of knowledge points

5. Conclusion

In order to improve the effectiveness and quality of Chinese teaching, the article proposes an
adaptive learning path optimization recommendation framework that combines reinforcement learning
and knowledge tracking, and carries out application practice for the effectiveness of the framework. It
is found that the effectiveness and adaptability of the RALP model in recommending adaptive learning
paths reach 0.556 and 0.814 respectively, and in the teaching practice supported by the RALP model,
the experimental class students' language learning performance is significantly improved, and the
quality of the learning paths scores are higher, and the mastery of Chinese course knowledge can be
visually manifested. Therefore, the adaptive learning path optimization recommendation can
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significantly enhance the effect of language teaching and provide a decision-making path to promote
the innovative reform of language course teaching.
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