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Abstract With the rapid development of information technology, the field of education is gradually adopting 
intelligent technology to enhance the teaching effect. This study proposes a multi-scenario teaching strategy 
optimization path based on reinforcement learning for English in the higher vocational railroad industry, which 
recommends personalized learning paths for learners by combining the Deep Knowledge Tracking (DKT) model 
with the Reinforcement Learning (RL) method. In the experiments, the model is validated on different datasets, in 
which the AUC in the Skill-builder-data-2023-2024 dataset reaches 0.83837, and the accuracy is 0.75654. By 
comparing with the traditional models (e.g., BKT, DKT, KNN, etc.), the method of this paper demonstrates a 
significant advantage in the accuracy of the learning path recommendation. At the same time, it is also able to adjust 
the recommendation strategy according to the dynamic performance of the learner to further optimize the learning 
effect. The results show that the learning path recommendation based on reinforcement learning can significantly 
improve the degree of personalization and adaptability of higher vocational English teaching, and has high practical 
value. 
 
Index Terms Reinforcement learning, deep knowledge tracking, learning path, personalized recommendation, AUC, 
accuracy rate 

I. Introduction 
With the rapid development of China's railroad business, the requirements for English speaking ability in the railroad 
industry are getting higher and higher [1]. However, the current level of English application ability of railroad 
employees is low, which is difficult to meet the needs of cross-linguistic communication on the railroad. In order to 
improve the English speaking level of railroad staff and adapt to the internationalized working environment, it is 
imperative to improve the quality of English teaching in the higher vocational railroad industry [2]-[4]. 

At present, most of the higher vocational colleges and universities have offered professional English courses, but 
there are students' basic knowledge of English is not solid, vocational colleges and universities have weak English 
teachers, especially the teaching strategy is relatively backward [5], [6]. Therefore, in order to improve the cultivation 
efficiency of railroad professional English talents, the optimization of teaching strategy of reinforcement learning 
under the background of artificial intelligence has received wide attention [7], [8]. Reinforcement learning is an 
important branch of machine learning, which aims to make the intelligent body learn the optimal decision-making 
strategy through interaction with the environment [9], [10]. In this process, “strategy search” and “optimization” are 
two key techniques, which have a direct impact on the learning efficiency and final performance of the intelligences 
[11], [12]. In the English teaching of railroad majors, reinforcement learning can provide new ideas for teaching 
strategies, and railroad majors, as an emerging course, have relatively small class size, which is conducive to the 
flexible use of the above teaching methods [13]-[15]. 

This study combines reinforcement learning with knowledge tracking technology to model students' learning state 
through deep learning models and optimize learning path recommendation using reinforcement learning. First, the 
deep knowledge tracking model is used to analyze students' historical learning records and assess their current 
knowledge mastery; then, the reinforcement learning model is used to dynamically recommend learning paths 
based on students' cognitive state and learning progress. This method not only improves the accuracy and efficiency 
of recommendation, but also continuously adjusts the learning strategy according to the students' learning progress, 
thus realizing personalized and intelligent multi-scenario teaching support. 
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II. Theoretical foundations 
II. A. Overview of knowledge tracking 
Knowledge Tracking Overview Knowledge Tracking (KT), a technique designed to track the state of a learner's 
knowledge level, which predicts the current learner's mastery of a knowledge point at a given point in time based 
on the learner's historical learning record. In the knowledge tracking task, the first task is to model the user's 
interaction with the exercises. Given a student's historical learning record 1 2( , , , )t tE e e e  , the knowledge-tracking 

task is to predict the student's performance on the next time window 1te  , which can be interpreted as the degree 

of mastery of the next learning content. Where 1 2( , , , )i ne x x x   denotes the student's learning record on the i th 

time window, n  refers to the number of completed questions in the current time period, and jx  is specifically an 

ordered pair of the student's record of doing the questions, i.e. ( , )j j jx q a , which is an ordered pair representing 

the j th question answered by the student under the current time window, where ja  denotes the result of that 

answer, and in general ja  is either 0 or 1, with 0 being an incorrect answer for that question, and 1 being a correct 

answer [16]. The process of knowledge tracking task for users is shown in Figure 1. 
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Figure 1: conducts knowledge tracking for users 

The Deep Knowledge Tracking (DKT) model introduces Recurrent Neural Networks (RNN) to the knowledge 
tracking task for the first time, tracking the process of dynamic changes in the learner's knowledge proficiency over 
time and modeling the state of the learner's knowledge level. The deep knowledge tracking model is shown in Figure 
2. 
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Figure 2: Deep Knowledge Tracing (DKT) 
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In the figure, ix  represents the input vector under the i th time window, ih  is the state of the hidden layer, and 

is the student's knowledge state matrix, and the final output of ty  is the degree of the student's knowledge of the 

point of tx , which is also the probability of answering the right question, under the t th time window.The DKT 

model's The formula for calculating the DKT model is: 

 tanh( )
xt h t hh t i hh W x W h b    (1) 

 ( )t yh yy W b   (2) 

In Equation (1), tanh is the tanh function, 
xhW  is the weight matrix, hb  is the bias of the hidden layer, and hhW  

is the recursive weight matrix. In Equation (2),   is the Sigmoid function, yhW  is the input weight matrix, and yb  

is the bias of the output layer. 
 
II. B. Overview of Enhanced Learning 
II. B. 1) Basic Concepts of Reinforcement Learning Techniques 
The model of reinforcement learning technique is shown in Figure 3. The task is to continuously explore in the 
constructed environment, the specific process is to observe the state in the environment, and then take the 
corresponding action, thereby obtaining the environment feedback to the intelligent body's current exploration of 
the action of the reward Finally, through the maximization of the reward to learn and update the strategy, and 
constantly interact with the environment, so as to find the optimal solution to reach the end state. Reinforcement 
learning simulates the environment explored by the intelligent body as the environment in which the current learning 
task takes place, which is the core element of reinforcement learning.State, i.e., state. The state of the intelligent 
body in the environment can be understood as a property of the intelligent body itself, which can be location 
information or other variables that characterize the environment. Action is the behavior produced by the intelligent 
body during the interactive exploration of the current environment, and the action space is represented as A , 
where the action under the time window t  is ta A . Reward is a certain reward that the environment feeds back 
to the intelligent body based on the action taken by the intelligent body in its current state during the interactive 
exploration of the current environment. 
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Figure 3: Reinforcement Learning Model 

II. B. 2) Markov decision-making process 
Reinforcement learning problems are often described as Markov Decision Processes (MDPs). A Markov decision 
process has dependencies between states and a temporal order and is a sequential decision process. The Markov 
decision process contains five elements which can be represented by a quintuple, ( , , , , )M S A P R  . Where S  is 
a finite state space, A   is a finite action space, also called the set of actions, { ( ) | , }sP P a s S a A      is the 
probability of transferring to the next state, R  is the reward function, and   is the discount factor. 

Where the transfer probability matrix P   is specified as ( , ) 1( , , ) ( | , )s a t t tP s a s P r s s s s a a 
     , and the 

instantaneous reward r  is expressed as 1 1( , , ) { | , , }t t t tr R s a s E r s s a a s s 
      . 

The Markov decision process (MDP) is shown in Figure 4. 0s  is the initial state of the intelligent body, after taking 
the action 0a  in this state, it transfers to the state 1s  according to the probability 0p  and receives the immediate 
reward 1r  from the environment, and then repeats the above process continuously. 
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Figure 4: Markov Decision Process 

In Markov Decision Process (MDP), which is based on the theory of stochastic processes, it is stipulated that the 
current state of the intelligent Agent is only related to the state of the previous moment and the action taken. 
Meanwhile, reinforcement learning methods based on this view the recommendation process as a Markov decision 
process [17]. As a result, the reinforcement learning based recommendation model can portray sequential features 
of user behavior and is able to capture the dynamic preferences of the user. The model also dramatically improves 
the diversity of recommendation results by allowing the intelligences to fully explore the state space and action 
space according to their exploration mechanisms. This type of model generally performs recommendation strategy 
updates by focusing on maximizing the cumulative gain of the recommendation system as an optimization goal, 
focusing on the long-term feedback of the dry users, thus focusing on the improvement of the long-term satisfaction 
of the users, and also improves the accuracy of the recommendations. 

 
II. B. 3) Enhanced Learning Algorithm 
(1) QLearning algorithm 

The QLearning algorithm is an offline strategy algorithm and a value-based reinforcement learning algorithm. 
Among them, Q refers to the Q value, and the Q function in the algorithm, that is, Q (state, action), is expressed as 
the Q   value obtained by executing the action A   under the state S  , also called Q value  . The QLearning 
algorithm aims to maximize Reward by selecting the optimal action A  under the state S , i.e., the best action, in 
order to get the maximum return, with the ultimate goal of maximizing the Q  value. 

The QLearning algorithm always maintains a Q   table ( Q table  ) to store the Q   value ( Q value  ) 
corresponding to different actions taken in different states. In the interaction between the agent and the environment, 
the Q   value is modified and the Q   table is updated according to the instant reward r   obtained and the 
algorithm rules. As the number of iterations increases, the agent improves its understanding of the environment, 
and the Q  function gradually fits until it converges or reaches the set number of iteration ends. 

The Value update formula of QLearning algorithm is shown in equation (3). 

 ( , ) ( , ) [ ( , ) max ( , ) ( , )]Q s a arrowQ s a R s a Q s a Q s a        (3) 

 s s  (4) 

where   is the learning rate and denotes the update magnitude, ( , )R s a  is the immediate reward, max ( , )Q s a    

is the value of Q   obtained by selecting the action that maximizes the next state at the next state, and 

( , )maxQ s a     denotes the future long-term reward. The ( , ) max ( , )R s a Q s a     is denoted holistically as the true 

Q -value of the action ta  to be taken in the current state ts , consisting of the immediate reward R  and the long-

term reward. The ( , )Q s a  in the middle bracket is the estimated Q  value, and the difference between the actual 

Q  value and the estimated Q  value is denoted as ( , )Q s a , and when this difference tends to 0, ( , )Q s a  no 

longer changes and the whole tends to a convergent state. 
(2) MCMC algorithm 
Monte Carlo Method Control (MCMC), a learning method for estimating value functions, learns policy-based state-

value functions, with the main idea of averaging sample gains and learning from actual or simulated interaction 
environments based on the states, actions, and rewards of a sequence of empirical samples. Monte Carlo methods 
do not require prior knowledge of the environment dynamics and still achieve optimal behavior. 

III. Recommendation of Adaptive Learning Path for English in Higher Education Railway 
Industry 

III. A. Problem definition 
III. A. 1) Learning phase 
Learning is a long process that can be broken down into more separate learning stages. Each stage of learning has 
separate learning objectives, which can be set by the teacher or the learner. Each learning stage consists of two 
main components: learning paths and quizzes. The learning validity of a stage PE  can be defined as: 
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where sE  is the score of the quiz at the beginning of a given study, eE  is the score of the quiz at the end of the 

study, and supE  is the total score of the quiz. 

 
III. A. 2) Learning sequence diagrams 
There are some domain-specific relationships in educational knowledge mapping, such as the learning sequence 
and similarity relationships between learning items, which can represent specific knowledge structures. Usually, 
when learners learn, they tend to follow the learning pattern of “first easy, then difficult”. The learning sequence 
relationship graph is a subgraph of the Education Knowledge Graph, which represents the learning sequence 
relationship between learning items. The nodes in the graph represent learning programs, and the arrows from one 
to the other mean that the former is the prerequisite entity for the latter. 
 
III. A. 3) Learning path recommendation problem 
Learning is composed of multiple learning stages. In each phase, the learner will accomplish a specific learning 
objective 0 1, ,...T t t , the learning objective can be to master the knowledge in one or more learning items. Learning 

items are nodes on the learning sequential relationship graph G  , and edges represent learning sequential 
relationships, i.e., ( , )i j . The tuple ( , )i j  indicates that the learning item i  is the prerequisite entity for j . For a 

learner who is about to start a new phase of learning, the historical learning records generated in previous learning 
phases are represented as 0 1{ , ,..., }mh h hH  . Each record { , }th k score   contains a learning item k   and a 

corresponding learning situation score . Without loss of generality, it is assumed that score  is a discrete number 
0 or 1, where 1 means that the corresponding item is mastered, while 0 means that it is not mastered. The goal of 
this paper is to recommend an optimal learning path 0 1{ , ,... }NP p p p , containing N  items, and by following the 

recommended path, the learner can achieve a greater improvement in knowledge mastery. 
III. B. Cognitive Structure Enhanced Adaptive Learning Framework CSEAL 
III. B. 1) Definition of MDP 
The goal is to learn a policy that recommends targeted learning paths based on cognitive structures. In this paper, 
we model such sequential path generation as a decision problem and treat it as an MDP.The states, actions, and 
rewards of an MDP are defined as follows. 

State: at each step of recommendation, the probability of selecting a certain learning item is closely related to the 
learning goal and the previous learning record. The former represents the focus and direction of the learner's 
learning, while the latter implies the learner's learning ability and cognitive state. The state at step i  is defined as 
the combination of the learning objective   and the current cognitive state is , denoted as istate . The learning 

objective is represented using a unique heat code, denoted as {0,1}MT : 
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where M  is the total number of nodes in the learning sequential relationship graph G . As mentioned earlier, the 
learner's cognitive state is a hidden variable that cannot be directly observed, and 1iL  consists of two parts, one 

part is the historical learning record H  before the current learning front-end, and the learning record generated in 
the previous 1i   steps within the current learning phase 0,..., 1iF  . 

Action: action ia  means recommending learning items ip  at step i . If the probability of recommending each 

item is taken as an output, CSEAL can be viewed as a stochastic strategy which is implemented by sampling from 
the distribution 0, , 1( | ; ) ( | , , ; )i ipi a state P a   H F T  in sampling to determine the next action, where   is a model 

parameter. 
Reward: after taking an action, the model receives a reward signal r . During the learning process, the reward 

ir  for step i  is kept 0. The goal of this paper is to maximize the sum of the discounted rewards for each step i . 
The reward is maximized: 
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where   is the discount factor, which is usually set to 0.99. Overall, the CSEAL model proposed in this paper 
consists of three sub-modules, i.e., Knowledge Tracking (KT), Cognitive Navigator (CN), and Actor-Reviewer-based 
Recommender (ACR). KT is responsible for mining the implicit cognitive state S  based on the previous learning 
record at each step, and CN selects a set of candidate actions that matches the learning logic based on a learning 
sequential relational graph G  to select the set of candidate actions that match the learning logics. The learning 
goal and the cognitive states mined by KT are input into ACR as states to decide the next optimal learning item by 
maximizing the overall gain over the entire learning path. At the end of the learning phase, the rewards obtained 
from the final full path are passed to CSEAL and used for reinforcement learning to adjust the model parameters. 
 
III. B. 2) Knowledge tracking 
The learner's current cognitive state has a very strong influence on his/her performance on the recommended 
learning program, and thus needs to be focused on when determining the desired path recommendation strategy. 
At the same time, as a key component of state in MDP, it needs to be accurately and quantitatively modeled [18]. 
In this paper, we use knowledge tracking techniques to model the implied cognitive states from previous learning 
records iS , 1 0, , 1i i   L H F . In this paper, we extend the DKT model structure with an embedding layer that 

reduces the feature space. It is assumed that tscore  in the prior learning record { , }t t tp scoreL  is either 0 or 1. 

tL  is characterized by a unique heat code as described in DKT: 

First, the learning record iL  characterized by the unique heat code is converted into a low-dimensional dense 
vector ix  using the embedding operation. 

The above process can be described as: 

 t t ux W L  (8) 

2 M d
uW     denotes the parameters of the embedding layer, d

tx   , where d  is the output dimension. 

After obtaining a representation of the learning record, KT can track the dynamic cognitive state based on the 
learning record. The LSTM structure described in the DKT is used to represent the input record representation 
vector sequence 1 2, ,..., Nx x x  are mapped into intermediate vector sequences 1 2, ,..., No o o . The update formula for 

the LSTM hidden state rh  at step t  is as follows: 
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 (9) 

Over the fully connected layer from the intermediate vectors 1 2, ,..., No o o  from the cognitive state vector M
tS   : 

 ( )t oF t FS W o b   (10) 

where • • • •, , ,i f c o  are the input gates, forgetting gates, memory cells and output gates of the LSTM, respectively. 

•w  and •b  are the learnable weight matrix and bias. 

 
III. B. 3) Cognitive navigation 
Humans need to follow general cognitive laws when learning, and such cognitive laws can be expressed as the 
structure of potential semantic networks between learning items, i.e., knowledge structures. In this paper, we focus 
on quickly filtering out potential learning items rather than directly selecting a learning path. 
 
III. B. 4) Actor-critic based recommenders 
In this paper, inspired by the phenomenon that teachers in practice dynamically adjust their teaching strategies 
based on student performance feedback, an actor-critic algorithm is used to adaptively learn the optimal 
recommendation strategies. A strategy network is used as an actor to generate actions from the filtered D  sampled 
in the distribution ( | ; )ia state  , and a value network is used as a critic to evaluate the state. The value network 

( ; )vv   is used to estimate the expected return for each state. It is a feed-forward network with inputs i istate T S , 
where iS  is the current cognitive state and T  is the learning goal. The predicted gain iV  for the i th step can 
be computed in the following way: 
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 ( ; ) ( ; )i i iv state    V VV V S T  (11) 

With the stochastic policy and value network, the actor-critic algorithm is applied to the path generation problem, 
using the policy gradient at step i  to train the policy network: 

 log ( | ; )( )i i ia state R v      (12) 

And train the value network by minimizing the distance between the return prediction and the actual return: 

 2
2|| ||value i ioss v R L  (13) 

Since too fast convergence of the value network may lead to slow convergence or even non-convergence of the 
strategy network, this paper proposes a strategy-enhanced loss term to solve this problem. The final loss function 
is: 

 
2
2|| ( ; ) || ( | ; )( )

( | ; )
i i i i i

i i

oss state R log a state R v

log a state R

   
  

    

 
VL V

 (14) 

where   and   are hyperparameters. 

IV. Model testing and application 
IV. A. Model Performance Testing 
IV. A. 1) Data set preparation 
In this section, the performance test of the model proposed in this paper is carried out. The model is tested mainly 
for its generalization ability. The generalization ability is the prediction ability shown for unknown data, and its 
quantitative metrics are accuracy, precision, recall, subject characteristics (ROC) curve and area under the ROC 
curve - AUC, and confusion matrix F1 value. The test metrics Accuracy, AUC, etc. are described for this paper. The 
dataset should satisfy the principle of reasonable distribution of test and training data magnitude and the principle 
of independent and same distribution of data, i.e., the training set and the test set cannot cross and are in the same 
distribution state. Since the system is an online platform, learners can not only get the recommendation service, but 
also the learning process will be recorded, and these data will be filtered and processed to generate new 
experimental data. 
 
IV. A. 2) Analysis of results 
In this paper, the model incorporates the learning process data into the knowledge state measurement with the aim 
of improving the accuracy of the knowledge tracking model. In addition, in order to solve the problems of input 
information reconstruction and fluctuation of prediction results, the model introduces regularization coefficients. The 
AUC performance of different knowledge tracking algorithms is shown in Table 1. In the skill-builder-data-2023-
2024 dataset, the AUC of BKT and DKT reaches 0.58803, 0.82309, and the AUC of this paper's model reaches 
0.83837. In the dataset ADM-2018, the AUC of BKT and DKT reaches 0.61808, 0.68073, and this paper's model 
reaches 0.7691. 

Table 1: The AUC performance of different knowledge tracking algorithms 

 BKT DKT Ours 

Skill-builder-data-2023-2024 0.58803 0.82309 0.83837 

ADM-2018 0.61808 0.68073 0.7691 

 
The model Acc performance is shown in Table 2. In the skill-builder-data-2023-2024 dataset, the Accuracy of BKT 

and DKT reaches 0.67233, 0.71058, and the Accuracy of this paper's model reaches 0.75654. In the dataset ADM-
2018, the BKT, DKT's Accuracy are 0.59559, 0.6223 respectively, and the model in this paper reaches 0.69723.From 
the figure, it can be seen that the AUC and Accuracy of DKT are improved compared with BKT. Among them, the 
AUC performance improvement is most obvious in the skill-builder-data-2023-2024 dataset. This indicates that DKT 
utilizes the nonlinear fitting property of neural networks and the forgetting property of LSTM to improve the accuracy 
of predicting learners' knowledge states. In order to improve the algorithm computational performance and explore 
the potential connection between each learning feature, the learning information of this paper's method is not only 
not lost, but the AUC and Accuracy are also improved. 

 



Research on the Optimization Path of Multi-scene Teaching Strategies for English in Higher Vocational Railway Industry Based on Reinforcement Learning 

5178 

Table 2: Model ACC performance 

 BKT DKT Ours 

Skill-builder-data-2023-2024 0.67233 0.71058 0.75654 

ADM-2018 0.59559 0.6223 0.69723 

 
IV. B. Comparison Test Experiments 
In this section, the effectiveness of the proposed type is compared with the classical models on several current 
recommendation problems. The comparison experiment is divided into two parts, one is to compare the 
effectiveness of this paper's model with the comparison model by fixing the learning path length. The second is to 
compare the effectiveness of each model in different path lengths by using the learning path length as a variable. 

The models for comparison are KNN, GRU4Rec, NARM and DQN. the following is a brief description of the 
comparison models: 

KNN: KNN finds the closest predefined number of new users by comparing the cosine distance of the learning 
paths and recommends what to learn next for the new users. 

GRU4Rec: GRU4Rec is the classic session-based recommendation model. The input to the model is a sequence 
of sessions and the output is a probability distribution of the next occurrence of the learned item. 

NARM: NARM is a state-of-the-art personalized trajectory-based recommendation method for RNN models. It 
uses an attentional mechanism to determine the relevance of past learning trajectories to the next learning element. 

DQN: Several studies have proposed the use of reinforcement learning to solve the learning path 
recommendation problem. 

A comparison of the average validity of the models on the two datasets is shown in Table 3. The results show that 
the model proposed in this paper outperforms the other comparison models. Comparing the results on the two 
datasets, KNN, GRU4Rec and NARM perform well on the Junyi dataset and slightly worse on the ASSISTments 
dataset. It can be seen that the traditional methods have high applicability on the data with one-to-one knowledge 
points of the exercises and poor applicability on the data with many-to-many knowledge points of the exercises. 
And the traditional DQN model is almost impossible to make effective recommendation on two datasets. The method 
proposed in this paper outperforms the other four comparative models on both datasets, which shows that splitting 
the learning path recommendation into the knowledge point level and the exercise level as well as introducing a 
course guide to the reinforcement learning intelligences can indeed improve the applicability of reinforcement 
learning algorithms in the learning path recommendation scenario. 

Table 3: Contrast model is compared to the average effectiveness of two data sets 

Model name Junyi ASSISTments 

KNN 0.25387 0.0878 

GRU4Rec 0.19963 0.12402 

NARM 0.19294 0.15586 

DQN 0.00491 0.02187 

Ours 0.33675 0.40879 

 
Comparison of the efficiency of each model on different learning path lengths is shown in Fig. 5 (Figs. a and b 

show the experimental results under Junyi and Assistment datasets, respectively). The median number of exercises 
within a single answer log in the statistical information of the two datasets is 20 and 33, respectively, and it is 
hypothesized that the most suitable learning path length should be around 20 and 33. The experimental results 
show that the average efficiency of the model proposed in this paper on the two datasets achieves better results at 
path lengths of 22 and 31, respectively, and outperforms other comparative models in longer learning path scenarios. 
IV. C. Example of Adaptive Learning Path Recommendation 
This subsection gives an example of multi-scenario adaptive learning path recommendation for English in the senior 
railroad industry. An example of different adaptive learning path recommendations regarding the same learning 
objective is shown in Figure 6. Figure (a) shows a part of the prerequisite graph after preprocessing the knowledge 
graph contained in the Junyi dataset, in this example, the learner's learning goal is a learning item containing 
knowledge point 636, and its history of interactions is grouped as {(636,0),(636,0),(636,0),(636,0),(636,0)}, which 
suggests that this learner may have dilemma in the learning process and is completely unable to master the 
knowledge point.636 Figure (b) shows the learning paths recommended for them using the two recommendation 
models GRU4Rec and the method in this paper, respectively. 
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(a) Junyi (b) Assistment 

Figure 5: Comparison of model efficiency on different learning path length 

According to the experimental results, the multi-scenario learning path recommended by GRU4Rec for his English 
in the higher vocational railroad industry contains only the learning items corresponding to the target knowledge 
point 636. This learner had not mastered Knowledge Point 636 originally and would not be able to complete any 
step in the path along this learning path. The path recommended by this paper's method encourages the learner to 
review the knowledge points that have prerequisites for the target knowledge point. Based on the experimental 
results, it can be seen that this paper's method first recommends the learning item containing knowledge point 143 
for this learner, and then chooses to suggest that he or she learns the target knowledge point or the knowledge 
point associated with the target knowledge point according to the learner's answers, for example, in the third time 
step it recommends the learning item containing knowledge point For example, in the third time step, the learning 
item containing knowledge point 390 is recommended for the learner, in the fourth time step, the learning item 
containing knowledge point 382 is recommended for the learner, etc., and in the later time steps of the path 
recommendation, the learning item containing knowledge point 636 is recommended, which shows that the method 
in this paper can recommend a more efficient and cognitively logical learning path for the learner. 

762

382

742 390

49

672

636

682 162

143 304

309677 167

636 636 636 636 636 636 636 636 636 636

636 636 636 636 636 636 636 636 636 636

143 636 390 382 636 672 636 390 636 143

162 304 162 636 636 636 672 636 636 636

GRU4Rec:

Ours:

(a) Partial prerequisite diagram

(b) Use the learning paths recommended by GRU4Rec and ours  

Figure 6: Examples of different adaptive learning path recommendations 
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IV. D. Case Studies 
In this study, we also randomly selected the adaptive learning path of a learner in the experimental class of a school 
for teaching English in multiple scenarios in the higher vocational railroad industry to conduct a case study, and the 
case study of the adaptive learning path is shown in Figure 7. In the figure, the horizontal axis (x-axis) represents 
the path recommended by the exercise, and the vertical axis (y-axis) represents the accuracy rate, the point colored 
green represents the average accuracy rate of all learners who answered the exercise in the system, and the point 
colored blue represents the student's answer in each exercise, if the answer is correct, y=1. If the answer is incorrect, 
y=0. From the figure, we can see: 

(1) from the green point of the trend of change, the system recommended for the learner's accuracy of the 
exercises roughly show a wave, when the student answered incorrectly on an exercise, the system recommended 
for the learner a higher accuracy of the exercise, when the learner answered correctly on an exercise, the system 
recommended for the learner's accuracy of the exercise is getting lower and lower, this visualization shows that the 
system can be based on the learner's answer, for the This visualization shows that the system can recommend 
appropriate exercises for learners based on their answers, i.e., exercises with appropriate difficulty. 

(2) When the average accuracy of an exercise is high, but the learner answers it incorrectly, the system will 
recommend an exercise with comparable accuracy again. If the answer is still wrong the second time, it means that 
the exercise is the student's weak knowledge concept. If both answers are correct, the previous error may be due 
to a mistake or other reasons. 

(3) When the average accuracy of an exercise is low and the learner answers it incorrectly, the question may be 
a difficult one for the learner. In conclusion, from the learners' case study of adaptive learning paths for multi-
scenario teaching of English in the higher vocational railroad industry, the systematic recommendation of exercises 
based on the method of this paper is able to locate weak knowledge point concepts, diagnose learning difficulties, 
and is able to recommend exercises of appropriate difficulty for the learners. 

 

Figure 7: Adaptive learning path case analysis 

V. Conclusion 
Experimental results on different datasets show that the learning path recommendation system based on 
reinforcement learning outperforms traditional recommendation models in terms of performance. On the Skill-
builder-data-2023-2024 dataset, the AUC value of this paper's model reaches 0.83837 with an accuracy of 0.75654, 
which is significantly higher than the BKT and DKT models. On the ADM-2018 dataset, the AUC of this paper's 
model is 0.7691 and the accuracy rate is 0.69723. By comparing with traditional methods such as KNN, GRU4Rec, 
NARM and DQN, the model proposed in this paper shows a large advantage in both path recommendation efficiency 
and accuracy. 

In addition, the model in this paper is able to continuously adjust the recommendation strategy according to the 
dynamic feedback of learners, which greatly improves the degree of personalization and adaptability of learning. By 
accurately analyzing students' historical learning data, the system is able to recommend the most appropriate 
learning content for students and avoid over- or under-learning in the process. Therefore, the method in this paper 
not only provides a new learning path optimization idea in theory, but also provides an effective teaching strategy 
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optimization tool for multi-scenario teaching of English in the railroad industry in higher vocational colleges and 
universities in practice. 
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