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ABSTRACT 
How to form a personalized shortest learning path for vocal skills based on learners' individual 
characteristics is the key to improve the efficiency of vocal music teaching. In this paper, on the basis 
of dynamic key-value memory network, a gating mechanism is used to update students' knowledge 
mastery status, and a knowledge tracking model based on dynamic key-value gated recurrent network 
is proposed to realize the accurate assessment of students' vocal music level. On this basis, after 
searching the suboptimal path using the particle swarm algorithm, the shortest path is searched using 
the ant colony algorithm, which solves the shortcoming of the blindness of the initial search direction 
of the single ant colony algorithm, and constructs a recommendation model for optimization of the 
learning path of vocal skills. The results of simulation experiments show that the model AUC and ACC 
on the ASSIST2015 dataset are 0.7468 and 0.7654, respectively, which are much higher than the 
highest 0.7281 and 0.7528 in the baseline model. Path optimization was achieved for both ordinary 
and excellent vocal students, and the average optimization was 4.297 and 3.242 on ASSIST2009, and 
3.819 and 3.044 on ASSIST2015.This paper makes an innovative exploration to improve the quality of 
vocal music teaching. 
Keywords: key-value memory network; gating mechanism; ant colony algorithm; vocal music teaching 
 

1. Introduction 

Vocal music teaching is one of the most important aspects of cultivating students' musical literacy and 
performance ability [1]. The cultivation of basic skills in vocal music teaching is the cornerstone of 
students' growth and development, and is the key for students to build a good foundation in vocal 
music [2]. Good foundation skills can not only lay the foundation for students' future in-depth study 
and singing, but also improve their performance ability and musical literacy [3-4]. However, due to the 
differences and individual differences of students, teachers need to ϐlexibly use a variety of methods 
to provide targeted guidance for different students' characteristics [5]. For students learning vocal 
music, they need to master a variety of skills including breathing training, occurrence exercises, 
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including practical learning methods [6-7]. This is not only related to the students' own professional 
development, but also will have a direct impact on whether the discipline teaching education can 
achieve comprehensive development [8-9]. Therefore, it is crucial to investigate an effective strategy 
that can improve the teaching of specialized music skills to students in higher education. 

The goal of the shortest path problem is to ϐind a path that minimizes the sum of total weights 
between two given nodes in a network [10]. As one of the most classical and common problems in 
graph theory, the shortest path problem is the theoretical basis for research in computer science, 
geographic information science, operations research, management science, transportation 
engineering, industrial engineering and complex systems science, and its core idea is closely related 
to the ϐields of education and management in daily life [11-14]. Combining it with the teaching of vocal 
skills in music education helps students ϐind the shortest path to skill mastery and brings an innovative 
teaching approach to the practical teaching of the course [15-17]. 

In this paper, based on the knowledge tracking of vocal level determination, we design the 
optimization recommendation model mentioning the learning path optimization of vocal skills based 
on ant colony-particle swarm hybrid algorithm. Firstly, a knowledge tracking model DKVGRU based on 
dynamic key-value gated recurrent network is produced. By retaining the external key-value memory 
module and memory read-write mechanism of the DKVMN model, the DKVGRU model not only digs 
out the relationship between exercises and individual knowledge points, but also reads and writes 
knowledge mastery status of individual knowledge points. Then based on the ant colony-particle 
swarm hybrid algorithm, the particle swarm algorithm is utilized in the early stage to carry out a 
coarse search with its rapidity and global nature, and after a certain number of iterations to ϐind a 
suboptimal solution to the problem, and then the pheromone matrix of the ant colony algorithm is 
initially distributed with the obtained suboptimal solution to overcome the defect of the ant colony 
algorithm's searching having a blindness, and thus to determine the shortest path of the vocals skill 
mastery path The shortest path for vocal skill mastery is determined by overcoming the blindness of 
the ACO search. Finally, simulation experiments are carried out on two datasets, ASSIST2009 and 
ASSIST2015, to verify the model performance. 

2. Measurement of students' vocal level based on DKVGRU knowledge tracking 

2.1. Definition of basic concepts and symbols 

Commonly used concepts in the knowledge tracking model are exercise interaction, knowledge 
mastery state and knowledge growth, and their concepts are explained as follows: 
1) Exercise interaction: Exercise interaction refers to the process in which the online learning platform 
judges whether the answers to the exercises submitted by students are correct or not. Therefore, the 
exercise interaction data consists of two parts: the exercise label and the student's answer, i.e., 

 ,t t tx q a . 
2) Knowledge mastery state: students' mastery of each knowledge point is collectively referred to as 
the knowledge mastery state, which is a dynamically changing value in the model of this paper. 
3) Knowledge growth: the new knowledge acquired by students in one answer is called knowledge 
growth. The model obtains knowledge growth information through the exercise interaction data. 
4) Knowledge update: Through a question-answering activity, the change of students' own knowledge 
mastery state is called knowledge update, and knowledge update includes two parts: knowledge 
forgetting and knowledge growth. 

The DKVGRU model stores N  knowledge point of the exercise set in the static knowledge matrix 
kN dK  , kd  represents the dimension of the knowledge point vector, and the knowledge vector 

ik  in the knowledge matrix K   1 2, , , Nk k k  represents the knowledge point i . The knowledge 
mastery states of the N   knowledge points are stored in the dynamic knowledge mastery state 
matrix vN dV  , vd  represents the dimension of the knowledge point mastery state vector, and the 
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knowledge mastery vector iv  in the knowledge mastery state matrix  1 2, , ,t NV v v v   represents 
the mastery degree of the corresponding knowledge point i . 

2.2. Knowledge tracking model based on dynamic key-value gated recurrent networks 

The DKVGRU model is designed to gradually update students' knowledge mastery state based on their 
historical sequences of exercise interactions, and to predict the probability of students' correctly 
answering exercises through their knowledge mastery state. Among them, the construction of the 
DKVGRU model is divided into the answer prediction network and the knowledge update network 
based on the gating mechanism. The answer prediction network is used to predict the correctness of 
students' answers to Exercise tq , which consists of three parts: the knowledge weight of the exercise, 
the mastery level of the exercise, and the prediction of the answer to the exercise: 1) The calculation 
of the knowledge weight of the exercise is to obtain the relevance degree of Exercise tq  to various 
knowledge points. 2) The calculation of the degree of knowledge mastery of the exercises is a 
combination of the degree of mastery of the knowledge contained in Exercise tq  and the difϐiculty of 
the exercises, to obtain the overall degree of mastery of Exercise tq   by the students. 3) Exercise 
Answer Prediction predicts the probability of students answering Exercise tq   correctly based on 
their overall mastery of Exercise tq . The knowledge update network based on the gating mechanism 
updates the students' knowledge mastery status through the exercise interaction data  ,t t tx q a  to 
get the students' new knowledge mastery status [18]. 

2.2.1. Knowledge weighting of exercises. For predicting the probability of a student answering 
Exercise tq   correctly, the model ϐirst calculates the correlation between Exercise tq   and each 
knowledge point. Exercise tq   is mapped into exercise vector kd

te    by Embedding matrix 
kE dA  . Exercise vector te  is inner-producted with each knowledge point vector ik  in knowledge 

matrix  1 2, , , NK k k k   for similarity calculation. Then, softmax function normalizes the similarity 
between the exercises and all the knowledge points to obtain the weight N

tw    of exercise tq  
with each knowledge point, i.e.: 

  max T
t tw soft e K   (1) 

where,  max ji
zz

i
j

soft z e e  . Each element of the knowledge point weight vector tw , represents 

the degree of relevance of Exercise tq  to each knowledge point. 

2.2.2. Mastery of exercises. The knowledge weights tw  of Exercise tq  are weighted and summed 
for each knowledge point in the students' knowledge mastery state  1 2, , ,t NV v v v    of each 
knowledge point iv  to obtain the students' overall mastery level vd

tr   of the knowledge points 
contained in Exercise tq , i.e: 

 t t tr w V   (2) 

In addition to the students' mastery of the knowledge points contained in the exercises will affect 
the correct rate of answering the questions, the difϐiculty of the exercises themselves will also affect 
the correct rate of answering the questions. The model takes the exercise vector te , which represents 
the information of the exercise itself, and goes through the fully connected layer and activation 
function to get the exercise difϐiculty vector kd

td   , which represents the information of the 
difϐiculty of the exercise, i.e.: 

  1 1tanht td e W b    (3) 

Among them, the activation function formula is      tanh i i i iz z z z
iz e e e e     , 1

k kd dW    and 
1

kdb   are the weights and bias terms of the fully connected layer, respectively. 
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Taking into account the overall mastery level of students on the exercises and the difϐiculty of the 
exercises, two factors that affect the correctness of students' answers, the model splices the vectors of 
tr  and td , through the fully connected layer and the activation function, to get the vector of overall 

mastery level of students on the exercises, kd
tf  , that is: 

   2 2tanh ;t t tf r d W b    (4) 

2.2.3. Exercise Answer Prediction. The student's overall mastery of the exercises vector tf   is 
passed through the fully connected layer and the activation function, respectively, to obtain the 
student's predicted performance of doing the exercises tp , i.e: 

  3 3t tp sigmoid f W b    (5) 

where the activation function is given by  ( ) 1/ 1 zsigmoid z e   , tp   represents the predicted 
probability of a student answering Exercise tq  correctly. 

2.2.4. Knowledge updating based on gating mechanisms. Utilizing the external memory module's 
readable and writable knowledge mastery status of individual knowledge points, the DKVGRU model 
uses the knowledge application control gate to calculate the weights of students' actual application of 
knowledge points and the knowledge forgetting control gate to calculate the weights of students' 
forgetting of successively learned knowledge, respectively [19]. 

The DKVGRU model updates the student's knowledge mastery state matrix based on the Exercise 
Interaction Data  ,t tq a . tV . The Exercise Interaction Data  ,t tq a  is used to obtain the Exercise 
Interaction Information ty   after the student answers Exercise tq   through Eq. (6). The Exercise 
Interaction Information ty   is mapped into an Exercise Interaction Vector vd

tc    through the 
Embedding Matrix vE dB  : 

 *t t ty q a E   (6) 

In the actual answering of the questions, students will apply the skillful knowledge points to answer 
the exercise questions.The DKVGRU model adds the interaction vector tc  of the exercise questions 
with the knowledge mastery state vector iv  of each knowledge point in the knowledge mastery state 
matrix  1 2, , ,t NV v v v  . The result of adding this vector represents the extent to which the student 
actually applies each knowledge point to answer the question according to his/her own knowledge 
mastery state, and then go through the fully connected layer and activation function to obtain the 
exercise knowledge application control gate vN d

tZ
 , i.e.: 

  , , ,t t t tC Concat c c c   (7) 

   t t t z zZ sigmoid V C W b     (8) 

where the exercise interaction matrix vN d
tC

   is obtained by splicing N   identical exercise 
interaction vectors tc  . The knowledge application control gate tZ   represents the weight of each 
knowledge point applied by the student to answer the exercise tq  according to his/her knowledge 
mastery status. 

The DKVGRU model uses the knowledge application control gate tZ   to weight the student's 
knowledge mastery state matrix tV  to obtain the applied knowledge state vN d

tD
 . The exercise 

interaction matrix tC  is then spliced with the applied knowledge state tD  to obtain the student's 
knowledge growth matrix vN d

tV
   after answering this question, i.e.: 

 *t t tD Z V  (9) 

   tanh ;t t t r rV D C W b    (10) 
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Where the weight of the fully connected layer is 2 v vd d
rW   and the bias term is vd

rb   . 
While students learn knowledge, they also forget knowledge, and the degree of forgetting of 

students' successively mastered knowledge is different.The DKVGRU model adds up the exercise 
interaction vector tc   and each knowledge point state iv   in the knowledge mastery state matrix 

 1 2, , ,t NV v v v   , and then obtains the knowledge forgetting control gate vN d
tU    through the 

fully connected layer and the activation function, that is: 

   t t t u uU sigmoid V C W b     (11) 

Knowledge forgetting control gate tU   can distinguish the degree of students' forgetting of 
successively learned knowledge.DKVGRU model updates students' knowledge mastery state through 
knowledge forgetting control gate tU  to get students' new knowledge mastery state 1tV  , i.e.: 

  1 1 * *t t t t tV U V U V      (12) 

3. Vocal skill learning path recommendation based on ant colony-particle 
swarm hybrid algorithm 

3.1. Mathematical model of the personalized learning path recommendation problem for vocal music 

The problem of personalized learning path recommendation for vocal music focuses on learners' 
individual attribute characteristics and learning object characteristics, and provides learners with a 
sequence of learning objects that match their individual learning abilities through the analysis of 
differences between learners and learning objects. Learner attribute characteristics include cognitive 
level, desired goal and learning style, etc. Learning object characteristics include the difϐiculty 
coefϐicient of the learning object, the knowledge points covered and the constraint relationship 
between the objects. Vocal personalized learning path recommendation is a learning object 
recommendation and path planning problem modeling, the problem model is a formulaic expression 
of matching learner characteristics and learning object characteristics. 

3.1.1. Construction of the learning object model. Let  1 2, , , MK k k k   , denote the set of M  
knowledge points that learners need to learn;  1 2, , , NR r r r   is the set of N  learning objects in 
the course; let mnv  denote the correlation coefϐicient between the n th learning object nr  and the m

th knowledge point nk  , 0 1mv   ; ijg   denote the order of precedence between r  ; and r  , as in 
equation (13). 

 
Learn  before you learn 

Learning  before learning

1

 
i j

ij
j i

r r
g

A r r


 


 (13) 

Where A  is the penalty parameter. 
Difϐiculty coefϐicient  1 2, , , ND d d d   is used to weigh the difϐiculty level of the learning object, 

0 1nd  , nd  is closer to 0 means that the learning object is more suitable for beginners, and closer 
to 1 means that the learning object is more suitable for experts. 

The types of learning objects are categorized into four types: text, picture, audio/video, and 
interactive software, and many learning objects adopt multiple modes of expression at the same time, 
so the vector  1 2 3 1, , ,n n n n nQ q q q q   is used to describe the degree to which the learning object nr  
adopts the various modes of knowledge expression, 1 2 3 60 , , , 1n n n nq q q q  , and 

4

1

1nj
j

q


 . 

3.1.2. Construction of Learner Characterization Models. Deϐine the learner U  , and express the 
learner characteristic model as: { , }U C S  . Where,  1 2, , , NC c c c    indicates the learner U  ’s 
cognitive level of the N   learning objects in the course, whose speciϐic value is calculated by the 



5362 Y. LIU 

 

knowledge tracking model based on DKVGRU designed in the previous section, 0 1Nc   , nc   the 
closer to 0 indicates that the learner's level is closer to that of an expert. 

The learning process is calculated based on the learner's pre-test, learning behavior data and other 
aspects, 6 and 7 the closer to 0 indicates that the learner's cognitive level is closer to that of a beginner, 
and the closer to 1 indicates that the learner's level is closer to that of an expert. 

 1 2 3 4, , ,S s s s s  indicates the learning style of the learner U . From Kolb's learning style types, we 

know that there are four types of learning styles: dispersive, convergent, assimilative and moderative, 

and different learning styles will have an impact on the selection of learning objects. Learners with 

dispersive styles prefer learning objects rich in vivid symbols such as diagrams, tables, animations, 

etc.; those with convergent styles prefer text-based learning objects; those with assimilative styles 

prefer learning objects rich in language explanations such as audio and video; and those with 

assimilative styles prefer learning objects rich in language explanations such as audio and video. 

Assimilative learners prefer audio, video, and other objects rich in verbal explanations, while 

moderated learners prefer to learn through experience, such as manipulating simulation software. The 

same learner will show a tendency to exhibit multiple learning types, 1 2 3 4, , ,s s s s  indicating the extent 

to which the learner U  tends to belong to each of the four learning styles, 1 2 3 40 , , , 1s s s s   and 
4

1

1j
j

s


  respectively. 

3.1.3. Construction of the objective function. The learning path recommendation problem can be 
regarded as a single-objective optimization problem transformed from multi-objective, the objectives 
include: whether the difϐiculty of the learning object matches the cognitive level of the learner, whether 
the type of the learning object matches the learning style of the learner, whether the order of the 
learning objects on the learning path is reasonable, etc., and ultimately, we ϐind the optimal path to 
enable the learner to complete the learning of all the learning objects on the learning path. 

Deϐine the learning path selection matrix 

11 12 1

21 22 2

1 2

N

N

N N NN

x x x

x x x
X

x x x

 
 
 
 
 
 





   



, 1ijx   if the learning path is 

learning object ir  to learning object jr ; otherwise 0ijx  . 
1) The difference between the cognitive level of the learner and the difϐiculty of the learning object on 
the learning path ijx  as in equation (14). 

  1( ) ij i i j jf x x d c d c     (14) 

2) The relevance of the learning object to the knowledge point on learning path ijx , as in equation 
(15). 

 2
1 1

( )
M M

ij ip jp
p p

f x x v v
 

 
  

 
   (15) 

3) Learning cost on learning path ijx , as in equation (16). 

 3( ) ij ijf x x g  (16) 

4) Difference between learner's learning style and the type of learning object on learning path ijx  as 
in equation (17). 
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    
4 42 2

4
1 1

( ) ij p ip p jp
p p

f x x s q s q
 

 
      

 
   (17) 

The four functions constructed above are assigned with corresponding weight values, and the 
objective function of the learning path is constructed using the linear weighting method, as in equation 
(18). 

 1 1 2 2 3 3 4 4min ( ) ( ) log ( ) ( ) ( )aF x f x f x f x f x        (18) 

where 1 2 3 4 1       ; 0 1a  . 

3.2. Ant colony particle swarm hybrid algorithm design 

Ant Colony Algorithm (ACO) has strong blindness and slow search speed in the early stage of the 
algorithm, while Particle Swarm (PSO) algorithm has strong parallel search capability and faster 
search speed. The idea of Ant Colony Particle Swarm hybrid algorithm is to utilize the fast and global 
nature of Particle Swarm algorithm to conduct coarse search in the early stage of the algorithm, and 
ϐind the suboptimal solution of the problem after a certain number of iterations, and then use the 
suboptimal solution to distribute the pheromone matrix of the Ant Colony algorithm initially, so as to 
overcome the defects of Ant Colony algorithm's blindness in searching, and to make the searching 
space smaller, so as to ϐind the optimal solution of the problem. The ϐlowchart of the hybrid algorithm 
is shown in Fig. 1. 
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Start

Initialize particle swarm and velocity

Calculate fitness values for each particle

Update individual polarity values and 
population polarity values

Whether the
 maximum number of iterations is 

reached

Obtain suboptimal solution

Initialize colony parameters and initialize colony 
pheromone distribution according to the suboptimal 

solution

Each ant transfers to the next point according to the 
probability to complete a cycle

Calculate the path length of each ant and record the 
current optimal solution

Update pheromone concentration

Whether the
 maximum number of iterations is 

reached

Output the global optimal solution

End

Y

N

N

Y

 
Fig. 1. Ant swarm hybrid algorithm process 

The main parametric variables in the ACO particle swarm algorithm are the ϐitness function, the 
velocity and position update formulas for each particle, the heuristic information, the pheromone, and 
the selection probability of the path. 
1) Fitness function. The objective function of the learning path is taken as the ϐitness function. 
2) Velocity and position update formula. In each iteration, the particle i  at time ( 1)t   velocity and 
position are updated as in Eq. (19), Eq. (20). 

 
, , 1 1 , ,

2 2 , ,

( 1) ( ) ( )

( )

i j i j i j i j

k j i j

v t v t c r p x t

c r p x t

      
   

 (19) 
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 , , ,( 1) ( ) ( 1), 1, ,i j i j i jx t x t v t j d       (20) 

Where , ( )i jv t   is the current velocity of particle i   in the j  rd dimension; , ( )i jx t   is the current 
position of particle i  in the j th dimension; ,i jp  is the individual extreme value; ,g jp  is the global 
extreme value; 1c , 2c  are acceleration constants; 1r , 2r  are random numbers uniformly distributed 
between 0 and 1;   is the inertia weight. 
3) Heuristic information. The objective function of the learning path is used as the heuristic 
information [20]. 
4) Pheromone. Initialize the pheromone ij   according to the suboptimal solution obtained by the 
particle swarm algorithm, and when after n   moments, the learner completes the learning of the 
whole path L, the pheromone on each road section is globally updated as in equation (21). 

 
 (1 ) ( )

( )
(1 ) ( )

U
ij L i j

ij

ij

t r r

Othe

L
t n

t r

  


 

       
 

 (21) 

where    denotes the pheromone volatilization factor, 0 1   ; U
L   denotes the pheromone 

increment left by the user U  on the path L, as in equation (22). 

 
 

0

U i j
L

Ot

r

he

Q
r L

Len
r


    


 (22) 

where Len  denotes the length of path L and Q  is a constant. 
5) Selection probability of path. The probability of choosing jr   as the next learning object when 
learner U  completes the learning of learning object ir  at the moment t , as in equation (23). 

      
( ) ( )

( )
( ) ( )

0

a

ij ij

i j
a

ij ij ij

t t
r r L i

p t t

t er

t

O h





 

 

              


  (23) 

where ij   is the heuristic information transferred from ir   to jr  ; ij   denotes the pheromone 
concentration on the path from ir  to jr ;   denotes the parameter of the inϐluence of the heuristic 
information ij   on the path selection probability, respectively; and    is the parameter of the 
inϐluence of the information ij  on the path selection probability. 

4. Knowledge tracing performance testing and path recommendation 
experiments 

4.1. Accuracy Test for Vocal Level Measurement 

4.1.1. Data sets. This chapter uses 2 real-world datasets for the experiments, these datasets are 
ASSIST2009, ASSIST2015, they contain different number of students, skills and records, and the 
number of problem records per student. The statistical information of these four datasets is shown in 
Table 1. 

Table 1. The summary of datasets 

Data set Student number Skill number Record number Questions for each student 

ASSIST2009 4151 124 325637 79 

ASSIST2015 19840 100 683801 35 
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4.1.2. Contrasting models. DKT: The LSTM reported in the original DKT paper was used as the 
subject network. For the implementation of the LSTM, a single-layer LSTM with 200 hidden units was 
used in this chapter. The initial value of the learning rate was set to 0.001 and the model was optimized 
using Adam's algorithm and paradigm trimming, with the threshold for paradigm trimming set to 50. 
The batch size was set to 30 for all datasets. 

DKVMN: For experiments on the ASSIST2009 dataset, the memory size was set to 20; the initial 
value of the learning rate was set to 0.05; and the batch size was set to 32. 

DKT-DSC In implementing the LSTM, this chapter uses a single-layer LSTM with 200 hidden units 
and 𝑘𝑒𝑒𝑝_𝑝𝑟 𝑜𝑏 is set to 0.6.  

In this chapter, 80% of the data from each dataset is used for model training and the other 20% is 
used for testing. For each dataset, the training process was repeated 100 times with the aim of 
reducing the randomness of the results of a single experiment and improving the stability and 
reliability of the evaluation results. 

4.1.3. Prediction of student performance. The main purpose of this section is to compare the 
performance of the models in this paper and the baseline model in predicting student performance. 
Table 2 shows the average test AUC and average test ACC of all models on the datasets. 

The model in this paper outperforms the other four state-of-the-art KT models based on DKT or 
DKVMN on all datasets. Speciϐically, on the ASSIST2009 dataset, the average test AUC of this paper's 
model is 0.8183 and the average test ACC is 0.7675, both of which are more than 0.015 higher than the 
baseline model. 

On the ASSIST2015 dataset, the model AUC and ACC are 0.7468 and 0.7654, respectively, which are 
much higher than the highest 0.7281 and 0.7528 in the baseline model. 

Table 2. Experimental results on student performance prediction 

Model 
ASSIST2009 ASSIST2015 

AUC ACC AUC ACC 

DKT 0.7855 0.7465 0.6941 0.7439 

DKVMN 0.7917 0.7498 0.7223 0.7441 

Deep-IRT 0.8024 0.7508 0.7281 0.7528 

DKT-DSC 0.7842 0.7389 0.718 0.7481 

This model 0.8183 0.7675 0. 7468 0.7654 

From Table 2, it is found that the performance of the models in this paper is quite close in predicting 
student performance. It is worth noting that the average test AUC and the average test ACC are used as 
the evaluation metrics in this chapter during the model evaluation process. A deeper look into the 
robustness of the model reveals that the model performs much better in this regard. To validate this 
ϐinding, the results of the AUC curves on all test datasets are visualized as shown in Figure 2. Where 
(a) and (b) are ASSIST2009 and ASSIST2015 datasets, respectively. 
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(a)ASSIST2009 

 
(b)ASSIST2015 

Fig. 2. The AUC curve results 
In order to show the robustness of the models in this paper more comprehensively, the test AUC and 

test ACC results of all models for the initial 40 epochs on different datasets are analyzed. Table 3 shows 
the results for the ASSIST2009 dataset and Table 4 shows the results for the ASSIST2015 dataset. 

The choice of presenting only the result data for the ϐirst 40 epochs is based on two main 
considerations: ϐirst, according to the experimental results, the test performance of these models has 
stabilized after 40 epochs; second, such a choice helps to keep the information consistent and concise. 

It can be clearly observed that the models in this paper show more robustness compared to the 
mechanical parts models. In addition, according to the maximum test AUC and maximum test ACC 
achieved by each model in the ϐirst 40 epochs, this paper's model achieves higher maximum test AUC 
and maximum test ACC than the Deep-IRT model on the ASSIST2009 dataset, which further proves the 
robustness and performance advantages of this paper's model. 

Table 3. Test AUC and test ACC of all models on the ASSIST2009 dataset 

ASSIST2009-AUC ASSIST2009-ACC 
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This model DKTDSC Deep-IRT DKVMN DKT This model DKTDSC Deep-IRT DKVMN DKT 

0.7316 0.7303 0.7193 0.7001 0.6763 0.6947 0.7221 0.7037 0.6973 0.7207 

0.7437 0.8082 0.7206 0.7181 0.7177 0.7159 0.7562 0.7034 0.7109 0.7309 

0.7484 0.8128 0.7405 0.7331 0.7828 0.7202 0.7557 0.7113 0.7174 0.735 

0.7547 0.819 0.7799 0.7494 0.7872 0.7255 0.7565 0.7441 0.7272 0.745 

0.7867 0.8166 0.8003 0.7463 0.7913 0.7426 0.7544 0.7537 0.731 0.7432 

0.7895 0.819 0.8018 0.754 0.8072 0.7471 0.7568 0.7613 0.7335 0.7537 

0.8107 0.8218 0.8067 0.7611 0.8113 0.7421 0.7583 0.7593 0.7393 0.7371 

0.8136 0.8164 0.8065 0.7636 0.8086 0.7472 0.7629 0.7654 0.7318 0.7432 

0.8211 0.8224 0.8137 0.7634 0.8137 0.7515 0.7676 0.7629 0.7347 0.7484 

0.8249 0.8139 0.814 0.7707 0.8098 0.7531 0.7652 0.7659 0.7365 0.7523 

0.8252 0.8146 0.816 0.7751 0.8096 0.7592 0.7603 0.7653 0.7379 0.7555 

0.8253 0.8158 0.8162 0.7688 0.8149 0.7558 0.7619 0.768 0.7473 0.7525 

0.827 0.8203 0.8124 0.7761 0.8114 0.7571 0.7647 0.765 0.7432 0.7498 

0.8357 0.8156 0.8095 0.7798 0.8138 0.7594 0.7623 0.7656 0.7489 0.7428 

0.8336 0.8236 0.8128 0.776 0.8175 0.7628 0.7609 0.7706 0.7477 0.7489 

0.8284 0.8157 0.8163 0.7791 0.8155 0.7637 0.764 0.7724 0.751 0.7449 

0.8311 0.8163 0.8186 0.7783 0.8127 0.765 0.7614 0.771 0.7453 0.7511 

0.8359 0.819 0.8218 0.7822 0.8137 0.7697 0.7669 0.7718 0.7504 0.756 

0.8286 0.822 0.8174 0.7882 0.8103 0.7666 0.7598 0.7636 0.7472 0.7491 

0.8294 0.8244 0.8153 0.7822 0.8173 0.764 0.7632 0.7687 0.7502 0.7479 

0.8349 0.8159 0.8195 0.7874 0.8106 0.7732 0.7622 0.7709 0.753 0.7491 

0.8305 0.8178 0.826 0.7886 0.8162 0.772 0.7632 0.7676 0.7526 0.7525 

0.8332 0.8204 0.8228 0.7872 0.8072 0.776 0.7635 0.7742 0.7505 0.7544 

0.8263 0.8228 0.8205 0.7939 0.8135 0.7762 0.7648 0.77 0.7494 0.7504 

0.835 0.8162 0.8197 0.7904 0.8093 0.7782 0.7625 0.7716 0.7484 0.748 

0.8294 0.8182 0.8174 0.7877 0.808 0.777 0.7652 0.7723 0.753 0.7499 

0.8254 0.8181 0.816 0.791 0.8038 0.7677 0.7656 0.7669 0.7517 0.7479 

0.8274 0.8237 0.8177 0.7882 0.8096 0.7708 0.7601 0.7722 0.7508 0.7544 

0.8336 0.8133 0.8159 0.7942 0.8037 0.7689 0.764 0.7733 0.7589 0.7514 

0.834 0.8201 0.8187 0.7926 0.8054 0.7769 0.761 0.7706 0.7527 0.7557 

0.8312 0.8221 0.8237 0.7961 0.8031 0.7759 0.7624 0.7653 0.7594 0.7541 

0.83 0.8154 0.8174 0.7901 0.797 0.7748 0.7587 0.7726 0.7525 0.744 

0.828 0.8163 0.8225 0.7928 0.8004 0.7689 0.7637 0.7713 0.7561 0.757 

0.8237 0.8147 0.8207 0.7958 0.799 0.7712 0.7645 0.7667 0.7565 0.7565 

0.8337 0.8145 0.8263 0.7921 0.7941 0.7774 0.7561 0.77 0.7597 0.7558 
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0.8311 0.8152 0.8258 0.7881 0.7928 0.7711 0.7656 0.7713 0.7532 0.7508 

0.8313 0.8108 0.8241 0.7958 0.7925 0.7721 0.7609 0.7719 0.7505 0.7517 

0.8246 0.8165 0.8224 0.7956 0.7897 0.7702 0.764 0.7638 0.7515 0.7515 

0.8289 0.8083 0.8229 0.792 0.7908 0.7764 0.7569 0.7677 0.7511 0.7508 

0.8311 0.809 0.8187 0.7881 0.7886 0.7767 0.7595 0.7667 0.7493 0.7546 

Table 4. Test AUC and test ACC of all models on the ASSIST2015 dataset 

ASSIST2015-AUC ASSIST2015-ACC 

This model DKTDSC Deep-IRT DKVMN DKT This model DKTDSC Deep-IRT DKVMN DKT 

0.64 0.661 0.6449 0.6207 0.6291 0.6637 0.6738 0.6644 0.6442 0.6406 

0.6553 0.6711 0.6613 0.6242 0.6566 0.6704 0.6749 0.6716 0.6502 0.6523 

0.6663 0.6762 0.6563 0.6274 0.6513 0.6732 0.6762 0.6789 0.6603 0.6702 

0.6669 0.694 0.6688 0.6336 0.6746 0.6806 0.6813 0.6849 0.6617 0.668 

0.6766 0.7 0.67 0.6344 0.6832 0.6864 0.6798 0.68 0.6603 0.6746 

0.676 0.6973 0.6778 0.641 0.6922 0.6886 0.6828 0.6783 0.6565 0.6743 

0.6847 0.708 0.6806 0.6483 0.6957 0.6819 0.6871 0.6805 0.6566 0.6804 

0.6965 0.7068 0.6892 0.6467 0.7053 0.6866 0.6852 0.6832 0.6628 0.6753 

0.6973 0.7103 0.6928 0.6429 0.7054 0.6846 0.6916 0.6822 0.6618 0.6839 

0.7001 0.7137 0.6971 0.6489 0.7101 0.6889 0.6911 0.6845 0.6608 0.6789 

0.7062 0.7181 0.698 0.6526 0.7118 0.6915 0.6935 0.6825 0.6601 0.6725 

0.7106 0.7173 0.705 0.649 0.7118 0.6899 0.6926 0.6883 0.6649 0.6792 

0.7116 0.7168 0.7007 0.6516 0.7163 0.6897 0.6904 0.6875 0.6651 0.6765 

0.7176 0.7158 0.701 0.6563 0.7146 0.6924 0.6881 0.6847 0.6663 0.6805 

0.7186 0.7247 0.7052 0.6521 0.7226 0.6856 0.6905 0.6839 0.6678 0.6829 

0.7189 0.7213 0.7037 0.6535 0.7108 0.6885 0.6908 0.6865 0.6634 0.6751 

0.721 0.7264 0.7101 0.6529 0.7175 0.6936 0.6933 0.6859 0.6589 0.6806 

0.7164 0.7272 0.7066 0.6604 0.7153 0.6897 0.6937 0.6822 0.6634 0.6824 

0.7209 0.7224 0.7122 0.6594 0.7142 0.6928 0.6925 0.6908 0.6597 0.6817 

0.7247 0.7207 0.7052 0.6579 0.7137 0.6925 0.6906 0.6862 0.6657 0.6757 

0.7258 0.7269 0.7084 0.6601 0.708 0.6925 0.6919 0.6856 0.6648 0.6793 

0.7229 0.7275 0.7096 0.6529 0.7177 0.6924 0.6972 0.6933 0.6592 0.6765 

0.7212 0.7237 0.7108 0.66 0.7151 0.697 0.6947 0.6811 0.6653 0.6843 

0.7276 0.7257 0.7131 0.6543 0.713 0.6948 0.691 0.6912 0.6596 0.68 

0.7209 0.7217 0.716 0.6579 0.709 0.6941 0.697 0.6922 0.6596 0.6842 

0.7186 0.7227 0.7078 0.6573 0.7097 0.6959 0.6937 0.6894 0.6598 0.682 

0.7243 0.7185 0.7069 0.6595 0.7066 0.6966 0.6881 0.6829 0.6655 0.6816 
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0.7255 0.7168 0.71 0.657 0.7048 0.689 0.6922 0.6833 0.6608 0.6851 

0.7261 0.7163 0.7157 0.6619 0.7072 0.6931 0.6948 0.6911 0.6678 0.6807 

0.7198 0.7171 0.7092 0.657 0.7067 0.6914 0.6927 0.6931 0.6628 0.6796 

0.7212 0.7159 0.716 0.6637 0.7041 0.6983 0.6891 0.6867 0.6637 0.6783 

0.724 0.7127 0.7139 0.6543 0.7029 0.6917 0.6908 0.6928 0.6684 0.678 

0.7242 0.7166 0.7139 0.6614 0.699 0.6974 0.6845 0.6867 0.6661 0.685 

0.7236 0.7148 0.7123 0.6573 0.703 0.6973 0.6884 0.6893 0.6614 0.6851 

0.7189 0.7091 0.7109 0.6621 0.6992 0.6976 0.6839 0.6856 0.6689 0.6837 

0.7212 0.7075 0.7193 0.6597 0.6937 0.6909 0.6885 0.6951 0.6669 0.6825 

0.7244 0.7023 0.7143 0.6611 0.7017 0.6969 0.6822 0.691 0.6626 0.6832 

0.7247 0.7032 0.714 0.6559 0.7021 0.6932 0.6831 0.6943 0.6664 0.6837 

0.7182 0.7033 0.7165 0.6563 0.7004 0.6936 0.6863 0.6924 0.6682 0.6868 

0.7191 0.6999 0.7099 0.6582 0.6973 0.6913 0.6792 0.6876 0.6661 0.6869 

4.1.4. Mitigating overϐitting. Figures 3 and 4 show the AUC curves and ACC curves of the model on 
the dataset, respectively, demonstrating the variation of AUC as well as ACC with training rounds for 
the model and other comparison models on all datasets. For any given dataset, this chapter uses colors 
or symbols to distinguish different models. For the performance curves of the same model on the 
training and test sets, this chapter distinguishes them by the voxels of the lines. 

Speciϐically, the difference between the AUC or ACC curves of DKT-DSC increases rapidly after 20 
epochs, and the difference between the AUC or ACC curves of DKVMN and Deep-IRT both increase 
rapidly after only 6 epochs. The model in this paper performs well in mitigating overϐitting, and the 
AUC or ACC of the training and test sets are always close to each other, and the AUC and ACC of the test 
set steadily increase. 

It is worth noting that both the model in this paper and the DKVMN model are effective in mitigating 
overϐitting. However, since DKVMN only predicts students based on their current responses and does 
not take into account their skill mastery level prior to their responses, its AUC performance and ACC 
performance are not as good as that of this paper. 

 
(a)ASSIST2009 
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(b)ASSIST2015 

Fig. 3. The AUC curve results 

 
(a)ASSIST2009 
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(b)ASSIST2015 
Fig. 4. The ACC curve results 

4.1.5. Knowledge tracking results. The main objective of this section is to validate the effectiveness 
of this paper's model presented in this chapter in tracking changes in students' skill mastery levels. To 
this end, this chapter randomly selects a student's answer records from the ASSIST2009 dataset over 
a period of time and uses this paper's model to track the change in the student's skill mastery level 
over time. The tracking results of the model are shown in Figure 5. Where (a) and (b) are time series 
performance plots and ϐirst and last mastery level radar plots, respectively. 

In subplot (a), the horizontal axis represents the student's answer sequence, and each record in the 
sequence is presented as a binary group. The answer sequence provides a clear view of the skills and 
corresponding answer performance that the student was exposed to at different time steps. The 
vertical axis represents the ϐive skills tracked by the model. The color shade of each grid in the graph 
visually reϐlects the student's mastery level of each skill at the corresponding time step. The darker 
the color, the higher the student's mastery level of the corresponding skill at that time step; conversely, 
the lighter the color, the lower the mastery level of the corresponding skill. 

Subϐigure (b) is a radar plot that shows the student's mastery level of the ϐive skills at the beginning 
(T=1) and end (T=13) time steps. Each axis of the radar plot represents a skill, and the scale on the 
axis represents the student's mastery level of the corresponding skill (ranging from 0 to 1). 

Taking the mastery level of vocal skill 37 as an example, the tracking results show that on the 3rd 
time step, the student answered skill 37 incorrectly, at which time the model tracking results show 
that the student's mastery level of skill 37 shows a decreasing trend, i.e., the color changes from dark 
to light. On the 6th time step, the student again answered Skill 37 incorrectly, and the results showed 
that the student's mastery level of Skill 37 further decreased and the color became lighter. On the 10th 
time step, the student answered Skill 37 correctly, and the results showed that the student's mastery 
level of Skill 37 increased, i.e., the color became lighter to darker. This series of results shows that the 
model in this paper can accurately capture the trend of students' skill mastery level at different time 
steps and visualize it through the color shade change. 

At T = 1, when students ϐirst attempt to answer the exercises, their mastery levels of all skills are 
relatively low, which reϐlects the general state of students at the beginning of learning. Over time, at T 
= 13, students showed good skill growth as their mastery levels of skills 37, 45, and 54 increased 
signiϐicantly. 

 
(a)Time sequence performance diagram 
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(b)Master horizontal radar 

Fig. 5. Model tracking results 

4.2. Learning path recommendation experiment 

The ASSIST2009 and ASSIST2015 datasets will continue to be applied, divided into 80% training 
set,20% test set, comparing DKT-CF, ANN-ACS, DKT-ACS algorithms, to measure the effectiveness of 
this paper's shortest path recommendation algorithm from the perspective of different evaluation 
indexes. 

Mapping each knowledge point according to the relationship between knowledge points as a raster 
map location point of ant colony algorithm path planning. Combined with the syllabus and the 
opinions of experts in the ϐield, the difϐiculty of the knowledge points is divided into three levels: 
simple, general and difϐicult after the formula calculation. Different difϐiculty of knowledge points in 
the map corresponding to the path distance is different, simple knowledge points of the path length is 
set to 1, general knowledge points of the path length of 2, difϐicult knowledge points of 3. In the raster 
map there are knowledge points of the location of the passable points, no knowledge points of the 
location is set as an obstacle point, if B for the advancement of knowledge A, set from A to B can be 
passable, the distance for the difϐiculty of the knowledge of the B corresponding to the length of the 
path, and vice versa. The distance is inϐinite and impassable. The resulting raster map is populated 
with rectangular maps as input for ACO path planning. The details of the knowledge points are shown 
in Table 5. 

Table 5. Partial knowledge node information 

 Knowledge point number Difficulty in knowledge Corresponding path distance Node number 

1 Simplicity 1 14 

2 Simplicity 1 78 

3 Simplicity 1 36 

4 Simplicity 1 85 

5 General 2 21 

6 Difficulty 3 9 

7 General 2 66 

8 Difficulty 3 43 

9 Simplicity 1 57 
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10 Simplicity 1 38 

11 Simplicity 1 72 

12 Difficulty 3 15 

13 Simplicity 1 43 

14 General 2 25 

15 Simplicity 1 63 

16 Simplicity 1 46 

17 Simplicity 1 33 

18 Simplicity 1 73 

Set any learning path: start and end points, so as to get different path recommendation results. If 
the learner wants to start learning from “Song Analysis” to the end of “Flower Cavity Technique”, input 
map nodes 20 and 67, and the path results of different ant colonies are shown in Figure 6. 

 
(a)Common ant colony path 

 
(b)Superior colony path 

Fig. 6. Ant colony path selection 
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Calculate the data of each index between this algorithm and the other three algorithms respectively, 
in addition, calculate the complexity of the algorithm, and the ϐinal comparison results are shown in 
Table 6. 

It can be seen that the present algorithm achieves optimal training results. On the ASSIST2009 
dataset, the model accuracy and F1 of this paper are 0.904 and 0.691, respectively, which are the ϐirst 
among all models. On the ASSIST2015 dataset, the model coverage, precision, recall, and F1 of this 
paper are 0.813, 0.845, 0.533, and 0.657, respectively, which are still ahead of the remaining baseline 
models. 

Table 6. Experimental data contrast 

 ASSIST2009 ASSIST2015 

Parameter DKT-CF ANN-ACS DKT-ACS This model DKT-CF ANN-ACS DKT-ACS This model 

Coverage 0.697 0.786 0.803 0.878 0.666 0.736 0.773 0.813 

Precision 0.873 0.829 0.885 0.904 0.807 0.805 0.835 0.845 

Recall 0.352 0.471 0.549 0.562 0.418 0.416 0.523 0.533 

F1 0.505 0.604 0.648 0.691 0.542 0.549 0.647 0.657 

Figure 7 shows 30 randomly selected samples of voice students from both datasets to calculate the 
amount of distance optimization between the recommended path and the original learning path. 
Figure 7 (a) shows ASSIST2009 and (b) shows ASSIST2015. 

It can be seen that the model achieves path optimization for both average and excellent vocal 
students, with an average optimization of 4.297 and 3.242 on ASSIST2009, respectively. The average 
optimization on ASSIST2015 is 3.819 and 3.044, respectively. 

 
(a)ASSIST2009 
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(b)ASSIST2015 

Fig. 7. The distance optimization of the learning path 

5. Conclusion 

In this paper, based on the vocal music level determination by knowledge tracking, we design a 
learning path optimization recommendation model for vocal music skills based on ant colony-particle 
swarm hybrid algorithm. Experiments are designed separately to test the accuracy of vocal level 
determination and the effect of learning path optimization recommendation. The experiments found 
that on the ASSIST2009 dataset, the average test AUC of this paper's model is 0.8183, and the average 
test ACC is 0.7675, both of which are more than 0.015 higher than the baseline model. The model in 
this paper can accurately capture the trend of students' skill mastery level at different time steps and 
visually display it through color shade changes. The model is able to optimize the learning path of both 
ordinary and excellent vocal students. 
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