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ABSTRACT 
The article aims to accelerate the growth and progress of young teachers in private applied colleges 
and universities and improve their teaching ability, combining with the knowledge graph, and 
designing a recommended algorithm based on deep reinforcement learning to improve teachers' 
ability. Firstly, the growth and progress process of young teachers in private applied colleges and 
universities is defined as a dynamic development process, i.e., for different latitude abilities such as 
teacher ethics, professional knowledge, preteaching preparation, communication and cooperation, 
teaching ability training needs to be carried out gradually and in a certain order. Then the Knowledge 
Graph Teacher Competency Enhancement Recommendation Algorithm (KGDR) based on deep 
reinforcement learning and knowledge graph algorithm is constructed by combining deep 
reinforcement learning and knowledge graph algorithm. When performing top-𝑘 recommendation, 
the diversity value of the model at 𝑘 = 20 is 0.7876, and the model can provide more diverse paths for 
teacher ability improvement. After the application of the dynamic development mechanism of young 
teachers' competence based on KGDR, the competence improvement of young teachers is significant 
and can reach the grade of “excellent”. The mechanism designed in this paper can be used as a 
reference for other colleges and universities. 

Keywords: deep reinforcement learning; knowledge mapping; dynamic development mechanism; 
young teachers 
 

1. Introduction 

With the popularization and development of higher education, applied private undergraduate colleges 
and universities are playing an increasingly important role in China's education system. Different from 
traditional theoretical institutions, applied private undergraduate colleges and universities pay more 
attention to the cultivation of students' practical ability and employment needs [1-4]. And as the 
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proportion of young intellectuals in private colleges and universities young teachers in the teaching 
force is increasing, their quality directly affects the level of higher education [5-6]. Therefore, the 
establishment of a high-quality young teacher team is not only conducive to the promotion of 
sustainable development of colleges and universities, but also conducive to the growth of individual 
teachers [7-9]. And reinforcement learning as a branch of machine learning, its goal is through the 
interaction between the intelligent body and the environment, so that the intelligent body can learn 
the optimal strategy from it through trial and error [10-11], it is of great signiϐicance to design the 
dynamic development mechanism of young teachers' competence in private applied colleges and 
universities by utilizing reinforcement learning. 

In the path of teachers' ability development, individuals should focus on the improvement of 
professional knowledge and teaching ability. Firstly, teachers need to have solid subject knowledge 
and teaching theory knowledge. Secondly, teachers need to have good teaching skills, including 
designing teaching content, organizing teaching activities, guiding students' learning, evaluating 
students' learning, etc. [12-15]. Furthermore, teachers need to continuously improve their research 
ability in education and teaching, participate in education and teaching reforms, and constantly 
explore and innovate to promote the development of the teaching profession [16-17]. In addition, in 
the process of teachers' competence development, there are some key factors that play a key role in 
teachers' growth and development, namely, perfect teacher training system teachers' personal 
development planning and orientation [18-20]. Based on their own development planning and 
orientation, teachers purposefully and actively participate in all kinds of training and learning 
activities, and continuously learn and improve their professionalism [21-22]. 

The study introduces the dynamic system theory into the ϐield of young teacher development in 
private applied colleges and universities, and proposes that the key to the dynamic development of 
teacher competence is to make teacher competence improvement recommendations. Accordingly, a 
deep reinforcement learning-based knowledge mapping teacher competency improvement 
recommendation algorithm is designed. The algorithm combines the knowledge graph of young 
teachers' competence and attention deep reinforcement learning to carry out teacher competence 
improvement path recommendation. The recommendation ability of the recommendation algorithm 
is examined by designing comparative experiments. And with reference to the index system and 
weights designed in related literature, the designed dynamic development mechanism is empirically 
analyzed using fuzzy comprehensive evaluation method. 

2. Mechanisms for the dynamic development of young teachers' competencies in 
private applied colleges and universities 

As an important part of the faculty of private applied colleges and universities, the dynamic 
development of young teachers' abilities is of great signiϐicance to the improvement of the teaching 
quality and research level of the school. Private applied colleges and universities take the cultivation 
of applied talents as their main goal, emphasizing students' practical ability and application ability. 
Therefore young teachers need to continuously improve their abilities in teacher ethics, professional 
knowledge, pre-teaching preparation, communication and cooperation. The development of teachers' 
competence is a process of long-term continuous change and inϐluenced by multiple factors, which 
coincides with the concept of Dynamic Systems Theory (DST). The progress of young teachers' 
competence in private applied colleges and universities is not achieved overnight, but is gradual and 
dynamic, so there should be a scientiϐic order for learning various aspects of competence in order to 
maximize teaching competence and level in a short period of time. In this regard, this paper combines 
reinforcement learning theory and knowledge mapping to design a recommendation algorithm for 
teacher ability improvement. 
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2.1. Dynamic Systems Theory 

Dynamic systems (DST) theory provides us with a scientiϐic perspective for portraying the dynamic, 
complex, and nonlinear characteristics presented in the growth process of young teachers in private 
applied colleges and universities. The system is characterized by the intertwined roles of operational 
entities and participants. The overall structure is built by a series of embedded subsystems, and there 
is a deep network of interaction among these subsystems. According to the theory of dynamic systems, 
the term "dynamic" refers to the evolution of a system over time, which may be driven by internal or 
external energy, while "complex" refers to the interaction between the system and its subsystems that 
leads to changes, which are often sudden and discontinuous. "Nonlinear", on the other hand, means 
that the evolution of a system cannot be understood purely through linear causality, and it can be 
variable, disordered, and unpredictable. DST theory holds that whether it is a system, a subsystem, or 
a subsystem, they all follow similar working principles at different levels. 

2.2. Deep reinforcement learning 

In deep reinforcement learning, two basic concepts, namely the intelligent body and the environment, 
together constitute the basic framework of the deep reinforcement learning problem [23]. Intelligent 
body, i.e., the subject that performs the learning task, its main purpose is to learn the strategy through 
continuous interaction with the environment, and to be able to select the optimal action in different 
states in order to obtain the maximum cumulative reward. The environment is the entire external 
system except the intelligent body, and the environment will change accordingly to the actions chosen 
by the intelligent body. The interaction process between the intelligent body and the environment is 
shown in Figure 1. The ϐigure shows the process of constant interaction between the intelligent body 
and the environment. The intelligent body gives action a  according to the initial state s  of the user 
(i.e., the environment), and after executing action a , the user's state changes to s , and the reward 
generated after executing action a  is given to r  , and the intelligent body decides the next action 
according to the strategy a  until the end of the interaction. 

User

Intelligence

State S Reward r Action a

r'

S'

 

Fig. 1. Intelligent body and environmental interaction process 

The mathematical basis of the interaction process between an intelligent body and its environment 
is the Markov Decision Process (MDP), which consists of a set of ϐive tuples , , , ,S A R P  , which need 
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to be adjusted for different speciϐic problems, and the signiϐicance of each element of the set of ϐive 
tuples is described in detail in the following: 

State space S : The state space is the set of all possible states of the environment, and state s  is 
an instantiation of the state space, which can be either discrete or continuous. At some point in time, 
the environment will be in one of the states in the state space, and the intelligence will make decisions 
based on the current state. 

Action Space A  : The action space contains all the possible actions that an intelligent body can 
perform. These actions can be discrete or continuous. In a certain state, the environment will provide 
a set of all possible actions that can be executed, and the intelligent body will choose to execute one of 
the actions in the action space to change the environment according to the current strategy, and the 
environment will change the state at this moment after receiving the rewards generated by the actions. 

Reward Function R : The reward function deϐines the immediate reward that an intelligent body 
receives for performing an action in a given state. Rewards can be real, immediate, delayed, positive or 
negative, depending on the problem. The reward function guides the learning process of the intelligent 
body so that it can learn to take optimal actions in different states. 

State Transfer Probability P : The state transfer probability describes the probability distribution 
of the environment transferring to the next state after the intelligent body performs an action. 
Speciϐically, for each state and action pair in the state space, the state transfer probability function 
gives the probability that the next state is each of the possible states after the execution of the action. 

Discount Factor  : The discount factor is used to measure the importance of future rewards, i.e., 
the extent to which their inϐluence on an intelligent's action choice can be suppressed by multiplying 
them with future rewards. In general [0,1]  , when the discount factor is close to 1, the intelligence 
pays more attention to future rewards. When the discount factor is close to 0, the intelligent body pays 
more attention to immediate rewards and gives a larger discount to future rewards the further in the 
future it is from the current state. 

2.3. Knowledge mapping 

A knowledge graph is a knowledge base consisting of a number of entities with different attributes, 
and different relationships between different entities in a mesh [24]. From a graphical point of view, a 
knowledge graph compares people and objects in the real world to individual entities in a graph, and 
their relationships in the real world to edges between entities, so it seems that a knowledge graph is 
also a symbolic representation of real time, a semantic network that maps the objective world in a 
clearer and more concise way, and expresses the connections of the real world in terms of simple nodes 
and edges. The knowledge graph can be understood as a heterogeneous information network 
containing entities (nodes) and relations (directed edges), denoted by  ,G V E  .  V P  
represents the set of entities in the knowledge graph and E  represents the set of edges. 

A tuple is a common representation of a knowledge graph, commonly described as a ternary 
structure in the form of e.g. <Head Entity, Relationship, Tail Entity> or <Entity, Attribute, Attribute 
Value>, where an entity represents a unique distinguishable something that exists independently. The 
ternary is formalized as:  ( , , ) | , ,G h r t h t r R   , where   is the set of entities, R  is the set of 
relations, h  is the head entity, t  is the tail entity, and r  is the relation between the two of them. 
Knowledge graphs applied to the recommendation domain can signiϐicantly improve the performance 
of recommendations and alleviate the data sparsity and cold-start problems in recommendations. 

3. Recommended algorithms for teacher empowerment 

This chapter proposes the Knowledge Graph Teacher Competency Enhancement Recommendation 
Algorithm (KGDR) based on Deep Reinforcement Learning, which is applied to the dynamic 
development mechanism of teacher competency. 
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KGDR contains three parts: young teacher competency knowledge graph module, attention deep 
reinforcement learning module and path reasoning module. Among them, the young teacher 
competency knowledge mapping module contains the vector representation of entities and 
relationships, the path information of knowledge mapping and the reward function of reinforcement 
learning. The Attention Deep Reinforcement Learning module passes the input state information and 
action space information through the attention layer and the four fully connected layers, and ϐinally 
obtains the value network  tv s  and the strategy network  ,| ,t u ts A   , of which the value network 
 tv s   will be used as the value baseline for reinforcement learning, and the strategy network 
 ,| ,t u ts A     will be used in the path inference module for the inference of the path. The 

Random_Beam_Search search algorithm proposed in this paper is used in the path inference module 
to search and sort to get the ϐinal recommendation results and inference paths. 

3.1. Young Teacher Competency Knowledge Mapping Module 

The Markov decision process introduced in this module allows the Young Teacher Competency 
Knowledge Graph to be incorporated as a dataset for the recommendation algorithm [25]. The ternary 
of state ts  of a node at a moment t  of the Young Teacher Competency Knowledge Graph is deϐined 
as  , ,t tu e h , where u  represents the initial Young Teacher entity, te  represents the entity reached 
by the intelligent body's reasoning at moment t , th  represents the reasoning path before moment 
t  which can be represented as  0 1 1, , , , ,t tu r e r e , 0s  of the initial state is deϐined as ( , , )u u  , and 
Ts   of the ϐinal state is deϐined as  , ,T Tu e h  . The behavioral space tA   of this intelligent body 

represents all connected edges te   at the moment of t   time, but does not include entities and 
relationships of te  history. 

In this paper, the pruning strategy is introduced to solve the inefϐiciency problem of exploring 
intelligences due to large data, and the speciϐic formula of the pruning strategy is shown as follows: 

   ( ) ( , ) | (( , ) | ) , ( , )t tA u r e rank f r e u r e A    (1) 

Where    denotes the maximum action space in which the intelligent body can carry out 
exploration, and the value needs to be set manually, and function  ( , )f r e u  is a kind of multi-hop 
scoring function. 

Introducing the concept of multi-hop path into the knowledge graph module of young teacher 
competency, assuming that there exists a certain node ie  in the middle of the path of the knowledge 

graph, i.e.: 
11 2

0 1

t kr rr r

i ke e e e
     

 
  , the multi-hop scoring function can be deϐined as: 

  0 , 0
1 1

, | ,
i k

k i k s s k ek
s s i

f e e T e r r e b
  

      (2) 

Where    represents the dot product operation, i.e., the vectors composed of 0e   to ie   are 
multiplied by the vectors composed of ie  to ke , and ,e r  represents the multidimensional vectors 
of entities and relations, respectively, and the function  ( , ) |f r e u  in Eq. (1) can be computed using 
 ,( , ) i kf u e r . 
Reward function: In this paper, the reward function tR  of reinforcement learning is expressed as a 

relative similarity between young teachers u   and teacher competence TZ   when and only when 
teacher competence TZ  belongs to the set of recommended goals after pruning in action space tA , 
and its formula is: 
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max ( , )

0

T
T

t i E

f u Z
if Z E

R f u i

otherwise



  
     




 (3) 

where E   denotes all teacher competencies in the knowledge graph, ( , )f u i   denotes the scoring 
function between u  and any teacher competency i  two nodes, and  , Tf u Z  denotes the scoring 
function between u , TZ  two nodes. Both functions are derived from the one-hop scoring function of 
Eq. (2) The speciϐic deϐinition of the one-hop scoring function can be expressed as follows:  1,1, |f u e r . 

3.2. Attention Deep Reinforcement Learning Module 

The speciϐic deϐinition of each layer of the network in this module is shown below. 
The state ts   is taken as input, and the input 1x   of the next module is obtained after full 

connection, activation function and dropout operations in turn, see equation (4): 

   1 1tx dropou sW  (4) 

where the activation function   represents the ReLU function. 
The result obtained by passing 1x   through the attention layer is passed through the activation 

function tanh  to obtain the attention weights _attention weights , see equation (5): 

  1_ tanhattention weights x Attention   (5) 

Putting _attention weights   through the fully connected layer and softmax activation operation 
yields the probability distribution result 2x , see equation (6). Multiply 2x  with 1x  matrix to get the 
result x  with attention mechanism, see equation (7): 

  2 2_maxx soft attention weights W   (6) 

 1 2x x x   (7) 

The result obtained from x  in Eq. (7) by fully connected layer operation is hadamard product with 
the action space ( )tA u  and the result is subjected to softmax activation operation to obtain the policy 
network, see Eq. (8): 

     ,| , maxt u t u ps A soft A xW      (8) 

where   denotes the Hadamard product, an operation that shields illegal actions outside the action 
space so that all actions are in the action space ( )tA u . 

The value network  ˆ tv s  is obtained by passing x  in Eq. (7) through the fully connected layer 
operation, see Eq. (9): 

  ˆ t vv s xW  (9) 

  1 2, , , ,p vAttention W W W W   (10) 

The ultimate goal of the algorithm proposed in this paper is to learn a stochastic strategy   such 
that for any initial young teacher its maximized cumulative reward is obtained, expressed as follows: 

 
1

1 0
0

( ) | ( , , )
T

t
t

t

R E R s c c 





 
   

 
  (11) 

where   denotes the discount factor and 1tR   denotes the reward value received at moment t . 
In order to allow the intelligent body in reinforcement learning to explore more paths, this paper 

introduces the concept of regularization to maximize  , which is deϐined as follows: 
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   ˆ( ) log | , ( ( ))uR E s A R v s          
  (12) 

The purpose of introducing regularization is to avoid overϐitting caused by too large a parameter, 
where R   represents a cumulative reward from state S   to state TS  , and ˆ( )v s   represents the 
value network obtained, the cumulative reward minus the current value can be obtained from the 
value of its historical path, which is conducive to improving the efϐiciency of the model to ϐind the 
optimal goal. 

3.3. Path Reasoning Module 

The Random_Beam_Search algorithm introduced in the path inference module of this paper is an 
improvement of the Beam_Search algorithm, which can expand the search space to avoid falling into 
the local optimum during the search process to improve the possibility of the algorithm to ϐind the 
optimal solution.The inputs of the Random_Beam_Search algorithm are the young teacher u , the ϐinal 
moments T  and  1 Ttop k K K  , and the ϐinal outputs are the recommended path TP , probability 
value TQ  , and reward value TR  . Find all the paths corresponding to each moment and the action 
space of the target young teacher after the pruning operation, respectively, based on the action space 
to ϐind the probability set of each search path after different search actions at the current moment 

( )p  . For each search space K  in  1 Ttop k K K   is expanded to make it 1.3 times the original, 
the search algorithm randomly selects K  values from the expanded search space, and selects the top 
K  search paths from the set of path probabilities ( )p   as the recommended alternative paths. Each 
of the selected search paths is processed in turn to save the obtained probability values, reward values 
and recommended paths into TQ  , TR   and TP  , and ϐinally the Random_Beam_Search algorithm 
outputs the ϐinal TQ  , TR  , and TP   as a way to realize the provision of inference paths for the 
recommended results and to improve their diversity. 

4. Empirical analysis 

4.1. Model comparison experiments 

4.1.1. Evaluation indicators. KGDR is evaluated using four main indicators. 
In this experiment, accuracy is deϐined as the ratio of the number of correct predictions to the overall 

predictions, as shown in Equation (13): 

 Precision
TP

TP FP



 (13) 

Recall is deϐined as the proportion of all true positive cases that are correctly predicted as positive 
by the model, as shown in Equation (14): 

 Re
TP

call
TP FN




 (14) 

The F1 score is a reconciled average of correctness and recall and provides a comprehensive 
performance metric. The calculation formula (15) is shown: 

 1

2

2

TP
F

TP FP FN


 
 (15) 

The F1 score takes into account the trade-off between correctness and recall. It ranges from 0 to 1, 
with higher scores indicating that the model performs better in balancing precision and recall. 

Finally, the diversity metrics are deϐined using Equation (16): 
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( ( ))

( ( )

1
iversity

| | )u U

domains R u

domains
D

RU u


   (16) 

Where U   is the set of capability enhancement, ( )R u   is the recommendation list of capability 
enhancement u , domains  is the standard deviation of different capability enhancement priorities 
in the recommendation list, and domains   is the average of different capability enhancement 
priorities. The diversity metric evaluates the adaptability of the recommender system in that the larger 
the metric, the better the diversity of the recommender system in terms of providing ability boosting 
paths. 

4.1.2. Experimental results. The SVD, LFM, NCF, LinUCB, TS, DBGD, and MARL algorithmic models 
were selected for the study to compare their recommendation effectiveness with the KGDR model on 
the Coursera dataset, respectively. The top-𝑘 recommendation was performed when comparing the 
KGDR model with other algorithmic models. 

The results of model recall, accuracy, F1 and diversity comparison are shown in Figures 2 to 5, 
respectively. A single recommendation usually leads to a signiϐicant decrease in the metrics. When 𝑘 = 
20, these three metrics are usually higher than when 𝑘 = 10 or 𝑘 = 30, which suggests that the 
recommendation list at 𝑘 = 20 is more likely to enhance the competence of young teachers. The KGDR 
model, compared to other models, at 𝑘 = 20 The values of all indicators are the highest, which indicates 
that the KGDR model has better recommendation effect. 

The results of model diversity comparison show that this paper's model at 𝑘 = 20, iversityD  = 
0.7876, are higher than the other algorithmic models, indicating that the KGDR model can provide 
more diverse paths for teacher competence improvement. 

 

Fig. 2. Recall comparison 
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Fig. 3. Accuracy comparison 

 

Fig. 4. F1 comparison 

 

Fig. 5. Diversity comparison 
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4.2. Analysis of the effectiveness of the application of dynamic development mechanisms 

In this section, 30 young teachers employed in the ϐirst semester of 2023 in a private applied university 
in Y city were used as the research subjects. The dynamic development mechanism of young teachers' 
competence based on KGDR model designed in this paper was used for training. By the end of the next 
semester in 2024, the performance evaluation based on teacher competency improvement was 
conducted for the 30 young teachers using the fuzzy comprehensive evaluation method. 

4.2.1. Weights of Performance Evaluation Indicator System for Young Teachers. The index system 
and weight setting of young teachers' performance evaluation based on teachers' ability improvement 
in the research reference [26] are shown in Table 1. This chapter utilizes this evaluation index system 
to explore the effect of the application of the dynamic development mechanism based on KGDR. The 
whole evaluation index system has three levels of indicators. The ϐirst-level indicators are each of the 
indicators at the ϐirst level within the structure of the system, which are dimensionally divided into 
four aspects: teacher ethics, teaching practice, comprehensive parenting, and personal development. 
Level 2 indicators are the indicators at the second level within the structure of the evaluation indicator 
system, reϐlecting the aspects subordinate to the level 1 indicators, including 11 indicators of teacher 
ethics, educational sentiment, professional knowledge, pre-teaching preparation, curriculum teaching, 
teaching results, total work, class guidance, curriculum nurturing, professional growth, and 
communication and cooperation. The third-level indicators in turn use the second-level indicators as 
the object of evaluation. 
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Table 1. The performance evaluation index system and weight setting of teachers 

Primary index iW  Secondary index iW  Tertiary index iW  
Composite 

weight 

Master 

teacher (A) 
0.352 

Standard (A1) 0.257 

Ideal belief (A11) 0.75 0.193 

Nurturing Talents 

through Moral Education 

(A12) 

0.25 0.064 

Education (A2) 0.095 

Teaching by aptitude 

(A21) 
0.78 0.074 

Self-cultivation (A22) 0.22 0.021 

Teaching 

practice (B) 
0.332 

Professional 

knowledge (B1) 
0.075 

Education foundation 

(B11) 
0.65 0.049 

Subject quality (B12) 0.264 0.02 

Information literacy 

(B13) 
0.086 0.006 

Pre-teaching 

preparation (B2) 
0.036 

Familiar with course 

(B21) 
0.234 0.008 

Teaching skill (B22) 0.411 0.015 

Design teaching (B23) 0.355 0.013 

Course teaching 

(B3) 
0.051 

Teaching group (B31) 0.77 0.039 

Teaching evaluation 

(B32) 
0.23 0.012 

Teaching results 

(B4) 
0.146 

Student achievements 

and honors (B41) 
0.314 0.046 

Students' daily (B42) 0.129 0.019 

Students' physical and 

mental health (B43) 
0.557 0.081 

Total amount of 

work (B5) 
0.024 

Teaching time (B51) 0.64 0.015 

Teaching activity (B52) 0.36 0.009 

Holistic (C) 0.105 

Class guidance (C1) 0.026 

Class management 

(C11) 
0.31 0.008 

Psychological 

counseling (C12) 
0.69 0.018 

Course education 

(C2) 
0.079 

Childcare practice (C21) 0.46 0.036 

Finishing course (C22) 0.54 0.043 

Personal 

development (D) 
0.211 

Professional 

growth (D1) 
0.07 

Development planning 

(D11) 
0.46 0.032 

Reflective improvement 

(D12) 
0.26 0.018 

Honorable mention 

(D13) 
0.28 0.02 

Communication 

cooperation (D2) 
0.141 

Communication skills 

(D21) 
0.61 0.086 

Team collaboration 

(D22) 
0.39 0.055 

4.2.2. Analysis of the effect of improving the capacity of young teachers. Before the start of the 
experiment, 10 experts were invited to evaluate the performance of 30 young teachers in terms of 
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teacher competence according to the evaluation index system. The evaluation grades are divided into 
4 grades: excellent, good, moderate and poor. The statistical evaluation set is shown in Table 2. 
According to the weights of the indicators and the evaluation set, the fuzzy comprehensive rating 

method is used to calculate the afϐiliation value of  0,0.195,0.201,0.604 . According to the principle of 

maximum afϐiliation, 0.604 is the largest, corresponding to the evaluation grade of “poor”. 

Table 2. Young teachers ability to improve evaluation set 

Tertiary index Excellence Good Medium Bad Tertiary index Excellence Good Medium Bad

A11 0 0.2 0.2 0.6 B42 0 0.3 0.3 0.4 

A12 0 0.2 0.2 0.6 B43 0 0.3 0.2 0.5 

A21 0 0.2 0.2 0.6 B51 0 0.2 0.2 0.6 

A22 0 0.2 0.2 0.6 B52 0 0.2 0.2 0.6 

B11 0 0.2 0.1 0.7 C11 0 0.1 0.3 0.6 

B12 0 0.1 0.2 0.7 C12 0 0.1 0.2 0.7 

B13 0 0.2 0.2 0.6 C21 0 0.2 0.2 0.6 

B21 0 0.1 0.1 0.8 C22 0 0.2 0.2 0.6 

B22 0 0.2 0.2 0.6 D11 0 0.2 0.2 0.6 

B23 0 0.2 0.2 0.6 D12 0 0 0.5 0.5 

B31 0 0.2 0.2 0.6 D13 0 0.1 0.2 0.7 

B32 0 0.2 0.1 0.7 D21 0 0.2 0.2 0.6 

B41 0 0.1 0.2 0.7 D22 0 0.2 0.2 0.6 

After one semester of training using the mechanism of dynamic development of young teachers' 
competence based on the KGDR model, 10 experts were invited to evaluate the performance again. 
The statistical set of evaluations is shown in Table 3. The number of “poor” ratings is zero for all 26 
evaluation indicators. 

Table 3. Young teachers ability to improve evaluation set 

Tertiary index Excellence Good Medium Bad Tertiary index Excellence Good Medium Bad

A11 0.6 0.4 0 0 B42 0.4 0.5 0.1 0 

A12 0.4 0.3 0.3 0 B43 0.5 0.3 0.2 0 

A21 0.4 0.3 0.3 0 B51 0.6 0.4 0 0 

A22 0.5 0.3 0.2 0 B52 0.4 0.3 0.3 0 

B11 0.6 0.3 0.1 0 C11 0.6 0.2 0.2 0 

B12 0.7 0.2 0.1 0 C12 0.7 0.2 0.1 0 

B13 0.6 0.3 0.1 0 C21 0.6 0.3 0.1 0 

B21 0.6 0.2 0.2 0 C22 0.5 0.4 0.1 0 

B22 0.6 0.3 0.1 0 D11 0.4 0.4 0.2 0 

B23 0.5 0.4 0.1 0 D12 0.5 0.3 0.2 0 

B31 0.6 0.3 0.1 0 D13 0.7 0.2 0.1 0 

B32 0.5 0.4 0.1 0 D21 0.6 0.1 0.3 0 

B41 0.4 0.4 0.2 0 D22 0.6 0.4 0 0 

The afϐiliation value calculated using the fuzzy composite rating method is  0.54,0.32,0.14,0 , and 
according to the principle of maximum afϐiliation, 0.54 is the maximum, which corresponds to an 
evaluation grade of “excellent”. This evaluation result is two grades higher than that before the 
implementation of the dynamic development mechanism. This shows that the dynamic development 
mechanism of young teachers' competence based on KGDR model designed in this paper can 
effectively improve the competence of young teachers. 
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5. Conclusion 

The study designed a deep reinforcement learning-based knowledge graph teacher competence 
improvement recommendation algorithm to recommend relevant paths for the dynamic development 
of young teachers' competence. Compared with other single recommendation models, this paper's 
model has the highest values of recall, accuracy, F1 and diversity evaluation indexes, indicating that 
this paper's model works better for young teachers' competence improvement. Thirty young teachers 
from a private applied university in city Y were used as the research subjects. After one semester of 
using the model, the fuzzy comprehensive evaluation grade of young teachers is “excellent”. This study 
can provide theoretical value and practical reference for the optimization of young teachers' 
competence development mechanism in other colleges and universities. Future research can further 
explore other application areas of intensive learning in the development of teachers' competence, such 
as the enhancement of teachers' teamwork ability, in order to realize the comprehensive and 
coordinated development of teachers' competence. 
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