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Abstract 

School of MaIn recent years, complex networks have become the focus of many 
disciplines. With the rapid development of information technology, human social 
activities have become increasingly networked, such as social communication networks 
that communicate with others, transportation networks that are closely related to life, 
and neural networks related to themselves. Therefore, it has very important application 
value in society, information technology, medicine and other fields to explore important 
nodes in complex networks. This paper focuses on the research of dynamic complex 
network nodes, and proposes an evaluation method of important nodes in dynamic 
complex network based on deep Q-network (DQN). In common complex dynamic 
network models, this method can learn independently, construct and continuously 
optimize DQN to identify and evaluate important nodes, effectively solve the 
identification difficulties caused by dynamic changes of important nodes in complex 
dynamic networks, so as to reduce the space-time complexity of traditional 
identification algorithms. At the same time, deep reinforcement learning is introduced 
to evaluate and identify important nodes in real time, which greatly reduces the cost of 
network maintenance.nagement Science and Engineering, Anhui University of Finance 
and Economics 
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1. Introduction 

At present, a large number of complex systems in nature can be described through various 
networks [1]. These networks with some or all properties of self-organization, self similarity, 
attractor, small world and scale-free are called complex networks, such as common 
transportation networks in life [2]; Social networks that are constantly developing in the 
information age [3]; Convolution neural network with important value in many fields [4], etc. 
Since the initial concept was put forward, complex network has always been a new research 
hotspot, and it is important to study real complex systems models are often combined with 
machine learning, business intelligence, data mining and other methods to analyze problems 
and guide optimization decisions. 

In 1992, the Q-learning algorithm proposed by Kluwer Academic Publishers et al. [5] provided 
a method for people to study complex networks. This paper has been cited for tens of thousands 
of times in decades. This paper introduces that Q-learning is a simple method to let agents learn 
how to perform the best behavior in the controlled Markov domain. It is equivalent to a dynamic 
programming method that increases the limited computing requirements, and works by 
continuously improving the evaluation of specific action quality under specific conditions. It is 
shown that as long as all actions are sampled repeatedly in all states and the action values are 
represented discretely, Q-learning will converge to the optimal action value with probability 1. 
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The paper also outlines the extension of the non discounted but absorbing Markov environment, 
where multiple Q values can be changed each iteration to achieve efficient iterative updating of 
complex networks. Then, with the unremitting research on deep reinforcement learning in 
recent years [6], DQN algorithm, as a research branch of deep reinforcement learning, takes Q-
learning algorithm as the basis, uses the strong representation energy of neural network, and 
takes high-dimensional input data as the state in reinforcement learning, as the input of neural 
network model (Agent); Then the neural network model outputs the corresponding Q-value of 
each action to get the action to be executed. After that, DQN began to march into the field of 
practice [7-10] and became increasingly mature, and then more cutting-edge algorithm 
applications such as DDQN emerged [11]. 

Through the research of Xiang Linying et al. [12], we can roughly understand several common 
models of complex dynamic networks, and use these models to indirectly reflect the real world 
network. The nodes in the real world network have complexity, that is, different nodes in the 
network may have heterogeneity, bifurcation, chaos and other phenomena in their individual 
behavior, as well as the complexity of other associated uncertainties, that is, the real world 
network is vulnerable to the impact of other external factors. At present, based on traditional 
complex networks, there are many methods for evaluating the importance of nodes at home 
and abroad [13-15]. They can be roughly divided into five categories: sorting methods based 
on the nearest neighbor of nodes, sorting methods based on paths, sorting methods based on 
eigenvectors, sorting methods based on removal and contraction, and sorting methods based 
on comprehensive consideration. 

2. Relevant work 

2.1. Complexity of complex networks 

The complexity of complex networks [16] is mainly shown in the following aspects: (1) The 
complexity of nodes in the network. In theory, anything can be abstracted as a node. The nature 
and type of nodes in the same network may also be different. The number of network nodes 
will grow explosively with the expansion of the network scale. (2) The complexity of the 
relationship between nodes. The most intuitive properties of edge connection are direction and 
weight value, which represent the direction and strength of the relationship between nodes. 
The diversity of the relationship affects the complexity of the network structure, which means 
that a variety of methods need to be taken to analyze the complex and diverse relationships 
when studying related issues, which undoubtedly increases the difficulty and workload of 
processing. (3) The space-time attribute of the network. In general research on complex 
networks, it is assumed that the network is in a static state, but in real situations, the network 
will continue to move with the change of time and space, and its node connection relationship 
and network topology will change accordingly. The dynamic evolution of the network makes 
its structure and function have complex dynamic response behavior. (4) Many factors in the 
network affect each other. In addition to the nodes, edges, structure and other factors of the 
network itself, the complex network in reality will also be affected by changes in the external 
environment and other networks. Different networks may have multiple attributes, multi-
dimensional, multi-level, multi-layer and other complex characteristics. 

 

2.2. Markov Decision Process 

To understand DQN in depth, we first need to understand the basis of DQN - Markov Decision 
Process (MDP). Reinforcement learning is Markov and can be modeled by MDP. An MDP model 
can use five tuples<S, A, P, R, γ> describe [17]. In reinforcement learning, Markov theory has 
been mature and applied to practice [18-19]. 
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Figure 1: Markov learning process 

2.3. DQN 

Mnih et al. [20-21] proposed a deep Q-network (DQN) model by combining the convolutional 
neural network with the traditional Q-learning algorithm, supported by the theory of Markov 
decision-making process. DQN is an important value based deep reinforcement learning 
method, which makes many improvements on the traditional Q-learning algorithm. DQN can 
easily solve the strategy optimization problem of high-dimensional input. The partition of state 
space and action space in Q-learning has a high degree of similarity with the setting of abstract 
nodes and edge connected network, while the setting of reward function can consider node 
information, edge connected information, topology structure and other aspects. DQN uses 
neural networks to approximately replace the value function, which solves the problem of state 
explosion in the Q-value table. This is a disguised solution to the problem that it is difficult to 
identify key nodes due to the further increase of network complexity. 

3.  Improvement methods 

3.1.   Add the note importance evaluation reward function in the dynamic 
complex network 

Each node has its own attribute, that is, each indicator parameter of the node is recorded as it, 
and the node attribute set is represented as T, which is recorded as T = {𝑡1,𝑡2, … , 𝑡𝑖, … , 𝑡𝑗} where 

𝑡𝑖  is the attribute of 𝑣𝑖  and 𝑡𝑗  is the attribute of 𝑣𝑗  .Q-learning will be iteratively trained 

according to the reward function. The purpose of the reward function is to enable the agent to 
have a certain judgment when exploring the environment. It is the feedback given by the 
environment after the action is selected during the state transition. After adding the attributes 
of each node on the basis of the adjacency matrix. 

If two nodes are connected by edges, the calculation formula of reward matrix elements is as 
follows: 

 𝑅(𝑠, 𝑎)  = 𝛼1𝑤𝑖𝑗
1  + 𝛼2𝑡𝑗1 

1 + 𝛼3𝑡𝑗2

1 + ⋯ + 𝛼𝑛𝑡𝑗𝑛

1                                         (1) 

If two nodes are connected without edges, the calculation formula of reward matrix elements 
is as follows: 

𝑅(𝑠, 𝑎)  = 0                                                                     (2) 

3.2.   Building  neural  networks 

Solving the dimension disaster problem has always been the key to dealing with complex 
network problems. Especially in the age of big data, the dimension of complex networks is too 
large, which leads to the low efficiency of using traditional methods to deal with large-scale 
complex network problems because of the dimension disaster. Q-network has the 
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consciousness of "human", which can intelligently screen out irrelevant feature quantities 
between two nodes, effectively achieving the goal of dimension reduction. 

The purpose of replacing Q table with Q-network is to solve the problem of state explosion. For 
example, for a network with n nodes, the Q value table is n in both horizontal and vertical 
directions, and there are at most n elements in the Q matrix that need to be learned. However, 
if neural networks are used to replace them, the number of parameters that need to be learned 
is the sum of the parameters of each layer, and at most n squared. This is also the advantage of 
DQN algorithm in dealing with large-scale problems. During the construction of neural network, 
the input layer and output layer are respectively the Q values of states and actions. The 
structure in the hidden layer can be designed according to the network scale, which is generally 
the structure of convolution layer+pooling layer+full connection layer. 

 

Figrue 2: DQN Neural Network Structure 

 

3.3. Select the next action using the greedy strategy 

Traditional Q-learning uses a point with a slope of 0 to determine the maximum value. Since 
the point with a slope of 0 is a local maximum, it is not exactly equivalent to the optimal value, 
which also easily leads to low learning efficiency and inaccurate optimal value. Therefore, the 
DQN algorithm needs to introduce a greedy algorithm to avoid the algorithm falling into the 
situation of local optimization ρ To modify and optimize the next node evaluation, this 
parameter changes with the change of the evaluation eigenvalue of dynamic complex network 
nodes.  

Greedy strategy can be expressed as follows under 1-𝜌 probability: 

𝐺(𝑠, 𝑎) = arg (max
𝑎

𝑄(𝑠, 𝑎)) 

In other cases, the greedy strategy can be expressed randomly as any state in the action space. 

In order to realize the method, the parameter 𝜌 needs to be updated in real time. When an 
action needs to be selected in each iteration, a random number is generated. If the number is 
less than 𝜌, an action is randomly selected from the action space for execution; If the number is 
greater than 𝜌, select the action that maximizes the current Q value to execute. 𝜌 will decrease 
with the advance of: 

𝜌 = max (δ, 1 −
𝑛

𝑁
)  

where, n represents the current training times, N represents the total training times, and the 
minimum value of δ is default set as 0.01. The scientific explanation for this is that in the early 
stage of training, the value of 𝜌 is very large, so more random strategies will be used to reduce 
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action selection, which is conducive to the algorithm exploring optimal strategies from various 
solution spaces. With the continuous progress of training, the value of 𝜌  will continue to 
decrease, at this time, the maximum Q value will be used for action selection with greater 
probability, speeding up the training process. 

4. Experimental data and analysis 

4.1. Getting started with DQN basic experiment 

This DQN basic training is implemented in Python. The pseudo code of DQN algorithm is as 
follows: 

Table 1:DQN Pseudo Code[22] 

 
The process is as follows: 

1. During the training, the initial environment of gym: env=gym.make ("LunarLander-v2") 

2. Use DQN class to initialize agent: agent=DQN (env=env, gamma=gamma, lr=lr, tau=tau) 

3. In each episode, you need to initalize the starting position of the game: cur_ state = 
env.reset().reshape(1,8) And we need to record the score, because we finally need to use the 
score to evaluate the model: score=0 

4. A maximum game step can be set in episode each time. Of course, at the beginning, the agent 
will either die in a short number of steps, or only get very low scores. However, with its 
understanding of the environment, it is necessary to set a step to terminate the operation of the 
agent. 

 
Figrue 3: Episodes of Agents in CartPole 
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Figure 4: Episodes of Agents in Taxi Environment 

4.2. Simulation Analysis of BBV Complex Network Experiment 

In the actual complex network system, many networks are BBV (Barrat Barthelemy Vessignani) 
networks, that is, the degree and node weight of the network meet the power law distribution. 
Here we use Python language programming to realize the evolution of the model. 

Building an undirected weighted network model with 50 nodes: 

 

 
Figure 5:Undirected Weighted BBV Network [17] 

This time, the node strength is selected as the node attribute to be considered. The node 
strength of node i is expressed as the sum of the weights of all edges connected to node i. The 
connection weight matrix and node strength are normalized (all elements are divided by the 
maximum value). 50 nodes are taken as target nodes according to the node order. A neural 
network is built to replace the Q value table. The neural network parameters are iteratively 
trained according to the principle of Q learning algorithm to obtain the optimal path for each 
node state to reach the target state, and frequency statistics are conducted until each state has 
been used as the target state, After the frequency is summarized, the ratio of the frequency of 
each node to the total number of paths is sorted as the importance, and the key node 
identification results are obtained. 
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Table 2: Recognition Results of BBV Undirected Weighted Network Model 

 
 

The following is an analysis of the relevant statistics of the top 16 nodes. The table shows the 
node degree, node strength, tightness, intermediate number and other statistical 
characteristics of each node in the ranking order. 

 

Table 3: List of Statistical Characteristics of Each Node of Identification Results 
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Figure 6: Relationship Between Node Strength and Node Degree 

5. Conclusion 

The evaluation of key nodes in complex networks, that is, obtaining and constantly updating 
the information of key nodes, is an important part of complex network research. In the process 
of research on traditional key node identification methods, it is found that most of the existing 
methods use a single indicator or multiple indicators in turn to identify key nodes. In the age of 
big data, it is easy to become inefficient to deal with large-scale complex network problems. In 
this paper, the concept of deep reinforcement learning is innovatively introduced and applied 
to the research of complex networks, and the complex network problem is turned into a Q-
network. Q-network has a sense of "human", similar to the way humans deal with problems, 
and evaluates the importance of nodes in complex networks. The processed dynamic complex 
network can be found through experiments that Q-network with self-learning ability can 
significantly improve the efficiency and fault tolerance of analyzing the importance of complex 
networks and their nodes. 
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