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Abstract 

Large amount of data is being generated in gaming servers due to the increase in the number of users and the 

variety of game services being provided. In particular, load balancing schemes for gaming servers are crucial 

consideration. The existing literature proposes algorithms that distribute loads in servers by mostly 

concentrating on load balancing and cooperative offloading. However, many proposed schemes impose heavy 

restrictions and assumptions, and such a limited service classification method is not enough to satisfy the wide 

range of service requirements. We propose a load balancing agent that combines the dynamic allocation 

programming method, a type of greedy algorithm, and proximal policy optimization, a reinforcement learning. 

Also, we compare performances of our proposed scheme and those of a scheme from previous literature, 

ProGreGA, by running a simulation. 
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1. Introduction 

Load balancing has been researched according to various methods of allocating loads such as dynamic 

allocation, static allocation, user-oriented allocation and applying deep learning method. An overview 

can be found in [1,2]. The centralized methods not available to be extended as it requires and enormous 

information exchange overhead and are thus not scalable. To overcome these limitations, decentralized 

methods have been proposed. Load balancing is modeled as a mathematical optimization problem in [3] 

and a distributed algorithm is proposed to solve it. It showed that this makes the strong resource a lot of 

load and the weak resource a lot of idle resources. However, most previous optimization researches such 

as gradient descent method and Lagrange multiplier method only apply to the traffic flow generated by 

static allocation. The authors assume the channel quality is stable. Nevertheless, the lack of feedback 

from environment causes the gradient descent to lose the direction. However, most of these researches 

impose many limitations and assumptions over the networks, which often do not relate with realistic in 

networks [4]. 

Therefore, we propose a effectual scheme combing greedy algorithm of dynamic allocation method 

with proximal policy optimization (PPO) which is among the reinforcement learning method in order to 
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achieve efficient load balancing in network. We used ml-agents library from Unity3D in order to proceed 

on reinforced learning. The learning is processed by the repeated cycle of sending variables by 

TensorFlow which are collected from learning environments created by Unity3D and sending back results 

which are learned from PPO algorithms, one of the reinforced learning. 

The rest of the paper is structured as follows. Section 2 describes the background involving the load 

balancing schemes and reinforcement learning. In Section 3, we describe our proposed architecture and 

provide the detailed a load balancing scheme. In the final section, we constitute a summary of our 

proposal and suggest a further study direction for load balancing in massively multiplayer online gaming 

servers in networks. 

 

 

2. Related Works 

Load balancing mechanisms are widely used in distributed computing environments to balance the 

workload of multiple servers, and the effectiveness of these mechanisms is critical to the overall 

performance and quality of service of the distributed platform. Workloads across multiple entities, 

maximizing throughput, minimizing response time, achieving optimal performance and avoiding 

overload. There has been a lot of research on load balancing and how to design an effective load balancing 

mechanism attracted the attention of many researchers. Recently, load balancing has been applied in 

various ways to various fields [5]. For example, in [6], multipath is formed between the sink and the 

source through path dispersion by applying deep learning, and data is spread and distributed along 

different paths according to various energy-related parameters to reduce the load of different nodes. 

However, even with the multipath approach in this method, it is still possible that multiple individual 

routes are merged at a specific point in the network, resulting in insufficient routes and reduced efficiency. 

In the individual path merging technique, nodes in the merged path consume more energy than other 

individual paths. As a result, the network is out of balance and goes down early. To solve this problem, 

[7] suggested that inactive nodes participate in the routing path with a local greed algorithm. In another 

study, the authors proposed a multi-path routing scheme that generates multi-paths by applying a deep 

reinforcement algorithm to distribute the workload of network traffic. 

Therefore, these studies have made it possible to select remote nodes even if a more energy-efficient 

route to the source exists. However, the network was initially down because the node consumed more 

energy along a longer path. In order to solve this, the node was selected by applying reinforcement 

learning instead of selecting the node based on the distance from the sender in [8]. 

In server-client architecture, server nodes can easily be overloaded by user’s high demand for status 

updates. Many studies suggest algorithms to distribute the load across server nodes, but this load is 

usually defined by the number of users on each server and is not an ideal measure. Also, the possible 

heterogeneity of the system is often overlooked. 

As for the load shedding method, the overloaded game server tries to cut off the load and it tries to 

redistribute the load [9]. After finding a low-load game server, it sends some boundary microcells to that 

low-load game server. For the next timestamp, the next event is mapped to another grid cell to do load 

balancing. The concept of node contribution potential is used to avoid situations where events are mapped 

to locations where there are not enough resources to service the network on the surrounding nodes [10-

12]. Deep learning is applied in a variety of fields, including computer vision, speech recognition, audio 
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recognition, social network filtering, machine translation, and bioinformatics, and can be compared to 

humans, and in some cases better than humans producing results. For the detection approach, the authors 

were compared to each other according to the importance factor of [13]. Their pros and cons were 

discussed in terms of data mining models, evaluation methods and proficiency. In addition, for privacy 

protection, the authors [14] combine logistic regression with local differential privacy protection in 

combination with machine learning to perform classification using noise addition and feature selection. 

Deep learning uses multi-layered nonlinear processing units to cascade for feature extraction and 

transformation [15]. The effectiveness of deep learning can be ensured by a universal approximation 

theorem, which is a small sub-layer of Rn under light assumptions about the activation function of the 

feed-forward network with a single hidden layer containing a finite number of neurons. It is a continuous 

state in the set [16]. Meanwhile, the reinforcement learning algorithm stores the sequence of past 

interactions with the past environment in memory and extracts related functions based on this memory. 

Also, making a series of decisions is an area of machine learning. Agents consider agents located in the 

environment. At every step, the agent acts, receives observations and rewards. The reinforcement learning 

algorithm tries to maximize the agent’s total reward in a previously unknown environment through a trial 

and error learning process. Regarding the reward maximizing agent, the reinforcement learning problem 

described above is very common and the algorithm has been applied to various other fields. The policy 

optimization method revolves around policies, the ability to map the agent’s state to the next task. 

These methods consider reinforcement learning as a numerical optimization problem that optimizes 

the expected rewards in relation to the parameters of the policy. AlphaGo, who defeated the human world 

champion in Go [17], was similar to IBM's Watson DeepQA system, winning the best Weeford! Player 

[18]. Unlike the homemade rules that dominated the chess game system, AlphaGo consisted of trained 

neural networks and traditional heuristic search algorithms using coaching and reinforcement learning. 

In previous studies [19,20] considered the workload of interactions to learn specific tasks and the exact 

functions to extract, and deep neural networks or multi-layer perception applied typical techniques for 

automatic feature extraction in reinforcement learning. 

An important innovation in automatic feature extraction using deep learning is presented in [21], and 

to successfully play the Atari game, the authors apply a convolutional neural network to automatically 

extract relevant features based on visual input data. Unfortunately, the most widely used optimization 

algorithms such as gradient descent and Lagrange multiplier methods only apply to scenarios where 

traffic flow generated by mobile users is almost static. They assume that the channel quality is stable in 

theirs research. 

However, in a real-world environment, traffic changes are not stable across the network. In addition, 

if the network scenario changes, the existing connection algorithm must be process at high cost across 

the entire network. Also, in general, most previous studies on load balancing and distributed decision-

making did not effectively consider the events and uncertainties of fast-growing game servers. 

 

 

3. Our Proposed and Performance Analysis 

The agent controlled by the reinforcement learning algorithm observes the state, �, from the learning 

system at time step t. The agent interacts with the learning system by processing actions in the ��. When 

the agent processes an action, the agent transition to a new state ���� depending on the current state and 
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the selected action. In this paper, we denoted actions and are �t and xt, respectively. 

Whenever the learning system transitions from � to a new state � + 1, the scalar reward ���� is given 

as feedback to the agent. In this case, the best phase of action is determined by the rewards provided by 

the learning system. The agent’s goal is to learn policy π, which maximizes the expected return. Given a 

status, the policy returns what to do. Optimal policy is any policy that maximizes the expected return in 

the learning system. The policy retrieval method does not need to maintain a value function model, but 

directly retrieves the optimal policy π∗. In general, the expected yield E[R|θ], the policy πθ with 

parameters updated is selected [22]. Gradient free optimization can effectively display a low-dimensional 

parametric space and has succeeded in applying it to large networks, but gradient based learning is one 

of the selection method of reinforcement learning algorithms, and this policy requires many parameters 

to find the best policy. Gradients can provide powerful learning parameters for how to improve our 

policy. 

Let ���  is an assessor of the advantage function at timestep �. The expectation ����[. . .] denote the 

empirical average over a finite of samples. Implementations that use automatic differentiation an 

objective function whose gradient is the policy gradient estimator, the estimator G is obtained by 

differentiating the Eq. (1). For computing variance reduced advantage function make use a learned state 

value function V(s). We use a loss function that combines the term error of policy and value function. 

This purpose can be augmented by adding an entropy bonus to ensure sufficient exploration. c1, c2 are 

coefficients, and S denotes an entropy bonus. It is show to perform multiple steps of optimization on this 

loss 	�	
��
	using the same way. 

 

G = E���[∇∅ log�∅(�� | ��)	���                                                        (1) 

 

																			�	
��
(∅) = ����
log�∅ ���	|������                                                  (2) 

 

We use an actor-critic style which is one of the PPO algorithms for policy learning as follows: 

 

Algorithm 1: 

For I = 1, 2, 3,… M; 

 For a = 1, 2, 3,…. N; 

  πθ for T 

  average А1, А2, … АT 

 EndFor 

EndFor 

 

Let ��(∅) denote the probability ratio ��(∅) = 
��(��|��)

�����(��|��)
|, where t specifies the time index in [0, T], 

within a given length T trajectory segment. We can use a truncated version of generalized advantage 

estimation, λ = 1. 

Also, we can obtain the Eqs. (3) and (4) from above. 

 

��� = 	−�(��) + �� + ����� + ���������� + ������(��)                                 (3) 

 

													��� = 	 �� + (��)�� + ��(����) − �(s�)				                                            (4) 
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In this paper, we used ML-agents library from Unity3D to simulate the load balancing agent for 

massively multiplayer online game (MMOG). It consists of a game world which consists of two-

dimensional map and each game world contains finite-state machine (FSM) bot in the place of 750 game 

users. The weight of each bot is reset to 1. We assume that there are 8 servers and used policy which load 

balancing agent learned, to disperse the load. We show our simulation environment in Fig. 1 [23]. 

 

 

Fig. 1. Simulation environment. Adapted from Park et al. [23]. 

 

 

Fig. 2. Initial load balancing. Adapted from Park et al. [23]. 

 

In Fig. 2, we differentiate each server by color to analysis of load balancing result. 

Each rectangle represents a cell, and a group of cells is defined as an area, and a group of the area is 

defined as a world. Each server is given an area. The game world is made up of 15 × 15 grid and has 225 

cells which are allocated with 8 servers. User load is occurred by activating 750 user AI which is 

processed by FSM. Also, server capacity is defined as i × 2000 and i is a value between 1 to 8. Thus, we 

assume the capacity of a sever 1, 2, and 3 as 20000, 40000, and 160000, respectively. 

These indicators occur in the process of dispersion. The less the indicator shows, the resources have 

been dispersed without any waste. Also, less change of indicator implies performance is constant. In the 

experiment, the standard that we set are as follows: 

(i) The weight of 750 users has been set as 1; 

(ii) After defining the weight, we set a number of users between 500 to 1000; 

(iii) After defining the number of users, we multiply the weight by a value between 0.5 to 2. 
 

Fig. 3 shows the flowchart of our simulation used in this paper. 
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Fig. 3. Flowchart of our scheme. Adapted from Park et al. [23]. 

 

In this paper, we applied the cell selection policy as in Algorithm 2. After checking the cells in all 

directions based on the cell where the agent is located, it is selected by detecting whether the neighboring 

cell exists or not.  If all neighbor cells are detected and cannot go all the way, random cells are reselected. 

 

Algorithm 2: 

Get current Cell 

If Current Cell != NULL 

 Get Current Cell`s Edge 

For all Edge 

  If Edge.target != NULL && Edge.target.visited == fall 

Neighbor[i] = true 

EndFor 

ENDIF 

 

 

Fig. 4. Process of our simulation. 
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(a) 

 

 
(b) 

Fig. 5. Fragment cells group of our scheme (a) and ProGreGA. 

 

In the propose scheme, the average fragmented cells occurred is two or three times more than that 

occurred in the original algorithm. Fig. 4 show the process of our simulation. 

The result of 100 experiments is sorted in ascending order of fragmented cells and divided it in three 

to indicate which are the worst, average, and best results. The conditional fragmented cell of a model 

which has been learned through the same condition is shown as a graph in Fig. 5. 

The experimental result of a model which has been learned through proposed technic shows 75% 

increase in its performance compared with the original performance of the algorithm. The occurrence 

aspect of the conditional fragmented cell shows no big difference from the original algorithm. 

 

 

4. Conclusion 

As game users have increased and various game services have provided, a large amount of event data 

will be generated over time at gaming servers. Therefore, a load balancing scheme for gaming servers is 

one of the critical considerations. In this paper, we propose a load balancing agent that combines greedy 

algorithm of dynamic allocation programming method and PPO which is one of reinforcement learning. 

We have used ML-agents library from Unity3D to simulate the load balancing agent for MMOG. It 

consists of a game world which consists of two-dimensional map and each game world contains FSM 

bot in the place of 750 game users. Also, we have compared performances of our proposed scheme and 

a previous research, ProGreGA by running a simulation to verify of our scheme. Our proposed scheme 

has been shown the show the effectiveness of suggested technic through comparing ProGReGA with 

simulated results. 
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