International Journal of Internet, Broadcasting and Communication Vol.14 No.2 192-198 (2022)
http://dx.doi.org/10.7236/1J1BC.2022.14.2.192

1JIBC 22-2-23

Reinforcement learning multi-agent using unsupervised learning in a distributed
cloud environment

Seo-Yeon Gu*, Seok-Jae Moon**, Byung-Joon Park***

*Master, Department of Computer Science, Kwangwoon University, Korea.
**Professor, Department of Artificial Intelligence Institute of Information Technology,
KwangWoon University, Korea
***Professor, Department of Computer Science, Kwangwoon University, Korea.
E-mail: {gsy0207, msj80386, bjpark}@kw.ac.kr

Abstract

Companies are building and utilizing their own data analysis systems according to business characteristics
in the distributed cloud. However, as businesses and data types become more complex and diverse, the demand
for more efficient analytics has increased. In response to these demands, in this paper, we propose an
unsupervised learning-based data analysis agent to which reinforcement learning is applied for effective data
analysis. The proposal agent consists of reinforcement learning processing manager and unsupervised
learning manager modules. These two modules configure an agent with k-means clustering on multiple nodes
and then perform distributed training on multiple data sets. This enables data analysis in a relatively short
time compared to conventional systems that perform analysis of large-scale data in one batch.
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1. Introduction

Companies have built and utilized their own data analysis systems according to their business characteristics
in a distributed cloud. However, as the number of tasks increases, more effective data analysis using a
distributed data system that is interoperable between companies is required [1]. In addition, as the complexity
of work increases, the areas where data are collected become more diverse and more numerous, so it is essential
to consider the characteristics of specific work areas and agents [2]. The efficiency of data analysis for these
multiple agents can be solved through a big data analysis platform using machine learning technigues such as
reinforcement learning [3]. In this paper, we propose an unsupervised learning-based data analysis agent to
which reinforcement learning is applied. The environment created by multiple agents is based on the
environment of multi-agent reinforcement learning. The proposed agent consists of two modules:
Reinforcement Learning Processing Manager and Unsupervised Learning Manager. This agent is a grouping
of several nodes using k-means clustering, which is unsupervised learning, and enables distributed training on
N data sets that are randomly collected. As each agent efficiently distributes a lot of data, data analysis is
possible in a relatively short time. The structure of this paper is as follows. Chapter 2 examines related work,
and Chapter 3 describes the agent composition and reinforcement learning techniques proposed in this paper.
Chapter 4 describes the agent performance analysis, and finally, chapter 5 concludes.
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2. Related Work
2.1 Multiple Reinforcement Agent

Early approaches of multi-agent reinforcement learning were proposed in which individual agents learn their
value functions and policies independently. In general, in the case of Independent Q-Learning (IQL) [4] based
on Q learning, each agent independently performs Q learning [5], and further extended to DQN [6]-based deep
reinforcement learning. A technique [6] has also been proposed. In other words, 1QL simply performs
distributed execution. Therefore, it is difficult to perform effectively because of the instability (non-
stationarity) caused by simultaneous learning and search of agents. In order to solve this instability, a technique
[7] focusing on stability based on past experience was introduced. However, in this technique, it is not easy to
obtain a multi-agent behavior policy that can show coordinated cooperative behavior among team members
because each agent learns the behavior policy independently of each other based on the limited observation
ability. Conversely, approaches of centralized training techniques have been proposed by completely excluding
the independence of agents. Central-centralized training is a method to improve instability by naturally
regulating cooperation between agents. However, as the size and number of individual agents increases, the
complexity of centralized training increases, making it difficult to perform effectively. Typically, the classic
central-centralized training method is a method using coordination graphs [8].

2.2 K-means Clustering

Since K-Means Clustering is unsupervised learning among machine learning fields, only input data is given
and no correct answer is given. When no correct answer is given, it is an algorithm that identifies the similarity
between the given input data and divides similar data into K clusters [3]. As a result, K clusters and K centroids,
which mean the average value of each cluster, are derived. This K-Means Clustering algorithm is being used
in various fields, such as establishing customized marketing strategies through customer group analysis of
companies, grouping news articles on portal sites by topic, and forecasting weather through clustering of
climate data.

3. Proposed Agent
3.1 Cluster-based multi-agent environment in distributed environment
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Figure 1. Cluster-based multi-agent environment in distributed environment
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Figure 1 shows the cluster-based multi-agent environment in the distributed environment proposed in this
paper. The server and the integrated cloud interact and collect data generated from multiple resources.
Thereafter, big data is divided into N sets. Then, it is transmitted to several agents consisting of a cluster
consisting of N nodes. After confirming the receipt of data, the agent trains the data using reinforcement
learning. The trained results are sent back to the server in the form of ‘actions’. This process is repeated until
the point at which the reward is maximized, that is, the target query is reached.

3.2 Configuration of Multi-Agent
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Figure 2. Multi-agent and cluster architecture

The agent consists of a reinforcement learning processing manager and an unsupervised learning manager.
Reinforcement Learning Processing Manager consists of Action Module, Reward Module, and RL_Processor,
and Unsupervised Learning Manager consists of Node Communication Module and Cluster Module. The
following is a description of each module.

3.2.1 Unsupervised Learning Manager

- Node Communication Module: A module responsible for communication between nodes. Before clustering,
the state of each node is checked, and the executable node is checked and the result is derived. It is possible to
construct a flexible node network by checking whether the node can be executed or not. Receives information
about nodes selected to configure a cluster from the Cluster Module, and transmits training data to the
configured cluster for learning.

- Cluster Module: The Cluster Module receives node information from the Node Communication Module and
actually performs clustering. It creates an optimal learning environment by continuously communicating with
the Node Communication Module.

- Data Collector: The Data Collector module is a module that collects trained data information from each node.
The final output, that is, the Action, is sent from the Action Module to the Main Server, and each result is
collected in the Dataset Collector.
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3.2.2 Reinforcement Learning Processing Manager

- Action Module: In this module, the action in reinforcement learning is taken by the agent to control the
environment in the direction to maximize the reward, and the action in the proposed agent is the result of
learning based on the reward (learned dataset) can be seen. Action Module is a module that receives the trained
dataset.

- Reward Module: A module that manages the rewards the agent receives from the Main Server. When training
is started for the first time, big data from the integrated cloud is used as training data. This training data is
transmitted to the Reward Module. The transmitted data is divided into N sets and delivered to RL_Processor.
Reinforcement learning interacts with the environment and learns to maximize rewards. When reward comes
from the main server, the reward module compares whether this is the target query or training result.

- RL_Processor (Reinforcement Learning Processor): RL_Processor sends a node communication request to
the Node Communication module of the unsupervised learning manager to deliver the N data sets delivered
from the Reward Module to each cluster.

3.3 Execution Structure
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Figure 3. Sequence Diagram

Figure 3 shows the data flow of the proposal agent as a sequence diagram. The above sequence represents
the flow of the entire system and is repeated until the reward is maximized.
1. Training Data: Raw data is collected from the Main Server and delivered to the Reward Module in the form
of large-scale data.
2. Classify Training Data: Divided into N data sets in the Reward Module.
3 ~ 6: Node information interacts to create a cluster, and packets are sent and received for smooth system
communication.
7. Send training data to each cluster group: Map N data sets and N clusters.
8. Run Training on Each Group: Train the model in each cluster.
9. Trained Dataset: When N datasets are trained in each cluster, the results are sent to the Dataset Collector.
10. Trained Dataset: N outputs from the Dataset Collector are collected as one output, and it is sent to the
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Action Module.

11. Acquisition of analyzed data: In the Action Module, the output is treated as an Action of reinforcement
learning and sent to the Main Server.

3.4 Implementation Algorithm

Input D: Training Data Collected by Main Server
Output O: Trained Dataset
BEGIN:
tAB,...,tIN = ActionModule.ClassifyData(D) # Split training data into N
i=0
for i in range(n): # Repeat until reward is maximum.
# Request for cluster creation and node communication
RL_Processor.CallNode(tN)
# Save the non-executable node information.
non_executable_node = NodeCommunication.NodeCheck(tN)
# Information of node communication state
Info_N=ClusterModule.ElasticSearch(non_executable_node,tN)
# Create N clusters.
N_clusters = ClusterModule.MakeClusters(Info_N, tN)
# Send a set of N datasets to each cluster.
NodeCommunication.Send_tN_to_Nclusters(tN, N_clusters)
# Proceed with training and return the output.
Run training tN on each cluster: return N_trained dataset

# Convert N outputs to one output.
Output_trained dataset = DatasetCollector.Collect(N_trained_dataset)

# Send the output to MainServer.
ActionModule.Send_to_MainServer(Output_trained_dataset)
if Output_trained_dataset == TargetQuery: # End iteration when reward is max.

break
end for
END

Algorithm 1. Sequence Algorithm

The multi-agent system is implemented in Python. Algorithm 1 lists the execution of each module according
to the sequence.

4. Experiments and Results

In order to measure the performance of the agent proposed in this paper, a comparative experiment was
performed with a system that integrates the existing dataset in one server and proceeds with learning. In the
experiment, the energy cost dataset provided by the public data portal was used, and the performance was
compared by measuring the execution time until the completion of learning the given data. The experimental
environment and method for performance measurement are as follows.
- Execution Environment: VMware, Windows Server 2020, MySQL, Linux Ubuntu 5 nodes, 4 agents
- Setting experimental goals and assumptions: It aims to build a cloud environment that can minimize energy
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use costs by learning the energy cost dataset.

- Measure the response failure rate of the node according to the increase in the number of nodes in the agent.
In this experiment, the number of nodes in the agent is set to 5, and the result represents the average of the

measured values obtained through a total of 50 experiments.
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Figure 4. Comparison of execution time between the existing system and the
proposed agent system

Figure 4 is a chart comparing the execution time of the existing system and the proposed agent system. When
there is relatively little data, the execution time of the proposed agent system is faster, but it can be seen that
the performance of the existing system is advanced as the amount of processed data increases. The reason is
that, in the proposed agent system, it is expected that the response time is slower than in the existing system
because it requires an agent adjustment time by distributing data into sets and determining the resource
information of nodes.

Table 1. Cluster response failure rate according to the number of nodes in the agent
clusterl cluster2 cluster3 cluster4 cluster5 cluster6 cluster7 cluster8

5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
6 0.00 0.00 0.00 0.00 1.35 1.82 0.00 1.46
7 3.57 4.62 2.85 3.23 4.11 3.82 2.90 3.04
8 7.49 8.32 7.25 8.12 8.86 9.72 10.03 11.01
9 11.24 10.98 10.23 13.32 14.48 15.21 16.87 17.54

10 20.13 21.43 22.54 22.01 23.54 24.03 26.65 25.64

The response coupling rate in this experiment refers to a case where learning is performed on each agent and
the result learned by MainServer does not reach normally. When the number of nodes constituting the agent is
5, anormal response can be obtained, but as the number of nodes increases, the response defect rate increases,
making it impossible to guarantee desired information. In addition, it can be seen that the response defect rate
increases as the number of agents constituting the system and the number of nodes within the agent increases.
The reason these results were derived is that, in the same vein as the experiment performed in Figure 4, it takes
a lot of time for step-by-step adjustment of the agent system.
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5. Conclusion

In this paper, we proposed a cluster-based multi-agent that applied reinforcement learning in a distributed
cloud environment. In Figure 4, a real dataset was applied to the proposal agent, resulting in improved
performance compared to the existing system. This demonstrates that clustering multiple nodes and performing
distributed learning on data sets can perform data analysis more efficiently than traditional systems when data
volumes are large. In Table 1, as the number of nodes in the agent increases, the response failure rate increases.
This shows that as the number of clusters and the amount of data to be analyzed increases, the execution time
for different nodes to return results varies depending on the operational state of the resource. Therefore, there
is a need for a follow-up study on the efficient resource management method of the node in the agent.
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