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ABSTRACT

In the wireless communication environment, the introduction of Ultra-Dense Networks (UDN) is essential to
meet the increasing demands of users. UDNs are characterized by a high density of base stations, which
enhance network capacity and improve signal strength and reliability, thereby improving service quality.
However, such densification leads to inter-base station interference that adversely affects network performance.
Consequently, effective interference management is crucial for optimizing resource allocation. This paper
proposes the application of the Proximal Policy Optimization (PPO) algorithm to address interference
management and resource allocation optimization challenges by simulating real network environments. The
proposed method demonstrates the potential to enhance the overall efficiency and performance of wireless
communication systems through resource allocation optimization that considers channel conditions and network
fairness. This research is expected to provide practical solutions for resource allocation and interference
management strategies in UDN environments, contributing to the enhancement of wireless communication

system performance.
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Fig. 1. 3D modeling and base station location on urban
environment maps
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Table 1. Experimental Parameters for Network Simulation.
Parameter Value
Base station 3
UE 50
RB 10
SNR threshold 15dB
Subcarrier 120
Subcarrier spacing 120kHz
Noise -174dBm/Hz
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Table 2. Parameters for Reinforcement Learning
Simulation.
Parameter Value

Episode 100

Time step 2000

Batch size 128

Learning rate 0.0005

Lambda 0.95

Discount factor 0.95

Clip 0.2
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