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ABSTRACT

In this letter, the performances are compared and
analyzed by applying Multi Agent Deep Reinforcement
Learning to the CSMA/CA protocol. In the case of the
existing CSMA/CA protocol, a terminal with a backoff
value of O using the random backoff method transmits
a packet, so the higher the number of terminals
connected to the channel, the higher the number of

packet collisions, which degrades the performance. We

propose that each terminal connected to a channel is
regarded as one agent, and all agents belonging to the
channel observe the channel state, and then determine
the Contention Window (CW) with a high transmission
success rate according to the channel state to improve

performance.
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Table 1. Environment variables
Parameter Value
SIFS 16us
DIFS 34us
Slot time 9us
ACK frame size 14bytes
Data size 1,000bytes
Data transfer rate 54Mbps
¥ 2. MADDPG 53lo|H3}g}n]g]
Table 2. MADDPG hyperparameters
Parameter Value
Hidden layer node [256, 256]
Activation function ReLu, Softmax
Batch size 100,000
Mini batch size 512
Actor 7y 0.00025
Critic 7 0.0005
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Fig. 1. performance comparison of CSMA/CA protocol
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