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Wireless blockchain broadcast routing algorithm based on Q-Learning

WEI Jingsheng, SI Pengbo, LI Meng, ZHANG Yanhua
( Department of Information, Beijing University of Technology, Beijing 100124 )
Abstract

An independent and flexible layered logic architecture for wireless blockchain network scenarios is proposed
with reference to the commonly used blockchain logic layering, and the working principle and role of each layer are
introduced in detail. Based on the existing broadcast routing algorithm and combined with the wireless blockchain
network scenario, a Q-Learning based broadcast routing algorithm is proposed to overcome the defects of broadcast
redundancy and large total energy consumption of broadcast in the broadcast process. The algorithm describes the
wireless blockchain network transaction information broadcasting process as a broadcasting decision problem for
multiple agents, and helps each current broadcasting node agent to make a decision whether to broadcast or not
through offline learning and training. The simulation experimental results prove that the algorithm effectively solves
the broadcast redundancy problem and saves the total energy consumption of the broadcast process.

Key words: wireless blockchain, Q-Learning, broadcast redundancy, energy consumption





