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ABSTRACT

Recently, various studies using deep reinforcement learning (deep RL) technology have been conducted to solve complex
problems using big data collected at industrial internet of things. Deep RL uses reinforcement learning’s trial-and-error
algorithms and cumulative compensation functions to generate and learn its own data and quickly explore neural network
structures and parameter decisions. However, studies so far have shown that the larger the size of the learning data is, the
higher are the memory usage and search time, and the lower is the accuracy. In this study, model-agnostic learning for
efficient federated deep RL was utilized to solve privacy invasion by increasing robustness as 55.9% and achieve 97.8%
accuracy, an improvement of 5.5% compared with the comparative optimization-based meta learning models, and to reduce
the delay time by 28.9% on average.
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Table 2. Experiment Environment

Specification and Version
Intel(R) CoreTM i7-1065G7
CPU CPU @ 1.30GHz
RAM 16GB
SSD 477GB
Python 3.12.0
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Table 3. A-shot, N-way Classification Accuracy
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