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[Abstract]

Reinforcement learning (RL)-based demand-response systems are receiving attention for realizing energy efficiency; however,
the scarcity of peak-load patterns in real-world data causes training instability and performance degradation. Hence, we propose
a hybrid framework integrating a generative diffusion model with deep reinforcement learning. The diffusion model effectively
resolves data imbalance by generating high-fidelity synthetic peak patterns that accurately capture the complex distribution of
actual data. Experimental results using actual power-consumption data from a university headquarters building indicate that the
proposed system reduces electricity costs and peak-load occurrences by 2.39% and ~5%, respectively, compared with existing
methods. The novelty of this study is that it mitigates data scarcity by integrating generative Al and RL, thereby demonstrating

the potential for performance enhancement in RL-based energy-management systems.
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