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Abstract In this paper, we propose a deep reinforcement learning algorithm-based bi-directional
electricity negotiation scheme that adjusts and propose the price they want to exchange for negotiation
over smart building and utility grid. By employing a deep Q network algorithm, which is a kind of deep
reinforcement learning algorithm, the proposed scheme adjusts the price proposal of smart building and
utility grid. From the simulation results, it can be verified that consensus on electricity price negotiation
requires average of 43.78 negotiation process. The negotiation process under simulation settings and

scenario can also be confirmed through the simulation results.
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Fig. 1. Smart building systems architecture.
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