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Abstract: This study explores the optimization of low-carbon control strategies for intelligent buildings using reinforcement
learning, employing the Deep Q-Network (DQN) model to establish an interactive interface with the building energy
simulation platform Energy Plus, achieving the integration of intelligent control strategies and building physics models. By
defining the state space, action space, and reward function, the reinforcement learning agent can continuously optimize
control strategies during training, enabling dynamic optimization and regulation of key parameters such as HVAC system
operation and temperature settings. Comparative analyses were conducted across various scenarios, with a typical office
building selected for a 30-day dynamic simulation. The simulation results show that compared to the baseline strategy,
Q-learning achieved an energy savings rate of 11.6%, while DQN improved it to 14.1%. The DQN controller maintained a
PMV mean within 0.34 and reduced the fluctuation coefficient by 32%, demonstrating superior comfort retention. While
ensuring indoor thermal comfort, the reinforcement learning control strategy exhibits excellent energy efficiency and

robustness, excelling in high-dimensional state spaces with faster convergence and better long-term reward performance.
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Fig. 1 Comparison of daily energy consumption
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Table 3 Comparison of energy consumption and summary of energy-saving effects of different control strategies
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Fig. 2 Daily PMV index
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Table 4 Comparison of convergence in training different control strategies
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Table S Comparison of building energy consumption structure with different control strategies (unit: %)
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Fig. 5 Comparison of daily average CO: concentration under different control strategies
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Table 6 Total carbon emissions under three control strategies
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