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Abstract
Distributed Reinforcement Learning (RL) enables coordi-
nated HVAC control in district energy systems but existing
approaches vary in architecture, addressed challenges, and
practical feasibility. This review classifies recent studies
by distribution level and problem dimensions and uses a
research map to identify trends, research gaps, and future
directions for practical, privacy-aware, and safe distributed
control.

Framework definition for distribution levels
We introduce a framework that categorizes RL approaches
in Building Energy System (BES) by distribution level:

• L0 Centralized Single-Agent RL [Zhou et al. (2022),
Bao and Xu (2023), Ojand and Dagdougui (2022),
Ding et al. (2022)]

• L1 Partially distributed RL with central Coordination
[Qin et al. (2022), Ahrarinouri et al. (2022), Ruan
et al. (2023), Huo et al. (2024), Tomin et al. (2022)]

• L2 Coordinated distributed RL [Zhang et al. (2025),
Miao et al. (2024), Shen et al. (2022), Bo et al. (2023),
Zhu et al. (2024), Tomin et al. (2024), Nweye et al.
(2025), Rezazadeh and Bartzoudis (2022)]

• L3 Fully distributed RL [Pei et al. (2025), Sun et al.
(2024), Zhang et al. (2022b), Tariq et al. (2025),
Zhang et al. (2022a)]

Problem categorization
We define system-level core problem dimensions, cover-
ing challenges from classical HVAC control, limitations
addressed by RL, and new challenges introduced by dis-
tributed RL: P1 Scalability, system size and complexity;
P2 Coordination and communication; P3 Privacy and Data
access; P4 Safety, Stability and Constraint satisfaction; P5
Training efficiency, adaptability and generalization.

Comparison using a research map
Table 1 presents a two-dimensional research map of the
22 reviewed studies, organized by distribution architecture
and problem focus. Primary and secondary problems are
indicated by filled and unfilled circles, respectively.
With the research matrix we identified the following gaps:
1) limited attention to P3–P5, particularly at higher distri-
bution levels; 2) except for Miao et al. (2024), all reviewed
studies rely solely on simulation; 3) few L3 studies and no
work addressing all five problems simultaneously.

Table 1: Distribution matrix
P1 P2 P3 P4 P5

L0
L1

L2
L3

primary focus secondary focus

Discussion and conclusion
Rezazadeh and Bartzoudis (2022) combines RL and feder-
ated learning for privacy-preserving multi-owner districts.
Huo et al. (2024) and Sun et al. (2024) propose safe RL
for safety-critical HVAC systems. Ruan et al. (2023) uses
offline training on historical data to reduce online explo-
ration.
This work reviewed distributed RL for HVAC control
in district energy systems. The key takeaways are: 1)
Distributed RL enables scalable and coordinated multi-
building control; 2) Major challenges remain: privacy,
safety, training efficiency, and real-world deployability;
3) studies address only a subset of problems, highlighting
the need for holistic, system-level approaches; 4) Future
work should focus on integrated architectures and real-
world validation under multi-owner constraints.
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