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Abstract

Air Handler

The recently introduced Smart Buildings Control Suite pro-
vides an open-source, physics-informed simulator for devel-
oping building HVAC control agents, yet its initial presen-
tation lacked comprehensive empirical performance results.
This paper addresses this gap by presenting a quantitative
benchmark evaluation of standard reinforcement learning
(RL) algorithms within this specific simulation environment.
Our primary objective is to establish performance charac- Figure 1. Illustration of an office building and its HVAC devices.
teristics and demonstrate the suite’s capability for evaluat- Image credit to John Sipple.

ing modern control strategies. We train and evaluate Soft

Actor-Critic (SAC) and Deep Deterministic Policy Gradi-

ent (DDPG) agents using the suite’s simulator configured 1. Introduction

for Building SBI1. The evaluation focuses on learning effi-

ciency, final control performance compared to a baseline Energy optimization in commercial buildings is a crucial
schedule, and, critically, generalization across diverse sea- and increasingly urgent issue. Buildings contribute ap-
sonal conditions not seen during training. Additionally, with proximately 37% of total US carbon emissions, with com-
the goal of encouraging the adoption of control policies by mercial buildings alone accounting for 17% in 2023 [1].
real buildings, we analyze the performance implications of Within buildings, Heating, Ventilation, and Air Condition-
a policy extraction technique which aggregates agents’ poli-  ing (HVAC) systems (see Fig. 1) specifically account for
cies into predictable, static schedules which can be easily about 40-60% of their energy usage [2] , which translates
implemented in buildings. Our results provide quantitative to roughly 15% of global energy consumption [3]. Optimiz-
evidence that both SAC and DDPG agents can be effec-  ing HVAC systems thus represents a particularly impactful
tively trained within the suite, achieving significantly better opportunity for reducing overall carbon emissions. Opti-
performance than the baseline policy, and successfully gen- mizing HVAC control has been an active research area for
eralizing across different seasons. Furthermore, the analysis decades[4—12], and yet, while AI has begun to revolution-
shows policy extraction incurs minimal performance loss for ize many industries, almost all HVAC systems remain the
up to 8-hour aggregation bins, demonstrating that there is same as they were many decades ago. Despite extensive
opportunity for simpler, more interpretable policies, which literature on the topic, broad real-world adoption remains
would still benefit performance. This work establishes initial elusive. One of the biggest factors limiting progress is the
performance benchmarks for the Smart Buildings Control lack of a robust public benchmark to facilitate research and
Suite, validating its use for RL research, and motivating measuring progress. The recently introduced Smart Build-
further research. ings Control Suite [13, 14] aims to address this, and provides

an open-source, lightweight physics-informed simulator de-
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signed as a Gym-compatible environment for developing
reinforcement learning (RL) agents for building HVAC con-
trol. While this suite represents a valuable contribution, the
original work presented limited empirical results regarding
the actual training and performance of RL agents within this
specific simulation framework.

In addition, a key challenge in applying such learned
RL agents, often complex black-box models, to real-world
buildings involves trust and ease of implementation [15]. Op-
erators may be hesitant to deploy controllers whose decision-
making is opaque and requires continuous interaction with
the building’s system. Addressing this deployment barrier,
recent work has explored policy extraction[15]. The pro-
posed workflow aimed to bridge the gap between complex
RL agents and practical deployment by generating simpler,
interpretable schedules. This was done as follows:

1. Obtain a weather forecast for a future period (e.g., the

upcoming week).

Use this forecast to drive a dynamics model (specifically,

an LSTM model in their study) simulating the building’s

response.

Train an RL agent interactively within this simulated,

forecast-driven environment to learn an optimal control

policy for that specific future period.

Simulate the trained RL agent operating over the forecast

period and record its actions.

. Process these recorded actions (e.g., by averaging over
time intervals) to extract a static, human-readable
schedule (e.g., a table of setpoints vs. time).

. Finally, deploy this extracted schedule onto the actual
building, rather than deploying the interactive RL agent
itself.

However, several critical analyses were absent in that
study [15]. Firstly, while employing an LSTM-based dynam-
ics model (diverging from the physics-informed simulator),
it crucially did not present quantitative comparisons be-
tween the extracted schedule’s performance and baseline
building operation policies. Secondly, the potential perfor-
mance degradation inherent in the policy extraction step
itself—resulting from aggregating continuous agent actions
into coarser, discrete schedule steps—was not evaluated.
Finally, the study did not investigate the robustness of
the extracted schedules to inevitable deviations between the
weather forecast used for generation and the actual experi-
enced weather.

Therefore, a foundational evaluation of RL performance
within the simulator remains necessary, providing the basis
for addressing these gaps. The present study utilizes the
simulator component of the suite, configured for Building
SB1, to conduct a comprehensive performance benchmark
of standard RL algorithms (SAC and DDPG). We assess
their learning efficiency, final control performance, and, im-
portantly, their generalization capabilities across diverse sea-

2.
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sonal conditions. This provides the direct, quantitative
comparisons against baselines and the analysis of gen-
eralization which were missing, thereby addressing key
gaps identified in prior work [15]. Our results establish
crucial performance characteristics within the physics-
based simulator, offering a foundation upon which the
performance impacts of extraction techniques and sensi-
tivity to forecast errors can be subsequently evaluated.

2. Objectives

To demonstrate the capability of the Smart Buildings Control
Suite as a benchmark for modern control algorithms, we
conduct a series of experiments evaluating the performance
of some reinforcement learning algorithms. Our objectives
here are:

Compare the learning efficiency and converged perfor-
mance of SAC, DDPG, and TD3 agents on the HVAC
control task.

* Assess the generalization capabilities of these agents when
trained and evaluated under different environmental con-
ditions (specifically, varying seasons defined by episode
start dates).

Quantify the potential energy savings and comfort im-
provements achieved by trained RL agents compared to a
standard baseline controller.

It is important to note that all experiments presented in
this section were conducted using the developed simula-
tion environment, not through live trials on physical build-
ings. Consequently, the reported performance improvements
demonstrate the potential gains achievable within the simu-
lated environment, predicated on the simulator’s fidelity to
real-world dynamics. Although the simulator was calibrated
calibrated using historical data jquote;, validating these find-
ings through real-world deployment remains a critical next
step for future work.

3. Experimental Setup

All reinforcement learning experiments were conducted us-
ing the lightweight physics-informed simulator detailed in
Section 5, configured to emulate Building SB1 from the
dataset described in Section 4.

An experimental “episode” corresponds to a simulation
run over a specific historical period (e.g., July 7th to July
20th, 2023), utilizing the recorded outdoor air temperatures
for that duration. While the agent’s actions influence the
building’s internal state, the external weather conditions for
a given episode definition remain fixed across all runs and
agents, ensuring reproducible environmental factors. In this
context, we use the terminology “train episode” and “test
episode” to denote ranges of dates that were or not used
during training. The simulation operates with a 15-minute
timestep resolution.
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Figure 2. Plots describing the training process of SAC and DDPG agents. Plots (a) through (e) show training losses, with loss values plotted
against the training step, while plot (f) shows the evolution of the agents’ validation episode return throughout training. Plot (a) through (c)
show the SAC agent’s actor, critic, and alpha losses respectively. Plots (d) and (e) show the DDPG agent’s actor and critic losses respectively.

To ensure a fair comparison between TD3, SAC, and
DDPG, a common set of training hyperparameters was em-
ployed across all agents and random seeds. The training
procedure involved 300 main iterations. Within each iter-
ation, 50 new environment steps were collected using the
agent’s current policy, and 200 gradient update steps were
performed on sampled data batches. Training began with a
replay buffer pre-populated with 6,720 transitions (equiva-
lent to 7 days) generated by executing the baseline building
schedule policy. relevant hyperparameters included a batch
size of 256 and a learning rate of 4 x 10~* (applied uni-
formly to relevant network components). An evaluation run
was performed every 10 training loop iterations.
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4. Learning Framework Verification

Prior to assessing generalization performance, we conducted
a preliminary experiment to verify the fundamental learning
capability of the agents within our simulation framework,
and to validate that the hyperparameters chosen were sensi-
ble for the setup. For this verification step, SAC and DDPG
agents were both trained and subsequently evaluated exclu-
sively on a single, fixed 14-day episode commencing July 6th.
While this train-on-test configuration inherently precludes
any claims of generalization, it confirms that the agents can
successfully optimize the defined reward signal.

The evaluation results indicate that both the SAC (final
episode return: -119.2) and DDPG (final episode return:
-115.2) agents developed policies that substantially outper-



formed the baseline schedule (final episode return: -167.5).
Moreover, analysis of the evolution of the episode return
curves seem to indicate successful optimization: the episodic
returns during training increased steadily before reaching a
plateau for both agents, around the same value. The conver-
gence of distinct algorithms to similar performance levels
suggests consistent optimization behavior and potentially
indicates the identification of a near-optimal policy for this
fixed environmental condition.

5. Generalization Across Varying Conditions

To assess the generalization capabilities of the trained agents,
we then evaluated their performance on held-out episodes
representing environmental conditions distinct from the train-
ing data. A critical aspect of robust HVAC control is the
ability to adapt to significantly different scenarios, particu-
larly those driven by seasonal weather changes. Evaluating
an agent trained in one period on a temporally adjacent pe-
riod within the same season (e.g., consecutive weeks in July)
might offer limited insight into generalization, as the environ-
mental conditions could be highly correlated. Therefore, a
more rigorous assessment involves evaluating across periods
with substantially divergent conditions.

With this rationale, we designed the following experi-
ment:

» Agents were trained on a single 14-day episode represent-
ing summer conditions (commencing July 6th).
Evaluation was conducted on four distinct 14-day episodes
starting progressively later in the year: August 6th,
September 6th, October 6th, and November 6th, thereby
capturing the transition from late summer through autumn.
* The performance of the trained RL agents on each evalua-
tion episode was compared against the baseline schedule
policy.

This setup allows us to specifically examine how well poli-
cies learned under summer conditions generalize to the in-
creasingly different thermal demands of subsequent months.

Figure 3 illustrates the generalization performance of the
SAC and DDPG agents compared to the baseline Sched-
ule policy on four distinct evaluation episodes, commenc-
ing monthly from August 6th to November 6th, following
training on a July episode. The results clearly demonstrate
successful generalization: both the SAC and DDPG agents
achieved substantially higher episodic returns than the base-
line Schedule policy across all four evaluation periods, even
the episodes in later months, with considerably different
weather scenarios than the training episode. Notably, the
absolute performance (total episodic return) decreased pro-
gressively for all policies from the August to the November
episode. This trend aligns with expected seasonal changes;
as outdoor temperatures drop, the heating load on the HVAC
system increases, inherently leading to higher energy con-
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sumption and potentially greater comfort challenges, re-
flected in lower reward values.

Comparing the two RL agents, SAC and DDPG exhib-
ited broadly comparable performance levels throughout the
evaluation periods. DDPG achieved marginally higher re-
turns in the September, October, and November episodes,
while SAC performed slightly better in August, although
the differences remained relatively small. Overall, the con-
sistent outperformance relative to the baseline across these
diverse and temporally distant episodes confirms the ability
of the learned RL policies to generalize effectively beyond
the specific conditions encountered during training.

As shown in Figures 3(c) and 3(d), SAC and DDPG
agents, although trained independently, yielded policies ex-
hibiting marked similarities (e.g., comparable action peak
timing) on the November 6th out-of-sample test episode.
Such consistency between policies derived from different al-
gorithms suggests the training effectively converged towards
robust strategies, thus validating the training procedure.

6. Extracting and Evaluating Interpretable Poli-
cies

As discussed in [15], deploying complex learned controllers
can face practical hurdles related to operator trust, inter-
pretability, and potentially unpredictable behavior. The pol-
icy extraction technique proposed therein—generating sim-
pler, static schedules by aggregating an RL agent’s actions
over time—aims to mitigate these deployment challenges.
However, this simplification introduces a potential perfor-
mance trade-off. A critical question remains: how signifi-
cantly does the performance degrade when converting a
dynamic RL policy into a coarser, schedule-based one?
Does the extracted policy retain most of the original agent’s
effectiveness, and critically, does it still outperform standard
baseline schedules?

This section empirically investigates this performance
degradation using the DDPG agent previously trained on a
single 14-day episode commencing July 6th. We generated
static, schedule-based policies by applying temporal action
aggregation to this agent’s behavior on specific evaluation
episodes. The core procedure for deriving and evaluating
each extracted schedule was as follows:

1. The pre-trained DDPG agent was executed on a desig-

nated 14-day evaluation episode.

The action sequence produced by the agent during this

run was recorded.

. This action sequence was temporally aggregated into dis-
crete bins of a fixed duration (the bin size) to create a
static schedule. Actions within each bin were averaged
(or aggregated according to a defined rule, e.g., majority
vote for discrete actions - specify if needed).

. The resulting static schedule was then executed on the

2.
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Figure 3. Plot (a) shows the performance comparison between the SAC, DDPG and baseline schedule policies for 4 different 14-day
evaluation episodes, starting on August 6th, September 6th, October 6th and November 6th. Plots (b) through (d) show the actions taken by
the schedule, SAC and DDPG agents respectively, when those were evaluated in the 14-day episode starting on November 6th.

same evaluation episode from which its generating ac-
tion sequence was derived, and its performance (episodic
return) was recorded.

We performed this extraction and evaluation process
for all combinations using four distinct 14-day evaluation
episodes (commencing August 6th, September 6th, October
6th, and November 6th) and four different temporal aggre-
gation bin sizes (2 hours, 4 hours, 8 hours, and 168 hours
[or one week] as a sanity check). The performance of these
resulting 16 extracted schedules was then compared against
both the performance of the original interactive DDPG agent
and a baseline schedule policy on the corresponding evalua-
tion episodes. Figure 4(a) presents these comparative results.

Evaluation of the temporally aggregated policies reveals
two significant insights:

* First, increasing the temporal aggregation bin size up to
8 hours, which simplifies the policy and smooths control
actions, does not substantially compromise control perfor-
mance. The reduction in the achieved return value was
minimal relative to the original agent and significantly
less than the performance deficit of the baseline policy.
This tolerance to aggregation aligns with the characteris-
tically slow dynamics (high thermal inertia) of building
thermal systems, rendering them relatively insensitive to
the high-frequency control actions removed by the aggre-
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gation process.

Second, the performance advantage over the baseline was
maintained even with extreme aggregation using 168-hour
(weekly) bins. That such a simplified, static weekly sched-
ule derived from the agent surpasses the baseline policy
indicates a significant inefficiency in the baseline itself.
This large performance gap underscores the baseline’s lim-
itations and suggests that developing improved, yet simple,
heuristic schedules should be achievable and merits further
exploration.

7. Conclusion

This work presents an important contribution to the Smart
Buildings Control Suite: Benchmarking RL algorithms, and
exploring policy extraction into fixed schedules. This rep-
resents a step towards buildings that can operate more effi-
ciently and with reduced carbon emissions.
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