
Trans-SAC: Robust and Transferable Maximum Entropy
Reinforcement Learning for Heat Pump Control

Qiong Huang∗
Karlsruhe Institute of Technology

Karlsruhe, Germany
qiong.huang@kit.edu

Adrian Till Assmuth
Karlsruhe Institute of Technology

Karlsruhe, Germany
adrian.assmuth@kit.edu

Felix Langner
Karlsruhe Institute of Technology

Karlsruhe, Germany
felix.langner@kit.edu

Veit Hagenmeyer
Karlsruhe Institute of Technology

Karlsruhe, Germany
veit.hagenmeyer@kit.edu

Benjamin Schäfer
Karlsruhe Institute of Technology

Karlsruhe, Germany
benjamin.schaefer@kit.edu

Abstract
Residential heating electrification through heat pumps is a cor-
nerstone of building decarbonization, yet their potential for grid
flexibility remains underutilized due to the difficulty of scaling
control strategies across heterogeneous building stocks. Although
reinforcement learning (RL) offers model-free adaptability, stan-
dard approaches often fail to scale, suffering from brittle policies
that do not generalize across diverse thermal dynamics or discrete
control actions that damage hardware. To address this, we intro-
duce Trans-SAC (Transferable Soft Actor-Critic), a robust control
framework designed to solve the “cold start” problem in city-scale
deployments. By leveraging maximum entropy RL, Trans-SAC op-
timizes a dynamic trade-off between reward and entropy, ensuring
continuous, hardware-safe actuation. Unlike prior work limited to
fixed temperature bands, we target a challenging time-varying com-
fort objective under dynamic pricing and rigorously evaluate SAC
against model predictive control (MPC) baselines, deep Q-networks
(DQN) and proximal policy optimization (PPO), across a dataset of
ten heterogeneous residential buildings calibrated with real-world
weather and price data. Our experiments reveal that while the stan-
dard feature-freezing technique accelerates training, they remain
suboptimal due to physical mismatches in building envelopes, and
independent learning remains prohibitively sample-inefficient. In
contrast, Trans-SAC’s full-network adaptation strategy success-
fully bridges this gap, enabling robust generalization and reducing
the training time and significantly outperforming other transfer
baselines. This establishes Trans-SAC as a viable and data-efficient
blueprint for aggregating large-scale heat pump fleets into smart
buildings.
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•Computingmethodologies→Reinforcement learning;Trans-
fer learning.
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1 Introduction
The electrification of residential heating via heat pumps is a critical
strategy for decarbonizing the building sector. Beyond efficiency,
heat pumps offer significant potential for demand response (DR)
by leveraging building thermal inertia to shift electrical loads away
from peak price periods [19]. However, realizing this potential
at city-scale presents a formidable control challenge. Residential
buildings are highly heterogeneous and vary widely in thermal
capacitance, insulation levels, and usage patterns. While classical
methods such as model predictive control (MPC) are effective, they
rely on accurate physics-based models that are prohibitively expen-
sive to develop and calibrate for millions of unique residential units
[10].

Reinforcement learning (RL) has emerged as a promising model-
free alternative, capable of learning optimal control policies directly
from interaction data [16]. Despite its potential, two critical barriers
prevent the widespread deployment of RL in real-world heating
systems. First, many widely used RLmethods operate on discrete ac-
tion spaces, which is poorly matched to inverter-driven heat pumps
and can induce high-frequency actuation that accelerates equip-
ment wear [13, 24]. Second, policies trained on one building often
transfer poorly to others, making building-by-building training
prohibitively slow for large-scale adoption [28]. These difficulties
become more severe when the controller must satisfy time-varying
comfort bands under dynamic electricity prices rather than track a
fixed setpoint [6].

In this work, we propose Trans-SAC (Transferable Soft Actor-
Critic), a heat-pump control framework that combines maximum-
entropy RL with cross-building transfer learning. We show that an
end-to-end SAC transfer strategy can provide a robust and scalable
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control pipeline for heterogeneous residential buildings. We evalu-
ate the approach on ten buildings with distinct thermal dynamics
and compare it against MPC, DQN, PPO, and alternative transfer
strategies.

Our contributions are threefold. First, we formalize a continuous-
control RL problem for heat-pump operation under dynamic pricing
and time-varying comfort requirements. Second, we show empiri-
cally that SAC is substantially more robust than DQN and PPO in
this setting, producing smooth, hardware-compatible actions and
more reliable convergence across heterogeneous buildings. Third,
we demonstrate that full-network transfer is consistently more
effective than feature freezing and independent-learner baselines,
reducing the cold-start burden for cross-building deployment.

The remainder of this paper is organized as follows: Section 2
reviews prior literature on building control, RL for HVAC, and
transfer learning. Section 3 details the methodology, including the
building thermal model, RL formulation, and transfer strategies.
Section 4 presents the experimental setup and results. Finally, Sec-
tion 6 concludes the paper with a summary of findings and future
research directions. Our code repository is available on GitHub1.

2 Related Work
Building control for heat pumps and demand response. Build-
ing energy management has long been dominated by rule-based
and model-based strategies. Among these, MPC is widely regarded
as a strong benchmark because it can explicitly optimize comfort
and operating cost over a receding horizon [10, 15]. MPC has been
applied successfully to flexible heating and thermal storage prob-
lems, including price-aware heat-pump scheduling [6]. Its main
limitation is the modeling burden: each building requires an ac-
curate and maintainable representation of its thermal dynamics,
which is difficult to achieve for large residential fleets. This limita-
tion motivates model-free or data-driven control approaches that
can scale across heterogeneous buildings.

Reinforcement learning for HVAC and building energy
control. RL has emerged as a promising alternative because it can
optimize sequential decisions directly from data [14, 16, 25]. Prior
studies have shown that RL can reduce operational cost while main-
taining comfort in residential and commercial HVAC settings, but
many evaluations remain confined to single buildings, simplified
thermal models, or fixed setpoint tracking tasks [8]. For example,
recent work in [4] demonstrates that PPO can learn effective con-
trol for a single building with time-varying setpoints. However,
broader evidence suggests that algorithm choice matters substan-
tially in building control: discrete-action methods such as DQN are
not naturally aligned with continuously modulated heat-pump ac-
tuation [13, 24], while on-policy methods such as PPO can become
conservative and sample-inefficient in long-horizon control tasks
[20]. Maximum-entropy methods such as SAC [7] are therefore
appealing because they combine continuous control with robust
exploration, yet their role in transferable heat-pump control across
heterogeneous buildings remains underexplored.

Transfer learning for RL-based building control. Trans-
fer learning has been proposed to mitigate the cold-start problem
by reusing knowledge from a source building when training on

1https://github.com/Flywienix/rl-heat-pump-control

a new target building [21, 28]. In the building-control literature,
prior work has explored policy reuse, action-guided learning, and
parameter transfer to accelerate adaptation across environments
[3, 9, 12, 17, 26]. These studies establish that transfer can reduce
training effort, but they also show that transfer performance is sen-
sitive to building mismatch, source-target similarity, and the chosen
adaptation protocol. Most importantly, existing studies have not
clearly established how a maximum-entropy continuous controller
should be combined with cross-building transfer for heat pumps
operating under dynamic comfort bands and price-responsive objec-
tives. Our work addresses this gap by comparing zero-shot transfer,
independent learners, frozen-feature transfer, and end-to-end fine-
tuning within a unified SAC-based framework, and by evaluating
these strategies across a diverse set of residential buildings. This
literature positioning clarifies that the contribution of Trans-SAC
is the integration and systematic validation of a scalable transfer
pipeline for heterogeneous heat-pump control, rather than a new
SAC variant in isolation.

3 Methodology
3.1 Problem Formulation
We formulate heat-pump control as a Markov decision process
(MDP) in which the agent observes the current building condition
and exogenous forecasts, selects a heat-pump modulation action,
and receives a reward that balances comfort and operating cost.

State. At time step 𝑡 , the state 𝑠𝑡 contains the current thermal
information of the building together with exogenous information
required for anticipative control. In particular, the observation in-
cludes the current building temperatures, the active comfort tar-
get, and forecast information such as future electricity prices and
weather-related disturbances over the control horizon. This for-
mulation allows the agent to react not only to the present indoor
condition but also to upcoming price spikes and ambient changes.

Action. The control action is the normalized heat-pump modu-
lation level

𝑎𝑡 ∈ [0, 1], (1)

where 𝑎𝑡 = 0 corresponds to no heating and 𝑎𝑡 = 1 corresponds
to full heating power. For the continuous-control agents (PPO and
SAC), this action is used directly. For the DQN baseline, the same
control variable is discretized into five levels {0, 0.25, 0.50, 0.75, 1.0}
to enable a fair comparison under a shared control objective.

Reward. The general reward combines comfort preservation
with price-aware operation:

𝑟𝑡 = − 𝜆comfort
(
max{0,𝑇 𝑡 −𝑇𝑖𝑛,𝑡 }2

+max{0,𝑇𝑖𝑛,𝑡 −𝑇 𝑡 }2
)

− 𝜆cost 𝑝𝑡 𝑎𝑡 ,

(2)

where 𝑇𝑖𝑛,𝑡 is the indoor air temperature, [𝑇 𝑡 ,𝑇 𝑡 ] is the active
comfort band, 𝑝𝑡 is the electricity price, and 𝜆comfort and 𝜆cost weigh
comfort and cost, respectively. For the pilot experiments with a
fixed comfort target, this formulation reduces to a standard tracking
reward by holding the comfort bounds constant; the detailed reward
settings used in each experiment are given in Appendix A.4.
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3.2 Building Thermal Dynamics
To ensure that the proposed controller is evaluated against realistic
yet computationally scalable thermal behaviors, we utilize a dataset
of linear state-space building models from Vallianos et al. [23].
The same modeling setup is also described in our previous work
[8]. These models were obtained through system identification on
large-scale smart thermostat data of 60,000 residential buildings and
provide one building-specific tuple (𝐴𝑖 , 𝐵𝑖 ,𝐶𝑖 ) for each residential
unit. For building 𝑖 , the thermodynamic evolution follows

𝑥𝑡+1 = 𝐴𝑖𝑥𝑡 + 𝐵𝑖𝑢𝑡
𝑜𝑡 = 𝐶𝑖𝑥𝑡

where 𝑥𝑡 ∈ R5 is the latent thermal state, 𝑢𝑡 contains the control
action and exogenous disturbances, and 𝑜𝑡 is the observed indoor
temperature. Detailed state definitions and model components are
provided in Appendix A.1.

Heterogeneity and Generalization. A key challenge in this work
is the “sim-to-real” gap caused by the diversity of the building stock.
The system matrices 𝐴𝑖 and 𝐵𝑖 encode building-specific thermal
properties such as insulation quality and thermal capacitance. By
randomly sampling ten distinct models (Buildings A–J) from this
dataset, we create a challenging testbed that requires the RL agent to
learn a robust control policy capable of generalizing across widely
varying time constants and gain parameters.

3.3 Reinforcement Learning Framework
To enable continuous control while ensuring robustness against
modeling errors, we adopt the SAC algorithm proposed in [7]. Un-
like standard RL methods that seek only to maximize the expected
sum of rewards

∑
𝑟𝑡 , SAC optimizes a maximum entropy objective:

𝐽 (𝜋) =
∑︁𝑇

𝑡=0
E(𝑠𝑡 ,𝑎𝑡 )∼𝜌𝜋 [𝑟 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼H(𝜋 (·|𝑠𝑡 ))],

whereH(𝜋 (·|𝑠𝑡 )) is the entropy of the policy and 𝛼 is the tempera-
ture parameter determining the relative importance of exploration.

In the context of heterogeneous building control, this entropy
term provides two critical advantages over deterministic baselines
such as DDPG [11] or low-entropy methods such as PPO. The
agent is encouraged to explore widely during the training phase.
As shown in our results (see Section 4.3), this prevents the policy
from collapsing into the “safety traps” (e.g., constant overheating)
observed in PPO. SAC outputs a stochastic policy (typically a Gauss-
ian distribution). By sampling actions from this distribution and
squashing them via a tanh function, the resulting control signal
is naturally smoother and less prone to high-frequency chattering
that damages inverter compressors. We utilize the actor-critic archi-
tecture (Figure 1) where the actor network 𝜋𝜙 (𝑎𝑡 |𝑠𝑡 ) outputs the
mean and standard deviation of the compressor power. The critic
network 𝑄𝜃 estimates the soft Q-value to mitigate overestimation
bias. The temperature 𝛼 is automatically tuned to maintain a target
entropy, ensuring consistent exploration throughout the learning
process.

3.4 Scalability and Transfer Learning Strategies
The fundamental barrier to the mass adoption of RL in HVAC is
training time. Training a high-performing agent from scratch takes
millions of timesteps, which is equivalent to years of real-world

Building Thermal 
Dynamics
𝑥!"# = 𝑓(𝑥!, 𝑎!)

State 𝑆!

Agent

𝑟!

Probabilistic 
Actor

Policy Net
𝜋!(𝑎"|𝑠")

𝜇 𝜎

Action 𝑎!

Twin Soft
Q-Networks

𝑄$	 𝑠, 𝑎

	𝑸𝟏 	𝑸𝟐

Min(𝑸𝟏, 𝑸𝟐) 
Prevent Overestimation

Soft Reward
𝒓𝒔𝒐𝒇𝒕 = 𝒓𝒕 + 𝜶ℋ(π)

𝒩(𝜇, 𝜎)

Sampled 
Action 𝑎!

Entropy Bonus

Figure 1: Schematic of the Soft Actor-Critic (SAC) Loop for
Heat Pump Control. The Probabilistic Actor Network out-
puts a distribution over continuous compressor modulation
actions. This stochasticity is reinforced by the Entropy Feed-
back loop, where the reward is augmented with an entropy
bonus 𝛼H(𝜋). The Critic Network (Twin Soft Q-Networks)
estimates the soft Q-value to guide policy updates.

operation. Transfer learning (TL) attempts to solve this by reusing
the knowledge from a trained “source” agent to accelerate learning
on a new “target” building.

Across all transfer experiments, the source SAC agent is first
trained on one building until convergence. The resulting source-
domain parameters are then used in different ways to construct a
target-domain agent, which is subsequently evaluated or trained on
a new building under the same state, action, and reward formulation.
Importantly, the underlying SAC optimization remains unchanged
during adaptation; transfer affects only the initialization of the
target agent and which network components are allowed to update.

We evaluate four transfer regimes:
Zero-shot transfer. A converged source policy is deployed di-

rectly on the target building without any further parameter updates.
This setting tests whether the control logic learned in the source
domain is immediately usable under a new building’s thermal dy-
namics.

Independent learners. Following [12], we also consider an
action-guided learning baseline in which a new target agent is
trained from scratch while receiving the action proposed by a pre-
trained source agent as an additional input. In this regime, the
source agent itself is fixed and only provides guidance; the target
agent learns its own policy from random initialization. This baseline
isolates the value of source-policy guidance without parameter
transfer.
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Frozen-Feature transfer. The target agent is initialized with
the learned source parameters of both the actor and critic networks.
The lower layers of these networks are then frozen, while the upper
layers remain trainable and are fine-tuned on the target building
[27]. This setting tests the hypothesis that low-level thermal-control
features are transferable whereas higher-level control gains must
adapt to the new environment.

Trans-SAC. The proposed Trans-SAC strategy performs full
parameter transfer within the SAC architecture. After source train-
ing, the learned source parameters are used to initialize the target
actor and twin critic networks, and the entire target network is
then fine-tuned end-to-end on target-building data. Unlike frozen-
feature transfer, no layers are locked. Thus, Trans-SAC preserves
the source-domain control logic at initialization while allowing the
agent to recalibrate its internal representation and control gains to
the target building dynamics.

This formulation makes the interaction between RL and transfer
learning explicit: transfer determines how source knowledge is
injected into the SAC agent, while target-domain learning contin-
ues through standard SAC updates. The performance comparison
among these regimes therefore reveals whether transfer should be
used only for inference, only for guidance, or for full end-to-end
adaptation. The TL architecture is illustrated in Figure 2.

Source Policy 𝝅𝑨

Learned

Learned

Learned

Learned

Trans-SAC

Fine-Tuned

Fine-Tuned

Fine-Tuned

Fine-Tuned

Frozen-Feature

Fine-Tuned

Fine-Tuned

Frozen

Frozen

Independent

Train from 
scratch

Train from 
scratch

Train from 
scratch

Input + 𝒂𝒃𝒂𝒔𝒆

Source Domain

Target Domain

Pre-Trained Base Agent

Copy 
Weights 

𝜃

Query
Action
𝒂𝒃𝒂𝒔𝒆

Locked
Weights

Figure 2: The Transfer Learning Pipeline. Trans-SAC: All neu-
ral network layers are “Transferred”. Frozen-Feature transfer:
Lower layers are “Frozen” (weights are locked), upper layers
are “Fine-Tuned”. Independent learners: A pre-trained base
agent suggests actions to guide the learning of a new agent
from scratch.

4 Experiments and Results
4.1 Simulation Environment
A detailed description of the building dynamics is included in Ap-
pendix A.

4.2 Reinforcement Learning Training Setup
We implement all agents using the Stable-Baselines3 library. We
compare different algorithms including: DQN as standard discrete
baseline; PPO as a standard continuous baseline; SAC as a max
entropy architecture method; and we also use MPC for theoretical
optimal benchmark. The state space dimension is fixed at 15 for all
algorithms. For the network architecture, we employ multi-layer
perceptrons (MLPs) with ReLU activations. Optimization tests with
different parameters are conducted to find the best hyperparam-
eters for each algorithm. The final hyperparameters used in the
experiments are listed in Appendix B.1.

We consider two types of temperature comfort bands for the RL
agents to track:

1. Fixed temperature band ([20, 22]°C) [8]
2. Time-varying temperature band
Both cases also include price-aware control terms. In the sec-

ond configuration, an occupancy schedule is obtained from [22],
which distinguishes occupant presence between “home”, “away”,
and “sleep”, and differentiates between weekends and weekdays.
Figure 11 visualizes the time-varying temperature band.

4.3 Training Performances and Robustness
Analysis

With the hyperparameters set, we first compare the training per-
formance of SAC against the two baselines (PPO and DQN) on
all buildings. Each algorithm is trained five times with different
random seeds; Figure 3 reports the mean reward with the shaded
area representing one standard deviation across seeds. Each subplot
corresponds to one building, highlighting the final performance
reached after training under identical experimental settings, includ-
ing the same time-varying temperature comfort band and electricity
price signal.

The SAC agent consistently outperforms both DQN and PPO
agents in terms of cumulative reward during training in all buildings.
The SAC (Blue) demonstrates superior sample efficiency, steadily
converging to the optimal policy. DQN (Orange) suffers from dis-
cretization error, plateauing at a suboptimal local optimum signifi-
cantly below SAC’s performance. PPO (Green) fails to escape the
suboptimal local optima, resulting in a significantly lower accumu-
lated reward. Even in the single building case where DQN manages
to learn a stable policy, it fails to match the asymptotic performance
of SAC. This performance gap is a direct consequence of action
discretization, which prevents the DQN agent from fine-tuning the
heat pump modulation to the exact thermodynamic requirements
of the building.

We also conduct a further hyperparameter sweep 𝑛_𝑠𝑡𝑒𝑝𝑠 and
𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒 to identify configurations that might improve perfor-
mance. Figure 12 presents the analysis of the PPO agent’s failure
mode on Building F. Despite extensive hyperparameter tuning and
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Figure 3: Generalization Performance: DQN, PPO and SAC
across tenBuildings (A to J). Solid lines show themean reward
over five runs; shaded areas indicate one standard deviation.

prolonged training horizons, PPO consistently converges to subop-
timal heating strategies, indicating that its on-policy optimization
and clipped updates struggle with delayed comfort penalties and
time-varying temperature constraints in this task. Figure 13 illus-
trates the behavior of the PPO and DQN agent when trained with a
time-varying temperature comfort band and its performance over

three days period. The upper panel shows the indoor air tempera-
ture together with the lower and upper bounds of the target comfort
interval, as well as the outdoor temperature. The lower panel shows
the corresponding electricity price signal and the heat pump activa-
tion level selected by the agent. Despite the presence of a dynamic
comfort band, the PPO agent consistently drives the indoor tem-
perature toward the upper bound and often exceeds it. The heating
action remains persistently high and shows limited response to
both the comfort constraints and the electricity price signal. This
indicates that the agent fails to learn an effective trade-off between
comfort and cost, instead converging to a degenerate policy that
prioritizes continuous heating. The resulting behavior explains the
low and stagnant reward values observed during training. Although
the reward function penalizes deviations outside the comfort band,
the PPO policy does not adapt its actions to correct these violations,
even after extensive hyperparameter tuning and longer training
horizons.

4.4 Control Quality Analysis
Across all ten buildings, the SAC agent consistently achieves higher
rewards and converges to stable control policies. In contrast, the
DQN agent fails to learn effective control behavior inmost buildings,
resulting in significantly lower reward values and high variabil-
ity in performance. The consistent performance of the SAC agent
can be attributed to its entropy-regularized objective and contin-
uous action formulation, which promote stable exploration and
smoother policy updates. These properties appear crucial when
scaling training to multiple heterogeneous buildings with time-
varying temperature targets. The results indicate that while the
DQN agent performs well in a single-building setting with fixed
comfort targets [8], it does not generalize robustly across diverse
buildings. The SAC agent, by contrast, demonstrates strong robust-
ness and scalability, making it better suited for multi-building heat
pump control scenarios.

To validate the quality of the learned policy, we compare the
SAC agent against a theoretical optimum derived from a Model
Predictive Controller (MPC) with perfect foresight [15]. Figure 4
visualizes the temperature tracking and control actions for Building
J over a representative period. The top panel shows the indoor
temperature tracking, while the bottom panel displays the heat
pump modulation alongside the dynamic electricity price. Unlike
discrete baselines that suffer from high-frequency chattering, the
SAC agent generates smooth, continuous modulation signals that
closely follow the MPC trajectory. This validates that the Maximum
Entropy framework successfully balances exploration with precise
control, reducing mechanical stress on the inverter compressor.
The agent exhibits intelligent load shifting without any explicit
rule-based programming. As observed at time steps, e.g., 𝑡 ≈ 50
and 𝑡 ≈ 120, the agent anticipates upcoming price spikes (indicated
by the price signal) and aggressively pre-heats the building dur-
ing low-price intervals, storing thermal energy to coast through
high-cost periods. This behavior mirrors the optimal MPC strategy,
demonstrating that SAC effectively learns to exploit the building’s
thermal inertia for cost savings while maintaining comfort.

Table 1 summarizes the aggregated average performance and
standard deviation across Building A-J, comparing the proposed
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Figure 4: Indoor temperature and heat pump control actions
of a SAC agent and MPC trained on Building J.

DRL agents against the MPC benchmark. As anticipated, the MPC
establishes the theoretical performance upper bound, maintain-
ing the strictest environmental comfort with a temperature bound
deviation of 0.11 ± 0.15% and a negligible maximum temperature
deviation of 0.25 ± 0.33°C. Among the learning-based methods, the
SAC agent demonstrates the highest stability and sample efficiency.
It achieves the best reward of -10.43 ± 4.68 and converges within
214 ± 109 episodes. Although the SAC agent incurs an operational
cost gap of + 26.10 ± 7.42% compared to the MPC reference, it offers
a favorable trade-off compared to the other model-free baselines.
Conversely, the DQN agent exhibits a higher variance in comfort
control (3.01 ± 1.95% deviation) and fails to converge. The PPO
agent proves unstable in this environment, resulting in a signifi-
cantly degraded policy with a temperature deviation rate of 72.25
± 14.40% and an operation cost gap of +84.45 ± 27.49%, rendering
it impractical for this specific building control formulation.

5 Transfer Learning
5.1 Pilot Validation
For each building, we have five different 𝜏 values: 𝜏𝑒 for envelope,
𝜏𝑚 for internal mass, 𝜏𝑖 for interior, 𝜏ℎ for heater and 𝜏𝑠 for sensor.
For each parameter 𝑘 ∈ {𝑒,𝑚, 𝑖, ℎ, 𝑠}, we normalize the time con-

stant for each building 𝑏 with 𝜏
(𝑏 )
𝑘

=
𝜏
(𝑏)
𝑘

−𝜇𝑘
𝜎𝑘

, where 𝜇𝑘 denotes
the mean and 𝜎𝑘 is the standard deviation. We apply a weighted

euclidean distance 𝐷 metric to represent the similarity between
source building and target buildings:

𝐷 (𝐴,𝑋 ) =
√√ ∑︁

𝑘∈{𝑒,𝑚,𝑖,ℎ,𝑠 }
𝑤𝑘

(
𝜏
(𝐴)
𝑘

− 𝜏
(𝑋 )
𝑘

)2
,

where 𝐴 is the source building, 𝑋 is the target building,𝑤𝑘 are the
importance weights assigned to each physical parameter. Small 𝐷
of the building indicates physical similarity and large 𝐷 indicates
physical dissimilarity. We set the weights as𝑤𝑒 = 0.90,𝑤𝑚 = 0.03,
𝑤𝑖 = 0.07, and 𝑤ℎ/𝑠 = 0.00, based on domain knowledge, priori-
tizing envelope and internal mass time constants due to their sig-
nificant influence on thermal dynamics. To determine the baseline
viability of transferring policies without re-training, we conduct a
zero-shot transfer pilot study by selecting a diverse cohort of five
buildings spanning four distinct Köppen-Geiger climate zones [1].
The source agent is trained on Building P1, located in a Humid
subtropical zone (Cfa). The evaluation set is stratified to distin-
guish between physical and climate mismatches, which includes
Building P2 (also Cfa) to test intra-climate transfer, alongside
three cross-climate targets: P3 (Warm summer continental, Dfb),
P4 (Warm-summer Mediterranean, Csb), and P5 (Hot-summer con-
tinental, Dfa).

We evaluate the transfer performance using the fixed comfort
band of [20, 22]°C setpoint. As shown in Figure 14, our pilot zero-
shot experiments reveal a crucial nuance that while the low physical
distance (𝐷) successfully predicts the transfer success for Building
P2 from the same climate zone, it fails for Building P4 from differ-
ent climate zones. Despite P4 having a minimal physical mismatch
with the source, the zero-shot policy struggled to maintain comfort.
This indicates that the learned policy is overfitted to the specific
structural parameters and system sizing of the source domain. Al-
though the weather input remains constant, the thermodynamic
response of the target building differs significantly, leading to a
control gain mismatch. Consequently, zero-shot transfer is brittle
to climate shifts, even between physically similar buildings. This
finding underscores the necessity of the following transfer methods
with buildings in the same climate zone.

Figure 15 compares the behavior of the agent on the source
building (familiar) versus the target Building P2 (alien). Although
the zero-shot agent struggles to maintain strict comfort compliance
in the target building and frequently breaches the lower 20°C bound
compared to the tight control seen in the source domain, the control
strategy remains structurally sound. The bottom panel reveals that
the heating actions are well-aligned temporally, with both agents
correctly pre-heating in response to price dips and coasting during
peaks. This indicates that while themagnitude of the control action
requires fine-tuning to match the new building’s gain, the logic of
the policy (Reacting to Price/Dynamics) is successfully transferred.

5.2 Large-Scale Transfer Performance
To determine the optimal mechanism for knowledge reuse, we
evaluated three SAC-based transfer regimes on the target buildings
(Building B to J) using the policy pre-trained on Source Building A,
and additionally included DQN and PPO with and without transfer
as algorithmic baselines. The reward curves of different transfer
methods across ten buildings are shown in Figure 16. Figure 5
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Table 1: Average performance comparison of the different methods on Buildings A-J

Method

Max reward /
episode
length

Episode of
convergence

Time steps deviating
from temperature

bound

Maximum
temperature
deviation

Operational cost
gap

MPC - - 0.11 ± 0.15% 0.25 ± 0.33°C 0% (Ref)
SAC -10.43 ± 4.68 214 ± 109 0.43 ± 0.28% 0.65 ± 0.47°C +26.10 ± 7.42%
DQN -24.46 ± 12.89 - 3.01 ± 1.95% 2.02 ± 1.24°C +28.27 ± 6.46%
PPO -866.39 ± 87.01 - 72.25 ± 14.40% 12.06 ± 4.35°C +84.45 ± 27.49%

presents the reward trajectories for these methods over three runs
on Buildings C, E, and I, and Figure 6 quantifies the convergence
speedup achieved by the SAC transfer strategies using the Time-to-
Convergence (TTC) metric, in which we strictly qualify a run as
‘successful’ only if the reward converged. The bar graph compares
the training episodes required to reach convergence across different
initialization strategies.

Independent Learner: The independent learner serves as the
baseline, illustrating the significant computational cost of learning
thermal control policies from scratch. As shown in the bottom
plot of Figure 16 and the Independent Learner column of Figure 5,
these agents face a severe “cold start” problem, initializing with
rewards as low as −105 due to random exploration. The learning
curves are characterized by high variance and a slow, jagged ascent,
indicating that the agents spend considerable time exploring unsafe
or inefficient actions, such as overheating or underheating, before
discovering a viable policy. Consequently, this approach requires
an average of 350 episodes to converge, confirming that training
without prior knowledge is computationally prohibitive for scalable
deployment.

Frozen-Feature transfer: The frozen-feature transfer strategy
attempts to mitigate this cost by reusing pre-trained feature extrac-
tors while fine-tuning only the control head. The hypothesis is that
the agent can reuse the learned representations of building ther-
mal dynamics in the early layers while relearning specific control
gains to the new building. The performance trajectory confirms
this hypothesis. Unlike the independent learner, there is no initial
performance dip; the agent begins training with high rewards. This
indicates that the transferred control logic is immediately effective.
Although this method successfully avoids the initial random explo-
ration phase, the middle plot of Figure 16 and the middle column
of Figure 5 reveal its limitation: the assumption of universal ther-
mal features is not strictly valid across diverse building envelopes.
Because the lower layers are frozen, the agent cannot correct its
internal physics model when the target building’s thermal time
constant (𝜏𝑒 ) differs significantly from the source. This leads to
marked instability, where agents for physically distinct buildings
(e.g., Building J) exhibit oscillating or degrading performance be-
fore recovering. As a result, the average convergence time is 145
episodes, and they have unpredictability and high variance.

Trans-SAC: Trans-SAC method demonstrates superior sample
efficiency and robustness in all target environments. By initializing
with source weights but allowing the entire network to fine-tune,
this approach effectively bypasses the cold start phase, beginning
with rewards near−101 immediately upon deployment. The top plot

shows a tight clustering of learning curves, indicating that the agent
can rapidly adapt to both minor and major physical mismatches
(such as the extreme envelope lag in Building G in Figure 16). This
flexibility allows the agent to realign its internal physics repre-
sentation with the new environment’s dynamics, achieving stable
convergence very quickly.

While the independent learner requires 350 episodes on average
to learn an effective policy, the Trans-SAC approach drastically
reduces this computational burden, achieving stable convergence
in just ≈ 84 episodes on average, a 2.7 times speedup (63% reduc-
tion) over the baseline learner without knowledge transfer (no
transfer), confirming that initializing the agent with source-domain
knowledge effectively solves the “Cold Start” problem. Furthermore,
compared with the frozen-feature transfer method (transferring
only low-level logic), which also shows a strong improvement, the
learned control features are highly robust.

DQN and PPO baselines (with and without transfer): Be-
yond the primary Trans-SAC results, we evaluate the baseline
performance of DQN and PPO to contextualize the advantages
of the maximum entropy framework. As shown in the Indepen-
dent Learner column of Figure 5, both DQN and PPO trained from
scratch struggle with the cold start problem, often initializing with
rewards as low as −105 due to random exploration of inefficient
heating strategies. While the transfer protocol (solid lines) provides
an initial performance boost for these baselines, they consistently
converge to lower reward plateaus compared to SAC. Specifically,
the DQN agent suffers from discretization errors that prevent fine-
tuned modulation, leading to chattering that can degrade hardware.
Meanwhile, PPO frequently collapses into safety traps, such as con-
stant overheating, to avoid comfort penalties, failing to learn the
sophisticated cost-comfort trade-offs achieved by SAC’s entropy-
regularized objective. These results demonstrate that while transfer
learning accelerates the initial learning phase for all algorithms, the
choice of the underlying RL engine remains critical for asymptotic
control quality.

Figure 7 illustrates the operational behavior of the SAC agent
in the Target Building E following the Trans-SAC process. The top
panel confirms that the agent successfully maintains the indoor
temperature within the user’s comfort bounds, exhibiting stable
control despite the distinct thermal dynamics of the new environ-
ment. The lower panels reveal the agent’s economic intelligence
where the heat pump activation is strongly anti-correlated with
the electricity price signal. The agent strategically performs “pre-
heating” during off-peak hours when electricity is cheap, storing
thermal energy in the building’s mass. The heat pump then idles
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fer learning and Independent Learner.

during price spikes (peak hours), allowing the temperature to drift
slowly within the comfort zone. This behavior demonstrates that
the Trans-SAC method successfully preserves the high-level plan-
ning logic, specifically the economic load shift, learned from the
source domain, effectively applying it to the target building without
the need to relearn the fundamentals of energy efficiency.
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Figure 7: Operational performance of the SAC agent on Tar-
get Building E following Trans-SAC from Source Building A.

To understand the determinants of transfer efficiency, we ana-
lyzed the relationship between the physical similarity of the build-
ings and the computational cost of adaptation. Figure 8 shows the
episodes to convergence against the proposed weighted physical
distance metric 𝐷 . The analysis reveals a strong positive correla-
tion (𝑅 ≈ 0.72) in Tran-SAC, confirming that training overhead is
linearly dependent on the kinematic disparity between the source
and target domains. Buildings with low 𝐷 (e.g., B, C, D, E) converge
in ≈ 70 episodes. The outliers G (𝐷 = 1.89 → 160 episodes) and F
(𝐷 = 1.48 → 110 episodes) are perfectly predicted by their massive
𝜏𝑒 mismatch. There are also anomaly Building J (𝐷 = 1.39) con-
verged fast (66 episodes). This suggests that transferring from a slow
building (Source A) to a fast building (Target J) is easier than the
reverse (Source A→ Target G). Meanwhile, frozen-feature transfer
(𝑅 ≈ 0.52) shows a moderate correlation. It follows the trend, but
is “noisier”. Since the feature layers are frozen, the agent cannot
fully adapt to the 𝜏𝑒 mismatch, leading to erratic convergence (e.g.,
Building G takes 594 episodes). In addition, the independent learner
(𝑅 ≈ 0.36) shows weak/no correlation, and the difficulty depends
on the exploration complexity, not the similarity to Building A.

6 Conclusion and Outlook
The present paper addresses the dual challenges of algorithmic
robustness and deployment scalability in residential Demand Re-
sponse. Our extensive comparative analysis across heterogeneous
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building models establishes maximum entropy reinforcement learn-
ing (SAC) as the robust engine of modern thermal control. By opti-
mizing a trade-off between reward and entropy, SAC successfully
navigates the complex, continuous action spaces where discrete
baselines (DQN) fail and on-policy methods (PPO) stagnate. We
demonstrate that this stochastic policy prevents the determinis-
tic collapse often seen in rule-based approximations, delivering
hardware-safe modulation that respects user comfort constraints.

However, a robust engine alone is insufficient for city-scale adop-
tion due to the prohibitive cost of training agents from scratch. To
this end, we validate that Transfer Learning acts as the essential fuel
for scale. Our results confirm that Trans-SAC reduces the average
convergence time from 350 episodes in the independent learner to
just 84 episodes, representing a 4.2 times speedup (76% reduction
in data requirements). Crucially, we show that the frozen-feature
transfer approach by freezing feature layers also speeds up training
(average 145 episodes) but is slower than Trans-SAC, as it pre-
vents the agent from correcting its internal physics representation
when facing diverse thermal envelopes. Thus, unfreezing the entire
network is necessary to bridge the sim-to-real gap effectively.

Our results confirm that even within a single climate zone, the di-
versity of the building stock poses a significant barrier to scalability.
Future work will extend this framework to cross-climatic transfer,
but our current findings establish that physics-aware fine-tuning is
the prerequisite for aggregating heterogeneous fleets, regardless of
their geographic proximity. Our analysis from Trans-SAC further
reveals a strong linear correlation (𝑅 ≈ 0.72) between the trans-
fer cost and the weighted physical distance (𝐷) of the buildings.
Specifically, we identify that the envelope time constant (𝜏𝑒 ) is the
dominant predictor of transfer difficulty; mismatches in thermal
insulation require linearly more data to correct than mismatches in
heating systems. A notable exception is the asymmetry observed
when transferring from slow to fast buildings versus the reverse,
suggesting that future work should explore curriculum learning
strategies that sequence transfers from fast to slow dynamics. In
addition, instead of a single universal source policy, future deploy-
ments should utilize a library of source agents trained on distinct
clusters of 𝜏𝑒 (e.g., “Leaky/Low-Inertia” vs. “Sealed/High-Inertia”).

By matching a target building with its nearest physical neighbor
(𝐷𝑚𝑖𝑛), we could theoretically reduce the convergence time to the
robustness plateau (< 70 episodes) for every installation.

To further minimize the initialization gap, we propose using a
hierarchical clustering framework for source policy selection. This
two-tier strategy would first segment the building stock by Climate
Zone to align external disturbance profiles, and subsequently cluster
within these groups based on internal physical parameters, specifi-
cally the envelope time constant 𝜏𝑒 . By matching target buildings to
source agents that share both climate and physical characteristics,
this approach ensures that the transferred policy is pre-conditioned
on both relevant environmental scenarios and the specific thermal
dynamics of the target system. A key limitation of the present study
is the reliance on identified Linear Time-Invariant (LTI) building
models. While these provide a tractable framework for large-scale
benchmarking across 60,000 homes, they may not fully capture
the nonlinear thermodynamic and operational complexities of real-
world structures. Future work should therefore evaluate Trans-SAC
on non-LTI building dynamics, where time-varying parameters,
nonlinear heat-transfer effects, and equipment nonlinearities may
alter both control performance and transferability. Furthermore,
because the identified state-space models used here do not provide
the granular geometric or material metadata required for high-
fidelity reconstruction (e.g., specific wall assemblies or orientation),
a direct transition to more complex simulators was not feasible for
this building set. Future research will focus on validating Trans-
SAC in standard high-fidelity benchmark environments, such as
EnergyPlus or Modelica [18], to ensure that the observed transfer-
performance gains and physics-aware fine-tuning benefits persist
in non-linear, high-dimensional settings.
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A Building Information
A.1 Building Model Dynamics
State Vector (𝑥𝑡 ): The state vector encapsulates the complex thermal
inertia of the building components. It consists of five variables:

(1) Indoor air temperature (𝑇𝑖𝑛)
(2) Interior thermal mass temperature (𝑇𝑖𝑛𝑡_𝑚𝑎𝑠𝑠 )
(3) Building envelope thermal mass temperature (𝑇𝑒𝑛𝑣_𝑚𝑎𝑠𝑠 )
(4) Heater component temperature (𝑇ℎ𝑒𝑎𝑡𝑒𝑟 )
(5) Sensor casing temperature (𝑇𝑠𝑒𝑛𝑠𝑜𝑟 )
Input Vector (𝑢𝑡 ): The input vector𝑢𝑡 ∈ R3 combines controllable

actuation and uncontrollable environmental disturbances:

𝑢𝑡 = [𝑎𝑡 ,𝑇𝑎𝑚𝑏,𝑡 , 𝐼𝑠𝑜𝑙𝑎𝑟,𝑡 ]⊤,
where 𝑎𝑡 ∈ [0, 1] is the continuous heating modulation action (0%
to 100% capacity), 𝑇𝑎𝑚𝑏 is the ambient outdoor temperature, and
𝐼𝑠𝑜𝑙𝑎𝑟 is the solar irradiance.

Output Matrix (𝐶𝑖 ): The agent observes the indoor air tempera-
ture. Consequently, the output matrix is defined as a selector vector
𝐶𝑖 = [1, 0, 0, 0, 0], such that 𝑜𝑡 = 𝑇𝑖𝑛,𝑡 .

A.2 Environmental Data
Training utilizes Typical Meteorological Year (TMY) data sampled
at 15-minute intervals, specifically focusing on heating seasons in
climates such as Csb (warm-summer Mediterranean, e.g., Seattle)
to ensure relevant load profiles [5]. The time series for the data
consist of 16,263 timesteps, corresponding to 169.4 days (or 24.2
weeks). Figure 9 shows the data. The simulation takes as input the
ambient air temperature and solar radiation.
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Figure 9: Weather data for a typical meteorological year in
Cbs climate during heating season.

A.3 Pricing Data
To test economic optimization, agents are fed real-world electricity
price signals, such as day-ahead market prices from the German
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energy market [2], which reflects a realistic price forecast scenario.
It is used in experiments where the agent considers cost in its con-
trol strategy. The price trajectory is visualized in Figure 10. These
prices exhibit significant volatility, providing the signal necessary
for the agent to learn arbitrage.
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Figure 10: Price data in €/MWh during heating seasons).

A.4 Temperature Comfort Zone
The target temperature band is illustrated in Figure 11. For time-
varying temperature, while the occupancy status is “home”, the
temperature band is tightened to ensure high comfort, while it is
relaxed during “away” and “sleep” to increase flexibility and reduce
costs. On weekdays, “home” spans 06:00–08:00 and 18:00–23:00,
while on weekends, it is 06:00–23:00. “Sleep” is always 23:00–06:00,
and “away” applies only on weekdays from 08:00–18:00.
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Figure 11: The target temperature band for weekdays and
weekends.

B Additional Experimental Settings and Results
This appendix section provides supplementary material for the
main experiments. It summarizes implementation details, hyperpa-
rameter settings, and additional results that support the analyses
reported in the main text.

B.1 Hyperparameter Settings
DQN: For the discrete action space (5 actions), the DQN agent used
two hidden layers with 64 neurons each. Exploration was managed
via an 𝜖-greedy strategy, decaying linearly from 1.0 to 0.05 over the
first 10% of training.
PPO: The PPO agent (two hidden layers, 64 neurons) was specif-
ically tuned to capture the temporal periodicity of the building
dynamics. We set the rollout buffer length (𝑛_𝑠𝑡𝑒𝑝𝑠) and batch size
to 672 steps, corresponding to exactly one week of simulation time
(assuming 15-minute intervals), to ensure the policy updates based
on a full weekly cycle.

SAC: As an off-policymaximum entropy algorithm, SACwas config-
ured with a larger capacity network consisting of two hidden layers
with 256 neurons each. We utilized automatic entropy coefficient
tuning (𝑒𝑛𝑡𝑐𝑜𝑒 𝑓 =‘auto’) to balance exploration and exploitation
dynamically.

B.2 PPO Hyperparameter Tuning
We conducted an extensive hyperparameter sweep for the PPO
agent to identify configurations that could potentially enhance its
performance in the building control task. Figure 12 summarizes the
results of this sweep, illustrating the impact of various hyperpa-
rameter settings on the cumulative reward achieved by the PPO
agent on Building F.
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Figure 12: PPO Hyperparameter Sweep on Building F.

Figure 13 illustrates the control behavior of the PPO and DQN
agents over a three-day period on Building F. The top panel dis-
plays the indoor temperature trajectories relative to the dynamic
comfort bounds, while the bottom panel shows the corresponding
heat pump modulation actions. The DQN and PPO agents exhibit
severe control instability. Rather than converging to a safe and
conservative policy, the PPO agent fails to learn the system dy-
namics effectively, resulting in a highly oscillatory temperature
trajectory that frequently violates the comfort bound. This behav-
ior is reflected in the agent’s control signal, which shows erratic,
high-frequency switching (chattering) rather than smooth mod-
ulation. This inability to stabilize the system explains the poor
aggregate metrics observed in Table 1, where PPO records a 72.25%
violation rate and an operational cost gap of +84.45%. These results
suggest that the on-policy nature of PPO is ill-suited for this specific
building control formulation, likely due to high variance in gradient
estimates preventing the policy from settling into a viable control
range.

B.3 Zero-shot Transfer
Figure 14 shows the zero-shot transfer performance on the four
pilot target buildings (P2 to P5) from different climate zones with
diverse thermal distance (𝐷).

Figure 15 compares the behavior of the agent on the original
source building P1 (familiar) versus the target Building P2 (alien).
The logic of the policy (Reacting to Price/Dynamics) is successfully
transferred.
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Figure 13: Indoor temperature trajectory and heat pump con-
trol actions of PPO and DQN agent trained on Building F.
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Figure 14: Zero-shot transfer performance on Pilot Targets.
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Figure 15: Comparison of indoor air temperature, agent ac-
tions, and energy price over the course of three days for a
DQN agent trained in the original (Building P1) and trans-
ferred building (Building P2) with zero-shot transfer.
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C Additional Transfer-Learning Results across
Ten Buildings

Figure 16 reports supplementary transfer-learning results for the
ten-building study. It provides the full cross-building reward com-
parison that complements the summarized transfer-learning analy-
sis in the main text.
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Figure 16: Reward curve of Trans-SAC, Frozen-Feature, and
Independent Learner from Building A to other Buildings.
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