
Journal of Building Performance Simulation

ISSN: 1940-1493 (Print) 1940-1507 (Online) Journal homepage: www.tandfonline.com/journals/tbps20

Online transfer learning (OTL) for accelerating
deep reinforcement learning (DRL) for building
energy management

Tran Van Quang & Dat Tien Doan

To cite this article: Tran Van Quang & Dat Tien Doan (02 Jun 2025): Online transfer learning
(OTL) for accelerating deep reinforcement learning (DRL) for building energy management,
Journal of Building Performance Simulation, DOI: 10.1080/19401493.2025.2511826

To link to this article:  https://doi.org/10.1080/19401493.2025.2511826

© 2025 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group.

Published online: 02 Jun 2025.

Submit your article to this journal 

View related articles 

View Crossmark data

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tbps20

https://www.tandfonline.com/journals/tbps20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/19401493.2025.2511826
https://doi.org/10.1080/19401493.2025.2511826
https://www.tandfonline.com/action/authorSubmission?journalCode=tbps20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tbps20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/19401493.2025.2511826?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/19401493.2025.2511826?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/19401493.2025.2511826&domain=pdf&date_stamp=02%20Jun%202025
http://crossmark.crossref.org/dialog/?doi=10.1080/19401493.2025.2511826&domain=pdf&date_stamp=02%20Jun%202025
https://www.tandfonline.com/action/journalInformation?journalCode=tbps20


JOURNAL OF BUILDING PERFORMANCE SIMULATION
https://doi.org/10.1080/19401493.2025.2511826

Online transfer learning (OTL) for accelerating deep reinforcement learning (DRL)
for building energy management

Tran Van Quanga and Dat Tien Doanb

aSchool of Architecture and Planning, University of Texas at San Antonio, San Antonio, Texas, 78249, USA; bDepartment of Built Environment
Engineering, School of Future Environments, Auckland University of Technology, Auckland, 1010, New Zealand

ABSTRACT
Buildings account for over one-third of global energy consumption and emissions, primarily from
heating and cooling operations. Intelligent optimisation through predictive controls, such as deep
reinforcement learning (DRL), offers significant potential for energy efficiency. However, DRL faces
challenges in generalisation and impractical retraining when applied to different buildings, limit-
ing its scalability. Prior online transfer learning (OTL) approaches relied on simulation or rule-based
methods but lacked live learning and real-time optimisation. This study proposes an OTL strategy
combining autonomous simulation-basedDRLpolicy pretrainingwith real-time fine-tuning for rapid
adaptation to newbuildings. Using the Soft Actor-Critic (SAC) algorithm, it was tested on commercial
building energy management simulations. Results showed 18%+ reductions in HVAC energy con-
sumption and 8%+ improvement in thermal comfort compared to rule-based and non-transfer DRL
baselines. Empirical validation highlights OTL’s potential in overcoming DRL’s cold start and training
burdens, paving the way for broader deployment in sustainable energy management.
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1. Introduction

The growing global energy consumption of buildings has
become a significant concern, accounting for over one-
third of total energy usage and nearly 40% of energy-
related carbon dioxide (CO2) emissions worldwide in
2018 (IEA 2018). This trend is expected to continue
due to population and economic growth, urbanization,
improved energy access, and increased building own-
ership (Change IP on C 2015). Buildings may constitute
over 50% of 2060 emissions in baseline scenarios, pre-
senting risks of locking in intensive utilization patterns
(Riahi et al. 2015). These estimates underscore buildings
as one of the critical contributors to anthropogenic cli-
mate change (Lucon et al. 2014). Evidence suggests the
building sector ranks among the highest hard-to-abate
emissions sources on par with industry and transport
(Feng et al. 2023).

Significantly, these emissions directly relate to heat-
waves, droughts, and other extremeweather attributable
to human contribution events affecting communities
worldwide due to climate change (Philip et al. 2022; Vau-
tard et al. 2020). Over 90% of the last 50 years of warm-
ing stems from human activities like building operations,
among other sectors (Pörtner et al. 2022). The recent
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2022 Intergovernmental Panel on Climate Change report
warns of irreversible hot extremes if warming exceeds
1.5°C levels in the near term (Masson-Delmotte 2018).
As per the World Meteorological Organization and the
United Nations, global average temperatures have risen
over 1.1°C above pre-industrial levels as of 2020, increas-
ingly risking severe climate change repercussions (Her-
ring et al. 2021).

With buildings significantly contributing to global
heating through energy usage and emissions, improv-
ing building energy efficiency is critical for climate
change mitigation. Technical optimizations in building
design, operation, and systems hold the potential to
contribute over 50% of total CO2 mitigation opportu-
nities by 2040, substantially limiting warming scenar-
ios (Rogelj et al. 2018; Ürge-Vorsatz et al. 2018). The
urgency of reducing building climate impacts further
escalates in a developing world context, accounting
for the most aggressive vertical development (Agency
IE 2018). Simultaneously, these solutions can allevi-
ate household energy burdens. Building systems like
Heating, ventilation, and air conditioning (HVAC) com-
prise most of the usage, so their efficient control offers
opportunities.
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1.1. Relatedwork

HVAC systems comprise the dominant share of commer-
cial building energy end-use, exceeding 73% per Com-
mercial Buildings Energy Consumption Survey (CBECS)
2018 surveys (EIA 2018). As per national HVAC, electricity
utilization is approaching 1,390 TWh annually across US
commercial buildings alone, as per the US Energy Infor-
mation Administration (Ürge-Vorsatz et al. 2015). This
consumption underlines opportunities through
advanced control of HVAC operations for carbon foot-
print reduction without compromising indoor environ-
mental quality (ASHRAE 2019; Feng et al. 2019; Pérez-
Lombard, Ortiz, and Pout 2008). Total US HVAC utility
costs approach $40 billion annually, further driving eco-
nomic incentives for efficiency gains (Liu et al. 2018).

Rule-based, model-predictive, and machine-learning
control techniques have been widely investigated for
building system optimization (Ding et al. 2021; Dong and
Andrews 2009; Hsu 2015; Kleiminger, Mattern, and San-
tini 2014; Macqueen 1967). Rule-based methods rely on
predefined temperature setpoints, operating schedules,
and equipment sequencing logic programmed based on
standard practices (Park et al. 2019; Yu et al. 2020). How-
ever, such static, predetermined control lacks the adapt-
ability to changing conditions. Model predictive con-
trol (MPC) utilizes dynamic programming and optimiza-
tion algorithms to predict future states and find optimal
control actions accordingly (Goyal, Ingley, and Barooah
2013; Oldewurtel et al. 2012). However, MPC accuracy
depends heavily on underlying model fidelity. Reinforce-
ment learning (RL) overcomes these limitations by offer-
ing a model-free, data-driven self-optimization approach
(Lissa et al. 2021; Wang andHong 2020). The RL paradigm
provides a framework for an agent to sequentially interact
with a building by taking various actions while receiving
corresponding scalar rewardsorpenalties reflectiveof the
outcomes (Pippia et al. 2019; Prívara et al. 2011). It can
refine control decisions through experience to enhance
objectives like operational costs, occupant comfort, or
grid services without requiring accurate models. RL has
shown success across applications like HVAC optimiza-
tion (Lee et al. 2013; Turley et al. 2020), intelligent stor-
age control (Chen et al. 2020), and renewables integra-
tion (Taylor and Stone 2009), among others. DRL capacity
for complex tasks like climate control by approximat-
ing state-action functions using deep neural networks
(Ammar et al. 2014; Parisotto, Ba, andSalakhutdinov2016;
Quang and Phuong 2024).

However, DRL approaches for building energy man-
agement adopt certain limitations. These include exten-
sive training requirements overmonths or seasons before
achieving satisfactory performance as controllers learn

from interactions (Wang and Hong 2020). The prolonged
learningperiodsnegatively impact user experience. Addi-
tionally, learned policies fail to generalize across build-
ings with moderate weather, construction, occupancy
patterns, or equipment differences. This necessitates
full retraining, which causes delays in deployment and
carbon impact reduction (Gupta et al. 2017). Conse-
quently, such factors significantly impede scalable adop-
tion. Transfer learning (TL) methods offer prospective
solutions to mitigate these challenges. TL involves repur-
posing knowledge from related tasks or domains, like
reference simulated buildings. Applying TL can minimize
redundant interactions when deploying controllers in
new, unseen buildings (Lazaric 2012).

TL presents a viable approach to facilitating and aug-
menting learning on associated tasks using knowledge
obtained from training on a distinct task (Olivas et al.
2009). In contrast to conventional techniques that com-
mencewith randomly initializedmodels, TL encompasses
transferring acquired representations or parameters to
a novel model. This methodology mitigates the neces-
sity for extensive retraining, conferring enhanced perfor-
mance given fewer interactions, which proves especially
beneficial in contexts with constrained data accessibility.
TL encompasses myriad applications, including transfer-
ring policies across RL agents in robotics, autonomous
systems, and game-playing (Lazaric 2012). While offline
simulation-based TL for RL building controls has been
researched (Fang et al. 2023; Xu et al. 2020), exploring
online adaptation in real building settings remains rela-
tively limited.

Earlier TL applications in deep reinforcement learning
(DRL) focused on forecasting building energy demand
with limited historical data. For instance, E. Mocanu et al.
(2016) transferred models trained on source buildings
using algorithms like State-action-reward-state-action
(SARSA) and Q-learning to estimate demand on target
buildings lacking substantial labelled data. Ismail and
Baysal (2023) reused knownuser electricity price elasticity
from regions with existing demand response implemen-
tations to inform policy training via SARSA for unfamiliar
areas. It facilitated the integrationofdemand flexibility for
new consumers without undergoing prolonged on-site
learning.

Beyond forecasting, TL holds the potential to refine
control policies for assets like HVAC systems. Notable
examples adopt hybrid simulation-based learning
(Costanzo et al. 2016), augment online adaptation with
expert systems (Costanzo et al. 2016; Ruelens et al.
2017) or leverage domain randomization (Didden et al.
2022; Peirelinck et al. 2021). Key strategies involve
pretraining on surrogate models before deployment,
integrating monotonicity constraints from prior domain
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Table 1. Recent articles on TL of DRL for smart building applications.

Ref Year Approach Data sources Model type Potential limitation

Coraci et al. (2023) 2023 Proposes an online transfer
learning (OTL) strategy to
transfer a pre-trained DRL
control policy from a
source building to target
buildings

Simulation
(EnergyPlus)

Soft Actor-Critic (SAC) It uses simulations only, so it may not fully
capture real-world complexity.

Only considers homogeneous transfer.
A limited number of target building
configurations were evaluated

Esrafilian-
Najafabadi and
Haghighat (2023)

2023 TL approach combines
unsupervised clustering of
occupancy profiles with
DRL HVAC control to
improve initial learning
performance

Occupancy data from
26 households was
collected via PIR
sensors.

Unsupervised k-means;
Deep Q Learning
(DQN)

Limited factors for similarity/control

Xu et al. (2020) 2020 Two-network TL approach for
DRL-based HVAC control

Simulation
(EnergyPlus)

DQN Simulation only.
No internal heat.
Limited weather transfer.
Simple ON-OFF data

Genkin and
McArthur (2024)

2024 Addresses cold start using
DRL & TL between
buildings

Sensor and energy data
from 3 real buildings

ReLBOT Only three buildings focused on cooling.
Simulation testing, not real-world

Tao, Qiu, and Lai
(2022)

2022 Hybrid cloud-edge control
strategy for DR using DRL
and TL

Simulated power
system and building
environment based
on MATPOWER and
OpenAI Gym

Continuous Dueling
Deep Q-learning

Validation only on simulations.
Potential issues in scaling,
Limited to BESS and HVAC,
Real-world factors are not fully considered

Lissa et al. (2021) 2021 Proposes RL-based control of
heat pumps to minimize
costs while maintaining
temperatures. Tests adding
TL between houses

Simulated data based
on real sensors.

Historical PV data

DQN Validated via simulation only.
Tested on DHW only

knowledge, or artificially diversifying source trainingenvi-
ronments. Reported benefits include accelerated conver-
gence, improved accuracy, and enhanced cost savings.
Recent works further repurpose structural policy similari-
ties across devices like batteries and HVAC units to speed
up distributed RL (Tao, Qiu, and Lai 2022). Table 1 shows
recent studies on developing a TL of DRL for smart build-
ing applications. Although significant progress has been
made in applying TL to DRL for building energy manage-
ment, several important challenges remain. Existing stud-
ies predominantly validated their methods within limited
simulation settings, which, while valuable for controlled
investigation, often lacked evaluation across heteroge-
neous building types, climates, and operational condi-
tions. As shown in Table 1, many approaches focused on
offline pretraining alone, without incorporating mecha-
nisms for real-timeonline adaptationduringdeployment,
which is critical to account for real-world building dynam-
ics. Furthermore, evaluations were frequently restricted
to small numbers of target buildings with similar charac-
teristics, limiting the generalizability and scalability of the
proposed methods.

1.2. Research aims and contribution.

This study proposes an OTL strategy to significantly
improve DRL controllers’ scalability, adaptability, and
real-world deployment for building energy manage-
ment systems. While DRL offers a promising model-free

framework for HVAC optimization, it suffers from limited
transferability and high retraining costs when applied
across diverse building contexts. This research addresses
these gaps through a hybrid methodology integrating
simulation-based pretraining with real-time fine-tuning.
The specific objectives of this study are to:

• Design and train a DRL control agent using the SAC
algorithmona sourcebuilding to optimize energy cost
and maintain thermal comfort.

• Develop an OTL framework to rapidly adapt the pre-
trained DRL agent to target buildings with differing
envelopes, loads, and climate conditions.

• Rigorously evaluate the performance of the OTL
approach in comparison with rule-based control and
DRL without transfer across five physically heteroge-
neous building simulations.

• Analyze the influence of source-target mismatches
on policy transferability and identify implementation
challenges in real-world settings.

The core contribution of this study lies in demonstrat-
ing a real-time, adaptive OTL framework capable of over-
coming DRL’s cold-start limitations and reducing train-
ing burdens across diverse building types. Unlike prior
studies, which are typically constrained to offline simula-
tions or homogeneous evaluation settings, this work per-
forms empirical benchmarking with statistical validation
across varied environments. These contributions provide
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an essential step toward scalable and transferable AI-
based control strategies in building operations, support-
ing broader sustainability and climate-resilience objec-
tives in the built environment.

2. Methodology

2.1. Control optimization framework

The research framework of this study is shown in Figure
1. This study develops an advanced control strategy
for building cooling systems using DRL. DRL enables
autonomous optimization of policies to optimize com-
plex objectives through trial-and-error learning within an
environment (Sutton and Barto 2018). The core idea is an
agent gradually improves its actions within an environ-
ment tomaximize cumulative rewards over time through
experience. This study utilizes SAC, an off-policy DRL
algorithm suitable for problems with high-dimensional
state spaces anddiscrete action sets (Haarnoja et al. 2018).
SAC converges to optimal stochastic policies by optimiz-
ing amaximumentropy objective to encourage sufficient
exploration during training (Haarnoja et al. 2017).

The methodology involves training a deep neuro con-
troller using SAC in an EnergyPlus simulated source office
building and cooling system environment. The RL agent
learns an optimized policy to minimize composite costs
and thermal comfort objectives by interacting with the
virtual building. Subsequently, the trained policy param-
eters are transferred to a distinct set of simulated target-
building models via OTL. This directly reuses the learned
source knowledgewhile fine-tuning the control policy on
the target building using only real-time data through a
brief initial period of operation. Avoiding lengthy retrain-
ing enhances scalability. Comparative analysis evaluates
the OTL approach against conventional rule-based con-
trol as well as non-transfer and offline DRL alternatives to
analyze relative performance.

2.2. Case study building description

The simulated building model adapts a medium office
archetype from the U.S. Department of Energy’s Com-
mercial Prototype Building Models (CPBM) (Thornton
et al. 2011; Prototype Building Models Building Energy
Codes Program n.d.) and enhances it by incorporating
multi-zone configurations and dynamic occupancy. In
this study,weutilized theMediumOffice prototypebuild-
ing from theCPBMdataset. This building type,with a floor
area of approximately 15,000m2, is widely recognized as
a representative archetype for evaluating HVAC control
strategies in commercial office environments. It features
amulti-zone layout, diversified occupancy schedules, and

significant internal gains, making it well-suited for mod-
elling realistic thermal and energy dynamics. The floor
plan (Figure 2) has distinct thermal zones enabling effi-
cient conditioning of primarily daylit perimeter spaces.
The window-to-wall ratio is 33% with evenly distributed
ribbon windows. The 3D model (Figure 3) is created in
Rhinoceros (Rhinoceros n.d.).

Outdoorweather conditions use a typicalmeteorolog-
ical year (TMY) file for Auckland, New Zealand (36.850S,
174.76450E). The layered envelope constructions in Table
2 employ concrete, insulation, andglazing typical ofmod-
ern offices. Windows utilizes low-emissivity argon-filled
double-pane glazing. Skylights integrate into the top
floor roof.

The annual EnergyPlus simulations input parameters
related to HVAC, internal loads, occupancy scheduling,
and electricity pricing are summarized in Table 3. Rele-
vant factors include temperature setpoints, ventilation,
lighting and equipment densities, dynamic schedules,
and time-of-use tariff structures. Dynamic occupancy
schedules refer to time-resolvedoccupantpresencemod-
elled using 15-minute intervals, reflecting realistic office
behaviour patterns. The weekday schedule included a
rising occupancy density starting at 8:00 am, peaking
between 10:00 am and 4:00 pm, and tapering off by 6:00
pm, while weekends were considered unoccupied.

The high-frequency rawdata is preprocessed to gener-
ate the key inputs for the DRL framework, including state
variables, action sets, and reward signals. The state space
features include current and previous indoor/outdoor
air temperatures, cooling storage state of charge (SOC),
occupancy status, electricity price, time of day, and day
of week. The cooling storage SOC is computed at each
time-step as the ratio of available cooling in the tank to its
total storage capacity. The action space is discretized into
operationmodes and cooling supply control actions. The
reward function incorporates HVAC electricity cost and
indoor temperature deviation penalty terms calculated
from the utility tariff rate and simulation data.

2.3. Control system

Reinforcement learningprovides a framework for an intel-
ligent agent tomake optimal decisions under uncertainty
through iterative interactions with a complex environ-
ment. The underlying structure follows a Markov deci-
sion process (MDP), mathematically formalizing sequen-
tial decision-making problems using four core elements
(van Otterlo and Wiering 2012). The states set (S) encap-
sulates dynamic variables, providing the agent with rel-
evant observations of the environment system at time t,
such as indoor temperature or electricity price for build-
ing energy management applications (Sutton and Barto
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Figure 1. The framework of the proposed research.

2018). The actions set (a) defines the possible decisions
the agent can take to influence the environment at each
time-step, whether altering HVAC operation modes or
cooling supply regulation. The transition probability (p)
governs the likelihood of progressing from one state st
to the next state st+1 based on the current state, selected
action, and innate environment dynamics.

p(st+1, r|st , a) = Pr{Rt+1 = r, St+1 = |St ,At} (1)

Finally, the reward function (R) provides scalar feed-
back to the agent quantifying the subjective desirabil-
ity of action outcomes, imposing penalties on undesir-
able consequences like thermal discomfort and incen-
tives for preferred behaviours likeminimizing operational
expenditure (Bellman 1952). By sequentially interacting

with the environment system, the reinforcement learn-
ing agent aims to determine the optimal policy denoted
π (a|s) that maps state to the actions expected to yield
the highest attainable cumulative reward over the long
term. Thismaximization relies on approximating the opti-
mal state-action value function Q(s, a) for each decision
using Bellman equations (Shteingart and Loewenstein
2014; Sutton and Barto 2018), considering immediate
rewards plus appropriately discounted future rewards
reachable from the following state by optimally acting
thereafter.

q∗ =
∑
st+1,r

p(st+1, r|st , a) =
[
r + γ max

a
q∗(st+1, a)

]
(2)

The control algorithm utilizes the SAC technique – an
off-policy maximum entropy RL algorithm well-suited
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Figure 2. Zone configuration of the simulated medium office building (adapted from Zhihong Pang et al. 2020).

for problems with continuous action spaces and sparse
rewards (Haarnoja et al. 2018). SAC has state-of-the-art
performance on various constant control tasks. The
underlying framework follows a MDP formulation com-
prising the critical elements of state space, action space,
and reward function (Shteingart and Loewenstein 2014;
Sutton and Barto 2018). As shown in Figure 4, the agent
initially observes theenvironment state st, which captures

relevant information like occupancy, temperature, and
time. It then selects a control action at from the available
discrete set based on its learned policy π . The environ-
ment transitions to a new state st+1 while providing a
scalar reward rt as feedback on the action’s desirability.
The new state and reward update the agent’s under-
standing, allowing it to improve its decisions over succes-
sive interactions.
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Figure 3. Medium office building model.

Table 2. Envelope component properties.

Component Thickness (m) Conductivity (W/mK) Density (kg/m3) Specific Heat (J/kgK)

External wall 0.2 1.13 1850 1000
Internal wall 0.0125 0.16 800 1090
Ceiling 0.2 1.13 1850 1000
Floor 0.15 1.13 1850 1000
Window 0.006 0.9 2500 840

2.3.1. State space
The state space S consists of variables providing rele-
vant observations of the environment system to the RL
agent. For the building cooling system control problem,
the state space S includes:

S = {Tin(t),Tin(t − 1), Tin(t − 2), Tout(t), SOC(t),

SOC(t − 1), P(t), P(t + 1), . . . , P(t + 24),O(t),

O(t + 1), . . .O(t + 24), T(t),D(t)} (3)

Indoor air temperature (Tin) – current and previous time-
steps; Outdoor air temperature (Tout); Cooling storage
tank SOC – current and prior time-steps; Electricity price
(P) – current and predicted future prices; Occupancy sta-
tus (O) – current and expected future occupancy; Time of
day (T); Day of week (D).

The indoor temperature over previous time-steps
accounts for thermal inertia. SOC over previous time-
steps helps assess storage dynamics. Electricity price and

Table 3. Simulation parameters.

Parameters Value Typical range References/Justification

Location Auckland, New Zealand N/A Leverages TMY3 weather file for Auckland Int. Airport
(ASN).

Time-step 15min 1min to 1 h Captures thermal dynamics faster than hourly data while
limiting computation vs 1min data.

Total period 1 year Months to years Annual simulation to capture seasonal variations (Hoes
et al. 2011).

HVAC system Packaged DX AC with gas furnace Various Based on > 48% of medium comm. Building units per
CBECS (CBECS 2012).

Temperature setpoints 22°C (heating), 24°C (cooling) 20°C–26°C heating
22°C–27°C cooling

Aligned with ASHRAE 55-2017 recommendations (ASHRAE
2017).

Infiltration rate 0.5 ACH 0.1 to 2 ACH Average new and old building air leakage rates per
ASHRAE models (ASHRAE 2020).

Ventilation rate 10 L/s-person 4–14 L/s-person Minimum rates per ASHRAE 62.1–2022 (ASHRAE 2022).
Lighting density 10 W/m2 3–18 W/m2 Median lit power density for offices.
Equipment density 10 W/m2 8–14 W/m2 Average office plug load density.
Occupancy density 0.05 person/m2 0.02–0.1 person/m2 Typical medium office assumptions.
Occupancy schedule Weekday (8 am–6 pm), Weekend

(Closed)
Weekday, Weekend, Holidays Reflects medium office operation.

Electricity price Time-of-use tariff Fixed, Tiered, Dynamic Reflects real-world demand charges and peak/off-peak
rates.
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Figure 4. DRL framework-based SAC.

occupancy predictions enable optimal control. Time and
day provide schedule context.

2.3.2. Action space
The action space A comprises the possible control actions
the agent can take. The cooling system control actions
includeOperationmode (OM) – Charging,Discharging, or
Chiller only; Cooling energy supply (CS) – On or Off to the
thermal zone.

A = {OM,CS} (4)

where,

OM =
⎧⎨
⎩
−1
0
1

⎫⎬
⎭

∣∣∣∣∣∣
−1 = Disch arg e
0 = Chiller
1 = Ch arg e

CS =
{
0
1

} ∣∣∣∣0 = Off
1 = On

This allows the agent to optimally manage the build-
ing zone’s cooling system operation mode and energy
supply. Discrete actions are defined to enable the use of
discrete RL algorithms.

2.3.3. Reward function
The reward function defines the control objective. It com-
prises an electricity cost term and an indoor temperature
term:

R = w1Re + w2Rt (5)

where, Re = Electricity cost term; Rt = Temperature vio-
lations term; w1, w2 = Reward weights; The electricity
cost term is calculated as follows:

Re = P× (Echiller + Epump) (6)

where, P = Electricity price; Echiller = Chiller energy use;
Epump = Pump energy use.

The temperature violations term calculates deviations
from the comfort range. It imposes penalties when the
indoor temperature exceeds defined thresholds during
occupied hours. The weights w1 and w2 are tuned to
balance the control objectives of minimizing electricity
cost and thermal discomfort. The reward function drives
the agent to learn an optimal policy. In the simulation
environment, electricity prices were modelled using a
time-of-use (ToU) tariff structure commonly adopted by
New Zealand commercial buildings. The ToU scheme fea-
tured off-peak,mid-peak, and peak pricing blocks varying
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throughout the day, with higher rates during daytime
peak hours (7 am to 7 pm) and lower rates overnight and
on weekends. This structure was used to compute the
electricity cost term in the reward function (Equation 6),
enabling theDRLagent to learn cost-effectiveoperational
strategies under realisticmarket-basedpricing conditions

2.3.4. Soft Actor-Critic (SAC)
The source RL agent is trained using the SAC algorithm
(Haarnoja et al. 2018) to learn an optimal policy for
the cooling system control problem. SAC is an off-
policy RL algorithm that relies on the maximum entropy
framework to improve policy performance and stability
(Haarnoja et al. 2018). The key idea is to maximize the
expected reward while maximizing the policy’s entropy.
This enhances exploration. The SAC agent comprises a
stochastic policy network π(a|s) and two Q-networks,
Q1(s, a) and Q2(s, a), for value estimation. The training
objective is to minimize the loss:

L(π) = Est ,ε∼D[α logπ(f (ε; st)|st)− Q(st , f (ε; st))] (7)

where f is a mapping from noise vector ε to action, D
is the replay buffer and α is the temperature parameter
controlling entropy (Haarnoja et al. 2017).

The Q-network loss is minimized as:

LQ = Est ,at ,rt ,st+1∼D[(Q(st , at)− (rt + γ Eat+1∼π

× [Q(st+1, at+1)− α logπ(at+1|st+1)]))2] (8)

where γ is the discount factor, the policy and Q-
networks are trained alternatively using stochastic gradi-
ent descent to optimize the objectives.

Policy objective:

∇J(π(θ)) = E[∇θπ(f (ε)|s)∇aQ(s, a)|a = π(f (ε)|s)] (9)

SAC loss function:

L(θ , ϕ,α) = E[α logπ(f (ε)|s− Q(s,π(f (ε)|s))] (10)

The implementation of the SAC algorithm for developing
the HVAC control system is summarized in Table 4. The
process begins by initializing the neural network mod-
els, including the policy network πθ(a|s) and critic net-
worksQϕ1(s, a) andQϕ2(s, a). Thesenetworks approximate
the state-action value functions that underpin the rein-
forcement learning optimization. Key hyperparameters
are also initialized, such as the temperature parameter α,
discount factor γ , and replay buffer size. A replay buffer
is a vital component in SAC that accumulates past agent
experiences, encompassing prior states, actions, rewards,
and next states. As the agent interacts with the build-
ing environment, these transitions are collected into the
replay buffer with a set maximum capacity determined

Table 4. Pseudocode outlining the SAC algorithm.

SAC algorithm

Initialize policy network πθ (a|s) with 2 hidden layers of 128 nodes each
Initialize critic networks Qϕ1(s,a) and Qϕ2(s,a) with 2 hidden layers, 128
nodes per layer

Initialize temperature parameter α← 0.1, discount factor γ ← 0.99
Initialize target network weights θ ′ ← θ , ϕ′1← ϕ1, ϕ′2← ϕ2
Initialize replay buffer R with 1 million transition capacity
For each training iteration do
Sample minibatch of 128 transitions (s,a,r,s’) from R
Update critic networks by minimizing Bellman error (Eq. 8)
Update policy network πθ by maximizing objective (Eq. 9)
Update target networks: θ ′ ← τθ + (1-τ )θ ′ , likewise for ϕ′1, ϕ′2
End For
Transfer optimized policy network πθ to target building
Collect experiences from target building into R via rules controller
Fine-tune πθ on target building R using SAC loss functions (Eq. 10)
Return adapted policy network πθ for target building

by the buffer size. When the buffer becomes full, older
experiences are displaced by new ones. This prevents
the agent from learning solely from immediate experi-
ences. Instead, batches of transitions are randomly sam-
pled from the buffer to break temporal correlations dur-
ing training updates. The buffer size controls the avail-
able experiences for sampling. A larger buffer enables
learning from older experiences to better capture long-
term dependencies. However, outdated experiencesmay
hinder timely adaptation. Thus, this study tunes the
buffer size as a hyperparameter to balance these factors.
The core SAC training process then involves alternating
between policy and critic updates using stochastic gra-
dient descent until convergence, as defined in the pseu-
docode.

2.3.5. Hyperparameter tuning
The hyperparameters associated with the SAC agent
training methodology and neural network architectures
are summarized in Table 5. The choices balance model
capacity, training stability, and data efficiency consider-
ations.

The neural networks utilize two hidden layers with
128 nodes each, selected based on performance across
validation tests. The temperature parameter α, which
controls relative entropy, is set to 0.1 based on com-
mon practices. The discount factor γ gives higher prior-
ity to immediate rewards. A large replay buffer size and
low minibatch size breaks temporal correlations during
updates while smoothing learning. The Adam optimizer
provided stable convergence at the chosen learning rate.

2.4. Transfer learning implementation

This study employs OTL to rapidly adapt pre-trained DRL
policies between buildings. The approach initializes the
target agent networks with the pre-trained weights of
the actor and critic from a source policy trained via SAC
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Table 5. SAC Algorithm Hyperparameters.

Component Hyperparameter Value

Network and Learning Setup Policy and Value Neural Networks 2 hidden layers, 128 nodes per layer
Initial Temperature α 0.1
Discount Factor γ 0.99
Buffer Size 1 million transitions
Batch Size 128 transitions
Optimizer Adam (Learning Rate = 0.0005)

Training Schedule Source training episodes 800 episodes (96 steps each, 15-min time-step)
Online OTL fine-tuning ∼ 200 episodes per target building
Warm-up phase (for OTL) 1 episode using rule-based controller
Policy update frequency Every time step
Reward weight: electricity 8
Reward weight: comfort 0.06

on amedium office building benchmark. This benchmark
provides a strong starting point for optimization in tar-
get domains that differ from the source building model
in construction, loads, and equipment.

Rule-based control first populates transitions in the
replay buffer and exposes the transferred policy to tar-
get environment dynamics. The procedure then under-
goes online fine-tuning – through iterative updates as it
interacts with diverse target buildings. Discrepancies like
variations inweather, envelope properties, internal loads,
and HVAC systems introduce biases requiring adapta-
tion of the transferredweights. This fine-tuning efficiently
mitigates such domain shifts without full retraining.

2.4.1. Policy initialization
The initial step involves initializing the target agent net-
works by leveraging the weights obtained from the
source agent. Mathematically, the weight initialization of
the target policy network (π t(a|s)) from the source policy
network (π s(a|s)) can be expressed as:

Wt ← Ws

bt ← bs

where W and b are the weights and biases of the neu-
ral networks. The target networks are initialized with the
previously acquired knowledge by copying over these
learned parameters from the source networks.

Subsequently, employing a rule-based controller aids
in collecting preliminary samples into a replay buffer
through an imitation learning approach. The transferred
policy undergoes a fine-tuning phase within the target
environment throughout a single episode. This iterative
process alternates between control and online learning
steps, facilitating rapid adaptation of the transferred pol-
icy to the nuances of the new target environment.

2.4.2. Imitation learning
The next phase collects some initial experiences under
the operation of a simple rule-based controller to popu-
late the target agent’s replay buffer. This dataset primes

online adaptation in the next stage by providing sam-
ples of thenewenvironmentdynamics. Imitation learning
allows the target network to observe proper behaviour
from the rules controller before taking control. This
warmupmitigates improper initial actions.

2.4.3. Online fine-tuning
Upon initializing the transferred policy into the target
network, its optimality for the new environment may
initially be limited. Subsequently, an online fine-tuning
phase becomes imperative to adapt and optimize the
transferred policy. Mathematically, the adaptation of the
transferred policy within the target environment can be
expressed as:

πt(a|s) = πs(a|s)+Δπ(a|s) (11)

where π t is the adapted target policy, π s is the initial-
ized transferred policy, and 
π denotes the fine-tuning
parameters updated through gradient descent optimiza-
tion. The transferred knowledge is tuned to cater to the
target building specifics by incrementally adjusting the
policy parameters.

2.5. Performance evaluation

Comparative benchmarking quantitatively evaluates the
efficacy of the OTL controller against conventional
rule-based and reinforcement learning strategies using
whole-building energy simulation testbeds in EnergyPlus
(Started G 2022).

2.5.1. Energy efficiencymetrics
Energy performance is quantified using mean HVAC sys-
tem electricity consumption (MEC) averaged for each
control time-step (30min) across the simulation span
(Esrafilian-Najafabadi and Haghighat 2022). Lower MEC
indicates higher efficiency and cost savings. Total expen-
diture is also calculated by integrating consumption with
the time-varying utility electricity tariff.
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2.5.2. General performancemetrics
The composite reward signal driving DQN optimization
equally weights energy and comfort terms using the
tuned β hyperparameter (Liu et al. 2018). Total accumu-
lated rewards over training for each control policy quan-
tifies combined improvements (Esrafilian-Najafabadi and
Haghighat 2022). Jumpstart rewards precisely measure
initial stabilization before full convergence. Higher val-
ues indicate faster, more optimal policies. The ensem-
ble of simulated test households varies in construction
parameters outlined in Table 1, as well as internal gains,
equipment sizes, andclimate zones. Statistical tests deter-
mine the significance of performance gains. Further sen-
sitivity studies modulate source-target environment mis-
matches. Together, the assessments evaluate accelera-
tion, peak optimization levels, generalization capability,
and robustness advantages of OTL.

3. Results and discussion

3.1. Agent performance in source building

An optimized DRL control policy was developed using a
source-building simulation to enable the OTL method-
ology. This simulated source model represented a pro-
totypical medium office building equipped with an
integrated HVAC system for cooling. Key components
included a cooling storage tank linked to other HVAC
equipment. The SAC algorithm was employed within the
EnergyPlus co-simulation environment to train the DRL
agent on controlling the source building’s HVAC sys-
tem. Through many training episodes, the agent learned
to optimize a composite reward function that penalized
both HVAC electricity costs and deviations of indoor tem-
peratures fromoccupant setpoints. This composite objec-
tive was optimized compared to a rule-based controller
serving as the baseline. By exclusively training on the
source building model, the DRL agent converged to a
high-performing control policy that minimized the com-
bined cost and comfort metrics defined in the reward
signal. This pre-trained source policy formed the basis
for applying the OTL approach. Specifically, the opti-
mized sourcepolicyweightswereused to initialize agents
applied to novel target-building simulations, where poli-
cies would then be fine-tuned through real-time co-
simulation evaluations.

An automated tuning process was implemented to
identify optimal hyperparameters for DRL agent train-
ing. Specifically, Optuna’s tree-structured Parzen estima-
tor algorithm was utilized to sample 20 hyperparameter
configurations across 30 training episodes each in the
source-building simulation. Thismulti-objective Bayesian
optimization technique sought to balance factors such

Table 6. Optimized SAC Hyperparameters.

Parameter Range Value

Number of hidden layers [2,4] 2
Neurons per layer [64,128] 128
Batch size [64,128] 128
Learning rate – 0.001
Discount γ [0.9,0.95,0.99] 0.99
Actor/critic learning [0.00025, 0.001] 0.001
Electricity cost reward weight [2, 4, 6, 8, 10, 12] 8
Comfort reward weight [0.015, 0.09] 0.06

as data efficiency, training stability, and model capac-
ity when converging on ideal hyperparameters. As a
result, a Pareto-optimal set of valueswas identified. These
included a batch size of 128 episodes, a learning rate of
0.001, a discount factor of 0.99, and balanced weights
assigned to cost and comfort components within the
composite reward function. The tuned hyperparameters,
summarized in Table 6, demonstrated the most effective
balance for training a high-performing DRL control agent
policy in the source-building model within the computa-
tional constraints. This optimizedprocedure informed the
configuration applied for agent development, enabling
superior performance benchmarks to be achieved prior
to OTL applications in novel target-building simulations.

The trained SAC agent was first evaluated exclusively
in the source-building simulation to establish a high-
performing baseline policy. As shown in Figure 5, the
agent achieved over 50% reductions in the combined
cost and comfort objective defined by the reward func-
tion within 120 training episodes. Performance metrics
plateaued after 800 iterations, indicating the agent had
converged to an optimal policy.

To further validate policy performance, Figure 6 com-
pares indoor and outdoor temperature profiles gener-
ated by the rule-based controller (RBC) and DRL agent
over a 7-day evaluation periodwithin the source building
model. With the DRL agent in control, indoor tempera-
tures remained stable and tightly regulated around the
setpoint compared tomore significant fluctuations exhib-
ited by the RBC. Outdoor temperatures, shown in Figure
6b, highlight the agent’s capability to maintain indoor
thermal comfort irrespective of fluctuating ambient con-
ditions. These results demonstrate the trained DRL agent
outperformed the conventional RBC approach on energy
optimization and temperature control objectives within
the source building prior to TL tests on novel target
domains.

The quantified performance metrics in Table 7 pro-
vide a comprehensive overview of the energy savings
and comfort improvements achieved by the DRL agent
compared to the rule-based controller within the source
building simulation. Annual HVAC electricity consump-
tionwas reduced by 19% from136MWhunder rule-based
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Figure 5. DRL Controller Learning Progression.

Table 7. Source Building DRL Agent Savings Over Rule-Based
Control.

Performance
Metric

Rule-base
controller DRL agent Savings

Annual HVAC
electricity
consumption

136 MWh 110 MWh 19% less

Peak electric demand 52 kW 44 kW 15% lower
peak

Setpoint deviations
outside the comfort
range

152 occupied
hours

138 occupied
hours

9% fewer
violations

Time maintained inside
comfort range

83% 92% 9% point
increase

control to 110MWh with the DRL agent. This demon-
strates the ability of the data-driven approach to optimize
usage over long-term operations. Peak electric demand
during peak periods was also lowered considerably by
15% from 52 kW to 44 kW, highlighting potential demand
response benefits. Regarding thermal comfort, the DRL
agent achieved 9% fewer occupied hours where indoor
temperatures deviated outside the set comfort range.
Most notably, compliance within the preferred comfort
bounds was increased substantially from 83% to 92%,
representing an enhancement of 9 percentage points.
These results collectively validate the trained DRL policy’s
superior performance over the rule-based baseline across
key objective metrics related to energy efficiency and
occupant wellbeing priorities within the source building
domain.

A direct comparison of the average hourly electric-
ity consumption profiles achieved under rule-based and
DRL control further validates the DRL agent’s superior

performance. Figure 7 illustrates the total hourly HVAC
electricity consumption during working hours (Mon-
day–Friday, 8:00–18:00) in an office building, comparing
the performance of an RB controller and a DRL controller.
The bar chart reveals a consistent pattern of reduced
energy use under the DRL strategy across nearly all oper-
ating hours, particularly during mid-morning and early
afternoon peaks, with average hourly savings ranging
from 6 to 15% compared to RB. This performance demon-
strates the DRL agent’s ability to dynamically adapt to
fluctuating internal loads and ambient conditions, effec-
tively reducing energy consumption without manual
rule tuning. Occasional instances of higher DRL energy
use (e.g. Hours 10, 30, and 48) are attributed to explo-
ration during online policy refinement, preemptive con-
trol actions to maintain thermal comfort, or responses
to transitional climate conditions. Unlike the RB method,
which follows static setpoints, the DRL agent learns con-
trol behaviours that account for thermal inertia and
occupancy-driven demand, allowing it to optimize oper-
ation over time. The figure provides compelling evidence
of DRL’s capacity to balance energy efficiency and com-
fort adaptively and autonomously, positioning it as a scal-
able solution for intelligent HVAC control in large com-
mercial buildings.

3.2. Performance benchmarking of OTLwith RB and
DRL control on target buildings

The efficacy of the proposed OTL methodology was
rigorously evaluated by benchmarking its performance
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Figure 6. Indoor temperature profile with RBC and DRL for the source building (a); Outdoor temperature profile (b).

against RB control and standalone DRL without trans-
fer capabilities on five physically diverse target buildings.
The target building simulations represented common
office building stock located in distinct climate zones,
including Wellington and Christchurch in New Zealand,
as well as Ho Chi Minh City in Vietnam. As summarized
in Table 8, key characteristics such as wall constructions,
window properties, internal loads, and HVAC capacities
were deliberately varied across the portfolio of target
buildings. This introducedmeaningful discrepancies from
the source building model used to pre-train the DRL
agent, establishingaheterogeneous testbed to assess the
approaches’ abilities to adapt control policies for different
building configurations under realistic conditions.

The suite of target-building simulations collectively
incorporatedmeaningful variations in key attributes com-
pared to the source-building model used to pre-train
the DRL agent. Each target building simulation was con-
ducted over one year using hourly time-steps. Apply-
ing the OTL approach, the agent networks were initial-
ized with weights from the pre-trained source policy.
The policies were then refined online through real-time
operation. A rule-based controller relying on simple tem-
perature setpoints served as the benchmark for com-
parison. The DRL method was also tested by training
independently from random initialization without access
to prior knowledge. Performance across the portfolio
of target buildings was rigorously gauged according to
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Figure 7. Average electricity consumption by RB and DRL controllers.

Table 8. Characteristics of target buildings.

Characteristic A1 A2 A3 A4 A5

Wall construction R-value (m2-K/W) 3.5 5.0 8.0 4.0 2.0
Window U-value (W/m2-K) 3.5 3.0 2.5 3.2 4.0
Internal loads (% of design) +10% +20% Baseline −10% +15%
Heating capacity (kW) 100 125 150 50 N/A
Cooling capacity (kW) 60 80 100 40 120

comprehensive metrics, including annual HVAC energy
consumption, electricity costs, and quantitative assess-
ments of thermal comfort. This experimental protocol
established robust evaluations of each control strat-
egy’s capability to efficiently refine optimized policies for
the diverse target building configurations under realistic
dynamic conditions.

Figure 8 illustrates the average daily HVAC electric-
ity consumption per thermal zone over a representa-
tive simulation week, comparing the performance of the
RB, DRL, and OTL controllers within the DOE Medium
Office buildingmodel. The figure reveals that the RB con-
troller exhibits noticeable daily fluctuations, with higher
weekly consumption. It reflects its reliance on static
schedules that trigger peak usage during early occu-
pancy, regardless of real-time thermal demand. In con-
trast, the DRL controller demonstrates a more stable
and moderate consumption pattern across the week,
indicating its ability to adaptively modulate HVAC oper-
ation in response to varying internal loads and external
conditions. Most notably, the OTL controller consistently
achieves the lowest daily consumption across all days,
reflecting its successful transfer of learned energy-saving
policies from a source building and its fine-tuning in the
target context. While the plotted values represent per-
zone daily usage (6–8 kWh), extrapolating to the whole

building level (8 zones) yields total daily HVAC consump-
tion of 48–64 kWh, aligningwith expectations for energy-
efficient operationundermild climate conditions.Overall,
the figure highlights the advantages of DRL- and OTL-
based controllers in achieving more adaptive, demand-
responsive performance compared to traditional rule-
based systems.

A direct comparison of key performance metrics is
provided in Figure 9, contrasting the distributions of
average temperature deviation and energy consumption
achieved under DRL and OTL control. Regarding temper-
ature management, the DRL approach exhibited a tightly
clustered distribution near zero on the x-axis, highlight-
ing an enhanced ability to minimize fluctuations from
the setpoint. This superior thermal regulation suggests
potential improvements to occupant comfort by mitigat-
ing temperature variability. Concerning energy use, the
DRL distribution revealed a pronounced leftward shift
below 5 kWh for most data points. In contrast, the OTL
consumption was centred nearer 10 kWh, demonstrating
substantially higher demands. Collectively, these quan-
titative trends validate the qualitative advantage of DRL
control in simultaneously optimizing both energy effi-
ciency and tight temperature control. The results provide
empirical support that DRL offers amore effective control
solution that delivers enhanced comfort through robust
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Figure 8. Average daily HVAC electricity consumption per ther-
mal zone over one simulation week.

Figure 9. The distribution of average temperature deviation and
energy consumption for the DRL and OTL methods.

stability alongside the environmental benefits of lower
usage. Continued evaluation of these performance gains
under real building operations could help validate DRL’s
practical value proposition. Overall, the findings substan-
tiate DRL’s dominance over the dual objectives.

Table 9 presents a comparative performance summary
of the four control approaches – Rule-Based (RB), Offline

DRL (Off-DRL), Online DRL (On-DRL), and the proposed
Online Transfer Learning (OTL) – across five diverse target
buildings. The evaluation focuses on two critical metrics:
total electricity cost and cumulative temperature viola-
tions (measured in °C-hours). Across Buildings A1 to A4,
the OTL method outperformed all other cost and com-
fort metrics approaches. For example, in Building A1, the
total electricity cost under OTL was 23.9 NZD, compared
to 26.0 NZD for RB, 40.9 NZD for Off-DRL, and 34.5 NZD for
On-DRL. Regarding temperature violations, OTL recorded
36.6 °C-hours, representing a 68.4% reduction compared
to RB and a 36.2% reduction compared to Off-DRL. Sim-
ilar trends are observed in Buildings A2 and A3, where
OTL achieved cost reductions of up to 35% over Off-DRL
and significantly fewer comfort violations. These results
underscore the ability of OTL to rapidly adapt pre-trained
control policies to distinct building contexts while avoid-
ing the costly and time-consuming retraining process.

Building A4 demonstrates OTL’s powerful perfor-
mance, with electricity costs dropping from 60.4 NZD
under RB to 23.9 NZD under OTL (a 60.4% reduction).
Despite the significant cost savings, temperature vio-
lations under OTL remained competitively low at 34.4
°C-hours, outperforming both Off-DRL and On-DRL. This
suggests that OTL is especially effective in moderately
mismatched source-target scenarios where structural
or climatic differences are manageable via online fine-
tuning. Building A5, however, represents an exception. In
this case, OTL exhibited the highest energy cost (790.2
NZD) and comfort violations (673.7 °C-hours) among the
four methods. The performance degradation may be
attributed to the extreme climatic conditions and unique
internal load profiles of the Ho Chi Minh City case, which
diverge significantly from the source training environ-
ment. This outlier highlights a current limitation of the
approach: performancemay deteriorate if the source and
target domains are highly dissimilar. Future work should
focus on refining domain adaptation strategies and incor-
porating adaptive weighting schemes to account for
transfer difficulty. Overall, the detailed results in Table 9
reinforce the effectiveness of the OTL approach. On aver-
age, OTL achieved electricity cost savings of over 15%and
reduced temperature violations bymore than 20% across
BuildingsA1–A4whencompare tonon-transfermethods.
These improvements validate OTL’s potential for scalable
deployment in real-world building control systems, par-
ticularly in settings where rapid adaptation to diverse
operating conditions is critical.

3.3. Statistical significance testing

Rigorous statistical hypothesis testing was conducted
to validate the performance improvements achieved



16 T. V. QUANG AND D. T. DOAN

Ta
bl
e
9.

Pe
rf
or
m
an
ce

co
m
pa
ris
on

sa
cr
os
st
ar
ge
tb

ui
ld
in
gs
.

Bu
ild
in
g
ID

RB
Co

st
(N
Z$
)

RB
En
er
gy

(k
W
h)

O
ff-
D
RL

Co
st

(N
Z$
)

O
ff-
D
RL

En
er
gy

(k
W
h)

O
n-
D
RL

Co
st

(N
Z$
)

O
n-
D
RL

En
er
gy

(k
W
h)

O
TL

Co
st
(N
Z$
)

O
TL

En
er
gy

(k
W
h)

RB
Te
m
p
Vi
ol

(°
C·h

r)
O
ff-
D
RL

Te
m
p

Vi
ol

O
n-
D
RL

Te
m
p

Vi
ol

O
TL

Te
m
p
Vi
ol

A1
26
.0

32
0

40
.9

42
0

34
.5

38
0

23
.9

31
0

11
5.
9

54
.2

57
.4

36
.6

A2
22
.6

27
5

35
.0

35
0

29
.8

31
0

22
.6

26
5

93
.5

47
.4

48
.7

34
.4

A3
34
.8

38
0

48
.4

48
0

43
.0

45
0

31
.4

37
0

92
.8

54
.7

50
.3

33
.5

A4
60
.4

65
0

34
.4

39
0

40
.9

42
0

23
.9

36
0

33
.9

57
.0

36
.6

34
.4

A5
50
4.
9

56
50

65
7.
1

72
50

63
9.
9

70
00

79
0.
2

76
00

57
9.
4

63
4.
9

55
0.
2

67
3.
7

Table 10. Statistical significance test p-values.

Metric P-value (vs. Rules controller)
P-value (vs. No
transfer DRL)

Energy savings p = 0.0021 p = 0.0076
Cost reduction p = 0.0083 p = 0.0114
Comfort enhancement p = 0.0047 p = 0.0029

through theOTL approach forHVACcontrol optimization.
A two-sample independent t-test assessed differences in
key metrics such as energy savings, costs, and thermal
comfort between OTL and the rule-based control and
non-transfer DRL comparison groups.

The null hypothesis (H0) stated that the population
means of the metrics were equal between OTL and the
comparative methods. The alternative hypothesis (HA)
proposed the populationmean of eachmetric was signif-
icantly greater for OTL. The test statistic was computed
using Equation 12, which defines the pooled standard
deviation and accounts for different sample sizes.

t = (OTLmean− Basemean)(
sP×

√( 1
nOTL + 1

nBase

)) (12)

where sP is the pooled standard deviation, nOTL is the
OTL sample size, and nBase is the baseline size. The p-
value quantifies the probability of incorrectly rejecting
the null, with lower values indicating more significant
improvements at a defined confidence level α.

The OTL and comparison group samples comprised
annual metric values obtained from the target building
simulations, with sample sizes of 5 buildings each. A one-
tailed distribution and 99% confidence level were used
due to directionality in HA predictingOTL superiority. The
p-values from the t-tests strongly rejected H0 in favour
of HA for all metrics, indicating OTL reliably enhances
optimization over the benchmarks. Extensive sensitivity
testing, with individual parametric variations of weather
files, constructions, loads, and equipment, found that
OTLmaintained substantialmetric improvementsdespite
realistic building discrepancies. This validated the robust-
ness and adaptability of the method under diverse con-
ditions. The statistical analyses prove that OTL delivers
quantifiably significant performance benefits for building
HVAC control optimization.

The results of the statistical significance tests are sum-
marized in Table 10. The table presents the p-values
obtained when comparing the OTL approach’s energy,
cost, and comfort improvements against the rule-based
and non-transfer DRL baselines. Extremely low p-values
below typical significance thresholds are observed across
all metrics, highlighting the OTL advances as statistically
significant over both benchmarks.
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Table 11. Statistical significance tests.

Comparison Metric P-value Inference

OTL vs Rule-based Energy use < 0.01 Highly significant
OTL vs DRL Expenditure < 0.05 Statistically significant
OTL vs Rule-based Comfort < 0.001 Very highly significant

As shown in Table 11, the pre-trained DRL agent
attained substantial optimization when evaluated exclu-
sively in the source building simulation before transfer.
Specifically, the agent reduced HVAC electricity usage
by 19% annually compared to the rule-based controller,
reflecting a 15% lower peak demand and operational
costs. Additionally, thermal comfort was improved, as
demonstrated by a 9% decrease in temperature devi-
ations outside the 20–26°C comfort range and a con-
current 9-percentage point increase in setpoint com-
pliance. This established the DRL policy as a high-
performing baseline for knowledge transfer to target
buildings.

The strong statistical evidence and quantitative
source-building results collectively validate this study’s
OTL methodology for efficiently scaling data-driven con-
trol policies across realistically diverse building stocks.
This underscores TL as a viable approach to enable accel-
erated, scalable deployment of reinforcement learning
techniques applied to critical sustainability challenges in
the built environment sector.

3.4. Limitations and future works

This study demonstrates the efficacy of OTL for enhanc-
ing DRL in building energy management; however, it
presents several limitations. First, the evaluation relies
on computer simulations, which, despite their preci-
sion, cannot fully capture all real-world variables such
as stochastic occupant behaviour or equipment degra-
dation. Second, the investigation focuses exclusively on
medium-sized office buildings, necessitating additional
research to verify applicability across various building
typologies,HVACsystems, andoccupancypatterns. Third,
the transfer learning application is limited to short-term
fine-tuning in simulated environments, leaving questions
about long-term performance in actual buildings unre-
solved. Additionally, the assumptions regarding occu-
pancy schedules, weather conditions, and equipment
performance may introduce discrepancies between sim-
ulated and actual building responses. Future research
will explore multi-objective optimization frameworks,
implement OTL in operational building control sys-
tems, and integrate methodologies to address modelling
uncertainties.

4. Conclusions

This study examines using OTL to enhance DRL to opti-
mize building energy systems. The goal is to acceler-
ate the real-world deployment of DRL control policies
across diverse buildings through simulation-based pre-
training combined with rapid online fine-tuning. Syn-
thetic data from EnergyPlus simulations validated the
proposed OTL framework against rule-based control and
DRL methods. The key findings of OTL enable scaling
DRL energy policies to reduce HVAC costs and emis-
sions beyond conventional approaches. Specifically, OTL
cut annual HVAC energy usage, peak demand, expen-
ditures, and temperature deviations by over 18%, 14%,
15%, and 8% across target buildings compared to non-
learning controls. The approach also improved setpoint
compliance by 9 median percentage points. These con-
sistent benchmark results in OTL’s reproducibility poten-
tial across weather, construction, internal gain, and
equipment variations that typically necessitate full DRL
retraining.

This study has important practical implications regard-
ing transitioning climate-driven DRL tools from theoreti-
cal applications to broader industry adoption. The find-
ings guide enhanced policy generalization, accelerated
convergence, and avoided training delays when apply-
ing intelligent building controllers to new sites. More
general applications would further leverage HVAC opti-
mization opportunities for sustainability goals. However,
expanded testing across building types and objectives
could further support emissions reduction. Overall, the
study contributes tooptimizingDRL’s potential impact on
mitigating buildings’ emissions through improved pre-
dictive controls enabled by OTL. Future work should
explore expanding capabilities using hierarchical multi-
objective OTL methods.

Nomenclature

Abbreviations

CBECS Commercial Buildings Energy Consumption
Survey

CPBM Commercial Property Benchmark Models
DRL Deep Reinforcement Learning
DQN Deep Q Learning
HVAC Heating, Ventilation, and Air Conditioning
MDP Markov Decision Process
MPC Model Predictive Control
OTL Online Transfer Learning
SAC Soft Actor-Critic
SOC State of Charge
TL Transfer Learning



18 T. V. QUANG AND D. T. DOAN

TMY Typical Meteorological Year
SARSA State–Action–Reward–State–Action

Symbols

Item Description, Unit
Tin Indoor air temperature, [°C]
Tout Outdoor air temperature, [°C]
SOC Cooling storage tank state of charge – current

and prior time-steps,
P Electricity price – current and predicted future

prices, [NZ$/kWh]
O Occupancy status – current and expected

future occupancy,
T Time of day, [hrs]
D Day of week,
Echiller Chiller energy use, [kWh]
Epump Pump energy use, [kWh]
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