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Minimizing indoor pollutant exposure while conserving energy is essential for protecting human health and

the environment. Deep reinforcement learning (DRL) has emerged as a promising approach for optimizing

residential ventilation and air conditioning systems. While DRL deployment is simpler than fully physics-

driven strategies like dynamic optimization (DynOpt), its generalizability across diverse buildings and

ambient conditions remains challenging. Although researchers have studied transfer and imitation

learning techniques to address these challenges, they still require house characteristics and field

measurements to adaptively train an agent. Therefore, the large-scale deployment of DRL agents can still

be potentially challenging. This study assesses the performance of a trained DRL agent against the

DynOpt (benchmark) when transferred to houses with varying characteristics and environmental

conditions using digital twins. When varying house characteristics one at a time, the agent's performance

remained comparable to DynOpt, with particulate matter (PM) exposure and energy ratios near unity

(1.05 ± 0.03). Similarly, under simultaneous variations in house characteristics, the exposure (1.03 ± 0.07)

and energy (1.09 ± 0.06) ratios remained close to one. However, the agent's performance declines in

houses with high PM infiltration under high ambient parameters. The results indicate that the agent can

still be integrated into different houses under varying ambient conditions by restricting the infiltration of

PM, as evident by lower exposure and energy ratios in houses with lower infiltration. Moving forward,

uncertainty quantification and benchmarking of the agent's performance are critical for enhancing

confidence in predictions.
Environmental signicance

Indoor environments govern occupants' health, comfort, and disease transmission, while also consuming a signicant fraction of global energy, thereby
necessitating optimization. Simultaneously, ensuring a healthy and comfortable indoor environment for themasses requires a robust, low-cost solution that can
be deployed at scale. Therefore, it is critical to understand the capability of data-driven learning algorithms, such as reinforcement learning (RL), that could be
a potential solution. This study aims to understand the scalability challenges associated with the adoption of a deep RL agent under varying household
characteristics, different indoor pollutant emission scenarios, and diverse ambient weather conditions.
1. Introduction

The indoor environment of buildings signicantly affects
occupants' health and well-being while also impacting the
regional and global environment through energy consumption
and pollutant emissions.1–5 The health impacts arise from
various indoor pollutants originating from emission sources
such as the building itself (e.g., wood, plastics, paints),
consumer products (personal care, cleaning, cooking, equip-
ment, and office products), and human activities (metabolic,
ail: sameer.patel@iitgn.ac.in

lopment, Indian Institute of Technology

382355, India

y the Royal Society of Chemistry
microbial, and occupant activities).6–10 The interaction of the
indoor and outdoor environment also affects occupants' health
as pollutants of outdoor origin inltrate the indoor climate, and
recent studies have demonstrated that exposure to inltrated
pollutants is equal to or greater than that of pollutants of indoor
origin.11,12 Another critical challenge is the energy consumption
of buildings, which amounts to more than one-third of global
energy and has increased at an average of 1% annually over the
past decade.1 The heating, ventilation, and air conditioning
(HVAC) system accounts for ∼40% of the building's energy
consumption and ∼12% of the total energy consumption.13

Studies have demonstrated that reducing pollutant exposure
inside buildings is associated with increased energy consump-
tion of HVAC systems to ensure thermal comfort.14,15 Therefore,
a complex, interdependent relationship exists between thermal
Environ. Sci.: Adv.
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comfort and pollutant exposure in indoor environments.
Multiple studies have proposed physics-based optimization and
articial intelligence algorithms to balance the trade-off and
optimize the operation of the HVAC systems to reduce exposure
and energy consumption while ensuring thermal comfort.14,16–22

For example, Mishra et al.23 designed a deep reinforcement
learning (DRL) agent for optimizing particulate matter (PM)
exposure, energy consumption, and thermal comfort in
a house. The same study compared the performance of the DRL
agent with a dynamic optimization strategy and demonstrated
that the DRL agent performed on par with it. Similar studies
have shown the advantages of such agents over rule-based and
traditional physics-driven algorithms in controlling indoor
environments.16,24,25 Moreover, reinforcement learning (RL)
agents have the potential for wide-scale deployment owing to
many advantages over their conventional counterparts, such as
learning an optimal decision-making policy directly through
environmental interaction, requiring no knowledge of the
system's physics and building characteristics.26–28 However, the
dissemination of these agents at the community scale is limited
owing to multiple challenges, such as transferability across
buildings, non-intuitive performance, performance mismatch
between simulation and real building, and datasets needed for
training.29–32

RL agents are oen trained in virtual indoor environments/
digital twins of buildings.27,29,33,34 Since the agent's training
Fig. 1 The study framework outlines the input parameters needed for a d
agent, and evaluates the transferability of the DRL agent across different
humidity, PM: particulate matter, lDASS: indoor–outdoor air exchange ra

Environ. Sci.: Adv.
and testing are conducted offline using a digital twin, the
performance of the trained agent in an actual building is
susceptible to uncertainties and variations when deployed in
the eld.35,36 On the contrary, online training (in real buildings)
results in longer training times and discomfort for occupants
during initial training phases when the agent is still learning.37

Researchers have proposed various methods for HVAC control
to overcome these challenges, where transfer learning,31,38–41

imitation learning,34,42,43 and multi-agent reinforcement
learning44,45 are some of the recently studied alternatives. Chen
et al.41 utilized transfer learning to predict indoor air tempera-
ture and relative humidity over a time horizon ranging from 10
minutes to 2 hours in a building. The same study demonstrated
that the transferred model achieves higher accuracy in pre-
dicting indoor air temperature and RH with a mean square
error lower than that of the benchmark model trained only on
source or target data. Similarly, Deng et al.40 transferred the
behavior knowledge of an RL agent in different office buildings
to control the set temperature and clothing level. The trans-
ferred model predicted occupant behavior with a high correla-
tion (>0.8) and a mean square error of less than 1.1 °C. Further,
Liu et al.43 developed an imitation–interaction learning control
method for multi-zone ventilation systems that accelerated RL
training towards higher control performance and energy effi-
ciency. Dey et al.34 also proposed an RL-based building control
method harnessing imitation learning, which reduced the
ynamic optimization strategy and a deep reinforcement learning (DRL)
houses under varying ambient conditions. T: temperature, RH: relative
te, DVS: dedicated ventilation system.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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training time while preventing unstable early exploration
behavior and improving an accepted rule-based policy.
However, techniques such as transfer learning and imitation
learning still pose many challenges associated with their
adoption. For imitation learning, the existence of an expert is
crucial, as the agent learns the optimal policy by observing the
expert's decisions. Therefore, learning an optimal policy via
imitation learning is challenging when expert demonstrations
are limited or the system is highly dynamic and complex.
Similarly, in transfer learning, an optimal policy learned in
a building is transferred to another building aer retraining on
a smaller dataset, which further requires data collection,
monitoring, and an understanding of the target building's
characteristics. These challenges restrict the wide-scale
deployability of RL agents.

For the transferability of an RL agent, there are two key
aspects to account for: (i) changes in household characteristics
such as inner surface-to-volume ratio, thermal permeability,
and pollutant penetration rate, and (ii) variations in climatic
conditions and ambient pollutant concentration, since the
performance of an RL agent could vary under these conditions.
Therefore, for wide-scale deployment, it is imperative to eval-
uate the performance of these agents under varying climatic
conditions across buildings with differing characteristics. Fig. 1
outlines the input and output parameters of a DRL agent and
physics-based dynamic optimization strategy. Physical
modeling of the house and HVAC systems is needed for
dynamic optimization, in addition to sensor inputs (tempera-
ture, RH, and pollutant concentration). However, the trained
DRL agent does not require house characteristics and physical
models as inputs, and observations from low-cost monitors can
be fed directly to the agent to obtain control actions. Based on
this knowledge, the current study trains a DRL agent to opti-
mize PM2.5 (particles with a diameter of 2.5 microns or less;
hereaer referred to as PM) exposure, thermal comfort, and
energy consumption for a single house (the training house),
which is then transferred to different houses (test houses). The
agent transfer has been done under two conditions: (i) trans-
ferred to test houses (emulated through changing house char-
acteristics) in the same neighborhood (same ambient
conditions), and (ii) transferred to testing houses in different
geographical locations (emulated by changing ambient condi-
tions). Simulations have been performed to evaluate the
performance of the transferred DRL agent compared to that of
a dynamic optimization strategy (DynOpt) inside test houses
under the dened conditions. Subsequently, alternatives are
proposed to address the challenges associated with the trans-
ferability of the DRL agent.

Succinctly, this work contrasts with prior studies that vali-
date RL-based controllers within a xed building conguration
or climatic setting; it rigorously examines the cross-building
and cross-climate transferability of a DRL agent trained on
a single house. Rather than limiting evaluation to isolated
parametric perturbations, the current work systematically
analyzes multidimensional variations in house characteristics
and shis in ambient conditions to identify robustness
boundaries relative to a physics-based dynamic optimization
© 2026 The Author(s). Published by the Royal Society of Chemistry
benchmark. The study further quanties conjugate interaction
effects that emerge under extreme congurations, an aspect
that is underexplored in the existing literature. By doing so, this
work advances DRL-based indoor environmental control from
case-specic demonstrations toward scalable, generalizable
real-world deployment.
2. Data and methods
2.1. Framework of the study

The DRL agent is trained on a digital twin of a house, which is
validated against eld-measurement data from a test house.
The details of the experiments and the test house characteristics
are presented in previous studies8,46,47 and are briey discussed
in Section S1 of the SI. The DRL agent takes indoor and outdoor
parameters, including temperature, relative humidity (RH), PM
concentration, and HVAC energy consumption as input, and
outputs the indoor–outdoor air exchange rate (AER) in real time.
The inputs to the agent could be obtained through low-cost
monitors. Fig. 1 demonstrates the general framework for con-
structing the digital twin, and training and testing of the DRL
agent. The following sections discuss the various elements
required for the development of the DRL agent, such as house
characteristics, PM emission proles, dataset availability, and
performance evaluation of the agent under different operating
conditions.
2.2. Creation of digital twins and training data

The monitored and derived parameters from a eld study have
been fed into the aerosol dynamics and energy balance models
to create a digital twin of a house, which has been utilized for
offline training of the DRL agent. The creation of the digital
twin is discussed in detail in Section S2 of the SI and is similar
to the previous study by Mishra et al.23 Briey, the indoor PM
concentration measured during the eld investigation47 has
been used to develop a pollutant balance model, and an energy
balance is incorporated to model HVAC operation and imitate
the indoor thermal environment of the house. During the eld
campaign, the size-resolved PM distribution showed that sub-
500 nm particles accounted for the majority of PM2.5;8,14,46

therefore, although the data used in this study were obtained
from a scanning mobility particle sizer, the dened PM may be
considered as an estimate of PM2.5.

The measurements from this digital twin are fed to the DRL
agent for training. The agent takes simulated indoor parame-
ters (temperature, RH, PM concentration, and energy
consumption), measured outdoor parameters (temperature and
RH), and hourly ambient PM concentration, obtained from48 for
the test house location, downscaled to 1-minute resolution as
inputs to the DRL agent to predict the indoor–outdoor AER.
Multiple parametric combinations have been utilized to vary the
house characteristics and evaluate the performance of the
trained DRL agent when transferred to different houses.

The variations in the volume, PM deposition rate, and
thermal permeability of the tested houses are in the range of
±60% of the training house. The PM penetration factor controls
Environ. Sci.: Adv.
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the inltration rate of ambient PM into buildings and ranges
from 0 to 1, where 0 represents 100% ambient air ltration, and
1 means no ltration. The penetration is governed by multiple
factors, including house construction, cracks, gaps, openings,
and transport through the ventilation system into the building
envelope. Naturally, all houses allow penetration of a certain
fraction of ambient PM. However, transport through the venti-
lation systems can be controlled by installing an air lter in the
dedicated air supply system (DASS), which controls the indoor–
outdoor AER. In this work, the penetration factor has been
varied between 0.1 and 0.9, representing different PM inltra-
tion scenarios.

The details of the training house and transferred house
characteristics are shown in Table 1. Five cases (Case ID C1 to
Case ID C5) have been dened where the impacts of different
house characteristics on the DRL agent's performance have
been assessed by varying one characteristic at a time. In other
words, Case IDs C1–C5 were constructed as controlled univar-
iate sensitivity analyses under identical ambient conditions. For
each case, one key house characteristic (e.g., volume, PM
deposition rate, thermal permeability of the building envelope,
and PM penetration factor) was varied from its minimum to
maximum bound while keeping all other parameters xed at
baseline values. The selection of the minimum and maximum
bounds was performed heuristically. These heuristic bounds
were used to test robustness across incremental variability
rather than to identify extreme cases.
Table 1 Details of the house characteristics for training and testing of t

Purpose
Case
ID

Volume factor
(Vtesting/Vtraining)
(Vtraining = 250 m3)

PM deposition facto
(ltesting/ltraining)
(ltraining = 1.6 h−1)

Training C1 1 1
Testing C2 [0.4, 0.6, 0.8, 1.0, 1.2,

1.4, 1.6]
1

C3 1 [0.4, 0.6, 0.8, 1.0, 1.
1.4, 1.6]

C4 1 1

C5 1 1

C6_1 0.4 0.4
C6_2 0.4 0.4
C6_3 0.4 0.4
C6_4 0.4 0.4
C6_5 0.4 1.6
C6_6 0.4 1.6
C6_7 0.4 1.6
C6_8 0.4 1.6
C6_9 1.6 0.4
C6_10 1.6 0.4
C6_11 1.6 0.4
C6_12 1.6 0.4
C6_13 1.6 1.6
C6_14 1.6 1.6
C6_15 1.6 1.6
C6_16 1.6 1.6

a V: volume of a house, l: PM deposition rate, a: thermal permeability of a h
‘Testing’ and ‘training’ refer to the houses where the agent is being tested

Environ. Sci.: Adv.
For Case ID C6, 16 parametric combinations have been
simulated, with the minimum and maximum variations for
each house characteristic adopted, and each combination
assigned a House ID (C6_1 to C6_16; see Table 1). These
congurations were created to assess the conjugate (interac-
tion) effects among parameters rather than from individual
thresholds. It involved two methodological approaches: stress-
testing the DRL agent at the edges of different house charac-
teristics, and analyzing cross-factor interactions that might not
be observed under univariate perturbation. Instead of sampling
at intermediate levels of house characteristics, this case inves-
tigates the extreme envelope of joint house characteristics,
where generalization limits can be tested. It is acknowledged
that these different combinations may not describe all existing
house characteristics in a community. Nevertheless, they
provide critical insights into assessing the transferability of the
DRL agent for indoor PM control and energy optimization.
2.3. Deep reinforcement learning (DRL) agent

The DRL agent trained in this work is a deep Q-network (DQN)
that controls the indoor–outdoor AER while interacting with the
environment and is identical to the agent proposed by Mishra
et al.23 The agent aims to optimize the PM exposure and energy
consumption in an indoor environment while ensuring the
thermal comfort of occupants. It learns to make optimal deci-
sions through an iterative interaction with the environment
he deep reinforcement learning agenta

r Thermal permeability
factor (atesting/atraining)
(atraining = 0.068 kJ s−1 C−1)

PM penetration
factor (pDASS)

1 0.5
1 0.5

2, 1 0.5

[0.4, 0.6, 0.8, 1.0, 1.2,
1.4, 1.6]

0.5

1 [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9]

0.4 0.1
0.4 0.9
1.6 0.1
1.6 0.9
0.4 0.1
0.4 0.9
1.6 0.1
1.6 0.9
0.4 0.1
0.4 0.9
1.6 0.1
1.6 0.9
0.4 0.1
0.4 0.9
1.6 0.1
1.6 0.9

ouse, pDASS: PM penetration factor of dedicated air supply system (DASS).
and trained.

© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5va00438a


Paper Environmental Science: Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

8 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 4

/8
/2

02
6 

8:
29

:5
9 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
during offline training. The DRL agent consists of three
components: the state (st), the action (at), and the reward (rt),
and it observes the state st in real time, takes action at based on
a policy determined using a value function that changes the
state to st+1, and in return receives a reward rt (dened in
eqn (1)).

rt = −W1E − W2(max(0, C − Cmax))
a (1)

The rst term in eqn (1) corresponds to energy consumption,
and the second is a proxy for exposure. W1 and W2 are the user-
assigned weightage to energy (E) and exposure terms. Cmax is
the threshold PM concentration whose exceedances are penal-
ized, and a represents the order of penalty when the indoor PM
concentration (C) exceeds Cmax. For all simulations and evalu-
ation purposes,W1 is 1,W2 is 10, a is 2, and Cmax is 10 mg m

−3. A
detailed discussion on the selection of W1, W2, and a is pre-
sented in Mishra et al.,14 and discussed briey in Section S4 of
the SI.

The decision-making ability of the agent to take action is
termed policy, denoted by pt(stjat), and the rewards of an action
at a given state are determined using the values function (Qp (s,
a)), as shown in eqn (2).49

Qpðs; aÞ ¼ E

�
rþ gmax

a
0
Qpðs; aÞ

�
;cs3S;ca3A (2)

where E[ ] is the expectation of the expression inside the bracket
under a given policy pt (stjat), S is the possible set of state space,
and A is the feasible set of actions. The reward received by the
agent depends on the evaluation of the action. Aer accounting
for future rewards through a discount factor g, the policy is
updated to maximize the total reward, Rt, as expressed in
eqn (3).

Rt ¼ rt þ grtþ1 þ g2 rtþ2 þ. ¼
XN
k¼t

gk�trk (3)

During training, the agent comprises of two fully connected
neural networks-(a) behavior network, with weights wb, and (b)
target network, with weights wt. The behavior network makes the
decision and communicates with the environment, and the target
network is used to update the behavior network.49–51 A replay buffer
is dened to store the agent's experience while interacting with the
environment, which allows self-learning through past experi-
ences.49,51 A random batch sampling performed over the experi-
ences stored in the replay buffer ensures learning from past
mistakes, avoids overtting, and eliminates the correlation
between the input data in each batch.52,53 The state, st, stores
various indoor and outdoor parameters and serves as input to the
behavior network at each time step (as shown in Eq. (4)).

st = [Cout(t), Tout(t), RHout(t), Cin(t), Tin(t), RHin(t),

lDASS(t), E(t)] (4)

where C is PM2.5 concentration, T is air temperature, RH is
relative humidity, lDASS is air changes per hour (ACH), E is the
total energy consumption of HVAC and DASS combined, and
© 2026 The Author(s). Published by the Royal Society of Chemistry
the subscripts out and in mean outdoor and indoor,
respectively.

The agent takes action, at, through the behavior network
ðQbðst; a*t ÞÞ and the epsilon-greedy strategy. The epsilon-greedy
policy refers to taking the action corresponding to the
maximum value of Qbðst; a*t Þ with a probability of epsilon (3) and
at random with a probability of 1 − 3. The action space, A,
consists of the indoor–outdoor AER (lDASS), a step function
ranging from 0.5 ACH to 10 ACH at a step size of 0.1 ACH,
meaning a total of 96 actions are possible. The state, st, the
action, at, the reward, rt, and the next state, st+1, are stored in the
replay buffer, and a batch of samples (st, at, rt, st+1) is randomly
selected to update the behavior network. The behavior network
takes (sk, ak) as input and outputs Qb(sk, ak), while the target
network takes (rk, ak+1) as input to give an output of maximum
Qtðskþ1; a*kþ1Þ. The behavior network is then updated based on
the loss function, Lk, estimated as shown in eqn (5).49 The
parameters of the target network are updated every m timesteps
by replacing them with the behavior network. This update
frequency,m, is a trainable parameter whose selection has been
discussed later.

Lk ¼
�
rk þ gmaxQt

�
skþ1; a

*
kþ1

��Qbðsk; akÞ
�

2 (5)

The agent aims to learn the policy that maximizes the total
reward, where the reward function consists of energy and
exposure terms, and the indoor set temperature is kept at 25 °C
at all times to ensure the thermal comfort of the occupants.
2.4. Physics-based dynamic optimization strategy (DynOpt)

A fully physics-driven dynamic optimization (DynOpt) strategy
has been used as a benchmark to evaluate the performance of
the DRL agent when transferred to houses with characteristics
different from those of the digital twin used for training. The
DynOpt relies on the knowledge of the physics of the house,
dened using aerosol dynamics, house characteristics, and
HVAC modeling. On the other hand, the DRL agent is a data-
driven model trained on observed parameters within a digital
twin of the house and does not require any household charac-
teristics or knowledge of aerosol physics or HVAC models.
Hence, the trained DRL agent faces limited challenges in terms
of deployability. However, benchmarking the performance of
the DRL agent is needed to increase condence in its adoption
and transfer across different houses. Therefore, a comparative
performance assessment of the trained DRL agent with DynOpt
has been conducted.

The DynOpt strategy has been formulated using a cost
function dened in eqn (6), with the indoor–outdoor AER and
physics-based knowledge of the indoor environment dynamics
as constraints. The cost function in eqn (6) is identical to the
reward (shown in eqn (1)) and is a weighted combination of two
terms: the rst term corresponds to energy consumption, and
the second is a measure of pollutant exposure.

Minimize
Environ. Sci.: Adv.
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obj = W1E + W2(max(0, C − Cmax))
a subjected to lmin

# lDASS # lmax (6)

where lmin (0.5 h−1) and lmax (10 h−1) are the lower and upper
bounds of the indoor–outdoor AER. Various terms of the cost
function have been discussed previously in Section 2.3 while
dening the reward function. The above-formulated optimiza-
tion problem aims to achieve optimal operation of DASS that
concurrently reduces exposure and energy consumption while
ensuring thermal comfort inside the house. A detailed discus-
sion of DynOpt, including different parameters of the cost
function, is provided by Mishra et al.14
3. Results and discussion
3.1 Agent training and hyperparameter tuning

The DRL agent is trained using a digital twin of the house, and
the trained agent is similar to that proposed by Mishra et al.23

The augmented dataset, synthesized from monitored and
derived parameters from six experimental days of the eld
study, has been used for training. The agent training is per-
formed over 1500 episodes, with a grid search over all possible
hyperparameter combinations (Table 2), including learning
rate, batch size, and the number of hidden layers and nodes, to
obtain the optimal model parameters. Based on the perfor-
mance of the DRL agent, the hyperparameters with the highest
total reward across all combinations and episodes have been
adopted for all subsequent simulations in this study.

The state space (st) serves as the input layer, and the action
space (at) serves as the output layer, with a learning rate of
0.001, batch size of 512, and target network update frequency of
200 timesteps. The selected network architecture of the DRL
agent is a fully connected newyrok with dimensions st × 128 ×

256 × 128 × at. The replay memory is set to store 20 000 to allow
the agent to learn from past experiences.

The subsequent section rst demonstrates the agent's perfor-
mance in houses with different characteristics (volume, deposition
rate, penetration factor, and thermal permeability as outlined in
Table 1) for moderate variations in ambient temperature (25 °C to
33 °C), RH (40% to 73%), and PM (<20 mg m−3) similar to that in
the training dataset. Then, the performance of the agent is
assessed across varying house characteristics with higher varia-
tions in ambient temperature (28 °C to 44 °C), RH (40% to 80%),
Table 2 Values of different hyperparameters tested for their tuning. The
(Table adapted from Mishra et al.23)

Hyperparameters

Hidden layers and nodes
Learning rate
Discount factor (g)a

Batch size
3sart, 3min, 3decay

a

Target network update frequency (m)
Replay memory sizea

a Fixed values were taken for these parameters.
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and PM (up to 110 mg m−3). The indoor PM emission periods for
three days with low and high emission activities have been adop-
ted and kept the same for all houses because the emission rate for
the same type of activity is independent of house characteristics.
3.2 Variability in agent's performance with house
characteristics

The trained agent's performance, quantied in terms of exposure
and energy consumption, is compared to DynOpt. Under all
emission and control scenarios, the DASS maintains a minimum
indoor–outdoor AER of 0.5 h−1, and the air conditioning unit
operates to maintain an indoor temperature of 25 °C. Moreover,
the same ambient conditions were used for simulations across all
houses, with outdoor temperatures ranging from 25 °C to 33 °C,
RH from 40% to 73%, and PM up to 18 mg m−3.

Cumulative exposure (Exp) and energy consumption (Enr)

ratios

 
ExpDRL

ExpDynOpt
and

EnrDRL
EnrDynOpt

!
between the two control

strategies (DRL agent and DynOpt) for the same house have
been used to assess the performance of the DRL agent. A ratio of
one for any parameter (exposure or energy) indicates equal
values of that parameter in both control scenarios, and lower
ratios indicate lower exposure and energy consumption for the
DRL agent than DynOpt, indicating comparable or better
performance of DRL. Fig. 2 shows the effect of variations in the
house characteristics (A: volume, B: thermal permeability, C:
penetration factor, and D: deposition rate) on the performance
of the DRL agent.

The exposure and energy ratios (Fig. 2A–D) demonstrate that
the differences between the two control strategies are minimal
as the ratios range between 1.00 and 1.09, except for a few
outliers. Both exposure and energy ratios remain in the range of
1.05 ± 0.03, indicating that the total exposure and energy, on
average, are just 5% more for the DRL agent-based control than
the DynOpt control. The largest difference of 14% in energy and
exposure is observed for the house with the largest volume. This
could be due to minor deviations in the indoor–outdoor AER,
leading to a considerably increased cooling demand. However,
the overall trend indicates that personal exposure and energy
consumption are comparable across the two control strategies,
regardless of changes in house characteristics. These ndings
suggest that the performance of the DRL agent is relatively
values shown in bold font type are selected for all further simulations.

Values

{128, 256, 128}, {128, 256, 128, 64}, {128, 256, 256, 128, 64}
0.001, 0.01
0.99
512, 1024
1.0, 0.01, 0.99
100, 200 timesteps
20 000
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Fig. 2 Variations in ratios of cumulative exposure and energy consumption between DRL agent and DynOpt for changes in (A) volume, (B)
thermal permeability, (C) PM penetration factor, and (D) deposition rate of the house. V: volume of a house, Alpha: thermal permeability of
a house, DR: PM deposition rate in a house, test: testing house, train: training where the agent is trained.
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independent of house characteristics under similar climatic
conditions. Therefore, a DRL agent trained for a particular
house can be deployed to other houses with little to no decline
in performance.

The above discussion pertains to cases in which house
characteristics were modied one at a time. The results indicate
that, within realistic single-parameter perturbations, the
trained DRL agent remains stable and near-optimal, and no
distinct “turning point” for any individual parameter can be
identied across C1–C5. Since isolated parameter variation did
not produce signicant degradation, it was hypothesized that
performance limitation, if present, would emerge from conju-
gate (interaction) effects among parameters rather than from
individual thresholds. Moreover, in the real world, multiple
house characteristics are likely to change simultaneously.
Therefore, C6 was designed to evaluate combinations at the
minimum and maximum bounds of all four house character-
istics, yielding a total of 16 combinations (C6_1 to C6_16;
Table 1). Table 3 shows the ratios of exposure and energy for the
DRL agent and DynOpt in these 16 houses.

In the cases where the house characteristics vary between
two extremes, the exposure ratios remain within 0.92 and 1.07
for all houses, except for two cases (C6_14 and C6_16). Overall,
the average ratios for exposure are slightly greater than one
(1.03 ± 0.07), while a comparatively higher value (1.09 ± 0.06) is
observed for the total energy ratios. Based on the observed
standard deviation (0.07), the exposure ratios (1.19) for the two
houses, C6_14 and C6_16, lie outside the central cluster of
values and clearly separate them from the remaining distribu-
tion. Therefore, these cases are treated as outliers and share
three extreme characteristics: maximum house volume,
maximum deposition rate, and maximum penetration factor.
These represent the corner of the multidimensional house
parameter space where inltration is maximized due to a high
© 2026 The Author(s). Published by the Royal Society of Chemistry
penetration factor, dilution effect due to high volume, and
altered removal dynamics at high deposition. The simultaneous
presence of these three maxima creates a compounded condi-
tion that is not encountered in single-parameter variations (C1–
C5). Therefore, their deviation reects a conjugate interaction
effect rather than isolated parameter sensitivity. The energy
consumption ratios also demonstrated similar variations (1.00
to 1.20), again demonstrating a compounded effect of multiple
house characteristics.

To further analyse this compound effect, a multivariate
regression analysis is performed, linking variations in exposure
ratios to changes in house characteristics. Fig. 3 shows the
exposure-energy ratio behaviour obtained from the multivariate
analysis. The exposure ratio demonstrates a strong linear
association (R2 = 0.90) with changes in house characteristics.
The individual coefficients for changes in volume (0.074),
penetration factor (0.080), and deposition rate (0.070) are
comparable, indicating that no single driver dominates and
that the agent's performance depends on multiple house
characteristics. Simultaneously, changes in the thermal
permeability have the least impact on the exposure, with an
individual coefficient of 0.001. These observations suggest that
the exposure ratio exhibits a stable, well-dened linear depen-
dence on the selected independent variables, with a distributed
multi-factor inuence. On the other hand, for energy perfor-
mance, multivariate regression only explains a part of the
variability. This indicates that the energy dynamics involve
more complex non-linear interaction and control trade-offs.

In brief, the indoor dynamics of PM and the thermal envi-
ronment are governed by the synergistic effects of various house
parameters, and it is challenging to attribute the observations
to a specic characteristic. These results indicate that the DRL
agent, when transferred to different houses under similar
ambient conditions to those of the training house, performs
Environ. Sci.: Adv.
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Table 3 Ratios of both total exposure and energy consumption corresponding to DRL and DynOpt for different combinations of extreme values
(maximum and minimum) of house characteristics. Minimum and maximum values of house characteristics are shaded in green and red,
respectivelya

a V: Volume of a house, l: PM deposition rate, a: thermal permeability of a house, pDASS: PM penetration factor of dedicated air supply system
(DASS). ‘Testing’ and ‘training’ refer to the houses where the agent is being tested and trained.
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comparably to a fully physics-driven strategy (DynOpt), with
some outliers in extreme cases. Therefore, the proposed DRL
agent can be transferred to different houses under the same
climatic conditions aer sufficient training. The next challenge
in transferring the DRL agent for indoor environment control is
ascertaining its performance under varying ambient conditions
Environ. Sci.: Adv.
that differ from those during training, and the subsequent
section discusses the same.

3.3 Variability in agent's performance under high ambient
conditions

The ambient temperature and RH observed during the eld
investigation for the three experimental days analyzed in this
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Multivariate regression of exposure and energy ratios with changes in house characteristics.
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study ranged between 26–33 °C and 40–73%, respectively. The
ambient PM concentration (mg m−3) variations during the three
experimental days were 7.6 ± 3.0, with a maximum of 18.5 mg
m−3. However, to evaluate the adaptability of the DRL agent, it
is critical to assess the agent's performance across houses under
varying ambient conditions. Ambient conditions at various
geographical locations are simulated by modifying the ambient
temperature, RH, and PM concentration proles, with the
upper and lower bounds of these parameters adjusted to
simulate greater variation. These wide ranges of ambient
parameters are considered a proxy of weather conditions at
different locations. The maximum and minimum values of
adjusted temperature, RH, and PM concentration, along with
their respective variations, are 44 °C and 28 °C (34 ± 4), 80%
and 40% (63± 10), and 110 mg m−3 and 18 mg m−3 (55.5± 14.9),
respectively. While these variations might not represent all
ambient conditions, the framework and ndings of this study
could help understand the transferability and scalability
potential of DRL agents for real-world integration.

In addition to the initially trained DRL agent in the training
house (C1 in Table 1), three more DRL agents are trained in the
same house under varying ambient conditions. These four
agents are referred to as DRLOriginal, the original agent trained
under normal ambient conditions; DRLExtTempRH, an agent
trained under higher variations in ambient temperature and
RH; DRLExtPMTempRH, an agent trained under wider ranges of
ambient PM, temperature, and RH; and DRLExtPM, an agent
© 2026 The Author(s). Published by the Royal Society of Chemistry
trained under wider ranges of ambient PM concentration. The
ratios of exposure and energy, dened in Section 3.2, have been
estimated for these agents under four ambient conditions
(original ambient conditions, high ambient PM, high ambient
temperature, and RH, and high ambient PM, temperature, and
RH) in 17 houses (C1 and C6_1 to C6_16 from Table 1). Fig. 4
demonstrates these ratios for all DRL agents under high
ambient conditions.

In Fig. 4, exposure and energy ratios of one signify equal
exposure and energy consumption for the DRL agent and the
DynOpt. Since both ratios are depicted on the same vertical axis,
the composite bar is dened as the sum of exposure and energy
ratios for any DRL agent. This bar should remain within the
limits marked by dashed lines (shown in Fig. 4). Exceedances of
these limits indicate a higher value of exposure or energy for the
DRL agent relative to the DynOpt. The upward or downward
shiing of the composite bar demonstrates the trade-off
between exposure reduction and energy penalty.

Under normal ambient conditions (Fig. 4A), all agents
(DRLOriginal, DRLExtTempRH, DRLExtPMTempRH, DRLExtPM) demon-
strate similar levels of exposure and energy compared to
DynOpt, barring a few houses with high PM penetration factors
(pDASS = 0.9). For DRLOriginal, the exposure and energy ratios
vary in the range of 1.03 ± 0.07 and 1.09 ± 0.05, respectively
(Fig. 4A). At the same time, DRLExtPM has the highest exposure
compared to DynOpt, with the corresponding ratios in the range
of 1.26 ± 0.04, and DRLExtTempRH has the maximum energy
Environ. Sci.: Adv.
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Fig. 4 Ratios of cumulative exposure (above x-axis) and energy consumption (below x-axis) for DRL agents for 17 combinations of house
characteristics (C1 and C6_1 to C6_16) under (A) original ambient conditions, (B) high ambient PM, (C) high ambient temperature and RH, and (D)
high ambient PM, temperature, and RH. pDASS: PM penetration factor.
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ratios (1.29± 0.17) under the normal ambient conditions. Apart
from these two notable deviations, the exposure and energy
ratios are comparable for other DRL agents in different houses.
However, a slight dri of the composite bar in the upward or
downward direction exists, representing the inherent trade-off
between exposure reduction and energy consumption while
ensuring thermal comfort in houses. These variations in energy
and exposure ratios for DRL agents with different household
characteristics demonstrate that DRLOriginal can perform
reasonably well across a wide range of values of household
characteristics. These ndings indicate that well-trained DRL
agents can be deployed in the eld without training for each
house.

Under varying ambient conditions (Fig. 4B–D), results can be
categorized into two groups based on the PM penetration factor
(pDASS). The le and right halves of the plots show results for
houses with PM penetration factors of 0.1 (low inltration) and
0.9 (high inltration), respectively. The other house character-
istics for odd-numbered and their immediate next even-
numbered houses are the same. For example, houses C6_1
and C6_2 have the same characteristics (volume, deposition
rate, and thermal permeability) except for the pDASS of 0.1 and
0.9, respectively. The original house, C1, is shown at the center
and has a pDASS of 0.5.

Under different congurations of high ambient conditions
(temperature, RH, and PM), the exposure and energy ratios for all
DRL agents are signicantly lower in the houses with a lower PM
penetration factor (pDASS = 0.1). The average exposure ratios for
Environ. Sci.: Adv.
pDASS of 0.1 are 1.23 ± 0.13, while the same ratio varies in the
range of 1.57± 0.41 for houses with high PM inltration (pDASS=
0.9). Energy ratios also demonstrate similar trends, wherein for
pDASS of 0.1, the average energy ratios are 1.06 ± 0.15, and for
pDASS of 0.9, the variations are in the range of 1.95 ± 0.71.
Looking explicitly at the performance of DRLOriginal, the average
ratios of exposure and energy ratios for low-inltration houses
are 1.14 ± 0.11 and 1.10 ± 0.14, respectively, i.e., lower than the
average exposure ratio (1.23) and higher than the average energy
ratio (1.06) for all agents. Also, a clear differentiation can bemade
between the houses with low and high PM inltration in terms of
energy and exposure ratios for DRLOriginal. This distinct differ-
ence between exposure and energy ratios between low and high
PM inltration houses demonstrates an exacerbated decline in
the DRL agents' performance due to the high inltration of
ambient PM. Therefore, transferring DRLOriginal to houses with
high PM inltration may result in suboptimal control. However,
the agent performed well in houses with low PM inltration rates
under varying ambient conditions. Variability in agents' perfor-
mance in houses with high PM inltration may arise from uc-
tuations in the predicted indoor–outdoor AER. For example,
increased indoor–outdoor AERs have a lesser impact on exposure
and energy consumption in houses with lower PM inltration.

From the preceding discussion in Sections 3.2 and 3.3, the
following critical observations can be made on the at-scale
deployability potential of a DRL agent trained with a limited
range of household characteristics:
© 2026 The Author(s). Published by the Royal Society of Chemistry
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(1) The performance of DRLOriginal, when transferred to
houses with different characteristics under normal ambient
conditions, is reasonably comparable to DynOpt, indicating
that a sufficiently trained DRL agent can be transferred to other
houses for optimal indoor environment control under normal
ambient conditions.

(2) Under varying ambient conditions (shown in Fig. 4B–D),
a proxy for different geographical locations, DRLOriginal
performs better in houses with lower PM inltration. The
performance differences in houses with low and high inltra-
tion demonstrate high variability under varying ambient
conditions, highlighting the challenges associated with wide-
scale deployability.

(3) The PM inltration in a house depends on the ventilation
mechanism. When the house is positively pressurized, the
inow of ambient air occurs via the DASS, and inltration of
ambient PM can be reduced by installing an air lter in the
DASS. In this scenario, DRLOriginal can still be deployed, as
demonstrated by its performance in houses with low inltra-
tion. However, when the house is negatively pressurized,
ambient air enters through cracks and openings, making it
difficult to restrict the inltration of pollutants. Therefore, in
leaky houses (with more cracks and openings), it may be chal-
lenging to integrate the trained DRL agent.

4. Conclusion

In this work, a deep reinforcement learning agent trained on
a single house is transferred to different houses with varying
characteristics under both normal and high ambient conditions to
gauge the scalability and transferability of such agents for opti-
mizing pollutant exposure and energy consumption. The agent
controls indoor environment dynamics by changing the indoor–
outdoor AER through DASS. The transferability of any agent is
primarily governed by two factors: house characteristics and
ambient conditions. Therefore, this study evaluates the perfor-
mance of the trained DRL agent under multiple combinations of
house characteristics and ambient conditions. Firstly, the agent's
performance variability across house characteristics is assessed in
digital twins of multiple houses with varying volumes, thermal
permeabilities, deposition rates, and PM penetration factors.
Thereaer, the agent's performance is evaluated during high
ambient conditions (temperature, RH, and PM concentration).

The study results demonstrate that the trained agent (DRLOriginal)
can be transferred to houses with varying characteristics under
normal ambient conditions. The ratios of exposure (1.05 ± 0.03)
and energy (1.05 ± 0.03) between the DRL agent and the dynamic
optimization remain close to one, indicating acceptable perfor-
mance. Under different ambient conditions, the original agent's
performance is sub-optimal compared to the dynamic optimization
control for houses with high PM inltration. In contrast, for low PM
inltration, the agent performs comparably to the dynamic opti-
mization strategy, with exposure and energy ratios of 1.14 ± 0.11
and 1.10 ± 0.14, respectively. These trends suggest that PM pene-
tration affects the agent's performance at locations with different
ambient conditions from the original locations. Therefore, manual
intervention is needed in houses that allow high PM penetration,
© 2026 The Author(s). Published by the Royal Society of Chemistry
such as installing an airlter in the indoor–outdoor ventilation unit,
enabling the transfer of the original DRL agent to other houses
under high ambient conditions.

While this study shows the potential of DRL and similar
agents to be transferred to different houses with minor or no
additional intervention and training, the real-world integration
and performance evaluation of these agents is imperative to
assess the challenges associated with eld deployment. More-
over, exposure in houses varies spatially, so the assumption of
a well-mixed indoor air does not remain valid in all condi-
tions.54,55 Therefore, multi-agent control systems are needed to
reduce personal exposure levels, considering the multi-zonal
representation of a house. Furthermore, the performance of
the reinforcement learning agents needs to be assessed under
ambient conditions throughout the year to develop a solution
suitable for all weather conditions. Simultaneously, uncertainty
quantication and extensive benchmarking of their perfor-
mance are critical for enhancing condence in the agents'
predictions. Moving forward, a collaborative effort from multi-
disciplinary stakeholders is necessary to integrate these agents
to improve health and safety in buildings. Advances in control
algorithms, wide-scale eld deployment, and performance
benchmarking of these agents could promote their adoption at
the community scale.
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