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Abstract

Personalised thermal comfort is essential for occupant wellbeing and for the development of more
responsive building-control strategies, yet conventional Heating, Ventilation, and Air Conditioning
(HVAC) systems rely on static setpoints and population-level comfort models that fail to capture
individual physiological variability. This paper presents a two-stage personalised thermal comfort ap-
proach integrating multimodal physiological and environmental sensing with reinforcement learning-
based decision-making. In Stage 1, participant-specific Comfort Oracles are developed using ensemble
learning models trained on wearable physiological signals, including heart rate, wrist and ankle skin
temperature and body-proximity temperature, combined with environmental sensing. The oracles
estimate the probability that an occupant prefers a cooler environment, no temperature change, or a
warmer environment, thereby representing both the predicted preference and the model’s confidence.
In Stage 2, the personalised oracles are embedded within three Reinforcement Learning (RL)
controllers - Contextual Bandits (CB), Q-Learning (QL) and Deep Q-Network (DQN) to recommend
equivalent environmental-temperature interventions that maximise predicted comfort while penalising
unnecessary or unstable actions. Experiments conducted using a publicly available dataset show
that personalised comfort prediction performs consistently across participants, with environmental
descriptors providing complementary improvements over physiological features alone. Within the
proxy control environment, the Comfort Oracles support distinct occupant-specific intervention
policies: CB achieves the highest predicted comfort and mean reward, QL provides the highest reward
and comfort per unit of proxy intervention, and DQN provides greater action flexibility but increased
intervention variability. These results demonstrate the feasibility of combining personalised comfort
inference with reinforcement learning for adaptive thermal intervention-policy generation and provide
a foundation for future integration with physically validated occupant-centric HVAC systems.

1. Introduction
Thermal comfort is a critical determinant of wellbeing,

productivity and satisfaction in residential and workplace
environments. Suboptimal thermal conditions have been
linked to reduced cognitive performance, impaired sleep
quality and increased occupant complaints [1, 2]. Despite
its significance, most HVAC systems still rely on static set-
points, rule-based schedules or population-average comfort
models including PMV/PPD [3]. These approaches assume
homogeneity in thermal responses, yet decades of empirical
evidence show substantial inter-individual variability driven
by physiology, behavioural adaptation, clothing, metabolic
rate and environmental history [4–6]. As a result, conven-
tional HVAC control often fails to deliver personalised com-
fort, leading to energy waste and frequent manual thermostat
overrides.
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Recent advances in wearable sensing and ubiquitous
environmental monitoring have enabled continuous mea-
surement of physiological signals such as heart rate, skin
temperature and activity level, combined with environmen-
tal variables including outdoor temperature, humidity, wind
speed and solar radiation. These multimodal data streams
provide a rich foundation for personalised thermal comfort
modelling. Machine learning approaches, including ensem-
ble methods - Random Forest (RF), Gradient Boosting (GB)
and Extra Trees (ET), have demonstrated strong predictive
performance with sensor data, achieving accuracies between
0.65 and 0.85 across diverse occupants [7–9]. Furthermore,
personalised models consistently outperform population-
level comfort predictors, confirming that thermal preference
is highly individualised and cannot be reliably inferred from
aggregate behavioural patterns [10].

However, prediction alone is insufficient for intelligent
comfort management. A classifier may estimate whether an
occupant prefers cooler, warmer or unchanged conditions,
but an additional decision-making mechanism is required
to translate that estimate into a candidate thermal inter-
vention. This gap has motivated growing interest in RL
for building control. Our earlier work demonstrated the
feasibility of using physiological responses and individual
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thermal preferences to automatically determine consensus
temperature set-points for shared environments. However,
that approach relied on predefined control logic rather
than adaptive sequential decision-making. The present work
extends this direction by integrating personalised comfort
prediction with reinforcement learning to generate adaptive
intervention policies [11]. RL offers an approach for se-
quential decision-making under uncertainty and has demon-
strated improved energy efficiency and comfort maintenance
compared to rule-based and PID controllers [12–14]. Deep
RL approaches including DQN [15] and actor-critic methods
[16] have shown promise in learning complex building-
control policies from high-dimensional state representa-
tions. Yet most RL-based thermal comfort studies rely on
population-level comfort models, simplified thermal sen-
sation labels or simulated building environments, limiting
their ability to adapt to individual occupants. Furthermore,
existing RL controllers typically assume access to indoor
air temperature or HVAC setpoint data, information not
available in many wearable-sensor datasets.

To address these limitations, this paper proposes a two-
stage personalised thermal comfort architecture that inte-
grates occupant-specific thermal preference prediction with
RL-based intervention-policy generation. Stage 1 develops a
personalised Comfort Oracle for each participant using phys-
iological and environmental sensing. The oracle outputs a
probability distribution over three thermal preference states -
cooler, no change and warmer providing a continuous repre-
sentation of comfort confidence. Stage 2 embeds this oracle
within RL controllers - CB, QL and DQN to recommend
an equivalent environmental-temperature intervention de-
signed to maximise predicted comfort while penalising un-
necessary or unstable actions. In this study, these actions are
evaluated as proxy control signals representing the direction
and relative magnitude of prospective thermal intervention
rather than direct thermostat commands. The architecture
therefore extends thermal comfort modelling from passive
prediction to adaptive, occupant-centred intervention-policy
evaluation, aligning with emerging trends in personalised
intelligent environments [7, 17].

The contributions of this paper are fourfold:

1. A personalised thermal comfort modelling pipeline
that integrates multimodal physiological and environ-
mental sensing with ensemble learning to construct
participant-specific probabilistic Comfort Oracles ca-
pable of representing inter-individual thermal prefer-
ence variability.

2. An RL formulation for personalised thermal interven-
tion recommendation that embeds probabilistic Com-
fort Oracle outputs directly within the controller state,
enabling RL policies to optimise comfort confidence
rather than relying solely on discrete preference labels.

3. A closed-loop proxy evaluation environment that en-
ables equivalent environmental-temperature interven-
tion policies to be trained and compared in the absence
of measured indoor temperature, thermostat setpoints,
actuator states and HVAC power-consumption data.

4. A comparative evaluation of CB, QL and DQN across
multiple personalised oracle feature representations,
providing evidence on predicted comfort, cumulative
reward, proxy HVAC Δ𝑇 , intervention efficiency, ac-
tion switching and agreement with recorded thermal
preferences.

The structure of this paper is as follows. Related work is
reviewed and analysed in Section 2. The proposed person-
alised thermal comfort architecture is introduced in Sec-
tion 3. The experimental methodology and results are pre-
sented in Section 5. Finally, conclusions and directions for
future work are provided in Section 6.

2. Related Work
This section reviews the literature underpinning the pro-

posed two-stage approach. It first considers conventional
and personalised thermal comfort modelling, followed by
machine learning approaches that use physiological and
environmental sensing to predict individual thermal prefer-
ences. It then examines reinforcement learning for intelligent
thermal and HVAC decision-making, before identifying the
unresolved gap between personalised comfort prediction and
sequential intervention-policy generation.

2.1. Thermal Comfort Modelling
Thermal comfort research has historically relied on

population-level models including PMV/PPD [3], which
assume steady-state conditions, fixed metabolic rates and
uniform environments. Although widely adopted in building
standards, PMV has been repeatedly shown to mispre-
dict comfort in real-world settings due to its inability to
capture behavioural adaptation, transient conditions and
inter-individual variability [4, 18]. Adaptive comfort models
introduced contextual adaptation based on outdoor temper-
ature, yet still operate at the population level and do not
incorporate physiological signals [5].

Recent advances have shown that thermal comfort is
highly individualised, shaped by physiology, acclimatisa-
tion, clothing, activity level and behavioural patterns [6,
19, 20]. Wearable sensing technologies now enable contin-
uous measurement of skin temperature, heart rate, activity
and peripheral thermal states, providing richer data streams
for personalised comfort inference [7, 8]. Work published
between 2020 and 2025 has expanded this direction, con-
sistently demonstrating that personalised comfort models
outperform PMV by margins exceeding 30–50% in accuracy
[19, 21, 22]. These findings highlight a clear shift toward
occupant-centric comfort modelling, in which physiological
and behavioural signals form the foundation for accurate,
adaptive thermal-preference prediction.

2.2. Machine Learning for Personalised Thermal
Comfort Prediction

Machine learning has become the dominant approach for
personalised thermal comfort prediction, specifically when
applied to multimodal physiological and environmental data.
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Ensemble learning methods RF, GB and ET have demon-
strated strong predictive performance on wearable datasets,
achieving accuracies between 0.65 and 0.85 across diverse
occupants [7, 8]. These models remain competitive in recent
studies due to their robustness on tabular sensor data [19,
23].

Deep learning approaches have also gained traction.
Convolutional and recurrent neural networks have been
used to capture temporal dynamics in physiological signals
[22, 24], while transformer-based architectures have recently
been explored for modelling long-range thermal preference
dependencies [25]. Hybrid models that combine physiologi-
cal sensing with behavioural data [21, 26] have demonstrated
improved generalisation, particularly in residential environ-
ments. A notable trend in recent literature (2020–2025)
is the shift from discrete thermal sensation labels toward
probabilistic comfort representations. Studies including [27]
and [24] show that probability-based comfort outputs pro-
vide richer feedback for downstream control tasks, enabling
more stable and interpretable decision-making. However,
most machine learning studies focus exclusively on pre-
diction rather than control, leaving a clear gap in integrat-
ing personalised comfort inference with real-time HVAC
decision-making.

2.3. Intelligent Thermal Control and
Reinforcement Learning

Intelligent HVAC control has been widely explored us-
ing optimisation, model predictive control (MPC), and RL.
MPC approaches have demonstrated strong performance in
energy-efficient building control [28–30], but require ac-
curate thermal models and often struggle with occupant
variability. RL offers a model-free alternative capable of
learning optimal control policies directly from interaction
data. Earlier work has also explored physiologically con-
trolled HVAC systems in which individual thermal pref-
erences and physiological measurements were combined
to determine consensus temperature set-points for shared
environments. While these approaches demonstrated the
feasibility of occupant-centric control, they relied on prede-
fined control algorithms rather than adaptive reinforcement
learning policies [11].

Recent RL-HVAC studies have applied DQN, Soft Ac-
tor–Critic (SAC), Proximal Policy Optimisation (PPO) and
multi-agent RL to building control [31–34]. These ap-
proaches demonstrate improved energy efficiency and com-
fort maintenance compared to rule-based controllers. Multi-agent
RL has been used for multi-zone buildings [32], while
deep RL has been applied to dynamic occupancy-aware
control [34]. However, nearly all RL-based thermal comfort
studies rely on population-level comfort models, simulated
thermal sensation labels or building-level environmental
data. Even recent works from 2020 to 2025 continue to
optimise comfort using PMV, thermal sensation votes, or
simplified reward functions [31, 33, 34]. Very few studies
integrate personalised comfort predictions, and none embed
probabilistic comfort outputs from personalised oracles

directly into the RL state representation. Furthermore, most
RL-HVAC studies assume access to indoor air temperature,
HVAC setpoints or building thermal models data unavailable
in wearable-sensor datasets, for example [7]. This limits
the applicability of existing RL approaches to personalised,
physiology-driven comfort control.

Recent studies have shown a clear trajectory toward
personalised, data-driven thermal comfort modelling, yet
several limitations persist. While advances in the applica-
tion of machine learning have demonstrated the value of
personalised comfort prediction using physiological sensing,
they remain largely decoupled from real-time HVAC con-
trol. Conversely, RL-based HVAC controllers have shown
strong potential for adaptive building control, but continue to
rely on population-level comfort models, simulated environ-
ments or building-level data. This disconnect between per-
sonalised comfort inference and sequential decision-making
represents a critical gap. Existing RL controllers do not
incorporate probabilistic comfort outputs from personalised
models, nor do they operate effectively in wearable-sensor
environments where indoor temperature and HVAC set-
points are unavailable. Recent studies between 2020 and
2025 highlight the need for occupant-centric RL frameworks
capable of integrating physiological sensing, personalised
comfort prediction and adaptive control within a unified
architecture.

The paper addresses these challenges by proposing a
two-stage personalised thermal comfort approach that cou-
ples occupant-specific Comfort Oracles with reinforcement
learning-based intervention-policy generation. By embed-
ding probabilistic comfort predictions directly into the RL
state representation and evaluating multiple RL paradigms
under identical personalised conditions, the study advances
personalised thermal decision-making beyond prediction
alone.

3. The Proposed Two-Stage Architecture
This paper proposes a two-stage personalised thermal

comfort architecture that integrates occupant-specific ther-
mal preference prediction with RL-based intervention-policy
generation. The proposed architecture, as shown in Figure 1,
integrates personalised machine learning and sequential
decision-making to recommend adaptive environmental-
temperature interventions for individual occupants. The
motivation is that prediction alone is insufficient for intel-
ligent comfort management: a model may estimate whether
an occupant prefers a cooler, warmer or unchanged envi-
ronment, but an additional decision-making mechanism is
required to determine the most appropriate control action.
The proposed architecture therefore separates the problem
into two connected tasks: first, learning an occupant-specific
comfort model; and second, using this model to guide
adaptive environmental-temperature interventions.

In Stage 1, a personalised thermal preference model,
referred to as the comfort oracle, is developed for each occu-
pant. The oracle uses time-windowed physiological features,
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Figure 1: Proposed two-stage personalised thermal comfort architecture. Stage 1 develops a personalised comfort oracle for
thermal preference prediction using physiological, body-proximity and weather-derived features. Stage 2 embeds the comfort
oracle within a reinforcement learning control module to recommend an equivalent environmental-temperature intervention that
maximises predicted comfort while penalising unnecessary or excessive control actions.

including heart rate, wrist skin temperature, ankle skin tem-
perature and body-proximity temperature, together with en-
vironmental sensing including outdoor temperature, humid-
ity, wind speed and solar radiation. These variables follow
the structure of previous wearable-sensor-based personal
comfort modelling studies, where physiological and envi-
ronmental signals are used to infer individual thermal pref-
erence rather than population-average comfort responses [7,
8]. The output of the comfort oracle is not only a discrete
thermal preference label, but also a probability distribution
over three possible preference states: cooler, no change
and warmer. This probabilistic output provides a compact
representation of the occupant’s current comfort state and
becomes a key input to the control stage.

In Stage 2, the comfort oracle is embedded within a
reinforcement learning approach. At each decision step, the
controller observes the current physiological state, weather-
derived context, body-proximity thermal state and oracle-
predicted comfort probabilities. It then selects an equivalent
environmental-temperature control action from a discrete
action space. Since the dataset does not contain directly mea-
sured indoor air temperature or HVAC setpoint data, this ac-
tion is interpreted as a simulated environmental-temperature
control proxy rather than a physical thermostat command.
This proxy represents the magnitude and direction of local
thermal intervention that would be required to move the
occupant towards a more comfortable state.

The architecture evaluates three decision-making ap-
proaches: a Contextual Bandit, Q-learning and a Deep Q-
Network (DQN). The Contextual Bandit provides a strong
one-step optimisation baseline, while Q-learning and DQN
evaluate whether sequential decision-making can improve
control by considering future comfort rewards. By coupling
a personalised comfort oracle with reinforcement learning,
the proposed architecture extends personal comfort mod-
elling from a predictive task into a prescriptive control
approach. This provides a basis for adaptive, occupant-
centred thermal management in future intelligent home and
workplace environments. Unlike our earlier physiologically
controlled HVAC framework, which employed algorithmic
consensus-based temperature adjustment, the proposed ar-
chitecture integrates participant-specific Comfort Oracles
with reinforcement learning to enable adaptive intervention-
policy generation [11].

4. Experimental Methodology
This section describes the experimental methodology

used to develop and evaluate the proposed two-stage per-
sonalised thermal comfort approach. The evaluation follows
the architecture presented in Figure 1. Stage 1 develops
participant-specific Comfort Oracles that predict individual
thermal preference from physiological and environmental
observations, while Stage 2 embeds these personalised or-
acles within three RL controllers - CB, QL and DQN to
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investigate how different decision-making strategies trans-
late personalised comfort predictions into adaptive proxy
intervention policies. To ensure a fair comparison, identical
participant-specific training, validation and testing parti-
tions are maintained throughout both stages. All experiments
are implemented in Python using Scikit-learn for person-
alised comfort prediction and PyTorch for deep reinforce-
ment learning.

4.1. Dataset and Feature Engineering
The proposed approach was evaluated using the publicly

available personalised thermal comfort dataset introduced
by Liu et. al., [7]. The dataset contains wearable physio-
logical measurements with self-reported thermal preference
votes collected from participants during everyday activities.
The physiological variables include heart rate, wrist skin
temperature, ankle skin temperature and body-proximity
temperature, while environmental data comprises outdoor
air temperature, relative humidity, wind speed and solar
radiation obtained from a nearby weather station. Thermal
preference is represented using three classes corresponding
to a preference for a cooler (−1), no change (0) or warmer
(+1) environment.

Following the data preparation procedure by Liu et.
al., [7], four pre-constructed feature representations are
evaluated: physiological features only (Phys), physiologi-
cal features combined with 60-minute environmental de-
scriptors (Phys+60), physiological features combined with
480-minute environmental descriptors (Phys+480), and a
combined representation integrating both environmental
data (Phys+60+480). These feature representations served
as candidate inputs to the personalised Comfort Oracles
developed in Stage 1 and are subsequently evaluated within
the reinforcement learning controllers in Stage 2.

Experiments were performed independently for each
participant to preserve the personalised nature of thermal
comfort modelling. For each participant, the samples were
retained in chronological order and partitioned into training
(70%), validation (10%), and testing (20%) subsets, follow-
ing the protocol of [7]. No random shuffling or stratified sam-
pling was applied. The same participant-specific partitions
were maintained throughout both stages to ensure consistent
evaluation of personalised prediction and adaptive thermal
control performance.

4.2. Stage 1: Personalised Thermal Preference
Prediction

Stage 1 develops participant-specific Comfort Oracles
to estimate individual thermal preference from the feature
representations described in Section 4.1. Thermal preference
prediction is formulated as a three-class supervised classifi-
cation problem, where the classes represent a preference for
cooler (−1), no change (0) or warmer (+1) conditions. Mod-
els are trained independently for each participant to account
for inter-individual differences in physiological response,
environmental exposure and thermal adaptation.

For participant 𝑝, let 𝐱(𝑟)𝑝,𝑡 ∈ ℝ𝑚𝑟 denote the feature vector
at time step 𝑡 under representation:

𝑟 ∈ {Phys,Phys+60,Phys+480,Phys+60+480} (1)

The corresponding Comfort Oracle learns the mapping

𝑓 (𝑟)
𝑝 ∶ 𝐱(𝑟)𝑝,𝑡 → 𝐩(𝑟)𝑝,𝑡, (2)

where

𝐩(𝑟)𝑝,𝑡 =
[

𝑃 (𝑦 = −1 ∣ 𝐱(𝑟)𝑝,𝑡), 𝑃 (𝑦 = 0 ∣ 𝐱(𝑟)𝑝,𝑡), 𝑃 (𝑦 = +1 ∣ 𝐱(𝑟)𝑝,𝑡)
]

(3)

is the predicted probability distribution over the three ther-
mal preference classes. The probabilities sum to one, and the
neutral-class probability provides a continuous estimate of
the likelihood that no environmental adjustment is required.
This probabilistic output forms the principal interface with
the Stage 2 controllers.

Three tree-based ensemble models are evaluated as can-
didate Comfort Oracles: RF, GB and ET. These models
are selected because they are well suited to heterogeneous
tabular sensor data and can represent nonlinear interactions
between physiological and environmental variables without
strong distributional assumptions [35–37]. For each partici-
pant and feature representation, candidate models are trained
on the participant-specific training partition and ranked on
the validation partition. To account for class imbalance and
avoid selecting an oracle solely on overall accuracy, the
validation criterion combined accuracy, balanced accuracy,
Macro F1 and Cohen’s 𝜅:

𝑆(𝑀𝑖) =
1
4
(

Acc𝑖 + BalAcc𝑖 +MacroF1𝑖 + 𝜅𝑖
)

, (4)

where 𝑀𝑖 denotes a candidate model. The selected Comfort
Oracle was

𝑀∗(𝑟)
𝑝 = arg max

𝑀𝑖∈
𝑆(𝑀𝑖), (5)

with  = {RF,GB,ET}. The selected model was then re-
trained using the combined training and validation partitions
and evaluated once on the held-out test partition.

This procedure produces one selected Comfort Oracle
for every participant - feature representation combination.
Stage 1 therefore evaluates both model-specific and feature-
specific predictive performance, while Stage 2 uses the se-
lected environmental-context oracles (Phys+60, Phys+480
and Phys+60+480) to compare how CB, QL and DQN
translate personalised comfort probabilities into adaptive
intervention recommendations.
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4.3. Stage 2: Reinforcement Learning-Based
Thermal Control

Stage 2 extends personalised thermal preference pre-
diction into adaptive decision-making by embedding the
participant-specific Comfort Oracles from Stage 1 within
three reinforcement learning controllers: CB, QL and DQN.
Rather than proposing new RL algorithms, this work in-
troduces a personalised thermal control formulation that
integrates participant-specific probabilistic Comfort Oracles
with standard RL controllers through a unified state rep-
resentation and reward design. This enables existing RL
methods to operate directly on personalised comfort prob-
abilities rather than discrete thermal preference labels. This
extends the prediction-focused approach of [7] into a closed-
loop, human-in-the-loop proxy control setting, in which
participant-specific thermal preferences guide the evalua-
tion of personalised intervention policies. In the context
of this study, thermal control refers to the generation and
evaluation of equivalent environmental-temperature control
signals within a proxy closed-loop environment. The proxy
is used as an operational representation of the direction
and relative magnitude of the intervention that could sub-
sequently be translated into thermostat or HVAC actuation.
This abstraction is necessary because the dataset does not
contain measured indoor air temperature, thermostat set-
points, actuator states, building thermal dynamics or HVAC
power consumption. Accordingly, the Stage 2 experiments
evaluate personalised control-policy behaviour under a com-
mon proxy environment rather than direct actuation of a
physical HVAC system.

To investigate how different sequential decision-making
paradigms influence personalised thermal control, three rep-
resentative reinforcement learning approaches are evaluated.
CB optimise immediate reward without considering future
consequences, providing a strong one-step decision baseline.
QL extends this by learning long-term state-action values
through temporal-difference learning, while DQN replaces
the tabular value function with a neural approximation ca-
pable of modelling more complex state representations [15,
38]. These controllers integrate increasing levels of sequen-
tial reasoning and function approximation while operating
under the same personalised state and reward formulation.

For participant 𝑝 and feature representation 𝑟, the state
observed at decision step 𝑡 is,

𝑠(𝑟)𝑝,𝑡 =
[

𝐱(𝑟)𝑝,𝑡 , 𝐩
(𝑟)
𝑝,𝑡, 𝑎𝑝,𝑡−1

]

, (6)

where 𝐱(𝑟)𝑝,𝑡 is the current physiological and environmental
feature vector, 𝐩(𝑟)𝑝,𝑡 is the personalised Comfort Oracle proba-
bility vector defined in Equation 3, and 𝑎𝑝,𝑡−1 is the previous
control action. The inclusion of the previous action provides
short-term control context and allows rapid changes between
successive interventions to be penalised.

The controller selects an action from

 = {−5,−4,−3,−2,−1, 0,+1,+2,+3,+4,+5}, (7)

where negative, zero and positive values represent a de-
crease, no change or increase in the equivalent environmen-
tal temperature, respectively. These values operationalise the
proxy control signal defined above and should be interpreted
as relative intervention levels rather than direct thermostat
setpoints or realised temperature changes. Following action
selection, the proxy thermal state is updated and re-evaluated
by the participant-specific Comfort Oracle. The resulting
reward balances predicted comfort against intervention mag-
nitude, switching behaviour and the associated energy proxy:

𝑅𝑝,𝑡 = 𝑤𝑐𝑝
neutral
𝑝,𝑡+1 −𝑤𝑎|𝑎𝑝,𝑡|−𝑤𝑠𝕀(𝑎𝑝,𝑡 ≠ 𝑎𝑝,𝑡−1)−𝑤𝑒𝐸𝑝,𝑡, (8)

where 𝑝neutral𝑝,𝑡+1 is the post-intervention probability that no fur-
ther temperature change is required, |𝑎𝑝,𝑡| represents inter-
vention magnitude, 𝕀(⋅) penalises action switching, and 𝐸𝑝,𝑡
is an intervention-based energy proxy. The same state, action
and reward definitions are used across controller families
to ensure that differences in performance are attributable to
the decision-making strategy rather than to different control
objectives. These reward components are reflected in the
Stage 2 evaluation metrics (Section 4.4), enabling controller
behaviour to be analysed in terms of comfort, intervention
magnitude, efficiency and behavioural stability.

Contextual Bandit: The CB controller provides a myopic
decision-making baseline. At each step, it selects the action
with the highest estimated immediate reward under the cur-
rent personalised state,

𝑎∗𝑝,𝑡 = argmax
𝑎∈

𝔼
[

𝑅𝑝,𝑡 ∣ 𝑠𝑝,𝑡, 𝑎
]

. (9)

Unlike sequential RL methods, CB does not explicitly
model the long-term consequences of an action. It is there-
fore suited to responsive comfort correction when immediate
predicted comfort is prioritised. Three reward-weighting
variants are evaluated: Comfort, Balanced and Energy.

Q-learning: QL is a model-free temporal-difference method
that learns the expected long-term value of each state-action
pair [38, 39]. Its action-value estimate is updated as

𝑄(𝑠𝑝,𝑡, 𝑎𝑝,𝑡) ← 𝑄(𝑠𝑝,𝑡, 𝑎𝑝,𝑡)+

𝛼
[

𝑅𝑝,𝑡 + 𝛾 max
𝑎∈

𝑄(𝑠𝑝,𝑡+1, 𝑎) −𝑄(𝑠𝑝,𝑡, 𝑎𝑝,𝑡)
] (10)

where 𝛼 is the learning rate and 𝛾 controls the contribution of
future rewards. QL is evaluated using 𝛼 ∈ {0.05, 0.08, 0.12, 0.16}.

Deep Q-Network: DQN extends QL by approximating
the action-value function using a neural network, allowing
nonlinear relationships within the personalised physiologi-
cal, environmental and comfort-probability state to be rep-
resented [15]. The network parameters 𝜃 are updated by
minimising the temporal-difference loss
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Algorithm 1: Personalised Comfort-Oracle-
Guided Thermal Control

Input: Participant-specific Comfort Oracle 𝑀∗(𝑟)
𝑝 ;

participant observations 𝐱(𝑟)𝑝,𝑡 ; controller family
𝐶 ∈ {CB,QL,DQN}; action space 

Output: Personalised control policy 𝜋∗(𝑟)
𝑝,𝐶

Initialise controller 𝐶 and previous action 𝑎𝑝,0 = 0;
for each decision step 𝑡 do

Obtain the Comfort Oracle probabilities
𝐩(𝑟)
𝑝,𝑡 = 𝑀∗(𝑟)

𝑝 (𝐱(𝑟)𝑝,𝑡);
Construct the personalised control state
𝑠(𝑟)𝑝,𝑡 = [𝐱(𝑟)𝑝,𝑡 , 𝐩

(𝑟)
𝑝,𝑡, 𝑎𝑝,𝑡−1];

Select 𝑎𝑝,𝑡 ∈  using the current controller policy;
Apply 𝑎𝑝,𝑡 to the simulated

environmental-temperature proxy;
Obtain the updated observation 𝐱(𝑟)𝑝,𝑡+1 and re-evaluate

it using 𝑀∗(𝑟)
𝑝 ;

Compute 𝑅𝑝,𝑡 using Equation 8;
Update the controller according to the CB, QL or

DQN learning rule;
Select the highest-reward validated controller

configuration;
Evaluate the selected policy on the held-out test partition;
return 𝜋∗(𝑟)

𝑝,𝐶

𝐿(𝜃) =

𝔼

[

(

𝑅𝑝,𝑡 + 𝛾 max
𝑎′

𝑄(𝑠𝑝,𝑡+1, 𝑎′; 𝜃−) −𝑄(𝑠𝑝,𝑡, 𝑎𝑝,𝑡; 𝜃)
)2

]

,

(11)

where 𝜃− denotes the target network parameters. Experience
replay and target network updates are employed to improve
training stability. The DQN model was evaluated using
learning rates 𝜂 ∈ {0.0001, 0.0002, 0.0003, 0.0005}. For
each participant, oracle feature representation and controller
family, the candidate configurations are trained using the
participant-specific training data and ranked using mean val-
idation reward. The highest-ranked variant is then evaluated
on the held-out test partition. This produced directly compa-
rable CB, QL and DQN policies for Phys+60, Phys+480 and
Phys+60+480, as reported in Section 5.2. This experimental
design isolates the influence of the reinforcement learning
policy while keeping the underlying personalised comfort
representation fixed, enabling a fair comparison of CB, QL
and DQN under identical participant-specific conditions.

Algorithm 1 summarises the proposed personalised
thermal control procedure, illustrating how the participant-
specific Comfort Oracles developed in Stage 1 interact
with the RL controller to generate adaptive equivalent
environmental-temperature interventions.

4.4. Evaluation Metrics
Since the proposed approach comprises two distinct

stages, different evaluation criteria are required. Stage 1 is

formulated as a supervised multiclass classification problem
and is therefore evaluated using predictive performance met-
rics. Stage 2 is formulated as a sequential decision-making
problem in which the objective is to maximise personalised
comfort while maintaining efficient and stable proxy con-
trol. The evaluation is formulated to focus on controller
behaviour.

Stage 1 performance was assessed using Accuracy, Bal-
anced Accuracy, Macro F1 and Cohen’s 𝜅. Accuracy mea-
sures overall predictive correctness, while Balanced Accu-
racy and Macro F1 provide class-balanced evaluation under
the unequal thermal preference distributions observed across
participants. Cohen’s 𝜅 further measures agreement beyond
chance.

Stage 2 performance is evaluated using mean comfort
probability, mean reward, proxy HVAC temperature adjust-
ment (HVAC Δ𝑇 ), reward efficiency, comfort efficiency and
action switching rate. Mean comfort probability quantifies
the controller’s ability to maintain the occupant in the pre-
dicted “No Change” state. HVACΔ𝑇 denotes the mean mag-
nitude of the equivalent environmental-temperature control
signal recommended by the controller. It therefore represents
a proxy for the direction and relative magnitude of prospec-
tive HVAC intervention, rather than a measured thermo-
stat setpoint change, realised indoor-temperature change or
physical actuator response. HVAC Δ𝑇 and action switching
rate characterise intervention magnitude and policy stabil-
ity, respectively. Reward efficiency and comfort efficiency
measure the reward and predicted comfort achieved per unit
of proxy HVAC intervention. These efficiency measures are
therefore relative policy-comparison metrics and should not
be interpreted as measured building energy efficiency or
absolute energy savings.

Action agreement with the recorded thermal preference
labels is additionally assessed using Accuracy, Balanced Ac-
curacy, Macro F1 and Cohen’s 𝜅, providing an interpretable
measure of how closely controller actions aligned with the
occupant’s observed preference.

Non-parametric Friedman tests are used to compare the
controllers across participants for each Stage 2 performance
metric and oracle feature representation. Where the omnibus
test is significant, pairwise Wilcoxon signed-rank tests with
Holm correction are applied to identify the controller pairs
responsible for the differences.

5. Experiments and Results
To evaluate the proposed personalised thermal comfort

approach, the experiments followed the sequential approach
as depicted in Figure 1. Stage 1 assesses the predictive
performance of personalised Comfort Oracles using multi-
ple ensemble learning models and feature representations.
Stage 2 embeds the selected Comfort Oracles within the
RL module, where CB, QL and DQN controllers are eval-
uated on unseen participant data. Prediction performance is
evaluated using accuracy, Macro F1 and Cohen’s 𝜅, while
control performance is assessed using comfort probability,
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reward, intervention magnitude, reward efficiency and action
agreement.

5.1. Stage 1 Personalised Thermal Preference
Prediction

Stage 1 identifies the most appropriate Comfort Oracle
for each participant by evaluating three ensemble learning
models - RF, GB and ET. Each model was trained and
evaluated using four feature representations: physiologi-
cal features only (Phys), physiological features with 60-
minute environmental descriptors (Phys+60), physiolog-
ical features with 480-minute environmental descriptors
(Phys+480), and the combined environmental representa-
tion (Phys+60+480). Candidate models are evaluated, with
the highest-ranked model selected as the participant-specific
Comfort Oracle for Stage 2 thermal control. This participant-
specific selection strategy acknowledges the substantial
inter-individual variability in thermal preference and is
consistent with recent personalised thermal comfort studies
[6, 7, 9].

5.1.1. Candidate Comfort Oracle Performance
Figure 2 compares the predictive performance of the

three candidate Comfort Oracle models across the four fea-
ture representations. Overall, the three ensemble classifiers
achieved comparable performance, with mean accuracies
ranging from approximately 0.69 to 0.73. Integrating en-
vironmental features provided only modest improvements
over physiological features alone, with the Phys+480 repre-
sentation consistently achieving the highest mean accuracy
for all three classifiers. The relatively small performance
differences suggest that physiological signals capture much
of the information required to predict individual thermal
preferences, while longer-term environmental context pro-
vides complementary rather than dominant predictive infor-
mation.

A more informative comparison is provided by Macro
F1 and Cohen’s 𝜅, which are less sensitive to the class
imbalance inherent in personalised thermal preference data.
GB consistently achieved the highest Macro F1 and Cohen’s
𝜅, indicating better discrimination across the three thermal
preference classes, whereas RF generally produced the high-
est overall accuracy. ET remained competitive across all
feature representations but exhibited greater variability. The
performance characteristics indicate that no single classifier
consistently dominates across all participants or evaluation
metrics, reinforcing the use of participant-specific model
selection rather than a single global prediction model.

While the aggregated results provide an overall compar-
ison of the candidate models, they conceal substantial inter-
participant variability. Table 1 illustrates the participant-
level performance for the strongest-performing feature rep-
resentation (Phys+480), with the complete results for all
feature representations provided in Appendix A.

Considerable variations are evident across participants,
with accuracies ranging from approximately 0.39 to 0.93 and
corresponding differences in Macro F1 and Cohen’s 𝜅. For

example, Participant 4 achieved consistently high accuracies
across all classifiers, whereas Participants 6 and 12 exhibited
substantially lower and more variable performance, reflect-
ing differences in individual thermal preference patterns and
class distributions. These variabilities demonstrate how par-
ticipants respond to thermal changes, reinforcing the need
for personalised Comfort Oracles rather than a population-
wide predictor.

5.1.2. Selected Personalised Comfort Oracles
Table 2 summarises the personalised Comfort Oracle

selected for each participant under the four feature repre-
sentations using the composite validation score defined in
Equation (4). Consistent with the participant-level analysis
in Section 5.1, the selected models vary across both partic-
ipants and feature representations, with no single learning
algorithm consistently providing the highest predictive per-
formance. RF was selected most frequently for participants
exhibiting more stable thermal preference patterns, whereas
GB and ET are selected for participants with greater class
imbalance or more heterogeneous preference distributions.
This shows that thermal preference prediction is inherently
participant-dependent and reinforces the need for person-
alised Comfort Oracles rather than a single population-
wide predictor, consistent with the personalised comfort
modelling paradigm reported by [6, 7, 9].

Figure 3 summarises the predictive performance of the
selected Comfort Oracles across the four feature represen-
tations. Although Phys+480 achieved the highest mean pre-
diction accuracy (0.715), the corresponding improvements
in Macro F1 and Cohen’s 𝜅 are comparatively modest and
remained within one standard deviation of the remaining
feature representations. Similarly, combining both environ-
mental contexts (Phys+60+480) did not provide a consistent
performance advantage over the individual environmental
representations. These results suggest that extending the
environmental observation window beyond physiological
measurements provides only incremental gains in supervised
thermal preference prediction, indicating that much of the
predictive information is already captured by the physiolog-
ical features.

The statistical comparison in Table 3 supports these
observations. Friedman tests identified no statistically sig-
nificant differences between the four feature representations
for Accuracy (𝑝 = 0.969), Macro F1 (𝑝 = 0.180) or Cohen’s
𝜅 (𝑝 = 0.430), indicating that the choice of environmental
representation had only a limited influence on predictive
performance. Likewise, no statistically significant differ-
ences are observed between the three ensemble learning
algorithms across the evaluated metrics, despite the modest
performance differences shown in Figure 2. These findings
suggest that the principal source of variation arises from in-
dividual thermal preference characteristics rather than from
the learning algorithm or feature representation itself.

Unlike Liu et al. [7], who selected a single predic-
tion model before subsequent optimisation, the proposed
approach preserves all three environmental representations
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Figure 2: Comparison of the candidate Stage 1 Comfort Oracle models across the four feature representations. Mean prediction
performance is reported using (a) Accuracy, (b) Macro F1-score and (c) Cohen’s 𝜅, averaged over all participants. Phys denotes
physiological features only; Phys+60 denotes physiological features with 60-minute environmental descriptors; Phys+480 denotes
physiological features with 480-minute environmental descriptors; and Phys+60+480 combines both environmental contexts.

Table 1
Participant-level Stage 1 performance for Physiology + Env480. Values are Accuracy/Macro F1/Cohen’s 𝜅.

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14

RF
0.61/
0.39/
0.20

0.61/
0.32/
0.04

0.65/
0.39/
0.15

0.84/
0.46/
-0.09

0.84/
0.42/
0.27

0.59/
0.35/
0.15

0.75/
0.34/
0.11

0.89/
0.31/
0.00

0.82/
0.41/
0.23

0.69/
0.34/
0.07

0.88/
0.31/
-0.03

0.53/
0.51/
0.08

0.68/
0.55/
0.14

0.83/
0.30/
0.00

GB
0.68/
0.43/
0.32

0.59/
0.54/
0.18

0.69/
0.49/
0.29

0.91/
0.32/
-0.01

0.82/
0.42/
0.23

0.39/
0.27/
0.06

0.70/
0.37/
0.11

0.89/
0.40/
0.17

0.76/
0.35/
0.05

0.67/
0.43/
0.16

0.86/
0.42/
0.10

0.62/
0.61/
0.25

0.66/
0.59/
0.18

0.83/
0.36/
0.11

ET
0.65/
0.43/
0.30

0.53/
0.41/
0.07

0.65/
0.42/
0.18

0.78/
0.44/
-0.11

0.85/
0.47/
0.38

0.53/
0.38/
0.21

0.70/
0.34/
0.06

0.89/
0.31/
0.00

0.78/
0.35/
0.06

0.67/
0.39/
0.11

0.86/
0.31/
-0.04

0.65/
0.64/
0.31

0.68/
0.52/
0.10

0.83/
0.30/
0.00

Table 2
Selected personalised Comfort Oracle for each participant and feature representation. Values are Model: Accuracy/Macro
F1/Cohen’s 𝜅.

FeatureShort Phys Phys+60 Phys+480 Phys+60+480
ID

1 GB: 0.68/0.45/0.36 ET: 0.58/0.39/0.17 ET: 0.65/0.43/0.30 ET: 0.55/0.36/0.08
2 ET: 0.39/0.36/-0.05 ET: 0.49/0.37/-0.00 ET: 0.53/0.41/0.07 ET: 0.57/0.41/0.05
3 ET: 0.62/0.38/0.11 GB: 0.69/0.51/0.31 GB: 0.69/0.49/0.29 GB: 0.69/0.49/0.29
4 RF: 0.93/0.48/0.00 RF: 0.87/0.47/-0.07 RF: 0.84/0.46/-0.09 RF: 0.82/0.45/-0.10
5 GB: 0.85/0.47/0.38 GB: 0.82/0.42/0.23 GB: 0.82/0.42/0.23 GB: 0.80/0.42/0.20
6 RF: 0.45/0.36/0.09 GB: 0.39/0.27/0.07 GB: 0.39/0.27/0.06 GB: 0.41/0.29/0.10
7 ET: 0.61/0.44/0.06 RF: 0.77/0.38/0.20 RF: 0.75/0.34/0.11 RF: 0.76/0.37/0.17
8 RF: 0.89/0.31/0.00 RF: 0.89/0.31/0.00 RF: 0.89/0.31/0.00 RF: 0.89/0.31/0.00
9 RF: 0.80/0.36/0.09 RF: 0.80/0.36/0.09 ET: 0.78/0.35/0.06 RF: 0.82/0.41/0.23
10 RF: 0.65/0.38/0.08 ET: 0.63/0.33/-0.03 RF: 0.69/0.34/0.07 ET: 0.62/0.34/-0.00
11 ET: 0.79/0.42/0.11 GB: 0.83/0.30/-0.06 GB: 0.86/0.42/0.10 GB: 0.85/0.39/0.09
12 ET: 0.62/0.42/0.27 GB: 0.62/0.61/0.25 GB: 0.62/0.61/0.25 GB: 0.65/0.64/0.31
13 ET: 0.73/0.65/0.31 RF: 0.68/0.55/0.14 RF: 0.68/0.55/0.14 ET: 0.66/0.46/0.01
14 GB: 0.83/0.36/0.11 RF: 0.83/0.30/0.00 GB: 0.83/0.36/0.11 RF: 0.83/0.30/0.00
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Table 3
Statistical comparison of Stage 1 prediction performance using
Friedman tests across participants.

Comparison Metric Test Statistic 𝑝-value

Feature sets Accuracy Friedman 0.250 0.969
Feature sets Macro F1 Friedman 4.887 0.180
Feature sets Cohen’s 𝜅 Friedman 2.758 0.430
Models Accuracy Friedman 1.815 0.404
Models Macro F1 Friedman 2.286 0.319
Models Cohen’s 𝜅 Friedman 3.857 0.145

(Phys+60, Phys+480 and Phys+60+480) for Stage 2. This
enables the reinforcement learning controllers to be eval-
uated using participant-specific Comfort Oracles derived
from alternative environmental contexts, allowing the down-
stream influence of feature representation on adaptive ther-
mal control to be investigated independently of supervised
prediction performance.
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Figure 3: Predictive power of the selected personalised
Comfort Oracles across the four feature representations.
Bars represent the mean performance across the fourteen
participants, while error bars denote one standard deviation.

5.2. Stage 2 Thermal Control Performance
Stage 2 evaluates how effectively the selected personalised
Comfort Oracles support adaptive thermal control within
the proposed reinforcement learning approach. Using the
participant-specific Comfort Oracles derived in Stage 1,
three RF controllers - CB, QL and DQN are evaluated
under identical experimental conditions using unseen test
data. Unlike Stage 1, which focused on prediction accuracy,
Stage 2 assesses the ability of each controller to translate
personalised thermal preference predictions into effective
control actions by balancing occupant comfort, cumula-
tive reward and intervention efficiency. This enables the
influence of both the reinforcement learning strategy and
the underlying oracle feature representation on closed-loop
thermal regulation to be investigated.

5.2.1. Controller Performance Using the Selected
Comfort Oracles

To ensure a fair comparison between reinforcement learn-
ing strategies, the highest-performing variant within each
controller family is selected using mean cumulative reward.

Table 4 summarises the resulting nine controller config-
urations, while the complete evaluation of all controller
variants is provided in Table A.2. The selected controllers
are compared using occupant comfort probability, cumula-
tive reward, average HVAC intervention magnitude (Δ𝑇 ),
reward efficiency, comfort efficiency and the distribution of
control actions.
Across all three oracle feature representations, CB con-
sistently achieved the highest comfort probability (0.684 -
0.700) and cumulative reward (87.4 - 89.9), demonstrating
its effectiveness in maximising immediate occupant comfort
through contextual action selection. However, this perfor-
mance was at the expense of larger HVAC interventions,
with average temperature adjustments exceeding 3.3◦C, re-
sulting in lower reward and comfort efficiency than QL. In
contrast, QL adopted a markedly more conservative control
policy, producing the smallest HVAC interventions (approx-
imately 2.6◦C) while achieving the highest reward efficiency
(31.3 - 32.1) and comfort efficiency (0.249 - 0.254). This
behaviour is reflected in its action distribution, where ap-
proximately 98% of decisions maintained the current tem-
perature, indicating a stable policy that only intervenes when
necessary. DQN exhibited an intermediate control strategy.
Although the comfort probability remained comparable to
QL, it consistently generated larger HVAC interventions and
more frequent temperature adjustments than both alternative
controllers. With this, DQN achieved lower reward and com-
fort efficiency than QL without matching the comfort perfor-
mance of CB. The broader action distribution further indi-
cates a more exploratory control policy, which is expected
from value-function approximation during policy learning
but results in less conservative temperature regulation. As
observed, the influence of the oracle feature representa-
tion was comparatively small. The Phys+60, Phys+480 and
Phys+60+480 Comfort Oracles produced similar controller
performance across all evaluation metrics, indicating that the
RL policy is considerably more influential than the specific
environmental representation selected during Stage 1. This
observation is consistent with the Stage 1 statistical analysis,
where only modest differences are observed between feature
representations, and suggests that personalised prediction
provides a sufficiently robust state representation for down-
stream reinforcement learning irrespective of the environ-
mental observation window.

5.2.2. Comfort - Energy Trade-off Analysis
Figures 4 - 6 illustrate representative closed-loop regulation
behaviour for Subjects 7 and 9 across the three oracle feature
representations. The trajectories show how the selected CB,
QL and DQN controllers convert Comfort Oracle predic-
tions into temperature-control actions over time, showing the
trade-off between comfort maximisation and intervention
efficiency. For consistency with the original visualisation
outputs, the figure legends retain the labels “Actual room
temp” and “Recommended room temp”; throughout this
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Table 4
Best Stage 2 controller variants across oracle feature representations. The best variant within each controller family was selected
using mean reward.

Oracle Controller Best Variant Comfort Reward HVAC Δ𝑇 Reward/Energy Comfort/Energy Decrease No Change Increase

Phys+60 CB Bandit Comfort 0.700 89.942 3.342 26.917 0.210 0.093 0.817 0.090
Phys+60 QL QL alpha=0.16 0.668 84.442 2.628 32.132 0.254 0.019 0.978 0.003
Phys+60 DQN DQN lr=0.0002 0.678 84.382 3.343 25.238 0.203 0.417 0.386 0.198
Phys+480 CB Bandit Comfort 0.684 87.417 3.602 24.269 0.190 0.084 0.781 0.134
Phys+480 QL QL alpha=0.16 0.658 82.764 2.642 31.324 0.249 0.019 0.978 0.003
Phys+480 DQN DQN lr=0.0001 0.664 82.374 3.225 25.542 0.206 0.477 0.427 0.096
Phys+60+480 CB Bandit Comfort 0.696 87.382 3.548 24.627 0.196 0.103 0.795 0.102
Phys+60+480 QL QL alpha=0.16 0.668 82.764 2.639 31.359 0.253 0.019 0.978 0.003
Phys+60+480 DQN DQN lr=0.0001 0.677 82.809 3.568 23.206 0.190 0.541 0.329 0.130
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(c) DQN: DQN lr=0.0001
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(a) Subject 7: Representative closed-loop thermal regulation using
Phys+480
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(b) Q-learning: Q-learning alpha=0.05
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(c) DQN: DQN lr=0.0003
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(b) Subject 9: Representative closed-loop thermal regulation using
Phys+480

Figure 4: Comparison of representative closed-loop proxy thermal-policy behaviour across two subjects under Phys+480. In the
plotted legends, “Actual room temp” denotes the observed temperature proxy derived from the dataset, while “Recommended
room temp” denotes the controller-generated equivalent environmental-temperature proxy. These trajectories do not represent
measured room-temperature regulation or physical HVAC actuation.

section, these terms refer to the observed and controller-
generated temperature proxies defined in Section 4.3, rather
than measured indoor temperatures.
Across the examples, CB produced the most responsive reg-
ulation behaviour, with larger and more frequent temperature
adjustments. This explains its higher comfort probability and
reward in Table 4, but also its lower reward-per-energy val-
ues compared with QL. In contrast, QL produced smoother
trajectories with fewer interventions and a dominant “No
Change” action profile, resulting in the highest reward-per-
energy and comfort-per-energy values. DQN showed a more
variable control pattern, with more frequent switching and
larger action changes than QL, indicating greater policy flex-
ibility but reduced energy efficiency. The three feature rep-
resentations produced broadly similar regulation patterns,
supporting the Stage 1 finding that controller policy had a
stronger influence than the environmental feature window.
The differences between Subjects 7 and 9 further show that
the approach adapts control behaviour to participant-specific
thermal preference dynamics rather than applying a fixed
temperature-control strategy.

5.2.3. Action Agreement and Control Behaviour
Table 5 evaluates how closely the selected Stage 2 controller
actions agree with the recorded occupant thermal prefer-
ences. This analysis complements Table 4. While Table 4
assesses optimisation performance in terms of comfort, re-
ward and efficiency, Table 5 evaluates behavioural alignment
with the observed preference labels. QL achieved the highest
overall action accuracy across all feature representations,
with accuracies of 0.691 for Phys+60, 0.688 for Phys+480
and 0.691 for Phys+60+480. However, its balanced ac-
curacy remained low, ranging from 0.327 to 0.332, while
Macro F1 remained between 0.278 and 0.285 and Cohen’s
𝜅 was negative across all feature sets. This indicates that
the high accuracy was largely driven by frequent selection
of the dominant “No Change” action rather than balanced
recognition of cooler, no-change and warmer preferences.
This behaviour is consistent with the conservative QL policy
reported in Table 4, where more than 97% of its actions are
“No Change”. CB achieved lower overall accuracy than QL,
ranging from 0.604 to 0.622, but produced more consistent
behavioural agreement, with balanced accuracy between
0.368 and 0.372, Macro F1 between 0.367 and 0.374, and

Ihianle et al. Page 11 of 17



From Thermal Preference Prediction to Adaptive Climate Control

12

14

16

18

20

22

Te
m

pe
ra

tu
re

 p
ro

xy
(a) Contextual Bandit: Bandit Comfort

Actual room temp
Recommended room temp

Action
Actual thermal preference

12

14

16

18

20

Te
m

pe
ra

tu
re

 p
ro

xy

(b) Q-learning: Q-learning alpha=0.05
Actual room temp
Recommended room temp

Action
Actual thermal preference

0 10 20 30 40 50 60 70
Time step

12

14

16

18

20

22

Te
m

pe
ra

tu
re

 p
ro

xy

(c) DQN: DQN lr=0.0002
Actual room temp
Recommended room temp

Action
Actual thermal preference

4

2

0

2

4

Pr
ef

er
en

ce
 / 

ac
tio

n

4

2

0

2

4

Pr
ef

er
en

ce
 / 

ac
tio

n

4

2

0

2

4

Pr
ef

er
en

ce
 / 

ac
tio

n

(a) Subject 7: Representative closed-loop thermal regulation using
Phys+60
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(b) Subject 9: Representative closed-loop thermal regulation using
Phys+60

Figure 5: Comparison of representative closed-loop proxy thermal-policy behaviour across two subjects under Phys+60. In the
plotted legends, “Actual room temp” denotes the observed temperature proxy derived from the dataset, while “Recommended
room temp” denotes the controller-generated equivalent environmental-temperature proxy. These trajectories do not represent
measured room-temperature regulation or physical HVAC actuation.
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(a) Subject 7: Representative closed-loop thermal regulation using
Phys+60+480
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(b) Subject 9: Representative closed-loop thermal regulation using
Phys+60+480

Figure 6: Comparison of representative closed-loop proxy thermal-policy behaviour across two subjects under Phys+60+480. In
the plotted legends, “Actual room temp” denotes the observed temperature proxy derived from the dataset, while “Recommended
room temp” denotes the controller-generated equivalent environmental-temperature proxy. These trajectories do not represent
measured room-temperature regulation or physical HVAC actuation.

positive Cohen’s 𝜅 values across all feature representations.
This suggests that CB was more responsive to non-neutral
preference states than QL, although it remained primarily
reward-driven. DQN showed the strongest minority-class
sensitivity, particularly under Phys+60, where it achieved
the highest balanced accuracy (0.458), Macro F1 (0.395) and
Cohen’s 𝜅 (0.129), despite a lower overall accuracy of 0.442.
This confirms that DQN is less biased toward the dominant
class but produced more variable control behaviour.

5.2.4. Statistical Comparison of Controllers
Table 6 presents the Friedman statistical comparison of the
three reinforcement learning controller families across the
participant cohort. Unlike the Stage 1 analysis, where no sta-
tistically significant differences are observed between either
the candidate learning algorithms or feature representations,
the Stage 2 results demonstrate that controller selection has
a significant influence on closed-loop thermal regulation.
Across all three oracle feature representations, statistically
significant differences are observed between CB, QL and
DQN for comfort, cumulative reward, reward-per-energy,
HVAC intervention magnitude and action switching rate
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Table 5
Action agreement performance of the selected Stage 2 controllers. Only the best variant from each controller family, as selected
in Table 4, is reported.

Oracle Controller Best Variant Accuracy Balanced Accuracy Macro F1 Cohen’s kappa

Phys+60 CB Bandit Comfort 0.622 0.369 0.367 0.043
Phys+60 QL QL alpha=0.16 0.691 0.332 0.285 -0.012
Phys+60 DQN DQN lr=0.0002 0.442 0.458 0.395 0.129
Phys+480 CB Bandit Comfort 0.604 0.368 0.374 0.045
Phys+480 QL QL alpha=0.16 0.688 0.327 0.278 -0.021
Phys+480 DQN DQN lr=0.0001 0.412 0.392 0.328 0.052
Phys+60+480 CB Bandit Comfort 0.613 0.372 0.371 0.051
Phys+60+480 QL QL alpha=0.16 0.691 0.332 0.285 -0.012
Phys+60+480 DQN DQN lr=0.0001 0.384 0.410 0.342 0.088

Table 6
Friedman statistical comparison of the selected Stage 2 controllers across participants for each oracle feature representation.

Oracle Metric Test N Statistic 𝑝-value

Phys+60 Comfort Friedman 14 18.43 0.0000996
Phys+60 Reward Friedman 14 22.29 0.0000145
Phys+60 Reward/Energy Friedman 14 15.86 0.0003603
Phys+60 HVAC Δ𝑇 Friedman 14 18.43 0.0000996
Phys+60 Action switch rate Friedman 14 19.13 0.0000701
Phys+480 Comfort Friedman 14 20.76 0.0000310
Phys+480 Reward Friedman 14 21.57 0.0000207
Phys+480 Reward/Energy Friedman 14 15.43 0.0004464
Phys+480 HVAC Δ𝑇 Friedman 14 15.96 0.0003416
Phys+480 Action switch rate Friedman 14 18.73 0.0000856
Phys+60+480 Comfort Friedman 14 16.62 0.0002463
Phys+60+480 Reward Friedman 14 21.57 0.0000207
Phys+60+480 Reward/Energy Friedman 14 16.71 0.0002347
Phys+60+480 HVAC Δ𝑇 Friedman 14 19.11 0.0000708
Phys+60+480 Action switch rate Friedman 14 22.27 0.0000146

(all 𝑝 < 0.001). These findings confirm that the observed
differences in controller behaviour are consistent across
participants and are not attributable to random variation. In
particular, while the three personalised Comfort Oracle fea-
ture representations produced broadly comparable predictive
performance in Stage 1, the reinforcement learning policy
exerted a substantially greater influence on thermal regula-
tion performance than the underlying feature representation.
These statistical results support the behavioural observations
reported in Sections 5.2.1 and 5.2.2. CB consistently priori-
tised occupant comfort and cumulative reward through more
responsive temperature adjustments, QL adopted a conser-
vative policy that maximised energy efficiency with minimal
interventions, and DQN provided a more adaptive but less
stable control strategy. The significant differences in HVAC
intervention magnitude and action switching rate further
demonstrate that the three controllers learn fundamentally
different regulation policies despite operating on the same
personalised Comfort Oracle outputs.
Consequently, pairwise Wilcoxon signed-rank tests with
Holm correction are performed to identify the specific con-
troller pairs responsible for these differences. A combined
Stage 2 statistical analysis demonstrates that, once person-
alised thermal preference prediction has been established,
the reinforcement learning strategy becomes the dominant
factor governing adaptive thermal comfort control. This
extends previous personalised thermal comfort studies, in-
cluding [7], by showing that personalised prediction alone is
insufficient; the downstream control policy plays an equally

important role in determining comfort, intervention be-
haviour and operational efficiency.

5.3. Discussion
The proposed two-stage approach demonstrates that per-
sonalised thermal comfort prediction and reinforcement
learning-based intervention-policy generation provide com-
plementary capabilities for intelligent thermal decision sup-
port. Stage 1 establishes participant-specific Comfort Or-
acles capable of capturing individual thermal preference
patterns, while Stage 2 shows how these predictions can
be translated into sequential proxy interventions with dif-
ferent comfort, intervention-efficiency and policy- stability
characteristics. The discussion is organised around three
dimensions of the proposed approach: (i) the importance
of personalisation for representing occupant-specific ther-
mal behaviour, (ii) the role of reinforcement learning in
transforming personalised predictions into adaptive control
policies, and (iii) the implications of the proposed approach
for future occupant-centric smart building systems.

5.3.1. Personalisation as the Foundation for Adaptive
Thermal Control

A key finding of this study is that personalisation forms the
foundation of effective intelligent thermal control. Stage 1
demonstrated substantial inter-participant variability in ther-
mal preference prediction, with no single learning algorithm
or feature representation consistently outperforming the oth-
ers across all participants. Although Phys+480 achieved
the highest average predictive accuracy, the differences
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between feature representations and ensemble models are
not statistically significant, indicating that the dominant
source of variation arises from individual physiological and
behavioural characteristics rather than model architecture.
Consequently, selecting participant-specific Comfort Ora-
cles provides a more appropriate representation of occupant
thermal preference than adopting a single population-wide
prediction model. These findings reinforce the growing body
of personalised thermal comfort research that challenges the
assumptions underpinning conventional PMV-based control
strategies [3]. Rather than assuming that occupants sharing
the same environmental conditions experience similar com-
fort, recent studies have demonstrated that physiological re-
sponses, behavioural adaptation and contextual factors vary
considerably between individuals [6–9]. The participant-
specific Comfort Oracles developed in this work therefore
provide an adaptive representation of individual thermal
preference that can accommodate this variability and serve
as a reliable state representation for downstream control.

5.3.2. From Prediction to Intelligent Decision-Making
Although accurate personalised prediction is essential, pre-
diction alone does not specify what environmental interven-
tion should follow. The primary contribution of this paper
is therefore the integration of personalised Comfort Oracles
with reinforcement learning to generate and compare se-
quential intervention policies. Unlike previous personalised
comfort studies, which primarily terminate at prediction,
and our earlier physiologically controlled HVAC framework,
which relied on deterministic consensus-based temperature
adjustment, the proposed approach closes the decision loop
through reinforcement learning, enabling adaptive interven-
tion policies that balance personalised comfort and interven-
tion efficiency [7, 11]. The Stage 2 results demonstrate that,
once personalised thermal preference has been established,
controller design becomes the dominant factor governing
adaptive regulation. This contrasts with Stage 1, where only
modest differences are observed between feature representa-
tions. The CBs consistently maximised comfort probability
and cumulative reward through more responsive temperature
adjustments, whereas QL learned a conservative policy that
minimised interventions while achieving the highest reward-
per-energy and comfort-per-energy ratios. DQN demon-
strates the best policy flexibility and improved recognition
of minority thermal preference transitions, but its increased
action variability results in lower overall control efficiency.
The statistical analysis confirms that these behavioural dif-
ferences are significant across all evaluated metrics, demon-
strating that RL policy has a substantially greater influence
on closed-loop performance than the underlying feature
representation. These observations are consistent with RL
theory, where different optimisation mechanisms naturally
produce different control policies. CBs optimise immediate
expected reward, QL seeks long-term value through incre-
mental policy improvement, while DQN approximates the
action-value function using deep neural networks, enabling
greater representational capacity but potentially introducing

higher policy variance [15]. Therefore, controller selection
should reflect operational priorities, whether maximising
occupant comfort, reducing intervention magnitude or bal-
ancing both objectives.

5.3.3. Implications for Occupant-Centric Smart
Buildings

The proposed approach provides a practical pathway towards
occupant-centric HVAC systems capable of continuously
adapting environmental conditions to individual physiolog-
ical responses. Rather than regulating indoor temperature
using fixed comfort assumptions, the approach combines
wearable sensing, personalised comfort modelling and re-
inforcement learning to generate adaptive environmental-
intervention policies that evolve with the occupant. In the
context of this study, these policies are evaluated through
equivalent environmental-temperature proxy actions repre-
senting the direction and relative magnitude of prospective
HVAC intervention. This approach aligns with the broader
vision of intelligent and human-centric buildings, where
environmental control responds dynamically to occupant
behaviour rather than predefined schedules or static com-
fort models. The accompanying Streamlit-based proof-of-
concept implementation further demonstrates how person-
alised thermal comfort prediction and reinforcement learn-
ing can be visualised and evaluated interactively before
deployment within operational building management sys-
tems 1. This provides an accessible platform for analysing
controller behaviour, comparing reinforcement learning
strategies and supporting future digital commissioning of
occupant-centric HVAC systems.
Several limitations should nevertheless be acknowledged.
Stage 2 was evaluated within a proxy control environment
derived from the available wearable dataset rather than
through a physical HVAC system, calibrated building sim-
ulator or validated zone-temperature model. The dataset
does not contain directly measured indoor air tempera-
ture, thermostat setpoints, actuator dynamics, HVAC oper-
ating states or electrical power consumption. Accordingly,
the equivalent environmental-temperature actions should
be interpreted as proxy control signals that represent the
direction and relative magnitude of prospective interven-
tion, rather than realised thermostat commands or mea-
sured indoor-temperature changes. Similarly, the reported
reward-efficiency and comfort-efficiency metrics quantify
performance relative to intervention magnitude and should
not be interpreted as direct evidence of building energy
efficiency or absolute energy savings. The results therefore
demonstrate the comparative behaviour of personalised re-
inforcement learning policies within a common proxy en-
vironment, rather than physically validated HVAC regula-
tion. Nevertheless, this approach establishes a reproducible
methodology for integrating personalised thermal comfort
prediction with sequential intervention-policy generation
and provides a strong foundation for future validation using

1Web App proof-of-concept of the system is available online at: https:
//huggingface.co/spaces/Isibor/Thermal_Comfort_Controller
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instrumented buildings, calibrated digital twins, measured
HVAC operation and real-time energy data.

6. Conclusion
This paper presented a two-stage personalised thermal com-
fort approach that integrates wearable physiological sens-
ing, participant-specific Comfort Oracles and reinforce-
ment learning for adaptive thermal intervention-policy gen-
eration. Unlike existing personalised thermal comfort ap-
proaches that primarily focus on prediction, the proposed
approach combines personalised thermal preference mod-
elling with sequential decision-making, enabling closed and
human-in-the-loop environmental regulation that continu-
ously adapts to individual occupant needs.
Experimental evaluation using the Liu et al., [7] wear-
able thermal comfort dataset demonstrates that personalised
Comfort Oracles provide a robust representation of individ-
ual thermal preference despite substantial inter-participant
variability. While only modest differences are observed be-
tween the evaluated feature representations and ensemble
learning models during Stage 1, Stage 2 showed that RL
policy has a much greater influence on adaptive thermal
regulation. CBs consistently maximised occupant comfort
and cumulative reward, QL achieved the highest reward and
comfort efficiency through a more conservative control strat-
egy, and DQN demonstrated the best policy flexibility but
with increased intervention variability. Statistical analysis
confirms significant differences between the controller RL
models across all evaluated control metrics, highlighting the
importance of controller selection once reliable personalised
thermal preference prediction has been established.
The proposed approach demonstrates the feasibility of cou-
pling participant-specific Comfort Oracles with reinforce-
ment learning to generate personalised sequential inter-
vention policies within a proxy control environment. The
findings establish comparative policy behaviour in terms of
predicted comfort, reward, intervention magnitude and ac-
tion stability; they do not constitute physical HVAC valida-
tion, measured indoor-temperature regulation or evidence of
building energy savings. Future work will therefore validate
this approach using instrumented buildings and calibrated
digital twins with measured indoor conditions, HVAC oper-
ation and energy consumption, while extending the approach
to continuous-action and multi-occupant control settings.
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Table A.1
Participant-level Stage 1 performance across all feature representations. Values are Accuracy/Macro F1/Cohen’s 𝜅.

(a) Physiology

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14

RF
0.65/
0.43/
0.30

0.49/
0.40/
0.01

0.63/
0.39/
0.13

0.93/
0.48/
0.00

0.85/
0.47/
0.38

0.45/
0.36/
0.09

0.66/
0.31/
-0.03

0.89/
0.31/
0.00

0.80/
0.36/
0.09

0.65/
0.38/
0.08

0.84/
0.47/
0.17

0.59/
0.59/
0.18

0.71/
0.63/
0.26

0.83/
0.30/
0.00

GB
0.68/
0.45/
0.36

0.43/
0.43/
0.04

0.60/
0.37/
0.08

0.91/
0.32/
-0.01

0.85/
0.47/
0.38

0.47/
0.37/
0.11

0.66/
0.31/
-0.02

0.89/
0.40/
0.17

0.80/
0.37/
0.11

0.67/
0.43/
0.16

0.84/
0.47/
0.17

0.65/
0.65/
0.30

0.63/
0.57/
0.14

0.83/
0.36/
0.11

ET
0.58/
0.41/
0.24

0.39/
0.36/
-0.05

0.62/
0.38/
0.11

0.89/
0.31/
-0.02

0.85/
0.50/
0.44

0.43/
0.37/
0.07

0.61/
0.44/
0.06

0.89/
0.54/
0.17

0.80/
0.36/
0.10

0.62/
0.36/
0.09

0.79/
0.42/
0.11

0.62/
0.42/
0.27

0.73/
0.65/
0.31

0.82/
0.30/
-0.03

(b) Physiology + Env60

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14

RF
0.55/
0.37/
0.14

0.57/
0.38/
0.03

0.65/
0.40/
0.15

0.87/
0.47/
-0.07

0.82/
0.37/
0.14

0.59/
0.39/
0.18

0.77/
0.38/
0.20

0.89/
0.31/
0.00

0.80/
0.36/
0.09

0.75/
0.50/
0.25

0.85/
0.31/
-0.05

0.53/
0.50/
0.09

0.68/
0.55/
0.14

0.83/
0.30/
0.00

GB
0.65/
0.45/
0.36

0.55/
0.47/
0.13

0.69/
0.51/
0.31

0.91/
0.48/
-0.03

0.82/
0.42/
0.23

0.39/
0.27/
0.07

0.68/
0.35/
0.08

0.89/
0.31/
0.00

0.76/
0.35/
0.06

0.65/
0.38/
0.11

0.83/
0.30/
-0.06

0.62/
0.61/
0.25

0.66/
0.59/
0.18

0.83/
0.36/
0.11

ET
0.58/
0.39/
0.17

0.49/
0.37/
-0.00

0.66/
0.45/
0.22

0.78/
0.44/
-0.11

0.85/
0.50/
0.44

0.45/
0.32/
0.06

0.71/
0.48/
0.13

0.89/
0.31/
0.00

0.78/
0.35/
0.06

0.63/
0.33/
-0.03

0.85/
0.40/
0.09

0.59/
0.56/
0.20

0.68/
0.52/
0.10

0.83/
0.30/
0.00

(c) Physiology + Env60 + Env480

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14

RF
0.55/
0.33/
0.08

0.59/
0.39/
0.01

0.62/
0.30/
0.05

0.82/
0.45/
-0.10

0.84/
0.42/
0.27

0.53/
0.33/
0.06

0.76/
0.37/
0.17

0.89/
0.31/
0.00

0.82/
0.41/
0.23

0.60/
0.26/
-0.05

0.86/
0.31/
-0.04

0.59/
0.55/
0.21

0.66/
0.50/
0.06

0.83/
0.30/
0.00

GB
0.58/
0.34/
0.11

0.49/
0.41/
-0.00

0.69/
0.49/
0.29

0.89/
0.31/
-0.04

0.80/
0.42/
0.20

0.41/
0.29/
0.10

0.70/
0.37/
0.11

0.87/
0.31/
-0.02

0.76/
0.35/
0.05

0.62/
0.31/
-0.02

0.85/
0.39/
0.09

0.65/
0.64/
0.31

0.66/
0.59/
0.18

0.83/
0.36/
0.11

ET
0.55/
0.36/
0.08

0.57/
0.41/
0.05

0.68/
0.46/
0.25

0.78/
0.51/
0.04

0.85/
0.47/
0.38

0.41/
0.29/
0.06

0.75/
0.35/
0.14

0.89/
0.31/
0.00

0.76/
0.38/
0.12

0.62/
0.34/
-0.00

0.86/
0.31/
-0.04

0.62/
0.60/
0.26

0.66/
0.46/
0.01

0.82/
0.30/
-0.03
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Table A.2
Stage 2 controller performance across all oracle feature representations and controller variants.

Oracle Controller Variant Comfort Reward HVAC Δ𝑇 Reward/Energy Comfort/Energy Decrease No Change Increase

Phys+60 CB Bandit Comfort 0.700 89.942 3.342 26.917 0.210 0.093 0.817 0.090
Phys+60 CB Bandit Balanced 0.698 89.344 3.202 27.900 0.218 0.087 0.838 0.075
Phys+60 CB Bandit Energy 0.695 88.703 3.100 28.616 0.224 0.081 0.855 0.064
Phys+60 QL QL alpha=0.16 0.668 84.442 2.628 32.132 0.254 0.019 0.978 0.003
Phys+60 QL QL alpha=0.08 0.667 84.314 2.712 31.087 0.246 0.031 0.960 0.009
Phys+60 QL QL alpha=0.05 0.667 84.112 2.708 31.059 0.246 0.031 0.954 0.015
Phys+60 QL QL alpha=0.12 0.667 83.804 2.750 30.469 0.242 0.046 0.953 0.001
Phys+60 DQN DQN lr=0.0002 0.678 84.382 3.343 25.238 0.203 0.417 0.386 0.198
Phys+60 DQN DQN lr=0.0005 0.678 83.932 3.650 22.996 0.186 0.538 0.260 0.202
Phys+60 DQN DQN lr=0.0003 0.679 83.703 3.426 24.433 0.198 0.551 0.270 0.179
Phys+60 DQN DQN lr=0.0001 0.678 83.533 3.798 21.994 0.178 0.592 0.309 0.099
Phys+480 CB Bandit Comfort 0.684 87.417 3.602 24.269 0.190 0.084 0.781 0.134
Phys+480 CB Bandit Balanced 0.682 86.923 3.379 25.726 0.202 0.075 0.808 0.117
Phys+480 CB Bandit Energy 0.678 86.326 3.184 27.110 0.213 0.058 0.848 0.095
Phys+480 QL QL alpha=0.16 0.658 82.764 2.642 31.324 0.249 0.019 0.978 0.003
Phys+480 QL QL alpha=0.08 0.658 82.553 2.707 30.494 0.243 0.034 0.963 0.003
Phys+480 QL QL alpha=0.05 0.659 82.552 2.697 30.604 0.244 0.034 0.956 0.010
Phys+480 QL QL alpha=0.12 0.658 82.263 2.756 29.849 0.239 0.046 0.953 0.001
Phys+480 DQN DQN lr=0.0001 0.664 82.374 3.225 25.542 0.206 0.477 0.427 0.096
Phys+480 DQN DQN lr=0.0002 0.666 82.258 3.377 24.357 0.197 0.403 0.440 0.157
Phys+480 DQN DQN lr=0.0005 0.664 82.078 3.436 23.887 0.193 0.419 0.377 0.204
Phys+480 DQN DQN lr=0.0003 0.664 81.781 3.310 24.704 0.201 0.446 0.443 0.111
Phys+60+480 CB Bandit Comfort 0.696 87.382 3.548 24.627 0.196 0.103 0.795 0.102
Phys+60+480 CB Bandit Balanced 0.694 86.917 3.346 25.972 0.207 0.089 0.824 0.087
Phys+60+480 CB Bandit Energy 0.691 86.357 3.175 27.200 0.218 0.071 0.857 0.072
Phys+60+480 QL QL alpha=0.16 0.668 82.764 2.639 31.359 0.253 0.019 0.978 0.003
Phys+60+480 QL QL alpha=0.05 0.668 82.492 2.724 30.289 0.245 0.035 0.950 0.015
Phys+60+480 QL QL alpha=0.08 0.667 82.340 2.773 29.689 0.241 0.040 0.951 0.009
Phys+60+480 QL QL alpha=0.12 0.668 82.224 2.750 29.895 0.243 0.044 0.954 0.001
Phys+60+480 DQN DQN lr=0.0001 0.677 82.809 3.568 23.206 0.190 0.541 0.329 0.130
Phys+60+480 DQN DQN lr=0.0002 0.679 82.638 3.292 25.105 0.206 0.470 0.375 0.155
Phys+60+480 DQN DQN lr=0.0005 0.674 82.306 3.205 25.677 0.210 0.464 0.362 0.174
Phys+60+480 DQN DQN lr=0.0003 0.677 82.203 3.364 24.435 0.201 0.474 0.409 0.117
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