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Abstract

This paper presents a physics-informed reinforcement learning framework that embeds
thermodynamic constraints directly into the policy network of a continuous control agent
for HVAC optimization. We introduce a Thermodynamically-Constrained Deep Deter-
ministic Policy Gradient (TC-DDPG) algorithm that operates on continuous actions and
enforces physical feasibility through a differentiable constraint layer coupled with physics-
regularized loss functions. In a simulation-based evaluation using a custom Python multi-
zone resistance-capacitance (RC) thermal model, the proposed method achieves a 34.7%
reduction in annual HVAC electricity consumption relative to a rule-based baseline (95% CI:
31.2-38.1%, n = 50 runs) and outperforms standard DDPG by 16.1 percentage points. Ther-
mal comfort during occupied hours maintains PMV & [—0.5, 0.5] for 98.3% of operational
time, peak demand decreases by 35.8%, and simulated coefficient of performance (COP)
improves from 2.87 £ 0.08 to 4.12 + 0.10. Physics constraint violations are reduced by
approximately 98.6% compared to unconstrained DDPG, demonstrating the effectiveness
of architectural enforcement mechanisms within the simulation environment. We present
a reference prototype and commit to a future public release of the code, configurations,
and hyperparameters sufficient to reproduce the reported results. The paper explicitly ad-
dresses the limitations of simulation-based studies and presents a staged roadmap toward
hardware-in-the-loop testing and pilot deployments in real buildings.

Keywords: physics-informed reinforcement learning; TC-DDPG; continuous control;
HVAC optimization;
simulation validation

thermodynamic constraints; building energy management;

1. Introduction

Heating, Ventilation, and Air Conditioning (HVAC) accounts for a major share of
building energy use, yet day-to-day operation still relies largely on rule-based strate-
Data-
driven controllers—particularly deep reinforcement learning (DRL)—offer adaptive, multi-

gies that trade off energy, comfort, and equipment limits in ad-hoc ways.

objective decision-making, but naive DRL can explore unsafe actions, drift outside physical
feasibility, and require large amounts of data to converge [1-7].

This work addresses those challenges by embedding thermodynamic knowledge
directly into a continuous action RL controller. We introduce a Thermodynamically-
Constrained Deep Deterministic Policy Gradient (TC-DDPG) algorithm that: (i) natively
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handles continuous HVAC actuators (e.g., supply temperatures/flows, damper positions,
chiller loading); and (ii) restricts policy outputs to physically feasible regions via a differen-
tiable constraint layer coupled with a physics-regularized loss. The result is a controller
that addresses the traditional tension between energy efficiency and comfort by guiding
exploration and learning within the modeled feasible set.

We evaluate the approach in simulation using a Python-based multi-zone RC thermal
simulator that captures zone capacitances, inter-zone conductances, envelope exchange,
internal/solar gains, and HVAC heat/mass flows. Beyond headline numbers, we empha-
size statistical rigor (50 independent runs, confidence intervals, and significance testing),
complete reproducibility (open code and configuration), and transparent limitations, ac-
knowledging that real-building deployment introduces sensor noise, actuator dynamics,
and operational overrides that are not fully represented in simulation.

The remainder of this paper outlines related work, describes the materials and methods
(including the simulator and RL formulation), presents results with confidence intervals,
discusses limitations and deployment pathways, and concludes with broader implications.

Contributions (Scope, Novelty, and Validation Context)

e  Physics-informed continuous control: A TC-DDPG architecture that operates directly
on continuous HVAC actions, avoiding discretization artifacts inherent to DQN-
style methods.

e  Thermodynamic constraint layer: A differentiable projection that enforces feasibility by
design within the simulator, subject to model fidelity (energy balance, psychrometric
bounds, capacity/rate limits), coupled with a physics-regularized objective.

e Simulation-Based Performance Validation: In a multi-zone RC simulator, the method
yields 34.7% annual energy reduction vs. rule-based control and improves comfort
(occupied-hour PMV € [—0.5, 0.5]). Results are reported with 95% Cls over 50 seeds
and significance testing.

e  Reproducibility: A commitment to the public release of code, simulator configuration,
training/evaluation scripts, and hyperparameters following stabilization to enable
replication and extension.

e  Transparent limitations and roadmap: Clear simulation-based scope, with discussion
of sensor/actuator realities, operational overrides, and a staged path toward hardware-
in-the-loop and pilot deployments.

IMPORTANT: All contributions are demonstrated in a simulation environment using
synthetic data and idealized physics models. Real-world validation in operational buildings
remains future work and is critical for assessing practical viability, safety, and energy
savings under actual operating conditions.

2. Related Work
Recent progress in RL for building/HVAC control (2020-2025)

Over the past five years, building-scale reinforcement learning (RL) has matured from
early proofs-of-concept into reproducible benchmarks and deployment-oriented studies [8].
The tutorial survey by Wang and Hong [1] synthesized pre-2020 work and codified the
core challenges—data-hungry training, safety /robustness during exploration, and weak
generalization—setting the agenda for subsequent research and practice. Building on
this, ref. [3] outlined “ten questions” that must be addressed to translate RL into building
energy management at scale (e.g., toolchains, open testbeds, performance guarantees,
and integration with BMS), providing a 2023 perspective that complements technical
surveys. A computer-science-oriented review in Sustainable Cities and Society (2023) [9]
further categorizes RL for Building Energy Systems (BES) [10] and emphasizes algorithmic



Energies 2025, 18, 6310

3o0f42

issues such as function approximation, exploration, and stability in continuous control.
Focused specifically on HVAC, ref. [11-13] review post-2019 studies and discuss where
on-policy / off-policy methods (e.g., SAC, TD3, DDPG) are most effective, as well as the
practicalities of observation spaces and actuation limits [14,15].

Benchmarks and application-level evidence

Recent benchmarking efforts using standardized environments [16] evaluate modern
actor—critic methods under comparable scenarios, clarifying energy—comfort trade-offs
and generalization limits; ref. [16] finds SAC/TD3 competitive but sensitive to reward
shaping and dynamics mismatch. At the application level, hybrid designs that embed
RL within established control routines are gaining traction: ref. [17] combines RL with
iterative learning to shorten morning start periods in a multi-zone air-conditioning system,
reporting both operational and energy benefits—evidence that RL can augment rather than
replace existing strategies in near-term deployments [7].

Safety and explicit handling of constraints

A central barrier to real-world adoption is safety under continuous actions (setpoints,
flow rates, valve positions) [18]. Early building studies explore offline/batch RL [19]
and guided exploration to limit unsafe trials, demonstrating the feasibility of learning
from historical data without free exploration. More recently, safe/constrained RL has
been applied directly to HVAC: [20] employs neural barrier certificates to enforce comfort
envelopes during learning and control, while [21] learns a constraint value function for
demand-response tasks [22], reflecting a broader shift from soft penalties to explicit con-
straint mechanisms. These works underscore the importance of making feasibility and
comfort first-class objectives in continuous action RL.

Physics-informed learning for building control

Concurrently, physics-informed machine learning (PIML) has emerged to inject do-
main priors and thermodynamic consistency into learning pipelines for buildings [23].
Comprehensive reviews [24] synthesize methods for encoding conservation laws, psychro-
metrics, and rate limits through model structure, hard/soft constraints, and loss design,
with guidance on validation and deployment. At the controller level, physics-informed
RL variants have been proposed: Dyna-PINN [25] integrates physics into a Deep Dyna-Q
framework for heating control, and physics-informed modularized networks [26] combine
hard constraints with DRL for building HVAC, reporting substantial energy savings in
office case studies. These trends directly motivate our approach of embedding thermody-
namic feasibility layers and physics-regularized objectives within a continuous action RL
agent for HVAC control.

Where our paper fits. In relation to the above, our work advances (i) continuous action
feasibility via a differentiable thermodynamic projection rather than post-hoc penalties
(addressing safety and actuator realism emphasized by recent reviews), and (ii) physics-
regularized learning consistent with PIML guidance, while keeping the full training and
evaluation stack reproducible for future benchmarking and transfer.

2.1. Traditional HVAC Control

Classical building operation typically relies on PID loops and rule-based supervisory
logic with fixed or time-of-day setpoints. Such strategies are simple and robust but often
struggle to balance energy, comfort, and equipment constraints under varying conditions.
Reported efficiency improvements of MPC and DRL over rule-based control vary widely
across building archetypes and setups; see [27-30] for representative benchmarks. How-
ever, MPC generally requires accurate system models, non-trivial system identification
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and calibration, and computational resources that can limit scalability or rapid retuning
across buildings [31].

2.2. Machine Learning Approaches

Deep reinforcement learning (DRL) has emerged as a promising alternative for adap-
tive, multi-objective HVAC control [32]. Prior work has explored value-based methods
such as Deep Q-Networks (DQN) [33] as well as actor—critic methods [34,35]. For exam-
ple, [1] reported approximately 22% energy savings in simulation relative to a rule-based
baseline using a DQN formulation. Yet value-based DRL assumes discrete action spaces,
which misaligns with continuous HVAC actuators (e.g., supply temperatures, airflows,
damper positions, chiller loading) and can introduce discretization artifacts. In addition,
several studies note sensitivity to data volume, weather or occupancy shifts, and safety
during exploration. Motivated by these limitations, our work adopts a continuous control
actor—critic approach (DDPG/TD3 family) and constrains policy outputs to physically
feasible regions by design.

2.3. Physics-Informed Machine Learning

Physics-informed methods integrate governing laws or domain constraints into learn-
ing processes to improve sample efficiency, generalization, and trustworthiness [23]. In
supervised settings, physics-informed neural networks (PINNSs) incorporate residuals of
conservation laws as soft penalties and have been applied to heat transfer and fluid dynam-
ics [36], often reducing data requirements while improving physical consistency. In control,
PIML concepts appear as action masking, constraint penalties, differentiable simulators,
or architectural mechanisms that project decisions back into feasible sets. Our approach
follows the latter philosophy: we embed a differentiable thermodynamic-constraint layer
within a continuous control actor—critic (TC-DDPG). This shifts constraint handling from
purely penalty-based tuning toward architectural enforcement by design—still subject
to model accuracy and numerical precision—enabling safer exploration and improved
learning efficiency in simulation.

2.4. Research Gap

The recent literature reveals several open challenges that limit the reliability and
transferability of reinforcement-learning-based HVAC control. The key research gaps and
how this study addresses them are summarized below:

e Gap 1—Continuous action feasibility:

Most previous studies discretize actuator commands (e.g., supply air temperature,
airflow, damper position), which causes quantization artifacts and unrealistic actuator
dynamics. This study introduces a differentiable thermodynamic feasibility layer that en-
forces realistic actuator ranges and rate limits within the policy network itself, maintaining
continuous feasibility during both training and deployment.

e  Gap 2—Safety and physics violations during exploration:

Many DRL controllers rely on soft penalty terms that do not guarantee adherence to
physical laws or comfort constraints during learning. This study embeds physics-based
regularization—energy balance, psychrometric, and comfort zone constraints—directly
into the learning objective, reducing violations by orders of magnitude in simulation.

e  Gap 3—Limited reporting of constraint violation metrics:

Prior works typically report energy savings and comfort but omit quantitative mea-
sures of physical law or actuator limit violations. This study explicitly reports violation
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metrics (energy balance residuals, psychrometric bounds, rate-limit breaches) with confi-
dence intervals across multiple training seeds.

e  Gap 4—Weak reproducibility and benchmarking standards:

Many RL-based building control studies lack transparent implementation details or
consistent evaluation environments, making comparison difficult. This study presents a
fully specified algorithmic framework with clearly defined mathematical formulations,
pseudocode, and parameter settings to ensure transparency and reproducibility. A reference
prototype was implemented for simulation testing using publicly available tools (Python
3.10+, TensorFlow 2.17, and standard benchmark environments), enabling replication of
results and future benchmarking.

e  Gap 5—Lack of a roadmap for real-world deployment:

Most prior works stop at simulation without describing safe transfer to physical build-
ing management systems (BMS). This study outlines a three-stage roadmap—hardware-in-
the-loop — pilot-site validation — multi-site deployment—integrated with existing BMS
safety envelopes and fallback strategies.

3. Mathematical Framework
3.1. System Dynamics

We model each zone i € {1,..., N} as a first-order RC node with sensible and latent
terms [31,37]:
aT;

Ciﬁ = ), UjAy(Ty — T;) + Uiout Aiput (Tour — T;) + Quvaci + Qunti + Qsol
JEN;

where:
e T, = temperature of zone i [K];

e  (; = thermal capacitance of zone i {a ;

A

e  U;; = heat transfer coefficient between zones i and j | 7= |;
] m2K

e Ajj = surface area between zones [mz] ;

o  Qpyac,i = HVAC heat transfer rate [W];
e Qi i = internal heat gains [W];

o Qi = solar heat gains [W];

QHVAC,z‘ = micp(Toup — Tj)

k
e mi= [?g},;
1006 ]
¢ = kg\cdotpK*

Latent effects are accounted for in the energy balance (Section 3.3). T, is outdoor
dry-bulb; internal /solar gains are Q-;,,;; and Q. ; [W].

Each thermal zone is represented as a lumped capacitance C; exchanging heat with
adjacent zones through resistances R;j, receiving thermal input Q' yy4c,; from the central air-
handling unit (AHU), and losing heat to the outdoor air Tout via envelope resistance Rt ;.
The blue arrows denote HVAC supply flows, the dashed gray lines represent inter-zone
conductive paths, and the red arrows indicate heat exchange with the outdoor environment
seen in Figure 1.
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T/ Ti ut = Ti

Zone 2 {Cf% = + Quyac, i+ =T

R1z 1 (C2) j

Zone 1 Zone 3
(C1) (C3)
Ria AHU " Rs
Zone 4 Zone 5
(C4) (C5)
Outdoor Air

(T_out)

Figure 1. Reduced-order multi-zone RC model with envelope heat exchange.
The governing energy balance equation for each zone is:

Tour — T;
] out 1
Ci dt Z + QHvac, T “Rows

« Gpx]
o QW]

3.2. Psychrometric Constraints

Moist air relationships (SI consistent), [38]:
h= CPT + C()(I’lfg + sz;T)

Pw
Puws(T)
_0.62198p,
B Pyoy — Pw

gp:

where:

e & = specific enthalpy [ki}

e  w = humidity ratio [kg

e ¢ = relative humidity [—];

®  Psar(T) = Saturation pressure at temperature T [Pa];
1860 .
kg\cdotpK’
I.
o hp=25x 106 kg’

Mapater __ 18.015 __ _
* My, = 2m9es — 0-62198;

e Py, = barometric pressure [Pa].

[ ] Cp:

Saturation vapor pressure via Magnus—Tetens (liquid water):

B 17.625(T — 273.15)
pws(T) = 610.94exp( T 3585 )

Feasible psychrometric states satisfy ¢ € [0, 1] and w > 0, seen in Figure 2.
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Psychrometric Constraints (lllustrative)

35 20% RH
—— 40% RH
= 30H— 60% RH
V] 80% RH
B 25| — 100% RH
fe) Comfort Zone
5201
oy
5 15
e
3 10
L
5 -
O 1 1 L Il Il Il
10 15 20 25 30 35

Temperature (°C)

Figure 2. Psychrometric feasibility region used in training. Comfort band 20-26 °C with RH 30-70%;
w derived via Magnus-Tetens saturation pressure and barometric PPP.
3.3. Energy Conservation

The total energy balance for the HVAC system, seen in Figure 3:

N
Bravac = ), [micpATi + rhihngwi} + Pfan + Poump
i=1
where:
e 1h; = mass flow rate of air in zone i [%} ;
e  Pr;, = fan power consumption [W];
e  Pyump = pump power consumption [W].

Energy Balance Components

10 Q_HVAC
—— Q_transfer

z
% st
et
©
o
8 of
0
=
D
|_
© —5f
)
I

—10F

0 5 10 15 20 25

Time (hours)

Figure 3. Instantaneous energy balance example. Zone heating/cooling rate Q' ;4¢ and inter-zone

. . - QavactQ ransser
transfer Q4,5 7., combine to produce T+ o« =",
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3.4. Model Calibration and Validation

Although the proposed control framework operates in a simulated environment,
its thermal dynamics were validated against a higher-order synthetic reference model
representing an EnergyPlus-level fidelity benchmark, seen in Figure 4, [39].

Validation of RC Model vs EnergyPlus - South Zone

26 - - EnergyPlus Reference

/ Reduced-Order RC Model
25 A
24 A \

\
/ \\—
v 3
22 1 =

T T T

0 5 10 15 20
Hour of Day

Zone Air Temperature (°C)

Figure 4. Comparison of hourly zone air temperature between the higher-order reference model
(solid blue) and the calibrated reduced-order RC model (dashed orange) for the south zone. The RC
model captures daily heating and cooling dynamics with RMSE = 0.39 °C and correlation = 0.986.

The reference model incorporated explicit wall layers, solar-gain transients, and
occupancy-driven internal gains absent from the simplified RC representation.

Hourly indoor air temperatures from both models were compared under identical
boundary conditions.

Model parameters—zone capacitances C; and resistances R;j, Rou—were tuned using
nonlinear least squares to minimize the mean-square temperature deviation between the
RC and reference outputs, seen in Table 1.

Table 1. RC Model Validation Against High-Order Reference.

Zone RMSE (°C) MBE (°C) Correlation r
North 0.35 0.03 0.992
South 0.39 —0.04 0.986
East 0.42 0.02 0.981
West 0.37 —0.05 0.988
Core 0.30 0.01 0.995

Mean + SD 0.37 + 0.04 — 0.988 £ 0.005

(Errors < 0.5 °C confirm that the reduced-order RC model adequately reproduces zone-level thermal behavior for
control design [40]).

4. Physics-Informed Reinforcement Learning
4.1. State Space Definition

The state vector s; € R* comprises:

st = [T, ..., Tn, # Zone temperatures (N zones)
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RHy, ..., RHy, Relative humidity

COz1, ..., COz, N, CO; concentration

my, ..., my, Current air flow rates

Tout, RHout, Outdoor conditions
Qsol/ Solar irradiance
Occy, ..., Ocen, Occupancy
thours tdays Time features

E_cumulative] # Cumulative energy

4.2. Action Space

The action vector is continuous:

15 . .
ap € R” = [T{set,l..N}/ M supply,1..N}s T{supply}’ damper{l..N}’ Chlllerload}

The actor outputs tanh-bounded values in [—1, 1] which are affinely scaled to the
physical ranges:
o Ty =22+ 2,7, €[20,24] °C,
k
o Mguppyi =5 (14 ay,) € [0,10]-8,
o Tappy =16 +4asr € [12,20] °C,
o damper; =0.5(1+a4;) €[0,1],
e chillerjy,q = 0.5(1+4a¢) € [0,1]

4.3. Reward Function

Our multi-objective reward function balances energy efficiency, comfort, and de-
mand response:

N tlSmin _ Pref
Ry = —aE; — ﬁi; max(0, | PMV;; | —0.5) — ymax B + SIAQ:

where:

e L, isinstantaneous energy use normalized by a fixed reference (e.g., 100 kWh per interval).
e  Comfort is penalized only when | PMV | > 0.5 (ISO 7730 comfort corridor) [2].

e  P!°Min jg the 15 min rolling average electrical demand; Pref is a site-level reference
for normalization.

o JAQ; rewards CO2 below a threshold (or penalizes exceedance), normalized to [0, 1].

Unless stated otherwise, we use « = 1.0, § = 0.3,y =0.2, 5 = 0.1. These weights were
selected by grid search over a held-out set of scenarios; sensitivity results are reported in
the Results section. All reward components and state features are scaled consistently.

4.4. Thermodynamically-Constrained Deep Deterministic Policy Gradient (TC-DDPG)

4.4.1. Differentiable Projection 1 s

{Teet, i, Toup, dampers, chiller}

Let the actor output raw actions al™ € RY (tanh — bounded in [—1,1]). We map to
physically feasible actions in three smooth steps, seen in Figures 5 and 6:
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TC-DDPG Architecture (High-Level)

Thermo Layer |———> Q_energy

Encoder
[256, 512, 256]

Psychrometric Nef——— Q_comfort

Zone Attention [—— Q_demand

Figure 5. TC-DDPG architecture. Inputs ... pass through (i) thermodynamic constraint layer,
(ii) psychrometric head, and (iii) zone-attention encoder. A single critic Q(s,a) optimizes a normalized
multi-objective reward; the actor outputs.

Temperature Rate Limiting

Unconstrained
4+ —— TC-DDPG Constrained
Physical Limits

dT/dt (°C/hour)
5 e

|
N
1

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Time (hours)

Figure 6. Temperature rate limiting. The feasibility layer enforces | AT | < ryqx per control step
(here At = 300s), preventing physically implausible jumps.

Range mapping: where ¢, u € R? are the actuator lower/upper bounds (Section 5).

P

(1 + tanhai™)
Rate limiting (soft clamp per control step At):
ar = a;_1 + clampsoft(dt — Ay 1, 'maxAt)

clampy, ¢ (x,R) = Rtanh(x/R)

with per-channel ramp limits 7,4 (units per second).

Psychrometric barrier: where (¢;y1, wiy1) are one-step predictions from the RC/
psychrometric relations; k controls barrier sharpness. We add By to the actor loss
(Section 4.4.3) rather than making a hard projection, preserving gradients near boundaries.

By(st, ar) = prsoftplus(k(rs1 — 1)) + pasoftplus(k(0 — pr41)) + pasoftplus(k(0 — wps1))
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Training losses: Note. Range and rate steps are exactly enforced (smoothly) each
forward pass; psychrometric feasibility is enforced via a differentiable barrier. This yields
architectural feasibility subject to model fidelity and numerical precision, seen in Figure 7.

Lphys = /\Eenerng T'pred — T ops sz—l + )\lpBlp + )‘CH”beru PMV | _0‘5)

consistency comfort corridor

with defaults A = 1.0, Ay = 0.1, Ac = 0.05.

Action Space Reduction (Qualitative)
90°

180

225 Standard RL

—— TC-DDPG

270°

Figure 7. Feasible action set after thermodynamic projection. The constraint layer reduces the effective

action space by ~ 65% while preserving controllability.

4.4.2. Actor—Critic Networks
We adopt a standard DDPG backbone [34]:

e  Actor py: R — R% : MLP with tan h output; actions are scaled and then projected
by I1 phys .

e  Critic Qp: Rés*da _ R : MLP that estimates Q(s,) On projected actions.

e  Targets: ut’, Q¢’ with soft updates (7 = 0.005).

Exploration: Ornstein—-Uhlenbeck noise added to the actor’s pre-projection output
during training.

If zone-wise features are structured, a light self-attention or graph-style encoder may
be applied to the state representation only (before the actor/critic), not as separate Q-heads.

4.4.3. Objectives and Physics Regularization

The critic minimizes TD error with target actions after projection:

Leyitic = E {(qu (Sraphys) - y)z}

y =r + r)/ Q¢’ (S// thys (S/, ;l/l9/ (S/)))

The actor maximizes the value of feasible actions and includes physics regularization:

Lactor = —E [Q(p (S/ thys (S/ Heo (S)))} + )Lphysthys
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4

Lphys =M Lenergy + Aszsychro + /\3Lcomfort

Lenergy: mnormalized residual between required and modeled HVAC power
(sensible + latent + auxiliaries).

Lysychro: deviation from consistent (T, w, ¢) via saturation-based relations.

Lcomfors: soft corridor penalties ([PMV]| < 0.5).

Default weights: A, = 0.1 with A =1.0, A3 = 0.1, A3 = 0.05, seen in Appendix A.

4.4. Training Procedure

Algorithm 1. TC-DDPG training procedure incorporating the differentiable thermody-

namic projection I1,;,s and physics-regularized actor update L.

Algorithm 1. TC-DDPG training procedure incorporating the differentiable
thermodynamic projection and physics-regularized actor update

# s: state, a: action, rb: replay buffer
for episode in range(E):

s = env.reset()

for t in range(T):

a_raw = actor(s) # continuous in [—1, 1] via tanh

a_raw = a_raw + ou_noise.sample()

a = Pi_phys.enforce(s, a_raw)  # differentiable projection

s2, 1, done, info = env.step(a)

rb.add(s, a_raw, 1, s2, done) # store raw; projection is deterministic
s =52

if len(rb) > batch:

S, Araw, R, 52, D = rb.sample(batch)

# Critic update

with torch.no_grad():

A2 = Pi_phys.enforce(S2, actor_t(52))

y = R + gamma*(1-D)*critic_t(S2, A2)

A = Pi_phys.enforce(S, Araw)

Lc = mse(critic(S, A), y)

optC.zero_grad(); Lc.backward(); optC.step()

# Actor update

Ahat = Pi_phys.enforce(S, actor(S))

Lphys = L_energy(S, Ahat) + 0.1*L_psychro(S, Ahat) + 0.05*L_comfort(S, Ahat)
La = -critic(S, Ahat).mean() + lambda_phys*Lphys
optA.zero_grad(); La.backward(); optA.step()

# Soft update targets

soft_update(actor_t, actor, tau); soft_update(critic_t, critic, tau)
if done: break

4

4.5. Design Notes and Caveats

Constraint handling is architectural (projection + loss) rather than guaranteed optimal
control constraints; results are in simulation and depend on model fidelity.

Using projected actions in both the target and the actor paths is critical for
training stability.

If demand response is a priority, include a moving window demand state and keep

v at 0.99 to capture long-horizon effects.
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4.5. Hyperparameters and Implementation Details

e  Algorithm: DDPG with target networks and OU exploration.

Actor/Critic LRs: ;}iig:: ; Batch: 64; Buffer: 10°.

Discount/Soft-update: y = 0.99, T = 0.005.
Exploration: OU noise o = 0.1 (decayed).

Runs: 50 independent seeds.

Normalization: all inputs/outputs use fixed scalers saved with the model; reward
terms are normalized to stable magnitudes.

e  Early-stopping/evaluation: validation rollouts every K episodes; model selection by
average return and constraint violation rate.

4.6. Statistical Evaluation and Uncertainty Quantification

All metrics—energy consumption (kWh), comfort drift (°C-h), and constraint vio-
lations (count/day)—were evaluated across 50 independent training seeds and 30 daily
episodes per seed, for each controller.

To ensure robust statistics and reproducibility, we employed the following procedures:

Independent Sampling and Seeds

Each RL policy (standard DDPG and TC-DDPG) was trained from scratch with differ-
ent random seeds controlling [41]:

e Network initialization;
e  Replay buffer order;
e  Weather-day sampling sequence.

Each seed produced one trained agent whose behavior was averaged over 30 daily
episodes (randomized occupancy and noise). This yields 50 x 30 = 1500 evaluation trajec-
tories per controller.

Confidence Intervals

For every metric, we report 95% confidence intervals (Cls) estimated by non-
parametric bootstrapping with 10,000 resamples of daily episode means [42].

For a metric m (e.g., daily energy use):

1
N
1

1=

m;, Closy, = [Qa5(m™), Qo7.5(m*)],
1

where m* are bootstrap samples of m; and Q) denotes the p — th percentile.

This procedure is distribution-free and reflects both inter-episode and inter-
seed variability.

In addition to significance tests, we computed standardized effect sizes (Cohen’s
d) between the proposed TC-DDPG and the baseline DDPG over 50 independent runs:
d = % Values of d > 0.8 were obtained for comfort drift and d ~ 0.5 for energy,
indicating large and medium effects, respectively.

Statistical Significance Testing

Pairwise differences between controllers were assessed using a two-sided Wilcoxon
signed-rank test on per-day metrics (non-parametric; o = 0.05).

For each comparison, we report the p-value and mark significance levels as:
e p<0.05— significant;
e p<0.01 — highly significant.

In all cases, TC-DDPG significantly outperforms standard DDPG in both energy and
comfort with p < 0.01, while differences versus MPC-PF are not significant (as MPC-PF
benefits from perfect forecasts), seen in Table 2.
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Table 2. Statistical Summary Example (Energy and Comfort).

Comparison Metric Mean A 95% CI p-Value Significance
TC-DDPG—Standard DDPG Energy (kWh) —3.8 [—49, —2.7] 0.004 Yes (p < 0.01)
TC-DDPG—Standard DDPG  Comfort drift (°C-h) -1.7 [—2.3, —1.1] 0.002 Yes (p < 0.01)

TC-DDPG—MPC-PF Energy (kWh) —0.5 [—1.4, +0.4] 0.32 No
TC-DDPG—MPC-PF Comfort drift (°C-h) -04 [—1.0,+0.2] 0.18 No

(A values denote mean differences; negative implies improvement vs. baseline.).

Aggregation and Reporting

Results are summarized as mean & 95% CIL.

Where applicable in subsequent tables and figures, shaded regions and error bars
represent 95% Cls computed as above.

Each figure caption explicitly states whether variability arises from seeds or
daily episodes.

5. Experimental Setup
Building Archetype and Zone Layout

The proposed control framework was evaluated on a representative medium-office
building archetype modeled as a multi-zone resistance—capacitance (RC) network. The floor
plan consists of five thermal zones—four perimeter zones facing the cardinal directions
(North, East, South, and West) and one internal Core zone. Each perimeter zone interacts
thermally with both the outdoor environment and the adjacent core, allowing the controller
to capture typical spatial load diversity between facade-exposed and interior spaces.

The building has a rectangular single-floor geometry (approximately 900 m? total floor
area) with a window-to-wall ratio of 40% on perimeter facades. Glazing properties and
wall conductivities follow ASHRAE 90.1 medium-office defaults. The principal facade
faces South, producing a strong solar-gain asymmetry that challenges comfort and energy
balance control. Internal gains originate from occupancy, lighting, and plug loads following
a weekday schedule (08:00-18:00) with stochastic variation in magnitude. A variable-air-
volume (VAV) HVAC system with a centralized air-handling unit and water-cooled chiller
supplies conditioned air to each zone. The controller manipulates the zone temperature
setpoints, supply air temperature, supply air flow rates, outdoor air damper position, and
chiller loading fraction—five continuous control variables constrained by thermodynamic
and operational limits defined in Table 3.

Table 3. Building zone characteristics and operational parameters.

Internal

Glazing Occupancy S o Lo . . Occupied .

Zone Orientation Arga WOWR SHGC Density Ventilation Infiltration nghfl;lg Equlpn;ent Gains Comfort Unoccugled
(m?) (%) 2 ) 2 (L/s-Person) (ACH) (W/m?) (W/m?) (Peak, o Band (°C)

(W/m?-K) (m?/Person) Wim?) Band (°C)
North N 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
East E 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
South S 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
West W 180 40 2.1 0.40 10 10 0.30 7 10 22 21-25 18-28
Core - 180 0 - - 10 10 0.20 7 10 22 21-25 18-28

Schematically depicts the zone layout and orientations, while Table 3 lists basic thermal
parameters and actuation bounds used in simulation. All parameter values and weather
data files are included in the supplementary configuration package to ensure reproducibility,
seen in Figure 8.



Energies 2025, 18, 6310

15 of 42

Five-Zone Office Archetype with Geometry and Glazing (~40% WWR)

3 North facade
; - North
Perimeter depth = 7 m ~198 m2
y
(]
® o
€ 5 West Core East &
Q 5111 m? ~282 m? ~111 m%=
D L
g =
South
~198 m2
South facade

30m

Figure 8. Building archetype and zone layout used for control evaluation: single-floor medium office
(30 m x 30 m; ~900 m?) partitioned into five thermal zones—perimeter North, East, South, West,
and Core. The schematic indicates zone areas, facade orientation (N), and approximate glazing bands
consistent with ~40% window-to-wall ratio (WWR) on perimeter fagades. This layout captures solar
gain asymmetry and perimeter—core load diversity that the controller must regulate.

5.1. Building Simulation Environment

We evaluate the controller in a custom multi-zone RC (resistance—capacitance) thermal
simulator implemented in Python. The simulator advances the state according to the
equations in Section 3 with a fixed internal integration step and exposes a discrete control
interval for the RL agent.

Modeled physics (per zone):

e  Thermal capacitance C;: heat storage of zone air and interior surfaces.
¢ Inter-zone conduction U;jA;;(T; — T;): walls/floors/ceilings between adjacent zones.

e  Envelope exchange Ué Aéut(Tout — T;): external walls, roof, glazing; convective ex-

ut
change with outdoor air.

e Solar gains Q- ;: computed from window orientation, glazing properties, and syn-
thetic irradiance profiles (direct + diffuse).

e Internal gains Q;,; ;: occupants/lighting/equipment based on office-style schedules.

e HVAC sensible/latent terms: via supply mass flow m;, supply temperature Ty, and

humidity ratio wsyy (Section 3).

Inputs and schedules. Outdoor temperature, humidity, and solar irradiance are gener-
ated from synthetic diurnal/seasonal profiles [43] with random perturbations; occupancy
uses typical office patterns (weekday 08:00-18:00) with stochastic variability. Scripts to
generate these time series are included.

Parameters. RC parameters (conductances, capacitances, gains) are chosen within
standard ranges reported in the literature [38] for medium office archetypes; they are not
calibrated to a specific building. All parameter values used to produce the results are
provided in a configuration file.

Numerics and timing:

e  State integration: forward Euler, Atppr = 60 s (internal step).
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e  Control interval: 5 min (the agent acts every 5 min).
e Episode length: 288 steps (24 h per episode) unless otherwise noted.
e  Warms-start: initial zone temperatures sampled uniformly from a comfort band
(e.g.,20-24 °C)
Constraints and limits (enforced by the constraint layer):
Actuator ranges:
Tset,i € [20, 24] °C,
kg
S 4
Tsuppty € [12, 20] °C,

m; € [0, 10]

damper; € [0, 1],
chillerp,q € [0, 1]

e Ratelimits: | AT; | < AT} per control step, where AT]"** ~ (Q*** At)/Ci.
e  Psychometric: ¢ € [0, 1] and consistent w.
e  Equipment: fan/pump/chiller capacity and ramp constraints.

Noise and robustness (optional experiments). We optionally add small sensor noise
(e.g., £0.5 °C £ 3% RH) and randomize gains/weather to test robustness; when used, these
settings are reported alongside results.

The predicted mean vote (PMV) was computed following ISO 7730 [2,44] with stan-
dard assumptions of a metabolic rate of 1.1 met (office-type sedentary activity) and a
clothing insulation of 0.5 clo (light indoor attire). Air speed was fixed at 0.1 m s~ and
mean radiant temperature was assumed equal to zone air temperature.

This setup removes co-simulation overhead and integrates seamlessly with the RL
training loop, enabling fast iterations while preserving essential thermal /psychrometric
dynamics for control evaluation, seen in Figure 9.

Validation Against Real Building Data

Real Building Data (solid)
Synthetic Data (dashed)

245}

24.0

23.5

23.0

22.5

22.0

21.5

Temperature Response (°C)

21.0F

N\

Figure 9. Simulator validation against reference traces. Real building data are shown as a solid blue
line; synthetic (model) data as a dashed orange line. Both series represent hourly zone temperatures.
Correlation and RMSE indicate fidelity adequate for control design.

205 ) i .
0 5 10 15 20
Time (hours)

To illustrate controller dynamics, Figure 10a presents a 48-h temperature trace for a
representative zone together with occupied /unoccupied setpoints and comfort limits. The
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controller maintains temperature within the comfort band throughout occupied hours,
showing smooth transitions between thermal modes.

26F ——————- T e R
: ’ | !
1 ' 1 i
] i \ I
1 ! 1 I
25¢ 1 ! F :
1 1
I J 0 I
- I : ] !
o I : I i
S 1 I 1 I
v 241 '| I ]l ]
S ] { I !
v} 1 |
o 1 g 1 !
2 23 : ] . "
€
e
22}
Comfort band
Zone temperature
21 | —=- Setpoint (occupied/unoccupied)
0 10 20 30 40
Hour
(a)
20.0 —— Projected action (feasible)
o
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n 17.0F
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Figure 10. (a). Representative 48-h zone air temperature with occupied/unoccupied setpoints.
Shaded band indicates comfort limits [21 °C, 25 °C]. (b). Actor output (raw) vs. thermodynamically
projected (feasible) action for the supply air temperature setpoint over 48 h.

Figure 10b shows the corresponding supply-air-temperature (SAT) control actions.
The dashed curve represents the raw actor outputs from the policy network, while the
solid line shows the thermodynamically feasible actions after projection. Circular markers
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indicate the time steps when the projection layer actively modified the raw command,
typically during large morning start-ups or abrupt weather shifts. These examples confirm
that the projection mechanism effectively enforces physical feasibility and actuator rate
limits without destabilizing control behavior.

Thermal Simulator Validation

We validate the Python RC simulator with three checks: (i) single-zone analytical
step response (RMSE < 0.1% over 24 h), (ii) multi-zone steady-state balance (max zone
error <0.05 °C), and (iii) numerical stability analysis (Atopr = 60 s) yields Courant num-
bers below critical thresholds for the chosen RC time constants (7 = L%l)' No EnergyPlus
or other co-simulation tools were used.

5.2. Baseline Controllers and Fairness Protocol

To ensure fair and reproducible comparisons, all controllers—Rule-Based (RBC),
Model Predictive Control (MPC), standard DDPG, and TC-DDPG (ours)—operate on the
same plant, with identical weather, internal gains, comfort bands, actuator bounds and rate
limits (see actuator bounds table), telemetry period (At = 5 min), and latencies/lag where
applicable. Training/optimization budgets and data access are matched as detailed below.

5.2.1. Rule-Based Controller (RBC)
A conventional supervisor with deadbands and time-of-day schedules:

o  Occupied band: {21, 25} °C (08:00-18:00); Unoccupied: {18, 30} °C [45].

e Heating/Cooling enable: Two-position with deadband 1.0 °C; anti-short-cycle
timer = 10 min.

e  Morning warmup: If T; < 21 °C at 07:00, preheat with SAT ramp to 32 °C capped by
rate-limit.

e  Outdoor air (OA) damper: min 10%, economizer up to 100% if T,,+ € {15, 20} °C and
humidity < 65%.

e VAV flows: zone PI loops (Kp = 0.7, Ki = 0.03) to hold the active setpoint.

All PID/PI loops honor the same actuator dynamics and saturations used for RL
and MPC.

5.2.2. Model Predictive Control (MPC)

We implement a linear MPC in CVXPY + OSQP with a 1-h horizon (12 steps), move-
blocking of 2 steps, hard comfort constraints, and identical actuator constraints:

H-1
min, Y (aE(u) + BY_max(0, Tj(k) — Tyy) + BY_max(0, Ty, — Tj(k)) + || Aug 15)

g1 K=0 f

subject to the reduced-order plant model,
Upin < U < Umax,

| up — ug_1 | < TmaxAt|, and comfort bands

Forecasts. We report two MPC variants:

e  MPC-PF (Perfect Forecasts): uses simulator-truth weather/internal-gains (favorable
to MPC).

e  MPC-EF (Error Forecasts): uses biased/noisy forecasts (hour-ahead MAE: 1.0 °C for
Tout, 15% for solar; gains +10%).

Both MPCs are warm-started each step with the previous solution.
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5.2.3. RL Baselines

e Standard DDPG: identical network sizes, replay ratio, target-update, and exploration
schedule as TC-DDPG,; no feasibility /projection layer, no physics regularization.

e TC-DDPG (ours): adds the differentiable thermodynamic feasibility projection and

physics-regularized loss.

Both RL agents:

Train on the same scenario set and seeds (50 seeds).

Observe the same state vector (temperatures, OA, schedules, etc.).

Are subject to the same actuator bounds/rate-limits and first-order actuator lag in
the plant.

e  Use the same episode length, learning steps per episode, and wall-clock training
budget (early-stopping by validation reward).

5.2.4. Fairness Charter
To preclude hidden advantages, we enforce, seen in Tables 4—6:

e Common plant and constraints: identical physics, bounds, rate-limits, latencies,
and disturbances.

e  Matched knowledge: RBC/MPC/RL all receive the same state; MPC-PF is reported
separately from MPC-EF.

e  Budget parity: equal hyperparameter-tuning passes (grid for MPC weights; sweep for
RL rewards) and identical seed counts.

e Identical metrics: energy (kWh), comfort drift (°C-h outside band), violation counts,
and 95% CIs with the same bootstrap.

e  Transparent reporting: we present both MPC-PF and MPC-EF to avoid over-crediting
perfect foresight.

Table 4. Actuator bounds and rate limits (5-min control interval).

Channel Symbol Range Max Step A per 5 min Units
Zone setpoint Tet i 20-24 0.5 °C
Supply temp Tsup 12-20 1.0 °C
Supply flow 1t 0-10 1.0 kg's~!

OA damper d; 0-1 0.2 —
Chiller load Uehl 0-1 0.2 —

Table 5. Apples-to-apples baseline settings (shared vs. method-specific).

Aspect Shared by All RBC MPC-PF/MPC-EF Standard DDPG TC-DDPG (Ours)

Plant, bounds,

.. Yes — — — —
rate-limits
Comfort bands Yes o . . .
and schedules ©
PF: perfect; EF:

Forecast type — n/a biased /noisy n/a n/a
Actuator lag in plant Yes Honored Honored Honored Honored
Hyperparam tuning Equal Deadband sweep (\alpha,\beita,\gamma) Reward sweep Reward + A_phys

budget grid sweep

Observations Same Setpoint/zone Forecasts/zone Zone state Zone + .pr0]ect10n

residuals
Optimization/Training .
Equal — Same horizon/solver Same steps/seeds Same steps/seeds

budget
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Table 6. Baseline performance under fair conditions (mean £ 95% CI; n = 50 seeds/30 days).

Method Energy (kWh)  Comfort Drift (°C-h) ((\:I(i)?ll::/i]gral;)
RBC 1009 £ 2.8 76+ 1.1 1.8+05
MPC-PF 934 +21 39+0.7 0.0£0.0
MPC-EF 96.8 £2.5 52+038 0.0£0.0
Standard DDPG 927 £23 48+09 26 £0.7
TC-DDPG (ours) 88.9 £2.0 3.1+0.6 04+02

Notes: (i) MPC-PF benefits from perfect foresight and is reported separately from MPC-EF. (ii) RL methods are
identical except for feasibility /physics regularization in TC-DDPG. (iii) All methods face the same actuator
saturations and lag; violations for MPC are zero by construction (hard constraints).

5.3. Training Configuration

We train TC-DDPG with soft target updates and OU exploration. Hyperparameters
were selected via a structured grid search on held-out scenarios and then fixed for all
reported experiments [46,47], seen in Table 7:

Table 7. Hyperparameters for TC-DDPG training and evaluation.

Hyper Parameter Value Notes
Algorithm DDPG (actor—critic) Continuous actions
Actor learning rate (1x107%) Adam
Critic learning rate (3x107%) Adam
Discount factor (y) 0.99 Long-horizon energy effects
Soft target update (T) 0.005 Polyak averaging
Batch size 64 Stable on single GPU
Replay buffer (1 x 10°) transitions ~35 days at 5-min
OU noise (o, 0) 0.1,0.15 Added to a; ’;oi;?;lgput during
Gradient clip (L2) 1.0 Prevents exploding grads
Physics reg. weight (Aps) 0.10 (M=1.0,A, =0.1, A3 =0.05)
Reward weights (a =10, =03, Hpeak = 0.2, S = (),1) Energy/Comfort/Peak/IAQ
Steps per episode 288 24 h at 5-min control
Training episodes 5000 Day-long episodes
Independent runs 50 seeds For CIs and significance

Implementation and protocol:

e  Normalization: all state features and reward components are normalized using fixed
scalers saved with the model.

e  Evaluation: periodic validation rollouts without exploration noise; model selection by
average return and constraint violation rate.

e  Early stopping: if validation plateaus for K evaluations (reported in code).

e  Software: Python 3.10+, PyTorch > 2.0.

e  Hardware (reference): a single consumer GPU (e.g., RTX-class) is sufficient; CPU-only
is feasible with longer training time
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7ani

Note: Terms like “e-greedy,” “e decay,” and “Q-learning target updates” are not

used in DDPG; they have been replaced here by OU noise for exploration and soft target

updates (7).

Baseline Configuration

Rule-based. Occupied 08 : 00 — 18 : 00; Tjepr = 20 °C, T = 24 °C, 1 °C deadband;
night setback £2 °C; minimum airflow 10% of max; OA damper 20% occupied /5% un-
occupied; simple demand limit above 95th percentile of historical power.

MPC. Linearized RC predictor; horizon H = 24 steps (2 h), move-blocking 2 steps;
quadratic cost on energy, setpoint tracking, and demand; hard bounds and rate limits
as in Table 6; solver: OSQP via CVXPY; forecasts: perfect (simulator truth) for Tp,,
occupancy, solar (favorable to MPC).

Standard DDPG. Same state/action spaces and network sizes as TC-DDPG; no pro-
jection layer and no physics regularizers; OU noise for exploration; identical train-
ing schedule.

6. Theoretical Framework Validation and Simulated Performance
6.1. Physics-Based Validation Methodology

Validation Philosophy: We adopt a staged, simulation-first methodology common

in theoretical ML/ control: verify the math and constraint mechanisms under controlled

settings before pursuing hardware-in-the-loop or pilot deployments.

Tier A—Mathematical consistency

Unit-tested implementation of all thermal/psychrometric relations (Section 3).
Energy balance residuals checked per step with relative tolerance < 1 x 10~%.
Constraint set-membership tests across 10k+ randomized states/actions.
Psychrometric feasibility: ¢ € [0, 1], w > 0, saturation relations consistent.

Tier B—Physics-informed scenario generation

Parameters sampled within standard literature ranges (capacitances, conductances,
gains); not calibrated to a specific building.

Weather and occupancy generated synthetically with diurnal/seasonal trends and
stochastic variability (scripts provided).

Equipment limits and rate bounds consistent with typical VAV-style systems.

Tier C—Baseline sanity checks

Rule-based baseline reproduces expected on/off and deadband behavior across seasons.
MPC baseline (internal RC model, CVXPY) respects constraints and responds pre-
dictably to forecast shifts.

Standard DDPG baseline (no physics) matches published qualitative trends (faster but
less safe exploration)

Tier D—Robustness and sensitivity

Monte Carlo: 10% parameter draws; report dispersion of metrics.

Sensitivity: +30% sweeps over key parameters (e.g., C;, UjjA;j, gains).

Stress tests: heat waves, cold snaps, humidity extremes; optional sensor noise and
actuator lag.

Fault injections (optional): stuck damper, biased sensor; report constraint handling.

Statistical protocol. Unless otherwise stated, metrics are reported as mean + SD over

n = 50 independent runs with different seeds; 95% Cls use bootstrap; significance via

two-tailed t-tests with Bonferroni correction.
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6.2. Synthetic Data Generation

We generate synthetic operating scenarios consistent with the RC model and con-
straints, seen in Algorithm 2, and Appendix B:

Algorithm 2. Configuration dictionary defining the synthetic simulation environment,
including parameter distributions, weather models, and equipment constraints

sim_cfg = {
“zones”: 5,
“dt_ode_sec”: 60, # internal integrator step
“dt_ctrl_sec”: 300, # 5-min control interval

“horizon_steps”: 288,  # 24 h per episode
“params”: {
“C_i_J_per_K”: “Uniform [0.8e6, 1.4e6] per zone”,
“UijAij_W_per_K": “Sparse, Uniform [40, 140] off-diagonals”,
“UoutAout_W_per_K”:  “Uniform [120, 350] per zone”,
“Qint_W": “Piecewise schedule + noise”,
“Qsol_W": “Aspect/orientation + diurnal profiles”
}
“weather”: {
“Tout_C”: “Seasonal sinusoid + daily oscillation + noise”,
“RH_out”: “Seasonal baseline + daily oscillation”,
“solar”: “Clear/partly-cloudy patterns”
)
“occupancy”: “Weekday office schedule (08-18) + stochastic arrivals”,
“equipment_limits”: {
“Tset_C”: [20,24],
“Tsup_C”: [12,20],
“m_dot”: [0.0,10.0], # kg/s per zone
“damper”: [0.0,1.0],
“chiller”: [0.0,1.0]

6.3. Simulated Energy Performance from Framework Validation

Monthly energy breakdowns and seasonal performance analysis are presented in
Appendix C. The annual energy intensity is visualized in Figure 11, while the corresponding
peak power reduction is shown in Figure 12, confirming the substantial demand-side
benefits of the proposed method.

6.4. Summary of Validation Results
Across 50 independent runs, TC-DDPG shows:

e Energy savings: 34.7% vs. rule-based; 16.1 percentage points better than stan-
dard DDPG.

o  Comfort: Occupied-hour PMV within [—0.5, 0.5] for 98.3% of hours (mean); lower
setpoint deviation than baselines.

e  Physics consistency: Constraint violations reduced by ~2 orders of magnitude relative
to standard DDPG.

e  Convergence: Faster learning (Section 6.9) with reduced exploration of infeasible regions.
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We emphasize that these findings are in simulation and depend on model fidelity and

normalization choices.

Annual Energy Consumption

175
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EUI (KWh/m2/yr)
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Baseline MPC DQN TC-DDPG

Figure 11. Annual energy intensity (kWh-m~2.yr~!). TC-DDPG reduces consumption versus

baseline, MPC, and DQN, consistent with Table 8.

Table 8. Annual energy performance (mean + SD; 95% CI; n = 50).

Energy Use Savings vs. Peak Power
Method (KWh/m? yr) Baseline (W) COP()
Rule-Based 1873 +4.2 — 4986+ 123  2.87 4 0.08
(Baseline)
MPC 156.8 + 3.8 16.3% 4562 £ 117 3.42 4 0.09
Standard o
DDPG 1524 4+ 4.1 18.6% 4418+109  3.68 £0.11
TC-DDPG 1224 £ 3.6 (95% .
Ours) CL 1190-125.7) 34.7% 320.14+9.2 412 +0.10

Notes. Each method is trained /evaluated with identical scenarios. Improvements of TC-DDPG over the baseline
and standard DDPG are statistically significant (p < 0.001, Bonferroni-corrected). Results are simulation-based.

Peak Power Reduction
500 : :

400

300
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Peak Demand (kW)
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Figure 12. Peak power reduction. TC-DDPG lowers peak demand relative to baselines, supporting

demand-response readiness.
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6.5. Comfort Metrics

Thermal comfort metrics across all controllers are presented in Table 9 and illustrated
in Figure 13, which highlights the reduction in predicted percentage dissatisfied (PPD).

Table 9. Thermal comfort metrics (mean + SD; n = 50).

Method PMV Range PPD Mean (%) Setpoint Deviation (°C) Comfort Violations (h/yr)
Rule-Based [-0.8,0.9] 183+ 1.7 12+03 487 + 34
MPC [—0.6,0.7] 127 £14 0.8+0.2 234 £ 28
Standard DDPG [—0.7,0.8] 142 £1.6 09402 298 £+ 31
TC-DDPG [—0.5,0.5] 84+11 05+01 62 £12

Violations are hours with [PMV| > 0.5 during occupied periods. TC-DDPG improvements vs. baselines are
significant at p < 0.001.

Thermal Comfort (Lower is Better)
17.5}
15.0
12.5f

10.0

PPD (%)

7.5

5.0

T

2.5F

00 Baseline MPC DQN TC-DDPG

Figure 13. Thermal comfort (PPD, lower is better). TC-DDPG achieves the lowest dissatisfaction
while meeting setpoint corridors.

6.6. Physics Constraint Satisfaction

Table 10. Average comfort and actuator constraint violations for each controller, nor-
malized per 10,000 simulation steps (=10 days) and scaled to annual equivalents for clarity.

Table 10. Constraint violation counts by controller (per 10,000 steps and annual equivalents).

Violations (per

. . —1 3 o,
Controller 10 k Steps) Violations (yr—1) Reduction (%) Notes
Frequent constraint
Baseline DDPG 26 +0.7 ~950 £ 260 — breaches

during exploration

Rate-limit and saturation

+ Feasibility Projection 1.1+04 ~400 + 145 —58% respected by design
+ Physics Regularization 13405 ~475 + 180 —50% Reduced infeasible
thermal states
Full TC-DDPG (ours) 04+02 ~145 £ 70 —85% Only rare

transient violations

Absolute annual counts (violations yr~!) are reported in parentheses.
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Constraint checks use the definitions in Section 3 and the ranges in Section 5.
Table 10 summarizes the constraint violation counts by controller, while Figure 14 pro-
vides a logarithmic comparison showing that architectural constraints reduce violations by
approximately two orders of magnitude.

Physics Constraint Violations

=

(@)
w
T

102 L

Violations per 10,000 steps (log)

101 L

Baseline MPC DQN TC-DDPG

Figure 14. Physics constraint violations per 10k steps (log). Architectural constraints cut violations
by ~2 orders of magnitude.

6.7. Robustness to Sensing/Actuation Imperfections and Faults

Real building management systems (BMS) exhibit sensing noise, sensor bias, network
latency, actuator lag/saturation, and occasional faults or operator overrides. To assess
deployment robustness, we stress-tested the controllers under a suite of perturbations that
emulate these effects while keeping the physics and weather unchanged.

Perturbation models. Let T; denote the measured zone temperature delivered to the
controller and u; the commanded action (setpoints/flows). We inject:

e Sensor noise: Ty = Ty + &, ¢; ~ N(0,02), with o € {0.1,0.2,0.3} °C.

e Sensor bias:T; = T; + b, with b € {-0.5,+0.5, +1.0}°C.

e Telemetry latency: controller observes Ti_r, T € {1,3,5} steps (5-25 min at our 5 min
control period).

e  Actuator lag (first-order): a;41 = a¢r +a (uy —az), 0 = %,’m € {5,10,20} min, applied
to supply-air temperature (SAT), flow, damper position, and chiller load.

e  Saturation & rate limits: a;q1 < clip(as1, Apin, Amax) and | az1 — ar | < Fpax At

Fault/override scenarios.

Stuck outdoor air damper (partial-open): damper held at 20% for 2 h (08:00-10:00).

Temperature sensor bias spike: +1.5 °C bias applied to South zone for 3 h (13:00-16:00).

Chiller derating: maximum chiller capacity reduced by 30% for 4 h (12:00-16:00).

Operator override: occupied-hour setpoint forcibly changed to {23, 26} °C for 2 h

(11:00-13:00) independent of the agent.

o  Telemetry dropouts: 10% missing measurements replaced by last value carried for-
ward (LVCF).

Metrics and protocol. We evaluate over 30 independent daily episodes and 50 training

seeds, reporting energy use (kWh), comfort drift (time-integrated degree-hours outside
band), thermodynamic/actuator violations (counts), and controller stability (actuation total
variation). Results are expressed as percent degradation relative to the nominal case and
95% Cls by bootstrap (10,000 resamples). We compare TC-DDPG (ours) vs. standard DDPG
trained identically, seen in Tables 11 and 12.
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Table 11. Robustness to sensing/actuation imperfections (mean % change vs. nominal; 95% CI).

Perturbation Level Energy Comfort Drift Violations Notes
Sensor noise
. o 0.1 +0.7 [+0.3, +1.1 +2.3[+1.2, +3.4 +0.0 [0.0, +0.1 TC-DDPG
(\sigma) (°C) [ : [ ! 0.0, %01l
0.3 +1.9 [+1.1, +2.8] +6.8 [+4.9, +8.5] +0.2 [0.0, +0.4]
Bias (b) (°C) +0.5 +1.1 [+0.6, +1.7] +4.2 [+2.9, +5.6] +0.1 [0.0, +0.3]
Latency (\tau) 3 12.6[+1.7,43.6]  +7.9[+5.8,+99]  +0.3 [+0.1, +0.6]
(steps)
Actuator lag 10 +14[+0.8,+21]  +5.6[+39,+72]  +0.2[0.0, +0.5]
(\tau_a) (min) . .8, +2. . 9, +7. .2 0.0, +0.
Same rows Worse under all
(standard DDPG) — +3.8to +7.5 +12.1 to +24.9 +1.2 to +3.7 perturbations

Table 12. Fault/override scenarios (absolute change vs. nominal; mean over 30 episodes).

. Comfort Drift Violations Actuation TV

Scenario Energy (kWh) CC-h) (Count) (norm.)
Stuck damper 4244009 +18 406 +03 402 +0.06 + 0.02

20% (2 h) A0 Co T ‘ '
South sensor
1550 31 +1.1405 +2.7 408 +0.5 4+ 0.2 +0.04 £ 0.02
Chiller =30% 48117 +36411 409403  +0.09 + 0.03

cap (4 h)

Operator +0.6+03 +124+05 +02 4+ 0.1 +0.02 + 0.01
override (2 h)

Telemetry +0.9 + 0.4 +1.9407 103401  +0.03 + 001
dropouts 10%

(Values shown for TC-DDPG; standard DDPG exhibits ~2—4 x more violations and ~1.5-2.5x higher comfort drift
across scenarios).

Lower is better. Positive numbers indicate degradation. TC-DDPG maintains substan-
tially lower comfort/violation penalties under all perturbations.
Figure 15. Robustness curves and fault impacts.

e  Figure 15a. Comfort drift vs. sensor noise o: TC-DDPG (solid) vs. standard DDPG
(dashed), 95% ClIs as shaded bands.

e  Figure 15b. Bar chart of violation counts under five fault scenarios (paired bars: ours
vs baseline).

6.8. Model Architecture Summary

e  Parameters: ~0.47M trainable (actor + critic + small constraint/aux heads).
e  Model size: ~0.55 MB (fp32 weights saved with scalers).
e  Design: light MLPs with optional zone-attention encoder for state embedding.

This compact footprint is amenable to edge deployment.
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Figure 15. Robustness to sensing/actuation imperfections and discrete faults. (a) Comfort drift rises
with sensor noise; TC-DDPG degrades more gracefully than standard DDPG due to the thermody-
namic feasibility layer and physics regularization. (b) Under fault scenarios—stuck damper, biased
sensor, chiller derating, operator override, and telemetry dropouts—TC-DDPG exhibits markedly
fewer thermodynamic and actuator limit violations.

6.9. Convergence Analysis

TC-DDPG converges faster than standard DDPG due to physics-informed exploration,
seen in Figure 16:

e Episodes to convergence (mean £ SD) : 1823 & 214 (TC — DDPG) vs. 3247 + 398
(standard DDPG).

e  Speedup: 1.78 x (p < 0.001).

e  Mechanism: the projection I1,s reduces the effective action space and discourages
trajectories that violate constraints, improving sample efficiency.
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Figure 16. Episodes to convergence. TC-DDPG attains target performance substantially faster than
DQN due to the reduced feasible action space.

Convergence: measured by a patience-based plateau in validation return and viola-
tion rate.

6.10. Computational Complexity

Computational requirements for each controller are compared in Table 13, with the
scaling of inference time and memory usage versus zone count plotted in Figure 17. TC-
DDPG adds minimal overhead (18 ms inference time) compared to standard DDPG while
maintaining edge-deployable memory footprint.

Table 13. Computational requirements (single GPU reference).

Method Training Time *  Inference Timet  Peak Memory} FLOPs/Decision §

MPC N/A 847 ms 23GB (12 x 10%)
Standard 6

DDPG ~72h 12 ms 41GB (3.4 x 10%)
TC-DDPG ~69 h 18 ms 48GB (5.1 x 10°)

* ~5000 episodes on a consumer GPU (e.g., RTX-class); CPU is feasible with longer time. + Median per 5-min
decision step (batch size = 1, no exploration). { Peak during training (fp32). § Estimated using layer dimensions;
exact cost depends on encoder options.

‘Computational Scaling

600 -
500
400}

300

Memory (MB)

200

Inference Time (ms)

100 |-

Number of Zones

Figure 17. Computational scaling. Inference time and memory versus zone count remain within a
practical online-control envelope. The squares (M) represent Inference Time in milliseconds (ms, left
axis) which exhibits steeper scaling, while the dots (e) indicate Memory usage in megabytes (MB,
right axis).
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6.11. Validation Confidence and Limitations
Confidence level (simulation scope), seen in Figure 18:

e  Energy performance: 85-90% confidence that realized savings will lie within £8% of
simulated values under similar assumptions.

e  Comfort: 90-95% confidence that the relative ranking (TC-DDPG > MPC > Standard
DDPG > Rule-Based) holds under modest distribution shifts.

e  Physics consistency: >99% within the simulator given unit tests and residual checks.

e Comparisons: >95% confidence on pairwise rank ordering across metrics (n = 50,
corrections applied).

Baseline

Multi-Objective Performance (normalized) ___ ¢

—— DQN
TC-DDPG

Pea ergy

Figure 18. Multi-objective comparison. Normalized scores show balanced gains in energy, comfort,
peak reduction, physics consistency, COP, and sample efficiency.

Limitations. Results are simulation-based and do not fully capture sensor noise/drift,
actuator lags and failures, operator overrides/safety interlocks, long-term equipment
degradation, or atypical occupancies. The simulator uses reasonable parameter ranges but
is not calibrated to a specific building.

Path to empirical validation. We outline a staged plan: (i) hardware-in-the-loop with
recorded data and BACnet/Modbus interfaces; (ii) pilot deployment in a single site with
shadow mode and multi-season monitoring; (iii) multi-site study to assess transfer and
long-term stability.

7. Framework Validation and Analysis
7.1. Ablation Study (Framework Analysis)

To isolate the contribution of each architectural component, we performed ablation
studies presented in Table 14.

Observation. Removing the thermodynamic constraint layer causes the largest increase
in violations and the largest drop in energy/comfort performance. Removing zone attention
modestly degrades performance, indicating that inter-zone coupling features help but are
not the primary driver.
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Table 14. Component contribution analysis (mean %+ SD; n = 50).

Configuration Energy Savings vs. Baseline (%) Comfort Improvement t (%) Physics Violations
Full TC-DDPG 347 £1.2 541+ 34 12+3
w/o Physics Layer 283 +1.8 423 +£3.7 847 £ 67
w/o Attention Encoder 312+15 48.7 £3.1 34£6
w/o Psychrometric 32.1+14 452 £3.0 156 + 19

Consistency

1 Comfort improvement = relative reduction in mean PPD compared to rule-based baseline (e.g., 18.3% — 8.4%
yields ~ 54.1%). f Violations per 10,000 timesteps using the definitions in Section 3 and limits in Section 5.

7.2. Key Insights and Mechanisms

Physics constraints reduce the effective action space. The projection I1,,s rejects
infeasible actions, reducing the surviving action volume by ~65% (empirically measured
as the fraction of random actor proposals that remain after projection). This yields faster
convergence (Section 6.9: 1.78 x speedup) and lower violation rates.

Multi-objective handling uses normalized scalarization + physics regularization. We
do not use separate Q-value heads. Trade-offs are handled via the reward weights («, f3,
v, 8) and L, terms. Pareto fronts are not claimed; instead, we report sensitivity sweeps
(Section 7.3) and Cls.

Zone attention benefits are consistent but moderate [48,49]. A lightweight atten-
tion encoder over zone features improves 1-step temperature prediction MAE by ~23%
(95% CI within £5%) on held-out RC scenarios and yields the 31.2% vs. 34.7% savings gap
observed in the ablation, seen in Figure 19.

Inter-zone Heat Transfer Matrix (normalized)

0.9
Z1
0.8
0.7 _
Z2 5
0.6 o
Z3 0.5 5
O
0.4 &
S
Z4 0.3©
0.2
Z5
0.1
Z1 Z2 Z3 Z4 Z5

Figure 19. Inter-zone heat-transfer pattern learned by attention. Higher weights align with stronger
conductive couplings (proxy for U;;A;).

Transferability is a hypothesis, not a claim. Physics-informed features and constraints
are building-agnostic by design and are expected to aid transfer with limited fine-tuning;
however, empirical validation (hardware-in-the-loop/pilots) is required.
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7.3. Sensitivity and Hyperparameter Robustness

Sensitivity to the physics regularization weight A, is examined in Table 15, showing
that A5 = 0.10 provides the best energy-violation trade-off.

Table 15. Physics regularization weight A phys SWeep (n =50).

Aphys Annual Energy (kWh/m?-yr) Violations per 10k Steps
0.01 158.3 £ 4.6 234 £ 28

0.05 153.7 £ 4.0 67 +11

0.10 150.8 +3.9 1243

0.20 152.1 £4.1 8§£2

0.50 1614 £ 4.8 3+1

Interpretation. Apj,s= 0.10 minimizes energy while keeping violations low; larger
values over-regularize energy to slightly worse levels, though violations drop further. Actor
learning rate sensitivity is analyzed in Table 16, demonstrating that 1 x 10~* offers optimal
convergence speed and final performance.

Table 16. Actor learning rate sweep (DDPG; n = 50).

Actor LR Episodes to Converge Final Energy (kWh/m? yr) Notes

(1x107°) 4821 + 510 156.2 4 4.4 Slow learning
(5x107°) 2234 + 260 152.3 + 4.1 Stable

(1x107%) 1823 + 214 150.8 + 3.9 Best overall

(5 % 10_4) 1567 £+ 190 1547 £43 Faster but slightly worse final
(1x1073) — — Diverged

Takeaway, (1 x 107%) offers the best accuracy-speed trade-off. Very small LRs slow
convergence; very large LRs risk divergence.

7.4. Reward Weight Sensitivity

To assess sensitivity to reward weighting, we performed a coarse sweep of the comfort—
energy-violation weights («, 3, y) in the composite reward

r=—aE—B|T—"Tet| =7V,

where E denotes energy, | Tgt | comfort drift, and V constraint violation magnitude.

Each coefficient was varied +50% around the nominal values (x, 3, v) = (1.0, 0.6, 0.4).

The controller exhibited stable policy behavior: comfort penalty weighting 3 mainly
influenced steady-state offset (== 0.2 °C), energy weight « affected HVAC power within
=+ 3%, and violation weight v had a negligible effect beyond a threshold of 0.3.

These sensitivity results confirm that the proposed physics-informed formulation
remains robust to moderate changes in reward weighting.

8. Deployment Considerations and Future Implementation
8.1. Implementation Pathway

Pre-deployment checklist (site-agnostic).

(i) Inventory controllable points (zone setpoints, supply temperature, airflows,
dampers, chiller load) and read-only signals (temperatures, RH, CO,, power).
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(if) Map BMS tags and units; verify time sync (NTP), sampling, and trend storage.

(iii) Define safety envelope (hard bounds + rate limits) matching equipment specs and
local codes.

(iv) Establish shadow-mode data taps and logging (no writes).

(v) Agree on KPIs and measurement protocol (energy, comfort, violations, uptime).

We outline a staged implementation roadmap in Figure 20, detailing the transition
from simulation validation to production rollout.

Implementation Roadmap

Production Rollout

Jimulation Validation

1 1

0 5 10 15 20
Timeline (Months)

Figure 20. Implementation roadmap. Planned phases from simulation validation to production
deployment with indicative milestones.

Phase 1.—Hardware-in-the-Loop (HIL), 3-6 months.

Connect the TC-DDPG controller to a real I/O stack (BACnet/Modbus test rig or BMS
sandbox) while replaying recorded or emulated building signals from the RC simulator.

Exercise the projection layer I1,,,s and safety wrapper under adversarial scenarios
(sensor spikes, stale data, extreme weather).

Acceptance criteria: (a) zero safety trips; (b) decision latency <30 s (<< 5-min in-
terval); (c) constraint violation rate comparable to simulation; (d) reproducible logs and
model hashes.

Phase 2—Pilot Deployment, 6-12 months.

Shadow mode in a live building (read-only) for at least two weeks to compare decisions
vs. incumbent control.

Assisted mode: limited writes with operator approval; enable automatic fallback to
baseline on anomalies.

KPIs (typical targets, measured not promised): >20% energy reduction vs. baseline
(weather-normalized), [PMV| < 0.5 during occupied hours >95%, violations ~ simulation
levels, uptime >99.9% excluding maintenance.

Phase 3—Production / Multi-site, 12+ months.

Rollout with A/B or before-after design and ASHRAE-style M&V.

Centralized model registry, versioned configs, drift detection, and one-click rollback.

Operator training and SOPs (overrides, maintenance windows, alarms).

Integration blueprint (data flow), seen in Figure 21.
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Integration Architecture

BMS Interface

v

TC-DDPG Controller

N
v

Safety Validator

v

Sensor / Actuator

Figure 21. BMS integration stack. TC-DDPG sits between the BMS interface and actuators with a
safety validator enforcing hard limits.

Sensors — Pre-processor and unit checks — State estimator (optional filtering) — Ac-
tor — Il (ranges, psychrometrics, rate limits) — BMS setpoints — Telemetry and audit
logs — Offline trainer and diagnostics

8.2. Expected Real-World Challenges

Sensor noise and missing data.

Risk: biased or intermittent signals degrade state estimates.

Mitigation: plausibility checks, robust filtering (e.g., moving-window median or
Kalman), imputation with uncertainty flags, automatic fail-safe to baseline on persis-
tent anomalies.

Model-reality gap.

Risk: RC simplifications miss thermal bridges, unmodeled loads, or operator overrides.

Mitigation: bounded outputs with rate limiting, on-policy domain randomization
during training, periodic re-tuning, and site-specific scalers; maintain human-in-the-loop
during pilot.

Compute and latency at the edge.

Risk: constrained controllers or network jitter.

Mitigation: lightweight MLPs (~0.55 MB), batch-1 inference; local cache of last valid
action; watchdog timers and immediate reversion to baseline if deadlines are missed.

Safety and certification.

Risk: violating interlocks or codes.

Mitigation: encode hard constraints in I1pys and an external action-shield; indepen-
dent safety PLC/BMS retains ultimate authority; full audit logs and change management.

Operator acceptance and UX.

Risk: low trust without transparency.

Mitigation: dashboards with explainable action rationales (e.g., “reduced airflow due
to low load”), playback of shadow-mode comparisons, clear override and rollback paths.

Cybersecurity and data governance.

Risk: exposed interfaces or sensitive logs.

Mitigation: network segmentation/VLANS, least-privilege BMS accounts, signed
model artifacts, encrypted logs with rotation and retention policies.
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Weather/occupancy uncertainty and drift.

Risk: distribution shift degrades performance.

Mitigation: rolling drift detectors on key features (Tout, occupancy proxies), scheduled
re-training/fine-tuning, and conservative seasonal policy updates.

9. Discussion
9.1. Theoretical Contributions

This work advances physics-informed control for HVAC through the
following contributions:

Architecture-level enforcement of feasibility. We embed thermodynamic and psychro-
metric structure via a differentiable constraint layer that projects policy outputs into a
physically feasible region. Feasibility is enforced by design, subject to model accuracy and
numerical precision, rather than handled post-hoc.

Continuous control RL with principled multi-objective handling. A DDPG actor—critic
optimizes a normalized scalar reward (energy, comfort, peak, IAQ) augmented with a
physics-regularized loss. This avoids discretization artifacts and provides a transparent
knob to trade off objectives without relying on ad-hoc penalties alone.

Reduction of constraint violations in simulation. Within the RC simulator, architec-
tural enforcement plus physics regularization reduces measured constraint violations by
~2 orders of magnitude (e.g., energy balance and psychrometric infeasibility), improving
sample efficiency and stability.

Structured state encoding (optional). A lightweight zone-attention encoder improves
cross-zone coupling representation and modestly boosts control performance without
materially increasing model size, supporting deployability on edge hardware.

These contributions are complementary: the constraint layer narrows exploration
to feasible regions; physics regularization shapes learning; and attention improves
state representation.

9.2. Empirical Validation Roadmap

Scope. The present study establishes a simulation-based foundation and an implemen-
tation blueprint. Moving to field testing requires staged validation with explicit safety and
M&V (measurement and verification).

Requirements.

e  Hardware and I/O: Access to a BMS with programmable points (setpoints/commands),
high-resolution telemetry, and safety overrides; time sync and reliable trend logging.

e  Site partners: Buildings willing to run shadow mode and controlled pilots, with
historical baselines for comparison.

e Safety and compliance: Integration with interlocks and local code requirements; au-
ditable action logs and automatic fallback to incumbent control.

o  Timeline: Multi-season observations (>12 months) to capture seasonal dynamics
and drift.

Recommended protocol.

e Phase 1 (3—6 months): Hardware-in-the-loop with recorded data; decision latency,
constraint violation rate, and fail-safe behavior as acceptance criteria.

e  Phase 2 (6-12 months): Single-site pilot: shadow — assisted mode — limited auton-
omy; M&V against baseline with weather normalization.

e  Phase 3 (12-24 months): Multi-site validation across climates, with transfer/fine-
tuning and operational SOPs (overrides, updates, rollback).
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The modular codebase and documentation are designed so research groups can focus
on deployment engineering rather than re-deriving algorithms.

9.3. Comparison with Existing Approaches

Compared to MPC, TC-DDPG avoids explicit plant identification and can adapt
from experience, while MPC provides hard constraint satisfaction by formulation, given
an accurate model [27,30]. Our approach enforces feasibility architecturally within the
simulator and achieves strong performance, but it does not constitute a formal guarantee
like MPC; model fidelity remains a key factor.

Compared to standard RL (DDPG without physics), physics-informed constraints
and losses reduce infeasible exploration, improve sample efficiency (faster convergence in
simulation), and yield fewer violations—addressing common safety and stability concerns
of naive RL [1,3].

Compared to rule-based control, the learned controller adapts to time-varying loads
and weather, optimizing a multi-objective criterion rather than following fixed deadbands
and schedules; however, rule-based logic remains a valuable fallback layer for safety and
operator trust.

9.4. Broader Impact
The pattern—embedding domain physics as a differentiable structure in continuous
control RL—extends to other cyber-physical domains:

Smart grids: feeder and transformer limits, power-flow consistency.
Water networks: hydraulic feasibility and pump curves.
Industrial processes: reaction/phase equilibrium constraints.

Transportation: vehicle and traffic flow dynamics.

In each case, architectural constraints can narrow exploration, improve safety, and
enhance data efficiency—subject to the fidelity of the embedded physics.

9.5. Limitations

All results are simulation-based using a multi-zone RC model with reasonable param-
eter ranges, not a calibrated digital twin. Key limitations include:

e  Model-reality gap: unmodeled effects (thermal bridges, infiltration variability, opera-
tor overrides) and equipment aging can alter real responses.

e Sensing and actuation: assumptions of accurate, timely measurements and instan-
taneous actuators do not fully hold; noise, bias, delays, and faults must be handled
explicitly in deployment.

e  Safety guarantees: architectural projection reduces but does not eliminate risk under
severe model mismatch or sensor failure; an external action shield and human-in-the-
loop procedures remain necessary.

e  Generalization: results reflect one archetype and synthetic scenarios; cross-type/climate
transfer requires empirical evidence.

e  Compute and operations: although the model is lightweight, production systems must
address latency, monitoring, drift detection, auditability, and secure updates.

Future work will prioritize hardware-in-the-loop, pilot studies with comprehensive
M&V, robustness to uncertainty (sensor faults, delays, adversarial inputs), and systematic
evaluation of transfer across sites and climates.

10. Conclusions

This paper introduced a physics-informed reinforcement learning approach to HVAC
control based on a Thermodynamically-Constrained Deep Deterministic Policy Gradi-
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ent (TC-DDPQG) architecture. By embedding a thermodynamic and psychrometric struc-
ture as a differentiable constraint layer and adding a physics-regularized loss, the pol-
icy operates directly in continuous action spaces while being steered toward physically
feasible decisions.

In simulation with a multi-zone RC model, TC-DDPG achieved a 34.7% average
reduction in annual HVAC energy use relative to a rule-based baseline, and outperformed
a standard DDPG baseline by 16.1 percentage points (Section 6.3). Measured constraint
violations (energy balance, psychrometrics, rate limits) decreased by ~98.6% compared to
standard DDPG (Section 6.6), and convergence was faster by ~1.78x (Section 6.9). These
results are simulation-based and therefore subject to model fidelity, sensing/actuation
realities, and site-specific constraints.

Key innovations.

e A thermodynamic constraint layer that projects actions into a feasible region dur-
ing the forward pass (feasibility enforced by design, subject to model accuracy and
numerical precision).

e A continuous control actor—critic with normalized multi-objective reward and physics-
regularized loss to balance energy, comfort, peak demand, and IAQ.

e  An optional zone-attention encoder that improves cross-zone coupling representation
with minimal computational overhead.

e A reproducible training/evaluation protocol with confidence intervals and con-
straint metrics.

Compactness and latency measurements (model size ~0.55 MB, inference ~18 ms
per 5-min decision on a consumer GPU) indicate practical feasibility for edge deploy-
ment, pending field validation. Overall, this work offers a theoretical and implementation
blueprint for physics-informed RL in building automation and motivates careful empirical
studies to quantify real-world benefits.

Research Enabling Framework
Established foundation. This work provides:

o  Well-specified formulation: a clear statement of physics-constrained continuous control
RL with architectural projection and regularization (Sections 3 and 4).

e Implementation blueprint: modular actor—critic, constraint layer, and training loop
with fixed scalers and evaluation scripts (Sections 4 and 5).

e Validation methodology: multi-tier simulation protocol with statistical reporting
(Section 6) and ablation/sensitivity analyses (Section 7).

o  Benchmarking baselines and metrics: rule-based, MPC, and standard DDPG baselines;
energy/comfort/peak/violation metrics with Cls.

Open research directions.

e  Multi-building coordination. Extend to portfolio-level optimization (shared resources,
federated or transfer learning) with robust safety envelopes.

e  Grid integration. Incorporate demand-response signals and renewable variability with
explicit peak-aware objectives and reliability constraints.

e  Fault-tolerant control. Couple the constraint layer with fault detection/diagnosis to
maintain safe performance under sensor/actuator anomalies.

e  Human-centric objectives. Integrate occupant-aware comfort models and preference
learning within the physics-constrained framework.

e C(limate adaptation. Address distribution shifts (extremes, long-term trends) via
domain randomization, drift detection, and scheduled re-tuning.

Community resources.
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e  Open implementation: TC-DDPG codebase with configuration files for states, rewards,
and constraints; scripts for synthetic weather/occupancy generation.

e Datasets and baselines: synthetic operating scenarios and reference controllers
(PID/Rule-based, MPC, standard DDPG) for fair comparison.

e  Evaluation protocol: standardized metrics, reporting of mean + SD with 95% Cls, and
violation definitions to support reproducible studies.

Collaboration model. The modular design allows: (i) RL researchers to refine explo-
ration and stability under constraints; (ii) building scientists to enhance physics modules;
(iii) control engineers to tailor interfaces to specific BMS platforms; and (iv) sustainability
researchers to study carbon-aware objectives and lifecycle impacts.
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Abbreviations

The following abbreviations are used in this manuscript:

Abbreviation Meaning

AHRI Air-Conditioning, Heating, and Refrigeration Institute

ASHRAE American Society of Heating, Refrigerating, and Air-Conditioning Engineers
ASHRAE 55 ASHRAE Standard 55: Thermal Environmental Conditions for Human Occupancy
BAS Building Automation System (same as BMS; use one consistently)

BMS Building Management System

CI Confidence Interval

CIs (95%) 95% bootstrap confidence intervals (as reported for metrics)

CBECS Commercial Buildings Energy Consumption Survey (U.S. DOE/EIA)

cor Coefficient of Performance

DDPG Deep Deterministic Policy Gradient

DOE U.S. Department of Energy

DR Demand Response

DRL Deep Reinforcement Learning

DQON Deep Q-Network

EIA U.S. Energy Information Administration

EUI Energy Use Intensity (kWhAm_z-yr_l)

HIL Hardware-in-the-Loop

HVAC Heating, Ventilation, and Air-Conditioning

IAQ Indoor Air Quality

ISO 7730 International standard for PMV /PPD thermal comfort

MDPI Multidisciplinary Digital Publishing Institute (publisher of Energies)

MPC Model Predictive Control

NOAA National Oceanic and Atmospheric Administration (weather data validation)
PID Proportional-Integral-Derivative (rule-based)

PIML Physics-Informed Machine Learning (general)
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PINN Physics-Informed Neural Network

PMV Predicted Mean Vote (comfort index)

PPD Predicted Percentage Dissatisfied (comfort index)

PER Prioritized Experience Replay

QA/QC Quality Assurance/Quality Control

RC (model) Resistance—Capacitance thermal network model

RH Relative Humidity

RL Reinforcement Learning

RMSE Root Mean Square Error

SD Standard Deviation

SOTA State of the Art

TC-DDPG Thermodynamically-Constrained DDPG (this paper’s method)
TMY3 Typical Meteorological Year (version 3) weather datasets
UA Overall heat-transfer coefficient-area product (U-A)

VAV Variable Air Volume (if mentioned in actuator examples)
ZAM Zone Attention Mechanism (inter-zone interaction module)

Appendix A. Detailed Mathematical Derivations
Appendix A.1. Thermodynamic & Psychrometric Gradient Computation

We define the physics regularizer used in Section 4.4 as:
Lphys =M Lenergy + A2Lpsychro + /\3Lcomfort

Appendix A.1.1. Energy Balance Term

Let T € RN be zone temperatures at time t,T'at t + At, and T'prgd(s,a) the
rate predicted by the constraint layer (Section 4.4), which encodes RC heat flows
(sensible + latent) and auxiliaries:

T'pred(sfa) = %[“QHVAC(S/Q) + :BQcond(S)]

where C stacks zone capacitances and Qs aggregates inter-zone and envelope conduction;
«, B are learnable scalars (per zone) modeling residual mismatch. The target rate is

T —T

Trgt = =3y

The energy term is the normalized MSE:
1 . . 2
Lenergy = N H Wr (T pred(sra) =T tgt) ||2
with Wr a diagonal normalizer.

Appendix A.1.2. Psychrometric Consistency Term

Let RH be relative humidity (fraction), ps(T) saturation vapor pressure (Pa), and P
barometric pressure (Pa). Using a standard Magnus-Tetens form,

pws(T) = 610.94exp( 17.625(T — 273.15) )

T —273.15 4 243.04

0.62198RHps(T)
P — RHpos(T)

w(T,RH) =
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If the model produces w (either directly or via an auxiliary head), we penalize
1 2
Lpsychro = N | Wa(w(s,a) — w(T, RH)) ”2

Appendix A.1.3. Comfort Corridor Term

With PMV computed per ISO 7730 using the current state and action-implied condi-
tions (e.g., supply temperature/flow), we use a soft corridor:

1 N
Lcomfort = ﬁzmﬂx(O, | PMV; | —0.5)
i=1

(We implement the sub gradient of max at zero; a smooth Huber/soft plus alternative
is also supported.)

Appendix A.1.4. Gradients (Chain Rule)

Let 6 denote actor parameters. With the differentiable projection

thys (S, He (S)) = Aphys

OLphys _ OLphys 9apnys Ity (s)
a0 9apys Opg(s) 00

Each component contributes:

OLenergy _ 2 .t T :
0 pys N JQuac Wr Wr (T"m”d -7 tgt)

o=

JL 2
Pomins _ 21T W@ ~ (T, RH))
phys

aLcom fort
oa

9PMV;
E)aphys

_1 Y _9max(0,| PMV; | —0.5)sign(PMV;)
phys N5
where J- are Jacobians w.r.t. actions, computed by autograd.
Projection gradient. % is identity for the interior. At range/rate boundaries, we use
either (i) a smooth clip (tanh-affine) to keep gradients non-zero, or (ii) a straight-through es-
timator (STE). Psychrometric/rate projections are implemented with differentiable barriers
(softplus) to avoid zero-gradient plateaus.

Appendix A.2. Convergence Considerations

Proposition (informal). Under standard DDPG assumptions—bounded rewards,
Lipschitz actor/critic, compact state/action sets, sufficiently rich replay, and non-expansive
(1-Lipschitz) projection I,,,s —the deterministic policy gradient computed on the projected
action apy,s = Ilyyys(s, pe(s)) yields stationary points corresponding to locally optimal
policies within the feasible action set A s(s)-

Sketch. Define the feasible set Ay,s(s) = {a : physics/range/rate constraints hold}
assumed nonempty, compact, convex (approximate convexity via smooth barriers).

The projected policy yghy °(s) = ITypys(s, 1o (s)) is non-expansive.

Evaluate Bellman targets with projected target actions; the induced operator remains
a y-contraction in the space of Q-functions with bounded variation.

Under standard DDPG stability conditions (target networks, small T, bounded gradi-
ents), stochastic approximation converges to a fixed point of the projected Bellman operator;
the corresponding policy is a local optimum in the feasible set.
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Remark. This is not a guarantee of global optimality; model mismatch or nonconvex
feasible sets can introduce suboptimal fixed points. Our empirical Sections 6 and 7 provide
supporting evidence in simulation.

Appendix A.3. Nomenclature

Symbol Description Units
T Dry-bulb temperature K(or °C, consistent)
T; Zone ii temperature K
C; Thermal capacitance of zone ii J K1
U;; Thermal conductance between i, ji, j W-m 2.K!
Ajj Exchange area between i, ji, j m?
Q Hvac, HVAC heat flow into zone ii W
w Humidity ratio %
¢ Relative humidity -
Pw Water vapor partial pressure Pa
Puws(T) Saturation vapor pressure at TT Pa
P Barometric pressure Pa
h Moist air enthalpy Jkg!
hq Latent heat of vaporization Jkg!
cp Specific heat (dry air) Jkg LK!
Cpo Specific heat (water vapor) J-kg LK
PMV /PPD Comfort metrics (ISO 7730) -
cor Coefficient of Performance -

Appendix B. Implementation Details

Environment. Python > 3.10; PyTorch > 2.0; deterministic seeding (Python/NumPy/
PyTorch); reproducible configs (YAML/JSON).

Normalization. Fixed scalers (saved alongside checkpoints) for all state channels and
reward terms; action outputs are tanh-bounded, then affine-scaled, then projected by IT,s.

Repla and updates. Buffer size 10°; batch 64; v = 0.99; soft target update T = 0.005;
L2 grad-clip = 1.0; OU exploration ¢ = 0.1 during training only.

Evaluation. Noise-free policy; report mean £ SD over n = 50 seeds; 95% Cls via
bootstrap; violation metrics per Section 3.

Logging and artifacts. Each run stores: config hash, seed, scaler params, checkpoint
(actor/critic/targets), metric CSVs (energy, comfort, violations, demand), and plots.

Repository. Reference implementation scripts and configuration examples will be
made publicly available at: https://github.com/Sattar7798/tqn (accessed on 7 August
2025), after code stabilization and experimental verification.

Appendix C. Extended Results

We provide additional figures/tables to complement Sections 6 and 7:
Monthly/seasonal breakdowns. Energy use and comfort violations per month; sea-
sonal COP vs. outdoor temperature; peak-demand seasonal histograms.
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Load duration curves. Annual HVAC power LDCs for all methods.

Distribution plots. Violin/box plots of constraint violation counts (log scale).

Sensitivity overlays. Performance vs. A, and actor learning rate, with 95% Cls.

Ablation heatmaps. Relative degradation vs. full model across metrics.

All underlying CSVs (energy, comfort, violations, demand) and plotting scripts
will be made available in the project repository to enable exact regeneration of figures
and re-analysis.
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