ﬂ buildings

Article

Physics-Guided Neural ODEs for Building Thermal Prediction
and Model Predictive Control

Yagang Wang !, Lexue Chang 2, Enzhan Zhang >*, Kejun Jia 2, Xia Zhang 2 and Yonghao Li

W) Check for updates

Academic Editor: Apple L.S. Chan

Received: 29 June 2026

Revised: 27 July 2026

Accepted: 28 July 2026

Published: 29 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Gansu Natural Energy Research Institute, Lanzhou 730046, China
College of Computer and Artificial Intelligence, Lanzhou University of Technology, Lanzhou 730050, China
Correspondence: zhangenzhan@lut.edu.cn

2

*

Abstract

Building supervisory control requires accurate, prior-consistent, and computationally
tractable thermal models. This study proposes a physics-guided neural ordinary differential
equation (PG-NODE) framework for thermal prediction and model predictive control
(MPCQ). It combines a resistance—capacitance (RC)-inspired reference, a neural residual,
RC-prior directional regularization, and validation-based checkpoint selection; the selected
predictor remains fixed during MPC operation. Using 30 min EnergyPlus data from
five zones, the framework was evaluated through held-out prediction, Gaussian noise
and control-input-mismatch tests, ablation, and surrogate-based closed-loop experiments.
Long short-term memory achieved the lowest prediction root mean square error (RMSE),
whereas PG-NODE achieved the lowest RMSE among the evaluated neural ODE models
and the lowest directional inconsistency rate among learned nonlinear models. In five-
seed X five-window BACK SPACE experiments using independently trained, fixed PG-
NODE surrogate environments rather than direct EnergyPlus interaction, fixed-block
analysis supported lower reference-tracking RMSE for PG-NODE-MPC than for rule-
based control and lower tariff-weighted normalized control effort than for the extended
Kalman filter-based RC-MPC benchmark. This benchmark achieved the lowest descriptive
mean reference-tracking RMSE and total objective. Mean PG-NODE-MPC optimization
time was 0.86 s. Results suggest the potential for low-frequency building management
system supervisory decision support, subject to physical command mapping and staged
field validation.

Keywords: physics-guided neural networks; neural ordinary differential equations;
model predictive control; building thermal dynamics; RC model; directional consistency;
robustness analysis

1. Introduction

Building operations represent a substantial component of life-cycle energy use, and
improving heating, ventilation, and air-conditioning (HVAC) operation is therefore an
important pathway for reducing operational demand [1,2]. Model predictive control
(MPC) has been extensively studied for building applications because it uses predictive
models and forecasts to optimize future control actions over a receding horizon [3,4]. Its
practical performance, however, depends strongly on the predictive accuracy, robustness,
and control-oriented reliability of the underlying building thermal model [5,6].

Control-oriented building thermal models span low-order resistance—capacitance (RC)
grey-box formulations and fully data-driven predictors [7,8]. Recent physics-informed
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learning studies have sought to combine structured thermal knowledge with neural-
network flexibility through architecture design, hybrid residual formulations, physical
constraints, and physics-guided loss functions [9-17]. Recent studies have also shown
that the selection and strength of physical regularization can materially affect predictive
performance and consistency, motivating separate evaluation of these objectives rather than
assuming that stronger incorporation of physical knowledge necessarily leads to better
prediction accuracy [18-20].

Neural ordinary differential equations (neural ODEs) provide a continuous-time
framework for learning dynamical systems [21]. In building applications, neural ODEs
have been embedded in MPC for energy flexibility control [22,23], extended to physics-
informed multi-zone thermal modeling using measured residential data [24], and combined
with continuous-time physics-informed thermal models for demand-response MPC [25].
In parallel, recent real-life data-driven MPC studies [26-29] and uncertainty-aware thermal-
modeling research [30] have emphasized the importance of measured-data validation and
deployment-oriented assessment beyond simulation-only benchmarks [31].

Two lines of work are particularly close to the present study. Gokhale et al. [12]
developed physics-informed neural models for control-oriented building thermal predic-
tion, demonstrating the value of embedding thermal knowledge into learned dynamics;
however, their formulation does not use the RC-reference-neural-residual decomposition
considered here. He et al. [22] have demonstrated neural ODE-based MPC for building en-
ergy management, establishing the feasibility of continuous-time learned dynamics within
predictive control. The contribution of the present work therefore does not lie in introduc-
ing neural ODEs into MPC itself. Rather, it lies in combining an identified RC-inspired
reference component with a neural ODE residual, activity-thresholded directional regular-
ization relative to the RC prior, and validation-based control-oriented checkpoint screening.
Recent studies on physical-regularization sensitivity and explicit physical-consistency as-
sessment further support the need to distinguish predictive accuracy from prior or physical
consistency [18-20].

Building on these elements, this study develops a physics-guided neural ODE (PG-
NODE) model for building thermal prediction and embeds the validation-selected pre-
dictor in a PG-NODE-based MPC controller (PG-NODE-MPC). The RC-inspired compo-
nent provides the reference thermal trend used by the directional regularization, while
the neural residual captures dynamics not represented by the low-order prior. For the
main closed-loop controller, the selected PG-NODE remains fixed after offline training;
the latest observed indoor temperature is used only for state-feedback reinitialization.
Restricted final-layer parameter adaptation is investigated separately through ablation
variants and is not part of the main PG-NODE-MPC controller. For closed-loop bench-
marking, PG-NODE-MPC is compared with a rule-based controller (RBC) and an adap-
tive RC-based MPC controller using extended Kalman filter (EKF) parameter estimation,
denoted RC-EKF-MPC.

The framework is evaluated through repeated prediction and robustness experiments
across five thermal zones, controlled HVAC-input mismatch tests, directional regularization
sensitivity analysis, ablation experiments, and repeated multi-window closed-loop con-
troller comparisons. The multi-zone experiments characterize predictive behavior across
zones within the same prototype building, whereas the main closed-loop evaluation is
restricted to the BACK SPACE zone. Accordingly, the closed-loop results are interpreted
as evidence specific to the evaluated simulation case rather than as general evidence of
year-round, cross-building, or cross-climate superiority. Table 1 positions the proposed
framework relative to representative related studies.
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Table 1. Comparison of the present framework with representative related building thermal modeling

and control studies.

Study

Core Approach

Evaluation Scope

Key Distinction Relative to the Present Study

Drgoria etal. [11]

Physics-constrained structured
recurrent thermal model

Multi-zone thermal modeling using
real-building data

Uses a discrete-time structured neural formulation
rather than an RC-reference-neural-ODE-residual
architecture with RC-prior
directional regularization

Gokhale etal. [12]

Physics-informed neural
thermal model

Control-oriented thermal prediction
using simulated and real data

Focuses on physics-informed thermal prediction
rather than an RC-reference-neural-residual neural
ODE predictor integrated into the receding-horizon

MPC framework considered here

Xiao and You [13]

Physically consistent deep-learning
thermal model with MPC

Building thermal modeling and
MPC-based energy optimization

Enforces physical consistency through model
structure, whereas the present study uses a soft
RC-prior directional regularization together with
validation-based deployment checkpoint selection

Jiang etal. [19]

Physics-informed modularized neural
network for building control

Physical-consistency assessment and
deep-reinforcement-learning-based
control

Uses a modularized neural representation and
reinforcement-learning-based control rather than a
continuous-time RC-reference-neural-residual
model embedded in receding-horizon MPC

Heetal. [22]

Neural ODE thermal model with MPC

Building energy-flexibility control

Demonstrates neural ODE-based MPC, whereas the
present study additionally introduces
RC-reference-neural-residual decomposition,
RC-prior directional regularization, and
validation-based deployment checkpoint screening

Sabbagh et al. [24]

Physics-informed neural ODE with
structured multi-zone dynamics

Multi-zone thermal modeling using
measured residential data

Focuses on structured and interpretable neural
ODE thermal modeling rather than integration with
the RC-prior regularization and closed-loop MPC
evaluation framework considered here

Wang etal. [25]

Continuous-time physics-informed
thermal model with MPC

BOPTEST-based control and
sensitivity analysis

Embeds explicit physics-informed continuous-time
thermal modeling in MPC, whereas the present
study adopts an identified RC reference plus
learnable neural ODE residual and
validation-based deployment screening

Present study

RC-inspired reference with neural ODE
residual and RC-prior
directional regularization

Five-zone prediction and robustness
evaluation; single-zone repeated
multi-window surrogate-based
MPC evaluation

Integrates RC-reference-neural-residual modeling,
activity-thresholded directional regularization,
validation-based checkpoint screening, and
matched closed-loop benchmarking against RBC
and adaptive RC-EKF-MPC

The main contributions of this work are summarized as follows:

(1) An RC-reference-neural-residual neural ODE architecture is developed for control-
oriented building thermal prediction, combining a low-order RC-inspired refer-
ence component with a learnable neural residual for nonlinear and unmodeled
thermal dynamics.

(2)  An activity-thresholded RC-prior directional regularization term is introduced to
penalize disagreement between the learned local temperature change trend and the
selected RC-inspired prior while excluding near-equilibrium samples with weak
directional information.

(3) Avalidation-based deployment-model selection procedure is introduced to screen can-
didate PG-NODE checkpoints using local HVAC-response behavior and long-horizon
rollout performance. The resulting validation-selected predictor is subsequently kept
fixed in the main PG-NODE-MPC controller, with measured indoor temperature used
only for state-feedback reinitialization.

(4) The framework is evaluated through five-zone prediction and robustness experiments,
controlled HVAC-input mismatch and ablation analyses, and single-zone closed-
loop comparison across repeated evaluation windows against RBC and adaptive
RC-EKF-MPC, together with MPC-weight sensitivity and runtime assessments.

2. Overview of the Proposed Framework

Figure 1 summarizes the overall workflow connecting offline model development
with surrogate-based closed-loop evaluation. In Stage 1, annual data generated using
EnergyPlus version 22.1.0 are chronologically partitioned into training, validation, and
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test subsets. PG-NODE is trained offline, and the deployment checkpoint is selected
exclusively using the validation subset according to the procedure described in Section 3.4.
In Stage 2, the selected predictor remains fixed and is incorporated into the receding-
horizon control loop, with each prediction horizon reinitialized using the latest observed
indoor temperature. All controllers are evaluated under matched conditions using the
same fixed seed-specific surrogate environment within each seed-window evaluation.
EnergyPlus is used to generate the offline dataset and is not queried during the reported
closed-loop rollouts. Detailed model formulation, feedback and update mechanisms,
controller formulation, and evaluation protocols are presented in Sections 3—-6.

Stage 1: Offline Model Development
Annual Offline Validation
EnergyPlus Data PG-NODE Training Checkpoint Pselilded
Chronologlcal split RC-prior regularization Selection GNODE
/
Held-Out RN e s TR

Exogenous Inputs
State-Feedback Fixed .
Initialization PG-NODE R:Icefilng Apply First
Latest observed orizon Control Action
temperature Predictor MPC

(perfect forecast)
Fixed Surrogate Environment J

Figure 1. Overview of the proposed two-stage framework. PG-NODE is trained offline, selected using
validation data, and then kept fixed during the main surrogate-based closed-loop evaluation. At each
control step, the latest indoor temperature observation reinitializes the prediction horizon, while
all controllers are evaluated using the same fixed seed-specific surrogate environment within each
matched seed—window evaluation. Solid black arrows indicate the sequential model-development
and closed-loop control flow, the dashed black arrow indicates transfer of the validation-selected
PG-NODE to the fixed predictor used in Stage 2, and green arrows indicate the held-out exogenous
inputs supplied to the predictor and surrogate environment.

3. Physics-Guided Neural ODE Thermal Prediction Model
3.1. PG-NODE Architecture

Neural ODEs parameterize continuous-time state derivatives using neural networks,
providing a flexible framework for learning dynamical systems from temporal observa-
tions [21]. Building on the two-stage framework summarized in Figure 1, this section
formulates the PG-NODE predictor used for offline model development and subsequent
MPC deployment. The proposed formulation retains the continuous-time representation of
neural ODEs while introducing structured guidance from a low-order RC-inspired thermal
prior. The hybrid model architecture is first defined below, followed by the RC-prior
directional regularization and numerical discretization in Sections 3.2 and 3.3, respectively.

3.1.1. Hybrid RC-Reference-Neural-Residual Formulation

To construct a control-oriented thermal predictor, the building thermal dynamics are
decomposed into an RC-inspired reference component and a learnable neural residual.
The former represents the dominant low-order thermal trend, whereas the latter captures
residual nonlinearities and unmodeled dynamics beyond the selected prior. This semi-
structured formulation reduces the burden on the neural network to learn the basic thermal
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response entirely from data and provides the reference trend used by the directional
regularization introduced in Section 3.2. The continuous-time model is expressed as
follows:

%(:) = fre(h(t), uci(t), d(t); Orc) + N (h(t), tewi(t), d(t); ONN) 1)

where h(t) denotes the normalized indoor thermal state, 1. (f) denotes the normalized
equivalent HVAC control input, and d(t) = [Tout(t), S(t)]" denotes the exogenous input
vector comprising outdoor temperature and solar radiation. The functions frc(-) and
NN (+) denote the RC-inspired reference component and the neural residual component,
parameterized by Orc and O, respectively. Accordingly, the neural residual receives the
four-dimensional input vector, as follows:

z(t) = [h(t), U (t), Tout(t), S(E)]T )

which is consistent with the 4-32-32-1 architecture used in the implementation. The explicit
low-order form and identification procedure of the RC-inspired reference component are
described in Section 3.1.2.

3.1.2. RC-Inspired Prior Formulation and Identification

For each thermal zone, the RC-inspired reference component frc in Equation (1) was
implemented as a low-order linear thermal prior rather than as a detailed multi-state RC
network. Let Ty = h(f;) denote the normalized indoor thermal state sampled at step k.
For the transition from T to Ty, the sample-wise local temperature change trend grc x is
expressed as follows:

grcx = O[Tk Qkrts Toutkr1s Skits 1" 3)

where Qy.1, Toutk+1, and Sy denote the normalized interval-associated HVAC input,
outdoor temperature, and solar radiation corresponding to the transition ending at T4,
respectively, and the final constant represents the intercept. The parameter vector Ogc € R’
was identified separately for each thermal zone using ridge regression on the chronological
training subset, with a regularization coefficient of « = 10~*. Accordingly, the RC-inspired
reference function can be written compactly as frc (, u, d; 0rc) = 6% {h, u,d’,1)T, while
8rc x denotes its sample-wise evaluation under the interval-aligned inputs in Equation (3).
The resulting fixed RC-inspired prior provides the reference trend used by the directional
regularization introduced in Section 3.2 and should not be interpreted as a complete first-
principles thermal model.

3.2. RC-Prior Directional Regularization

The RC-inspired prior defined in Section 3.1.2 provides a low-order reference for the
local temperature change direction. To encourage the learned PG-NODE dynamics to
remain directionally consistent with this reference without imposing it as a hard physical
constraint, an RC-prior directional regularization term is incorporated into the training
objective. The total loss is defined as follows:

Liotal = LmsE + Adir Ldir 4)

where Lysg is the mean-squared-error prediction term, Lg;, is the RC-prior directional
regularization term, and Ag;, > 0 controls their relative weighting.
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The prediction-error term is defined as follows:
1 N, ||+ 2
‘CMSE = ﬁbzi:l h(ti) - h(ti) ‘2 (5)

where N;, denotes the number of samples or time steps in the current training batch, ¢;
denotes the i-th sampling instant, and /i(t;) and h(t;) denote the predicted and observed
indoor thermal states, respectively.

For each training sample i, grc; denotes the corresponding RC-prior temperature
change trend defined by Equation (3). The local temperature change trend predicted by the
PG-NODE is defined as follows: R

dh(t)
TH (6)
t=t;

Qi

A positive grc ; indicates a heating-oriented reference trend, whereas a negative value
indicates a cooling- or heat-loss-oriented reference trend. The directional regularization
term is then formulated as follows:

1 . .
Lgir = ﬁbZzN:bl I(|grc,i| > €)[ReLU(m — sign(grc,i)3i)]> 7)

where I(+) is the indicator function; sign(-) returns the sign of the RC-prior trend; ReLU(-)
denotes the rectified linear unit, with ReLU(x) = max(0, x); m is the directional margin;
and e is the activity threshold used to exclude samples with weak RC-prior trends. In this
study, m = 0. For each thermal zone, € was determined exclusively from its chronological
training subset as follows:

€= max[0.015, P65(|gRC|train)] (8)

where Pg5(+) denotes the 65th percentile. The resulting threshold was fixed for subsequent
validation and test evaluation. With m = 0, the penalty is nonzero only when an active
sample has a predicted local trend opposite to the direction indicated by the selected
RC-inspired prior. Accordingly, this term should be interpreted as soft prior-consistency
regularization rather than as a strict energy-balance constraint or an independent guarantee
of general physical validity.

Because regularization strength can materially affect predictive performance and the
balance between data fitting and physics-related guidance [18], Ag4;, was evaluated on
the validation subset over {0, 1, 10, 20, 50, 100}. Based on this validation-only sensitiv-
ity analysis, Aqi; = 10 was retained as the nominal accuracy—prior-consistency trade-
off for subsequent experiments rather than as an RMSE-optimal or universally opti-
mal setting. The corresponding quantitative results are presented in Section 7.3 and
Supplementary Table S1.

3.3. Numerical Discretization and Temporal Alignment for MPC

Following the continuous-time neural ODE formulation introduced by Chen et al. [21],
the PG-NODE dynamics defined in Equation (1) are evaluated numerically at the discrete
sampling instants used for model training and MPC prediction. Given an initial predicted
thermal state fi(ty), the predicted trajectory can be expressed as follows:

h(t) = h(to) + / [fre (1), s (7), d(7);0re ) + frn (A(T), an(0), d(0); 0nn)|de ©)

where ty denotes the initial time and 7 is the integration variable. The remaining variables
and model parameters follow the definitions introduced in Section 3.1.
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To ensure consistent temporal alignment between the stored EnergyPlus data and the
subsequent control formulation, each one-step transition pairs the indoor temperature at
sample k with the interval-associated HVAC and exogenous inputs leading to the next
temperature sample, as follows:

(Tr, Qi1 Toutk+1, Skt1) = Trgt (10)

For the subsequent control-oriented formulation, these interval-associated inputs are
re-indexed by the corresponding control interval as follows:

e = Qepr, dk = [Touks1, Ska]' (11)
so that the same transition can be written compactly as follows:
(Tkr Ug, dk) - Tk+l (12)

This is only a notational re-indexing and does not alter the underlying temporal
alignment. The same convention is used throughout model training and evaluation, RC-
prior identification, RC-EKF estimation, and closed-loop prediction.

In the implemented experiments, all NODE-based models used the same fixed-step
forward Euler scheme. Time was expressed in sampling-step units, such that At = 1
corresponds to one 30 min sampling interval. Accordingly, the discrete PG-NODE transition
is written as follows:

Bgsr = Iy + AT [fRC (ﬁk, ug, di; 6RC) + /NN (Ek/ ug, d; BNN)} (13)

where /iy is the predicted thermal state at sampling step k, and AT is the numerical in-
tegration step. The fixed RC-inspired reference function frc follows the formulation in
Section 3.1.2 and is evaluated using the current predicted state and the re-indexed interval-
associated inputs. The same fixed-step discretization was used throughout training, re-
cursive prediction, and MPC evaluation; therefore, no adaptive ODE solver or relative or
absolute integration tolerances were used.

3.4. Validation-Based Deployment Checkpoint Selection

For deployment in the main PG-NODE-MPC controller, candidate PG-NODE check-
points were evaluated exclusively on the validation subset using a two-stage procedure.
Each candidate was first screened for positive local HVAC-response gain, after which the
admissible checkpoint with the lowest 48-step free-running validation rollout RMSE was
selected for each model-training seed. This procedure was used solely for deployment-
model selection and was not included in the training objective; the selected PG-NODE
remained fixed throughout the main closed-loop evaluation. Complete checkpoint inter-
vals, finite-difference settings, screening criteria, fallback rules, and selected epochs are
reported in Supplementary Table S2.

4. Online Feedback and Parameter-Update Mechanisms

This section distinguishes state-feedback reinitialization in the fixed main PG-NODE-
MPC controller from the restricted final-layer adaptation examined only in auxiliary abla-
tion variants and the recursive parameter adaptation used by the RC-EKF-MPC benchmark.

4.1. State-Feedback Reinitialization in the Main PG-NODE-MPC

The main PG-NODE-MPC controller uses the validation-selected predictor described
in Section 3.4, and its model parameters remain fixed throughout closed-loop operation. At
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each control step k, the latest observed indoor temperature is used to initialize the current
prediction horizon:
o = T (14)

where f10| x denotes the initial predicted thermal state for the MPC optimization performed
at control step k, and T,fbs is the latest observed indoor temperature.

Using the temporal-alignment convention and discrete transition defined in Section 3.3,
the corresponding one-step PG-NODE prediction is written as follows:

?ffl‘k = Dp; (ﬁo\k, Uy, di; @}kaG) (15)

where ® () denotes the one-step fixed-step PG-NODE transition over one control interval,
and @} denotes the fixed parameter set of the validation-selected predictor, comprising
the identified RC-reference parameters and the trained neural-residual parameters. The
interval-associated control input 1 and exogenous input vector dj follow the definitions in
Section 3.3.

After the next indoor temperature observation becomes available, the same initializa-
tion rule in Equation (14) is applied at control step k + 1. The PG-NODE parameter set
remains fixed throughout closed-loop operation:

Opc ik = Opg, Vk (16)

where @p¢  denotes the PG-NODE parameter set used at control step k. Thus, online
feedback updates the initial state of each prediction horizon but does not update the
deployed PG-NODE parameters.

4.2. Restricted Final-Layer Adaptation for Ablation Variants

To examine the effect of limited online parameter adaptation while preserving the
offline-learned PG-NODE representation, two auxiliary ablation variants were considered.
M2 updates only the final output layer of the neural residual using the most recently
observed transition, corresponding to a buffer length of B = 1, whereas M3 uses the five
most recent transitions, corresponding to B = 5. The neural network parameters are
partitioned as follows:

Onn = (61, 6,) (17)

where 0;, and 6, denote the hidden-layer and final output-layer parameter sets, respectively.
During restricted adaptation, ), remains fixed at its offline-trained value, whereas only 6,
is updated.

After a new transition becomes fully observed, a buffer containing the most recent B
transitions is formed as follows:

B = {<Ti0bs’”i’ di, ioﬁ) }f:k—BJrl "

(B)

where B, denotes the adaptation buffer containing the most recent B fully observed tran-
sitions. The remaining variables follow the definitions introduced in Sections 3.3 and 4.1.
The local adaptation loss is as follows:

1 ~ 2
Lagk = ‘B(B)‘Zie B® {(Tzﬁrlli - Tﬂ’f) + /\dirgdir,i] (19)
k
where | B,EB) |= B is the number of transitions in the current buffer, T; +1i is the one-

step prediction produced by the current model, and /g;,; denotes the indicator-weighted
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squared directional penalty inside the summation in Equation (7). The nominal Ag4;, setting
selected in Section 3.2 is retained during adaptation.

After each newly observed transition becomes available, the final output-layer pa-
rameters are updated by one optimizer step using the settings reported in Supplementary
Table S2. State-feedback reinitialization, as defined in Section 4.1, is retained in both vari-
ants. M2 and M3 are auxiliary ablation variants and are not part of the main PG-NODE-
MPC controller.

4.3. EKF-Based Adaptive RC Model for the RC-EKF-MPC Baseline

Kalman-filter-based online estimation of grey-box thermal models and adaptive pre-
dictive control have previously been investigated for building thermal modeling and
control [32,33]. In the present study, RC-EKF-MPC serves as a separate adaptive grey-box
benchmark based on recursive estimation of a five-parameter RC-inspired linear predictor.
Unlike the fixed PG-NODE predictor used in the main controller, its parameter vector
is updated recursively during closed-loop operation. The initial RC-EKF parameter vec-
tor was identified offline by ordinary least squares using a predefined initial segment
of the chronological training subset. The exact initialization settings are provided in
Supplementary Table S2.

Following this established recursive estimation framework and adopting the control-
oriented notation defined in Section 3.3, the RC-EKF predictor and parameter-update
equations are written as follows. The one-step predictor is given by the following:

SRC T
Tk = $ic 0k (20)

T
i = | T, w, df, 1 1)

where TIESU ; denotes the one-step-ahead indoor temperature prediction produced by the
RC-EKF model, ¢; € R’ is the RC-EKF regression vector, and 6, € R’ is the prior RC
parameter estimate available before assimilating the next temperature observation. The
superscripts (—) and (+) denote prior and posterior quantities, respectively. The quantities
T]?bs, uy, and dj follow the definitions introduced in Sections 3.3 and 4.1. Because the
predictor is linear in the recursively estimated parameter vector, the corresponding EKF
parameter update reduces to the standard Kalman-filter form used below.

The RC parameters are modeled as a random-walk process with zero-mean process
noise. Accordingly, before each measurement update, the prior parameter mean and

covariance are propagated as follows:
0, =6, ,, P, =P/ + Qs (22)

where 6, | and P/ | denote the posterior parameter estimate and covariance matrix from
the preceding update, respectively; P, is the prior parameter covariance matrix at step k;
and Qgkr is the process-noise covariance matrix.

After T]?Esl becomes available, the prediction innovation is calculated as follows:

vir = T, — @6 (23)

where 14,1 denotes the one-step temperature-prediction residual. The Kalman gain is then
computed as follows:

_ Pk

¢ P, i+ Rexr

K; (24)
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where Kj is the Kalman gain vector and Rgkr is the measurement-noise variance. The
posterior parameter estimate and covariance are updated according to the following:

0, =60, +Kivjiq (25)

P = (15 - Kk(p,f)Pk* (26)

where I5 denotes the 5 x 5 identity matrix.

For the controller-comparison experiments, Qexr = 107 *Is and Rgxr = 1072 were
selected through validation-only sensitivity analysis. The complete numerical covariance-
sensitivity results are reported only in Supplementary Table S3. The RC-EKF parameters
were updated after each newly observed 30 min transition, and the resulting predictor was
used in the subsequent MPC optimization under the same objective function, prediction
horizon, exogenous forecasts, and normalized control bounds as PG-NODE-MPC. For clar-
ity, Table 2 summarizes the distinctions among the fixed main PG-NODE-MPC controller,
the restricted M2 /M3 adaptation variants, and the adaptive RC-EKF-MPC benchmark.

Table 2. Summary of the feedback and parameter-update mechanisms considered in this study.

State-Feedback

Online Parameter

Feedback/Update

Method Reinitialization Update Updated Parameters Information Update Frequency
Latest observed
Main Yes No None indoor temperature At each control step;
PG-NODE-MPC for state no parameter update
reinitialization
Final neural-residual ~ Most recent observed After each
M2 Yes Yes o o
output layer transition, B =1 observed transition
Final neural-residual Five most recent After each
M3 Yes Yes observed transitions, 1
output layer B—5 observed transition
Prediction innovation
RC-EKF-MPC Yes Yes Five-parameter from the latest After each neva.ly
RC vector temperature observed transition
observation

Note: M2 and M3 are used only in the ablation analysis and are not part of the main PG-NODE-MPC controller.

5. Model Predictive Control Formulation

The PG-NODE-MPC and RC-EKF-MPC controllers use the same receding-horizon
optimization formulation but differ in their prediction models and online model update
behavior, as described in Section 4: the PG-NODE predictor remains fixed, whereas the RC-
EKF predictor is recursively updated. The common objective function, control constraints,
predictive rollout, and receding-horizon implementation are described below.

5.1. Objective Function

Following the standard receding-horizon MPC principle [3,4] and the control-input
convention defined in Section 3.3, the study-specific objective used in this work comprises
tariff-weighted normalized control effort, tracking of the normalized reference state, and
control smoothness. At each closed-loop control step ¢, the control sequence is optimized
over an N-step prediction horizon according to the following:

_ - 2
H,Llliﬂ]t = Zjliol [Ct+j|”t+j’ +Ac (hj+1|t - href) + Apu (U4 — ut+j—1)2 (27)
t

where t denotes the current closed-loop control step and j indexes the prediction steps
within the current MPC horizon. The decision vector U; contains the unconstrained control
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variables over the horizon and is mapped to the bounded control sequence as described
in Section 5.2. The quantity N = 48 denotes the prediction horizon, corresponding to
24 h at the 30 min control interval; u; ; is the normalized equivalent HVAC control input;
¢t+j is the normalized time-of-use weighting coefficient; /; | is the indoor thermal state
predicted j + 1 steps ahead from control step ¢; h is the normalized reference thermal
state; and A and A, are the reference-tracking and control-smoothness penalty weights,
respectively. For the first smoothness term, corresponding to j = 0, #;_1 denotes the control
action applied at the preceding closed-loop control step.

The reference state was fixed at ¢ = 0 for all controller-comparison experiments.
The three terms in the objective respectively represent tariff-weighted normalized control
effort, reference-tracking penalty, and control-smoothness penalty.

The nominal time-of-use weighting coefficient was set to 0.40 during the peak period
from 08:00 to 20:00 and to 0.10 otherwise. Sensitivity to alternative tariff weightings
was evaluated post hoc using the fixed closed-loop trajectories without controller re-
optimization; the complete post hoc results for tariff-weighted normalized control effort
and the resulting reweighted total objective are reported only in Supplementary Table S4.
Both MPC-based controllers used the common nominal weights A, = 100 and Ay, = 0.1. A
validation-only sensitivity analysis was conducted to determine whether the qualitative
controller comparison depended strongly on these weights. The full numerical results are
reported only in Supplementary Table S5 and were not used to retune the controllers on
the held-out test windows. The nominal weights are therefore treated as fixed common
settings rather than as globally optimal parameters.

Because u;  is a normalized equivalent thermal-control coordinate rather than mea-
sured electrical power, the tariff-weighted control-effort term and the resulting total ob-
jective are used only for relative algorithmic comparison and should not be interpreted as
physical energy consumption, HVAC electricity use, or monetary cost.

5.2. Control-Input Constraints

To enforce the prescribed normalized control-input range, each element of the uncon-
strained decision vector U; is mapped through a smooth saturation function:

Upyj = Umaxtanh(if), j=0,...,N—1 (28)

where Zt+ i is the unconstrained decision variable at prediction step j, and umax = 2.0 is the
prescribed normalized control bound. Hence,

—Umax < Uttj < Umax, ] =0,...,.N—-1 (29)

The same control bound is applied to both PG-NODE-MPC and RC-EKF-MPC to
ensure a consistent controller comparison. No hard ramp-rate constraint is imposed;
control smoothness is instead encouraged through the penalty term Ay, (uH j— Uprj—1 )2
in the objective defined in Section 5.1.

5.3. Predictive Rollout Within MPC

At each closed-loop control step £, the prediction horizon is reinitialized using the latest
observed indoor temperature according to the state-feedback rule defined in Section 4.1.
For PG-NODE-MPC, the fixed validation-selected predictor is then recursively propagated
over the N-step horizon as follows:

~

hj+1‘t = CDAT (7/1\]|t/ ut+j/ dt+j; G4)?)(3)/ ] = Or‘ . '/N -1 (30)
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where flj“ denotes the thermal state predicted j steps ahead from control step ¢, and d; ;
is the corresponding exogenous input vector over the prediction horizon. The transition
operator and fixed PG-NODE parameter set are defined in Section 4.1, while the temporal-
alignment convention and control-input constraints are defined in Sections 3.3 and 5.2,
respectively.

For RC-EKF-MPC, the same receding-horizon rollout structure is used, with the PG-
NODE transition replaced by the most recently updated RC-EKF predictor described in
Section 4.3. The resulting predicted trajectories are evaluated using the common MPC
objective defined in Section 5.1.

5.4. Receding-Horizon Implementation

At each closed-loop control step t, the MPC problem defined in Sections 5.1-5.3
is solved over the N-step prediction horizon, yielding the following optimized control
sequence:

i = [uf, w0, iy S

where U} denotes the optimal bounded control sequence at control step ¢, and u;, jis the
corresponding optimized control action at prediction step j.
Each MPC problem was solved using 50 iterations of the optimizer specified in Sup-

plementary Table S2, with a learning rate of 0.1. The unconstrained decision vector U;
was initialized to zero at each control step, with no warm start or tolerance-based early
stopping. The same optimization settings were applied to both MPC-based controllers.
Following the receding-horizon principle, only the first optimized control action
is applied:
U = uf (32)

After the system advances to the next control step and a new indoor temperature
observation becomes available, the prediction horizon is shifted forward and the optimiza-
tion is repeated using the controller-specific feedback or update mechanism described in
Section 4.

6. Experimental Setup and Benchmark Design
6.1. Target Building and Simulation Setup

The case study was implemented in EnergyPlus [34] using the U.S. Department of
Energy (DOE) Standalone Retail prototype from the DOE Prototype Building Models [35],
under the American Society of Heating, Refrigerating and Air-Conditioning Engineers
(ASHRAE) Standard 90.1-2022 reference configuration [36]. The annual simulation for New
York (ASHRAE Climate Zone 4A) used the corresponding Typical Meteorological Year
3 (TMY3) weather data [37]. Five thermal zones were considered: BACK SPACE, CORE
RETAIL, FRONT ENTRY, FRONT RETAIL, and POINT OF SALE.

The annual dataset contained 17,520 samples at a 30 min reporting interval. For
each thermal zone, the data were divided chronologically, without shuffling, into 60%
training, 20% validation, and 20% held-out test subsets, corresponding to 10,512, 3504, and
3504 samples, respectively. All normalization statistics were calculated exclusively from the
training subset. The temporal alignment of the indoor temperature, HVAC, and exogenous
variables follows the convention defined in Section 3.3.

All five thermal zones were included in the repeated prediction, Gaussian noise
robustness, and controlled HVAC-input mismatch experiments. The final closed-loop
controller comparison was restricted to the BACK SPACE zone. Accordingly, the multi-
zone experiments characterize predictive behavior across zones within the same prototype
building, whereas the closed-loop conclusions are limited to the evaluated BACK SPACE
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simulation case. The detailed benchmark definitions and closed-loop evaluation protocol
are provided in Sections 6.2-6.5.

6.2. Evaluation Metrics and Gaussian Noise Robustness Protocol

To evaluate prediction robustness under noisy sensing and disturbance measurements,
independent zero-mean Gaussian perturbations were added in normalized coordinates to
indoor temperature, outdoor temperature, and solar radiation, whereas the normalized
equivalent HVAC input remained unperturbed:

%t = x4, 7~ N(0,02), o€ {0,03,0.6) (33)

where x¢ € {Tt, Toutt, St } denotes a normalized variable at time step ¢, ;t is its perturbed
counterpart, #7; denotes an independent Gaussian perturbation sampled for each perturbed
variable and time step, and ¢ is the prescribed noise standard deviation in normalized
coordinates. For each thermal zone, noise level, and model-training seed, the learned pre-
diction models were retrained using the corresponding noisy training subset and evaluated
on an independently perturbed held-out test subset. The validation-based deployment
checkpoint-selection procedure described in Section 3.4 was not applied in this robustness
experiment; instead, the final model obtained after the prescribed 150 training epochs
was used directly for test evaluation. The validation subset was therefore not used. The
RC-inspired prior identified from the clean chronological training subset remained fixed
across all noise levels. Detailed noise generation, retraining, random seed, and model
selection settings are provided in Supplementary Table S2.
Prediction accuracy was quantified using normalized prediction RMSE:

RMSE =

Ly (f-m) (34)

Neval =1

where Ny, denotes the number of evaluated samples, and T; and T; are the predicted and
corresponding observed normalized indoor temperatures, respectively. For the Gaussian
noise experiments, the metrics were calculated on the corresponding perturbed held-out
test sequence.

Directional agreement with the selected RC-inspired prior was evaluated using the
RC-prior directional inconsistency rate (RDI). Using the activity threshold € defined in
Section 3.2, the active sample set is defined as A = {i : |grc,i| > €}. RDI s then calculated
as follows:

1 5 0
RDI = mzie 1 18igrei < 0] x 100% (35)

where | A | is the number of active samples. A lower RDI indicates greater directional
agreement with the selected RC-inspired prior. The RC baseline has zero RDI by con-
struction because it defines the reference direction. Accordingly, RDI is used here as a
prior-consistency metric rather than as an independent measure of general physical validity.

Closed-loop performance was summarized using normalized reference-tracking
RMSE, the three objective components defined in Section 5.1, total objective, and cu-
mulative control variation. In this closed-loop context, RMSE denotes the run-wise root
mean square deviation of the realized normalized indoor temperature trajectory from the
prescribed reference state h1..¢ = 0. This is used as a reference-tracking metric and should
not be interpreted as a formal measure of occupant thermal comfort. Cumulative control
variation was calculated as follows:

Z\]S.imf1
TVu = k=1 |uk — Up— (36)
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where N denotes the number of evaluated closed-loop control steps. Lower TV, indicates
smoother control trajectories.

Two additional temperature-scale reference-tracking diagnostics were calculated
exclusively for supplementary trajectory interpretation: the mean absolute tempera-
ture deviation from the reference, expressed in degrees Celsius, and the percentage of
samples outside the diagnostic temperature band. These metrics are reported only in
Supplementary Table S6 and were not used in the MPC objective, controller tuning, or
primary inferential comparisons. The normalized trajectories were inverse-transformed
using the training-subset statistics. The diagnostic band is neither a hard MPC constraint
nor a formal thermal-comfort standard.

6.3. Benchmark Models and Controllers

Based on the evaluation metrics defined in Section 6.2, five thermal-prediction mod-
els and three closed-loop controllers were considered. All prediction models used the
same chronological data split, temporal-alignment convention, and normalization protocol
described in Sections 3.3 and 6.1.

For thermal prediction, the following models were compared. The RC baseline is
the fixed low-order linear RC-inspired prior defined in Section 3.1.2. The LSTM baseline
uses a single recurrent layer with a six-step input window as a representative data-driven
sequence model [38]. The vanilla NODE uses the same 4-32-32-1 neural architecture and
fixed-step discretization as the other NODE-based models but is trained using only the
prediction-error objective without RC-prior directional regularization [21]. The regularized
NODE is a study-defined comparison baseline using the same architecture with a three-step
recursive rollout loss to encourage multi-step predictive consistency, without RC-prior
directional regularization. The proposed PG-NODE combines the RC-inspired reference
component, neural residual, and RC-prior directional regularization described in Section 3;
the validation-selected fixed checkpoint is used in the main PG-NODE-MPC controller.

For closed-loop evaluation, three controllers were compared. The RBC applies a dead-
band of £0.10 around the normalized reference, with u = +2 below the lower threshold,
u = —2 above the upper threshold, and u = 0 within the deadband. The RC-EKF-MPC uses
the adaptive RC predictor described in Section 4.3 within the common MPC formulation of
Section 5, whereas PG-NODE-MPC uses the fixed validation-selected PG-NODE predictor
with the state-feedback reinitialization described in Section 4.1. Within each matched seed-
window evaluation, all three controllers were evaluated in the same fixed seed-specific
surrogate environment. The complete pairing protocol and shared closed-loop operating
conditions are specified in Section 6.4, and detailed implementation settings are provided
in Supplementary Table S2.

6.4. Multi-Window Closed-Loop Evaluation Protocol

The final closed-loop comparison was conducted for the BACK SPACE zone using
five predefined, mutually non-overlapping 48 h windows from the held-out test subset,
spanning 24 October to 29 December. Five model-realization seeds were evaluated in each
window, yielding 25 matched seed-window cells per controller. The exact window dates,
offsets, and endpoint conventions are reported in Supplementary Table S2. Because the
evaluation period covers only late autumn to early winter, these results should not be
interpreted as year-round validation or as separate validation of representative heating and
cooling seasons.

For each model-realization seed, the fixed surrogate environment and the validation-
selected PG-NODE controller predictor were trained independently and shared no parame-
ters. Within each matched seed—window cell, RBC, RC-EKF-MPC, and PG-NODE-MPC
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were evaluated under the same surrogate dynamics, exogenous sequence, initial condition,
and common operating settings. The five final test windows were not used for checkpoint
selection or controller tuning, and the initial 96-step test segment used for implementation
verification was excluded from all reported performance analyses. Complete surrogate-
training, seed-pairing, environment-reuse, and evaluation-window settings are provided
in Supplementary Table S2.

Both MPC-based controllers followed the common receding-horizon formulation
described in Section 5. Future outdoor temperature and solar radiation inputs were taken
directly from the corresponding held-out sequence under a perfect exogenous forecast
assumption. Occupancy-related and other unmeasured internal gains were not supplied
as separately forecast variables and were represented only implicitly through the learned
dynamics and surrogate environment. Accordingly, the present closed-loop evaluation
does not assess robustness to exogenous forecast errors.

All reported closed-loop controller comparisons were therefore conducted in inde-
pendently trained, fixed, seed-specific PG-NODE surrogate environments derived from
EnergyPlus-generated data rather than through direct EnergyPlus co-simulation or ac-
tuation. Controller performance was summarized descriptively across the 25 matched
seed-window cells as mean =+ standard deviation. Because the same five evaluation win-
dows were used across the five model-realization seeds, the cells were not treated as fully
independent replicates for inferential analysis.

For each performance metric and each prespecified comparison of PG-NODE-MPC
with RBC or RC-EKF-MPC, the matched controller difference ds ,, within model-realization
seed s and evaluation window w was analyzed using a two-way additive fixed-block
linear model:

ds,w =u+as+ ﬁw + esw (37)

subject to
5 5
2 Ng = 0, 2 le = 0
s=1 w=1

where p denotes the overall mean matched difference, a5 and 8, denote the fixed blocking
effects of model-realization seed and evaluation window, respectively, and e; ,, denotes the
residual term. The sum-to-zero constraints ensure that the model intercept u represents
the overall mean matched difference. Statistical inference was based on the two-sided
null hypothesis Hy : 4 = 0. Because only one matched difference was available for each
seed-window cell, the seed-by-window interaction was not separately estimable and was
therefore confounded with the residual term. With 25 matched cells and nine estimable
model coefficients, the residual degrees of freedom were 16.

6.5. Controlled HVAC-Input Mismatch Protocol

In addition to the closed-loop evaluation described in Section 6.4, a separate fixed-
model stress test was conducted to examine the sensitivity of vanilla NODE and PG-NODE
to controlled mismatch in the assumed HVAC input-response relationship. This experiment
used the held-out test subset and evaluated the predictors only; it was not intended to
represent a specific equipment fault or an online adaptation scenario.

The mismatch was introduced by scaling only the normalized interval-associated
HVAC input supplied to the predictor:

U = (38)
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with the following:

1, k < kd, Ntest
= Lk = | == 39
T {’Y, k> k4, d { 2 J 39)

where 1y follows the interval-associated input definition in Section 3.3, u™ is the perturbed
input supplied to the predictor, Niest is the number of aligned transitions in the held-out
test sequence, and k; denotes the mismatch-onset index. Three gain factors were consid-
ered: v € {1.0,0.8,0.6}, where v = 1.0 represents the matched nominal condition. Indoor
temperature observations and exogenous inputs were left unchanged, so the experiment
isolates the effect of a controlled perturbation in the HVAC input channel. The model
parameters remained fixed throughout the test. At each prediction step, the latest ob-
served indoor temperature was used as the current state, consistent with the state-feedback
reinitialization convention described in Section 4.1.

The evaluation was repeated across five thermal zones and five model-training seeds.
Prediction performance after the mismatch onset was quantified as follows:

1 Niest—1 (3(7) bs ) >
RMSEpost,y = \/ N Zk;k; (Tk+1|k - Tl?fl) (40)
post

()
where Tk+1|k

Niest — kg denotes the number of post-mismatch transitions.

denotes the one-step-ahead prediction under gain factor v, and Npost =

To account for baseline differences across matched zone-seed-model runs, mismatch-
induced degradation was evaluated relative to the matched nominal condition at ¢ = 1.
The absolute RMSE increase was defined as follows:

ARMSEqps,, = RMSEpost,y — RMSEpost 1 (41)

and the corresponding relative RMSE increase was defined as follows:

RMSEpost;y — RMSEpost 1
RMSEpost1

ARMSEy ., = x 100% (42)

Both prediction-RMSE change metrics were calculated within each matched zone-
seed-model run before aggregation across the 25 matched zone-seed runs for each model
and mismatch setting. Detailed post-mismatch prediction RMSE values are reported only
in Supplementary Table S7.

7. Results and Discussion
7.1. Prediction Accuracy and RC-Prior Directional Consistency

Table 3 summarizes the prediction performance across five thermal zones and five
model-training seeds. LSTM achieved the lowest overall RMSE of 0.1017 & 0.0423, whereas
PG-NODE achieved the lowest RMSE of 0.1314 & 0.0360 among the NODE-based models.
Thus, the proposed model did not provide the highest prediction accuracy among all
evaluated models.

Figure 2 shows the trade-off between prediction accuracy and RC-prior directional
consistency. PG-NODE achieved a mean RDI of 4.49%, compared with 17.66% for vanilla
NODE, 18.63% for regularized NODE, and 27.18% for LSTM. Relative to vanilla NODE,
PG-NODE reduced mean RMSE by approximately 2.4% and mean RDI by 74.6%, indicating
lower mean RMSE and substantially lower mean RDI than vanilla NODE within the
evaluated design. Because RDI is defined relative to the identified RC prior, the low
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RDI of the PG-NODE reflects a stronger agreement with that prior rather than reflecting
independent evidence of general physical validity.

Table 3. Prediction performance of the five benchmark models across five thermal zones and five
model-training seeds.

Model RMSE RDI (%)
RC 0.1603 + 0.0388 0.00 *
LSTM 0.1017 +£ 0.0423 27.18 £9.10
Vanilla NODE 0.1346 + 0.0349 17.66 £ 14.62
Regularized NODE 0.1332 £+ 0.0332 18.63 £ 11.45
PG-NODE 0.1314 £+ 0.0360 449 £571

Notes: Values are reported as mean =+ standard deviation across five thermal zones and five model-training seeds
(n = 25 per model). * The RC baseline has RDI = 0 by construction because it defines the reference direction.
RMSE denotes the normalized prediction RMSE defined in Equation (34).

Prediction accuracy vs. RC-prior directional consistency
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Figure 2. Trade-off between prediction accuracy and RC-prior directional consistency for the five
benchmark models. Markers represent mean values across five thermal zones and five model-training
seeds (n = 25 runs per model); the horizontal and vertical error bars indicate normal approximation
95% confidence intervals of the mean for prediction RMSE and RD], respectively. PG-NODE achieved
the lowest mean RDI among the learned nonlinear models and the lowest mean prediction RMSE
among the NODE-based models.

The zone-wise results in Figure 3 show that prediction accuracy varies across thermal
zones, while PG-NODE maintains the lowest mean RDI among the learned nonlinear
models in all five evaluated zones. Detailed zone-wise numerical prediction RMSE and
RDI values are reported only in Supplementary Table S8, while Supplementary Figure S1
shows the full distributions across the 25 zone-seed runs. These results indicate that the
aggregate accuracy—prior-consistency pattern observed in Table 3 is broadly maintained
across the evaluated zones.

7.2. Sensitivity to Controlled HVAC-Input Model Mismatch

Figure 4 compares the sensitivity of the fixed Vanilla NODE and PG-NODE predictors
to the controlled HVAC-input mismatch defined in Section 6.5. As the input-gain factor
decreased from the nominal value of vy = 1.0 to 0.8 and 0.6, the mean absolute RMSE
increases were 0.01087 and 0.03709 for Vanilla NODE and 0.01294 and 0.03913 for PG-
NODE, respectively. The corresponding relative RMSE increases were 7.82% and 26.69% for
Vanilla NODE and 9.26% and 28.26% for PG-NODE. These results indicate that PG-NODE
did not exhibit greater robustness to the controlled input mismatch, with the two fixed
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predictors showing broadly comparable degradation. Although the detailed results in
Supplementary Table S7 show marginally lower post-mismatch prediction RMSE values
for PG-NODE, the differences were small and should not be interpreted as evidence of
superior mismatch robustness.
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Figure 3. Zone-wise prediction performance of the five benchmark models: (a) prediction RMSE and
(b) RDL. For each zone-model combination, bars represent the mean across five model-training seeds
(n = 5), and error bars indicate normal approximation 95% confidence intervals of the mean. Across
all five evaluated zones, PG-NODE maintained the lowest mean RDI among the learned nonlinear
models, whereas prediction-accuracy rankings varied across zones.
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Figure 4. Sensitivity of the fixed Vanilla NODE and PG-NODE predictors to controlled HVAC-input
mismatch: (a) absolute increase in post-mismatch prediction RMSE relative to the matched nominal
condition and (b) relative increase in prediction RMSE. Changes were calculated within matched
zone-seed-model runs and then aggregated across five thermal zones and five model-training seeds
(n = 25 runs per model and mismatch setting). Markers represent mean values, and error bars
indicate normal approximation 95% confidence intervals of the mean. Model parameters remained
fixed throughout the experiment. The two predictors exhibited broadly comparable degradation as
the imposed HVAC-input mismatch increased, with no clear robustness advantage for PG-NODE.

7.3. Gaussian Noise Robustness and Directional Regularization Sensitivity

Table 4 and Figure 5 summarize prediction performance under the Gaussian noise
protocol defined in Section 6.2. Prediction RMSE increased for all models as the noise
level increased. LSTM retained the lowest mean RMSE at both nonzero noise levels,
achieving 0.3599 at o = 0.3 and 0.6608 at o = 0.6. The three NODE-based models exhibited
broadly similar RMSE under the same perturbations; therefore, PG-NODE did not provide
a consistent prediction accuracy advantage under noisy inputs. The principal difference
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was observed in RC-prior directional consistency. PG-NODE maintained mean RDI values
of 3.65% and 6.25% at o = 0.3 and 0.6, respectively, remaining substantially below those of
the other learned nonlinear models. Thus, under the evaluated Gaussian perturbations, RC-
prior directional regularization primarily preserved stronger agreement with the selected
RC-inspired prior rather than reducing absolute prediction error.

Table 4. Prediction performance under nonzero Gaussian noise perturbations across five thermal
zones and five model-training seeds.

o Model RMSE RDI (%)
RC 0.4328 + 0.0146 0.00 *
LSTM 0.3599 + 0.0180 23.33 + 3.39
Vanilla NODE 0.4132 + 0.0121 1042 + 6.41
0.3 Regularized NODE ~ 0.4124 + 0.0137 12.36 + 4.48
PG-NODE 0.4141 + 0.0142 3.65 + 2.65
RC 0.8183 + 0.0168 0.00 *
LSTM 0.6608 + 0.0136 24.85 + 323
Vanilla NODE 0.7522 + 0.0154 17.17 + 7.46
0.6 Regularized NODE  0.7564 = 0.0157 12.25 + 3.67
PG-NODE 0.7596 + 0.0119 6.25 + 3.24

Note: Values are reported as mean =+ standard deviation across five thermal zones and five model-training seeds
(n = 25 per model and noise level). RMSE denotes the normalized prediction RMSE defined in Equation (34).
* indicates that the RC baseline has RDI = 0 by construction because it defines the reference direction. The
noise-free baseline (¢ = 0) is reported in Table 3 and is included in Figure 5 for visual comparison.

—O—RC LSTM =~ Vanilla NODE <> Regularized NODE == PG-NODE
(a) Prediction RMSE (b) RC-prior directional inconsistency
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Figure 5. Prediction performance under increasing Gaussian noise levels: (a) Prediction RMSE and
(b) RDI. Markers represent mean values across five thermal zones and five model-training seeds
(n = 25 runs per model and noise level), and error bars indicate normal approximation 95% confi-
dence intervals of the mean. The RC baseline has zero RDI by construction because it defines the
reference direction.

Figure 6 summarizes the validation-only sensitivity of PG-NODE to the directional
regularization weight A4;.. The lowest validation RMSE of 0.1287 was obtained at Agq;, = 1,
whereas stronger regularization generally reduced RDI at the expense of prediction ac-
curacy. Increasing Ag;; from 0 to 10 reduced the mean RDI from 14.96% to 4.02%, while
increasing the mean RMSE from 0.1290 to 0.1361. At Ag;; = 100, the mean RDI further
decreased to 0.60%, whereas the mean RMSE increased to 0.1485. These results indi-
cate a clear accuracy—prior-consistency trade-off rather than a monotonic improvement
with increasing regularization strength, consistent with recent physics-guided modeling
studies [18-20]. Accordingly, as described in Section 3.2, Ag4;; = 10 was retained as the
nominal setting for subsequent experiments rather than as an RMSE-optimal or universally
optimal value.
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Figure 6. Validation-only sensitivity of PG-NODE to the directional regularization coefficient:
(a) Validation prediction RMSE and (b) RDI. Markers represent mean values across five thermal
zones and five model-training seeds (1 = 25 runs per Ag;, setting), and error bars indicate normal
approximation 95% confidence intervals of the mean.

7.4. Ablation Analysis of Directional Regularization and Restricted Adaptation

Following the directional regularization sensitivity analysis in Section 7.3, Table 5 iso-
lates the effects of RC-prior directional regularization and restricted final-layer adaptation.
Relative to MO, introducing directional regularization in M1 reduced the mean RMSE from
0.1346 to 0.1314 and the mean RDI from 17.66% to 4.49%, corresponding to reductions of ap-
proximately 2.4% and 74.6%, respectively. Thus, the directional regularization substantially
improved RC-prior consistency while slightly improving prediction accuracy.

Table 5. Ablation results for RC-prior directional regularization and restricted final-layer adaptation.

Variant RC-Prior Directional Regularization Restricted Final-Layer Adaptation RMSE RDI (%)
MO No No 0.1346 £ 0.0349 17.66 + 14.62
M1 Yes No 0.1314 £ 0.0360 449 +571
M2 Yes B=1 0.1199 £ 0.0363 13.08 + 3.43
M3 Yes B=5 0.1214 £ 0.0355 13.18 + 3.48

Notes: Values are reported as mean =+ standard deviation across five thermal zones and five model-training seeds,
with n = 25 evaluations per variant. All variants were evaluated using the same noise-free held-out test protocol
as the prediction baselines in Table 3. M0 and M1 correspond to the vanilla NODE and fixed PG-NODE baselines,
respectively. Detailed M2/M3 adaptation settings are provided in Supplementary Table S2.

Restricted final-layer adaptation in M2 and M3 further reduced the mean RMSE to
0.1199 and 0.1214, respectively, but increased the corresponding mean RDI values to 13.08%
and 13.18%. Increasing the transition-buffer length from B = 1 to B = 5 provided no clear
additional benefit. These results indicate an accuracy—prior-consistency trade-off: restricted
adaptation improved prediction accuracy relative to the fixed M1 model but weakened
agreement with the selected RC prior. M2 and M3 are auxiliary ablation variants and are
not part of the main PG-NODE-MPC controller; the corresponding results are visualized in
Supplementary Figure S2.

7.5. Multi-Window Closed-Loop Controller Comparison

Table 6 summarizes the closed-loop outcomes for the evaluated BACK SPACE simula-
tion case. After accounting for model-realization-seed and evaluation-window effects using
the fixed-block model described in Section 6.4, the analysis supported a lower reference-
tracking RMSE for PG-NODE-MPC relative to RBC, with a p-value of 0.019, but did not
support a difference in total objective, with a p-value of 0.700. Relative to PG-NODE-MPC,
the analysis supported lower reference-tracking RMSE and total objective for RC-EKF-MPC,
with both comparisons yielding p-values below 0.001.
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Table 6. Multi-window closed-loop performance of the three controllers.
Controller RMSE Tariff-Weighted Normalized Total Objective Control Variation
Control Effort
PG-NODE-MPC 0.247 £0.183 32.18 £ 14.29 927.80 + 1099.34 6.07 4= 4.12
RBC 0.269 + 0.140 34.35 +12.57 940.51 + 888.21 100.64 £ 92.44
RC-EKE-MPC 0.221 £0.194 33.89 £ 14.50 851.62 + 1072.74 8.74 +10.89

Note: Values are descriptive means + standard deviations across 25 matched seed—window cells, formed
by crossing five model-realization seeds with five non-overlapping 48 h test windows. These cells were not
treated as independent replicates in the inferential analysis. RMSE denotes the normalized reference-tracking
RMSE described in Section 6.2. Tariff-weighted normalized control effort and the total objective are algorithmic
comparison metrics under the fixed nominal weighting configuration; they do not represent measured physical
energy consumption, monetary cost, or formal occupant thermal-comfort performance.

Figure 7 presents the control trajectories for one representative seed—window realiza-
tion. The fixed-block analysis of cumulative control variation supported lower cumulative
control variation for PG-NODE-MPC than for RBC, with p < 0.001. By contrast, the dif-
ference between PG-NODE-MPC and RC-EKF-MPC was not statistically significant, with
p = 0.106.

—&— PG-NODE-MPC RBC =A-- RC-EKF-MPC =--- Reference
(a) Closed-loop temperature trajectory
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Figure 7. Illustrative closed-loop trajectories from the first predefined 48 h evaluation window

for model-realization seed 0: (a) Normalized indoor temperature trajectories and (b) normalized

equivalent HVAC control inputs. The trajectories are presented as a descriptive illustration of one

representative seed—-window realization.

For the tariff-weighted normalized control effort summarized in Figure 8, the fixed-
block analysis supported a lower value for PG-NODE-MPC than for RC-EKF-MPC, with
p < 0.001, whereas the comparison with RBC did not reach the 0.05 significance level,
with p = 0.070. Supplementary Table S6 indicates that RC-EKF-MPC achieved the lowest
mean absolute deviation from the reference, while the validation-only sensitivity analysis in
Supplementary Table S5 shows that the qualitative comparison between the two MPC-based
controllers remained stable across the evaluated weight range. Overall, the controllers
exhibited distinct algorithmic performance profiles rather than the universal superiority
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of a single method. Complete fixed-block estimates and 95% confidence intervals for all
prespecified comparisons are reported in Supplementary Table S9.

(a) Distribution across 25 matched cells (b) Window-wise descriptive mean control effort

50 504
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Figure 8. Tariff-weighted normalized control effort in the final multi-window closed-loop evaluation:
(a) Distributions across the 25 matched seed—window cells and (b) descriptive window-wise means
across five model-realization seeds. Error bars in panel (b) indicate 1 standard deviation across the
five seeds and are provided for descriptive visualization. PG-NODE-MPC had the lowest descriptive
mean tariff-weighted normalized control effort among the three controllers.

7.6. Computational Requirements and Timing Feasibility

As summarized in Table 7, the maximum observed MPC optimization time was 1.117 s,
corresponding to approximately 0.062% of the 1800 s control interval, while the maximum
process-level resident set size was approximately 307 MB. These results indicate substantial
timing margin for the evaluated 30 min supervisory control configuration under the tested
environment using only a central processing unit (CPU). Detailed information on the
hardware and software environment, runtime measurement, memory accounting, and
approximate computational complexity is provided in Supplementary Table S2.

Table 7. Computational requirements of the final PG-NODE-MPC implementation.

Computational Task Mean + SD Maximum
48-step PG-NODE prediction 1.91 + 0.25 ms 3.26 ms
MPC optimization 860 £ 168 ms 1117 ms
Peak process-level RSS — 307 MB

Notes: SD denotes standard deviation, and RSS denotes resident set size. Runtime measurements correspond to
the final PG-NODE-MPC configuration. Peak process-level RSS represents the maximum resident set size of the
complete process running Python 3.13.9 and PyTorch 2.9.1+CPU rather than the standalone memory footprint of
the PG-NODE model.

For practical integration, PG-NODE-MPC could operate as a supervisory software
layer above existing equipment-level HVAC controllers rather than replacing local control
loops. Model identification, retraining, and validation-based checkpoint selection would
remain offline, whereas online execution would comprise state-feedback reinitialization,
horizon prediction, and receding-horizon optimization. At each 30 min interval, the build-
ing management system (BMS) or a commercial HVAC supervisory control platform would
provide the latest zone-temperature measurement, outdoor temperature and solar radia-
tion forecasts, and the prescribed time-of-use weighting schedule to an edge computer or
supervisory server running the fixed PG-NODE predictor and MPC optimizer. The first
optimized action would then be translated through a site-specific interface into admissible
setpoint adjustments or other supervisory commands, while existing safety interlocks, oper-
ating limits, operator overrides, and fallback logic would remain active. Deployment would
additionally require mapping the normalized control coordinate to physical commands
and validating communication latency, fault handling, and platform-specific interfaces.
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7.7. Limitations and Future Work

Several limitations should be considered when interpreting the present results. First,
although the prediction and robustness analyses cover five thermal zones, the main closed-
loop comparison is restricted to the BACK SPACE zone of a single DOE prototype retail
building under one climate setting. The five 48 h evaluation windows span only late
October to late December and therefore do not constitute year-round validation or sep-
arate representative heating and cooling season assessments. The closed-loop findings
should thus be interpreted as specific to the evaluated simulation case. Extension to other
buildings, climates, or strongly coupled multi-zone systems would require renewed model
identification or retraining, validation-based deployment-model selection, and, where
necessary, an expanded state representation for inter-zone thermal interactions. Beyond
these model-update requirements, scaling the framework to many thermal zones or mul-
tiple buildings would introduce additional computational and coordination challenges.
In a centralized formulation, increasing numbers of thermal states, exogenous inputs,
and supervisory control variables would enlarge both the thermal-state representation
and the MPC decision problem, increasing training cost, memory demand, and online
optimization time. The timing margins reported in Section 7.6 should therefore not be
extrapolated directly to larger centralized formulations. Multi-zone operation would also
require explicit coordination of inter-zone heat transfer, shared HVAC equipment, coupled
operating constraints, and potentially competing zone-level reference-tracking objectives.
Multi-building applications would further involve heterogeneous thermal dynamics, sens-
ing availability, local constraints, and communication infrastructure. For sufficiently large
systems, hierarchical or distributed MPC may therefore be preferable to a single centralized
optimizer, although communication latency, decomposition consistency, convergence, and
coordinated fallback operation would require dedicated evaluation.

The statistical generalizability of the closed-loop comparisons is also limited. Although
the fixed-block analysis accounts for additive model-realization-seed and evaluation-
window effects, its inference remains conditional on the five surrogate-model realizations
and five predefined windows considered here. Broader statistical generalization would
require additional independently trained surrogate realizations and a wider range of
temporal evaluation windows.

Second, because all reported closed-loop controller comparisons relied on indepen-
dently trained, fixed PG-NODE surrogate environments rather than direct EnergyPlus
co-simulation or real-building operation, the resulting controller rankings are conditional
on the fidelity and training configuration of those surrogate environments. They should
therefore be interpreted as simulation-based algorithmic evidence rather than as closed-
loop validation through direct EnergyPlus co-simulation, an experimental testbed, or a
real building. The MPC further assumes perfect future outdoor temperature and solar
radiation inputs, while occupancy-related and other unmeasured internal disturbances are
represented only implicitly rather than forecast separately. In addition, the normalized
HVAC input is an equivalent thermal-control coordinate without an explicit mapping to
physical actuators, equipment capacity, thermal power, or electrical power. Accordingly,
the reported control-effort and objective values are algorithmic comparison metrics rather
than measures of physical energy consumption or monetary cost. The temperature metric
likewise assesses tracking of the normalized reference state rather than serving as a formal
assessment of occupant thermal comfort.

Third, the validation-based checkpoint screening verifies the sign of the local HVAC-
response gain only over sampled validation transitions and does not guarantee reliable
control gradients under out-of-distribution conditions. The robustness analyses are also
limited to predefined Gaussian perturbations and controlled HVAC-input mismatch. Per-
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sistent sensor bias, forecast errors, actuator nonlinearities, occupancy variation, equipment
faults, long-term model drift, and formal closed-loop stability remain outside the present
evaluation scope.

Future validation should therefore proceed in stages. Suitable real-building datasets
containing synchronized indoor temperature, weather, internal-load, and HVAC oper-
ating variables could first be used to evaluate predictive performance, robustness, and
cross-building generalization under measured conditions [39,40]. Because static datasets
alone cannot establish closed-loop controller performance without sufficiently resolved
control and actuator information, subsequent validation should incorporate explicit actu-
ator and equipment models and proceed through direct co-simulation, hardware-in-the-
loop testing, staged BMS integration, field commissioning, and ultimately long-term field
evaluation [41,42].

8. Conclusions

This study developed a PG-NODE framework for building thermal prediction and
MPC by combining an RC-inspired thermal prior, a neural residual model, and RC-prior
directional regularization. Across five thermal zones and five model-training seeds, LSTM
achieved the lowest overall prediction RMSE, whereas PG-NODE exhibited substantially
lower RDI than the other learned nonlinear models. The main observed benefit of the
proposed regularization therefore lies in improving consistency with the selected RC-
inspired prior rather than in universally improving prediction accuracy. The ablation study
further showed that restricted final-layer adaptation reduced prediction error but increased
RDI relative to the fixed PG-NODE, indicating an accuracy—prior-consistency trade-off
under the evaluated settings.

Within the evaluated BACK SPACE multi-window closed-loop simulation case, PG-
NODE-MPC achieved a lower reference-tracking RMSE than RBC after accounting for
model-realization-seed and evaluation-window effects, while also producing substantially
smoother control actions. PG-NODE-MPC had the lowest descriptive mean tariff-weighted
normalized control effort, with the fixed-block analysis supporting a lower value relative to
RC-EKF-MPC but not relative to RBC. RC-EKF-MPC achieved the lowest descriptive mean
reference-tracking RMSE and total objective across the three controllers. These findings
indicate distinct algorithmic performance profiles rather than universal superiority of any
single controller within the evaluated surrogate-based simulation design.

From a practical perspective, the proposed framework offers a structured basis for
intelligent-building supervisory decision support rather than a direct equipment-level
control solution. By integrating thermal prediction, prior-consistency diagnostics, and
receding-horizon optimization, it could support comparative assessment of supervisory
actions in terms of reference tracking, control smoothness, and tariff-weighted normalized
control effort. The observed timing margin suggests potential compatibility with low-
frequency BMS supervisory operation, while existing local controllers, safety interlocks,
operator overrides, and fallback logic would remain active. Practical deployment would
nevertheless require site-specific command mapping, reliable forecasts and interfaces, and
staged validation.

The present evidence remains limited to simulation-based evaluation of one prototype
building, one climate, and five 48 h closed-loop windows in the BACK SPACE zone. As
discussed in Section 7.7, future work should extend validation to measured real-building
data and broader building and climate conditions, incorporate imperfect forecasts and ex-
plicit actuator and equipment models, and evaluate scalable multi-zone and multi-building
formulations. Such extensions should address inter-zone thermal coupling, coordination
of shared HVAC resources and operating constraints, and the potential need for hierar-
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chical or distributed optimization, while deployment validation should progress through
co-simulation, hardware-in-the-loop testing, staged BMS integration, and field deployment.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/buildings16153021/s1, Table S1: Validation-only sensitivity of
PG-NODE to the RC-prior directional regularization weight Ag;,; Table S2: Complete reproducibil-
ity settings for data preprocessing, model development, surrogate-environment training, robust-
ness protocols, controller implementation, closed-loop evaluation, fixed-block statistical analysis,
and runtime benchmarking; Table S3: Validation-only sensitivity of the RC-EKF covariance set-
tings; Table S4: Post hoc tariff-reweighting analysis under alternative peak/off-peak coefficient
settings; Table S5: Validation-only sensitivity of the MPC controllers to the MPC objective weights;
Table S6: Additional temperature-scale reference-tracking diagnostics for the final multi-window
closed-loop evaluation; Table S7: Robustness of fixed predictors under controlled HVAC-input
mismatch; Table S8: Zone-wise prediction performance under the noise-free held-out test condi-
tion; Table S9: Two-way fixed-block analyses of matched closed-loop controller differences across
five model-realization seeds and five evaluation windows; Figure S1: Distribution of prediction
performance across five thermal zones and five model-training seeds; Figure S2: Ablation accuracy—
prior-consistency trade-off.
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Nomenclature

Symbol  Definition
h(t),h(t) Normalized indoor thermal state and its model-predicted counterpart

bes Observed normalized indoor temperature at control step k

Tout Outdoor temperature input

S Solar radiation input

Uy Normalized equivalent HVAC control input at control step k

dy Exogenous-input vector containing outdoor temperature and solar radiation

fre(®) RC-inspired reference component of the PG-NODE model
fan() Trainable neural residual component of the PG-NODE model

Orc Parameter vector of the RC-inspired reference component

ONN Parameter vector of the neural residual component

8RCk RC-prior local temperature change trend evaluated at step k

3 Local temperature change trend predicted by PG-NODE for sample i
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Adir Weight of the RC-prior directional regularization term

€ Activity threshold used in RC-prior directional regularization

0% HVAC-input gain factor used in the controlled model-mismatch protocol

m Directional margin in the RC-prior regularization term

AT Numerical integration step; At=1 corresponds to one 30-min
sampling interval

N MPC prediction horizon in control steps

Ae Reference-tracking penalty weight in the MPC objective

Apu Control-smoothness penalty weight in the MPC objective

ct Normalized time-of-use weighting coefficient

Ryef Normalized indoor temperature reference state

TV, Cumulative variation of the applied control input
Standard deviation of the Gaussian perturbation in

© normalized coordinates

Nt Independent Gaussian perturbation applied at time step ¢

PG-NODE Physics-guided neural ordinary differential equation

MPC Model predictive control

RC Resistance—capacitance

EKF Extended Kalman filter

RBC Rule-based controller

LSTM Long short-term memory

RMSE Root mean square error; used for prediction accuracy or closed-loop
reference tracking as specified in the corresponding evaluation context

RDI RC-prior directional inconsistency rate
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