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Abstract

Renewable energy sources impose new challenges on the electricity grid. Due to their
intermittent generation, grid stability hinges on the efficient distribution of available
electricity. Buildings consume a significant amount of electricity for space conditioning and,
given their thermal mass, can maintain comfortable temperature levels even without active
conditioning. Consequently, the thermal mass of buildings can be used as energy storage,
allowing space-conditioning demand to be shifted toward periods of high renewable
generation. This redistribution is constrained by occupant comfort, requiring accurate
and physically consistent long-term indoor temperature predictions to evaluate whether
candidate redistributions satisfy comfort constraints. Parameter estimation of reduced-
order building thermal models is the standard approach for obtaining representations that
enable physically consistent temperature predictions. However, due to the constrained
operating conditions observed in buildings, temperature dynamics are weakly excited and
key influences overlap in time, making it difficult to infer reliable causal relationships.
This poses a major challenge for parameter identification, making the identification
process itself the limiting factor for robust indoor temperature predictions. Here we show
that parameter identification using an inverse physics-informed neural network (PINN),
which jointly estimates thermal parameters and continuous temperature trajectories
under physical constraints, improves predictive accuracy across all prediction horizons
and reduces variability in predictive accuracy across thermal models identified from
different training datasets. Moreover, we show that this approach achieves comparable
data efficiency to a gradient-based parameter identification procedure. By decoupling
trajectory approximation from parameter estimation, the inverse PINN becomes less
sensitive to parameter initialization and more robust to variations in the available
training data. Our findings suggest that inverse PINNs provide a promising alternative
for parameter identification of reduced-order building thermal models in data-limited
settings.






Kurzfassung

Die zunehmende Integration erneuerbarer Energien stellt neue Anforderungen an En-
ergiesysteme. Insbesondere gewinnt die zeitliche Flexibilitédt des Energieverbrauchs an
Bedeutung. Gebédude kénnen hierzu beitragen, indem ihre thermische Tréagheit gezielt
zur Lastverschiebung genutzt wird. Diese Lastverschiebung wird durch den thermischen
Komfort der Bewohner begrenzt und erfordert daher genaue und physikalisch konsistente
Vorhersagen der Innenraumtemperatur, um zu bewerten, ob mogliche Lastverschiebungen
die Komfortgrenzen einhalten. Einen Ansatz zur physikalisch konsistenten Temperatur-
vorhersage bildet die Parameteridentifikation thermischer Gebdudemodelle. Dabei werden
die vorherrschenden Temperaturdynamiken durch ein vereinfachtes thermisches Modell
beschrieben, dessen Parameter im Rahmen der Parameterschitzung aus Daten gelernt
werden. Aufgrund der eingeschrinkten Betriebsbedingungen in Gebduden werden Tem-
peraturdynamiken jedoch nur schwach angeregt, wahrend sich wesentliche Einflussgréfien
zeitlich iiberlagern. Dadurch wird es schwierig, verlédssliche kausale Zusammenhénge zu
identifizieren. Dies stellt eine zentrale Herausforderung fiir die Parameterschitzung dar
und macht den Identifikationsprozess selbst zum limitierenden Faktor fir robuste Vorher-
sagen der Innentemperatur. In dieser Arbeit zeigen wir, dass die Parameterschatzung
mithilfe eines inversen physikinformierten neuronalen Netwerks (PINN), welches thermis-
che Parameter und kontinuierliche Temperaturverldufe unter physikalischen Nebenbedin-
gungen gemeinsam schatzt, die Vorhersagegenauigkeit iiber alle betrachteten Vorhersage-
horizonte verbessert und die Variabilitdt der Vorhersagegenauigkeit zwischen thermischen
Modellen reduziert, die auf unterschiedlichen Trainingsdatensétzen identifiziert wurden.
Dariiber hinaus zeigen wir, dass dieser Ansatz eine vergleichbare Dateneffizienz wie ein
gradientenbasiertes Verfahren zur Parameteridentifikation erreicht. Durch die Entkop-
plung der Temperaturverlaufsapproximation von der Parameterschitzung reagiert das
inverse PINN weniger sensitiv auf die Initialisierung der Parameter und ist robuster
gegeniiber Variationen in den verfiigharen Trainingsdaten. Die Ergebnisse dieser Arbeit
legen nahe, dass inverse PINNs eine vielversprechende Methode zur Identifikation der
Parameter thermischer Gebdudemodelle in datenlimitierten Szenarien darstellen.
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1 Introduction

The increasing integration of intermittent renewable energy sources is transforming
power systems from centrally controlled generation that follows electricity demand to
decentralized generation characterized by variable supply [1]. Ensuring grid stability
therefore requires greater flexibility on the demand side, allowing electricity consumption
to adapt to fluctuations in renewable energy generation. One effective approach to
providing this flexibility is to shift the electricity demand of high-consuming devices,
such as heat pumps, to periods with high renewable energy availability. This way it
is possible to adapt to the fluctuations of renewable energy generation and alleviate
shortages, smoothing the mismatch between production and consumption [2, 3].

Buildings represent one of the largest energy consumers globally, accounting for
approximately 30% of global energy consumption. In Europe 63% of the residential
buildings’ energy consumption is used for space heating and cooling [4]. Additionally
their inherent ability to store thermal energy allows for the temporal shifting of heating
and cooling demand away from peak grid periods and towards times of high renewable
energy availability making residential buildings an import part in increasing the demand
side flexibility [5, 6].

One way to leverage this flexibility is to shift heating or cooling demand toward periods
with high renewable energy availability. This naturally leads to an optimization task
in which thermal power trajectories are selected to maximize the alignment between
electricity demand for space conditioning and high renewable energy availability while
ensuring that indoor temperatures remain within predefined comfort limits. Other
common objectives include reducing energy consumption through foresighted space
heating and cooling [7], lowering the carbon intensity of electricity consumption [8], and
improving grid stability [5]. An example of such a temporal redistribution of thermal
energy consumption is illustrated in Figure 1.1.

To respect the constraints (e.g. occupant comfort levels) the optimization requires
information about the indoor temperature trajectory induced by a candidate solution [9].
To obtain this information, an exact representation of the building’s thermal characteristics
could be constructed and used to simulate the temperature dynamics forward in time.
However, this approach is highly time-consuming, as it typically requires incorporating
detailed information about the building’s structure and extensive manual calibration
until the simulated temperature dynamics resemble the observed behavior [10].

Another approach is to learn a less complex but representative thermal model from
data that captures only the dominant temperature dynamics. Such reduced-order thermal
models typically require less time to build, do not need manual calibration and thus are
a significant less time consuming way of constructing a thermal model of the buildings’
temperature dynamics [11]. However, the challenge of learning a thermal model from
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Figure 1.1: Illustrative example of how thermal demand can be shifted away from peak
electricity demand periods while maintaining indoor temperatures between
21 — 23 °C. (a) The normal thermal power levels in gray, while the relative
electricity demand (normalized to the daily maximum) is visualized in blue.
(b) The optimized thermal power supplied to the building. (c) The resulting
temperature dynamics induced by the different operating strategies from (a)

& (b).

observational data lies in the nature of the typically available building data. This
data shows little variation of the indoor temperature and high cross-correlations among
influencing factors [12]. This makes it difficult for purely data-driven methods to find
the right dependencies that lead to predictions that generalize across weather conditions
and other influencing factors [13].

To solve this, there has been a lot of research on informing data-driven models about
the underlying physics of the observed dynamical system. This additional information
decreases the number of possible solutions, helping the model identify the correct de-
pendencies. Incorporating prior physical knowledge therefore guides the model toward
physically consistent solutions, improving generalization in data-limited settings [14, 15].

Recent work on physics-informed and physics-constrained neural networks for building
temperature predictions has focused primarily on improving prediction accuracy while
enforcing physical consistency. For example, physically consistent neural networks
developed by Di Natale et al. [13] constrain directional sensitivities between heating
power and indoor temperature, ensuring that heating has a non-negative influence
on future temperatures, but do not enforce the governing heat transfer equations nor
guarantee identifiability of physical parameters. Similarly, physics-constrained deep
learning approaches, developed by Drgoria et al. [16] embed structural priors into neural
architectures to improve long-horizon prediction performance, while explicitly accepting
non-uniqueness of learned parameters. In contrast, classical parameter identification
methods yield interpretable thermal models and physically consistent dynamics but suffer
from numerically fragile identification procedures [17].



This highlights a gap between predictive deep learning models, which sacrifice physical
interpretability of their representation for predictive accuracy, and classical parameter
identification methods, which preserve physical consistency but lack robustness during
their training process.

In this work, we address this gap by formulating an inverse problem for identifying the
parameters of a reduced-order thermal model using an inverse physics-informed neural
network (PINN).

During training, the neural network learns a smooth functional approximation of the
temperature trajectory while simultaneously adjusting the parameters of the govern-
ing heat transfer equations. After identification, the neural network is discarded and
predictions are obtained by numerically integrating the identified thermal model.

Although reduced-order models may not achieve highly accurate single-step predic-
tions, they provide stable long-horizon forecasts and preserve a physically consistent
representation of the building dynamics. This physical consistency is crucial for flexibility
optimization, as the prediction model must respond in a reliable and causal manner to
changes in heating and cooling inputs [13].

Compared with existing approaches, the proposed method aims to improve the robust-
ness of the identification procedure while maintaining consistency with the governing
physical laws. To evaluate the robustness of the identification procedure, we compare the
proposed approach with a classical gradient-based parameter identification method based
on a differentiable physics model. In addition to analyzing the identification process,
we evaluate the predictive performance of the learned thermal model with respect to
different forecasting horizons and data efficiency.

This leads to the following research questions:

1. How does the predictive accuracy of the PINN-based approach compare to that of
a classical differentiable physics model in data-limited settings?

2. How does the variability in predictive accuracy of the identified thermal models on
different training data compare between the PINN-based approach and a classical
differentiable physics model?

3. How do PINN-based and differentiable physics approaches compare in terms of
data efficiency?

To address these research questions, we use simulated data generated with the physics-
based building simulation software IDA ICE [18]. The obtained dataset consists of
indoor temperature measurements, applied thermal power, and weather-related inputs
like temperature and solar irradiance.

Predictive accuracy is evaluated by comparing the models under data-limited conditions,
using standard error metrics such as the mean absolute error (MAE) on held-out test
data. The variability in predictive performance is assessed by analyzing the distribution
of prediction errors obtained from models trained on datasets sampled from different
periods of the year. Data efficiency is evaluated by comparing model performance under
different amounts of training data. These properties are analyzed on unseen test data.
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The contributions of this work are summarized as follows:

e We propose an inverse PINN formulation for the identification of reduced-order
building thermal models from observational data.

e We perform a systematic comparison between the proposed PINN-based identifi-
cation approach and a classical differentiable physics model with respect to the
predictive accuracy on extended forecasting horizons, variability of the predictive
performance across different training data and data efficiency.

To support reproducibility of the presented results, the complete source code used for
model training and evaluation is publicly available at https://github.com/noahongit
/robust-thermal-parameter-identification.

This thesis is further organized as follows. Chapter 2 provides background on the
optimization task, forecasting dynamical systems using data-driven learning approaches,
physics-informed machine learning, and solving inverse problems using PINNs. Chapter 3
reviews related work on state-of-the-art approaches for building temperature predictions.
Chapter 4 formulates the problem statement and research questions, with particular
emphasis on the optimization task and our approach of learning the thermal characteristics
of buildings from data. Chapter 5 describes the methodological framework adopted in
this work, including the identification of a reduced-order building thermal model and the
use of PINNs for identifying the parameters of the governing heat transfer equations. In
Chapter 6, the proposed approach is evaluated using a simulated building. In particular,
predictive accuracy, robustness of the identification procedure, and data efficiency are
analyzed under data-limited conditions and compared with the differentiable physics
model. Chapter 7 discusses the results, focusing on improvements in predictive accuracy,
sensitivity to the training data, and data efficiency of the identification process. Finally,
Chapter 8 summarizes the main findings of this thesis and outlines directions for future
research.


https://github.com/noahongit/robust-thermal-parameter-identification
https://github.com/noahongit/robust-thermal-parameter-identification

2 Background

In this chapter, we provide the background to the model-based optimization task, the
difficulties of using purely data-driven models to predict physically governed dynamical
systems, and how physics-informed approaches can improve predictive performance in
this setting. First, we will introduce the model-based optimization. We will discuss how
the prediction model improves the potential of the optimization. We will explain the
physical principles underlying building thermal models and go over how they simplify
the complex temperature dynamics observed in buildings. Finally, we will address how
physical knowledge can be integrated into a machine learning framework to improve its
prediction accuracy in physically governed dynamical systems.

2.1 Model-Based Optimization

The integration of highly variable renewable energy sources imposes significant challenges
to the stability of the electricity grid. One approach to reduce the mismatch between
electricity production and consumption is to use the thermal mass of buildings as demand-
side flexibility [5]. To this end, buildings are preheated or precooled during periods
of high renewable generation, while during periods of low renewable generation, the
stored thermal energy sustains the indoor temperature, allowing the building to maintain
comfort levels without active heating or cooling [5]. In line with such approaches, our
optimization focuses on the timing and amount of electricity used to preheat or precool
buildings so that sufficient thermal energy is stored in the building’s thermal mass to
maintain indoor comfort levels.

Unfortunately, current temperature control strategies primarily rely on rule-based
decisions using only current conditions to determine the best action [11]. This reduces
the potential of flexibility optimization, as shifting energy demand requires actions
that are taken in anticipation of future conditions rather than reacting to the present
conditions. Therefore, to improve the potential of flexibility optimization, the control
strategy must incorporate indoor temperature forecasts resulting from candidate thermal
energy shifts [5, 11].

In Figure 2.1, we compare a normal and foresighted operation regarding their ability
to shift thermal energy demand away from periods of high electricity demand. While
normal operation turns heating off as electricity demand rises and resumes heating when
the lower comfort level (21 °C) is reached, foresighted operation incorporates forecasts of
electricity demand and indoor temperature into its decision-making. By leveraging this
information, the foresighted operation is able to preheat the building during periods of
low electricity demand, thereby reducing thermal energy demand during periods of high
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Figure 2.1: Flexibility optimization with respect to the electricity demand and additional
predefined comfort constraints of 21 — 23 °C.(a) The normal thermal power
levels in gray, while the relative electricity demand (normalized by the daily
maximum) is visualized in blue. (b) The optimized thermal power supplied
to the building. (c¢) The resulting temperature dynamics induced by the
different operating strategies from (a) & (b).

To incorporate temperature predictions into the optimization objective, an accurate
representation of the building’s thermal dynamics is required [11]. Since every building
behaves differently under applied heating or cooling and to influences like outdoor
temperature and solar irradiance, the building’s thermal dynamics have to be learned
from data. Hence, by observing past responses of the building’s temperature to control
inputs and external influences, a model learns to predict future temperature dynamics.
This yields a queryable representation of the buildings, used as the prediction model for
the optimization task [13].

2.2 Learning Temperature Dynamics from Data

Deep Learning models produce remarkable results in fields such as natural language
processing and image recognition [19-21]. Given their data-driven optimization, they
are able to learn the important dependencies for accurate predictions from data and
therefore need very little knowledge of the underlying dynamics. In the case of learning
temperature dynamics, these approaches do not need any prior information about the
building’s size or structure. In fact, to achieve highly accurate results, these models build
this knowledge through the information contained in the training data. Thus, failing
to provide enough information about the underlying system dynamics under different
operating conditions or weather inputs, leaves these data-driven models vulnerable to
high prediction errors for unseen inputs [22].



2.2 Learning Temperature Dynamics from Data

Building data come with little information on the observed temperature dynamics.
Although there is a lot of data gathered through thermostats and internet of things
(IoT) devices, the controlled environment in which the temperature unfolds and the
cross-correlation between influencing factors makes it hard for neural networks to learn
a reliable representation of the buildings’ thermal dynamics that generalizes to unseen
operating conditions [12]. As such, building data highlights two challenges for learning
thermal models using standard neural networks. First, the data is often limited, either in
terms of the available quantity or in terms of the information content about the underlying
dynamics. Second, vanilla neural networks are not constrained to learn physically plausible
representations. In fact, their optimization procedure is only constrained by the loss
function, allowing them to learn any representation that minimizes the given loss [13, 23].

In particular, this means that, given the information-limited scenario in buildings,
there can be many different representations (i.e., different weights and biases) that fit the
training data equally well. Consequently, all representations achieve the same training
loss, but most of them will fail to predict physically consistent temperature trajectories.
Intuitively, they fail to generalize reliably because the learned dependencies might only
make sense in the limited training data. As a matter of fact, the low information density
provided by building data might not be sufficient to constrain the underspecified training
procedure of neural networks.

The following example demonstrates this effect. To this end, we introduce a simplified
dynamical system representing the indoor temperature under a single influence, the
outdoor temperature. Hence, the indoor temperature evolution is solely driven by the
outdoor temperature changes. This system can be written as:

dﬂ o Tamb - ﬂ
dt Cin Riotal

To reflect the limited information available in building data, we deliberately sub-sampled
the dynamical system to induce ambiguity in the solution. Consequently, we increase
the possible trajectories, hence the possible solutions to be found by the neural network,
that fit the data.

To learn this simplified dynamical system, we use a fully connected neural network with
hyperbolic tangent activation functions. It consists of one hidden layer with 32 neurons
and a linear output layer. The network takes time ¢ and outdoor temperature Ty, as
inputs. The network parameters are initialized using PyTorch’s default Kaiming uniform
initialization. To account for potential sensitivity to initialization, each experiment is
repeated seven times with different random seeds, resulting in different initial weights
and biases and thus different starting points in the loss landscape.

Figure 2.2 shows the solutions obtained by the vanilla neural network. Although the
network learns solutions that fit the data, the solutions are not consistent with the true
dynamics. This indicates that accurate data fitting alone is insufficient when the training
data does not fully capture the underlying dynamics.

The prediction model must therefore be constrained to respond to inputs in a physically
consistent way, ensuring that its behavior aligns with the governing physics beyond the
observed data.

(2.1)
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Figure 2.2: Different temperature trajectories found by a fully connected neural network
through altering the initialization of the weights and biases between training
runs.

However, building data may not provide sufficient information to identify a physically
consistent model. To address this limitation, prior physical knowledge must be integrated
to compensate for the limited information content in the data. This can be achieved by
embedding energy conservation laws into the training procedure [13, 16]. By doing so,
the set of admissible solutions is restricted to those that both fit the data and satisfy the
governing physical principles [23].

2.3 Building Thermal Dynamics

Embedding physical knowledge of building thermal dynamics into the training process
improves the physical consistency of the predictions [23]. Incorporating physical knowl-
edge requires expressing temperature dynamics in terms of fundamental heat transfer
mechanisms and enforcing energy conservation constraints.

Heat transfer is the process by which thermal energy moves from a region of higher
temperature to a region of lower temperature. A net heat transfer into or out of a
system results in a change in its temperature, depending on its thermal capacity. Energy
exchange between a building and its surroundings occurs through three fundamental
forms of heat transfer: conduction, convection, and radiation [24].

Conduction describes the energy transfer driven through particle interaction. Thereby
the energy flows between adjacent particles. It is determined by the conductivity of
the material, the energy difference between two surfaces, and the distance between
these surfaces. The relationship is described by Fourier’s law of heat conduction and is
formalized as follows.

(Tsl - Ts2)

. _ As
Qcond k Az

[W] (2.2)
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In Equation (2.2), k stands for the thermal conductivity of the material, As defines the
area of the surface, and the term % is the temperature difference scaled by the
distance Az between the two surfaces [24].

Convection describes the energy transfer between a surface and a fluid. The energy
transfer depends on the temperature difference of the surface and the fluid, as well as

the area of the surface. It can be expressed by Newtons’s law of cooling.

QCOHV = hCOHVAS (TS - Tsurr) [W]

Here, hcony denotes the convective heat transfer coefficient, while A, and T represent
the surface area and surface temperature, respectively. The variable Ty, denotes the
temperature of the surrounding fluid [24].
Radiative heat transfer takes place through electromagnetic waves. Every object with
a temperature above absolute zero emits thermal energy through radiation. The radiative
energy transfer is described by Stefan-Boltzmann law
Qrad = €0 A (T — T

burr) ’

(W] (2.3)

where € describes the emissivity of the object relative to that of the maximum possible
radiation, o is the Stefan-Boltzmann constant, and T and Ty, represent the temperatures
of the surface and the temperature of its surroundings, respectively [24].

Together, these processes determine the temporal evolution of the indoor temperature
and form the physical basis for the main temperature dynamics in buildings.

As discussed temperature changes inside the building are the result from energy flowing
from high energy areas towards low energy areas. Emnergy flowing into the building
will increase the temperature, while energy flowing out of the building will decrease its
temperature. Using the energy conservation laws, we can now write the heat balance
equation:

dFEg

y7 = Fiy — Eout [W] (2.4)

E., describes the rate of energy flowing into the building. Fout describes the rate of
energy flowing out of the building. Both taken together define how the building’s energy
dEg

changes with time “7B. Since the total energy of the building is proportional to its

temperature (Eg = Cp1R) we can rewrite equation (2.4) as

CdeE = Fin — Eous, [W]
t
where Cp is the heat capacity of the building.

Evaluating E., and Eout for a specific building requires detailed information about its
structure. Since the required level of detail is often unavailable in practice, approximations
and simplifying assumptions are introduced to transform the complex thermal dynamics
into a reduced-order system that retains the ability to capture the dominant temperature
dynamics of the building [25].
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2.3.1 Reduced-Order Models

Reduced-order models are a class of models that approximate the temperature dynamics
seen in buildings, using a simple approximation of a more complex dynamical system.
Hence, by using reduced-order models we are able to construct a simple model of the
building that is able to capture the dominant temperature dynamics. It is obtained by
introducing simplifying assumptions that reduce the underlying physical complexity.
First, the mean radiant temperature of the interior surfaces is assumed to be approx-
imately equal to the indoor air temperature (Ty &~ Tgyur ~ Tin), which, under small
temperature differences, permits linearization of the nonlinear radiative heat transfer.
This linearization is achieved by rewriting the difference of Ty and Ty from Equa-
tion (2.3):
+ T3

surr SIII'I')

T4 - Ts4urr = (TS - Tsurr) (ng + T52Tsurr + T5T2

S

Using the assumption (Ts ~ Ty =~ Tin) we get

,Ts3 + T32 Tsurr + TSTs2urr + Tszllrr ~ 4T3

m>?

resulting in the linearized formulation of the radiative heat transfer

Qrad ~ 50‘41—‘1?1145 (Ts - Tsurr)-

Defining hyaq = 4eoT, yields:
Qrad A hraq As (Ts - Tsurr)- [W]

To obtain a more compact representation, products of physical parameters are grouped
and replaced by single effective heat transfer coefficients.

Qconv = hconvAs(Ts - Tsurr)
— Ts - Tsurr
Rconv

Qrad = hradAs (Ts - Tsurr)
— Ts - Tsurr
Rrad

. (Tsl - TSQ)
cond — kAs———"
Q d s Az

_ Tsl - T52

2.5
Rcond ( )

Convective and radiative heat transfer act simultaneously at a surface and contribute
additively to the net heat flux, such that Qcombined = Qconv + Qraq. After linearizing the
radiative term, both mechanisms can be expressed using effective heat transfer coefficients

10
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and combined into a single linear heat transfer expression between the surface s and its
surroundings.

1 + Ts - Tsurr
Rconv Rrad Rs,surr '

Qcombined = ( ) (Ts — Turr) = (2.6)

Based on this physical description, a reduced-order model can be derived by capturing
the principal heat transfer path: from the indoor air to the interior surface via combined
radiative and convective exchange (2.6), through the wall by conduction (2.5), and
from the exterior surface to the outdoor environment again via combined radiative and
convective exchange (2.6). This process is visualized in Figure 2.3. This provides the
foundation for the simplified models used to represent the physical processes underlying
the observed temperature dynamics.

T’in Rconv,in H Rrad,in Rcond Rconv,out ” Rrad,out — Tamb

Figure 2.3: The heat transfer between indoor air and the environment. Convective and
radiative heat transfer act in parallel at the surfaces, while conduction through
the thermal mass acts in series.

The second simplifying assumption concerns the spatial representation of the building.
To reduce the dimensionality of the thermal model, the spatially distributed thermal
mass of surfaces and internal components is aggregated into a small number of lumped
thermal nodes, which define the states of the reduced-order system. Within each node,
the temperature is assumed to be spatially uniform, implying that internal temperature
gradients and associated thermal resistances are negligible compared to the resistances
between adjacent nodes. Under the simplifying assumption that the total thermal mass
is lumped into a single indoor temperature node, no thermal capacitances are present
between the indoor temperature node and the ambient temperature. Consequently, no
energy can be stored within the intermediate layers, and the heat flux through all thermal
resistances between the indoor and ambient temperatures is identical:

Q o irin - Tsurfm o Tsurfm - Tsurfamb o Tsurfamb - Tamb (2 7)
Rsurf,in Rcond Rsurf,amb

Rewriting the conductive heat transfer expression from Equation (2.7) using Ty, =

in
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Tin — QRsurf,in and Tsurfamb = Tamb + QRsurf,amb yieldS:

. 1

Q = Td(Tsurfin - Tsurfamb)
con

. 1 : -

Q= (T = QRourtin = Tamb ~ QResurtam)
con

Q(Rcond + Rsurf,in + Rsurf,amb) = Tl - Tamb
QRtotal =Tin — Tamb
Q' _ T’inR_ Tamb )
total
This describes the simplified heat transfer from the indoor air temperature node to the
ambient air temperature [24]. Using Equation (2.8) we can write a first-order thermal

model, approximating the building by a single thermal node which stores and exchanges
heat with its surroundings.

(2.8)

dlin — Tamp — Ti
dt Rtotal
A second order thermal model adds a capacity to the thermal mass. This way the
temperature evolution of the indoor air is influenced by the temperature of the thermal
mass and wise-versa. Now, instead of having two parameters describing the temperature
evolution of the whole building we double the amount of parameters, and get:

dT; o Tinass — 1i + Tamb — 1i

i

in - 5 2.
¢ dt Rim Ria ( 9)
dT; T — T,
Cm mass __ Zin mass . 210
ass dt Rim ( )

Equations (2.9) and (2.10) are approximations of the true thermal dynamics of the
building. In their current form, they model the natural response of the building to the
ambient temperature. However, the building temperature also depends on additional
external influences, as well as space heating and cooling. These effects must therefore be
included in the model, yielding a variant of the 2R2C model [26]:

dﬂ Tm SS ﬂ T. b — ﬂn
Cin e a;;im n amRia + Py + P (2.11)
dTIn ﬂn - Tm S
Cmass d tass = Rim o (212)

where P, = Pheat — Peool is the net thermal power supplied to the building, and Py is
the thermal power due to solar irradiation.

Given the linearity of Equations (2.11) and (2.12), the system can be expressed in a
linear continuous-time state-space representation. The states Tj, and T, are stacked
into the state vector x, while the inputs P, Psun, and T}, are collected in the input
vector u.

T Py

X = [T ! ‘| u = Psun
mass

Tamb
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2.4 Physics-Informed Learning Approaches

Xx=Ax+Bu
y=Cx

As the states are integrated forward in time the state vector x tracks the temperatures Tj,
and Tiass. The matrix C is called the observability matrix and is multiplied with the state
vector to return the observed temperature y. This representation improves readability,
enables MPC integration, and provides an predefined algorithm for integrating these
differential equations forward in time [11].

To solve this system of ordinary differential equations we split the dynamics into the
natural response and the forced response. We get the natural response by the matrix
exponential.

. (At)F
Xnat (t) = eAtXOa eAt = ];) ( k")

Then we calculate the system under the forced response by convolving the natural
response with the forcings.

t
Xtore (t) :/0 eA(t_T)Bu(T)dT

Combining both parts yields the solution of the system of differential equations.
¢
x(t) = eAlxg —{—/ AT Bu(r)dr
0

Enabled by the linear structure of the thermal model, the indoor temperature dynamics
admit a closed-form analytical solution. As shown, the state trajectory can be decomposed
into a natural response, which captures the intrinsic thermal behavior of the building,
and a forced response, which accounts for the influence of external weather and space
conditioning inputs. This closed-form solution provides accurate forward simulation and
thus enables effective model-based optimization.

2.4 Physics-Informed Learning Approaches

Machine learning methods, and in particular neural networks, have achieved remarkable
performance across a wide range of applications. However, the limited information
inherent in building data makes purely data-driven methods struggle to find a physically
consistent representation of the temperature dynamics [13].

Physics-informed machine learning is an approach to mitigate these issues seen in
data-limited, but physically well defined, systems. To reduce the number of possible
solutions the neural network is informed about the underlying physics, effectively guiding
the training procedure towards physically plausible solutions [14]. Depending on how
the physics are incorporated, physics-informed approaches are either soft-constrained or
hard-constrained.

In soft-constrained formulations, as used in PINNs, physical laws are enforced through
additional loss terms that penalize violations of the governing physics. Consequently, the
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training procedure is guided towards solutions that obey these physics. Although the
network is guided towards physically consistent solutions, inconsistent predictions can
still occur in data-limited settings [13].

In hard-constrained formulations, the model structure itself constrains the training
procedure to obey the underlying dynamics [12]. Specifically, the set of admissible
solutions is given by the set of possible trajectories found by integrating the governing
differential equations. Thus, the candidate trajectories differ through changes in the
set of parameters used in these equations. This leads to an entirely different training
procedure, namely parameter identification. As the name tells, this procedure is estimating
parameters of differential equations instead of the weights and biases of neural networks,
to fit the integrated trajectory to the observed temperature dynamics [12].

Overall, the key distinction between physics-informed machine learning approaches
lies in whether the governing differential equations act as a regularizer to find physical
plausible solutions or as the model itself.

2.4.1 Physics-Informed Neural Networks

PINNSs have gained attention throughout the last years because they effectively integrate
prior physical knowledge into the training process [27]. The idea is that the network
is guided towards solutions, that obey the underlying physics and thus improve their
generalization to unseen inputs [14].

A PINN can be interpreted as a neural network trained with physics-informed loss
functions derived from governing physical equations. In contrast, a standard neural
network learns an unconstrained mapping Ny from an input space X to an output space
Y, given by

Ng X = ).

In our case, we integrate physical knowledge by introducing a reduced-order thermal
model to the training procedure. We consider a general thermal model of the form:

x(t) = £(x(¢),u(t)), x(0) = xo, te0,T]

where x(t) € R™ denotes the thermal state vector, and u(t) € R™ denotes the known
influences.

In contrast to the unconstrained approach of a standard neural network, a PINN is
guided towards physically plausible solutions. Its goal is to find a specific approximation
of the state trajectory N (t; 8) ~ x(t) that additionally satisfies:

N(t; 0) ~ x(t) (2.13)

where N (t; @) denotes the derivative of the network’s output with respect to time, and
X(t) represents the time derivative of the thermal state vector x(¢). To learn the network’s
weights and biases such that Equation (2.13) holds, we define the difference of the derivate
of the network’s prediction and the true derivative as the physics residual:

r(t; 8) = N(t; 0) — £(N(t; 8),u(t))
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where (N (¢; 8),u(t)) denotes the right-hand side of the differential equation evaluated
using the network’s predictions. This residual measures the violation of the energy
balance equations at time ¢, and thus guides the network towards physically plausible
solutions [14, 27, 28].

To train the PINN we are looking at a composite loss function, balancing the data
fidelity and physical consistency. Consequently, the loss function consists of a data loss:

Ny
Laaa(8) = ;d SN (t:; 8) — y(t:)|? (2.14)
=1

where we compare the predicted indoor temperature CN (¢;; @) with the observed tem-
perature y(t;).

The physics loss is enforced on pre sampled points t;hysics across the domain. These
points are called the collocation or physics points. They differ from the neural network’s
input ¢; at which we observed the target. The physics loss is evaluated at the collocation
points, and is defined as:

Nr.

Lphys(0) = NLZ

T i=1

T (thysics; H)HQ- (2.15)

Pulling the data and physics loss together, defined in Equation (2.14) and Equation (2.15),
the composite loss function of the PINN can be written as:

ﬁ(@) = Edata(g) + /\phys ﬁphys(a)

where ApLys controls the relative weight of the physics loss [29].

To demonstrate the improved training characteristics of PINNs, we revisit the experi-
ment from Figure 2.2. We consider the same data-limited scenario using a PINN. As
with the vanilla neural network, we employ a fully connected network with hyperbolic
tangent activation functions. The network consists of one hidden layer with 32 neurons
and a linear output layer. As in the previous experiment, the network parameters are
initialized using PyTorch’s default initialization. In contrast to the standard neural
network, only time t is provided as input, while the indoor temperature Ti, serves as
the target. The outdoor temperature enters the PINN through the physics loss, defined
in Equation (2.15). We provide the relationship between the indoor and the outdoor
temperature using the thermal model, defined in Equation (2.1). As a results we inform
the PINN about the physical plausible trajectories between the sampled data points,
helping the training procedure to find solutions that fit the true physical behavior of the
dynamical system.

In Figure 2.4 we can see that although we initialized the PINNs weights and biases
differently, the training process yields similar solutions that are closer to the true dynamics.
This indicates, that the provided regularization works as intended, shrinking the solution
space to find solutions that are physically consistent [23].

In summary, PINNs encourage physically consistent solutions within the training
data, even in data-limited settings. However, physical consistency on the training data
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Figure 2.4: The learned mapping of a PINN in a data-limited setting. Its training
objective does not only include the data loss using the sampled target Ti,, it
additionally includes samples of the outdoor temperature 1,1, at the physics
points tphysics to fill the information gaps between the sampled target. The
candidate solutions are created by different initializations of its weights and
biases.

does not guarantee physically consistent predictions under out-of-distribution inputs.
The generalization limitations inherent to neural networks are not fully resolved by
incorporating prior physical knowledge. In the context of building data, where excitation
is limited, the training data are unlikely to capture the full range of system behavior [11,
12]. Consequently, the model may encounter unseen input conditions during prediction,
potentially leading to unreliable forecasts.

2.4.2 Parameter Identification

While PINNs improve generalization by shrinking the space of possible solutions through
physical priors, they do not eliminate out-of-distribution errors. Their performance still
depends on the coverage and quality of training data, and they may produce unreliable
or physically inconsistent predictions when evaluated on unseen data [30]. Given building
data, which is often sparse in both coverage and information density, this limitation
motivates models that remain robust to inputs outside the training distribution [12].
Parameter identification addresses this challenge by shifting the learning task. Instead
of learning a direct input-output mapping, it estimates unknown parameters of a physically
grounded approximation of the dynamical system. Specifically, the system is observed, its
dynamics are described by differential equations, and the parameters of the differential
equations are adjusted such that simulated trajectories match observed behavior [12].
Consequently, the model structure is fixed by the governing equations, and the remaining
degrees of freedom are the parameters of these equations. This defines an inverse problem
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and reduces the learning approach to parameter estimation, thereby simplifying the
training procedure [31].

The training procedure of parameter identification, although similar to that of standard
machine learning approaches, differs in the way we calculate the forwards pass. Instead
of going through linear transformations and non-linear activation functions to produce
a prediction, we numerically integrate the differential equations to get a temperature
trajectory in time, thereby producing a candidate solution. Having a candidate solution,
we evaluate the error of the integrated trajectory and the observed temperatures. This
error is then used to calculate the partial derivatives with respect to the parameters of
the differential equations. Like with neural networks these partial derivatives enable
parameter updates, that are used to decrease the error of the predictions.

In the following, we visualize the parameter identification process using a simple
example. Specifically, we consider the estimation of the time constant 7 = Cji, Riota1 of a
first-order building thermal model.

O 2 (Lawnt) — 7(0) (2.16)

For simplicity, we use the Euler method to integrate the temperature 7'(t) forward in
time. Given an initial temperature Ty we can update the temperature as:

Thry1 =Ty + At f(x(tr), u(te); )

where f is the right hand side of our first-order thermal model and 7 is the current
parameter estimate. Using our first-order thermal model from Equation (2.16) the state
update step can be written as:

At
Tiy1 =Ty + " (Tambk — Tk) (2.17)

where T} depends on the current temperature 7} and the current temperature difference
to the outside temperature T, .

The error of the resulting trajectory can be written as the difference of the true Tt ye i
and the predicted Treq r temperature at step k. Using this difference we can define loss
L as the mean-squared error given an estimate 7.

N—
1
7N Z predk Tk ﬂrue,k)z (2'18)

Here we are summing up all residuals between the observed and predicted temperatures
from the initial temperature Ty to the last observed one Tx_1.

To improve the estimate 7, we need the partial derivative of the loss L(7) defined in
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Equation (2.18) with respect to 7.

aL(T) 1 oT, red k(T) 8Ttrue k
= N T re - True : P - :
or N = ( P d’k(Tk) ¢ ’k) or or
- =0
1 OT yrea k(T
= N (Tpred,k(Tk) - ,Ttrue,k) pa(ik() (219)
k=0

Since a tiny change in 73 will not only change T}, but also Ty11 we need to calculate the
forward partial differential. This means that we are not only interested in % but also

% — % (Tk + % (Tamb.k — Tk))
— aa::k + 887 (At (Tamb i — Tk)>
- 887;19 — % (Tamb,k — Th) + (A: (0 - a@?))
— % — % (Tambe — T) — %%

Using the derivation from Equation (2.20) and defining the sensitivity s of the temperature
T}, with respect to 7 as s = %lf, we can write the update of the sensitivity sxy1 across

the Euler steps k.

At At
Sk41 = (1 - T) Sk T 3 (Tamb,k — T)

Now we can write Equation (2.19) by integrating the sensitivity vector s across the
Euler steps k to calculate the partial derivative of the loss with respect to 7 as:

aL 1
Z pred k Tk Ttrue,k) * Sk
k:O
and the update of 7
oL
Tnew = Told — 775, (221)

where 77 = 2 is the learning rate.

As we can see in Figure 2.5 the parameter identification is well-posed. The loss landscape
is guiding the parameter estimates directly to the true value 7. No local minima or
vanishing gradient directions. Thus, the identification of a first-order thermal model is
very stable and converges quickly. But a first-order model without the influencing factors
of space conditioning and solar irradiance will likely fail to resemble the the observed
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Figure 2.5: Estimation of 7 during a parameter identification task mathematically derived
through Equations (2.17) to (2.21). (a) shows the intermediate trajectories
in light blue and the final predicted trajectory produced by the learned
parameter 7. (b) shows the intermediate parameters in blue and the true
parameter in grey. (c) shows the loss landscape in black and the loss given
by intermediate parameter estimates in blue.

dynamics. Thus, the higher the order of a thermal model, the closer it will be able to
resemble the observed dynamics, but the more ill-posed the identification process is going
to be [17].

Although structural constraints reduce the space of admissible solutions, parameter
identification can remain ill-posed when only limited data are available. In such cases, a
unique and reliable set of parameters can not be inferred from the observations. With
building data, this ill-posedness is present due to low variability in the measured system
behavior, cross-correlations among influencing factors, and unobserved disturbances such
as occupant behavior [12]. Hence, multiple parameter configurations may produce the
same trajectory within the training data. However, these parameter sets can lead to
completely different predictions when evaluated on unseen data.

Overall, parameter identification methods tend to reduce the generalization issues
due to the provided structure of the differential equations, but the limited information
about the dynamical system makes robust identification the key challenge for reliable
predictions [17].

2.4.3 Inverse PINN

Classical parameter identification methods rely on repeated numerical integration of
the governing differential equations and the discretization of the time domain. As the
simulated trajectory is propagated forward in time, discretization errors and numerical ap-
proximation inaccuracies can accumulate, potentially leading to biased gradient estimates
and unstable parameter updates. Additionally the limited information in building data,
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renders robust identification the key challenge of parameter identification methods [17].

Inverse PINNs provide an alternative formulation of the parameter identification.
Rather than repeatedly integrating the differential equations to compute gradients with
respect to the parameters, inverse PINNs learn a smooth functional approximation of
the system trajectory that is regularized by the governing equations. In this setting, the
parameters of the differential equations are optimized jointly with the neural network
weights. Parameter identification therefore proceeds in parallel with the learning of the
trajectory representation. Moreover, the continuous function approximation enables the
governing differential equations to be enforced via automatic differentiation across the
entire time domain, rather than through discrete-time approximations as in classical
identification approaches.

From a conceptual perspective, inverse PINNs address the same parameter identification
problem as classical methods. The governing equations, the observations, and the set of
unknown parameters ¢ remain unchanged. In contrast to standard PINNs, defined in
Section 2.4.1, inverse PINNs treat the parameter vector ¢ as an additional optimization
variable, enabling gradients with respect to all unknown parameters. This leads to
different formulation of the loss functions.

Conceptually, we are now looking at a state trajectory x(¢) with unknown thermal
characteristics ¢.

— =00 e),  x0)=x. €01

Here ¢ € R? represents a d-dimensional vector holding the unknown parameters of the
reduced-order thermal model.

As discussed the thermal parameters of the parameter vector ¢ are learned in parallel
to 0. This is done by adding it to the physics loss, enabling gradients with respect to
the unknown parameters of the thermal model. This yields the new loss functions of the
inverse PINN. While the data loss

| 2

1 Ja
Laata(0) = N, D IICN (ti; 8) — y(ts)
i=1

stays the same, the physics residual is parametrized by ¢.
r(t; 0,¢) = N(t;0) — £(N(t; 8),u(t); ¢)
This yields the physics loss for the inverse PINN:
1 &

Ephys(ea ¢) = N. Z

T i=1

2

r(t;:6,0)|

Like with the standard PINN the total loss of an inverse PINN is the sum of both
losses:

£(0, ¢) = Edata(a) + )\phys £phys(97 ¢) (2.22)
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Minimizing the total loss defined in Equation (2.22) yields a data-driven approximation
of the temperature dynamics regularized by a thermal model whose parameters are
simultaneously optimized.

To visualize the training dynamics, we consider the estimation of the time constant
T = CinRiotal Of a first-order building thermal model. Hence, we use the same dynamical
system as in Figure 2.5, finding an approximation of the indoor temperature trajectory
and an estimate of 7 in the process. The training procedure of an inverse PINN is
visualized in Figure 2.6.

(a) Parameter Identification Results

20 — True
o\ = Predicted
o 15
-
=
@

& 10
5
=
5
=
0
0 10 20 30 40 50
Time [h]
(b) Parameter Convergence
c75
-
g, [ —
Q o.
2
525
ol
0 2000 4000 6000 8000 10000 12000 14000
Iteration

Figure 2.6: Estimation of 7 by an inverse PINN minimizing the total loss defined in Equa-
tion (2.22). (a) shows the intermediate trajectories and the final predicted
trajectory in light blue. (b) shows the intermediate parameters in blue and
the true parameter in grey.

Inverse PINNSs represent system trajectories as continuous neural network approxima-
tions and compute derivatives via automatic differentiation, thereby avoiding numerical
discretization errors. Conceptually, inverse PINNs provide a flexible framework for
parameter identification by combining the expressive power of neural networks with
governing physical laws. This enables parameter identification from limited data while
maintaining a continuous-time representation of the system dynamics [30].
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3 Related Work

Developing building thermal models that are capable of forecasting physically consistent
temperature dynamics is a challenging and actively researched problem [32-37]. Given the
complexity of the dynamics, this research came up with many different approaches that
differ substantially in terms of scalability, predictive accuracy, and interpretability. In the
following, we review the most relevant modeling paradigms for model-based flexibility
optimization and discuss their strengths and limitations with respect to learning control-
oriented thermal models from observational data.

Broadly, the research directions can be clustered into three dominant approaches,
namely black-box, grey-box, and white-box models. White-box models are complex simu-
lation environments that generate highly interpretable temperature dynamics, but rely on
detailed physical knowledge about the building and its structure. Due to the complexity
of their simulation environments, these models typically do not support gradient-based
calibration. As a result, the calibration of white-box models is computationally intensive
and time-consuming, which limits their scalability across multiple buildings [22]. That’s
why we will focus on the gradient-based approaches, specifically black-box and grey-box
models.

3.1 Black-Box Models

Black-box approaches learn predictive models of building thermal dynamics directly from
observational data, without relying on an explicit physical description of the building.
Instead, these models infer the relationship between influencing variables and indoor
temperatures, from data.

Thus, black-box models can be developed rapidly and scaled across large numbers
of buildings. This convenience has made black-box models a widely used approach for
developing building thermal models [35].

3.1.1 Autoregressive Models

Given the strong influence of past weather conditions and Heating, Ventilation, and Air
Conditioning (HVAC) operation on the current and future temperature dynamics, models
capable of capturing long-term dependencies are particularly suitable for representing
these complex relationships. Autoregressive models, for example, address this by predict-
ing the indoor temperature based on past indoor temperatures and historical exogenous
inputs, such as outdoor temperature, HVAC operation, and solar irradiance [38]. The
classical ARX model uses a linear mapping from the current and past influences to the
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output, which makes it computationally inexpensive to estimate and easy to interpret.
For this reason, linear ARX models are often used as a baseline when assessing how well
the observed thermal dynamics can be captured from data. Non-linear extensions, like
the non-linear autoregressive with exogenous inputs (NARX) model, retain the same
autoregressive input-output structure but replace the linear mapping with a nonlinear
function, for example a neural network [39]. Due to the efficient training of autoregressive
models, their interpretability, and their compatibility with control-oriented formulations,
these models are a valuable approach to learn building thermal models [40, 41].

In the literature, besides Kriiger et al. [42], who used a specialized ARX model for
indoor temperature predictions, these linear models are mainly used as a baseline. Given
the complex temperature dynamics, the linearity of the ARX model is regarded as
too simple to represent the complex non-linear input-output relationships observed in
buildings. This is validated by several studies [38, 41, 43| demonstrating that ARX
models are outperformed by the NARX model in general, but also specifically in building
temperature dynamics, hinting the strong non-linear relationship of the indoor tempera-
ture to influencing factors like solar irradiance. Mustafaraj et al. [41] showed that the
NARX is more suitable for indoor temperature predictions comparing it to the standard
ARX model. Mechaqrane et al. [38] and Afroz et al. [43] trained an NARX model on
historical indoor temperature data as well as other exogenous inputs such as weather
and HVAC operation. While Mechaqrane et al. [38] compared primarily the performance
between the ARX and the NARX approach, Afroz et al. [43] evaluated and optimized the
NARX model for long-term temperature predictions and reports high predictive accuracy
over longer prediction horizons. Thus, in general the NARX approach seems to improve
the predictive accuracy compared to the linear variant and is highlighted as a valuable
modeling approach to predict the indoor temperature in buildings.

3.1.2 Recurrent Neural Networks

NARX models use a finite window of past observations to predict the current state
of a given system. An extension would be to replace this finite lag with a recurrent
architecture. This change yields a new highly effective model class, being the recurrent
neural networks (RNN). Instead of relying on a fixed set of past observations, RNNs
enable the data-driven approach of retaining the right amount of past observations to
explain the future changes [30]. Long short-term memory (LSTM) networks improve
the optimization procedure of standard RNNs with gated memory, allowing for longer
dependencies affecting the current state of the observed system [44]. This makes LSTMs
a widely used approach for predicting indoor temperature changes, because the current
temperature depends on both, recent inputs that have short-term effects, and accumulated
effects over time. Given sufficient training data, these expressive networks are able to
find the statistical correlations and dependencies that lead to robust forecasts of the
indoor temperature.

Mtibaa et al. [45] trained an LSTM to predict indoor temperatures of buildings. They
evaluated the performance of the LSTM approach and compared it to a standard Multi-
Layer Perceptron (MLP) and NARX model. They showed that LSTMs outperform NARX
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models in terms of predictive accuracy and stability on a prediction horizon ranging from
30 minutes to 6 hours. Although they argue that in their study the LSTM approach
achieves the highest predictive accuracy, they acknowledge that as the prediction horizon
widens, the prediction accuracy degrades. This highlights the fact that LSTMs can
struggle in closed-loop long-range prediction scenarios, where they have to use their past
predictions for their next predictions, accumulating errors in the process.

Elmaz et al. [44] focuses on increasing the predictive accuracy of black-box models over
long prediction horizons. To achieve this they used a convolutional neural network (CNN)
for feature extraction. The extracted features are then provided to the LSTM. They
report that the CNN-LSTM outperformed the other black-box variants for all evaluated
prediction horizons, being 30 minutes, 60 minutes, and 120 minutes. They argue that
the CNN-LSTM’s performance gain comes from lower error accumulation when reusing
the predictions. Although the CNN seemed to work as intended, they also acknowledge
that their approach degrades heavily on long prediction horizons.

Li et al. [36] compared CNN, LSTM, and CNN-LSTM architectures on residential
smart-thermostat data for multi-step indoor air-temperature prediction and reported the
best performance for CNN-LSTM.

Overall, black-box models seem to be highly accurate for short-term predictions,
but their predictive accuracy heavily degrades under closed-loop predictions and long
prediction horizons.

Black-box models, LSTMs in particular, have gained attention because they can
represent nonlinear thermal dynamics and often achieve strong predictive performance
in building time-series forecasting [46]. However, the main challenge for flexibility
optimization is not necessarily short-term accuracy, but long-term consistency. This
means that while LSTMs are able to produce accurate short-term predictions, several
studies show that their performance degrades heavily in settings, where the LSTM is fed
its own predictions for extended prediction horizons. Additionally these approaches are
often data-hungry, meaning that their expressivity comes with the need for high data
availability. If there is not enough data, these models struggle to find robust dependencies
that generalize to unseen operating conditions [12]. This challenge that comes with purely
data-driven models aligns with several studies, suggesting that specifically building data
does not provide enough information for these data-intensive models. Although they
might achieve high short-term accuracy, the data leaves these models underspecified,
resulting in poor generalization and physically inconsistent temperature predictions [13,
11, 47].

Especially with building data, the unconstrained way of learning a functional mapping
of purely data-driven models comes with a cost. In data-limited settings, the information
density is not high enough to shrink the solution space to make the learned mapping
unique. Consequently, these models potentially have poor generalization capabilities
outside the training data [13]. This motivates models that use prior knowledge as
inductive bias, helping them to mitigate the effects of information-poor data.
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3.2 Grey-Box Models

Compared with purely black-box models, grey-box models embed partial physical struc-
ture into the prediction model. In building thermal modeling, this usually means that
the model structure is constrained to physically plausible behavior or is informed by
simplified heat-transfer relations. Both approaches are desirable for control-oriented
applications, where the learned model must remain accurate not only for short-term
predictions but also under long-term closed-loop forecasting, in which prediction errors
can accumulate over time [13].

In this thesis, we distinguish between two branches of grey-box models. The first
branch covers physics-informed neural architectures, which retain a neural or other
data-driven component but embed physical priors directly into the model structure or
training objective. The second branch represents physics-based models, in which thermal
resistances and capacitances provide a reduced-order representation of the building’s
temperature dynamics and are identified from data. Both branches aim to improve
data efficiency and closed-loop prediction reliability compared with purely black-box
approaches [16, 17, 48].

3.2.1 Physics-Informed Neural Architectures

Physics-informed neural architectures aim to improve the generalization of purely data-
driven predictors by embedding physical knowledge directly into the learning objective.
The main idea is to retain the expressive power of neural networks while constraining
the learned dynamics to remain physically plausible outside the training data, thereby
improving accuracy over long prediction horizons [13, 16].

A representative early example is the physics-constrained recurrent model of Drgona
et al. [16], which embeds structural priors from traditional building models directly into
a neural architecture and complements them with inequality constraints and a stability-
oriented parameterization. A more rigorous step is taken by Di Natale et al. [13], who
introduce the physically consistent neural network (PCNN) and formally proved physical
consistency by design, even on unseen data. In their multi-zone extension, Natale et al.
[22] show that this idea can be scaled while retaining state-of-the-art predictive accuracy
among physically consistent models.

To the best of the authors’ knowledge, Gokhale et al. [48] were among the first to apply
an inverse physics-informed neural network approach to building thermal modeling. Their
approach focused on next-step prediction of the thermal dynamics. In contrast to the
architectural physics constraints proposed by Drgonia et al. [16] and Di Natale et al. [13],
Gokhale et al. [48] used conventional neural network architectures and imposed physical
consistency through additional physics-informed loss terms. Furthermore, their approach
employed a thermal model with unknown parameters that were jointly estimated during
training. They showed that the resulting PINN improved data efficiency and long-horizon
predictive performance compared with conventional neural networks.

Overall, physics-informed neural architectures have been successfully applied to building
thermal modeling [13, 16, 48]. However, as we have already discussed, the optimization
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of neural networks tends to be underspecified, making them vulnerable in data-limited
settings [13, 47].

3.2.2 Physics-Based Models

Although physics-informed neural models achieve high accuracy even on long prediction
horizons, physics-based models are a well-established way to predict temperature dynamics
in buildings [17]. The most dominant class of physics-based models are the RC models.
By representing the main heat-transfer paths through thermal resistances and heat
storage effects through thermal capacitances, they provide a reduced-order model that is
physically interpretable, computationally efficient, and directly usable in MPC [31, 33].
This convenience makes RC models highly relevant whenever closed-loop prediction and
computational tractability are central design requirements [31, 33, 34, 49].

The main challenge, however, is parameter identification. A recent critical review of
low-order grey-box models identifies the initialization and final identification of model
parameters as the most difficult and impactful part of the workflow [17]. In particular,
the review notes that good initialization and stochastic search is often required to locate
a plausible region of the parameter space before local refinement can succeed [17].

A related issue is the stability and identifiability of the estimated parameters. Marty-
Jourjon et al. [50] show that RC models suffer from parameter correlations and convergence
problems during calibration, such that a model may achieve high predictive accuracy,
while using physically implausible parameter estimates. Rouchier et al. [51] further
show that repeated training runs do not necessarily return stable parameter values.
While stochastic calibration yields more consistent parameter estimates across separate
training runs, deterministic calibration is less robust and can lead to less reliable forecasts.
Moreover, Yu et al. [52] show that the identified parameters can be strongly influenced
by the training data and, depending on preprocessing and model formulation, may even
drift toward non-physical values.

In summary, the literature suggests that RC models are not limited primarily by their
expressivity, but by the process of parameter identification [17, 50-52].

Although there has been significant progress in the area of physics-informed building
modeling, the existing approaches either rely on structurally constrained neural architec-
tures, physics-informed loss functions, or parameter identification. While the structurally
constrained neural architectures trade interpretability for accuracy, parameter identifica-
tion methods yield unstable results due to their challenging identification procedure [13,
17]. This motivates the physics-informed hybrid approach presented in this thesis. While
we use the expressivity of the neural network to find functional approximations of tem-
perature trajectories, we estimate the parameters of a reduced-order model and use the
obtained thermal model for predictions.
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4.1 Problem Setting

Given the intermittent nature of renewable electricity generation, grid stability increas-
ingly depends on the temporal alignment of electricity production and consumption. This
alignment can be achieved by shifting electricity demand for space conditioning toward
periods of high renewable energy availability. To this end, a control strategy determines
thermal power input trajectories, pre-heating or pre-cooling the building, while ensuring
that the indoor temperature remains within predefined comfort bounds.

This can be formalized as a constrained optimization problem. Let P,(t) denote the
thermal power supplied to the building. The objective is to determine a control trajectory
that aligns space-conditioning demand with renewable energy generation Pes(t) over a
given time horizon [0, 7. This can be expressed as

T
i Py (t) — Pres(t))? dt
min /O<tp<> ()

s.t. Tin(t) € [Tmin, Tmax),

Ti (t) = f(Ptp(t)7 Psun(t)vTamb(t))a
Pip(t) € [0, Prax,

where Ti, (t) denotes the indoor temperature, Py, (t) the solar irradiance, and Tomp(t) the
ambient temperature. The function f(-) describes the thermal dynamics of the building.

Maintaining indoor comfort requires a predictive model of the indoor temperature
dynamics that is both accurate and physically consistent over the optimization horizon.
Thus, the objective is to identify model parameters of a reduced-order thermal model
that captures the building’s main temperature dynamics, producing physically consistent
indoor temperature predictions over extended prediction horizons. To address this we use
a parameter identification procedure to identify a thermal model from observational data.
The data is generated by a residential building whose thermal dynamics are governed
by energy exchange between the indoor air, the building mass, and the environment.
Available observations include indoor temperature, applied heating and cooling power,
outdoor temperature, and solar irradiance.

The found model is intended to be used within model-based decision-making frameworks.
In particular, the model is integrated into model predictive control (MPC) frameworks,
where it is repeatedly queried under hypothetical control actions [11]. Additionally, given
physical consistent responses, it could serve as a computationally efficient surrogate
environment for model-based Reinforcement Learning (RL). Consequently, the model’s
physical plausibility under hypothetical control actions is critical.
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4.2 Assumptions and Scope

This work focuses on buildings whose thermal dynamics can be reasonably approximated
by low-order RC models. The structure of the RC model is assumed to be known a
priori, while its parameters are unknown and must be identified from data. Consequently,
the governing differential equations describing the thermal dynamics are fixed, and the
learning task is restricted to parameter estimation rather than system discovery.

The available indoor temperature data are assumed to be limited in amount and
variability, reflecting realistic operational conditions. Certain influential factors, such as
occupant behavior and internal heat gains, are not directly measured and are treated as
unobserved disturbances.

This thesis does not aim to construct high-fidelity building prediction models, nor
does it address unobserved disturbances modeling. Instead, the scope is limited to
the robustness of the identification procedure under data scarcity and the multi-step
consistency of the identified thermal models.

4.3 Challenges and Failure Modes

Identifying thermal model parameters from observational building data is a challenging
task. Due to limited excitation, strong correlations among inputs, and unobserved
disturbances, multiple parameter configurations may produce similar temperature predic-
tions. This renders the identification problem ill-posed and sensitive to training data,
initialization, noise, and numerical errors [17].

Purely data-driven models, while expressive, often suffer from underspecification and
poor generalization in such settings. When used for multi-step prediction or embedded
in closed-loop optimization loops, small modeling inaccuracies can accumulate over time
and lead to physically implausible behavior [13].

These challenges motivate the investigation of alternative identification formulations
that combine physical structure with data-driven regularization, thereby improving
robustness of the identification procedure.

4.4 Research Questions

This leads to the following research questions:

1. How does the predictive accuracy of the PINN-based approach compare to that of
a classical differentiable physics model in data-limited settings?

2. How does the variability in predictive accuracy of the identified thermal models on
different training data compare between the PINN-based approach and a classical
differentiable physics model?

3. How do PINN-based and differentiable physics approaches compare in terms of
data efficiency?
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4.4 Research Questions

The methods used to answer these questions are presented in the following chapter.
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In this chapter we will cover the structure of the residential building used for simulation,
the building data for training, the specific implementations of the different approaches,
and the different experimental setups and metrics used to answer the research questions,
comparing the proposed approach with a state-of-the-art method.

We aim to learn a physically consistent thermal model from observational data. To
achieve this we use a physics-based approach. This approach simplifies the observed
building using a 2R2C thermal model, as defined in Equation (5.1). This thermal model
consists of five unknown thermal parameters that need to be identified from data. To
enhance the robustness of this parameter identification process, we utilize a hybrid
physics-informed approach.

The hybrid physics-informed approach consists of an inverse PINN for parameter
estimation and the identified thermal model for prediction. Hence, the inverse PINN
differs from gradient-based parameter identification methods by leveraging the expressivity
of neural networks to approximate temperature trajectories while simultaneously guiding
these predictions using the thermal model whose parameters are identified. In contrast,
gradient-based parameter identification methods find the trajectories by integrating the
thermal model forward in time and matching these predictions with the observations.
Thus, introducing a neural network for forward simulation eliminates the need for
numerical integration and differentiation. Consequently, the inverse PINN approach
decouples parameter estimation from numerical integration, offering a potentially more
robust method for identifying thermal models from data. To quantify the robustness
gains of the inverse PINN approach, we compare its performance with that of a classical
parameter identification method implemented using a differentiable state-space model.

Data for this identification are generated using the advanced building simulation
framework, IDA ICE. This simulation environment allows us to easily adjust operational
settings to test the performance of the identified thermal models under unseen conditions.
To compare the two methods, we select twelve distinct seven-day windows from the
simulated annual dataset as training data. This yields twelve thermal models, each
trained on one of the seven-day windows. Each of these twelve models are used to predict
the full year’s temperature dynamics given the same building and weather conditions
but with different operational settings. The resulting predictions are used to analyze
and compare the predictive accuracy, the sensitivity of the predictive performance with
respect to the training data, and data efficiency between the differentiable state-space
approach and the proposed approach.

This chapter continues as follows. In Section 5.1 we briefly introduce the building
used to generate the data. In Section 5.2 we introduce the different approaches used to
estimate the unknown thermal parameters, and finally in Section 5.3 and Section 5.4 we
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discuss the experimental design and evaluation metrics, respectively.

5.1 Reference Building and Data Generation

The training data was simulated using IDA ICE [18], an advanced building energy
simulation software. As noted by Ryan et al. [53], IDA ICE is one of the four major
building energy simulation programs discussed in the literature. Unlike simplified tools,
IDA ICE offers a detailed dynamic representation of thermal behavior, heat pump
operation, and temperature changes due to solar gains and occupant-related effects.
Hence, IDA ICE enables detailed and realistic temperature simulations, making it well
suited for evaluating the research questions of this thesis.

5.1.1 IDA ICE Reference Model

The simulated building represents a modern, well insulated residential building. It consists
of a single-zone space conditioning system and has a 100m? conditioned floor area with
an additional unheated attic. The external walls, ground slab, and ceiling towards the
attic have U-values of 0.177, 0.159, and 0.184W m~2 K1, respectively, while the attic
roof has a U-value of 0.099W m~2K~!. The total window area is 29m?. The windows
have a U-value of 0.60W m~2K~! and a solar heat gain coefficient of 0.49. The building
parameters were selected to approximate the thermal characteristics of an average modern
residential building, thereby providing a representative reference for indoor temperature
dynamics. A floor plan of the described building is shown in Figure 5.1.

A thermostat located in the living area controls the indoor temperature. The indoor
temperature conditioning system of the building consists of floor heating and ceiling
cooling systems. The heat pump has a brine-source and 500 liter hot and cold storage
tanks.

While the occupant comfort levels are set to 20°C in winter and 25°C in summer, the
occupant behavior is modeled dynamically through schedules for occupancy, lighting,
and appliance-related internal gains. To further improve the realistic operation, window
opening is controlled using the measured indoor temperature and CO2 levels.

The IDA ICE simulation software uses hourly sampled weather data from the "Hohe
Warte" weather station in Vienna. This dataset consists of a full weather year which is
used to simulate the thermal response of the building [54]. While the weather data is
specified hourly, the IDA ICE solver uses an adaptive internal time step. This high-fidelity
simulation model serves as a flexible building surrogate, capable of generating realistic
temperature dynamics for testing our parameter identification approaches.

5.1.2 Data Gathering & Preprocessing

Data from the IDA ICE simulation are processed in two stages. Initially, we extract
key variables from the detailed output files, including indoor air temperature, ambient
temperature, applied thermal power, and incident solar irradiance. The solar irradiance,
initially derived from the weather data, was refined to improve accuracy by calculating
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Figure 5.1: The floor plan of the IDA ICE reference building used for data generation.
Blue segments denote windows, the dashed outer outline indicates the un-
heated attic footprint, and dashed interior marks denote doorway openings.

facade-specific irradiance using the pvlib Python package [55]. Finally, due to the
adaptive time stepping used by IDA ICE to ensure high simulation accuracy, the resulting
time series data were resampled to a uniform 15-minute interval using linear interpolation.

In the second step, the preprocessed data was further prepared for model training. The
data preparation consists of renaming the input features, removing duplicated timestamps,
and applying a threshold to the thermal input, setting small values to zero to remove
artifacts that do not represent actual thermal input.

The input features of both models are the ambient temperature T,y [°C], the supplied
heating power P, [W], the supplied cooling power P, [W], the solar irradiance incident
on south-, north-, east-, and west-facing vertical surfaces, denoted by P.s, Psn, Psg, and
Paw [Wm™2], respectively, and the indoor air temperature T}, [°C]. To obtain a single
solar input, these orientation-specific irradiances are combined into an effective solar
signal:

1

PS:Z(PSN+PSE+PSS+PSW)'

This corresponds to assuming a uniform distribution of the effective solar exposure across
the four vertical orientations. Although this aggregation is a simplifying assumption,
it provides a more realistic temporal representation of solar influence than a single
horizontal irradiance signal, as it reduces the dominance of noon-time radiation and
increases the contribution of morning and afternoon solar gains [13]. Small values of
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heating and cooling power, P, and P., were set to zero to remove artifacts of heat pump
operation. Subsequently, the resulting signals were combined into a net thermal power
P, = P, — P.. Finally, we added a relative time variable ¢ [s] for model training and
visualization purposes.

5.2 Modeling Approaches

As discussed in Section 2.3.1, we are using a RC state-space model to describe the main
temperature dynamics. These models can be written as RC-circuits and are named
according to their complexity, which is defined by the number of modeled states. This
means that a first-order model approximates the full building by aggregating all thermal
dynamics and characteristics into one state. A second-order model improves accuracy,
while increasing the difficulty of parameter identification, by adding a second state to the
thermal model. In this work, we focused on identifying a second-order thermal model
describing the thermal dynamics of the building using two resistances and two capacities.
This configuration is simple yet complex enough to learn the main temperature dynamics
in buildings [26, 48, 51].
The 2R2C model can be formulated by the following equations:

1 1 1
,'Tm(t) — - (CinRim * CinRia> CinRim ,-Tl (t)
m Rim 'm Rim <00)
A
Lo 1 R0
+ | Cin Cim CunRial| | Pit) (5.1)
0 0 0 Tamb(t)
B u(t)

where T}, (t) and Ty, (t) denote the time derivatives of the indoor air and thermal mass
temperatures, respectively. The model parameters are collected in the parameter vector
T

¢ = [Cina Ch, Ria, Rim, Ot]

)

which includes the indoor air capacity Ci, and thermal mass capacity Cp, [JK™!], the
thermal resistances R;, between the indoor air and the thermal mass node and R;,
between the indoor air and the ambient air [K W], and the coefficient o [m?], which
represents the combined effect of window area and solar heat gain coefficient (SHGC)
and scales the solar irradiance to an effective thermal input.

The inputs to the system are represented by the vector u € R3. P, [W] is the net
thermal power delivered to the building, where heating contributes positively and cooling
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contributes negatively. P; denotes the solar irradiance in Wm™2, and Ty denotes the
ambient temperature in °C. Since we only observe the indoor air temperature we multiply
the state vector by the observability matrix C € R!*2,

For both approaches this second-order state-space model is used while training and for
the predictions.

Non-Dimensionalization

To improve the conditioning of the matrices A and B, we transform the observed system
into an equivalent dimensionless system. This is achieved by dividing each input by
a characteristic reference scale, thereby placing all inputs on a comparable order of
magnitude. It was shown that this preconditioning of the dynamics has positive effects
on the optimization procedure [29, 56].

To transform the current system into its dimensionless form, we first subtract a
characteristic temperature T from the indoor air temperature, the thermal mass
temperature, and the outdoor temperature. Additionally, the temperature trajectories
are scaled by a characteristic indoor temperature difference AT = Tiy max — Tin, min,
corresponding to the comfort bounds. This yields centered indoor temperatures whose
changes are of order one. The thermal power and solar irradiance delivered to the building
are scaled by its characteristic power levels P, 1of and P ref, respectively. Time ¢ is
scaled by a characteristic time constant t..r. This yields dimensionless variables of order
one.

fy = et O = 1= Tret o _ Tomb — Toet
m AT m AT amb AT
ip = 1Dtp/Ptp7 ref I = Ps/Ps, ref T = t/tref
Equivalently,

T’in = dref + AT 91117 Tm = dref + AT 91117 Tamb = Tref + AT eamba

(5.2)
Ptp = Ptp,rethpv Py = Ps,refHSa t=trer T

Using the definitions from Equation (5.2), we can write the dimensionless differential
equation describing the change of 8;, with respect to 7.
_ CinAT dby, 1

d
G dt (Tret + AT Ohn) = tref AT Rim (Tret + AT 0w — Tres + AT0in)

1
+ F(Tref + AT‘eamb - Tref + ATyeln)

+ Ptp7 ref Htp + aPs,ref IT

Rearranging this expression by multiplying by ¢,et and dividing by AT and Cj, gives the
differential equation in dimensionless form.
dein _ tref
dr Rin,Cin

Q tyef Ps7 ref
Cin AT

tref Ptp, ref
Cin AT

tre
(0111 - Hin) + ! (Hamb - Hin) +

II
Riacin P *

I
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An analogous derivation holds for y,. This results in the dimensionless system given by:

dx . .

g = A% + Ba, (5.3)
where & = [0y, Om]? and @ = [y, s, famb)?. The dimensionless matrices A and B are
defined as:

~ _(1.in) (in) (in)
A= [ (kza (:1_) klm ) k:zn(’bm)] ’
kim _kim
and
B = ktp ks kia ,
0 0 0
where
m Lref (in) lref (in) Lref
m Rzmom ’ um R'mem ’ e Riacin ’
k}gzn) _ Lref Ptp7 ref7 kgzn) _ Q tyef JPs7 ref
P Cin AT Cin AT

Overall, the non-dimensionalization does not change the underlying physics. Non-
dimensionalization changes the numerical conditioning of the matrices A and B. Conse-
quently, this increases the stability of the optimization problem and typically yields more
stable gradients during parameter identification [29, 56].

5.2.1 Differentiable State-Space Model

The differentiable state-space model describes the building thermal dynamics using
a reduced-order linear state-space model. It serves as the gradient-based parameter
identification approach and describes the evolution of the indoor air temperature and
the thermal mass temperature in response to internal and external forcings.

The thermal dynamics are formulated in continuous time and then discretized for
simulation on the sampled data. Compactly, the continuous time model defined in
Equation (5.1) can be formulated as:

x(t) = Ax(t) + Bu(?),
y(t) = Cx(1),

where A and B contain the unknown thermal parameter set ¢, C is multiplied by x(t)
to retrieve the indoor air temperature Ti,. The state vector x(t) defines the system’s
trajectory through state space, characterized by both a natural thermal decay and a
forced response. The forced response is defined by the input vector u(¢). The forcings
are the net heating power P, the solar irradiance P, and the outdoor air temperature
Tomb-

Due to the linearity of the state-space model, the integration of the system of ODEs
can be done using exact matrix-exponential-based state-transition operators. This leads
to more precise dynamics compared to simple explicit integration schemes [51, 57].
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State-Space Model Discretization

To propagate the state using sampled data, the continuous-time state-space model must
be converted to a discrete-time representation. Under a zero-order hold assumption, that
is, assuming the input remains constant over one sampling interval, the discrete-time
system can be written as:

Xip+1 = Agxk + Bguyg, (5.4)

with
At
Ay = APt B, = </ e ds) B.
0

The term Agx; describes the natural evolution of the system over one sampling interval,
whereas Bguy represents the accumulated effect of the input during that interval. To-
gether, both terms define the exact discrete-time dynamics under the zero-order hold
assumption.

Given the estimated parameter vector ¢, the model integrates the system of ODEs over
the full training window. This way, we can compare the predicted indoor air temperature
Tigrf{d with the observed indoor air temperature T3\ at time step k. The loss is defined
as the difference between the predicted and the observed temperatures.

Considering that we want to estimate a thermal model that predicts the main dynamics,
we used the Huber loss as our training objective. This loss provides a robust alternative
to the purely quadratic loss, putting more weight on the overall trajectory difference
compared to the single step error. The Huber loss is quadratic in errors below § and
linear in errors above ¢, and can be written as:

La(a) = a?, if |a| < 4, (5.5)
" (]a\ — %5) , otherwise. '

In our implementation we set § = 1.
The final loss of the differentiable state-space model is given by:

N
1
L) =+ 3 frwver (T T
k=1

where N is the number of integration steps. This loss enables the gradient-based
optimization with respect to the thermal parameters.

Training Procedure

Starting the training procedure, the system is initialized, yielding an initial condition
for the integration. The states, being the indoor air and thermal mass temperature, are
both initialized with the initial indoor air temperature T3, 0. The thermal parameters are
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initialized with approximate values. The thermal capacities are initialized to 10 J K1,
and the thermal resistances are initialized to 10~ K W~!. To ensure physically meaningful
parameter estimates during gradient-based optimization, all resistances, capacitances,
and the solar-gain coefficient are parameterized in log-space and mapped to positive
values through an exponential transform.

To ensure a consistent and comparable training procedure across all investigated
approaches, parameter estimation was performed in two stages. Following initialization,
parameter estimation was performed in two stages. First, Adam was used to move
the parameters away from their initial values and into a region of lower loss. Second,
L-BFGS was used to refine the estimates locally. In the experiments, the Adam phase
was run for 3000 gradient steps, followed by an L-BFGS phase with at most 10° iterations.
Early stopping in the L-BFGS phase occurred when the optimizer satisfied its internal
convergence criteria. That is, when gradients became sufficiently small or when the
improvement in the loss between successive iterations became negligible. The complete
parameter identification procedure is summarized in Algorithm 1 and discussed in detail
below.

Algorithm 1 This pseudo-algorithm explains the steps done to find parameter estimates
using the differentiable state-space model.

1: Construct training windows.

2: Initialize thermal parameters and map to log-space.

3: Compute dimensionless inputs and targets.

Stage 1: Global optimization (Adam)
. for k=1 to 3 x 10 do
Discretize the dimensionless state-space model
Roll out the model on the training data
Compute £ ¢ % S, frwer (T3, 1)
Update € and ¢ using Adam

Stage 2: Local refinement (L-BFGS)
9: for k=1to 1 x 10° do

10: Discretize the dimensionless state-space model
11: Roll out the model on the training data
12: Compute L + % SN Chuber (Tigyrid, ﬂff‘ff>

13: Update 8 and ¢ using L-BFGS

This leads to the following parameter identification procedure. At each optimization
step, the current parameters are first mapped to the continuous-time system matrices,
discretized, and then used to propagate the state sequentially in time under the observed
inputs. This forward simulation yields a predicted indoor-temperature trajectory Tifl’fid,
which is compared to the observed trajectory Tlrtlr‘ff The discrepancy between the two
trajectories defines the training objective. In the implemented model, this objective
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is a Huber loss, defined in Equation (5.5), evaluated over the full predicted indoor-
temperature trajectory. Gradients of this loss with respect to the model parameters are
then computed by automatic differentiation and used by the optimizer to update the
parameter estimates.

For evaluation, the identified parameters are inserted into the continuous-time state-
space model. The resulting system matrices are then discretized, and the discrete-time
state-space model is propagated forward in time to generate temperature predictions.

This approach represents a standard deterministic parameter estimation method, using
trajectory matching to find the best parameter set to describe the observed temperature
dynamics.

5.2.2 Inverse Physics-Informed Neural Network

Similar to the differentiable state-space approach, the inverse PINN approach also uses a
reduced-order thermal model to describe the temperature changes observed within the
building. Consequently, during training, the inverse PINN also estimates the unknown
thermal parameters used in this thermal model. The difference from the differentiable
state-space model lies in how the approach is rolling out the initial state of the system.
Instead of discretizing the domain for numerical integration, the PINN uses a neural
network to approximate the observed temperature trajectory.

CN(t; 0) ~ Tin ()

Additionally it imposes the thermal dynamics on this approximation to keep it physically
consistent.

N(t; ) ~ %(t)
This means that the neural networks is not only fitting the data, but is also informed
about candidate trajectories given by the differential equations x(¢) of the thermal model.

Both objectives taken together form the basis of how the PINN chooses the right
weights and biases 0 to find an approximation that not only fits the data but also respects
the physics. Once the PINN has found an approximation and estimated the parameters
of the thermal model, the neural network is discarded and, as with the differentiable
state-space approach, the found thermal model is used to generate predictions.

As with the differentiable state-space model, the PINN predicts both the indoor air
temperature Ti, and the thermal mass temperature Ty,. The trajectory of the indoor
air temperature is optimized using the data loss. The data loss measures the difference
between the network’s predictions of T}, and the observed indoor air temperature,

Ng
ﬁdata(e) - -Z\:;d ZEHuber(CN(ti; 0) - Tm(tz)) (56>
=1

where Ny is the number of samples in the training data and C is the observability matrix
extracting the indoor air temperature prediction from the output of the neural network.
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For the data loss we use the Huber loss function defined in Equation (5.5). In our
implementation, we set § = 1.

Since Ty, is a latent state, its trajectory is not optimized by the data loss, but inferred
from the predicted indoor temperature using the physics loss. The physics loss compares
the derivative of the network N (t) with the derivative described by the thermal model
x(t). This difference yields the physics residual r(t; 8, ¢), which is used to guide the
network’s predictions towards physically consistent behavior.

r(t;0,¢) =N(t; 0) — Ay N(t; 0) + By u(t)

The physics residual is used inside the physics loss during optimization. The physics loss
is given by the mean squared error (MSE) of the residuals r(¢; 0, ¢).

N, ) 9
H (5.7)

Los(8.9) = 3. [r(ti; 6.9)

i=1
The variable NV, represents the number of collocation points, 8 contains the parameters
of the neural network, and ¢ represents the unknown parameters of the thermal model
that are updated simultaneously.

Both losses taken together form the composite loss function that is used to estimate
the temperature trajectory and the thermal parameters ¢.

E(aa ¢) = Edata(e) + )‘phys ['phys(ea ¢)

This defines the loss function and the general optimization structure of the inverse PINN.
In practice, PINNs are notoriously difficult to train [29]. Therefore, several techniques
were employed to improve the training procedure.

Neural Architecture

For the purpose of using an PINN to estimate a smooth approximation of the data,
we chose to use a standard MLP as neural architecture, which is the most common
architecture used with PINNs [29].

We approximate the state trajectory x(¢) as a function of time ¢, where the input layer
is defined by the time coordinate, i.e., g°(t) = t. The approximation is recursively defined
as:

xO(t) = WO . gDy 10 D) = a(mg)(t)) . 1=1,2,...,L,

where W' is the weight matrix of the I-th layer. In each layer g()(¢) is the result of an
element-wise activation function acting on the linear transformation x()(t).

The final layer computes the network output. To simplify the PINN training objective,
the initial condition is incorporated directly into the network architecture. This is
achieved by modifying the final layer using a time-dependent gating mechanism. Instead
of directly outputting the network prediction, we scale the final layer output with a
function that vanishes near the initial time.
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More precisely, let g(L) (t) denote the activation of the last hidden layer. We approximate
the state trajectory x(t) as a function of normalized time ¢ € [—1,1]. The network output
is then defined as

x(t) = xo + <1 — exp (_H—gl)) (W(L—H) _g(L) (t) + b(L+1)) 7

where xg = [Tin,07 Tin,o]T denotes the initial state of the system and ¢ is a small positive
constant. The gating term suppresses the learned correction near the initial time g = —1,
ensuring the network output smoothly recovers the initial condition. As time progresses,
the gate quickly approaches one, allowing the network to represent the full solution
dynamics.

All weights and biases collectively represent the trainable parameters 6 of the MLP.
In our implementation, the hyperbolic tangent (tanh) activation function is used. The
global differentiability of the tanh activation function is important for PINNs, since the
network must be continuously differentiable with respect to its input ¢.

Non-dimensionalization

Standardizing the inputs of neural networks improves the optimization procedure of
PINNs [56]. Therefore, we used a technique called non-dimensionalization proposed by
Wang et al. [29]. Consequently, the dimensionless thermal model defined in Equation (5.3)
is used throughout the optimization.

Additionally, we linearly rescale time ¢ to the interval [—1,1], such that the input is
centered around zero. This further improves PINN training, since zero-centered inputs
are better aligned with the tanh activation function and help maintain the network in its
sensitive, non-saturated state.

Fourier Features and Random Weight Factorization

Another challenge in training PINNs arises from the spectral bias of MLPs [58, 59].
Due to this bias, MLPs tend to learn low-frequency components before high-frequency
components. A proven approach to mitigate this limitation is the use of Fourier feature
embeddings [58]. These augment the network input with periodic features, enabling the
MLP to represent periodic functions more effectively.

Due to the normalization of the time coordinate ¢ discussed in Section 5.2.2, longer
temperature trajectories increase the difficulty of PINN optimization. Specifically, since
the time coordinate is rescaled to the fixed interval 7 € [—1,1], longer temperature
trajectories are compressed into the same normalized input domain. As a result, the
target function varies more rapidly with respect to 7, effectively increasing the frequencies
the network must represent.

To improve optimization for longer temperature trajectories, the input representation
is augmented using Fourier features. Instead of sampling random frequencies, however,
we use a small set of physically motivated harmonics. Given the periodic nature of
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indoor temperature dynamics, a base period of 24 h is assumed, from which the first
three harmonics are defined as:

kt . kt
wi(t) € {cos(27r24> ,sm(27r24>} , k=1,2,3 (5.8)

This encoding enriches the input representation with periodic components and enables
the network to capture higher-frequency variations more effectively, thereby improving
convergence [60].

In Figure 5.2, we compare a standard MLP with an MLP using Fourier feature
embeddings. Both use the same fully connected MLP architecture featuring two hidden
layers, each with 8 neurons and tanh activation. Parameters were initialized using Xavier-
normal initialization and optimized via Adam with a learning rate of 1073, The difference
lies in the input parametrization. The standard MLP uses only the time coordinate
t, whereas the MLP using Fourier feature embeddings augments the input with three
harmonic Fourier features having periods of 24 hours, 12 hours, and 8 hours. While the
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Figure 5.2: Visualization of a standard MLP (top) and a MLP with Fourier feature

embeddings (bottom). Both are trained on the same data for 3000 gradient
steps.

standard MLP struggles to find a representation to approximate the given data, the MLP
using Fourier feature embeddings converges faster and yields a good approximation after
3000 gradient steps.

As a result, the rescaled input feature 7 is augmented with the first three harmonics
defined in Equation (5.8). Both the original input and the resulting Fourier features are
then provided to the MLP, as shown in Figure 5.2.
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t

Figure 5.3: Integration of Fourier feature embeddings into the MLP. The input is aug-
mented with Fourier features, consisting of the first three sine (solid) and
cosine (dashed) harmonics corresponding to a base period of 24 h.

In addition to Fourier feature embeddings, we used Glorot (Xavier) initialization [61]
and random weight factorization (RWF) [62] for all dense layers. Instead of optimizing
the weights W directly, using RWF we factorize the weight matrices

WU = diag(exp(s?)) VO, s ~ N (, 0%I) (5.9)

and then optimize {s(), V() b®) l]fll As suggested by Wang et al. [29], we used p = 0.5
and o = 0.1. This factorization has been shown to further mitigate spectral bias and
improve the training of PINNs [29].

Training Procedure

To estimate the thermal parameters, we used an MLP consisting of three hidden layers
and 128 neurons per layer. All parameters were initialized with Glorot initialization and
all weight matrices were reparameterized using RWF, as defined in Equation (5.9). To
improve optimization performance we used the described Fourier features to represent
periodic behavior over a daily cycle. Thereby we augmented the scalar input feature 7
with the first three harmonic fourier features of a 24-hour period. This increases the
input dimension from one to seven.

As discussed, the optimization of the neural networks weights and biases and the
parameters of the thermal model is performed simultaneously. To ensure physically
plausible thermal parameters, we imposed positivity through a log-space parameteriza-
tion. More precisely, the unknown thermal parameters were optimized in log-space and
transformed back to the physical domain via an exponential map during the forward
pass.

The total loss is defined as

L = AdataLdata + )\phys, inﬁphys7 in )\phys,mﬁphys7m, (510)

where Lgata denotes the data mismatch, Lppys in is the physics residual associated with
the observed indoor temperature, and Lpyhys, m is the physics residual associated with
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the latent thermal mass temperature. Since these objectives can produce competing
gradients, especially during the early stages of training, we introduced weighting factors
to balance their contributions. In all experiments, we used

)\data =9, )\phys, in = 27 )‘phys,m =4.

The loss weights were determined through empirical hyperparameter tuning by evaluating
different weighting configurations based on the predictive accuracy of the identified
thermal models on the test data. The reported values yielded the best overall performance.

Before training, we generated additional collocation points for evaluating the physics
residuals. For each pair of consecutive measurement times, we uniformly sampled four
intermediate collocation points. Because measurements were available only every 15
minutes, the input variables at these collocation points were obtained by interpolation.
Outdoor temperature T, and solar gains Py were linearly interpolated, whereas the
thermal power input Py, was sampled using zero-order hold interpolation. The complete
parameter identification procedure is summarized in Algorithm 2 and discussed in detail
below.

Algorithm 2 This pseudo-algorithm explains the steps done to find parameter estimates
using the inverse PINN approach.

1: Construct training windows

Initialize trainable parameters @ and ¢

Compute dimensionless inputs and targets

Generate collocation points 7.

Interpolate Oamb, Iip, and Il onto 7

Set loss weights Aqata <= 5, Aphys,in < 2, and Aphys, m < 4

Stage 1: Global optimization (Adam)
7. for k=1 to 3 x 10* do
: Evaluate the PINN on the training data
9: Compute Lata, Lphys,in, and Lphysm using Equations (5.6) and Equation (5.7)
10: Compute the total loss £ using Equation (5.10)
11: Update 8 and ¢ using Adam

Stage 2: Local refinement (L-BFGS)
12: for k =1 to 1 x 10° do
13: Evaluate the PINN on the training data
14: Compute Lata, Lphys,in, and Lphysm using Equations (5.6) and Equation (5.7)
15: Compute the total loss £ using Equation (5.10)
16: Update 8 and ¢ using L-BFGS

Training was carried out in two stages. In the first stage, we used the Adam optimizer to
obtain a robust initial estimate of both the network weights and the thermal parameters.
To avoid instability from poorly initialized physics terms, optimization was started using
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only the data loss, and the physics losses were gradually introduced afterwards. This
strategy first allows the network to learn a smooth approximation of the observations.
After the network found a representation, we started to gradually increase the weight of
the physics loss terms. This introduced new gradient directions, pushing the parameter
estimates towards physically meaningful values [63]. Since the early stage primarily
serves to learn a smooth trajectory and explore the loss landscape for plausible parameter
values, different learning rates were used for the network parameters and the thermal
parameters. The learning rate for the network parameters was set to 1073, while the
learning rate for the thermal parameters was set to 1072. The Adam stage was run for
3 x 10* iterations.

In the second stage, optimization was continued using L-BFGS in order to refine the
solution. The objective function remained unchanged, while both the neural network
parameters and the thermal parameters were further optimized. For L-BFGS, we used
fixed loss weights of Agata = 9, Aphys,in = 2, and Aphysmass = 4. The strong Wolfe line
search was used with a step size of 0.5. The maximum number of function evaluations
per iteration was set to 5 x 104, and the history size was increased to 150 to improve the
Hessian approximation. The L-BFGS stage was stopped early either if it reached the
maximum iteration number of 10° optimization steps, or if the obtained gradient norm
was below 10710, or if the absolute loss change between consecutive iterations was below
10710,

After convergence, the neural network was discarded and only the estimated physical
parameters were retained. These parameters were then used with the discretized state-
space model, defined in Equation (5.4), to predict indoor air temperature under varying
influences and initial conditions.

5.3 Experimental Design

To address the research questions we designed three experiments that should provide
information regarding the predictive accuracy, the sensitivity with respect to training
data, and the data efficiency under varying dataset size.

5.3.1 Training Data Selection and Windowing

Training data selection is an important preprocessing step for stable parameter identifi-
cation. The following procedure selects windows containing sufficient system excitation
and temporal variation in the inputs to ensure reliable identifiability of the thermal
parameters.

After preprocessing, as described in Section 5.1.2, we iterate over the full year dataset
with a stride of one day to extract seven-day sequences. Each of these seven-day sequences
is assigned a score. These scores quantitatively describe whether the information inherent
in these seven days is enough for parameter estimation. It is based on the temporal
variation of the different signals. This is a measure to rate windows higher which have
non-zero thermal input data, strongly varying outdoor temperatures, or solar gains,
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thereby increasing identifiability of the unknown thermal parameters.

After calculating the scores, we sampled from these sequences such that we chose
data that has enough information for parameter identification and is diverse enough to
represent the full year. Specifically, we assigned a season to each candidate window using
its timestamps. Then, using the score of the candidate windows, we selected the three
highest-scoring windows per season. To avoid small temporal variation of the selected
windows inside one season, we first selected the window with the highest score and then
imposed a minimum spacing of one day to the next selected window preventing windows
from overlapping. This resulted in twelve training windows in total, having three windows
for each season.
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Figure 5.4: Visualization of the selected window for model training across the full year
dataset.

For test data, we ran the simulation in IDA ICE a second time on the same building.
This time we simulated the building under different thermostat settings. Although we
have the same building under the same weather influences, the temperature dynamics
inside the building are altered. This is because we change the hysteresis of the temperature
control. Instead of using a setpoint of 20.0/25.0 with a hysteresis of 1.0°C we increased it
to 20.0/25.0 £ 1.5°C. This introduces temperature dynamics unseen in the training data
and should therefore show if the trained model is able to generalize to unseen operating
conditions, which is of prime interest for maximizing the potential of the flexibility
optimization.

5.3.2 Predictive Accuracy

Predictive accuracy of the identified thermal models is an important characteristic for
model-based optimization. But instead of focusing on single-step performance, we focus
on multi-step consistency. This is because the learned model is used with closed-loop
predictions, thereby using its previous predicted state as input. A model that does not
capture the driving temperature dynamics will fail in a closed-loop setting, resulting
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in long-term drifts from the true temperature trajectory [13]. Consequently this would
decrease the potential of the flexibility optimization.

To measure the predictive accuracy and compare it between the two approaches, we
use the training data selection, described in Section 5.3.1, to extract twelve seven-day
sequences from the building simulation data. Each of the extracted seven-day training
sequences is used to identify a thermal model. The resulting models are used to predict
indoor air temperatures on the unseen test data. The accuracy of these predictions is
measured using the MAE, defined in Section 5.4.1. The obtained MAEs from the twelve
models form a MAE distribution. From this distribution, we estimate the expected MAE
and the standard error, which quantifies the uncertainty in the estimate. Since we are
interested in the performance of the thermal models on multiple different prediction
horizons, we evaluate the predictive accuracy not only on the day-ahead predictions, but
also on three-day, and seven-day prediction horizons.

5.3.3 Sensitivity to Training Data

The sensitivity of the training procedure with respect to the available training data is
another important characteristic of a parameter identification approach. Practically, a
parameter identification approach can perform very well on certain data, while failing on
other. That’s why the approaches are compared with respect to their sensitivity to the
different training data sequences sampled from different seasons across the year.

Since different parameter combinations can yield similar thermal dynamics, the identi-
fied thermal models are evaluated based on the variability of their predictive accuracy
rather than solely on the distribution of the estimated parameters. To evaluate the
variability of their predictive accuracy, we use the distribution of MAEs obtained from
identifying thermal models on the different datasets, as described in Section 5.3.2. We
visualize this distribution as boxplots and statistically analyze them for both approaches.
In this work, we define an approach to be less sensitive to the training data if it varies
less with the training data. Consequently, the higher the standard deviation of the MAE
distribution, the higher the sensitivity to the training data. The metric used to quantify
the sensitivity is defined in Section 5.4.2.

5.3.4 Data Efficiency

The data efficiency of the approach is important for flexibility optimization, because we
want to be able to learn a thermal model from as little data as possible. To compare the
data efficiency of both approaches, the procedure described in Section 5.3.2 is used to get
an estimate of the expected MAE and its standard error on a specific training data size.
As the training data size decreases the degradation of the mean MAE of both approaches
is analyzed. Additionally we compare the predictive accuracies of the obtained models
across different prediction horizons. Overall, this yields information about how well the
parameter identification process utilizes the data at hand and thus describes the data
efficiency of the approach [48].
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5.4 Evaluation Metrics

In accordance with the research questions, we evaluate both approaches with respect to
predictive accuracy, training stability, and data efficiency. Each property is quantified
using consistent statistical measures across multiple training runs.

5.4.1 Predictive Accuracy

To measure the predictive accuracy of the resulting thermal models, these models are
used to predict indoor temperatures for the next day, the next three days, and the next
seven days. As Drgona et al. [16] discussed, multi-step consistency is more important
for control-oriented thermal models than single-step error. Thus, the predictions are
closed-loop, which means that for the next prediction the last prediction is used. This
leads to error accumulation and thus a trajectory drift if the main temperature dynamics
are not captured by the thermal model.

To quantitatively describe the difference between the observed temperature trajectory

Tu?})ﬁ over the different prediction horizons and the predicted temperature trajectory

TP we use the MAE. The MAE is defined as

in,k 7
1SN b d
re
AT = 3 Irils - T

where we sum the step-wise absolute differences and divide by the number of steps N to
obtain the average absolute error.

We report the MAE as the primary evaluation metric because it measures the average
absolute forecast deviation directly and is less sensitive to large individual errors compared
to the RMSE. Thus, it is a suitable metric for assessing overall consistency across multi-
step forecasts.

Since we are not only interested in a single model performance resulting from a single
training data window, we compare the predictive performance across all prediction
horizons over all twelve models. This yields a distribution of MAEs which can be used
to estimate the expected MAE and the standard error of this estimation. The expected
MAE is estimated using the sample mean and is calculated as

where MAE; is the MAE of the i-th model, and N,, is the number of trained models.
The standard error SE of the expected MAE estimate MAE is calculated as

VNn "\ Nm—1%&

where s denotes the sample standard deviation of the MAE values, computed with
Bessel’s correction. The standard error SE is then obtained by dividing the sample
standard deviation s by the square root of the number of models Ny,.
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5.4.2 Sensitivity to Training Data

To analyze the sensitivity of the training procedure across different training data, we
compare the predictive accuracy of the resulting models. In particular we are training
twelve thermal models on twelve different datasets sampled across the year. This process
is described in detail in Section 5.3.1. The resulting models are evaluated with respect to
their predictive accuracy on a full year dataset. Each model, trained on one of the twelve
datasets, is assigned a predictive accuracy, as described in Section 5.4.1. These predictive
accuracies form a distribution, whose mean, median, interquartile range (IQR), quartiles,
and outliers are analyzed using boxplots.

Overall the gathered accuracies form a distribution which can be statistically examined
to see which approach is less sensitive for estimating thermal models over a full year of
building temperature data. With consistent predictive performance across datasets, the
approach is considered insensitive to the training data, whereas a higher variability of
the predictive performance indicates a higher sensitivity to training data.

Specifically, to quantify sensitivity to the selected training data, this work measures
the variability of the obtained predictive accuracies using their standard deviation s.

N, m

1 .
T ; (MAE; - MAE)2

S =
A lower value of s indicates that the resulting model performance varies less across
training windows and is therefore interpreted as less sensitive.

5.4.3 Data Efficiency

To quantitatively describe data efficiency, we use the predictive accuracy of both ap-
proaches on different training dataset sizes. As described in Section 5.3.2, the twelve
different training datasets are used to train twelve thermal models. To analyze the data
efficiency the size of the training data is changed. Specifically we start with twelve
training datasets of seven days each and decrease the sequence length to just two days.
For each training dataset size this process yields a distribution of predictive accuracies.
This distribution is used to calculate the expected predictive accuracy and its uncertainty
quantified by the standard error. These measures are plotted against the training dataset
size. Additionally we plot the predictive accuracies of the resulting thermal models
against the prediction horizon. The calculation of the expected predictive accuracy and
the calculation of the standard error is described in Section 5.4.1.

Overall, we evaluate the data efficiency of an approach, by comparing how the predictive
accuracy degrades if the training data is reduced [48].
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6 Results

In the following we will present results relevant for answering the research questions. In
particular we will describe our empirical observations and show how the differentiable
state-space model (SSM) and the inverse PINN approach compare in predictive accuracy,
in sensitivity to the training data, and in data efficiency.

6.1 Predictive Accuracy of Identified Thermal Models

To evaluate predictive accuracy in data-limited settings, the training data is fixed to
seven day windows. These data are used to learn a thermal model of the building, which
is then evaluated on unseen test data. The detailed experimental design is described in
Section 5.3.2 and the evaluation metrics are defined in Section 5.4.1.

To compare both approaches, their predictive accuracies on the test data are summa-
rized in Table 6.1.

Table 6.1: Comparison of predictive accuracy for prediction horizons of one, three, and
seven days ahead. Reported values are mean MAE + standard error for all
evaluated models. Lower values indicate better predictive accuracy. Best
performance for each horizon is shown in bold.

MAE [°C]
Model 1 day 3 days 7 days
Inverse PINN 0.467 +£0.023 0.615+0.031 0.761 +0.056

Differentiable SSM  0.530 £0.044  0.840 £ 0.121 1.329 £ 0.291

Specifically, we report the estimate of the expected MAE with its standard error for
both approaches and prediction horizons of one, three, and seven days. Comparing the
estimates of the expected MAE, the inverse PINN approach achieves lower MAEs across
all prediction horizons. Additionally the standard errors, which quantify the uncertainty
in our estimate of the expected MAE, are smaller. The absolute improvements of the
obtained MAE by the inverse PINN approach were 0.063, 0.225, and 0.568 for the different
prediction horizons. This corresponding to relative improvements of 11.9%, 26.8%, and
42.7%, respectively.

While this demonstrates consistently higher predictive accuracy for the inverse PINN,
it also indicates that the predictive performance increase grows with the prediction
horizon. Figure 6.1 visualizes the expected MAE as a function of the prediction horizon.
Figure 6.1 shows that the inverse PINN not only achieves lower expected MAE, but also
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Figure 6.1: Predictive accuracy for closed-loop predictions on increasing prediction hori-
zons. Points show the estimate of the expected MAE, and error bars indicate
the standard error of this estimate.

exhibits a slower increase in error with respect to the prediction horizon.
Overall, these results show that the inverse PINN approach is more accurate and
provides more reliable predictions in data-limited settings.

6.2 Stability of Parameter ldentification

To analyze the stability of parameter identification, that is, the sensitivity of the identified
models to the choice of training data, the distribution of MAEs on the test data is
examined across models trained on different datasets. The detailed experimental design
is described in Section 5.3.4, and the evaluation metrics are defined in Section 5.4.3.
Figure 6.2 shows the distribution of MAEs of the twelve thermal models identified
from different seven-day windows across the year and evaluated on unseen test data.
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Figure 6.2: Distribution of MAEs obtained from thermal models identified on different
training datasets and evaluated on test data for one-, three-, and seven-
day-ahead prediction horizons. Boxplots show the variability of predictive
performance for both approaches, with black dots indicating individual mod-
els.

The plots in Figure 6.2 indicate that the inverse PINN yields a lower central tendency
of the MAE distribution than the differentiable state-space model. This is derived by the
smaller IQR and the lower standard deviation, yielded by the models identified using the
inverse PINN.

In contrast, the differentiable state-space model shows a larger IQR and standard
deviation. As suggested in Section 5.4.2, this indicates a stronger dependence of the
predictive accuracy on the training data.

To connect the stability of the predictive accuracy to the distribution of the identified
parameters, we additionally report a comparison of the distribution of the identified
thermal parameters.
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Figure 6.3: Boxplots visualizing the distribution of the obtained RC parameter estimates.
The different estimates are generated by identification on twelve different
seven day windows across a full year dataset.

Figure 6.3 shows the identified thermal parameters of the twelve different models, and
compares them between both approaches. While the inverse PINN estimates of Ciy, «,
and R;, have lower IQRs, indicating lower uncertainty, the differentiable state-space
model has lower IQRs on Cy, and Rjy,.
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Referring to our measure of sensitivity to the training data in Section 5.4.2; these
results show that the inverse PINN is less sensitive to the training data, compared to the
differentiable state-space model.

6.3 Data Efficiency of Identification Approaches

Data efficiency is evaluated by analyzing how predictive performance degrades as the
amount of available training data decreases. The detailed experimental design is described
in Section 5.3.4, and the evaluation metrics are defined in Section 5.4.3.

Figure 6.4 visualizes the expected MAE as a function of the training data size for both

approaches. The standard error is used to quantify the uncertainty in the estimated
mean MAE.
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Figure 6.4: Mean MAE as a function of training data size for one-, three-, and seven-day-
ahead predictions. Points show the mean MAE over all evaluated models,
and error bars indicate the standard errors of the estimates.

The plots in Figure 6.4 show that the inverse PINN approach degrades slower in
predictive accuracy as the training data size decreases. As the prediction horizon gets
larger, the difference between the inverse PINN and the differentiable state-space approach
gets larger.

To further analyze how the predictive accuracy behaves given less training data, we
additionally compare the predictive accuracy against the prediction horizon for different
training dataset sizes in Figure 6.5.
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Figure 6.5: Mean MAE as a function of prediction horizon for two, four, and seven days
of training data.

The plots in Figure 6.5 show that the inverse PINN approach yields lower mean MAFEs
consistently across all prediction horizons and training dataset sizes. While the difference
of mean MAEs is largest with seven days of training data, it is smallest with four days
of training data. Across these plots the difference between the mean MAEs of the two
approaches consistently increases as the prediction horizon grows.

Overall, these results show that the inverse PINN achieves lower expected MAE
estimates across all training dataset sizes. Nevertheless, the inverse PINN’s expected
MAE estimate lies within the standard error of the differentiable state-space estimate.
This indicates, that the difference is not significant.
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7 Discussion

This chapter discusses the results and highlights the main differences between the standard
parameter identification approach and the proposed inverse PINN approach. This work
investigated the robustness of the identification of thermal models from building data, and
compared the identification procedure of an inverse PINN and a differentiable state-space
model with respect to their predictive accuracy, their sensitivity to the training data,
and their data efficiency.

The results show three main findings. First, thermal models identified using the
inverse PINN approach have an increased mean predictive accuracy over all prediction
horizons. Their relative improvements range from 11% on day-ahead predictions, to 42%
on 7 day-ahead predictions. Second, the standard deviation, measuring the sensitivity
of the identification procedure, is consistently smaller for thermal models identified
by the inverse PINN approach than that of the differentiable state-space model. The
relative decrease of the standard deviation ranges from 47% on day-ahead predictions
to 81% on seven day-ahead predictions. Third, the predictive accuracy of the thermal
models identified by the inverse PINN approach degrades comparably to the predictive
accuracy of the thermal models identified by the differentiable state space model. This
indicates that the inverse PINN’s data efficiency is similar compared to the gradient-based
parameter identification approach.

In the following we will discuss how the results contribute to answering the research
questions.

7.1 Predictive Accuracy of Identified Thermal Models

RQ1: How does the predictive accuracy of the PINN-based approach compare to that of
a classical differentiable physics model in data-limited settings?

As the results from Section 6.1 indicate, the inverse PINN is able to identify more
accurate thermal models from observational building data across all prediction horizons,
with the biggest improvements observed on long-term prediction horizons. This indicates
that the inverse PINN is more robust in data-limited settings. The following analysis
explains the mechanisms underlying this improvement.

Comparison of Training Dynamics

The training dynamics of the inverse PINN and the differentiable state-space model differ
mainly in their predictions and training objective.
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With the inverse PINN, the temperature is approximated continuously by a forward pass
through a neural network, whereas the differentiable state-space model uses a discretized
formulation for numerical integration. Considering that the underlying thermal model
does not account for disturbances such as occupant behavior or window openings, the
observed temperature dynamics are not fully represented. Consequently, the model must
identify a trajectory that approximates the data and lies within the set of physically
admissible solutions. Figure 7.1a illustrates the temperature dynamics approximated
by the inverse PINN, whereas Figure 7.1b presents the solution obtained from the
differentiable state-space model.
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Figure 7.1: Comparison of the found approximation from which the parameter estimates
are derived.

The training objectives differ in the way the physics are incorporated. The differentiable
state-space model structurally enforces the physics. This reduces the training objective
of the differentiable state-space model to finding a set of thermal parameters that yields
temperature trajectories consistent with the true temperature dynamics.

While the differentiable state-space model is constrained to produce trajectories that
lie within the admissible solutions, with the inverse PINN we assign weights to the losses,
informing the training about the importance of each loss term. In Figure 7.2a we can
see the evolution of the different loss terms of the inverse PINN approach against the
training steps. Figure 7.2b shows the losses scaled by their weights during training. The
initial spike in the physics loss, seen in Figure 7.2b, highlights the training dynamics
of the inverse PINN. First, it learns a purely data-driven representation before physics
constraints are applied.

This effectively decouples the temperature predictions from parameter estimation. As
a result the predictions are not tightly coupled to the parameter estimates. Rather,
these estimates guide the predictions to find admissible solutions. This makes the inverse
PINN robust to the initialization of the parameter estimates. Consequently, the inverse
PINN converges without requiring accurate initialization, whereas the differentiable
state-space model fails under such conditions, as shown in Figure 7.3. This suggests
that differentiable state-space models are sensitive to their initializations, converging to
suboptimal solutions. This is consistent with the review of Serasinghe et al. [17], stating
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Figure 7.2: Individual loss terms of the inverse PINN against gradient steps.

that most parameter identification methods require good initial estimates to converge to
meaningful solutions. These findings indicate that the differentiable state-space model
gets stuck with parameter configurations that do not generalize, whereas the inverse
PINN is able to find plausible parameter estimates without relying on good initializations,
making it more robust in practice.

(a) Inverse PINN. (b) Differentiable SSM.

Figure 7.3: Parameter evolution against training steps.

Overall these findings suggest that the inverse PINN improves predictive accuracy
through two key mechanisms. First, the smooth data-driven approximation removes
numerical errors accumulating through discretization and numerical integration. Second,
the staged introduction of the different loss terms, stabilizes the training of the PINN
and improves the ability to find parameter estimates that generalize to unseen operating
conditions.

7.2 Stability of Parameter ldentification

RQ2: How does the variability in predictive accuracy of the identified thermal models on
different training data compare between the PINN-based approach and a classical
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differentiable physics model?

As the results from Section 6.2 indicate, the standard deviation of the resulting MAE
distribution produced by the inverse PINN is consistently smaller than the standard
deviation of the MAE distribution obtained by the differentiable state-space model. This
was shown by analyzing the MAE distribution obtained from thermal models identified on
the different training datasets sampled from one year of measurements. Thus, the results
provide evidence that the inverse PINN is less sensitive to variations in the training data
compared to the differentiable state-space model.

Sensitivity of Identification Procedure

To analyze the sensitivity of the compared identification procedures, we evaluate the ther-
mal models identified on different training datasets. These datasets vary in measurement
characteristics such as temperature dynamics, weather influences, as well as heating and
cooling effects. Figure 7.4 illustrates the training data sampling procedure.
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Figure 7.4: Selected windows (grey area) for model training across the full year dataset.

Different datasets yield varying indoor temperature excitations, altering the conditions
for parameter identification. To evaluate the resulting difference in the predictive accuracy
of the identified thermal models, we visualize the predictive accuracy against each thermal
model obtained from a different training window, shown in Figure 7.5. As we can see,
while some thermal models identified by the differentiable state-space model achieve a high
predictive accuracy over the full year test data, others yield substantially lower predictive
accuracy, indicating a strong dependence on the training data. This aligns with the review
of Yu et al. [52], arguing that parameter estimates obtained by deterministic identification
approaches, like the differentiable state-space model, are significantly influenced by the
training data.
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Figure 7.5: Model performance on test data against the month of the training window.

These findings suggest that the inverse PINN can be less sensitive to to the different
parameter identification conditions inherent in the available building data. One possible
explanation is the discussed decoupling of the data fitting and parameter estimation. The
differentiable state-space approach couples the parameter updates tightly to the numerical
integration of the system dynamics. This induces an optimization procedure, which
allows only parameter updates that improve the data fit of the numerically integrated
temperature trajectory. This constrains the optimization to follow physically admissible
trajectories at every step. Inverse PINNs decouple the approximation of the temperature
trajectory from the parameter estimation. This yields a less constrained optimization
procedure, possibly reducing the sensitivity of the parameter estimation with respect to
the training data.

Overall, the results indicate that the inverse PINN identification procedure varies
less with the training data and thus yields more stable thermal models across one year
of measurements. This robustness is particularly important in real-world applications,
where training data is often obtained from environments with limited variability in indoor
temperature.

7.3 Data Efficiency of Identification Approaches

RQ3: How do PINN-based and differentiable physics approaches compare in terms of
data efficiency?

The results from Section 6.3 show that the inverse PINN degrades similarly in perfor-
mance compared to the differentiable state-space model. This is noteworthy, as classical
parameter identification approaches are typically considered data-efficient, while neural
network-based methods are often associated with higher data requirements [13].
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Degradation of Predictive Accuracy

To better understand their identification performance on limited data, we use a particularly
small training window where both approaches struggle to identify a reliable thermal model.
On this data, the inverse PINN approach identified a thermal model having a MAE of
1.54 on the full year test data. The differentiable state-space model identified a thermal
model having a MAE of 4.22. To get a sense of why their performance diverges, we
evaluate their temperature predictions on the training data used for parameter estimation,
see Figure 7.6.
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Figure 7.6: Predictions on training data.

The visualized predictions in Figure 7.6 show that the temperature trajectory learned
by the inverse PINN is smoother compared to the differentiable state-space model, which
potentially improves parameter estimates.

This is consistent with the findings in the previous section, where we derived the
improved performance from the decoupling of the temperature approximation and the
parameter estimation.

7.4 Contributions

This thesis makes two main contributions. First, it proposes a PINN-based framework
for solving the inverse problem of parameter identification for building thermal models.
Second, it provides a systematic comparison between the inverse PINN and a gradient-
based parameter identification approach, implemented by a differentiable state-space
model, with respect to predictive accuracy, sensitivity of the predictive accuracy to
training data, and data efficiency.

The findings suggest that inverse PINNs are a promising alternative to classical
parameter identification methods for identifying parameters of building thermal models.
In particular, the improved predictive accuracy and reduced sensitivity to training data
and parameter initialization indicate that the inverse PINN may provide a more robust
approach in practical applications. This is particularly relevant in building thermal
modeling, where weak excitation conditions often make the parameter identification
procedure itself the limiting factor [12, 17].
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7.5 Limitations of the Work

It is important to note that this work is subject to several limitations.

The evaluation of both approaches is done on simulated building data. While we tried
to keep it as close to real-world operations, real-world building data is more diverse and
is influenced by more complex unobserved disturbances. Thus, the findings may not fully
generalize to real-world scenarios.

The analysis of the identification procedure was done on a single building configuration.
While this brings improvements to the interpretability of the differences within the
parameter identification, the differences could be subject to the specific building data
and operation.

The simulated building uses a single-zone heating system, allowing the entire structure’s
temperature to be approximated with one indoor temperature node. More complex system
configurations, however, require modeling multiple indoor temperature zones.

The differentiable state-space model serves as a baseline approach for gradient-based
parameter identification. In contrast to classical prediction error methods, the model
is rolled out over the full temperature trajectory before computing gradients. This
formulation enables a direct comparison with the inverse PINN approach, which is
likewise trained on trajectory-level consistency. At the same time, more advanced
parameter identification methods have been proposed in the building modeling literature
and may lead to different comparative results.

Given the loss function of the inverse PINN, the thermal capacity could grow infinitely,
minimizing the physics loss. Consequently, we decided to constrain the thermal mass
capacity parameter Cy,. To minimize interference with the sensitive training procedure of
PINNs, the thermal mass capacity was upper-bounded by 1 x 10'°. With the differentiable
state-space model the thermal mass capacity parameter stayed unbounded, because its loss
function does not directly reward an infinitely growing thermal mass capacity parameter.

Despite these limitations, inverse PINNs were successfully applied in several other
fields and represent a promising direction for parameter identification of thermal building
models [27].

7.6 Future Research Directions

As discussed, evaluating the inverse PINN on simulated building data and benchmarking
it against a classical gradient-based parameter identification approach may not provide a
complete picture of its practical improvements for identifying thermal building models.
The current implementation of the inverse PINN should be regarded as a baseline, showing
the potential of inverse PINNs in the context of building thermal modeling. Hence, there
are several improvements to the inverse PINN that could further increase its parameter
identification performance.

In its current configuration, the inverse PINN cannot identify thermal models for multi-
zone buildings. To extend it to multiple thermal zones, one approach is to couple several
inverse PINNs, each representing a single zone, and link them by explicitly modeling the
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interactions between adjacent zones.

Another improvement could be to learn a building specific window area distribution.
As discussed in Section 5.1.2, we decompose the solar irradiance into its directional
components incident on the north, east, south, and west facades. Subsequently, these
directional irradiance terms are currently aggregated under the assumption that window
areas are evenly distributed across all orientations. To improve, one possibility would be
to make these aggregation weights trainable, effectively learning the distribution of the
window area across the facades.

Finally, an important improvement would be to incorporate disturbances into the
thermal model. This would allow the inverse PINN to represent the full observations,
rather than having to balance data fit against physically plausible trajectories. Currently,
our implementation of the inverse PINN approach only models the observed inputs,
leaving a gap between the model and the observations. With PINNs, it is possible
to extend the approach by learning a representation of unobserved inputs, such as
occupant behavior. Consequently, the inverse PINN would jointly learn the temperature
trajectory, infer latent inputs, and estimate the thermal parameters. This separation of
the observations into observed and latent components could further improve the stability
of the parameter estimates.

These future research directions will help to more extensively evaluate the full potential
of inverse PINN in the field building modeling.
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8 Conclusion

This thesis is motivated by the redistribution of thermal load by using the thermal mass
of buildings as energy storage to support the integration of renewable energy sources
into the electricity grid. Effective thermal load redistribution requires prediction models
that can accurately and physically consistently forecast indoor temperature dynamics
under varying operating conditions, particularly over extended horizons. This ensures
that pre-heating or pre-cooling strategies, used to absorb excess electricity, have plausible
effects on indoor temperature [5, 13].

In this context, this thesis proposes the use of an inverse PINN for identifying param-
eters of a thermal model, which can be used to effectively redistribute electricity. Its
identification performance is compared to a standard differentiable state-space model with
respect to the resulting thermal model’s predictive accuracy, the identification procedure’s
sensitivity to the training data, and the identification procedure’s data efficiency.

The results show that using the inverse PINN for parameter identification yields
thermal models having a lower prediction error when trained over the course of one year
of observations. The most significant improvements were observed in seven-day-ahead
predictions, indicating the physical consistency of the found thermal model. Additionally,
the inverse PINN’s identification shows a decreased dependence on the training data,
stabilizing the variability in predictive accuracy. With respect to data efficiency, both
approaches yield comparable performance.

These findings suggest that the inverse PINN provides a valuable alternative to classical
parameter identification methods. In particular, its training procedure decouples trajec-
tory approximation from parameter estimation, which may reduce sensitivity to training
data and parameter initialization. This shifts the identification process from strictly
following numerically integrated trajectories to learning data-driven representations that
are guided by prior physical knowledge.

However, these results were obtained on a single simulated building, which limits the
findings to this specific setting. Future research should evaluate the inverse PINN’s
potential on real building data and compare it to advanced parameter identification
procedures. Hence, it remains to be seen whether the observed potential generalizes to
real-world scenarios.

Overall, this thesis demonstrates that inverse PINNs propose an interesting alternative
to current parameter identification methods, improving robustness of the identification
procedure.
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