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Abstract

Buildings play a pivotal role in the ongoing worldwide energy transition, accounting for 30%
of the global energy consumption. With traditional engineering solutions reaching their limits
to tackle such large-scale problems, data-driven methods and Machine Learning (ML) tools
are gaining momentum. In particular, Neural Networks (NNs) are becoming prominent, both
for modeling tasks or as control policies in Deep Reinforcement Learning (DRL) agents.
Despite their remarkable achievements, NNs however suffer from poor generalization to
unseen data and may fail to adhere to the fundamental laws of physics. Consequently, the
first part of this thesis focuses on merging physical insights into NNs, proposing the novel
Physically Consistent Neural Network (PCNN) architecture. In PCNNs, a physics-inspired
module leveraging established domain expertise runs in parallel to a black-box NN to ensure
the model is aligned with the principles of physics. Applying PCNNs to multi-zone building
thermal modeling, we prove that they are consistent with the laws of thermodynamics by
design, as required, while simultaneously achieving state-of-the-art modeling performance
among data-driven methods on a case study.

The second part of this thesis starts by discussing the characteristics of an ideal building
controller, identifying model-free DRL control policies as strong candidates. We then illustrate
how DRL agents can not only significantly surpass baseline controllers but also achieve near-
optimal performance. Finally, we propose to enforce expert-designed rules on DRL agents
to avoid suboptimal decisions and accelerate learning. Collectively, these investigations on
single-zone temperature case studies point toward the potential of DRL agents being deployed
from scratch in buildings and autonomously acquiring near-optimal behaviors within complex
environments in a reasonable amount of time, bypassing the need for engineering-heavy
control solutions.

Despite their versatile capabilities, however, the black-box nature of NNs may not be ideal
in practice. To tackle this issue, the last part of this thesis focuses on using automatic back-
propagation for System Identification (SI), extending beyond building-specific contexts. We
introduce SIMBa, a general-purpose SI toolbox leveraging ML tools to identify structured
linear state-space models from data. SIMBa facilitates the seamless incorporation of prior
domain expertise while simultaneously ensuring model stability and achieving impressive per-
formance across various SI tasks from both simulated and real-world data. Finally, we present
one extension of SIMBa to identify irreversible port-Hamiltonian dynamics, creating nonlinear
models that inherently adhere to the laws of thermodynamics and paving the way for the
identification of general structured nonlinear systems through the power of backpropagation.

iii



Abstract

Altogether, this thesis investigates diverse strategies to merge prior knowledge and ML tech-
niques, encompassing both the adaptation of NNs to align with underlying physics and the
utilization of automatic backpropagation to extract structured models from data. Overall, our
results hint at the effectiveness of merging both worlds, leveraging the large-scale capabilities
of ML tools to solve complex problems while anchoring their solutions in the foundational
expertise of domain-specific knowledge.

Keywords: Machine Learning, Deep Reinforcement Learning, System Identification, Prior
knowledge integration, Building thermal modeling, Building control.
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Résumé

Les batiments jouent un role essentiel dans la transition énergétique puisqu’ils représentent
30% de la consommation énergétique mondiale. Les solutions d’ingénierie traditionnelles at-
teignant leurs limites pour résoudre de tels problémes de grande échelle, les méthodes basées
sur les données et I’Apprentissage Machine (AM) progressent. Les Réseaux de Neurones (RNs),
notamment, suscitent un intérét grandissant, que ce soit pour des taches de modélisation ou
en tant que controleurs entrainés par Apprentissage par Renforcement (AR).

Malgré leurs avantages, les RNs ne sont cependant pas capable de réagir a de nouvelles
données en général et peuvent ne pas respecter les lois de la physique. Par conséquent,
la premiere partie de cette theése introduit les RNs Physiquement Cohérents (RNPCs). Ils
contiennent deux modules en parallele, le premier s’assurant le respect des lois physiques et le
second comprenant un RN pour s’ajuster aux données mesurées. En appliquant les RNPCs a
une étude de cas de modélisation thermique de batiment, nous prouvons qu’ils sont cohérents
avec les lois de la thermodynamique, comme requis, tout en atteignant la meilleure précision
parmi les méthodes testées.

La deuxieme partie de ce travail commence par aborder les caractéristiques d'un contréleur
de batiment idéal, identifiant '’ AR comme un candidat intéressant. Nous illustrons ensuite
comment ’AR peut non seulement surpasser significativement les contrdleurs de référence,
mais aussi atteindre des performances quasi-optimales. Enfin, nous proposons d’imposer des
regles congues par des experts lors de 'apprentissage pour éviter les décisions sous-optimales
et accélérer la convergence. Dans I'ensemble, les cas d’étude simplifiés analysés indiquent le
potentiel de I’AR pour apprendre a des RNs a acquérir autonomement des comportements
quasi-optimaux dans des environnements complexes et en un laps de temps raisonnable.
Malgré leurs capacités polyvalentes, cependant, la nature boite noire des RNs peut ne pas étre
idéale en pratique. Pour résoudre ce probléme, la derniére partie de cette thése se concentre sur
I'utilisation d’outils développés pour les RNs appliqués a I'identification de modéles physiques
traditionels, pour les batiments mais pas seulement. Nous présentons SIMBa, qui identifie
des modeles linéaires structurés a partir de données grace a ces outils. Enfin, nous proposons
une extension de SIMBa pour identifier des modeles port-Hamiltonien irréversibles, modeles
non linéaires qui respectent intrinsequement les lois de la thermodynamique. Collectivement,
ces investigations ouvrent la voie a I'identification de systemes non linéaires structurés grace
aux outils développer pour les RNs.

Dans I'ensemble, cette thése explore diverses stratégies pour fusionner les connaissances
préalables et les techniques d’AM. Elle englobe a la fois I'adaptation des RNs pour les aligner



Résumé

sur la physique sous-jacente et I'utilisation d’outils développés pour les RNs pour identifier
des modeles traditionels a partir de données. Collectivement, nos résultats suggerent 1'ef-
ficacité du mélange des deux mondes, exploitant les capacités a grande échelle des outils
d’AM pour résoudre des problemes complexes tout s’assurant que les solutions respectent les
connaissances des experts du domaine.

Mots-clés : Apprentissage machine, Apprentissage par renforcement, Identification de systémes,

Intégration de connaissances expertes, Modélisation thermique de bdtiments, Controle de bati-
ments.
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|§ Introduction

In the global shift towards sustainable energy to combat climate change, the emergence of new
technologies will play a pivotal role. As energy systems become increasingly interconnected
and, as a result, more intricate, expert- and engineering-based methods to optimize their
operations indeed reach their limits. Conversely, purely data-driven solutions, particularly
those relying on Neural Networks (NNs), have gained popularity in recent years but still lack
performance and safety guarantees for real-world applications. Hybrid methods fusing prior
knowledge and emerging technologies are thus bound to become leaders of the transition.
These approaches have the potential to address complex problems while retaining the valuable
insights acquired from decades of understanding and describing physical systems.

1.1 Decreasing the energy intensity of the building sector

As of 2022, building operations accounted for 30% of the global final energy demand and 26%
of the global energy-related carbon emissions! worldwide [1]. Notably, almost half of that
energy was solely dedicated to space and water heating [2], with an additional approximately
10% contributed by space cooling.? Collectively, almost 60% of the total energy usage in
buildings — equivalent to 18% of the global final energy consumption — can hence be traced
back to space and water heating as well as space cooling operations, making them primary
targets for energy consumption reduction investigations.

Large-scale electrification of energy systems — coupled with a phase-out of fossil-based elec-
tricity generation technologies — has been identified as one of the most promising pathways
for their decarbonization [4]. Alternatively, instead of modifying the energy supply mix, one
can directly intervene at the building level to decrease the associated energy demand. This typ-

I This can be broken down into 8% directly stemming from buildings and the other 18% being indirect emissions
linked to the production of electricity and heat used in buildings.

2Approximated from the fact that cooling energy demand has been steadily growing since 2018 when it was
responsible for roughly 7% of the total building energy budget, i.e. one-fifth of the electricity consumption in
buildings [3], which itself represents 35% of the total building energy consumption [1].



Chapter 1. Introduction

ically involves the construction of more efficient buildings and appliances [5], the retrofit of old
edifices [6], or the introduction of advanced control methods in existing infrastructures [7].3
This thesis focuses on the last option, aiming to provide insights into data-driven methods to
decrease the energy intensity of existing buildings through smart control algorithms.

1.1.1 The need for advanced building control algorithms

While prior research has demonstrated the potential for substantial energy savings by adjusting
building temperature setpoints [8], such considerations always have to be weighed against the
comfort of the occupants. Indeed, it is imperative to maintain indoor temperatures within an
acceptable range, as extremes can lead to discomfort [9], and energy minimization should not
come at the expense of occupant well-being [10]. Remarkably, each person might perceive
thermal comfort differently, resulting in personalized preferences [11]. To make matters worse,
both objectives are usually conflicting, with higher levels of thermal comfort often coming at
the price of additional energy consumption — and the relationship between the amount of
energy used and the subsequent comfort of the occupants is complex, giving rise to highly
nontrivial trade-offs.

Beyond the preferences and thermal comfort requirements of the occupants rendering the
building energy optimization problem challenging in general, their behavior also directly influ-
ences the amount of energy needed to maintain satisfactory indoor conditions. In commercial
buildings, different occupancy patterns can lead to energy consumption variations from 30%
to 150%, for example [12]. On top of that, buildings can be significantly impacted by external
weather conditions, especially if not well insulated. Adding to the complexity, each building is
unique and hence requires a tailored controller — unlike industrial processes, for example,
where the same solution can be applied repeatedly once it has been optimized.

Altogether, this calls for control solutions able to minimize building energy consumption
without compromising occupant comfort, regardless of the circumstances or the specific
characteristics of the building, a very challenging control problem in general [13].

1.1.2 Therise of data-driven methods

Despite the known advantages of advanced control methods, the building automation indus-
try still mainly relies on Rule-Based Controllers (RBCs) [7, 14]. However, RBCs are reactive
controllers, i.e., they cannot anticipate environmental changes, and hence generally perform
suboptimally [15]. Furthermore, manually tuning them to achieve good performance — or
retuning them when the operating conditions change — is highly time-consuming [16].

3Note that advanced control methods will also be required to maximize the utility of private Photovoltaic (PV)
electricity production and subsequently decrease the electricity demand of buildings.



1.1 Decreasing the energy intensity of the building sector

A model-based paradigm

These shortcomings of RBCs can be addressed with proactive control methods, often lever-
aging Model Predictive Control (MPC), which can simultaneously achieve impressive energy
savings and thermal comfort improvement over standard baselines [17, 18]. MPC relies on a
model of the building under control and disturbance predictions to anticipate environmental
changes and find optimal control inputs [7]. More recently, high-fidelity models have also
been used as simulators to train (Deep) Reinforcement Learning ((D)RL) agents — which learn
via trial and error [19] — before deploying them in physical buildings [14]. Overall, accurate
building thermal models are thus nowadays of paramount importance in building control
applications.

Constructing a model from first principles and calibrating its parameters to achieve good
performance is, however, a time-consuming and engineering-heavy endeavor [20, 21]. To
alleviate this workload, data-driven modeling methods gained considerable momentum in
the past years, taking advantage of the increasing amount of data collected in buildings [22].
Traditionally, one uses data to identify the parameters of simplified physics-based models,
leading to the gray-box modeling paradigm. Nevertheless, this parameter identification
process is generally nontrivial [23] and yields a trade-off between model complexity and
accuracy [24].

Alternatively, statistical patterns can directly be derived from data using Machine Learning
(ML) tools, adopting a black-box modeling approach and bypassing the need for engineering
altogether [25]. Following their successes in a wide variety of tasks [26], NNs have recently
been applied to thermal building modeling as well [25]. Although they achieve impressive per-
formance, however, vanilla NNs are completely physics-agnostic, which can lead to spurious
behaviors in practice [27]. Further work is hence required to design black-box models con-
sistent with known system properties, typically stemming from the underlying physical laws,
before such data-driven paradigms achieve widespread adoption in practical applications.

A model-free vision

Despite the accomplishments of model-based building control methods and the latest ad-
vances in data-driven modeling,* we argue in Chapter 3 that model-free DRL algorithms
provide a valid alternative with interesting potential for widespread adoption. They could
indeed bypass the need for accurate models altogether, avoiding the associated pitfalls and
paving the way for building-agnostic yet well-performing control solutions. Furthermore,
they are ideal candidates for controllers being deployed from scratch in buildings, potentially
removing the need for engineering throughout the entire process.

However, because of the slow thermal dynamics of buildings® and the high sample com-

4This includes our investigations in Chapters 2 and 4.
5A new control input is usually applied every 10-15 min due to the high time constant of thermal dynamics [28].
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Figure 1.1: Schematic representation of this thesis, which lies at the intersection of tradi-
tional methods and Neural Networks, leveraging data to integrate both approaches. We
first propose to introduce prior physical and system knowledge into NN-based models
and controllers in Chapters 2 and 3, respectively, before bringing the automatic differenti-
ation paradigm for structured system identification in Chapter 4.

plexity of DRL algorithms [29], it often takes months for a vanilla model-free DRL policy to
converge [20, 30]. Furthermore, DRL agents rely on exploration to find optimal actions and
might hence incur unacceptable discomfort for the occupants or high energy bills during the
learning phase [31]. Additional work is thus needed to create DRL agents rapidly converging
toward effective solutions and satisfying the comfort needs of the occupants at all times to
promote widespread acceptance.

1.2 Marrying Neural Networks and traditional methods

As depicted in Figure 1.1, vanilla NNs habitually rely on Automatic Differentiation (AD) and
the backpropagation algorithm to optimize some performance criterion on the measured
data without requiring any prior knowledge about the system to model or control. On the
other hand, traditional methods generally build upon expert knowledge of the system and/or
the underlying physical laws to design structured models or controllers, which are then often
calibrated using data.

To tackle the aforementioned building modeling and control challenges, this thesis provides
insights into hybrid data-driven methods fusing NNs, physical knowledge, and system proper-
ties for modeling or controller design. It thus lies at the intersection of these paradigms and is
separated into three main Chapters as sketched in Figure 1.1.

Specifically, to exemplify the power of approaches combining the strengths of both NNs and

4
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traditional methods, we first investigate how to alleviate the system- and physics-agnosticism
of NN models through prior knowledge integration in Chapter 2. Similarly, we then analyze
how to incorporate expert intuition into model-free DRL control policies in Chapter 3. Col-
lectively, these examinations allow us to enforce desired properties on NNs, moving away
from vanilla architectures. Conversely, Chapter 4 looks at traditional System Identification (SI)
techniques and investigates how to leverage AD to solve challenging SI tasks. These analyses
showcase the benefits of leveraging ML tools to address complex problems that typically
exceed the capabilities of traditional approaches.

Chapter 2: Physically Consistent Neural Networks for thermal building modeling

Despite their remarkable performance, NNs also come with significant challenges: they are
infamous for their brittleness and can fail spectacularly on previously unseen data [27]. This is
critical for control-oriented models: if the NN model fails to capture the underlying physical
laws, the associated controller might subsequently make spurious decisions [32]. Indeed,
when a building model does not capture a physically meaningful relationship between cooling
power inputs and temperatures, for example, this can mislead a controller to turn on the air
conditioning when it is snowing outside because it thinks — according to the model — that
this will increase the indoor temperature, similarly to what was observed in [30, 33].

The field of Physics-inspired ML (PiML) has recently emerged to tackle these challenges and
bridge the gap between physics-grounded yet limited methods and highly expressive but
physics-agnostic ML models [34, 35]. The majority of these recent advancements hinge on
Physics-inspired NNs (PiNNs), which typically integrate a physical loss term in addition to
the conventional data-driven counterpart. This steers NNs towards solutions that not only fit
the data well but also align with the underlying physical laws [36]. However, these rules are
not enforced but rather encouraged through the additional loss term and PiNNs may still fall
short of consistently adhering to them even after extensive training.

To guarantee adherence to the required laws at all times, researchers have hence investigated
various ways to directly encode physics in NNs by design, giving rise to Lagrangian NNs [37] or
Hamiltonian NNs [38], among others. However, such a tailored architecture has never been
applied to building thermal modeling, where compliance with the laws of thermodynamics
is required to ensure energy transfers and heat gains are captured accurately.

Main contributions

In response to the identified need for thermodynamically consistent NNs, Chapter 2 presents
one potential solution, dubbed Physically Consistent Neural Networks (PCNNs), specifically
applied to building thermal modeling. The key idea is to let a physics-inspired module run in
parallel to an NN, the former guaranteeing compliance with the laws of physics and the latter
capturing highly nonlinear behaviors. This chapter is heavily inspired by the following papers:
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[39] Loris Di Natale, Bratislav Svetozarevic, Philipp Heer, and Colin Jones. Physically con-
sistent neural networks for building thermal modeling: theory and analysis. Applied
Energy, 325:119806, 2022.

[40] Loris Di Natale, Bratislav Svetozarevic, Philipp Heer, and Colin Jones. Towards scalable
physically consistent neural networks: An application to data-driven multi-zone thermal
building models. Applied Energy, 340:121071, 2023.

In the examined case studies, PCNNs achieve performance on par with vanilla NNs despite
their constrained architecture to follow the laws of thermodynamics. On the other hand,
they surpassed other physically consistent data-driven methods by 20-30%. Although these
investigations were limited to a single building, they hint that PCNNs can indeed achieve state-
of-the-art modeling performance among data-driven methods while respecting the underlying
physical laws by design, thereby alleviating the engineering burden of traditional physics-
based approaches. Notably, the modularity of PCNNs could allow them to be applied beyond
building thermal modeling, paving the way towards generic hybrid methods merging NNs
and prior expert knowledge for physical system modeling.

Chapter 3: Prospects and hurdles of Deep Reinforcement Learning for building
control

After discussing the use of NNs for thermal modeling in-depth in Chapter 2, we turn to NN
controllers trained via DRL in Chapter 3. We first identify seven key characteristics of an ideal
building controller, namely optimality, robustness to disturbances, constraint satisfaction,
adaptability, scalability, transferability, and convergence speed. After thoroughly comparing
with other control methods, we argue that model-free DRL agents are well-positioned for
widespread adoption according to these requirements. Indeed, they can circumvent the
challenges associated with the intricate design of accurate models, leading to good adaptability,
scalability, and transferability properties [41, 42].

On the other hand, while DRL agents have been compared to MPC controllers in [13, 43, 44],
for example, their optimality gap —how close to the optimal performance they are — is seldom
discussed. Furthermore, as highlighted in Section 1.1.2, vanilla DRL policies suffer from slow
convergence speed and might behave inadequately during the exploration phase, i.e., violate
the comfort of the occupants. These concerns naturally hinder real-world experiments and
call for data-efficient constrained DRL solutions [14].

Main contributions

Following the need for advanced building control methods to decrease the energy intensity of
the sector discussed in Section 1.1, Chapter 3 proposes characteristics of an ideal building
controller and a contrastive analysis of some of the existing methods in light of these require-
ments. Having recognized model-free DRL agents as promising candidates, we then offer
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insights to address some of the critical unresolved questions about these controllers, drawing
inspiration from the works in:

[45] Loris Di Natale, Bratislav Svetozarevic, Philipp Heer, and Colin Jones. Near-optimal
deep reinforcement learning policies from data for zone temperature control. In 2022
IEEE 17th International Conference on Control & Automation (ICCA). IEEE, 2022.

[46] Loris Di Natale, Bratislav Svetozarevic, Philipp Heer, and Colin Jones. Computationally
Efficient Reinforcement Learning: Targeted Exploration leveraging Simple Rules. In
2023 62nd IEEE Conference on Decision and Control (CDC), pages 2334-2339. IEEE, 2023.

Specifically, we show that model-free DRL agents exhibit the potential to achieve near-optimal
performance in various settings. Furthermore, they can be constrained to avoid critical failures
and converge within a reasonable timeframe. Although these results have yet to be confirmed
in different case studies, they hint at the potential of system-agnostic DRL control policies
to ensure the comfort of the occupants while learning to minimize energy consumption
from scratch and without engineering overhead, a first step towards generic and widely
applicable building controllers.

Chapter 4: Leveraging automatic differentiation for system identification

Instead of introducing prior knowledge in NN, either for modeling or control purposes, Chap-
ter 4 turns the problem around and investigates how to leverage ML tools to help traditional SI
approaches [47]. Therein, we are particularly interested in methods allowing the integration
of desired system properties in the identified model, a nontrivial task with traditional tools.
Throughout this chapter, we argue that casting the SI problem in an ML framework can help
mitigate some of the associated issues.

For example, in the common case of discrete-time Linear Time-Invariant (LTI) state-space
SI, we frequently require the identified model to be stable [48]. Notably, stability can be
enforced by modifying the state-space matrices a posteriori [49], but this correction might
incur significant performance loss [50]. Alternatively, one can leverage free parametrizations
of stable matrices, such as in [51], to ensure stability by design. These methods, however, can
only identify generic matrices; there is no mechanism to integrate prior knowledge about
the system beyond stability. This may become crucial in practical applications where the
state-space matrices are known to have specific sparsity patterns, for example [52]. Conversely,
prior knowledge of the system matrices can be enforced through the COSMOS framework [53],
for example, but at the expense of stability guarantees.

To make matters worse, extending beyond linear state-space SI to enforce more generic system
properties — typically stemming from physical laws — generally adds further complexity to
the problem. Indeed, while fitting linear models to minimize the one-step-ahead prediction
error simplifies to a Least Squares (LS) optimization problem [54], identifying other types
of dynamical models or minimizing the multi-step-ahead prediction error often becomes
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more intricate [55]. Overall, identifying generic systems by minimizing the multi-step-ahead
prediction error while incorporating desired structural properties like stability, sparsity, or
adherence to physical principles remains challenging.

Main contributions

Motivated by these shortcomings of existing methods, Chapter 4 introduces the open-source
system-agnostic SIMBa (System Identification Methods leveraging Backpropagation) tool-
box. It leverages automatic differentiation to simultaneously optimize the multi-step-ahead
prediction error, ensure the stability of the identified model, and allow for prior knowledge
integration for linear state-space SI. Subsequently, we present an extension of SIMBa to
identify nonlinear systems while maintaining thermodynamic consistency using Irreversible
port-Hamiltonian (IPH) modeling. This chapter is heavily influenced by the following papers:

[56] Loris Di Natale," Muhammad Zakwan, Bratislav Svetozarevic, Philipp Heer, Giancarlo
Ferrari Trecate, and Colin Jones. Stable linear subspace identification: A Machine
Learning approach. Submitted to ECC 2024, arXiv:2311.03197, 2023.

[57] Loris Di Natale,T Muhammad Zakwan,’ Philipp Heer, Giancarlo Ferrari Trecate, and
Colin Jones. SIMBa: System Identification Methods leveraging Backpropagation. Sub-
mitted to IEEE Transactions on Control Systems Technology. arXiv:2311.13889, 2023.

(58] Muhammad Zakwan,' Loris Di Natale," Bratislav Svetozarevic, Philipp Heer, Colin
Jones, and Giancarlo Ferrari Trecate. Physically consistent neural ODEs for learning
multi-physics systems. IFAC-PapersOnlLine 56(2), 5855-5860, 2023.

T Authors contributed equally.

Across thorough numerical experiments, our findings indicate that SIMBa outperforms tra-
ditional stable state-space SI methods by more than 25% in the majority of instances. In
specific applications, the performance gains can exceed 90%. Similar conclusions are drawn
for the nonlinear extension leveraging IPH dynamics, which significantly outperforms classical
methods. Collectively, these investigations highlight the potential of ML tools to help scale
traditional SI methods to more complex problems. This introduces a novel paradigm for the
identification of structured models from data.

Credit assignment

Chapter 4 stems from a highly fruitful collaboration with Muhammad Zakwan, with the first
two authors of the ensuing papers [56-58] equally sharing the workload. While all the results
are reported here for completeness, any merit or credit is thus shared between the two authors.
In general, Muhammad Zakwan spearheaded the theoretical contributions while the author
of this thesis led the software development and numerical investigations. Note that since the
text in this chapter is largely inspired by co-authored papers [56-58], portions of it will likely
appear in Muhammad Zakwan’s thesis in a similar fashion.
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1.3 Putting everything together

While Chapters 2 and 3 are devoted to building energy consumption reduction applications,
we stress here that the methods presented therein may be applied to different fields. They
exemplify possibilities to leverage prior and system knowledge to enforce desired properties
on NNs, enhancing their reliability and enabling potential widespread real-world applications
of this emerging technology. In contrast, Chapter 4 underscores the often untapped potential
of ML tools, especially the automatic differentiation framework, to help traditional SI methods
tackle previously hard-to-grasp problems. We postulate that analogous techniques to those
employed in SIMBa could be utilized to support the integration of ML tools into the design of
traditional control methods, addressing the missing link in Figure 1.1.

Remarkably, since NNs also rely on backpropagation during training, they could be seamlessly
incorporated into SIMBa, typically to capture unmodeled effects in parallel with the known
parametrized dynamics. Interestingly, in that case, SIMBa would recover the PCNN architec-
ture discussed in Chapter 2, with a physics-inspired module and an NN running in parallel.
In other words, enforcing desired system properties on standard NNs or, conversely, starting
from a traditional physics-grounded model and introducing an NN in parallel to capture
complex dynamics both give rise to similar final model architectures.

Although we do not discuss it in detail throughout this work, similar remarks can be made for
controllers. For example, we focus on ensuring that NN-based control policies follow some
ground rules at all times through computationally inexpensive modifications in Chapter 3,
which is conceptually related to the modified PCNN architecture in the modeling case. Con-
versely, one could start from a known controller — to ensure minimal performance guarantees
— and subsequently enhance its performance by adding an NN in parallel, in a similar vein to
what is proposed in Chapter 4 for models.

Overall, this thesis provides two alternative perspectives on hybrid methods, either starting
from the point of view of ML or control engineers and complementing it with the other
perspective, and highlights their similarity. Altogether, our investigations show the efficacy
of integrating traditional and emerging methods to achieve and exceed state-of-the-art
performance while ensuring desired properties are respected.






¥4 Physically Consistent Neural Networks
for thermal building modeling

Given the importance of accurate thermal building models discussed in Section 1.1.2, this
chapter is devoted to the development of a novel Physically Consistent Neural Network (PCNN)
architecture. PCNNs merge traditional physics-based insights and Neural Networks to si-
multaneously retain physical consistency and achieve state-of-the-art performance among
data-driven methods while naturally scaling to large-scale multi-zone buildings.

2.1 The need for physically consistent Neural Networks

Fueled by the ever-growing available computing capacity and amount of data being collected
in various applications, Machine Learning recently entered the Deep Learning (DL) era [26].
Indeed, NNs with hundreds of thousands of parameters are nowadays routinely trained [59].
While their complex architectures allow them to achieve state-of-the-art performance on very
different tasks [60-64], deep NNs also come with significant practical challenges, typically
stemming from their data inefficiency and lack of generalization to unseen data [27, 65, 66].
NNs indeed often require millions of samples to be trained accurately, leading to heavy
computational burdens. Furthermore, they might subsequently fail to provide meaningful
solutions on new data they were not trained on, i.e., fail to generalize. Throughout this
chapter, we aim to analyze this generalization issue, proposing the novel PCNN architecture
as one potential solution.

2.1.1 The generalization issue of Neural Networks

First observed in 2013, this intriguing NN behavior is best visualized on image recognition and
classification tasks, where adding small perturbations — indistinguishable to the human eye —
on the input image can change the decision of a state-of-the-art NN from a “dog” to a “camel”,
for example [66]. Similarly, NNs can attain superhuman performance on image recognition
tasks and yet fail when the background changes [67, 68]. This led to the development of
adversarial DL, where people look for different ways to fool NNs, exemplifying the brittleness
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of their predictions [69, 70].

More subtle and maybe more worryingly, NNs can learn shortcuts [27], which means they
might fit the training data well without fundamentally understanding the problem, hence
failing to generalize. For example, they can generate captions without ever looking at the
corresponding images [71]. In a similar vein, an NN could detect pneumonia from X-ray scans
with good accuracy only by looking at hospital-specific tokens and correlating it with each
hospital’s pneumonia prevalence, never examining the lungs [72]. While these are only a few
examples — more details can be found in [27] —, they clearly indicate how NNs can find
ways to perform extremely well without fundamentally solving the task at hand. These flawed
models are however unable to generalize and cannot be deployed in real-world applications
since we have no means to know how they will react to new conditions.

To circumvent this generalization issue, researchers often rely on better data sets that cover
the entire spectrum of inputs and allow NNs to react to any situation. This however requires
vast computational resources and is only possible in fields where a significant amount of
data is available, such as for tasks related to natural language processing [60] or images [73].
Additionally, to ensure some level of generalization, practitioners typically separate the data
into training and validation sets, the former being used to train the network and the latter to
assess its performance on unseen data to avoid overfitting the training data [74]. However,
classical NNs cannot be robust to input modifications that do not exist in the entire data set.

Implications for thermal building models

Although PCNNs might be applied to model various physical systems, we are mainly interested
in models able to predict the evolution of the temperature inside a building over time through-
out this chapter. As discussed above, even though NNs achieve state-of-the-art performance
on such time series modeling tasks [75], we cannot trust classical NNs to perform well in
all situations and grasp the underlying physical laws. They might indeed violate the laws of
thermodynamics despite achieving high accuracy during training, something problematic for
control-oriented applications, where the controller subsequently needs to capture the impact
of heating and cooling correctly, as mentioned in Section 1.2.

To make matters worse, even if several years of building operation data are available, one
will always face an input coverage problem. Indeed, buildings are usually inhabited and
operated in a typical fashion to maintain a comfortable temperature for the occupants —
heating when it gets cold in winter and cooling when it gets hot in summer. Most data sets are
hence inherently incomplete and we cannot hope to learn robust NNs that grasp the effect of
heating in summer, for example [20, 30, 33].

This is illustrated in Figure 2.1, where one can compare the temperature predictions of a
classical linear physics-based Resistance-Capacitance (RC) model, a classical Long Short-
Term Memory network (LSTM), and a PCNN under different heating and cooling power inputs
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in one thermal zone. Interestingly, the plotted LSTM achieved a superior accuracy than both
other models on the training data — overfitting it, as detailed in Section 2.5.1 and Table 2.2 —
but clearly failed to capture the impact of heating and cooling. This hints that only measuring
the accuracy of predictions of NNs might sometimes hide spectacularly flawed behaviors
they picked up, similarly to what was observed in [27].

2.1.2 Introducing physics-based prior knowledge

In general, classical NNs suffer from underspecification, as reported in a large-scale study
from Google [76], which might explain their brittleness. As a promising countermeasure,
researchers started to include prior knowledge — also known as inductive biases — into NNs
to facilitate their training and improve their performance. This led to the success of the
CNN, RNN, and graph NN families, among others, which are specially designed to capture
spatial invariance [77], temporal dependencies [78] and structural relations [79] in the data,
respectively. When interested in modeling a physical system, such as the thermal dynamics of
a building, we often know the underlying physical laws and can hence similarly look to impose
constraints on NNs to help them learn meaningful solutions.

In recent years, pioneered by the physics-guided NNs of Karpatne et al. [80, 81] and the more
general physics-informed DL framework originally proposed by Raissi et al. [82-84], Physics-
informed or Physics-inspired NN (PiNN) designs flourished [85-87]. While many works modify
the loss function of NNs to steer the learning towards physically meaningful solutions [36, 88],
these schemes cannot provide any guarantee about the final model respecting the desired
constraints. Furthermore, measurement errors or unmeasured heat losses, for example, can
corrupt data samples, which might consequently not follow the expected physical laws exactly,
making it hard for NNs to simultaneously drive the data- and physics-based losses to zero [89].

To avoid these issues, more systematic approaches directly alter the networks’ architecture
to ensure the underlying physical laws are followed by design, typically capturing Lagrangian
or Hamiltonian dynamics [37, 38, 65]. Additionally, since the desired properties are hard-
coded in such models, the loss function does not need to be altered, which avoids common
pitfalls of classical PiNNs, such as the difficult trade-off between the accuracy and the physical
consistency of the model, which can also increase the amount of data needed [90, 91].

Despite this progress, NNs tailored to capture the laws of thermodynamics — a requirement
of building thermal models — were never developed. To this end, we propose the novel PCNN
architecture in this chapter, which includes existing knowledge of the system at its core. The
main idea is to introduce a physics-inspired module capturing known physical dynamics in
parallel to the main NN, injecting an inductive bias in PCNNs such that they do not need to
learn everything from data, but only what we cannot easily characterize a priori.

Methodologically, PCNNs are close to the physics-interpretable shallow NNs, where the inputs
are also processed by two parallel modules, one to retain physical exactness when possible
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Figure 2.1: Temperature predictions of a linear physically consistent model and the
proposed PCNN compared to a classical LSTM under different control inputs. The gray-
shaded areas represent the span of the linear model predictions to provide a visual
comparison with both black-box methods. While the LSTM presents a lower training
error than the PCNN (see Section 2.5.1), indicating a good fit to the data, it does not
capture the impact of the different heating/cooling powers applied to the system, e.g.,
predicting higher temperatures when cooling is on than when heating is. The specific
structure of PCNNs introduced in Section 2.3, on the other hand, allows them to retain
physical consistency, similarly to classical physics-based models, while improving the
prediction accuracy (see Section 2.5.1).
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Figure 2.2: Structural differences between the different existing methods, starting from
first principles on the left and using more and more data towards black-box approaches.

and one to capture nonlinearities through a shallow NN [92]. Also related in spirit to the PCNN
architecture, Hu et al. introduced a specific learning pipeline, where the output of the forward
NN is fed back through a physics-inspired NN structure to reconstruct the input and hence
ensure the forward process retains physical consistency [93].

2.2 Towards prior knowledge-infused Neural Network building ther-
mal models

Existing building thermal models can be broadly classified into three categories: physics-
based, black-box, and hybrid methods, as pictured in Figure 2.2. Given the focus of this section
on PiNNs and to emphasize differences with classical gray-box models, we furthermore split
hybrid methods into two different parts in this literature overview. Due to the numerous works
on building modeling, we only provide a short summary of the strengths and weaknesses of
the various techniques herein, and more details can be found in dedicated reviews, such as
in [22, 25, 94-100].

2.2.1 From first principles to data-driven models

Since the evolution of the temperature in a thermal zone is governed by the laws of thermo-
dynamics, the most natural way to model it is to write down the corresponding Ordinary
Differential Equations (ODEs) and then use custom solvers or discretization schemes to prop-
agate them through time, such as in [101, 102]. These physics-based methods, also known as
first principles or white-box models, dominated the field early on when the lack of available
data hindered the development of data-driven models [94].

Since they are grounded in first principles, natural advantages of these approaches include
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Figure 2.3: General pipeline of data-driven building thermal modeling frameworks, where
data is collected from the real building, potentially stored in a database, and then used to
train or calibrate a data-driven model. The picture on the right is a schematic representa-
tion of the proposed PCNN architecture detailed in Section 2.3

their interpretability and generalization [94, 97]. On the other hand, due to the complexity of
detailed thermal models, assumptions and simplifications have to be made, such as in the
choice of the ODEs, which can limit their accuracy [103]. Moreover, the more precision desired,
the more knowledge and time are required to design the model and find the corresponding
parameters — the coefficients of the ODEs —, typically concerning the building envelope and
the HVAC system [104, 105].

To alleviate this engineering burden, allow more complex structures to be modeled, and
accelerate the entire pipeline, custom modeling tools such as EnergyPlus, Modelica, TRNSYS,
or IDA ICE are often used in practice [106-108]. Such detailed simulation tools however still
require expert knowledge and access to many design parameters that are often not directly
available [109], which makes them infamously hard to calibrate [21, 110, 111]. Moreover, while
no training is required, solving the complex underlying ODEs to simulate each time step can
entail a significant computational burden at run-time [112].

In recent years, owing to the growing amount of data collected in buildings, researchers started
to employ data-driven approaches instead, bypassing the cumbersome procedures and expert
knowledge required to set up classical physics-based models [100]. This gave rise to so-called
gray- or black-box frameworks, both of which use historical data collected in buildings for
calibration or training purposes, as sketched in Figure 2.3.

2.2.2 Black-box models

As opposed to white-box methods, black-box models do not rely on first principles but solely
derive patterns from historical data. The most widely used approaches for building thermal
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modeling rely on multiple linear or support vector regressions, NNs, and ensembles, apart
from the classical AutoRegressive Integrated Moving Average (ARIMA) models [100].

Black-box models are generally easier to deploy — since no expert knowledge is required at
the design stage —, more flexible, and thus often more scalable than physics-based ones [25,
99, 113]. Furthermore, since they do not have to follow a predefined underlying architecture,
black-box methods are generally more expressive, capable of capturing unknown nonlinear
dynamics, and hence usually perform better [97]. Finally, they are generally easier to transfer
from one building to another as similar model architectures can be used despite their different
dynamics. Since all the parameters are learned from data, these approaches can indeed fit
a large number of buildings simultaneously, such as in [114], where 1’000 households were
automatically modeled with the same architecture.

On the other hand, black-box models often lack generalization guarantees outside of the data
they are trained on [94, 99]. Furthermore, they need historical data as input, sometimes in
large amounts, to achieve satisfactory accuracy [99]. The data additionally has to be exciting
enough, i.e., to cover the different operating conditions of the building, something not trivial,
as discussed in Section 2.1.1. While data imbalance issues can, for example, be tackled through
the creation of sub-models [115], this does not scale well with the number of operating points.
Moreover, black-box models are sensitive to the features — or the feature extraction method —
used as inputs [103].

Remarkably, all these issues are amplified when NNs are involved. Nonetheless, very recently,
as a consequence of the growing amount of available data and surfing on the boom of DL
applications, many studies leveraged their expressiveness for building thermal modeling, e.g.,
in [15, 20, 100, 116, 117]. Due to the nonconvexity of classical NNs, which makes them hard to
use in optimization procedures, researchers also used specific control-oriented models, such
as Input Convex NNs (ICNNs) [118].

2.2.3 Hybrid methods

Hybrid methods combine physics-based knowledge with historical data, striking a trade-
off between both worlds. Note that some researchers use the term “hybrid methods” for
approaches first building an accurate physics-based model and then generating data with
it to train a black-box surrogate to accelerate the inference procedure at run-time, such as
in [112, 119], which is out of the scope of this overview and hence not covered here.

Classical gray-box models

When a control-oriented thermal building model is designed, typically for MPC, data is in
most cases used to identify the parameters of a simplified physics-based model [95], usually
alow-order RC model, such as in [23, 109, 120-124]. Such gray-box approaches require less
expert knowledge than pure physics-based models since simplified equations are used. On
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the other hand, the chosen ODEs incorporate physical knowledge in the models, so that less
information has to be learned from data compared to pure black-box models, in turn implying
that less historical data is usually required to fit their parameters [95]. Overall, gray-box models
are particularly popular due to their ease of implementation, interpretability, close ties to the

underlying physics, and because they can be designed to be linear.!

Despite these advantages, the parameter identification procedure of RC models is generally
nontrivial and sensitive to the data quality [23, 126]. Additionally, some nonlinearities might
not be well-captured [113], partially explaining why low-order models often perform better
than complex ones [24, 127, 128]. Higher-order models furthermore entail more complexity,
which can hinder their generalization to unseen data and hence also advocates in favor of
low-complexity frameworks [24]. In sum, gray-box approaches allow for a trade-off between
the accuracy and the complexity of building models [24]. As a partial solution to this dilemma,
a framework to test the flexibility, scalability, and interoperability of gray-box approaches and
select the right model architecture was proposed in [23].

Due to the effectiveness of low-complexity architectures, we rely on linear first-order RC
modeling techniques inspired by Biinning et al. [129] and simplified versions of Maasoumy
et al. [120, 121, 130] to construct the physics-inspired module of PCNNs in this chapter, as
detailed in Appendix A.1 and Section 2.3. This low-complexity physics-inspired module
is particularly effective in the case of PCNNs since the black-box module simultaneously
captures unmodeled complex nonlinearities in parallel.

Residual models

Alternatively or additionally, one can leverage historical data to compute the error of a model
— often a simplified first principles one — and then fit these residuals with another method to
improve performance, such as in [131, 132]. Notably, such approaches are classically separated
into two distinct steps, first designing or learning the physics-based model and then fitting its
residual error, typically with an NN. We will refer to this type of model as residual models in
the remainder of this chapter. They are to be contrasted with the proposed PCNNs, which are
conceptually close but where both modules are trained simultaneously.

2.2.4 Physics-inspired Neural Network building models

When applying NNs to physical systems, one should always keep their well-known general-
ization issue discussed in Section 2.1.1 in mind to ensure the underlying physical laws are
respected. Despite the recent popularity of the field, to the best of the authors’ knowledge,
PiNNs were only applied to thermal building modeling in [89, 133-139].

Gokhale et al. and Chen et al. relied on the classical PINN framework, augmenting the loss

IThis characteristic is particularly desirable in MPC applications since an appropriate choice of objective
function then renders the optimization problem to solve at each time step convex and thus tractable [125].
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function of their NNs and creating latent states to include some physical intuition in otherwise
standard networks [133, 134]. Similarly, Liang et al. trained seven different NNs to predict
different quantities of interest and augmented the loss function of each network to steer their
outputs towards physically meaningful relations [89]. In another line of work, Nagarathinam
et al. designed a specific PINN architecture for building control [135]. Wang et al. introduced a
block lower-triangular NN formulation that retains causality and is well-suited to multi-steps
ahead predictions in MPC [136]. However, none of these works can provide guarantees about
the physical consistency of their solutions in general.

On the other hand, Drgona et al. used NNs to replace the matrices in linear models of build-
ing dynamics, which allowed them to enforce the stability and dissipativity of the learned
system by constraining the eigenvalues of one of the NNs using the Perron-Frobenius theo-
rem [137]. The state-space matrices were similarly replaced by NNs in [138], with additional
nonlinearities and tailored RNN architectures, to predict indoor air quality.

Finally, building on the PCNNs originally proposed in [39], Xiao et al. recently extended
them to simultaneously predict the temperature and humidity in a multi-zone building [139].
They additionally modified the physics-inspired module to incorporate nonlinearities without
jeopardizing compliance with the underlying physical laws.

2.3 Physically Consistent Neural Networks

With all the considerations about the brittleness of NNs and the ensuing need for them to
respect the underlying physical laws outlined in Section 2.1 in mind, this section details the
proposed Physically Consistent Neural Network (PCNN) architecture. Focusing on a building
thermal modeling case study, we show how PCNNs guarantee the required compliance with
the laws of thermodynamics while leveraging the expressiveness of NNs to achieve state-of-
the-art performance among data-driven methods.

A note on the topology of buildings

Throughout this chapter, two thermal zones are said to be adjacent if they share at least one
common wall in a building 3, and the collection of zones adjacent to a given zone z form its
neighborhood N (z). We consider a zone to be included in its own neighborhood, i.e., z € N (2).
Similarly, a zone is connected with the outside if it comprises at least one external wall.

To generalize the notion of neighborhood, we define the n-hop neighborhood N'"(z) as the set
of zones that can be reached in 7 steps from zone z, moving to an adjacent zone at each step.
Note that, by definition, we have N'!(z) = N (2), and y e N""(2) <= ze N (y).

Throughout this chapter, we assume the building to be connected, i.e., there is no zone (or
group of zones) isolated from the rest. This assumption is trivial in practice since one can
easily train several separate models if this condition is not met.
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Chapter 2. Physically Consistent Neural Networks for thermal building modeling

2.3.1 Physically consistent building thermal dynamics

While PCNNs can be applied to model a wide spectrum of physical systems, we focus herein
on describing building thermal dynamics. We deem the temperature model of a building B
with m thermal zones to be physically consistent if the following conditions are met for each

zone z € 3:

aTiZ 0 Vo<j<i (2.1)
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where T7 is the temperature in zone z, v* the heating or cooling power input applied therein,
T°¥! the outside temperature, and the subscripts indicate the time step.

In words, (2.1) implies that applying more heating power v]Z. at a given time step j in any
zone z leads to higher temperatures T7 for all subsequent time steps i > j. That is to say,
heating a zone has the expected and intuitive impact of increasing its future temperature,
following the laws of thermodynamics. Note that cooling powers are defined to be negative by
convention in this chapter, ensuring lower zone temperatures when more cooling is applied,
as expected. Similarly, (2.2) encodes the fact that higher ambient temperatures induce higher
temperatures inside, and (2.3) guarantees that higher temperatures in zone y € N"*(z) lead to
higher temperatures in zone z after n steps.

Remark 1 (Extensions of physical consistency). Note that the definition of physical consistency
proposed in (2.1)—(2.3) can easily be extended for applications where additional criteria need
to be met by the learned model, for example, to enforce physically consistent temperature
predictions with respect to solar gains.

Remark 2 (Generalization of the approach). Equations (2.1)-(2.3) can be seamlessly adapted to
other fields beyond building modeling where simple physical rules can be encoded in a similar
fashion. One can then construct a PCNN architecture following the principles presented in
the rest of this section to ensure the learned model respects the desired criteria. With such
an architecture, the NN running on top of the simplified physics will capture unmodeled
phenomena, increasing the representation power of the model.

2.3.2 Single-zone Physically Consistent Neural Network building models

Conceptually, the key idea of the proposed PCNN architecture is to let a black-box and a
physics-inspired module running in parallel to compute the next output at each step, as
depicted on the right of Figure 2.3. The black-box module captures potentially complex
nonlinearities while the physics-inspired one ensures that predefined rules are respected,
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which are typically representing physical laws and encoded by conditions similar to the ones
in (2.1)-(2.3). One possible PCNN architecture modeling the evolution of the temperature
in a single thermal zone z while respecting (2.1)-(2.3) is detailed in Figure 2.4. It can be
mathematically described as

Di,, = D%+ fA(x) 2.4)
E ., = Ef + aj max{g*(u3), 0} + a; min {g*(uy), 0}
-bA(TE-T" - ), UIF-T) (2.5)
YeN (2)
TI?+1 = Di+1 +El§+1 (2.6)
DE = T*(0)
EZ=0,

where D € R represents the evolution of the black-box module, E € R is the energy accumulator,
i.e., the physics-inspired module, and T'(0) is the initial temperature measurement.

The linear physics-inspired module. First, E is influenced by the power input to the zone
v:= g(u) € R at each step, which depends on the control input u, such as the opening pattern
of radiator valves, transformed into thermal power by a function g. These inputs are scaled by
a constant ay, > 0 in the heating and a, > 0 in the cooling case to represent their effect on the
air mass in the room. Since cooling power inputs are defined to be negative, cooling the zone
lowers the energy accumulated in E, as expected. Second, from the laws of thermodynamics,
we know that the modeled zone loses energy through heat transfers to the environment and
neighboring zones. We hence subtract these effects, which are proportional to the corre-
sponding temperature gradients with the outside temperature T°%! and the temperature in
neighboring zones T7, scaled by parameters b and c,, respectively.

The design of (2.5) is heavily inspired by the classical linear RC building model derived in
Appendix A.1.1. The main difference between the generic RC model (A.1) and (2.5) is that
PCNNs treat nonlinear solar and additional unknown heat gains using NNs or other nonlinear
functions in D instead of relying on engineering-based solutions.

Note that the physics-inspired parameters ay, a., b, and {cy}yenr(z) are learned from data
simultaneously to the parameters of the black-box module, which is one of the main reasons
behind the effectiveness of PCNNSs, as discussed in Section 2.5.2.

Remark 3 (Losses to the environment). For clarity of notation, we assume throughout this
chapter that every zone has an external wall. In practice, this assumption is trivially lifted by
forcing b* = 0 on all the zones located in the interior of the building.

Remark 4 (Design of g). In some buildings, we can directly measure the heating or cooling power
input to the zone, i.e., g(u) = u. When this is not possible, e.g., when u controls the opening of
the valves in radiators, we need to process the controllable inputs into power inputs through
some function g. This function might be engineered, for example, as g(u) = u * vivx (T — T)
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Figure 2.4: The proposed PCNN architecture to model a single zone z, comprised of an
orange black-box and a green physics-inspired module, both evolving recursively through
the prediction horizon. The dependence on z is dropped and only one neighboring zone
z' € N'(z), denoted neigh, is considered for clarity of presentation. The control inputs
u, transformed into power inputs by the function g, and the losses to the environment
b(T - T°*') and neighboring zone c(T — T"¢¢") all influence an energy accumulator E,
which accumulates or dissipates energy at each time step depending on the received heat
gains or losses. Here, the red/blue branching signals a different treatment of the power
inputs in the heating and cooling case, respectively, since they are scaled by different
constants ay and a.. The accumulated energy is then added to the unforced dynamics
D, modeled by a residual NN that takes all the features apart from u, T°%, and Tneigh _
gathered in x — as input, to get the final zone temperature prediction T.
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for a radiator with mass flow m, water temperature T, and u recording the position of the

valves in [0, 1]. Alternatively, it can be learned from data, e.g., using NNs. However, this learned

unction should be strictly monotonically increasing, i.e., Jg () > 0, with g(0) = 0: no ener
y 4 8 ou g 144

is consumed when there is no control input, g(u) <0 when cooling is on, and g(u) > 0 when
heating is applied. Importantly, since everything is trained together in an end-to-end fashion in
PCNNs, g can seamlessly be learned in parallel to the other parameters.

The black-box module. Running in parallel with the physics-inspired module, the black-
box module processes all inputs not treated in E, such as solar gains and time information,
gathered in x € R”, through a potentially highly nonlinear function f. That is to say, it captures
the unforced temperature dynamics when no heating or cooling is applied and heat losses
are neglected. The independence of f on u, T°%, and T will allow us to prove the physical
consistency of PCNNs with respect to these inputs in Section 2.3.4.

In practice, the black-box module can typically be designed with residual NNs, choosing f
in (2.4) to be any recurrent NN architecture to grasp time dependencies in the data. While
f is composed of an encoder-LSTM-decoder structure in our case (see Section 2.4.3), any
NN architecture — and even differentiable functions that do not contain NNs — can be
used without affecting the physical consistency of the predictions. Nonetheless, due to the
sequential nature of temperature dynamics and the expressiveness of NNs, we suspect them
to be a good choice in general.

Remark 5 (Coupling between D and E). Note that since Ty = Dy + Ey, the nonlinear black-box
module D influences the evolution of the energy accumulator E in Equation (2.5), which is
one of the main differences with classical residual techniques, where the physics-based and
black-box modules are usually completely separated. This furthermore requires learning the
parameters ay, ac, b, and {cy}yen(z) simultaneously to f.

2.3.3 Extensions to the multi-zone setting

While the PCNN architecture described in Section 2.3.2 works well for single-zone modeling,
we also propose three possible extensions to simultaneously capture the evolution of the
temperature in several interconnected zones exchanging energy, i.e., in a whole building. The
only additional information required is the topology of the modeled building — which zones
are adjacent and which have an external wall —, and multi-zone PCNNs then learn its thermal
behavior from data without additional engineering overhead.

Remark 6 (Unknown topology). Ifthe topology is unknown, one can assume each pair of zones
to be adjacent and every zone to have an external wall and then learn to put non-existing
connection parameters to zero from data.
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Figure 2.5: X-PCNN: the temperature of each of the m zones is predicted separately.

X-PCNNs: learning several single-zone PCNNs

The most natural and straightforward multi-zone extension is to separately learn one single-
zone PCNN for each of the zones to model, as depicted in Figure 2.5. Since this method
involves duplicating the original structure for each zone and fitting them independently
before combining them, we will refer to the final model as the X-PCNN architecture.

For this model to be physically consistent, however, one needs to ensure that cj = c) for each
pair of adjacent zones y and z in (2.5). This ensures that the amount of energy flowing from z
to y always equals the amount of energy received by y from z, and vice versa. Since each zone
is modeled and trained separately in this case, such a condition cannot be imposed during
the learning phase, and we thus rely on a heuristic to correct the parameters and enforce this
desired property a posteriori. Once the models have been trained, for every pair of adjacent
zones z and y, we compute the average value identified by both PCNNs and define

c
V=cri=X 2 2.7)

We then replace CJZ, with ¢# in (2.5) for all y € A/(z) and for all z € .

M-PCNNSs: sharing the physics-inspired module

To avoid the hand-crafted correction (2.7), which might significantly impact the parameters
learned by each PCNN, one can fuse all the physics-inspired modules together, again lever-
aging our prior knowledge of the underlying physical laws. This gives rise to the so-called
M-PCNN architecture, pictured in Figure 2.6, where distinct black-box modules are assigned
to each zone, but the physics-inspired module is shared. It thus outputs a vector E € R™
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Figure 2.6: M-PCNN: the physics-inspired module is shared but multiple black-box
modules are learned, one for each zone.

containing the energy accumulated in each zone at each step:

Ej1 = Ex + ap ©max{g(u), 0} + a. © min {g(u)y, 0}
—bo (T — TP") - ATy (2.8)
EO =0 »

where bold notations correspond to vectorized quantities in R, one dimension for each
zone — ay = [a}l, .y “Zl] T and similarly for a., b, and u —, © stands for the element-wise
product of two vectors, and g(u); = [g* (u,lc), e 8" ()] T, Since there is a unique ambient
temperature impacting all the zones, we furthermore define T°%* = [T°%, .., T°*|T ¢ R™,

Finally, ATj € R™ corresponds to energy transfer between each zone and its neighborhood:

AT = Y NTE-T)), VzeB, 2.9)
YeN (2)

where the superscript z denotes the z-th entry of a vector. By definition, we know ¢? = ¢% if
y and z are adjacent since both represent the same heat transfer coefficient, which is easily
enforced during training since all the zones are now modeled simultaneously.

Each dimension of T € R, i.e., the temperature in each zone z, is then computed as the sum
of the physics-inspired and black-box modules:

Ty =D + By .10)
D%, =Di+ f*(x?) (2.11)
Di=T*0).
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Figure 2.7: S-PCNN: both the black-box and physics-inspired modules are shared by all
the zones..

S-PCNNs: sharing both modules

To reduce computational complexity and introduce parameter sharing between the zones —
which are typically similar in the same building —, we propose a third architecture, dubbed
S-PCNN, where both the black-box and physics-inspired modules are shared. In other words,
the black-box module now has m outputs corresponding to the main dynamics of each of the
zones, as pictured in Figure 2.7. Using the vectorized notations as before, with D € R, we can
write the equations of this architecture as follows:

Diy1 = Di+ f(&) (2.12)
Ej.1 = Ex + aj, omax{g(u), 0} + a. © min {g(u), 0}
—bo (T — TP") - ATy (2.13)
Ti+1=Dgs1+ Egs1 (2.14)
Dy =T(0)
Ey=0,

where the physics-inspired module is the same as for the M-PCNN but we now only have
one shared nonlinear function f: RY — R™ transforming the inputs ¥ € RY. Throughout this
work, we only consider external inputs that are shared by all the zones — solar irradiation and
time information —, leading to d’' = d and X := x%, Vz € B.

Remark 7 (Zone-dependent inputs). If some measurements differ zone by zone, one can either
stack them in a vector % = [(xX1)7,...,x™) "1T and use (2.12) or for example design a shared

functionf ‘R4 - R and modify (2.12) to Di+1 = Di +f(xz), VzeB.
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2.3.4 PCNNs are consistent with the laws of thermodynamics

After applying the transformation (2.7) ensuring that heat transfer coefficients are physically
consistent, one can vectorize the X-PCNN physics-inspired module (2.5) to get

Ej 41 = Ei + aj, ©max{g(u), 0} + a. © min {g(u), 0}
—bo (Ti— TP") - ATy, (2.15)

using the definition of AT from (2.9). As can be seen directly, this expression is the same as the
ones describing M- and S-PCNN physics-inspired modules in (2.8) and (2.13). This means all
the proposed multi-zone PCNNs rely on the same physics-inspired module at inference time,
with however possibly different parameter values learned during training. This is intuitively
expected since they all model the same thermal effects and hence must follow the same
physical principles.

In a similar vein, we can rewrite the black-box modules of the X- and M-PCNN architectures
in vectorized form as

D1 =D+ f(%x), (2.16)
where f=[f1(xD),... ffx™]Tand = [(x1)T,..,(x™ 717 groups the different inputs.

Leveraging the reformulations in (2.15) and (2.16), we can hence mathematically represent
each of the three proposed architectures as

Tix+1 = Djs1 + Eg1
=Ty + f(xp) + ap, ©max{g(u), 0} + a. © min {g (1), 0}
—bo (T — TP - ATy (2.17)
Dy = T(0)
Ey=0,

where f(x;) stands for f(&;) or f (&) for S-PCNNs, respectively X- and M-PCNNs. The only
structural difference between the three proposed models — once the heat transfer coefficients
of the X-PCNN have been adjusted by (2.7) — hence comes from the form of f(x). Remarkably,
however, this does not impact their physical consistency, as demonstrated in the following
two propositions.

Proposition 1 (Physically consistent heat propagation). Independently of the structure of f
and x, any model of the form (2.17) satisfies:
0T?

L >0, Vz,yeB, V0<j<i, (2.18)
aij y J

27



Chapter 2. Physically Consistent Neural Networks for thermal building modeling

with equality if and only if y ¢ NV (z), as long the following conditions hold:

b*+ Y <1, VzeB, (2.19)
VeEN (2)
¢ >0, VzeB, VyeN(z). (2.20)
Proof. See Appendix A.2.1. O

In words, Proposition 1 shows that heat propagates from any zone y to all the other zones z as
physically expected, i.e., higher temperatures in zone y will lead to higher temperatures in all
the other zones z € N"'(y) after n steps.

This proposition can then be used to prove that heating or cooling any zone ultimately in-
creases, respectively decreases, the temperature in the whole building through heat transfers,
and that higher ambient temperatures also ultimately heat the entire building. These two facts
are formalized in the next proposition.

Proposition 2 (Physically consistent impact of power inputs and ambient temperatures).
Independently of the structure of f and x, any model of the form (2.17) satisfies
oT?

— =0, Vz,yeB,V0<j<i, (2.21)
Ouj

with equality if and only if y ¢ NV=1=V(z), and

oT?

1

9T out >0, VzeBB, V0 < j<i, (2.22)
J

as long as (2.19)-(2.20) hold and:

ay,az, b*>0, VzeDB, (2.23)
0
981 _y, (2.24)
ou
g(0)=0. (2.25)
Proof. See Appendix A.2.2. O

Corollary 1 (Physical consistency of multi-zone thermal PCNNSs). Independently of the struc-
ture of f and x, any model of the form (2.17) respects the criteria (2.1)-(2.3) if

b*+ Y <1, VzeB, (2.26)
yeN (2)
a;, as, b*,c? >0, VzeB, VyeN(z), 2.27)
og(u)
>0, g(0)=0. 2.28
o g(0) (2.28)
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Proof. Assuming that (2.26)—(2.28) hold, we can apply Propositions 1 and 2. Setting z =
y in (2.21) and recalling that any zone is in its own neighborhood — which implies strict
positiveness of (2.21) —, PCNNs satisfy (2.1). The satisfaction of (2.2) directly follows from the
second part of Proposition 2. Finally, according to Proposition 1, (2.18) is strictly positive if
and only if y € N0=1)(2), satisfying (2.3). O

Remark 8 (Inputs of f). While the structure of f does not impact the validity of Propositions
1 and 2, its inputs do. In particular, f has to be independent of {T,u, T°"'} for the first step
of the proofs of both propositions to hold in general. If f = f(x, E) for example, the satisfac-
tion of (2.19) would not be sufficient to guarantee the required nonnegativity of the partial
derivatives in (2.18).

Corollary 1 proves that each of the proposed multi-zone PCNN architectures remains physi-
cally consistent as long as all the parameters ay, a., b, and {¢??} ;¢3, yeN(z) are small positive
constants. Note that this makes intuitive sense: all these parameters correspond to inverses
of resistances and capacitances, hence small positive numbers, in real buildings since the
physics-inspired module is inspired by classical RC modeling techniques (see Appendix A.1.1).
Interestingly, (2.26)-(2.28) can easily be enforced during training without modifying the clas-
sical BackPropagation Through Time (BPTT) algorithm, hence allowing us to rely on well-
established ML tools to train our models, as detailed in Section 2.4.3.

Advantages of PCNNs

The strength of our approach lies in the fact that all the models will remain physically consis-
tent whatever the structure of f is, being shared or not,> composed of NNs or other nonlin-
earities. This gives the user complete freedom in the design of the black-box module without
jeopardizing the consistency of the model. Similarly, all the parameters of the physics-inspired
module might for example be time-varying or computed as nonlinear functions of external
inputs without impacting the physical consistency of the model as long as they stay small and
positive at all times.

As already mentioned in Remark 2, the very generic structure of PCNNs can also be applied
to model complex phenomena beyond thermal modeling, typically where only part of the
physics is well understood. Indeed, it is always possible to adapt the structure of the physics-
inspired module, which might also include nonlinearities, let the black-box module capture
completely unknown dynamics in parallel, and seamlessly learn everything simultaneously in
an end-to-end pipeline. This allows one to take advantage of the power of representation of
NNs while grounding their solution in existing domain expertise.

Remark 9 (A control perspective). The PCNNs proposed in (2.17) are power input-affine. This
makes such models interesting in control applications, typically for MPC schemes aimed at
decreasing the energy consumption of buildings.

2This is the main difference between the M-PCNN and S-PCNN architectures in our case, for example.
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2.3.5 Training from data

Applying (2.17) recursively over the prediction horizon, starting from the measured tempera-
ture T'(0), PCNNs can predict the evolution of the temperature in the building while satisfying
the criteria in (2.1)-(2.3). One important key to the effectiveness and generality of PCNNs
comes from the fact that all the parameters ay, a., b, {c??} zeB,yeN (z), and f are learned simul-
taneously from data using BPTT. This allows us to alleviate the engineering burden associated
with classical modeling techniques since PCNNs do not require any prior knowledge about
the building structure or parameters beyond topology information.

Throughout this chapter, we assume access to a training data set of time series measurements
D ={(x(0), u'® (0), T®(0), TS (0)),...., (x9 (Is), u® (I5), T (1), TOUH) (ls))}s ,» where [ is
the length and N the number of sequences in the training data, processed as detailed in
Section 2.4.1. We then optimize all the parameters of both the physics-inspired and black-box
modules together by minimizing the Mean Square Error (MSE) over the prediction horizon:

min L data
ap,ac,b,{cV?} e B,yeN () f

S.t. 2.17)
with

m 2
> (155 - 729 (ke + 1) ] (2.29)

1
mg

l—l
lsZ

L =
data | Z| SEZZ

where a batch Z of series is randomly sampled from the training data at each iteration and we
leverage PyTorch’s BPTT implementation [140].

2.4 Presentation of the case study

To assess the quality of the PCNN architectures detailed in Section 2.3, we carry out extensive
performance analyses on a case study, where the objective is to predict the temperature dy-
namics in a bedroom or the entire building over three days with 15 min time steps. Throughout
the rest of this chapter, we assume direct thermal power input measurements to be available,
hence setting g(u) =

2.4.1 The Urban Mining and Recycling unit

We take advantage of NEST, a vertically integrated district located in Duebendorf, Switzerland,
and pictured in Figure 2.8 [141]. NEST is composed of several residential and office units, and
we focus our attention on the Urban Mining and Recycling (UMAR) unit, circled in white.

UMAR is an apartment composed of two bedrooms, with a living room in between them,
and two small bathrooms that are neglected throughout this work. We are thus modeling
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Figure 2.8: NEST building, Duebendorf, and the UMAR unit circled in white © Zooey
Braun, Stuttgart.

three thermal zones arranged in a line in this chapter, i.e., Zone 2 is connected to Zones 1
and 3, and each zone has at least one external wall. All the rooms are equipped with radiant
heating/cooling panels in the ceiling and controlled by opening and closing valves to let hot
or cold water flow through them depending on the season.

We rely on three years of data collected between May 2019 and May 2022 and preprocessed
as explained in Appendix A.4. This involved downsampling the data to 15 min intervals,
smoothing the time series, and disaggregating the thermal power consumption of UMAR into
the consumption of each zone.? Besides these computed thermal power inputs, the data set
also contains measurements of the temperature in each zone and outside, the horizontal solar
irradiation on-site, time information, and the status of the system, i.e., whether it is in heating
or cooling mode. The data has been split into nonoverlapping training and validation datasets,
each containing up to 75 h-long time series.*

2.4.2 Benchmark models

To analyze the performance of the proposed PCNN architectures, we perform an extensive ab-
lation study and compare them to state-of-the-art gray- and black-box methods. An overview
of all the data-driven models used in this work, and whether they are physically consistent,
can be found in Table 2.1.

3Since individual room power consumption measurements are not available, we approximated them by disag-
gregating the total consumption of UMAR using the design mass flows and the amount of time the valves in each
room are open.

4This corresponds to the prediction horizon of three days plus the 3 h used to warm start NNs (see Section 2.4.3).
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Category | Model Physical consistency
Linear
Gray-box | Res

Res-cons

ARX

ARX-KF

LSTM

PiNN

X-PCNN (Ours)
PCNNs M-PCNN (Ours)
S-PCNN (Ours)

Black-box

NN N X X X XN x S

Table 2.1: Physical consistency of the methods investigated in this work.

Gray-box baselines

Linear models. First, it makes intuitive sense to investigate the accuracy of the physics-
inspired module of PCNNs on its own, leading to the following linear gray-box model architec-
ture, hereafter referred to as the Linear models:

Ti.1 = Ty + ap, © max{ug, 0} + a. © min {u;, 0}
~bo (T - TP - AT, +eo Q'™ (2.30)

where Q;” in gathers the solar irradiation on the windows of each zone in a vector, engineered
from the measured irradiation on a horizontal surface as detailed in Appendix A.3. Since there
is no black-box module taking care of the impact of the sun on building temperatures in this
model, we indeed need to include it manually. This can be done efficiently for UMAR but does
not generalize to arbitrary buildings when shading effects come into play, for example, limiting
the applications of such linear models. As for the other heat gains, e gathers the trainable

scaling parameters reflecting the impact of solar gains on each zone temperature in a vector.

The classical least squares parameter identification procedure presented in Appendix A.1.2
was used to identify single-zone linear models, where a;, and a. were not distinguished. In
the single-zone case, the linear model has a sampling time of 1 min, we thus keep the power
input fixed over intervals of 15 min when we compare its predictions with the ones of PCNNs.

This identification procedure however gave rise to physically inconsistent parameters in the
multi-zone case, prompting us to instead identify aj, ag, b*, {¢*'}yen(2), and e for each zone
z using Bayesian Optimization (BO), as detailed in Appendix A.5. As for X-PCNN:Ss, the heat
transfer coefficients between two adjacent thermal zones were then averaged based on (2.7).

Residual models. A natural extension of the aforementioned linear model is to consider
residual models, where the idea is to fit the errors of the linear model predictions with a
black-box module to improve its performance. Assuming the linear model in (2.30) to provide
predictions Tk+1» aresidual model fits a function fge;: R4 +2m+l _, pm typically modeled with
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NNs, to the residual errors. In other words, it minimizes

r 1 11_1 1 & (s (s) (8) out,(s) 209 (& 729 2
wom 5 1 5[5 - -]
(2.31)
instead of £ j4,. The residual model then predicts temperatures as
Tier1 = Trer + fres(Tr X, e, TP . (2.32)

This model is dubbed Res in the rest of this paper, and fres has the same structure as the
proposed PCNNs'’ black-box module for fair comparisons.

Remarkably, such residual models cannot be guaranteed to respect the underlying physical
laws in general since fgres is not independent of zone temperatures, power inputs, and ambient
temperatures. Since they can be seen as being composed of a physics-inspired and a black-box
module in (2.32), similarly to PCNNs, we can indeed use similar arguments to prove their
physical consistency and hence derive similar necessary conditions on the structure of fpes as
the one discussed in Remark 8.

Consequently, we also investigate the performance of a physically consistent residual model in
this work, dubbed Res-cons, where the black-box function learning the residuals only depends
on x, as PCNN:Ss. It fits a function fres-cons : RY — R™ to the residuals, trained similarly to its
physically inconsistent counterpart, with the following temperature predictions:

Tir = Tk+1 + [Res-cons(Xk) - (2.33)

Note that residual models first fit the base model to the data and then use black-box methods
to fit the residual errors while PCNNs learn both modules together. This also implies that the
physics-inspired module reflects the main dynamics of residual models, with small corrections
from the NN on top, while it only ensures the physical consistency of PCNN architectures,
letting more expressive functions like NNs capture the main system dynamics.

Black-box baselines

Autoregressive model with exogenous inputs. As a first black-box method, we analyze
the performance of an AutoRegressive model with eXogenous inputs (ARX model), where
autoregressive lags of the states and inputs are used to predict the next state:

Tiri=aoTr+a 1T +...+asTi_s+ PoXi + P1Xx—1+... + PsXr—5, (2.34)

N t T
= g, TY, Q™
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where Q;**"

eters ay,...,as € R™™, By,...,Bs € R™*(M+2) gre identified through least square regression

€ R is the solar irradiation measurement on a horizontal surface, and the param-

using the scikit-learn library [142]. For a fair comparison, we set § = 11, i.e., we use infor-
mation from the last 3 h to define the next temperatures, the same amount of information
provided to warm-start NNs (see Section 2.4.3).

We also implemented an advanced ARX model relying on the statsmodels package [143],
which includes Kalman smoothing and filtering operations out-of-the-box, dubbed ARX-KF, to
compare PCNNSs to an existing toolbox. We set f1,..., Bs = 0 so that only current information
on external inputs is used. Since the identification procedure was harder in that case, we
identified each zone z separately, with:

a8z _ z out sun Y1 Y2 YIN @I T
xk_[uker IQk ,Tk ;Tk )---;Tk ] y
where y,..., YNz €N (2) are the zones adjacent to z.

Note that ARX models cannot be enforced to be physically consistent for multi-step-ahead
predictions in general due to the autoregressive terms; they transform (2.26)-(2.28) into highly
nonlinear constraints. Although it is thus hard to assess the physical consistency for ARX
models in practice, we could observe that automatic identification of the ARX-KF model
assigned a negative scaling parameter for the power input to Zone 2, meaning that heating
this zone will lead to lower temperatures. This is sufficient to confirm ARX-FK is not physically
consistent — and similar issues were found for the classical ARX model.

Remark 10 (Kalman filtering and smoothing). Kalman filtering and smoothing operations
could be included during the data processing phase, potentially impacting the performance
of all the models. In this chapter, however, we focus on methods working on unfiltered data,
typically involving NNs. Nonetheless, we also provide ARX-KF as an example of what can be
achieved with existing toolboxes on a laptop compared to NN-based methods that might require
access to Graphical Processing Units (GPUs) for training.

Neural Network models. As another natural ablation of PCNNs, we also investigate the quality
of the black-box module alone. Instead of treating the power inputs and temperatures in a
separate module, everything is fed in the black-box function frsrs: RA +2m+1
to the LSTM model

— R™, leading

Tir1 = T+ frsom(Ty, w, X, TO) . (2.35)

As expected, such classical NN-based methods are naturally physically inconsistent and might
fail to capture the underlying physical laws even if they fit the data well (see Section 1.2). For
fair comparisons, the LSTMs considered in this work have the same encoder-LSTM-decoder
architecture as the corresponding PCNNs.

Finally, we also implemented standard physics-informed NNs, hereafter PiNNs, again relying
on the same architecture as the black-box modules of PCNNs. However, their loss function is
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modified to steer the learning toward physically meaningful solutions:
Lpinn = Laata + /LCphys ) (2.36)

where A is a tuning hyperparameter. Since the purpose of £, is to capture physical in-
consistencies and penalize them, we naturally design it to bias the model towards solutions
satisfying the desired properties (2.1) and (2.2). Consequently, we penalize negative gradients
of the final predicted temperatures, i.e., at time [;, with respect to control inputs and ambient
temperatures observed along the horizon:

1 1611 m [ m OTIZ’(S) ale,(s)
L - il il rl - s +r|-—— , 2.37
Phys =z SEZZ I ,;) m z; yzzl oulY oTY"H e @30

where r(x) = max{x, 0}, also known as the Rectified Linear Unit (ReLU) function. Since we are
interested in physically consistent models in this work, we empirically fixed A = 100, which
ensures the loss term is dominated by the physical inconsistencies, thereby steering the PINN
towards interesting solutions. The nontrivial tuning of this hyperparameter [91] is left for
future work.

Note that, in building temperature modeling, one can also augment the outputs of NNs to
predict not only zone temperatures but also the temperatures of their respective thermal mass,
for example, and then penalize deviations of the latter from the predictions of a physics-based
model in £y to incorporate prior knowledge in PiNNs [134]. However, this requires access to
a physics-based model, introducing engineering overhead. Moreover, it can enforce unwanted
biases since the physics-based model might be inaccurate and steer PiNN predictions away
from the truth. Consequently, in this work, we penalize the gradients of the temperature
predictions instead, according to our definition of physical consistency in Section 2.3.1, which
bypasses the need for a physics-based model and only relies on measured quantities while
still incorporating knowledge about the underlying laws of physics in PiNNs.

Remark 11 (Computational complexity). To ensure a model is following the underlying physical
laws at all times, one should check the gradients throughout the prediction horizon, and not only
for the last predictions, as proposed in (2.37). However, since each gradient computation requires
one forward and one backward pass of the data, the computational complexity grows linearly
with the number of predictions to analyze. Consequently, we only compute the gradients of the
last temperature predictions with respect to all the control inputs and ambient temperatures
observed along the horizon to steer PiNNs toward expected solutions, alleviating the associated
computational burden.

2.4.3 Implementation details

Throughout our case study, we assume direct access to the thermal power of each room, hence
selecting g to be the identity mapping, which naturally satisfies Condition (2.28).
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Physics-inspired parameters

To ensure the physical consistency of the proposed multi-zone PCNNSs, fulfilling the condi-
tions (2.26) and (2.27), we parametrize the log value of each parameter. In other words, we
learn &fl, az, b?,¢% Yz e B, Vy € N (z) and define:

w = wo exp (i), Yw ={a;,a,b*,c*}, (2.38)

where wy is the initial value of the parameter. Starting from @& = 0, PCNNs hence learn to
scale the initial value wy instead of modifying it directly, which is numerically more stable and
ensures that w stays small enough. On the other hand, the exponential function keeps all the
parameters positive at all times. Note that they are learned simultaneously to the parameters
in the black-box module: when backpropagation is used to update the parameters of the NN,
we also leverage the propagated gradients to update the parameters of the physics-inspired
module.

As a consequence of this choice, the initialization of the physics-inspired parameters, i.e.,
the choice of wy, is critical. Indeed, as they are inspired by the known physics of buildings,
they must correspond to meaningful values. Furthermore, due to the recurrent use of these
parameters to modify the state of the energy accumulator along the prediction horizon, wrong
values would have a large impact on the quality of the model and the PCNNs might get stuck
in local minima. In practice, we saw that using rules of thumb to initialize those parameters to
plausible values using our prior knowledge led to good results, as presented in Section 2.5.1.
In particular, we define initial values such that, Vz € :

¢ For aj and ag: The temperature in the zone rises/drops by 1°C in 2h when the 1000 W
heating/cooling power is applied.’

¢ For b” and ¢?’: The temperature drops by 1.5 °C in 6 h when the exogenous temperature
is 25°C lower.

These rules of thumb can be derived from historical data, for example looking at how much
time it generally takes for the temperature to rise by 1 °C when the zone is heated with 1000 W
for aj, respectively to drop by 1.5°C when it is 25 °C colder outside and heating is off for b*.
Similar investigations will give plausible initial values for ¢*¥ and a?.

Remark 12 (Upperbound on s). While b® or ¢? can in principle grow uncontrollably and
lead to a violation of the necessary condition (2.26), this was not an issue in our experiments.
Nonetheless, if required, one can introduce bounds on the learned values §, typically leveraging
activation functions like the sigmoid or hyperbolic tangent to control their range.

5In the single-zone case, 1000 W was replaced by the maximum thermal power, around 1.6 kW.
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2.4 Presentation of the case study

Black-box architecture

In the multi-zone case, each function f has the same encoder-LSTM-decoder architecture,
which is repeated when several modules are required for X-PCNNs and M-PCNNs. Both the
encoder and decoder are feedforward NNs with 32 hidden units and the LSTM comprises
two layers with dimension 64 and is followed by a normalization layer. This architecture was
selected over larger ones since we did not observe any significant decrease in performance.
However, for single-zone PCNNs — simply referred to as PCNNs hereafter —, both the encoder
and decoder have two layers of 128 units and the LSTM is composed of two layers of size 512
to ensure the black-box module is expressive enough.®

The input of each black-box module, x € RS, gathers the solar irradiation on a horizontal
surface and the time information (see Appendix A.4). We let the initial hidden and cell states
of the LSTM be learned during training and additionally give the model a warm start of 3 h.
In other words, NN first predict the last 12 time steps in the past, where we feed the true
temperatures back to the network to initialize all the internal states, before predicting the
temperature over the given horizon. This was empirically shown to improve performance.
NNs share a common learning rate of 5e—4, manually selected small enough to ensure stable
convergence, and a batch size of 4’096, to maximize the utility of the GPUs.

Performance assessment

To validate the performance of each model, we rely on the Mean Absolute Error (MAE) and
Mean Absolute Percentage Error (MAPE):

1 l—l
MAE=

1m
[—Z 120 — 729 (k +1)
m 5

] (2.39)
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The PCNNs are implemented in PyTorch [140] and were trained on NVIDIA P100 GPUs.

Code status

An up-to-date version of PCNNs can be found on https://github.com/Cemempamoi/pcnn,
while the versions used in [39] and [40] are referenced in the respective papers.

6We later carried out a small experiment to assess the impact of the NN architecture on multi-zone PCNNs and
could decrease its size for subsequent experiments, leading to the smaller architecture of dimensions 32-64.
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2.5 Performance analysis and comparison to other methods

In this section, we present various results obtained from the previously detailed case study.
We first analyze the performance of single-zone PCNNs trained on data from Zone 3, detailing
their behavior, before providing an in-depth comparison of multi-zone PCNNs with other
state-of-the-art data-driven methods in modeling the thermal behavior of the entire UMAR
unit.

2.5.1 Investigating the behavior of single-zone PCNNs

To understand the behavior of PCNNSs, we start by investigating their performance on a single-
zone modeling task, focusing on Zone 3 of UMAR. All the results discussed hereafter were
obtained by comparing the multi-step prediction performance of the different models on
almost 2’000 three-day-long time series from the validation set. Each model is recursively
applied to predict the temperature for 288 steps (three days) assuming knowledge of all the
inputs, and compared to the true measured temperatures.

While we only discuss one PCNN in depth throughout this section — the one that achieved the
lowest validation loss in Table 2.2 —, Appendix A.6 provides additional insights, analyzing the
impact of the random seed and choice of thermal zone to model. The results are consistent in
all cases, hinting at the robustness, respectively the flexibility, of the proposed approach.

Improving the generalization issue of NNs

As presented in Table 2.2, while PCNNs could not attain the performance of classical LSTMs
on the training data due to their constrained structure to follow the underlying physical laws,
they obtained lower errors on the validation set. This confirms that PCNNs solve part of the
generalization issue of classical NNs, having a smaller tendency to overfit the training data
but retaining enough expressiveness to perform well on previously unseen data. In other
words, the physics-informed module inside PCNNs seems to give them useful information,
allowing them to beat the performance of classical unconstrained LSTMs.

Since physical consistency is required for control-oriented thermal models, as discussed in
Section 2.1, and LSTMs fail to satisfy this criterion, as pictured in Figure 2.1, we focus on
comparing the best-found PCNN from Table 2.2 to the linear baseline model hereafter. This
analysis is aimed at providing insights into the significance of the black-box module running
in parallel to the physics-inspired base to capture nonlinear effects without jeopardizing the
needed physical consistency of the model.

38



2.5 Performance analysis and comparison to other methods

LSTMs PCNNs (ours)

Seed | Trainingloss | Validation loss | Trainingloss | Validation loss

0 0.57 2.28 1.83 1.93

1 0.57 1.92 1.85 1.65

2 1.14 2.30 2.06 1.75

3 0.97 2.22 2.28 1.73

4 1.00 1.77 1.90 1.97
Mean 0.85 2.10 1.99 1.81

Table 2.2: Comparison of the training and validation loss for five LSTMs and PCNNs,
scaled by 103.
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Figure 2.9: Mean and standard deviation of the error at each time step of the prediction
horizon for both the RC model in blue and the PCNN in green, where the statistics were
computed from almost 2000 predictions from the validation set.

Performance improvement compared to the linear model

Since predicting the evolution of the temperature for several time steps ahead entails a recur-
sive use of the architecture in Figure 2.4, we leverage the ability of LSTMs in the black-box
module to handle long sequences of data to minimize the error over long horizons. On the
other hand, the linear baseline was fitted to optimize the single-step accuracy, as commonly
done in the literature. However, this leads to error propagation over time, as pictured in
Figure 2.9, where we plotted the MAE and one standard deviation for both models over the
validation set, i.e., unseen data. Note that while the physics-based baseline used here is not
optimal, it was nonetheless tuned to obtain good accuracy, with an average error below 1 °C
after 24 h.

One can observe the PCNN providing better predictions than the baseline in general, which is
supported by the MAEs reported at key points along the horizon in Table 2.3. In particular, the
PCNN can keep a good accuracy even on long horizons, with an error more than 40% lower
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Hours ahead | Linear model | PCNN (ours)
1h 0.19°C 0.31°C
6h 0.58°C 0.55°C
12h 0.78°C 0.66°C
24h 0.93°C 0.77°C
48h 1.30°C 0.88°C
72h 1.48°C 0.88°C

Table 2.3: Comparison of the MAE of the two models over the prediction horizon.
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Figure 2.10: Scatter plot of the MAEs of both models on each test sequence, with the black
diagonal line representing equal performance.

than its counterpart after three days. On the other hand, it presents slightly higher errors at the
beginning because of the implemented warm-start (see Section 2.4.3): since they firstly predict
past data — the last 3 h — PCNNs might indeed start predicting the three-day-long validation
sequences from a temperature different from the true one. Nonetheless, since we observed
that the warm start benefited the overall performance of PCNNs during our experiments, we
kept it in the final implementations.

To investigate the MAEs obtained by both models on each validation sequence, we also provide
the corresponding scatter plot in Figure 2.10. In general, the PCNN dominates the baseline,
with its error rarely being significantly larger than the one of the physics-based model, which
would be represented by points over the black diagonal line. On the other hand, towards the
lower right side of this figure, we find sequences where the PCNN presents a significantly
better accuracy than the linear model.

This superiority of the PCNN over the linear RC baseline is confirmed by the error distributions
of both models in Figure 2.11, with the errors of the PCNN (green) clustered below 1°C and
almost always below 2 °C while the errors of the baseline in blue are much more spread out.
This indicates that the PCNN is robust with respect to different inputs, even on unseen data.
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Figure 2.11: Distribution of the MAE of both models over the test sequences, with the
50% and 90% quantiles marked in red, respectively black.

Altogether, we can conclude that this PCNN is less prone to extreme errors and keeps the
majority of errors lower than the linear physics-based baseline, proving its robustness and
effectiveness. Remarkably, all the results were obtained over three years of data, hence under
various weather conditions and during all the seasons, which also hints that exogenous
variables do not impact the quality of the model much. Overall, it shows the effectiveness of
training both modules simultaneously over long horizons leveraging BPTT to improve upon
classical physics-based techniques. This would be especially valuable when engineering the
solar gains of a thermal zone from the global solar irradiation measurements — as done for the
linear model in Appendix A.3 — would become cumbersome and lead to even higher errors
for classical engineering-based models.

Remark 13 (Link to Chapter 4). In the case of UMAR, as discussed in Appendix A.3, we can
accurately model solar gains, such that a linear model of the form (2.30) might achieve an
accuracy similar to the one of PCNNSs treating solar gains as black-box inputs. Consequently,
we suspect the training procedure to have a significant impact on the observed performance
gap between both models, hinting at the potential of BPTT to identify structured (here gray-box)
models. This hypothesis will be analyzed in-depth in Chapter 4, confirming the ability of BPTT
to improve upon traditional SI techniques in such settings where prior knowledge is available.

Empirical analysis of the physical consistency of single-zone PCNNs

After the detailed analysis of PCNN'’s performance, let us now provide an empirical and
visual examination of the physical consistency of PCNNSs, formally proven in Section 2.3.4, to
showcase how PCNNs retain physical consistency even on unseen data, avoiding the classical
generalization issue of NNs discussed in Section 2.1. To that end, we randomly sampled a
sequence from the validation data set and compared the temperature predictions of both the
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linear baseline and the PCNN analyzed above in Figure 2.12 when:

e the original and true thermal power inputs are applied (blue),
¢ no power is used (black), hereafter named uncontrolled,
 only the first half of the power inputs are used (red),

 only the second half of the input is applied (orange),

where we separate the power inputs in half with respect to their magnitudes, i.e., so that both
the red and orange control sequences apply roughly the same total power. For reference, we
also added the ground truth in dashed blue.

Firstly, comparing the blue predictions with the dashed ground truth, we see both models
performing well, exemplifying the results discussed above. Remarkably, the proposed PCNN is
able to accurately match the ground truth despite the large amount of heating power applied
and the temperature rising to more than 30 °C, something unusual in real settings and hence
not well covered by the training data.

Furthermore, looking at the three other cases, for which there is no ground truth anymore,
both models again show similar behaviors, the visual consequence of both of them being
physically consistent. The red predictions deviate from the blue ones at the same point in
time for both models since, as expected, we should get lower temperatures as soon as we
stop heating the zone. Similar conclusions can be drawn by comparing the orange and black
temperature predictions. Finally, looking at the uncontrolled predictions, one can observe
smoother patterns for the PCNN due to the unforced base dynamics being captured by LSTMs
instead of the more aggressive linear regression at the core of the linear model.

To clarify the differences between both models’ physical behaviors, we can subtract the
uncontrolled predictions from the other curves for both models. The result is pictured in
Figure 2.13 and allows us to assess the impact of the three different control sequences on the
final predictions. As expected, both models still exhibit similar behaviors, with predictions
diverging from the uncontrolled dynamics — from zero in Figure 2.13 — as soon as the heating
is turned on. On the other hand, when it is turned off, the gap slowly closes (second half
of the red curve) because of the higher inside temperature leading to higher energy losses
to the environment and the neighboring zone. Note that the impact of the latter is hard to
distinguish here since it is an order of magnitude smaller than the losses to the outside.

One can empirically assess the difference in the parameters ay, a., b, and c learned by both
models leveraging plots such as Figure 2.13. For example, ay, is smaller for the PCNN since
the differences with the uncontrolled dynamics are generally smaller. In other words, heating
has a smaller impact on the PCNN zone temperatures. Despite not being visible in that plot,
a similar conclusion can be drawn about the cooling parameter a.. Concerning heat losses,
the PCNN learned parameters b and c entailing roughly the same amount of energy transfer
as the baseline, which is particularly observable in the red curves having a similar slope in
both cases after one day. However, we cannot separate the effect of b and c in these plots since
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Figure 2.12: Comparison between the linear model (top) and the PCNN (middle) temper-
ature predictions given the bottom heating power inputs, over three days. In blue, one
can assess the precision of both models compared to the ground truth (dashed) when
the original total power inputs is used. Then, the red and orange curves show the result
when heating is only turned on roughly during the first day, respectively the second and
third one. Finally, the black uncontrolled dynamics reflect the case when no heating is
applied. For comparison purposes, we shaded the span of the linear model predictions
in the middle plot.
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Figure 2.13: Difference between each temperature prediction and the black baseline (no
power) in Figure 2.12, for the linear model (top) and the proposed black-box structure
(middle), given the bottom power inputs. Note that the blue curve corresponds to the use
of the full power input sequences, i.e., both the red and orange ones.
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losses to the outside and the neighboring zone are lumped together. Each model could indeed
assign more importance to one or the other energy transfer, and further analyses would be
required to investigate and clarify this relation between b and c.

2.5.2 Benchmarking multi-zone PCNNs

While accurate zone temperature models are important, in practice, we are often interested
in modeling the thermal dynamics of a whole building. Consequently, this section provides
a comprehensive analysis of the methods presented in Section 2.4.2 and Table 2.4 to model
the three zones in UMAR simultaneously. Similarly to the single-zone case, all the results
discussed hereafter were obtained by comparing the multi-step prediction performance of
the different models on more than 750 three-day-long time series from the validation set.
To incorporate the fact that UMAR consists of three thermal zones, the MAE of a model is
then defined as its average performance over these zones. Altogether, this will allow us to
understand the trade-offs between the physical consistency, accuracy, and computational
complexity of the various examined data-driven building modeling methods examined.

Robustness to randomness. For consistency, all the NN-based models’ were run with several
random seeds. Remarkably, it does not impact performance significantly, with standard
deviations in the range of 0.01 — 0.04 and 0 — 0.2% for the MAE and MAPE, respectively, as
detailed in Table 2.4. This corresponds to a variation in performance of maximum 3% and is
often smaller than the observed discrepancy in accuracy between different models, hinting
that the observed performance gaps are significant.

As for the single-zone case in Section 2.5.1, this exemplifies the robustness of PCNNs, which
do not seem significantly impacted by the random seed in general, or at least similarly to
classical NNs. In this specific case study, the X-PCNN and M-PCNN architectures seem slightly
more robust than the S-PCNN one, but the latter sometimes outperforms M-PCNNs. Overall,
X-PCNNs seem to have the upper hand, attaining consistently high performance even under
different random seeds, but more analyses with different data sets and case studies have to be
conducted before drawing any definitive conclusion.

Overall performance comparison

Unless stated otherwise, the results discussed hereafter were obtained by the best-performing
seed for each model, achieving the errors reported in Table 2.4. As can be observed, all the
proposed PCNN architectures attain state-of-the-art accuracy, both in terms of MAE and
MARPE. They are followed by physically inconsistent black-box methods, especially the ones

“The LSTM, PiNN, and PCNN architectures. Despite also being composed of an NN, residual models are not
considered as NN-based models in this work since their main dynamics are still captured by the underlying linear
model, and not the NN.

8While the LSTM and S-PCNN models were run on five seeds due to their slightly higher sensitivity, the other
results were obtained over three seeds leading to very consistent performance.
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Category | Model Physical Best | Best MAE MAPE
consistency | MAE | MAPE | distribution | distribution
Gray-box Linear v 1.79 | 7.5% - -
Res-cons v 1.50 | 6.4% - -
X-PCNN (Ours) v 1.17 | 4.9% 1.18£0.01 | 5.0% % 0.0%
PCNNs M-PCNN (Ours) v 1.25 5.3% 1.26 £ 0.01 5.4%+0.0%
S§-PCNN (Ours) v 1.22 5.1% 1.27+£0.04 5.4%+0.2%
Gray-box | Res X 1.79 | 7.7% - -
ARX X 1.68 | 7.1% - -
Black-box ARX-KF X 1.35 5.6% - -
LSTM X 1.27 | 5.5% 1.33+£0.04 5.7%+0.2%
PiNN X 1.37 | 5.8% 1.38+0.01 5.9%+0.1%

Table 2.4: Physical consistency, best MAE, and best MAPE of the methods investigated in
this work. The mean performance of the five NN-based model architectures, as well as
the corresponding standard deviation, over three to five runs,® is also reported. Note that
the linear and LSTM models correspond to learning only the physics-inspired module of
S-PCNNs, respectively the black-box one. Furthermore, Res-cons is equivalent to fitting
both modules of S-PCNNs sequentially, showcasing the importance of learning all the
parameters of PCNNs simultaneously to attain state-of-the-art accuracy.

relying on very expressive NNs. As expected, the least expressive class of methods, the gray-
box one, performs the worst. Combining these results with the physical consistency of each
method, we can conclude that the proposed PCNN architectures indeed take the best out of
both gray- and black-box methods in this case study, attaining the best performance while
respecting the underlying physical laws, without trade-off, hinting at their potential to
become state-of-the-art thermal building models.

While X-PCNNs achieve the lowest error here, we suspect this performance to be influenced by
the analyzed case study. Indeed, the temperature dynamics in UMAR are strongly impacted by
solar gains, which reduces the importance of energy exchanges between the zones. This might
explain why it is possible to fit the overall building dynamics well even when independently
training one model for each zone and why the post hoc correction (2.7) does not seem to have
any significant impact on the final model performance. We suspect this required correction
might have a stronger influence on multi-zone buildings where temperature dynamics are
less impacted by weather conditions and more governed by energy exchanges between the
zones, which may, in turn, decrease the quality of X-PCNNs.

Remarkably, both residual models (Res and Res-cons), while conceptually close to PCNNs,?
are unable to achieve similar performance. This hints towards the benefits of learning all the
parameters together in an end-to-end fashion instead of first identifying the linear part and
then fitting the residual errors.

9Especially Res-cons, where the only difference in architecture comes from the solar irradiation processing.
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Finally, these results suggest that the black-box modules of PCNNs can process raw solar
irradiation data and infer its impact on zone temperatures. Indeed, PCNNs outperform gray-
box models, which have access to engineered solar gains (Appendix A.3). Interestingly, since
the impact of the sun is implicitly computed by NNs, PCNNs could easily be applied to any
building, even when shading comes into play, making the engineered processing of solar data
required for gray-box models much more complex.

Physical consistency can be helpful for Neural Networks. Remarkably, in this case study,
enforcing the physical consistency of LSTMs, as in PCNNs, seems to improve their accuracy
despite the introduced constraints, confirming the benefits of the ongoing trend in ML re-
search to include prior knowledge in NN architectures. Even if it might intuitively seem that
introducing structural constraints should hinder the expressiveness of NNs, our results add
to the literature suggesting that it can on the contrary be helpful. Moreover, one can draw
similar conclusions with the two residual models investigated in this work, with Res-cons
clearly outperforming its physically inconsistent counterpart despite both models relying
on the same linear basis. Altogether, this points towards the advantages of grounding NN
architectures in the underlying physics to ensure that they learn meaningful solutions.

Comparing physically consistent methods. PCNNs are on average 30 —35% and 17 - 22%
more accurate than the other physically consistent methods, namely the Linear and Res-cons
model, respectively. The MAE of the physically consistent models over three days is plotted in
Figure 2.14, showing that the proposed PCNNs not only perform better on average but along
the entire prediction horizon, except during the first few hours, where all models attain similar
performance. The main reason behind this behavior is the warm start of PCNNs, which often
gives erroneous first predictions, but they offer much stronger performance in the long run.
At the end of the horizon, PCNNs indeed present an error 34 —41% and 10 — 18% lower than
Linear and Res-cons, respectively, with the best performance again achieved by the X-PCNN.

The necessity of physical consistency

Knowing that physical consistency was beneficial in our case study, PCNNs even outperform-
ing black-box methods, let us now visualize the thermal behavior of one S-PCNN and one
PiNN in Figure 2.15. For this analysis, the thermal power is turned off in Zone 1 and 2 and we
examine the impact of heating (red), cooling (blue), or providing no power input (black) in
Zone 3. Note that the heating pattern corresponds to the true power inputs measured in Zone
3 in March 2021, which we mirrored to create the cooling pattern. This is similar to what was
performed in Figures 2.1 and 2.12 in the single-zone case, but we now also expect physically
meaningful energy exchanges between the connected thermal zones.

As one can immediately realize, following the laws of thermodynamics, heating or cooling
Zone 3 increases or decreases its temperature, respectively, in the S-PCNN model. This effect
is then propagated to the adjacent Zone 2, and later to Zone 1, impacting their temperatures
even though they are neither heated nor cooled, as anticipated. Note that while only the
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Figure 2.14: MAE of all the physically consistent methods over the prediction horizon
averaged over the three zones and the time series of three days in the validation data set.

temperature predictions of one S-PCNN are pictured in Figure 2.15, similar effects were
observed for all the PCNNs we trained. This is expected since all of them share the same
physics-inspired module to ensure they follow criteria (2.1)-(2.3).

On the other hand, all power inputs lead to almost indistinguishable temperature predictions
for the PiNN and the LSTM plotted in Appendix A.7. Despite fitting the data well (see Table 2.2),
these models are hence obviously flawed and can be misleading in practical applications.
We can sometimes even observe lower temperature predictions when heating is turned on
than when the zones are cooled, a clear sign of physical inconsistency (see Appendix A.7 for
zoomed-in results). This exemplifies the issue of shortcut learning in the case of thermal
modeling, where NNs manage to fit the data well without respecting the underlying physics.

Interestingly, Res did capture a much more significant impact of heating and cooling but
remains completely oblivious to the underlying physics, with cooling often resulting in higher
temperatures than heating. This illustrates the need to consider physical consistency when
designing residual models as well, such as in the proposed Res-cons architecture. In general,
all these observations suggest that physical consistency should always be considered when
dealing with NNs for physical systems.

PiNNs cannot guarantee physical consistency. This analysis illustrates how PiNNs only steer
the learning towards interesting solutions without providing any guarantees concerning the
actual behavior of the model. In fact, trained PiNNs always gave very similar predictions to
LSTMs in our experiments, as can also be seen by comparing Figures A.4 and A.5. This hints
that the additional physics-inspired loss term in £ p;ny did not have much impact on the final
solution found despite the large A used. While tuning this hyperparameter might lead to better
results, it is a cumbersome task and would still never guarantee the physical consistency of
the final model, as discussed in Section 2.1, and was thus not considered in this section.
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Figure 2.15: Visualization of heat propagation for an S-PCNN and a PiNN. The bottom
plots show the heating (red) and cooling (blue) power inputs applied to Zone 3 while
heating and cooling are turned off in Zone 1 and 2, compared to the situation when
no power is applied (black). The other plots depict the corresponding temperature

predictions of each model in the three zones.
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Low errors are not always correlated with good models

Very importantly, our results point out a somewhat counter-intuitive and often overlooked
characteristic of NNs: contrary to physics-based models, a good fit to the data does not
necessarily imply that the quality of the model is good. In our case, the PINNs and LSTMs
were indeed able to fit the data well while completely discarding the impact of heating and
cooling, i.e., solely mapping external conditions to building temperatures. When modeling
physical systems, one should hence always make sure NNs do not simply find shortcuts to fit
the data without respecting the underlying physical laws. This calls for physically grounded
architectures, such as PCNNs, for applications where physical consistency is critical.

We suspect that LSTMs and PiNNs were able to achieve high accuracy without considering
the impact of heating and cooling because of the specific data used in this case study. First,
windows cover the entire East facade of UMAR, rendering the building especially sensitive to
solar gains and external weather conditions. Second, while different controllers were applied
during the data collection, all of them had the same objective of maintaining the building
temperature in a comfortable range and hence reacted similarly to external conditions. Cou-
pling these facts, it seems indeed plausible to accurately predict building temperatures solely
based on external conditions and without considering heating and cooling inputs. In other
words, we suspect the very expressive LSTMs and PiNNs to have learned the closed-loop
response of the system instead of the expected open-loop one, hence implicitly accounting for
the influence of power inputs instead of explicitly modeling their effect. This might explain
how they found non-physical shortcuts modeling the evolution of inside temperatures well.
Interestingly, the linear model also failed to capture any significant impact of heating and
cooling (see Appendix A.7), showing that it is also possible to fit this data well while almost
discarding these inputs without jeopardizing physical consistency.

Numerical analysis of physical consistency

To strengthen the theoretical and visual claims in Table 2.4 and Figure 2.15 about the physical
consistency of NN-based models, we can carry out a numerical investigation of the gradients
of their temperature predictions. Since gradients can be retrieved automatically through
the torch.autograd module [140], it allows us to empirically assess if criteria (2.1) and (2.2)
are respected, a necessary condition to ensure physical consistency. Following Remark 11,
we investigate the gradients of the temperature predictions at the end of the three-day-long
horizon with respect to the power inputs and ambient temperatures observed at each time
step. This corresponds to the gradients used to steer the learning of PiNNs in (2.37), except
for the X-PCNN, for which fewer gradients can be automatically recovered, as detailed in
Appendix A.8. Note that we are only interested in the sign of each gradient, which should be
positive according to (2.1) and (2.2) — their magnitude cannot be compared since they do not
have any physical meaning.'’

10Thjs stems from the fact that NN-based models are fitted to normalized, hence dimensionless, data.
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Figure 2.16: Distribution of the gradients of the temperatures at the end of the prediction
horizon with respect to power inputs and external temperatures observed along the
horizon for the NN-based models.

Over the entire validation data set, we have access to more than two million gradient values
for each model, except the X-PCNN, with slightly over one million values, as computed in
Appendix A.9. The resulting density histograms are shown in Figure 2.16, where one can
directly observe negative gradients only for the two black-box models not grounded in the
underlying physics. In fact, penalizing negative gradients in £p;yy decreased the magnitude
of the PiNN gradients, steering them to zero, but did not significantly change the proportion
of negative ones. In other words, it did not improve the physical consistency of PiNNs since
they still violate conditions (2.1) and (2.2) almost as often as classical LSTMs.

Interestingly, the small magnitude of the PINN and LSTM gradients corroborate what can
be seen in Figure 2.15, with very little impact of heating and cooling for these models. On
the other hand, thanks to their physics-inspired module, the proposed PCNN architectures
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keep all the gradients that require positivity in R, and with larger magnitudes, as desired and
observed in Figure 2.15 for the S-PCNN, providing a numerical argument supporting their
physical consistency.

Computational complexity to train the different models

As final comparison metric between the models analyzed throughout this case study, Fig-
ure 2.17 presents the time required by each model per training iteration. Importantly, these
numbers are subject to implementation considerations and have to be taken with a grain of
salt. Nonetheless, all of the NN-based models used the same backbone architecture, which
allows relative comparisons, for example between the three proposed PCNNs, between the
two residuals models, or between LSTMs and PiNNs. Note that the linear and ARX models
are not considered here since their “training” procedure is very different: it neither requires
access to GPUs nor relies on gradient descent.

First, as expected, PiNNs take more time to run than classical LSTMs since each batch has to be
forwarded and backwarded through the networks twice, once to compute the predictions used
in £ 441, and another time to calculate the gradients in Ly,;s. Second, residual models need
access to the predictions of the underlying linear model at each step to compute the residual
errors before fitting them, which also entails a clear computational overhead compared to
LSTMs. Finally, PCNNs need to compute both the black-box module output D and the
physics-inspired module predictions Ej at each step k along the horizon, which also entails
additional overhead on top of classical black-box models. Interestingly, this is comparable
to what happens in residual models, explaining to some extent why the latter and S-PCNNs
require similar amounts of resources.

Compared to S-PCNNs, M-PCNNs and X-PCNNs are significantly more computationally
intensive. This intuitively follows from the shared black-box module of S-PCNNs reducing the
number of parameters to fit compared to M-PCNNs. On the other hand, X-PCNNs require
learning several models separately — one for each zone — instead of everything together,
which multiplies the computational overhead needed to create and move data to the GPU
at each iteration and leads to an increased computational burden compared to M-PCNNs.
Stemming from these remarks, we would expect these differences between the various PCNN
architectures to grow if we were to apply them to larger buildings with more thermal zones.

Remark 14 (Parallelizing X-PCNNs). The training times reported here correspond to the total
time required to train each model for one iteration, i.e., the sum of the training times of each
single-zone PCNNSs in the case of X-PCNNss, to represent the total amount of computations
needed. In practice, however, the different single-zone PCNNs could easily be trained in parallel
since they are independent, which can significantly decrease the effective training time of X-
PCNNs (dividing it approximately by three in our setting with three zones). This would make
them the fastest multi-zone PCNNs to deploy but at the cost of additional computational
complexity.

52



2.5 Performance analysis and comparison to other methods

Res I
Res-cons I
LSTM
PINN[ ]
X-PCNN |
M-PCNN |
S-PCNN |
0 10 20 30 40 50 60 70

Training time per iteration [s]

Figure 2.17: Average training time per iteration of the methods relying on a GPU.

2.5.3 Summary

The proposed multi-zone PCNNs respect the underlying physics by design and at all times
despite requiring little engineering, contrary to classical physically consistent methods. On
the other hand, they outperformed state-of-the-art black-box methods in terms of accuracy
on a case study, hinting that the constrained structure introduced to ensure they follow some
ground rules does not hinder their expressiveness. Our analyses showed little difference
between S-, M-, and X-PCNNs in general, with S-PCNNs entailing the least computational
complexity and X-PCNNs attaining the best accuracy on the analyzed case study.

Remarkably, PCNNs showed significantly better performance than classical physically consis-
tent data-driven methods, with accuracy improvements of 30 — 35% and 17 — 22% compared
to a linear and a residual model, respectively. While these results were obtained on a specific
building, the significant performance gaps suggest that this trend would be observed for other
applications, making PCNNs state-of-the-art building thermal models.

Our investigations also illustrated a well-known pitfall of classical PINNs and LSTMs, which
can find shortcuts to fit the data well without respecting the underlying physical laws. This
exemplifies the need to not solely consider the fit to the data as a measure of the quality of NNs
but also ensure that their predictions make sense from a physical point of view. Our findings
thus support the current trend to incorporate inductive biases, i.e., prior knowledge, in NNs to
alleviate their infamous generalization issues, leading to more principled architectures — like
the proposed PCNNs.
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2.6 Conclusion and outlook

In this chapter, we proposed a novel physically consistent NN architecture, providing fully
data-driven control-oriented multi-zone building thermal models with little engineering
overhead. The main idea of PCNNss is to let a physics-inspired and a black-box module run in
parallel, the former guaranteeing the compliance of the output with the underlying physical
laws — the laws of thermodynamics in the case of building temperature modeling — and the
latter capturing unknown nonlinear dynamics, typically relying on NNs. We formally proved
their physical consistency and extensively benchmarked them against other state-of-the-art
data-driven methods.

To conclude the chapter, this section proposes an overview of opportunities, challenges, and
potentially interesting future investigations regarding PCNNs.

2.6.1 The potential of Physically Consistent Neural Networks

PCNNs provide an alternative to engineering-heavy physics-based approaches, leveraging
NNs to capture nonlinear and other hard-to-model behaviors without jeopardizing the desired
physical consistency. Furthermore, they are highly flexible since the same architecture can be
used for different buildings, again reducing the engineering overhead compared to white-box
methods.

Extending the current architecture. While the physics-inspired module used throughout this
work ensures physically consistent temperature predictions with respect to power inputs and
ambient temperatures, this could be modified or extended. If other physical principles shall
be respected, one can easily modify the form of the energy accumulator to account for the new
desired properties. For example, ensuring a consistent impact of solar gains might be critical
for some applications. Similarly, while we only considered trainable constant parameters in the
physics-inspired module herein, it could be extended to capture more complex phenomena,
like time-varying parameters or parameters that depend on other factors. Note that the
physics-inspired module does not have to be linear and might incorporate nonlinearities for
more expressiveness without jeopardizing physical consistency, similar to what was proposed
in [139]. Thanks to the BPTT training procedure of PCNNs, the parameters of the physics-
inspired module can be seamlessly learned from data'!! in parallel with the parameters of the
black-box one.

Furthermore, while the only nonlinear gains considered in this chapter come from solar
irradiation, the flexibility of the black-box module could also allow it to capture other unknown
or hard-to-model heat gains, such as the ones stemming from occupants. If data on these new
heat gains is available, one could indeed easily feed it to the black-box module together with
solar irradiation measurements and time information to let the NNs learn their impact on
zone temperatures.

HNote that the same training procedure will be used for SIMBa in Chapter 4.
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Going beyond temperature predictions. Given the importance and complexity of the comfort
of the occupants in buildings, many different parameters need to be controlled to ensure
adequate Indoor Air Quality (IAQ), and not only the temperature [144]. Since more and more
factors need to be accounted for, it will further increase the engineering burden associated
with traditional physics-based methods to model all the required variables. On the other hand,
assuming data to be available, PCNNs can easily be extended to model more complex IAQ
criteria. Such an extension was proposed in [139], where the physics-inspired module was
augmented to accommodate humidity predictions on top of temperature ones.

Accelerating white-box models. Due to their performance, PCNNs would also be potential
candidates for accelerating ODE-based models, which typically incur a considerable computa-
tional burden at run-time, similarly to what was proposed in [112, 119]. Indeed, one could first
use such a high-performance model to generate a large data set, train a PCNN to approximate
the corresponding dynamics, and then leverage the latter for faster inference. This would shift
the computational load from inference to training, which is preferable for some applications,
at the cost of a yet-to-be-quantified performance loss. Compared to classical pipelines relying
on vanilla NNs, however, PCNNs would guarantee compliance with the underlying physical
laws at run-time.

Tackling other applications. Finally, while we only discuss how to apply PCNNs to building
thermal modeling in this work, they could be leveraged to model many other dynamical
systems, provided historical data is available. Indeed, engineers usually have at least an
approximate understanding of the physics driving any system of interest — and expect models
to follow these principles. This prior understanding can be formulated in the physics-inspired
module, similar to what we did in this work for buildings, before letting an NN simultaneously
adapt to the data to grasp any unmodeled or not well-understood phenomena. Interestingly,
this could alleviate the computational burden of calibrating accurate physics-based models: a
simplified physics-inspired module might be enough to fit the data well when an NN captures
the residual physics in parallel.

2.6.2 Limitations of Physically Consistent Neural Networks

If PCNNs achieved consistent and state-of-the-art performance throughout our investigations,
we cannot draw any definitive conclusions since we only benchmarked them on a single case
study. Indeed, PCNNs might fail to model other buildings with different thermal dynamics
accurately, and all the results presented herein hence have to be taken with a grain of salt.
On the other hand, however, UMAR is not an easy case study, with temperatures routinely
rising above 26 °C even in winter. Due to its east-facing glass facade, solar gains indeed play a
crucial role, and their nonlinear nature is challenging to capture. Our results are thus a good
indication of PCNNs’ ability to model nontrivial effects.

Apart from the specificity of the case study, another potential source of quantitative errors
in the results comes from the many hyperparameters of NNs — and hence PCNNs. They
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were not tuned to optimality in all the cases but rather empirically set to achieve consistent
performance. While we would not expect drastic changes for better hyperparameters, and
none that would modify our conclusions, it could still have a quantifiable impact. However,
as long as PCNNs, PiNNs, and LSTMs use the same hyperparameters, we expect the results
presented in this chapter to hold, with PCNNs achieving the best performance overall.

Beyond these considerations specific to our numerical experiments, the widespread deploy-
ment of PCNNs for building thermal modeling still faces several challenges.

Building topology. First, while only requiring access to the topology of the building signif-
icantly reduces the engineering burden compared to traditional physics-based methods, it
might not be trivial in practice. For example, the layout of the zones is usually easy to recover
from design plans, but the link with the data is often missing. In other words, knowing which
data point corresponds to which thermostat and in which zone that thermostat is located
can be complicated. While automatic topology discovery — recovering the topology of the
building from data — could solve that issue, it remains an open problem in the building sector.
Alternatively, one could borrow ideas from the automatic gray-box identification in [145]
and greedily add nodes to the topological graph to discover the topology, for example. How-
ever, this implies training several PCNNs at each step and would hence incur a significant
computational burden that would not be feasible in practice, at least for large-scale buildings.

Behavior of the physics-inspired module. The initialization and convergence of the physics-
inspired module parameters are additional significant limitations necessitating further care
before any full-scale deployment of PCNNSs. Since these physics-inspired parameters are
learned in parallel with very expressive NNs, their initial value plays a key role. Indeed, the
NNs might otherwise try to capture all the trends in the data and discard the physics-inspired
module —i.e., setting its parameters to values close to zero —, for example, similarly to what
could be observed for LSTMs and PiNNs in our experiments in Section 2.5.2. Although this
would never violate the physical consistency of PCNNs, it could lead to meaningless solutions
if the physics-inspired parameters take unrealistic values.

While the hand-crafted initialization rules described in Section 2.4.3 and used throughout this
chapter perform well for such a small-scale case study, an automated framework detecting
plausible values from data would be required to tackle large-scale buildings with several hun-
dreds of zones. Worryingly, we observed that the quality of the solution can vary significantly
if these parameters are initialized to unrealistic values. In other words, PCNNs do not always
recover physically consistent parameters from data without meaningful initial values.

To make matters worse, even after being initialized to plausible values, these physics-inspired
parameters only represent a tiny fraction of the total number of parameters while significantly
influencing PCNN predictions. The impact of backpropagation on the parameters of the
physics-inspired module requires further analysis, especially since we tune the hundreds
of parameters of the black-box module in parallel. On the one hand, we do not want the
physics-inspired parameters to change too much from the initial guess since they need to be
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consistent with the physical world; on the other, if they move too little, they will not adapt to
the data to improve accuracy. The optimal trade-off between these two paradigms to achieve
robust learning and performance remains an open question.

Data availability. Finally and critically, before considering the deployment of PCNNs, be it
for building modeling or any other application, the appropriate data has to be available. This
entails having access to all the necessary data points in sufficient quantity and high quality. As
discussed, NNs are indeed notoriously data-hungry and suffer from poor generalization. In
other words, they will try to fit undesired trends if some are present in the data.

In the case of building modeling, for example, we assumed throughout our work to have
access to individual zone power inputs, which are usually unavailable. While it can be pos-
sible to disaggregate the total power measurement into zonal ones based on system design
information, as was done for UMAR, it is not always possible to access the required data in
practice. This disaggregation function, instead of being engineered, could be learned from
data simultaneously to the other parameters of the physics-inspired and black-box modules,
as mentioned in Remark 4, but the efficacy of such a scheme to capture the true individual
powers remains an open question. Note, however, that an approximate solution might be
sufficient in practice: as long as the right total amount of thermal power is provided to the
building, it will then be distributed among the zones through heat transfers, following the laws
of physics encoded in PCNNs.

2.6.3 Outlook

Beyond training PCNNs on other data sets and buildings to assess their robustness, some of the
aforementioned limitations must be addressed before widespread adoption and large-scale
experiments. In particular, understanding how to automatically initialize the physics-inspired
module parameters and the impact the training procedure has on them requires further
analyses. Setting different learning rates for both modules and investigating what happens to
the gradient of these sensible parameters could be helpful in that regard.

Improving initialization. Instead of the data-based solution proposed in this work, one could
alternatively use SI techniques to first fit the physics-inspired module to the data. Setting
D =0 and E; = T(0), this procedure would find a solution where the physical parameters
approximately fit the data. One could then initialize all the NN weights to zero — instead of
random values — so that the PCNN learns to improve upon the performance of the physics-
inspired module, similarly to what was discussed in [146].

Note that this resembles residual models, but we would expect the physics-inspired parameters
to be updated in parallel with the NNs in the second step to adjust to the fact that the black-box
module now captures some nonlinearities in the data. In other words, in this scheme, both
modules would still be learned together, as proposed in this work and contrary to residual
models. However, the physics-inspired module would be initialized through SI techniques,
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and the black-box one would start at zero, replacing the hand-crafted-rule-based and random
initialization of both modules, respectively, used throughout this work. Interestingly, such an
approach could be seamlessly integrated with the SIMBa toolbox for SI proposed in Chapter 4,
which also relies on BPTT, as the PCNNSs proposed in this chapter.

Improving learning. In a similar vein, instead of fitting PCNNs from scratch for each new
modeling task, one could investigate how to transfer (parts of) an existing PCNN trained
with another data set or on a different building. This is a popular research topic, with several
open questions, such as: What amount of data is needed for a successful transfer? What
part of PCNNs can be transferred? How can we handle different building topologies? These
questions recently gave rise to Transfer Learning (TL) [147], a field gaining in popularity in
building applications [148] that might provide some answers. However, PCNNs have their
peculiarities rendering them more challenging to transfer than vanilly NNs. In particular, the
physics-inspired module needs to comply with the desired physical laws on the new data set.

Alternatively, training a PCNN with a large number of parameters to capture the dynamics of a
wide variety of buildings, only requiring little fine-tuning towards good performance on any
new building, could be a promising approach, similar to what was done in [114].

To ease the training of PCNNs and alleviate some of the associated computational burden
further, one could leverage curriculum learning, where the prediction horizon is gradually
increased during training, starting from one-step-ahead predictions [149]. This would allow
PCNNs to start by solving easier problems and converge to meaningful solutions before
gradually increasing the difficulty. Additionally, to simplify the learning task, the temperature
measurements data set — or the time series of any quantity of interest — could first be
decomposed into sub-components with less complex dynamics, for example, leveraging the
Fourier or wavelet decompositions. This improved the final modeling performance in [150],
for example.

Capturing more complex behaviors. These training improvements would incidentally help
to apply PCNNs to larger-scale case studies and increase in importance if more complex
indoor air quality models — not only considering the inside temperature — are desired. As
we move towards more occupant-centric building control frameworks, ever-more complex
building models will indeed be required. It would hence be interesting to investigate how
to extend the simple physics-inspired module used throughout this work to capture more
complex IAQ phenomena, in line with the humidity predictions introduced in [139].

Analyzing data requirements. In general, it would be intriguing to analyze how different
hyperparameters and — more importantly — the quantity and quality of the data influence
PCNNs. While we leveraged three years of data throughout this work, which covers all seasons
and various operating conditions, such a data set is rarely available in practice. Consequently,
it is important to understand what data PCNNs require to achieve given performance criteria.
For example, it might be possible to learn a good model for each season separately, using
(much) less data in each case than required to train a PCNN performing well all year round.
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Related to these investigations, it would be interesting to assess the potential of continuous
learning, where recently collected data points could be used to retrain PCNNs periodically after
a shorter offline training phase. This could allow PCNNs to adapt online to the slowly changing
environmental conditions, among others. If the PCNN is only expected to be accurate for a
short period of time, it might indeed be possible to maintain a well-performing model from
limited amounts of recent data, bypassing the expensive offline training phase covering all
possible operational conditions.

On the other end of the data spectrum, how to deal with large data sets — for example,
consisting of hundreds or thousands of buildings — at a reasonable computational cost
remains an open question. Leveraging techniques from federated learning and doing spatial
and/or temporal downsampling to cluster similar buildings together, similar to what was done
in [114], could speed up the learning in these cases.

Impact of other research fields. Apart from improvements to PCNNs, several other domains
could help the widespread deployment of PCNNs. As mentioned in the limitations above,
these include advances in automatic topology discovery and automatic power disaggregation
algorithms. Going one step further, it could be interesting to intervene before the data collec-
tion starts, introducing systematic procedures to link data points and the physical building
when the system is set up, following the concept of linked data, for example [151]. Depending
on the implementation of such a scheme, the building topology could also be stored with the
data so that PCNNs could have direct access to all the required information and be seamlessly
trained without any engineering effort.

Applications. Whenever PCNNSs achieve state-of-the-art accuracy, as in our case for UMAR
in this work, they could be subsequently deployed in many different applications, especially
around control. First, since they are physically consistent, they can be leveraged as trustworthy
simulation environments for DRL agents, as proposed in Chapter 3. Maybe more importantly
for practical applications nowadays — given the early stage of DRL research —, it could be
interesting to use PCNNs as thermal models in MPC controllers. In particular, since the
PCNN architecture analyzed in this chapter is power input-affine, it would result in convex
optimization procedures inside the MPC for an appropriate choice of cost function [125].
Consequently, it would provide a low-complexity MPC formulation — despite relying on NNs
in the black-box module — while bypassing the need for engineering-heavy models.

Going beyond buildings. Finally, to investigate the general potential of the proposed ar-
chitecture with a physics-inspired module being complemented by a black-box one, other
applications beyond building thermal modeling would be required. In practice, engineers
often have access to simplified physical models of the system and these could be leveraged as
physics-inspired modules. With highly expressive NNs simultaneously grasping unmodeled
effects from data, we would expect PCNNs to generally achieve high accuracy, but this theory
remains to be tested. It showed promising results for gas piston systems, for example (see
Chapter 4), but more case studies are required before drawing any definitive conclusion.
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2.6.4 Concluding remarks

This chapter introduced a novel NN architecture, dubbed PCNN, introducing expert knowl-
edge in a physics-inspired module to ground the predictions in the underlying physics. Despite
being limited to a single case study, empirical analyses showed PCNNs can achieve impressive
performance, surpassing other data-driven methods. They allow us to use NNs while avoiding
some of their pitfalls, mainly linked to their lack of generalization. Indeed, PCNNs achieved
better performance on the validation data than classical LSTMs despite being outperformed
on the training one. One should keep in mind, however, that this issue is not fully solved:
there is still an NN in the pipeline that can behave undesirably in some situations. PCNNs
are indeed only physically consistent with respect to the inputs treated accordingly in the
physics-inspired module.

Nonetheless, overall, we hope that PCNNs can pave the way for potentially large-scale NN-
based models able to simultaneously provide state-of-the-art performance and physical
guarantees for building thermal modeling and beyond.
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8] Prospects and hurdles of Deep Re-
inforcement Learning for building
control

Following the discussion on the importance of advanced building control methods in Sec-
tion 1.1, this chapter investigates the potential of DRL policies in that context. We start by
defining the characteristics of an ideal building controller and discussing the advantages and
disadvantages of existing control methods. Along this analysis, we argue in favor of compu-
tationally lightweight, constrained, and efficient model-free DRL solutions. We then report
two case studies supporting the feasibility of such controllers in Sections 3.3-3.4, paving the
way towards model-free DRL agents that could be deployed from scratch in buildings and
automatically learn to optimize operations at large-scale.

3.1 The potential of model-free Deep Reinforcement Learning

Buildings are characterized by slow thermal dynamics, i.e., it takes several minutes for heating
to have a noticeable impact on the temperature, for example. Practitioners thus often choose
a time step of 10-15 min for high-level controllers focused on energy minimization [28]. This
implies that only a few control decisions and data samples can be taken daily, rendering
real-world experiments challenging [14, 144]. Furthermore, occupants play a major role
in terms of disturbances — they provide additional heat gains and can open doors and
windows, for example — and comfort preferences [144, 152]. This adds to the fact that every
building presents distinct thermal dynamics and Heating, Ventilation, and Air Conditioning
(HVAC) facilities and reacts differently to various disturbances. These disturbances — mainly
stemming from weather conditions and the behavior of the occupants — can also vary widely
from one building to another depending on its location or the occupants’ habits, among others.
Overall, we hence require adaptive control solutions able to adjust to each building [28].

Throughout this chapter, we differentiate between offline methods, which use a fixed historical
data set to train a model or a control policy before deploying it on the system, and online
approaches, which learn a model or a control policy while controlling the system and collecting
data. Note that both ideas can be combined, and we may then refer to the offline and online
phases as the pre-training and fine-tuning procedures, respectively.
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3.1.1 Requirements of an ideal building controller

To ensure its widespread adoption, we argue that an ideal building controller should meet

the following requirements, inspired and adapted from the points raised in [15, 28, 153, 154]:

R1.

R2.

R3.

R4.

R5.

R6.

R7.

Optimality: First, an ideal controller should naturally achieve optimal system-wide
performance, i.e., use the least possible energy while satisfying the comfort of the
occupants.

Robustness to disturbances: Building thermal dynamics are heavily impacted by dis-
turbances, and an ideal controller should be robust and react accordingly to perform
optimally in any condition — during a sunny summer day or a snowy winter one and
whether occupants are present or not, for example.

Constraint satisfaction: Although maintaining a comfortable indoor environment is a
soft constraint in our setting — violations will not break the system and might not even
affect the occupants —, any controller deployed in a real-world application needs to
respect the preferences of the occupants to avoid complaints to achieve widespread
adoption. This calls for control solutions that can handle (soft) constraints, i.e., limit the
total time and amount of constraint violations.

Lifetime adaptability: An ideal controller should detect changes in building dynamics
due to different occupant preferences, retrofitting operations, or aging of the compo-
nents. It should continuously adapt its behavior and provide adequate responses. This
is also known as continuous commissioning [155].

Scalability: Deploying an advanced thermal controller in a modern smart building
might entail coupling it with solar Photovoltaic (PV) electric energy production, bat-
teries, Battery Electric Vehicles (BEVs), and appliance scheduling, among others [41].
Furthermore, occupants might be sensitive not only to the indoor temperature but also
to the relative humidity and air movements, for example, and react differently to these
conditions depending on their personalized comfort preferences [144]. These issues
naturally amplify with the size of the building to optimize, and an ideal control solution
should thus be able to deal with large numbers of variables and control actions.
Transferability: Since every building is different, an ideal control method should be
system-agnostic and out-of-the-box to undergo widespread adoption. This is required to
alleviate the engineering effort associated with manual interventions during deployment
and avoid prohibitively expensive solutions.!

Fast convergence (online): While online methods naturally need time to adapt to a
building when deployed, contrary to offline ones, an ideal controller should not take
months or years before reaching satisfactory performance. It could otherwise consume
significant amounts of energy and incur unacceptable discomfort for the occupants.

In this chapter, transferability refers to system-agnostic methods that can seamlessly be deployed in any
building once they have been developed. This is slightly different from its classical definition in the TL literature,
where transferring a policy generally refers to taking information from one building, transferring (part of) the
corresponding data, model [147], or control policy [156] to another one, and then fine-tuning the controller on the
new task. TL could benefit any data-driven controller, alleviating R6 and R7 to some extent. However, whether it
can fully solve the transferability issue in practice — according to our definition — remains an open question.
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BO-RBC 0] + + ++ - + -
MPC + ++ ++ - __b __b /
DPC + o o - o - /
DeePC o) + ++ +€ - - o)
Online MPC + + -b _b +
Vanilla DRL ++7 — —— ++ — i __
Safe DRL o - ++ + o ++ _—
Backup-DRL o} - + ++ ++ —_
Online MBDRL + - _ ++ _b b o
MPC-DRL + + + i __b _b o
IL-DRL + - o ++ - - +
ReL-DRL + 0 - ++ - - +
Offline DRL ++4 + + ++ _b _b /
otomopmr. |+ + ! " | 3

Glossary: RBC: Rule-based control, BO-RBC: RBC tuned with Bayesian Optimization, MPC: Model Predictive Control with
a fixed model learned before deployment, DPC: Differentiable Predictive Control, DeePC: Data-enabled Predictive Control,

Online MPC: MPC with online model update, Vanilla DRL: Online model-free Deep Reinforcement Learning,

Safe DRL: Constrained policy optimization methods, Backup-DRL: DRL with safety backup controllers,
Online MBDRL: Model-based DRL with online model update, MPC-DRL: Methods merging MPC and DRL,
IL-DRL: DRL with Imitation Learning (IL), i.e., the policy first learns to imitate an existing controller offline,

ReL-DRL: DRL with Residual Learning (ReL), i.e., the DRL agent interacts with another controller for assistance,

Offline DRL: DRL agents leveraging a building simulator to train offline before deployment,

Potential of CEO-DRL: The potential of Constrained and Efficient Online model-free DRL algorithms discussed in this chapter.

« »,

“w. o,

Keys: “—-": particularly challenging, “-”: not met in general, “0”: neutral or unknown,

“w n,

+": partially met (i.e., nontrivial or not always met), “++”: met in general, “/”: not applicable.

%While any offline method can be extended to be updated online and satisfy R4, we consider them separately for clarity here.

bThese challenges might be alleviated through the use of data-driven modeling techniques like PCNNs (Chapter 2) or SIMBa (Chapter 4).

“While the vanilla version of DeePC does not adapt to new data online, recent indications hint that it can indeed be done [157].

dSince they do not rely on the accuracy of a model online, these methods might outperform model-based approaches.
¢Analyzed in Section 3.3.

! Analyzed in Section 3.4.

Table 3.1: Qualitative assessment of the potential of different building control methods
to satisfy the seven identified requirements of an ideal controller, summarized from the

discussion in Sections 3.1.2 and 3.1.3.
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In light of the aforementioned seven requirements of an ideal building control method, let us
now discuss the advantages and disadvantages of existing approaches. A qualitative summary
of the following two sections can be found in Table 3.1.

3.1.2 From classical to data-driven adaptive control methods
RBC: Rule-based controllers

While manually tuned RBCs still dominate current building industry practices, they usually
fail to achieve system-wide optimal performance, even for simple problems, and hence do not
meet R1 and R5 in general [15, 28]. Furthermore, an RBC will only satisfy R2-R3 if it has been
expertly tuned to react to every disturbance and constraint, a challenging task even for a single
control variable [158]. This also means that R4-R6 are generally not met by RBCs: adapting
to changes online would indeed require retuning the parameters every time the dynamics or
the occupants change, and scalability and transferability cannot be achieved with a controller
that requires heavy manual tuning for each application [16].

BO-RBC: Automatic tuning of rule-based controllers

Since the main issues with RBCs stem from the tedious manual tuning procedure required
to achieve good performance, automatic tuning algorithms, typically based on Bayesian
Optimization (BO) [159], might lead to significant improvement. This allows RBCs to satisfy
R4 and R6 since they can be optimized from scratch on any building and keep updating
the parameters throughout their lifetime. BO-RBC combinations were already successfully
demonstrated for building control in [160, 161]. Remarkably, vanilla BO can be extended to
handle contextual inputs and constraints, hence naturally meeting R2-R3 [162-164]. However,
R1 remains an open question in general, as the performance of RBCs is limited by the chosen
rules.

Worse yet, R5 is not met by these autotuning methods since BO is infamously known for
its computational complexity in high dimensions [165]. To mitigate this scalability issue,
DRL could also be used for RBC tuning (as in [166], for example), but the efficacy of such a
scheme has yet to be tested for building control and might fail to incorporate constraints (R3).
Furthermore, it would most likely be hindered by the slow dynamics of buildings since DRL
is infamous for its poor sample complexity [29]. Although this might be mitigated to some
extent through entropy maximization to ensure sufficient exploration of the state-space, as
proposed by [167], it still took several hundreds of episodes to converge on a straightforward
proportional-integral-derivative controller tuning problem. If the building RBC parameters
are only updated daily, like in [160, 161], for example, it might take months or years to find
well-performing parameters, jeopardizing R7. Note that, despite being more sample efficient
than DRL, tuning three parameters with BO — and only for the heating season — still took
several months to converge in [161].
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MPC: Model Predictive Control

MPC is arguably the most popular advanced building control method, but it has not yet
been widely accepted by the industry, mainly because of the high associated engineering and
installation costs [7, 28, 168, 169]. Since it relies on an explicit model of the system to predict
future trajectories and then solves a constrained optimization problem at each step, MPC
achieves near-optimality, is robust to disturbances, and satisfies constraints by design (R1-R3),
provided detailed forecasts of the disturbances are available and the model is accurate. These
are however strong assumptions in practice.

On the other hand, in its offline form, i.e., when the model is not adapted online, R4 is not
satisfied [13]. Furthermore, the model of the building’s thermal dynamics — or any variable of
interest — at the core of any MPC controller plays a crucial role; imprecise models can indeed
lead to poor control performance [170, 171]. This shifts the burden back to finding accurate
building models, a nontrivial task, as extensively discussed in Section 2.1.2. MPC thus satisfies
neither scalability nor transferability in general (R5-R6), especially if it relies on cumbersome
white-box models.

Leveraging data-driven models. To alleviate the burden of engineering models, one can
instead use gray- or black-box models in MPC, such as linear [172], random forest [17], Gaus-
sian process [173], or NN [174] models, for example. Note that there is usually a trade-off
here between model complexity — often positively correlated to the final performance of
MPC in building applications [175] — and the associated computational complexity of the
optimization problem at inference time. This influences the ability of MPC controllers to
simultaneously meet R1 and R5: more complex models will be required to solve large-scale
problems with satisfactory performance (R1), leading to more complicated optimization
procedures and thus hindering R5.

Interestingly, the PCNNs proposed in Chapter 2 could be ideal candidates to solve this trade-
off since they can be input-affine (Remark 9) — leading to convex optimization procedures
inside the MPC for adequate choices of cost function [125] — while reaching state-of-the-art
accuracy without engineering overhead. Consequently, a PCNN-MPC framework could be
expected to simultaneously achieve near-optimality and scalability (R1 and R5), provided
accurate disturbance forecasts are available.

As a predictive control method, MPC indeed relies on disturbance forecasts to optimize the
control inputs, and it is known to be sensitive to their precision [171, 176]. This limits its ability
to scale to more complex problems in general (R5) — even if a well-performing model of the
dynamics were accessible for any building — since each disturbance would need an accurate
forecast model (the PV production or the BEV schedule, for example). In fact, solely grasping
the impact of occupants is a complex task with a research field of its own [177-179]. Coupled
with the fact that possibly extensive data sets would be required for each building to develop
such data-driven MPCs, transferability is still out of reach of standard MPC controllers (R6).
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Remark 15. Combining ideas from PCNNs in Chapter 2 and SIMBa in Chapter 4 may enable
the creation of a pipeline capable of simultaneously identifying the behavior of all the variables
and disturbances from historical data. This could be a significant step towards MPC controllers
satisfying all the requirements except R4, but significant effort is still required to create building-
agnostic identification methods capable of capturing all the complexities of the building control
problem to achieve scalability and transferability (R5-R6). Furthermore, such a controller could
only be deployed after an initial data collection phase.

DPC: Differentiable Predictive Control

As another means to reconciliate performance and scalability (R1 and R5) for MPCs, Drgotia
et al. recently introduced the Differentiable Predictive Control (DPC) framework [180]. DPC
only requires an offline data set to learn a neural state-space model and a control policy able
to handle state and input constraints. In other words, it acts as a proxy for an MPC, bypassing
the optimization procedure, similar in spirit to approximate MPC frameworks like [181, 182].
DPC was applied to building control in [183] and presents the potential to meet both R1 and
R5, as PCNN-MPC.

On the other hand, it has the same drawbacks as other data-driven MPCs concerning data and
forecast requirements, which hinder scalability and transferability (R5-R6). Since it relies on
NNs, DPC might also suffer from their generalization issue (Section 2.1.1) and perform poorly
for unexpected disturbances (R2). Additionally, it might fail to respect constraints (R3) since
the latter are only incorporated through penalties in the loss function and not hard-coded like
in MPC [183].

DeePC: Behavioral approaches

To avoid pitfalls associated with finding a suitable model for MPC, researchers have recently
leveraged Willem’s fundamental lemma [184] for direct controller design. For Linear Time-
Invariant (LTI) systems, this lemma gives sufficient conditions under which any trajectory
of a system can be represented as a linear combination of the input/output Hankel matrix’
columns. In other words, all future trajectories of an LTI system can be predicted from a past
one, provided the latter is sufficiently excited. This recently led to the rise of Data-enabled
Predictive Control (DeePC) approaches, where past data is used instead of a model to predict
future trajectories [185]. It has been applied to building control in [186, 187], for example.

As a predictive method, DeePC naturally satisfies constraints R3 as long as the building dy-
namics are linear and the historical data set is sufficiently excited. However, the vanilla DeePC
version assumes no measurement noise and is not robust to disturbances in practices [188].
To satisfy R2, one can instead leverage one of the several schemes introduced to robustify
DeePC against noise, such as [188, 189]. On top of these improvements, one can consider
online time-varying Hankel matrices to adapt to the changing building dynamics online and
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satisfy R4. However, this raises questions about which data to retain and discard at each step to
attain the best performance in general [190]. A very promising direction to solve this dilemma
was recently provided in [157], where an efficient update algorithm was proposed. It allows for
fast online computations even with a growing amount of data by transforming the original
DeePC problem into a lower-dimensional one of fixed complexity.

On the other hand, for the lemma to hold, one needs to ensure the persistency of excitation of
the inputs, which requires an additional mechanism for real-world experiments, as discussed
in [188], complicating the deployment of DeePC. To make matters worse, the data require-
ments for DeePC to perform adequately likely differ from one building to another, with two
to thirty days being selected in [188, 190] depending on the setting, for example. Note that
less data might be required if the Hankel matrix is periodically updated online to capture new
conditions. Combined with the notorious difficulty of tuning DeePC controllers [188, 191],
this approach does not scale or transfer well yet (R5-R6).

Finally and more critically, DeePC relies on the linearity of the underlying system to lever-
age Willem’s fundamental lemma. While the temperature dynamics of a thermal zone are
approximately linear, this characteristic will not persist for more complex case studies (R5),
and we cannot expect DeePC to achieve global near-optimal performance in general (R1).
Finally, as MPC and DPC, DeePC still relies on forecasts of all the disturbances, complicating
its deployment in large-scale applications and transferability (R6-R6), as discussed above.

Online MPC: Model Predictive Control with online model update

To alleviate the issues stemming from finding accurate building models — or a substantial
amount of high-quality data for data-driven techniques —, one can learn or refine the model
online while controlling the system [192]. Traditional approaches usually start from a model
learned offline and periodically refit its parameters given the newly collected data to improve
the performance of MPC controllers [33, 193-196].

In a similar vein, any of the data-driven MPC or DPC approaches discussed above could
be extended to satisfy R4 by periodically updating their corresponding model online. Each
method would keep its advantages (R1-R3) and inconveniences (R5-R6), mainly stemming
from the need for accurate disturbance forecasts if the models can be fully learned online,
like in [197]. However, this is the exception rather than the rule since most approaches first
initialize the models offline [193-196] and hence suffer from the same pitfalls as classical
methods during that phase. On the other hand, for data-driven modeling techniques, less data
might be required than in the purely offline case since the model is then fine-tuned online to
improve its accuracy under new circumstances [33].

Even if a model were to be fully identified online, similarly to the discussion on adaptive
DeePC, the optimal updating procedure and frequency remain open questions, with models
being updated weekly using the past month of data in [195] or being updated daily using the
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entire data set in [196], for example. Additionally, it is likely building- and problem-dependent,
further complicating scalability and transferability (R5-R6). Finally, since the model is updated
online in that case, the performance could suffer during the learning phase (R7). Nonetheless,
online MPC seems to quickly provide acceptable results in practice, mainly thanks to its
ability to incorporate constraints. This allows it to usually not behave catastrophically online,
especially after some offline model pre-training, as exemplified by the results in [193-197].

A promising pipeline. One promising approach was proposed in [33], where an online
NN-MPC was coupled with an outlier detector and a fallback controller. The main idea of the
former is to detect whether the NN model can be trusted before applying the MPC control
inputs to the building and fall back to the safe controller otherwise. Remarkably, this avoids
the pitfalls associated with the generalization issue of NNs (Section 2.1.1). Since the NN is
periodically re-trained, it safely learns to accurately capture new operating points, in turn
decreasing the need for the backup controller throughout the deployment time.

This scheme provides a generic solution applicable to many buildings and enjoys promising
scalability and transferability properties, alleviating R5-R6 to some extent. However, distur-
bance forecasts are still required, and using NNs as models might lead to complex optimization
procedures for the MPC at inference time, complicating large-scale applications (R5).2 Fur-
thermore, more complex problems would require NNs with more parameters to be accurately
modeled. This, in turn, would necessitate larger data sets to initially fit the model offline and
achieve satisfactory performance online in a reasonable amount of time, i.e., avoid falling back
to the backup controller too often during the learning phase (R7). Nonetheless, we suspect that
leveraging PCNNs (Chapter 2) in such a pipeline might lead to controllers satisfying R1-R6.

3.1.3 Deep Reinforcement Learning

Instead of anticipating the impact of various actions in order to choose the best one, as in the
predictive methods discussed above, RL agents traditionally directly interact with the system
and do not require access to a model. At each time step, they choose an action depending on
the observed state of the environment,3 get rewarded for it, and the environment moves to the
next state. All RL algorithms aim at maximizing long-term rewards via trial and error [19].

DRL — RL with NN-based control policies — rose to prominence after achieving ground-
breaking and even superhuman performance on Atari games in 2013 [198]. However, its main
successes are often limited to simulated environments or systems that can be accurately
modeled (for example, [199-201]). State-of-the-art real-world applications of DRL are indeed
usually only possible after first training in simulation in fields like robotics [202], plasma
control [64], or drone racing [203], among others. This stems from the challenges arising from
real-world DRL applications, including the fact that agents should be able to learn from limited

2This can be alleviated in practice by using input-affine NNs, such as the PCNNs proposed in Chapter 2.
3The system is often referred to as the environment in the RL literature; both words will be used interchangeably
throughout this chapter.
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samples and respect system constraints at all times [204]. Indeed, robots or drones can only
fail in simulation to avoid breaking the physical system, for example — and failures are gener-
ally required to teach DRL agents how to avoid them due to their trial-and-error paradigm.
Even if the right choice of DRL algorithm and hyperparameters can lead to successful learning
on real robots, efficiency and stability remain significant challenges in practice [205].

Note that there is some confusion around the meaning of model-free and model-based DRL
in the literature. The latter traditionally encompasses algorithmsleveraging a model of the
environment (possibly learned online) to improve the learning efficiency by generating arti-
ficial trajectories, going beyond the standard trial-and-error nature of DRL. However, it can
also refer to DRL pipelines requiring access to a model — typically for offline pre-training
— even if the training algorithm itself does not use the model and still relies purely on trial
and error. Throughout this work, we follow the latter definition, arguing that any need for a
model, be it for pre-training or as part of the learning algorithm, inherently renders a method
model-based.

Applying DRL to building control

Following its success on various tasks, DRL has recently also gained popularity in the context of
building control, replacing its old tabular RL counterpart [14, 31, 41, 206]. However, it remains
very data-inefficient in practice [29, 207], and DRL agents struggle to converge to meaningful
solutions in a reasonable amount of time — mainly because of the slow thermal building
dynamics. A vanilla model-free DRL agent can indeed take months or years to converge to
satisfactory performance, all the while not guaranteeing the comfort of the occupants [14, 30,
31, 208]. Even after achieving satisfactory training performance, DRL agents might still react
unexpectedly to new environmental conditions the NN-based policy has never seen before,
i.e., fail to generalize (Section 2.1.1). Thus, neither R2-R3 nor R7 are generally met [13].

Final performance potential. On the other hand, if the agents continuously update their pol-
icy while interacting with the system, they naturally adapt to changing building dynamics and
hence meet R4. Furthermore, although the final performance of DRL agents remains an open
question in practice, there are indications that they can indeed find well-performing control
policies [209-212], or at least achieve a performance close to MPC [213], hence addressing
R1. This contradicts the findings in [13] to some extent, where a tuned MPC significantly
outperformed many DRL agents with different hyperparameters. However, the MPC had per-
fect knowledge of all disturbances, and some hyperparameter choices still led to DRL agents
achieving near-optimal performance. This confirms that finding the right hyperparameters
and reward function to get the best performance out of DRL agents is generally challenging —
and probably building-dependent [43].

Scalability and transferability potential. Since it learns solely from interactions with the
environment, DRL is system-agnostic and hence presents great transferability potential (R6).
Additionally, there are indications that DRL agents can scale to complex building control prob-
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lems and hence satisfy R5 [14, 41, 206]. Scalability is also usually less challenging compared
to optimization-based predictive methods since DRL policies only require a forward pass
through an NN at inference time, a relatively computationally lightweight operation [213].
Furthermore, DRL agents only require access to the current state of the system online in
principle, implicitly learning to anticipate future disturbances and bypassing the need for
accurate forecasts of predictive methods, which also helps meet R5-R6.*

Meeting constraints (R3)

Safe DRL. First, one could borrow tools from the vast safe RL literature [216, 217] based on
constrained policy optimization [218, 219], for example, to handle constraints and satisfy R3.
Alternatively, one could learn neural Lyapunov or barrier functions in parallel with the control
policy to guarantee the stability or safety of DRL agents [220]. However, these approaches
would not improve the robustness to new disturbances (R2) while adding further computa-
tional complexity, hence impacting the scalability and convergence speed and jeopardizing
R5 and R7 further.

Backup-DRL. To ensure the satisfaction of the occupants at deployment time and avoid
catastrophic failures of the agents, many practical implementations of DRL in buildings
leverage backup controllers [20, 214, 221, 222]. Usually, people either fall back on some
known safe policy [223-225] or correct the actions of the agent [226] as soon as they are
deemed unsafe.® Classifying actions as safe or unsafe can be achieved by defining ad-hoc
rules [222-225], constructing a shield from temporal logic specifications [227], learning when
to switch [228, 229], or using a model (see below), among others. One key limitation here is that
agents are saturated and usually cannot learn from their mistakes [226]; frequent interventions
of the backup controller might hence hinder learning, leading to slower convergence R7 and
potentially inducing sub-optimality R1.

Addressing robustness, constraint satisfaction, and convergence speed (R2, R3, and R7)

Despite the pitfalls associated with finding accurate building models discussed in Chapter 2,
researchers often turn back to model-based methods to help DRL agents to satisfy R2, R3, and
R7 in practice. Rather than solely relying on interactions with the system, as in the model-free
case, Model-Based DRL (MBDRL) agents indeed leverage a model of the environment to
help with robustness, constraint satisfaction, or data efficiency, i.e., reduce the number of
interactions with the physical system. This section provides a non-exhaustive overview of
possible approaches.

4Note that if disturbance forecasts are available, they can also be included in DRL applications, either extending
the state space [43] or biasing Q-values towards forecasts for better estimation of future returns [214], for example.
This might improve performance and should hence be considered whenever possible [212, 215].

5We follow the traditional characterization of safe and unsafe actions even if we are dealing with soft constraints
that do not pose safety challenges per se. In this chapter, an unsafe action could be an action incurring discomfort
to the occupants or leading to unreasonable energy consumption, for example.
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Online MBDRL. To alleviate the issues linked to R7 to some extent, traditional MBDRL
methods leverage models for planning — also known as hallucinating trajectories — during
learning and artificially augment the data collection frequency, decreasing the number of
interactions required with the environment [20, 230-234]. While this alleviates the sample
complexity problem of model-free DRL agents to some extent (R7), it raises several new
issues concerning the construction of an accurate model online to achieve scalability and
transferability (R5-R6), as in the online MPC case discussed above. For example, enough
data must first be collected before a well-performing and hence trustworthy model of the
environment can be built and leveraged [235]. Furthermore, if the model is learned online,
one has to ensure the DRL agent explores the environment sufficiently — but safely — to
build a representative model [230]. Worryingly, a small bias in the model can significantly
impact the final performance of DRL agents [236]. To make matters worse, optimizing the
model accuracy can be uncorrelated with maximizing the rewards, leading to suboptimal
control policies that maximize the rewards for the learned model but achieve suboptimal
performance on the real system [237, 238].

All these problems are amplified if NNs are used as models, as is often the case in MBDRL,
since their generalization issues could generate misleading trajectories and bias the control
policy towards wrong behaviors, limiting the ability of such controllers to be robust to new
disturbances and handle constraints to satisfy R2-R3 [20, 32, 210, 232, 234, 239, 240]. Note
that using NNs is not necessary, and it might be possible to accelerate convergence (R7) by
leveraging low-complexity models instead, as demonstrated in [241], for example.

Leveraging SIMBa. Alternatively, one could apply automatic linear or almost linear SI tools
like SIMBa from Chapter 4 to design promising online MBDRL applications. A framework
like SIMBa could indeed retain good model accuracy but low complexity, decreasing the
amount of data required to find accurate models and thus potentially allowing for online-only
MBDRL. As for other online methods, however, the model update procedure and frequency to
achieve good performance over the lifetime of the building (R1, R4) remains an open question,
hindering its widespread adoption and application to large-scale problems (R5-R6).

MPC-DRL: Merging MPC and DRL. To deal with R2-R3, several works proposed merging DRLs
ability to learn online and MPC'’s robustness capability to handle constraints. For example,
DRL has been used to modify the cost function parameters [242, 243] or learn the system
model [238] of MPC frameworks online. Given the ability of DRL to account for long-term
rewards, it can also be merged as the final cost in an MPC, shortening the horizon of the
optimization problem to decrease the associated computational burden [239]. Alternatively,
DRL has also been leveraged to learn lifting functions in Koopman-based approaches, inducing
convex optimization procedures that are easier to solve online [244]. Conversely, inspired
by MPC'’s predictive nature, a model can be leveraged to predict which actions are safe. One
can then modify unsafe actions of DRL agents at each time step leveraging differentiable
projections [245], solving an optimization problem [226], or using heuristic corrections [209,
246], for example.
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While it does alleviate issues of DRL related to robustness and constraint satisfaction (R2-R3),
merging DRL and MPC however introduces additional computational complexity and reliance
on models® and disturbances forecasts,” hence jeopardizing the inherent scalability and
transferability of vanilla DRL methods (R5-R6), as discussed for MPC.

IL-DRL: Imitation learning. To augment the data efficiency of DRL agents, one can also
leverage behavioral cloning [247] or learn from expert demonstrations [248, 249], such as
applied for building control in [30, 42, 238]. We collectively refer to these approaches as
Imitation Learning (IL) herein. The main idea is to pre-train DRL agents by first imitating
another controller offline on a fixed data set, i.e., learning to replicate the behavior of the
controller used for the data collection. This can potentially increase the robustness, the
ability to handle constraints, and the convergence speed of DRL policies (R2-R3, R7), but it
is naturally heavily influenced by the quality of the controller to imitate [153]. Furthermore,
as a supervised learning task, it falls under the same generalization issues to unseen data
as classical NNs (see Section 2.1.1): it might require access to a large historical data set and
control policies solely learned offline cannot be expected to perform well in states that are not
represented in the data [250].

The dependence on the data collection controller introduces new challenges on top of data
availability in terms of scalability and transferability for IL. Indeed, since implementing well-
performing building-agnostic controllers for large-scale problems is nontrivial, as discussed,
having access to a good baseline to imitate in any large-scale case study is a strong assumption
that is often not met in practice (R5-R6). Furthermore, even a pre-trained policy can still
require one year to converge to the performance of a baseline controller when deployed in the
building [251] — even if it converges faster than when learning from scratch, it might not be
sufficient to satisfy R7. Nonetheless, other works reported promising results, with IL-based
DRL policies achieving performance similar to the baseline after a few days only and rapidly
learning to improve upon it in [30], for example. In general, IL allows one to warm start control
policies and can be very useful in practice, but it should then be combined with other methods
to ensure satisfactory performance on physical systems.

ReL-DRL: Residual learning. Rather than directly imitating a controller from data, if the
baseline or expert policy is known, DRL agents can be trained to improve the performance of
this base controller instead of learning everything from scratch, leading to various forms of
Residual Learning (ReL) [212, 252, 253]. For example, one can separate the learning problem
into different sub-tasks, letting DRL agents optimize the most complex ones while taking care
of the other cases with RBCs [213]. Alternatively, both controllers can be merged, computing
the final control input as a weighted sum of the prior and DRL controllers [246, 254]. In other
lines of work, RBCs were used as guidance for DRL agents in the initial stage of learning in [255]
or to restrict exploration by restraining the agent’s outputs to lie close to the RBC ones [212].

8Even if the model is learned, such as in Gnu-RL, finding the right structure is still not trivial [238].
“Except when the MPC is run with a single-step horizon [239].
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ReL can significantly accelerate convergence [213] to help meet R7 but is naturally limited
by the quality of the baseline controller, unless a fading mechanism is leveraged to decrease
its importance over time, such as in [255]. ReL hence requires access to a well-performing
prior controller, limiting its widespread adoption for large-scale applications, as discussed for
IL (R5-R6). Finally, it does not solve robustness and constraint satisfaction issues in general
since the DRL policy can usually overrule the baseline controller and behave similarly to a
vanilla DRL agent (R2-R3).

Offline DRL. Instead of imitating or complementing a prior controller, one can also leverage
a simulation environment to pre-train agents offline [64, 202, 203], as applied for building
control in [15, 208], for example.? We can expect these agents to satisfy R7, i.e., they should
perform well since the start of the deployment in the physical building as long as the simulator
is accurate.

Indeed, the main challenge stemming from offline DRL training is the Sim2Real gap, i.e., the
performance drop between simulations and real-world deployments [257, 258]. Because of the
generalization issue of NN-based policies (Section 2.1.1), adequate performance can not be
ensured in situations not represented in simulation (R2) [259]. Soft data augmentation [260]
or the more classical domain randomization [261] approach can alleviate this problem to
some extent. The main idea behind domain randomization is to run extensive simulations
with different parameters and disturbances to train DRL agents to react to any situation and
constraints, which can help in satisfying R2-R3. One can go further and pre-train agents to
react not only to various external conditions but also to building characteristics, temperature
setpoints, or electricity prices, for example, similarly to what was done in [42], as a step
towards satisfying R6. However, such a scheme drastically increases the training time required
to incorporate all possible scenarios in DRL agents.

Note that there are no guarantees that such a pre-train agent will satisfy the comfort of
the occupants after deployment (R3), as the constraints are not hard-coded in the control
policy [123]. Additionally, with or without domain randomization, the quality of the learned
policy naturally depends on the accuracy of the chosen simulator, which has to accurately
capture the main building dynamics for DRL policies to perform well [20, 32, 239, 240]. While
offline pre-training does help mitigate issues related to R2-R3, it might thus not always satisfy
these requirements. In sum, it shifts the burden back to modeling [262] and hence suffers
from the same pitfalls as the other offline model-based methods in terms of scalability and
transferability (R5-R6).

Leveraging PCNNs. Remarkably, merging offline DRL with the state-of-the-art data-driven
PCNNs provided in Chapter 2 to pre-train agents could potentially achieve impressive per-
formance without any heavy engineering, as hinted in [154]. At the cost of significant com-

8Note that, contrary to MPC applications, the simulator does not require any specific (low-complexity) structure
since no optimization needs to be run at each step [43]. Nonetheless, previous works hinted that low-complexity
simulators could already allow DRL agents to learn desired behaviors, such as preheating, provided the model is
physically consistent [256].
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putational complexity to introduce extensive domain randomization analyses with PCNNs
— to improve the robustness and constraint handling of DRL agents, going towards the satis-
faction of R2-R3 — and then letting DRL agents learn over the entire deployment period to
adapt to new building dynamics (R4), this could be a step towards controllers meeting all the
requirements. However, this pipeline depends on the availability of large amounts of historical
data to first fit PCNNs. This is typically unavailable in new buildings or buildings where one
would want to install such new technology, limiting the scalability and transferability of such
a pipeline (R5-R6). Furthermore, its final performance remains to be carefully analyzed (R1).

3.1.4 Towards computationally efficient constrained near-optimal online DRL

In light of the discussions above, the rest of this chapter aims to provide tools paving the
way toward DRL agents able to fulfill all the seven requirements R1-R7. Although several
interesting research directions exist, we postulate that model-free DRL algorithms make
ideal candidates to avoid the scalability and transferability issues linked to models (R5-R6).

Additionally, vanilla model-free DRL agents performed close to MBDRL on two out of three
case studies in [233], especially on the most complex one. This hints at their ability to compete
with more computationally intensive model-based DRL solutions. Nagy et al. even reported
results where the model-free version outperformed the model-based one [210]. On top of that,
online model-free DRL can achieve performance close to offline pre-trained agents after a
few weeks in [30, 43], suggesting that model-free DRL has the potential to rapidly perform
comparably to its model-based pre-trained counterpart. Despite these promises, however,
there is still a need for efficient DRL agents converging in a reasonable time for any building
(R7) and that can react to any disturbance (R2) and satisfy the comfort of the occupants at
all times (R3), all the while achieving near-optimal performance (R1).

Since we cannot afford to wait weeks for each DRL agent to converge on a physical building
and assess its performance, we naturally turn back to simulations for our analyses, leveraging
the PCNNs proposed in Chapter 2 as simulation environments in the rest of this chapter.®
This allows us to test various hypotheses and investigate solutions paving the way for system-
agnostic model-free DRL building controllers satisfying R1-R7.

Summarized contributions

Despite adaptability, scalability, and transferability (R4-R6) being important requirements
for real-world deployments, as discussed above, they are generally satisfied by model-free
online DRL algorithms and are not considered in detail in the rest of this chapter. Instead,
we focus on a relatively simple case study where DRL agents minimize the thermal energy
consumption of a single zone while maintaining the temperature inside in a comfortable

9We also subsequently deployed one of the trained agents in the corresponding physical building for a qualitative
assessment of the Sim2Real gap, confirming the validity of our results (Section 3.3.4).
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range for the occupants. Our investigations can thus be seen as a proof of concept or feasibility
study of model-free DRL controllers achieving near-optimality under any condition while
guaranteeing the comfort of the occupant and converging in a reasonable amount of time,
hence satisfying R1-R3 and R7. Since our implementations do not add any computational
complexity, we argue they should not significantly hinder the ability of DRL controllers to be
scaled and transferred to other buildings (R5-R6).

Near-optimality of model-free DRL. After some preliminaries in Section 3.2, Section 3.3
first provides an extensive analysis of the final performance achieved by model-free DRL
agents in this case study, delivering additional evidence of their ability to reach near-optimal
performance and thus meet R1. These investigations complement the results found in [209-
211], but in several different settings and using a more accurate simulation environment.

Safe and computationally efficient DRL. As a first step towards the satisfaction of R2-R3, and
R7, Section 3.4 then analyzes one way to transfer expert knowledge to DRL agents. This will
allow us to simultaneously guarantee adequate indoor thermal comfort for the occupants in
any conditions (going towards the satisfaction of R2-R3) and avoid exploring sub-optimal
state-action pairs for faster convergence (R7). Remarkably, the proposed interventions are
computationally lightweight to avoid jeopardizing scalability and transferability (R5-R6).

Altogether, while limited to a single case study and the low-complexity framework of only
controlling one zone temperature, our investigations point towards the ability of model-free
DRL controllers to meet R1-R7. In practice, this would mean such controllers could be
deployed from scratch in any building and learn to optimize their operations, bypassing
the need for historical data or accurate models while being computationally inexpensive.

3.2 Preliminaries

3.2.1 Basics of Reinforcement Learning

RL problems are usually formulated as Markov Decision Processes (MDPs), which are rep-
resented by tuples < S, 4, P, po, 1,y >, where S is the state space, A the action space, P =
P(s'ls, a) the probability of transitioning from state s € S to s’ € S when action a € A is taken,
po the initial state distribution, r = r(s, a) the reward function, and 0 < y < 1 the discount
factor [19].

At each time step ¢, given an observation s; of the state of the environment, the RL agent
chooses a;. The environment then transitions to s;;; according to P and sends the new state
and r (s, a;) to the agent. The objective of any RL algorithm is to find a policy n(als;) that
maximizes the expected discounted cumulative returns:

Y y'rGsnal| . 3.1)

=0

J(7) = Esy~po, ar~nCls), sii1~Plssar)
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To that end, many algorithms rely on learning an approximation of this objective, namely the
Q-function, which estimates the expected return the agent will receive if it takes action a in
state s and then follows the current policy 7:

o0
Q" (8, @ =Ea,~n(is), si~PGsuan | 2 Y T(st,adlso=s,ap=al . (3.2)
=0

The Q-function and policy are often dubbed the critic and actor, respectively.

In our experiments, we rely on the e-greedy strategy for exploration, i.e., we apply the following
action to the environment at each step during training:

a(s) = clip((s) +¢€,a’?, a8,  e~N(0,0), (3.3)

where the noisy actions are clipped element-wise between a’®” and a’", the predefined
action bounds from the environment, and € is the Gaussian exploration noise with a standard
deviation of o. All the transition tuples (s;, a;, 1, S;+1) observed by the agent are stored in a
replay buffer.

3.2.2 Actor-critic algorithms

In practice, policies and Q-functions are often parametrized with NNs as 7y and Qy, respec-
tively, leading to DRL. Numerous algorithms have been developed to maximize (3.1) [263].
Among the countless improvements and techniques presented in various contributions, we
can point out the influence of target networks, which we use in this work [264]. The idea is
to keep a copy of the actor and critic in memory, only updating them slowly to decrease the
usual overestimation bias of Q-values and stabilize the learning process.

In this work, we are interested in deterministic actor-critic methods stemming from the Deep
Deterministic Policy Gradient (DDPG) algorithm [265], where both 7y and Q, are optimized in
parallel leveraging gradient descent. While different flavors exist, most actor-critic algorithms
compute the gradient of the critic using a variant of the Temporal Difference (TD) loss [265]

VoQp=Vo|— Y (Qes@-yar s’))zl (3.4)
|Z| (s,a,r,s"heZ
y(a,1,s") = (1 +vQgp,targ(s’, 70, 1arg(s)") » (3.5)

where a batch Z of past transitions is sampled from the replay buffer and used to estimate
expectations. Leveraging the policy gradient theorem [266], one can similarly use the critic to
estimate the actor gradient as

@97‘[9 = —Vg

1
1zl > Q¢(S,ﬂe(8))] . (3.6)
seEZ

76



3.2 Preliminaries

Note that these gradients are easily computed using automatic differentiation when the actor
and the critic are parametrized with NNs.

In this chapter, we rely on the Twin Delayed Deep Deterministic (TD3) policy gradient algo-
rithm, which introduces a few modifications over DDPG to limit the well-known overestima-
tion bias of Q-functions plaguing vanilla actor-critic algorithms [267]:

* Inspired from the success of Double Q-learning [268], two critic networks are learned in
parallel, and the smallest of the two approximated Q-values is used as the target in (3.5)
to limit overestimation.

* To avoid the policy exploiting overestimated Q-values, noise is added to the action a’
before it is evaluated by the critics in (3.5).

* To avoid instability arising from fast-changing Q-functions, the actor and target networks
are updated less frequently than the critics.

Remarkably, however, these adjustments do not impact the actor gradient in (3.6), allowing us
to seamlessly integrate the proposed gradient modifications detailed in Section 3.4 into TD3.

3.2.3 Problem setting

Action space. Throughout this chapter, the task of the agents is to control the heating or
cooling power of one bedroom in UMAR (i.e., Zone 1 or 3 from Section 2.4.1) at each time step
of 15 min. To be specific, we defined A = [-1,1], i.e,, a'? = —1 and a"8" = 1, which is then
linearly transformed to power inputs being applied to the zone as

@+l pmax _. V;P"®, in the heating case,

P, = 2 heat eat’ (3.7)
1_2’“ pMax=:V,P%, in the cooling case,

max max H 3 i 3
where P;7%"and P77 stand for the maximal heating and cooling power, respectively.

We also use the valve opening percentage V; € [0,1] — assumed to be proportional to the
thermal power input to the zone throughout this work — when controlling the physical
building. Indeed, we cannot directly control individual zone power inputs during real-world
experiments, only the valves, and we can only fully open or close them.!® We hence turn
to pulse-width modulations: if the agent decides to use the full power, we open the valves
for 15 min, and if it wants to use a fraction of the power instead, we open the valves for the
corresponding fraction of time.

Remark 16 (Valve openings as proxy for thermal power). In practice, the amount of energy
transferred to the room also depends on the temperature gradient between the water in the pipes

101n fact, we only have access to the temperature setpoint in each zone of the physical building, with an internal
mechanism triggering the valves. However, writing a very high or very low setpoint, e.g., 28 °C or 16 °C, invariably
fully opens the valves or closes them, respectively, in the heating case, and conversely during the cooling season.
Although the valves might sometimes take time to open and close, we assume throughout this work to be able to
either fully open or close the valves at any given time.
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and the air in the zone. We do not have control over the water temperature but it can be assumed
to stay roughly constant in the case of UMAR. Since heating/cooling are always required at
similar zone temperatures — to maintain the comfort of the occupants —, the latter can also be
assumed to be approximately constant during experiments. This leads to a roughly constant
temperature gradient, which makes the valve opening percentage approximately proportional
to the maximum available thermal power, as assumed herein.

State space. Throughout our analyses, we will use the PCNNs developed in Chapter 2 as
simulation environments. Consequently, the state s observed by the agents at each time
step is similar to the PCNN inputs: it is composed of zone temperatures (of the controlled
and neighboring zone), ambient conditions (the ambient temperature and solar irradiation
measured on a flat surface), and time information (sine and cosine functions of the month
of the year and time of the day, and the day of the week, as discussed in Appendix A.4).

Additionally, agents know the current temperature comfort bounds and the case they are in.!!

To have more expressive policies aware of the evolution of the environment in time, we also
add 12 autoregressive terms of the zone temperatures and ambient conditions so that agents
know the state of these variables during the last three hours when making decisions.

Reward function design. All agents aim to minimize energy consumption while respecting
predefined dynamic temperature comfort bounds for the occupants. While we require the
temperature to stay between 23 and 24 °C during the night — from 20 h to 8 h —, it can be
relaxed during the day, when bedrooms are generally unoccupied. Consequently, the lower
bound is relaxed by two degrees, from 23 °C to 21 °C, during the day in the heating case.
Conversely, the upper bound is increased by two degrees throughout the day in the cooling
case. Comfort violations over a given period are then expressed in Kelvin Hours, summing the
difference between the zone temperature and the bounds at each time step.

Mathematically, throughout our experiments, DRL agents optimize a trade-off between energy
consumption and comfort violations, maximizing the following reward function:

r(sy,ap) = —max{L;—T;, Ty — U, 0} —aPy, (3.8)

where L; and U; represent the lower and upper comfort bounds on the temperature Ty at time
t, respectively, and «a is a weighting factor. As a rule of thumb, we designed the nominal value
of a such that agents receive the same penalty for using a power of 1 kW and for being 0.5°C
outside of the comfort bounds.

Remark 17 (High temperature bounds). The comfort bounds used throughout this chapter
correspond to relatively high indoor temperatures during the heating season; the lower bounds

I'we refer to the case as whether the system is in heating or cooling mode. This is required since UMAR is
heated/cooled by letting hot/cold water flow through the ceiling panels. On the other hand, agents can only open
or close the corresponding valves; they cannot modify the water temperature and decide whether to heat or cool.
In other words, if the zone temperature is too high and the system is in heating mode, DRL agents cannot cool the
room, and the optimal decision is to do nothing.
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could be decreased in practice to avoid wasting energy. However, we choose 23 °C here to reflect
the measured temperatures in UMAR in winter and create a challenging control scheme: due to
the sensitivity of UMAR to solar gains, the temperature inside is often maintained above 21 °C
without heating. Consequently, setting artificially high comfort bounds ensures the controllers
can be compared on a nontrivial task.

Hyperparameters. In our implementations, we arbitrarily chose three hidden layers of 512
neurons for all the NNs — the critic, the actor, and their target networks — to ensure policies
could be expressive enough. We use a slightly modified version of the Adam optimizer [269]
with a learning rate of 107%, and we rely on the TD3 implementation from the tianshou
library [270]. Finally, we set y = 0.95.

Remark 18 (Discount factor). Note that, for building control applications, the discount factor
gamma has to be selected close to one. Indeed, an optimal controller should present preheating
and precooling behaviors, i.e., it should start heating or cooling the room at the end of the
afternoon to meet the comfort bounds tightening at 20 h every day. This costs more energy in
the early evening but avoids later penalties due to comfort violations. Such desired behaviors
can only be captured by controllers that are not too myopic, i.e., take long-term rewards into
account. This is not the case wheny << 1, as also noted in [271], for example.

Training procedure. To train and evaluate the agents, we create 15 h to 75 h-long sequences of
data with no missing values,'? hereafter referred to as trajectories. They were processed from
three years of operational data as explained in Section 2.4.1 and separated into a training and
avalidation set. The agents are trained on trajectories randomly sampled from the training set
and regularly evaluated on the validation set to assess their performance. To learn policies
robust to measurement noise, we add independent Gaussian noise to the zone temperature
measurement during training.

3.2.4 Baselines

To analyze the performance of the DRL agents, we compare them to two classical RBC base-
lines. Baseline 1 is tracking a reference 0.5 °C away from the bound, turning the heating on
and off as soon as the target temperature is met during the heating season. Baseline 2 is a
classical rule-based controller with a one-degree hysteresis, i.e., it starts heating at full power
when the temperature reaches the lower bound and until one degree has been gained. During
the cooling season, both baselines use similar strategies, starting to cool once the temperature
reaches the upper bound or the reference half a degree from it.

Since we randomly sample a trajectory from historical data at the beginning of each episode,
the initial zone temperature might be out of the comfort bounds, leading to unavoidable

12Each sequence is composed of 3 h of past data— required to warm-start the PCNN simulator from Chapter 2
and build the autoregressive terms of the agents’ observations — and a 12 h to 72 h prediction horizon under the
control of the agents.
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penalties for any controller. We thus implemented an additional agent fully opening or
closing the valves'® until the zone temperature reaches the bounds for the first time in each
episode.!* This allows us to keep track of these unavoidable comfort penalties throughout our
experiments.

Remark 19 (The difference between both bedrooms). The two bedrooms in UMAR have
a similar architecture. We took advantage of that situation during real-world experiments,
deploying a rule-based controller in the bedroom not controlled by the DRL agent for qualitative
comparison purposes. However, since one bedroom is adjacent to another unit while the other
has two external walls, they present slightly different thermal dynamics. Nonetheless, it still
allows for analyses of the behavior of both controllers under similar external conditions.

3.3 Deep Reinforcement Learning can achieve near-optimal perfor-
mance

Before any DRL controller can achieve widespread adoption, guarantees of near-optimal
performance in general are required (R1). In particular, this must be independent of the
desired trade-off between energy consumption and comfort violations — & in (3.8) — or choice
of random seed, to which DRL is known to be sensitive [272]. However, while DRL has been
compared to rule-based controllers in the literature, for example, in [15, 20, 32, 116, 256, 273],
it was rarely benchmarked against advanced control methods, apart from limited comparisons
to MPC in [13, 43, 44, 213, 233], for example.

In particular, the optimality gap of DRL agents has rarely been addressed in building control
applications [274]. Notable exceptions include the analyses in [209-212], but these studies are
limited to the investigation of a single agent in simplified first-principles-based simulators.
Thus, they shed only little light on the ability of DRL agents to find well-performing control
policies in general. On the other hand, the often-used complex building models based on
EnergyPlus [106] or NNs [15]) are often highly nonlinear, making it difficult to compute the
optimal control inputs for benchmarking purposes and explaining the lack of studies on the
optimality gap.

Leveraging PCNNSs. In this chapter, we proposed to use the PCNNs developed throughout
Chapter 2 as simulators. As discussed in Chapter 2, they achieve state-of-the-art modeling
performance without jeopardizing physical consistency, making them suitable simulators
for DRL applications while incorporating nonlinear behaviors typically not captured by first
principles models. Remarkably, the PCNNs proposed in Chapter 2 are input-affine (Remark 9),
allowing us to set up tractable Linear Programs (LPs) for the optimization of control inputs.

13pepending on whether the initial temperature is too high or too low and whether we are in the heating or
cooling season.

14An example is pictured in Figure 3.2, where the temperature is too high at the trajectory during the heating
season. All controllers thus first have to wait for the temperature to drop to the comfortable range and receive
unavoidable comfort violation penalties.
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In the rest of this section, we analyze the impact of different trade-offs in the reward function
and random seeds on DRL agents and compare them to the theoretical performance upper
bound that could be achieved with perfect knowledge of all the disturbances. With these
investigations, we provide more indications toward the ability of model-free DRL agents to
achieve near-optimal performance in various settings (R1). However, this in-depth analysis
is limited to a single case study — one of the two bedrooms in UMAR —, and whether such
conclusions could be drawn for any building in general remains an open question.

3.3.1 Computing optimal control inputs with PCNNs

To compute the optimal power inputs on a validation trajectory s of length [, we assume
perfect knowledge of all the disturbances T°%, T"¢8" and D over the horizon. Given a
PCNN (2.4)-(2.6), we need to solve the following optimization problem, where the objective
function is designed to match the reward of the agents and zone indices were dropped for
clarity since agents only control a single zone:

I;—-1

iR L AP ey (3.9)
s.t. Egy1=Ex+qPe—b(Ti— TP — c(Ty - T,feigh) (3.10)
Ty+1 = Eg+1+ Di+1 3.11)
Ey=0
Lis1— €5y < Tia1 < U1 +€4,,, Vk=0,.,0—-1, (3.12)
Pl <Pe<Pp, Vk=0,..,0—1.

Here, we solve for the optimal thermal power inputs, which appear linearly in the objective
function (3.9) and constraint (3.10), showing it is indeed an LP. Note that knowing the optimal
thermal power inputs directly allows one to recover the optimal control inputs from (3.7).

We use @ in the LP, which equals the weighting factor « in heating cases and —a during the

cooling season, so that it always penalizes the absolute value of the power used, as in the

U
k+1

penalized in the objective function to reflect the reward function of the agents. Since we

reward function (3.8). Similarly, ei 1 and e capture comfort violations in (3.12) and are

know each bedroom only has a single neighboring zone and an external wall, (2.5) simplifies

to (3.10), where g stands for either ay, or a. in (2.5) depending on the case.!®

The key property of PCNNs rendering this optimization feasible is the fact that the highly
nonlinear unforced dynamics D are independent of the power inputs P and can hence be
computed a priori for the entire horizon (knowing all external conditions). They are then
used as external variables to compute the temperature evolution in (3.11). This LP can be
solved very efficiently with common tools, which allows us to compute the optimal solution

15We assume the case to be fixed for any given trajectory, i.e., the system is either in heating or cooling mode and
does not switch over the horizon, which allows us to set the value of @ and g before the optimization.
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Figure 3.1: Convergence rate of DRL agents with different random seeds in green, with
the median in bold and the maximal reward attained by each agent in dashed lines. For
reference, the baseline and optimal performance are also shown in dashed lines.

for thousands of trajectories in a feasible time.'®

3.3.2 Performance analysis
The impact of randomness

Since DRL policies are notoriously sensitive to randomness [272], we first trained 10 agents
with different random seeds to compare their performance. Figure 3.1 reports the average
performance of each agent on a fixed set of 50 sequences from the validation set after each
training epoch, with the median performance of the 10 agents in bold. The bottom plot is a
zoomed-in version of the top one for clarity. Here, one epoch represents 5’000 training time
steps in the environment, i.e., slightly over 50 days of data from the training set. To complete
these results, the best performance attained by each agent over the training horizon is reported
in dashed lines in Figure 3.1 and in Table 3.2, along with the rewards that the two rule-based
baselines achieve on the 50 validation sequences and the optimal ones computed from (3.9).

Overall, one can see the performance of each agent fluctuating significantly along training,
but most agents could find a control policy achieving rewards between —2.25 and —2.3 on the
50 validation sequences. All DRL agents present comparable learning patterns: they converge
to policies achieving similar performance to the baselines after approximately 20 epochs and

16The code and data can be found on https://gitlab.nccr-automation.ch/loris.dinatale/NoDRL.
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3.3 Deep Reinforcement Learning can achieve near-optimal performance

Agent Rewards | Agent Rewards Agent Rewards
DRL agent 1 -2.29 DRL agent 2 -2.25
Baseline 1 -2.99 DRL agent 3 -2.27 DRL agent 4 -2.51
Baseline 2 -3.08 DRL agent 5 -2.25 DRL agent 6 -2.34
Optimum -2.09 DRL agent 7 -2.28 DRL agent 8 -2.29
DRL agent 9 -2.30 DRL agent 10 -2.28

Table 3.2: Performance of all the controllers on the 50 fixed trajectories from the valida-
tion set compared to the optimal one, reported from Figure 3.1. For DRL agents, this
corresponds to the best-attained rewards on this set over the training period.

consistently outperform them afterwards. Nonetheless, we can see a few exceptions along the
training pattern, with some agents’ performance plummetting for a few epochs but recovering
quickly. It is also noteworthy that one of the agents performed significantly worse than the
others, only reaching a best reward of —2.51. This proves that DRL agents are also sensitive to
the choice of random seed in our setting, one should always train several agents to rule out
the possibility of the random seed significantly impacting the quality of the results.

Deep Reinforcement Learning agents learn expected behaviors

Interestingly, all agents captured the expected and desired preheating and precooling be-
haviors. Indeed, they learned to take action earlier than the other controllers, especially
the rule-based ones, to anticipate constraint tightenings, as pictured in green Figure 3.2, for
example. They usually heat or cool the zone until the temperature is slightly above or below
the comfort bound in the late afternoons in the heating or cooling case, respectively, and
then stop to avoid wasting energy. This often results in the temperature reaching the bound
again just before the constraints are relaxed at 8 h. Overall, this strategy is not far from the
optimal one in black, which consists of waiting until the last moment to preheat or precool
the room at full power to meet the constraint tightening exactly. It then leverages its full
knowledge of the environment to input just enough energy in the system for the temperature
to stay exactly at the desired limit and avoid comfort penalties unless, for example, solar heat
gains are expected to create more violations later. Finally, due to their reactive nature, both
reactive baselines in red and orange cannot anticipate constraint tightenings and relaxations,
leading to comfort violations in the early evening hours. Furthermore, they do not account
for the impact of future disturbances — typically solar gains —, leading to overheating and
overcooling behaviors, for example, towards the end of the horizon in Figure 3.2.

In the particular case of Figure 3.2, the DRL agent consumed slightly more energy than the
optimal solution, 5.47 kWh against 5.32 kWh, and incurred slightly more comfort violations,
2.9Kh against 2.1Kh.!” This difference mainly comes from the DRL agent slightly heating the
room after midnight on March 20, contrary to the optimal solution, which also incurs slightly

17 After subtraction of the unavoidable comfort violations of 11.9Kh stemming from the very high temperature
at the beginning of the trajectory.
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Figure 3.2: Example of the behavior of a DRL agent over 3 days, compared to the baselines
and the optimal solution. The zone temperature (with the comfort bounds in dashed
gray) and corresponding thermal power input are respectively reported in the first two
plots. The bottom two gather the cumulative comfort violations and energy consumption
of each controller.
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Figure 3.3: Average rewards, energy consumption, and comfort violations over three days
achieved by the baselines and DRL agents compared to the optimal solution and after
the subtraction of the unavoidable penalties, and the corresponding performance gaps.

higher temperatures over the day and hence more comfort violations.

In general, DRL agents tend to converge to risk-averse policies in our setting because of the
noisy observations returned by the environment during the training phase. Indeed, they
usually slightly overheat or overcool the zone when the constraints are tightened, ending
up further away from the bounds than strictly necessary. This allows them to avoid comfort
penalties stemming from the noisy temperature measurement jumping outside the comfort
zone they observed during training.

Generalization to the entire validation data set

To estimate the best performance of DRL agents, this section focuses on the policies achieving
the maximum reward on the 50 validation trajectories for each agent. We analyzed their
average performance on almost 2’000 three-day-long trajectories from the validation set in
terms of rewards, energy consumption, and comfort violations. In the top plot of Figure 3.3,
one can observe the mean performance achieved by the different random seeds on each
metric, compared to the baseline and the optimal ones, after subtraction of the unavoidable
penalties. The bottom plot then shows the corresponding performance gap of each controller
compared to the theoretical optimal one.
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Figure 3.4: Sensitivity analysis of DRL agents and the optimal solution to different weight-
ing factors in (3.8), decreasing it from left to right along the dashed lines. The trade-off
obtained by both baselines is also plotted for reference, as well as the one struck by the
agents ran with different seeds in Section 3.3.2 in shaded green crosses.

Notably, with the chosen parameters, DRL agents could converge to a near-optimal solution.
They found a relatively similar trade-off between energy consumption and comfort violations
as the optimal solution, consuming the same amount of energy at the cost of slightly increased
comfort violations of a little over 25%. This is, however, still significantly better than what
the baselines can do, both in terms of energy savings and comfort improvements, where
their performance drop is over 35% and 110%, respectively. Altogether, these results confirm
that DRL agents can converge to policies that not only significantly outperform classical
controllers but simultaneously attain near-optimal performance.

3.3.3 Sensitivity to the weighting factor

To assess the impact of the weighting factor in (3.8), this section investigates the trade-offs
between energy consumption and comfort violations reached by all the controllers for different
choices of a. To that end, we trained agents in the same environment, with a fixed random seed,
but multiplying or dividing the nominal « by increasing powers of two to reflect situations
where more and more importance is put on decreasing the energy consumption or the amount
of comfort violations, respectively. The resulting trade-offs between both objectives for the
DRL policies and the optimal solutions are plotted in Figure 3.4, where the weighting factor
1

16« from the left to the right along the dashed Pareto frontiers. The

performance of the baselines is also reported for reference.

was decreased from 4« to

As can be observed, the agent could generally strike a trade-off similar to the optimal one,
usually consuming approximately the same amount of energy at the cost of slightly more
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comfort violations, as long as the weighting factor is not too big. Once a is multiplied by 4,
the agent indeed struggles to find an interesting solution: it uses very little energy but does
not improve the comfort of the occupants much compared to the baselines (top left green
cross). When we tried to increase « by a factor of 8, the agent quickly converged to a very poor
policy that never used energy at all, and this result is hence discarded here. On the other hand,
decreasing the weighting factor impacts the quality of the solution less: policies consume
slightly more energy each time, slowly reducing the amount of comfort violations.

It is important to remember here that the choices of random seed again impact the results,
which could explain why the trade-off obtained by the agent with a weighting factor of %/1 is
slightly higher than the Pareto front. This is confirmed by the shaded green markers showing
the trade-offs achieved by the agents discussed in Section 3.3.2, where we see the impact of
different random seeds for the same weighting factor. All random seeds usually lead to similar
solutions, but we can also observe the outlier pointed out previously (top left shaded green
marker). Interestingly, despite obtaining worse rewards than all the other agents, it still lies
near the Pareto front. In other words, it seems this agent converged to a solution that was not
optimal in this situation but might be the expected behavior under different circumstances.

To summarize, one should be careful with the design of the weighting factor, as it might
impact the quality of the solution. However, a wide range of values — from 2a to 1—1604 —
could be selected and still lead to near-optimal behaviors in this case study. Remarkably, this
parameter can thus be adjusted to reflect the preferences of the building occupants without
significant performance drop. In general, choosing a value that is too large seems to be more
problematic than the contrary. Finally, while the random seed seems to impact which region
of the Pareto frontier the solution converges to, our experiments hint that DRL agents usually
strike a trade-off near the Pareto frontier of all DRL policies. However, they diverge from it
when they try to use too little energy, confirming that small values for ¢ may be safer

3.3.4 Real-world deployment

To confirm that PCNNs provide a meaningful simulation environment to train DRL control
policies, we deployed one of the above-analyzed agents in the physical building to assess
the Sim2Real gap. Taking advantage of UMAR having two almost identical bedrooms, we
simultaneously deployed Baseline 2 in the other one, and the resulting temperatures and
control inputs are reported in Figure 3.5, adapted from [154]. As mentioned in Section 3.2,
since we do not have access to the thermal power input to the rooms in the physical building,
we used the valve opening as a proxy for energy consumption (see Remark 16).

Remarkably, the agent and the baseline both show similar temperature behaviors to what was
observed in simulation, in Figure 3.2, for example. Despite the short span of the experiment,
the DRL agent maintained the temperature close to the lower bound, as expected, thereby
saving energy compared to the hysteresis controller — except when the default controller took
over when the connection was lost for a few hours (shaded gray).
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Figure 3.5: One bedroom of UMAR controlled by a classical rule-based controller (red),
the other by the proposed DRL agent (green), adapted from from [154]. The connection
was interrupted in the shaded area and default controllers took over.

This brief investigation hints that PCNNs provide accurate simulation environments to train
meaningful DRL policies and that the results obtained throughout this chapter are likely to
extrapolate to the physical building despite the Sim2Real transfer.

3.3.5 Achieving near-optimal performance has a cost

Overall, these investigations on the impact of the random seed and weighting factor balancing
energy consumption and comfort violations indicate that DRL control policies generally not
only outperformed rule-based baselines but could also achieve near-optimality. Specifically,
although different random seeds sometimes lead to lower-quality solutions in terms of rewards,
they all seem to lie near the Pareto frontier of energy consumption and comfort violations.
Remarkably, various choices of reward functions led to near-optimal solutions — until « is
chosen too large. Altogether, this provides nonnegligible evidence of the ability of DRL to
achieve near-optimal performance in diverse settings and hence satisfying R1.

On the other hand, one should keep in mind that these results are limited to a single-zone
temperature control case study and might not generalize to different buildings or more com-
plex case studies. Additionally, in line with previous works discussed in Section 3.1.3, these
DRL agents strongly suffer from data inefficiency, taking 20 episodes of more than 50 days
of data — almost three years (!) — to converge to a performance comparable to RBCs. Con-
sequently, the next section introduces a few modifications to vanilla DRL agents to improve
their convergence speed, towards the satisfaction of R7.
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3.4 Constraining agents and accelerating convergence

As detailed in Section 3.1.3 and confirmed by our investigations in Section 3.3, vanilla model-
free DRL agents are severely impacted by their data inefficiency, i.e., they typically require
a significant number of interactions with the environment to converge. This mainly stems
from the trial-and-error paradigm at the core of RL algorithms, which relies on an extensive
exploration of the state-action space to find optimal policies. This not only leads to significant
computational costs but also limits the deployment of DRL methods on physical systems
without pre-training in simulation [64, 202, 203].

To speed up the training of DRL agents, researchers have investigated how to leverage expert
demonstrations [248, 249], but this requires access to an expert policy that is not always
available in practice. Instead, we postulate in this section that prior knowledge of physical
systems often allows us to design simple rules that RL agents should follow a priori, such
as “Do not heat the room if it is already 26 °C”; we indeed know this action will always be
suboptimal in that state, there is no need for agents to explore its consequences. Critically,
this rule applies to any building and does not jeopardize R7. Remarkably, incorporating such
expert knowledge in control policies has already been identified as a promising step towards
more efficient physics-informed RL algorithms [275].

Constraining and accelerating DRL. In this section, we propose Efficient Agents (EAs), which
incorporate computationally lightweight modifications of actor-critic algorithms to encode
simple rules in DRL agents. Specifically, we introduce artificial state-dependent constraints on
the agents’ actions to restrict exploration to interesting regions of the state-action space. In
other words, the key idea is to avoid visiting state-action pairs that are known to be suboptimal
by the expert to accelerate the convergence towards meaningful solutions and thus increase
the efficiency of DRL (R7). In the case of building control, we leverage this framework to
concurrently ensure DRL agents do not violate the occupants’ comfort too often and react as
expected to external disturbances, towards the satisfaction of R2-R3.

Note that while state-dependent bounds were concurrently introduced in [276], they are
enforced a posterioriin the environment instead of directly modifying the agent’s behavior
and do not necessarily improve convergence speed (R7). On the other hand, prior knowledge
successfully accelerated learning in [277]. However, rules were only used to guide DRL agents,
there is hence no guarantee that the desired prior knowledge will be respected (R2-R3).

3.4.1 Constraining Reinforcement Learning agents

To bound the decisions taken by RL agents, one typically defines some constrained set of
actions and either projects the actions of the agents on this set at each time step or switches to a
fallback controller when needed [223-225].'% The main challenge with these operations is that

1811 the case of discrete action spaces, one can also mask unsafe or undesired actions, avoiding the need for
backup controllers, such as in [212, 278].
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they are generally not differentiable and hence cannot be learned by RL agents, i.e., they will
never correct their mistakes if no additional mechanism is used to let them know when they
have been saturated. Three notable exceptions were provided in [245, 279, 280], who leveraged
differentiable optimization layers [245], modified the policy updates to account for projections
[279], and used linear constraints to derive a closed-form solution of the projection step [280].
This linear assumption was lifted in [281], but only to correct the agents’ actions online, as
it cannot be used in training since no closed-form solution exists anymore. However, these
methods either entail additional computational burden and require access to a model of the
system [245, 279] or rely on a learned linearization of the constraints [280]. Alternatively, one
could apply tools from the safe RL literature relying on constrained policy optimization [216,
218, 219]. However, this would again introduce engineering and computational overhead,
defeating the main purpose of this section, which aims at reducing the computational burden
of actor-critic algorithms by leveraging simple engineering intuition.

State and action constraints. The complexity of the methods discussed above often stems
from the fact that they are designed to impose state constraints on DRL agents. This is a more
challenging problem since it generally leads to complex safe action sets for the agent at each
step. Here, however, we argue that prior knowledge can straightforwardly be used to accelerate
the training of DRL agents through simple state-dependent box constraints on their actions,
which allows us to leverage less computationally intensive tools.

To alleviate the issue of non-differentiability of the projection without increasing either the
engineering or the computational burden, one can let agents learn when to switch to the
fallback controller [229]. However, the satisfaction of the constraints could not be guaranteed
any more. Alternatively, Reward Shaping (RS) heuristics might be used in various forms to
penalize agents when constraints are violated or let them know when they were saturated [225,
227, 282]. While such methods might accelerate the learning process to some extent, they are
indirect, i.e., they only influence the learned policies through the reward function that the
agent will learn to optimize over time. Moreover, shaping the reward function simultaneously
impacts the learning process of both the actor and the critic.

A computationally inexpensive solution for constrained and efficient DRL

In this section, we propose to constrain the actions of DRL agents by clipping them according
to expert-designed state-dependent bounds and subsequently modify the gradient update
step of the actor to let agents learn from their mistakes and accelerate their convergence
to expected actions. Importantly, contrary to RS, these interventions only affect the actor,
allowing the critic to learn the frue Q-values.

Notably, our method bypasses the need for complex projection steps and does not require
access to a fallback controller or an expert policy. Moreover and critically, the proposed
modifications do not impact the computational complexity of the learning algorithm, are
straightforward to design and implement, and can be coupled with any actor-critic algorithms.
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Note that, in stark contrast with [277], where the expert knowledge is potentially overridden
by the policy, our method enforces the wanted behaviors on agents at all times.

In a case study relying on a PCNN simulator, the proposed EAs converge up to six to seven
times faster than classical agents and two to three times faster than RS-based ones while
retaining good final performance. This hints that the proposed computationally inexpensive
modifications can efficiently leverage expert knowledge to accelerate DRL algorithms.

3.4.2 Efficient actor-critic agents

This section details how to encode prior knowledge as simple rules in deterministic actor-critic
algorithms!? to limit the exploration of known suboptimal state-action pairs; first saturating
actions taken by the control policy accordingly and then modifying the gradient update of the
actor to let agents learn from their mistakes.

State-dependent action saturation

In many cases, prior knowledge allows us to design state-dependent upper and lower bounds
a™*(s) and a™"(s), respectively, on the actions we expect well-performing control policies
mg(s) to take in a given state s, with

min max

a < q (s) < a8 (3.13)

()=<a
To limit the exploration of known suboptimal state-action pairs, we modify (3.3) accordingly
to force agents to follow the provided prior knowledge:

a(s) = clip(my(s) + €, a™"(s), a™*(s)) . (3.14)

Note that these bounds, stemming from prior knowledge, are also enforced at test time when
€ = 0 to ensure an agent would never heat a room when the temperature is already too hot, for
example, neither during the training nor the deployment phase.

Actor gradient modification

The major problem with the clipping operation in (3.14) is its non-differentiability. Worse yet,
its subdifferentials go to zero whenever agents are saturated (see (3.17)), making any backward
flow of information on the overriding process impossible. As a countermeasure, to let agents
learn from their mistakes, we also modify the actor gradient (3.6) to

N 1
Vg'ng = —Ve(— >
|B| (s,a)eB

A
Qp(5,79(5)) = 5 (mo() = a(s))z]), (3.15)

19While the presented analyses deal with deterministic actor-critic agents for clarity, the results can easily be
extended to the stochastic case.
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where A is a hyperparameter. The second term on the right-hand side of (3.15) penalizes
actions chosen by the policy 7y (s) if they deviate from the constrained action a(s) in (3.14)

that was applied to the environment, steering the agent’s decisions towards expected actions.?’

Note that one could include this penalty in the reward function as

RS A 2
r(sy,ar) =—max{L;— Ty, Ty — U, 0} —aP; — > (mg(s) —a(s))”, (3.16)

and then maximize (3.1) instead of directly changing the gradient update step. Remarkably,
however, RS also impacts the learning process of the critic in (3.4) when applied to actor-critic
frameworks, contrary to our method. We will show the empirical benefits of the proposed
modification (3.15) over RS-based penalties in terms of convergence speed in Section 3.4.3.

Implications of the gradient modification

Let C(s) = {a eER:a™M"(s)<a< am“x(s)} capture the expert-designed rules for any given state
5.2 Grouping all the parameters 6 of the policy in a vector and recalling the definition of the
action a(s) applied to the environment in state s from (3.14), we can define its subgradient
Vgal(s) as

a™n(s), ifm(s) < a™n(s),
Vomg(s), ifmg(s)e C(s),
a(s) =4 my(s) +e, ifng(s)eC(s), = Vpal(s)= (3.17)

0, else,
a4 (s), ifm(s) > a™*(s).

where Vyg(s) is the actor gradient. We can then rewrite the gradient of EAs (3.15) as:

1

. A
Vilmg=—— Y |VoQu(s,m(s)) — Vo |= (mo(s) — a(s))z) ]
|Z| (s,a)eZ 2
1
=—— ) [V(;Q(p(s, 7o (8)) — (A (eg(s)) (Vgmg(s) — Vea(S)))] )
lZl (s,a)eZ

where we introduce the error term ey(s) = mg(s) — a(s). We hence get the following modified
actor gradient, where we omit (s, a) € Z for clarity:

Vglmg = Lz | VoQu(smo(s)), if 779 (s) € C(s),
_%ZZ [V9Q¢(3’7T6(3))—Aea(s)veﬂg(.?) , else.

Remarkably, the additional penalty term in (3.15) hence allows us to solve the issue of the
subdifferentials of the clipping operator being zero when actions are saturated, modifying

20This additional penalty was also used in [245] to improve the robustness of differentiable layer-based RL for
state-constrained problems.

2lwithout loss of generality, we assume that a € R in this analysis for clarity. This assumption can easily be lifted
for multi-dimensional problems.
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Figure 3.6: Representation of the action bounds used in this work.

the gradients only when the constraints are not met. Indeed, as long as the action chosen by
the agent respects the constraints provided by the expert, the classical gradient (3.6) is used.
On the other hand, as soon as the constraints are not met, the gradient is modified in the
direction eg(s). This accelerates the convergence of g (s) to C(s) despite the subdifferential
of the clipped action being zero, confirming the graphical intuition from [245, Fig. 2]. This
allows EAs to learn from their mistakes and — we hypothesize — helps them rapidly converge
to meaningful and well-performing policies.

Design of the saturation rules

In the context of room temperature control, we intuitively know that an optimal policy should
gradually stop heating when the temperature reaches the upper comfort bound and slowly
start heating as soon as the lower bound is not met (and vice versa for cooling), typically to
avoid criticism from the occupants. To encode these simple rules, we design state-dependent
action bounds as follows:

Li—-m)-T;
n—m
T, — (U, + 2
(M,o, 1) ,

n_

2
a™(s) = clip( , 0, 1) *2—1 (3.18)

a*(s;) =1-2=*clip (3.19)
with n = m = 0 representing design parameters to leave more or less freedom to the agents. In
words, we start constraining the action of the agents as soon as the temperature deviates from
the comfort bounds for more than m degrees. We then quadratically increase the constraint
until n degrees have been reached, where the agent is forced to use the maximum or minimum
power, as pictured in Fig. 3.6. As can be seen, a™"(s;) > —1 only when the temperature is
below the lower comfort bound, and a**(s;) < 1 only when it exceeds the upper one. This
means EAs are not constrained and can freely explore the state-action space to minimize
energy consumption as long as the comfort of the occupants is satisfied.
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Agent Reward | Agent Reward | Agent Reward
Classical 1 -2.64 | Classical 2 -2.75

RSO/1 -2.58 EAO/1 -2.85 EA05/1 -2.83
RS0/0.5 -2.44 EAO0/0.5 -2.58 EA0.25/0.5 -2.74
RS0/ 0.25 -2.37 EA0/0.25 -2.51 EA0.2/0.25 -2.62
RS0/0.1 -3.69 EA0/0.1 -2.46 EA 0.075/ 0.1 -2.46

Table 3.3: Best reward obtained by each agent on the validation set of 50 trajectories over
the first 500 epochs.

3.4.3 Performance analysis of Efficient Agents

To investigate the influence of m and » on the proposed scheme, which measure how much
prior knowledge is transmitted to DRL agents, we train different EAs (EA m / n). For com-
parison purposes, we also train agents with the classical actor gradient (3.6) but the re-
ward (3.16) as another computationally inexpensive means to incorporate prior knowledge in
DRL agents (RS m / n). Finally, we benchmark these modifications against two classical DRL
agents using the actor gradient (3.6) and reward (3.8) with different random seeds (Classical 1
and 2).%

All the agents were again trained on up to three-day-long episodes randomly sampled from
three years of data. To better compare their convergence rapidity, we increase the evaluation
frequency compared to Section 3.3: we assess their performance after each 96 steps of 15 min
instead of 5’000, i.e., one day’s worth of data, hereafter also referred to as an epoch. As before,
all the agents are evaluated on a fixed testing set of 50 unseen three-day-long trajectories after
each epoch to monitor their progress during the first 500 epochs. Throughout this section,
we manually set A = 100 for EAs to ensure the constraints are enforced as fast as possible and
A =10 for RSs since higher penalties led to learning instability. While we empirically observed
a more robust performance of EAs with various choices of A compared to RSs, a complete
sensitivity analysis of this hyperparameter is left for future work.

Final performance

The best reward obtained by all the trained agents on the 50 validation sequences over the
first 500 epochs can be found in Table 3.3. The corresponding trade-offs between energy
consumption and comfort violations over the entire validation set are plotted in Figure 3.7,
where the gray markers were reported from Figure 3.4 for reference.

These results illustrate how tighter parameters m and n, i.e., higher levels of prior knowledge,
allow EAs (colored crosses) and RSs (colored triangles) to converge to better solutions in this
limited training regime. The only exception is RS 0 / 0.1: it did not converge (see Table 3.3)

22The code and data used to generate the results are available on https://gitlab.nccr-automation.ch/loris.
dinatale/efficient-drl.
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Figure 3.7: Best trade-off between average energy consumption and comfort violations
obtained by each agent on almost 2’000 validation trajectories over 500 epochs. For
DRL agents, it corresponds to the best rewards obtained on the 50 validation sequences
reported in Table 3.3. For comparison purposes, the performance of the two industrial
baselines and an agent trained for 125’000 epochs (Best Agent) and the optimal trade-off
achievable (Optimum) are reported in gray from Figure 3.4.

and is hence not plotted in Figure 3.7. In particular, tighter constraints allow EAs to reduce
the amount of comfort violations without significantly increasing energy consumption. On
the other hand, classical DRL agents (black crosses) usually use less energy at the cost of
additional comfort violations in this early training phase before converging to near-optimal
solutions after longer training times, as detailed in Section 3.3.

Visualization of the impact of prior knowledge

To intuitively understand the effect of action saturation, we can visualize its impact on some
EAs in Figure 3.8. The behavior of all agents is plotted before training on the left, and after
on the right, for the same three days during the heating season in March. For completeness,
Table 3.4 reports the aggregated metrics of each agent on the right plot. Focusing on the left
plot, we see the untrained classical DRL agent in black letting the temperature diverge to
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Figure 3.8: Behavior of a classical DRL agent and EAs with various m and n parameters
minimizing the heating power consumption (bottom) while maintaining the temperature
in the gray dotted predefined bounds (top) over three days in March. Left: Performance
before training, where EAs are saturated once they exceed the bounds by n degrees.
Right: Performance after training, showing how all agents converged to similar solutions,
confirming the results in Table 3.3.

Agent Classical 1 EA (ours)

mln - 0/1]0/05|0/0.25
Reward -0.68 -0.69 | -0.89 -0.60
Comfort violations [Kh] 1.28 1.18 2.23 0.65
Energy consumption [kWh] 5.03 5.38 5.54 5.46

Table 3.4: Reward, sum of comfort violations, and aggregated energy consumption of
each agent over the three days depicted on the right of Figure 3.8.

an uncomfortably high range (out of the bounds of the plot) as it starts exploring the state
space using roughly constant heating power. On the other hand, all the EAs are forced to
stop heating once they are n degrees out of bounds. Consequently, even before training, such
agents will not overheat the room and keep it at acceptable temperatures for the occupants,
corresponding to what we expect from good control policies. However, note that EAs can
present control input oscillations due to the impact of external disturbances, mainly the solar
gains around noon, triggering the saturation mechanism on and off.

On the right plot, after training, one can observe that all EAs generally make comparable
decisions — still being sometimes saturated, which ensures compliance with prior expert
knowledge —, which leads to similar temperature patterns. On the other hand, the classical
agent presents a slightly different behavior, with smoother control profiles. Interestingly, this
agent is the only one heating in the early afternoon; EAs wait until the end of the afternoon
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to heat the room with higher power and meet the comfort bound tightening at 20 h instead.
This allows the classical agent to use less energy than EAs over these three days but can incur
additional comfort violations (see Table 3.4), as expected from Figure 3.7.

Data efficiency of the proposed gradient modification

A comparison of the convergence speed of various agents over the first 300 epochs is plotted
in Figure 3.9, where the vertical lines and annotations illustrate the number of days required
to attain performance on par with the two baselines. In general, EAs reach this threshold
significantly earlier than classical DRL agents, in as little as 29 days instead of roughly 200, an
improvement of almost an order of magnitude. In particular, the smaller 7 is chosen (from
left to right in Figure 3.9), the faster the convergence of the EAs in green and blue. Intuitively,
this makes sense, as tighter constraints enforce more prior knowledge on the EAs, allowing
them to find meaningful solutions more quickly, without losing time exploring suboptimal
state-action pairs. On the other hand, the influence of m is less marked, with m # 0 (blue)
and m = 0 (green) leading to very similar convergence patterns in the bottom row of plots in
Figure 3.9. Nonetheless, as expected, we still observe that smaller values of m tend to incur
faster convergence since it further restrains the agents’ freedom according to prior knowledge.

Remarkably, RS does not seem to drastically speed up training in this case study (red). While
RS 0 / 0.25 does converge twice as fast as the classical DRL agents, we can also observe that
RS 0/ 0.1 did not converge at all, hinting at the fragility of this scheme in general. Even
when they find meaningful solutions, RSs remain two to three times slower than their EA
counterparts, hinting at the superiority of the proposed gradient modification for accelerated
convergence. On the other hand, RS seems to lead to more consistent performance than
classical agents and EAs after a few hundred epochs, which is confirmed by their impressive
final performance in Figure 3.7 and Table 3.3. Consequently, merging both approaches could
yield impressive results in practice, initially using (3.15) to improve the convergence speed
and gradually diminishing its impact to let the influence of (3.16) increase and stabilize the
final performance.

3.4.4 Towards agents that can be deployed from scratch in physical buildings

Accerlerating convergence (R7). Overall, these results support our claim that, as long as
the rules provided to the agents are well-defined and correspond to expected behaviors, the
modifications proposed in Section 3.4.2 can greatly accelerate the convergence of DRL agents,
helping them to satisfy R7. Interestingly and as expected, incorporating more specific expert
knowledge in EAs — through smaller m and n, hence enforcing tighter constraints — further
improves their learning speed. While they remained two to three times slower than EAs in our
case study, RSs benefited from a similar relationship between the amount of prior knowledge
used and the subsequent convergence speed.
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Figure 3.9: Convergence speed of various EAs with different 7 and n parameters in green
and blue, compared to agents using RS in red and two classical agents in black (one in the
top plots, one in the bottom ones). The vertical lines and annotations specify the number
of days of data required to obtain a reward of —2.95 for each agent, corresponding to the
average performance of the two baselines.

Interestingly, the proposed actor gradient update modification provided the desired speedup
for various choices of m and n, contrary to RS, hinting at its robustness. Despite converging
6-7 faster than vanilla agents, however, EAs still required 30 days to achieve performance on
par with the baselines in this case study. Furthermore, these findings are not guaranteed to
transfer to other applications or more complex case studies. This could be a hurdle for real-
world deployments as occupants might expect better performance than baseline controllers
after a few days, irrespective of building characteristics.

Near-optimality (R1). Critically, these convergence speed improvements do not significantly
impact the quality of the final solution compared to classical unconstrained agents, as shown
in Figure 3.7. This hints that the proposed modifications do not significantly hinder the ability
of EAs to satisfy R1, and we postulate that the analyses proposed in Section 3.3.2 for vanilla
DRL policies would also hold for EAs in the long-term.

Satisfying constraints (R3). Notably, the action saturation in (3.14) enforces soft guarantees
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to respect the comfort of the occupants, creating DRL agents able to meet R3. Indeed, while
we cannot ensure that the indoor temperature will never leave the predefined bounds, EAs will
always react as expected whenever violations occur, turning the heating on if the temperature
inside gets too cold, for example. Such a response would probably avoid complaints from the
occupants in real-world deployments, especially if EAs quickly learn to avoid these situations.

Impoving robustness (R2). Finally, these soft guarantees also pave the way towards DRL
agents simultaneously meeting R2 to some extent. Indeed, they ensure the inside temperature
will remain comfortable for the occupants at all times, under any weather conditions, for
example. However, ensuring near-optimal performance under any external condition remains
a challenge in general: while we can ensure NN-based control policies do not behave catas-
trophically when subjected to disturbances they have not been trained to handle with such
constraints, we cannot expect them to make optimal decisions in these cases.

3.5 Conclusion and outlook

In this chapter, we started by discussing seven requirements of an ideal building controller,
arguing in favor of online model-free DRL algorithms, which have the potential to bypass the
need for building and disturbance models and the related pitfalls in terms of scalability and
transferability (R5-R6). However, the final performance of such controllers, their ability to
handle disturbances and constraints, and their convergence speed (R1-R3, R7) remain open
questions. Consequently, we then provided in-depth analyses of the potential of DRL policies
to meet these requirements in a zone temperature case study. First, we reported evidence
pointing towards their capability to achieve near-optimal performance in different settings
(R1) in Section 3.3. Then, Section 3.4 proposed computationally inexpensive modifications
of actor-critic algorithms to find well-performing policies in a few weeks of data (addressing
R7 to some extent) while providing adequate comfort under different internal and external
conditions (towards the satisfaction of R2-R3).

3.5.1 Limitations of our experiments

Naturally, the main limitation of our investigations comes from the single low-complexity
framework the agents were evaluated in throughout this chapter, namely the thermal control
of a single bedroom in UMAR in simulation. Furthermore, while PCNNs grasp nonlinear
dynamics through their black-box module, they remain input-affine and might not capture
the full complexity of building thermal dynamics to evaluate DRL agents adequately. However,
experimental demonstrations in UMAR, such as the one depicted in Figure 3.5, revealed
similar behaviors to what could be observed in simulations, hinting at the efficacy of PCNNs to
produce accurate dynamics. Nonetheless, to validate our findings, one would have to expand
all the analyses to different buildings and scale to more complex problems, incorporating
interactions with batteries and PV panels, for example. In other words, this would assess the
ability of the proposed methods to handle R5-R6 simultaneously to R1-R3 and R7.
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Apart from these considerations, it is noteworthy that we did not strive to achieve the best
performance in the proposed case study, instead focusing on comparisons and analyses of
different agents. It would probably be possible to improve the quality of each solution through
a thorough hyperparameter selection procedure, for example. In practice, one should also
investigate the impact of the state-space S; some variables might not be required, while
other ones, typically weather forecasts, could be very valuable to improve performance [215].
Similarly, more informative reward functions might help DRL agents converge faster to ex-
pected behaviors. For example, one could reward them according to the relative performance
improvement they achieve compared to a baseline instead of their absolute performance,
similarly to [251].

Note that although we focused on building applications throughout this chapter, it would
be of interest to carry out similar investigations in other fields. In particular, one could
analyze whether DRL policies generally achieve near-optimality and whether adapting the
modifications proposed in Section 3.4 to other domains can also accelerate learning. However,
the latter would require principled solutions to transfer generic prior knowledge into rules
enforceable on the agents’ actions. Moreover, its applicability would be constrained to soft-
constrained systems, as the proposed EA implementations cannot ensure the fulfillment of
state constraints.

3.5.2 Potential pathways towards the satisfaction of R1-R7

Overall, our investigations hint that computationally inexpensive interventions on model-free
DRL agents can allow them to meet almost all the desired requirements R1-R7. Nonetheless,
additional efforts are still required to achieve robustness and reasonable convergence times
in practice (R2 and R7) and assess whether our conclusions hold for larger-scale case studies
and different buildings (R5-R6). Let us now mention possible pathways toward DRL agents
meeting these requirements, opening the discussion on potentially interesting future works. A
combination of progress in several fields mentioned below will probably be required to design
controllers that can be deployed from scratch in any building.

Accelerating convergence. First, although we managed to accelerate the convergence of
DRL agents by a factor of six to seven in Section 3.4, EAs still required a month of data to
achieve performance on par with the two baselines in a low-complexity zone temperature
control case study. To make matters worse, this training time is bound to increase when scaling
DRL policies to control whole buildings. It could thus lead to high energy bills and occupant
discomfort — even if soft guarantees are enforced — during a relatively long initial learning
phase. This calls for measures leading to even faster online convergence to satisfy R7 and
achieve widespread acceptance.

To that end, it would be interesting to investigate the impact of data selection in the train-
ing process of DRL agents. For example, convergence to a meaningful solution might be
accelerated by considering consecutive days of data in the training phase instead of randomly
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sampled ones. Remarkably, this corresponds to the situation a DRL agent deployed and trained
from scratch on a physical building would face. On one hand, well-performing policies might
be found faster since it would avoid training the NN policy to react to widely different inputs.
On the other hand, it could lead to issues once the external conditions change severely — from
summer to winter, for example — if the policy converges to a local minimum too early during
training.

As an additional and potentially concurrent approach to improve the convergence speed of
DRL algorithms, one could explore the systematic decomposition of building control problems
into simpler and more complex sub-tasks. This would allow practitioners to use standard
rule-based controllers in the former cases and only leverage DRL for hard-to-specify tasks, for
example, which might significantly accelerate learning, as in [213]. Note that this is closely
related to the proposed EAs in Section 3.4, where we force agents to follow expert knowledge
when the temperature is too far from the comfort bounds; one could instead let a baseline
take over in that case, solely training the DRL agent to optimize the control inputs when
the temperature is in the comfort range and the optimal behavior unknown. Similarly, one
could train several agents, each handling different situations (for example, one per season),
to simplify their learning task. However, while each agent would converge faster, whether
the total training time, energy consumption, and occupant discomfort would decrease is an
interesting question.

Improving EAs. To achieve strong final performance (R1) despite constraining the agents as
proposed in Section 3.4 to satisfy R2-R3 and R7, it might be interesting to investigate annealing
strategies on A or leverage primal-dual optimization tools on (3.15). The latter could indeed
adaptively tune the influence of the additional penalty in the actor gradient and let agents
learn more expressive policies after the initial exploration phase [283]. Additionally, given the
final performance of RS-based agents, it might be worth analyzing how to merge their modified
reward function (3.16) with EAs to simultaneously achieve near-optimal final performance
and rapid convergence towards it.

Physics-inspired DRL. Even if imposing constraints on the agents’ actions to enforce soft
guarantees on the indoor conditions does ensure DRL control policies cannot act inadequately,
they might still perform significantly sub-optimally under new disturbances and not meet R2.
While pre-training with extensive simulations is the best and most widely used countermea-
sure to date, it is limited by its reliance on accurate simulators. Instead, knowledge-informed
or Physics-inspired DRL (PiDRL) provides an interesting alternative pathway to alleviate the
brittleness of NN control policies. Similarly to what was done in Chapter 2 to guarantee
PCNNs respect the underlying laws of thermodynamics, one could indeed ensure DRL agents
understand the main factors driving thermal building dynamics to steer their policies towards
expected behaviors.

While the system’s physics is often leveraged to characterize unsafe actions [223, 224, 278]
or design more informative reward functions [225], it might be leveraged to capture more
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abstract concepts. For example, in the case of building control, it could be of interest to
design control policies explicitly encoding expected dependences on indoor temperatures,
presence of occupants, or any other impactful factor. Inspired by the architecture of PCNNs in
Chapter 2, one could similarly design a modular control policy enforcing agents to react to
some conditions according to expert intuition through a knowledge-infused module while
letting an NN learn the best responses to disturbances harder to optimize against in parallel.
This could lead to control policies guaranteed to react as expected in critical cases, as a further
step towards the general satisfaction of R2. Note that the modifications proposed in Section 3.4
are one possible way to enforce DRL agents to react to out-of-bounds temperatures as expected
and might hence provide a basis for more generic PiDRL building control policies.

Transfer Learning. Since it would allow one to warm-start the training of DRL agents from
a well-performing initial control policy, TL is another potential solution to increase their
data efficiency and go toward the satisfaction of R6-R7. However, which part of control
policies can be transferred without significant performance drop remains a challenging field
of research [156]. For example, when a DRL agent learned in a single zone was subsequently
deployed to control the whole building, it showed overfitting, and manual interventions were
required to avoid catastrophic behaviors in [284]. Nonetheless, if significant advances were
made in TL, it could further accelerate the online convergence speed of building DRL control
policies — and potentially significantly.

Going beyond traditional TL, one could investigate the potential of designing a general build-
ing control policy, i.e., pre-training one or a few large-scale NNs to optimize different building
architectures, appliances, comfort parameters, weather conditions, and so on, a priori, simi-
larly to [42]. This would call for a systematic simulation procedure and an extensive learning
phase but could then be leveraged to potentially accelerate convergence online (R7) in any
new building (R6) and help ensure DRL agents behave adequately under all the simulated
disturbances (R2).

Multi-agent Reinforcement Learning. As advocated by [14, 31, 206], for example, significant
progress still needs to be made on multi-agent RL algorithms to optimize interconnected
complex systems like large-scale buildings or neighborhoods. While single DRL agents might
have interesting scalability properties, they indeed cannot be expected to control whole
districts, and cooperation among several agents acting on a smaller scale will be required to
tackle R5 to its full extent. Even at the building level, letting a single agent control multiple
zones might not be optimal, as observed in [285], where learning one distinct control policy
for each zone, while increasing the computational burden, led to better final performance, for
example.

The field of multi-agent RL is however still nascent, with many open problems linked to
non-stationarity, communication (what to communicate to which agent(s) and when), co-
ordination (how to reach consensus), credit assignment (if the agents share a common goal,
how to recover which action(s) of which agent(s) led to good rewards), scalability, and partial
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observability (agents do not have access to the full state of the environment or other agents’
internal information) [286, 287]. Note that given the sensitivity of building operation data,
letting several agents communicate would furthermore incur privacy issues, advocating for
federated learning-inspired techniques, such as in [288].

Occupant-centric control. Given the importance of the occupants — stemming from their
preferences and behavior [12] —, more efforts should be directed towards occupant-centered
solutions. While most studies still only consider maintaining the inside temperature in a
comfortable range [206], accommodating the thermal comfort of the occupants to some
extent, it is nowadays well-known that the concept of “comfort” goes beyond these simple
considerations [144].

However, how to represent comfort preferences more accurately is an open field of research
and a challenging problem. This is due to the lack of data — and its quality whenever it is
available — and the significant related privacy issues, among other factors [289]. Remarkably,
model-free DRL agents could incorporate personalized comfort preferences [10]. For example,
it would be possible to directly learn control policies from the feedback of the occupants [290],
opening many avenues for occupant-centered yet energy-efficient solutions.

Interpretable controllers. We hypothesized that an ideal controller would satisfy R1-R7
in this chapter, implying that it should perform near-optimally under any circumstance
(R1-R2). With these two requirements, we implicitly assumed that such a controller would
receive the people’s trust since it would always make meaningful decisions. Thus, we did not
list interpretability amongst the requirements. However, in practice, especially in the early
development phase, explainability of a controller’s decisions might be crucial to foster its
acceptance.

To bypass the limited expressiveness of RBC tuning methods like [161, 167], which are inter-
pretable but inherently upper-bounded by the structure of the underlying RBC, one could
turn to policy distillation techniques instead [291]. The idea here is to first fit an NN policy
to the control problem, typically through DRL, and then reduce it to an interpretable tree or
set of rules with minimal performance loss. In other words, a low-complexity interpretable
controller replaces the NN policy, mimicking its behavior. Such efforts to make DRL algorithms
more transparent are inscribed in the scope of explainable RL, a field which has been growing
in popularity in the last years [292].

3.5.3 A practical perspective

To conclude this chapter, we want to emphasize here that we only investigated the theoretical
promises of model-free DRL agents in-depth as we argue they exhibit strong potential to
fulfill the pre-defined seven requirements of ideal building controllers. However, in practical
applications, the best choice of method often hinges on the “engineering budget” and the
availability of models or data.
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Naturally, if an accurate building model exists, it should be leveraged in model-based DRL
methods or to pre-train model-free DRL agents to accelerate their convergence online and
train them to handle different disturbances and constraints (R2-R3, R7). If disturbance fore-
casts are also easily accessible,”> MPC-based applications would probably achieve impressive
performance — provided the optimization problem can be solved quickly enough with the
hardware on-site at each time step.

Otherwise, if only data is available — in quantity and quality —, one could use it to build
an accurate simulator and recover a building model to be leveraged as discussed above.
Alternatively, one could rely on IL techniques to warm-start DRL control policies (R7) or follow
DPC-based approaches, for example. Provided disturbance forecasts are accessible, the latter
could attain compelling performance, especially if the model could be updated online without
compromising the controller’s quality.

Finally, online methods would have to be applied in cases where neither a model nor an
extensive data set is available at deployment time. Model-based approaches might achieve
strong performance but require learning and maintaining an accurate building model online.
Alternatively, model-free DRL algorithms, especially with the proposed modifications in Sec-
tion 3.4, could directly learn how to optimize building operations while treating the system as
a black box. However, they might still require several months to converge to a well-performing
policy. In sum, neither of these approaches can provide performance guarantees for practical
applications yet, and the best solution to date might be to collect data for a few days or weeks
and then fall back to one of the options discussed above.

231n the case of building control, the main disturbances usually stem from weather conditions and occupant
behavior. While weather forecasts are generally accessible, predicting the latter is more challenging.
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While Neural Networks recently gained massive attention thanks to their ability to solve
very complex modeling tasks [59-64], they are generally system-agnostic (Section 2.1). Even
when known physics is enforced upon them, as discussed with PCNNs throughout Chapter 2,
for example, they remain uninterpretable, and people often prefer more structured and ex-
plainable models in practice [293]. Indeed, it might not be desirable to use black-box NNs
in applications where some properties of the model to identify are known — like stability or
physical properties. Additionally, NNs might perform sub-optimally in such cases, where
learning a model with the expected structure can lead to better performance [294]. Contrary
to NNs, traditional System Identification (SI) approaches, which matured decades ago [47],
can enforce desired system properties — but they struggle to scale in general.

In this chapter, we start from the fact that the availability of state-of-the-art open-source
libraries like PyTorch [140] and TensorFlow [295] has been key to the success of NNs in fitting
million of parameters on large-scale problems. In particular, Automatic Differentiation (AD),
at the core of the backpropagation algorithm [296], the backbone of NN training, nowadays
benefits from extremely efficient implementations. Consequently, we propose to leverage
these recently developed tools to help scale traditional SI methods and identify structured
models from data.

The main output of these investigations is the SIMBa open-source toolbox (System Identifi-
cation Methods leveraging Backpropagation) on https://github.com/Cemempamoi/simba.
Relying on novel linear-matrix-inequality-based free parameterizations of Schur matrices,
SIMBa can enforce desired system properties without jeopardizing the stability of linear state-
space models. Extensive numerical simulations show it consistently outperforms traditional
methods — and sometimes significantly — when identifying different systems with and with-
out state measurements, from simulated or real-world data, and while enforcing various
properties. Finally, we also propose one extension of this framework to identify nonlinear
systems following the laws of thermodynamics in Section 4.6.
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Notations used throughout the chapter

Let; and 1,x4 be the identity and all-one matrix of dimension g, respectively. Given a matrix
H € R?7*24 we define its block components Hiy, Hio, Ho1, Ho» € R9*7 as

Hyy Hpp
H>1  Hjp

|-

For a symmetric matrix F € R7*9, F > 0 means it is positive definite. For a matrix K € R7*9,
Amin(K) and A 44 (K) refer to its minimum and maximum eigenvalue, respectively, and

AR max = ,max [A; (K|

1,...,n

to its maximum absolute eigenvalue. ¢ := R —]0, 1[ corresponds to the sigmoid function

o(r)=
(" l+e T

and 0! to its inverse. ||-|| p represents the p-norm of a vector. Finaly, A matrix J is skew-

symmetricif ] = —J 7. The Poisson bracket of Z, G € C*°(R") with respect to a skew-symmetric

matrix J is defined as .
0Z"'(x) 0G(x)
Z,G}y= .
{ b 0x J 0x

4.1 Towards structured stable linear system identification

Given their effectiveness at grasping complex nonlinear patterns from data, NNs have re-
cently been used for nonlinear system identification, where traditional SI methods struggle
to compete [297-299]. NNs can be leveraged to create deep state-space models [294], deep
subspace encoders [300], or deep autoencoders [301], for example. While applying NNs to
identify nonlinear systems can perform well, it might underperform for linear systems, for
example, where methods assuming model linearity can achieve better accuracy [294].

Although nonlinear SI has attracted significant attention in recent years, the identification
of Linear Time Invariant (LTT) models is, however, still of paramount importance to many
applications. Indeed, linear models come with extensive theoretical properties [302] and lead
to convex optimization problems when combined with convex cost functions in a Model
Predictive Controller [125], for example. Moreover, to date, numerous industrial applications
still rely on the availability of linear models to conduct simulations, perform perturbation
analysis, or design robust controllers following classical model-based techniques, such as Hp,
H oo, and u-synthesis [303].

In Sections 4.2-4.5, we show how one can leverage ML tools — backpropagation and uncon-
strained Gradient Descent (GD) — for the identification of stable linear models, presenting a
novel toolbox of System Identification Methods leveraging Backpropagation (SIMBa). Our
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research is related to the efforts in [146, 183, 304-306], where backpropagation was also used
to identify LTI state-space models but only as part of specific frameworks and without consid-
ering stability constraints.

4.1.1 Problem setting

Sections 4.2-4.5 are concerned with the identification of discrete-time linear time-invariant
state-space models of the form

Xi+1 = AXp + Buy (4.1a)
Yk =Cxr + Duy, (4.1b)

where x € R", u € R™, y € RP are the states, inputs, and outputs, respectively. The objective is
to identify A e R**", Be R, C e RP*" and D € R”*™ from data.

Throughout this chapter, we assume access to a data set D/° = {(u(0), y(0)) , .., (u(ls), y(U))}Y,
of N input-output measurement trajectories s of length /;. Note that, for some applica-
tions, one might have direct access to state measurements, in which case (4.1b) is omit-
ted and only A and B need to be identified from a data set of input-state measurements
DS = {(u(0), x(0)), ..., (u(ly), x(ls))}]svzl. In our experiments, we split the data into a training, a
validation, and a test set of trajectories Dygin, Dyar, and Dy, respectively, as often done in ML
pipelines [307].

When we want to enforce the asymptotic stability of (4.1), we need to ensure A is Schur, i.e., all
its eigenvalues 1;(A) satisfy [1;(A)| < 1,Vi =1, ..., n [308]. Finally, to discuss sparsity patterns of
various matrices, we will use binary masks M € {0,1}9*% and denote with M := M © M sparse
matrices M € R7*S, where M is the corresponding sparsity pattern, M can be any matrix of
appropriate dimensions, and ® denotes the Hadamard product between two matrices.

4.1.2 Subspace identification for linear systems

State-of-the-art implementations of linear state-space SI often rely on subspace identifica-
tion [54], such as the acclaimed MATLAB system identification toolbox [309] or the STPPY
Python package [50]. Both of them provide the three traditional Subspace Identification
Methods (SIMs), namely N4SID [310], MOESP [311] and CVA [312]. Remarkably, these three
methods were later unified under a single theory in [313], proving they rely on similar concepts.

In addition to these traditional methods, SIPPY also proposes an implementation of PARsimo-
nious SIMs (PARSIMs), namely PARSIM-S [314], PARSIM-P [315], and PARSIM-K [316], which
enforce causal models by removing non-causal terms. While the former two methods do not
work with closed-loop data since they assume no correlation between the output noise and
the input, PARSIM-K was specifically designed to alleviate this assumption.
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4.1.3 Enforcing stability

In practice, when the system is known to be stable, one usually requires the identified model
to be stable as well [48]. In this case, post-hoc corrections can be applied to the state-space
matrices identified by SIMs to guarantee stability [49]. However, this is impossible for PARSIMs
and might cause severe performance drops on traditional SIMs [50]. Apart from such post-
hoc modifications, one can also modify the Least Squares (LS) estimation at the heart of
many identification procedures to ensure stability. This can be achieved by either introducing
custom weighting factors [317] or rewriting it as a constrained optimization problem [318, 319],
for example.

Alternatively, one can leverage parametrizations of Schur matrices, such as the ones proposed
in [320, 321], and then use projected gradients to approximate the LS solution while ensuring
the resulting model remains stable at each step, for example [51]. A similar idea was utilized
in [322], where the Perron-Frobenius theorem was leveraged to bound the eigenvalues of A
and hence ensure the system remains stable at all times, even during the learning phase.

Finally, instead of directly constraining the state-space matrices, one can simultaneously learn
amodel and a corresponding Lyapunov function for it, typically NN-based, thereby ensuring
its stability by design [323]. This approach presents the advantage of naturally extending to
nonlinear SI, contrary to all the others, but comes with a significant computational burden.
Note that while SIMBa does not explicitly learn a Lyapunov function, it implicitly defines one
to guarantee stability (see Section 4.2). However, instead of learning it with an NN, we leverage
Linear Matrix Inequalities (LMIs) to parametrize Schur matrices, inspired from [324].

4.1.4 Prior knowledge integration

In addition to maintaining the stability of the system, it can be beneficial, and sometimes
necessary, to convey expert knowledge or desired properties to the identified model in practice.
Specifically, there is a growing interest in methods that can incorporate known properties
in the state-space matrices to identify — to enforce desired sparsity patterns, for example.
This information might indeed be known a priori: one may have insights on which states
are measured, which inputs impact which states, or which states exchange information, i.e.,
the topology of a networked system. Such requirements led to the development of SIMs
specifically tailored for distributed systems with different topologies, where the state-space
matrices are known to have specific sparsity patterns [52, 325-327].

Beyond sparsity patterns, an expert might have prior knowledge about the structure of the
system stemming from known physical properties, for example. To ensure the identified
model follows the desired dynamics, one typically writes down the corresponding state and
output equations manually and then identifies the unknown parameters from data. Such
gray-box modeling approaches have been successfully applied to building [122], chemical
process [328], or robotic system [329] modeling, among others. These considerations were
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recently unified in the COSMOS framework, which allows one to identify structured linear
systems from input-output data [53]. It is based on rewriting the LS estimate in SIMs as
a rank-constrained optimization problem to enforce the matrices to belong to the desired
parametrized set. However, COSMOS minimizes the one-step-ahead prediction error and
does not guarantee the stability of the identified system.

We note here that knowledge integration also encompasses the careful initialization of all
the parameters, which has already been shown to improve performance in the context of
nonlinear SI [146]. While this is not needed for classical subspace methods, which rely on
deterministic LS solutions [54], it can have a significant impact on the convergence rate and
quality of the solutions of gradient-based algorithms like SIMBa [330].

4.1.5 Summarized contributions

To summarize, none of the above methods allowing prior knowledge integration considered
the stability of the resulting system. Additionally, they usually rely on one-step-ahead fitting
criteria. To maintain state-of-the-art performance without losing stability guarantees when
enforcing desired system properties, such as predefined sparsity patterns or known values
of state-space matrices, we introduce SIMBa, a structured linear SI toolbox that allows for
detailed prior knowledge integration without jeopardizing the stability of the identified model.
Leveraging novel free parameterizations of Schur matrices and well-established ML tools
for multi-step prediction error minimization, we show how SIMBa can significantly outper-
form traditional stable SI methods found in the MATLAB SI toolbox [309] through extensive
numerical experiments.

SIMBa is open-sourced and system-agnostic: it can seamlessly identify both multi-input-multi-
output and multi-input-multi-state data, optimize different multi-steps-ahead performance
metrics, deal with large-scale systems, multiple trajectories, and missing data, and comes with
smooth GPU-integration. Due to its GD-based backbone, it incurs significant computational
burdens, requiring from several minutes to over an hour to train compared to the few seconds
needed for conventional methods. However, it consistently — and sometimes significantly
— outperforms traditional approaches on a wide variety of problems in terms of accuracy,
even while enforcing prior knowledge on the state-space matrices. SIMBa could hence be
very beneficial in applications where performance is critical or system properties must be
respected.

Altogether, Sections 4.2-4.5 propose a new paradigm for SI of large-scale structured linear
systems without losing stability guarantees. While it comes with a large computational burden,
SIMBa also presents interesting extension potential, for example, to include tailored nonlin-
earities, similarly to what is proposed in Section 4.6, or to facilitate stable Koopman-based
approaches like [304-306, 331].
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4.2 Free parametrizations of Schur matrices

To efficiently leverage PyTorch’s automatic differentiation implementations, which cannot
deal with constrained optimization problems, we require A to be Schur by design. This will then
allow us to run unconstrained Gradient Descent (GD) in the search space without jeopardizing
the stability of the identified system. Throughout this section, inspired by [324], we leverage
Linear Matrix Inequalities (LMIs) to design matrices that simultaneously guarantee stability
and capture various system properties.

Credit assignment. The results of this section stem from a collaboration between Muhammad
Zakwan and the author of this thesis in [56, 57]. Although their development was primarily
spearheaded by Muhammad Zakwan, they are reported here for completeness since they will
be leveraged in Section 4.4, but the proofs are deferred to the appendix.

4.2.1 Dense Schur matrices

Let us first provide one possible free parametrization of Schur matrices with arbitrary structure
and bounded eigenvalues.

Proposition 3. Forany W € R27%2n 7 e RN () < Y<1,ande>0, let

S:=W'W +¢ly,. 4.2)
Then
1(Sn 17!
A=81 | = —2+Sgg +V-V (4.3)
2\y
is Schur with |A;(A)| <y, Vi=1,..,n .
Proof. See Appendix B.1. O

Note that y is a user-defined parameter bounding the eigenvalues of A in a circle of the
corresponding radius centered at the origin, potentially enforcing desired system properties
on the learned matrix. Importantly, Proposition 3 captures all Schur matrices, as detailed in
the following corollary.

Corollary 2. For any given Schur matrix A and € > 0, there exists W € R?"*2" /¢ R
satisfying (4.3) for S as in (4.2).

Proof. See Appendix B.2. O
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4.2.2 Discretized continuous-time systems

Many linearized real-world systems are continuous-time, i.e., of the form

X=Ax+Bu (4.4a)
y=Cx+Du. (4.4b)

After a forward Euler discretization, (4.4) becomes

Xk+1 = (]In +5A) Xk +51§uk
Vi = ka+Duk,

where § > 0 is the discretization step.! In particular, the matrix A we want to identify from
discrete-time data samples while ensuring stability now takes the form

A:=1,+5A. (4.5)

In other words, if the data in D¥/° or D!/* has been collected from a continuous-time system,
then A will be close o identity. Note that a similar behavior would also be expected from
slow-changing systems. The following proposition offers a parametrization of A that takes this
desired structure into account.

Proposition 4. For any W € R*?™?", V e R™*", and e > 0, let

S:=WTW +ely,. (4.6)
Then
A=T,=2(Sn+V-VT) " 81,8528 4.7)
is a Schur matrix.
Proof. See Appendix B.3. O

Contrary to Proposition 3 and as evident from (4.7), the matrix A will be steered towards
the identity matrix here, as desired. If the given data stems from a continuous-time or slow-
changing discrete-time system, this might ease SIMBa’s learning procedure, and we will
leverage it in Section 4.4.6. Importantly, Proposition 4 does not sacrifice any representation
power, as stated in the following corollary.

Corollary 3. For any given Schur matrix A and e > 0, there exists W € R?"2"" v ¢ R""
satisfying (4.7) for S as in (4.6).

Proof. See Appendix B.4. O

lWhile different discretization schemes exist, we focus on the forward Euler one herein as it allows us to derive
another meaningful parametrization of Schur matrices.
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Remark 20. The discretization step 0 does not appear in (4.7). While it might seem counter-
intuitive at first glance, this is not an issue in practice: changing the discretization step would
indeed modify the data collection for D'° or D''*, thereby naturally changing the solution
found by SIMBa through GD and hence the form of A. In other words, A implicitly depends on
0, as expected.

4.2.3 Sparse Schur matrices

Let us now assume the sparsity pattern M of A is given. This might arise in cases where
the system to identify is a networked system with a known topology, for example. The fol-
lowing proposition shows how to parameterize such sparse matrices without losing stability
guarantees.

Proposition 5. For a given sparsity pattern M € {0,1}'"*", any W € R27%21 /e R™" ande > 0,
let
S:=WTW +el,, (4.8)

and construct the diagonal matrix N with entries

Njj = maX{ZMij,ZMji}+€, Vi=1,.,n. (4.9)
j#i J#i
Then, the matrix ,
) _
A=Mo($12 N@(E(SH+SZZ)+V—VT) ) (4.10)

is Schur and presents the desired sparsity pattern M.

Proof. See Appendix B.5. O

For a given sparsity pattern M and small positive constant ¢, one can thus define N and use
the free parametrization (4.10) to compute Schur matrices presenting the desired sparsity
pattern from some V and W.

Remark 21. Contrary to Propositions 3 and 4, Proposition 5 is conservative; it cannot capture all
sparse Schur matrices. This stems from two steps in Appendix B.5. First, we have to restrict our
search to systems admitting diagonal Lyapunov functions to leverage the associative property of
Hadamard products with diagonal matrices. Second, satisfying (B.10)—(B.11) is only a sufficient
condition for (B.9) to hold.

Remark 22. Setting M := 1<, would provide another parametrization of dense Schur matri-
ces, potentially replacing Proposition 3. However, this is not advised in practice since (4.10) is
more conservative than (4.3), as discussed in Remark 21.
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4.2 Free parametrizations of Schur matrices

4.2.4 An alternative general parametrization

To showcase the power of PyTorch, which can differentiate through the computation of
eigenvalues, the following proposition offers an alternative free parametrization of any Schur
matrix. Contrary to the other parametrizations, it relies on scaling arguments instead of LMIs.

Proposition 6. For a given sparsity pattern M € {0,1}'**", 0 <y < 1, and any matrix V e R""*"
and constant 1 € R, leveraging the sigmoid function o, the matrix

ony

= v 4.11
|/1(M®V)|max(M® : @1

is Schur stable with |1;(A)| <vy,Vi=1,..., n, and presents the desired sparsity pattern M.
Proof. See Appendix B.6. O

As can be seen, Propositions 5 and 6 can be used interchangeably; they both provide a free
parametrization of sparse and stable matrices. Contrary to its conservative counterpart,
however, Proposition 6 can capture all Schur matrices — including sparse ones —, as shown in
the following corollary.

Corollary 4. Any Schur matrix A satisfies (4.11) for some M € {0,1}"*", 0 <y <1, Ve R"",
andneR.

Proof. See Appendix B.7 O

Interestingly, defining M := 1, in Proposition 6, we recover a free parametrization of
generic matrices, providing an alternative to Proposition 3. However, according to Corol-
lary 4, this would not come at the cost of expressiveness, contrary to Proposition 5. Similarly,
parametrizing V as in (4.5) and using M := 1,,.,, we recover a parametrization of matrices
close to identity interchangeable with Proposition 4. Overall, Proposition 6 hence allows us to
characterize any type of Schur matrix discussed throughout this Section.

Remark 23. Proposition 6 is philosophically related to [323], where a Lyapunov function is
learned simultaneously to nominal system dynamics. At each step, the dynamics are then
projected onto the Lyapunov function to guarantee asymptotic stability. Similarly, (4.11) can be
seen as a projection onto some (unknown) Lyapunov function. However, the latter is implicitly
defined through the scaling of A instead of being learned, hence alleviating the associated
computational burden.

Remark 24. Propositions 3 and 5 can be adapted for continuous-time systems of the form (4.4)
leveraging techniques similar to [332]. On the other hand, the scaling approach deployed in
Proposition 6 to control the magnitude of the eigenvalues of A cannot be straightforwardly
adapted to the continuous-time setting, where the real part of each eigenvalue has to be negative
to ensure stability.
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## Import SIMBa and the default parameters
from simba.model import Simba
from simba.parameters import base_parameters as parameters

## Prepare the data (unused data can be set to None,
# e.g., X for input-output systems)

U, X, Y, x0 = train_data

U_val, X val, Y_val, x@_val = validation_data

U _test, X test, Y_test, x0_test = test_data

## Customize the parameters to the problem
parameters['input_output'] = True
# o

## Declare Simba, train it, and save the results
simba = Simba(nx=nx, nu=nu, ny=ny, parameters=parameters)
simba.fit(U, U_val, U_test, X, X val, X_ test,

Y, Y_val, Y_test, x@, x@_val, x0_ test)
simba.save(directory=directory, save_name=save_name)

Figure 4.1: Main steps of running SIMBa in Python.

4.2.5 Using free parametrizations

Propositions 3-6 imply one can choose anye >0,0<y <1, M €{0, 1} Ve R"™" We
R27%2n and 1 € R — depending on the setting — and construct a stable matrix A as in (4.3),
(4.7), (4.10), or (4.11). In practice, € should be set to a small constant? and Y and M are
problem-specific and user-defined since they stem from prior knowledge about the system.

Therefore, all constrained parameters are defined by the user a priori.

SIMBa then searches for V, W, and i optimizing some performance criterion, as detailed in
Section 4.3. Since these parameters are not constrained, SIMBa can use unconstrained GD for
this task. Propositions 3—-6 hence allow us to leverage the full power of PyTorch’s AD to fit the
data without jeopardizing stability, constructing a Schur matrix A from the free parameters V,
W, and 7 at every iteration.

4.3 The SIMBa toolbox

SIMBa is implemented in Python to leverage the efficient AD framework of PyTorch [140]. It
is open-sourced on https://github.com/Cemempamoi/simba. For given data sets Dyqin, Dyar,
and Dy, SIMBa can be initialized, fit, and saved in a few lines of codes, as exemplified in
Figure 4.1. For completeness, we also provide a MATLAB interface inspired by the traditional
MATLAB SI toolbox [309], as shown in Figure 4.2. The rest of this section details the main
parameters of SIMBa.

2We use € = 1e-6 in our experiments.
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%% Prepare the data

data = iddata(Y, U, Ts);

data_val = iddata(Y_val, U_val, Ts);
data_test = iddata(Y_test, U_test, Ts);

% Set paths to Python virtual env and Simba's main directory
path_to_python_env = fullfile( ' ' , );
path_to_simba = H

%% Launch python and load default options

[pe, opt] = SIMBaOptions(path_to_python_env,path_to_simba);
% Modify parameters (some of them are required)

opt.delta = ;

opt.input_output = true;

%% Run SIMBa

sys = run_simba(opt, data, data_val, data_test, Ts);

Figure 4.2: Main steps to call SIMBa from MATLAB.

Credit assignment. The SIMBa toolbox stems from a collaboration between Muhammad
Zakwan and the author of this thesis in [56, 57], although the software development was
spearheaded by the author of this thesis.

4.3.1 Optimization framework

Given input-output data D?/°, SIMBa iteratively runs gradient descent on batches of trajec-
tories Z € Dyyin randomly sampled from the training data set — thus seamlessly handling
training data sets consisting of several trajectories. We leverage PyTorch’s implementation of
AD to solve the following optimization problem:

1 1 &
: (s) (s) (s)
min — — E my Lyain |y (K), ) (4.12)
ABCDsY ZI |z © mm( k
(s) _ (s) (s)
sty =Cx;7 +Du (k) (4.13)
(s) _ ($) (s)
Xyl = Axk +Bu“’ (k). (4.14)

In words, SIMBa minimizes the multi-step-ahead prediction error, using the training loss
L rain as performance criterion. In this paper, we rely on the Mean Square Error (MSE), i.e.,
Lirainy, 1) =1ly— I Ig. However, SIMBa’s flexibility — backed by PyTorch’s ability to handle
any differentiable function — allows one to design custom (differentiable) loss functions and
pass them through the train_loss parameter. In some applications, it might be interesting
to optimize the Mean Absolute Error (MAE) or the Mean Absolute Percentage Error (MAPE), for
example, which are more robust against outliers or different output magnitudes, respectively.

In many cases, identifying the matrix D is not required, which is achieved in SIMBa by setting
id_D=False, removing the second term of (4.13). Similarly, if x)(0) is known, learn_xO can
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Chapter 4. Leveraging automatic differentiation for system identification

be toggled to False and SIMBa will fix x(()s) := x¥(0) instead of optimizing it. The number
of sequences | Z| used for each gradient update can be controlled through the batch_size
parameter. Finally, m;f) €{0,1} in (4.12), with

S = 0, with probability p or if y® (k) is NaN,
k 1, otherwise.

In words, these binary variables let SIMBa discard missing values from the objective function,
allowing it to seamlessly work with incomplete data sets. Additionally, the user can define a

dropout = p parameter to randomly remove data points from the objective with probability
p, providing empirical robustness to the training procedure.

4.3.2 Input-state identification

When state measurements are available in D/$, one can set input_output=False, dropping
(4.13), and modifying the objective to

1

1
mm — —
AB |Z| SeZ

I
Z mgcs)ﬁtmin (x(s) (k), x,(cs))

_ (4.15)
I k=0

Furthermore, for autonomous systems, the autonomous flag can be toggled, in which case
the minimization on B is also discarded, as well as the corresponding second term on the
right-hand-side of (4.14). Similarly to Section 4.3.1, mgj)
to zero either to discard missing values or as a means of regularization.

are binary variables that can be forced

Since the state x is known, one can break given training trajectories into segments of length
horizon. The stride defines how many steps should be taken between the starts of two
segments. Note that if stride is smaller than horizon, then segments of data will overlap, i.e.,
data points will appear several times in consecutive segments. If the user is interested in the
model performance over a specific horizon length, this can be specified with horizon_val,
and the number of segments can also be controlled with stride_val. Note that setting
horizon or horizon_val to None keeps entire trajectories.

4.3.3 Training procedure

SIMBa iteratively runs one step of gradient descent on (4.12) or (4.15) for max_epochs epochs.
Here, we define an epoch as one pass through the training data, i.e., every trajectory has been
drawn in a batch Z. After each epoch, the validation data is used to assess the current model
performance by computing

1 1

or >
IDyall €Dyl

1 1

)

i Lyal (x(s)(k),xés))

I
Y Loty 5Y) :
S k=0

Is =

Dyl s€Dyar
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4.3 The SIMBa toolbox

in the input-output or input-state case, respectively. This evaluation metric is used to avoid
SIMBa overfitting the training data: the best parameters, stored in memory, are only over-
written if the current parameters improve the performance on the validation set, and not the
training one [307]. At the end of the training, to get a better estimate of the true performance
of the identified model, we evaluate it on the unseen test data set with

1
|D[€S[|

1
|Dtest|

1 1

or

lS
Z Lyal (x(s) (k), x;cs))

L
Y Lo (90, ¥ l
S k=0

ls =

SE€D o5t SE€Dest

Throughout this work, we also rely on the MSE for validation and testing, setting £,,2; = L rain,
but this can be modified through the val_loss parameter. This gives the users the freedom
to evaluate SIMBa on a different metric than the training one. It can be tailored to specific
applications: SIMBa would then return the model performing best with respect to the chosen
evaluation criterion, irrespective of the training procedure.

Note that (4.12) or (4.15) can be highly nonconvex, in which case gradient descent cannot be
expected to find the global optimum and will most likely settle in a local one instead. SIMBa
is thus sensitive to its initialization and some hyperparameters and might converge to very
different solutions depending on these choices.

4.3.4 Initialization

To start SIMBa in a relevant part of the search space, one can set init_from_matlab_or_ls
to True. This prompts SIMBa to run a traditional SI method, i.e., either

* the MATLAB SI toolbox [309] or the Python SIPPY package [50] for input-output sys-

3

tems,” or

e atraditional LS optimization in the input-state case,

before training. Depending on the setting, the chosen initialization method returns matrices
A* and potentially B*, C*, and D*. These are then used as initial choices of state-space
matrices in SIMBa, so that it starts learning from the best solution found by traditional SI
methods.

However, to ensure the often-desired stability of A, SIMBa relies on the free parameterizations
in Propositions 3-6, in which case it is not possible to directly initialize the matrix A to A*. We
thus again resort to PyTorch to approximate it by solving the following optimization problem
with unconstrained GD:

Inin Linit(A A) (4.16)
s.t. Aasin (4.3), (4.7), (4.10), or (4.11), (4.17)

3Since several traditional SI methods are available, SIMBa uses the one achieving the best performance on the
validation set.
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Chapter 4. Leveraging automatic differentiation for system identification

with L;y,;; the desired loss function. We use the MSE throughout our numerical experiments
but custom functions can be passed through the init_loss parameter.

Similarly to what was mentioned in Section 4.3.3 concerning SIMBa’s training, this procedure is
not guaranteed to find the global optimal solution, i.e., to converge to A*. Consequently, even
initialized instances of SIMBa might perform very differently from the initialization method,
sometimes incurring large performance drops. Nonetheless, throughout our experiments, it
usually worked well, finding an A close to A*.

Remark 25. Note that A might be initialized exactly in the specific case when Proposition 6 is
leveraged for stability andy > |A(A*)| max, as detailed in the proof of Corollary 4. On the other
hand, although Corollaries 2-3 demonstrate that any Schur matrix A* can be parametrized
as (4.3) or (4.7), respectively, they only show the existence of such a parametrization and cannot
be used in practice to construct it.

4.3.5 Prior knowledge integration

If certain sparsity patterns are desired for A, B, C, or D, they can be passed through mask_{X},
replacing {X} with the name of the corresponding matrices. If the mask of B is given as M,
for example, (4.14) is modified to

2 = AxY + MpoB)u® (k) (4.18)

to force the desired entries of B to zero while letting SIMBa learn the others.

Similarly, {X}_init is used to initialize a given matrix to a specific value, and 1earn_{X}=False
drops the corresponding matrix from the optimization, fixing it at its initial value. To control
the magnitude of the eigenvalues of A in the free parameterizations of Propositions 3 and 6,
one can setmax_eigenvalue =v.

Finally, stable_A=True enforces the stability of A: setting naive_A=True leverages Proposi-
tion 6 while toggling LMI_A uses Propositions 3-5. Specifically, if delta is not None but takes
the value 6, hinting we are expecting A to be close to the identity matrix, then Proposition 4
is used instead of Proposition 3. Similarly, if mask_A is not None, hence requiring a sparse
system, Proposition 5 is leveraged.

When stable_A=True, the minimization over A in (4.12) or (4.15) is replaced by a minimiza-
tion over W, V, and/or n — depending on which of the four Propositions is used — and
constraint (4.17) is added to the corresponding optimization problem.

4.3.6 Tuning of critical hyperparameters

As for NNs, which heavily rely on the same backpropagation backbone, the 1earning_rate
is an important parameter: too large values lead to unstable training while too small ones
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4.4 Benchmarking SIMBa through numerical experiments

slow the convergence speed. In general, throughout our empirical analyses, the default value
of 1e-3 showed very robust performance, and we couple it with a high number of epochs to
ensure SIMBa can converge close to a local minimizer. However, this is problem-dependent,
and the rate might be increased to accelerate learning if no instability is observed. Similarly,
init_learning_rate controls the learning rate of the initialization in (4.16)—(4.17) when
required. It also defaults to 1e-3 due to its robust performance when coupled with a high
number of init_epochs.

To promote stable learning, we implemented a gradient clipping operation, pointwise sat-
urating the gradients of all the parameters to avoid taking overly aggressive update steps
during GD. These can be controlled through grad_clip and init_grad_clip during the
training and initialization phase, respectively. The default values of 100, respectively 0.1, were
empirically tuned to achieve good performance. Although it might come at the cost of a slower
convergence, our numerical investigations showed gradient clipping can significantly improve
the quality of the solution found by SIMBa.

4.4 Benchmarking SIMBa through numerical experiments

As described in Section 4.3, SIMBa can identify models from input-output and input-state
measurements while seamlessly enforcing desired system properties such as stability or prior
knowledge on the state-space matrices. This Section provides numerical examples showcasing
its ability to outperform traditional SI methods in a wide variety of case studies. It exemplifies
how SIMBa leverages Propositions 3-6 to guarantee the stability of the identified model while
achieving state-of-the-art fitting performance. Interestingly, our investigations hint that
integrating prior knowledge, while being easy, does not impact the quality of the solution
found by SIMBa in general. On the contrary, it seems that domain knowledge injection can be
helpful to improve performance.

Sections 4.4.1-4.4.4 first analyze the behavior of SIMBa on different simulated input-output
data sets. Throughout Sections 4.4.1-4.4.2, we fix xo = 0, which allows us to compare SIMBa
with SIPPY’s implementations of SIMs and PARSIMs [50].* To assess the impact of prior
knowledge integration, Sections 4.4.3-4.4.4 subsequently compare SIMBa’s performance to
the one of the MATLAB SI toolbox [309]. When dealing with real-world input-output data
in Section 4.4.5, however, enforcing xo = 0 — as is done in SIPPY — leads to suboptimal
performance, and we compare SIMBa with the performance of MATLAB'’s SI toolbox when x
is estimated. Section 4.4.6 then exemplifies how SIMBa can surpass the standard LS method
and the state-of-the-art SOC approach for stable SI from [333] on a real-world input-state SI
task. Finally, Section 4.4.7 details the computational burden associated with SIMBa.b

4In these cases where xg = 0, the results found by MATLAB's SI toolbox [309] turn out to be either comparable
or slightly worse than SIPPY’s solutions. They are thus not reported herein.

5For reproducibility, the code and data used for these experiments can be found on https://gitlab.nccr-
automation.ch/loris.dinatale/simba-ecc [56] and https://gitlab.nccr-automation.ch/loris.dinatale/simba [57].
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Method 0.25-quantile | Median | 0.75-quantile
SIMBa 1.00 1.02 1.14
CVA 1.12 1.30 1.80
MOESP 1.15 1.34 1.93
N4SID 1.20 1.42 1.97
PARSIM-K 1.00 1.04 1.22
PARSIM-S 1.53 3.65 37.5
PARSIM-P 1.73 5.37 84.2

Table 4.1: Normalized MSE of each method compared to the best one, corresponding to
Figure 4.3.

Credit assignment. The numerical experiments in this section stem from a collaboration
between Muhammad Zakwan and the author of this thesis in [56, 57], although it was spear-
headed by the author of this thesis.

4.4.1 Comparison using random stable models

To assess the performance of SIMBa on standard SI problems, we started by generating 50
random stable discrete-time state-space models, from which we simulated one trajectory
of 300 steps, starting from xp = 0, for the training, validation, and testing data, respectively.
For the three trajectories, each dimension of u € R™ was generated as a Generalised Binary
Noise (GBN) signal with a switching probability of 0.1 [50]. We then added white output noise
v ~N(0,0.25) to the training data. For this experiment, we arbitrarily chose n =5, m =3, r =3,
set LMI_A=True to leverage Proposition 3, and kept the other parameters of SIMBa at their
default value, except for the number of epochs, increased to 50’000 to ensure convergence.

The performance of each SI method on the testing trajectory is plotted in Figure 4.3, where
green indicates SIMBa, blue other stable SI methods, and red PARSIMs, which cannot enforce
stability. For each system, the MSE of each method x was normalized with respect to the
best-attained performance by any approach as MSE, /MSEy,; to generate the box plots, and
the corresponding key metrics are reported in Table 4.1. For a better visual representation,
we overlaid the corresponding clouds of points, where we added random noise on the x-axis
to distinguish them better. Note that this zoomed-in plot does not show one instance where
SIMBa did not converge and attained poor performance, while it discards three such instances
for PARSIM-K and many points with a normalized MSE between 3 and 7 for the methods in
blue.

Overall, SIMBa shows the most robust performance, with 75% of its instances achieving an
error within 14% of the best performance and half of them being near-optimal (see Table 4.1).
The only method coming close is PARSIM-K, but its performance is slightly more spread out
and it cannot guarantee stability. If we only look at other stable SI methods, their median
accuracy is at least 30% worse than the best one half of the time. In fact, their performance
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Figure 4.3: Performance of input-output state-space SI methods on 50 randomly gener-
ated systems, where the MSEs have been normalized by the best-obtained error for each
system. The performance of SIMBa (ours) is plotted in green, other stable ST methods in
blue, while red indicates methods without stability guarantees. Key metrics are reported
in Table 4.1 for clarity.

drop is more than 12% three times out of four, compared to approximately one-fourth of
the time for SIMBa, and their accuracy on the various systems is significantly more spread
out. To summarize, SIMBa takes the best out of both worlds, simultaneously achieving
state-of-the-art performance and stability guarantees.

4.4.2 Comparing Propositions 3 and 6 using random systems

To complement the results in Section 4.4.1 showing the superiority of SIMBa on randomly
generated systems when leveraging Proposition 3 to guarantee stability, we generated 50
additional stable discrete systems using the same settings to compare the performance when
Proposition 6 is used instead. Note that both free parametrizations can capture all stable
matrices and thus find the true solution (see Corollaries 2 and 4). For each system, we defined
two instances of SIMBa, one with LMI_A=True (SIMBa-3) and another with naive_A=True
(SIMBa-6).

First, the normalized performance of each SI method on the testing trajectory from 30 systems
is plotted in Figure 4.4, where green indicates SIMBa, blue other stable SI methods, and red
PARSIM methods, which cannot enforce stability. We observe similar performance between
both parametrizations, with a slight edge on Proposition 3. It achieved a median performance
8.2% worse than the best method on the different systems, compared to the 9.8% of SIMBa-6,
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Figure 4.4: Performance of input-output state-space identification methods on 30 ran-
domly generated systems, where the MSEs have been normalized by the best-obtained er-
ror for each system. The performance of SIMBa (ours) — either relying on the parametriza-
tion proposed in Proposition 3 or 6 — is plotted in green, other stable SI methods in blue,
and unstable ones in red.

as reported in Table 4.2 for clarity. Note that PARSIM-K achieves impressive performance
in this setting — it is the only traditional SI method able to compete with SIMBa in terms
of accuracy, confirming the trend observed in Section 4.4.1. However, it cannot guarantee
the stability of the identified model. On the other hand, other stable SI methods reached
a performance drop of more than 20% compared to the best method half of the time (see
Table 4.2).

Note that SIMBa-6 additionally shows a slightly less robust performance than SIMBa-3, with a
wider interquartile range. This hints that while the free parametrization in Proposition 6 does
capture all stable matrices, it might be numerically less stable than the LMI-based one from
Proposition 3.

Finally, for completeness, we used the other 20 generated systems to assess the impact of
data standardization on the final performance. Before the SI procedure, each dimension
of the dataset was processed to have zero mean and unit standard deviation, removing the
effect of different dimensions having different magnitudes, as is often done in practice. As
pictured in Figure 4.5, however, little impact can be seen, with the different methods reaching
similar performance to what was observed in Figure 4.4. On the contrary, there seems to be a
slightly wider gap between SIMBa-3 and the other stable SI approaches in blue. Similarly to the
previous case, SIMBa-6 again slightly underperformed compared to its counterpart leveraging
Proposition 3, providing additional indications that the parametrization in Proposition 6
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Method 0.25-quantile | Median | 0.75-quantile
SIMBa-3 1.01 1.08 1.18
SIMBa-6 1.02 1.10 1.30
CVA 1.12 1.20 1.54
MOESP 1.20 1.30 1.64
N4SID 1.26 1.37 1.67
PARSIM-K 1.00 1.00 1.09
PARSIM-S 1.47 4.75 30.91
PARSIM-P 2.40 7.00 223.76

Table 4.2: Performance drop of each method compared to the best one, reported from
Figure 4.4.

might be numerically more challenging.

Since little performance difference can be observed between Figures 4.3-4.5, data standard-
ization does not seem to impact SIMBa’s performance significantly in general. Interestingly,
this means even the gradient-based SIMBa can be run to fit data with different orders of
magnitudes accurately. We suspect gradient clipping to be an important reason behind this
strong performance, but further analyses would be required to understand the behavior of GD
in SIMBa fully.

4.4.3 Introducing prior knowledge

As a next case study, we analyzed the effect of incorporating various levels of prior knowledge
— i.e., enforcing known sparsity patterns or true values of one or several of the state-space
matrices — into SIMBa without jeopardizing stability. To that end, we used the same simula-
tion settings as in Sections 4.4.1-4.4.2 to create 10 systems butwithn=7, m =6, p =5, and
trajectories of length 500. Before generating the data, however, we randomly set 60% of the
entries of A, B, C, and D to zero.% We let SIMBa run for 25’000 epochs. To ensure stability, we
set LMI_A=True to leverage Proposition 5 or 3 when mask_A is known or not, respectively, or
naive_A=True to use Proposition 6. When the latter parametrization of Schur matrices was
leveraged, we additionally ran several instances of SIMBa to assess the impact of randomness
— the random seed and initialization of the parameters — on its performance, and we report
here the median and minimum error achieved on each of the ten generated systems. This
shows what can be expected on average but also the best attainable performance with SIMBa-
6. For comparison, the same tasks were solved with the ssest function from the MATLAB SI
toolbox [309].

The resulting normalized errors are presented in Figure 4.6, where the plot has been generated
as in Sections 4.4.1-4.4.2, and the bottom figure is a zoomed-in version for better visualization
of the differences between the various instances of SIMBa. The known system properties

6We made sure that A remained stable after this sparsification procedure.
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Figure 4.5: Performance of input-output state-space identification methods on 20 ran-
domly generated systems, where the data has been standardized and the MSEs have been
normalized by the best-obtained error for each system. The performance of SIMBa (ours)
— either relying on the parametrization proposed in Proposition 3 or 6 — is plotted in
green, other stable SI methods in blue, and potentially unstable ones in red.

incorporated in each SIMBa or MATLAB instance is encoded in square brackets in their name,
where “X” or “myx” indicates that the true matrix X or its true sparsity pattern was given
through {X}_init or mask_{X}, respectively.” For example, /mpCD] represents instances
with knowledge of C, D, and the sparsity pattern of B. In practice, this could correspond to
a system where D = 0 and we know which states are measured (i.e., C is known) and which
inputs act on which states but not their exact impact (i.e., the sparsity pattern of B is known).
This is encoded in SIMBa by setting learn_C=1learn_D=False, passing the known matrices C
and D asC_init and D_init, respectively, and defining mask_B to be the true known sparsity
pattern of B.

In general, except for SIMBa-3 [mCD],2 increasing levels of prior knowledge are positively
reflected in SIMBa’s performance when leveraging Propositions 3 or 6 in this case study
(from right to left in Figure 4.6), hinting at the efficacy of system properties incorporation
in SIMBa. On the one hand, this makes intuitive sense since we pass true information to
SIMBa, restricting the search space. On the other hand, enforcing fixed matrices or sparsity
patterns reduces the expressiveness of the model to fit the training data well — and GD might
get stuck in a poor local minimum. Indeed, the set of all possible state-space matrices, over

"When the true matrix X is given to SIMBa, 1earn_{X} is set to False, so that it is not modified during learning.
8Interestingly, MATLAB also struggled to converge to meaningful solutions in this case, hinting that the task of
fitting a Schur A and selected entries of B was not trivial in this experiment.
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Figure 4.6: Normalized MSE of each method on test input-output data from 10 randomly
generated systems with sparse matrices A, B, C, and D. The letters in square brackets
encode which matrices X or sparsity pattern my, respectively, are assumed to be known
and fixed. Both plots show the same data with a different zoom to appreciate the differ-
ence between SIMBa (ours) — either relying on Proposition 3, 5 or 6 — in green and the
ssest function in the MATLAB SI toolbox (in blue). Note that SIMBa-6 was run with eight
different random seeds on each system, and we report both the median and minimum
€rror.
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which SIMBa optimizes,® contains the sparse matrices the other instances are optimizing over.
SIMBa might hence find state-space matrices achieving a better MSE without respecting the
desired system properties. Although SIMBa-5 [ms4BCD] seems to have been impacted and
stuck in local minima, the other informed versions of SIMBa all achieved errors within 25% of
the best one in almost all cases.

In contrast, MATLAB only achieved reasonable accuracy in three of the seven experiments,
when either no or little prior knowledge was enforced (on the right of Fig. 4.6), or when only
the values of A with known sparsity pattern needed to be learned from data (on the left of
the plot). These results provide evidence that enforcing desired system properties, even if
our assumptions are correct, might deteriorate MATLAB’s performance significantly. On
the contrary, SIMBa converged to accurate solutions throughout our experiments, typically
significantly outperforming standard SI methods.

The only setting where MATLAB outperformed SIMBa was when only selected entries of A had
to be learned, assuming all other matrices to be known (m4BCD). Nevertheless, as can be
seen in the top of Fig. 4.6, MATLAB did not converge to a meaningful solution on one system,
only obtaining a testing accuracy more than five times lower than the best one. In contrast,
SIMBa-6,,;,, [maBCD] showed a more consistent performance across the different systems,
never achieving an error more than 11% off the best one.

Altogether, our investigations hint that SIMBa indeed allows one to impose known or desired
system properties without sacrificing significant model performance in general, contrary
to MATLAB. There is however one critical exception: Proposition 5 seems to impose overly
conservative conditions on sparse Schur matrices, in line with Remark 21, and often led to
poor testing accuracy in this case study (SIMBa-5 [m,BCD)).

4.4.4 Identifying sparse Schur matrices

To complement Section 4.4.3 and assess the efficacy of Proposition 6 in parametrizing sparse
Schur matrices, this Section offers another set of more challenging identification experiments,
where Schur A matrices with known sparsity patterns have to be identified simultaneously to
other state-space matrices. To that end, we used the same simulation settings and ten systems
as in Section 4.4.3, running several randomly initialized instances of SIMBa-6 and reporting
both the corresponding median and best performance. All the results on the testing data are
plotted in Fig. 4.7, with the bottom figure being a zoomed-in version to better appreciate the
impact of prior knowledge on SIMBa.

As can be seen, apart from the m 4BCD case already discussed in the previous Section, where
MATLAB could attain lower errors, SIMBa always performed significantly better than the
baseline. In fact, MATLAB failed to converge to meaningful solutions in all the other experi-
ments, consistently producing errors that were often orders of magnitude more severe than

9More specifically, it optimizes over the space of stable matrices A and generic matrices B, C, and D.
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Figure 4.7: Performance of each method, normalized by the best one, on test input-
output data from 10 randomly generated systems with sparse matrices A, B, C, and D.
The performance of SIMBa (ours) — relying on Proposition 6 — is plotted in green, the
one of the ssest function in the MATLAB SI toolbox in blue, and the bottom plot is a
zoomed-in version of the top one for better visualization. Note that SIMBa was run with
10 different random seeds on each system, and we report both the median and minimum
€error.
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the best result attained by SIMBa. Notably, while the quality of the solutions found by MATLAB
significantly deteriorates with the number of parameters to identify simultaneously to the
sparse Schur matrices A (from left to right in Figure 4.7), SIMBa could keep similarly low errors
in all cases. Furthermore, in line with the observations made in the previous Section, we
can observe a positive correlation between SIMBa’s accuracy and the quantity of pre-existing
knowledge about the state-space matrices to identify.

On the other hand, SIMBa showed sensitivity to randomness on some systems, with the
minimum error achieved being distinctly lower than the median one. However, this did not
seem to significantly impact SIMBa’s best performance. Indeed, SIMBa-6,,;, could achieve
low testing error on all the systems, with its accuracy remaining within 22% of the best one in
all cases and within 10% three times out of four. Although running several instances of SIMBa
naturally incurs additional computational cost, these results hint that it can be beneficial to
find a better-performing model.

Collectively, these results show that introducing prior knowledge on the sparsity of A does
not necessarily come at the price of performance, complementing what was observed in
Section 4.4.3 for other knowledge integration schemes. Altogether, this shows how SIMBa can
conform to system properties desired by the user without significantly suffering in terms of
performance.

4.4.5 Performance on real-world input-output data

After extensive analyses in simulation, we now leverage DAISY, a database for SI [334], to test
our framework on real-world data. In particular, we investigate the performance of SIMBa in
detail on the data collected in a 120 MW power plant in Pont-sur-Sambre, France, where m =5
and p = 3. It gathers 200 data points with a sampling time of 6 = 1228.8 seconds. Here, we
first standardized the input and output data so that each dimension is zero-mean and has a
standard deviation of one.'? We used the first 100 and 150 samples for training and validation,
respectively, and held out the last 50 ones for testing the final performance of the models.!!

“en
4

We investigate four variations of SIMBa, encoded in their names: an “7” indicates instances
with init_from_matlab_or_ls=True, and an “L” that SIMBa was run for more epochs to
ensure convergence. Specifically, the number of epochs with “L”is pushed from 10’000 to
20’000 for SIMBa_i and from 25’000 to 50’000 otherwise. We set dropout=0, learn_x0=True
— since it is unknown —, and leave the other parameters at their default values. Since the true
order of the system is unknown, one could leverage MATLAB’s SI toolbox to first find the most
appropriate n and then run SIMBa to gain time. Here, we instead show that SIMBa dominates

all the other methods from the MATLAB SI toolbox for any choice of n. The PARSIMs are

10gtandardization generally has little impact on the performance, as analyzed in Section 4.4.2.

HSsince xq is estimated by SIMBa at training time, overlapping the training and validation data allows us to use
the same initial state to validate its performance after each epoch. However, we let it run for 50 more steps to assess
its extrapolation capability and avoid overfitting the training data. For testing, we rely on MATLAB’s findstate
function to estimate xg.
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Figure 4.8: MSE of the different methods on the power plant test data for different choices
of state dimension n, normalized by the best performance obtained by MATLAB’s SI
toolbox (red crosses and triangles). Black and green data show the performance of
SIMBa over 10 runs with random initialization for shorter (SIMBa) and longer (SIMBa_1)
training times, respectively. Finally, blue crosses triangles represent the performance of
one initialized version of SIMBa, SIMBa_i, and a prolonged version SIMBa_iL.

not analyzed here since they all diverged for at least one value n due to instability. Similarly,
the stable methods from SIPPY achieved poor accuracy due to their assumption that xy = 0,
which seems too restrictive for this data, and are thus omitted for clarity.

Figure 4.8 reports the MSE of the different methods on the testing data normalized by the
best performance obtained by MATLAB’s SI toolbox. This either corresponds to N4SID'? (red
crosses) or the Prediction Error Method (PEM) (orange triangles). The latter aims at improving
the performance of the model found by N4SID and is thus expected to perform better on
the training data. Both randomly initialized versions of SIMBa, reported in black and green,
were run with 10 different seeds and the boxplot and clouds of points were generated as for
Figure 4.3. Since randomness has much less impact on initialized versions of SIMBa, we only
report one instance of SIMBa_i and SIMBa_iL for clarity. Note that fitting a model with n =7
on N = 100 data samples is an ill-posed problem, with more parameters than data points.
Interestingly, however, SIMBa still manages to outperform MATLAB in some cases in this
overparametrized setting, especially when it is initialized from MATLAB’s solution.

Impressively, SIMBa consistently attained the best performance for meaningful choices of

12Note that we set N4Weight="'auto' — to automatically recover the best performance between the classical
N4SID, CVA, and MOESP methods — and Focus='simulation' for a fair comparison with SIMBa, which is
optimizing for the performance over the entire trajectory.
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n < 6 given the training data size. While the influence of randomness is non-negligible for
randomly initialized versions, SIMBa always achieves the best accuracy, with improvements
of up to 73-86% compared to MATLAB for different choices of n. Furthermore, half of the
time, it outperforms the latter by more than 30-50% and 82% for n = 3 and n = 2, respectively.

When being initialized with the solution of traditional SIMs, SIMBa always started from state-
space matrices identified by MATLAB’s PEM method, which achieves the best performance
amongst the baselines on the validation data.!3 Interestingly, SIMBa always improves PEM’s
performance on the testing set — but sometimes not beyond N4SID, which attains the best
accuracy amongst the baselines on this unseen data. In other words, PEM tends to overfit
the training data and might start off SIMBa near a poor local minimum. While initializing
with MATLAB’s solution allows one to converge faster, cutting the associated computational
burden, it might hence not always improve the final performance.

A note on the training complexity

Here, SIMBa_L was run for five times more epochs than SIMBa_i, for example. Despite the
small overhead required to fit A during the initialization procedure in (4.16), training SIMBa_i
still takes approximately only 20% of the time required to fit SIMBa_L. In this experiment,
training SIMBa ranged from 5 to 25 min on a MacBook Pro 2.6 GHz 6-Core Intel Core i7 laptop,
irrespective of the choice of n. Additionally, the training time is directly proportional to the
training data length: doubling its size would double SIMBa’s fitting time. More run-time
analyses can be found in Section 4.4.7.

4.4.6 Performance on real-world input-state data

To showcase SIMBa’s versatility, we finally turn to an input-state data set collected from the
Franka Emika Panda robotic arm and provided in [333]. We have access to eight trajectories
oflength N =400 collected at 50 Hz with n = 17 and m = 7. We fixed one validation and one
test trajectory, respectively, and used a subset of the remaining six trajectories as training data.
Since the robot is a continuous-time system, we leveraged Proposition 4, setting delta=%
and LMI_A=True. As we are now dealing with input-state data, traditional SIMs performed

poorly, and we hence compare SIMBa to LS and its state-of-the-art stable version, SOC [333].

Here, we also used the ability of SIMBa to work with batched data, breaking the training trajec-
tories into 10-step long segments, overlapping at each time step, —i.e., setting horizon=10
and stride=1— to facilitate training for this more complex problem. This gave rise to approx-
imately 400 to 2’400 training sequences of 10 steps whether one to six trajectories were used
for training. Since we are interested in the final performance of SIMBa over entire trajectories,
we set horizon_val=None to select the best model accordingly. We let instances initialized
with the LS solution (SIMBa_i) and randomly initialized ones (SIMBa) run for 20’000 and

13Except for n = 2, where SIMBa was initialized from PARSIM-K.

130



4.4 Benchmarking SIMBa through numerical experiments

e
] x
82
2 - & x
210724
E == T
10_3- T T T T T T
> > > > > A
T r %‘? NE o o
N O 07 o7
q/n 0
\ Q-
Training trajectories
—— SIMBa_i —— SIMBa LS x SOC

Figure 4.9: MSE of each method on the test trajectory of the Franka data set after training
from different trajectories. Black and green data show the performance of SIMBa over 10
runs with random initialization for shorter (SIMBa) and longer (SIMBa_L) training times,
respectively. The MSE of LS and SOC are reported in orange triangles and red crosses,
respectively.

40’000 epochs, respectively, with a batch size of 128.

The MSE of each method on the test trajectory is reported in Figure 4.9 with a logarithmic
scale, where the x-axis enumerates which trajectories were used for training. Similarly to the
previous Section, SIMBa was run 10 times in each case to assess the impact of randomness.
As expected, we see a general tendency of all the methods to find more accurate solutions
with more training data. Interestingly, SIMBa often performs better than SIMBa_i on this data,
hinting that initializing SIMBa with the matrices found through LS might stick it in relatively
poor local minima.

Overall, SIMBa generally outperforms LS and SOC, and often significantly, especially when
more training data is available. The only exceptions come from SIMBa_i when one or two
trajectories only are used for training, where we can see performance drops for some instances.
On the other hand, SIMBa always outperforms LS and SOC, and with an impressive median
performance improvement compared to SOC of over 70% and as high as 95%, as reported in
Figure 4.10. Here, the improvement is computed as

MSE
Improvement = 100 (1 - M) .

MSEsoc
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Figure 4.10: Improvement of SIMBa over SOC on the test data from the Franka robotic
arm for different training trajectories, reported from Figure 4.9.

Moreover, looking at the best-achieved performance of SIMBa and SIMBa_i, they attained
improvements of over 90% compared to SOC as soon as more than three training trajectories
were used. When only one or two trajectories were leveraged for training, SIMBa_i achieved
42% or 51% better performance than SOC, respectively, and this improvement increases to
77% or 80% for SIMBa.

In general, we suspect the observed performance gaps to be heavily impacted by the ability
of SIMBa to minimize the error over multiple steps, compared to myopic classical LS-based
methods. This showcases the usefulness of backpropagation-based approaches, which can
handle complex fitting criteria instead of the classical one-step-ahead prediction error.

4.4.7 Training complexity

To conclude these numerical investigations, this section provides insights into the training
time of different versions of SIMBa. Except for Section 4.4.5, all the experiments were run on a
Bizon ZX5000 G2 workstation. Note that while a GPU interface is implemented, we did not use
it to obtain the results presented in this section, setting device=’cpu’. Indeed, using GPUs
for such small-scale problems generally slows the overall training time since the overhead
required to move data and models to the GPU at each iteration is higher than the subsequent
optimization time gain.

First, as reported in Table 4.3, each instance of SIMBa ran for slightly less than 1h in Sec-
tion 4.4.3, which is several orders of magnitude slower than the few seconds required to fit
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Table 4.3: Average running time in seconds of each method in Section 4.4.3.

Prior |\ \TIAB | SIMBa
knowledge

~ 1 167 3729
mp | 1.05 3713
meD | 0.96 3512
cp| 082 3388
msCD | 0.83 3671
BCD | 055 3130
muBCD |  0.28 3100

traditional SI methods, typically using the MATLAB SI toolbox. Interestingly, however, enforc-
ing prior knowledge did not significantly impact its run-time. Since fewer parameters need to
be learned from data, informed versions tended to take less time per epoch. This stems from
SIMBa’s architecture and unconstrained training procedure in (4.12) or (4.15). It allows SIMBa
to seamlessly guarantee the desired system properties through modifications of (4.13)-(4.14)
— for example, to (4.18) — without additional computational burden.

Note that these SIMBa instances were run for 25’000 epochs, and doubling that number would
hence double their training time to approximately 2 h. The training procedure would then
be comparable to SIMBa_L in Section 4.4.5, where SIMBa needed approximately 25 min for
50’000 epochs, i.e., around five times less. However, the latter was trained over 100 data points,
compared to 500 in Section 4.4.3, revealing an approximately linear relationship between the
horizon length and training complexity.

For completeness, the training times of the SIMBa instances analyzed in Section 4.4.6 are
shown in Figure 4.11, exposing the expected linear impact of leveraging more and more
training data. However, five to six times more data can be used before doubling the training
time, leveled by PyTorch’s capability to process several trajectories in parallel. Unsurprisingly,
on the other hand, doubling the number of iterations approximately yields twice longer fitting
times (comparing SIMBa_ito SIMBa).

As a final remark, we would like to highlight here that all the analyzed instances of SIMBa
were usually run for more epochs than required to ensure convergence. In practice, one could
interrupt the training once the validation error stagnates or augments, showing SIMBa started
to overfit the training data. To illustrate this, Figure 4.12 reports the time required by SIMBa to
achieve its best performance on the validation data set — these state-space matrices are the
ones ultimately employed to assess its performance on the testing data. As can be seen, SIMBa
sometimes identifies the best-performing solution in considerably less time than the total
allowed training time. Similarly, the learning rate could be increased in practice to converge
faster to these solutions; however, a comprehensive analysis of its influence was out of the
scope of this thesis.
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Figure 4.11: Time required by the different instances of SIMBa (in seconds) to obtain
the results reported in Figure 4.9. Note that this does not include approximately 130 s
required to initialize SIMBa_i for 150’000 epochs.
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Figure 4.12: Time required for SIMBa to achieve its best validation error (in seconds), to
compare with the corresponding total training times shown in Figure 4.11.
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4.5 Discussion of SIMBa’s potential and limitations

With the previous investigations showcasing SIMBa’s performance on various system iden-
tification tasks, let us now briefly summarise how to best use the toolbox to maximize its
performance and discuss potentially interesting extensions to it.

4.5.1 Asummary of SIMBa’s capabilities

Computational complexity. While SIMBa can achieve significant performance gains over
traditional methods in many different settings, the associated computational burden can be
significant. Indeed, even simple systems take several minutes to be fit, and this can grow
significantly with longer training trajectories or when more epochs are required, as detailed in
Section 4.4.7. Despite its ability to leverage out-of-the-box ML tools and GPUs, SIMBa is hence
not well-suited for problems that demand fast solutions. In practice, traditional methods,
which can be trained in a matter of seconds, are thus generally a good starting point. On
the other hand, for cases where achieving the best performance is critical or when desired
system properties need to be preserved, SIMBa can be extremely beneficial, as presented in
Section 4.4.

During our investigations, we saw that randomness could play a significant role; running
several instances of SIMBa might greatly improve its performance. Although initializing its
state matrices with the one found by classical methods usually accelerates convergence, we
also observed cases where randomly initialized versions achieve better final performance.
Both options should hence be considered in practice.

Enforcing additional system properties. The free parameterizations from Propositions 3
6 can be leveraged to guarantee the stability of the identified model. While Proposition 6
can characterize any Schur matrix, it seems to be more sensitive to randomness and more
numerically challenging than the other parametrizations. In practice, Propositions 3 and 4
should thus be preferred, and only the too-conservative Proposition 5 should be discarded
and replaced by Proposition 6.

Hyperparameter tuning. In general, the provided default parameters perform well — they
have indeed demonstrated robust performance across the variety of case studies analyzed in
Section 4.4. To get the most out of SIMBa, one might however want to increase the number of
training epochs, for example. On the other, the learning rate of 0.001 chosen in this work is
sometimes slower than required. This default option proved to be robust across various tasks,
but it might be possible to accelerate learning by taking larger parameter updates at each step
on some problems.
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4.5.2 Potential extensions

Augmenting the training procedure. Throughout Section 4.4, we did not strain to obtain
the best performance on each case study but focused on fair comparisons between different
methods under identical conditions. In practical applications, one should combine SIMBa —
or any SI method — with data processing procedures, such as standardization, detrending, or
filtering, to improve performance. In general, an interface with MATLAB’s SI toolbox, which
comes with many useful helper functions, would be an interesting extension to SIMBa.

Apart from better integration of such existing tools, to facilitate training on nonconvex long-
horizon objectives, curriculum learning could be adopted. In this framework, the training
starts with the minimization of the one-step-ahead prediction error and then gradually in-
creases the prediction horizon toward the desired one [149]. This could help SIMBa in the
early stage of training, accelerating the first iterations by simplifying the problem — similar
in spirit to the proposed initialization from the solution of classical SI methods — before
leveraging the full power of automatic backpropagation for long-horizon optimization.

Enforcing additional system properties. Interestingly, Proposition 6 could also be used to
generate affinely parametrized Schur matrices, similar to those examined in [335], for example.
The generality of this free parametrization could thus allow SIMBa to guarantee stability while
enforcing desired properties on A beyond specific sparsity patterns.

Introducing nonlinearities. In parallel with these efforts to enforce additional system
properties, including nonlinearities may be crucial for some applications. Indeed, linear
models might not be flexible enough to fit more complex systems. Thanks to the AD backbone
used by SIMBa, NNs can be seamlessly added on top of the linear model, learning patterns
that are not well-captured by the linear part. This would lead to models with an architecture
similar to the PCNNs discussed in Chapter 2. Otherwise, inspired by the SINDy toolbox [336],
if the class of nonlinearities impacting the dynamics are known, one could extend the state
description to f(x) € R”, for example, including polynomials like f(x) =[x, (x>)T]T, and then
fit a linear model of the form x4, = Af (x) + Bu(k). Finally, a more cumbersome approach
would be to discard the linear framework altogether, write custom dynamics, and then leverage
automatic backpropagation as proposed herein to find the required parameters, similar to

what is proposed in Section 4.6 for irreversible port-Hamiltonian systems.

Integration in Koopman-based methods. To conclude this discussion, we want to point out
a potential link to Koopman-based approaches like [331], where traditional SI methods were
used to identify linear models in the corresponding lifted space. Thanks to SIMBa’s construc-
tion relying on unconstrained GD, the lifting functions could also be learned simultaneously
with the lifted linear model, similar in spirit to [304-306], potentially improving the accuracy
of the end-to-end pipeline without jeopardizing stability.
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4.6 A nonlinear extension: Physically Consistent Neural ODEs

This section proposes an extension of SIMBa to identify models respecting the laws of thermo-
dynamics. To that end, we leverage nonlinear Irreversible Port-Hamiltonian (IPH) dynamics
throughout this section, allowing us to train NNs without jeopardizing the first and second
laws of thermodynamics.

4.6.1 The need for physically consistent neural ODEs

Simultaneously to the development of PiNNs to encode prior knowledge in NNs discussed in
Section 2.1, higher-level connections between NNs and dynamical systems have also been
studied. It shows that some classes of NNs can be interpreted as discretized dynamical sys-
tems [337]. On the other hand, Neural Ordinary Differential Equations (NODEs) were proposed
in [338], where inputs are transformed through a continuous-time ODE embedding trainable
parameters. In other words, NODEs learn the parameters of an ODE to fit the data, making
them particularly suitable to model complex dynamical systems [38, 339]. Furthermore, their
interpretation as ODEs allows one to borrow tools from dynamical system theory to analyze
their properties [340-342]. However, similarly to classical NNs and PiNNs (see Section 2.1),
NODEs can be physically inconsistent in general.

As one possible countermeasure to this brittleness, this section proposes Physically Consistent
NODEs (PC-NODEs). They leverage IPH dynamics instead of linear models and are trained
like NODEs, which corresponds to the learning procedure of SIMBa. Thanks to the IPH
formulation, we can guarantee that PC-NODE:s respect the first and second laws of ther-
modynamics at all times and by construction, solving the issue of physically inconsistent
NODE:s for thermodynamic systems. Moreover, unlike black-box NNs, since they rely on the
same AD backbone as SIMBa, PC-NODE:s allow us to embed desired structural properties into
the trainable parameters of the IPH model. This guarantees that the required skew-symmetry
of the interconnection matrix and prescribed sparsity patterns, for example, are satisfied.

Thanks to their modularity IPH models characterize many multi-physics systems, including
thermodynamic, mechanical, chemical, or electrical systems [343, 344]. Furthermore, iden-
tifying system dynamics in the IPH form provides several benefits, as one can then design
stabilizing controllers and scale to distributed systems via interconnection with other pas-
sive port-Hamiltonian systems [343]. To showcase the flexibility of the proposed PC-NODEs,
we demonstrate how they can be leveraged to model thermal building dynamics and the
dynamics of a simulated gas-piston system.

Remark 26. PC-NODEs can be seen as both an extension of SIMBa (Sections 4.2-4.5) to a
specific case study or as a particular application of the PCNNs proposed in Chapter 2, which
also respect the laws of thermodynamics. Indeed, replacing the linear physics-inspired module
of PCNN s used throughout Section 2.3 by the IPH framework described in this section would
lead to the same model structure, with an NN running in parallel with the physics-grounded
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module. However, PC-NODE: do not require separation of the inputs going through the NN and
the physical module, as detailed in (4.19).

4.6.2 Learning Irreversible port-Hamiltonian dynamics with PC-NODEs

An IPH system is described as [343, 345]:

(4.19)

O0H(x) OS(x)) 0H(x) ( GH(x)) ( OH(x))
J +g|x u+Wix, ,

X = R ) )
. X 0x 0x 0x 0x

where x € R" is the state, u € R™ the control input, and the different functions and matrices

satisfy the following properties:'4

P1. the Hamiltonian function H and the entropy function S are maps from C*(R") to — R;
P2. the interconnection matrix J € R"*" is constant and skew-symmetric;

P3. thereal function R is defined as

0H

:Y(x» a) {S’ H}]) (4-20)

(28.3)
"dx’ 0x

where y > 0 is a nonnegative function of the states and co-states of the system;
P4. the two vector fields W and g satisfy W (x, %—Ij) € R"” and g(x, %—g) eR™ M,

We have used the blue color to denote functions that can be parameterized — for example,
using NNs — and identified from data as described below, giving rise to the proposed PC-
NODEs. Aslong as the trainable parameters respect the constraints and properties listed above,
the learned model will obey the first and second laws of thermodynamics by construction.
Indeed, by the skew-symmetry of J (P2), setting W = u =0, we have

OH'" O0H

dH 0H' 0H' ;
0x = 0x

dt  ox = 0x

0H | p3)
—|*®R
0x

RJ =0, (4.21)

which proves the conservation of energy when no input or disturbance affects the system.
Similarly, we can show the irreversible creation of entropy in the system as follows [345]:

ds oas'  _ asT

dr  dx = 0x

0x = 0x

H
R]a—] DR
0x

(4.20) GH) 9
= ,— |{S,H}5=0,
y(x 0x 5, HYj
aslongasy >0 (P3) when W =u=0.

Training PC-NODEs

Several NODE training procedures have been proposed in the literature relying on the adjoint
sensitivity method [338] or AD [346], for example. In this work, as in [337], we first discretize

1476 have concise notation throughout the section, the dependence on x and partial derivatives is dropped when
itis clear from the context.
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PC-NODE (4.19) using the forward-Euler method with sampling period & > 0, leading to

0H(x;)
Gx,-

Xiy1=Xxi+h|RJ +W+gu;|, (4.22)

where x; and x;;; represent the current and next state, respectively. In practice, the step-size
h is chosen sufficiently small to interpret the states in (4.22) as a sampled version of the state
x(t) of system (4.19).

We then assume to have access to a dataset of N sampled full-state trajectories
N
D:= { (@@, x@%), (u@®",xMY), - (u®, x0)") } :
s=1

where ¢ is the total number of time steps for each trajectory of measured states x and inputs u.
Similarly to SIMBa in (4.15), we train system (4.22) to minimize

1 !
min — =Y LxH9, x® 4.23
RILHWg |Z| & éi:Zl D7) 423
x(s)
() _ (9 i + (8)
st X0, =X +h RIW+W+gu(l) )
1

) =x0",

where Z is a batch of data randomly sampled from the training data set. While we optimize
the MSE L(x, %) = ||x — X| Ig in this section, this can easily be replaced by other loss functions.

As for SIMBa, we implement the proposed PC-NODEs using PyTorch [140], which allows us
to easily propagate the inputs through the NODE and then rely on automatic BPTT [347] to
run GD on the trainable parameters. However, in general, it does not allow one to introduce
constraints on the parameters directly. In particular, it cannot guarantee that either J or R
satisfy P2 or P3, respectively. Nonetheless, as exemplified with two case studies in the next
section, prior knowledge of the systems often allows one to design free parametrizations of J
and R satisfying these conditions by design and hence allowing for unconstrained GD, similarly
to what was proposed in Sections 4.2-4.5.

Remark 27. Besides modifying the loss function L, one can also introduce weighted penalty
terms in equation (4.23), to promote sparse solutions with ||]||;, for example.

4.6.3 Irreversible port-Hamiltonian model formulations

To demonstrate the variety of systems that can be represented with IPH dynamics, let us detail
how to model the thermal dynamics of a building and a gas-piston system and how to design
the blue parameters to ensure properties P1-P4 are respected.'®

15The code and data can be found on https://gitlab.nccr-automation.ch/loris.dinatale/pc-node.
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Figure 4.13: A pictorial description of the thermal behavior of the three zones in UMAR,
where yellow arrows represent energy flows.

Credit assignment. The developments in this section stem from a collaboration between
Muhammad Zakwan and the author of this thesis in [58]. Although they were spearheaded
by Muhammad Zakwan, they are reported here for completeness since they will be used in
Section 4.6.4, but the proofs are deferred to the appendix.

Thermal building dynamics

The thermal dynamics of a building can be seen as n connected thermal zones exchanging
energy among themselves and with the outside. In this section, we assume that they are
additionally impacted by various heat gains stemming from heating or cooling operations and
solar irradiation. Here we consider the thermal dynamics of UMAR (Section 2.4.1), which can
be pictorially represented as depicted in Figure 4.13.

Inspired by the IPH formulation of heat exchangers [343], we model the entropy S € R” in each

zone as
. - _QH(S) Qs
S=J(T) 35 +B.(T)T.+ |Bs By, BC] Qnl, (4.24)
Qc

where T € R” represents the temperature in each zone. For clarity, we separated the different
external inputs u, with T, € R corresponding to the ambient temperature, and Qs, Qp, Q. € R”
to solar, heating, and cooling gains for each zone, respectively. B, By, and B, are n x n diagonal
matrices gathering trainable scaling parameters reflecting the impact of these gains on the
entropy of each zone. B.(T) € R" is a diagonal matrix modeling the heat losses to the outside,

with entries
(Te - Ti )

“ T Ty)

for each zone z, where {/lze};l:1 are the trainable parameters. Finally, the skew-symmetric

Be(T)zz = A
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matrix J(T) € R**?, lumping together R and ] in this case, is parametrized as

(I,-T)
_ - (2—T) M) (2—T)
Jij(T) ==Ji(T) = | A2 0 A23 7
(TI,-T13)
0 A23 1,7 0

This reflects the topology of the building, i.e., the fact that Zone 1 and 3 are only exchanging
energy with the adjacent Zone 2 and not among each other.

Interestingly, by the definition of entropy, and recalling that the Hamiltonian H represents the
energy of the system, we have % = T. Hence, there is no need to parametrize the partial
derivatives of the Hamiltonian function in this case since they can be computed explicitly

from the state of the system — assuming a constant volume for each zone — as

Tiv1=

S(tr) — S(t;
(tp) - S( ))]Ti,

exp ( s

as detailed in Appendix B.8.

Proposition 7 (Consistency and monotonicity). PC-NODE (4.24) is consistent with the first
and second laws of thermodynamics and monotonic with respect to all inputs, i.e., T,, Qs, Qp,
and Q., if the learned parameters satisfy

Bs,Bp,Bc =0, and Azy,Aze €Ry, Vz,y=1,...,n.

Proof. See Appendix B.9 for a sketch of the proof and [344] for more details. O

Remark 28. The dependence of ] on T in (4.24) violates property P2 stating it should be a
constant matrix. While state-dependent connection matrices break the consistency of the
system with the first and second laws of thermodynamics in general [343], we show that PC-
NODE (4.24) remains consistent in the proof of Proposition 7. The key idea is to decompose J
into a sum of terms with constant interconnection matrices.

Remark 29. Exploiting the linearity of the PC-NODE (4.24), one can show that it is almost
equivalent to well-known RC dynamics (Appendix A.1.1), which model the energy of each zone
instead of their entropy. This relation holds since both quantities are linked by definition as
as = dTH < dH =TdS. Multiplying (4.24) by the temperature of each zone elementwise, one
can hence recover an energy model of the building. The only difference with RC modeling will
then be that the training parameters in the diagonal matrices B4(T), By, (T), and B.(T) depend
on the corresponding zone temperatures instead of being constant. Since the zone temperatures
are however approximately constant (in Kelvin) in buildings, IPH building models are indeed
similar to classical RC ones.
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Gas m #
F(t)

k

Figure 4.14: Sketch of the gas piston system.

Gas Piston system

Consider a typical gas piston system where the piston is subject to friction, influenced by an
external force F(f) = u, and its elasticity is modeled by a spring, as sketched in Figure 4.14. Let
us define the state of the system as x =[S, V, g, p]T, where S is the entropy and V the volume
of the gas, and g and p are the position and momentum of the piston, respectively. Inspired
by [345], the system can be described by the following nonlinear IPH dynamics:

0H(x)

0S 0H
i= (x, 95 oHty ) Jo+ I +Gu, (4.25)
0x Ox
with
0 0 01 0 0 0 O T 0
0 0 0O 0 0 0 «a 0H(x) -P 0 v
]0 - ’ ]l = ) = ’ G = ’ R = u_ ’
0 0 0O 0O 0 o0 p 0x Kq 0 T
-1 0 0 O 0 -a -p O v 1
where T is the temperature and P the pressure of the gas, K the spring constant, and v = %
represents the speed of the piston with mass m and friction coefficient .
Since the entropy is a state of the system, g—i =11,0,0,0]", which implies that P2 becomes
R(x 0S 6H(x)) B ( 6H(x)) ST AH(x) 3 (x 6H(x)) 0H(x) 4.26)
'ox’ ox ) \7ox Jox T ox  T\V ax op '

The function R is thus well-defined and can be derived from y and H. To showcase the flexibil-
ity of the proposed PC-NODEs, we assume the Hamiltonian to be unknown and parametrize
it as a single-layer NN with the form

H(x;0) =log[cosh(Kx+ b)] " 14, (4.27)
where 6 = {K,b}. Such an architecture is chosen for its elegance because it allows us to
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compute the required partial derivatives in closed form [342]:

0H(x;0)

=K' tanh(Kx+Db). (4.28)
0x

We parametrize y as a single layer NN v : R® — R*, where positivity is obtained by feeding
the output through a sigmoid function, which is sufficient to satisfy P2. Finally, we assume
the sparsity pattern of J; to be known but not its parameters {«, §} to demonstrate how prior
knowledge might be incorporated into the learning process.'®

Remark 30. Although PC-NODE (4.25) is slightly different from the generic representation
in (4.19), the key system properties are still conserved. Indeed, one can always decompose the
product between R and ] in a sum of products without violating the first and second laws
of thermodynamics as long as each term in the sum respects condition (4.20) and the skew-
symmetry of J. See the proof of Proposition 7 in Appendix B.9 for more details.

Remark 31. In practice, any NN can be chosen to parametrize H(x) since the gradients %

are readily available through backpropagation. Furthermore, if one is not interested in the
Hamiltonian itself — which is not required in (4.22) —, it is also possible to directly parametrize
the gradient flow with an NN, bypassing the need for expensive backpropagation operations.

Remark 32. Since we assume no thermal exchanges between the gas and the ambient air, the
gas entropy can never decrease according to the second law of thermodynamics.

4.6.4 Applications and results

Credit assignment. The software and numerical experiments in this section stem from a
collaboration between Muhammad Zakwan and the author of this thesis in [58], although they
were spearheaded by the author of this thesis.

Thermal dynamics of UMAR

For this first application, we use the data described in Section 2.4.1 and analyze our model’s
accuracy over more than 750 sequences of three days of validation data. Note that Q; in (4.24)
represents solar gains in each zone, derived from irradiation measurements on a flat surface
as detailed in Appendix A.3. Averaged over the three zones and all the time series, the MAE
propagation over the 72 h horizon is depicted in Figure 4.15, computed as in (2.39). Since
PC-NODE (4.24) is linear, we also plot the performance of a classical linear ARX model with 12
lag terms for reference, where the number of lags was tuned empirically and the parameters
fit to the data through LS identification, similarly to [348], for example.

As can be readily seen, thanks to the underlying physics captured by the Hamiltonian frame-
work, the PC-NODE can fit the data significantly better, especially over long horizons. Indeed,

1611 the true system, « is the area of the piston and f = 1.
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Figure 4.15: MAE of the ARX model and PC-NODE over the prediction horizon averaged
over the three zones and the validation time series.

it seems to be less prone to compounding errors: it improves the accuracy by 38.9% compared
to the ARX on average over the entire prediction length, but this proportion rises to 55.8% at
the end of the 72 h-long horizon.

To provide a visual comparison of the behavior of both models, we plotted their temperature
predictions over a sampled 72 h-long trajectory in August 2021 in Figure 4.16, with the ground
truth measurements for reference. This figure hints that the ARX model is more sensitive to
the various external gains, tending to overestimate their impact. This can, for example, be
observed towards the end of the horizon, just before noon: when the sun rises, increasing
the temperature of the building, the ARX cannot accurately capture this behavior, contrary to
the PC-NODE. While only one sampled trajectory is presented here for brevity, these effects
generally hold across the validation data and explain the better performance of the PC-NODE
in general observed in Figure 4.15.

Remark 33. The performance of the PC-NODE in Figure 4.15 can be qualitatively compared to
the one of PCNNs in Figure 2.14. Indeed, they all model UMAR over a three-day-long horizon
from three years of data. However, the PC-NODE receives engineered solar gains as input while
PCNNs in Chapter 2 process them through their black-box module. Since the both achieved
similar performance, this confirms the ability of NNs to accurately capture the impact of the
sun in the black-box module of PCNNs.

Gas piston system

For the gas piston system, we generated a synthetic dataset of 10’000 samples from sys-
tem (4.25) using the odeint framework from scipy [349]. We simulated it from T(0) = 290K
and x(0) = [0,0.001,0.3,0] " with m = 5kg, @ =0.033m?, =1, u=1,and K = 10Nm~!, and
a sampling time of & = 0.01s. The gas temperature over the horizon has been computed as
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Figure 4.16: August 18-20, 2021: Temperature predictions of the PC-NODE and ARX
model on a sampled validation trajectory, compared to the true measurements.

presented in Appendix B.8 and the pressure P was derived from the ideal gas law PV = nRT.

The data was split into 40 trajectories of 250 steps and we added Gaussian noise N (0,0.20 ;)
on each dimension d of the state — where o4 corresponds to the standard deviation of the
dth dimension of x — before training the models. To ease the training of the NNs used in PC-
NODE (4.25), the data was additionally normalized between 0.1 and 0.9 for each dimension.

Despite not having access to the true Hamiltonian function and learning it as an NN from data,
and even in the presence of white noise, PC-NODE (4.25) accurately recovered the position of
the system, as pictured in Figure 4.17 (bottom) for four sampled trajectories. However, a vanilla
NODE, i.e., x = fp(x) [338], where fp is an NN with two hidden layers of 32 neurons each, is
also able to fit this data very well. On the other hand, the evolution of the entropy is more
challenging to capture, as pictured on the top of Figure 4.17, where we scaled it and removed
the noisy data for clarity. In that case, the PC-NODE clearly outperforms the vanilla NODE
thanks to its embedded physical consistency. Remarkably, the NODE sometimes predicts a
decrease in entropy, which is inconsistent with the underlying physics (see Remark 32) and
does not happen with the PC-NODE.
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Figure 4.17: Sampled trajectories of the piston position and the entropy of the gas (x103)
over time for a classical NODE (red) and the proposed PC-NODE (green). The noisy data
can be found in shaded gray for the position and the ground truth in black.

4.7 Conclusion and outlook

In this chapter, we proposed to leverage automatic differentiation to help scale traditional
system identification procedures.

SIMBa. We first presented the open-source SIMBa toolbox for the identification of stable
discrete-time linear state-space models. Relying on novel LMI-based free parametrizations
of Schur matrices to ensure the stability of the identified model despite enforcing desired
properties, such as sparsity, we showed how SIMBa outperforms traditional SI methods,
and often by more than 25%. Throughout our experiments, this performance gap increased
significantly when sparsity patterns or known values of the state-space matrices to identify
needed to be respected, in which case MATLAB often failed to recover meaningful solutions
while SIMBa still achieved state-of-the-art accuracy. Furthermore, on a real-world robot data
set, SIMBa often improved state-of-the-art input-state identification methods by more than
70%, with the gap widening as more and more training data was made available.

On the other hand, the consistent and significant performance gains observed across the
different experiments proposed in this work come with a large computational burden. SIMBa
indeed incurred training times ranging from several minutes to two hours in our experiments.
This might be mitigated in practice by reducing the number of training epochs, augmenting
the step size, or initializing SIMBa with matrices known to perform well. However, the latter
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does not necessarily improve the final performance.

PC-NODEs. We then tackled the more complex case where models need to respect the
first and second laws of thermodynamics. To that end, we extended SIMBa beyond linear
models and leveraged IPH dynamics, leading to PC-NODEs. The latter again showed strong
performance gains over standard methods while respecting the underlying physical laws.
Similarly to what was observed in the rest of this thesis, enforcing desired properties did not
come at the cost of accuracy, with PC-NODEs outperforming vanilla NODEs.

Link with Chapter 2. Thanks to their AD backbone, both SIMBa and PC-NODEs could train
NNs in parallel with their main module to capture unmodeled dynamics. Apart from minor
modification, this would allow one to recover the PCNN architecture discussed in Chapter 2.
In other words, grounding NNs with prior knowledge (PCNNs) or augmenting traditional SI
methods with NNs — leveraging the backpropagation-based training procedure introduced in
this chapter — would lead to similar solutions.

Outlook. As detailed in Section 4.5, in future works, it would be interesting to analyze
the theoretical implications of SIMBa and the potential links to traditional SI methods. In
a similar vein, SIMBa’s potential to be incorporated in Koopman-based approaches with
stability guarantees is worth investigating. Leveraging the seamless capacity of PyTorch to
incorporate various differentiable nonlinear functions, as proposed in Section 4.6, for example,
we postulate that SIMBa has the potential to serve as the foundation for a general tool for
knowledge-grounded structured nonlinear system identification.
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5] Concluding remarks

The escalating impact of climate change is compelling the world into a global energy tran-
sition. Addressing the resulting challenges necessitates the introduction of innovative and
revolutionary technologies to the market. Throughout this thesis, we postulated that Neural
Networks (NNs) and Machine Learning (ML) are poised to assume an increasingly crucial role
in this fight — as well as in many other applications.

Grounding Neural Networks with established expert knowledge

In general, relying on brittle vanilla black-box NNs for real-world deployment is not advisable,
especially for systems as critical as energy infrastructures. There is thus a widespread need
to enforce desired properties on NNs and guarantee they behave adequately under diverse
circumstances. Consequently, Chapters 2 and 3 introduced various approaches to ensure NNs
adhere to the domain knowledge accumulated over years of engineering, both for modeling
and control purposes.

First, the numerical experiments in Chapter 2 hinted that the proposed Physically Consistent
NNs (PCNNSs) can simultaneously achieve state-of-the-art performance and compliance with
the underlying laws of thermodynamics for building thermal modeling applications. Second,
the investigations in Chapter 3 pointed to the potential of model-free Deep Reinforcement
Learning (DRL) agents to satisfy all the requirements of ideal building controllers — and to
how fusing expert knowledge in NN control policies might be key in attaining this objective.

While these two chapters focus primarily on one single case study building, the majority of
insights and conclusions are likely to extrapolate to other buildings and domains. This hence
contributes to the expanding body of literature showing how constraining NNs according
to expert knowledge can be extremely beneficial — if not necessary — to facilitate their
widespread adoption in real-world applications.
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Leveraging Machine Learning tools for traditional system identification methods

Rather than focusing on grounding NNs in prior system knowledge, which might perform
suboptimally due to their complexity, Chapter 4 suggested leveraging ML tools to help identify
traditional models. In addition to enhancing interpretability, which makes them more reliable
than NNs in practical scenarios, these knowledge-grounded models can ensure that desired
system properties are respected at all times. However, calibrating such models with traditional
System Identification (SI) methods is generally challenging. To mitigate this issue, Chapter 4
demonstrated the benefits of leveraging backpropagation — the core of NN training — for this
task.

In the case of linear systems, this led to the development of the open-source SIMBa toolbox.
It can guarantee the stability of the identified model and incorporate desired properties on
the state-space matrices, such as sparsity patterns, while consistently and often significantly
outperforming traditional SI approaches. To showcase how SIMBa could be extended to more
complex case studies beyond linear systems, we then detailed a nonlinear extension relying
on irreversible port-Hamiltonian dynamics. It could guarantee compliance with the first and
second law of thermodynamics by design without compromising performance.

Notably, thanks to the automatic differentiation backbone of the proposed training procedure,
NNs could seamlessly be learned on top of the knowledge-infused dynamics to capture
unmodeled aspects. In this particular scenario, one would recover the PCNN architecture
from Chapter 2, which instead introduces a physics-inspired module in parallel to NNs to
ensure adherence to specific properties of the modeled system.

The positive impact of merging expert knowledge and Machine Learning

In summary, our investigations hint at the advantages of fusing prior system knowledge
into any model or controller. When learning is involved, we argue one should restrict the
search space to plausible or desired solutions. This might introduce sometimes significant
conservatism but will ensure the solution behaves as expected. Notably, when certain aspects
of the problem are challenging to quantify, NNs might be leveraged to learn them from data,
typically running in parallel with a knowledge-based module.

Interestingly, prior knowledge integration did not induce significant performance drops
throughout our analyses. On the contrary, it generally improved the quality of the solution,
showing how constraining learning methods can help find well-performing solutions consis-
tent with desired properties. To conclude, we hope our investigations will lay the groundwork
for universal and scalable methods fusing prior knowledge and ML tools for modeling and
controlling diverse systems.
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A.1 Resistance-capacitance building model

A.1.1 General resistance-capacitance models

In general, we can describe the thermal dynamics of a thermal zone with the following ODE:

Cﬂ _ theat .\ inrr s oncc dQcond .\ dQconv
dt dt dt dt dt dr ’

where T is the temperature, C the heat capacitance of the air mass, and the various heat flows
Q respectively represent the impact of the heating/cooling system (negative values represent
cooling energy), the solar irradiation, the occupants, heat conduction, and heat convection,
where both sums are taken over the number of surfaces adjacent to the measured volume of
air.

In this work, we lump conductive and convective transfers together and split them into two
heat transfers: one to represent transfers to the neighboring zone — assuming there is only
one for ease of exposition — and the other to gather losses to the environment. Both are
proportional to the corresponding temperature gradient between the zone temperature and
the neighboring zone or the outside temperature, respectively. Additionally, we process the
horizontal solar irradiation data to reflect the solar gains through the windows as presented in
Appendix A.3 and group the heat gains from the occupants and other unmodeled effects in
Q! scaled by a parameter 7).

Altogether, we can rewrite the thermal dynamics as:

dT _ 1 theat .\ € inrr .\ n erest 1  d(T-To°u 1 d(T - Tneigh)
dt  C dt C dt C dt  CRou dt CRueigh dt

with € representing the lumped permissivity of the windows and exterior walls, R,,; and
Rpeign the thermal resistance of the walls adjacent to the outside, respectively the neighboring
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zone, and T°%! and T"¢8" the temperature outside, respectively in the neighboring zone. We
then discretize this ODE with the Euler forward method and the time step Ay, yielding:

1
CRout

1 € o
Tip1 =T+ Ap % [EQ,}C’em+EQ}f’+gQIrf“— (T — TP - (T — T, "8™)]

CRneigh

Grouping the constants together and defining new parameters a, b, c, e; and e;, we can
reformulate it as follows:

o ,
Tiw1 = Tr + aQpe = b(Ti — TP = c(Ti = T, 8") + e1Q) " + e2Q;° (A.1)

A.1.2 Single-zone linear model

In this work, to create a simple linear model to use as a comparison baseline to single-zone
PCNNs, we assume no knowledge of the occupants and other heat gains and discard the
corresponding term e;Q;°** in (A.1). Reordering the terms, we get:

T

Qheut a
k
— (T — T2"H) b
Txr1—Ti = noigh
_(Tk_ Tk ) c
Qirr e
T
ATk+1 =V P

where AT represents the temperature difference, y groups the factors influencing it, and p the
unknown parameters. Doing this for every time step, we can create matrices of data, grouping
all the temperature differences in matrix X and the external factors in Y:

AT | [y
=]

ATn| |y
X:=Yp

Finally, we can use Least Squares to identify the parameters:

vix=vTyp
p=Ty)tyTx.
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A.2 Proofs of the main theoretical results

A.2.1 Proof of Proposition 1

The proof works by induction on i. Based on (2.17), we can immediately write, Vz, y € B:

aTZ l—bz—zyeN(z)CZy, ify:Z,
i+1
praR Tt ity eN'(2), (A2)
] 0, otherwise,

where we used the definition of AT in (2.9). By definition, if (2.19) and (2.20) hold, we hence
get positive derivatives if y = z or y € N'(z) and zeros for any other choice of y, satisfying (2.18)
and completing the base case of the induction. Let us now assume that:

OT;f 0,V B Vj<h<i (A.3)

—=0,Vy,xeB, Vj<h<i, .

Ty Y /

J
with equality if and only if y ¢ A""~7(x), and show that the proposition holds for time step i.
Since we know the temperature in zone z at time i is potentially impacted by the temperature
in the entire building at the previous step, we can decompose the partial derivative of interest
as follows:
oT? 0T oT;

1
= ) (A.4)

for all y, z € B. Since (2.17) is time-invariant, we know that:

orf  0Tj,

oTY, ~ oT;

=0,

with equality if and only if x ¢ N\ (z) by the base case of the induction (A.2) if (2.19) and (2.20)
hold. Similarly, by the induction hypothesis (A.3), we know that:

with equality if and only if y ¢ N'@~/=V (x). Putting the last two equations together, we see that:

oT?
=0,

y
GTJ.

with equality only if each term of the sum in Equation (A.4) is zero. By the previous arguments,
this means y ¢ NU=i=D(x) or x ¢ N (z) for all zones x. This is equivalent to say that there is no
path from y to zin (i — j) steps, i.e., y ¢ N=D(z), which concludes the inductive step. O
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A.2.2 Proof of Proposition 2

We start by noticing that Vy € 3, (2.17) implies:

o ifu) >0
y y VY hooul o
OTJ.Jrl _ GT]-+1 og (uj) _ ] g i) <0 (A.5)
au;/ agy(uj/) auj/ ac 6u]y , 1 u] <0,
0, otherwise,
oT? T . 0g¥u’)
1;1 = ]+ly y] =0 VxeB,x#y, (A.6)
ou’, 0g¥(uw;) Ou;
J J J
oT?
Jj+1 _
=1, A7)
J

Note that this proves that (2.21) and (2.22) hold for the case i = j + 1 as long as a%, al,b’ >0,

Vyeb, 0%54”) >0, and g(u) =0.

When i > j + 1, Proposition 1 implies that

oT?

y
aTj+1

>0, VzyeB, V0s<j<i-1, (A.8)

with equality if and only if y ¢ N/ (i=j=1(z) if the conditions in (2.19) and (2.20) hold. Relying
on the fact that the temperatures at time k + i are potentially influenced by the temperatures
in the whole building at time j + 1, we have:

oT? oT? 0T, 0g’(w))
L=y AL - A.9)
auj xegaTjJr1 6gy(uj) 6uj
T T . dg¥w’)
- ayl f“y & - >0, (A.10)
0TJ.Jrl Ogy(uj) 6uj

where the second equality follows from (A.6) and the inequality holds as long as (2.19) and

y

W al >0, Vy € B, by Proposition 1. Furthermore, equality is only

(2.20) are respected and a
reached if y ¢ N0=77V (z).

Similarly, we have:

oTF . OTf ot} o 0T} W
aTOL{l’ - Z aT_}/ aTout - Z aTy > 0’ (A.ll)
j yeBOLi Vo yeBOL

where the strict inequality is respected as long as b” > 0, Yy € B. Indeed, since z € N (z)
by definition, Proposition 1 then implies that at least one of the terms in the sum is strictly
positive, while the others are nonnegative. O
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A.3 Solar irradiation preprocessing

A.3 Solar irradiation preprocessing

To compute the solar irradiation on the windows of a thermal zone z from the measured irra-
diation on a horizontal surface Q**", we rely on the altitude and azimuth angles, respectively
¢ and 0, of the sun. The former captures the elevation of the sun above the horizon while the
latter represents its deviation from the north, in the clockwise direction.

North

Figure A.1: Sketch of the azimuth angles used to compute the solar irradiation on the
windows of a building from the irradiation on a fixed vertical surface.

First, using the altitude of the sun and basic trigonometry, one can easily show that the
measured irradiation on a horizontal surface corresponds to Q**" = I'sin¢, where I is the
global solar irradiation. Similarly, we know that the irradiation on a vertical surface following
the sun, i.e., tracking its azimuth angle to stay perpendicular to the incoming rays, can be
computed as I”¢"! = I cos ¢, or

Jrert — qunw (A.12)
sin¢
Since building facades and windows have a fixed orientation in practice and do not follow the
sun azimuth, we again use basic trigonometry to compute the irradiation on a north-south
aligned surface facing east as "¢’ sin@. Finally, if the facade is not exactly facing east, we also
need to account for its own "azimuth" 0y, i.e., how much it is rotated clockwise starting from
an east-facing position (Figure A.1), which leads to:

QWi = 177 in(@ — 0) = 05" <25 Gin(o — 0). (A.13)
sin¢

Once this has been done for each zone z, we can populate the required vector Q%" used by
gray-box architectures in this work.
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As one can readily be observed, this processing only requires access to the elevation and
azimuth angles of the sun, and to the orientation of the facade of interest. Furthermore, both
solar angles solely depend on the geographical position of the building, i.e., its latitude and
longitude, and the time at which the measurement was taken. The position and orientation
of a building can easily be found on plans or Google Maps, and we used the Astral Python
library (https://astral.readthedocs.io/en/latest/) to compute the solar angles corresponding
to each time step in our data.

Note that, while this processing works very well for unobstructed facades when its orientation
is known, it cannot be used when for example other buildings or trees exist in front of the
windows and create shading patterns. In that case, one has to rely on architectures that
can automatically process horizontal solar irradiation measurements depending on time
information, such as the LSTMs used in the black-box module of PCNNs. Nonetheless, we can
use it in this paper since UMAR is not obstructed, leading to a very efficient computation of
the true solar irradiation patterns on the windows of each zone.

A.4 Details on the data processing

A.4.1 NEST data

Data from all the sensors in NEST is sampled and stored at a frequency of one minute. Con-
cerning the solar irradiation data, we delete constant streaks of more than 20 h than indicate
a fault of the sensor — where deleting refers to setting the values to NaN — and clip the mea-
surement at 0 since it cannot be negative. For the outside temperature, we delete constant
streaks of more than 30 min. Both measurements are then smoothed with a Gaussian filter
with o = 2. For power inputs, we delete constant streaks of more than 1 day and smooth the
measurements with a Gaussian filter with o = 1. Finally, the temperature measurements in
both the room of interest and the neighboring one are smoothed with o =5.

Before using the created data, we linearly interpolate all the missing values when less than
30min of information is missing. When we use it to train and test PCNNs, the data is subsam-
pled to 15 minute intervals through averaging.

The month and time of day variables are represented by sine and cosine functions to introduce
periodicity, so that the last month has a value close to the first month of the year for example.
Mathematically, two variables are created:
; m m
" =sin (—=2n), t57% = cos (—2m), A.14
m ( 2 ) m ( 2 ) ( )
where the months m are labeled linearly and in order from 1 to 12. The same processing is

done for the time step during the day, replacing the factor 12 in Equation (A.14) by 96, the
number of 15 min intervals in one day.
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A.5 Linear model identification

Once the data had been subsampled, discarding the 23% of incomplete measurements, i.e.
where at least the information from one sensor is missing, we were left with over 80’000 data
points. Since the proposed PCNN architectures are based on NNs in our implementations
(see Section 2.4.3), they are not able to handle missing values, which prompted us to create a
data set of time series without missing values.

As we aimed to design models that can predict the temperature dynamics over three-day-long
horizons, we truncated each sequence to a maximum of three days and separated the heating
and cooling seasons. We allowed the time series to overlap each hour, i.e., every four steps,
to increase the data efficiency of the approach. Finally, since we implemented a warm-start
period of 3 h for all the models, we also made sure the last 3 h of data exists for each time series.
To avoid very short time series, we also ensured they always span at least 12 h. Altogether, this
allowed us to create more than 11°000 sequences of data without missing values, which were
split in a training and a validation set with proportions 80%-20%, respectively denoted D; and
D,, and where D; n D, = ¢. Finally, the data is normalized between 0.1 and 0.9. For all NN,
the validation set is used to select the best set of weights along the training procedure.

A.4.2 Individual room energy consumption

As mentioned in Section 2.4.1, UMAR has a unique power meter and we need to disaggregate

this global measurement P*°! into individual consumption for each room. To that end, we use

the design mass flow 72’ of room i, something known from technical construction sheets. At

each time step ¢, we then approximate the power consumed by each room, P?, as follows:

i Uttty ror

Pi=—F=P" (A.15)
Zk uy,m;

where 1! is the amount of time the valves are opened and we sum over all the k = 5 rooms in

UMAR. In words, we approximate the individual energy consumption of each to be propor-

tional to the amount of water flowing through its ceiling panels.

A.5 Linear model identification

As is classically done in linear system identification, we first used the least squares method to
find the parameters a?, aZ, b*, c¢*?, e* best fitting the training data for each thermal zone z
and neighboring zone y € N/(z), such as in Appendix A.1.2. However, ensuring none of these
parameters is negative, which is necessary to respect the underlying physics, produced ¢?3 = 0.
This is clearly not physically meaningful, as it would mean there is no heat transfer from Zone
3 to Zone 2. Consequently, we also implemented a BO framework, relying on the bayes_opt
Python library [350]. This allowed us to extensively search for the best physically consistent
parameters — constraining them to be positive — for each zone over a five-step prediction
horizon. We let BO run for 2’300 iterations, starting from 200 random initial points.
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1h 6h 12h 24h 48h 72h
Hour ahead

Figure A.2: MAE of six PCNNs with different random seeds at six chosen prediction steps
in gray and the average in green, where the statistics were computed from almost 2000
predictions from the validation set.

A.6 Additional single-zone PCNN results

A.6.1 Robustness of PCNNs

To analyze the robustness of the PCNN discussed in Section 2.5.1, we trained five other PCNNs
with the same architecture but different random seeds. As pictured in Figure A.2, all six
models provide similar accuracy over the validation and the horizon of three days, except at
the beginning of the prediction horizon. Two out of the six PCNNs trained indeed showed
oscillatory behavior on the first prediction steps, leading to higher errors.

A.6.2 Flexibility of PCNNs

To test the flexibility of our approach, we additionally trained five PCNNs to model Zone
1, again with five different random seeds. As can be observed in Figure A.3, the models
again present a similar accuracy over the prediction horizon, hinting at the robustness of the
approach. Furthermore, the shown MAEs are similar to the errors obtained on Zone 3 (see
Figure A.2), except towards the end of the prediction horizon, where the error is 20 — 40%
higher. Nonetheless, the performance of PCNNs is comparable for both rooms, which is
particularly interesting since no engineering was required to transfer the model between them:
we used the same architecture for both bedrooms, simply changing the training and validation
data sets. The training and validation errors displayed in Table A.1 confirm these conclusions.
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Th 6h 12h 24h 48h 7h
Hour ahead

Figure A.3: MAE on the other bedroom in UMAR at key time steps of the prediction hori-
zon for the PCNN with five different random seeds, where the statistics were computed
from almost 2000 predictions from the validation set.

Seed | Trainingloss | Validation loss
0 1.82 2.42
1 1.66 2.44
2 1.58 2.52
3 1.66 2.54
4 1.66 2.39
Mean 1.68 2.46

Table A.1: Training and validation losses of five PCNNs on Zone 1, scaled by 103.
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Starting | Learned
Parameter | value value
ap 2 2.01
ac 2 1.97
1.5 1.50
c 1.5 1.51

Table A.2: Comparison between the initial and learned values of the PCNN parameters,
in degrees Celsius. For aj, and a, it represents how many degrees are gained in 4 h when
heating/cooling at full power, while for b and c it represents how many degrees are lost
through heat transfer in 6 h when the exogenous temperature is 25 °C lower.

A.6.3 Learned parameters

To complete the analysis of the PCNN presented in Section 2.5.1, we also display the final
values of the parameters ay, a., b, and c in Table A.2. Overall, we see that the parameters do
not change much, and the same conclusion was drawn for the other PCNNs trained during
our experiments. Out of the six PCNNs plotted in Figure A.2, only two modified the values
substantially, even though by a maximum of 10% — 15%, and they correspond to the two
models showing the worst performance overall.

A.7 Visualization of predictions

To complement Figure 2.15, the same experiment was carried on with the linear model and an
LSTM, and zoomed-in predictions can be found in Figures A.4 and A.5. Note that each subplot
uses a custom scale to better visualize the impact of different power inputs. We additionally
shaded physically inconsistent behaviors in each subplot in gray, i.e., whenever the predicted
temperature when cooling is applied is higher than when heating is applied or no power input
is used, or when the temperature when heating is applied is lower than when no power is used.
This confirms that the identified linear model failed to fully capture the impact of heating
and cooling but still behaves in a physically consistent manner, e.g., with heating leading to
higher temperatures than cooling, similar to the behavior that can be observed for the S-PCNN
in Figure 2.15. On the other hand, both the PiNN and LSTM show inconsistent behaviors,
especially in Zone 2 around the beginning of the prediction horizon.

A.8 X-PCNN gradients

In the case of X-PCNNSs, at inference time, we use each single-zone PCNN to predict the
next temperature in the corresponding zone. The new temperatures in the building are then
updated in the data of all the single-zone PCNNs so they can predict the next step. This is
required because the single-zone PCNNs cannot evolve independently over the prediction
horizon since they depend on temperatures in neighboring zones at each step. However,
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A.8 X-PCNN gradients
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Figure A.4: Visualization of heat propagation for the linear baseline and a PiNN. The
bottom plots show the heating (red) and cooling (blue) power inputs applied to Zone 3
while heating and cooling are turned off in Zone 1 and 2, compared to the situation when
no power is applied (black). The other plots depict the corresponding temperature predic-
tions of each model in the three zones. Gray-shaded areas mark physical inconsistencies

in the PiNN predictions.
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Figure A.5: Visualization of heat propagation for the linear model and an LSTM. The
bottom plots show the heating (red) and cooling (blue) power inputs applied to Zone 3
while heating and cooling are turned off in Zone 1 and 2, compared to the situation when
no power is applied (black). The other plots depict the corresponding temperature predic-
tions of each model in the three zones. Gray-shaded areas mark physical inconsistencies
in the LSTM predictions.
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A.9 Number of numerical gradient values

overwriting the data at each step breaks the automatic backpropagation of PyTorch, and we
cannot automatically compute the gradient of the temperature in zone z with respect to power
inputs or temperatures in another zone y without implementation overhead. We can only
retrieve gradients with respect to each single-zone PCNN'’s power inputs #* and the ambient
temperature.

Intuitively, these available gradients are expected to be larger in magnitude than the gradients
with respect to power inputs in other zones since they have a direct impact on the zone of
interest. This explains the absence of low gradient values (< 10~%) in Figure 2.16 for X-PCNNs
compared to M- and S-PCNNs. Even if we can only compute parts of the gradients automati-
cally, we still show them in Figure 2.16 for reference. Note that as we already know X-PCNNs
are physically consistent since they satisfy the criteria of Corollary 1, these implementation
considerations do not put the physical consistency of this architecture in jeopardy.

A.9 Number of numerical gradient values

The numerical investigation of NN-based model gradients in Section 2.5.2 is carried out on
the validation data set of more than 750 three-day long sequences (288 steps). Following
Remark 11, for each of the three zones, we compute the gradients of its last temperature pre-
dictions with respect to power inputs in all the zones (3 values) and the ambient temperature
(1 value) at each step, giving rise to more than 750 x 3 x 288 x (3 + 1) = 2/592'000 values. In
the case of X-PCNNs, we only have access to half of these values since we do not compute
gradients with respect to power inputs in other zones (Appendix A.8), which still leaves us with
more than 1 million values.
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B.1 Proof of Proposition 3

We want to ensure that the magnitude of all the eigenvalues of A is bounded by y. From
[351, Theorem 2.2], we know this is the case if and only if the following LMI holds for some
symmetric Q = QT >o:

YQ AQ
*x Y@

Taking its Schur complement, this is equivalent to

>0.

.
yQ—AQTAT>O. (B.1)

Defining the transformation T = [I, — A] and introducing a free parameter G € R"*", this can
be rewritten as

YQ-AGAT-ATG"A
QT

+AGAT +ATGTA-A=—AT >0
Y
YQ AG -
—T GTAT GT+G_Q_T T >0
Y
YQ AG
AT GTac. L >0. (B.2)
Y

In words, A is Schur with eigenvalues bounded by y if and only if there exist Q > 0 and G such
that (B.2) holds.

Let us now parametrize the left-hand side of the above LMI by the matrix S in (4.2). Remarkably,
since S is positive definite by construction for any choice of W, (B.2) will always be satisfied,
ensuring the stability of A.
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Finally, define

-
S11:=YyQ, S12= 85, := AG Syp = ¢ +o-L
Y
This allows us to recover Q = %, which is positive definite and symmetric by construction.
We then note that

S
GT+G=215,= 145, (B.3)
Y Y

needs to hold. Since S;; and Sy, are symmetric, (B.3) holds for any V € R”*" if we set

1(S
G=- £+szz)+V—vT.
2\ y?
Remembering that A= $;,G™! then concludes the proof. (]

B.2 Proof of Corollary 2

Let A be a Schur matrix and € > 0. Setting y = 1 in the proof of Proposition B.1, we know there
exists Q = Q' > 0 and G such that (B.2) holds, i.e.,

Q AG

=1I>0.
G'A" G'+G-Q

Then, for any a > 0, aQ and aG are valid alternative choices of Lyapunov function and free
parameter because aQ = aQ' > 0 and

a AlaG
TQ T T (@G) =al’ >0.
aG'A" aG' +aG-aQ
Since I is positive definite, A,,;,(I') > 0, and we can set
a 2e >0 A:=al —¢€l
= , =al —e€ly,.
Amin ) an

Then, according to Weyl’s inequality [352], we have
Amin(A) = Amin(a@l) = A pax(€lln) = ad i) —€e=2c—€=€>0,

so that A= AT > 0. We can then define W = A%, set V =0 and construct A as in (4.3), with S as
in (4.2). O

166



B.3 Proof of Proposition 4

B.3 Proof of Proposition 4
We need to show that A as defined in (4.3) is Schur, i.e., the autonomous system
Xje+1 = AXg (B.4)

is stable. This is equivalent to finding a matrix Q = Q' > 0 that solves the following Lyapunov
inequality [308]:
Q-ATQA>0. (B.5)

By definition of A, we have

Q-ATQA>0

— Q-I,+6A4)"QU,+56A4) >0

< Q-Q-86QA-6ATQ-6%2ATQA>0
— -6QA-6ATQ-86°ATQA>0.

Let us decompose A as A = E~'F for suitable matrices E and F. We can then rewrite the last
inequality as

—8QE 'F-6F"E"TQ-6°FTE"TQE"'F>0.
Defining P = E-TQE~! > 0 and dividing by §, this can be rewritten as
~QE'F-F'ETTQ-6F"PF>0. (B.6)
Since Q = ETPE, (B.6) is equivalent to
~E"PF-F"PE-S8F"PF>0.
Using Schur’s complement, this can be rewritten as

—ETPF-F"PE FT

. 1p1| > 0. (B.7)

We then parametrize the left-hand side of the above LMI with S from (4.6). Critically, (B.7) will
always be satisfied since S is positive definite by construction for any choice of W, ensuring

the stability of A. Since Sy, = Ssz* we can then recover

S5 T
Knowing that S|, = S1; by definition and that

—~E'"PF-F"PE=S;
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needs to hold, we can set
Tpp_ Sl T -1 _ T L gT
FPE——7+V—V = E ' =-2(Su+Vv-V') F'P,

for any V € R"*". Since A= E~'F, this leads to
. -1 2 -1 _
A=-2(S1+V-V") FTPF:—5(811+V—VT) S12855 Sa1

— A=I+80A=1-2(S+V-VT) " 812508 .

B.4 Proof of Corollary 3

Let A be a Schur matrix and € > 0. Setting E = I, and F = A in the proof of Proposition 4,
there exists a Lyapunov function P = PT > 0 such that (B.7) holds. Similarly to the proof of
Corollary 2, for any a >0, ¢E, aF, and g are valid alternative choices since

—aETgaF—aFTgaE aFT
1 -1 >0
aF gaP

and (aE)"'aF = A. One can then set V = 0 and follow the proof of Corollary 2 to find suitable
values for @ and W such that (4.7) holds for S as in (4.6). (]

B.5 Proof of Proposition 5

B.5.1 Preliminaries

Throughout the proof below, we will use the following properties of the Hadamard product,
for any matrices K, L, M € R"*" and diagonal matrix A € R™*" [352]:

(P1) (KoL)+(KoM)=Ko(L+M),
P2) (LoM)T=(LToM"),
(P3) (Ko L)(AeM)=Ko (L(AeM)),

where the last property holds since A is diagonal.
B.5.2 Proof of Proposition 5

As in the proof of Proposition 4, we need to find a symmetric matrix Q = Q' > 0 such that
Q- ATQA > 0. Following the proof of Proposition 3 for y = 1, one can show that this is
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equivalent to finding Q = QT > 0 such that

Q AG

>0, B.8
G'AT G"+G-0Q (B.8)

where G € R™" is a free parameter. In this sparse case, we consider diagonal Q and G matrices
of the form

Q=NoP, G=NoH,

for some P, H € R"*" and with N defined in (4.9). Note here that this also implies Q = QT, as
required in (B.8). Recalling that we want to identify a matrix A of the form A = M o A for some
A, (B.8) can be written as

NoP (Mo A)(NoH)
)T (NoH)T+(NoH)—(NoP)

NoP (MoA)(NoH)

()
(x)7 No(H'+H-P)

>0,

where ()T represents the transpose of the upper right block. Since N is a diagonal matrix,
using (P3), we can rewrite the above LMI as

NoP Mo (A(No H)) | o
(Mo (ANeH))" No(H"+H-P)
®2) NoP M@(A(N@H));O
MTo(ANeH)" No(H'+H-P)]
N M P ANoH) |
«7T N| [T H'+H-P =0 (5:9)

A sufficient condition for the above Hadamard product to be positive semi-definite is to ensure
that both factors are individually positive semi-definite [353], i.e.,

(i\)fT /]\\/]l >0 (B.10)
P A(No H)

>0. B.11
(*)T H'+H-P B.11)

Since M is fixed and known, (B.10) is satisfied by construction of N in (4.9) according to the
Levy-Desplanques theorem [352]. To satisfy (B.11), as in Proposition 4, we parametrize its
left-hand side with S in (4.8), which allows us to recover

P=S, H+H' =Sy +P=811+S.
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As before, by symmetry of S1; and Sy,, for any V € R”*", the right equation is satisfied for
1 T
H:z(511+822)+V—V .

Finally,

-1

)

A=Sp(NoH) t =58y,

1 T
No 5(811+522)+V—V

& A:MQA:MQ(SIZ

1
No (E(S“ +800)+V — VT)

B.6 Proof of Proposition 6

First, the desired sparsity pattern is achieved because

amy omy
—  MoV)=Mo|—m——
|/1(M@V)|mux( ) |A(M®V)|max

by definition of the Hadamard product since the maximum eigenvalue is a scalar.

To show that A is Schur with eigenvalues in a circle of radius y centered at the origin, suppose
B is an eigenvalue of (M ® V) corresponding to the eigenvector ¢, i.e., (M © V) e = Be. Then,
omy

(M@V)e: mﬁez:ae,

omny

Ae=————
=AM Vs

so that e is still an eigenvector of A, with eigenvalue a. By definition of |A(M © V)| ;4 and
since 0 < 0(n) < 1, we obtain

omy

3 |B] -
= v,
IAM O Vmax

ol AMO V!~

1Bl <

hence, concluding the proof. O

B.7 Proof of Corollary 4

One can set M := 1,45, V:= A, y such that [1(A) |4 < ¥ < 1, which exists since the matrix A
is Schur, and n := o ! (I/l(A)l max! }/), which is well-defined since |A(A)|;;qx/ Y < 1 by definition
of y.
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B.8 Temperature computation

By definition, the energy U of a mass m of air can be described as U(T) = mc(T)T, where
¢ is the specific heat capacity of air and T is temperature. Assuming we deal with an ideal
gas, we also know that PV = nRT, for a given absolute gas pressure P, volume V, n moles
of substance, and where R ~8.31JK ! mol~! is the universal gas constant. This allows us to
rewrite the time derivative of entropy, by definition satisfying TS = U + PV as [354]

ds 1 dU+PdV_ 1 d( (T)T)+nRT d v

dt Tdt Tdt Tdt VT dt
Since the temperature does not change abruptly, we can assume a constant heat capacity
¢(T) = ¢ and obtain

ds = mc 6‘11_ +nR— 6‘2‘; —mcd[lnT] +an[an] (B.12)
dt T Vo dt dr '

Integrating (B.12) on both sides from an initial time ¢; to a final time ¢, we get

I dS [ffd T fff dinVv
+nR dt,
ti t dt

L
leading to

T(t Vit
(f)+ Rl (tf)

S(tf)—S(t;) = mcln () nRIn v

i (T(tf))mc(V(tf))nR
B T(t) V() '

We can thus compute the final temperatures as

S(tf)—sm)) (V(tf))'n’if

T(tf) = exp( Vi T(t;).

mc

B.9 Proof of Proposition 7

Let us define £ = {(i, j)| Zones i and j are adjacent}, the set of connections between the ther-
mal zones, and consider the following decomposition of J(T), for Ry :R"— R:

g (Tj—T))
T) = Ry (T R (T =Aj;————
J(T) ng ¥ (1) T K(T) = Aij T

y

where J is an N x N constant skew-symmetric matrix with zeroes everywhere, except (Ji)ij =
_(]k)ji = 1, for k= (l,])
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Then, for T,, Qs, Qp, Qc =0, we have:

0H(S) " OH(S
=) ﬁ Ri(T) Tk ©)
ke& N

dH aH(S)T OH(S)T
dt ~ 0S aS

GH(S)

Y Ri(T) T
ke&

=0,

since each term of the sum is zero, as in equation (4.21), because each J; is now constant
and each Ry (T) satisfies condition P2. This proves the required conservation of energy of the
system.

In order to verify the irreversible creation of total entropy S?, we note that for T,, Qs, Qp, Q. =0,

/1 t
- ){S H) g, ,

R(T) =(
ilj

as in the case of two heat exchangers [343]. Since the total entropy S’ is the sum of the entropy
in each zone d, we get

. & . z AOH(S z 0H
St:Z(S)d:Z( Y RiJk 0; )) =ZRk(T)Z(jk£)
d=1 d= ke& d ke& d=1 d
os'" _oH Aij
=Y Ri(D) (HTJk ) Ry )( N ) {S', Hy%, =0,
k;g kgg aS aS kgg T; T T

since R (T) € Rand %—Sg = 1 by definition, and the inequality holds if all {1; j};, j)e¢ are positive
since temperatures (defined in Kelvin) are positive.

Finally, if all the input matrices B,, B, By, and B, are positive definite, monotonicity follows
from the fact that PC-NODE (4.24) is affine in input by construction. (]
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