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Summary

This thesis focuses on learning-based control, with an emphasis on control designs
for which we can analyze stability and robustness properties. The topic is motivated
by the lack of available controllers for complex, nonlinear dynamical systems that
are hard to model, and that are also applicable to safety-critical applications.

Recent successes in the field of machine learning (ML), as well as the availability
of increased sensing and computational capabilities, have led to a growing interest
in data-driven control techniques. For systems that require systematic handling
of constraints, MPC has established itself as the primary control method. The
combination of ML and MPC has therefore become a popular field of research, as
data can be exploited to improve controller performance, while tools for stability
and robustness analysis are well-established.

The most intuitive combination of MPC and ML is using available data to improve
the MPC prediction model. Supervised ML methods based on e.g. rich function
approximators such as neural networks (NNs) and Gaussian processes (GPs) can be
leveraged to learn parts of or entire dynamical models from data. In part I of this
thesis, we propose two different MPC formulations that leverage ML to learn the
dynamics. Using techniques from robust control, we provide stability guarantees
under core assumptions on the approximation error.

There has also been an increasing interest in inferring the parameterization of the
MPC controller, of not only the prediction model but also the cost and constraints,
that lead to the best closed-loop performance. Reinforcement learning (RL) is a
framework for developing self-optimizing controllers that adjust their behaviors
based on observed outcomes of their actions. As the policies are usually modeled
using NN, the resulting closed-loop behavior is difficult to analyze. In Part II of
this thesis, we consider RL as a tool to infer the optimal parameterization of an
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MPC scheme. Leveraging existing theory on stability analysis of MPC, we propose
a cost parameterization and constrained RL parameter updates such that the nominal
closed-loop stability of the learned MPC is ensured by design. We also consider
different approaches for combining RL methods, as a way to speed up learning.
Finally, we propose a new method for exploration during learning.

On a more general level, this thesis has considered two conceptually different
approaches to learning-based MPC. Whereas the combination of supervised ML
and MPC can be exploited to design MPC schemes with highly accurate prediction
models and exploit potentially already available data sets in order to learn them,
the models are not learned to optimize the closed-loop performance directly. The
combination of MPC and RL on the other hand, allows us to learn not only the
prediction model but also the cost and constraints that directly optimizes the closed-
loop performance.
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Chapter 1

Introduction

1.1 Background and motivation

Automation describes the design of a process or a system that is self-governing, self-
acting, or moving on its own. The characteristic is typically attributed to processes
that require little or no human intervention. In more recent times, automation
was taken one step further, by adding also the ability to learn and adapt to its
environment, known as autonomy. Today, we see both automation and autonomous
systems everywhere, essentially made possible by computerized control.

A prerequisite for autonomous control systems is the availability of measurements
and/or accurate mathematical models to build control algorithms. However, indus-
tries that suffer from both sparse measurements as well as difficulties related to the
mathematical modeling of their underlying processes, are falling behind when it
comes to incorporating autonomous systems. As an example, we see this apply to
the process industry. The process industry typically deals with dynamical systems
that are highly nonlinear and potentially subject to harsh environments. In harsh
conditions, sensors cannot survive permanently. Therefore, measurements need to
be taken manually, which in turn makes them expensive, in addition to constituting
a risk for the human operators that need to take them. Moreover, because dynamics
are typically nonlinear, complex, and may also suffer from varying time delays,
traditional model-based methods for control are not sufficient.

Machine learning (ML) is a sub-field of artificial intelligence (AI), and can broadly
be categorized as the study of how computer algorithms can learn from new in-
formation to improve their operation. Due to the increasing amounts of data and
the recent improvements in processing technology, we have seen a surge in the
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use and research of ML, as well as new areas of use constantly emerging. ML
is usually divided into three subcategories, namely (1) supervised learning, (2)
unsupervised learning, and (3) reinforcement learning (RL). Supervised learning
algorithms involve training with labeled data sets, whereas unsupervised learning
uses unlabelled data sets to find patterns or trends in data. Finally, RL uses trial and
error to optimize sequential decision-making.

The intersection between control theory and ML is a growing research field with
large potential for many types of control systems, see e.g. [1]. The literature on
combinations of learning and control is vast, and this short background section
does not aim to cover all of it but rather aims to give a flavor of some of the main
directions within the field. Especially supervised learning and RL are suited for
learning control algorithms.

RL is a framework for optimizing a policy, that maps from states to actions and
is analogous to what the control community refers to as a controller. The policy
is optimized through a reward function, that rewards actions that lead to desirable
states. Recently, impressive results have been obtained using so-called deep RL,
which are RL algorithms combined with deep neural networks (NNs) as function
approximators. Deep RL has successfully been used for games such as Go [2] and
Atari games [3], and in learning robots how to fly [4], walk [5] and perform complex
manipulation [6]. Because the learned policies are based on NN, their resulting
behavior is difficult to analyze and therefore difficult to trust for safety-critical
applications.

The term black box model is often used to describe models for which humans cannot
understand how the predicted output was obtained. The need for transparency and
trust in learned models has motivated the study of explainable Al, a new emerging
research field devoted to developing methods for visualizing, explaining, and
interpreting data-driven models, see e.g. [7]. This is particularly important when Al
is used in sensitive domains with societal, ethical, and safety implications. Partly
because explainable Al has mostly evolved for classification models in different
domains, it has to a small extent been applied to learned control policies.

In the face of control of safety-critical systems, it is generally unacceptable that we
cannot guarantee the resulting closed-loop behavior. To trust a control algorithm,
we need to be able to assess properties such as stability, robustness and constraint
satisfaction. From a control-theoretic perspective, stability properties are typically
addressed using Lyapunov methods and passivity methods [8]. These tools are more
directly applicable to the combination of learning and control, where the control
law is cast in a more traditional form, but learning is added as an ingredient in the
controller.
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Controllers cast as NNs, have also been explored using supervised learning methods.
This combination of learning and control is especially relevant in the case of using
model-based control methods where the model of the underlying process is complex
and therefore computationally expensive to evaluate. One obvious example is model
predictive control (MPC) for complex processes, which is a control algorithm based
on solving an optimal control problem at each sampling time, involving a prediction
model of the system dynamics. The authors in [9], propose to use NNs as an
approximator of explicit predictive control laws. Although the controller itself is
modeled with an NN as in deep RL, the closed-loop behavior of the optimal policy,
on which the NN is trained, can be analyzed.

Supervised learning methods can also be a tool for model-based controllers to
perform system identification. An early combination of system identification
and control dates back to the 1970s and is known within the control community
as adaptive control [10]. Adaptive control considers systems with parametric
uncertainties and adapts controller parameters online to optimize performance. The
control technique is limited to a specific model structure, it tends to "overfit" to
the latest observations, and convergence to the true parameters is generally not
guaranteed [11], [12].

Among others, the aforementioned limitations of adaptive control have motivated
learning-based approaches to deal with model inaccuracies. Dynamical models
obtained as a result of learning may replace either the entire dynamical model or
parts of it needed in model-based controllers, e.g. in feedback linearizing controllers
as in [13], to design the prediction model in MPC as in [14] or in a feedforward
controller as in [15]. Alternatively, supervised learning can be used to estimate
immeasurable states, as to perform output feedback control as in [16].

For systems that require systematic handling of constraints, MPC has established
itself as the primary control method. The MPC scheme relies on a sufficiently
descriptive model of the system to optimize performance and ensure constraint
satisfaction, thus rendering modeling critical for the success of the resulting con-
troller. Perhaps because of the two aforementioned reasons, learning-based MPC
has recently received increased attention from the research community. This has
also included a focus on safety, which in this context usually is understood as
constraint satisfaction when dealing with model mismatch. For a full review of safe
learning-based MPC, the reader is referred to [17]. For safety-critical systems, we
may argue that safety, in a broader understanding of the word, is not only ensured by
guaranteeing constraint satisfaction but that we, in addition, need some guarantees
related to the stability properties of the closed-loop system.

The study of the stability of learning-based control in general, including learning-
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based MPC, is challenging because of the black-box nature of traditional ML
methods. One approach to ensuring stability is to make necessary assumptions
regarding the prediction error of the ML model, and study how this affects the
stability of the resulting controller, see e.g. [18], [13] and [19]. Stability can also
be ensured in a probabilistic sense when applying probabilistic methods such as
Gaussian processes (GP) for dynamical modeling, as in e.g. [20]. Generally, how-
ever, there is no fits-all analysis that can be made for all learning-based controllers,
as the analysis needs to be adapted to the type of learning algorithm, as well as to
which control architecture is used, and how the two are combined.

In between deep RL for control and supervised learning for system identification
to be used in model-based controllers, we find an alternative option for learning
for control. The authors in [17], refer to this alternative as performance-driven
controller learning, which aims to infer the optimal parameterization of an MPC
scheme w.r.t. the closed-loop performance. By adopting a parameterized MPC
scheme as a function approximator, RL can be used to learn the parameters. This
was first proposed in [21]. The mentioned framework allows using RL algorithms
for adjusting the policy, approximated using a parameterized MPC optimization
problem, thereby casting it in a form that offers rich tools to analyze the resulting
closed-loop behavior. The proposed framework exploits the ability to learn from
sampled state transitions and the associated rewards to adopt a policy with closed-
loop properties that we can analyze. However, using RL to update the MPC
parameters online must be done with care to ensure properties such as stability and
constraint satisfaction as addressed in [22].

1.2 Research Objectives

The research resulting in this thesis is funded by the project "Towards autonomy
in process industry" (TAPI). A central research objective for the TAPI project is
combining data-driven and model-based methods for control, with the goal of
understanding and analyzing the stability and robustness properties of the resulting
closed-loop system. Motivated by this, as well as the described challenges and
opportunities outlined in the preceding section, the main research objective of this
thesis is to explore learning-based MPC approaches for systems that may be hard to
model, while providing stability guarantees. More specifically, the thesis considers
two conceptually different approaches to learning-based MPC, namely MPC in
combination with supervised learning methods and MPC as a function approximator
in RL.

In Part I of this thesis, we consider how supervised learning methods can be
integrated with MPC. In particular, we consider recurrent NNs to be used as the
prediction model in MPC. We then wish to answer the following research questions:
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R.1 What type of stability guarantees can be made for a system controlled by
MPC using an NN as the prediction model?

Moreover, we consider supervised learning methods in combination with robust
control techniques. In this context, we consider a specific class of systems, namely
Lur’e systems. For this class of systems, we investigate:

R.2 Can we use supervised learning methods to reduce the conservativeness of
robust control of Lur’e systems?

Part II of the thesis builds upon existing research using MPC as a function approx-
imator in RL. An important question for this framework is how to parameterize e.g.
the cost function in the MPC scheme. We aim to answer the following research
question:

R.3 Can rich cost parameterizations improve controller performance for MPC
schemes based on inaccurate models?

With the controller cast as a parameterized MPC problem, various RL methods have
been tested for updating the parameters. In this thesis, we investigate the potential
of combining RL methods, and ask the following question:

R.4 Can we combine RL methods in order to speed up learning when using MPC
as a function approximator in RL?

In an RL setting, we adjust the parameters of the policy based on experience
gained from interacting with the system. In order to improve the performance of
the initial policy, which in our case is cast by an MPC scheme, we depend on
visiting interesting areas of state space, leading to meaningful parameter updates,
i.e. explore efficiently. This leads us to the following research question:

R.5 Can we do better than random exploration for MPC as a function approxim-
ator in RL?

1.3 Contributions and outline

The thesis is organized into two main parts, consisting of a total of 8 chapters,
including this introduction and a concluding chapter. Chapter 2 aims at providing
relevant general theory for the subsequent chapters. Part I covers the contributions
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Figure 1.1: An overview of the thesis in terms of chapters and the associated research
questions (R.1 - R.5).

made on MPC combined with supervised learning methods, while Part II covers
variations of using MPC as a function approximator in RL. In the following, we
look at the topic and contributions of Chapters 3-7. We will also list the papers on
which the chapters are based, for which I am the main contributor. An overview of
this part of the thesis is visualized in Figure 1.1.

Chapter 3: Learning the MPC prediction model with NNs

[23] Katrine Seel, Esten Ingar Grgtli, Signe Moe, Jan Tommy Gravdahl and
Kristin Ytterstad Pettersen. Neural network-based model predictive control
with input-to-state stability. 2021 American Control Conference (ACC), pp.
3556-3563. 1IEEE, 2021.

In this chapter, we consider supervised learning methods for learning the dynamical
model used to predict the system behavior in the MPC scheme. We consider an
output feedback MPC scheme, for which we are not dependent on measuring the
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entire state, and learn offline using input-output data. The contributions we make
are:

* Design of a learning-based MPC scheme, with an autoregressive prediction
model based on an NN trained on input-output data.

* For the resulting closed-loop system, we show input-to-state (ISS) stability
with respect to the prediction error.

Chapter 4: Learning for robust control of sector-bounded systems

[24] Katrine Seel, Mark Haring, Esten Ingar Grgtli, Kristin Ytterstad Pettersen
and Jan Tommy Gravdahl. Learning-based Robust Model Predictive Control
for Sector-bounded Lur’e Systems. IFAC-PapersOnLine, 54(20), 46-52, 2021.
1st IFAC Modeling, Estimation and Control Conference (MECC) 2021.

In Chapter 4 we treat a class of systems known as Lur’e systems, which are linear
systems with sector-bounded nonlinearities. We consider specifically a robust MPC
formulation typically used to control Lur’e systems and propose a probabilistic
learning method to learn the sector-bound from data. We make the following
contribution:

* Propose a stochastic sector formulation that reduces the conservativeness of
robust control of Lur’e systems.

Chapter 5: Cost modifications for learning-based MPC

[25] Katrine Seel, Arash Bahari Kordbad, Sébastien Gros and Jan Tommy
Gravdahl. Convex neural network-based cost modifications for learning
model predictive control. IEEE Open Journal of Control Systems, 1, 366-379,
2022.

Chapter 5 is the first chapter of Part II, where we consider MPC as a function
approximator in RL. In this chapter, we consider how to select the cost parameteriz-
ation specifically, with a focus on obtaining a parameterization that ensures stability,
also as parameters are updated, and that renders an optimization problem that can
be solved within a reasonable time. The main contribution is described as:

* Design of convex cost modifications for MPC that ensure nominal stability
of the closed-loop system.
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Chapter 6: Combining RL methods for learning-based MPC

[26] Katrine Seel, Sébastien Gros and Jan Tommy Gravdahl. Combining Q-
learning and Deterministic Policy Gradient for Learning-based Model Pre-
dictive Control. Accepted to 2023 62" IEEE Conference on Decision and
Control (CDC).

In this chapter, we consider problems for which we may need a combination of
RL methods in order to verify stability and capture the optimal policy. Generally,
first-order parameter updates, i.e. parameter updates using gradient information of
the optimization objective, are the most common in RL. This is because, among
other things, it is hard to estimate second-order derivatives from data, which is
needed to formulate a second-order parameter update. In this chapter, we make the
following contributions:

* A multi-objective approach to combining RL methods.

* A novel second-order parameter update based on combining RL methods.

Chapter 7: Variance-based exploration for learning MPC

[27] Katrine Seel, Alberto Bemporad, Sébastien Gros and Jan Tommy Gravdahl.
Variance-based Exploration for Learning Model Predictive Control. IEEE
Access, 11, 60724-60736, 2023.

Exploration is an essential component of all RL algorithms. The most common
method for ensuring exploration is based on random perturbations of the policy,
which for certain types of problems may yield slow learning and/or modest im-
provements in controller performance. More sophisticated exploration techniques
have been developed specifically for NNs as function approximators. In Chapter 7
we make the following contribution:

* A novel method for variance-based exploration geared towards using MPC
as a function approximator in RL.

The following articles were published during the PhD, but are not part of this thesis:

Publications not included in this thesis

[28] Mark Haring, Esten Ingar Grgtli, Signe Riemer-Sgrensen, Katrine Seel and
Kristian Gaustad Hanssen. A Levenberg-Marquardt algorithm for sparse
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identification of dynamical systems. IEEE Transactions on Neural Networks
and Learning Systems (2022).

[29] Akhil Anand, Katrine Seel, Vilde Gjerum, Anne Hakansson, Haakon Robin-
son, and Aya Saad. Safe learning for control using control Lyapunov func-

tions and control barrier functions: A review. Procedia Computer Science
192 (2021): 3987-3997, 2021.

[30] Anne Hakansson, Aya Saad, Akhil Anand, Vilde Gjerum and Katrine Seel.
Robust reasoning for autonomous cyber-physical systems in dynamic envir-
onments. Procedia Computer Science, 192, pp.3966-3978, 2021.
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Chapter 2

Preliminaries

2.1 Model Predictive Control

MPC has seen significant success in recent decades and has established itself as
the primary control method for the systematic handling of constraints, with wide
adaptation in diverse fields, such as process control, automotive systems, and
robotics. MPC is based on solving an optimal control problem (OCP) at each
instant the state is sampled. In the following, we consider (possibly nonlinear)
discrete-time systems of the form

Zk+1 = f(zk,uk), (2.1)

with state z;; € X C R”, input uy, € U C R™, and dynamical model f : XxU — X.
For a system as in (2.1), we formulate the following OCP

N-1
Vn(z) =min  T(zy)+ Y £z, u;) (2.2a)
o i=0
st. Vi elpn_1:xzg=2, (2.2b)
Ti41 = f(a:l, ’LLZ) (220)
ui € U, (2.2d)
TN € Xf (2.2f)
where N is the length of the prediction horizon, x = {zy,...,xx} denotes the
predicted states and u = {uy, ..., un_1} the predicted inputs. It is also possible

to use the notation ;1| and uy ;| to emphasize that we are predicting ¢ steps

11
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into the future, for the initial state sampled at time k, although this notation is not
used in this chapter. The objective of the optimization problem is defined by the
stage cost, £(-), and the terminal cost, 7'(-). We differentiate between the true state
z and the predicted state in OCP, using x, and distinguish between the physical
time k and predicted time 7. Moreover, we use f (+,-) to describe the prediction
model, which may differ from the true dynamical model in (2.1). Mixed input-state
constraints are described by h(x;,u;), and xy € Xy is a terminal set constraint,
that we will address further in Section 2.1.2. The addition of a terminal constraint
is classically used to ensure the recursive feasibility of the MPC scheme, as defined
next.

Definition 1. The MPC problem is called recursively feasible if for all feasible
initial states feasibility is guaranteed at every state along the closed-loop trajectory.

However, this property can be destroyed in the face of uncertainty, in the form of
additive disturbances, model error or state estimation error, causing f # f.

The solution to the OCP in (2.2), will produce an optimal input sequence of length
N —1,u* = {u,...,u}_;} for which we will apply only the first element to the
system, u. The rest of the input sequence is disregarded, and at the next sampling
instance, the procedure is repeated. This is illustrated in Figure 2.1. Many control
applications are naturally posed as tracking problems. For these problems, the main
objective of MPC is to minimize the tracking error, that is the difference between a
reference and the system states and inputs. We refer to this as tracking MPC, for
which the stage cost is typically a quadratic function. We can also use MPC for
optimizing economic performance rather than a tracking objective, referred to as
economic MPC (EMPC). EMPC is introduced further in Part II of this thesis and
treated in more detail in Chapter 5.

2.1.1 Linear Quadratic Regulator

The linear quadratic regulator (LQR) is a state-feedback controller that arises as
the optimal solution to the unconstrained control problem for linear dynamics and
quadratic objectives [32]. Throughout this thesis, we consider the discrete-time
formulation of LQR, defined for linear systems of the form

zp+1 = Az, + Buy, 2.3)

with system matrices A € R™ " and B € R™ ™. The objective we wish to
minimize is defined as

o0

Voo = Z szsz + ukTRuk + ZZkTNu;C, 2.4)
k=0
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Solution to the open loop
optimization problem at k =1

;: most recent measurement
e x;: predicted
i: predicted

Measured
state at ¢
S AN S N BN N B B S B e B
Plant v First control input i+N
A u; from solution
T, o z: measured history
e zi: most recent measurement
% —— uy: control history
«— wu;: most recent control input

+ Past Future —

i
Present

Figure 2.1: MPC illustration, modified version from [31].
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where ) € R"*"™ = 0, R € R™*™ = 0 are weight matrices that penalize the
state and input respectively and N € R™*™ is a cross term matrix. We obtain a
state-feedback controller on the form

up = — Kz, (2.5)
where the gain matrix, K, is given as
K=(R+B'PB)"'(B"PA+NT), (2.6)

where P is the positive definite solution to the discrete-time Riccati equation
(DARE), i.e.

P=A"TPA—(ATPB+N)(R+B'"PB)"YB"PA+ N +Q. (27

2.1.2 Stability analysis of MPC

In the following, we will give a brief outline of the tools needed to perform stability
analysis of systems controlled by MPC. The presented theory is taken from [33].
For more detailed analyses, we will make references to the relevant chapters in this
thesis where the theory is applied.

As before, we consider the discrete, possibly nonlinear system, as defined in (2.1).
Without loss of generality, we will assume that the reference setpoint is at the origin,
i.e. (ze,ue) = (0,0) with f(ze,ue) = 0. To establish stability, we will make use
of Lyapunov theorems defined in terms of function classes, i.e. K, Ko, and ICL.
These are defined as follows.

Definition 2. A continuous function o : R>g — R belongs to class K if «(0) = 0
and is strictly increasing.

Definition 3. A function o : R>g — R belongs to K if it is in class K and is
unbounded, i.e. a(j) — oo when j — oo.

Definition 4. A function 5(j,k) : R>o X Z>9 — R>( belongs to KL if for each
fixed k, 5(j, k) is class IC w.r.t j and if it for each fixed j, 5(j, k) is decreasing w.r.t
kand B(j,k) — 0 as k — oc.

In addition, we need the following property of a set.
Definition 5. A set X C R" is positive invariant for z+ = f(2) if z € X implies
f(z) e Xl

We can then define asymptotic stability, which is what we want to show for the
closed-loop system using MPC.
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Definition 6. Suppose X is positive invariant for z+ = f(z). The origin is
asymptotically stable for z+ = f(z) in X if there exists a KL function (3(-) such
that, for every z € X

[ (ks )| < BUlIz[l; k), Yk € T>o, (2.8)

where 1)(k; z) denotes the solution to z* = f(z) at time k for initial state z at time
zero and ||-|| denotes the 2-norm.

The set X is called a region of attraction. For a system controlled with MPC, the
region of attraction is defined as follows.

Definition 7. The region of attraction of an MPC scheme is the set of states which
can be steered to the terminal region Xy in N steps or less.

A standard approach to establish the asymptotic stability of the closed-loop system
under MPC is to show that the value function Viy(z) for the finite-horizon OCP in
(2.2) is a Lyapunov function for the closed-loop system 21 = f(z, ky(2)). Next,
we formally define a Lyapunov function.

Definition 8. Suppose X is positive invariant for 2+ = f(z). A function V : R" —
R is said to be a Lyapunov function in X for 2T = f(z) if there exits functions
a1, as € Ko and a continuous, positive definite function ag such that for any
zeX

a((z])) < V(z)
V(f(2) = V(z)

ax([|z]]), (2.92)

<
< —as(|z]). (2.9p)

Showing that the value function Vjy(z) satisfies the lower bound in (2.9a), is
ensured by additionally assuming that the stage cost satisfies (z,u) > a1(||z]|)
where a1 € Ko and £(0,0) = 0. This is satisfied by the standard choice of a
quadratic cost function, as the one used in (2.4).

To ensure the decrease condition in (2.9b), we will assume that the terminal cost
is a Lyapunov function in the terminal set X and that the terminal set is invariant
under a local control law x¢(z). These can be categorized as terminal conditions,
and are soon discussed in more detail. For appropriate choices of the stage cost ¢,
terminal cost 7" and terminal region Xy that ensures the satisfaction of (2.9b), the
upper bound in (2.9a) can also be also ensured. To ensure the existence of an upper
bound on Vj(z) outside the terminal region, i.e. for the region of attraction, we
usually assume that the set X x U is compact, i.e. closed and bounded.
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With the necessary assumptions for the stage cost and terminal conditions, the value
function Vy (z) satisfies the conditions in Definition 8 and is thereby a Lyapunov
function for the closed-loop system, and stability is established. This is stated
formally in the following theorem.

Theorem 1. Suppose X C R is positive invariant for 2+ = f(z). If there exists a
Lyapunov function in X for the system z* = f(z), then the origin is asymptotically
stable in X for the system z* = f(z). If X = R" then the origin is globally
asymptotically stable.

Proof. Seee.g. [33]. O

In case the stage cost is not a quadratic function, as for EMPC, stability analysis
is generally more complicated. However, for certain types of problems, known as
dissipative problems, we are able to show that the EMPC scheme can be re-cast
as a tracking MPC scheme, for which we are able to prove the stability of the
closed-loop system [34]. This is elaborated on mainly in Chapter 5.

The stability following from Theorem 1 is usually referred to as nominal, i.e. the
stability analysis is done with respect to the prediction model in the MPC. If the
true system exactly matches the prediction model, we have asymptotic stability
for the true closed-loop system, whereas, for any disturbances in the form of
noise or model errors, we must turn to robust stability techniques. In the case
of bounded disturbances, we can achieve input-to-state stability (ISS). This is
considered Chapter 3.

Terminal conditions

For the terminal cost to be a Lyapunov function in the terminal region, three partic-
ular formulations of the terminal conditions in (2.2) can be used, as summarized in
[35]:

1. N — 00, Xy = {0} and T'(2) = 0. This corresponds to the infinite-horizon
case but is difficult to implement with nonlinear dynamics.

2. N is finite, Xy = {0}, and 7'(z) = 0. This case mirrors the infinite horizon,
but the specification of IV sufficiently large is difficult in general. In addition,
a point constraint is known to severely reduce the feasible region of the MPC
scheme [36].

3. N is finite, a suitable terminal region X ¢ has been calculated for the MPC
scheme (2.2), and a terminal controller «¢(z) is known with a suitable ter-
minal cost 7'(2).
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In practice, MPC is often implemented without terminal constraints. Conditions for
stability without terminal constraint have been thoroughly studied. In this thesis,
we will consider the following two, i.e.

1. Replace the terminal cost 7' by AT with A\ > 1 sufficiently large, such that a
suitable terminal constraint X is satisfied without being explicitly stated in
the MPC (2.2) [37].

2. Use a general positive definite terminal cost, that can serve as a global
Lyapunov function, and thereby there is no need for a terminal constraint. It
has also been shown that for a sufficiently long horizon N, we can omit both
the terminal cost and terminal constraint [38].

In Chapter 3, we consider option 1 for the terminal conditions without a terminal
constraint, whereas in Chapter 5 we consider option 2. The advantages of omitting
the terminal constraint are (i) the OCP is simpler i.e. easier to solve and (ii) a larger
feasible set is obtained. On the other hand, establishing recursive feasibility be-
comes more challenging and requires additional assumptions. Addressing recursive
feasibility both without a terminal condition as well as in the face of uncertainty,
has, with the exception of Chapter 4, not been done in this thesis.

2.2 Markov decision process

Markov decision processes (MDPs) provide a standard framework for the optimal
control of discrete-time stochastic processes, defined by a stage cost and a transition
probability that completely characterizes the environment’s dynamics. We denote
the underlying conditional transition probability density as p, defined for the state
s € § CR™ and action a € A C R™. The function p gives the probability density
of transitioning to state s™ given action a in state s, i.e.

+

sT ~p(-ls,a). (2.10)

The probability of each possible value of s should depend only on the immediately
preceding state and action, i.e. s and a. This is best viewed as a restriction on the
state rather than on the decision process and is known as the Markov property. A
Markovian state includes all information from the past that is relevant for the future.
The dynamics in (2.10) include deterministic dynamics as a special case. In control
theory, the dynamics in (2.10) are more often given as, only different in terms of
notation,

sT = fu(s,a,w),w ~W, 2.11)

where w € R? is a random disturbance from distribution W and f,, : R” x R™ x
R? — R™. In the following, we will use the term cost to describe what is commonly
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referred to as reward and assume that this is given, i.e.
L(s,a), (2.12)

is known. For a given MDP, we wish to find the optimal policy, 7* : S — A, that
is the solution to

7% = argmin J (), (2.13)

where J(7) is the performance function. This is defined as
J(7) = Egyopo,smp(-|s,m(s) {Zv (sk,ak) | ar = 7(sk)|, (2.14)

where py is a distribution of initial states and v € (0, 1] is a discount factor used to
establish the importance of future costs over immediate costs. In the following, we
will use E[-] as short for By p, sp(.|s,r(s))["] Where E[-] is the expected value
operator. We note that the performance measure in (2.14) also includes the special
case where the initial condition is fixed, and not drawn from a distribution. In (2.14)
the performance function is defined for an infinite horizon, but the performance can
also be defined for a finite horizon. We recognize that minimization of the sum of
discounted costs in (2.14) aligns with the commonly used formulation of the MDP
objective which is maximizing the sum of discounted rewards r(s, a) by stating
that r(s,a) = —L(s, a).

The value function V; and action-value function @), associated with a policy m
satisfy the Bellman equations [32]

Qr(s,a) = L(s,a) + VB gt wp(.(5.0) [V (sT)]s, al, (2.15a)
Vi(s) = Qx(s,m(s)). (2.15b)

From the optimal action-value function Q* (s, a), we can obtain the optimal policy
as

7*(s) = arg main Q*(s,a). (2.16)

Solving the MDP problem in (2.13) is possible by using dynamic programming
(DP) techniques on the Bellman equations. However, the problem quickly becomes
intractable as the dimension of the problem grows [32]. In addition, DP depends on
the exact transition dynamics, that in most engineering applications are not readily
available. RL provides alternative methods for solving MDPs, that do not depend
on the exact transition dynamics, that will render an approximation of the optimal
policy based on data.
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2.3 Reinforcement Learning

The taxonomy of RL methods is defined by several meaningful categorizations.
One important distinction is between model-based and model-free methods. Model-
based methods use a model of the system dynamics that can either be known
beforehand or learned jointly with the policy. Unlike model-based methods, model-
free methods assume no knowledge of the system dynamics. In this thesis, we
consider only model-free methods.

Model-free methods can coarsely be further divided into two groups, namely value-
based and policy-based methods. The first category aims to learn an approximation
of the value or action-value function and then obtains a policy estimate from this
approximation, such as in (2.16). Policy-based methods, on the other hand, aim
to directly learn the optimal policy. In the next coming section, we will visit one
common value-based method, namely Q-learning, and look at a sub-category of
policy-based methods, namely policy gradient methods. We will consider both of
these methods in Chapters 5, 6 and 7.

2.3.1 Q-learning

Q-learning is a value-based method, that approximates the optimal action-value
function via a parameterized function approximator ()9 with parameter vector 6.
The goal of value-based RL methods is then to learn the optimal parameters 6*, such
that Qg+ (s,a) =~ Q*(s,a). Q-learning aims to solve the following least squares
problem

mgnEm %(Q*(s,a) — Qo(s,a))?|. (2.17)

Because Q™ is generally not known, this can not be solved directly. One approach
to solving (2.17) is the temporal difference (TD) learning [39]. The TD error is
defined as

Or = L(sk, ar) +YVo(sk+1) — Qo(sk, ax), (2.18)

where Vj is the parameterized value function. Let yx = L(sg, ax) + YVo(sk+1),
and consider this a fixed target, evaluated using a sampled state transition and the
cost. The parameter update is formulated to minimize the squared TD error, i.e.

meinEm, [;(y — Qo(s, a))Q] . (2.19)

In order to solve (2.19) in practice, it is necessary to collect data also by deviating
from the policy 7y, which is referred to as exploration. For the minimization
problem in (2.19), we define the following first-order (semi)-gradient step

0 < 0+ (0, VoQo(sk,ar), (2.20)



20 Preliminaries

where ¢ > 0 is a scalar denoting the step size. The policy estimate is then defined
as

mp(s) = arg main Qo(s,a). (2.21)

For Q-learning techniques, it should be mentioned that there is no guarantee to find
the optimal policy. This is because the parameter update of Q-learning methods
is not designed to optimize closed-loop performance directly. Instead, Q-learning
aims to fit QQy as closely as possible to Q*, and assumes that QQy ~ Q* results in
g ~ w*. However, there are no guarantees that the former approximation implies
the latter, and for certain shapes of Q-functions, it still may be challenging to
capture the optimal policy, even with an almost correct Q-function estimate.

2.3.2 Policy gradient methods

The lack of convergence guarantees for Q-learning methods has motivated the
need for alternative methods with more formal (local) convergence guarantees [40].
Using policy gradient methods, the parameters are updated towards improving the
performance of the policy irrespective of the action-value function accuracy. For
policy-based methods, the policy rather than the value functions are parameterized,
and the policy parameters are adjusted in order to minimize J(my). For policy
gradient methods, this is done by estimating the policy gradient VyJ(mg). A
gradient descent step is then used to update the parameters, i.e.

0+ 60— WVQJ(’]TQ), (2.22)

where w > 0 is the step size. For deterministic policies, we apply deterministic
policy gradient methods (DPG), for which the policy gradient may be estimated as
in [41]

Vo (mg) = Ery | Vomo(s)VaQry (s, a)la = 7|, (2.23)

where @, is the true action-value function for policy 7y as defined in (2.15a).
Instead of using the true action-value function, which is generally not known, we
will replace it with a function approximator Q,, (s, a), with parameter vector w. In
general, assuming that Q,(s,a) =~ Qu(s,a) will introduce a bias in the policy
gradient estimate. However, under certain conditions, as outlined in [41], this
approximation can be made without affecting the policy gradient, and in this case,
we denote the function approximator as compatible. The function approximator of
Q can e.g. take the form

Qu(s,a) = (a —mg(s)) Voma(s) " w + Vi (s), (2.24)

U(s,a)T
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where U (s, a) is a state-action feature vector, using the following value function
approximation

Vo(s) = ®(s) v, (2.25)
where ®(s) is a state feature vector and v is a parameter vector. The state feature

vector can be an NN, or monomials of the state for simpler systems. The gradient
of the Q-function can then be approximated as

VaQry(5,0) = VaQu(s,a) = Vomg(s) " w. (2.26)

The parameters v and w of the action-value function approximation in (2.24) are
given by the solution to the following least squares problem

minE,, B(Qm (5,0) — Quls, a))z] . 2.27)

The problem in (2.27) can be tackled using e.g. a least squares TD-approach
(LSTD), as detailed in [42], here specified for m episodes of length K, i.e.

1 [ B
= E Z { |:Z [(I)(Sk’j)(CI)SkJ - ’Yq>(sk+1,j))—r]}
j=0

F=0 . (2.28)
Z Sk,])L Skjyak])]}y
k=1
1 m K -1
w=_— > { [Z [‘I’(Sk,j,ak,j)‘l’(Skmak,j)T]}
=0 " k=0 (2.29)

Mw

L(skj arj) +YVo(skt14) — %(Sk,j))‘l’(sk,jvak,j)]}-
k:l

2.3.3 MPC as a function approximator

In deep RL, NNs are used as function approximators of the value function and/or
policy. This means that in theory, arbitrary complex (action)-value functions and
policies can be approximated with high accuracy. However, it is difficult to analyze
the associated closed-loop behavior. Alternatively, a parameterized MPC scheme
can be used as a function approximator in both value- and policy-based RL methods.
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We parameterize the OCP in (2.2), and obtain a value function estimate given as

N-1

Vo(s) = g%% YN (Ty(zn) + jon) + Z Y (lg (i, ui) + T ay)  (2.30a)
i=0

st. Vielpy_1:x9=2s5, (2.30b)

Tit1 = fo(wi, uq), (2.30c)

u; € A (2.30d)

ho(zi,u;) < oy by (xn) < on, (2.30e)

0i> 0,08 >0 (2.30f)

Note that the OCP in (2.2) describes an undiscounted MPC problem, i.e. a spe-
cial case of v = 1. The function fy(-,-) describes the prediction model, hy(-,-)
describes the mixed input and state constraints, and hév (+) describes the terminal
constraint as before, but now parameterized by 6. Slack variables o; and o are
used to prevent the MPC scheme from becoming infeasible due to the possible
model mismatch between the true system (2.10) and the prediction model fy. We
note that the potential stochasticity resulting from the disturbances in (2.10), is
addressed firstly by the parameterized prediction model fy, as well as by the para-
meterization of the cost and constraints. The constant vectors ¢ and 1 should be
selected sufficiently large, such that constraint violations are accepted as seldom as
possible while still ensuring feasibility [43]. Moreover, the stage cost and terminal
cost are also parameterized. Although not clearly visible in the performance meas-
ure as defined in (2.14), the mixed input and state inequality constraint in (2.30e)
may be incorporated in the RL cost L(s, a), by a term that penalizes constraint
violations, e.g.

L(s,a) = Lo(s,a) + 1 max(0, h(s, a)). (2.31)

For a value function estimate described by (2.30), the policy estimate is given by
mo(s) = uj(s, 0). (2.32)

By adding an additional constraint to the OCP in (2.30), namely that the first control
action equals a given action a, we obtain an action-value function estimate:

N-1

Qo(s,a) = min YN (Ty(zn) + ion) + Z Vi (lg (i, u;) + " o) (2.33a)
Y i=0

st (2.300) — (2.30f), (2.33b)

o = a. (2.33¢)
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The MPC scheme is a valid function approximator of QJ*, given that it satisfies the
following relationships

mo(s) = arg main Qo(s,a), Vp(s) = main Qo(s,a) (2.34)

With MPC as a function approximator, RL methods can be applied to adjust the
parameters 6 towards the optimal parameters 6*. For the optimal parameters 6*, the
MPC scheme delivers the optimal policy through (2.32), i.e. g« = 7*.

The central justification for using a parameterized MPC scheme in RL follows from
the following theorem.

Theorem 2. Suppose that the parametrized stage cost, terminal cost, and con-
straints in the MPC scheme (2.30) are rich function approximators with adjustable
parameters 6. Moreover, the MPC scheme has an exact relaxation (i.e. 1),V large
enough). Then there exists parameters 0* such that

Tp=(s) = V*(s) (2.35a)
fpe(s,0) = {g(s’ )=V Unlow) ¥ Z;if;(s’am <O a5

and the following holds, V~y:

1. Vor(s) = V*(5),Vs € Q

2. mp~(s) = w*(s),Vs €

3. Qo+ (s,a) = Q*(s,a),Vs € Q, for the inputs a € A such that

[V*(for(s,a))| < o0
if the set
Q= {SES ‘ |[V*(x3)| < oo, VkSN}, (2.36)

is non-empty, where x* is an optimal state trajectory generated by the MPC scheme
in(2.30)ie xp,..., 2.

Proof. The proof follows from [21], [44]. ]

The assumption in (2.36) can be interpreted as a type of stability condition for the
prediction model fy~ under the optimal policy 7*. More specifically, the assumption
requires the existence of a non-empty set such that the optimal value function V*
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of the predicted optimal trajectory x* based on the prediction model is finite for all
initial states starting from this set. Theorem 2 then states that, for a given MDP,
an MPC scheme with a possibly inaccurate model can deliver the optimal value
functions and optimal policy. The result extends to EMPC, which is also treated
in this thesis. A rich parameterization can be achieved by using universal function
approximators for the stage, terminal cost and constraints, such as e.g. NNs [45].
In this thesis, we use the following definition of universal function approximators.

Definition 9. A universal function approximator can approximate any continuous
function on a closed and bounded set.

If the parameterization is not rich enough to capture the optimal policy and value
functions, RL will find the parameters that best fit the policy or value function for
the given set of functions described by the selected parameterization, see e.g. [46].

Remark 1. MPC is most commonly formulated without discounting, i.e. v = 1, for
which stability analysis can be conducted as outlined in Section 2.1.2. Introducing a
discount factor vy # 1 generally complicates the stability analysis. However, recent
work has newly defined conditions for the stability of closed-loop systems under
discounted MPC schemes, see [47]. Stability analysis in the case of discounted
MPC schemes is not considered in this thesis.

Sensitivity analysis of MPC

In order to calculate the parameter updates for Q-learning (2.20) and policy gradient
methods (2.22), we calculate the gradients of the action-value function and the
policy from sensitivity analysis for the underlying MPC scheme in (2.33) and (2.30)
respectively.

The Lagrange function for the optimization problem in (2.33) is
Lo=®g+v' Gy+p' Hy, (2.37)

where @y is the cost (2.33a), H gathers the inequality constraints and G the equality
constraints in (2.33). The variables v and i are Lagrange multipliers associated
with the equality constraints and inequality constraints respectively. Let p label the
primal decision variables and let » = {p, v, u}. The solution to the MPC problem
(2.33) is then given by n*. The gradient of Qy(s, a) w.r.t the parameters is then

VoQo(s,a) = VoLo(s,n"). (2.38)

The gradient of the policy estimate Vgmg required in (2.23), is obtained from
sensitivity analysis of the MPC scheme in (2.30). The primal-dual Karush-Kuhn-
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Tucker (KKT) conditions are given by

VLo
R=| @G |=0 (2.39)
diag(p)Ho

where diag(u) is a diagonal matrix with entries p. Using the implicit function
theorem, it follows that

* * —_ 8
Voma(s) = —VoR(7", 5,0)V,R(1", 5,0) 18—:0. (2.40)
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Part I

Combining MPC and supervised
learning methods
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Introduction

System modeling represents the first step of an MPC design, and the resulting
performance of an MPC scheme relies heavily on a sufficiently accurate model.
While established methods for system modeling and identification exist, see e.g.
[48], the increasing complexity of systems to be controlled in terms of nonlinearities
or scalability challenges the classical system identification techniques.

In the control community, model errors have been accounted for explicitly in the
field of robust control, established in the 1980s [49]. Robust control is mainly
concerned with linear systems, and is based on incorporating an a priori estimate of
the model uncertainty, and then provides guarantees for stability and performance
for all uncertain parameters or disturbances that lie within some (typically compact)
set. For large uncertainties, robust controllers are naturally conservative in order to
maintain formal guarantees.

ML methods have been considered to overcome the limitations of approximate
models. Both NNs [45] and GPs [50] are universal function approximators, and
therefore suited for learning highly complex dynamics. Although not treated in
this thesis, the opportunities for supervised learning methods for MPC go beyond
data-driven model improvement. For example, the terminal sets and costs were
learned in [S1]. Moreover, the region of attraction for a given controller was learned
in [20].

For model learning in MPC, the resulting control design will vary with the choice of
ML model. One important distinction is between models that provide estimates of
the model uncertainty, and those that do not. For learned models that traditionally
do not provide a measure of model uncertainty, such as NNs, we can apply robust
stability techniques in order to analyze the closed-loop system under a controller
that does not consider model uncertainty explicitly. This is done in Chapter 3,
where NNs are used to learn the dynamics of a chemical reactor and used as the
prediction model in MPC to control the process.

For ML models that do provide estimates of model uncertainty, such as probabil-
istic formulations [52], we can incorporate this into the MPC formulation. This
results in what is known as robust MPC (RMPC). Addressing model uncertainty
is essential to ensure constraint satisfaction in case of model inaccuracy and noise.
Typically the uncertainty descriptions for RMPC have been fixed and assumed
available for control design. Learning-based approaches enable us to estimate the
uncertainty based on data, and potentially update the uncertainty description over
time, potentially reducing the conservativeness of the robust controller.

As MPC is based on solving an optimization problem at each sampling time,
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computational efficiency must be considered as learned models are used as the
prediction model. Leveraging the full potential of e.g. probabilistic methods in
MPC is therefore still an active research field. Convexity is another desired property
for MPC. Convex formulations of the cost or constraints generally make the MPC
problem much easier to solve [33]. In Chapter 4, we exploit probabilistic learning
methods to reduce the conservativeness of a robust controller that can be cast as a
convex optimization problem. The concept of convexity is revisited in Chapter 5,
where we consider convex formulations of the MPC cost function.

The work presented in the following chapters builds on the introduction given to
stability analysis of MPC in Section 2.1.2.



Chapter 3

Learning the MPC prediction
model with NNs

Learning-based controllers, and especially learning-based model predictive con-
trollers, have been used for a number of different applications with great success.
In spite of good performance, a lot of these cases lack stability guarantees. In
this chapter, we consider a scenario where the dynamics of a nonlinear system are
unknown, but where input and output data are available. A prediction model is
learned from data using an NN, which in turn is used in a nonlinear model predict-
ive control (NMPC) scheme. The closed-loop system is shown to be ISS stable
with respect to the prediction error of the learned model. The approach is tested
and verified in simulations, by employing the controller to a benchmark system,
namely a continuous stirred tank reactor (CSTR) plant. Simulations show that the
proposed controller successfully drives the system from random initial conditions
to a reference equilibrium point, even in the presence of noise. The results also
verify the theoretical stability result. This chapter is based on [23].

3.1 Introduction

In the following, we focus on a scenario where either the entire or parts of the
system dynamics are unknown, but with data available, so that a prediction model
can be built or improved offline. In order to be used in MPC, the resulting prediction
model should be accurate, while at the same time not too computationally complex.

Different learning methods have been used for building or improving prediction
models from data, suited for MPC. In [53], GP regression is used to improve a
nominal model by learning a disturbance model, used to design an MPC algorithm

31
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for a mobile robot. Similarly, in [54], GPs and local linear regression methods are
compared in order to improve the prediction model of a robot. Because GPs are
known to scale poorly with the number of data points used in training, learning-
based MPC has been tested using sparse GPs, such as in [55]. NNs have also proven
to be highly flexible function approximators, and have become state-of-the-art for
a variety of challenging tasks, ranging from image analysis and classification to
language processing [56], [57]. This learning method has also proved effective for
learning the dynamics of nonlinear systems [58], [59], [60]. Consequently, NNs
have been used to build prediction models suited for MPC, such as in [61], [62],
[63], [64], [65].

For safety-critical applications, a necessary aspect of learning-based MPC is being
able to prove the stability of the closed-loop system. For many references on
learning-based MPC, this is currently missing. In [14], stability is analyzed for a
general class of learning-based MPC, where the dynamics are divided into a nominal,
linear model and a function to be learned. Using that the amplitude of the learned
function is bounded, robust stability is proved for the linear MPC. Because the
bound must hold for all unmodelled nonlinearities in addition to model errors, the
assumption is rather conservative. In [19] and [66] the entire system dynamics are
learned, using GPs and parameter optimized kinky inference (POKI) respectively,
and stability is proved assuming boundedness of the modeling uncertainty. Stability
is analyzed for learning-based MPC using NNs, in [67]. However, the suggested
MPC design is different and computationally more complex compared to the design
proposed in this chapter.

This work is inspired by the stability analyses done in [19] and [66] but is adapted to
a case where the system dynamics are learned using an NN. The main contributions
of this chapter are:

* Design of an output MPC scheme using a nonlinear autoregressive model
with exogenous input (NARX) prediction model learned using an NN

* Conditions for which the closed-loop system is ISS with respect to the
prediction error

* Implementation and testing of the control design for a benchmark system

3.2 Problem statement

We study nonlinear discrete-time systems, where y;, € R is the measured output
and uy € R is the control input. It is assumed that the dynamics can be described
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using a NARX model, given by

Yr+1 = f(@r, u) + w, (3.1)

where the output is corrupted by noise, wg, which is assumed to lie in a compact
set W, that is wy, € W C R. The input is subject to hard constraints, u; € U, and
the output is subject to soft constraints, y;, € ). The NARX state vector is given by

T = [yka'")yk’—myauk’—la'"7uk‘—mu]v (32)

where m, and m, denotes the number of previous outputs and inputs used to
describe the next output so that x, € R™y+mutl,

It is assumed that the system dynamics of the plant are unknown and that f(-,-)
from (3.1) is an unknown function, but that input and output data are available. The
data is used to build a prediction model

Urt1 = [, ug). (3.3)

Throughout this chapter, (*) will be used to denote either variables that are predicted
or functions that are used to make predictions. We want to steer the process from
random initial conditions, within the given input and output sets, to a desired
reference equilibrium point, given by (Zyef, Uref ), Where Xyer € R™ytmutl and
urer € R. To this end, we design an MPC scheme, using the prediction model from
(3.3).

Remark 2. Here, we have considered a case that is single-input single-output.
However, the control design and the stability results in this chapter can easily be
extended to the multi-input multi-output case.

3.3 Data-based prediction model
3.3.1 NARX prediction model

In the MPC algorithm, we consider the prediction of the state. We therefore
reformulate the NARX model into a state space representation on the form

Tpq1 = F(zg, ug, ex)
. (3.4)
Y = ¢ T + wg,

where¢c” =[1 0 ... 0]and ey represents modeling uncertainty, in the form
of a prediction error, introduced because we will use the prediction model from
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(3.3). The prediction error denotes the difference between the true model (3.1) and
the learned prediction model (3.3)

er = —
k k+1 — Yk+1 ) (3.5)
= f(ap, ug) + wi — f(r, ur).

Using the definition of the NARX state vector from (3.2), the vector-valued function
from (3.4) is given by

F(h, gy k) = [F (T, ) + €k Yks oos Yooy +15

(3.6)
Why ey Wy 1]

We now define the nominal state space model, for which F(xy, uy,) 2 F(z, ug, 0).
This is written as

A~ A~

F(Ik,Uk-) = [f(xk‘auk)ayk‘a "')yk’—my—l-lauk'a "‘7uk'—mu+1]> (37)

where the first argument can be either the previous predicted state, 2, or the true
state known from measurements, xj, and is used to obtain the next state prediction

i‘]ﬁ.l = F(i[fk;,uk)
3.4 NARX Neural Network

When a multi-layer perceptron (MLP) network is used to approximate the function
f(+) in a NARX model, the resulting structure is known as a NARX network [68].
Here, a single hidden layer is proposed for approximation. It has been shown that a
single hidden layer feedforward NN with a sufficient number of neurons, is capable
of approximating any continuous function to an arbitrary degree of accuracy [69],
[45].

Training of a NARX network can be done in two different modes [68]. If the
network is in so-called series-parallel mode, the previous outputs are actual values
of the system’s output. This can be written as

D1 = NN ks woos Yhmmmy s Wk ooy Uk—my ) (3.8)

If the network is in parallel mode, predicted past outputs are used to predict the
next output, according to

D1 = NNy oo Thmmy s Wk ooy U—my ) (3.9

In parallel mode, the NARX network is a recurrent neural network (RNN), with
feedback connections enclosing the layers of the network.
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Series-parallel mode is generally preferred in training if the actual values of the
system’s outputs are available. This has two benefits, the first being that using
the actual output values gives better accuracy. In addition, the series-parallel
architecture results in a purely feedforward network, so that static backpropagation
methods can be used during training.

In order to make predictions, the NARX network should be converted to parallel
mode after training. When the NARX network is making multi-step ahead predic-
tions, the true output values will no longer be available, and in parallel mode the
network will instead use its own output predictions. A NARX network in parallel
mode is visualized in Figure 3.1.

Figure 3.1: Visualization of a NARX network in parallel mode, reproduced from [70].

3.5 Stabilizing data-based MPC

In the following section, we define a nonlinear MPC scheme that uses the nominal
model (3.7) learned from data using a NARX network. In the following we will use
the class /C functions as defined in Section 2.1.2.

3.5.1 Optimal control problem

MPC is based on solving an open-loop optimization problem at every time step. In
each iteration, the optimization routine will minimize a given cost function.

Because we want the MPC scheme to drive the process to a reference state, we use
a positive definite stage cost that penalizes deviations from the reference, given by
ls(+, ). A barrier function, ¢;(+), is added to the total stage cost, in order to fulfill
soft output constraints, that is to ensure that the output stays in a certain set, Y C R,
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if possible. Based on the stability analysis in Section 3.5.2, ¢;(+) is designed such
that
G (k) = o (d(ik, V) (3.10)

and y(gr) = 0V g € Y, where ay(+) is a class K-function and d(+) is the shortest
distance from a point ¢ € R to the set Y C R.

The total stage cost is then
UZg, ug) = Ls(Zg — Tref, Uk — Urer) + Lo(Tk), (3.11)

where (Zyef, Uref) denotes the reference equilibrium point. Using the stage cost
(3.11) and the nominal model (3.7), the final optimization problem is formulated.
Note that this is done without defining a terminal constraint [37], resulting in

N-1

min Y U &ppijy Urri) + AVE (@ Njp — Trer) (3.12a)

B0

st Vielpn_y: (3.12b)
Thpivile = ENN(Epopifh Whpilk) (3.12¢)
Fap = T (3.12d)
Dhrile = € Thpifh (3.12¢)
Uik € u, (3.121)

where (%) denotes predicted variables. We let Fxy(-, -) denote the nominal state
space model (3.7), using the neural-based prediction model (3.9). The control se-
quence applied over the prediction horizon N is given by uy = {up g, -, Upr N—1)5 }
and the predicted states are x3 = {Z, ..., T4 N, }- The optimization problem is
subject to hard input constraints, where U/ is the set of feasible inputs. In order to
guarantee stability, we make use of a terminal cost V¢(-) and an associated terminal
control law x ¢ (+). The terminal cost is weighted by a design parameter A > 1 and
xy. 18 the initial condition of the NARX state.

3.5.2 Stability

We want to consider ISS of the closed-loop system
Tr+1 = F(xk, kmpo(Tr), k), (3.13)

where kypc(2) 18 the nominal controller resulting from the optimization problem
(3.12), and F'(z, kmpc, €x) is the true model given by (3.6). The stability proof
for the learning-based MPC in [19] and [66] is here adapted for an MPC scheme
where the prediction model is approximated by an NN.
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Definition 10. A system x 1 = F(xy, kmpc(Tk), €;) is ISS if there exists a class
K L-function 8 and a class K-function ~y such that

k]l < Bllwoll , k) + supi—o, . xv(lesl) G.14)

for all initial conditions xg, modeling uncertainties e; and for all k > 0.

We first establish stability in the nominal case, for which the prediction error is
assumed to be zero so that the true and predicted state is the same. We then
consider robust stability, when the prediction error is non-zero, but bounded. For
the nominal case, we want to establish that the control error, T = Tp — Tref,
converges asymptotically to zero.

For now, we consider the following closed-loop system using the nominal model
(3.7), with the neural prediction model (3.9)

7 :F Tk, K T — Iy,
k+1 NN (2, kmpe(Tr)) of (3.15)

= Inn(Er, vpc (1))

We make use of the following assumptions regarding the total stage cost, £(xy, ug),
the terminal cost, V¢(-), and the terminal controller, s ¢(-).

Assumption 1. There exists a terminal control law £ ¢(Zy), a control Lyapunov
function V(%) and a region defined by Q0 = {i, € R™ ™t V(7)) < al,
where o > 0, such that ¥z, € 2 the following holds

1.
ar([|Zpll) < Vi(Zr) < aa(([Z4]]),
Vi (PN (F, 5 (1)) — V(@) (3.16)
< _g(i'k + Zref, mf('i'k))v
2.

Kp(Er) EU ! (Fg + Tret) €V, (3.17)

where FNN(~, -) is the nominal model (3.15), {(-, ) is the stage cost (3.11), Tyt is
the reference state, o1 (-) and as(+) are class Koo-functions and U, Y are compact
input and output sets, respectively.

Assumption 2. There exists a class Koo-function, ay(-), such that the stage cost
(3.11), satisfies £(Zyef, Urer) = 0 and U(Ty, + Trer, ug) > oy (||Tx]|) for all uy, € U,
where (Zyef, Uret) denotes the reference equilibrium point.
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We now propose the following theorem, which is an adaption of Theorem 4 in [37].

Theorem 3. Let Assumptions 1-2 hold, and let knipc (k) be the resulting control
law of the optimization problem in (3.12). Then ¥\ > 1, where ) is a weighting
factor, there exists a domain of attraction, Xy (), defined without terminal con-
straint, such that for all initial conditions xy € Xn(\), the closed-loop system
(3.15) is asymptotically stable at the origin.

Proof. An outline of the proof is given as follows. Having satisfied Assumption
1-2, Theorem 4 in [37] states that the controller resulting from the solution of the
optimization problem (3.12) will stabilize the system (3.15) asymptotically in the
set 1, € Xn (). For the complete proof, the reader is referred to [37]. O

The weight of the terminal cost, A, can be used to adjust the size of the domain of
attraction. The greater A, the larger is X' (), but the worse is the approximation,
AV(-), of the optimal cost.

Having established that the nominal system is asymptotically stable, the robust case
will now be considered. To that end, we make use of the following assumptions:

Assumption 3. There exists a constant pn < oo, such that the prediction error (3.5)
is bounded vk |eg| < p.

Remark 3. The prediction error encompasses the approximation error as well as
the measurement noise. The measurement noise is assumed to lie in a compact
set and is therefore bounded. In general, it is not possible to prove that the
approximation error of NNs is bounded. However, this is still a commonly used
assumption [13], [71], [72]. In this case, we can argue that if the prediction error
is bounded on the training set, and the training data is representative of data seen
in closed-loop operation, then Assumption 3 is reasonable.

Assumption 4. The nominal model FNN(xk, kmpc(xy)) from (3.7) is uniformly
continuous in xy, for all xy, € Xp(N).

Remark 4. The nominal model Fxx(x, kinipc(a)) will be uniformly continu-
ous, if the prediction model fNN(a;k, rmpc(xg)) is uniformly continuous. This is
ensured by choosing uniformly continuous activation functions for the neurons in
the layers of the NARX network. All the commonly used activation functions in
RNNs, such as the sigmoid, tanh and ReLU functions, are uniformly continuous as
their derivatives are uniformly bounded. Considering the interval [0,00), all the
above-mentioned activation functions are in addition continuously differentiable,
which is a stronger continuity property than uniform continuity.
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The following theorem is an adaption of Theorem 4 in [73].

Theorem 4. Let kypc(xy) be the predictive controller derived from the optimal
control problem (3.12) and let Assumptions 1-4 hold. Then, Q, C Xn(\) is a
robust invariant set for a sufficiently small bound on the uncertainty. The system
(3.13) fulfills the ISS property within the robust invariant set €.

Proof. An outline of the proof is given as follows. Satisfaction of Assumptions 1-2
guarantees asymptotic stability of the nominal system (3.15) as stated by Theorem 3.
If Assumptions 3 and 4 also hold, then Theorem 4 of [73] holds directly. Satisfaction
of Theorem 4 guarantees ISS for the closed-loop system (3.13). O

Remark 5. Because the continuity requirement to the neural-based prediction
model relates to the choice of activation functions, the user has the freedom to
select a different number of hidden layers as well as other network architectures,
such as other standard RNNs. Nonetheless, MPC is a computational heavy control
design, because an optimization problem is solved at every iteration. This provides a
valid argument for keeping the architecture as simple as possible in a neural-based
MPC.

Remark 6. ISS can also be shown by establishing uniform continuity of the optimal
cost, by adding some additional assumptions regarding the terminal cost and the
stage cost used in the objective function. For details, the reader is referred to Cl in
Proposition 1 in [73].

3.6 Case study

To test the performance and robustness of the proposed MPC design, the CSTR
process is considered. This is often used as a benchmark process for learning-based
MPC.

3.6.1 The continuous stirred tank reactor

A CSTR process describes the reaction where a reactant is converted from A — B
[74]. The following differential equations are used to model this process

Calt) =2 (Cag = Calt) ~ hoe ™ Cat (3.182)

T(t) =Ty = TH) = = 5 e Ca(t) (3.18)
UA

+ m(Tc(t) = T(1)) (3.18¢)

T.(t) :w, (3.18d)
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Table 3.1: CSTR process parameters

Param. Definition Value

Qo Reactive input flow 10 I/min
v Liquid volume in the tank 1501

ko Frequency constant 6-109 I/min
E/R Arrhenius constant 9750 K
—AH, Reaction enthalpy 10000 J/mol
UA Heat transfer coefficient 70000 J/(min K)
p Density 1100 g/1
Cp Specific heat 0.3J/(g K)
T Time constant 1.5 min
Cy C'4 in input flow 1 mol/l
Ty Input flow temperature 370K

where C'4 [mol/1] is the concentration of the reactant, 7" [K] is the temperature in the
tank, T, [K] is the temperature of the coolant, and 7. [K] is the coolant temperature
reference. For this control problem, we have input and output according to u = 7T,
and y = C'4. The model parameters are given in Table 3.1, and are similar to those
used in [19] and [66]. We define the following input constraints, i/ = {335 K <
T, < 372 K}, and output constraints, )V = {0.35 mol/l1 < Cx < 0.65 mol/1}.

3.6.2 Obtaining the dataset

The model equations in (3.18) were used in simulation and for generating training
data, but otherwise assumed unknown. The equations were implemented in MAT-
LAB, discretized using Euler’s method and sampled at 75, = 0.5 min. An input
signal was designed to do open-loop simulations. The requirement for input design
for system identification is that the data needs to be persistently exciting, i.e. the
data must contain sufficiently many distinct frequencies [48].

The input signal was designed to cover the relevant area of input-output space,
considering the input and output constraints. To this end, the system was excited by
a total of 7 sweeping chirp signals, with different amplitudes and length. A total of
17500 data points were used to train the NN. As the resulting training data covers a
large part of the input-output space which is considered in closed-loop operation,
we assume that a bounded prediction error for the training data implies a bounded
prediction error in closed-loop operation.
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3.6.3 Training the NARX network

Training the NARX network was done in MATLAB, using a series-parallel archi-
tecture, as described in Section 3.4. All data was normalized ahead of training,
so that all values fall within a range [—1, 1]. This was done to compensate for the
input data having different scales, as both past inputs and past outputs are fed to
the NN. For a NARX network, the size of the input layer is dictated by the number
of input and output delays in the NARX model, given by m,, and m,,. Different
architectures were tested, until we obtained satisfactory performance, using a single
hidden layer, with 10 neurons, and m,, = 1 and m,, = 2 as the number of input and
output delays, respectively. The sigmoid function was used in the neurons in the
hidden layer, and a linear activation function was used in the output neuron. The
data was split randomly into a train, test and validation set, that corresponded to
70/15/15 % of the data, respectively. A Levenberg-Marquardt algorithm was used
for optimization during training. Early stopping was used to prevent the model from
overfitting. For multi-step ahead prediction, the NARX network was converted to
parallel mode (3.9).

The resulting architecture of the NN represents a trade-off between modeling
flexibility, needed to capture the system dynamics, and computational complexity
for the resulting control design. An independent dataset with noise, was set aside
for validation, not previously seen in training. To quantify the prediction accuracy
on the separate validation dataset, the mean squared error (MSE) is introduced

1 Npred
MSE = —— > [l — dxl* (3.19)
pred =1

The validation results are seen in Figure 3.2, where the NN is tested for Npeq = 30,
initialized using noisy measurements. For the given prediction horizon we get
MSE = 2.84 - 10~°. Here the prediction horizon is relatively long, and the multi-
step ahead prediction is fairly accurate for the unseen validation data. In closed-loop
model-based control the prediction horizon will often be shorter, and we conclude
that the prediction model should be suited.

3.6.4 Control of the reactor

The control objective is to drive the process from a random initial condition, to a

reference equilibrium point. The following quadratic stage cost was used
Cs(p — ret, Uk — Uset) = (Tp — Tret) | Q(Th — Tyer) (3.20)
+(uk - uref)TR(uk - uref)z

where Zyet = [Yref, Yref, Yref, Uret), fOr the selected choice of m,, and m,, as ad-
dressed in Section 3.6.3. The optimization problem defined in (3.12) was solved



42 Learning the MPC prediction model with NNs

360 [

358
M ase |
& 354

— yk 4
Ure|

Time [min]

Figure 3.2: NARX NN prediction of CSTR concentration. Top: random steps in the coolant
temperature reference. Bottom: true and multi-step ahead predictions of the concentration,
with the network in parallel mode, using a separate validation set not previously seen by
the network. The output is shown in the original scale. The multi-step ahead prediction
seems to be fairly accurate for a random input sequence, and for that reason, more complex
and larger architectures are avoided in order to keep the prediction model simple.

using fmincon in MATLAB. The prediction horizon was set to N = 5, and we
used @ = diag(50,0,0,0), R =0.2and \ = 1.

3.6.5 Finding the reference equilibrium point

Because we consider a system with unknown dynamics, the input reference cor-
responding to the output reference is not necessarily known. Here it is assumed
that the input and output reference point is known a priori, namely u,.f = 356 K
and yyer = 0.439 mol/l. If this is not the case, the learned prediction model can
be used to obtain an estimate of the corresponding input reference, by solving an
optimization problem. See for example [63].

3.6.6 Soft output constraints

A barrier function was added to the stage cost to account for soft output constraints.
The following barrier function was adopted from [19], [66]

—d(yg,Y)
O(u) = c(l e ) (321)
where § = 1, ¢ = 100 and d(-) is given by

d(y,Y) = infzey |2 -yl o » (3.22)
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where |||, denotes the infinity norm. For the benchmark system, this means that
the coolant temperature reference will not exceed its limit, since input constraints are
hard, while the concentration limit is "desirable", given by soft output constraints.

3.6.7 Finding the terminal cost

The selected terminal controller and the terminal cost are defined as kf(Z)) =
K T %) + uger and Vi(ay) = :%ZP?U;C [33], where Zj, = x), — Tof. The terminal cost
is found by solving the LQR problem for the linearized model around the reference
point, where P is the solution to the discrete Riccati equation, given in (2.7).

The linearized model is found using the learned prediction model. For the choice of
m,, and m,, the NARX state vector is given by z, = [yk, Yk—1, Yk—2, Uk—1), and
consequently the linearized model should be on the form

Yk+1 a1l a2 a13 a4 Y b1
Yk 1 0 0 0 Yk—1 0

= U 3.23
wet| |0 1 0 0||wa| o O
Uk 0 0 0 0 Uk—1 1

Because the learned model is not defined explicitly, the linearized model is ob-
tained numerically [19], [66]. The coefficients of the linearized system can be
approximated according to

apy — dfaN 1 — fn 0y — d fan
Oy’ Oyp—1’ OYk—2 (3.24)

o= O fnn JfNN

14 a k717 aUk )

where fNN(-, -) is the prediction model (3.9). The coefficients in (3.24) were
evaluated at (Uref, Yref) and (Yrer + A, urer + A), where A represents a small
perturbation. We used A = 0.015, found by trial and error.

The coefficients for the linearized system evaluated at the reference point, were
found to be a1 = 2.1742, a12 = —1.5402, a13 = 0.3958, a14 = —0.0003 and
b11 = 0.0. Using d1gr in MATLAB, the following gain and solution to the Riccati
equation were found:

KT =[-838.08 897.23 —300.55 0.20], (3.25)

1.5672 —1.6776 0.5619 —0.0004
—-1.6776 1.7959 —0.6015 0.0004
0.5619 —0.6015 0.2015 —0.0001
—0.0004 0.0004 —0.0001 0.0000

P=10° (3.26)
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Assumptions 1 - 4 from Section 3.5.2 are fulfilled given the choice of the terminal
cost and terminal controller, the selected total stage cost, composed of (3.20) and
(3.21), the considerations regarding the prediction error in closed-loop operation
and the selected NN architecture and activation functions. By Theorem 4, the
considered closed-loop system is ISS.

3.7 Simulation results

In order to evaluate the performance of the MPC-NN, using the NARX network
as the prediction model, an MPC scheme using the ordinary differential equations
(ODEs) (3.18), was implemented. To determine the terminal ingredients for this
controller, the linearization of the system was also done numerically, as described
by (3.24), but using the ODEs to determine the coefficients. The same MPC cost
parameters were used for both the MPC-NN and the MPC-ODE design.

For each controller, simulations were run for ¢ = 15 min. For each simulation,
random initial conditions were selected from the valid input and output sets. The
measurements were corrupted by 2.5% sensor noise. A total of 100 simulations
were run to test for different realizations of noise and initial conditions.

The following performance index was used to evaluate the controller’s performance

M 52

where x; and uy, are the resulting state and control input for each iteration, tgjy, is
the number of time steps in one simulation and Ng;,, is the number of simulations.

In simulations, the MPC-ODE design was expected to be superior, because the true
model was used as the prediction model. Comparing the closed-loop results seen in
Figure 3.3a and 3.3b, we see that the MPC-NN performs almost as well as the ideal
controller. This was also verified by the evaluated performance index (3.27), which
was found to be popr = 273.86 and ¢nN = 281.44. For the tested scenario where
the system dynamics are unknown, but input-output data is available, the proposed
learning-based MPC design obtained close to ideal behavior.

Simulation results show that the MPC-NN successfully steered the system from
all tested random initial conditions, to the reference equilibrium point, even in the
presence of noise. In Figure 3.4 we also see that the one-step prediction error stays
small and bounded for all realizations of noise. This is important with respect to
Assumption 3 in the stability proof. The initial peak in the one-step prediction error
is due to the fact that at the beginning of each simulation, the network is initialized
using only one noisy, random initial condition.
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Figure 3.3: CSTR results from 100 simulations. The thick line represents the empirical
mean, and the shaded area represents +¢. In each figure, the upper subplot shows the
coolant temperature reference and the bottom subplot shows the concentration. Note that
the input constraints are hard, while the output constraints are soft

3.8 Conclusion

We have presented a NMPC scheme that uses a learned prediction model. The
prediction model was learned based on past input and output data, using an NN.
The proposed controller is proved to be ISS with respect to the prediction error,
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Figure 3.4: The one-step prediction error for the prediction model used by the MPC-NN.

The thick line represents the empirical mean, and the shaded area represents +¢ from 100
simulations.

assuming that the latter is sufficiently bounded. Because this is an output feedback
MPC algorithm, full state information is not necessary, so the control design may be
applied to systems where the state might not be measured. The control design was
implemented and tested for a CSTR. Compared to an ideal MPC implementation,
the learning-based MPC design performed almost as well. Simulations also show
the stability of the controlled system for all investigated cases and support the
assumption that the prediction error is bounded.



Chapter 4

Learning for robust control of
sector-bounded systems

For dynamical systems with uncertainty, robust controllers can be designed by
assuming that the uncertainty is bounded. The less we know about the uncertainty
in the system, the more conservative the bound must be, which in turn may lead to
reduced control performance. If measurements of the uncertain term are available,
this data may be used to reduce the uncertainty in order to make bounds as tight
as possible. In this chapter, we consider a linear system with sector-bounded
uncertainty. We develop an MPC algorithm to control the system and use a weighted
Bayesian linear regression (WBLR) model to learn the least conservative sector
condition using measurements collected in closed-loop. The resulting robust MPC
algorithm therefore reduces the conservativeness of the controller and provides
probabilistic guarantees of asymptotic stability and constraint satisfaction. The
efficacy of the proposed method is shown in simulation. This chapter is based on
[24].

4.1 Introduction

Even though modern solvers are able to handle NMPC algorithms, solving the
resulting optimization problem is in general challenging. The main reason is that
for non-convex optimization problems, the solvers are often not guaranteed to
find global minima, and may instead get stuck in a local minimum. A way to get
around this is to treat the nonlinearities present in the dynamics as uncertainties
in a linear system. The linear system can then be controlled using algorithms that
are robust with respect to some bounded uncertainty in the system, by solving
convex optimization problems. In [75], robust MPC schemes are formulated for

47



48  Learning for robust control of sector-bounded systems

polytopic systems and for linear systems with structured uncertainty. A sector
bound is particularly suited for modeling state-dependent uncertainty and is used
with a similar MPC algorithm in [76], [77], [78].

For uncertain systems, the smallest possible bound on the uncertainty may not
be known a priori. Using more conservative bounds will in turn lead to more
conservative controllers and correspondingly reduced control performance. If the
uncertainty in the system can be measured or estimated, learning-based methods
may be used to provide robust controllers with improved performance. In [79], a
GP is used to model the disturbances in a vehicle model. The learned model is used
to enhance a nominal prediction model in an MPC scheme, resulting in improved
path-tracking performance.

A similar approach is taken in [80], using wBLR to learn unknown dynamics in the
prediction model. In [81], GP regression is used to learn unmodelled dynamics to
be used in stochastic MPC. The learned model complements the prediction model,
and the model uncertainty is used to update the chance constraints. Compared to
using only a nominal model, the addition of the learned model results in cautious
control with improved performance. A GP model is also used in [82] to model the
uncertainty in a linear system, ensuring robust constraint satisfaction and resulting
in less conservative control.

In this chapter, we consider linear systems with sector-bounded uncertainties, as
in [76], [77] and [78]. We develop a robust MPC algorithm similar to the one
formulated in [77]. However, instead of assuming that the smallest possible sector
is known a priori, we use measurements of the uncertainty to learn the sector bound.
This is done using a Bayesian linear regression (BLR) model [83], with weighted
data points as in [80], that is particularly suited for finding local approximations of
nonlinear functions.

To the best of the authors’ knowledge, this has not been done before. The first
contribution of this chapter is therefore to use closed-loop measurements to tighten
a sector bound of an uncertain nonlinear term. Because the wBLR model estimates
distributions rather than deterministic model parameters, it provides a measure of
model uncertainty, which is used to formulate a stochastic sector bound, that in
turn provides probabilistic stability and constraint satisfaction guarantees for the
closed-loop system. The third contribution of this chapter is a reformulation of the
optimal infinite horizon problem, formulated in [77], for discrete-time systems.
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4.2 Problem statement

We consider a subclass of discrete-time nonlinear systems, namely sector-bounded
Lur’e systems, which can be written in the form

Tpg1 = Az + Gy(2x) + Buy,

4.1
2, = Hury, @b

where z;, € R" is the state vector, u;, € R™ is the control input and zj, is the
input of the nonlinearity v(z) : R — R for z € R. The system matrices have
dimensions A € R™*" B € R™*™, G € R"*! and H € R'*". We assume that
the nonlinearity satisfies

(uz =7(2))(v(2) = 12) 20 Vz, 4.2)

where u, [ € R™, i.e. is bounded by the sector condition as visualized in Figure 4.1.

Figure 4.1: Sector-bounded nonlinear function, v(z).

The system is subject to r polytopic state and input constraints, of the form
x .
Cr = { [uk:| e R . c;Ty + djuk <l1l,5=1, ...,T‘}, 4.3)
k
that must be satisfied at every time instant k. The control objective is to steer the

system (4.1) to the origin, for all nonlinearities that satisfy the sector condition
(4.2), and for the input- and state-constraints in (4.3).
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To this end, a sector condition that is as small as possible can improve the control
performance by making it less conservative. For this purpose, both open-loop and
closed-loop measurements can be used to reduce the bounds on the uncertainty. In
this chapter, we focus on the latter and propose using closed-loop measurements
to tighten an initially conservative sector bound. For systems of the form (4.1),
where the full state is sampled for k£ > 0, we can estimate y(zj) using the available
closed-loop measurements. For each time step, we use x4 and xy, in combination
with (4.1) and the known system matrices A, B, G and H, to obtain an estimate of

v(2k)-
4.3 Learning the sector bound

The goal of this section is to describe how closed-loop measurements can be used
to learn a sector bound, in order to make it as tight as possible. For this purpose we
use wBLR, which is an extension of BLR as presented in [83], and a modification
of [80]. We assume that we have a dataset of n training samples, D = {z;, y; }1 ;,
with y; = v(2;). Consider a local model

Yi = wz; + €, 4.4

where z; and y; are the scalar input and output, respectively, and with zero mean
Gaussian noise, ¢; ~ N'(0,0?), where o2 is the variance. For the sampled region
of input space, we want to approximate a locally linear model of the form

= wz, 4.5)

where w is a stochastic variable. Because the available data points are sampled
from a closed-loop system with a fixed sampling frequency, we use scalar weights
l; € 10, 1] to determine the importance of each data point as done in [80]. As in [80],
we assume that the data points are weighted ahead of learning. However, we weigh
the datapoints differently, namely by considering the density of data points in input
space. To this end, the closed-loop measurements are sorted, and then weighted
according to the input points’ similarity with both the previous and the next data
point. The weight is then scaled using the largest difference between subsequent
data points, according to

0.5”21‘ — Zi—lH + 0.5”2’1‘ — ZZ‘+1”

max({||z2 = z1ll,- - 120 = z0-1ll})”

l; = (4.6)

for 2 < 4 < n — 1. For the first and last data point we let /; = 0. For a sample z;
that is very similar to the previous sample z;_; and the next sample z; 1, the weight
is small, [; = 0, and the data point will have little influence on the regression. For
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the opposite case, the sample will be weighted with [; ~ 1, and the data point is
fully included in the regression. If all weights are 1, we obtain standard BLR.

For the weighted data set Dl = {zi,yi, i}, we assume that each data point is
independent, and distributed according to

n
p(y|Z, w,0?) = H./\/'(yi\wzi, o, 4.7
i=1
known as the likelihood function, where Z is a matrix with rows z; and ¥ is a vector
with elements y;. For this likelihood function, the conjugate prior is a Normal
Inverse Gamma (NIG) distribution, resulting in the following priors for w and o
[83]

p(w|o?) ~ N(w|wp, V), (4.82)

p(0®) ~ 1G(o”|ao, bo), (4.8b)

where wy is the prior mean and o2V} is the prior variance of the regression weight,
and ag and by are the initial parameters determining the Inverse Gamma (IG)

distribution. For the specified likelihood (4.7) and prior (4.8), one can show that the
posterior distribution over w and o2 has the form [83]

p(w, 0?|DY) = NIG(w, o?|wy, Vi, an, by), (4.9)
with
wy = Vn(Vy two+ Z7 Ly), (4.10a)
W = (Vy'+z'Lz)t, (4.10b)
ay = ao+ tr(ZL), (4.10¢)
by = bo+ %(wowlwo +yT Ly — wnVy oy, (4.10d)

where tr(-) is the trace operator, and L is a diagonal matrix with the data weights /;.
From the joint posterior distribution (4.9), we obtain the marginal distributions for
w and o2 [83]

b
p(w|D) T(w|wN)a7NVNa2aN)a (4.11a)
N

p(c? DY = 1G(c?|an,by). (4.11b)

In order to define a stochastic model of the sector bound, we use the uncertainty of
w, given by the Student t-distribution as specified in (4.11a). To make use of the
stochastic sector bound in the control design, we use the confidence interval for w
to define the upper [ and lower 4 bound on the local linear approximation of the
nonlinear function ~y(z).
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Assumption 5. For the local linear approximation i
Pr((iz = §)(§ —12) 2 0) 2 ps V3, (4.12)

holds with probability, Pr(-), at least ps.

The stochastic sector bound is used to formulate a robust controller for a system
where the exact sector bound is not known. In the next section, Assumption 5 is
used in the stability analysis of the resulting closed-loop system.

4.4 Learning-based robust MPC

For the system (4.1), constraints (4.3) and the control objective as described in
Section 4.2, we propose to use NMPC. The following section is dedicated to
describing the control design, as well as analyzing the stability and recursive
feasibility of the closed-loop system.

The basic idea of MPC is to solve an optimal control problem online, at each
time instant k, based on the measured system state ;. The goal of the optimal
control problem is to find a control sequence that minimizes the infinite horizon
cost function

o0
Joolk = Z F(Z i Weepil k) (4.13)
i=0
as stated for the general LQR in (2.4), but while satisfying constraints. In (4.13)
1 > 0 is the prediction time variable and

T T
F(Zppii Uktilk) = Thoqripe @ik + Who s i UL ik 4.14)

with Q@ > 0 € R"™"™ and R > 0 € R™*™, Because of the infinite horizon cost
function, the resulting constrained optimization problem is generally not solvable.
This is overcome by assuming a controller of the form

Ugtijk = Kp®piig, (4.15)

and at each time instant & calculating a constant feedback matrix K € R™*",
instead of the complete input trajectory. The resulting optimal control problem is a
min-max problem, that determines the feedback matrix K}, which minimizes the
upper bound on the infinite horizon cost. The uncertain nonlinear term is treated as
a sector condition so that the resulting optimization problem is convex, which we
can solve efficiently and for which we can find a global minimum. By recalculating
K, the controller can be more aggressive as the state evolves closer to the origin,
compared to the corresponding static feedback law [75].
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With the purpose of incorporating the learned sector from Section 4.3 in the control
design, we define the following parameters

g atl (4.16)
2
a—1
v=" 4.17)

where [ and @ are the lower and upper bound of the learned sector, as given by the
confidence interval for (4.11a). The parameters are used to shift the nonlinearity
according to

o(z) =v(z) — 0z. (4.18)

This is done in order to work with a more convenient expression for the sector
bound in the control design. To this end, we use (4.18) to express (z) in the
original sector condition (4.2), and obtain the following inequality

(vz = ¢(2))(p(2) +v2) 2 0, (4.19)

which implies that
lp(2)] < |vHz|. (4.20)

Let £ := vH € R™" and rewrite (4.20) so that
¢*(2) <" ETEx, @21

which in matrix form becomes

T rpr
TE e e
@ 0 —1] ¢
We now define
A=A+ 6GH, (4.23)

so that the system (4.1) can be written as

Tp+1 = Axg + Go(21) + Buy,

4.24

The following lemma provides conditions for obtaining a stabilizing feedback law
(4.15) for a system (4.1) with sector condition (4.2) and an upper bound on the
infinite horizon cost (4.13). This is similar to Lemma 2 in [77], but is modified
to apply to discrete-time systems and formulates a convex optimization problem
without fixing any of the optimization variables. Lemma 1 is also similar to Theorem
1 in [75], but is derived using the sector condition as formulated in (4.2).
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Lemma 1. Let Assumption 5 hold, so that for system (4.1), with a sector bound as

given by (4.2), and for the matrices = = =T > 0 e R™™ Y € R™*" and scalars
A > 0, a > 0, the following inequality

YTR: =Q: =ET ZAT +YTBT

[1]

R:Y ol 0 0 0
03z 0 ol 0 0 > 0. (4.25)
= 0 0 A 0
AZ+BY 0 0 0 E— GAGT

is satisfied. For K = Y=l and P = =71, it holds that

a. The feedback law uy, = Ky, asymptotically stabilizes the system
(4.1), with the sector-bounded nonlinearity described by (4.2).

b. V(xy k) = ma w PTr|k s an upper bound on the infinite horizon cost (4.13).

Proof. We define A = < and use that P = a=Z"1, K = YZE~!. After some matrix
manipulations, we take the Schur complement to the matrix (4.25), and obtain that

(A+ BK)TP(A + BK) . T
[—P+Q+KTRK+TETE (A+BK)" PG
GTP(A+ BK) GTPG -t

<0. (4.26)

Applying the lossless S-procedure, see e.g. [84], to (4.26), it follows that v" Qv < 0,
with o1 = [xT <p] and

A+ BK)T'P(A+ BK -
Q= F —+P+22+(KT}K )} (A+BK)' PG
GTP(A+ BK) GT PG

<0, (4.27)

holds for all z = xj ., and ¢ = p(2p44) that satisfies (4.22). This holds
probabilistically under Assumption 5. The inequality (4.27), is equivalent to

eT((A+BK)'P(A+BK) - P+ Q + K'RK)z
+oGTP(A+ BK)xy, + 21 (A + BK)T PGy (4.28)

+oGT PGy < 0.
For a feedback law wuy;;, = Kz and a quadratic function of the form

V(zgk) = xakpxk“g where V' (0) = 0 and P > 0, we then know that at sampling
time kand 7 > 0

V(@hgivip) = V(@hpip)) <

(4.29)
= (@ Qi+ g R
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Thus, for @ > 0 and R > 0, V (xy);,) = :L{lkP;ck‘k is a Lyapunov function and the

control law asymptotically stabilizes the system (4.1), proving part (a) of Lemma
1.

Using that 2, = 0, so that V(z;) = 0, and summing (4.29) from i = 0 to
1 = 00, we get

Joolly < V (ki) (4.30)

i.e. V() is an upper bound on the infinite horizon cost J i, proving part (b)
of Lemma 1. O

Lemma 2 is used for showing constraint satisfaction:

Lemma 2. The ellipsoid &, = {x) € R™ : fokazk < oy} is contained in the
constraint set 6y, as described in 4.3), at time instant k if and only if

(c; +djKg)(ax Py M) (ej +diKp)t <1,5=1,...,r (4.31)

Proof. Seee.g. [84]. O]

Using the results from Lemma 1, we state the following theorem for an NMPC
controller with probabilistic stability and constraint satisfaction guarantees, that
minimizes the upper bound on the infinite horizon cost function (4.13). This is a
discrete-time version of Theorem 1 in [77]. Contrary to this theorem, all matrix
inequalities are linear, making the resulting optimization problem easier to solve.

Theorem 5. Let Assumption 5 hold, so that for the system (4.1), with a sector-
bounded nonlinearity (4.2), an NMPC scheme is given by solving the following
optimization problem:

min = Qg 4.32)

Bk Y Ak
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subject to
1 T
[ I_’fl’f] > 0 (433a)
Lk =k
E YIR: 5,Q2 ZET E,AT + YT BT
R2Y; apl 0 0 0
Q5 0 a0 0 > 0 (4.33b)
 EEy, 0 0 A 0
A=, + BY; 0 0 0 =i — GA\GT
1 CjEk + dek
_ — > 0 (4.33¢
(Cj:k + dek)T =k - ( )
j=1..,7r

with P, = akElzl and K, = YkEgl. Then the NMPC scheme has the following
properties:

a. The optimization problem is feasible for all future time instants k if it is
feasible at k = 0.

b. The solution to the optimization problem (4.32)-(4.33) minimizes the upper
bound V(.’L’k‘k) = Iakpkx/dk on the infinite-horizon cost (4.13) at each time
instant k.

c. Ifthe optimization problem (4.32)-(4.33) is feasible at k = 0, then the control
law
Uik = KpZppqp, 120, (4.34)

asymptotically stabilizes the origin of the system (4.1), with sector condition
(4.2) and state and input constraints (4.3) for all times k > 0.

Proof. The proof is divided into three parts, to show that the properties (a)-(c) hold.
Part (a): As only (4.33a) depends on x;,, we know that the solution to the optimiz-
ation problem (4.32)-(4.33) satisfies constraints (4.33b) and (4.33c). As inequality
(4.33b) is identical to (4.25) from Lemma 1, (4.29) in combination with (4.33a)
means that xzﬂ‘ wPerisie < x{l 1 Peypi; < o Hence, the solution to the optim-
ization problem at time k is also a solution at time k + 1. By induction, feasibility
at time k + 1 leads to feasibility at k + 2,k + 3, . ..

Part (b): From Lemma 1 we have that V() is an upper bound on the cost func-
tion (4.13) at time k. Because (4.33a) is equivalent to :zcz| kPk»’Ck;| r < ap, minimizing
oy implies minimizing the upper bound on the cost function.



4.5. Simulation results 57

Part (c): We now consider stability for when P is recalculated at every sampling
instant, k. From Lemma 1, we have that applying the control law (4.34), leads
to mfﬂ‘kPka:kHw < x{lkPka:Hk. At the next sampling instant, the previous
solution to the optimization problem is feasible, but not necessarily optimal, i.e.
x£+1|k+1pk+1$k+llk+1 < folkHkakJr”kH. Combining these two inequalit-
ies, yields :cgﬂ‘kHPkakJr”kH < xakPk:ckm. Thus, xakPk;ckm is a strictly
decreasing Lyapunov function for the closed-loop system, implying that z;, — 0
as k — oo.

It remains to show constraint satisfaction. Having satisfied the conditions of Lemma
1, we know that the state lies in the ellipsoid & = {z} € R™ : x{Pka:k < ag}.
From Lemma 2, &, lies in the constraint set %, if (4.31) holds. It can be shown
that (4.33a) is equivalent to (4.31). We let ug s, = KjZp1q replace u in (4.3), so
that €}, = {:ck eER": (¢j+djKi)r, < 1,5 =1, ...,r}, followed by some matrix
manipulation. Because &}, is invariant, and contained in the constraint set %}, all
states are guaranteed to satisfy input and state constraints. O

Remark 7. Closed-loop stability, input and state constraint satisfaction are guar-
anteed probabilistically by feasibility of the linear matrix inequalities at initial
time. Because we consider a confidence interval at every time step, the resulting
probability may be smaller than that given by Assumption 5.

Remark 8. For some initial conditions, the sector condition may be too restrictive,
so the set of linear matrix inequalities does not have a feasible solution. Reduction
of the conservative sector using learning will increase the number of feasible initial
conditions.

4.5 Simulation results

To test the proposed control design, we consider the dynamics of a flexible link
robotic arm, as given in e.g [77]. The system is discretized using the forward Euler
method, to obtain the same form as (4.1), resulting in

1 1 0 0 0
A - —48.6At —0.25 —48.6At 0 B— 21.6At
0 0 1 At 0 (4.35)
19.5A¢ 0 —16.7At 1 0

GI'=1[0 0 0 -333At], H=[0 0 1 0],

o . T
with time step At = 0.01s. For the robotic arm we have that [ml, To, T3, 1)4] =

. . -T
01,01, 02,05]
ity, given by

, Where 61, 65 are angles, and 91, 92 are angle rates. The nonlinear-

v(zx) = sin(zx) + 2, (4.36)
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is assumed unknown, but estimated as described in Section 4.2. The following state
and input constraints apply
T
up € [-1.5,1.5], @1k, 23k € [—5, 5], k> 0. 4.37)
The control objective is to steer the system (4.35) to the origin. The weighting
matrices were selected as in [77]

Q = diag([1,0.1,1,0.1]), R =0.1. (4.38)

A conservative sector was defined using the prior distribution for w and o2 (4.8).
The parameters of the prior distribution were specified such that the resulting
conservative sector was contained within the first and third quadrants of the input
coordinate plane. We used wg = 3.0 and o?Vy = 2.25 in (4.8a), and ap =
90, by = 50 in (4.8b). The conservative sector was then defined using the 95%
confidence interval for the prior distribution and is visualized in Figure 4.2. The
first simulation was run for initial condition ¢ = [1.2,0.1,0.1,0.1], with the
conservative sector formulation. The closed-loop measurements were then sorted,
and weighted according to (4.6). The weighted data set was then used to train
the wBLR model, using the equations (4.10). A 95% confidence interval for the
posterior distribution of w (4.11a), resulted in the following upper bound, & = 2.63,
and lower bound, [ = 1.39, for the learned sector. The learned sector is visualized
in Figure 4.2. For the next 20 simulations, the MPC algorithm was tested with two

=== ki

learned sector

conservative sector

° measurements

ot

—-15 =10 —0.5 0.0 0.5 1.0 1.

Figure 4.2: A conservative (blue) and a learned (orange) sector bound on the nonlinear
function, v(z).

versions of the sector, namely
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Figure 4.3: Simulation results generated using (1) a conservative sector (blue), (2) a sector
learned offline (orange).

1. the conservative sector, as defined above

2. the sector learned offline with data from the first simulation

The optimization problem (4.32)-(4.33) was solved using CVXOPT in Python
[85]. We tested 20 different initial conditions in a region around o = [1.2,0, 0, 0],

according to
Tio=mio+[-6,8], i=1,...,4 (4.39)

with § = 0.2. The simulation results for when both sectors were feasible in
closed-loop are plotted in Figure 4.3 and 4.4. In order to compare the closed-loop
performance, we calculated the closed-loop cost according to

ksim
¢ =} Qui + uf Ruy, (4.40)
k=1

resembling (4.14), but summed over the simulation length denoted by the time
index kgim. Using the conservative sector, fewer of the initial conditions rendered
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Figure 4.4: Control inputs using a conservative (blue) and a learned (orange) sector bound
on the nonlinear function, v(z).

feasible optimization problems due to a more conservative sector bound in Theorem
5. Table 4.1 shows the mean of (4.40) for all simulations where both versions of
the sectors were feasible, and in addition the total number of feasible simulations.

Table 4.1: Comparison of closed-loop performance

MPC scheme w/ Omean  INum. of feasible simulations
(1) Conservative sector 171.97 10
(2) Learned sector 156.55 20

For the proposed control design, optimization is performed at every time step in
order to recalculate K. Because the resulting optimization problem is convex, this
can be solved very efficiently. For high-frequency systems, optimization may also
be done at a lower frequency than control, maintaining stability but with a small
performance loss in between updates of K.

Simulations verify that the proposed design can be used for robust control of linear
systems with sector-bounded uncertainties, where the sector bound is not initially
known. The stochastic sector allows for a conservative initial formulation, based on
the best guess on the uncertainty. By exploiting available closed-loop measurements,
the uncertainty of the initial, stochastic sector can be reduced, resulting in a smaller
sector bound. For the smaller sector, the quadratic cost of the input and state is
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reduced, and the feasible region of the optimization problem is enlarged.

4.6 Conclusion

In this chapter, we have shown how measurements in closed-loop can be used to
define a stochastic sector condition, for robust control of linear systems with sector-
bounded nonlinearities. A wBLR model is trained with closed-loop measurements
of the nonlinearity and used to reduce the conservativeness of the robust controller.
The proposed MPC design is tested in simulations of a flexible link robotic arm.
Comparing the closed-loop performance for a conservative sector with a sector that
incorporates learning, shows that the latter reduces the quadratic cost of the state
and input over the simulation length, and results in an enlarged feasible region for
the control optimization problem. The approach is currently limited to systems
without disturbances and with a certain constraint formulation.
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Introduction

RL is a powerful tool for tackling MDPs without depending on a model of the
system. RL has recently drawn increasing attention due to its accomplishments for
robotics and games, see e.g. [4] and [2], using NNs as function approximators to
capture the policy and potentially also the value functions. As the policies are based
on NN, analyzing the resulting closed-loop behavior is difficult.

The term safe RL is used to describe efforts made to learn policies that optimize
performance while ensuring reasonable system performance and/or respecting
safety constraints during learning and/or deployment. An extensive survey of these
methods is detailed in [86]. Safety filters have also been considered for learning-
based controllers in general, including policies learned with RL, based on e.g.
invariance-based approaches [87] and stochastic MPC as in [88].

RL can also be exploited as a tool to improve the performance of an MPC scheme.
MPC schemes are often a rough approximation of the true (possibly stochastic)
optimal control problem due to the finite horizon, simplified models, and neg-
lected stochastic disturbances. In [21], the authors suggest using parameterized
MPC schemes as a function approximator of the policy and value function in RL.
Parameterizing the MPC problem allows RL to improve the policy as data is ac-
quired while maintaining an MPC structure, which offers rich tools to analyze
the resulting closed-loop behavior. In the following, we will refer to MPC as a
function approximator in RL, because we can use the parameterized MPC scheme
to capture the policy or value function of an MDP. An alternative understanding of
this combination of MPC and RL is that we use RL to tune the parameters of the
MPC towards the optimal policy dictated by the RL performance measure, which
in turn is defined by the given cost function.

Bayesian optimization has to some extent also been considered for adjusting the
parameterization of optimal control problems, such as for unconstrained optimal
control in [89], and for constrained optimal control in [90], where the parameters of
a linear prediction model were learned for a system where the true dynamics were
potentially nonlinear. Automatic tuning of the cost function was also considered in
[91], specifically for controllers based on convex optimization problems.

Another approach to learning the parameterization of an optimal control problem is
using inverse optimal control to learn from demonstrations. For most applications
of inverse optimal control, the underlying model is assumed known and the aim is
to infer the parameters of the underlying cost, typically assumed to be a quadratic
cost with unknown weights. Moreover, it is assumed that the demonstrations are
solutions to the optimal control problem. To account for potential suboptimal
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execution and noisy data, the optimality conditions are relaxed. This approach was
demonstrated for linear system dynamics in e.g. [92] and for nonlinear systems in
e.g. [93].

In this part of the thesis, we will focus on the framework where MPC is used as a
function approximator in RL, which also extends to a more general type of MPC
scheme, namely economic MPC (EMPC). In the preceding part of the thesis, we
have considered tracking MPC schemes, with quadratic cost functions, defined by a
squared distance measure from the predicted state and input to the reference state
and input. Unlike tracking MPC, EMPC is characterized by generic cost functions,
that typically represent economic or performance-oriented objectives, addressing
the energy, time, or financial cost of running a system. Because the stage cost is not
necessarily positive definite, stability analysis established for tracking MPC cannot
be used directly. Dissipativity is a fundamental tool that can be used to address the
stability of EMPC schemes with not necessarily positive definite stage costs [94].

In Chapter 5 we apply dissipativity theory, in order to design cost parameterizations
that are stable by design, which can be learned using value-based RL methods. In
Chapter 6 we address the lack of guarantees provided for value-based methods, in
terms of obtaining the optimal policy, and propose using a combination of value-
based and policy gradient-based methods. A combination of methods allows us to
learn both the optimal value function as well as the optimal policy. The proposed
combination of methods also extends to a second-order approach, for which we
achieve a faster learning rate than using either value-based or policy gradient-based
second-order methods on their own.

For the selected framework, we are learning from interactions with closed-loop
systems, and efficient learning depends on efficient methods for exploration. In
Chapter 7, we propose an exploration scheme based on an uncertainty measure of
the MPC-based value function approximation.

The work presented in the following chapters is implemented in Python, using
CasADI to formulate the MPC problem [95], and solving them with the IPOPT
solver [96]. The general problem descriptions follow the notation used to describe
MDPs as in Section 2.2, which will also result in some notational differences in
this part of the thesis compared to the previous. In the following chapters, s and
a are used to denote the true state and input, whereas x and u are used to denote
the predicted state and input respectively. Moreover, we no longer use the notation
T4k to describe that 2 is predicted ¢ steps ahead from time & when the state was
sampled, but use the simplified notation x;. Finally, we use the RL methods as
outlined in 2.3.



Chapter 5

Cost modifications for
learning-based MPC

It has recently been shown that adapting not only the MPC model but also its
cost function is conducive to achieving optimal closed-loop performance when an
accurate model cannot be provided. In the learning context, this modification can be
performed via parametrizing the MPC cost and adjusting the parameters via e.g. RL.
In this framework, simple functions used as cost modifications can be effective, but
the underlying theory suggests that rich functions in principle can be useful. In this
chapter, we propose such a cost modification using a class of NNs that preserves
convexity. This choice avoids creating difficulties when solving the MPC problem
via sensitivity-based solvers. In addition, this choice of cost parametrization ensures
nominal stability of the resulting MPC scheme. Moreover, we detail how this choice
can be applied to EMPC problems where the cost function is generic and therefore
does not necessarily fulfill any specific property. The following chapter is based on
the work in [25].

5.1 Introduction

One approach to learning-based MPC is using cost modifications to handle model
imperfection. In [21], it was proved that an MPC scheme can deliver the optimal
policy for a system, even if the model in the MPC is inaccurate. This can be achieved
under some fairly mild conditions via modifications of the cost of the MPC scheme,
which compensates for model inaccuracy. This idea can be applied in practice by
parametrizing the MPC cost and constraints and using learning techniques to adapt
the parameters. In that context, RL has been extensively investigated as a learning
tool for tuning the cost, constraints and MPC model, see e.g. [22], [97], [98], [99].

67
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The idea of compensating model inaccuracy with cost modifications, has success-
fully been tested in [21], [100], [101], using fairly simple parametrizations of
the cost. However, the theory underlying this result suggests that in principle the
cost parametrization should be rich i.e. using universal function approximators.
Rich parametrizations of the cost in the context of economic nonlinear MPC (EN-
MPC) were first considered in [46]. In this chapter, we elaborate on this early
investigation and propose a more complete framework to provide such a rich para-
metrization. More specifically, we propose to use a class of NNs that preserve
convexity. This choice has two important benefits. First, ensuring convexity of the
MPC cost alleviates the difficulties inherent to solving MPC schemes numerically
using sensitivity-based solvers. Second, the stage cost in the MPC scheme must
be lower-bounded by a /C.-function to ensure stability. A convex function can be
designed to satisfy this lower bound, and in turn, ensures nominal stability of the
resulting MPC scheme.

In this chapter, we will apply the framework of convex cost modifications to
ENMPC problems. ENMPC is concerned with optimizing performance rather than
penalizing deviations from a given reference. This means that the cost function not
necessarily can be lower-bounded by a K -function [33]. Dissipativity theory is a
fundamental tool in order to understand the closed-loop stability of ENMPC. For
dissipative problems, there exist corresponding tracking MPC schemes that yield
the same policy as the ENMPC scheme. As tracking MPC schemes typically use
quadratic cost functions, they intrinsically satisfy the lower bound. The dissipativity
of a problem is verified through the existence of a storage function that satisfies
the dissipativity inequality [102]. Finding a valid storage function for the general
problem is hard, but may be captured using RL techniques as suggested in [21] and
justified in [103]. As we are focusing on economic problems, we use deterministic
systems as proof of concept, for which general dissipativity theory is valid.

Even for dissipative problems, the ideal modified stage cost may not be convex.
This means that enforcing convexity as a means to ensure stability, may impose
limitations on the learned cost function. In [104], the authors showed that for a
dissipative problem, a tracking MPC with a quadratic stage cost is locally equivalent
to ENMPC. In other words, a convex cost approximation is at least valid locally.

The main contribution of the chapter is the introduction of convex NNs as cost
modifications in MPC schemes with imperfect prediction models. Using the MPC
scheme as a function approximator for the value function and the policy, we will
use RL to adjust the cost parameters, including the NN weights, in pursuance of the
optimal economic policy. The second contribution of the chapter is the combination
of RL methods for when neither value-based nor policy-based RL methods alone
are sufficient. We let one simulation example serve as a proof of concept, and then



5.2. Background and problem statement 69

consider a second simulation example to benchmark the addition of convex cost
modifications against the standard quadratic cost parametrization.

5.2 Background and problem statement

In the following, we consider a special case of MDPs as outlined in Section 2.2,
defined by discrete-time, constrained dynamic systems of the form:

Skt1 = f(sksar), h(sg,ar) <0, (5.1)

where k denotes the discrete time step, s, € X C R” denotes the state and
ar € U C R™ denotes the input. The (possibly nonlinear) dynamics are defined
by f : R® x R™ — R™. The function h(s, ar) describes a mixed input-state
constraint. We propose how to formulate stable MPC schemes by parameterizing
the cost function, for an economic problem where the stage cost L : X x U — R is

indefinite, using a (potentially) inaccurate model of the system, f.
5.2.1 Economic NMPC

The following section will describe the ENMPC formulation and recall dissipativity
theory as a tool to analyze stability. The following standard assumptions for
ENMPC are used in the rest of the chapter. The set of states s € X and inputs
a € U define the set of feasible state-input pairs as follows

Z=A{(s,a) e XxU| f(s,a) € X, h(s,a) <0}, (5.2)
for which we need the following assumption.
Assumption 6. (Properties of constraint sets) The set 7. is compact and non-empty.

Assumption 7. (Continuity of cost and system) The functions f(-) and L(-) are
continuous on 7.

The optimal steady state pair (s, a.) is defined as follows:

(Sesae) = argmin{L(s,a) | s = f(s,a)}. (5.3)
(s,0)€Z

We define a shifted stage cost as:
0(s,a) = L(s,a) — L(Se, ae), 5.4

so that £(se, a.) = 0.
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Let 7 denote a deterministic policy, that maps from a state to an action, 7 : R" —
R™. The optimal policy 7* is then given by the solution to the following infinite-
horizon problem

V*(s) =min Y l(xj,7(x))) (5.52)
7=0

s.t. Vj e ]120 1 To = S, (5.5b)

£IZj+1 = f(ﬂ?j,Tr(LEj)), (550)

By, m(2)) <0, (5.54)

where z; denotes the predicted state, not to be confused with the true state sy, so
that (a:j);?‘;l is the predicted state trajectory for the system starting at some initial
state xo = s, subject to policy . The optimal action-value function is defined as
follows

Q*(s,a) = L(s,a) + V*(f(s,a)). (5.6)

The action-value function and the value function are related through the underlying
Bellman equations [32]

T(s) = arg main Q*(s,a), V*(s) = main Q*(s,a). (5.7)

5.2.2 Strict dissipativity

A generic economic stage cost can make it challenging to establish the stability of
the closed-loop system. Satisfaction of the dissipativity conditions entails that the
ENMPC scheme can be recast as a tracking MPC scheme, for which closed-loop
stability properties are straightforward to prove [102]. Next, we define the concept
of strict dissipativity.

Definition 11. (Strict dissipativity) The system (5.1) with stage cost L(-) is strictly
dissipative if there exists a storage fuction \ : X — R satisfying

A(f(s,a)) = Als) < =p(lls = sell) + £(s, a), (5.8)
where p € K, and ||-|| denotes the Euclidean norm.

Assumption 8. (Strict dissipativity) The system (5.1) is strictly dissipative.

For the storage function, we make the following assumption.

Assumption 9. (Continuity of storage function) The storage function \(-) is con-
tinuous on 7.
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Without loss of generality, we can add a constant to the storage function, in order
to ensure that \(s.) = 0, without invalidating inequality (5.8). If A exists, we can
define the rotated stage cost as

U(s,a) = £(s,a) + A(s) — A(f(s,a)). (5.9
Combining (5.8) and (5.9) then yields
p(l|s — sel]) < l(s,a), £(se,ae) =0. (5.10)

For a strictly dissipative problem, the ENMPC scheme is equal to a tracking MPC,
using the rotated stage cost /. As the rotated stage cost is zero at the optimal steady
state and lower-bounded by a /C.-function, the closed-loop system is stable [33].
The corresponding tracking MPC is formulated as

V*(s) :mﬂin —A(s) + ZZ(:L'J‘,W(Z‘]‘)) (5.11a)
j=0
st (5.5b), (5.5d). (5.11b)

To formulate the finite-horizon MPC, we introduce the finite-horizon stage cost, @
and add a terminal cost, according to

N-1

V*(s) = mln =)+ T'(zn) + Z Oz, u;) (5.12a)
7=0

st Vjelpn_1:20=S5, (5.12b)

Tj+1 = f($j>uj)> (5120)

h(l‘j,u]') < 0, (512(1)

Ty € Xy, (5.12e)

where [V is the horizon length, 7" : Xy — R is a penalty on the terminal state and X ¢
is a compact terminal region containing the steady state operating point in its interior.
The resulting input sequence is u = {ug,...,un—_1}, and z = {xg,...,zN} is the
corresponding state trajectory. Note that we use ¢ to denote the finite-horizon stage
cost, to clearly distinguish it from the infinite-horizon stage cost /, as these may not
be the same. The stage cost ¢ must be selected such that it satisfies a lower bound as
defined for / in (5.10). For the terminal cost, we make the following assumptions.

Assumption 10. (Continuity of terminal cost) The terminal cost T'(+) is continuous
on Xy.
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Assumption 11. (Stability assumption) There exists a compact terminal region
Xy € X containing the point s. in its interior, and terminal control law kg : Xy —
U such that

T(f(s,54(5)) = T(s) < ~L(s, 4 (s)), (5.13)
Vs € Xy and (s,kf(s)) € Z. Moreover, T(s.) = 0and T'(s) > 0Vs € Xy \ {sc}.

Remark 9. This assumption requires that for each s € Xy, f(sg,k¢(s)) € Xy,
i.e. the set Xy is control invariant, i.e. the set is invariant under the control law

a = kyf(s).

Assumption 11 is a standard assumption used with the purpose of analyzing the
stability of the resulting closed-loop system.

Theorem 6. Let Assumptions 6 - 11 hold. Then the steady state solution s, is an
asymptotically stable equilibrium point of the system (5.1) using input a where
a = ujy and uj) is the first element in the optimal solution to (5.12).

Proof. Note that the term —\(s) does not affect the optimal solution in (5.12), but
shapes the action-value and value function. The rest of the proof is a standard result
and can be found in e.g. [33]. ]

5.2.3 Parameterized tracking MPC

We propose to use a finite-horizon MPC problem to approximate the value function
(5.5), where the cost function is parameterized with parameters 6, according to

N-1
Vo(s) = I?lun —Xo(s) + Ty(zn) + Z @g(xj, u;j) (5.14a)
’ =0
st.Vjelpy_1:x9=2s5, (5.14b)
xj—',—l = f(CCj7 Uj), (514C)
h(.Ij,Uj) < 0, (514d)
oy € X;, (5.14¢)

where f (x,u;) is a potentially inaccurate prediction model. The resulting policy
is given by the first element in the input sequence

o (s) = ug(s, 0), (5.15)

where @*(s, ) is the optimal solution to (5.14). Using the MPC scheme as a
function approximator, entails using RL to update the parameters ¢ in order to
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shape the value function estimate (5.14) and improve the policy (5.15). For stable
economic problems, using rich parametrizations for the cost function enables the
MPC scheme to deliver the optimal policy even with an inaccurate prediction model.
This is stated in Theorem 1 in [21]. The following assumption is needed to ensure
the nominal stability of the closed-loop system.

Assumption 12. The stage cost ly(s, a) satisfies
plls = sell) < lo(s, ), Lo(se,ac) =0, (5.16)

where the optimal steady state pair (s., a.) may be part of the parametrization 6.

Because the MPC scheme in (5.14) may use an inaccurate prediction model, we
propose to parameterize the steady state. This is not a new idea, but closely
resembles an approach the real-time optimization (RTO) community refers to as
modifier adaptation, see e.g. [105]. Our case differs in that we use RL to adjust the
modifiers, or as we call them, parameters.

We note that as long as the MPC scheme is using an inaccurate prediction model
f (s,a), we can only guarantee nominal stability of the resulting closed-loop system,
i.e. stability with respect to the MPC model. In order to guarantee the stability of
the true system, we would have to apply robust techniques. Robust techniques for
MPC with RL, are treated in [97]. The authors in [97] describe a robust technique
for MPC that uses a nominal prediction model. A tube-based approach considers the
system stochasticity and the model uncertainties and is used to perform a suitable
tightening of the constraints. Because we are considering economic MPC problems,
re-cast as tracking MPC schemes, the techniques from [97] directly extend to the
proposed parameterized MPC scheme. For the sake of brevity, we have not treated
robust techniques further in this chapter.

Remark 10. The easiest way to ensure (nominal) stability of (5.14) is to use the
so-called zero terminal equality i.e. Xy = {s.}, for which the terminal cost can
be omitted. However, this is very restrictive and may yield feasibility issues. The
terminal constraint may also be defined using an inequality constraint defined
by a terminal region. For the standard quadratic stage and terminal cost, the
terminal region can be approximated. For more generic stage and terminal cost
approximations, the terminal region may be hard to find. However, in practice, we
may use a general positive definite terminal cost, or select N "large enough" and
ensure stability without terminal constraint and terminal cost [38].

Proposition 1. The parameterized MPC scheme in (5.14), with a stage cost sat-
isfying Assumption 12, using either a stabilizing terminal cost, i.e. satisfying
Assumption 11, with terminal constraints or a general positive definite terminal
cost and a long enough horizon N, will be stabilizing for any parameterization 0.
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Proof. This is a standard result, and proofs are given in e.g. [33] and [38]. O

5.3 Convex cost parametrizations

For proving nominal closed-loop stability of the MPC scheme, the stage cost must
be lower-bounded by a K -function. A generic cost function lower-bounded by a
K oo-function is illustrated in Figure 5.1.

Figure 5.1: Generic cost function (green) lower-bounded by a IC.-function (blue), with a
quadratic approximation (dashed green).

The Ko lower bound in principle entails no restrictions regarding the convexity of
the cost function. On the other hand, convexity may be selected as a tool to show
that the same lower bound holds. The first reason for selecting convexity is that we
are able to describe and therefore parameterize generic convex functions. Second,
it is easier to handle convex functions in the MPC scheme. Moreover, a strictly
convex function will satisfy the X, lower bound by enforcing its global minimum
to be zero at zero and the function to be radially unbounded.

For ENMPC schemes that are locally stabilizing, it can be shown that the modified
stage cost obtained using dissipativity theory, is locally quadratic [104]. The
quadratic approximation of the stage cost is also illustrated in Figure 5.1. In
fact, the local quadratic approximation of the cost can be computed by solving a
semi-definite program (SDP) [104]. As convex functions also describe quadratic
functions, we can establish that the choice of a convex stage cost is at least valid
locally.
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5.3.1 Stage cost

In order to satisfy strict dissipativity as stated in Assumption 8, the approximated
stage cost must satisfy the lower bound from Assumption 12 and continuity from
Assumption 7. Without loss of generality, we let (s4, a.) = (0,0) so that £(0,0) =
0. The following lemma lists the function requirements for the stage cost.

Lemma 3. Let p(s,a) : R" x R™ — R be a strictly convex function. If the
minimum of the function is p(0,0) = 0, and p(s,a) is radially unbounded with
respect to s, i.e. p(s,a) — oo as s — oo, then p(||s||) < p(s, a) for some p € Kuo.

Proof. If the function is strictly convex, it will only have one global minimum.
If this is at p(0,0) = 0, it means that ¥(s,a) # (0,0) p(s,a) > 0, so that
p(s,a) > B(||s||), where B € K. Because p(s,a) is radially unbounded with
respect to s, we can also state that p(s, a) > p(||s]|), where p € K. O

5.3.2 Terminal cost

The terminal cost must satisfy continuity from Assumption 10 and Assumption 11.
The latter assumption may be relaxed, as outlined in Remark 10.

5.3.3 Storage function

The storage function must satisfy continuity from Assumption 9, and zero at the
optimal state, A\(se) = 0, as a result of (5.9).

5.4 NNs for cost modification

NNs are known to be universal function approximators. Consequently, a mul-
tilayered NN can represent any continuous function under mild assumptions, see
e.g. [45]. More uniquely, NNs have successfully been applied to high-dimensional
problems, for which traditional approximation methods tend to perform poorly. We
propose to combine NNs with quadratic functions to parameterize the cost. The
quadratic function is a good initial guess as we know it is locally valid and we know
how to compute it [104]. NNs are then added as an attempt to capture everything
beyond the locally valid quadratic function.

In this section, we will describe both regular NNs as well as convex NNs, and how
these can be combined with quadratic functions to provide nominal stability of the
MPC scheme by construction.
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5.4.1 Regular neural networks

A (not necessarily convex) feedforward neural network (FNN) with F' layers, for
which¢ =0,...,F — 1, can be formulated as

Zig1 = O'i(WiZZ' + bl>, ’U(S) = ZF, (5.17)

where zy = s is the network input, z; € R%*! denotes the hidden state of layer i,
241 € R%+1%1 denotes the hidden state of the next layer so that TV is a matrix
of size R%+1*% containing the weights of layer i and b; € R%+1*! are bias terms.
The nonlinear activation function used in layer ¢ is denoted by o; and operates
element-wise.

An FNN will be used to modify the parametrization of the storage function. From
[104] we know that locally a quadratic storage function is sufficient to show strict
dissipativity. We therefore combine the quadratic function with an FNN, according
to

/\9(3) = UG(S) +‘9Ao + (S_GSe)TD(e)(S_986)7 (5.18)

where vy(s) is the FNN as defined in (5.17), 6, is the parameterized steady state,
05, is a parameter that will be tuned so that Ag(6s,) = 0 and D(0) is a matrix with
entries from the parameter vector 6. All NN weights W._1 and bias terms bgy. p—1
are part of the parameter vector 6.

The terminal cost is typically modeled with a quadratic function, and here combined
with an FNN

To(s) = vg(s)> + 01, + (s — 05,) (B(O) " B(O) +el)(s —0,,),  (5.19)

where B(#) is a parameter matrix, and 7, is tuned to shift 7p(6s,) to zero. We use
B(0) " B(0) + eI, where e is a small positive constant, to ensure that the quadratic
term is positive definite. For this reason we also square the output from the FNN.

Remark 11. In (5.19) the terminal cost is modelled with an FNN that does not
preserve convexity. To ensure nominal stability the terminal cost should be at least
positive definite. However, for optimization reasons, it may be beneficial to model
also the terminal cost using a convex NN, as detailed next.

5.4.2 Convex neural networks

In order to build stable MPC schemes, the parameterized stage cost must satisfy
Assumption 12. Making general FNNs respect the lower bound, would entail
constraining the majority of the network’s weights, giving an in practice intractable
optimization problem for most applications. Instead, we select convex NNs to
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Figure 5.2: Input convex neural network.

parameterize the stage cost. In addition to the stability argument, a convex cost
function is expected to alleviate difficulties when using sensitivity-based solvers.
This section outlines how convex NNs can be adapted so that Assumption 12 is
satisfied.

In recent years, several convex NN architectures have been developed. Using convex
NN as cost modifications in MPC has, to the best of the authors’ knowledge, not
been done before. We consider a class of fully input convex neural networks
(ICNNps) first proposed in [106]. It was proven in [107] that ICNNSs are universal
approximators of convex Lipschitz functions. Alternative convex NN architectures
exist, as described in e.g. [108], that are richer function approximators than ICNNss,
but usually require a larger number of parameters. The specific type of ICNN
is selected because it offers a simpler parametrization and training process, and
requires fewer parameters.

Lety = {s,a}. An ICNN with F' layers as described in [106], for which i =
0,...,F — 1, can be formulated as

Ziy1 = Ui(Wi(Z)Zi + Wi(y)y +b:), 9(y) = 2r, (5.20)

where ¢g(y) denotes the output of the ICNN. The ICNN is similar to the FNN in
(5.17), with the exception of the additional input weights VVi(y) € Re+1x(ntm)
and the input to the ICNN y € R("+™)*1 that here enters every hidden layer
and the output layer. Also, the ICNN requires the activation o; to be a convex
and non-decreasing nonlinear activation function. An example of this is given in
Section 5.4.3. For the input layer, we have that Wéz) = 0 and zp = 0. The network
is visualized in Figure 5.2.

Proposition 2. The function g is convex in y provided that all terms in Wl(f}_l are

non-negative, and all functions o; are convex and non-decreasing.
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Proof. This is straightforward to prove, using the fact that non-negative sums of
convex functions are also convex and that the composition of a convex and convex
non-decreasing function is convex [109]. ]

By limiting all weights Wl(zzgll to be non-negative, the function g(y) will be a
convex function with respect to its input. We model the stage cost as

lo(y) = go(y) + Ou, + (y — 0) T (M(0) "M (0) + €I)(y — b), (5.21)

where 0y, is a dedicated parameter used to shift @9 (0.) to zero and 6, contains the
parameterized steady state, i.e. 6, = (s, , 0., ). Moreover, we use M (6) " M (6) +
el to ensure that the quadratic term is positive definite. The quadratic term will
ensure that for a (not necessarily strictly) convex function, 6, will be the only global
minimum. The quadratic term will also ensure that the resulting function is radially
unbounded with respect to s. In addition to the function being convex, we also need
the global minimum of the function to be zero at steady state, i.e.

lo(6.) =0, V,lp(8) = 0. (5.22)

This is satisfied by construction as the parameters are updated. Next, we will
formally establish that the stage cost is lower-bounded by a K-function. As a
result, the parameterized MPC scheme ensures nominal stability by construction.

Theorem 7. Let (5.22) hold for g@(s, a) modelled as in (5.21). Then the parameter-
ized stage cost (5.21) satisfies

A~

p|ls = 0s.1]) < lo(s,a),  Lo(8s,.00.) = 0. (5.23)

Proof. The ICNN term, go(y)+6;,, and the quadratic term, (y—6.) " (M ()T M ()
+ €l))(y — 6), are both convex functions. The addition of the quadratic term
ensures that the stage cost becomes strictly convex, so that it will have at most one
global minimum. The quadratic term also ensures that the cost will be radially
unbounded. Because (5.22) holds, the only global minimum will be at (6s_, 0, ),
and consequently the stage cost satisfies Lemma 3, and @g(ﬁseﬂae) =0. O

5.4.3 Choice of activation functions

Convexity of the ICNN is dictated by Proposition 2, which requires convex and non-
decreasing activation functions. By selecting a smoothed version of the rectified
linear unit (ReLU), such as the softplus function, the specified convexity properties
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are ensured. The fact that this function is also continuously differentiable, may ease
optimization of the MPC problem. The softplus function is given by

o(x) =1In(1 + exp(z)). (5.24)

For the cost terms modelled by the FNNs, we have no limitations on the choice
of activation functions, except the requirement on continuity. As stated in Section
5.2.1, all cost terms should be continuous functions. For the NN-based cost terms
this is dictated by the choice of activation function, and this is satisfied for all the
most popularly used activation functions.

5.5 RL for parameter updates

Finding a storage function that allows us to recast ENMPC as a stable tracking MPC
scheme, i.e. that satisfies the dissipation inequality, is generally difficult. Techniques
for finding the storage function include e.g. sum-of-squares programming for
polynomial dynamics and stage costs [110], or via techniques borrowed from
RL as in [21]. The latter approach allows one to build ENMPC schemes that are
optimal and whose stability is established by construction rather than by verification.
This framework also introduces the additional flexibility to tackle non-dissipative
problems. Indeed, for non-dissipative problems, the proposed framework can be
used to find a controller that as closely as possible resembles the optimal unstable
policy for the problem at hand. In this section, we will consider how RL can be
used to perform parameter updates of parameterized MPC schemes such that the
requirements outlined in Section 5.4, are ensured.

In the following, we propose to use Q-learning to update the parameters of the
parameters in the MPC scheme, as outlined in Section 2.3.1, modified to an un-
discounted setting by specifying v = 1. However, there are no guarantees that
Q-learning will converge to the optimal policy, and for certain shapes of Q-functions,
it can be challenging to capture the optimal policy, even with an almost correct
Q-function estimate. In this scenario, policy-based methods such as deterministic
policy gradient methods may be more suited, as outlined in Section 2.3.2.

5.5.1 Constrained RL steps

In order to ensure the convexity of the ICNN, we need to perform constrained RL
steps so that selected weights in the network stay non-negative. This applies to the
hidden state weights Wff}fl in (5.20). We also use the constrained RL update to
ensure that the NNs used in the stage cost, terminal cost, and storage function, are
zero at steady state and to ensure that the global minimum of the stage cost is zero
at steady state i.e. that (5.22) holds.

Let d denote the proposed step by RL at time step k&, using e.g. Q-learning or a
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deterministic policy gradient method. We can then define the following optimization
problem to constrain d so that the parameter update respects the constraints as
detailed above

1
min |AG)* —dTAG (5.25a)
st. wi+A0; >0 for i=1,..r, (5.25b)
09y, (Org1.e) = 0, (5.25¢)
Vyloy,, (Orr1,e) =0, (5.25d)

A1 (Orr1,s,) =0, (5.25¢)

Ty (Okt1,5.) =0, (5.256)

where Af = 60,1 — 0% is the constrained update of the entire parameter vector
and w; are the constrained elements in the ICNN weight matrices Wl(zgll The r
constrained weights w; are also part of the parameter vector 6, and we have that
w; = 0; .. It can be shown that if there exists a constrained parameter update Af
at k = 0 by solving the optimization problem (5.25), such that (5.25b)-(5.25f) are

satisfied, then there must exist a feasible solution A8 Vk > 0.

Remark 12. The constraints in (5.25) are not necessarily ensured at k = 0 for the
initial values of the parameters 0, even for NNs that are pre-trained to quadratic
functions. To guarantee that these constraints hold at k = 0, the constraints can be
enforced either during or after pre-training.

Lemma 4. If learning converges, the constrained parameter update found from
solving (5.25) will yield the true optimal parameters 0, i.e. the parameter values
that minimize the function with gradient step d.

Proof. Let ¥(0) denote the function that RL is trying to minimize, i.e. d =
—aV¥(0). We formulate the original optimization problem as

mein a¥(6) (5.26a)
st Z(0) =0, (5.26b)
() < 0, (5.26¢)

where Z and I are matrices that gather the equality and inequality constraints in
(5.25) respectively. For (5.26) the stationarity of the KKT conditions is given as

aVU(0) + ¢ 'VZ(0)+£TVI(0) =0, (5.27)
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where ¢ and £ are the multipliers associated with equality and inequality constraints,
respectively. The stationarity of the KKT conditions for (5.25) are

AG—d+¢"VZ(O+ A+ V(6 + AF) = 0. (5.28)

As learning converges, Af ~ 0. Using this, and the fact that d = —aV¥(6),
we see that we obtain the same expression for stationarity of the KKT conditions.
Note that one can also show that the primal/dual feasibility conditions and the
complementary slackness condition are the same. The two optimization problems
therefore share the same optimal values of 6. O]

5.6 Combining Q-learning and policy gradient methods

Policy-based methods have several advantages over value-based RL methods. First
and most important, these methods are more reliable when it comes to improving the
policy, as they are designed based on optimality of the closed-loop policy. Second,
certain types of policy-based methods are also known to be more sample-efficient
than Q-learning [39]. However, there may be parameters that the MPC policy
gradient will be insensitive to. Mathematically this entails that certain parameters
lie in the null space of the policy gradient.

This is especially relevant for rich parametrizations, as they contain more parameters.
Although certain parameters may not influence the optimal policy, we may still
want to update them, in order to e.g. capture the correct shape of the value and
action-value function. In this context we propose to embed Q-learning, as a measure
to handle the parameters that the MPC policy may not be sensitive to. As the Q-
function and the policy are jointly unique functions, the parameters should affect at
least one of these functions.

5.6.1 Null space method

For an ENMPC problem recast as a tracking MPC, policy gradient methods will not
be sufficient for tuning the cost parametrization, as the MPC policy is insensitive
to the storage function. Hence, we will use a policy gradient method and combine
it with Q-learning using a null space method. More specifically we aim at using
a policy gradient method to update parts of the parameters in order to converge
to the correct policy and perform Q-learning steps in the null space of the policy
gradient to shape the action-value function with the remaining parameters. For a
parametrization that is rich enough, the correct action-value function should be
captured without conflicting with the policy approximation. Whereas the use of
both Q-learning and policy gradient methods for adjusting a parameterized MPC
scheme is well established, we now introduce a new method for combining RL
algorithms.
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In order to formulate the null space of the policy gradient update, we consider an
approximation of the Hessian of the policy gradient, given by the Fisher information
matrix [111]:

V3 J (1) ~ B, [Vomo(s)Vormg(s) '] (5.29)

Alternatively, a more accurate approximation of the Hessian can be found in [112].
We then define the null space of Vg,] (mg) as gathered by the matrix N, such that
VgJ (m9)N = 0. The parameter update resulting from Q-learning (2.20) is then
projected to the null space of the policy gradient according to

AGY = NNTA)INT Abg, (5.30)

where - denotes the Moore-Penrose pseudo-inverse. The full parameter update
resulting from combining policy gradient and Q-learning is then given by

A = A0y + AGY, (5.31)
with Af; as defined in (2.22).

5.7 Numerical examples

In this section, we propose two numerical examples to illustrate the proposed
method. The first example is a seemingly simple case of an economic LQR, i.e. an
LQR with weighting matrices that are not positive definite. The example becomes
challenging because of the shape of the action-value function that calls for a combin-
ation of RL methods in order to capture both the correct policy and value function.
The second simulation example is a chemical reactor with nonlinear dynamics
and an economic cost function. The ENMPC scheme is recast as a tracking MPC
scheme, using a parameterized cost and storage function. We combine the convex
NN-based cost modifications and quadratic functions for all cost terms, ensuring
nominal stability of the MPC, and benchmark its performance against the standard
quadratic cost parametrization.

5.7.1 Economic LQR

We consider an economic LQR for a system with dynamics
Sk+1 = 0.1sg + ayg, (5.32)

and stage cost
L(s,a) = —s* 4+ 10a°. (5.33)

For the sake of satisfying Assumption 6, we introduce the following artificial
constraints
—100 < a <100, —100 < s <100. (5.34)
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Table 5.1: NNs for LQR example

Costterm NN Num. hidden Num. Pre-trained

class layers neurons
ly(s,a) ICNN 2 16, 16 4
lo(s,a)  FNN 2 16, 16 v
Ao($) FNN 2 16, 16 v
Ty(s) FNN 2 16, 16 X

For the set of states that never activate the constraints, we can solve the Riccati
equation for the discrete system, and obtain the optimal value function and policy.
For the dynamics (5.32) and stage cost (5.33) in the unconstrained case, the optimal
value function and policy is

V*(s) = —1.0113s%, 7*(s) = 0.0113s. (5.35)

In the first set of simulations, we will make a comparison of the ICNN and the
FNN. For this purpose, we will assume that both the true dynamics and the optimal
steady state pair are available. We formulate the following finite-horizon linear
MPC scheme

N-1
min — Ao(s) + Ty(xn) + Z(:) lo(xj,uj) (5.36a)
J:
s.t. Vj €llg.y_1:xg =5, (5.36b)
Tj+1 = O.]_{Ej +u; (5.360)
— 100 < z; <100, (5.36d)
— 100 < uy; <100, (5.36¢)

with prediction horizon N = 10. For this example, we used NNs to model all cost
terms in (5.36). In order to get suitable initial values of the weights, we pre-trained
the NNs to quadratic functions. This was done using Keras in Python [113]. The
architecture used to parameterize each cost term, is reproduced in Table 5.1. We
stress that this simulation example is mainly providing a proof of concept, and
therefore that the choices related to the architectures of the NNs have not been
optimized. System (5.32) is simulated from random initial conditions on the interval
[—1, 1], for episodes of length 10.

For this example, regular Q-learning manages to capture the Q-function fairly
accurately but struggles to capture the optimal policy. This is likely explained by
the shape of the Q-function, which turns out to be fairly insensitive to the policy,
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causing small errors in the Q-function to give large errors in the resulting policy.
This clearly illustrates a known weakness in Q-learning, and we therefore resort to
a combination of Q-learning and deterministic policy gradient methods using a null
space method as described in Section 5.6. The gradient of () w.r.t. the action needed
to formulate the deterministic policy gradient can be computed from data using a
range of algorithms. For convenience, we use the true Q-function to formulate the
gradient needed in (2.23), that is

Qrp(5,0) = —2* +10a* + (0.1z + a)*P, (5.37)

where P is the solution to the Riccati equation. The derivative with respect to the
action is then

VaQr,(s,a) = 0.2Pz 4 2(10 + P)a. (5.38)

Furthermore, we use gradient descent with learning rate o = 0.02 for both the
Q-learning and policy gradient update. A total of 2500 episodes were simulated
in order to update the parameters, yielding a total of 2.5 x 10* learning samples.
For the same hyperparameter values, we tested learning using both an ICNN and an
FNN to model the stage cost. Given the learned storage function, we are able to
obtain the rotated cost given by (5.9). This is plotted for the ICNN and the FNN in
Figure 5.3. Because the curvature is much larger in the action dimension, we have
adjusted the axes in order to highlight the curvature in s-direction.

Figure 5.3: Resulting rotated stage cost (5.9) when using an ICNN (green) and an FNN
(blue) to model the stage cost respectively.
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We see that with an FNN to model the stage cost, learning may fail to capture
a storage function such that we obtain a rotated stage cost lower-bounded by a
Koo-function. We note that for some of the simulations, using FNNs would also
produce rotated stage costs that were lower-bounded by a K.-function. However,
we saw that by using FNNs, we were not guaranteed to learn a stage cost that
satisfied the desired lower bound.

For the second set of simulations, we will demonstrate that MPC with the proposed
cost parametrization, successfully learns the optimal policy. For this demonstration,
we assume that both the true dynamics and the optimal steady state are unknown.
We used the following inaccurate prediction model in the MPC scheme:

Tjt1 = 0098IJ + ]_.02Uj (539)

We parameterized the steady state parameters and wrongly initialized the parameters
with 6. = (0.3,0.3). We ran a total of 2500 episodes of length 10, resulting in

Vo J (76) |2
10!
10()
1071
1072
107?
0 500 1000 1500 2000 2500
Episode

Figure 5.4: Policy gradient over episodes.

2.5 x 10 learning samples, using o = 0.01. In Figure 5.4 we have plotted the
evolution of the policy gradient over episodes. We note that this is noisy due to
random choices of initial conditions.

In Figure 5.5 we have plotted the approximation of the value function and the policy,
using the final updated values of the parameters. We see that the value function is
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Figure 5.5: Approximated value function and policy using only NNs to parameterize all
cost terms (blue). Optimal value function and policy for the unconstrained case (green,
dashed).

captured accurately, whereas the policy approximation has some inaccuracies. This
is likely improved by increasing the number of learning samples.

In Figure 5.6 we have plotted the evolution of the steady state parameters over
episodes. We see that the steady-state parameters converge very close to the optimal
steady state, namely (0s,,0,,) = (0,0).

5.7.2 ENMPC: Chemical reactor

The next simulation example has nonlinear dynamics and an economic stage cost,
and we expect a quadratic cost function to be valid only locally. It is therefore
suitable for testing the addition of NNs to a quadratic cost parametrization. We
consider a CSTR, with an economic cost as described in [114]. The CSTR describes
a non-isothermal reactor, where an exothermic reaction, converting reactant A to
product B, takes place. The dynamics are given as

. F
Ca= 37 (Cao = Ca) — ko ¥/H1CY (5.40a)

R
T=—(Ty—-T)— ——2e E/RTc2 , 1 5.40b
VR( 0 ) prCp A7 prCyVR ( )
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Figure 5.6: Evolution of steady state parameters.

where T' is the temperature in the reactor, C 4 is the concentration of the reactant A,
F'is the flow rate and q is the heat rate. The same quantities constitute the states
and inputs, i.e. s = [C'4,T] and a = [F, q] respectively. The additional parameters
are listed in Table 5.2. The inputs are constrained according to

0, -2 x 10°] < a < [10,2 x 10°]. (5.41)
The economic cost is
L =—-wF(Cyo— Cy)+ By, (5.42)

where w = 1.7 x 10% and 3 = 1 so that the production rate and energy consumption
will be balanced. To get the dynamics on the form of (5.1), the equations in (5.40)
were discretized using the Euler method with a step size of 0.02 hours. According
to (5.3), the optimal steady state of the system is

se = [0.7572,497.71], a. = [10,1.38557 x 10°]. (5.43)
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Table 5.2: CSTR parameter definitions and values

Symbol Description Value

Cao Feed concentration of A 3.5 kmol /m?

To Feedstock temperature 300 K

Vr Reactor fluid volume 1.0 m3

E Activation energy 5.04 x 10* kJ/kmol
ko Pre-exponential rate factor  8.46 x 10° m*® /kmolh
AH reaction enthalpy change —1.16 x 10* kJ/kmol
Cp Heat capacity 0.231 kJ/kgK

PR Density 1000 kg/m?

R Gas constant 8.314 kJ/kmolK

We assume that we only have an inaccurate prediction model available, which we
define by introducing the following errors in the dynamics described by (5.40):

: F
Ca= 0.85V—(CA0 — 0.85C) — 1.2kge F/ROBT 2 (5.44a)
R
~ F 1.2AH

7= 0851 (1y — 7) — 122K —5/R00sT 2
" nCo 5.44b
0.8¢ (5.44b)

.

pRCpVR

The MPC scheme is formulated with the inaccurate prediction model and a para-
meterized cost according to

N—
mln —Xo(s) +Ty(zn) + Z o(xj,uy) (5.452a)
st.Vjelpyot:zg=s, (5.45b)
zjr1 = flzj,u5), (5.45¢)
h(uj) <0, (5.45d)

with a prediction horizon of N = 10, where f (x,u;) is the discretized version of
(5.44). The stage and terminal cost were modelled with quadratic functions and
convex cost modifications as in (5.21), whereas for the storage function, we used a
quadratic function and an FNN as in (5.18). Because the true model is unknown,
we also parameterized the steady state. The steady state parameters were initialized
with values found by evaluating (5.3) for the inaccurate prediction model described
by (5.44). The architecture for each NN is specified in Table 5.3. The quadratic
terms were initialized with M () = I .1, B(0) = I,, D(0) = 10 x I,,, where |
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Table 5.3: NNs for CSTR example

Costterm NN Num. hidden Num. Pre-trained

class layers neurons
lo(s,a) ICNN 2 16, 16 X
Ao(s) FNN 2 16, 16 X
Ty(s) ICNN 2 16, 16 X

is the identity matrix of dimension given by the subscript. The NN weights and
bias terms were initialized to small, random numbers. All parameters were updated
with Q-learning. Because the combination of quadratic functions and NNs will
introduce many parameters, that may also differ by orders of magnitude, we used
Adam optimization for updating the parameters. Adam optimization differs from
gradient descent by computing individual learning rates for each parameter. The
hyperparameters typically require little tuning, and we used standard values, see
[115]. Because the states and inputs span different orders of magnitude, we used
input normalization to force the NN input variables into the range [0, 1]. Input
normalization used correctly is known to reduce estimation errors as well as speed
up convergence, see for instance [116].

The closed-loop system was first simulated with quadratic cost terms, i.e. we
parameterize the cost with only the quadratic terms in (5.18), (5.19) and (5.21). We
simulated for 1000 episodes of length 60, with a learning rate of « = 1 x 1073,
until performance converged. The evolution of the quadratic parameters over the
episodes is plotted in Figure 5.7. The result from the first 1000 episodes was used
as a benchmark for the rich cost parameterization.

The rich cost parametrization was obtained by adding NNs to the already trained
quadratic cost terms after 1000 episodes. We then continued learning for 500 more
episodes of shorter length, as we were mainly hoping to improve performance in the
transients. The closed-loop performance during learning is plotted for all episodes
in Figure 5.8. We note that, as for the previous simulation example, this plot is
noisy due to the random choice of initial conditions. The closed-loop performance
initially worsens, before improving using the quadratic cost parameterization. After
1000 episodes we see that introducing the NN creates a new peak in performance,
followed by a new decrease in J(7p) i.e. an improvement in performance. We
conjecture that the two peaks in performance stem from the fact that the reference
state and input are parameterized, in combination with the system’s states and inputs
not being scaled, resulting in a less smooth learning process.

In order to further evaluate the performance of each cost parametrization, we
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Figure 5.7: Evolution of the quadratic parameters during the first 1000 episodes.
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Figure 5.8: Closed-loop performance during learning of the quadratic parameters (0-1000
episodes), and of the quadratic and NN parameters (after 1000 episodes).

have also compared their performance in closed-loop using the final values of
the updated parameters. In order to show that the learned controller is robust to
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Figure 5.9: Closed-loop performance of controllers using the learned cost parameters of
the quadratic parameterization (blue) and the combination of quadratic functions and NNs
(green) in the MPC.

model error, we added parametric uncertainty in the pre-exponential rate factor
ko in (5.40). For each random initial condition, we also drew a new value of 12:0
where ko ~ N (ko, a,%) with 0, = 2.1156 x 10°. In Figure 5.9, we have plotted
the closed-loop performance of closed-loop trajectories starting from 50 randomly
selected initial conditions and values of 12:0. The addition of the NN-based cost
modifications clearly gave a modest improvement in performance. It is possible
that the convexity requirement to the NNs in this case is limiting the use of the cost
modifications for this example.

In Figure 5.10 we have plotted the mean and two standard deviations of closed-loop
trajectories from the same 50 simulations. We see that the addition of the NNs does
not alter the closed-loop trajectories much, except noticeably for the flow rate F'.
Also, the controllers converge to slightly different steady states for the heat rate q.
However, the shifted economic cost, £(s, a), plotted in Figure 5.11, shows that this
has a small influence on the cost. We see clearly that, as previously stated, at steady
state the quadratic cost parametrization is sufficient to obtain the optimal economic
cost. Although the effect of adding NN-based cost modifications on performance
was limited in this case, we see that the small improvement that does occur happens
in the transients.
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Figure 5.10: Closed-loop trajectories from 50 simulations using the learned cost parameters
of the quadratic parameterization (blue) and the combination of quadratic functions and
NN (green) in the MPC scheme. The thick lines represent the empirical mean, and the
shaded areas represent two standard deviations.

5.8 Conclusion

In this chapter we have considered the use of convex cost modifications, using NNs.
We have applied this framework to economic ENMPC. By invoking dissipativity
theory, we have recast the ENMPC as a tracking MPC scheme, with the additional
storage function. Convexity properties of the learned stage cost have been leveraged
in order to ensure the appropriate lower bound necessary to establish nominal
closed-loop stability, as well as alleviate numerical difficulties when solving the
MPC problem. We have outlined how RL can be used to adjust the parametrized
cost, including the weights of the NN, enabling the tracking MPC scheme to deliver
the optimal policy, even with an inaccurate prediction model. For a challenging
case of economic LQR, we have demonstrated how a combination of RL methods
can be used to update the parameters so that both the policy and value function is
learned. For a nonlinear chemical reactor, we have benchmarked the combination
of quadratic functions and NN, against a standard quadratic parametrization. For
this particular simulation example, the addition of NN-based cost modifications
resulted in a small improvement in closed-loop performance.
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Figure 5.11: Economic cost in simulations using the learned cost parameters of the
quadratic parameterization (blue) and the combination of quadratic functions and NN
(green) in the MPC. The thick lines represent the empirical mean, and the shaded areas
represent two standard deviations.
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Chapter 6

Combining RL methods for
learning-based MPC

This chapter considers adjusting a fully parametrized MPC scheme to approximate
the optimal policy for a system as accurately as possible. By adopting MPC as
a function approximator in RL, the MPC parameters can be adjusted using Q-
learning or policy gradient methods. However, each method has its own specific
shortcomings when used alone. Indeed, Q-learning does not exploit information
about the policy gradient and therefore may fail to capture the optimal policy, while
policy gradient methods miss any cost function corrections not affecting the policy
directly. The former is a general problem, whereas the latter is an issue when
dealing with economic problems specifically. Moreover, it is notoriously difficult
to perform second-order steps in the context of policy gradient methods while it is
straightforward in the context of Q-learning. This calls for an organic combination
of these learning algorithms, in order to fully exploit the MPC parameterization as
well as speed up convergence in learning. The following chapter is based on work
in [26].

6.1 Introduction

Updating the parameters of MPC schemes to improve the closed-loop performance
has successfully been tested using Q-learning, see e.g. [97], and DPG, see e.g.
[22]. While simple to use, Q-learning methods do not come with formal guarantees
regarding the closed-loop optimality of the resulting policy [39]. Whereas policy
gradient methods come with such (local) guarantees but do not fully exploit the
MPC parameterization in learning the policy. This is crucial when using RL to
verify dissipativity for economic problems. Dissipativity is verified by the existence

95
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of an appropriate sforage function, which is generally difficult to find, but that can
be learned using Q-learning as proposed in [103]. Using Q-learning alone, we are
not guaranteed to learn the stable optimal policy. In this chapter, we detail how to
combine these RL algorithms for MPC, such that their respective drawbacks are
tackled.

To the best of the authors’ knowledge, Q-learning and policy gradient methods have
to a small extent been combined to formulate parameter updates. One exception
is the work in Chapter 5, where Q-learning and DPG parameter updates were
combined using a null space projection to alleviate the difficulties experienced
when using the methods independently. An issue with this combination is the
potential inaccuracies in the null space computation related to small, but not zero,
eigenvalues. In [117], the authors propose to combine the parameter update for a
regularized policy gradient technique with that of Q-learning. The authors provide
empirical evidence of the combined update scheme resulting in improved data
efficiency and stability. The idea of combining parameter updates from different RL
methods is the same as in this chapter but the resulting combined parameter update
is different. Also, the authors in [117] use an NN as a function approximator, and
propose an augmentation to the standard architecture, to facilitate learning of both
the policy as well as the action-value function. This is not necessary when using
MPC as a function approximator.

Classical Q-learning and policy gradient methods typically use first-order methods
to update the policy and value function parameters. Second-order methods tend
to yield a much faster convergence. The natural policy gradient method is based
on the Fisher information matrix to provide a policy Hessian approximation, and
approximate second-order steps [111]. However, the convergence rate is affected
by the quality of that Hessian approximation. For Q-learning on the other hand,
the true Hessian is straightforward to obtain. We therefore propose to use the
Q-learning Hessian to improve the second-order step of policy gradient methods.

In this chapter, the first contribution we make is a combination of RL methods using
a multi-objective approach. Secondly, we propose a second-order method based on
the multi-objective approach, to speed up convergence in learning. We demonstrate
the performance of the combination of RL methods in simulation and compare the
convergence rate with the natural policy gradient and a second-order Q-learning
method.

6.2 Background

In this chapter, we consider problems that are described by MDPs and adopt a value
function approximator using MPC as detailed in (2.30), parameterized by 6. We
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note that for EMPC, MPC problems characterized by generic cost functions that are
not necessarily positive definite, we may include a parameterized storage function
in the MPC cost. For more details on this, the reader is referred to Chapter 5. Our
goal is to find the parameters 6 of a deterministic policy 7(s), that maps from state
to action i.e. g : S — A, so as to minimize the sum of discounted cost

K
J(ﬂ—@) = Esowpo,SNp(-|s,7r9(s)) [Zka(skv ak) ‘ ag = 779(5k3) ’ (61)
k=0

where pg is a distribution of initial states, p(:|s, my(s)) describes the transition
dynamics and v € (0, 1] is a discount factor used to establish the importance of
future costs over immediate costs for an episode of length K. In order to explore,
we use a stochastic policy i.e.

wolals) = mo(s) + (a, (6.2)

with ¢, ~ N(0, aglm), where o, is the standard deviation and I,,, is the identity
matrix. Next, we will describe two types of RL methods that can be used to adjust
the parameters 6.

6.2.1 Q-learning

We make use of the Q-function approximator as given in (2.33), and make the
following assumption for the parameterization.

Assumption 13. The parameterization is rich, i.e. there exists a parameter vector
0* such that

Qo (5’ a) = Q*(S’ a)' (6.3)

Remark 13. Assumption 13 is strong, although common in theoretical RL, see
e.g. [21]. Making the parameterization rich, entails using universal function
approximators for the cost terms and constraints in the MPC scheme. If the
parameterization is not rich, RL will find the best parameters among the set of
functions provided by the selected parameterization, see e.g. [46]. The need for
using universal function approximators such as NNs is arguably problem dependent,
but as shown in Chapter 5, simpler parameterizations of the MPC scheme, such
as e.g. a quadratic cost parameterization, can be able to improve closed-loop
performance considerably.

For a rich parameterization, we can characterize the optimal parameters as those
that minimize the following least-squares problem

0* = arg mein Er, %(Q*(s,a) — Qq(s,a))?] . (6.4)
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As the optimal action-value function generally is unknown, the problem in (6.4)
cannot be addressed directly. Next, we will present both a first-order and second-
order method of Q-learning. First-order methods use gradient information, whereas
second-order methods in addition to the gradient also use second derivatives, also
known as the Hessian, to converge faster to the optimum.

First-order Q-learning

A classical approach to Q-learning is trying to achieve (6.4) by updating the para-
meters using the TD error defined as

Ok = Yk — Qo(sk, ar), (6.5)

where yr = L(sk,ar) + 7Vo(sgs+1). We think of y as a fixed target, evaluated
using a sampled state transition and the cost. The parameter updates are driven by
minimizing the TD error, i.e.

minE., B(y — Qo(s, a))2] ) (6.6)

For the minimization problem in (6.6), we define the following first-order (semi)-
gradient step

Abg = ag0xVeQo(sk, ar), (6.7)

where A0y = 01 — Ok, VoQo(sk, ar)|o=s, and oy > 0 is a scalar denoting the
step size. The gradient VyQg(sk, ar) is obtained from sensitivity analysis. For
more details on the sensitivity analysis of MPC for Q-learning, the reader is referred
to [21].

Second-order Q-learning

Rather than considering the TD error at each step as in (6.7), we can consider
the sum of TD errors over a batch of state transitions, known as a least-squares
TD (LSTD) algorithm [118]. We formulate a second-order LSTD algorithm for
Q-learning (LSTDQ), by considering a root-finding problem, using the gradient in
(6.7),1.e.

Er, [6VQo(s,a)] = 0. (6.8)

For the root-finding problem in (6.8), we adopt the following Newton step i.e.

AOG = —agA'b, (6.9)

using A and AQ™ to distinguish the first-order and second-order steps, respectively,
and ag > 0 to denote the learning rate. We note that for a well-posed update in
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(6.9), A is negative definite, and hence generalizes to the first-order step in (6.7) by
replacing A with the negative identity matrix. The parameter update is given by

A=E,,[VodVeQo(s,a)" +5V5Qq(s,a)], (6.10a)
b=Er,[6VeQo(s,a)], (6.10b)

where
Vod = 1VoVy(s™) — VoQo(s, a), (6.11)

with VQy(s,a) and VZQs(s, a) obtained from sensitivity analysis of the MPC
in (2.33). The expectations in (6.10a) are evaluated in an episodic manner, by
considering m episodes of length K, i.e.

1
m ZZ [V95k,jV9Q0(Sk,j, ap;)" + 6k V5Qo(sk g, arg) |, (6.12)
Jj=1 k=1

1 m K
= ZZ%JVeQe(Sk,j, ag,j)- (6.13)

j=1k=1

As discussed in Section 2.3.1, there are no guarantees of learning the optimal
policy using Q-learning techniques, as small approximation errors in the Q-function
estimate, may yield significant errors in the resulting policy estimate.

6.2.2 Deterministic policy gradient method

The lack of convergence guarantees for Q-learning methods has motivated the
need for alternative methods with more formal (local) convergence guarantees [40].
Using policy gradient methods, the parameters are updated towards improving the
performance of the policy irrespective of the action-value function accuracy. In the
following, we focus on methods for deterministic policies.

For a rich enough parameterization, the optimal parameters 6* are characterized by

0* = arg m@in J(mg). (6.14)

First-order DPG

Policy gradient methods typically solve (6.14) using gradient descent, which results
in the following first-order parameter update

Ay = —a,VoJ(mg), (6.15)

where «;, > 0 is the learning rate and VJ(7p)|9=p,. In this chapter, we use the
estimation of the DPG as detailed in Section 2.3.2.
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Second-order DPG

For the policy gradient objective in (6.14), we can also formulate a second-order
Newton step i.e.
AOT = —0, V3 (79) "1V J (mp), (6.16)

with learning rate o, > 0. An analytic expression of the deterministic policy
Hessian is derived in [112], revealing that it is difficult to estimate from data. The
Hessian can be replaced by the Fisher information matrix, resulting in a parameter
update known as the natural policy gradient method [111]. The Fisher information
matrix for deterministic policies is defined as

F(0) =Er, [Vomy Vory |, (6.17)

and we note that this is only an approximation of the Hessian. The natural policy
gradient method yields the following parameter update

A0 = —a, F~1(04) Vo J (mp). (6.18)

Because of the Hessian approximation, the natural policy gradient method still has
a linear rate of convergence, despite being a second-order method [119]. This is the
same rate of convergence as the first-order DPG method.

6.3 Combining RL methods

In the following, we propose to combine Q-learning and DPG methods, to learn
a parameterization that optimizes both the Q-learning objective (6.4) and policy
gradient objective (6.14) simultaneously. We propose to do so using multi-objective
optimization. Multi-objective optimization is applied in many fields where optimal
solutions are needed in the presence of trade-offs between two or more conflicting
objectives. As opposed to most multi-objective problems, the objective of Q-
learning and policy gradient methods are not necessarily in conflict. However,
as we can not minimize the true action-value error directly, and may suffer from
limitations related to the richness of our function approximator, the parameter
update resulting from each RL method may be in conflict. This suggests that an
alternative to the naive sum of update laws is needed.

6.3.1 Multi-objective RL

With the purpose of combining Q-learning and DPG methods, we define the follow-
ing multi-objective problem

mgnwEm %(Q*(s,a) — Qo(s,a))?| + J(mp), (6.19)
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where w is a scalar that weighs the importance of the Q-learning objective relative
to the policy gradient objective. In (6.19) we propose a weighted sum method in
order to convert the multi-objective problem to a single-objective problem. This
method is appealing because it is simple. Alternative methods for solving the
multi-objective problem are discussed in e.g. [120].

Theorem 2 states that for a given MDP, an MPC scheme with a possibly inaccurate
model can deliver the optimal value function, action-value function, and policy for
an appropriate parameterization ¢. Building on Theorem 2, we state the following
corollary, which is an important statement for the multi-objective RL approach.

Corollary 1. Under Assumption 13 there is no trade-off between the Q-learning
and policy gradient objective in (6.19). The minimum of the two objectives will
coincide, independent of the scalar value w.

Proof. For a rich parameterization, we have for the optimal parameters 6* that
Qo+ (s,a) = Q*(s, a), hence minimizing the Q-learning objective. Moreover, the
optimal parameters * also minimize the performance .J(7y) as stated in (6.14). [

As pointed out earlier, we can not directly address the Q-learning objective in (6.19).
We therefore adopt the TD approach to Q-learning, as outlined in Section 6.2.1.
The multi-objective problem is then

mein wEr, [;(y — Qo(s, a))Q] + J(my). (6.20)

The parameter updates as defined in Section 6.2.1 and 6.2.2, can then be used to
define a Newton step that minimizes (6.20). The resulting parameter update is given
as the solution to

min %A@,{{'T(—MA +F(O) + 7D)AOT 4 (Vo (m9) — wb) TAGT | (621)
AOH!

where A and b are defined in (6.12) and (6.13) respectively. We regularize using a
scalar 7 > 0 and the identity matrix I.

Remark 14. As we replace the true action-value error with the TD error in (6.19),
Corollary 1 no longer holds, even under Assumption 13. Generally, we cannot
expect to achieve an average TD error of zero. This is because the parameter
update in (6.9) involves taking the product of two expectations including the next
state sT. To obtain an unbiased sample of this product, two independent samples
of sT are needed. During normal interaction with a system, this is not possible.
However, we can expect to reduce the average TD errors toward the true minimum.
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The Fisher information matrix will be rank deficient in case we include a storage
function in the MPC cost, and depending on the selected parameterization, the
Q-learning Hessian can potentially also be ill-posed. The regularization term in
(6.21) is therefore often added to prevent the Hessian approximation from becoming
singular. Regularization may also be added to ensure positive definiteness.

Remark 15. The Fisher information matrix in (6.17) is positive semi-definite by
construction. A well-posed LSTDQ step is characterized by a negative definite
Hessian. The multi-objective Hessian composed of the Fisher information matrix
and the negative LSTDQ Hessian, should therefore be positive definite. Potentially
indefinite Hessian approximations can be tackled using regularization, as proposed
here, or trust-region methods, see e.g. [121].

We note that the computation of the Q-learning Hessian, which is done using
sensitivity analysis of (2.33) is not computationally heavy, and much cheaper than
solving the optimization problem. The Fisher information matrix (6.17) often used
as an approximation of the policy Hessian is rather crude, and we therefore propose
the alternative second-order update, where the policy Hessian approximation is
omitted, i.e.

1
min iAegT(—wA + DA 4, (Vo () — wh) T AGH. (6.22)

We can further simplify the step in (6.22), by replacing the multi-objective Hessian
approximation with the identity matrix, and obtain the multi-objective first-order
step as the solution to the following

1
min 5A9;A9m + ay (Vg J (mg) — wb) " Ab,y,. (6.23)

6.4 Simulations

In the following section, we consider two simulation examples. The first simulation
example is included as a motivating example and is a seemingly simple case of the
economic LQR i.e. an LQR with weighting matrices that are not positive definite.
The example becomes challenging due to the shape of the action-value function,
which calls for a combination of RL methods in order to capture both the correct
value function and policy. The second example is a linear MPC (LMPC) that we
use to benchmark the convergence of the different parameter update regimes.

6.4.1 Economic LQR
We consider an ELQR for a system with dynamics

Sk+1 = 0.1sg + ag, (6.24)
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and stage cost
L(s,a) = —s + 10a®. (6.25)

We introduce the following artificial constraints, to work with compact and bounded
constraint sets and thereby comply with dissipativity theory for economic problems
[34]

—100 < a <100, —100 < s < 100. (6.26)

For the set of states that never activate the constraints, we can solve the Riccati
equation for the discrete system, and obtain the optimal value function and policy.
For the dynamics (6.24) and stage cost (6.25) in the unconstrained case, the optimal
value function and policy is

V*(s) = —1.0113s%, 7*(s) = 0.0113s. (6.27)

We formulate the following finite-horizon linear MPC scheme

N—1
rgiun —o(s) + Ty(xn) + zg lo(xi,u;) (6.28a)
=
st. Vielpny_1:x9=s5, (6.28b)
Ti+1 = 0.1$i + u;, (6.280)
~ 100 < z; < 100, (6.284)
— 100 < u; < 100. (6.28e)

We let A\g, Tp and ¢y be fully parameterized quadratic functions. The parameter
vector 6 is then a vector containing all elements in Ay, Ty, £9. All matrices were
initialized with the identity matrix. We learned in an episodic manner, using
trajectories of length K = 10 for initial condition sy = 1.0 with learning rate
a = 0.1 for all update schemes. We used a stochastic policy for exploration as
described in (6.2), with Gaussian noise described by standard deviation o, = 1073,
We tested learning using first-order Q-learning (6.7), denoted Aflg, DPG (6.15)
denoted Af; as well as first-order multi-objective combination (6.23) using w = 1,
denoted Af,,,. As the true Q-function for this system is known, and this serves only
as a motivational example, we use the analytical gradient in the DPG formulation in
(2.23). We saw convergence for all methods after 20 batches consisting of m =1
episodes.

In Figure 6.1 we have plotted the value function estimate and the policy using the
final values of the parameters. We see that the pure DPG method fails to learn the
value function, but estimates the true policy well. The pure Q-learning step, on the
other hand, learns the value function well, but not the policy. The combination of
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Figure 6.1: Economic LQR: Value function estimate (top) and policy (bottom).

methods using the first-order multi-objective update, however, manages to learn
both the true value function and policy after 20 episodes.

For economic problems, we can use Q-learning as a tool to learn the storage
function, needed to verify dissipativity as detailed in [103]. Verification is done
by checking that the rotated cost, denoted by £4(s, a) and defined by the learned
storage function, )\g, according to

ly(s,a) = L(s,a) — Ng(sT) + Ng(s), (6.29)

satisfies the following condition i.e.

lo(s,a) = p(lls), (6.30)

where p € K. In Figure 6.2 we see that using DPG alone, the resulting rotated
cost is not lower-bounded in s, whereas for the multi-objective combination, we
obtain a rotated cost that clearly satisfies this lower bound. In summary, we are
able to verify that this problem is dissipative, and also capture the correct policy, by
using a combination of RL methods.

6.4.2 Linear MPC
We consider a discrete linear system of the form

Sg+1 = Asg + Bay +n, (6.31)



6.4. Simulations 105
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Figure 6.2: Economic LQR: The rotated cost (6.29) as defined by the learned storage
function using multi-objective RL (top) and using DPG (bottom).
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where n describes Gaussian process noise i.e. n ~ N(0,02 I,), with standard
deviation o,, = 1073 and where I,, is the identity matrix. The system matrices are

given as
_ [1.1 0 ] 632)

_|cosB sinf
A= [ } 0 09

sinf cosf|’
where we use x = 0.95, and § = 22 [deg]. The baseline stage cost is selected as

1 1
L(s,a) = %Hs — Spet||2 + 5Ha — e ||? (6.33)

where s, = [0.1, O.l]T, and ayer 1s found according to (6.31). The parameterized
MPC scheme reads as

N—-1
win Vo + " o — il + 327 [
Z

=0
p Zret] ||
Z; [uz B uref] ‘ (6.34a)
st. Viel Ty = (6.34b)
Tiy1 = [ } [ } Us (6.34¢)
20 << ]

using a prediction horizon of N = 10 and discount factor v = 0.99. The stage
cost consists of a quadratic function of the state and input reference and a linear
term that can be used to shift the minimum of the stage cost. We let Zref = Srer,
but use the prediction model to obtain the input reference, i.e. Uref 7# drer. The
linear term is defined by a vector f' = [f1, fo, f3, f4]. The parameter vector is
0 = {Vy,01,02,0s,04,05, f1, fo, [ fa}. The prediction model is initialized with
parameter values 61 = 63 = cos 6 and 09 = 0, = sin B where 6 = 30 [deg], and
05 = 13,06 = 0.7. Welet f1 = fo = f3 = f = 0.3and Vj = 0. We use a
quadratic terminal cost, for which P is found solving the discrete Riccati equation
for the prediction model, using the initial values of the parameters.

We learned in an episodic manner, simulating the system from initial condition
so = [0,0]T, for a total of 25 batches, consisting of m = 10 episodes of length
K = 50. A stochastic policy is used for exploration as defined in (6.2), with a
Gaussian noise term distributed as ¢, ~ N(0, 02 I,,,), where o, = 5 - 1073, For
this example, we tested both first- and second-order multi-objective RL as described
in Section 6.3.1. We compared their performance with both the second-order and
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Table 6.1: LMPC: Update schemes tested in simulation.

Label Name and eq. reference Learning rate Lyt

Afg  Q-learning (6.7) oy = 0.01 19.69
AG% LSTDQ (6.9) ag=05  18.63
A8 Second-order multi-objective (6.22) o, = 0.5 4.63
Aeg/ Second-order multi-objective (6.21) o, = 0.5 6.64
AH? Natural policy gradient (6.18) a, = 0.5 5.12
A6, First-order multi-objective (6.23) o, = 0.5 12.46
Af;  DPG (6.15) ap =0.5 12.37

first-order policy gradient methods, as well as classical Q-learning and LSTDQ.
For the Q-learning Hessian and Fisher information matrix, we regularized using
7 = 107! and 7 = 1072 respectively, at all time steps. The learning rates were
selected by testing each method for an interval of learning rates and selecting the
best-performing one. The sum of costs was evaluated for the best-performing case,
ie.

m K
Lot =YY Y L(skj,ax), (6.35)

j=1k=1

and is reported in Table 6.1. All plotting labels are also listed and explained in
Table 6.1. In Figure 6.3 we see the closed-loop performance produced by each of
the learning schemes. Because the RL cost in (6.33) is rather flat in s-direction,
this is typically a challenge for Q-learning alone, and hence we see both classical
TD-learning and LSTD-learning achieving the poorest performance. First-order
DPG and the first-order multi-objective approach achieve more or less the same
closed-loop performance. Moreover, we see that the closed-loop performance
obtained using the natural policy gradient method converges faster than both first-
order methods. The second-order multi-objective approach performs better without
the Fisher information matrix in the Hessian, as given in (6.22), and speeds up
convergence further. The aforementioned observations align also with the calculated
sum of discounted costs during learning for the different update schemes as listed
in Table 6.1. For the selected learning rates, we obtained the best closed-loop
performance for the multi-objective approach by using w = 0.1 in (6.22), (6.21)
and (6.23).

In Figure 6.4 we have plotted the states and inputs resulting from the learned
parameters in exploitation, i.e. without exploration noise. We note that the upper
bounds on the inputs become active constraints as we approach the optimal policy,
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Figure 6.3: LMPC: Mean closed-loop performance over learning batches.
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Figure 6.4: LMPC: Simulated states and actions using the learned parameters.
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which is the case for the second-order multi-objective and natural policy gradient
method.

For the second-order multi-objective approach, we saw that the Q-learning gradient
part caused learning to converge to a policy that caused a small steady-state error
from the desired state and input reference. This is likely caused by the same
effect as addressed in Remark 14. We therefore removed the first-order Q-learning
contribution to produce the results shown in Figures 6.3 and 6.4, at the cost of some
reduction in convergence rate. Ideally, w could be gradually reduced, to gain the
full increase in convergence rate, while still converging to the true optimum.

6.5 Conclusion

In this chapter, we proposed a multi-objective approach for combining RL methods,
in order to fully exploit the parameterization provided by the MPC scheme and
increase the convergence rate of learning. The first simulation example illustrates
that for certain economic policies, we need a combination of Q-learning and
policy gradient methods in order to verify dissipativity and learn both the optimal
value function and policy. The second simulation example demonstrates that
the proposed multi-objective second-order step, combining Q-learning and policy
gradient methods, speeds up convergence in learning compared to both a second-
order policy gradient method and a second-order Q-learning method.
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Chapter 7

Variance-based exploration for
learning MPC

RL is dependent on exploration to learn, and currently, simple heuristics based
on random perturbations is most common. This chapter considers variance-based
exploration in RL geared towards MPC as function approximators. We propose to
use a non-probabilistic measure of uncertainty of the value function approximator in
value-based RL methods. Uncertainty is measured by a variance estimate based on
inverse distance weighting (IDW). The IDW framework is computationally cheap
to evaluate and therefore well-suited in an online setting, using already sampled
state transitions, actions, and rewards. The gradient of the variance estimate is then
used to perturb the policy parameters in a direction where the variance of the value
function estimate is increasing. The proposed method is verified on two simulation
examples, considering both linear and nonlinear system dynamics, and compared to
standard exploration methods using random perturbations. The following chapter is
based on work in [27].

7.1 Introduction

RL requires that the actions applied to the real system undergo some exploration.
If the same, deterministic policy is always applied to the system, it is not possible
to discover alternative actions that may improve closed-loop performance. One
way to quantify an effective exploration is in terms of regret. The notion of regret
in RL is defined as the loss in reward for choosing a suboptimal over an optimal
action. An effective exploration strategy can then be defined as minimizing the
cumulative sum of regrets. However, we cannot directly obtain the regret as the
optimal action is not known. Hence, the concept of regret in itself cannot be used

111
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to perform effective exploration.

Currently, the most commonly used methods to explore are simple heuristics. For
discrete action spaces, methods such as e-greedy [39] or Boltzmann exploration
[122] are used. For continuous action spaces, stochastic policies for exploration
are generated e.g. by adding Gaussian noise to a deterministic policy [123]. In the
case of using stochastic policy gradient methods, the distribution of the stochastic
policy itself is parameterized and adjusted by RL. Exploration is then ensured by
sampling from the resulting distribution that describes the stochastic policy [39].

A collective term for the aforementioned exploration strategies is dithering
strategies. Because the perturbation from one time step to the next is not co-
ordinated, the exploration is not temporally extended or what we refer to as deep.
For problems that require consistent exploration over several time steps to realize
improved closed-loop performance, dithering strategies may in fact prevent efficient
exploration. The most straightforward method for ensuring deep exploration, is
random perturbations in parameter space, as suggested by the authors in [124]. A
random perturbation in the parameters is introduced at the beginning of an episode,
and fixed throughout that episode, such that a temporally coordinated sequence
of actions is generated. However, the potential benefit of using random noise in
parameter space rather than in action space is generally not obvious and needs to
be evaluated on a case-by-case basis. Moreover, when using random parameter
noise for exploration in large parameter spaces, we are at risk of adding a lot of
disturbances that yield little effect on the resulting policy.

Although the aforementioned heuristics perform well for many tasks, they are all
undirected and therefore may take exponentially long to learn the optimal policy
[125]. To learn efficiently, the exploration method should prioritize potentially
informative states and actions. To do this, exploration should be done with regard
to a notion of uncertainty.

Directed exploration is well understood for the multi-armed bandit problem, which
corresponds to a one-step stateless MDP problem. One strategy is “optimism in the
face of uncertainty”, which corresponds to preferring actions with uncertain values.
This strategy has led to e.g. the upper confidence bound (UCB) algorithm. The UCB
algorithm acts greedily w.r.t. to the action-value function and an exploration bonus
based on a confidence interval of the reward, see e.g. [126]. For the bandit problem,
Hoeffding’s inequality can be applied to obtain the UCB. The UCB algorithm in
[126] has been extended to RL in different forms, but the resulting algorithms have
been considered mostly as theoretical results due to the computational complexity.

Thompson sampling (TS) is a related strategy developed for the bandit problem. TS
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sampling is based on a Bayesian approach to maintaining a posterior distribution
over models. We sample from the posterior distribution and then select the action
that optimizes the sampled model [127]. Extending TS to RL would involve
maintaining a distribution of MDPs, which in general is difficult. Even updating a
Bayesian model of the value function for an MDP will for most realistic problem
sizes be computationally intractable. For bandit problems, both UCB and TS
achieve a sublinear total regret. In comparison, e-greedy has a linear total regret,
which is the same as with no exploration at all.

As a means to reduce the computational burden, yet inspired by TS, the authors in
[128] introduced the concept of randomized value functions. The use of randomized
value functions aims to approximate samples from the posterior distribution of the
value function. However, the method is developed only for linear parameterizations
of the value function. An extension was made to nonlinear parameterizations, more
specifically to NN, in [129], where bootstrapped deep Q-function NNs (DQN)
were used to approximate the posterior distribution of the Q-function.

The concept of randomized value functions has also motivated the NoisyNets as
proposed in [130]. Rather than training an NN with K outputs or heads to build
an approximate posterior distribution of Q as in [129], the authors in [130] inject
noise in the NN parameters and use RL to tune the intensity i.e. the variance of the
noise distributions. A new sample of the Q-function is then obtained by sampling
parameter noise from the tuned noise distributions, and exploration is done by
acting greedily with respect to that Q-function.

Bootstrapped DQNs have also been used to develop a practical UCB approach that
applies to RL. Namely, the bootstrapped DQN was used to obtain an empirical es-
timate of the mean and standard deviation of the Q-function distribution [131]. This
was in turn used to formulate a UCB, and the action was selected by maximizing
the UCB. Along the same lines, the DQN framework was used by the authors in
[132] in order to obtain confidence intervals to formulate a surrogate of the regret,
which in turn was used to guide exploration. The use of randomized value functions
constitutes an important step towards more effective exploration strategies in RL,
although it for nonlinear value function parameterizations only applies to discrete
action spaces.

7.1.1 Contribution

The goal of this work is to develop a directed and deep exploration strategy for
continuous action spaces, that is suitable for problems where we wish to use MPC
as a function approximator in RL. For this purpose, we will adopt the principle of
“optimism in the face of uncertainty”. To the best of the authors’ knowledge, few
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studies exist on directed exploration strategies in continuous action spaces. One
important exception is the work in [133], where K value function approximators
are trained independently, and the agent is encouraged to explore states where
the value function approximators show the largest disagreement. Although the
exploration strategy resembles ours, it is based on knowing the true model of the
MDP, which is not a requirement in our case. We present an uncertainty-based
exploration method not limited to, but particularly suited for MPC, and make the
following contributions:

¢ we introduce the use of IDW to estimate the variance of the MPC function
approximator at a low computational cost;

* we formulate variance-based exploration in parameter space via the IDW
variance estimate;

¢ we compare the proposed method with random (Gaussian) perturbations in
both action and parameter space.

The proposed method is verified on two simulation examples, considering both
linear and nonlinear dynamics, for which variance-based exploration performs
better in terms of significantly improving the cumulative rewards during learning.

7.2 Background

In the following, we will consider a special case of MDPs, described by the determ-
inistic dynamics

Sk+1 = f(sk,ak), (7.1)

where si1 denotes the next state and k£ denotes the physical time of the system.
The system is subject to the following constraints given by

h(sk,ax) < 0. (7.2)

We will assume in the following that a stage cost L(sg, ax ), analogous to a negative
reward, is provided. Our goal is to find a deterministic policy 7 that maps from
state to action i.e. m : S — A, that minimizes the sum of discounted costs. The
optimal policy, denoted 7*, is the solution to the following infinite-horizon problem
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V*(s) = min Z’ij(mj,ﬂ'(a:j)) (7.3a)
=0

st. Vje HZO DXy =S, (7.3b)

xj+1 = f(xj, F(:Cj)) (7.30)

h(zj,m(xj)) <0, (73d)

n(z;) € A, (7.3¢)

where V*(s) is the optimal value function, v € (0, 1] is a discount factor and
{z; };";1 is the predicted state trajectory under the policy 7 for an initial state s.
The action-value function for a policy 7 can then be defined as follows

Qr(s,a) = L(s,a) + vV (f(s,a)), (7.4)
and is related to the value function through the Bellman equality
Va(s) = Qr(s,m(s)) = main Qx(s,a). (7.5)

We then parameterize the value function using parameter vector 6 and adjust these
using RL towards the optimal value function, and thereby the optimal policy.

7.2.1 MPC as a function approximator in RL

We consider parameterized MPC schemes to estimate the value function Vy(s) as
in (2.30) and action-value function Qy(s, a) as in (2.33).

Q-learning
A classical approach to Q-learning is parameter updates driven by the TD error

defined as
Or = L(sk,ar) +vVo(sk+1) — Qo(sk, ax)- (7.6)

At each time step the parameters are updated according to
6 < 0 + adrVoQo(sk, ax), (1.7

where o > 0 is a scalar denoting the step size. The gradient VQy(sk, ay) can be
obtained from sensitivity analysis of the MPC scheme, as detailed in [21].

An alternative to the incremental update of parameters in (7.7), is a batch approach
to Q-learning. This method is known to result in more stable learning [39]. A batch
approach entails introducing an additional set of parameters 0 that is continuously
being updated o ~

0« 0+ aékV§Qé(sk, ak), (7.8)
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where &), = L(sg, ar) +vV;(sp11) — Q5(sk, ax). The action ay, is selected accord-
ing to the action-value function Qg (s, ax), defined by parameters 6 that remain
fixed for the duration of one batch. As the updated parameters 0 converge, which
marks the end of a batch, we replace the fixed parameters ¢ with the updated ones 0
and begin a new batch.

Q-learning techniques aim to fit Qg (s, a) to Q*(s, a), with the hope that Qy ~ Q*
will result in my ~ 7*. To make this fitting possible, we have to deviate from
the current policy estimate, i.e. explore. A standard strategy for exploring in the
case of continuous actions is adding random perturbations to the policy, e.g. in the
form of Gaussian noise. This results in a stochastic policy that induces undirected
exploration, i.e.,

po(als) = mo(s) + Ca, (7.9)
where (, is normally distributed according to ¢, ~ N (0, U?LIa) where o, is the
standard deviation and [, is the identity matrix. Convergence properties for Q-
learning are established in e.g. [134] and elaborated further in Section 7.5.2. The
stochastic policy in (7.9) will serve as a baseline for the variance-based exploration
method proposed in this chapter.

7.3 Parameter space exploration

Exploration in parameter space is closely related to the concept of randomized
value functions, which may be used as an alternative to TS without the need for
an intractable exact posterior representation. Exploration in parameter space has
been studied in, e.g., [124] and [130]. The referenced works are similar in the sense
that NN are used for approximating the value function, and that a sample from an
approximate posterior distribution of the value function is used to explore.

To the best of the authors’ knowledge, only exploration in action space has been
tested for MPC as a function approximator in RL. Comparing NNs and MPC
schemes as function approximators, we conjecture that exploration in parameter
space is particularly suited when using MPC, as the parametrization is smaller
and less convoluted than for NNs (due to the layers and consecutive nonlinear
activations), and also more easily interpreted.

We therefore propose to adopt exploration in the parameter space for MPC, by
adding uncorrelated Gaussian noise to the parameters as follows

0=0+¢, (7.10)

where ¢, ~ N (0, a]% I,,). The exploration policy is then obtained by acting greedily
with respect to the Q-function defined by the perturbed parameters, i.e.

Ty = argmin Q4(s, a). (7.11)
a
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The exploration method is summarized in Algorithm 1, here for a continuous task.
We note that the method easily extends to an episodic task.

Algorithm 1: Exploration in parameter space

Input : Initial MPC parameters 6, initial learning parameters 0o, initial state
so, batch update frequency b, learning step size «, parameter noise standard
deviation oy, length of simulation Kpax ;

Output : Policy 7y

while k < k. do
if mod(k, b) = 0 then

Update MPC parameters with learned parameters 6, = 0y
L Perturb parameters to get ék (7.10)

Act greedily w.r.t. current Q-estimate (7.11)

Update 0, (7.8)
| k< k+1

Remark 16. We note that exploration in parameter space in combination with
Q-learning, generally calls for a batch approach to Q-learning as given by (7.8).
For an incremental approach as in (7.7) where we only have one set of parameters
0, the resulting TD-error as we update the parameters according to (7.10) would
be L(sy,ar) +YVy(ski1) — Qp(sk, m5) where Q4(sk, m5) = Vy(sk), i.e. we are
fitting the V-function rather than the Q-function.

Depending on the selected parameterization and the resulting range of parameters,
which in turn depends on the problem at hand, we may choose to perturb the
normalized parameters in order to use the same scale for perturbing the entire
parameter vector. Alternatively, the states and actions in the problem can also be
scaled, which will result in a smaller variation in parameter range, which is also
known to speed up learning.

In the next section, we will consider an alternative to adding random perturbations
to the parameters, namely adding a perturbation based on the uncertainty of the
value function. We will use the exploration method in (7.10) as a second baseline
for our proposed method.

7.4 Value function IDW variance

To guide exploration using the uncertainty of our value function estimate, a method
is needed for quantifying such uncertainty. In Bayesian exploration, we use the
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covariance of the resulting posterior distribution of a GP, to guide exploration.
Alternatively, interpolation methods can be used to define non-probabilistic un-
certainty measures that are computationally cheaper to evaluate. In [135], radial
basis functions (RBFs) were used to formulate a measure of uncertainty based on
sampled points. In [136], an uncertainty measure based on IDW was compared to a
Bayesian exploration for global optimization and showed competitive performance.
We propose to use IDWs for quantifying the uncertainty of the value function.

The IDW framework can be used to estimate uncertainty for both the value function
and the action-value function. Because we will use the IDW variance to measure
parametric uncertainty only, we do not need to consider the additional argument of
the action-value function, and therefore choose to apply IDW to the value function.

7.4.1 Inverse distance weighting

Given a data set, IDW is an interpolation method that also provides us with a
variance estimate given a predictor of the function that is sampled. We assume
that we have a data set consisting of M samples V; = V(n;) of V : R? — R at
corresponding points 71, ...,na. In the following, the function V' is the value
function, that we for now assume that we can sample, and = [0, 5] T .

We may consider the following scaling function ¢ : R? — R? to be immune to the
different scaling of individual parameters and states

2 . :
b(n) = diag() <n - ’7“‘”’“) (7.12)
Tlmax — 7Jmin 2

so that ¢(n) € [—1,1] for all B € [Nmin, Nmax]> Where [Pmax, Tmin] C RZ. The
min and max values of the states and parameters can be based on constraints and
reasonable bounds on possible parameter values.

For a new instance of 7, we consider the (scaled) squared Euclidean distance
function d? : R x R? — R given as
The IDW function w; : R? — IR can then be defined as in [137]
1
wi(n) = 5—,
d? (777 772)

and assigns larger weights w;(n) to samples that are close to 7 than to samples
further away. In [138], the following alternative weighting function was suggested

(7.14)

eidQ (nym:)

- . 7.15
20 (7.1

wi(n) =
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The weighting function in (7.15) is similar to (7.14) for small values of d2, but more
quickly reduces the effect of points 7; far away from 7 due to the exponential term.
We then define the following function v; : RY — R as

wz‘(77)
vi(n) = —F——"——— (7.16)
Zj]\/il w;(n)
which allows us to define o
Vin) =Y vV, (7.17)
i=1

which is an IDW interpolation of {(n, V;)}}4,. For a new instance of 7, an estimate
of V(n) is obtained by interpolating on the M existing samples of V. In its original
form, the selection function in (7.16), will include the option that in case we evaluate
an already sampled instance of 7, i.e. n € {n;,...,na}, we use that v;(n;) = 1
for i = j and v;(1;) = 0 otherwise. However, for our purpose we will not evaluate
already sampled values of 7, as we wish to explore new values of the parameters.
This is explained further in Section 7.5.1. It was shown in [139, Lemma 1], for both
choices of the weighting function, (7.14) and (7.15), that the interpolation function
V/(n) is differentiable everywhere on RY.

Based on the IDW interpolation function, we define the IDW variance function
r? : R? — R as given by [138]-[140]

M
() = wilm) (Vi = V() (7.18)
i=1
where Vy(s) = V(n), Vi(s) being the parameterized value function in (2.30) for
which we want to estimate the variance. Essentially, the IDW variance estimate is
a weighted average of the squared error between the sampled value functions V;
and the predictor V(). As V(n) is differentiable, it follows that the IDW variance
estimate is also differentiable everywhere on R4. Figure 7.1 is one example of how
the IDW variance estimate can be used to define error bounds for a predictor of a
function V' with, in this case, a scalar argument 7.

7.4.2 p-step TD prediction of V

Monte Carlo (MC) learning involves learning from experience, using sequences of
states, actions, and costs. MC learning offers an alternative method to TD-learning
(7.6) of the action-value or value function. For a general MDP with stochastic
dynamics and possibly a stochastic policy, MC learning uses the mean sum of
discounted costs from several episodes of experience as the value function estimate.
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Figure 7.1: Example of IDW: Function V' (green) and samples (7;, V;) (blue dots). Error
bands are given using the IDW variance estimate in (7.18) i.e. £34/r2(n) (shaded blue)
evaluated for the predictor V' (n).

In the following we propose to use MC learning of the value function as a target in
the IDW framework.

As we are considering deterministic policies for deterministic environments, one
episode is sufficient to provide an MC value function estimate. Because the true
value function is defined for an infinite horizon (7.3), we bootstrap on our value
function estimate to compensate for considering an episode with finite length. We
estimate the value function as the sum of discounted costs, evaluated for p samples
of the state and p — 1 samples of the action, bootstrapping on the value function
approximator for the last state. This can be described as a p-step prediction of V,
based on a first-visit approach to MC learning [39].

We now consider a policy 7, where @ denotes the parameter vector. For notational
convenience we let m5 = 7. For p > 1 we consider sampled states and actions, i.e.

{Sk*p7ak7p7sk7p+17 v 7a’k7178k}7 (719)

obtained by acting according to policy 7. The data in (7.19) is used to predict the
value function by evaluating the sum of discounted costs. The V' estimate is given
as

Vk(e_kv Sk—p) =L(Sk—p, ak—p) + YL(Sk—p+1, Uk—p+1)
+ Y L(Sk—pt2, Qh—pr2) + - -
+ P Lsp—1, ak—1) + 7"V, (sk), (7.20)
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where we evaluate the value function estimate Vj for the last sampled state, using
the current parameter vector f;. The number of samples p thereby becomes a
hyperparameter. Because we bootstrap on our value function, both the targets
and the predictor in (7.18) are based on the function approximator in (2.30). It is
therefore important that p is large enough, such that the effect of bootstrapping is
small. Moreover, the effect of discounting will reduce the bias of bootstrapping.
Selecting p large relative to the batch size means that we obtain samples of the
value function for only a few instances of the state. In an episodic setting where
we initialize the system from the same initial condition at the beginning of a new
batch, we will evaluate the value function variance for the same state and therefore
depend on fewer samples of the value function target. In a continuing task on the
other hand, the system can be in different states at the beginning of each new batch,
and we need to provide samples of the value function targets for more instances
of the state. An alternative to the target we proposed in (7.20), is an exponentially
weighted estimate as the authors propose for the advantage function in [141].

Remark 17. As the variance-based exploration method is perturbing in parameter
space, we should, as for the random exploration in parameter space, use a batch
manner to Q-learning as given in (7.8). This entails having two sets of parameters,
where one set of parameters is continuously updated 0, whereas the other set of
parameters 0 = 0 are fixed for one batch and is used to define a policy that visits
informative states.

Using the IDW variance function in (7.18), we obtain a variance estimate based on
the weighted average of the squared difference between the targets in (7.20) and
the MPC-based value function approximator in (2.30). The V-function estimate
in (7.20) is particular for the current policy estimate 7, i.e. we are estimating Vz.
As the parameters are updated from 6 to &’ at the beginning of a new batch, data
is collected with an updated policy 7', and we are making p-step predictions of
Vz:. Although the previously sampled V' targets are estimated for increasingly
more outdated policies, they can be useful for estimating the uncertainty w.r.t the
parameters. The weights in (7.18) are assigned using inverse distances according to
either (7.14) or (7.15), i.e. we influence the impact of previously sampled targets
on our variance estimate through the choice of IDW function.

7.4.3 Practical implementation

As the number of samples M increases, the IDW variance function becomes
increasingly computationally heavy to evaluate. For a practical implementation,
that can run fast in real-time, we set a limit for the maximum number of samples
Mpnax used to evaluate (7.18). If our data set already contains Mpy,,x samples, we
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evaluate the following criterion for a new instance of 7,

Max Mmax Minax
Z d2(777772) > mln{ Z d2(77i77]1)7---7 Z d2<77i777Mmax)}‘ (721)
i=1 i=1 i=1

If the summed distance from a new sample 7 in (7.21) to our current samples
M1, - - - M, 15 larger than the least different sample in our dataset, we will replace
the old sample with the new. In the opposite case, we will not update our data set.
The maximum number of samples My, thereby becomes a hyperparameter.

Remark 18. Although the size of the data set in this framework can be controlled
by limiting the number of samples to include, the parameter and state dimension
will also affect the size. The IDW variance (7.18) is only evaluated at the beginning
of each batch, so the computation time of the variance itself may therefore not
necessarily be a problem. Nonetheless, a small parameter space will ease the work
related to handling the sampled data needed to evaluate the IDW variance. This
[framework is therefore particularly suited for using MPC as a function approximator,
which typically uses much fewer parameters than the standard choice of NNs.

7.5 Variance-based exploration

In this section, we will outline how we can leverage an IDW framework as detailed
in the previous section, to direct exploration to where we have uncertainty in our
value function estimate. We are then acting according to the strategy of “optimism
in the face of uncertainty”, and hoping that by exploring areas of high uncertainty
our policy will visit more informative states and actions, and hence explore more
efficiently.

Combining a variance-based exploration in the parameter space with a batch ap-
proach to Q-learning, allows us to consider a perturbation to the parameters at the
beginning of each batch, and keep these parameter values for the duration of one
batch. The advantage of this approach is that we induce a state-dependent change
in the policy over multiple time steps, what is often referred to as deep exploration.

7.5.1 Variance-based perturbations in parameter space

We first define the gradient of the IDW variance function w.r.t. the parameters:

M
Vor?(n) = Vevui(n)(Vi = V(1))

=1
—20;(n) (Vi — V(0)) VeV (), (7.22)
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to highlight the fact that the sensitivity of the MPC scheme, in terms of VyV (1), is
used in evaluating the gradient of the variance. We propose to restrict the variance
gradient by using the standard deviation used for Gaussian exploration in parameter
space. This will, first of all, make the two methods highly comparable, in terms of
how large the applied perturbation in the parameters can be, and also prevents the
addition of yet another hyperparameter, i.e.

Vor2(0,s) = sat(Ver?(0, s), —20,, 20,). (7.23)

We propose the following update of the parameters
- 1 5 1
0=0+ §V97“ (0,s) + §Cp, (7.24)

where (), is a noise term as defined for (7.10). The gradient of the IDW function is
added to the parameters, in the hope that exploring parameter values in a direction
where our value function is uncertain, may improve our estimate. The noise term is
added to ensure some random exploration in parameter space, to collect data such
that the variance estimate of our function approximator is meaningful. A policy
estimate based on the perturbed parameters in (7.24), is obtained according to

mg(sk) = arg mgn Qp(sk, ax). (7.25)

The formulation in (7.24) and (7.25) resembles the exploration method of ran-
domized value functions, where a value function is sampled from an approximate
posterior distributed and then used for greedy action selection. However, our
approach is not completely random in sampling the value function but uses the
gradient of the variance estimate to guide the sampling. We predict V; for each
realization of # as well as different states, using p samples of states and actions
during a batch, and store it in the data set D. The data set is used to re-evaluate the
variance gradient at the beginning of the next batch, to generate a new (perturbed)
parameter vector to be used. This is summarized in Algorithm 2.

7.5.2 Convergence properties

Without considering that we are using function approximators, Q-learning will
converge under the following assumptions: (1) Greedy in the limit with infinite
exploration (GLIE), (2) the step sizes oy, satisfy the Robbins-Munro sequence. For
more details, the reader is referred to [134]. The GLIE assumption entails that (i)
all state-action pairs are explored infinitely many times, and that, (ii) as time goes
to infinity, the policy converges to a greedy policy. The second assumption (2) is
not directly related to the exploration method and is most commonly satisfied in
practice by selecting a small constant step size. Formally, we can ensure GLIE
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Algorithm 2: Variance-based exploration

1 Input : Initial MPC parameters 6y, initial learning parameters 6o, initial state
S0, data set D, batch update frequency b, learning step size «, number of
samples used to generate V' targets p, maximum number of samples in data set
M nax, parameter noise standard deviation oy, length of simulation Kpax ;

2 Output : Policy 7y

3 while £ < k,,,,, do

4 if mod(k,b) = 0 then

5 Update MPC parameters with learned parameters 6y, = 0y

6 Evaluate gradient of IDW variance (7.22)

7 Ensure that the IDW variance gradient respects bound (7.23)
8 Perturb parameters to get ), (7.24)

9 Act greedily w.r.t. current Q-estimate (7.25)
10 if mod(k,b) > p then

1 if |D| < Mgy or (|D| > Myayx and (7.21)) then
12 Calculate p—stepiprediction of Vi, (7.20)
13 Add {V]€7 Sk—p; Qk} toD

14 | Update 0, (7.8)
5 | k—k+1
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for the proposed exploration method in Section (7.5.1). The first part of GLIE
(i) is ensured by keeping a random term in (7.24) so that we ensure sufficient
exploration even though the gradient of the variance eventually may converge
to a small number. The second part of GLIE (ii) can be ensured by using a
decaying scalar i.e. 3(3Vg, #%(0), si) + 5(p) where 8 = 3, exp(—wk) and w is
hyperparameter.

7.6 Simulation examples

We apply the proposed exploration method to two simulation examples, namely
on an LQR problem and a cart pendulum system. The latter is a popular example
in the control systems literature, as it is open-loop unstable and nonlinear. For
each simulation example, we will benchmark our method with respect to both (¢)
Gaussian action noise and (¢¢) Gaussian parameter noise.

7.61 LQR

The following example is adapted from [22]. We consider a discrete linear system
of the form

Sgr1 = Asg + Bayg, (7.26)
with system matrices
_|cosp  sinfB |11 0
A=n Linﬂ cosﬂ] » B= { 0 0.9} ’ (7.27)

where we use k = 0.95, and 8 = 22° [deg]. The baseline stage cost is selected as
1 2 1 2
L(s,a) = 5“3 — Sref||” + §||a — aref|?, (7.28)

where spef = [0.1, O.I]T, and the reference input is found accordingly. The (inac-
curate) prediction model is defined as

_ COSB sinB 110
AO =K |:Sln5 COSB:| 5 BO - |:0 1:| 5 (729)

where = 20°. The parameterized MPC scheme reads as

N-1 2
min Vy + V|2 — Zret]| + J [xj _mref] 7.30a
z,u 0 v H N refHP 320 v Uj — Uref ( )
st.Vjelpn_1:x9=s5, (7.30b)
Tj+1 = Ao.%'j + Bouj, (7.30c)

(7.30d)
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using a prediction horizon of N = 10, v = 0.99 and P is the solution to the discrete
Riccati equation obtained using the inaccurate system dynamics in (7.29). The para-
meter vector is 6 = {Zref,1, Tref,2, Uref,1, Uref,2, Vo }. We consider a continuing task
and simulate the system for a total of 5000 time steps. The parameters are updated
in a batch manner, using a batch length of 200, i.e., we update the parameters in the
MPC scheme every 200 time steps. A learning rate of o = 0.1 was used. For each
exploration method, we consider a range of noise distributions, defined by varying
standard deviations. For brevity, only the best-performing ones are reported.

For the variance-based exploration method, we use p = 10, do not pose any restric-
tions on the data sampled, i.e., Mpa.x = 5000 and use the weighting function in
(7.15). The resulting IDW variance estimate (7.18) is plotted over learning batches
in Figure 7.2. The system states and actions are plotted both during exploration and
exploitation, i.e. we use MPC with the learned parameters, resulting from Gaussian
action noise and variance-based exploration, to control the system, see Figure
7.3. We also plot the norm of the parameter updates resulting from the different
exploration methods, to indicate when the algorithm converges. Additionally, we
state the cost of exploration, i.e. the sum of cost over all time steps needed to see
a convergence of the parameters, as well as the sum of cost over simulations in
exploitation, see Table 7.1. The numbers reported in Table 7.1 are found for a total
of 5 simulations run for each exploration method.

We see that the mean of the variance in Figure 7.2 is initially small but eventually
grows. The peak around 5 batches, seems to result in a larger parameter update
which can be spotted in the lower-right plot in Figure 7.3. As increasingly more
parameter values are tried out in the simulation, and data is gathered, the variance
estimate starts decreasing. From the resulting statistics in Table 7.1, we see that
Gaussian action noise for this particular problem obtains the best performance, in
terms of minimizing the cost during exploitation, but at a much higher cost during
exploration than both random perturbations as well as variance-based perturbations
in parameter space. Variance-based exploration in this case obtains a slightly higher
cost in exploitation compared to Gaussian action noise, although the same as with
Gaussian parameter noise, while being the cheapest alternative during exploration.
In Figure 7.3, we see that the empirical standard deviation of the simulated states
and actions are visibly larger for variance-based exploration than for Gaussian
action noise in exploitation, however, we note that the resulting standard deviation
in the accumulated cost is small in exploitation, see Table 7.1.
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Figure 7.2: The mean and two standard deviations of the IDW variance estimate (7.18)
over learning batches.

Table 7.1: Cost statistics for LQR simulations. The mean and standard deviation (in
parentheses) are found for a total of 5 simulations for each exploration method.

Exploration method Exploration
o Kmax > L(s,a)

Variance-based 0.1 5000 28.74 (16.52)
Gaussian noise in parameter space 0.1 5000 57.66 (6.55)
Gaussian noise in action space 0.1 5000 132.66 (1.721)
Exploration method Exploitation

kmax Y L(s,a)
Variance-based 20  0.021 (0.00)

Gaussian noise in parameter space 20  0.021 (0.00)
Gaussian noise in action space 20  0.020 (0.00)
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Table 7.2: Cart pendulum model parameters

Description Symbol Value
Cart weight M 24 kg
Pendulum weight m 0.23 kg
Acceleration of gravity g 9.81 m/s?
Pendulum length l 0.36 m

7.6.2 Cart pendulum

We consider the cart pendulum system as depicted in Figure 7.4. The dynamics of
the cart pendulum, neglecting friction, are given by

1 . 1 .
(M +m)Z+ §ml¢cos¢ = §ml¢QSin¢ +u, (7.31a)
1 o, 1 1
gml o+ imlzcoscﬁ = —imglsqu (7.31b)

with model parameters as specified in Table 7.2 and where « is the control input.
The state vector is s = [z, 2, @, ¢]T consisting of the cart displacement and velocity
along the horizontal axis, the angle between the pendulum and the vertical axis
and angular velocity, respectively. The action is a = u. The dynamics in (7.31)
are converted to a state space representation, discretized, and used to simulate
the system. A linearized version of the state space representation is used as the
prediction model in the MPC scheme. The state space representation and the
linearized dynamics are found in e.g. [142].

A 4™ _order Runge Kutta scheme is used to discretize the dynamics in (7.31), using
the step size dt = 0.1 s. We consider the following constraint, in newtons, on the
force acting on the cart

—7<a<T. (7.32)
The RL cost is given as
s — swi] | [ 0 s—s
o — Oref 4 — Oref
L(s,a) = [ a } [0 0.01] [ a ] ’ (7.33)

where spr :_[0.5, 0,0, 0]T. The linearized prediction model in the MPC scheme,
defined by A and B, is obtained from linearizing the system dynamics (7.31)
at ¢ = 0, corresponding to the pendulum being in an upright position. The
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parameterized MPC scheme reads as

N-1
min Vo +7VTp(an) + D 7o (5,u5) (7.34a)
: pard
st.Vjelpny_1:29 =5, (7.34b)
zj11 = Az; + Buj, (7.34c)
—7<u; <7, (7.34d)

where N = 30 and v = 0.99. Moreover, we parameterize the stage cost using a
quadratic function according to

-
oz, u) = [m - ‘”ref] M(6) [‘T - x“f] , (7.35)
U u
where M (0) is a positive definite matrix, with parameterized diagonal elements.
We assume that we know all state references, except the cart position, i.e. Zer =
[0c,0,0,0]. A similar parameterization is also used for the terminal cost Ty. The
resulting parameter vector consists of the elements in ¢y and T}, as well as V[ and
f.. We learn in an episodic manner, considering episodes of length 300, and let one
episode correspond to one batch in terms of when we update the parameters. We
learn for a total of 1000 batches and use a learning rate of o = 0.5. We test all three
exploration methods, for an interval of Gaussian distributions, defined by different
standard deviations, and report the best-performing distribution in each category.
For the variance-based exploration method, we use p = 110, My.x = 5000, and
the weighting function in (7.15) .

As for the previous example, we have plotted the simulated states and actions during
both exploration and exploitation, for Gaussian action noise and variance-based
exploration, as well as the normed parameter updates, see Figure 7.5. Table 7.3
lists the sum of the cost for exploration and exploitation. The main goal of learning,
in this case, is to obtain the true desired cart position, as well as tune the stage
and terminal cost. We see from the plotted cart position during exploration, that
variance-based exploration causes the system to visit positions closer to the true
reference, than using Gaussian action noise. Here, this results in a small, but still
visible improvement in both the plotted cart position in exploitation as well as the
calculated cost in Table 7.3.

The statistics in Table 7.3 are found for a total of 3 simulations in each category.
We see that Gaussian action noise in this case has very little effect, as the best
performance in exploitation was obtained with o, = 0.0001. By using a Gaussian
perturbation in parameter space we improve the performance in exploitation, while
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also reducing the cost of learning. Using variance-based exploration, we make
exploration even cheaper while achieving a similar improvement in performance.

Figure 7.4: Cart pendulum system.

Table 7.3: Cost statistics for cart pendulum simulations. The mean and standard deviation
(in parentheses) are found for a total of 3 simulations for each exploration method.

Exploration method Exploration
o Kmax > L(s,a)

Variance-based 0.1 300000 58071.39 (235.94)
Gaussian noise in parameter space 0.1 300000 60558.04 (155.20)
Gaussian noise in action space 0.0001 300000 61586.95 (0.033)
Exploration method Exploitation

Kmax > L(s,a)
Variance-based 100  47.86 (0.01)

Gaussian noise in parameter space 100  47.46 (0.03)
Gaussian noise in action space 100  48.86 (0.00)
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Figure 7.3: LQR simulation results. Upper plots: the mean and two standard deviations of
states and actions during exploration, with Gaussian action noise (left) and variance-based
exploration (right). Middle plots: the mean and two standard deviations of states and
actions during exploitation, using parameters learned with Gaussian action exploration
(left) and variance-based exploration (right). Bottom plots: the mean of parameter updates
using Gaussian action noise (left) and variance-based exploration (right).
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Figure 7.5: Cart pendulum simulation results. Upper plots: the mean and two standard
deviations of states and actions during exploration, with Gaussian action noise (left) and
variance-based exploration (right). Middle plots: the mean of states and actions during
exploitation, using parameters learned with Gaussian action exploration (left) and variance-
based exploration (right). Bottom plots: the mean of parameter updates using Gaussian
action noise (left) and variance-based exploration (right).
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7.7 Conclusion

We have presented a novel approach for variance-based exploration particularly
suited for using an MPC scheme as a function approximator in RL. The method
is based on IDW to build a variance estimate of the value function approximator,
which is computationally cheap compared to probabilistic methods such as GPs
and well-suited in an online setting. The proposed exploration method is tested
in simulation and benchmarked against Gaussian perturbations in both action and
parameter space. The results show that exploration in parameter space generally
is cheaper than exploration in action space while achieving at least a similar per-
formance in exploitation using the learned parameter values. This suggests that
Gaussian exploration in parameter space, as already suggested for NNs as function
approximators in RL, successfully can be used also with MPC. The simulation
results also revealed that variance-based exploration in parameter space further
reduces the cost of exploration, compared to Gaussian perturbations, with the same
performance in exploitation. This means that exploration can be made even cheaper,
with only a small increase in computational cost and with minor overall changes to
the existing implementation.
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Chapter 8

Conclusions and further work

This thesis has detailed contributions made on the topic of learning-based MPC for
systems that may be hard to model accurately. A detailed conclusion is given at the
end of each chapter. The following chapter presents a more general discussion and
conclusion, as well as suggestions for future work.

8.1 Summary and discussion

In Part 1 of this thesis, we have considered two different approaches for combining
MPC with supervised learning methods. Both of these approaches exploit data
to learn the entire or parts of the dynamical model, which in turn is exploited in
the MPC formulation. In Chapter 3, we looked into how NNs can be used in an
autoregressive prediction model in the MPC. We answer research question R.1 by
showing that, for a system controlled with MPC using an NN as the prediction
model, the closed-loop system is ISS w.r.t. the prediction error of the NN, under
the core assumption of the prediction error being bounded.

In Chapter 4, we use learning only for the nonlinear component of what is known as
a Lur’e system. By replacing the nonlinear component with a sector constraint, the
optimal control problem can be formulated as a convex optimization problem, hence
reducing computation time considerably and for which we are guaranteed that a
global solution is obtained. By learning a stochastic sector we are able to improve
the closed-loop performance of the controller and enlarge the feasible region of
the controller compared to using a conservative sector estimate, thus answering
research question R.2. The resulting closed-loop system comes with probabilistic
stability guarantees.

As has been previously stated, the performance of the MPC scheme relies on suffi-
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ciently accurate models. When using data-driven models in the MPC scheme, the
models are trained to reduce the prediction error as much as possible, hoping that
this will yield the best closed-loop behavior. However, the modeling, in this case,
is not directly connected to the closed-loop performance, and determining what is
"sufficient accuracy" is therefore difficult to do. Moreover, it can be challenging to
select model architectures when dealing with complex dynamical systems. Addi-
tionally, as MPC is a control algorithm based on solving an optimization problem
at every iteration, introducing complex dynamical models in the MPC scheme
is expected to increase the computation time needed to solve the optimization
problem.

An important motivation for using MPC as a function approximator in RL is that
the parameterization of the optimization problem, including the prediction model,
can be adjusted to optimize the closed-loop behavior directly. As previously stated,
parameterizing not only the prediction model but also the cost and constraints give
additional flexibility for adjusting the policy in the face of model inaccuracies. This
combination of MPC and RL was pursued in Part II of the thesis.

Parameterizing and adjusting the cost function in the MPC scheme is especially
relevant for EMPC which aims to minimize an economic cost that is not necessarily
positive definite. The generic cost function complicates the stability analysis
of EMPC compared to the more standard tracking MPC scheme. By applying
dissipativity theory, we can formulate and learn cost modifications that for certain
types of problems allow us to capture the optimal economic policy using a provably
stable MPC scheme. In Chapter 5 we propose convex NNs as cost modifications
in order to estimate the economic policy using a stable MPC scheme based on an
inaccurate prediction model.

The motivation for introducing NNs in the cost function is supported by [22], which
states that an MPC scheme with a rich parameterization of the cost and constraints
is able to capture the optimal policy even when based on an inaccurate model.
Moreover, the motivation for selecting convex cost NN, is that we can prove that
these are lower bounded by K, -functions, which is needed in order to establish
stability. Furthermore, convexity is in general a desirable property in optimization.
For the selected simulation example in Chapter 5, we benchmarked the convex NN-
based cost modifications with quadratic functions, and found little improvement in
closed-loop performance. Thus, we were not able to provide an affirmative answer
to research question R.3. The expected significance, in terms of improving the
closed-loop performance, of adding richer cost modifications is arguably problem
dependent. Also, by enforcing the convexity of the NNs we are imposing a stricter
requirement than the stability condition itself.
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In Chapter 5, we were faced with an economic problem for which Q-learning
struggled to capture the optimal policy. In order to learn both the value function and
the policy, we proposed a combination of RL methods using a null space projection.
In Chapter 6, we build on this early result and propose a different combination
based on a multi-objective approach. This naturally extends to a second-order
method, that allows us to take full advantage of the MPC as a function approximator.
Because the Hessian of the Q-learning objective is straightforward to obtain from
sensitivity analysis of the MPC scheme, we were able to improve the learning rate
of the second-order policy gradient step, which positively answers research question
R4.

Finally, we proposed a novel method for variance-based exploration for MPC in
RL. This is the first work that proposes and tests exploration in parameter space
for MPC, an approach that is currently adopted in deep RL to enhance exploration
when learning the value function or policy using NNs. Using a variance-based
exploration strategy, we achieved the same or better closed-loop performance of
MPC-based policies at a significantly lower cost during learning, compared to using
random perturbations in action space and parameter space. This is therefore an
important step towards answering R.5.

8.2 Further work

Convex cost modifications were proposed to improve the closed-loop performance
of MPC schemes based on inaccurate models. Restricting the cost modifications
to be convex functions, is a stronger requirement than what we need to establish
nominal stability, namely to show that the stage cost is lower bounded by a K,
function. However, convexity is used to establish stability by design, which is
not necessarily easy to do for a generic cost modification, and also alleviates the
computation of the optimization problem. An interesting open research question is
therefore how rich the model parameterization ought to be in order to capture the
optimal policy when using a convex cost function in the MPC scheme.

In this thesis, we proposed a method for variance-based exploration in RL. The
method was formulated and verified for deterministic systems. A direction for
future work is therefore extending and testing this method for stochastic systems.
The exploration method is based on using IDW to estimate the uncertainty of the
value function. Although IDW has been used successfully applied to data with
noise, it is mainly considered a tool for noise-free data, and other methods may be
considered when extending this exploration scheme to stochastic systems.

One benefit of combining supervised learning methods and MPC, as treated in Part
I, is that there exist sophisticated tools for training e.g. NNs using e.g. GPUs. This
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makes training NNs on large data sets offline very efficient. For the combination
of MPC and RL as used in Part II, we learn in an online setting. This allows us to
update the controller as new data is available. MPC problems in general are cheap
to differentiate, using sensitivity analysis, but typically expensive to solve. Due to
the excellent tools that exist for solving MPC in real-time, performing RL online,
i.e. while the system is being controlled, is feasible for many problems. However,
when it comes to processing large amounts of data offline, the time needed to
solve the optimization problems is impractical. The applied framework in Part IT
therefore suffers from one major drawback, namely the apparent difficulty to learn
from already existing large data sets.

An early investigation of adopting MPC as a function approximator in what is
known as an offline RL setting is done in [143]. This is a promising direction that
alleviates the need for solving the optimization problem when learning MPC-based
policies from large data sets.

As this thesis has considered only theoretical aspects of combining MPC and
learning, the final suggestion for further work is testing the proposed methods on
real systems.
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