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Abstract
Learning Model Predictive Control: Theory and Applications
by
Ugo Rosolia
Doctor of Philosophy in Engineering - Mechanical Engineering
University of California, Berkeley

Professor Francesco Borrelli, Chair

In control design, the goal is to synthesize policies which map observations to control actions.
Two key elements characterize today’s modern design problems: an abundance of historical
data and tasks which are in full or in part repetitive. The requirements are state and input
constraint satisfaction, and performance is assessed by evaluating the cost associated with
the closed-loop trajectories.

In iterative control design, the policy is updated using historical data from past executions
of the control task. The policy update strategy should guarantee

e (a) recursive constrain satisfaction,
e (b) iterative performance improvement with respect to previous executions, and

e (c) locally optimal behavior at convergence.

At present few methodologies are available to iteratively design predictive control policies,
which satisfying the above requirements. The most common approaches resort to update
the policy after performing system identification. Guarantees are provided for constraint
satisfaction, but not for iterative performance improvements and/or optimality.

This thesis introduces an iterative control design methodology for constrained linear and
nonlinear systems performing iterative tasks. It leads to algorithms which iteratively syn-
thesize predictive control policies for classes of systems, where there are few, or no tools,
currently available.

We will focus on three classes of discrete time dynamical systems: (i) constrained linear
systems, (i7) constrained nonlinear systems, and (7iz) constrained uncertain linear systems.
For these three classes of systems we study iterative optimal control problems and we exploit



knowledge of the system dynamics and historical closed-loop data in the synthesis process.
After each iteration of the control task, we construct a policy which uses forecast to compute
safe control actions, and it is guaranteed to improve the closed-loop performance associated
with stored historical data.

We call this approach the Learning Model Predictive Control (LMPC) framework. For the
above systems, we introduce the policy design which exploits historical data to compute
(7) a control invariant set that represents a safe set of states from which the control task
can be completed and (i) a control Lyapunov function which for each state of the safe set
approximates the closed-loop cost of completing the task. By using the propose syntheses,
we prove that properties (a),(b) and (c¢) can be guaranteed for the three classes of discrete
time dynamical systems under consideration.

We start by presenting the LMPC design for linear and nonlinear system subject to convex
and nonconvex constraints. Then, we focus on minimum time optimal control problems
for linear and nonlinear systems. Afterwards, we solve the robust case for linear systems
subject to bounded additive uncertainty. Finally, we present a data based policy to reduce
the computational burden of the LMPC at convergence.

In the concluding part of the thesis, we present a system identification strategy tailored
to iterative tasks and we demonstrate the applicability of the proposed approach through
autonomous racing experiments on the Berkeley Autonomous Race Car (BARC) platform.
Experimental results show that the LMPC safely learns to race a vehicle at the limits of
handling.
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Chapter 1

Introduction

In control design, the goal is to synthesize policies which map observations to control actions.
Two key elements characterize today’s modern design problems: abundance of historical
data and tasks which are in full or in part repetitive. The increasing sensing and data
storage capabilities give us precious information which can be used for control design [1].
Experimental testing may be used to assess the closed-loop performance of the system, but
the control policies deployed on experimental hardware should guarantee safety. For instance,
autonomous vehicles companies could evaluate fuel efficiency by leveraging the 11 terabyte
of data collected every day [2]. However, safety should be guaranteed at all times during
experimental testing.

In iterative control design, the policy is updated using historical data from past execu-
tions of the control task. The policy update strategy should guarantee: state and input
constraint satisfaction, iterative performance improvement and (local) optimality at conver-
gence. At present few methodologies are available to iteratively design predictive policies,
which satisfy these requirements. The most common approaches resorts to update the pol-
icy after performing system identification [3|, 4, |5, |6, |7, [8, |9]. These strategies guarantee
safety. However, the iterative performance improvements and/or optimality properties are
not analyzed, when the controller is implemented using a receding horizon strategy.

This thesis introduces an iterative control design methodology for three classes of dis-
crete time dynamical systems: constrained linear systems, constrained nonlinear systems,
and constrained uncertain linear systems. For these three classes of systems, we study it-
erative optimal control problems and we exploit knowledge of the system dynamics and
historical closed-loop data in the synthesis process. After each iteration of the control task,
we construct a policy which uses forecast to compute safe control actions, and it is guar-
anteed to improve or match the closed-loop performance associated with stored historical
data.

Forecasting the effects of the control actions is possible when at least one of the following
components is given: (i) a model to predict the system trajectory for a given initial state and
input sequence, (ii) a safe set of states from which the control task can be completed using
safe policy and (7i7) a value function, which for a given safe policy, maps each state of the
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safe set to the closed-loop cost to complete the task. These three elements play a key role
in several policy synthesis strategies such as Model Predictive Control (MPC), Approximate
Dynamic Programming (ADP) and Reinforcement Learning (RL) [10, (11} |12} |13} [14].

MPC is an established control methodology which systematically uses forecast to compute
control actions [10]. In MPC at each time step, a model is used to predict the evolution
of the system over a time horizon. The sequence of control actions is chosen such that the
predicted trajectory safely drives the system from the current measured state to the safe set,
and it minimizes the predicted cost over the horizon and the future cost given by a value
function. The MPC policy applies the first predicted input to the system, and the process
is repeated at the next time step based on the new measurement, yielding to a moving or
receding horizon control strategy.

In ADP and RL the value function mapping states or state-action pairs to the closed-loop
cost is defined over the entire state space. This value function is used to synthesis the control
policy and it affects the performance of the closed-loop system. In particular, the closed-
loop performance improves as the value function better approximates the optimal closed-loop
cost. In ADP and RL, this approximation is iteratively improved by synthesizing control
policies and evaluating their closed-loop performance, either with model-based simulations
or with model-free experiments. A survey on policy evaluation strategies used to construct
value functions is beyond the scope of this work and we refer the reader to |13, 14] for a
comprehensive review on the topic.

This thesis proposes a Learning Model Predictive Control (LMPC) framework which
exploits historical data and knowledge of the system dynamics to iteratively synthesize safe
control policies. We consider autonomous systems performing iterative tasks and we exploit
the closed-loop data in the synthesis process. Asin MPC, the proposed strategy computes the
control action after forecasting the evolution of the system over a time horizon. Similarly
to ADP and RL strategies, we use historical data to update the safe set and the value
function used in the synthesis process. We show that the proposed strategy guarantees: (i)
safety: state and input constraints are recursively satisfied, (i7) performance improvement:
the closed-loop cost does not increase at each execution of the control task, (iii): stability:
the closed-loop system asymptotically completes the task. Furthermore we show that, under
mild assumptions, if the policy update process has converged (i.e. using new closed-loop
data in the synthesis process does not change control policy), then the closed-loop behavior
is optimal for the entire task. Finally, we present a system identification strategy tailored
to iterative tasks and we demonstrate the applicability of the proposed approach through
autonomous racing experiments on the Berkeley Autonomous Race Car (BARC) platform.
Experimental results show that the LMPC safely learns to race a vehicle at the limits of
handling. Furthermore, we show that at convergence the control policy can be approximated
using a model-free strategy, which significantly reduces the computational burden, while
guaranteeing safety and performance bounds.
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1.1 Outline

This thesis is divided in three parts. The first part, which includes Chapters [4}] illustrates
the LMPC design for deterministic systems. The second parts describes the policy synthesis
strategy for uncertain systems. In particular, in Chapters we describe three design
strategies based on different parametrizations of the feedback policy, which is used to forecast
the evolution of the closed-loop system. Finally, the thirds part of the thesis illustrates
the experiments performed on the Berkeley Autonomous Race Car (BARC) platform. In
Chapter [9, we present the system identification strategy used to implement the LMPC,
and in Chapter we propose a methodology to reduce the computational complexity of
the controller once the learning process has converged. The contributions of the individual
chapters are highlighted below.

Chapter 2], Technical Background.
In this chapter, we introduce some basic notions from control theory. We will rely on these
notions throughout the thesis.

Chapter (3, Predictive Control Policies: Synthesis and Improvement.
In this chapter, we first introduce a design methodology to synthesize predictive policies
which use forecast to compute control actions. Afterwards, we survey iterative strategies
to improve the synthesis process exploiting historical data. Finally, we recall some of the
challenges associated with the design problem, which are illustrated on a numerical example.

Chapter {4, Learning Model Predictive Control for Deterministic Systems.
This chapter describes the Learning Model Predictive Control strategy for known determin-
istic systems. First we show how to use historical data to construct safe sets and approxima-
tions to the value function. Afterwards, we introduce the controller design and we illustrate
its properties. Finally, we test the proposed strategy on the constrained LQR problem and on
minimum time dubins vehicle problem. We show that the proposed strategy iteratively ex-
plores the state space to improve the closed-loop performance while guaranteeing safety. The
python code for all examples is available online at https://github.com/urosolia/LMPC.

Chapter [5|, Learning Model Predictive Control for Time Optimal Problems.
In time optimal control problems, the goal of the controller is to steer the system from the
starting point xg to the terminal point £ in minimum time, while satisfying state and input
constraints. In this chapter, we focus on these problems, and we show how to design a Time-
Varying Learning Model Predictive Controller (LMPC) which guarantees recursive constraint
satisfaction, convergence in finite time and iterative performance improvement. Compared
with the previous chapter, the safe set and approximation to the value function are time
varying. Furthermore, we show that these quantities can be convexified to design a relaxed
LMPC, which guarantees safety and performance improvement for a class of nonlinear system
and convex constraints. Finally, we illustrate the effectiveness of the proposed strategies on
minimum time obstacle avoidance and racing examples. The python code for all examples
is available online at https://github.com/urosolia/LMPC.

Chapter [6, Learning Model Predictive Control for Uncertain Systems.
In this chapter, we first illustrate the challenges associated with the computation of safe sets
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from stored data of uncertain systems. Afterwards, we present an LMPC design method-
ology, where we used tools from set theory to construct robust safe set and approximation
to the value function. We show that the proposed strategy guarantees recursive robust
constraint satisfaction, iterative worst-case performance improvement and convergence to a
neighborhood of the origin, regardless of the disturbance realization. Furthermore, we show
that the computational burden associated with the LMPC design may be reduced using
sampled closed-loop trajectories. In particular, we use roll-outs of the closed-loop system to
approximate the safe set and the value function. Finally, we test the proposed strategy on a
uncertain double integrator exampled and on parking problem.

Chapter [7| Robust LMPC via Feedback Policy Parametrization.
As we have discussed in the previous chapters, the LMPC computes the control action by
solving a finite time optimal control problem over a moving time window. When uncertainty
is acting on the system, the control problem is carried over a space of feedback policies.
Such space should contain the safe policies, which may be used to complete the control task
from any state into the safe set. If this condition is not verified, then the control design
is challenging. In this chapter, we proposed an adaptive prediction horizon strategy which
allows us to pick the space of feedback policies used by the LMPC independently form the
terminal safe set. First, we illustrate how to construct robust robust sets from historical
data and we characterized the associated safe control policies. Then, we propose an iterative
LMPC design procedure, where data generated by a robust controller at iteration j are used
to design a robust LMPC at the next j 4 1 iteration. We show that this procedure allows us
to iteratively enlarge the domain of the LMPC policy and it guarantees recursive constraints
satisfaction, input to state stability and performance bounds for the certainty equivalent
closed-loop system. The effectiveness of the proposed control scheme is illustrated on a
linear system subject to bounded additive disturbance.

Chapter 8 Certainty Equivalent Learning Model Predictive Control.
In the previous chapters we presented robust LMPC strategies based on different parametriza-
tion of the control policies. The computational burden associated with these strategies in-
creases with the respect to the nominal case, as the controller forecasts the evolution of the
system using feedback policies. In this chapter, we represent the uncertain system as the
summation of a certainty equivalent and an error dynamics. Then, we propose a robust
LMPC policy which exploits the certainty equivalent system to predict a nominal trajectory
and the error dynamics to guarantee robust constraint satisfaction. The main advantage
of proposed strategy is that the on-line computational cost does not increase with respect
to the nominal case. Nevertheless, we show robust constraint satisfaction and performance
improvement properties for the closed-loop system.

Chapter [9, System Identification for Autonomous Racing.
In this chapter, we illustrate the system identification strategy used to implement the Learn-
ing Model Predictive Controller (LMPC) for autonomous racing. We model the autonomous
racing problem as a minimum time iterative control task, where an iteration corresponds to
a lap. The system trajectory and input sequence of each lap are stored and used to system-
atically update the controller for the next lap. The first part of this chapter, we introduce a
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local LMPC which reduces the computational burden associated with the strategy proposed
in Chapter dl Afterwards, we present a system identification strategy for the autonomous
racing iterative control task. We use data from previous iterations and the vehicle’s kinematic
equations of motion to build an affine time-varying prediction model. The effectiveness of
the proposed strategy is demonstrated by experimental results on the Berkeley Autonomous
Race Car (BARC) platform.
Chapter Data-Based Policy.

As we have discussed in the previous chapters, the control action given by the LMPC policy
is computed solving a finite time optimal control problem over a moving time horizon. This
receding horizon strategy allows the controller to deviate from the previous iterations of
the control task in order to improve the closed-loop performance. In this chapter, we show
how to synthesize a data-based policy, which does not explore the state space, but it is
able to math the closed-loop performance of the trajectories used in the synthesis process.
Therefore, this strategy may be used to reduce the computational burden of the LMPC
once the learning process has converged. The proposed strategy is model-free and can be
applied whenever safe input and state trajectories of a system performing an iterative task
are available. These trajectories, together with a user-defined cost function, are exploited
to construct a piecewise affine approximation to the value function. The approximated
value function is then used to compute the control action by solving a linear program. We
show that for linear system subject to convex cost and constraints, the proposed strategy
guarantees closed-loop constraint satisfaction and performance bounds for the closed-loop
trajectory. We evaluate the proposed strategy in simulations and experiments, the latter
carried out on the Berkeley Autonomous Race Car (BARC) platform. We show that the
proposed strategy is able to reduce the computation time associated with the LMPC policy
by one order of magnitude while achieving the same performance.



Chapter 2

Invariant Sets and Control Lyapunov
Functions

We recall some definitions from set theory |10, Chapter 10] and the definition of Input-to-
State-Stability, which will be used throughout this thesis.

2.1 Invariant, Reachable and Controllable Sets for
Deterministic Systems

In this section, we consider the following deterministic system

T = [y, uy) (2.1)

where the state x; € R™ and the input z; € R”. Furthermore, we introduce the state and

input constraints

For system ({2.1)) subject to constraints (2.2 we recall the following definitions.

Definition 1 (One-step predecessor set to the set 8) For the system (2.1) , we de-
note the one-step predecessor set to the set S as

Pre(S) £ {x € R" : Ju el s.t. f(x,u) €S} (2.3)

Definition 2 (One-step controllable set to the set §) For the system (2.1), we de-
note the one-step controllable set to the set S as

Ki(S) = Pre(S) N X. (2.4)

IC1(S) is the set of states which can be driven into the target set S in one time step while
satisfying input and state constraints. N-step controllable sets are defined by iterating Iy (S)
computations.
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Definition 3 (IN-step controllable set ICn(S)) For a given target set S C X, the N-
step controllable set Kn(S) of the system (2.1) subject to the constraints (4.2) is defined
recursively as:

K;(S) 2 Pre(K,1(S)) N X, Ko(S)=S, jefl,....,N} (2.5)

From Definition [3] all states x¢ of the system (2.1]) belonging to the N-Step Controllable Set
Kn(S) can be driven, by a suitable control sequence, to the target set S in N steps, while
satisfying input and state constraints.

Definition 4 (Maximal controllable set ICo, (O)) For a given target set O C X, the
mazimal controllable set Koo (O) for system (2.1)) subject to the constraints in (4.2)) is the
union of all N-step controllable sets Kn(O) contained in X (N € N).

We will use controllable sets K (O) where the target O is a control invariant set [15]. They
are special sets, since in addition to guaranteeing that from Ky (O) we reach O in N steps,
one can ensure that once it has reached O, the system can stay there at all future time
instants. These sets are called stabilizable set.

Definition 5 (IN-step (maximal) stabilizable set) For a given control invariant set O C
X, the N-step (maximal) stabilizable set of the system (2.1)) subject to the constraints (4.2)
is the N-step (maximal) controllable set Kn(O) (Kx(O)).

Since the computation of Pre-set is numerically challenging for nonlinear systems, there is
extensive literature on how to obtain an approximation (often conservative) of the maximal
stabilizable set [16].

Definition 6 (One-step successor set from the set 8) For system (2.1)) we denote the
one-step successor set from the set S as

Suce(S) £ {z € R* : Jz(0) € S,Fuecl st. f(x(0),u) =z} (2.6)

Definition 7 (Positive invariant set) A set O C X is said to be a positive invariant set
for the system (2.1)) and the feedback policy m(x), if

re0— f(z,n(z)) € O.

2.2 Invariant, Reachable and Controllable Sets for
Uncertain Systems

In this section, we consider uncertain linear time invariant systems. The following definitions
will be used later of to synthesize robust controllers.
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Definition 8 (Robust positive invariant set) A set O C X is said to be a robust pos-
itive invariant set for the uncertain autonomous system x; = Axy + wy, with w, € W

if
re0 — Ar+we O, Yw e W.

Definition 9 (Robust control positive invariant set) A set C C X is said to be a ro-
bust control positive invariant set for the uncertain system x;.1 = Axy + Buy + wy, with

wy €W and uy €U, if
re€C—Jueld: Ar+ Bu+weC, Yw e W.

Positive robust positive invariant and robust control positive invariant will be used through-
out this thesis to guarantee robust constraint satisfaction.

Definition 10 (Robust successor set) Given a control policy 7(-) and the closed-loop
system xy 1 = Axy + Br(xy) + wy, we denote the robust successor set from the set S as

Suce(S, W) = {xyy1 € R" : Jzy € S, Fwy € W such that xyy1 = Axy + Br(zy) + w, }.

Given the initial state x;, the robust successor set Succ(zy, VW) collects the states that the
uncertain autonomous system may reach in one time step.

Definition 11 (IN-step robust reachable set) Given a
control policy 7(+) and the closed-loop system x4 = Axy + Br(zy) + wy with w, € W for all
t >0, we recursively define the N-step robust reachable set from the set S as

Ristik1(S) = Suce(Riiix(S), W), Rioi(S) =S
for k =4{0,..., N —1}. Robust reachable sets are also referred to as forwards reachable sets.

Given a linear time-invariant system, the N-Step robust reachable set R;_;4n (S, W) collects
the state which can be reached from the set S in N-steps.

2.3 Lyapunov and Input-to-State Stability

This section introduces the definitions of Lyapunov stability and Input-to-State Stabil-
ity (ISS).

Definition 12 (Lyapunov stability) The equilibrium point x = 0 of the autonomous sys-
tem x4 = f(xx) is stable in the sense of Lyapunov if Ye > 0 there ezists § > 0 such
that

l|lzol| < €= ||z]] <0, VE>0.

In the following, we introduce sufficient conditions to verify stability of an equilibrium point
of the autonomous system x;,1 = f(z).
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Proposition 1 Consider the equilibrium point x = 0 of system x4 = f(xy,uy). Let Q@ C R"
be a closed and bounded set containing the origin. Assume there exists a function V : R" — R
continuous at the origin, finite for every x € ), and such that

V(0) =0 and V(z) > 0,Vx € Q\ {0} (2.7a)
V(f(x))—V(z)<O. (2.7b)

Then x = 0 is asymptotically in the sense of Lyapunov on 2.

Definition 13 (Lyapunov function) A function V(-) satisfying conditions is
called a Lyapunov Function.

Next, we introduce the definition of control Lyapunov function. We will exploit control
Lyapunov functions to guarantee closed-loop stability.

Definition 14 (Control Lyapunov function) Consider system x4 = f(xy,us) subject
to the state and input constraint, x; € X and u; € U. Assume that S is a control invaraint
set and h(x,u) is the stage cost of the control problem. Then, the function @ : R™ — R is a
control Lyapunov function over the set S if
Ve €S, Inelgll [h(x,u) +Q(f(x,u)) — Q(x)} <0.
Finally, we recall the definition of Input to State Stability (ISS) of a robust invariant set
[17], which extends the more widely known notion of ISS of an equilibrium point 18}, |19} |20,

21]. We use the standard function classes K, Ko, and KL notation (see [22]) and we define
the distance from a point z € R" to a set O C R" as

A
[zlo = inf [|z — d[|2.
Definition 15 (Input to State Stability (ISS) [17]) Let O be an robust positive invari-

ant set for the autonomous system x,1 = Axy + Br(x;) + wy with wy € W. We say that the
closed-loop system is 1SS with respect to O if for allw, e W, t >0, xg € X

-----

where B(-,-) is a class-KKL function and (-) is a class-K function.
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Chapter 3

Predictive Control Policies: Synthesis
and Improvement

In this chapter, we first introduce a design methodology to synthesize predictive policies
which use forecast to compute control actions. Afterwards, we survey iterative strategies to
improve the synthesis process exploiting historical data. Finally, we illustrate some of the
challenges associated with the design problem using a numerical example.

3.1 Dynamic Optimization and Predictive Control

The goal of the synthesis process is to design a control policy which guarantees safety and
optimal performance for the closed-loop system. These objectives can be often described by
a dynamic optimization problem. For instance, consider a dynamical system described by
the update equation x;1 = f(xy, ut) where the control input u; € R? and the system state
x; € R™. For a control task starting at x(0), the control policy should apply to the system
the optimal sequence of inputs Uy = {u}, u], ...} solving the following infinite time optimal
control problem:

min Z h(xy, uy) (3.1a)

UQ,UT 5 P
subject to: x4 = f(zg,we), Vt € {0,1,...} (3.1b)
€ X,u € UVE€{0,1,...} (3.1¢)
zo = x(0). (3.1d)

In the above dynamic optimization problem, safety is encoded through the sets X and U,
which represent state and input constraints in (3.1¢). The performance of the closed-loop
system is quantified by the running cost A(:,-) which we would like to minimize.

!For simplicity we assumed that the system is deterministic, the synthesis process for uncertain systems
in described in Chapters
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For a particular task starting from z(0), one may be tempted to compute the optimal
input sequence to Problem and apply it to the system. There are two difficulties
associated with this idea. First, the infinite (or long) duration of the autonomous task can
easily render the solution to hard. Second, the model f(-) used to predict the evolution
of the real system can be inaccurate, and even a small prediction error which cumulate at
each time step can comprise the success and/or optimality of the closed-loop behavior. To
alleviate both issues, it is common practice to (i) predict over a horizon N shorter than task
duration and (i7) continuously measure the state of the system, say once every time step,
and then recompute new control sequences with updated information from the environment.
Commonly, the procedure we have described above is referred to as Model Predictive Control
(MPC) |10, 23], |24}, |25, 26, 27]. At the generic time ¢, an MPC policy solves the following
problem

N-1

min Rz, ut) + Q(zn) (3.2a)
UQ,., UN 1 p—y

subject to:  wi1 = fx,ue),Vt € {0,...,N — 1} (3.2b)

r € X u, €UVt €{0,...,N—1} (3.2¢)

ry € Xy, (3.2d)

zo = x(t). (3.2¢)

where x(t) is the measured state at time ¢.
Let Uy = {ui(z(t)),...,uj_1(x(t))} be the optimal solution of (3.2) at time ¢. Then,
the first element of Uy is applied to the system and the resulting MPC policy is:

™ (2(t)) = ui(z(t)). (3.3)

In the above equation we use wu;(x(t)) to emphasize that the optimal solution depends on
the current state z(t). Later on, whenever obvious, the simpler notation v} will be used. At
the next time step t + 1, the optimization problem is solved again based on the new
state g = x(t + 1), yielding a moving or receding horizon control strategy.

Problem compared to problem (3.1)) is solved over a shorter horizon N, and it uses
a terminal cost @(-) and terminal constraint set Xy to “approximate” cost and constraints
beyond the perdition horizon.The choice and the role of Q(-) and Xy are critical in MPC
design and will be discussed at length later in this chapter.

We point out that it is important to distinguish between the real state z(¢) and input
u(t) of the system at time ¢, and the predicted states x; and inputs u, in the optimization
problem. Indeed, often a more complex notation is used, where one differentiates between
the state xy; at time k predicted at time ¢, and the state x4 at time k predicted at time
t + 1. We will use the complex notation later on whenever necessary.
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3.2 Review of Iterative Improvement Strategies

Exploiting historical data in order to iteratively improve the performance of MPC policies
has been an active theme of research in the past few decades [3], 4, 5, 6, 7, 28 18, 29, [30} |31},
32, [33]. The key idea is to use the stored state, input and cost data to update at least one
of the following elements which define the MPC policy: 1) the prediction model in (3.2b]),
i1) a safe set used as a terminal constraint set in and 7i7) a value function used as a
terminal cost function in ((3.2al).

Policy evaluation strategies used to estimate value functions from historical data are stud-
ied in Approximate Dynamic Programming (ADP) and Reinforcement Learning (RL) [14]
13 [12]. For instance, direct strategies compute the estimate value function which best fits
the closed-loop cost data over the stored states. On the other hand, in indirect strategies the
estimate value function is computed by iteratively minimizing the temporal difference |34}
35]. A survey on policy evaluation strategies goes beyond the scope of this thesis, we refer
the reader to 13| |14] for a comprehensive review on this topic.

The integration of MPC with system identification strategies used to estimate the pre-
diction model has been extensively studied in the literature [3, 6, 5|, [7, 4, 29, 8, |36, |37} [31}
38]. In adaptive MPC strategies [39, 40, |41} 42, 43, |44} 45, 46|, set-membership approaches
are used to identify the set of possible parameters and/or the domain of the uncertainty
which characterize the system’s model. Afterwards, robust MPC strategies for additive [47]
or parametric [48| 49] uncertainty are used to guarantee robust recursive constraint satisfac-
tion. Another strategy to identify the system dynamics is to fit a Gaussian Process (GP) to
experimental data [5} |7, 4,6, 50]. GP can be used to identify a nominal model and confidence
bounds, which may be used to tighten the constraint set over the planning horizon. This
strategy provides high-probability safety guarantees [50, |5, 7]. The effectiveness of GP-based
strategies on experimental platform has been shown in 7], 6], where an MPC is used to race
a 1/43-scale vehicle and to safely fly a drone. Regression strategies may also be used to
identify a nominal model and the disturbance domain used for robust MPC design [8], |51}
52]. For instance, the authors in [8, 51, 52,9, 53] used a linear regression strategy to identify
both a nominal model and the disturbance domain used for robust MPC design. In [9, 53]
the authors computed norm error bounds for the nominal model and afterward they used a
system level synthesis strategy for robust control design [54].

Model-based and data-based approaches for computing safe sets have also been proposed
in literature [55, |56} 57, 58, |59} 36, 37, [60, 61, 62]. In reachability-based strategies safe
sets are computed solving a two players game between the controller and the disturbance
[55, 56, |57]. Furthermore, these strategies provide a control policy which can be used to
guarantee safety by robustly constraining the evolution of the system into the safe set [55].
Also viability theory may be used to compute safe sets [58]. The authors in [58] showed how
to compute an inner approximation of the viability kernel and demonstrated the effectiveness
on a RC-car set-up. The authors in [59] proposed a linear model predictive safety certification
framework, where a safe sets is computed exploiting closed-loop data generated by a robust
controller. In |36, |37] the authors computed safe sets combining stored trajectories with
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polyhedron and ellipsoidal invariant sets. Another approach is proposed in [60] where the
stored trajectories are mirrored to construct invariant sets.

3.3 Safety and Performance in Predictive Control

It is clear that the prediction model plays a crucial role in determining the success of MPC
policies. If the prediction model is inaccurate, then the closed-loop system will deviate from
the MPC planned trajectory. This deviation may result in poor closed-loop performance and
safety constraint violation. It is less obvious that, when a perfect system model is used to
design an MPC policy, the wrong choice of terminal constraint set and terminal cost function
may cause undesirable closed-loop behavior.

Recall that the predictive controller and plans the system’s trajectory over a
horizon of length N, which is usually much smaller than the task duration in . With
short horizon N the controller only takes shortsighted control actions, which may be unsafe or
may result in poor closed-loop performance. For instance, in autonomous racing a predictive
controller that plans the vehicle’s trajectory over a short horizon without taking into account
an upcoming curve, may accelerate to the point that safe turning would be infeasible. In
this example, shortsighted control actions would force the closed-loop system to violate the
safety constraints at a certain time instant. Furthermore, shortsighted control actions may
lead to poor closed-loop performance. Consider an autonomous agent trying to escape from
a maze along the shortest path, a predictive controller may take a sub-optimal decision, if
the short prediction horizon does not allow the controller to plan a trajectory which reaches
the exit.

In order to avoid such situations, we need to design controllers which take into account
the evolution of the system beyond the prediction horizon. As mentioned earlier, a com-
monly used solution is to introduce a terminal cost Q(-) and terminal constraint set Xy in
problem in order to “approximate” cost and constraints from time N to competition
of the control task. The choice and the role of Q(-) and Xy are critical in any MPC de-
sign. Properly chosen Q(-) and Xy ensure safety and performance bounds for closed-loop
system despite short horizon N. In particular, the terminal constraint set X' should be an
invariant set and the terminal function Q(-) should be a Lyapunov function over Xy, for
the autonomous system controlled by uj, = v(z; ]

3.3.1 Example: Loss of Feasibility and Optimality

In this section, we illustrate on a numerical example that shortsighted control actions may
lead the controller to unsafe or poor closed-loop behaviors. We consider the following double

integrator system
11 0
Teel = g 1 Ty + 1] we

2A formal definition of invariant set and Lyapunov function can be found in Section
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subject to the state constraint z; € X = {z € R? : ||z]|« < 15} and the input constraint
u €U = {u € R? : ||ul|los < 15} for all t > 0. In order to regulate the system to the origin,
we implemented the MPC policy without a terminal cost and constraint, with @) = I,
R =10 and for different horizon lengths.

Figure [3.1] shows the comparison between different closed-loop trajectories and the op-
timal one. We notice that for N = 3, the MPC is not able to regulate the system to the
origin. In particular, shortsighted control actions steer the system to a state from which the
finite time optimal control problem (3.2)) is not feasible. On the other hand, for N = 4 the
MPC is able to complete the regulation task, but the closed-loop behavior is suboptimal.

25
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Figure 3.1: Loss of feasibility and optimality. We notice that for N = 3 the controller steers
the system to the state x = [11.64; 11.64] from which Problem (3.2)) is not feasible. On the
other hand, for N = 4 the MPC completes the regulation task, but the closed-loop trajectory
is not optimal.
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Chapter 4

Learning Model Predictive Control
for Deterministic Systems

In this chapter, we introduce the Learning Model Predictive Controller for deterministic
systems. First, we show how historical data can be used to construct control invariant sets
and control Lyapunov functions. Afterwards, we exploit these quantities in the controller
design, which guarantees recursive constraint satisfaction and non-decreasing closed-loop
cost at each iteration. Finally, we test the controller on deterministic linear and nonlinear

systemf].
4.1 Problem Formulation
This section introduces the control problem. We consider the discrete time system
Tip1 = [ (@0, w), (4.1)

where the state x; € R™ and the input u, € R™. We assume that f(-,-) is continuous and
that state and inputs are subject to the following constraints

At the jth iteration the vectors

w o= [uf), ujla ) uga ]7 ( )
x =[x}, 2}, .., 2, ], (4.3b)

collect the inputs applied to system (4.1) and the corresponding state evolution. In (4.3)),

2] and u] denote the system state and the control input at time ¢ of the jth iteration. We

LAll code is available at https://github.com/urosolia/LMPC
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assume that at each jth iteration the closed loop trajectories start from the same initial
state, i.e., ’
xy =uxg, Vj > 0. (4.4)

Our objective is to design a controller which solves the following infinite horizon optimal
control problem at each iteration:

Josoo(Ts) = ugrqain Z h(xs, ut) (4.5a)
B

st xg1 = flog,w), Ve € {0,1,...} (4.5b)

xtGX,utEU,VtE{O,l,} (45C)

To = g, (4.5d)

where equations (4.5b]) and (4.5d)) represent the system dynamics and the initial condition,
and (4.5¢) are the state and input constraints. We assume that the stage cost h(:,-) in
equation (4.5al) is continuous and it satisfies

h(zg,0) =0 and h(mi,ui) =0V x{ e R™\ {xF},ui e R™\ {0},

where the final state x g is assumed to be a feasible equilibrium for the unforced system (4.1)),
that is f(zp,0) = xp. Throughout this chapter we assume that a local optimal solution to
Problem (4.5)) exists and it is denoted as:

x* = (x5, a7, ..., T}, ..,

u = [y, uy, .., up,

Remark 1 By assumption, the stage cost h(-,-) in 15 continuous, strictly positive
and zero at xp. Thus, an optimal solution to converges to the final point xp, i.e.
lim; 00} = xp.

Remark 2 In practical applications each iteration has a finite-time duration. It is com-
mon in the literature to adopt an infinite time formulation at each iteration for the sake
of simplicity. We follow such an approach in this chapter. Our choice does not affect the
practicality of the proposed method.

Figure shows two closed-loop trajectories for an iterative regulation task, where
the goal of the controller is to steer the system from zg towards zp. Next, we show that
these closed-loop trajectories can be used to construct a safe set of states from which the
control task may be completed. Afterwards, we construct a value function which maps each
state of the safe set to the closed-loop cost.
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Figure 4.1: Representation of two closed-loop trajectories in the phase plane for the iterative
regulation control problem. Notice that both trajectories start from the same state z§ =
r} = x4 and reach the same terminal state z% =z} = zp.

4.2 Safe Set

In this section, we exploit the iterative nature of the control problem to construct safe sets.
We show that the set of states visited during a successful iteration is safe. This fact is used
to define discrete, convex and local safe sets which will be used in the controller design to
guarantee recursive constraint satisfaction for the closed-loop system.

4.2.1 Sampled Safe Set

We notice that, if 77(+) is a feedback policy which is able to safely execute the desired task,
then the set of states visited by closed-loop system

2l = flal, 7 (a])

is safe. Indeed, if at time & of the ith iteration the system’s state z} equals a state :Eg which
has been visited at time ¢ of the jth iteration, then the feedback policy 7/(-) will drive the
system along the jth trajectory. This obvious fact is a consequence of the system been
deterministic and it implies that states visited during successful iterations are safe. More
importantly, if the policy 7/(-) steers the system to an equilibrium point, then the set of
visited states is a control invariant set. Thus, at iteration j we define the sampled Safe Set
SS7 as the set of successful closed-loop trajectories, i.e.,

SS/ = { U Gxt} (4.6)

where the set ’ .
M’ = {z € [0,7] : tli)m Ty = xp} (4.7)
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collects the indexes 7 associated with successtul iterations for ¢ < j. Notice that by definition
M? C MJ,Vi < j and therefore S§' C S§7,Vi < j.

Remark 3 Note that SS can be interpreted as a sampled subset of the mazimal stabilizable
set Koo(xp) from Chapter@ as for every point in the set, there exists a feasible control action
which satisfies the state constraints and steers the system towards xp.

4.2.2 Convex Safe Set

In this section, we introduce the convexification of SS?. For linear systems and convex
constraints, this convexifications will allows us to compute the control action by solving a
convex optimization problem.

We define the convex safe set set as the convex hull of SS? from (4.6)),

CS’ = conv(SS?)

‘ ‘ . I I (4.8)

={z eR":Vie{0,..,5},3IN > 0 such that Z)\]]l =1l,x= Z)\Jw]}.
=0 i=0

Notice that for linear time invariant system subject convex state and input constraints, the
above convex safe set is a control invariant set. Therefore, it may be used in a predictive con-
trol schema to guarantee recursive constraint satisfaction. The convex safe set and sampled
convex safe set are shown in Figure [4.2]

@® Sampled Safe Set ‘
1 convex Safe Set . 3;} xh =25, Vi >0

v

1‘F:$2:l‘é

Figure 4.2: Representation of the convex safe set and sampled safe set constructed using two
closed-loop trajectories.
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4.2.3 Local Sampled Safe Set

The sampled safe set SS’ and the convex safe set CS’ from the previous section are con-
structed using the successful closed-loop trajectories up to the jth iteration. Therefore, as
more iterations are performed, the number of data points used to construct these quanti-
ties increases. In this section, we introduce a local sampled safe set, which for each state
xi € SS&7 is constructed using a fixed amount of stored data. This property, as we will see
later on, will allow us to reduce the computational burden associated with the controller.

We define the local safe set around = € S&’ as the collection of the K-nearest neighbors
to x from the [th to the jth iteration, i.e.,

LS (z U U = (4.9)

i=l teKi(x)

where, for the jth trajectory, the set X’ (z) collects the time indices of the K-nearest neigh-
bors to the state z. Basically, K7(z) = {t7*,..., %} for

K
(117, 5] = argmin Y [[af, — al 3
=1
s.t. Zfi 7& tk, W) 7& k
t;e{1,2,..},Vie{l,...,K}.

4.3 Q-functions

This section introduces sampled, convex and local ()-functions, which approximates the value
function over the safe sets from the previous Section[4.2] These approximations are computed
simply evaluating the cost-to-go associated with the stored closed-loop data. Later on, we
will show that these ()-functions allow us to guarantee iterative performance improvement
for the closed-loop system, when used as terminal cost in a predictive control schema.

4.3.1 Sampled Q-function

At time t of the jth iteration, the cost-to-go th_m associated with the closed-loop trajectory
(4.3b]) and input sequence (4.3a) is defined as the summation of the running cost, i.e.,

Tsoo(w]) = Zh xkauk (4.10)

where h(-,-) is the stage cost of the problem 1} In the above equation 1’ xfc and ufc
are the realized state and input at the jth iteration, as defined in (4.3)). The above cost-to-go



CHAPTER 4. LMPC FOR DETERMINISTIC SYSTEMS 20

is used to the define the Q-function Q’(-) over the sample safe set SS”,

min Jj, (a}), ifz eSS
z} €SS

Q’(z) = § = : (4.11)
+ o0, if v ¢ SS7

Remark 4 The function Q?(-) in 15 a control Lyapunov function which assigns to
every point in the sampled safe set SS7 the minimum cost-to-go along the trajectories in
S&7 e,

Vo € 887, Q1 (x) = Jioo(x) = Y hlag ,up), (4.12)

k=t*

;K . . . . . . . .
where xj. is function of x and it is the minimizer in :

zl, = argmin J',__(z!), forxz e SS.
t Iiessj t— ( t) (413)

T
Ti=x

4.3.2 Convex Q-function

In this section, we define the convex ()-function, which interpolates the cost-to-go over the
convex safe set CS’. In particular, we define the convex Q-function Q4(-) as the barycentric

interpolation of Q7(-) from (4.11]),

Q) =min 33 NI ()

G
s.t. i i Nl =, (4.14)
=0 t=0
J oo
HIE
i=0 t=0

where the cost-to-go J;_, . (-) is defined in (4.10). Notice that that Problem is a
parametric LP and therefore Q(-) is a continuous piecewise affine convex function [10),
63]. In particular, convex @Q-function is a piece-wise affine interpolation of the cost-to-go
associated with the states stored in SS7, as shown in Figure . Finally, we underlined that
for linear systems subject to convex state and input constraints, the convex Q-function is a
control Lyapunov function and it will allow us to guarantee iterative closed-loop performance
improvements.
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® ()-function

— convex (-function TG00 (0) = (G, uf) + J7 0 (21)

I (@) = R, ) + T3, (a9)

Jgﬂoo(frg) = h(TQ:“z) + J’%%oo( g)

J?—)oo(Tg)_h(m"}au?) J4—>oo( )

0
Tp =1 T3 x5 0 T

v

o= @

, Vi

v

0

Figure 4.3: The figure shows the Q)-function and the convex Q)-function constructed using one
stored trajectory. We notice that the )-function is defined over a set of discrete points, and
the convex Q-function is defined over a convex domain. In particular, the convex Q)-function
a piece-wise affine interpolation of the ()-function.

4.3.3 Local Q-function

The number of data points used to construct the @-function and the convex @)-function from
the previous sections increases as more iteration are performed. In this section, we introduce
a local approximation to the value function, which for each :ci € 887 is constructed using
a fixed number of data points. In particulate, we define the local -function over the
local sampled safe set £S(z) around 7 € SS’ as the minimum cost-to-go over the stored
trajectories, i.e.,
min J¢, (2}), if x € LS (7)
zieLST(x)

Ql(z,2) =< ", , (4.15)

+ 00, if v ¢ LS (7)
where the cost-to-go J/, (-) is defined in (4.10). The above local Q-function assigns to
every state of the local sampled safe set £S5’(Z) the minimum cost-to-go along the stored
trajectories. Notice that the above local ()-function evaluated along a closed-loop trajectory
is a control Lyapunov function. Later on, we will use this property to compute a state
2, € 8§’ which guarantees that the function Q{ (+, ) is a control Lyapunov function for the
closed-loop system. In particular, we will compute z; exploiting the planned trajectory at

time ¢t — 1.
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4.4 Control Design

Finally, we introduce the iterative control design procedure. At each iteration j, we store
the closed-loop trajectory and we construct the safe set and @-function, as described in
Sections [A.2]4.3] Afterwards, we exploit these quantities to design the Learning Model
Predictive Controller (LMPC) for the next j + 1 iteration of the control task.

4.4.1 LMPC Policy

At time t of iteration j, the LMPC policy solves the following finite time constrained optimal
control problem

t+N—1
Jein(zt) = w miilN y [ Z Pkt wre) +Qj71(xt+N\t) (4.16a)
tltr Ut N—1[t it
ste Ty = f(@rge, upp), Ve € {t,... .t + N =1} (4.16D)
Tpp € X, upe €U VR €{L,...,t+ N -1} (4.16¢)
xt+N|t S SSj_l, (416d)
Ty = 77, (4.16¢)

where (4.16b]) and (4.16d|) represent the system dynamics and initial condition, respectively.
The state and input constraints are given by (4.16c). Constraint (4.16d) forces the terminal
state into the set SS?~! defined in equation (4.6).

Let , , ‘
*j *,] *,j
u =lu, ... u ]
tit4N|t tfe o Y N—1ge
U e (4.17)
t:t+N|t tler s Ve Nt

be the optimal solution of (4.16) at time ¢ of the jth iteration and J;"7;7(27) the corre-

sponding optimal cost. Then, at time ¢ of the iteration j, the first element of u;?/ Nt is
applied to the system (|4.1)) ' o .

up = (27) = (4.18)
The finite time optimal control problem is solved at time t+1, based on the new state

Tyy1je41 = T4y, yielding a moving or receding horizon control strategy.

Assumption 1 At iteration j = 1 we assume that SS'~' = SS° is a non-empty set and
that the trajectory x° € SS° is feasible and convergent to xp.

Assumption [1] is not restrictive in practice for a number of applications. For instance,
in autonomous racing one can always run a path following controller at very low speed to
obtain a feasible state and input sequence.
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B Closed-loop at time 0 of iteration 2 B Closed-loop at time 1 of iteration 2
@® Sampled Safe Set ® Sampled Safe Set
% Predicted Trajectory at time 0 * Y Predicted Trajectory at time 1 .xf
*
xrs * zs
zl e ® 1
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(a) LMPC predicted trajectory at time t = 0. (b) LMPC predicted trajectory at time ¢ = 1.

Figure 4.4: The blue dots represent the samples safe set from and the green stars represent
the planned open-loop trajectory given by the optimal solution to problem (4.17)). Finally,
the red squares represent the closed-loop trajectory. Notice that at time ¢ = 0 the state of
the system equals the starting states zg, and at time ¢ = 1 the state of the system equals
the first predicted state at the previous time step t = 0.

Figures [4.4aH4.4b)] illustrate how the LMPC works. In particular, we reported the safe
set, the planned open-loop trajectory and the closed-loop trajectory for two consecutive time
instants. Notice that at time ¢ = 0 of iteration j = 2, the predicted trajectory starts from zg
and lands on the stored state z3 € SS*. As shown in Figure the predicted trajectory is
not required to lay into the safe set and the controller is free to explore the state space. As a
results, at time ¢ = 1 the closed-loop trajectory deviates from the safe set. Figure [4.4b|shows
that the state of the system 2? does belong to the safe set, however the controller still plans
an open-loop trajectory which steers the system back to a visited state. This strategy allows
the LMPC to safely explore the state space in order to iteratively improve the closed-loop
performance, as we will see in Section [4.5

4.4.2 LMPC Relaxations

The terminal constraint set in is the sampled safe set SS’. Therefore, Problem (4.16])
is a Mixed Integer (MI) optimization problem and computing the control action given by
the LMPC policy is expensive. In this section, we show two strategies which may be used
to reduce the computational burden.

4.4.2.1 Convex LMPC

The computational cost may be reduced convexifying the terminal cost and constraint in
Problem (4.16)). In particular, we use the convex safe set (4.8)) as terminal constraint and
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the convex @-function (4.14)) as terminal cost. For linear systems subject to convex state
and input constraints, we solve the following convex optimization problem

t+N—1 Jj—1 oo
FEINEI R N D SR ICYRTES 9 DEVE IE ] B CRES
YoV N -1t =t i=0 k=0
A0, N
st @y, = f @k ), VE € {t, .. t+ N —1} (4.19b)
N >0,vi€{0,1,....,},ke{0,1,...,} (4.19d)
Jj—1 oo Jj—1 oo
=3 Nl S A= (4.190)
i=0 k=0 i=0 k=0
Let [u] tl JIUU uij: N1 .] be the optimal input sequence to the above problem. Then, the convex

LMPC policy applies to the system (4.1)) the first element of the optimizer vector

J

ul LMPC,j (

= Trv xl) = ug; (4.20)

Later on we will show that for linear system, convex cost and constraints, this strategy guar-
antees recursive constraint satisfaction and non-increasing closed-loop cost at each iteration,
as shown in the Section [£.7.4] of the Appendix.

4.4.2.2 Local LMPC
The computational burden associated with the LMPC (4.16)) and (4.18) may be reduced

using the local convex safe set LS?(+) as terminal constraint and the local Q-function Q7(, -)
as a terminal cost function. In particular, we define the following finite time optimal control
problem

LMPC, ] 7 oI\ .
J; Ht+N(fEta z) = min
Uty Ut 4 N—1|t

st @ppap = f(@pp k), Ve € {t,.. ., t + N — 1} (4.21b
Tpe € X, ugy €UVE € {t, ..., t+ N -1} (4.21c
Tong € LSz, (4.21d
Ty = zl, (4.21e

t+N—1 ) ‘
X Ao ) + Qa2 (121a)
k=t

)
)
)
)
where, for zj. = argmin__ 59z Q] "(z, 2]), the the vector

, L fte1=0
dys = {”””?i N (4.22)

Ty Otherwise
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represents a candidate terminal state for the planned trajectory in (4.21)) at time ¢ + 1. Let

[uihf, e ’ugiNfllt] be the optimal input sequence to (4.21)). Then, the local LMPC policy
applies to the system (4.1]) the first element of the optimizer vector
ul = m" () = ). (4.23)

Notice that the local safe set is a set of discrete points and is a MI problem.
However, the number of integer variables does not grow as more iteration of the control
task are performed. In the result Section [£.6.2] we will show that this strategy allows us
to reduces the computation burden of the LMPC. Furthermore, it possible to show the this
strategy preserves the LMPC properties for nonlinear system, non-convex cost and non-
convex constraints, as shown in the Section [4.7.5| of the Appendix.

4.5 Properties

In the this section, we show that the LMPC and in closed-loop with system (4.1))
guarantees recursively feasibility, stability and non-increasing closed-loop cost at each iter-
ation. We focus our discuss on the LMPC from Section [£.4.1] However, similar arguments
can be used to prove similar properties for the LMPC relaxations presented in Section [4.4.2]

For more details we refer to Sections and of the Appendix.

4.5.1 Recursive feasibility and stability

As discussed in Section , for every point in the set SS?, there exists a feasible control
sequence that can drive the system to the terminal point zp. The properties of SS? and
Q?(+) are used in the next proof to show recursive feasibility and asymptotic stability of the
equilibrium state zp.

Theorem 1 Consider system controlled by the LMPC (£.16) and (#.18). Let SS’ be
the sampled safe set at iteration j as defined in (@) Let Assumption hold, then the LMPC
and 1s feasible for all t > 0 and iteration 5 > 1. Moreover, the equilibrium

point xr is asymptotically stable for the closed loop system , (4.16) and at every
iteration 5 > 1.

Proof The proof can be found in Section of the Appendiz.

4.5.2 Performance improvement and convergence properties

In this section we show two results. First, the jth iteration cost Jg _oo(+) does not increase
as j increases. Second, if the closed-loop system converges to a steady state behavior in
the iteration domain, then the steady state trajectory is a local optimal solution to the
infinite horizon control problem (4.5). In the following, we use the fact the Problem (4.16)

. . . . . . . LMPC, ] . LMPC, ]
is time-invariant at each iteration j and we replace J,"};7 \(-) with Jgx ().
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Theorem 2 Consider system in closed loop with the LMPC' controller and
. Let SS7 be the sampled safe set at the jth iteration as defined in @ Let As-
sumptz'on hold, then the iteration cost Ji_, . () = S50 h(x], ul) does not increase with the
iteration index j.

Proof The proof can be found in Section of the Appendiz.

Next, we assume that the LMPC (4.16)) and (4.18)) converges to a steady state trajectory
x5°, 27°,. ... Wetry to answer the following question: “What is the link between such steady

state trajectory and an optimal solution to (4.5)7”. We introduce the following finite time
optimal control problem closely linked to Problem (4.5]),

T-1
jt*_>t+T(wt) = mhr; Z (g, ug) + Q> (xr) (4.24a)
""" - k=0
st gy = flog,u), Ve € {0,...,T — 1} (4.24b)
T € X, UkEU,Vk’E{O,...,T—l} (4.24C)
- (4.24d)
Ty = Ty (4.24e)

where the running cost in (4.24al), the dynamic constraint in (4.24b)), the state and input
constraints in (4.24c) are the same as in (4.5).

Remark 5 Compare Problem with Problem . Problem uses an horizon
T, possibly longer than the horizon N of Problem . Moreover, the terminal set of
Problem 15 a subset of the terminal set of Problem . Therefore, for T = N,
every optimal solution to which is feasible Problem s also optimal.

For the sake of simplicity we assume that Problem (4.5) is strictly convex and discuss
the non-convex case in remark [Gl

Assumption 2 Problem 18 strictly convex.

Theorem 3 Consider system in closed loop with the LMPC' controller and
with N > 1. Let 8§’ be the sampled safe set at the jth iteration as defined in .
Let Assumptions 1-2 hold and assume that the LMPC controller and converges
to the steady state input u> = lim;_,o, W’ and the steady state trajectory x*° = lim;_,o X7, for
iteration j — oo. Denote Int(S) as the interior of the set S, and recall the definition of ones-
step predecessor Pre(-) and successor Succ(-) sets from Chapter @ If x3° € Int(Pre(x3%,))
and x5, € Int(Succ(zy®)) for all k > 0, then (X9, p,ugy, ) s the optimizer of the finite
horizon optimal control problem with initial condition xy = x° for all t > 0 and for
all T > 0.



CHAPTER 4. LMPC FOR DETERMINISTIC SYSTEMS 27

Proof The proof to the above Theorem can be found in Section[[.7.5 of the Appendiz.

Remark 6 When problem 1s non-convex, only local properties can be shown. In par-
ticular if one assumes that all local optimal solutions of and are strict, then the
proof of Theorem 3 could be modified to show local optimality of (x5%r, ug%,) for the finite
horizon optimal control problem ja‘_ﬁ(xs) for all T > 0.

4.6 Examples

In this section, we test the proposed LMPC strategies on linear and nonlinear problems.
First, we use the convex LMPC from Section to solve the constrained linear quadratic
regulator problem. Afterwards, we solve a minimum time nonlinear obstacle avoidance
problem using the local LMPC from Section In all example, the controller was
able to iteratively improve the closed-loop performance while satisfying state and input
constraints. All python code is available onlind?

4.6.1 Constrained Linear Quadratic Regulator

In this section, we test the proposed LMPC on the following infinite horizon constrained
linear quadratic regulator (CLQR)

o0

foozs) = min 37 [fael § + [l 3 (4.25)

T =0

11 0
s.t. Tyl = 0 1 Ty + 1 ut,Vt S {O, 1, - } (4251:))
—15 15

[_15} << M e {01, (4.25¢)
—5<u <5Vte{01,...}, (4.25d)
Ty =1xg = [-15 1]7. (4.25¢)

Firstly, we compute a feasible solution to using a suboptimal controller. This feasi-
ble trajectory is used to initialize the convex LMPC (4.19)) and , which is implemented
in CVXPY [64] with N = 3. At each jth iteration, the convex safe set and convex Q-function
are constructed using the stored data up to iteration j — 1. Finally, each jth iteration has
an unknown fixed-time duration #; = min {t € Zo. : [|z]|[3 < 107%}.

Figure shows the sampled safe set, the optimal trajectory to (4.25) and the closed-
loop trajectory at iteration j = {1,2,4,20}. We notice that the LMPC deviates from the

2All code is available at https://github.com/urosolia/LMPC, the first example in the folder Lin-
earLMPC| and the second one in the folder Non_LinearLMPC/DubinsObstacleAvoidance_SampledSafeSet


https://github.com/urosolia/LMPC
https://github.com/urosolia/LMPC/tree/master/LinearLMPC
https://github.com/urosolia/LMPC/tree/master/LinearLMPC
https://github.com/urosolia/LMPC/tree/master/NonlinearLMPC/DubinsObstacleAvoidance_SampledSafeSet
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Figure 4.5: Sampled safe set, optimal trajectory to (4.25) and closed-loop trajectory at
iteration j = {1,2,4,20}. We notice that the LMPC iteratively improves the performance
of the closed-loop system, until it converges to the optimal closed-loop behavior.
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first feasible trajectory used to construct the safe set in Figure [£.5a] At the first iteration,
the closed-loop trajectory shown in Figure is far from the optimal one. However, as
more iteration are performed, the LMPC closed-loop trajectory gets closer to the optimal
one (Fig. 4.5b| and Fig. until the two trajectories overlap, as shown in Figure m
Finally, Figure [4.6| shows the iteration cost which is non-increasing at each iteration, until it
converged to a steady-state value. We underline that the closed-loop cost converged to the
optimal one within a 1078% tolerance. As a result the closed-loop trajectory associates with

the LMPC overlaps with the optimal solution to the CLQR (4.25]), as shown in Figure m

G73.40 4
—e— |teration Cost
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---- Optimal cost

G73.30

G73.20 4

G73.15

G73.10

G73.05 4

T T T T
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[teration

Figure 4.6: Evolution of the iteration cost through the iterations.

4.6.2 Minimum Time Dubins Car

In this section, we test the proposed LMPC on the time optimal dubins car problem [65] in
discrete time. The controller’s goal is to steer the system from the starting point xg to the
unforced equilibrium point zz in minimum time, while avoiding an obstacle. The minimum
time optimal control problem is formulated as the following infinite time optimal control
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problem
Tro(ws) = min 3 T (20) (4.26a)
ag,at ... k=0
Zii1 2 vicos(6y)
st me= |y1| = |ye| + |vesin(6y) | ,Vt € {0,1,...} (4.26b)
Vt+1 Ut ay
(2t = Zobs)? | (Yt = Yobs)®
: ——+ ! - 2 Lvte{01,.. ) (4.26¢)
s<a; <sVte{0,1,...} (4.26d)
zo=1x5=[0 0 0], (4.26¢)

where the indicator function in (4.26al) is defined as

if
1, (o) =40 HrFer (4.27)
0, ifxp=2xap

In Equation , s = 1 is the known acceleration saturation limit which simulates the
behavior of the friction circle [66, 67]. Equations (4.26b)-(4.26€) represent the dynamic
constraint and the initial conditions, respectively. The state vector x; = [z, y¢, v¢] collects
the car’s position on the Z — Y plane and the velocity, respectively. The inputs are the
heading angle #; and the acceleration command a;. Finally, (4.26c) represents the obstacle
constraint, enforcing the system trajectory to lay outside the ellipse centered at (zops,Yobs)-

Table 4.1: Time steps to complete the task at each jth iteration

Iteration j o 1 2 3 4 5 6 7 8 9 10
Iteration Cost | 39 19 17 16 16 16 16 16 16 16 16

We implemented the local LMPC (#.21) and (4.23) with N = 6, the running cost
h(zi,u;) = 1., (z;) and constraints (4.26b)-(4.26c). We set xr = [54,0,0]", a. = 8 and
be = 6. At the 0-th iteration, we computed a feasible trajectory that steers system ({4.26))
from xg to xp using a brute force algorithm. For efficient techniques to compute collision-free
trajectories in the presence of obstacle we refer to |68} (69, 70]. This feasible trajectory is used
to construct the local sampled safe set £S°(-) and the terminal cost Q¥(+) using K = 10 near-
est neighbors from the last 2 trajectories (i.e. { = j — 1 in (4.9)). Therefore, Problem (4.21])
is solved computing at most 20 nonlinear optimization problems. We coded the algorithm
from [62, Section 5.A.1)] and we used [IPOPT [71] to solve the nonlinear programs.

We run the LMPC and for 10 iterations. Table shows that the cost
is decreasing until it converges to a steady state value after 4 iterations. The closed-loop
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Figure 4.7: Comparison between the first feasible trajectory x° and the steady state trajec-
tory x10 at the 10th iteration.
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Figure 4.8: The acceleration and steering inputs associated with the closed-loop trajectory
x10 at the 10th iteration.
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Figure 4.9: The velocity profile of the closed-loop trajectory x° at the 10th iteration.

trajectory and the associated input sequence at the 10th iteration are reported in Figures

[4.9] We notice that the acceleration input is close to saturation, as we would expect from a
local optimal solution to the minimum time Problem . Similarly to a bang-bang
controller, the local LMPC (4.21]) and first accelerates until the dubins car reaches
the midpoint between the initial and final position. Afterwards, the controller decelerates
to reach the xp with zeros velocity, as shown in Figure [£.9 Finally, we underline that in
discrete time the minimum time cost is given by the number of time steps needed to reach
the terminal point, therefore it is not surprising that the acceleration is not saturated all time
steps. Indeed an acceleration profile similar to the one shown in Figure that saturates
the acceleration at all time steps would lead to a trajectory with the same associated cost.
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4.7 Appendix

4.7.1 Proof of Theorem [1

The proof follows from standard MPC arguments.

By assumption SS° is non empty. From we have that SS” C S&7!' Vj > 1, and
consequently SS7~! is a non empty set. In particular, there exists a feasible trajectory
x" € S8° € 887! From (4.4) we know that xé = x5 V7 > 0. At time ¢t = 0 of the jth
iteration the N steps trajectory

xo.y =[x, 29, ..,2%] € S§7 7, (4.28)

and the related input sequence,
[uga u(1)7 Tty u?VflL (429)

satisfy input and state Constrains @—. Therefore — is a feasible solu-
tion to the LMPC (| and (]E at t = 0 of the jth iteration.

Assume that at tlme t of the jth iteration the LMPC ( - ) and is feasible and let
X, i N ,and u;/ LNt be the optimal trajectory and input sequence, as deﬁned in (4.17). From
(4.16bf) and - the realized state and input at time ¢ of the jth iteration are given by

(4.30)
ut = utlt
The terminal constraint (4.16d)) enforces e N|t e 8§71 and, from (4.12),
Q] 1( t+N|t) Jz*—mo t+N|t Zh (4.31)

k=t*

Note that zi.., = f(x}, ui.) and by the definition (£.13)) z}. = "
n (4.1) and (4.16b)) are assumed identical we have that

t+N|t Since the state update

oy (4.32)

J
Tit1 = Lopqpe

At time t + 1 of the jth iteration the input sequence

*,J *,J *,J i*
[ut+1|t7 Uplopr o Upin_1jes U] (4.33)
and the related feasible state trajectory
*7] *7] *]
[$t+1|t7 Ty lofr o TyN—1)e :Ut*, 33t*+1] (4.34)

satisfy input and state constrains (4.16b))-(4.16€]). Therefore, (4.33))-(4.34) is a feasible solu-

tion for the LMPC (4.16]) and (4.18)) at time ¢ + 1.
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We showed that at the jth iteration, Vj > 1, (i): the LMPC is feasible at time ¢ = 0 and
(i): if the LMPC is feasible at time ¢, then the LMPC is feasible at time ¢ 4+ 1. Thus, we
conclude by induction that the LMPC in and is feasible V5 > 1 and t > 0.
Next we use the fact the Problem is time-invariant at each iteration 7 and we
replace J;"757 \(+) with J3"% (). In order to show the asymptotic stability of xp we have to
show that the optimal cost Jg“j‘]\? s a Lyapunov function for the equilibrium point z of
the closed loop system ) and [15] Continuity of J;"%/(-) can be shown as in [73].
From . ), Jo"(x) = 0 Vo € R” {xp} and J5"% (zr) = 0. Thus, we need to show that
J(')“:CA?( -) is decreasing along the closed loop trajectory.
From (4.32) we have x;”,, = ], which implies that

t+1\t

TR (i) = T ). (4:35)

Given the optimal input sequence and the related optimal trajectory in (4.17]), the optimal
cost is given by

N-1
Jossx (@) = min Z W@, urge) + Q7 (@) | =

Ut Ut N1t =0
N-1

. h *,J *,J h JZ *,J i

- (xt|t’ut|t) + ( t+k\t7 t+k|t> + t*ﬁOO< t+N\t) -
k=1
N-1

o (4.36)
= h(ay )+ by, ) + Z h(zh  ul)
k=t*

= h(-ﬁ{f» U:It]) + h(x;]k\t’ t+k|t> +h(ag,up) + Q7 (whyy) >
=1
> Ryl ugl) + Jo5H (@),

where xi. is defined in (4.13)).

Finally, from equations (4.18]), (4.30) and (4.35)-(4.36)) we conclude that the optimal cost
is a decreasing Lyapunov function along the closed loop trajectory,

ol

Jo¥ (@) = ISR (2]) < —h(2f,ul) <0,V 2] € R"\ {zr}, Vu] € R"\ {0} (4.37)

Equation (4.37), the positive definitiveness of h(-) and the continuity of J;"%/(-) imply that
rr is asymptotically stable. [ |

4.7.2 Proof of Theorem 2l

First, we find a lower bound on the jth iteration cost JJ ,_(-), ¥ j > 0. Consider the realized
state and input sequence (4.3 at the jth iteration, which collects the first element of the



CHAPTER 4. LMPC FOR DETERMINISTIC SYSTEMS 35

optimal state and input sequence to the LMPC (4.16)) and (4.18]) at time ¢, V¢ > 0, as shown
in (4.30). By the definition of the iteration cost in (4.10)), we have

Tee(zs) =Y h(xy ™) =

=D M@l + Y k(e >
t=N

= | | (4.38)
> bl ul )+ QT ey ) >
t=0
> min [ (g, ug) +Q“(a:zv)] = Joon (73)-
UQ -y UN—1
k=0

Then we notice that, at the jth iteration, the optimal cost of the LMPC (| and
at t =0, Jo"%(x}), can be upper bounded along the realized trajectory (&3] . ) using 1

Jos¥ (@) 2 hlxg,up) + JoH () =

> h(wh, uh) + h(af,ul) + Jo"d (0]) > (4.39)

t—o00

t—1
> lim [Z (], ul) + Jgi(z\‘/](xi)] :
k=0

From Theorem 1 zp is asymptotically stable for the closed loop system (4.1)) and (??) (i.e.
limy oo 27 = 2 ), thus by continuity of A(-,-)

lim JEN () = S () = 0. (4.40)
From equations (4.39)-(4.40))
o () > Zh T t}) = S oo (), (4.41)

and finally from equations (4.38)) and (4.41)) we conclude that

T se(@s) = TR (30) = S eo(s), (4.42)

thus the iteration cost is non-increasing. [ |
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4.7.3 Proof of Theorem [3

By assumption, system in closed loop with the LMPC controller and (| -
converges to a steady state traJectory x>°. This implies that both the sampled safe set 557
and the terminal cost Q7(-) converge at steady state, i.e, for j — oo, xI — x>, 8§57 — 55
and Q7 (-) = Q>(+). From (4.37) we have that

Joon (@7) > h(@®,u) + JoU 5T (a) 2
> h(xgth ) + h(xt 1 USy) + Jaw(;voo(ﬂvfo2) >
o + t+ — + (4'43)

Z h(@i s uisy) + sumZph(ay, wie) | VT > 0.
k=0

From definition (4.6), we have that x* € SS8™. In equation (4.43)), pick 7" = N and
from (4.43) we have:

N—

JS\I;(NOO xy° h( $t+k> ut+k + Qoo(xt-s-N) (4.44)
k=0

,_.

From (4.44)) we conclude that the cost associated with the feasible state and input trajectory

X§3+N = [x;x)7 x?—?—l’ e I?j-N] (4 45>
uto:OtJrN = [uz?ov uz?ilv sy utoiNfl]

is a lower bound of the optimal cost Jy"\ 3 (27°). Therefore, (x79, y, ugy, ) is an optimal

solution to the LMPC — for any t and for 7 — oo.

From remark [5 and from the above results, we have that (x¢7, v, u%, ;) is an optimal
solution to the optimal control problem defined in (4.24)) with initial condition z; = z7° and
T = N. The corresponding optimal cost is J;",,, x(25°).

Next, we prove that x5, ., and ug3, ., is the optimal solution to the finite time optimal
control problem with initial condition x; = z7° and 7' = N + 1. The corresponding
optimal cost is j;k iang1(22°). From time-invariance we focus on the case ¢ = 0 and refer to
Problem (4.24) with initial condition zg = 5° and T'= N + 1 as Jj_, y,1(25°).

We proceed by contradiction and assume that the optimal solution to problem Jg_, . (25°)
is (TGy 115 Ugen41) different from (X3 1, UGN 41)-
Define N feasible trajectories, for a € (0, 1),

%013+1 = [2% -2y, ad 4 (1 — @)™, a3y, - a4 (4.46)
with @ = [1,..., N]. By assumption 27° € Int(Pre(z33,)) and 235, € Int(Succ(x;°)) for all

k > 0. This implies that there exists an o > 0 such that the trajectory & v, and its related
input sequence 4,y , are feasible for problem J;_, y 1 (25°).
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For easier readability we introduce the function Jyn41(-) which evaluates the cost of
the N + 1-steps trajectory:

N
Jo-s N1 (X0in41) Zh xp ) + QTN 4)- (4.47)
k=0

We notice that, by optimality of (x79, y,ugs, y) for all t > 0, we have

Josn(@EN) > Josn(xSy), Vie{l,...,N —1}, (4.48)
Jisn1(FiNa) > Jiona (Xvyq), Vi€ {2,..., N} (4.48b)
From we have
N-1 N-1

h(Z2™ a) + Q(2%°) > h(xi,uil) + Q(2X) Vie {1,...,N — 1}. (4.49)

k=0 0

i

Moreover, we know that #%° = ¢ and 4%° = w3y Vi € {1,...,N — 1}, therefore by
definition of the terminal cost (4.11)) and from (4.49) we have

N
Zh (&5, 0,%) + Q(237%,) > Zh zpsul) + Q) Vie{l, ... . N -1}, (4.50)
k=0

which implies
Joosn41(ENa) > Joosni1(Xna)s Vi€ {1,...,N—1}. (4.51)
Moreover, from the fact that 25> = 3 and 4> = u$°, Vi = {2,..., N} and from (4.48b))
we have
h(%oo i OO) + Jl%NJrl(j;ZlOszﬂ) > h(% » U ) + JlHNH(XCl)?NH)a Vi e {27 T N}- (4-52)
From (4.51)) and we conclude that

Joosn1(E5N 1) > Josni (Xgvg), Vi€ {1,..., N}, (4.53)

Define the trajectory Zgy,,; as convex combination of x§5y ; and the trajectories in
(4.46),

11 1
i=1
From (4.46]) we have that Z3y,; can be expressed also as a convex combination of the optimal

3 .00 o0
trajectory Zgoy,q and Xgoy g,

e o 2N —a
Lo:N+1 = ﬁxO:NH + WXO:NJA' (4.55)



CHAPTER 4. LMPC FOR DETERMINISTIC SYSTEMS 38

Concluding from (4.54) and Assumption 2, we have that

Joon 1 (xGn11) < Joosvi (Fonsn) < Jooner (o) (4.56)

,,,,,

Furthermore, from (4.55) and Assumption 2, we have that

Jo-sn41(257) < Joosn41(Z57) < Joosn+1 (Xginv1)- (4.57)

Finally, from and we have a contradiction and we conclude that (X3, 1, Uiy 1)
is the optimal solution of the finite time optimal control problem with initial condition
¢y = x° and T = N + 1. The above procedure can be iterated for 7' = N + 2, T' =
N + 3,...which proves the Theorem. [

4.7.4 Convex LMPC Properties

In this Section, the properties of CS’ and Q/(-) are used to show recursive feasibility and
asymptotic stability of the equilibrium point xp.

4.7.4.1 Recursive Feasibility and Stability

We show that for deterministic liner system
Tir1 = Aflft + But, (458)

the convex LMPC guarantees recursive constraint satisfaction and stability goal state xp for
the closed-loop system.

Theorem 4 Consider system controlled by the LMPC controller (4.19) and (4.20)).
Let CS? be the conver safe set at iteration j as defined in (@ Let Assumption |1| hold,
then the LMPC and 15 feasible ¥ t € Zgy and iteration 5 > 1. Moreover, the
equilibrium point xg is asymptotically stable for the closed loop system and at

every iteration j > 1.

Proof The proof follows from standard MPC arguments. By assumption CS® is non empty.
From @ we have that CS® C CS'™' Vj > 1, and consequently CS’™' is a non empty
set. In particular, there exists a trajectory x° € CS° C CS'~L. From we know that
a:% =uxg Vj > 0. At time t = 0 of the j-th iteration the N steps trajectory

(20, 2V, ..,2%] € CST, (4.59)

and the related input sequence,
[uga u(1)7 '~'>U9V—1]7 (460)
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satisfy input and state constmins (1.190)-(4.191). Therefore ([4.59)- is a feasible solu-

tion to the LMPC' (4.19) and (4.20) at t = 0 of the j-th iteration.
Assume that at tzme t of the j- th iteration the LMPC' (4.19 (-) and ({.20) is feasible and let
Xt:zSJ+N|t and uy; t+N|t be the optimal trajectory and input sequence. From (4.190) and (4.20
the realized state and input at time t of the j-th iteration are given by

ol =z

i (4.61)
ul = ut|t
Moreover, the terminal constraint (4.19€) enforces xt+N|t € CS' and, from ([&.14),
Jj—1 oo
*,k k
T = D2 DN (4.62)
k=0 t=0
We define
Jj—1 oo
=Y Y Ny, € (4.63)
k=0 t=0
and
Jj—1 oo j—1 oo
= Az, t+N|t + Bu = Z Z AV k<AIt + But> = Z Z )\f’kxfﬂ eCcs’ (4.64)
k=0 t=0 k=0 t=0

Since the state update in and are assumed identical we have that

Ty = T, (4.65)

At time t + 1 of the j-th iteration the input sequence and the related feasible state trajectory

[u fﬁuw :;fmt7 e Z—'zN 1t ul, (4.66a)
[ t+1|t7 :+2|t7 ) ;{N 1)t fﬁmﬁ f] (4.66b)

satisfy input and state constrains —. Therefore, is a feasible solution for

the LMPC' (4.19) and (4.20}) at time t + 1.

We showed that at the j-th iteration, ¥j > 1, (i): the LMPC' is feasible at time t = 0 and

(ii): if the LMPC is feasible at time t, then the LMPC is feasible at time t + 1. Thus, we

conclude by induction that the LMPC in and is feasible Vi > 1 and t € Zg. .
Next we use the fact the Problem 15 time-invariant at each iteration j and we

LMPC, ]

replace J.; 5}, n(+) with JCL‘E)P;]N() In order to show the asymptotic stability of xp we have

to show that the optimal cost, J “‘ng( -), is a Lyapunov function for the equilibrium point xp
of the closed loop system 44 561/ and (f4 QQ) l Continuity of Jc”(’)”_fN( ) can be shown as in
l Moreover from (4.19 Jé‘gifN( ) =0V 2zeR"\{zp} and Jé"g(_fN(xF) = 0. Thus, we
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need to show that J"“E)PijN(-) is decreasing along the closed loop trajectory.
From (4.65) we have xt+1|t = x{H, which implies that

‘]c”(l)li)]N(xt—l—Ht) Jcl‘gi)]N(mt—i-l) (4.67)

Given the optimal input sequence and the related optimal trajectory and the definition of the
Q7Y - the optimal cost is given by

N—-1
JL“S’C’]'N(Q;%') = min Z h($k|t, Uk|t) + Qj_1($N|t) =
o= Ug|gse Ut p N—1|t —o N
' ‘ N-1
= h(x:ft]? u:ftj) + Z h’<xt—fk|t7 t+k|t> + QI (= t+N|t) (4.68)
k=1
N-—1 j—1 oo 00
7‘ " 9. 7k“
= h(z;] ugl) + h(xtiku’ R Z Z Ay Z h(af g, ufyy).
k=1 k=0 t=0 1=0

We can further simplify the above expression using (4.14), (4.62)-(4.64) and the fact that
h(-,+) is jointly convex in the arguments,

=

—1 i—1 oo
LMPG,J J\ *J % *,J *,J § : *k k k
Jc,0—>N<$t) - h(xﬂt ) ut\t) + h(‘rt+k\t= ut+k|t) + )‘t h(xt ’ U’t)
k=1 k=0 t=0
j—1 oo 00
*,k k k
+ E At E Py uiyy)
k=0 t=0 =1
N-1 i—1 oo i—1 oo
*J %] *,J xk_k kK
Zh("tﬂt?utu)‘f‘ h(z Lo Lkt t+k|t)+h< E At xt?E E At ut>+
k=1 k=0 t=0 k=0 t=0
j—1 oo
*k 7k k
+ E Ao (1)
k=0 t=0
t|t’ t|t +§ :h t+k\t7 t+k|t>+h( +N|t7 u) + QL ()
, LMPC,J
> h(xﬂtv t|t) + J 0—>N( t+1\t)-

B B (4.69)
Note that, in the above derivation, we used the fact that \f = 0 and )\fﬂ = )\*k VEk e

{0,7—1}, t € Zo, is a feasible solution to problem (8.13) and therefore Y 2 Ay’ thk_m xt 1

is a upper bound for QI~1(Z). Finally, from equations (4.20}), (4.61) and (-)
we conclude that the optimal cost is a decreasing Lyapunov function along the closed loop
trajectory,

Jeooin (@) = JepSn(@l) < —h(ay,ul) < 0¥ 2} € R*\ {ar} (4.70)
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Equation , the positive definitiveness of h(-,-) and the continuity of J;‘(’)P;]N() imply
that xr is asymptotically stable.

4.7.4.2 Performance Improvement and Convergence Properties

In this section we show two results. First, the jth iteration cost JJ_,_(-) does not increase
as j increases. Second, if the closed-loop system converges to a steady state behavior in
the iteration domain, then the steady state trajectory is a local optimal solution to the
infinite horizon control problem (4.5 . In the following, we use the fact the Problem (4.19))
is time-invariant at each iteration j and we replace J;‘;'i;i Ly (+) with J;‘SZJN( ).

Theorem 5 Consider system in closed loop with the LMPC' controller and
(-) Let CS? be the convex safe set at the j-th iteration as defined in (@ Let As-

sumption (1| hold, then the iteration cost J(HOO( -) does not increase with the iteration index
J-

t\t’ t|t> Jé‘é@v(ﬁfut)-

Proof Notice from the Follows from (4.69)) that Jé‘g;’]N(xt) > h(x}
Therefore, the proof follows as in Theoreml

Theorem 6 Consider system i closed loop with the LMPC'" controller and
4.20) with N > 1. Let CS’ be the sampled safe set at the jth iteration as deﬁned mn

Let Assumptzons“ 4 hold and assume that the LMPC' controller (4.19 (u and (4.20 converges
to the steady state input u™ = lim;_,. u’ and the steady state trajectory x> = hmjﬁOO x’, for
iteration j — oo. Denote Int(S) as the interior of the set S, and recall the definition of ones-
step predecessor Pre(-) and successor Succ(-) sets from Chapter |4 If x73° € Int(Pre(a33,))
and x5, € Int(Succ(xp®)) for all k > 0, then (X35, ugy, ) is the optimizer of the finite
horizon optimal control problem with initial condition x, = x° for all t > 0 and for
all T > 0.

Proof The proof follows as in Theorem [3

4.7.5 Local LMPC Properties

Finally, we describe the properties of the local LMPC policy (4.21) in closed-loop with
system (4.23). In particular, we show the local LMPC strategy guarantee recursive constraint
satisfaction, closed-loop stability and performance improvement.

Theorem 7 Consider system (| controlled by the local LMPC (4.21)) and ( - Let
4

LS?(z) be the local sampled safe set at iteration j as defined in and 2 the vector

from (4.22)). Let Assumption [1] hold, then the LMPC and 4.23) is feasible for all

t > 0 and iteration 5 > 1. Moreover, the equilibrium point xp is asymptotically stable for

the closed loop system , (4.21) and at every iteration j > 1.
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Proof The proof follows from standard MPC" arguments.
By definition xf\, € ESO(zg). Therefore, at time t = 0 of the jth iteration the N steps
trajectory

xo.y = 23, 2V, .. 2%, (4.71)

and the related input sequence,
[ugu u(1)7 "'7u9\771]7 (472)

satisfy input and state constrains (4.210)- . Therefore -(4.79) is a feasible solu-
tion to the local LMPC' (4.21) and (4.25) at t = 0 of the jth iteration.

Assume that at time t of the jth iteration the LMPC and (4.23) is feasible and let
X::’5+N|t and uy; t+N|t be the optimal trajectory and input sequence. From (4.210) and (4.2
the realized state and input at time t of the jth iteration are given by

xl =
P (4.73)
ul = utlt
The terminal constraint (4.21d|) enforces x:_fMt € L8712 and, from ,
Q{_1< :JZN\tv %) = i oo(2] t+N|t Zh CHRTHY (4.74)

k=t*

Note that, by the definition [{22), =i, = f(zi,ult) = 21, and zit = xtiN‘t. Since the
state update in (4.1) and (4.16b) are assumed identical we have that

Tl = T (4.75)

At time t + 1 of the jth iteration the input sequence

%,j *,J %,j i*
[“t+1|t> UsLopps - Ut N1t Uy, (4.76)

and the related feasible state trajectory

[ ;fma $:12|t7 S fiN 1)t Tiey Tpeyy € LS (Zt+1>] (4.77)

satisfy input and state constrains (4.21b))-(4.21€). Therefore, - 1s a feasible so-
lution for the LMPC and at time t 4 1.
We showed that at the jth iteration, ¥j > 1, (i): the local LMPC is feasible at time t = 0
and (ii): if the LMPC is feasible at time t, then the LMPC' is feasible at time t + 1. Thus,
we conclude by induction that the local LMPC in and 15 feasible V7 > 1 and
t>0.

The stability of the closed-loop system can be shown as in Theorem[9 In particular, we
can exploit feasibility of — and the definition to show that the local LMPC

cost JZL‘t’Zf+N( ) is a control Lyapunov function for the closed-loop trajectory.
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Theorem 8 Consider system in closed loop with the LMPC controller and
. Let LS (z;) be the local sampled safe set at iteration j as defined in , and z; the

vector from (4.22). Let Assumptz’on hold, then the iteration cost Ji_, . (-) = > o h(a], ul)
does not increase with the iteration index j.

Proof The stability of the closed-loop system can be shown as in Theorem[3. In particular,

we can exploit feasibility of (4.76)-(4.77) and the definition (4.9) to show that the local LMPC

cost JlLlflig+N($g) < h(wf,uf) + J;:ingN(xg—l—l)
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Chapter 5

Time-Varying LMPC for Time
Optimal Control Problems

In time optimal control problems, the goal of the controller is to steer the system from
the starting point xg to the terminal point xp in minimum time, while satisfying state
and input constraints. These problems have been studied since the 1950s [74, |75, 76, |77]
and it was shown that the optimal input strategy is a piece-wise function which saturates
the input constraints |74, 75, [76]. Furthermore, while investigating the solution to time
optimal control problems, researches formalized the maximum principle which describes the
first order necessary optimality conditions [78, |72]. For linear systems, time optimal control
problems can be solved applying the maximum principle. However, for nonlinear systems
the optimality conditions are hard to solve, as those are described by a two boundary value
problem for a system of nonlinear differential equations [72].

In this chapter, we focus on nonlinear time optimal control problems, and we design
Time-Varying Learning Model Predictive Controllers (LMPC) which guarantees recursive
constraint satisfaction, convergence in finite time and iterative performance improvement.
Compared with the previous chapter, the safe set and Q-function are time varying. Further-
more, we show that convexifing the time varying safe set and -function allows us to reduce
the computational cost while guaranteeing safety and performance improvement for a class
of nonlinear system and convex constraints. Finally, we illustrate the effectiveness of the
proposed strategies on minimum time obstacle avoidance and racing examples.

5.1 Problem Formulation

Consider the nonlinear system . o
xiJrl = f(xgu ui)v (51)
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where at time ¢ of the jth iteration the state #7 € R” and the input u/ € R?. Furthermore,
the system is subject to the following state and input constraints

2] € X and ul € UVt >0,Yj > 0. (5.2)
The goal of the controller is solve the following minimum time optimal control problem

min 1
Tl ul
UGy U g t=0

st al, = f(al,ul),vt=10,...,T —1]

i (5.3)
r] € X, ul eUNt=[0,...,T —1]
JZ%—I‘F,
$%:$S

where the goal state z is an unforced equilibrium point for system , ie. f(zp,0)=2xp.

We propose to solve Problem (5.3)) iteratively. In particular, at each iteration we drive
the system from the starting point xg to the terminal state xr and we store the closed-loop
trajectories. After completion of the jth iteration, these trajectories are used to synthesize a
control policy for the next iteration j+1. We show that the proposed iterative design strategy
guarantees recursive constraint satisfaction and iterative performance improvement. Next,
we define the safe set and value function approximation which will be used in the controller
design.

5.2 Safe Set and Value Function Approximation

At each jth iteration of the control task, we store the closed-loop trajectories and the asso-
ciated input sequences. In particular, at the jth iteration we define the vectors

wo= [ul. ... ul,
4[? ’ﬂ’ (5.4)
x) = [x),..., 2],

where ] and u] are the state and input of system (5.1)). In (5.4), 79 denotes the time at
which the closed-loop system reached the terminal state, i.e. x7; = xp.

5.2.1 Time Varying Safe Set

We use the stored data to build time varying safe sets, which will be used in the controller
design to guarantee recursive constraint satisfaction. First, we define the time varying safe
set at iteration j as
j T
sst=J = (5.5)

1=0 =6}
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where, for T7* = mingeqo,.. ;3 T*,
6; = max(t + 1" — T7*,0). (56)

Definition (5.6) implies that if at time ¢ of the jth iteration z! = 500 then system (j5.1]) can

be steered along the ith trajectory to reach zp in (T%* — t) time steps. Basically, at each
time ¢ the time varying safe set SS{ collects the stored states from which system can
reach the terminal state zp in at most (77* — t) time steps. A representation of the time
varying safe set for a two-dimensional system is shown in Figure [5.1] We notice that, by
definition, if a state ! belongs to SS7, then there exists a feasible control action u! € U
which keeps the evolution of the nonlinear system into the time varying safe set at the
next time step ¢ + 1, i.e. f(zi,ul) € SSJ,,. This property will be used in the controller
design to guarantee that state and input constraints are recursively satisfied.

Closed-loop at iteration 0 with 70 = 7 and 49 = 4
2

Closed-loop at iteration 1 with 7' = 6 and 64 = 1
2

Closed-loop at iteration 2 with 7% = 5 and §% = 0
2

ZES:%,WEO 2 2 9 ﬁﬂF*ngaV]>O

S'J
1 xt
@ 4
l377
0 T
- \ 7

states i € §S3

Figure 5.1: Representation of the time varying safe set SS53. We notice that just a subset
of the stored states are used to define SS5. Furthermore, we notice that from all states
7l € 8S3 system (5.1)) can be steered to zx in at most T9* — t = 2 time steps.

Finally, at each time ¢ the we define the local convex safe set as the convex hull of SS7

from ,
CS] = Conv(SS])

j T j T
—{z eR": NG, ., Ny 20, > N=1,> > Naj ==} (5.7)

1=0 k=6} i=0 k=i

Later on we will show that for a class on nonlinear systems, if a state ¢ belongs to CS?,
then there exists a feasible control action u} € & which keeps the evolution of the nonlinear
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system ((5.1]) into the convex safe set at the next time step ¢ + 1. For such class of nonlinear
systems, CS7 can be used to synthesize controllers which guarantee state and input constraint
satisfaction at all time instants.

Remark 7 When the goal of the controller is to reach an invariant set Xr in minimum
time, 1t 1s still possible to use the proposed iterative control strategy. In this case one should

replace xt, = xp with Xp in definition (5.5)).

5.2.2 Time Varying Value Function Approximation

In this section, we show how to construct Q-functions which approximate the cost-to-go over
the safe set and convex safe set. These functions will be used in the controller design to
guarantee iterative performance improvement.

We define the cost-to-go associated with the stored state z7 from (5.4),

T3

T (@) = ) (), (5.8)

k=t
where the indicator function

1 Ifap#a
Lor(2) = {0 Else '

The above cost-to-go represents the time steps needed to steer system (|5.1)) from xi to the
terminal state xp along the jth trajectory, and it is used to construct the function Ql(),
defined over the safe set SS7,

Qie) = min_ Ji (i)
ke{di....T) (5.9)

st. x=ux,€S8S].

The function QJ(-) assigns to every point in the safe set SS7 from (5.5) the minimum cost-
to-go along the stored trajectories from ({5.4), i.e.

T7GE)
Vo € 881, Qi@) = I o (@) = 37 Lo (af)
k=k*
where ¢* and k* are the minimizers in ([5.9)):
[i*,k*] = argmin  J]_g.(z})
i€{0,...05}
ke{éf,‘..,]Ti} (5.10)

st. x=ux, €S8S].
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Finally, we define the convex ()-function over the convex safe set CS{ from (5.7)),

Ql(z)=  min Z Z NeTjori (%)

0 J
[)‘6()7 7>‘ J]ZO ”L Ok 51

-
st Y ) Map=uw (5.11)
i=0 k=5

Tl
SpIL]
i=0 k=]
where 0! is defined in (5.6). The convex Q-function QJ(-) is simply a piecewise-affine in-
terpolation of @Q-function from (5.9) over the convex safe set, as shown in Figure . In

Section 5.4, we will show that the convex @-function can be used to guarantee iterative
performance improvement for a particular class on nonlinear systems.

@ Q-function QY(-) at time 0

— convex Q-function QJ(-) at time 0

stored states

o——0o—
zp =), ¥j >0 9 ) rg =x3,7j >0

Figure 5.2: Representation of the Q-function QY(-) and convex Q-function QJ(-). We notice
that the ¢)-function Q0(-) is defined over a set of discrete data points, whereas the convex
Q-function QY(-) is defined over the convex safe set.

5.3 Control Design

In this section, we describe the controller design. We propose a Learning Model Predictive
Control (LMPC) strategy for nonlinear systems which guarantees recursive constraint sat-
isfaction and iterative performance improvement. Computing the control action from the
LMPC policy is expensive. For this reason, we also present a relaxed LMPC policy, which
allows us to reduce the computational cost and it guarantees recursive constraint satisfaction
and performance improvement for a class of nonlinear systems.
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5.3.1 LMPC: Mixed Integer Formulation

At each time t of the jth iteration the controller solves the following finite time optimal
control problem,

t+N—1 .
T3 y(ed) = min {Z Lep (i) + Qo (i)

s.t. mkH't :f(xk‘t,uk“) Vk=t,--- ,t+ N —1

(5.12)
:Bk|t€Xuk|t€L{Vk e t4+ N -1
Tlinp € SSiin
xi‘ =)
where U? = [u{lt, o 7“§+N71|t] € RN The solution to the above finite time optimal control

problem steers system (/5.1)) from xi to the time varying safe set SS{_1 while satisfying state,
input and dynamic constraints. Let

U = [y, ufi ) (5.13)

be the optimal solution to ([5.12)) at time ¢ of the jth iteration. Then, we apply to the system
the first element of the optimizer vector,

ul = "9 () = . (5.14)
The finite time optimal control problem is repeated at time ¢ + 1, based on the new
state Ty 1141 = ] 41, until the iteration is terminated when ] 1= TF.

Computing the control action from the LMPC policy - requires to solve a mixed-
integer programming problem, as SS] !is a set of discrete states. In particular, the number
of integer variables grows are more iterations are stored. In Section we will show that
the computational cost may be reduced synthesizing the LMPC policy using a sub-
set of the stored iterations and P data points per iteration. Finally, in the result section
we will show that the number of data points used in the synthesis process affects the per-
formance improvement at each iteration. Therefore there is a trade-off between the online
computational burden and the number of iterations needed to reach desirable closed-loop
performance.

5.3.2 Relaxed LMPC: Nonlinear Formulation

In this section, we present a relaxed LMPC constructed using the convex safe set CSJ ™
in (5.7). At each time t of the jth iteration we solve the following finite time optimal control
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problem
t+N—1 j—1 Ti
JtL\_H;;JzN( vi) = min Z HIF(x;C|t> + Z Z Nejosri ()
U%,)\iZO k=t i=0 f=gi
N Y k=0
s.t. x{cﬂ\t:f<x2|t’ugc\t)7Vk:t7"',t—i‘N—l
xi‘t € X,ufclt ceUNk=t,--- t+N-1
— (5.15)
Z Z Akxk t+N|t7
1=0 k=§}
j—1 Tt
PIPIETES
i=0 ks
xi|t =z
where U7 = [u t|t,---,u{+N 1|t] € RN and the vector X = [A),... N 1] € RIEZST de-

Ti—1
scribes the termmal Constralnt set CS] +]1V and terminal cost function Q7 N ~~(-). Let the opti-
mal solution to at time t of the jth iteration be

)\g’* = [)\%7*, .. )\;;h ]

Then, we apply to the system ({5.1)) the first element of the optimal input sequence,

ul = 79 (o) = . (5.17)

Notice that the terminal constraints in is enforced using nonlinear equality con-
straint, and therefore the computation burden is reduced with respect to the LMPC from
Section [5.3.1l In the next section we will show that for a class on nonlinear system the re-
laxed LMPC and has the same safety and performance improvement properties
of the LMPC presented in Section [5.3.1}

5.4 Properties

This section describes the properties of the proposed control strategies. We show that the
LMPC guarantees constraint satisfaction at all time instants, convergence in finite time to
rr and iterative performance improvement. Furthermore, we demonstrate that the same
properties are guaranteed when the relaxed LMPC is in closed-loop with a specific class on
nonlinear systems or when a sufficient condition on the stored data and the system dynamics
is satisfied.
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5.4.1 Recursive Feasibility

We assume that a feasible trajectory which drives the system from the starting point xg to
the terminal state zp is given, and we show that the controller recursively satisfies state and

input constraints ([5.2]).

Assumption 3 We are given the closed-loop trajectory and associated input sequence

x? = [20,..., %] and u® = [uf, ..., ul],

which satisfy state and input constraints (5.2)). Furthermore, we have that z3 = xg and
0

ZL‘TO = TF.

Theorem 9 Consider system (5.1)) controlled by the LMPC (5.12) and (5.14). Let SS?
be the time varying safe set at iteration j as defined in (5.5)). Let Assumption @ hold and
assume that xy = x5 Vj > 0, then at every iteration j > 1 the LMPC (5.12)) and (5.14) is

feasible for all t > 0 when (5.14) is applied to system (5.1)).

Proof By definition at time t = 0 we have that the state trajectory and associated input
sequence, ' ‘ '
Lol and (W) ul ], (5.18)
satisfy input and state constraint and therefore the LMPC at time t = 0 of the jth iteration
is feasible.

Assume that the LMPC (5.12) and (5.14) is feasible at time t, let (5.13) be the optimal

solution and xi’:N‘t = at., where 2t is defined in (5.10). Then, we have that the following

state trajectory and associated input sequence

[z

_ Pt ]
. A - (5.19)
[ujv* u]?* ul ]
tr1fer s W N—1per Ukl

satisfy input and state constraints (5.2)) and the LMPC at time t + 1 of the jth iteration is
feasible.

Concluding, we have shown that the LMPC is feasible at time t = 0 of the jth iteration.
Furthermore, at each jth iteration we have that if the LMPC is feasible at time t, then the
LMPC s feasible at time t + 1. Therefore we conclude by induction that the LMPC
and 1s feasible for all t > 0 and iteration 7 > 1.

Next we consider a specific class on nonlinear systems which satisfies the following as-
sumption.

Assumption 4 Given any P states x; € X and input u; € U fori € {1,..., P}, we have
that Vo € Conv(zy, ..., xp) there exists u € Conv(uy,...,up) such that

f(z,u) € Conv(f(z1,u1),..., f(zp,up))
where f(-,-) is defined in (5.1)).
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Finally, we show that if Assumption {4 is satisfied and the constraint sets in (5.2) are
convex, then the relaxed LMPC (5.15)) and (5.17)) in closed-loop with system (|5.1)) guarantees

recursive state and input constraint satisfaction.

Assumption 5 The state and input constraint sets X and U in (5.2) are conver.

Theorem 10 Consider system (5.1)) controlled by the relaved LMPC (5.15) and (5.17)). Let
CS{ be the convex safe set at iteration j as defined in (5.7). Let Assumptions E hold and
assume that xy = xg Vj > 0, then at every iteration j > 1 the relazed LMPC (5.15) and

(5.17) is feasible for all t > 0 when (5.17) is applied to system (5.1)).

Proof We notice that by Assumption it follows that Va € CS? there exists u € U such that
f(xz,u) € CS; . Therefore, if at time t of iteration j the relaxed LMPC (5.15)) and (5.17)) is
feasible with optimal solution , we have that there exists a state trajectory and related
mput sequence

[xiil\ﬁ e ’xii:NW f(‘rgi:Nh:’ u) € CSy44]
[uifl‘t, . ’ugiNfllt’ u € U],

which satisfy state and input constraints (5.2) and therefore the relaxed LMPC (5.15)) and
(5.17)) is feasible at time t+ 1. Using this fact, the rest of the proof follows as for Theorem @

5.4.2 Convergence and Performance Improvement

We show that the closed-loop system and converges in finite time to the terminal
state xp. Furthermore, the time 77 at which the closed-loop system converges to the terminal
state xp is non-increasing with the iteration index, i.e. 79 < T% Vi € {0,...,5 — 1}. In the
following, we present a side result which will be used in the main theorem.

Proposition 2 Consider system (5.1) controlled by the LMPC (5.12) and (5.14)). Assume
that SST™ = zp and Q17" =0 for all t > 0. If at time t Problem (5.12)) is feasible, then the
closed-loop system (5.1)) and (5.14) converges in at most t + N time steps to xp.

Proof Since SS™' = xp is an invariant and Q7" = 0, we have that the LMPC (5.12) and
(5.14) is feasible at all time instants and

TR (@) > hlae) + T, (ad). (5.20)

Now, we assume that x; # xp¥i € {t,...,t + N — 1} . Therefore by (5.20) we have that at

timek=t+ N —1
k

N CAR SRR BVICOES!

i=t

. . . o - j’* .
which implies that xp 1 = N = TN N—1 = TF-
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Theorem 11 Consider system (5.1)) controlled by the LMPC and . Let SS{
be the time varying safe set at iteration j as defined in . Let Assumption @ hold and
assume that .CE% = xg Vj > 0, then the time TV at which the closed-loop system and
converges to xp 1s non-increasing with the iteration index,

T <T* vke{o,...,j—1}.

Proof By Theorem[qwe have that the LMPC (5.12)) and (5.14) is feasible for all time ¢t > 0.

Denote

as the minimum to complete the task associated with the trajectories used to construct SS{;}V.
By definitions (5.5))-(5.6), we have that at time t = T"1* — N >0

S84l —69i-t =

+N — PPTi-1x

Therefore, by Pmposz’tion@ the closed-loop system converges at most int+ N = TI=5* steps.
Finally, we notice that T? =t + N =T7=2* <T* Vk e {0,...,5 —1}.

Next, we show that if the relaxed LMPC (5.15)) and (5.17)) is in closed-loop with sys-
tem (5.1)) which satisfied Assumption , then 77 is non-increasing with the iteration in-
dex. The proof follows as in Theorem [11] exploiting the recursive feasibility of the relaxed

LMPC (5.15) and (5.17)) from Theorem [10]

Proposition 3 Consider system (5.1)) controlled by the LMPC (5.13)) and (5.17). Assume
that CST™ = 2 and Q™' = 0 for all t > 0. If at time t Problem (5.15) is feasible, then the
closed-loop system (5.1)) and (5.17) converges in at most t + N time steps to xp.

Proof The proof follows as in Proposition@ replacing the LMPC' cost Jt“_’f;iN() with the
relazed LMPC' cost J"[77 \.(-).

Theorem 12 Consider system controlled by the LMPC and . Let CS{ be
the time varying safe set at iteration j as defined in . Let Assumptions @-@ hold and
assume that zl, = x5 Vj > 0, then the time T? at which the closed-loop system and
(5.14) converges to x is non-increasing with the iteration inder,

TV <TF Vke{o,...,j—1}.

Proof By Theorem we have that Problem ([5.15)) is feasible at all time t > 0. Therefore,
the proof follows as for Theorem [11] using Proposition |3,
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5.4.3 Sufficient Condition for the Relaxed LMPC

In the previous sections we discussed the properties of the relaxed LMPC strategy in closed-
loop with nonlinear systems which satisfy Assumption ] Next, we show that the recursive
constraint satisfaction and performance improvement properties properties still hold, if we
replace Assumption [4] with the following assumption on the system dynamics and stored
data.

Assumption 6 Consider j stored feasible closed-loop trajectories x? and associated input
sequences Ww. For all x € R™ which can be expressed as convex combination of n + 1 stored
states, 1.e.

LS ConU(U{t,i}el(x) xi),

where the set I(x) = {{to,i0}, ..., {tn,in}} collects n+1 time and iteration indices associated
with the stored states, we have that there exists u € U such that

flz,u) € Conv(U{m.}EI(x) f(xi,ui))

We underlined that the above assumption is hard to verify in general. In practice,
Assumption [6] may be approximately checked using sampling strategies, as shown in the
result section.

Finally, we state the following theorem which summaries the necessary conditions that
guarantee recursive constraint satisfaction, convergence in finite time and iterative perfor-
mance improvement for the relaxed LMPC in closed-loop with the nonlinear system (5.1)).

Theorem 13 Consider system controlled by the relaxed LMPC and . Let
CS? be the time varying convex safe set at iteration j as defined in . Let Assumptions
@ and@ hold and assume that xé = x5 V] > 0. Then, the relaxed LMPC and
satisfies state and input constraints (5.2) at all time. Furthermore, the time T at which
the closed-loop system (j5.1)) and converges to xp is non-increasing with the iteration
indez,

T9<TF vke{o,...,j—1}.

Proof We assume that at time t the relazed LMPC (5.15)) and (5.17)) is feasible, let (5.13))
be the optimal solution. As Assumption [f] holds, we have that there exists u € U such that

[$§+1\t’ e ’xi+N|t7 f(xi+N|t’ u) € CSj4]
47* "*
[y -y oy w € U,

satisfy state and input constraints (5.2)), and therefore the relaxed LMPC (5.15) and (5.17)
is feasible at time t + 1. The rest of the proof follows as in Theorems[10] and [13
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5.5 Data Reduction

In this section, we show that the proposed LMPC can be implemented using a subset of the
time varying safe set from ([5.5)). In particular, we show we the controller may be implemented
using the last [ iterations and P data points per iteration.

5.5.1 Safe Subset
We define the time varying safe subset from iteration [ to iteration j and for P data points

7 5.+P

tP = U U xkv (5.21)

zlk(sl

where 6} is defined in (5.6). Furthermore, in the above definition we set 2}, = zp for all k > T"
and i < 0. A representation of the time varying safe subset for a two-dimensional system is

shown in Figure |5.3] Compare the safe subset SS?’ i» with the safe set SS] from (5.5). We

notice that, SS%’P is contained mto SS?. Therefore, at time t the safe subset collects the
stored states from which system (5.1]) can reach the terminal state zp in at most (T9* — t)
time steps. Finally, by definition, if a state x! belongs to SS{:;, then there exists a feasible
control action u! € U which keeps the evolution of the nonlinear system into the time
varying safe set at the next time step ¢ + 1, i.e. f(z}, ul) € SS{L’P. This property allows us

to replace SS{:; with SS7 in the design of the LMPC (5.14)) and (5.12), without loosing the
recursive constraint satisfaction property from Theorem [9]

B Closed-loop at iteration 0 with 7° = 7 and 49 = 4
@ Closed-loop at iteration 1 with T! = 6 and 43 = 1
A\ Closed-loop at iteration 2 with T2 = 5 and d5 = 0

ol .
rg =5,V >0 9 9 5 TR =2

/Al A AT AT I

1
@ 1 =4
T3
® ® xo'
0 [§)
xr
m - \l

states i € §S3

1,95 >0

Figure 5.3: Representation of the time varying safe subset SS%;;. We notice that just a
subset of the stored states are used to define SS%:;
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Finally, at each time ¢ the we define the local convex safe subset as the convex hull of
SS%; from ([5.5)),
CS%; = Conv(SS{:ég). (5.22)
We underline that relaxed LMPC from Section may be implemented replacing the the
convex safe set with the convex safe subset .

5.5.2 Q-function

In the section, we construct the Q-function Which assigns the cost-to-go to the states con-
tamed into the time varying safe subset from ([5.21]). In particular, we introduce the function
Q p(+), defined over the safe subset SS% L, as

il i i
Qrp(r) = min — Ji 5i(x})
te{5t,.... 00+ P} (5.23)
st. w=ual¢€ SS{:;.

Compare the above function Q " with Q” from . We notice that, the domain of Qt p 1s
the safe subset SSi’ "> and the domain of the Q] is the safe set SS} D SSi p- Moreover, we
have that
Vo € SSih, Qib(z) = Ql(a).
Therefore, if we replace QJ with Q ’p in the design of the LMPC policy ({5.14) - then the finite
time convergence and performance improvements properties still hold.
Furthermore, we define the convex @-function Qi; from iteration [ to iteration 5 and P
data points as
j Si4P
Qié;(x) m1_n Z Z A, Jl::ﬁ5l+P )
51+P i=0 f=6!
j Si4P
s.t. Z Z Nexl = (5.24)
i=0 k=5
j Si+P

YD on=1

=0 k:g;’

where ¢! is defined in (5.6). The above convex Q-function QJ(-) is simply a piecewise-affine
interpolation of - functlon from over the convex safe subset, as shown in Figure
We underline that Q7' 'p can be used in the relaxed LMPC design instead of Q7.
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Figure 5.4: Notice that the Q-function Q83§(~) is defined over a set of discrete data points,
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@ Q-function Qgg() at time 0
— convex (J-function Qgg() at time 0

J(?ﬁT“ (’L‘g)

0 0
Jo a3

stored states

Tp ::E'énj,Vj >0

0

oy — 2d s
x5 Ty rg =y, V] >0

whereas the convex @)-function Qgg() is defined over the convex safe set.

5.6 Examples

o7

We test the proposed strategy on 3 time optimal control problems. In first example, the
LMPC is used to drive a dubins car from the staring point zg to the terminal point zp
while avoiding an obstacle. In the second example, we control a nonlinear double integrator
system, which satisfies Assumption Finally, the third example is a dubins car racing

problem, which we solved using the relaxed LMPC after checking Assumption [f] via sampling.

The code for these examples is available at https://github.com/urosolia/LMPC in the
NonlinearLMPC folder.

5.6.1 Minimum time obstacle avoidance

We use the LMPC policy synthesized with the mixed integer approach from Section [5.3.1| on
the minimum time obstacle avoidance optimal control problem from Section [4]

min
T,ag,...,ar—1
005,071

s.t.

T-1
1
t=0
Tig1 x; + vy cos(6y)
Y1 | = | Yt “+ vt Siﬂ<9t> ,Vt > 0
Vi1 v+ ay
. 2 . 2
(:Ut fobs) (yt :;/Obs) Z 1,‘v’t >0
a? az

i RGES


https://github.com/urosolia/LMPC
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The goal of the above minimum time optimal control problem is to steer the dubins car from
the starting state xg to the terminal point xp, while satisfying input saturation constraints
and avoiding an obstacle. The obstacle is represented by an ellipse centered at (Zops, Yobs) =
(27, —1) with semi-axis (a,, a,) = (8,6). At iteration 0, we compute a first feasible trajectory
using a brute force algorithms and we use the closed-loop data to initialize the LMPC ([5.12))
and with N = 6.

We compare the performance of the LMPC from [79] and of the LMPC policies
synthesized using different number of data points P = {8, 10,40} and iterations i = {1, 2,3},
as described in Section [5.5| (i.e. basically in definition we set | = j —1—1). Figure
shows the time 77 at which the closed-loop system converged to the terminal state zp at
each iteration index. We notice that all LMPC policies converge to a steady state behavior
which steers the system from xg to xp in 16 time steps. Furthermore, Figure |5.5/shows that
the number of iterations needed to reach convergence is proportional to the amount of data
used to synthesize the LMPC policy.

40 A

—e— P=8,i=1
—o— P=10,i=2
—o— P=40,i=3
-4~ LMPC from [21]

o w w
3 S 12y
L 1 L

Time Steps T7

b
=]
L

15 -

[teration 7

Figure 5.5: Time steps 77 to reach xy as a function of the iteration index. We notice that
as more data points are used in the synthesis process, the number of iterations needed to
reach a steady state behavior decreases.

Figure|5.6shows that the computational time increases as more data points P are used in
the control design. Therefore, there is a trade-off between the computational burden and the
performance improvement at each iteration from Figure [5.5] It is interesting to notice that
the computational cost associated with the proposed time varying LMPC strategy converges
to a steady state value. On the other hand, the computation cost associate with the LMPC
strategy from [79] increases at each iteration. Therefore, we confirm that the proposed time
varying LMPC ((5.12)) and ([5.14)) allows us to reduce the computational cost while achieving
the same closed-loop performance.

Finally, we analyse the closed-loop trajectories associated with the LMPC policy




CHAPTER 5. TIME-VARYING LMPC FOR TIME OPTIMAL PROBLEMS 59

—o— P=8,i=1 A
05 o P=t0i=2 //
—e— P =40,i=3 7
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=]
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=

Mean Computational Time [s]

[teration 7

Figure 5.6: Computational cost associated with the LMPC policy at each time ¢ as function
of the iteration index. We notice that as more data points are used in the synthesis process,
the computational cost increases.

—4— Feasible trajectory

B Stored data
401 —@— LMPC closed-loop at 6th iteration
—— Obstacle

30 +

10 1

0 10 20 30 40 50
X

Figure 5.7: First feasible trajectory, stored data points and closed-loop trajectory at the 6th
iteration. We notice that the LMPC is able to avoid the obstacle at each iteration.

synthesized with P = 8 data points and ¢ = 1 iteration. Figure shows the first feasible
trajectory, the stored data points and the closed-loop trajectory at convergence. We confirm
that the LMPC is able to explore the state space while avoiding the obstacle and steering
the system from the starting state zg to the terminal state zr. Furthermore, we notice that
the LMPC accelerates during the first part of the task, and then it decelerates to reach the
terminal state with zero velocity, as shown in Figure [5.8|



CHAPTER 5. TIME-VARYING LMPC FOR TIME OPTIMAL PROBLEMS 60

=N
1

Velocity
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Figure 5.8: Acceleration and speed profile at convergence. We notice that the controller
accelerates for the first 8 time steps and afterwards it decelerates to reach the terminal state
goal state with zero velocity.

5.6.2 Nonlinear Double Integrator
In this section, we test the relaxed LMPC ([5.15)) and (5.17]) on the following nonlinear double

integrator problem

T-1
min 1
T,ao,...,aT,1 ;
Tt+1
s.t. = 02
|:/Ut+1:| U + (1 - U?n;x)atdt
O S (% S vmaX>Vt 2 0
—1<a <1,Vt>0
I = Tp = [0, O]T»

ro = x5 = [—10,0]7,

(5.25)

where the state of the system are the velocity v, and the position x;. The control action
is the acceleration a, which is scaled by the concave function g(v;) = (1 — v}/vZ,,). In
Section of the Appendix we show that the above nonlinear double integrator satisfies
Assumption ] We used an handcrafted policy to perform the first feasible trajectory used to
initialize the relaxed LMPC policies synthesized with N = 4. Furthermore, we implemented
the strategy from Section using P = {12,25,50,200} data points and i = {1,3,4,10}
iterations.

Figures [5.9] shows the number of iterations needed to reach convergence. We notice
that as more data points P are used in the policy synthesis process, the closed-loop system
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convergence faster in the iteration domain to a trajectory which performs the task in 14 time

steps.

—0— P=12,i=1
—0— P =20,i=2
—e— P=50,i=3
—o— P =200,:=10

100

80 1

60

40 1

Time Steps TV

20

[teration 7

Figure 5.9: Time steps T7 to reach xy as a function of the iteration index. We notice that,
also in this example, as more data points are used in the synthesis process, the number of
iterations needed to reach a steady state behavior decreases.

4.0
—4— Feasible trajectory

—8— LMPC closed-loop for P =12, i=1
—&— LMPC closed-loop for P = 20, i=2
—8— LMPC closed-loop for P = 50, i=3
301 —8— LMPC closed-loop for P = 200, i=10

3.5

2.5 1

1.5 1

1.0 1

0.51

0.0 T T T
-10 -8 —6 —4 -2 0

Figure 5.10: First feasible trajectory and closed-loop trajectories at the 10th iteration. We
notice that all LMPC policies converged to as similar behavior.

Finally, Figures [5.10] and [5.11] show the steady-state closed-loop trajectories and the
associated input sequences for all tested policies. We notice that after few iterations of the
control task, the closed-loop systems converged to a similar behavior. In particular, the
controller saturates the acceleration and deceleration constraints, as we would expect from
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1.00 A — —@®— LMPC closed-loop for P =12, i=1
—®— LMPC closed-loop for P = 20, i=2
0.75 1 —&— LMPC closed-loop for P =50, i=3
—8— LMPC closed-loop for P =200, i=10
0.50 ——=- Saturation limit

0.25 1

0.00

Acceleration
5
3

—0.50

—0.75

—1.00 A

0 > 1 6 8 10 12
Time Step

Figure 5.11: Acceleration inputs associated with the closed-loop trajectories at the 10th
iteration. We notice that the controller saturated the acceleration constraints.

the optimal solution to a time optimal control problem (Fig. . It is interesting to notice
that accelerating the nonlinear double integrator to a peak speed requires more control effort
than slowing down the system to zero speed. Therefore, the controller accelerates for the
first 6 time steps and then it decelerates for the last 8 time steps to reach the terminal state

with zero velocity.

5.6.3 Minimum Time Dubins Car Racing

We test the relaxed LMPC and on a minimum time racing problem. The goal of
the controller is to drive the dubins car on a curve of constant radius R = 10 from the staring
point xg to the finish line. More formally, we would like to solve the following minimum
time optimal control problem

T—1
min E 1
T,a0;...,ar—1
00,...07—1 =0

vt cos(0:—y(st)) dt

St+1 S
st e | = |ep +vsin(@; — y(sy))dt| ,Vt =0
V1 v+ apdt (5.26)

2 <[] <[] w20

€min S €t S emaX7Vt Z 0
TrT € XF,

Ty =Ts = [07 07 0]T7
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where 7(s;) is the angle of the tangent vector to the centerline of the road at the curvilinear
abscissa s;, the discretization time dt = 0.5 and the lane half width e,.. = —ennm = 2.0.
The control actions are the heading angle #; and the acceleration command a;. The sys-
tem is represented in the curvilinear abscissa reference frame where the state s;, e; and v,
are the distance travelled along the centerline, the lateral distance from the center of the
lane and the velocity, respectively. Notice that in the curvilinear abscissa reference frame
the lane boundaries are represented by convex constraints on the state e;, and therefore
Assumption () is satisfied. The finish line is described by the following terminal set

18.19 18.69
Xr = {l’ € Rs —emin| << | €min } (527)
0 0

As mentioned in Remark [7] in order to implement the LMPC to steer the system to ter-
minal set instead of a terminal point, we replaced a:lT = xp with the vertices of Xr in

definitions (5.7)) and (5.11)).

100 4

80 1

60 -

40

Time Steps TV

20 A

[teration 7

Figure 5.12: Time steps T to reach xr as a function of the iteration index. We notice
that as more points P and iterations ¢ are used to synthesize the relaxed LMPC policy, the
closed-loop system converges faster to a steady state behavior.

In order to compute the first feasible trajectory needed to initialize the LMPC, we set
00 = ~(sY) and we controlled the acceleration to steer the dubins car from g to the terminal
set Xr. Notice that for 6) = v(s?) the system is linear and consequently Assumption [6]
is satisfied for iteration 7 = 0. However, for j > 0 it is hard to verify analytically if
Assumption [6] holds, therefore we used a sampling strategy to approximately check this
condition, as shown in the Appendix

We test different LMPC policies synthesised with N = 4 and using the strategy described
in Section[5.5|for P = {15, 25, 50,200} data points and ¢ = {1, 3,4, 10} iterations. Figure[5.12|
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—4— Feasible trajectory

—— Road Boundaries

s

—&— LMPC closed-loop for P = 15, i=1

1 —e— LmPC closed-loop for P = 20, i=2
—8— LMPC closed-loop for P =50, i=3

1 —e— LMPC closed-loop for P = 200, i=10

-

—
—
-

Figure 5.13: Comparison between the first feasible trajectory used to initialize the LMPC
and the steady state LMPC closed-loop trajectories at convergence.

5 4
15 ——

1.0 4
—8— LMPC closed-loop for P = 15, i=1

0.5 1 ~®— LMPC closed-loop for P = 20, i=2
—8— LMPC closed-loop for P = 50, i=3
00 —8— LMPC closed-loop for P =200, i=10

——~ Saturation limit

Steering

Acceleration
o
o

0 2 ! 6 N T Y
Time Step
Figure 5.14: Comparison of the steady state inputs associated with the relaxed LMPC

policies. We notice that the acceleration and deceleration is saturated, as we expect from
the optimal solution to a minimum time optimal control problem.

shows time steps 7V needed to reach the terminal set . We notice that after few
iterations all LMPC policies converged to a steady state behavior which steers the system
to the goal set in 16 time steps. Also in this example, convergence is reached faster as more
data points are used in the LMPC synthesis process.

Finally, Figures [5.13] and [5.14] show that closed-loop trajectories and associated input
sequence at converged. In order to minimize the travel time, the LMPC cuts the curve and
it drives the system to a state in the terminal set which is close to the road boundaries.
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Furthermore, we notice that the controller saturates the acceleration and deceleration con-
straints, as we expect from an optimal solution to a minimum time optimal control problem.

5.7 Appendix

5.7.1 Nonlinear Double Integrator

In this section, we show that the following nonlinear double integrator

Tha1 _ T + det
Vi1 U + g(vk)akdt

} = ful(2, ax)

Rh+1 = [

for g(v) = (1 —v}/v2,,) satisfies Assumption[d] First we notice that given P states z; € X

and inputs u; € U for i € {1,..., P} and a set of multiplies [Ag,...,Ap] >0

P P
T = Zkkxk and Z)\k =1,
k=1 k=1

we have that
P

P
Z )‘kfn<zk> ak) = Z fn()‘kzlw a)
k=0

k=0

where i
. Y oo Mg (vr)ay,

9(Xizo Mvr)
Finally, by concavity of g(v;,) > 0 for all 2z = [z, vx]7 € X we have that

and therefore Assumption [4] is satisfied.

5.7.2 Dubins Car

We used a sampling strategy to check if Assumption [6] is approximately satisfied. Before
running the (5 + 1)th iteration of the relaxed LMPC, we randomly sample

where Z(z")) is defined in Assumption @ Afterwards, we checked if Ju € U such that

flzW u) € Conv( U{t,i}ez(x(“) £, u@))
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For all tested data points and iterations Assumption [6] was satisfied. Notice that as we used

a subset of the stored data to construct (5.7) and (5.9)), we checked Assumption |§| for the
stored closed-loop trajectory performed at iteration j. Finally, for j = {3,5,10} Figures m,

and show the randomly generated states where we have verified that Assumption [0]
holds.

*%  Tested States
® Stored States

2.00
1.75
L.50
1.25 U
Lo
0.75
.50
0.25

0.0

0.0 i :
25 o 0.0

—i.1
—0.2

Figure 5.15: Randomly sampled states used to check that Assumption |§| is approximately
satisfied.



CHAPTER 5. TIME-VARYING LMPC FOR TIME OPTIMAL PROBLEMS 67

x  Tested States
® Stored States

Figure 5.16: Randomly sampled states used to check that Assumption |§| is approximately
satisfied.

x  Tested States
® Stored States

25 - 0.25
5 15.0 -2 0.00

Figure 5.17: Randomly sampled states used to check that Assumption |§| is approximately
satisfied.
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Chapter 6

Learning Model Predictive Control
for Uncertain Systems

In this chapter, we describe how to design LMPC policies for uncertain systems. First, we
iteratively construct robust safe sets and robust QQ-functions. Afterwards we present the
LMPC synthesis process and we propose an approximation strategy that leverages closed-
loop historical data to reduce the computational burden. Finally, we test the controller on
a constraint LQR problem and on a parking example.

In order to better motivate this chapter, we describe the challenges associated with the
computation of safe sets using historical data of uncertain systems. First, we recall how
historical data can be used to compute invariant sets for deterministic systems. Consider
the discrete time linear system

Ty = AT + B ()

where /() is a feedback policy known only along the jth stored closed-loop trajectory
%) = [Z),...,%,..]. Assume that 77(-) is able to execute the desired task safely. At any
iteration ¢ > j and time k > 0, if the system state z} equals a state xi which has been
visited at the jth iteration, then the feedback policy #/(-) will drive the system along the
Jth trajectory. This obvious fact is a consequence of the system being deterministic. More
importantly, if the policy 7/(+) brings the system to an equilibrium point, then the convex
hull of visited states is a control invariant set. Therefore, invariant sets for deterministic
systems can be easily built from data.

In contrast, when dealing with uncertain systems, the set of visited states is not an
invariant set. In fact, consider the discrete time uncertain system

:U{H = Axi + Bwj(xf) + w{

where the random disturbance w{ belongs to the set W and the jth stored trajectory is x/ =

[z),...,2],..]. Assume that 77(-) is able to execute the desired task safely at iteration j.
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We notice that the stored trajectory xJ is associated with a specific disturbance realization
[w],...,wi,...]. For this reason, at any iteration i > j and time k& > 0, if the system state
ri equals a state :1:{ that has been visited, applying the feedback policy 7/ (-) may drive the
system to a state neither stored nor safe, due to a potentially different disturbance realization
[with, ..., w!*', .. ]. In conclusion, the set of visited states cannot be naively exploited to
compute invariant sets.

For the above reason, one cannot simply use the deterministic Learning MPC approach
presented in Chapter [4] for uncertain systems. In this chapter, we present a strategy to
construct robust invariant sets for linear uncertain systems. Then, we use these sets in an
iterative learning predictive control schema. Finally, we propose a synthesis procedure which

leverages roll-outs of the closed-loop system to approximate the terminal cost and constraint.

6.1 Problem Formulation

We consider the following linear time invariant system
x], = Ax] + Bu] + w] (6.1)

where at time ¢ of the jth iteration the disturbance wf € W, the state r; € R" and input

u] € RY. Furthermore, the system is subject to the following convex polytopic state and
input constraints, for all ¢ > 0

2] € X and 7' (x]) € U.

At each jth iteration, we define the worst-case iteration cost associated with the control
policy 7/(+), as the solution to the following Bellman recursion

Ty, () = max[h(ag, up) + Jy, (Axh + Br (x) + w)]. (6.2)

The goal of the control design is to solve the following infinite time robust optimal control
problem,

oo (1) = grng)l J? ()

a:iﬂ = Ax{ + Bﬂj(mz) +w{,

u =7 (x]),vt € {0,1,...}
ol = o,

vt e {0,1,...},Vuwl e W

In the following, we propose to solve the above Problem ([6.3)) iteratively. At each iteration
7, we design a feedback policy

w =7m(): FICX U (6.4)
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which guarantees 7) convergence of the closed-loop system (6.1]) and to a neighborhood
of the origin O, 1) safety: state and input constraints are robustly satisfied, i) performance
improvement: if the controller performs the same task repeatedly (i.e. ) = ™), then
the worst-case iteration cost is non-decreasing (i.e. J2/} (x)") < JZ,(2})), and iv)
exploration: the domain of the policy is not shrinking with the iteration index (i.e.
F'C FI Vg >14).

Throughout this chapter we use the standard function classes K, K, and KL notation
(see [22]) and we define the distance from a point x € R" to a set O C R" as

= inf ||z — d||;.
[zlo = inf ||z —d]},

Furthermore, we make the following assumptions.

Assumption 7 The set O C R" is a robust positive invariant set for the autonomous system
Ty = (A+ BK)zy +w; and w, € W,

Ve e O — (A—i—BK)xt—i—wt GO,thGW.

Assumption 8 The continuous stage cost h(-,-) is jointly convex in its arguments. Fur-
thermore, we assume that Vo € R",Vu € R?

ay(lzlo) < h(z,0) < az(Jzlo) and ay,(ulxo) < h(0,u) < ag(Julko),

l

U U l
where ¥, o, ol and o), € Ku.

6.2 Safe Set

In this section, we show how to iteratively construct a set of states from which the control
task can be safely executed using the control policy . These safe sets will be used in the
controller design to guarantee robust recursive constraint satisfaction.

First, we introduce the concise notation for the robust reachable set for the closed-loop

system (6.1) and (6.4),

(6.5)

Jy

Elwt € W,xt S Rt(l’%), }

with Ro(z7)) = x). The robust reachable set R;(x) collects that states which may be reached
by the closed-loop system ((6.1)) and (6.4)) in ¢ time steps.This property allows us to define
the safe set at the jth iteration,

SS7 = {Q)Rt(xg)} Uo, (6.6)
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for a control task of 77 time steps. Notice that the safe set contains the state evolution of
the closed-loop system and from the initial state ) until completion of the control
task. Furthermore, we underline that robust reachable sets are computed propagating
the vertices of the disturbance through the system dynamics. Therefore, the computational
complexity of constructing the safe set SS’ explodes with the length of the control task 77.
For this reason in Section , we will show how to approximate the safe set SS? using
historical data from the closed-loop system and .

Finally, we define the convex safe set CS’ as the convex hull of the safe sets SS* for

iterations k € {0,...,j},
j
CS/ = Conv< U 35’“) . (6.7)

k=0
Figure [6.1] shows the robust convex safe set at iteration j = 1. Notice that, if the control
policies Wk() for k € {0,...,j} safely steer the system to the neighborhood of the origin O.
Then, CS’ is a robust control invariant set as stated by the following proposition.

Figure 6.1: Representation of the robust convex safe set CS' (dashed green line) at iteration
j = 1. The figure reports also the N-steps robust reachable sets R;(z}) (dashed blue line)
and the robust invariant set O (solid black line).

Proposition 4 For j > 1, let n/(-) : 7/ — U be a control policy defined over F/ C X.
Consider system (6.1)) in closed-loop with ' (-) and assume that V! € F7 we have ] € X
and x7., € O Yw, € W,t > 0. Then, the convex safe set CS’ is a robust control invariant

set for system (6.1)), i.e.
Vo € CS87 — Az + Bri(z) +w € CS?, Yw € W.
Proof By the assumptions on 7*(-) for k € {0,...,j} and definition , we have that

SS* is a robust control invariant set for k € {0,...,7}. Therefore, by linearity of system
(6.1]) it follows that CS’ is a robust control invariant set. [ |
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6.3 Q-function

The convex safe set from the previous section represents a subset of states from which the

control task may be safely completed. Next, we define the value function Q7(-) : C§’ — R,

which approximates the cost-to-go from any state contained into the convex safe set. This

function will allow us to guarantee worst-case performance improvement at each iteration.
Recall that the Bellman recursion for the control policy /()

Jij(:zr) = {Une%[h(x, 7 (z)) + Jﬁj (Ax + B/ (z) + w)] (6.8)

represents the worst-case cost-to-go from any point in the state space. The solution to the
above Bellman recursion is hard to compute [14] and closed-form exists just for few problems
[10]. For a survey on strategies to approximate the Bellman recursion we refer to |14, |13].

As the worst-case cost-to-go is hard to compute over the entire state space, we
defined the worst-case cost-to-go over the safe set as

weW ) (69)
+00 If v ¢ SS’

(@) {max[h(x, () + L., (Az + Bri(z) + w))] Ifz eSS
i\r) =
Notice that, for all z € SS7, the above function coincides with the Bellman equation .
The difference between Jﬁ ;(+) and Li ;(+) is that the domain of the latter is the safe set SS?
from . This fact allows us to use a simple data-based strategy to approximate LZF (),
as shown in Section [6.5.2]

Finally, for all 2 € CS’ we define the function

Q' (r) = m:n,u | (z, 1) € conv( i:o epi(Lyi(z)7)), (6.10)

which interpolates the worst-case cost-to-go functions L, () for k € {0,...,j}. Notice that
the above 7(-) is simply a convexification of the cost-to-go functions (i.e. epi(Q’(z)) =
conv( U]_y epi(L(2)*))). Furthermore, if the control policies 7*(-) for k € {0, ..., j} safely
steer the system to the neighborhood of the origin O, then the approximated value function
@Q7(-) is a robust control Lyapunov function over the convex safe set CS’ for system (6.1]),
as shown by the following proposition.

Proposition 5 For j > 1, let 7/(-) : F/ — U be a control policy defined over 7/ C X.
Consider system (6.1]) in closed-loop with 7(-) and assume that Va{, € F7 we have ] € X
and x},, € O Yw, € W,k > 0. Then, Q'(-) is a robust control Lyapunov function, i.e.

; J —0)J <
Ilflelzjl}qrulle%@ (Az + Bu+w) + h(z,u) — Q' (x) <0

for all x € CS”.
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Proof By the assumptions on 7*(-) for k € {0,...,5} and definitions and (6.10)), we
have that Vz* € SS* k € {0,...,5}

max Q/(Az® + Bu* + w) + h(z,u*)) — QI (z*) <0 (6.11)

for uF = 7 (2*). From (6.10) we have that if x € CSj then we can find some multiplies
)\k>0f07"k:€{0 . J} such that Y5 _ A\ =1, Z )\kkzmandz o AQI(zF) =
@’ (z). Now, we notice that by the Assumptzon@ and we have that Yz € CS?
Q' (x) = 2o N'Q (2")
> Y0 MemaglQ) (Aa + Bu* + w) + h(a*, ub)
we

> m%Qj(Ax + Bu+w) + h(x,u)
we

foru= i:o Neyk = i:o Nerk(2k) e U. [

6.4 Control Design

In this section, we illustrate the controller design which exploits the convex safe set and
the approximated value function . Afterwards, we describe the controller properties.
In particular, we show that the proposed strategy guarantees recursive robust constraint
satisfaction and iterative worst-case performance improvement.

6.4.1 Robust Learning Model Predictive Control
At each time t of the jth iteration, we design and solve the following finite time optimal
control problem

t+N—1

Tt = minmax [ 3 h(rk ) + Q7 )]

ﬂg() Wg k=t

xk+1|t Axk|t + Buk|t + wk|t’

xk|t eX uk|t eU,

(6.12)
L
t+N‘t € CSj
uk|t = 7Tk|t($k\t)
xi\t =z,
Vk € {t,....t+ N}, Vg, € W
where the control policy 7/ (-) = [ﬂf|t(-), . ,WZ+N|t(-)] and the disturbance w] = [wf“, )

The optimal feedback policy from the above finite time optimal control problem safely steers
system (6.1)) from ] to the convex safe set, while minimizing the worst-case cost.

t+N\t]'
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Let ‘ ‘ A
7" () =m0 s (] (6.13)
be the optimal feedback policy to Problem (|6.12]). Then we apply to system (6.1)

w(ad) =y (ad). (6.14)

The finite time optimal control problem ((6.12)) is solved at time ¢+ 1, based on the new state
) el = x4, ylelding a moving or receding horizon control strategy.

Furthermore, we define the domain of the LMPC policy ((6.14)), which is given by

Tiy1 = Axy + Br(zy) + wy,
ry € CSTTH Yw, e W, t € {0,...,N}

k() R - R 2y € X k() €U
} (6.15)

fj:{ﬂfoé)(

The set F7 collects the feasible initial conditions for Problem (6.12)) and it is used to compute
the initial state x) of the jth iteration. In particular, the initial condition at the jth iteration
is computed solving the following convex optimization problem,

z)) = argmax{az | atz = 0} (6.16)
z€FI

where the user-defined row vector a € R™ represents the direction in which the LMPC
explores the state space. Finally, a* € R" in is a row vector perpendicular to a.

It is well-known that the solution to Problem ((6.12)) can be computed enumerating the
vertices of the disturbance over the prediction horizon [80]. Therefore, the computational
complexity of Problem explodes with the horizon length N. For this reason, it is
important to construct a terminal set and terminal cost, which allow us to guarantee safety
and performance improvement independently on the prediction horizon length. In the result
section, we show that the proposed controller is able to safely explore the state space and to
improve its performance, even with a short prediction horizon.

6.4.2 Properties

As discussed in Propositions for every point in CS? there exists a control policy which
safely steers the system to the terminal goal set. The properties of CS’ and (7(-) allow us to
guarantee that the proposed strategy meets the requirements from Section[6.1} The following
theorem shows that the LMPC and satisfies state and input constraints while
steering the system to the neighborhood of the origin O.

Theorem 14 Consider system in closed-loop with the LMPC and . Let
Assumptions @@ hold, initialize CS® = O and Q°(-) = 0. If x} € F’/,Vj > 1, then the
LMPC and s feasible for all t > 0 and iteration 5 > 1. Furthermore, the
closed-loop system asymptotically converges to O, regardless of the disturbance realization.
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Proof Assume that at the jth iteration Q’(-) is a robust control Lyapunov function defined
on the robust control invariant set CS?. Then, by standard MPC arguments and the assump-
tion on x}) € F’, we have that at iteration j + 1 the LMPC and recurswely
satisfies state and input constraints, and the closed-loop system and converges
asymotically to the terminal set O [10]. Consequently, the LMPC polzcy at ztemtwn Jg+1
used to compute Q'1(-) and CS'™ satisfies the assumptions in Propositions |/15, and there-
fore Q7T1(-) is a robust control Lyapunov function defined on the robust control invariant set
CSIt

The proof is completed by induction. We initialized Q°(-) = 0, which is a robust control
Lyapunov function defined on the robust control invariant set CS® = O. Therefore it follows
that ¥j > 1 the LMPC and recursively satisfies state and input constraints,
and the closed-loop system and converges asymotically to the terminal set O.

Next, we discuss the performance improvement properties. In particular, we show that
if the initial condition of two subsequent iterations does not change (i.e. zf, = 2)*"), then
the worst-case cost iteration cost is non-increasing.

Theorem 15 Consider system (6.1)) in closed-loop with the LMPC' (| and - Let
Assumptions @-@ hold, initialize CS = O and Q°(:) = 0. If the zmtml condition of two
subsequent iterations are equal, xj+1 =z € F7. Then, the worst-case iteration cost . 18

non-increasing with the iteration index Jé:lTjH( It < JSHTJ( ).

Proof By Theorem[1]], the LMPC (6.12) and (6.14) is feasible at time t of the jth iteration.
Let (6.13]) be the optimal policy time t of the jth iteration, by Proposition@ we have

t+N—1
Titwl) = 2 Mo mi(eif)) + @7 i)
t+N—1
> A up) + D bl T ()
k=t+1
+r51€1251g1€%Qﬂ 1(Axt+N‘t—|—Bu+w)—|—h( t+N\t’u)

t+N 1

> h(wy], ujip) + ml(r)l max [ hl@ge wrge) + Q7 (@)
) Wi o

= h(z; t|t’ t|t) J)fffijtJrIJrN(xH—l)'

The above equation and the convergence of the closed-loop system (6.1) and (6.14]) from
Theorem 1 imply that

Jotin (@) > hlag, ahio) + T n ()

Z h@i\’t’ t|t> + h in’;ijj\,(xi) = Z h(xi,ul).
t=0

v
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The above derivation holds for all disturbance realization, therefore we have that
Tl 2 2 (o).

Finally we notice that the above inequality together with FEquations 1) and the
feasibility of the LMPC policy 7/ (-) (6.14)) at the next iteration j + 1 imply that

T2 (2d) = L, (x3)

= max Z[h(m{,w](xi))ﬂLLZr](ﬂCfv)]

N-1

> max Y [h(af, w(a])) + Q(xh)
WYy Wy 0

MPC,j+1 i1, i1, 41
> Jéipz(\//ij (x%) > ijﬂ(wé) = Jfr:rl(xg)Jr )

Finally, we show that the domain of the LMPC ((6.12)) and (6.14)) does not shrink at each

iteration.

Theorem 16 Consider system in closed-loop with the LMPC and . Let
Assumptions @@ hold, and initialize CS° = O and Q°(:) = 0. If a:é € FI,Vj > 1. Then,
the domain of which the LMPC defined in does not shrink at each iteration, i.e.
FiC FIVj >,

Proof The proof follows from the definition of the conver safe set. Notice that by defini-
tion we have that CS' C CS8’,Vj > i. Therefore, the terminal set in (6.15) is not
shrinking at each iteration and F* C FI,Vj > i.

6.5 Sampled Based Implementation

In this section, we show how to approximate the convex safe set CS’ and the value function
Q7(+). At each jth iteration, we collect R roll-out of the closed-loop system, which are associ-
ated with R sampled disturbance sequences. Afterwards, we exploit these stored trajectories
to approximate the robust reachable sets and the worst-case cost-to-go .

6.5.1 Sample-Based Convex Safe Set
J J

We define the ith disturbance realization sequence w! = (W 5 - - Wy ], where w{z is the
realized disturbance at time ¢ of the jth iteration. Furthermore, we denote the stored closed-
loop trajectory associated with the ith disturbance realization w; as

xI(wl) = [z)(w?), ... 2, (w)], (6.17)
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where T7 is the time at which the terminal goal set O is reached. The above notation
emphasizes that the realized state 7 (Wf ) is a function of the realized disturbance sequence
Wf . Now, we notice that at each time ¢ of the jth iteration the state x7 (Wf ) is contained into
the t-steps robust reachable set from z) (i.e. zJ(w’) € Ry(x))). Therefore, we approximate
the t-steps robust reachable set R;(x)) using R roll-outs. In particular, for i € {1,..., R}
sampled disturbance sequences Wf we define the approximated t-steps robust reachable set

Ri(z)) = conv(U ] (Wf)) C Ry(2)). (6.18)

Jo
IRk (=p)

0.8 «  Roll-outs

0.6

~— 0.4

x

02

-0.2 -

Figure 6.2: Approximated robust reachable sets R, from (6.18) construct using 1000 roll-
outs. We notice that the approximated robust reachable sets R; are an inner approximation
the robust reachable sets R, from ([6.5)).

Finally, we define the approximated safe set

8§’ = { U Rt(xf))} Uo,
t=0
which is used to construct the approximated convex safe set,
~ 1 ] ~ k-
cS' = Conv< LJss ) . (6.19)
k=0

It is important to underline that the above approximated convex safe set CS’ is not invariant,
as the approximated reachable sets are an inner approximation of the exact reachable sets
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in Figure Indeed, it may exist a disturbance realization which can steer the closed-loop
system (|6.1]) and (6.14)) outside CS’. In particular, given z € CS’ there is a probability € > 0
that the closed-loop system evolves outside C~S],

Pr(Az + Bri(z) +w ¢ C:S’j|x € C:S’j) > €. (6.20)

In the result section, we show that the above probability is a function of the number of roll-

outs used to construct CS’. In particular as more roll-outs are collected, CS’ from (6.19)
better approximates the convex safe set CS’ from ([6.7)).

6.5.2 Sample-Based Q-function

Similarly, we exploit the closed-loop data to approximate the cost-to-go function Lfr ;(+) in
(6.9). First, we define the realized cost-to-go associated with the stored state x; (w') €

Ry(x)) € 8§,
JJ

i ( ' Zh(xt ) (Z))> (6.21)

The realized cost ( associated with the realized trajectory (6.17)) is used to approx-
imate the worst-case cost to-go function LJ (), over the approxunated robust reachable set

Rt(:ﬂo) from (6.18)). First, we compute an hyperplane which upper-bounds the realized cost

Jg_}TJ( J(w')) for all stored states { UM = a:t wi)} e Rq(x}). In particular, for time ¢ of the

jth iteration we defined the hyperplane alx + b{ , where

[af,b]] = argmin Z\Ia«%t )b T (2 (W)

a€R™ beR i—0

st ax](wh) +b>J) . (al(w)), Vie{0,...,M}.

(6.22)

Finally at the jth iteration, the hyperplanes a{ T+ b{ are used to approximate the worst-case
cost-to-go L7, (-) from as follows,

+o0 If v ¢ sS’
[:frj (x) =<0 Elseif z € O | (6.23)
1z, (aix +b]) El
lgrel}g Roy(aiz +b;)  Else

where the set K7 = {0,...,77} and the indicator function 1s(x) = z is defined over the set
S. The resulting approximated value function is defined as

Q' (z) = mﬂinu | (x,p) € U conv(epi(f/,rj (z)7)). (6.24)
k=0
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Finally, we underline that the above approximated value function is not a control Lyapunov
function for system (6.1). Indeed, there is a probability v > 0 that Equation (6.11]) does not
hold and @Q(-) is not decreasing along the closed-loop trajectory,

Pr(@j(Ax + Bl (z) + w) + h(z, ©(x)) — Q’(z) > 0) > . (6.25)

In the result section, we show that above probability is inversely proportional to the number
R of realized trajectories used to construct L7, (-) from (6.23).

6.6 Examples

Finally, we test the proposed strategy on a double integrator and on the parking problem
from [13] Section 4]. We show that in both examples the LMPC is able to improve the
closed-loop performance while guarantees state and input constraints.

6.6.1 Constrained LQR Problem

We test the proposed control strategy on the following double integrator system

11 0
$t+1 = |:O 1:| Tt ‘l— |:1:| Ut + Wy, (626)

where the the random disturbance w; is uniformly distributed on the set W = {w € R? :
llwi|]lo < 0.1}, The system is subjected to the following state and input constraints, x; €
X ={z € R? : ||z]lo < 10} and vy € U = {u € R? : ||ul|loe < 1}, for all £ > 0.
Furthermore, we compute the minimal robust positive invariant set O for the autonomous
system zyy7 = (A + BK)x; + w; where —K is the LQR gain for Q = 1 and R = 1. Finally,
we define the stage cost h(z,u) = |z|o + |u|xo which satisfies Assumption

The convex safe set CS’ and value function Q’(-), used in the LMPC and (6.14),
are approximated as described in Section [6.5] In particular at each iteration j, we use R

roll-outs to compute the approximated safe set CS’ and value function Q’(-). In order to

initialize the LMPC we set N = 3, ¢S’ = O and Q°(-) = 0. Finally at each jth iteration,
the initial state z7 is computed as the furthest point along the negative z-axis which belongs
to F7. Basically, we set a = [—1, 0] in (6.16).

6.6.2 Convex Safe Set and Value Function Approximation

In this section, we construct the convex safe set C~81 and value function approximation
Q'(-) using R = 100 and R = 1000 roll-outs. Furthermore, we perform 1000 Monte-Carlo

closed-loop simulations to estimate the properties of C~81 and Ql() .
Figure shows the terminal set O and the approximated robust reachable sets R;(z}),

which are used to construct the approximated convex safe set CS’ with R = 100 and
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[Jo
. Ry(x}) for R = 100
Ry (xd) for R = 1000
¢S’ for R =100
¢S for R = 1000

0.8

0.6 -

Z(2)

0.2

0.2+

Figure 6.3: The approximated robust reachable sets R; (6.18) used to construct CS' with R =

100 and R = 1000 roll-outs. Notice that the approximated convex safe set CS' constructed
using 1000 roll-outs contains the one constructed using 100.

R = 1000 roll-outs. As expected, the approximated convex safe set ¢S’ constructed us-
ing 1000 trajectories contains the one constructed using 100 trajectories. As mentioned in
Section (Eq. (6.20])), the approximated convex safe set is not invariant. Indeed, there

is a probability € > 0 that, given a state = € C:S’l, the closed-loop system evolves outside

CS'. In order to estimate the probability €, we perform 1000 Monte-Carlo simulations for
the closed-loop system ([6.1) and (6.14)) and we compute the percentage of realized states

which evolved outside CS’. As expected the probability e decreases as more roll-outs are

used to construct CS. In particular, we have that € ~ 3.6% and € ~ 0.3% for R = 100 and
R = 1000, respectively.

Finally, we analyze how the number of roll-outs affects the approximated value function
@1() Figure shows the approximated value function Ql() constructed with R = 100
and R = 1000 roll-outs. First, we notice that the domain of approximated value function
Ql() is enlarged as more realized trajectories are used to compute the approximation. In-

deed, the domain of Ql() is the approximated safe set CS' from Figure m Second, we
recall that Ql() is constructed based on sampled disturbance sequences and it underesti-
mates Q'(-), which considers the whole disturbance support. Therefore, we expect that as
more sample disturbance sequences are considered Q'(-) better approximates Q'(-). This
intuition is confirmed by Figure we notice that Ql() constructed with 1000 trajectories
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[_]CS" for R =100
[ 1¢s" for R = 1000
Q' for R =100

B Q! for R = 1000

Figure 6.4: Approximated value function Qi () constructed with # = 100 and R = 1000 roll-
outs. Note that as more trajectories are used the value of (J(-) increases almost everywhere,
thus it better approximated Q’(+).

upper-bounds almost everywhere the value function Ql() constructed with 100 trajectories,
therefore it better approximates Q'(-). Finally, we recall from Equation that Q'(-) is
not a robust control Lyapunov function. Indeed, there is a probability v > 0 that @1() is
not decreasing along the realized closed-loop trajectory. In order to estimate the probability
v, we use 1000 Monte Carlo simulations. As expected, the probability ~ decreases as more
closed-loop trajectories are used to construct Ql() In particular, we have v ~ 10.1% and
v~ 4.3% for R =100 and R = 1000, respectively.

6.6.3 Iterative Policy Update

In this section we run the LMPC for 10 iterations. In particular, at each jth iteration we

collect R = 1000 roll-outs which are used to compute the approximated convex safe set cs’
and the approximated value function Qj (+). We show that the LMPC is able to explore the
state space while safely steering the system to the terminal set O.

As stated in Section at each jth iteration we compute the initial condition z7 as
the furthest point along the negative z-axis such that Problem is feasible. Notice
that by Theorem , the domain of the LMPC policy F7 is enlarged at each iteration (i.e.
FF C Fiforall ke {1,...,5}). As a result, the region of the state space from which the
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Figure 6.5: For iterations j € {2,4,8} and i = {1,...,1000} disturbance realizations we
show the closed-loop trajectories x/(w?) from (6.17). Furthermore, we report the initial
condition z}, which is further from the origin at each iteration.

controller is able to safely complete the control task grows at each iteration. This fact is
highlighted in Table , where we report the initial condition xé as a function of the iteration
index. Furthermore, in Figure [6.5] we show 1000 realized trajectories for the 2nd, 4th and
8th iterations. We notice that at each iteration the LMPC safely operates the system over
progressively larger regions of the state space, until the closed-loop trajectory is close to
saturate the state constraints.

Table 6.1: Initial condition ) at each jth iteration.

zh=—1[200 0] |28=—1[9.90 0]"
2= _[546 0] |af=—[9.90 0]
i%;%m 0% zgz—%mo 0%
4 Tl 9 T
xg=—1[9.35 O}T z)=—19.90 0] .
2 =—1990 0]" | 2= —[9.90 0]

Finally, in Figure we report the approximated value function Q’(-) for the 2nd, 4th
and 8th iterations. We recall that the domain of Q’(-) is the approximated convex safe set

C’:SJ, which is enlarged at each iteration. Therefore, as more iterations of the control task
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are executed, QJ() approximates the value function over larger regions of the state space,

as shown in Figure [6.6]

| [o
[]cs®
o
[cs
| [ag
[]cs’

60 —

50 —

40 —

30 —

L (2)

Figure 6.6: Approximated value function () at the 2nd, 4th and 8th iteration. Notice that
the domain of ()7 is enlarged at each iteration.

6.6.4 Performance Improvement

In this section we empirically validate Theorem [I5] We design a LMPC which minimizes
the stage cost h(z,u) = 0.1|z|o + |u|xo. Afterwards, we run the closed-loop system for 10
iterations starting from the same initial condition, 27, = —[0, 9.9] Vj € {0,...,9}. In order
to initialize the LMPC, we use a suboptimal controller which robustly steers system
to O and we exploit the closed-loop data to initialize the approximated convex safe set and
value function.

Figure shows the closed-loop cost J?

OHTj(xg(wf )) from (6.21)) and the worst-case re-
alized cost

zo(w))) (6.27)

max J’ !

i€{0,...,R} 1
for 10 iterations. We notice that the LMPC is able to improve the worst-case realized cost
associated with the suboptimal policy used at the Oth iteration. Furthermore, we underline
that the controller performs exactly the same task at each iteration (2, = 2, Vj,7 > 0) and
the worst-case realized cost decreases at each iteration, until it converges within a
tolerance of 0.7% as stated in Theorem [15]
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Cost
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Figure 6.7: Worst-case realized cost and realized cost of the LMPC over the iteration in-
dex. We notice that the LMPC improves the worst-case realized cost from the suboptimal
controller at the Oth iteration, until it reaches convergence.

6.6.5 Parking Problem

Finally, we tested the proposed strategy on the parking example from [13| Section 3]. The
goal of this problem is to minimize the expected parking cost. There are s = n + 1 parking
spaces. The the driver starts from the parking spot s = n + 1, and at each parking space
s it may proceed to the next parking space s — 1 or park, if the parking spot is free. If the
drivers reaches the parking spot s = 0 it has to park and pay a fee of $100. Otherwise if
the parking spot s is available, the driver can park by paying a fee of $s. The parking spots
are free with probability p and the driver knows the availability when it reaches a particular
parking location.

At iteration 0 we implemented a control policy that drives the vehicle to the garage
and pays $100 to park. We performed 1000 roll-out and we used this closed-loop data to
implement the LMPC. As in this example the goal is to minimize the expected cost, in ((6.22))
we computed the hyperplane which approximates the empirical mean over each approximated
robust reachable set.

Figure shows the steady-state LMPC policy and the associated value function. We
notice that the LMPC policy overlaps with the optimal one from |13 Section 3]. Finally,
Figure reports the data points used to defined the approximated -function from .
We notice that he stored data points used to construct the Q-function are significantly lower
then the total amount of stored data points.



CHAPTER 6. LMPC FOR UNCERTAIN SYSTEMS 85

'I'hreshold value: 35

2+ s L R S B S B L R )
<]
£ —+—LMPC Policy
e 181 : :
= —o—Optimal Policy
<
(o}
+ 16F
g
o
i
A 1.4
-
(]
&
-
=12k
4
—
<
[al
i G )
08 1 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200

Parking Spot [0 = Garage]

Figure 6.8: Comparison between the LMPC policy at convergence and the optimal policy
from [13] Section 3].
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Figure 6.9: Stored data point needed to construct the approximated @Q-function from (6.24))
and total data points processed during the iterative process.
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Chapter 7

Feedback Policy Parametrization for
Robust LMPC

As we have discussed in the previous chapters, the LMPC computes the control action by
solving a finite time optimal control problem over a moving time window. When uncertainty
is acting on the system, the control problem is carried over a space of feedback policies.
Such space should contain the safe policies, which may be used to complete the control task
from any state into the safe set. If this condition is not verified, then the control design
is challenging. In this chapter, we proposed an adaptive prediction horizon strategy which
allows us to pick the space of feedback policies used by the LMPC independently form the
safe policies. First, we illustrate how to construct robust robust sets from historical data and
we characterized the associated safe control policies. Then, we propose an iterative LMPC
design procedure, where data generated by a robust controller at iteration j are used to
design a robust LMPC at the next j + 1 iteration. We show that this procedure allows us to
iteratively enlarge the domain of the control policy and it guarantees recursive constraints
satisfaction, input to state stability and performance bounds for the certainty equivalent
closed-loop system. The effectiveness of the proposed control scheme is illustrated on a
linear system subject to bounded additive disturbance.

7.1 Problem Formulation

Consider the uncertain linear time-invariant system,
x]., = Az] + Bu] + w] (7.1)

where 7 € R” and v} € R? are the state and the input at time ¢ of the jth iteration, and
the matrices A and B are known. The disturbances w] are zero mean independent and

identically distributed (7.7.d.) with bounded support W.

Assumption 9 The disturbance’s support W is a compact polytope described by | vertices
{vl ... v} and it contains the origin.
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Furthermore, system ([7.1)) is subject to the following convex constraints on states and inputs
) e Xand ul eU, V¥t >0,¥5 >0 (7.2)

for X and U compact.

7.1.1 Control Design Objectives

In this section, we describe the goals of the iterative synthesis process. At each iteration 7,
our objective is to design a state-feedback policy for the uncertain system ([7.1))

() :CI CR™ — RY, (7.3)
such that at each jth iteration and for all 2, € ¢/ C R” we have that:
1. The certainty equivalent system
7., = AZ] + B (7.4)
with u] = m(2]) converges asymptotically to goal set O, i.e. lim,_,o 7] € O.

2. The closed-loop system ], , = Ax] + Br/(x]) +w] is Input to State Stable (ISS) with
respect to the set O (see Section [2.2| for the definition of ISS).

3. The closed-loop state and input constraints are robustly satisfied, namely

v} € X and 7/ (x]) € U, Ywl € W, ¥t > 0.

4. The domain C? of policy 77 (-) does not shrink with the iteration index, i.e., C? C C/*1.

5. The iteration cost of the certainty equivalent system ([7.4)), defined as

oo

E ]
Oeoo h xtu ™

k=0

is upper-bounded by a function Q~1(:) (ie. JJ .. (x)) < @Q7~'(z})), which is non-
increasing at each iteration

Q'(z) < Q%(2).Vj = k.

Property 5) implies that, as more data is collected, the upper-bound on the performance of
the certainty equivalent closed-loop system is non-increasing.
Throughout this chapter we make the following assumptions.
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Assumption 10 The set O C R™ s a robust positive invariant set for the autonomous
system xi1 = (A — BK)x, + wy with w, € W. Furthermore, O is a polyhedron defined
through its vertices {v},... v} and

KO={uecR?:3r € O,u= Kz}

Assumption 11 We assume that the stage cost h(-,-) is continuous and jointly convex in
its arguments. Furthermore, we assume that Yz € R",Vu € RY

ay(|z]o) < h(z,0) < ag(zlo)
and ay,(Ju|ko) < 7(0,u) < aj(|ulko)

l

U U l
where ¥, o, ol and o), € Ku.

Remark 8 In Assumption[1(] a robust invariant O is required. In the proposed approach O
can be a very small neighborhood of the origin. In fact, the iterative nature of the control
design will enlarge the closed-loop domain of attraction at each iteration.

7.2 Preliminaries

The section describes how historical data can be used to build a robust safe set of states
from which the control task can be executed. Furthermore, we define the robust Q-function
which will be used to bound from above the performance of the proposed control strategy.
Finally, for each robust safe set we construct a safe policy which may be used to complete
the control task.

7.2.1 Robust Safe Set

We show how to iteratively construct robust control invariant sets. In particular, we run
the closed-loop system at iteration 5 and we exploit the closed-loop trajectory to construct
a robust safe set at the next iteration 7 + 1. Compared to the previous chapter, we show
how to construct robust safe sets given a feedback policy with horizon N smaller than the
task duration 7.
At iteration j = 1, let

() = [T ()s o T ()] (7.5)
be a robust N-steps policy which is applied in a receding horizon fashion to system (|7.1)
and consider the resulting closed-loop system

ri = Axy + B7rtl|t(xt) + wy. (7.6)

Furthermore, define the robust conver safe set CS® = O at iteration j = 0 and assume that
the following assumptions hold.



CHAPTER 7. FEEDBACK POLICY PARAMETRIZATION FOR ROBUST LMPC 89

Assumption 12 The closed-loop system (7.6)), starting from the initial condition x}, reaches
the robust convex safe set CS° = O in T steps, while robustly satisfying state and input

constraints ([7.2]).

Assumption 13 For all t € {0,..., T}, the N-steps policy w}(-) in (7.5) steers the pre-
dicted closed-loop system

$11€+1|t = Axllqt + Bﬂ-lht(ajl%:\t) + wli\tv VeE=t,....t+ N—-1

from the state x} to the robust convex safe set CS® = O in N-steps, while robustly satisfying
state and input constraints ((7.2]).

Let the vectors
(25, .-, 2] and [ug, . . ., U] (7.7)

collect states and inputs associated with a simulation of the closed-loop system. We notice
that, by linearity of the system, any state in the convex-hull of the closed-loop trajectory
in can be robustly steered to O. However, the convex hull of the states in and O is
not invariant, as it does not necessarily contain the k-steps robust reachable set R; ;1 (:c%,)
from the staring state z}, as shown in Figure (see Chapter [2| for the definition of robust
reachable sets).

Figure 7.1: Convex-hull of the stored states and O (dashed red line) and the robust reachable
sets Ry_s+k(x)) (dashed blue line). We notice that the convex-hull of the stored states and
O does not contain the robust reachable sets Rt_>t+k(x6) and therefore it is not a robust
invariant for the closed-loop system ([7.6]).
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Now, we notice that robust control invariant sets can be computed using k-steps robust
reachable sets Ry ;11 (x) from the stored states in . In particular, we notice that the
union of the k-steps robust reachable sets RHHk(xé) for k=0,..., N and the robust convex
safe set CS® = O is a robust control invariant. Therefore, we define the robust convex safe
set at iteration j = 1 as the convex hull of the N x T7 robust reachable sets and the robust
convex safe set CS° at iteration 0,

CSt = Conv({ D LNJ 73Ht+k(xt1)} U050> . (7.8)

t=0 k=0

The above robust convex safe set at iteration j = 1 is shown in Figure [7.2]

Figure 7.2: Representation of the convex safe set CS' (dashed green line) and the robust
reachable sets Ry 111 (z}) (dashed blue line).

The above process is repeated at iteration j starting from data collected at iteration j—1.
Clearly, Assumptions must hold when CS? is replaced with CS’~! and iteration 1 with
7. More formally, given the N-steps policy

7"?() = Wﬁ('% e 77TZ+N-1|t(')] (7.9)

and the closed-loop system ' ' o '
Ty = Azy + B, (27) + wy (7.10)

we assume that the following holds.
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Assumption 14 The closed-loop system , starting from the initial condition a:%, reaches
the robust convex safe set CS'™' in TV steps, while robustly satisfying state and input con-

straints (7.2). Furthermore, for all t € {0,...,T7}, the N-steps policy w from steers

the predicted closed-loop system

from the state xi to the robust convex safe set CS? in N -steps, while robustly satisfying state
and input constraints (7.2)).

Later in Section we will show how to synthesize a control polity 71'{ which satisfies
Assumption [14]

At iteration j, we exploits CS7~! to iteratively define the convex safe set:

CcS’ = COHV({ D U Ricsrsn(a? } Jes™ 1) (7.11)

t=0 k=0

Details on the computation and storage of the convex safe set are provided next.

7.2.2 Robust Convex Safe Set: Vertex Representation

Recall from Assumption . ) that [ denoted the number of vertices of the disturbance sup-

port. Now, we define the I* vertices of the k-step robust reachable set RHHk(a:t, W) from
j

Ty,

il i1k
AT (7.12)

The vertices of the robust reachable sets R; ¢ r(zi) for all the k € {0,...,N-1}, i €
{0,...,7} and t € {0,...,T?} are collected by the following matrix

] 1 1 lN 1
X/ =[X v0|0,.. L UN 107+ -
j:1 GVt
Uples > UN—_1jt> - - (7.13)
],1 ZN 1 ]

where at jth iteration v’ . represents the ith vertex of the robust reachable sets Ry (x{ ).

t+k\t :
In the above recursive definition, we set X° = [v} ... v™], where v for i € {1,...,m} are
the vertices of O from Assumption [10]

Finally, as the columns of the matrix X’ in (7.13) collect all vertices of the robust

reachable sets R; i1k (xi ), the robust convex safe set CS’ from (7.11)) can be written as
CSi = {:c R : 3N >0, XN =z and 17N = 1}, (7.14)

where 1 is a vector of ones.
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Remark 9 Notice that the approach in this paper is based on a commonly used “vertex
enumeration approach”. Its worst case complexity is exponential in horizon N of the feedback
policy , although independent on the length of the task duration T7. We underline that
this paper focuses on the fundamental properties of the controller design. Computationally
tractability can be obtained as in any MPC scheme by using a different disturbance model or
feedback parametrization.

Remark 10 We underline that the robust safe set in may be constructed using just
one predicted policy, i.e. setting T9 = 0. In this case, the proprieties of the proposed design
still hold, and the computational complexity of constructing the convex safe set is reduced.
Clearly, this approximation will likely shrink the domain of the proposed control policy.

7.2.3 Robust Q-Function

The robust Q-function approximates the cost-to-go over the robust convex safe set and it is
constructed iteratively as explained next. At iteration j we assume that we are given the
robust Q-function @’~'(-) which maps each state + € CS’~! to the closed-loop cost, and
we show how to construct a robust Q-function at the next iteration j. This recursion is
initialized at iteration 0 setting the robust @-function Q°(-) = 0 and the robust convex safe
set CS° = O.

While in the nominal case from [61] the vertices of the convex safe set are a subset
of the stored trajectory, the convex safe set from may introduce additional vertices
representing the worst case predicted realizations. For this reason, a cost-to-go associated
with such predicted worst case realizations should be defined. In the following we defined

the cost-to-go th|t associated with the stored states xt‘ ;= x{ and predicted cost-to-go J,g|t

associated with the predicted state xklt at time k. In particular, after completion of the
iteration j for ¢t € {0, .. T'} ke{0,...,N =1} and i € {1,...,I*'}, we compute the
cost-to-go as for the Vertlces Uk|t of CS’ from X7 in (7.13) as

1k+3
Ji‘t(vi’ﬁ) = 3}312% h(vklt’ﬂ-k\t Uk|t + ZVTJLLW Uk’_:ut))v
lk+1
st Y A, = Avl, + Bl (vl)) (7.15)
r=1
lk+1
>
r=1
for v = 71, ..., 4*""] where I*! is the number of vertices k + 1-steps robust reachable set

Rirkr1(x]). In the above recursion we set

‘]t]+N|t( t—iN\t) =Q (Ugﬁmt)- (7.16)
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Basically, the cost-to-go J,Z,| t(vk‘ t) at time k is computed summing up the running cost and
the interpolated cost-to-go at the next predicted time &k + 1.

Given @’71(-), the cost-to-go Jli‘t(-) is computed for all 7 € {0,...,5}, t € {0,...,T7}
and k € {0,..., N-1}. Then, these cost values are collected in the following vector

Ji=[J ! J]\o(vmo) J] 1|0(UNZN1|(1))

lN 1
Jé\t(vmt) Jj l\t(vg\f 1|t)
lN 1
JS\TJ( 1|TJ) : JJ 1|TJ< 1|Ti)]’
where JY = [0, ..., 0] represents the cost-to-go associated with the vertices of O. Finally, we

define the Q-function at iteration j which interpolates the cost-to-go over the robust safe
set, A o
J(x) = min  J'N

@(w) = min ) (7.17)

where for the matrix XJ composed of col(X7) columns
M) = {N e RO N >0, XN =z and 17N =1} (7.18)

collects the vectors A/ which can be used to express x as a convex combination of the columns
of XJ.

7.2.4 Set of Safe Policies

At this point we have shown how to compute a robust invariant terminal set and a robust
cost-to-go based on data collected at previous iterations. The last missing element needed
for a MPC design is the feedback controller associated to the terminal set.

Here we show how to construct a set of safe policies SP?, which may be used to ro-
bustly constraint the evolution of system into CS7, while satisfying state and input
constraints . We begin by presenting an implicit parametrization of the set of policies
SP7 which is amenable for optimization and it can be used to design a predictive con-
troller that guarantees recursive constraint satisfaction. Afterwards, we define a safe policy
KI*(+) € SP?, which is able to complete the task from any state into the robust convex safe
set CS7.

First, we define the matrix U’ collecting the inputs associated with the data stored
in (7.13)),

U’ = [U/! WO\O(U(]JMI)) W?v 1/0 (UNZN1|(1))
Wé\t(véﬁ) W?V 1\t(U?VlN1|;) (7.19)
Wé\Tﬂ' (U(j)ilTj)7 e 77T§V—1|TJ' (UNZJ—VH;J')]
where the policies Wil , are defined in (7.5). In the above definition U® = [—-Kuv},..., —Kv,

where the feedback gain K and the vertices v of O are defined in Assumption .
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Now, we notice that by linearity of system (7.1)), if a state x € CS’ is expressed as a
convex combination of the stored states z = X7\, then the input v = U/N € U will keep
the evolution of the system in CS? for all disturbance realizations. More formally, given the
set A(-) defined in (7.18)), we have that Vo € CS7 C X, VN € N (x)

U’XN €U and Az + BU/N +w € C§ Vw € W.
Therefore, the set of feedback policies x7(-) : R® — R?
SP/ = {K/(-) : Vz € C§’,3IN € N (), such that x/(z) = U'N }, (7.20)

guarantees that Vx’(-) € SP’ the robust convex safe set CS’ is a robust positive invariant
set for the closed-loop system x;,1 = Az; + Br’(x;) + w;. This statement is formalized by
the following Proposition [6]

Proposition 6 Let Assumptions @ hold. Then, for all control policy x(-) € SP? and
Vo € CS’ we have that

Az + B/ (z) +w € CS7T C X Yw e W
and k! (z) € U.
Proof The proof can be found in Section of the Appendizx.

Finally, we define the safe policy
k(1) = UI N () (7.21)

where A?*(z) is the minimizer in . Basically, the above safe policy evaluated at x is
given by the convex combination of stored inputs, for the multipliers A7*(x) which define
the robust @-function at x. In the following propositions, we show that the -function
is a Lyapunov function for the certainty equivalent closed-loop system and .
Furthermore, we show that the policy in closed-loop with system guarantees
Input-to-State Stability (ISS).

Proposition 7 Let Assumptions @ hold. Consider the Q-function Q’(-) in (7.17), we
have that for all x € CS’

Q) > hr,w* () + Q(Ax + Bri*(z) (722)
where k7*(-) is the safe policy defined in (7.21]).
Proof The proof can be found in Section of the Appendiz.

Proposition 8 Consider the system (7.1) in closed-loop with the safe policy (7.21). Let
Assumptions |H{11 hold and assume that vo € CS?, then the closed-loop system (7.1) and
(7.21)) is Input to State Stable for the robust positive invariant set O.

Proof The proof can be found in Section of the Appendix.
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7.3 Control Design

This section introduces the iterative control design procedure. At the end of iteration j — 1,
we collect a data set of costs, inputs and states which are used to construct the robust convex
safe set and robust @Q-function at iteration j — 1, as described in the Section [7.2] Finally, we
exploit these quantities to design a robust Learning Model Predictive Controller (LMPC)
for the jth iteration. The LMPC policy is able to safely execute the control task and it can
be used to collect new closed-loop data to design the controller at the next iteration 7 + 1.

7.3.1 LMPC Policy Synthesis

In this section, we introduce the LMPC policy. For more details on the control design choices
we refer to the discussion in Section and to the properties description in Section [7.4]

We define the following optimal control problem for the state #; € R™ and the parameter
N} € R,

t+N—1

Cg;izv(xt: NY) = Hz\}flgn ; h(fi”, “i:\t(fiu)) + Qj_l(f{—i-Nhf) (7.23a)
Al .gi

5.t (7.23b)
f{cﬂ\t = Axk:|t + Buk‘t( kit ) (7.23c)
xkﬂ‘t = Axk|t + Buk‘t( Mt )+ wk|t, (7.23d)
xi|t =Ty, = =}, (7.23e)
Ty € Xy oy, (2y,) €U, (7.23f)
Ty € CSTTH (7.23¢)
i (ne) = Sy MLl + gl (7.23h)
K () = U, (7.23i)
Ay € N7 () (7.23))
ul (23,) = 7 (wq), Vi € {t, ...t + Nf — 1} (7.23Kk)
)

Ufu(ﬁﬁf\t) = Hg"t (z let) Vie {t+ N/, .. ,t+N—1} (7.231

Vwilt eEW, Vk={t,...t+ N —1}

where the optimization variables are

0 ,

J

S| Mee 0 Tt
M; = y Gy = :

Myye My j
: JerN-1t>
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X = [’\glt’ . )\iw 1|t] Equations (7.23K)-(7.23]) and the parameter Nj describe the control

policy Wthh defines the evolution of the predicted nominal and uncertain trajectories in
m m In particular, for the first N} J predicted time steps the control policy uk‘ ()

equals the disturbance feedback policy ((7.23hl m and for the last N N J predlcted steps uk‘ ()

equals the safe feedback policy m m Equations ([7.23¢€))-([7.23f]) represent input and
state constraints which must be satisfied robustly for all disturbance realizations. Finally,
the terminal constraint robustly forces x;; |, into the robust control invariant set
cSit,

The finite time optimal control problem (|7 is used to define the LMPC algorithm
described in Algorlthm Given the measured state x{, Algorithm |1 solves N 4 1 instances
of Problem ( and it returns the control policy u} () = [W*(),... u" ()] and the

t)t » N1t
LMPC cost Jg;j ~(@]). Then, we apply to system (7
ul = ut‘t (x4). (7.24)

Algorithm |1] is resolved at time ¢ + 1, based on the new state x;ip41 = :ci 41, yielding a
mowving or receding horizon control strategy.

Algorithm 1: LMPC Algorithm

Given xi

Set Ng’* = argminNge{o,...,N} tLg(tiN(xta N])

Let u)" () = [ug‘:(), .., Uiy n_y,(1)] be the optimal solution to problem
Ced (ah, N

CL\HLJ (I"Z, th)

Set JtﬂziN( 1) = miane{o,... t—t+N
Return w}*(-) and J;"57 \ (2])

7.3.2 Design Choices

In standard robust MPC at each time step we a solve an optimal control problem over a
fixed space of feedback policies. On the other hand, in Problem the space of feedback
policies changes as a function of the predicted time step k. Indeed, the predicted trajectory is
computed using a disturbance feedback policy for £ < NV 7 and a safe feedback policy ((7.23] m
m ) for £ > Nj. 7 In the following we discuss why this strategy allows us to guarantee
recursive constraint satisfaction.

Recall that in predictive control recursive constraint satisfaction is ensured using a ter-
minal constraint set. In particular, the terminal constraint set should be (robust) control
invariant, for a feedback policy that can be used by the (robust) MPC to forecast the evo-
lution of the system [10]. Notice that a disturbance feedback policy (or equivalently an
affine state feedback policy [19]) may not be able to robustly constraint the evolution of the
system into the terminal constraint set CS?. For this reason, in Problem we used a
time-varying feedback policy, which is defined by the parameter th , and in Algorrthm we
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solved Problem for different values of th . This strategy guarantees that the safe policy
can be used to robustly constraint the evolution of the predicted system into the robust safe
set CS7, and it is used in Theorem [17] to show that the LMPC (7.23)) and (7.24)) guarantees
recursive feasibility.

Finally, we comment on the computational tractability of the proposed strategy. As
already mentioned, Algorithm [I| solves N + 1 instances of Problem to forecast the
evolution of the system using either the disturbance feedback policy or the safe policy from
Section [7.2.4. We underline that these N + 1 optimal control problems are independent
and can be solved in parallel. Therefore, when parallel computing is available, the online
computational complexity of the proposed strategy is independent on the controller horizon.

7.4 Properties

In this section we show that the LMPC policy ([7.24]) satisfies our design requirements from
Section [T.1.11

7.4.1 Recursive Feasibility

We show that if Problem (7.23) is feasible at time ¢t = 0 for some Nj € {0,..., N}, then
the LMPC policy (7.24]) guarantees that state and input constraints are recursively satisfied.
More precisely, we show that if ) € C?, where

C'={zeR":3N] €{0,...,N},C."" (x, N]) < oo} (7.25)

collects the states from which Problem (7.23) is feasible for some N} € {0,...,N}, then
Problem ([7.23) is feasible for all time ¢ > 1 for some Nj € {0,..., N}.

Theorem 17 Consider the closed-loop system (7.1)) and (7.24). Let Assumptions @ hold
and x) € C7. Then, for all time t > 0 the Problem (7.23) is feasible for some Nj €
{0,..., N}, and the closed-loop system (7.1)) and (7.24)) satisfies state and input constraints.

Proof Assume that at time t Problem (7.23) is feasible for some N/ €{0,...,N}. At the
next time t + 1, by Proposition @ we that, for k/=1*(-) € SPI™t, the following candidate
policy ‘ ‘ .

[Ugfllt(')a s 7uiiN—1\t(')’ ’ij_lj*(')] (7-26)

is feasible for the Problem for some Nj_, € {0,...,N}.

By assumption we have that the Problem 15 feasible at time t = 0 for some Ng €
{0,...,N}. Furthermore, we have shown that if Problem ([7.23|) is feasible for some N,gj €
{0,..., N} at time t, then Problem is feasible for some th+1 €{0,...,N} at t + 1.
Therefore by induction we conclude that for all time t > 0 Problem 1s feasible for
some th € {0,...,N} and the closed-loop system and satisfies state and input
constraints ([7.2]).
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7.4.2 Input to State Stability (ISS)

In this section we show that the closed-loop system ([7.1]) and (7.24)) is ISS with respect to
O. We recall that in standard MPC strategies the finite time optimal control problem can
be reformulated as a parametric QP. This fact is used in [19] to show smoothness of the

value function and then to prove ISS. In the proposed approach, the value function from
Algorithm

LMPC, ] . . ] LMPC, ] 7 9
Join(@e) = MM N 6o N}Ot—>t+N(35ta Ni)

is not given by the solution to a parametric Quadratic Program (QP). Therefore, smoothness
cannot be guaranteed, and the standard technique from [19] cannot be used to prove ISS.
Instead, we introduce the standard definition of dissipative-form ISS-Lyapunov function for
the robust invariant set O [17, 21| and we show that the cost of the LMPC J;‘_”;gi ~v(ze) is a
[SS-Lyapunov function.

Definition 16 A dissipative-form 1SS-Lyapunov function for the closed-loop system ([7.1))

and (7.24) and the invariant set O is a function V : R" — Rsq such that there ezists
ar, 9, € Ko and o0 € K so that for all x € R™ and w € R™,

ai(lzfo) < V(z) < as(|z]o) (7.27a)

V(Az + Bl (z) +w) — V(x) < —a(|z]o) + o(||w]]). (7.27b)

Notice that, as in [21], no assumptions on the continuity of V() are required. However

(7.27al) implies that V() is continuous on the boundary of O. The above definition can
be used to show that the closed-loop system ([7.1)) and (7.24)) is ISS with respect to the set

invariant set O, as described by the following proposition.

Proposition 9 The following statements are equivalent:

e The closed-loop system (7.1)) and (7.24) is ISS with respect to the robust invariant set
0.

o There exists a dissipative-form 1SS-Lyapunov function V().

Proof The proof follows from [21, Theorem 2.3] substituting |x| with |x|o. Note that we can
replace |x| with |z|o as by (7.27a) we have that V(x) = 0 iff |z|o = 0.

Proposition 10 Let Assumptions @ hold and xi € C/. We define closed-loop system
dynamics o - ’
fi (@i, wi) = Azy + Bugj; (z7) + wy,

where uiﬁ*() is the optimal policy from Algorithm . Then there exists L > 0 such that
T S (F (2, w])) = J 555 ()
< —o(|zilo) + Ll|wyl],

Vt >0, Yl € W and o € K.
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Proof The proof can be found in Section of the Appendix

The above propositions allow us to prove that the closed-loop system (7.1)) and - is
ISS with respect to O.

Theorem 18 Consider the closed-loop system system (7.1)) and ( - Let Assumptwns@
. 11| hold and assume that xy € C?, then the closed-loop system (7.1} - and (| 1s Input to
State Stable (ISS) for the robust positive invariant set O.

Proof First we show that the set O is robust positive invariant for the closed-loop sys-
tem and . Assume that at time t of iteration j the state :L‘{ € O and recall that
the disturbance feedback policy is equivalent to state feedback policy [19], then we
have that the candidate policy
[ufjf (x) = =Kz, ... ,ug:N 1i(2) = —Kaj

is feasible at t of the jth iteration for th = N. Now we notice that the cost associated with the
above feasible policy is zero. Therefore, we have that u] = ui;(xt) = —th, which together
with Assumption |10} implies that closed-loop system :C{H = Ar] + Buj *(xt) +w] € O,Yw] €
W and that O is robust positive invariant for the closed-loop system (7.1) and ( -
We notice that LMPC' cost from Algomthm is time-1nvariant and we replace T () with
Jéipjf,]() Furthermore, Assumption and imply the existence of o, g € Koy such
that Va, € C?

ar([zlo) < bz, 0) < JE (1) < azllailo): (7.28)

Finally, from Proposition we have that Yz, € C
Totind (e + Bugy () + we) — Jo" ()
< —a(lzilo) + o ([[w]2)

and therefore Jélpf\}j( -) is a ISS-Lyapunov function and the closed-loop system (7.1]) and ([7.24))
1s Input to State Stable for the robust positive invariant set O.

7.4.3 Performance Bound

Finally, we show that whenever xé € CS’™! the robust @-function at iteration j — 1 can
be used to upper-bound the performance of the certainty equivalent system at the next jth
iteration.

Theorem 19 Consider the certainty equivalent system in closed-loop with the LMPC
(723) and (7.24). Let Assumptions @. hold and x}, € CS] L' C ¢, then we have that the
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iteration cost of the certainty equivalent closed-loop system (7.4) and (7.24) is upper-bounded
by the Q-function constructed at the previous iteration,

Jg)—)oo( ):Zh(ji7 t|t( )) <QJ 1( ) (729)

where U’t|t( \) given by Algorzthml

Proof By Proposition |7 we have that

(7.30)

where the last inequality hold by the feasibility of safe policy from Section for xé €
cSiTtc i,
Now consider the LMPC cost at time t, by Proposition[7 we have that

t+N—1
TS @) = Y hlafg u ) + Q7 )
k=t
+N-1
1,
> Z h($k|§7uk|t($k|t))+h< t+N\t’/€] *($t+N|t)>
=t
5 )
t+N—1
= h(%:? i ( t\t Z h( f“k\t’“mt xklt))
k=t+1

j:* j_L* j’*
+h (xt+N|t’ K (xt+N\t)>

+Q (Axi:Nu + BRI (xt+N|t))

S b(7 LMpCj 4 j
> (@, up) + Jt+1_>t+1+NtJ+l(Axt + Bu;),

which implies that the LMPC cost is decreasing over the closed-loop trajectory of the certainty
equivalent closed-loop system,

szi[figt+1+N(xt+l) thﬁjj\f(_)f h( uy).
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By Theorem[18 and Definition[15 we have that the certainty equivalent system asymptotically
converges to O. Therefore, using the above equation recursively and the convergence of the
certainty equivalent system to O, we have that

Tl (@) > Y (@, up) + lim 20 (7))

k=0
= h(@h,up)
k=0
Finally, from the above expression and equation (7.30)) we have that
QN (ah) = St (7)) = D h(@h,uh) = e ().
k=0

7.5 Examples

We test the proposed controller on a system subject to bounded additive uncertainty. First,
we show that the proposed strategy is able to improve the performance of a system executing
an iterative task. Afterwards, we show that the proposed LMPC can be used to iteratively
construct a robust convex safe set CS?, which is defined over progressively larger regions of
the state space. Finally, we show that the data collected by the LMPC can be exploited to
construct the safe policy x* from Section . In particular, we show that this safe policy
#7* robustly steers the uncertain system from any state into the robust safe set CS’ to the
goal set O.
We consider the following double integrator system

11 0
Tiy1 = 01 Ty + 1 ut—i-wt,

where w; € {w € R? : ||w]|s < 0.1}, subject to the following constraints z; € X = {x € R? :
l|Z]|o < 10} and uy € U = {u € R : ||ul| < 1} for all time instant ¢ > 0. Furthermore, we
define the running cost h(z,u) = 10|x|o + |u| ko, which satisfies Assumption (L1]).

7.5.1 Iterative Task

We use the LMPC and to iteratively regulate the system from zy = [5.656; 0]
to the robust invariant set O. We use a robust MPC to perform the Oth iteration and to
construct the robust safe set CS° and the robust Q-function Q°(-), which are used to initialize
the LMPC with N = 3.

We perform 4 iterations of the control task for the certainty equivalent system. At each
gth iteration, we store the LMPC predicted policy and the closed-loop data in order to



CHAPTER 7. FEEDBACK POLICY PARAMETRIZATION FOR ROBUST LMPC 102

800 ‘:‘CS()()
mo°()
[1CS™(:)
o' ()

700

600

500

400

300

200

100

Figure 7.3: Comparison between the robust safe set and @)-function at the first and last
iteration.

construct the robust safe set CS? and the robust Q-function ¢’(-). Table [7.1|shows that the
closed-loop cost of the certainty equivalent system decreases, until it converges to a steady
state value after 4 iterations.

Table 7.1: Closed-loop cost Ji (1) for iteration i € {0, ..., 4}.

1=0 1=1 =2 1=3 1=4
863.4245 827.9588 827.9380 827.9371 827.9371

Finally, in Figure[7.3]we compare the robust safe set and the robust Q-function at the first
and last iteration. First, we notice that the robust safe set, which represents the domain
of the Q-function, is enlarged. Furthermore, we confirm that @’(-) is non-increasing (i.e.
Q' (x) < Q°(x),Vx € CS®) and therefore it guarantees better bounds on the performance of
certainty equivalent closed-loop system and , as shown in Theorem .

7.5.2 LMPC Domain Enlargement

We show that the domain of the LMPC policy may be iteratively enlarged. At each iteration,
we simulate the uncertain closed-loop system and and we store both the closed-
loop data and the predicted LMPC policy from Algorithm [I] These stored data are used to
construct the robust safe set CS’ and robust Q-function as described in Section
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Figure 7.4: Evolution of the robust Q-function @’ through the iterations. Notice that Q’()
(in blue) is lower-bounded by @Q’*!(-) (in red) for all 7 € {3,5,7,11}, unitl convergence is
reached and Q'(-) = Q(+).

Notice that by definition (7.11)) CS’ C CS’*! therefore the set of states which can be
steered to O by the LMPC and does not shrink (i.e. C7 C C/T'). At each
jth iteration, we compute the initial condition xé as the furthest point along the positive or
negative z-axis from which the LMPC is feasible. More formally, at each the jth iteration
the initial state xé is determined solving the following convex optimization problem

a,% = arg min o’z
xel’
bx=0
where the row vectors @/ = [(—1)7,0] € R?, b = [0,1] € R? and (7 is defined in (7.25)).
Figure shows that the robust convex safe set CS’ grows at each iteration until it
converges to a set which saturates the state constraints. We underline that the closed-loop
data used to enlarge CS’ are generated by the LMPC, which steers the system to regions
of the state space associated with low cost values. In other words, the growth of the robust
safe set is cost-driven. More importantly, the iterative enlargement of the CS’ is performed
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safely. Indeed, the LMPC guarantees robust state and input constraints satisfaction at each

iteration.

I.
|cS

—X

F\Tncreasing j

Figure 7.5: Evolution of the robust safe set through the iterations
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Figure 7.6: Closed-loop trajectories for different disturbance realizations.
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Figure shows the growth of the Q-function Q’(-), which is non-increasing through the
iterations. It is important to underline that Q7(-) is piece-wise affine as it is the solution to a
parametric LP [10]. Furthermore, we notice that @’(-), which upper-bounds the closed-loop
cost of the disturbance-fee system, resembles a quadratic function. This result makes sense as
the optimal value function for this problem is piece-wise quadratic |[10]. Finally, Figure
shows 100 Monte Carlo simulations of the closed-loop system for the 12th iteration. We
notice that the closed-loop trajectories satisfy state constraints and converge to the goal set
O, regardless of the disturbance realization.

7.5.3 Exploiting the safe policy

Finally, we use the stored data from the previous Section to construct the safe pol-
icy . We tested this policy for 1000 Monte Carlo simulations, where we randomly
sampled the initial condition zy from the robust convex safe set CS'?. We confirm that, for
all initial conditions zy € CS'? and disturbance realization, the safe policy steered the
system to the goal set O, as shown in Figure [7.7]

|

—a— Closed-loop
[]O
X

= ol2
L_,RS

Figure 7.7: Closed-loop trajectories for different disturbance realizations and initial condi-
tions.

Finally, we compare the performance of the uncertain system in closed-loop with
the safe policy @ and the LMPC and . In particular, we simulated both the
closed-loop system ED and ([7.21]) and the closed-loop system and for the same
random initial condition o € CS*“ and disturbance realization. As reported in Table , on
average it takes ~ bms to evaluate the safe policy and ~ 4.6s to evaluate the LMPC
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policy . This result is expected as the safe policy is evaluated solving a LP and
the LMPC policy solving N+1 = 4 QPs. On the other hand, it is interesting to notice
that the closed-loop cost associated with safe policy is on average ~ 3% higher than
the cost associated with the LMPC policy , as shown in Table . This result suggests
that, in applications where the computational power is not always available, one can first use
the proposed LMPC to iteratively construct a large robust convex safe set CS? and robust Q-
function (7. Afterwards, these quantities can be exploited to synthesis a safe control policy,
which at the cost of slickly worse performance is able reduce the computational burden.

Table 7.2: Performance of the LMPC policy ([7.24]) and the safe policy ([7.21]) in closed-loop
with the uncertain system ((7.1)).

‘ Average solver time Average closed-loop cost

LMPC 4.6s 77.1
Safe Policy 5ms 80

7.6 Appendix

7.6.1 Proof of Proposition [6]

The proof follows from linearity of system (7.1)) and convexity of the constraint set (7.2). By
Assumption |13 we have that for all v}(z7) collected in the columns of the matrix X7 in ([7.13))

Avi(z]) + Bﬁi‘t(vi(x{)) +weCS C X, Yw e W.
The above equation implies that Vo € CS? and YA € A(z)
AXIN + BUIN +w e CS Yw e W.

By definition YA/ € A(z) and #7(-) € SP’, we have that = X/A and #/(x) = UIN,
Consequently, from the above equation we have that Vo € CS? and x/(-) € SP’

Az + Br(z) +w € CS7 \Yw € W.

7.6.2 Proof of Proposition
Recall that we initialized CS° = O and Q°(z) = 0 Va € CS°, then we trivially have that

Q°(z) > h(z, k"*(x)) + Q°(Az + Br"*(x)),Vz € CS°.
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Now, we show that Vj > 1 and Vz € CS™!
Q’(x) > h(z, K" (2)) + Q' (Az + Br*(x)).

Let 2 € CS? then we have

Q(z) = (J9)T A, (7.31)
Now notice that by definitions — each element of J7 can be written as
[k
let( v (x )) h(vk( 7Tk|t vi(x ZVT*JIZH\t Uk+1<$g)) (7.32)

2 h(”}i(%)»”mt(v (x ))) + Qj (Avk(xt) + Bﬂw( (xt)))
Convexity of h(-,-), Q’(-) and Equation imply that

vh (o)

Top(vo(20)) ]

Qj(x):Jj)\*’th< vilel) | A wk‘t('@g)) w)

N 1 ' . .
| (a7 | T W(U%V 1 (@)

[ QY (Avg(xg) + B770|0 (vg(5)) ]

(7.33)

+ QI (Avi(2]) + Bri, (vi(a])) A7

QJ(AU%V( )+ Bﬂ-N 1|73 (Ué\]fvll(ﬁr )>_
> h(XIN* UIN*) 4 QF(XIA),

for some A* such that

[ Avg(ag) + Brgy (ve(xp))

XI N+ = Avi(a) + By, (vi (7)) X,

Ay (o) + Bl (0 )
The above equation implies that

Q(x) > h(XIN", UIN*) + Q7 (XIN™)
> h(XIN* UIN*) + QF(AXIN* + BUINY)
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Finally, we notice that by definition (7.21)) x%*(x) = UA>*, therefore the above equation
can be rewritten as

Q’(z) = h(z, w7 (x)) + @ (Az + Br'"(z)).

7.6.3 Proof of Proposition

First we show that the set O is robust positive invariant for the closed-loop system 1)
and - Assume that at time ¢ of iteration j the state z; € O, be definitions
(7.15), (]:Eand (721) we have that Q’(z]) = 0 and /-ij*(xt) = —th Therefore by
Assumption 10| we have that closed-loop system z7,, = Az} + Br'*(x]) +w] € O,Vw] € W
and that O is robust positive invariant for the closed-loop system ([7.1] . -

We notice that Assumption and imply the existence of ay,as € K such that
Va, € CS?

a1(|zelo) < h(21,0) < Q' (21) < ao(lzrlo). (7.34)

Now we notice that Q7(-) is Lipschitz as it is the solution to a parametric LP [10]. Finally,
from Proposition and Lipschitz continuity of Q’(-) for a Lipschitz constant L, we have
that Vz, € CS’

Q7 (Ax, + Br7* () + wy) — Q7 () = Q? (Azy + B (1) + wy) — Q7 (Axy + Br7*(z1))
+ Q’ (Azy + Br (1)) — Q (1)
< Ll|wills + Q7 (Azy + Br (1)) — Q7 ()
< Lfwills = h(we, 7 (x0)).
Therefore Q7 (+) is a ISS-Lyapunov function according with Deﬁnition and by Proposition@
the closed-loop system and is Input to State Stable for the robust positive

invariant set O. |

7.6.4 Proof of Proposition

By assumption :ct € (7, therefore by Theorem . Problem is feasible at time ¢ for
some N} € {0,...,N} and the LMPC Algorithm (1| returns the optlmal policy u*(-) and
optimal cost Jt“_f’; j N(xt) At time ¢, let

R AN

the optimal trajectory of the certainty equivalent system associated with the optimal policy
u?*(+). Then, the LMPC cost from Algorithm [1| at time ¢ can be written as

t+N—-1

T Z h@i (@) + @7 @) (7.35)

= h(xi‘;, ut|t (‘Tk|t)) +p(z t+1\t)
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where the function p(z which represents the total cost from time ¢ + 1 to time ¢t + N

t+1|t>
for the optimal policy u}”(-), is Lipschitz as it is composed of summation and composition
of Lipschitz functions. Now we notice that by feasibility of (7.26]) the cost of the LMPC at
time t 4+ 1 can be upper-bounded,

t+N—1
T e (f (e, wr) Z h xk|t+1=“l?\f:(i’?c|t+1>) +h( t+N|t+17R]71’*<ji+]\[\t+1))
k=t+1
1 1,
+Q7" ( +N|t+1+B“] H(@ t+N\t+l)) 7 36
LN (7.36)
< Z h xk|t+17uk|t(xk|t+1)) +Q7 ( t+N|t+1)

k=t+1
= P(Ti11041)

where the last inequality follows from Proposition [7] and the feasible nominal trajectory is
given by

_ Ak—t—1 k—1—1
xk|t+1 A (Axt+But|t xe) +we) + E : A B“z\t $k|t+1>
i=t+1

for k ={t+2,...,t+ N}. Finally, we notice that
‘7;{+1|t+1 Axf + But|t () +w] = xt+1\t +wi, (7.37)

‘v’wt € W. Therefore, from the Lipschitz continuity of p(- - - and - we have
that

T Shan (e, wh)) = TN (@) = p(@)] ), + we) — p(a]],),) — h(zy] uy) ()

< —h(@yi] ug (2])) + L[| (7.38)
< —h(z}],0) + L[w]]|

< —ag(w]) + L],

Vw! € W, where the last inequality holds by Assumption |
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Chapter 8

Certainty Equivalent Learning Model
Predictive Control

In the previous chapters, we presented two robust LMPC design strategies. The compu-
tational burden associated with these strategies increases with the respect to the nominal
case, as the controller forecasts the evolution of the system using feedback policies. In this
chapter, we first introduce a decoupling strategy, which allows us to represent the uncertain
system as the summation of a certainty equivalent and an error dynamics. Then, we propose
a robust LMPC policy which exploits the certainty equivalent system to predict a nominal
trajectory and the error dynamics to guarantee robust constraint satisfaction. The main
advantage of proposed strategy is that the on-line computational cost does not increase with
respect to the nominal case. Nonetheless, we show that robust constraint satisfaction and
performance improvement properties for the closed-loop system.

8.1 Problem Statement

In this section, we illustrate the linear change of coordinates that allows us to represent
the uncertain system as the summation of a certainty equivalent and an error dynamics.
Afterwards, we introduce the robustified infinite horizon optimal control problem, which is
used to define a feedback policy that guarantees robust constraint satisfaction.

8.1.1 The Certainty Equivalent System

Consider the uncertain linear time-invariant systems
Tir1 = A$t + But -+ Wy (81)

where at time ¢ the state x; € R", the input u; € R™, and the matrices A and B are known.
At each time step ¢, the system is affected by a random disturbance w;, € W, where W is
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assumed to be a known compact polytope that contains the origin. We consider the state
and input constraints
Ty € X and Uy € U (82)

which must be satisfied for all uncertainty realizations w, € VW and for all t > 0..

In the following, we show that the uncertain system [8.1] may be decoupled into a nominal
and uncertain error dynamics [81, 82]. First, we introduce the following certainty equivalent
system and associated feedback policy

Ty = A%y + By

m(w) = —K(x, — 7)) + @ (8.3)

where z; is the state of system (8.1)). The above certainty equivalent dynamics allows us to
define the error at time ¢ as
€t = Ty — jt' (84)

Finally, using (8.3) and ({8.4)), we rewrite (8.1]) as

Ty = Az + By,

8.5
€11 = (A—BK)et—i—wt ( )

Next, we assume that we are given a robust invaraint set £ for the error dynamics and
we present the constraint robustification strategy.

Assumption 15 The set £ is a robust positive invariant set for the error dynamics,
Vee £, (A— BK)e+w € E,Yw e W,
andU O —KE ={-KeeR4:ec&}.

The above assumption implies that if ey belongs to some given set £, then e; belongs to
the set & for all w, € W and t > 0. Moreover, from , it follows that z; = Z; +e, € T, DE
and uy = —Ke, + u, € {—KE} @ w;. This fact allows us to robustly enforce state and input
constraints on x; and u; through the following constraints on the certainty equivalent system

_ 8.6
weU=US{-KE},Vt>0. (8.6)
Indeed, if eg € £ and is satisfied we have that
=T+ c XDE=X,
Tt Tt Ct (87)

U = —Ket‘i‘ﬂt < {—KE}EBZ;{:Z/{, thO,th e wW.
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8.1.2 Robustified Infinite Horizon Optimal Control Problem

In this section, we introduce the robustified infinite horizon optimal control problem. In
particular, we exploit the linear change of coordinates presented in the previous section
to reformulate the robust constraints as a deterministic one. Finally, we show that the
optimal solution to the robustified problem defines a feedback policy which guarantees robust
constraint satisfaction.

Our goal is to synthesize a feedback policy which guarantees recursive robust constraint
satisfaction for the closed-loop system. The key idea is to exploit invariance of the set £
and the decoupling strategy presented in the previous section. In particular, we define the
following infinite time optimal control problem

Jioo(®s) = min > " h(z, @)
t=0

T0,U0,UT ...
st. Ty = AT, + Bug, vt € {0,1,...} (8.8)
T, € X, U €UVt € {0,1,...}
Ts — To € E.

Let [Z§,ug, uf,...] be the optimal optimal solution to (8.8) and [z, ZF,...] the associated
certainty equivalent closed-loop trajectory. Then it follows from that the feedback policy

m(z) = —K(xy — T}) + 4} (8.9)

guarantees robust state and input constraint satisfaction.

In the following, we introduce a certainty LMPC strategy to iteratively compute a solu-
tion to the above infinite time optimal control problem. We show that the certainty LMPC
policy guarantees iterative performance improvement and recursive robust constraint satis-
faction. The main advantage of the strategy presented in this chapter is that the on-line
computational cost does not increase with respect to the nominal case.

8.2 Controller Design

This section describes the controller design. First, we introduce the definition of safe set
and @Q-function for the certainty equivalent system ({8.3), which follows from Chapter .
Afterwards, we present the controller design.

8.2.1 Convex Safe Set

In this section, we define the safe set for the certainty equivalent system. At iteration j, let
the vectors

® = (@), @], .., @, ..], (8.10a)

% = [z, ¥, ., T, .., (8.10Db)
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denote the input and state of certainty equivalent system (8.3)). To exploit the iterative
nature of the control design, we define the sampled Safe Set SS’ at iteration j as

SS = { U Gxt} (8.11)

where M7 C {0,...,j} is the set of indices associated with successful iterations, i.e.,
M= {k € [0,4] : lim &% = 0}.
t—o0

In other words, SS” is the collection of all nominal state trajectories up to iteration j that
have converged to the origin. Finally, we define the convex Safe Set as

CS’ = conv(SSY). (8.12)

8.2.2 (Q-function

At time t of the jth iteration, the cost-to-go associated with the closed loop trajectory ([8.10b))
and input sequence (8.10a)) is defined as

oo
Toroo @) = D ME ),
k=0

where h(-, ) is the stage cost of problem (8.8)). Note that JJ_,__(s}) quantifies the controller
performance at the jth iteration.
We are now in place to define the barycentric function [63]
J 00
1(z) ==  min NJ (7
Q@)= g 3

J J

st ) f: Nzl =z,

=0 t=0 1=0 t=0

where Z¢ is the nominal state at time ¢ of the i-th iteration, as defined in (8.10b)). The

function @’(-) assigns to every point in CS? the minimum cost-to-go along the trajectories
in CS’.

8.2.3 Robust LMPC

In this section, we present the proposed robust LMPC algorithm for the linear systems
subject to additive uncertainty (8.1)). We introduce the following finite time optimal control
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problem

t+N—1

Jt\iiiij-N(xt) o mig Z h(xk|t’uk|t) +Q'(z t+N|t) (8.14a)
Tyl YoY% N1t k:t

s.t. mkﬂ‘t Aa:k,|t + Buk‘t,‘v’k e{t,....,t + N—1} (8.14b)
xklt € X, uk|t ceUNVkelt,....,t+ N -1} (8.14c)
t+N|t €CS, (8.14d)
t|t ef. (8.14e)

The solution to the above optimal control problem is a nominal trajectory which steers
the system from xt‘t to the CS’. Problem (8.14) may be used to design a robust MPC,
which guarantees robust constraint satisfaction [82]. However, we notice that the first state
of the open-loop sequence x:u] is an optimization variable, which enforces e¢; = x; — fzu €
E. Therefore, robust MPC strategies based on Problem do not guarantee that the
certainty equivalent closed-loop trajectory is feasible, i.e. it is not required that X/ € X. For
this reason, we introduce the following finite time optimal control problem, which will allow
us to guarantee feasibility of the certainty equivalent closed-loop trajectory,

t+N-1

Jth;iJJV(SUtaxt 1l 1)t— )= min Z h(j?clwa?dt) +Qj(fi+Nlt> (8.152)
t\t’ ’t+N 1t k=t
t\t’ t 1|t

st Ty, = Aig;lt + Buy,,Vk € {t,...,t + N — 1} (8.15b)
xk|t € X, uk|t eUNkel{t,...,t+N -1} (8.15¢)
t+N|t €Cs, (8.15d)
Ty — mtlt €& (8.15¢)
j:tlt = Az]_, + Bu]_ 1) (8.15f)

P&, yy) S B(E L T yjpn)- (8.15¢)
Compare (8.14]) with (8.15]), we notice that Problem (8.14])) has the additional constraints (8.15f))

and (8.15g). Those constraints allow us to construct a feasible closed-loop trajectory of the
certainty equivalent system which can be used enlarge the safe set. In particular, we define

Algorithm 2/ which at time ¢ = 0 solves Problem (8.14]) and for ¢ > 0 solves Problem ({8.15]).
Then, at each time t of iteration j, we run Algorithm 2 and we apply to system (8.1)

ul = —K(z — Zy)) + . (8.16)

Furthermore, we use the output from Algorithm [2] to construct the closed-loop trajectory of
the certainty equivalent system '
T =" (8.17)

t|t
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and if ¢ > 0 we store the associated input action
al_, =t n (8.18)

The stored input-state pairs from (8.17)) and (8.18]) represent a feasible trajectory of the
certainty equivalent system, which is used to enlarge the safe set and to update the Q-
function.

Algorithm 2: LMPC Algorithm

Given the state measured state ) at time t
Given the optimal state z* | and input @] 11 (Needed if ¢ > 0)

t|t
if t = 1 then
7.] 7] _*7j 3 1 .7 _j
Let z,/, u t|t ;-5 U ), be the optimizer to Ji oo (T])
7j
Return xt“,ut‘t
else
7.7 7] _*] _*7j 3 3 ] e _.77 _.77
Let Tyi, U . 1|t7ut|t s U e be the optimizer to Jtﬁoo(xt,xtlt AT )
j7 ‘77
Return :Bm, Uyjy s Wyl qyy
end

8.3 Properties

In this section, we show that the robust LMPC policy ({8.16) in closed-loop with system (8.1
guarantees recursive robust constraint satisfaction, asymptotic convergence to a neighbor-
hood of the origin and iterative performance improvement.

Assumption 16 At iteration 0, we are given a feasible closed-loop trajectory X° and the

associated feasible input sequence X°.

Theorem 20 Consider system (8.1)) in closed loop with the robust LMPC policy (8.16]). Let
Assumptions [15{16 hold. Then, the closed-loop system (8.1]) and (8.16) satisfies state and

input constants and it converges asymptotically to the set £ for every iteration j > 1 and all

weW.
Proof The proof follows from invariance of £ and the proof of Theorem []).

Theorem 21 Consider system (8.1) in closed loop with the robust LMPC policy (8.16]).
Let Assumptions hold. Then, the closed-loop performance of the certainty equivalent
system J}_, . (T%) is non-decreasing with the iteration indez.

Proof The proof follows as in Theorem [J
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8.4 Example
In this section, we apply the proposed robust LMPC algorithm to robustly steer the system

11 0
e Ty + 1 Uy + Wy

to a neighborhood of the origin while satisfying state z; € X = {z € R? : ||z|| < 15} and
input constraint u; € U = {u € R : ||u]|o < 5}, for all wy € W = {w € R? : |Jw||o < 0.1}.
Furthermore, we introduce the following infinite time optimal control problem which we will
use to benchmark the performance of the robust LMPC policy,

oo
foane(ts) = _min Y #{ QT + 4 Ru,
t=0

Z0,U0,U1,-.-
S.t. jt—i—l = |:é 1:| T + |:?:| ut,Vt € {0, 1, .. } (8].9)
Iy € )E,Uk EZ;[,\V/]{Z S {0,1,}
rg —x9 € E,

where & is a robust positive invariant set for the error dynamics from (8.3|) defined by the gain
K, which is given by the solution of the LQR problem for @ = I and R = 10. Furthermore,
the constraint sets X and U are defined as in .

593 -

—o— |teration Cost
s921-  Q — — Optimal Cost

591 -

590

588 -

Tteration Cost

77777 —O——0——0—0 © © © © © © © ©
587 -
586 -
585 ! : : : ‘ ‘ ‘
0 2 4 6 8 10 12 14
Iteration

Figure 8.1: Iteration cost at each iteration. We notice that the cost is decreasing until it
converges to the optimal cost to Problem (8.19)).
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Figure 8.2: Comparison between the optimal trajectory (in black) and the closed-loop trajec-
tories (in blue) at iteration j = {2, 3,5, 15}. We notice that as more iterations are performed
the sampled safe set (in red) is enlarged and the closed-loop trajectory is closer to the optimal
one.

We implement the robust LMPC policy with a control horizon N = 3. We compute
a first feasible solution to initialized the LMPC algorithm and then we use the closed-loop
trajectory of the certainty equivalent system to enlarge the safe set and compute the Q-
function. Figure 8.2 shows the evolution safe set and closed-loop trajectory for the certainty
equivalent system through 4 different iterations. At the first iteration in the top left corner,
the controller deviates from the safe set, but the closed-loop trajectory is far from the
optimal solution to Problem [8.19] However, as more iteration are performed, the closed-loop
trajectories gets closer to the optimal one, until the two trajectories overlap. As a results,
the closed-loop cost converges to the optimal one, as shown in Figure 8.1 We notice that
the certainty equivalent cost is non-increasing as discussed in Theorem [20]

Finally, we performed 1000 Monte-Carlo simulations for the closed-loop system (|8.16)
and , which are shown in Figure We confirm that regardless of the disturbance
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| —o—Closed-loop

)

Figure 8.3: Closed-loop simulations for 1000 Monte-Carlo simulations. We notice that the
state constraints are robustly satisfied.

realization the robust LMPC policy steered the system to the neighborhood of the origin &,
while satisfying state and input constraints.
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Chapter 9

Autonomous Racing Experiments

In this chapter, we illustrate the system identification strategy used to implement the Learn-
ing Model Predictive Controller (LMPC) for autonomous racing. We model the autonomous
racing problem as a minimum time iterative control task, where an iteration corresponds to
a lap. The system trajectory and input sequence of each lap are stored and used to system-
atically update the controller for the next lap. The first part of this chapter, we introduce a
local LMPC which reduces the computational burden associated with the strategy proposed
in Chapter dl Afterwards, we present a system identification strategy for the autonomous
racing iterative control task. We use data from previous iterations and the vehicle’s kinematic
equations of motion to build an affine time-varying prediction model. The effectiveness of
the proposed strategy is demonstrated by experimental results on the Berkeley Autonomous
Race Car (BARC) platform.

9.1 Problem Formulation
Consider the following state and input vectors
r= [vwvy,wz, ey, s,ey]T and u = [5, a}T,

where w,, v, vy, are the vehicle’s yaw rate, longitudinal and lateral velocities. The position
of the vehicle is represented in the curvilinear reference frame [83], where s is the distance
travelled along the centerline of the track. The states e, and e, are the heading angle
and lateral distance error between the vehicle and the centerline of the track, as shown in
Figure 0.1 Finally, 6 and a are the steering and acceleration commands. The vehicle is
described by the dynamic bicycle model

Tip1 = f(ﬂft, ut)7 (9-1)

where f(-,-) is derived from kinematics and balancing the forces acting on the tires [67]. A
detailed expression can be found in [67, Chapter 2]. Note that in the curvilinear reference
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frame state and input constraints are convex, i.e.
neX={reR": F,x <b.},
w €U ={ucR: Fu<b,}, Vt>0.

distance travelled along the path

path’s origin
Figure 9.1: Representation of the vehicle’s position in the curvilinear reference frame.

The goal of the controller is to drive the system from the starting point zg to the terminal
set Xp. More formally, the controller aims to solve the following minimum time optimal
control problem

T-1
raln, 21
sit. w1 = flag,uy), Vt=10,...,7 —1] (9.2)
e X, u €U, Vt=1[0,...,T]
rr = Xp, To = Tg,
where for a track of length L the terminal set
Xp={zxeR":[000010jz=s>L} (9.3)

represents the states beyond the finish line.

9.2 Controller Design

In this section, we first show how to use historical data to construct a terminal constraint set
and terminal cost function. Afterwards, we exploit these quantities to design the controller.

9.2.1 Stored Data

We define one iteration as a successful lap around the race track and we store the closed-loop
trajectories. In particular, at the jth iteration we define the vectors

wo= [u),..., ]

. . Tj (9.4)
x = [xg,..., o],

which collect the evolution of closed-loop system and associated input sequence. In the above
definitions, 77 denotes the time at which the closed-loop system reached the terminal set,
ie. Tri € XF
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9.2.2 Local Convex Safe Set

This sections shows how to construct a local convex safe set using a subset of the stored data
point. In particular, we define the local convex safe set around x is defined as the convex
hull of the K-nearest neighbors to x.

First, for the jth trajectory we define the set of time indices [t*, ..., #}"] associated with
the K-nearest neighbors to the point z,

K
[, 5] = argmin Y ||z], — 2|}
t1,..tK i—1 (95)

s.t. ti %tk, Vi # k
t; €40,..., 7"}, Vie {1,...,K}.

In the above definition ||y||2, = y" D' Dy for the user-defined matrix D, which may be
chosen to take into account the relative scaling or relevance of different variables. We chose
D = diag(0,0,0,0,1,0) to select the K-nearest neighbors with respect to the curvilinear
abscissa s, which represents a proxy for the distance between two stored data points of the
same lap. Furthermore, as the vehicle moves forward on the track, at each lap the stored
data are ordered with respect to the travelled distance s and the computation of is
simplified. The K-nearest neighbors to x from the [th to the jth iteration are collected in
the following matrix . . .
D] (z) = [xiﬁ*’ . ’xilif’ e ,xz{’*, o i;(*],

which is used to define the local convex safe set around x

CLl(z) ={z € R": IA eREU-HD X >0, 1A =1, D/ (2)\ = 7}. (9.6)

Notice that the above local convex safe set CL] () represents the convex hull of the K -nearest
neighbors to x from the lth to jth iteration.
Finally, we define the matrix
J — [l l J J
Sl (x) = [xtll,*ﬂ, o Tyt D g ,:Bt;?+1]

which collects the evolution of the states stored in the columns of the matrix Di(z). The
above matrix S} (x) will be used in Section to construct the local convex safe set at
each time step.

9.2.3 Local Convex Q-function

This section shows_ how to construct an approximation of the value function over the local
convex safe set CL] (z) around x. In particular, we define the local convex @-function around
x as the convex combination of the cost associated with the stored trajectories,
Ql(Z,z) =min J/(x)A
A . (9.7)
st A>0, IA=1,D](zx)A =1z,



CHAPTER 9. AUTONOMOUS RACING EXPERIMENTS 122

where A € RFU=0_ 1 is a row vector of ones and the row vector

J'l7 (ﬂf) = [Jlfll’*—)Tl (xilfll’*)’ ceey Jtll]\’;—>Tl (.leil](;), ey
AR R

collects the cost-to-go associated with the K-nearest neighbors to x from the /th the jth
iteration. The cost-to-go J? ., (x]) = T7 — t represents the time to drive the vehicle from
x] to the finish line along the jth trajectory. We underline that the cost-to-go is computed

after completion of the jth iteration.

9.2.4 Local LMPC Design

The local convex safe set and the local convex Q-function are used to design the controller.
At each time ¢ of the jth iteration the controller solves the following finite time optimal
control problem

t+N—-1

it ) = min [ we)+ 3 N (9.80)
A k=t

s.t. xz‘t =l (9.8b)

X 2 0,1N =1, D] ()X = o]y, (9-8¢)

x§g+1|t - Ai:|txgc\t + Bi\tuiu + Cljg|t7 (9.8d)

xiu € X,ui“ €U, (9.8e)

V=t t+N—1,

where UJ = [u{ﬁ, Uiy ] € RN A € RUTHDE and the stage cost in (9.Sal)
1 If X
h(z) = v Ar
0 Else

In the above finite time optimal control problem equations ((9.8b)), (9.8d)) and ({9.8¢|) represent

the dynamic update, state and input constraints. Finally, (9.8c) enforces z] N into the local
convex safe set defined in Section [9.2.2] The optimal solution to at time ¢ of the jth
iteration ’ ‘ ' ' A ‘

h VA [xi‘:, e ,xi’:N“] and U™ = [uig, e ’uiiNfﬂt] (9.9)

is used to compute the following vector

: o Ift=0
A= o (9.10)
ST (z_1)A]"; Otherwise
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which at time ¢ defines the local convex safe set ES{ (z]) and local @Q-function Q{ (z,2]) in
. The above vector z] represents a candidate terminal state for the planned trajectory
of the LMPC at time t. First, we initialize the candidate terminal state 2} using the (j —1)th
trajectory. Afterwards, we update the vector z,f as the convex combination of the columns
of the matrix S (/) from Section . Notice that if the systems is linear or if a linearized
system approximates the nonlinear dynamics over the local convex safe set, then there exists
a feasible input which drives the system from x{fMt = D] (AN to 2l = ST (N
Finally, we apply to the system the first element of the optimizer vector,

u] = uilf (9.11)
The finite time optimal control problem is repeated at time ¢t 4+ 1, based on the new
state Tyi1)i41 = T4

9.3 System Identification Strategy

We illustrate the system identification strategy used to build an Affine Time Varying (ATV)
model which approximates the vehicle dynamics. First, we introduce the kinematic equations
of motion which describe the evolution of the vehicle’s position as a function of the velocities.
Afterwards, we present the strategy used to approximate the dynamic equations of motion,
which model the evolution of the vehicle’s velocities as a function of the input commands.
Finally, we describe the ATV model, which is computed online linearizing the kinematic
equations of motion and evaluating the approximate dynamic equations of motion along the
shifted optimal solution to the LMPC.

9.3.1 Kinematic Model

As mentioned in Section [9.1] the position of the vehicle is expressed in the Frenet reference
frame [83]. In particular, we describe the position of the vehicle in terms of lateral distance
e, from the centerline of the road and distance s traveled along a predefined path (Fig. [9.1)).
The state ey, represents the difference between the vehicle’s heading angle and the angle of
the tangent vector to the path at the curvilinear abscissa s.
The rate of change of the vehicle’s position in the curvilinar reference frame is described
by the following kinematic relationships
v cos(ey) — vy sin(ey)

é¢—wz

K(s)

1 — k(s)ey,
vz cos(ey) — vy sin(ey)

1 — k(s)ey,

é, = vy sin(ey) + v, cos(ey),
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where k(s) is the curvature of the centerline of the track at the curvilinear abscissa s [83]. The
above equations can be Euler discretized to approximate the vehicle’s motion as a function
of the vehicle’s velocities

by cos(e,) vy, sin(ey,)
1- H(Sk)eyk

g1 — fezp (xk) = Eyy, t+ dt (wzk -

Vg, COS(€q, ) — Uy, SIN(E4y,)
= Js = dt L L L L 9.12
Sk+1 f (xk) Sk + ( 1 K;(Sk)eyk ( )

éy = fey ($k> = €y, + dt (Uffk Sin(ed}k) + Uy, COS(%)) )

where dt is the discretization time. The above equations will be linearized to compute an
ATV prediction model. It is interesting to notice that equations are independent of
the vehicle’s physical parameters, because these are derived from kinematic relationships
between velocities and position.

9.3.2 Dynamic Model

The dynamic equations of motion, which describe the evolution of the vehicle’s velocities,
may be computed balancing the forces acting on the tires [67]. Therefore, the dynamic
equations depend on physical parameters associated with the vehicle, tires and asphalt.
These parameters may be estimated through a system identification campaign. However, the
nonlinear dynamic equations of motion should be linearized in order to obtain an ATV model
which allows us to reformulate the LMPC as a QP. Instead of identifying the parameters of
a nonlinear model and then linearize it, we propose to directly learn a linear model around
x using a local linear regressor. We introduce the Epanechnikov kernel function [84]

3(1 — u? fi 1
Ky~ [H0 ), forful <
0, else

Y

which is used to compute a local linear model around z for the longitudinal and lateral
dynamics. In particular, for | = {v,,v,, w,} we compute the following regressor vector

l . le =215
IM(z) = arg;mn Z K — yp (1), (9.13)
(z)

{k,j}el

where the hyperparameter h € R, is the bandwidth, the row vector I' € R?,

yiﬂ)x (F) = ||U£k+l - F[U£k7 Uik’ wik’ aiﬂ 1]T||
yi’vy (F) - ||U7ik+1 - F[U;w U;k’ wgk’ (%’ 1]T||
yi’wz (F) = ||wi’k+1 - F[Uizw U;k’ wi;ﬁ 5%’ 1]T||’
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and I/ (z) is the set of indices

P
[(z)= argmin Y |lz—af
{kv.g1},{kpgr}t T4

s.t.
ki # kn, Vji = Jn
k;e{1,2,...},Vie{l,..., P}
jgie{l,.... ,vie{l,..., P},

2
Q

where ||y|lo = y' Q" Qy and the matrix @ is user defined. For the stored data from iteration
[ to iteration j, the set [ l](x) collects the indices associated with the P-nearest neighbors
to the state z. Finally, the user-defined matrix ) takes into account the relative scaling of
different variables.

Notice that the optimizer in (9.13) can be used to approximate the evolution of vehicle’s
velocities,

Ul’m-l P?{i (ZE) vzk FZZ (l’) v a ng (ZL‘)
e | = [T o |+ | 0 @ 3] )| (9.14)
wan) (M@ L) Lo mi@ ¥ (2

where for | = {v,,v,,w,} the scalar T'}(z) denotes the ith element of the vector I'(z) and
I ,(x) € R? is a row vector collecting the first three elements of I''(z) in (9.13)).

9.3.3 Affine Time Varying Model

In this section we describe the strategy used to build an ATV model, which is then used for
control. At time ¢ of the jth iteration, we define the candidate solution X} = [fi‘ e Ty i)

to Problem using the optimal solution at time ¢ — 1 from (9.9)),

o Jwh Mke{t o t+N-1}
RET) 2 Ifk=t+N

Finally at each time ¢ of iteration j, the above candidate solution is used to build the following
ATV model ‘ o o .
x?c+1|t - A?dtx;dt + B£|tugc\t + Cljf\w (9.15)
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R P U R R
where xk|t [kalt’ Uykn’ wyk\‘t’ ewk\t’ Skﬁ’ eyku]

linearizing (9.12)) around :Efc‘ . and evaluating (9.14) at fil o

and the matrices Ai‘t, Bi‘t and C’,f;‘t are obtained

Vg =J B )
Mia(ry) 0 00 () 0
Fl?g(f‘ljg‘t) 0 0 0 va _j
T (7 ) 0 0 0 0 4 (J:k;'t)
PR T i |0 Iy (z,,)
Ak|t | (Vafe, (x)|fi\t)T s By = 0 Ok\t (9.16)
(vxfs(xﬂji‘t)—r 0 0
(v:r:fey (,CE) xin)—r L 0 0 ]
and )
L5 (2y,,)
FSy(qut)
) Fg)z(j?c\t) '
O = 1 e y) = Vel @)y )Tl | (917
fs(@y,,) = Wmfs(gj)bi‘t)mi\t
_feqp ('fgqt) - (vrfew ($) fiu)—ri’?ﬂt_

9.4 Experiments

The proposed control strategy has been implemented on a 1/10-scale open source vehicle
platform called Berkeley Autonomous Race Catﬂ (BARC). The vehicle is equipped with a
set of sensors, actuators and two on-board CPUs to perform low-level control of the actuators
as well as communication with a laptop, on which the high-level control is implemented. The
on board sensors are magnetically operated encoders, an ultrasound-based indoor positioning
system and an Inertial Measurement Unit (IMU). The CPUs are an Arduino Nano for low-
level control of the actuators and an Odroid XU4 for WiFi communication with the i7 MSI
GT72 laptop. The actuators are an electrical motor and a servo for the steering. The control
architecture has been implemented in the Robot Operating System (ROS) framework, using
Python and OSQP [85]. The code is available onlind?]

We initialize the algorithm performing two laps of path following at constant speed. Each
jth iteration collects the data of two consecutive laps. Therefore, the local safe set and local
@-function are defined also beyond the finish line. This strategy allows us to implement the
LMPC for the repetitive autonomous racing control task, as shown in [86]. At each jth lap,
we use the LMPC and to drive the vehicle from the starting line to the finish line
and we use the closed-loop data to update the controller for the next lap. The parameters

LA video of the experiment can be found at https://youtu.be/ZBFJWtIbtMo
2The code is available on the BARC GitHub repository in the “devel-ugo”
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which define the controller are reported in Table 0.1l We also added a small input rate cost
in order to guarantee a unique solution to the QP associated with the LMPC.

Table 9.1: Parameters used in the controller design.

I | -2

K |20

T | diag(0,0,0,0,1,0)

Q | diag(0.1,1,1,0,0,0)

P |80

h | 10

N | 12
20 T T

e—e Oval-shaped

18 =& L-shaped

Lap Time [s]

0 5 10 15 20 25 30 35
Lap Number

Figure 9.2: Lap time of the LMPC on the oval-shaped and L-shaped tracks.

We tested the controller on an oval-shaped and L-shaped tracks on which the vehicle
runs in the counter-clockwise direction. Figure [9.2] shows that the lap time decreases until
convergence is reached after 29 laps. Furthermore, Figure (9.3 shows the evolution of the
closed-loop trajectory on the X-Y plane and the velocity profile which is color coded. In
the first row we reported the path following trajectory used to initialize the LMPC and the
closed-loop trajectories at laps 7 and 15. We notice that the controller deviates from the
initial feasible trajectory (reported in blue as the vehicle speed is 1.2m/s) in order to explore
the state space and to drive the vehicle at higher speeds, until it converges to a steady-state
behavior. The steady-state trajectories from lap 30 to 34 are reported in the bottom row of
Figure[9.3] Notice that the color bar representing the velocity profile changed from the first
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to second row as the vehicle runs at higher speed at the end of the learning process. We
underline that the controller understands the benefit of breaking right before entering the
curve and of accelerating when exiting. This behavior is optimal in racing as shown in [87].

y [m]
~
y [m]
Velocity [m/s]

~N
=}
5]

y [m]
~
y [m]
w
w
[ER=Y

Velocity [m/s]

Figure 9.3: The first row in the above figure shows the closed-loop trajectory used to initialize
the LMPC and the closed-loop trajectories after few laps of learning. The second row shows
the steady state trajectories at which the LMPC has converged. Notice that the scale of the
color bar changes from the first to the second row, as the vehicle runs at higher speed after
the learning process has converged.

Figure [9.4] shows the raw acceleration measurements from the IMU. We confirm that
controller is able to operate the vehicle at the limit of its handling capability, reaching a
maximum lateral acceleration close to 1g [ Furthermore, Figure shows the data points
used to design the LMPC. Recall from Table that at the jth lap the LMPC policy is
synthesized using the trajectories from lap [ = j — 2 to lap j — 1. Therefore, as the controller
drives faster on the track, less data points are needed to design the LMPC. Moreover, in
Figure|9.6| we reported the computational time. It is interesting to notice that on average the
finite time optimal control problem is solved in less then 10ms. Finally, we notice that
it would be possible to parallelize the computation of the N — 1 linear models which define

the ATV model from (9.15)). Indeed, at time t Equations (9.16)-(9.17) may be evaluated
independently and in parallel for each predicted time k.

3The maximum allowed lateral acceleration is computed assuming that the aerodynamic effects are
negligible and the that lateral force acting on the vehicle is F' = umg for the friction coefficient p = 1.
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ay [m/s~2]

ay [m/s”~2]

5 10 15
s [m]

Figure 9.4: Recorded lateral acceleration of the vehicle running on the oval-shaped track
(top row) and L-shaped track (bottom row).
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Figure 9.5: Data points used in the LMPC design at each lap.
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QP solver time [s]

Figure 9.6: The first rows shows the computational cost associated with the FTOCP. In
the second row we reported the computational cost associated with the system identification
strategy.
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Chapter 10

Data-Based Policy

As we have discussed in the previous chapters, the control action given by the LMPC policy
is computed solving a finite time optimal control problem over a moving time horizon. This
receding horizon strategy allows the controller to deviate from the previous iterations of the
control task in order to improve the closed-loop performance. In this chapter, we show how to
synthesize a data-based policy, which does not explore the state space, but it is able to math
the closed-loop performance of the trajectories used in the synthesis process. Therefore, this
strategy may be used to reduce the computational burden of the LMPC once the learning
process has converged.

The proposed strategy is model-free and can be applied whenever safe input and state tra-
jectories of a system performing an iterative task are available. These trajectories, together
with a user-defined cost function, are exploited to construct a piecewise affine approximation
to the value function. The approximated value function is then used to evaluate the control
policy by solving a linear program. We show that for linear system subject to convex cost
and constraints, the proposed strategy guarantees closed-loop constraint satisfaction and
performance bounds for the closed-loop trajectory. We evaluate the proposed strategy in
simulations and experiments, the latter carried out on the Berkeley Autonomous Race Car
(BARC) platform. We show that the proposed strategy is able to reduce the computation
time associated with the LMPC policy by one order of magnitude while achieving the same
performance as our model-based control algorithm.

10.1 Problem Formulation

Consider the unknown deterministic system
Tiy1 = A‘It + But (101)

where z; € R" and u; € R? are the system’s state and input, respectively. Furthermore, the
system is subject to the following state and input constraints,

rp € X and uy €U, Vt €{0,...,T} (10.2)
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where T' is the time as which the control task is completed.

In the following we assume that closed-loop state and input trajectories starting at differ-
ent initial states zg are stored. In particular, for j € {0,..., M} we are given the following
input sequences

w o= [u),. .. ul,] (10.3)

and the associated closed-loop trajectories
x) =[x, ...,20,] (10.4)
where 2/ = Ax] + Bu] and TV is the time at which the task is completed. These trajectories
will be used to design a data-based policy for the unknown system (|10.1)).
Finally, we defined the cost-to-go associated with the jth closed-loop trajectory

TJ
T () = > hll,u)), (10.5)
t=0

where xi and ui are the stored state and applied input to system ({10.1)) at time ¢ of the jth
iteration.

Assumption 17 All M+1 input and state sequences in (({10.3])-(10.4)) are feasible and known.
Furthermore, assume that the state sequence in (10.4) converges to the origin and the ter-
minal input wy.,; = 0.

Remark 11 We have decided to focus on the linear systems as this will allow us to
rigorously characterize the properties of the proposed approach. However, we underline that
the computational cost associated with the proposed strategy is independent on the linearity
of the controlled system. Thus, the proposed strategy can be implemented also on nonlinear
systems as shown in Section |10.4.2.

Remark 12 We have decided to consider a regulation problem to streamline the presentation
of the paper. In the Appendiz, we show that the proposed strategy can be used to steer
system, to a terminal control invariant set X, without losing guarantees on safety
and performance.

10.2 Proposed Approach

In this section we describe the proposed approach. First, we recall the definition of the
sampled safe set and value function approximation computed from data, which were first
introduced in Chapter [l Afterwards, we show how these quantities are used to evaluate the
data-based policy.



CHAPTER 10. DATA-BASED POLICY 133

10.2.1 Safe Set
We define the collection of the M closed-loop trajectories in ((10.4)) as the sampled Safe Set,
M TS
M — U U xy.

§=01t=0

Notice that for all z € SSM it exists a sequence of control actions that can steer the system
to the origin [62]. Finally, we define the conver safe set CS™ as

CSY = Conv(S8M). (10.6)

CSM will be used in the next section to defined the domain of the approximation to the
value function.

10.2.2 Q-function

In this section we show how the stored data in ((10.3) and ((10.4]) are used to approximate
the value function. First, given the stored states x/ and inputs u’ for j € {0,..., M}, we
define the cost-to-go associated with each stored state z7,

T3
Ji (1) = Z h(xy, uy).
k=t

The realized cost-to-go is used to compute the Q-function defined as

M T
M () = min )\] JJ
Q) =iy 22,
M TI
st > Y M =1, (10.7)
j=0 k=0
M T

ZZAkxk—x

7=0 k=0

where A = [A), ..., Ao, ..., AL, ..., Al ]. The Q-function Q" (-) interpolates the realized
cost-to-go over the convex safe set. Moreover, we underline that Problem is a para-
metric LP and therefore QM (z) is a piecewise affine function of x [10]. Finally, we notice
that the domain of QM (-) is the convex safe set CS™, indeed Vz ¢ CS™ the optimization

problem (|10.7)) is not feasible.
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10.2.3 Data-Based Policy

We are finally ready to introduce the data-based policy. At each time t, we evaluate the
approximation to the value function ((10.7) at the current state x;, solving the following

optimization problem,
M TI

Q") =pin D> il

j=0 k=0
M T

st Y > M, =1, (10.8)

7=0 k=0

M Ti
22 Mk =
§=0 k=0
where )\t:[)\&t,.. )\g,o‘t,.. )\é‘ft,. )\%jlt]
Let
* * M,
AL = it s+ At (10.9)

be the optimal solution at time ¢ to (10.8)), then we apply to system (10.1]) the following
input
M TI

up=7(r) = > Y N (10.10)

7=0 k=0

Basically, the data-based policy (10.8) and ((10.10) computes the control input u; as the
weighted sum of stored inputs, where the weights are the solution to the minimization
problem ((10.8]).

10.2.4 Local Data-Based Policy

In this section, we propose a Local Data-Based policy which can be used to limit the com-
putational burden of problem ([10.8), when a considerable amount of data is given. First, we
define the local Q-function QM (-) as

Q7' (xt)—>1111>1(1) Z Z )‘iuﬂ

J=0 keKi(z)

s.t. Z >N =1 (10.11)

J=0 keKi(z)

Z Z )\k|t1‘k—xt

J=0 keKi(z)
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where \; = [/\??’*\t’ . ,Ag%*‘t, o )‘g{”’*u’ e /\t%,*‘t]. The elements of the set K7 (z) = {#17,...,t%}
are defined as
' K
] = enmin e
7777 K i=1

s.t. ti %tk, \4) 7& k
t; €40,..., 7"} Vie {1,...,K}.

For the j-th trajectory, the set K7(z) collects the indices of the N closest point to the state
x. Notice that K < max;cgo,. j3 T ' is a user-defined parameter.
Finally, we define the local data-based policy where at each time t we solve QM (x;)

in (10.11). Then, given the optimal solution A; to Problem ({10.11)), we apply the following

input
u, = () Z > A (10.12)

J=0 keKi(x¢)

to system ((10.1]).

10.3 Properties

In this section we analyze the properties of the proposed data-based policy (10.8)) and ({10.10]).
We show that the proposed strategy guarantees safety, closed-loop stability and performance
bounds.

Proposition 11 (Feasibility) Consider the closed-loop system (10.1] cmd (10.10). Let As-
sumptions n 17 hold and CS™ be the conver safe set deﬁned m . If the initial state
zo € CSM™. Then, the data-based policy (10.§ - and (| I8 feaszble for all time t > 0.

Proof The proof follows from linearity of the system.
We assume that at time t the system state z, € CS™, therefore the optimization problem

(10.8) is feasible. Let ({10.9)) be the optimal solution to (10.8)), then at the next time step t+1

we have
M Ti

Ty = Az + B Z Z )\k‘tu,{;

=0 k=0
9 M T

M
=AY Nyl +BZZA§€;'

j=0 k=0 j=0 k=0

M
=> A{C";(Ax{c + Buj) € cS™M.
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By Assumption [17 we have that

5=0
and therefore
M TI M T o
Tii1 Z Z )\k|t (Az} + Buj) = Z N
j=0 k=0 j=0 k=0
where Vj € {0,... M}
X =0,
xgg = )\i*fllt, Vk;e{l,...,T9 -1} (10.13)
>‘J = AJTj 1|t + )‘jf‘jh&

s a feasible solution to the optimization problem at time t + 1.

By assumption we have that at time t = 0 the state xo € CS™. Furthermore, we have
shown that if at time t the state vy € CSM, then at time t + 1 the state x,,; € CSM
and the optimization problem 18 feasible. Therefore by induction we conclude that
z, € CSM C X, Vt € Zy, and that the optimization problem 15 feasible ¥t € Zg.y .

The above Proposition 1 implies that the data-based policy (10.8)) and ([10.10]) satisfies the
input constraints, and the closed-loop system ((10.1]) and ([10.10]) satisfies the state constraints
at all time instants, i.e. u; € Y and x; € X, Vt € Zg...

Assumption 18 The stage cost h(-,-) is a continuous convex function and Yu € U it satis-

fies
h(0,u) =0, and h(z,u) >~ 0V z € R"\ {0}.

Proposition 12 (Convergence) Consider the closed-loop system and m Let
Assumptions hold and CSM be the convex safe set defined in ]f the initial state

zo € CSM. Then, the origin of the closed-loop system (10.1)) and 10.10 s asymptotically
stable.

Proof In the following we show that the approzimated value function QM (-) from 18
a Lyapunov function for the origin of the closed loop system and . Continuity
of QM(-) can be shown as in [10, Chapter 7]. Moreover from and Assumption 2 we
have that QM (z) = 0V z € CS™ \ {0} and QM (0) = 0. Thus, we need to show that QM (-)

15 decreasing along the closed loop trajectory.
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By feasibility of Problem (10.8)) from Theorem 1, we have that at time t

M T M T
)= 3SR = SN S
S e (10.14)
= ZZAW wlul) + Z Z )\fﬂ;JgH :ka).
7=0 k=0 7=0 k=0

We notice that the summation of the cost-to-go in the above expression can be rewritten as

T3 -1 M T
Z Z )‘klt k+1 xk+1 ZZ)‘iuﬂ xk) > Q (T411), (10.15)
7=0 k=0 j=0 k=0

where )\ilt is the candidate solution defined in (10.13]).
Finally, from equations (10.14)) and (10.15) we conclude that the optimal cost is a de-
creasing Lyapunov function along the closed loop trajectory,

M TI

QM (we41) — QM (x) < =D Y Mrh(al,up) <0, ¥z, € R\ {0}. (10.16)
7=0 k=0
Equation , the positive definitiveness of h(-,-) and the continuity of Q™ (-) imply that
the origin of the closed-loop system (10.1)) and (10.10)) is asymptotically stable.

Proposition 13 (Cost) Consider the closed-loop system (10.1)) and (10.10). Let Assump-
tions hold and CS™ be the convex safe set defined in (10.6). If the initial state
g € CSM™. Then, the Q-function at x, QM (zy), upper bounds the cost associated with

the trajectory of closed-loop system ([10.1)) and (10.10)),

o) = Z h(wg, up) < QM (o) (10.17)
k=0
where {xo, ..., x4, ...} and {ug, ..., u, ...} are the closed-loop trajectory and associated input

sequence, respectively.
Proof From (10.16)) and convezity of h(-,-), we have that

QM(%) > h(zy,u) + QM(xtH)

Using the above equation recursively and from the asymptotic convergence to the origin we

have that
QY (z0) > h(zo,uo) + Q" (21)

Z (T, up) + hm QY (1) Zh T, Ug).
= k=0
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Note that, if the optimal closed-loop trajectory from xy = zs is given, then the ap-
proximated value function QM (z,) will be the optimal cost-to-go from z,. Consequently,
Proposition 3 implies that the proposed data-based policy will behave optimally for x¢ = x,
if the optimal behavior from xy = x, has been observed.

10.4 Examples

In this section we first test the data-based policy ((10.8)) and ((10.10) on a double integrator
system. Afterwards, we test the local data-based policy (|10.11]) and ((10.12]) on the Berkeley
Autonomous Racing Car (BARC) platform.

10.4.1 Example I: Double Integrator

Consider the following discrete time Constrained Linear Quadratic Regulator (CLQR) prob-
lem

o0 -
T*(wo) = min 37 |||l + [
T k=0 )

s.t.

O =
—_

(10.18)

Tp+1 = |: 1:| Ti + (1]:| U, Yk >0

3] <oes 1] o
—1<u, <1 VE>0,
Ty =19 = [-1,3]".
First, we construct the convex safe set using one solution to the above CLQR and we em-
pirically validate Proposition 1-3. Afterwards, we analyze the effect of the amount of data

on the value function approximation and the data-based policy (10.8]) and ((10.10)).

10.4.1.1 Properties verification

First, we compute and store the optimal solution to the CLQR problem (|10.18)),

et (10,19
[ag, ay, ..., uy)

where T is the time index at which ||Z%||3 < e = 10717,

The stored optimal trajectory in (T0.19)) is used to build the convex safe set CSM in

for M =1 and the approximation to the value function @ (-) in (10.7). We tested

the data-based policy for zp = z and for other 10 randomly picked initial conditions inside
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[ cs
—=— Closed-loop
-+~ Optimal Trjectory

Figure 10.1: Closed-loop trajectories performed by the data-based policy.

CSM. We denote the resulting closed-loop trajectories and associated input sequences for
j€40,...,9} as

x) = xj,...,xjj
; [3 ]T]. (10.20)
= [up, ..., upy]

Figure shows the closed-loop trajectories, we confirm that state and input constraints
are satisfies, accordingly to Proposition 1. Furthermore, we notice that the closed-loop
trajectories converge to the origin as we expected from Proposition 2. It is interesting to
notice that for xy = zj the closed-loop trajectory performed by the data-based policy overlaps
with the optimal one.

Moreover, we analyze the cost associated with the closed-loop trajectories . Ta-
ble shows the realized cost and the approximated value function Q™ () evaluated
at different initial conditions. We confirm that Q™ (a:o) upper bounds the performance of
the closed-loop trajectory, as shown in Proposition 3.

10.4.1.2 The effect of data

Finally, we empirically analyze the effect of data on the @Q-function and the data-based
policy. First, we construct two approximations to the value function: @Q™1(-) using (10.19)
and M; = 10 stored state and input trajectories computed in the previous subsection ({10.20)),

and Q*2(-) using (10.19)) and the optimal solution to the CLQR for Z, = [2.9033, 1.2959].
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Table 10.1: Comparison of the realized cost and value function for different initial conditions

Zo

| J(20) | @%(20)

3"
2.9033,1.2059]

[—1

[ ]
3.9495,0.3921] "
[3.3673,0.8315]
3.4349,0.7243]
[3.9253,0.0874]
[3.1189,0.9013] "
3.8963,0.1645] "
[2.5449,1.0898] "
[3.4751,0.6212] "
[2.5770,1.1763] "

112.53 | 112.53
78.60 | 89.60
62.00 | 73.97
66.45 | 79.23
62.96 | 76.79
50.37 | 63.69
63.11 | 78.18
52.12 | 65.74
58.04 | 76.85
59.22 | 74.06
63.34 | 80.50

Afterwards, we run the data-based policy using @1 (-) and Q?(-). Table shows the cost
associated with the closed-loop trajectories Ji(-) and the value function approximation Q'(-),
for i = {1,2}. We notice that Q™ (z) lower bounds Q™ () from Table[10.1] and, therefore,
better approximates the value function. However, the realized cost J*(xy) does not improve
with respect to J(zg) from Table On the other hand, we notice that the data-based
policy constructed using Q?(+) is able to improve the closed-loop performance J?(z). It is
interesting to notice that Q™1 () is constructed using one optimal trajectory and 10 feasible
trajectories, whereas Q*(xg) is constructed using just two optimal trajectories. This result
is interesting and it suggests that not all data points are equally valuable.

Table 10.2: Comparison of the realized cost and value function for different initial conditions

Zo

| T (o)

QY (o) | J*(x0)

Q™ (o)

37

112.53

[—1

[2. 9033 1.2959] 7
[3.9495,0.3921]
[3.3673,0.8315] "
[3.4349,0.7243]"
[3.9253,0.0874] T
[3.1189,0.9013] "
[3.8963,0.1645] "
[2.5449,1.0898] "
[3.4751,0.6212]
[2.5770,1.1763]"

78.60
62.00
66.45
62.96
50.37
63.11
52.12
58.04
59.22
63.34

112.53 112.53
78.60 72.89
62.00 59.43
66.45 61.86
62.96 58.97
50.37 49.24
63.11 58.76
02.12 50.73
58.04 53.85
59.22 55.81
63.34 58.63

112.53
72.89
62.12
66.39
64.38
54.57
65.04
95.86
62.65
62.12
65.74
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10.4.2 Example II: Autonomous Racing Experiments

In this section, we test the proposed control strategy on a 1/10-scale open source vehicle
platform called the Berkeley Autonomous Race Car (BARC)B The BARC is equipped with
an inertial measurement unit, encoders, and an ultrasound-based indoor GPS system. The
vehicle has an Odroid XU4 which is used for collecting data and running the state estimator.
Finally, the computation are performed on a MSI laptop with an intel CORE i7. A video of
the experiments can be found here: https://youtu.be/pB2pTedXLpI.

The control task is to drive the vehicle continuously around the track minimizing the lap
time, while being within the track boundaries. The state vector is

T = [V, Uy W, €4, S, €4 T

where v,, v, and w, represent the vehicle’s longitudinal, lateral and angular velocity in the
body fixed frame. The position of the system is measured with respect to the curvilinear
reference frame [83], where s represents the progress of the vehicle along the centerline of
the track, e, and e, represent the heading angle and lateral distance error between the
vehicle and the path. It is important to underline that, given the lane boundaries e, , and
€ymass the feasible region X = {z € R":¢, . < ejxz <e,. .} foreg =[0,0,0,0,0,1]" is a
convex set. The control input vector is u = [4, a] where ¢ and a are the steering angle and
acceleration, respectively. The input constraints are

—0.25[rad] <6 < 0.25[rad]
—0.7[m/s”] <a < 2[m/s’].

Finally, we underline that the autonomous racing problem is a repetitive task and the goal is
not to steer the system to the origin. Therefore, we use the method from Chapter [J] to apply
the proposed strategy to the autonomous racing repetitive control problem. In particular, we
define the set of state beyond the finish line of the track of length L, Xr = {z € R : eJz > L}
and we use the set Xr to compute the cost associated with the stored trajectories

r,u) = .
0 IfzeXp

For the first 29 laps of the experiment, we run the Learning Model Predictive Controller
(LMPC) from Chapter [J] to learn a fast trajectory which drives the vehicle around the track.
From the 30th lap, we run the local data-based policy and using the latest
M = 8 laps and N = 10 stored data for each lap. Therefore, the control action is com-

puted upon solving the small optimization problem (|10.11]) where [)\8‘“ e ,)\ilt, ceey )‘%ﬂt] €

RMIK @) wwith MK (z)| = 80.
We tested the controller on an oval-shaped and L-shaped tracks. Figures [10.2]
and show that the local data-based policy (10.11) and ((10.12) is able to drive the

'More information at the project site barc-project.com
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(a) Oval-shaped track. (b) L-shaped track.

Figure 10.2: In red squares are shown the closed-loop trajectories performed by the data-
based policy on the oval-shaped track. In blue circles are reported three trajectories in the
sampled safe set. Finally, the green dashed line marks the centerline of the track.
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Figure 10.3: Lap time on L-shaped track over the lap number. At the 30th lap the data-based
policy drives the vehicle around the track without worsening the closed loop-performance.
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vehicle around the track satisfying input and state constraints. Furthermore, we notice that
the closed-loop trajectories generated with the local data-based policy lies in the convex hull
of the sampled safe set SS, which is constructed from the last 8 trajectories performed by
the LMPC. It is interesting to notice that the real system is nonlinear but smooth and, for
this reason, the system dynamics can be locally linearized. Intuitively, the existence of a
local linear model allows us to use the local data-based policy to safely drive the vehicle.
Indeed at each time t the controller uses only the historical data close to the system’s state
Ty.

Figure [10.3] report the lap time over the lap number. We notice that the data-based
policy is able to safely drive the vehicle around the track, without hurting the closed-loop
performance. In particular, the data-based policy is able to replicate the best lap times
performed by the LMPC controller on both tracks.
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Figure 10.4: Closed-loop trajectory and associated inputs of the data-based policy and
LMPC on the oval-shaped track.

Finally, we analyze the computational time. We compare the computational cost as-
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sociated with the proposed data-based policy and with the LMPC. Table shows that
on average it took ~ 1.3ms to evaluate the proposed data-based policy and ~ 29.5ms to
evaluate the LMPC policy.

Table 10.3: Comparison of computational time

Avarage Min Max Std Deviation

LMPC 29.5ms 21.8ms 50.0ms 6.1ms
Data-Based Policy 1.3ms 1.1ms 2.3ms 0.2ms
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Figure 10.5: Closed-loop trajectory and associated inputs of the data-based policy and
LMPC on the L-shaped track.
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10.5 Appendix

In this Appendix, we show that the proposed data-based policy may be used to steer a linear
time invariant system to a terminal invariant set X'z. In order to prove that the properties
from Propositions 1-3 hold also in this settings the following assumptions must hold.

Assumption 19 The terminal set Xr is defined by the convex hull of the terminal state of

the stored trajectories (10.4)), i.e. Xp = C’om)( U;”O ‘7TJ)

Assumption 20 All M+1 input and state sequences in (10.3])-(10.4) are feasible and known.
Furthermore, assume that the state sequence in converges to the terminal set Xr and
the terminal mput u,; keeps the evolution of the system (10.1) into Xr. More formally, we

assume that x7,; € XF,VJ € {0,...,M} and Azp; + Bugi € Xp.

Proposition 14 (Feasibility) Consider the closed-loop system ((10.1] - and m Let As-
sumptions |19 .@ hold and CS™ be the convex Safe set deﬁned m . If the initial state
z9 € CSM. Then, the data-based policy (10.8) and is feaszble for all time t > 0.

Proof The proof follows from linearity of the system.
We assume that at time t the system state z; € CSM, therefore the optimization problem

(10.8) is feasible. Let ({10.9)) be the optimal solution to (10.8)), then at the next time step t+1

we have
M TI

Tip1 = Ay + BZZ/\‘ZC; ‘

=0 k=0
M M T

T
Z Z )‘?cltf .+ B Z Z )‘k|tue

=0 k=0 j=0 k=0
T]
N

k=0

By Assumption we have that for all¥j € {0,... M} it exist )\i > 0 such that Z,];J:O )\i =1

and
Z ATW (Axl,; + Bul,)) Z Am Z Mk,
M M M ~
Z Z ] * )\kl'Tk = Z )\kmé‘;k
k=0 7=0 k=0

where Yk € {0, ... M} we defined A\, = 3000 No¥ Xe. It follows that

=0 Ttk

tnqs

k‘t(Axi + Bul) € CSM.

<
Il
o

M TI M T

Tip1 = Z Z )\fg; (Az], + Bul) = Z Z Nl

7=0 k=0 7=0 k=0
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where Vj € {0,... M}
Ay =0,
Ny =N Vkje{l,...,T" -1} (10.21)
Ny = )‘zfj—ut A

15 a feasible solution to the optimization problem (10.8|) at time t + 1.

By assumption we have at time t = 0 the state o € CS™. Furthermore, we have shown that
if at time t the state x, € CSM™ | then at time t+1 the state x,,1 € CS™ and the optimization
problem is feasible. Therefore by induction we conclude that x, € CSM C X, Vt € Zg.
and that the optimization problem is feasible ¥Vt € Zg. .

In order to prove convergence we make the following assumption on the stage cost.

Assumption 21 The stage cost h(-,-) is a continuous convex function and Yu € U it satis-

fies
h(z,u) =0,Vx € Xr and h(z,u) =0V z € R"\ {Xr}.

Proposition 15 (Convergence) Consider the closed-loop system (10.1) and (10.10). Let
Assumption 1421 hold and CS™ be the convex safe set defined in 110.6: . If the initial state
zo € CSM. Then, the origin of the closed-loop system (10.1)) and (10.10)) is asymptotically
stable.

Proof The proof follows from the proof of Proposition 2. In particular, the candidate solu-
tion (10.21)) may be exploited to show that QM (-) is Lyapunov function along the closed-loop
trajectory.

Proposition 16 (Cost) Consider the closed-loop system (10.1)) and (10.10). Let Assump-
tions [19421] hold and CS™ be the convex safe set defined in (10.6). If the initial state
g € CSM™. Then, the Q-function at x, QM(z0), upper bounds the cost associated with

the trajectory of closed-loop system ({10.1]) and (10.10]),
J(20) = Z h(zg, up) < QY (z0)
k=0

where {xo, ..., xy, ...} and {ug, ..., u, ...} are the closed-loop trajectory and associated input
sequence, respectively.

Proof The proof follows as in Proposition[13.
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Chapter 11

Conclusions

In this thesis, we presented the Learning Model Predictive Control (LMPC) framework.
We proposed to iteratively synthesize control policies by exploiting historical data from
autonomous systems performing iterative tasks. First, we introduced the LMPC design for
deterministic systems, which guarantee recursive constraint satisfaction, closed-loop stability
and performance improvement. Furthermore we show that, under mild assumptions, if
the policy update process has converged (i.e. using new closed-loop data in the synthesis
process does not change the control policy), then the closed-loop behavior is optimal for the
entire task. Afterwards, we described the control design for uncertain systems. Finally, we
proposed a system identification strategy for iterative tasks, and we tested the controller on
the Berkeley Autonomous Race Car (BARC) platform. Experimental results showed that the
LMPC learns to safety drive a vehicle at the limits of handling. Moreover, we showed that
when the controller has converged to a steady-state behavior, the closed-loop data may be
used to synthesize a model-free policy which allows us to reduce the computational burden.

11.1 Future Work

In the following, we outline several possible extensions for future works.

Output Feedback
The proposed framework assumes perfect state measurements. This assumption may be
weakened if we consider a linear system

L1 = Al’t + But
yr = Cay

where (A, C) is an observable pair. In this case, it would be possible to design an output
feedback LMPC, where the safe set and value function approximation are defined over the
output space.

System Identification
In Chapter 9, we proposed a system identification strategy for iterative tasks. We constructed
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an affine time varying model around a candidate trajectory. In particular, given the candidate
state-input trajectory

[(Zo, Uo), - - -, (T, un)], (11.1)

we identified an affine time varying model =, = Az, + Byuy + Cy around (Zy, @;). When
a nonlinear model z,,1 = f(zy,u;) is approximated using this strategy, the prediction accu-
racy depends on the distance between the state-input pair (z;,u;) and the candidate pair
(%4, u;). Basically, the prediction error is low in a the neighborhood of (Z;,u;). Therefore,
in order to reduce the prediction error over the planning horizon, we could constraint the
predicted LMPC trajectory to lie close to the candidate one from . This strategy would
ensure safety and performance improvement with some confidence, when the system model
is estimated from data.

Exploration and Adaptation
As we have discussed in this thesis, the LMPC iteratively explores the state space to im-
prove the closed-loop performance. This exploration process is model-based and cost driven.
Indeed, at each time step, the controller plans a trajectory which minimizes the predicted
cost over a moving horizon. It would be interesting to explore a variation to this strategy,
where the controller minimizes both the predicted cost and a tracking cost with respect to
the best stored trajectory. Ideally, the tracking cost would be tuned online as a function
of the historical and current prediction error. This strategy would result in a cautious con-
troller, which explores the state space if the prediction error is small (i.e., if the model is
good enough for control) and, otherwise, tracks the best safe stored trajectory.

Stochastic Analysis
In Chapter [0, we proposed to use roll-outs of the closed-loop uncertain system to construct
the LMPC policy. We showed that when roll-outs are used in the synthesis process, the prop-
erties of the safe set and value function approximation are satisfied with some e-probability.
There are two questions which arise. How many roll-outs are required to achieve a specific
e-level of probability? What is the probability of failure for the closed-loop system? An-
swering these questions would allow us to choose a priori the number of roll-outs needed to
perform the LMPC policy update.

Learning From Failure
Throughout this thesis, we have discussed how to iteratively improve the closed-loop perfor-
mance while guaranteeing safety. We have shown that learning while being safe is possible
when a model of the system, disturbance and environment are given. When these quantities
are inaccurate, the closed-loop system may violate the safety constraints. In this scenario,
we want to detect failure as early as possible. For instance, in autonomous driving we want
to understand when a collision is inevitable to reduce the harm. Detecting failures may be
possible by online monitoring of the closed-loop cost, which should be a Lyapunov function.
Indeed, when the closed-loop cost is not decreasing, the closed-loop system has not evolved
as planned. Finally, when failure occurs, we would like to leverage this experience. 1 believe
that unsafe trajectories carry important information (i.e., unsafe regions of the state-input
space), and how to use them in the synthesis process is an interesting open question.
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Hybrid Systems

In this thesis, we have shown that for linear systems and for a class of nonlinear systems, the
safe set and value function approximation may be convexified. The resulting relaxed LMPC
formulation allows us to guarantee safety and performance improvement, while decreasing the
computation burden. It would be interesting to investigate LMPC relaxation strategies for
hybrid systems. It is well-known that trajectory planning for such systems is computationally
expensive, as the modes of operation are described by integer variables. However in iterative
tasks, we may use historical data to fix different sequences of operational modes. This
strategy would allows us to reduce the computational burden while safely exploring the
state space to improve the closed-loop performance.
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