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Abstract
Robust Model Predictive Control with Data-Driven Learning
by
Monimoy Bujarbaruah
Doctor of Philosophy in Engineering - Mechanical Engineering
University of California, Berkeley

Professor Francesco Borrelli, Chair

In the design of robust Model Predictive Control (MPC) algorithms, data can be used for
primarily two purposes: (A) shrinking the feasible domain of the system uncertainty, and (B)
enlarging the safe operating region of the system. In modern literature (A) is often referred
to with model learning, or model adaptation, and (B) can be interpreted as using data
to learn the model of the surrounding agents in the environment, or to learn environment
constraints. Both (A) and (B) can enlarge the region of attraction of the MPC policy and
improve its performance measured in terms of the closed-loop cost. However, the majority
of the existing MPC algorithms that tackle (A) and (B) suffer from at least one the following
deficiencies: (i) do not provide closed-loop guarantees of feasibility and stability, (i7) present
conservative behavior as a result of over-approximation of the system uncertainty, (i) are
computationally expensive during online control synthesis, and (iv) cannot simultaneously
handle system and environment constraint uncertainty for safe policy design.

In this dissertation, we present a unified framework to systematically incorporate data-driven
learning in robust MPC design for linear dynamical systems. The proposed algorithms in
the dissertation provide closed-loop guarantees, reduce conservatism in control design, and
are computationally efficient and amenable for real-time implementation. The dissertation
is divided into three parts where we focus on three aspects of learning during control design:
model learning, disturbance distribution support learning, and environment constraint learn-
ing. Model learning and disturbance distribution support learning are instances of problem
type (A), and environment constraint learning is an instance of problem type (B).

In the first part of the dissertation we consider model learning in linear time-invariant (LTT)
and linear parameter-varying (LPV) systems where a reduction in the controller’s conser-
vatism is obtained by coupling novel ways of incorporating model learning in MPC with
novel ways of robustifying the imposed constraints in MPC. We consider both paramet-
ric and non-parametric representation of the model uncertainty and present adaptive MPC
algorithms that ensure robust satisfaction of the imposed state and input constraints.



In the second part we focus on learning the support of an additive disturbance’s distribution.
We consider the case when the disturbance belongs to the class of parametric distributions,
and construct estimates of its unknown support via the confidence intervals of the underlying
parameters. Robust MPC design with these learned supports can ensure satisfaction of
the imposed constraints with any user-specified probability, while lowering conservatism by
avoiding large outer-approximations of the true support.

Finally in the third part, we focus on learning unknown environment constraints imposed
in the MPC optimization problem. We present a machine learning based algorithm to
learn approximate constraint sets and validate their safety with samples of trajectory data.
We prove that satisfying these approximated constraints with a robust MPC can guarantee
probabilistic satisfaction of the actual constraints in closed-loop. The value of this probability
can be chosen based on the desired trade-off between safety and performance of the controller.

We conclude the dissertation by presenting two applications where the proposed theory has
been successfully tested. The first is for a robotic manipulator learning to play the cup-and-
ball game, where we learn the support of a position measuring camera’s measurement noise
distribution from data and enable the robotic manipulator to play the game successfully
using noisy camera feedback. For this case we present both high-fidelity simulation and
experimental validations. The second application is for collaborative robotics, where we ap-
ply the concept of constraint learning in a decentralized collaborative robotic transportation
scenario with partially known environment information to develop an obstacle avoidance
algorithm. The algorithm allows the robots to adaptively assume leader-follower roles in the
task while learning and avoiding unknown obstacles in their proximity.
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Chapter 1

Introduction

In the past decade there has been a renewed interest in data-driven methods for safe control
design for uncertain systems under state and input constraints[l, 2, 3]. The uncertainty
in these systems can be typically attributed to two factors: (7) model uncertainty (e.g.,
modeling mismatch and inaccuracies), and (i7) exogenous disturbances’. For such uncertain
systems subject to state and input constraints, robust Model Predictive Control (MPC) [,

, 0] is a commonly used approach for ensuring robust constraint satisfaction. In the design
of robust MPC algorithms, data can be used for primarily two purposes: (A) shrinking the
feasible domain of the system uncertainty (e.g., model learning, disturbance bound learning),
and (B) enlarging the safe operating region of the system (e.g, constraint learning). Both (A)
and (B) can enlarge the region of attraction of the MPC policy and improve its performance
measured in terms of the closed-loop cost.

In this dissertation, we present a set of algorithms that utilize data-driven learning in
robust MPC design in order to lower controller conservatism and improve its performance
during operation. We focus on linear systems and three main components for learning,
namely: model learning, disturbance distribution support learning, and environment con-
straint learning. The existing work in each of these three cases, their shortcomings, and the
contributions in this dissertation are summarized below:

Model Learning

Data-driven learning has been utilized to lower the conservatism of an MPC by learning
the domain of the model uncertainty. Works such as [7, 8, 9] use a Gaussian Process (GP)
regression [10), 11] for online model learning and adaptation, allowing the room for violations
of the imposed constraints with a certain user-specified probability. However, they provide
no theoretical bounds on the rate of constraint violations by the closed-loop system over
time. Adaptive MPC works such as [12, 13, 11] learn and update the feasible parameters
of a parametric model uncertainty and provide closed-loop guarantees of robust constraint

'We primarily consider the case of perfect state measurements in this dissertation during control design.
Therefore the contribution of measurement noise is omitted in the system uncertainty quantification.
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satisfaction and stability. However these methods can incur high online computational ex-
penses similar to polytopic tube MPC algorithms [15, 16, 17, 18 19], primarily due to an
increase in the number of constraints in the MPC problem. Balancing this trade-off between
computational complexity and controller conservatism is a key aspect during robust MPC
design for this class of systems 2.

In this dissertation we build a set of adaptive MPC algorithms motivated by the works
of [20, 21, 22, 12, 13, 8]. We learn both parametric and non-parametric model uncertain-
ties using set membership estimation [23] and graph learning algorithms [21, 25]. We also
develop two novel algorithms for robust MPC design for linear systems under both additive
and multiplicative uncertainties, which are used for control design while learning linear pa-
rameter varying (LPV) models. These two robust MPC algorithms can obtain an improved
computational complexity vs conservatism trade-off over methods such as [15, 16, 19, 26, 27],
as we show in Chapter 3 and Chapter 4 with detailed numerical examples. The algorithms
presented in this dissertation have appeared in [28, 29, 30, 31, 30, 32, 33].

Disturbance Distribution Support Learning

If the support of the disturbance distribution is not exactly known, using over-approximations
results in conservative controller behavior [5]. This motivates learning the disturbance sup-
port over time using collected data from the system. In such cases, it is necessary to allow the
possibility of failure, i.e., violation of imposed constraints by the MPC, as the learned support
may not entirely contain the true support of the disturbance. To the best of our knowledge,
the only data-driven approach for learning the support of the disturbance distribution during
robust MPC design is presented in [31], which constructs estimated disturbance support sets
offline using the scenario approach [35, Chapter 12]. The approach in [34] involves solving a
scenario program with potentially large number of samples, which is computationally expen-
sive. Moreover, the rate of constraint violation in closed-loop, i.e., failures, is dependent on
the number of disturbance samples available offline for solving the scenario program. Thus,
[34] is unable to satisfy a desired upper bound on failures at all times, since the required
number of samples could be unavailable during operation.

In this dissertation we present an iterative algorithm called Learning Robustness with
Bounded Failure (LRBF) [30] which learns the supports of additive disturbances in a linear
time-invariant model by utilizing confidence intervals of the parameters that define the para-
metric distributions of the disturbances. Unlike methods such as [37, 31], we can guarantee
a user-specified upper bound on the constraint violation probability by a robust MPC using
these estimated supports, from the very start of the control task. As more iteration data is
collected, the estimated support approaches the true one, and thus lowering the probability
of constraint violations. We use the LRBF algorithm to learn the support of a camera’s
position measurement noise distribution and design an output feedback robust optimal con-
troller, enabling a robotic manipulator to learn to play the cup-and-ball game. The catching

2See Chapter 2 for a detailed discussion.
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of the ball by the manipulator improves as the approximated support of the camera noise is
refined with data, thus improving the accuracy of the catching controller.

Constraint Learning

Data-driven methods are also used to enlarge the ROA and improve the controller per-
formance by learning unknown environment constraints. A set of such algorithms in MPC
design can be found in [38, 39, 10]. However, the systems considered in these aforementioned
works are deterministic, i.e., free of uncertainty. To the best of our knowledge, the literature
on data-driven controller design in the presence of uncertainties in both the system and the
environment constraint set is rather limited.

In this dissertation we develop an iterative algorithm called [terative Constraint Learning
(ICL) for environment constraint learning [11] during robust MPC design, where approxi-
mations of unknown environment constraints are learned from trajectory data using kernel
support vector machines [12, Chapter 12]. The violation probability of the true unknown
environment constraints is ensured bounded by a user-specified value. The higher this prob-
ability, the lower the incurred average closed-loop cost by the system, thus highlighting
a safety vs performance trade-off, which can be decided by the user. We further extend
this concept of constraint learning to applications in decentralized collaborative robotics
[13], where two robots adaptively assume leader-follower roles during a collaborative object
transportation task and improve their obstacle avoiding MPC planners by inferring unknown
obstacle information in their proximity.

1.1 Outline

We now present an outline of this dissertation in the following section. Chapters 2-8 con-
stitute the theoretical foundations of the dissertation. In Chapters 9-10 we present two
application cases for the proposed theoretical work.

Chapter 2: Background on Robust MPC

In this chapter we present a background on robust MPC algorithms. We highlight the com-
putational complexity vs conservatism trade-off that exists in the design of these algorithms,
and thus motivate the need for (i) two novel robust MPC algorithms that we propose in
Chapter 3 and Chapter 4, and (i) data-driven learning in conjunction with robust MPC.

Chapter 3: A Simple Robust MPC for LPV Systems

In this chapter we propose a simple algorithm for robust MPC design for LPV systems. This
algorithm uses two bounding strategies for system uncertainty as follows: (i) a worst-case
bound for constraint tightening along the prediction horizon, which is computed by lumping



CHAPTER 1. INTRODUCTION 4

up the contribution of matrix uncertainties and the additive disturbances into one “net-
additive term”, and (i) a terminal set without over-approximating the system uncertainty.
We demonstrate with numerical examples that using these two bounds with an adaptive
horizon strategy leads to an MPC which obtains an improved conservatism vs computational
speed trade-off over existing approaches, such as [15, 27].

Chapter 4: Robust MPC with Optimization-Based Constraint
Tightening

In this chapter we propose an optimization-based constraint tightening strategy for designing
a robust MPC algorithm. The constraint tightenings in the control synthesis problem are a
function of the predicted nominal states and inputs, i.e., the decision variables. This lowers
the conservatism in the proposed control design approach by avoiding worst-case bounds as
used in the “net-additive” uncertainty term in Chapter 3. The resultant MPC problem is
computationally efficient, and obtains an improved ROA over the robust MPC in Chapter 3
for our considered simulation cases.

Chapter 5: Learning Non-Parametric Model Uncertainty in
Robust MPC

In this chapter we propose our first robust adaptive MPC algorithm, where the model un-
certainty is additive and state dependent. We assume the uncertainty is globally Lipschitz,
with a known Lipschitz constant. We utilize a non-parametric recursive system identification
strategy which identifies the graph of the uncertainty from data using its Lipschitz property.
The identification is successively refined with recorded data. The bounds of the uncertainty
evolution along the prediction horizon are obtained via the s-procedure [14, 15], and utilizing
these bounds a robust MPC controller is designed. We demonstrate with numerical examples
that the adaptation of system uncertainty using data shrinks these uncertainty bounds with
time, thus lowering the conservatism of the controller.

Chapter 6: Learning Parametric Model Uncertainty in Robust
MPC

In this chapter we propose a tractable adaptive MPC framework for linear systems that
are subject to bounded additive uncertainty, which is composed of a disturbance, and an
unknown, but bounded parametric offset. We learn and refine the feasible domain of this
offset parameter using collected data via set membership methods. A robust MPC is then
designed for all feasible offsets in the domain, which incurs lower conservatism as the offset
domain is refined with time. We then extend this robust adaptive MPC design to LPV
systems using the robust MPC proposed in Chapter 3.
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Chapter 7: Learning Disturbance Distribution Supports in
Robust MPC

In this chapter we present an approach to design an MPC controller for constrained linear
time-invariant systems performing an iterative task, where the support of the additive dis-
turbance is learned from data. We call our algorithm Learning Robustness with Bounded
Failure (LRBF). We demonstrate that LRBF is able to learn the true support of the distur-
bance asymptotically, and thus lowers the controller’s conservatism over approaches which
use large outer approximations of the unknown disturbance support. Furthermore, while
learning the support of the additive disturbance, we guarantee a user-specified upper bound
on the probability of failure over all iterations.

Chapter 8: Learning Environment Constraints in Robust MPC

This chapter focuses on improving the closed-loop cost performance of a robust MPC con-
troller, while satisfying the safety constraints imposed by the environment. Instead of re-
lying on small inner approximations of the environment constraints, we learn them from
collected system trajectories. For this, we use a classifier, which provides constraint violation-
satisfaction flags at each timestep, given a recorded closed-loop trajectory. Using this flag
information, we compute a constraint estimate set using standard nonlinear regression tools.
The estimated set is verified using a randomized algorithm, which ensures that the MPC
designed to satisfy the estimated sets robustly satisfies the true (i.e., unknown) constraints
with a user-specified probability.

Chapter 9: Playing Cup-and-Ball: An Application of LRBF

In this chapter we demonstrate a fully physics driven model-based hybrid approach for con-
trol design in order for a robotic manipulator to learn to play the cup-and-ball game. The
manipulator uses noisy measurements from a camera to obtain the ball’s position informa-
tion. The camera noise support is refined with data using the tools presented in Chapter 7.
We demonstrate that the aforementioned use of data in designing a feedback controller for
the manipulator improves its catching capabilities with time. Furthermore, the robust opti-
mal control problem solved for control synthesis in this case is with noisy output feedback
[16], and therefore an observer design is also involved before control synthesis.

Chapter 10: Decentralized Robotic Collaboration: An Application
of Constraint Learning

In this chapter we consider the task of two robots collaboratively transporting an object
through an obstacle prone environment without any explicit communication between them.
This implies that the local environment information and the control actions are not shared
between the robots. We solve the control design problem in a decentralized manner by using
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a leader-follower strategy, with the leader robot using an MPC and the follower using a simple
controller, known to the leader. Motivated by the tools of Chapter 8, the leader builds a
map of its unknown obstacles, i.e., constraints in its proximity, purely relying upon its own
estimates and/or haptic feedback from the follower. Thus, the leader’s MPC policy improves
as more data is collected along the task. With numerical simulations we demonstrate that
this proposed obstacle inference/learning approach allows the robots to safely complete the
transportation task, while adaptively switching leader-follower roles based on the inferred
environment information.



Chapter 2

Technical Background on Robust
MPC

2.1 Invariant Sets for Nominal Systems

In this section we consider deterministic linear time-invariant systems. The following def-
initions of invariant sets will be useful for obtaining feasibility guarantees of robust MPC
controllers. Let X and U denote the state and input constraint sets, respectively.

Definition 2.1 (Positive Invariant Set) Given a policy 7(-), a set O C X is said to be
a positive invariant set for the deterministic autonomous system x; 1 = Az, + Br(xy), if

re O — Az + Br(x) € O.

Definition 2.2 (Maximal Positive Invariant Set) Given a policy 7(:), a set O C X
1s said to be the mazimal positive invariant set for the deterministic autonomous system
Tip1 = Axy+ Br(zy), if O is a positive invariant set and it contains all the positive invariant
sets contained in X .

Definition 2.3 (Control Invariant Set) A setC C X is said to be a control invariant set
for the deterministic system x,y 1 = Axy + Buy, with uy € U if

ze€C —>dJueld: Az + Bu e C.

2.2 Robust Invariant Sets, Robust Controllable and
Reachable Sets

In this section, we consider uncertain linear time-invariant systems. The following definitions
will be used subsequently to synthesize robust MPC algorithms. Recall, X and U denote
the state and input constraint sets, respectively.



CHAPTER 2. TECHNICAL BACKGROUND ON ROBUST MPC 8

Definition 2.4 (Robust Positive Invariant Set) Given a policy 7(-), a set O C X is
said to be a robust positive invariant set for the uncertain autonomous system xyy 1 = Az, +
BW(.Tt) + Wy, with wy € W Zf

r€ O — Ax+ Br(z)+w € O, Yw e W.

Definition 2.5 (Maximal Robust Positive Invariant Set) Given a policy 7(-), a set
O C X is said to be the maximal robust positive invariant set for the uncertain autonomous
system x4 = Axy + Br(zy) + wy, with w, € W if O is a robust positive invariant set and it
contains all the robust positive invariant sets contained in X.

Definition 2.6 (Minimal Robust Positive Invariant Set) Given a policy 7(-), a set
O C X is said to be the minimal robust positive invariant set for the uncertain autonomous
system x4y = Azy + Br(zy) + wy, with wy € W if O is a robust positive invariant set and it
18 contained in all the robust positive invariant sets contained in X.

Definition 2.7 (Robust Precursor Set) Given a control policy w(-) and the closed-loop
system xy 1 = Axy + Br(xy) + wy with w, € W for all t > 0, we denote the robust precursor
set to the set S under a policy 7(-) as

Pre(S, A, B,W,n(-)) = {z € R": Az + Br(z) + w € §,YVw € W}. (2.1)

Pre(S, A, B,W. () defines the set of states of the system xyy1 = Axy + Br(xy) 4wy, which
evolve into the target set S in one timestep for all w, € W.

Definition 2.8 (IN-Step Robust Controllable Set) Given a control policy w(-) and the
closed-loop system xy 1 = Axy + Bm(xy) + wy, we recursively define the N-Step Robust Con-
trollable set to the set S as

Ct*)t+k+1 (S) = Pre(CthJrk(S)u A7 Bu W7 7T()) n X’
Wlth Ctﬁt(S) - S,
forke€{0,1,...,N —1}.

The N-Step Robust Controllable set C;_;yn(S) collects the states satisfying the state con-
straints which can be steered to the set S in N steps under the policy 7(-), for all possible
disturbance realizations.

Definition 2.9 (Robust Successor Set) Given a control policy 7(-) and the closed-loop
system x4 = Axy + Br(x) + wy, we denote the robust successor set from the set S as

Suce(S, W, m(+)) = {xy11 € R" : Jy € S, Jwy € W such that x4y = Axy + Bm(ay) + we ).

Given the initial state x;, the robust successor set Succ(x;, W) collects the states that the
uncertain autonomous system may reach in one timestep.
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2.3 Additional Definitions

Definition 2.10 (Lyapunov Function) Consider the equilibrium point x = 0 of an au-
tonomous system xi 1 = f(xy). 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}, 2.2a)
V(f(z))—V(z)<O. (2.2b)

Then x = 0 is asymptotically stable in the sense of Lyapunov on ), and the function V(-)
satisfying conditions (2.2) is called a Lyapunov Function.

Definition 2.11 (Control Lyapunov Function) Consider system xi1 = f(xy,u) sub-
ject to the state and input constraint, xy € X and uy € U. Assume that S is a control invari-
ant set and {(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

Vr €S, ueu,fnl(icr,lu)es [0(z,u) + Q(f(z,u)) — Q(z)] <0.

Definition 2.12 (Class—K Function) A continuous function o : [0,a) — [0,00) is called
a class-KC function if it is strictly increasing in its domain and if «(0) = 0. The class-K
function belongs to class-Ky if a = 0o and lim,_,, a(r) = oo.

Definition 2.13 (Class-KL Function) A continuous function 5 : [0,a) % [0,00) — [0, 00)
is called a class-ICL function if for each fized s, the function [5(r,s) belongs to class-KC, and
for each fized r, (i) the value 5(r,s) is decreasing w.r.t. s and (ii) B(r,s) — 0 for s — oo.

Definition 2.14 (Lipschitz Function) A real valued function o : [a,b] — R is called
Lipschitz with a Lipschitz constant L, if for all z,y € [a, b], we have ||a(z)—a(y)| < L||z—y||,
where || - || denotes the norm of a vector.

Definition 2.15 (Minkowski Sum) The Minkowski sum of two sets P, Q C R™ is defined
as:

PoQ={x+y:xeP,yc Q}.

Definition 2.16 (Pontryagin Difference) The Pontryagin difference between two sets P, Q C
R™ is defined as:

PoQ={zx:x+q€P,Vqe Q}.
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2.4 Notation

The following notations will be used throughout this dissertation. % denotes one timestep

updated value of x. The induced p-norm of any matrix A is given by [|A[l, = sup,, %,

where || - ||, is the p-norm of a vector. The set KB denotes the set of elements obtained
from multiplying each element in the set B with K, i.e., KB = {z : x = bK,b € B}. The
sign u > v between two vectors u,v denotes element-wise inequality. conv(X,Y,..., 7)
denotes the set of matrices that can be written as a convex combination of the matrices
X,Y,..., Z. I, denotes an identity matrix of dimension n and 1,, denotes a vector of ones
of length n. The dual norm of any vector norm ||z|| for a vector x is defined as ||z|. =
sup”vngl(vTx). The consistency property for any induced p-norm and vector g-norm is given
by | Xyll, < 1 X|pllyllg, for any X € R%*% and y € R%. The submultiplicativity property
for any induced p-norm is given by || XY||, < || X|,[|Y]|,- Inequality X > 0 for any matrix
X denotes an element-wise inequality, whereas a conic inequality is denoted by X > 0. 0,
is a vector of n zeros and 0,,,x, 1S an m X n matrix of zeros.

2.5 Robust MPC Problem Formulation

In this section we present an overview of robust MPC design for an uncertain nonlinear
system given by:

Tiy1 = f(iUt,Ut, wt); (2-3)

where x; € R" is the state, u; € R™ is the input, and w; € W C R" is the disturbance lying
on a compact support W. The system is subject to state and input constraints

Ite.)(, Uteu, \V/tZO, (24)

where X and U are compact. We assume that dynamics f(-,-,+) is not known exactly, and
we classify the associated uncertainty as follows:

Model Uncertainty: uncertainty in f(-,-,0), which we denote as model uncertainty. Such
model uncertainty typically arises due to unknown components in the physics of the model,
e.g., unknown parameters such as mass, moment of inertia, etc.

Exogenous Disturbances: these are external influences in the system evolution, denoted
by w;. Although such external disturbances can have their own evolution dynamics, for
the remainder of this dissertation we focus on the case where the disturbance samples are
stochastic, and in particular i.i.d. in nature.

A nominal estimated model f(-,-,0) is used for control design. The model uncertainty in
f(-,-,0) can be represented either with a parametric or with a non-parametric representation.
These are elaborated next. See Remark 2.3 for the corresponding details on the specific
models considered subsequently in this dissertation.
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Parametric Model Uncertainty

The model may contain some unknown parameters 6; € R? parametrizing fy, _(-, -,0), which
are estimated during control design as 6;. In this context the nominal modelis fg,(-,-,0). The
measure of modeling error in this case is obtained from the error in parameter estimation,

ie.,
NG = 6 — 8,

where the true parameter value 6", and thus Af!* is unknown, but is bounded. In this thesis,
we assume that A" lies in a known set F; which is given by:

Fi = {A0; : ||A0;|| < 6;}, with some known §; > 0. (2.5)

Parametric models can be expressive, e.g., neural networks are instances of parametric mod-
els. Nonetheless, based on the specific application under consideration, non-parametric rep-
resentation of uncertain models is also common in MPC literature.

Non-parametric Model Uncertainty

In the non-parametric uncertainty representation approach, the relationship between the
estimated model f(-,-,0) and the true model f(-,-,0) is expressed as:

f(xta Ut, 0) = f_(xta Ut, 0) + A}r,t(xta ut)7

where the mismatch function AY,(z,u;) is unknown and assumed bounded. The equivalent

model error f(-,-,0) — f(-,-,0) for this approach is given by a set of functions F;. This set
can be characterized by known set-valued maps as given by:

Fi={Ap:(5 ) 1 Api(we, up) € D(we, u) (2.6)

where D(x, u) is a known bounded set of possible values at (z,u), e.g., confidence set obtained
from a Gaussian Process (GP) regression [17]. This set in general is time-varying, i.e.,
Di(xy,uy). But for simplicity of notations subsequently in Section 2.11 and Chapter 5, we
omit the time index subscript.

The Robust MPC Problem

Let the MPC horizon be N. Let ), denote the predicted state at timestep k for any
possible uncertainty realization, obtained by applying the sequence of predicted input policies
{uge, wegre (), - - up—1p () } to system (2.3), and {@yys, ug(Zre)} denote the nominal state
and corresponding input respectively. In general for a robust MPC synthesis, we consider
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solving the following optimal control problem at each timestep t:

t+N—1
min > Tk ure(Zr) + Q(Ereny) (2.7a)
e 1) Ot v—110 ()

s.t., Tt = J (@), e (Tipt), Wit (2.7b)
Tyt = f(fku, Uk|t(fk|t), 0), (2.7¢)
Tt € X, uk‘t(:ck”) € U, (2.7d)
Tyt € X, (2.7e)

Vwg, € W, VAG, € F;, if model (2.5) is used, or
VA, € Fy, if model (2.6) is used, (2.7f)
Vk={t,....,t + N —1}, (2.7g)
Ty = Ty, Ty = Ty, (2.7h)

with Uy(+) = {wge, wegrje(-)s - - - s wgpn—1p(-) }, and applying the optimal MPC policy
up' () = gy, (2.8)
to system (2.3) in closed-loop.

Remark 2.1 Note that we have considered perfect state feedback in (2.7h). Robust MPC
synthesis with noisy output feedback is presented in [0, /8, /9], etc. Although we utilize the
output feedback robust MPC of [/0] in Chapter 9 of this thesis, we will primarily limit our
focus to when (2.7h) holds.

Note, the first input w,; is not a policy, as the state z; is known exactly. The objective is to
minimize the cost associated with the nominal model (2.7¢). Constraints (2.7d)-(2.7e) are
satisfied robustly for all possible set of states reachable through any feasible choice of the
true model evolution (2.7b), i.e., for all uncertainty in (2.7f), where F; is given by (2.5) or
(2.6) depending on parametric or non-parametric uncertainty representation in the model.

Challenges in Solving (2.7), Assumptions and Simplifications

There are three main challenges with solving (2.7), namely:

(C1) The state and input constraints are to be satisfied robustly under the presence of mis-
match between the nominal and the true system models and all possible disturbances.
In other words, (2.7d)-(2.7¢)-(2.7f) need to be reformulated so that they can be fed to
a numerical programming algorithm.

(C2) Optimizing over policies {uy, wss1(+), U2 (+), - .- } in (2.7) involves an optimization
over infinite dimensional function spaces. This in general is not computationally
tractable [50, 0].
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(C3) The feasibility of problem (2.7) is to be guaranteed robustly at all timesteps ¢t > 0.
That is,
z, € X, utC(x) €U, Yw, € W,Vt >0,

where ;1 = f(x;, uMPC(2;), w;). Furthermore, the closed-loop system is to be stabi-

lized by the MPC law (2.8).

Remark 2.2 Note that although we choose to show the minimization of the nominal cost
in (2.7a), this cost can be chosen as the expected cost, or the worst-case cost. The choice of
the cost function has no impact on tackling challenges (C1)-(C3). In fact, the set of specific
algorithms discussed in Section 2.9 use a worst-case cost.

To tackle challenge (C1), simplifying assumptions are made in MPC literature to the system
(2.3). In this dissertation, we consider the following three type of simplified systems:

(M1) The system is linear time-invariant with an additive disturbance, i.e.,
Tyl = Al’t + But + Wy, (29)

with known matrices A and B of appropriate dimensions. In this case the true dis-
turbance free and the nominal models are the same, i.e., f(-,-,0) = f(-,-,0). That
means there is no model uncertainty in the system; the only source of uncertainty is
the disturbance w;.

(M2) The system is linear parameter varying with unknown system matrices and an additive
disturbance, i.e., system (2.3) simplifies to

T = (A4 An)zy + (B + Ap)uy + wy, (2.10)

where we assume that A and B are unknown matrices with estimates A and B available
to the control designer. In particular, we consider

A=A+ AY, B=B+AY, (2.11)

where the true parametric uncertainty matrices A% and A% are unknown and belong
to convex and compact sets

A% € Pa, A} € Ps. (2.12)

Furthermore( we consider that the sets P4 and Pp are convex hulls of known wvertex
matrices {AAl), Af), . Aff“)} and {Ag), Ag), . Ag”’)}, with fixed n,,n, > 0:
Pa = conv(A(Al), Af), o A%“)),

(2.13)
Pp = conv(Ag), Ag), e Ang)).
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(M3) As a special instance of approximating the nonlinearities in the model in (2.3) as an
additive model uncertainty, we consider a linear time-invariant system with a state
dependent additive uncertainty, i.e., (2.3) simplifies to

.',Ut+1 = A[L‘t ‘I— But + d(:L‘t), (214)

where the unknown, nonlinear function d(z) is bounded over the state-space, i.e.,
d(z) € D(z) for all x € X for a compact set D(z).

Remark 2.3 In this dissertation when we present algorithms for utilizing data to refine
uncertainty in systems of the forms (M1)-(M3), we consider the following cases:

e For models of the form (M1), for learning an unknown support W of the disturbance wy,
we consider the distribution of wy as a parametric distribution Py [51] with unknown
parameters 0, and the estimated supports Wé are obtained from the corresponding con-
fidence intervals of the parameters. The associated algorithm is presented in Chapter 7.

e For models of the form (M2), we consider a specific instance with system matrices
(A(6%), B(6f")) with an unknown parameter 0" € ©,. More specifically,

Tir1 = A(@Er)xt + B(@;r)ut -+ Wy, Wy € W, (215)

where 0" € RP is a time-varying parameter unknown to the control designer, which
decides the values of the system matrices as:

(A(6;"), B(6;")) = (Ao, Bo) +Z 0%, Bk, (2.16)

with known (A;, B;) fori € {0,1,...,p}, where 9}3 denotes the i-th entry of the vector at
t. We refine ©, from collected data. The associated algorithm is presented in Chapter 6.

e For models of the form (M3), we consider d(zx) is Lq-Lipschitz with a known Lipschitz
constant Ly, and its possible range D(z) is refined from collected data via information of
the graph of the function d(-). The associated algorithm thus relies on a non-parametric
representation of uncertainty d(x), and is presented in Chapter 5.

To tackle challenge (C2), it is common to restrict the search of optimal policy to a specific
class of feedback policies. In this dissertation, we will focus on the following two design
approaches used in MPC literature:

(P1) Design with affine state feedback policies, resulting in the so-called tube MPC algo-
rithms [52, 15, 53, 416, 19], and

(P2) Design with affine disturbance feedback policies [5,

Y Y ]

And finally, to tackle challenge (C3), the terminal set Xy and the terminal cost function
Q(-) are chosen appropriately to ensure feasibility and stability properties.
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2.6 The Key, Often Misused Word: “Conservative”

Throughout this dissertation, we will be using the word conservative when discussing the
properties of any control policy. When a control policy is deemed more conservative over
another, it often implies that it has a smaller region of attraction (ROA) than the other.
Although more formally defined in the subsequent chapters, roughly speaking, the ROA of
a policy denotes the set of states from which the policy is able to safely complete the control
task of stabilization, while satisfying the imposed state and input constraints.

Consider the two ROAs for a control problem obtained with policies 7 () and ma(-), as
shown in Fig. 2.1. In this dissertation, we adhere to the following two methods of comparison

Inside @ ROA of Policy m1(-) Inside B ROA of Policy mo(-)

-
o

6 8
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2
0 ]
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-2
-4
-4
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-6 -8
" -10
-8 -6 -4 -2 0o 2 4 6 8 -8 -6 -4 -2 0 2 4 6 8
(a) Policy m1(-) is more conservative than policy ma(-). (b) Conservatism comparison is inconclusive.

Figure 2.1: Comparison of the regions of attraction obtained with policies m(-) and ma(-).
between any two policies 71 (+) and m(+) while analyzing the two separate situations shown
in Fig. 2.1:

e In a scenario such the one shown in Fig. 2.1a, we deem policy m(-) more conservative
than policy my(+). This is because the ROA of 7 (+) is entirely contained in the ROA
of 7T2(').

e In a scenario such the one shown in Fig. 2.1b, the ROA comparison is inconclusive for
a comment on conservatism, as there are non intersecting parts of the ROAs.

Defining Conservatism via Cost

The notion of conservatism of a policy can also be defined in terms of the closed-loop cost
of trajectories. For example, consider the case of Fig. 2.1a. The average closed-loop cost of
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100 Monte-Carlo runs from 100 sampled initial conditions inside the ROA of my(-) can be
obtained as shown in Fig. 2.2. We see from Fig. 2.2 that policy my(-) valid over a smaller

Inside M : With Policy m(-) Inside B : With Policy my(-)

Avg. Closed-Loop Cost

Initial State Count

Figure 2.2: Comparison of the avg. closed-loop costs obtained with policies 7 (+) and m(+).

ROA attains a better average closed-loop cost over policy 71 (+) in about 95% of the cases'.
If the notion of conservatism is defined in terms of the closed-loop cost, policy 7 (+) would
be deemed more conservative over policy my(-). However, throughout this dissertation we
will continue to define conservatism through the lens of the size of the ROA and not the
cost of the closed-loop trajectories. We will instead use the cost of closed-loop trajectories
to quantify performance of a control policy.

In the following sections we elaborate the MPC design details for each of the models
(M1)-(M3) considered, with the policy parametrizations (P1)-(P2).

2.7 (M1)/(P1): Linear Time-Invariant Systems with
Additive Disturbance, Design with Affine State
Feedback Policies - Tube MPC

A classical robust MPC approach for linear time-invariant systems with additive disturbance,
i.e., systems of the form (2.9), is the “tube” MPC approach. In tube MPC algorithms for

'Note that Fig. 2.2 has been generated only for explanatory purposes in this remark. The plots are not
from closed-loop simulations of a chosen system inside ROAs shown in Fig. 2.1.
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this class of systems, the system state x; is split into a nominal and an error state as
Ty = jt + €, (217)

and decoupled dynamics equations for each is used. The primary objective is to focus on the
nominal state dynamics during MPC design, while containing all possible evolutions of the
error state within a “tube” around the predicted nominal trajectory. The imposed constraints
on the nominal states and inputs in the MPC optimization problem are appropriately shrunk
from X and U, ensuring that (2.7d)-(2.7e) are satisfied as long as the nominal constrains
are satisfied. We specifically focus on two types of tube MPC algorithms, namely, shrinking
tube MPC and rigid tube MPC. They are elaborated next. For a discussion on additional
tube MPC algorithms such as homothetic and parametric tube MPC, see [50, 57, 58].

Remark 2.4 The number of decision variables in both shrinking tube and rigid tube MPC
algorithms scale linearly with the length of the prediction horizon, i.e., N.

2.7.1 Shrinking Tube MPC

In shrinking tube MPC [52], the nominal state is set to the measured state of the system at
any timestep t, i.e.,
Ty = Ty,

and then the size of the imposed constraint sets on the predicted nominal states/inputs along
the prediction horizon are progressively shrunk to guarantee the satisfaction of (2.7d)-(2.7e).
Policy Parametrization, Nominal and Error Dynamics

The input policy parametrization for shrinking tube MPC is given by:
u(zy) = Kay + vy, (2.18)

with a fixed feedback gain K such that (A + BK) is stable and v, is an auxiliary control
input which a decision variable. The dynamics of the nominal and error states from (2.17)
using policy (2.18) are then obtained as:

jt—l—l = (A + BK)jt + th, (219&)
€11 = (A + BK)et -+ wy. (219b)

Shrinking Tube MPC Problem

The MPC optimization problem solved focuses on imposing constraints on predicted nominal
states and inputs obtained from (2.18) and (2.19a), such that accounting for all possible errors
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from (2.19b) maintains the satisfaction of (2.7d)-(2.7e). This MPC problem is given by:

t+N—1
min Z 14 (-i'k‘ty /Uk|t> + Q(jt+N|t) (2203)
Vt|ts Vt+ N—1|t et
st Tpyip = (A+ BEK)Tpp + Bogy, k={t,t +1,...,t + N — 1}, (2.20b)
k—t—1
Ty € X © € (A+ BK)'W, (2.20¢)
1=0
k—t—1
Kz +up cUe @ K(A+ BK)'W, (2.20d)
1=0
N-1
Zreni € Xy © (A + BK)'W, (2.20e)
1=0
VkE={t+1,...,t+ N —1}, (2.20f)
Tejt = Tty (2.20g)

and the MPC controller
u:‘t(xt) = Kz; + vf

is applied to system (2.9) in closed-loop. A robust positive invariant terminal set Xy with
a terminal policy u = Kz, and a terminal cost function @(-) which is a Lyapunov function
for the closed-loop system 2™ = (A + BK )z addresses challenge (C3). Note that in (2.20c)-
(2.20d) the size of the imposed constraint sets on the nominal states and inputs shrink
as k increases along the horizon. This is the shrinking tube property of this algorithm.
Constraints (2.20c¢)-(2.20d) ensure the satisfaction of (2.7d) by system (2.9).

2.7.2 Rigid Tube MPC
Recall the nominal and error state decomposition from (2.17). In rigid tube MPC [53],

the size of the imposed constraint sets on the predicted nominal states/inputs along the
prediction horizon are kept fixed, while guaranteeing the satisfaction of (2.7d)-(2.7e). The
nominal state at any timestep t is a decision variable in the MPC problem.

Policy Parametrization, Nominal and Error Dynamics

The input policy parametrization for rigid tube MPC is given by:
u(xt) = K.Tt -+ Keet + Ut, (221)

with fixed feedback gains K and K, such that (A+ BK) and (A + BK.) are stable and v, is
an auxiliary control input which a decision variable. The dynamics of the nominal and error
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states from (2.17) using policy (2.21) are:

.ft+1 = (A + BK)J_Zt + BUt, (222&)
€t+1 = (A + BKe)et + Wt. (222b)

Rigid Tube MPC Problem

Consider a robust positive invariant set for the error dynamics (2.22b), denoted by £. Given
a measured state x;, the choice of the nominal state Z; = Ty, is to be made such that the
error state at timestep ¢, i.e., e, = ey, satisfies

e € E,

thus restricting the evolution of the error state in £ at all future times. The MPC optimiza-
tion problem is formulated by imposing constraints on predicted nominal states and inputs
given by the following:

Ty € X OE, (2.23a)
Ky + v €U © KE, (2.23Db)

obtained from (2.21) and (2.22a). One can demonstrate that if (2.23) are satisfied, (2.7d)-
(2.7¢) must be satisfied. The resulting robust MPC problem is:

t+N—1
B min Z £ (ii'khg, ’Uk‘t) + Q(i’t+N|t) (224&)
Lt|tsVt|tr Ve N—1]t ot
s.t., Tyt = (A + BK)fk‘t + ka\t; (224b
Tay € X O, (2.24c¢
KZpy +vpe €U © KLE, (2.24d

Tepnpe € Xy CXOE,
Vk={t,....,t + N —1},
ey € €, (2.24¢

where Xy is the terminal constraint set for the nominal state. The MPC controller
u:‘t(xt) = Ki‘at + Keet‘t + Uat.

is then applied to system (2.9) in closed-loop. A control invariant terminal set Xy and a
terminal cost function Q(-) which is a control Lyapunov function in the terminal set addresses
challenge (C3). Note that in (2.24c)-(2.24d) the size of the imposed constraint sets on the
nominal states and inputs remain fixed as k increases along the horizon. This is the rigid
tube property of this algorithm. Constraints (2.24c)-(2.24d) ensure the satisfaction of (2.7d)
by system (2.9).
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Example 2.1 (Shrinking Tube vs Rigid Tube) We now present an example that com-
pares shrinking and rigid tube MPC algorithms in terms of their ROA. The corresponding
ROAs for this problem are approzimated by gridding the state-space in a 50 x 50 grid of
initial conditions and taking the convexr hull of the initial conditions for which (2.20) and
(2.24) are feasible. Consider finding shrinking and rigid tube MPC' solutions to the robust
infinite horizon optimal control problem given by

min ZlOHEtug—FQHUt(ft)Hg

uo;uL (1), t>0
st., @ = Az + Buy(ze) + wy,
fi't_t,_l = Aii’t + But(:it),

s . (2.25)
_8 S |: ot :| S 8 )
—4 (1) 4

thGW, t:0,1,2,...,

with the disturbance support set W = {w : ||w]|e < 0.1}, where

1 0.05 0
A:[O 1 }’B:{u]‘

We pick N = 5. The matriz K in (2.18) and (2.21) is chosen as the infinite horizon LQR
gain with Q = diag(10,10) and R = 2. Matriz K, = K in (2.21). The terminal set Xy
in (2.24) is chosen as the maximal positive invariant set for the nominal dynamics (2.22a)
under policy w = Kz, and the set € in (2.24) is chosen as the minimal robust positive
invariant set for the error dynamics (2.22b). In Fig. 2.3 we show the comparison of the
approximate ROAs.

Fig. 2.3 suggests that near the edge of the constraint sets, the constant (and larger) tight-
ening of the state constraints in (2.24) via & results in infeasibility of (2.24), where a slowly
increased tightening along the prediction horizon results in a feasible controller obtained as
a solution to (2.20) from the corresponding states. This indicates a lower conservatism of
the shrinking tube MPC for the considered example, as seen from its larger ROA in Fig. 2.3,
which entirely contains the ROA of the rigid tube MPC. However, recall that the terminal set
in rigid tube MPC' can also be a control invariant set, which can enlarge its ROA if chosen
appropriately’. Moreover, computing a (nominal) control invariant Xy in (2.24) with a fized
linear feedback policy is cheaper than computing a robust positive invariant Xy in (2.20).
Thus, the use of shrinking tube vs rigid tube is dependent on the specific problem at hand,
computational constraints to the designer, etc.

Remark 2.5 The rigid tube MPC’s property of robust control synthesis based on the con-
tatnment of error in an invariant set around the nominal trajectory is similar to methods

2 An example of such a set can be found in [59], which iteratively enlarges a control invariant terminal set
constructed with collected trajectory data and provides feasibility and stability guarantees of the controller.
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Inside M : Shrinking Tube MPC Inside B : Rigid Tube MPC
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Figure 2.3: Comparison of the approx. ROAs of shrinking tube and rigid tube MPC. The
shrinking tube MPC obtains reduced conservatism in this case over the rigid tube MPC.

developed later, such as [00, 01, 62, (3], which are primarily for nonlinear systems. These
methods exploit planner-tracker hierarchies during control design and maintain the tracking
error in an invariant set around a planner generated trajectory.

2.8 (M1)/(P2): Linear Time-Invariant Systems with
Additive Disturbance, Design with Affine
Disturbance Feedback Policies

The tube MPC algorithms in Section 2.7 utilize a fixed feedback gain along the prediction
horizon in (2.18) and (2.21). Instead, utilizing an input policy of the form

ut<$t) = Ktl't + Vt, (226)

with time varying feedback gains K; and optimizing over these gains along the prediction
horizon can lower the conservatism of (2.20) and (2.24). However, optimizing over these
feedback gains directly in a state feedback based robust MPC synthesis results in a non-
convex problem, as shown in [55, Proposition 3]. A convex synthesis is enabled using the
affine disturbance feedback policy parametrization [54, 55], which is proven to be equivalent
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to (2.26) for models (M1) [55, Section 5]. We describe this parametrization and the associated
robust MPC algorithm next.

Policy Parametrization

For all £ € {t,...,t + N — 1} over the MPC horizon of length N, the control policy
parametrization in this case is given as:

k—1

e (re) = Y Mygwgie + ke, (2.27)

j=t
where My, are the planned feedback gains at timestep ¢ and vy, are the auxiliary inputs,
both of which are decision variables. Let us define the stacked disturbances along the MPC
prediction horizon as

[T T T T nN
Wi = [wtlt W)t wt+N—1\t} e R™.

Then the sequence of predicted inputs from (2.27) can be stacked together as:
u, = Myw; + v,

at any timestep ¢, where matrices M, € R™"*"V and v, € R™ are obtained by arranging
the decision variables as follows:

0 .. . 0 v
M, 0 e 0 v
M, = | ove=| (2.28)
Myn—1y -+ Myyn—i4n—2 O Vg N—1)t

MPC Problem

Using policy (2.27), problem (2.7) in this case is simplified to solving:

t+N—1
min Z C(Zhi, Vi) + Q(Toqne)
Me,ve k=t

s.t., Tht1t = Al’k\t + Bukz|t + Wk|t,
Tty = AZg + Bog,
k—1
uke(zpe) = Y M jutwsie + v, (2.29)

j=t
T € X, ug(Trp) €U,
TiyNje € XN,
Vwk|t S W,
Vk={t,....,t + N —1},

xt\t = i‘t = T¢.
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A robust positive invariant terminal set Xy with the terminal policy © = Kz, and a terminal
cost function Q(-) which is a Lyapunov function for the closed-loop system z* = (A+ BK)x
addresses challenge (C3). Problem (2.29) scales quadratically [64] in the number of decision
variables with the horizon N. An efficient way to solve (2.29) using duality of convex
programs [65, 66, 67] is shown in [55]. We present an example of such a reformulation next.

Example 2.2 We show an example of how to convert (2.29) into a tractable convex opti-
mization problem using duality of convex programs. The example is from [0, Example 15.3].
Consider the system

Tiy1 = T -+ uy + Wy, (230)
and let

U={u:-1<u<1},
W=A{w:—-1<w<1}.

The objective of the player is to play three input moves so that rs € Xy, with the set Xy
gien by

Xy ={zr:—-1<z<1}.
The terminal constraint can be rewritten as

T3 = Tg + Ug + U + U + Wy + W1 + W2 € [—1,1],
va € [—1,1], le € [—1, 1], va € [—1, 1]

The control inputs are parametrized in the past disturbances following (2.27) as

Uy = Vo,
U] = vy + meo,
Ug = vy + My owo + My w;.

The input constraints and the terminal constraint are then rewritten as

Zo + Vo —I— U1 + Vo —|— (1 —f- MLO + M270)w0 + (1 —I— Mgﬂl)wl —I— W2 - [—1, 1]7 (231&)

Ug = Vg € [—1, 1], (231b)

U1 + Ml,owo S [—1, 1], (2310)

Vg + M270w0 —+ M271w1 - [—1, 1], (231d)

V’wo S [—1, 1], ‘v’w1 € [—1, 1], va € [—1, 1] (2316)
Consider (2.31a) and the one sided inequality given by

To + Vo —I— U1 —f- Vo + (1 —I— Ml,O + M270)w0 + (]_ —I— M271)U}1 —I— W9 S 1, (232)

Ywg € [—1,1], Yw, € [—1,1], Ywy € [—1, 1]
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We replace (2.32) with the most stringent constraint given by
o + Vo + V1 + vy + J*(M1,07 M270, MQJ) S 1, (233)
where we have used

J (Mg, Moy, Ma1) = max (14 Mg+ Mag)wo + (14 Myq)ws + we

wo,wW1,wW2
st., wo € [-1,1], wy € [-1,1], wy € [-1,1]. (2.34)
For fized My, My, Ma1, (2.34) is a linear program and can be replaced in (2.32) by its dual
zo + vo + v1 + vy + d* (Mo, Moo, M) <1,
where

d*(Myg, Mag, Mop) = min A% + AY + A4 + )\6 + )\ll + )\12

st., 14+ Mg+ Moo+ Ny — Ay =0,
L4+ Myp + M — Ay =0,
L+ X, =Xy =0,
A>0, A >0,i=0,1,2,
where \* and . are the dual variables corresponding to the upper and lower bounds of w;,

respectively.  From strong duality [00, Chapter 5], [15, 08, 69, 70], we then impose the
following equivalent constraints to satisfy (2.33)-(2.34)

To+ Vo + U1+ F AT F AN AL AL AL <

L4+ Mg+ Mag+ Ny — Ay =0,

14+ Myy + M, — A =0, (2.35)
14+ M, — Ay =0,

M>0, AL>0,i=0,1,2.

Thus, (2.35) is a convex reformulation of (2.32) with finite number of constraints. Repeating
this same procedure for the other side of the inequality, we see (2.31a) is reformulated as

To+vo + v F v F AL F A F ALY A AL AL <

— g — Vo — V1 — Uy + iy + i+ s+ g+ ph + sy < 1,

L4+ Mg+ Mg+ ANy — Ay =0,

L4+ My + X =2y =0,

L+ M=y =0, (2.36)
— 1= Mg — Mag + pig — g = 0,

— 1= My + piy — i =0,

— 1=y —py =0,

ALl >0, i=0,1,2,

197\
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and (2.31c) is reformulated as
v+ vy v < 1,
— v + l‘iu + /'il S 17
e (2.37)
MI,O -+ Iil — liqf = 0,

u 0w ol
HO)”{OJ/OvVO Z 07

and (2.31d) is reformulated as

Vo + P+ pl+ ph + P < 1,
— Uy T+ <1,
Mo+ phy — pi = 0,
Moy +py = pif =0, (2.38)
— My +7h— 7y =0,
— My, + 7 -7t =0,
pis Pl 2 0, 1= 0,1,
and (2.31b) remains unchanged. Solving (2.35)-(2.38) provides a solution to our problem.

Example 2.3 In order to show the reduction in conservatism with the policy parametriza-
tion (2.27) over (2.18) and (2.21) we again consider MPC' solutions to the problem (2.3),
and compare the ROA of an MPC controller synthesized by solving (2.29) to the ROAs of
shrinking tube and rigid tube MPCs, shown in Fig. 2.3. Parameters QQ, R, K are the same
as the ones in Fxample 2.1. The comparison is shown in Fig. 2.4. Fig. 2.4 demonstrates
that the MPC policy obtained with the affine disturbance feedback parametrization attains the
largest ROA, 1i.e., the lowest conservatism compared to both shrinking and rigid tube MPC.

As a matter of fact, the disturbance feedback policy class (2.27) subsumes the policy classes
(2.18) and (2.21), as shown in [55]. This explains its reduced conservatism over tube MPC
approaches in Section 2.7, as seen in Fig. 2.4. Therefore, we use the disturbance feedback
based robust MPC algorithm from Section 2.8 for robust adaptive MPC synthesis in Chap-
ter 5 and Chapter 6, and for robust MPC design in conjunction with disturbance distribution
support and environment constraint learning in Chapter 7 and Chapter 8, respectively.

2.9 (M2)/(P1): Linear Parameter Varying Systems,
Design with Affine State Feedback Policies

Consider the state decomposition
T = i't + (&
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Inside M : Disturbance Feedback Inside B : Shrinking Tube Inside B : Rigid Tube

1

Figure 2.4: Comparison of the ROAs of shrinking tube MPC, rigid tube MPC and an MPC
designed with affine disturbance parametrization (2.27).

from (2.17) for system (2.10), written as:
.TtJrl + €11 = (A + AA)(i't -+ €t) + (B -+ AB)Ut -+ Wy, (239)

where 7, is the certainty equivalent state. Clearly, if one defined the nominal model as
(2.19a) or (2.22a), then we see from simple substitution that using the MPC policies from
Section 2.7 in (2.39), a decomposition of the system dynamics into nominal (i.e., certainty
equivalent) and error states’ dynamics, as done in (2.19) and (2.22) cannot be carried out. In
fact, it is not possible to cancel out the the product between the matrix uncertainty term A 4
and the nominal state z;. Therefore, algorithms from Section 2.7 and Section 2.8 which rely
on a decoupled set of nominal and error state dynamics cannot be utilized. An alternative
set of algorithms are summarized next.

2.9.1 Ellipsoidal ROA Synthesis

Ellipsoidal ROA synthesis methods for system 2.10 are presented in works such as [71, 72, 73,

]. These methods constrain the evolution of the system state inside an ellipsoidal robust
positive invariant set under a chosen affine control policy, for all possible realizations of the
uncertainty. The associated control gain in the MPC policy is computed typically by solving
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linear matrix inequalities (LMI) [44], which ensures convex controller synthesis. A detailed
summary of these algorithms can be found in [75, Section 5.2].

Policy Parametrization and Invariant Ellipsoid
Consider the following input policy parametrization:
u(zy) = Kay + vy,

where the feedback matrix K and the auxiliary input v, are decision variables. In the
invariant ellipsoidal approach, the decision variables K and v; are chosen such that

Thy €E C X, VA, € Py, VAp € Py, Yk >t +1, (2.40)

if z; € £, and uy, € U for all k > t. Equation 2.40 implies that the set £ is thus an ellipsoidal
invariant set for the predicted states of system (2.10). Furthermore, thus restricting the
system state’s evolution to an invariant set allows for the possibility of solving the MPC
optimization problem over an infinite horizon, as opposed to a finite horizon of N in (2.7).
This ensures that £ is an invariant set for the closed-loop states of the system as well. In
order to better elaborate the MPC design approach, we focus on a specific example of the
ellipsoidal ROA synthesis algorithm in [71]. This is presented next.

An Example Algorithm From [71]

The MPC proposed in [71] for system (2.10) considers W = (), v; = 0, and an additional
simplifying assumption on the matrix uncertainties given by:

Nab Tab
(A% A =D n[Af AP with x>0, YA =1, (2.41)
i=1 i=1
The approach in [71] finds a solution to an infinite horizon robust optimal control problem

for MPC synthesis. This infinite horizon problem is still solved at every timestep t, as the
MPC policy improves in closed-loop due to the restriction of the search of input policies to
the class of affine state feedback. This MPC optimization problem at any timestep ¢ can is:

IR B e, 2 DAt i R
s.t., Try1)e = (A + BK)ayy, (2.42)
T € X, Koy €U,
VE=tt+1,...,

with weight matrices Q,, R > 0, and the state and input constraints in (2.42) considered as:

X =A{z:||z|ls < Tmax}, (2.43a)
U={u:|luz < tUmax}, (2.43b)
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where Zyay and ., are known. Note that (2.42) minimizes a worst-case cost, as opposed
to the nominal cost in (2.7). It is shown in [71, Section 3.2] that the solution K to (2.42)
can be obtained as K = YQ™!, with decision matrices Y € R™" and @ > 0 obtained as
the solutions to the problem:

min
7,Y,Q~0
QA AT HYT(B+ AT Q@ YTRY
i |A+ AR+ (B+aR)y Q 0 0 |y
’ 2 0 VI, 0o |-
I R'?Y 0 0 Y
(2.44a)
e (A aDe+ BT (2.44b)
(A+A0)Q+ (B+AR)Y 2l o
2
UH?)E'_Im g} =0, (2.44c)
1 T
o wgﬂ =0, (2.44d)

Vi=1,2,... "

Note that (2.44a) ensures the worst-case infinite horizon cost in (2.42) is bounded from
above by 7, (2.44b) ensures the satisfaction of the state constraints (2.43a), (2.44c) ensures
the satisfaction of the input constraints (2.43b), and (2.44d) ensures that the current state
must be inside the invariant ellipsoid, as required in (2.40). The MPC policy is given by:

w!(zy) = YQ ™, (2.45)

where decision variables Y*, Q* are function of the current state x; = z;;. Under policy
(2.45), the the invariant ellipsoid in (2.40) obtained as: [71, Eq. 31]

E(xy) ={z: 2"y Q "z <~} (2.46)

As (2.44) is solved at each timestep ¢, the invariant ellipsoid changes as a function of x;.
However each ellipsoid £(x;) is invariant for (2.10) if the MPC policy (2.45) is rolled out for
all future times without re-solving (2.44), as (2.44) provides a solution valid over an infinite
prediction horizon.

Although computationally efficient (number of decision variables is not a function of the
prediction horizon N, and typically scale polynomially with the dimension of the state-space
[75, Chapter 5]), these algorithms often result in conservative controller behavior arising
from the design limitation into the space of ellipses, e.g., in (2.43). Polytopic and homothetic
tube MPC methods with affine or piecewise affine state feedback policy parametrizations are
introduced in [15, 76, 16, 19] to address such conservatism inherent to ellipsoidal ROA based
methods. We elaborate these algorithms next.
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2.9.2 Polytopic Tube MPC

Although many forms of polytopic tube MPC algorithms exist in literature, we focus on the
ones in [75, Section 5.6], [16, 19]. These have a similar approach when compared to other
polytopic approaches such as the algorithms in [17, 18, 76]. We omit explicitly showing
the dimensions of a set of matrices and vectors in the following sections for the purpose of
notational simplicity. See [75, 19] for these details.

Policy Parametrization
An input policy parametrization for this class of algorithms used in [75, Section 5.6], [19] is
given by:

Nab
u(xy) = Kxy + Lvg 4+ ¢, with additional dynamics v,1 = Z i (Mg + Siwy), (2.47)

=1

with a stabilizing feedback gain K for system (2.10), where L, M;, S;, ¢; and vy are decision
variables and ;s satisfy (2.41). Matrices L, M; and S; for all ¢ = {1,2,... ,ng} are chosen

offline to maximize the volume of the terminal set [75, Eq. 5.111]. The terminal set Xy in
these algorithms is typically chosen as an ellipsoidal invariant set, which is constructed by
solving an LMI, based on methods similar to [74, 77]. The use of these additional degrees

of freedom in (2.47) via the choice of L, M;s and S;s is thus for the purpose of enlarging the
size of the ROA of the robust MPC [75, Section 5.6].

Designing Polytopic Reachable Sets
Polytopic and homothetic tube MPC methods make use of the following sets:

X ={o: Ve <ag}, k=t+1,t+2,...,t+ N, (2.48)

with Xy, = 4, where V' is a matrix chosen offline, and vectors oy, are the decision variables
in the online MPC synthesis problem. See [75, Chapter 5] for details on how to choose V'
offline. Define the 1-step robust reachable set from &y, under the MPC policy (2.47) for all
possible matrices (A, B), and disturbances lying in a known support W as follows:

Ries11t Ukt Crje) = {Thgape © 3ok € Xige, Jwiy € W, 3A, € Py, IAp € Pp,
St Ty = (A + AA)xkhf + (B + AB)<KJJk|t + LUk|t + Ck|t) + wk‘t},

forall k =t,t+1,...,t+ N — 1. The online decision variables vy, cx|¢, and ay; defining the
sets in (2.48) are then chosen such that

K1)t 2 Rogre (Ve Crfe)

2.49
Vk=tt+1,....t+N—1, (249)
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thus constraining all possible evolutions of the predicted states within the design sets (2.48).
Constraints (2.49) are imposed by transforming them into the following constraints (obtained
using Farka’s lemma):

H;V =V fi(A, B,Pa, Ps, M;, S),
1)t > Hiogy + fo(w, V, Pa, Pr, e,
H; >0, (2.50)
VEe{t+1,...,t+ N —1},
Vie{l,2,...,nu},
where the exact form of the functions f; and f; vary depending on the specific algorithm
used. See [19, Theorem 8], [75, Eq. 5.112] for details on these variations. Matrices H; for all

i €{1,2,...,n4} have non negative entries, and these are decision variables chosen offline.
See [75, Section 5.6] for further details on these offline optimization problems.

Imposing the State and Input Constraints

The online decision variables vy, ci|¢, e are also constrained by the requirement of satis-
fying the state and input constraints in (2.7d). Expressing these state and input constraints
in (2.7d) alternatively as:

Cxy + Duy < b, (2.51)

for matrices C, D, b of appropriate dimensions, constraints (2.51) are satisfied robustly along
the prediction horizon by imposing the feasibility of a set of constraints that can be summa-
rized by the following:

HCOék|t + DCW <b, (2.52&)
Vk={t,t+1,...,t+ N — 1},

H,> 0,00 >V [xt} : (2.52b)

Uyt

HV =[C+DK DL], (2.52¢)
Hioy e +V fs(we) < cugnye, (2.52d)
Vi={1,2,... . 0w},

Heowynie < 1n, (2.52e)

where (2.52¢) are the terminal constraints in the MPC problem, i.e., (2.7¢), and f3(+) is linear
in w;. The non-negative entries of matrix H. with A number of rows are decision variables
chosen offline. See [75, Section 5.6] for further details on the offline problem solved.

Remark 2.6 We have based (2.52) on [75, Section 5.6]. The corresponding equations in
[10, 19] are slightly different as they design matriz V in (2.48) to shape the cross sections of
the reachable sets for error state e, = x; — Xy.
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Polytopic Tube MPC Problem
The resulting polytopic tube MPC problem solved can be expressed as:

: t+N t+N—-1
min max L( el oty s wrge(Trpe) [y )
V|0t ,Ct AA€EPAABEPE

Wi |ty W41 |ty Wt N—1|t

s.t., Thtit = (A + BK)Z‘]W + B(ka|t + Ck|t)7 k=t ....,t+N—1,

(2.50) — (2.52)

(2.53)
where a; = {ay, ..., uqpnpe )}, € = {cye,- -5 Gpn—1pt}, and the cost function £ is obtained
via solving an LMI such that it is an upper bound on the worst-case infinite horizon cost.
See [75, Lemma 5.8] for additional details. Note that (2.53) minimizes a worst-case cost. A
nominal cost as used in (2.7) can also be minimized alternatively.

Although convex control synthesis is allowed by these algorithms, the number of con-
straints in the MPC problem from (2.50) and (2.52) increase noticeably with the horizon
length, as shown in [75, Table 5.2]. The number of constraints can be lowered with simpler
choices of V', and thus limiting the shape of the tube cross sections in (2.48). This however
induces additional conservatism in the design. Thus, managing the computational complex-

ity vs conservatism trade-off is a key challenge in the design of these classes of polytopic
tube MPC algorithms.

Example 2.4 (Polytopic Tube MPC vs Ellipsoidal ROA Synthesis) Throughout the
relevant discussion in this dissertation until Chapter 4, we will consider finding MPC' solu-
tions to the robust infinite horizon optimal control problem given by

min 210||5:t||§+2||ut(ft)||§

u0,u1(+),...
t>0 _ _
st w1 = Az + @ut(xt) +w, with A=A+ Ay, B=DB+ Ag,
[i't+1 = Ai’t + But(jt),

-8 8 (2.54)
8| < [ Tt } < |8},
_4 Ut<£€t) 4

\V/'lUt - W, VAA - PA, VAB € PB?

t=0,1,2,...,

with disturbance set W = {w : ||w||o < 0.1}, where

. [1 015 - [o01 1 0.05 0
A‘[m 1}’3_[1.1}’A_{0 1]’3_{1.1}

For solving (2.54), we consider the matriz uncertainty sets given by

Pa: conv( L‘Zg 1 ig'l} >, (4 matrices) Pp: conv( ng 1] : {ig'l} ) (4 matrices)
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For ellipsoidal ROA synthesis method [71], the disturbance set W = (). The comparison of
E(x4) from (2.46) evaluated at® x; = [5,4]" and the terminal set of [19] is shown in Fig. 2.5.
We see from Fig. 2.5 that the terminal set of [19] is about 2z in volume compared to the

Inside B : Ellipsoidal ROA Method of [71] Inside B : Tube MPC of [19]

Figure 2.5: Comparison of the ellipsoidal ROA of [71] and the ROA of [19]. The ellipsoidal
terminal set is the ROA of [19] for this example, as pointed out in Remark 2.7.

ROA of [71], despite the presence of the additional additive disturbance considered in [19].

Remark 2.7 Note, the matriz V in (2.48) required for computing optimized tubes could not
be found by following [19, Remark 10], even under an upper bound of 100 on its number of
rows. See [19, Section 3], [75, Lemma 5.7] for a detailed explanation to this fact from the
viewpoint of spectral radius of the resulting dynamics. This yielded the full MPC' strategy
in [19, Section 4.2], which solves an optimization problem similar to (2.53), impractical for
obtaining an online MPC solution to the above problem. Therefore, a larger ROA than the
terminal set could not be obtained for the considered example. This highlights the computa-
tional drawbacks of polytopic tube MPC methods, such as [10, 19].

3This is one of the largest ROAs found after sampling 100 states z; and computing (2.46).
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2.10 (M2)/(P2): Linear Parameter Varying Systems,
Design with Affine Disturbance Feedback
Policies

In this section we present an overview of robust MPC design for models of the form (M2) with
policy parametrization (P2). First, we provide a brief introduction to robust MPC design via
system level synthesis, which obtains an alternative parametrization of the system response
via the use of policy. Subsequently, we introduce two novel algorithms presented in Chapter 3
and Chapter 4 of this dissertation.

2.10.1 System Level Synthesis

An alternative set of approaches for robust MPC design for system 2.10 based on system
level synthesis (SLS) [78, 79] are presented in [20, 80, 81, 82]. Unlike typical MPC algorithms
which optimize over inputs and states as decision variables, this method obtains robust con-
straint satisfaction by optimizing over closed-loop system responses. Consider an alternative
representation of the matrix uncertainty in (2.10), given by:

|1AAllo < €4, ||AB]leo < €B.
The used policy parametrization in these methods is given by:
u; = Myw,, (2.55)

with the associated definitions in (2.28). Briefly speaking, the aforementioned SLS based
robust MPC approaches such as [26, 80, 82] solve an MPC problem that can be summarized
roughly to be of the following form:

@fyﬁlﬁigmﬁ L(®F, My, xt) (2.56a)
st., [ln—ZA —ZB] {fﬂ =1, (2.56b)
t
(@7, My, XU, Xy, W, 7,7, 8) <0, (2.56¢)
Folll f5(®F, My, XU, Xy, e e, 0)|) < fuly, 7), (2.56d)

where Z is the block downshift operator. We can summarize (2.56) as follows: Cost function
(2.56a) is similar to the nominal cost minimized in (2.7a). Alternatively, worst-case and
expected costs may be chosen. Dynamics (2.56b) is the subspace equation, which indicates
that ®7 is the predicted response of system (2.10) under the policy (2.55) and ignoring
the effect of model mismatch. Constraints (2.56¢)-(2.56d) jointly ensure the satisfaction
of constraints X, U and X robustly by the predicted states and inputs for all possible
realizations of the model mismatch and disturbances. These are equivalent to (2.7d) and
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(2.7e). Functions f;(-) for i = 1,2,...,4 depend on the exact control design formulation,
which ensure that satisfying (2.56) results in a convex optimization problem for online control
synthesis. The parameters 3, 7,y are chosen offline before control design, typically using grid
search methods [27, 20].

Although online control synthesis is computationally efficient [30, 20], these algorithms
can turn out to be conservative, as shown in [33, 32]. This conservatism primarily stems
from obtaining sufficient conditions in (2.56¢)-(2.56d) required for satisfying state and input
constraints (2.7d) and (2.7e). As suggested by the results in the recent papers [26, 80],
polytopic tube MPC algorithms described in Section 2.9.2, such as [15, 76, 19], etc., can
obtain larger ROAs compared to SLS based robust MPC methods. We therefore focus on
robust MPC algorithm design taking polytopic tube MPC methods as benchmarks, and do
not focus on designing SLS based algorithms in the subsequent chapters of this dissertation.

2.10.2 Novel Algorithms Proposed in Chapter 3-4

To better exploit the computational complexity vs conservatism trade-off, in this dissertation
we present two novel algorithms for robust MPC design for system (2.10). In both these
algorithms we use the affine disturbance feedback policy.

Net-Additive Uncertainty Representation and Shrinking Horizons

In the first algorithm, proposed in Chapter 3, we exploit the concept of net-additive uncer-
tainty representation by expressing system 2.10 as:

Tiy1 = Al’t + But + Ibt,
with the net-additive uncertainty term given by
’lIJt = (AACL} + ABUt + U}t).

We bound the quantity w; with its worst-case bound over the state and input spaces as
follows:

. '
max ||| tEO,AA%},CABGPB(HAAZEt“ + [|Apu|| + |Jwel]), (2.57a)
< m + + .
< oo ([Aallpllzdl + 1 Aslpfud + ), (2.57b)

= A A 2.
AAegﬂiaA};ePB(H A||p||$||max+|| B||p||u||max+||w||max)> (2.57c)

wma}(?
where in (2.57a) we have used the triangle inequality and in (2.57b) the consistency property

of induced norms. Values of ||Z||max, [|%]|max and ||w]|max in (2.57¢) can be obtained from
compact constraints (3.1e) and W. For example, as we use polytopic sets X, U and W in
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Chapter 3, we obtain these maximum values by evaluating the norms at the vertices of the
corresponding polytopes.

The two key design features of the proposed algorithm in Chapter 3 and their benefits can
be summarized as follows: First, we use the conservative bound (2.57) along the prediction
horizon in formulating the robust MPC problem following Section 2.8. This allows for fast
MPC synthesis without the increase in the number of imposed constraints with NV, as is the
case with methods described in Section 2.9.2. And second, for the design of the terminal set
Xy, we do not over-approximate the system uncertainty. This lowers the conservatism of
the terminal policy over methods described in Section 2.9.2, which use an LMI synthesized
ellipsoidal terminal set. Our terminal set computation may be expensive, but it is computed
offline. Note that due the discrepancy in the uncertainty representations used along the
prediction horizon and in the terminal set, shrinking horizons are used to ensure the feasibility
of the MPC problem. See Chapter 3 for details. Due to the lack of such a shrinking horizon
strategy, SLS based methods such as [26] lose recursive feasibility upon using a similar
terminal set. This is alleviated with the use of shrinking horizons in the most recent SLS
based work [0, 82].

Optimization-Based Constraint Tightening

Our second algorithm is presented in Chapter 4. This algorithm circumvents the conservative
worst-case bounding of a net additive uncertainty term w; and uses constraint tightening
strategy which is a function of predicted nominal states and inputs in the MPC optimization
problem, i.e.,

Tre € X © E (Taal o v (B 15} ALW), k=t + 1,642, t+ N, (2.58)
where A denotes a contribution to the constraint tightening from the uncertainty in system
matrices. The two key design benefits are: First, tightening strategy (2.58) lowers conser-
vatism over using the worst-case bound from (2.57) uniformly across the state-space, as it
depends on optimization variables in the MPC problem, i.e., (Zgj, ur(Zke)). See Chapter 4
for details of this novel constraint tightening formulation. And second, the online control
synthesis problem is computationally efficient over methods in Section 2.9.2, as we show in
Table 4.2. Computing the bounds A required in (2.58) may be computationally expensive,
but these are computed offline before online control synthesis.

Both of the algorithms in Chapter 3-4 solve convex optimization problems for online
controller synthesis. The details of terminal set selection to address challenge (C3) is in Sec-
tion 3.5. With detailed numerical simulations, we demonstrate in Chapter 3 and Chapter 4
that our proposed algorithms can obtain an improved computational complexity vs conser-
vatism trade-off, over methods elaborated in Section 2.9.2 and Section 2.10.1. The presented
numerical comparisons are with [15, 19, 27]. We use the two novel algorithms proposed in
Chapter 3-4 for robust adaptive MPC synthesis when there is uncertainty present in the
system dynamics matrices A and B. We present an example of the above in Chapter 6.
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2.11 (M3)/(P1) or (P2): Linear Time-Invariant
Systems with State Dependent Additive
Uncertainty

We jointly discuss the cases of using (P1) or (P2) in this scenario. The reformulation of
problem (2.7) in this scenario is given by:

wmin T U@ (@) + QT )
ut\tvut+1\t(') ~~~~~ ut+N—1\t(')

S.t., xk+1|t = A$k|t + Buk|t(xk‘t) + C{(fﬂk‘t),
T = ATk + Bugp(Trp) + d(Tepe),
T € X,
Uk|t($k\t) cu, (2.59)
Vd(l’k|t) S D(Ik|t),
VE={t,t+1,...t+ N —1},
Tipnpe € Xn,
Tejt = Teje = Tt

where D(z;) is a state dependent compact set where the uncertainty d(z;) is guaranteed
to lie, and d(7;) denotes the certainty equivalent (nominal) estimate of uncertainty at any
point Z; along the nominal trajectory. Given the sets D(xy) for all k € {t,t+1,...,t+ N},
standard robust MPC approaches such as the ones in Section 2.7 and Section 2.8 can be
used for control synthesis. Data-driven methods such as GP regression have been used in
literature to learn and refine these sets D(xzy,) [7, 9, ¢]. However, they lack closed-loop
guarantees of robust constraint satisfaction.

In Chapter 5 of this dissertation we present an adaptive MPC algorithm which utilizes
Lipschitz nature of the function d(-), and then designs a robust MPC based on Section 2.8.
Our proposed algorithm guarantees recursive feasibility of the MPC problem, while lowering
its conservatism by successively refining the domain of the uncertainty.

Remark 2.8 A Python based repository which implements a basic set of robust MPC' algo-
rithms, including the ones presented next in Chapter 3 and Chapter 4 is now publicly available
at: hittps://github.com/monimoyb/RMPCPy. The results from the examples in this chapter
can be obtained by running the scripts in this repository.
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Chapter 3

A Simple Robust MPC for Linear
Parameter Varying Systems

This chapter is based on the published work [33]. In this chapter we propose a simple
algorithm for robust MPC design for linear parameter varying (LPV) systems subject to
a bounded additive disturbance. The algorithm uses a worst-case uncertainty bound of
the system for constraint tightening along the prediction horizon, which is computed by
lumping up the contribution of matrix uncertainties and the additive disturbances into one
“net-additive term”. The worst-case value of this quantity is computed over the sets of
feasible states and inputs, as shown in (2.57).

3.1 Summary of Contributions

We show that the naive net-additive uncertainty approach can lead to an efficient MPC
design, if the terminal constraints are appropriately chosen and an adaptive horizon strategy
is adopted. Our method can also be used to obtain a single roll-out policy for robust
constraint satisfaction, without re-solving the MPC problem. The key contributions of this
chapter are:

e We split the constraint tightening into two cases based on the horizon length. For
a horizon length of one, the robust MPC problem is solved exactly without over-
approximating the uncertainty in the system. For larger horizons, we lump the model
uncertainty into a net-additive component and compute constraint tightenings along
the prediction horizon based on its worst-case bound.

e We solve a set of tractable convex optimization problems online using an adaptive hori-
zon approach for robust MPC synthesis. With an appropriately constructed terminal
set and a terminal cost we prove recursive feasibility of the controller synthesis problem
in closed-loop and input to state stability of the origin.
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3.2 Problem Formulation

We consider the linear systems of the form (2.10). We are interested in synthesizing a robust
MPC for (2.10), by repeatedly solving the following optimal control problem:

t+N—1
I[}l%f)l Z 14 (fk|t>uk|t (f/c\t)) + Q(Tes-npe) (3.1a)
S k=t
S.t., jk+1|t = A.Tkhg + Bumt(fkhg), (31b
Ty = Axgy + Bugp(Tr) + Wiy, (3.1c
with A=A+ Ay, B =B+ Ag, (3.1d

meldt < h7, H“uku(xk‘t) <h",

TNt € XN,

Vwgy € W, VA, € Py, VAp € P, (3.1g
VEe{t,t+1,....,(t+ N —-1)},
Tyt = Ty = Ty,
with Uy(+) = {uge, wegrpe(-)s - - - s wpn—1p(-) }, and applying the optimal MPC policy
upC(2e) = gy, (3.2)

to system (2.10) in closed-loop, where xy; is the predicted state at timestep & for any
possible uncertainty realization, obtained by applying the set of predicted input policies
{uge, wegre (), - - s up—1 () } to system (2.10), and {Zps, ugp(Zre)} denote the nominal state
and corresponding input respectively. The constraints (3.1e)-(3.1f) are satisfied for all un-
certainty realizations in (3.1g), where H* € R**" h* € R* H"* € R°*™ and h" € R°
parametrize compact sets. Finally, the stage cost {(x,u) = ' Pz + u' Ru, and the ter-
minal cost Q(z) = 2" Pyx.

3.2.1 Control Policy Parametrization

Recall the quantity @, and its bounding from (2.57). For all predicted steps k € {t,t +
1,...,t+ N —1} over the MPC horizon, the control policy is chosen as per (P2) in Chapter 2,
ie.,
k—1
Ukt (Trp) = Z M g4y + Uy, (3.3)
1=t
where My, are the feedback gains at timestep ¢ and @, = ug¢(Zx¢) are the nominal inputs.

Then the sequence of predicted inputs can be written as u; = MEN)Wt + ﬁEN), where MEN) €

RN and @™ € R™N are shown in (2.28), and
u = [thv u;—l|t(')7 e >UtT+N—1\t(')]T7
T

R s e - T
Wt—[wt|t Wiy "'wt+N—1|t] ;
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with ||W|| < Wpax for all £ > 0, where Wy, is obtained from (2.57).

Approach Insight

We design a simple and computationally efficient shrinking tube MPC leveraging worst-
case bounds of this net-additive uncertainty only along the prediction horizon, and an exact
system uncertainty representation for the construction of the terminal set. Notice that robust
MPC strategies such as [55, 52] using the net-additive uncertainty bounds both along the
prediction horizon and for the computation of the terminal set, can be extremely conservative
as pointed out in [83, 81]. Therefore, numerous alternative strategies such as polytopic,
homothetic and elastic tube MPC [15, 16, 76] have been introduced to lower this conservatism
by circumventing the net-additive uncertainty bounds, as we discussed in Chapter 2. This
however increases the online computation times of these algorithms [75, 20], as we pointed
out in Section 2.9.2. In Section 3.4, we show with numerical simulations that our approach
balances this trade-off between conservatism and computational complexity. In the example
under study, we obtain about 15x online computation speedup over the polytopic tube MPC

method of [15], while stabilizing about 98% of its region of attraction. Additionally, our
region of attraction is about 28% larger than that of the state-of-the-art polytopic tube
MPC in [19], with about a 50% increase in online computation speeds.

3.2.2 Terminal Set Construction

We present the construction of the terminal set Xy in this section to address challenge (C3)
mentioned in Chapter 2. Consider a linear state feedback policy for constructing Xy

kn(z) = K, (3.4)
where K € R™*" is the feedback gain. Recall the sets P4 and Pg from (2.13). We define

PAA = {Am : Am = A—FAA, VAA € PA},
PBA = {Bm . Bm = B —I—AB, VAB c PB}

Under policy (3.4), the closed-loop system dynamics matrix considered for constructing the
terminal set satisfies

AY= A+ BK € Pa, ® KPg,.
Assumption 3.1 A% = (A,, + B, K) is stable for all A,, € Pa, and B, € Pp, .

Using Assumption 3.1, the terminal set Xy can then be computed as the maximal robust
positive invariant set for

Ter1 = (A + B Kz + wy,
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for all A,, € Pa,, B € Pp,, and for all w, € W. That is for all x € Xy we have that

Hz < h* H*'Kz <h" and (A, + Bp,K)x +w € X,
VA, € Pa,, VB, € Pp,, YVw € W. (3.5)

Fixed point iteration algorithms to numerically compute (3.5) can be found in [6, 75]. Note
that these sets of algorithms typically have no convergence guarantees [35].

3.2.3 MPC Problem with Adaptive Horizon

We now present the MPC reformulation of (3.1) which guarantees recursive feasibility and
Input to State Stability. Note, the terminal set Xy is robustly invariant to all uncertainty
of the form: VA, € Pa, VA € Pg, YVw € W, Vi > 0, when the state feedback policy
kn(x) = Kz is used in closed-loop with system (2.10). However, along the prediction
horizon we synthesize bound (2.57) using more conservative tightenings from Holder’s and
triangle inequalities, and the induced norm consistency property. Thus the uncertainty
bounds along the horizon over-approximate the effect of the true uncertainty used to compute
the terminal set. This implies that the classical shifting argument [0, Chapter 12] for recursive
MPC feasibility cannot be used in this case. To resolve this issue, we solve a set of N
convex optimization problems at any t for control synthesis, with the prediction horizon
N, € {1,2,...,N}. If one of these N problems is feasible at timestep 0, we guarantee
feasibility of at least one of them for all ¢ > 0.

We first use policy (3.3) to reformulate the robust state constraints in (3.1) along and at
the end of the prediction horizon. Let the terminal set Xy in (3.5) be defined by Xy = {z :
H{x < hi}, with HY € R™", h% € R". For a horizon length of N;, we denote matrices F* =
diag(Iy, 1 ® H®, HY) € REWe=D4mxnNe ang fo = [(h)T (h*)T, ..., (h%)T]T € ReWeml+r,
Also denote the set W = {% € R™ : ||W;|| < Wmax}. Then we consider the following two
cases as':

Case 1: N, =1:

max Hiy(A+ Az + (B + Ap)al! + w,) < W%, (3.6a)
AUXG'PA

ApEPp
Case 2: N; > 2:

max F* (Axt +cal™ 4+ (ecM™ 4 G)th> < f7, (3.6b)
wieEW

where matrices A, C and G are defined in the Appendix.

Remark 3.1 In (3.6a) we exactly propagate the system uncertainty for robustification. This
ensures the feasibility of (3.6a) inside Xy, which is a robust positive invariant set computed

'Note that the dimensions of F*, f* A, C, G and w; vary depending on N;. We omit showing this
dependence explicitly for brevity.
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from (3.5) also using the exact uncertainty representation. As such uncertainty propagation
is computationally intense over multi step predictions, in (3.6b) we over-approrimate system
uncertainty using bounds (2.57).

Now, denote the matrices H* = Iy, ® H* € ROV>*mN and h* = [(h*)T, (h*)",..., (h")T]T €
RN, Once the state constraints are formulated, the input constraints in (3.1) along the
prediction horizon can be written as:

max H (MENt)vvt v ﬁt(N“) <h, (3.7)
wiEW

for Ny € {1,2,..., N}. Using (3.6)-(3.7), we solve at any t:
VN, (0, Ny) o=
- VT T G (X
W {(xt ) (@) ] Q [ﬁ§Nt>]
st, =M = Az, +cal™, (3.8)
(3.6a), (3.7) if Ny =1, else (3.6b), (3.7),
Vk={t,t+1,...,t+ N, — 1},
Tejt = Tty
for Ny € {1,2,..., N}, where Q™) = diag(Iy, ® P, Py, Iy, ® R). We reformulate (3.8) as a
convex program with standard duality arguments. After solving (3.8) for N, € {1,2,..., N},

we set

N = i yMPC N). 3.9
[=arg min st (T, N) (3.9)

Afterwards, we pick the solution associated with N}, and apply the corresponding optimal
input

upy () = uy(@e) = wy, (3.10)

to system (2.10), with th,ffN; (x4, N}) = J*(x;). We then resolve (3.8) at (t+ 1) for Ny €
{1,2,...,N}.

3.3 Feasibility and Stability

In this section we prove the feasibility and stability properties of the proposed robust MPC.

3.3.1 Feasibility

Theorem 3.1 Consider the closed-loop system (2.10) and (3.10). Let problem (3.8) be
feasible at timestep t = 0 for some horizon length Ny € {1,2,...,N}. Then problem (3.8)
is feasible at all timesteps t > 1 for some horizon length Ny € {1,2,..., N}, possibly time-
varying.
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Proof Assume that at timestep t problem (3.8) is feasible, and let N} be the optimal horizon.
We then consider the following two cases:
Case 1: (N} = 1) Consider the robust state constraints (3.6a):

max Hy((A+ Aa)z + (B + Ap)al! + w,) < b (3.11)
AAE’;)U/?,ABEPB
We find by, where the maz is attained by using duality. Let us denote the corresponding
optimal input policy by

ugy (ve) = Uy (3.12)

Now, let policy (3.12) be applied to (2.10) in closed-loop, so that the system reaches the
terminal set Xy. Consider solving (3.11) at this step with a horizon length of Nyy1 = 1. As
(3.6b) uses the same representation of the uncertainty as done in Section 3.2.2, a candidate
policy at timestep (t + 1) is

Upi1je01(Tee1) = Koy, (3.13)

which is a feasible solution to (3.8) under constraint (3.11).
Case 2: (N; > 2) Let us denote the sequence of optimal input policies from timestep t

as {ufj, upy g, (), ,u;rNt*_llt(-)}. Consider a candidate policy sequence at the next time
instant:

Ut+1<’> = {u:+1|t(')7 S ?u:JrNt*th(')}' (3-14)
Now using standard MPC shifting arqguments [52, 15, 55], sequence (3.14) is a feasible policy

sequence at timestep (t + 1) for problem (3.8), with horizon length Nyyw = N} — 1.

3.3.2 Stability

To prove the stability of the origin in closed-loop, we first introduce the following set of
assumptions and definitions.

Assumption 3.2 Denote the set of state and input constraints in (3.1e) as X and U, re-
spectively. We assume that the convex, compact sets X, U and W contain the origin in their
mterior.

Recall the notion of N-Step Robust Controllable Set to any set S from Definition 2.8. An
algorithm to compute an inner approximation of such a set is presented in [36, 32], which
we call the approximate N-Step Robust Controllable Set.

Definition 3.1 (ROA of the Robust MPC) The ROA for the proposed robust MPC, de-
noted by R, is defined as the union of the Ny-Step Robust Controllable Sets to the terminal
set Xn under the policy (3.10), for N, € {1,2,...,N}.
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An inner approximation to the ROA, which we call the approximate ROA, can be obtained
using the approximate Ni-Step Robust Controllable Sets for IV, € {1,2,..., N}.

Assumption 3.3 The matrices P and R in {(x,u) = " Px +u' Ru are positive definite,
i.e., P >0 and R > 0.

Assumption 3.4 The matriz Py which defines the terminal cost in (3.8) is chosen as a
matriz Py = 0 satisfying

(= Py + (P+ KTRK) + A]PyAq)w <0 (3.15)

for all x € Xy, where Ay = A+ BK.
Definition 3.2 (ISS Lyapunov Function [87]) Consider the closed-loop system given by
Tip1 = Axy + Buj, (1) +wy, Yt > 0. (3.16)

Then the origin is called Input to State Stable (1SS), with a ROA R C R", if there exists class-
Koo functions aq(-), as(+), as(-), a class-KC function o(-) and a function V(-) : R" — Rxg
continuous at the origin, such that,

ar([lz]]) < V(z)
V() = V()

O'/Q(HIH)) Vo € R7

<
< —ag([le]) + o[l e ),

7777

ISS Lyapunov function for (3.16).

Theorem 3.2 Let Assumptions 3.1-3.4 hold and let xg € R. Then, the optimal cost of
(3.8) with (3.9), i.e., J*(x) is an ISS Lyapunov function for the closed-loop system (3.16).
This guarantees Input to State Stability of the origin of (3.16).

Proof From Assumption 3.3 we know that, oq(||z¢|]2) < €(x,0) < J*(xy) for some ay(-) €
Ke and for all x € R. Moreover, since (3.8) can be reformulated into a parametric QP
for each horizon length Ny, constraint set (3.1e) is compact, and J*(0) = 0, from [55,
Theorem 23], we know J*(x¢) < as(||xe]|2) for some as(-) € Ks and for all z, € R. We
complete the proof by considering the same two cases :

Case 1: (N} = 1) Consider the case of N} = 1. The optimal nominal cost at timestep t is
written as

() = (73, wy,) + (f:+l|t)TPNj:+1\t
U4 @) + (T as KTfqyy) + (A4 BK)7, ) Pe((A+ BK)y,,,)  (3.17a)
= g(jat? ﬂ;‘,k|t) + q(j;rl\t)v (317b)

Vv
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where in (3.17a) we have used Assumption 3.4, and at timestep (t + 1) the feasible input
Ui = KT7,,, as discussed in (3.13). As (3.13) is a feasible policy at timestep (t + 1)
with horizon length Ny = 1, the optimal cost of the MPC' problem for any horizon length

Nf, ={1,2,...,N} can be bounded from above as:

S (1) S U Toprjerrs U)o (Tegageen)) + Q@) = ¢(Tegaer), (3.18)

with Tyy1pt1 = £:+1\t + Wy, with w, = A%z, + AtBrﬂat + wy. Combining (3.17b)—(3.18) we
obtain:

S (@) = I (@) < (@ + @) = 0T w) — ¢(T74p) < —as((l2ill2) + Lyl 2.

1
where q(-) is Ly-Lipschitz as it is a sum of quadratics in X . (319
Case 2: (N} > 2) Now consider
t+NF—1
J*(z) = Z &Ry W) + QT np ) = €T w) + a(Tiy), (3.20)
k=t

where {a’:t*‘t, f:—&-l\w e ,:E;LNN} 1s the optimal predicted nominal trajectory under the optimal
nominal input sequence {Uf,, Uy, - - - ,ﬂ%NFllt}, where g, = uy, (Ty,) for all k € {t,t+

L...,t + (Ny —1)}. The quantity Q(ffﬂ\t) provides the total nominal cost from timestep
(t+1) to (t + N}) under the following optimal control policy

{Ut*+1\t(')7 e 7u:+Nt*—1|t(')}' (3.21)

We know that (3.14) is a feasible policy sequence for (3.8) at timestep (t + 1) with horizon
length Niyy = (N —1). After Ty = x4 is obtained with closed-loop system evolution
(3.16), with this feasible policy sequence (3.21), the optimal nominal cost of (3.8) at timestep
(t+1) for any N}, € {1,2,...,N} can be bounded as:

t+ N7 —1

J*(41) < Z U Tppegr, Wyp(Trger1)) + Q@ jir1) = ¢(Tejern), (3.22)
k=t+1

where we have used the feasible nominal trajectory obtained with the policy (3.21), given as

k-1
Tppar = A7 (Axy + Bugjy(z) + ) + Z AP BU (Tpjag),
i=t+1

fork={t+2,t+3,...,t+ N}}. Moreover, we know that

Te1je+1 = Tryqp + Wi, (3.23)
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with W, = Az, + ARGy, +w,. Combining (3.20)~(3.23):

S (@p41) — T () = Q(f:+1|t + W) — g(jata ﬂat) - Q<‘T:+1\t)
< —UTjp Ugy) + Lallwell < —€(77,, 0) + L] (3.24)
< —as([|ell2) + Lollwill 2.

Combining (3.19) and (3.24), the origin of (3.16) is ISS according to Definition 3.2.

3.4 Numerical Simulations

We choose N =5 and compute approximate solutions to the problem (2.54). The feedback
gain K satisfying Assumption 3.1 is chosen as K = —[0.4866,0.4374]. The source code is
available at https://github.com /monimoyb/RMPC_SimpleTube.

3.4.1 Comparison with [15]

The tube cross section (Z) is chosen as the minimal robust positive invariant set for system
(2.10) under a feedback u = —[0.7701,0.7936]z, and the terminal set (Xy) is chosen as X
n (3.5). See [15] for details on these quantities. We then choose a set of Ny = 100 initial
states xg, created by a 10 x 10 uniformly spaced grid of the set of state constraints. From
each of these initial state samples we check the feasibility of the tube MPC problem in [15,
Section 5]. The code to solve the tube MPC is used from [35]. The convex hull of the
feasible initial states (largest out of horizons N < 5) inner approximates the ROA of the
tube MPC. This is compared to the approximate ROA of our proposed robust MPC. The
comparison is shown in Fig. 3.1. The approximate ROA from our approach is about 1.05x
larger in volume, but containing 98% of that of the tube MPC?. However, for any N < 5,
the tube MPC needs higher computation times than for all N, € {1,2,..., N} combined in
our approach. This is shown in Table 3.1.

Table 3.1: Comparison of avg. online computation times [sec].

Horizon | Proposed Robust MPC | Tube MPC in [15]
Ny=1 0.0026 0.0062
Ny =2 0.0023 0.0753
Ny =3 0.0038 0.1612
Ny =4 0.0056 0.2556
Ny =5 0.0078 0.3384

2Note, the tube MPC in [15, Section 5] has no recursive feasibility guarantees.
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Inside M: Proposed Robust MPC Inside ®: Tube MPC in [15]

Figure 3.1: Comparison of the approximate ROA of the proposed robust MPC with N =5
and the approximate ROA of the tube MPC in [15, Section 5].

3.4.2 Comparison with [19)]

Recall (2.54) and Remark 2.7. We show the comparison of the approximate ROA of our
proposed robust MPC and the ellipsoidal ROA of [19] in Fig. 3.2. The ROA of our proposed
approach is is about 28% larger than the corresponding ROA of [19]. The computation
times are compared in Table 3.2. Due to Remark 2.7, the associated online times of [19]
are independent of the horizon, as it only solves an LMI for obtaining the ellipsoidal ROA.
The offline time of our proposed algorithm is the time taken to compute the terminal set.
On the other hand, the large offline computation time in [19] is due to a logarithmic search
required for optimizing a parameter (denoted by « in [19]). We can conclude from Fig. 3.2
and Table 3.2 that our proposed algorithm in this chapter obtains a better computation
complexity vs conservatism trade-off over the tube MPC in [19], considering both online and
offline computation times.

3.4.3 Roll-Out Alternative and Comparison with [84]

A computationally cheaper alternative can be obtained as follows: Once an optimization
problem in (3.8) at timestep ¢ = 0 is feasible for some horizon length Ny = Ny € {1,2,..., N},

the corresponding optimal policy sequence: {u6|07 uﬁo(-), o ,uj\—,o_l‘o(-)} can be used to ob-



CHAPTER 3. A SIMPLE ROBUST MPC FOR LINEAR PARAMETER VARYING

SYSTEMS

Inside M : Proposed Robust MPC Inside B : Tube MPC of |

8,

A7
]

Figure 3.2: Comparison of the approx. ROA of the proposed MPC with N = 5 and the
ROA of [19].

Table 3.2: Comparison of average computation times [sec].

. Proposed Robust MPC | Tube MPC in [19]
Horizon g : < -

online offline online offline
N, =1 0.0026 7.12 0.03 53.08
Ny =2 0.0023 7.12 0.03 53.08
N, =3 0.0038 7.12 0.03 53.08
N, =4 0.0056 7.12 0.03 53.08
N, =5 0.0078 7.12 0.03 53.08

tain a safe open-loop policy for all timesteps as:

upo(@e), it < (Ng — 1),

3.25
KIt, ( )

I (2e) = {

otherwise.

Policy (3.25) maintains the robust satisfaction of (3.1e) for all timesteps, without re-solving
(3.8). From each of the previous 100 initial state samples, we now check the feasibility of the
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constrained LQR synthesis problem in [¢4, Section 2.3]. We pick the FIR length (same as
control horizon length) as L = 15, with 7 = 0.99 and 7., = 0.2. See [84, Problem 2.8] for de-
tails on these parameters. The comparison of the approximate Ny-Step Robust Controllable
Sets and the approximate region of attraction of the algorithm of [81, Section 2.3] is shown
in Fig. 3.3. The volumes of the approximate Ny-Step Robust Controllable Sets are bigger
than the approximate ROA of the controller in [$4, Section 2.3] for all Ny < 5, showing that
the roll-out policy (3.25) yields up to approximately 12x lower conservatism.

Approx. Np-Step Robust Controllable Set B Approx. ROA of Controller in [34]

-5 0 5 -5 0 5
(a) No = 2,3,4 (comparable sets) (b) No =5

Figure 3.3: A safe open-loop policy (3.25) is guaranteed to exist at all times with initial
states in the yellow regions.

3.5 Chapter Summary

We proposed a computationally efficient approach to design a robust MPC for constrained
uncertain linear parameter varying systems. The uncertainty considered included both mis-
match in the system dynamics matrices, and an additive disturbance. The designed MPC is
recursively feasible and the origin of the closed-loop system is Input to State stable. With
detailed numerical simulations and comparisons with [15, 19, 27], we demonstrated that the
proposed approach can be a simple and viable alternative to balance the trade-off between
computational complexity and conservatism in robust MPC design.
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As shown in the appendix of [55], matrices A, C and G for a horizon N are:

=

-1

£h® AF,

(]

G =l +

b

=1
A = diag(A, A%, ... AN,
C=G-(Iy®B),

with £ being the lower shift matrix, where the operation A ® B denotes the Kronecker
product of two matrices A and B.
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Chapter 4

Robust MPC with
Optimization-Based Constraint
Tightening

This chapter is based on the published work [39]. Instead of using the worst-case constraint
tightening tubes around any predicted nominal trajectory as done in Chapter 3, in this
chapter we propose an optimization-based constraint tightening strategy which is a function
of decision variables in the control synthesis problem. This lowers the conservatism in the
proposed control design approach, while keeping it computationally viable for online control
synthesis.

4.1 Summary of Contributions

The key contributions of this chapter are summarized as:

e We propose a novel constraint tightening strategy which is decoupled into two phases.
In the first phase, we bound the effect of model uncertainty on any predicted nominal
(i.e., uncertainty free) trajectory. These bounds are computed offline. This phase is
motivated by [27, 26]. In the second phase, the MPC is designed utilizing the above
bounds, so that the constraint tightenings are functions of decision variables in the
control synthesis problem. This second phase is motivated by tube MPC works such

a‘S[ Y Y ’ Y ]

e We solve a tractable convex optimization problem online using a shrinking horizon
approach for the MPC. With an appropriately constructed terminal set and a terminal
cost, we prove robust satisfaction of the imposed constraints by the closed-loop system,
and Input to State stability of the origin.
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4.2 Robust MPC Design

We consider the linear systems of the form (2.10). The major drawback of the robust MPC
approach presented in the previous chapter is the bound (2.57). As pointed out in [30],
this bound can be rather conservative. To alleviate this issue, in this chapter we present the
design of an alternative robust MPC where the constraint tightenings are chosen as functions
of decision variables, instead of using the worst case bounds in (2.57).

4.2.1 Predicted State Evolution

We first denote the sequences of vectors:

u = [U;n UtT+1|t(‘)a e »UI+N—1|t(')]T7

T

- o - (4.1)
Xt = [ngn xtT+1\t7 e ,5U7:T+N—1|t] .

In this section, we use the following two observations: First, keeping the nominal state
trajectory X; as a decision variable in the MPC problem (3.1) maintains certain structure that
can be exploited to bound the effect of model uncertainty on a predicted nominal trajectory,
similar to [20, 27]. And second, the predicted nominal trajectory and its associated inputs
along the horizon are computed by reformulating (3.1) and solving a robust optimization
problem, similar to tube MPC approaches such as [15, 58, 76, 18, 19]. We thus attempt to
merge the benefits of both these ideas in this work.

Recall the nominal system dynamics from (3.1b) given as Z;,, = Az, + By, with 4, =
us(7;). Denote the vectors x;, w; € R™ and Au; € R™ as:

-
Xt = [mtT+1|t $tT+2\t xtT+N|t} )
T
Wt:[thlt th+1\t "'th+N—1|t] ; (4.2)
T
Aut:[Au;‘rt Au;”t(-) Au;N_l't(-)} ,

where Augj(-) = uppe(-) — gy for k € {t,t+1,...,t+ N —1}. Using (4.1) and (4.2), we can
write the state evolution along the prediction horizon as:

Xt — Al‘)—(t + Auut + AAuAut —+ Ath, (43)

where x; denotes the prediction of possible evolutions of the realized states!, and in (4.3)
the predicted nominal states along the horizon, i.e., X; from (4.1) appears directly and
not expressed in terms of {zy, wye, er1)e(-), - .. wgn—1)(-)}, as in [55]. The prediction dy-
namics matrices A%, A% A®" and A" in (4.3) depend on B, Ay, Ap and (A + Ay), (A +
A2 (A4 AN We define Ay = A+ Ay for some possible Ay € P4. Then
Aa € P4y, with the set Ps, defined as:

Pay ={An A= A+ Ay, Ay € Pa}. (4.4)

!Note, (4.2) implies (4.3) is a compact state update equation.



CHAPTER 4. ROBUST MPC WITH OPTIMIZATION-BASED CONSTRAINT
TIGHTENING 52

Using (4.4) we rewrite the matrices in (4.3) as follows:
AT = A+ (A +A5)Au
A" =B+ (Ar+As) Ay,
Ade (Al B AJ)B, and
AY =1, + A A4,

where I,, = (Iy ® I,,) € RPN A = (Iy @ A) e RN B = (Iy ® B) € RN A, =
(In ® Ay) € RWV*PN and Ap = (Iy ® Ap) € R™W*™N_ The matrices A, As, A, and Ax
are defined in 4.7.1 in the Appendix. Matrices As and A A depend on parametric uncertainty
matrices Ay and Ag. In the next sections, we substitute the matrices from (4.5) in (4.3) in
order to design a control policy that robustly satisfies (3.1e)-(3.1f) along the horizon.

4.2.2 The Novel Optimization-Based Constraint Tightening

The terminal set X in (3.1f) is defined by Xy = {x : Hyx < h% }, with Hf € R™V*" h, €
R™. We denote the matrices F* = diag(Iy_; ® H® H%) € ROW-DHN)xnN = and f2 =
(h®, h®, ... h%) € RTV=D+v for any given N. Using (4.3), the robust state constraints in
(3.1) for predicted states along the prediction horizon and at the end of the horizon can then
be written as:

Fx, <f* VA, € Pa, VA € Pp, Yuw, € W. (4.6)

We guarantee satisfaction of (4.6) using the following: Suppose for any a,b, we need to
guarantee a < b. We first obtain an upper bound ¢, such that a < ¢, and then we impose
¢ < b. This is a sufficient condition for a < b. Accordingly, using (4.3) and (4.5) constraint
(4.6) for all timesteps ¢ > 0 can be replaced row-wise as:

F/((A+A 1A%+ (B+AAp)u; + - -
+ (A1 — L) BAu, + wy) + b [|% || + th]Juy|| + t5]| Awg|| + ti, | wel| < £7,
VA, € Py, VAR € P, Yw, € W, (4.7)

fori e {1,2,...,7r(N — 1) + rn}, where recall that r and ry are the number of rows of H*
and HY, respectively. In Appendix 4.7.2 we detail the derivation of (4.7) from (4.6) and the
computation of the bounds {t!,, t{, t5,t5} for rows i € {1,2,...,r(N —1) +ry}. In (4.7) we
have bounded the effect of model mismatch, i.e., the matrices As, Aa, A4, Ap on predicted
nominal states. These bounds, denoted as {t , t%,t5 ti} forrows: € {1,2,...,7(N—1)+ry},
are computed offline, and are derived in detail in (4.27)-(4.31) in the Appendix, where we
also show that (4.7) is sufficient for (4.6).

In constraint (4.7), note that the decision variables are the predicted nominal trajectory
x;, and the sequence of input policies u;. These decision variables multiply effects of the
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bounds t¢, t}, and t%. In conclusion, the tightening of the original constraint (3.1e) proposed
in (4.7) depends on the optimization variables, X;, u;, and Au,. This is a key contribution
of our work. Alternatively in [27, 20], the constraint tightening is obtained bounding the
closed-loop system response, which involves the norm of the product between the decision
variables and the uncertainty. Therefore the method in [27, 26] needs to resort to a grid
search over parameters to obtain sufficient conditions for satisfying (3.1e) robustly. Tube
MPC methods such as [15, 76, 18, 19] could lead to tightenings equivalent to (4.7) under
appropriately chosen parametrization of tube cross sections. However, the computation times
of these approaches can increase noticeably with horizon length, primarily due to an increase
in the number of constraints in the MPC problem. See Section 2.9.2, Section 2.10.1 and [75,
Chapter 5] for additional details.

4.2.3 Tractable MPC Problem with Safe Backup

In this section we present the MPC reformulation of (3.1) which guarantees robust constraint
satisfaction at all timesteps t > 0, and Input to State Stability of the origin.

Uncertainty Representation Mismatch

We start with the following observation: The terminal set Xy from (3.5) is robustly invariant
to all uncertainty of the form: VA, € Py, VA € Pg, Vw € W, Vi > 0, when the state
feedback policy ky(z) = Kz is used in (2.10). However, along the prediction horizon we use
bounds {t! ,t%, t5, t4}, which are obtained by more conservative tightenings from Holder’s
and triangle inequalities, and induced norm consistency and submultiplicativity properties
(see (4.27)-(4.31) in the Appendix). Thus the uncertainty bounds along the horizon over-
approximate the effect of the true uncertainty used to compute the terminal set. This implies
that the classical shifting argument [0, Chapter 12] for recursive MPC feasibility cannot be
used in this case.

The Use of Shrinking Horizons

As a consequence, to ensure robust satisfaction of constraints (3.1e) by system (2.10) at all
timesteps and Input to State Stability of the origin, we will use the following strategy: (7) at
any given timestep, we solve the MPC reformulation of problem (3.1) in a shrinking horizon
fashion, i.e., we choose the MPC horizon length at timestep ¢, denoted by NV;, as:

N —t, ift € {0,1,...N — 2},
t:{ ifted } (4.8)

1, otherwise.

If the shrinking horizon MPC problem is infeasible, we use the time-shifted optimal policy
from a previous timestep as a safe backup policy to guarantee robust satisfaction of (3.1e),
and (77) we design the terminal cost matrix Py so that the MPC open-loop cost is a Lyapunov
function inside X. This design choice, together with the shrinking horizon strategy, which



CHAPTER 4. ROBUST MPC WITH OPTIMIZATION-BASED CONSTRAINT
TIGHTENING o4

guarantees finite time convergence to X, allows us to show Input to State Stability of the
origin.

Input Policy, Terminal Set, MPC Problem

We use the input policy parametrization from (2.27). Then the sequence of predicted inputs
can be written as u; = M™w,+a{" at timestep ¢, where M"Y € R™N*nN and gV € RmN
are shown in (2.28). The terminal set Xy is constructed following Section 3.2.2. We introduce
the following set of required notations. Denote the set W = {w € R" : H"w < h"} with
HY € R*”" and h* € R®. For a horizon length of N; from (4.8), this gives W = {w € R™V* :
HYw < h*}, with HY = Iy, @ HY € RNt and h* = (h*, kv, ..., h*) € R*. Also
denote the matrices H* = Iy, @ H* € ROV>*mNt and h* = (h%, h*, ..., h*) € R°Nt. Moreover,
we denote vectors tht) = [tj,t5,... ,t;(]\lt_l)J’TN]T for the indices j € {w, 1,2,3}. We use the
notation >‘<§Nﬁ) for each horizon length Ny, to explicitly indicate the varying dimension of the
vector X; previously introduced in (4.2).

In (4.7) the input policy was not specified. We now use policy parametrization (3.3) in

(4.7) and consider the following two cases?:
(

max F* < Ax™ + BMw, + 0i™) + (Ay — 1,)BM{™w, + Wt) < Mg, (4.9a)
(

max HE((A+ AR + (B + Ap)al! + w,) < b, (4.9b)

for Ny € {1,2,..., N}. The tightened set of constraints f{i,, are given by

= z Ni) (N N N, Ni)j) = (N g
2 = E =t =Nt V| Wi — £50 18] — 6 W, (4.10)

with |[|[w|| < Wpayx for all £ > 0, where

N N N N N N
tc(Slt) = tc(iA) + tg t)> t((52t) = tht) +té )7 (4.11)
) = 40 4 4 )
using the bounds
FIA A 4|, = t{00 4.12
Jnax [[FfAL Al =5, (4.12a)
FPA  Apl. = ti” 4.12b
nax [FTAL AL =t (1.12b)

2The dimensions of F*, f*, A, B, A}, I, and w; vary depending on N;. We omit showing this explicitly
for brevity.
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fori e {1,2,...,7(Ny — 1) + ry}. See 4.7.5 in the Appendix for a derivation of (4.9)-(4.10)
from (4.7) using the bounds (4.11). Having formulated the state constraints, the input
constraints in (3.1e) along the horizon can be written as:

max H" (MENt)Wt + ﬁ,ENt)> < h", (4.13)
wiEW
for Ny € {1,2,...,N}. Using (4.9)-(4.13), at any timestep ¢ we then solve
V;fl\ilj—gNt ('Tta t(Nt)7 Nt) =
: (NeNT A(Ne),, (Nt)
Mﬁ?ﬁfgwt) (z ") Q"
st GUIZN = (Vg (4.14)
(4.9b), (4.13) if N, = 1,
(4.9a), (4.13) if N, > 1,
Tyt = Tt,
where we have denoted
-
N, _(W, _ _(N
A" = [T w @]

t(Nt) = {tEUNt)7 tht)7 tht)a ti(%Nt)}a
QW™ = diag(Iy, ® P, Py, Iy, ® R),

Ini 0 0 0 O 07 0 0
—A Ini 0 0 0 -B 07 0

Géfl\“): 0o —-A I, 0 O 0 -B 0
0 0 0 A I, 0 0 —B
1

(Ne) — n

beq |:0nNz><n:|‘

Note, we consider t(!) = 0. We solve problem (4.14) utilizing duality of convex programs.
This is detailed in 4.7.6 in the Appendix. The constraint tightenings in (4.14) used in the
robust state constraints are functions of the decision variables. This is our key contribution.

We assume that (4.14) is feasible at timestep ¢ = 0 with Ny = N. For ¢t > 1, we apply
the following policy

uy,, if (4.14) is feasible,
uym(wt):{ fo 1 (4:14) (4.15)

. :
uyy,, (z¢), otherwise

to system (2.10), where t; € {0,1,..., N —1} is the latest timestep where (4.14) was feasible
previously. Thus, the time-shifted optimal policy from a previous timestep is utilized as a
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safe backup, in case (4.14) loses feasibility. As we cannot measure w; due to the presence
of matrix uncertainties in (2.10), see [55, Section 5] for how to obtain the backup policy in
state feedback form required for implementation. We then resolve (4.14) at the next timestep
(t + 1) for horizon lengths N1 obtained from (4.8). The control algorithm is summarized
in Algorithm 1.

Algorithm 1 Robust MPC with Optimization-Based Constraint Tightening
Inputs: z, N,W, Xy, t™) VN, € {2,3,..., N}
Initialize: t =0
while ¢t > 0 do
Set horizon length N; from (4.8);
Solve MPC problem (4.14);
Apply closed-loop input (4.15) to (2.10);
Set t =t +1;
end while

Remark 4.1 Recall (2.12)—(2.13). One may also efficiently enumerate all possible vertex
sequences of Aa and Ap for robustifying the term FfAlAAigNt) + FfAlABﬁ,ENt) in (4.7)
(with policy (3.3)). This partially replaces the bounds (4.12) to lower conservatism. As we
use the backup policy in (4.15) without requiring recursive feasibility of (4.14), the number
of such sequences is limited to the number of vertices characterizing the uncertain matrices
(i.e., each vertex repeated N, times along the horizon), and is not combinatorial. See [50),
Figure 3] for further insights into why combinatorial enumerations are required otherwise.

4.3 Robust Constraint Satisfaction and Stability

We first prove the robust satisfaction of constraints (3.1e) for the closed-loop system (2.10)
and (4.15). Afterwards, we show the stability properties of the proposed robust MPC in
Algorithm 1.

4.3.1 Feasibility of Robust Constraints

Theorem 4.1 Let optimization problem (4.14) with tightened constraints (4.10) be feasible
at timestep t = 0 for N; = N, where the bounds {tq(UNt),tht),tht),tht)} are obtained by
solving (4.27)-(4.31). Then, the closed-loop system (2.10) and (4.15) robustly satisfies state

and input constraints (3.1e), for all t > 0.

Proof By assumption, at timestep t = 0 problem (4.14) with tightened constraints (4.10) is
feasible, with a horizon length Ny = N. We then prove robust satisfaction of (3.1e) at all
timesteps t > 0 with controller (4.15) in closed-loop, by considering the following two cases:
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Case 1: 2 < N, < N, ie., 0 <t < N —2) As (4.14) is feasible at timestep t = 0 for
N; = N chosen as per (4.8), let the corresponding optimal policy sequence be

{U6|07 Uﬁo(')a e 7U?V71|0(')}' (4.16)

For timesteps t € {1,2,..., N — 2} recall that we define the MPC policy in (4.15) as:

MPO( ) — {a;lt, if (4.14) is feasible, (4.17)

u
t . .
up,, (1), otherwise,

where ts € {0,1,..., N — 1} is the latest timestep when (4.14) was feasible. Policy (4.17)
satisfies (3.1e) robustly for all t € {1,2,...,N — 2}, as it is a solution to the constrained
robust optimal control problem (4.14). Moreover, from (4.16), we have that ty = 0 is a
guaranteed certificate, in case (4.14) continues to be infeasible for allt € {1,2,..., N — 2}.
Case 2: (N, =1, i.e., t > N — 1) Consider the timestep t = N — 1, where from (4.8) the
MPC horizon length Ny = 1. In this case we consider the constraints (4.9b):

max H((A+ ANEY + (B + Ap)al! +wy) < b, (4.18)
AHZEPA
ABEPR

From (4.17) we know that at timestep t = N — 1, there exists a t; such that control action
u:‘tf(:vt) robustly steers the state x; to Xn in one timestep. Now, att = N — 1, we solve
(4.18) exactly (i.e., find h}, where the max is attained) by using duality arguments in 4.7.6
in the Appendiz, without any uncertainty over-approximation. Therefore, the optimization
problem (4.14) with constraint (4.18) is guaranteed to be feasible att = N —1, withuy_y, (-)
as a feasibility certificate. Let us denote the corresponding optimal policy fromt = N —1 as:

w'" () = . (4.19)
Let policy (4.19) be applied to (2.10) in closed-loop, so that the system reaches the terminal
set Xy at timestep t + 1. Consider solving (4.18) at this step with a horizon length of
Nyyw = 1. As, constraint (4.18) uses the same representation of the system uncertainty
in satisfying (3.1e)-(3.1f) robustly as done in (3.5), we can infer that a candidate policy at
timestep (t + 1) is

Upi1je01(Tee1) = Koy, (4.20)

which is a feasible solution to the robust optimization problem (4.14) under constraint (4.18).
Thus, (4.14) is guaranteed to remain feasible at (t + 1) with Nyyy = 1. This completes the
proof. W
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Theorem 4.2 Let Assumptions 3.1-3.4 in Chapter 3 hold and let the optimization problem
(4.14) be feasible at timestep t = 0 with Ny = N. Then, z, € Xy for allt > N and the origin
of the closed-loop system:

Tir1 = A%t + Buat(xt) + Wy, Vi Z 0. (421)
obtained with (2.10)-(4.15) is ISS.

Proof First, we have from Case-2 in the proof of Theorem 4.1 that at timestep t = N — 1,
the problem (4.14) is feasible with horizon Ny = 1 and therefore x; € Xy for allt > N.
Now, consider the case of t > N, i.e., Ny = 1. Since (4.14) for Ny = 1 can be reformulated
into a parametric QP, V;I‘f,lffl(xt,(), 1) is continuous and piecewise quadratic in Xy with
VMPC (0,0,1) = 0 [90]. Hence, under Assumptions 3.3-3.4, using the standard proof of [57,
Theorem 23], we conclude that the origin of closed-loop system (4.21) is ISS according to

Definition 3.2 in Chapter 3, and VMYC, (x4,0,1) is 1SS Lyapunov function for allt > N. R

4.4 The ROA and Its Inner Approximation

We define the Region of Attraction (ROA) for Algorithm 1, denoted by R, as the N-Step
Robust Controllable Set to the terminal set Xy under the policy (4.15) for ¢ = 0. This
ensures that from Theorem 4.1 and Theorem 4.2 we have Yw, € W:

r € X, Vt >0, and

rg €E R =
r €EXNC X, VE> N,

where 7,1 = Ax; + BuMP®(z;) + w; for all ¢ > 0. Thus, all the initial states in the ROA
are steered to the terminal set Xy in maximum of N-steps while robustly satisfying (3.1e),
where the origin of (4.21) is ISS. The ROA can be computed by solving problem (4.14)
as a parametric optimization problem, with parameter z; [6]. However, this computation
may be prohibitive. We therefore use the fact that the ROA is convex and obtain its inner
approximation using a set of vectors. Along each vector, we find an initial state for which
(4.14) is feasible and which minimizes the inner product with the vector. The ROA is then
approximated as the convex hull of these states. This is elaborated below.
Given a vector v € R", we define the following optimization problem at timestep ¢ = 0:

P(N,v) =
Mn(%vi)n-(m v
o, ;é)v?uo
st., (v5) Tz =0, (4.22)

.
_(N _ _(N

G [T wh, @] =6,

Zojo = Zo,

(4.9), (4.13), (with Ny = N),
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with fif,,, chosen as per (4.10), where v+ € R" is a vector perpendicular to v € R™. Therefore,
given a user-defined set of vectors V = {v™ v . . ™)} problem (4.22) can be solved
repeatedly and the convex hull of the optimal initial states zfj is an inner approximation to
the ROA. It is clear from Algorithm 2 that the ROA approximation can improve, as the

Algorithm 2 Computation of the Approximate ROA

Inputs: Vectors V = {v® v® .. o)} and N

Initialize: R,, = @

for v € V do
Solve P(N,v®) from (4.22). Let xf be the optimal initial state from P(N,v).
Set Rap = conv{R., U {z}}}.

end for

Output: Approximate ROA: R,, C R.

number of vectors in V increases.

4.5 Numerical Simulations

We present our numerical simulations in this section. Algorithm 1 is implemented with
N = 3 and N; chosen as per (4.8) for all ¢ > 0. We compare the performance of our
Algorithm 1 with the polytopic tube MPCs of [15, Section 5] and [19, Section 3-4]. For
our comparisons, we compute MPC solutions to (2.54) and utilize Remark 4.1. Gain K
for constructing the terminal set X is chosen as K = —[0.452,0.418]. The source code is
available at https://github.com /monimoyb/RMPC _MixedUncertainty.

4.5.1 Comparison with [15]

For this comparison, we choose a horizon of 5 for the tube MPC method in [15, Section 5].
The tube cross section parameter (Z) is chosen as the minimal robust positive invariant
set for system (2.10) under a feedback u = —[1.2604,0.7036]z, and the terminal set (X;) is
chosen as our terminal set Xy constructed with (3.5) and the aforementioned gain K.

ROA Comparison

Recall the notion of the ROA of Algorithm 1 from Section 4.4 and also its inner approximation
obtained from Algorithm 2. We now choose a set of Ny,;; = 100 initial states xg, created
by a 10 x 10 uniformly spaced grid of the set of state constraints in (2.54). From each of
these initial state samples we check the feasibility of the tube MPC control problem in [15,
Section 5]. The convex hull of the feasible initial state samples, which inner approximates
its ROA, is then compared to the approximate ROA of Algorithm 1. This comparison is
shown in Fig. 4.1. The approximate ROA of Algorithm 1 is about 1.04x in volume of that
of the tube MPC in [15, Section 5.


https://github.com/monimoyb/RMPC_MixedUncertainty
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Inside M: Algorithm 1 Inside B: Tube MPC of [17]

Figure 4.1: Comparison of the approximate ROA of Algorithm 1 with N = 3 and the
approximate ROA of the tube MPC in [15, Section 5].

Computation Time Comparison

The advantage of our proposed approach becomes clearer upon comparing the online com-
putation times. We see from Table 4.1 that for all relevant horizon lengths N; € {1,2,3},

Table 4.1: Average computation times [sec]. Values are obtained with a MacBook Pro
16inch, 2019, 2.3 GHz 8-Core Intel Core 19, 16 GB memory, using the Gurobi solver [91].

. Algorithm 1 | Tube MPC in [15]
Horizon - Z :
online | offline online
N, =1 0.0019 0 0.0054
N, =2 0.0058 | 0.0279 0.1042
N, =3 0.0111 | 0.0687 0.2057

solving (4.14) is cheaper than computing the tube MPC online, even after adding the offline
computation times required for bounds (4.27)-(4.31). The increase in computation times for
such a polytopic tube MPC can be explained by an increase in the number of constraints
imposed in the MPC problem with horizon N, as explained previously in Section 2.9.2.
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Remark 4.2 In the considered example, computing the set Z for the tube MPC in [15]
required about 49 seconds offline. However, we have chosen not to include this in the com-
parison in Table 4.1, as any alternative simpler choice of Z is also valid. The choice of Z
affects the size of the corresponding ROA [20].

4.5.2 Comparison with [19)]

Following the comparison of Chapter 3, we now compare our proposed approach with the
polytopic tube MPC in [19] in this section.

ROA Comparison

Recall Remark 2.7. As a consequence, we compare the ellipsoidal ROA from in [19, Section 3]
as used in Fig. 2.5 with the approximate ROA of Algorithm 1. This comparison is shown in
Fig. 4.2. The approximate ROA of Algorithm 1 is about 30% larger in volume of that of the

Inside M: Algorithm 1 Inside B: Tube MPC of [19]

Figure 4.2: Comparison of the approximate ROA of Algorithm 1 with N = 3, and the
ellipsoidal ROA of [19, Section 3].

polytopic tube MPC in [19, Section 3].
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Computation Time Comparison

In this section we compare the computation times of our approach with those from [19,
Section 3]. Table 4.2 shows the average computation times of Algorithm 1, both online and

Table 4.2: Comparison of average computation times [sec].

. Algorithm 1 | Tube MPC in [19]
Horizon - Z - :
online | offline | online offline
N, =1 0.0019 0 0.03 53.08
N, =2 0.0058 | 0.0279 0.03 53.08
N, =3 0.0111 | 0.0687 0.03 53.08

offline, for all relevant horizon lengths N; € {1,2,3}. Recall that due to Remark 2.7, the
associated online times of [19] are independent of the horizon length N, as it only solves an
LMI for obtaining the ellipsoidal ROA. We see from Table 4.2 that our proposed method
in this chapter obtains lower online and offline computational times over the MPC of [19,
Section 3|. Recall that the large offline computation time in [19, Section 3| is due to a
logarithmic search required for optimizing a parameter (denoted by « in [19]). The offline
computation times of our bounds (4.27)-(4.31) increase as we increase N > 5, however we
limit to N = 3, since increasing the horizon length does not guarantee an enlargement of
the ROA in our approach?.

4.5.3 Comparison with the Robust MPC of Chapter 3

We point out that the approx. ROA of Algorithm 1 is about 4% larger in volume compared
to the approx. ROA of the robust MPC proposed in Chapter 3. This comparison is shown
in Fig. 4.3. Fig. 4.3 validates that for this considered example, the optimization-based con-
straint tightenings used in (4.14) lowers conservatism over using a net-additive uncertainty
based worst-case bound (2.57).

However, for long horizons such as N > 5, computing bounds (4.27)-(4.31) can become
computationally cumbersome. On the other hand, the alternative bounds (4.33)-(4.37) de-
rived using binomial expansions can be rather conservative. In such a scenario, an approach
such as the one proposed in Chapter 3 may be a more preferred option to utilize, which
can yield an improved computation complexity vs conservatism trade-off over Algorithm 1.
Furthermore, increasing the horizon N can enlarge the ROA of the robust MPC in Chap-
ter 3, unlike Algorithm 1. Thus the choice of robust MPC algorithm depends on the specific
problem at hand, and the computational resources available for control design, etc.

3This is because R 2 Xy may not hold under the MPC policy (4.15), unlike typical MPC approaches.
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Inside B: Algorithm 1 Inside B: Robust MPC from Chapter 3

-6 //
-8 = 1 ‘ \ ‘ ‘ |
-8 -6 -4 -2 0 2 4 6 8

Figure 4.3: Comparison of the approximate ROA of Algorithm 1 and the robust MPC of
Chapter 3 with N = 3.

4.6 Chapter Summary

We proposed another novel approach to design a robust MPC for constrained uncertain
linear parameter varying systems. The uncertainty considered included both mismatch in
the system dynamics matrices, and an additive disturbance. With set based bounds for
each component of the model uncertainty being known at the time of control design, we
proposed an optimization-based constraint tightening strategy utilizing these bounds. The
proposed MPC achieved robust satisfaction of the imposed state and input constraints for all
realizations of the model uncertainty. We further proved Input to State Stability of the origin.
With numerical simulations, we demonstrated that our controller obtained at least 3x and
up to 20x speedup in online control computations and an approximately 4% larger ROA by
volume, compared to the tube MPC in [15]. We obtained up to 3x speedup in online control
computations and an approximately 30% larger ROA by volume compared to the state-of-
the-art polytopic tube MPC of [19]. Due to the proposed optimization-based constraint
tightening approach in this chapter, we also obtained a 4% decrease in conservatism over
the robust MPC proposed in Chapter 3.
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4.7 Appendix

4.7.1 Matrix Definitions

The prediction dynamics matrices A%, A% A2* and A% in (4.3) for a horizon length* of N
are given by

Aa 0 0 ... 0]
ArA 4 Aa 0O ... 0
AT = AZAA AAAA AA .. 0 e RMVX”N,
_AX__lAA A§_2AA e AA_
[ Ba 0 0 ... 0]
AprAp Ba 0o ... 0
A" = AQAAB ApAp Ba 0 e Rn]VXm]\_I7
ANSIAL AN=2AL Ba
0 0o 0 0]
ApB 0O 0 ... 0
AAU = AQAB AAB 0 . 0 c RanmN,
[AX'B AY’B ... AaB 0]
[ 1, 0 0 0]
Ap I, 0 0
Av — | AA Aa I, 0| ¢ griVxni
AXTh AR I,

where Ay = (A+ Ay) € Pa, and Ba = (B + Ap) € Pp,. We write matrices A; and
Ay € RPVXN ag:

L} 0 0 ... 0
A I, 0 0
Al - A2 A ]n 0 y A(; - (Aw - Al)a

AV AN

4Equation (4.3) was introduced with a fixed horizon length of N, i.e., N < N. However, dimensions of
these matrices vary as horizon length is varied later in Section 4.2.3.
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which gives A® = A + (A1 n A5>AA,A“ - B+ (Al n A(;) Ap, and A® — (Al -
I, + A5>1_3. The matrix A, is written as A, = [Agl) A1(,2) Afjﬁ_l)], where matrices
{Az(,l), Ag), .. ,Aq()N_l)} are given as

[0 0 0 ... 0] 0o 0
0 0 O 0
L, 0 0 ... 0 I 0 o0 0
1 2 n
Ai)z(')f.n(‘):"(‘),Ai)Z()]no 0l
00 e D 0] 0 0 I, ... 0]
and analogously for Agg), Aq(f‘), e ,Aq()N -1,
This gives A¥ =1, + A,Ax, with I, = (Iy ® I,,), and
Iy ® Aa
Iy ® A3 o _
Ax=| VT8 | erNaN, (4.23)
Iy ® Agil
4.7.2 Deriving (4.7) from (4.6)
Using (4.5) in (4.3), constraints (4.6) can be written as:
Fx (A)_(t + AlAAit —|— (AéAA)it + But ‘l— AlABut‘l—
e —|— (A5AB>ut + (Al — In —|— A(;)BAut + W —l— AUAAWt> S fx, (424)

VA, € Py, VAR € Py, Yw, € W.
We obtain an upper bound for the left hand side of inequality (4.24) row-wise as follows:

Ff(A)_(t —l— But —|— (A]_ — In)BAut + Wt) —l— F;CA]_AA)_(,: + FfAlABut + FfA(;AA}_(t—i—
A FPA;Apu; + FPABA, + FPA, Aaw;,

< F¥(A%, +Bu, + (A; —1,)BAu;, + w;) + FPA A%, + FEA Apu; + ||[FPAGA 4| ||1%e ]|+
s+ [[FTAGA Bl + [|FFASBL | Aug || + [[F7 A Al well], (4.25)

for rows i € {1,2,...,7(N — 1) + rn}, where we have used the Holder’s inequality. Using
bounds (4.27)-(4.31) in (4.25) then yields (4.7). Note that in (4.7) N < N.
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4.7.3 Bounding Nominal Trajectory Perturbations
For any horizon length® of N € {2,3,..., N}, we first bound:

Iy ® (Aa — fg)
_ Iy ® (AQA — AQ)

max ||[F7A;ll., where using (4.4) we have A; = A, ,
AAG'PAA

: (4.26)
Iy ® (Agfl — AN_I)

Note that for all Ay € Pa, = AR € P4, forn e {1,2,...,N —1}, where P} is the set
of all matrices that can be written as a convex Combination_of matrices_obtained with Ehe
product of all possible combinations of n matrices out of {(A + AS)), (A+ Af)), o (A4

A%“))}. Hence

Iy ® (A — A)
_ In @ (Ay — A?) ,
max |[|[F7Asll. < max |F/A, _ |« = tg, (4.27)
ANEP AL A1EPA, :
2 o
AQE_PAA Iy ® (Ag_y — AN
where we have relaxed all the equality constraints among the matrices {Ay, Ag, ..., Axy_1}.
Using the above bound (4.27), we get
FIA;A L. <t Ay, =t 4.2
A [IFTAsAA] <t max [[Aall, =, (4.28)
AAEPA

where we have used the consistency property of induced norms, for any p = 1, 2, co. Similarly,
bounding terms

max [FiA;Ap|. <t max | Ag]l, =t (4.29)
Ap€ePp
and
e [FEAGB]. < 6B, = ¢ (4.30)
and finally
Iy ® A

Iy ®A A
YT L=t (4.31)

FIA,AA|. < FIA
amax (IFiAAall. < max - [[F7A,

28 '
Ao EP _ _
Aa Iy @ Ax_,

_SN-1
AN,le’PAA

®Note, also the bounds in Section 4.2.2 were introduced with a fixed horizon length of N, i.e., N + N.
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fori € {1,2,...,7r(N —1)+ry}. Problems (4.27)-(4.31) are maximizing convex functions of
the decision variables over convex and compact domains. Therefore, these maximum bounds
are attained at the extreme points, i.e., vertices of the convex sets {PAA,PiA, . ,PAVA_l},
P4 and Pg. Consequently, the optimal values of (4.27)-(4.31) can be obtained by evaluating
the values of each of the terms in (4.27)-(4.31) at all possible combinations of such extreme
points. Since such a vertex enumeration strategy scales poorly with the horizon length N, a
computationally cheaper alternative to bounds (4.27)-(4.31) is presented next.

4.7.4 Computationally Efficient Alternatives of Bounds
(4.27)-(4.31)

Recall the optimization problem from (4.27), given by

Am%x |FYAsll«, with As from (4.26). (4.32)
€

Using the triangle and Hoélder’s inequalities, and the submultiplicativity and consistency
properties of induced norms, (4.32) can be upper bounded for any cut-off horizon N < N as
follows:

F’A < tl 1:Z =t 4.
A [FPAs] <t + 0 (4.33)
with
Iy ® (A — 1_4_1)
~: — - I‘ (%9 Ag - AZ)
= max ErAlson | VEE B
A1€PA, :
Iy ® (AN—1 - AN*l)
AN71€PAA_

where A2 denotes Al gt Aq(]m)], with the associated matrices defined in

Appendix 4.7.1, Ff[n; : ny] denotes the n; to ny columns of the row vector Ff, for i €
{1,2,...,7(N = 1)+ ryn}, and

N N ] N jfk j—k o
£ = Jna ( > et - vl (S )IIAIié‘k‘ZIIAAilb))
A€P4 [
j=N+1 k=1 [=1
Using the above derived bound (4.33) we obtain:
Ain%x IF7As AL, < t) 0 max A4, = t, (4.34)

AAEPA
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where we have used the consistency property of induced norms, for any p = 1, 2, co. Similarly,
we bound

A IF; AsAp|l. <ty max [|Apll, =t;, (4.35)
Ap€ePp
and,
FYAsB|. < t||BJ|, = t: 4,
e [F7ABI. < to|[Bll, = £, (4.36)
and finally using A from (4.23)
max |[FPA AL, <+t =t (4.37)
AAEPA,

foralli € {1,2,...,7(N — 1) +ry}, where

Iy ® Ay
- e Iy ® A
£,= max [FPANS-D | VT
AlePAA :
Iy ®Ax_,

- L N-1
ANflePAA

and

£ = max (Zum I- (2w & Ay |rp+z( ity © D1 © Aa)l ))

where we have used the property of two matrices X and Y yielding:

d
d _
6+ < 1+ 3 (I
k=1

Vde {N,N+1,...,N —1}.

This cut-off horizon N can be chosen based on the available computational resources at the
expense of more conservatism over (4.27)-(4.31).

4.7.5 Obtaining (4.9) from (4.7)

Here we derive (4.9) from (4.7). Using bounds (4.11) and (4.27)-(4.31) and policy parametriza-
tion (3.3), constraints (4.7) can be satisfied by imposing:

méi‘)](v (Ff(A)‘(gNt) + B(MgNt)Wt + ﬁgNt)> + (Al B In)BM,ENt)Wt 4 Wt) + t(Nt ” (Ny) H .
W

+ (6"t M w g™ H+t§Nt)’iHM§Nt)WtH+t5UNt)’inax>Sff, (4.38)
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where using (4. 11) we have used the Holder’s and the triangle inequality to bound F¥ A A 4% _( e)
and FfAlAB(Mt Yw, + a ) for all rows i € {1,2,...,7(N; — 1) + ry}. Use the mduced
norm consistency property and the triangle 1nequahty in (4.38) as:
(657" + £ ) v ™ Wi 0|+ 65 IV W
< (£ + W b IV Wi+ (857 + 5 gL (439)
Ni) (Ne) (N, Ni)
<ty IV W+ €557 [0

for any p = 1,2, 0o, where we have used the definitions (4.11). Using (4.39) in (4.38) for all
rows i € {1,2,...,7(N; — 1) +rn}, we define

X Nt Nf +
£2 e = F7 =t = =5 MY |, Wi — 557 [T )] — 60 Wy,

which yields (4.9) with tightened constraints (4.10).

4.7.6 Reformulation of (4.14) via Duality of Convex Programs

We again consider the following two cases for satisfying the robust state constraints (4.9).

Case 1: (N; > 2, 1.e., t < N —2) Constraints (4.9a) can be satisfied using duality of convex
programs by solving:

F(Ax™ + Ba™) + AV < £
ADVe) >0,
Nmmw:@wgmwuw&—ummwtugy

where £7, is obtained from (4.10), and dual variables AN € R("(NemFra)xale,

Case 2: (N; =1, i.e,t> N —1) Consider the case of N; = 1. As pointed out in (4.9b), the
robust state constraint for this case can be simplified and written as

Ig@H(d+Amg +(B+Ap)ay” +w,) < b,

AUEGPA

Ap€ePp
which we must solve ezactly (i.e., find h% where the max is attained) for the uncertainty
representation w; € W, Ay € Py and Ag € Pp, in order for guarantees of Theorem 4.1
to hold. Using duality of convex programs [07] one can write the robust state constraints
(4.9b) equivalently as:

Hy(A+ AP + (B + AF) ) + AV < b,

leo,HﬁzAUH%
Vie{1,2,... . n.}, Vke{1,2,...,m}, (4.40)
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where dual variables A € R™vxa,
Input Constraints: Considering the robust input constraints (4.13) for any N, € {1,2,..., N},
one can similarly show that this is equivalent to:

(V(Nf))Th“’ < h*— HuﬁENt),

(HM™)T = (H) 9N, 500 >0,

by introducing decision variables of vV} € ReNexoNt i (4.14) for each horizon length N, €
{1,2,...,N}.
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Chapter 5

Learning Non-Parametric Model
Uncertainty in Robust MPC

This chapter is based on the published work [30]. We focus on the learning of model uncer-
tainty in robust MPC in this chapter. The first case considered is the case of an additive
non-parametric uncertainty, i.e., model (M3) in Chapter 2. The additive uncertainty is
assumed globally Lipschitz, with a known Lipschitz constant.

5.1 Summary of Contributions

We utilize a non-parametric recursive system identification strategy [24], which identifies
the graph of the uncertainty from data using its Lipschitz property. The identification is
successively refined with recorded data. Our main contributions are:

e We provide set based bounds containing all possible realizations of the system uncer-
tainty, using its Lipschitz property. This in contrast to the probabilistic nature of
bounds in [7, 8, 9], due to the use of GP regression. Our uncertainty set bounds are
modified successively with set intersections upon gathering new data.

e Utilizing the above bounds on system uncertainty, we synthesize a robust adaptive
MPC controller by solving convex optimization problems, satisfying imposed state and
input constraints. We prove its recursive feasibility, extending feasibility guarantees of
(22, 92, 31] in presence of state dependent uncertainty. We further demonstrate the
validity and efficacy of the proposed approach through a detailed numerical simulation.

5.2 Problem Formulation

The system model is given by model (M3) introduced in Chapter 2, i.e.,
Tir1 = A.Tt + But + d(l‘t), (51)
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where d(x;) constitutes the system uncertainty, which is Lg-Lipschitz in its convex and closed
domain dom(d) with a known L;. The system dynamics are subject to polytopic state and
input constraints of the form:

X ={z eR" |Hyx < h,}, (5.2a)
U={uecR" |Hu<h,)}, (5.2b)

where we assume X C dom(d).

5.2.1 Robust MPC Problem

We wish to design a robust MPC controller by finding solutions to the following optimization
problem at each timestep t:

t+N—-1
min Z (f;—‘thkﬁ + ug‘t(i‘kﬁ)Rth(fk“)) + i';r+N|tPNi't+N|t
Ut |g U1t (oot N 112 () e
S.t., ~Tk+1|t = Axk‘t + Buk|t(xk‘t) + Cg(.Tk‘t),
T = ATk + Bugp(Trp) + d(Tepe),
erk+1|t < hxa (53)

Huuk\t(fﬂku) < N,

Vd($k|t) € D(l’k|t),
Vk={t,t+1,...t+ N —1},
TN € X,

Tejt = Tejt = Tt

where wy); is the predicted state after applying the predicted policy {uwyy, ..., up—1je(Tr—1}¢) }
for k={t+1,...,t+ N} to system (5.1), Xy is the terminal set, Py > 0 is the terminal
cost and matrices @), R > 0 are weight matrices.

5.2.2 Control Policy Parametrization

We restrict ourselves to the affine disturbance feedback parametrization, as per (P2) in
Chapter 2. For all k € {t,--- ,t+ N — 1} over the MPC horizon (of length N), the control

policy is given as:
k—1

Ukl (Tpe) = Z My ged(yye) + Vg (5.4)
1=t
where My, are the planned feedback gains at timestep ¢ and vy, are the auxiliary inputs.
Let us define d(z;) = [d(wy), -, d(zrn-11)]" € R™. Then the sequence of predicted
inputs from (5.4) can be compactly written as u; = M;d(x;) + v; at any timestep ¢, where
M; € R™™*"N and v; € R™Y are shown in (2.28).



CHAPTER 5. LEARNING NON-PARAMETRIC MODEL UNCERTAINTY IN
ROBUST MPC 73

5.3 Uncertainty Learning and Adaptation

At every time instant ¢, we assume that we have access to measurements d(z;) for all i =
{0,1,...,¢t — 1}, that is, the realizations of the uncertainty function.

5.3.1 Successive Graph Approximation

Definition 5.1 (Graph) The graph of a function f:R™ — R™ is defined as the set
G(f) ={(z, f(z)) € R" x R"| V& € dom(f)}.

We use quadratic constraints (QCs) as our main tool to approximate the graph of a function.
A definition appropriate for our purposes is presented below.

Definition 5.2 (QC Satisfaction) A set A C R*" is said to satisfy the quadratic con-
straint specified by symmetric matriz Q. if

-
QT <0, VreA
1 1
The following proposition uses a QC to characterise a coarse approximation of the graph of
an Lg,—Lipschitz function.

Proposition 5.1 The graph G(d) of the Ly— Lipschitz function d(-) inferred at any timestep
t, using the measurement (x;, d(x;)) for any 0 < i < t, satisfies the QC specified by the matrix

QdL(l‘z) - Onxn I, _d(xz) y
Li(xi)" —d'(xg) —Lj(x:) i+ d" (2i)d(xy)

where I, is the identity matriz of size n and d(x;) = x;41 — Az; — Bui(z;).

Proof Since d(-) is Lq—Lipschitz, we have by definition for (z;,d(z;)) € G(d) at any
timestep t, and (z;,d(x;)) measured at any i <t

I(d(we) = d(z)|* < LGl (e — 20)]%,

N
— {d(:ct)] Q4 (x) {d(xt)] <0, Y(xgd(zy)) € G(d).
1 1

Definition 5.3 (Envelope) An envelope of a function f : R™ — R™ is defined as any set
E/ C R" x R™ with the property

G(f) C E/.
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Corollary 5.1 The set defined by

T

x x
E(xy) = {(x,d) e R*™: |d| Q%(x;) |d]| <0}
1 1

is an envelope containing the graph of Ls— Lipschitz function d(-) for all timesteps t > 0,
after collecting measurements (x;, d(z;)) for any i =0,1,...,t — 1.
Lemma 5.1 Given a sequence of measurements {x;}\_} obtained under dynamics (5.1), we
have

t—1

G(d) €[ E(x). (5.5)
=0

Proof See Appendiz.

5.3.2 Uncertainty Estimation at a Given State

We wish to obtain a set where the possible realizations of d(z;) can lie, which we denote by
D(z;), for any x; € X. Using the collected tuple (z;, d(z;)) from any time instant i < t, we
can obtain a set based estimate of the range of possible values of d(x;), called the sampled
range set as,

Tt T
Sz, zy) == E(x;) ={d: |d Q%(xz) d| <0},
e 1 1

for any i < t. As we successively collect (x;,d(x;)) for i = {0,1,...,t—1}, the set of possible
values of d(z;) is obtained and refined with intersection operations as

, (5.6)

t—1 t—1

Diw) = (S z) = (V@) _
=0 1=0

with the guarantee d(x;) € D(x;) at any given timestep ¢ > 0. We further note that the set

D(x;) is convex, as it is an intersection of convex sets [24].

Proposition 5.2 Consider a specific state T, at time instants t; and ty, with t; < ty. Denote
them by &y, and I, respectively. Then we have D(Zy,) C D(Ty,).

Proof Let x; be the measurements collected at any time instant i < t. From (5.6) we
see that for any given timestep t, the uncertainty domain D(Z;) is obtained from successive
intersection operations of sampled range sets at Z;, for all timesteps until t. Hence, D(&,) =

(ﬂflzo S(ZEZ, jh)) ﬂ?:tl S(ZEZ, j:tQ) = D(‘%tl) n?:tl S(.’L’Z, ith)f implying D(ih) - D(i‘tl)'
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5.4 The Robust Adaptive MPC Formulation

The main challenges addressed in this section are:

1. Generalizing (5.6) to obtain set based uncertainty bounds along the prediction horizon
of the MPC problem (5.3),

2. Posing a tractable optimization problem to solve (5.3) with feasibility guarantees.

5.4.1 Uncertainty Sets Along the MPC Horizon

Recall the definition of Robust Successor States from Definition 2.9. We slightly modify this
definition to define the Robust Successor States from any set A under any choice of policy
7(+) as follows:

Succ(A,W) :={zt e X: Iz e A, Fueld,FTweW,
s.t., 7 = Ax + Bu + w},
with state constraints X defined in (5.2a). Given any state z;, an s-procedure based approach
to obtain an ellipsoidal outer approximation to D(x;), denoted by E(x;), is presented in [24,

Section V-A]. We then successively obtain ellipsoidal outer approximations for uncertainty
sets D(Xyye), that is, E¥(Xy) 2 D(Xpgp), with

D)= |J Dlaw,

T |t €EXk|e
where
Xye 2 Suce(Xy_1je, B4 X 1p), Ve =t+1,t+2,...,t+ N, (5.7a)
Xyp = @, X = A (5.7b)
Let sets E4(Xy;) for any k= {t,t +1,...,t+ N} be
d" S, [d
By = (s (- Tdhda -t <0 = Y] Pa[l] <0 6
a —a P
with P¢, = { g LUkt }, and center p¢,, € R" and positive definite
R =) Tl (o) T (o) — 1 P P

shape matrix qg‘ . €SI are decision variables. We consider parametrizations of sets Xy, as

'
n T T T x pr |L
Yo = R ) e - < b= 1] B[l <0 69

qlf\tT T_qlf|tpi|t
Pr) e 0e) (o) — 1
Py, € R" and shape matrix ¢f), € S%, can be successively chosen satisfying (5.7a), with

where p,f‘t = [_( ] for any k = {t,t +1,...,t + N}. Center

pj; = x¢ and ¢f, = diag(oo, ...,00) € S"_, if sets E4(Xy,) are found.
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Proposition 5.3 Using s-procedure, Ed(Xk|t) 1s obtained if the following holds true for some
scalars {pF, 78, 7k ... tF} >0 at each k= {t,t +1,...,t + N}, for all timesteps t > 0:

_Pfqlf\t 0 pff];f\tpiu
0 i — Pl — tiT-’“Qd (2;) < 0 (5.10)
Pf(piu)TQIfu _(Pz\t)qu\t (pZ\t)qu\t(pzﬁ) —1 P PR = '
+oi = i (i) gt (9R)
Proof Consider any vector [x"d"1]T € R* ™ such that x € E4(Xy;) and [z7d"]" € G(d).
Given that (5.10) is feasible for each prediction instant k = {t+1,...,t+N} at any timestep
t, we multiply [x7d" 1] on both sides of (5.10)

T T, T d T B d x Tt—l X
—pr L} Bl {1]+H P,jt M_ ‘11 ;TideL<Ii> 611 <0,

for some {pF 7k ... 7F } > 0. Now using Corollary 5.1, (5.9) and (5.12), we can infer
T
a7 .. [d

We reformulate the feasibility problem (5.10) as a Semi-definite Program (SDP) in the Ap-
pendix. After finding E%(Xy) using (5.10), to efficiently compute (5.7a), we use polytopic
outer approximations P¥(Xy,) 2 E*(Xy) instead of E4(Xy;), given by

P Xip) == {d : Hijyd < by}, (5.11)
Vik={t,t+1,...,t+ N}.
The choice of this polytope is designer specific.

Remark 5.1 Consider the state xy, for prediction step k at timestep t in (5.3). From Propo-
sition 5.3 we know that d(zy) € D(Xyy) = d(zg) € PHXyp), but d(zye) € PH Xye) #
d(zy) € D(Xypy). As a consequence, PYXy,) € PHUXyu—1) is possible. Hence, for ensuring
recursive feasibility of solved MPC problem (detailed in Theorem 5.1), we impose constraints
in (5.3) robustly for all d(xy.) satisfying

() € PH(Xye) NP Xpje—1), (5.12)
Vke{t,...,t + N —1},

with the initialization

{qd_1|_17 qg\—la e 7Q§lv_2|_1} = {Oan7 s aonxn} E RnXNn'
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5.4.2 Terminal Conditions

Terminal set X is chosen as the maximal robust positive invariant set [93, 91] obtained with
a state feedback controller u = Kx, dynamics (5.1) and constraints (5.2), with properties

(A+ BK)x +d(z) € X, (5.13)
Vo € Xy, Vd(z) € PYX).

Fixed point iteration algorithms to numerically compute (5.13) can be found in [6, 75].

5.4.3 Tractable MPC Problem
The tractable MPC optimization problem at timestep ¢ is given by:

t+N-1
- T - T T _
[nin g (T QTwie + Vg Rkpe) + Ty v PN TNt
t,Vt
=t

st Tpge = Axgy + Bugp(Tre) + d(2gg),
Thprye = Ay + Bogy + diye,
k-1

urge(Tae) = Y Migud(2e) + vrg, (5.14)
1=t ’

Hx$k+1\t < h:m Huuk:|t(xk\t) < hu>
V(@) € PU(Xi) VP! (Kijem),
Vk={t,....,t + N —1},

xt+N|t c XN, Vd(l']\”t) € Pd(.)(),

- 7 d
Tyjp = Ty, Typ = Ty, diip € P (Xk;|t)7

where the parameters {pﬁu, qg‘t} for k = {t,t+1,...,t+ N}, that is, uncertainty containment
ellipses in (5.14), are computed before solving (5.14) at each timestep ¢, by finding solutions
of (5.10). Nominal uncertainty estimate JW is chosen as the Chebyshev center (i.e., center
of the largest volume ¢, ball in a set) of P4(X;). After solving (5.14) at timestep ¢, in
closed-loop we apply

u () = vy, (5.15)
to system (5.1) and then resolve (5.14) at ¢ + 1.

Remark 5.2 Terminal set Xy might be empty initially, due to conservatism resulting from
a large volume of the set P4(X). As more data is collected and the graph of d(-) is refined
as in (5.5)~(5.6), E4X), and so P4(X) is refined with new data by solving (5.10) (for only
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k =t+ N, if data collected until instant t) with an updated Q4 (-). This eventually results
in a nonempty Xy. Once (5.14) is feasible with this Xy, during the control process one may
further update and enlarge Xy to lower conservatism of (5.14).

Algorithm 3 Robust Adaptive MPC with Additive Lipschitz Uncertainty
Initialize: P4(X) =R"; j = 0;
begin exploration (offline)
1: while Xy is empty do
2:  Apply exploration inputs u; to (5.1). Collect (z;,d(x;)) at j + 1. Set j = j + 1;
3:  Solve (5.10) with k = j + N to get P4(X). Compute Xy from (5.13);
4: end while
end exploration set jn.x =t =0.

begin control process (online)
5. while during control for ¢ > 0 do
6:  Obtain P4(Xyy) for k= {t,t +1,...,t + N — 1} from feasibility of (5.10);
7. if larger Xy desired then Update P4(X) from (5.10) (with k =t + N). Update Xy;
8 end if
9:  Solve (5.14) and apply MPC (5.15) to (5.1);
10: end while

Theorem 5.1 Let optimization problem (5.14) be feasible at timestep t = 0. Assume the
state dependent uncertainty d(-) bounds along the horizon are obtained using (5.10), (5.7),
and (5.11). Then, (5.14) remains feasible at all timesteps t > 0, if the state x; is obtained
by applying the closed-loop MPC control law (5.15) to system (5.1).

Proof Let the optimization problem (5.14) be feasible at timestep t. Let us denote the
corresponding optimal input policies as [uj,(+),uy, (), uiy y_q, ()], Assume the MPC
controller uy, is applied to (5.1) in closed-loop and E*(Xys1) for k= {t+1,t+2,... ,t+ N+
1} are obtained according to (5.10), (5.11) and (5.7). Consider a candidate policy sequence
at the next time instant as:

Ht+1(') = [ut*+1\t(')> s vu:+N—1|t(')7 K$t+N\t+1]- (5-16)

From (5.12) and Proposition 5.2 we conclude the sequence [}, (+), w7 o (+), - - -, Uy n_1: ()]
is an (N — 1) step feasible policy sequence at t + 1 (excluding terminal condition), since at
previous timestep t, it robustly satisfied all stage constraints in (5.14). With this feasible
policy sequence, Ty N1 € Xn. From (5.13) we conclude that (5.16) ensures the satisfaction

of Tyyns141 € X
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5.5 Numerical Example

In this section we demonstrate both the aspects of exploration and robust control of our
robust adaptive MPC, highlighted in Algorithm 3. We wish to compute feasible solutions to
the following infinite horizon control problem

min Z T} QT + u/ (7y) Ruy (%)

ug,u1(+),...

>0
-1
st., @1 = Az + Bug(z;) +0.05 tan™!(z4(1))
74(2)
-1 L5 (5.17)
Tt
—1] < <|3],
4 B {ut(xt)} o 1
Vd<f1§'t> € D(I’t),
Tog=ITy=uwxg, t=0,1,...,
with initial state g = [—1,2]T, where
N2 15 Ly
A= {0 1.3}’ B=[0.1"

Algorithm 3 is implemented with a control horizon of N = 3, and the feedback gain
K in (5.13) is chosen to be the optimal LQR gain for system xzt = (A + BK)z with
@ = 10I; and R = 2. The source code is available in the repository https://github.com
/monimoyb/AMPC_StateDepUncertainty.

5.5.1 Exploration for Uncertainty Learning

We initialize P4(X) = R, resulting in an empty terminal set X in (5.14). In this section,
we present the ability of Algorithm 3 to explore the state-space with randomly generated
inputs u; ~ N(0,1), in order to eventually obtain a nonempty Xy for starting the control
process. Let the time indices during exploration phase be denoted by j. Fig. 5.1 shows the
sets B4(x) at four fixed query points

Lj = {[_17 2]T’ [17 1]T7 [_17 1]T> [_27 _1}T}7

as data is collected until time instant j. This can be obtained from the feasibility of (5.10)
(with k = j). As j increases, E%(z) for each x is contained in the successive intersections of
ellipsoids, from (5.6). The intersection shrinks for all points, as claimed in Proposition 5.2.
This is seen in Fig. 5.1, which indicates improved information of D(z) with added data, for
all z € X'. At ja = 30, a nonempty Xy is obtained in Fig. 5.2. This is when we start the
control process and set timestep ¢ = 0.


https://github.com/monimoyb/AMPC_StateDepUncertainty
https://github.com/monimoyb/AMPC_StateDepUncertainty
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Figure 5.1: Uncertainty bound D(x) estimation at query points with successive intersection
of ellipses obtained from measured data. Star (x) denotes the true value of d(x), lying in the
intersection.

5.5.2 Robust Constraint Satisfaction

If the MPC problem (5.14) is feasible for parameters defined in (5.17), it ensures robust
satisfaction of constraints in (5.17) for all timesteps ¢ > 0. This is highlighted with a
realized trajectory in Fig. 5.3. Furthermore, the terminal set is recomputed and improved at
a t > 0 with (5.13), having refined P4(X) estimation (rectangles with sides of length equal
to major and minor axes of F4(-)) from (5.10) (with k =t + N). The set grows, as seen in
Fig. 5.2, resulting in lesser conservatism of (5.14).

5.6 Chapter Summary

We proposed a robust adaptive MPC framework to achieve robust satisfaction of state and
input constraints for uncertain linear time-invariant systems. The system uncertainty is
additive, and assumed state dependent and globally Lipschitz. An envelope containing the
uncertainty range is constructed with Quadratic Constraints (QCs), and is refined with data
as the system explores the state-space. Upon collection of sufficient data, the system is able
to solve a robust MPC problem for all times from a given initial state. The algorithm further
reduces its conservatism by incorporating online model adaptation during control.
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Figure 5.2: Terminal set construction. The set grows as estimation of d(x) is improved from
measurements.
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Figure 5.3: State trajectory with robust constraint satisfaction.
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Appendix
Proof of Lemma 5.1
For any (z,d(x)) € G(d), we have from the Lipschitz inequality,
ld(z) = d(y)|| < Lallz —yll, Vye€ X,
and choosing y = x; for : = 0,1,...t — 1 in the above inequality, using Corollary 5.1 yields,

(x,d(x)) € E(x;), Vi=0,1,...t—1,

= (z,d(x)) € hf(a:z)

Since the above is true for any (z,d(z)) € G(d), we can conclude that

SDP for Solving (5.10)
For all kK = {t+ 1,...,t + N}, along MPC horizon, let us use the variable nomenclature

t—1 t—1 t—1
P(Xipe) = —Pfq;f\ﬁ;) T LiLa, q(Xe) = P?(Qiu)TPiu—;}Tfoz% r(Xge) = — ;)Tffm §(Xije) =
=1 =1
S 7Fd(x;), and t(Xyye) = pf <1— (pz‘t)qu‘tpi“) - Tik<—L3$;r$i+dT($i)d($i)> —1. Finding
i=0 i=0
the minimum trace ellipsoid satisfying (5.10) is posed as an SDP [15, Section 11.4] as:

min  trace((qf)) )

p(Xku) 0 Q(Xk\t) 0

ot 0 T(Xklt) S(thg) —]n < 0
g (X)) sT( X)) () )T |
0 —1 Pzn —(qgu)_l

pr > 0,75 >0, qfy, =0, Vi={0,1,...,t 1},

with £ = {qgu,pi't, o7l oo 7k} and 0 € R,
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Chapter 6

Learning Parametric Model
Uncertainty in Robust MPC

This chapter is based on the published work [31]. In this chapter, we propose a unified and
tractable adaptive MPC' framework for linear systems of the form (M2) in Chapter 2. We
specifically focus on systems (2.15)-(2.16). However, as a first simplified step, we consider a
linear time-invariant system with known system matrices (A, B) that is subject to bounded
additive uncertainty, which is composed of: (i) a disturbance, and (#) an unknown, but
bounded time-varying parametric offset. The presence of such an unknown offset is common
in various practical systems, e.g., the steering system of a vehicle [95]. We learn and refine
the feasible domain of this parameter using collected data. The results are then extended
for systems of the form (2.15)-(2.16) in Section 6.7.

6.1 Summary of Contributions

Given an initial estimate of the additive offset’s domain, we iteratively refine it using a Set
Membership Method based approach [22], as new data becomes available. In order to design
an MPC controller with the unknown offset, we make sure the constraints on states and
inputs are satisfied for all feasible offsets at a time instant. Here a “feasible offset” is an
offset belonging to the current estimation of the offset’s domain. As the feasible offset domain
is updated with data progressively, we obtain an on-line adaptation in the MPC algorithm.
Furthermore, the offset uncertainty present in the system is considered time-varying and its
maximum rate of change is assumed bounded and known [96, 97]. The main contributions
of this chapter can be summarized as follows:

e We propose a Set Membership Method based model adaptation algorithm to estimate
and update the time-varying offset uncertainty, using a so-called Feasible Parameter
Set. The model adaptation algorithm guarantees containment of the true offset uncer-
tainty in the Feasible Parameter Set at all times. This extends the works of [21, 22,

, 12] to time-varying model uncertainties in state-space.
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e We propose an adaptive MPC algorithm for systems perturbed by such an additive
time-varying offset uncertainty and a disturbance. The framework handles robust con-
straints on system states with hard input constraints, while using data to progressively
obtain offset uncertainty adaptation. With appropriately chosen terminal conditions,
we guarantee recursive feasibility and Input to State Stability (ISS) of the proposed
adaptive MPC algorithm, which is an addition to the work of [7, 98, 8, 9]. Compared
to [99, , 96], the computation of terminal invariant set is simpler, as we focus on
linear systems. Moreover, as opposed to [20, , 8], we utilize the model adaptation
information in real-time for modifying the imposed constraints in the MPC problem.

e We extend our results to linear parameter varying systems of the form (2.15)-(2.16).
Merging the parameter adaptation algorithm with the robust MPC from Chapter 3 we
demonstrate computational efficiency of the adaptive MPC and successive enlargement
of the ROA in a numerical example.

6.2 Problem Formulation

Before considering parametric uncertainty in models of the form (M2) shown in Chapter 2,
we consider a simplified case of an uncertain linear time-invariant system of the form:

Tiy1 = Axt + But + EQ? + wy, (61)

where x; € R" is the state at timestep ¢, u; € R is the input, and A and B are known
system matrices of appropriate dimensions. At each timestep t, the system is affected by
disturbance w; € W C R"™. For simplicity, W is assumed to be a hyperrectangle containing
ZEero as:

W={w:—-w<w<w} (6.2)

We also consider the presence of 07 € R?  a bounded, time-varying offset uncertainty, which
enters the system through the constant known matrix £ € R"*P,

Assumption 6.1 We assume the true offset 08¢ to be time-varying. The bounds on the rate
of change of this offset are known and given by 0f — 0} | = AO} € P, for all t > 0, where
the set

P={A*cR: KING* < 1I° K% ¢ R*P 1% ¢ R™}. (6.3)

Assumption 6.2 We also assume that the true offset 07 lies within a known and nonempty
polytope €2 at all times, which contains zero in its interior. That is,

02 € Q, Vt >0, where, Q = {0 : Hi0 < h}, (6.4)

for matrices Hf € R™*P and hf € R™.
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We assume that the offset 0f is not known ezactly. Therefore, we propose a parameter
estimation framework to refine our knowledge of 07 as more data is collected, thus introducing
adaptation.

6.3 Parametric Uncertainty Adaptation

The domain of feasible offset 6 is denoted by ©, at timestep ¢, and is called the Feasible
Parameter Set [22]. The goal is to ensure that constraints (6.8a) are satisfied for all 6; € ©;.
This guarantees constraint satisfaction in presence of the true unknown offset 67 € ©;. Our
initial estimate for ©g is {2 from Assumption 6.2, i.e., ©g = ). The Feasible Parameter Set is
then adapted at every timestep as new measurements are available, utilizing Assumption 6.1
and Assumption 6.2. Based on only the measurements at timestep ¢, we denote the potential
domain of the feasible offset at timestep ¢, S} as:

St= {6, R : ~&+v < —x; + Axyy + Buyy + B0, < @ + 7},
where bounds w are given by (6.2), and from (6.3), we apply:
v =min{Ev : Kv < 1%},
’ (6.5)

v

max{Ev : K’v <1°}.

Now, for any g < t, the feasible set of offsets for timestep t, based on information until
timestep ¢, is obtained as:

Si={0,eR: —w+(t—q+ 1) < —z,+Ary1 + Bug1 + E0; <w+ (t — g+ 1)v},

Using all the above information until timestep ¢, we obtain the Feasible Parameter Set at
timestep ¢, as:

o, =an( (] S
q=1,2,....t
The above Feasible Parameter Set at timestep ¢t can be written as:
O, = {6, e R? : H%0, < !}, (6.6)

where H? € R™*P and h! € R™, r; = 1+ 2t is the number of facets in the Feasible Parameter
Set polytope ©, at any given t. As new data is obtained at the next timestep (¢4 1), it can
be proven that [97]:

Mo = (KT, 7, BT € R,
h? 4+ ARY
h?Jrl = | —Z41 + Aa:t + But +w—v| € ]thJrl’ (67)

$t+1—AZI§'t—BU,t+’U_J+Ij

_ T
ALY = [OTTO,—_VT,I/T,...,—_VT,VT] e R™.
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Proposition 6.1 Assume that (6.2) and Assumption 6.1 hold. Then the Feasible Parameter
Set obtained using (6.6)—(6.7) is nonempty and contains the true offset at all times, i.e.,
O, # 0 and 67 € O, for all t > 0.

Proof See Appendiz.

6.4 The Robust Adaptive MPC

In this section we present formulation of the proposed robust adaptive MPC algorithm. We
study robust constraints on states and hard constraints on inputs. We define C' € R%*",
G e R D e R*™ b e R*. We can then write the constraints V¢ > 0 as:

Z = {(z,u) : Cx + Du < b}. (6.8a)

We assume the above state and input constraint sets are compact and they contain the
origin. This assumption is key for the stability proof in Section 6.5.

6.4.1 Robust MPC Problem

The MPC controller has to solve the following finite horizon robust optimal control problem
at each timestep:
t+N—1

IUH%I)l g(jk\tauldt(fk\t)) + Q(ft+1v|t)
S k=t

St Tppe = Axk|t + Buk‘t(xk“) + EQk‘t + Wk,
Tri1p = Ay + Bugp(Ty) + Eb;,
Cxp + Dugp(ar) < b, (6.9)
TN € X,
V9k|t c Gk\ta Vwk|t eWw,
VE={t,...,t+ N — 1},

Typ = Ty, Ty = Ty, 0p € €,

with Uy(-) = {wep wegap(+), - -, wen—1p(+)}, where x; is the measured state at timestep t,
xye is the prediction of state at timestep k, obtained by applying predicted input poli-
cies {wys, . . ., Up—11 (k1)) } to system (6.1), and {Zys, ug;(Trp)} denote the disturbance-free

nominal state and corresponding input respectively. We use a nominal point estimate of
offset, 6, € Q to propagate the nominal trajectory. The predicted Feasible Parameter Sets
Oy¢ are elaborated in the following section. Notice, the above minimizes the nominal cost,
comprising of positive definite stage cost £(-,-) and terminal cost Q(-) functions. The termi-
nal constraint Xy and terminal cost Q(-) are introduced to ensure feasibility and stability
properties of the MPC controller [5, (], as we highlight in Section 6.5.
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Remark 6.1 One may design point estimates 0, of the offset for performance improvement,
i.e., lower cost in (6.9). Following [97°], one option is to construct the nominal offset estimate
0, recursively with Least Mean Square filter as
0, = 01 + pE" (x; — Typ), (6.10a)
0; = Projq(6,), (6.10b)

where Proj(-) denotes the Euclidean projection operator, and scalar p € R can be chosen
such that i > [|E|*.

Proposition 6.2 If sup, ||| < 0o and sup,> |Ju.|| < oo, then 6, € Q and
> ([ Z el
=0

sup n =4 .
mEN AR 116 gaf2 4 3 [l 2
t=0

where Ty = Axy + Buy — Typape 18 the one step prediction error, ignoring the effect of w,
in closed-loop, and N denotes the set of natural numbers.

Proof See Appendiz.

With bound (6.11) on prediction error, finite gain {5 stability of the resulting MPC' algorithm
can be trivially proven by following [92, Theorem 14], [75, Theorem 3.2]. However, since
we only focus on the robust constraint satisfaction aspect of (6.9), we will use the nominal
offset estimate 0, = 0,1 for allt > 0 in the subsequent sections.

6.4.2 Predicted Feasible Parameter Sets

These Predicted Feasible Parameter Sets are constructed along an MPC horizon at timestep
t, when the measurement at next timestep (¢ + 1) is yet to be available.

Definition 6.1 (Predicted Feasible Parameter Sets) The Predicted Feasible Parameter Sets
at any timestep t, are the predicted feasible domains of the true offset 0% over a prediction
horizon of length N, based on the information until timestep t. These sets are denoted as

O = {0 € RP: HZHH < hi“} forallk € {t,t+1,...,t + N — 2}, where
HZJrl\t = HZu € R™, (6.12a)
B =hly+ (00, —vT, 0T, v, 5T] (6.12b)
with the terminal condition,

@t+N|t = Q, (613)

where € is defined in Assumption 6.2.
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In principle, the Predicted Feasible Parameter Sets in (6.12) are formed after measuring z;
at any timestep t, and expanding the obtained (from (6.6)) Feasible Parameter Set ©; over
the entire horizon of length N, incorporating parameter rate bounds (6.3).

Proposition 6.3 The Predicted Feasible Parameter Sets satisfy the property Oj1 € Oy,
forallke{t+1,t+2,....,t+ N}.

Proof See Appendiz.

6.4.3 Control Policy

We restrict ourselves to the affine disturbance feedback parametrization, as per (P2) in
Chapter 2. For all k € {t,...,t+ N — 1} over the MPC horizon (of length ), the control
policy is given as:

k—1
wige (h1e) = D Mygie(wsie + Ebj10) + vgi, (6.14)
j=t
where My, are the planned feedback gains at timestep ¢ and vy, are the auxiliary inputs.
— LT T T nN _ [T T T pN _
Let us define w; = [wt‘t, . ,wt+N_1|t] e R, 0, = [Gt‘t, . ’9t+N—1|t] € RPN and E =

diag(E,E,...,E) € R™W*PN_ Then the sequence of predicted inputs from (6.14) can be
stacked together and compactly written as u;, = M;(w; + Ef,) + v, at any timestep ¢, where
M, € R™™*"N and v, € R™Y are shown in (2.28).

6.4.4 Tractable Reformulation

Using Section 6.4.2 and Section 6.4.3, we solve the following tractable reformulation of robust
MPC problem (6.9):

Jg(t, l't) =
t+N—1
1{/111,13‘ kz_; €($k|t, Uk\t) + Q($t+N|t)

S't'7 Tp+1)t = Axk|t + BUk‘t + E6k|t + Wt

Ty = Ak + Bogy,
k—1

e = ) Migie(wsie + Bbjp) + v, (6.15)
j=t

Cape + Dug <),

Ti4N|t € X,

VO € O, Ywp € W,

Vk={t,....,t+ N —1},

Tejt = Tty Tejt = Ty



CHAPTER 6. LEARNING PARAMETRIC MODEL UNCERTAINTY IN ROBUST
MPC 89

We use state feedback to construct terminal set Xy = {x € R" : Yrx < zi, Yy €
R=*" " zp € R"™8}, which is the maximal robust positive invariant set obtained with a
state feedback controller u = Kz, dynamics (6.1) and constraints (6.8a). This set has the
properties:

Xy CA{zx|(z,Kx) € Z},

(A+ BK)x +w + Ef € Xy, (6.16)

Ve e Xy, Yw e W, VO € Q.

Notice that (6.15) is a time-varying convex optimization problem with co—number of con-
straints. An efficient way to reformulate (6.15) is shown in the Appendix. After solving
(6.15), in closed-loop, we apply,

ug () = uy, = vy, (6.17)

to system (6.1). We then resolve the problem again at the next (¢ + 1)-th timestep, yielding
a receding horizon strategy.

Algorithm 4 Robust Adaptive MPC with Time-Varying Parametric Additive Uncertainty

1: Set t = 0; initialize Feasible Parameter Set ©y = €2;

2: Compute the parameter rate of change bounds v and v from (6.5);

3: Form Predicted Feasible Parameter Sets Oy, for &k = {t,...,t + N} using (6.12) and
(6.13);

4: Compute vy, from (6.15) and apply u; = vy}, to (6.1);

5: Obtain z;,, and update ©;, as given in (6.7);

6: Set t =t + 1, and return to step 3.

6.5 Feasibility and Stability Guarantees

In this section we discuss feasibility and stability properties of Algorithm 4.

Assumption 6.3 The stage cost ((-,-) in (6.15) is chosen as {(Tpy, V) = :I:ZnPfk\t +
v,;r'thk“ for some P = PT = 0 and R = R" = 0, which is continuous and positive def-
mite.

Assumption 6.4 The terminal cost Q(-) in (6.15) is chosen as a Lyapunov function in the
terminal set Xy for the nominal closed-loop system x™ = (A+ BK)z, for allT € Xy. That
is, Q((A+ BK)z) — Q(z) < —2" (P + K"RK)z.

6.5.1 Feasibility

Theorem 6.1 Let Assumptions 6.1-6.2 hold and consider the robust optimization problem
(6.15). Let this optimization problem be feasible at timestep t = 0 with Oy = Q with Q
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defined in Assumption 6.2. Assume the Feasible Parameter Set ©; in (6.15) is adapted based
on (6.6)-(6.7). Then, (6.15) remains feasible at all timesteps t > 0, if the state x; is obtained
by applying the closed-loop MPC control law (6.15)-(6.17) to system (6.1).

Proof Let the optimization problem (6.15) be feasible at timestep t. Let us denote the corre-
sponding optimal input policies as [uat, u;r”t(-), e ,u;rN_l't(-)]. Assume the MPC' controller
uy), is applied to (6.1) in closed-loop and Oy is updated according to (6.7). Consider a can-
didate policy sequence at the next timestep as:

Upa(+) = [“t*+1|t(')7 ! u:+N71|t(')7 Kl’t+N|t+1]- (6.18)

We observe the following two facts: (i) from Proposition 6.3, Ogyp1 C Oy, for all k €
{t+1,t+2,....t+ N}, and (ii) from (6.16), terminal set Xy is robust positive invariant
for all w € W, and for all 0 € Q, with state feedback controller Kz. Using (i) we conclude
(Wi () ufy ()s ooy ugy vy ()] @8 an (N — 1) step feasible sequence at (¢ + 1) (excluding
terminal condition), since at previous timestep t, it robustly satisfied all stage constraints
in (6.15) for Oy, for all k € {t+ 1,t +2,...,t + N — 1}. With this feasible sequence,
TeyNpp1 € Xn. Using (i) we conclude, appending the (N — 1) step feasible sequence with
Kxy N1 ensures Ty nyip+1 € Xn, satisfying the terminal constraint at (t+1).

6.5.2 Input to State Stability

Recall Definition 2.8. We denote the N-step robust controllable set to the terminal set Xy
under the MPC policy (6.17) by Xy, which is compact and contains the origin.

Definition 6.2 (Input to State Stability [102]): Consider system (6.1) in closed-loop with
the MPC' controller (6.17), obtained from (6.6)-(6.7)-(6.15), given by

Tiy1 = Al't —+ B'Uz(‘t + Ee? + Wy, \V/t Z 0 (619)

The origin is defined as Input to State Stable (ISS), with a region of attraction Xy C R™,
if there ezists Koo functions aq(-), as(-), as(:), a K function o(-) and a function V(-,-) :
R x Xy — R>g continuous at the origin such that,

ar(|lze]]) <Vt z) < as(|lze]]), Vo € Xy, VE >0,
V(t+1,2041) = V(t,2) < —as([|al) + o(|lws + EO}|...),

where || - || denotes the Euclidean norm and signal norm ||d;| ., = sup;_go1, ¢ |dil|-

Theorem 6.2 Let Assumptions 6.1-6.4 hold. Then, the optimal cost of (6.15), i.e., J5(-, ")
is an ISS Lyapunov function for closed-loop system (6.19).



CHAPTER 6. LEARNING PARAMETRIC MODEL UNCERTAINTY IN ROBUST
MPC 91

Proof From Assumption 6.3 we know that at timestep t, ai(||xel|2) < €(z,0) < Ji(t, z¢)
for some a;(-) € Ko. Moreover, since (6.15) is a parametric QP, Jx(t,0) = 0, and XF
is compact, using similar arguments as [50, Theorem 23], we know Jx(t,z;) < aa(||x|2)
for some as(-) € Ko. Note that as opposed to [55], our as(-) is not obtained via Lipschitz
continuity of the value function, since in our case, V(t,x) is assumed continuous only at the
origin. The existence of as(+) is ensured by the compactness of the constraint sets in (6.8).
Now say

t+N—1
Talt) = Y 6T, vi) + Q@) = &, vil) + (@), (6.20)
k=t
where [i’;t, e ,:E;LN't] 15 the optimal predicted nominal trajectory under the optimal nominal
mput sequence
U (@) = [uge(@oge)s - - - w3 v (T v—1e)]

applied to nominal dynamics in (6.15), and q(:?:;rl't) provides the total cost from (t + 1) to
(t + N) under policy Uf(z:). We proved that (6.18) is a feasible policy sequence for (6.15)
at timestep (t + 1), where x411 = Tyyq is obtained with (6.19). With this feasible sequence,
the optimal cost of (6.15) at (t 4 1) is bounded as

t+N—-1

Tt +1w1) < Y LT, vig) + Q@ riniess) = @(Tegaenn), (6.21)
k=t+1

where we have used Assumption 6.4 and the feasible nominal trajectory

k—1

Trpper = AN (A + Bujj, + w + EO7) + Z A B (Zajera),
i=t+1
fork={t+2,...,t+ N}. Moreover, we know
:ft+1|t+1 = ‘f:+1|t + wy + Eef (622)

Combining (6.20)—(6.22) we obtain,

Jﬁ(t +1,2441) — J;%(tvxt) = q(j::+1|t +wy + E6}) — g(@w Ut*|t) - Q(‘f;rlhf)?
< _E(jaw U:It) + Lg[lwe + EO]],
< —6(;3:‘“ 0) + Lgllw: + EOF],
< —as(|[well2) + Lollwi + EOF|| 2., with aa(-) = as(0),

where q(-) is L,-Lipschitz, as q(-) is a sum of quadratic terms in compact (6.8a). Hence the
origin of (6.19) is ISS.
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6.6 Numerical Simulations

We consider the following infinite horizon optimal control problem with unknown offset 67
that satisfies Assumption 6.1 and Assumption-6.2:
. _ 2 _ 2
min Z 12| + 10 [l
uoui () 453

S.t., Tir1 = Axt + But(xt) —|: EQ? + Wy,
Ty = ATy + Bu, + E0;,

E N 629
-4 < Ut(l’t) <4,

Yw, € W, V0, € Oy,

Ty =2Tg, To =Ts,

t=0,1,...,

where

(12 18] e

and Feasible Parameter Set ©; is updated based on (6.6)—(6.7) for all timesteps ¢t > 0. The
disturbance w; € W = {w € R? : ||w||o < 0.1}. The initial Feasible Parameter Set is defined
as

Q=0y={0cR*:[-0.5-0.5" <0<]0.505]"}.
The true offset parameter 6 is time-varying, with rate bounded by the polytope
P :=[-0.05,—0.05]" < A6 < [0.05,0.05]".
For numerical simulations, we generate a true offset that starts from
0% = [0.49,0.49]",

and has a rate of change
AG® = [-0.0395, —0.0395] ",

as shown in Fig. 6.1. The matrix E € R?*? is picked as the identity matrix. The robust
adaptive MPC in (6.15)-(6.17) is implemented with a control horizon of N = 6, and the
feedback gain K in (6.16) is chosen to be the optimal LQR gain for system =™ = Ax+ Bu with
parameters QLqr = [» and Rpqr = 10. The initial state is chosen as xg = [—3.21, —0.25]T.

Fig. 6.1 shows the recursive adaptation of the Feasible Parameter Set and time evolution
of the true offset 0¢. The true parameter lies within €2, and is always captured by O, at all
timesteps. Fig. 6.2 shows the Monte Carlo simulations for 100 different sampled trajectories
with our robust adaptive MPC, which highlights satisfaction of constraints in (6.23) robustly
for all feasible offset uncertainties 6, € ©; and disturbances w;, € W, for all £ > 0. Such
robust satisfaction of constraints is crucial for safety critical applications with an uncertain
system.
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Figure 6.1: Feasible Parameter Set evolution
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Figure 6.2: Monte Carlo simulations depicting robust constraint satisfaction

6.7 The Extension to Parametric Uncertainty in an
LPV Model

Recall (2.15) and (2.16) and to be consistent with the notations in this chapter we denote
0i* = 0¢. That is, we consider a specific case of model (M2) in Chapter 2 of the form:

Ty = A0z + B(O])u +wy, wp €W,
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where 0 € RP is a time-varying parameter unknown to the control designer, which decides
the values of the system matrices as:

(AG7), B(6;)) = (Ao, Bo) + ) 0(As, By).

=1

These LPV models for robust adaptive MPC synthesis are considered in works such as [12,

, ]. Matrices (A;, B;) for i = 0,1,...,p are known. Parameter 0 € Q, with Ag¢ € P
for all ¢ > 0. An algorithm similar to the one in Section 6.3 is presented in [12] for adaptation
of the feasible parameter sets ©; with collected data. A robust MPC algorithm presented in
Chapter 3 or Chapter 4 can then be used for control design. All the guarantees of recursive
feasibility and input to state stability follow.

6.7.1 ROA Enlargement

For the sake of simplicity and WLOG, consider a system defined by the following with a
time-invariant parameter, i.e., 07 = 0 for all £ > 0:

= 0.5 0.2] 3 0
A= {—0.1 0.6} , B= {0.5} ’
—-1.5 1.5

0" = [02 0.8 0.05]", O ={0:|-15] <0< [15]},
~15 1.5

with matrices

0.042 0 0.01
A= 0.072 0.03}’ Bi= { 0 ]
0 0 0.02
A = 0 0] ’ B: = [0.01] ’
[0.015 0.019 0
As = 0.009 0.035}  Bs = M ’

subject to box state and input constraints

X ={x: [:ﬂ <z< H}
U={z:-1<z<1},

and a disturbance ||w||s < 0.2. We use the parameter adaptation algorithm of [12; Sec-
tion 3.1] and the MPC algorithm of Chapter 3 with N =3, @ = 10, R = 1 and a feedback
gain K satisfying Assumption 3.1 chosen as K = —[0.85, 1.5].



CHAPTER 6. LEARNING PARAMETRIC MODEL UNCERTAINTY IN ROBUST
MPC 95

15
05
-0.5

-1.5

1
0 05 ° 05
0 0
-1 0.5 -1 0.5
- el

(c) O9 (d) ©50

Figure 6.3: Evolution of the Feasible Parameter Sets. The Feasible Parameter Sets are
shrunk and refined over time with collected state-input data from the system.

From Fig. 6.3 we see parameter adaptation altering the volume of the Feasible Parameter
Sets as time passes. The Feasible Parameter Set O is the largest in volume and is shrunk
at each timestep. The effect of this lowering in the domain of model uncertainty is seen in
terms of the controller properties in Fig. 6.4, where we see an increase in the volume of the
ROA. The enlargement of the ROA seen in Fig. 6.4 indicates that the robust adaptive MPC
lowers its conservatism due to the refinement of the Feasible Parameter Sets over time.

6.7.2 Control Computation Times

Table 6.1 further shows the computational efficiency of the algorithm. The adaptive robust
MPC obtains similar online control computation times compared to the robust MPC of
Chapter 3. Thus, the ROA results from Fig. 6.4 and the computation time values from



CHAPTER 6. LEARNING PARAMETRIC MODEL UNCERTAINTY IN ROBUST
MPC 96

0.8
0.6
0.4

0.2+

-0.2
-0.4 -
-0.6 -

-0.8

(a) Initial approx. ROA

0.8
0.6
0.4

0.2

-0.2
-0.4 -
-0.6 -

-0.8

(b) Final approx. ROA

Figure 6.4: Evolution of the approx. ROA. The approx. ROA grows over time, as the shrink-
ing of the Feasible Parameter Sets ©; over time reduces the conservatism of the controller.

Table 6.1 suggests the potential of utilizing tools from Chapter 3 and Chapter 4 for adaptive
MPC applications and obtaining an edge in balancing the computational complexity vs
conservatism trade-off over counterpart algorithms such as [12, 13, , 1]
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Table 6.1: Avg. online computation times [sec] using the robust MPC from Chapter 3.
Values are obtained with a MacBook Pro 16inch, 2019, 2.3 GHz 8-Core Intel Core 19, 16 GB
memory, using the Gurobi solver.

Horizon | Robust Adaptive MPC for LPV Systems
Ny=1 0.0033
Ny =2 0.0026
Ny =3 0.0038

6.8 Chapter Summary

We first proposed a robust adaptive MPC framework for uncertain linear time-invariant
systems, where we learn a bounded and time-varying additive offset-parameter uncertainty
in the model with available data. We proved recursive feasibility and input to state stability
of the resulting MPC algorithm. We then extended the parameter adaptation strategy
to linear parameter varying systems and designed a robust adaptive MPC utilizing the
control approach from Chapter 3. We demonstrated that model parameter adaptation lowers
the controller conservatism over time, while keeping the control synthesis computationally
efficient.
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Appendix

Proof of Proposition 6.1

We prove Proposition 6.1 using induction, following the proof of the same in [97]. At timestep
t = 0 we know that Oy = ) and from Assumption 6.2, €2 is nonempty and 6§ € 2. Now
using inductive argument, let us assume that the claim holds true for some ¢ > 0. That is,
for some nonempty ©;, we have 0§ € ©,. Now we must prove ©,1; # ¢ and 0 ; € ©;4;. Let
us define the following matrices:

Hi=[(Hy)". (HY)"]" e R,

hi =[(hg)". (hY)"]" € R™,

Ah{ =1(0,)", (ARY)]T € R™,
where ry = 1o+ 2t, Vi > 0 is the number of faces of the Feasible Parameter Set polytope 6.
Now from Assumption 6.2 we know:

HAOL,, < b, (6.24)

and from inductive assumptions we know that H%0¢ < h?. Therefore, we can ensure the
following holds:

HI0e | < B+ AR (6.25)

Moreover, we know that:
— B0} < =441 + Axy + Buy + 0 — v, (6.26a)
+ EQ?_‘_l S Tyl — ACL’t — But +w+ v (62613)

Hence, from (6.24), (6.25) and (6.26) we can have, HY, 07, < hf ,, where

h
RO+ AR
—xy + Axy + Buy +w — v
Ty — Axy — Buy +w + v

H = (H)T,(H)T, —ET,ET]T e Rr=0>2 pf | = € R,

This proves that ©,,; is nonempty and contains the actual offset uncertainty 07, , at the
(t + 1)-th timestep. This concludes the proof.

Proof of Proposition 6.2

Utilizing the contraction property of Euclidean projection in (6.10b) similar to [92], we can
write

1

L~ a L~ a N a L = a
;”et—&-l =007 - p”gt — 071> < =61 — 07 4[> — ;H@t — 671,

=
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where || - || is the Euclidean norm. This gives

1. - 1
;||9t+1 — 074117 — p
1 ~ all?2 2 N nN\T/n a 2~T a a
< |01 — OF])7 + E(Qtﬂ —0) (0, — 0F) + p9t+1(9t —0/41),

16: — 0711*

S

~ ~ n a 2 5 a a
= —UET (Zerap + wo) ||” + 2(Togape + we) T E(G — 67) + ;9;1(@ —0¢4),

=

1 - ~ n a 2 N a a
< p||NET($t+1\t + w12+ 2(Zegape + w) TE(6; — 67) + ;||9t+1|| 1007 — 67, 1)]]-
Consider €2 and P sets from Assumption 6.1 and Assumption 6.2. Define sup,,cq ||w| = wwm
and sup,p ||p|| = par. Then the above inequality can be written as

1, - - 1 5 y ~ 2w
(180 - 021> — 110, — 6211 S;HMET(mut + w12+ 2(F g + w) TEG; — 09) + A;”M,

~ ~ 2
< GBI = D+ well = sl + ol + Zeonepar
< —||ft+1|t||2 + [Jwe?,

since from Remark 6.1 we know %L > ||E||?, and we have used 11 — i1 = Teg1pp + wy and
Ty = E(0F — ét). Summing both sides of the inequality from 0 to m leads to a telescopic
sum on the LHS, and we obtain,

I a = =~ = I a
(|1 = O+ D el < D el + = 1180 — 6611,
H t=0 t=0 K

which, upon division by RHS on both sides gives

m
;) 1T o161
sup — — <L
MmEN,w eW,0,€Q ﬂgﬂ _ 98H2 + Z ”thz
t=0

Proof of Proposition 6.3
From the definition of ©,41); in (6.12), we see that,

My
It
Hfﬂ = [(Ht9+1|t)T7 —ET,+ET]T, hf—H = | —%1 + Az + Buy +w — v

$t+1—AIt—BUt+w+D
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S0 Ot1ji41 € Oq1p. Now, the matrices of the Predicted Feasible Parameter Sets at next

timestep, HZ\tH and hZ\tH forall k € {t+2,...,t+ N — 1} are formed from H,, and hY,,

by construction. Therefore, for all k € {t +2,...,t+ N — 1},

hy,

It

HZ\t—i-l = [(Hzn)T: _ET7 +ET]Ta h2|t+1 = |—2441 + Az, + By, +w —v|
$t+1—A$t—But+w+17

where ngﬂt and hzu are given by (6.12). So, for all k € {t +2,...,t+ N — 1}, each of the
sets for ©y¢41 are formed by the same inequalities which form ©y,, appended by two extra
rows from the new measurement. Therefore, Oy C O for all k € {t +2,...,t + N —1}.
Moreover, from (6.13), O ¢ = §2. Using this,

hg
Hf+N\t+1 = [(%g)T> _ET> ‘|’ET]Ta h?—i—N\t—f—l = |-z +Axy + Buy +w —v |,
.Tt+1 —Al’t—BUt—’—w—f—D

and therefore O, Nji41 C Oppnpe = Q from the definition of Q in (6.4).

Dualization of the MPC Problem

In this section we show how the robust MPC problem (6.15) can be reformulated for efficient
solving. The constraints in (6.15) can be compactly written with similar notations as [55]:

Frv, + m%x(FRMt + GR)(w; + Eb;) < cg + Hgxy, (6.27)

Wit,0t

where we denote, v, = [th,vgllt,...,v;wa}T € R™W 9, = [HJt,...,GLNfllt]T e RPN
for all Oy € Oy, for all k € {t,....,t + N — 1}, E = diag(FE,..., E) € R™V>PN and
w, = [th, . ,w;N_”t]T € R™. The matrices above in (6.27) Fr € RENTTrRIxmN G ¢

REN+rR)XnN o0 e RSNHTR and Hp € RENTTRIX? gre obtained as:

D Osxm e 05><m Osxn Osxn Osxn
CB D o Ogxrm C Osxn 055
Fr = : : , Gp = : : )
CAN=2B  CAN=3B ... D CAN=2  CAN=3 .. Ogun
YrANTIB YRAN2B ... YiB YpAN-L YpAN-2 ... Y
cr=1[b",...,b", 2z],

Hp=—[CT,(CA)T,... (CAN YT (vrpAM) .

For k = {t,...,t + N — 1}, denote the set of polytopes S,ﬁt ={weW, 0ec0Oy: S,f‘t(w +
E0) < hyl,}. Then we can define a polytope Sp = {w;+Ef, € R™ : S%(w,+Ef,) < b, 5" €
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RarxnN = pR ¢ Rar} with, ST = diag(Slfﬁ,...,SﬁN_l‘t), hft = [(hﬁt)T,...,(hfiN_Ht)T]T.
Now (6.27) can be written with auxiliary decision variables Zz € R*=*(N+7r) using duality
of linear programs as,

Frvi + Zyh" < cp + Hgay,
(FRMt + GR) = Z;SR,
ZR 2 07

which is a tractable linear programming problem that can be efficiently solved with any
existing solver for real-time implementation of Algorithm 4.
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Chapter 7

Learning Disturbance Distribution
Supports in Robust MPC

This chapter is based on the published work [36]. In this chapter, we present an approach to
design an MPC controller for systems of the form (M1) in Chapter 2, performing an iterative
task [104], where the support of the additive disturbance is learned from collected iteration
data. As the true support is unknown, robust satisfaction of the imposed constraints are not
guaranteed by the resultant MPC which uses the learned estimates. Instead, we guarantee
a user-specified upper bound on the probability of constraint violations by the closed-loop
system over all iterations.

7.1 Summary of Contributions

The main contributions of this chapter can be summarized as:

e We introduce the notion of a Confidence Support, which is guaranteed to contain the
true disturbance support with a specified probability. Constructing and updating the
Confidence Supports after each iteration is computationally cheap, unlike [34].

e Using these Confidence Supports, we present a robust MPC design and demonstrate
satisfaction of desired upper bound on probability of failure in each iteration. For
any value of user-specified upper bound on probability of failure, the controller is able
to learn robust satisfaction of imposed constraints asymptotically, without suffering
conservatism that is inherent to existing approaches [22, 92, 13].

7.2 Problem Formulation

We consider uncertain linear time-invariant systems of the form (2.9), with z; € R? as
the state at timestep ¢, u; € R™ the input, and A and B are known system matrices of



CHAPTER 7. LEARNING DISTURBANCE DISTRIBUTION SUPPORTS IN ROBUST
MPC 103

1

appropriate dimensions'. At each timestep ¢, the system is affected by an independently

and identically distributed (i.i.d.) random disturbance w; S P with a convex and compact
support W C R?. We aim to satisfy state and input constraints on the system robustly.
We define H, € R**¢ h, € R, H, € R®*™ and h, € R°. We can then write the imposed
constraints X and U for all timesteps t > 0, given by:

X={reR?|Hux <h,)}, U={uecR™|Hu<h,}
jointly as:
Z:={(z,u) : Hyx < hy, Hyu < hy}. (7.2)

We assume that system (2.9) performs the same task repeatedly for J number of times. Each
task execution is referred to as iteration. Our goal is to design a controller that, at each
iteration 7, solves the finite horizon robust optimal control problem:

-1
‘min Zé(ﬁ,ug (z1))
i (= | | |
st., x, = Ax] + Bu(z]) + wy,

7l = A + Bul(z}), (7.3)
Hox] < hy, Hyul(x]) < ha,

Yw! € W,

z) =g, t=1{0,1,...,(T = 1)},

where zJ, u/ and w/ denote the realized system state, control input and disturbance at

timestep ¢ of the j™ iteration respectively, and (%, u! (#])) denote the disturbance-free nom-
inal state and corresponding nominal input. Notice that (7.3) minimizes the nominal cost
over a time horizon of length 7" >> 0 in any ;%™ iteration with j € [J]. Here we use [J]
to denote the set {1,2,...,J}. As task duration 7' > 0, for computational tractability we
try to approximate a solution to the optimal control problem (7.3), by solving a simpler
constrained optimal control problem with prediction horizon N < T in a receding horizon
fashion.

In this chapter, we consider the support W of disturbance w{ to be an unknown, convex
and compact set. We estimate W using observed disturbance samples. At the start of
iteration 7, the estimated support is Wi,

7.3 Iterative MPC Problem

The MPC controller solves a finite horizon optimal control problem at each timestep ¢ in the
4 iteration. Since the disturbance support W is unknown and is estimated with W7 built

!'Note the use of d in this chapter for the dimension of the state-space, as n will be used to denote the
number of data samples.
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from data, robust satisfaction of (7.2) along the iteration is not guaranteed. This implies
that the closed-loop task execution might fail. We will formally define this notion of failure
after defining the closed-loop controller in this section. We attempt to design a robust MPC
controller in the j*" iteration with our best estimate Wi of disturbance support W, by solving
the following optimal control problem:

VAol W, ) =

t—t+N
t+N—1
min Y AT, v,) + QT )
0F4 O I —
s.t., xi-ﬁ-l\t - A.’Ei“ + Bu{c\t + wi”,
:Eiﬂlt = Afi‘t + B%t’
uiu Z kz\thjt"‘vi\tv Y
Hxa:k“ § hg, Huuiu < hy,
x{+N|t S ‘)‘?ijv
‘v’wi‘t € Wj,
Vk={t,....,t + N —1}, :vt‘t {“::c{,
where Uj() = {ut'lt, . ,ut'+N 1|t(37t+N 1¢) }s xt is the measured state at timestep ¢, xéu
is the predlctlon of state at timestep k, obtained by applylng predicted input policies
{u”t,.. LU 11t (@k-1pe)] to system (2.9) and {xk‘t,vk“} with vk‘t = u?c|t(xk|t> denote the

disturbance-free nominal state and corresponding input respectively. In (7.4) we have
used the affine disturbance feedback parametrization to tackle challenge (C2) introduced
in Chapter 2. The MPC controller minimizes the cost over the predicted disturbance free
]

t+N—1
nominal trajectory {{‘rk\ﬁvkﬁ} SGARE

cost £(-,-), and the terminal cost Q(-). We use state feedback to construct terminal set
X, ={zeR?: Yig <3, YIecR’'* % R}, which is the (T — N) step robust con-
trollable set to the set of state constraints in (7.2), obtained with a state feedback controller
u = Kz, dynamics (2.9) and constraints (7.2). This set has the properties:

}, which comprises of the positive definite stage

X, C {zl(x, Kx) € Z},

i—1
H,((A+ BK)'x+ > (A+BE)™"w;) < h,,
= (7.5)
H,(K((A+ BK)'z+> (A+BE)™"w;)) < h,,
i=0

Vo e XL, Yw, e W, Vi=1,2,...,(T — N).
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After solving (7.4), in closed-loop, we apply

ui =l (7.6)
to system (2.9). We then resolve the problem (7.4) again at the next (¢ 4+ 1)-th timestep,
yielding a receding horizon strategy.

Remark 7.1 Computing sets such as (7.5) can become expensive in certain scenarios, where
for example the number of constraints in Z, or the dimension d of states is too large. In
such cases one may opt for data driven methods such as [10/, | or simple approzimation
methods such as [100, | to construct these terminal sets.

Assumption 7.1 (Well Posedness) We assume that given an initial state xg, optimiza-
tion problem (7.4) is feasible at all timesteps 0 < t < T — 1 with true uncertainty support
W7 =W for all iterations j € [J].

Since W is unknown and is being estimated with Wi in the 4™ iteration, we might lose the
feasibility of (7.4) during 0 <t < T — 1. We formalize this with the following definition:

Definition 7.1 (State Constraint Failure) A State Constraint Failure at timestep t in
iteration j is the event

[SCF]) : H,x] > h,. (7.7)

That is, a State Constraint Failure implies the violation of imposed constraints (7.2) by
system (2.9) in closed-loop with MPC' controller (7.6).

Remark 7.2 Let TV < T denote the timestep in the j** iteration when a State Constraint
Failure occurs. In that case, problem (7.4) becomes infeasible at T7. We then stop the j'

iteration and update Wi A i+l When TV = T, it denotes a successful iteration without
any State Constraint Failure.

The probability of State Constraint Failure [SCF]! is a function of the sets W/. In certain
safety critical applications, it is necessary to keep the probability of [SCF]{ very low, whereas
in other applications a higher probability can be tolerated. However, it is not enough to
focus on probability of [SCF]! alone. For example, a low probability of [SCF]/ can be
achieved by considering worst-case apriori estimates for W but it results in deteriorated
controller “performance”. Thus, it is desirable to not only keep probability of [SCF ]i low,
but also maintain satisfactory controller performance during successful iterations (as defined
in Remark 7.2). Let the closed-loop cost of a successful iteration j be denoted by

T-1

Vi, w'd) = 3 b(ad, o). (7.8)

t=0
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. g joT-1 . y
where notation w'” denotes the set U U w;. We use average closed-loop cost E[V7(xg, wh)]

1=1 t=

to quantify controller performance. The goal is to lower the performance loss defined as
[PLY = [EDY (25, w'¥)] — E[V* (x5, w' )], (7.9)

where E[V*(xg, w'7)] denotes the average closed-loop cost of the j' iteration if W had been
known, i.e., Wi = W for all j € [J].

In the next section, we introduce two design specifications (D1) and (D2) to formalize this
joint focus on lowering probability of State Constraint Failure and maintaining satisfactory
controller performance. We then show how the sets Wi are constructed according to these
specifications.

7.4 LRBF: Learning Robustness with Bounded
Failure

We consider the following design specifications:

(D1) Closed-loop MPC control law (7.6) ensures that system (2.9) in the j* iteration satisfies
a user specified upper bound « on probability of State Constraint Failure (Definition
7.1),

(D2) Minimize [PL}Y (as defined in (7.9)) over all iterations j € [J] while satisfying (D1).
For satisfaction of (D1) we require,
P(H,z] > h,) < a. (7.10)

Since the above probability is difficult to compute, we consider an alternative notion of
failure in order to upper bound the probability of State Constraint Failure.

Definition 7.2 (Disturbance Support Failure) A Disturbance Support Failure at any
timestep t in iteration j 1s the event

[DSF]) : w] ¢ WY, (7.11)
As the MPC controller (7.4) is robust to all w] € W, we have [SCF]/ C [DSF]/. There-
fore, probability of Disturbance Support Failure is an upper bound for probability of State
Constraint Failure, i.e., P([SCF]]) < P([DSF]). Therefore, we focus on the following speci-

fication:
P(w! ¢ W) < a. (7.12)

In the next few sections, we discuss how such sets Wi can be constructed based on disturbance
samples observed during the iterative task.
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7.4.1 Need for Distributional Assumption on P

Consider i.i.d. samples Zy., = (Z1,...,Z,) from an unknown distribution P. All we know
about the distribution is that its support S is convex and compact. Our objective is to find
an estimate S(Z1.,) for the support S such that for a user specified failure probability «,

P(Z ¢ S(Z1.)) < a, (7.13)

where 7 is ani.i.d. draw from P. The convex hull C"™!(Z,.,) of observed samples (Z1, ..., Z,)
is an intuitive estimator for the support S. It is clear that C™(Z,.,) C S. Let A\ B denote
the set {y | y € A and y ¢ B}. It turns out that P(S\ C™!(Z,.,)) — 0 as n — oo [103], i.e.,
Chl(Z,.,) asymptotically converges to the support S. However, C"™(Z,.,) may not satisfy
(7.13) for an arbitrary user specified failure probability a. In order to do so, C"™(Z}.,) may
need to be scaled up in a suitable manner. We illustrate through a simple example that an
upper bound on failure probability cannot be guaranteed without additional assumptions on
the distribution P.

Consider an unknown univariate distribution P with support S C R. Suppose we observe
i.i.d. samples Z1.4 = {—1,0.5,1, —0.2} from this distribution. The objective is to find S(ZM)
that satisfies (7.13) with @ = 0.1. As we know that S is convex and compact, it is clear
that C™(Z,,,) = [~1,1] € S. However, it is unclear whether S = C™!(Z,.,) would satisfy
(7.13) with a = 0.1. Consider two potential distributions Py, P, with densities p;(+), p2(+)
respectively such that

p1(z) = 0.4I{|z| <1} +0.1I{1 < |z| < 2},
p2(2) = 0.41{|z] < 1} +0.01I{1 < |2| < 11},

where I{-} denotes the indicator function. Note that both these distributions are equally
likely to generate the observed samples as they have the same distribution on C™(7,.,) =
[—1,1]. Observe that S = 1.5C™(Zy,,) satisfies (7.13) for Py, whereas S has to be set to
6C™(Z,.4) to get the same probability of failure for P,. Thus, without any additional as-
sumption about the distribution, it is not possible to give any probability of failure guarantees
just based on sets constructed from observed samples.

Assumption 7.2 We assume that the unknown distribution P defined in Section 7.2 belongs
to a finite dimensional parametric family {Py : 0 € ©,0 C R},

We next explore how to construct the sets Wi using Assumption 7.2, so that design specifi-
cation (D1) is satisfied. For that purpose, we introduce the notion of Confidence Supports
which are closely related to the notion of confidence intervals in classical statistics. Subse-
quently in Section 7.4.3 we present our algorithm.
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7.4.2 Confidence Support of a Distribution

Consider i.i.d. samples Zy.,, = (Z1,...,Z,) from a distribution Py parametrized by 6 € R,

ie., Z; S Py. In classical statistics, the notion of confidence interval provides a convenient
way to characterize the uncertainty of parameter 6 from the observed samples Z.,,.

Definition 7.3 (Confidence Interval) A set C(Zy.,) is a (1 — «)-confidence interval for
the parameter 6 of distribution Py if

PO ¢ C(Z1.n)) < a. (7.14)
If 0 € RY, d > 1, then the term confidence region is used for the set C(Z) as defined above.

Remark 7.3 Note that C(Z) is a random set as it is a function of the collection of random
samples Z1.,, whereas 0 is an unknown deterministic parameter. We refer the reader to [51,
Chapter 9] for an introduction to confidence intervals and methods to compute them.

We now introduce an analogous definition for the support of a distribution.

Definition 7.4 (Confidence Support) A set S(Z.,) is a (1 — a)-Confidence Support of
a distribution Py with support Sy if

P(Sy CS(Z1n)) > 1—aq, (7.15)
i.e., S(Z1.,) contains the support Sy of Py with probability greater than or equal to (1 — «).

Using the above notion of Confidence Supports, we now demonstrate how the disturbance
support estimates W’ (as defined in iterative MPC problem (7.4)) can be computed based
on observed disturbance samples.

7.4.3 Computing Wi
Consider i.i.d. disturbance samples w{ ~ Py, 0 € R! with support W. Let w,{ (¢) denote the

. . VA .
¢ element of w] € RY. Let w'/ denote the set U U wi. Recall that [d] denotes the set
1=1t=

{1,2,...,d}. We make the following simplifying assumption:
Assumption 7.3 The elements of random vector wi € R? are independently distributed,
wi(q) ~Pa, q € [d], (7.16)

where § = (64, ...,04) and {qu 10, € 0,, ©, C RV} is the corresponding parametric family
for the ¢ element. Remark 7.4 contains a discussion about the general case.
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At the start of the ;" iteration, the collection of samples w'’~! would have been observed.
As the uncertainty distribution Py is completely specified by 6, we can compute a (1 — «)-
Confidence Support Wi (w71) by computing confidence regions for the individual parame-
ters (01, ...,604). Note that the confidence regions and supports are functions of the observed
disturbance samples w'7~!'. For notational convenience, we represent such sets without
explicitly showing this dependence.

Lemma 7.1 Let (:){J be a (1—ay)-confidence region for 8,. Consider W{J = Uéqeé)g Supp(qu),

where Supp(Pg ) denotes the support of distribution 73951 . Then, Wi = W]l X ee X Wﬁl s a
(1 =22, aq)-Confidence Support of Py.

Proof By definition, W = Supp(Py,) x - -- x Supp(Pg ). As Wi =W x---x \\/AVfl, we have
. d .
P(W £ W) =B(U Supp(Py,) £ Wy)

IP’(U 0, ¢ ©9),

IN

P(0, ¢ 67), (7.17)

IA

(7.18)

o

where (7.17) follows from the union bound and (7.18) follows from (:){1 being a (1 — ay)-
confidence region for 0,,.

Thus, a (1 — a)-Confidence Support can be constructed using (1 — «,)-confidence regions by
setting a; = 5. We now show that such a Confidence Support has a bounded probability of
Disturbance Support Failure, as defined in (7.11).

Proposition 7.1 Let Wi be a (1 — «a)-Confidence Support of Py computed using samples
w7t Then, we have

P(w! ¢ W) <a, 0<t<T-—1. (7.19)

Proof Note that both wg and Wi are random. Using the law of total probability, we have
P(w] ¢ W) = P(w] ¢ W|W C W)P(W C W) + P(w] ¢ W/W ¢ W)P(W ¢ W),
=P(w] ¢ WIW  W)P(W £ W),
<P(W ¢ W), (7.20)
< q, (7.21)

where (7.21) follows from the fact that Wi is a (1 — a)-Confidence Support of Py.
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Remark 7.4 The Confidence Supports constructed in this section also hold in the case that
the elements of wf are dependent. However, as we are not exploiting the correlations across
dimensions, the above approach would yield a hyper-rectangle outer-approximation to the
actual support as iteration j goes to infinity. Confidence regions for the parameter 6 rather
than individual elements 0, are needed in such a case to converge to the true support, but
such regions are in general difficult to compute.

Remark 7.5 As long as the confidence regions (:){1 converge to the true parameter 0, in
probability, the Confidence Supports asymptotically converge to the true uncertainty support,
i.€., Wi — W in probability. The MPC' controller (7.6) thus asymptotically learns to satisfy
(7.2) robustly.

7.4.4 The LRBF Algorithm

We present our Learning Robustness from Bounded Failure (LRBF) algorithm which uses
Confidence Supports Wi from Section 7.4.3 in MPC optimization problem (7.4). This guar-
antees satisfaction of (7.10) (i.e., design requirement (D1)) by system (2.9) in closed-loop
with controller (7.6).

Algorithm 5 Learning Robustness with Bounded Failure (LRBF)
Inputs: Z, W', zg.
for j=2,..., Jdo
Computing Confidence Support Wi
forq=1,...,d do
Compute (1 — §)-confidence region (:)g, for 6,
Compute W{] = U, o, Supp(qu)
end for
Set Wi = W1 x - x W
Solving MPC problem (7.4) using Wi
fort=0,1,...,T—1do
Apply vfl’t* from (7.6) with W7 as uncertainty
end for
end for

Remark 7.6 We assume that for all iterations j € [J], at timestep t = 0, MPC problem
(7.4) is feasible with disturbance supports Wi constructed in Algorithm 5. This guarantees
that we are able to collect at least one data point in each iteration to update Confidence
Support Wi while satisfying (7.10). In case such an assumption is not satisfied, Wi can be
scaled down (for e.g., by increasing ).
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Remark 7.7 The convergence of Wi to the true support W can be sped up by keeping the
iteration running until timestep T' despite State Constraint Failure. This can be done by
introducing slack variables in MPC problem (7.4). Details can be found in the Appendiz.

7.4.5 Case Studies

We now demonstrate our approach for two parametric distribution families: (¢) uniform
distribution, and (i7) truncated normal distribution.

Uniform Distribution.

Consider the uniform distribution with hyper-rectangle support W = [—0;, 01| x- - - x[—04, b4].
Then we have,

qu = Unif(_em 811)7 qc [d]

Let @ (q) = maxgeyts-1 @], ¢ € [d] and let 77 = 3277 T%. The following set turns out to
be a (1 — §)-confidence interval for 6,

@) ]
@fl— wj(Q),ﬁ .
[ ()"

A derivation of the above confidence interval can be found in the Appendix. Using Lemma 7.1,
we have the (1 — a)-Confidence Support W/ = W9 x -+ x WY, where

Wi [_ ( (q)  w(q) ] (7.22)

)1/7'3'7 ( )1/Tj
Remark 7.8 This can be extended to the asymmetric case with qu = Unif(—@é,eg). In

this case, there is no analytical expression for the Confidence Support but it can be computed
numerically.

g

a
d

Qe

Truncated Normal Distribution.

2

Consider the truncated normal distribution with mean p,, variance o,

304, pbg + 30, e,

and support [u, —

qu == Mrunc(uqaagag)a q < [d]

As the distribution is fully specified by p, and o,, we have 0, = [u,,0,]". Although it is
difficult to derive exact confidence intervals in this case, approximate confidence intervals for
g and o, can be computed via the Bootstrap [109, Chapter 13]. Let [u/,(q), 1%, (q)] and
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(07 (q),07...(q)] denote the (1— 7)-Bootstrap confidence intervals for y, and o, respectively.

By union bound, we have the following approximate (1 — §)-confidence interval for 0,
0 = {[11,0]"| 1 € 1 (9): 1 (@)
o€ [UIJIliH(Q>7 U{nax(Q)]}a

which gives us an approximate (1 — «)-Confidence Support Wi = W{ X oo X Wﬁl, where

~

W = [1000() — 30710(0) Hhax (9) + 30500 ()] (7.23)

7.5 Numerical Simulations

In this section we find approximate solutions to the following iterative optimal control prob-
lem in receding horizon:

Vj’*(wg) =
T-1 . ) R,
min Y 10|73 — @], + 2 [|ul (7)),
ud (). =0
s.t.,

—-30 i 30
—30 _{jt]}g 30| ,Vw] € W,
—40 1(27) 40

l’%:xg, t=0,1,...,7 — 1.

We consider two parametric distributions:

qu = Unif(-3, 3), (7.24a)
qu = Neune(0, 1, 3), (7.24Db)
with ¢ € {1,2}. In both cases, W = [-3,3] x [—3,3]. We construct Bootstrap confidence
intervals for the truncated normal case by re-sampling 1000 times. System matrices A =

1.2 1.3
{ 0 15
initial state zg = [0,0]" and reference point z,.s = [27,27]" for task duration T = 20 steps
over J = 30 iterations. Algorithm 5 is implemented with a control horizon of N = 4,
and the feedback gain K in (7.6) is chosen to be the optimal LQR gain for system xt =
(A + BK)z with parameters Qrqor = 10I> and Rpgr = 2. The source code is available at
https://github.com /monimoyb/LRBF. The goal is to show:

] and B = [0,1]" are known. We solve the above optimization problem with the
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e Design specification (D1) is satisfied. Consequently, ‘a lower probability of Disturbance
Support Failure across all iterations using support W7 from Algorithm 5, compared to
that from the convex hull support estimate C™!(w!9=1).

e The performance loss [PL)7 rapidly approaches 0 within the first few iterations. How-
ever, in the initial iterations, there is a significant trade-off between a desired up-
per bound a on probability of State Constraint Failure and average closed-loop cost
E[Vi(xg,w" )] (defined in (7.8)). That is, lower the upper bound «, higher is the
average closed-loop cost in the initial iterations. This suggests the need for tailoring
the confidence level (1 — «) in Algorithm 5 according to the application at hand.

7.5.1 Bounding the Probability of Failure (D1)

In this section, we demonstrate satisfaction of design specification (D1) by Algorithm 5 and
compare the probability of Disturbance Support Failure Hf)(wi ¢ WY) for any timestep ¢ in the
J™ iteration, with W7 obtained using Algorithm 5 and W7 = C™(1=1), This probability

is estimated by averaging over 100 Monte Carlo draws of disturbance samples w'”’, i.e.,

P(uf ¢ W)~ —o S (Lr(uf))™

m=1

where ' X
jyyen ) L ifwl @ (W) (wh ==,
(L (wr)) {O, otherwise,
and (-)*™ represents the m'™ Monte Carlo sample. Fig. 7.1 shows this comparison for uni-
formly distributed disturbance (7.24a). Using LRBF to construct Confidence Supports W/
allows for lowering P(w] ¢ W), i.e., probability of [DSF]! as defined in (7.11) below a user
specified bound «, as opposed to simply utilizing Wi = Chull (p1:-1) . We plot the probabil-
ity of [DSF]] for 2 different values of a = 0.05 and o = 0.70. We see that for v = 0.05 the
probability of [DSF]{ with LRBF is on average 94% smaller than that from the convex hull
support estimate for all iterations j € [30]. Similarly for o = 0.70, the probability of [DSF]‘Z
is on average 61% lower than that with the convex hull support estimate across all j € [30].
The same trend is seen in Fig. 7.2 for truncated normal distribution (7.24b), where
probability of [DSF]] is at least 99% and 96% lower than convex hull support estimate
for « = 0.05 and o = 0.70 respectively until iteration j = 3, and reaches a value of 0
for both values of o afterwards. The above trend in probability of [DSFH is explained by
Proposition 7.1, which relates the desired confidence (1—a) for support Wi to the probability
of [DSFJ}] . Moreover, from Fig. 7.1 and Fig. 7.2 we see that in practice probability of [DSF]]
is always at least 60% — 80% lower than corresponding chosen «. This highlights satisfaction
of (D1) and also the conservatism in Proposition 7.1 arising from the upper bound in (7.20).
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7.5.2 Performance Loss Reduction Over Iterations

In Fig. 7.3 and Fig. 7.4, we approximate the average closed-loop cost ]E[)A)j(a:g, wb9)] of the

4" iteration by taking an empirical average over 100 Monte Carlo draws of w'” as,

E[]A/j(xs, w'?)] ~ 1 Z Vi(zg, (W) ™), (7.25)

m=1

for @ = 0.05, and a = 0.70. The cost values are normalized by V*(zg), which denotes the
empirical average closed-loop cost of the ;' iteration if W had been known, i.e., Wi = W.
For both cases of a, we see that in Fig. 7.3 and Fig. 7.4 the average closed-loop cost rapidly
approaches V*(zg). For (7.24a) in Fig. 7.3, cost (7.25) approaches to within 0.5% of V*(zg)
after just 5 iterations whereas for (7.24b) in Fig. 7.4, it is within 3% of V*(zg) in the same
duration.

However, the average closed-loop cost incurred in earlier iterations has a trade-off with
desired a. This trade-off is also highlighted in Fig. 7.3 and Fig. 7.4 for (7.24a) and (7.24b)
respectively. We see from Fig. 7.3 and Fig. 7.4 that for lower value of probability of [SCF]]
with o = 0.05, we pay a maximum of 13% higher average closed-loop cost for (7.24a), and
a maximum of 10% higher average closed-loop cost for (7.24b) compared to V*(zs) until
iteration j = 5. Allowing for higher probability of [SCF]] with o = 0.70 proves to be cost-
efficient, where we only pay a maximum of 0.3% higher average closed-loop cost for (7.24a),
and a maximum of 4% higher average closed-loop cost for (7.24b) compared to V*(zg) in
the same duration. This essentially reflects the key trade-off between specifications (D1)
and (D2) in the initial iterations. Thus, the upper bound « of [SCF]! must be chosen in an

application-specific manner.

7.6 Chapter Summary

We proposed an approach to design an MPC for constrained linear time-invariant systems
performing an iterative task, where the system is subject to a bounded additive disturbance
whose distribution support is not exactly known. The goal was to learn to satisfy state and
input constraints robustly by constructing and then successively refining estimates of the
disturbance distribution support. Using disturbance measurements after each iteration, we
constructed Confidence Support sets, which contain the true support of the disturbance dis-
tribution with a given (high) probability. As more data is collected, the Confidence Supports
converge to the true support of the disturbance. This enabled design of an MPC controller
that avoids conservative estimate of the disturbance support, while simultaneously bound-
ing the probability of constraint violation. We demonstrated the efficacy of the proposed
approach with a detailed numerical example with both uniform and truncated Gaussian
distribution of the additive disturbance.
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Appendix

Speeding up Convergence of W’
In order to speed up convergence of Wi in Algorithm 5 to the true support W, the following

MPC optimization problem with slack variables is solved:
SMPC,jo 7 Wi vy .
Vt—)t—i—]\%(*rngj? Xf\/) =
t+N—-1

min 3 (@] vl + QL) + Al
£\ k=t

s.t., :)siﬂ‘t = AZL‘%“ + Buf;‘t + wi“,

fiﬂu = Aa‘ci‘t + ng|t,

. k-1 . . .
u?ﬂt = Z Mi,utwﬂt + Ui\t’

I=t

Hx:vin < h; + s{, Huui‘t < hy,
}A/jw{JrN‘t < 3 48, with X = {z: Yz < 37},
st=[(sD" (31" >0,
Vwi‘t € Wj,
Vk={t,....,t + N —1},

e =x/,A>0,

(7.26)

=7’

x 1t

with s% = 0 (from Remark 7.6), and then closed-loop control law ul = vil’t* is applied to

system (2.9). By solving the relaxed optimization problem (7.26) which is feasible for all
timesteps 0 < t < T — 1 in the j*™ iteration, we ensure that after each iteration, a set of T

additional samples are obtained for the update Wi A i+l From Section 7.4.3 we can
infer that this speeds up the convergence of W/,

Derivation of Confidence Support (7.22)

Consider wf(g) * Unif(~0,,6,). This implies that 5@ % Unif(0,1). Let wi(q) =
maxg e, i:i-1 |W|. Then, for any ¢ € [0, 1] we have,

J
1 R R N L O
Qq wewli-1 ¢

J
:CT’

g

g

< c) : (7.27)

>
>
)
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1
where (7.27) follows as w € w'/~! are independent. Setting ¢ = ag’, we have

7 1 1 J
P(we(q> < aq”) = a,, and therefore P(aqﬂ < we(q) < 1) =1-aq,
q q

which gives us

IP’(wj(C]) <0, < wj(f_})> —1-aq,

T7
Qg

Setting o, = & and using Lemma 7.1 completes the derivation.
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Chapter 8

Learning Environment Constraints in

Robust MPC

This chapter is based on the published work [11]. In this chapter, we propose an algorithm to
design a safe controller for an uncertain system while learning polyhedral state constraints.
We consider a linear time-invariant system of the form (M1) in Chapter 2, performing an
iterative task. The environment constraints of the task are assumed polyhedral, characterized
by a set of hyperplanes, some of which are unknown to the control designer. We assume that
violations of the unknown constraints can be directly measured from closed-loop trajectories.

8.1 Summary of Contributions

Our algorithm iteratively constructs estimates of the unknown constraints using collected
system trajectories. These estimates are then used to design a robust MPC controller [55,

| for safely achieving the control task despite the uncertainty. The main contributions of
this chapter are as follows:

e Given a user-specified upper bound € on the probability of violating the true constraint
set Z within any j* task iteration, we construct constraint estimates 77 from previously
collected closed-loop task data, using convex hull operations (for € = 0) or a Support
Vector Machine (SVM) classifier (for € € (0,1)). We then design an MPC controller to
robustly satisfy Y/ along the ;' iteration, for all possible additive disturbance values.

e When 7/ is formed with the SVM classification approach (for € € (0,1)), we provide
an explicit number of successful task iterations to obtain before the estimated set 77 is
deemed safe with respect to e. Here, “successful task iterations” refers to closed-loop
trajectories satisfying the unknown constraints Z.

e When 7/ is formed using the convex hull approach (for e = 0), we show how to design a
robust MPC that provides satisfaction of the true constraints Z at all future iterations
kE>j.
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8.2 Problem Setup

We consider linear time-invariant systems of the form (2.9). We define H, € R**", h, € R?,
H, € R and h, € R° and formulate the state and input constraints imposed by the
task environment for all timesteps ¢ > 0 as (7.2). Our goal is to design a controller that, at
each iteration j, aims to solve the finite horizon robust optimal control problem (7.3). In
this work we consider constraints of the form:

Hb hb
H, = {HUb] hy = [hfb}7

where the superscripts {b,ub} denote the known and unknown parts of the constraints,
respectively. That is to say, we consider a scenario in which we only know a subset of
the system’s environment constraint set. At the beginning of the 5 task iteration we
construct approximations of H, and h,, denoted as H] and hj respectively, using closed-
loop trajectories of the system from previous task iterations. The estimated constraints form
a safe set estimate Z7:

77 = {(x,u) : Hz < hl, Hu < hy,}. (8.1)

These estimates are refined iteratively using new data as the system continues to perform
the task, and are used to solve an estimate of (7.3).

8.3 Iterative MPC Problem

Since the true constraint set Z is not completely known, we use our estimate 77 built from
data and formulate this MPC problem as:

MPCyj (.0 i vJ\ ._
V;E—>t+N J<'Itvz]7XN) T
t+N—1

min Y (T, v0,) + QF, )
k=t

Uy ()
J _ J J J
St Ty = Aask‘t + Buklt + Wy

—J A J

T = Axk|t + kaw

. , ) (8.2)

u) wi, + vl
kit — kl|t e T Vkpe

Hjxk‘t < hl,, Hyuly, < hy,

J

Ly =

xtlt’

t+N\t€XJJ\7?
Vwy, € W,k ={t,...,t+ N — 1},



CHAPTER 8. LEARNING ENVIRONMENT CONSTRAINTS IN ROBUST MPC 121

where U} (-) = {U{It’ . ,u{+N_1‘t(xt+N_1‘t)}, 2] is the measured state at 'timestep‘ t, :L‘fc‘t is the
predicted state at timestep k, obtained by applying predicted policies {ug| e ,ufc_u (k1))
to system (2.9). We denote the disturbance-free nominal state and corresponding input as
{Zh vt with vy, = g (Z7,,). In (8.2) we have used the affine disturbance feedback

parametrization to tackle challenge (C2) introduced in Chapter 2. The MPC controller

minimizes the cost over the predicted nominal trajectory {{i‘fd o viﬁ}f;y -1 fg N t}, which
is comprised of a positive definite stage cost £(-,-) and terminal cost QQ(-). We use state
feedback uj = Kx] with (A4 BK) being stable to construct a terminal set X3, = {z € R™:
Yip < 29, Y € R7*" 23 € R}, which is the (T — N) step robust controllable set to the

set of state constraints in (8.1) under the terminal policy, with the properties:

X, C{x | (v, Kz) € 7},
A~ Z_l ~ ~
Hi((A+BE)'z+ Y (A+BK)™"lu;) < hi,
= (8.3)
H,(K((A+ BK)'z+ > (A+BE)™"w;)) < hy,
i=0

Vo e X, Yw; e W, Vi=1,2,...,(T — N).
After solving (8.2) at timestep ¢ of the j* iteration, we apply

uj = ”f\’: (8.4)
to system (2.9). We then resolve the problem (8.2) again at the next (¢ + 1)-th timestep,
yielding a receding horizon strategy.

Assumption 8.1 (Well-Posedness of Task) We assume that given an initial task state
xg, the optimization problem (8.2) is feasible at all timesteps 0 < t < T — 1 for the true
constraint set 79 = 7. as defined in (7.2), for all iterations j € {1,2,...}. We further assume
that 0,1 € Z.

8.3.1 Successful Task Iterations

At each iteration, the true constraint set Z is unknown and being estimated with 77 built
from data. Depending on how 77 is constructed, robust satisfaction of the true constraints
(7.2) during an iteration may not be guaranteed. It is thus possible that (7.2) becomes
infeasible at some point while solving (8.2) during 0 <t < T — 1 along any ;" iteration. We
formalize this with the following definition:

Definition 8.1 (Successful Iteration) A Successful j*" Iteration is defined as the event

ST : Hyal < hy, Yt € [0,T]. (8.5)
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That is, an iteration is successful if there are no state constraint violations during 0 <t <T.
Otherwise, the iteration is deemed failed; that s, an Iteration Failure event is implicitly
defined as [IF) = ([SI})¢, where ([-])¢ denotes the complement of an event.

The probability of a Successful Iteration [SIJ is a function of the sets Z7 since z7 is the
closed-loop trajectory obtained when applying the feedback controller (8.2)-(8.4).

8.3.2 Control Design Objectives

Our aim is not only to keep the probability of [IF]/ low along each iteration, but also to
maintain satisfactory controller performance in terms of cost during successful iterations.
Let the closed-loop cost of a successful iteration j under observed disturbance samples w’
be denoted by

-1
VJ (1'5', w]> = Z E('Ti7 Ui[:)?
=0
where notation w’ denotes [w), w?, ..., wh_,]. We use the average closed-loop cost B[V (zg, w?)]

to quantify controller performance. Specifically, our goal is to lower the iteration performance
loss, defined as

[PLY = E[V/ (25, w)] = E[V*(ws, w’)], (8.6)

where E[V*(zg, w’)] denotes the average closed-loop cost of an iteration if Z had been known,
ie if Zi =Zforall je{1,2,...}.

To formalize this joint focus on obtaining a low probability of Iteration Failures while
maintaining a satisfactory controller performance, we summarize our control design objec-
tives as:

(C1) Design a closed-loop MPC control law (8.4) which ensures that the system (2.9) main-
tains a user-specified upper bound on the probability of Iteration Failure [IF]’ (8.5),
for all iterations j € {1,2,...}.

(C2) Minimize [PL}Y (as defined in (8.6)) at each iteration j € {1,2,...}, while satisfying
objective (C1).

However, as we start the control task from scratch without assuming the initial availability
of a large number of trajectory data samples, and it is difficult in general to obtain statistical
properties of estimated constraint sets Z7/, methods such as [37, 34, 30] cannot be used to
satisfy (C1)-(C2) directly. We therefore relax the above two specifications and formulate two
control design specifications (D1) and (D2) in the next section.
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8.4 Iterative Constraint Learning

We consider the following design specifications:

(D1) Design a closed-loop MPC control law (8.4) which ensures that the system (2.9) main-
tains a user-specified upper bound € on the probability of Iteration Failure, after some
iteration j € {1,2,...}.

(D2) Minimize [PL)’ (as defined in (8.6)) after some iteration j € {1,2,...}.

We wish to find the smallest index j, such that (D1) and (D2) are satisfied for all j >
j. The design specifications (D1)-(D2) indicate that the approach to construct estimated
state constraint sets proposed, is our best possible attempt to satisfy (C1)-(C2), given the
information available at each iteration j.

Assumption 8.2 (Feasibility Classification) Given a system state trajectory, we assume
that a classifier is available to check the feasibility of each point in the trajectory based on
whether it satisfies the true state constraints in (7.2). This classifier returns a corresponding
sequence of feasibility flags.

Assumption 8.3 (Simulator) We assume that each iteration is run until completion at
timestep T', and that state constraint satisfaction as described in Assumption 8.2 is checked
only at the end of the simulation.

We note that Assumption 8.3 could be relaxed in several ways. For example, constraint
satisfaction could be checked in real-time and the simulations stopped if violations occur.
One could also run physical experiments and check the feasibility of (7.2) in real-time, by
observing if the physical experiment fails. Some constraint violations may be hard to evaluate
during physical experiments, but this discussion goes beyond the scope of this dissertation.

8.4.1 Constructing Constraint Estimates 77

We show how the estimated constraint sets Z7 are constructed in order to satisfy the design
specifications (D1) and (D2). This process depends on the user-specified upper bound € on
the probability of Iteration Failure. To satisfy (D1) we search for the smallest j, such that

P([IF}) < e, (8.7)

for all j > j, where € € (0, 1) is the bound on the probability of Iteration Failure. At the
start of the first iteration, j = 1, we use only the known information about the imposed
constraints:

~

7' = {(z,u): H>x < h>, Hau < h,}. (8.8)
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Next, consider any j € {1,2,...}. Let the closed-loop realized states collected until the end
of the j' iteration be

x' = [x(l):j, x}:j, o ,xéﬁj], (8.9)

where le 7 € R™J is a matrix containing all states corresponding to timestep i from the first
J iterations. Let f7(z) : R™ — R denote a curve that separates the points in (8.9) according
to whether they satisfy all true state constraints in (7.2), such that f7(0,x;) < 0. Based on
Assumption 8.2, such a binary classification curve can be obtained with supervised learning
techniques. We use a kernelized Support Vector Machine algorithm [12, Chapter 12].
Let a polyhedral inner approximation® of the intersection of f/(x) < 0 and the known
state constraints in Z' be given by:
P — fg: HITL o < ﬁifgim} (8.10)

svm T,svm

={z: fi(r)<0}n{x: Hz < hb}.
We then use (8.10) to form the constraint set estimates for the following iteration:

ZIHh = {(x,u) s HIEL o < WL Hou < by}, (8.11)

svm T,svm T,svm)

setting Z/t! = ZJ+1 in our robust optimization problem (8.2) for j € {1,2,...}. In other
words, at each iteration j > 1, the estimated state constraints in Z’ are formed out of the
SVM classification boundary learned from all previous state trajectories, intersected with

the known state constraints.

Remark 8.1 In case the set ZIEL in (8.11) yields either infeasibility of (8.2) or an empty
terminal set X]]VH for any iteration j € {1,2,...}, the set of estimated state constraints
can be scaled appropriately until feasibility of (8.2) is obtained. Such scaling is not further

analyzed in the remaining sections of this chapter.

Since the estimated constraint sets (8.11) are not necessarily inner approximations of
the true unknown constraints (7.2), the closed-loop state trajectories in future iterations
may result in Iteration Failures with a nonzero probability. In the following proposition we
quantify the probability of an Iteration Failure, given a 77, for some je{1,2,...}.

1

Proposition 8.1 Consider stm = 7 from (8.8) for j =1 or a constraint estimate set ngm

from (8.11) formed using trajectories up to iteration j — 1 for j > 1. Let this set ZJ . be
used as the constraint estimate set for the next Ny task iterations, beginning with iteration
j. If for a chosen € € (0,1) and 0 < 8 < 1, Successful Iterations are obtained for the next

Ny > —2YB _ terations, then P([IF)) < e with confidence at least 1 — 3 for all subsequent
task iterations j > j using 77 =170

svim *

! Approximation techniques are elaborated in Section 8.5.
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Proof See Appendiz.

Proposition 8.1 requires that the polytope 7557;;} for j € {1,2,...} is updated only if new
violation points for constraints (7.2) are seen at the end of an iteration j. This update
strategy is highlighted in Algorithm 6. If no violations are seen for Ny, successive iterations,

a probabilistic safety certificate is provided and Algorithm 6 is terminated.

8.4.2 Safety vs Performance Trade-Off

Proposition 8.1 proves that constructing estimated constraint sets as per (8.11), can result
in satisfaction of (8.7) for some e € (0,1). However, for certain applications, violations of
constraints (7.2) may be too expensive to allow for a nonzero probability of failure, and
we instead require ¢ = 0. In such cases, we can utilize the closed-loop system trajectories
for obtaining guaranteed inner approximations of (7.2), so that P([IF}?) = 0 for all future
iterations j > j, for some j to be determined.

Recalling (8.9), let the closed-loop realized states collected until the end of the ;™ itera-
tion be denoted as

x1 = [x(l):j, x}zj, . ,x%ﬁj], (8.12)

and let %7 denote the collection of states from (8.12) which satisfy all true state constraints
in (7.2). Then an inner approximation the of state constraints in (7.2) is provided by the
polyhedron:

Pitl = {o: Hitl o < hitl} (8.13)

CVX I,CVX

= conv([0,x1,%’]),
where conv(-) denotes the convex hull operator. We can now define

ZIE = {(x,u) - AL o < WL Hyu < by}, (8.14)

cvx ,cvxX ,cvx)

and use Z = ZI__for j € {2,3,...} in (8.2) as a robust alternative to (8.11).

Proposition 8.2 If 71 _ (8.14) yields feasibility of (8.2) for some j € {2,3,...}, then

CVX

7l C7Z,

CVX —

and 23, =73 for all j > j.

CVX CVX

Proof Let the closed-loop realized states collected until the end of the (j — 1)™ iteration be

Xl:jil _ [.1'(1):3_1, x%:j—a o 71.;5_1]7 (815)
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and let X7 be the collection of all tmjectory points in (8. 15) that satisfy the state constraints
n (7.2). Following (8.13) we form Pl = {x: HI _ x <kl ovx) 5,

,CVXxX

Pi = conv([Onxl,fcj’l]).

By the convezity of the true unknown state constraints (7.2) and Assumption 8.1, we have
that PI,  C {x : Hyx < h,}. This implies Z) C Z.

Furthermore, since (8.2) is feasible at timestep t = 0 in iteration j, (8.2) remains feasible
with system (2.9) in closed- loop with the MPC controller (8.6) at all future timesteps t <

(T —1).2 It follows that ] € PI,. for all 0 <t < T, which implies Pitl = from (8.13).

CVX CVX CVX

Extending this argument, we can similarly prove ngx = ngx for all 3 > j, which implies
ngx = ngx for all 3 > j. This completes the proof.

Proposition 8.2 implies that if we find a j for which (8.14) yields feasibility of (8.2), then
the probability of Iteration Failure at iteration j is exactly 0 for all j > j. Moreover,
Proposition 8.2 suggests that after the j' iteration, the constraint estimation update (8.14)
can be terminated.

The update strategy (8.14) strictly ensures that ZJ _ C Z for all j € {2,3,...}, which is
not necessarily true for sets obtained using the SVM method (8.11). However, choosing this
robust constraint estimation can increase the performance loss (8.6) over successful iterations
after j > j. This is the safety vs. performance trade-off, which the user can manage with an
appropriate choice of €. Given any € € (0, 1) or e = 0, the chosen strategy lowers performance
loss while satisfying (D1). Thus we satisfy (D2) with (D1).

Remark 8.2 Following Remark 8.1, if the optimization problem (8.2) is infeasible or the
terminal set XJ’V constructed in (8. 3) using the estimate chx is empty, one can switch to
constraint estimates (8.11) and collect additional trajectory data, since Pg&x - ngx, for any
2< 71 <Ja

8.4.3 The RMPC-ICL Algorithm

We present our Robust MPC with Iterative Constraint Learning (RMPC-ICL) algorithm,
which uses the estimated constraint sets Z7 from Section 8.4.1 or Section 8.4.2 while solving
(8.2) in an iterative fashion. The algorithm terminates upon finding the smallest j such that
(8.7) is satisfied.

8.5 Numerical Simulations

We verify the effectiveness of the proposed Algorithm 6 in a simulation example. The
source code is available at https://github.com /monimoyb/ConstraintLearning. We find

2This recursive feasibility property is stated without proof. Interested readers can look into the standard
detailed proofs in [, Chapter 12].
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Algorithm 6 RMPC-ICL Algorithm
Initialize: j = 1,1 =0, ZL_ =7l = 7' from (8.8)

Inputs: W, ¢, 8, N and =xgforall j€{1,2,...}
Data: x' = [z}, z],...,z}], P2, formed with (8.13);
1: while j > 2 do

2. if Points in x/~! violate (7.2) then

3: Construct 77, with (8.11); construct X7 with (8.3);
4. else R
L = L
5: I=1+41; (if | > 25, break; (8.7) is
satisfied)
6: end if
7. if P([IF)) = 0 desired then
8: Construct ZJ . with (8.14); construct X7, with (8.3);
9: if Problem (8.2) is feasible with Z/ _ then
10 Use Zi = ZI__ for solving (8.2);
11: break; (P([IF]7) = 0 is satisfied)
12: else
13: Use ZJ = 73, for solving (8.2);
14: end if
15:  else
16: Use ZJ = 74, for solving (8.2);

17 end if

18:  Set X/ = xg,t =0;
19: while 0 <¢t<T —-1do

20: Solve (8.2) and apply MPC (8.4) to (2.9);
21: Collect states and append x/ = [x7, 2], ,];
t=t+1
22:  end while
Jj=7j+1

23: end while

approximate solutions to the following iterative optimal control problem in receding horizon:
T-1
min Y 10|27 — 2t
uduf (), —0
s.t.,

s+ 2|l @D,

2]4y = Axl + Bul(x]) +w],

HE1 5 [20x1 :
|:Hub:| Ig < [5 % 124:| ) \V/U}i S W7
—30 <ul(z]) <30, VuwleWw,
x)==xg, t=0,1,..., (T —1),

(8.16)
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where
W = [-0.5,0.5] x [-0.5,0.5],

A= {(1) ﬂ B=01"

are known. The known and unknown parts of the state constraints are parametrized by the
polytopes {z : HPz < 0} and {z : H™z < 0} respectively, where the matrices are given by

1 0
0 1 1 1
b _ ub _
H; = -1 0 ’Hx_{l —1}'
0 -1
We solve the above optimization problem (8.16) with the initial state x5 = [~15,15]" and

reference point z,.s = [5,0]" for task duration T = 10 steps over all the iterations. Algo-
rithm 6 is implemented with a control horizon of N = 4, and the feedback gain K in (8.3)
is chosen to be the optimal LQR gain with parameters Qrqr = 10/ and Ryqr = 2. The
optimization problems are formulated with YALMIP interface [110] in MATLAB, and we
use the Gurobi solver to solve a quadratic program at every timestep for control synthesis.
The goal of this section is to show:

e Our approach finds an iteration index j such that (8.7) is guaranteed to hold for all
iterations j > j.

e Performance loss [PL)7 over Successful Iterations (after j > j) increases as the tolerable
probability € of Iteration Failure is lowered. This highlights the safety vs. performance
trade-off.

8.5.1 Bounding the Probability of Iteration Failure

We demonstrate satisfaction of design specification (D1) by Algorithm 6. First, we focus
on the SVM-based approach. We choose an SVM classifier with a Radial Basis kernel
function [12, Chapter 12]. For introducing exploration properties, the SVM classifier f°(x)
was initially warm-started by exciting the system (2.9) with random inputs and collecting
trajectory data for two trajectories. After that the control process was started by solving
(8.2). The polytopes P11 were generated by taking a convex hull of randomly generated
1000 test points before each iteration, which were classified as f7(z].,) < 0forj € {1,2,...}.

We consider two cases of tolerable Iteration Failure, with respective probabilities of 30%
and 50%, corresponding to € = 0.3 and € = 0.5 (see Table I). The associated estimated

constraint sets Z’/ were obtained for j = 5 and j = 3 respectively ®. These sets satisfy design

3We note that the exact value of j, as well as the associated estimated constraint sets, depend on the
disturbance sequence. Running this example several times will yield similar results, but not the exact same
results.
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requirement (D1) and are shown in Fig. 8.1. As expected, the constraint set estimated with
e = 0.5 is larger than the set estimated with ¢ = 0.3. Both estimated sets partially violate
the true constraint set (outlined in black).

Furthermore, in order to verify the certificate obtained using Proposition 8.1, we run 100
offtine Monte-Carlo simulations (or trials) of iterations by solving (8.2), with 1% = 7/, for
each of the above Z7 sets, and estimate the actual resulting Iteration Failure probability. This
probability is estimated by averaging over 100 Monte Carlo draws of disturbance samples
Wo.T—-1 = [wo, Wi, - .. ,wT_l], i.e.,

100
1 -

P(zor ¢ 1) ~ 100 Z(1I($0:T))*m7

m=1

where . ]
17 lf Zo.T ¢ Zil(wO:Tfl)*mv

0, otherwise,

(Lr(zoq))™ = {

and (-)*™ represents the m™ Monte Carlo sample?. The values obtained were ¢ ~ 0.01 and

20 - EWith SVM: € = 0.5
[ JCVX Hull
15~ W With SVM: € = 0.3
True
10 -
5 L
0 L
-5+
=10 -
-15
-20 -
-20 -15 -10 -5 o 5

Figure 8.1: Estimated state constraint sets with varying bounds for P([IF]?).

€ ~ 0.04 for ¢ = 0.3 and ¢ = 0.5 respectively. Thus we see that, in practice, the actual
probability of Iteration Failure is about 92% — 96% lower than the corresponding chosen e.
This highlights the conservatism of the bounds given in Proposition 8.1.

We next verify the satisfaction of design requirement (D1) when the estimated constraint
sets are obtained using the robust convex hull based approach from Section 8.4.2. We use

4For brevity, with slight abuse of notation, we use Zz to denote the corresponding state constraints.
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the same 100 draws of disturbance sequences w''% = [wl,_, wir 1, ..., wi%_,] as for the

SVM-based approach above. The resulting constraint estimate set is shown in Fig. 8.1 and
is obtained at j = 4. Using this set in (8.2) ensures no Iteration Failures for all j > j, as
proven in Proposition 8.2. These results from Section 8.5.1 are summarized in Table 1.

8.5.2 Safety vs. Performance Trade-Off

For the same Monte Carlo draws of w'!% we approximate the average closed-loop cost

E[Vi (g, wo.r)] by taking an empirical average over the 100 Monte Carlo draws,

100 _
= 1 i

]E[)}J(xsa wo:T—l)] ~ m Z f}j ($S7 (UJO:T—OH%),
m=1

with Z7 sets obtained in Fig. 8.1. The cost values are normalized by V*(xg), which denotes
the empirical average closed-loop cost if Z had been known.

The results are summarized in Table I. We see that the average closed-loop cost shows an
inverse relationship with the tolerable Iteration Failure probability . For lower probabilities
of [IF) with e = 0.30, we pay a 3% lower average closed-loop cost compared to V*(zg).
Allowing for higher probability of [PL)’ with € = 0.50 proves to be cost-efficient, where
we pay around 7% lower average closed-loop cost compared to V*(xg). The cost for the
approach in Section 8.4.2 is the highest, with a 4% higher average closed-loop cost compared
to V*(zg). This directly reflects the safety vs. performance trade-off. This also shows that
our approach lowers performance loss for any given e, satisfying (D2) with (D1).

Table 8.1: The safety vs performance trade-off.

€ j € E[Vj(xg,wojfl)]/v*(l’s) ~
4 0 1.04
0.3 ]| 51 0.01 0.97
0.5 31 0.04 0.93

8.6 Chapter Summary

We proposed a framework for an uncertain linear time-invariant system to iteratively learn
to satisfy unknown polyhedral state constraints in the environment. From historical trajec-
tory data, we constructed an estimate of the true environment constraints before starting
an iteration, which the MPC controller robustly satisfies at all times along the iteration. A
safety certification is then provided for the estimated constraints, if the true (and unknown)
environment constraints are also satisfied by the controller in closed-loop. We further high-
light a trade-off between safety and controller performance, numerically demonstrating that
a controller designed with estimated constraint sets which are deemed highly safe, result in
a higher average closed-loop cost incurred across iterations.
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Appendix

Proof of Proposition 8.1

Recall matrices H, and h, defined in (7.2). Let us denote H, = H, ® Iy and h, = h, ®
Ir. Let [H,]; and [h,]; denote the i*" row of H, and h, respectively. For a fixed initial
condition xé:j = xg and a random disturbance realization w = [wg, wy, ..., wr_1], consider
the corresponding closed-loop trajectory

x(wW) = [zg, 2] ,...,70] .

Now consider the following function

Q(w) i= max{[HLJix(w) — i},

and then define Q. = max;—1 5 n, {Q(W/)}, where w7 for j € {1,2,..., Ny} are a collec-

tion of independent samples of w drawn according to PP. It follows [ 11, Theorem 3.1] that,
if Nit Z %, then

PN [P[Q(W) > Q] <] > 1B

Proposition 8.1 now follows upon setting Q N, = 0.
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Chapter 9

Playing Cup-and-Ball: An
Application of LRBF

This chapter is based on the published work [112]. In this chapter, we demonstrate a fully
physics driven model-based hybrid approach for control design in order for a robotic ma-
nipulator to learn to play the cup-and-ball game. The controller guarantees a constrained
motion, while accounting for our best estimates of uncertainty in the system model and
sensing errors. For obtaining the position of the ball required for closed-loop control design,
noisy measurements obtained from a camera are used. The support of this camera noise
is refined with data using the tools presented in Chapter 7, which improves the catching
capabilities of the robot.

9.1 Summary of Contributions

We use a mixed open-loop and closed-loop control design, motivated by works such as [113,

, |. First, the swing-up phase is designed offline and then an open-loop policy is
applied to the robotic manipulator. We use a cart with inverted pendulum model of the cup-
and-ball joint system for swing-up policy design. For this phase, as we solve a constrained
finite horizon non-convex optimization problem, we only consider a nominal disturbance-free
model of the system. The swing-up trajectory is thus designed to ensure that the predicted
difference in positions of the ball and the cup vanishes at a future time once the nominal
terminal swing-up state is reached and the cup is held fixed.

After a swing-up, we switch to online closed-loop control synthesis once the ball starts
its free-fall. We consider presence of only a camera that takes noisy measurements of the
ball’s position at every timestep. We design the feedback controller in the manipulator’s
end-effector [116] space. This results in a linear time-invariant (LTI) model for the evolution
of the difference between the cup and the ball’s positions, thus allowing us to solve convex
optimization problems online for control synthesis. In order to guarantee a catch by mini-
mizing the position difference, it is also crucial to ensure that during the free-fall of the ball,
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the control actions to the manipulator do not yield a configuration where the string is taut,
despite uncertainty in the model and noise in camera position measurements. Uncertainty
in the LTI model primarily arises from low level controller mismatches in the manipula-
tor hardware, and an upper bound of this uncertainty is assumed known. Bounds on the
measurement noise induced by the camera are assumed unknown. We present a method to
increase the probability of a catch, as the estimate of the support of camera measurement
noise distribution is updated. Our contributions are summarized as:

o Offline, before the feedback control of the manipulator, we design a swing-up trajectory
for the nominal cup-and-ball system that plans the motion of the ball to a state from
which a catch control is initiated.

e Using the notion of Confidence Support from Chapter 7, which is guaranteed to contain
the true support of the camera measurement noise with a specified probability, we use
online robust feedback control for enforcing bounds on the probability of failed catches.

e With high-fidelity Mujoco simulations and preliminary physical experiments we demon-
strate that the manipulator gets better at catching the ball as the support of the camera
measurement noise is learned and as the Confidence Support and closed-loop policy
are updated.

9.2 Generating A Swing-up Trajectory

The swing-up phase begins with the arm in the home position such that the ball is hanging
down at an angle of 0 radians from the vertical plumb line, as seen in Fig. 9.1.

9.2.1 System Modeling

We model the system such that the cup is a planar cart with point-mass m. and the ball
acts as a rigid pendulum (mass m; and radius r) attached to the cup. Assuming planar xz-
motion of the ball, we derive the Lagrange equations of motion [I16] with three generalized
coordinates q(t) = (z°"P(t), 2°"?(¢), ¢(t)), which denote the x position of the cup, z position
of the cup, and swing angle of the ball with respect to the plumb line of the cup respectively
at any time ¢t > 0. We reduce the equations to the general nominal form

M(q(t))a(t) + Cla(t), a(t))a(t) + G(q(t)) = F(t), vt =0, (9.1)

where M(q(t)) is the inertia matrix, C'(q(t),q(t)) is the Coriolis matrix, G(q(t)) is the
gravity matrix, and F(¢) is the external input force at time ¢. Here ¢(¢) denotes the velocity
of the cup and the angular velocity of the ball, and ¢(¢) denotes the acceleration of the cup
and the angular acceleration of the ball at any time ¢ > 0. System (9.1) in state-space form

is
z(t)
where nominal state Z(t) = [q (¢), ¢ (¢)]

f(@(), F(1)), (9.2)

€ RS for all time t > 0.

_|
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Figure 9.1: Manipulator with Kendama along with coordinate frame.

9.2.2 Optimization Problem

We discretize system (9.2) with one step Euler discretization and a sampling time of T, =
100Hz. The discrete time system can then be written as

Tiv1 = 2 + Ts f (23, Fi) = fa(@i, Fi), Vi € {0,1,...},

where a; denotes the sampled time version of continuous variable a(t). To generate a force
input sequence for the swing-up, we solve a constrained optimal control problem over a finite
planning horizon of length N, given by:

N-1
. T A = T
min z;, Qsz; + F; RF;
Fo,eesF 1 ; i@
S.t., ZZH_l = fd(fia E)a (93)
T, € X, F;, € F,
f() = Tinit,

(fNZIEf, iZO,l,...,(N—l),

where weight matrices @), Rs > 0, and constraint set X’ is chosen such that the ball remains
within the reach of the UR5e manipulator. Initial state z;,;; is known in the configuration as
shown in Fig. 9.1. Due to the nonlinear dynamics fy(-,-), the optimization problem (9.3) is
non-convex. Moreover, typically a long horizon length N is required. Hence, we solve (9.3)
offtine and apply the computed input sequence F* = [F{, FT, ..., Fi_,] in open-loop to the
manipulator.
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9.2.3 Terminal Conditions of the Swing-Up
Predicted Behaviour

The nominal terminal state x¢ in (9.3) is selected such that the ball is swinging to ¢ = 2.44
rad with an angular velocity of qb = 4.18 rad/s. At these values, the string is calculated to
lose tension and the ball begins free-fall. The chosen value of x¢ ensures that the predicted
difference in positions of the ball and the cup (both modeled as point masses) vanishes at a
future time, if the cup were held fixed and the ball’s motion is predicted under free-fall.

Actual Behaviour

When considering the nominal system (9.1), we have ignored the presence of uncertainties.
Such uncertainties may arise due to our simplifying assumptions such as: (i) the string is
mass-less so the swing angle is only affected by the ball and cup masses, (ii) there are no
frictional and aerodynamic drag forces to hinder the conservation of kinetic and potential
energy of the system, (iiz) the cup mass is decoupled from the mass of the manipulator,
and (iv) there is no mismatch of control commands from the low level controller of the
manipulator and F. Due to such uncertainties, realized states x; for i € {0,1,..., N} do not
exactly match their nominal counterparts.

A set of 100 measured roll-out trajectories of the ball after the swing-up are shown in
Fig. 9.2 for a fixed open-loop input sequence F*. We see from Fig. 9.2 that after N timesteps

0.8 ‘
Ball Trajectory

0.6 | End-effector Trajectory in Swing-Up : . 4

i=0

I
=Y
T

z-Position (m)
©
N

0 0.2 0.5 0.7 1
x-Position (m)

Figure 9.2: Start of catch phase (i.e., ¢ = N) for 100 trajectories. Red line indicates the
trajectory of the cup/end-effector during swing-up. Blue dots indicate ball positions during
swing-up and pink dots indicate a position after catch phase is started. Closed-loop control
begins when the relative position is in &;.

of swing-up, the ball and the cup arrive at positions where their relative position is in a set
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Eir. A key assumption of well posedness will be imposed on this set in Section 9.3.4 in order
for our subsequent feedback control policy to deliver a catch in experiments.

9.3 Designing Feedback Policy In Catch Phase

For the catch phase we start the time index ¢ = 0 where the swing up ends, i.e., © = N. There
are two main challenges during the design of the feedback controller, namely (7) position
measurements of the ball from a noisy camera, and (ii) presence of mismatch between desired
control actions and corresponding low level controller commands.

Assumption 9.1 We assume that the URSe end-effector gives an accurate estimate of its
own position. The assumption is based on precision ranges provided in [eseries].

9.3.1 Problem Formulation

During free-fall of the ball we design our feedback controller for the manipulator position
only in end-effector space, with desired velocity of the end-effector as our control input. The
joint ball and end-effector system in one trial can be modeled as a single integrator as:

err1 = Aey + Buy + wy(eg, uy), (9.4a)
Yt = € + Uy, (9.4b)

with error states and inputs (i.e., relative position and velocity)

o= [ - [
2y Vet — Uzt
where wy(eg, u;) € W, C R2, is a bounded uncertainty which arises due to the discrepancy
between (i) the predicted and the actual velocity of the ball at any given timestep', and
(77) the commanded and the realized velocities of the end-effector, primarily due to the low
level controller delays and limitations. System dynamics matrices A = I, and B = dt - I,
are known, and sampling time dt = 0.01 second. We assume an outer approximation W to
the set W,,, i.e., W,, € W is known, and is a polytope. We consider noisy measurements
of states due to the noise in camera position measurements, corrupted by v, RS P, with
Supp(P) = V, where Supp(:) denotes the support of a distribution. We assume V is not
exactly known.
Using the set &, (see Fig. 9.2), a set £ containing the origin where the string is not taut
and (9.4) is valid can then be chosen. We choose:

7(z‘) _ ||Vert(i)<gtr)||007 i€ {1,2},

E={z:—y<z<q}, v=[W2", (9.5)

lwe use the camera position information for ball’s velocity estimation
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where vert®(A) denotes i™" row of all the vertices of the polytope A, and as introduced
previously, || - || denotes the vector norm. This ensures

o € Er = ey EE. (96)

As (9.6) holds true, we impose state and input constraints for all timesteps ¢ > 0 as given
by:

€t€€, utEZ/I, (97)

where set U is a polytope. We formulate the following finite horizon robust optimal control
problem for feedback control design:

T—1

min Y l(e,u (e) + Qer)

ug,u1(-),... 0

s.t., err1 = Aey + Buy(ey) + wi(er, uy),
ét+1 = Aét —+ But(ét),

Yr = € + U, (9-8)
e € E u(ey) €U,

YVw (e, uy) € W, Yo, € V,

e €E t=0,1,... (T —1),

where e;, u; and w,(e;, uy) denote the realized system state, control input and model uncer-
tainty at timestep t respectively, and (&, u;(é;)) denote the nominal state and corresponding
nominal input. Notice that (9.8) minimizes the nominal cost over a task duration of length
T decided by the user, having considered the safety restrictions during an experiment. The
cost comprises of the positive definite stage cost £(-,-), and the terminal cost Q(-).

The main challenge in solving problem (9.8) is that it is difficult to obtain the camera
measurement noise distribution support V. Resorting to worst-case a-priori set estimates
of V as in [22, 13] might result in loss of feasibility of (9.8). To avoid this, we use a data-
driven estimate of V denoted by V(n), where n is the number of samples of noise v, used to
construct the set.

9.3.2 Control Formulation

As we have noisy output feedback in (9.12), we follow [1(] for a tractable constrained finite
time optimal controller design strategy. We repeatedly solve (9.8) at times 0 < ¢ < (T"— 1)
in a shrinking horizon fashion [0, Chapter 9]. We make the following assumption for this
purpose:

Assumption 9.2 The sets W,,,, W,V and U contain the origin in their interior.
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Observer Design and Control Policy Parametrization

We design a Luenberger observer for the state as
ét—‘,—l = Aét + But + L(yt — ét),

where the observer gain L is chosen such that (A — L) is Schur stable. The control policy
parametrization for solving (9.8) is chosen as:

U = ﬁt‘f—K(ét — ét)7

where state feedback policy gain matrix K is chosen such that (A + BK) is Schur stable.

Optimal Control Problem

Consider the tightened constraint sets,

E(n) =€ (R*(n) ® R*"(n)), (9.9a)
Un) =U o KR (n), (9.9b)
where following [0, Proposition 1-2], the set R®'(n) is our best estimate of the minimal

est

Robust Positive Invarlant set R** for estimation error def™ = e, — é, dynamics defined as

de ‘tsitl = (A= L)oef™ + wyley, up) — Loy, (9.10)

and the set R°"(n) is our best estimate of the minimal Robust Positive Invariant set R
for the control error def*" = é, — e, dynamics defined as

ded = (A4 BK)de;™ + Loeg™ + Luy, (9.11)

with v, € V(n) and wy(eq, u;) € W. We use the phrase best estimate for the above sets, since
¥(n) is an estimate of true and unknown set V.

Using these sets we then solve the following tractable finite horizon constrained optimal
control problem at any timestep ¢ > 0 as an approximation to (9.8):

Vir(En), ( ), R (n), &) :=

. ) + O
min Z (ér,ur) + Q(er)

€t Utyeery ur—

k=t
S.t., ék+1 = Aék + Bﬂk,

ey € g(n),ﬁk S Z;l(n),
ét — e € Rcon(n)7
ér = 07

Vke {tt+1,... (T —1)},



CHAPTER 9. PLAYING CUP-AND-BALL: AN APPLICATION OF LRBF 139

where é; is the observed state at timestep ¢, and {éy, s} denote the nominal state and
corresponding input respectively predicted at timestep k& > ¢. After solving (9.12), in closed-
loop we apply

uy(er) :uy = uy + K(é — é€;) (9.13)

to system (9.4). We then resolve the problem (9.12) again at the next (¢ + 1)-th timestep,
yielding a shrinking horizon strategy. The choice of initial observer state is made as follows:

éo € —(R™(n)©&). (9.14)

Assumption 9.3 (Manipulator Speed) If any feasible solution is found to (9.12) satis-
fying velocity error constraints U(n), the manipulator has enough velocity authority to satisfy
these constraints, where the predicted ball velocity is obtained using forward Fuler integration

at free-fall.

Recall the set &, containing the set of all possible errors e at the start of the catch
phase, shown in Fig. 9.2. We now make the following assumption.

Assumption 9.4 (Well Posedness) We assume that given state ey € &, optimization
problem (9.12) is feasible at all timesteps 0 < t < (T — 1) with model uncertainty support
W, and true measurement noise support V(n) = V used in (9.10)-(9.11) and (9.14), when
(9.13) is applied to (9.4) in closed-loop. This implies that e, € € for all 0 <t < T, where £
is obtained from & following (9.5).

Definition 9.1 (Trial Failure) A Trial Failure at timestep t is the event
[TF],: e ¢ &, 0<t<T.

That is, a Trial Failure implies the violation of imposed constraints (9.7) by system (9.4) in
closed-loop with feedback controller (9.13).

Note that a Trial Failure is a possible scenario only because V is unknown and is estimated
with V(n) in (9.12). Intuitively, a Trial Failure implies one of the following:

(P1) Problem (9.12) losing feasibility during 0 < ¢ < T. This happens if V(n) 3 V.

(P2) Problem (9.12) losing feasibility initially at ¢ = 0, and/or sets £(n), U(n) becoming
empty. This can happen if V(n) D V.

9.3.3 Constructing Set V(n)

As described in Section 9.3.1 the set V(n) is an estimate of the measurement noise support
V, derived from n samples of noise v;. The set V(n) is then used to compute R*(n) and
R™(n) in (9.10)-(9.11), used in (9.12) and (9.14). We consider the following two design
specifications while constructing set v(n), given a fixed sample size n.



CHAPTER 9. PLAYING CUP-AND-BALL: AN APPLICATION OF LRBF 140

(D1) Probability of the event V(n) % V is bounded with a user specified upper bound e.

(D2) Estimate V(n) ensures event (P2) in Trial Failure occurs with a vanishing probability,
while satisfying specification (D1).

Satisfying (D1) using Distribution Information

Fig. 9.1 shows the configuration of the system when n noise samples are collected to con-
struct V(n) Let Assumption 9.1 hold true and the ball is held still, vertically below the
end-effector at a position, whose z-coordinate z°"P = Z is fixed and known from previous
UR5e end-effector measurements, and z-coordinate is fixed at 2" = 0. We then collect n
camera position measurements of the ball at this configuration. The discrepancy between
the known position and the measurements yield values of noise samples v,, = [vg, v1, ..., Vy].
For a fixed environment,? the distribution of collected samples is shown in Fig. 9.3, which is
approximately a truncated normal distribution. We thereby consider this distribution family

x10% Noise in x-Position Measurement (m) 5 %104 Noise in z-Position Measurement (m)

Frequency
N
Frequency

0 0
-0.015 0 0.015 -0.02 0 0.02

Figure 9.3: Camera measurement noise distribution histogram for a fixed camera environ-
ment using n = 400, 000 samples.

in Fig. 9.3 conditioned on any environment as
Py lenv = Nipunc(p1g, 05, 3), with g € {1,2}, (9.15)

where Py denotes that the distribution P belongs to a parametric family (truncated normal)
parametrized by § = (u, o), ¢ denotes the ¢ dimension (x and z directions), and parameters
(ftq, 04) are unknown. For a parametric distribution such as (9.15), for any chosen € € (0, 1),

set V(n) is then constructed as the (1 — €)-Confidence Support of Pylenv using the method
proposed in Chapter 7, which ensures

P(V(n) 3 V) <e. (9.16)

Note that (9.16) is a sufficient condition to guarantee that if (D2) holds, solving (9.12) and
applying (9.13) to (9.4) gives

Ple; ¢ E) <, 0<t<T, (9.17)

if V(n) is used to construct sets R®(n) and R (n).
2

camera environment is parametrized by factors such as lighting conditions, camera field of view, etc.
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Satisfying (D2) using Assumption 9.4

Since Assumption 9.4 holds, there exists a number of noise samples n. for any € € (0,1),
such that V(n,) satisfies (D2). Thus, only the sample size n has to be chosen® for V(n)
appropriately to satisfy (D2), having ensured (9.17). This guarantees that constructing sets
R"(n) and R*'(n) using V(n) and then designing a feedback control by solving (9.12)
results in problem (9.12) being feasible throughout the task with probability at least § =
(1 — €)=, Value of € can be chosen small enough for any user-specified level 3 can be

attained.

9.3.4 Obtaining Successful Catches

Constructing V(n) as per Section 9.3.3 to ensure (9.17) is still not a sufficient condition
to obtain a catch in an experiment with specified probability 8, as our model (9.4) does
not account for additional factors such as object dimensions, presence of contact forces,
etc. Therefore we introduce the notion of a successful catch, which is defined as the ball
successfully ending up inside the cup at the end of a roll-out. Thus, a successful catch
accounts for the dimensions of the ball and the cup, and the presence of contact forces.

Assumption 9.5 (Existence of a Successful Catch) We assume that given an initial
state eg € &, an input policy obtained by solving (9.12) can yield a successful catch, if true
measurement noise support V were known exactly.

Remark 9.1 From Chapter 7 we know that as long as confidence intervals for parameters
(1, 0) in (9.15) converge, V(n) — V as n — oo. So, if sample size n is increased iteratively
approaching n — o0, obtaining a successful catch guaranteed owing to Assumption 9.5.
However if a precise positioning system like Vicon is used to collect the noise samples, due
to limited access to such environments, collecting more samples and increasing n could be
expensive. We therefore stick to our method of constructing V(n) for a fixed n as per
Section 9.5.3, and we attempt successful catches with multiple roll-outs by solving (9.12).
For improving the empirical probability of successful catches in these roll-outs, one may then
increase nand thus update the control policy. We demonstrate this in Section 9.4.2 and
Section 9.4.3.

9.4 Experimental Results

We present our preliminary experimental findings in this section. For our experiments, the
original Kendama handle was modified to be attached to a 3D printed mount on the URb5e
end-effector, as shown in Fig. 9.1. A single Intel RealSense D435 depth camera running at 60
FPS was used to estimate the position and velocity of the ball. The source code is available
at https://github.com /monimoyb/kendama.

3for n fixed, € can be increased while constructing V(n) to satisfy (D2).


https://github.com/monimoyb/kendama
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9.4.1 Control Design in the Catch Phase

Once the swing-up controller is designed as per Section 9.2.2 and an open-loop swing-up
control sequence is applied to the manipulator, we design the feedback controller by finding
approximate solutions to the following problem:

T-1

min >~ 500 &3 + 0.4 |ui(@)l3

ug,u1(+),... P
s.t.,

err1 = Aep + Buy(ey),
érr1 = Aéy + Buy(éy), (9.18)
Yt = €4 + vy,
et €&, [_gig} < u(er) < [Si;ﬂ 5
Yo, €V,
t=0,1,...,(T - 1),

where set &, = [—0.316m, 0.349m] x [—0.2095m, 0.2457m]|, shown in Fig. 9.2. Note that for
this specific scenario the presence of model uncertainty can be ignored. Set V is unknown,
and we consider Assumption 9.4 holds. System matrices A, B are from Section 9.3.1.

9.4.2 Mujoco: Increasing Successful Catches

We first conduct exhaustive Mujoco [117, ] simulations of the catching problem, having
formed V(n) as per Section 9.3.3, with n = 100 and then iteratively increasing to n = 2000.
Sets V(n) are formed using the tools presented in Chapter 7. The task duration in this
case is T" = 25 steps. The trend in the percentage of successful catches with 1000 roll-outs
corresponding to each n, varying from n = 50 to n = 2000, is shown in Fig. 9.4. For
n = 50, 46.9% of the roll-outs result in a successful catch. The number increases to 68.3%
for n = 2000. Thus we prove that our proposed approach enables successful learning of
the kendama ball catching task in high-fidelity Mujoco simulations. Note that although the
percentage of successful catches demonstrably improves, but it does not attain a perfect
100% value. This is due to the simulated nonlinearities in Mujoco at the time of impact,
which are not captured by our linear model (9.4) in the catching phase.

9.4.3 URJbe: Learning to Catch

In order to validate the findings from Mujoco simulations, we conduct 50 roll-outs of the
catching task on our experimental URb5e robot by solving (9.12). Fig. 9.5 shows the per-
centage of roll-outs conducted for each iteration (i.e., for each value of n), that resulted in
the ball successfully striking the center of the cup. The percentage increases from 41.46%
to 61.62%. Furthermore, another crucial quantity at the time of impact is the commanded
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Figure 9.5: Percentage of times the ball hitting the cup center among all roll-outs vs sample

size n.

relative velocity (9.13) in z-direction, a lower value of which indicates an increased likelihood

of the ball not bouncing out. The average value and the standard deviation of of (u}im_l)*ﬁ"‘

z

for m € {1,2,...,50} is shown in Fig. 9.6, where (-)*™ denotes the m™ roll-out and T}, < T
denotes the time of impact. As seen in Fig. 9.6, the mean of the relative velocity at impact
lowers from 0.38 m/s to —0.06 m/s. This together with Fig. 9.5 indicates a possibility of
increasing successful catch counts as n is increased. As a matter of fact, at the end of this
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Figure 9.6: One standard deviation interval around the mean (circle) of z-relative velocity
at impact, i.e., [uz, ], vs sample size n.

learning process, the robot learns to catch the ball successfully, and repeatably. An example
case is demonstrated in: video link. However, a noticeable difference is seen in this case
between the Trial Failure probability and the rate of failed catches. Recall their difference
from Section 9.3.4. We discuss this in the next section.

9.4.4 Catch Percentage in Experiments

The percentage of successful catches by the robot during experiments is found to be lower
than the values obtained in Fig. 9.4. We hypothesize that this is due to the presence of
un-modeled factors in our simplified system model (9.4), such as the vibrations of the table
and the robot arm, contact dynamics, low-level controller delays/saturation, etc. Therefore,
an informative extension would be to collect the ball’s position information at impact during
successful catches using a position tracking unit such as Vicon, and compare the correspond-
ing set of error values, denoted by £, , with the set R*"(n) & R"(n) for an n > 0. A set
EX o € R (n) @ R™(n) with:
volume (&Y, 4,) < volume(R**(n) & R°"(n))

C

would be demonstrably suggestive of the limitations of linear modeling used in this chapter.
We leave such a validation and potential policy improvements as a future extension of the
presented work in this Chapter.


https://www.dropbox.com/s/ih4a5uld197rd42/Kendama2020_Successful_Catch.mp4?dl=0
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9.5 Chapter Summary

We proposed a model based control strategy for the classic cup-and-ball game. The control
problem was divided into two sub-tasks, for swinging the ball up, and then catching the free-
falling ball, respectively. The swing-up trajectory ensures that a successful catch is possible
with our feedback control design approach. Subsequently, a convex optimization problem
was solved online during the ball’s free-fall to control the manipulator and catch the ball.
The controller utilized noisy position measurements of the ball from a camera, and the
support of this noise distribution was iteratively learned from data using the algorithm from
Chapter 7. Thus, the closed-loop control policy iteratively updates. We theoretically proved
that under the considered modeling assumptions, the probability of a catch increases in the
limit. Preliminary experimental results and high-fidelity simulations support our analysis.
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Chapter 10

Decentralized Robotic Collaboration:
An Application of Constraint

Learning

This chapter is based on the published work in [13]. Obstacle avoidance in collaborative
robotics has primarily considered known obstacles and solving a centralized problem with
explicit communication [119, ) , ) , ]. The use of implicit communication,

such as force and torque measurements or estimates on rigid bodies [125, , , , ,

, , , , ] remains challenging for obstacle avoidance when the robots rely only
on local controllers in unstructured and unknown or partially known environments. In this
proposed work, we extended the notion of constraint learning presented in Chapter 8 to such
robotic applications, where robots learn information of unknown obstacles in their proximity
via the interaction information during collaboration.

10.1 Summary of Contributions

We consider the task of two robots collaboratively transporting an object, constraining the
robots’ inputs to comply with the object’s physical constraints. We consider no explicit
communication, so the local environment information and the control actions are not shared
between the robots. We solve the control design problem by using a leader-follower strategy
with the leader using an MPC and the follower using a simple controller, known to the leader.
With this schema, the leader can solve the collaborative transportation task with the help
of the follower, while building a map of its unknown obstacles. Such a map is obtained by
estimating the follower’s inputs to infer missing local information about the environment
sensed by the follower. Our key contributions can thus be summarized as follows:

e We propose a leader-follower strategy for two robots collaboratively transporting an
object in a partially known environment with obstacles. The leader solves an MPC
problem based on its known set of obstacles and plans a trajectory to reach the target
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position, while avoiding collisions for the whole system (i.e., the two robots combined
with the object to be transported).

e We present a simple control policy for the follower that is reactive to obstacles detected
by the follower (and possibly undetected by the leader). This follower control policy
is designed so that it allows the leader to infer the position of obstacles not directly
sensed.

e Motivated by [125], we introduce a strategy for allowing leader-follower role switches
during the task. We present a detailed numerical example of two point robots trans-
porting a rigid rod in an initially unknown environment. On this example our proposed
approach allows the leader’s MPC controller to learn the undetected obstacles and suc-
cessfully complete the task, with the leader-follower roles appropriately switched.

Control design with three or more robots is not addressed in this work. In order to estimate
the inputs of the other robot, we assume each robot can estimate the states of the joint
system, i.e., the two robots with the object to be transported. For the considered example
of two point robots transporting a rigid rod, this estimation is done with measurements
of robots’ own positions and the rod orientation. For more complicated systems, similar
estimates may be obtained using additional sensors. We do not present this in this chapter.

10.2 Problem Formulation

In this section, we formulate the collaborative obstacle avoidance problem with the leader-
follower control architecture. Such a leader-follower hierarchy is common in control design
[135, , , ]. We limit ourselves to the case of only one follower. We refer to the two
robots with the object to be transported as the joint system.

10.2.1 Environment Constraints

Let the environment be defined by the set X. We assume obstacles are static, although
the proposed framework can be extended to dynamic obstacles. Let the set of obstacles be
denoted by O. Therefore, the safe set for the joint system is given by S = X \ O. At the
beginning of the task, we assume that the robots do not have any prior information about the
environment. During the control task, the robots detect obstacles and store their positions.
At any timestep ¢, let the set of obstacle constraints known to the leader and the follower
(detected at ¢ and stored until ¢) be denoted by C;; and Cy,, respectively. We denote:

Cl,t U Cfﬂg = Ot, with Ot—TS Q Ot, Vit S T,

where Ty is the sampling time of both the leader and the follower robot controllers (defined
next in Section 10.2.2), and 7' > T is the task duration.
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10.2.2 System Modeling

We consider that the leader and the follower robots transport the same object as they move.
The state space equation of the joint system is of the form:

St+T5 - f(Sta U’t7vt)7 <101)

where S; € R” is the joint system state, u; € R™ is the input of the leader and v; € RP is
the input of the follower at timestep ¢, and f(-,,-) is any nonlinear map.

Remark 10.1 In general the states S; contain the positions and velocities of the center of
masses of the leader, the follower and the object being transported.

A block diagram of the joint system is shown in Fig. 10.1, where the red and the blue parts
indicate the operations carried out by the leader and the follower, respectively. We consider

Sensors

Estimator

Leader’s Sr(l)
t

Detected
Environment
- Ut—T,
Cit

+4 Inference of

Follower’s |»@—>

Environment

S,
Ut—T, Joint System t+é

Follower’s
Detected
Environment

Estimator

Figure 10.1: Block diagram of the joint system with leader follower controllers.

the case where the leader does not have full information of all the detected obstacles in Oy,
ie., C; C O,. We further consider that no explicit communication between the leader and

the follower is available. Similar to [125, 126, 127, 128, 129, 130, 131, 132, 133], we enable

both the agents to infer each other’s inputs as “implicit” communication. We first make the
following assumption.

Assumption 10.1 The leader and the follower can estimate the joint system states S; at
all timesteps.

We introduce the following notation: let ()ff ) denote the value of the quantity (+); as inferred
by robot j € {l, f}. The leader and the follower’s estimates of S; are thus denoted by St(l)
and S’t(f ), respectively. We denote the coordinates of the center of mass of the follower by
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R, = [X;4,Ys,]T, and the leader/follower estimates R} /1 [X](cl{f ) Yf(lt/ ! )]T. Often such

states are already included in St( /1) , as pointed out in Remark 10.1. If they are not a part
of St(l/ f ), they need to be estimated as well in our control approach.

Method Outline: At timestep ¢, the leader uses S't(l) to compute the control action wu; for the
joint system to avoid its known set of obstacles C;;. As there is no explicit communication,
the follower infers the leader’s inputs w; via its state estimates, inducing a delay in the
application of its inputs. That is, at timestep ¢ + ¢ (with a § < Ty), the follower uses St s

and figﬂg to infer @; . The follower also uses figﬂg to build a map of its detected obstacles,
and computes v;,5 as a function of u; and these obstacles. During the inference time between
t and ¢ + 0 the follower keeps applying the previous input v(_r,)4+s. The leader then infers
the follower’s inputs vy, s via its state estimates to learn additional obstacles. That is, at
timestep (t+2d)!, the leader uses S + 195 LO estimate 0y, 5, based on which 11: learns the position

of any additional obstacles in the follower’s proximity at ¢ +  using Rt +s- The leader then
computes updated C;;i7,. We detail the algorithm in Section 10.3. In the next sections,
we present the controller synthesis. We discuss the effect of the time delay § in details
in Section 10.3.3-10.3.4, when we distinguish between the leader and the follower applied
inputs.

Remark 10.2 We consider that the leader and follower robots have synchronized clocks. A
short discussion of non synchronized clocks is presented in Section 10.3.6.

For clarity of presentation in this chapter, we present a specific case of model (10.1). Specif-
ically, we model both the leader and the follower as point robots m; and my, with global
coordinates X;,Y; and Xy, Y}, respectively, transporting a rigid rod, as shown in Fig. 10.2.
The connecting rod of length (I, + I;) has a mass m,. Assuming the rod is of uniform
density, the rod has an inertia, .J,., of %mT(Zl + 1;)?. The total mass of the joint sys-
tem is therefore m = m, 4+ m; + my. The total moment of inertia of the joint system is
J=J.+ mr(%)2 + myl? + mflfc. The leader’s inputs on the rod are the axial force F,
perpendicular force F},;, and the torque 7;. The corresponding follower’s inputs are F¢, Fys

and 7;. Denoting T = GFPflf“?}’lllJrTﬁTf) and define:

: 1
q1 = —(;sinOT + I, cos 00%) + —(cos O(Fy + Fup) — sin0(Fy + Fy)),
m (10.2)

G2 = (l,cosOT — I;sin 06%) + (sm O(Fu+ Fup)) + cosO(Fy + Fyf)).

Due to the rigid coupling with the rod, the leader’s position, and translational and angular
velocity states are sufficient to define the evolution of the joint system. Accordingly, using
(10.2), the state-space equation for the joint system is:

S(t) = f(S(E),ult), o) = [X, @ Vi @ 6 T], (10.3)

Lthe leader’s inference can be made at timestep (¢ + & + u) with § < u < T. We use § < Ty and pu = §
only to simplify notations. See Table 10.1.
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Y, Tl

Fpl\ Fa
()

Figure 10.2: Model of the joint system. The leader and the follower are point masses
connected by the rigid rod. The follower reacts to a critical obstacle C.., as defined in
Section 10.3.1.

with S(t) = [s1, Sa, 83, 84, S5, 86) |, w(t) = [Fu, Fp, 1], and v(t) = [Fuz, Fpp, 7] " at time ¢,
where the states are representative of variables given by:

SlzXlaSQ:Xl783:YZaS4:}/l7S5:0786:0'

We discretize (10.3) with the sampling time of Ty for both the leader and the follower to
obtain its discrete time version similar to (10.1). Furthermore, for this specific model (10.3),
Assumption 10.1 can be stated as: both the leader and the follower can estimate the leader’s
position, velocity, as well as the angular speed and orientation of the rod at all times. For
simplicity of presentation, we consider that the robots measure their positions, velocities,
and the rod’s angle and angular speed. Accordingly, estimators S’fl) and St(f ) are:

~ . . .
t(l) = [Xl,t Xl,t Yi,t Yl,t 0y et] ) (10.4&)
[ ()] _ -
)Sl,t Xt 4 (I, +1f) cos b,
)A(l(j) Xf,t — (ll + lf) Sin 9t9t
o _ |V | Yot (bt 1) sinb; (10.4b)
! V() Yie+ (li+1y) cos 6,0,
; .
!t 0
6, | | t i

In the absence of perfect position, velocity and rod orientation measurements, one can design
appropriate state observers, such as a particle filter or an extended Kalman filter to obtain
their estimates, if Assumption 10.1 holds.
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10.2.3 Input Constraints

We consider constraints on the inputs of both the leader and the follower, which are given by
uy € U and v, € V for all t > 0. For our specific example in this chapter, with Fj, F,, 7 € R4,
we consider the same box constraints:

U=V ={w:—[F, F, ﬂTSwS[F’a F, ﬂT}. (10.5)

10.3 Control Synthesis

We enumerate the steps involved in our leader-follower control synthesis briefly next, which
constitute our collaborative obstacle avoidance with environment learning algorithm.

(I) At any timestep ¢, the leader designs an MPC controller with horizon of NV steps with
NT, < T for the joint system to reach a specified target position Si,;, while avoiding
all the stored obstacles in C;;. This is shown in Section 10.3.2.

(IT) If there are no obstacles in its proximity, the follower uses a control strategy to support
the actions of the leader. The inference of the leader actions by the follower is described
in Section 10.3.3.

(III) In the case where critical obstacles (as defined later in Definition 10.1) are detected
by the follower, the follower applies an additional input contribution in order to avoid
these critical obstacles, as we show in Section 10.3.1.

(IV) The leader estimates the follower’s applied inputs and uses this as an “implicit” com-
munication to build a map of its possibly unseen obstacles lying in the follower’s
proximity. The leader then updates its set of known obstacles C;;.r,, as we show in
Section 10.3.4. The leader MPC problem is solved again at the next timestep with
the updated environment information.

We now elaborate the above steps (I)-(IV) in the following sections. The resulting collabo-
rative obstacle avoidance with environment learning algorithm is in Section 10.3.6.

10.3.1 Follower Policy Parameterization

In the set of all obstacles seen by the follower, we define a critical obstacle point, due to
which the follower chooses to apply a reactive input.

Definition 10.1 (Critical Obstacle Points) We define a critical obstacle point at timestep
t as a point in the set of obstacles Cyy which is within a radius of de. from the follower’s
center of mass. Thus, the follower computes:

Cory = arg min [|RY) — ¢
CECf,t

s.t., |RY) — ¢ < do, (10.6)
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where || - || denotes the Euclidean norm.

In case of multiple critical obstacle points satisfying (10.6), we pick the critical obstacle point
as the one that maximizes

~

max ].%gf) : (C _ Rgf))
<ot | R — 7]

)

that is, the one having the maximum relative velocity component towards the follower’s
center of mass. The inputs applied by the follower are then given by:

fi(ug), if no critical obstacle point at ¢,
v = , (10.7)
f2 (uta dcra dta ¢t) 0therw1se,
where f1(-) and f5(-,-,-,+) can be any function chosen such that v; € V, u; is the input of
the leader, d; = HREf ) — Certll, ¢ is the angle between the vector connecting the follower

center of mass to critical obstacle point and the follower center of mass to that of the leader,
respectively. For our considered specific example, this is shown in Fig. 10.2.

We now make the following assumption ensuring when a critical obstacle point is seen,
the follower applies a separate input, as opposed to what it would have applied otherwise.

Assumption 10.2 We assume in (10.7):
vVt >0, 39 Ug, di, @ dy < doy, fl(ut) = fQ(Utadcr7dt7¢t)-

We also make the following assumption that will be used for the leader’s control synthesis
in Section 10.3.2 and for learning critical obstacle points in Section 10.3.4.

Assumption 10.3 We assume that the functions fi(-) and fo(-,-,-,-) are known to the
leader.

Assumption 10.3 holds true, since such basic information can be shared offline before the
task begins. Otherwise, these functions can be learned offline from data. Our specific choice
of (10.7) in this chapter is given by:

Kouy, if no critical obstacle point at ¢,

COS ¢y
Kouy + Ki(dey — dy) | —sing, | otherwise,
0

(10.8)

where in d; we directly measure Ry, i.e., R§f) = Ry (see (10.4b)), and the gains K; and K>
known to the leader, chosen to satisfy (10.5). Without any loss of generality in (10.8), we
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have not included a reactive torque upon seeing critical obstacle points. Hence, only the first
2 x 2 sub-matrix of K need to be invertible. We choose K, € [0,1), and

Fa(l — KQ) Fp(l — KQ) 0)
dcr 7 dcr ’ ’

K, = diag(

ensuring the follower’s inputs are saturated only at d; = 0.

10.3.2 MPC Controller of the Leader

Using Assumption 10.1 and Assumption 10.3, the constrained finite time optimal control
problem that the leader has to solve for its MPC controller synthesis at timestep ¢ is:

N
Hlljitn [(St+kTs\t - Star)TQs(St+kTs|t - Star) + Uj+(k,1)Ts|tQiUt+(k—1)Ts|t]
k=1
s.t., St+kTs|t = f(StJr(kfl)Tslta Upt (k—1)Ts|t> Ut+(k—1)TS|t)> (10 9)

B(Sirri) € X\ Ciy,s
Up (h—1)Tut € Uy Vego—ynfe = J1 (Ut (h—1)T0t)
Vk € {1,2, e ,N}, St|t - St(l),

where B(-) is a set of position coordinates defining the joint leader-follower system, input
sequence Uy = {uyps, . . ., U (n—1y1je }» Star 15 the target state, and Qs, Q; = 0 are the weight
matrices. Note, in order to avoid a mixed integer formulation arising due to all possible
combinations of the follower’s critical obstacle points in C;; along the prediction horizon, in
(10.9) the leader computes the predicted vy, using only fi(-). For model (10.3) with follower
policy (10.8), the leader uses (10.4a) to estimate:

_(Suerrmfe — (Ip + 1) coS S5 0407

R = ) 10.10

AT Saurkrult — (Lp 4+ 1p) Sin S5 e ( 2)
S

B(Sirkr) = {r:Ja €0,1], z =« { 1“’”5“1 + (1 — @) Reswr,i}, (10.10b)
S3,t+kTs|t

Vst = Koues oy € Us Sy = 57, (10.10c)

in (10.9), for all k € {1,2,..., N}, with ¢ from (10.5). Solving (10.9)-(10.10) is difficult,
mostly due to the non-convexity of the imposed state constraints X'\ C;;, and that too for
all values of parameter « € [0, 1]. Therefore, we solve an approximation to (10.9)-(10.10), as
shown in the Appendix. After finding a solution to (10.9), the leader applies input

Uy = Uy (10.11)

to joint system (10.1) in closed-loop. Since the follower has no direct access to (10.11) to
apply its own inputs according to (10.7), it estimates the leader’s inputs. This is elaborated
in the next section.
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10.3.3 Applying the Follower’s Inputs

The follower uses St(f ) to construct an estimate uy of the leader’s inputs u;. This inference
is done in a time duration of § < T, after timestep ¢, as introduced in Fig. 10.1 and
Section 10.2.2. For this inference to be feasible, we make the following sufficient assumption.
Let S € Yy, vt > 0.

Assumption 10.4 We assume that the map from the set U to the set Yy is invertible.

Assumption 10.4 ensures that by using its set of estimates for the leader’s states, the follower
has the ability to uniquely infer the input u; applied by the leader. Between the timesteps ¢
and t + d the follower applies its previous inputs v;_r,.s. Afterwards, the follower applies

(10.12)

fi(4), if no critical obstacle point at ¢ + 4,
v et
e Jo(ty, dey, diy5, Pri5), otherwise,

where the computation of 4; uses Assumptions 10.1 and 10.4. For our considered system
model (10.3), the follower’s estimates of the joint system states (i.e., the leader’s states) are
given in (10.4b). This satisfies Assumption 10.4. The construction of the estimate ; and
the corresponding form of the follower’s applied inputs

Koy, if no critical obstacle point at ¢ + 9,
COS Pry5
Koty + Kq(dey — dyvs) | —singy,s| otherwise,
0

(10.13)

Vt45 =

where di5 = || Ri+5—Cert46/|, are derived in detail in the Appendix. Here we directly measure
Ry, ie., ZA%IEQ; = Ryis (see (10.4b)). Similar derivations can be conducted for variations
of (10.3), e.g., the rigid connections in the system replaced by elastic spring contacts, if
Assumption 10.4 holds.

10.3.4 Learning Critical Obstacle Points via Input Inference

The leader infers the reactive feedback of the follower in v, 5 in (10.7) at timestep ¢ + 24.
Using this, the leader’s estimate of the critical obstacle point seen by the follower at timestep

149 is denoted as (fé?t +s- For obtaining this estimate we first need the following assumption,

along with Assumptions 10.1-10.3 stated in Section 10.3.1. Let St(l) e, vt > 0.

Assumption 10.5 We assume that the map from the set V to the set Y, is invertible and
fo(vyder, -, +) is an invertible function for any chosen value of the critical distance d,.

We choose function fs(+, de;, -, -) satisfying Assumption 10.5. Assumption 10.5 ensures the
leader is able to uniquely infer the critical obstacle points using its estimated follower’s
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inputs. Satisfying Assumptions 10.1-10.3 and Assumption 10.5, the construction of éé?t P

for model (10.3) and follower policy (10.8) is shown in detail in the Appendix. For this
estimation the leader uses (10.4a) and computes estimates of the corresponding follower

states as: 0
Xiivs = Xiprs — (L +1f) cos Oy,

(1) : (10.14)
Yiie = Yiers — (I +15) sin O 45,
and then obtains:
. xW d 0 — &
Cornra = 0 +Czt+é c0s(Bis = uvs) | (10.15)
fits + dess S(0r 5 — deps)

where czt+5 and ngSH(; are the leader’s estimate of d;, s and ¢;4, respectively. With the inferred

C(l)

or.t, the leader then updates and uses:

Cirr, = Ciy UdCrpir, UCY, s, (10.16)

where 0C;, 7, denotes the new obstacle constraints detected by the leader at the next
timestep. The process is then repeated from timestep (t+75) onward.

10.3.5 Leader-Follower Role Switching

Although the leader learns CAC(?t +s and updates its controller, this can still lead to failure in
avoiding obstacles in tight environments. For example, if the follower approaches a tight
corner with multiple obstacles, the leader may not have sufficient time to generate a feasible
trajectory for the joint system, as it does not directly detect the whole obstacle map from
the follower and infers only the critical obstacle points detected by the follower. Therefore,
switching the roles of the leader and the follower in these scenarios can be useful, enabling
the leader to directly see all the obstacles in the tight corner. Such a role switching strategy
of the leader and the follower is motivated by [125], where the roles are switched with a fixed
frequency. In general, we define a time dependent role switching function for an agent as:

fswt : (2,C,t) — {0, 1}, (10.17)

where z and C denote the switching deciding states and obstacles of the agent, respectively,
and 0 denotes no switching and 1 denotes a switch trigger.

10.3.6 The complete Algorithm

We summarize our proposed collaborative obstacle avoidance with environment learning al-
gorithm with system model (10.3) and follower policy parametrization (10.8) in Algorithm 7.
As a specific choice for (10.17), we pick:
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Algorithm 7 Collaborative Obstacle Avoidance with Environment Learning

Initialize: ¢ = 0, v_7,)+5, S0
Inputs: Siar, Qi, Qs, der, U, K1, Ko, T,0, N, T, X
Data: Cl,t, Cfﬂf
1: while ¢t < 7T do
2:  Leader at t: Get u; from (10.9)-(10.11). Apply to (10.3);
3. Follower at t: Apply vy_r,)1s to (10.3) in [t,t + 0);
4:  Follower at t + 9: Compute Ccr 4o with (10.6);
Obtain Rt+5 from (10.4b);
Infer @, (see Appendix);
Apply Ut_;,_(s in (10.13) to (10.3);
5. Leader at t 4+ 2§: Obtain Rt+5 from (10.14);
Obtain St+26 from (10 4a)
Estimate vt+5 Get dyys, drys from (10.13);
Estimate Ccr t+5 with (10.15);

6:  Follower at t + T,: Check fswt( t+5,Ccr ++s) and pick switch;
7. Leader at t + T,: Check fswt( t+5, Ccr t+5) and pick switch;
8 t=t+1T;

9: end while

1, if HRt+5 - Ct+6” < dthr7

i (10.18)
0 otherwise,

fswt (Rt+5, Ct+6) = {

where dy,, is a chosen distance threshold value, and the follower and the leader use Ci;s =
Cert+s, Cips = éé?t L5 and Ry 5 = Rti s and Ryys = Ryﬁ& obtained from (10.4), respectively.
Having evaluated (10.18) at timestep ¢ + d, the agents decide the role switch trigger accord-
ingly for control design at ¢ 4 7. Since the error between REQ; and REQ s 1s zero (see (10.4)),
the switch happens simultaneously at t+ 7T without any explicit communication, if the leader
has an accurate estimate (10.15). We alternately keep changing the cost in (10.9)-(10.10)
with role switches, penalizing the deviation of the initial leader from Si,;.

Remark 10.3 (Unsynchronized Clocks) If the leader’s and the follower’s clocks are un-
synchronized, the order of operations shown in Algorithm 7 can no longer be ensured. How-
ever, for a small sampling time Ty, the performance of Algorithm 7 does not change notice-
ably. This was observed during the numerical experiments in Section 10.4 with the chosen
value of Ts in Table 10.1. In such cases, check (10.18) may result in two leaders for a fraction
of the sampling time, when both robots apply MPC controllers by solving (10.9)-(10.11).

Remark 10.4 (Imperfect Estimation) If the estimate CCr vvs has large errors, one may
alternatively decide role switches with a fized time period, similar to [125]. In such a case,
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the leader may not include C(EQH& in (10.16), and instead include a time-varying penalty in
(10.9) based on its inferred obstacles.

10.4 Numerical Experiments

We present our numerical simulations in this section. First we detail the problem setup,
and then we compare the results from Algorithm 7 with two alternative strategies. We
consider synchronous clocks for these experiments. The source code is available at in:
github.com/monimoyb/LeadFollowRobots. We use Python 3.7.3 and the SLSQP solver in
SciPy 1.6.

10.4.1 Experimental Setup

The parameters of the problem are shown in Table 10.1. We consider the set of obstacles
in C;; and Cy; as a collection of discrete point coordinates, since we simulate the detection
of these obstacles with a lidar-like angle sweep. Both the leader and the follower record
point cloud information of surrounding obstacles lying within a radius of 1.2 meters, with a
resolution of 3.6 degrees. The critical distance, as defined in (10.6), is chosen as d., = 1.1
meters. We solve the leader’s MPC controller synthesis problem (see Appendix for this

Table 10.1: Table of parameter values. Note, the results presented are after relaxing § < T5.

Parameter | Value | Parameter | Value
my 0.04 kg my 0.04 kg
ll 0.8 m lf 0.8 m
m, 0.01 kg T 0.03 s
der 1.4m K, 0.5
F, 5N 7, 5N
T 0.5 Nm 0 0.02 s
N 3 T 2.7 s

approximation to (10.9)-(10.10)) with semi-definite weight matrices

Qs = diag(120,4,120,4,0,0.01),
Q); = diag(0.05,0.05,0.01),

and with

Siar = [3,0,3.95,0,0,0]7, Sy =[7.5,0,7.2,0,0.1,0].


https://github.com/monimoyb/LeadFollowRobots
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10.4.2 Trajectory Comparison with Alternative Strategies

We now present the results of two alternative strategies and compare them with the ones
from Algorithm 7. In all the following figures, the red dot represents the leader and the blue
dot represents the follower. The red star denotes the target position of the leader.

No Environment Learning

The first strategy is an MPC based standard leader-follower obstacle avoidance strategy
motivated by [120), , , , |, where the leader applies the MPC controller (10.9)-
(10.11), the follower applies (10.8), and the leader does not infer any obstacle information
from the follower’s inputs. So the set of obstacles used by the leader for MPC design is
updated as:

Cl,t—l-Ts — Cl,t U 5Cl,t+Tsa Vt Z O

The trajectory of the joint system with this strategy is shown in Fig. 10.3. The red crosses

4 6 8
Figure 10.3: Trajectory snapshot of the rod without learning obstacles from the follower
inputs. The task fails due to collision.

denote the obstacle points directly seen by the leader, which are successfully avoided. How-
ever, the rod hits the left most obstacle around position (4,6.2) on the follower’s side. This
obstacle remains unknown to the leader, as it is not inferred from follower inputs.
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No Role Switching

The second strategy is similar to Algorithm 7, with the exception that there is no switching of
the leader-follower roles. Such a fixed role assignment is a standard practice in the literature,
e.g., [128, , , ]. As opposed to Strategy 1, here we update the leader’s known set
of obstacles as (10.16), having inferred critical obstacle points (10.15) using the follower’s
estimated inputs. The trajectory of the joint system with this strategy is shown in Fig. 10.4.
The blue crosses denote the follower’s critical obstacle points inferred by the leader. As

4 6 8
Figure 10.4: Trajectory snapshot of the rod with a fixed leader-follower role allotment and
learning obstacles from the follower inputs. The task still fails due to collision.

seen in Fig. 10.4, the follower still collides with the left most obstacle around position (4,6),
despite the leader learning additional blue obstacle points using the follower’s feedback. This
shows that a fixed role allotment here is inhibiting.

Algorithm 7

We now demonstrate the results using Algorithm 7, where we switch the roles of the leader
and the follower using (10.18) and a threshold distance of dy,, = 0.8 meters. The trajectory of
the joint system is shown in Fig. 10.5. As seen in Fig. 10.5, the joint system now successfully
avoids all the obstacles after incorporating the leader-follower switch. After the switch, the
leader directly faces the left most obstacle and collects multiple cloud points on its surface
(the red crosses). These additional obstacle cloud points are missing in Fig. 10.3, where
there is no obstacle inference by the leader, and also in Fig. 10.4, where the leader relies on
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4 6 8
Figure 10.5: Trajectory snapshot of the rod with a switching leader-follower role allotment
and learning obstacles from the follower inputs. The task succeeds.

the follower for inferring only one critical obstacle point (the blue crosses) at a time. The
task also succeeds, as the initially chosen leader reaches Si,, by T = 2.7 seconds.

10.4.3 Multiple Trials with Varying Environment

We now conduct 100 trials with each of the above three strategies, with varying positions
of the left most obstacle and the one at the center of the environment. The variations are
contained in the purple regions shown in Fig. 10.6. The shape and the size of the obstacles
are unchanged, and one of their vertices is chosen uniformly in the shown regions. Successful
trials are only recorded if the joint system avoids all the obstacles and the initially chosen
leader robot reaches a neighborhood of radius 0.5 meters around Si,, within T = 2.7s, i.e.,
90 steps. Table 10.2 summarizes the results. Table 10.2 shows that Algorithm 7 outperforms
the rest with the highest success rate, while reaching the target neighborhood fastest.

10.5 Chapter Summary

We proposed a leader-follower strategy for a two-robots collaborative transportation task in a
partially known environment with obstacles. The leader solves an MPC problem at any given
time with its known set of obstacles to plan a feasible trajectory and complete the task. The
follower’s policy is designed to assist the leader, but also react to additional obstacles in its
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8

4 6 8
Figure 10.6: Zones containing varying obstacle positions with the given joint system’s initial

configuration.

Table 10.2: Strategy comparison across 100 trials. Strategy 1: No Environment Learning,
Strategy 2: No Role Switching, Strategy 3: Algorithm 7. CFT denotes: Collision Free Trials.

Feature Strategy 1 | Strategy 2 | Strategy 3
Successful Trials (%) 0 24 86
Collision Failures (%) 100 56 14

Timed-Out Failures (%) 0 20 0
Avg. # of Steps in a CFT N/A 87 49

proximity which might be unseen to the leader. The difference between the predicted and the
actual follower inputs is used by the leader to infer additional unseen environment constraints.
This is an extension of the constraint learning concept presented in Chapter 8. We also
propose a switching strategy for the leader-follower roles, improving the obstacle avoidance
performance of the joint system in tight environments. In the shown numerical simulation
results, our algorithm outperformed two alternative strategies, obtaining the lowest collision
rate and the fastest average task completion speed.
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Appendix
Tractable Approximation of (10.9)-(10.10)

We first introduce the following notation: let dist(x,C) denote the shortest distance in /5
norm from point x to all points in the set C. Then the approximation of (10.9)-(10.10) is

N

min E
Uy

k=1

(Strrryt — Star)TQs(St+kTs|t — Star)+

d
. s
+ Zﬁ(dlst(ai [ 1’”““} + (1 — i) Rewrapes Cl,t)) + Uy 1y Qiths (h—1) Tt
— S3t+kTs|t
s.t., St+kTS|t = f(St—i-(k—l)Ts\t; Ut4-(k—1)Ts |t Ut+(l<:—1)Ts|t)7
(10.10a) and (10.10c),
Vke{1,2,...,N},
(10.19)
where £(+) is a positive definite cost function and o; € [0, 1] for i € {1,2,...,d} are d sampled
values of the parameter a.

Applying the Follower’s Inputs for Model (10.3)

Recall the follower estimates from (10.4b). As mentioned in Section 10.3.3, the follower

obtains these estimates at ¢ 4 9, denoted by X Z(QF 5 Yg(tf JZ 5 and ;5. The follower then uses

the following equations:

X(f) )A(l(f) + G190, Y/E(tflé = Y ) 4 G20, and 0t+5 =0, + Té with

Lt+0 —

7 (= Foerysals + El 4 mreomps +77)
= ; ,
N . - : 1 .
G1 = —(I;sin 0, T + I cos 0,67) + m(cos Qt(Fal ¢ T Fapi-1,46) — sin Gt(Fp(l{z + Fpri-145)),

N A . . 1
Go = (lycos 0, T — I;sin 6,07) + m(sm 0,(F azz + Fufi—1,45)) + cos Ht( 2 + Fpfi-T.45))s

solves for u; = [F( ) ) Tl(t |7, and applies (10.13). Note, Assumption 10.4 is satisfied, as

al,t’ = plit>
the leader’s inputs appear in the above set of equations linearly and have unique solutions.



CHAPTER 10. DECENTRALIZED ROBOTIC COLLABORATION: AN
APPLICATION OF CONSTRAINT LEARNING 163

Learn Critical Obstacles with Model (10.3) and Policy (10.8)

At timestep t + 26, just after the follower applies (10.13), the leader has access to its state
estimates (i.e., directly measured) using (10.4a). It then uses the following equations:

Xitros = Xiges + @10, Yigsos = Yigrs + Go0, and Opyo5 = Opy5 + T6, with

~ (1 (1
(—Fp(f),t+5lf + Fpiili + 7'},2+5 1) a
J ) Tf,t‘i‘

q1 = —(ll S1n 9t+57- + ll COS 9t+6(9t+5)2)+E(COS 9t+5 X (Fal,t + Fé?’t_,'_é)—Sln 9t+5<Fpl,t + F}ch),t-I—(;))’

7 -

. - : ; L, . A Al

Go = (lycos Oy 5T — I sin €t+5(0t+5)2)+g(sm Oirs X (Fare + Fé}7t+5)) + o8 Oprs(Fpie + F[Ef{tw)),
and solves for ;.5 = [Fa(?’tw,F’IEQFF&%}QM]T. Note, Assumption 10.5 is satisfied, as the
follower’s inputs appear in the above set of equations linearly and have unique solutions.
The leader infers d;,s5 and ¢;.s by solving:

()
bris = — arctan Poravs = Kol (10.20a)
t+6 ~0) _ 5 .
Faf,t+5 KyFa

F2(1 - K,)? F(1 - K»)?

(1 " .9 % 5
||Fc§f),t+6 - K2Fal,t||§ = <—d2 cos” Grrs + £ pE sin® ¢t+5> X (dcr - dt+5)2a
Ccr Ccr

(10.20b)

where F,/, is the axial/perpendicular force constraint, as shown in (10.5). The leader then
uses (10.20) in (10.14) to infer the critical obstacle point using (10.15).
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Chapter 11

Conclusion and Future Work

In this dissertation we presented a set of algorithms for incorporating data-driven learning
in robust MPC in order to lower conservatism and improve controller performance. In the
following sections we present concluding remarks and lay out possible directions for future
extensions of the work presented throughout the dissertation.

Concluding Summary

We primarily focused on model learning, disturbance distribution bound learning and en-
vironment constraint learning. For model learning we developed a set of adaptive MPC
algorithms that adapt both parametric and non-parametric model uncertainties with data
and ensure recursive satisfaction of robust constraints by the MPC. We additionally de-
veloped two novel robust MPC algorithms for LPV systems that can be utilized in these
adaptive MPC approaches. For learning the disturbance distribution support we proposed
a framework that can satisfy bounds on user-specified probability of constraint violations
by the MPC, while avoiding conservative estimates of these support sets. We used this
framework in an output feedback MPC to update the camera noise bounds and enable a
robotic manipulator to play the cup-and-ball game. The manipulator’s catching capabilities
improved in experiments, as the camera noise support was refined with collected data. The
proposed constraint learning framework in the dissertation used nonlinear classifiers to learn
approximations of the environment constraints, satisfying which guarantees the satisfaction
of the true constraints with a user-specified probability. We finally extended this concept of
constraint learning for developing an obstacle inference and avoidance algorithm for decen-
tralized robotic transportation tasks with only partial environment information available to
each of the robots. With detailed simulations we validated that the robots inferred obstacle
information via their state estimates and/or haptic feedback, incorporated this informa-
tion to update their MPC planners, and adaptively switched leader-follower roles to safely
complete the task.
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Future Research Scope

A few very useful future extensions of the proposed work in this dissertation are as follows:
(1) The construction of the invariant sets, Minkowski sum, Pontryagin difference, etc., re-
quired for the theoretical tools presented in Chapter 2-Chapter 9 are rendered impractical
for high dimensional systems. Thus, a set of tractable tools for high dimensional systems
need to be developed. (i7) The disturbance distribution support learning work in Chap-
ter 7 may be extended to incorporate a wider class of distributions. Moreover, for non i.i.d.
disturbances, exploration strategies can be studied and incorporated in the design for data
efficient learning. (7i7) The 2D-planar modeling of the system in Chapter 9 can be extended
to 3D, which will significantly lower modeling errors currently present in the planar model.
(7v) A more useful and generalized version of constraint learning may be attempted using
expert demonstrations, as opposed to relying on potentially expensive constraint violations
as done in Chapter 8. (v) The work in Chapter 10 may be extended to more than two robots.
The assumptions of perfect state measurement are also to be relaxed. This will lead to the
reformulation of the obstacle avoidance problem in terms of a cost or reward learning, as
opposed to exact point-wise inference of obstacles.
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