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Abstract

Reachable sets are used to evaluate system performance and ensure constraint satisfaction
in safety-critical applications while accounting for the effects of input, disturbance, and
parameter uncertainties. However, many reachability approaches are not applicable to
nonlinear systems or hybrid dynamics consisting of both continuous and discrete dynamics.
Furthermore, both computational complexity and set representation complexity grow
rapidly with system dimension and the duration over which sets are propagated. While
computational complexity and set representation complexity can be reduced by over-
approximating reachable sets, approximation techniques can suffer from significant error
as over-approximations are propagated through the dynamics. This dissertation develops
methods to enable efficient reachability analysis of hybrid and nonlinear systems using
a novel set representation, the hybrid zonotope, with sets representing the mapping of
functions called graphs of functions. Examples demonstrate how these methods can
be applied to verify safety and performance of many classes of systems of engineering
interest, including closed-loop systems with advanced controllers.

First, this dissertation proposes methods using graphs of functions, including set iden-
tities for calculating a set of outputs given a set of inputs, and vice versa. For reachability
analysis of an autonomous system, this corresponds to one-step forward and backward
reachability. The computational complexity and memory complexity of the proposed
identities, when executed using hybrid zonotopes, motivates additional contributions.
This includes techniques to represent and approximate graphs of functions as hybrid
zonotopes by leveraging special ordered sets (SOS), and methods to improve scalability
for constructing graphs of high-dimensional functions via functional decomposition.

Then, the proposed techniques are applied to perform reachability analysis of diverse
classes of systems including mixed-logical dynamical (MLD) systems, linear systems in
closed-loop with model predictive control (MPC), discrete hybrid automata (DHA), logical
systems, neural nets, and nonlinear systems. Methods exploit the structure inherent to
many of these classes of systems to generate a functional decomposition, which can be
used to efficiently construct graphs of functions. The reachability techniques for each
class are compared to existing state-of-the-art techniques using benchmark problems
where applicable.

Lastly, the dissertation applies the techniques to set-valued state estimation (SVSE)
and set-valued parameter identification (SVPI). Examples demonstrate how nonlinear
measurement models can result in nonconvex and disjoint sets, and compare results to
an idealized convex approach.

Numerical results demonstrate that proposed methods enable analyses which cannot
be performed with other state-of-the-art tools, such as verification of large initial sets.
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Chapter 1
Introduction

1.1 Motivation and Background

Certifying safety and performance is critical to the development of many engineered
systems, including autonomous vehicles, medical robotics, electrical grids, etc. [1-5].
Simulation over varied initial conditions, disturbances, and parameters allows for testing
of different scenarios but may fail to generate worst-case behavior or reveal critical
design flaws. Therefore, such simulations provide no guarantee of safety. Verification
and falsification refer to the process of rigorously proving a statement, e.g., “the system
will not achieve an unsafe state”. Simulations can be used to falsify such a statement by
counterexample if any simulated trajectory achieves an unsafe state, but in general, a

finite number of simulations cannot be used to verify the safety of a system.

1.1.1 Reachability Analysis

Set-based reachability analysis generates the set of all states a system can achieve from a
set of initial conditions for all admissible inputs, disturbances, and parameters. In lieu of
calculating exact reachable sets, over- and inner-approximations of reachable sets can
often be calculated with reduced complexity at the cost of conservatism. Both exact
and approximate reachability analysis can be used to guarantee safety. For example, if
an exact or over-approximated reachable set of a system does not intersect an unsafe
set, then no individual trajectory can enter the unsafe set and therefore the system is
safe. Similarly, exact and inner-approximations of reachable sets are often used to find
invariant sets. Once entered, no trajectory will leave an invariant set; a property often
exploited to guarantee recursive feasibility of receding-horizon control approaches like

Model Predictive Control (MPC).



Several fundamental approaches for reachability analysis have been developed to
provide guarantees of dynamic system behavior, each relying on different mathematical
methods. Hamilton-Jacobi reachability calculates reachable sets by numerically solving
nonlinear differential equations and is applicable to nonlinear dynamics including hybrid
systems; however, its computational complexity scales exponentially with the system
state dimension as partial differential equations are numerically solved by discretizing
the state space. Techniques to reduce computational complexity decompose the system
into subsystems based on its structure when possible [6-9].

Another approach for reachability analysis relies on generating barrier certificates to
separate reachable sets from unsafe sets using a zero-sublevel set of a function [10,11].
Barrier certificates are constructed such that no trajectory of the system can cross
from negative to positive values of the barrier certificate function. Thus if the initial
condition set is contained within negative values of the barrier certificate function, then
the non-positive values of the barrier certificate function provide an over approximation
of the reachable set. Deriving barrier certificates can be challenging, especially if the
reachable set is close to an unsafe region.

This dissertation focuses on set propagation methods, in which a sequence of reachable
sets, beginning with a set of initial conditions, are calculated using iterative set operations
to propagate the system dynamics forward or backward in time [12]. Depending on the
set representation used, set propagation methods have been shown to scale well with the

state dimension, but may not be capable of ezxactly representing reachable sets.

1.1.2 Set Representations

Set propagation techniques and their performance are highly dependent upon the choice

of set representation. Factors to consider include:

1. Reachable sets, the initial condition set and admissible input, disturbance, and
parameter sets must be able to be represented or adequately approximated by the

chosen set representation.

2. The set representation should be closed under operations used for set propagation.
A class of sets is said to be closed under a given operation if the operation acting

on that class results in a set of the same class.

3. The computational complexity of performing the required set operations and the

complexity of the set representation itself should be considered, as this strongly



determines scalability given limited computational and memory resources.

Common operations used for propagation and analysis of reachable sets include
linear transformations, Minkowski sums, Minkowski differences, generalized intersections,
intersections with halfspaces, Cartesian products, complements, and unions. An overview
of many commonly used set representations with their closure and complexity for various
set operations can be found in [12, Table 1], and the relationship between various sets
representations is depicted in [12, Figure 1]'.

Ellipsoids have been used effectively for reachability analysis, however of the set
operations listed above they are closed only under linear transformation. Because
ellipsoids are convex and symmetrical, for many system dynamics and applications they
provide over-approximations of reachable sets rather than exact sets [13]. Polytopes,
represented either as the intersection of halfspaces (H-rep) or the convex hull of vertices
(V-rep), can represent asymmetrical convex sets. Both H-rep and V-rep are closed under
the set operations listed above, with the exception of unions and complements. However,
Minkowski sums exhibit exponential computational complexity in H-rep and generalized
intersections are NP-hard in V-rep [14].

Polynomial zonotopes [15] and Taylor models [16] express an equivalent class of
nonconvex sets related to polynomial functions, but use different representations. Their
nonconvexity allows for reduced error when approximating nonlinear and hybrid dynamics
as compared to convex methods. Both are closed for key set operations, with the exception
of intersections. Constrained polynomial zonotopes [17] extend polynomial zonotopes to
allow for closure under intersection and union operations, for which identities are known.
Star sets [18] represent an even more general class of nonconvex sets and are closed under
many set operations, however there are no closed-form identities for their unions and
intersections.

Logical zonotopes [19] and their more generalized form, polynomial logical zonotopes
[20], are set representations for reachability analysis of logical systems, e.g., Boolean
functions. Polynomial logical zonotopes are closed under all fundamental Boolean
functions.

The remainder of this section discusses zonotopes, constrained zonotopes, and hybrid
zonotopes, the latter of which is the set representation used within this thesis. Numerical
examples will be used to compare the reachability methods developed for hybrid zonotopes
to the state-of-the-art.

IThe set representation used in this thesis, namely the hybrid zonotope, is not included in the
reference as it was proposed more recently.



Zonotopes are centrally symmetric convex polytopes. They are computationally
efficient for linear transformations and Minkowski sums and scale well to high-dimensional
state spaces. Introduced in 2016, constrained zonotopes [21] extend zonotopes by
introducing linear equality constraints to the set definition. In doing so, constrained
zonotopes can represent asymmetric polytopes (equivalent to H-rep and V-rep) while
still enabling computationally efficient linear transformations, Minkowski sums, and
generalized intersections. Due to their convexity, constrained zonotopes are not closed
under unions or complements.

Hybrid zonotopes further extended constrained zonotopes by introducing binary
factors into the set definition [22-24]. This allows them to represent non-convex sets and
enables closure under unions and complements. Many operations that are closed and
efficient for constrained zonotopes have been extended to hybrid zonotopes, including
linear transformations, Minkowski sums, generalized intersections, intersections with

halfspaces, and Cartesian products.

1.1.3 Set Propagation Techniques for Discrete-Time Hybrid Systems

Hybrid system models have found increased use in recent years due to their ability
to capture mixed continuous and discrete dynamics, such as those exhibited by cyber-
physical systems and logic-based controllers [25]. While they are incredibly expressive,
hybrid system models are inherently complex to analyze. Basic properties of hybrid
systems, such as stability and controllability, are not easily determined from the system
model even in the case of linear hybrid systems [26,27].

Set propagation techniques can be deployed to guarantee constraint satisfaction and
performance of hybrid systems. The forward reachable sets of linear hybrid systems
may be determined using a collection of convex sets by partitioning the state space
into locations separated by guards and applying techniques developed for linear systems
within each location [25,28]. However, successive intersections with guards at each time
step result in worst-case exponential growth in complexity, leading to computational-
intractability for long time horizons. Over-approximation techniques like clustering-based
methods reduce the complexity of sets at the cost of conservatism [29]. The extent of
this conservatism is application-dependent and difficult to quantify [30].

Hybrid zonotopes have been shown to enable scalable closed-form solutions of forward
reachable sets for broad classes of discrete-time linear hybrid systems. This includes
Mixed Logical Dynamical (MLD) systems [22] and linear systems in closed loop with
MPC [23], of which the explicit solution yields piecewise affine (PWA) control laws [31,32].
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MLD systems are equivalent? to many discrete-time hybrid systems including Linear
Complementarity (LC) systems, Extended Linear Complementarity (ELC) systems,
PWA systems, max-min-plus-scaling (MMPS) systems, and Discrete Hybrid Automata
(DHA) [31-33]. Tools for generating equivalent MLD systems, e.g., converting a DHA
to an MLD system using HYSDEL [34], allow for forward reachability analysis of these
equivalent systems by first converting to an MLD system. Previous work does not address
reachability of the classes of systems directly using hybrid zonotopes or the ability to
calculate backward reachable sets or invariant sets.

In general, backward reachable sets of linear hybrid systems are challenging to
calculate. Even for autonomous hybrid systems, there may be many states that converge
to a single state at the following time step, which can cause backwards reachable sets to
grow quickly. This complexity is often compounded when considering disturbances, as
analysis relies on computing or approximating Minkowski differences [35,36]. Similar to
finding forward reachable sets of hybrid systems, backward reachable sets may be found
by considering collections of convex sets within each location, with worst-case exponential
growth in set complexity with time [37,38]. Backward reachability is often used to
calculate invariant sets. Lacking scalable methods to calculate backward reachable sets
under the PWA control laws of MPC, artificial constraints based on the invariant set
under a simpler control law are introduced to ensure recursive feasibility, resulting in
conservatism [31].

Logical systems represent a subset of DHA3, and reachability can be performed using
the techniques developed for MLD systems [22]. Recent work using logical zonotopes and
polynomial logical zonotopes has provided methods for reachability of logical systems
that do not require conversion to an equivalent MLD [19,20]. Previous work using
hybrid zonotopes did not address direct reachability of logical systems, i.e., without first

converting to an MLD.

1.1.4 Set Propagation Techniques for Nonlinear Systems

This dissertation addresses nonlinear system in closed loop with PWA controllers, e.g.,
neural networks using Rectified Linear Unit (ReLU) activation functions. Discussion
herein focuses on the four state-of-the-art reachability tools (CORA [39], JuliaReach [40],

2See [33] for additional assumptions required for LC—MLD, ELC—MLD, MLD—PWA, and
PWA—MLD.

SDHA consist of an event generator (EG), finite state machine (FSM), mode selector (MS), and
switched affine system (SAS). Logical systems can be represented using an FSM only.



NNV [41], POLAR [42])* included in the Artificial Intelligence and Neural Network
Control Systems category of the Applied veRification for Continuous and Hybrid systems
(ARCH) competitions in 2022 [43] and 2023 [44]. In later chapters, benchmark problems
from [43,44] are used to demonstrate and compare the proposed methods to these
state-of-the-art tools.

COntinuous Reachability Analyzer (CORA) [45,46] uses polynomial zonotopes to
approximate the input-output relationship of activation functions and nonlinear dy-
namics. Over-approximated reachable sets are calculated by efficient mappings via the
over-approximated activation functions of the neural network and nonlinear functions
associated with the plant dynamics. JuliaReach [47] converts structured zonotopes to
and from Taylor models, and then performs reachability using structured zonotopes for
the neural network and Taylor models for the plant, to efficiently construct reachable
sets for the closed-loop system. The Neural Network Verification (NNV) tool [41] uses
star sets for efficient computation of exact or approximated reachable sets through
neural networks, and utilizes CORA for nonlinear plant dynamics. The POLynomial
ARithmetic-base (POLAR) framework [42] computes functional over-approximations
of the flowmap. POLAR uses univariate Bernstein polynomial abstractions to address
non-differentiable activation functions.

In most cases, each of these state-of-the-art tools performs well for the benchmark
examples in [43,44], though it is noted that the initial sets for the benchmark problems
are relatively small. Large initial sets pose computational challenges as stated in a
review of set propagation techniques in [12], which includes techniques used by these
tools: “Several challenging research problems remain to be addressed in the field, such as
handling large initial sets for nonlinear systems and many guard intersections in hybrid
systems. Both aspects are especially relevant when verifying systems involving neural
networks.” To avoid these challenges, large initial sets may be partitioned, though for
systems beyond a few dimensions the partitioning itself introduces worst-case exponential

complexity.

1.1.5 Set-Based Methods for State Estimation and Parameter lden-
tification

In addition to safety verification as discussed above, set-based methods can also be used

for state estimation and parameter identification. In contrast to classical approaches for

4Many of these tools contain multiple methods to address different classes of systems, however a
more detailed discussion of each of their capabilities falls beyond the scope of this dissertation.



estimation and identification, such as Kalman filters, set-based methods do not require
knowledge or assumptions about stochastic properties of uncertainties. Instead, set-based
methods only require enclosures that bound uncertainties [48,49]. Numerous techniques
for linear system dynamics are available in the literature, e.g., [21,50], however developing
set-based approaches for hybrid and nonlinear systems has been identified as an open area
for study [51,52]. A key challenge is that most set representations capable of accurately
representing the non-convexities of these systems are either computationally expensive
or not closed under required set operations. Methods that rely solely on convex sets and

linearization can yield conservative results with significant approximation error.

1.2 Contributions

This thesis proposes fundamental theoretic contributions to set-based methods for reach-
ability analysis and demonstrates their utility for verification, state estimation, and
parameter identification of hybrid and nonlinear systems in open-loop and in closed-loop
with advanced controllers. Applications to benchmark systems illustrate the impact of
new methods as compared to the state-of-the-art. The key research contributions are as

follows.

1. Reachability of discrete-time linear hybrid systems: FEnable scalable and efficient

methods for forward and backward reachability analysis of

Mixed Logical Dynamical (MLD) systems,

linear systems in closed-loop with Model Predictive Control (MPC),
Discrete Hybrid Automata (DHA),

logical systems.

2. Reachability of nonlinear systems with neural network controllers: Reduce compu-
tational complexity, memory complexity, and error of over-approximated forward
reachability analysis of nonlinear systems in closed-loop with neural network con-

trollers.

3. State Estimation and Parameter Identification: Reduce approximation error for
set-valued state estimation and set-valued parameter identification in the case of

highly nonlinear models.



The above contributions are achieved using novel techniques that combine graphs of
functions, hybrid zonotopes, special-ordered set approximations, and functional decom-
position. A MATLAB-based toolbox for hybrid zonotopes, named zonoLAB [53], has
also been developed, although it does not yet include all the capabilities proposed in this

thesis.

1.3 Document Organization

The remainder of this thesis is structured as follows. Chapter 2 provides preliminaries
including introducing hybrid zonotopes, set operations, and conversion from vertex
representation. Chapter 3 provides the general framework using graphs of functions
which are constructed using functional decomposition and special ordered sets, and for
which input-output identities are produced. Chapter 4 proposes forward and backward
reachability analysis techniques specific to several classes of hybrid and nonlinear systems
and provides comparison to the state-of-the-art using benchmark examples. Chapter 5
extends the results from Chapter 3 and Chapter 4 for state estimation and parameter
identification of highly nonlinear models and provides comparison to an idealized approach
using convex sets. Chapter 6 concludes the thesis. Figure 1.1 depicts the high-level
connections between the key concepts within each chapter.

The thesis attempts to places results in an order convenient for the reader. In
doing so, contributions of this thesis and its associated publications are often amongst
existing contributions from literature by other authors. In addition to clearly citing each
theoretical and numerical result that is published, each section indicates which results

are considered contributions of this thesis.
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Chapter 2
Preliminaries

2.1 Notation

Vectors and scalars are denoted by lowercase letters, e.g., x € R™. Matrices are denoted
by uppercase letters, e.g., G € R™" . The element in the i row and j*" column of
a matrix G is denoted G(; ;). The i row and j™ column are denoted G(; .y and G(. ),
respectively.

Sets are denoted by uppercase calligraphic letters!, e.g., Z C R", and uppercase
Greek letters, e.g., ® C R™. The topological boundary of a set is denoted by 0Z and
its interior by Z°. The closure of a set is denoted by Z such that Z includes both the
interior and boundary of Z. Subscripts are used to distinguish between properties that
are defined for multiple sets, e.g., n, . describes the complexity ¢ of the representation of
Z while ng,,, describes the complexity g of the representation of V. The n-dimensional

unit hypercube is denoted by
B, ={z eR" | [[zflo <1}, (2.1)
and the n-dimensional constrained unit hypercube is denoted by
BL(Ab) ={x e R": ||z] <1, AL =b} . (2.2)
The set of all n-dimensional binary vectors is denoted by {—1,1}", e.g.,

B 1l

L© is an exception, reserved for computational complexity.
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The concatenation of two column vectors to a single column vector is denoted by
(& &) = [€F €117 and diag(z) yields the diagonal and square matrix with diagonal

elements corresponding to the elements of z € R”, e.g.,

161
diag(z) = | & |, (2.4)

LnCn

where e; denotes the i*" row of the identity matrix.

Bolded 1 and 0 denote matrices of all 1 and 0 elements, respectively, and I denotes
the identity matrix. Subscripts are used to identify the dimension of these matrices when
not easily deduced from context. The interval between two scalars a and b is denoted
[a, b} C RY. A comma is used to distinguish from the matrix [a b} € R1>2,

2.2 Set Operations

This section provides definitions for set operations used throughout the thesis. Given
the sets Z, W, X c IR", Y € R™, and matrix R € IR™*", we define the following set

operations:

RZ={Rz|z€ Z}, (2.5a
ZeoW={z+wl|zeZ weW}, (2.5b
ZeoW={zeR" |z+weZ Ywe W}, (2.5¢
ZNpY={2€Z | Rze )}, (2.5d

ZUW={zeR"|z€ZVreW},
Ze={reR" |z ¢ Z°},

Cx(Z)={xecX|xgZ}, (2.5g

ZxY=A{(zy)lz€Z yel}. (

The linear mapping of Z by R is given by (2.5a), the Minkowski sum of Z and W is
given by (2.5b), the Minkowski difference of W from Z is given by (2.5¢), the generalized
intersection of Z and ) under R is given by (2.5d), the standard intersection for R = I
is denoted by N, the union of Z and W is given by (2.5¢), the closure of the complement
of Z is given by (2.5f), the closure of the complement of Z defined over the set X is
given by (2.5g), and the Cartesian product is given by (2.5h).

11



2.3 Set Representations

This section provides a review of several set representations with emphasis on closure

and complexity of set representations under key set operations defined by (2.5).

Definition 2.1 (Closure of Sets) A class of sets is said to be “closed” if a set operation

acting on that class results in a set of the same class.

Complexity regarding sets and their operations are discussed in two distinct ways,

referred to as “memory complexity” and “computational complexity”.

1. Memory complexity refers to the number of variables required to represent a set in
a particular set representation, e.g., an n-dimensional hypercube can be represented
by 2™ vertices in V-rep. It is also important to consider memory complexity growth

under set operations as a function of the memory complexities of argument sets.

2. Computational complexity refers to how the bound on worst-case run time of a
given computation scales as a function of the memory complexities of arguments.
For example, the computational complexity of vector addition in R"™ is O(n),
meaning that the computation time of vector addition scales linearly with the state
dimension. Computational complexities of set operations are found by summing
the computational complexities of the required calculations. As is common practice,
coefficients and lower-order terms are often dropped for conciseness. A review of

computational complexity can be found in [54].
For a more comprehensive review of set representations, the reader is directed to [12,

Table 1] and [21,22].

2.3.1 Ellipsoids, Convex Polytopes, and Zonotopes

Definition 2.2 (Ellipsoid) Let £,P,Z C R™. The set £ is an ellipsoid if there exists
Q € R™™ and c € R™ such that

€={Q¢+c|EeBy} . (2.6)

Ellipsoids are computationally efficient under linear mapping (2.5a) with complexity
O(max(mn?,m?n)) [55, Section 2.2.1] but are not closed under several key operations

including Minkowski sum (2.5b) and generalized intersection (2.5d).
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Definition 2.3 (Polytope - Vertex Representation) A set P € R™ is a convex
polytope if and only if it is bounded and 3V € R™™ with n, < co such that

P={VA|N>0,Vjie{l,.,n} 1"TA=1}.

When a convex polytope is represented using a collection of vertices as in Definition 2.3,
it is said to be in vertez-representation (V-rep). Polytopes can be equivalently defined

by the intersection of halfspaces as follows.

Definition 2.4 (Polytope - Halfspace Representation) A set P € R" is a conver
polytope if and only if it is bounded and 3 H € R"™*" and f € R™ such that

P={zeR" | Hx < [},

When a polytope is represented by a collection of halfspace constraints, it is said to be
in halfspace-representation (H-rep). Convex polytopes are closed under linear mapping
(2.5a), Minkowski sum (2.5b), and generalized intersection (2.5d). The complexity of
performing Minkowski sum in H-rep is O(2") [56, Table 1] while generalized intersection
in vertex representation is NP-hard due to required facet and vertex enumeration, limiting

its use in higher dimensions [12,14].

Definition 2.5 (Zonotope) The set Z is a zonotope if there exists G € R" " and
c € R" such that
Z={G¢+c|eBy} .

Zonotopes are computationally efficient under linear mappings with complexity O(mn?)
[57, Table 1] and Minkowski sums with complexity O(n) [57, Table 1] but are not closed
under generalized intersection as they are limited to representing centrally symmetric

sets.

2.3.2 Constrained Zonotopes

Definition 2.6 (Constrained Zonotope) [21, Definition 3] Let Z, C R". The set
Zy, is a constrained zonotope if there exists G € R"*™ c € R", A € R™*™ and b € R™
such that

Z.={G{+c| e By, AL =0} . (2.7)

The constrained zonotope is given in constrained generator representation (CG-rep)
and the shorthand notation of Z. = (G, ¢, A, b) C R" is used to denote the set given by

13



(2.7). While zonotopes must be centrally symmetric and are therefore not equivalent
to convex polytopes, the addition of linear equality constraints allows constrained
zonotopes to represent any convex polytope while providing efficient identities for linear
mapping with complexity O(mn?), Minkowski sum with complexity O(n), and generalized

intersection with complexity O(n) [12, Table 1].

Example 2.1 [21] Consider the constrained zonotope Z. = {G., c., A.,b.} C IR? given

by
1.5 —15 05| [o
zc:<[1 . _1],[0],[1 1 1},1>. (2.8)

From the definition of the constrained zonotope, it is clear that the zonotope defined by
Z ={G,,c.} C R? will satisfy Z. C Z, because affine mappings preserve set containment

and a constrained unit hypercube is a subset of a hypercube. This is depicted in Fig 2.1.

—

€3

-1
-1

Figure 2.1: Example of a constrained zonotope.
(a) Constrained unit hypercube B2 (A, b). (b) Constrained zonotope Z. = {G., c., A,,b.},
generated as the affine image of the constrained unit hypercube. This is plotted over
zonotope Z = {G,, c.}, generated as the affine image of the entire unit hypercube [21,
Figure 1]

2.3.3 Hybrid Zonotopes

2.3.3.1 Introduction

The following sections provide preliminaries for the hybrid zonotope set representation
used throughout this thesis, including its definition, set operation identities, and set
conversion identities. The sections contain results from the literature, many of which are

included in [58]. In addition, the following contributions by the author are presented.
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1. Proposition 2.5 presents an identity to reduce memory complexity growth when

computing unions of many hybrid zonotopes.

2. Proposition 2.6 presents an identity for computing the Minkowski difference of a

hybrid zonotope with a zonotope.

3. Theorem 2.1 provides an efficient identity for converting a collection of V-rep
polytopes into a hybrid zonotope. The memory complexity of the resulting hybrid
zonotope grows linearly both with the total number of vertices across all polytopes

and with the number of polytopes.

Remark 2.1 Also note the important work proposed in [22] and later extended in [58]
on exact order reduction techniques for hybrid zonotopes, which is not reproduced in this
thesis.

2.3.3.2 Definition

Definition 2.7 (Hybrid Zonotope) [22, Definition 3] The set Z, C R™ is a hybrid
zonotope if there exists G¢ € R G € R™™ ¢ € R", A° € R"*"s Ab € R"*™ qnd
b € R™ such that

z - {[Gc & [5] +e

A hybrid zonotope is the union of 2™ constrained zonotopes corresponding to the

(2.9)

6] € B x {-1, 1}%,}
A [a] =0

possible combinations of binary factors £ € {—1,1}"™. The hybrid zonotope is given in
hybrid constrained generator representation (HCG-rep) and the shorthand notation of
Z, = (G, G ¢, A¢, A’ b) C R™ is used to denote the set given by (2.9). Continuous and
binary generators refer to the columns of G¢ and G?, respectively. By inspection, a hybrid
zonotope with no binary factors is a constrained zonotope, Z. = (G, ¢, A,b) C R", and a
hybrid zonotope with no binary factors and no constraints is a zonotope, Z = (G, ¢) C R™.

The hybrid zonotope consists of a continuous portion equivalent to that of the
constrained zonotope shifted by contributions from a discrete, finite set. This is depicted

in the following example.

Example 2.2 [58] Consider the hybrid zonotope Z;, = {Gc, GY, c, Ac, A, b} c R? given

by
1.5 —1.5 0.5 1
Zh = < ) )
1 0.5 -1 1
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and shown in Fig. 2.2 where a single binary factor having G = 1 and A® = 1 is added

to the constrained zonotope from a previous example (2.8).

Figure 2.2: Example from [58] of generating a hybrid zonotope by adding one binary
factor to the constrained zonotope (2.8) for G =1 and A° = 1.

(a) Constrained unit hypercube B3 (A¢ b). (b) Constrained zonotope taken as the affine
image of (a), Z. = GB> (A°,b) @ c. (c) Adding one binary factor to the constrained
unit hypercube results in two possible shifts in the hyperplane, A°¢¢ = b — A%? and
Acge = b — A%, one for each entry of the discrete set €2 € {—1,1}. (d) Hybrid zonotope
taken as the affine image of (c) with shifted centers, Z;, = G°B3 (A¢ b — A%b) @ (c +
GP6) U GBS, (A%, b — A°G3) & (c+ G°¢3).

In a second example, a “chessboard” set is used to demonstrate how hybrid zonotopes
make use of binary factors to represent collections of polytopes with significantly lower

memory complexity than if represented using convex polytopes.

Example 2.3 Consider the hybrid zonotope Z;, = {GC, G c, A, A, b} c R? given by

Zh:d H ’[8

o

,0,0,0), (2.11)

o= O
== O

O o=
O N
O B

Q0| 00—
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and shown in Fig. 2.3. The set is the union of 32 zonotopes, each corresponding to

1

z 0] |0

< [8 1] , [0] > shifted by various combinations of binary generators. The fifth binary
8

generator encodes coupling between the dimensions, which gives the checkered pattern. To

represent this set as a collection of convex sets would require 32 convex sets, whereas a

single hybrid zonotope represents the set compactly with only 7 generators (2 continuous,

5 binary) and no constraints.

-1
-1 0 1

Figure 2.3: “Chessboard” set given by the compact representation of the hybrid zonotope
defined in (2.11).

The chessboard could be represented as a collection of 32 V-rep polytopes with 4 vertices
per polytope, as a collection of 32 H-rep polytopes with 4 halfspace inequalities per
polytope, or as a collection of 32 G-rep/CG-rep polytopes with 2 generators per polytope.

Example 2.3 provides a simple example of the memory complexity advantages of
hybrid zonotopes, though it may not yet be clear how to extend hybrid zonotopes beyond
shifting convex sets in a structured way. Later results including conversion of collections
of V-rep polytopes into a hybrid zonotope and utilizing functional decomposition will

further highlight the expressiveness of hybrid zonotopes.

2.3.3.3 Analyses

This section includes point containment, emptiness, and support function sampling
that are commonly used to analyze reachable sets for the purposes of verification and
falsification. This section specifically discusses these analyses in the context of hybrid

zonotopes.
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Proposition 2.1 (Point Containment) [58, Proposition 3.2.8|

For any Z;, = <GC, G ¢, A, A°, b> c R",
& z—c
= . (212
o[ e

Proposition 2.2 (Emptiness) [58, Proposition 3.2.8]
For any Z;, = <GC, G c, A, A, b> Cc R",

Ge G

c b n
zEZh</:>{H£Hoo§17£E{_171}b Ac Ab

Proof Omitted for brevity. See [58, Proposition 3.2.8].

2040 = {I€)o <1, & e{-1,1}™

Acge+ A = b} £ (2.13)
Proof Omitted for brevity. See [58, Proposition 3.2.8].

For hybrid zonotopes, checking for point containment and emptiness can be seen from
Proposition 2.1 and Proposition 2.13 to require solution of mixed-integer linear feasibility
programs (MILPs).

Calculating support functions is another set analysis tool commonly used to eval-
uate sets in the directions of constraint functions and/or to construct convex over-

approximations. The support function is defined generally as follows.

Definition 2.8 (Support Function) The support function of a set Z C R™ in the
direction [ is
px(l) = max {lTx ‘ x € X} , (2.14)

and it holds that X C H,; for the supporting halfspace
Hy ={zeR"|I"z< pz,(1)} . (2.15)
The support function of a hybrid zonotope Z;, = <GC, G c, A, A, b> C IR" can be

evaluated by solving the MILP,

(2.16)

ce¢ce beb
pzh<l>=max{lT(GC£C+Gb£b+c A€+ AP = b, }

) ‘ HSCHOO <1 ) fb € {_17 1}nb
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The support function evaluated for each direction [y, ls,...ly is denoted

px(l)
px(L)=| , (2.17)
px(In)

WhereL:[Zl ly - ZN}.

Remark 2.2 The analysis of hybrid zonotopes is significantly more computationally
expensive than that for convex sets, e.g., constrained zonotopes require solving linear
programs (LPs) rather than MILPs. However, hybrid zonotopes admit closed and efficient
identities for nonconvex sets in many instances where convex approximation would incur
unacceptable error, as is demonstrated using numerical examples in Chapter 4 and
Chapter 5. Furthermore, structure inherent in the hybrid zonotope representation such as
underlying binary trees can be analyzed and leveraged by MILP solvers like GUROBI [59]

to increase computational speed.

2.3.3.4 Set Operations

Hybrid zonotopes have been shown to be closed and have identities under linear mapping,
Minkowski sum, generalized intersection, generalized halfspace intersection, Minkowski
difference, union, Cartesian product, and bounded complements. Identities for each are

presented herein, with the exception of bounded complements [24, Section IV].

2.3.3.4.1 Linear Mapping, Minkowski Sum, Generalized Intersection, and
Generalized Halfspace Intersection

The identities for linear mapping, Minkowski sum, and generalized intersection of
constrained zonotopes from [21, Proposition 1] can be extended to hybrid zonotopes by

accounting for the additional binary constraint, as proven in [22, Proposition 7].

Proposition 2.3 (Linear Mapping, Minkowski Sum, Generalized Intersection,

and Generalized Halfspace Intersection) [22, Proposition 1]

For any
Z) = (G5, G e, AS, AL D) (2.18)
Wh = (GS, G, ¢, AS,, A% b)) C IR™, (2.19)
W = <G27 GZ? Cy7A;7A27 by> c R™ y (220)
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ReR™™, and (2.21)
H ={recR™|h'z < f}, (2.22)

the following identities hold:

RZ), = (RGE, RGY, Re., A%, ALb. ) | (2.23)

zh@wh=<[c:g Gol.[ct Gh e+ ew, f‘(l)i f?fu | f(l)’; jgj 7 2w]> (2.24)
AS 0 A0 b,

2R Yh =<[G§ 0[,[¢ of.c.i| 0 Az || 0 A || b, > (2.25)

RGS —GS| |RGY —GY| |¢y— Re.
AS 0 Ab b. >
f—hTRe, — 4

hTRGS

i I

Zn R H- = <[G5 R W' RG!

(2.26)

Ny, 2

Ng,z
dy = f —h"Re. + > [BTRgD| + 3 |h" Rg>)] .
=1 =1

Proof Omitted for brevity. See [22, Proposition 7].

The time complexity of linear mappings given by (2.23) is O(mn(ny + np)). That of
Minkowski sums given by (2.24) is O(n), and that of generalized intersections given by
(2.25) is O(mn(ny, +np)) and O(n) when R = I,,. The time complexity of generalized
halfspace intersections given by (2.26) is O(mn(n, + ny) and O(n(n, +ny)) for R = L,.

2.3.3.4.2 Unions of Hybrid Zonotopes

The closure and identity for the union of two hybrid zonotopes is as follows.

Proposition 2.4 (Union) [24, Proposition 1]

For any

Zn, = (G, G c., AS, A b)) C R, and (2.27)
Wh = (G, G? e, AS, AL ) C R™, (2.28)

define the vectors G* € R", é € R™, AZ e R"*, b, € R"*, AZ, € R™", and b, € R™",

such that
I I||GY G1+c,
—I I||é¢

G’1 + ¢y
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—1 I|[AY | b
I I||b| |=Av1|’
1 1| [Ar]  [-Aa
I I||by| | b

Then the union of Z5 and W, is the hybrid zonotope

ZyUW, = (G, GY ey, AS, A% b)) C IR™, where

Go=|cs @, o],Gh=ct G &) ec=¢,
A2 0 0 AL o A b.
s I A bs
[T 0] 0o 0o l1] [11]
1 1
7 0 0 0 31 71 (2.29)
0 I 0 o0 —31 31
0 I 0 0 -i1 i1
A5 = A= 2=
0 O i 0 i1 0
0 0 -3 0 31 1
0 o0 o ir -i1 0
|0 0| | 0 —iI —11) | 1]

Proof The proof is given in [24, Proposition 1] and is omitted here for brevity.

Note that the number of constraints grows rapidly when Proposition 2.4 is used itera-
tively, e.g., U, W, as the number of additional continuous generators and constraints
in (2.29) is dependent on the size of the argument sets [58, Equation 3.32], resulting
in increasing memory complexity growth in these variables with each iteration. Only
one binary generator is added per union operation. An alternative identity for unions
that is advantageous when taking the union of many hybrid zonotopes is presented in

Proposition 2.5. It is important to note that (2.29) is used to execute the union in (2.30).

Proposition 2.5 (Efficient Union of Many Hybrid Zonotopes)
Consider the hybrid zonotopes given by

_ c b c
Zp; = <Gz7i7 Gz7i7 Czi Az,ia

Ab by cR™, Vie{l,2,..,N}.

2,09 Y250
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Their union is given by

U = ( ) U {0}, (2.30)

Dt 0 (@), g [)). e

Proof By applying the set operation definitions for linear transformations and unions,
(2.30) yields

bi € {O, 1} )
Z.
U, = ’ Z; ifb; =1 . 2.32
[bi] z; € / ( )

Thus the right side of (2.31) gives

b; €{0,1}, Vi e {1,2,..., N},
N 27{\;1 bl =1 )
i 2.33
Z; € , Vie {1,2,,N}

Use of the additive identity and reasoning from the constraints on b; that there exists

exactly one i such that b; = 1 completes the proof. 0

When executed with hybrid zonotopes, the memory complexity of unions by (2.31) is
proportional to the total complexity of all Z;. Example 2.4 demonstrates key concepts
associated with the identity (2.31) and Example 2.5 compares the growth in memory

complexity to iterative use of the identity given by (2.29).
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Example 2.4 Consider the four hybrid zonotopes given by

Zl - <I27®7 [; 7®7®7®> )

Z2 - < ! ! 7®7 [_3] 7(2)7@7 ®> )
_—1 1_ -3
[_1 0 0_ [_5

Zy = 2 R T 1

3 <__2 _% O_Jq)a_ g]a{ 1 1 1]7®) >7

[ R [ 5

Z4Z< ’ i ’ 7®7 g] 7|:_1 -1 _1})®a1>7
L2 3z 0 |2

and plotted in Figure 2.4(a). The hybrid zonotope resulting using the union identity (2.31)
is plotted in Figure 2.4(b), though significant insight into the identity is provided by plotting
an intermediate result shown in (c), @, U; with the third dimension corresponding to
how many sets are “chosen” The plot demonstrates the Minkowski sum of combinations
of 21, 29, Z3, and Z4. We briefly adopt standard “n-choose-r” notation (), where
N = 4 corresponds to the total number of hybrid zonotopes. Fach value in the third
dimension of Figure 2.4 (c) relates to r, e.g., for r = 1 the Minkowski sum where only
one set Z; is chosen, and the remaining sets are the origin, which corresponds to the
union. This gives insight into the generalized intersection in (2.31) with {1}. Forr =2
there are six convex sets plotted which correspond to (3) potential Minkowski sums of two

sets from four possible sets, given by

21D 2y, 21D 23, Z1D2y, 29D Z3, Z9D 24, and Z3D Zy.

Example 2.5 In this ezample, consider N zonotopes Z; € R* | Vi€ {1,2,..., N}, each

with two generators, i.e., ng; = 2. The union

Z, (2.34)

-

Ly =

=1

is calculated using two methods for N € {2,3,...,20}. Method 1 (M1) iterates over (2.29)
and Method 2 (M2) calculates the union via (2.31). Resulting memory complezities are
plotted in Figure 2.5 demonstrating the memory complexity advantages of Method 2.
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Figure 2.4: Example of supplemental union of hybrid zonotopes using (2.31).
(b) shows the resulting hybrid zonotope from the union of the sets Z;, Vi € {1,2,3,4}
plotted in (a) using the identity given in (2.31). (c) plots an intermediate set which relates

toall (3), (1), (3), (3), (1) combinations for the Minkowski sum of Z;, Vi € {1,2,3,4}.
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Figure 2.5: Memory complexity growth comparison of two methods to compute unions
of hybrid zonotopes.
M1 uses iterative unions by (2.29) and yields quadratic growth in n, and n.. M2 calculates
unions via (2.31), which results in linear growth in n, and n.. Both M1 and M2 result in
linear growth in n.
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2.3.3.4.3 Minkowski Difference with a Zonotope
The identity for a Minkowski difference of a zonotope from a hybrid zonotope is given

in Proposition 2.6.

Proposition 2.6 (Minkowski Difference with Zonotope) [60, Proposition 1]

s Jw

the Minkowski difference Z4 = Z, © W is a hybrid zonotope computed by the recursion:

20 =2, — cu, (2.35a)
zi = (25 +d) n (250 -4 (2.35b)
2y =20 (2.35¢)

Proof The proof mirrors that for Minkowski difference of zonotopes [35, Theorem 1].
There, only the subtrahend VW is specified as a zonotope, while the minuend 2y is an
arbitrary set. The hybrid zonotope’s closure under Minkowski sums and intersections

allows the recursion (2.35) to be generated through a finite number of set operations. O

Time complexity of Minkowski differences given by Proposition 2.6, dominated by
vector addition, is O(nngy,,). Complexity of the resulting set, Zg, is ngq = 2"9n,p,
Nyqg = 2"vnyp, and neqg = 2"9vn., + nng,,. These can be derived by applying the

Minkowski sum and intersection operation results of [22].

2.3.3.5 Exact Set Representation Conversions

This section overviews methods to exactly convert between common polytope repre-
sentations (H-rep, V-rep, CG-rep) and hybrid zonotopes. Many sets are naturally and
efficiently expressed as a collection of polytopes, e.g., polytopic obstacle maps in two
dimensions [61]. While hybrid zonotopes can compactly represent complex? sets and
have efficient identities for many set operations, it can be challenging to construct a
hybrid zonotope to represent a complex set of interest. This section presents methods to

convert sets represented as a collection polytopes to a hybrid zonotope.

2.3.3.5.1 Collections of CG-rep Polytopes to HCG-rep  Conversion from a
single CG-rep to HCG-rep is trivial, i.e.,

(G<, e, A, bY = (G, 0, ¢, A, 0, b) . (2.36)

2unions of exponential numbers of polytopes

26



Once each CG-rep polytope is converted to a hybrid zonotope, a single hybrid zonotope can
be obtained either by iteration of (2.29) or by the identity given in (2.31). Computational

advantages of the latter are discussed in Example 2.5 and preceding text.

2.3.3.5.2 Collections of H-rep Polytopes to HCG-rep

The conversion from H-rep to HCG-rep first generates an interval, represented in
HCG-rep for each H-rep polytope such that each H-rep polytope is contained within its
corresponding interval. Then halfspace intersections (2.26) are enforced on each interval
to generate an equivalent HCG-representation for each H-rep polytope. Finally a single
hybrid zonotope can be obtained either by iteration of (2.29) or by the identity given
in (2.31). Computational advantages of the latter are discussed in Example 2.5 and
preceding text.

The process to convert an H-rep polytope to HCG-rep, which is a natural extension

of [21, Theorem 1], is now summarized for the H-rep polytope

hy 1
h

H={x .ng‘ﬁ CR". (2.37)
hnh fnh

Single H-rep Polytope to HCG-rep

1. Generate a set P such that H C P. This can be achieved by sampling the support

functions

= py( 1)
z=—pu(-1,)
and generating the zonotope
. r—x\ T+x
P = <d1ag< 5 ), 5 > ) (2.38)

which by construction is the interval hull of H. Note that sampling the support

functions to generate z and x requires solving 2n linear programs.
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2. Trivial conversion to HCG-rep is given by

P = (diag(*55), 0, T35, 0,0, 0) (239)

2.3.3.5.3 Collections of V-rep Polytopes to HCG-rep

Theorem 2.1 (V-rep Collection to Hybrid Zonotope) [62, Theorem 5]
A set S consisting of the union of N V-rep polytopes, S = UNP;, with a total of n,

vertices can be represented as a hybrid zonotope with memory complexity

ng = 2n, ,
Ne =Ny + 2.
Proof Define the vertex matriz V = [vy, ..., v,,] € R"™™ and construct a corresponding

incidence matriz M € R™*N with entries M;; € {0,1}, Vi, j, such that

01], ifje{k| My, =1}

Pi=qVA | >‘j < {O}, if j € {k‘ | M(k,i) = 0} 7 : (2'41)
173 =1

Define the hybrid zonotope

S B

and the polyhedron H = {h € R™

h <0}, and let

D=9Ng,, -mH. (2.42)
Then the set S is equivalently given by the hybrid zonotope
Zs=|v 0o|D. (2.43)

By direct application of set operation identities provided in [22, Section 3.2], it can be
shown that Zs has the complexity given by (2.40). The remainder of the proof shows
equivalency of Zs and S. For any (\,d) € D there exists some (£¢,€%) € B x {—1,1}¥

28



such that 1T &6 = 2 —n,, 13 = 2 - N, X = 0.56° + 0.51,,, § = 0.56" + 0.51y,
and N\ — M§ € H = X < Mé. Thus X € [0,1]™, § € {0,1}, ¥\, = 1, and
Zfil 0; = 1 results in 0; = 1 == 0j2 = 0. Let §; = 1, then A < Mo enforces
N€[0,1], Viel{k | Muy =1} and \j; =0V j € {k | My, = 0}. Therefore given

any z € Zg corresponding to d; = 1,
Z = Z)\j’l)j 5 \V/j S {k? | M(kﬂ) = ]_} s (244)

thus z € P; CS and Z¢ C S.
Conversely, given any x € S, 3 i such that x € Py =Y A\jv;, ¥V j € {k | My, = 1}.
This is equivalent to (2.44), therefore x € Z5, S C Zs, and Zs = S. O

Applying Theorem 2.1 results in complexity O(n(n, + N)?), both improving the
computational complexity and memory complexity of representing a collection of V-rep
polytopes as a single hybrid zonotope as compared to pre-existing methods. The pre-
existing approach would be to convert each polytope from V-rep to H-rep to HCG-rep,
and then take iterative unions using the method given in [24]. However, this would
involve greater computational complexity as conversion between V-rep and H-rep alone
has worst-case exponential computational complexity [21], and produces a set with
memory complexity that scales quadratically with the number of polytopes. Furthermore
Theorem 2.1 allows for the intuitive representation of sets as hybrid zonotopes through

the use of the vertex matrix and incidence matrix, as demonstrated in Example 2.6.

Example 2.6 Consider a vertex matriz V = [v1,va,v3] consisting of the vertices of a
triangle. The set of vertices, the set of points along the edges of the triangle, and the
convez hull of the vertices can be found as a hybrid zonotope using Theorem 2.1 and the

respective incidence matrices

Mvertices = I3 ) Medges =

=,
— = O
_ o =
s
I
—_ = =

2.3.3.6 Approximate Set Representation Conversion

Set complexity often grows as set operations are performed, as can be seen for all set
operations in Section 2.3.3.4 except for linear mappings. One method to curb growth in
memory complexity is take a convex over-approximation of the set. First we define an

interval over-approximation.

29



2.3.3.6.1 Interval Over-approximation of HCG-rep Consider the hybrid zono-

tope Z;, = (G, G, c,, A, Ab. D).
1. Generate a set P such that Z;, C P. This can be achieved by sampling the support

functions
= pz( L)
z=—pz(-I,)
and generating the zonotope
. (T—x\ THZT
79:<d1ag< 5 ), 5 >,

which by construction is the interval hull of Z. Note that sampling the support

functions to generate r and x requires solving 2n MILPs.

2. Trivial conversion to HCG-rep is given by
(2.45)

More generally, convex

2.3.3.6.2 Polytope Over-approximation of HCG-rep
..., x| are generated as

approximations for arbitrary support function directions L = [l
follows. Consider the hybrid zonotope 2, = (G¢, G?, c., A, A b.)

1. Construct an interval approximation via (2.45).

2. Sample the support function in the desired directions, i.e.,

f = th(L) .

3. Generate the polyhedron
H:{m |LT$§f} :

4. The convex over-approximation 2 is given by

Z,=PNH. (2.46)
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Chapter 3
Graphs of Functions

This chapter presents results for graphs of functions. Section 3.1 defines graphs of
functions, presents identities to calculate a set of outputs that are achievable for a
function given a set of inputs, and vice versa. These are fundamental methods used
in this thesis to compute reachable sets in Chapter 4 and perform set-valued state
estimation and parameter identification in Chapter 5. The promising computational
complexity and memory complexity growth of the input-output identities when sets are
represented using hybrid zonotopes motivates following sections. Section 3.2 provides
several methods to construct hybrid zonotope graphs of functions using special ordered
sets (SOS). Section 3.3 presents methods to extend results in Section 3.2 to sets in
higher dimensions using functional decomposition and Section 3.4 provides several hybrid

zonotope representations for several common functions.

3.1 Definition and Input-Output Identities

Consider a set-valued mapping ¢ : D, — D, which assigns each element p € D, C R"»
to a subset of D, C R™. A graph of a function is defined as the set of ordered pairs

associated with ¢ and the domain D, as follows.

Definition 3.1 (Graph of a function) Given a set-valued mapping ¢ : D, — D, the
graph of the function ¢, denoted ®, is defined as

€
o= ‘ a€op) | (3.1)
q peD,
A graph of the function ¢ = sin(p) for D, = [O , 2%} is shown in Figure 3.1, along

with the sets D, and D,.
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Figure 3.1: Example graph of a function for ¢ = sin(p).
The sets D, and D, are also shown projected onto the axes and sin(p) is plotted over a

larger domain than D,,.
Using graphs of functions, the set of outputs given a set of inputs, and vice versa, are

given by the identities' presented in Theorem 3.1 and Theorem 3.2, respectively.

[63, Theorem 2]

Theorem 3.1 (Input Set to Output Set)
If the set of inputs satisfies P C Dy, then the set of outputs, defined as

Q={qlqecop), peP},

can be calculated using the graph of the function ¢, ® = {(x, ¢(x))|x € D,}, as

o=[o I,] (cp 1, 79) (3.3)

Proof Direct application of the definitions of generalized intersection and linear trans-

formation to the right side of (3.3) yields

o 1] (q’ﬂ{lnp 0] 7’) ={g¢lac o), pePND} .
By the assumption P C D, = PND,="7P. O

Similar identities specific to reachable sets of hybrid systems were first presented by the author in [60]
Later they were used for nonlinear reachability in [62]. In [63] they were generalized to input-output

identities as presented here.
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The assumption that P C D, is not restrictive as ® can be constructed for a domain
of interest D,,.
Continuing the example above, Figure 3.2(a) demonstrates how (3.3) can be used to
Sm

calculate the set of outputs Q given a set of inputs P = {F : %”} If (3.3) is used when

the condition that P C D, in Theorem 3.1 is not met, e.g., P = [37“ , 37r} Z D,, the
identity yields the set of outputs corresponding to the set P N D,. An example of this is

shown in Figure 3.2(b) and the proof is the first line of the proof for Theorem 3.1.
Theorem 3.2 (Output Set to Input Set) [63, Theorem 3]

The set of inputs Pp, within a region of interest D), and consistent with the output
set Q, defined by

Po,=1{p |l qedlp), ¢ Q, peD,}, (3.4)

can be calculated using the graph of the function ¢, ® = {(z, ¢(x))|x € D,}, as

Po, = |I, 0 (@ m[o L) Q) . (3.5)

Proof By direct application of the definitions of generalized intersection and linear
transformation, the right side of (3.5) yields (3.4). O

The condition on the input set of (3.4) that p € D, is not restrictive as ® can be
constructed for a domain of interest D,. An example of calculating an input set, given

an output set and graph of a function is depicted in Figure 3.3.

3.1.1 Set Representations for Graph of Function Input-Output lden-
tities
In this section, set representations are considered for use with the input-output identities
presented as (3.3) and (3.5). The identities in (3.3) and (3.5) use linear transformations
and generalized intersections, therefore the chosen set representation should be closed
and ideally computationally efficient and scalable for these operations. Furthermore, the
set representation must be able to represent the graph of functions of interest. When
the function is nonlinear, it becomes important that the set representation can capture
nonconvexities and potential discontinuities inherent to its graph.

In addition to hybrid zonotopes, other set representations such as sublevel sets,

constrained polynomial zonotopes [17], and polynomial logical zonotopes [20] exhibit
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Figure 3.2: Example of input set to output set via graph of a function (3.3) for ¢ = sin(z).
(a) The identity (3.3) is used to calculate the set of outputs Q achievable given a

set of inputs P = [%’T, %T} The condition that P C D, in Theorem 3.1 is met as

[‘%’T , %”} cDh,= [O , 27r}, shown in Figure 3.1. (b) If (3.3) is used when the condition
that P C D, in Theorem 3.1 is not met, e.g., P = [37“ , 37r} Z D,, the identity yields
the set of outputs for the intersection P N D,. Grey dashed lines correspond to the
generalized intersection and linear transformations in (3.3)

some/all of these properties for various functions. Sublevel sets are expressive, but their

general representation often makes order reduction and analysis challenging. Constrained

polynomial zonotopes appear to be a viable set representation for the input-output
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Figure 3.3: Example of output set to input set via graph of a function (3.5) for ¢ = sin(z).
Note that the resulting set of inputs Pp, is both nonconvex and disjoint. Grey dashed

lines correspond to the generalized intersection and linear transformations in (3.5).

identities but cannot exactly represent PWA functions of interest to this thesis. Logical
zonotopes are limited to use with logical systems. The interested reader is referred

to [12, Table 1] and references therein for alternative set representations.

3.1.1.1 Hybrid Zonotopes for Graph of Function Input-Output Identities

The remainder of this thesis uses hybrid zonotopes for three reasons. Firstly, the use of
hybrid zonotopes to execute the identities given in (3.3) and (3.5) results in linear growth
in memory complexity. Specifically, the identities in (3.3) and (3.5) of Theorem 3.1 and

Theorem 3.2, respectively, result in memory complexity

Theorem 3.1 Theorem 3.2
Ngq = Ngp T Ng¢ Ngp = Ngq T Ngg
Mg = Mpp T Nbg 5 Nbp = Mg T Nbg 5

nc7q = nc,p _'_ nc7¢) + n ? ncyp = nc’q + ncyd) + n.

Secondly, the computational complexities of (3.3) and (3.5) scale linearly with n, and
ng. Thirdly, later sections will show how piecewise-affine approximations of nonlinear

functions, such as SOS approximations and neural net approximations, can be represented

exactly and efficiently using hybrid zonotopes.
A fundamental challenge is that a given set representation and its operations can
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only achieve computation of exact input and output sets for a limited class of functions
[64]. Tt follows that graphs of functions can only be ezactly computed for a limited
class of functions. To obtain formal guarantees for a broader class of functions, over-
approzimations of graphs of functions can be computed instead. To this end, Corollary 3.1
extends the previous results by considering the effect of using an over-approximation of

the graph of a function.

Corollary 3.1 (Effect of Using an Over-Approximated Graph of a Function)
For the identities (3.3) and (3.5) provided by Theorem 3.1 and Theorem 3.2, respectively,
if ® is replaced with an over-approzimation ®, then the identities will instead yield

over-approximations of the left sides.

Proof Set containment is preserved under linear transformation and generalized inter-

section. [l

Corollary 3.1 motivates the following section on SOS approximations, which can be
used to generate hybrid zonotope over-approximations of graphs of nonlinear functions.
Furthermore, the classes of functions for which hybrid zonotopes can be implemented

can now be formally stated.

Corollary 3.2 (Exact Graph of a Function Using HCG-rep) Hybrid zonotopes can
exactly represent the graph of a function if and only if the graph of a function is the

union of a finite number of polytopes.

Proof A hybrid zonotope can represent any polytope (Theorem 2.1 provides a constructive
proof) and hybrid zonotopes are closed under union (Proposition 2.4), which implies that
a hybrid zonotope can represent the graph of a function if the graph of the function is
the union of a finite number of polytopes. If the graph of a function is not the union of
a finite number of polytopes, then it can be reasoned that there does not exist a hybrid
zonotope that can exactly represent the graph of the function. This is because a hybrid
zonotope is the union of 2™ constrained zonotopes corresponding to each combination of

binary factors, and constrained zonotopes are polytopes. 0

Corollary 3.3 (Over-Approximated Graph of a Function Using HCG-rep)
Hybrid zonotopes can over-approximate a graph of any function if and only if the graph

of the function is bounded.

Proof A hybrid zonotope is the union of 2™ constrained zonotopes corresponding to

each combination of binary factors, and constrained zonotopes are polytopes. Therefor
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hybrid zonotopes cannot represent unbounded graphs of function. Furthermore, if a set
is bounded, then there exists a polytope that contains the set.> Any polytope can be

represented as a hybrid zonotope (Theorem 2.1 provides a constructive proof). 0

Corollary 3.2 and Corollary 3.3 are the provide necessary and sufficient conditions for
using hybrid zonotopes to represent exact and over-approximated graphs of functions.
Later sections will use of hybrid zonotopes to represent graphs of functions for several
classes of hybrid and nonlinear systems wherein the ability to represent each class of
system will be discussed in detail.

In Corollary 3.3, the restriction that the graph of the function applies to both the
input and output space of the function, i.e., hybrid zonotopes cannot represent the graph
of a function where D, is unbounded, nor can they represent the graph of a function if
dz € D, such that ¢(z) is undefined.

While the proof of Corollary 3.3 uses the existence of a single polytope, in practice
such an approximation often would incur lead to large approximation error. The following
section on special ordered set approximation presents more sophisticated methods for

over-approximating graphs of nonlinear functions.

3.2 Special Ordered Set Approximations

3.2.1 SOS Approximations Using Hybrid Zonotopes

Piecewise affine approximations, and related theory [30,65], provide fundamental tools
used for system identification [66,67], control of nonlinear systems [38, 68, 69], and
reachability of nonlinear systems [70, 71].

Special Ordered Set approximations, a type of PWA approximation, were originally
developed to approximate solutions of nonlinear optimization programs by replacing non-
linear functions with piecewise-linear approximations [72]|. Herein an SOS approximation
is defined equivalently to the definition given in [73, Section 1.2]. An incidence matrix
is introduced to mirror the structure given to collections of V-rep polytopes earlier in
(2.41).

Definition 3.2 (SOS Approximation) An SOS approximation S of a scalar-valued
function g(x) : R® — R is the union of N polytopes, i.e., S = UN,P;. The collection

of polytopes is defined by a vertexr matriz V. = [vy,...,v,,] € ROTDX yhere v; =

2e.g., the interval hull of the closure of the set
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(zi,9(x;)) , Vi, and a corresponding incidence matriz M € R™*N with entries M;;) €
{0,1}, V14,7, such that

e { { (ki) = 1}

. = J . .

Pi= VA ‘ 0}, ie{k| Muy=0} (- (3.6)
17x=1

(I, O]P)° N [L, O]P; =0, Vi#j,and (3.7)

"My <n+1, Vie{l,..,N}. (3.8)

The set of points x;, i € {1,...,n,} are referred to as the sampling of the first n
dimensions. Each polytope P; given by (3.6) is the convex hull of the vertices given
by V. corresponding to the index of all entries of M. ;) that equal 1. The constraint
(3.7) enforces that none of the simplices’ interiors “overlap” while allowing for sharing
of topological boundaries. The constraint (3.8) enforces that P; will be at most an
n-dimensional simplex (17M.;) = n + 1) and a lower dimensional simplex otherwise
(1"M.;) <n+1).

Example 3.1 Consider y = sin(x) for x € [—4,4]. An SOS approzimation with 11

evenly spaced breakpoints is given by vertex matriz

| ~3.2 28 ... 4
B sin(—4) sin(—3.2) sin(—2.8) ... sin(4)
and incidence matrix
I 0
M= 10 + 1x10 ‘ (39)
0110 Iy

The first column of the incidence matrix
T
May=1[1 10 - 0

corresponds to one section of the SOS approximation for the domain x € [—4, —3.2],
which is a 1-dimensional simplex. The SOS approximation is plotted in Figure 3.4. Dotted
vertical lines correspond to breakpoint locations and the domains between breakpoints

correspond to the 10 columns of the incidence matriz M (3.9).

Because SOS approximations are the union of a finite number of polytopes, they can

be exactly represented as a hybrid zonotope. Furthermore, because SOS approximations
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Figure 3.4: SOS approximation of y = sin(z) for x € [—4, 4] with 11 evenly spaced
breakpoints.

Dotted vertical lines correspond to breakpoint locations and the domains between
breakpoints correspond to the 10 columns of the incidence matrix M (3.9) and 10 1-
dimensional simplices.

are defined by their breakpoints, they are conveniently written as a collection of polytopes
in vertex representation, which can be efficiently converted to a hybrid zonotope using

Theorem 2.1 with resulting memory complexity

ng = 2n, , (3.10)
ny =N, (3.11)
Ne ="My + 2. (3.12)

3.2.2 Hybrid Zonotope Over-approximations for Graphs of Nonlinear

Functions

By accounting for the worst-case error of the approximated graphs of functions, generated
as SOS approximations or otherwise, hybrid zonotopes that contain graphs of nonlinear
functions can be generated. The following result does not depend on the use of HCG-rep,
though hybrid zonotopes have efficient identities for linear mapping and Minkowski

summation used in (3.14).

Corollary 3.4 (Construct Envelope Given Error Bounds) Given an approzima-
tion B(:U) of a scalar-valued function h(x) : R™ — R, its corresponding graph of a function
H defined over the domain Dy, and an error bound given by the interval [a,b] such that

h(z) € [h(z) 4+ a, h(z) + 0] for all x € Dy, an over-approzimation of the graph of h(x)
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over the domain Dy

y = hlz) } (3.13)

is given by

la, b] - (3.14)
Proof Defining the right side of (3.14) as H,

Hz{ }

By assumption, h(z) € [h(z) + a, h(x)+b] for all x € Dy,. O

x] ‘ [ x € Dy,
Yy y € [ﬁ(x) + a, ﬁ(x) + b)

3.2.2.1 Bounding SOS Approximation Error

Corollary 3.4 assumes that bounds [a, b} on the approximation error are known. Gen-
erally, for a function h(z) approximated over a domain by a PWA approximation h(z),

error bounds can be posed as the mixed integer nonlinear programs

a= 56116191(1 h(x) — h(z) (3.15)
b= max h(x) — h(z) (3.16)

where X is the domain of the approximation. In general these programs are challenging to
solve, though by decomposing functions into unary or binary functions, as will be proposed
in Section 3.3, (3.15) and (3.16) only need to be solved for z € R! or R?. Additional
properties such as whether h(x) is continuous, differentiable, convex, or concave can
significantly reduce the complexity of solving (3.15) and (3.16). Error bounds for affine
approximations of some nonlinear functions can be found in [74, Chapter 3], e.g., for
22 a closed-form solution to (3.15) is found by leveraging the convex and differentiable
properties. In the case of PWA approximations, the process can be repeated for each
partition of the domain and the worst-case error bounds should be used.

Example 3.2 demonstrates the construction of a hybrid zonotope over-approximation

of the graph of a nonlinear function.
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Example 3.2 Consider the SOS approzimation given in Example 3.1 of y = sin(x), = €
[—4, 4}. Using error bounds provided in [73, Proposition 3.2] over each piece of the
PWA approzimation, it can be shown that £ = {a, b} = {—0.07367 0.0736} provides

adequate error bound, i.e.,
h(z) € [h(z) +a, h(z)+0] (3.17)

where B(x) is the PWA approzimation defined by linear interpolation between breakpoints.
Thus, a hybrid zonotope enclosure of the graph of sin(z) for over the domain x € {—4, 4}
is created by representing S as a hybrid zonotope and applying Corollary 3.4. The resulting
set is plotted in Figure 3.5

e P ]

NJITTATNC
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qt \/ —S
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-4 3.2 2.4 -1.6 -0.8 0 0.8 1.6 24 3.2 4
X

Figure 3.5: Hybrid zonotope over-approximation of the graph of the function y = sin(z).
Dotted vertical lines correspond to breakpoint locations and the domains between
breakpoints correspond to the 10 columns of the incidence matrix M (3.9). A hybrid
zonotope over-approximation is generated by representing S using Theorem 2.1 and
applying Corollary 3.4.

3.2.3 Unary SOS Construction

Due to the sampling of breakpoints in the input space, SOS approximations require
additional tools to avoid exponential scaling with the number of inputs. This is addressed
in Section 3.3 using functional decomposition methods, which allow for the composition
of unary and binary functions to represent higher-dimensional functions. Specific results
for “separable” functions allow for representing common binary functions, e.g., xy, % and
x¥, by affine combinations of unary functions. The remainder of this section provides

methods to construct SOS approximations of continuous unary nonlinear functions.
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A trivial and often inefficient placement of breakpoints is to uniformly sample the
state space given a fixed number of breakpoints. Many methods exist to generate PWA
approximation for different classes of functions. The methods in [75-79] all solve nonlinear
optimization programs to determine coefficients to minimize various forms of error, e.g.,
least-squares or maximum bounds. Alternatively, the methods presented here generate
SOS approximations with a tolerance and interval domain set by the user, and the
algorithms use as many breakpoints as are required.

When constructing SOS approximations, the resulting memory complexity, defined
by the number of breakpoints, and the computational cost of constructing the SOS
approximation must be considered. Two approaches are considered including 1) a
technique that produces minimal resulting complexity but is computationally expensive
to generate, and 2) a technique that is computationally efficient at the expense of
added memory complexity. The proposed methods allow for the construction of hybrid
zonotopes that contain a nonlinear graph of a unary function and limit the memory
complexity of the resulting sets, though these techniques have uses outside the scope of

hybrid zonotopes.

3.2.3.1 Method 1 (Bisection Advance):

The first technique is given by Algorithm 1 and summarized as follows. Lines 1-2:
Initialize the index k, first breakpoint x;, and assign € to the maximum error associated
with a domain spanning [z;,Z]. Line 3: Check if = is the last breakpoint. Line 4:
Initialize upper, lower, and cut values for a bisection method. Line 5: Check if the
bisection method has converged. Lines 6-15: Evaluate the maximum error with an
upper bound associated with the region spanning [z}, m| and reassign bisection upper,
lower, and cut values appropriately. Lines 16-18: Assign next breakpoint x5, equal
to the lower bound, ensuring tolerance satisfaction, update the error for the domain
spanning [zyi1,Z], and increment k. Line 20: Assign xj,; as the final breakpoint. A
visual depiction of the algorithm is shown in Figure 3.6.

The evaluation of the maximum error using the function evalErr(f(-), [z, m]) is

defined in general by

evalErr(f(-), [zx,m]) = max |f(x)— f(x)], (3.18)

z€[z),m]
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where f(z) is given by the SOS approximation on the domain [z}, m] as

- m) — f(x
fx) = fag) + M(l‘ —xp) . (3.19)
m — T
In general, the evaluation of (3.18) requires solving a nonlinear program. Additional
properties such as whether f(x) is continuous, differentiable, convex, or concave can

significantly reduce the complexity of solving (3.18).

Algorithm 1: Generate SOS approximation (C°). Given: continuous unary
scalar-valued function f(-), output error tolerance 7, breakpoint tolerance ¢,
input domain z € [z, Z].

Result: Vector of breakpoints x
1k 1,21+ 2
2 e < evalErr(f(-), [z, Z])
3 while e > 7 do

4 | Lz, u—T,m+ (L+u)/2
5 while u — ¢ > 0, OR e > 7 do
6 e < evalErr(f(-), [z, m])
7 if e < 7 then

8 ‘ <+ m

9 else if e > 7 then

10 ‘ U4 m

11 else

12 ‘ l4—m, u<+m

13 end

14 m 4 (0 +u)/2

15 end

16 Tpy1 L

17 | e < evalErr(f(.), [Tri1, Tu)
18 k+—k+1
19 end

20 Tl & T

3.2.3.2 Method 2 (Thrice Differentiable Functions):

Algorithm 2 assumes f(+) is a thrice differentiable unary scalar-valued function, and a

bound on the magnitude of the third derivative over the domain is given by

ds > max |f"(z)|. (3.20)

z€(z,7]
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Figure 3.6: Bisection-based construction of SOS approximation.
Method 1 (Algorithm 1). (a) Bisection to determine x5. (b) Bisection to determine x3.
(¢) The upper bound = 27 satisfies the error tolerance therefore the bisection method
to find the next breakpoint is not required and Algorithm 1 terminates.

Algorithm 2 exploits these assumptions and leverages a closed-form bound on the error

presented in Theorem 3.3.

Theorem 3.3 Given a thrice differentiable unary scalar-valued function f(-) over a
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domain x € [z, Z|, and a bound on the third derivative d3 over the domain (3.20), then

max /() ~ f(2)) < D@ -2+ L@ -2y, (3.21)

z€[z,7]
where dy = | f"(x)|.
Proof The proof begins with the result given in [80, Theorem 4.1], modified to match

notation herein and specified to f(-) : R — R,

e \f(:r) @) < maXze[gf |f" ()] (% — &)2 ' (3.22)

z€(z,7]

By the fundamental theorem of calculus and triangle inequality

f”(ji) :f”(l’)—l-/:j f”/<t) dt,
@ =1+ [ a,
<17 @)+ [ o) dr

< 1"(@)] + max [0z~ 2) (323)

Replacing the mazimum magnitude of the second derivative in (3.22) with an upper bound
given by (3.23) yields (3.21). O

Algorithm 2 is summarized as follows. Line 1: Initialize index k, first breakpoint z1,
and magnitude of the second derivative at the current breakpoint. Line 2: Assign € to
the error bound associated with a domain spanning [z, Z|. Line 3: Check if z is the
last breakpoint. Lines 4-5: If z is not the last breakpoint, assign the next breakpoint
Zry1 to the largest real solution of

d d

f(xkﬂ — ) + f(xkﬂ —a)? =7, (3.24)

which falls in the domain [z, Z]. Note that the function roots(c(z)) simply returns the
three roots sy, sy, and s3 of a cubic polynomial ¢(x). Lines 6-9: Update the error bound
€ and d, associated with the last breakpoint x;,; and increment k. Line 10: Assign &

as the final breakpoint.

Remark 3.1 The variation in breakpoint separation is obtained by updating ds, e.g.,

when dy is small, the next x,1 can be further away.
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Algorithm 2: Generate SOS approximation (Thrice Differentiable). Given:
thrice differentiable unary scalar-valued function and its second derivative f(-),
f"(+), output error tolerance 7, input domain z € [z, Z|, and a bound on the
magnitude of the third derivative ds > max,cpz) |f" ()]

Result: Vector of breakpoints x

ke L e, dy = | )

2 €< C{TS(E — 1) + %2(:7: — x1)?

3 while e > 7 do

4 {s1, 82,83} < rOOtS(%’(QJ — ) + dz'z(x —z)?— 1)
5 Ty = max(s) s.t. s € [z, 7] N {s1,52,83} NR

6 dy < | f"(z11)]

7 e B(T—ap1)> + (T — 2p11)?

8 k<« k+1

9 end

10 Tgyq < T

3.2.3.3 Comparison of SOS Construction Methods

Figure 3.7 compares construction of SOS approximations using Method 1 and Method 2
in computation time and the number of breakpoints for the functions and domains given
in Table 3.1. Method 1 is slower to compute but produces SOS approximations with
fewer breakpoints for all the functions tested. Because the techniques in this thesis will
be directed at problems solved offline, lower resulting complexities using Method 1 are

often worth the longer computation times.

Table 3.1: Functions and domains used to compare Method 1 and Method 2 for SOS
construction.

Function || sin(x) | x | x | 1/x
Domain || z€[0,2a] | =z€[-55 | z€[-55 | ze€[L10]
Because the number of breakpoints is discrete, as the tolerance is varied the number
of breakpoints required to achieve the tolerance will “jump” at critical tolerance values.
This is demonstrated in Figure 3.8 for SOS approximations of sin(x), = € [0, 27| using
Method 1 ( Algorithm 1). Dotted lines are projected onto the tolerance axis to indicate
critical tolerance values. For a given interval of tolerances, the number of breakpoints
does not vary. Red points indicate the tightest tolerance achievable given a specified
number of breakpoints. The results in Figure 3.8 were obtained by uniformly sampling

the logarithm of the tolerance 500 times. Critical values of tolerances in red correspond to
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Figure 3.7: Comparison of SOS Construction Methods.
Method 1 (Algorithm 1) and Method 2 (Algorithm 2) for constructing SOS approximations
for various functions and domains given in Table 3.1). (a) and (b) show the number
of breakpoints and computation time, respectively, as a function of tolerance. Across
all functions tested, Method 1 is significantly slower to compute than Method 2, but
constructs an SOS approximation with a specified error tolerance using fewer breakpoints.

solutions of optimal placements of breakpoints given a specified number of breakpoints.
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Figure 3.8: Number of Breakpoints required to meet a specified tolerance for the function
sin(z) « € [0, 27] using Method 1 ( Algorithm 1).
Dashed lines indicate values of tolerances at which the number of breakpoints “jumps”.

3.3 Functional Decomposition

3.3.1 Introduction and Definition

The Kolmogorov-Arnold Representation Theorem [81,82] proves that every multivariate
continuous function can be written as the composition of continuous functions of a
single variable and addition. In [83], the authors represent function decompositions via a
parsing tree and describe an algorithm to generate parsing trees. Additionally, [76,83]
define separable functions as those which can be expressed as the sum of functions of a
single variable, and show how such functions are easily decomposed into unary functions.
Work to approximate nonlinear optimization programs uses functional decompositions to
avoid exponential scaling of SOS approximations [73,74] .

The following form of a functional decomposition is modified from [73]. A gen-

eral nonlinear function h(z) : R® — R™ is decomposed by introducing intermediate
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observables

x;, if je{l,...,n},
wj =4’ J et J (3.25)
hj(wjl{ijQ})7 lfje{n+17an+K}7

where j1,72 < j, giving

Wp+K—m+1

h(z) =
wn-‘,—K
The first n assignments directly correspond to the n elements of the argument vector
x, assignments n + 1,...,n + K are defined by the unary function or binary function h;,

and the final m assignments are associated with h(x). In the case that h; is unary, the

second argument is omitted.

Remark 3.2 Because hybrid zonotopes are closed under linear mapping, functional
compositions are also allowed to admit functions h;(-) that have more than two in-
puts, provided the function h;(-) is an affine function of lower-indexed variables, i.e.,

wg, VEk < j.

Example 3.3 Consider inverted pendulum dynamics given by

Zt‘l . To
j]g %sin(xl) + %

with gravity g = 10, length | = 1, mass m = 1, and moment of inertia I = mi®> = 1.

, (3.26)

The continuous-time nonlinear dynamics are discretized with time step h = 0.1 using a

} . (3.27)

A functional decomposition of To(xy) is shown in Table 3.2. For a chosen Dy = Dy X Dy X

2" _order Taylor polynomial T (xy,) given by

x2 ) sin(z1 ) U
Tik+ 95 T 50 T 200

. T, cos(T1 k) u
Dok + sin(wy ) + 25— + &

7-2(9%) = {

D3, bounds on the intermediate and output variables can be found by domain propagation

via interval arithmetic.
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Table 3.2: Functional decomposition of 75 (3.27)

w; h Dy

Wy = L1k [_47 4]
Wo = T2k [_& 8]
Wy = Uy [—20, 20]
wy sin(wy) [—1,1]
ws cos(wy) [—1,1]
We W5 W2 [_8’ 8]
e wy + B+ o+ 5 [—4.95,4.95]
Wy wy +wy + Y2 4 58 [—11.4,11.4]

3.3.2 Construction of High-Dimensional Graphs of Functions

The Kolmogorov-Arnold Representation Theorem proves the existence of a functional
decomposition for continuous multivariate functions. This allows for a theoretical scaling
of the approaches herein in spite of the fact that functional decompositions are system
specific and are not unique. Unfortunately, decompositions based on the Kolmogorov-
Arnold Representation Theorem are not always immediately obvious. This section first
provides identities to construct high-dimensional graphs of functions assuming a functional
decomposition is given in addition to graphs of functions for each nonlinear unary or binary
function within the decomposition. Then the computational and memory complexity
of the identities is analyzed assuming decomposition based on the Kolmogorov-Arnold
Representation Theorem.

While Theorem 3.4 addresses nonlinear functions with a single vector argument x, it
is easily applied to functions with multiple arguments by concatenating arguments into a

single vector.

Theorem 3.4 (Construct Graph of a Functional Decomposition) [62, Theo-
rem 4| Consider a general nonlinear function h(z) : R™ — R™ and its decomposition
(3.25). Define the set H as

wy (wy,we, ..., wy,) € Dy,
: wj = hj(wp{, wpt), o - (3.28)
Wnex|' Vie{n+1,..,n+ K}

Ny
Il
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Given D; D [ej|H, Vj=n+1,...,n+ K, and

We1
Wer{, W € Dp{xDyp},
He = e (wer {, wea}) n{*xDp} | (3.29)
w we = hy(wer{, we})
¢

forte{n+1,..,n+ K}, then H is given by initializing Hi.,, = Dy, iterating K times

Hiw = (Hie-1 x Dg) N H, . (3.30)

€n

{ew}

€¢
After K iterations, the result is given by H = Hinik -

Proof From Hi., = Dy and (3.30),

w1 (wl,wg,...,wn) S DH7
Hinyx = : w;eD;, Vje{n+1,..,n+ K}, . (3.31)
Wnt+ K wj:hj(wjl{,wjg}), \V/] S {n+1,,n+K}

The constraint w,11 € Dyyq is redundant given that (wy, ws, ...,w,) € Dy and w; =
hj(wji{,w;2}) for j = n+ 1, and therefore can be removed. The same is then true
Vie{n+2 ..,n+ K}, yielding H as defined by (3.28). O

Corollary 3.5 addresses the special case when the decomposition includes affine

functions.

Corollary 3.5 (Efficient Construction of Affine Observables) [62, Corollary 1]
Consider a general nonlinear function h(zx) : R™ — R™, its decomposition (3.25), the
set H defined by (3.28) and the recursion (3.30). For all ¢ where hy(-) is affine, i.e.,
he(wer{, wee}) = mpwa{+mem we} + by where me, {mpn}, by are scalars, the set H is

equivalently given when (3.30) is replaced by

I_ 0
7‘[1;( = [ =t ] Hl;gfl + bg . (332)

meren {+mmep}

3Domains D; D [e;]H, Vj =n+1,...,n+ K can be found as intervals using domain propagation.
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Proof The proof only requires recognizing that mgwe{+mye we}t + by = he(we {, we})
when hy(+) is affine to arrive at (3.31) and then follows the same procedure as the proof
of Theorem 3.4. O

Although Corollary 3.5 is written for unary or binary affine functions, it is easily
extended to functions with an arbitrary number of arguments, i.e., hy(wy,...) = by +
> mywg;. Applying Corollary 3.5 can reduce the memory complexity of H (3.28) when
implemented with hybrid zonotopes. This is because the affine transformation in (3.32)
does not increase the memory complexity of the hybrid zonotope, whereas the generalized
intersection in (3.30) does. This is the reasoning for allowing affine functions in functional
decompositions to have more than two inputs (see Remark 3.2).

Often, the intermediate observables created in the process of functional decomposition
do not need to be retained as dimensions of the final set. Therefore, Corollary 3.6 provides
an identity to remove intermediate observables, only retaining dimensions corresponding

to the n arguments and m outputs of h(x).

Corollary 3.6 (Remove Intermediate Observables in Graph of a Functional
Decomposition) [62, Corollary 2] Consider a general nonlinear function h(x) : R™ —
R™ and its decomposition (3.25). Given the set H as defined by (3.28), the graph of the

function h(zx) defined over input domain Dy is given by

Rl e

Proof By definition of the linear transformation, the right side of (3.33) yields

_ " -
(w17w27 s 7wn) € D'Ha
W,
o ‘ wj = hj(w;i{, wyp})
e Vie{n+1,..,n+ K}
Wn+K
Substitution of hi(-), YV je{n+1,...,n+ K} yields the desired result. O

Corollary 3.7 (Constructions using Over-Approximated Sets) For the identities
(3.30), (3.32), and (3.33) provided by Theorem 3.4, Corollary 3.5, and Corollary 3.6
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respectively, if argument sets are replaced with an over-approzimations, then the identities

will instead yield over-approximations of the left sides.

Proof Set containment is preserved under linear transformation and generalized inter-

section. O

Example 3.4 A functional decomposition of xj1 = cos(wsin(xy)) over a domain Dy =
[—m, 7| and its visual representation are given by Table 3.3 and Figure 3.9, respectively.
Over-approzimations Ho and Hs are constructed using SOS approzimations and closed-
form solution error bounds from [74], which are combined using Corollary 3.4. The effect
of over-approximation per Corollary 3.7 is demonstrated in Figure 3.9(e)-(h). In Figure
3.9(d) and (h), Corollary 3.6 is used as the last step in construction of the state-update

set & and its over-approzimation ®, which are shown in magenta.

Table 3.3: Functional decomposition and domain propagation of xj1 = cos(wsin(xy))
over a domain Dy = [—7, 7).

w; H, D;

wy = xy, [—7, 7]
Wy 7 sin(w) [—7, 7]
W3 = Tyl cos(wy) —1, 1]
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Figure 3.9: Visual depiction of functional decomposition and Theorem 3.4 applied to
Zpy1 = cos(msin(zy)) with the decomposition shown in Table 3.3.

Subfigures (a-d) show the exact case while subfigures (e-h) show the effect of using
over-approximations Ho C Ho, and Hy C Hs.
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3.3.2.1 Avoiding the Curse of Dimensionality

This section provides a theoretical bound on the memory complexity of the graph of
the function given by Theorem 3.4 and Corollary 3.5 to quantify the scalability of the
proposed methods with respect to the state dimension and number of vertices used to
approximate nonlinear functions.

Consider a general nonlinear function h(z) : R® — R™. It is assumed that the
functional decomposition consists of n intermediate observables corresponding to the
dimensions of z, K,s¢ intermediate observables corresponding to multivariate affine
functions, and K intermediate observables corresponding to nonlinear functions that
are unary or binary. The set of indices such that h,(+) is nonlinear is denoted N'. Assuming
Dy; and Dy are intervals, the memory complexity of H as constructed by Theorem 3.4
and Corollary 3.5 in terms of complexities of Hy, V¢ such that h(-) is nonlinear, is given
by

Ngy =N + KNL + Z NgH, (334)
LeN
NpH = Z T, Hy s (3.35)
LeN
2 if hy(+) is unary,
Ney = Z (Neg, +10), o= (3.36)
teN 3 if hy(+) is binary .

The computational complexity of constructing H using Theorem 3.4 and Corollary 3.5
is dominated by the Ky generalized intersections in the recursions of (3.30). Each
generalized intersection has computational complexity O(¢(n, + n;)), where n, and n,
grow with the complexity of H,.

For a given system, the functional decomposition plays a critical role in both the
computational and memory complexity of building a graph of the function. This presents
a challenge to quantifying the scalability of the proposed approaches with the state
dimension as it can be expected that K will grow with n. This challenge is exacerbated
when considering that functional decompositions are dependent on the system and are
not unique, i.e., multiple functional decompositions exist for a single system.

In order to provide a theoretical bound for the proposed method, let us assume that
a decomposition based on the Kolmogorov-Arnold Representation Theorem [81,82] is

performed for each h;(z), Vi € {1,...,m}. Then the number of unary nonlinear decom-
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position functions is given by Ky, = 2mn? + mn and no binary nonlinear decomposition
functions are required. Assuming that each unary nonlinear decomposition function is
approximated using an SOS approximation with n, vertices, the resulting complexity of

‘H is given by

ngy =n+ (2mn* +mn)(2n, + 1),
nyy = (2mn* +mn)(n, — 1), (3.37)

Ney = Smn® + 4mn .

It is clear from (3.37) that the memory complexity of H scales as a polynomial with n,
avoiding the exponential growth associated with the curse of dimensionality. In compari-
son, any method that sampled the n-dimensional space to generate an approximation
would scale as n), not including any additional complexity incurred to generate H from

those samples.

3.3.3 Automated Functional Decomposition

This section presents methods to automate production of a functional decomposition in
the form of (3.25) from an expression in infix notation, which represents mathematical
operators placed between operands. The process uses an existing algorithm to convert
from infix notation to another standard notation, and then presents a novel algorithm to
convert the result to a functional decomposition. The proposed approach addresses two
challenges when constructing functional decompositions, namely removing redundant

observables* and avoiding excessive decomposition of unary functions.

3.3.3.1 Reverse Polish Notation

Infix notation is commonly used to represent mathematical expressions with operators
placed between operands, e.g., © 4+ y * z. Reverse Polish Notation (RPN), also referred to
as reverse Likasiewicz notation and postfix notation, represents a mathematical expression
with operands preceding their operators. The Shunting Yard algorithm (SYA) [84] uses

precedence and associativity to parse infix notation and outputs an equivalent expression

“Redudant observables are referred to as multiple presence in [74].
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in RPN, e.g.,

Infix Notation SYA RPN

(3.38)
r+y Xz — T Yz X
The SYA can similarly handle functions, e.g.,
Infix Notation SYA RPN (3.39)

2

3xyxcos(x)) — 3yxcos 2 A X X

Each number, variable, operator, and function is referred to as a token. The RPN
expressions in (3.38) and (3.39) have 5 and 8 tokens, respectively. To read RPN, start
at the left of the expression and push tokens onto a stack until a operator or function
token is reached. Then pop the appropriate number of tokens off of the stack, perform
the operation to produce a single token, and push the resulting token to the stack. The
process is repeated until there are no remaining tokens in the expression and the result

is on the stack.

3.3.3.2 RPN to Functional Decomposition (Scalar-valued Function)

A string of tokens is denoted by £ and &; denotes the first token of £. As tokens are
pushed or popped to a stack, the value of & changes. For ease of notation and without
loss of generality, it is assumed that the input variables of the expression of interest are

wy, ...w,, where n, is the number of input variables.

Algorithm 3: RPN to Functional Decomposition. Given: a string of n tokens
£ in RPN.

Result: Function Decomposition
1 k+n,+1
2 while £ is not empty do
3 while &; is a number or a variable do
4 ‘ push &; to stack.
5
6

end

pop tokens from stack associated with the operator or function &;, form
observable expression and save as wy.

E+—Fk+1

8 end

EN|

Algorithm 3 provides and automated method to convert a string of tokens in RPN

into a functional decomposition of the form (3.25) by leveraging the order of operations
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and evaluations of sub-expressions to generate observables. Algorithm 3 has two apparent
flaws when used with piecewise affine and piecewise polytope approximations, which are

described as a) redundant observables, and b) excessive decomposition of unary functions.

3.3.3.2.1 Redundant Observables First, consider the expression
sin(w;) + sin(w;)? . (3.40)
The SYA yields the RPN expression
wy sin w; sin 2 A + (3.41)
and Algorithm 3 gives the functional decomposition

Input: w,
w3 = sin(wy) ,

wy = sin(wy) , (3.42)

2
U}5:w4,

We = Wy + Ws .

Note that w3 and w,4 are redundant as they represent the same quantity. When consid-
ering use of the functional decomposition with piecewise affine or piecewise polytopic
approximations of nonlinear functions, this redundancy should be avoided because 1) un-
necessary complexity will be accrued in approximating the quantity sin(w;) twice instead
of once, and 2) for piecewise polytopic approximations, ws and w, will be uncoupled,
i.e., values within over-approximations of ws and w4 are not required to be equal to
each other given the same w;. This motivates a modification of Algorithm 3 to avoid
constructing a functional decomposition containing redundant observables.

Algorithm 4 builds on Algorithm 3 and addresses redundant observables by introducing
a check to see if an equivalent observable already exists. New observables are only created
if an equivalent observable does not already exist. Applying Algorithm 4 to the RPN

expression given in (3.41) results in the more compact functional decomposition

Input: wy

w3 = sin(wy) , (3.43)
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2
’LU4:U)3,

Wy = W3 + Wy -

Figure 3.10 and Table 3.4 demonstrate the accuracy and memory complexity benefits of
accounting for redundant observables (Algorithm 3 vs. Algorithm 4). In this case, hybrid
zonotope over-approximations of the nonlinear sinusoidal and quadratic observables are

generated using the following steps.

1. Algorithm 1 generates breakpoints for an SOS approximations of sin(z) and x?

with tolerances of Tgn(z) = 0.1 and 7,2 = 0.01.

2. Using Theorem 2.1, the SOS approximations of sin(x) and z? are represented as

hybrid zonotopes.

3. Using Theorem 3.4, Corollary 3.5, and Corollary 3.6, over-approximated graphs of
sin(w; ) + sin(wy)? are computed for resulting functional decompositions given by
both Algorithm 3 and Algorithm 4.

Because Algorithm 3 creates a redundant observable, the resulting hybrid zonotope
is both less accurate and more complex than achievable with Algorithm 4. Table 3.4
provides complexities of the resulting graphs of functions without and with using hybrid
zonotope order reduction methods [22,58]. Checking for redundant observables comes
with computational cost, as Algorithm 3 scales with the number of tokens n as O(n)
whereas Algorithm 4 scales as O(n?), however this is often negligible compared to the

benefits of a more accurate and compact functional decomposition.

Table 3.4: Memory complexity of hybrid zonotope over-approximations of graphs of
sin(wy) + sin(wy)? with (3.43) and without (3.42) redundancy in the functional decom-
position.

Memory Complexity
(”gvnlhnC)
(58,24, 36)
(53,19, 32)cq
(43,18,26)
(39,15, 23)eq

Decomposition

Algorithm 3

Algorithm 4
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—sin(w; ) + sin(w; )*

B Algorithm 3
Algorithm 4

un

Figure 3.10: Hybrid zonotopes generated using functional decompositions with and
without redundant observables.

Over-approximations of the graph of a function of (3.41) obtained using functional
decompositions generated by Algorithm 3 and Algorithm 4 are shown in cyan and
dark blue, respectively. Both over-approximate nonlinear functions with identical error,
however Algorithm 4 is obtained without redundant observables, leading to less error
and lower memory complexity.

3.3.3.2.2 Excessive Decomposition of Unary Functions  Consider the expres-

sion

cos(sin(wy X wq)) + sin(cos(sin(w; X wy))) + sin(wy X wy) .
The SYA yields the RPN expression

w1 We X sin cos wy wg X sin cos sin + w; we X sin + (3.44)
and Algorithm 3 gives the functional decomposition

Inputs : wy, woy,
w3 = wy X W ,
wy = sin(ws) ,
ws = cos(wy) , (3.45)
wg = sin(ws) ,
W7 = Ws + We

wWg = Wy + Wr.
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Algorithm 4: Modified RPN to Functional Decomposition. Given a string of n
tokens £ in RPN

Result: Function Decomposition: wy, ..., Wy, +x

1 k=n,+1

2 while £ is not empty do

3 while &; is a number or a variable do

4 ‘ push &; to stack.

5 end

6 pop tokens from stack associated with the operator or function &£ and form

candidate observable expression, w..

7 | if w.#w;, Yie{l,...,k—1} then

8 Save wy, = w,

9 k< k+1

10 else

11 Substitute previously defined and equivalent observable for w,. and push to

stack.

12 end
13 end

A more concise decomposition may be realized by combining wy, ws, wg, wyr, €.g.,

Inputs : wy, woy,

w3 =wi X Wq ,
wg = sin(cos(sin(wz))) .. . (3.46)

+ cos(sin(ws)) + sin(ws) .

Graphs provide a convenient and powerful representation to detect and reduce excessive
unary decompositions. The example is briefly set aside to introduce and review graphs
as they are used within this thesis.

A directed graph G, not to be confused with a graph of a function, consists of a set of
ny vertices V = {Vi, V,,...,V,, } and a set of ng directed edges E which connect pairs
of vertices. The structure of G can be represented by an adjacency matrix A € R™v>*"v

where

1, if there exists an edge from V; to V} ,

Aij -
0, otherwise .
If there exists an edge with vertex V; as its tail and vertex V; as its head (i.e., 4;; = 1),
then V; is a successor of V; and V; is a predecessor of V;. Herein, the adjacency matrix is

not symmetric, yielding a “directed” graph. The transpose of a graph, G’, is a directed
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graph with the same vertices as G, but with edges of opposite orientation. For a vertex
Vi, the number of edges entering it, referred to as its indegree, is denoted by d~(V;), and
the number of edges leaving the vertex, referred to as its outdegree, is denoted by d* (V).
A walk is an ordered list of vertices Vi, Vs, ..., Vi where A; ;41 =1, Vi € {1,...,k — 1}.
A reverse walk, also called a moonwalk [85], is the walk of the transposed graph, G'. A
directed graph is said to be acyclic if VV; € V| there exists no possible walk from V; to
itself.

The more compact functional decomposition of (3.46) as compared to (3.45) allows
for the approximation of fewer nonlinear functions, reducing the number of nonlinear
approximations that need to be made. These excessive unary decompositions can be
detected and eliminated by representing the functional decomposition structure as a
directed acyclic graph. For example, the composition of (3.45) can be represented as a

graph with adjacency matrix

0010000 0
00100000
00010000
q_[0000 1001 (3.47)
00000T1T10
000000T1O0
00000001
00000000

where A;; € {0,1} and A, ; =1 <= w; is an argument of h;(-). The associated graph
of (3.45) represented by adjacency matrix (3.47) is plotted in Figure 3.11.

Detection of an excessive unary decomposition can be achieved by finding a pair of
vertices, V; and Vj, @ # j, such that observable w; is only a function of w;. Then, the
subgraph between V; and V; can be replaced by a single edge which captures the unary
function composition. The proposed detection process, given as Algorithm 5, starts by
forming two sets for each vertex. The first set, W;, is the intersection of travelled vertices
on all forward walks from V; and the second set, M;, is the intersection of travelled
vertices on all reverse walks from V;, i.e., W, and M, contain vertices that must be
visited on every forward and reverse walk, respectively. Then, the graph is searched for
pairs of vertices V; and V; which have mutual dependency in the original and transposed
graphs, i.e., V; € W; and V; € W;.

To perform the simplification step of this method, a recursive composition function
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Figure 3.11: Visualization of graph defined by adjacency matrix (3.47).

comp (-) is defined as

{wi , if i = j}
comp(V;, V;) = , (3.48)
fi(comp(Vi, Pr){, comp(V;, Bo)}) , if i # j

where P is the set of one or two predecessors of V;. The result of comp(V;,V;) is
the composition of unary and binary functions with the single input w;. A graphical
representation of reducing (3.45) to (3.46) is demonstrated in Figure 3.12. Note that
Algorithm 5 does not simplify the graph in Figures 3.12(a)-(c) as Vi ¢ M3, Vo ¢ M;,
and d*(V3) = 1, respectively. Repeating Algorithm 5 until the number of observables

remains the same will result in the desired and concise functional decomposition.

Remark 3.3 When generating a functional decomposition, it may be desired to protect
certain intermediate observables from simplification, e.g., in the case with multiple outputs.
Therefore, forward and reverse walks in this method are terminated when they reach either

a vertex with zero outdegree or a vertex contained in a predefined set of protected vertices.

3.3.3.3 RPN to Functional Decomposition (Vector-valued Function)

The proposed method in Section 3.3.3.2 completes and simplifies the functional decom-
position of a scalar-valued function. This result is now extended to vector functions of

finite output dimension, A(-) : R™ — R™. Creating a functional decomposition for
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each element if A(-) may result in redundant observables across decompositions, e.g.,

cos(sin(wy))

h(wl):{ sin(uwy) ] | (3.49)

has similar terms in h; and hs. The functional decomposition of each element would be

Inputs: wq Inputs: w1
wy = sin(wy ) w3 = sin(wy ) (3.50)
wy = cos(ws)

The simplest way to address this is to concatenate the functional decompositions of
each element of h(-) into one single decomposition, ensuring the observables maintain

unique indices, e.g.,

Inputs: wy
Wy = sin(wy ) (3.51)
W3 = cos(ws)

One way to accomplish this while protecting output observables from simplification is
to introduce a new function e(-), which evaluates its argument, i.e., o(x) = z, and run
Algorithm 5 on the function 3_1*; e(h;). This prevents redundant observables across
elements of h as these are detected using Algorithm 4 and allows for easy identification
of output observables of h.

While performing the conversion from RPN to a functional decomposition in Algo-
rithm 4, output observables are identified as the tokens which the identity operators
act on. When & = eo(-), the first token is popped from the stack, the observable it
corresponds with is noted and pushed back onto the stack, and &; is discarded. The
vertices corresponding to these noted observables will be added to the set of protected
vertices, as described in Remark 3.3.

Again, consider the functional decomposition given in (3.45), but with two ouputs
wy and wg, which are added to a set of protected variables. Algorithm 5 results in the

functional decomposition

Inputs : wy, we,
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w3 = wi; X Wy ,
wy = sin(ws) , (3.52)

wg = sin(cos(wy)) + cos(wy) + wy,

and the process is depicted in Figure 3.13.

ae OB OO OO [Gon
@ @ @

@ ® @ D
@ @ @ @

@% @% @% @% @@,@
@ @ @

(a) (b) (c) (e)
(4,5) = (1,3) (,5) = (2,3) (i,7) = (3,4) (i,5) = (3,8) Result

Figure 3.12: Graph representation of (3.45) being simplified to (3.46) according to
Algorithm 5.

Gray-filled vertices indicate V; and Vj. Blue and red-outlined vertices indicate elements of
the intersection of forward walks W; from V; and reverse walks M; from V}, respectively.
(a) Vi ¢ M. (b) Vo & Ms. (c): A;; = 0. (d) This iteration satisfies all conditions
in lines 6, 7, and 8 of Algorithm 5. (e) The resulting graph from lines 9 and 10 of
Algorithm 5.

2

3.3.4 Separable Bilinear Functions

It has been assumed in Section 3.3.1 that functional decompositions can include unary or
binary nonlinear functions and identities to construct graphs of functional decompositions
from graphs of unary and binary functions were given in Section 3.3.2. Section 3.3.3
then presented methods to automate the process of decomposing functions into unary
and binary functions. To this point, only methods for constructing hybrid zonotope
approximations of unary functions have been addressed (Section 3.2.1).

For some binary functions, existing over-approximation techniques can be leveraged,
as will be shown for the bilinear function xy. This section presents a class of functions

called “separable” functions which are compatible with methods for constructing hybrid
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—~

a) (b)
(1,7) = (4,8) Result

Figure 3.13: Graph representation of (3.45) being simplified to (3.46) according to
Algorithm 5 with V; and V3 listed as protected vertices.

Note the difference between (b) and the result in Figure 3.12(e), as Vj is no longer
removed. This is because forward walks terminate at protected nodes, thus Vg is no
longer in Wj.

zonotope approximations of unary functions. Several key binary functions, xy, %, and
¥, can each be represented using functional decompositions composed exclusively of

separable functions.

Definition 3.3 A function is separable if it can be equivalently expressed as a summation
of unary functions i.e., f(x1,...,x,) is separable if there exist fi(x;), Vi € {1,...,n} such

that

n

i—1
Note that an affine term, while not explicitly written, can be included in any combination
of the unary functions f;(-). The interested reader is referred to [86, Chapter 7.3]

and [76, Section 4.2] for a comprehensive review of separable functions.

Proposition 3.1 (Separating Common Binary Functions) Using an affine change
of variables, wyws, %, and wi?, can each be represented using a functional decomposition

composed exclusively of separable functions.

Proof A constructive proof is given for each binary function. Recursive substitution of
the last observable in each decomposition, until the result is only a function of wi and

wy, verifies equality with each expression.
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Algorithm 5: Given a functional decomposition H, generate a functional
decomposition H which has fewer unary redundancies.

Result: H,
1 Generate directed graph G from H, with vertices V', edges E, and adjacency
matrix A
2 for V; € V do
3 ‘ Generate W; and M;
4 end
5 forie {1,...,ny} do
6 for V; € W, do
7 if V; € M, then
8 if A;; =0 OR d"(V;) > 1 then
9 wj < comp(V;, V)
10 Remove all observables wy, associated with vertices visited on all
walks between V; and V}, k # 1, j

11 end
12 end

13 end

14 end

15 H, < functional decomposition from G with re-indexed observables

Wi1W2:

Inputs: wq, ws ,
W3 = Wi + Wy s

Wy = W1 — W2,

w5 — ’LU3 5
2
w6 :UJ4 5
1
wr = Z(w5 —"LUG) = wi1ws ,

wq .

Inputs: wy,ws ,

1
w3 = —,
W2
W4 = W1 + W3

Ws = W —wWs ,
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Wy = Wy
1 w1
wg = —(wg —wy) = —
4 Wo
Wy
Inputs: wy,ws ,
w3 = Inw , (3.54)
Wy = W2 + ws ,
Ws = Wy — W3 ,
2
w6 = w4 5
2
w7 — '11)5 5
1
wg = Z(UJG — w7) s

O
In the following example, three methods to compute hybrid zonotope over-approximations

of the graph of a bilinear function are compared.

Example 3.5 Three methods for building hybrid zonotope over-approximated graphs of

functions for the bilinear function xy are considered. These methods are:
e Method 1 (M1)

1. uniformly samples the two dimensional input space, i.e., ng, = n, where ng

and n, are the number of breakpoints in the x and y dimensions,

2. constructs V-rep polytopes over-approximations using [73, Theorem 3.4] for

each partition, and

3. represents their union as a hybrid zonotope using Theorem 2.1.
o Method 2 (M2)

1. adopts the functional decomposition composed of separable functions given in

Proposition 3.1,
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2. constructs uniformly spaced SOS approzimations ® for both quadratic functions
within the decomposition using identical sampling, i.e., n, = n, where n, and

n, are the number of breakpoints to approzimate each quadratic function,

3. converts SOS approximations of quadratic function to HCG-rep using Theo-

rem 2.1,

4. generates hybrid zonotope over-approximations of quadratic functions using

error bounds from [73, Proposition 3.1] and Corollary 3.4, and

5. constructs HCG-rep over-approzimation of the graph of the bilinear function

using Theorem 3.4, Corollary 3.5, Corollary 3.6, and Corollary 3.7.

o Method 3 (M3) constructs approximations in a manner similar to Method 1, but
only partitions one dimension using n, breakpoints. The intuition of M3 is that for
a fized value of x, xy is linear with respect to the y dimension; thus it is possible to
to obtain tighter over-approximations of xy just by sampling the x dimension (ory

dimension,).

The domain of interest is specified as (x,y) € {—1 , 1]2. The number of samples for M2,
Nu, s chosen as n, = [v/2n,] to ensure that the spacing of the approxvimation for M2
partitions the domain into squares with a side length at least as small as those using
M1. To compare scalability with M2, the sampling for M3 is chosen to result in the same
number of binary factors as M2 by setting n, ps = 21, mo

Table 3.5 compares the complexity of the three methods, demonstrating how the
separable decomposition in Proposition 3.1 enables more scalable over-approximations
of the bilinear function as sampling is increased and over-approximations become more
accurate. Figure 3.1/ plots over-approximations of the bilinear function using all three
methods corresponding to Case (M1 :n, =6, M2 :n, =17, M3 : n, = 34) in Table 3.5.
The partitioning in Figure 3.14(a) and Figure 3.14(c) corresponds to sampling in the
(z,y) space, while the partitioning in Figure 3.14(b) corresponds to sampling quadratic

functions in a rotated space.

Remark 3.4 For the bilinear function xy, M3 has been found to outperform M2 when the
domains of x € [&, :ﬂ andy € [g, yj} are such that T —x << y—y orx—xz >>y—y.

SUniform sampling is optimal for quadratic functions as the error is dependent only of the difference
between breakpoints [73, Proposition 3.1].
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(b): M2 n, = n, =17

(c): M3 n, =34, n, =2

Figure 3.14: Comparison of 2-D and 1-D sampling methods for over-approximating
{zy |,y e[-11]}.

3.4 Hybrid Zonotope Graphs of Common Functions

This section provides explicit examples of commonly used and foundational functions for

which hybrid zonotopes are well-suited. For each function, the following are provided,
o an assumed domain,

e a corresponding vertex and incidence matrix for which Theorem 2.1 would generate

a hybrid zonotope graph of the function (or its over-approximation), and
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Table 3.5: Complexity comparison of three methods for approximating the bilinear
function f(z,y) = zy.

The leftmost column denotes (n, for M1, n, for M2, n, for M3) and these values are
selected for parity in the comparison.

M1: M2: Ma3:
Case
Ny =Ny Ny = Moy ng (ny, = 2)
ng =19 ng = 24 ng = 41
(3,9,18) ny = 5) ny = 10 ny = 10
n. =11 n, = 14 ne = 22
ng =173 ng = 40 ng =173
(6,17,34) ny = 260 ny, = 18 ny = 18
Ne = 38 ne = 22 Ne = 38
ng = 163 ng = 56 ng = 105
(9,26,52) ny = 65 ny = 26 Ny = 26
n. = 83 n. = 30 n. = d4
ng = 289 ng =72 ng = 137
(12,34,68) ny = 122 ny = 34 ny = 34
n. = 146 ne = 38 n. =70

o resulting memory complexity with and without order reduction methods.

SOS approximations are not included again in this section, as they are previously discussed

in detail in Section 3.2

3.4.1 Absolute Value (Exact)

Consider the function
y=|z|. (3.55)

The domain is given as x € [g i} and it is assumed that £ < 0 and > 0, which
corresponds to the most general case. The exact graph of the function (3.55) over the

domain can be generated using the vertex and incidence matrices given by

) 10
z 0 x
Viel = ] Mg =11 1,
-z 0 =z

01
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which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1 ~ Order Reduction via [22,58]

ng =6 Ngred = 4
ny = 2 Npred = 1
Ne =9 Nered = 2

3.4.2 Satisfaction of Inequality (Approximate)

Consider the function

1, ifz<c,
Yy = (3.56)
0, ifz>c,

where c is a finite constant. The domain is given as x € [@ i} and it is assumed that
x < c and T > ¢, which corresponds to the most general case. The approximate graph of

the function (3.56) can be generated using the vertex and incidence matrices given by

+46
‘/a:gc: [x © ’ ) Mmgc:

11 0 0

o O =
_ = O O

which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1 ~ Order Reduction via [22,58]

ng =38 Ngred = 8
ny = 2 Npred = 1
nNe = 6 Nered = b}

Over-approximations are given when ¢ = 0 and inner-approximations when ¢ > 0. For
the best inner-approximation, ¢ can be set to the machine precision. Then the graph of
the function (3.56) is open, and therefore cannot be represented exactly using a collection

of V-rep polytopes.
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3.4.3 Sign (Approximate)

Consider the function

-1, ifz<O0,
y= 0, ifxz=0, (3.57)
1, ifx>0.

The domain is given as x € [g i’} and it is assumed that x < 0 and x > 0, which
corresponds to the most general case. The approzimate graph of the function (3.57) can

be generated using the vertex and incidence matrices given by

xr —0 0 ¢ =z
‘/sin:v: N ) Msin:r:
gn(z) [_1 10 1 1] gn(z)

S O O = =
O O = O O
=0 O O

which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1 ~ Order Reduction via [22,58]

ng = 10 Ngred = 9
ny =3 N red = 3
ne="1 Nered = 7

Over-approximations are given when ¢ = 0 and inner-approximations when ¢ > 0. For
the best inner-approximation, ¢ can be set to the machine precision. Then the graph of
the function (3.57) is open, and therefore cannot be represented exactly using a collection

of V-rep polytopes.

3.4.4 Rectified Linear Unit (Exact)

Consider the function

x, ifx>0,
Y= (3.58)
0, ifx<O.
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The domain is given as x € [g j} and it is assumed that x < 0 and x > 0, which
corresponds to the most general case. The ezact graph of the function (3.58) over the

domain can be generated using the vertex and incidence matrices given by

0 7 1 0

Xz T

VReLU(:v) = |:O 0 f:| ) MReLU(r) = 1|1 1|,
01

which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1  Order Reduction via [22, 58]

ng =6 Ngred = 4
ny = 2 Npred = 1
Ne =795 Nered = 2

The graph of the function (3.58) is represented exactly in spite of the inequality constraint,
x > 0, because the graph of the function can be represented exactly as the union of two

polytopes.

3.4.5 Minimum (Exact)

Consider the function

r, ifz <uzo,
y=1" 1="2 (3.59)
Zo , ifl‘1>$2.

The domain is given as (1, x2) € [@ a‘:} X [@ :E}, though cases of independent domains
for 1 and x5 can also be handled via minor extension. The exact graph of the function

(3.59) over the domain can be generated using the vertex and incidence matrices given by

=

Vmin(ml T2) —

s Mmin(:rl,xg) -

I
8 8 8
8 I
SRS
_ O =
— — (an) —

1=
[
8
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which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1 ~ Order Reduction via [22,58]

ng =8 Ngred = 0
ny = 2 Npred = 1
Ne = 6 Nered = 3

The graph of the function (3.59) is represented exactly in spite of the inequality constraint,
r1 > X9, because the graph of the function can be represented exactly as the union of

two polytopes.

Remark 3.5 The mazimum function can be achieved over the same domain using the

matrices
o 1 1
r r Tr T
B - 1 0
Vmax(xl,xz): X %’ % Lf 5 Mmax(xl,xg): 0 1 5
rT T T
1 1

and has the same memory complexity reported for the minimum function.

3.4.6 Boolean (Exact)

Consider any boolean function y = fyo0 (21, 2), where

fbool(o, O) y if (l’l,IQ) = (0, 0) y

Y= fbool((), 1) s if (1'1,272) = (0, 1) s (360)
Jooor(1,0) , if (z1,22) = (1,0),
fbool(la 1) ; if (xl>$2) = (17 1) .

The domain is given as (z1,73) € {0,1}2. The exact graph of the function (3.60) over

the domain can be generated using the vertex and incidence matrices given by

1 000
0 0 1 1 010 0

%001 - 0 1 0 1 ) Mbool - 0010 )
fbool(070) fbool(oal) fbool(]-)o) fbool(]-a 1) 000 1
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which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1 ~ Order Reduction via [22,58]

ng =8 Ngred = 0
ny =4 Ny red = 4
n.==6 Nered = 1

Note that the graph of a function is the union of four V-rep polytopes, each with a single

vertex.

3.4.7 Identity with Boolean On/Off Switch (Exact)

Consider the function y = f(z,b), where

r, ifb=1,
y = (3.61)
0, ifb=0.

The domain is given as (z,b) € [@ i} x {0,1}. The ezact graph of the function (3.61)

over the domain can be generated using the vertex and incidence matrices given by

— 8l

Vbool = ) Mbool =

R = 8

8l

o O 8

o O KI
_ = O O

O O ==

which when converted to HCG-rep results in the memory complexity below.

Theorem 2.1  Order Reduction via [22, 58]

ng = 8 Ng red = 8
ny = 2 Npred = 1
n,==6 Nered = 5
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Chapter 4
Reachability Analysis

4.1 Introduction

Reachability analysis—the process of calculating reachable sets—is used to evaluate
system performance and ensure constraint satisfaction in safety-critical applications, while
accounting for the effects of input, disturbance, and parameter uncertainties. However,
the scalability of existing approaches for hybrid, logical, neural networks, and nonlinear
systems is limited by their nonconvexity and the computational complexity that this
induces.

For discrete-time systems, reachable and invariant sets are calculated by recursion
of precursor and successor sets, also referred to as one-step backward and one-step
forward reachable sets, respectively [31]. Set propagation techniques for continuous-time
systems often resemble their discrete-time counterparts, as the former often still propagate
reachable sets over discrete time intervals [87]. For this reason, there are many shared
challenges in calculating reachable sets for continuous-time and discrete-time systems.

Notionally, the successor set and precursor set are defined as follows.

Definition 4.1 (Successor Set) The successor set from a given set is the set of states

that are achievable from a current set of states in exactly one time step.

Definition 4.2 (Precursor Set) The precursor set from a given set is the set of states

from which the given set can be achieved in exactly one time step.

Successor and precursor sets depend on the given set at the current time step, the
system dynamics, and the presence of inputs, disturbances, and parameter uncertainties.
Definition 4.1 and Definition 4.2 are left intentionally vague as assumptions vary between
the classes of systems presented herein. Within each section, formal definitions of

successor and precursor sets are given.
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Verification and Falsification via Forward Reachability: Forward reachable sets,
calculated by recursively finding successor sets, are used to assess the safety of a dynamic
system by determining whether any state starting in an initial set can reach an unsafe
state in a finite number of time steps. The system safety is falsified, i.e., the system is
proven to be unsafe, if the exact forward reachable sets have a non-empty intersection with
an unsafe state or set. Rather than exact forward reachable sets, if over-approximations
of forward reachable sets are computed instead, then the system is again verified to be
safe if the intersection of these sets with the unsafe set is empty. Otherwise, the safety of
the system cannot be decided, e.g., the portion of the over-approximated reachable set
that intersects the unsafe region may, or may not, be in the exact forward reachable set.

As uncertainties in inputs, disturbances, and parameters increase, forward reachable

sets become larger. In the case of an additive uncertainty, this corresponds to a Minkowski
sum with a larger set. Disturbance and parameter uncertainties are unknown, and for this
reason, if a forward reachable set intersects a region of interest, it cannot be concluded
that “the system can be driven into the region of interest” When disturbance and
parameter uncertainties are present in a system with a closed-loop controller, it can
concluded that it is possible to drive a system into the region of interest in a manner
that is robust to disturbance and parameter uncertainty if and only if the entire forward
reachable set is contained within a region of interest.
Verification and Falsification via Backward Reachability: Backward reachable
sets, calculated by recursively finding precursor sets, are often calculated in a manner that
is robust to disturbance and parameter uncertainties. Robust backward reachable sets
are often used for verification of systems with a closed-loop controller as they represent
the set of states that will be driven to a target set for any disturbances and/or parameter
uncertainties within some assumed bounds. Robust backwards reachable sets can also be
calculated for open-loop systems with a set of feasible inputs and represent the set of
states that can be driven to a target set given a suitable control sequence.

As uncertainties in disturbances and parameters become larger, robust backward
reachable sets become smaller, and potentially even empty. In the case of an additive un-
certainty, this corresponds to a Minkowski difference with a larger set. One interpretation
is that disturbance and parameter uncertainties can be viewed as adversarial /non-
cooperative agents working to prevent the evolution of a trajectory to the target set,
whereas the input can be viewed as a cooperative agent to drive the state trajectory to

the target set.
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4.2 Hybrid Systems

4.2.1 Literature Review

Forward reachable sets of linear hybrid systems may be calculated using a collection
of convex sets by partitioning the state space into locations separated by guards and
applying techniques developed for linear systems within each location [25,28]. Successive
intersections with guards at each time step result in worst-case exponential growth
in complexity, leading to computational-intractability for long time horizons. Over-
approximation techniques like clustering-based methods reduce complexity of sets at the
cost of conservatism [29]. The extent of this conservatism is application-dependent and
difficult to quantify [30].

Hamilton-Jacobi reachability is applicable to nonlinear dynamics including hybrid
systems; however, its computational complexity scales exponentially with the system
state dimension. Techniques to reduce computational complexity decompose the system
into subsystems based on its structure [6-9].

Hybrid zonotopes have been shown to enable scalable closed-form solutions of successor
sets for broad classes of discrete-time linear hybrid systems. This includes Mixed Logical
Dynamical (MLD) systems [22] and linear systems in closed-loop with Model Predictive
Control (MPC) [23], of which the explicit solution can yield piecewise affine (PWA)
control laws [31]. Previous work does not address the use of hybrid zonotopes to calculate
precursor sets for backward reachability.

In general, precursor sets of hybrid systems are challenging to calculate. Even for
autonomous discrete-time hybrid systems, there may be many states that converge
to a single successor state. This complexity is often compounded when considering
disturbances, as analysis relies on computing or approximating Minkowski differences
[35,36]. Similar to finding successor sets of hybrid systems, precursor sets may be found
by considering collections of convex sets within each location, with worst-case exponential
growth in set complexity with time [37,38]. Many MPC formulations leverage invariant
sets to guarantee properties such as recursive feasibility. Lacking scalable methods to
calculate precursor sets under the PWA control laws of MPC, artificial constraints are
introduced to ensure recursive feasibility, resulting in conservatism [31].

This section proposes exact, closed-form identities for calculating robust precursor and
successor sets of discrete-time linear hybrid systems using hybrid zonotopes. Using graphs

of functions for the dynamics, called state-update sets, successor sets of MLD systems,
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closed-loop MPC, and DHA can be computed with lower computational complexity and
set representation complexity than in previous work. Robust precursor sets can also
be calculated with state-update sets. This in turn enables calculation of invariant sets
for linear systems under MPC with reduced conservatism as compared to conventional
methods.

4.2.2 Mixed Logical Dynamical Systems

4.2.2.1 Introduction

Introduced in [88], the MLD system modeling framework combines continuous and binary
variables with logical relations in mixed-integer inequalities to express complex system
dynamics. MLD systems can be used to model mixed continuous and discrete states
and inputs, PWA and bilinear dynamics, finite state machines, and those with any
combination of the former [33,88]. An MLD system with an additive disturbance may

be expressed as

ry = Ax + Byu+ Byv + Bayp +w, (4.1a)
st. Eyo+ Eau+ By < By, (4.1b)

where z € R™* x {0,1}"! are the system states, u € R™ x {0,1}" are the control
inputs, v € R™< x {0,1}"! are auxiliary variables, and w € W C R™ x {0,1}"=! is a
disturbance. The number of inequality constraints is denoted by n. such that E,;; € R"<.
The total number of system states is denoted by n = ng. + ngy.

When formulating an MLD system model (4.1), the so-called “big-M” constants used
in the mixed-integer inequalities to relate continuous values to logical statements [89]
are chosen for a user defined subset of the state space, X C R" x {0, 1}"=! and set of
admissible control inputs, U C R x {0, 1} [88]. It follows that for the bounded state-
input domain over which the MLD model is defined, the auxiliary variables will belong

to a bounded set V C R x {0,1}"* and may be found through domain propagation.

Assumption 4.1 (Well-Posed) The MLD system given by (4.1) is well-posed, meaning

that x, is uniquely determined by x, u, and w.

Definition 4.3 (Robust Successor Set) [60, Definition 2] The robust successor
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set from Ry C X by the MLD system (4.1) is given by

vy = Az + Byu+ B,v + Bayp +w
Suc(Rp, U W)=z | z€R, ucld,veV,weW, ;. (4.2)
E,x + Eyu+ Eyw < Eqpy

Definition 4.4 (Robust Precursor Set) [60, Definition 3] The robust precursor
set for Ry C X by the MLD system (4.1) is given by

x € R™e x {0,1}"= | Ju e U, s.t.
Az + Byu + Byv + Byyr +w € Ry,
VoeV st Eyx+ Eu+ By < Eyy,
Yw e W

Pre(Rk,L{, W) =

4.2.2.2 Proposed Method

The state-update set encodes all possible state transitions of (4.1) for a specified input
set U and no disturbance, i.e., W = {0}, thus the state-update set is defined as the
graph of the function ¢(z) = Suc(z,U,{0}) over a domain =z € Dg. Identities are
given for precursor and successor sets using the state-update set, and closely mirror the
input-output identities (3.3) and (3.5).

Definition 4.5 (State-Update Set) The state-update set ® C R*" is defined as

q):{ [xk ] ‘ i1 € Suc({zi},U, {0}), } 4)

Th+1 x, € Do

We refer to Dg C X as the domain set of @, typically chosen as the region of interest for
analysis. Similarly, the range set of ® is defined as Re = {zj11|(xk, 2x11) € P}. Given a
state-update set @, Dg and R can be calculated as Dg = {I 0} ® and Ry = [0 I} P.

Theorem 4.1 (Robust Successor Set Identity) [60, Theorem 1] Given a set of
states Ry € R™ and state-update set @, if Ry C Do, then

Suc(Re, U, W) = [0 I| (2 Nz o Ri) @W. (4.5)
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Proof By definition of the generalized intersection and Definition 4.5,

T},
(I)ﬂ[l 0] R = { { ]
Tr+1

If Ry, C Dg, then Ry N Do = Ry. Thus (4.5) yields {xp1|rpr1 € Suc({zp}, U W), x) €
Ry} 0

tir € Suc({a},U.{0)), } |

Tr € RN Dy

The containment condition in Theorem 4.1, R, C Dg, is not restrictive as modeled
dynamics are often only valid over some region of interest, which the user may specify as
Dg. If Ry, Z Dg, it can be shown that the right side of (4.5) gives Suc(Ry N D, U, W).

We now consider the robust precursor set.

Lemma 4.1 (Equivalent State-Update Set Definition) [60, Lemma 1] The state-

update set (4.4) is equivalently defined in terms of the precursor set as

o :{ [xk ] ‘ zy, € Pre({zpi1}, U, {0}), } (46)

Th+1 x, € Do

Proof This may be shown for well-posed MLD systems (Assumption 4.1) by expanding
(4.4) and (4.6) using the successor (4.2) and precursor (4.3) set definitions. O

Theorem 4.2 (Robust Precursor Set Identity) [60, Theorem 2] Given a set of
states Ry € R™ and state-update set @, if Ry © W C Rg, then

Pre(Re,U, W) N Dg = [I 0] (2N 1 (ROW)). (4.7)

Proof By definition of the Minkowsk: difference, generalized intersection, and Lemma

4.1,
T Tp-1 € Pre({‘%k}J/{u {0})7
PN g (ReOW) = [ ;_1] Tp—1 € Dg,
Al rwC R, Ywew
The linear transformation in (4.7) yields the desired result. O

When ¢ is generated for a domain Dg corresponding to a region of interest for
analysis, the condition of Theorem 4.2 is not restrictive. If Ry © W ¢ Rg, then

dxi € Ry, that can be reached, but for which no combination of z,_; € Dg, u € U and
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w € W can account. Regarding the left side of (4.7), Dg can be chosen such that
Pre(Ry, U, W) C Dy — Pre(Ry,U, W) N Dg = Pre(Ry, U, W).

Time complexity of the successor set given by (4.5) is O(n), as the linear mapping [I O]
under the generalized intersection amounts to matrix concatenation. This is a reduction
from O(n?) reported for successor sets of MLD systems in [22]. Time complexity of the
precursor set given by (4.7) is O(nngy,,) due to the Minkowski difference. Set complexity

growth of the successor and precursor sets is given by

_ __ 9ng,
Ng.Suc = Ngr +Ng.p T Ngw NgPre = 279" Mg +Ng g ,
n
Np,Suc = N, + Ny, 5 Ny Pre = 2 S Np g+ Ny, 5
n n
Ne,Suc = Ne,r + Ne,p +n, e, Pre = 2 g'wnc,r + 2Mown Ne,p -

[terative calculation of successor sets (4.5) results in linear complexity growth dependent
on the complexity of ® and W. If n,, = 0, time complexity of precursor sets (4.7)
reduces to O(n) and iterative applications give linear complexity growth. In order to
obtain the reported computational and memory complexity for MLD systems given by
(4.5) and (4.7), the state-update set for an MLD system must be represented as a hybrid
zonotope. Theorem 4.3 provides a closed-form hybrid zonotope solution for state-update
sets of MLD systems.

Theorem 4.3 (Construct MLD State-Update Set) [60, Theorem 3] Given a
well-posed MLD system (Assumption 4.1), defined over X and described by (4.1), let

Q=0 B] nguee 0 BT EHTV@ 0 BY, o}T ,

and define H = {x € R™ : v < E,sr}. Then a state-update set with Dy = X for the
MLD system is given by

® = [L, 0] [((T AT E]]"X @ Q) Npp 1,1 H] - (4.8)

Proof Let & be the hybrid zonotope given by the right side of (4.8). For any ngﬁ € @),
there existsp € [I AT EI]TX & Q, x € X,u €U, and v €V such that

P1 z
pP=\p2| = Ax+Buu+va+Baff )
D3 E.x+ Eu+ Eyv

¢ = [Ly, Olp, and [0 I,,]p € H. By [22, Theorem 8], ps € Suc(py,U,{0}), thus ¢ € P.
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The MLD is defined Vo € X, therefore D(®) = X and & = ®. O

4.2.2.3 Numerical Examples

4.2.2.3.1 Two-Equilibrium System [60]
Consider the PWA system with two equilibria,

Ayz[k] + By + ulk] + wlk], if z1[k] <0
zlk+1] = ,
Agz[k] + Bg + ulk] + wlk], if z1]k] > e

Al:[ 0.75 0.25] B - lo.25] CAy— AT, By —

—-0.25 0.75 —0.25 —0.25

0.25]

where ¢ is the machine precision. The inputs and disturbances are constrained to belong
to scaled unit hypercubes such that ulk] € U = s, 8% and w[k] € W = s,,B% . Forward
(R4, Rs5,Rs) and backward (R, R1, R2) reachable sets are calculated from

R, :< { 0.15 0.05] | {—0.0520] >
—0.05 0.15 0.8465
and shown in Figure 4.1 for three cases of input and disturbance sets defined in Table
4.1. This example system and choice of R3 are intended to facilitate comparison with
forward reachability results from [22]. The state-update set for Case 1 and Case 2 (no
input) is calculated and found to have complexity n, 4 = 16, ny 4 = 1, n.y = 10. The

state-update set for Case 3 has 2 additional continuous generators associated with the

input. Computation times and reachable set complexities are reported in Table 4.1.

Casel:sy_zﬂ,sdzo

Case 2: s, = 0, 54 = 0.05

Case 3: 5, = 0.10, s4 = 0.05

2 M S e~ 2 = = =
I - S | N N | P : :
~n
or - i s or - : - 0r - s
a1 S b : ) —
2 1 0 1 2 2 10 1 2 2 a1 0 1 2

X1 T X1

Figure 4.1: Forward (R4, Rs, Rs) and backward (R, R1, R2) reachable sets of a two-
equilibrium system from Rg3 for three cases of input and disturbance sets. Sets from the
Case 1 subplot are also shown in wire frame in the Case 2 and 3 subplots for comparison.
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Table 4.1: Forward and backward reachable set complexities and computation times for
the two-equilibrium system.

Case Direction/Set n,, np, ne, Time [ms]
Forward: Rg 50 3 36 0.13
Backward: Rg 50 3 36 0.12
Forward: Rg 56 3 36 0.23
Backward: Ry 464 21 378 2.92
Forward: R¢ 62 3 36 0.24
Backward: Ro 506 21 378 3.12

1) s, =0,5,=0

2) s, =0,8,=0.05

3) $u=0.10, 5, = 0.05

In Figure 4.1, forward reachable sets are shown to split along the guard, while
backward reachable sets branch when their precursor sets span both sides of the guard.
Comparison of Case 1 and Case 2 demonstrates that backward reachable sets are smaller
when required to be robust to a disturbance, while forward reachable sets become larger.
Comparison of Case 2 and Case 3 demonstrates that adding control authority causes
forward and backward reachable sets to become larger.

In Case 1, backward and forward reachable sets are calculated with similar compu-
tation times and have identical complexity growth when there is no disturbance. The
addition of a disturbance in Case 2, and both a disturbance and an input in Case 3,
has a small effect on computation times and complexity growth of forward reachable
sets. However, because the robust precursor set relies on a Minkowski difference, when
a disturbance is present, the computation time and complexity growth of backward
reachable sets increase significantly.

Using the methods from [22] for ezact order reduction, 5 continuous generators and 3
constraints are removed from the state-update set. The 6-step backward reachable sets
from R3 for Case 2 using the nominal (R_3) and reduced (R"%) state-update sets are
shown in Table 4.2. Computation time of the reduced set includes 0.5 seconds to reduce
the state-update set prior to iteration over precursor sets. This enables a 62% reduction
in total computation time, 22% reduction in number of continuous generators, and 6%

reduction in number of constraints.

Table 4.2: Backward reachability with nominal (row 1) vs. reduced (row 2) state-update
set for the two-equilibrium system.

Case 2 Direction/Set  ng, ny, n., Time [s]
Backward: R_3 30032 1365 24570 50
Backward: R"% 23207 1365 23207 19

Sy = 0,8, =0.05
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4.2.2.3.2 Thermostat-Controlled Heated Room [60]

To demonstrate scalabality, backward reachability is performed for a benchmark room
heating example with 6 rooms and 2 heaters, previously studied for forward reachability
as “Case (6,2)” of [22, Section 6.2]. This example extends the heated room scenario
given in [90], where the thermostatic control and heat exchange among adjacent rooms is
modeled as a hybrid system. The continuous temperature dynamic of the i*" room is

modeled as

Gy =c-hi+b(u—z)+ > ay(z; — ), (4.9)

1#]

where the heat transfer coefficient a,; is 1 between adjacent rooms and 0 otherwise, the
heat transfer coefficient between the room and the outside environment is b; = 0.08¢
where ¢ is the number of exposed walls, the heating power is ¢ = 15 with h; € {0,1}
for rooms with heaters and h; = 0 otherwise, and the outside temperature may take
on any value within the interval u € [0,0.1] [90]. Heaters located in select rooms are
controlled by discrete-time thermostats that turn on when the sampled temperature in
the room decreases below 22 — ¢ °C and turn off when it increases above 24 + ¢ °C where
¢ is machine precision. The closed-loop temperature dynamics of the building may be
discretized for a time-step of 0.01 assuming a zero-order hold on u, and converted to
a MLD system using HYSDEL [34]. This introduces one binary state, three auxiliary

binary variables, and nine inequality constraints for each heater.

xc,l [k] xc,Z [k] xc,3 [k]

~x£,1[k]

Case (3,1)

(T°9) ase)

Xeolkl | xcslkl | Xcalk]

.xl,z [x]

Xeylkl | xcglkl | Xcolk]

.xm[k]

Case (9,3)

Figure 4.2: Room layout and heater locations for a varying number of rooms. [58]

The state-update set has complexity ngq4 = 24, nye = 8, n.y = 18. Backward
reachable sets, shown in Figure 4.3, are found from Ry (chosen to facilitate comparison

with [22]), which has complexity n,s50 = 68, np50 = 13, nes0 = 62. The 50-step backward
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reachable set Ry is calculated in 0.34 seconds with complexity ngo = 1268, nyo =
413, nero = 1362.

An alternative to the proposed approach is to calculate the reachable set as a collection
of convex sets, as done for forward reachability in [28] and backward reachability in [37].
This exhibits worst-case exponential growth in set complexity over time, while the
proposed approach has linear complexity growth. At every time step, each convex
set in the collection is propagated backward under the dynamics of each mode, and
sets corresponding to inactive modes are eliminated. For comparison to the proposed
approach, R is calculated using [37, Section IV] and implemented using constrained
zonotopes [21]. This results in a collection of 1125 constrained zonotopes with 147,637
total generators and 28,387 total constraints and takes 202 seconds to compute. This is
nearly 600 times longer than the proposed approach due to the large number of convex
sets to be propagated and eliminated.

This example is revisited in Section 4.2.4.2.2, without the need to convert the dynamics
to a MLD system.

,,,,,,,,,,,,,, Ry
26 Guard . 26 Famm <h0)
Bl ? 23 R
24| : 241

R : L ~ ' R

8230, L e $23

||||."I"l !
22 ' : 22 - Rao
21 21 R0
20 remrencbenceeeadennenasd 20 | Feeseenebiniiani ol 20| -ooeennneenn e 20 rmmmmmesesneeeeeneaasd
20 22 24 26 20 22 24 26 20 22 24 26 20 22 24 26 Ro

Figure 4.3: Projections of backward reachable sets calculated from Rs for 50 steps.
Guards determining heater logic (green dashed lines) and the region over which the MLD
is defined (black dashed lines) are also plotted.

4.2.3 Linear Systems with Model Predictive Controllers

4.2.3.1 Introduction

Consider the linear time invariant discrete-time system,

Tht1 = AZL’k + Buk s (410)

87



where z, € R" is the vector of states and u, € R™ is the vector of inputs at time k, and
the linear dynamics are defined by A € R™™ and B € R"*"+. Under MPC, the control
input is determined by solving the optimization program

N-1

T T T
min TNQNTN + lg) xy, Qry + uy Ruy

st. xpy1 = Avg + Bug, up €U, VEe {1,...N -1},
rpeX, Vke{l,..,.N—1}, oy € An,

(4.11)

where U, X and Xy are convex bounded polytopes and the initial state is given as z;.
States and inputs have weights (0, Qx = 0 and R > 0, respectively. For ease of readability
the MPC formulation is provided as a regulator problem. However, it can be modified
for other cases [91]. Explicit solution of (4.11) results in PWA control laws [31].

4.2.3.2 Proposed Method

It is possible to construct an MLD system equivalent to the closed-loop dynamics and
then calculate a state-update set using the results of Section 4.2.2.2, though the number
of critical regions can grow exponentially with the number of constraints and limits the
process of generating explicit MPC control laws needed to construct the MLD system.
Alternatively, we now describe a more direct method using results from [23], which
defines a hybrid zonotope (implicit) representation of the parametric solution using
the Karush-Kuhn-Tucker conditions of optimality. Given the system (4.10) and MPC

formulation (4.11), consider the augmented system

- o 1] . |o| . |0 o] . 0 0
= ) = 7Q: 7QN: )
0 A B 0 Q 0 Qu
R=R, X=XxX,X,=XxX,,U=U. (4.12)

The augmented system (4.12) stacks a static system with the linear system of interest.
Static states are not penalized and have no effect on the optimal inputs. Leveraging [23,
Theorem 2] to find the one-step forward reachable set of (4.10) under closed-loop MPC
from the initial set X, = [0 I]TX yields the state-update set with Dg = X. This allows
for the computation of forward and backward reachable sets of linear systems with MPC

to be computed without solving optimization programs.
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4.2.3.3 Numerical Example

4.2.3.3.1 Maximal Positive Invariant Set for a Double Integrator Under
MPC [60]

The maximal positive invariant set OMFC of a closed-loop system under MPC consists
of all initial conditions that generate recursively feasible trajectories. We next exemplify
how the proposed methods enable computation of a less conservative OMPC as compared
to conventional methods.

Consider the double integrator from [31, Example 12.1],

1 0
1] zlk] + L] ulk] ,

under MPC (4.11) with P = @Q =1, R = 10, and N = 3. Input and state trajectories
are constrained by ulk] € U = LBl z[k] € X =5B% , Vk € {1,..., N — 1}. Two cases of

— 2
terminal state constraints are considered.

zlk+1] =

Case 1: For this case, we set Xy = X. Algorithm 10.1 of [31] provides a general
method for calculating O, for autonomous dynamics using precursor and intersection
calculations, but its application to hybrid systems was previously limited, in part, due to
the lack of a scalable precursor set identity. However, this algorithm can be applied using
hybrid zonotopes and the precursor set identity in Theorem 4.2 to calculate OMF¢  as
plotted in Figure 4.4(a). Also plotted is Xteqs, the set of states for which the optimization
program has a feasible solution but not necessarily recursively feasible trajectories.

Case 2: Absent efficient methods to compute OMFPC under the PWA control laws,
conventional approaches ensure recursive feasibility by artificially constraining X'x to a
positively invariant set associated with a simpler control law. This results in OMPC =
Xeas [31, Chapter 12.3.1]. A common choice is Xy = OLZ@% where OL9" is the maximal
linear quadratic regulator (LQR) invariant set [31, Definition 11.1]. This set and the
resulting X'ye,.s are shown in Figure 4.4(b).

Comparison of cases 1 and 2 in Figure 4.4 demonstrates that introducing the terminal
constraint Xy = OL?F results in a smaller maximal region of recursive feasibility than
when Xy = N. Thus the proposed methods enable reduced conservatism in the control
design by allowing OMFC to be computed for a less restrictive terminal constraint. The

terminal constraint in case 2 may also negatively affect performance [31, Remark 12.2].

Remark 4.1 (Convergence and Complexity Growth) Using [31, Algorithm 10.1],

directly will result in exponential complexity growth due to an intersection with the
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Figure 4.4: Maximal positive invariant sets under MPC for a double integrator.

(a) The maximal positive invariant set under MPC OMFC is calculated using the scalable
precursor set identity presented in this paper. (b) Conventional methods use an artificial
terminal constraint to obtain OMPC however this makes the set smaller.

previous iteration. This results in more than a doubling of memory complexity at each
time step, and can quickly overwhelm memory limitations if the algorithm does not
terminate in a relatively small number of time-steps. Complicating matters, the check to
detect convergence is computationally expensive. It requires detecting whether two hybrid
zonotopes are equal, which can be achieved by check set containment in both directions.
Set containment of hybrid zonotopes requires solving a bi-level MILP. Methods aimed at
overcoming the complexity growth and convergence detection challenges are now presented,
though in general, complexity growth and convergence detection remain open challenges.

Method 1) By design, each iteration after initialization results in a positively invariant
set, thus the algorithm could be iterated until computational resources are spent or
convergence is detected, whichever comes first.

Method 2) To avoid exponential memory complezity growth with iterations, the in-
tersection in [31, Algorithm 10.1] could be ignored, which results in linear memory
complexity growth This eliminates the guarantee that each iteration is positively invariant.
Nonetheless, if the algorithm converges and terminates, the maximal positive invariant

set produced.
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4.2.4 Discrete Hybrid Automata

4.2.4.1 Introduction

DHA are a class of discrete-time hybrid systems that combine four components, namely
1) an event generator (EG), 2) a finite state machine (FSM), 3) a mode selector (MS),
and 4) a switched affine system (SAS). The interested reader is referred to [31, Chapter
16] for a detailed review of DHA.

Previous work by the author provided reachability methods for an equivalent class
of systems called mixed-logical dynamical (MLD) systems [22,60], thus a DHA could
be converted to an MLD system using techniques and tools such as HYSDEL [34], and
reachability analysis could be performed on an equivalent MLD system. This section
presents an alternative approach that avoids an unnecessary conversion to an equivalent
MLD system by exploiting the structure of DHA subsystems for functional decomposition.

The approach is demonstrated first by exposing the exploitable structure of DHA for
functional decomposition using an example DHA adopted from [31, Example 16.6]. Then
the method is used to generate an alternative but equivalent state-update set for the

heated room example from Section 4.2.2.3.2.

4.2.4.2 Numerical Examples

4.2.4.2.1 Example DHA Functional Decomposition
Consider the DHA system [31, Modified from Example 16.6] consisting of a continuous
state zj, € R, a continuous input u; € R, a mode indicator signal i, € {1,2,3}, and event

signals 61,09 € {0, 1} given by

a:k—i—uk—l, lflkzl,

SAS: LTt1 = 2£L‘k, if Zk:2,
2, if i, = 3,
0, if[L‘kS—g,
0 =
1, lffEkEO,
EG:
0, if{L‘k—i—uk—lS—&?,
0y =
1, lf.CCk—i-Uk—le,
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]-7 if (51752) - (070)7
MS: i, =192, ifd =1,
3, if (d1,09) = (0,1),

where ¢ is machine precision. A functional decomposition is obtained as

wy <— Tk,
Inputs:
Wy < Ug

0, ifw <-—¢,

1, ifw, >0,

w3 =

EG: Swy =w; +wy —1

0, ifwy<—¢,

1, ifwy >0,

1, if (w3, ws) = (0,0),
MS: Swe =192, ifws=1,

3, if (ws,ws) =(0,1),

1, if’ll]@,:l,

w7 =
0, ifw6:2\/w6:3,
1, ifw6:2,

wg =
0, ifU)GZ]_\/U}G:?)7
1, ifw6:3,

W9 =
0, ifw6:1Vw6:2,

SAS: Qwyg = wy +wy — 1,
wy = 2w ,

Wi = 2 s

w13 = wrwyg ,

W14 = WeW11 ,

W15 = W12 ,

Wig = W13 + Wig + Wi . Output
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The DHA is represented by a functional decomposition with only unary and binary
functions with the exception of wg which is affine. Using results from Chapter 3, a graph

of the function for the dynamics, also called a state-update set, can be generated.

4.2.4.2.2 Thermostat-Controlled Heated Room Revisited

Consider again the heated room example from Section 4.2.2.3.2. The goal of this
example is to demonstrate how a state-update set can be generated without the need for
conversion to an MLD system, and to compare the resulting state-update set complexity.
Additionally, this example explicitly demonstrates each step used to generate the state-
update set using methods from Chapter 3.

The room temperature dynamics for Case (6,2) are equivalently written as

where 2 € R® are the room temperatures, h € {0,1}* are the on/off modes for heaters in
rooms 3 and 6, and u € R! is the outside temperature. The matrices A, By, and B, can
be found by discretizing the linear dynamics (4.9) with a time step of 6 = 0.01, assuming

a zero-order hold on h and u, and are given by

0.9787 0.0097 0.0000 0.0000 0.0001 0.0098)]
0.0097 0.9698 0.0097 0.0001 0.0097 0.0001
0.0000 0.0097 0.9787 0.0098 0.0001 0.0000
0.0000 0.0001 0.0098 0.9787 0.0097 0.0000
0.0001 0.0097 0.0001 0.0097 0.9698 0.0097
0.0098 0.0001 0.0000 0.0000 0.0097 0.9787

0.0000 0.0007] [0.1600
0.0007 0.0000 0.0800
0.1484 0.0000 0.1600
0.0007 0.0000 0.1600
0.0000 0.0007 0.0800
0.0000 0.1484 0.1600

The heater state for each room with a heater depends on the room temperature and the

state of the heater at the previous time step. The room heater logic for room 3 (heater 1)
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and room 6 (heater 2) are given by

1, ifagpn <22—¢,

hijg+1 =140, if 23501 > 24+ ¢, (4.14)
hig, if22<z3,0 <24,

1, ifagpy <22—¢,

hors1 =140, if 2641 > 24+4¢, (4.15)

h2,k y if 22 S T6,k+1 S 24,

where ¢ is a small number. The graph of the function is visualized in Figure 4.5, and

two methods to generate a hybrid zonotope representation are discussed.

0.5

h(1.2) k+1

$(3,6),k+1 h(172)7k
Figure 4.5: Graph of the heater logic function for (4.14) and (4.15)

Construct Hpeqrer via Method 1: The graph of the function for the heater logic,

denoted Hpeater, 18 generated using the vertex and incidence matrices

20 22—¢ 20 22—¢ 22 24 22 24 24+e 26 24+¢c 26
Vheater = | 0 0 1 1 0o 0 1 1 0 0 1 1] (4.16)
1 1 1 1 0 0 1 1 0 0 0 0
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, (4.17)

S O O O O O O o o O = =
S O O O O o o o = == O O
O O O O O O = = O O o ©
O O O O = = O O O O o ©
S O R R O O O O o o o ©
_ = O O O O O O o o o o

for temperatures between 20°C to 26°C. This method is visualized in Figure 4.6.

\ — Mheater, .

0.5

h(1,2) k41

x(3,6),k‘+1 h(172)7k

Figure 4.6: HCG-rep graph of the heater logic function for Method 1.
The graph of the function is represented as collection of V-rep polytopes, converted to
HCG using vertex matrix (4.16) incidence matrix (4.17), and Theorem 2.1. The segments
are color-coded for each column of the incidence matrix (4.17). After application of order
reduction methods, the resulting complexity is n, = 24, n, = 6, n, = 14.

Construct Hpeqer via Method 2: Alternatively, the graph of the heater logic
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function can be represented as the union of the two hybrid zonotopes

Hout = <

O v O NNk O

N
o +
™

23

NI— N

N

0, 0, @> , and
23
1,9, ®> ,
1
2

(4.18)

(4.19)

which are plotted in Figure 4.7. Both sets are equivalent, though constructing H using

Method 2 results in lower memory complexity, i.e., (ng, ny, nc) is (24,6, 14) 1 for Method

1 vs. (7,4,5) 2 for Method 2.
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N 7
— \ ’
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0.5 /N
= 2
’ N
= ’ \

T(3,6),k+1 h(1,2),k

Figure 4.7: HCG-rep graph of the heater logic function for Method 2.
(a) The graph of the function is represented as the union of two hybrid zonotopes
given by (4.18) and (4.19), converted to a single hybrid zonotope using Proposition 2.4.
Combinations of the centers shifted by binary factors are plotted as dashed lines, and (b)
shows these combinations by themselves, i.e., without plotting Hpeaser. After application
of order reduction methods, the resulting complexity is n, = 7, ny = 4, n. = 5.
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Functional Decomposition: A functional decomposition is given by

time step
k

room temp.
kE+1

heater state
k+1

w; = T1k,
Wy = T2k,
Wy = T3k,
Wy = Tak,
Ws = Tsk , = W19
We = Tek ,
wy = hg,
wg = hQ,k )
Wy = Uk,
W10 = L1 k+1
W11 = T2 k+1 »
W12 = T3 k+1
7 = |:A Bh Bu W19

W13 = T4 k+1
W14 = Tp k+1

W15 = T6,k+1 »

w16<w127 w7) = hl,k+1(953,k:+1, hl,k) )

w17(w15, ws) = h2,k+1(l'6,k+1> hZ,k) .

Constructing the State-Update Set: Construction of graph of the functional

decomposition of the heated room dynamics and reduction to a state-update set is as
follows. The state-update set is built to include the room temperature states and the

heater states, and encodes the dynamics from (x,h); to (z,h)g41.

6
1. Initialize Dy < [20 26] x {0,1}? x [0 0.1] and set Hyg = Dy

2. Encode the linear room temperature dynamics using Corollary 3.5,

I 0 O

Hias = 0 L 0 Hig .
0 O 1
A B, B,



3. Encode the dynamics of heater 1 using (3.30) from Theorem 3.4,

Hi16 = (H1.15 X D1g) N Hheater 5

where Dy = {0, 1} is the possible states for hy g1.

4. Encode the dynamics of heater 2 using (3.30) from Theorem 3.4,

Hia7 = (H1a6 X D17) N Hheater 5

where Dy7 = {0, 1} is the possible states for hg k1.

5. By Corollary 3.6,

¢ = |:(617 €2, ...€8, €10, €11, .-+, 617):| H1:17 . (420)

Generation of ® in this section did not require the conversion to an MLD system and
results in an equivalent state-update set to the state-update set generated using (4.8),
and can be used to generate equivalent reachable sets. This can be seen by comparing
reachable sets in Figure 4.8 with [22, Figure 4]. The complexity of the state-update
set built with H constructed using Method 1 is (ngy, ny, ne.)y1 = (47,11, 25) and using
Method 2 is (ng, ny, nc)mz = (21,9, 13). For comparison, the complexity of the state-
update set constructed by converting to an equivalent MLD system in Section 4.2.2.3.2
was (ng, np, ne)vrp = (24,8, 18); thus, the state-update set can be constructed with

comparable memory complexity using functional decomposition.

4.3 Logical Systems

4.3.1 Introduction

Logical system dynamics with inputs are written as

Tk+1 = f(xkyuk) )
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Figure 4.8: Forward reachable sets of heated room example case (6,2) using state-update
set calculated using functional decomposition. See [22, Figure 4] for comparison.

where f : B" x B™ — B" z, € B = {0,1}", u, € B™ = {0,1}", and f(-) is
exclusively composed of logical functions, e.g., OR VvV, XNOR ®, AND A, and NAND
A. Logical systems are a subset of hybrid systems as they do not include continuous
dynamics. Logical zonotopes [19] and polynomial logical zonotopes [20] are novel set
representations for which identities have been developed for reachability analysis of logical
systems. In this section, it is demonstrated that hybrid zonotopes are capable of exact
and efficient reachability analysis of logical system, using the same methods developed

for hybrid systems.

4.3.2 Proposed Method

This section demonstrates the ability of hybrid systems to represent Boolean sets (sets

with elements that exclusively exist in {0,1}) and graphs of logical functions. Consider
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the AND A function

bl/\bgz

The graph of the AND A function consists of four points, which can be represented as

the union of sets consisting of each point, i.e.,

o] [1] [o] [1
o, ={ol, |o|, |1], 1 (4.21)
ol ol lo| |1
0] 0 1
=dlol Sullol bul il Sudll? . (4.22)
0] 0 1

It is apparent that hybrid zonotopes can represent (4.22). This is because each singleton
can be represented as a hybrid zonotope with no continuous factors, binary factors,
or constraints by assigning the center of each hybrid zonotope to the value of the
corresponding singleton. Iterative unions using Proposition 2.4 result in the desired set
represented as a single hybrid zonotope. Alternatively, one can observe that the set is
the union of four V-rep polytopes, each with a single vertex, thus a hybrid zonotope
representation can be generated using Theorem 2.1 with vertex and incidence matrices

given by

<<
I
o O O
o O =
o = O
— =
<
I
o O O
o O = O
O = O O
= o O O

resulting in the hybrid zonotope @5 = (Gen, Gy as Crs Acps Abp, ba) Where

00 % 300000 1
Gc,/\ =0 % 0 % 0 0 00O 9 Gb,/\ = O3><5 ) Chn = 1 ) b/\ = _16><1 9
000 3 000UO0O0 z

101



1L 1100 0 0 0o 0 0 0 0

00000 O 0 0 o + 1 1 1

100 0 0 -1 0 0 0o -2 0 0 o0
Ac,/\:21 ’Ab,/\— 21

04 000 0 -1 0 0 o0 -+ o0 o

001 00 0 -1 0 0o 0 0 -3 0

0000 0 0 0 -1 o0 o0 0 -1

Due to the large number of generators and constraints, it is challenging to see how these
matrices result in the desired set, though using order reduction methods from [22,58],

the state-update set can be represented equivalently by

(I)/\,red = <Gc,/\,red7 Gb,/\,red7 CA,red; Ac,/\,red7 Ab,/\,red> b/\,red) )

1 1
0011 1
_ _ 1 1 _

Gc,/\,’/‘ed - Q) ) Gb,/\,red =10 D) 0 91 > Cnared = 1 )

1 1

000 1 1

_ _ |1 1 1 1 _

Ac,/\,red - @ 3 Ab,/\,red - {5 5 9 5] 3 b/\,red =—1.

The single linear equality constraint
Lopg oo Tas 1
— ’ — ) — ) — " — _1

coupled with ¢ € {—1,1}, Vi € {1,4} enforces that exactly one of the four binary
factors equals one, i.e., &% =1 and Vj # i, £ = —1. There are four combinations of

binary factors that satisfy the constraints, given by the columns of

1 -1 -1 -1
—1 1 -1 -1
B—
-1 -1 1 -1
-1 -1 -1 1

By considering each column of B, the four points in (4.22) are achieved. For exampled,

consider By. 1, thus

1
1 00 35 3 . 0
a:zl—i—O%O% 120
i 000%_1 0
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In fact, all 16 binary Boolean functions can be represented exactly using the same
process (see Section 3.4.6) and all have reduced complexities of 0 continuous factors, 4
binary factors, and 1 constraint. Because logical functions are defined as the composition
of unary and binary logical functions, there will always exist a functional decomposition
consisting of unary and binary logical functions. Therefor hybrid zonotopes can represent

the graph of logical functions exactly.

4.3.3 Numerical Example: High Dimensional Boolean Function

We adopt the following example from [20]. In this example, notation is abused to
accommodate the higher dimensional state and input space. It is assumed that operators
act element-wise on the vectors and elements of the functional decomposition are allowed
to be vectors. Consider the Boolean function with x;, u; € {0,1}'° 4 € {1,2,3}

T1gpy1 = Utk V (Tok © T1g) ,
To i1 = Top O (T16 A Ugp)

T3 1 = Ty pA (U © Uz ) -

A functional decomposition is given by

w) =Tk,
Wy = Tak ,
Inputs: W3 = I3k
Wy = ULk ,
W5 = U2k ,
We = U3k ,

Wy =wa Owy =225 O Tk,
Intermediate: { wg = w; A ws = Tk Nugg ,
wg = W5 O Wg = Uk O UL ,
w1 = wg V wy = Uy V ($2,k; © $1,k) ;

Outputs: wi; =ws © ws = T2 © (T14 A uz),

w1z = w3A wy = T3 A (ugp O uz ) -

A hybrid zonotope graph of the functional decomposition is constructed using methods
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Figure 4.9: Computation time of reachable sets of a logical function.
Two lines are plotted for HCG-rep, one including the time to generate the state-update set
(Total) and one that only included the computation time associated with the generation of
reachable sets using (3.3). The latter better demonstrates the scaling of the computation

time with N, as it does not include the one-time computation time cost of generating ®.
Computation times for polynomial logical zonotopes are also shown.

from Chapter 3, from which the state-update set is generated using Corollary 3.6.
Generating ® in HCG-rep, including order reduction, took slightly less than 0.6 seconds.

An initial set for (z,724,23%) consists of 8 possible values. Input sets for (uyx, w2,
ug k) also consist of 8 possible values. Reachable sets are calculated for 1-12 time steps.
Computation times are plotted in Figure 4.9 comparing the methods presented here
using HCG-rep to those developed for polynomial logical zonotopes. Computation time
using the methods developed for polynomial logical zonotopes grow rapidly for time steps
N > 8. Computation time using hybrid zonotopes appears to scale polynomially, as
expected, and is significantly faster to compute than polynomial logical zonotopes for
N ={10,11,12}.

4.4 Neural Network Control Systems

4.4.1 Introduction

This section addresses systems with neural network controllers using Rectified Linear

Unit (ReLU) activation function and focuses on comparisons to the four state-of-the-art
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reachability tools included in the Artificial Intelligence and Neural Network Control
Systems category of the Applied veRification for Continuous and Hybrid systems (ARCH)
competitions in 2022 [43] and 2023 [44]. Benchmark problems from [43,44] are used to
demonstrate the proposed methods.

COntinuous Reachability Analyzer (CORA) uses polynomial zonotopes to approxi-
mate the input-output relationship of activation functions and nonlinear dynamics [45,46].
Over-approximated reachable sets are calculated by efficient mappings via the over-
approximated activation functions of the neural network and nonlinear functions as-
sociated with the plant dynamics. JuliaReach utilizes methods to efficiently convert
structured zonotopes to and from Taylor models, and then leverages existing reachability
tools using structured zonotopes for the neural network and Taylor Models for the plant,
to efficiently construct reachable sets of the closed-loop system [47]. The Neural Network
Verification (NNV) tool uses star sets for efficient computation of exact or approxi-
mated reachable sets through neural networks, and utilizes CORA for nonlinear plant
dynamics. The POLynomial ARithmetic-base (POLAR) framework computes functional
over-approximations of the flowmap. POLAR uses univariate Bernstein polynomial
abstractions for activation functions to address non-differentiable ReLU function.

In most cases, each of these state-of-the-art tools performs well for the benchmark
examples in [43,44], though it is noted that the initial sets for the benchmark problems
are relatively small. Large initial sets pose computational challenges as stated in a
review of set propagation techniques in [12], which includes techniques used by these
tools: “Several challenging research problems remain to be addressed in the field, such as
handling large initial sets for nonlinear systems and many guard intersections in hybrid
systems. Both aspects are especially relevant when verifying systems involving neural
networks.” To avoid these challenges, large initial sets may be partitioned, though for
systems beyond a few dimensions the partitioning itself introduces worst-case exponential
complexity.

While hybrid zonotopes have previously been used for reachability analysis of neural
networks [92,93], the methods proposed here achieve improved scalability and go beyond
the scope of these previous works by analyzing the coupling of a neural network controller
to a nonlinear plant. Parallel work presents methods to over-approximate nonlinear graphs
of functions using hybrid zonotope representations of graphs of nonlinear functions [94],
which can be coupled with exact representations of the graph of the neural network.
Those methods are very similar to those proposed in Chapter 3, many of which were

previously presented in [62].
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4.4.2 Proposed Method

In this section we present methods based on the combination of graphs of functions and
hybrid zonotopes for reachability analysis of nonlinear systems in closed-loop with neural
network controllers. It is shown how ReLLU neural networks have an exploitable structure
for functional decomposition, and how graphs of the plant dynamics and controller can

be generated separately and then combined to produce a closed-loop state-update set.

4.4.2.1 Dynamics

Consider a class of discrete-time nonlinear dynamics given by

T e f(:ck, uk) s (423)

where f: R" x R™ — R", with state and input constraint sets given by X C R" and
U C R™. The i row of f(xy,us) is a scalar-valued function and denoted by f;(zx, ux).
Disturbances are omitted for simplicity of exposition, although the results here are
easily extendable to systems with disturbances. Because hybrid zonotopes are inherently

bounded, the following assumption regarding the dynamics is made.!

Assumption 4.2 (Boundedness) For all (x,u) € X xU, ||f(x,u)|| < co.

The successor set is defined as follows.
Definition 4.6 (Successor Set) [95, Definition 2] The successor set from Ry C X
with inputs bounded by U, C U 1is given by

Suc(Ry, Uy) = {f(m,u) | © € R, u € Uk} : (4.24)

The k" forward reachable set, Ry, from an initial set R can be found by k recursions of
successor sets (4.24), i.e., Ry+1 = Suc(R, Uy).

4.4.2.2 Open-Loop and Closed-Loop State-Update Sets

This section first introduces the open-loop state-update set (Definition 4.7), which encodes
all possible state transitions of (4.23) over a user-specified domain of states and inputs,

and is used to calculate successor sets over discrete time steps (Theorem 4.4). Then,

1See Corollary 3.3.
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Figure 4.10: The closed-loop successor set identity uses a set-based representation of the
closed-loop dynamics, called the closed-loop state-update set ®, to generate the one-step
forward reachable set Ry,q from Ry. The closed-loop state-update set is created by
combining sets representing the open-loop dynamics and a state-feedback controller,
called the open-loop state-update set ¥ and the state-input map O, respectively.

after defining a state-input map as all possible inputs of a given control law over a
user-specified domain of states (Definition 4.8), the set of possible state transitions of the
closed-loop system is constructed by combining the state-input map and the open-loop
state-update set (Theorem 4.5). It is shown how this closed-loop state-update set can be
used to calculate successor sets of the closed-loop system (Theorem 4.6). This process is

depicted in Figure 4.10.

Remark 4.2 Note that the open-loop state-update set, state-input map, and closed-loop
state-update set are graphs of the functions describing the open-loop dynamics, state-
feedback control law, and closed-loop dynamics, respectively. The identities to generate
successor sets correspond to that given in Theorem 3.1. The combination of an open-loop
state-update set and a state-input maps to produce a closed-loop state-update set is a

special case of how graphs of functions are constructed via (3.30) and (3.33).

Definition 4.7 (Open-Loop State-Update Set) [95, Definition 4] The open-loop
state-update set ¥ C R?"™ s defined as

Lk

Tp41 € Suc({xk}a {u})7

) € D (4.25)
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We refer to Dg C R™" as the domain set of W, typically chosen as the region of interest

for analysis, and Ry = [0 I,|]¥ C R" as the range set of V.

Theorem 4.4 (Open-Loop Successor Set Identity) [95, Theorem 1] Given a
set of states Ry C R", a set of inputs Uy, C R™, and an open-loop state-update set W, if

Ri x Uy C Dy, then the open-loop successor set is given by
Suc(R,Us) = [0 L] (¥ Nizy, 0 (Re X Us)) - (4.26)

Proof By definition of the generalized intersection,

Tk Trp+1 € Suc({xk}a {U}),
VN, o (Re X Uy) = u Tk € Dy N (Ry x Uy,)
Thk41 U

If R x Uy C Dy, then Dy N (Ry X Uy) = Ry X Uy, and (4.26) gives {xpi1|Tri1 €
Suc({zr},{u}), vx € Ry, u € Uy} . O

The containment condition in Theorem 4.4, R; x U, C Dy, is not restrictive as
modeled dynamics are often only valid over some region of states and inputs, which the
user may specify as Dy = X X U.

Consider a set-valued function C(xj) corresponding to a state-feedback controller,
such that C(zy) is the set of all possible inputs that the controller may provide given the
current state, xj. For example, for a linear feedback control law given by u(zy) = Ky,
with no actuator uncertainty, C(zy) = { Kz} would be a single vector. In the case of
a linear feedback control law with actuator uncertainty given by u = Kxy + 6, where
du € Ay, we would have C(xy) = {Kxr + 9, | 0, € A,}. The state-input map encodes

the feedback control law given by C(xy) as a set over a domain of states.

Definition 4.8 (State-Input Map) [95, Definition 5] The state-input map is de-
fined as © = {(zy,u) | u € C(zg), xx € Do}, where Dg is the domain set of O.

Next, the closed-loop state-update set under a controller given by C(xy) is defined.
Then it will be shown how to construct a closed-loop state-update set given an open-loop

state-update set and a state-input map.
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Definition 4.9 (Closed-Loop State-Update Set) [95, Definition 6] The closed-
loop state-update set ® C R?™ for a controller given by C(xy,) is defined as

o H] | w1 € Sue ({4}, Clre)) } (427

Tpi1 z € Do

where Dy C R™ s the domain set of ®.

Theorem 4.5 (Closed-Loop State-Update Set Construction) [95, Theorem 2]
Given an open-loop state-update set ¥ and state-input map ©, the closed-loop state-update
set ® with Dy = [In 0} (Dg N O) is given by

I, 0 O
o = [0 0 In] (\If ﬂ{In.mu 0} @) . (4.28)

Proof By definition of the generalized intersection,

T Tpy1 € Suc({zy}, {u}),
U N 0=
[InJrnu 0} u | (xk,u) € Dy N O,
$k+1 u e C(.Tk)

Thus the right side of (4.28) equals

Tk ‘ Tht1 & Suc ({l’k},C(ZEk)),

Ll+1

Comparison to Def. 4.9 completes the proof. O

Theorem 4.6 provides an identity for the successor set of a closed-loop system with
the feedback control law described by the set-valued function C(zy). For closed-loop
successor sets, the input set argument U}, is omitted and the successor set is instead
denoted by Suc(Ry,C).

Theorem 4.6 (Closed-Loop Successor Set Identity) [95, Theorem 3] Given a
set of states Ry, C R™ and closed-loop state-update set @, if Ry, C Dg then the closed-loop

successor set is given by
Suc(Ry,C) = [0 L) (® Nz, o Ra) - (4.29)

109



The identities in (4.26), (4.28), and (4.29) utilize the open-loop state-update set
and state-input map. Over-approximated open-loop state-update sets for nonlinear
plant dynamics can be generated using methods from Chapter 3. The following section
demonstrates how neural network controllers have an exploitable structure for functional
decompositions, which can then be used in conjunction with methods from Chapter 3 to

generate the state-input map.

4.4.2.3 Functional Decomposition of Neural Networks

Feed-Forward Neural Networks (FFNN) with unary activation functions have a structure
that is conducive to a functional decomposition. Consider a fully connected neural
network with n, inputs and n, outputs. Without loss of generality and for simplicity
of exposition, it is assumed that there are two hidden layers, each with £y nodes that
utilize an activation function ¢(-) and weights and biases for the i'" layer are given by

Wi, b;. A functional decomposition is readily given by

Inputs: wq ,

wy = Wiwy + by,

w3 = ¢(ws),
Wy = W2w3 + b2 s (430)
Ws = ¢(W4) )

we = Waws + b3 ,

where wg corresponds to the n, outputs of the FFNN. For ease of reading, (4.30) abuses no-
tation as it does not assign an independent index to each scalar observable, i.e., w; € R,
Wo, w3, Wy, ws € R* and wg € R™. Additionally, it is assumed that ¢(-) acts element-
wise when given an argument of a vector, e.g., ¢(w3) = [gb(w(&l)) qS(w(g’kN))}T
where ws ; represent the j% element of w.

The resulting memory complexity for constructing the graph of a FFNN as a hybrid
zonotope is only dependent on the total number of nodes with nonlinear activation func-
tions, ki and the complexity of the graph of the unary activation function (ng 4,1 ¢,n¢.6),

and is given by

Ng NN =T + k‘tot(ng@ + 1) ,

Ny, NN = KtotTp g
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Ne, NN = ktot(nc,tj) + 2) .

Assuming a ReLLU activation function is used and its graph is produced using the method

from Section 3.4.4, an exact graph of the neural network is given by

Ng NN =T + 5kt0t )

Ny, NN = Etot

Ne, NN = 2kior +4 .

4.4.3 Numerical Examples

This section presents two numerical examples,

1. Single Pendulum with Neural Network Controller (Adapted from ARCH-COMP),

and

2. Vertical Collision Avoidance System (Adapted from ARCH-COMP).

4.4.3.1 Single Pendulum with Neural Network Controller

Two cases of parameters and controllers are presented. The latter correspond to those
used in ARCH-COMP, and are discussed in Section 4.4.3.1.2 with comparison to state-
of-the-art reachability tools. The former, presented in Section 4.4.3.1.1, is uses a less
complex neural network than that used in ARCH-COMP, so that state-update sets and

state-input maps can be visualized.

4.4.3.1.1 Case 1:

Consider the dynamics of an inverted pendulum given by (3.26) with gravity g = 10,
length [ = 1, mass m = 1, and moment of inertia I = ml/? = 1. The continuous-time
nonlinear dynamics are discretized with time step h = 0.1 using a 2"%-order Taylor

polynomial T3(z), given by (3.27) and over-approximated as
Tr41 € 75($k) e L, (431)

where L is constructed using the Taylor inequality to bound the error due to truncating

higher-order terms. The input torque is controlled in discrete time with a zero-order

hold and bounded as u, € [—20,20], Vk.
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Table 4.3: Memory complexity of the open-loop state-update set, state-input map, and
closed-loop state-update set.

Set Ng o Ne
T 113 45 63
S 76 20 56
P 184 63 117

A functional decomposition of T3(zy) is shown in Table 3.2. For a chosen domain
(D1, D2, D3), bounds on the intermediate and output variables can be found by domain
propagation via interval arithmetic. This choice of the domain also yields £ in (4.31)
as L = {—0.02, 0.02} X {—0.26, 0.26}. The sets H, , V¢ € {4,5,6} are constructed using
methods from Section 3.2. The set H constructed using methods from Section 3.2 with a
Minkowski summation to account for the Taylor remainder £ yields an over-approximation

of the open-loop state-update set,

(4.32)

S

N

S

I

X

S
o —~ o o o
— o o o o

D

A projection of W is shown in Figure 4.11(a). The thickness of the set in the xqy
dimension is primarily due to the open-loop state-update set capturing variability in the
input ug, € [—20,20], though some of this is also a result of the Taylor remainder £ and
over-approximation of nonlinear functions, with H, > H,, V¢ € {4,5,6}.

Computing H,, V¢ € {4,5,6} required 0.02 seconds, and application of exact com-
plexity reduction techniques from [22, 58] required an additional 2 seconds. From this, v

was computed in 8 milliseconds using Theorem 3.4 and Corollary 3.5.
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Figure 4.11: (a) Projection of over-approximated open-loop state-update set U bounding
dynamics of a pendulum at discrete time steps. (b) State-input map © of a neural network
trained to mimic NMPC. (c) Projection of over-approximated closed-loop state-update
set found using Theorem 4.5 by coupling ¥ and ©.
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To train the neural network controller, a nonlinear MPC is formulated as

Ty + Ui Uy (4.33)

min Z Ti

10 100 0
ut) k3

s.t. trapezoidal discretization of (3.26) holds,
w, € [—20,20], Vk € {0,...,9}.

The solution of (4.33) is found using the MATLAB Model Predictive Control Toolbox
[96] for 400 uniformly sampled initial conditions. The sampled initial conditions and the
first optimal input of the solution trajectory wuj, are then used as input-output pairs to
train a neural network with 2 hidden layers, each with 10 nodes and ReLU activation
functions, using the MATLAB Deep Learning Toolbox. A functional decomposition of
the neural network with saturated output to obey torque constraints is performed and
Theorem 3.4 is used to generate the state-input map ©. The state-input map is shown in
Figure 4.11(b). Using Theorem 3.4 and Corollary 3.5, this took 4 seconds to compute and
an additional 45 seconds to apply the exact complexity reduction techniques from [22,58].

Given an over-approximation of the open-loop state-update set ¥ and the exact
state-input map ©, an over-approximation of the closed-loop state-update set ® was
constructed using the identity in Theorem 4.5 in less than 1 millisecond and exact
reduction methods were completed in an additional 35 seconds. A projection of ® is
shown in Figure 4.11(c). This projection is a subset of the projection of ¥ in Figure
4.11(a), as variability in the input is eliminated when creating the closed-loop state-
update set using the state-input map ©. Although difficult to perceive in the figure,
some thickness in the xj o dimension remains as a result of the Taylor remainder £ and
over-approximating nonlinear functions of the plant model. Table 4.3 reports the memory
complexity of ¥, ©, and ® for this example.

Using (4.29), over-approximations of forward reachable sets R;, i € {1,...,15} are

calculated from an initial set given by

(o) )

The over-approximated reachable sets up to R are plotted in Figure 4.12(a), overlaid by
exact closed-loop trajectories found by randomly sampling points in Xy and propagating
using (3.26). Examination of the exact trajectories suggests that a successful nonconvex

over-approximation of the reachable sets is achieved. Computation time to execute the
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successor set identity was 5 milliseconds per time step on average.

To handle growth in set memory complexity over time steps, set propagation methods
often utilize over-approximations to reduce complexity. Using techniques from [58],
over-approximations of the reachable set are taken periodically every three time steps
beginning at k = 3, resulting in 4 total approximations that took an average of 49
seconds each to compute, in a manner similar to [97]. At the time steps corresponding to
over-approximations, the set is first saved and analyzed before being over-approximated.
The over-approximation is used to calculate the reachable set of the subsequent time
step. Figure 4.12(b) plots the over-approximated reachable sets and Figure 4.12(c) plots
the corresponding memory complexity. The periodic memory complexity reduction is
apparent in Figure 4.12(c). It is clear that the containment condition of Theorem 4.6,
R; C Dg, is met at each time step.

While plotting the reachable sets can be used to visually confirm performance and
the containment condition of Theorem 4.6, this is a computationally expensive process,
taking 7378 seconds to produce Figure 4.12(b). Much of the same information can be
obtained with lower computational burden by sampling the support function in the
axis-aligned directions, which took a total of 34 seconds for all 15 steps, less than 0.5%

of the time to plot.
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Figure 4.12: (a) Over-approximation of reachable sets Ry — R3 of the inverted pendulum
in closed-loop with a saturated neural network controller, overlaid by samples of exact
trajectories in green. (b) Over-approximated reachable sets Ry — Ri; with over-
approximations taken every three time steps. (c) Memory complexity of the over-
approximated reachable sets.
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4.4.3.1.2 Case 2 (ARCH-COMP Single Pendulum):

This case uses the single pendulum example found in [44, Section 3.5], with two
alterations. Firstly, the goal of falsification/verification is removed so that each method
will generate reachable sets over the time period t € [0 1} seconds with a time step
of 0.05 seconds. In [44, Section 3.5], the example is constructed such that it is unsafe
and may be falsified. Many of the existing methods leverage specialized algorithms to
generate trajectories to prove that the system is unsafe. In order to compare reachability
tools, the consideration of an unsafe region is removed. Secondly, two initial sets are
considered, one smaller initial set matches that given in [44, Section 3.5], and the case

with a larger initial set is also considered. The sets are given by

Small Initial Set: Ro = [1 1.2] x [0 0.2] , and
Large Initial Set: Ry = [O 1} X {—0.1 0.1} .

The proposed method follows the same procedure to construct the open-loop state-
update set, state-input map, closed-loop state-update set, and reachable sets as done in
the previous example. The changes amount to adjusting the parameters, including such
that the controller has 2 hidden layers with 25 nodes each (50 total ReLU nodes). The
complexity of the closed-loop state-update set is n, 4 = 321, ny 4 = 75, nep = 240. As
was done for the previous example, reachable sets are over-approximated every 3 time
steps to handle growth in memory complexity.

The proposed method is compared to four state-of-the-art tools from the literature.
Computation times and an indication of whether reachable sets undergo diverging
over-approximation error for the small initial set and large initial set are given in
Table 4.4 and Table 4.5, respectively. For the small initial set, all methods successfully
generate reachable sets without diverging approximation error and the proposed method
is substantially slower than the other tools. For the larg initial set, the proposed method
was the only method to compute the reachable set without diverging approximation
error, though it required almost 40 minutes to do so.

Tuning Parameters and Partitioning the Initial Set: CORA, JuliaReach,
NNV, and POLAR each have tuning parameters that allow the user to adjust a trade-off
between computation time and error. The results reported for the larger initial set were
generated without altering these the tuning parameters as chosen for the small initial
set, though the author did make several attempts to adjust tuning parameters for each

to handle the larger initial set. The author was unable to find tuning parameters that
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Table 4.4: Comparison of state-of-the-art tools for reachability analysis of an inverted
pendulum with a neural network controller from a small initial set.

Tool Small Initial Set
Computation Approximation
Time [s] Error

Proposed 319 Does not
Method diverge
CORA 0.5 D(?es not
diverge
JuliaReach 0.5 Dc?es not
diverge
NNV 2086 D?GS not
diverge
POLAR 0.2 D(?es not
diverge

yield better results for the four state-of-the-art tools, but a solution via adjusting the
tuning parameters cannot be ruled out. Additionally, it is possible for CORA, JuliaReach,
NNV, and POLAR to analyze the larger initial set by partitioning, e.g., when the initial
set is split into 160 partitions, NNV can compute the reachable sets without diverging
approximation error. In general, this may require a significant number of partitions,
especially for systems with many states, that must be tuned to the problem at hand;
thus addressing large initial sets remains an open challenge.

Breakdown of Proposed Method Computation Time: Over 96% of the pro-
posed method computation time is spent calculating periodic convex over-approximations.
The time to reduce the order of the closed-loop state-update set is 82 seconds (> 3%).
Thus the time spent to construct the open-loop state-update set, state-input map,
closed-loop state-update set, and successor sets for all time steps is only 8 seconds. The
periodic over-approximations are taken so that the analysis of the resulting sets can be
achieved, i.e., if no periodic approximations are taken, GUROBI was unable to solve
for the support function (2.14) beyond the first 6 times steps. This motivates work to
efficiently generate hybrid zonotope over-approximations with acceptable approximation
error, though approximations of hybrid zonotopes are challenging due to their implicit
nature [58].
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Table 4.5: Comparison of state-of-the-art tools for reachability analysis of an inverted
pendulum with a neural network controller from a large initial set.

Tool Large Initial Set
Computation Approximation
Time [s] Error
Proposed Does not
Method 2317 diverge
CORA 0.6 Diverges
JuliaReach 0.7 Diverges
NNV >7200 Diverges
0.15*
POLAR Terminates after Diverges
7 steps.

4.4.3.2 Vertical Collision Avoidance System

The Vertical Collision Avoid System (VCAS) example (see [43] and [44] for details) is
adopted for comparison between the proposed methods and state-of-the-art reachability

tools. The plant is a linear discrete-time model with 3 states

o hy: the relative height of the ownship from an intruder flying at a constant altitude,

. ho,ki the derivative of the height of the ownship,?

o T € {25,24,...,15}: the time until the ownship and intruder are no longer horizon-
tally separated,® and

. 1.
hi41 = hi, — ho g, — §hk ,

ho,kﬂ = hO,k + Iy ;

The1 =Tp — 1.

An additional state advy € {1,2,...,9}, denotes the flight advisory, for which there are
corresponding choices of h to be selected by the pilot. At each time step, one of 9 neural
networks, each with 5 fully connected hidden layers and 20 ReLU nodes per layer, is
selected based on the previous time step advisory. Each neural network has 3 inputs,

corresponding to hy, th, and 7, and has 9 outputs. The index of the largest output (of

21, and hg have opposite sign convention.
37 decrements by one each time step, i.e., 741 = 7 — 1. There appears to be a sign error in [44].
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the neural network corresponding to the previous time step advisory) determines the
advisory for the current time step. If the previous advisory and current advisory coincide,
and f'Lo’k complies with the advisory, then h = 0. Otherwise, hy, is selected according
to the current advisory. Advisories and associated ranges of h that are compliant, and
choices of h, are listed in Table 4.6.

CORA, JuliaReach, and POLAR are not capable of modeling the VCAS dynamics.
In [43], POLAR does not participate in the VCAS benchmark problem. In both [43,44],
CORA and JuliaReach provide custom simulation algorithms to falsify the VCAS, and
do not employ reachability algorithms. NNV is the only tool to employ reachability algo-
rithms for this benchmark problem and is able to verify /falsify various initial conditions
by partitioning the set. Additionally, NNV considers simplified versions of the problem
where uncertainty in & given an advisory is eliminated by assuming a “middle” (middle

h is chosen) or “worst-case” (h that results in driving h closest to 0) strategy.

Table 4.6: VCAS Advisories

adv Advisory Compliant l'zoyk Choice of hy
1 CcocC 0 (-2, 0, ¢
2 DNC hoy <0 (—g, ~Ta _g
3 DND 0 < ho (g, Ta g
4 DES1500 hox < —1500 (-4, -1 —g
5 CL1500 1500 < hqy, T
6 SDES1500 hoe < —1500 (—¢
7 SCL1500 1500 < ho { ¢
8 SDES2500 hox < —2500 (—¢
9 SCL2500 2500 < ho s {9

Proposed Method: The proposed method first generates HCG-representation
graphs of the 9 neural networks associated with each advisory. To reduce the complexity
of the problem, it is first shown that for a large region of the state space, only 4 advisories,
advy € {1,5,7,9}, are achievable for trajectories of the aircraft starting from an initial
set where the previous advisory is COC, advi_; = 1, and that do not exit the constraints
h € [—400 —100}, and hoy, € [—100 100|. The following functional decomposition
relates the inputs of hy, hox, 7r, and advy to the next advisory. It is clear that the
compliant regions of advisories 4 — 9 would never be met for the domain chosen. It will

be shown that under these assumptions, advisories 2 and 3 are never achieved, and thus
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the logic associated with compliant regions can be neglected.

Consider the functional decomposition in Table 4.7. Note that the inequalities associ-
ated with E?ml;g are non-strict in both directions. This is consistent with uncertainty
when two outputs of the active neural network produce exactly the same value. Using
the proposed methods and the functional decomposition, the graph of the function
advy, = f(hk,ho,k,m,advk_l) can be generated. Using the identity (3.3), the set of
advisories that can be active, given the set of states and previous advisory, is calculated.
This is done iteratively in Table 4.8. Iteration 4 results in the same potential advisories
{1,5,7,9} in the output set as the input set. The assumption that advisories 2 and 3 are
not visited is confirmed, and the only advisories ever achieved starting from the input
set in iteration 4, and remaining within the bounds for (hg, hy, %), is {1,5,7,9}. This
is a powerful result, as for analysis within a large domain can neglect 5 of the neural

networks, significantly reducing the complexity of the problem.

121



Table 4.7: Functional decomposition of VCAS: States — Advisory

w1 = R,
w9 = h07k
w3 = Tk
Wy = advy_1
NNi(w1, we,w3) if advy_q =14 .
Wita,1:0 = Funi(ws, wa, w3) , , Vie{l1,2,3,4,56,7,89}
0 otherwise
13
E?14,1:9 - Zi:5 7
max(wi4,1,W14,2)
maX(w15,1, w14,3)
max (w15,2, W14,4)
Wis,1:7 = max (wi5,3, W14,5)
max (wi5,4, W14,6)
max (w155, Wi4,7)
| max(wis,6, Wi4,8) |
0 if wig1 > wian
wie6,1 = .
1 if wigg < wiap
0 if wis > wias
w162 = ,
W68 = 1 if wisg < wigg
0 ifwis7 > wiag
w168 = ,
i 1 if wisr S wigg |
1 if (w1671:8) =0
2 if (wie2:8) =0 A w1 = 1
3 if (wm’g:g) =0A w16,2 = 1
4 if (w16,4:8) =0A w16,3 = 1
w17 = 5 if (wies8) =0 Awies =1
6 if (w16,6:8) =0A w165 = 1
7 if (’LU1677;8) =0A w16,6 = 1
8 if (w16,8:8) =0A wie,7 = 1
9 if wi6,8 = 1
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Table 4.8: Iterative domain propagation of advisories for an assumed domain of interest.

Iteration

Input Set
(hk7 h’ku Tk, advk*l)

Potential Advisories
ade

[—400, —100]...
x[—100, 100]...
x{25,24, .15} ...
x{1}

{1,5}

[—400, —100]...
«[—100, 100]...
x{25,24, ...15}...
x{1,5}

{1,5,7}

[—400, —100]...
«[—100, 100]...
«{25,24, ..15}...
x{1,5,7}

{1,5,7,9}

[—400, —100]...
x[—100, 100]...
x{25,24, .15} ...
x{1,5,7,9}
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Figure 4.13: Reachable sets for VCAS, calculated and falsified in 0.8 seconds, and plotted
in 4.3 seconds.

Now consider the domain

(hk,ho’k,Tk,ade) c D1 X Dg X D3 X D4
= [~400 —100] x [~100 100] x {25,24, ..., 15} x {1,5,7,9} .

Using the domain and the functional decomposition given by Table 4.9, a closed-loop state-
update set is generated in 2.8 seconds with complexity (14,4, .4, Ne,s) = (2339, 842,2049),
which encodes the transition from (wq, ws, w3, wy) — (w14, W15, Wie, w12). Reachable sets
are generated by recursion of (4.29) and checked for falsification each step, taking a total
of 0.8 seconds to falsify the VCAS without restricting the inputs sets via “middle” or
“worst-case” assumptions or partitioning the initial set. The reachable sets are plotted in
Figure 4.13.

Although the proposed methods are able to falsify the VCAS system without restricting
the potential inputs or partitioning the initial set, a closed-loop state-update set and
reachable sets are generated for the the so-called “worst-case” scenario,* and are plotted
in Figure 4.14. Worst-case reachable sets were calculated in 16 seconds. Portions of the

reachable set that go beyond the domain of the state-update set are not propagated

4See [44] for details regarding the worst-case assumption.
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Table 4.9: Functional decomposition of VCAS: States —Updated States

W = ho k
T T T TT i ‘
€],€5,€7,€ (w1, we,ws) if advig_1 =1
E?i+4,1:4 = £)17 Dl i) otherv];isle , Vie{l,5,7,9}
E?Q,l:ll = - 18:5 E?Z
o — max (w1, wy,2)
10,1:2 ‘max(wio,1, Wy 3)

0 if wg1 > wypo
Wi, = .
if wg1 < wo 2

= 0 if wip1 > we3
11,1:3 = Wil = ,
1 if wipr < w3

0 if wipe > wou
wi1,3 = _
1 if wipp < wgy

1 if (wi11:3) =0
5 1f(w1123)—0/\w111—1
w12 —
7 1f(w1133)—0/\w112—1
9 if w3 =1
{ % %} if w12 = 1
3, g if wia =5
w13 € {3 3} . 12
{5} ifw =7
{%} if w12 = 9
W14 = w1 — w2 — w13
w15 = w2 + w13
wWie = w3 — 1

through subsequent time steps.® The reachable sets can be compared to those for NNV
in [44, Figure 30] and correspond to overlaying the four subplots therein, minus the
portions that are lost due to portions of the reachable sets leaving the domain of the

state-update set.

5See assumption in 4.6.
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Figure 4.14: Reachable sets for VCAS with a simplifying “worst-case” assumption are
calculated in 16 seconds. The reachable set loses pieces associated with the portion of a
reachable set at the previous time step not included in the domain of the state-update
set h ¢ [—400 —100].
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Chapter 5
Set-Valued State Estimation and
Parameter ldentification

5.1 Introduction

Estimation methods are often needed to implement state-feedback controllers [98] or
detect faults and failures within a system [99]. Approaches for state estimation include
stochastic methods such as Kalman filtering [98] and set-based methods [51,100, 101].
Stochastic approaches have been successfully applied to a wide range of systems due
to their efficient implementation and ability to provide a statistical characterization of
the estimate uncertainty. This is contingent upon accurate representation of random
processes, e.g., measurement noise. Statistical methods do not seek to provide guaranteed
bounds on estimate uncertainties.

This chapter addresses set-valued state estimation (SVSE) methods, also referred to as
set-membership state estimation, which compute sets containing all possible state values
consistent with a dynamic plant model, output measurements, and uncertainty bounds.
Additionally, this chapter addresses set-valued parameter identification (SVPI) methods,
which compute sets containing all possible parameters consistent with a dynamic plant
model, output measurements and uncertainty bounds.

SVSE and SVPI methods commonly use convex set representations, such as zonotopes
and constrained zonotopes [12,21,51,102-105], as these are closed under key set operations
for propagating linear dynamics [12]. However, convex sets are not closed under nonlinear
mappings. To address a larger class of dynamics and measurement models, a common
approach is to generate linear approximations, e.g., via mean value and first-order Taylor
extensions [51,105].

Convex approaches are successful when the dynamics are represented well using affine
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approximations and when the exact set of states/parameters consistent with a given
measurement can be tightly approximated with a convex set. When the true set of
states/parameters consistent with the dynamic model, measurements, and uncertainty is
significantly nonconvex, over-approximations using affine and convex approaches incur
significant error. Methods considering collections of convex sets coupled with piecewise-
affine approximations have been developed, though computational challenges arise, for
example successive intersection with guards can result in exponential growth in the
number of convex sets with time [12]. It is especially challenging to compute successor
sets used in the dynamic update of nonconvex SVSE when the set-valued state estimate
is large [12]. Similar difficulties arise in the measurement update.

Contribution: This chapter proposes a new approaches for SVSE and SVPI of nonlinear
systems. Graphs of functions are represented with a nonconvex set representation called
the hybrid zonotope, providing set estimates tighter to the true state than possible using

convex methods while admitting efficient and scalable calculations.

5.2 Set-Valued State Estimation

Consider a class of discrete-time nonlinear systems given by dynamic plant model
f:R™ x R™ x R™ — R™ and measurement model g : R"* x R™ — R™  where

xk+1 - f(xka Ug, wk) ) (51)
Y1 = 9(Tht1, Vi) (5.2)

with bounded state x € X C R"*, input u € U C R™, process uncertainty w € W C R™»,

and measurement noise v € YV C R™.

Assumption 5.1 The functions f(-) and g(-) are defined and bounded over their respec-

tive domains corresponding to X, U, W, and V, which themselves are also bounded.*

The set fkﬂm denotes the set of states that can be achieved by the dynamics at time
step k£ + 1 that are consistent with all measurements through time step k£ and may be

found as the successor set of fkm, Suc(/\?m,uk, Whe).

Definition 5.1 The successor set from Ry C X with inputs and process uncertainty

1See Corollary 3.3.
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bounded by Uy, C U and Wi, C W, respectively, is given by

€ Ri, u € Uy ,
Suc(Ru, Uy, W) = {f(UC,U,w)’ ! S }
w € Wy

Definition 5.2 The set X

uesa 18 the set of states consistent with measurement yy,1 and

measurement noise Vi1 C V within the feasible region X and is given by

A

ka+1 = {CL’ ‘ Yk+1 = g(:z:,v), reX, ve Vk+1} . (54)

Assuming the initialized set-valued state estimate contains the true initial state, i.e.,

Ty € ?30\0, SVSE combines dynamic and measurement updates using the recursion

-;?kJrl\k = SUC(/'\?Mk,Uk, ch) ) (5-5)

)ek+1\k+1 = /f‘k+1|k nx, (5.6)

Y41 0
to generate set-valued state estimates guaranteed to contain the true state. The dynamic
update (5.5) can be addressed with methods from Chapter 4, which demonstrates the
hybrid zonotopes effective use in calculating successor sets for many classes of hybrid
and nonlinear systems. The measurement update (5.6) consists of generating /\?yk ., and

a generalized intersection, for which hybrid zonotopes are well-suited (2.25), with the

result of the dynamic update. The generation of X

yesa 18 accomplished using methods

in Chapter 3 by 1) generating an over-approximation of the graph of the measurement
function represented as a hybrid zonotope, and using the identity (3.5) to generate a set
of states (inputs to the graph of the function) that are consistent with a measurement

(outputs of the graph of the function).

5.2.1 Numerical Example: Sum of Signal Strengths

Consider the integrator dynamics and measurement

ZL’k+1 = T} —|— U (5 7)
11
= 5.8
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Table 5.1: Memory complexity for set-based over-approximations of (5.8).

Method Ng ny N,
M1 (100 breakpoints) 202 163 102
M3 (2 layers, 20 nodes each) 127 31 93
where d; = ||z — s;]|2 and
S1 = (1,3), SS9 = (—2,2), S3 = (3,0), Sq4 = (—1, —4) . (59)

with @y, u; € R?. One interpretation is that y is a measurement of the summation
of signal strengths emitted by four sources located at s;, Vi € {1,2,3,4}, where the
strength of signal from each source decreases with the inverse square of the distance
from the source. While the proposed methods account for input uncertainty, process
uncertainty, and measurement noise, for simplicity of exposition this example omits these.
This makes it easier to assess the effect of using an over-approximated graph of the
nonlinear measurement function.

Figure 5.1 shows two methods (M1 and M3)? for over-approximating (5.8) over a
domain of (z1,25) € [—5,5] x [=5,5]. M1 uses 100 uniformly spaced breakpoints to
generate an SOS approximation, which is represented in HCG-rep using Theorem 2.1.
Bounds on the worst-case errors are found by solving (3.15) and (3.16), and an over-
approximated graph of the function is constructed using Corollary 3.4. M3 trains a
ReLU neural network using the MATLAB Deep Learning Toolbox [96]. The ReLU
network has 2 layers with 20 nodes each. The neural network is represented exactly
as a hybrid zonotope using methods from Chapter 3 and a functional decomposition
of the form presented in Section 4.4.2.3. Bounds on the worst-case error are found by
solving nonlinear programs similar to (3.15) and (3.16) over each PWA region of the
graph of the neural network function. Table 5.1 and Figure 5.1 show that M3 can achieve
a much tighter approximation with less than a quarter of the maximum error of M1 and
considerably lower memory complexity. For these reasons, Method M3 is chosen as the
over-approximation of a graph of a function ®,,.qs used for the remainder of the example.

For this example, the dynamic update (5.5) specifies to
‘)E‘k+1|k = /‘?k|k @ {ur}, (5.10)

where 1y, is known to the estimator. The set X, ., in (5.4) is calculated using Theorem

Yk+1

2M2 from [63] is not presented here but the names are unchanged for consistency with that publication.
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Figure 5.1: Comparison of methods for hybrid zonotope over-approximation of (5.8).
M1: uniformly spaced breakpoints and M3: trained neural network. A surface plot of
(5.8) is also shown in both (a) and (b).

3.2, Corollary 3.1, and Pneas 8

Kyorr = {Ig 0} ((I)meas ﬂ[o 1} {yk+1}) ;

for use in (5.6). The set-valued estimate is initialized as the interval set corresponding to

state constraints
Xoj-1 = X = [-5,5] x [-5,5], (5.11)
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and the true initial state and input trajectory are given by
T
ro=1 0] . (5.12)

[ ] -1 -2 -1 2 (5.13)
Up U Uz Ug| = . .
0 U1 U2 U3 1 -1 -1 -1

Figure 5.2 shows the set-valued a priori state estimate ‘)?]ﬂk‘—l? a posteriori state
estimate A?k‘ &, €xact set of measurement-consistent states é\?yk and its over-approximation
zf’yk, and true state xj for several time steps. This shows how the initial state estimate
is gradually reduced to a small region by combining knowledge of the dynamics and
measurement, and highlights how the nonlinearity of the measurement model is tightly
captured by the nonconvexity of the hybrid zonotope set representation. When £k = 2,
the state estimate consists of several disjoint regions, and after the third measurement,
the state estimate consists of only two disjoint regions. After the fourth dynamic update,
one of these regions escapes the set of feasible states, so only one region remains.

For comparison, a convex approach M y,ue: is shown that estimates /?k|k using convex
methods by taking an inner convex approximation of AA’yk. This is achieved using the
same dynamic update (5.10) and initialization (5.11), but samples the exact level set
of (5.8) within X at each time step to generate a polytope in vertex representation

to approximate X

wrsr- 1t can be seen from Meonve, that any convex approach would

produce a much larger over-approximation than the proposed approach, which leverages
nonconvex representations of /'\?yk 1

Set-valued state estimates for k € {0, 1,...,4} are computed by the proposed method
in less than 0.2 seconds. Plotting requires 740 seconds as this involves solving mixed-
integer linear programs to find each nonempty convex set within the hybrid zonotope,
associated with specific values of the binary factors. However, upper and lower bounds
on each of the states can be calculated much more quickly by sampling the support
function in the axis-aligned directions. For this example, these bounds are obtained for
all time steps in a total of 6 seconds.

In some applications it may be desirable to obtain a single point within the set-valued
set estimate, for example as state feedback for a controller. This becomes nontrivial for
nonconvex and/or disjoint set-valued state estimates, for which the “center” of a set may
not be within the set, such as a toroid. A natural alternative would be to find a single
feasible point within the set, which in this case can be found by solving a mixed-integer

linear feasibility problem. This required 0.8 seconds for 22'4‘4.
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5.3 Set-Valued Parameter Identification

Consider a bounded? nonlinear measurement model with additive measurement noise

given by g : R™ x R™ x R™ — R"™ where

Yk = gx,p(wkap) > (514)
Uk = 9(2k, Vi, P) = Gup(Tr, P) + Uk, (5.15)

with bounded state z, € X C R™, measurement noise v, € V C R™, and bounded
uncertain and time-invariant parameters p € P C R™. It is assumed that the state xj is

estimated as Z;, sufficiently well such that error is bounded, i.e.,
Tx—axxr €W, VEk, (5.16)

and ||w|| < oo, Yw € W.
The set 75k|k denotes the set of parameters that are consistent with all state estimate
and measurement pairs (21, 91), (Z2,92), .-, (T, Jx) and may be found as the intersection

of sets that are consistent each measurement 75k, ie.,
A k A
Prike =[P, (5.17)
1

where

Yk = gx,p<xk7p) )
Pe=9p| (xry) € (B & (=W)) X (Gx © (=V)) ,
IkEX, UkEV, pGP.

The process to generate Py, is an extension of the methods from Chapter 3. The identities
given in (3.3) and (3.5) map a set of inputs of a function to a set of outputs and vice
versa, while the process of generating f’k, maps a set that contains outputs and a subset

of inputs (Zg, Jx) to a subset of the inputs of g(-), associated with the parameters p.

3See Corollary 3.3.

133



Consider the graph of the function (5.15) given by

Ty U :g(xkavkap) )

eX
o= | Tk ’ : (5.18)
v €V,
G peP

and the set S given by

S=[0 0 I, 0 O 00 o

(@@ (W) x (Gr@ (=V) | - (5.19)
0 00 Iny]

By direct applications of the generalized intersection and linear mapping identities,
S is equivalent to P,. The relationship of (3.5) to (5.19) is as follows. The set
(2 (—W)) x (g (—V))) from (5.19) can be cast as the set of outputs Q from (3.5).
Then the only differences are in the matrices of the generalized intersection and linear
mapping, which are needed to accommodate a relationship that is not a strict mapping
from outputs to inputs of the function g(-). If an over-approximation of ® O ® is used,

then § D P, as set containment is preserved under generalized intersection and linear

mapping.

5.3.1 Numerical Example: Sum of Signal Strengths

Consider the measurement

2001
- (5.20)
ToEr T

1

where d; = ||z — p;i||2 and

b1 = (_37 2)7 b2 = (27 _2> ) (521)

with 2y, u;, € R?. One interpretation is that y is a measurement of the summation of
signal strengths emitted by two sources located at p; and ps, where the strength of
signal from each source decreases with the inverse square of the distance from the source.
While the previous example focused on estimating the location of a vehicle based on
measurements from signals at known locations, the current example focuses on estimating

the signal locations as parameters.
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The proposed methods account for estimation uncertainty and measurement noise, for
simplicity of exposition this example omits these, i.e., W = {0} and V = {0}. As in the
previous example, this makes it easier to assess the effect of using an over-approximated
graph of the nonlinear measurement function.

A functional decomposition is given by

wyp = Ty, w11 = w% )

Wy = T2, Wiz = w§ )

w3z = P@,1) w1z = wS )

Wy = P@1,2) > Wy = wfo )

Ws = P2,1) 5 wis = wi +wig + 1,
We = P2,2) wig = wiz +wiyy + 1,
wry =W —ws, W17 :w%s,

Wg = W1 — Wy, w1s Zw%w

Wy = Wy — Ws , Wy9 = Wiy + Wig ,
Wiy = W2 — We

and using the methods in Chapter 3 an over-approximation of graph of the function ® as

2
defined by (5.18) is constructed in 12 seconds for a domain xy, p1, ps € {—5, 5} . Using
the recursion (5.17), ﬁ,dk , Vie{l,2,...,10} are constructed in 0.2 seconds for ordered

pairs of states, shown in Figure 5.3, and outputs given by (5.15). The parameter sets
pk‘k , Vi€ {l,2,...,10} for the locations of each source p; and p, are shown in Figure 5.4,
and support functions taken at each time-step are shown in Figure 5.5. The 80 support
functions* to generate the plot in Figure 5.5 were evaluated in 132 seconds, and indicate
that signal locations were narrowed down to a relatively small set containing the true

locations.

49 directions per dimension, 2 dimensions per per source, 2 sources, 10 steps
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° Ik

(e) k=4

Figure 5.2: Set valued state estimation (5.5)-(5.6) of (5.7) with measurement model (5.8)
and its over-approximation represented as a hybrid zonotope given by Figure 5.1(b).
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Figure 5.3: Measurement and signal source locations.
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Figure 5.4: (a) Parameter identification of the location of the first source, p; = (—3,2).
(b) Parameter identification of the location of second source py = (2, —2).
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Figure 5.5: (a) Bounds in axis-aligned directions for p; = (—3,2) found by support
functions. (b) Bounds in axis-aligned directions for p, = (2, —2) found by support
functions. The 80 support functions used to find the axis-aligned bounds were evaluated
in 132 seconds.
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Chapter 6
Conclusion

This thesis provides fundamental theoretic contributions to set-based methods for reach-
ability analysis and demonstrates their utility for verification, state estimation, and
parameter identification of hybrid and nonlinear systems. The proposed methods share a
common framework that leverages graphs of functions, hybrid zonotopes, special-ordered
set approximations, and functional decomposition.

The reachability analysis techniques address several classes of systems including
mixed-logical dynamical systems, linear systems in closed loop with MPC, discrete hybrid
automata, logical systems, and nonlinear systems in both open loop and closed loop with
neural network controllers. By generating sets that represent dynamics over a domain of
interest, the techniques can efficiently produce accurate reachable sets from large initial
sets, which often pose challenges to existing techniques, including state-of-the-art software
tools. Because analysis of reachable sets represented as hybrid zonotopes requires solving
mixed-integer linear programs, the approaches may be too computationally expensive for
online verification in many applications. However, because they can efficiently analyze
large initial sets and broad classes of systems, the proposed methods are well suited for
offline design and verification of complex systems and controllers.

The proposed state estimation and parameter identification techniques address non-
linear systems. Numerical examples demonstrate their ability to handle highly nonconvex
estimation problems, where more efficient convex approaches would incur excessive
approximation error.

While propagating the implicit reachable sets is fast, a fundamental challenge of the
methods in this thesis is that the analysis of resulting sets requires solving computationally-
intensive MILPs. Future work will seek to address these challenges through the use of
novel order reduction methods. Additionally, future work will seek to apply the proposed

methods for verification of real-world systems.
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Appendix
Computer Hardware Specifications

All numerical results were generated on a desktop computer using a 9th Generation

Intel® Core™ i7 processor with 16GB of random access memory storage.
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