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Introduction

According to Leonhard Euler: “In der Welt geschieht nichts, worin man
nicht den Sinn eines bestimmten Mazimums oder Minimums erkennen konnte.”
In this spirit, I have written my Ph.D., with optimization as the golden thread
that links the four major parts of my thesis.

Mathematical optimization is an umbrella term for the study of maximiz-
ing (resp., minimizing) a quantity of interest subject to constraints. On the
most basic level, mathematical optimization problems have two parts: an ob-
jective function that quantifies improvement due to the choice of input, and a
set of valid inputs. The type of an optimization problem is determined by the
nature of its objective function and feasible region. For example, polynomial
optimization problems optimize a polynomial objective over a domain defined
by polynomial constraints. Often the objective and domain of optimization
are determined by some underlying model or real-world problem of interest.

Matrix factorization ranks

As an example of a mathematical optimization problem, consider the com-
pletely positive rank of a completely positive matrix. A symmetric nonnegative
matrix A € R™" is called completely positive (CP) if there exists nonnega-
tive vectors ai,...,a, € R’ with the property that A = Zée[r] agag. The
completely positive rank of a CP matrix A, denoted rankg,(A), is the smallest
positive integer r € N for which there exist nonnegative vectors ay, ..., a, € R’}
with the property that A = Zze[r] agaéT. Formulated as an optimization prob-
lem, the CP rank reads as follows:

rankep(A) := min {r eN:ap,..,a, eR}, A= Z agafT}.
i€(r]

If A is not CP, we set ranke,(A) = co. The set of all n x n CP matrices form
a convex cone, denoted by CP".

Building on an earlier result from 1965 by Motzkin and Straus [43], de
Klerk and Pasechnik [43, Theorem 2.2] showed in 2002 that the problem of

1Nothimg happens in this world in which one could not recognize the meaning of a
certain maximum or minimum.
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computing the stability number a(G) of a graph G := ([n], E') could be recast
as an optimization problem over CP". Burer [28] expanded on this result
in 2009 by showing that any nonconvex quadratic program with binary and
continuous variables could be reformulated as a linear program over the cone
of CP matrices. This effectively meant that many NP-hard problems could
now be viewed as linear programs with CP membership constraints.

In statistics, CP matrices are linked to the theory of block designs; see
[145]. Block designs are used in many applications where systematic com-
parisons are being made. For example, when a researcher wishes to test the
efficacy of different treatments (like the protection offered by different sun-
screen lotions) on a group of test subjects (like a random sample of the human
population), the researcher could group test subjects by the treatment they
receive (assigning them to a “block”) in such a way that the inherent differ-
ences between the test subjects (like age and ethnicity) do not skew the results
of the different treatments; see [83]. Hence, finding a “minimal” block design
would correspond to one that requires the fewest test subjects.

We have dedicated Part 2 of this thesis to studying the CP rank and several
other matrix factorization ranks, such as the nonnegative rank and separable
rank.

Polynomial optimization

As a sub-topic of optimization, we consider polynomial optimization, where
the objective function is a polynomial, and the set of valid inputs is a semial-
gebraic set characterized by a finite system of polynomial constraints, i.e.,

inf f(x)
st.x e K :={xeR":g;(x) >0 (i € [Ng]), hj(x) =0 (j € [Np])}.

Here, f,g1,...,9N,, M1, ..., hv, € R[x] := Rz1, 29, ..., 2,,] are polynomials.

Polynomial optimization already provides a rich enough framework to cap-
ture many pertinent problems like matrix factorization rank, portfolio selec-
tion, and some optimization problems arising in queueing theory. Another
important industrial application of polynomial optimization is to the optimal
power flow problem; see, e.g., [9] and the references therein. The primary
problems in Parts 3 and 4 of this thesis boil down to dealing with particular
classes of polynomial optimization problems.

Because of its expressive power, polynomial optimization contains many
NP-hard problems. Hence, polynomial optimization problems are often diffi-
cult to solve. A notable exception is when the problem is convex, i.e., when
the objective function is convex, and the domain of integration is convex. In
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this case, provided we have some additional information, like the gradient of
the objective and an efficient means of projecting onto the feasible region, we
can use powerful and well-studied first-order methods to optimize the problem.
We leverage these techniques in Part 3, where the crux of our solution lies in
showing that a multi-objective problem of interest can be partially solved by
solving a collection of (scalar-objective) problems, many of which are convex.
In Part 4, the core result is again showing convexity, though this time requiring
tools from matrix algebra theory.

The mean-variance-skewness-kurtosis problem. As an example of a
polynomial optimization problem, consider the problem

min Ay fi(w) + Az fo(w) + Az f3(w) + A fa(w)
st.we A" ={weR" :w; >0, Zwi: 1}, (0.1)

i€[n]

for some polynomials f1, fa, f3, f1 € R[w] and a fixed parameter A € R*. This
problem emerges in Part 3, where it is used to recover Pareto optimal so-
lutions to the mean-variance-skewness-kurtosis (MVSK) problem in finance.
The MVSK problem is a particular model for the problem of portfolio op-
timization, where one is tasked with selecting a subset of assets (called a
portfolio) from a pool of available assets in such a way as to maximize the
appreciation of the selection’s value while minimizing the risk of losing the
initial capital investment.

In Part 3, the polynomials f; and f3 will model the expected returns on
investment, the polynomials fo and f; will model the risk of monetary loss, and
the parameter A € R* will be chosen to represent the investor’s preferences in
balancing these conflicting objectives. For k € [4] we have deg(fx) = k, hence
(0.1) is a quartic optimization problem over the simplex.

Our core contribution to this topic is the characterization of a large class
of A € A* for which (0.1) becomes a convex optimization problem. This
seemingly simple result is either not mentioned or assumed not to hold; see,
e.g., [92, 95, 117, 120, 147, 174]. To the best of our knowledge, this
convexity result does not appear to be known in the literature on the MVSK
problem. We also provide peripheral results on finding sparse solutions.

The minimum of a graph-based polynomial from queueing the-
ory. In Part 4, we consider two classes of polynomials that have significance
in queueing theory, in particular, with regard to the asymptotic behavior of a
parallel-server system’s job occupancy with redundancy scheduling. Let

E:={eCn]:le|=L}
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be the set of all edges of a complete L-uniform hypergraph on n elements. We
are tasked with proving that the optimal value of

) 1
min py(z) = Z mﬂfel T ey
(e1,-,eq)EEY (02)
st.xz €A, = {x = (Te)ecp ER™ 1 > O,er = 1},
ecl

is attained at the barycenter o* := L(1,...,1) of A, for all d € N and L. This
is done by exploiting the symmetry properties of pg(x) and the fact that pg is
convex over the simplex A,,. We prove that py is convex by showing that the
Hessian H(pg) is positive semidefinite over A,,. Proving the PSDness of the
Hessian H(pg) is the main result of Part 4, to which we dedicate Chapter 12.
The proof proceeds with several PSDness preserving reductions of H(pg) into
smaller matrices, which are then shown to belong to the Terwilliger algebra
of the binary Hamming cube. We prove these final matrices are PSD using
classical results from Artin, Wedderburn [166], and Schrijver [144]. For a
more modern treatment of matrix algebras, we refer the reader to the thesis
of Dion Gijswit [73] and the references therein.

The other (more important) class of polynomials f; (which we do not
define here) is then investigated in Chapter 13, where it is observed that fy
also obtains its global optimum at the barycenter provided f; is convex over
A,,. Except for a few special cases, we fail to prove that f; is convex in general.
Still, we show that H(p,) appears in the Hessian H(f;) in some intricate way,
laying the foundation for future research (like that of [131]) into this problem.

Generalized moment problems

A way to circumvent the computational difficulty of NP-hard problems
is to consider related or relaxed problems, which are easier to solve than the
original problem, and whose optimal values approximate that of the original
problem. A prime example is the moment method applied to generalized mo-
ment problems (GMPs). First, we briefly describe moment problems and then
give the moment method’s gist.

Moment problems have been actively studied for at least a century, and
as such, the field is very rich and broad in applications; see, e.g., Akhiezer [4],
Schmiidgen [142], and Lasserre [106]. For a recent survey, see [42].

We focus on generalized moment problems from the perspective of linear
optimization problems over measures, which contains polynomial optimization
as a special case. The study of GMPs should be understood in contradistinc-
tion to “the moment problem”, which is a related classical topic where one
seeks a representing measure for a given (partial) set of moments.
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Building on the example of the CP rank, we consider the following gener-
alized moment problem, first defined by Fawzi and Parilo in [67]:

HG:/”(KA

Here, one optimizes over positive Borel measures p supported on the semi-
algebraic set K 4, which is defined as

Ky = {x e R"™: Aux; —:Ezz >0 (l S [n]),
Ayj — iy >0 (i < j € [n]),
A—xxT » O}.

The GMP (0.3) has an optimal value that lower bounds the CP rank of A.
To see this, take any optimal CP factorization A = Zﬁe[r] agag of matrix A
and define the measure p := ZEE[T] 0a,, Where 04, is the Dirac delta measure

centered at ay € K 4. Some inspection will show that u is a feasible solution
to (0.3) with [, 1ldp=r = ranke(A). Thus we have

Tep(A) < ranke,(A).

Since GMPs capture polynomial optimization, they are generally hard
to solve. So, we must look at approximate solutions by considering relaxed
problems related to the GMP.

The moment method. The core idea of the moment method is to recast
a GMP (like the one in (0.3)) in terms of a linear functional L and then to
impose positivity conditions on L that are necessary for L to have a represent-
ing measure. The classical result of Putinar (see Theorem 2.8) provides such
necessary conditions. It states that a linear functional L has a representing
measure p supported on the semialgebraic set

Y(H) = {XGR":g(x) >0, for allgGH},

where H C R[x] is some set of polynomials, provided the associated quadratic
module

M(H) := cone {gpf) :peR[x], ge HU {1}}

is Archimedean (i.e., R — > I 2 € M(H) for some R > 0) and L is positive
on M(H). By relaxing the positivity of L on the quadratic module M(H) to
only positivity on the truncated quadratic module

Moy (H) := cone {ng? :p € C[x,X], g € HU{1}, deg(gpp) < 2t},

for some t € N, one obtains lower bounds on the optimal value for the GMP.

These relaxations form a hierarchy of semidefinite programs, with each
level t in the hierarchy corresponding to a different order of truncation. Ap-
plying the moment method, for every ¢t € NU {00}, to the GMP in (0.3) we
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get the hierarchy of SDPs
P(A) := min {L(1) Le R[x];t,

L(xx1) =

[XHX]tT)
Ajizi — fx ] 0 (i € [n]),

( )=
(Aij — xz%])[ ]t 1[] =01 <i<j<n),
(4= xxT) @ [x)y1 [x]T1) = 0.

Using the general results we develop in Sections 3.1.1 and 3.1.2, we show in
Section 6.1.2 that this particular hierarchy satisfies

17(4) < &°(A) <+ < E2(A) = op(A).

These parameters &7 (A) can often be computed for reasonably sized matrices
A and values t. Constructing these hierarchies and exploring the bounds they
provide in the context of matrix factorization ranks is our core contribution
in Part 2.

~

L

(
(
(
(
L(

The Achilles’ heel of the moment method is the exponential growth of
the moment matrices defining the SDPs of the hierarchy. To combat this, we
developed a technique we call ideal sparsity, that exploits a special structure

in the GMP.

Ideal sparsity. Consider a GMP of the particular form

val ;= inf /fodu /fld,u =a; (i € [Nf])}
neM (K
Kz{XER”' ( ) >0 (j € [N,)), Ha:i:O(SES)},
€S

where . (K) is the set of positive Borel measures supported on K, fo,f1 sees SN
g1, -+ 9N, € R[x] are polynomials, ay, ...,an, € R are scalars, and S C P([n]).
The distinguishing feature of this GMP is the presence of the particular ideal
constraint requiring supp(u) € {x € R" : [[,cg2; = 0 (S € §)} in the defini-
tion of K.

In Chapter 2, we show that this GMP has an equivalent sparse refor-
mulation, where the single (high-dimensional) measure variable is replaced
by several (lower-dimensional) measure variables. Even though the resulting
ideal sparse GMP is equivalent, its associate ideal sparse hierarchy is both
more economical in terms of the involved matrix sizes and in terms of the
quality of bounds it provides.
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This result stands in contradistinction to other sparsity techniques, where
one often sacrifices the bound strength in exchange for a computational speed-
up. We demonstrate the significant improvement due to ideal sparsity with
applications to the CP rank (Chapter 6) and nonnegative rank (Chapter 5).

Similarly, we consider a “block-diagonal reduction” in Section 7.2 to make
the SDP hierarchy associated with the separable rank (Chapter 7) more effi-
cient.

Societal and scientific relevance

Matrix factorization is a powerful mathematical tool that significantly im-
pacts a wide range of applications in today’s society. From recommendation
systems and data mining to image processing and natural language processing,
matrix factorization techniques play a crucial role in various algorithms. It is
prized for its ability to compress data, reduce dimensionality, and its ease of
interpretation. Interpretability is becoming ever more appreciated as several
prominent machine learning algorithms essentially function as “black boxes,”
obfuscating their inner workings and casting suspicion on their conclusions.
Matrix factorization ranks can be seen as quantifying the complexity of the
data represented as a matrix. However, some of these matrix factorization
ranks are difficult to compute. Hence, there is a need to find accurate lower
bounds that are easier to compute.

Moments problems are an extremely rich field of study with several applica-
tions like global optimization, Markov chains, optimal control, and multivari-
ate integration, to name a few. Generalized moment problems, in particular,
are often used to attack optimization problems in many diverse contexts. One
example that stands out is the estimation of Lipschitz constants for ReLLU
networks, thereby gauging the robustness of the network. This has been done
using semialgebraic optimization and could potentially benefit from ideal spar-
sity.

Portfolio selection is at the heart of wealth management, both on the in-
dividual investor’s level and the level of large institutions. To wisely allocate
investments based on the deluge of information available today, it is essen-
tial to have data-driven models that do not rely solely on human judgment.
Portfolio optimization codifies the portfolio selection task as a mathematical
optimization problem, thereby quantifying risks and rewards while balancing
them against each other.

Queueing theory is an imminently practical subtopic of operations research
that studies the allocation of incoming jobs (a queue of jobs) to a collection
of servers (things that complete jobs). The goal is often one of optimization,
where one, for example, wants to maximize the number of jobs completed in
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a fixed time frame or minimize the time a server spends idling. The goals
are often set in accordance with some business decisions. Historically, queue-
ing theory was used in project management and industrial engineering. Due
to the popularity of the Internet, online services and website traffic have be-
come popular use cases. Today, queueing theory also has applications in (but
not limited to) logistics, health care, service operations management, revenue
management, theoretical economics, and pricing.

Organization

This thesis is organized into four parts.

Part 1 contains preliminaries (Chapter 1) followed by an introduction to
generalized moment problems (Chapter 2). Ideal sparsity is a subtopic of
GMPs (Section 2.2.1), which we developed in [100]. The moment method
and associated fundamental results from the literature are provided in Chap-
ter 3, where we adapt them for their use in Part 2 of the thesis, which is
on matrix factorization ranks (MFR). In the moment method, we look, in
particular, at polynomial matrix localizing constraints, which have a natural
application in MFR. Part 1 is mostly written for complex polynomials as this
will be required in Chapter 7 for the separable rank. However, real analogs
are also provided where applicable, and the core results are stated in both
variants for clarity and convenience.

Part 2 is dedicated to MFR. We give a general overview of matrix fac-
torization in Chapter 4, which is based on our book chapter [151]. Special
focus is given to the nonnegative rank (Chapter 5), the completely positive
rank (Chapter 6), and the separable rank (Chapter 7), where we apply the
moment method described in Chapter 3. In particular, we apply ideal sparsity
to the hierarchies associated with nonnegative rank and completely positive
rank, and we apply a block-diagonalization technique to the separable rank.

Part 3 is devoted to the MVSK problem in portfolio optimization. This
part of the thesis stands on its own and is based on our work in [150]. Chap-
ter 8 gives some finance theory background on the MVSK problem and some
preliminaries on multi-objective optimization. We follow up in Chapter 9
with the mathematical formulation of MVSK as a multi-objective optimiza-
tion problem. We attack the MVSK problem by linearly scalarizing it for a
given hyper-parameter A\ € A%, resulting in a problem that looks similar to
the one in (0.1). These scalarized problems are then shown to be convex for a
large class of \’s. By grid sampling A%, and solving the associated scalarized
problem (for different A’s) using first-order methods, we partially recover the
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Pareto front of the MVSK problem. Chapter 10 considers the results of nu-
merical experiments on real-world data and visualizes them.

In Part 4, we introduce two hypergraph-based classes of polynomials,
which we denote (but do not define here) as f; and pg, respectively. We give
a brief motivation from queueing theory for our interest in these polynomials
and introduce some necessary preliminaries on the Terwilliger algebra of the
binary Hamming cube (Chapter 11). In Chapter 12, we give the main result of
Part 4; namely, we show that the polynomials p; are convex over the standard
simplex and that this implies that they attain their global minimum at the
barycenter of the simplex. We do this by exploiting symmetry properties of py
(also present in f;) and showing that its Hessian is PSD using several PSDness
preserving reductions and a classical result by Schrijver. In Chapter 13, we
relate the polynomials pg to the polynomials f; and show some partial results
for f; in the same spirit as that of Chapter 12.

Publications

This thesis is based on the following research papers:

[27] D. Brosch, M. Laurent, and A. Steenkamp.
Optimizing hypergraph-based polynomials modeling
job-occupancy in queueing with redundancy scheduling.
SIAM Journal on Optimization, 31(3):2227-2254, 2021.
https://doi.org/10.1137/20M 1369592

[81] S. Gribling, M. Laurent, and A. Steenkamp.
Bounding the separable rank via polynomial optimization.
Linear Algebra and its Applications, 648:1-55, 2022.
https://doi.org/10.1016/j.1aa.2022.04.010

[100] M. Korda, M. Laurent, V. Magron, and A. Steenkamp.
Exploiting ideal-sparsity in the generalized moment prob-
lem with application to matrix factorization ranks.
Mathematical Programming, 2023.
https://doi.org/10.1007/s10107-023-01993-x
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Part 1

Polynomial optimization techniques



Part 1 of the thesis contains three chapters. Chapter 1 introduces most
of the notation, basic definitions, and nomenclature for chapters 2, 3, and
the rest of the thesis. Chapter 2 introduces the generalized moment problem
(GMP), which describes a rich class of optimization problems. Our primary
interest and motivation are to solve GMPs. To this end, we dedicate the third
and final chapter, Chapter 3, where we describe the moment method. This is
a classical method and our primary technique for approximating GMPs with
a sequence of semidefinite programs.

We present our new research after stating classical results for contextual-
ization. In particular, our results on ideal sparsity are presented following the
formal definition of a GMP in Chapter 2. Similarly, the ideal-sparse hierarchy
is only introduced once the classical moment method is described and the re-
sulting hierarchy is defined in Chapter 3. Our most significant motivation for
using ideal sparsity comes from its efficacy in bounding matrix factorization
ranks (MFR). However, we only properly introduce MFR in Part 2, where
we dedicate several chapters to the topic. We must stress that ideal sparsity
has applications beyond MFR, and as such, it is treated here in Part 1 in the
abstract setting of GMPs.

The contribution to ideal sparsity is based on our joint work with Milan
Korda, Monique Laurent, and Victor Magron in [100].



CHAPTER 1

Polynomials

We introduce some fundamental objects, definitions, and results that will
be used throughout the thesis. In particular, we introduce polynomials (Sec-
tion 1.1), their dual, linear functionals (Section 1.2), and moment matrices
(Section 1.3). We explain the fundamental relationships and properties be-
tween these three topics as we introduce them.

These first three sections are all stated for complex variables. This is a
rather technical but necessary requirement for the forthcoming Chapter 7,
where the objects of interest, separable states, are described as matrices with
complex entries. Many classical results are phrased in the real setting; as
such, we need to extend them to the complex setting. We do this in the final
Section 1.4.

For the other topics of this thesis, we will work exclusively in the real
setting. To this end, Section 1.4 contains many useful conversions between
complex objects and their real analogs.

1.1. Basic definitions and objects

1.1.1. Basic notation. We start with some basic mathematical objects
and notation. Let Z denote the set of integers, and let N := {0,1,2,3,...}
denote the set of nonnegative integers. For any integer n, with n > 1, let
[n] :={1,2,...,n}. Similarly, for any two distinct integers k& < n define the set
[k,n| :={k,k+1,...,n—1,n}. For n,k € N with k£ < n denote by

(1) = oo

the combinatorial parameter representing the number of ways one can choose
k objects from a set of size n. Consider now a vector of nonnegative integers
a € N and define its size by o] := >_1" ; ;. The set of nonnegative integer
vectors with size at most k& € N is denoted N} := {a € N" : |a| < k}; it has

cardinality (”Zk) For any real number a € R, we denote

e its floor by |a] :=max{b€ Z :b < a} and,

e its ceiling by [a] ;== min{b € Z: b > a}.
For any set V' we denote by P(V) := {S : S C V} the power set of V. We
denote the cardinality or size of a finite set S by |S| € N.

13



14 1. POLYNOMIALS

Complex objects. For a complex scalar a € C, we denote its conjugate by @

and its modulus by |a| := v/aa. For a complex vector a := (a1, ag, ..., a,) € C"
we denote its conjugate transpose by a* := (@y,...,@,)’. Similarly, for a

complex matrix X € C™™, we denote its transpose by X' and its conjugate
transpose by X*.

Vectors and matrices. Let the vector space C" be equipped with the scalar
product (x,y) := x*y = > ", z}y; for x,y € C". Our convention is to use
bold lower-case Roman letters for vectors, e.g., a,b,x,y,z,u, v, w. This inner
product induces the Euclidean norm: ||x|| := v/x*x. Analogously, the vector
space C"*" is equipped with the trace inner product (X,Y) = Tr(X*Y) =
> iie1 X;;Y;; and the Frobenius norm || X|| := 1/(X, X), where X,Y € C"*™.
The support of a vector x € R™ is the set of indices

supp(x) = {i € [n] : z; # 0}.
For a set S in a vector space, we let cone(S) and conv(S) denote its conic hull
and its convex hull.

We let I,, and J,, denote the identity matriz and the all-ones matriz of
size n, which we sometimes also denote as I and J when the dimension is clear
from the context.

A matrix X € C"" is called Hermitian if X* = X, and we denote the
space of complex Hermitian n x n matrices by H"™. A matrix X € H" is said
to be (Hermitian) positive semidefinite (PSD), denoted X > 0, if v¥*Xv > 0
for all v.€ C". Let H! denote the cone of Hermitian positive semidefinite
matrices; it is self-dual in the sense that,

XeH! <= (X,Y)>0forallY € HT.

Furthermore, every Hermitian PSD matrix X € H'} has a Cholesky factoriza-
tion, i.e., X = VV™* for some V € C"*", where r := rank(X).

Semidefinite program. For Hermitian matrices C, Ay, ..., A, € H", and
real numbers by, ..., b, € R we call the following optimization problem a semi-
definite program (SDP):

inf (C,X)
XeHn

s.t. (A, X) =b; (i € [m]).

SDPs like the above can be solved (up to some e-accuracy) efficiently by in-
terior point methods (under some technical assumptions like rational data,
knowledge of a feasible point, and well-behavedness of the feasible region);
see, e.g., [125, 45]. As such, a running theme throughout this thesis will be
reformulating various optimization problems as SDPs, and then solving them.
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Restriction notation. Consider a set U C V := [n]. Given a vector y €
RIYI we let (y, 0y\r7) € R™ denote the vector obtained by padding y with zeros

at the entries indexed by [n] \ U. For an n-variate function f : RVl = R, we
let fiy : RIYI R denote the function in the variables x(U) := {z; : i € U},
which is obtained from f by setting to zero all the variables x; indexed by
i € V\U. That is, fiy(y) = f(y,00\p) for y € RIYI. So, if f is an n-variate
polynomial, then fi;; is a |Ul-variate polynomial in the variables x(U).

Basic graph theory. Often we use G := (V, E) to denote a graph with set
of vertices V' and set of edges FE. The set of non-edges of G is defined to be
the set

E={{ij}:ieV, jeV,i#j {i.j}¢ E},
and similarly, the complement of G is defined as G := (V, E). For any subset
of vertices S C V we denote the set of induced edges as

E(S) := {{i,j} cE:{i,j} C 5}.

A cligue C C V of G is a set of vertices such that {i,j} € E for all i,5 € C
with ¢ # j. An edge covering € C P(V') of G is a collection of vertex sets with
the property that every edge e € E is contained in some S € &.

For a symmetric matrix A € R™*" we define its support graph

Gy = ([n],EA = {{i,j} C i ], Ay # o}).

For an example of the above, we refer to Fig. 1 in Section 2.2.

A sequence of distinct vertices vy, ve,...,vp € V with k& > 3 is called a
cycle C (of length k) of G if {v1,va}, {va,v3}, ..., {vg,v1} € E. Then, an edge
{vi,v;} € E with |i — j| > 2 is called a chord of C. A graph G is said to be
chordal if any cycle C' of length 4 or more has a chord.

1.1.2. Polynomials. We consider polynomials in n complex variables
x1, ..., Ty and their conjugates ¥y, ..., T,. For a, 8 € N” we use the short-hand
x“%? to denote the monomial

xx7 = H z}" H Tjﬁj.
i€ln]  jEln]

The degree of this monomial is defined to be the following nonnegative integer:

deg(x°X”) := |a| + 8] = > ai+ B €N.

i€[n]

It is often convenient to refer to the maximal degree in a set H C C[x,X]
of polynomials; in such cases, we write dy := maxgzcp{deg(g)}. We collect
the set of all monomials of degree at most ¢ € N U {oo} in the vector [x,X];
(using some given ordering of the monomials); for ease of notation, we set
[x,X] := [X,X]so consisting of all monomials (i.e., with no degree upper bound).
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Note that [x,X] = [X,x]. It is often convenient to use [x,X]; as a set, ignoring
its ordering. In such cases, we write x*%” € [x,X];. Taking the complex linear
span of all monomials in [x,X]; gives

C[x,X]; :=span{m : m € [x,X|;} = { Z Ay M Ay, € C},

me[x,X|¢

the space of polynomials with complex coefficients and degrees at most t. If
t = oo we write C[x,X] for the full polynomial ring in x,X over C. Observe
that any polynomial p € C[x,X] is of the form

P= Pasx®’,
a?IB

where only finitely many coefficients p, g are nonzero. The degree of p is the
maximum degree of its constituent monomials, i.e.,

deg(p) := pm[?;é(o deg(x°%").

Let CY" N .= {a = (@) (a,8)enn xnm ¢ |[allo < oo} denote the set of vectors

in CN"*N" that have only finitely many nonzero entries. Then any polynomial
p can be written as

p = a*[x, X] for some unique a = <ﬁa’ﬁ>(a,ﬁ)€N"XN” e CcY" N, (1.1)
Conjugation on complex variables extends linearly to polynomials, for p =
Zaﬁ paygxaiﬁ we define its conjugate polynomial p := Zaﬁ ﬁaﬁiaxﬁ.

Polynomials equal to their conjugate, i.e., polynomials p such as p = p,
are called Hermitian. Hermitian polynomials are noteworthy partly because
they take only real values, i.e., p(x,X) € R for all x € C". We denote the
space of Hermitian polynomials by C[x,X]". As two examples of Hermitian
polynomials, we present the following univariate polynomials: p = x + 7 and
q = iz — iz. As an example of a non-Hermitian polynomial, we present r =
x —T; indeed T = —r and r(i) = 2i ¢ R. Polynomials of the form ¢g (for
some g € C[x,X]|) are called Hermitian squares and are a particular class of
Hermitian polynomials that take only nonnegative values. For any t € NU{oo}
we define the cone of sums of Hermitian squares (Hermitian SoS) with degree
at most 2t by

E[Xvi]Qt = { Z qiq; : ke N7 aQ1,92; -, 49k € C[X7§]t}-
1€[k]

Since each element p of ¥[x,X]s is a conic combination of Hermitian squares,
we have that p takes only nonnegative values. If the variables are clear from
the context, we write X9, and if additionally t = oo, we write 2.
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SoS-polynomial matrices. A (complex) polynomial matrix S € C[x,X|"*"™

is called an SoS-polynomial matriz if S = UU* for some polynomial matrix
U € C[x,x]™** and some integer k € N, or, equivalently, if

S € cone{pp* : p = (p1,...,pm) € C[x,X|™}.

Clearly, an SoS-polynomial matrix S takes only Hermitian PSD values, i.e.,
S(x,x) € HY for all x € C". We have added the arrow notation “p” to
distinguish vectors with polynomial entries from those with scalar entries. At
this point, there may be some confusion on the use of “Hermitian” with regards
to a polynomial matrix S € C[x,X]|™*". Observe that S can be Hermitian as
a matrix, i.e., S = S*, which means that S; ; = Sj; for all 4,5 € [m]. However,

S can also have an entry S; ; that is Hermitian as a polynomial, i.e., S; j = 5; ;.
Whenever we say a polynomial matrix is Hermitian, it should be understood
in the matrix sense unless we specifically say otherwise.

Semi-algebraic sets. It will be useful to work with a special class of sets
in C" called semi-algebraic sets. A set K C C" is called (basic closed)
semi-algebraic if there exist integers Ny, N; € N, Hermitian polynomials
g1; - 9N, € C[x,X]", and polynomials Ay, ..., hy, € C[x,X] such that

K:{XEC”: 9:(x,%) > 0 (i € [N,]), hj(x,%) =0 (j € [Nh])}. (1.2)

We have added the equality constraints for exposition purposes. The inequality
constraints alone are sufficient because h = 0 is equivalent to h > 0 and
—h > 0.

1.2. Dual space of polynomials

The algebraic dual space of C[x,X] is the vector space
Clx,x]* == {L :Clx,X]2p—L(p)€eC| Lis linear}

of all linear functionals L mapping polynomials in C[x,X]| to C. Just as we
sometimes work with polynomials of bounded degree, i.e., C[x,X]; for some
t € NU{oo}, we will work with the space C[x, X} of linear functionals defined
on C[x,X];. If t = 0o, we omit the subscript and write C[x, X]*.

Hermitian linear functionals. A linear functional L € C[x,X]* is called
Hermitian if L(p) = L(p) for all p € C[x,X]. A (Hermitian) linear functional
L € C[x,X]|* is called positive, written as L > 0, if it maps Hermitian squares

to nonnegative real numbers, i.e., if L(¢g) > 0 for all ¢ € C[x,X].
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Evaluation functionals. As an example of a linear functional, we can de-
fine, for any a € C", the evaluation functional L, € C[x,X]|* at a as follows:

L, :C[x,X|>p—p(a) e C.

It is easy to see that L, is both Hermitian and positive.

Polynomial localizing maps gL. Given a polynomial g € C[x,X] and
a linear functional L € C[x,X|* we can construct a new linear functional
gL € C[x,X]* defined entry-wise as follows:

gL : C[x,X] > p+— L(gp) € C. (1.3)

Via the above construction, we say that g acts on C[x,X|* by mapping L to
gL. If g € C[x,X|" and L is Hermitian, then gL is Hermitian.

Matriz-valued linear functionals. The notion of matrix-valued linear
functionals is similar to the above scalar-valued linear functionals. These
functionals act on polynomials p € C[x,X| but take values in some matrix
space C"™*™ where m € N is arbitrary but fixed. Consider the following
matrix-valued linear functional:

L:Cx,%]3pw L(p) := (Lij(p)) e Cmxm, (1.4)

i,j€lm]
Here, £ = (Li;){"—; with each L;; € C[x,X]" being a scalar-valued linear
functional. We write (C[x,X]*)™*™ for the set of all m x m-matrix-valued
linear functionals £ acting on polynomials in C[x,X]. We call £ Hermitian
if L(p) = L(p)*, ie., Lij(p) = Lji(p) for all 4,5 € [m] and all p € C[x,X].
Furthermore, L is said to be positive, written £ > 0, if it maps positive ele-
ments (i.e., Hermitian squares pp) to positive elements (i.e., Hermitian positive
semidefinite m x m matrices), i.e., if the following holds:

L(pp) = (Lij(pp))i5=1 = 0 for all p € C[x,X]. (1.5)

We define an action of £ on a polynomial matrix S = (S;;);"_; € C[x,X]|™ ™

ij=1
If £ and S are both Hermitian, then (£, S) € R. Furthermore, if £ is positive
and S = 0, then (£,S5) > 0.

Polynomial matrix localizing maps gL. Similar to what we did with
scalar-valued linear maps in (1.3), we can combine a matrix-valued linear
functional £ and a polynomial g € C[x,X] to create a new matrix-valued
linear functional

9L : Clx,X] 3 p— (9£)(p) = L(gp) = (Lij(9p)) ceC™™m. (17)

i,5€[m]
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Suppose g and £ are Hermitian (in their respective senses), then g£ is Hermit-
ian. Furthermore, if ¢ € ¥ is a sum of squares polynomial and £ is positive,
then gL is positive.

Polynomial matriz localizing maps G® L. We can extend the construc-
tion of gL in (1.3) to the case when g is no longer a polynomial but rather a
polynomial matrix G = (Gyj)—; € Clx,X]™*™ (we assume for convenience
that G is square). Given a linear functional L € C[x,X|*, we can construct
a new matrix-valued linear functional G ® L € C[x,X|* defined entry-wise as
follows:
G®L : Cx,X] 5 p— (GRL)(p) := ((GijL)(p))ij:l = (L(Gijp))zz.:l e Ccmxm,
For our applications in Part 2, we will only consider matrix-valued linear
functionals of the form G ® L. However, for ease of proof and clarity of
exposition, we will continue work in the general setting whenever possible. It
should be noted that the general setting was used in [80] to establish the link
between the moment method and the DPS hierarchy (based on state extension)
for approximating the set of separable states.

1.3. Moment matrices

Functionals on polynomials extend entry-wise to polynomial matrices.
Formally, given a linear functional L € C[x,X]* and a polynomial matrix
G = (Gij){2 € Clx,X]™*™, we define L(G) to be the matrix

L(G) = (L(Gij)> e cmxm,
i,j€[m]
We apply this operation to define the notion of moment matrices.

Moment matrices of scalar-valued linear functionals. Fixt € NU
{oc} and consider the result of applying a linear functional L € C[x, X9 to
the (possibly infinite) polynomial matrix [x,X]:[x,X|; to get

My(L) := L(|x,X]¢[x,X|}) = ( L(x*T1x 0 .
(L) i= Ll Xalx, X7) ( ( ))<a,ﬂ>7<ma>e<Nn>2: Bl Predise

The matrix M (L) is called the moment matriz of L of order t. It satisfies
what is called the moment property, which means that, for any («, 5), (7,9),
(o, 8), (,8) € (N")? with |a+ 8], |y + 6|, |[&/ + 8|, |/ + | < t and
at+y=d ++,8+6=p0 47, we have

(Mi(L))(a,8),(v,6) = (Mi(L))(ar,87),(v 67

When we make no mention of the order ¢, we imply that ¢t = co. It is useful
to note that the moment matrix operation is linear, i.e.,

Mt(aLl + bLQ) = aMt(Ll) + bMt(Lg) (19)
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for any two linear functionals L1, Lo € C[x,X]* and scalars a,b € C.

Observe that the moment matrix of an evaluation functional L, at a € C" is
Mt(La) - [a7 E]t[a7 5]??

which is clearly a rank-one matrix. Hence, if L is a linear combination of
evaluation functionals, its moment matrix M;(L) has a finite rank, also if
t =00

LEMMA 1.1. A linear functional L € C[x,X|* is Hermitian if and only if
its moment matriz M (L) is Hermitian.
ProOF. If L(p) = L(p) for all p € C[x,X], then
M(L) = L X% %) = Lxx)xx")"
= L([x,x][%x]")" = L([%x][x,x]")" = L([x,X][x,x]*) = M(L).
Conversely, if M (L) = M(L)*, then L(x°%?) = L(%*x") = L(x°%") for every
a, 8 € N, In particular, for any p € C[x,X|, we have
L) =Y Papl(xx’) => pasL(x"%’) = L(p). O
a,f o,
The above lemma holds mutatis mutandis when applied to a truncated

functional L € C[x,X]; and its associated moment matrix M;(L).

LEMMA 1.2. A linear functional L € C[x,X]| is positive if and only if its
moment matriz M (L) is PSD.

PRrROOF. The claim becomes clear once one considers the following fact:
for any polynomial p € C[x,X]|, written as p = a*[x,X| with a € (CONnXNn, we
have

L(pp) = L(a*[x, % [x,X]"a) = a"L(x, X][x,.F)a = a"M(L)a.  (1.10)
Hence,
L>0 < M(L)*>0.
O

It may be useful to generalize the above fact in (1.10): if p = a*[x,X] and
q = b*[x,X] with a,b € C)" " then L(pg) = a*M(L)b.

Moment matrices of polynomial localizing maps gL. As stated in
Lemma 1.2, gL is positive if and only if its moment matrix is PSD, i.e.,

gL >0 <= L(g-[x,X|[x,X]") = M(gL) > 0. (1.11)
If g is Hermitian (as a polynomial) and L is Hermitian (as a functional), then

gL is a Hermitian functional, and hence M (¢gL) is a Hermitian matrix. For
the special case where L is an evaluation functional L, and ¢ is a polynomial
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that is nonnegative at a, i.e., g(a,a) > 0, we have that gL > 0. This is clear
when considering any p € C[x,X] and observing that

(9L)(#P) = g(a, A)[p(a,a)* = 0.
In the literature (see [106]), M (gL) is often called a localizing moment matriz.
In a similar vein to (1.11) we have for any h € C[x,X] the following:

hL =0 <= L(h-[x,X|[x,X]") = M(hL) = 0. (1.12)
Equality here is entry-wise but expressed in matrix form for ease of notation.
The implications of (1.11) and (1.12) easily transfer to the truncated setting.

Given a (truncated) linear functional L € C[x,X]3,, its (truncated) localizing
matrix is defined as

Mt*dg (gL) = L(g ’ [X7i]t7dg [X7i};t‘:dg)v

where we subtract d, := (degT(m} from the degree bound to account for the
effect of multiplying the monomials with g. Similarly, a localizing equality

constraint h = 0 will be encoded by
L(h‘ : [Xvibt—deg(h)) =0.

Moment matrices of matrix-valued linear functionals L. Analogous
to the scalar-valued linear functional setting, we can, for a matrix-valued linear
functional £ = (L;;)."._, € (C[x,X]*)™*™, define a moment matrix block-wise
as follows:

M(£) = £(x, %P, x) = (Lig (e X[, %) )

4,j=1

m
= (ML) (1.13)
2,7=1

Here, we view M(L) as an m x m block-matrix whose (i,5)" block is the
moment matrix M (L;j) of the scalar-valued linear functional L;; € C[x,X]*.
It should be clear that M (L) is a Hermitian matrix if £ is Hermitian.

Positivity of L and its moment matriz M(L). Similar to the scalar-
valued case, if M (L) = 0, then L is positive, i.e., L(pp) = 0 for all p € C[x,X].
However, the reverse implication may not generally hold; we motivate why in
the following two lemmas.

LEMMA 1.3. L is positive, i.e., (1.5) holds, if and only if any of the fol-
lowing equivalent conditions holds:

M(V*Lv) =0 forallveCm, (1.14)
(vea)* M(L)(vea) >0 forallve C™ andac Cy N, (1.15)
v*L(pp)v = (V*Lv)(pp) > 0 for all ve C™ and p € C[x,X]. (1.16)

PROOF. The equivalence between (1.5) and (1.16) follows from the defi-
nition of PSDness. The equivalence between (1.16) and (1.14) follows from
using (1.10) applied to the (scalar-valued) map v*Lv for each v € C™. To see
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the equivalence of (1.16) and (1.15), take an arbitrary polynomial p € C[x,X]

and write it as p = a*[x,X] with a = (aq,5) € Cy *". Use (1.10) and the

definition of M (L) from (1.13) to get the following result for any v € C™:

Vi L(pp)v = v (Lij(pp))ij=1v = V' (@" M (Lij)a)j_ v = (v@a) M (L)(v©a).
O

LEMMA 1.4. M(L) = 0 if and only if any one of the following equivalent
conditions holds:

w*M(L)w >0 for all w € C™ @ Cy *N", (1.17)
(L£,S) >0 for all SoS-polynomial matrices S € C[x,x]|"*™, (1.18)

m
(£,PB") = > Lij(pip;) > 0 for all = (p1, ..., pm) € Cx, X", (1.19)
ij=1
PrOOF. Condition (1.17) is just the definition of PSDness. The equiva-
lence between (1.18) and (1.19) follows from the fact that any SoS-polynomial
matrix S is a conic combination of rank-one SoS-polynomial matrices, i.e.,

k
i=1

for some k € N and py, ..., pr € C[x,X]™

To show that (1.19) and (1.17) are equivalent, start by considering an arbitrary
vector W = (W (,8))i,(a,8) 0 C" ® CLY" ™", For each i € [m] define the vector
a; = (Wi (a,8))(a,8) € (CONRXNTL and its corresponding polynomial p; = af[x, X].
From these m polynomials define the polynomial vector p = (p1,...,pm) €
C[x,X]™ of length m. Then

m

W M(L)w = w* (M(Lij)){—yw = Y (af Lij([x. X][x, X])a;){_y
i
Z (@] [x, X][x,X]"a;))i 2, = ZLU pip;) = (L, PP")- O
i,j=1 4,J=1

We now observe the similarities and disparities between the characterizations
of a positive functional £ and the positivity characterizations of its moment
matrix M (L). First, observe that (1.15) is a special case of (1.17), where the
vectors w now must have a tensor product form w = v ® a. Second, (1.16)
is a restriction of (1.19) to the case where p = (vip,vep, ...,vyp) for some
p € C[x,X]. Hence, we have the following result.

LEMMA 1.5. If M (L) = 0 then L is positive.

Note how (1.18) established the duality relationship between m x m SoS-
polynomial matrices and m x m-matrix valued linear maps £ with M (L) = 0.
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In the particular case that £ = G(x,X)® L for some SoS-polynomial matrix
G(x,X) and L is a sum of evaluation functionals, we have that M (L) = 0.

On the tractability of showing M,(L) = 0 vs. showing L = 0 on Y.
For a fixed t € N and a fixed choice of £ € (C[x,X]*)™*"™, it is computationally
tractable to check if M;(L) > 0 since this amounts to checking whether a single
((":“t) -m)-sized matrix is PSD. In contradistinction, it is not clear how to check
if £ is positive on all sums of squares polynomials of degree at most 2¢, as this
would require checking for every v € C™ if the ("jt)—sized matrix My (v*Lv) is
PSD. Hence, M;(L) = 0 is both a stronger and easier-to-verify condition than

L i 0 on Egt.

Moment matrices of polynomzial matrix localizing maps G® L. Poly-
nomial matrix localizing maps G ® L are a particular class of matrix-valued
linear maps. As such, all of the above results transfer to this setting. We exam-
ine this particular specialization because the results will be used in Chapter 3
and in Part 2 to construct moment hierarchies especially suited for matrix
factorization ranks. The moment matrix of G ® L is

M(G® L) = L(G @ [xX][x,X]") = (Gi; L) ([x, X] [x, X]"))7] (1.20)

ij=1°
Given a (truncated) linear functional L € C[x,X]3,, its (truncated) localizing
matrix is defined as follows:

M(G®@L):= L(G® [XX]t—ds[%X];—a.) (1.21)
where we subtract
do = max (W}
i,j€[m] 2

from the degree bound to account for the effect of multiplying the monomials
with the entries of G. We collect some observations pertaining to G ® L and
its moment matrix M (G ® L).

The matriz M (G ® La) has a tensor product structure. For a (scalar-
valued) evaluation map L, and some polynomial matrix G, the moment matrix
of G® L, is
M(G ® La) - La(G ® [Xai] [X7§]*)
= La(G) ® La([x,X][x,X]*) = G(a,a) ® [a,a][a,a]".
Thus, if G(a,a) = 0, then M (G ® La) = 0. Hence, if L is a conic combination

of evaluation maps L = > .., La and G(a,a) = 0 for all a € A, then the
moment matrix M (G ® L) is Hermitian PSD.

(1.22)

The following is a corollary of Lemma 1.4 and Lemma 1.5 for the truncated
setting when L is of the form G ® L.
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COROLLARY 1.6. Lett € NU{o0}, G € C[x,X|"™*"™, and L € C|x,X]5,. If
M4 (G @ L) = L(G @ [%, X6 [%, X —45) = 0,

then G @ L is positive on YXg;_q.), t.€., both of the following two conditions
hold:

L(v*Gv -pp) >0 for allve C™ and p € C[x,X;—q,,
M;_q,((V'Gv)L) = 0 for all v e C™.

1.4. The real analogs of complex objects

Thus far, this chapter has been phrased in terms of complex objects. How-
ever, sometimes we work over the reals, in which case things simplify substan-
tially. Indeed, observe that if x € R™, there is no need for conjugates X; as
such, the vector of monomials becomes [x] := (x%)4enn. The ring of real poly-
nomials in x is R[x], the dual space C[x,X]* becomes R[x]*, and so forth. The
notion of Hermitian is not applicable in the real setting; as such, Hermitian
matrices become just symmetric. The cone of symmetric real n X n matrices
is written as 8", and the cone of PSD symmetric real n x n matrices is S*.

Some core classical results (like the forthcoming Theorem 2.8 in Chapter 2
and Lemma 3.1 in Chapter 3) are stated with real variables. We will use these
results in Chapter 7 to lower bound the separable rank of a complex-valued
matrix. To this end, we must express complex results in terms of their familiar
real analogs. We give some miscellaneous conversion results for the reader’s
convenience. Readers may postpone a thorough readthrough of this chapter
until they wish to delve into Chapter 7.

Vectors and matrices. Let i:=/—1 € C denote the imaginary unit. Any
complex scalar z € C can be written (uniquely) as * = xRe + iz, where
TRe = Re(x) and zpy, = Im(x) denote, respectively, the real and imaginary
parts of x. This notation extends to vectors and matrices by letting the
maps Re(-) and Im(-) act entry-wise. Any vector x € C™ can be written
X = XRe + 1X1m With xge := Re(x), X, := Im(x) € R™. This gives a bijection

¢ :C" 3 x — (XRe,Xm) € R" x R™. (1.23)
Similarly, for a complex matrix G € C™™ et Gre = Re(G), G =

Im(G) € R™™" and define the 2m x 2m’ real matrix

R ._ Gre —Gmm
G" = [me G |- (1.24)
Then, G € C™*™ is Hermitian, i.e., G = G, if and only if Gge = G%, and

GITm = —Grmn. Moreover, for a Hermitian matrix G € C™*™ and a complex
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vector w € C™ we have the identity

W Gw = (WRe — iWIm)T(GRe + iGmm ) (WRe + iWmm)

Gre —Gm] [w (1.25)
_ T T Re Im Re
- [WRe Wlm] I:Ghn GRe ] |:WIm:|

which implies the well-known equivalence

GRe C77Im:| = 0.

R _
G0 = G [Glm Cre

Polynomials. Polynomials in C[x,X] with complex variables x € C" can be
transformed into polynomials in R[XRe, X1m] with real variables xge, X, € R™,
via the change of variables x = Xge + iXpy,. In this way, any p € C[x,X]
corresponds to a unique pair of real polynomials

PRe (XRey XIm) 5:Re(p(XRe + iXIm, XRe — iXIm)) S R[XRea XIm]7
pIm(XRey XIm) 5:Im(p(XRe + iXIm, XRe — iXIm)) S R[XRe7 XIm]7
satisfying the following identity:
p(Xa i) = p(XRe + iXIIn: XRe — iXIm) = pRe(XRea le) + iplm(XRea XIm)- (126)

Note that the degrees are preserved because

degx7i (p) = maX{dengc s XIm (pRe) ? degXRmXIm (le’n) } )

A polynomial p is Hermitian, i.e., p = p, if and only if its imaginary component
is zero, i.e., prm = 0. As a consequence, the Re map is injective on Hermitian
polynomials:

Re: (C[x,i]h 3 p(X,X) = PRe(XRe, Xim) € R[XRe, XIm]- (1.27)

The Re map is also surjective. Take any f € R[XRe,Xmm| and define the

polynomial p(x,X) := f(x2£, x;f) € C[x,X], then p is Hermitian and satis-
fies f = pre. Using this, we can, for any h € C[x,X]|, recast the constraint
h(x,%) = 0 as hge (55X, 55%) = 0 and Ay, (55X, %) = 0, which involves only
Hermitian polynomials hre and hyy. Finally, since any pp is Hermitian, we

have that the Re map preserves sums of squares, i.e.,

Re(pp) = pe + -

By linearity, this means that sums of Hermitian squares in C[x, X] are mapped
to sums of (real) squares in R[XRe, X1m] and vice versa.

Polynomsial matrices. For vectors and matrices with polynomial entries
in C[x,X], the maps Re(:) and Im(-) act entry-wise. Additionally, for a poly-

nomial matrix G € C[x,X]"*™ | we can define the real polynomial matrix
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GR ¢ R[xRe,xIm]zm“m/ using relation (1.24), where GRre, G are defined
entry-wise as follows:

if G = (Gij)i,je[m] then GRe = ((Gij)Re)i,jE[m] and GIm = ((Gij)lm)i,je[m]-

From the above definition, G is Hermitian if and only if G® is symmetric.
Next, observe that this correspondence extends to polynomial matrix sums of
squares.

LEMMA 1.7. Let G € C[x,X|™ ™ be a polynomial matriz and let GX €
R[XRe, X1m|2™*2™ be the corresponding real polynomial matriz defined via (1.24).
Then, G is a Hermitian SoS-polynomial matriz if and only if G® is a (real)
SoS-polynomial matriz.

PROOF. Assume G is a Hermitian SoS-polynomial matrix. Let G = UU*
with U € C[x,X]™**. Applying the change of variables from complex to real,
we get

G(X, i) = GRe(XRea XIrn) +iGm (XRe, XIm)
= U(XRe + iXIm; XRe — iXIm)Uﬂ'< (XRe + iXIma XRe — iXIm)
= (Ure + iUm) (Uge — iUfy)
= UreUpe + UimUty + 1(UmUfe — UreUL,,) .
This implies Gre = UreUL, + UmUL, and G = U UL, — UreUL,. Thus

GR .— Gre —Gmm| _ [UreUk, + UmUL,  —(UmUZ, — UreUL)
o G1m GRe B UImUl,{e - UReUgn UReUge + UImUIj;n

[Ure —Um| [ UL, UL1 & T
ol o | e R

which shows GR is an SoS-polynomial matrix. The converse result follows
from retracing the above steps. O

Linear functionals. A linear functional L : C[x,X] — C decomposes into
real and imaginary parts L(p) = Re(L(p)) + ilm(L(p)) for all p € C[x,X].
Recall that L is Hermitian if L(p) = L(p). Just as the case of Hermitian
polynomials, Hermitian functionals L map injectively to real linear functionals
LR : R[XRe, X1m] — R by

X+X X—X
2 7 2i

LR(f) = L(f( )) for any f € R[XRe,Xim)- (1.28)

X+§’ x—i)

For a Hermitian polynomial p € C[x,X]", by (1.27) we have pre (XX, X5
p(x,X) and thus

L(p) = L¥(pre) for any p € C[x,x]". (1.29)
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Then, for any p € C[x,X], we have

%))+ (pin

X+X X—

L(p) = L(pre (5 —; = L*(pre) +iL" (pim)-

(1.30)
In particular, we have L(pp) = LR(p%{e +p¢.) for any p € C[x,X]. This implies
that L is positive (on sums of Hermitian squares) if and only if L* is positive
(on sums of real squares). Since Re(-) preserves degrees, the restriction of L¥

to R[XRe, X1m]: corresponds to the restriction of L to C[x,X];.

X+X X—X
> )

Matrix-valued linear functionals. Consider a complex matrix-valued lin-
ear map, seen before in (1.4):
L:CxX]>p— L(p) = (Li(p))

mem

i,j€[m] ’

where each L;; : Cx,X] — C is a scalar-valued linear functional. Recall that
the map £ is Hermitian if and only if, for all p € C[x,X], we have L(p) = L(p)*.
In terms of real and imaginary components, this means that
m m
(Re(Lis(@) +im(Ly ()| = (Re(Lyu(p)) — im(Lys(p)),"_ -

Equivalently, we have Re(L; ;(p)) = Re(L;(p)) and Im(L; ;(p)) = —Im(L;i(p))
for all 4,j € [m]. Hence, if L is Hermman and p is Hermitian, then the com-
plex matrix £(p) is Hermitian. Assume that £ is Hermitian. Then, we define
the real analog matrix-valued linear functional

T R[XReaXIm] > fe R[XReaxIm] — ﬁR(f) c RQWXZm,

ER(f)i (ﬁ(f(X;—i7X;J§))>R
_ [Re(ﬁ(f(x?‘a’?ix))) —Im(L(f(*5*, *5)))
Im(L(f (5%, %5%)))  Re(L(f(35*, %5 )))

Since f(X£X,%-X) is Hermitian, it follows that

(1.31)

Xl

ST

X+X X—X X+X X—X

(2 (S ) = (e (O )

Hence, £® takes its values in the cone S?™ of symmetric matrices.

LEMMA 1.8. Given a Hermitian linear map L : C[x,X] — C"™*™ and the
corresponding map L¥ from (1.81), g € C[x,X|" and p € C[x,X|, we have the
following equivalence

L(gpp) = 0 = L*(gRe(Phe + Plm)) = 0.
PrOOF. From (1.24), (1.27), and (1.31) we obtain that

Re(L(gpp)) —Im(L(gpp))
Im(L(gpp)) Re(L(gpp)) = L%(gre(Phe + Plm));

because gpp is Hermitian. O

0= L(gpp) <= 0=






CHAPTER 2

The generalized moment problem

We approach generalized moment problems (GMP) from the perspective
of linear optimization problems over measures. This should be understood in
contradistinction to “the moment problem”, which is a classical topic where
one seeks a representing measure for a given (partial) set of moments. Moment
problems have been actively studied for at least a century, and as such, the
field is very rich and broad in applications; see, e.g., Akhiezer [4], Schmiidgen
[142], and Lasserre [106]. We will also follow the recent survey [42].

First, we state some notation and classical results involving measures,
GMPs, and optimization problems (Section 2.1).

Second, we introduce the novel notion of ideal sparsity in GMPs (Sec-
tion 2.2), which we developed in [100]. Ideal sparsity is a new technique
for reformulating a GMP with monomial ideal constraints into an equivalent
GMP without ideal constraints, now involving more measures with smaller
supports than the measure in the original GMP. Though the resulting GMP
is equivalent, its associated moment hierarchy often yields better bounds and
faster computations than the analogous hierarchies for the original GMP.

Third, we establish well-known and fundamental links between linear func-
tionals L € C[x,X]|* and measures. By doing so, we can recast GMPs as opti-
mization problems over linear functionals (Section 2.3) and thereby open the
way to the moment method, which we will treat in the next chapter.

2.1. Preliminaries

This section introduces a few basic but widely used terms from measure
theory and polynomial optimization. Our goal is not a full exposition but
rather a quick primer to ease the reader into the field before stating our con-
tributions. We leave adequate references to more informative sources.

Measures. Let X C C" be a set and S a g-algebra over X. Recall that
S CP(X) is o-algebra over X if it satisfies:

(i) 0 e S,
(i) SeS§ = X\Ses,
(iii) For any Sp, S1,S2,... € S we have | J;cn Si € S.

29
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The pair (X,S) is a measurable space. A function p that maps the elements
of S to the extended real line R U {oco} is called a (nonnegative) measure if it
satisfies the following three properties:

(1) Null empty set: p(0) =0,

(ii) Nonnegativity: pu(S) >0 for all S € S,

(iii) o-additivity: For all countable collections {Sk}k N of pairwise dis-
€

joint sets in S, we have p(Upen Sk) = D pen #(Sk)-
A measure p is called finite if it takes values in R. When u(X) = 1 we call u a
probability measure. A measurable function f is a map between two measurable
spaces (X,S) and (), T) with the property that, for any set 7' € T, its pre-
image is a set in the o-algebra S, i.e., f~1(T) € S. The support supp(u) of a
measure 4 is defined to be the intersection of all measurable sets S € S with
the property that (X \ S) =0, i.e.,

supp(u) == N s

SeS:u(X\S)=0

So as not to derail the topic of this chapter further with measure-theoretic
definitions, we refer the reader to [93] for a proper treatment of measures and
integration. From this point forward, we assume the reader has at least an
intuitive grasp of integration. The support of a measure can also be charac-
terized in terms of measurable functions and integrals as follows: supp(u) is
contained in a set K C R" if

/ fdu = / fdu for any measurable function f : R" — R.
K

Dirac delta measure 6x. As an example of a measure, we present the Dirac
delta measure 6x supported at the point x € R™. For any measurable set A
and measurable function f, dx is acts as follows:

_JIx) xe4
/Afd‘sx_{o x g A.

A measure p is called finite atomic if it is a weighted sum of Dirac delta

measures, i.e.,
p= E Coly(0)

L€[N]

for some points x(1), x® . xV) ¢ R (called the atoms of p) and scalars
1,2, ...,cy € Ry (called the weights of p).

Borel measures. When X is a Euclidean space like C"™ or R", the Euclidean
norm induces a topology, which induces a o-algebra B(X). The elements of
B(X') are generated by the familiar open and closed sets of C". We denote the
space of finite positive Borel measures supported on a set K C X by .Z(K).
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2.1.1. Optimization problems. We consider the following optimization
problem over (finite positive) Borel measures on R™:

val := inf /fod,u /fldu =aqa; (i € [Nf])} (2.1)

neM (K
Here, fo, f1,.., fn; € R[x] are polynomials, a1, ...,an, € R are scalars, and
K={xeR":gi(x) 20 (i € [Ng]), hj(x)=0(j € [Nn])}  (22)

is a basic closed semi-algebraic set defined by polynomials g1, ..., gn,, h1, ..., A, -
Problem (2.1) is an instance of what is called a generalized moment problem
(abbreviated as GMP). GMPs are extremely potent modeling tools and have
received much attention recently, partly because measures are extremely rich in
descriptive power. Their uses include polynomial optimization (minimization
of a polynomial or rational function over K'), volume computation, control the-
ory, option pricing in finance, and much more. See, e.g., [105, 106, 107, 84]
and further references therein.

As an illustration, we demonstrate how a polynomial optimization problem
can be phrased as a special instance of a GMP.

Global optimization over polynomsials. Consider the constrained opti-
mization problem

f*i=1nf f(x) s.t. x € K| (2.3)
where K C R" is as in (2.2). Problem (2.3) can be recast in the language of
measures.

THEOREM 2.1. Problem (2.3) is equivalent to the GMP (2.4) in the sense
that they have the same optimal values, i.e.,

= fE = inf du s.t. | du=1. 2.4
f famp uel/;(K)/fMS /M (2.4)

Proor. To simplify the exposition, we assume K is compact so that f is
guaranteed to have a global optimizer over it.

(f* > féup) For any global minimizer x* of (2.3), one can readily observe
that the Dirac measure dx+ supported at x* is a feasible solution to (2.4) with
objective value [ fdox- = f(x*) = f*.

(f* < f&up) Observe that for any probability measure p € #(K) we

have
[tin=g [du=r 0

In the case when an optimizer p of (2.4) is finite atomic, i.e., of the form

p=Y b,

LE[N]
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with positive weights ci,...,cxy > 0, the atoms x1 x@  x®™) ¢ R are

global optimizers of (2.3).

An interesting (and critical for Part 2 of this thesis) observation is that
one can also have a polynomial matrix constraint defining the semi-algebraic
set. For example, if G € (R[x])™*™ is a polynomial matrix, then we can define
its positivity domain in two equivalent ways

{(xeR":G(x) =0} = {xeR":vIG(x)v >0 (ve R™)}.

The former has only one semi-definite constraint (G(x) = 0), and the latter has
(uncountably) infinitely many scalar constraints (v G(x)v > 0). Applications
of these constraints emerge naturally in the setting of matrix factorization
rank, which we briefly discuss next.

Matriz factorization rank. A nonnegative matrix A € R}*" is called
completely positive (CP) if, for some r € N, there exists a nonnegative matrix
B € R*", with the property that

A=B"B.

The completely positive rank (CP-rank) of a CP matrix A, denoted rank.,(A),
is the smallest positive integer r € N such that this factorization is possible.
In other words,

rank.,(A) := min{r € N: 3B € R"™*" s.t. A= B B}.

By convention, if A is not CP, then we set ranke,(A) = co. A crucial observa-
tion made by Fawzi and Parilo in [67] is that rank.,(A) can be lower bounded
by the following GMP:

Tep(A) 1= ue/l/?(fKA) { /KA Ldp :/KA xixidp = Agj (i,j € V)}, (2.5)

where the semi-algebraic set is given by

Ka={z€R": Az —22>0 (i),
Ay~ ity 20 (0) € ).

where
Eai={{id): Ay £ 0.5 € Vi # 5},
Ey = {{i,j} 1 Aip=0,4,5€ Vi 7’”}'

Note the polynomial matrix constraint A — xx? > 0 in the definition of K 4.
We will look in depth at the CP-rank in Chapter 6, where we will give quick
proof that 7.,(A) < ranke,(A) following (6.4). Though other choices for K4
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would suffice to define 7.,(A), we motivate this particular definition of K4
later in (6.6).

2.2. Ideal sparsity

Recall the GMP in (2.1). Now, we assume that K is a (basic closed)
semi-algebraic set involving equality constraints of a special form, namely,

K = {x ER": gj(x) 20 (j € [N,]), x*:= [[2i=0 (S € S)}, (2.7)
i€S
where g1,...,9n, € R[x] are polynomials and S C P(V) is a collection of
subsets of V' = [n]|. Hence, the set K is contained in the set of all x € R™ for
which every polynomial p € Is vanishes, where

Is = {%usxs tug € ]R[x]} C R[x]. (2.8)

2.2.1. Ideal-sparse GMP. One can exploit the fact that p(x) = 0 for
every x € K and p € Is to create a new GMP. Due to the special form
of the ideal Is, many monomials are set to zero, and hence we can omit
these monomials in the GMP formulation. We accomplish this by instead of
optimizing over a single measure u supported on K C R", we optimize over
several measures i1, ..., [, that are each supported on a smaller space than the
original p. Loosely speaking, the supports of the measures p1, ..., y, will be
as large as possible without supporting any monomial of the form x¥, where
S € §. We have that this latter formulation gives an equivalent GMP. We will
later show that its associated moment relaxations give possibly tighter bounds
than those associated with the original GMP involving a single measure.

Covering the support K. To begin, let V7, ..., V], denote the maximal sub-
sets of V := [n] such that S € V}, for all S € S and k € [p]. Define, for each
Ek € [p], the following subset of K:

Ky, = {x € K :supp(x) C V;,} C K CR". (2.9)

Recall that supp(x) := {i € [n] : z; # 0} denotes the support of vector x € R".
Observe that

K=K U..UK,. (2.10)

This is because for any x € K one must have that S Z supp(x) for every
S € S. Thus, for any x € K there exists a k € [p| such that supp(x) C V.

Hence, x € K, for some k € [p].

For each k € [p], we define the projection
K= {y € R (y.00\y;) € Ki} SR (211)
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of I/(\k onto the subspace indexed by Vi. We can now state the ideal-sparse
formulation of the problem (2.1).

The ideal-sparse GMP formulation. Assume that K is as defined in
(2.7). Then, the ideal-sparse analog of GMP (2.1) is

val'P .= mf /fOIdeMk /fZde'uk = a; (i € [Ny]). (2.12)
kelp]

Here, we use the restriction notation fj)y, to denote the function in [Vj|-many
variables x(V}) := {z; : ¢ € Vi} obtained from f; by setting to zero all the
variables z; indexed by i € V' \ Vj (recall Section 1.1).

Observe the similar overall structure shared between (2.1) and (2.12). We
note some key differences. While problem (2.1) optimizes over a single measure
1 supported on the space RVl problem (2.12) involves p-many measures,
where each py is on the smaller dimensional space RVl We now show that
both formulations (2.1) and (2.12) are equivalent, i.e., have equal optimal
values: val = val®. Here, and throughout the rest of the thesis, we use the
superscript “isp” as a reminder that the formulation exploits ideal sparsity.
Later chapters will use the same notation when defining the corresponding
moment hierarchy and associated parameters.

PROPOSITION 2.2. (Proposition 6 of [100]) Assume that K is as in (2.7).
Then, problems (2.1) and (2.12) are equivalent, i.e., their optimum values are
equal:

val = val®P,
PROOF. (val < val®) Assume (i1, ..., 1) is feasible for problem (2.12).
Consider the measure z on RIV/ defined by [ fdu =>"%_, ka fiv.duy, for any
measurable function f on RIV!. We have supp(y) C K. Indeed,

/deu—/fXKdu—ke[ / fIVkX|deMk / fIdeMk/fdﬂv

kE[p]

since X‘I‘(/k(y) = x"(y,00n1,) = L for all y € Ky, as (y,00ny,) € K C K.
Then, 4 is feasible for (2.1), with the same objective value as (p1, ..., itp),
which shows val < val™P.

(val®P < val) For the reverse inequality, assume i is feasible for (2.1). We
now define a feasible solution (y1, ..., 4p) to (2.12), with the same objective
value as (2.1). For k € [p], define the set

A = {x € K : supp(x) C Vi, supp(x) € V}, for h € [k —1]}.
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As each x € K has its support contained in some Vj, it follows that the sets
Ay, ..., A, form a partition of K. Note that Ay C I/(\k and thus x(Vy) € K}, for
any x € Aj. Consider the measure fi on RIVkl defined, for any measurable
function f on RIVel by [ fduy = fAk Vk))du( ). Then, supp(ux) C Kk,
since

Ajwwj%%wM:/fmwm@wmmwm
[ revint ]ffduk

as x'*(x(V4)) = 1 for all x € Ay. Next, we show that [pdu =Y, [ pjv, die
for any measurable function p : RVl — R. Indeed, as the sets Ai, Ay
partition the set K, we have [ pdu = [, pdp=73", [ A, Pdpt. Combining with

AfmwmzAﬂmmwwwzéfm%

gives the desired identity [pdu = Y7, [ pjv,dur. Therefore, (p1, ..., pp) is a
feasible solution to (2._12) with the same objective value as p, which shows the
desired inequality val®*? < val. O

A special instance of ideal sparsity. We will consider a special instance
for ideal sparsity, where the collection S corresponds to the set E of nonedges
of some graph G = (V, E). The semi-algebraic set K now takes the form of

K = {x€R": g;(x) > 0 (j € [N,]), mz; =0 ({i,j} € B)}.

The sets Vi,...,V, can now be interpreted as the maximal cliques of the
graph G.

This particular setting is motivated by its application to matrix factoriza-
tion ranks, which we will elaborate on in Part 2 of this thesis. At this point, it
suffices to say that the sparsity (presence of zeros in the matrix) of a symmet-
ric matrix A € R"*™ can be captured by its support graph G 4 and exploited
to create a hierarchy of lower bounds on its completely positive rank. We leave
the construction of the hierarchy to Chapter 3. Now we provide a concrete
example of a matrix A, its support graph G4, and its associated maximal
cliques.

ExaMPLE 2.3. Example matriz, support graph, and maximal cliques.
Consider the matriz A and its support graph G4 in Fig. 1.

The mazimal cliques of G4 are all the triangles T C P(V') in G g, namely
T :={{1,3,5},{1,3,6},{1,4,5}, {2,3,6}, {2,3,5}, {1,4,5}, {1,4,5}, {2,4,5}}.
By definition, each clique T' € T corresponds to a sub-matriz At € RITIXIT
with no zero entries. This seemingly innocuous fact will be used extensively
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FIGURE 1. A matrix A and its support graph G 4.

when we work with matriz factorization ranks. Recalling the previous section,
we can now reformulate the GMP (2.5) into an ideal-sparse form like (2.12),
where the Vi ’s are the triangles in T. We are purposefully withholding details
here because the topic will be explored in depth in Part 2 of this thesis.

2.3. Measures, linear functionals, and polynomial optimization

Next, we establish the link between measures and linear functionals acting
on polynomials. If not done already the reader is encouraged to peruse the
contents of the preceding chapter. Viewing measures via linear functionals will
be the key to the moment method, which, in a nutshell, attempts to approach
a GMP by a hierarchy of semi-definite programs (SDPs).

Measure-induced linear functional acting on polynomzials. For a mea-
sure p1 € A (C"), its moments are defined to be the collection of values

Ya,8 = / x*%’dy € C for all a, f € N™. (2.13)
Cnr

A given sequence of numbers (yq 5)a,genn is said to have a representing mea-
sure if there exists a measure y € . (C") such that (2.13) holds. Given a
measure £ we can define an associated linear functional L € C[x,X]* in terms
of the moments of y as follows:

L(x°%%) = / x%Pdy for all a, B € N™.
So, by linearity,
L(p) = / pdu for any polynomial p € C[x,X].

In light of this definition, we are justified in calling M (L) from (1.8) the
moment matrix of L. Since each functional L € C[x,X|* is associated with
a sequence of numbers (L(x°%X”)), genn we can ask the reverse question: is
there a measure p that induces L? If there is such a measure p, we call it a
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representing measure of L.

When looking only at monomials of degree at most ¢ € N, we call the set
of values

/ x%Pdy for all a, f € NI

the moments of © up to order t. Generally, any proper subset of the full
moment set is called a truncated set of moments.

Positivity domain. Given a set of Hermitian polynomials H C C[x,X]" we

define the positivity domain of the set H to be the set of vectors
P(H) :={xeC":g(x) >0 for every g € H}. (2.14)

]me

Given a Hermitian polynomial matrix G € C[x,X
set of Hermitian polynomials

Hg = {v*Gv:veC |v|=1}CClxx" (2.15)

we define an (infinite)

Thus, it makes sense to refer to the positivity domain of G, denoted by

2(G) = P(He) = {x € C": G(x) = 0} (2.16)

Real analog of positivity domains. The complex positivity domain Z(H)
has a natural analog, the real positivity domain

PR (Hge) := {(XRes X1m) € R*™ @ gRo(XRe, Xm) >0V g € H}.

Here, Hre € R[XRe, X1m] is the real analog of H C C[x,X]". In view of (1.27)
and the complex/real bijection map ¢ from (1.23), we have

P (Hre) = ¢(2(H)).

Real analog of measures support. Given a measure u® on R?" we define
the complex measure p on C" as pu = u® o ¢, the push-forward of u® by the
map ¢ of (1.23). Hence, we have

/ p(X)du—/]Rz P o (XRe, Xim )dp™

(2.17)
= / PRe (XRey le)d,uR + 1/ PIm (XRe7 XIm)d,UJR
R2n R2n

for any p € C[x,X] (using (1.26)). If u® is supported by the set 2% (Hg.) (i.e.,
PR (R?™\ 2% (HRe)) = 0), then y is supported by 2(H) (i.e., u(C"\2(H)) = 0).
This follows from the fact that

H(C"\ 2(H)) = R*™\ 2% (Hge).
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Truncated quadratic module. Fort € NU{oo} and H C C[x,X", the set
Mo (H) := cone{gpp : p € C[x,X], g € HU{1}, deg(gpp) <2t}  (2.18)

denotes the quadratic module generated by H, truncated at order 2t when
t € N. If t = co we simply write M(H). Note, the definition only makes sense
if 2t > dy = maxsep{deg(g)}. The quadratic module M(H) is said to be
Archimedean if, for some scalar R > 0,

n
R-> x5 € M(H). (2.19)

i=1
A polynomial like the one above in (2.19) is called an algebraic certificate of
boundedness for the associated positivity domain Z(H). We will frequently
use the condition that a linear functional L € C[x,X]* is positive on M(H)

for some H C C[x,X]". This is stronger than just saying that L is positive

(i.e., L(pp) > 0 for all p € C[x,X]) as the nonnegativity of L also extends to
terms of the form gpp, i.e. L(gpp) > 0 for all p € C[x,X] and g € H U {1}.

Quadratic modules are vital in modeling positivity constraints in poly-
nomial optimization and for GMPs with supports that involve measures re-
stricted to semi-algebraic domains.

Real analogs of quadratic modules. A set H C C[x,X|" of Hermitian
polynomials has a real analog obtained via the map Re(+) (from (1.27)). Apply
Re(+) element-wise to the set H to get

Hgpe :=Re(H) = {pre : p € H} C R[XRe, XIm]- (2.20)
The corresponding real analog of Mg (H) is denoted by
M%(HRe) = Cone{gRef2 : f € R[XReaXIm] , g€ H, dEg(gRefQ) < 2t}-
Observe the following correspondences for p € C[x,X] and g € H:
Re(gpP) = gre(Dhe + Dhn)s
gpb € Moy(H) <= gre(Phe + Pim) € Moi(Hre), (2.21)
Re(My (H)) = M5 (Hge).

Applying the above relations to the Archimedean certificate R? —x*x € M(H)
gives us the next two lemmas.

LEMMA 2.4. For H C C[x,X]", M(H) is Archimedean if and only if
MR(Hge) is Archimedean.

LEMMA 2.5. For anyt € N, H C C[x,X]4,, and f € C[x,X|% we have
f € May(H) < fre € M3;(Hre).

The positivity of linear functionals also holds across complex and real
analogs.
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LEMMA 2.6. For a Hermitian map L € C[x,X] — C, a set H C C[x,X]",

and an integer t € NU {oo}, we have
L>0 on My (H) <= L% >0 on M5, (Hge).

PRrOOF. By the linearity of L and L¥, (2.21), and (1.29) (which says
L(gpp) = LR (gre(p%,. + p%,))), the result follows. O

COROLLARY 2.7. Given H C C[x,X|", and a Hermitian map
L:Clx,X]| — C™ ™ we have

L>0on MH) < L% >0 on M*(Hg,).

Link between complex and real evaluation functionals. The evalu-
ation functional Ly at w € C? corresponds to the evaluation functional
Liwre,wim) & (WRe, Wim) € R2? because

Lw(p) = p(W,W) = pRe(WRe, WIm) + ipIm(WRe, WIm)
R <R
= L(WRE)WIm)(pRe) + IL(WRG,WIm) (plm)’
for every p € C[x,X].

Ideal generated by a set of polynomials. For a set H C C[x,X] of poly-
nomials and an integer ¢ € NU {oo}, one can define the following (truncated)
ideal (of order t):

1(H) = { " hpi s pn € T X), deg(hpn) <t}
heH
We consider the graph-induced ideal as a specific example. Given an undirected
graph G = (V := [n], E), and E the associated set of non-edges, we consider
the ideal generated by the monomials indexed by the non-edges of G, i.e.,

Ip = { S wgwins g € R[x]} C R[x]. (2.22)
{i,j}€E

Results on measures p and their induced linear functionals L. We
now state several well-known results with regard to the existence of repre-
senting measures. The classical results (in a real setting) are presented first,
then their complex analogs, followed by the derivation. These results form the
cornerstones of the moment method (more on this in Chapter 3). The reader
may skip the derivation, which is straightforward but technical.

THEOREM 2.8. Let H C R[x| be such that M®(H) is Archimedean, let
L € R[x]*, and assume L is positive on M®(H). Then the following holds:
(i) (Putinar [132]) There exists a measure u® representing L (i.e.,
L(p) = [ pdu® for all p € R[x]) and supported on

P%(H) = {aeR": g(a) >0 for all g € H}.
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(ii) (Tchakaloff [154]) For any k € N, there exists a L € R[x]* s.t.
L(p)=L(p) (p € Rixlx) and L= ALy
le[K]
for1< K eN, \j,....,A\g >0, and atoms alV), ...,a) ¢ 2R (H).
The complex analog of Theorem 2.8 reads as follows.

THEOREM 2.9. Let H C C[x,X|" be such that M(H) is Archimedean, and
let L € C[x,X|* be positive on M(H). Then the following holds:

(i) (Based on [132]) The functional L has a representing measure ji sup-
ported on P(H).

(ii) For any k € N, there exists a linear functional L € C[x,X]* with finite
atomic representing measure ZEG[K] Aedy 0y supported by Z(H) such

that L coincides with L on Clx,X|g, e,

L(p) = L(p) (p € Clx, X, (2.23)
L=>" MLyo, (2.24)
Le[K]

for some integer K > 1, weights A1, Aa, ..., Ax > 0, and atoms v,
v v e 9(H).

In Chapter 7, we will define a moment hierarchy of lower bounds for the
separable rank of a quantum system represented as a complex matrix. We will
require Theorem 2.9 to prove that this hierarchy converges.

Adding constraints of the form (G ® L)(pp) = 0 to Theorem 2.9.
Consider the positivity constraint (G ® L)(pp) = 0 for all p € C[x,X], for some
Hermitian polynomial matrix G € C[x,X]™*™. Theorem 2.9 still applies if
we additionally impose such constraints on L. Indeed, this is equivalent to
replacing H with H U Hg, where Hg := {vI'Gv € C[x,X| : v € C"}. Thus,
the resulting measure p will be supported on Z(HUHg) C {x : G(x,X) = 0}.

Deriving Theorem 2.9 (i) from Theorem 2.8 (i). Assume the prereq-
uisites of Theorem 2.9. Consider the set Hre C R[XRe, X1m] (defined in (2.20))
and the linear map L® : R[XRe, X1m] — R (defined in (1.28)). By Lemma 2.4,
the quadratic module M®(Hg,) is Archimedean. By Lemma 2.6, L® > 0 on
MR (Hg,). Hence, we may apply Theorem 2.8 (i) to Hg. and LF to get a
(real) measure u® representing L® and supported on 2% (Hg,). Consider the
(complex) measure p supported on Z(H) (defined in (2.17)). Observe that
the measure 4 is a representing measure for L because we have, via (1.30),
that

L(p) = L*(pre) + iL" (prm) = /paeduR + i/plmdNR = /pdu (p € Cx, X]).
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This completes the proof of Theorem 2.9 (i). O

Deriving Theorem 2.9 (ii) from Theorem 2.8 (ii). We continue from
the above and fix an integer k¥ € N. By Theorem 2.8 (ii), there exists a real

functional I, = ZEE >\€La(£> € R[xRe, le] with K € N, weights Ay > 0, and
atoms al®) € QR(HRQ), such that L(p) = LE(p) for all p € R[Xge, X1m]. Define
a complex functional L € C[x,X]* by its action on polynomials p € C[x,X] as
follows: _ R R
L(p) := L(pre) + iL(pm)-

Then, L(p) = L(p) for every p € C[x,X]y, by virtue of (1.30). For each atom
al® (¢ € [K]) define the complex vector v(¥) € C™ such that (vgg, v%ﬁz) al®),
Then, each v¥ belongs to Z(H) and L = ZE )\gLvuz) because

L(p) = L(pre) +iL(pm) = Y Me(pre(a”) + ipm = > Ap(v)
(E[K] Le[K]
Thus, this concludes the derivation of Theorem 2.9 (ii). U

Next, we now state a closely related classical result due to Putinar [132,
Theorem 1.2] (see Theorem 2.10 below) and use it to prove its complex analog
(see Theorem 2.11 below).

THEOREM 2.10. Let f € R[x] and H C R[x] such that M®(H) is Archimedean.
If f >0 on IR(H), then f € MR(H).

THEOREM 2.11. Let f € C[x,X|" and H C C[x,X|" such that M(H) is
Archimedean. If f >0 on 2(H), then f € M(H).

PROOF. By the bijective map in (1.27) we have the real analog polynomial
fRe € R[XRe, X1m] of the complex polynomial f € C[x,X|", for which it holds
that

f>00on 2(H) = fre >0 on %(Hge).
By Lemma 2.4, we have that M®(Hg.) is Archimedean. Hence, by Theo-
rem 2.10 we have fre € M®(Hg,), and thus by Lemma 2.5 we have

feM(H).






CHAPTER 3

Moment hierarchies

We begin this chapter by recalling the classical moment approach that fa-
cilitates the building of hierarchies of semidefinite approximations for GMPs
like (2.1). Using the results of Section 2.3, we can approach the GMP from
the perspective of linear functionals.

The core idea of the moment method is to recast a GMP in terms of a linear
functional L and then to impose positivity conditions on L that are necessary
for L to have a representing measure. We saw in Theorem 2.9 that a linear
functional L has a representing measure u supported on the semialgebraic set
Z(H), provided the associated quadratic module M(H) is Archimedean and
L is positive on M(H). By relaxing the positivity of L on the quadratic mod-
ule M(H) to only positivity on the truncated quadratic module Mo, (H), one
obtains lower bounds on the optimal value for the GMP. These relaxations
form a hierarchy of semidefinite programs, with each level ¢ in the hierarchy
corresponding to a different order of truncation.

Natural questions concerning the bounds of the resulting hierarchy are:
how close are the lower bounds to the optimal value of the GMP, under what
conditions does a finite level ¢ hierarchy bound coincide to the GMP opti-
mal value, and when/how can one recover optimizers? We review some of
the classical results addressing the above questions. For details, see, e.g., the
monograph by Lasserre [106], or the survey [42].

After that, we present the ideal-sparse hierarchy obtained from applying
the moment method to the ideal-sparse GMP (2.12). The ideal-sparse hierar-
chy promises better bounds and (possibly) faster computations than its dense
counterpart, assuming sufficient sparsity is present in the GMP.

43



44 3. MOMENT HIERARCHIES

3.1. The moment method

We now state several widely used definitions and results from polynomial
optimization.

3.1.1. Hierarchy of relaxations. Consider the following general com-
plex GMP and its associated semialgebraic domain:

val ;= inf /fod,u /fzdu =a; (i € [NfD}

neM (K
K = {XGC”:gj<x7x> >0 (j € [Ng]), ha(,%) =0 (k € [Na])},

where f07 fla ) foa.gla <3 9Ng» hla ) hNh € (C[XviL angh -y N, are Hermit-
lan polynomials, and ai,...,an, € C. The associated moment relazation of

level t € NU {oo} is

(3.1)

& :=inf {L(fo) : L € C[x,X]5 (Hermitian), (3.2a)
L(fi) = ai (i € [Ng]), (3.2b)
L= 0on Mx({g; : j € [N]}), (3.2¢)
L=0on Iny({hs : ke [Nh]})} (3.2d)

We refer to both the sequence of problems and their values (&) as the
moment hierarchy associated with GMP (3.1). Observe that the objective in
(3.2a) and constraints in (3.2b), (3.2c), and (3.2d) only make sense if

% de i)y deg(h < 2t.
e, o ke[Nh]{ eg(fi), deg(g;), deg(hx)}
We will assume this technical condition implicitly holds whenever dealing with
hierarchies and not mention it again. Clearly, we have

gt < gt-i—l < 5007

since any feasible solution L to &, (or & ) induces a feasible solution for &
by restricting L to Clx,X]3,.

We now relate (3.2) to (3.1) by showing £ < val. Assume we are given
a measure u € M(C") feasible for (3.1), let L € C[x,X]* be its induced
linear functional. Then, L is feasible for (3.2) with ¢ = oo, and objective
value L(fo) = [ fodp. We easily verify the three condltlons Flrstly, L(f;) =
[ fidp = a; for all i € [Ny]. Secondly, L > 0 on M({g; : j € [N,4]}) because
any polynomial in M({g; : j € [Ng]}) is nonnegative on the set K containing
the support of p. Thirdly, L = 0 on the set I({hy : k € [N3]}) because every
polynomial in I({hy : k € [IN3]}) vanishes on the support of p. Thus, £, lower
bounds val, i.e.,

& <& <valforallteN.
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We refer to the above hierarchy of parameters (§;)ien as the “dense” moment
hierarchy. This is the default hierarchy and should be understood in con-
tradistinction to the “ideal-sparse” hierarchy, which we will introduce below
in (3.9).

Moreover, under some mild assumptions (see Theorem 3.3 below), these
bounds converge asymptotically to the optimum value val of (3.1), i.e.,

tllglo gt = é-oo = val.

Practically, we can never compute the limit of the hierarchy. We often look
for special cases when finite convergence occurs, this is when £, = ¢ for some
positive integer r < oo that is hopefully not too large. One such case is when
the moment matrix satisfies a “flatness” condition. To this topic, we dedicate
the next section, Section 3.2. For now, we continue with the general setting.

Boundedness of functionals. Next, we present a classical lemma that
shows that any functional L that is nonnegative on M(H) is bounded, pro-
vided M (H ) satisfies an “Archimedean type” condition (recall definition (2.19)).
See, e.g., [80, Lemma 13] for a proof.

LEmMA 3.1. Let H C C[x,X|" be such that R — Y, wiz} € Ma(H)

for some R > 0. For each t € N, assume L) ¢ Cl[x,X]3; is nonnegative on
Mo (H). Then

1L (w)| < RELW (1) for all w € [x,X]a.

Moreover, if
sup LM (1) < oo, (3.3)
teN

then {LW},cn has a point-wise converging subsequence in C[x,X*.

3.1.2. An Archimedean condition for convergent complex hier-
archies. We now state and prove a complex variant of a well-known funda-
mental result (see Theorem 3.3) that characterizes a sufficient condition for
asymptotic convergence of the moment bounds. This result will be applied
in Chapter 7 to show the convergence of a hierarchy of lower bounds for the
separable rank.

THEOREM 3.2. Assume the following three conditions hold:

(A) problem (3.1) is feasible,

(B) there is an R > 0 such that R — ¢ wiw] € Ma({gi:i € NP

(C) there exists z; € C (i € [N¢]) and ¢ > 0 such that the polynomial
f=fo+ Zz’e[Nf] zi fi — ¢ is Hermitian and positive on K.

IThe asymptotic convergence result of Theorem 3.2 would still hold if we instead as-
sumed that the (untruncated) quadratic module is Archimedean. However, this would require
a more involved proof. The result, as stated, is sufficient for our purposes.
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Then, for each t € NU {oo}, the program (3.2) attains it optimum, and
tliglo gt - foo = val.

Moreover, the GMP (3.1) has an optimal solution u that is finite atomic and
is supported on K.

Proor. We have shown that ., < val, so now we show
val < ¢ and tlggo & =&

(val < ¢ ) By assumption (A), val < oo, and thus, £, < co. So, assume
L is a feasible solution to &, . Then, L >0 on M({g; : j € [Ny]}) and L =0
on M({h; : I € [Np]}). Since the quadratic module M({g; : j € [N,]}) is
Archimedean, we may now apply Theorem 2.9 (i) to conclude the existence of
a representing measure p for L supported on the set K. By Theorem 2.9 (ii)
with

k= ma: i), deg(g;), deg(h;)},
ey, lE[Nh]{ eg(fi), deg(gy), deg(h)}

we may assume that there exist some r € N, weights dy > 0 (¢ € [r]), and
atoms by € K (¢ € [ ]) such that

Z doLy,(p) for all p € C[x,X]j.

Defining the measure i := Zee[r} d¢0n,, we thus have

[ fodii = L) and [ fidfi= s (i € [N7).

Hence, 11 is a finite atomic measure supported on K that is feasible for the
GMP (3.1). This shows val < ¢_, and thus we have . = val. Moreover, it
shows that the GMP (3.1) has a finite atomic optimal solution supported on
K, namely .

(Attainment of optimum) To show that problem (3.2) attains its op-
timum, we show that it optimizes a linear objective function over a compact
set. By assumption (B), there is an R > 0 such that

R— Z rx; € Mg({gj 1€ [Ng]}).
1€[n]
By assumption (A), §, < val < oo, and hence ¢, has a feasible solution, for
any t € N. Moreover, we may, without changing the optimal value, restrict
the optimization program (3.2) to linear functionals L(*) satisfying
LY (fy) < val.
Let L®) be feasible for &, then L(®) is nonnegative on Mo ({gi : i € [N,]}).
Hence, we can apply Lemma 3.1 and conclude that

IL® (w)] < RELW(1) for any w € [x,X]a. (3.4)
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By assumption (C), there exist scalars z; € C (i € [Ny]) and ¢ > 0 such that
the polynomial
=fot+ Y zfi—ceC[xX
i€[Ny]
is Hermitian and f > 0 on K. By Theorem 2.11 we then have that f is in the
(truncated) quadratic module My, ({g; : i € [Ng]}) for some rg € N. Thus,
for any integer ¢t > ro, we have

0< LI =LY(fo+ > zifi—¢)=LY(fo) + > za; —cLW(1),

i€[Ny] i€[Vy]

and hence L") (1) < (val+zie[ zlal> /e < oo because L) (fy) < val. Thus,

we obtain that there exists a Constant C' > 0 such that

sup LM (1) < C < .
teN

In combination with (3.4), we concluded, for all ¢t € N, that
IL®(w)| < R'C for any w € [x,X]x.

Thus, we have shown that the feasible region of the problem (3.2) is bounded.
Hence, we are optimizing a linear objective function over a compact set, and
thus the optimum of (3.2) is attained.

(lim¢ 00 & = £,,) We now show asymptotic convergence. For each integer
t > 1, let L® be an optimum solution of problem (3.2) (which exists by
the above argument). As sup, L®)(1) < C' < oo, we can use Lemma 3.1 to
conclude that there exists an L € C[x,X]* which is the limit of a subsequence
of the sequence (L(Y)),cy. Then, L is feasible for £, which implies

§oo < L(fo) = Jim LO(fo) = Jim &. g

An Archimedean condition for convergent real hierarchies. We now
consider (without proof) the real analog (Theorem 3.3 below) of the preced-
ing result (Theorem 3.2 above). For a detailed exposition on a stronger result,
where one assumes only that the associated quadratic module is Archimedean,
we refer the reader to [42, 106]. Theorem 3.3 will be applied in both Chap-
ter 5 and Chapter 6 to show the convergence of the respective heirarchies.

Consider the general (real) GMP in (2.1) and its associated semialgebraic
domain in (2.2):
l1:= inf du : idp =a; (i € [N )
vali= inf /fou /fu a; (i [f])}
K= {xeR":g;j(x) 20 (j € [Ng]), h(x) =0 (k € [Nn])},

(3.5)
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where fo, f1, .., [N 915 9Ny P1s s A, € R[x] and ag,...,an, € R. The
associated moment relaxation of level t € NU {oo} is

£, := inf {L(fo) . L e R[x]3, (3.6a)
L(f:) = as (i € [N))), (3.6)
L >0on Mz ({g;:j € [Ngl}), (3.6¢)
L=0on In({hs: ke [Nh]})}. (3.6d)

THEOREM 3.3. Assume the following three conditions hold:

(A) problem (3.5) is feasible,
(B) there is an R > 0 such that R — ¢, z? € M5({gi i € [Ny]}),
C) there exists z; € R (i € [N¢]) and ¢ > 0 such that the polynomial
!
f=fo+ Zz‘e[Nf] zifi — ¢ is positive on K.

Then, for each t € NU {oco}, the program (3.6) attains it optimum, and
tlggo & =& = val.

Moreover, the GMP (3.5) has an optimal solution p that is finite atomic and
is supported on K.

We continue now in the real setting, as most of our applications in Part 2
are in the real setting. Moreover, the forthcoming sections on ideal sparsity
are explained and used in the real setting.

Next, we show that each program (3.6) can be rewritten as an SDP.
3.1.3. SDP formulation of hierarchy.

Writing (3.6c) and (3.6d) as positive semidefinite constraints. The
truncated quadratic module constraint (3.6¢) and the truncated ideal con-
straint (3.6d) can both be recast as PSD or linear constraints on related mo-
ment matrices. The result is that (3.6) becomes a semidefinite program. Let
L € R[x]3, be a solution to (3.6), and define gy := 1. Using (1.11) and (1.12)
from Chapter 1 and the linearity of L we get that

L>0o0n My({gj:j€[NgJ}) <= My, (9;L) = 0 (j € [0,Ng]),
L =0on In({hg : k € [Np]}) <= L(h[x]at—qgeg(n,)) = 0 (k € [N4]).
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Hence, the parameter & can be expressed as the optimum value of the semi-
definite program

&, = inf{L(f): L € Rx]3, (3.78)
L(f;) = a; (i € [Ny]), (3.7b)
Mt—dgj (g;L) =0 (j € [0,Ny]), (3.7¢)
L(hi[x]ot—deg(ny)) = 0 (k € [Np])} (3.7d)

Recall that dy, = (degT(gj)} for each j € [0, N,]. Note that efficient algorithms
exist for solving semidefinite programs up to any precision (under some mild

assumptions). See, e.g., [45] and further references therein.

Polynomial matriz localizing constraints in SDPs. In relation (2.6) of
Chapter 2, we saw an example where the semialgebraic set contains a polyno-
mial matrix localizing constraint. To include a general real polynomial matrix
localizing constraint G(x) = 0 to (3.7), where G(x) € R[z|™*™, we can naively
encode the constraint as follows:

L>0on Moy({vIG(x)v:v eR"}).

However, this would require adding an infinite collection of moment matrices
M4, (vIG(x)v)L) to the SDP (3.7), which is not implementable in practice;

%1' However, as we saw in Corollary 1.6, the

recall dg = max; jeim)[
constraint

Mi—ao(G @ L) = L(G ® [x]1-q6[X]{_4;) = 0,
is both stronger and better suited to numerical implementation. This intro-
duces a new PSD constraint involving a matrix of size (”i;gc) - m, which
costs more memory in terms of hardware, but is computationally feasible for

moderate values of m.

It should be noted that convergence of the moment hierarchy for polyno-
mial matrix inequality optimization problems was first studied by Herion and
Lasserre in 2005 [41]. In terms of software, YALMIP [90] (a MATLAB [89]
add-on) does provide support for these constraints.

Speaking of computational costs brings us to the next topic, the problem
of growing (with the level t) matrix sizes in SDPs coming from the moment
method.

Exponential growth of matrices in SDP hierarchies. The critical weak-
ness of the (dense) hierarchy (3.7) is that it involves the matrices M;_4, (g:L)
whose sizes rapidly grow beyond the memory capacity of most computers. In-

deed, consider the moment matrix M;(goL) = M;(L) which is of size (”i’t)

Alternatively, consider M;_4,(G ® L), which is of size (":r_t;gc) -m. Matrix
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size is often the bottleneck in numerical experimentation as most computers
cannot meet the exponentially growing memory demands as the level ¢ of the
hierarchy increases. As a consequence, only modestly sized GMP instances are
solved in practice. However, research into reducing the size of SDPs has been
spurred on by the successful industrial applications of SDPs in recent years
[106]. Ideal sparsity, which we introduced in Section 2.2, and will expand on
shortly, is one such promising research direction. We now discuss some of the
other classical techniques used for reducing the size of moment matrices in the
SDP (3.7).

Existing schemes to improve the scalability of moment relaxations.
Several schemes have been developed to overcome the scalability issue of the
dense hierarchy (3.7). Without compromising the convergence guarantees,
they aim to reduce the involved matrices’ size by exploiting the input poly-
nomials’ specific structure. Usually, the new hierarchy is faster to compute
but with weaker bounds (except in the case of ideal sparsity). We now discuss
three such paradigms.

The first way is to use the properties of the input polynomials to define
hierarchies involving smaller moment matrices. There are three situations
where this is applicable.

e Correlative sparsity occurs when there are few correlations between
the variables of the input polynomials, thereby allowing one to treat
them somewhat independently and ignore interactions [159, 104].
Correlative sparsity has been extended to derive moment relaxations
of polynomial problems in complex variables [91], noncommutative
variables [96] and polynomial matrix inequalities [172]. We discuss
the correlative sparsity approach for GMPs later in Section 3.1.5 and
how it relates to ideal sparsity.

e Term sparsity occurs when there are few (in comparison to all pos-
sible) monomial terms involved in the input polynomials. For un-
constrained polynomial optimization, one well-known solution is to
eliminate the monomial terms which never appear among the support
of sums of squares decompositions [136]. Term sparsity has recently
been the focus of active research with extensions to constrained poly-
nomial optimization [161, 162]. Note that term and correlative spar-
sity can be combined [163]. We refer to the recent surveys [116, 173|
for a general exposition on sparse polynomial optimization.

e [deal sparsity is our new contribution to the scalability of moment hi-
erarchies, based on our work in [100]. We present the topic in detail
in Sections 2.2.1, 3.1.4, and 3.2.3. The crux of ideal sparsity is that
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one can reduce the size of the moment matrices in an SDP by observ-
ing that many entries are set to zero due to ideal constraints. In a
similar vein, we consider a “ block-diagonal reduction” in Section 7.2.

Secondly, one can sometimes decompose the input polynomials into a spe-
cial structure. One can decompose a polynomial into a sum of nonnegative
circuits by solving a geometric programming relaxation [88], or a second-
order cone programming relaxation [8, 160]. Or, one can decompose it into
a sum of arithmetic-geometric-mean-exponentials [30] with relative entropy
programming relaxations.

The third approach is to exploit symmetries in the moment matrices [138],
provided each input polynomial is invariant under the action of some subgroup
of the general linear group.

3.1.4. Ideal-sparse moment hierarchy of relaxations. For the par-
ticular ideal-sparse GMP in (2.12) with semialgebraic domain K first described
n (2.7), we can define a modified associated hierarchy. For convenience, we
recall the GMP and its associated semialgebraic domain here:

val = ukel/;fzck Z /fOde:Uk’ Z /szkd'uk =ai (i€ [Nf])}
k

e (3.8a)

K :={xeR":g;(x) >0 (j€[Ng]), x*:=[[2i =0 (S€8)}, (3.8D)
€S

Ki = {y e RV (y,011y,) € K} CRIVE (k€ [p]). (3.8¢)

Here, fo, f1, ... fo,gl, s gNy s hi, ..oy hNh S R[X], a1, ANy € R, V1, ..., ‘/p are
C-maximal subsets of [n] not containing any S € S C P([n]). We consider the
following parameters:

;Sp = inf { Zke[p] Li(fopw,) :
Ly € RIx(V)ls, (k € [p),
> kel Le(fipy,) = ai (i € [Ny]),
L > 0 on Mou({gyy, i € INJ}) (k€ [p]) }.

that we call the ideal-sparse hierarchy of moment approximations for problem
(3.8a). Observe that there are no ideal constraints, as they have been encoded
in the supports Vi, ..., V). Just as with the dense hierarchy in (3.6), there is
an SDP formulation

;P = inf { Dokep Lre(fopy,)
Ly € Rx(Vi)5, (k € [p]),
> ke Lr(fip,) = ai (i € [Ny]),
Mi-a,, (g D) = 0 (i € [0,N,], k€ [p])}.

(3.9)

(3.10)
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If there is a matrix constraint of the form G(x) > 0 in the definition of K,
then we add the constraints Mtfdc:l (G‘Vk ® Ly) = 0 for all k € [p] to (3.10).
Vk

We next show that the ideal-sparse hierarchy (fiSp)teN provides bounds for
val that are at least at good as the bounds (&, )¢y from (3.6).

THEOREM 3.4. For any integer t > 1 we have
& <& < val.
If in addition the assumptions of Theorem 3.3 holds, then

tliglo &P = val.

PrOOF. By construction, fiSp < val®P, which, combined with Proposi-
tion 2.2, gives & < val. We now show &, < &P, For this, assume (L, ..., L,)
is feasible for (3.9). Define L € R[x]3, by setting L(p) = > pcp) Lr(ppvy)
for any p € R[x]a;. By construction, L(f;) = Y= Li(fip,) for i € [0, Ng],
so that L(f;) = a; for i € [Nf], and L > 0 on Mg ({g; : © € [Ng]}). For
each S € § and k € [p], we have S Z Vi (because of how Vi was de-
fined) and thus x° v, is identically zero; hence, for any u € R[x|y—2, we
have L(ux®) =Y, Lk(ukaSWk) = 0. Hence, L is feasible for (3.6) with the
same objective value as (L, ..., L,), which shows &, < £

The asymptotic convergence of S;Sp to val follows from the just proven fact
that & < fiSp and from Theorem 3.3, which implies lim; ,, £ = val under the
above-stated assumptions. O

Ideal sparsity shrinks matrices in SDP hierarchy. The whole appeal
of ideal sparsity rests on the fact that the largest matrix size in (3.10) is now

<|Vk‘ + t)
max ,
kelp] 3
[Vi|+t—dg

i de ) -m if there are m x m-sized matrix polynomial con-
straints G(x) = 0. Hence, the hope in applying ideal sparsity is that the
quantity maxyep,) |Vi| is much smaller than n. Later in this section, we will
elaborate more on the computational trade-off between a few large matrices
vs. many smaller matrices in SDPs. For now, it suffices to say that most
commercial and academic SDP solvers handle the latter situation better than
the former. However, an excess of smaller matrices (i.e., large p) will still lead
to most computers running out of memory. In anticipation of this shortfall,
we propose to merge some of the sets Vi, ..., V},, which we elaborate on in the
next paragraph.

Oor maXgc [p] (
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Merge maximal sets. Let p < p, and 171,...,175 C [n] denote sets such
that every set Vi is contained in Vi for some ke [p]. One can define the
corresponding ideal-sparse moment hierarchy of bounds E;Sp, which involves
p < p measure variables, each supported on a set in ‘71, - ‘75 (instead of the

sets V1, ..., V,). However, these sets YN/k may now contain some of the forbidden
sets S € S (from (2.7)) defining the ideal constraints. Hence, we must reimpose
the ideal constraints to get a comparable hierarchy

ot ST Faling)
Ly, € Rx(V)J3, (h € [p),
ST Lnlfyg,) = o (i € [N7]), (3.11)
Ly > 0 on Ma({gyz 1 € IN,)}) (h € [7)).
Lip(x5x*) = 0 (supp(a) C Vi, SCVj, S € 8)}

Note that this parameter interpolates between the dense and sparse param-
cters: indeed, & = &P if V; = W, .., V = V,, and P — ¢ if p = 1.
Accordingly, we have the following 1nequalitles among the parameters.

LEMMA 3.5. Assume that p < p and that the sets ‘71, e 175 contain the sets
Vi, ...,V (in the sense that, for each k € [p], Vi, C V}, for some h € [p]). Then

¢ < EP <P forall t € NN {0}

ProoF. The proof for the inequality & < ft is analogous to the proof
of & < ngp in Theorem 3.4. We now show f;Sp < glsp For this, assume
(Li,..., Ly ) is feasible for the parameter £t P As each set V}, is contained in
some set Vh, there exists a partition [p] = A3 U ... U A such that Vj C Vh
for all k € A, and h € [p]. For h € [p], we define Lh € R[ x(Vi)]3; by setting

Li(q) = ZkeAh Li(qy,) for ¢ € R[x (Vi)]2¢- Then, one can easily verify that

Zisp

(Ll, e L ) provides a feasible solution for £, with the same objective value

as (L1, ...,Lp).
Now, we check the ideal constraints. Assume SUsupp(a) C Vj, and S € S.
Then, as S is not contained in any maximal set V}, we have Lj,((x®° X)) =0

for all k € [p], which directly implies Ly, (x5x*) = 0. O

3.1.5. Links between ideal sparsity and correlative sparsity. As-
sume K is as defined in (3.8b) with Vi,...,V,, denoting all the C-maximal
subsets of [n] not containing any set S € S C P([n]). These sets V1, ..., V), now
induce the graph

G= <V =[n], E:={{i,j}: {i,j} C Vi for some k € [p]})

So, by construction, the maximal cliques of G are the sets Vi, .., V).
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Consider a chordal extension G = (V,E) of G, i.e., such that E C E. Let
171, ey I//\']; denote the maximal cliques of G. Notably, chordal graphs have at
most n distinct maximal cliques, so p < n. Furthermore, a graph is chordal
if and only if its maximal cliques satisfy the so-called running intersection
property (RIP). See, e.g., [54] for details. Hence, the maximal cliques Vi, ..., V5
satisfy (possibly after reordering) the RIP:

Vike{2,...pt3je{l, . k—1}st. Vin(ViU...UV, 1) C Vi (3.12)

We proceed now in two steps.

Step one is to partition the index set N7 of the moment matrix L([x][x]])
into Z; and N} \ Z; (we define Z; below in (3.14)). The set Z; is further
partitioned Z; = Uy¢|pZk,+ With the special property (see Lemma 3.6) that

L(x*x") =0 ({a, B} € Ty, for all k € [p]).
T
)

With respect to these partitions, we show that the moment matrix L([x]:[x];
has an “overlapping block-diagonal structure”, with the blocks given by the

sets Iy, (k € [p)).

Step two is to show that the support graph of the principal submatrix
L([x):[x]T)[Z;] is chordal (see Lemma 3.7). This allows us to use a known
result (see Theorem 3.8) for characterizing the PSDness of L([x]:[x]])[Z;] in
terms of the PSDness of several smaller matrices.

Making the moment matriz “overlapping block-diagonal”. Begin by
recalling the definition of the hierarchy, now with ideal constraints of a special
form:

& = inf{L(fo) :L € R[x]3,,

S)}. (3.13a)
Fix t € N, and define the sets
T, = | Tuy €N,
kelp) (3.14)
Tt = {a € N} : supp(a) C ‘/}k} (k € [p)]).
LEMMA 3.6. Assume L € R[x]5, and L satisfies (3.13a), then
L(x*x") =0 ({o, B} € Ty for all k € [p)).

PROOF. Assume there is no index k € [p] such that {o, 8} C Zj+. Then,
supp(a+ /) is not in any set Vi, (k € [p]), else supp(«),supp(B) C Vi and thus
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a, 8 € Iy, yielding a contradiction. As supp(« + ) is not contained in any
Vi (k € [p]) it must contain an S € S, and thus L(x*x”) = 0. O

This result, in particular, implies that one may restrict the matrix L([x];[x]])
n (3.13) to its principal submatrix L([x);[x]{)[Z;] indexed by Z; since any
row/column indexed by a € N} \ Z; is identically zero.

The support graph of L([x];[x]])[Z;] is chordal. We now show that the
support graph of the matrix L([x];[x]{)[Z;] is chordal by showing that the sets
T14,...,Ip, are its maximal cliques, and that they inherit the RIP property.

The sets 714, 2oy, ..., L5, serve an analogous role to the sets 171, ey Vi

By Lemma 3.6, L(x*x”) # 0 implies {, 8} C T, for some k € [p]. In

other words, the support graph of the matrix L([x];[x]{) is contained in the

graph with vertex set Z;, whose maximal cliques are the sets Zy 4, ..., Z5;.

LEMMA 3.7. The sets Iy, ..., L5 satisfy the RIP property:
Vq S {2, ,]/)\}E' ke {1, ey @ — ].} S.t. Iq,t N (Il,t U... UIq—l,t) - Ik%t‘ (315)

PROOF. Let g € {2,...,p} and assume by way of contradiction that there
exists no k € [¢ — 1] for which Z,; N (Z1, U ... UZ;_1) € Zj, holds. Then,
for each k € [q — 1], there exists ¥ € Z,; N (Z14 U ... UZy—14) \ Zs and thus
there exists i, € V' \ Vi such that afk > 1. As of € T4 and oafk > 1 it follows
that iy, € ‘7:1- In addition, o € Z;4 for some j € [¢ — 1]. Again, as afk >1it
follows that i, € ‘7} This shows that

ikefiﬂ(‘//\iu U‘//\;]_l) for all k € [¢ — 1].

By the RIP property (3 12) for Vl,. ,17;,, there exists qo € [¢ — 1] such that
V N(ViU.. UVq 1) C VZJO Therefore, iy, Gqu forall k € [¢—1]. As iy & Vi
thls implies that gy # k for all k € [¢ — 1], and thus we have contradicted the
RIP of the sets 171, - XA/p. O

The above extends easily to the localizing matrices L(g;[x];—q; x]7 dj) for

j € [Ng]. In the same way, one may restrict the matrix L(g;[x];—q, [x]{ a;)
to its principal submatrix indexed by Z; 4, and its support graph is con-
tained in the graph with vertex set Z;_4,, whose maximal cliques are the sets
Tt—d;» - Lpt—a;- Moreover, there is a correlative sparsity pattern on the
matrix L(g;[x]i—a, x]T dj) (0 < j < m), which is inherited from the chordal

structure of G.

Matrices with chordal support graphs. We can now invoke a classical
result that relates a chordal PSD matrix (matrix with a chordal support graph)
to the PSDness of the sub-matrices induced by the cliques of the support graph.
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THEOREM 3.8 ([3]). Consider a positive semidefinite matric X € S¥
whose support graph is contained in a chordal graph é, with mazimal cliques
Vi, ‘7]3. Then, there exist positive semidefinite matrices Yy, € SK’“ (k € [p])
such that X = Zgzl Zy., where Z, = Y, ®0 € S is obtained by
padding Yy, with zeros.

VAV, V\ Vi

Therefore one may apply Theorem 3.8 to get a more economical reformu-
lation of §,. Indeed, by Theorem 3.8, one may write

L(gj[x)—a,[XN—a,) = D Zjms
k€(p]
where Zj i is obtained from a matrix indexed by the set Zy ; 4, by padding it
with zero entries and replace the condition L(g;[x];—q, [x]{ dj) > 0 by the con-
ditions Zj 1, ..., Z;5 = 0. The advantage is that requiring Z; = 0 boils down
to checking positive semidefiniteness of a potentially much smaller matrix,
indexed by Zy 14, -

Hence, this allows one to replace a single large positive semidefinite matrix
with several smaller positive semidefinite matrices. While this method offers a
more economical way of computing the dense parameter &, it is nevertheless
inferior to the ideal-sparse approach described in the previous section.

As a final observation, another possibility to exploit the above correlative
sparsity structure would be to replace in the definition of & in the program
(3.6) each condition L(gj[z]i—a;[*]i—a;,) = O by p smaller matrix conditions

L(gj“’}k [m(?k)]t_dj [m(r/k)]t_dj) = 0 for k € [p]. In other words, if Ly, denotes

the restriction of L to the polynomials in variables indexed by TAfk, then we re-
place the condition L > 0 on Mo (g) by the conditions L|‘7k > (0 on ./\/l%(g”;k)

csp

for each k € [p]. In this way we obtain another parameter, denoted by &,
that is weaker than & and thus satisfies

PP <P <

Recall ~;Sp is the parameter from (3.11) obtained when selecting an extension
G of GG, including, for instance, selecting a chordal extension G = G.

3.2. Flatness and extraction of optimal solutions

This section deals with two intertwined topics: identifying if the moment
hierarchy has converged to the optimal value of the original GMP at a finite
level ¢t and recovering optimizers when this occurs.

In Section 3.2.1, we present a classical result, Theorem 3.9, by Curto and
Fialkow [39] that states a sufficient condition (on the ranks of successively big-
ger leading principal submatrices of the moment matrix of the hierarchy (3.5)
at some fixed level) for finite convergence. Assuming that we are in the setting
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of Theorem 3.9, there is an algorithm, first proposed by Henrion and Lasserre
[85], for extracting the optimizers of the GMP (3.5). We present this algo-
rithm in Section 3.2.2. Finally, in Section 3.2.3, we say a few words relating
the preceding two well-known topics to the newer topic of ideal sparsity and
its application to matrix factorization ranks.

3.2.1. The flatness condition. Recall the GMP in (3.5), its associated
semialgebraic set K, and its moment hierarchy of approximating SDPs (3.7).
By Theorem 3.3, if the quadratic module M(g) is Archimedean, then the
bounds &, converge asymptotically to &, . If, additionally, the conditions of
Theorem 3.3 hold, then £ = val and problem (3.5) has a finite atomic opti-
mal solution . Now we show conditions under which the convergence is finite,
and the resulting optimal (pseudo) measure is finite atomic.

Define the degree of the semialgebraic set K as follows:
deg(g;
d = max{deg(f;), [ glg;)

THEOREM 3.9. [39, 40| Let t € N be such that t > dx. Assume L €
R[x]3; is an optimal solution to program (3.7) and that it satisfies the following
flatness condition:

r:=rank L([z]s[z]}) = rank L([x]s_a, [m]f_dK) for some s € [dk,t]. (3.16)

Then, & = val, and the GMP (3.5) has a finite atomic optimal solution p
supported by v points in K, i.e.,

p=>_ ey,

Ler]

Wadeg(hk) S [OaNf]v JE [OaNg]v ke [Nh]}

for some weights c1,co, ..., ¢, > 0 and atoms x x@ x) e K.

To paraphrase, Theorem 3.9 says that if the level ¢ is high enough for
(3.7) to capture the “data” of the problem and subsequent leading principal
submatrices of the moment matrix “do not exhibit an increase in information,”
i.e., (3.16) holds, then the hierarchy (&,)ien has converged finitely at level t.
Furthermore, the r atoms of the finite atomic representing measure u are often
of great interest and have special application-specific interpretations associated
with them.

Note that numerical noise and error can result in an incorrectly computed
rank for the moment matrix L([x]s[z]]). As such, verifying if flatness holds
for a given problem is not always straightforward. However, most software
options we mention later account for this with rigorous checks.

We saw in Section 2.1.1 that a polynomial optimization problem like (2.3)
can be equivalently reformulated as a GMP. In this setting, the recovered
atoms are optimizers of the original polynomial optimization problem. A
proof for Theorem 3.9 can be found in [39] or [110].
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3.2.2. A classical atom extraction algorithm. We now restate an
algorithm to extract the r atoms from a solution L € R[x];, satisfying Theo-
rem 3.9. Henrion and Lasserre first proposed this algorithm in [85]. We only
state the main points as several detailed expositions already exist and can be
found in [85] and [106].

By Theorem 3.9 we have that u = qur] ce0y (0, for weights ¢, c2, ..., ¢ > 0
and points x(),x?, ... x(" ¢ K. Hence, by construction
M,(L) := L([z],[z]}) = V.CVT, where
C := Diag([c1, ¢2, ..., ¢;]) € R, Vi, = [xV]g, [xP]g, ..., [x7]5] € RN >,

In practice, when we find a Cholesky factorization of the moment matrix, it
is of the form
M,(L) = VVT for some V € RN: %",

Note we use the notation V, to distinguish the theoretical decomposition of the
moment matrix from the decomposition V' that we get in actual computations.
A key insight is that the matrices V and V, span the same linear subspace.
The extraction algorithm looks at the column operations that transform V
into Vi. Via Gaussian elimination with pivoting, we convert V into a matrix
U, which is in reduced column echelon form, i.e., of the form

1 0

*
01
0

*
*
*

x* * * -+ % 0

Here x indicates an unknown entry without assigning a specific variable sym-
bol. Three properties characterize the reduced column echelon form: The first
nonzero (leading) entry in a column is 1; these entries are also called pivot
elements. Every leading entry is to the right of the leading entries above it.
Non-zero rows are all to the left of zero rows.

The reduced column echelon form is unique and can be obtained by Gauss-
ian elimination. Note that Gaussian elimination is not numerically robust [78].
Fortunately, most problems considered in practice are well-conditioned and do
not suffer instability. We refer to Henrion and Lasserre [85] for more on this.

Observe that the rows of V' and U are indexed by the monomials [x]s.
Denote by w(x) := [x%1,x%2 ... x%]T the vector of monomials corresponding
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to row indices of pivot entries in U. We thus have the following system of
polynomial equations to solve:

[x]s = Uw(x). (3.17)

Solving the above system is where most algorithms start to differ. We mention
two approaches to solving (3.17).

The first is homotopy continuation, where one establishes a map that con-
tinuously deforms an “easy” polynomial system (with known roots) into a
“difficult” polynomial system (with unknown roots). By careful numerical
tracking of the smooth paths from the first system’s roots, one hopes to dis-
cover the roots of the second system. A comprehensive exposition on homo-
topy continuation would exceed the scope of this thesis. We refer to [155] for
a dedicated treatment of the topic and further references therein.

The second approach is to look at the common eigenspaces of the so-called
multiplication matrices. For each i € [n] define the r x r matrix

:L‘ixﬁl,:

zix52 :

M, =

Uxixﬂr,:
consisting of the rows of U indexed by the monomials z;x% (¢ € [r]) obtained
by multiplying w(x) by z;. Then, the entries of the atoms x %@ x(0)
are the eigenvalues of the matrices My, , M,,, ..., M, € R™*" ie.,
M, w(x) = xgz)w(x(@), for all ¢ € [n| and ¢ € [r].
To recover the common eigenvalues, one considers a random convex combina-
tion of the multiplication matrices
M= XM, €A™
i€[n]
With probability 1, M is non-degenerate (i.e., all of its eigenspaces are 1-

dimensional). Find a Schur decomposition of M = QTQT, where Q =

[a®,q®, ... ,q"] is an orthogonal matrix and T is an upper-triangular matrix
with the same eigenvalues as M sorted in increasing order. Then

l
Xz(' ) a9 M, q"
for all i € [n] and ¢ € [r]. For a hands-on example, we recommend the reader

to consult Example 4.1 of [106].

Several open-source software implementations exist for atom extraction.
These algorithms are often included in larger code packages that are used to
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solve optimization problems. For MatLab users, there is GloptiPoly 32, which
is written and maintained by Didier Henrion. Julia language [20] users have a
greater selection of packages, though we only mention two: MomentTools.jl>
which Bernard Mourrain maintains, and MultivariateMoments.jl 4, which uses
homotopy continuation and is maintained by Benoit Legat.

We now indicate how to apply the above-established procedure for the
ideal-sparse setting.

3.2.3. Flatness, atom extraction, and ideal sparsity. Theorem 3.9
and the process described in Section 3.2.2 can be applied to the ideal-sparse
setting. Indeed, it suffices to apply Theorem 3.9 independently to each linear
functional L and check whether its moment matrix satisfies the corresponding
flatness criterion (3.16). For each k € [p] define

dic, = max{deg(fiy, ). [deg((g7);)/2] 11 € N7, j € [N]}.

COROLLARY 3.10. Assume that max{dgk, : k € [p|]} < ¢t € N. Let
(L1, ..., Lp) be an optimal solution to the SDP (3.10) with the property that
for each k € [p| there exists an s, € [dk,,t] such that

vank Ly (x(Vi)ls, Be(VOTT) = rank Ly (pe(Ve)lsy—ae, [XOV)IE gy ). (3.18)

sp—dk,

Then, 5;513 = val®*P(= val), and problem (3.8a) has an optimal solution (ji1, ..., p)s
where each py, is finite atomic and supported by ry, := rank Ly ([x(V)]s, [X(Vk)]:;';)
many atoms in Ky.

Analogous to the classical dense setting, atom extraction is carried out
independently on each of the p-many moment matrices Ly, ([x(Vi)]s, [x(Vi)]L )

2https://homepages.laas.fr/henrion /software/gloptipoly/
3https://gitlab.inria.fr/AlgebraicGeometricModeling/MomentTools gl
“https://github.com/JuliaAlgebra/MultivariateMoments.jl
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https://github.com/JuliaAlgebra/MultivariateMoments.jl

Discussion

We now collect some thoughts on the topics of Part 1.

A note on using multiple measures. The idea of optimizing over mul-
tiple measures (as we do in the ideal-sparse setting) has already appeared in
several other contexts. In fact, it is quite routinely used in most computa-
tional methods, e.g., finite elements. In the context of analyzing dynamical
systems involving polynomial data, a similar trick has been used to perform
optimal control of piecewise-affine systems in [2], then later on to characterize
invariant measures for piecewise polynomial systems (see [115, § 3.5]).

In the context of set estimation, one can also rely on a multi-measure
approach to approximate the moments of Lebesgue measures supported on
unions of basic semialgebraic sets [108].

The common idea consists in using the piecewise structure of the dynamics
and/or the state-space partition to decompose the measure of interest into a
sum of local measures supported on each partition cell. The advantage in our
current setting is that these measures are supported on smaller dimensional
spaces, which leads to potentially substantial computational benefits when
considering the associated semidefinite programming relaxations.

Trade-off between few big matrices and many small matrices. One
could conceive of a situation where computational costs are weighed between
computing the ideal-sparse hierarchy (3.9) and computing a “merged hierar-
chy” (3.11), with Vi, oo, ‘75 somewhere “between” Vi,...,V,, and V := [n]. One
would then endeavor to partially use ideal sparsity and ideal constraints to
fully utilize (but not exceed) the available computational resources, thereby
attaining a best computable (relative to capabilities) bound. However, finding
such an optimal configuration appears to be a rather complicated problem.
Regardless, the problem is susceptible to estimations and heuristics.

We now consider a special case with a natural heuristic for merging the
sets V1, ..., V,. When § = E is the set of non-edges of some graph G = (V, E),
the sets V1, ..., V, are interpreted as the maximal cliques of GG. In this setting,

one can choose the sets 171, ..., V5 to be the maximal cliques of a chordal ex-

tension G of G. That is to say; we add edges to G until the resulting graph
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G is chordal; note this process is not unique in general, not even for minimal
(in the number of edges) chordal extensions. Finding the minimal chordal
extension of a graph is NP-complete [7], but heuristics exist for certain cases
(see, e.g., [21]). In chordal graphs, the number of maximal cliques is, at most,
the number of nodes, i.e., p < n.

In our forthcoming Chapters 5 and 6 on matrix factorization ranks, we will
consider the set of non-edges S = E 4 for the support graph G4 = ([n], EA)
of some matrix A. However, we will only look at the two extreme cases of
the dense and ideal-sparse parameters & and &, For most of the matrices
considered, the number of maximal cliques seems not to play a significant role.
But, in Section 5.3.2, we do consider a case where G = ([2n], F) is a complete
graph with a perfect matching deleted, hence resulting in exponentially (2"-
many) many cliques.



Part 2

Matrix factorization ranks



In light of recent data science trends, new interest has fallen in alternative
matrix factorizations. By this, we mean various ways of factorizing matrices
(of a particular class) so that the factors have special properties and reveal
insights into the original data. We are interested in the specialized ranks as-
sociated with these factorizations. As opposed to the familiar linear algebra
notion of matrix rank, these specialized ranks are often very difficult to com-
pute, raising the need for easier-to-compute bounds.

We begin this part of the thesis with a general introduction to matrix fac-
torization ranks. Chapter 4 aims to motivate the reader for the topic before
defining several different types of factorizations and their associated ranks. It
does not contain any of the author’s original research but significantly overlaps
with a book chapter [151], to which the author had the privilege of contribut-
ing. We elected to superficially present the different factorization definitions
and avoid technical discussions here to facilitate easier comparison among
similar concepts. It is also easier to contextualize with previous research and
literature. Each section of this chapter is punctuated with references for the
erudite reader.

The subsequent three chapters are more technical and can each be read
independently. The focus will be on the nonnegative rank (Chapter 5), com-
pletely positive rank (Chapter 6), and separable rank (Chapter 7). The content
of these chapters is based on: our work with Sander Gribling and Monique
Laurent in [81]; and our work with Milan Korda, Monique Laurent, and Vic-
tor Magron in [100]. In particular, we give two novel contributions to the
field. The first one is the addition of new polynomial-matrix constraints to
the moment hierarchies used to lower bound the completely positive rank and
separable rank. Our second major contribution is the application of ideal
sparsity to finding better lower bounds for the nonnegative rank, and the
completely positive rank.

Each of the considered ranks is given a chapter, and each chapter follows
a similar structure: We first construct a hierarchy of lower bounds via the
moment method of Chapter 3. Then, we invoke a form of sparsity, ideal-
sparsity (see Section 2.2) for nonnegative- and completely positive rank, and
a block-diagonal reduction (see Section 7.2) for separable rank. Having built
a hierarchy of bounds, we try to link the resulting parameters to other com-
binatorial bounds from the literature. Each chapter then ends with numerical
results and examples.



CHAPTER 4

General theory

4.1. Nonnegative rank

A nonnegative (NN) factorization of an entry-wise nonnegative matrix
M € R™ is a pair of nonnegative matrices A € R} and B € R}*™ for
some integer r € N such that:

M = AB. (4.1)

Our interest is in the inner dimension r of the factorization. One can always
take A = M and B = I, where [ is the identity matrix, hence getting r = m.
However, the interesting case is when r < -%7-. In this case, one has managed
to express the n x m values of M in terms of the (n x r) + (r x m) values of
A and B, and as a result, using less storage. The smallest integer r for which
this is possible is called the nonnegative rank, and is mathematically defined

as follows:

rank (M) := min{r € N: M = AB for some A € R}*", Be R"™}. (4.2)

It is not hard to see that the NN rank is sandwiched between the classical
rank and the size of the matrix, i.e., rank(M) < rank; (M) < min{n,m}.

However, storage space efficiency is only part of the value of NN factor-
ization. The true power of NN factorization comes from the fact that it is an
easy-to-interpret linear dimensionality reduction technique. To understand
what we mean by this, we first re-examine the relationship between the three
matrices M, A, and B in (4.1).

Observe how the j*™ column of M is given as a conic combination of the
columns of A with weights given by the j** column of B, i.e.,

M.; =" ByjAy. (4.3)
Le]r]

Because all terms involved are nonnegative, zero entries in M force the cor-
responding entries of the factors to be zero. Formally, for any i € [n] and
j € [m], M;j =0 if and only if By ;A; ¢ = 0 for all £ € [r]. Having no cancella-
tion among factors will be useful for interpreting applications of nonnegative
factorization. We will explain more with examples in Section 4.1.1. Further-
more, observe that the nonnegative factorization need not be unique. In fact,
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for any non-singular, nonnegative matrix P € R*" with nonnegative inverse

P~ one can produce another factorization
M = (AP Y)(PB).
An example of such a matrix P would be a permutation matrix.

EXAMPLE 4.1. Example of a nonnegative factorization. Consider
the following example of a 4 X 4 nonnegative matrix and its nonnegative fac-
torization from which we can deduce that rank (M) = 2 because rank(M) = 2:

35 38 41 44 1 2
79 86 93 100 3 4 9 10 11 12

M= 123 134 145 156 | | 5 6 13 14 15 16 =4B.
167 182 197 212 7 8

4.1.1. Applications of nonnegative factorization. Having introduced
the nonnegative rank, we now justify its importance with three applications.
What we present here is but a small fraction of the whole body of literature on
nonnegative factorization. The interested reader is highly encouraged to read
a recent monograph of Gillis [76] for an in-depth study of the nonnegative
rank with many applications and further references.

Image processing. When analyzing many images, it is natural to ask if the
vast bulk is not just a combination of a few “basic images”. This raises two
questions. First, how does one find or construct a set of basic images? Sec-
ond, given this, hopefully small, set of basic images, how does one reproduce
the original images? Lee and Seung answered both questions in [111], where
they factorized a set of images of human faces into typical facial features and
nonnegative weights. Combining the weights and features, one approximately
recovers the original faces. In this setting, the matrix M has as columns the
vectorized gray-scale images of human faces, hence M; ; is the ith pixel of the
4 face, with a value between 0 and 1, with 0 corresponding to black and 1
to white.

Recalling the interpretation of (4.3), we can think of the columns of the
matrix A as (vectorized) images of human facial features, like a mouth or
pair of eyes. Hence, the j*" image M. ; is a weighted sum of feature-images
A., (¢ € [r]), where the (nonnegative) weight of feature A. is given by entry
By j of the matrix B.

In contradistinction to techniques like principal component analysis (PCA),
which possibly gives factors with negative entries, NN factorization saves us
from the task of interpreting notions like “negative pixels” or “image cancella-
tions.” By “negative pixels,” we mean negative factor values, i.e., By ;A;, < 0.
This means that factor By ;A., does not just add features but also possibly
erases the features added by other factors By, ;A. i, where k # £. A fun by-
product of these image factorizations is that one can generate new images by
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multiplying the matrix A with new weights different from B. However, the
resulting images are not guaranteed to look like faces for a poor choice of
weights.

Topic recovery and document classification. In text analysis, the ma-
trix M is called the word occurrence matriz, and its entries M; ; are the number
of times the i*" word occurs in the j* document. This way of looking at a
corpus of text is often called a “bag of words model,” the sequence is ignored,
and only the quantity is considered. Since word count is always nonnegative,
M is nonnegative and has some NN factors A and B. The columns of matrix
A take the meaning of “topics”, and B gives the correct weights to recover M.
Since there are no cancellations, we observe in the columns of A that certain
words tend to occur together, at least within the original set of documents.
Moreover, we see how the documents (columns of M) are composed of these
base topics (columns of A), with the weight of each topic given by the entries
of B. One can hence use these learned topics to group or classify documents.

Linear extension complexity. This third application is different from the
above two. First, we define the linear extension complexity, then show how it
relates to the nonnegative rank, and finally, we motivate its importance. The
linear extension complexity of a polytope P is the smallest integer r for which
P can be expressed as the linear image of an affine section of R”, . Alternatively,
the linear extension complexity can be defined as the smallest number of facets
a higher dimensional polytope @) can have while still having P as a projection.
In 1991 Yannakakis [171] proved that the linear extension complexity of P is
equal to the nonnegative rank of the slack matriz associated with P. For a
polytope P, the slack matrix is

(di - CZTU)UEV,Z'GIa
where ¢; € R™, d; € R come from the hyperplane representation of
P={zcR™:cfz<d; (iel)},

and the vectors v € R come from the extremal point representation of
P = conv(V). This link between nonnegative rank and linear extension com-
plexity was instrumental in showing why many combinatorial problems, like
the traveling salesman problem, could not be efficiently solved simply by lift-
ing the associated problem polytope to higher dimensions in some clever way,
see [68]. Regarding lifting convex sets, we refer the reader to the survey [66].

4.1.2. On computing the nonnegative rank. Given the utility of
computing nonnegative factorizations, it is natural to ask: is it difficult to
compute the nonnegative rank for a given data matrix M > 0?7 This was an-
swered in the affirmative in 2009 by Vavasis [157]. Despite being NP-hard to
solve, good approximations are sometimes quite accessible. In Chapter 5, we
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show a general technique for approximating the nonnegative rank from below
using the moment method described in Chapter 3.

An alternative, geometrically-motivated approach is to look for a minimal
rectangle cover for the support of M, see Section 5.2 and [77]. Given a matrix
M € R™™ one seeks the smallest set of rectangles, sets of the form

R;:{{z’,j}:z‘e[c[n],jeJc[m]},

such that for each nonzero entry M;; # 0, {i,j} belongs to at least one of
these rectangles. The minimal number of rectangles needed to accomplish this
is a lower bound on the nonnegative rank.

Finding the factorization rank does not necessarily give a factorization.
The GMP method that we use next in Chapter 5 does not generally give a fac-
torization, except in a particular case when flatness holds (recall Section 3.2),
in which case it is possible to recover the factors. For NN factorization, sev-
eral algorithms exist that iteratively compute A and B given a guessed value
r. However, these algorithms only give approximate factorizations, that is,
M ~ AB, with respect to some norm. A sufficiently good approximate NN
factorization also implies an upper bound on the NN rank. For practical
problems, an approximation is often sufficient. For a detailed account of NN
factorization, we refer the reader again to the book of Gillis [76].

Above, we looked at NN factorization and some of its applications in
data analysis and optimization theory. However, there are many more matrix
factorization ranks, each having intricacies, applications, and interpretations.
Next is the completely positive rank, which can be considered as a symmetric
analog of the NN rank.

4.2. Completely positive rank

This factorization is similar to the nonnegative factorization given in (4.1)
apart from the modification that we now require B = A”. Formally, a nonneg-
ative matrix M € 8™ is completely positive (CP) if there exists a nonnegative
matrix A € R, for some integer r € N, such that:

M = AAT, (4.4)

Clearly, it is necessary for a CP matrix to be doubly nonnegative, i.e., entry-
wise nonnegative and positive semi-definite (PSD). However, these criteria are
not in general sufficient for a matrix to be CP unless n < 4, see [18]. As an
example of a 5 x 5 doubly nonnegative matrix that is not CP, we consider the
following example from [18].
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EXAMPLE 4.2. A doubly nonnegative non-CP matriz [18, Exam-
ple 2.9]

110 01
1 2100
M=|{012 120
001 21
1 0016

The nonnegativity is clear; the PSDness is checked via computing all the mi-
nors (or using a computer to check the eigenvalues). Non-CPness is harder to
check; we refer to the explanation in Berman and Shaked-Monderer’s mono-
graph [18].

Deciding if a given matrix is CP is already an NP-hard problem; see [53].
Because the completely positive factors A and AT are the same, up to trans-
position, CP factorization is called a symmetric factorization. We will see
another example shortly at the end of this section. Similar to nonnegative
rank, there is a completely positive rank, mathematically defined as the small-
est inner dimension r € N for which a CP factorization of M exists, i.e.,

ranke, (M) := min{r € N: M = AA” for some A € R7*"}. (4.5)

Clearly, a matrix M is CP if and only if M has finite CP rank; rank., (M) < occ.
Hence, computing the CP rank can’t be any easier than deciding if M is CP.
That being said, the complexity status of computing rank.,(A/) for a given
CP matrix M is unknown to the best of our knowledge. Some upper bounds
are known for the CP rank [146]:

e rank.,(M) <n, when n <4, and
o rank.,(M) < (n;rl) —4ifn>5.
In 1994 it was conjectured by Drew, Johnson, and Loewy [58] that

n2
rankep (M) < |2,

the bound being only attained for CP matrices M that have complete bipartite
support graphs. This conjecture was disproved by Bomze et al. [22, 23] two
decades later, using several specially constructed counter-examples. We show
in (4.6) an example, namely M7 from [22], of size n = 7, with

~ 49
rankep(M7) = 14 > LZJ =12,

163 108 27 4 4 27 108 |
108 163 108 27 4 4 27
27 108 163 108 27 4 4
M;,=| 4 27 108 163 108 27 4 |. (4.6)
4 4 27 108 163 108 27
27 4 4 27 108 163 108
108 27 4 4 27 108 163
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On the applied side, CP matrices occur in the theory of block designs. We
omit many details here, but essentially, block designs deal with arranging dis-
tinct objects into blocks so that the objects occur with certain regularity within
and among the blocks. There is a direct application of block designs in de-
signing experiments, where researchers wish to prevent the differences between
test subjects from obfuscating the differences in outcome due to treatment;
see [83] for more on block designs and see [145] for the link between block
designs and CP matrices.

From another perspective, CP matrices are of great interest in optimiza-
tion. Indeed, de Klerk and Pasechnik [43, Theorem 2.2] showed that comput-
ing the stability number of a graph could be recast as a linear optimization
problem over the cone of CP matrices. Later, Burer [28] expanded on this
result by showing that any nonconvex quadratic program with binary and con-
tinuous variables could be reformulated as a linear program over the cone of
CP matrices. This effectively meant that many NP-hard problems could now
be viewed as linear programs with CP membership constraints. This reformu-
lation does not make the problems any easier to solve as the difficulty is now
pushed into characterizing the cone of CP matrices. However, it does allow
us to attack a large class of problems by understanding the unifying thread,
complete positivity.

For a thorough account of completely positive and copositive matrices
(the natural dual cone to CP matrices), we refer the inquisitive reader to the
monograph by Berman and Shaked-Monderer [145].

4.3. Separable rank

In the quantum information theory setting, the state of a physical sys-
tem is often characterized by a Hermitian PSD matrix M € H" @ H". A
state M is said to be separable if there exists an integer r > 1 and vectors
ai,...,a;, by, ...,b. € C" for which

M =" asaj ® bsbj. (4.7)
Lelr]

We will not go into the quantum physics details. Instead, we refer the reader
to [129, 165] and the references therein. It suffices to think of separable states
as fully explained by classical physics, in contradistinction to non-separable
states, a.k.a. entangled states, that have special non-classical properties of
interest in quantum physics. For a rank-one state (a.k.a a pure state), i.e.,
if rank(M) = 1, one can obtain a separable factorization by using singular
value decomposition (SVD). Non-rank-one states are called mized states, and
deciding whether a mixed state M is separable is generally NP-hard, see [82,
72].
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EXAMPLE 4.3. Example of an entangled state [35] Consider the fol-
lowing mixed state of size 9 X 9, hence n = 3. We have omitted to show zeros
for readability and drawn grid lines to highlight the block structure.

1 1 1
2 1
1
2] 1
1 3
M=|1 1 1
9 1
1 2
1
1 2
1 1 1]

See [35] for a proof that M is entangled.

Analogously to matrix ranks we considered thus far, there is also an asso-
ciated notion of rank, namely, the separable rank [46] (a.k.a optimal ensemble
cardinality [55]). For a separable matrix M, we define its SEP rank as

rankgep (M) := min {r eN:Jayb, eC"st. M= Z aja; ® bgbZ}. (4.8)
Le]r]

A possible interpretation of the separable rank is that it gives a sense of how
complex a classical system is, with the convention being that an entangled state
has infinite separable rank. To the best of our knowledge, the complexity of
computing the separable rank is still unknown. There are some crude bounds
on the separable rank, namely:

rank(M) < rankge, (M) < rank(M)?.

The left-most inequality can be strict (see [55]), and the right-most inequality
follows from Caratheodory’s theorem [156].

In addition to the above definition, there are several other variations on
this notion of separability. One variation is to look for factorizations of the
form M = Zze[r] Ay ® By, where Ay, By € H"™ are Hermitian PSD matrices
(as opposed to rank-one Hermitian PSD matrices). From this, it is easy to
define the associated mized separable rank as the smallest r for which such a
factorization is possible, i.e.,

rankmixsep (M) := min {r eN: 3 A(f), BW ¢ HY st M= Z AY g B(g)}.
Le]r]

When M is diagonal, its mixed separable rank equals the nonnegative rank of
an associated n x n matrix consisting of the diagonal entries of M, see [47].
This shows that the mixed separable rank is hard to compute.
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4.4. Tensor ranks

Tensors, or multi-way arrays, are natural generalizations of matrices that
are commonly encountered in applied fields such as engineering, computer vi-
sion, and data science. It is to be expected, then, that matrix factorization
generalizes to tensor factorization. A comprehensive introduction to tensor
factorization ranks falls beyond the scope of this thesis. However, the sepa-
rable factorization we considered prior is a good example. We build on the
similarities with some remarks and references to further material.

Consider, for example, a three-way array T° € R™*"*P, Its tensor rank is
the smallest number r € N of rank-one tensors (tensors of the form a®@ b ® ¢
for some a € R™", b € R™, and ¢ € RP) necessary to describe T, i.e.,

rankensor (7)) = min{r e N: T' = Z ayRbyRcy, ag € R, by € R™, ¢y € RP}.
Lelr]

Similarly, one can define the nonnegative tensor rank by requiring the factors
ay, by, and ¢, to be nonnegative. Moreover, one can define the symmetric
tensor rank by requiring n = m = p and forcing the factors to be equal, i.e.,
ag = by = ¢y for all £ € [r]. An interesting effect of going to tensors is that
some decompositions become unique [148]. See [36] for an applications-centric
monograph on tensor factorization. For a mathematical survey, see Kolda and
Bader [97].

4.5. Non-commutative matrix ranks

This section examines two non-commutative analogs of NN factorization
and CP factorization.

A positive semidefinite (PSD) factorization is when, for a nonnegative
matrix M € R*™ we look for an r € N, and PSD matrices

A, Ap, By, ..., By € S
such that the matrix M is described entry-wise as follows:
M; ; = (A;, Bj), for i € [n] and j € [m].

If the matrices A; (i € [n]) and B; (j € [m]) are diagonal, then we recover
a nonnegative factorization. Similar to nonnegative factorization, there is a
substantial research interest in PSD factorization, largely due to its many
appealing geometric interpretations, including semidefinite representations of
polyhedra. We refer the reader to the survey by Fawzi et al. [65] for further
study of PSD-factorizations.

A completely positive semidefinite factorization is the symmetric analog
of PSD factorization and the non-commutative analog of CP factorization.
Completely PSD factorization differs from PSD factorization only in that it
requires n = m and B; = A; for all i € [n].
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We refer the reader to [80] for a deeper treatment of these two non-
commutative ranks and their commutative analogs.






CHAPTER 5

Nonnegative rank

This chapter focuses on the nonnegative rank of a nonnegative matrix. We
begin with a quick recap of definitions. Then, we apply the results of Chapter 3
to build a hierarchy of lower bounds for the nonnegative rank (Section 5.1).

Our new contribution to this field is the exploitation of ideal sparsity (re-
call Section 2.2) to build a possibly stronger and easier-to-compute hierarchy
(Section 5.1.2).

Having defined two hierarchies, we compare them to each other and other
known combinatorial bounds from the literature in Section 5.2. Lastly, we
present our numerical results comparing the dense and ideal-spare hierarchies
in Section 5.3.

5.1. Hierarchies of lower bounds for the nonnegative rank

For a nonnegative matrix M € R*™, its nonnegative rank is defined in
two equivalent ways

rank (M) :=min{r e N: M = AB, Ae R}*", Be R™},
—min{reN: M =Y abf, a,eR}, byeRT}. (1)
Le(r]
Here we used A = (ay]...|]a;) and B = (by|...|b,)T.
The nonnegative rank is a combinatorial parameter and it is NP-hard to
compute in general [157]. To find good approximations for the nonnegative
rank, one can consider parameters obtained via somehow relaxing the defini-

tion in (5.1). The following is a “natural convexification” of the parameter
rank (M) proposed by Fang and Parrilo [67]:

1
(M) = inf{)\ : XM € convi{xy! :x €R?, y € RT, M > xyT}}. (5.2)
Observe that this new parameter lower bounds the nonnegative rank, i.e.,
7+ (M) < ranky (M) for all M € R*™. (5.3)
Indeed, any nonnegative factorization M = ZZe[r] agbg induces a solution

A =1 to (5.2) because

1 1
M= Z —a/b] € conv{xy! :x e R", y e R, M >xy’}.
r
Ler]
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The optimization problem (5.2) may seem more challenging to solve than
(5.1), but it has the advantage that it admits a GMP formulation.

GMP formulation of the parameter T, (M). Before formulating the
GMP, we need two technicalities. We need to define a semialgebraic set,
which requires specifying the support graph of a nonnegative matrix M, and
we assume a particular scaling on the negative factors.

Let V:=[n+m|=UUW, with
e U:=[n] ={1,...,n} corresponding to the row indices of M, and

o W :={n+1,...,n+m} corresponding (up to shifting) to the column
indices of M.

Define two sets of pairs of indices

EM = {{i,j} € U x Wi My #0},
ey (5.4)
Y = {{z‘,j} EUXW: M= 0}.

The set EM is the edge set of the (bipartite) support graph GM .= (V, EM)
of the matrix M. The set of non-edges of GM is Y

As observed in [80], one may assume without loss of generality (after
rescaling) that the nonnegative factors ag, by (¢ € [r]) in (5.1) satisfy

aclloo, [IBelloc < v Mmax-

Here, Mmax := maX;c[y], jejm) Mi,; denotes the largest entry of M.

Because it is convenient to think of the indices (¢ € [n] and j € [m]) of
the matrix M as corresponding to vertices in a graph, we henceforth use the
following renaming of variables:

Yly ooy Ym — Tty ooy Tntm.

Now, we have all the prerequisites to define the following semialgebraic do-
main:

KM .= {x € R™™ o/ Moaets — 22 > 0 (i € [m +n]), (5.5a)
My —xi2; >0 ({i,5} € EM), (5.5b)
vir; =0 ({i,j} € EM)}. (5.5¢)

LEMMA 5.1. The parameter (M) is equal to the optimal value of the
following generalized moment problem:

val, (M) := uE/}!rgﬁ” /1du /3: xjdp = M; j_n (i €U, je W)} (5.6)
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PRrROOF. (valy (M) < 7(M)) Any feasible solution to 7 (M), i.e., a de-
composition of the form M = )\236[5} ciabl, with A > 0, Zee[s] c = 1,
ce >0, (ag,by) >0, and M > agbeT, corresponds to a finite atomic measure

W= A Z Cf‘s(ae,bz)
Le[s]

that is feasible for valy (M) with objective value A. Hence, val; (M) < 74 (M).

(valy (M) > 74+(M)) Assume the GMP (5.6) is feasible, else val (M) =
o0, and we have nothing to prove. Let pu € .#(K™) be a feasible solution to
(5.6). In view of Theorem 2.8 (ii), we may assume that p is a finite atomic
measure, i.e.,

:LL = )\ Z Cz(s(ag,bg)7
Le(r]

with A > 0, ZZE[T] ce =1, ¢, > 0, and (as,by) € KM, This measure then
induces a decomposition

M=X>"cab]
Le]r]

corresponding to a solution to (6.3), with value A. Hence, valy (M) > 7 (M).
If valy is infeasible, then both parameters 74 (M) and valy (M) are infeasible
and thus equal to oc. O

The quadratic module is Archimedean. Consider the quadratic module
M(H) generated by the positivity constraints (5.5a) defining K™,

H := {\/Mmaxxi —a? (i€ [m+n])}

Observe that

(n+m)Mpax — Z i Z (Mmax - xf)

i€[n+m] 1€[n+m)]
5.7
= Z ((VMmax_xi)2+2(\/ml’i—x%)) GMQ(H). ( )

i€[n+m]

Here, the last line of the equation is clearly in the quadratic module M(H),
and the first line contains the Archimedean certificate of M(H). Our argument
here is paraphrased from Section 2 of [80].

5.1.1. A (dense) hierarchy of lower bounds for 7, (M). We now
build a hierarchy of semidefinite programs using the moment method described
in Section 3.1. For each ¢t € N U {oo} define the following parameter that
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provides a lower bound for 74 (M):

&M (M) := min {L(l):
L € R[z1, ey Tntnl3ys
L(xixj) = M (i€ U,jeW), (5.8a
L([x)e[x]7) = 0, (

)
)
VMyaxwi = 23) x| [x]{1) = 0 (i € V), (5.8¢)
)
)

h

(
(Mijon — wizj) X1 [x]{ 1) = 0 ({3, 5} € BM), (5.8d
z;xj[X|ot—2) =0 for {i,j} € E } (5.8¢e

L

(
(
(
(
L(

If we omit the (ideal) constraint (5.8e) and require the constraint (5.8d) to

hold also for pairs {7, j} € EM, then we obtain a (possibly weaker) parameter,
first introduced in [80]. In [80], this parameter was also denoted by & (M);

to not conflict with our current notation, we now denote it by & (2019)(M ).
Hence, we have

6;_(2019)(]\4) <&H(M) < 7 (M) < ranky (M).

(2019) (M)

Moreover, asymptotic convergence of & to 7 (M), i.e.,

§+ (2019) ( ) + (2019)( ) ( )

was already shown in [80]. Thus we can conclude
Tim & (M) = ££(M) = 7, (M) (5.9)

The core tool underlying these convergence results is Theorem 3.3, where
assumption (A) is satisfied because of (5.3), assumption (B) because of (5.7),
and assumption (C) holds by taking z,; =0 (i € U,j € W) and ¢ = 3.

For completeness, we state the conclusion of Theorem 3.3 for the hierarchy
& (M) and parameter 74 (M). For each t € NU{co}, the program (5.8) attains
it optimum, and

lim &7 (M) = £5(M) = 7 (M),

Moreover, the GMP (5.6) has an optimal solution y that is finite atomic and
is supported on KM.

5.1.2. An ideal-sparse hierarchy of lower bounds for 7, (M). Ob-
serve how the sparsity pattern of M naturally gives rise to the ideal constraints
n (5.5¢). Given the special form of these ideal constraints, we may apply ideal
sparsity from Section 3.1.4 to construct an ideal-sparse hierarchy that we de-
note by &7 P(M).

Because the support graph GM is bipartite, the maximal subsets Vi, ..., Vi

of V= [n 4+ m] that do not contain any pair {i,j} € o (recall the general
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definition in Section 2.2.1) can now be interpreted as the vertex sets of all
the maximal bicliques of GM. A bicliqgue in GM corresponds to a complete
bipartite subgraph, and it is thus given by a pair (A, B) with A C U and
B C W such that {i,j} € EM for all (i,j) € A x Bj; it is called maximal if
A U B is maximal in the vertex-set inclusion sense. For any t € N U {co},
define the parameter

f:“iSp mln{ Z Li(1

ke[p]
Ly € R[x(Vi)lz (% € [p]),
Y Lilwwy) =M, (i€U, jeW), (5.10a)
ke[pl{i,j} CVi
Li([x(Vi)le[x(V)I) = 0 (k € [p)), (5.10b)
Lie(V Minaxwi — 27)[x(Vi)lea[x(Vi)l1) = 0 (i € Vi, k € [p), (5.10c)

Li(Mij—n — ) [x(Vi) o1 [x(Vi))_1) = 0 ({i, 4} S Vi, k € [p])}- (5.10d)

Though the definition of &, P()/) looks much more cumbersome than its
dense counterpart & (M), they both largely follow the same structure. As
noted in Section 2.2.1, the ideal constraints from (5.8e) are captured in the
supports V1, .., V).

By direct application of Theorem 3.4 we have, for any ¢t € NU {oo}, the
following inequalities among the above parameters:

&5 (M) < &7, (M) < €557 (M) < 74 (M) < rank (M),

Moreover, we have asymptotic convergence of & P (M) to 7, (M), which fol-
lows from the convergence of the dense hierarchy & (M).

Adding scalar localizing constraints based on nonnegativity. More
constraints may be added to the above programs to strengthen the bounds.
In [80], the authors propose to exploit the nonnegativity of the variables and
add the linear constraints

L((Mij—n — zix;j)[x]2t—2) = 0 ((4,j) € U x W), (5.11)
L((\/ Mpaxzi — 22)[x]2i-2) >0 (i € V), (5.12)
L([x]a¢) > 0. (5.13)

Adding constraint (5.11) to the parameter & (M) results in a possibly stronger
parameter we denote by ij(M). If we add all the constraints (5.11), (5.12),

and (5.13) to & (M), then we get a possibly even stronger parameter f;ri(M ).
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We can mutatis mutandis define ideal-sparse parameters £;rJr’iSp(M ) and
;r eriSp(M ) by using the following ideal-sparse analogs of the constraints (5.11),

(5.12), and (5.13):
Li((Mi j—n — wizj)[X]at—2) > 0 ({1, j} C Vi, k € [p]),

Li(V Muaxci — 27)[x(Vi)Jar—2) > 0 (i € Vi, k € [p]),
L([x(Vi)]2e) = 0 (k € [p]).

Thus, we have

§PIP(M) < &°P(M) < &P (M)
VI VI VI

&) <&M < g,

Observe that the constraints are all linear. Hence, they are not as costly to
implement as PSD constraints, which are often the computational bottleneck
in SDP hierarchies.

5.2. Links to other lower bounds on the nonnegative rank

We now recall two lower bounds on the nonnegative rank from existing
literature. The first is due to Fawzi and Parrilo, who proposed an SoS-based
relaxation 73°°(M) of the parameter 7, (M). The second is a more classical
result that looks at minimal edge covers for the support graph G of M. At
the end of this section, we relate and summarize all the parameters we have
introduced thus far in the chapter.

The bound 75°°(M). Fawzi and Parrilo [67] introduced a semidefinite bound
73%(M) and showed that it satisfies 75°°(M) < 74.(M). In [80] it is shown

that the parameter &, T(M ) possibly improves on this bound *

rO8(M) < €, (M) < 74 (M).

Edge biclique-cover bound. We now define a well-known combinatorial
lower bound on the nonnegative rank, called the edge biclique-cover number.
Recall that the support graph GM = (UUW, EM) of M € R™™ is a bipartite
graph. Define the edge biclique-cover number of GM | denoted be(GM), as the
smallest number of bicliques whose union covers every edge in EM. Observe

IThis follows from the proof of [80, Proposition 15|, since it only uses the relation
L((Mij—n — xizj)xix;) > 0 for any (i,5) € U x W in addition to the constraints defining
the basic parameter & (M).
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that a nonnegative factorization M = ZEE[T] agb% induces an edge biclique-
cover {A'U Be}ge[ﬂ of GM_ where the sets are given by A’ := supp(as) and
B! := supp(by). Hence we have

be(GM) < rank, (M).

Any biclique in GM corresponds to a pair (A4, B) C U x W for which the
rectangle A x B is entirely contained in the support of M. Because of the bi-
jective correspondence between bicliques of GM and rectangles supported on
supp(M), the parameter be(GM) is also known as the rectangle covering num-
berof M (see, e.g., [67, T7]). Relaxing the integrality constraint in be(GM), we
can define a fractional analog, called the fractional rectangle covering number
as follows:

bosrac(GM) i=min { D~ A AeRE, > N> 1({i,j} € BM)}. (5.14)
kelp] k:{i,j}CVi

If we require that A be integer valued, then (5.14) becomes be(GM). Hence
we have
bCfraC(GM) < bC(GM)

We now show that the first level of the ideal-sparse hierarchy is at least as
good as the fractional rectangle covering number.

LEMMA 5.2. For any M € R*™ we have
EFP (M) > begrac(GM).

ProOF. Let (Lq,...,Lp,) be an optimal solution for the program (5.10)
defining &P (M). Observe that by (5.10d) we have L (M; ;_,—z;z;) > 0 and
hence M; j_p - Li(1) > Ly(z;x;) > 0 for all {i,5} € EM, {i,j} C Vi, k € [p).
Hence, by condition (5.10a) we have, for every fixed {i,5} € EM, that

M@j_n Z Lk(l) > Z Lk(a:,a:]) = Mi,j—n-
ke[p]:{ivj}gvk kE[p]:{i,j}ng
Because M; ;_,, # 0 for all {i, j} € EM it follows that Zke[p]:{i,j}g\/k Lp(1)>1

for each edge {i,j} € EM. Hence, the vector A := (Lg(1))4epp provides a
feasible solution to program (5.14), implying that

FEP(M) = 3 Li(1) > begao(GM). -
kelp]

Separation between ideal-sparse and dense bounds. The ideal-sparse
bounds can be arbitrarily better than the dense bounds, even at level t = 1.
To demonstrate this claim, we consider the matrix M = I,,.
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ExAMPLE 5.3. Identity matrices separate ideal-sparse and dense
bounds. Consider the identity matric M = I, € S8"™. Clearly, we have
rank (I,) = rank(I,) = n. As the support graph GM is the disjoint union
of n edges, its fractional edge biclique-cover number is equal to n, and thus,
in view of Lemma 5.2, we have the equalities & "°P(I,,) = n = ranky (I,). We
now show that for the dense bound, we have Sf(In) < 8 for any n > 4. For
this, recall that & (I,,) is given by

& (1) = min { L(1) : L € R[],

L(z;) > L(x7) (i € [2n]),
L(xianrj) = 5@-7]. (’L,j c [n])’ (515)

L(Bd[xI7) = 0},

where X = (x1,...,T2). Consider the linear functional L € R[x|5 defined by
L(1) = 822 L(z;) = L(2?) = 2222 for i € [2n], L(z;x;) = L(TntiTnij) =

n ’

24 for i # j € [n], and L(x;xny;) = 6;j fori,j € [n]. Then, one can check
that

8n72 2n72€T 2n726T
L Ty _ n—2 I "n—4 7} —
([Rhlz]i) = | 2%2e In+ " Jn n = 0.
2m2¢ I In+ =4,

Hence, L is feasible for the program defining {f’([n), which shows the upper
bound & (I,) < L(1) = 82=2 < 8.

Summary of lower bounds on the nonnegative rank. For the reader’s
convenience, we summarize the parameters of this chapter and their relations
to each other. For any ¢ € {2,3,...} U{oco} we have the following:

begac (GM) < &5FP(M) < &55P(M) < &17°P(M) < &/{"P(M) < 7 (M) < rank (M)
Al VI VI VI

be(GY) (M) <E(M) <g(M)
N VI
rank (M) T (M).

5.3. Numerical results and examples

In this section, we test the ideal-sparse and dense hierarchies on two classes of
nonnegative matrices. The first class consists of size 4 x 4 matrices that depend
continuously on a single variable. The second class we consider is the Euclidean
distance matrices (EDMs).
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5.3.1. Matrices related to the nested rectangles problem. The nonnega-
tive matrices we will consider have an interesting link between their nonnegative rank
and the geometric nested rectangles problem (see [25]). Bounds for their nonnegative
rank were investigated by Fawzi and Parrilo [67] and Gribling et al. [80]. Consider
the matrices

l1—-a 1+a 1-b 1+0b
C14a 1-a 1o 140
S(a,b) = l4a 1—a 14b 1—b for 0 <a,b<1.

l—a 14+a 140 1-0

If a,b < 1 then S(a,b) is fully dense and no improvement can be expected from our
new bounds. Thus we consider the case b =1 and 0 < a < 1. We have computed the
bounds f:’“i( ) and £+ SP(0) at level t = 1,2,3 for M = S(a, 1) with a ranging from
0 to 1 in increments of 0.01. The results are displayed in Figure 1 below. We can
make the following two observations about Figure 1. First, the ideal-sparse hierarchy
is much stronger at level ¢ = 1, but at level t = 2 the dense and ideal-sparse hierarchies
give comparable bounds. Second, for a = 1, all bounds (except the dense bound of
level 1) are equal to 4 = rank, (S(1,1)) (as is expected for the ideal-sparse hierarchy
given Lemma 5.2).

Bounds fji( ) and §+ SP(M) for M = S(a,1) and t =1,2,3 vs. 0<a <1

sp t=3
idt=3
spt=2
idt=2
sp t=1
id t=1

bound and level

“ ~
3 o

o
o

FIGURE 1. This figure shows f;rT(S(a,l)) and §+ 5P(S(a,1))
computed at levels t = 1,2,3 with a ranging from 0to 1l in
increments of 0.01. The color indicates a lower bound on the
obtained numerical value: yellow, red, and purple show the
bound is at least 2, 3, and 4, respectively. So a red square at
a = 0.35 and “sp t=2" means f+ ISI)(M) > 3.

5.3.2. Euclidean distance matrices. The second class of examples we con-
sider are the Buclidean distance matrices M, = ((i —1)%);";—, € R*", known to
have a large separation between their rank (in the linear algebra sense) and their
nonnegative rank. Indeed, rank(M,) = 3, see [14], and their bipartite support
graph GM» is K, , with a deleted perfect matching (known as a crown graph),
whose edge biclique-cover number satisfies be(GM») = O(logn) [52]. So we have
rank(M,,) = 3 and rank, (M,,) > bc(GM») = ©(logn). In addition, it is known that
rank, (M,) < 2+ [§], see [77, Theorem 9]. The numerical results are shown in
Table 1. In these examples, the ideal-sparse bound of level ¢ = 2 is more difficult
to compute since the support graph GM» has 2"~! maximal bicliques, each with n
vertices. For this reason, we could compute §+ isp only until n = 7 before running out
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of memory. So this example illustrates the limitations of the ideal sparsity approach
when the number of maximal cliques is too large. Note that this difficulty (of large
numbers of maximal bicliques) remains even if we would replace the support graph
GMn with a supergraph G, obtained by adding to GM» (say) s edges from the missing
perfect matching. Indeed, such G still has 2"~*~1 maximal bicliques, each with n + s
vertices.

TABLE 1. Bounds for the matrices M,, = ((i — j)Q)ijl.

n|be & | &y || &7 |G || 2+ T3]
T[4 2 [346]] 3 | 363 4
54 2 |373]| 335 | 419 5
6| 4| 2 |396]| 341 | 453 5
715 2 |417 ]| 355 | 485 6
85| 2 |435] 359 | - 6
95| 2 |451] 366 | - 7




CHAPTER 6

Completely positive rank

This chapter focuses on the completely positive rank of a matrix. We begin with
a quick recap of definitions. Then, we apply the results of Chapter 3 to build a
hierarchy of lower bounds for the completely positive rank (Section 6.1). We explore
the progressive improvements over time that were made in order to create stronger
hierarchies.

Our two new contributions to this field are the strengthening of the hierarchy
by adding a polynomial matrix localizing constraint (recall Section 1.3), and the
exploitation of ideal sparsity (recall Section 2.2) to build a possibly stronger and
easier-to-compute ideal-sparse hierarchy (Section 6.1.3). We also explore a weak-ideal-
sparse hierarchy that sacrifices some bound strength for even faster computation.

Having defined several hierarchies, we compare them to each other and other
known combinatorial bounds from the literature in Section 6.2. Lastly, we present
our numerical results comparing the different hierarchies in Section 6.3.

The cone of completely positive matrices. Recall that, for a given integer
n € N, the cone of completely positive n X n matrices is defined as

CP,, = cone{xx" : x € R }.

The cone of completely positive matrices and its dual, the cone of copositive matrices,
are well-known for their expressive power in modeling optimization problems. For ex-
ample, many NP-hard problems can be formulated as linear optimization problems
over these cones [43, 28|. Checking whether a given matrix A is completely positive
is itself a computational hard problem (see [53]). The reader may be tempted to
think that CP,, is characterized by entrywise nonnegativity and PSDness. This has
been shown to hold for the particular setting of n € {1,2,3,4} (see [18]), but this is
not the case in general, as was shown in Example 4.2.

The moment approach has been applied to test whether A € CP,, and to find a
CP factorization (see (6.1)), in particular, by Nie [126], who formulates it as testing
the existence of a representing measure (over the standard simplex) for the sequence
of entries of A.

We refer to the monograph [18] for a deeper insight into the structural properties
of the cone CP,,.

85
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The completely positive rank. Given a matrix A € CP,,, one can ask what is
the smallest integer r € N such that A admits a decomposition of the form

A= Z asa;, as € RY. (6.1)
Le(r]

The smallest such r is called the completely positive rank of A and is defined as

ranke,(A) := min {7‘ eN:A= Z agaeT, a; € ]R’_f_} (6.2)

Le(r]
Because this definition only holds for completely positive matrices, we assign to all
other matrices a CP rank of co. No efficient algorithms are known for exactly finding
the CP rank. Thus we are motivated to search for efficient methods of approximating

the CP rank. In particular, there is an interest in finding lower bounds on the CP
rank, as, e.g., in [67, 80, 81].

The lower bound 7.,(A). In [67], Fawzi and Parrilo defined the parameter
Tep(A) := inf {)\ >0: %A € conv{xx? :x € R?, xxT < A, xx? < A}} (6.3)

This parameter can be seen as a natural “convexification” of the completely positive
rank, and it satisfies

Tep(A) < rank.,(A). (6.4)
As a quick argument, observe that any given CP factorization like A = Zée[r] asal

induces a solution A = r to (6.3). This is because we can write %A as the following
convex combination:

with a, € R7, asa] < A, and ajal < A for each £ € [r].

As presented here, the parameter 7.,(A) does not immediately seem easy to
compute. Hence, we look to lower bound 7.,(A). Fawzi and Parrilo also introduced
in [67] the SDP-based lower bound 755°(A) < 7¢,(A). We do not elaborate further
on ngs(A) here, but we will relate it to forthcoming parameters when appropriate.

The parameter 7.,(A) can be reformulated as an instance of a GMP of the form
(2.1) from Chapter 2. To state the GMP in question, we must first establish some

preliminaries. Then we give the result in Lemma 6.2.

To avoid trivialities, assume there are no zeros on the diagonal, i.e., A;; > 0 for
all i € [n]. Indeed, if A is a CP matrix with A;; = 0, then its i*" row/column is
identically zero, and thus it can be removed without altering the CP rank.

We define the support graph G4 := (V := [n], E4) of A, with edge set and non-
edge set respectively given by

Bai={{ij}: Ay #0,i.j € Vii#j},

_ (6.5)
By = {{z‘,j}:Aij —0, i,jeV,i;éj}.
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Defining a semi-algebraic set. Using the edges and non-edges, we can define

the following semialgebraic set
Ky = {x eR™: JAux; — 27 >0 (i € [n]), (6.6a)

Ay — iz >0 ({i,j} € Ea), (6.6b)

vy =0 ({i,j} € Ea), (6.6¢)

A—xxT » O}. (6.6d)

Alternatively, following [80], we could have defined the set K 4 as
KA:{XER":xizO(iE[nD,
Aijj —xixy >0 (4,5 € [n]),
A—xx - O},

which is more closely modeled on the definition of 7.,(A4) in (6.3). We now explain
why we will adopt the particular algebraic description (6.6a) - (6.6d) for the set K 4.

As was observed in [80], the constraints A > xx? and x > 0 are equivalent to
VAuzi — x>0 (i € [n]), Aij — a2, >0 ({i,j} € Ea) , and z;2; =0 ({i,j} € EA).
However, the associated truncated quadratic modules (defined in (2.18)) are not.
Indeed, for each ¢t € N, we have

Mo (H) C Moy (H),

where

Hi={a: (i € In]), Ay —wiz; (.5 € []) },

H = { Agw; — 22 (i € [n]), Ay —miz; ({i,j} € Ea), £22; ({i,j} € EA)}.
The inclusion follows from the following two polynomial identities:

Aii — 2?2 = (V Ay — 2:)? + 2(V Ay — 27) (i € [n]), (6.8)
z = (VAuz; — a7) +a7) [/ Ay (i € In]).
REMARK 6.1. Observe that (6.8) implies that
Tr(A) = > af € My(H).
i€[n]

In particular, we conclude that any quadratic module that contains H in its generators
is Archimedean.

Observe how the ideal constraints (6.6¢) are of a form that ideal sparsity can be
exploited (see Section 2.2). The ideal-sparse structure is thusly inherited from the
sparsity of the matrix A. Later, in equation (6.20), we will use this fact to define a
stronger and possibly faster hierarchy of lower bounds.
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GMP formulation of the parameter 7.,(A). We now show that the pa-
rameter 7., (A) is the optimal value of a GMP of the form (3.5).

LEMMA 6.2. The parameter 1., (A) is equal to the optimal value of the following
generalized moment problem:

valoo(4) = _inf /ldu /x widp = Aij (i,j € V)} (6.9)

PrOOF. (valy,(A) < 7p(A)) Any feasible solution to 7.,(A), i.e., any decompo-
sition of the form A = )‘Zee[r] czagaéT, with A > 0, Zee[r] co=1,¢ >0,a, >0,
A> aga;rp, and A = aga{, corresponds to a finite atomic measure

n=A Z ¢06a,

Le(r]

that is feasible for valy,(A), with objective value A. Hence, valc,(A) < 7o5(A4).

(valep(A) > 7ep(A)) Assume the GMP (6.9) is feasible, else val.,(A) = oo and
we have nothing to prove. Let p € .# (K 4) be a feasible solution to (6.9). In view of
Theorem 2.8 (ii), we may assume that p is a finite atomic measure, i.e.,

p=AY ciday,

Le(r]

with A > 0, Zée[r] ce =1, ¢, >0, and a € K4. This measure then induces a
decomposition

A=\ Z Cgagag
Lelr]

corresponding to a solution to (6.3), with value A. Hence, val,(A4) > 7, (A). O

6.1. Hierarchies of lower bounds for the completely positive rank

With 7., (A) recast as a GMP instance (6.9), we now apply the tools from Chap-
ter 3 to create a hierarchy of SDP programs, each lower bounding 7.,(A), and with
asymptotic convergence to 7, (A). Over time, several hierarchies have been developed,
each improving on the last in some way. We first present an initial hierarchy from [80)]
and then three subsequent improved hierarchies based on our work [81, 100]. The
running theme is that each improvement is attained by encoding another property of
CP factorizations into the hierarchy.

6.1.1. The first hierarchy of lower bounds for 7.,(A). In [80], the authors
derived a hierarchy of SDP bounds for the CP rank of a CP matrix A € R}*", which
we denote here, for any t € NU {0}, as
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£ (2019) 4y . nf {L(l) :

LeR[x]zt,
L(xxT) = (6.10a)
L([x}t[x]tT) 0, (6.10b)
LV Ay = a1 [x]Ty) = 0 (i € V), (6.10c)
L((Ayj — wix) X1 X7 1) = 0 ({i.§} € EaUEL), (6.10d)
L(xxT)®) = A% (¢ € 1)) }. (6.10¢)

These constraints warrant some explanation. The constraint (6.10a) comes directly
from the GMP (6.9), and the matrix (localizing) constraints (6.10b), (6.10c), and
(6.10d) come from the definition of the semialgebraic domain K4 in (6.6). Note that
this hierarchy does not take the zero entries in the matrix A into special consider-
ation. As a result, there are no explicit ideal constraints. This will be important
later when we use the sparsity in the matrix A to create an improved hierarchy. The
last constraint (6.10e) is the defining feature of &’ ,(2019) (A)
following argument.

, and is motivated by the

If xxT < A (as is imposed by the constraint (6.6d) in the definition of K ), then
it must follow that (xx7)®¢ < A®¢ for all / € N. Via an argument in the proof of
[80, Proposition 6] it can be shown that

L((xxT)®%) < A% (1 € N) (6.11)

is valid for all linear functionals arising from an atomic decomposition as in the
definition (6.3) of 7., (A). Gribling et al. [80] showed asymptotic convergence, i.e,

Jlim &P CM () = 7, (4).

In [80], the authors showed that the same convergence result holds if we replace
constraint (6.10e) with

L(vT(A - xxT)v[x];_1[x]] ;) = 0 (v € R"). (6.12)

The core tool underlying these convergence results is Theorem 3.3, where assumption
(A) is satisfied because of (6.4), assumption (B) because of Remark 6.1, and assump-
tion (C) holds by taking z;; = 0 (4,j € [n]) and ¢ = . We restate the conclusion of
Theorem 3.3 in the completely positive rank setting for completeness.

For each t € NU {00}, the program (6.10) attains it optimum, and
lim ng 2019)( ) _ ggg,(QOlQ) (A) _ Tcp(A)~

t—o0

Moreover, the GMP (6.2) has an optimal solution g that is finite atomic and is
supported on K 4.

Note that this result holds analogously for the subsequently improved hierarchies
(e.g., (6.13) and (6.15)) that we consider later in this chapter. When we consider
flatness in Section 6.3.3, the existence of optimal solutions for the hierarchies will be
necessary.
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Unfortunately, we could find no results comparing the constraints (6.10e) and
(6.12). As such, we cannot make any claims about which is better regarding the
bounds of their associated hierarchies. However, there are clear distinctions between
(6.10e) and (6.12) when it comes to the number of constraints and the sizes of the
involved matrices. The constraint (6.10e) requires t-many PSD constraints, the largest
of which contains a matrix of size n’. On the other hand, the constraint (6.12) involves
matrices of size (”j_t;l), but there are infinitely many of them because v ranges over
all of R™. By invariance to scaling, one can take v € S"~! (the unit sphere in R™). The
authors of [80] considered using (6.12) with the vectors v restricted to some finite set
T C S*~1. Doing so, one can partially involve the constraints (6.12) in computations.
Next, we define a new hierarchy that replaces (6.10e) with a constraint stronger than

(6.12), which involves only one PSD matrix of size (”jf;l) - .

6.1.2. A polynomial matrix localizing constraint hierarchy for 7.,(A).
Consider, for any ¢t € NU {oo}, the parameter

6P (2022) 4y . g {L(l) :

L € R[x]3;,

L(xxT) = A,

L([x):[x]{) = 0,

L((V Az — 2% [x][1) = 0 (i € V),

L((Aij — zizj)[x]e-1[x]{_1) = 0 ({i,7} € EaUEL),

LA - xxT) @ [x]y_1[x]T ) = o}. (6.13a)

Observe that via Corollary 1.6, the constraints (6.12) are implied by the stronger
constraints (6.13a). We now show (see Lemma 6.3 below) that the polynomial matrix
localizing constraint (6.13a) implies the tensor positivity constraint in (6.10e). As a
result, it follows that

PO 4y < P02 (4) for all t € NU {oo}.

We further substantiate this theoretical result with numerical examples later in
Table 1.

LEMMA 6.3. [81, Lemma 19] Consider t € N, A € R™" and L € R[x]35,. If
L(xxT) = A and L((A — xxT) @ [x];_1[x]T_1) = 0, then L((xx1)®¢) < A®¢ (¢ € [t]).

PRrROOF. Observe that
L((A = xx") @ (e [}IF 1) = 0 = L((A—xx") @ (x)1 (1) = 0, (6.14)

where (x);_1 denotes the vector of noncommutative monomials of degree less than ¢ in
the variables x4, ..., x,. This equivalence holds because the latter matrix is obtained
by duplicating rows/columns of the former matrix.

Note that, for each ¢ € [t], L((A — xxT) ® (x);_1(x){_;) contains the matrix
L((A = xxT) @ (xxT)2=1)) as a principal submatrix. To see this, observe that, for
each £ € N, (xxT)®¢ = (x®4)(x®%)T is a principal submatrix of (x)_,(x)Z, (where
(x)=¢ are all the noncommutative monomials with degree exactly ¢), because all the
entries of x®¢ are contained in (x)_,.
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Since L((A—xxT)®@(x);_1(x)] ;) = 0, we obtain L((A—xxT)®(xxT)®¢=1) = 0
and thus L((xxT)®) < A®L((xxT)®(¢~ 1)) for all ¢ € [t]. Combined with L(xxT) = A
this permits us to show:

L((xxT)®) < A® L((xxT)2D < ... < 490D o [(xxT) = 4%, O

Adding ideal constraints to the hierarchy. We now use the observation
that x € K4 satisfies z;2; = 0 for all {i,j} € E4, to further improve upon the
hierarchy in (6.13). For t € NU {oo} consider the following SDP:

P(4) = min {L(1) : L € R[x]3,
xx')=A

(
(
(

L((Aij - xil‘j)[x]ffl[x]tfl) =0 ({%j} € Ea),  (6.15a)
(ziz;[x]2e-2) = 0 ({4, j} € Ea), (6.15D)
(

This hierarchy now explicitly uses ideal constraints induced by zero entries in the
matrix A. Hence, the constraints (6.10d), which run over all off-diagonal entries of
the matrix A, are now split into two constraints (6.15a) and (6.15b). Thus, it clearly
follows that

fp’(QOQZ)(A) < &GP(A) for all t € NU{c0}.

Adding scalar localizing constraints based on nonnegativity. Exploit-
ing the fact that the variables z; should be nonnegative, one may add localizing
constraints like the following:

L([x]2¢) = (6.16)

L((v/ Az — x2)[x]2s— 2) >0 (ieV), (6.17)

L(Aij — wizj)[x]2i-2) = 0 ({i,j} € Ea), (6.18)
L(zizj[x]1[x]{1) = 0 ({i,j} € Ea). (6.19)

Note that the constraints (6.19) are redundant at the smallest level ¢t = 1. One could
add a similar constraint to (6.19) by replacing z;x; with any monomial. We use the
notation 5;‘;( ) to denote the parameter obtained by adding (6.18) to the program
defining & (A). Define analogously §Cp’(2019)(A) by adding (6.18) to &* 2019)(14)7 SO

that we have
2019 c
g0 (4) < g (A).

As we will see in relation (6.27) below, the bound 5;3[’(2019)(14) is at least as good
as rank(A), which is an obvious lower bound on rank.,(4). Let &% (A) denote the
further strengthening of & (A) by adding constraints (6.16), (6.17), and (6.19), so
that we have

P(A) < E7(A) < £7(A) for any t € NU {oc}.
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6.1.3. An ideal-sparse hierarchy of lower bounds for 7.,(A). The ideal
constraints (6.15b) are of a form susceptible to the technique of ideal sparsity de-
scribed in Section 3.1.4. Hence, we follow the approach described in Section 3.1.4 to
create a new ideal-sparse hierarchy for the parameter 7.,(A), as characterized by the
GMP (6.9). The process will be similar to what was done for the nonnegative rank
in Section 5.1.2.

Begin by considering the support graph G4 := (V = [n], E4) of the matrix A,
and let V4, ..., V,, denote all the maximal cliques of the graph G4. For t € NU {oo},
define the ideal-sparse moment bounds:

PP (A) =
mm{ 3" Li(1): Li € Rx(Vi)l, (k € [p]),
k€(p]
> Li(wiay) = Aij (1,5 € V), (6.20a)
ke[pl:i,j€V
L ([x(Vi)le[x(Vi)l{) = 0 (k € [p)),
Li(V Az — 2f)x(Vi)lea [x(Vi)l{Z1) = 0 (i € Vi, k € [p)),
Lip((Asj — 2ia) (Vi) le-a [x(Vi)l{Z1) = 0 (i # j € Vi, k € [p]), (6.20b)
Lip((A = xxT)), @ [x(Vi)le-1[x(Va)]{_1) = 0 (k € [p)]). (6.20c)

Here, in equation (6.20c), it is understood that, for a given k € [p], in the matrix
A — xxT one sets the entries of x indexed by V' \ Vj, to zero.

Analogous to the constraints (6.16), (6.17), (6.18) and (6.19) in the dense hi-
erarchy, we can add the following constraints that exploit the nonnegativity of the
variables:

Li([x(Vi)]2t) > 0 (k € [p]), (6.21)

Li(V Az — 22)[x(Vi)]2t—2) >0 (i € Vi, k € [p]), (6.22)
Li((Aij — ix;) [x(Vi)]at—2) = 0 ({4, 5} € Vi, k € [p]), (6.23)
Lyp(zia; [x(Vi)le—1 [x(Vi)]{Z1) = 0 (i # j € Vi, k € [p]). (6.24)

Define §fﬂ’i5p (A) by adding constraint (6.23) to £*P(A4), and &y 5P (4) by adding
the constraints (6.21), (6.22) and (6.24) to & P (A), so that

EP(A) < ER(A) < EL(A).

Weak-ideal-sparse hierarchies for 7.,(A). Observe that, if, in equation
(6.20c), we replace the matrix A — xx” by its principal submatrix indexed by Vj,
then one also gets a lower bound on 7c,(A), possibly weaker than & P 4), but
potentially easier to compute. We let pr’WISP(A) denote the parameter obtained in
this way by replacing, in the definition of £P*P(A4), equation (6.20c) by

Li((A[Vi] = x(Vi)x(Vi)T) @ [x(Vie)le-1[x(Vi)]i~1) = 0 (k € [p]), (6.25)
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so that we have
PP (A) < PP (A).
Note that by relaxing constraint (6.20c) to (6.25), we can no longer claim that
EPP(A) is at least as good as the dense hierarchy &P (A). In some numerical in-
stances, it is strictly worse. Indeed, in our numerical experiments, we frequently
observe the strict inequality &P"*P(A) < &P(A) for randomly generated matrices
A (see Section 6.3.1 for details). For example, the matrix (with entries rounded for
presentation)
1.0 0578 0.0 0.0 0.225
0.578 1.0 0.0 0.0 0.0
A= 0.0 0.0 1.0 0.0 0.656
0.0 0.0 0.0 1.0 0.526
0.225 0.0 0.656 0.526 1.0

has the following parameters at level ¢ = 2:
( RIS (4) = 4) < ( P(A) = 5) < (ggp’iSP(A) - 5) < (rankcp(A) - 5).

6.2. Links to other lower bounds on the completely positive rank

Here, we indicate links to other known lower bounds on the CP rank. Clearly,
the rank is a lower bound:

rank(A) < rank.,(A).

Edge clique-cover bound. A combinatorial lower bound arises naturally from
the edge clique-cover number of the support graph G 4. Given a graph G = (V) E),
its edge clique-cover number, denoted ¢(G) (following [67]), is defined as the smallest
number of (maximal) cliques in G whose union covers every edge of G. This parameter
is NP-hard to compute [70]. Clearly, ¢(G) = |E| if G is a triangle-free graph (i.e.,
w(G) = 2, where w(G) denotes the maximum cardinality of a clique in G). As observed
in [67], the edge clique-cover parameter gives a lower bound on the CP rank:

¢(G4) <ranke,(A).

Indeed, if A = Zee[r] asa] with a, € R7 and r = ranke,(A), then the supports of
ai, ..., a, are (not necessarily distinct) cliques that provide an edge clique-cover of G 4
by at most r cliques.

The bound 755°(A). In [67], asemidefinite parameter 755°(A) is introduced, which

cp
is shown to be at least as good as rank(A). Moreover, 755°(A) is also at least as good

as Cpac(Ga), the fractional edge clique-cover number, which is defined by

Crac(Ga) == min{ SOAAeRE, YT A >1for {ij} € EA}. (6.26)
kElp) k:{i, 7} Vi

SOS

The parameter cg.c is the natural linear relaxation of ¢(G 4). If we require that A in
(6.26) be integer-valued, then we recover ¢(G4). Thus, we have

max{rank(A), crac(Ga)} < 755°(A) < 7ep(A).

C
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In [80], it is shown' that the bounds ggf)(zolgm(A) are at least as strong as 750°(A).
Hence we have a chain of inequalities

Crac(Ga) < To(A) < €57 p019) 1 (A) < ER(A) < ERP(A) < 7y (A). (6.27)

Observe now that the (weak) ideal-sparse bound £P"*P(A) at level ¢ = 1 is at
least as good as the parameter cgac(Ga).

LEMMA 6.4. If A € CP,, with support graph G 4, then
Cfrac(GA) S fTD,WiSP (A)

PROOF. Let (L1, ...,L,) be an optimal solution for the parameter £>"P(A).
Using (6.20b), we have Ly (A;; —z;2;) > 0 for all ¢ # j with {4,5} C V}, and k € [p],
which gives A;; Ly (1) > Lk(xixj). Summing over k we get

Ay = Z Li(wixy) < Ayj Z Ly(1),
kelpl:{i,j} S Vi kelpl:{i,j} S Vi
using (6.20a) for the first equality. As A;; > 0, this gives > ;. hcy Li(1) = 1
for every edge {i,j} € Fa. Hence, the vector X = (Ly(1));_, € R is feasible for
program (6.26), which implies cfrac(Ga) < 2 24cpy L(1) = VISP (A) as desired. O

Known upper bounds on the CP rank. General upper bounds on the
CP rank are
o rank.,(A)

<nifn<4][146],
o rankep( )S
) <

("I —4if n > 5 [146], and

(T‘H) —1ifr =rank(A) > 2 [12].

It is known that ¢(G4) < n?/4 [63]. It has been a long-standing conjecture by Drew
et al. [58] that the CP rank of an n x n completely positive matrix is at most n?/4.
This conjecture, however, was disproved in [22, 23| for any n > 7. In particular, it
is shown in [23] that the maximum CP rank of an n x n CP matrix is of the order

e rank.,(A

n?/2 4+ O(n®/?).
If the support graph G4 is triangle-free, then |E4| < rank.,(A) < max{n, |E4|}.
Moreover, if G4 is connected, triangle-free, and not a tree, then rank.,(A) = |E4]

[58]. Hence, if G4 is a tree, then n —1 = |E4| < rankep(A) < n, with ranke, (A) = n
if A is nonsingular. By Lemma 6.4, we know that £>V*P(A) > |E 4| if G4 is triangle-
free. Hence, the bound £*"*P(A) gives the exact value of the CP rank when G 4 is
connected, triangle-free, and not a tree. On the other hand, if G 4 is a tree and A is
nonsingular, then the bound &;" (4) gives the exact value (equal to n) of the CP rank
since it is at least 755°(A) > rank(A) by relation (6.27).

Separation between ideal-sparse and dense bounds. We now give a class
of CP matrices that exhibit an arbitrarily large separation between the dense and
ideal-sparse bounds at level ¢ = 1; these matrices A have size n = 2m and

P(A) <m+1<m?=PYP(A) = ranke,(A).

"ndeed the proof for the relevant result [80, Proposition 7] only uses the relation
L((Aij — zizj)x2;) > 0 from (6.18) and the relation L((xx”)®?) < A%? in (6.10e).
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EXAMPLE 6.5. Complete bipartite support graph matrices. For n = 2m,

consider the matriz
((m+ 1)L, Im n
A‘( I (m+1)1,) €5

where I, is the identity matriz and J,, the all-ones matriz. Then, A is a CP matriz
because it is nonnegative and diagonally dominant. Because the support graph of A
is the complete bipartite graph K, m,, which is triangle-free, we know from [58] that
rankc,(A) = |Ea| = m?. Using Lemma 6.4, we obtain

Chrac(Komm) = EPIP(A) = €PVIP(A) = 2 = rank.,(A).

Neat, we claim &P (A) < m+ 1. For this, observe that £;°(A) can be reformulated as

P(A) = min {L(l) :L € R[x]3,

Consider the linear functional L € R[x|3 defined by L(xxT) = A, L(x;) = v/m + 1 for
i € [n] and L(1) = %ﬁtl) We show that L is feasible for the above program, which
implies £{P(A) < L(1) < m + 1. For this it suffices to show that L([x];[x]T) = 0. By
taking the Schur complement with respect to the upper left corner, this boils down to
checking that L(1)A — (m + 1)J,, = 0. As the all-ones vector is an eigenvector of A
(with eigenvalue 2m + 1), it is an eigenvector of L(1)A — (m + 1).J,,, with eigenvalue
L(1)(2m+1) —2m(m+ 1) = 0. Since the matriz A is positive semidefinite, the proof
is complete.

6.3. Numerical results and examples

In this section, we present the computed bounds for three classes of matrices:
high-CP rank matrices from the literature, randomly generated CP matrices, and
doubly-nonnegative matrices that are not CP.

We aim to demonstrate improved bounds due to adding a polynomial matrix
localizing constraint (see (6.13a)) and using ideal sparsity (see (6.20)). To this end,
we show the following.

First, we show the improvement of {fp’(%m) (A) over ffp’(mlg) (A) (see Section 6.3.1)
due to replacing the constraint (6.10e) with (6.13a).

Second, we show the improvement due to ideal sparsity (see Section 6.3.2) in
better bounds (see Table 2) and computation times (see Figures 1 and 2). As a side
note, we explore flatness and atom extraction for the dense and ideal-sparse settings
(see Table 3).

Thirdly, we show that the ideal sparsity is also better at detecting non-membership
in the cone of CP matrices (see Section 6.3.4).
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6.3.1. Improvement due to the polynomial matrix localizing constraint.
To demonstrate the impact of the constraint (6.13a), we compare our bounds £5729%%(A)
from [81] to the bounds pr’(zmg) (A) from [80] on the CP rank of some matrices A
known to have a high CP rank, taken from [22]. The boldface entries in Table 1
show a strict improvement in the bounds. For these computations, we used the high
precision solver SDPA-GMP [124] because MOSEK [5] and SDPA [169, 170] could
not certify solutions. 2

TABLE 1. Bounds for completely positive rank at level ¢t = 3.

A rank(4) o [Z] gPCUA) gPCP(A) ranke,(4)
M; 7 712 10.5 11.4 14
M, 7 712 10.5 10.5 14
Ms 8 8 16 13.82 14.5 18
M, 9 9 20 17.74 18.4 26

6.3.2. Improvement due to ideal sparsity. We consider a class of randomly
generated sparse CP matrices. The exact construction is given below. In all numerical
examples we considered, the bounds &P (A) and £ (A) obtained for these matrices
were always at most rank(A) + 2. So we do not list the numerical bounds for these
examples as little insight is gained from them. However, random examples allow us to
compare the computation times amongst hierarchies and across various matrix sizes,
non-zero densities, and levels. In what follows, the non-zero density of a symmetric
matrix A € 8", denoted nzd(A), is defined as the proportion of non-zero entries above
the main diagonal, i.e., nzd(A) = [Ex|/(3). Hence a diagonal matrix has nzd=0, and
a dense matrix has nzd=1.

The second class contains examples from the literature whose CP rank is known
from theory. However, recall the moment hierarchies provide lower bounds on 7cp,
whose value is often unknown and could be strictly less than the CP rank. Regardless
these examples give an interesting testbed to evaluate the quality of the new bounds.

The third class of examples consists of doubly nonnegative matrices, which are
known not to be completely positive. In running these examples, the hope is to obtain
an infeasibility certificate from the solver. Thereby obtaining a numerical certificate
that the matrix is not completely positive. In this context, one hierarchy performs
better than another if it returns the infeasibility certificate at a lower level or uses
less run time.

The size of the matrices involved in the semidefinite programs snowballs with the
level ¢ in the hierarchy (roughly, as ("“)), so these problems become quickly too big
for the solver (in particular, due to limited memory). We will consider matrices up to

>The code is available at: https://github.com/JAndriesJ/ju-CPrank
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size n = 12 for the dense and ideal-sparse hierarchies at level t = 2. At level t = 3 and
for matrices of size n = 12, we can only compute bounds for the weak-ideal-sparse
hierarchy.

All computations shown were run on Windows 11 Home 64-bit with an 11th Gen
Intel(R) Core(TM) i7-11800H @ 2.30GHz Processor and 16GB of RAM. The software
we use was custom coded in Julia [20] utilizing the JuMP [59] package for problem
formulation and MOSEK [5] as the semidefinite programming solver. 3

Randomly generated sparse CP matrices. We first describe how we con-
struct random sparse CP matrices. Given integers n € Nand n—1 < m < (g), we
create a symmetric n X n binary matrix M with exactly m ones above the diagonal,
whose positions are selected uniformly at random. Let G be the graph with M as
its adjacency matrix. We only keep the instances where G is a connected graph.
We enumerate the maximal cliques Vi, ...,V, of G (using, e.g., the Bron-Kerbosch
algorithm [26]). Then, we select a subset of maximal cliques V,, ..., V,, whose union
covers every edge of G (e.g., using a greedy algorithm). For each k € [l], generate
my, > 1 vectors (a(k’i))ie[mk] C R%} with uniformly random entries following [0, 1]
and supported by Vg, . We will choose m;, = 2 by default. Then consider the matrix
S kel Loicimy %P (@) and scale it so that all diagonal entries are equal to 1,
call A the resulting matrix. By construction, A is completely positive with connected
support G4 = G, and non-zero density nzd = m/ (’21)

We generate random examples for varying matrix size (n = 5,6, 7,8,9) and incre-
menting nzd in ascending order. To not include examples with disconnected graphs,
we need nzd > (n —1)/(5). To account for different graph configurations with the
same non-zero density, we generate 10 examples per matrix size and nzd value. For all
of them, we compute the dense- and weak-ideal-sparse bounds of level t = 2 and ¢t = 3.
Here we are not interested in the numerical bounds but rather in their computation
times. This numerical experiment allows us to show the differences in computation
time between the ideal-sparse and dense hierarchies. It turns out that the computa-
tion times for the parameters £, {1, and & are all comparable at level ¢ = 2,3,
likewise for the ideal-sparse analogs. For this reason, we only plot the results for the
“t” variant, i.e., for the parameters %, 1P, &™"P. The results are shown in
Figure 1 (for ¢t = 2) and in Figure 2 (for ¢ = 3).

We can make the following observations about the results in Figure 1. As ex-
pected, the ideal-sparse hierarchy is faster to compute than the dense hierarchy for
matrices with non-zero density nzd < 0.8. The computation of the weak-ideal-sparse
hierarchy is even faster. Moreover, the speed-up increases with the matrix size and
the hierarchy level, as seen across Figures 1 and 2. At level ¢ = 3, some hierarchies
can no longer be computed for specific matrix sizes and non-zero densities. This is
particularly evident in the case of the dense hierarchy for matrices of size seven and
larger. The ideal-sparse hierarchies can be computed up to size nine depending on

3See the code repository https://github.com/JAndries] /ju-cp-rankju-cp-rank.
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Computation times vs. matrix size and non-zero density, level ¢t = 2
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FIGURE 1. Scatter plot of the computation times (in seconds)
for the three hierarchies §2T (indicated by a red square), pr’ISp

(indicated by a yellow losange), §Cp ISP (indicated by a green
circle) against matrix size and non-zero density for 850 ran-
dom matrices, generated using the above-described procedure.
The matrices are arranged in ascending size (n = 5,6,7,8,9)
and then ascending non-zero density, ranging from the minimal
density needed to have a connected support graph up to a fully
dense matrix (nzd = 1).

the non-zero density. We only show examples we could compute in less than 10 sec-
onds. The parameters that either took longer than 10 seconds or exceeded memory
constraints can be inferred by the absence of their respective markers in Figure 2.

Selected sparse CP matrices. Here we compute the dense and (weak) ideal-
sparse parameters for a few selected CP matrices from the literature. We first briefly
discuss the four example matrices we will consider, denoted exl, ex2, ex3, ex4, and
shown below.

32 0 0 1 2.0 0 1 1
2 5 6 0 0 020 1 1
exl=| 0 6 14 4 0 |,ex2=[00 2 1 1 [,
00 4 9 1 11130
10 0 1 2 1110 3
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FIGURE 2. This is a similar plot to Figure 1 but now for level
t=3 of each of the hierarchies. By omitting markers, we in-
dicate that the corresponding computations either exceeded
memory constraints or took longer than 10% seconds.
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The matrix ex1 (from [11]) is supported by the 5-cycle C5 and the matrix ex2
(from [168]) is supported by the bipartite graph K3 2. In both cases, we have that
EPIP(A) = ranke,(A) = |E4| (combining Lemma 6.4 and the results of [58] men-
tioned earlier at the end of Section 6.2). The matrices ex3 and ex4 were constructed,
respectively, in [22, 23] as examples of matrices having a large CP rank exceeding
the value n?/4 (thus refuting the conjecture by Drew et al. [58]). The matrix ex3 is
supported by C11, the complement of an 11-cycle, and matrix ex4 is supported by the
complete tripartite graph Ky 4 4. One can verify that the edge clique-cover number is
equal to 8 for Cy; and to 16 for Ky 44.

The numerical results for these four examples are presented in Table 2, where
we also show other parameters for the matrix (size n, rank r, CP rank r,) and its
support graph (number p of maximal cliques, edge clique-cover number ¢). Here are
some comments about Table 2.

TABLE 2. Dense and ideal-sparse bounds for literature selected
sparse CP matrices

A n |p |c |r bounds . Tep times (seconds)

P P I S dense isp wisp
ex 5 |5 [5 |5 2.71 5 5 5 <1 <1 <1
ex2 5 |6 |6 |4 3 6 6 6 <1l| <1 <1
ex3 11 1228 |11 424 | 853 8.53 | 32 <1l] <1 <1
ex4 12|64 |16 | 10 || 4.85 | 29.66 | 29.63 | 37 <1l| <1 <1

é-gpi ggpi,lsp ggi,wlsp
exl 5 5 5 5 5 5 <1l] <1 <1
ex2 5 4 6 6 6 6 <1l| <1 <1
ex3 11 11 ]} 21.93 | 22.32 | 22.32 | 32 || 123.86 | 54.89 8.14
ex4 12 10 || 29.57 | 29.66 | 29.66 | 37 || 238.94 | 33.78 1.28
gcp fcp,lsp fcp,wlsp

3.1 3.1 3.1
ex3 11 11 - - 22.33 | 32 - - | 2648.69
ex4 12 10 - - 29.66 | 37 - - 28.69

n = size of A, p = number of maximal cliques of G 4,
¢ = edge clique-cover number of G4, r = rank(A), rcp = rankep(A)
- : computations that failed due to memory constraints

These results substantiate the claims in Lemma 6.4: the ideal-sparse bound of
level ¢ = 1 is equal to the number of edges for exl and ex2 (and matches the CP
rank); moreover, it gives a strong improvement on the dense bound of level 1. The
bounds of level ¢t = 2 all exceed the rank of the matrix (as expected in view of (6.27)).
At level t = 3, only the weak-ideal-sparse bound can be computed for the matrices
ex3 and ex4.

In Table 2, the values of the bounds at level ¢ = 3 are close to those at level t = 2
for matrices ex3 and ex4. However, the tests for the flatness condition (3.18) fail, so
that one cannot claim that the bounds are equal to 7., at this stage.
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6.3.3. Flatness and atom extraction. For the application to the CP rank, if
the flatness condition holds for an optimal solution for the parameter &% (A) (resp.,
£PIP(A)), then the parameter is equal to T.p(A) and one can extract a CP factor-
ization of A. In this way, one finds an explicit factorization of A and thus an upper
bound on its CP rank. If the computed value of 7.,(A) equals the number of re-
covered atoms, this certifies that 7.,(A) equals the CP rank and the recovered CP
decomposition of A is an optimal one.

We tested whether the flatness conditions (3.16) and (3.18) hold for matrices
ex] and ex2 at level ¢ = 2 and whether one can extract atoms and construct a CP
factorization.

The results are summarized in Table 3, where we indicate the number of atoms
(corresponding to a CP factorization with that many factors) when the extraction
procedure is successful. We indicate that the extraction procedure fails by reporting
“# atoms=0". As mentioned in [85], one may apply the extraction procedure even
if flatness does not hold.

For the dense bounds of level ¢ = 2, flatness does not hold for the matrices exl1
and ex2. However, while one does not succeed in extracting atoms for matrix ex1, the
extraction is successful for matrix ex2 and returns six atoms. Interestingly, flatness
holds for the ideal-sparse bounds, and the atom extraction is successful. However, the
number of extracted atoms is 10 for matrix ex1, thus twice the CP rank. To verify
that the extracted atoms are (approximatively) correct, we use them to construct
a CP matrix A,ec, which we then compare to the original matrix A. In all cases
we obtain ||A;ec — All1 < 1078, which shows that a correct factorization has been
constructed.

Note that for the ideal-sparse parameter, since one splits the problem over the
maximal cliques and has a distinct linear functional Ly for each clique Vj, it may be
more difficult to satisfy the flatness condition (3.18) (since each Lj must satisfy it),
as happens for matrices ex3 and ex4.

TABLE 3. Testing flatness and atom extraction

A ;p g;r},lsp ggpi,wlsp
flat. (3.16) | # atoms || flat. (3.18) | # atoms || flat. (3.18) | # atoms

ex1 false 0 true 10 false 0
ex2 false 6 true 6 true 6

cp Ccp,isp Cp,wWisp

3 & 1 3 i
ex1 false 10 true 10 false 0
ex2 true 6 true 6 true 6

6.3.4. Doubly nonnegative matrices that are not completely positive.
We consider the following three matrices that are known to be doubly nonnegative
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but not completely positive (taken from [140, 126, 11)):

11001 11001
1 2100 1 2100
ex5=| 012 10|, ex<6=| 01210 [,
001 2 1 001 2 1
100 1 3 10016

71 2 21 1

1 12 13 3 5

s |21 230 0

2 3 350 0

1 3 00 2 4

1 5 00 4 10

The objective is to see whether the hierarchies are able to detect that the matrix
is not CP. This can be achieved in two ways: when the solver returns an infeasibility
certificate, or when it returns a bound that exceeds a known upper bound on the
CP rank. We test this for the bounds at levels t = 1 and t = 2. At level t = 2
we try different variants by adding the constraints (6.16),(6.17), (6.18), and (6.19)
and their ideal-sparse analogs. The results are presented in Tables 4 and 5. There
we indicate one of three possible outcomes. The first outcome is indicated with a
question mark “?”, which means that the solver could not reach a decision within the
default MOSEK solver parameters. The second possible outcome is when the solver
returns an infeasibility certificate (indicated with “*”), or when it returns a value that
exceeds a known upper bound for the CP rank (in which case the bound is marked
again with “*”). The last column in both tables, labeled 7, <, provides such an
upper bound on the CP rank of a CP matrix with the given support graph. The third
possible outcome is when the solver returns a value that does not violate the upper
bound, in which case no conclusion can be drawn. All computations took less than a
second and hence computation times are not shown.

TABLE 4. Detecting non-CP matrices for ¢t = 1.

4 |nlr 67 |Gn |62 | vy <
exb | 5 |4 2.47 * * 5
ex6 |5 |5 2.59 * * 5
ex7 |6 |6 2.4 3.02 3.02 17

* = infeasibility certificate

We make three observations about Tables 4-5. The first is that the ideal-sparse
hierarchies show infeasibility at level ¢ = 1 already for examples ex5 and ex6, while
the dense hierarchy shows the same only at level ¢ = 2 with all additional constraints
imposed. Secondly, the ideal-sparse hierarchy correctly identifies ex7 as not CP at
level t = 2 while the dense hierarchy does not succeed even at level ¢ = 3. The
third observation is that adding additional constraints helps prevent the solver from
returning an “unknown result status” but this seems to be less needed in the case
of the ideal-sparse hierarchies. It should be noted that increasing the level of the
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TABLE 5. Detecting non CP matrices for ¢t = 2, 3.
A nlr ;p fgp,isp ggp,wisp 6;% gcp,lsp é~cp ,wisp g;i ;p ,isp cp,w1sp Tep
exb |5 |47 * ? ? * <5
ex6 | 5 | 5| 13.56%7 * 13.56* * * 16.11%* * * <5
ex7 |6 |67 34.88% 34.01% | 12.94 * * 13.89 * * <17
;p ggp,mp fgp,vvlsz) fng gcwsr’ ng,WISp €§pi £Cp,15p gCPJ’VlSP
exb |5 |47 * ? * * <5
ex6 [ 5|5 |7 * * ? * * 194.2% * * <5
ex7 6|67 ? ? ? * * ? * * <17

* = infeasibility certificate,

? = unknown result status

hierarchy creates more opportunities for numerical errors in the computations, as

seen in Table 5.






CHAPTER 7

Separable rank

This chapter considers the separable rank of a complex-valued matrix. We in-
troduce separable bipartite states, which are complex-valued matrices p € H’} @ H'}.
Our interest in these states comes from their use in quantum information, which we
briefly touch upon in the introduction of this chapter. Our objective here is not to
introduce the reader to physics theory but rather to show that the separable rank,
as a parameter, can be lower bounded by a hierarchy of SDPs using the tools of
Section 3.1, similar to what we did for the nonnegative rank (Chapter 5) and the
completely positive rank (Chapter 6). In Section 7.1, we construct a hierarchy of
lower bounds for Ty, (p), the optimal value of a GMP that lower bounds the separa-
ble rank of p.

Our contribution to this topic is three-fold: First, we are the first to construct
hierarchies of lower bounds for the separable rank. Second, we investigate three
(incomparable) hierarchies based on different scalings of the factors. Third, we in-
corporate a polynomial matrix localizing constraint into the hierarchies, similar to
constraint (6.13a) in Section 6.1, to get improved bounds.

Unlike the nonnegative rank and the completely positive rank, the entries of
p are not nonnegative, and as a result, we do not get ideal constraints of a form
where ideal sparsity can be exploited. However, we do consider a block-diagonal
reduction technique (Section 7.2) for removing redundant variables, thereby reducing
the moment matrix sizes in the associated hierarchy.

Our approach for lower bounding the separable rank extends naturally to the mul-
tipartite setting, the mixed separable rank, and the real separable rank (Section 7.3).

We conclude with examples and numerical experiments to substantiate our the-
oretical results (Section 7.4).

The cone of separable states. Consider the following matrix cone:
SEP, = conefex” ®yy* x € C", y € C, xll = Iyl = 1} CH} @M, (7.1)

which is also sometimes denoted as SEP when the dimension n is not important.
Recall that H"™ denotes the cone of complex Hermitian n x n matrices, and H"} is the
subcone of Hermitian positive semidefinite matrices. The cone SEP,, is of particular
interest in quantum information theory; its elements are known as the (unnormalized,
bipartite) separable states on H" @ H™. If a PSD matrix p € H™ ® H" does not belong
to SEP,,, then it is said to be entangled.

105
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Entangled states can be used to observe quantum, non-classical behaviors that
two physically separated quantum systems may display, as already pointed out in the
early work [62]. Entanglement is now recognized as a vital resource used in quantum
information theory to carry out various tasks such as quantum computation, quantum
communication, quantum cryptography, and teleportation (see, e.g., [129, 165] and
references therein). Therefore, deciding whether a state is separable or entangled is
of fundamental interest in quantum information theory.

Gurvits [82] has shown that the (weak) membership problem for the set

SEP,N{p: Tr(p) =1}
is an NP-hard problem. In addition, the problem was shown to be strongly NP-hard

in [72]. This is our motivation for finding tractable criteria for the separability or
entanglement of quantum states.

The separable rank. Consider a separable state p € SEP,,. Then, its separable
rank, denoted rankee,(p), is the smallest integer r € N for which there exist vectors
aji,...,a,, by, ...,b,. € C" such that

p= Y ama; @bbj. (7.2)
Lelr]
In other words,
rankgep () := min {r eN:p= Z asa; @ byby; ag, by € C”}. (7.3)
Le(r]

If pe H" @ H™ \ SEP,, then we set rankeep(p) = 00. The separable rank has been
previously studied, e.g., in [156, 55, 32|, where it is called the optimal ensemble
cardinality or the length of p. It can be seen as a ‘complexity measure’ of the state,
with an infinite rank for entangled states.

The lower bound Typ(p). Consider the following parameter, which was first
introduced in our work [81]:

1
Tsep(p) 1= Inf {)\ A>0, 37 € conv{xx* @yy": (x,y) € Kp}}. (7.4)
Here, the semialgebraic set K, is defined as

K, ={(xy) €C" X C [ pm " @y Ixloes Iyl <pHL}  (75)

The second constraint in (7.5) is motivated by a particular scaling of the separable
(SEP) factors. The SEP factors ag, by in (7.2) clearly satisfy the PSD condition

p—asa; @ bsb; =0 (¢ € [r]). (7.6)
Looking at the diagonal, this means that entrywise |(as);|?|(be);|* < pijij (4,5 € [n]),
which implies the following bounds on the norms of the SEP factors:

l2ell% - IbellZe < pmax (€ € [r]),

lacll3 - Ibell3 < Tx(p) (€ € [r]), (7.8)
where

Pmax ‘= MAaX pij i
i,j€[n]
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denotes the maximum diagonal entry of p. Via rescaling, we may assume without loss
of generality that ||as||cc = ||b¢|lcc and

laelZ., IbellZ < vPmax (£ € [1]). (7.9)
LEMMA 7.1. For any n € N and p € SEP,,, we have

Teep(p) < ranksep(p).
Moreover, if p & SEP,, then Tsep(p) = rankgep(p) = 0.

PROOF. Begin with a SEP factorization of p € SEP,, like the one in (7.2). As-
sume that we have applied the rescaling (7.9) so that each SEP factor (as, by) belongs
to the set K,. Then,

1 1 * * * *
= Z ~ Ay ®@bgby € conv{xx* @yy*: (x,y) € K,},
Le(r)
is a feasible solution to (7.4) with objective value A = r. Hence, Tuep(p) < rankeep(p).
If p ¢ SEP,,, then p does not have a factorization (7.2) and hence rankge,(p) = co.
Similarly, there can be no A > 0 for which p € conv{xx* ® yy* : (x,y) € K,} if
p & SEP,, and thus Teep(p) = 0. O

The parameter Ty, (p) does not seem any easier to compute than the separable
rank. However, it enjoys an additional convexity property that the combinatorial
parameter rankge,(p) does not have. Moreover, Tyep(p) can be reformulated as the
optimal value of a GMP in the form of (3.1).

GMP formulation of the parameter Ty (p).

LEMMA 7.2. The parameter Tsep(p) is equal to the optimal value of the following
generalized moment problem.:

valap(p) = _inf | / Ldp / ST = pigp (3. k, L€ )}, (7.10)

PROOF. (valsep(p) < Teep(p)) Any feasible solution to Tep(p), i.e., any decom-
position of the form p = )‘Zee[r] ceapa; @ beby, with A > 0, ¢, > 0, Zee[r] co =1,

asa; ® byb; < p, and [Jas]|, |[bellec < prln/fx, corresponds to a finite atomic measure

Hi= Al
Le(r]
that is feasible for vals,(p), with objective value r. Hence, valsep(p) < Teep(p)-
(valsep(p) > Teep(p)) Assume (7.10) is feasible, else valge,(p) = oo and there is
nothing to prove. Let u € .#(K,) be a feasible for (7.10). In view of Theorem 2.9 (ii),
we may assume that p is a finite atomic measure, i.e., p := )\Zée[r] t0(ay,by), With
A >0, ¢, >0, and (as, by) € K,. This measure then induces a SEP decomposition

p = A Z Cgagaz ® bgb?
Le(r]

corresponding to a solution for (7.4), with objective value \. Hence, we have shown

Valsep (P) > Tsep (p) :
O
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In the next section, we will present a hierarchy of lower bounds on 7sep(p), con-
structed using tools from Section 3.1. Moreover, these lower bounds will asymptoti-
cally converge to Teep(p)-

7.1. Hierarchies of lower bounds for the separable rank

For t € NU {oo} with ¢ > 2, define the parameter

i (p) i=inf {L(1) |

L € Clx,y,X,¥]5; (Hermitian),
L(xx* @yy") = p,

[

(
L(lxy, X, ¥h[x,y.%,¥];) = 0,
L((V/Pmax — ©iT)[%, y, X, ¥]i-1[x,y, X, ¥]{_1) = 0 (i € [n]), (7.11a)
L((VPmax — yi¥:)[%, Y, X, ¥i-1[x, ¥, X, ?]? 1) =0 (i €[n]), (7.11b)
L((p—xx" @yy") @ [y, % ¥l 2[x,y, R Fio) =0} (T11¢)
As explained in Section 3.1.1, this does yield a hierarchy, i.e.,
EP(p) &P (p) < - <P () (7.12)

Archimedean quadratic module. Observe that the polynomials involved in
(7.11a) and (7.11b) generate an Archimedean quadratic module, since we have

n- vV Pmax — Z xle + yzyl S MQ ( {\/ Pmax — Z’Lxla vV Pmax — yzyl [ }} ) .

i€[n]

(7.13)
Here, the polynomials in H define constraints that are equivalent to the last con-
straints in (7.5).

REMARK 7.3. Note that the localizing constraints (7.11a) and (7.11b) imply the
localizing constraints corresponding to (7.7). This follows from the identity:

Pmax — zifiyjyj = (\/ Pmax — szv)yg% + V pmax(\/ Pmax — yjyj)'

Similarly, the polynomial matriz localizing constraint (7.11c) implies the localizing
constraints corresponding to (7.8). This follows from the identity:

Z 2T ) ( Z Y;Y;) Z Pijij — TiTiY;Y;) = Z ej;(p — xx* @yy*)ei;.
] 2,7

Here, we use e;j := e; ® ej to denote the tensor product of the ith unit vector of R™
with the 7t unit vector of R™.

Thus we have motivated the choice of scaling in (7.11a) and (7.11b) as opposed
to directly using (7.7) or (7.8).



7.1. HIERARCHIES OF LOWER BOUNDS FOR THE SEPARABLE RANK 109

Linking the hierarchy & (p) to the parameter Ty, (p). By Theorem 3.2,
we can conclude the following result.

LEMMA 7.4. For any p € SEP,, and each t € NU{co}, the program (7.11) attains
its optimum, and
Jim & (p) = €57 (p) = Teen (0)-

Moreover, the GMP (’7.10) has an optimal solution p that is finite atomic and is
supported on K.

ProOF. We simply check that the three assumptions of Theorem 3.2 hold. As-
sumption (A) is satisfied because of Lemma 7.1, assumption (B) because of (7.13),

and assumption (C) holds by taking z; j ;=0 (i,5,k,l € [n]) and ¢ = 3. O

Alternative SEP factor scalings. The scaling we used in (7.9) resulted in
the localizing constraints (7.11a) and (7.11b). However, this is only one of several
possible scalings. We now consider three other (possibly mutually exclusive) scalings
using the Euclidean norm that follow from (7.8):

laell3 < Tr(p), [bell =1 (¢ € [r]), (7.14)
lacll3 = [[bell3 < v/Tr(p) (£ € [1]), (7.15)
lacll3 < v/Tr(p), Ibell2 = v/Tr(p) (£ € [r]). (7.16)

From each of these scalings, we can derive the following sets of polynomials:
o {Tr(p) — [Ix[%,£(1 — ||y[|*)}, corresponding to (7.14),
o {* IXH2 I¥11%), /Tt (p) = lly[|*}, corresponding to (7.15),

. {W/Tr — ||x]|?, £1(y/Tx(p) — |ly|I*) }, corresponding to (7.16).

Replacing the constraints (7.11a) and (7.11b) in (7.9) with the localizing constraints
based on the above polynomials produces other hierarchies different from &P, The
resulting hierarchies are incomparable in that there are examples for each case where
each one provides better bounds than the others. We give a more detailed explanation
of this in Section 7.4.

7.1.1. SEP membership tests. Since SEP,, is a n’-dimensional cone, by
Carathéodory’s theorem we have rankeep(p) < n*. Similarly, rankge,(p) < rank(p)?
holds. Hence, we have the following necessary condition on any separable state
p € SEP,:

ranksep(p) < rank(p)? < n*.
Using this necessary condition, we can conclude that p € H* @ H™ \ SEP,, if, for some
integer 2 < t € N, one would have &"(p) > rank(p)?. Thus, we have a tractable test
for non-membership in SEP,,. As we now show, the reverse implication also holds.

LEMMA 7.5. Let p € H" ® H". Then, we have
p € SEP, — &P (p) < rank(p)? for all t > 2.

PROOF. (=) It is clear that & (p) < rankeep(p) < rank(p)? when p € SEP,,.
(<) Conversely, assume &P (p) < rank(p)? for all integers ¢t > 2. Then, using
Lemma 3.1, one can conclude the existence of a linear functional L € C[x,y,X,y|*
feasible for &3P(p), so that &3P (p) < L(1) < oo. Then, by Lemma 7.4, we have

Tsep(p) < 00, which shows p is separable. O
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Alternatively, one can substitute rank(p)? with any other valid upper bound on
rankee,(p). Consider, for example, the birank of p, which is defined as the pair
(rank(p), rank(pT®)). Here, -T2 denotes the operation of taking the partial trans-
pose on the second register, i.e.,

AuB | - | A B AnBT || Ay, BT
AeB=| & |~ | ¢ | @AeB=| 1 |
AnlB o AnnB AnlBT o AnnBT

Since rankgep (p) = ranksep (p?%), we have

max {rank(p), rank(p’?)} < ranke,(p) < (min {rank(p), rank(pTB)})Q. (7.17)

Yet another necessary condition for separability is the positive partial transpose
(PPT) criterion, which states that if p € C"* @ C"2 is PSD, then so is p”2. The PPT
criterion was introduced in [130, 86]. While it was shown to be sufficient to ensure
the separability of bipartite states p € C? @ C3 [167], it is, in general, not sufficient
for the separability of states acting on larger dimensional spaces (see, e.g., [87, 167]).
It has been shown that no semidefinite representation exists for SEP,, when n > 3
[64]. The PPT criterion is an easy necessary condition to consider before resorting
to more involved membership tests. In the latter half of [81], the PPT criterion is
examined from the perspective of the moment method.

We will use these results in Section 7.4 to determine how well our hierarchy can
detect known entangled states from the literature.

7.2. Block-diagonal reduction for the parameter & (p)

Observe that only monomials of the form x*X y?y? | with la = ||, |18 = 151,
occur in the program (7.11) defining & (p). As such, we will try to remove the
monomials that do not satisfy this property to create a more economical program
than (7.11) with equally strong bounds.

In Lemma 7.6 below, we show that we may restrict the optimization in (7.11) to
linear functionals L that satisfy the condition

Lx%yP5%) = 0 if |a| # |o/] or |8] # |5 (7.18)
In particular, (7.18) implies that L(x*X* y#y?") = 0 if either |a+c/| or |3+/] is odd.

The primary advantage of using only functionals that satisfies (7.18) is that the
associated moment matrix and localizing matrices become block-diagonal. By only
having to check PSDness on the diagonal blocks (and not the whole) of the matrix, the
associated SDP requires fewer computational resources, thereby leading to possibly
faster computations and access to higher levels of the hierarchy. To see this, consider
first the matrix L([x,y,X,¥]:[X,y,X,¥];), which is indexed by the set

I' = {(a,d,3,8) € (N")* s a+ B+ o + 5| < t}. (7.19)
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Here, the tuple (a,a’,3,8’) corresponds to the monomial x°%” yAyP" . One can
partition the index set as follows:

l J TS’

r,s=—1t
using the sets
I o= {(,d,B,8) el s |a| = || =r, |B| = || = s} (r,s € [t,1]).  (7.20)
With respect to this partition of its index set, the matrix M;(L) is block-diagonal,

and thus M,;(L) = 0 if and only if its principal submatrices M;(L)[I} ] indexed by
the sets Iﬁs are positive semidefinite, i.e.,

M(L) = 0 <~ Mt(L)[Iﬁys] =0 (r,s € [—t,1]).

The same reasoning applies to each localizing moment matrices in (7.11a) and (7.11b)
(indexed by I*71), and similarly to L((p — xx* @ yy*) @ [X,¥, X, ¥]i—2[X, ¥, X, ¥]i_2)
n (7.11c) (indexed by I*=2).

LEMMA 7.6. Adding the constraint (7.18) to the definition (7.11) of the parameter
&P does not change the optimal value.

PRrROOF. It suffices to show that for any L feasible for &P (p), we can construct

another feasible solution L with the same objective value as L and satisfying (7.18).
Begin by defining
Lxox'yo5") = { Lxxy?y") it |a| = |o| and 8] = |8,

21
0 otherwise. (7.21)

Then, by construction, L satisfies (7.18) and L(1) = L(1). We now show that L is
feasible for the program (7.11). Clearly, we have L(xx* @ yy*) = p.

(Mt( L) = 0) The matrix M;(L) is block-diagonal with respect to the partition
Iy = U} ol of its index set I*. The principal submatrix M;(L)[I} ] of M;(L)

corresponds exactly to the Iﬁ’s—block of Mt(f/) because the monomials involved are of
the form

r,5=0

X% y'y? with |y| = |7/| and |8] = |&']. (7.22)
Hence, because M;(L) = 0, it follows that M,;(L)[I} ] = 0 (r,s € [~t,t]) and thus
My(L) = 0.

(M;_q, (gz) = 0) The preceding argument hold mutatis mutandis for showing
that M;_q4, (gf) = 0for g e S: {\/ij %5, \/m Yiy, 11 € [n]} The
diference now is that we adjust the index set I'~1 = UT L, I3t to account for
the degree of g. This works because the polynomials in S have the property that the
terms have the same degree in x as they do in X (resp., y as they do in ¥), namely
cither 0 or 1. Hence, if a monomial x'X" y°y° is of the form (7.22), then the terms
of x7X" yoy?’ - g9(x,X,y,y) will also be of the form (7.22).

(My_o(p —xx* @ yy* ® L) = 0) The analogous reasoning applies to showing that
M;_o(p — xx* @ yy* ® L) = 0. Now, we use the modified index set [n]? x I;_5 and
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its partition
t—2
P x L= | () > [J2).
r,s=—t+2

Then, M;_»(G, ® E) is block-diagonal with respect to this partition, with each block
corresponding to a principal submatrix of M;_»(G, ® L). Hence, M;_»(G, ® L) = 0.

Thus, L is feasible for the program (7.11), with L(1) = L(1). O

EXAMPLE 7.7. A Block-diagonal reduction example. To illustrate the effect
of the block-diagonalization, we consider an example with p € H3 @ H? ~ HY (i.e.,
n = 3) and the bound & (p) at level t = 3.

In Table 1, we indicate the respective sizes of the matrices involved in the pro-
gram for £ (p) with and without block-diagonalization. There, ‘# entries’ stands
for >, m?2, where m; are the sizes of the matrices involved in the program, and ‘#
variables’ indicates the total number of variables in each case. The last line indi-
cates the typical run time for such an instance, we collect the computational details
later in Section 7.4. The un-block-diagonalized program cannot be solved; thus, block-
diagonalization is crucial to enable computation.

For the next case n =4 (i.e., p € H* @ H*), one can compute the bound at level
t =2 but not at level t = 3, even after block-diagonalization.

TABLE 1. Matrix sizes block-diagonalized vs. not.

‘ Matrix ‘ block-diagonalized ‘ not ‘
Ms(L) 25 x (12 x 12 to 96 x 96) 455 x 455
Ms(gL) 78 x (6 x 6 to 38 x 38) 6 x (91 x 91)

M (G,® L) | 5x(36x36 to 108 x 108) 234 x 234
# entries 110480 286624

# variables 6952 18564
run time 4.6 min memory error

REMARK 7.8. As observed above, using the block-diagonalized version of the pro-
gram for &P is crucial to be able to compute the bounds for some larger matriz
sizes. We note, however, that the optimal solution to this program will not satisfy the

flatness condition
rank My (L) =rank M;_1(L) (t = 2,3).

Indeed, one can check that this flatness condition can hold only in the trivial case
p = 0. Intuitively this can be (roughly) explained by noting that, due to its symmetric
structure, L tends to lie within the interior of the feasible region. Hence our approach,
which produces lower bounds on rankeep(p), can be viewed as being complementary
to the approach in, e.g., [57, 113, 128], which uses flatness to produce separable
decompositions of p and thus upper bounds on rankee,(p).
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7.3. Extensions to other matrix factorizations

Using separable factorization as a basis, we explore three other factorizations.
The approach we have described thus far (and in Section 3.1) generalizes straightfor-
wardly to these three new settings.

First, however, we would like to state that we have assumed the bipartite states
are symmetric in the sense that

peC" ®Cm,

with ny = ns. This was done to not unnecessarily complicate the notation and
exposition in Section 7.1, but the treatment clearly applies to the general case with
n1 # ny. We now break from this convention and will shortly see an example where

ny # na.

Multipartite quantum states. As opposed to bipartite states, we consider m-
partite quantum states. Here, p € C" @ C" ® - - - ®@ C" | and separability means that
p belongs to the cone

cone{xM (xM)* @ ... @ xM (xM)*:x; e C™ ... x, € C™ x| =1 (i € [m])}.

All the previous results of Section 7.1 have analogous results for this setting, with
provisions made for the new variables. Practical computations in this setting become
much harder because the matrices p are much larger than their bipartite counterparts.

Mixed (bipartite) states. In this setting, we consider factorization into mized
states as opposed to pure states, i.e., factorization of the form p = Zée[r] Ay ® By
with Ay, B, € H'}. Then, the mived separable rank of p is defined as

rankpixsep(p) 1= min {r eEN:p= Z Ap® By; Ay, By € Hi}
Le(r]

This notion has been considered, e.g., in [46, 47, 57] and mixed separable decompo-
sitions are called S-decompositions in [128] (which deals with real states).

To define bounds on the mixed separable rank, one can follow the same approach
as in Section 7.1, but with more variables. Indeed, we now need variables x =
(wij)1<i<j<n and y = (¥ij)i1<i<j<n to model the entries of the matrices A, € H"
and By € H'}, while we previously only needed variables (x;);ci,) and (¥:)ie[n) to
model the vectors a; € C™ and b, € C". Additionally, the corresponding Hermitian
matrices X = (z;5)';,—; and Y = (y;;)}';—; are taken to be positive semidefinite.
One may again scale the variables so that they satisfy a boundedness condition such
as |24, |¥ij| < \/Pmax. This enables one to design hierarchies of lower bounds that
converge to the mixed separable analog of the parameter 7yp(p). The details are
analogous and thus omitted.

Specialization to bipartite real states. Here, we are given a real symmetric
bipartite state p € §" ® S™, where S8™ is the set of real symmetric n x n matrices.
The state p is called real separable if it admits a decomposition like (7.2) with all vec-
tors ag, by € R™ real-valued. The smallest r for which such a decomposition exists is
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called the real separable rank, denoted rankﬂip(p). Note that a real state can be sepa-
rable but not real separable; this is the case for the state Sep3 discussed in Section 7.4.

R
Tsep

Analogously to the complex case, one can define a parameter (p) and a hier-

archy &P (p) (t € {2,3,....,00}) of bounds. The result of Lemma 7.4 has an analog

for these real parameters. In particular, we again have
< ,]R < ,]R sep,
& (p) <GP (p) <o <P (p)

lim &% (p) = &P (p) = 75, ().

The most significant difference is that we now replace the complex conjugate with
the real transpose operation and work with linear functionals L acting on the real

polynomial space R[x,y]a:. So the parameter £ reads

SPR(p) == inf {L(1) | L: RIx,¥l3,,

Lxx"@yy") =p,

L([x, y]:[x,y]{) = 0, (7.23a)
L((V/Prmax — 2%, ¥)i-1b, ¥IF 1) = 0 (i € [n]),  (7.23b)
L((\/Pmax — 92 ¥l byl ) = 0 (i€ [n]),  (7.:230)
L((p—xx" @yy") @ [xylialxylig) = 0f. (7.230)

By removing the complex conjugates, we end up with much smaller matrices in the
SDP. Moreover, we can also apply a variant of block-diagonalization to reduce the
involved matrices’ size further.

Real block-diagonalization. Since the terms of the polynomials involved in the
constraints of the above program have even degree in x (resp., y), we may assume
that the variable L satisfies the condition

L(x%y?) =0 if |a| or |8] is odd. (7.24)

This is the real analog of the complex case’s condition (7.18). By adding the condition
(7.24) to (7.23) we can replace the PSD constraint matrices in (7.23) with block-
diagonal matrices. The key to this insight (similar to what was done in Section 7.2)
is that one can take the index set of M;(L) = L([x,y]¢[x,y]¢)T in (7.23a)

I' = {(a, ) € (N")? : o+ B| <t}
and partition it by the sets
I'= U Iy Iy ={(a,) € I' : o] = a, || = b modulo 2}.
a,bef{0,1}

Using this partition, the matrix M;(L) becomes block-diagonal with only the prin-
cipal submatrices M;(L)[I} ;] (a,b € {0,1}) being nonzero. Thus, M;(L) > 0 if and
only if My(L)[I} ;] = 0 (a,b € {0,1}).

A mutatis mutandis argument will work for showing block-diagonalization for the
matrices in (7.23b) and (7.23c) using the index set I*~1 = U, pe(0,131.". Similarly,
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we can block-diagonalize the matrix in (7.23d) using the following partition of its
index set: [n?] x I'™2 = U, e 0.1y ([n?] x I'72).

7.4. Numerical results and examples

We now illustrate the behavior of the bounds &P (p) and £ (p) for different
choices of localizing constraints, at levels ¢ = 2, 3,4, respectively; see Tables 2, 3,
and 4.

Computations were made in Windows using Julia [20], JuMP [59], and MOSEK
[5] with hardware specifications: i7-8750 CPU with 32 Gb Memory. !

Examples of states p from the literature. For our examples, we will use
the separable states Sepl, Sep2, Sep3, and the entangled state Entl that we describe
now. For numerical stability, we do the computations with a scaling of these states
so that they have trace equal to 1. We present the examples in matrix form with
lines drawn to indicate the block structure p = ((pijai'j')j,j’e[dQ])z‘,i'e[dl]' Zero-valued
entries are left blank for easier viewing.

1
Sepl := ; Sep2 =
1
M1 1 17
4 2 .\ 1 .
4 2 2 —2
_ 2
Sep3 := 2 2 L ! ;Entl = | 1 1 1
1 2 1 -1 9 1
1] 1 5 1 1 5
P 11 2 .
1 2
1 1 1]

The separable states Sepl, Sep2, and Sep3 were previously studied for example in
[31]. The entangled state Entl was constructed by Choi in [35] as the first example
in dimension (n1,n2) = (3, 3) of an entangled state p that satisfies the PPT condition
(Section 7.1.1).

In addition, we revisit four examples taken from [57]. They include three separa-
ble states, named here Sep4, Sepb and Sep6, corresponding to Examples 3.8, 3.10 and
3.11 in [57], and one entangled state, named here Ent2, corresponding to Example
3.9 in [57].

!The code is available at: https://github.com/JAndriesJ/sep-rank
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Different SEP factor scalings. In Section 7.1 we provided three different
choices of localizing constraints in (7.9), (7.15) and (7.14), that we denote here as S1,
S2 and S3, respectively.

The examples show that the different choices lead to incomparable bounds. Let
us use the notation S1 < S2 as short hand for “there exists a p such that & (using
scaling S1) < &P (using scaling S2)”. Then, at level ¢t = 2, the state Sepl demon-
strates both S3 < S1 and S2 < S1, and, at level ¢t = 3, Sep2 demonstrates both
S2 < S3 and S1 < S3 and Sep3 demonstrates both S1 < S2 and S3 < S2. A case
where the various constraints differ in ability to detect entanglement is provided by
the state Entl at level £ = 2. On the other hand, for the state Ent2, all three scalings
detect entanglement at level ¢ = 2. Thus we have detection at the same level as for
the approach followed in [57].

In addition, we show in Figure 1 a scatter plot of the bound &7 (p) vs. its com-
putation time in seconds for 100 random complex matrices p grouped and colored by

the respective scalings S1, S2 and S3. These matrices are defined by
5
p= Za(j)(a(j))* ® bW (bW)",
j=1

where at), bl9) € C3 are random vectors whose entries are of the form x + v/—1y,
with x,y € N(0,1), i.e., the entries of x (resp., y) are sampled from the Gaussian
distribution with mean 0 and variance 1. We also normalize the trace here for nu-
merical stability. This construction guarantees separability and provides the upper
bound rankse,(p) < 5. Such states also satisfy the reverse inequality rankge,(p) > 5
almost surely since rank(p) = 5 almost surely. We use this class of examples merely
to test the quality of the bounds.

From the figure, we can draw the following observations: First, the bounds are
concentrated around the means 2.7, 3.4, and 3.3 for the scalings S1, S2, and S3,
respectively. Second, in this class of examples, the S1 rescaling yields inferior bounds
compared to S2 and S3. Third, out of the hundred examples and for the three different
scalings considered, no bound exceeded the value 4.

Separable but not real separable states. As mentioned in Section 7.3, there
exist real states p € S™ ® 8™ that are separable but do not admit a decomposition
using real vectors ay, by € R”.

Our bound &™* provides a proof of the latter for the state Sep3: its real sep-
arable rank is infinity since our lower bound is infeasible (i.e., there exists a dual
certificate that proves ranklfcp(Sep?)) = 00).

Finally, we note that one sometimes needs to go beyond level ¢ = 2 (and thus
beyond the PPT criterion) to reveal entanglement: with the localizing constraints S3,
the bound for Entl is feasible at ¢ = 2, but infeasible at ¢ = 3. Going to a higher
level naturally increases the size of the SDP. For the examples Sep3, Sep4, Sep6, and
Ent1, this prevented us from computing level ¢ = 4.
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FIGURE 1. Scatter plot of & (p) vs computation time (sec.)
for 100 random matrices, grouped and colored by rescalings S1,
52 and S3.
TABLE 2. Examples and numerical bounds level ¢t = 2
‘ P (n17n2) bi-r ‘ ;ep(p) g;ep,]R(p) Tsep ‘ time ‘
S1 S2  S3 S1 S2 S3
Sepl[31] (2,2) (22)] 20 1.0 10 | 2.0 1.0 10 | 2 | <1
Sep2[31]  (2,2) (3,3)|1.421 1.0 1.0 |1421 10 10 | 3 | <1
Sep3[31]  (2,3) (4,6)[1.333 1.0 1.0 * * * 6 | <1
Sepd[57]  (33) (22)| 1.0 1.0 1.0 | 1.0 1953 10 | 2 | <1
Sep5[57]  (2,2) (44)]1.069 1.0 10 |N/A N/A N/A |<7| <1
Sep6[57]  (3,3) (7,7)]1.053 1.0 1.0 |N/A N/A N/A|[<9| <1
Ent1[35] (3,3)  (4,4) | 2.069 1525 | 2.060 *  1525| oo | <1
Ent2[57] (2,2) (24)] * * * N/A N/A N/A| < | <1

Run time given in secon

bi-r : birank(p)

Tsep © Tanksep(p)

=

S

* : Infeasibility certificate returned

- : Solver could not reach a conclusion (not a memory error)
N/A : Not Applicable
We indicate using boldface when a bound (after rounding up) equals the separable rank
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TABLE 3. Examples and numerical bounds level t = 3
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’ p  (n1,n2) bir ‘ 3 P(p) PR (p) Tsep ‘ time ‘
S1 S2 S3 S1 S2 S3
Sepl  (2,2) (2.2)| 2.0 2.0 20 | 20 20 20 | 2 | <1
Sep2  (2,2)  (3,3)] 1.909 2.0 2.178 | 1.909 2.0 2.178| 3 | 2
Sep3  (2,3)  (46) | 2423 3.0 2790 | * * * 6 | 25
Sepd  (3.3) (2,2)|1.652 2.0 - |1.65 2.0 10 | 2 | 261
Seps  (22)  (4,4) | 1.988 2.048 2.079 | NJA N/A N/A | <7| 4
Sep6  (3.3) (7.7) | 2715 3326 - | N/A N/A N/A | <9 290
Entl  (3,3) (44)| - ] * - * * | oo | 67
TABLE 4. Examples and numerical bounds level t = 4
’ p  (ni,m2) bir ‘ P (p) &P (p) T'sep ‘ time ‘
S1 S2 S3 | S1 S2 S3

Sepl (2,2) (2,2) | 2.0 2.0 20| 2.0 2.0 2.0 2 105

Sep2  (22) (3.3)]3.0 3.0 3.0/ 3.0 3.0 3.0 | 3 | 332

Sep5  (2,2)  (44) | 40 40 40 |N/A N/A N/A | <7 161




Discussion

A link between completely positive and nonnegative rank. For a matrix
M e R}*™ its nonnegative rank can be seen as

X M

rank (M) = min {rankcp <MT v

) (X es", vesm)
Hence, nonnegative rank can be recast as a (completely positive) matrix completion
problem. However, this line of attack does not appear to contribute much.

Non-commutative matrix ranks. We have explored applications of the mo-
ment method to nonnegative and completely positive matrix factorization ranks. In
Section 7.3, we discussed the mixed-separable rank and, in so doing, hinted at a
generalization to noncommutative ranks.

The non-commutative analogs of CP rank and NN rank, namely the positive
semidefinite (PSD) rank and the completely positive semidefinite (CPSD) rank, in-
troduced in Section 4.5, can be attacked using similar techniques to what we have
discussed thus far, as was done in [80].

In the noncommutative setting of the PSD rank, if the matrix M has a PSD
factorization

M; ; = (A;, Bj), fori € [n] and j € [m],
for some Ay, ..., Ay, By, ..., By, € ST, then the zero entries of M also imply ideal-type
constraints of the form A;B; = 0. Thus the techniques of ideal sparsity may extend
to this general setting. We leave this extension to future work.

Tensor ranks. Hierarchies of moment-based relaxations have also been employed
to obtain sequences of bounds for the rank of tensors [153], as well as for the symmet-
ric nuclear norm of tensors [127]. We hope that our exposition on the separable rank
and its generalizations in Section 7.3 gave the reader an inkling of what is possible
with the moment approach.

Disadvantages of atom extraction in the ideal-sparse setting. On the
surface, it may seem less likely that each of the p-many moment matrices satisfies the
flatness condition (3.18) simultaneously than simply requiring that flatness holds on
the single dense moment matrix. This was not an issue in most of our computations
(recall Table 3)). However, we have no proper motivation for why this would hold in
general GMPs.

Because atom extraction is carried out independently on each linear functional
Ly, it is possible for one to end up with multiples of the same atom across different
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Ly’s. Indeed, suppose that x’ is an atom with support contained in both Vj, and Vj,,
then it is possible that the atom extraction process of Section 3.2.2 would produce x’
for both Ly, and Ly,. This may seem relatively rare, but it has been observed in our
computations of Table 3.

Advantages of atom extraction in the ideal-sparse setting. The atoms
one attains are sparse by construction. This is clear when one recalls that an atom x’ of
Ly, must have support contained in Vi, i.e. x; = 0 for all ¢ ¢ V},. The atoms recovered
via the dense GMP formulation tend to have small non-zero entries, culminating in
inaccurate factorization. Even if one tries to clean up the factors with rounding, the
approximations are still poorer than their sparse counterpart.

Because each moment matrix L ([x(Vi)]s, [x(Vi)]L) can be handled indepen-
dently of each other, the process is well suited for parallel computing. Though, atom
extraction is seldom the computational bottleneck in solving GMPs.

More general ideal sparsity and applications. We have considered an
ideal sparsity structure, where the ideal in (2.8) is generated by monomials. Beside
their use for bounding matrix factorization ranks, constraints of the form z;z; = 0
naturally arise in a number of other applications. First, we note that up to a change of
variables, one can consider more general constraints of the form (a " z+b)(c" z+d) = 0.
This type of constraint is commonly referred to as a complementarity constraint, where
either the term (a'x + b) or the term (c¢'x + d) is required to be zero. We mention
two areas where such complementary constraints naturally arise: analysis of neural
networks and optimality conditions in optimization.

Complementarity constraints arise naturally when modeling neural networks with
the rectified linear activation functions (ReLU). The semialgebraic representation of
the graph of the ReLU function involves a constraint of the form y(y — z) = 0, which
is exactly a complementarity constraint. The fact that the graph of the ReLU func-
tion admits a semialgebraic representation has been exploited computationally using
the moment-sum-of-squares framework for analyzing the Lipschitz constant of the
neural network as well as stability and performance properties of dynamical systems
controlled by the ReLU neural networks, see, e.g., [33, 34, 98]. Ideal sparsity is,
therefore, a natural candidate to render these methods more computationally efficient
and would deserve further study.

Complementarity systems also arise in optimization within the Karush-Kuhn-
Tucker (KKT) conditions. The complementarity slackness of the KKT condition
reads \; f;(z) = 0, where )\; is the Lagrange multiplier associated to the i*" constraint
fi(xz) < 0. If f; is affine, this is in the form of ideal constraints. The KKT conditions
form a basic semialgebraic set when the optimization problem has polynomial data was
exploited in [99] to analyze dynamical systems controlled by optimization algorithms,
albeit without exploiting the ideal sparsity. More generally, the ideal sparsity could
be used to analyze the linear complementarity problems (LCP) that have applications
in, e.g., economics, engineering, or game theory; see [37] for an extensive treatment
of the subject.



Part 3

Convex scalarizations in portfolio
selection



In Chapter 8, we give some background on the portfolio optimization problem
in finance. In particular, we introduce the Markowitz model and several extensions:
higher-order moments, shorting and leverage, and sparse portfolios. This leads to the
mean-variance-skewness-kurtosis (MVSK) problem with possible sparse variants. We
also introduce some general theory concerning multi-objective optimization problems.
There, we discuss the link between multi-objective problems and their scalarizations.

In Chapter 9, we mathematically formalize the MVSK problem as a multi-objective
optimization problem. We attack the MVSK problem via linear scalarization. We
characterize sufficient conditions on the scalarizing hyper-parameter defining the scalar-
ization to result in a convex optimization problem. We show that a large class of
scalarizations results in convex (single-objective) optimization problems, which are
amenable to first-order optimization methods. Analogous results are shown for a
sparse variant of the MVSK problem. Hence, we partially recover the Pareto set of
MVSK by solving different scalarized MVSK problems.

In Chapter 10, we collect our numerical experiments and methodology support-
ing the theory built in Chapter 9. To solve the scalarized MVSK problems, we use
the well-known optimization algorithm fast iterative shrinkage-thresholding algorithm
(FISTA) (Section 10.1). We visualize and compare the resulting approximate Pareto
sets for various domains (simplex and cube) with and without sparsity. We observe
that there are some points that provide a better trade-off among the four objectives.
We call such points solutions of superior trade-off. They are described and visualized
in Section 10.2.

This part of the thesis is based on the work in [150].



CHAPTER 8

The portfolio selection problem

8.1. Background

In finance, the portfolio selection problem is the task of selecting a subset of as-
sets (called a portfolio) from a pool of available assets in such a way as to maximize
the appreciation of the selection’s value while minimizing the risk of losing the initial
capital investment, see [19]. In 1952, Markowitz [118] created the first mathematical
formulation of this problem. Since then, models have evolved into various directions,
each trying to capture some aspect of the practical problem, e.g., transaction cost
[112, 121], non-Gaussian data [149, 141, 152], short selling and leveraging [119].
Regardless of the model used, the resulting problem should not be so difficult that
available computers cannot solve it (at least approximately) in a reasonable time. To
deal with computational difficulties, new techniques have been developed, in particu-
lar, in [103, 117, 121].

The Markowitz model. Markowitz modeled a portfolio’s profitability by the
mean returns and its risk by using the variance as a proxy. The model can be seen
as a bi-objective optimization problem

max w? M
min w! Vw (8.1)
s.t.w e A",

where A" is the standard simplex, V' € S is a covariance matrix, and M € R" is the
vector of means. Here, n denotes the number of assets that are available for selection
and, for each i € [n], w; denotes the weight of the i*! asset in the portfolio w. The
values of M and V are known or computed from some available data. Problem (8.1)
can be converted into a single-objective optimization problem of the form:

min (1 — Nw? Vw — ™ M

8.2
s.t. w e A", (82)

for some hyper-parameter A € [0, 1] modelling the investors risk tolerance. Hence, the
two conflicting objectives, maximizing the mean returns w” M and minimizing the
variance w’ Vw, are pitted linearly against each other.

Ezxtending to higher-order moments. Problem (8.1) is often called the mean-
variance model, as it only uses the means (i.e., M € R") and the variance (i.e.,
V € 87V) in its description. In statistics, the mean and variance are the data’s first
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and second moments. Vastly different distributions can have identical means and
variances. Hence, by only using these moments, the model implicitly assumes that
higher-order moments like skewness and kurtosis are not important. This assump-
tion is financially hazardous if the market data is not Gaussian distributed, which
has been shown to be the case in practice; see [141, 149]. The danger comes from
underestimating the frequency of extreme events, like rare but significant losses. We
mention two ways of addressing the problem.

The first way is to combine or reject the covariance-based risk model in favor of
other methodologies like mutual information or entropy-based risk, thereby removing
the Gaussian assumption, see, e.g., [79, 152]. We also class asymmetric risk models
like Value at Risk (VaR) in this category, see, e.g., [38].

The second approach extends the model to include higher-order statistical mo-
ments, allowing for more varied data distributions. Publications that propose extend-
ing the model to include higher-order moments like skewness and kurtosis include
[101, 174, 120, 95, 147, 117, 92].

Skewness, the third data moment, represents the asymmetric characteristics of
a distribution. One can think of a distribution leaning in a particular direction, the
skewness quantifying the direction and intensity of the leaning, see Figure 1.

Mean
Median Median Median
Mode
Mode 1= Mean 1 Mean- Mode
: |
| |
I |
' |
| |
I |
I |
Positive Symmetrical Negative
Skew Distribution Skew

FIGUuRE 1. Diagram of the probability density function of a
Gaussian with skewness, taken from [56].

Kurtosis, the fourth data moment, is similar to variance in that larger values
correspond to a sharper peak and fatter tails, i.e., more extreme returns on either
side of the mean, compared with the normal distribution, see Figure 2.

Most investors would prefer a large positive skewness and a small kurtosis if given
a choice. Adding these new terms improves the model’s expressiveness at the cost of
adding more complexity. Skewness, in particular, is likely non-convex (more on this
in Section 9.1).

The extended model (now including skewness and kurtosis) is called the mean-
variance-skewness-kurtosis (MVSK) problem. It is a multi-objective optimization
problem (MOOP) with the first four moment functions as objectives, see (9.2) and
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Positive kurtosis Negative kurtosis
(leptokurtic) (platykurtic)

Fi1GURE 2. Diagram of distributions with positive and negative
kurtosis compared to the normal distribution (dashed line),
taken from [48].

(9.3) in Section 9.1 for the formal definitions. Finding solutions for the MVSK will
be our primary task.

Leverage and shorting. We consider the option to hold shorted and leveraged
positions; this means that the portfolio can consist of borrowed assets.

In brief, short selling (or “holding a shorted position”) is an investment strategy
where one borrows an asset, speculating that the asset will soon appreciate in value.
One then sells the asset before it depreciates and repurchases it for a profit after it has
depreciated. The repurchased asset and a premium are then returned to the original
owner. Mathematically, negative portfolio weights can model this.

Leverage is an investment strategy that uses credit to bolster assets, magnifying
potential profits and losses. Mathematically this means that the portfolio weights can
sum up to more than one, i.e., we no longer optimize over the simplex but rather over
a bounded cube.

For our intents and purposes, shorting and leverage are expressed in the feasible
regions of the optimization problems we consider (see the beginning of Section 9.1).
We contribute little to the topic in this regard other than showing the compatibility
of our approach to both these settings. For a general overview of financial terms, we
refer the reader to any standard text like [119].

Sparse portfolios via cardinality constraints. A portfoliow € R™ is sparse
if it supports fewer assets than the selection pool allows, i.e., if [{i € [n] : w; # 0}] < n.
Given two equally well-performing portfolios, one often prefers the sparser portfolio
to dense portfolios (where all weights are non-zero) because having fewer assets to
manage leads to fewer transaction costs [19].

Transaction costs (fees paid to brokers to purchase and sell assets) often under-
mine the profitability of portfolios. Investors manage these costs in one of two ways.
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First, explicitly modeling the cost as a type of penalty in the objective, i.e., as a
quantity to be minimized; see, for example, [112].

Second, by imposing cardinality constraints, i.e., requiring that any solution has
support of some bounded size. This adds to the difficulty of optimizing the portfolio,
as cardinality constraints are often combinatorial. Authors like [121] have attacked
such problems using penalized alternating direction methods. These methods break
the problem at the constraints into two coupled sub-problems, each capturing a differ-
ent half of the original problem. For example, the domain constraints (e.g., solutions
must belong to the simplex) and the support constraint (e.g., the solution support
may not exceed some fixed k € N) could be separated into respective sub-problems. It-
eratively solving and alternating between these sub-problems, one obtains a sequence
of solutions that, under convexity conditions, converge to a globally optimal solution.

Our work is also in the spirit of cardinality restriction. We consider sparse vari-
ants of MVSK in Section 9.1. We show that in our setting, one often attains sparse
solutions by projecting onto the simplex as part of using projected gradient descent to
compute an optimum (see Section 10.1). Suppose our projection approach fails (i.e.,
the solution is not sparse enough). In that case, we impose the support restriction
by “splitting” the domain and using a heuristic (based on the solution of the original
problem) to search over the resulting parts (see Section 10.1.1).

A disclaimer on variance-based models for portfolio selection. The
saying “all models are wrong, but some are useful” is worth repeating in this section.
We would like to explicitly state that this part of the thesis is not intended to advocate
the use of the MVSK model in portfolio selection, as this would fall in the domain of
economics. Our core message is that if one is interested in the MVSK model, then the
problem has convexity properties that are, to the best of our knowledge, untapped.

8.2. Multi-objective optimization problems

In addition to inheriting the difficulties of single-objective optimization problems,
multi-objective optimization problems (MOOPs) have new challenges to address, see,
e.g., [61] for background. Consider the general MOOP:

min f(2) := (fi(2), fo(), .., f(2)) (8.3)
st. e X,

where fi, fa2, ..., fp are some scalar-valued functions defined on R”, and X C R".

How one defines optimality is the first change from single to multiple objectives.
Real numbers are well ordered by <, and as such, it is clear when one solution gives
a better objective value than another. In contradistinction, the values of MOOPs
are real-valued vectors, and thus they are only partially ordered by <, applied entry-
wise between two vectors (of equal size). Optimal solutions to MOOPs are hence
only optimal in the sense of not being strictly worse than any other solution vector.
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Formally we define a partial order on vectors v, w € RP:
v>w = v >w; (i €p]),
vZw = vFw v >w (i€ p]), (8.4)
v>w = v >w; (1€ [p]).

A point & € X is said to be Pareto optimal for (8.3) if there exists no y € X such
that

f(@) = (fr(@), f2(2), s o)) 2 (F1(0): f2(y), - Fo () = f(y)- (8.5)

Similarly, a point € X is said to be locally Pareto optimal for (8.3) if it is Pareto
optimal in some open neighborhood of x. The Pareto front of (8.3) is defined as the
set of all Pareto optimal solutions of (8.3). The following is a well-known fact.

LEMMA 8.1. Consider the MOOP (8.3), and assume that the objectives fi, fa, ..., fp
are all convex functions and that the domain X is a convex set. Then, any local Pareto
optimal point x of (8.3) is also (globally) Pareto optimal.

PROOF. Suppose by way of contradiction that x is not globally Pareto optimal
and let y € X be a point such that f(y) S f(z). Take any ¢ € (0,1) and observe that
via convexity we have

fly+ 1 =t)z) <tfly) + A =0)f(x) 2 tf(z) + (1 =) f(x) = f(2).

Since this holds for arbitrarily small positive values of ¢, it holds that z* is not locally
Pareto optimal, contradicting our initial assumption. O

Scalarized multi-objective optimization problems. Among the several
approaches to optimizing a MOOP, we will look for optimizers via scalarizations of
the MOOP. Scalarization is a well-known approach that converts a MOOP into a
single objective optimization problem called the scalarized problem. Several authors
have done this for MVSK by encoding some objectives as constraints, see, e.g., [117].
One downside of this approach is that one must make an a priori estimate of these
objectives. Alternatively, one can scalarize by combining the multiple objectives into
a single scalar-valued objective function. We follow this approach. For the MVSK
problem, the literature predominantly considers two scalarizations. The first is the
Minkowski scalarization, as seen in [103, 120, 6]. Here one first computes the optimal
value for each of the objectives independent of the others

7 = min filz) (i€ [p]).

Using these independent optima one constructs, for some positive user-defined hyper-
parameter A\ € RP, the Minkowski distance scalarization is as follows:
. w1 N
min » | fi(e) - £

reX -
i€[p]

(8.6)

We elaborate more on the Minkowski distance scalarization in the discussion at the
end of Part 3.

The second scalarization is simply a linear combination of the objectives with
the linear weights being some choice of hyper-parameter A € R?, see [95, 94]. The
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resulting scalarized optimization problem is hence
in F 8.7
min \(z), (8.7)

where
=Y Aifi(z (8.8)
i€lp]

Note that this scalarization has a linear dependence on hyper-parameters and
is also conceptually simple to interpret. We will be using this linear scalarization
throughout Part 3. Optimizers of the scalarized problem are not guaranteed to be
Pareto optimal for the MOOP, but for neat scalarizations, this is the case. A scalar-
ization is said to be meat if any optimal solution x of the scalarized problem is also a
Pareto optimal solution of the original MOOP.

LEMMA 8.2 (Proposition 3.9 in [61]). If A > 0, then the scalarization (8.7) is
neat, i.e., global optimizers of (8.7) are (global) Pareto optimizers of (8.3).

PROOF. Let 2 € X be an optimal solution of (8.7) and suppose by way of con-
tradiction that z is not Pareto optimal for (8.3), i.e., there exists a y € X such that

f(x) z f(y). Then
D OAifi@) > Nifily

i€lp] i€[p]
because A; > 0 for all ¢ € [p]. Hence, this contradicts the fact that = optimizes
(8.7). O

Consider now the case when the feasible set is defined as
X :={zeR":g;(x) 20, j € lq]}, (8.9)
for some functions g1, g2, ..., gg : R = R. Let J(z) = {j € [q] : g;(z) = 0} denote the
index set of active constraints at 2. The following result holds for the MOOP (8.3).

THEOREM 8.3 (Theorem 3.25 in [61]). Let X be the set defined in (8.9). Let
fis fas s fps 91,5 92, -, gq be scalar-valued functions that are continuously differentiable
at x* € X. Assume that x* is a Pareto optimal point of (8.3) and that there is no
vector v € R™ such that

(Vfi(z"),v) <0 for alli € [p], (8.10a)
(Vfe(z"),v) <0 for some k € [p], (8.10b)
(Vgj(z™),v) <0 for all j € J(z"). (8.10¢)

Then, there exist vectors A € AP and n € RY such that A > 0, n > 0, and

STV + > 0 Vgi(a) =0,

i€(p] Jj€ld]
D> migi(a") =
J€ld]
Therefore, x* is a KKT point of the followmg scalarization of the problem (8.3):
min  Fy(z Z Aifi(z

ielp] (8.11)
s.t. xeX.



8.2. MULTI-OBJECTIVE OPTIMIZATION PROBLEMS 129

A point 2* € X that is Pareto optimal and does not satisfy the system (8.10) for
any v € R" is also known in the literature as being properly efficient in the Kuhn-
Tucker sense (see Definition 2.49 in [61]).

PrOPOSITION 8.4. Assume the conditions of Theorem 8.8 hold. If, in addition,
X is a convex set and F a convex function, then x* is a global optimizer of (8.11).

PROOF. The claim follows from the fact that any KKT point of a convex problem
must be a global optimizer. O

Let us again consider the scalarized problem (8.7) where Fi(z) = >_;cp Aifi(2)
for some 0 < A € RP. Depending on the functions fi, ..., f,, the hyper-parameter A,
and the domain X, problem (8.7) can still be extremely difficult to solve. However,
in the special case when the objective F)(x) and the domain X are convex (strictly
convex), there are efficient methods to find the (unique) minimizer [15]. Having found
an optimizer to the scalarized problem, Lemma 8.2 relates said optimizer back to a
Pareto point of the MOOP.

The core theme of Part 3 is to partially recover the Pareto set of the MVSK
problem by solving different linear scalarizations of the MVSK problem. In order to
achieve this, we identify classes of hyper-parameters A € A* that ensure the resulting
scalarization F) is convex over the optimization domain (either the standard simplex
or the cube).



CHAPTER 9

The MVSK problem

This chapter gives the mathematical formulation of the MVSK optimization prob-
lem (9.5) starting from a random variable representing asset price (see Section 9.1).
We look at two possible domains of optimization, each motivated by the inclusion or
omission of shorting and leveraging of assets. Using asset price, we define the four
objectives of the MVSK multi-objective optimization problem. Combining the four
objective functions and the chosen feasible region we get the MVSK optimization
problem (9.5). After defining and interpreting the MVSK problem, we look at a pos-
sible sparse variant of the MVSK problem and give two motivations for it.

In Section 9.2, we consider a linear scalarization (9.7) of the multi-objective (9.5)
and analyze the conditions under which the resulting (scalar objective) optimization
problem is convex. Convex optimization problems (having a convex objective function
and convex feasible region) have the useful property that any local optimizer is also
a global optimizer. This is a fact we will make use of in order to recover part of the
Pareto front of problem (9.5). Moreover, convex functions are well-studied; they can
be efficiently optimized if the gradient is known and one can project onto the feasible
region efficiently. See, for example, the standard textbook [24].

9.1. Formulating the MVSK

To distinguish the general results of Chapter 8 from the particular setting of the
MVSK problem, we now change the notation from a general vector x € R™ to a vector
of weights, w € A™ or w € [—1,1]".

The domain of optimization. As a variable, we consider a portfolio, which
consists of a weighted selection of n € N assets, represented by w € R™. At first, we
consider two choices of the domain for portfolios.

We consider the standard simplex, where investors cannot short assets nor take
leveraged positions (recall the definitions in Chapter 8), i.e.,

wGA"::{wG[O,l]": Zwizl}.

Secondly, we consider the cube, where we allow short selling and leverage. We assume
that there is a bound B € R on how leveraged a position can be. Mathematically
we write

we [-B,B]" = {w ER": -B<uw; <B (i€ [n})},

where we set B = 1 for simplicity.
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Later we will look at the sparse variants of these domains.

The objective functions. For asset i € [n] let R; denote the relative return of
asset 1, i.e., ]TZZ is the fractional change in price relative to the initial cost of purchasing
the asset 7. For our intents and purposes, we consider R to be a random variable taking
values in R™. Denote the vector of expected returns by

M :=E[R] = (]E[Ri})ie[n] e R", (9.1)
and define the centralized relative returns as
i€[n]
The expected return of the portfolio w is given by
fi(w) = MTw. (9.2)
For k = 2, 3,4 we can define the functions
k
fi(w) = E[(R,w)"] | (Raw)* i= (RTw)" = (Y Rawi) (9.3)
i€[n]

which relate to the second, third, and fourth moments of R as follows:
fo(w) = wVw, fz(w)=(wew)'Sw, fi(w)=(wow)Kweuw), (9.4)

where V := E[RRT] € R"*" is the covariance matriz, S := E[(R® R)RT] € R""*" is
the skewness matriz, and K := E[(R® R)(R® R)T] € R"*"" is the kurtosis matriz,
all w.r.t. the data R. With slight abuse of terminology, we refer to fo(w) as the vari-
ance of portfolio w, and similarly, f5(w) and f4(w) are called its skewness and kurtosis.

The functions fi, fo, and fy are convexr. We note that fi, fo, and f4 are
convex on R". Indeed, f; is linear and therefore convex. The functions fo and fy4
are convex and nonnegative for all w € R™ because V and K are PSD. To see why
V is PSD observe that V is the expectation of a random variable RRT, taking PSD
matrices as values. Hence, the Hessian of fo, H(f2) = V, is PSD, and thus fy is
convex. Similarly, the Hessian H(f4)(w) of the kurtosis function f; at w can be
written as
H(f1)(w) =12-Ew” (RRT)w - RRT] = 0,

where the PSDness follows from the fact that w? (RRT)w > 0 and RRT = 0 for all
w € R™.

MVSK optimization problem. Using the objective functions defined in (9.2)
and (9.3), and using the simplex as the feasible region, we define the MVSK problem:

max fi(w)

min fo(w)

max f3(w) (9.5)
min  fy(w)

st we A"
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This program can be interpreted as follows: one wishes to maximize returns while
minimizing extreme events like rare but significant losses. In expectation, the “odd”
functions f; and fs correspond to increased returns when positive and losses when
negative. The “even” functions fo and f; describe the spread of returns, with larger
values corresponding to more significant fluctuations at the extremes. Note that vari-
ance and kurtosis are symmetric, which means they treat extreme profits and losses
with equal prejudice.

As discussed in Chapter 8, multi-objective optimization problems have a set of
Pareto optimal points. Since each Pareto optimal point is not strictly worse than any
other Pareto optimal point, it falls to the investor to choose among these solutions.
However, some Pareto solutions provide a better spread among the multiple objectives
of (9.5); more on this in Chapter 10.

A sparse variant of MVSK. A sparse portfolio w is one with many of its
entries w; set to zero. Our general sparse version of the problem (9.5) reads as
follows:

max ()

min  fo(w)

max  f3(w)

min  fq(w) (9.6)
sit. we A"

I_Iwiz()forCEC7
ieC

where C C P([n]). We give two motivations for the above form of sparsity.

Reducing transaction costs and management fees. One of the core ideas
in portfolio selection, diversification, is the principle that buying causally-unrelated
assets will protect the investor from rare but significant losses. The idea is that one
expects the random depreciation of a single asset to be unrelated (or inversely related)
to the value of other assets. Of course, this only holds outside systemic events like
economic crises, see [152]. To get the benefits of diversification, many assets must
often be held in one’s portfolio. This creates a new problem, as larger portfolios lead
to increase management fees and transaction costs when rebalancing (re-optimizing
the portfolio to account for new data). The additional costs will then counteract the
profitability of the portfolio.

We impose an upper bound on the portfolio size to prevent this, i.e., we require
that |supp(w)| < k — 1, where supp(w) := {i € [n] : w; # 0} and k is some integer
such that 1 <k <n. In problem (9.6) we model this by setting

C={CCIn]:|C|=k}.

Accounting for causally linked assets. The second way a portfolio can
become sparse is by disallowing certain asset combinations. When one knows that
two assets are causally linked, the portfolio gains negligible diversification by holding
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both. To factor in this notion of causally linked assets into the above model (9.6), we
set

C={(i,j) 1 #J, | Drr(Ri, Rj)| <7},
for some v > 0, where D, is the Kullback—Leibler divergence, see [139]. Other
notions of mutual information or expert opinion could also be used instead of the
Kullback—Leibler divergence when constructing C.

By adding sparsity, we restrict the optimization domain and obtain a possibly
weaker optimal solution. Indeed, if w is a Pareto optimal solution of the sparse
problem (9.6), it need not be Pareto optimal for the dense problem (9.5).

9.2. Scalarizing the MVSK

In this section, we consider the linear scalarization (9.7) (resp, (9.12)) of problem
(9.5) (resp, (9.6)). The main result is Lemma 9.2 which characterizes sufficient condi-
tions under which the scalarized problem is convex. This result adds value, as many
authors, e.g., [95, 117, 174, 120, 147, 92], studying the MVSK problem assumed
the scalarization (or even just kurtosis alone) to be nonconvex and as such, forgo
applying the powerful techniques of convex optimization.

Our plan now is as follows: Via Lemma 8.2, we can find Pareto optimal solutions
of (9.5) by solving (9.7) for A > 0 such that F) is convex. By doing this for various
appropriate A, we hope to recover part of the Pareto front. Later, we also apply the
same process for A that are neither strictly positive nor resulting in convex Fl, this
still yields a feasible solution of (9.7), but we have no guarantees of it being Pareto
optimal for the multi-objective optimization problem (9.5).

Linear scalarization of MVSK. TFor any choice of A := (Ay, Aa, Az, \g) > 0,
consider the following scalarization of the multi-objective problem (9.5):

Fy:=min F\(w):= =\ fi(w) + Aafa(w) — Az fs(w) + Aafa(w)

st. we A" (9.7)

Since, for any scalar ¢ > 0, we have
argmin, c a» F(w) = argmin,,c an Fea(w),

we can hence, without loss of generality, scale A such that it lies in the simplex A*
because we are only looking for the optimizers of F\ and not an optimal value.

Pareto optimizers of (9.5) and optimizers of (9.7). Via Lemma 8.2, a
local optimizer of (9.7) for A > 0 such that F) is convex is also a Pareto optimizer
of (9.5). However, it is not necessarily true that all Pareto optimizers of (9.5) are
also optimizers for some scalarization of the form (9.7). It is true, though, that each
Pareto optimizer w* of (9.5) satisfying (8.10) corresponds to a Karush-Kuhn-Tucker
(KKT) point of some scalarization with A > 0, as was seen in Theorem 8.3. Applying
Theorem 8.3 to our setting with the simplex domain, we have the following result.

COROLLARY 9.1 (KKT). Let w* be a Pareto optimal point of (9.5) with the
property that there exists no v € R™ satisfying the conditions (8.10a), (8.10b), v; <0



134 9. THE MVSK PROBLEM

for any j € [n]\ supp(w*), and eTv = 0. Then, there exists a positive X € A*, X\ >0,
and n € R* such that:

e 1; =0 if j € supp(w”),

e 1; 20 if j € [n] \ supp(w”), and

o Sl N1V fi(w) + 0 nje; +moe = 0.
That is to say, w* is also a KKT point of (9.7).

We now shift to finding A for which F) is convex over the simplex, the cube, or
the whole space R”.

9.2.1. Convex linear scalarization of MVSK. In general, optimizing a qua-
dratic polynomial over the simplex is already hard. Indeed, recall the Motzkin-Straus
[122] formulation of the stability number a(G) of an undirected graph G as a qua-
dratic optimization problem over the simplex, i.e.,

1 .
Oé(G) TEA™
where A(G) is the adjacency matrix of G. Problem (9.7) has a quartic objective and
is expected to contain the difficulty of the quadratic case.
However, as shown in [15], one can optimize programs of the form
min f(z) +g(z)
using the proximal gradient method, under some assumptions on the functions f and
g. Assuming some convexity and closedness conditions on the functions f and g,
and the existence of optimizers (see Assumption 10.1 of [15] for details), [15, The-
orem 10.21] claims convergence to the global optimum at a rate of O(7), where k
is the number of iterations. In Chapter 10, we will use a proximal gradient method
called FISTA which converges to the global optimum at a rate of O(k%) The prox-
imal gradient method consists of iterating between a gradient step and a proximal
map. In the case when the gradient and the proximal map are efficiently computable
(in the sense that it requires polynomially many (in terms of input data) operations
to compute), the method as a whole becomes efficient; see [15, Chapter 10] for details.

We now give several characterizations of A € A* for which Fy(w) is convex. We
begin by considering the gradient of F at a point w as
V() = v( — MMTw + ME[R, w)?] — ME[(R, w)?] + ME[(R, w>4])
= MM + 20 E[R(R, w)] — 3\3E[R(R, w)?] + 4\E[R(R, w)?].
The Hessian H(F))(w) of F\ at w is given by
V2Fy\(w) = 20E[RR"] — 6\3E[RR" (R, w)] + 12\4,E[RR" (R, w)?]
- IE[(Q)\Q — 6A3(R, w) + 12)4(R, w)Q)RRT} = E[2®,(R, w)RRT],
where we define the function
Oy (R, w) := 6A4(R,w)? — 3N3(R, w) + Aq. (9.9)
Define the univariate quadratic polynomial
Uy (y) == 6M4y% — 3\3y + Ao,
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so that Uy ((R,w)) = ®5(R, w) under the change of variables y := (R, w).

LEMMA 9.2. Let RA := mingean(R,w) and RA := maxyean (R, w). Then we
have
Oy\(R,w) >0 for all w e A"
if and only if one of the following conditions hold:
(i) )\4 =0 and SEA)\;), S )\2,

(ii) g >0 and A3 < \/%;
(i) As >0, Ag > /EAoAs, 3Rads < Ao+ 6RANs, and 4Bads < Ag,
iv) \/

(iv) A1 >0, A3 > /EXoAs, BRAA < Mo + 6RAN, and 4R Mg > As.

Proor. If Ay =0, then ®)(R,w) > 0 if and only if 3(R, w) 3 < Ay. Requiring
that this hold for all w € A" is equivalent to requiring 3RaA3 < Ay. Hence, we have
shown case (i).

Suppose Ay > 0 and consider the discriminant Ay := 9A3 — 24\y\y of Wy (y).
If Ay < 0, then ¥)(y) has no real roots, and thus ¥,(y) > 0 for all y € R. The

condition Ay < 0 is equivalent to requiring Az < \/%)\2)\4. In the case that Ay =0,
then W, (y) has double root at y = 132)3?4 and W, (y) > 0 for all y € R. Thus, we get
case (ii).

Assume Ay > 0. Then, ¥y (y) has two roots
3A3 — VAN 3A3+ VAN
T VIR S U VIR

Hence, there are only two cases when @, (R, w) > 0 for all w € A™. The first is when
all values of y = (R, w) are below y,, i.e.,

3 VA _
Ra < ?}TA —y = VAr <3\ — 12Ra)
4

= Ay =903 — 24X\ < (3A3 — 12Ra))? and 0 < 3X\3 — 12RA N

= A\RA < A3 and 3Bads < Ao + 60 Ra.

Hence, we have shown case (iii).
The second case is when all values of y = (R, w) are above y,,, i.e.,
3A3 + VAN

EA > 121 = Yy < 12EA/\4 — 3)\3 >4/ A)\
4

= 9A2 — 24000 < (3A3 — 12RaN)? and 0 < 12R My — 3)3
= 4R My > A3 and Ay + 6A4RA > 3R\ \s.
With this, case (iv) is proved and the proof is concluded. ([

REMARK 9.3. Note that condition (iv) in Lemma 9.2 implies R > 0. In numer-
ical experiments with real-world data, we often have R < 0, and thus condition (iv)
seldom holds.

COROLLARY 9.4. If A € A* satisfies any of the conditions (i)-(iv) of Lemma 9.2
then F is convex on A™. Moreover, if \ € A* satisfies the condition (i) of Lemma 9.2,
then F is convexr on R™.
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PROOF. These results follow directly from the fact that the Hessian of F takes
only PSD matrix values when ® (R, w) > 0, i.e.,

Oy\(R,w) >0 = H(F)\)(w) =0 (weR").
O

Generalizing the convexity results. The scalarization Fy(w) is convex on
the standard simplex A" if and only if the hyper-parameter A = (A1, A2, A3, A\4) € A?
satisfies

As < max {7 L E[(2\ — 67(R, w) + 124 (R, w)2)RRT] = 0 (w € A”)}. (9.10)

When A3 = 0, F) is convex, so Az is the limiting factor to PSDness of the Hessian
of F\. Hence, we seek the largest A3 for which H(Fy)(w) = 0 for all w € A™. The
parameter A\; plays no role in the convexity of F\. The Hessian is linear in A but qua-
dratic in w. The expression in problem (9.10) is not simply a linear matriz inequality,
and to the best of our knowledge, it cannot be solved efficiently [17].

Thus far, we have considered convexity over the simplex domain. Analogous
results hold for the cube. To generalize Lemma 9.2 to the cube, simply modify the
bounds Ra and R by defining

Ro:= max (R,w), Ry:= min (R w).
= we[71,1]n< > =0 we[—l,l]n< >
The results of Lemma 9.2 and Corollary 9.4 can be extended to strict convexity
by making a mild assumption on the random variable R.

COROLLARY 9.5. Consider the Hessian given in (9.8) for some A € A*. Assume
that E[RRT] = 0 and that, for all w € A", ®\(R,w) > 0 a.e.r. Then, Fy is strictly
convex on A",

PRrROOF. Since @y (R,w) > 0 a.e. for all w € A", we have that H(F\) > 0 on
A™. Assume by way of contradiction that H(F)) is not positive definite, then there
exists a nonzero v € R \ {0} such that vI H(Fy\)v = vTE[®)(R,w)RRT]v = 0. By
linearity of the expectation this implies that E[®,(R,w)vT RRTv] = 0. Since each
argument is a.e. nonnegative we have that ®(R,w)vT RRTv = 0 a.e., and thus
vI'RRTv = 0 a.e. by virtue of ®5(R,w) > 0 a.e.. Taking the expectation we get
0 =E[vT" RRTv] = vTE[RR”|v contradicting our assumption that E[RRT] = 0. O

Regions of hyper-parameters A for which F\ is convex. We define the
following nested sets of hyper-parameters \

Ay CAACA and Ay CAQCA,

IThe abbreviation a.e. stands for almost everywhere and is used to indicate that the
accompanying statement may fail, but only on a set of measure zero.
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where
A={(A2,A3,\4) >0 AQ + X3+ A <1} CR?,
A+ = {()\2,)\3, )\4) E Aoy > (3/8))\ }

An = {(X2, A3, \y) € A : ) satisfies any condition of Lemma 9.2 for Ra and R},
Ag = {(A2, A3, A1) € A : A satisfies any condition of Lemma 9.2 for Ry and Rnt.
(9.11)

Via Lemma 9.2, it now follows that if A € A, then F) is convex over R™. Similarly, if
A € A (resp., Ag), then F) is convex over the simplex A™ (resp., the cube [—1,1]™).
The benefit of eliminating a variable (A in this case) is that the hyper-parameter
sets Ay, Aa, Ag, and A can now be plotted, see Figure 1. Keep in mind that the
set A is a conservative estimate for the set of all A € A for which F° \ 1S convex over
the simplex, i.e.,

Ax C {()\2,/\3,)\4) € A: F) is convex on A"}.

Hence, the region Aa shown in Figure 1 should be thought of as pessimistic, and
similarly for Ag. Furthermore, even if F) is non-convex, one can still optimize (9.7)
and hope that the local optimum attained is sufficiently good.

The function of these sets is as follows. By optimizing F) for different A € A*,
we recover local optimizers wy. If A € Aa, then Corollary 9.4 guarantees that the
optimizer wy is globally optimal for problem (9.7). If additionally, we know that
A > 0, then by Lemma 8.2, we know that w) is a Pareto optimal point of the problem
(9.5). Later in Chapter 10, we will visualize the quality of solutions wy by plotting
objective values f;(w)) against \ € A, forie [4]. Hence, the sets Ax, Ag are useful
in showing where we certainly have Pareto optimality.

9.2.2. Scalarized sparse MVSK. Analogously to the above discussion, one
can associate a linear scalarization to the sparse multi-objective optimization problem
in (9.6) in the following way

FYc=min Fy(w):= A fi(w) + A2 fa(w) — Az fs(w) + A fa(w)
st. we A"

HwizoforCGC.
e’

(9.12)

We now show that optimization problems of the form (9.12) can be decomposed into
a collection of several independent sub-problems of the form (9.7). The motivation
for doing this is that the sub-problems could possibly be solved independently using
parallelization or other forms of distributed computing.

For any set U C [n] and vector € RY, denote by x(0,U) € R the lifting of x
into R™, defined entrywise by

z(0,U); := { gZ ;;g (i € [n]).
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((a)) A+ ((8)) Ao ((€)) Aa

FIGURE 1. This plot shows the transparent three-dimensional
hyper-parameter set A in blue as viewed from the facet:
{(A2; A3, A1) > 0: Ao+ Ag+ Ay = 1} C A. The different regions
are distinguished by color. In particular, A, is shown in red,
Ap is shown in green, and Aa is shown in light-blue. The do-
mains Aa and Ap shown here were computed using Ra = 0.52,
R =0.87, and Rr, Ry < 0. For this instance A C Aa. The

approximate relative volumes for the sub-domains are as fol-
vollAs) .59, YAD) ~ .61, and Y2AA) & (.63

lows: vol(A) T vol(A) vol(A)

Similarly, for x € R", let x|, = (2;)icv € RY denote the restriction of z to RY. For
a function g : R” — R define the restricted function g, : RY — R; z — g((0,U)).

PROPOSITION 9.6. Let Uy, ...,U, C [n] be all the mazimal subsets of [n] not con-
taining any set C € C. Then, we have

* N*
Fic=Fxe,
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where B
Fy . :=min min F,|, (0). 9.13
o= min iy By, (0) (9.13)
PrROOF. (F. > ﬁ;\‘c) Any optimal solution w of (9.12) must have its support
contained in some U,. Hence, there is a w € AU¢ such that w(0,U;) = w and

FXe < Fyy, (w) = Fi(w) = FXe.
(Fic < Fi¢) Let @ € AUt for some £ € [p] be an optimizer of (9.13), then

F}c = Fajp, (@) = F(@(0,Ur)) > FY ¢
0

Proposition 9.6 bares many similarities with Proposition 2.2. In Section 2.2.1,
ideal sparsity was introduced in the context of the generalized moment problem
(GMP) when one restricts the support of the involved measure. A GMP with a
single measure having restricted support can be shown to be equivalent (see Propo-
sition 2.2) to another GMP involving several measures, each having smaller support
than the measure in the original GMP. In Proposition 9.6, we show that a polynomial
optimization problem with restricted support is equivalent to optimizing over a set of
smaller polynomial optimization problems without support constraints.

In both settings, the critical insight is that the restricted support constraint de-
composes into a collection of smaller objects without support constraints.

Converxity of the scalarized sparse MVSK. Similar to the dense case in
Section 9.2.1, the objective function in (9.12) is convex if A satisfies any of the con-
ditions (i)-(iv) of Lemma 9.2. The result of Lemma 9.2 transfers to the sparse case
because @) (R, w) > 0 on A™ implies that ®,(R,w) > 0 on

Z::{weA":HwizoforCEC}gA". (9.14)
ieC
Hence, Lemma 9.2 and its consequences continue to hold in the sparse setting.
Note that the domain A} is not convex, so the problem (9.12) is not convex.
However, if Uy, ..., U, C [n] denote all the maximal subsets of [n] not containing any
set C € C, then for any /¢ € [p] the sub-problem

g, Fy, (@),
does have a convex domain, namely the simplex AY¢. Moreover, on this sub-problem,
Lemma 9.2 can be adapted by using the following bounds
Rpv, = arélirngw(O, Up)), Rave = ﬁrggg[m,w(o, Us))-

Observe that Ry < Rav, < Ravu, < Ra for all £ € [p]. Furthermore, any A that
satisfies at least one of the conditions (i)-(iv) of Lemma 9.2 using the bounds R,
and Ra will necessarily again satisfy one of the conditions using instead now the
bounds Rav, and Bav,, for any £ € [p|. Intuitively one can think of using these new
bounds Rav, and Rav, as relaxing the condition ®y(R,w) > 0 for all w € A™ to
the weaker condition ®,(R,w) > 0 for all w € A™ with supp(w) C Up. This mirrors
the fact that there are potentially more hyper-parameters A € A* for which Fy v, is
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convex over AU for each ¢ € [p] than there are A € A* for which F) is convex over A™.

The sparse problem (9.12) could have many sub-problems to solve, but each sub-
problem is smaller than the original problem and can be solved independently of the
other sub-problems. If we set C to be the collection of all sets of size k+ 1, then there
are (Z) sub-problems to solve, each involving k variables.



CHAPTER 10

Numerical Experiments

In this section, we apply the theory from Chapter 9 to empirical data from the
Standard and Poor’s 500 (S&P500) stock market index [60].

We discuss the optimization algorithm FISTA, by Beck and Teboulle [16], that
we use to solve the scalarized problem (9.7), and we motivate its use by listing some
of FISTA’s desirable properties (see Section 10.1). We explain our methodology for
acquiring a grid approximation for the Pareto set of problem (9.5) (see Section 10.2).
Having obtained a set of optimizers of the scalarized problem (9.7) for different choices
of hyper-parameters, we compare and visualize the objective values of the multi-
objective problem (9.5) at said optimizers (see Section 10.3). We observe that some
optimizers give a better overall balance among the four objectives. This procedure is
performed for the simplex and cube settings as well as their sparse analogs.

10.1. Optimization algorithm for the scalarized problem

We will be using the fast iterative shrinkage-thresholding algorithm (FISTA), also
known as fast proximal gradient method, which is a well-studied first-order iterative
optimization algorithm first devised and analyzed by Beck and Teboulle [16]. Broadly
speaking, FISTA repeats the following two steps a prespecified number of times, start-
ing from an initial point: A gradient-descent step gives a new point; the new point
is projected back into the feasible region. Notice that one can efficiently project onto
the simplex [164] (resp., the cube).

FISTA provides sparse solutions on the simplexr domain. Like many
gradient descent algorithms, FISTA uses a projection operator to maintain the simplex
(resp., cube) constraints. The operator that projects to the simplex is defined by

Projan : R" — A" x+— argmingcan [z — yl|-

If the nearest unconstrained optimizer lies outside the simplex, then most gradient
steps will leave the domain. Projecting back to the simplex results in a sparse vector,
i.e., without full support. The sparsity seems to be due to the fact that projections
are often on a face of the simplex. Hence, most optimizers obtained from FISTA
will be sparse. We provide a histogram of the supports of optimizers from the set
WKL 0] (defined in Section 10.1.2) for our particular problem in Figure 1. This sparsity

does not occur in the case of the cube domain, i.e., the supports of WEO] (defined
in Section 10.1.2) are all full. One possible reason for this is that the unconstrained
optimizer lies within the cube, and, as such, the projection operator does nothing.
Note that the cube is full-dimensional in contradistinction to the simplex, which lies

141
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Histogram of optimizer support size

5 10 15 20

Optimizer support size

FIGURE 1. Normalized histogram of the support sizes
| supp(wy )| of optimizers wy € WEO].

in the hyperplane {w € R™ : Zie[n] w; = 1}.

FISTA benefits from a warm start. FISTA is an iterative algorithm that
starts from an initial guess 2° and then incrementally improves a proposed optimizer
until a certain number of iterations have been completed. In the convex problem,
the algorithm will converge to the global optimum regardless of where one starts,
but a closer start ¥ to an optimizer z* does imply faster convergence (recall (10.6)).
Furthermore, if the problem is not convex, and one starts sufficiently close to the global
optimizer, then one can be sure that FISTA will converge to the true optimum. An
initial guess x° that is close to the global optimizer z* is called a warm start. We now
propose to use the optimizer from an already solved problem (9.7), with a fixed A, as
a warm start for solving (9.7) with a different hyper-parameter X. In other words, fix
Ae A" If

wy € argmin, . Fi(w),
then take 2° = w) as a warm start for FISTA when solving

Jain Fy(w). (10.1)
Our intuition here is as follows: if A is close to X, then we expect wy should be close to
an optimizer ws of (10.1). We provide no proof of the validity of this intuition. Note
that using this warm start heuristic could have the unintended effect of preventing
us from reaching the global optimizer when F) is nonconvex over the simplex. Our
warm start heuristic can also be applied to computing sparse optimizers via FISTA.
We will elaborate more on this next.

10.1.1. Optimization algorithm for the sparse scalarized problem. We
saw above that the optimizers of the problem (9.7) are sometimes sparse for the
simplex setting, but not always. So, we propose a simple scheme for finding optimizers
with support not exceeding some fixed integer k£ € N. We do this starting from a set
of possibly dense solutions W. Let wy € W be the optimizer of the (dense) problem
(9.7). If | supp(wy)| < k, then we are done. So, suppose that | supp(wy)| > k. Keeping



10.1. OPTIMIZATION ALGORITHM FOR THE SCALARIZED PROBLEM 143

with the notation of Section 9.2.2 we let C = {C C [n] : |C| > k} and define the set
U = {U C[nl: Ul =k}

of all maximal subsets of [n] that do not contain any set C' € C. The sparse problem
(9.12) can be rewritten as follows:
min  F\(w) = min Fy,(w).

weA™ k .
| supp(w)|<k oy (10.2)

For a fixed U € U* we can solve the sub-problem
Jnin Fy, (), (10.3)

using FISTA with 2° = Projav(w)) as a warm start, where w) is assumed to be an
optimizer from the dense problem (9.7) with the same hyper-parameter \.

Removing sub-problems based on proximity to the dense optimizer.

In order to not consider all (Z)—many sets U of U, we propose the following two

heuristics to remove sets U for which the resulting sub-problem (10.3) could have a

poor optimum value. The two heuristics we introduce can be used independently of

each other. However, we will use them together in the sequence we introduce them.
The first heuristic consists of discarding all sets U € U* that do not satisfy

U C supp(wy). Doing so yields only (' S“PI;C(W”) < (}) sets to optimize over in (10.2).
The second heuristic is to look at the elements wy ¢y of the set

Wik = {w/\,U i= (Projac (wy))(0,U) : U eU*, U C SUPP(wA)} CR",

obtained by projecting wy onto AY C RY and then lifting the projection to a vector
in R™ by padding entries not supported by U with zeros, for all appropriate sets U.
To use the second heuristic independently of the first one, simply drop the constraint
U C supp(wy) in the definition of Wy . We can then choose to solve the problem
(10.3) only over sets U for which wy  is close to wy in the Euclidean norm. For
our implementation we take the sets U corresponding to the n closest wy y to wy.
Though we provide no guarantee that choosing a U C [n] such that wy ¢ is closest to
wy would result in an optimum value of problem (10.3) being any better than another
choice of U, we still find that this a helpful heuristic for removing poor choices of U.

10.1.2. The set of obtained optimizers. Whether F'\ is convex or not, we can
apply FISTA to obtain at least a feasible point w) for the problem (9.7). Construct
the following sets of points obtained by applying FISTA to various scalarizations:

WA = {wA S argminFISTA wWEA™ FA(’UJ) : )\ S A4}, (10 4)

Wo = {wy € argminggra wej—1,1)» FA(w) 1 A € A} '
Here, argming g denotes the points obtained via the algorithm FISTA, not to be
confused with the true (unknown) global minimizers. In Section 10.3.1, we will vi-
sualize the values of the objectives fi(w), fa2(w), f3(w), and fi(w) for w € Wa
(resp., w € W) using colors. Similar to (10.4), we construct the sets of sparse points
recovered via FISTA

. : . 4
WA’k T {U))\ € argmingygra weA™, |supp(w)|<k F/\(w) tAEA }7

Wik = {wx € argminpigra we(—1,1)7, |supp(w)<c FA(w) : A € At}
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obtained by following the procedure described in Section 10.1.1. As mentioned before,
projecting onto the simplex often produces a sparse vector. Hence, it makes sense to
use Wa as a starting point for computing Wa x, as many of the vectors of Wa may
already be sparse enough. Regardless of whether the elements of Wa (resp., W) are
sparse, we can use the ideas of Section 10.1.1 to prune computations and generate
warm starts for the problems associated with Wa  (resp., Wn ).

Defining objective functions from empirical data. For the sake of gen-
erality, we have introduced the MVSK problem in Chapter 9 using a vector-valued
random variable R (resp., E) taking values in R™ to describe the data-dependency.
Practically, the data will arise from a table of results, taking the form of an n x m ma-
trix T € R™ ™ where m is the number of outcomes observed over time. We introduce
a new notation for the empirical data T and the subsequently derived quantities. The
entry ﬁ] (resp., T; ;) is interpreted as the empirical (resp., centralized) relative re-
turns of asset 7 at time j. In this context, the expectation is taken over the outcomes.
The mean becomes the empirical mean, i.e.,

M = (% 3 i,p)ie[n] eR".
p€[m]

Hence, the empirical centralized relative returns is defined for each i € [n] and p € [m]

by T;, = ﬁ-,p — M;. Similar to the mean, the formulation of the other empirical
moments is as follows:

V(o 3 Tula)

b
i,j€[n]

p,q€[m]
1
5= (— N T,TyT T) ,
mo M) el ), keln] (10.5)

1
K = (7 T, T: T, T )
m Z ptiqtkrte,

ot (i:9). (k) E([m]x [n)

Observe that we use the unbiased estimator of the variance in (10.5); for a general
reference on statistical estimators, we refer to [158]. The objective functions fi, fa,
f3, and fy defined in (9.2) and (9.3) can henceforth be redefined in terms of the above
M,V,S, or K.

Using T' € R™™™, the bounds Ra and R, in Lemma 9.2 now become

Ra= max T, Ry= min Tj,.
A7 semlpeiml” P TR T semlpem) P

For the cube the bounds are R = MaX;e ) Eie[n] |T; | and Ry = —Rp. The sparse
analogs Rav, Rav, Rou, and Rouv are defined, mutatis mutandis, in the same man-
ner. The bounds we gave in Figure 1 are also used for all computations we show. We

only compute and use the dense bounds (Ra, Ra, B, and Rp), even for the sparse
settings.

In the next section we sub-sample the sets Wa, W, Wa 5, and Wp 5, described

in the preceding section. Our empirical data T will be a selection of stocks from the
well-known Standard and Poor’s 500 (S&P500) stock market index, see [60]. We
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will consider n = 20 stocks, each measured in increments of a day over a timespan
of m = 500 days starting in January 1990. We have chosen this dataset because
it is well-known and publicly available. However, everything we describe in this
chapter could also be applied to any other time series data of asset prices. For the
reader’s convenience, we list some papers [120, 6] that investigate the MVSK model
on markets different from the S&P500. Using T we can generate M, V', S, and K as
described above. From here, we can define the problem (9.7) and its sparse analog
(9.12). Solving these problems, using the procedure described in Section 10.1, we
obtain elements from the sets Wa, Wg, Wa 5, and W 5.

Convergence bounds for the simplex setting. Consider the scalar opti-
mization problem (9.7) and assume that F) is convex. Under some mild smoothness
assumptions (see Assumption 10.31 of [15] for details), which hold in our setting, the
following performance guarantee (see [15, Theorem 10.34]) holds for the k'" iteration
of FISTA when applied to (9.7):

2L |20 — 2*|?

(k+1)2
Here, Ly > 0 is the Lipschitz constant of Fy, x° is the initial point, * is an optimizer,
and z* is the point obtained from FISTA at the k*" iteration.

Using a result from [102], one can bound the Lipschitz constant L of an n-variate
degree d polynomial f(x) over a convex body K as follows:

242
< .
IS i) S |f(2)], (10.7)

Fy(z%) — F\(z*) < (10.6)

where width(K) is the minimum distance between two distinct parallel supporting
hyperplanes of K. In the scalarized MVSK setting with simplex domain, we have

width({a:eIRi"*1 z>0(€m-1]), Y x1§1}> \/%

ze[n 1]

and ||z° — *|| < v/2. We can upper-bound the objective function by

sup [F(w)] < max { max M|, max |Vigl, max|Sijel, max |Kijl}
weA™ ¢ ] 4,5,k .9kl

because A € A%, and

max | E wiijkleiij <( E wi)4 max |K2chl| = max |Kmkl|
wEA™ k,l g,k
i,5,k,1€[n] i€[n]

0,5,k,

and similarly for the other terms.

For the above mentioned S&P500 stock market data we get that F)\(w) is upper
bounded by sup,,can [Fa(w)] < 0.003 for all A € A%, Hence, using the bound in
(10.7), we get Ly < 2- 424/19 - 0.003 = 0.49. For all our applications of FISTA, we
used k = 2000 iterations. Thus, using (10.6), we get that

2L pllz® — 2*||2  2-0.49 -2
Py (22000Y _ B (%) < <
e = B@T) S — g S o0

=4.84x 107"
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In order to take the scale of the values of F)\ into account, we note that for all
of the points of WE U e compute using FISTA, the values of F) do not go below
—34x1073% < minwew[jm,/\eAfw] Fy\(w), where WK I and Afl40 are described in the

next section. We found that k = 2000 iterations adequately balanced accuracy and
computation time.

Convergence bounds for the cube setting. We can use the same process
described above to get performance guarantees for the cube setting. The difference
now being that we have to use width([—1,1]") = 2, ||#° —2*||?> < 4n, and the objective
function is now upper-bounded by

sup 1Fs(w)] < max { 3104 DIVl 3 1 > IKiul }-

wel[-1,1]" i,k i,7,k,l

In the cube setting, for the above mentioned S&P500 stock market data, we get a
bound Fy(22°0°) — Fy(2*) < 2.09 x 1075,

10.2. A grid approximation of the Pareto set

Recall that the ultimate goal is to obtain Pareto optimizers of the MVSK problem
(9.5). Via Lemma 8.2, solving the scalarization (9.7) for A > 0 gives a Pareto optimizer
of (9.5). However, we can still recover a point by solving the scalarization (9.7) for
A > 0; we simply have no optimality guarantees with respect to (9.5). Because A*
contains uncountably many elements, we resort to sub-sampling A? with a uniform
mesh. Fix s € N, and consider the following sets:

12
Apy=1{r:2e{0,= S 1N A%,

A[s] ={( A2, A3, A1) 1 (1 — (A2 + Az + A1), A2, Az, \g) € A[S]} CR3

that are clearly in bijection. For our computations we take s = 40, resulting in
|ﬁ[4o]\ = 11480 choices of hyper-parameter A to consider. For each \ € AE{IO], we solve
the associated scalarization (9.7) using FISTA to obtain a set of local optimizers wj,
denoted by

40 .
Observe that the set W[A % is not necessarily contained in the Pareto front, but the
following subset is:

{wy e WL X e Ap, A >0

Here, we use the claims from Corollary 9.4 and Lemma 8.2 that if A € Ax and A > 0,
then wy is a Pareto optimizer of problem (9.5). The reason we consider the bigger set
W[4O] is that we get a more complete picture, see the figures of Section 10.3. Although
some points of WE O are not guaranteed to be a Pareto optimizer of (9.5), they are
nonetheless quite comparable to the points that are Pareto optimal for (9.5). We

illustrate this claim with visualization.
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Comparing objective values. In order to compare points w € Wk O we rank
them in terms of their values for the objective functions f1, f2, f3, and fy in (9.5).

For each w € WEO] we compute the values fi(w), fo(w), f3(w), and f4(w). For the
sake of clarity, since there is a scale difference between the different functions, we
linearly rescale the values to be in the interval [0,1]. Formally, for each ¢ € [4] define

FIR = (" ) s w e WY

to be the set of linearly scaled values f;(w) for w € WE O], where

) _ pmin, [40] )
[40] %W t=1or3
fi (w) = i fi(w)z—f-min‘HO] . B (108)
1 - fp]ax,[él()] 71fpuin.[40] 1= 2 or 4
with
f;nax’[w] = max f;(w), fimin’[m] = min f;(w).
wEWEO] wEWXm]
Hence, for any i € [4], the set F; [ A] is contained in the unit interval [0, 1], with “less

desirable” values close to zero and more desirable” values close to one. Note that the
scaling f1[40] considers the fact that we want to maximize f; and f3, and to minimize

fo and f;. Hence, the set Fi[jlg] gives us a way to compare the performance of each
portfolio w € WEO] with respect to the objective function f;, for all ¢ € [4]. For each

i € [4], we plot F[A] (in color) against A o) (in R?), see Figure 2.

I

In order to aggregate the quality of an optimizer w € WE % over all of the objec-

tives f1, f2, f3, and fy, we propose looking at the value

P w) == 3" 1% w) € [0,4].

i€[4]

The intuition behind this value is that if w € WEO] has a value f[*9(w) close to
four, then it does well among many of the objectives and is hence a superior choice
to another solution v € WEO] for which fi[40] (v) > fi[4o] (w) for some i € [4] but
I (v) < fl49(w). We refer to the following set

WK.LO { c W[40] f[40] (w) > (1 —n)- ( Ienvgﬁo f[40 ( ))},

where 7 € (0,1), as the set of portfolios with n-superior trade-off, and we define the
set of associated scores

FKLO]JI — {f[4o] (w):w e Wko]m}.

We plot F E 01001 41 color against 3[40] in Figure 3. Our plots should not be compared
to figures as those in [117] where three of four objectives are plotted against each
other with two independent and the third dependent. We give a separate plot for
each objective, and we scale for comprehensibility.
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TABLE 1. Selected results for A € z[ﬁo],o.m C R
A Fwa) [ A5 w) [ £ ws) | £ (wa) | [ supp(wy)]
[0.154, 0.256, 0.077, 0.513 ] 0.623 0.81 0.058 0.978 5
[0.026, 0.077, 0.256, 0.641 ] 0.601 0.825 0.05 0.98 10
[0.231, 0.41 , 0.308, 0.051 | 0.581 0.854 0.034 0.989 5
[0.462, 0.513, 0.026, 0.0 | 0.691 0.724 0.118 0.942 5
0.051, 0.051, 0.205, 0.692 0.677 0.741 0.104 0.95 5
0.179, 0.359, 0.308, 0.154 0.562 0.872 0.026 0.992 5
[0.462, 0.41 , 0.128, 0.0 | 0.774 0.536 0.241 0.85 3
[0.282, 0.333, 0.385, 0.0 | 0.752 0.625 0.203 0.881 5
[0.154, 0.231, 0.487, 0.128 ] | 0.676 0.742 0.104 0.95 5
[0.256, 0.256, 0.077, 0.41 | 0.715 0.686 0.148 0.922 5

Handling the cube and sparse cases. Above, we have described the process
for the simplex (w € A™), but the same treatment works for the cube domain (w €
[—1,1]") and sparse domains (w € A", |supp(w)| < k) and (w € [—1,1]", | supp(w)| <
k). Notation-wise, the sets WEO}, FZ.[EO] (i € [4)]), ngo],n and FE,LO]’" are all defined
analogously to the simplex case, now using the domain w € [—1,1]" instead of w € A™.
Similarly, the sparse simplex sets are denoted by WE_%, Fi[flAO],k (1 € [4)), WES@M and

F XLSCM, where k£ € N is an upper bound on the support size of the elements as described

in Section 10.1.1. The sparse cube sets denoted Wgok], Fi[‘g}k (1 € [4]), ng(;]’n and

40], . -
Fél k] " are defined, mutatis mutandis, in the same manner.

10.3. Numerical results

This final subsection is the culmination of the preceding subsections. For the
S&P500 data considered at the end of Section 10.1.2 we compute WKLO}, Fi[leo] (i € [4]),

WEO]’O'M, and FKO]’O'M. For each i € [4] we plot Fi[leO] (in color) against the hyper-

parameter set Ay C R3. Doing so, we observe how each portfolio wy € WE 9 nakes
a trade-off between the objectives f1, fa, f3, and fy,. Which of the objectives are
favored by wy is influenced by the choice of A. For example, for \y =1 — (A2 + A3 +
A1) > 0.4 the portfolios w) tend to have values f1[4O] (wy) close to one, see Figure 2(a).
Observations like these are useful to investors who can now visually navigate the
Fi[leO] (¢ € [4]) in Figure 2 to find a portfolio wy € WEO] that matches their risk
preferences.

To see which A € Ay correspond to portfolios wy with a good balance of all four

objectives we plot FEO]’O'M (in color) against Ay (resp., Ay N Aa) in Figure 3.

Note that the hyper-parameters A € Ay for which wy € WKO] \WEO]’O'01 are not

displayed so as not to clutter the plot.

Above, we explained the process for the (dense) simplex setting, but the same
treatment applies to the cube and sparse settings, resulting in analogous figures and
similar observations.
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0.8
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A3
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N 0.6
0 2 . X 0.4 M
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((a)  A%wy) €

Fl[jlg] VS. (/\2,)\3,)\4) e
Apag)

Ficure 2. This figure shows the transparent three-
dimensional plots of FFAO] (¢ € [4]) (in color) ver-

sus (A, A3, \q) € 3[40], viewed from the facet:
{(Q2,X3,M 1) € A : Ay = 0}. For every i € [4], every

point (A2, A3, A\q) € 3[40] is assigned a color fi[40] (wy) € [0,1],

where wy € WEO]. Hence, red regions correspond to better

values while blue regions correspond to worse values.

10.3.1. Numerical results in the simplex setting: w € A™. In Figure 2,
regions where the objectives f; and f3 perform well (are red) overlap heavily, see
Figure 2(a) and Figure 2(c). Furthermore, these regions overlap with the regions
where the objectives fy and f; do poorly (are blue), namely the rear slice of the
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1 1
0.8 0.8
0.6 0.6
A3
0% o>
ok 1 ok

0.5M

O Vv W © - o

© . . . . 0 o
< ST VRN » -
((A)) f[40] (’LU/\) c FEO],O.Ol
vs.
(X2, A3, A1) € Ay such that
wy € WKLO],OOI
2.455 2.475

Ficure 3. This figure shows the transparent three-
dimensional plot of f#(wy) € F KO]’O'OI in color versus
(A2, A3, A1) € 3[40] such that wy € WEO]’O'OI, viewed
from the facet: {(A2,A3,M) € A : Ay = 0}, In partic-
ular, every point (A2,A3,A\1) € Apg is assigned a color

% (wy) € [0,4]. The values FEO]’O'(H range from 0.99 - 2.475
to max =, ol0.01 f14%(wy) ~ 2.475, which is indicated by the
w A

color bar. Again, red regions correspond to better values while
blue regions correspond to worse values.

simplex where either Ay or A4 is small, see Figure 2(b) and Figure 2(d). The central

wedge, (A2, A3, \1) € 3[40] such that wy € WEO]’O'OI, where the objectives seem to

balance out is shown in Figure 3(a) along with the same wedge restricted to Aa,
shown in Figure 3(b).

Recall from definition (9.11) that A is a set of hyper-parameters A for which
F), is convex over the simplex A™. Further, recall that FISTA converges to a global
minimizer when applied to a convex problem. With this in mind, one would expect
the quality of optimizers produced by FISTA to decline as X leaves Ax and F) (pos-
sibly) ceases to be convex. However, this is not apparent from our plots. Observe
how there does not seem to be a change in color in the plots of Figures 2 and 3 as the
hyper-parameters A move out of the region Aa. This hints at the possibility that the
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local optima obtained by FISTA for hyper-parameters in A \ Aa are not much worse
than the global optima.

Lastly, observe how the set
ﬁ[ﬁo],o.m =\ e 3[40] wy € WEO],OOl}

of hyper-parameters corresponding to solutions of superior trade-off overlap with the

respective sets {A € A : A > 0} and Aa, see Figure 1(c) and Figure 3(b). The

approximate volumes of these two sets and their intersection relative to ﬁ[ﬁo],o.m a

as follows:

re

vol({A € AR xS 01 nAR)
Vol(ﬁ[ﬁo]’o'm)
vol({x € AROOT .\ 5 o)
VOI(E[KO],O()l)

vol(ALDO0T A A )
S TGN ~ 0.90.
vol(Al010-01y

~ 0.77,

~ (.83,

Hence, by virtue of Lemma 8.2 and Corollary 9.4, we have that approximately 77%
of the optimizers with a superior trade-off in WE 01.0-01 ;e guaranteed to be Pareto
optimizers of the MVSK problem (9.5).

For concreteness we show in Table 1 the numerical values fi[40] (wy) (1 € [4)

A[ﬁo],o.m

for ten randomly selected hyper-parameters A € . We make the following

observations. First, the skewness, i.e., f:£40] (wy), seems to be the weakest performing
objective relative to the others. Second, variance and kurtosis, i.e., f2[40] (wy) and

ffo] (wy), seem to be positively correlated. Third, the associated portfolios wy are all
sparse, with at least half of their entries zero. Eight of the ten portfolios in Table 1
have support size 5; this corroborates the data in the histogram shown in Figure 1.

In the literature, computational results are often represented in tabular form as
we did in Tabel 1, see for example [103, 95]. Presenting results in this way for a
large selection of hyper-parameters soon becomes cumbersome, especially in our case
where we have |£[4o]| = 11480. Moreover, the overall patterns are often obscured by
the detail of each specific entry. In contradistinction, by representing the results as
we did in Figure 2 and Figure 3, we see larger trends across the various choices of
hyper-parameters A\. Hence, via the grid sampling approach of Section 10.2 and the
visualizations of this section, we believe we get a better overall understanding of the
relationship between A, w), and the objective values f;(w,) (¢ € [4]) than by simply
looking at a few specific values of A. We now proceed with the other settings (sparse
simplex, cube, and sparse cube).

10.3.2. The sparse simplex setting: w € A", |supp(w)| < 5. The similarity
between Figure 4 and its dense analog Figure 2 is because at least half of the portfolios

wy € WE_%] are from WE % Recall the histogram in Figure 1, in which more than half

of the points wy € Wk % are shown to have support size five or less. Following the
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FiGURE 4. This figure shows the transparent three-
dimensional plots of Fi[li)]g, (¢ € [4]) (in color) ver-

sus (Mg, A3, \q) € 3[40], viewed from the facet:
{()\2,)\3,)\4) EA: N\ = 0}

procedure of Section 10.1.1, these portfolios are taken as they are when constructing
Wi,

Between Figure 5 and Figure 3, there is again much similarity. The reader may
wonder why the range of values in the sparse setting Figure 5 (from 2.57 to 2.59)
exceeds that of the dense setting Figure 3 (from 2.455 to 2.475). There is no con-
tradiction here because the scaling (10.8) is different in each setting (simplex, cube,
sparse, and dense). Hence, the values F’ E’()S]’O'Ol and FXL 01.0-01 ore incomparable, simi-
larly for the forthcoming cube setting.
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FiGure 5. This figure shows the transparent three-

dimensional plot of fl%(wy) € Fglg},o.m 1 color versus
()‘Qa )‘37 )\4) € 3[40] such that w)y € WK%]’O'(H'

10.3.3. Numerical results in the cube setting: w € [—1,1]". The cube
setting differs significantly from the simplex setting. Portfolios wy are now in [—1, 1]™
and have full support (at least for all examples we have computed). Except for
skewness, Figure 6(c), the figures of Figure 6 follow roughly the same pattern as in
Figures 2 and 4. In the cube setting, portfolios wy € WEO] now require a large A3 to
attain good values for the skewness objective, see Figure 6(c).

We observe that the portfolios with superior trade-offs are more scarce in the cube
setting than in the simplex counterpart. Hence, in Figure 7, we now take = 0.025
because the set 3[50]’0'025 (of hyper-parameters corresponding to solutions of superior

trade-off) gives a fuller and more informative plot than A[éo],om. Secondly, we observe
the same “wedge” of superior portfolios we saw in Figures 3 and 5. Lastly, the

portfolios w)y € WEO]’O'O% that do the best in Figure 7 have A3 > 0.5, with the
concentration lying outside of Ap.

10.3.4. The sparse cube setting: w € [—1,1]", |supp(w)| < 5. The results
for the sparse cube setting differ vastly from the dense cube setting. The difference
in results is primarily due to the portfolios wy € Wg‘ 0 having full support and thus
differing greatly from the portfolios wy € WS{ %]. In particular, we see concentrations
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((¢)) FyQ vs. Aug

FiGURE 6. This figure shows the transparent three-

dimensional plots of Fi[leO] (¢ € [4]) (in color) ver-

~

sus (A2, A3,A1) € Ay, viewed from the facet:
{()\2,)\3,)\4) EA: N = 0}.

forming in the same places as in Figure 6(c), namely the upper tip of 3[40] where \3
is large. We also see a tinny concentration near A\; = 1. Despite the changes, we still
have that the odd objectives (mean and skewness) perform better in regions where

the even objectives (variance and kurtosis) do poorly and vice versa, see Figure 8.

Surprisingly, 3505]’0'025 in Figure 9 is again the same “wedge”-like shape we have seen

in Figures 3, 5 and 7. There are now hardly any red regions, indicating that very few
points reach the higher value range.
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Ficure 8. This figure shows the transparent three-
dimensional plots of Fi[jlmo’]5 (t € [4]) (in color) ver-

~

sus (A2, A3,A1) € Ay, viewed from the facet:
{()\2,)\3,)\4) cA: )\ = 0}.
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Discussion

Disclaimer on the use of the MVSK model in portfolio selction. It
should be noted that the MVSK model is heavily reliant on the estimates of the
moments and is not robust to errors in the data. It is for this reason that the MVSK
model and other (generalized) Markowitz models are often treated with skepticism
in practice. Furthermore, simple portfolio selection strategies (like distributing one’s
capital equally among all assets) surprisingly outperform mean-variance models, see
[51]. The work of Part 3 should not be seen as an endorsement of generalized mean-
variance models, but rather as an observation that there is latent convexity in the
MVSK problem that has been overlooked and underutilized.

FEven higher-order moments than kurtosis. The formulation of the objec-
tive functions in (9.3) is well-defined for any integer k& > 4. Hence, one can define
objectives f with k& > 4 in addition to those already present in (9.5) and thereby
extend the model. With an extended model, one can again scalarize linearly, now
using more hyper-parameters than before. Again one can characterize the Hessian of
this new scalarization and possibly recover results similar to Lemma 9.2 and Corol-
lary 9.4. There is not much motivation in the literature for this further extension.
Some authors even advocate against relying on correlation-based risk measures [152].
We have not carried out any extensions to higher-order moments beyond kurtosis.

Minkowski distance scalarization. Much of the popularity of the Minkowski
distance scalarization (8.6) comes from the fact that it is an alternative to the linear
scalarization (8.8). One might reasonably ask what is gained from this more involved
formulation. First, this scalarization is also neat for A > 0 and could reveal Pareto
points that the linear scalarization approach cannot. Second, the Minkowski distance
function could be susceptible to signomial optimization (we elaborate more in the
next paragraph). However, the benefits of the Minkowski distance scalarization must
be weighed against the fact that it is much harder to interpret than linear scalariza-
tion. Moreover, one has to compute the independent optima f; for k € [4], which can
already be challenging in the case of k = 3.

The Minkowski distance formulation lends itself to a signomial optimization in-
terpretation [30]. Indeed, the scalarization (8.6) applied to the MVSK problem with
simplex domain has the following form:

wnégln Z |fk("UJ) - ]:’<|>\k’
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where f; := mingea(—1)% fr(w) with fi given in (9.4) and (9.2) for each k € [4].
Under the change of variable exp(u) := (exp(u;))icn] := (Ws)ie[n], the above problem
can be written as a signomial optimization program

min Z exp(Agvg)

kel4]

s.t. Z exp(u;) =1
i€[n]

exp(vy) = (=1)F fi(exp(u)) + (=1)* 1 fir (k € [4])
u,v € R"

Problems of this type have been studied before and have mature methods to solve
them, see [123]. Approaching the MVSK problem from the signomial programming
direction opens a new and unexplored line of inquiry into the MVSK problem. As
before, one can try to characterize the convexity of such a scalarization in the hopes
of getting similar results to Lemma 9.2. Though we do not include content on this
topic in this thesis nor in [150], we did investigate this line of inquiry but failed to
reach conclusive results. As such, more research beyond this thesis is required.

The author would like to express his gratitude towards Prof. Dr. Monique Lau-
rent (CWI Amsterdam) for diligently proofreading several versions of the paper that
led to this part of the thesis and for providing critical feedback where it was most
needed. Furthermore, the author thanks Shuanghua Bai and Jan Fiala (NAG Oxford)
for bringing this exciting problem to his attention.






Part 4

Hypergraph-based polynomials in
queueing theory



Part 4 considers a class of polynomial optimization problems that arise naturally
in queueing theory when considering a particular job-occupancy model with redun-
dancy scheduling policies. The polynomial objectives f; in question (see (11.1)) have
variables indexed by the edges of a uniform hypergraph and coefficients depending
on certain patterns of unions of edges. Cardinaels, Borst, and van Leeuwaarden [29]
conjectured that the f; polynomials attain their global minimum over the standard
simplex at the barycenter. In order to address this conjecture, we consider a related
but easier-to-analyze class of polynomials py (see (11.2)). By exploiting the symme-
try properties of these related polynomials pg, we prove that they attain their global
minimum over the standard simplex at the barycenter. Relating this result back to
the original class of polynomial optimization problems posed by Cardinaels et al., we
can partially prove their conjecture.

In Chapter 11, we introduce the main polynomial classes of interest (Section 11.1),
we give a brief motivation from queueing theory for our interest in these polynomials
(Section 11.2), and finally, we give some classical results on matrix algebras (Sec-
tion 11.3) that we will use for the main proof in Chapter 12. In particular, we will
look at some preliminaries on the Terwilliger algebra of the binary Hamming cube.

In Chapter 12, we give the main result of this part of the thesis; namely, we show
that the polynomials pg are convex over the standard simplex and that this implies
that they attain their global minimum at the barycenter of the simplex. Our proof
is based on showing the respective Hessians of p; are positive semidefinite on the
simplex. First, we deal with the simplest case in Section 12.1 to get an intuition for
the proof method. Then, we deal with the general case in Section 12.2.

In the last Chapter 13, we examine the polynomials f;. In Section 13.1, we relate
the polynomials pg to the polynomials f; and show some partial results for fy; in the
same spirit as was done in Chapter 12. For a fixed integer d > 2, we show that the
polynomials f; also attain their global minimum at the barycenter of the simplex pro-
vided the fy’s are convex. In particular, we decompose the Hessians H(f4) of f4 and
observe a deep connection with the Hessians of py. This is instrumental in proving
that H(fq) = 0 for a special case. We then end with a numerical motivation for why
the polynomials fy are in general convex over the simplex (Section 13.2).

Part 4 is based on our joint work with Daniel Brosch and Monique Laurent in
[27].






CHAPTER 11

Hypergraph-based polynomials and preliminaries

This chapter has three sections. First, in Section 11.1, we introduce two classes of
polynomials f; and py that we will study in detail in Part 4. Second, in Section 11.2,
we explain the problem from queueing theory that motivates our interest in these two
polynomial classes. Third, in Section 11.3, we state some classical results pertaining
to matrix algebras that we will need for proving the core result of Chapter 12.

Notation. Recall that I, (resp., J,,) denotes the n x n identity matrix (resp., all-
ones matrix). Given two integers n,m > 1, J,,, , denotes the m x n all-ones matrix.
If the sizes are clear from the context, we omit the subscripts.

Given two matrices A, B € R™*"™ we let Ao B € R"*" denote their Hadamard
product, with entries (A o B);; = A;;B;j for 4,5 € [n]. It is known that A = 0 and
B > 0 imply Ao B > 0, which follows from the fact that the matrix Ao B is a principal
submatrix of the Kronecker product A ® B.

Throughout, we let uq, ..., u,, denote the standard basis of R™, where all entries
of u; are 0 except its i*® entry, which is equal to 1. We let Sym(n) denote the set
of permutations of the set [n]. When we take the factorial a! of some integer-valued
vector a € N we mean the product a! := aq!- - ay,!.

11.1. Introduction

The polynomial class of interest. Given integers n,L > 2 we set V = [n]
and E = {e CV : |e|] = L}, so that (V, E) can be seen as the complete L-uniform
hypergraph on n elements. We set m := |E| = (’LL), where we omit the explicit
dependence on n, L to simplify notation. Denote the standard simplex in R™ as
follows:
Am = {SU = (me)eEE eR™:x > 0; er = l}a
ecE

and denote the barycenter of A, by x* = %(1, sy 1)

Given an integer d > 2 we consider the m-variate homogeneous degree d polyno-
mial

d
Te;
falw)y= > Hi\eu T (11.1)
(e1,...,eq)EET =1 L= v

We wish to optimize f; over the simplex, i.e.,

fq = min fq().

TEA,

163
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In [29], it is conjectured that the polynomial f; attains its minimum over the simplex
at the barycenter.

CONJECTURE 11.1. For any integers n,L,d > 2, fi = fq(z*).

We partially prove this conjecture by showing that a class of related polynomials
all attain their minimum at the barycenter. We now describe the easier-to-analyze
class of polynomials related to fy.

An easier-to-analyze related class of polynomials. TFor any integer d > 2,
consider the polynomial

pa(z) = Y _ e, (11.2)

lerU...Ue ‘%1 N
(e1,...,eq)EED L= d

Note that, for degree d = 2, we have fy = %pg. In Chapter 13, we will see that the
Hessian of the polynomial pg enters in some way as a component of the Hessian of the
polynomial f;. This forms a natural motivation for the study of the polynomials pg.
We now claim that the polynomial pg attains its global minimum over the simplex at
the barycenter.

THEOREM 11.2. For any integers n, L,d > 2,
pa(z”) = nin palx).

m

PROOF. See Chapter 12. O

Thus, it follows that f; = fq(z*) when d = 2 and L > 2. As a further partial
result, we give the next theorem, which we prove in Chapter 13.

THEOREM 11.3. Forn >2,d=3 and L =2,
fa(z™) = min fa().

m

The key ingredient in proving Theorems 11.2 and 11.3 is showing that p; and f;
are convex by proving that their respective Hessians are PSD over the simplex A,,.
We exploit symmetry properties inherent in pg and f; and use Terwilliger algebras to
show that the Hessians are PSD.

EXAMPLE 11.4. Instances of pg with L =2 and d =1,2,3. As an illustration
of what these polynomials look like, let us consider the polynomial pg for edge size
L = 2. Given a sequence e = (e1,...,eq) € B4, set c, == 1/|e; U...Ueq| as a
short-hand for the coefficients in the definition (11.2) of the polynomial py.

We need to enumerate the possible configurations of d-tuples of edges, i.e., the dis-
tinct multigraphs with d edges. Note that their number is given by the OFILS sequence
A050535 [1], which takes the values 1,3,8,23,66,212,686 for d =1,2,3,4,5,6,7.

For d =1, we have p1(z) = 33 Te.

For d =2 we have

p2(z) = % Z l‘i + % Z TeyTey 1 i Z LeyLey-

ecE (e1,e0)EE2: (e1,e2)EE2:
|eqUen|=3 leqUeq|=4

We show in Figure 1 the three possible patterns for pairs of edges e = (e1, ea) and the
corresponding coefficients c..
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FiGUure 1. Edge pair patterns for d = 2, L = 2

In the same way, for d > 3, pg(x) = Ziiz %qdyk(l'), where the summand qq,(x)
is a summation over all d-tuples of edges with a given pattern, depending on the
cardinality of their union

For the case d = 3, we need to consider the values k = 2,3,4,5,6. In Figure 2 we show
all eight possible patterns of triplets of edges e = (e1,e2,e3) and the corresponding
coefficients c. that contribute to the summands q3 .

1 1 1
c§:§ C,:§ Cezg
1 1 1
02:Z L‘—:Z Cﬁ:l
1 1
ngg ce:g

FiGURE 2. Edge pair patterns for d = 3, L = 2

11.2. Motivation from queueing theory

The polynomials f; are motivated by a problem in queueing theory. The conjec-
ture that these polynomials attain their minimum at the uniform probability distri-
bution was presented to us by the authors of [29], who use an affirmative answer to
this question to establish a result about the asymptotic behavior of the job occupancy
in a parallel-server system with redundancy scheduling in the light-traffic regime.

In what follows, we will give only a high-level sketch of this connection, and we
refer to the paper [29] for a detailed exposition and an extended review of the relevant
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literature.

A crucial mechanism that has been considered to improve the performance of
parallel-server systems in queueing theory is redundancy scheduling. The key fea-
ture of this policy is that several replicas are created for each arriving job, which
are then assigned to distinct servers (and then, as soon as the first of these replicas
completes (or enters) service on a server, the remaining ones are stopped). The un-
derlying idea is that sending replicas of the same job to several servers will increase
the chance of having shorter queueing times. This, however, must be weighed against
the risk of wastage of capacity. An important question is thus to assess the impact
of redundancy scheduling policies. While most papers in the literature on redundant
scheduling assume that the set of servers to which the replicas are sent is selected
uniformly at random, the paper [29] considers the case when the set of servers is
selected according to a given probability distribution. It investigates the impact of
this probability distribution on the system’s performance. It is shown that while the
impact remains relatively limited in the heavy-traffic regime, the system occupancy is
much more sensitive to the selected probability distribution in the light-traffic regime.

We will now only introduce a few elements of the model considered in [29] so
that we can make the link to the polynomials studied in this part of the thesis. We
keep our presentation high level and refer to [29] for details. The setting is as follows.
There are n parallel servers with average speed p. Jobs arrive as a Poisson process of
rate nA for some A > 0. When a job arrives, L replicas are created that are sent —
with probability ., — to a subset e C [n] of L servers. Here, L > 2 is an integer and
= (x¢)eep is a probability distribution on the set E = {e C [n] : |e| = L} of possible
collections of L servers. As noted in [29], this can be seen as selecting an edge e € E
with probability x. in the uniform hypergraph (V = [n], F) (with edge size L).

An important performance parameter is the system occupancy at time ¢, which
is represented by a vector (e, ...,en) € EM, where M = M (t) is the total number of
jobs in the system and e; € E is the collection of servers to which the replicas of the i*®
longest job in the system have been assigned. We need three modeling assumptions.
First, one needs to assume suitable stability conditions. Second, all servers should
have the same speed p. Third, the service requirements of the jobs are assumed to be
independent and exponentially distributed with unit mean. Under these assumptions,
the stationary distribution of the occupancy of the above edge selection is given by

l nAw
n(er,...,en) =C || ———m=——
( ) iI;[lN|61U~-~Uei|

for some constant C' > 0 ([69], see relation (3) in [29]). Following [29], let @ (z) be
a random variable with the stationary distribution of the system occupancy when the
edge selection is given by the probability vector = (2¢)eecp. It then follows that, for
any integer d > 1, the probability that d jobs are present in the system is given by

]P){Q)\(l’):d}: Z 7T(€17-"aed)'

(e1,...,eq)EET
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Hence, P{Qx(z) =0} = C and

d
nA\ ¢ Te,
P{Or@) =d} =P{@a@) = 0}(*2) " > [[er
1% . |€1 U...u ei\
(61,.‘.,€d)€Ed i=1
(See relation (11) in [29]). Therefore, P{Qx(x) = d} is the polynomial fq(x) (up to a
scalar multiple). In [29], the light-traffic regime is considered, i.e., when A | 0, in the
case L = 2. By doing a Taylor expansion, one can see that

PUQA() =0} = 1+ of1), F{Qa(x) = d) = (%) fule) + o(A")

(see relation (13) in [29]). Therefore, with 2* = (1,...,1)/|E| denoting the uniform
probability vector, we have

*) > *

i PA@A (@) 2 d} . fa(zT) +o(1)
P = d) A a(@) + o)

Hence, if the polynomial f; attains its minimum at the uniform distribution z*, then

one has

lim @) 2 d}

Mo P{Qx(z) > d}
This indicates that in the light-traffic regime, the system occupancy is minimized when
selecting uniformly at random the assignments to the servers of the job replicas. This
thus motivates the task of showing

fa(@™) = min fo(z),
for all integers n > 2, d =3 and L = 2.

11.3. Preliminaries on the Terwilliger algebra

A crucial ingredient in proving H(pgq) = 0 on A,, will be showing that H(pg)
decomposed into matrices that (after some reduction) lie in the Terwilliger algebra of
the binary Hamming cube. We begin with introducing the definition of the Terwilliger
algebra A,, of the binary Hamming cube on n elements.

DEFINITION 11.5 (Terwilliger algebra of the binary Hamming cube). Let
P([n]) denote the collection of all subsets of the set [n]. For every triple of nonnegative

integers i, j,t we define the 2" x 2" matriz D ;, indexed by P([n]), with entries

(D)o, = 1 oif [S|=4,|T|=4,5NT|=t,
wIIST 0 else :

for sets S, T € P([n]). Then, the Terwilliger algebra of the binary Hamming cube,
denoted by A, is defined as the (real) span of all these matrices:

_ t ot .t
A, = { Z x; i Dijiag € R}.
1,5,620

It is easy to see that A, is a matriz x-algebra, i.e., A, is closed under taking
linear combinations, matrix multiplications, and transposition. One way to see this is
by realizing that the matrices Df, ; are exactly the indicator matrices of the orbits of
pairs in P([n]) x P([n]) under the element-wise action of the symmetric group Sym(n).
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All matrix *-algebras can be block-diagonalized by Artin-Wedderburn theory (see
[166], see also [13] for a proof).

THEOREM 11.6 (Artin-Wedderburn). Let A be a matriz x-algebra. Then, there
exist nonnegative integers d and mq, ..., mq and a x-algebra isomorphism

d
o: A DT
k=1

The important property here is that ¢ is an algebra isomorphism. Hence, we know
that this isomorphism maintains positive semidefiniteness: for any matrix A € A, we
have A = 0 <= (A) = 0. Moreover, the matrix ¢(A) is block-diagonal, with d
diagonal blocks of sizes mq,...,mg. This is a crucial property that can be exploited
to get a more efficient way of encoding positive semidefiniteness of matrices in A.

The explicit block-diagonalization of the Terwilliger algebra A, was given by
Schrijver [144].

THEOREM 11.7 (Schrijver [144]). The Terwilliger algebra A,, can be block-diagonalized
into | 5]+ 1 blocks, of sizes my =n—2k+1 fork=0,...,|5]. The algebra isomor-

phism ¢ sends the matriz
n

_ t t
A=Y af;Dj;

0,4, t=0

to the block-matriz p(A) = @,EZ/OQT By, where the matriz By, € R™*™k s given by

[ (n—2k “3 9k 2 o n
. ((Z—k> (j—k) zt:@,j,w,j) (11.3)

ij=k
fork=0,1,...,[5]. Here, for any nonnegative integers i, j, t, k, we set
= N n—2k \(n—k—0\(n—Fk—¢
to_ 1)t ) 114
Bigun ;( ) k= i— 0 j—t (11.4)

In particular, we have

Z 2} D} ;=0 B =0 fork=0,1,...,|

i,j,t=0

. (11.5)

o3



CHAPTER 12

Convexity of p,;

The crux for proving Theorem 11.2 is showing that the polynomials pg are convex
over the standard simplex. We explain why this is the case in Lemma 12.1, after
which we devote the rest of this chapter to proving convexity by showing that the
Hessians H(pg) are PSD. First, in a special case (Section 12.1), then in the general
case (Section 12.2), which is significantly more technical.

Convexity implies optimality at the barycenter. To show p, is optimal
at the barycenter z* of A,,, it suffices to show that py is convex over A,,. This relies
on a symmetry argument that exploits the fact that the polynomial py is invariant
under the permutations of the edge set E.

LEMMA 12.1. Assume the polynomial pg is convex on the simplex A,,. Then

pa(e”) = min py(z).
PROOF. For any tuple (eq,...,eq) € E?, the coefficient of the monomial z, - - - z,
in pgis 1/]e1 U...Ueq|, which depends only on the cardinality of the set e; U...Ueg.
Any permutation o € Sym(n) of [n] induces a permutation of E (still denoted o)
by setting o(e) = {jo(1),- -, Jor)} for e = {j1,...,jr} € E. In turn, o acts on A,
by setting o(x) = (Zy(e))eea,, for = (re)ecr € Ap. Observe that pg is invariant
under this action of permutations o € Sym(n). Indeed, for any o € Sym(n), we have

o(pa)(@) =pa(0(z)) =, . cnyert TeTDea Toler) " Loea)
=3 L Ty
(fiseenfa)EE? \a*lgfl)UA..Uofl(fd)\ f1 fa

= 21 f)eBt RO TR " B
= pd(x).

Thus for any global minimizer T € A,, of pg, and any permutation ¢ € Sym(n),
the permuted point o(Z) belongs to A,, and pq(Z) = pq(o(z)). Consider the full
symmetrization of z, i.e.,

’ o€Sym(n)

and observe that ™ € A,, and ™™ = z* = (1/m)(1,...,1). Hence, z* is a global
minimizer of py in A,, because by convexity and the above we have

pa(x*) = pa(a™™) < % Y. palo(@) = pa@) = in pg(). O

m

" ceSym(n)

169
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We are left with the task of showing that the polynomial py is convex over the
simplex A,, or, equivalently, that its Hessian matrix is PSD, i.e.,

H(pa)(z) = <333?333fpd(x)>e,feE =0 (z€An).

12.1. If d =2 and L = 2, then p, is convex

Consider the polynomial

1
P 2
where E = {e C [n] : |e| = 2}. We show that the Hessian matrix H(p3) of py is PSD.
Observe that H(p2) = 2M, where M is the matrix indexed by E with entries
1
Mes=—— fore fekE. (12.1)
T Jeuy]
The matrix M can be expressed as a linear combination of the matrices Ao, Az, A4,
which are also indexed by F, and have entries

1 if leU f| = s,
(As)e.s = { 0 otLerwiS‘e. (s=2,3,4).

Some inspection will reveal that As = I and As + A3 + A4 = J. Observe now that
1 1 1 1 1 1 1 1 1
M = §I+ §A3 + ZA4 = ZI+ ﬁAg + ZJ = EI+ 1J+ E(Ag; +2I). (12.2)

Thus, if we can show that A3 + 21 > 0, then M > 0 follows, and ps is convex. The
reader can now verify by direct inspection that Az + 21 = T',T'T = 0, where

r, = (\e N {i}|)e€E, i€[n]”

REMARK 12.2. Note that the matrices Ay = I, Az, Ay generate the Bose-Mesner
algebra of the Johnson scheme J§, with length n and weight 2, and thus the matriz
M belongs to this Bose-Mesner algebra (see [50] for details on the Johnson scheme).
For arbitrary degree d > 3 and edge size L = 2, one could proceed to show that the
Hessian matriz of pq is convexr by using a similar symmetry reduction based on the
Bose-Mesner algebra of the Johnson scheme J5 for suitable values of p. However, for
general edge size L > 3, we will need to use a richer algebra, namely the Terwilliger
algebra of the Hamming cube. Hence, in the rest of the section, we will treat the
general case d > 2 and L > 2.

12.2. If d > 2 and L > 2, then p, is convex over the simplex

Let E={e C[n]:le] =L}, d>2 and L > 2. We repeat the definition of
polynomial p4 from relation (11.2):

pa@)= Y — e, (12.3)

lei, U...Ue; \xe”
(eiysergeped |11 2 G
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12.2.1. Characterization of the coefficients of the polynomial p;. We
begin by getting the explicit coefficients of the polynomial p; expressed in the standard
monomial basis. The basic fact we will now use is that the coefficients depend only
on the set of distinct edges that are present in the tuple (e;,,...,e;,) € E% and not
on their multiplicities.

Recall that m = |E| and label all the edges as eq, ..., e, so that E = {e1,...,emn}.
For a d-tuple e := (e;,,...,¢€;,) € B¢ with iy,...,i4 € [m] define the m-tuple

a(g)z(HjE[d]:ij:Z}D € NJ'.
Le[m]

Then we have |a(e)| = d and
2o g, = @ pal@m — pale)
€iy €ig el €m .

Moreover, all d-tuples e = (e;,,...,e;,) € E? with supp(a(e)) = supp(a), for some
fixed oo € NJ*, have the same associated coefficients, namely,
1

- (12.4)
|61'1 U...Ueid|

Ca

As an example, for d=n=m =3, a = (1,0,1):
B 1 _ 1
o |61U€3U€1| - |6’3U61U61|'

Ca
LEMMA 12.3. The polynomial py from (12.3) can be reformulated as follows:
da
pa(x) = Z Camy™. (12.5)
aeNT
PRrROOF. Using the definition of the coefficients c,, we can rewrite py as

no=Y (3 et e (X w)e

Q€NT  e=(ej oeiy)E aeN]  ecEd:a(e)=a

which is equal to > aeN ca%xo‘. Here, for this last equality, we use the monomial
theorem, which claims the identity

m d d'

_ g’
domi) =2 o
, (%
i=1 aeNT

or, equivalently, the number of d-tuples e € E? for which a(e) = a is equal to % O

12.2.2. Decomposing the Hessian of p,.

LEMMA 12.4. The Hessian of the polynomial pq is the matriz

Hpa)(e) o= (A" 5 By

0z, 0, /ij=1

where, for any v € Nj* 5, My = (Cypustu; )i =1
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PROOF. The result follows from looking at the partial derivatives of py

Ipa(z) d!
Ox., B Z (a—ui) Z B'Cﬁﬂh %

aeNgUa121 BEN

and the second-order partial derivatives

0%p(x) d!
due,Oxe, 2 WC'BJF“Z = > Cw+u,+uJ

BENT :8;>1 yeENT

O

Hence, if we can show that the matrices M, in Lemma 12.4 are all PSD, then it
follows directly that H(pg)(x) = 0 for any « in the standard simplex.

We proceed with two successive PSD preserving reductions of M, into smaller
matrices. After the final reduction, these smaller matrices will be shown to be block-
diagonalizeable as a consequence of belonging to the Terwilliger algebra. The resulting
block-diagonalized matrices will be shown to be PSD by giving their explicit Cholesky
factorization.

First reduction. For any integer-valued vector v € N™ define its (edge) support
as the set Sy = {e € E': v, > 1} and let

W, = U e
ecsSy
denote the subset of elements of V' = [n] that are covered by some edge in the support
of v. Then, for any ¢,j € [m], the support of v+ u; + u; is the set S, U {e;,e;} and
we have

1
|LV&LJ€¢LJ€jr
Hence the matrix M, depends only on the set W, (and not on the specific choice of
the sequence ). This justifies defining the matrices

(My)eie; = Cyrustu; =

1
My = (7) 12.6
W [WUeU f|/e,reE (12:6)
for any set W C V = [n]. Hence, for any v € N} ,, we have:
M, = My, (12.7)

Summarizing, we have shown the following result:

LEMMA 12.5. Assume that the matrices My, from (12.6) are positive semidefinite
for all W CV with |W| > L (ifd > 3) and |[W| < L(d — 2). Then the polynomial pg
is convex over the standard simplex.

If d = 2, then there is only one matrix to check, namely the matrix My (for
W = ()). Note that the matrix My coincides with the matrix in (12.1), so we already
know it is positive semidefinite when L = 2. However, if d > 3, one needs to check all
the matrices of the form My, in (12.6).
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Second reduction. We now link these matrices My to the Terwilliger algebra.
Observe that in the matrix My, there are identical rows and columns, and the second
reduction consists simply in removing duplicate rows and columns. Set p := |W| and
U:=V\W,so that |U| =n — p. In addition, set

F:={e\W:ecE}={eCU:L—p<le|<L} (12.8)

which consists of the intersections with U of the edges in E. Then, F = E when
p = 0 and the condition |e] > L — p is redundant when p > L. Now we consider the
following matrix M,,, which is indexed by F', with entries

1
\/1 e = ———
( P) f p+ |€Uf‘

Note that for p = 0 the matrix M, coincides with the matrix My in (12.6) (and
with the matrix in (12.1)). The next lemma shows that M, is obtained from My, by
deleting duplicate rows and columns.

fore, f € F. (12.9)

LEMMA 12.6. Let L > 2 and d > 2. Consider the matrices My in (12.6) and
M, in (12.9). The following assertions are equivalent:
(i) Mw =0 for all W =e; U...Ueq_o with ey,...,eq2 € E.
(ii) M, >0 for allp < L-(d—2) such thatp > L if d > 3.

PrOOF. If d = 2, the result holds since My = My as observed above. So, assume
now d > 3. Let W = e; U...Ueq_2, where e1,...,e4-2 € E, and set p = |W]|.
Consider the partition of the set F into

L
E=|JE:;, Ei:={c€E:|e\W|=i}.
i=0
With respect to this partition of its index set, the matrix My, has the following
block-form:

0,0 0,1 0,L
M‘ivo M‘{V1 M‘iVL
Mm} MV[} MW
MW = . . . . )
0 1 L,L
MW MW MW

where the block MI’,VJ has its rows indexed by FE; and its columns by E;. Note that,
if two edges e, e’ € F satisfy e \ W =€’ \ W, then the two rows of My, indexed by e
and ¢’ coincide: for any f € E we have
i 1 1
(4.5 - - oA =
ol W (eUN\W[ W]+ [(eUf)\ W]

In fact, after removing these duplicate rows (and columns) and keeping only one copy
for each subset of U = V' \ W, we obtain the matrix

0,0 0,1 | ... 0,L
MIi : MZ{ i MIi .
MMV MET MY

Mé{})e,’f.

0 LT ... L.L
M, M, M,
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which coincides with the matrix M, in (12.9). Indeed, the above matrix is indexed
by the set F in (12.8) and its block-form is with respect to the partition

L
F=|JF, F={eCU:|e =i}
i=0
So the block Mé’j has its rows indexed by Fj, its columns indexed by Fj, and its
entries are

hy 1 1
(MpJ)eyf =

p+leUfl p+i+j—lenf]

fore € F,, f € Fj. (12.10)

As the matrix M, arise from My, by removing its duplicate rows and columns, it is
clear that

My =0 <= M, = 0.

This concludes the proof. O

The next section shows that the matrices M, are positive semidefinite for all
0 < p < n by exploiting their link to Terwilliger algebras.

12.2.3. The matrices M, are PSD. Fix an integer 0 < p < n and consider
the matrix M, in (12.9), which has a block-form with blocks as in (12.10). We will
show that M, > 0 because it belongs to the Terwilliger algebra A,,_, (introduced in
Section 11.3).

Observe that relation (12.10) provides the explicit correspondence between the
blocks M7 of M, and the generating matrices Df-, ; of the algebra A,,_:
—— D xi ;D
pritj—t i=0 j=0 =0
after setting

1
Ty = ———. (12.11)
’ pt+i+g—t
Showing that M, = 0. Since M, € A,,_, we can use Theorem 11.7 to show that
M,, = 0 provided we can show that Bj = 0, where the matrices Bj, are defined in
(11.3), with n now replaced with n — p.

Fix the integers p and k. We now proceed to explicitly show that By = 0. To
simplify the notation we introduce the following parameters

ali) = (n—igjfzk)—%’ (e, 1) i <n_?:§_£>’ o(0) = (nn_—pp_—]f_kg>7

which are defined for any integers i,/ € Z. Note that we may omit the obvious
bounding conditions on 4 and ¢ since the corresponding parameters are zero if these
conditions are not satisfied; for instance, a(i) = 0 if i < k and b(¢,7) = 0 if £ > .
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Using this new notation we have that

min{i,j} n—p—k
By = |a(i)a(j) > B,ul; : (12.12)
t=0 L
i,j=k
where
n—p /
t e —t . .
o= ' Jentt 6.) (1213
LEMMA 12.7. We have
min{i,j} min{i,j} 1 o
S Blaaals= Y DML [ otz
t=0 =0

where g({,z) = 2P~ (1=2)* for z € (0,1].

PROOF. First, we exchange the summations in ¢ and ¢ to obtain

min{i,j} min{i,j} ¢ 1 ’
; : I ey
> Sasals= 3 qauanmaﬁ<g;p+i+j_t<1) (J).(m&@

Observe that, for any integer i > 1, we have 7= fo 2*~'dz, which permits us to
give an integral reformulation for the scalars } ; in (12.11) as follows:

1 1
_ = / Lpriti=t=lg,
p+it+j—t Jo

Using this integral representation we can reformulate the inner summation appearing
n (12.14) as follows:

> () - > (2 /01 e

— /01 L= (1)t <§; <_i)t <f)> dz
1

1 1 L 1 o
:/ 2P1 <> 2T dz 2/ g(l,2)2"dz.
0 z 0

The equality marked with (*) follows from use of the binomial theorem. This con-
cludes the proof. O

LEMMA 12.8. We have By, = 0.
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ProoOF. Note that in the result of Lemma 12.7, since b(¢,4)b(¢,5) = 0 if £ >
min{4, j }, we may replace the summation on £ from 0 < ¢ < min{4,j} to 0 < ¢ < n—p.

This implies:

By,

n—p—~k
gt at
IRTRT )

(a(l)a(j)z t
/0 (D 96, 2)e(0) ('alipplt. ) (ali)b(t, 7)) )nfp; “dz
=0

4,j=
=:h(,z,i) =:h(£,2,5)

n—p—~k

- np/o1 g(, 2)e(t) (h(& 2, 9)h(C, z,j)) dz = 0

i,j=k

=0

Here, we used that, for any ¢ € [0, n — p], the function g(¢,z) > 0 on (0, 1]. |

Concluding the proof that p; is convex. We summarize the chain of equiv-
alences we have built with the following schematic:
H(pa) () = 0 """ M, = 0 (3 €N )

CD My =0 (yeNT,)

b d28 pp, -0 (p< L-(d—2))
Tg73kzo(k:0,1,...¢% ),

where, the final statement, i.e., By = 0 (k =0,1,...,|%]), is valid via Lemma 12.8.

Thus, pg is convex over the simplex, and Theorem 11.2 is proved.



CHAPTER 13

Investigating the polynomials f;

We consider the second class of polynomials f; from (11.1), namely

d
=3 e

(e1,...,eq)EET =1

Recall our task was to decide whether

min fo(z) = fa(z®),

TEA,
where z* = i(l, ..., 1) is the barycenter of the simplex A,,,. This statement is true if
fa is convex over A,,. To see this, observe that Lemma 12.1 can easily be extended to
the polynomial f;. So, the tasks shift to proving the convexity of f; over the simplex.

CONJECTURE 13.1. For any integers n, L,d > 2, the polynomial f; is convex over
the simplex A, .

Note that if this conjecture holds true, then, via a similar argument to what we
used in Lemma 12.1, Conjecutre 11.1 follows. For degree d = 2, we have fo = %pg,
and thus we know from Theorem 11.2 that f5 is convex. In Section 13.1, we prove
that Conjecture 13.1 holds for degree d = 3 and edge size L = 2. In Section 13.2,
we provide numerical justification for why we think Conjecture 13.1 holds for more
values of n, L, and d.

In what follows, we decompose in the monomial basis the Hessian H(fy) of f4
into a family of well-structured polynomial matrices Q. (see Lemma 13.2). Then we
give a recursive reformulation of the matrices @) linking them to the matrices M,
(from Lemma 12.4) that constitute the Hessian H(pq) of pgq (see Lemma 13.5). In
Section 13.1, we show that the matrices ), are PSD in the case when d = 3 and
L = 2, thereby proving Conjecture 13.1 for this special case.

Understanding the general case (d > 3 and L > 2) is technically involved. New
tools for exploiting the symmetry structure in the matrices () are required as the
Terwilliger algebra does not capture the structure. This goes beyond the scope of this
thesis, and we leave it for further research. In recent work, Polak [131] has carried
out a symmetry reduction, which enables him to show that Conjecture 13.1 holds in
the case when d < 8 and L = 2.
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13.1. Computing the Hessian of f;

We begin with expressing the polynomial f; in the standard monomial basis:

=2 ) H| T = D baa”
e
Q€NT  em(ey,...eq)emdi=1 1 aENm
ale)=a

where we set

bo == > H‘ v Uez| (13.1)

e=(e1,...,eq) BT =1
(X(E):a

LEMMA 13.2. The Hessian H(f4) of the polynomial fq is given by

H(fa)(z)= Y 27Q,, (13.2)

yeNT,
where, for each v € NI' 5, the symmetric m x m matriz Q) is defined entry-wise by

(Q.)i; == (Vi + D (9 + Dbyusu;, ©#7
VT (i 4+ 1) (i + 2bygon, i=j

PROOF. Direct verification. |

A recursive reformulation for the coefficients of the polynomial f,.
Fix a € NJ'. Looking at the coefficients b,, we see there are % distinct tuples e
such that a(e) = a. For any such sequence e = (e;,,...,e;,) with i1,...,iq € [m],
a = a(e) means that, for any ¢ € [m], ay is the number of occurrences of ¢ within the
multiset {i1,...,iq};80 ap > 1if 0 € {iy,...,iq} and ap =0 if £ & {iy, ... 04}

For instance, for e = (e1,e9,€3,e2,e1), d = 5, m = 4, we have (i1,...,i5) =
(1,2,3,2,1) and a(e) = (2,2,1,0).

Using this fact, we can rewrite b, to be a summation over [m] as opposed to
summing over edge tuples e.

LEMMA 13.3. For any o € NI' we have

ba = Cq Z ba—uka

kem]:ap>1

where ¢, was defined in (12.4).
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PRrOOF. To reformulate b, we exploit the fact that b, enjoys some invariance
property under permutations of [d], namely

b= 2 Ih“ wm

e=(eiy ey EBY k=1
a(e)=a

1 d 1
- E Z Z Ci oy U Ue ‘
o€Sym(d) e=(e; ,...,eq,)e B k=171 o (k)
ae)=a
1 d 1
== . 13.3
§:(ei17---,5id)€Ed GESym(d) k=1 o(1) o (k)
ale)=a
=:S
Observe that the inner summation S in (13.3) does not depend on the choice of the
sequence ¢ such that «(e) = «; thus we may consider it fixed, denoted as (e;,, ..., e;,).

Since there are % possible choices for selecting this sequence, using relation (13.3),
we can reformulate b, as follows:

1d ¢ d
b= Gl 2

: €;
o€eSym(d) k=1 | o (1)

1 A || :
U...Uei, | o reoym(d) kol |€iyey UeeUei, g

Next, we pull out the factor = ¢, which occurs for £ = d and get

d
a
ba = al Z le;
r=1geSym(d):o(d)=rk=1"' "M

Ca
= a Z ba—uir (Oé - u%)'

1
leig U...Ueq, |

d—1 1

U...Ue;

o]

k€[m]:a>1
Here, in the last equality marked (*), we use the fact that «j of the elements in the
multiset {41,...,44} are equal to k. O
We now give a recursive reformulation for the matrices (). Begin by defining a
new parameter b, := a! b, for which we have, via Lemma 13.3, that

~

~ ba—u, >
bo =al by, = al c, Z bo—u, = ! cq Z XU — ¢, Z oy -
o — up!

kiap>1 kiap>1 kiap>1

LEMMA 13.4. For any v € N' , we have Q = 1! (E’y+ui+uj)?j:1~
PROOF. By direct verification, we have, for i # j that
(Qv)ij = (’Yi+1)(’7j+1)b7+ui+uj = bﬂ/-&-ui-i-uj (7i+1)(’7j+1)/(7+u1+“3) = b"y+uz-‘:-uJ /7
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and, for i = j, we have

(Qy)ii = (vi + 1)(vi + 2)bys2u, = /b\’YJrQui (vi+D(vi+2)/(v+2uw)! = /I;’y+2ui /.
O

LEMMA 13.5. Ford > 3 and v € N , we have

Qv = (C'Y+u'i+uj):'?j:1 O( Z Q“/ U ( ytu; T bﬂ/-ﬁ-uj )z] 1)
—_———

ke[m]ye>1

=M,o ( Z Qy—uy + Rv)v

ke[m]:vep>1

M, =R
=:R,

where the matrices M., were introduced in Lemma 12.4.

PrOOF. Combining Lemmas 13.3 and 13.5 we obtain

1 2 1 ~
(Qv) = 7+u +u; = 3 Cytuitu; b7+ui+uj-fw- (v +u; + uj)k
7! 7!
Fr(y+uituj)p>1

1 - ~ .

= S tuitu; ( Z by sty —up Ve + Oyt (vi+1)+ byt (vi + 1))
” hti g1
1 ~ N -

= G tuitu, ( Z b'y—uk+ui+uj Ve + byu; + b7+uj)
tA ki1

~

bv—uv-i-ui-i-u- 1~ N
= v (30 S+ v b))
kiye>1

1 ~ ~
= Cv+u¢+u1< Z (@y—un)ig + —j (byus + b”*“j))’
ki >1 v

which shows the claim. O

Showing QQ = 0 (y e N' ) when d =3, L =2. In view of Lemma 13.2, it
suffices to show that the matrix (), is positive semidefinite for any v € N7*. Up to
symmetry, it suffices to show that @, = 0 for v = u;. In view of Lemma 13.5 we have

Qu, = (Cu1+u7+uj )i =1 o(Qo + ( witu; bu1+uj )iy = 1)-
—— ———
=M, =R,

Hence, we endeavor now to show that Qo + R,, > 0, which will imply that @,, > 0,
and conclude the proof of Theorem 11.3.

Earlier, in Lemma 12.6 and Section 12.2.3, we showed that M, > 0 because My > 0.

Describing the entries of the matrix ()o + R,,. By definition, the entries
of Qo (case v = 0) are

» (Qo)ij = bujtu; = for i # j € [m].

R

i = 202y, = —
(QO) Zus |6i U€j|



13.1. COMPUTING THE HESSIAN OF f4 181

2

~ ) ~
Moreover, bay, = 2bay, = 7 and by, 1u; = buyyu;, = Teroe

obtain that

for ¢ > 2. Using this, we

=:28B

i,j=1

3

1 1 1 m
Qo+ Fuy =2+ ( + + )
lerUej|  le;Uej|  Jer Uel

where we define the matrix B as

1 1 1
B:=( + + ) .
leUfl  lerUe|l ferU f|/efer

(13.4)

ProrosiTiON 13.6. For L = 2, we have B = 0.

Before proceeding to the proof, let us make a few observations. Note that the
matrix B can be decomposed as

1 1 1
B=(p) . +( + )
leU f|/e.reE lexUe|  |er U f|/ e reE

=M, =R

As we are in the case L = 2, the matrix M is the matrix M from (12.1), and is thus
positive semidefinite. On the other hand, the matrix R is not positive semidefinite.
In fact, R has rank 2 and a negative eigenvalue. One can infer from the results in
Section 12.1 that Apyin(Mo) = 1/12, while one can check that Apin(R) < —1/12 =
—0.0833... when n > 6 (see Table 1 below). Hence in general, one cannot argue that
B > 0 by simply looking at the smallest eigenvalues of its summands M, and R.

On a very high level, we will show positive semidefiniteness of the matrix B by
observing that it has a simple block structure, which we can exploit by taking several
successive Schur complements; in this way, we obtain well-structured matrices that
can be directly shown to be positive semidefinite.

Proof of Proposition 13.6. To fix ideas we let e; be the edge e; = {1,2} and
to simplify notation we set p=n —2 and ¢ = (”52) Then the index set of B can be
partitioned into {e1} U1 U s U Iy, setting I, = {{k,i}:3 <i <n} for k = 1,2, and
Ip ={{i,j} :3<i<j<n} So|L|=|L|=pand |l =q With respect to this
partition, one can verify that the matrix B has the following block-form:

e1 Iy P Iy
3 7 7
er | 3 5/1p §J1p Jiq

B = 5L %Jp,l Jp + %Ip %Jp + lelp %Jp,q + %FT
I, %Jp,l %Jp + %Ip Jp + %Ip %Jp,q + %FT
Iy Jq71 %qup + 1—12F %Jq,p + %F M+ %Jq

Here, M is the matrix from (12.1) (replacing n by p = n — 2). We have shown in
Section 12.1 (see relation (12.2)) that M can be decomposed as

1 1 1
M=—I,+-J,+—ITT
PRV RN ’
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where I' =T, is the (§) x p matrix whose (f,)th entry is |{i} N f|. We now proceed
to show that the matrix B is positive semidefinite. Note that its lower right diagonal
block indexed by the set Ij is positive semidefinite (since M = 0). Our strategy is
now to ‘eliminate’ the three borders indexed by the sets {e1}, I1, and Is successively,
one by one, by taking Schur complements, until reaching a final matrix (indexed by
1) whose positive semidefiniteness can be seen directly. To do the Schur complement
operations, we will need to invert matrices of the form al + b.J.

LEMMA 13.7. Fora,b € R such that a-+pb # 0, the matriz al,+bJ, is nonsingular
with inverse

_ 1 b
(U,Ip 4+ bJp) 1 = g(lp — pbi-’—a)‘]p
We now eliminate the three borders of B indexed by {e1}, I;, and Iy by taking
successive Schur complements with respect to the upper left corner.

The first Schur complement. We take a first Schur complement with respect
to the upper left corner of B (indexed by e1). We call By the resulting matrix, which
reads

T+, | B+ 51 S Tpq+ 5IT

B o=|mhtsh| Jotsh §pat L7
¢Japt 10 | §ap+ 10 | 13lo+ ITT + 3,

7
EJp,l
2 7 7 7
3| 5k (6‘]14) 71 JLq)
Jg1
5 1 1 1 1 1 T
57Jp + EIP me + EIp ﬁ']p,q + ﬁr
1 1 5 1 1 1 T
— |t alp | 31t 5dpa + 51
1 1 1 1 1 1 T 1
sdap T U | 5l T 130 | 3l + I + 1374

Setting By = 6§1, we obtain B = 0 <= El = 0 <= By = 0, where
§hot L |l taly | 5eatal”
By = Tlg']p + %Ip g']p + Ip %Jp,q + %FT
1 1 1 1 1 1T | 1
sdop t 50 | 5dgp+ 50 | 51+ 35IT7 +5J,

The second Schur complement. We now take the Schur complement with
respect to the upper left corner of By (indexed by I), where we use Lemma 13.7 to
invert it:

(I, +5/9J,) "t =1, —5/(5p + 9)J,,.
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After taking this Schur complement the resulting matrix By reads:
(3541, | 30a+4T7 )
T\ 44T [ 31,3007 + 41,

1 1
7Jp+ 7Ip 5
S ) o) (b 4 417)

by s r) TG
3 11p+23 1 3p+7
/ZI t 4(51;+9)J ‘ i+ 2<£v+9) Tr.a \
- 1 3p+7 1 1 T 3p+7
\ I'+ 56570y Jar ‘ Ig + 4T + 2(§+9)J}

Setting By = 4§2 we obtain B > 0 <= By = 0 <= By = 0, where
11p+23 T | 20Bp+7)
{31 + 5Z+9 Jp ‘ r 5;-9 Ip.q \

B (3p+7 2(3p+7) .
2=\ 2820 7, | 21, + TT7 4 20240, ]

The third and final Schur complement. Inverting the top left block of Bs
via Lemma 13.7 gives

11 2 -1 1 11 2
(3[ D+ 3Jp) B (11p + 23)

5p+9 T3P 3(11p2+38p+27)°7
Taking the third and final Schur complement with respect to this block in By we get
the matrix
23p+ 1)
By :=2[,+TTT + =———
2(3p+7) 1 (11p + 23) 2(3p+17)
—(r7 o T, (50 - Jp) (17 + 222,
( + S5p+9 P <3p 3(11p? + 38p + 27) + 5p+9 P
2 2(9p + 25)
=2l +-ITT + ——
a73 +3(11p+27) ?

It is now clear that B3 > 0. This implies that By > 0 and thus B > 0, which con-
cludes the proof of Proposition 13.6.

Why the proof of Proposition 13.6 is hard to extend to L > 3. The
biggest hurdle lies in the richness of the possible intersections between edges of large
sizes. More concretely, recall that the (e, f)*™ entry of the matrix B in (13.4) depends
on leU f|, [eUeyi| and |f Ueq]. So, one has to take into account how the two edges
e, f pairwise interact within e; and outside of it, which becomes technically involved
when |e;| = L is large. The matrix B has an increasingly involved block structure
when L grows. In addition, some of the blocks in B may have a form that requires
an additional symmetry reduction to become amenable.
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13.2. Numerical justification for convexity of f;

We have carried out some numerical experiments for a range of values of d, L, n
and verified that the matrices (), are positive semidefinite for all v € NJ}_, in these
cases. Hence, for these values, the polynomial f; is convex, and Conjecture 13.1 holds.
Recall from Lemma 13.5 that the matrix ¢, can be decomposed as

Q=Myo( Y Quw+R,)=M,o(By+R,).

kem]iyp>1

=B,

By the results in Section 12.2, we already know that the matrix M, is positive
semidefinite. Hence, it now suffices to show that the matrix B, + R, is positive
semidefinite for each v € NJj_,. We did this in the previous section for the case d = 3
(and L = 2). We have computed the minimum eigenvalues of the matrices @, B,
and R, for different values of n, d and L and give this information for the case L = 2
in Table 1 below (for d = 3). In Appendix A of [27], extensive tables are provided
for d > 4.

Hd L n Y /\m1n(Q’Y) /\m”L(B’Y) )\min(R"/) H
3 2 3 [[1,2] 0055  0.1667  -0.0236
3 2 4 [[1,2] 0.0347  0.0833  -0.0478
3 2 5 [[1,2] 00347  0.0833  -0.0729
3 2 6 [[1,2] 00347  0.0833  -0.0987
3 2 7 [[1,2] 00347  0.0833  -0.1249
3 2 8 [[1,2] 0.0347 0.0833  -0.1514

TABLE 1. Cased=3,L =2

For recent progress on this problem, we refer to Polak [131], who proved that all
the matrices (), are positive semidefinite in the case d < 8 and L = 2. One of the
difficulties is that one needs to enumerate the distinct patterns for v € N' ,, i.e., the
number of multigraphs with d — 2 edges. As mentioned earlier in Example 11.4, this
number is given by the OEIS sequence A050535 [1], and it grows quickly with d.



Discussion

Some background on symmetry. Symmetry is a widely used ingredient in
optimization, in particular in semidefinite optimization and algebraic questions in-
volving polynomials. We mention a few landmark examples as background informa-
tion. Symmetry can be used to formulate equivalent, more compact reformulations for
semidefinite programs. The underlying mathematical fact is Artin-Wedderburn the-
ory, which shows that matrix *-algebras can be block-diagonalized (see Theorem 11.6).

A well-known early example is the linear programming reformulation from [143]
for the Lovasz theta number of Hamming graphs, showing the link to the Delsarte
bound and Bose-Mesner algebras of Hamming schemes [49, 50]. Symmetry is used
more generally to give tractable reformulations for the semidefinite bounds arising
from the next levels of Lasserre’s hierarchy in [144] (which gives the explicit block-
diagonalization for the Terwilliger algebra of Hamming schemes, see Theorem 11.7)
and, e.g., in [75], [74], [109], [114]. For more examples and a broad exposition
about symmetry in semidefinite programming, we refer, e.g., to [10, 44] and further
references therein. Symmetry is also a crucial ingredient in the study of algebraic
questions about polynomials, like representations in terms of sums of squares and
in polynomial optimization. We refer to [71] for a broad exposition and, e.g., to
[138] (for compact reformulations of Lasserre relaxations of symmetric polynomial
optimization problems), [137] (for methods to reduce the number of variables in
programs involving symmetric polynomials), and the recent works [133, 134] (which
consider symmetric polynomials with variables indexed by the k-subsets hypercube
(as in our case) and uncover links with the theory of flag algebras by Razborov [135]).

Current status of Conjecture 13.1. As of the time of writing this thesis,
Conjecture 13.1 has not been proven to hold for the general case: d > 9 and L > 2.
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Inspired by Leonhard Euler’s belief that every event in the world can be understood
in terms of maximizing or minimizing a specific quantity, this thesis delves into
the realm of mathematical optimization. The thesis is divided into four parts, with
optimization acting as the unifying thread.

Part 1 introduces a particular class of optimization problems called generalized
moment problems (GMPs) and explores the moment method, a powerful tool used
to solve GMPs. We introduce the new concept of ideal sparsity, a technique that
aids in solving GMPs by improving the bounds of their associated hierarchy of
semidefinite programs.

Part 2 focuses on matrix factorization ranks, in particular, the nonnegative rank,
the completely positive rank, and the separable rank. These ranks are extensively
studied using the moment method, and ideal sparsity is applied (whenever
possible) to enhance the bounds on these ranks and speed-up their computation.

Part 3 centers around portfolio optimization and the mean-variance-skewness-
kurtosis (MVSK) problem. Multi-objective optimization techniques are employed
to uncover Pareto optimal solutions to the MVSK problem. We show that most
linear scalarizations of the MVSK problem result in specific convex polynomial
optimization problems which can be solved efficiently.

Part 4 explores hypergraph-based polynomials emerging from queueing theory in
the setting of parallel-server systems with job redundancy policies. By exploiting
the symmetry inherent in the polynomials and some classical results on matrix
algebras, the convexity of these polynomials is demonstrated, thereby allowing us
to prove that the polynomials attain their optima at the barycenter of the simplex.

ANDRIES STEENKAMP (Pretoria, South Africa, 1992) received his bachelor’s degree
in Mathematics (with distinction) from the University of Pretoria in 2015. He
obtained his master’s degree in Mathematics from ETH Zurich in 2018. In 2019, he
joined Centrum Wiskunde & Informatica (CWI) in Amsterdam as a PhD candidate
in the Marie Sktodowska-Curie Training Network POEMA.

ISBN: 978 90 5668 720 5
DOI: 10.26116/pep2-4m10

B e coICHECORC RIS Dissertation Series



	Lege pagina

