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Preface

Studies on the quadratic unconstrained binary optimization problem (QUBO) can
be traced back to the late 1950s and early 1960s, when there was much work on
the more general class of pseudo-Boolean optimization problems. Since then, a
large number of papers have been published on the topic from different points of
view, including theory, algorithms, and applications. Moreover, QUBO has received
renewed interest lately due to the development of quantum and quantum-inspired
computers. The literature on QUBO has however been scattered across many
disciplines and, up to now, no comprehensive volume had been published on the
topic. This book is an effort to present important developments from the point of
view of theory, algorithms, and applications of QUBO in consolidated form.

There are 11 chapters in this book, each focusing on a specific aspect of the
problem. Chapter 1 provides an introduction to QUBO including some historical
notes, sample applications, and general representations of the problem. Chapter 2
presents a thorough summary of various application areas, with a detailed reference
list. It also covers some formulation techniques and sample experimental results.
Chapter 3 highlights the computational complexity of the problem and contains a
detailed discussion of polynomially solvable special cases. Chapter 4 deals with the
Boolean quadric polytope and its applications in developing branch-and-cut algo-
rithms for the problem. Chapter 5 deals with so-called autarkies and persistencies for
QUBO. They can be used to fix variables a priori and to enhance exact and heuristic
algorithms. Chapter 6 deals with exact algorithms. Various mixed-integer linear
programming and semidefinite programming formulations of QUBO are discussed,
and there is an overview of specially designed exact algorithms. The analysis of
random QUBO instances is the topic of discussion in Chap. 7. Chapter 8 talks about
approximation algorithms for QUBO, analyzed from a theoretical point of view,
followed by Chap.9, which provides a state-of-the-art account on metaheuristics
for QUBO. The bipartite QUBO is the topic of discussion in Chap. 10, and Chap. 11
provides a summary of the currently available QUBO software, with pointers on
how to access this software.
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viii Preface

I believe researchers, students, and practitioners in various fields, including
operations research, computer science, mathematics, and industrial engineering,
will find this book useful as a state-of-the-art reference volume.

I would like to express my indebtedness to each of the authors who wrote various
chapters of the book. Without their unrelenting support, this book would not have
been possible. Each of the authors contributed significantly to the development
of the field and, as one can see, citations to their works appear throughout the
book. I am fortunate that such a distinguished and marvelous group of people
collaborated on this project. The chapters were prepared at an unusually difficult
time for everyone due to COVID-19, with universities closed, teaching completely
moved online, worldwide travel bans, and, sadly, even seeing loved ones depart from
the world.

Some chapter authors also participated in reading and providing feedback on
various chapters. Many other distinguished scholars also shared their valuable
time in providing feedback on the various chapters of the book. In particular, I
am thankful to Fred Glover, Adam Letchford, Karthik Natarajan, Renata Sotirov,
Brad Woods, Pooja Pandey, Snezana Minic, Gregory Gutin, Navpreet Kaur, Binay
Bhattacharya, and Konstantin Makarychev for their feedback. I am thankful to
Mikel Rodriguez for providing me with his drawing related to the “person-tracking”
example. I am also thankful to Simon Fraser University for providing me with
the facilities required to edit this book. The staff at Springer patiently supported
the project, despite us missing one deadline after another. In particular, I would
like to express my appreciation to Sujatha Chakkala, Katrin Petermann, and Rocio
Torregrosa. In retrospect, perhaps the delays were a blessing in disguise: what a
wonderful end product! Thank you again to all authors and everyone else involved.
I believe that the book will remain an authoritative reference on QUBO for many
years to come.

Surrey, BC, Canada, Abraham P. Punnen
31 December 2021
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Chapter 1 )
Introduction to QUBO Gt

Abraham P. Punnen

Abstract This chapter provides a general introduction to the quadratic uncon-
strained binary optimization problem (QUBO). Starting with a brief historical
review, we present some basic definitions and notations, equivalent representations,
examples of important combinatorial optimization problems that are equivalent to
QUBO and some additional motivating examples. We also discuss some of the basic
mathematical programming formulations of QUBO along with relevant pointers to
the contents of other chapters of the book.

1.1 Introduction

Mathematical programming models play a vital role in the socio-economic devel-
opments of the modern-day society. Optimization frameworks such as linear
programming, quadratic programming, combinatorial optimization, and mixed
integer programming are effectively used in engineering design, finance, healthcare,
economics, medicine, transportation, supply chains, environment, telecommunica-
tions among others. Perhaps the most fundamental among the various optimization
modeling tools is linear programming. This model building framework, as we know
it today, was originated around 1938 and evolved into an applicable modelling
technique in the early 1950s with the discovery of the simplex method [14].
Realization of the benefits associated with having integrality restrictions on some
or all of the decision variables of a linear program led to the development of integer
programming and significant advancements in this area continues to emerge [42].
The literature on unconstrained nonlinear optimization on the other hand, can be
traced back to early days of calculus [66]. However, the development of successful
methods for solving constrained nonlinear optimization problems took a very
long time. Special nonlinear programs of minimizing convex quadratic functions
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over linear constraints can now be solved very efficiently. Study of constrained
quadratic optimization problems started around the mid 1950s with applications
in portfolio optimization [56, 57]. Systematic investigations on the quadratic
programming problem with integrality restrictions on the decision variables took
another decade to initiate [34, 53]. This book addresses a versatile unconstrained
quadratic programming model called quadratic unconstrained binary optimization
problem (QUBO) where the decision variables take values O or 1. The literature on
QUBO is quite extensive and for a quick overview, we refer the reader to the survey
papers [28, 45, 48].

Before getting into the technical details, let us start with some basic notations.
All matrices are represented using bold capital letters and elements of a matrix are
represented by the corresponding small letters along with accents, if any, and the
location coordinates. For example the (i, j)th element of the matrix A is a;;, of the
matrix B is b; j» and of the matrix DX is dlk/ Similarly, vectors are represented by
boldface small letters along with appropriate accents, as applicable, and elements
of the vector is represented using the same letter (without boldface) along with its
location coordinate and accents, if any. For example, the ith element of the vector ¢
is ¢;, of the vector xK is xlk , and of the vector v is v;. Exceptions to this rule will be
stated explicitly and operators such as transpose etc. are not considered as accents in
the case of vectors. The zero vector in any dimension is represented by 0. Additional
notations will be introduced as need arises.

Let us now present a formal mathematical definition of QUBO. Let Q be ann x n
matrix, ¢ = (c1, c2, ..., c,) be arow vector from R”, and X" = (x1, x2, ..., x,) be
arow vector from {0, 1}". Then, QUBO is defined as the mathematical programming
problem:

Maximize x'Qx + ¢’x

Subject to
x € {0, 1}".
Since xl.z = x; for any binary variable x;, we can represent QUBO without the
linear term by simply adding ¢; to g;; fori = 1,2, ..., n. Alternatively, we can
assume g;; to be zero by replacing ¢; with ¢; + g;;. In fact, QUBO is represented
in many other alternative forms which are discussed in more detail later in this
chapter. QUBO sometimes is presented as a minimization problem, different from
the standard maximization form. The data Q, ¢ along with the orientation of
optimization completely defines a problem instance. Thus, a maximization instance
of QUBO can be represented by the triple (Q, ¢, max) and a minimization instance
of QUBO can be represented by (Q, ¢, min). Note that, the instances (Q, ¢, max)
and (—Q, —c, min) are equivalent. Unless otherwise specified, we assume that
QUBO is presented in the maximization form and we normally represent such an

instance by the ordered pair (Q, ¢).

Let us now look at an interpretation of QUBO from the point of view of matrix
theory. A principal submatrix of Q is a square submatrix obtained by deleting rows
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and columns corresponding to an index set S C {1, 2, ..., n}. The value of a matrix
is the sum of its elements. Without loss of generality assume ¢ = 0. Then QUBO
is precisely the problem of computing a principal submatrix of Q with maximum
value.

A graph theoretic interpretation of QUBO can be given as follows. Let G =
(V,E)beagraphsuchthat V ={1,2,...,n}and (i, j) € E if and only if g;; # 0.
The graph G is called the support graph of Q. Let g;; be the cost of edge (i, j) € E
and ¢;; + ¢; be the cost of the vertex i € V. Let S be a subset of V and G (S) be the
subgraph of G induced by S. The cost of G(S) is defined as the sum of the cost of
its edges and vertices. Then the QUBO seeks a subset S of V such that the cost of
the induced subgraph G(S) of G is maximized.

Literature on QUBO, presented as a 0-1 quadratic program, can be traced back
to 1960s, particularly with the work of Hammer and Rudeanu [34] on pseudo-
Boolean functions and those of [13, 20, 21, 33, 80, 81]. Graph theoretic optimization
problems such as the maximum weight stable set problem, the maximum weight
clique problem, and the maximum cut problem have a hidden QUBO structure. As
we will see later, these graph theoretic optimization problems are indeed equivalent
to QUBO. In this sense, the history of QUBO is also linked to the origins of these
graph theoretic structures.

A stable set of a graph G = (V, E) is a subset S of V such that no two vertices of
S are adjacentin G. Let d; be a given weight associated with vertex i € V. Then, the
maximum weight stable set problem is to find a stable set S in G such that ), ¢ d;
is maximized. It is easy to formulate the maximum weight stable set problem as a
QUBO. Consider the binary decision variables x; fori = 1,2, ..., n where x; = 1
represents the event that vertex i is in the stable set. Then, for any stable set S and
(i, j) € E, if the distinct vertices i, j € S then x;x; = 0. This constraint can be
forced using a quadratic term in the objective function. Define

d; ifi =j
qgij=1y—M if(i,j)eE
0 if (i, j) ¢ E,

where M is a large positive number. Also, choose ¢ as the zero vector. Then, the
maximum weight stable set problem can be solved as the QUBO instance (Q, ¢)
where Q and c are as defined above. Interestingly, it is possible to formulate any
instance (Q, ¢) of QUBO as a maximum weight stable set problem and this will be
discussed in Sect. 1.4 along with the other equivalent forms of QUBO.

A clique in the graph G is a subset S of V such that the subgraph G(S) of G
induced by S is a complete graph. It is easy to see that S is a clique in G if and only
if S is a stable set in the complement of G. Thus, in view of the discussion above,
the maximum weight clique problem can also be formulated as a QUBO and it is
also equivalent to QUBO.

Thus, from a historical perspective, cliques and stable sets play an indirect role in
the evolution of QUBO. The literature on computing maximum weight clique and
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maximum weight stable set is quite extensive and we will not attempt a detailed
review of historical developments of these structures. However, we briefly discuss
below some of the earlier works that introduced these notions. Although clique
(stable set) is a well established concept in graph theory at present, the terminology
has its roots in social sciences [19, 22, 55]. Luce and Perry [55] in 1949 defined a
clique as follows:

A subset of the group forms a clique provided that it consists of three or more members
each in the symmetric relation to each other member of the subset, and provided further
that there can be found no element outside the subset that is in the symmetric relation to
each of the elements of the subset.

The first algorithmic results on computing cliques was presented by Harrary and
Ross [36]. Without using the name ‘clique’, the concept of complete subgraphs and
independent sets (same as stable sets) were considered by Erdos and Szekeres [17]
in 1935 while discussing Ramsey Theory in the context of graphs.

QUBO can also be written as a continuous optimization problem [70, 71].
Consider the box-constrained quadratic program

Maximize x"Qx + ¢'x — Mx" (e — x)
Subject to
x € [0, 1]

where M is a large positive number and e is the all-one vector in R”. Note that for
large M, the objective function becomes convex and hence an optimal solution is
attained at an extreme point of [0, 1]” [70, 71]. The collection of extreme points of
[0, 17" is precisely {0, 1} establishing the validity of the above representation of
QUBO.

QUBO is strongly NP-hard. A thorough complexity analysis of the problem and
various polynomially solvable special cases are discussed in Chap. 3 and complexity
results in connection with approximability is discussed in Chap. 8.

1.2 The Ising Model

Long before the QUBO become popular within the operations research community,
the model was used in statistical mechanics in an alternative form [75]. This is
popularly known as the Ising model where the variables take values from {—1, 1}.
The Ising model was originally proposed by Ernst Ising and Wilhelm Lenz in the
1920s to understand the behaviour of magnetic materials. This model considers a
magnetic material as a set of molecules. The Molecules have spins which ‘align’
or ‘anti-align’ when a magnetic field is introduced and have pairwise interaction
with each other [3, 5]. Let V = {1, 2, ..., n} be a collection of molecules and x; €
{—1, 1} represents the spin of molecule i. Let b; be the strength of the magnetic field
applied on molecule i and a;; represents joint interaction field between neighbouring
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spins of i and j. For a given spin vector X = (x1, X2, ..., X,), the corresponding
energy value is defined as

n o n n
EXx) = ZZai/’x,’x/' + Zb,'x,'.

i=1 j=1 i=1

At low temperature levels, the system tends to low energy states and hence the
sign of a;; indicates possible spin direction. Thus, when a;; > O the system favors
anti-aligned neighbouring spins, i.e. x;x; = —1 leaving g;;x;x; < 0. Likewise,
when a;; < O the spins x; and x; are likely to align; i.e. x;x; = 1 leaving
ajjxix; < 0. This simple hypothetical model has been validated through experi-
mental considerations by physicists for decades [10, 40, 61-63]. This underlying
model is the basis of some of the current quantum inspired computing machines [5]
which essentially brings a system to its lowest energy level which in turn indirectly
computes the minimum of the energy function (maximum of — E (X)) over variables
that takes values —1 or 1.

The associated optimization problem, presented in the maximization problem,
can be stated as

Maximize y'Ay + by
Subject to

where A is an n x n real valued matrix and b* = (by, b, ..., b,) is a row vector
from R” and y is a column vector in {—1, 1}". We refer to this version of QUBO as
the Ising QUBO.

The models QUBO and the Ising QUBO are equivalent from an optimality
point of view. Note that the linear transformation x; = ;(yi + 1) for i =

1,2...,n reduces the QUBO (Q, ¢) to the Ising QUBO (A, b) where A = }‘Q,
bi = ;(zci + 3 il +q,,-)) for i = 1,2,...,n along with an additive

constant o = (Z;’zl di1qi+ i c,-), which can be discarded. Similarly,
an instance (A, b) of the Ising QUBO can be reduced to an instance (Q, ¢) of
QUBO using the transformation y; = 2x; — 1 fori = 1,2...,n with Q = 4A,
¢ = 2b + 2A”e + 2Ae along with the additive constant ¢’ e + e’Ae.

The original Ising model was in fact a special case of the Ising QUBO. There
are various extensions and generalizations of this popular model. For a historical
account of various developments related to this model, we refer to the survey
papers [10, 40, 61-63]. Although the name ‘Ising model’ is widely accepted within
the physics community, it is not without controversy. For example, Barry Simon in
his book on The Statistical Mechanics of Lattice Gases [75] writes:

Lattice models are caricatures invented to illuminate various aspects of elementary statis-

tical mechanics, especially the phenomena of phase transitions and spontaneously broken
symmetry. The simplest of all models is the Ising (or Lenz-Ising) model and this model
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was suggested to Ising by his thesis adviser, Lenz. Ising solved the one-dimensional model,
..., and on the basis of the fact that the one-dimensional model had no phase transition,
he asserted that there was no phase transition in any dimension. As we shall see, this is
false. It is ironic that on the basis of an elementary calculation and erroneous conclusion,
Ising’s name has become among the most commonly mentioned in the theoretical physics
literature. But history has had its revenge. Ising’s name, which is correctly pronounced “E-
zing,” is almost universally mispronounced “I-zing.”

Such discussions are probably important in physics to put contributions to
scientific developments in context. We continue to use the terminology QUBO and
Ising QUBO to distinguish between the nature of the underlying variables and to
recognize the linkages between the Ising model and Ising QUBO.

For QUBO, we have seen that the linear term can be absorbed into the Q matrix
or the diagonal of Q can be extracted and added to the linear term without altering
the optimal solutions set. It is possible to discard the diagonal elements of A from
the Ising QUBO since these elements simply contribute a constant value to any
feasible solution. Thus, it is customary to assume that diagonal entries of A are
zeros. Further, it is possible to reformulate Ising QUBO without the linear term [18,
38]. Define the (n + 1) x (n + 1) matrix A where

aij, iflfi,jfn

sbi forj=n+1,i=12,...n
ybj fori=n+1j=1,2,...,n
0 fori=j=n+1.

ajj =

Now, consider the Ising QUBO,

IQB: Maximize y"Ay
Subject to
y € {—1, 1"+

Note that if y is a solution to the Ising QUBO IQB then —y is also a solution. Further,
if both y and —y have the same objective function value in IQB. Thus, without loss
of generality we can assume that y,1; = 1 in an optimal solution to IQB. Now, it
can be verified that IQB is equivalent to the Ising QUBO.

The validity of the Ising model is not restricted to physics. Its relevance has been
established in various other fields such as finance, biology, psychology, sociology
etc. For example, the Ising model can be adapted to study human behavior by
interpreting similarity between the behaviour of molecules and the behaviour of
human, as argued by Galam [24]. Specific applications of the Ising QUBO from this
point of view can be found in [49, 77]. Applications of QUBO and the Ising QUBO
are covered in detail in Chap. 8.
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1.3 Representations of the Q Matrix

Let fo.(x) = x"Qx + ¢"x denote the objective function of the instance (Q, ¢) of
QUBO. We remove the suffix Q, ¢ from fgp . when the explicit consideration of Q
and c is unimportant. An instance (Q’, ¢) of QUBO is an equivalent representation
of the instance (Q, c¢) if

1. fo,c(x) = fo,«(x) forallx € {0, 1}"
2. Q and Q' belongs to R"*", ¢ and ¢ belongs to R".

Equivalent representations, although preserving optimality, could generate instances
with different structural properties that may be exploited to obtain computational
advantages. Let us now look at some simple and commonly used equivalent
representations of QUBO [65]. More involved equivalent representations and
corresponding applications in computing strong lower bounds are discussed in
Chaps. 6 and 7.

Remark 1.1 (QT, ¢) and (é (Q + QT) , c) are equivalent representations of (Q, ¢).

The proof of this remark is straightforward. Note that é (Q + QT) is a symmetric
matrix. Thus, it is possible to assume without loss of generality that the matrix Q
in the definition of QUBO is symmetric and this assumption is required for some of
the algorithms to solve the problem and in computing certain types of lower bounds.
For any matrix Q € R™*", diagV(Q) is the diagonal vector of Q. i.e. diagV(Q) is
the vector of size n and its ith element is g;;.

Remark 1.2 ([69]) If S is a skew-symmetric matrix, D is a diagonal matrix, Q' =
Q+S+D,and ¢’ = ¢ — diagV(D), then (Q’, ¢) is an equivalent representation of
Q. 0.

The proof of Remark 1.2 follows from the fact that xX"Sx = 0 for any skew-

symmetric matrix S and xi2 = x; for all binary variables x;. Choosing S and D
appropriately, we can get different standard representations of Q. For example,

choose D such that d;; = —q;; fori =1, ..., n and choose S such that
qj,' ifj >
Sij =\ —qij ifj<i
0 otherwise.

Then, the resulting matrix Q' is upper triangular with zeros on the diagonal. This
is a common representation used in the QUBO literature and is also assumed in
some of the chapters in this book. If we choose S as the zero matrix and d;; = M
fori =1,...,n, where M is a sufficiently large nonnegative number, the resulting
matrix Q' will be positive semidefinite. Consequently, without loss of generality one
may assume Q to be positive semidefinite. When Q is symmetric and not positive
semidefinite, choosing M to be the negative of the smallest eigenvalue of Q is
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sufficient to make Q' to be positive semidefinite [32]. This makes the continuous
relaxation of the objective function of QUBO a convex quadratic function. In a
similar way, choosing M as a sufficiently small negative number, we can get a
representation of QUBO where the Q matrix is negative semidefinite and thereby
making the continuous relaxation of the objective function of QUBO a concave
quadratic function.

A QUBO (Q, ¢) of size n can be represented as a QUBO (Q’, 0) of size n + 1
such that the row sum and column sums of Q’ are zeros. We call this the zero sum
representation. Without loss of generality assume ¢ = 0. From the instance (Q, 0)
construct the matrix Q' as

qij ifi,j<n
g = — Y ko1 Gik ifj=n+1,i<n
X — D i1 Gk ifi=n+1,j<n

ZZ:IZZ:IQ/{K 1fl=n+1,]:n+1

It can be verified that the row and column sums of the matrix Q' are zeros.
Consequently, the sum of all elements of Q' is also zero. If x,,41 is zero in an optimal
solution for (Q’, 0) then (Q’, 0) is equivalent to (Q, 0). Let X = e — x where e is the
all one vector in R"*!.

Lemma 1.1 If row and column sums of Q' are zeros, then X’ Q'x = X" Q'x for all
x € {0, 1}**1,

Proof X’Q'x = (e —x)"Q'(e —x) = e’Qe —x'Qe —e"Q'x + X' Q'x = X' Q'x.
The last equality follows from the fact that row and column sums of Q' are zeros,
which makes €' Q'e = 0,x’Q’e = 0 and ¢’ Q'x = 0. O

From Lemma 1.1, if x is an optimal solution to (Q’, 0), then X is also an optimal
solution. Thus, x,4+; = 0 in one of these optimal solutions of (Q’, 0) and hence
(Q’, 0) and (Q, 0) are equivalent.

1.4 Some Equivalent Optimization Problems

We have seen that the problem of computing the maximum value principal minor
of an n x n matrix, the maximum weight induced subgraph problem, and the Ising
QUBO are alternative ways of representing a QUBO. In this section, we discuss
some additional problems that are equivalent to QUBO and these equivalent forms
are used in some of the chapters to follow to derive structural properties and to
develop solution algorithms.
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1.4.1 QUBO as a Bilinear Program

In this subsection, we assume that Q is symmetric and positive semidefinite. As
discussed in the previous section, this assumption is without loss of generality. Then
the continuous relaxation of QUBO is to

QUBO(C): Maximize f(x) =x"Qx + ¢'x

Subject to: x € [0, 1]"

Since Q is symmetric and positive semidefinite, f(x) is a convex function and
hence there exists an optimal solution to QUBO(C) which at an extreme point of
the hypercube [0, 1]*. Now consider the hypercube bilinear program

HBLP: Maximize n(x,y)=xQy + éch + écTy
Subjectto: x € [0, 11",y € [0, 1]"

Lemma 1.2 ([51]) There exists an optimal solution (x*, y*) to HBLP such that both
x* and y* are extreme points of the hypercube [0, 1]".

Proof Suppose that (x, y°) is an optimal solution to HBLP. Now fix y = y° in
HBLP and let x be an optimal extreme point solution of the resulting linear program.
Then (X, y°) is an optimal solution to HBLP. Next fix x = X in HBLP and let y be
an optimal extreme point solution of the resulting linear program. Then (X, y) is an
optimal solution to HBLP and this completes the proof. O

Let us now prove a property of a symmetric positive semidefinite matrix which
is used in the proof of the theorem that follows.

Lemma 1.3 If Q is a symmetric positive semidefinite matrix such that xX*Qx = 0
then Qx = 0.

Proof Since Q is symmetric and positive semidefinite, there exists a matrix B such
that Q = B”B. Then, x’Qx = x"B"Bx = (Bx)" (Bx) = ||Bx||%. Thus, x’Qx = 0
implies Bx = 0 and hence Qx = B"Bx = 0. O

We now show that QUBO is equivalent to HBLP.

Theorem 1.1 ([50, 51]) If (x*,y*) is an optimal extreme point solution of HBLP
then both x* and y* are optimal solutions of QUBO(C). Conversely, if X* is an
optimal extreme point solution of QUBO(C) then (X*, X*) is an optimal solution to
HBLP.

Proof Let (x*,y*) be an optimal extreme point solution of HBLP and x” be an
optimal extreme point solution of QUBO(C). Then,

Fx%) > f(x*)and f(x°) > f(y"). (1.1)
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Further,

n(x*, y*) = max{n(x,y) : x,y € [0, 11"}
> max{n(x,x) :x € [0, 1]"} = f(xo) (1.2)

Since (x*, y*) is an optimal solution to HBLP,

n(x*, y*) — n(x*,x*) > 0 and n(x*, y*) — n(y*,y*) > 0 (1.3)
But
n(x*, y") — n(x*, x*) = x)'Qy* —x*) + ;CT(y* —x*) and (1.4)
n(x*,y") —n@y*y) =)' Qx" —y") + ;CT(X* -y (1.5)
From (1.3), (1.4) and (1.5) we have,
xH'Qy* —x*) + ;CT (y* —x*) > 0Oand (1.6)
(K ¥+ L "~y 2 0. (.7

Adding (1.6) and (1.7), we get (x* —y*)" Q(x* —y*) < 0. Since Q is symmetric and
positive semidefinite, from Lemma 1.3, Q(x* — y*) = 0. Substituting this in (1.6)
and (1.7) we get ¢" (x* — y*) = 0. Thus from (1.4) and (1.5) we have

n(x*, y") = n(x*, x*) = ny*, y.
But n(x*, x*) = f(x*) and 5(y*, y*) = f(y*). Thus,
n(x*,y") = fx*) = f(y") (1.8)

From (1.1) and (1.8), n(x*, y*) < f(x°) and the result follows in view of (1.2) and
(1.8). O
1.4.2 The Maximum Cut Problem and QUBO

Let G = (V, E) be a graph with V = {1, 2, ..., n} and for each edge (i, j) € E a
weight w;; is prescribed. For any § C V, the pair (S, V \ §) is called a cut in G.
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The weight of the cut (S, V \ §) is

w(S, V\S) = > wij.

ieS,jeV\S, (i, j)eE

In general, our definition of a cut allows the possibility that S = # or § = V and in
either case w(S, V \ §) = 0. The minimum cut problem seeks a cut (S, V' \ §) with
minimum w(S, V \ S) value. When w;; > 0 for all (i, j) € E, we normally do not
permit S = @ or V for the minimum cut problem since otherwise the trivial solution
S = () is optimal. Likewise, the maximum cut problem seeks a cut (S, V \ S) with
maximum w(S, V \ §) value. When w;; > 0 for all (i, j) € E, the minimum
cut problem is solvable in polynomial time [44] but the maximum cut problem
is NP-hard [23]. When wj; is allowed to take positive and negative values, both
minimum cut and maximum cut problems are NP-hard. We now observe that QUBO
and the maximum cut problem are essentially the same, presented under different
frameworks [7, 33, 38].

Letx € {0, 1}"* and X = e — x where e is the all-one vector in R". Anx € {0, 1}"
is an incidence vector of § € V if and only if x; = 1 foralli € S. Let Q be
the weighted incidence matrix of G. Define ¢q;; = qj; = w;; if (i, j) € E (i.e.
i and j are adjacent in G) and zero, otherwise. Note that Q is symmetric. Then,
for any cut (S, S) (with § = V \ §) and the incidence vector x of S, we have
w(S, V\ S) = x"Qx. For example, consider the graph below with the associated
edge weights and the corresponding matrix Q (Fig. 1.1).

0 -10 5 8 -6

10 0 -3 0 4
4 Q=5 =3 0-50
8 0 -50 -8
6 4 0 -80

5

Fig. 1.1 An instance of WMCP
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Now, choose the cut (S, .S_’) where § = {1_, 4} and the incidence vector x =
(1,0,0, 1, 0)" associated with S. Then, w(S, §) = —24 = xTQx.
Thus, the maximum cut problem can be written as

maxw(S, V\S) = max x'Qx (1.9)
sScv xe{0, 1)

For calculating x"Qx, the diagonal elements of Q are irrelevant. For any n x n
matrix Q,

n n n n n n n
X'QX = Z Zqz;/xl'ij = Z Zqisz'(l —xj) = Zrm - Z Zqz;/xl'x/'
i=1 j=1 i=1 j=1 i=1 i=1 j=1
(1.10)

where r; = 27:1 gij- Define the n x n matrix Q = (c}ij) where

A —(gij ifi #j
4ij = e
ri —qii ifi=j.

Then xTQXx = XTQX, establishing that the maximum cut problem can be formulated
as a QUBO. We now observe that any instance, say (Q, c¢), of QUBO can be
formulated as a maximum cut problem. To see this, from Eq. (1.10),

XQx+cx=r"x—xXQx+c'x=0C+c)x—xQx (1.11)

wherer = (ry,r2, ..., 7r,).

Now, consider the graph G’ = (V’/, E’) where V' = {0, 1,2, ..., n}. The edge
set E/ = E U E? where E = {G,]) :qij #01,j =1,2,...,n,i # j}and
E® = {(0,i) : r; + ¢; # 0}. Now, define the weight w;; of the edge (i, j) as —g;;
if (i, j) € Eand —(r; + ¢;) for (0, j) € E% Leta = Y ' i (ri + c¢i). For any cut
(S, S’) in G’, without loss of generality assume that the node 0 € S and consider
the binary variables x1, x2, ..., x, with x; = 1l ifand only if i € S. Let w(S, S’) be
the value of the cut (S, S’) in G’ with the edge weight function w. Then, it can be
verified that w(S, §) + « = x"Qx + ¢’x. Thus, any instance (Q, ¢) of the QUBO
with n variables can be formulated as a maximum weight cut problem on a graph
with n + 1 nodes.

We now illustrate this construction using the following example. Let

0 10 -5-8 6 -3
10 0 3 2 —4 -5
Q=]-53 0 5 0 | ande=| 11
-82 5 0 8 -3
6 —40 8 0 -2
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Fig. 1.2 The instance of
WMCP equivalent to (Q, ¢)

~
N

L 4
0

N

Then, (r + ¢)” = (0,6, 14,4, 8) and @ = 32. The graph G’ constructed following
the procedure discussed above, is given in Fig. 1.2. The numbers on the edges are
the corresponding weights. Edges with weight zero are removed from the graph.

The QUBO formulation of the maximum cut problem is also evident from the
sum of squares formulation of the maximum cut problem given by

2
gnga‘)/(w(S,V\S)z énax Z wij (x; — x;j)°.

Another popular formulation of the maximum cut problem is obtained by using
variables that take values —1 or 1. Define y; = 1ifi € Sandy; = —1ifi € V' \ S.
Assume that the edges of the graph G are labelled such that (i, j) € E impliesi < j
and w;; = 0if (i, j) ¢ E. Consider the symmetric matrix W. Then,

1 n n
wS VA= > wij= 3 > wii(=yiy))
i€S,jeV\S i=1 j=i+1
(i,j)eE

Zzw,,(l Yivi) = ZZ (yl+y’ ym)

zljl lljl

n

S i+ ) Z(Zwi.f)y?+ (Zw~>

i=1j=1 Jj= j=1 i=1

n

Zzwuw/ +Z(Zwu> YTLY

i=1j=1 i=1 j=1
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where L = D — W and D is a diagonal matrix such that d;; = Z;’-Zl w;j assuming
w;; = 0 for (i, j) ¢ E. Thus, the maximum cut problem can be formulated as the
Ising QUBO (L, 0).

Let G = (V, E) be a weighted graph with edge weight w;; for each (i, j) €
Eand V = {1,2,...,n}. Choose w;; = 0if (i, j) ¢ E and define the weight
matrix W as the n x n matrix with its (i, j)th element w;;. Let D be the weighted
degree matrix which is the diagonal matrix with d;; = Z?zl w;;. Then the weighted
Laplacian matrix of G is L = D — W. The matrix L is positive semidefinite and the
row and columns sums of the matrix is zero. Note that the matrix L constructed in
our reduction from the maximum weight cut problem to the Ising QUBO is precisely
the Laplacian matrix of G.

In fact, any Ising QUBO can be written as a maximum cut problem as well. To
see this, consider an instance (A, b) of the Ising QUBO in n variables. Without loss
of generality, assume that A is symmetric and b is the zero vector. Now, consider
the graph G = (V, E) where V. = {1,2,...,n} and E = {(i,j) : a;; # 0}.
Choose the weight of the edge (i, j) € E as —a;; and let L be the corresponding
weighted Laplacian matrix. Then, A = L + D where D is a diagonal matrix with
dij = —lijj + ajj. Forany y € {—1, 1}",

y'Ay = y'Ly +y'Dy = y'Ly + tr(D)

where tr(D) is the trace of D which is a constant. Thus an optimal solution to the
Ising QUBO (A, 0) is obtained by solving the Ising QUBO (L, 0) which is precisely
the maximum cut problem on G with weights —a;; for (i, j) € E.

1.4.3 Equivalence with the Stable Set Problem

We have seen that the maximum weight stable set problem can be formulated
as a QUBO. We now show that any instance of QUBO can be formulated as a
maximum weight stable set problem. Our discussion here follows the paper by
Hammer, Hansen and Simeone [35]. First, let us rewrite the objective function
of a QUBO where all the quadratic terms have non-negative coefficients. After
rewriting, the quadratic terms could involve both the original binary variables and
their complements. Recall that

n
fO)=X"Qx+¢x= Y gijxixj+ Y qyxixj+ »_(qi +cixi,
(i, j)eP (i.j)eN i=1

where P = {(i, j) : qij > 0,i # jland N = {(i, j) : qij < 0,i # j}. Also, let
Nj={i:(i,j)e N}and p; = ZieNj gij. Let x; = 1 — x; be the complement of
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xi.1.e. x; € {0, 1} if and only if X; € {0, 1}. Now,

fx) = Z qgijxixj + Z Qij(l—ii)Xj+Z(fJiz+Ci)X;

@, j)epP @i,j)eN i=1
Z qijXixj + Z (= Qz/)xzx/ + Z qijxj + Z(q” + ci)xi,
(i,j)eP (i,j)eN (i,j)eN
n
Do oaixixj+ Y (—qiEixj+ ) _(qi +ci + pidxi (1.12)
(i,j)eP (i,j)eN i=1
= h(x), say.

Note that the coefficients of x;x; and x;x; in h(x) are positive. This representation
h(x) of f(x) is sometimes referred to as Rhys form [35] indicating an early
work on a special case of QUBO [72] and is one of the posiform representations
of f(x) [7, 8, 35] when viewed as a pseudo-Boolean function. For interesting
properties of posiforms of the QUBO objective function, we refer to Chap. 5.
Note that maximizing f(x) over x; € {0, 1} is equivalent to maximizing h(X)
over x;,x; € {0,1}. We now show that the problem of maximizing 4 (x) over
x;i, x; € {0, 1} is equivalent to solving a maximum weight stable set problem. The
proof is based on a construction given in [35].

For each (i, j) € P U N introduce a node v;; with weight |g;;|. Also, fori =
1,2,...,n, introduce two nodes i and i’ with respective weights w; = ¢;; + ¢; +
pi + M and w;s = M, where M is a large positive number. Now introduce the edges
(vij, i), (vij, j') foreach (i, j) € P, the edges (v;;, i), (vij, j') foreach (i, j) € N.
Finally connect each node i with node i’ by an edge (i,i’), fori = 1,2,...n. Let
G’ = (V’, E’) be the resulting graph.

Define the product node variables y;; where

1 if vertex v;; is selected
Yij =

0 if vertex v;; is not selected.

Similarly, define the selection variables for nodes i and i” as

:1 if vertex i is selected , {1 if vertex i’ is selected
X, = and x; =

0 if vertex i is not selected 0 if vertex i’ is not selected

Then, the standard integer programming formulation of the maximum weight stable
set problem (MWSSP) on G’ is

n n
SSIP: Maximize Z qijyij + Z —qijyij + Z (gii +ci+ri + M) x; + Z Mx]
(i.j)eP (i,))eN i=1 i=1
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Subject to:

yij+x <1

for (i, j) € P (1.13)
yij+xi =1
yij+xi <1

for (i, j) € N (1.14)
yij+xi =1
xi+x<l,i=12,...,n, (1.15)
ijs i, x; € {0, 1} (1.16)

Theorem 1.2 If (y, x, X) is an optimal solution to the SSIP defined above, then x
is an optimal solution to the QUBO with objective function f(x).

Proof Recall that optimizing f (x) over x € {0, 1}" is equivalent to optimizing /(x)
overx, X € {0, 1}"". Let ¢ (y, x, X') denote the objective function of SSIP. Since M is
large enough, x/ = 1 — x; in every optimal solution to SSIP on G’ for otherwise, a
better solution can be obtained. The inequalities (1.13) imply that y;; < min{x;, x;}
in every optimal solution and hence y;; = 0 if at least one of x; or x; is zero. If
x; = xj = 1 then, y;; = 1 in an optimal solution since ¢;; > 0 for (i, j) € P.
Thus y;; = x;x; in an optimal solution of SSIP on G’'. Similarly, we can show that
yij = X/x;j in an optimal solution. Noting that x/ = 1 — x; = X;, we have

@y, x,X') = h(x) + nM (1.17)
for every optimal solution (y, x, x") of SSIP on G’.
Conversely, forany x € {0, 1}" define y;; = x;x; forall (i, j) € P, y;; = (1 —x;)x;

forall (i, j) € N, and x{ = X; = 1 — x;. The solution (y, x, X) constructed above is
indeed a feasible solution to SSIP on G’ satisfying

¢(y.x,x) = h(x) +nM (1.18)

and the result follows. O

Example 1.1 Consider the QUBO with objective function
f(X) = Tx1x2 — 3x1x3 — 12x1x4 + 4x2x3 + 8x2x4 4+ 3x1 — 10x2 + Sx4.

Then, P = {(1,2), (2,3),(2,4)}and N = {(1, 3), (1, 4)}. The cost matrix Q, the
sets N;,i = 1, 2, 3, 4, and the values p; and g;; +c¢; + p;, fori = 1, 2, 3, 4 are given
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M+3 M M M —10

M -3 M M -7 M

Fig. 1.3 The graph for the maximum weight stable set problem constructed from the QUBO in
Example 1.1.

below

07 -3 _12 i Ni pi qii+pi+ci

19 0 3

=00 0 29 0 —10
000 0

000 o 3(1) -3 -3

Ay -2 -7

Now construct graph G’ = (V, E) for the stable set problem as discussed above.
The resulting graph is given in Fig. 1.3. In the figure, the numbers shown outside
the nodes represent the weight of the node.

It can be verified that x; = 0,x = x3 = x4 = 1 is an optimal solution to
the QUBO with optimal objective function value 7. An optimal solution to the con-
structed maximum weight stable set problem is S = {vi3, 1’, v14, 4, v23, v24, 2, 3}
with value equal to 7 + 4M. Also, the QUBO solution recovered from S is x; =
0, x = x3 = x4 = 1 and this is optimal with optimal objective function value 7.

Considering the equivalence between the maximum weight stable set problem
and the maximum weight clique problem, we can see that QUBO is equivalent to
the maximum weight clique problem as well.

1.4.4 QUBO and the Generalized Stable Set Problem

Let G = (V, E) be a graph and ¢; be the weight associated with vertex i € V.
Also, for each edge (i, j) € E a cost g;; is given. Recall that a stable set in G is
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a subset S of V such that no two nodes in S are adjacent in G. In the generalized
stable set problem [37, 39, 65], we relax the restriction that no two vertices in S
are adjacent by imposing a penalty. That is, if two vertices in S are adjacent in G,
a penalty g;; is incurred. The generalized stable set problem on a complete graph
is precisely a QUBO. If G is not complete, we can define ¢;; = 0 for (i, j) ¢ E
to yield a QUBO formulation. The generalized stable set problem and some of its
variations are studied by many authors [4, 37, 39, 65].

1.4.5 Quadratic Pseudo-Boolean Optimization

A quadratic function in variables X = {x1,x2,...,x,X1,X2,...,X,} Where
xi, x; € {0, 1} is called a quadratic pseudo-Boolean function (quadratic PBF) [8].
The objective function x” Qx of the maximum-cut problem is a quadratic PBF and
so is the objective function f(x) = x’Qx + ¢’x of QUBO. A quadratic PBF
is in posiform if all associated coefficients (except possibly the constant term)
are positive. A posiform is homogeneous if the associated constant is zero. A
homogeneous posiform ¢ can be written as

n
(%, Xx) = Z (aijxixj + bijXix; + cijxiX; +dijxixj) + Z (eix; + BiXi)
i<j i=1

The function A (x) given in Eq. (1.12) has positive coefficients for quadratic terms
but the associated linear terms still have positive and negative coefficients. Note that
—x; = Xx; — 1 and —x; = x; — 1. Using these transformations, we can construct
a posiform h!(x,X) such that f(x) = a; + h'(x,X) for all x € {0, 1} and the
coefficients of 4! are positive. Likewise, we can construct a posiform 4% (x, X) such
that f(x) = a2 — h2(x,X) forall x € {0, 1}".

Lemma 1.4 ([35])) f(X) = a1 — ¢ (X, X) = oy + £%(x, X), where ¢! and ¢? are in
homogeneous posiform and o1 and oy are constants.

Proof Without loss of generality, we assume that the matrix Q is lower triangular
and the diagonal entries are zero (see Sect. 1.3). Thus

fx) = Zqijxix/' + Zcixi'

i<j i=1

Note that when x; and x; are binary variables,

1 _ -
XiXj = ) (x,-xj + XiXj —+ x; ~|—x./' — 1)
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and
—XiXj = ) (x,')fj + Xixj — X —)Cj)

Substitute these values in f(x) and simplify. Then, in the linear terms, if coefficient
of x; or x; is negative, make a substitution using the equalities —x; = x; — 1 and
—x; = x; — 1 and we get the first equality in the lemma. An analogous proof can be
given for the second part also. O

The homogeneous posiforms ¢! and ¢? are not unique. The function % (x)
constructed in Eq. (1.12) have positive coefficients for all quadratic terms and can
be converted into posiform by applying the transformation for linear terms used in
the proof above. There are many other ways to obtain the required posiforms in the
lemma above.

Since ¢! (x, X) and £2(x, X) are positive for all x € {0, 1}", we have

ay < f(x) < aj forall x € {0, 1}".

Let o be the smallest value real number for which there exist a homogeneous
posiform ¢ (x, X) such that f(x) = ¢ — ¢(x, X). Then, f(x) < « forall x € {0, 1}"
and ¢ (x, X) is called the complement of f(x). Thus, by computing the complement
of f(x) we get an immediate upper bound on f(x). For interesting discussions
on computing the best upper bound of this type and other related results, we refer
to [35].

1.5 Roof Duality

Consider the objective function of QUBO in Rhys form A (x). i.e.,

Z qijXiXj + Z (- Qt/)xzx/‘Fle,

@i,j)eP (i,j)eN

Without loss of generality assume that g;; = 0if i > j. Recall that P = {(i, j) :
qijxixj € h(x),i # j,qij #0yand N = {(i, j) : gijXix; € h(X),i # j,qij # O}
The set inclusion notation g;;x;x; € h(x) used here simply indicates that g;;x;x; is
a term in A (X).

For g;j > O and x;, x; € {0, 1}, g;jxix; < Ajjx; + wijxj and g;jX;ixj < A;j(1 —
x;) + pijxj forall A;j + wij = gij, Aij > 0, u;; > 0. Aroof of h(x) is a linear 0-1
function of the form [35]

rx, A, p) = Zl xi + Z NijXi + pijxj) + Z (Rij (1= xi) + pijx;j)
(i,j)eP (i,j)eN
(1.19)
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where A;; + pij = gij and A;; > 0, w;j > 0 forall (i, j) € P U N. By construction
h(x) < r(x, A, w) forall x € {0, 1}".

Let G = (V,E)beagraphwith V = {1,2,...,n}and E = P U N. For each
i € V, define the set of outgoing and incoming arcs at node i by

O()={jeV:G,j)eElandI(i)={keV: (ki) € E}.
Then the coefficient, p; (A, p), of x; in r(X, A, i) is given by
pih, w) =1 + Z ki + Z BijAij,
kel (i) jeOo()
where

1 if (i,j)eP
8ij = o
-1 if (G,j)eN
Thus, (x, A, p) can be written as

n
rG A ) =Y pih pxi+ Y Ay
i=1

@, J)eN

where A;; +uij = gij, Aij > 0, uij > 0. Then the roof dual of QUBO [7, 35], when
given in terms of 4 (x), is

Minimize max{r(x, A, x) : x € {0, 1}""}
Subjectto: A;; + wij =g;j forall G, j) € PUN
Aij = O,Mij > (O forall (i, j) e PUN.

Since r(x, A, p) is linear in x, its maximum is attained when x; = 1 for all
pi(A, p) > 0 and x; = 0 otherwise. i.e.,

n
max{r(x, A, p) 1 x € {0, )"} = 3 max{0, pih. w}+ Y Aij.
i=1 (i,j)eN
Thus the roof dual [6, 35] can be written as

n
RD: Minimize » u;j + » Ay
i=1 (i,j)eN

Subject to: u; > pi(A, p)
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Aij + pij = gjj forall (i, j) € PUN

Aij = 0, Wij = Oforall (i, j) e PUN

u; >0fori =1,2,...,n.
Note that RD is a linear program and it is closely linked to network flows on
the support graph G. The optimal objective function value of RD provides an
upper bound for the optimal objective function value of QUBO. The dual of RD is
precisely the continuous relaxation of the linearization of the Rhys form of QUBO.
Thus, the upper bound obtained by the roof dual is precisely the upper bound

obtained by solving the continuous relaxation of the linearization of Rhys form of
QUBO. Let us take an example to illustrate the concept of roof dual.

Example 1.2 Let f(x) = 10x1x2 — 5x1x3 4+ 20x1x4 — 12x2x4 — 2x3x4 — 6x1 —
Sx2 + 8x3 + 5x4. Then P = {(1,2), (1,4)} and N = {(1, 3), (2,4), (3,4)}. Using
the transformation x; = 1 — Xx; for (i, j) € N we obtain the Rhys form 4 (x) given
by

h(x) = 10x1x2 + 5x1x3 + 20x1x4 + 12X2x4 + 2X3x4 — 6x1 — 5x3 + 3x3 — 9x4.

The support graph associated with A (x) is given below (Fig. 1.4).
Note that, O(1) = {2,3,4},02) = {4},0(3) = {4},0(4) = @ and I(1) =
B, 112) ={1},1(3) ={1},1(4) = {1, 2, 3}. Therefore,

P1(A, ) = =6+ A2 — A3+ Ay

Py(A, ) = =5 — dog + u12

P3(A, ) =3 — A3q + 113

Pi(h, p) = =9 + 14 + (o4 + p3a.

Then, the roof dual RD is given by,

n
RD: Minimize Z Ui + A3 4+ A4 + Azg
i=1

Subjectto: u; — A2+ X3 —Aig > —6

uz + A4 — py2 > =5

Fig. 1.4 The support graph
of h(x)
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Uz +Arzg — @13 >3

U4y — (14 — 24 — U34 = =9

Aij + pij = qij forall G, j) € PUN
Aij > 0, p;; > Oforall (i, j) € PUN
u; >0fori =1,2,...,4.

The dual of this linear program is

Maximize — 6x1 — 5x2 + 3x3 — 9x4 + 10y12 + 5y13 +20y14 + 12y24 + 234
Subject to:  yi12 < x1, y12 < X2
yi3 <1 —x1, 313 < x3
Y14 = X1, Y14 = X4
24 <1 —=x2,y24 < x4
34 <1 —x3,y34 < x3
0<x;<1,i=1,2,3,4
yij unrestricted for all (, j) € PUN.

and this is the continuous relaxation of the linearization of 4 (x). (The notion of
linearization is discussed in Sect. 1.7 and Chap. 4 and 6.)

1.6 Model Building Using QUBO

Let us now look at some motivating applications of the QUBO model. For a detailed
discussion on the applications of QUBO and its power of providing a unifying
framework to represent a large class of combinatorial optimization problems we
refer to Chap. 2.

1.6.1 Person Detection and Tracking in a Crowded
Environment

Identifying and tracking people is an important problem within a variety of appli-
cation scenarios. These include, examination and exploration of group behaviour,
video surveillance, pedestrian detection systems, disaster management, among
others. The problem however is very complex, particularly due to the high level
of occlusions, and researchers in computer vision developed various techniques
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to solve this problem making use of statistical machine learning, mathematical
modelling, and optimization [16, 73, 74]. Let us now discuss one such application
modelled as a QUBO by Rodriguez et al. [73].

Let N = {1, 2, ..., n}be aset of points identified in an image as possible person
detection locations and let ¢; be an associated confidence score for location i, for
i € N. The point i and the score ¢; can be estimated in different ways, as by
appropriately trained preprocessing algorithms. We are also given person density
information d; (i.e. the number of people per pixel) estimated in a window of size
o at location i, for i € N. We want to find locations of people in the image
such that the sum of detector confidence score is maximized while making use
of the density information to minimize selection of locations with significantly
overlapping neighborhoods, which in turn minimizes potential counting errors
accumulated due to multiple detection of the same person. Figure 1.5a gives a
sample shot of a crowd and (b) represents the density contours. Part (c) of the figure
gives potential locations and (d) gives the filtered solution produced by QUBO. Note

Fig. 1.5 Person detection sample and crowd density contours
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that some of the red rectangles, that are potential locations, are either removed as
irrelevant or confirmed in the QUBO solution.!

Let x = (x1,x2,...,x,) € {0,1}", where x; = 1 implies a detection at
location i is confirmed and 0, otherwise. Then ¢x measures the total confidence
score of ‘confirmed’ locations. To make sure that only valid configurations of
non-overlapping locations are selected, we construct a penalty matrix W, where
w;; = —oo if detections at locations i and j have significant area overlap ratio,
and 0 otherwise. Then, maximizing ¢’x + x"Wx provides a meaningful model
to represent the person detection problem. This, in fact, is a variation of a model
proposed in [16].

To improve the accuracy of the model, Rodriguez et al. [73] introduced another
quadratic term penalizing the difference between the density values estimated in two
ways: (i) the vector d obtained using a regression-based density estimator and (ii)
the vector Ax counting the density of active detections for an appropriately defined
A matrix. This leads to the penalty term ||d — Ax]| |%. Then, the objective function to
be maximized is

x4+ x"Wx — «||d — Ax||?,

where x € {0, 1}" and « is a parameter. This problem can be written as QUBO by
simplifying ||d — AX| |% and combining it with x” Wx.

1.6.2 Module Flipping in Circuit Layout Design

Let us now look at another example of QUBO that arises in the layout design of
VLSI (very large scale system integration). Our discussion here is based on the
works of Boros and Hammer [7] and Cheng et al. [12]. In the layout design of
circuits, rectangular modules containing one or more pins are embedded in a base
board. Each pin on a module has a compatible pin on another module and these
compatible pairs need to be connected using horizontal and/or vertical wiring. The
reliability has an inverse relationship with wire length and hence we are interested
in minimizing the total wire length. Each module can be placed in four different
ways on its designated space on the base board by flipping horizontally, vertically,
or both. In Fig. 1.6a, we give a layout of modules and in Fig. 1.6b we give a layout
after vertically flipping module 1, horizontally flipping module 2, and a vertical flip
followed by a horizontal flip on module 5. The compatible pairs of pins are labelled
using the same alphabets. For example, a pin with label a needs to be connected to
another with the same label a and so on.

! Figure 1.5 was provided by Mikel Rodriguez and reproduced here with his permission.
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Fig. 1.6 Module flipping example. Applied a vertical flip on module 1, horizontal flip on module
2, vertical flip followed by horizontal flip on module 5. (a) Original position. (b) After flip
operations are applied on modules 1, 2, and 5

The module flipping problem is to find the orientations of the placement of each
module on the base board, identified by one or more flipping operations, so that
the total wire length is minimized. This problem was originally proposed by Cheng
et al. [12] and they presented a maximum cut formulation, which as we know, is
equivalent to QUBO. Boros and Hammer [7] presented a direct QUBO formulation
of the problem and we discuss this model here.

Let N = {1, 2, ..., n} be the collection of all modules placed on the base board
with an initial layout. Consider the binary decision variable x; which takes value
1 if module 7 is flipped horizontally, for i = 1,2, ..., n. Likewise, consider the
binary decision variable y; which takes value 1 if module i is flipped vertically, for
i = 1,2,...,n. For each pair (i, j) of modules and (r,s) € {0, 1} x {0, 1}, let
Hl.(jr’s) denotes the total length of horizontal wire segments which connects the pins
of modules i and j under the flipping sequence (r, s). For example, if (r, s) = (0, 0)
no horizontal flipping occurs for modules i and j, if (r,s) = (0, 1), only module
j is flipped horizontally, and so on. Similarly, let Vl.j.r’s) denotes the total length of
vertical wire segments which connects the pins of modules i and j under the flipping
sequence (r, s). Now, the total wire-length, as a function of flipping operation of the
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modules, can be expressed as

n—1 n
0,0) - - 0,1) - 1,0 - 1,1
o(X,y) :Z Z (Hz(/ )xixj + Hi(j )xix]- + Hi(j )X,')Cj + Hi(j )x,'x]')
i=1 j=i+1

n—1 n
0.0)- - 0.1)< 10) = 11
—l—Z Z (H,-(j )yiyj—i-Hi(j )yiyj—i-Hi(j )yiyj-i-H,-(j )yiyj)
i=1 j=i+1
(1.20)

where x; = | — x;. Then, the optimal flipping of the modules corresponds to
assigning 0 — 1 values to the variables x; and y; for i € N such that ¢(X,y) is
minimized. It can be verified that minimization of ¢ (X, y) decomposes into two
problems, one with the x-variables and the other with the y-variables and each such
problem is a QUBO.

Related applications of QUBO in equivalent forms such as Maximum Cut,
weighted stable set etc., can be found in [3, 9, 15, 46, 54].

1.6.3 Side-Chain Positioning in Protein Design

The side chain positioning problem arises as a subproblem in protein structure
prediction which has a natural QUBO formulation. Our discussion here is based on
the works [11, 30, 31, 47]. While the formulation itself is straightforward, to make
the discussion clearer, let us very briefly review some related concepts, terminology,
and background information and for this purpose, we follow the articles [11, 31].

A protein molecule is composed of a chain of amino acids and each amino acid
consists of a centralized single carbon atom along with a hydrogen atom, an amino
group NHj, a carboxyl group COOH, and a side chain which characterizes the
amino acid. Carbon, hydrogen, the amino group, and the carboxyl group are called
the main atoms and the protein backbone is formed by a repeating sequence of the
main atoms (main chain) and a side chain is attached to the backbone for each
element of this sequence (Fig. 1.7).

am'mo acid 1 amino acid 2 amino acid 3

Fig. 1.7 A chain of three amino acids. The labels S;, S, and S3 indicate the corresponding side-
chains
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The chemical composition of a protein molecule is specified by the sequence of
the associated amino acids. Every amino acid main chain has the freedom to rotate at
specified points. A side chain of amino acids (with the exception of glycine) can also
rotate at different points and the three dimensional structure of a protein is identified
by the location of its backbone (main chain) atoms and the combined rotations of
the main chain and the side chains. For an appropriate notion of energy, a protein
structure folds into a minimal energy state to reach chemical stability. Quoting
from [31], “Chemical stability of a protein comes from four sources: the internal
stability of the three-dimensional structure of its backbone; the internal stability of
each rotamer; the interaction of each rotamer with the main chain of the amino acid
it is attached to; and the chemical interactions of the rotamers that are positioned
close to each other, either on the protein sequence, or in three-dimensional space.”
In protein synthesis, we want to maximize the chemical stability using appropriate
quantitative stability measures.

The backbone structure is assumed to be given and our aim is to select one
rotamer (side-chain molecule) to be associated with each amino acid sequence in
the backbone. Let ep be the stability measure for the backbone structure, which is
constant. Suppose that the backbone consists of m amino acid sequences and for
amino acid k, we select a rotamer from the candidate list Vi, k = 1,2,...,m.
For rotamer i € Vj let ef? be the contribution of i to the stability measure which
consists of the sum of the interaction stability measure of candidate rotamer i with
its associated amino acid k£ and the internal stability measure of rotamer i. For each
i€ Viand j € V4, let ef.‘r’ be the stability measure due to the interaction between
rotamer i € Vi and j € V;. This value depends on the nature of the rotamers
involved, the nature of the amino acids they attach to, and the proximity level of
i and j. Since the backbone is already known, the proximity level is also known.
The values e, ef? , and ef?r’ are estimated either by experiments or by theoretical
considerations. For our modeling purpose, it is not highly relevant the way these
values are obtained or their magnitudes. The side-chain positioning problem is to
select an iy from Vj foreachk = 1, 2, ...m such that

m m

m
Ykt e,
k=1

k=1 r=1

is maximized. Let us now formulate this problem as QUBO.

Let V = Uk”‘:1 Vi. Without loss of generality, assume V = {1,2,...,n}.
Construct the complete m-partite undirected graph G = (V, E) where (i, j) € E if
i € Vi, j e Vi, t # k. Note that we need to select precisely one element for each Vj
fork =1,2...,m.Foreachi € V consider the binary decision variable x; where
x; = 1 if rotamer i is selected and, O otherwise. Define the n x n cost matrix Q with
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its (i, j)th element g;; as

0 ifi =
qij = y—M if i # jandi, j € Vi for some k,
1kt if (i, j) € E,
where M is a large positive number and the n vector ¢’ = (cy, ¢z, ..., c;) where
ci = b ifi € VEandi = j. Now an optimal solution to the QUBO instance

J
(Q, ¢, max) gives an optimal solution to the side chain positioning problem. Note

that, no two elements from the same set Vi will be selected in an optimal solution
for any k because of the penalty value and since the objective function is of
maximization type, ¢; > 0 for all i and efé > (O forall k, ¢, r, s at least one elements

from each Vj will be selected, establishing the validity of the model.

1.6.4 QUBO and Machine Scheduling

We now discuss a general framework of a special case of QUBO, which can be used
to model several important machine scheduling problems. A matrix Q is called a
half product matrix if it is upper triangular with diagonal elements zero and there
exist vectors a = (ay, az, ..., ay) andb = (b1, by, ..., b,) such that g;; = a;b; for
i=1,2,...,nand j > i. A half-product QUBO is a special case of QUBO where
Q is a half-product matrix. Thus, a QUBO with a half-product matrix can be written
as

n
Maximize ) aibjxixj+ ) c¢jx;
I<i<j<n j=1
Subject to

x € {0, 1}"

The half-product QUBO was introduced by Badics and Boros [2] and independently
by Kubiak [52]. Despite the apparently simple special structure, the half-product
QUBO is still NP-hard since the subset sum problem is a special case of it [2].
Various single machine scheduling problems can be formulated as a half-product
QUBO. This includes, the single-machine variance minimization problem [2, 52],
Single machine scheduling to minimize total weighted earliness and tardiness[43]
and scheduling with controllable processing times [41]. The Ising version of the
half-product QUBO was considered by Kubiak [52], Amit [1], and Mattis [58].
Scheduling jobs on two machines to minimize makespan [43] as well as scheduling
on two machines to minimize total weighted completion time [43] can also be
formulated as a half-product QUBO. Let us discuss one such formulations using
the example of single machine scheduling with controllable processing times

(SCPT) [41].
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There are n jobs to be processed on a single machine where the processing time
of jobs are variables. For job j, let the processing time p; € [0, «;],j =1,2,...,n.
To schedule the jobs, one needs to identify the optimal values of the processing times
pj and then order the jobs so that the sum of the total weighted completion time
>i=1 w;C; and the total weighted processing time compression '} _; v;(u; — p;)
is minimized. Here, C; denote the completion time of job j. This scheduling
problem, denoted by SCPT, was first studied by Vickson [78, 79] and the half-
product QUBO formulation discussed here is from [41]. Vickson [78] showed that
there exists an optimal processing time vector p = (p1, p2, ..., pn) such that
pj = 0 or «;. Combining this observation with the well-known weighted shortest
processing time rule (SWPT) [76], we can see that there exists an optimal solution to
SCPT such that jobs processing times p; = «; are sequenced in the non-decreasing
order of the ratios Zt)’j [41]. With this observation, define the decision variables

:o if p; =0
Xj =

1 if pj =
and the problem SCPT is well defined when the vectors w = (w1, wa, ..., wy), & =
(o1, 02,...,0,,and v = (v1, vy, ..., vy) are given. Then, the objective function of

SCPT is to minimize f(x), where

n j n
fx) = ijx]‘ ZO[,’X,’ + Zvjaj(l —Xj)
j=1 i=1 j=1

n n
= Z aiwjxixj—Zaj(vj—wj)xj—i—Zvjaj
Jj=l1

I<i<j<n j=1

Note that 27:1 vja; is a constant and can be discarded. Choosing, a; = «;, b; =
—w; and ¢; = «;(v; — w;), we can see that minimization of f(x) can be
accomplished by solving the half-product QUBO.

1.7 Mixed Integer Programming Formulations

Various mixed integer linear programming (MILP) formulations of QUBO are
discussed in detail in other chapters of this book. Most of the basic formulations
are based on writing the product of two variables (not necessarily both are of
binary type) as a new variable and force the definition of the underlying product
by imposing additional constraints, that may or may not exploit the sign of the
qij values. Early research work on these types of reductions goes back to 1960s
[13, 20, 29, 80, 81] where product of two binary variables are ‘linearized’. Later,
Glover [25, 26] and Glover and Woolsey [27] considered linearization of the
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product of a binary variable and a continuous variable. Most of these linearization
techniques can be presented under a general approximation framework introduced
by McCormick [59, 60].

Consider the bounded variables

I <xi1 <wuyandlp < xp < us.
Then,

(x1 =12 —x2) 20, (U1 —x1)x2—10)=0

(x1 =l)(x2—=1) =0, and (u; —x1)(u2 —x2) = 0.
Expanding and rearranging the terms, we have

x1x2 < lixp +uzxy —lLiup
x1x2 < bxi +urxy — buy
x1x2 = lixa +bxy — il
X1X2 = Uzx1 + u2x2 — U2

Now, let us replace the term x;x2 by a new variable w in the above inequalities and
we get

w < Ilixy+urxy — lLiuy (1.21)
w < lxi+uixy —huy (1.22)
w > lxy+bxy — Ll (1.23)
w > Uox| + Upxo — ujun (1.24)

The inequalities (1.21) and (1.22) are called lower McCormick envelops and (1.23),
and (1.24) are called upper McCormick envelops [59, 60]. The variable w along
with the McCormick envelop inequalities provide an approximation to the product
x1x2. This approximation becomes exact when one of the variables x; or x is
binary and it becomes the linearizations proposed by Glover [25, 26] and Glover
and Woolsey [27]. To see the validity of the linearization, without loss of generality,
assume x, is binary. Then I, = 0 and u» = 1. When x, = 0, the inequalities
(1.22) and (1.23) guarantees that w = 0. Likewise, when x, = 1, inequalities
(1.21) and (1.24) guarantees that w = x;. The special case of McCormick envelop
inequalities involving binary variables leads to a natural MILP formulation of
QUBO which is the well-known Glover’s linearization Glover [25, 26]. When both
variables involved in a product are binary, McCormick envelop inequalities reduces
to Glover-Woolsey linearization [27]. We also want to highlight that the linearization
of product of two binary variables are reported in literature either explicitly or
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implicitly, even prior to [27]. For example, Goldman [29] pointed out the works
of Fortet [20, 21] and Dantzig [13] in this context.

Replace the product x;x; with a new variable w;; in the objective function
of QUBO and force the equality x;x; = w;; by introducing the McCormick
envelop inequalities. The resulting MILP formulation, known as Glover-Woolsey
linearization or the standard linearization, is given below.

GW: Maximize 2": Xn:q,-jw,'j + Xn:C,’xi
i=1

i=1 j=1

Subjectto: w;; —x; < O0fori, j e {l,2,...,n} (1.25)
w;j —x; <0fori, je{l,2,...,n} (1.26)
xi +xj—w;; < 1fori,je{l,2,...,n} (1.27)
w;j > 0fori, j e {l,2,...,n} (1.28)
xi €{0,1}fori =1,2...,n. (1.29)

Recall the definition of the sets P and N introduced in Sect. 1.4.3. For (i, j) € P
constraints (1.27) and (1.28) can be removed and for (i, j) € N constraints
(1.25) and (1.26) can be removed. Thus GW becomes the reduced Glover-Woolsey
linearization

n n n
RGW: Maximize Z qu'j wij + Z CiXi
i=1 j=1 i=1

Subject to: w;; —x; < Ofor (i, j) € P (1.30)
w;j —x; <0for (i, j)eP (1.31)
xi+xj—w;; <1for(i,j)eN (1.32)
w;j > 0for (i, j) € N (1.33)
xi €{0,1}fori =1,2,...,n. (1.34)

The convex hull of solutions of GW is called the Boolean quadric polytope[64]
which is discussed in detail in Chap. 4. Various other MILP formulations of QUBO
are known in literature and most of them uses Glover-Woolsey linearization or
Glover’s linearization in one form or another. For a through discussion of this, we
refer to Chap. 6 and the recent papers [67, 68].

The continuous relaxation of GW (and RGW) is denoted by CGW (CRGW) and
it is obtained by replacing constraint (1.29) (constraint (1.34)) by x; € [0, 1] fori =
1,2...,n. CGW and CRGW are linear programs and hence can be solved using
general purpose linear programming solvers. However, their special structure also
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brings us additional structural properties and efficient algorithms. Some of these
connections and linkages with roof duality is discussed in Chap. 5.

The polytope defined by the constraints of CGW is called the fractional Boolean
quadric polytope. Let us first present a useful necessary condition for a solution
(x, w) to be an extreme point of the fractional Boolean quadric polytope.

Lemma 1.5 [If (x, w) is an extreme point of the fractional Boolean quadric polytope
then w;; € {0, min{x;, x;}, x; +x; — 1} for all i, j.

Proof Suppose (x,w) is an extreme point of the fractional Boolean quadric
polytope. Then, choose a cost matrix Q and a cost vector ¢ such that (x, w) is
an optimal solution to CGW. Without loss of generality assume that g;; # 0 for
i # jand ¢; # 0 for all i. Clearly, by feasibility 0 < w;; < min{x;, x;} for
every i, j,i # j.If possible let 0 < wpr < min{xy, x;} for some h, k, h # k and
xp + xx — 1 # wyg. Define the solution (x, W) where

B = wij +e it (i, j)=(hk)
Y wjj Otherwise,

where € # 0. If gpr > 0 then (x, W) is a feasible solution to CGW for sufficiently
small ¢ > O which is better that (x, w), contradicting the optimality of (x, w).
Similarly, if gnr < O then (x, W) is a feasible solution to CGW for sufficiently
large € < 0 which is better than (x, w), contradicting the optimality of (x, w). This
completes the proof. O

We now prove the half integrality property of extreme points of the fractional
Boolean quadric polytope [64].

Theorem 1.3 If (x,w) is an extreme point of the fractional Boolean quadric
polytope the x; € {0, 1, )} for all i and w;j € {0, 1, )} for all (i, j) € P UN.

Proof Let § denote the fractional Boolean quadric polytope and (x, w) be an
extreme point. Let

El—{i'0<x-<1}andE2—{i'1<x-<1}
={i: i<, =i, <x .

If E' U E? = ¢ then from Lemma 1.5, (x, w) is of the required type. So assume
that E' U E2 # . Now construct the solutions (x!, w!) and (x2, w?) as follows:
For e > 0 let

xi+e€ ifieE! xi—e ifieE!
xl={x—¢ ifieE? and x?={x;+e ifiecE?

X; Otherwise X; Otherwise.
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From Lemma 1.5, w;; € {0, min{x;, x;}, x; + x; — 1}. Define

min{x;, le.} if w;j = min{x;, x;}
1 = 1 1 _ : e .
w xl.—i—xj 1 ifwj=xi+x;—1

0 Otherwise

min{x?, sz.} if w;j = minfx;, x;}
wi; = xl.z—l—x/z.—l ifw;j=x;+x;—1

0 Otherwise

For sufficiently small € > 0, (x!, wl) and (x2, w?) are feasible solutions. It can be
verified that (x, w) = é{(xl, wh) + (x1, wh}, contradicting the fact that (x, w) is an
extreme point and the result follows. O

In Sect. 1.4 we observed that the maximum cut problem and QUBO are
equivalent. In this sense, an integer programming formulation of the maximum
cut problem provides an indirect integer programming representation of QUBO.
Consider a complete graph K, = (V,E) and let g;; be the weight of edge
(i, j) € E. Then the maximum cut problem in K, can be written as an MILP

MCUT: Minimize Z qijXij
i<i<j<n

Subjectto: x;; +xix +xjr <2forl <i < j<n

IA

Xij—xik —Xxjp <0forl <i<j<nk#ij

xij €{0,1}forl <i < j<n.

The convex hull of feasible solutions of MCUT is called the cut polytope. The
relationship between the Boolean quadric polytope and the cut polytope is discussed
in Chap. 4.

1.8 Conclusion

The primary goal of this chapter was to give a brief introduction to QUBO along
with basic definitions and motivating examples. Each of the chapters that follows is
more focussed and is on a specific aspect of QUBO providing a comprehensive and
in-depth analysis of the topic.

Acknowledgments I am thankful to Fred Glover and Navpreet Kaur for their feedback on an
earlier version of this chapter which improved the presentation. This work was partially supported
by an NSERC discovery grant.
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Chapter 2 )
Applications and Computational Shethie
Advances for Solving the QUBO Model

Fred Glover, Gary Kochenberger, and Yu Du

Abstract QUBO models have proven to be remarkable for their ability to function
as an alternative modeling framework for a wide variety of combinatorial optimiza-
tion problems. Many studies have underscored the usefulness of the QUBO model
to serve as an effective approach for modeling and solving important combinatorial
problems. The significance of this unifying nature of the QUBO model is enhanced
by the fact that the model can be shown to be equivalent to the Ising model that
plays a prominent role in physics and is a major focus of the quantum computing
community. Consequently, the broad range of optimization problems approached
as QUBO models from the traditional Operations Research community are joined
by an important domain of problems with connection to the physics community.
Across the board, the QUBO model is used today as an alternative modeling
and solution approach for a growing number of important problems found in
industry and government. We describe important new applications of this model
and sketch fundamental ways to create effective QUBO formulations. We also report
computational experience showing the power of recent algorithmic advances. (The
introduction section draws on material from Glover et al., 4OR 17:335-371, 2019.)

2.1 Introduction

The field of Combinatorial Optimization (CO) is one of the most important areas in
the field of optimization, with practical applications found in every industry, includ-
ing both the private and public sectors. Generally, these problems are concerned with
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making wise choices in settings where a large number of yes/no decisions must be
made and each set of decisions must satisfy certain constraints while optimizing a
corresponding objective function value—Ilike a cost or profit value. Finding good
solutions in these settings is extremely difficult as these problems are typically NP-
hard. The traditional approach is for the analyst to develop a solution algorithm that
is tailored to the mathematical structure of the problem at hand. While this approach
has produced good results in certain problem settings, it has the disadvantage that
the diversity of applications arising in practice requires the creation of a diversity
of solution techniques, each with limited application outside their original intended
use.

Early articles such as those by Hammer and Rudeanu [33], Rosenberg [68],
Hansen et al. [34], and Boros and Hammer [13] suggested the possible use of
what has become known today as the QUBO model. However, only in recent years,
through extensive computational work, has the research community demonstrated
that the QUBO model can in fact be successfully employed to model and solve
an exceptional variety of important CO problems found in industry, science and
government, as documented in studies such as Glover et al. [30], Kochenberger
et al. [39, 45], Lucas [54] and Anthony et al. [5]. Through special reformulation
techniques that are easy to apply, the power of QUBO solvers can be used to
efficiently solve many important problems once they are put into the QUBO
framework. This approach has proven not only to be competitive with traditional
methods, but often superior in performance in terms of both solution time and
quality.

It is interesting to note that in recent years the QUBO model has emerged as
an underpinning of the quantum computing area known as quantum annealing and
Fujitsu’s digital annealing, and has become a subject of study in neuromorphic
computing. Through these connections, QUBO models lie at the heart of exper-
imentation carried out with quantum computers developed by D-Wave Systems
and neuromorphic computers developed by IBM. The consequences of these new
discoveries linking QUBO models to quantum computing are being explored in
initiatives by organizations such as IBM, Google, Amazon, Microsoft, D-Wave and
Lockheed Martin in the commercial realm and Los Alamos National Laboratory,
Oak Ridge National Laboratory, Lawrence Livermore National Laboratory and
NASA’s Ames Research Center in the public sector. Computational experience is
being amassed by both the classical and the quantum computing communities that
highlights not only the potential of the QUBO model but also its effectiveness as an
alternative to traditional modeling and solution methodologies.

In Sect. 2.2 of this chapter, we highlight a diversity of applications that have been
reported using the QUBO model. Different from the discussion of QUBO in other
chapters, we consider the general form of the problem described in Sect. 2.3 to
have a minimization objective, which is equivalent to the maximization objective
treated in other parts of this volume. Then, in Sect. 2.3, we illustrate in the
transformation process enabling a classically formulated model to be recast into the
form of a QUBO model and computational experience showing the power of recent
algorithmic advances. Section 2.4 follows with a summary and some conclusions.
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2.2 Applications of the QUBO Model

Chapter 1 of this book mentioned several applications including the stable set
problem, the Ising Spin Glass problem, the circuit layout design problem, and an
application regarding detecting and tracking people in a crowded environment.
These applications serve to illustrate the diversity of problems that fall under the
QUBO umbrella.

In recent years, many other applications of the QUBO model have been reported
in the operations research literature. In addition, quantum and quantum inspired
computer companies with their QUBO solvers have encouraged exploration of
applications, leading to many more accounts of important uses of the QUBO model.
All told, the literature in general reports many interesting applications in wide
variety of application settings.

In this section we summarize four applications that showcase the usefulness of
the QUBO model for modeling and solving important combinatorial optimization
problems. Section 2.2 that follows mentions many additional applications recently
reported in the literature. References to these applications are provided to enable
readers to follow up according to their interests.

Application # 1: QUBO and the RNA Folding Problem

Lewis et al. [52], report advances derived from the QUBO model applied to the
RNA folding problem, by extension of the work of Forester and Greenberg [26] on
quadratic binary models in computational biology.

RNA molecules, which play informational, structural and metabolic roles in
all cells, are chains of nucleotides that interact through bases A, C, G, U to
determine cell functionality and structure. The associated optimization problem
seeks to minimize the thermodynamic free energy of a structure by selecting which
bases will be paired provided certain constraints are satisfied. Binary variables
are associated with potential base pairings and constraints are imposed to limit a
variable to one base pair. Additional constraints are included to prohibit selecting
base pairs that cross as well as promoting the formation of long RNA stems.

Lewis et al. [52], approach this problem with a series of QUBO models that
have proved extremely successful in predicting how base pairings determine RNA
secondary structures, and thus facilitating biological functions related to information
flow and metabolism. Extensive testing with standard benchmarks underscores the
effectiveness of the QUBO approach whose results not only compare favorably with
traditional RNA folding programs, but offer an alternative methodology with the
potential to lead to improved predictions of RNA folding.

Application # 2: QUBO and Vehicle Routing Problem

The Vehicle Routing Problem (VRP) is an important combinatorial optimization
problem in which the goal is to find an optimal set of routes for a fleet of vehicles that
deliver goods from an origin (depot) to a set of destinations (customers). The VRP is
a generalization of the Travelling Salesman Problem (TSP) in which a single vehicle
visits all destinations in one continuous path, starting and ending at the depot. Due
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to their computational challenge, VRPs and TSPs are typically solved by heuristic
methods in practice.

Recently the quantum affiliated research community has investigated solving
vehicle routing problems as well as TSPs using quantum and quantum inspired
technology. For example, Feld et al. [25] report results obtained by formulating the
vehicle routing problem as a QUBO model to be solved by the D-WAVE quantum
annealer. Computational experiments show results comparable to conventional
solvers in reasonable amounts of time.

Building on the work of Feld and co-workers, Borowski et al. [14] report results
obtained from using D-Wave’s Leap framework on well-established benchmark
test cases, including problem instances based on realistic road networks. They also
compared new quantum and hybrid methods with well-known classical algorithms
for solving VRP. The experiments indicate that the hybrid quantum annealing
methods give promising outcomes and are able to find solutions of similar or even
better quality than the classical algorithms.

The application reported by Borowski et al. [14] and the solution procedure
they employ is limited to small instances compared to practical application. This
shortcoming may be overcome by the advances being explored by Wang et al. [86]
in their work on TSP and related problems using the AlphaQUBO [4] solver which
can accommodate QUBO models with up to 1,000,000 variables.

Application # 3: QUBO and Machine Learning

Optimizing Gaussian Process Sampling has great promise for enhancing the
performance of machine learning methods by improving training set selection.
Bottarelli and Farinelli [15] reported a successful use of the QUBO model for
variance reduction in such settings. Building on this work, Sargent et al. [72] at
the University of Toronto are developing machine learning models where training
set selection is made by optimizing a QUBO model formulated to represent the
Gaussian Process posterior function. The overall objective of the research project is
to develop enhanced machine learning models to accelerate material discovery with
a particular focus on predicting the stability of acidic Oxygen Evolution Reaction
electrocatalysts. Early testing based on QUBO solutions obtained from both the
Fujitsu Digital Annealer and the AlphaQUBO [4] solver from Meta-Analytics, Inc.
show very encouraging outcomes. Preliminary results indicate that for a database
containing 4000 metal oxides structures, the energy mean absolute error (MAE)
obtained from the QUBO model was 0.1eV/atom less than that given by the
conventional method. Further work will address the challenge of developing other
QUBO-enhanced regression models like support vector regression.

Application # 4: QUBO and Large-scale Set Partitioning Problems

The set partitioning problem (SPP) seeks to partition a set of items into subsets
such that each item appears in exactly one subset and the cost of the subsets chosen
is minimized. This problem appears in many application settings including the
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airline and other industries. The traditional formulation for SPP is given by

n
Minimize Z CjXj
j=1

n
Subject to Zaijxj =1fori=1,...,m
j=1

xjef0,1},j=1,2,....n

where x; denotes whether or not subset j is chosen, c; is the cost of subset j, and
the a;; coefficients are 0 or 1 denoting whether or not variable x; explicitly appears
in constraint i. Such models are easily re-cast into an equivalent QUBO model,
without adding any new variables, using the standard reformulation procedure given
in Sect. 2.3 of this chapter.

In a recent paper, Du et al. [21] report on a study involving large-scale instances
of SPP ranging in size from 10,000 to 100,000 variables and 2000 to 20,000
constraints. Extensive computational experiments were conducted comparing the
traditional model solved by CPLEX and the equivalent QUBO model solved by a
modern metaheuristic QUBO solver AlphaQUBO [4] developed by Meta-Analytics.
These are some of the largest QUBO models reported on in the literature. (Detailed
computational results from this study are given at the end of Sect. 2.3 in this chapter.)

Both approaches were successful in solving the smaller instances considered.
For larger problems, however, CPLEX was unable to find optimal solutions in an
allotted time frame of 6 hours and typically reported large gaps when terminating
due to the time limit. The QUBO approach on these larger problems, in contrast,
found better solutions than the best results produced by CPLEX, often in a few
minutes and always within one hour. This study confirms earlier successes of the
QUBO model on smaller test problems for SPP reported by Lewis et al. [50].

2.2.1 Additional Applications by Category

The vast amount of work going on today extending the use of the QUBO model is
creating an ever growing list of QUBO applications. Below we list some to the key
applications that have been reported in various categories of problem settings.

Classical Combinatorial Optimization
* Graph Coloring

— Kochenberger et al. [41].
— Wang et al. [83].
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» (Capital Budgeting Problems
— Laughhunn [48].
» Asset Exchange Problems
— Glover et al. [32].
* Task Allocation Problems (distributed computer systems)

— Lewis et al. [49].
— Tomasiewicz et al. [77].

e Warehouse Location and Product Distribution Problems
— Ding et al. [20].
* Multiple Knapsack Problems

— Glover et al. [29].
— Forrester and Hunt-Isaak [27].

e Maximum Independent Set Problems

— Pardalos and Xue [64].
— Kochenberger et al. [43].
— Yarkoni et al. [88].

e Maximum Cut Problems

— Boros and Hammer [12].
Kochenberger et al. [44].
Wang et al. [85].

— Dunning et al. [22].

e Maximum Clique Problems

— Pelofske et al. [65].
— Pardalos and Xue [64].
— Chapuis et al. [17]

¢ Constraint Satisfaction Problems (CSPs)
— Vyskocil and Djidjev [80].

e Number Partitioning Problems
— Alidaee et al. [2].

* Set Packing Problems
— Alidaee et al. [3].

* Linear Ordering Problems

— Lewis et al. [51].
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* Quadratic Assignment Problems
— Wang et al. [84].
¢ Clique Partitioning Problems

Wang et al. [81].
Kochenberger et al. [42].
— Shaydulin et al. [73].
Kochenberger et al. [46].

» Satisfiability (SAT) and Max Sat Problems

Kochenberger et al. [40].
Bonet et al. [11].

— Santraetal. [71].

Bian et al. [10].

* Clustering Problems

— Kochenberger et al. [42].

— Mniszewski et al. [58].

— Ushijima-Mwesigwa et al. [78].
— Mniszewski et al. [57]

— Kumar et al. [47]

— Mniszewski et al. [58].

— Bauckhage et al. [8].

— Negre et al. [59].

Financial Services
* Portfolio optimization

— Elsokkary et al. [24].

— Kalra et al. [37].

— Kochenberger et al. [38].
— Cohenetal. [19].

* Arbitrage/currency exchange
— Rosenberg [69].
* Credit risk assessment & scoring

— Milne [56].
— Eggeretal. [23].

Transportation
* Route & traffic optimization

— Neukart et al. [60].
— Feld et al. [25].
— Clark et al. [18].

45
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— Ohzeki et al. [61].
— Inoueetal. [35].
— Borowski et al. [14].

 Satellite coverage and surveillance
— Bass etal. [7].

Manufacturing
* Product assembly optimization

— Yarkoni et al. [89].

* Autonomous/robotic paths opt.
— Mehta [55].

* Job scheduling

— Alidaee et al. [1].
— Venturelli et al. [79]

* Group technology
— Wang et al. [82].

Pharmaceuticals and Related
* Molecular similarity/composition

— Sahner [70].

* New drugs and materials discovery
— Snelling et al. [76].

* Computational biology
— Lewis et al. [52].

Network and Energy
* Cybersecurity problems

— Berwald et al. [9].
— Reinhardt [66].

* Power system design
— Jones et al. [36].

Machine Learning
* C(Classical machine learning

— Glover and Kochenberger [28].
— Lietal. [53].
— Willsch et al. [87].

E. Glover et al.
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* Deep learning
— Sleeman et al. [74].

Miscellaneous

* Smelyanskiy et al. [75]

e Pakin [63].

e O’Malley et al. [62].

e Aramon et al. [6].

¢ Bottarelli and Farinelli [15].
e Changet al. [16].

* Rogers and Singleton [67].

Taken together, the applications highlighted above indicate the widespread
diversity of the QUBO model and give a glimpse of what is being reported today
and what is to come in the near term The focus on “quantum readiness” as well as
the growing appreciation for the usefulness of the QUBO model in general will lead
to a continued growth in notable applications in the coming years.

In the next section we provide an overview of the methodology used to convert a
traditionally modeled problem into the unified QUBO framework.

2.3 Creating QUBO Models

While some problems, like the number partitioning problem and the famous Ising
spin glass problem, appear naturally in the form of a QUBO model, by far the largest
number of problems of interest include additional constraints that must be satisfied
as the optimizer searches for good solutions. Such problems can be effectively re-
formulated as a QUBO model by introducing quadratic penalties in the objective
function as an alternative to explicitly imposing constraints in the classical sense.
The penalties are chosen so that the influence of the original constraints on the
solution process can alternatively be achieved by the natural functioning of the
optimizer as it looks for solutions that avoid incurring the penalties. That is, the
penalties are formulated so that they equal zero for feasible solutions and equal some
positive penalty amount for infeasible solutions. For a minimization problem, these
penalties are added to create an augmented objective function to be minimized. If
the penalty terms can be driven to zero, the augmented objective function becomes
the original function to be minimized.

For certain types of constraints, quadratic penalties useful for creating QUBO
models are known in advance and readily available to be used in transforming a
given constrained problem into a QUBO model. To illustrate the main idea, consider
a traditionally constrained problem of the form:

Minimize xo = f(x)

Subjectto x1 +x2 < 1
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where x1 and xp are binary variables. Note that this constraint allows either or
neither x variable to be chosen. However, it explicitly precludes both from being
chosen (i.e., both cannot be set to 1).

A quadratic penalty that corresponds to our constraint is

Pxixo

where P is a positive scalar. As can be seen, this penalty function is equal to P when
both x; and x, are equal to 1. Otherwise, it is equal to 0. For P chosen sufficiently
large, the unconstrained problem

Minimize xg = f(X) + Px1x2

has the same optimal solution as the original constrained problem. If f(x) is linear
or quadratic, then this unconstrained model will be in the form of a QUBO model,
i.e., Minimize xo = x’ Qx.

In this example, any optimizer trying to minimize xo will tend to avoid solutions
having both x; and x, equal to 1, else a large positive amount will be added to the
objective function. This simple constraint (x; + x2 < 1) arises in many important
QUBO applications where the penalty (Px;x2) is used as an alternative. See, for
instance, the work on the maximum clique and related problems by Pardalos and
Xue [64].

While the example above illustrates the approach of adding penalties to the
objective function to create a QUBO model, simple penalties won’t always be
known in advance and will have to be discovered. The procedure for this is
straightforward as shown below.

2.3.1 Creating QUBO Models: A General Purpose Approach

Consider the general traditionally modeled combinatorial problem

Minimize x¢ = x’ Cx

Subjectto Ax =b, x € {0, 1}"

This model accommodates both quadratic and linear objective functions since
the linear case results when C is a diagonal matrix (observing that x/2. = x; when
xj is a 0-1 variable). Under the assumption that A and b have integer components,
problems with inequality constraints can always be put in this form by including
slack variables and then representing the slack variables by a binary expansion.
(For example, this would introduce a slack variable s to convert the inequality
4x1 4 S5x3 — x3 < 6into 4x1 + 5xp — x3 + s = 6, and since clearly s < 7 (for
the case where x; = x = 0 and x3 = 1), s could be represented by the binary
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expansion sy + 2s2 + 4s3 where s1, s and s3 are additional binary variables. If it is
additionally known that not both x; and x; can be 0, then s can be at most 3 and can
be represented by the expansion s1 4 2s2. These constrained quadratic optimization
models are converted into equivalent unconstrained QUBO models by converting
the constraints Ax = b (representing slack variables as x variables) into quadratic
penalties to be added to the objective function, following the same re-casting as we
illustrated in the discussion that precedes Sect. 3.1.

Specifically, for a positive scalar P, we add a quadratic penalty P(Ax—b)” (Ax—
b) to the objective function to get

y=x Cx+ P(Ax — b)" (Ax — b)
=xXCx+x'Dx+c
=x"Qx+¢

where the matrix D and the additive constant ¢ result directly from the matrix mul-
tiplication indicated. Dropping the additive constant, the equivalent unconstrained
version of the constrained problem becomes

Minimize x! Qx, Subject to: x € {0, 1}"

This general transformation procedure can in principle be applied to any 0/1
model with a linear or quadratic objective function subject to linear constraints.

Remarks

1. A suitable choice of the penalty scalar P, as we commented earlier, can always
be chosen so that the optimal solution to QUBO is the optimal solution to the
original constrained problem. Solutions obtained can always be checked for
feasibility to confirm whether or not appropriate penalty choices have been made.
Boros and Hammer [13] give a discussion of this approach which is the basis for
establishing the generality of QUBO.

2. For realistic applications, a program, perhaps in Python, will need to be written
implementing the transformation and producing the Q matrix needed for the
QUBO model. For small problems we can usually proceed manually as we’ll
do in example to follow.

3. Note that the additive constant, ¢, does not impact the optimization and can
be ignored during the optimization process. Once the QUBO model has been
solved, the constant ¢ can be used to recover the original objective function value.
Alternatively, the original objective function value can always be determined by
using the optimal x; found when QUBO is solved.

This general transformation procedure is illustrated by the following example.
Consider the set partitioning problem

Min x¢g = 3x1 + 2x2 4+ x3 + x4 + 3x5 + 2x6

St.xp+x3+x6=1
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X +x3+x5s+x6=1
x3+x4+x5=1
X1+ x2+x4+x6 =1

and x = (x1,x2,..,xe) binary. Normally, the general transformation would be
embodied in a supporting computer routine and employed to re-cast this problem
into an equivalent instance of a QUBO model. For this small example, however, we
can proceed manually as follows: The conversion to an equivalent QUBO model
involves forming quadratic penalties and adding them to the original objective
function. In general, the quadratic penalties to be added (for a minimization

2
n
problem) are givenby P ) ( Y aijxij — b,~> where the outer summation is taken
i \j=I
over all constraints in the system Ax = b.
For our example we have
Minimize xo = 3x1 + 2x3 + x3 + x4 + 3x5 + 2x6 + P(x1 + x3 + X6 — 1)2—1—

P(xa+x3 + x5 4+ x6 — )% + P(x3 + x4 + x5 — D+ P(xy +x2 + x4 +x6 — 1)?
Arbitrarily taking P to be 10, and recalling that sz. = x; since our variables are
binary, this becomes

Minimi 1722 — 18x2 — 2052 — 1952 — 172 — 2852
inimize y = —17xy — 18x5 — 29x35 — 19x5 — 17x5 — 28x5 + 20x1x2 + 20x1x3+
20x1x4 4+ 40x1x6 + 20x2x3 + 20x2x4 + 20x3x5 4+ 40x2x6 + 20x3x4 + 40x3x5+

40x3x6 + 20x4x5 4+ 20x4x6 + 20x5x6 + 40

Dropping the additive constant 40, we then have our QUBO model
Minimize x!Qx, Subject to: x € {0, 1}"
where the Q matrix is

[—17 10 10 10 0 20
10 —18 10 10 10 20
10 10 =29 10 20 20
10 10 10 —19 10 10
0 10 20 10 —17 10
20 20 20 10 10 —28]

Solving this QUBO formulation gives an optimal solution x| = x5 = 1 (with all
other variables equal to 0) to yield xo = 6.
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As noted in Sect. 2.2 of this chapter, using the QUBO model for solving large-
scale set partitioning problems has proven to be very successful. For detailed
examples of re-casting other traditional models into the form of a QUBO model,
the reader is referred to Glover et al. [19, 31].

2.3.2 Illustrative Computational Experience

As mentioned earlier in this chapter, the QUBO modeling and solution approach
has proven to be successful in representing and solving a wide variety of difficult
combinatorial optimization problems. We commented in section 3.1 and earlier in
section 2, for instance, on the recent study by Du et al. [21] illustrating such success
on large set partitioning problems. The following tables present the main results
of this study undertaken on medium, large and very large test problems. Note that
the results shown for CPLEX were obtained from the standard linear model for
set partitioning while the AlphaQUBO results were obtained from the equivalent
QUBO representation.

The bold values in Tables 2.1, 2.2, and 2.3 are the objective function values for
optimal solutions or best known solutions. As shown in Table 2.1, both CPLEX
and AlphaQUBO found optimal solutions for the first 7 of these modest sized
problems. AlphaQUBO obtained a better solution than CPLEX on the last problem
and outperformed CPLEX on “time to best” by a wide margin on all 8 problems.

Table 2.2 show that AlphaQUBO quickly found best known solutions for all
24 problems. CPLEX was able to find best known solutions for only 11 of the 24
problems. AlphaQUBO had a “time to best” advantage over CPLEX that typically
ranged from 1 to 3 orders of magnitude.

For the very large problems of Table 2.3, CPLEX was unable to find the best
known solution to any of these problems in the time limit of 6 hours. AlphaQUBO
quickly provided best known solutions for all problems, outperforming CPLEX in
terms of solution quality and time. Note that these QUBO models are the largest
reported on in the literature to date.

Table 2.1 Medium sized problems: comparing AlphaQUBO and CPLEX

CPLEX AlphaQUBO
ID Vars Constraints ~ Density %  OFV Time(s)  OFV Time(s)
SPPOla 6000 1500 25 10,872 7851 10,872 53
SPPOIb 6000 1500 50 6975 3180 6975 6
SPPOlc 6000 3000 25 22,860 2598 22,860 275
SPPO1d 6000 3000 50 14,793 14,115 14,793 12
SPP02a 8000 2000 25 14,959 15,348 14,959 34
SPP02b 8000 2000 50 9621 18,071 9621 74
SPP02c 8000 4000 25 30,425 16,423 30,425 95

SPP02d 8000 4000 50 19,882 10,191 19,816 19



52 E. Glover et al.

Table 2.2 Large sized problems

Cplex AlphaQUBO
D Vars Constraints  Density % OFV Time(s) OFV Time(s)
SPP1 10,000 1000 25% 7292 947 7292 3782
SPP2 10,000 1000 50 4543 1543 4543 116
SPP3 10,000 5000 25 37,968 284 37,968 5.4
SPP4 10,000 5000 50 24,297 8683 24,297 1337
SPP5 15,000 1500 25 10,930 66 10,930 17.5
SPP6 15,000 1500 50 7174 2176 7047 77
SPP7 15,000 7500 25 57,834 993 57,419  706.7
SPP8 15,000 7500 50 37,962 2373 37,671  556.8
SPP9 20,000 2000 25 14,900 9833 14,900  1535.1
SPP10 20,000 2000 50 9412 369 9412 3.6
SPP11 20,000 10,000 25 77,448 2119 77,198  1729.1
SPP12 20,000 10, 000 50 50,188 4786 50,188 5.7
SPP13 25,000 2500 25 18,517 589 18,498 10
SPP14 25,000 2550 50 12,008 1847 11,923  813.8
SPP15 25,000 12,500 25 96,690 548 96,445 1474.3
SPP16 25,000 12,500 50 63,173 18,903 63,156 98
SPP17 30,000 3000 25 22,405 859 22,405 14.1
SPP18 30,000 3000 50 14,457 2507 14,457  1551.7
SPP19 30,000 15,000 25 115,950 16,031 115,687  410.3
SPP20 30,000 15,000 50 76,276 17,393 75,684 115
SPP21 40,000 4000 25 30,592 2532 30,445 894.1
SPP22 40,000 4000 50 19,815 7184 19,558 11.5
SPP23 40,000 20, 000 25 155,162 19,152 155,069 3934
SPP24 40,000 20, 000 50 101,835 10,286 101,835 12.9
Table 2.3 Very large instances
Cplex AlphaQUBO
ID Vars Constraints  Density % OFV Time(s) OFV Time(s)
SPP50k 50,000 10,000 25 76,903 18,144 76,402 2315
SPP60k 60,000 12,000 25 92,293 16,060 91,912 2876
SPP70k 70,000 14,000 25 109,168 19,084 108,112 272
SPP80k 80,000 16,000 25 125,139 18,600 123,890 175
SPP90k 90,000 18,000 25 140,223 15,278 139,269 1804
SPP100k 100,000 20,000 25 154,694 19,509 154,351 622

2.4 Summary and Conclusion

The remarkable diversity of QUBO applications and the documented successes in
solving them effectively highlight the practical importance of these models. The
relevance of this area to quantum computing and the discovery of new applications
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in machine learning, biotechnology, supply chains, portfolio analysis and a host of
other realms promises to stimulate further advances in the months ahead. Some
of these will mimic and build upon past QUBO successes while others will be
completely new as the research community continues to devise creative ways to
recast important problems into the QUBO framework.

The applications reported here underscore the success of the QUBO model as a
useful alternative to traditional approaches for solving combinatorial optimization
problems. As the performance of QUBO solution methods continues to advance,
both on the conventional and the quantum side, the practice of employing the QUBO
model may be expected to expand as well.
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Chapter 3 )
Complexity and Polynomially Solvable Shethie
Special Cases of QUBO

Eranda Cela and Abraham P. Punnen

Abstract The quadratic unconstrained binary optimization problem (QUBO) is
equivalent to a number of prominent combinatorial and discrete optimization prob-
lems and generalizes many others. In this chapter we will discuss the computational
complexity aspects of the problem along with tractable special cases. Many of those
results are derived from the related properties of the optimization problems which
are equivalent to or generalized by QUBO.

3.1 Introduction and Notations

In the previous chapters, we have seen that QUBO can be used to model various
applied and theoretical optimization problems. In this chapter, we primarily focus
on the computational complexity of the QUBO model and identify various special
cases of the model that can be solved in polynomial time. Recall that QUBO can be
stated as the mathematical programming problem

Maximize x Qx4+ ¢'x

Subject to: x € {0, 1}",

where Q = (g;;) is an n X n matrix and ¢’ = (c1, c2,...,cp) is an n-vector. When
Q and c are given, an instance of QUBO is well defined and hence we sometimes
represent an instance of QUBO by the ordered pair (Q, ¢). The size n of the QUBO
model is implicit in the dimensions of Q and ¢. The QUBO model is also represented
in an equivalent form, called the Ising QUBO, where the variables take values —1
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or 1. The Ising QUBO leads to a natural formulation of the maximum weight cut
problem and hence it is sometimes called as the cut version of the QUBO. The Ising
QUBO can be stated as

Maximize y Ay +b'y
Subject to: y € {—1, 1}",

where A = (a;;) is an n x n matrix and b' = (b1, by, ..., b,) is an n-vector. When
A and b are given, an instance of the Ising QUBO is well defined and hence such an
instance is represented by the ordered pair (A, b).

In the definition of QUBO, without loss of generality, one may assume that
Q is symmetric or upper triangular and/or the diagonal entries are zeros. Similar
assumptions can be made on A in the definition of the Ising QUBO. See Chap. 1
for more details on the representations of QUBO. In this chapter, we however make
no assumptions on Q or A and whenever such assumptions are required, we will
state them explicitly. For a review of some solvable cases of QUBO, we refer to
the survey paper [61] and the book chapter [66]. More citations on polynomially
solvable special cases will be included when we discuss the corresponding results,
later in this chapter.

It is well known that the problems QUBO and the Ising QUBO are equivalent [6]
and one can be obtained from the other using a linear transformation. Here, the
equivalence is understood as follows: There is a bijection ¢ between feasible
solutions x of the QUBO with input (Q, ¢) and the feasible solutions y of the Ising
QUBO with Input (A?, b@)), given by

y=¢x) =2x—e (3.1

where e is the all-one vector. Moreover, A1 = }‘Q, b? = i (Qe+Q"e+2¢) and the
objective function value of x and y differ just on a constant K (9 = ieTQe + écTe.
Conversely, the bijection ¢(~! given by

Dy |
x=¢ (y) = 2(}’ +e) (3.2)

maps the feasible solutions y of the Ising QUBO instance (A, b) to the feasible
solutions x of the QUBO instance (Q@, ¢@), where Q@ = 4A and ¢® = 2(b —
Ae — AT e). Analogously the objective function values of y and x differ just on a
constant K@ = e’ Ae — b”e. See Chaps. 1 and 8 for further discussion on these
transformations and their implications.

Given any symmetric n X n matrix Q, we can associate a graph G = (V, E)
where V = {1,2,...,n} and E = {(i, j) : qij # 0}. The graph G is called the
support graph of Q. Whenever we talk about the support graph of Q or A, either
implicitly or explicitly, these matrices are assumed to be symmetric, without loss
of generality. Note that the transformations (3.1) and (3.2) preserve the structure of
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the support graphs of Q and A. This property is useful in relating the polynomial
time solvability of some special cases of QUBO to that of the Ising QUBO and vice
versa.

Let us now briefly introduce some notational conventions used in this chapter,
keeping consistency with those discussed in Chap. 1. Matrices and vectors are
represented using bold capital letters and their elements by the corresponding small
letters, along with accents, if any, and the location coordinates. The zero vector in
any dimension is represented by 0. The objective function of the instance (Q, ¢) of
QUBO is denoted by fq,c. That is, fg,c(X) = X" Qx + ¢’x. If the inputs Q and ¢
are unambiguously clear from the context we will drop the subscripts of fq,¢ and
simply denote the objective function by f. Similarly, the objective function of the
Ising QUBO (A, b) is denoted by ga . That is ga p(y) = y" Ay + b”y. If the inputs
A, b are unambiguously clear from the context we will drop the subscripts of ga p
and simply denote the objective function by g. For any undirected graph, and edge
joining vertices i and j is represented by {i, j}.

The chapter is organized as follows. In Sect. 3.2, we discuss the computational
complexity of QUBO and show that various special cases of the problem are NP-
hard. Section 3.3 deals with polynomially solvable special cases of the QUBO and
the Ising QUBO identified by exploiting the properties of the cost matrices Q and
A. These include strip matrices and low rank matrices with additional properties,
as well as some special matrices admitting high rank but closely related to low
rank matrices. In Sect. 3.4, we present polynomial time algorithms for QUBO and
the Ising QUBO using the structure of the underlying support graphs of Q and
A. These algorithms exploit connections with polynomially solvable special cases
of the maximum weight cut problem, maximum weight stable set problem, and
the maximum weight clique problem, along with other optimization problems on
graphs. Section 3.5 discusses special cases of QUBO and the Ising QUBO that can
be solved using pseudo-polynomial algorithms, followed by concluding remarks in
Sect. 3.6.

3.2 Computational Complexity

Let us now explore the computational complexity of QUBO and the Ising QUBO.
Before discussing the results on these problems, we briefly discus some of the
closely related graph theoretic optimization problems and their computational
complexity.

The maximum weight cut problem (MWCP) is one of the fundamental com-
binatorial optimization problems studied extensively in literature. The MWCP is
equivalent to QUBO (see Hammer [53]) and the Ising QUBO (see Barahona [6],
Barahona et al. [7]). The input for the MWCP is the pair (G, w), where G = (V, E)
is an undirected simple graph with vertex set V, edgeset E C {{i, j}:i,j € V,i #
Jj 1, and the weight function w: E — R. In particular, the weight of the edge {i, j}
is denoted by w;;. The MWCP searches for a subset § of V' such that the weight
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w(ég(S)) = Z{i,j}eé(S) w;j of the cut §g(S) = {{i,j} € E:i € S,j & S}is
maximized. If G is unambiguously clear we will write §(S) instead of G (S). An
instance of the MWCP on G with weight function w is denoted by the ordered
pair (G, w). If G’ is the graph obtained from G after removing the edges with
weight zero and w’ is the mapping w restricted to the edge set E” of G’, then the
instances (G, w) and (G’, w’) are equivalent (i.e. w(8g(S)) = w'(8¢/(S)) holds for
all S € V). The cut §(S) is also denoted by (S, S), where § is the complement of §
with respect to V.

The special case of the MWCP where all edge weights fulfill w;; = 1 is called
the maximum cardinality cut problem (MCCP). The maximum weight (cardinality)
cut problem is well-known to be strongly NP-hard [42, 43, 79]. In the following
theorem, we summarize various special cases of the MWCP and the MCCP that
remain NP-hard in spite of the specific properties of the input.

Theorem 3.1 The maximum weight cut problem (G, w) is NP-hard under the
following conditions.

G is a cubic graph and w;j = 1 forall {i, j} € E [91].

G is a two-level grid and w;j € {—1,0, 1} forall {i, j} € E [6].

G is a unit disk graph and wi; = 1 for all {i, j} € E [34]

G is a bipartite graph [71]

G is a chordal graph, an undirected path graph, a double interval graph, a
tripartite graph, or a co-bipartite graph with w;; = 1 for all (i, j) € E [16].

Lk L~

The Euclidean version of the maximum weight cut problem (EMWCP) can be
defined as follows. Given a set P = {Xl, x2, ..., X"} of n points in R"™, find a
partition S, S of {1,2, ..., n} such that Yics.jcs [Ix' — x/|| is maximized. If we
take the square ||x! — x/||? of the Euclidean distance instead of ||x! — x/||, we get
an instance of the squared Euclidean maximum cut problem (SEMWCP).

Theorem 3.2 ([1]) EMWCP and SEMWCP are strongly NP-hard.

Let us now consider the maximum weight stable set problem (MWSSP). The
MWSSP takes as input a pair (G, d), where G = (V, E) is an undirected graph
with vertex set V, edge set E C {{i,j}:i,j € V},andd: V — R is a weight
function on the vertices of G. Thus, the weight of the vertex i € V is d;. Then,
the MWSSP searches for a subset of S of the vertex set V such that the weight
d(S) = ) ;cgdi is maximized and the subgraph of G induced by S is a collection
of isolated vertices. An instance of the MWSSP on the graph G with vertex weight
function d is denoted by by the ordered pair (G, d). Without loss of generality we
assume that the weights d; of the vertices are non-negative since vertices of negative
weight would never belong to an optimal solution and hence can be removed from G
together with the edges incident on them. The MWSSP is well-known to be strongly
NP-hard [42]. The theorem below summarizes some special cases of the MWSSP
that remain NP-hard in spite of the specific properties of the input.
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Theorem 3.3 The maximum weight stable set problem (G, w) is NP-hard under
the following conditions.

1. G is a planar graph with maximum vertex degree 3 and dj = 1 for all j €
V [43].

G is a triangle free graph and d; =1 for all j € V [86].

G is a 3-regular Hamiltonian graph and d; = 1 forall j € V [39]

G is a planar graph with large girth and d; = 1 forall j € V [73].

G is an H-free graph [2]

Lk

Note that item (4) of Theorem 3.3 is a strengthened version of item (a) of the
theorem.

Another problem closely related to the MWSSP is the maximum weight clique
problem (MWCIP). Note that S is a stable set in a graph G if and only if it is a
clique in the complement G of G. As in the case of the MWSSP, the maximum
weight cliqgue problem (MWCIP) also takes as input the pair (G, d) and searches for
a subset S of V such that the subgraph of G induced by S is a complete graph and
Y icsdi is maximized. For a thorough discussion on the maximum weight clique
problem, we refer to [18]. MWCIP is well-known to be strongly NP-hard [42]. The
maximum weight clique problem is NP-hard on the complements of the graphs
indicated in Theorem 3.3. In the theorem below we summarizes some additional
special cases of the MWCIP that remain NP-hard in spite of the specific properties
of the input.

Theorem 3.4 The maximum weight clique problem is NP-hard on the following

graphs, even ifd; = 1 foralli € V.

1. 2-interval and unit 3-track graphs [40]

2. Ray intersection graphs, segment intersection graph (intersection graphs of
segments in plane) [24]

3. String graphs [63, 72]

4. Ball graphs and unit 4-dimensional graphs [19]

It may be noted that the MWSSP is NP-hard on the complements of the graphs
discussed in Theorem 3.4.

Let us now explore the complexity of QUBO. The equivalence between QUBO
and MWCP immediately establishes that QUBO and the Ising QUBO are strongly
NP-hard and also APX hard. Let us examine now the complexity of QUBO and the
Ising QUBO for various special cases.

Theorem 3.5 ([6]) Let A be an n x n symmetric matrix and G = (V, E) be
the support graph of A with V.= {1,2, ..., n}. Then, G with the weight function
w;j = ajj has a cut (S, S) of value K if and only if there exists y; € {—1,1}, j =
L2, .. nsuchthat 33/ 37y aijyiyj = Y iy Dy aij — 4K.
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Proof Suppose that G has a cut (S, S) such that 3
yi =1ifi € Sand y; = —1isi € S. Then,

n n
DD ayivi =D auyivi+ ) D ayyivi+2) Y aijiv

ies,jes dij = K. Now, define

i=1 j=1 ieS jes ie§ Jjes i€5 je§
DD NIES 3 WIEEI ) DRSS
ieS jes ieS jes i€S je§

i=1j=1

The equality (3.4) follows by adding and subtracting 2} ;¢ >~ ;<5 aij to RHS of
Eq. (3.3). Conversely, suppose there exists y; € {—1,1}, j = 1,2, ..., n such that

h Zj’:laijyt)’j =yr, 27}:1 ajj — 4K . Now define S = {j : y; = 1}. Then
we have

n n n n
DD vy =3 ) a =4 ) ay

i=1 j=1 i=1 j=1 i€S je§

andhence } ;¢ > ;c5aij = K. i

From Theorem 3.5 it follows that the Ising QUBO (A, 0) is NP-hard if the
maximum weight cut problem is NP-hard on the support graph G = (V, E) of
A with weight —a;; for {i, j} € E. In particular, we have

Theorem 3.6 The Ising QUBO (A, 0) is NP-hard if a;j € {0, —1} and the support
graph of A is a chordal graph, an undirected path graph, a double interval graph,
tripartite graphs, a co-bipartite graph, a tripartite graph, and a cubic graph.

The proof of Theorem 3.6 follows from Theorem 3.1. Further, it also follows that

Theorem 3.7 If a;; € {0, 1, —1} then the Ising QUBO (A, 0) is NP-hard if the
support graph of A is a two-level grid.

Corollary 3.1 The QUBO (Q, ¢) is NP-hard if gi; € {0, —1} and the support graph
of Q is a chordal graph, an undirected path graph, a double interval graph, tripartite
graphs, a co-bipartite graph, a tripartite graph, and a cubic graph. Further, the
QUBO (Q, ¢) is NP-hard if q;j € {0, 1, —1} and the support graph of Q is a two-
level grid.

Proof From Eq. (3.1), it follows that the Ising QUBO (A, 0) is equivalent to the
QUBO (Q4, ¢%) where e is the all-one vector, Q¢ = 4A and ¢? = 2(—e" A — e’ AT).
But QUBO (Q¢, ¢“) is equivalent to QUBO (;Q¢, }¢?). Further, if a;; € {0, —1)
then elements of }‘Q“ also belongs to {0, —1} and the support graph of }‘Q“ is
the same as the support graph of A. Now, the first part of the corollary follows from
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Theorem 3.6. Using similar arguments, the second part of the corollary follows from
Theorem 3.7. |

Analogous to the Euclidean maximum cut problem, we have the Euclidian
version of the Ising QUBO which is defined as follows. Given a set P =
{xl,xz,...,x"} of n points in R™, find a y; € {—1,1},j = 1,2,...,n such
that 37 35, X' — x/||y;y; is minimized. Instead of the Euclidean distance
[Ix! — x/||, if we take the square lIx! — x/||? of the Euclidean distance, we get an
instance of the squared Euclidean Ising QUBO. Note that the problem is defined
in the minimization form. The maximization version of the problem is trivial since
yj = 1 forall j is an optimal solution. From Theorems 3.5 and 3.2 we have

Theorem 3.8 The Euclidean Ising QUBO and the squared Euclidean Ising QUBO
are strongly NP-hard.

It may be noted that the QUBO with a 0-1 matrix Q (or any non-negative
matrix Q) and non-negative vector c is trivial since x; = 1 for all i is an optimal
solution. When Q is a 0-1 matrix (or any non-negative matrix Q) and ¢ has negative
entries, the associated QUBO can be solved polynomial time as a maximum flow
problem. (See Sect. 3.3 for a more general result of this type.) Interestingly, when
gij € {—1, 0} and ¢; is non-negative for all i, QUBO is no longer easy.

Theorem 3.9 The QUBO (Q, ¢) is strongly NP-hard if qi; € {0, -1}, ¢c; = 1 for
alli = 1,2,...,n and the maximum cardinality stable set problem is NP-hard on
the support graph of Q.

Proof Let G = (V, E) be a graph on which the maximum cardinality stable set
problem is NP-hard. Now construct the matrix Q such that g;; = —1if {i, j} € E
and g;; = 01if {i, j} ¢ E. Also, choose ¢ as the all-one vector in RIVI. The QUBO
instance (Q, ¢) constructed here satisfies the conditions of the theorem. Let x be
an optimal solution to the QUBO (Q, ¢). Note that the optimal objective function
value of the QUBO (Q, ¢) is at least one and at most |V|. We claim that the optimal
objective function value of (Q, ¢) is precisely the size of a maximum cardinality
stable set in G. First observe that if the edge {i, j} € E then, in an optimal solution
x* of the QUBO, at least one of x; or x}f is zero. On contrary, assume that x =
x;‘ = l in an optimal x*. Since g;; = qj; = —1,¢; = c¢; = 1, and other entries of Q
are no more than zero, setting x;* or x” equal to zero results in an improved solution,
violating the optimality of x*. Thus the set $* = {j : x}f = 1} is a stable set in
G. But any stable set S in G generates a feasible solution to the QUBO by defining
x;j = 1if j € § and x; = 0, otherwise with QUBO objective function value is
precisely |S|. Therefore S* must be an optimal solution to the maximum cardinality
stable set problem on G. Since the maximum cardinality stable set problem on G is
assumed to be NP-hard, the result follows. O

The above proof is based on the QUBO formulation of the maximum cardinality
stable set problem and maximum clique problem given in [81]. In particular,
Theorem 3.9 shows that QUBO (Q, ¢) is NP-hard even if g;; € {0, —1} and the
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support graph of Q is any of the graphs listed in Theorem 3.3 or complements of the
graphs listed in Theorem 3.4.

Corollary 3.2 The Ising QUBO (A, b) is strongly NP-hard if a;; € {0, —1} and the
maximum cardinality stable set problem is NP-hard on the support graph of A.

The proof of this corollary follows from Theorem 3.9 and is similar to that of
Corollary 3.1 except that we will be using Eq. (3.2) to develop the arguments.

Let us now look at the special case of QUBO when Q is symmetric and of
rank one. If the symmetric matrix Q is of rank one, then, there exist vectors
a’ = (ar,a2,...,ay) and b" = (b1,ba,...,b,) such that ¢;; = a;b; for
i,j=1,2,...,nand b; = q; foralli or b; = —q; foralli. Such a representation of
Q can be obtained using the reduced echelon form of Q or by using singular value
decomposition. An instance of QUBO where Q is symmetric and is of rank one is
called symmetric rank-one QUBO. The objective function of a symmetric rank one
QUBO can be written as f(x) = (a'x)(b"x) + ¢/x where a and b are related as
indicated above.

Theorem 3.10 ([26, 54]) The symmetric rank-one QUBO is NP-hard.

Proof We reduce the SUBSET SUM problem to the symmetric rank-one QUBO. The

SUBSET SUM problem can be stated as follows. Given n numbers o, o2, . . ., &, and
a constant K, we want to determine if there exist a subset S € {1,2,...,n} such
that Zjes aj = K. From an instance of SUBSET SUM, construct an instance of the
symmetric rank-one QUBO as follows. Choose a; = «;, bj = —a;, and ¢; = 2K «;.

For x € {0, 1}, define h(x) = —(a’x — K)2. Then h(x) < O for all x € {0, 1}"
and h(x) = 0O precisely when the required partition exists. But maximizing 4 (x) is
equivalent to maximizing f(x) = —(a’x)? + 2K (a’x) = (a’x)(b"x) + ¢’x and the
result follows. |

Again, an analogous NP-hardness result for the Ising QUBO can be obtained
when A is a rank-one matrix. Later we will examine the more general problem of
QUBO with rank of Q being fixed or an appropriate function of 7.

Let us now examine another related special case called the half product QUBO.
In Chap. 1, applications of the half product QUBO in the context of machine
scheduling are discussed. Recall that a matrix Q is called a half product matrix
if it is upper triangular with diagonal elements zero and there exist vectors a =
(a1,an,...,ay) and b = (b1, by, ..., by) such that qij = a,-bj fori =1,2,...,n
and j > i. The half-product QUBO is the special case of QUBO where Q is
restricted to a half-product matrix. The half-product QUBO (in minimization form)
was introduced by Badics and Boros [5] and independently by Kubiak [64]. Note
that we consider the half product QUBO in the maximization form.

Theorem 3.11 ([5]) The half product QUBO is NP-hard.
Proof The proof follows by a reduction from the subset sum problem. O

For more complexity results relating to the approximability of QUBO and the
Ising QUBO, we refer to the Chap. 8 and the references included there.
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3.3 Polynomially Solvable Matrix Structures

In this section we look at special properties of the matrix Q and the matrix A
to identify polynomially solvable cases of the QUBO and the Ising QUBO. We
distinguish between properties which can be specified in terms of simple linear
equations and inequalities to be fulfilled by the entries of Q and also rank-based
properties.

3.3.1 Linear Restrictions on the Cost Matrices

Sum Matrices A matrix Q is said to be a sum matrix if there exist a;, bj,i =
1,2,...,nsuchthatg;j =a; +b; foralli, j =1,2,...,n.

Theorem 3.12 If Q is a sum matrix then the QUBO (Q, ¢) can be solved in O (n?)
time.

Proof When Q is a sum matrix,

n n n n
XTQX~|—CTX= Za,'x,' ij ~|—ijx/' Zx,' ~|—CTX
=1 i=1

i=1 j=1
n n
= (Z(a,- + b,’)X,’) (Z )Ci) +c'x 3.5)
i=1 i=1
Now, consider the problem

n
P(.): Maximize A (a; + bi)xi +¢'x
i=1

n
Subject to: Y " x; =4, x €{0,1}".

i=1

for some A € {0, 1,...,n}. Notice that the objective function of P(L) can be
written as Z?zl[k(ai + b;i) + ¢ilxi. Now, for A € {1,...,n}, the Ath maximum
(lexicographically), say (w, A), of the ordered pairs (A(a; + b;) + ¢;,i),i =
1,2,...,ncanbeidentifiedin O (n) time.Let S = {i : (A(a;+b;)+ci, i) = (w, A)},
where = means lexicographically greater than. Choose x; = 1if j € Sandx; =0
otherwise and this solution will be optimal for P(A), A # 0. For A = 0 the zero
vector in the optimal solution for P(}). Let x® be an optimal solution to P(A) with
corresponding objective function value v(A) = >/ (A(a; + b;) + c,')xl.()‘), for any
»€{0,1,...,n}. Thenx® for A € argmax{v(r): » € {0, 1, ..., n}}is an optimal
solution to the QUBO given in Eq. (3.5) and the result follows. |
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A matrix Q is said to be a weak sum matrix if there exist a;, b;,i = 1,2,...,n
such thatg;; = a; +bj,foralli, j =1,2,...,nandi # j.

Corollary 3.3 If Q is a weak sum matrix then the QUBO (Q, ¢) can be solved in
0 (n?) time.

Proof Define the matrix Q" where qi’j =a; +bj;foralli,j =1,2,...,n and the
vector ¢’ where ¢, = ¢; + qi; — a; — b;. Then

XQx+c'x=xQx+ (¢)'x

for x € {0, 1}". But, Q" is a sum matrix and hence by Theorem 3.12 the QUBO
(Q', ¢') can be solved in O (n?) time and the result follows. O

Analogous results can be obtained for the Ising QUBO. It is not surprising that
sum matrices and weak sum matrices lead to polynomially solvable special cases
of the QUBO. Such matrices are also studied in the context of other prominent
combinatorial optimization problems, e.g. the travelling salesman problem, where
they also lead to polynomially solvable special cases.

Product Matrices Another class of specially structured matrices involved in
polynomially solvable special cases of hard combinatorial optimization problems
are the product matrices. For example, a number of results on polynomially
solvable special cases of the well studied quadratic assignment problem (QAP),
see for example [23, 25, 69], are related to product matrices. Results on (pseudo)
polynomially solvable special cases of the QAP involving product matrices carry
over to QUBO as we will explain below.

An n x n matrix A = (a;;) is called a product matrix, if there exist the real
numbers «, ..., &y, B1, ..., By such that

ajj = a; Bj forl <i,j <n. (3.6)

Wheno; = 8; € {0, 1} foralli € {1,2,...,n}, Aiscalled a symmetric 0-1 product
matrix.

The QAP in Koopmans-Beckmann form [62] takes as input two n X n square
matrices A = (a;;) and B = (b;;) with real entries and searches for a permutation
7 that minimizes the objective function

n n
Z7(A,B) = ZZ ax iy () bijs 3.7

i=1 j=1

where 7 ranges over the set S, of all permutations of {1,2,...,n}. We denote
this QAP instance by QAP (A, B). In general, the QAP is extremely difficult to
solve and hard to approximate, but there are some strongly structured polynomially
solvable special cases.
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In this context a special case is characterized by certain (combinatorial) proper-
ties of the coefficient matrices A and B. To formalize the concept, let us denote by
Mp the set of square matrices having a certain property P. P could be for example
“being a sum matrix” or “being a product matrix” as defined above.

Given two properties P; and P, the P;-P, special case of the QAP consists of
the family of instances QAP (A, B) with A € Mp,, B € Mp,.

Considernow a A € {1,2,...,n} and let A® = (al.(}‘)) be a 0-1 product matrix

given by al.(;") = xixj, for i,j € {1,2,...n}, where x = (x1,x2,.. .,x,,)T S
{0,1}" with x; = 0, if and only if i € {1,2,...,A}. For every m € S, let
X" = (Xr(1), Xz@2)s - - - » xﬂ(n))T be the vector obtained by permuting x according
to . Clearly x* € {0, 1}" and the sum of its entries equals A. Conversely, any
vector in {0, 1}" with sum of the entries equal to A can be written as x” for
some w € S,. Then the objective function of QAP (A®, B) can be written as
Zz (AW B) = — fg.o(x"), where Q = —B and ¢ = 0. Hence QAP(A™), B) is
equivalent to

max{fQ,c(x): x € {0, 1}", Zn:xi = A} ,

i=1

and QUBO(Q,0) can be written as max min Z;(A™, —Q). Thus
2e{0,1,....n) TES,

QU BO(Q, 0) can be solved by solving QAP(A®, —Q) forall A € {0, 1,...,n}.
Consequently every P;- P> (pseudo) polynomially solvable special case of the QAP,
where P is the property of being a symmetric 0-1 product matrix, yields a (pseudo)
polynomially solvable special case of the QU BO(Q, 0).

Lemma 3.1 Let Py be the property “being a symmetric 0-1 product matrix” and
P> be some other matrix property such that the Pi-P, special case of the QAP
is (pseudo) polynomially solvable. Then QU BO(Q, 0) is (pseudo) polynomially
solvable over the class of matrices Q such that (—Q) has the property Pa.

Pseudo (polynomially) solvable special cases of the QAP involving symmetric
0-1 product matrices have been investigated in [22, 27, 28]. By applying Lemma 3.1
these special cases immediately imply the following results for the QUBO.

Theorem 3.13 The following special cases of the QUBO (Q,0) are (pseudo)
polynomially solvable.

(i) Block matrices [28].

Let q be a fixed natural number and let P = (p;;) be a q X q matrix such that
pii +pjj = 2pij, foranyi, j € {1,2,...,q}. Then, QUBO (Q, 0) is solvable
in O(n (qzq! +nlogn)) time if Q is a block matrix with block pattern P, i.e. (a)
there exists a partition of the row and column set {1, ..., n} into q (possibly
empty) intervals I1, . . ., I such that for 1 < k < q — 1 all elements of interval
Iy are smaller than all elements of interval Iy and (b) for all indices i and j
withl <i,j <nandi € Iy and j € Iy, we have q;; = pie.
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(ii) Toeplitz matrices [22].
Let Q be a symmetric n x n Toeplitz matrix with q;j = f(|li — j)) fori, j €
{1,2,...,n}and f:{0,1,...,n — 1} — R with the properties (a) f(1) >
f+Dforl <i<|5]—1and(b) f(i) > f(n—i)foralll <i <[5]—1
Then QU BO(Q, 0) is solvable in polynomial time. More precisely, an optimal
solution can be found among the vectors x*), for A € {0,1,...,n}, where
M =0iffi {0, 1, AU {n— 2] +1,...,n).

(iii) Distance matrices of one-dimensional point sets [27].
QUBO(Q,0) is solvable in pseudo polynomial time if Q is the distance matrix
of a one-dimensional point set.

In the following we give some examples to illustrate the results presented in
Theorem 3.13. For example let P be a 3 x 3 matrix as follows

dia b
P=|adyc |,
b ¢ dj

such that dy, da, d3 are arbitrary reals and the other entries of the matrix fulfill
2a < dy + dy, 2b < dy + d3, 2¢ < dy + d3. Then, according to Theorem 3.13 (i),
QUBO(Q, 0) is solvable in O (n(54 + nlogn) = O (n”logn) time, if Q is a block
matrix with block pattern P, i.e. if there exist natural numbers n1, na, n3 € N with
n = n1 + ny + n3 such that the entries of Q are given as follows:

dyifi,jef{l,...,n1},
gij={dryifi,jef{ni+1,...,n1 +n2},
dzifi,je{ni+ny+1,...,n}

aifie{l,...,n}, je{m+1,...,n1 +ns},
gij=qji={bifie{l,....m}, je{ni+n2+1,...,n},
cifie{m+1,....,n1+mn}, je{ni+n+1,...,n}

As an illustrative example for Theorem 3.13 (ii) consider a symmetric 8 x 8
Toeplitz matrix Q generated by f: {0, 1,...,7} — R given by f(0) =2, f(1) =
5f)=2,f3)=1,f4 =0, f(5) =1, f(6) =0, f(7) = 3 which obviously
fulfills the conditions specified in (ii). In this case the results of [22] would imply
that an optimal solution of the QUBO (Q, 0) can be found among the the vectors
(x?:ie{0,1,...,7}} given as

x"7T =(0,0,0,0,0,0,0,0), xNHT=,1,1,1,1,1,1, 1),
T =©0,1,1,1,1,1,1,0), )T =(0,0,1,1,1,1,1,0),
xNT =(0,0,1,1,1,1,0,0), x*HT =(0,0,0,1,1,1,0,0),
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N7 =(0,0,0,1,1,0,0,0), x™) =(0,0,0,0,1,0,0,0),
T =1, 1,1,1,1,1,1,1).

This is due to the fact that x» is an optimal solution to the QAP(A)‘), —Q), for
ref0,1,...,8}.

To illustrate Theorem 3.13 (iii) consider a set of n colinear points P; in RK,
i €{1,2,...,n}, and let Q = (g;;) be such that g;; = d2(P;, P;), forall i, j €
{1,2,...,n}, where d> is the Euclidean distance in RK. Then QUBO (Q, 0) can be
solved in pseudo-polynomial time by dynamical programming, as implied by the
results in [27].

k-Strip Matrices An n x n matrix is said to be k-strip matrix if all of its non-zero
entries are located in the first k£ rows and first £ columns. A QUBO when Q is a
k-strip matrix is called a k-strip QUBO.

Theorem 3.14 A k-strip QUBO is polynomially solvable when k = O (logn) and
is NP-hard when k = O ({/n) for any fixed t > 0.

Proof From the given k-strip matrix, construct the k x n matrix Q’ as

/ qij ifl <i,j<k
q~~:
Yo lgii g ifi=1,2,.kj=k+1,....n

Then, QUBO is equivalent to the pseudo-bilinear program [25]

PBL: Maximize ZZ%]ZLZ] +Zczzz +Z Z (gij +qji)ziyj+ Z CjYj

i=1j=1 i=1 j=k+1 Jj=k+1
Subjectto: z; € {0, 1} fori =1,2...,k
yje{0,1}forj=k+1,...,n

For each z” € {0, l}k construct the best y;-’, j=k+1,...,nas

, !1 if ¢j + 35— (qij + g0z > 0

y. =
/ 0 otherwise.
Now for each z? € {0, 1}k, p = 1,2,. .., 2k, construct the solution x? =
(Zf, Zf, .. .z,f, y,fH, R y,f) for the QUBO. Choose x" € {xl, X2, ..., sz} such

that fg.(x") = max{fQ,c(x") ci = 1,2,...,2%). Then x” will be an optimal
solution to the k-strip QUBO. When k = O(logn) the enumeration scheme
discussed above is polynomially bounded. The second part of the theorem can
be proved using arguments similar to those used in the proof of Theorem 10.7 in
Chap. 10. O
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A matrix is said to be a permuted k-strip matrix if there exists a permutation of
rows and columns that transforms the matrix to a k-strip matrix. Equivalently, Q is
a permuted k-strip matrix if there exists a set S C {1, 2, ..., n} such that |S| = k
and deleting rows and columns of Q corresponding to the indices in S results in a
zero matrix. In view of Theorem 3.14, QUBO can be solved in polynomial time if
the cost matrix Q is a permuted k-strip matrix for a given permutation (or a given
index set S as indicated above). An example of a permuted 3-strip matrix is given
below. The permutation that interchanges row 1 and 6 and column 1 and 6 yields a
3-strip matrix (equivalently choose S = {2, 3, 6}).

0 -5-2006
21 0 132
1 -65 231
0 3 -4002
0 5 3 001
-3 2 3 —-151

However, recognizing a permuted k-strip matrix in general is a difficult problem.

Theorem 3.15 Recognizing a permuted k-strip matrix is strongly NP-hard. When
k is fixed, a permuted k-strip matrix can be recognized in polynomial time and when
k = O(logn) it can be recognized in quasi-polynomial time.

Proof Consider a matrix Q and its associated support graph G. Then, Q is a k-strip
matrix if and only if G has a stable set of size at least n — k. Thus, a polynomial time
algorithm for recognizing a permuted k-strip matrix can be used to test if a graph
contains a stable set of size at least n — k. This proves the strong NP-hardness. Now,
from the graph G, remove k vertices along with their incident edges and check if
the resulting graph is a collection of isolated nodes. If the answer is yes, the matrix
is k-strip and it will also identify the permutation (or the set S). There are (Z) ways
to select k nodes and hence the process is polynomially bounded for fixed k and
quasi-polynomial for k = O (logn). O

Non-negative Off-diagonal Elements Let us now discuss the special case of
QUBO when the off-diagonal elements of Q are non-negative. There are no
restrictions on the diagonal elements or the elements of c. In this case, QUBO can
be written as the 0 — 1 linear program (which follows from the Glover-Woolsey
linearization discussed in Chap. 1 and the references there in)

n n
GWO: Maximize Z Z qgijyij + Z(Ci + gii)xi
i=1 jeP; j#i i=1

Subjectto: y;; —x; <Oforall j € P;,i=1,2,...,n
yij—xj§Of0ra11jePi,i=1,2,...,n
x; € {0,1}foralli =1,2,...,n,
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where P; = {j : gijj > 0}. The variable y;; is unrestricted but has an implicit upper
bound of 1. Further, in an optimal solution, y;; cannot be negative.

Lemma 3.2 The coefficient matrix of the LP relaxation of GWO is totally unimod-
ular.

Proof The coefficient matrix, say C, of the LP relaxation of GWO can be written
as C = <]IS) where B corresponds to the part of the coefficient matrix for general

constraints and the identity matrix I corresponds to the upper bound constraints
(including the implicit bound on the y;; variables). Thus, C is totally unimodular
if B is totaly unimodular and B is totally unimodular if B is totally unimodular.
But B” has a 1 and a —1 in each column with the remaining entries being zero and
hence it is the node-arc incidence matrix of some directed graph. This shows that
B is totally unimodular and the result follows. O

Theorem 3.16 When Q is a square matrix with non-negative off diagonal elements,
then the QUBO (Q, ¢) can be solved in polynomial time.

Proof The type of QUBO as discussed in the statement of the theorem can be solved
by solving GWO. From Lemma 3.2, GWO can be solved in polynomial time by
simply solving its linear programming relaxation. O

Theorem 3.16 was proved earlier by many authors [66, 84, 85]. Similarly, when
the off-diagonal elements of the Ising QUBO (A, b) are non-negative the Ising
QUBO can be solved in polynomial time. This follows from the fact that such an
Ising QUBO can be reduced to a QUBO with a cost matrix having non-negative
off-diagonal elements. Interestingly, when the off-diagonal elements of Q are non-
positive, the complexity results from Sect. 3.2 shows that the resulting QUBO is
NP-hard.

Let us now consider a more efficient algorithm to solve GWO, without using a
general purpose linear programming solver. In particular, we show that GWO can
be solved as a maximum flow problem (equivalently a minimum (s, #)-cut problem
with non-negative edge weights).

Fori = 1,2,...,n,letr, = Z?:l‘lij- Consider the graph G = (V, E)
associated with the matrix Q, where V = {s,¢,1,2,...,n}and E = {(i, j) : qij #
0y U{Gs, ), (J,0) : j =1,2,...,n}. Define the weights w;; of the edges of G as
follows:

min{0, —r; —c;} ifi=s
wij = 1min{0, r; + ¢;} ifj=t
—qij otherwise.
An (s, t)-cutin G is a partition (S, T') of the vertex set V such thats € Sandr € T.

The capacity of the (s, ¢)-cut (S, T') is denoted by 6(S, T') and is given as the sum
of the weights of the edges in the cut, i.e. §(S, T) = ZieS,jeT w;;. There is a one-
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to-one correspondence between (s, ¢)-cuts in G and x € {0, 1}". More precisely,
for any x € {0, 1}" there is an (s, #)-cut (S, T) where § = {s} U {j : x; = 1}
and T = {t} U {j : x; = 0}. Likewise for any (s, #)-cut (S, T) in G, we get an
x e {0,1}"suchthatx; =1if j € S, j#sandx; =0if j € T, j #1.

Theorem 3.17 ([84, 85]) Let G be the weighted graph associated with the symmet-
ric matrix Q as defined above. Then, G contains an (s, t)-cut of value §(S, T) if and
only if there exists an x € {0, 1} such that X" Qx + ¢'x + 3 i _j ws; = 8(S, T).

Proof The value §(S, T) of the (s, f)-cut is given by

8(S,T) = Zws](l —xj) +Zzw,,x, (1 —x])—i—Zw],x]

i=1 j=1

n n
= uy =Y wgx — ZZq,,xla —x) + Zwm
j=1 j=1

i=1 j=1

n n n n
= Z Wy —Zmin{O, —ri —ci}xi + x Qx —Z riXi —l—Zmin{O, ri + ci}xi
j= i=1

i=1 i=1

n
= Z wsj +x Qx + ¢'x.
Jj=1

The converse can be proved using the above equations, by working backwards. O

To clarify the construction discussed above, consider the instance (Q,c¢) of
QUBO where

02045 -8
20103 -8
Q=]01026)andec=| —12
43204 -7
50640 -15

Now, the vector of the r; values is given by r’ = (11, 6,9, 13, 15). Then, the QUBO
(Q, ¢) is equivalent solving the maximum s — ¢ cut problem on the graph G in
Fig.3.1.

Take any (s, 1)-cut, say § = {s,1,2}. Then 8(S. T) = —21. 37_ wyj = —9.
The incidence vector of S is x = (1, 1,0, 0, 0). Then X’ Qx + ¢’x + Z§=1 wyj =
—21=46(S,T).

Thus, the QUBO can be solved by solving the maximum (s, ¢)-cut problem on
G. But, when the off-diagonal elements of Q are non-negative, the weights w;; of
the edges of the graph G constructed above are non-positive. Thus, the maximum
(s, t)-cut on G can be identified by solving the minimum (s, #)-cut problem on G
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Fig. 3.1 The instance of Maximum (s, )-cut equivalent to (Q, ¢)

by taking the negative of the weights on the edges. Thus, the special case of QUBO
where the off-diagonal elements of Q are non-negative can be solved as a minimum
cut problem with non-negative edge weights, which is equivalent to the maximum
flow problem in a directed graph. The corresponding Ising QUBO can also be solved
as a minimum s — ¢-cut problem.,

In Theorem 3.16 we showed that the QUBO (Q, ¢) can be solved in polynomial
time, if the off diagonal elements of Q are non-negative. If the off-diagonal elements
are non-positive, QUBO (Q, ¢) is strongly NP-hard as proved in Sect. 3.2. However,
if additional restrictions are imposed, we obtain a polynomially solvable special
case of QUBO (Q, ¢) with non-positive off diagonal entries of Q.

Theorem 3.18 [f the off diagonal elements of the matrix Q are non-positive and the
support graph of Q is an undirected bipartite graph, then the QUBO (Q, ¢) can be
solved in polynomial time.

This result was obtained by Billionnet [12] and is proved in Chap. 10 in the
context of BQUBO.

Pseudo k-Strip Matrices and Further Generalizations Let us now generalize
Theorem 3.14 a little bit further. An n x n matrix Q is said to be a pseudo k-strip
matrix if the off-diagonal elements of the matrix obtained from Q by deleting the
first k rows and columns are non-negative. An instance (Q, ¢) of QUBO is called a
pseudo k-strip QUBO if Q is a pseudo k-strip matrix.

Theorem 3.19 The pseudo k-strip QUBO is solvable in polynomial time if k =
O (logn) and NP-hard if k = O ({/n) for any fixedt > 0.
Proof For a given z € {0, 1}, define the (n — k)-vector d° = (d?, dy,....d: )

where dj = ciyj + Grtjktj + Zf=1(qz'(k+j) +qe+pi)zi- J =1,2,...,(n —k).
Also, define the (n — k) x (n — k) matrix Q’ such that q;j = qk+i)k+j) fori, j =
1,2,....,(n —k),i # jand 0ifi = j. Let y* an optimal solution to the reduced
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QUBO (Q/, d) of size n — k given by:

QP'(z): Maximize f(y) =y Q'y+ d°y
Subject to: y € {0, 1},

Then, the best solution to the given QUBO (Q, ¢) subject to the condition that
xi =zi,i = 1,2,...,kis X = (z,y°) with the corresponding objective function
value f(y9)+ 3 %_, Z?:l qijzizj + Zl;zl c;jz;. Since Q is a pseudo k-strip matrix,
QP’(z) is of the type GWO and hence can be solved in polynomial time by linear
programming. Choose all possible values of z € {0, 1}¥, compute the corresponding
best solution x = (z, y*) and select the overall best solution so obtained, which is
an optimal solution to the given QUBO (Q, ¢). When, kK = O (logn) this method is
polynomially bounded. The second part of the theorem follows from Theorem 3.14.

O

The above theorem also extends to the Ising QUBO. As in the case of the k-strip
matrix, we can define a permuted pseudo k-strip matrix. Let S € {1,2,...,n}
be a subset of the index set for rows (columns) of Q with |[S| = k. Then, Q
is a permuted pseudo k-strip matrix if the matrix obtained from Q by deleting
rows and columns corresponding to S have off-diagonal elements non-negative. As
established in Theorem 3.15 for k-strip matrices, recognizing a permuted pseudo
k-strip matrix is strongly NP-hard in general but when £ is fixed it is polynomially
bounded. The QUBO and the Ising QUBO can be solved in polynomial time when
the associated cost matrix is a permuted pseudo k-strip matrix when & is fixed.

Motivated by the examples of the k-strip matrix, the pseudo k-strip matrix and
their permuted versions, we can define a more general class of matrices Q so that
the corresponding QUBO (Q, ¢) can be solved in polynomial time. Let # be a
prescribed matrix property. Then, the matrix Q is said to be (P, k)-reducible if there
exists § C {1,2,...,n} such that |S| = k and the matrix Q' obtained by deleting
the rows and columns of Q corresponding to § satisfies . If P is such that the
instance (Q’, d) of the QUBO is solvable in polynomial time for any vector d then
the QUBO (Q, ¢) can be solved in polynomial time whenever k = O(logn) and
S is given. This observation provides additional enhancements to the polynomially
(pseudo-polynomially) solvable cases of QUBO that we discuss hereafter. These
results also extend to the case of the Ising QUBO.

3.3.2 Low Rank Cost Matrices

From Theorem 3.10, we know that the QUBO (Q, ¢) is NP-hard even if Q is
symmetric and its rank is equal to one. If the rank of Q is low and Q satisfies some
particular additional properties, we can get polynomially solvable special cases of
the QUBO (Q, ¢). The matrix Q is of rank r if and only if there exist matrices U, V,
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each of size » x n such that Q = U’ V. Equivalently, Q is of rank r if and only if
gij = Y _g_; Ukivkj forall i and j. The matrices U and V can be identified from the
reduced echelon form of Q or by using the singular value decomposition. There are
many equivalent representations of QUBO which affect the rank of Q. Through out
the rest of this section, we assume that the rank factorization Q = UTVis given.

There are a number of special cases of QUBO with a given rank factorization of
Q investigated in the literature. In the following discussion we will distinguish the
casesc =0andc # 0.

3.3.2.1 The Special Casec =0

Here we consider QU BO(Q, 0) where Q has rank r and a rank factorization is
given. First notice that if the symmetric matrix Q has rank one, the problem is
solvable in polynomial time. Indeed, for a symmetric matrix Q = (g;;) of rank
one either (a) ¢;j = a;a; for all i, j or (b) g;j = —a;a; for all i, j hold,
i,j € {1,2,...,n},n € N. In Case (a) we have x’ Qx = Zf"/zlcxiajxixj =
Q-1 aix;)? and max{x Qx: x € {0, 1}"} is equivalent to max{| >_/_, o;x;|: x €
{0, 1}"*}. Notice that an optimal solution of the later problem can be found among
{x, x}, where x = (x;) and X = (X;) are given as
_{1ifoei<0 ___{lifoei>0
7] 0 otherwise "7 | 0 otherwise

This is due to the inequalities below which trivially hold for any x € {0, 1}"

n n n
i=1 1 i=1

iel~ i= ielt iel™ ielt

where IT :={i e {1,2,...,n}:o; > 0}and I~ :={i € {1,2,...,n}: a; < O}.
The inequalities above imply that

n

Z(xiii } .

i=1

n n
Za;xi < max { Za;xi
i=1 i=1
Thus, x = (x;) or X = (¥;) is the optimal solution of QU BO(Q, 0) in this case.
Case (b) is trivial because X" Qx = — Y7 aiajxix; = —(Xj_; aixi)? in
this case and max{x’ Qx: x € {0, 1}"} = 0 and is obtained for x = 0. If the rank is

s

larger than 1 the complexity of the problem depends on other factors. For example
the (positive) definiteness of Q. Hammer et al. [54] showed that QU BO(Q, 0)
remains NP-hard even if Q is indefinite and is of rank 2. Hammer et al. [54] gave an
O (nlogn) algorithm to solve the continuous relaxation of this problem. Moreover,
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they characterized the cases where an optimal solution of the continuous relaxation
is binary and thus constitutes an optimal solution of the QUBO.

Allemand et al. [3] considered the case where Q is positive semidefinite and has
a constant rank 7. They proposed an O (n"~!) algorithm to solve the problem when
rank of Q is r > 3 and an 0(n2) algorithm when r < 2. Thus, in this case the
QUBO (Q, 0) can be solved in polynomial time when the rank of Q is fixed. The
algorithm of Allemand et al. [3] involves the enumeration of the extreme points of
a special polytope called zonotope which will be defined later. Ferrez et al. [38]
proposed an improved method for enumerating the extreme points of the zonotope
which is also relevant for the practical implementation of the method of Allemand
et al. [3].

Let us take a closer look at the approach of Allemand et al. [3]. We assume
that Q = VTV, where V is a given r x n matrix such that its rows v®)7 are the
appropriately scaled eigenvectors of Q. Then the QUBO (Q, 0) can equivalently be
formulated as

max f(x) = x'VIvx = Z(V(i), x)2 3.8)
i=1

subjectto  x € {0, 1},

where (a, b) denotes the scalar product of the vectors a and b. Consider the linear
mapping z = Vx of R” to R". Let Z be the image of the hypercube [0, 1]” under
this mapping. Clearly, Z is a convex polytope which is generally called a zonotope.
Moreover, for every extreme point Z of Z there exist an extreme point X of [0, 1],
i.e.anx € {0, 1}"*, such that Z = VX. For the optimal objective function value f* of
the problem (3.8), we get

f*= maxizr:(v(i),x)zz x € {0, 1}"} = max { Zr:(v(i),x)zz x € [0, 1]"]
i=1

i=1

=max’2r:z,~2:zez}, 3.9)
i=1

where the second equality is due to the convexity of the function ) ;_,(v;, x)2
which holds because Q is assumed to be positive semidefinite. Clearly, the
maximum of the convex function ) ;_, z7 over the zonotope Z is attained at
some extreme point of Z. Thus, this special case of the QUBO (Q, 0) can be
formulated as an enumeration problem over the extreme points of Z. Since Z is
apolytope in R” it has O (n” ') extreme points. Moreover, for every z € Z we have

z=Vx = Z?:l xiv(i) for some x € [0, 1]"*, where v i€ {1,2,...,n}, are the
columns of V. Thus Z is the Minkowski sum of the closed line segments [0, v for
i €{1,2,...,n}. From the duality theory in discrete geometry it is known that the

set S of the extreme points of Z together with the corresponding points x € {0, 1}"
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with z = Vx for every z € § can be computed in O (n"~!) time for r > 3 and in
O (n?) time for r = 2, see e.g. [35].

3.3.2.2 The General Case: ¢c € R”

Now we drop the assumption ¢ = 0 and consider QUBO (Q, ¢), where Q has rank
r and a rank factorization of Q is given.

If Q is a non-negative matrix, we have already shown that QUBO (Q, ¢) can
be solved in polynomial time, even if no assumptions are made on the rank of Q,
see Theorems 3.17. One way to partially relax the non-negativity assumption on the
elements of Q is identified in Theorem 3.19. Another line of reasoning to achieve
computational advantage is by restricting the rank of Q. If we assume a fixed rank
of Q, the requirements on the non-negativity of the entries of Q can be weakened in
a number of ways and lead to several polynomially solvable special cases of the low
rank QUBO as described below.

Q Has Non-negative Diagonal Entries The second equality in (3.9) shows that
QUBO and its continuous version are equivalent, if Q is positive semidefinite. Thus,
the algorithm of Allemand et al. [3] also solves the continuous version of QUBO in
polynomial time, when the rank of Q is fixed. By extending and generalizing the
work of Allemand et al. [3], Hladik et al. [56] considered the continuous quadratic
optimization problem with bounded variables defined as follows

BQP: Maximize x’ Qx + ¢! x

subjectto: x; € [4;,u;l,i =1,2,...,n,

where ¢; and u; are rational numbers for i = 1,2, ..., n. The bound constraints
allow the flexibility to fix the value of a variable disclosing the possibility of
augmenting Q using c as described below. Consider the (n + 1) x (n + 1) matrix

, [ Qe
Q = . (3.10)
»C 0

Define £,4+1 = uy+1 = 1. Note that if the rank of Q is r, then rank of Q' < r + 2.
Now, BQP can be written as

BQP1: Maximize x/ Q'x
subjectto: x; € [4;,u;l,i =1,2,...,n,n+ 1.

It is easy to verify that BQP and BQP1 are equivalent. To solve BQP, Hladik et
al. [56] essentially solved BQP1 and obtained the following result.
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Theorem 3.20 ([56]) BOP can be solved in O(n* 3y (n, L)) time, where r is
the rank of Q and Y (n, L) is the complexity of solving a linear program with n
variables, n constraints and input size L.

Theorem 3.20 has interesting consequences on the polynomial solvability of
QUBO.

Theorem 3.21 The QUBO (Q, ¢) can be solved in polynomial time if the diagonal
elements of Q are non-negative and the rank of Q is fixed.

Proof Choose ¢; =0andu; = 1fori = 1,2,...,n. Since the diagonal elements
of Q are non-negative, and by the choice of ¢; and u;, there exists an optimal solution
to BQP which is at an extreme point of the hypercube [0, 1]"” (see Chap. 8 and the
references there in). Now, solve the continuous optimization problem BQP. If the
resulting solution is binary, we have an optimal solution to the QUBO (Q, ¢). If
there are fractional components, apply a simple polynomial time rounding algorithm
to convert this to a 0-1 solution without worsening the objective function value. (For
example apply the [0, 1]-rounding algorithm discussed in Chap. 8.) Since the rank
of Q is fixed, the result follows from Theorem 3.20. m]

Note that in Theorem 3.21 we replaced the assumption on positive semidefinite-
ness of Q by a weaker one, namely the non-negativity of the diagonal entries of Q.
These results can be further extended to some special classes of full rank matrices.

A matrix Q is said to be of pseudo rank r if there exists a diagonal matrix D such
that Q + D is of rank r. Matrices with pseudo rank r are precisely those matrices
Q where gjj = Y ;_, ukivkj hold for all i, j € {1,2,...,n} withi # j. Note
that a matrix with pseudo rank » could have rank up to n. Our next corollary shows
that a special case of QU BO(Q, ¢) with Q having pseudo rank » can be solved in
polynomial time when r is fixed.

Corollary 3.4 If D is a diagonal matrix such that Q + D is of rank r with non-
negative diagonal entries, then the QUBO (Q, ¢) can be solved in polynomial time
when r is fixed.

Proof The QUBO (Q, c) is equivalent to the QUBO (Q + D, ¢ —diagv(D)), where
diagv(D) is the n-dimensional vector formed by the diagonal entries of D such that
the ith entry of diagv(D) is d;;. The result follows by applying Theorem 3.21 to the
QUBO (Q + D, ¢ — diagv(D)). O

As an example of a matrix of the type discussed in Corollary 3.4, consider a
matrix Q" of rank r such that g/, > 0 for all i. Let Q be the matrix obtained by
replacing the diagonal elements of Q" with values «;,i = 1, 2, ..., n, so that rank
of Q is n. Now consider the QUBO (Q, ¢). Since the rank of Q is n, Theorem 3.21
does not help to solve the QUBO (Q, ¢) in polynomial time. However, for fixed r
Corollary 3.4 allows to solve the QUBO (Q, ¢) in polynomial time by using the
diagonal matrix D with d;; = qi’i —aj,fori e {1,2,...,n}.

The polynomially solvable cases discussed here for QUBO (Q, ¢) extend to
the case of the Ising QUBO since the transformation between the QUBO and the
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Ising QUBO preserves the rank of the cost matrix. For the Ising QUBO (A, 0)
(in the minimization form) Ben-Ameur and Neto [11] proposed a polynomial time
algorithm when the rank of A is fixed and the number of positive entries on the
diagonal of A is O(logn). This offers yet another special case of the low rank
QUBO solvable in polynomial time.

Non-negativity Constraints Imposed to the Entries of Q Some other polynomi-
ally solvable special cases of the QUBO (Q, ¢) with a given rank factorization of Q
and of a fixed rank r arise if more complex non-negativity restrictions are imposed
to the entries of Q, see Cela et al. [26]. The non-negativity restrictions are expressed
by means of graph models or more generally, hypergraph models. In particular, let
H be a family of hypergraphs H with vertex set V(H) = {1, 2, ..., n}, where n is
the size of Q, and the edge set E (H) fulfilling the following three properties:

(i) The cardinality of all edges F' € E(H) is bounded by a constant (independent
onn).
(ii) The cardinality of the largest stable set in H is O (logn).
(iii)) The number of maximal stable sets in H is polynomial in 7.

Then, the following theorem holds:

Theorem 3.22 (Cela et al. [26]) The QUBO (Q, ¢), where Q is of rank r with a
given rank factorization, is solvable in polynomial time if there is a hypergraph
H € Hsuchthat }; ;cpqij > 0 forall F € E(H).

Consider now a family G of (loop-free) graphs G with vertex set V(G) =
{1,2,...,n}, where n is the size of Q, and edge set E(G) fulfilling the following

property:
(iv) The number of stable sets in G is polynomial in n.

The following theorem holds:
Theorem 3.23 (Cela et al. [26]) The QU BO(Q, ¢), where Q is of rank r with a

given rank factorization, is solvable in polynomial time if there is a (loop-free) graph
G € G such that gi; + qj;j — 21qij| > 0 for all {i, j} € E(G).

Notice that the condition (iv) is equivalent to the following condition

(iv’) The cliques in the complement G¢ of G can be enumerated in polynomial
time.

Several graphs classes fulfilling (iv’) have been investigated in the literature. A
prominent example is the class of graphs with bounded treewidth [90] (including
series-parallel graphs, and also trees as special series-parallel graphs). Also the
planar graphs and more generally, the graphs with bounded thickness, have a
polynomial number of cliques. The thickness of a graph G is defined as the
minimum number of planar graphs whose union yields G. It is known that the
size of a maximum clique in a graph with thickness ¢ is not more than 61 — 2,
see [10]. By considering the complementary classes of the classes mentioned above
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we get polynomially solvable special cases of the low-rank QUBO in the sense of
Theorem 3.23.

We are not aware of non-trivial classes of (proper) hypergraphs fulfilling the
properties (i)—(iii) above. (Hypergraphs which are not graphs, i.e. which have
at least one edge of cardinality more than 2, are called proper hypergraphs.) A
class of hypergraphs which trivially fulfill properties (i)—(iii) are the complete p-
hypergraphs, i.e. the hypergraphs containing all possible edges of size p for some
constant p € N.

Notice that the proofs of the above theorems are based on a general algorithm
which solves the following equivalent representation of QUBO (Q, ¢)

d
i — (B (0] 2
min Fx) = (€x) + jz_:lxj (B; + ) x))2. (3.11)

The time complexity analysis reveals that the algorithm runs in polynomial time
in the special case when the conditions of Theorems 3.22 and 3.23 are fulfilled.
Moreover, notice that the representation in (3.11) is not unique and that different
values for ¢’ and d influence the time complexity of the above mentioned algorithm.
For example, such a representation is obtained by setting d :=r, ¢ :=¢, 8; :==0
forall j € {1,2,...,r}, A; to be the eigenvalues and u') to be the eigenvectors of
Q, for j € {1,2,...,r}. In this setting irrational values in the quantities A ; and u)
may arise even if Q and c are rational. An alternative approach to avoid irrational
entries would be to compute the LDU-decomposition of Q resulting in Q = LDL7,
where L is a lower triangular matrix and D is a diagonal matrix of rank r.

Later in Sect. 3.5 we discuss pseudo-polynomial algorithms and related results
for QUBO when rank of Q is fixed. Many of the complexity results discussed
in this section and the section to follow involve terms of the type n” as a factor
along with possibly other polynomial factors. When r is fixed, such algorithms are
polynomially bounded. When r = O(logn), O(loglogn) etc., we still get non-
exponential growth with slow growing complexity expressions. In such cases, our
algorithms are not exactly polynomial time but they are quasi-polynomial time.

3.4 Polynomially Solvable Graph Structures

Let us now discuss some polynomially solvable special cases of QUBO by exploit-
ing the properties of the support graph of Q. The support graph offers significant
information of the relative difficulty of the QUBO and the Ising QUBO. In Sect. 3.2
we have seen that even when the support graph is very sparse, the complexity of
QUBO remains unaltered. At the other extreme, if the support graph is diagonal,
QUBO can be solve by a greedy algorithm since in this case the problem reduces
to the optimization of an unconstrained linear function in binary variables. Let us
now explore the linkages between the polynomial solvability of the QUBO and the
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Ising QUBO on one side and the solvability of some fundamental graph theoretic
optimization problems on the other.

3.4.1 QUBO and the Maximum Cut Problem

Theorem 3.5 implies that the Ising QUBO (A, 0) can be solved in polynomial time
if and only if the maximum weight cut problem on the support graph of A can be
solved in polynomial time. There are many classes of graphs on which the maximum
weight cut problem can be solved in polynomial time. For example,

Theorem 3.24 The maximum weight cut problem is polynomially solvable on the
following classes of graphs.

1. Planar graphs [67, 87]

2. Graphs of bounded bandwidth [65]

3. Graphs of bounded treewidth [16, 32]

4. Graphs of bounded genus [41].

Thus, as an immediate consequence of Theorems 3.24 and 3.5 we have

Corollary 3.5 If the support graph G of A is planer then the Ising QUBO (A, 0)
can be solved in polynomial time. Further, if the bandwidth, the treewidth, or the
genus of G bounded by some fixed k then the Ising QUBO (A, 0) can be solved in
polynomial time.

The special case of QUBO when the support graph has bandwidth k was studied
by various authors when k = 3, 5, 7 and for a fixed value of k [51, 66, 76]. Note that
the Ising QUBO (A, b) is equivalent to the Ising QUBO (A’, 0), where

1
N A" b
= (3.12)
a7 0

Thus, without loss of generality, we can assume that the Ising QUBO is given in
the form (A, 0), where 0 is the zero vector in R”. Notice that the transformation from
(A, b) to (A’, 0) does impact the structure of the support graph of A’ and the latter
might not inherit all the “nice” properties of the support graph of A. However, if
additional conditions are imposed on the elements of A and b or further restrictions
on the support graph of A are imposed, the “nice” structure of the support graph
of A can be guaranteed for the support graph of A’. For example, if the support
graph of A is outerplanar, then the support graph of A’ will be planar. This is
because, for an outerplanar graph, there exists a planar embedding where all vertices
are on the outer face. Hence, if the support graph of A is outerplanar, the Ising
QUBO (A, b) (and consequently also the corresponding QUBO) can be solved in
polynomial time. Polynomially solvable special cases of the QUBO (Q, ¢) can be
obtained by applying the transformation between the QUBO and the Ising QUBO
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discussed earlier in this chapter or from the fact that the QUBO (Q, ¢) of size n
can be formulated as a maximum weight cut problem on a graph on n + 1 nodes
(see Chap. 1). Thus, if the maximum weight cut problem on that graph is solvable
in polynomial time, the QUBO (Q, ¢) can be solved polynomial time.

The first polynomial time algorithm for the weighted maximum cut problem on
planar graphs was obtained by Hadlock [53] in the case of non-negative weights.
(See Orlova and Dorfman [75] for a branch and bound type algorithm on that
problem.) Thus, for our purpose of solving QUBO in polynomial time, these
algorithms are not of much use. Shih et al. [87] and Liers and Pardella [67]
proposed O (n*/?logn) algorithms to solve the weighted maximum cut problem
on planar graphs, where arbitrary weights are allowed. Both of these algorithms can
be adapted to solve the Ising QUBO (A, 0) when the support graph of A is planar.

Let us now discuss very briefly the algorithm of Liers and Pardella [67] to solve
the maximum cut problem on a planar graph. Let G = (V, E) be a planar graph and
we assume that a planar embedding of G is also given. Moreover the edge weights
w;; for each edge {i, j} € E are given and no assumptions on the sign of w;; are
made. Let Gp be the dual of G with respect to the given planar embedding. The
weight of an edge e in G p is the weight of the edge {i, j} in G that e crosses. First
a pre-processing step is performed so as to ‘balance’ the graph G p. To this end
each node v of Gp having degree more than 4 is split into |(d(v) — 1)/2] nodes
connected by new edges of weight zero to form a path P,. Here, d(v) is the degree
of the dual node v. Now allocate the d (v) edges incident on v to unique nodes in P,
so that the degree of each node is at most 4. Let Gy = (V7, E7) be the transformed
dual graph. It can be verified that the degree of any node in G is either 3 or 4
(exceptions can be handled easily).

Now, replace each node v of Gr by a K4, the complete graph on 4 nodes
{v1, v2, v3, v4}. Note that degree of node v in Gr is 3 or 4. Suppose degree of v is
4 and let {i1, v}, {i2, v}, {i3, v}, {is, v} be the edges in Gr incident on v. Connect i ;
to v; by an edge of weight the same as that of {i;, v} for j = 1, 2, 3, 4. Without loss
of generality assume that vy, v, v3, v4 are labelled such that this operation leaves a
planar embedding. If the degree of v is three, we connect the three nodes adjacent
to v in Gt to three nodes of the K4 in an analogous way. Nodes with self loops lead
to multi-arcs in K4. (See [67] for further details and exceptions.) The weights of the
edges of the complete graphs K4 introduced as described above are set to zero. The
resulting expanded planar graph is denoted by G .

Now, find a maximum weight perfect matching M in Gg. Then shrink back
all complete graphs K4 that were created along with all split nodes, if any such
nodes were introduced, while keeping track of the matched edges. Consider the
subgraph induced by the matching edges, after the shrinking operation. This graph
is a maximum weight Eulerian graph in the dual which yields an optimal cut in the
primal.

Theorem 3.25 ([67]) The algorithm discussed above correctly computes a maxi-
mum weight cut in a planar graph G in O (n>/*logn) time, where n is the number
of edges in G.
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A graph G is called 1-planar if it can be drawn in the plane in such a way that at
most one crossing occurs per edge [33]. Dahn et al. [33] used the algorithm of Liers
and Pardella [67] to solve the maximum weight cut problem on a 1-planar graph onn
nodes and k edge crossings in O (3% (n3/2 log n) time. Thus, when k = O (logn) this
algorithm is polynomially bounded. Chimani et al. [30] and Kobayashi et al. [60]
generalized this further to graphs that can be drawn in the plane with at most k
crossings, relaxing the assumption of 1-planarity, and proposed an O (2Xp(n + k))
algorithm where p is the polynomial running time for solving the maximum weight
cut problem on a planar graph. These algorithms for the maximum weight cut
problem on these special graphs immediately lead to polynomial time algorithms for
QUBO (Q, ¢) or the Ising QUBO (A, b) if the graphs of the associated equivalent
maximum cut problems have the structure discussed above.

The polynomial time algorithm for solving the maximum weight cut problem
in planar graphs can be used to solve the maximum cut problem on graphs not
contractible to K5 [7]. Note that this class of graphs include planar graphs and hence
is yet another generalization of planar graphs. Barahona [7] presented a description
of the cut polytope along with polynomial time separation algorithms on graphs not
contractible to K5. He also proposed a polynomial time combinatorial algorithm to
solve the maximum weight cut problem on such graphs. This leads to yet another
polynomially solvable special case of the QUBO and the Ising QUBO.

Polynomially solvable special cases of the maximum weight cut problem on
special graphs with additional restrictions on edge weights are also studied in
literature. Some results of this kind are summarized in the following theorem.

Theorem 3.26 The maximum weight cut problem is polynomially solvable on the
following classes of graphs.

1. Weakly bipartite with positive edge weights [48]

2. Graphs having no long odd cycles with positive edge weights [47]

3. Line graphs [52]

4. Cographs [16].

The graph structures identified in Theorems 3.26 also lead to polynomial solvable
special cases of the Ising QUBO (A, b) and QUBO (Q, ¢) with corresponding
assumptions on the related support graphs and on the elements of A and b or on
the elements of Q and c.

Another family of polynomially solvable special cases of the maximum weight
cut problem (MWCP) was investigated by McCormick et al. [71] who classify easy
and hard instances of the problem based solely on the sign of the edge weights
while making assumptions neither on the magnitude of the edge weights nor on the
structure of the graph. More precisely, for an instance (G, w) of the MWCP, denote
by E~ (E™) the set of edges with negative (positive) weights in G, ie. E~ =
{{i,j} € E: w;; < 0} and ET = {{i,j} € E: w;j > 0}. The solution of the
MWOCP is trivial if ET = @, since the empty cut §(¥) = §(V) is optimal in this
case. In this case, even finding a non-trivial cut of maximum weight, i.e. a maximum
weight cut §(S) for ¥ £ § C V, is polynomially solvable e.g. by the Gomory-Hu



84 E. Cela and A. P. Punnen

algorithm [46]. McCormick et al. [71] identified a borderline between polynomially
solvable and NP-hard special cases of the MWCP and investigated to what extent
the assumption ET = ¢ can be relaxed while the MWCP remains polynomially
solvable. They consider the subgraph G}, = (V, E™) of G, where V is the set of
vertices in G and E™ is as defined above. Then the pair (G, w) is said to be nearly
negative if the cover number c(G3) of G, fulfills ¢(G) = O(log|V[*) for some
fixed integer k > 0. Also the matching number m(G) of the subgraph G}, i.e. the
largest cardinality of a matching in G5, turns out to be an important parameter when
dealing with the complexity of the MWCP, as expressed in the following theorem.

Theorem 3.27 (McCormick et al. [71]) For any fixed integer k > 0, the maximum
weight cut problem with input (G, w) is solvable in polynomial time if one of the
following conditions is fulfilled:

(a) the cover number of G fulfills c(G5) = O(log|V|¥), where V is the set of
vertices of G,

(b) the matching number of G, fulfills m(G1) = O(log|V %), where V is the set
of vertices of G.

Further, MWCP is strongly NP-hard if one of the following conditions is fulfilled:

(c) m(G$) = .Q(|V|1/k),f0r some fixed integer k > 0,

(d) V is partitioned into two subsets U and W such that all edges with both
endpoints in U or in W have non-positive weights, while all other edges have
arbitrary weights.

Notice that the statement (d) above implies that MWCP is NP-hard on bipartite
graphs with arbitrary edge weights, complementing the first statement of Theo-
rem 3.26.

As a straightforward consequence of Theorem 3.27 we obtain the following
corollary.

Corollary 3.6 Let A be a symmetric n x n matrix and let G be the support graph
of A. Moreover, let G} = ({1,2,...,n}, ET), where E* := {{i, j}: ajj > 0}.
For any fixed integer k > 0 the Ising QUBO(A, 0) is polynomially solvable if
C(G$) = O(lognk) or m(G$) = O(lognk), where C(G$) and m(G'u’;) are the
cover number and the matching number of G}, respectively.

The Ising QUBO(A, 0) is strongly NP-hard if (i) m(G}) = Q(n'*), for some
fixed integer k > 0, or (ii) if there is a partition UUW = {1,2,...,n} such that
a;j < 0 holds foralli # j withi,jeUori,jeW.

In particular the above corollary implies that for any fixed positive integer k
the Ising QUBO (A, 0) is polynomially solvable if there exists a subset I C
{1,2,...,n} with |I| = O(lognk), such that a;; < 0 holds for all pairs (i, j)
withi ¢ I and j ¢ I. In this case ¢(G}) = O (log n*) would hold.

Some other polynomially solvable special cases of the maximum weight cut
problem (and hence QUBO and the Ising QUBO) include series parallel graphs [8],
gauge graphs [4], and graphs determined by combinatorial circuit of AND, OR,
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NAND, NOR, and NOT logical gates [29]. Bilu et al. [13], using the notion of
stability of instances, identified polynomially solvable instances of the maximum
weight cut problem which are also relevant to QUBO.

3.4.2 Stable Sets and Cliques

Let us now explore polynomially solvable special cases of the QUBO derived from
polynomially solvable special cases of the maximum weight stable set problem
(MWSSP). Although MWSSP is strongly NP-hard, many special cases of it are
solvable in polynomial time. The next theorem indicates some examples of graphs
where the MWSSP is solvable in polynomial time.

Theorem 3.28 The maximum weight stable set problem is solvable in polynomial
time for the following classes of graphs.

Perfect graphs [49]

t-perfect graphs [50]

Claw-free graphs [37, 74]

Outerplanar graphs [15]

Graphs of bounded treewidth [17]

Planar graphs of bounded diameter [36]

AR W~

It is well known that any QUBO (Q, ¢) can be formulated as a maximum
weight stable set problem (MWSSP). (See Chap. 1 and the references given there.)
Thus, if the MWSSP is solvable on the corresponding graph generated from the
equivalent QUBO (Q, ¢), then the QUBO (Q, ¢) can be solved in polynomial time.
However the structure of this associated graph is significantly different from the
support graph of Q. Let us now derive conditions on the elements of Q so that the
QUBO (Q, ¢) can be solved in polynomial time when the MWSSP can be solved in
polynomial time on the support graph of Q. Without loss of generality assume that
Q is symmetric and c is the zero vector.

Theorem 3.29 Let G = (V, E) be the support graph of Q. If the off-diagonal
elements of Q are non-positive and max{q;;,q;;} < |qij + gjil for all i,j €
{1,2,...,n}, where n is the size of Q, then an optimal solution to the QUBO (Q, ¢)
can be recovered from an optimal solution to the MWSSP on G with vertex weights
w; = gii, foralli € {1,2,...,n}.

Proof Let S be an optimal solution to the MWSSP problem on G with optimal
objective function value Z*. Construct the solution x? € {0, 1}* such that x? =1
ifi € Sandx? = 0ifi ¢ S. Then Z* = ", gqis and xHTQx" = ", ¢ qii +
> i jes.izj@ij +4ji) = X ics qii- Note that since S is an independent set in G and
G is the support graph of Q, for i, j € S, gij = qji = Oandhence } ; ;¢ ;i (qij +
qji) = 0. Thus, xNHTQx? = Z*. Now we show that there exists an optimal solution
x* of the QUBO (Q, ¢) such that if g;; # 0, then at least one of x; or x;‘ is zero.
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Choose any optimal solution x* of the QUBO (Q, ¢). Assume that x* = x7 = 1 and
gij # 0. By assumption g;; = q;; < 0, and max{qg;;, g;;} < |gij +gijl, and all other
entries of O are no more than zero. Without loss of generality assume that g;; < g;;.
Then by setting x* = 0 gives an improved solution, violating the optimality of x*,
unless gi; = qj; = |qij +qji|. In the latter case, setting x = 0 yields an alternative
optimal solution to QUBO but with the number of components of weight one is
reduced by one. Continuing in this way, after at most n steps, we get an optimal
solution to the QUBO which corresponds to a stable set in G. Since x° corresponds
to the maximum weight stable set in G, x” must be an optimal solution to the QUBO
(Q, ¢) and the result follows. |

Theorem 3.29 allows us to solve QUBO instances satisfying the conditions
imposed on the matrix Q as a maximum weight stable set problem. The theorem
is essentially a restatement of the QUBO formulation of MWSSP given in [81]
with slightly relaxed conditions on the elements of Q. The clique version of
Theorem 3.29 can be stated as follows.

Theorem 3.30 Let G = (V, E) be the complement of the support graph of Q. If the
off-diagonal elements of Q are non-positive and max{q;;, qj;} < lqij + qji| for all
i,jel{l,2,...,n}, where n is the size of Q, then an optimal solution to the QUBO
(Q, ¢) can be recovered from an optimal solution to the MWCIP on the complement
of G with vertex weights w; = qi;, foralli € {1,2,...,n}.

The maximum clique problem can be solved in polynomial time on the com-
plements of the graphs listed in Theorem 3.28. The theorem below summarizes
additional classes of graphs on which the maximum weight clique problem can be
solved in polynomial time.

Theorem 3.31 The maximum weight (stable set) maximum clique problem is
solvable polynomial time in the following classes of graphs.

1. Perfect graphs [49]

2. Planar graphs (trivial, since the maximum clique has at most 4 vertices)
3. Circle graphs [44]

4. Unit disk graph (with a known geometric representation) [31]

Note that the complement of a perfect graph is also perfect. Thus, on this class
of graphs both MWSSP and MWCIP are solvable in polynomial time.

Let us now briefly consider the linear programming formulation of the maximum
weight stable set problem on some specific graphs. On a bipartite graph G = (V, E)
and weight function w; for i € V, the maximum weight stable set problem can be
solved as the linear program [50]

Maximize Z Wi X;
ieV
Subjectto: x; +x; < 1forall{i, j} € E

x;>0,ieV.
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On a r-perfect graph the stable set polytope is obtained by just adding the odd
circuit inequalities [50] to the linear program above. Further, the separation problem
associated with the odd circuit inequalities can be solved in polynomial time. Thus
the MWSSP can be solved in polynomial time as the linear program

Maximize E W; Xj
ieV

Subjectto: x; +x; < 1forall{i, j} € E

1
Y i< , (V@] =1 forall C eC
ieV(C)

x;>0,ieV,

where C is the collection of all odd circuits in G and V (C) is the vertex set of C € C.
Bipartite graphs, nearly bipartite graphs (i.e. there exists a vertex whose removal
yields a bipartite graph), series parallel graphs, etc. are example of z-perfect graphs.

When G is a perfect graph, a linear representation of the stable set polytope is
obtained by replacing the odd circuit inequalities by the clique inequalities [50].
Since the separation problem for the clique inequalities can be solved in polynomial
time, the MWSSP on perfect graphs can be solved in polynomial time as the
following linear program

Maximize E W; X;
ieV

Subject to: Z x; <1 for all cliques L of G,
ieV(L)

x;>0,ieV.

In the above linear program the inequalities x; +x; < 1for {7, j} € E are already
included in the clique inequalities since they arise from cliques of cardinality 2. A
large number of specially structured graphs belong to the family of perfect graphs,
e.g. bipartite graphs and their complements, interval graphs and their complements,
comparability graphs and their complements, among others, see [50]. Thus, linear
programming is one way to solve many special cases of the MWSSP. However, there
are better, more specialized algorithms exploiting specific properties are available,
as discussed earlier.

Graph decomposition is another popular approach in obtaining polynomial time
algorithms for specially structured MWSSP. Let us illustrate this using a specific
decomposition process called clique separation. Let G = (V, E) be a connected
graph and S € V. Then S is called a clique separator in G if the subgraph of
G induced by S is a clique and the graph G — S is disconnected. A graph is
called an atom if it does not contain a clique separator. Tarjan [89] showed that
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any graph on n nodes and m edges, which is not an atom, can be decomposed
into atoms in O(mn) time. Let H be a hereditary class of graphs. Tarjan [89]
showed that if the MWSSP can be solved in O (&(n)) time on atoms in HH, then
the MWISP can be solved in O (mn + n*£(n)) time on any graph in H. This time
complexity was improved by Brandstidt et al. [20] to O (mn + né&(n)). Exploiting
this divide-and-conquer approach, polynomial time algorithms for the MWSSP have
been developed by many authors for specially structured graphs. These include
(hole, co-chair)-free graphs [21], (hole, paraglider)-free graphs [20], (hole, dart)-
free graphs [9] etc. Obviously, these lead to polynomial time algorithms for QUBO
and the Ising QUBO.

The generalized vertex cover problem [55, 57, 58, 77] is another problem
closely related to the MWSSP and QUBO. Hassin and Levin [55] and Pandey and
Punnen [77] identified polynomially solvable cases of this problem which directly
yield additional polynomially solvable cases for QUBO.

3.5 Pseudopolynomial and Subexponential Algorithms

Since the QUBO and the Ising QUBO are strongly NP-hard, existence of pseu-
dopolynomial time algorithms for the problems are ruled out, unless P=NP. In this
section, we explore pseudopolynomial and subexponential algorithms for special
cases of these problems.

3.5.1 Low Rank Cost Matrices

QUBO (Q, ¢) with a rational matrix Q of given rank r and a rational vector ¢ can be
solved in pseudo polynomial time, see [26]. In the following we briefly review their
approach.

Let Q be a symmetric rational # x n matrix of rank ». We can assume without loss
of generality that the r leading principal minors of Q are nonzero (otherwise both
rows and columns of Q could be permuted by an appropriately chosen permutation).
Consider the LDU-representation of such a symmetric matrix Q. That is, Q =
LDL”, where D is a rational diagonal n x n matrix with d;; = Oforalli > r + 1
and L is a rational n x n lower triangular matrix with diagonal entries equal to 1
(see e.g. [70]). Denote by 29 the columns of L,i € {1,2,...,n}. The following
equalities hold

n r
x'Qx =x"LDL'x = y' Dy = Zdiiyiz = Z d,',-yl-z,
i=1 i=1
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withy = (y1, y2, ..., y»)T = LTx and y; = (£, x). Then the objective function
f of QUBO (Q, ¢) with a rational input as above is given as follows for x € {0, 1}"
the

o0 =c"x+) di(t®, %), (3.13)

i=1

By applying a dynamic programming approach of Papadimitriou [78] the following
lemma is proved in [26].

Lemma 3.3 (Cela et al. [26]) Let K = (k;;) be an integral m x n matrix and let b
be an integral m-dimensional vector. The problem of deciding whether there exists
a vector x € {0, 1}" such that Kx = b holds can be solved in @(mn™ k™) time
where k :=max{lk;j|:i €{1,2,...,m},j €{1,2,...,n}}

The above lemma implies then the following result.

Theorem 3.32 (Cela et al. [26]) The QU BO(Q, ¢) with an integer n X n sym-
metric matrix Q of rank r and an integer n-dimensional vector ¢ can be solved

in O(rU¥+2n2+3Y time, where U := 2max{|zj.”|, lejl: j € {1,2,...,n},i €
{1,2,...,r}}.

Proof Consider the equivalent formulation of the QUBO (Q,c¢) as in (3.13).
Clearly, we can assume w.l.o.g. that for i € {1,2,...,r} the vectors 29 and the
entries d;; as well as the vector ¢ are integral (e.g. by scaling with the smallest
common multiple of all rational inputs.) O

Denote £@ := ¢ Then —nU/2 < (£¥,x) < nU/2 holds for all
i € {0,1,...,n} and x € {0,1}". Consider now an integral vector v €
[—nU/2,nU/2]"*! and the following parametric optimization problem associated
with it

,
min  gy(x) := vo+Zd,~,-vi2 (3.14)
i=1

subject to
@9 xy=v;,ief{0,1,...,r}
xi €{0,1}, ief{0,1,...,r}

By applying Lemma 3.3 the feasibility problem defined by the constraints
of (3.14) can be solved in O (rn"T2U" 1) time for each choice of v. The optimal
value of (3.14) is the minimum of vy + er: 1 d,-ivi2 over all vectors v which corre-
spond to a feasible problem. Since there are at most (nU + Dt = o(mU)yth
such vectors the problem in (3.13) can be solved in O (rn¥ t3U%+2) time.
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The pseudopolynomial algorithm discussed above extends to cases of QUBO
where Q has pseudo rank r. See Sect.3.3.2.2 for details on the notion of pseudo
rank of a matrix.

3.5.2 The Half-Product QUBO

Some of the machine scheduling problems discussed in literature have a natural
QUBO structure. These applications are mentioned in Chap. 1 and it include mini-
mizing completion time variance on a single machine, minimizing total completion
time on two machines, among others, see [5, 59, 64]. Pseudopolynomial algorithms
to solve these problems indirectly lead to pseudopolynomial time algorithms to
solve the QUBO with a certain special structure. In fact these problems belong to the
class of the half-product QUBO [5, 64] which is shown to be NP-hard in Sect. 3.2.

In a half-product QUBO, the matrix Q is upper triangular with diagonal elements
equal to zero and g;; = a;bj for1 <i < j < n, wherea = (a1, az, ..., a,) and
b = (b1, b2, ..., by). Thus, a half-product QUBO can be written as

n—1 n
Maximize Zaix,- Z bixj | +c'x
i=1 j=itl

Subject to: x € {0, 1}",

The half product QUBO is related to the fixed rank QUBO but note that the
rank of the matrix Q of size n in a half-product QUBO can be up to n — 1.
A pseudopolynomial dynamic programming algorithm for this problem is given
in [59]. The pseudo-polynomial algorithm discussed in Sect.3.5.1 for the case of
fixed rank matrices can also be modified to obtain a pseudopolynomial algorithm
for the half-product QUBO.

3.5.3 Subexponential Algorithms

Let us now consider the QUBO (Q, ¢) where the support graph of Q is n(n)-
separable [14, 68]. A graph G = (V, E) on n nodes is n(n)-separable if the
following conditions are satisfied.

1. The vertex set V can be partitioned into sets A, B and C such that no vertex in
A is adjacent to any vertex in B.

2. There exist constants « < 1 and 8 > 0 such that [A| < an,|B| < an and
IC| < Bn(n).

3. The subgraph of G induced by A is n(nj)-separable and the subgraph of G
induced by B is n(n2)-separable, where ny = |A| and np = | B]|.
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Lipton and Tarjan [68] showed that a planar graph on n nodes is +/n-separable.
Examples of some other graphs that are /n-separable include the grid graph [45, 68]
and the one-tape Turing machine graph [68, 82, 83]. The n(n)-separable property
of graphs offers the possibility of developing divide and conquer type algorithms
for some graph theoretic optimization problems. Exploiting the 7 (n)-separability
property Pardalos and Jha [80] developed an exponential time algorithm for QUBO
where the exponentiality depends on the parameter n(n). In particular, they showed
that

Theorem 3.33 ([80]) If the support graph G = (V, E) of the matrix Q is n(n)-
separable then the QUBO (Q, ¢) can be solved in O (log n (p(n) + t(n)) 2k1 1Og")
time, where k > 0 is a constant, p(n) is the complexity of finding an n(n)-separator
of G, t(n) <min{(n — 1)Bn(n), |E|}, and B is the constant used in the definition of
the separable graph (as above).

It may be noted that the QUBO (Q, ¢) is NP-hard even if the support graph of Q
is planar. But for planar graphs, a /n-separator can be identified in linear time [68]
and hence p(n) = O(n). Thus, from Theorem 3.33, the QUBO (Q, ¢) on planar
graphs can be solved in O (a\/n log n2kvn log”) time, which is sub-exponential
complexity.

The complexity result discussed in Theorem 3.33 also extends to the Ising
QUBO. Earlier, we discussed various polynomial time algorithms for solving the
QUBO and Ising QUBO where the polynomiality depends on a parameter k which
is either fixed or takes values O logn). When k = On® for € > 0 these algorithms
becomes subexponential for solving QUBO and the BQUBO.

3.6 Conclusions

In this chapter we presented a review on the computational complexity of the QUBO
and the Ising QUBO and discussed various special cases of the problems that can
be solved in polynomial time, in pseudopolynomial time or in subexponential time.
For some special cases detailed proofs are provided while for other special cases
appropriate references along with partial results are given. Polynomially solvable
cases can also be derived using duality theory and semidefinite programming
formulation of the Ising QUBO and QUBO [66, 88] but this topic is not covered
here. The algorithms for the tractable special cases discussed here exploit properties
of the associated support graphs or properties of the involved cost matrices or both.
We want to point out that there is a significant gap between known tractable special
cases and special cases of the QUBO known to be NP-hard. The development of
general purpose tools to reduce this gap is a challenging and interesting issue for
further research.
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Chapter 4 )
The Boolean Quadric Polytope Shethie

Adam N. Letchford

Abstract When developing an exact algorithm for a combinatorial optimisation
problem, it often helps to have a good understanding of certain polyhedra associated
with that problem. In the case of quadratic unconstrained Boolean optimisation, the
polyhedron in question is called the Boolean quadric polytope. This chapter gives a
brief introduction to polyhedral theory, reviews the literature on the Boolean quadric
polytope and related polyhedra, and explains the algorithmic implications.

4.1 Introduction

It has been known for some time that Quadratic unconstrained Boolean optimi-
sation (QUBO) is equivalent to another well-known combinatorial optimisation
problem, known as the max-cut problem [7, 14, 53]. The max-cut problem has been
proven to be “strongly NP-hard” [26], and therefore the same holds for QUBO.
Rather than explaining strong NP-hardness in detail, let us just say that it makes
it unlikely that an algorithm can be developed which solves all QUBO instances
quickly.

The situation however is far from hopeless. Indeed, for many specific NP-hard
problems, algorithms have been developed that can solve many instances of interest
to proven optimality (or near-optimality) in reasonable computing times. Many of
these algorithms use a method known as branch-and-cut (see, e.g., [10, 51, 54]).
Branch-and-cut is an enumerative scheme, in which a “tree” of subproblems is
explored, and each subproblem is a linear program (LP).

One of the keys to designing a successful branch-and-cut algorithm for a given
problem is to gain an understanding of certain polyhedra associated with that
problem (e.g., [1-3, 12]). In the case of QUBO, the polyhedron in question is called
the Boolean quadric polytope (e.g., [9, 14, 53]).
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This chapter gives a brief introduction to polyhedral theory, a detailed survey of
known results on the Boolean quadric polytope, and a brief discussion of algorithmic
implications. The structure of the chapter is as follows. The basics of polyhedral
theory are recalled in Sect. 4.2. In Sect. 4.3, we define the Boolean quadric polytope
and mention some of its fundamental properties. In Sect. 4.4, we survey some of the
known valid inequalities for the Boolean quadric polytope. In Sect. 4.5, we review
some connections between the Boolean quadric polytope and some other important
polytopes. In Sect.4.6, we mention some other related convex sets. In Sect. 4.7,
we look at the algorithmic implications. Finally, concluding remarks are made in
Sect. 4.8.

We use the following conventions and notation throughout the chapter. Given
a positive integer n, we sometimes write V, for {1,...,n}. We K, denote the
complete graph on the vertex set V,,, and let E,, denote its edge set. Given a vector
v € R", we let o(v) denote ) ;_; v;. All matrices are real. Given two matrices
A, B € R™*", we write A e B for the (Frobenius) inner product

m n
Z Z aijbi; = Tr(ATB).

i=1 j=1

Given a positive integer k, we let S’i denote the set of positive semidefinite (psd)
matrices of order k. We recall that a symmetric matrix M of order k is psd if and
only if all of its eigenvalues are non-negative, or, equivalently, v Mv > 0 for all
vectors v € R¥.

4.2 Elementary Polyhedral Theory

This section draws on material from [31, 52].

Suppose that xl, R xf € R” are (column) vectors and Aq, ..., A are scalars. A
vector of the form Alxl +-- -+Akxk is called a linear combination of xl, R xK. Ttis
called a conical combinationif A1, ..., Ax are non-negative, an affine combination if
Zle Ai = 1, and a convex combination if it is both conical and affine. Given some
non-empty set S C R”, the convex hull of S is the set of all convex combinations
of the vectors in S. The linear, affine and conical hulls are defined analogously. We
will let conv(S) denote the convex hull of S.

Aset § C R” is called convex if Ax! + (1 — 1)x? € S holds for all x!, x* € S and
all A € (0, 1). A convex set P is called a polyhedron if there exists a non-negative
integer m, a matrix A € Z™" and a vector b € Z" such that

P={xeR": Ax <b}.
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A polyhedron which is bounded (i.e., not of infinite volume) is called a polytope. A
famous theorem of Weyl [68] states that a set P C R” is a polytope if and only if it
is the convex hull of a finite number of points.

A point x € P is called an extreme point of P if it is not a convex combination
of other points in P. Every polytope is the convex hull of its extreme points.

A set of vectors is called affinely independent if no member of the set is an affine
combination of the others. The dimension of a polyhedron P, denoted by dim(P),
is the maximum number of affinely independent vectors in P, minus one. Note that
dim(P) < n. If equality holds, P is said to be full-dimensional.

A linear inequality a”x < qq is valid for a polyhedron P if it is satisfied by every
pointin P. The set

F=Pn{xeR": a'x <ap}

is called the face of P induced by the given inequality. Note that F is itself a
polyhedron. The face F is called a facet of P if dim(F) = dim(P) — 1.

Example Suppose that S contains the following four points in R>:
0 0 2

x'=1o], ¥*=(2]. ¥=|o xt=11
1 1 1

One can check that:

o the linear hull of S is R? itself;

« the conical hullis {x € R*: x; >0, x2 >0, x1 +x2 < 2x3};
« the affine hullis {x € R3 : x3 = 1};

« conv(S) ={xeR’: x>0, x>0, x; +x2 <2, x3=1}.

Now let P = conv(S). One can check that (a) P is a polytope, (b) dim(P) = 2, (¢)
the extreme points of P are x!, ..., x3 and (d) P has three facets, induced by the
inequalities x; > 0, x > 0 and x] + xp < 2. m]

We now explain the connection between polyhedra and combinatorial optimi-
sation. Suppose we can formulate our optimisation problem as an integer linear
program (ILP) of the form

max{cx :Ax <b, xe Z'J'r} 4.1

Replacing the condition x € Z/} with the weaker condition x € R’|, we obtain
the so-called continuous relaxation of the ILP. The continuous relaxation is an LP,
which is likely to be easy to solve. Let x* be a (basic) optimal solution to the
continuous relaxation. If x* is integral, we have solved the ILP. Otherwise we have
to do more work, and this is where polyhedra come into play.
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The feasible region of the continuous relaxation is the polyhedron
P={xeR]: Ax <b},

and the set of feasible solutions to the ILP is § = P N Z’ . The convex hull of
S is also a polyhedron, called the integral hull of P. We will denote it by P;. By
definition, we have P; C P. Also, if x* is not integral, then Pj is strictly contained
in P, and there must exist a linear inequality that is valid for P; but violated by x*.
Such an inequality is called a cutting plane.

Example Consider the ILP

max X1+ x2
s.t. 4x;+2xp <15
2x1—2x2 <5
—2x1+2xp <3
—6x1 — 10xp < —15
2% <5
x e R3.
On the left of Fig. 4.1, we show the polyhedron P. Points with integer coordinates
are represented by small circles. On the right of Fig.4.1, the points in S are

represented as larger circles. One can check that there are two optimal solutions
to the ILP, (g) and G), each with profit 4. The solution to the continuous relaxation,
on the other hand, is x* = (%g), giving an upper bound of 5. On the left of Fig. 4.2,
we show the integral hull P;. Finally, on the right of Fig.4.2, we show both P and
Py, together with a possible cutting plane, represented by a dashed line. O

X2
A
3 ° ° °
2 °
1
X1 > X
1 2 3 1 2 3

Fig. 4.1 Polyhedron P (left) and set S of integer solutions (right)
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X2 X2

Fig. 4.2 Polyhedron P; (left) and a possible cutting plane (right)

For simplicity and brevity, we assume from now on that P; (and therefore also P)
is a full-dimensional polytope. Under this assumption, the strongest possible cutting
planes for a given ILP are those that induce facets of P;.

At this point we should mention some negative results from Karp and Papadim-
itriou [39]. They showed that, if a combinatorial optimisation problem is NP-hard,
then, regardless of how it is formulated as an ILP, it is NP-hard to check if a given
linear inequality is valid for the associated polytope P;. They also show that it is
NP-hard to check if a given inequality induces a facet of P;.

Although the above-mentioned results may appear discouraging, there is also
good news: for many important combinatorial optimisation problems (such as the
knapsack problem, the travelling salesman problem, the stable set problem, and
QUBO itself), researchers have discovered several large families of facet-inducing
inequalities (see, e.g., [1-3, 12, 31, 52]). These inequalities can be used as cutting
planes in branch-and-cut algorithms.

4.3 The Boolean Quadric Polytope

Now consider a QUBO instance of the form:

max x' Qx

s.t. x € {0, 1}",

where, without loss of generality, we assume that Q is symmetric. Glover and
Woolsey [28] proposed to replace each quadratic term x;x; with a new binary
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variable y;;. This allows one to formulate QUBO as the following 0-1 LP:

max Y ey, iiXi + 22 ek, 9ijVij 4.2)
s.t. Yij < xi (i, j} € En) 4.3)
Yij < X (i, j} € En) 4.4

xi+xj <yij+1 (i, j} € En) 4.5)

x € {0, 1}" 4.6)

y € {0, }®. 4.7

For a given n > 2, the convex hull of pairs (X, y) satisfying (4.3)—(4.7) is called
the Boolean quadric polytope of order n and denoted by BQP,, [14, 53]. (Some
authors call it the correlation polytope instead; see, e.g., [21, 55].)

To make this clear, consider the case n = 2. To obtain a feasible solution to the
0-1 LP, we require:

X1 0 1
X2 S 01,101,111},
Y12 0 0 0 1

One can check that the four points in question are affinely independent. Thus, BQP,
is a tetrahedron, as shown in Fig. 4.3. Its facets are induced by the inequalities yj2 <
X1, y12 < x2,y12 > x1 +x2 — land y12 > 0.

Padberg [53] proved that BQP, is full-dimensional and that the inequali-
ties (4.3)—(4.5), along with the non-negativity inequalities y;; > 0, always induce
facets. He also derived some additional inequalities, which we review in Sect. 4.4.

The Boolean quadric polytope has some remarkable properties. For one thing,
every extreme point of BQP, is adjacent to every other one [60]. Moreover,
BQP, has a high degree of symmetry. In particular, BQP,, is invariant under two

Fig. 4.3 The Boolean
quadric polytope of order 2

yi2
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transformations, called permutation and switching [21, 53, 55]. These are defined as
follows.

Definition 4.1 (Permutation) Let # : V, — V, be an arbitrary permutation.
Consider the linear transformation ¢ : R+ 1 R"*(®) that:

» replaces x; with x ) foralli € V,,,
* replaces y;; with yz ;) ;) forall {i, j} € Ej.

By abuse of terminology, we call this transformation itself a “permutation”.

Definition 4.2 (Switching) For an arbitrary set S C Vy,, let 5 : R**() 1 R*+()
be the affine transformation that:

* replaces x; with 1 — x; foralli € S,

* replaces y;; with x; — y;; foralli € {1,...,n}\ Sandall j € §,
 replaces y;; with 1 — x; — x; + y;; forall {i, j} C S,

* leaves all other x; and y;; variables unchanged.

Applying the transformation S is called “switching” (on S).

It is fairly easy to show that BQP,, is invariant under permutation. (That is, for
any n and any permutation 7 of {1, ..., n}, we have ¢" (BQP,)) = BQP,,.) To make
this chapter self-contained, we now show that the same holds for switching:

Proposition 4.1 BQP,, is invariant under switching. That is, for any n and any
S C Vu, ¥5(BQP,) = BQP,.

Proof Let (X, y) be an extreme point of BQP,. By definition, we have x; € {0, 1}
fori € V, and y;; = x;x; for {i, j} € E,. Now let (X,y) = VY5 (X, ¥). From
the definition of switching, we have x; € {0, 1} fori € V,, and )7,-]- = X;x; for
{i, j} € E,. Thus, (X,¥) is also an extreme point of BQP,,. This shows that every
extreme point of S (BQPn) is an extreme point of BQP,,. A similar argument shows
that every extreme point of BQP,, is an extreme point of y5 (BQPn). Now, recall that
BQP, is a polytope. Given that switching is an affine transformation, 5 (BQPn)
must be a polytope as well. Thus, BQP, and y5 (BQPn) are polytopes with the
same extreme points, and are therefore equal. O

The permutation and switching transformations are very useful, because they
enable one to convert valid linear inequalities for BQP, into other valid linear
inequalities that induce faces of the same dimension. For example, if we take the
inequality y;; > 0 and switch on {i} or {j}, we obtain the inequalities y;; < x;
and y;; < x;, respectively. If we switch on {i, j} instead, we obtain the inequality
yij = xi +xj— L

We remark that switching on § and then switching on T is equivalent to switching
on the set (SU T) \ (SN T). Thus, given any valid (or facet-inducing) inequality
for BQP,,, we can obtain up to 2" — 1 other valid (or facet-inducing) inequalities by
switching.
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4.4 Some More Valid Inequalities

In this section, we review some additional valid inequalities for BQP,,.
Padberg [53] derived three additional families of inequalities. The first are the
following triangle inequalities:

xXi 4 xj+xx < yij v+ v+ 1 (4, k) S V) @38)
Yij + Vik < Xi + Yjk ((€Va JEFSVa (). (49

To see how these might be useful as cutting planes, observe that fractional points
with x; = x; = xx = 1/2 and y;; = yir = yjx = 0 satisfy (4.3)-(4.5), but
violate (4.8). Similarly, fractional points with x; = x; = x¢ = y;j = yix = 1/2
and yjr = O satisfy (4.3)—(4.5), but violate (4.9). Note that (4.9) can be obtained
from (4.8) by switching on {i}.

Padberg’s second family are called cliqgue inequalities. The easiest way to derive
them is to note that, given any integer s, we have s(s+ 1) > 0. Thus, forany S C V,,
and any integer s, we have

(o) (gem)=e

Expanding this and re-arranging yields

(2s+1)2xl- - Zx,? <2 Z xixj+s(s +1).

ieS ieS {i, /1S

Linearising and dividing by two yields the clique inequalities:

+1
sy x< y y,-,~+<S2 ) (SC Vays=0,...,18 = 1). (4.10)

€S {i.j}<s

Padberg showed that these induce facets when |S| > 3 and 1 <s < |§]| — 2.

Note that the clique inequalities (4.10) reduce to the triangle inequalities (4.8)
when |S| = 3 and s = 1. Moreover, the inequalities (4.5) can be regarded as
“degenerate” clique inequalities with |S| = 2 and s = 1. In a similar way, the non-
negativity inequalities y;; > 0 can be regarded as “degenerate” clique inequalities
with [S| =2 and s = 0.

Padberg’s last family are called cut inequalities. They can be derived from the
fact that, for any disjoint sets S, 7 C V,,, we have

(Zx,. - Zx,.) (Zx,. Y- 1> ~0.

ieS ieT ieS ieT
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They take the form:
> =Yt Yot X ow (STCv.snT=0)
ieS,jeT ieT {i,j1cs {i,j}CT

@.11)

They induce facets when |S| > 1 and |T| > 2.

Note that the cut inequalities (4.11) reduce to the triangle inequalities (4.9) when
|S] = 2 and |T| = 1. Moreover, the inequalities (4.3) and (4.4) can be regarded as
“degenerate” cut inequalities with | S| = |T| = 1.

Next, we observe that the arguments for proving the validity of the clique and cut
inequalities can be easily generalised. Indeed, for any disjoint sets S, T C V,, and
any s € Z, we have

(Zx,. Y _s) (Zx,. P 1) -0

ieS ieT ieS ieT

Expanding and linearising yields

SY X+ Y oy SGHDY xi+ Y oyt Y v+ ( ) (4.12)

ieS ieS,jeT ieT {i,j1cs {i,j}cT

These inequalities, which include all those mentioned so far, have been rediscovered
many times (e.g., [9, 15, 21, 69]). They define facets when |S| + |T| > 3 and 1 —
|IT| < s < |S| — 2. We remark that they can also be derived by taking the clique
inequality (4.10), and switching on 7.

An even larger family of valid inequalities was found by Boros and Hammer [9].
Take an arbitrary vector v € Z" and integer s, and consider the quadratic inequality
(v'x — s)(v'x —s — 1) > 0. Expanding and linearising yields:

Zvi(2s+1—vi)xi <2 Z vivjyij +s(s + 1). (4.13)

ieVy I<i<j<n

Although the Boros-Hammer inequalities are infinite in number, it is known that
they define a polytope [45]. That is, a finite number of them dominate all the others.
At the time of writing, however, a necessary and sufficient condition for a Boros-
Hammer inequality to define a facet of BQP, is not known.

We remark that switching a Boros-Hammer inequality is remarkably easy.
Indeed, to switch on a set S C Vj,, it suffices to change the sign of v; foralli € S.

Still more valid inequalities for BQP,, can be derived from a connection between
BQP,, and the cut polytope. This is explained in the next section.
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4.5 Some Related Polytopes

We now review some polytopes that are closely related to the Boolean quadric
polytope. Section 4.5.1 deals with the cut polytope, and Sect.4.5.2 deals with
polytopes that exploit sparsity in the objective function.

4.5.1 The Cut Polytope

As before, let K,, = (V,,, E;;) denote the complete graph on n nodes. Given any set
S C V,, welet 5(S) denote the set of edges in E,, that have exactly one end-node in
S. The set §(S) is called an edge-cutset or simply cut. Given an integer n > 3 and
a weight w, € Q for all e € E,, the max-cut problem calls for a cut of maximum
total weight.

It is well-known (e.g., [7, 14]) that any QUBO instance with n variables can be
converted into a max-cut instance with n + 1 variables, and vice-versa. This result
turns out to have a polyhedral counterpart. Before explaining this, we first present
the standard 0-1 LP formulation of the max-cut problem.

For all e € E,, let z, be a binary variable, taking the value 1 if and only if e
belongs to the cut. The max-cut problem can be formulated as:

max ), p WeZe (4.14)
s.t.zij +zie+ 2k <2 ({i, .k} S Vi) (4.15)
zij — zik — 2jk < O ({7, j} € En. k € Va \ (i, }}) (4.16)

ze {0, 110, 4.17)

The constraints (4.15), (4.16) are (somewhat confusingly) also called triangle
inequalities.

For a given n > 3, the convex hull of vectors z satisfying (4.15)-(4.17) is called
the cut polytope and denoted by CUT,, [6]. To make this clear, consider the case
n = 3. There are four cut vectors:

212 0 0 1 1
z13 | € o1,11}).10],
223 0 1 1

One can check that these vectors are affinely independent. Thus, CUT; is a
tetrahedron, as shown in Fig. 4.4.

One can check that the tetrahedron in question is defined by the triangle
inequalities z12 + 213 + 223 < 2,212 — 213 —223 < 0,213 — 213 —223 < 0
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Fig. 4.4 The cut polytope of
order 3

223

and 723 — 212 — z13 < 0. In other words, for n = 3, the triangle inequalities give a
complete linear description of CUT,,.

Now recall that BQP, was also a tetrahedron. It turns out that BQP,, and CUT, 4+
are congruent to each other, under a simple (invertible) linear transformation [14, 19,
53]:

Theorem 4.1 Letx* € R" andy* € RG) pe given. Construct a vector z* € R('
as follows:

Z;k,nJrl = xz?k (i € V")

gy = xf +xt =255 (i, j) € En).

Then (x*,y*) € BQP, if and only ifz € CUT,41.

The linear transformation in Theorem 4.1 has come to be known as the
covariance map [21]. A consequence of Theorem 4.1 is that the inequality o’z < 8
is valid for CUT, 4 if and only if the inequality

> Do i |xi—2) ay<B

ieVy \JjeVuti\li} eeE,

is valid for BQP,. This enables one to easily convert valid (or facet-defining)
inequalities for the cut polytope into valid (or facet-defining) inequalities for the
Boolean quadric polytope, and vice-versa.

Example If we take the inequalities (4.15) and apply the covariance map, we can
obtain the inequalities (4.5) (if k =n + 1) or (4.8) (if n + 1 ¢ {i, j, k}). Similarly,
if we take the inequalities (4.16) and apply the covariance map, we can obtain the
inequalities (4.3) and (4.4) (if we set i or j to n 4 1), the non-negativity inequality
yij > 0 (if we set k to n + 1), or the inequality (4.9) (if n + 1 ¢ {i, j, k}). |
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Example If we take the clique inequalities (4.10) with |S]| odd and s = (|S]| —
1)/2, and apply the covariance map, we obtain (with a little work) the following
inequalities for the cut polytope:

Y oas< L|S|2/4J (S SV, : 18] odd). (4.18)
{i,j}cs
These inequalities were discovered by Barahona and Mahjoub [6]. O

Example More generally, if we take the Boros-Hammer inequalities (4.13), and
apply the covariance map, we obtain (again with a little work) the following
inequalities for the cut polytope:

2
v
> vz < r:) J (veZ":o(v)odd). (4.19)
{i.j}€En
These inequalities were discovered by Deza (see [21]). O

We remark that Laurent and Poljak [44] derived a family of inequalities for
CUT,, called gap inequalities, that are even more general than (4.19). In [24], the
gap inequalities are adapted to BQP,, and then generalised to the case of general
mixed-integer quadratic programs.

One can also define a switching operation for the cut polytope [6, 21].

Proposition 4.2 (Switching for the Cut Polytope) For an arbitrary set S C 'V,
let w5 : RG) > RG) pe the affine transformation that:

* replaces z, with 1 — z, for all e € §(S),
» leaves z, unchanged for alle € E, \ §(S).

CUT, is invariant under this operation.

This switching operation enables one to take any valid inequality for CUT,
and generate other valid inequalities. For example, if we take the triangle inequal-
ity (4.15) and switch on {k}, we obtain the triangle inequality (4.16).

Many other valid inequalities have been discovered for the cut polytope (see [21]
for a survey). Among them, we mention only the odd bicycle wheel inequalities [6]
and the 2-circulant inequalities [57]. We will see in Sect. 4.7 that those particular
inequalities are “well-behaved” from an algorithmic viewpoint.

For some other polytopes related to BQP,, see, e.g., [36, 45, 49, 61, 63]. We close
this subsection with a remark about the strength of the LP relaxation of the 0-1 LP
(4.14)—(4.17). Poljak and Tuza [58] showed that, even if all edge-weights are non-
negative, the upper bound from the relaxation can be as large as twice the optimum.
In other words, the integrality gap can be as large as 100%. For a generalisation of
this result, see [5].
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4.5.2 Polytopes Which Exploit Sparsity

A matrix is said to sparse if the majority of its elements are zero. Consider a QUBO
instance whose quadratic cost matrix Q is sparse, and assume w.l.o.g. that Q is
symmetric. For all {i, j} € E, such that g;; = 0, we can delete the variable y;;
from the formulation (4.2)—(4.7), along with the associated constraints. This makes
the formulation much smaller and, if we are lucky, much easier to solve. On the
other hand, we must take care when deriving valid inequalities: we can no longer
use inequalities that involve the variables that have been deleted.

To deal with this from a polyhedral point of view, we need a bit of notation. Let
E = {{i,j} € Ey: qij # 0}, let m = |E|, and let G = (V,,,E). We define the
polytope:

BQP(G) = convi(x, y) € {0, 11" ¢y = xix; ({i. j} € E)}.

Geometrically speaking, BQP(G) is the projection of BQP, into R"*"™,

Unfortunately, projecting a polytope into a subspace is difficult computationally.
This makes it harder to derive valid inequalities for BQP(G) than for BQP,.
Nevertheless, some useful inequalities are known. In particular, Padberg [53]
derived some inequalities called odd cycle inequalities, and proved that they define
facets of BQP(G). We do not go into details, however, since the notation is rather
burdensome.

We can exploit sparsity in the case of the max-cut problem as well. Consider a
max-cut instance defined on a graph G = (Vn, E ) Foragiven S C V,, welet§G(S)
denote the set of edges in E that have exactly one end-node in S. We then define the
polytope:

CUT(G) = conv{z €{0,1}":3SCVy:zo=1 e ee 5G(S)}.

As one might expect, CUT(G) is the projection of CUT,, into R™.

Barahona and Mahjoub [6] proved the following. Let C be the set of chordless
simple cycles in G. Then a vector z € {0, 1}" belongs to CUT(G) if and only if it
satisfies the following inequalities:

3 z=Yz-IDl+1 (CeC D<C:|D|odd).
ecC\D ecD

These inequalities are called co-circuit inequalities. Their validity follows from
the fact that every cut intersects every cycle an even number of times. Note that
the number of co-circuit inequalities can grow exponentially with n. Note also
that, when G = K,,, every chordless simple cycle is a triangle, and the co-circuit
inequalities reduce to the triangle inequalities (4.15), (4.16).
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It turns out that Padberg’s odd cycle inequalities for BQP(G) are precisely the
inequalities that can be obtained from the co-circuit inequalities via the covariance
map. We omit the proof, for brevity.

4.6 Some Other Related Convex Sets

In this section, we mention some other important convex sets related to BQP,,.
Section 4.6.1 presents a non-polyhedral convex set that contains BQP,, and
Sect. 4.6.2 presents the analogous set for CUT,,. Then, Sect. 4.6.3 deals with certain
convex cones.

4.6.1 A Non-polyhedral Convex Set

Our first convex set arises from a certain semidefinite programming (SDP) relaxation
of QUBO. This set turns out to be non-polyhedral, because an infinite number of
linear inequalities are needed to define it. (Informally speaking, it has a “curved”
surface.)

The idea of applying SDP to 0-1 quadratic programs is due to Shor [66], and was
developed in, e.g., [35, 40, 59]. The basic idea is as follows. We define the n x n
symmetric matrix X = xx, along with the augmented matrix

<O ()

Since X* is defined as the product of a vector and its transpose, it should be psd.
Moreover, given that x; = )cl.2 for all i, the main diagonal of X should be equal to x.
This leads immediately to the following SDP relaxation of QUBO:

max iQ X: diag(f() =x, Xt e S'fl}.

To someone who is unfamiliar with nonlinear optimisation, this SDP relaxation
may look somewhat mysterious. Fortunately, it can be interpreted in the space of the
x and y variables. Indeed, X is psd if and only if

T 1 T .
(i) (X ’;) <i> >0 (seR,veR"). (4.20)
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Moreover, we have X;; = x; foralli € V,, and &;; = X;; = y;j forall {i, j} € E,.
Thus, we can write the inequalities (4.20) in the following form:

Dovi@s+v)xi+2 Y vvyj+s7=0  (seR veR"). (421
iV, {i.j)EEn

We will call these psd inequalities. Note that the psd inequalities are infinite in
number.

The psd inequalities include some important inequalities as special cases. For
example, if we set v; to 1, s to 0, and all other components of v to 0 in (4.21),
we obtain the non-negativity inequality x; > 0. If we change s to —1, we obtain
—x; + 1 > 0, which is equivalent to the upper bound xp < 1.

Now consider the following principle submatrix of X:

<£ii )?ij)

Xij Xjj

Given that the SDP relaxation includes the constraints x; = %;; and x; = X j;, this
submatrix must be equal to

Moreover, given that X is psd, this submatrix must have non-negative determinant.
Thus, all feasible solutions to the SDP relaxation satisfy )?lzj < x;x;. In other words,
the projection into (x, y)-space satisfies yizj < x;x;. This implies in particular that
yij < L

On the other hand, the projection does not satisfy the non-negativity inequalities
of the form y;; > 0. Indeed, one can check that, when n = 2, we obtain a feasible
solution to the SDP by setting xi, x2, X11 and X7 to 1/4, and setting x15 to —1/8.
In other words, the SDP relaxation can be strengthened by adding the inequalities
%ij =0forl <i < j<n.

4.6.2 A Convex Set Related to Max-Cut

As one might expect, the results in the previous subsection have an analogue for
the max-cut problem. The SDP relaxation of max-cut was suggested by Schrijver
(unpublished) and analysed in, e.g. [29, 43, 56].

We now show how to derive the SDP relaxation. Recall the definitions of §(S)
and w, from Sect.4.5.1. For each i € V,,, let u; be a variable that takes the value
1ifi € S, and —1 otherwise. One can formulate max-cut as the following bivalent
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quadratic program:

1
max 1 Z wij (1 — pipnj): pe{-1,+1}"
{i.j}eE,

To see that this formulation is valid, note that the quantity é(l — Wil j) equals 1 if
nodes i and j are on opposite shores of the cut, and O if they are on the same shore.

Next, we define the matrix M = uu”. Note that M is psd and has 1s on the
main diagonal (since [,Liz = 1 foralli € V,). This leads immediately to the SDP
relaxation

1
max 5 Z w,-j(l—mij):m,-izl(ieVn),MeS’i

{i,jl€Ey

The feasible region of this SDP is called the elliptope [43].

Note that the matrix M is related to the traditional z variables via the identities
m;j = 1 — 2gz;; for {i, j} € E,. Using this fact, Laurent and Poljak [43] projected
the elliptope into z-space. The resulting convex set is defined by the following
inequalities:

> wvjzj <o(w?P/4 (veRY). (4.22)
{i,j}€En

One can check that these inequalities are equivalent to the psd inequalities (4.21),
via the covariance map.

It is not hard to see that the inequalities (4.19) dominate the inequalities (4.22).
This implies in turn that the Boros-Hammer inequalities (4.13) dominate the psd
inequalities (4.21). See [21] for detailed proofs.

4.6.3 Cones

There are also several important convex cones that are related to BQP,,. To explain
them properly, we need to define two more families of inequalities:

* When o (v) = 1, the inequalities (4.19) reduce to

> vz <0 (veZ':o(w) =1). (4.23)
{i,jl€Ey

These are called hypermetric inequalities [17, 18].
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* When o (v) = 0, the inequalities (4.22) reduce to

Y wivjzij <0 (VER":o(v)=0). (4.24)
{i.j}€En

These are called negative-type inequalities [19, 64].

Note that the triangle inequalities (4.16) are hypermetric inequalities. It is also
known that the hypermetric inequalities dominate the negative-type inequalities
[19].

We now define four convex cones:

e The cut cone of order n, which we will call CC,,, is the conic hull of the vectors
z that lie in CUT,,.

* The metric cone of order n, denoted by MET,,, is the set of points z satisfying
the triangle inequalities (4.16).

* The hypermetric cone, HYP,, is the cone defined by the hypermetric inequali-
ties (4.23).

* The negative-type cone, NEG,, is the cone defined by the negative-type inequal-
ities (4.24).

From the above considerations, we have CC,, € HYP, C MET,N NEG,. By
definition, the cut and metric cones are polyhedral. It has also been shown that
the hypermetric cone is polyhedral [22]. The negative-type cone, however, is not.
All four cones have interesting applications to the theory of metric spaces and the
geometry of numbers; see again [21] for details.

Note that, if we are given a complete linear description of CC,, we can use
switching to get a complete linear description of CUT,. To see this, let Z be an
extreme point of CUT,, that is not the origin, and let §(S) be the corresponding cut
in K,. If we switch on S, z is mapped to the origin, and any facet containing Z is
mapped to a facet containing the origin. Reversing this argument, we can obtain any
inequality that defines a facet of CUT, by switching an inequality that defines a
facet of CC,,.

Using the covariance map, one can derive analogous inequalities and cones in
(x, y)-space. For the sake of brevity, we do not go into details. We just mention that
the hypermetric inequalities (4.23) map to the following inequalities for BQP,,:

Z U,’(l — vi)x,- <2 Z ViV;Yij (V € Zn). (4.25)

ieVy I<i<j<n

These are called hypermetric correlation inequalities [20]. We remark that they can
be viewed as the special case of the Boros-Hammer inequalities (4.13) in which
s = 0.



114 A. N. Letchford
4.7 Algorithms

Now we turn to the algorithmic implications of the above results. Section 4.7.1
describes a (fairly) simple exact algorithm, called cut-and-branch. Section 4.7.2
concerns subroutines that search for useful cutting planes. Finally, Sect.4.7.3
describes a more sophisticated algorithmic framework, called branch-and-cut.

4.7.1 Cut-and-Branch

Suppose we wish to solve an ILP of the form (4.1). The continuous relaxation of
the ILP is an LP, which can be solved with, e.g., the simplex method. This yields a
solution, say x*. If x* is integral, we have solved the ILP. If not, the quantity ¢’ x*
gives an upper bound on the optimal profit.

At this point, we can resort to an old-fashioned solution method, such as
Gomory’s cutting-plane method [30] or branch-and-bound [42]. A more effective
approach, first suggested by Crowder et al. [13], is to add some strong (preferably
facet-defining) valid inequalities to the formulation, and then invoke branch-and-
bound. The resulting algorithm, which has come to be known as “cut-and-branch”,
is outlined in Algorithm 1.

Algorithm 1: Cut-and-branch algorithm

input : positive integers n and m; matrix A; vectors b, ¢
1 Solve the LP relaxation and let x* be the solution;
2 repeat
if x* is integer then
Output x* and quit;
end
Search for strong valid inequalities that are violated by x*;
if at least one inequality has been found then
Add one or more inequalities to the LP as cutting planes;
Re-optimise the LP and update x*;

N=JN- RN B WU ) I S

10 end

11 until no more violated inequalities are found,

12 Optional: Delete all cutting planes that have a positive slack;
13 Declare all variables integer;

14 Feed the resulting ILP into a branch-and-bound solver;

15 Let x* be the solution;

16 output: Optimal solution x*

The idea behind cut-and-branch is that the cutting planes typically yield a
significant decrease in the upper bound. This in turn leads to a reduction in the
size of the branch-and-bound tree. The results in [13] indicate that, for many ILPs
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arising in practice, the reduction in the size of the tree can be dramatic, and enable
one to solve ILPs that are unsolvable with traditional branch-and-bound.

Cut-and-branch algorithms for QUBO and related problems can be found in, e.g.,
[7, 23, 35, 49].

4.7.2 Separation Algorithms

In Algorithm 1, there is a line that says “Search for strong valid inequalities that are
violated by x*”. Geometrically speaking, finding such inequalities (cutting planes)
amounts to finding a hyperplane that “separates” the current fractional LP solution
from the feasible integer solutions. For this reason, algorithms that search for cutting
planes are called “separation algorithms” [33]. More precisely:

* An exact separation algorithm for a given family of valid inequalities is an
algorithm that takes a fractional LP solution as input, and outputs one or more
violated inequalities in the given family, if any exist.

* A heuristic separation algorithm for a given family of valid inequalities is an
algorithm that takes a fractional LP solution as input, and outputs either one or
more violated inequalities in the given family, or a failure message.

In the context of QUBO, we can assume that the fractional solution is a pair
(x*,y*) € [0, 11" ().

The separation problem for the triangle inequalities (4.8), (4.9) can be solved in
o (n3) time by brute-force enumeration. The complexity of the separation problems
for the inequalities (4.10)—(4.13) is unknown, but we suspect that they are all NP-
hard. Greedy separation heuristics for the inequalities (4.10)—(4.12) can be found
in, e.g., [47, 67, 69].

The separation problem for the psd inequalities (4.21) can be solved in poly-
nomial time [33]. The following method works well in practice (e.g., [34 65]).
Given (x y ) construct the matrix X*. Find the minimum eigenvalue of X, to
some desired precision. If the eigenvalue is non-negative, stop. Otherwise, find the
associated eigenvector, again to the desired precision. Write the eigenvector as (5;)
This eigenvector yields a violated psd inequality. To see why, let A < 0 be the
eigenvalue, and note that

s*
()

*k r T *k *k r *
s 1 X ST _ (8 e Y

v* x X/ \v* v* v*
Several polynomial-time separation algorithms are known for the cut polytope.
The separation problem for the triangle inequalities (4.15), (4.16) can be solved in
O (n®) time by enumeration. Gerards [27] presented an O (1) separation algorithm

for the odd bicycle wheel inequalities. There are also O (n5 ) separation algorithms
for various generalisations of the 2-circulant inequalities [37, 38, 45]. The separation

2

< 0.
2
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problems for the inequalities (4.22) and (4.24) can be solved in a similar way to the
psd inequalities (see [21]).

At the time of writing, the complexity of separation is unknown for the remaining
inequalities for the cut polytope. In [35], a greedy separation heuristic is presented
for the inequalities (4.18) and their switchings. Separation heuristics for the
inequalities (4.19) can be found in [16, 25, 34, 35]. A separation heuristic for the
gap inequalities is given in [25].

Letchford and Sgrensen [46] showed that the separation problems for the
inequalities (4.13), (4.19), (4.23) and (4.25) are equivalent. That is, either all of
them can be solved in polynomial time, or none of them can. See also Avis [4].

Finally, we mention that there are several exact and heuristic separation algo-
rithms designed for sparse QUBO and max-cut instances (e.g., [6-8, 11, 48]). We
omit details, for brevity.

4.7.3 Branch-and-Cut

Now that we have explained the concept of separation, we return to solution
algorithms. Recall that, in cut-and-branch, we are permitted to add cutting planes
only before running branch-and-bound. A natural extension is to permit the addition
of cutting planes while running branch-and-bound.

To make this more precise, we recall that branch-and-bound is a recursive
algorithm, which solves a series of LP subproblems, arranged in a tree structure.
Suppose that we have just solved the LP that corresponds to one particular branch of
the tree. If the solution is fractional, we can run one or more separation algorithms,
in an attempt to cut it off. If any cutting planes are found, we can add them to the
LP, re-optimise, and repeat. This causes the upper bound at that branch to decrease,
which may allow one to eliminate the branch from consideration.

This approach was discovered by several authors, apparently independently (e.g.,
[32, 50, 54]). It was given the name branch-and-cut by Padberg and Rinaldi [54]. It
works remarkably well, and has been applied to a wide range of problems in integer
programming and combinatorial optimisation [10, 51].

Although branch-and-cut is conceptually simple, it requires considerably more
programming effort than cut-and-branch. The main reason is that the branch-and-
bound solver can no longer be treated as a “black box”. Moreover, some additional
implementation “tricks” are needed to make the approach work efficiently. Several
such tricks are given in [54], such as (a) starting with a subset of the variables and
generating the others dynamically, (b) storing cutting planes in a “cut pool”, (c)
scanning the cut pool before calling the more time-consuming separation routines,
(d) deleting non-binding cutting planes to save memory, and (e) producing heuristic
integer solutions by rounding fractional values to integers.

Oddly, no-one has yet designed and implemented a full branch-and-cut algorithm
for QUBO. Indeed, at present, the most effective exact algorithms for QUBO use
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SDP relaxations, with triangle inequalities incorporated via Lagrangian relaxation
(see, e.g., [41, 62]).

4.8 Concluding Remarks

The Boolean quadric and cut polytopes have been studied in depth, and many
families of strong valid linear inequalities are now known. For some of the families,
we also have efficient exact or heuristic separation algorithms.

There remain several interesting directions for possible future research. Among

them, we mention the following:

Determine whether or not the separation problem for the hypermetric inequali-
ties (4.23) can be solved in polynomial time.

Design, implement and test a full branch-and-cut algorithm for QUBO and
related problems.

Understand better the relative advantages and disadvantages of LP-based and
SDP-based approaches to QUBO.

Provide an open source library of separation algorithms for QUBO and related
problems.
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Chapter 5
Autarkies and Persistencies for QUBO fleckir

Endre Boros

Abstract In many classes of discrete optimization problems, we do not know (yet)
an efficient algorithm that would guarantee an optimal solution for all instances.
However, for some instances we may be able to identify provably optimal values for
some of its variables. Persistency and autarky are properties of partial assignments
that allow us to argue about their optimality. This chapter investigates these and
some related notions from the literature and recalls algorithms for their recognition.
These techniques provide efficient pre-processing for QUBO problems and in some
applications these result in substantial reduction in problem sizes.

5.1 Introduction

In this section we focus on the persistency property of optimization problems, which
in fact can be defined in several ways. Loosely speaking, a continuous relaxation of
a binary optimization problem has the (weak) persistency property if for an arbitrary
optimal solution x € [0, 1] of it there exists an optimal solution x* € {0, 1}" of
the binary problem such that xi* = x; whenever x; € {0, 1}. If the same hold for all
optimal solutions of the binary problem, then we talk about strong persistency. This
is of course, if we consider optimization problems in their polyhedral form, when
a continuous relaxation maybe much simpler to solve, e.g., by linear programming.
As previous chapters show, many problems can be framed as unconstrained binary
optimization, e.g., QUBO. In that setting persistency is a partial assignment that
can be extended to an optimal solution. In this chapter we consider several notions
of this type, and show their relations. In particular we recall and provide efficient
algorithmic result for QUBO problems.

Let us note that for many optimization problems there may not exists persistency
that could be derived in an efficient way. It turns out however that for particular
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types of problems arising in certain applications, these techniques could lead to
substantial reduction in the size of the problem. For instance, it turns out the QUBO
formulations are quite natural in computer visions problems, and that family of
problems tend to have persistencies. Efficient algorithms to derive persistencies for
QUBO problems gained prominent application in computer vision, see e.g., [9—
11, 15, 17, 23, 24]. Such important examples motivate our chapter on these notions
and techniques.

5.2 Basic Definitions

To arrive to precise definitions and results, we need to recall some terminology
and corresponding notation. We denote by V = {1, 2, ..., n} the set of indices, by
X = (x; | j € V) the vector of our variables, and call x; = 1 — x; forj € V
complemented variables. The 2n element set L = {x;, x; | j € V}is called the set
of literals.

When considering optimization, in this chapter we always consider minimiza-
tion. While generally minimization and maximization are equivalent problems
for several definitions and results, considering minimization will simplify our
presentation.

Let us first note that any real valued mapping f : {0, 1}" — R, called a pseudo-
Boolean function (or PBF, in short), has a unique multilinar polynomial form

f® =Y as]]x (5.1)

SCvV jes

where ag € R for all § € V (see [12]). The degree of f, denoted by deg(f), is the
largest cardinality |S| with ovg # 0. The unconstrained binary optimization problem
(UBO) is the problem

i () (5.2)

where we assume that f is given by its unique multilinear polynomial. QUBO is the
special case when deg(f) < 2.
A posiform is a multilinear polynomial in terms of the 2n literals

o0 = > Ben[]x[]% (5.3)

A gereN

satisfying Bp,y > O whenever P U N # . Note that 8y 4 < O is possible. The
degree of such a posiform, denoted by deg(¢), is the largest cardinality |P U N|
such that Sp y > 0. We say that a posiform ¢ represents a pseudo-Boolean function
f,if f(x) = ¢ (x) for all x{0, 1}"". Note that in this case By g is a lower bound on the
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minimum value of (5.2). It is well-known that every pseudo-Boolean function f can
be represented by posiforms, typically in a non unique way, and deg(f) < deg(¢)
for all such posiforms.

Example 5.1 For instance, let us consider the following example in n = 3 variables:

f(xX) = —2—x1 —x2 —x3+ x1x2 + x1x3 + x2x3 quadratic PBF
= —54x1 4+ x2 4+ x3 + x1x2 + x1x3 + x2x3 a quadratic posiform
= —4 4+ x3+x1x2 +x1x3 + X2X3 another quadratic posiform
= =3 4 x1x2x3 + x1Xx2Xx3 a cubic posiform

As we can see, posiform representations are not unique, and maybe of higher
degree than f. Note that in the above small example, the largest constant term, —3
is in fact the minimum value of this quadratic PBF. It is known and easy to see
that for every PBF f(x) has a posiform representation ¢ (x) of the form (5.3) such
that its constant term By ¢ is the minimum value of f(x). In fact problem (5.2) can
equivalently be viewed as the problem of finding a posiform representation with
the largest constant term. For such a posiform there exists a binary assignment to
the variables that make all nontrivial terms vanish. Even when the constant term of a
posiform representation of a PBF f (x) is not equal to the minimum value of f(x) we
still maybe able to find (partial) assignments that make many of the nontrivial terms
vanish. This dual (equivalent) view of UBO problems and the above observation
about (partial) assignments lead us to another interpretations of what a persistency
is (or could be). We shall see that we can in fact arrive to equivalent notions with
increased algorithmic opportunities.

Remark 5.1 When talking about algorithmic efficiency and computational com-
plexity, one has to be careful switching between these different representations.
Even quadratic pseudo-Boolean functions have posiform representations that are
exponentially larger then their unique multilinear polynomial one, and vice versa.
For instance, the posiform x1X7 ...Xx, defines a PBF that has exponentially many
terms in its unique multilinear polynomial form.

The so called partial assignments play an important role in our claims and
analysis. For a subset S C V a binary vector y € {0,1}5 is called a partial
assignment. For a binary vector x € {0, 1}V and partial assignment y € {0, 1}5
we denote by z = x¥ the switch of x by y, defined by

.= yj forjes,
! xj forjeV\Ss.
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5.3 Functional Pesistency

First we consider possible conditions guaranteeing that a partial assignment in a
UBO problem can be extended to an optimal one. The following definition, from
[7] is one of the simplest ways one can achieve that.

Definition 5.1 A partial assignment y € {0, 1}5, S C V is called a persistency for
a pseudo-Boolean function f if f(x¥) < f(x) forall x € {0, 1}".

Proposition 5.1 If a partial assignment y € {0, 1}5, S C V is a persistency for a
pseudo-Boolean function f, then problem (5.2) has an optimal solution that agrees
with y in the components belonging to S.

Proof Consider an arbitrary optimal solution x € {0, 1} of problem (5.2). Then,
by the above persistency property of y, the vector x¥ is also an optimal solution of
problem (5.2). |

Next we argue that the family of subsets for which there exists a persistent binary
(partial) assignment is closed under union.

Proposition 5.2 If S|, S» C V are two subsets such that we have binary assign-
ments y' € {0, 1}51 and y? € {0, 1} that are both persistencies for a PBF f, then
the (partial) assignment z € {0, 1}51Y52 defined by

L, |y feries,
i = .
yjz forj e S\ 81

is also a persistency for f.

Proof Since both y' and y? ar persistencies for f, we have the following chain of
inequalities for an arbitrary x € {0, 1}V:

f& = f((xyz)yl) < 7(¥) = ro.

O

Remark 5.2 Every pseudo-Boolean function f has some persistencies. For
instance, for § = V and the optimal solution x* of (5.2), the vector x* itself is
a persistency for f.

Remark 5.3 While this notion is simple and looks useful, it is computationally
not easy to apply. For instance, given a PBF f (by either its unique multilinear
polynomial, or by one its posiform representations) and given a partial assignment
y € {0, 1}¥ it is NP-complete to decide if y is a persistency for f, or not.
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5.4 Autarkies

The next notion is motivated by the satisfiability literature (see e.g., [18]), and the
form of UBO, in which we minimize a given posiform. In fact we try to characterize
the case when we can achieve the best possible improvement with a subset of the
variables toward the goal of making the terms of the posiform vanish.

Definition 5.2 A partial assignment y € {0, 1}5, § C V is called an autarky for a
posiform ¢ given by (5.3) if for every pair of subsets P, N € V with PN N = 0,
SN(PUN) # #and Bp,xn > 0 we have

[Ty Il % =o

jePns  jeNns

Simply saying, y is an autarky for posiform ¢, if fixing the variables with indices
in § at the values y;, j € S makes all terms of ¢ vanish that involves any of
these variables. Clearly, one cannot change the value of a term with a variable that
does not appear in that term, thus this notion of autarky corresponds to the “lucky”
assignments that makes the value of ¢ as small as it is at all possible.

Proposition 5.3 If a partial assignmenty € {0, 1}5 for some S C V is an autarky
for a posiform ¢ representing the PBF f, then it is also a persistency for f.

Proof To see this claim, let us group the terms of ¢ given as in (5.3)

¢(x) = By + AKX) + B(X),

where A(x) is the sum of all those terms that involve a variable (either positively,
or negated) with index in §, and B(x) is the sum of all other terms. Then for an
arbitrary x € {0, l}V we have both A(x) > 0 and B(x) > 0, since in a posiform
only the constant term can be negative. Furthermore by our grouping, we also have
B(x¥Y) = B(x), since terms in B do not involve any of the variables the value of
which may be switched in x¥. Finally, by the autarky property of y we must have
AxY) = 0. Thus

F&8 =By + AR + BEY) = By + 0+ B(Xx) < ¢p(x) = f(x).

O

Remark 5.4 In contrast to the computational difficulty of recognizing the persis-
tency property, one can check easily if a given partial assignment is an autarky for a
given posiform, in time, linear in the size of the posiform.

Thus, in our search for finding some nontrivial persistency for a given PBF, it is
very useful to consider its posiform representations. Unfortunately, not all posiforms
have autarkies. For instance in Example 5.1 the first two quadratic posiforms do not
have any autarkies, whiley = (0, 1) € {0, 13112} is an autarky for the third posiform
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representation. Thus, we need special algorithmic results to transform a posiform
into an equivalent posiform that may have more autarkies. In fact we can develop
such techniques for quadratic pseudo-Boolean functions.

Let us also note that “persistency” was introduced for quadratic pseudo-Boolean
functions by Hammer et al. [13] via defining a particular type of autarky (without
actually using this term) and using implicitly Proposition 5.3.

Before we describe the application of these notions to QUBO problems, let us
study autarkies in a general setting.

Proposition 5.4 For every posiform ¢ there exists a unique maximal subset S C 'V
such that some (partial) assignment y € {0, 1}5 is an autarky for .

Proof To prove this statement, assume that Sy, S, € V are two incomparable
subsets such that we have binary assignments y! € {0, 1} and y? € {0, 1} that
are both autarkies for ¢. We claim that in this case z € {0, 1}51Y52 defined by

. — y} for j € S,
/ »? forje S\ 8

is also an autarky for ¢. To see this claim, partition the nontrivial terms of ¢ into
three groups:

¢x) = By + AX) + B(x) + C(x),

where A consist of the sum of all terms of ¢ that have a variable x; with j €
S1 involved (either positively, or negated), B consist of sum of the all terms of
¢ that have a variable x; with j € S involved but no variable with j € S; (either
positively, or negated), and C consists the sum of those terms of ¢ that do not involve
any variables with indices j € S1 U S,. Let us consider now an arbitrary assignment
x € {0, 1}V. Then, A(x*) = A(xyl) = 0 by the autarctic property of y! and B(x*) =
B(Xyz) = O since the terms in B do not involve any variables with indices j € S1NS>
and y? is an autarky for ¢. Thus we get

o (x*) Bog + AKX + B(x*) + C(x*)
Bog+0+0+ C(x"
Bop + AX) + B(x) + C(x)

¢ (x),

Al

since A(x) + B(x) > 0 and C(x*) = C(x) because C does not include any terms
that involves variables x; with j € S1 U S;. a

Let us denote by S(¢) € V this unique maximal set for which there exists a
partial assignment y € {0, 1}5) that is an autarky for ¢. Note that S(¢) may be the
empty set, as our Example 5.1 shows.
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Let us close this section about autarkies with pointing out a few more important
properties of them.

Proposition 5.5 Every persistency of a pseudo-Boolean function f is an autarky of
some its posiform representations.

Proof Assume thaty € {0, 1}5 for some subset S C V is a persistency for function
f. To simplify our notation, for this proof, we assume that we view V \ S as the
initial segment of the binary vectors in {0, 1}, thus in particular we can view every
binary vector as a concatenation x = («, ), where o € {0, 13V\S and B € {0, 1}5.
Note that with this convention in mind we have («, 8)¥ = («, y) for all vectors. Let
us further introduce

Z = min f(x),
xe{0,1}V

and consider the following expression:

p(x)= Z + Z (fz,y)—2) l_[xj ]_[x,-

ze{0,1}V\S JEV\S JeVAS
Zj=l zj=
+ Y (t@—s@) [1x[]5
z€{0,1}V Jjev jsVO
2j= zj=

Let us note first that ¢ defined above is a posiform. Indeed, f(x,y) > Z for all
z € {0, 1}V\S by our choice of Z, and f(z) > f(z¥) for all z € {0, 1}V since y is a
persistency for f.

Let us note next that ¢ is a representation of f, that is ¢(x) = f(x) for all
x € {0, 1}V. This is because for a fixed binary vector x € {0, 1}V there are unique
non-vanishing terms in both summation: in the first one it corresponds to the vector
z € {0, 1}V\S for which x¥ = (z,y); in the second summation it corresponds to
z = X. Thus from the above expression we get

px) = Z + (f&H-2) + (f® - f&) = f).

Finally we note that only the terms of the second summation involve variables
with indices in S, and whenever f (z)— f (z¥) # 0 we must have an index j € S such
that z; # y;, implying that the corresponding term vanishes when we substitute
Xj=Yj. O

Remark 5.5 Propositions 5.3 and 5.5 together imply that persistencies for a pseudo-
Boolean function are the same as autarkies for its various posiform representations.
The above results also show that an appropriately chosen posiform representation
can serve as an effective proof that a given partial assignment is indeed a persistency
for the PBF under consideration. We use this in an efficient way in the last part of



128 E. Boros

the chapter, when we provide polynomial time algorithms to extract in some sense
extremal persistencies for quadratic pseudo-Boolean functions.

Proposition 5.6 Assume that ¢ is a given posiform, and x € {0, 1}V. Then there
exists a unique maximal subset S € V such that the partial assignmenty € {0, 1}5
defined by y; = xj for j € S is an autarky for ¢, and S can be obtained in time
polynomial in the size of ¢.

Proof Since the constant term does not play a role in this claim, we can assume
w.l.o.g. that By 4 = 0.

Note thatif ¢(x) = 0,then S =V andy = x.

Assume next that ¢ (x) > 0. By the definition of an autarky, if for a term of ¢ we
have

,Bp,N l_lx/'l—[)fj > 0

jeP JeN

then we must have S N (P U N) = §J. Let us then remove all occurrences of x; and
xj forall j € P U N, remove those terms as well that became empty products, and
denote the obtained posiform by ¢’. Note that if S is a subset for which x defines
an autarky for ¢, then it is also an autarky for ¢’. Thus we can repeat the above
procedure, until we arrive to a posiform that has value zero when we evaluate it at
x. Then defining S as the set of remaining variables completes our proof. O

5.5 Polyhedral Persistency

The third definition view persistency as a polyhedral property. To formally define
this notion, let us consider the optimization problems associated to a polytope QO C
[0, 1]V and for a real vectorw € R":

min ~ w!x (IP(Q))
xeQN{0,1}V
and its continuous relaxation
minw’ z (LP(Q))
zeQ

To a solution x of (LP(Q)) let us associate two sets Z, O € V defined by
Z(x) = {jeV]x;=0 and O(x) = {jeV|x;=1}.
Definition 5.3 We say that a polytope Q C [0, 1]V has the persistency property if

for every real vector w € RY and every optimal solution z* of (LP(Q)) there exists
an optimal solution x* of (IP(Q)) such that x;‘ = zjf forall j € Z(x*) U O(x*).
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Note that the same notion could be defined for maximization problems, as well,
but a standard transformation, switching from x; to X; = 1 — x; commutes between
these formulations. We are going to recall results form the literature transformed to
the minimization case, to follow our treatment of posiform minimization.

This notion, without using the word “persistency” was introduced by Nemhauser
and Trotter [20] for the so called stability (or vertex packing) polytope (in the
context of maximization). Given a graph G = (V, E) and a weight function
w € RY, we are interested in finding a maximum weight independent set in G,
that is a subset / C V such that there are no edges inside I, an w(I) = ) ;. w;
is as large as possible. A standard (sometimes called “edge”) formulation of this
problem is to consider the polytope

Osiap(G) = {xe[0,11V | x; +x; <1 forall (i, j) € E}.

Balinski [3] observed that all vertices of Qy45(G) are half integral for an arbitrary
graph G (integral for bipartite graphs), and Nemhauser and Trotter [20] proved that
Os:ab has the persistency property. Note that complements of independent set in a
graph are vertex covers (some times called transversals of the edge set) and thus
stability problems are equivalent with vertex cover problems by the transformation
zi=1—x;fori eV:

0ue(G) = {z€ 0,11V | zi +z; > 1 forall (i, j) € E}.

Note that this linear mapping Qs:ap(G) — Quc(G) keeps half-integrality, and thus
Balinski’s [3] result implies that Q,.(G) has half-integral vertices, too.

We restate now a result of Nemhauser and Trotter [20] for the vertex cover case,
and for completeness recall a short proof, based on [16].

Theorem 5.1 ([20]) The polytope Q,.(G) has the persistency property for all
graphs G.

Proof Consider an arbitrary weight function, w € RY and let z* be a half-integral
optimal solution of LP(Qy:(G)).Set Z = Z(z*), O = O(z*) and H = V\(ZUO).
Note that if w; < 0 for some i € V, then in any solution of both LP(Q,.(G)) and
1(Qvc(G)) we can switch to z; = 1 without increasing the objective function. Thus,
we can assume w.l.o.g. that w; > O foralli € V.

Let us now consider a minimum weight vertex cover S of G. We claim that

O0CSCV\Z

First we show that the right containment implies the left one. For a contradiction,
assume that S N Z = ¢ and the there exists a vertex i € O \ S. Note that i cannot
have a neighbor in Z, since S is a vertex cover. Thus for all edges (i, j) € E we
have z;f > 0. Consequently, we could decrease z;" a little and obtain another feasible
solution of L P(Q,.(G)) with a strictly smaller objective value, contradicting the
optimality of z*.
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To show the right containment, let us now consider a minimum weight vertex
cover S for which |S N Z| is as small as possible, and assume that the weight of
w(O\S) < w(ZNS). Note that all neighbors of O\ S arein OUHU(ZNS) since S
is a vertex cover. Thus, for a small € > 0 we could increase z;.‘ fori € O\Sbye and
decrease 7 fori € ZN S by ¢, and obtain another feasible solution of L P(Qy(G))
with strictly smaller objective value than z*, contradicting the optimality of z*. This
contradiction proves that the weight of w(O \ S) > w(Z N §) implying that §' =
O U S\ Z is another vertex cover with weight not larger than that of S and has
SNzZ=4. o

This result had numerous applications in approximation algorithms, kerneliza-
tion methods, branching algorithms, etc., see e.g., [1, 4, 14, 16, 19]. The recent paper
[22] shows on the other hand that persistency is not a frequent property of polytopes.
They prove that under some mild technical conditions among all polytopes Q with
0Nn{0, 1}V = 0,:n{0, 1}V only @, and conv(Q,.N{0, 1}V) have the persistency
property.

Hammer et al. [13] shows that, based on the above result, the standard lin-
earization of QUBO problems also has the persistency property. To a quadratic
pseudo-Boolean function

fx = Oto-l-ZOﬁxi + Z jXiXj

ieV (l,j)E(‘z/)

we can associate its standard linearization (also called Rhys linearization due to

[21]):

minoto-l—zotixi+ Z Qij yij

ieV G.e(y)
S.t.
yij > xi+xj—1
Vo= forall (i, j) € (}) with a;j; > 0
yij > 0
(LP(f))
Yij S Xi
v= forall (i, j) € (5) witha;; <0
Yij = Xj
Xi <
foralli e V.
xi >0

Theorem 5.2 (Theorem 4.4 in [13]) If (x,y) is an optimal solution of the Rhys
linearization L P(f), then there exists a binary minimum z € {0, 1}V of f such that
zi = xj foralli € Z(x) U O(x). |
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In [13] this result is claimed in slightly different form, but their proof gives an
equivalent result, as claimed above. They call this weak-persistency, since the claim
may not hold for all minima of f.

For the case of quadratic pseudo-Boolea functions, we can claim further specific
results, as shown in the next section.

5.6 Persistencies and Autarkies for Quadratic Functions
and Posiforms

While persistencies (or equivalently autarkies) are attractive, since potentially we
could reduce the size of a hard optimization problem by applying them, for general
UBO problems we do not have computationally efficient procedures. For instance,
we do not know how to compute S(¢) for a posiform ¢ in polynomial time in the size
of ¢. Quadratic functions and posiforms are the exception. We already seen that the
standard linearization of QUBO problems have the polyhedral persistency property.
Here we provide (or recall from the literature) a collection of results that lead to
efficient computations of best possible persistencies in some sense, for quadratic
functions and posiforms.

To ease the presentation, we introduce simplified notation for the quadratic case.
For a finite set S we denote by (g) the set of unordered pairs of distinct elements
from S. Recall that V = [n] = {1,2,...,n} is the set of indices of our binary
variables and L = {x;, x; | i € V}is the set of 2n literals. In this section we assume
that a quadratic pseudo-Boolean function, in its unique multilinear polynomial form
is given as

f(x) = ap + Zai-xi + Z ®ij - Xi - Xj, (5.4

eV (l,/)E(‘z/)

where ;, a;; € Rforalli =0,i € V,and (i, j) € (‘2/) Furthermore, we assume
that a quadratic posiform is given in the form

Yx) =Bo+ D Buut+ D Bu-u-v, (5.5)

uel (M,U)E(é)

where fo € R, and B, Buy € Ry forallu € L, and (u,v) € (é) Note that each

literal can be viewed as a function of x € {0, 1}V. Sometimes we emphasize this by
explicitly writing u = u(x), when we talk about the evaluations of these literals at a
particular binary vector. When we talk about multiple quadratic posiforms, we can
also refer to the coefficients of a particular posiform v as e.g., Bo(¥), Buv (¥), etc.

We also assume in the sequel that the quadratic posiforms that we consider are
all simplified in the sense that the identities u + i = 1 or uv 4+ uv = u cannot be
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applied any longer. In other words, if 8, > 0, then 8; = 0, and similarly if 8,, > 0
then By = Bus = 0.

First we show that a best possible autarky of a quadratic posiform can be
computed in polynomial time.

Proposition 5.7 Given a quadratic posiform \r, one can compute the set S({y) C V
and a partial assignment y € {0, 1Y5%) that is an autarky for y in time linear in
the size of V.

Proof Assume that v is given as in (5.5), and define sets U = {u € L | B, > 0}
and T = {(u,v) € (é) | Buv > 0}. We associate to  its so called implication
graph (see e.g., [2]) Gy = (L, A), the vertices of which are all the literals, and the
directed arcs are defined by

A={u—ilueUlUfu—1, v—il(uv) eT)

The meaning of these arcs are related to our desire to make the terms in ¥ vanish.
Namely, a term involving literals uv is vanishing only if assigning u = 1 is coupled
with v = 1, and similarly, setting v = 1 makes it necessary to have u = 1. O

Note also that Gy has a strong symmetry, namely (*) there is a directed path
from u to v in G, if and only if there exists also a directed path from v to u.

Let us now consider the strong component decomposition of Gy, Cy, Ca, ...,
Cp. A strong component is a maximal strongly connected subgraph, and it is known
that every directed graph can be decomposed into its maximal strongly connected
subgraphs. The arcs between these strong components induce an acyclic graph on
vertices C;, i = 1, ..., p. By Tarjan [25] such a decomposition can be constructed
in time linear in the number of arcs, which is in our case linear in the size of ¥/, in
such a way that if there is an arc from C; to Cj, theni < j (so called topological
order of the strong components).

Note that by the symmetry (*) if we have {u, u} € C; for a strong component
C; and literal u, then for all literals v € C; we must also have v € C;. We call
such strong component self-complementary. For a non-self-complementary strong
component C; there exists another strong component C; such that for all u € C; we
have i € C;. We call C; the complementary component of C;, and similarly C; is
the complementary component of C;.

Let us next note that if S C V is a set for which there exists a partial assignment
y € {0, 1} that is an autarky for ¥ then no self-complementary component can
involve x; or x; for j € S. To see this claim, assume that C; is a self-complementary
component, u € C; and u = x; or u = x; for some j € §. Then we also have
u € C;. Furthermore if y assigns value 1 to one of u and u, say to u, then let us
consider a directed path u — vi — --- — v — u inside C;. Since the term of ¢
corresponding to # — v; must vanish by the definition of an autarky, y must assign
1 to vy, too. Repeating the same argument for the terms corresponding to the arcs
of this path, one-by-one, we arrive to the conclusion that y must also assign value 1



5 Autarkies and Persistencies for QUBO 133

to i, which is impossible, since it assigned value 1 to u. This contradiction proves
our claim.

Our main claim is that all other variables, not appearing in self-complementary
components form the unique maximal subset S € V for which there exists a partial
assignment y € {0, 1}5 which is an autarky for ¢. To see this claim, let us first
construct y. Consider the non-self-complementary components in their topological
order: Cj, ..., Ciq, i1 < ...ig. From right to left we consider these components
one-by-one, and if the considered component does not yet have an assignment,
assign value 1 to all literals in it, and value O to all literals in its complementary
component. Notice that every time we assign 1-0 to a pair of complementary
components, the one getting the 0 assigned must be to the left of the one getting
1 assigned.

To complete the proof, we partition the literals into there groups: A consisting of
all those that got value 1 assigned, B consisting of all those that got 0 assigned, and
C containing the left, that is all literals that did not get an assignment in the above
procedure (i.e., the literals belonging to self-complementary components).

We show first that we cannot have a directed path connecting a literal in A to a
literal in B. Assume for a contradiction that there are literals, u € A and v € B such
that there exists a path in Gy for u to v. Then by the definition of the topological
order, the component containing # must be to the left of the component containing
v (and they are different components, since # and v got different values. Since the
component containing # must have been assigned 0 it must be further left from the
component of u#. Furthermore the component containing v must have been assigned
1, and thus it is further to the right from the component of v. Thus, the path from v
to u (which exists in Gy by the symmetry (*)) must have some arcs going from a
component to another one which is to the left of the first one. This contradicts that
components are in their topological order, proving our claim.

It follows now that we cannot have a directed path from A to C, or from C to B.
Due to (*), these claims are equivalent, thus we can assume for contradiction that
there is a directed path fro m u to v, where u € A and v € C. By (¥) then we also
have a directed path from v to . Since u € A we must have # € B. Furthermore,
since v € C it belongs to a self-complementary component, say C;, and thus we
must have v € C; € C. Consequently, we also have a directed path from v to
v since C; is a strongly connected graph. Chaining these three paths together we
obtain a directed path from u € A to u € B, contradicting our previous claim.

We claim finally that y is an autarky for v. To see this, assume that uv is a term
with a positive coefficient in ¥, and say u € A (i.e., u(y) = 1). In Gy we have
an arc corresponding to this term going from u to v. By the above arguments, we
cannot have v inside B U C, and thus it must belong to A, implying that v(y) = 0.
Thus the term uv indeed vanishes. Note that if # € B, then u(y) = 0, and hence
the term uv vanishes in this case, too. This shows that y is indeed an autarky for ,
completing the proof of our statement. O

Given a quadratic pseudo-Boolean function f (as in (5.4)), we denote by P> (f)
the set of quadratic posiforms that represent f. Note that since we assume that
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all these posiforms are simplified, all coefficients appearing in these posiforms are
bounded, because they all have f as their unique multilinear polynomial.

To a quadratic posiform v given by (5.5) we associate the set Q(y) € L of
literals, defined by

QW) = {uel]p,>0}

Furthermore, to a quadratic pseudo-Boolean function f we associate

Co(f) = maxyep,(HBo(V).

The analogous quantity for the case of maximization was introduced by Hammer et
al. [13], and was called the roof-dual of f. Accordingly, we could call Co(f) the
floor-dual of f. Following [13] let us consider the subset

B(f) = (¥ € Pa(f) | Bo() = C2(f)}

of the posiforms representing f, and note that convex combinations of posiforms
from B(f) is also a posiform belonging to B( f). Thus there exists a posiform y¥r* €
B(f) such that

Q™) 2 Q) forall ¥ € B(f).

Theorem 5.3 (Theorem 4.3 in [13]) Define S* C V as the set of indices j € V
such that x j or X j belongs to Q(y*) and define'y € {0, 1}S* such that u(y) = 0 for
all literals u € Q(Y*). Then, y is a (strong) persistency for f.

Proof In fact they prove that this is an autarky for ¢*, without defining this notion.
Assume for a contradiction that it is not an autarky. Then we must have a non-
vanishing term uv with B,, > 0 in ¥* such that it involves a variable x; with
Jj € S8* Wlo.g., u(y) = 1. Since the term uv is not vanishing under the partial
assignment y, we have either v(y) = 1 or v corresponds to a variable x; with
igS*
In the first case, we must have ;i + B0 + Buyuv part of * with all three

coefficients positive. Then a for small € > 0 we can write

Bitt + BV + Puouv = (Ba — €)u + (By — €)V + (Buy — €uv + €(u + v + uv)
= (Bi —u+ (Bs — )V + (Buy — €)uv + €(1 + uv)

and using this identity, we could derive from ¢* another posiform ¢** € P,(f)
with Bo(¥**) > Co(f), contradicting the definition of C5(f).
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In the second case we have B;it + Byyuv is part of ¥* with both coefficients
positive, thus for a small € > 0 we can write

Bitt + Buyuv = (Bz — €)u + (Buy — €)uv + €(u + uv)
(Bia — u + (Buv — €uv + €(v + uv)

and using this identity, we could derive again another posiform ¥*** € P, (f) from
¥™* such that Q(¥***) = Q(¥*) U {v}, contradicting the maximality of Q(y*),
since v in this case corresponds to a variable x; with i ¢ S*.

These contradictions prove that y is indeed an autarky for y*, that is a persistency
of f by Proposition 5.3. Since in ¢¥* all literals u € Q(y¥*) have a positive
coefficient, we get that for all x € {0, 1}V, such that x # x¥ we have f(x)
YH(x) > y*(x¥) = f(xY), proving that y is a strong persistency for f.

Let us call a posiform ¢ € B(f) a best quadratic posiform of f (i.e.,if fo(¢¥) =
C2(f)), and call it optimal if Q(y¥) 2 Q') for all ¥ € B(f). The proof of
the above theorem shows that the linear part of any best quadratic posiform of a
given quadratic pseudo-Boolean function f must vanish in all minima of f. In fact
such a optimal posiform can be obtained in polynomial time in the size of f. In
the paper [13] is shown that an optimal posiform can be obtained from the dual of
the linearization (Rhys linearization) of f. Later in [5, 7, 8] several network flow
based model was shown for the computation of C»(f) and an optimal posiform
representation of a given quadratic pseudo-Boolean function f.

Let us remark that for a v € P2(f) we may have a larger autarky then the one
computed above, In fact if v € B(f) is an optimal representation of f, then we
still could have |S(v)| > |Q(¥)]. Consider the function f(x1, x2) = x1 — x1x3.
Then C2(f) = 0 and B(f) = {x1x2}. Here Q(x1x2) = @, while S(x1x2) = {1, 2},
since e.g. x; = xp = 1 is an autarky for x;x>. The main reason is that the above
technique, focusing on optimal posiforms, provides only strong persistencies.

Since S(¥) is also computable in polynomial time by Proposition 5.7, it is natural
to consider the set

ol

sH = |J sw.
vePr(f)

Note that by Proposition 5.2 there exists a partial assignment y € {0, 1}52(/) that
is a persistency of f. It is however not known how to compute S>(f) and such
an assignment efficiently. We do not even know if there exists always a posiform
Y € Pr(f) such that S(y) = S2(f), or not.

Let us note that the network flow based approach (e.g., [8]) computes efficiently
both strong and weak persistencies for quadratic functions. It maybe the case that it
computes actually S>(f). We just do not have a definitive proof of this, yet.

We close this section with suggesting an efficient heuristics to determine
autarkies for higher degree posiforms, based on the efficiency of computing
S(y) for quadratic posiforms by Proposition 5.7. Note that even quadratic
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pseudo-Boolean functions have higher degree posiform representations, and those
may provide larger autarkies than we can get from quadratic posiforms. However
we do not (yet) know an efficient way of computing S(¢) for a higher degree
posiform ¢.

Since the constant term does not play any role in the problem of minimization
and/or autarkies, let us consider a general posiform of the form

¢ =Y so]]u (5.6)

QCL  ueQ

where §p > 0 for all Q C L. Let us also consider a quadratic posiform 1/, as given
in (5.4), and assume further that the coefficients 8,, B,, are all zeros or ones and
Bo = 0. Following [6] let us call ¥ a quadratic cover of ¢ if forall Q € L with§gp >
0, |Q| > 1, and for all literals u € Q there exists another literal v € Q such that
Buv = 1. Furthermore, for all literals u € L, if 6y, > O then 8, = 1. The following
claim follows from results in [6]. We include a proof here for completeness, and
since this reference is not easily accessible.

Proposition 5.8 Assume that  is a quadratic cover a posiform ¢, and let'y €
(0, 13 be an autarky for V. Then'y is an autarky for ¢, too.

Proof Assume that ¢ is given as in (5.6). Let us note first that if §p > 0 and
QO = {u}, then u is a linear term of v, and thus either it corresponds to a variable x
with j & S(¢), or we must have u(y) = 0 by the definition of an autarky for . Let
us consider next a term of ¢ with §p > 0 and |Q| > 1 that involves variables with
indices from S(y). Say u € Q is such a literal. If we have u(y) = O then this term
is vanishing, and there is nothing to prove. If u(y) = 1 then consider such a literal
v € Q, v # u for which 8,, = 1 in the quadratic cover y. By the definition of a
quadratic cover, such a v exists. Since y is an autarky for ¢ we must have v(y) = 0
since otherwise the term uv would not vanish in . Thus term Q is vanishing in ¢,
completing our proof. O

This result suggests a simply and fast heuristics for general UBO problems. Let
us view such a problem as the minimization of a posiform representation ¢ of its
objective function. Generate in linear time in the size of ¢ a quadratic cover ¥ and
compute in linear time in the size of v, which is linear in the size of ¢, the set
S(¢). We can e.g., randomize the quadratic cover generation, and repeat the above
many times. If we obtain some nontrivial autarkies, then we can merge those by
Proposition 5.4.
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Chapter 6 )
Mathematical Programming Models and s
Exact Algorithms

Abraham P. Punnen and Renata Sotirov

Abstract This chapter focusses on exact solution approaches for QUBO. We
first discuss various mixed integer linear programming formulations, compare
their relative strength in terms of LP relaxations, and resulting upper bounding
strategies. Then, new developments based on semidefinite programming approaches
are discussed in detail. The mathematical programming formulations discussed here
can be used to solve small size problems and the resulting tight upper bounds on the
optimal objective function values can be used in developing specialized enumerative
algorithms. Capabilities of some promising enumerative algorithms and solvers are
also briefly reviewed.

6.1 Introduction

We have seen in Chap.3 that several special cases of QUBO can be solved in
polynomial time. Let us now focus our attention on solving the general problem.
Since QUBO is strongly NP-hard, many of the available exact algorithms for the
problem are of implicit enumeration type, in one form or other. A straightforward
option to solve QUBO to optimality is by making use of ‘ready made’ general
purpose mixed integer quadratic programming solvers such as CPLEX [27],
Gurobi [52], SCIP [1], among others. Simple changes in the way we represent the
matrix Q, as discussed in Chap. 1, can have some effect on the performance of these
solvers [108]. The equivalence of QUBO with other optimization problems such as
the maximum weight cut problem, the maximum weight stable set problem, bilinear
programs, etc., also provide opportunities for solving QUBO using exact algorithms
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developed specifically for these problems. Recent advancements in the capability of
semidefinite programming (SDP) solvers [22, 34, 66, 97, 118] provide additional
opportunities for solving QUBO by general purpose SDP based solvers or by SDP
based solvers developed for equivalent problems such as the maximum weight cut
problem [69, 74, 109].

We will start with the discussion of various MILP formulations of QUBO,
including some very recent ones and their properties. We then consider SDP
formulations of QUBO and other equivalent problems. Discussions on enumerative
algorithms that use traditional MILP formulations as well as those based on SDP
formulations are also presented.

Recall that QUBO can be stated as the 0-1 quadratic programming problem

n n
Maximize ¢(x) = Z Z qijxixj + Z CiXi
i=1

i=1 jeR;

Subjectto: x; € {0, 1} fori =1,2,...,n,

where Q = (g;;) is an n x n symmetric matrix with diagonal entries zero, ¢" =
(c1,c2,...,cy) is an n-vector, and R; = {j : g;; # 0}. When Q, ¢ and n are given,
an instance of QUBO is well defined. Thus, we sometimes use the triplet (Q, ¢, ) to
represent an instance of QUBO or simply (Q, ¢) since n is implicit in the dimension
of c.

6.2 MILP Formulations

Let us now look at some well-known mixed integer linear programming (MILP)
formulations of QUBO. Such formulations are useful in a variety of ways. In
particular,

1. MILP formulations can be used to solve smaller size QUBO to optimality using
general purpose MILP solvers.

2. The linear programming relaxations of these MILP formulations provide upper
bounds on the optimal objective function value, which in turn can be used to
design special purpose exact algorithms for QUBO.

3. The MILP formulations can be used as quick heuristic procedures by running the
model on powerful MILP solvers with a time limit restriction and collect the best
solution obtained.

4. MILP formulation can also be used to design effective matheuristics [90] to solve
QUBO.

In addition, there are many different ways to strengthen the MILP formulations
yielding tighter upper bounds and improved problem solving capabilities. These
include adding strong valid inequalities (see Chap.4), effective reformulations
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(see Chap. 7), constructing higher level RLT formulations [112] and using result-
ing strong cutting planes, applying formulations based on disjunctive program-
ming [13], and using SDP based cuts.

Early use of binary variables in translating logical conditions to a set linear
inequalities (in binary and continuous variables) can be traced back to [28, 36,
43, 121, 123]. The product x;x; of binary variables x; and x; takes value one, if
x; = xj = 1 and zero, otherwise. The process of replacing the product x;x; by
a single 0 — 1 variable, say y;;, along with additional linear constraints such that
vij = lif and only if x; = x; = 1 is called linearization of the product x;x ;. The
theorem below summarizes two basic linearization techniques for the product x;x
considered respectively by Watters [121] and Glover and Woolsey [43]. It may be
noted that earlier works of other authors also considered linearization of the product
of binary variables, either implicitly or explicitly. For example, Goldman [47]
mentioned the works of Fortet [36, 37] and Dantzig [28] as earlier examples of
linearizations.

Theorem 6.1 The product x;x; of binary variables can be linearized using the
variable y;;j by introducing any of the following set of constraints.

(@ xi+xj—y; =<1 b)) xi+xj—yj; =<1
2yij —xi —xj; <0 Vij < Xiy Yij < Xj
yij € {0, 1}. yij = 0.

It is easy to verify that conditions (a) or (b) guarantee that y;; = 1 precisely when
x; = x; = 1. This leads to the following MILP formulations of QUBO.

WT: Maximize Z Z qijyij + thxz

i=1 jeR;

Subjectto: x; +x; —y;; <lforjeR;,i=1,2,...,n 6.1)
2yij—xi—x; <0forjeR;,i=12,...,n (6.2)
x; €{0,1}fori =1,2,...,n (6.3)
vij €{0,1}for j e R;,i =1,2,...,n. (6.4)

and
GW: Maximize ZZq,]y,]—i—Zc,x,

i=1 jeR;

Subjectto: x; +x; —y;; <lforjeR;,i=1,2,...,n (6.5)

yl-j—xl-§Of0rj€R,',i=1,2,---’” (66)
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yji—x,-SOforjeR,-,izl,Z,...,n (6.7)
xiel{0, 1} fori=1,2....n (6.8)
y,'jZOfOl’jGR,’,iZl,Z,...,n. (6.9)

It may be noted that the constraints (6.6) and (6.7) are presented in a slightly
different form than that is given in Theorem 6.1 (b). However, they are equivalent
when considering all the indices i = 1,2,...,n,j € R;. As indicated in
Chap. 1, GW is normally called the standard linearization or the Glover-Woolsey
linearization. Both WT and GW belong to the class of explicit linearizations [105]
as each of these formulations uses a variable y;; to represent the product x;x;.
Explicit linearizations are of considerable interest since their liner programming
relaxations (LP relaxations) can be strengthened by directly using facet defining
inequalities of the Boolean quadric polytope [99]. See Chap.4 for a detailed
discussion of this polytope.

We denote the objective function value of a mathematical programming formu-
lation P by OBI(P). Also, the LP relaxation of an MILP formulation P is denoted by
P

Lemma 6.1 ([105]) OBI(GW") < OBYWT"). Further, OBYWT") could be
arbitrarily worse than OBI(GW").

Proof Note that each constraint from (6.2) is a linear combination of appropriate
constraints from (6.6) and (6.7) of GW. Thus, any feasible solution of GW™ is also
a feasible solution to WT" and hence 0BJ(GW™) < 0BI(WT"). To prove the second
part of the lemma, consider the following example [105]. Choose

Q= (0 a) and ¢ = (—2«a, 1), where a > 0.
a0

Now, x1 = y12 = y21 = 0, x2 = 1 is an optimal solution to GW" with 0BJ(GW™)
=1 whereas for WT", x; = 0,x2 = 1, y;o = y;1 = 0.5 is an optimal solution with
OBI(WT")=1 + 2¢. O

The value 0BJ(GW™) is equal to the upper bound value obtained from the best
posiform representation of ¢ (x) and is also equal to the roof duality bound [2, 58]
(See also, Chaps. 1 and 5). Despite the negative result established in Lemma 6.1 for
WT, it may be noted that by using appropriate coefficients for the variables y;;, x;
and x; in (6.2), WT can be strengthened yielding the corresponding LP relaxation
value matches with OBJ(GW*) [105]. Computational results reported in [105] show
that this modified WT model works well in practice. The formulation GW plays a
fundamental role in various MILP formulations of QUBO and the strength of such
formulations is often compared to the value OBI(GW™).

Let us now discuss ways to simplify the formulations WT and GW. For i =
1,2,...,n, let R = {j : ¢;j > O} and R, = {j : q;j < 0}. Note that the
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constraints (6.1) and (6.2) can be stated as [105]

Xi +Xx;
xi+xj—l=yj= .
2
Therefore, at optimality, constraint (6.1) is not active if j € R;r and constraint (6.2)
is not active if j € R; . Thus, WT can be re-stated as

n n
RWT: Maximize Z Z qijyij + Z CiXi
i=1 jeR; i=1

Subjectto: x; +x; —y;; < lforallje R ,i=1,2,...,n
2yij —xi —xj <Oforall j e RF,i=1,2,....,n
x;i € {0, 1} foralli =1,2,...,n
vij €{0, 1} forall j e R;,i =1,2,...,n.

The number of general constraints in RWT is reduced by half, compared to that
of WT. It may be noted that, for RWT, the definition y;; = x;x; is guaranteed
only at optimality, and not necessarily for an arbitrary feasible solution. An MILP
model with such a property is called optimality restricted models [105]. Explicit
MILP models that guarantee y;; = x;x; for all feasible solutions are called complete
explicit models [105]. GW and WT are complete explicit models whereas RWT is
an optimality restricted model. A complete model sometimes have better heuristic
value in the sense that if we terminate the solver before reaching optimality, the
best solution produced can be taken as a heuristic solution, without additional
calculations. But, for optimality restricted models, if we terminate the solver
prematurely, the objective function value reported by the solver for the best solution
obtained need not match with the QUBO objective function value of the solution
defined by the corresponding x variables. The objective function value of such a
solution could be very different from the value reported by the solver [105] and
therefore it is important to recompute the objective function value using the x
variables and it will require an additional O (n?) time. However, optimality restricted
models are interesting because of the reduced problem size. It may be noted that
OBJ(WT™) = OBI(RWT").

For giveni and j, the constraints (6.5), (6.6), (6.7), and (6.9) of GW can be stated
as

max{0, x; +x; — 1} < y;; < min{x;, x;}.
Thus, constraints (6.5) and (6.9) are redundant at optimality if j € R;r and

constraints (6.6) and (6.7) are redundant at optimality if j € R; . Removing these
redundant constraints, an optimality restricted version of GW [43, 44, 59] can be
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obtained as given below.

n

n
RGW: Maximize Z Z qijyij + Z CiXi
i=1 jeR; i=1

Subjectto: x; +x; —y;; < lforallje R ,i=1,2,...,n
yij —xi <Oforall je R,i=1,2,...,n
yji—xi <O0forall j e RF,i=1,2,....n
x; €{0,1}foralli =1,2,...,n

yij = O0forall j e R7,i=1,2,...,n.

Note that OBI(GW ") = OBJ(RGW™).

Weighted aggregation of selected constraints of WT and GW can generate
alternative MILP formulations of QUBO with various properties [105]. In particular,
this class of explicit formulations have less number of constraints compared to WT
and GW. For 6;; > 0, consider the inequality

D0t —yip < | D6 | A —xp), fori =1,2,....n. (6.10)
JER; JER;

Let AWT(6) be the model obtained from WT by replacing constraint (6.1) with
(6.10) and AGW(#) be the model obtained from GW by replacing constraints (6.5)
with (6.10).

Theorem 6.2 ([105]) AWT(0) and AGW(6) are valid MILP models for QUBO.

Proof Since (6.10) is a positively weighted linear combination of some constraints
of WT, every feasible solution of WT is also a feasible solution of AWT. Now,
choose a solution (x,y) of AWT(0) and let x; be an arbitrary component of x. If
x; = 0 then constraint (6.10) is redundant and in this case (6.1) is clearly satisfied.
If x; = 1, then from (6.10)

> 6i(xj — yip) <0. (6.11)
JER;

If x; — yij < Oforsome j € R; then x; = 0 and y;; = 1 and this violates (6.2).
Thus, the only possibility is that x ; — y;; = 0 establishing that (6.1) is satisfied. This
shows that, if (x, y) is a feasible solution to AWT(0) then it is also feasible solution
to WT establishing that AWT(6) and WT have the same set of feasible solutions.
Proving the validity of AGW(#) is not difficult and the proof is omitted. O
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When 6;; = 1 for all i and j, the constraint (6.10) becomes

Z(Xj—y,'j)f |R;|(1 —x;), fori =1,2,...,n. (6.12)
JER;

This leads to the unit-weight special cases of AWT(6) and AGW(6).

Theorem 6.3 ([105]) OBJ(AWT(9)") > OBJ(WT") and OBI(AGW(0)") > OBIJ
(GW*). Further, if 0;; is taken as an optimal dual variable associated with the
corresponding constraint in WT* and GW" then OBI(AWT(6)") = OBJWT") and
OBI(AGW(8)") = OBI(GW").

Proof Since every feasible solution of WT" (GW") is also a feasible solution to
AWT(6))" (AGW(0)"), OBI(AWT(9)") > 0BI(WT") (AGW(6)">0BI(GW")). The
second part of the theorem follows from Theorem 6.20 in Appendix. O

As noted in [105], choosing 6;; as optimal dual variables in Theorem 6.3 needs
to be made with caution. Some of these dual variables could be zero but the validity
of the model AWT(0) (AGW(0)) assumes 6;; > 0. Thus, if any of the optimal dual
variables that we consider turned out to be zero, we can set its value to a small
positive real number without significantly deteriorating the performance guarantee
offered by Theorem 6.3, in general.

Let us now consider another weighted aggregation model where constraints (6.6)
and (6.7) of GW are aggregated. Let ¢;; and »;; be positive real numbers. Consider
the inequality

Z ijyij + Z Nijyji < Z (;ij —I—mj)x,', fori =1,2,...,n. (6.13)

JER; JER; JER;

The MILP model obtained from GW by replacing the class of inequalities (6.6)
and (6.7) with (6.13) and adding the new upper bound constraints y;; < 1 fori =
1,2,...,n, j € R; is denoted by AGW(¢, n).

Theorem 6.4 ([105]) AGW(¢,n) is a valid MILP model for QUBO and
OBJ(AGW(Q‘, n)*) > OBJ(GW"). Further, when the multipliers gij and nij are
selected as optimal dual variables associated with corresponding constraints in
GW", oBI(AGW(¢,1)") = OBI(GW")

Proof Constraint (6.13) guarantees that if x; = 0 for any i, then y;; = y;; = 0
for j € R; and if x; = 1, constraint (6.13) is redundant. When x; = 1, constraint
(6.5) together with the upper bound restriction on y;; in AGW(Z, ) we have x; <
vij < 1. Thusif x; is also 1, then y;; = 1. If x; = O then we can use (6.13) and by
choosing this j in place i, we get y;; = y;; = 0. This completes the proof of the first
part of the theorem. The last part of the theorem can be proved using Theorem 6.20
from Appendix. O
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When n;; = ¢;j = 1 constraint (6.13) becomes

D Gvii+ D nijyji < 20Rilxi, fori=1,2,....n. (6.14)
jER,‘ jERi

In this case AGW(¢, n7) becomes the Glover-Woolsey aggregation model [44].
Now, consider the model AGW(6, ¢, n) obtained by weighted aggregations
constraints (6.6) and (6.7) as well as weighted aggregation of (6.5).

n

Maximize Z qijyij + Z Ci Xj

(i.j)es i=1
Subject to: > 6;;(x; —yij)) < [ Y6 | (1 —xp), fori=1.2,....n
JER; JER;

> Givii+ Y miyii < (Z gij + ij) xi, fori=1,2,...,n

JER; JESi JER; JESi
ef0,1}foralli =1,2,...,n

Ogy,-j5lforalljeR,-,i:I,Z,...,n.

where S; = {j : gj; # 0}. Since we assume that Q is symmetric, R; = §; for all i.
But we retained the separate notation of S; for clarity.

Theorem 6.5 AGW(0, ¢, n) is a valid model for QUBO and 0BI(AGW(6, ¢, n)")
> OBJ(GW®). Further, when the multipliers 0ij, ¢ij and n;j are selected as

optimal dual variables associated with the corresponding constraints in GW",
OBI(AGW(0, ¢, n)") = OBI(GW")

For the proof of the above theorem, we refer to [105]. Among all of the complete
and explicit MILP models of QUBO, AGW (6, ¢, n) have the least number of general
constraints. When 6;; = ¢;; = n;; = 1 we have the unit-weight special case of
AGW (0, ¢, n) which offers a nice and simple constraint set.

Using weighted aggregation in various forms and combinations, many more
explicit MILP formulations of QUBO can be constructed. Despite the interesting
theoretical properties, the computational behaviour of models using aggregation
constraints (6.10) is not very good [105]. On the other hand, some of the other
aggregation models that does not use (6.10) performed better than GW, on average.
In particular, the modified version of WT mentioned earlier in this section is one of
the better MILP formulations of QUBO, along with some other aggregation based
models. For details on the experimental behaviour of various explicit linearization
models, we refer to [35, 59, 105]. Optimality restricted versions also allow weighted
aggregations, but with some level of restrictions [105].
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6.2.1 Compact MILP Formulations

The explicit MILP formulations discussed so far have O (n?) variables and O (n) to
O (n?) constraints. In compact formulations, the number variables and constraints is
O (n). Most of the compact formulations reported in the literature use a linearization
technique proposed by Glover [41] in some way or other.

Theorem 6.6 (Glover’s Linearization Theorem) Let x be a binary variable and y
be a real number such that £ <y < u. Then, w = xy if
x <w <ux (6.15)

y—u(l—x)<w<y—4£(1—x). (6.16)

Proof Note that w is either 0 or y. When x = 0 condition (6.15) guarantees
that w = 0 and (6.16) is redundant. Similarly, when x = 1 the condition (6.16)
guarantees that w = y and the condition (6.15) is redundant. |

A more general set of conditions approximating product of two real variables is
presented in [92] and the conditions of Theorem 6.6 follow from it (see Chap. 1). Let
gx) =Y jeRr; 4ijXj- Then, the objective function ¢ (x) of QUBO can be written as

Px) =D xigi(X) + Y cixi. (6.17)
i=1 i=1

For any x € {0, 1}", g;(x) is a real number satisfying

¢ = Z minf0, ¢;;} < gi(X) <u; = Z max{0, g;;}. (6.18)
JER; JER;

Applying Glover’s linearization theorem on the product x; g; (x) in (6.17), we get the
compact formulation [41]

n n
GL: Maximize Z w; + Z CiXj
i=1 i=1

Subjectto: w; <u;x;, fori =1,2,...,n (6.19)
wi < 4xi+ Y qijxj — &, fori=1,2,....n (6.20)

JER;
w; > Lix;, fori=1,2,...,n (6.21)

w,-zu,-x,-+zq,~jxj—u,~, fori=1,2,...,n (6.22)
JER;

x; €0, 1} fori=1,2,...,n. (6.23)
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The MILP formulation GL is known as Glover’s compact linearization and it is a
complete formulation. An optimality restricted version of GL can also be obtained.
Note that the general constraints of GL can be written as

max{u;x; + Z qijxj —ui, £ix;} < w; < minfu;x;, £ix; + Z gijxj — L}, i=1,2,...,n.
JER; JER;
(6.24)
Since we have a maximization objective with the coefficient of w; in the objective
function is one for all 7, the inequalities (6.21) and (6.22) can be discarded from
GL without affecting optimality [3] (see also inequality (6.24)). This leads to the
optimality restricted version, GLO, of GL considered in [5]:

n n
GLO: Maximize Z w; + Z CiXj
i=1 i=1

Subjectto: w; < u;x;, fori =1,2,...,n (6.25)
w,-fﬁ,-xi—i-Zqijxj—Zi, fori=1,2,...,n (6.26)

JER;
xi€ (0,1} fori=1,2,....n. (6.27)

The model GLO has 2n general constraints compared to the 4n general con-
straints for GL. Let us now discuss another optimality restricted model, proposed
in [106] which is a variation of the model by Oral and Kettami [98] who developed
it for a minimization problem.

n n
PK: Maximize Z(c,» + uj)xi — Zzi
i=1 i=l1

Subject to: (u; — €;)x; — zi — Z qijxj < —;, fori =1,2,...,n

JER;
(6.28)
x; €{0,1}fori =1,2,...,n (6.29)
zi>0fori =1,2,...,n. (6.30)

Theorem 6.7 ([106]) PK is a valid optimality restricted MILP model for QUBO.

Proof When x; = 1, we have z; > u;x; — ZjeR,- gijx;j and since the objective
function value is to be maximized and the coefficient of z; is —1, at optimality
i =Uujxi — ZjeR,- qijXj- Similarly, when X = 0, we have i = — ZjeR,- qijXj —i—ﬁi
and z; > 0. Thus, at optimality, when x; = 0, z; = 0 and the result follows. a

PK can be derived from GLO by eliminating the unrestricted variables w;,i =
1,2, ..., n using inequality (6.25) and the associated slack variable. Adams and
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Forrester [3] made a similar comparison for the minimization version of QUBO
and the model of [98]. Note that PK has only n general constraints. Eliminating
wi,i = 1,2,...,n from GLO using inequality (6.26) and the associated slack
variable, another MILP formulation with only 7 constraints can be obtained [106].

Lemma 6.2 0BJ(GL") = OBJ(GLO") = OBI(PK") > OBJ(GW"). Further, there
exist QUBO instances such that OBJ(GL") > 0BI(GW").

Proof The equality 0BJ(GL™) = 0BJ(GLO") follows from the fact that the optimal-
ity restriction argument extends to LP relaxations as well. The equality OBI(GLO")
= 0BJ(PK") follows since PK can be obtained by eliminating unrestricted variables
from GLO. Let (x, y) be any feasible solution to GW". Define w; = ) jeRr; 4ijXj-

Then (x, w) is a feasible solution to GL". Further the objective function value of
(x,y) in GW" is the same as the objective function value of (x, w) in GL". Thus
0BJ(GL") > OBI(GW™).

It is easy to construct examples establishing the strict inequality OBJ(GL") >
OBJI(GW™). o

The inequality OBJ(GL") > 0BI(GW") is proved in [5]. The compact formu-
lations that we have discussed so far possess weak LP relaxation bounds. Let us
now explore how to obtain compact MILP formulations with the corresponding LP
relaxation bound is at least as good as OBJ (GW™).

Let y and z be real numbers and x € {0, 1}. Then, w = xy + (I — x)z is
called the sum of complementary products [106]. When x = 0, w = z and when
x=1Lw=y.

Theorem 6.8 ([59, 106]) Let x be a binary variable and y and z be real numbers
suchthat £ < g(y)—h(y) < u. Then, w = xy+ (1 —x)z if the following conditions
are satisfied.

Ix+z<w<z+4ux (6.31)
y—u(l—x)<w<y—£(1—x). (6.32)

Proof Since,w = xy+ (1 —x)zwehavew —z = x (y — z). The result now follows
by applying Glover’s linearization theorem on (w — z) = x(y - z). O

Let us now look at a special representation of the objective function ¢ (x) of
QUBO. The function ¢ (x) is said to be in decomposition form [18, 59, 106] if there
exist non-negative linear functions L(x), f;(x), gi(x),i = 1,2, ..., n defined over
binary variables such that

px) =7 — (L(x) + 3 [xifi + 1 = xe (x)]) : (6.33)
i=1

Theorem 6.9 ([18, 106])  From any dual feasible solution of GW" with dual
objective function value Z, we can construct linear functions L(X), f;(X), gi (X),
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fori =1,2,...,n that are non-negative over the unit cube in R" such that

px) =27 - (L(x) + 3 [mfi+ - xng,-(x)]) .

i=1

Proof Let u . be the dual variable associated with (i, j)th constraint from (6.5),
be the dual variable associated with (i, j)th constraint from (6.6), u . be the

dual variable associated with (Z, j)th constraint from (6.7), u;‘ be the dual varlable
associated with ith constraint x; < 1 in GW". Also, let Z be the dual objective
function value of GW™ corresponding to the dual solution (ul, u?, u’, u4). Further,
let 5; be the slack variable in the dual constraint of GW™ corresponding to the primal
variable x; and s;; be the slack variable in the dual constraint corresponding to the
primal variable y;;. Then, from Theorem 6.21 in Appendix, for any feasible solution
(x,y) of GW", we have

n n
F(X,y):Z—Zs,-x,-—ZZsz,/ ZZ l—x,—x/~|—y,/)
i=1

i=1 jeR; i=1 jeR;

n n n
Z Z u,2, (=yij +xi) — Z Z u?j (—yji +xi) — Zufj (I —xp)
i=1 jeR; i=1 jeR; i=1

(6.34)

For any solution x of QUBO, there exists a unique y defined by y;; = x;x;. Thus,
in view of (6.34), for any x € {0, 1}",

F(x) ZZ_ZSixi —Z Zsijx,'xj' —Z Z uilj 1 —x) (1 —xj)_
i=1

i=1 jeR; i=1 jeR;
n

ZZM - X; 1—xj ZZM xi (1 —x;i) Zu?j(l—x,-).

i=1 jeR; i=1 jeR; i=1
(6.35)

Choose L(x) = Y/ sixi + Y0, uj‘/ (1 —x0), 8(xX) = X jeg, ufj(l — x}), and
fi)) =Y e, <s,~jxj + u}j(1 —xj)+ ufja — x,)), the result follows. O

Corollary 6.1 If (ul, u?, ul, u4) is an optimal solution to the dual of GW", then
Z = OBI(GW™).

If the decomposition form of ¢ (x) constructed in Theorem 6.9 uses optimal
dual variables (ul,u2,u3,u4), we say that (6.33) is in optimal decomposition
form [18, 59, 106]. In view of Theorem 6.9, for any instance of QUBO, there exists

an equivalent instance where the objective function is in the decomposition form
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(optimal decomposition form). The decomposition form discussed above is a best
posiform representation of ¢ (x).

Applying Theorem 6.8 on ¢ (x) given in (6.33), we get the following compact
linearization [106] which is a variation of an analogous model given in [18] for the
minimization version of QUBO.

n
D1: Maximize Z — L(x) — Z w;
i=1

Subjectto: w; < g;(X) +u;x;, fori =1,2,...,n (6.36)
wi <4Lixi + fix) —¥;, fori =1,2,...,n (6.37)
w; > gi(X) 4+ £ix;, fori =1,2,...,n (6.38)
w; > uix; + fi(x) —u;, fori =1,2,...,n (6.39)
w; >0, fori =1,2,...,n (6.40)
xi€{0,1}fori =1,2,...,n. (6.41)

D1 have 4n general constraints, n binary variables, and n continuous variables.

Lemma 6.3 ([106]) When ¢(x) is in optimal decomposition form, OBI(DI") <
OBI(GW™).

Proof When ¢ (x) is in optimal decomposition form, Z = OBJ(G W*) [2, 18, 58,
59]. Since L(x) and w; are non-negative, OBJ (Dl*) < Z and the result follows. 0O

In D1, the constraint (6.40) is essentially redundant and can be removed.
However, the resulting model could have an LP relaxation value more than
0BI(GW") [59, 106]. The constraint (6.40) in D1 can also be replaced by

n
Zwi >0
i=1

and it can be verified that the resulting model will have an LP relaxation value
no more than OBJ(GW*) [59, 106]. There are several variations of D1. For a
comprehensive review of them along with computational analysis, an interested
reader is referred to [106]. The model D1 is closely related to a similar model
developed by Hansen and Meyar [59] and also by Adams et al. [7].

Other compact models of interest include [5, 7, 17, 25, 35, 42, 50, 61, 84, 103]
and some of these models are developed for the minimization version of QUBO.
Detailed computational analysis and relationships between these models are dis-
cussed in [106]. An extended MILP model for QUBO using more variables was
proposed in [39] where the corresponding LP-relaxation bound matches OBI(GW ™).

Let us now look at another MILP modelling strategy that is applicable when ¢;;
is an integer for all i, j. Note that, in this case > _ jer; 4ijXj must be an integer. Let



152 A. P. Punnen and R. Sotirov

¢; and u; be upper and lower bounds on } ;g ¢ijx;. Then 3, p gijx; —liisa
non-negative integer bounded above by u; — ¢;. Lett; = |log,(u; — £;)] 4+ 1. Then,
> jer; 9ijXj — li can be written as

1

Z qijxj —li = sz_luik

JER; k=1
and we have the 0-1 programming formulation of QUBO as

n

t n
Maximize Z Z 2 yixi + Z(C‘i +1)x;
i=1

i=1 k=1

t
Subjectto: Y gijxj =1+ » 2" uy, fori =1,2,....n
JeR; k=1

x; €{0,1}foralli =1,2,...,n
uir € {0, 1} foralli =1,2,...,n,k=1,2,...,1.

Now, we can linearize the product u;;x; of binary variables using any of the
strategies discussed in Theorem 6.1 to get another linearization of QUBO. Similar
modelling strategy was used by others for several 0-1 quadratic optimization
problems [4]. For variations of this type of linearization and applications to low-
rank QUBO, we refer to [107, 108].

The linearizations discussed above can be strengthened using different tech-
niques. This include, adding valid inequalities, applying reformulation linearization
techniques of Adams and Sherali [6] and of Boros et al. [19], and disjunctive
programming techniques introduced by Balas [13].

6.3 QUBO and Semidefinite Programming

Semidefinite programming belongs to the class of convex conic programming, in
which the objective is linear and the constraint set is given by the intersection
of an affine space with a cone of positive semidefinite matrices. Moreover, SDP
can be viewed as an extension of linear programming where the vector variables
are replaced by matrix variables and the nonnegativity constraints are replaced by
positive semidefiniteness constraints. Semidefinite programming plays an important
role in combinatorial optimization where it is used to solve convex relaxations of
NP-hard problems. Semidefinite programming problems are solvable in polynomial
time, with fixed precision, by interior point methods. For more details on the
development of semidefinite optimization and recent approaches the interested
reader is refereed to [10, 122].
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SDP has been studied since 1940 under different names. One of the first papers
on the theory of semidefinite programming appeared in 1963 by Bellman and
Fan [15]. An explicit use of semidefinite programming in combinatorial optimiza-
tion appeared in the seminal work of Lovasz [86] on the #-function, in the late
1970s. The development of semidefinite optimization has grown tremendously after
the extension of interior point methods from linear programming to semidefinite
programming by Nesterov and Nemirovski [96] in the early 1990s. Interior point
methods are the most prominent algorithms for solving semidefinite optimiza-
tion problems. Another important result that contributed to the development of
semidefinite programming is the Goemans-Williamson randomized approximation
algorithm for the maximum cut problem [46]. That paper demonstrates the strength
of semidefinite relaxations in combinatorial optimization.

SDP solvers based on interior point methods exhibit difficulties in terms of
running time as well as memory for solving even medium-size SDP relaxations.
However, SDP is a viable approach in solving problems like QUBO due to recent
developments in efficient SDP algorithms [22, 34, 63, 68, 97, 118]. With this
motivation, let us explore SDP in the context of QUBO, Ising QUBO, and the stable
set problem.

We use the following notation through the section. The set of all n x n real
symmetric matrices is denoted by S". We denote by &'} the set of positive
semidefinite matrices of order n i.e., S’i ={X e 8" : X = 0}. A symmetric
matrix X of order n is positive semidefinite if and only if zZ"Xz > 0 for all z € R".
We will sometimes also use the notation X > 0 instead of X € Sﬁ, if the order of
the matrix is clear from the context. The space of symmetric matrices is considered
with the trace inner product

n

n
(A.B) =tr(AB) = Y "> a;jbij, ABeS",
i=1j=1

and its associated norm is the Frobenius norm, denoted by ||A|| = +/tr(AA).

For two matrices X, Y € R™ X > Y means x;; > y;; for all i, j. The ‘diag’
operator maps an n X n matrix to the n-vector given by its diagonal. We denote by
‘Diag’ the adjoint operator of ‘diag’. The rank of matrix X is denoted by rank(X).

We denote by J,, and I, the n x n matrix of all ones and the n x n identity matrix,
respectively. Further, we denote by e, € R" the vector of all ones. In case the order
of these matrices is clear, we omit the subscript to simplify notation. We denote the
set {1, ...,n} by [n].
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6.3.1 The QUBO Formulation and SDP

In this section, we consider the following QUBO:

QB: Maximize x'Qx

Subject to: x € {0, 1}",

where Q € S”". Recall that one may assume without loss of generality that Q is

symmetric, see Chap. 1. Furthermore, we assume that liner costs are modeled on the

main diagonal of Q since xi2 = x; fori € [n].

In order to derive an SDP relaxation of QB, we proceed as follows. The objective
function can be rewritten as XTQx = (Q, xx"). To linearize the objective function,
we replace xx" by a matrix variable X € S”, and relax the nonconvex constraint
X — xx" = 0 to the convex constraint X — xx* > 0. The following lemma shows

. . 1xT
that the latter constraint can be rewritten as < X) > 0.
X

Lemma 6.4 (Schur Complement) Let S be a symmetric matrix partitioned in

blocks
A B
s=(ar o)

where A € 8", C € 8", and B € R™*", Assume that A is invertible. Then S > 0 if
and only if A > 0 and C — B"A~'B > 0.

I, —A'B

Proof We define the following matrix X := ( 0 L
n

) . The result follows

from

A 0
X'SX = :
< 0 C— BTAlB)

and the fact that positive semidefiniteness is invariant under basis transformations.
O

Note that diag(xx") = x for a binary vector x. For completeness, we prove the
following result.

Lemma 6.5 The optimization problem QOB is equivalent to

OBIl: Maximize (Q,X)

. < 1 diagX)"
bjectto: X = >
Subject to <diag(X) x )=°

rank(i) =1.
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Proof Let X be feasible for QBI1. We index the first row and first column of that
matrix as row zero and column Zero, respectively. Since rank(X) = 1 and X > 0,
there exists z € R" such that X = 7z’ where 7 = [, 2"]". From the positive
semidefiniteness of order two principal submatrices of X it follows that 0 < X;; < 1
fori € [n]. From this and X;; = z;z; fori € [n] it follows that z € {0, 1}".

The converse inclusion is trivial. Since the objectives of QB and QB1 coincide,
we conclude that the two problems are equivalent. O

Dropping the rank one constraint in the QUBO formulation from Lemma 6.5,
yields the following SDP relaxation of QB:

Maximize (Q, X)

. 1 diagX)"
Subject to: > 0.
whjectto <diag(X) X )=
We say that this is the basic SDP relaxation of QB. In order to strengthen the basic
SDP relaxation of QB, one can add the following facet defining inequalities of the
Boolean quadric polytope:

0 < xij < xii,

Xii +xjj < 14 xij, (6.42)
Xik + Xjk < Xkk + Xij,

Xii +Xjj + Xkk < Xij + Xk +xjk + 1,

for1 <i, j, k < n,see [99] and Chap. 4 for details.

6.3.2 The Ising QUBO Formulation and SDP

The equivalence of QUBO and the maximum cut problem is explained in Chap. 1.
We present here the basic SDP relaxation for the maximum cut problem and show
how to improve it. The SDP relaxations presented in this section are used in the state
of the art SDP-based solvers for solving the maximum cut problem.

Let G = (V, E) be an undirected graph on n = | V| vertices and m = |E| edges
with edge weights w;; for (i, j) € E.Let A = (a;;) € S" be the weighted adjacency
matrix of G where

g = w;j if (@, j)€E
Y7 lo o if@, ) ¢ E.



156 A. P. Punnen and R. Sotirov

We let L denote the Laplacian matrix associated with A, i.e.,
L = Diag(Ae) — A.

For § C V, the cut is the set of edges (i, j) € E that have one endpoint in S and the
other in V\S. The weight of the cut given by § € V is

cut(S, V\S) = > wij -

ieS,jeV\S,(,j)eE

If S =0@orS =V, the weight of the cut is defined to be zero. The maximum cut
problem asks to partition the vertex set V into S and V\S in such a way that the
total weight of the cut is maximized. Thus, the maximum cut problem is

max E w,-j.
scv. . -
ieS,jeV\S,(,j)eE

For § C V, we introduce the cut vectory € {—1, 1}" such that y; = 1 fori € S and
yi = —1 fori € V\S. Now, one can verify (see also Chap. 1, Sect. 1.4.2) that the
weight of the cut givenby S C V is

1
cut(S, V\S) = 4yTLy,

where L is the Laplacian matrix of the graph associated with A. Thus, finding
a maximum cut in a graph is equivalent to solving the following quadratic
optimization problem
MC: Maximize y'Ly
Subject to: y € {—1, 1}",
that corresponds to the Ising QUBO(L, 0), see Chap. 1, Sect. 1.4.2.

Note that the objective function in MC can be rewritten as y'Ly = (L, yy").
Define Y := yy" and observe that diag(Y) = e, since y € {—1, 1}". This brings us
to the following optimization problem:

MCI1: Maximize (L,Y)
Subject to: diag(Y) =e
rank(Y) =1

Y > 0.

Let us relate MC and MC1.
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Lemma 6.6 The optimization problems MC and MC1 are equivalent.
Proof Let Y be feasible for MC1. Since rank(Y) = 1 and Y > 0, there exists

z € R" such that Y = zz". Then from y;; = z;z; = 1 fori € [n] it follows that
z e {—1,1}".

The converse inclusion is trivial. Since the objectives of MC and MCI1 coincide,
we conclude that the two problems are equivalent. O

We present one more equivalent formulation for the maximum cut problem, that
is based on the following result.

Theorem 6.10 ([11]) Let Y be an n x n symmetric matrix. Then
Y>0,Ye{—1,1Y"" ifandonlyif Y =yy", for some y € {—1,1}".

Proof ObservethatY > 0, Y € {—1, 1} implies that diag(Y) = e,,. Therefore,
T ~
Y = (1 %) for some y € {—1, 1}"’1, Y € 8" ! 1t follows from the Schur
y
complement lemma that
Y>>0 & Y-—yy'>o0.

From Y — yy* > 0 and diag(Y — yy") = 0, it follows that Y = yy". The converse
inclusion is trivial. O

The proof of Theorem 6.10 is from [9]. In the view of Theorem 6.10, the
maximum cut problem can be formulated as follows:

MC2: Maximize (L,Y)
Subject to: diag(Y) =e
Y € {—1, 1}
Y > 0.

Thus, we can replace the rank one constraint in MC1 by Y € {—1, 1}"*" to obtain
an equivalent formulation of the maximum cut problem MC2. Different problem
formulations might lead to the different solving approaches.

Dropping the rank one constraint in MC1, or the constraint Y € {—1, 1}*" in
MC2, yields the basic SDP relaxation for the maximum cut problem:

SDPpgsic :  Maximize (L, Y)
Subject to: diag(Y) =e
Y > 0.
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The set
&y ={Y eS":diag(Y) =e, Y > 0}

is called elliptope [81]. The basic SDP relaxation for MC is studied extensively, see
e.g., [11, 29,65, 81, 122]. It is known that the basic SDP relaxations of QB and MC
are equivalent see [64].

The quality of the basic SDP bound for the maximum cut problem is analyzed by
Goemans and Williamson [46]. They prove the following bound for the integrality
ratio of any graph with nonnegative edge weights:

OBJ(MC) -
OBJ(SDPbasic) o

’

where OBJ(MC) is the optimal value of MC, OBJ(SDPpsic) the corresponding
basic SDP bound, and 0.87856 < o < 0.87857. Goemans and Williamson [46]
also present a celebrated randomized algorithm that provides a cut whose expected
weight is at least & - OBI(SDPpsic).

The basic SDP bound for the maximum cut problem is introduced by Delorme
and Poljak [29] as an eigenvalue bound for the problem. Namely, to derive the bound
for the maximum cut problem Delorme and Poljak exploit the following result:

max y'Ly < max y'Ly = nAnax (L),
ye{-L1}" yly=n

that is provided by Mohar and Poljak [93]. Here Apyax(L) denotes the largest
eigenvalue of L, and the equality follows from the Rayleigh-Ritz theorem. In order
to improve this bound, Delorme and Poljak exploit the fact that y* Diag(u)y = 0
forally € {—1,1}" and u € R” such that e"u = 0. Notice that these diagonal
perturbations when added to the cost matrix L. do not change the optimal value of
the maximum cut problem but have an influence on eigenvalues of L. The resulting
eigenvalue bound from [29] is:

MC,jy : min nAmax (L + Diag(u)).

ueR”, eTu=0

This eigenvalue bound is related to the dual problem of SDPy,s;., which is the
following optimization problem:

DSDPpusic ©  Minimize €'z
Subject to: Diag(z) — L > 0.

In particular, Poljak and Rendl prove the following result.

Lemma 6.7 ([104]) DSDPypsic and MCe;g are equivalent optimization problems.
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Proof The eigenvalue problem MC,;, can be reformulated as the following SDP
problem

Minimize ni
Subject to: AL, — (L 4 Diag(u)) > 0

e'u=0.

We rewrite AL, —L—Diag(u) = Diag(Ae, —u)—L = Diag(z)—L where z = Ae, —u.
Since €'z = An, the result follows. O

It is well known that one can strengthen semidefinite programming relaxations
by adding polyhedral information, see e.g., [82]. Generic inequalities for {—1, 1}
problems are known as the hypermetric inequalities [30, 31]. Those inequalities are
based on the fact that for any y € {—1, 1}", the inequality [b"y| > 1 is valid if be
is odd and b integer. In particular, for any b with the mentioned properties we have:

b'y|>1 < b'yy'b>1 & (bb",yy") > 1. (6.43)

Thus, any integer vector b for which b'e is odd defines a hypermetric inequality.
The hypermetric inequalities are valid for any symmetric matrix Y from the convex
hull of rank-one matrices yy* wherey € {—1, 1}".

Well known hypermetric inequalities are the triangle inequalities. Each triangle
inequality is generated by b that has three non-zero entries of value —1 or 1. In
particular, the triangle inequalities are as follows:

Yij + Yik + ik = —1, (6.44)
Yij = Yik — Yjk = —1, (6.45)
=Yij + Yik — yjr = —1, (6.46)
—yij —Yyik +yjk = -1, Vi<j<k (6.47)

To derive those inequalities we use that Y is symmetric and diag(Y) = e. We say
that Y € MET if and only if Y satisfies (6.44)—(6.47). The triangle inequalities
impose that for every 3-cycle of vertices one can cut either zero or two of the edges.
The polyhedron defined by these inequalities is called the metric polytope, i.e.,

M, ={Y € 8" : diag(Y) = e, Y € MET}.

Several papers investigate quality of the bounds that are obtained after adding
(subsets of) the triangle inequalities to the basic SDP relaxation, see e.g., [34, 65—
67]. The numerical results show that the resulting bounds may improve significantly
over the basic SDP bound. Therefore the following SDP relaxation for the maximum
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cut problem:

SDP,,.;: Maximize (L,Y)
Subjectto: 'Y € &, N M,,

is exploited in the SDP-based exact solvers for solving the maximum cut problem
[54, 65, 69, 75, 109]. Since the SDP program SDP,,,; has 4(';) triangle inequalities,
only a subset of those valid inequalities is added to SDPp,i. in each node
of a branch and bound tree. Various approaches, including an interior point
algorithm [65], bundle method [34], spectral bundle method [66], quasi-Newton
method [74], alternating direction method of multipliers [69], are implemented for
solving SDP,;;,;.

In general, if |b| in (6.43) is a characteristic vector of a clique of odd order %, i.e.,
b has k non-zero entries of value —1 or 1, then the resulting hypermetric inequality
is known as a clique inequality. The numerical results in [65] show that adding
clique inequalities of order k > 3 to SDP,,;, in each node of a tree, improves the
performance of a branch and bound algorithm over an algorithm that implements
only SDPy,.;. In [54, 69], the authors strengthen SDP,,.; by adding pentagonal and
heptagonal inequalities. In particular, pentagonal (resp., heptagonal) inequalities are
5-clique (resp., 7-clique) inequalities where b has five (resp., seven) non-zero entries
of value —1 or 1.

6.3.3 Linearly Constrained Quadratic Problems
and the Maximum Cut Problem

Lasserre [79] showed how to reformulate a quadratic (or linear) binary program
with linear constraints into a maximum cut problem by exploiting semidefinite
programming. The reformulated problem can be then solved by any of the available
approaches for solving the maximum cut problem. Reformulations of constrained
binary optimization problems into QUBO are also discussed in Chap. 7.

Consider the following quadratic optimization problem with linear constraints

QP: Minimize y'Qy + c"y
subjectto: Ay =b

y € {_11 1}”7

where 6 €S ceR',A eZ"" andb € Z". For a penalty parameter o > 0,
consider the following minimization problem

min _y'Qy + ¢y + o||Ay — b||*.
ye{—1,1}"
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Let us rewrite the objective function as follows
y'Qy + €'y +ol|Ay — bl|> = y"(Q + 0ATA)y + (¢ — 20A"D)"y + ob"b
=7'Qy.
where ' = (1,y") € {—1, 1}**! and

T _ Th\T
ob™b (¢ —20A™b) /2> c st (6.48)

Q:= ((c —20A™)/2 Q+0A’A
This leads to the following optimization problem

MC,+; Minimize y'Qy

subjectto: yo =1, y € {—1, 1}"*1,

where we indexed by zero the first element in the vector of variables. Note that if
(y0, ¥N)" € {—1, 1}"*! is an optimal solution for this optimization problem, then
(=0, —y")T € {—1, 1}"*! is also an optimal solution for the same optimization
problem. Therefore, one may w.l.o.g. fix yo = 1. Thus MC,,1 is the maximum cut
problem on a graph with n + 1 vertices.

To obtain an equivalent maximum cut formulation MC,,; of QP one has to

determine an appropriate parameter ¢ in the definition of Q, see (6.48). Lasserre
[79] defines

o:=2p+1, (6.49)
where
p :=max{|p'], |p*]} (6.50)

and

~ T
p' = min {(Q, Y)+c'y: (; 3;) >0, diag(Y) = en} :

0> = max{((N), Y)+c'y: (; );:) >0, diag(Y) = en} )

Thus, to compute o one has to solve two semidefinite programming problems that
are derived from the quadratic problem QP. Note that

max{y"Qy + ¢"y : y € {—1, 1}"} < p.
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Theorem 6.11 ([79]) Let g* be the optimal value of QP and m* the optimal value
of MCp41. Let 0 = 2p + 1 where p is defined as in (6.50).

If g% < +o0, then q* = m*, ie., q* is the optimal value of the maximum cut
problem MC, 1. Moreover g* = +00 if and only if m* > p.

Proof LetF :={y € {—1, 1} : Ay = b} # ) be the feasible set of QP, and
f@) =y'Qy + "y + o llAy — b,
There are two cases to consider. The first case is
f)=y'Q+cy<p for ye7
and the second case is
f@=yYQ+cy+ollAy—blP>p for ye{~1L1J'\7.

In the latter case we use that [|[Ay — b||> > 1 forally € {—1, 1}" \ F, because
A € Z"" and b € Z™. Thus,

g*= min_y'Qy+c'y+o|Ay —b|”.
ye{—1,1}"

By using (6.48), we have

min y'Qy+c"y+ol|Ay—b|>= min y'Qy=m".
ye{—1,1} ye{—1,1}n+!
It is also clear that m* > p if and only if ¥ = . O

Thus, solving the constrained optimization problem QP is equivalent to solv-
ing the maximum cut problem MC, ;. The described approach can also be
applied to quadratic binary optimization problems with linear inequality constraints.
Lasserre [79] also investigates lower bounds obtained from the basic SDP relaxation
of the (reformulated) maximum cut problem. Preliminary tests show that the
resulting bounds are mostly better than the bounds obtained from the standard linear
programming relaxation of the original problem.

The idea from [79] is further exploited in [53, 54] to develop algorithms for
solving binary quadratic problems with linear equality constraints. EXPEDIS [53]
uses BigMac [109] to solve the (reformulated) maximum cut problems.

6.3.4 The Stable Set Problem

It is well known that QUBO is equivalent to the maximum weight stable set
problem and the maximum clique problem, see also Chap. 1. Nevertheless, there
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exist bounding and exact approaches that are developed specifically for each of
the problems. We present here SDP approaches for solving the stable set problem.
Section 6.3.5 presents SDP approaches for solving the maximum k-colorable
subgraph problem, that can be seen as a generalization of the stable set problem.

Let G = (V, E) be an undirected graph with n = |V| vertices and m = |E|
edges. A stable set S in G is a subset of vertices such that no two vertices in S are
adjacent in G. Note that, S forms a complete subgraph in the complement of G.
The maximum stable set problem is the problem of finding a stable set of maximum
cardinality. If there are weights associated with vertices, then the maximum weight
stable set problem is to find a stable set in G such that the sum of weights of the
vertices in the stable set is maximized. We consider the stable set problem in an
unweighted graph.

Let o(G) denote the stability number of G, that is the maximum cardinality of
a stable set in G. Let w(G) denote the cliqgue number of G, that is the maximum
cardinality of a clique in G. A clique C in a graph is a subset of vertices such that
every two distinct vertices in C are adjacent. The problem of determining w(G) is
called the maximum clique problem. Clearly, «(G) = w(G) where G denotes the
complement of G.

The maximum stable set problem can be modeled as an integer programming
problem. Let x € {0, 1}" be the characteristic vector of a (nonempty) stable set. Then
the stability number of G is the solution of the following optimization problem:

o(G) := Maximize x'x
subject to: x;x; =0 for (i, j) € E
x € {0, 1}".
There exist several equivalent formulations of the stable set problem. The constraint
x;xj = 0for (i, j) € E, that at most one of the nodes i and j can be in a stable set,
may be replaced by x; + x; < 1 for (i, j) € E. Further, one can replace x € {0, 1}"
by x? = x; for all i. Note also that x"x = €"x.

To derive an SDP relaxation for the stable set problem assume again x € {0, 1}"
is the characteristic vector of a (nonempty) stable set, and define

X := XX .
xI'x

Then X is positive semidefinite matrix and x;; = 0 for (i, j) € E. Moreover,
1 T
tr(X) = rex=1
xT'x
and

J,X) = i (€'x)% = €'x.
X'X
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These observations give rise to the well-known SDP relaxation for the stable set
problem:

¥ (G) := Maximize (J, X) (6.51)
subjectto: x;; =0 for (i, j) € E
tr(X) =1
X>0.

This relaxation was proposed by Lovész [86]. The graph parameter ¢ (G) is known
as the ¥-number or Lovdsz theta number. The Lovdsz theta number provides
bounds for both the clique number and the chromatic number of a graph. The
chromatic number of G, denoted by x (G), is the smallest number of colors needed
to (properly) color G. The well known result that establishes the following relation

a(G) = 9(G) = x(G),
or equivalently
(G) = 9(G) = x(G),

is called the sandwich theorem [87].

To obtain a stronger upper bound for the stable set problem than 9 (G), Schrijver
[111] proposed to add non-negativity constraints on the matrix variable. The
resulting relaxation is:

¥/ (G) := Maximize (J, X) (6.52)
subjectto: x;; =0 for (i, j) € E
xijj >0 for (i,j) ¢ E
tr(X) =1
X > 0.
The graph parameter ©'(G) is known as the Schrijver’s number. Djukanovié
and Rendl [32] further strengthen the above relaxation by adding the following
constraints:
Xij < Xii (6.53)
Xik + Xji < Xij + Xkk, (6.54)
for all i, j, k € V, see also [88]. The mentioned upper bounds for «(G) are tested

on various highly symmetric graphs in [32]. The numerical results show that ¢ (G)
improves upon ¥ (G) however the additional inclusion of constraints (6.53)-(6.54)
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often does not improve upon #'(G). Moreover, adding cutting planes to the SDP
relaxation for the Schrijver’s number significantly increases computational cost.

Another formulation for the #-number is given by Grotschel et al. [48]. Suppose
that x € {0, 1}" is the characteristic vector of a (nonempty) stable set and let X =
xx'. We relax the nonconvex constraint X — xx* = 0 to the convex constraint X —
xx' > 0 and observe that diag(X) = x. This leads to the following formulation of
the ©*-number:

¥(G) = Maximize e'x
subject to: x;; =0 for (i, j) € E
diag(X) =x

1x"T
> 0.
S

This formulation of the ¥-number can be further strengthened towards o(G)
by adding valid constraints such as constraints of type (6.42) or the odd-cycle
constraints, see e.g., [22, 49]. Galli and Letchford [40] compare quality of bounds
obtained after adding different kind of valid inequalities to both, here presented,
SDP formulations of the ©*-number. The results show that the equivalence of the
bounds breaks down after adding cuts, and that the Grétschel et al. [48] formulation
yields mostly stronger bounds than the Lovasz formulation [86].

Connections between semidefinite programming relaxations of the maximum cut
problem and the stable set problem are studied in detail in [82]. The BiqCrunch
solver [75] exploits the SDP relaxation for the ©'-number that is strengthened with
valid inequalities to find maximum stable sets in graphs.

More intricate approaches for obtaining hierarchies of semidefinite programming
bounds for the stability number one can find in the work of Lovdsz and Schri-
jver [88], Lasserre [77, 78], and de Klerk and Pasechnik [62]. The hierarchy of
Lasserre is known to converge in «(G) steps and it refines the hierarchy of Lovész
and Schrijver and the hierarchy of de Klerk and Pasechnik, for details see [55, 80].
In general, it is difficult to compute bounds resulting from these hierarchies since
SDP relaxations already in the second level of a hierarchy turn out to be too large
for standard SDP solvers.

6.3.5 The Maximum k-Colorable Subgraph Problem

The maximum k-colorable subgraph (MkCS) problem is to find the largest induced
subgraph in a given graph that can be colored with k colors such that no two
adjacent vertices have the same color. The MkCS problem is also known as the
maximum k-partite induced subgraph problem. The MkCS problem has a number
of applications, such scheduling [16], VLSI design [38], channel assignment in
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spectrum sharing networks [73, 117], genetic research [85]. The maximum k-
colorable subgraph problem reduces to the maximum stable set problem when
k = 1. Moreover, the MkCS problem on a graph can be considered as the stable
set problem on the Cartesian product of the complete graph on k vertices and the
graph under consideration.

Let G = (V, E) be an undirected graph with n = |V| vertices and m = |E|
edges. A graph G is k-colorable (1 < k < n — 1) if one can assign to each vertex
in G one of the k colors such that adjacent vertices do not have the same color.
An induced subgraph of a graph G = (V, E) is a graph G’ = (V’, E’) such that
V/ C V and E’ C E is the set of all edges in E connecting the vertices in V.

The maximum k-colorable subgraph problem can be modeled as an integer
programming problem. Let X € {0, 1}"*¥ be the matrix with one in the entry (i, r)
if vertex i € [n] is colored with color r € [k] and zero otherwise. The number of
vertices in a maximum k-colorable subgraph of G, denoted by ok (G), is the solution
of the MkCS problem:

o (G) := Maximize Z Xir

i€[n], relk]

subject to: x;;x;r =0 for (i, j) € E, r € [k]

Zx,-,fl for i € [n]

relk]

X € {0, 1}k,

Note that for k = 1, we have that o1 (G) = «(G) where «(G) denotes the stability
number of G. The first set of constraints in the model ensures that two adjacent
vertices are not colored with the same color, and the second set of constraints takes
care that each vertex is colored with at most one color. There are several equivalent
formulations of the MkCS problem. For example, constraints x;-x j, = 0 for (i, j) €
E, r € [k] may be replaced by

xir +xjr <1 for (i,j) € E, r € [k].

The resulting problem formulation was studied in [70].

The MkCS problem on a graph G can be modeled as the stable set problem on
the Cartesian product of the complete graph on k vertices and G. We denote by
Ki = (Vi, Ey) the complete graph on k vertices. The Cartesian product K;[JG of
graphs Ky and G = (V, E) is the graph with vertex set Vi x V and edge set £
where two vertices (u, i) and (v, j) are adjacentif u = vand (i, j) € Eori = j
and (u, v) € Ej. The following result relates the MkCS problem on G and the stable
set problem on K;UG.

Theorem 6.12 ([94]) Let G = (V, E) be a given graph, and Ky the complete
graph on k vertices. Then o (G) = a(KxOG).
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Proof Let Sy, ..., S; be disjoint stable sets in G, then {1} x Si,..., {k} x Sk
is a stable set in K;[JG. Assume now that S is a stable set in K;[1G of the
largest cardinality. Then S can be partitioned into Si, ..., Sx such that §; =
{1} x Sl,...,Sk = {k} x S’k, 3’1 C V,...,S’k C V. Moreover, Sl,...,S’k are
disjoint since u € §5nS p for some [, p € [k] with [ # p implies that there is an
edge between (I, u) and (p, u) that is also in the stable set S. Hence Sl, R S'k are
disjoint stable sets in G. O

This short proof is from [76]. Thus, computing ok (G) for a given k and graph G
corresponds to computing the stability number of the larger graph K;[JG. However,
computing the stability number of a medium size graph is already difficult, and thus
computing «(K;JG) is limited to small k£ and n. Therefore approaches developed
specifically for the MkCS problem are beneficial for solving the problem [23, 71].

Interestingly, many concepts developed for the maximum stable set problem
extend to the maximum k-colorable subgraph problem. Let wy (G) denote the size
of a largest induced subgraph of G that can be covered with k cliques. Then
ok (G) = wr(G) where G denotes the complement of G. The generalized ¥ -number
for a given k, denoted by ¥ (G), is introduced by Narasimhan and Manber [95] as
an eigenvalue bound for o4 (G), i.e.,

k
o;(G) < 9, (G) := min ZM(A) tajj=1for(i,j)¢ Eori=j¢,
AeS” izl

where A1(A) > A2(A) > -+ > A, (A) are eigenvalues of A € S". This eigenvalue
bound is reformulated by Alizadeh [8] to the following SDP relaxation:

¢ (G) = Maximize (J, X)

subjectto: x;; =0 for (i, j) € E

tr(X) =k
X>0
I-X>0.

The constraint I — X > 0 is redundant when k£ = 1 since X is positive semidefinite
and its eigenvalues sum up to one. Thus for k = 1 the generalized ¥ -number reduces
to the ¥ -number (6.51).

An in depth analysis of the generalized ©*-number is given by Sinjorgo and
Sotirov [115]. The authors provide closed form expressions for the generalized -
number on several classes of graphs including the Kneser graphs, cycle graphs,
strongly regular graphs and orthogonality graphs. The following properties of
¥ (G), among many others, are proven in [115]:

e Ux(G) < |V]| forall k;

* U (G) < Vk41(G) with equality if and only if 94 (G) = |V |;
e Let C, be an odd cycle. Then 92(C,) = 29(Cy).
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Narasimhan and Manber [95] prove the generalized sandwich theorem:
o (G) = Uk(G) < xx(G),

or equivalently
o (G) = 0k (G) < xk(G),

where y(G) is the minimum number of colors needed for a valid k-multicoloring
of G. The k-multicoloring of a graph is to assign k distinct colors to each vertex in
the graph such that two adjacent vertices are assigned disjoint sets of colors.

The generalized #-number can be strengthened by adding non-negativity con-
straint to the matrix variable. The resulting graph parameter

. (G) := Maximize (J, X)
subjectto: x;; =0 for (i, j) € E
x;j >0 for (i,j) ¢ E

tr(X) =k
X>0
I-X>0,

is called the generalized ¥'-number [76]. For k = 1, the graph parameter 9, (G)
reduces to the Schrijver’s number (6.52).

The following result characterises a family of graphs for which 9 (G) and 9, (G)
provide tight bounds.

Theorem 6.13 ([76]) For a givenk (1 <k <n — 1), let G be a graph such that
o (G) = k¥ (G). Then

N (G) = 9.(G) = ka(G) = ar(G).

The set of vertex-transitive graphs contains a number of non-trivial examples for
Theorem 6.13. We say that a graph is vertex-transitive if its automorphism group
acts transitively on vertices, i.e., if for every two vertices there is an automorphism
that maps one to the other one.

Various semidefinite programming relaxations for the MkCS problem, with
increasing complexity are derived in [76]. In order to reduce the sizes of these
SDP relaxations, the authors exploit the fact that the MkCS problem is invariant
under permutations of the colors. They also show how to further reduce the SDP
relaxations for highly symmetric graphs. Currently, the are no specialised SDP-
based exact algorithms for the MkCS problem.
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6.4 Upper Bounds by Decomposition

In the previous sections, we have seen various MILP formulations and SDP
formulations of QUBO. Relaxations of these formulations offer upper bounds on the
optimal objective function value of QUBO, at varying levels of strength. Stronger
bounds generally require more computational effort. These upper bounds can be
embedded within effective enumerative algorithms to solve QUBO. Let us now
discuss some additional upper bounding strategies.

We first give a simple Gilmore-Lawler type upper bound for QUBO. Let

n
up =c¢; + Z max(q;j, 0).
JER;

Then UB1 = )_*_, max(u;, 0) is an upper bound on the optimal objective function
value of QUBO. A similar lower bound for the minimization QUBO was considered
by Li et al. [83] and Pardalos and Rodgers [101]. The upper bound UB1 could be
arbitrarily bad. Let us now see how to improve this bound.

Consider the bilinear program

n n
BLP(i): Maximize c;x; + Z qijxiyj + Z Cjyj (6.55)
j=Lj#i j=Lj#i
Subject to: x; € {0, 1} (6.56)
yj €{0, 1} forall j =1,2,...,n,j #1i. (6.57)

Then, the bound UBL is precisely » ;_; OBI(BL P (i)). This bilinear programming
interpretation of UB1 leads us to an improved upper bounding scheme, where the
bound obtained matches OBJ (GW*).

For each variable x;, introduce its n — 1 copies, say y;j,i = 1,2,...,n, j #i.
Then, QUBO can be written as

n n n
Maximize Z Z qijXiyij + Z CiXj
i=1

i=1 j=1,j#i
Subjectto: x; =y;;,i,j=1,2,...,n,j#i (6.58)
Xiyij =xjyji.i,j=12,...,n,j#i (6.59)

xi €{0,1}, yi; € {0, 1} foralli, j =1,2,...,n,,i # J.

Let A;; and u;; respectively be the Lagrange multipliers associated with the
constraint corresponding to the pair i, j in equation (6.58) and equation (6.59). Also,
we denote y; = {y;; : j = 1,2,...,n,j # i}. Using these multipliers, construct
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the Lagrangian objective function

n
Ly, A p) =Y Li(xi, yi, A, )

i=1

where L; (x;, y;, A, p) is equal to

n n n n
Z (ci + Z M) Xi — Z Aijyij + Z (qij + mij — mji)xiij
i=1 k=1,k=i j=1,j#i J=1j#i

and A, w are the matrices formed by the corresponding Lagrange multipliers A;; and
wij. For a given A and u values, consider the bilinear program
Pi(k, p): Maximize L;(xi, yi, by )
Subject to: x; € {0, 1} (6.60)
vij € {0, 1} forall j =1,2,...,n,j #1i. (6.61)
Then, Y ;_; OBI(P; (A, p)) is an upper bound for QUBO for any given A and p.

Compare this bound with UB1. The best such upper bound, denoted by OBJ(LD),
can be obtained by solving the Lagrangian dual problem

n
LD: Minimize ZOBJ(P,-(x, Q).
i=1

This bound was first proposed by Chardaire and Sutter [26] and later for a more
general problem by Elloumi et al. [33]. Let us call it the simple decomposition bound
or the SD bound. Interestingly, the SD bound matches with OBJ(GW*), as shown
below.

Theorem 6.14 ([26, 33]) The SD bound is equal to OBJ(GW*)
Proof Consider the linear program

n

n n
P: Maximize Z Z qijxiyij+zcixi
i=1

i=1 j=1,j#i

Subjectto: x; = y;j,i,j=1,2,...,n,j #1i (6.62)
wij =wji, i, j=1,2,...,n,j#i
wij <x,0L,j=12,...,n,j#i

wij <vij,Lj=12,....n,j#i
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Xi+yij—wij <1,i,j= 1,2,...,n,j #i

wij >0,i,7=1,2,...,n,j#i.
We will now show that 0BJ(P) = 0BJ(GW") and also 0BJ(P) = SD bound, leading
to the proof of the theorem. Eliminating y;; from P using the equality (6.62) and

noting that w;; = wj;, we can see that 0BJ(P)=0BJ(GW"). To establish the second
equality, construct the linearization P; (A, w)" of P;(A, p) as follows:

n n n "
Maximize Z ((ci + Z kki)xi - Z Aijyij + Z (qij + Wij Mji)xiyij)
i=1 k=1,ks#i J=Lj#i j=lj#
Subject to: w;; <, x;,j=1,2,...,n,j #i

Wij < Vi i =1,20,n, j #i

Xi+yij—wi; <1, j=12,....nj#i

wij>0,j=1,2...,nj#i

xi€{0,1},j=1,2,....n,j#i

yij €10, 1}, j=1,2,...,n,j #1i.
By Theorem 6.22 in Appendix, OBJ(P; (A, pt)) = OBJ(P; (A, p)*). Thus, LD can be
viewed as the Langrangian dual problem of P when relaxing the first two constraints

from P in the Lagrangian way. Thus, by linear programming duality, OBJ(P) =
OBJ(LD) and this completes the proof. O

We now discuss a more general decomposition scheme [26, 33, 91] to improve
the SD bound. Here, we partition and decompose QUBO into several pseudo-
bilinear programs [26] using Lagrangian decomposition. Consider the partition
Vi,Va,...,Vy of N = {1,2,...,n} where V; N V; = ¢ fori # j,U_ Vi = N
and denote Vy = N — V;. Foreach k = 1,2,..., p, introduce a copy y; of the
variable x; for each j € Vi. Recall thatg;; = O foralli € {1,2,...,n}. Let

Fexoy) = D cjxj+ D Y qixixj+ Y > qijxivk
JjeVk ieVijeVi iEijEVk
and consider the pseudo-bilinear program [26]
PBLP(k): Maximize Fi(X,y)
Subject to: x; € {0, 1}, for j € Vi

yij € {0, 1} for j € Vj.
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Then, Zf: | PBL P (k)* is an upper bound for QUBO. When | V| is small, PBLP(k)
can be solved by enumerating the values of the x variables and choosing the
corresponding optimal y variables. When |Vi| = 1, this bound is equal to UBI.
To improve this upper bound, we link the variables yi; to x; and use Lagrangian
decomposition. Note that QUBO is equivalent to

14

EQB: Maximize Z Z cjxj+ Z Z qijxixj + Z Z qijXiYkj

k=1 \jeV ieVi jeVi i€V jev,
Subjectto: x; = ygj,j =1,2,...,n,k=1,2,...,p,j € Vk (6.63)

Xiykj =Xjyrivk,r=1,2,...,piie Vi, jeV, k#r,
(6.64)

xi€{0,1},i=1,2,...,n
yij € {0, 1} forallk = 1,2,...,p, j € Vi.

Relaxing constraints (6.63) and (6.64) and taking them into the objective function
using Lagrange multipliers we get p independent subproblems of the type PBLP(k)
(but with different data, which dependents on the value of the Lagrange multipliers).
These subproblems can be solved either exactly or by appropriate LP relaxation
of equivalent linearizations. The resulting Lagrangian dual problem can be solved
using subgradient optimization and the optimal objective function value gives an
upper bound. Different implementations of this general scheme are reported by
Chardaire and Sutter [26], Elloumi et al. [33], and Mauri and Lorena [91].

6.5 Variable Fixing

A priori knowledge of the value of a variable x; in an optimal solution can be
exploited as a useful preprocessing tool for both exact and heuristic algorithms
for QUBO. An important result of this type is the persistency property of GW"
discussed in Chap. 5. For convenience, we restate this here.

Theorem 6.15 ([58, 991) If a variable x; is zero or one in an optimal solution of
GW", then there exists an optimal solution to QUBO where x; assumes the same
values.

Let us now look at some simple conditions to fix variables [45, 56, 119]. For more
involved persistency results and logical conditions we refer to Chap. 5. Suppose that
a variable x; is known to be equal to zero in an optimal solution. Without loss of
generality assume that i = n. Then, we can reduce the problem dimension by 1.
Delete row n and column n of Q to obtain an (n — 1) x (n — 1) matrix Q’ and
delete the last component of ¢ to obtain the (n — 1)-vector ¢/. Then the QUBO
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(Q, ¢, n) can be solved by solving the QUBO (Q’, ¢/, n — 1). Similarly, assume
without loss of generality that x, = 1 in an optimal solution. Then again we can
reduce the problem size by 1. Recall that the diagonal elements of Q are zeros and
Q is symmetric. Delete row n and column n from Q to obtain the matrix Q”. Add
twice row n to ¢ and delete the last component of the resulting vector to obtain
¢”. Then the QUBO (Q, ¢, n) can be solved by solving the QUBO (Q”,¢”,n — 1)
and the optimal objective function value of QUBO (Q, ¢, n) is ¢, plus the optimal
objective function value of QUBO (Q”, ¢”,n — 1).

We now look at some very simple data dependent conditions that permits variable
fixing. These conditions (some are for the minimization version of QUBO) were
obtained independently by many researchers [12, 20, 24, 45, 56-58, 83, 102, 120].
Foreachi = 1,2,...,n define ¢{;, = ¢; + ZjeR,- min{0, 2¢;;} and u; = ¢; +
ZjER,' max{O, 26],']‘}.

Theorem 6.16 If ¢; = O then x; = 1 in some optimal solution. If £; > 0 then
x;i = 1 in every optimal solution. Likewise, if u; = 0 then x; = 0 in some optimal
solution. If u; < 0 then x; = 0 in every optimal solution.

Proof Without loss of generality assume i = n. Then the objective function of
QUBO can be written as

n—1n—1

P(x) = Zc]x]—i-ZZq,]x,xj + xn<cn Zan]x]) . (6.65)

i=1 j=1

The first bracket in equation (6.65) is independent of x,,. The minimum contribution
from the second bracket is ¢, and if this is positive, then x,, must be at value 1 in
every optimal solution. Likewise, the maximum contribution from the last bracket
is u, and if this is negative, then x,, must be zero in every optimal solution. O

It is possible that after fixing a variable at O or 1, new candidates for fixing the
value may emerge.

Let us now discuss another very simple variable fixing rule obtained from a
posiform that is particularly useful in branch and bound algorithms. Recall that ¢ (x)
can be written as ¢(x) = Yo — ¥ (X, X) where ¥ (X, X) = Z';:l(djxj + d_j)?j) +
Z?:l o;Ti and each T; is a product of two literals from {x, x;,i = 1,2,...,n},
o > 0fori =1,2,...,t and d;, c?,- > 0 [60]. The decomposition form of ¢ (x)
constructed in Theorem 6.9 is an example of such a posiform representation. Note
that v is an upper bound on the optimal objective function value of QUBO. We
assume that d ,-ci i = 0 since if both are positive, we can use the transformation
x; = 1 — X; which results in a posiform with a larger constant value. Let x° be a
given solution.

Lemma 6.8 ([60_]) If o —di < d)(xo) then there exists an optimal solution X with
xi=0.Ifyo—d; < d)(xo) then there exists an optimal solution X with x; = 1.
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Proof 1f Yo —d; < d)(xo) then, no solution with x; = 1 can have a better objective
function value than x° and hence there exists an optimal solution x with x; = 0. The
proof of the second part follows analogously. O

Additional rules for fixing variables or establishing logical relationships between
variables are discussed in detail in [45, 56].

6.6 Algorithms and Solvers

The MILP formulations discussed in the previous sections or the natural quadratic
0-1 formulation of QUBO can be used to solve the problem with the aid of general
purpose solvers such as Gurobi [52], CPLEX [27], SCIP [1] etc. There are several
algorithms available to solve non-linear 0-1 programming problems with linear or
quadratic constraints (for example, [89, 114, 116]) and these algorithms can also
be used to solve QUBO. Further, algorithms to solve the maximization problem of
convex quadratic functions in continuous bounded variables can be used to solve
QUBO. SDP based algorithms for the maximum cut problem or QUBO offer yet
another class of viable alternatives to solve QUBO. Exact algorithms specifically
designed for QUBO are mostly of enumerative type. Let us now discuss some of the
simple special purpose algorithms to solve QUBO that can be implemented easily,
followed by a brief summary of other available algorithms.

Gulati et al. [51] developed a branch and search algorithm that enumerates
promising local optima with respect to the flip neighborhood for the minimization
version of QUBO. Let us discuss the algorithm in the context of the maximization
version of QUBO with some minor modifications. The flip neighborhood of an
x € {0,1}", denoted by IF(x), is the collection of all solutions obtained by
replacing one component of X, say x; by its complement 1 — x; (flipping x¢). Let
xk = (x]f, x§ e x,’j) be the solution obtained from x by flipping xi. Then, xlk = Xx;
if i # k and x,’j = 1 — xx. A solution x is locally optimal with respect to the flip
neighborhood if and only is ¢ (x) > o) forallk =1,2,...,n.

Theorem 6.17 The QUBO solution x € {0, 1}" is a local optimum with respect
to the flip neighborhood if and only if cx + ZjeRk 2qijxj = 0if xx = 1 and
cx + Z/eRk 2qpjxj <0ifxg =0forallk =1,2,...,n.

Proof The objective function ¢ (x) can be written as

n n n n
¢(x) = Z cjxj+ Z Z qgijxixj | + xk (Ck + Z 261k,/xj')-
j=1,j%#k i=1,i#k j=1,j#k j=L,j#k
(6.66)
Note that the first bracket is independent of xi. Thus, the condition of the theorem
is not satisfied for any k, by flipping x; we can find an improved solution and if the
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condition is satisfied, the solution obtained by flipping any component of x leads to
a worse (or at best an equivalent) solution. |

Let SO, 8!, S/ be a partition of {1,2,...,n} where x; = 1 fori € st x; =0
fori € $°, and x; is a free variable for any i € S/. This partition generates a partial
solution x where x; = 1 fori € S' and x; = 0 for i € S°. The values x; for
i € §7 is not yet fixed. A solution obtained from the partial solution x by assigning
0 — 1 values to the free variables is called a completion of x. Given a partial solution
x, does there exist a completion of x which is a local optimum with respect to the
flip neighborhood? We now discuss some sufficient conditions for non-existence of
completions which are local optima.

Theorem 6.18 Let x be a partial solution defined by the partition (S°, S, 7). If

ot > 2q+ Y max{0,qi} <0 (6.67)
jest jeSrf,j#k

then a completion with x; = 1 will not lead to a local optimum with respect to the
flip neighborhood. Similarly, if

ot Y 2+ Y. min{0,q) >0 (6.68)
jes! jeSrf,j#k

then a completion with x; = 0 will not lead to a local optimum with respect to the
flip neighborhood.

Proof Suppose inequality (6.67) holds for some k € S/ and let x be a completion
with x; = 1 for some k € S/. Then

Cr + Z 2qij/~ <cr+ Z quj + Z max{0, qkj} <0,
JERK jes! jest,j#k

and hence by Theorem 6.17, x cannot be a local optimum with respect to the flip
neighborhood. The proof of the second part of the theorem follows analogously. O

Note that the conditions of Theorem 6.18 is precisely the variable fixing rule of
Theorem 6.16 restricted to the free variables.

The local optima enumeration algorithm maintains a binary search tree. Each
node represents a variable x; and the two outgoing branches represent a branching
decision whether x; = 1 or x; = 0. The unique path from x; to the root node
defines a partial solution. Theorem 6.18 can be used to possibly fix values of more
free variables at the node x. Let QUBO(S?, ', $/) be the reduced QUBO obtained
after fixing variables in S° and S! at their corresponding values. Apply a local search
algorithm with flip neighborhood on QUBO(S?, S, §/) to identify a local optimum
and extend it using the fixed variables to a solution x of QUBO. Then, x may or
may not be local optimum with respect to the flip neighborhood. If it is, record this



176 A. P. Punnen and R. Sotirov

local optimum. If all free variables are fixed, prune node xj. Otherwise a branching
operation is performed. The algorithm terminates when no free variables are left at
any of the nodes and also produce a global optimum.

The algorithm can be enhanced by making use of the objective function values
of the local optima (and other solutions) identified, along with simple upper bound
values that can be calculated efficiently. Pardalos and Rodgers [102] used the simple
upper bound

UB(S’, S, 8"y =Y e+ D aij |+ Y max{0,ci + Y max{0, g;j}}

ieU! jeul ieUf jeuf

in their branch and bound algorithm, which also maintains a binary tree. At any
node of the search tree, if the best solution obtained have an objective function
value greater than or qual to the upper bound at the node, the node is pruned.

Combining the ideas discussed above, a simple branch and bound algorithm can
easily be developed to solve QUBO (for example, [51, 102]). The performance of the
algorithm can likely be improved by using strong heuristics and/or metaheuristics
(see Chap.9) in place of the flip based local search and stronger upper bounding
mechanisms, particularly at the root node. The effects of all these possibilities
need to be accessed using experimental analysis. Let us briefly summarize some
additional exact algorithms developed specifically for QUBO.

Kalantari and Bagchi [72] developed a branch and bound algorithm to solve the
minimization version of QUBO by viewing it as a continuous optimization problem,
with the assumption that Q is positive semidefinite. As discussed in Chap. 1, such an
assumption can be made without loss of generality. Since our version of QUBO is
of maximization type, the algorithm of Kalantari and Bagchi [72] can be modified,
assuming Q is negative semidefinite. We can also use the algorithm of [72] directly
to solve the maximization problem by negating the objective function.

Li et al. [83] developed a branch and bound algorithm to solve the minimization
version of QUBO, exploiting geometrical properties. Their algorithm can be
modified to solve the maximization version of QUBO, or by converting QUBO
into an equivalent minimization version and directly use the algorithm. They also
proposed some variable fixing rules and upper bound calculations.

Barahona et al. [14] developed a branch and cut algorithm for the minimization
version of QUBO. They first convert the problem into a maximum cut problem (see
Chap. 1) and then use partial description of the cut polytope (see Chap. 4) to generate
an LP relaxation and additional cutting planes. The algorithm also uses variable
fixing strategies and when no cutting plane is identified, the algorithm performs a
branching operation and new cutting planes are explored from a selected node.

Hansen et al. [60] developed a branch and bound algorithm to solve the
minimization version of QUBO, using roof dual upper bound (see Chap. 1), which is
equivalent to the LP relaxation of GW [2]. They work with a posiform representation
and the roof dual bound is calculated using maximum flow computations. Variable
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fixing strategies generated by persistency properties (see Chap.5) and those given
in Theorem 6.16 are also used.

Some other exact algorithms for QUBO include Pan et al. [100] which uses
continuous optimization methods, Shimizu et al. [113] that solves maximum edge
weighted clique problem by branch and bound.

In early days of development, SDP based algorithms were not widely adopted to
solve QUBO. However, a breakthrough in solving dense QUBO instances is due to
semidefinite programming, in the late 1990s. One of the reasons for not widely using
SDP within exact algorithms is due to the computational effort required to solve
SDP relaxations via interior point methods. Namely, SDP solvers based on interior
point algorithms exhibit problems in terms of both time and memory for solving
even medium-size SDP relaxations. However, recent developments of efficient
algorithms for solving semidefinite programming problems [22, 34, 63, 68, 97, 118]
are changing the trend of designing exact solvers for combinatorial optimization
problems. We list below SDP-based exact solves for QUBO in chronological order.

One of the first results on solving QUBO using semidefinite programming is the
work of Helmberg and Rendl [65]. More specifically, [65] presents a branch and
bound algorithm for solving QUBO that combines semidefinite programming and
polyhedral approaches. To solve semidefinite programming relaxations, the authors
use an interior point algorithm which is the main drawback of the approach. The
computational experiments show that the algorithm from [65] is robust.

In 2007, Billionnet and Elloumi [17] show how to use general-purpose mixed
integer quadratic programming solvers for solving QUBO, see also Chap.7. The
main idea in [17] is to convexify the objective function of QUBO by using semidef-
inite programming. The resulting convex problem is then handled by CPLEX [27].

A dynamic version of the bundle method that provides an efficient machinery
to solve SDP problems, including SDP relaxations for the maximum cut problem,
with a nearly arbitrary number of inequalities is developed in [34, 110]. Another
efficient approach for solving SDP relaxations of the maximum cut problem is the
spectral bundle method of Helmberg and Rendl [66]. Those bundle approaches
are exploited within a branch and bound framework and resulted in the publicly
usable BigMac solver by Rendl et al. [109]. The BigMac solver solves any test
instance up to 100 vertices, and problems of special structure as well as sparse
problems up to 300 vertices. BigMac was superior to other available methods for
solving the maximum cut problem, at the time it was designed. Another SDP-based
exact solver for binary quadratic optimization problems appeared a few years after
BigMac. BiqCrunch [74, 75] is a branch and bound solver that uses adjustable
semidefinite programming bounds that are computed by a quasi-Newton method.
The numerical results by Krislock et al. [74] show that BiqCrunch is often faster
and more robust for solving the maximum cut instances than BigMac. Moreover,
the BiqCrunch solver has been successfully tested on a variety of combinatorial
optimization problems, including the maximum stable set problem. BiqCrunch is
available as a free and open-source software.

BigBin [54] is a branch and bound solver for binary quadratic problems with
linear constraints. The BigBin solver exploits the fact that any linearly constrained
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quadratic binary problem can be reformulated into an equivalent maximum cut
problem [79]. The sequential version of BigBin outperforms BiqCrunch on the
maximum cut instances, while the two solvers perform similarly on general QUBO
instances. Gurobi [52] and SCIP [1] fail to solve the same QUBO test instances in a
reasonable time frame. Numerical experiments also show that Gurobi is competitive
with BigBin on test instances with linear constraints. The parallel version of BigBin
solves QUBO instances up to 300 vertices. BigBin solver is available as a web
application.

Hrga and Povh [69] have recently introduced MADAM, a parallel exact solver
for the maximum cut problem, that is based on the alternating direction method
of multipliers [21]. The numerical results show that the serial version of MADAM
outperforms BigMac, BiqCrunch, and BigBin on dense instances up to 100 vertices.
The authors present numerical results computed by the parallel version of MADAM
for graphs with at most 180 vertices.

Appendix: Linear Programming and Duality

In this appendix, we will discuss various results from linear programming that are
used in this chapters.
Consider the linear program
P: Maximize ¢'x
Subject to: Ax < b,
x>0,
where the matrix A and vectors b, ¢ and x are of appropriate dimensions and shapes.
Let w* be a given non-negative row vector. Now consider the continuous knapsack
problem obtained from P as
CKP(w*): Maximize c¢'x
Subject to: W*Ax < w*b

x > 0.
Theorem 6.19 If P has an optimal solution with an optimal dual solution W°,

then CKP(W°) also has an optimal solution. Further, the optimal objective function
values of P and CKP( w) are the same.
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Now, consider the linear program
P*: Maximize ¢'x
Subject to: Ax < b,

Alx <b',A%x <b?, ..., A’x < DbP,

x>0
where b’ € R™ and A’ is an m; x n matrix, fori = 1,2,..., p. Let w' € R™ be
given non-negative row vectors in R™ fori = 1,2, ..., p. Now consider the new
linear program P obtained from P* using the weighted aggregation of constraints
A'x <b',i=1,2,..., p. Then PY¥ can be written as
P¥: Maximize c¢'x
Subject to: Ax < b,
wiAlX < w'b!, w?A%x < w?b?%, ..., wPAPx < WPDP,

x > 0.

Theorem 6.20 When W' is the part of an optimal dual solution w of P* that
is associated with the constraint block A'x < b',i = 1,2,..., p, the optimal
objective function values of P* and P" are the same.

For the proof of Theorems 6.19 and 6.20, we refer to [105].

Theorem 6.21 ([18, 106]) Ler w° be a given solution to dual D of P and sV be the
associated surplus vector in D. Then, ¢"x = w'b — w'(b — Ax) — (s)"x.

Note that wo(b — Ax) > 0 and (s°)"x > 0. For the proof of Theorem 6.21, we
refer to [106].
Consider the bilinear program

n n
BLP: Maximize ax+ Y bjxyj+ Y _c;y

j=l1 j=1
Subjectto: x € {0, 1} (6.69)
yvj €{0,1}forall j =1,2,...,n. (6.70)

Let BLP' be the problem obtained from BLP by relaxing (6.70)to 0 < y; < 1 and
BLP” be the problem obtained from BLP’ by relaxing (6.69) to 0 < x < 1. Now
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consider the following LP which is the LP relaxation of the linearization of BLP/
LP: Maximize ax + ijwj + chyj

Subjectto: x +y;w; <1, forj=1,2,...,n,
wj <X,
wj <y, forj=1,2,...,n,

wj>0forj=1,2,...,n.

Theorem 6.22 The optimal objective function values of BLP, BLP', BLP" , and LP
are the same.

Proof The equivalence of the optimal objective function values of BLP, BLP’, and
BLP” follows from the extreme point optimality property of bilinear programs. Let
us now show that the objective function value of BLP' is equal to that of LP.

Note that the constraints on LP guarantees that 0 < x < 1. Thus, it is sufficient to
show that there exists an optimal solution to LP where x € {0, 1}. For this, we show
that for any extreme point of LP, x € {0, 1}. Suppose this is not true. Then, there
exists an extreme point feasible solution (x*, y*, w*) to LP such that 0 < x < 1.
Now consider y where 3; = (v — w)/(1 —x),i = 1,2,...,n and § where
Vi = w}f/x, j=12,...,n. Thenz = (0,§,0) and z = (1,y,¥) are feasible
solutions of LP and (x, y*, w*) = (1 —x)Z+xz. Thus, (x, y*, w*) is not an extreme
point solution and the result follows. O

The last equality also follows directly from a necessary and sufficient condition
proved in [69] and follows from a result proved in a more general context in [33].
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Chapter 7 )
The Random QUBO Gt

Karthik Natarajan

Abstract In this chapter, we discuss instances of QUBO where the input data is
random. Such random instances are often analyzed within the topic of “probabilistic
combinatorial optimization” and the goal is to study the behavior of the distribution
of the optimal value and the distribution of the optimal solution. The introduction of
randomness makes the problem more challenging from a computational perspective.
We discuss a probabilistic model with dependent random variables where it is
possible to extend many of the known computational results from deterministic
QUBO to random QUBO. We also review an interesting asymptotic characterization
of the random optimal value under independent and identically distributed random
variables.

7.1 Introduction

Consider the quadratic unconstrained binary optimization (QUBO) problem:

(QUBO) Z(Q,¢) = max x"Qx+c'x, (7.1)
xef{0,1}"

where Q € S, is an x n real symmetric matrix with zeros along the diagonal and
¢ € R". This representation of QUBO is without loss of generality since xi2 = x; for
x; € {0, 1} and thus the diagonal entries of Q can be absorbed into the vector ¢. Any
matrix Q not necessarily symmetric can be transformed to a symmetric matrix (Q +
Q7)/2 without changing the objective function value. In this chapter, we consider
the random version of QUBO where possibly some or all of the components of
the matrix Q and vector & are random. The expected optimal objective value of the

QUBO problem (7.1) averaged over the possible realizations of the random terms
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for a continuous distribution is given as:
£[2@9] = [ 2Q0r@ a0

where f(Q, c) is the probability density function of (Q, ©) with support in €2. For a
discrete distribution, the expected optimal value is given as:

E[2@Q.9)] = % Z(Q, 0)p(Q, ©),

where p(Q, ¢) = P(Q = Q,¢ = ¢) is the probability mass function of (Q, € with
support in 2. There are two challenges in computing the expected optimal value:

1. Solving QUBO with a deterministic objective where (Q, ¢) = (Q,c) with
probability one is already NP-hard.

2. The randomness in the objective function increases the computational challenge
since we now need to average the optimal value across a set of QUBOs, possibly
exponentially many QUBOs. For example, if Q is fixed and the random vector ¢
has independent entries each taking two possible values, we would need to solve
a set of 2" NP-hard QUBO instances to compute the expected optimal value.

In this chapter, we discuss bounds and numerical approaches to compute the
expected optimal value with dependent random variables. We also discuss an
asymptotic characterization of the expected optimal value under identically and
independently distributed random variables. Before doing so, we discuss three
applications of the analysis of random QUBO:

1. When comparing different algorithms to solve QUBO problems, it is common
practice in numerical experiments to randomly generate instances of QUBO. The
algorithms are applied to these randomly generated instances and then compared
across the instances in terms of the running times and the best integer solutions
generated in a fixed amount of time. Averaging over the instances corresponds to
evaluating the expected optimal value by solving all the QUBO instances.

2. In practical applications, one is often interested in solving multiple instances of
QUBO where the objective function gets modified slightly. By better understand-
ing the distribution of the optimal solution and exploiting information of random
objective, it is possible to solve the random QUBO instances faster as we shall
see later in this chapter.

3. There is a significant stream of research in probabilistic combinatorial opti-
mization which shows that asymptotically the optimal value of many random
combinatorial optimization problems converges to non trivial limits when the
random terms are independent and identically distributed. Examples include the
linear assignment problem (see [1]), the minimum spanning tree problem (see
[9]), the traveling salesperson problem (see [2]) and the quadratic assignment
problem (see [8]). In the case of QUBO, these results have been analyzed in
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the context of the Sherrington-Kirkpatrick model [25] with Gaussian random
variables which we review in the last part of the chapter.

7.2 An Upper Bound on the Expected Optimal Value

We start by discussing a bound on the expected optimal value that makes use of
only the marginal distributions of the random coefficients. Assume the marginal
distribution function of the random term Qij is Fjj(-) fori < j where Qj; = Q;;
for every realization where j > i and the marginal distribution function of ¢; is
F;(-). Let the joint distribution be denoted by 8 which lies in the Fréchet class of
distributions ® with the given marginal distributions. For example, using mutually
independent random variables with the given marginal distributions provides one
such distribution in the set ®. Hence ® # ¢. The exact probability distribution
is incompletely specified. We focus on an upper bound that is generated by
the multivariate joint distribution of the random components that maximizes the
expected maximum objective value of the QUBO over all distributions in the class
©®. The problem of interest is defined as:

¢ = sup Eg [Z(Q, E)] - (7.2)

6e®

For any x € {0, 1}"*, symmetric matrix R € S, with zeros along the diagonal and
vector d € R", we have:

xX'Qx+e/x=x"Rx+d"x+x"(Q-R)x+ (c —d)x
[adding and subtracting R from Q and d from c]
T T + +
< n{loa)l(} (X Rx+d X)"‘Z[Qij_Rij] +Z[Ci_di]
xe{0,1}" . .
i#j i

[taking the maximum over {0, 1}" for the first term and
over individual components for the second term],

where z+ = max(0, z). Since the right hand side of the inequality is a valid upper
bound for all x € {0, 1}", by taking the maximum on the left hand side over all
feasible solutions x € {0, 1}"* and computing expectations, we obtain:

E [Z(Q, é)] <ZR A+ E [Q,»j - R,-,-]+ +Y Elé—-a]t
ij i

By minimizing over the R matrix and vector d, an upper bound on the expected
optimal value is obtained as follows:

min Z(R, d)+ZE[Q,-j —R,»j]++ZE[5,» —d4]t |,

ReS,:diag(R)=0,der" et
i#]
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where diag(R) denotes the vector formed with the diagonal entries of the matrix R
and 0 is the vector of all zeros.

In fact this upper bound is tight; namely there is a joint distribution of the random
Q and ¢ such that given any set of marginals with well-defined expected values, the
upper bound is attained. Namely:

b= min Z(R, d)+ZE[Q,»j —R,»j]++ZE[5,»—d,-]+

- ReS,:diag(R)=0,der" —
i#]

We refer the reader to [3, 4, 14, 16, 18, 19, 31] for the proof of results along this line
arising in probabilistic combinatorial optimization. Let us discuss a few properties
of the upper bound ¢:

1. The reformulation of ¢ above can be interpreted as finding a deterministic
estimate R and d of the random matrix Q and random vector ¢ such that the
objective function of the deterministic QUBO problem is balanced with penalty
terms for incorrectly estimating the random terms. An alternative maximization
formulation for the bound ¢ is given by (see [16, 18]):

1 1
¢ = max Z[ Fl.’.l(t)dt—irZ/ F (01
x.X i#j 17X,'j / . 1—x;
J i
s.t. (x, X) € conv {(z, zz") |z € {0, 1}"} ,

where the optimization is over the Boolean quadric polytope. Under the assump-
tion that the random variables are absolutely continuous, the optimal decision
variables x and X are exactly the expectation of the random optimal solution
x(Q, ¢) and the quadratic form x(Q, ©)x(Q, ©)7 under the distribution @ that
attains the bound ¢ (see [18] for a detailed proof of this result in general integer
programs).

2. Clearly when Q = Q and ¢ = ¢, we have:

- i Z(R J— Rij|" ;—di]*
0= oD | ZC ,d)+;[Qu i] +,Z-[C' di)
=ZQ.¢)

[where the optimal solutionis R = Q and d = c].

The second equality follows from observing that if R;; < Q;;, by increasing R;;
to Q;j, the first term Z(R, d) increases at most at a rate of one while the penalty
term [Q;; — R,'j]Jr decreases at a rate of one. If R;; > Q;;, by decreasing R;; to
Qij, the first term Z (R, d) does not increase and might possibly decrease while
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the penalty term [Q;; — R;;]1T stays at zero. A similar observation can be made
for the ¢; and d; terms. Thus in the deterministic case, the bound reduces to the
optimal QUBO value.

3. We can associate a QUBO with an undirected graph as follows: G = (V E)isa
graph on the n nodes where |V| = n. For nodes i and j where Q,/ = QJ, =0
with probability one, there is no edge connecting i and j while for all other pairs
of nodes i and j where Q,/ = Q,,, we add an undirected edge {i, j} to E such
that i < j. When the graph is acyclic or series-parallel, QUBO is known to
be solvable in polynomial time (see [20]). Interestingly, in this case the tightest
upper bound on the expected optimal value is also solvable in polynomial time.
To see this observe that ¢ is the optimal value to

- + - +
min, 7 + Z (E [Qij - Rij] +E I:jS - Rji] ) + ZE (6 —di]"
{i,j}eE i
st. t>Z(R,d)
Re S, ,diagR)=0,R;; =0V{i, j} ¢ E,
deR",

The key step in solving the separation problem for this convex optimization
problem is:

Separation problem: Given ¢* and symmetric matrix R* with zeros along the
diagonal with Rl?kj = 0 for {i, j} ¢ E and vector d*, decide whether ¢* >
Z(R*, d*), and if not, find a violated inequality.

For sparse graphs such as acyclic or series-parallel graphs, the optimal value of
the QUBO Z(R*, d*) is computable in polynomial time. Let the optimal solution
be x* € {0, 1}". If r* < Z(R*, d*), the violated inequality is given by ¢ >
x*TRx* 4 d” x*. The separation problem is hence solvable in polynomial time.
From the equivalence of separation and optimization (see [12]), the bound ¢ is
computable in polynomial time for sparse graphs where the deterministic QUBO
is solvable in polynomial time.

7.3 Quadratic Convex Reformulation (QCR)

We next discuss convex reformulations for QUBO. Such formulations are particu-
larly useful at the root node in a branch and bound algorithm to obtain powerful
upper bounds. We consider its application in both deterministic and stochastic
versions.
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7.3.1 QCR Method for Determinsitic QUBO

One useful preprocessing approach to solve QUBO problems and more generally
binary quadratic programs and mixed integer quadratic programs is the Quadratic
Convex Reformulation (QCR) method proposed in [5—7]. Their method is inspired
from the SDP relaxation for discrete optimization problems developed in [15, 24, 26]
among others. We review the key idea of the approach next and then discuss its
applications to random QUBO.

For any u € R”, consider the optimization problem:

Zw;Q.¢) = max x'(Q— Diagw)x + (c+w'x, (7.3)
xe{0,1)"

where Diag(u) denotes a diagonal n x n matrix with the elements of u along the

diagonal. Since xi2 = x; for x; € {0, 1}, we have:

Z(Q,0) =Z(w; Q, ).

The key advantage of reformulation (7.3) is when one chooses a vector u such
that the objective function is concave (this corresponds to Diag(u) — Q > 0).
This transforms a nonconvex QUBO to an equivalent convex QUBO (maximization
of a concave quadratic function). It is then possible to use algorithms that solve
convex relaxations at the various steps of a branch and bound method to solve the
problem to optimality. Off-the-shelf mixed integer quadratic programming solvers
such as CPLEX and Gurobi now also allow the user to automatically convexify
such instances. An upper bound on the optimal value of the convex QUBO in (7.3)
is obtained by solving the convex relaxation:

Z(u;Q,¢) = max, x!(Q — Diag(u))x + (¢ + u)’x, (7.4)

where:
ZQ,00=ZwQ,0) < Z(w; Q, ¢).

An “optimal” choice of the vector u is one that makes the upper bound (7.4) obtained
from the convex relaxation as small as possible:

U,p: = argmin ’Z(u; Q. ¢ ‘ Diag(u) — Q > 0] . (1.5)

Using standard duality arguments, it can be shown that (see [35, 7]) u,); is the optimal
vector u of the following SDP:

Z(pp; Q,¢) = min
( opt s Qa ) reR.uer”

ot [ r (—c—u)T/Z} -0 (7.6)
~ L(—c—w)/2 Diagw) - Q| ~
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where the positive semidefiniteness constraint is for a matrix of size (n+1) x (n+1).
The semidefinite program (7.6) is the dual to the classic semidefinite programming
relaxation of the QUBO problem:

Z(“Upt? Q¢= max QX+ c'x

xeR", xes,

s.t. X;i = x;, i=1,...,n, (7.7

where u,,; is the optimal dual vector to the first set of constraints in (7.7). For
QUBO, [5] proposed the use of this semidefinite program as a preprocessing phase
to convexify the objective before applying an exact branch and bound method to
solve the QUBO. In the numerical experiments in [5], the relative gap between the
optimum value of the QUBO and the continuous SDP based relaxation is shown to
be about half the relative gap between the optimum value and a simpler relaxation
using eigenvalues of the matrix Q (see [13] and the discussion in the next section
of this chapter). Solving the QUBO with the CPLEX solver was also shown to be
faster using such a SDP based preprocessing step as compared to the eigenvalue
based preprocessing step.

7.3.2 QCR Methods for Random QUBO

In this section, we discuss the application of the QCR method to random QUBO
where the matrix Q is fixed but the vector € is random. Specifically, we are interested
in the random QUBO:

Z(Q,¢) = max x'Qx+¢'x, (7.8)

xe{0,1}"

We discuss a variety of preprocessing approaches to tackle this problem. In each
of these approaches, we are interested in finding a preprocessing vector u such that
Diag(u) — Q > 0. This helps convexify the objective function and make the optimal
value of the convex relaxation as tight as possible. We then solve the problem using
convex MIQP solution techniques implemented in solvers such as CPLEX. The
convex random QUBO is given as:

Z(w; Q, &) = ax x(Q — Diag(u))x + E+uw)’x. (7.9)

Let us discuss four different preprocessing approaches to solve the random
instances of QUBO.
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(a) Eigenvalue Based Method The simplest possible choice of the preprocessing
Vector u is to use Wejg = Amax(Q)e, where A4, (Q) is the largest eigenvalue of
the matrix Q and e is an n dimensional vector with all entries equal to 1. Clearly
Q — Diag(u,;¢) is negative semidefinite and the objective function is concave with
respect to the decision variable x. Such an eigenvalue based preprocessing method
was first proposed in [13].

(b) Joint Distribution Based Method For each realization of the vector ¢ = ¢, the
“optimal” choice of the vector u is obtained by solving (7.5) based on the discussion
on the QCR method. This is equivalent to solving the SDP problem (7.6) for every
c. Namely for any realization ¢ = ¢, the SDP is given as:

Z(Uope(€);Q,€) = min r
reR,uer”

st[ r (—c—u)T/2:|>0 (7.10)
" [(—e—w)/2 Diag(u) — Q] ~

where u,,; (c) is the optimal u decision vector for the SDP viewed as a function of
the realization ¢. The main challenge in this approach is that for every realization,
we need to solve a SDP before solving the QUBO. Since the number of realizations
of the joint distribution can be very large, even infinite, this is numerically very
challenging to implement in practice.

(c¢) Mean Based Method In this method, we choose a common preprocessing
vector u, by simply using the mean of the random vector. Namely, we solve a single
SDP:

Z(u,; = min r
( e Q’ ’L) reR,uer”

ot |: r (_ﬂ_u)T/2:| . (711)
" l(—» —w/2 Diagw) - Q| =

where u, is the optimal u vector in (7.11). Here we need to solve a single SDP to
obtain uy.

(d) Marginal Based Method In this method, we use the formulation for the bound
¢ from the earlier section to develop a common preprocessing vector. Consider the
simple case where only the mean and standard deviation of each ¢; is known and
given as p; and o;. Consider the tight upper bound:

¢ = sup Eg [Z(Q, ®)], (7.12)
0e®
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where the set of distributions ® describes all random vectors ¢ with mean u; and
standard deviation o; for each ¢;. The tightest upper bound is then given as:

¢=‘111€1%§9!Z(Q,d)+2;(m _di+\/(l/«i _di)2+0,'2>}1

where we use the fact that the maximum value of E[¢; — d;]T given only the

mean and standard deviation of ¢; is equal to é(,u,' —d; + \/ (i —di)? + aiz) (this
univariate bound comes from the Cauchy-Schwarz inequality and is tight; see [19]).
Let us now apply the QCR method to the inner QUBO problem. We then have:

1
— mi . . g2 2
¢—52g,;!2(u, Q)+ (w i+ (i — i) +a,.)}. (7.13)
l
An upper bound on ¢ is then given by:
o< min | 2 Q)+ Y ) (i —di+/(ui — di)? + 02)
_dER’l ’ 9 : 2 1 ] 1 ] i ’
1

where Z(u; Q, d) is the optimal value using the convex relaxation in (7.4). The
“optimal” choice of the vector u is to then minimize the upper bound obtained from
using the convex relaxation satisfying the constraint Diag(u) — Q > 0. Thus we
need to solve:

. . )5 1
Uy o = a‘rgmmDiag(u)fQio ;IEIEI} {Z(u; Q. d) + Z 2 (/’Li —d;i + \/(M,' - di)z + Ul_2> ; ,
i

where ¢ = (o1, ..., 0,). Now again using standard conic duality, it is easy to see
that u, , is obtained by solving the SDP:

g+ 3 (wi—di b\ —d? + o)

i 7.14
.t roo —@rwi/2) o
“l—-d+u)/2 diagw) - Q [ —

where u, , is the optimal u vector in (7.14). This can be solved as a linear SDP.
The key difference in this formulation is the presence of the penalty function in
the objective function which affects the choice of the optimal vector u unlike the
deterministic QCR formulation.
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7.3.3 Numerical Experiments

In this section, we discuss the application of the different QCR methods in solving
a set of instances of random QUBO. The computational studies were implemented
in Matlab R2012a on an Intel Core 2 Duo CPU (2.8 GHz) laptop with 4 GB of
RAM. The SDP problems were solved with CVX [10, 11] and SDPT3 [29, 30]
and the QUBOs were solved with CPLEX 12.6 using the Matlab interface. In our
computational experiments, we set 7 = 10 minutes as the maximum time to solve
any instance of QUBO. Define the value obj(Q, ¢) as follows:

obj(Q, ©) = { Z(Q, o), if the QUBO is solvable within 7 minutes,

’ Best lower bound, otherwise,
where the best lower bound is derived from the best feasible solution found in
T minutes. We define gap(u; Q, ¢) as the relative difference between the convex
relaxation of the objective function for a given preprocessing vector u and the value
of obj(Q, ¢):

Z(u; ¢, Q) — obj(Q, o)

gap(u; Q,¢) = obi(Q. ©)

Since the running time of the branch-and-bound method to solve the QUBO depends
on the strength of its convex relaxation, we say that a vector u is preferable to u’ for
the kth instance if gap(u; Q, ¢) < gap(u’; Q, ¢).

7.3.3.1 Random Instances

We use the set of randomly generated instances as in [5] and [22]. The parameters
are chosen as follows:

1. The linear coefficients ¢; are chosen uniformly and independently in the range
[—100, 100].

2. The diagonal entries of Q € S,, are all 0, and the off-diagonal coefficients of the
symmetric matrix Q are in the range [—50, 50].

3. The matrix Q has density d. The density refers to the probability that a nonzero
will occur in any off-diagonal entry.

In the numerical experiments, we use 100 samples from the joint distribution.
We use the sample mean and the sample standard deviation to compute the
preprocessing parameters u, and uw,, by solving the respective SDPs. The results
are listed in Tables 7.1 and 7.2. In the tables, we report the following values for the
four different choices of preprocessing vectors U = Ujg, U = Uyp;(€), u =u, and

u=uyg:
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Table 7.1 Gap and CPU time for different parameters u

U= g U = Uy ()

n d Gap tu t01QP Solved Gap t_u t_01QP Solved
50 04 138 0.02 106.0 100 49 4527 23.0 100
50 0.6 15.1 0.01 109.0 100 6.7 4539 28.2 100
50 1.0 125 0.02 85.9 100 6.6 45.84 30.9 100
60 0.2 172 0.01 10224 100 5.8  53.90 43.5 100
60 04 140 0.01 11363 100 4.4  51.96 50.8 100
70 03 185 0.02 12494 100 82 5850 280.0 100
80 0.2 184 0.03 16569.2(218.0) 76 7.8  70.68  450.9 100
90 0.6 18.3 0.03 13764.3(327.7) 42 9.1 83.60 7040.1 100

100 0.1 16.5 0.02 4761.2(297.6) 16 3.5 100.83 1782 100

120 0.2 21.1 0.05 ok 0 104 129.52 5770.7(360.7) 16

*#* denotes the instances were not solvable within the time limit

Table 7.2 Gap and CPU time for different parameters u

N —

u=uy u=1uyoe

n d Gap tu t 01QP Solved Gap tu t_OIQP Solved
50 04 89 048 20.5 100 73 1.52 18.0 100
50 0.6 10.0 0.46 24.3 100 9.0 1.55 194 100
50 1.0 88 0.45 26.0 100 85 1.55 24.1 100
60 0.2 10.7 0.63 53.6 100 8.7 1.82 35.8 100
60 04 7.1 0.50 42.9 100 6.1 1.78 37.1 100
70 03 122 0.69 2925 100 109 220 261.5 100
80 0.2 124 0.67 545.1 100 10.8 2.40 4353 100
90 0.6 114 0.83 7095.1 100 11.0 3.26 6783.9 100

100 0.1 79 121 317.1 100 59 4.05 2107 100

120 0.2 13.6 1.35 3610.4(361.0) 10 13.0 4.03 5500.0(343.8) 16

. The average gap over the 100 instances.
. The CPU time taken to compute the preprocessing parameter u denoted by “t_u".

For the distribution method using the samples, “t_u" is the total CPU time taken
to solve the 100 SDPs. For the mean based and marginal based method (using
only the mean and standard deviation), “t_u" is the CPU time taken to solve a
single SDP each. For the eigenvalue based method, “t_u" is the CPU time taken
to compute the largest eigenvalue of Q which is almost immediate.

. The total CPU time taken to compute all the convex QUBOs is denoted by

“t_01QP". If we solve every instance within 10 minutes, we report the total CPU
time. If there are m < 100 instances that are solvable within 10 minutes each, we
report the total CPU time to solve these m instances and report the average time
for the m solved instances in the parentheses.

. The number of instances (out of 100) which are solved within 10 minutes is

denoted by “solved".
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Fig. 7.1 Boxplot of the relative gaps for all the 100 scenarios

In addition to the average gap, we plot the distributions of the relative gaps for
the 100 scenarios using the boxplot in Fig. 7.1. From Tables 7.1 and 7.2, we observe
that the average relative gap of using w, , is always smaller than using u,;; and u,.
In addition to the average value, from Fig. 7.1 we observe that the relative gap of
using u, ¢ has a smaller sample minimum, lower quartile (25th percentile), median,
upper quartile (75th percentile), and sample maximum than using u.;; and u,. The
relative gap using the exact samples from the distribution is the smallest as should
be expected. Hence, in terms of the relative gap between the optimal value of the
QUBO and its convex relaxation, parameter u, . is better than u,;; and u, and closest
to the distribution based method using samples.

We also plot the CPU time taken to solve the QUBO for every scenario ¢. In
Fig. 7.2, “t_01QP(u)”, denotes the CPU time taken to solve the convex QUBO with
the preprocessing parameter u for scenario c. Since the CPU time taken to solve
the QUBO by using u,;¢ is much larger than the other three methods, we exclude
the eigenvalue based method from consideration. Since uw, and uw,, are common
preprocessing vectors for all the 100 sampled instances, and we can compute them
quickly by solving a single SDP problem, the CPU time of getting u, and u,, turns
out to be negligible in Fig.7.2. However, to use u,p(¢) we must solve an SDP
problem for every instance. Hence in the plot of the CPU time to solve the QUBO,
the time 7_u,,, taken to compute u,; is added.

From Fig.7.2, we see that for small size instances (subfigure (a)) and medium
size instances (subfigure (b)), the marginal based method (using mean and standard
deviation) is better than the distribution based method using samples and the mean
based method. The CPU time of using u, to solve the QUBO have the smallest
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Fig. 7.2 Boxplot of the CPU
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sample minimum, lower quartile (25th percentile), median, upper quartile (75th
percentile), and sample maximum. For the difficult instances (subfigure (c)), the
three methods look more similar in Fig.7.2. From Tables 7.1 and 7.2, we can
see that using u, ., we need the smallest CPU time to solve all the 100 instances
when n = 90,d = 0.6. For the largest and most difficult set of instances with
n = 120,d = 0.2, very few instances can be solved to optimality in 10 minutes.
By using u., we solve 16 instances to optimality which is the same as using the
sample information.

7.3.3.2 Robustness Tests Using Permutations

We test the robustness of the marginal based method using permutation experiments.
The QCR method using the marginals is developed for the Fréchet class of
distributions with fixed marginal mean and variance. However no assumption is
made on the dependency structure between random variables. To test the robustness
of the solutions, we generate other feasible distributions in this set by permuting the
individual components of the randomly generated samples in the following manner.
Given the sample data vectors ¢V, ..., ¢(19 we compute the sample mean p
and the sample standard deviation o. For i = 1,...,n, we randomly permute

the ith component sequence of the vectors cl.(l), cfz), e Ci(100). By performing this
permutation independently for eachi = 1, ..., n, we generate a new set of samples
{c(k), k=1,...,K} where K = 100; see [18] for a similar set of experiments
in the context of stochastic knapsack problems. Note that the sample mean p
and the standard deviation o will not change after these permutations. Hence the
preprocessing parameter w, and u,, will not change. However u,, (¢) will almost
surely change since the samples have changed. As a control, we also use the average
sample based preprocessing vector defined as v, = ,1(;01 Uops (c(k)) /100. Since
Q —diag(uyp(e®) >0,k =1,..., K, we have Q — diag(uaye) > 0.

For the tests, we use two sets of parameters ((n,d) = (50,0.6) and (n,d) =
(70, 0.3)) and perform numerical tests for the samples after the random permu-
tations. For each set of data, we test the results across 15 permutations. The
preprocessing vectors Uy, u, and uw, , are computed only once and hence the CPU
time of computing these preprocessing parameters can be ignored. The numerical
results are shown in Tables 7.3 and 7.4. From Tables 7.3 and 7.4, we see that by using
uu the average gap is smaller than using u, and u,,.. Moreover the total CPU time
taken to solve the QUBO is always the smallest for all the permutations by using
w0 This seems to indicate that exploiting the marginal distribution information
with the QCR method provides robustness.
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7.4 The Sherrington-Kirkpatrick Model

In this section, we discuss the Sherrington-Kirkpatrick model [25], the study of
which was initiated in the statistical physics community for the study of spin glasses
and has recently found applications in the machine learning and computer science
community. Consider an optimization problem of the form:

SK _ T
(SK) Z, (Q)—Xe?gﬁ}nx Qx, (7.15)

where Q € R™" is a n x n real matrix, not necessarily symmetric. In the
Sherrington-Kirkpatrick model [25], the entries Q,- j foralli, j of the random matrix
Q are standard normal random variables with mean 0 and variance 1, independently
distributed. A characterization of the asymptotic expected optimal value for this
model was first conjectured in [23] and later proved formally in [27]; see the
books [21, 28] for a detailed exposition on the result, its extensions and proof. This
characterization is given by:

1 ~
nll)ngo o E [Z;fK (Q)] = constant,

where the constant is approximately 0.763166 and obtained through a complicated
expression known as the Parisi formula. The proof of this result requires detailed
mathematical analysis and is beyond the scope of this chapter. We only provide
some brief ideas below.

For any fixed solutionx € {—1, 1}", x” Qx is a normal random variable with the
mean and variance given by:

E [XTQX] = 0 and Variance [XTQX] = n?,
where for any two solutions x, y € {—1, 1}", we have:

n

n n 2
E [(XTQX)(yTQY)] - ZZx;xj'y;yj = (; xm') .

i=1 j=1

Intuitively, we would expect many of the pairs X,y € {—1, 1} in high dimension to
be close to orthogonal and hence the objective value of the solutions will be almost
uncorrelated in many cases with )", x;y; = 0. Given a collection of k independent
and identically distributed Gaussian random variables ¢; with mean 0 and variance
o2, from extreme value theory, the expected maximum is known to satisfy:

E| max ¢
i=1,...k

lim
k—co /2 log(k)
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Since Z;f K (Q) is the maximum of 2" Gaussian random variables, many of which

will be close to uncorrelated, plugging in k = 2" and 0> = n?, we would

expect E [Z;fK (Q)] to roughly scale as n/2. The precise behavior is much more

challenging to characterize. To derive the actual expression of the expected optimal
value, it is useful to study the related partition function which is defined for any
a > 0 as follows:

PnSK (2, Q) = Z exp (cxxTQx> .

xe{—1,1}"

It is straightforward to see that:

exp@Zs¥ Q) = PSK (@, Q) = 2"exp (0255 Q).

where the first inequality is from choosing only the maximum value in the sum
defining the partition function and the second inequality is from using the maximum
value as an upper bound for each of the 2" terms in the sum defining the partition
function. The expected optimal value and the expected partition function are then
related as follows:

X 1 SK /£ . 1 SK M
lim mmE[zn @)=, tim \/zan3/2E[log<Pn @Q)]
: 1 SK (&
= oz—)olclJ,rrIzl—>oo J2anl/? + \/2n3/2E [Z" (Q)]
T ! SK (@
= lm \/2n3/2E[Z" (Q)]’

which implies:

1 ~ 1 ~

nll{go «/21/13/2 E I:Z'fK (Q)] - oz—)oloigzleoo \/20”13/2 E [lOg (P"SK (Ol, Q)>] ’
Much of the analysis is then to prove that the limit on the right hand side is well
defined and given by Parisi formula [23]. Recent work by Montanari [17] builds on
this observation to show that it is possible to obtain an algorithm that for any € > 0,
gives a vector x* € {—1, 1}" such that x*TQx* is at least (1 — €) of the optimal
value with probability converging to one as n — oo. Such a results indicates that on
average with appropriate assumptions on the randomness, the optimization problem
might be easier to solve in comparison to the worst-case.
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Chapter 8 )
Fast Heuristics and Approximation Shethie
Algorithms

Abraham P. Punnen

Abstract This chapter discusses theoretical analysis of approximation algorithms
for QUBO and the Ising QUBO. We point out that the standard performance
measure of relative performance ratio is not suitable for analysing the quality of
approximation algorithms for the general versions of QUBO and the Ising QUBO.
Thus, polynomial time approximation algorithms are considered and analyzed for
the general problems using normalized relative error and domination analysis. More
specifically, we discuss no worse than average performance bounds and how to
improve them. Also, we present polynomial time approximation algorithms for
QUBO and the Ising QUBO with a constant domination ratio. Then, the standard
performance ratio of polynomial time approximation algorithms is considered
for special cases of the Ising QUBO and QUBO. Relationships between e-
approximation algorithms for QUBO and the Ising QUBO are established when the
associated data is specially structured. Further, a polynomial time 21A -approximation
algorithm and a polynomial time , Oén -approximation algorithm, in expectation, are
presented for the Ising QUBO when the cost matrix has all diagonal entries zero and
A is the maximum degree of a node in the associated support graph. Performance
ratio of approximation algorithms for other special cases are briefly discussed.

8.1 Introduction

Recall that the quadratic unconstrained binary optimization problem (QUBO) is the
mathematical programming problem

QP: Maximize ¢(x) =xQx+c'x

Subject to: x € {0, 1}",

A. P. Punnen (<)
Department of Mathematics, Simon Fraser University, Surrey, BC, Canada
e-mail: apunnen @sfu.ca

© Springer Nature Switzerland AG 2022 207
A. P. Punnen (ed.), The Quadratic Unconstrained Binary Optimization Problem,
https://doi.org/10.1007/978-3-031-04520-2_8


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-04520-2_8&domain=pdf
mailto:apunnen@sfu.ca
https://doi.org/10.1007/978-3-031-04520-2_8

208 A. P. Punnen

Y
1%
° X
X L]
7 7 )
(a) (b)

Fig. 8.1 QUBO vs Ising QUBO: shifted centre. (a) QUBO: centre (1/2,1/2,1/2). (b) Ising QUBO:
centre (0,0,0)

where Q = (g;;) is an n x n symmetric matrix and ¢’ = (c1, ¢2, ..., ¢,) is a row
vector in R”. Without loss of generality, the diagonal elements of Q are assumed to
be zero and Q is not the zero matrix. Another closely related problem, equivalent to
QUBO (up to optimality), is the Ising QUBO which is to

IQ: Maximize ¢(x) =XxAx+b'x

Subject to: x € {—1, 1}",

where A = (a;;) is a symmetric n x n matrix and b? = (b1, by, ..., by) is atow
vector in R”. An instance of the Ising QUBO is completely defined by the matrix A
and the vector b and hence we sometimes use the ordered pair (A, b) to represent
an instance of the Ising QUBO. Similarly, an instance of QUBO is represented by
the ordered pair (Q, ¢). Note that the Ising QUBO can be obtained from QUBO
by shifting the centre (1/2,1/2,...,1/2) of the hypercube [0, 1]” to the centre
0 = (0,0, ...0) of the hypercube [—1, 1]" (Fig. 8.1).

Both QUBO and the Ising QUBO can be represented in various forms. For a
detailed discussion on this, we refer to Chapter 1. We will sometimes use the graph
theoretic version of QUBO which can be stated as follows. Let V = {1,2,...,n}
and £ = {(i, j), (j,i) : gij # 0}. The directed graph G = (V, E) is called the
directed support graph of Q and the weight of the edge (i, j) € E is g;;. Note that
gij = qji and G has no loops. The weight of the node i € V is ¢;. Then, the QUBO
is to find a subset S of V such that

Z qij +ZC;

(i,/))eG[S] ieS

is maximized, where G[S] is the subgraph of G induced by S. The graph G can also
be viewed as an undirected graph, where edges (i, j) and (j, i) are replaced by one
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undirected edge (i, j) of weight 2¢;;. In this case, we call G the support graph of Q
and the edges of G can be labelled as an ordered pair (i, j) withi < j.

In the directed graph G discussed above when vertex weights are chosen as b;
fori € V and edge weights are chosen as g;; for (i, j) € E the Ising QUBO is to
assign positive or negative signs (x; = 1 or —1) to nodes of G such that

Z aijxixj + Z bix;

(i,j)eE 8%

is maximized. We also have the analogous undirected version where the weight of
the edge (i, j) is 2a;j and i < j.

The problems QUBO and Ising QUBO are closely related. The Ising QUBO
(A, b) can be converted to an equivalent QUBO (Q¢, ¢*) (here the equivalence is
only up to optimality) using the linear transformation

X =2X —e, 8.1)

where e is the all-one vector. This transformation also generates an additive constant
K“ in the objective function. It can be verified that Q% = 4A, (¢*)" = 2(b” —e’A —
e’AT) and K¢ = e’ Ae — b”e. Thus, for each x € {—1, 1}" there is a corresponding
X = )(x+e) € {0, 1}" such that

e(x) =X AX+b' x =X QX+ (¢)'Xx+ K = ¢p(X) + K* (8.2)

Similarly, the instance (Q, ¢) of a QUBO can be converted into an equivalent (up to
optimality) instance (A7, b?) of the Ising QUBO using the linear transformation

X = ;(§+e), (8.3)

where A4 = }‘Q, (b = i(eTQ + e"Q” + 2¢") along with an additive constant
K1 = }‘eTQe + écTe. Thus, for any x € {0, 1}", there is a corresponding X =
2x — e € {—1, 1}"* such that

dx) =X Qx+'x =X"AIX+ b)) X+ K7 = pX) + K9 (8.4)

Both QUBO and Ising QUBO are strongly NP-hard. In Chap.3 we have seen
various polynomially solvable special cases of these problems. In this chapter we
focus primarily on approximation algorithms.

Before getting into the technical details, let us discuss briefly some of the
notations used in this chapter. The continuous relaxation of an optimization problem
P is denoted by P* and the optimal objective function value of P (P*) by oPT(P)
(OoPT(P™)). The terminology QUBO refers to the quadratic unconstrained binary
optimization problem and QP refers to the specific mathematical programming
representation given at the beginning of this chapter. Similarly, the terminology
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Ising QUBO refers to the Ising version of the quadratic unconstrained binary
optimization problem and IQ refers to the specific mathematical programming
representation given at the beginning of this chapter for the Ising QUBO. However,
we sometimes use these notations interchangeably. Although ¢ (x) is defined for
x € {0, 1}", we extend the notation to x € [0, 1]"” as well. Likewise, the notation
¢(x) is extended to x € [—1, 1]". A vector with all components equal to 1 is denoted
by e, all components equal to ; is denoted by h, and with all the components equal
to zero is denoted by 0. The expected value of a random variable x is denoted by
E(x). For all other notations, we follow the convention introduced in Chap. 1.

An algorithm for an optimization problem is said to be a heuristic if the solution
produced by it is not guaranteed to be optimal. Heuristics are also referred to
as approximation algorithms, but sometimes, when talking about approximation
algorithms, a polynomial time complexity is assumed. However, we make no
distinction between heuristics and approximation algorithms and whenever poly-
nomial complexity is required, we explicitly state ‘polynomial time approximation
algorithms’. Zemel [41] analyzed various performance measures of heuristic algo-
rithms for combinatorial optimization problems and suggested desirable properties
of good performance measures. Let us now look at some of the popular theoretical
performance measures of a heuristic algorithm.

Let H be a heuristic algorithm for an optimization problem OP (in maximization
form) which produces a solution with objective function value H (P) for an instance
P. Then, H is said to be a i-approximation algorithm if

1
H(P) > OPT(P) for any instance P of OP
€

where 0 < i < 1. A solution produced by a i-approximation algorithm is called
a i-optimal solution. The quantity i is called the relative performance ratio of
H. In this definition, we assume that OPT(P) > 0. For QUBO, since ¢(0) = 0,
OPT(P) > 0 and hence a heuristic H with H(P) < 0 is not a i-approximation

algorithm for any 0 < i < 1. As we will see later, when P is an instance of the
Ising QUBO, oPT(P) > 0 when the diagonal elements of A are non-negative and
hence any heuristic algorithm H with H(P) < Oisnota i-approximation algorithm
for such a problem.

Although QUBO is equivalent to the maximum weight cut problem (see
Chap.1 for the definition), this equivalence is established only at optimality.
A i-approximation algorithm for the maximum weight cut problem does not
necessarily give a i-approximation algorithm for QUBO. In the same way,
existence of a i-approximation algorithm for the Ising QUBO need not imply

the existence of a i-approximation algorithm for QUBO, although there is a
one-to-one linear transformation which maps the solution space of QUBO to the
solution space of the Ising QUBO and vice versa. Thus, the QUBO and the Ising
QUBO needs to be analyzed independently when the relative performance ratio is
considered as the measure of quality. However, as we will see later, there are relative
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performance ratio preserving reductions between QUBO and Ising QUBO when
additional restrictions are imposed on the problem data. Moreover, unless P=NP, no
polynomial time ;-approximation algorithm exists for the general Ising QUBO, for
any € > 0 [4]. In fact, testing if the general Ising QUBO has a solution with a non-
negative objective function value is itself NP-hard [4]. However, polynomial time
;-approximation algorithms are possible for the Ising QUBO when the diagonal
elements of A are zeros [4, 8, 11, 19, 24, 30] for appropriate values of €.

Another performance measure of a heuristic algorithm is the normalized relative
error [34, 40] which is defined as

OPT(P) — H(P)
K = 1n
Pel OPT(P)-—j

where B is the average of the objective function values of all solutions of P and
7 is the collection of all ‘non-trivial’ instances of P. When « < 1 for a heuristic
algorithm H, the solution produced by H will have a value of at least 8 (i.e. the
solution is no worse than average). When k = 0, H guarantees an optimal solution.
For QUBO, oPT(P) # B for all non-trivial instances, where trivial instances of
QUBO are those with Q is the zero matrix and c is the zero vector. Palubeckis [34]
considered theoretical analysis of algorithms with normalized relative error while
Tavares [40] examined the measure using experimental analysis.

Yet another performance measure, closely related to «, is the differential
approximation ratio § [9] which is defined as

. H(P)—min(P)
= per OPT(P) — min(P)’

where min(P) is the worst objective function value. For details on the analysis
of approximation algorithms using the differential approximation ratio for various
combinatorial optimization problems, we refer to [9]. Nesterov [31] used the
differential approximation ratio as the performance measure for a semidefinite
programming based polynomial time approximation algorithm for a special case
of the Ising QUBO.

Domination analysis of algorithms [12, 15] is another way to measure the
performance of a heuristic algorithm. A solution x of a maximization problem P is
dominated by another solution x’ if 0BJ(X) < OBJ(x), where OBJ(xX) is the objective
function value of x. Let x* be the solution produced by the heuristic algorithm H
for the maximization problem P which is defined over the finite family # of the
feasible solutions and D(H) = {x € ¥ : OBJ(X) < OBJ(x*)}. Then, D(H) is the
collection of all solutions of P dominated by x*. The heuristic H is said to have
domination number § if |D(H)| > 6 for any instance of the problem P [12, 41].
Further, H is said to have domination ratio p [12] if

D)
p = inf

pel |F]
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Note that 0 < p < 1 for all instances of P and when p = 1, the algorithm
H guarantees an optimal solution. For QUBO and the Ising QUBO, |F] = 2",
a fixed number that depends only on the problem dimension and is independent
of the other parts of the problem data. The domination ratio has been used in the
analysis of heuristic algorithms for the travelling salesman problem [14, 37]. For a
survey on domination analysis of algorithms for various combinatorial optimization
problems, we refer to [15]. Each of the performance measures discussed above
has its own merits and drawbacks. However, each of these measures also provides
distinct insights into the quality of a heuristic algorithm.

In this chapter, we consider polynomial time heuristic algorithms for QUBO
and the Ising QUBO. Whenever applicable, we discuss appropriate performance
measures in terms of relative performance ratio, differential approximation ratio,
normalized relative error, or domination ratio.

8.2 Rounding Algorithms

Let us first discuss a very simple class of algorithms for QUBO which ‘rounds’ a
solution x € [0, 1]" to obtain a solution X’ € {0, 1}" such that ¢(x’) > ¢ (x). These
types of algorithms for QUBO were considered by many authors [28, 40] in different
contexts.

Forany k € {1, 2, ..., n}, ¢(x) can be written as

n n n n
¢ = | D eixi+ DY aqijxixj |+ xk<ck+ZZijxj> (8.5)
j=1 i=1 j=1 j=1
J#k i#k sk Jj#k
Since we assumed that the diagonal elements of Q are zeros, the condition j # k
in the second bracket of Eq. (8.5) is redundant, but we are keeping it to emphasise
that the associated summation is independent of x;. In Eq. (8.5), the first bracket is
independent of xi. Let

n
qk) =cr + Zz%jxj-

j=1
J#k
Now, consider the solution X defined by
xjif j #k,
Xj=1q1if j=kandg(k) >0 (8.6)

0if j = kand g(k) < 0
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Then, it is easy to verify that ¢ (X) > ¢ (x) and the number of fractional components
of X is one less than that of x, whenever x; is fractional. Repeating this rounding
operation by using X in place of x and continuing the process, after at most n
iterations we get a 0—1 solution x" with d)(xo) > ¢ (x). These steps are summarized
in the [0, 1]-rounding algorithm below.

Algorithm 1: The [0, 1]-rounding algorithm
1 Let x € [0, 1]" be a given fractional solution and set X0 =x:
2§« {i:x ¢{0,1}}

n
fori € Sdog(i) =c; +22f1ijxj§

3
j=1
J#i
4 while S # ¢ do
5 choose k € S and update S = S\ {k};
6 ifq(k)gOthensetx,?:l;
7 else set x,? =0;
8 fori e Sdoq(i) =q@i)+ 2qik(x,? —xx)// updating ¢q(i) for
ies;
9 end

10 output x0

Theorem 8.1 The [0, 1]-rounding algorithm constructs a solution x e {0, 1}"
from a solution x € [0, 11" such that ¢ (x°) > ¢ (x) in O (n?) time.

The proof of this theorem follows from repetend application of Eq.(8.5) and
the rounding scheme (8.6). Formula (8.5) and the validity of the [0, 1]-rounding
algorithm as presented above depends on the fact that the diagonal elements of Q
are Zeros.

Since Q is a symmetric, non-zero matrix with diagonal entries zero, tr(Q) = 0
and hence the sum of its eigenvalues is zero. Then, Q has at least one negative
eigenvalue and one positive eigenvalue. (Recall that Q is not a zero matrix.)
Therefore Q is neither positive semidefinite nor negative semidefinite. When Q is
positive semidefinite, ¢ (x) is convex over [0, 1]" and hence there exists an optimal
solution to QP* which is at an extreme point of the hypercube [0, 1]"”. The [0, 1]-
rounding algorithm establishes the extreme point optimality property when the
diagonal elements of Q are zeros and offers a construction scheme to produce
an extreme point optimal solution from an arbitrary optimal solution. Note that
convexity is not a necessary condition for the extreme point optimality property.
When the diagonal elements of Q are non-negative ¢ (x) is coordinate-wise convex
(convex in each variable) and this is sufficient to establish extreme point optimality
and the [0, 1]-rounding algorithm can easily be amended to handle this case.

Theorem 8.2 The optimal objective function value of QP and QP" are the same
when the diagonal elements of Q are non-negative. Further, there exists an optimal
solution to QP” which is at an extreme point of the hypercube [0, 11"
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Proof Let x* be an optimal solution to QP*. If x* ¢ {0, 1}", apply the [0, 1]-
rounding algorithm (with appropriate changes to handle non-negative diagonal
elements of Q, if applicable) to compute a solution x0 € {0, 1}"*. Then, ¢(XO) >
¢ (x*). Since x* is an optimal solution of QP*, ¢ (x*) > ¢ (x°). Thus, ¢ (x*) = ¢ (x*)
and the result follows.

The [0, 1]-rounding algorithm can be implemented using an incremental con-
struction of a solution to a p x p QP for p = 1,2,...,n converging to a
solution to QP, which is the solution for the n x n QP obtained. The worst case
complexity of this implementation is still O(n?) but could be slightly faster in
computational experiments compared to the implementation discussed in the [0, 1]-
rounding algorithm.

Algorithm 2: The incremental [0, 1]-rounding algorithm

1 Input: x* € [0, 11"%;
2 S’(—{j:0<x7<1}andS<—{j:x}fe{0,1}};
3 x? <—x}fforj IS
4 while S # ¢ do
5 Choose k € S;
6 ifck~|—22jesqij}‘>0thenx,?=1;
7 else x,? =0;
8 S« S\{k},S < SU{k)
9 end
10 output x°

Lemma 8.1 The incremental [0, 1]-rounding algorithm terminates in O (n®) time
with a solution x° € {0, 1}" such that ¢ (x°) > ¢ (x*).

Let us now discuss our rounding algorithm for the Ising QUBO [8, 11, 24]. It
works almost the same way as the [0, 1]-rounding algorithm above. The algorithm
takes the input solution x* € [—1, 1]" and produce the output solutionx’ € {—1, 1}"
such that ¢ (x%) > ¢(x*).

Algorithm 3: The [—1, 1]-rounding algorithm
1 Input: x* € [—1, 1]
2 S<—{j:—1<x;‘<1};
3 x0 « x*;
4 while S # ( do
5 choose k € S;
6 if b + 32y o (aks + ajk)x? > 0 then set x) = 1;
7 else x,? =—1;
8 S <« S\ {k};
9 end
10 output x°
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Theorem 8.3 The [—1, 1]-rounding algorithm produces a solution x° of 1Q satis-
fying (x°) > p(x*) in O (n?) time.

Proof Note that the diagonal elements of A are zeros. Then, for any k €
{1,2,...,n}

n n n n
(p(X)ZijXj—l—ZZaijxin—i-xk bk+Z(akj +aj)x;
j=1 i=1 j=1 j=1
j#k ik otk ik

If by + Z?:l (akj + ajk)x;‘ > 0, we can increase x,’g to 1 to obtain a better solution.
J#k
Likewise, if by + 27:1 (ar; + ajk)xf/'.‘ < 0 we can decrease the value of x;’ to —1
JFk
to obtain a better solution. This observation establishes the validity of the theorem.

The complexity calculation is straightforward.

By choosing x* = 0 and using the [-1,1]-rounding algorithm, we can construct a
solution x” of IQ such that q)(xo) > (. This shows that the optimal objective function
value of the Ising QUBO is non-negative. Theorem 8.3 has another important
consequence. As in the case of QUBO, for the Ising QUBO, the [—1, 1]-rounding
algorithm can be modified easily to handle the case when the diagonal elements of
A are non-negative.

Corollary 8.1 ([8, 26]) When the diagonal elements of A are non-negative, there
exists an optimal solution X° € {—1, 1} to the continuous relaxation 1Q" of IQ.

The [—1, 1]-rounding algorithm and the [0, 1]-rounding algorithm can be
repeated multiple times to obtain improved solutions, in practice. The solution
quality of the rounding algorithms depends on two factors:

1. the starting solution x and
2. the order in which variables are selected to round.

By choosing these elements randomly and repeating the algorithm multiple times,
followed by changing the starting solution vector, good solutions can be obtained
which can be further improved using local search or metaheuristic algorithms (see
Chap.9). In this sense, the rounding algorithms play a major role in search path
diversification of metaheuristic algorithms.

The empirical performance of the rounding algorithms depend on the criteria
applied to select the index k to ‘round’. As mentioned above, making this a random
choice, the algorithm can be repeated multiple times and then we could choose
the overall best solution obtained. We can also select the index k using |g (k)| =
max;ecs{|g(i)|} for the [-1,1]-rounding algorithm or can develop other specific
selection rules, depending on the nature of the rounding algorithms. Palubeckis [34]
considered the special cases of the [0, 1]-rounding algorithm when the starting
solution is the all-half vector h. The algorithm can also be repeated by selecting
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different fractional vectors carefully, to achieve improved performance in practice.
For example, later, we will discuss how to generate a ‘good’ x € [—1, 1]" from
an optimal solution to a semidefinite programming (SDP) relaxation of 1Q. This
construction depends on choosing a random n-dimensional Gaussian and hence can
be repeated multiple times to produce improved solutions. For experimental analysis
on the rounding algorithms and other simple construction heuristics, and for further
theoretical analysis of these types of algorithms, we refer to [36].

Although our rounding algorithms produced some performance guarantee, we
will see later that by choosing carefully the starting solution, different (and better)
performance guarantees can be obtained for both QUBO and the Ising QUBO.

8.3 The Normalized Relative Error

Let us now consider algorithms for QUBO and the Ising QUBO that produce
solutions with objective function values guaranteed to be no worse than average.
For such algorithms, the normalized relative error k < 1. Consequently, we mostly
talk about the performance guarantee in terms of the average value of solutions,
rather than «, but the value of ¥ will be implicit. A solution is said to be no-worse
than average if its objective function value is greater than or equal to the average of
the objective function values of all solutions.

We first establish a closed form formula to compute the average of the objective
function values of all the solutions of QUBO. Note that the centre of the hypercube
[0, 17" is the all-half vector h. Considering the symmetry of the hypercube, it is
reasonable to expect that the average of the objective function values of all the
solutions of QUBO is attained at h. Our next theorem shows that this is indeed

true. Let Q = Zn:Zn:qij and C = Zn:ci.
i=1

i=1j=1
J#

Theorem 8.4 ([34]) The average of the objective function values of all 2" solutions
of the QUBO (Q, ¢) is A(Q,¢) = 1o + 1C.

Proof Consider n independent random variables x1, x2, ..., x, taking values O or
1, each with probability ; Then, the expected value E(x;) of x; is ; Fori # j, x;
and x; are independent and hence E(x;x;) = E(x;)E(x;) = }‘. Now, consider the
random variable

X = Z Z q,/x,x,—l—Zc iXj.

i=1 j=I1,j#i
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By the linearity property of expectation and using the fact that g;; = 0 for all i, the
expected value of X is

1 n n 1 n
EX)=, > ) aij+,) ¢
i=1

i=1 j=1
and the result follows.

Remark 8.1 When Q is allowed to have non-zero diagonal elements, the average of
the objective function values of all 2" solutions of QUBO is A(Q, ¢) = AllQ + éC +
étr(Q), where tr(Q) is the trace of the matrix Q. Note that in the definition of Q, the
diagonal elements are excluded.

Corollary 8.2 A solution to the QUBO (Q, ¢) with objective function value no
worse than A(Q, ¢) can be identified in O (n?) time.

Proof Note that the objective function value of the fractional solution x = h, the
all-é vector, is A(Q, ¢). Then, by Theorem 8.1, the solution x* produced by the
[0, 1]-rounding algorithm, starting with h, satisfies ¢ (x*) > ¢(h) = A(Q, ¢) and
the result follows.

In fact, the [0, 1]-rounding algorithm can be used to guarantee a performance
bound that is better than A(Q, ¢).

Theorem 8.5 A(Q,c¢) < ¢(Q,c) = max {0, Q+C, - 34% } Further, a solution

with objective function value no worse than £ (Q, ¢) can be identified in O (n?) time.

Proof Consider the single variable quadratic function f(y) = Qy? 4+ Cy for y €
[0, 1]. Note that A(Q, ¢) = f(1/2) and hence A(Q, ¢) < max {f(y) : y € [0, 1]}.
If Q > 0 then f(y) is a convex function and hence its maximum is attained either
atOorat 1. If Q < 0O, then f(y) is concave and its maximum is attained either at 0
orat 1 if ES ¢ [0, 1] and at y* = ES if 0 < y* < 1. Let x" be the all-zero solution

and x! be the all-one solution. If 0 < ES < 1 then choose the fractional solution

x with x; = — 2% for all i and then ¢(x) = — 1%?. Now apply the [0, 1]-rounding
algorithm, starting with this x, and let the resulting solution be x*. Theorem 8.1

2 .
guarantees that ¢ (x*) > — 34C . Then, the best of x°, x!, x* is guaranteed to have an
objective function value no worse than ¢ (Q, ¢) and the result follows.

From Theorem 8.5, it follows that when Q > 0, one of the trivial solutions, the
all-one or all-zero solutions, is no worse than average. This probably raises questions
on the merit of using the performance guarantee A(Q, ¢). To highlight its relevance,
it may be noted that even powerful local search algorithms could get trapped at a
solution with value less than A(Q, ¢) [34].

Consider the instance of QUBO where the matrix Q has all elements equal to
one, except the diagonal elements which are zeros. Let ¢; = — ; (k — 1+ €) where
€ > 0 is a very small number. Then, A(Q,¢) = ; (n —k —¢€) > Oforallk < n
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for an appropriately small € > 0. Now consider the neighborhood consisting of all
r-flip moves where r < k [33, 34]. Then the all-zero solution is locally optimal with
respect to this neighborhood and this local optimum has value zero which is less than
A(Q, ¢). These types of neighborhoods are very powerful, even for small values of
k and is the basis for many successful implementations of complex metaheuristics
for QUBO. See Chap.9 for a detailed discussion on metaheuristic algorithms for
QUBO.

Let us now look at another performance measure related to A(Q, ¢) introduced
by Palubeckis [34]. Let QP(r) be the optimization problem obtained from QP with
the additional restriction that } 7| x; = r and let F () be the family of all feasible
solutions of QP(r). Then, |F(r)| = (%) and F(r) N F(s) = ¥ for r # s. The average
of the objective function values of all solutions of QP(r) is denoted by A, (Q, ¢) and
F* = [nax A (Q, ©).

r=n

Theorem 8.6 F* > A(Q, ¢)
Proof Since

Yor—o | F(NIA(Q, ©)
SrolFOl

we have A(Q, ¢) < maxg<,<x Ar(Q, ¢) =

It is not difficult to construct instances (Q, ¢) of QUBO such that F* > A(Q, ¢).
Thus, it will be interesting to develop heuristic algorithms for QUBO that guarantee
solutions with objective function values no worse than F*. We now discuss one such
algorithm based on the works of Palubeckis [34]. First, let us derive a closed form
formula for A, (Q, ¢).

Theorem 8.7 A,(Q, ¢) = r(r Z Z aij + Z ci

ll/l

AQ,¢) =

Proof Let x', x%...,x' be the collection of all solutions of QP(r), where r = (;’)
Then,

n

t n n
AQo = DY ke + Y et
i=1

k=1 \i=1 j=1

1 n n t
=, | 222w 2owix ) a Zx
i=1 j=1 k=1 i=1 k=1
For simplicity, we assume that » > 2 but the formula works forallr =0, 1, ..., n.

Note that Z;C 1 xk counts the total number of solutions of QP(r) containing x; = 1
which is ("~ }). Likewise, > f_ x{x'; counts the total number of solutions of QP(r)
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containing both x; = x; = 1 and this is ('Z:g) Thus,

ﬂr(Q,c>=: ( )ZZ%J (”_I)Zc,-

i=1j=1 i=1

Substituting ¢ = ('r') and simplifying, we get the result.

In view of Theorem 8.6, to efficiently construct a solution of QP with objective
function value no worse than F*, it is sufficient to find a solution for QP(r) with
objective function value no worse than A, (Q, ¢) forr =0, 1, ..., n and choose the
best overall solution. So, let us explore this. Besides the connection with generating
a heuristic solution for QUBO with some level of performance guarantee, this
problem is interesting by itself since QP(r) is the cardinality constrained QUBO [27]
which also has various applications. Let A, (Q, ¢/x;x = 1) be the average value of
all solutions of QP(r) given that x; = 1 for a specified index k, for 1 <k < n.

L 82 A(Q ¢/xi = =" r_2Q+c+ +2 rr_an:-
emma 8. Q. ¢/xp = = _1\,_2 lck In 2,’:1%]{’
where r # 0

Proof When x; is fixed at value 1, we can reduce the cost matrix of QP(r) by
deleting row k and column k and adding the sum of row k and column k to the
cost vector ¢. This also releases a constant term cx. Then, A, (Q, c/xx = 1) is
¢k + Ar—1(Q’, ¢/) where Q" and ¢/, respectively, are the cost matrix and cost vector
obtained for the reduced problem. Note that Q is symmetric and g;; = 0 for all i.
Using the formula for A, (Q, ¢), we get,

A Q. ¢/xp=1) =cr + A_1(Q, ¢)

r—1(r—
=at ( |:Q ZZth:|+C—Ck+ZZ%k)

i=1
r—1/(r—-2 n—r n—rr
= C 9
n—1 (n—2Q+ >+n—1ck n—1ln-— quk

and this completes the proof.

Now, for r # 0 choose p such that

AQ.¢/xp = 1) = max A,(Q.¢/xi = 1) = A:(Q.©) (8.7)

> 1 Q + C) is a constant
independent of k. Thus, to identify p in Eq. (8.7), it is sufﬁc1ent to compute

In the expression of A, (Q, ¢/xx = 1) in Lemma 8.2, ”

glp) = ff/f‘fng(k)’ (8.8)
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where

n—r —rr—1
ghy=__ 1Ck~l-2n quk

Now, fix x, = 1 and we get a reduced problem of the type QP(r — 1) with data
(Q/, ¢/) for appropriate Q' and ¢'. The process of fixing a selected variable at value
1 as discussed above can be continued recursively, until » variables have been
fixed. Now, set the remaining variables at value zero. By the specific construction
employed and using Eq. (8.7), it can be verified that the solution, say x", obtained
will have objective function value at least A,(Q, c). We call this construction
scheme the averaged variable selection algorithm.

Theorem 8.8 The averaged variable selection algorithm produces a solution X" to
QOP(r) with $(x") > A, (Q, ¢) in O(n?) time.

The proof of the theorem follows from the preceding discussions. Let F* =
ApQ, ©) = max{A,(Q,¢) : r =0,1,...,n}. Then ¢p(x) > F*.

Theorem 8.9 (Palubeckis [34]) ¢ (xP) > F* > A(Q, ¢). A solution x* of QUBO
with ¢ (x*) > F* can be identified in O (n3) time.

Proof By construction ¢(xP) > max{¢(x") : r = 0,1,2,...,n}. The result
follows from Theorems 8.6 and 8.8.

The O(®n>) complexity indicated in Theorem 8.8 can be reduced to 0 ((n?) by
identifying and eliminating all but two values of r from consideration and then

solving QP(r) only for these two values of r. Note that forr =0, 1,...,n,
r(r—1)
A (Q,¢) = n(n Q+ Pe (8.9)
2 Q (n—-—1)C-Q
= 8.10
=D am—1 (8.10)

Now, consider the single variable quadratic function

2 Q (n—1DC-Q
Iﬁ(r)—rn(n_l)—i-r nn — 1) forr € [0, n] (8.11)

If Q > 0 then v (r) is a convex function and its maximum is achieved at »r = 0
or r = n. In this case F* = max{Ap(Q, c), A,(Q,¢)}. f Q < 0 then ¥(r) is a

concave function. Thus its maximum is achieved at r = r° where r0 = ("}Q -

If 0 ¢ (0, n) then the maximum of v (r) for r € [0, n] is achieved at r = 0 or

r = n.If r% € (0, n) then maximum of ¥ (r) for r € [0, n] is achieved at r°. But
% need not be an integer. In this case, maximum of ¥ (r) forr € {0, 1,2, ...,n}is
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achieved at r! = [r°] orat r? = [r"]. Summarizing the foregoing discussion,

e — | max{AQ, ©), Ax(Q, ©)}if @ = 0,0r @ < O and 0 ¢ (0,n)
| max{A,1(Q. ¢). A2(Q. ¢)} if Q < 0 and ¥ € (0, n).

Thus, to identify F* and the corresponding solution x” with ¢ (x”) > F* we need
to consider only two values of r.i.e.7 = 0,1ifQ > 0 or Q < 0 and 0 ¢ (0, n),
andr = r!, r2if Q < 0 and r° € (0, n). Since A, (Q, ¢) and an associated solution
x" with ¢(x") > A(Q, ¢) can be identified in O (n?) time for any given r, F* and
the associated solution x? with ¢ (x?) > F* can be identified in O (n?) time.

When Q is non-negative, we can in fact construct a solution x with ¢(x) > F*
using our [0, 1]-rounding algorithm. Note that, for non-negative integers » and n

withr < n, " < r.Then,
n— n
rir —1 r r\2 r
AaQo=""""qs ¢ ( ) o+ C.
nn—1) n n n
Consider the fractional solution X" where )El’ = ,rl foralli = 1,2,...,n. Then,

o(x") = ( 4 )2 Q + ; C. Now, apply the [0, 1]-rounding algorithm discussed earlier

to obtain a binary solution x” with objective function value ¢ (x") > (2 )2 Q+,C
It may be noted that the number of components of x” with value 1 however need not
be equal to ». Now, compute X" for » = 0, 1,2...,n and choose the overall best
solution, say x*. Then, ¢ (x*) > F*. When Q < 0 and r0 e (0, n), and r0 #* rlr2,
then also we can find a solution X" with ¢(x”) > F* by using the [0, 1]-rounding
algorithm and the fractional solution x; = ’no foralli =1,2,...,n.

If ¢ is the zero vector and the row sum and column sum of Q are zeros, F* =
AQ,¢) = A(Q,¢) =0forr =0,1,...,n. However, in this case ¢ (x) = ¢ (X)
where X is the complement of x and hence one of the components of x can be fixed at
0 (see Chap. 1). Now apply the algorithms discussed earlier on the reduced problem
to obtain a better performance guarantee than zero on the objective function value
of the resulting solution.

8.3.1 Average Value of Solutions of the Ising QUBO

Let us now consider some algorithms for the Ising QUBO that produce no worse
than average solutions. In other words, algorithms with the normalized relative
error k < 1. We first present a closed form formula to compute the average of the
objective function values of all 2" solutions of the Ising QUBO. This can be derived
from the formula for A(Q, c¢) obtained for QUBO and the transformation between
QUBO and Ising QUBO. However, a direct proof is given below. Let V(A, b) be the
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average of the objective function values of all solutions of the Ising QUBO instance
(A, b).

Theorem 8.10 V(A,b) = tr(A)

Proof Consider n independent random variables xp, x2, . .., x, which take values
—1 or 1 with probability ; each. Then, the expected value of x; = 0. Fori # j,
since x; and x; are independent, E(x;x;) = E(x;)E(x;) = 0. Also, E(xl.z) = 1.
Now, consider the random variable X = )}, Z'}Zl aijxixj + Y i bix;. By the
linearity property of expectation, the expected value E(X) of X is tr(A) and hence
V(A,b) = tr(A).

Unless otherwise stated, hereafter, we assume that the diagonal elements of A
are zeros and hence V(A, b) = 0. For QUBO, computing a solution with a non-
negative objective function value is trivial since x = 0 satisfies this. Further, the
problem of extending any partial solution, to a full solution without worsening the
objective function value is also trivial since we can force the remaining variables to
have value zero. However, both these problems are not trivial (though simple) for
the case of the Ising QUBO. Since V(A, b) = 0, we can convert the instance (A, b)
into an equivalent instance of QUBO and compute a solution that is no worse than
average. Now, convert the solution obtained back to that of the Ising QUBO and we
have a solution with a non-negative objective function value.

Let us now discuss a very simple and direct algorithm to compute a solution to the
Ising QUBO with a non-negative objective function value (no worse than average
solution). In fact, this algorithm can be used to compute a no-worse than average
solution for QUBO as well because of the equivalent transformation between QUBO
and the Ising QUBO discussed earlier. The algorithm starts with a partial solution
and extends it to full solution by incrementally fixing a free variable at value 1 or —1.
Let x° be a partial solution to the Ising QUBO defined by the set S € {1, 2, ..., n}.
That is, x; for j € § already has an assigned value of —1 or 1. The objective
function value of this partial solution is

¢’ (x') = Zzaijxixj + ijxj (8.12)

ieS jeS jes

Algorithm 4: The partial solution extension algorithm
1 Let {x;.< 1 j € S} be a given partial solution;

28« {1,2,...,n}\S;

3 while § ¢ do

4 Choose k € S and set x; = 1;

5 ifbk+2,-€s(gkj +aj0)x} < 0thenxj — —1;
6 S« SUKLS < S\ {k})

7 end

8 output x*
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Theorem 8.11 The partial solution extension algorithm, starting with a partial
solution x° of the Ising QUBO corresponding to S C {1,2,...,n}, produces a
solution xX* of the Ising QUBO such that ¢(x*) > ¢*(X*) in O(n(n — |S|)) time.
Further, when S = @, p(x*) > 0.

Proof Without loss of generality, assume that S ={1,2,...,r}. For any solution
xand i = 1,2,...,n, let o;(x) = b; + le;ll(aij + aji)x;. Then ¢(x) =
Yo xio (x). Let x* and x**! be the partial solutions produced in the iterations k
and k41 respectively of the algorithm and S; and Sk be the associated values of S
in these iterations. Then, by construction, ¢*+! (xkt1) > @’k (x*) and this establishes
that p(x*) > ¢*(x*). Also, the computation in each iteration can be carried out in
O (n) time and this proves the first part. For the second part, since S = ¥} we can
consider that the starting partial solution has its objective function value zero and
from the arguments for the first part of the theorem, the result follows.

The partial solution extension algorithm is described in [19] and it guarantees a
solution to the Ising QUBO with objective function value no worse than V(A, 0)
(which is zero) when the diagonal elements of A are zeros. The same solution will
have value at least tr(A) if diagonal elements are arbitrary. Since b can be assumed
to be zero without loss of generality, we have

Corollary 8.3 A solution to the general Ising QUBO (A, b) with objective function
value no worse than ‘V(A, b) can be identified in O (n?) time.

8.4 Domination Analysis of Algorithms

Let us now consider the performance measure of domination ratio introduced by
Glover and Punnen [12]. We first consider the Ising QUBO and then discuss how to
extend the results obtained for the Ising QUBO to QUBO.

Let F(0) = {x € {—1,1}" : ¢(x) < 0}. To carry out domination analysis of
algorithms that produce no worse than average solutions, we first want to estimate
|F(0)]. Note that [{—1, 1}"| = 2" and we will show that "}’ > L. To establish
this, we closely follow the analysis provided by Alon et al. [3] for the equivalent
maximum cut problem. We first assume that A is an upper triangular non-zero
matrix and the diagonal elements of A are zeros. Further, for simplicity, we first
assume that b = 0. For such an instance (A, 0) of the Ising QUBO, V(A, 0) = 0.

Letxy, x2, ..., x, be n independent random variables, each distributed uniformly
on {—1, 1} and let X be a random variable defined by

n—1 n
X = Z Z aijXiX;. (8.13)

i=1 j=i+1
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Since X is defined using an upper triangular matrix with zeros on the diagonal, it
is convenient to associate with X a complete undirected graph K, having edge set
(e1,€2,...,ey) where m = n(n — 1)/2 such that each e, maps uniquely to an
ordered pair (i, j),i < j and the weight a(ey) of the edge e is a;;.

Lemma 8.3 ([3]) The random variable X in Eq.(8.13) satisfies the following
properties:

1. E(X) =0and E(X*) =) _a*(ex) > 0.
k=1

2. (E(Xz))z = ;;a4(ek) +2 Y dXenaien

1<k<l<m

3 E (X4> < k;a“(ek) +30 Y deaten

I<k<€=<m

Proof Since the random variable x; takes values 1 or —1, each with probability
é, E(xl(‘) = 0 if k£ is an odd number and 1 if k£ is an even number. Now, (1) and
(2) follow from the linearity property of expectation. Let us now prove (3). In the

4
multinomial expansion of X* = (Z?;ll 27:1 41 GijXix j> , any term having an

odd power of x; as a factor contributes nothing to E(X*) since E(xf‘) = 0 for odd
k. Thus, we need to consider only three types of terms.

1. Terms of the form (a;;x;x j)4. These terms contribute to the expectation af and
the corresponding multinomial coefficient is 1. So, the overall contribution of
such terms to E(X*) is Y7~} it a?j.

2. Terms of the form (aijx,-xj)z(amx,xs)z, where (i, j) and (r, s) are distinct edges
of K,,. The multinomial coefficient in this case is 6 and the overall contribution
of the terms of this type to E(X%) is D i <kep<m aler)aler).

3. Terms of the form (aijxixj)(akgxkxg)(a,;x,x;) (ayyxuxy). This makes a non-zero
contribution to the expectation when (i, j), (k, £), (r, s), (u, v) are distinct edges
that form a 4-cycle in K,,. Let C be the collection of all such 4-cycles. Then, the
resulting contribution of any C € C to E(X*) is ]_[(l-’ jec Gij- The multinomial
coefficient in this case is 24. Thus the overall contribution of terms of this type
o E(X*) is 24 Y o [Toec e

Thus,

m

EXH =) ale)'+6 > a*ea*(e) +24> []ale) (8.14)

k=1 1<k<f<m CeCeeC

Now, for any 4-cycle with edges ¢;, e}, ek, e appearing in this order,

1
ateatepatenater) = (aPena’(en) +a*epa’(er)).
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Thus, from (8.14),

m

Exh <) ae)* +30 > a’(en)a*(er)

k=1 I<k<t<m

and this completes the proof.
Lemma 8.4 (13]) E(X*) < 15 (E(x2))".

Proof Leta =Y 1 a(e)* and B = Y| _4_y,, a*(ex)a*(ee). Then,

4
E(X*% Sa+30,3<15 Mo _

(E(XZ))Z a+28 = a+28°

and the result follows.

It may be noted that Lemma 8.4 is a strengthened version of Bonami’s
Lemma [32], which was proved in a more general context, but yielding a weaker
constant for our problem. Let us now state a bound, proved in [3], on the probability
of a random variable with bounded fourth moment being non-negative (non-
positive).

Lemma 8.5 ([3]) Let X be a real valued random variable satisfying E(X) =
0,E(X?) = 02 > 0 and E(X*) < bo* Then, Prob(X >0) > and
Prob (X <0) >

1
24/3p
1
24/3p°
Combining Lemmas 8.4 and 8.5, the probability of X being non-negative (non-

. . 1 1
positive) is at least ,, 5, > 35. Thus we

Lemma 8.6 For the Ising QUBO (A, 0) where A is an upper triangular matrix with
zeros on the diagonal , | F(0)| > %8.

In other words, for the Ising QUBO (A, 0), where A is an upper triangular matrix
with zeros on the diagonal, any algorithm that guarantees to produce a non-negative
solution has domination ratio of at least 318. In particular, the domination ratio of the

partial solution extension algorithm for the Ising QUBO (A, 0) is at least 318.

Theorem 8.12 For the general Ising QUBO (A, b) any algorithm that produces a
solution with objective function value no worse than tr(A) has domination ratio of
at least 318.

Proof First, assume that A is upper triangular with zeros along the diagonal but b
is arbitrary. Construct the (n 4+ 1) x (n + 1) matrix A’ with its (n + 1)th column as
(b, 0)” and the (n+ 1)th row as the zero vector 0 in R”*!. Consider the Ising QUBO
(A’, 0) with variables X' = (x{, x5, ..., %, %) € {1, 1)1 Let ¢/(x) denote

the objective function of the Ising QUBO (A’, 0). Then ¢'(x') = ¢’(—x). Take any
solution x’ of the Ising QUBO (A’, 0) with x,4+1 = 1 and let x € {—1, 1}" be the
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solution obtained from x’ by truncating the (n + 1)th component. Then, ¢'(x") =
9(x). Let F'(0) = {x' € {—1, 1}"*' : p(x') < 0}. By Lemma 8.6, " @1 > L. Let

> on+l

FO) ={xe{-1,1}": (x,1) € F/'(0)}. Since ¢p(xX') = ¢p(—X) for all X' € F’'(0),
|F'(0)| = 2| F(0)|. Further, F(0) is precisely {x € {—1, 1} : ¢(x) > 0}. Thus,

IFO) _2[FO) _ [F/©O] _ 1
on T ondl T ontl T 387

The last inequality follows from Lemma 8.6. This proves the theorem for the Ising
QUBO instance (A, b) when A is upper triangular with zeros on diagonal, but
arbitrary b vector. Including arbitrary elements on the diagonal simply add tr(A)
to the objective function value of all solutions and hence the result is true for this
case as well. Finally, replacing A by é (A + AT) will not alter the objective function
values and hence the result is true for all symmetric matrices and this concludes the
proof.

Corollary 8.4 The domination ratio of any algorithm for the Ising QUBO that

produces a solution with objective function value no worse than V(A, b) is at least
1

38"

In the previous section, we discussed heuristic algorithms for QUBO that
guarantee solutions with objective function value no worse than A(Q, ¢), but
deferred the discussion of domination analysis. To identify the estimates for the
domination ratio of such algorithms, we want to determine the number of solutions
with objective function value no worse than A(Q, ¢).

Theorem 8.13 Forx € {0, 1} andXx =2x—e € {—1, 1}", if p(x) < A(Q, ¢) then
e(X) < V(A1,b%) + K4. Likewise, forx € {—1,1}" and X = é(x +e) € {0, 1} if
@(x) < V(A,b) then ¢(X) < AQ?, ¢*) + K.

Proof Note that A(Q, ¢) = V(A?,b?)+ K9 and ¢ (x) = ¢(X) + K. Since ¢(x) <
AQ, ¢), we have p(X) + K9 < A(Q,¢) = V(A?,b?) + K9 and hence ¢(x) <
V(A1,b?). The proof of the second part follows analogously.

Let Q(Q,¢) = {x € {0, 1}" : ¢(x) < A(Q,¢)} and '(A,b) = {x € {—1,1}* :
p(x) < V(A, b)}.

Corollary 8.5 Q(Q,c) =T'(A?,b?) and I'(A, b) = Q(Q%, c%).
As a consequence of Theorem 8.13 and Corollaries 8.4 and 8.5, we have

Theorem 8.14 Any algorithm that produces a solution with value no worse than
A(Q, ¢) for the instance (Q, ¢) of a QUBO have domination ratio of at least 318

A proof of Theorem 8.14 is explored in [35] using a different random variable
than X and the expressions there are too cumbersome. The domination ratio of any
algorithm for QUBO or the Ising QUBO that guarantees no worse than average
solutions (and no other guarantees) cannot be more than i. Consider the instance
(Q, ¢) of QUBO where ¢ = (—1,0,0,...,0) and g;» = 1 with all other elements
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of Q are zeros. Here A(Q, ¢) = —}1. The set of solutions with objective function
value less than or equal to —}1 is precisely those solutions with x; = 1 and x, = 0.
There are 2"~2 such solutions and so the domination ratio cannot be more than }‘.
When G is bipartite, this lower bound is the precise value of the domination ratio of
algorithms that guarantee no worse than average solutions. For a nice proof of this,
see Chap. 10.

Let us now state a non-approximability result for QUBO in terms of domination
ratio.

Theorem 8.15 Let o and B be relatively prime natural numbers bounded above by
a polynomial function of the input length of the associated QUBO such that @ >
and let § = % Then, unless P=NP, no polynomial time heuristic algorithm for

QUBO can have domination ratio more than 1 — 20510,

For an analogues result, along with a validity proof for the case of the bipartite
QUBO, we refer to Chap. 10.

8.5 Relative Performance Ratio and Approximation
Algorithms

As observed earlier in this chapter, the Ising QUBO can be transformed into an
equivalent QUBO and viceversa in such a way that the corresponding optimal
solutions sets are preserved. However, because of the resulting constants K¢ and
K17 in the objective function, the relative performance ratio is not preserved under
these transformations. Thus, existence of an e-approximation algorithm for the Ising
QUBO need not imply directly the existence of an e-approximation for QUBO and
viceversa. However, for a fairly large class of problem instances, the existence of a
polynomial time e-approximation algorithm for QUBO implies the existence of a
polynomial time e-approximation algorithm for the Ising QUBO and viceversa.

We start with a negative result that, the Ising QUBO (A, b), when the diagonal
elements of A are permitted to take at least one negative value, cannot be
approximated by any factor in polynomial time [4]. We now show that

Theorem 8.16 Unless P=NP, no polynomial time algorithm exists to determine if
the optimal objective function value of the Ising QUBO is non-negative or not.

Proof Consider the Ising QUBO (A, 0) where the diagonal elements of A are zeros
and A has integer entries. We call such an Ising QUBO as the zero diagonal integer
Ising QUBO. Suppose that there is a polynomial time algorithm £ which determines
if the optimal objective function value of an instance of the Ising QUBO (without
any restrictions on A) is non-negative or not. We will show that using this algorithm,
we can compute precisely the optimal objective function value of the zero diagonal
integer Ising QUBO in polynomial time. Note that the optimal objective function
value of the zero diagonal integer Ising QUBO (A, 0) is non-negative (Lemma 8.10)
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and belongs to [0, n2amax] where amax = maxi<; j<x lajj|. Let A’ be the matrix
obtained from A by assigning aj; = —K for some constant K. Now by applying £
on the Ising QUBO (A, 0) by choosing K € [0, n2amax] in a binary search fashion,
we can determine the precise optimal objective function value of the zero diagonal
integer Ising QUBO (A, 0) in O(f (L) log(nzamax)) time where O (f (L)) is the
complexity of L. Since the evaluation version of the zero diagonal integer Ising
QUBO is NP-hard, the result follows.

The result of Theorem 8.16 was mentioned in[4] and suggested a reduction from
the maximum cut problem. Despite the negative result established in Theorem 8.16,
when the diagonal elements of A are restricted to be zero, as we will observe later
in this subsection, interesting e-approximation algorithms can be obtained for the
Ising QUBO. For QUBO, restricting diagonal elements of Q to be zero is not much
of an advantage. Our next theorem shows that obtaining meaningful bounds on the
relative performance ratio for a polynomial time heuristic algorithm for QUBO is
difficult, even in some very restricted form.

Theorem 8.17 Unless NP = ZPP, there does not exist any polynomial time n' -

approximation algorithm for QUBO for any € > 0, even if the diagonal elements of
Q are zeros, Q contains only two distinct non-zero entries, and all elements of ¢ are
unity.

Proof Let G = (V, E) be a graph on n nodes with ¢; = 1 for all i € V and
qgij = 4ji = 0 if (i, j) ¢ E. Choose qij = 4ji = —(n+1 for all (i,j) € E.
Now, suppose that there is a n' ~€-approximation algorithm for QP and let S be the
solution produced by such an algorithm for the instance (Q, ¢) of QP. (Here we use
the graph theoretic form of QP.) Note that OPT(Q P) is the size of the maximum
stable set in G and it is at least one. Further, the subgraph G[S] of G induced by
S must be a stable set and the heuristic solution value is precisely the size of this
stable set. Thus, the existence of an n'~¢-approximation algorithm for QP implies
the existence of such an algorithm for the maximum stable set problem. The result
now follows from the fact that no polynomial time n!~¢-approximation algorithm
for the maximum stable set problem can exist unless NP=ZPP [10, 17, 18].

It may be noted that ZPP (zero-error probabilistic polynomial time) is the
complexity class of decision problems where a probabilistic Turing machine exists
which returns a correct YES or NO answer in time polynomial in expectation for
all possible input [6]. For more approximation hardness results for the maximum
stable set problem (maximum clique problem) that translate to approximation
hardness results for QP, we refer to [10, 16, 38, 39]. Despite the negative result
established in Theorem 8.17, it is possible to identify special cases of QUBO
that admit e-approximation algorithms and even fully polynomial approximation
schemes (FPTAS) [7, 20]. We will come to this later. From Theorem 8.17 we have

the corollary
Corollary 8.6 No polynomial time n'~¢-approximation algorithm exists for the
QUBO (Q, 0) for any € > 0, unless NP = ZPP, if Q is an arbitrary matrix.
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Let us now explore the question: under what conditions an e-approximation
algorithm for the QUBO guarantees an e-approximation algorithm for the Ising
QUBO and vice versa.

A matrix M is said to be a zero sum matrix if the sum of its elements is zero and
a strong zero sum matrix if the sum of its elements in each row is zero and the sum
of the elements of each column is also zero. There are many special cases of this
class of matrices. For example, the Laplacian matrix of a graph is a strong zero sum
matrix and so is the matrix / — D, where D is a doubly stochastic matrix and 7 is an
identity matrix. A vector ¢ is said to be a zero sum vector if the sum of its elements
is zero.

Theorem 8.18 [f the Ising QUBO (A, 0), where A is a zero sum matrix with diag-
onal entries zero, can be solved by a polynomial time €-approximation algorithm
then the QUBO (Q, ¢) where Q is a zero sum matrix with diagonal elements zero
and ¢ is a zero sum vector, can be solved by a polynomial time €-approximation
algorithm.

Proof Consider the instance (Q, ¢) of the QUBO where Q is a zero sum matrix and
cis a zero sum vector. Construct the equivalent Ising QUBO instance (A7, b?) using
the transformation x = ; (x+e) (See Egs. (8.3) and (8.4) for the definition of A7 and
b?). Since Q is a zero sum matrix with zeros on the diagonal, A? is also a zero sum
matrix with zeros on the diagonal. Further, ¢ is a zero sum vector and therefore the
resulting constant value K7 is also zero. Thus, X" Qx + ¢"x = X" A% + b?%X where
X = 2x — e € {—1, 1}. Now, if X* is an e-optimal solution for the Ising QUBO
(A7, b?) then its pre-image, X = ;(f( + e) is an e-optimal solution of (Q, ¢). Now
consider the matrix

A=A 2
b 0

and the n+ 1 dimensional vector X € {—1, 1}**1. For the Ising QUBO (A, 0), if X is
an e-optimal solution, then —X is also an e-optimal solution. Thus, for any €-optimal
solution to (A’, 0), there exists an e-optimal solution with the (n 4+ 1)th component
equal to 1 and the first n components of such a solution will be an e-optimal solution
to the Ising QUBO (A9, b?), and the result follows.

We have an analogous result for the Ising QUBO as well. The proof is similar to
that of the above theorem.

Theorem 8.19 If the QUBO (Q, 0), where Q is a strong zero sum matrix with
diagonal entries zero can be solved by a polynomial time € -approximation algorithm
then the Ising QUBO (A, 0) where A is a strong zero sum matrix with diagonal
elements zero can be solved by a polynomial time €-approximation algorithm.

Theorem 8.19 is also true if A is a zero sum matrix (not necessarily strong zero
sum matrix) provided the QUBO (Q, ¢) with Q is a zero sum matrix and c is a
zero sum vector can be solved by a polynomial time e-approximation algorithm.
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Theorems 8.18 and 8.19 are valid even with the assumption that diagonal elements
of A and Q are arbitrary and with this assumption, one can always force the strong
zero sum property (see Chap. 1) to A and Q leading to a much more general result,
but with less applicability because of the resulting stronger hypothesis. Note that,
for most usable e-approximation algorithms for the Ising QUBO and the QUBO,
zero-diagonal assumption is made and the condition is added to the theorem to
highlight this and also to emphasize that the zero-digonality is preserved under the
transformation we used.

8.5.1 e-Approximation Algorithms for the Ising QUBO

Hereafter, without loss of generality we assume that b = 0. In addition, we
assume that the diagonal elements of A are zeros, which is indeed a restriction (See
Theorem 8.16). Let G’ be the support graph of A with the weight of the edge (i, ;)
in G’ being wjj = 2|a,-j|.

The value w(M) of any matching M = {(u1, v1), (u2, v2), ..., (us, v;)} in G’
is given by Z§=1 wij = 22§=1 |au;v;|. We now present a theorem linking the
objective function value of a particular solution to the Ising QUBO and a matching
M in G’ as proved in [19].

Theorem 8.20 If M is a matching in G’ then a solution x* of 1Q with ¢(x*) >
w(M) can be identified in O (n?) time.

Proof Let M = {(uy,vy), (ua, v2),..., (s, v;)} and for 1 < k < ¢, let My =
{(u1,v1), (uz, v2), ..., (ug, vk)}. Then, obviously M; = M. We prove the result
using mathematical induction on k. When k = 1, we have M1 = {(u1, v1)} and let

P = {u1,v1} € {1,2,...,n}. Define the partial solution x” corresponding to the
set P as follows: If a,,y, > 0 assign x, = x}, = 1 else assign x}, = —x{, = 1.

Note that ¢?(x”) > w(M)) (in fact, equality holds here and recall the definition
of the value ¢?(.) of a partial solution from Eq. (8.12)). Now, extend the partial
solution x” corresponding to M to a solution x* with p(x*) > ¢?(xP) = w(M))
using the partial solution extension algorithm discussed earlier. Thus, the result is
true for k = 1. Now, suppose that there is a partial solution x” defined by the set

P = {uy,us,...,ug,vi, v2, ..., vr} such that ?(x?) > w(My) for some k < ¢.
Let S = {uk+1, vk+1}. Note that P N S = @. Let x° be the partial solution defined
by x;kH = xikﬂ = lif ay v, > 0and x;kﬂ = —xikﬂ = lif ay ey < 0.

Now, consider the partial solutions X = x? Ux® and X = —x? Ux® defined by the set
D = P U S. Note that ¢p? (x”) + ¢*(x*) > o (Mp4+1) and ¢* (x*) > 0, P (xP) > 0.
If p?(X) > @(xP) + ¢(x*) then extend the partial solution X to a solution x* of IQ
using the partial solution extension algorithm and we have ¢ (x*) > ¢(x”) 4+ ¢(x*),
which implies ¢ (x*) > o (My41). If 0?4 (X) < p(xP) + @(x*), then the contribution
3(P, S) of all elements in the cut set (P, S) on the subgraph of G’ induced by PU S
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to 9 (X) is negative. i.e., §(P, S) < 0. This implies that
! ®) = ! (xP) + o(x*) — 8(P, ) > ¢ (xP) + p(x*).

Thus, as discussed earlier, we can extend the partial solution X to a solution x* of
IQ such that ¢(x*) > @ (My41). The first part of the theorem now follows from
mathematical induction.

To prove the O(n?) complexity of constructing x*, we incrementally build
partial solutions corresponding to Mi, M, ..., M; and if necessary, extend the
final partial solution to a solution of IQ without worsening the objective function
value. By careful updating, from a partial solution corresponding to M, a partial
solution corresponding to M1 can be obtained in O (n) time and hence the overall
complexity of constructing x* is O (n?).

Following [19], we now show that if the matching M is selected using a greedy
algorithm, a 21A -optimal solution can be obtained for the Ising QUBO (A, 0)
whenever the diagonal elements of A are zeros. Consider the following greedy
matching algorithm on G'.

Algorithm 5: The greedy matching algorithm

1 Input: The graph G’ = (V, E) and edge-weight vector w. G* < G’ and

E* <~ E;

2 k<0

3 while E* # () do

4 k<—k+1;

5 choose an e, = (ug, vy) € G* with maximum weight;

6 Er ={(,j): (i, j) € E* andeither i € {ug, v} or j € {ug, vr};

7 E* <« E* — Ey;

8 G* < G* —{ug, vt} // remove nodes u; and vy from G¥;
9 end
10 output the matching M* = {ej, ez ...ex} in G’

Lemma 8.7 ([19]) The matching M* produced by the greedy matching algorithm
satisfies w(M™) >, ! A@(E), where w(E) = Z(i,j)eE |aijl.

Proof By construction w(ey) > w(ez) > -+ > wl(ex). Note that E; = {e :
has a common end point with ¢;} — U’_ 1Ejand |E;| < deg(u;) + deg(vi) < 2A
Since ¢; is an edge with maximum weight in E;,

wle) > w(E;) - o(E))
|Ei| 2A

Since E1, E, ..., Ej is a partition of E, we have

k
o1 = Y o) zZ‘”(E) o

i=1
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Theorem 8.21 ([19]) A 21A -optimal solution to IQ can be identified in O(n2 logn)
time, where A > 1 is the maximum degree of nodes in the support graph G of A.

Proof Let M* be the matching produced by the greedy matching algorithm. Note
that the greedy matching algorithm can be implemented in O (n?logn) time by
sorting the edge-weight vector w. From Theorem 8.20, we can compute a solution
x* of IQ such that ¢(x*) > w(M*) in O(n?) time. Let |[A] = Y1, Z?zl laijl.
Since OPT(QP) < |A|, from Lemma 8.7

oo 1 1 1
¢z, @E) =, [Al=, OPT(Q)

and the result follows.

When the support graph of A is a complete graph K, the performance ratio of the
above algorithm becomes 2(n171) . We now discuss a polynomial time approximation
algorithm for IQ with better performance ratio, in expectation.

8.5.2 Computing e-Optimal Solutions from SDP Relaxation

Recall that the diagonal elements of A are assumed to be zeros and we are
considering the Ising QUBO (A, 0). Throughout this subsection, we follow the
graph theoretic representation of the Ising QUBO. We are going to use the [—1, 1]-
rounding algorithm again, but the solution x* € [—1,1]" used for rounding
is constructed from an optimal solution of a semidefinite programming (SDP)
relaxation of IQ. Such rounding algorithms are discussed by various authors [4,
8, 11, 24,26, 30] who established performance guarantees similar to that we discuss
here. Our presentation here follows closely the book [11] which builds on the
discussions given in [24]. Consider the SDP relaxation of the Ising QUBO (see
Chap. 6 for a detailed discussion of SDP relaxation of QUBO and the Ising QUBO):

SDP(max): Maximize ¥ (v) = Z aijvivj
(,j)EE

Subject to: v e §"7!,

where S" 1 = {ve R" : ||v|]| < 1}.

Letvy, va, ..., v, be an optimal solution of the SDP(max) with optimal objective
function value Pp,x. Also, let Ppin be the optimal objective function value of
SDP(min), which is similar to SDP(max) except that we are minimizing the
objective function.

Lemma 8.8 Unless A is the zero matrix, Ppax > 0 and Puyin < O.
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The proof of this lemma follows from the fact that V(A,0) = 0. Let p =
(p1,p2,...pn) € R" be a random vector such that its components p;, i =
1,2, ..., nareidentically and independently distributed (i.i.d) random variables fol-
lowing the standard normal distribution N (0, 1). (i.e. p is a random n-dimensional
Gaussian vector.) Let y! = p"v;, i =1,2,...,n.

Lemma 8.9 ([11]) E[ylfy;.] = vivj. Further, E[ Z aijy;y}] = Prax, Where
(i,j)€E

E(.) denotes the expected value.

Proof Let {e], e, ...,e,} be the standard basis of R". Then, by definition of p,

pTey, pTey, ..., pTe, are independent standard normal variates with mean zero and

standard deviation one. Thus,

E[(p"e))(p"ej)] =0fori # j (8.15)

and

E [(pTe;)z] —1fori=1,2,...,n (8.16)
Now, let v; = (v;1, vi2, ..., Vip) and v; = (vj1, vj2, ..., Vj,). Then,

n n
vV, = Z vikeg and v; = Z Vjkey.
k=1 k=1

Therefore,

n n

/ T T / T T

Vi=pVi= E vikp e and y; = p v = E Vjkp" k.
k=1 k=1

Then, from (8.15) and (8.16),

Ely/y;1=E((o"vi)(p"v;)) =E [(Z Uikaek) (Z UjkPTek):| =vlv;.
k=1 k=1

Now, the last part of the lemma follows from the linearity property of expectation
and the optimality of vy, v2, ..., v, to SDP(max).

Thus, it is easy to construct scalars yj, y5, ..., y, from an optimal solution to
SDP(max) with expected value equal to the optimal objective function value of
SDP(max) leading us to a potential rounding algorithm. Let y/,, = maxi<j<p |yil.
Then, y,y ' € [—1,1] and we can apply our [—1, 1]-rounding algorithm on these

values to obtain a solution x € {—1, 1}" with expected value no worse than ( ;7‘““‘)2 .
max
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We don’t have much control over y/,, and hence have difficulty in establishing
a data independent bound on the solution quality. Since p is an n-dimensional
Gaussian, the number of yl.’ values falls outside [—7, T'] may not be too many for an
appropriate choice of 7. Let

_ |ty e[=T,T],
" oify ¢ -7, 71,

We will now show that, for 7 = 3\/1 +1In (Pﬁd), E [Z(i,/)eE aijy,-yj] > éPmax.

It may be noted that there is nothing special about the constant 3 used in the
definition of T and it is primarily for convenience in handling the related constants
later in our analysis and also to adhere to the calculations from [11] which we are
following. The solution produced by the [—1, 1]-rounding algorithm, starting with

X = ? guarantees a solution to the Ising QUBO (A, 0) with expected value no
worse than }2)‘;“2". Thus, our main task is to establish that E [Z(i,/)eE aijy,-yj] >

) Prax.
Let z; = y/ — y; be the error generated while truncating y/. Then, y; = y; — z;
and

E[ > aijyiyj] =E[ Y ai(i =)0 —Zj)]

@i,))EE (,j)EE
= > ay (Eyjy)] - Elziy)] - Ely/z] + Elziz)))
(i,j)eE
= Po —E[ Y ayy)+yizp| +E[ Y aymz]  @17)
(i,j)eE (i,j)eE

To deal with the expected values on the right hand side of Eq. (8.17), we make
use of the following general probabilistic result proved in detail in [11, 24].

Lemma 8.10 ([11, 24]) Let oy, 2,...,0, and Bi, P2,..., By be real valued
random variables satisfying E(al.z) < a and E(ﬁiz) < b, then

E| Y aij(eip;+a;p) | <2RVab,

(i.J)€E

where R = Ppax — Phin.

Note that, in the above lemma, no assumption is made on the independence of the
associated random variables. In view of Lemma 8.8, R > Pnax. To make use of
Lemma 8.10 for estimating the expected values given on the RHS of Eq. (8.17), we
need to find upper bounds on E[(yl.’)z] and E[zl.z]. Since y; follows N (0, 1), E[(yl.’)2]

is the variance, which is 1. Now, let us find a good upper bound on E[zl.z]. The bound
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given in the following lemma and its validity proofis from [11]. A somewhat similar
result is available in [8], but in a different form.

2
Lemma 8.11 E[z}] < |, ( P‘}é)

Proof Note that E[z]] = «/in I x2e=**/2dx. For x € [T, o0), the integrand
2?2 < (@2 + L)e /2 The antiderivative of (x? + L)e™*/? is —(x +

i)e‘xz/z. Therefore,
E[2] < 2 /oo(xz+ 1 Y2y = 2 (T+ 1)642/2 :\/2 (T+ 1)642/;
2w Ir x2 V27 T T T

SinceT:?)\/l—}—ln(PrI:ax) 23,\/2 (T~|—}) =\/721 (T;J{I)T < 2_2[1907‘ <

T, and we have,

E[:2] < Te T2 (8.18)

SinceIn(x) < x — 1, wehave T < 3\/P§ax. Then, from (8.18),

9/2
E[z7] <3 R o2 (IHINCR ) 3,-9/2 R ([ Puax\”’
' - Pmax - Pmax R

U Poax\* _ 1 Poax )
< <
10\ R “ 10\ R
and this completes the proof.

2
Now, in Lemma 8.10, choose «; = z; and 8; = ylf, a=1,b= 110 (P'I‘}“"> we get

1 (P 2
E[ > a,-,-(z,-y;+z,-y{)]52RJab=2R ( ‘;a">= 107

(i,))eE \/10
(8.19)
: 1 Poa )2
Also, in Lemma 8.10, choose o; = z;, i = —zia = b = |, ( '1'5“) and we
have
E[ Z aij(Zi(—Zj)+Zj(_Zi)] = —ZE[ Z a,'jZiZj]
(i,j)€E (i,j)€E
1 [ Pux )\ 1 Prnax
<2R+~ab =2R < P
< 2RVa 10<R)—5ma"R

(8.20)
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Note that %" =< 1 and hence from inequality (8.20),

1
E[ Z aijZiZj] > _IOPmax (8.21)
(i,))EE

Using the inequalities (8.19) and (8.21) in (8.17), we have,

2 1 1
E[ Z aijyiyj] > Pmax — «/ Prax — 10PmaxZ 4Pmax~ (8.22)
(,j)€EE 10

Let us now present our SDP rounding algorithm for the Ising QUBO.
Algorithm 6: The SDP rounding algorithm

1 Input: An optimal solution vy, va, ..., v, of SDP;

2 Ppax is the maximum value of SDP(max) and Py, is the minimum value of
SDP(min);

3 Generate a random n-dimensional Gaussian p;

4y, <—p'vi,i=12...,n

R < Ppax — Pmin and T <« 3\/1 +1n(Pr§ax);

[9)]

6 fori =1,2,...,ndo

7 yi < yiif [y/| <Telsey; =0
8 end

9 x; < yi/T;

10 Apply the [—1, 1]-rounding algorithm on x = (x1, x2, ..., X;) and output
the solution;

In view of inequality (8.22), the expected value of ¢(x) for x = (x1, x2,...x,) €
[—1, 11" constructed in step 9 of the SDP rounding algorithm, i.e. E[ 2. juyeE Gij

4 12 14In LR

Pmax

x,-xj], is at least | Fmax > Ppax K ( ! ), for some constant K.

Theorem 8.22 ([11]) The SDP rounding algorithm produces a solution to 1Q with

1

It R in expectation, for some
n

Pmax

objective function value at least OPT(I Q)K <

constant K.

The proof of the theorem follows from the discussion above, Theorem 8.3, and the
fact that Ppnax > OPT(I Q).

Lemma 8.12 L < IK for some constant K'

’
I+In ,R = logn

Proof Note that Ppi, < O (unless A is the zero matrix) and hence PrI:ax =1+
|§:“‘. But, |Pminl < X . j)e laij] and from the proof of Theorem 8.21, Prax >

ax
>, ek laijl

™ . Thus, PrI:ax < 3n and the result follows.
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Thus, Lemma 8.12 provides an O ( 1 Oén) bound on the performance ratio of the
SDP rounding algorithm, in expectation which was proved by many authors [8, 26,
30]. In fact, a stronger bound is possible since Pﬁax < 6(G) [4, 11, 24] where 6(.)
is the Lovasz theta function. We restrict our discussion strictly to approximation
aspects of QUBO and Ising QUBO only. For very interesting connections of the

SDP rounding algorithm with Grothendieck constant of a graph, we refer to [4].

8.5.3 Other Special Cases

Let us now consider briefly, without details, some other special cases of QUBO
and the Ising QUBO where polynomial time approximation algorithms exist with
guaranteed relative performance ratio.

Let us start with a special case of QUBO. As discussed in Chap. 1, Q is called
a half product matrix if it is upper triangular with diagonal elements zero and
there exist vectors a = (aj,a»,...,a,) and b = (b1, by, ..., b,) such that
gij = ajb; fori = 1,2,...,n and j > i. A half-product QUBO is an
instance of QUBO when Q is a half product matrix and this special case is also
NP-hard [7]. The single-machine variance minimization problem is a special case
of the half-product QUBO [7, 23] along with various other machine scheduling
problems such as scheduling two machines to minimize total weighted completion
time [21], scheduling two machines to minimize makespan [21], scheduling a single
machine to minimize total weighted earliness and tardiness[21] and scheduling with
controllable processing times [20]. The Ising version of the half-product QUBO was
considered by Kubiak [23], Amit [5], and Mattis [25].

Interestingly, the half product QUBO (with minimization objective) can be
solved in pseudo-polynomial time. Also, the problem can be solved by a fully
polynomial approximation scheme (FPTAS) when a, b are non-negative [7]. Janiak
et al. [20] considered a scheduling problem with controllable processing times and
showed that it is equivalent to the half product QUBO. However, this formulation
brings in an additional constant to the objective function, which can be ignored for
optimization. Note that, the performance ratio depends on the constant and hence
cannot be discarded when establishing performance ratio guarantee. The algorithm
of [7] does not handle this constant, but Janiak et al. [20] developed an FPTAS
to solve the resulting half-product QUBO which also takes into consideration this
additional constant.

Following Hermelin et al. [19], we proved in Theorem 8.21 that for the Ising
QUBO (A, 0) with A having diagonal entries zero, a 21A-optimal solution can be
identified in O (n?logn) time, where A is the maximum degree of a node in G.
Hermelin et al. [19] also considered several other special cases of the Ising QUBO,
and proved guaranteed performance ratios for low complexity polynomial time
algorithms. This includes the special cases when (1) A has diagonal entries zero
and all other entries belongs to {—1, 0, 1}, (2) the support graph G has bounded
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tree-width, and (3) when the support graph is H-minor free. For details of these
algorithms, we refer to [19].

When A is positive semidefinite, Nesterov [31] established an expected approx-
imation ratio of 72T for the Ising QUBO along with a performance guarantee in
terms of the differential approximation ratio. When the support graph G of A is
bipartite, Alon and Naor [1, 2] proposed a polynomial time algorithm with constant
relative performance ratio, in expectation. Other relevant works on QUBO related
to a rank restricted Q matrix and additional assumptions on its elements, we refer
to [13, 22, 29].

8.6 Conclusion

In this chapter we discussed several fast heuristic algorithms for QUBO and the
Ising QUBO and presented theoretical analysis on their performance guarantees
in various forms using different performance measures. These include relative
performance ratio, average based analysis, domination analysis, among others.
We also pointed out the connections between Grothendieck constant and the
approximability of the Ising QUBO. Further refinements on performance guarantees
are possible by exploiting the structure of the support graph or using conditions on
elements of Q and ¢ (A and b) and it would be interesting to explore further in this
direction.
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Chapter 9 )
Metaheuristic Algorithms Shethie

Yang Wang and Jin-Kao Hao

Abstract Metaheuristic algorithms are practically used to produce approximate
solutions to large QUBO instances that cannot be solved exactly due to the high
computational complexity. This chapter is dedicated to a review on the general
metaheuristic approach for solving the QUBO. First, we present some basic
components of local search that are widely used in the design of state-of-the-
art metaheuristic algorithms for the problem. Then we overview the metaheuristic
algorithms in the literature by groups of fast solving heuristics, local search based
methods and population based search methods. Finally, we review some of the most
popular and effective metaheuristic algorithms and present experimental results on
different sets of instances.

9.1 Basic Ingredients of Local Search

Most of the heuristic and metaheuristic algorithms proposed for solving the
QUBO employ a local search procedure to improve the solution quality. Given
its importance, we first summarize basic ingredients used in these local search
procedures, including the solution representation of a QUBO instance, the move
operator along with the fast calculation of the move gain, and the neighbor solution
selection strategy.

For a given QUBO instance, its solution x = {x1, x2, ..., x,} is a boolean vector
of length n. To perform neighborhood search, the most widely used move operator
is 1-flip, which flips a chosen variable x; to be the complementary value 1 — x;.
A total of n neighbor solutions are generated by applying the 1-flip move. Some
algorithms introduce the k-flip move that flips k (2 < k < n) variables of a solution
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simultaneously to the corresponding complementary values, respectively. Compared
to the 1-flip move, applying the k-flip move yields a much larger number of neighbor
solutions up to CX.

The efficiency of local search mostly depends on the evaluation of move gains to
determine the next solution on the search trajectory. The move gain of a neighbor
solution is the objective variation between a solution and the neighbor solution. Let
x and x’ represent two binary solutions where x’ is obtained from x by a 1-flip move
applied to a single variable x;. The move gain A; of moving from solution x to the
neighbor solution x’, recorded as A; = f(x’) — f(x), is calculated as:

n
Ar=1=2x)(qi +2 Y gijx)) ©.1)
j=lj#i
A o
A= i ifi= 9.2)
Aj+2qii(1 —2x;)(1 —2xj) otherwise

Since the generalized k-flip move can be considered as a sequence of 1-flip
moves, it is straightforward to infer the following equation for the k-flip move.
Formally, let iy, ..., i are the k variables to flip, then the move gain A;, _; for
simultaneously flipping these k variables can be computed as follows:

Ail,...,ik = Ail
+ Ay 4+ 2qi, (1 —2x;) (1 — 2x4,)
+ Ay + 2qii5 (1 — 2x) (1 = 2x33) + 243515 (1 — 2x3,) (1 — 2xx;3)
+ Ai4 + 26]1'11'4(1 - 2)(?,’1)(1 - 2xi4) + 2%'21'4(1 - 2)(?,’2)(1 - 2)(?,'4)
+ 2qisi, (1 = 2xi3) (1 — 2xi4)

k k—1 k
=D AL +2) 0 D gii (1= 2x,)(1 = 2x;) 9.3)
r=1 r=1s=r+1

The neighbor solution selection strategy decides the neighbor solution that is
used to replace the current solution x during the local search. The first move
improvement and the best move improvement are two strategies often used. The
first move improvement strategy scans the neighborhood of x and chooses the first
neighbor solution that is better than x (i.e., with an improving move gain). The best
move improvement strategy exhaustively explores the neighborhood of x and retains
the neighbor solution with the highest move gain.
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9.2 Fast Solving Heuristics

Boros et al. [6] developed a Devour Digest Tidy-up procedure (DDT). On the basis
of the posiform representation Z of QUBO, DDT includes the Devour, Digest and
Tidy-up phases. Devour identifies a term 7 from L (L denotes the set of all the
elements of Z) with the largest coefficient and places it into S. Digest draws logical
conclusions by assigning the disjunctive equation of all the elements in S equaling
to O (in terms of minimization). If no logical conclusion can be drawn, then T is
simply removed from L to S, and return to Devour. Otherwise, Tidy-up begins
to substitute the logical conclusions previously drawn into Z. The above DDT
procedure repeats until L becomes an empty set. Experiments indicated that DDT
is especially effective on problem instances of low density.

Consider the case that the DDT method simultaneously sets several variables
with value 1 or 0 would result in worse results than to give inferred assignment
to only one variable, Glover et al. [11] proposed several one-pass heuristics to
guarantee that in each pass only one variable gets the implied assignment. The
difference among the proposed one-pass heuristics lies in the different strategies
of evaluating contributions of variables. Experimental comparisons among the
proposed one-pass heuristics showed that some of them perform quite effectively
for certain problem instances, but no single method dominates on every problem
instance.

Hanafi et al. [12] devised five alternative DDT heuristics based on different repre-
sentations of the QUBO formulation, where DDT1 to DDT4 methods respectively
have standard, posiform, bi-form and negaform representations and DDT5 has a
posiform representation along with a one-pass mechanism. An obviously additional
difference of their DDT alternatives from [6, 11] concerns the use of a r-flip local
search procedure to improve solutions obtained by DDT constructions. Extensive
tests on small, medium and large benchmark instances showed that (1) DDT3 with
the bi-form representation generally produces the best results for medium and large
instances; (2) the proposed r-flip local search brings significant result improvements
with only a slight increase of time consumption.

Merz and Freisleben [20] proposed a greedy construction heuristic to quickly
obtain an improved solution. It starts from a solution with all variables assigned to
be 0.5 (the so called third state). At each construction step, it searches a variable
and a value either O or 1 for the variable such that assigning the value to the variable
makes the gain function, i.e., objective function increment of the resulting solution
compared to the previous solution, is maximized. This operation repeats until each
variable of the solution vector changes its initial value from 0.5 to 1 or 0. Since this
greedy construction method always obtains the same solution for a given problem
instance, a randomized greedy variant was proposed to overcome the deterministic
drawback. For one thing, randomly pick a variable and randomly assign a value 0
or 1 to it for the first step of the construction. For another thing, select a variable
with a probability proportional to the gain value instead of picking a variable with
the maximized gain value.
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9.3 Local Search Based Methods

9.3.1 Simulated Annealing

Alkhamis et al. [1] presented a simulated annealing based heuristic (SA-AHA)
according to the traditional simulated algorithm framework. It begins with a
randomly generated solution and an initial temperature. At each iteration SA-AHA
generates a random 1-flip move. If this is an improving move, it is performed;
Otherwise, it may still be accepted with a probability e 2/7 where A indicates
the objective function difference between the two solutions and T is the current
temperature constant. After the above procedure conducts a certain number of
iterations, the temperature is decreased with reference to a cooling function. The
above procedure is repeated until no solution has been accepted for 10 consecutive
temperatures or when the temperature has fallen below a pre-specified value. Tested
on problem instances with up to 100 variables and comparisons with several
bounding techniques based algorithms indicated that SA-AHA outperforms these
compared methods. Especially, SA-AHA is able to solve hard problem instances
very efficiently while bounding algorithms can not solve them in a reasonable
computation time. Additional experiments indicated that the efficiency of the SA-
AHA algorithm is not affected by matrix density.

Beasley [3] proposed another simulated annealing algorithm (SA-B). The basic
iterative procedure of SA-B is the same as SA-AHA. However, in SA-B each
iteration applies a different temperature value to determine the probability to accept
a worse move. In addition, a local search procedure based on the first improvement
strategy is utilized to perform a post-optimization of the solution from the annealing
process. Experimental results for 45 instances with up to 500 variables indicated that
SA-B converges fast to the best solutions than the reference algorithms but obtains
inferior solution quality for several instances. In addition, the author generated 60
instances with up to 2500 variables available from OR-Library. Results on this new
set of benchmark instances showed that SA-B is especially effective for 10 largest
instances with 2500 variables.

Katayama and Narihisa [14] designed a similar implementation of the simulated
annealing methodology as SA-AHA, called SA-KN. An obvious characteristic of
SA-KN different from SA-AHA and SA-B lies in the fact that it adopts multiple
annealing processes to enhance the search ability. Experimental results for problem
instances with variables ranging from 500 to 2500 indicated that SA-KN achieves
especially competitive performances for the largest OR-Library instances.

9.3.2 Tabu Search

Glover et al. [9] introduced an adaptive memory tabu search (AMTS) algorithm
that uses the 1-flip move and two types of memory structures to record recency
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and frequency information. Strategic oscillation is employed to alternate between
constructive phases (progressively setting variables to 1) and destructive phases
(progressively setting variables to 0), which are triggered by critical events, i.e.,
when the next move causes the objective value to decrease. The amplitude of the
oscillation is adaptively controlled by a span parameter. Computational results for
instances with up to 500 variables showed that AMTS outperforms the best exact
and heuristic methods previously reported in the literature.

Beasley [3] proposed a 1-flip move based tabu search algorithm (TS-B). It
begins from an initial solution with each variable assigned to be 0 and marked as
non-tabu. During each iteration it conducts a best non-tabu move. This performed
move is then marked as tabu for a specified number of following iterations. If the
current iteration finds a better solution than the best solution found so far, a local
search procedure with first-improvement strategy is launched to further improve this
new solution. TS-B repeats the above procedure until the current iteration reaches
the maximum allowed iteration. Notice that TS-B does not incorporate the fast
evaluation technique and also neglects an aspiration criterion.

Palubeckis [23] examined five multistart tabu search strategies (MSTS) dedicated
to the construction of the initial solution. Each multistart tabu search algorithm
employs a tabu search procedure (TS-P) to enhance solution quality and a multi-
start strategy to produce a new initial solution located in a more promising area.
Notice that TS-P is very similar to TS-B except that TS-P employs a tactic to get
1-flip moves fast evaluated. The first restart strategy produces a new initial solution
in a random way. The second restart strategy identifies a candidate set of variables
that are prone to change their values when moving from the current solution to an
optimal one. Then it applies a steepest ascent algorithm that only considers variables
in the candidate set and keeps the other variables fixed at specific values. The third
one employs a randomized greedy constructive method. The fourth one incorporates
a set of elite solutions and calculates the probability of each variable with value 1
in this set. If the probability for a given variable is larger than 0.5, then this variable
receives value 1 in the resulting new solution; otherwise it receives value 0. The
last restart strategy uses a perturbation scheme of changing the problem instance at
hand, followed by a short run of tabu search on the modified instance. Experiments
evaluated on 25 largest instances from OR-Library and a set of randomly generated
larger and denser instances demonstrated that the algorithm with the second restart
strategy (MST2) is the best among the proposed algorithms.

Palubeckis [24] developed an iterated tabu search algorithm (ITS) that com-
bines a tabu search procedure to improve the solution quality and a perturbation
mechanism to create a new initial solution. The tabu search procedure is exactly
the one used in [23]. The perturbation mechanism is operated as follows. First, it
constructs a candidate list of a specified size which consists of variables with the
largest 1-flip move gains with regard to a local optimal solution. Then it randomly
selects a variable from this set and flips this variable to move toward a new solution.
Finally, it updates the corresponding move gains of variables caused by the move.
The above procedure is repeated until the number of perturbed variables reaches
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the specified count. Experimental results indicated that despite its simplicity, ITS is
very competitive compared to other state-of-the-art algorithms.

Li et al. [19] studied neighborhood union and token-ring search methods to
combine 1-flip (N1) and 2-flip (N2) moves within a tabu search algorithm. The 2-
flip move based tabu search considers a constrained set of 2-flip moves requiring
that flipping each involved variable produces the move gain ranked top 3./n
among all the 1-flip moves. In this way, the computational efforts of exploring the
neighborhood N2 can be greatly reduced. The neighborhood union includes the
strong neighborhood union (N1 | | N2) that picks each move from both N1 and
N2 and the selective neighborhood union (N1 N2) that select a move from N1
with probability p and N2 with probability 1 — p. The token ring search (N1 — N2)
continuously performs moves within a single neighborhood until no improvement is
possible and then switches to the other neighborhood to carry out moves in the same
fashion. Experimental results on random large instances indicated that selective
union is superior to the other two neighborhood combinations.

Liu et al. [15] proposed a hybrid r-flip/1-flip tabu search algorithm (HLS)
which switches among a hybrid local search phase, a destruction phase and a
construction phase. First, the hybrid local search phase that hybrids 1-flip and r-
flip local search is launched. This phase behaves like a basic variable neighborhood
search procedure [13] but excludes useless r-flip moves by several orders according
to a theorem. When no improved move is found, the hybrid local search phase
terminates. Meantime, the destruction phase is followed to carry out the 1-flip move
with the least damage to the current solution. The performed move is marked as
tabu and the destruction phase continues until an improving non-tabu move occurs.
At this point, a construction phase is triggered to perform the best non-tabu move.
If the obtained solution is better than the best solution ever found, the algorithm
returns to the hybrid local search phase. If no variable exists that can make further
improvement, the algorithm then returns to the destruction phase. Tested results
showed the superiority of the proposed hybrid r-flip/1-flip tabu search especially for
solving large instances with high density.

Shylo and Shylo [26] developed a global equilibrium search (GES) algorithm that
performs multiple temperature cycles. Each temperature cycle alternates between an
initial solution generation phase and a tabu search phase. The use of information
from the whole search history helps to determine the probability of a variable
receiving value 1 in the generated solution. The tabu search procedure performs the
best 1-flip move with an additional requirement that this move leads to a solution
far enough from a reference set in terms of hamming distance. Experimental results
showed that GES performs quite well in terms of solution quality and computing
time.

Wang et al. [27] devised GRASP-TS and GRASP-TS/PM algorithms that hybrid
GRASP with tabu search. GRASP-TS uses a basic GRASP algorithm with single
solution search while GRASP-TS/PM launches each tabu search by introducing
a population management strategy based on an elite reference set. Specifically,
GRASP-TS uses an adaptive random greedy function to construct an initial solution
from scratch. GRASP-TS/PM makes use of a restart/recovery strategy to produce a
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solution, in which partial solution components inherit corresponding elements of an
elite solution fetched from a population and the remaining solution components are
rebuilt as in the GRASP-TS procedure. Experiments indicated that GRASP-TS and
GRASP-TS/PM are very competitive with state-of-the-art algorithms.

9.4 Population Based Search Methods

Amini et al. [2] presented a scatter search approach (SS) that is mainly composed of
a diversification generation method, a solution improvement method, a reference set
update method, a subset generation method and a solution combination method. The
diversification generation method systematically generates a collection of diverse
trial solutions based on a seed solution in a way of setting an incremental parameter
that determines which bits of the seed solution should be flipped. The improvement
method performs a compound move that sequentially cycles among 1-flip, 2-flip and
3-flip candidate moves until no attractive move can be identified. The reference set
update method replaces solutions in the reference set with new candidate solutions
according to the quality measurement. In order to build a new solution, a linear
combination of selected solutions from the reference set is applied. Since some
variables would receive fractional values in the combined solution, a rounding
procedure is followed to make this solution feasible. Experiments showed that
the proposed scatter search method is very robust, especially for large problem
instances.

Lodi et al. [16] introduced an evolutionary heuristic (EH) with the following
features. First, EH uses a preprocessing phase to fix certain variables at their optimal
values and reduce the problem size. This type of fixation belongs to permanent
fixation since for each successive round of local search, these variables are excluded
from consideration. Second, a local search procedure based on the alternation
between construction and destruction phases is employed to get an improved
solution. Finally, EH uses a uniform crossover operator to generate offspring
solutions, where variables with common values in parental solutions are temporarily
fixed in this round of local search. Experimental results showed that EH can match
the best known results for problem instances with up to 500 variables in a very short
computation time. A further analysis demonstrated that the preprocessing phase is
effective for small problem instances but is impossible to reduce the problem size
for large ones.

Merz and Freisleben [21] devised a hybrid genetic algorithm (GLS-MF), in
which a simple local search is incorporated into the traditional genetic algorithm.
The local search procedure uses the 1-flip move and best move improvement
strategy. The crossover operator is a variant of uniform crossover, requiring the
generated offspring solution has the same hamming distance from the parents. Once
the newly generated offspring solution satisfies the updating criterion, it becomes
a member of the population and replaces the worst solution. A diversification
component is launched when the average hamming distance of the population drops
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below a threshold d = 10 or the population is not updated for more than 30
consecutive generations. Experimental results showed that the simple evolutionary
algorithm alone is able to find the best known results for problem instances with less
than 200 variables but for larger instances, it is essential to incorporate local search
to attain high quality solutions.

Lii et al. [18] proposed a hybrid metaheuristic approach (HMA) which integrates
a basic tabu search procedure into a genetic search framework. First, HMA
combines a traditional uniform crossover operator with a diversification guided path
relinking operator to guarantee the quality and diversity of an offspring solution.
Second, HMA replaces the Hamming distance by a new distance by reference to
variable’s importance and employs a quality-and-distance criterion to update the
population as in GTA. Finally, a tabu search procedure is responsible for intensified
examination around the offspring solutions. Computational results showed HMA
is among the best performing procedures for solving challenging QUBO problem
instances.

9.5 Selected Metaheuristic Approaches for QUBO

9.5.1 Diversification-Driven Tabu Search

Glover et al. [10] presented a diversification-driven tabu search (D*TS) algorithm
that alternates between a basic tabu search procedure and a memory-based perturba-
tion procedure guided by a long-term memory. The general scheme of D*TS works
as follows. Starting from a random initial solution, D>TS uses tabu search to reach
local optimum. Then, the perturbation operator is applied to displace the solution to
a new region, whereupon a new round of tabu search is launched. To achieve a more
effective diversification, the perturbation operator is guided by information from a
special memory structure for obtaining improved results in this context.

The tabu search procedure employs the 1-flip neighborhood. Each time a move
is carried out, the reverse move is forbidden for the next TabuT enure iterations.
The tabu tenure is set to be TabuTenure(i) = tt 4+ rand(10), where ¢t is a
selected constant and rand(10) takes a random value from 1 to 10. Once a move
is performed, a subset of move values affected by the move is updated using a
fast incremental evaluation technique. Accompanying this rule, a simple aspiration
criterion is applied that permits a move to be selected in spite of being tabu if it
leads to a solution better than the best solution found so far. The TS procedure stops
when the best solution cannot be improved within a given number of moves.

The perturbation procedure includes assigning a score to each variable, selecting
a certain number of highly-scored variables (critical elements), and perturbing
the solution using the chosen critical elements. The scoring function depends
on the information of several memory structures, including a flipping frequency
vector FlipFreq(i), an elite set of solutions EliteSol and a consistency vector
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EliteFreq(i). Flip Freq (i) records the number of times the a variable x; has been
flipped from the beginning until the current iteration, which is collected in the tabu
search phase. EliteSol stores a set of locally optimal solutions found by tabu search.
Each time a new local optimum is found that has the objective value superior to that
of the worst local solution in EliteSol, the new solution replaces this worst solution.
EliteFreq(i) records the total number of times a variable x; is assigned value 1
in the elite solutions currently stored in EliteSol. This memory is used to favor
retaining the value assignments that occur more often in the best solutions found
to date. The scoring function ranks each variable by taking into account its flip
frequency FlipFreq(i) and its elite value frequency EliteFreq(i), which takes
the following form:

EliteFreq(i)(r — EliteFreq(i)) +

FlipF ]
Score(r) = ; 81— ipFreq(i)

max Freq

) (94)

The selection step sorts all the variables in non-increasing order according to
their scores and then adaptively selects a specified number of critical variables to be
randomly assigned a value O or 1. The higher the score a variable has, the greater the
probability it will be chosen. The perturbation step flips the values of the selected
critical variables. This perturbed solution is then used to initiate a new round of tabu
search.

9.5.2 Memetic Search

Merz and Katayama [22] conducted a landscape analysis and observed that (1)
local optima of the QUBO instances are contained in a small fraction of the search
space; (2) the fitness of local optima and the distance to the optimum are correlated.
Based on this, they designed a memetic algorithm (MA-MK) in which an innovative
variation as the crossover operator is utilized to generate good starting solutions. The
MA-MK algorithm is composed of population initialization, randomized k-opt local
search, crossover and variation, as well as selection and diversification strategies.

The population initialization procedure repeats generating individuals in the
following way until the population size reaches 40. The method to generate an
individual includes two steps. The first step employs a randomized greedy heuristic
introduced in [20] to produce a seeding solution. The second step applies a
randomized k-opt local search to optimize the solution to local optimum.

The randomized k-opt local search is based on the ideas of Lin and Kernighan
for solving the traveling salesman problem (TSP) and the graph partitioning problem
that searches a small fraction of the k-opt neighborhood efficiently. The randomized
k-opt local search performs the following iterations until performing a k-flip move
can not yield an improving solution. For each k-opt iteration, all the bits of a solution
are sorted in a random order and only the bits of getting the positive move gains
are flipped. The bit with the maximum move gain is subsequently flipped. The
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above-mentioned procedure are repeated until all the bits have been flipped. The
best solution is recorded as the resulting solution in this iteration.

The crossover operator introduced the move gain to determine the variation of
the offspring solution in order to prevent rediscovering local optima already visited
to the most extent. Specifically, the common and the non-common bits of the parent
solutions are identified and the initial offspring solution is set to be any parent
solution. The bits in the non-common and common sets are operated alternatively.
For the non-common set, all the non-common bits with the positive 1-flip move
gains are identified and such a bit is randomly selected. For the common set, the
common bit with the maximum associated 1-flip move gain is identified even if the
move gain is negative. If a bit is flipped, it is removed from the corresponding set.
The above-mentioned procedure is repeated for a number of times equal to the size
of the non-common set.

In each generation, a new population needs to be formed after offspring
individuals are generated. Among the old individuals in the previous generation and
the newly generated offspring individuals, those with the highest fitness are selected
to maintain the restricted population size. If no new best individual in the population
was found for more than 30 generations, a diversification restart strategy is triggered.
All the individuals except for the best one in the population are mutated by flipping
randomly chosen 7 /3 bits for each individual of length n. After that, each individual
is optimized by the randomized k-opt local search to obtain a renewal set of local
optima and the search is started again with the newly diversified population.

9.5.3 Path Relinking

Wang et al. [28] proposed two path relinking algorithms, which is composed of
a reference set initialization method, a solution improvement method, a reference
set update method, a relinking method and a path solution selection method.
The proposed algorithms differ from each other mainly on the way they generate
the path, one employing a greedy strategy and the other employing a random
construction.

The general scheme of the path relinking algorithm works as follows. It starts
with the creation of an initial set of elite solutions RefSet, based on which an index
set of pairwise solutions PairSet is generated. For each index pair (i, j), a relinking
method is applied to generate two paths connecting the elite solutions x’ and x/,
one of which is from x! to x/ and the other is from x/ to x’. Then, one solution on
each path is selected according to a path solution selection method and refined by a
solution improvement method using the same tabu search procedure as in [18]. The
resulting solution is subject to the RefSet updating procedure. The above-mentioned
procedure is terminated once all the elements in PairSet are examined. If the given
stopping criterion is not satisfied, RefSet and PairSet are rebuilt to continue the
search.
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The RefSet initialization method is used to construct an elite set of high-
quality solutions, where each solution is obtained in two steps. The first step
generates a randomized solution, where each variable receives value 0 or 1 with
an equal probability of 0.5. The second step employs a tabu search based solution
improvement method to refine the quality of this solution. Afterwards, the RefSet
updating procedure is invoked. The improved solution is permitted to be added
into RefSet if it is distinct from any solution in RefSet and better than the worst
solution. Once this condition is satisfied, the worst solution is replaced by the
improved solution. When PairSet becomes empty, RefSet is recreated. The best
solution previously found becomes a member of the new RefSet and the remaining
solutions are generated in the same way as in constructing RefSet in the first round.

The path relinking method builds a path connecting an initiating solution where
the path starts with and a guiding solution where the path ends at. The path consists
of a sequence of intermediate solutions, each of which is generated by exploring
the neighborhood of the initiating and guiding solutions. To be specific, identify
the set of non-common variables NC where the initiating solution x’ = x(0) and
the guiding solution x& have different values. Meanwhile, initialize another vector
where each entry A; denotes the objective difference resulting after flipping the
variable x; € NC from the previous solution x(k — 1) on the path. The path
relinking method performs a total of |[NC| — 1 iterations to construct a path. At
each path construction step k, either use a greedy strategy to select the variable
having the maximum A;ecyc value in the algorithm PR1 or use a random strategy
to randomly select a non-common variable in the algorithm PR2. The path solution
x (k) is determined by assigning the same value as the guiding solution x¢ for the
newly chosen variable and assigning the same values as x(k — 1) for all the other
variables.

Since two consecutive solutions on a relinking path differ only by flipping a
single variable, it is not productive to apply an improvement method to each solution
on the path since many of these solutions would lead to the same local optimum.
Hence, the path solution selection method chooses only a single solution on the path
explored via path relinking. Specifically, it first constructs a candidate solution list
that includes the solutions with a Hamming distance of at least [NC|/3 from both
the initiating and guiding solutions. Then, the candidate solution with the maximum
objective value is picked for further amelioration by the solution improvement
method.

9.5.4 Automatic Grammar-Based Design of Heuristic
Algorithms

de Souza and Ritt [25] designed an automatic algorithm by combining the problem-
specific components of state-of-the-art algorithms from the literature. The designed
automatic algorithm employs a grammar in Backus-Naur form to model the space of
heuristic strategies and their parameters. The grammar is composed of a set of rules,
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through which the heuristic algorithms can be instantiated. All heuristic strategies
are categorized into construction methods, search methods and recombination
methods. The construction methods start from an empty solution and apply the
greedy randomized heuristics to iteratively set value O or 1 to each variable. The
search methods include local search components, tabu search components and
iterated local search components, which start with an initial solution and perform
1-flip moves to explore the search space. The differences among local search
components lie in the move selection strategies that transfer from the current
solution to its neighbor solution, such as the first improvement strategy, a round-
robin strategy, a best improvement strategy, etc. Two tabu search components are
differentiated, one of which always selects the best move and the other selects
a random move with a small probability. In addition to different local search
strategies, the iterated local search components include perturbation strategies of
random perturbation, least-loss perturbation and frequency based perturbation as
well as different strategies to define the perturbation strength. The recombination
methods employ the path relinking algorithms that evolve a population of elite
solutions.

To perform exploration of the grammar based search space, they used the irace
tool described in [17] to rank different candidates of the algorithms found in the
literature of QUBO and newly generated algorithms. The irace tool implements an
iterated racing procedure that iteratively selects a candidate and an instance from
a set of elite candidates and calls the resulting algorithm. After performing each
iteration, the average difference between the objective value of the found solution
and the best known value is used as a result metric for irace to rank different
candidates. The process is repeated until irace has finished the specified number
of algorithm runs. Experimental results indicate that the automatic approach can
find algorithms that outperform state-of-the-art algorithms.

9.5.5 A Systematic Evaluation of Heuristics

Dunning et al. [7] implemented a total of 37 Max-Cut and QUBO heuristics selected
from the literature and performed a systematic evaluation on a library of 3296
instances. Because no single heuristic outperforms all others across all problem
instances, a regression tree model is built for each of the 37 heuristics to determine
the rank on a given instance. Based on this, key insights into when heuristics perform
well or poorly according to the problem instance characteristics are identified.
Moreover, a random forest model is built for each heuristic to predict the probability
of a heuristic that will perform the best for a given instance. By selecting a set of
heuristics with the highest predicted probability, an algorithm portfolio is finally
constructed to produce the best solution. Unlike many hyper-heuristics found in the
literature, the proposed approach does not construct a new heuristic by selecting
from a set of heuristic components. In addition, it does not include and implement
several advanced algorithms and thus lacks of comparisons with these algorithms.
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Results indicate that the proposed algorithm portfolio dominates each of the 37
Max-Cut and QUBO heuristics it combines. The open-source implementations of
the heuristics are publicly available'

9.6 Computational Results

9.6.1 Benchmark Instances

Three sets of test problems are often used in the QUBO literature to evaluate
the performance of algorithms. The first set is composed of 10 large instances
from the OR-Library [3, 4].> They all have a density of 0.1 and are named by
b2500.1,. . .,b2500.10. The second set of benchmarks consists of 21 randomly
generated large problem instances named p3000.1,. . .,p7000.3 with sizes ranging
from n=3000 to 7000 and with densities from 0.5 to 1.0 [23, 24].> These large
instances are particularly challenging QUBO problems, especially in the case of
instances with more than 5000 variables. The third set of benchmarks includes 54
instances derived from the MaxCut problem, named G1,. . .,G54, with variable sizes
ranging from n=800 to 2000 [5, 8].* These instances are created by using a machine-
independent graph generator, composed of toroidal, planar and random weighted
graphs with weight values 1, 0 or —1. The small test instances from the OR-Library
whose sizes range from n = 500 to 1000 can be solved relatively easily by many
algorithms.

It is worth noting that a completely fair comparison of algorithms is impossible
since the compared algorithms are implemented by different authors and run under
different conditions. The presented comparisons on the QUBO instances as well as
that on the MaxCut problem are thus presented only for indicative purposes and
should be interpreted with caution.

9.6.2 Computational Results on the QUBO Instances

The PR1 and PR2 algorithms were tested on a PC with Pentium 2.83 GHz CPU and
8 GB RAM. The running CPU time for each run of PR1 and PR2 is set to 60 seconds
for solving the 10 OR-Library instances and set to 5, 10, 20, 30 and 50 minutes
for solving the instances of second set with 3000, 4000, 5000, 6000 and 7000
variables. The time limits are comparable to that used by the Diversification-Driven

Uhttps://github.com/MQLib/MQLib.

2 http://people.brunel.ac.uk/~mastjjb/jeb/orlib/bgpinfo.html.
3 http://www.soften.ktu.lt/~gintaras/ubqop_its.html.

4 http://www.stanford.edu/~yyye/yyye/Gset.
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Table 9.1 Average results comparison on the instances of the first set

Average solution gap (i.e., BKR — fuug)
Instance ~ BKR PR1[28] PR2[28] ITS[24] MST2[23] D?TS[10] MA [22]

b2500.1 1515944 0 0 0 0 0 13
b2500.2 1471392 O 58 9 0 0 645
b2500.3 1414192 13 0 11 11 0 173
b2500.4 1507701 O 0 0 0 0 0
b2500.5 1491816 O 0 0 0 0 55
b2500.6 1469162 0 0 0 0 0 190
b2500.7 1479040 O 0 0 0 0 416
b2500.8 1484199 0 0 0 0 0 3
b2500.9 1482413 O 0 0 0 0 321
b2500.10 1483355 O 0 0 0 0 446
Average 1.3 5.8 2 1.1 0 226

Tabu Search (D2TS) [10], Iterated Tabu Search (ITS) [24], MultiStart Tabu Search
(MST?2) [23], Memetic Algorithm (MA) [22] and Automatic Algorithm (AACR)
[25] after considering the computing performance of different machines.

Table 9.1 shows the results obtained by the 6 reference algorithms for solving
the 10 bxxx.y instances. Columns 1 and 2 respectively give the instance name and
the best known result BK R reported in the literature. The following columns list
the average solution gap to the best known result BK R — f,,,. Given that all the
reference algorithms are capable of finding the best known results, we do not report
for each instance the tabulated solution gap 0 between the best solution value found
by each algorithm and the best known result. The last row “Average” indicates the
summary of each algorithm’s average performance over this set of instances.

As shown in Table 9.1, DTS is able to reach the best known results during each
run for all the 10 instances. PR1 and PR2 perform slightly worse by failing for
1 instance. The average solution gaps to the best known results obtained by PR1,
PR2, ITS and MST2 are 1.3, 5.8, 2 and 1.1, respectively, which are quite small
compared to the solution values. MA performs the worst among all the algorithms
by obtaining an average solution gap of 226 to the best known results.

Tables 9.2 and 9.3 show the best and average solution gaps to the best known
results for solving the 21 pxxx.y instances. We replace the algorithm MA by AACr
since the latter is recently proposed and reports much better results. Table 9.2
indicates that PR1 and PR2 achieve the best known results for all the 21 challenging
instances. AACg and D?TS perform slightly worse since they fail to reach the best
known results for 1 and 2 instances, respectively. ITS and MST2 obtain the worst
gaps of 306.8 and 308.9 on average with respect to the best solution found. Table 9.3
indicates AACg performs the best with an average solution gap of 211.7. PR1 and
PR2 obtain the average solution gaps of 457.1 and 690.4, respectively, which are
slightly worse than AACg. DTS obtains the worst average solution gap of 2082.9
among all the algorithms.



9 Metaheuristic Algorithms 255

Table 9.2 Best results comparison on the instances of the second set

Best solution gap (i.e., BK R — fpest)

Instance BKR PR1[28] PR2[28] ITS[24] MST2[23] D?TS[10] AACk [25]
p3000.1 3931583 0 0 0 0 0 0
p3000.2 5193073 0 0 0 0 0 0
p3000.3 5111533 0 0 0 0 0 0
p3000.4 5761822 0 0 0 0 0 0
p3000.5 5675625 0 0 0 0 0 0
p4000.1 6181830 0 0 0 0 0 0
p4000.2 7801355 0 0 0 0 0 0
p4000.3 7741685 0 0 0 0 0 0
p4000.4 8711822 0 0 0 0 0 0
p4000.5 8908979 0 0 0 0 0 0
p5000.1 8559680 0 0 700 325 325 0
p5000.2 10836019 0 0 0 582 0 0
p5000.3 10489137 0 0 0 0 0 0
p5000.4 12252318 0 0 934 1643 0 0
p5000.5 12731803 0 0 0 0 0 0
p6000.1 11384976 0 0 0 0 0 0
p6000.2 14333855 0 0 88 0 0 0
p6000.3 16132915 0 0 2729 0 0 0
p7000.1 14478676 0 0 340 1607 0 0
p7000.2 18249948 0 0 1651 2330 104 8
p7000.3 20446407 0 0 0 0 0 0
Average 0 0 306.8 308.9 20.4 0.4

9.6.3 Computational Results on the MaxCut Instances

The maximum cut problem can be naturally transformed into the QUBO model.
Given an undirected graph G = (V, E) with vertex set V = {1, ..., n} and edge set
E C V x V, each edge e(i, j) is associated with a weight w;;, the maximum cut
problem (MaxCut) asks for a partition of V into two disjoint subsets such that the
total weight of the cut (edges crossing the two subsets) is maximized. Formally, the
objective function of MaxCut is:

Maximize: f(x) = Z Z wijxi (1 — xj),
i=1 j=1 9.5)

subjectto: x; € {0,1}, i=1,...,n.
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Table 9.3 Average results comparison on the instances of the second set

Average solution gap (i.e., BK R — fuu4)

Instance  fprev PR1[28] PR2[28] ITS[24] MST2[23] D?TS[10] AACk [25]
p3000.1 3931583 0 80 0 0 0 0
p3000.2 5193073 0 0 97 97 0 0
p3000.3 5111533 36 72 344 287 0 108
p3000.4 5761822 0 0 154 77 0 0
p3000.5 5675625 90 279 501 382 0 49
p4000.1 6181830 0 0 0 0 0 0
p4000.2 7801355 71 314 1285 804 0 323
p4000.3 7741685 0 64 471 1284 0 3
p4000.4 8711822 0 0 438 667 0 0
p4000.5 8908979 491 385 572 717 0 0
p5000.1 8559680 612 918 971 581 656 387
p5000.2 10836019 620 499 1068 978 12533 339
p5000.3 10489137 995 318 1266 1874 12876 77
p5000.4 12252318 1258 1168 1952 2570 1962 554
p5000.5 12731803 51 166 835 1233 239 37
p6000.1 11384976 201 822 57 34 0 18
p6000.2 14333855 221 577 1709 1269 1286 148
p6000.3 16132915 1744 2017 3064 2673 787 672
p7000.1 14478676 935 1523 1139 2515 2138 903
p7000.2 18249948 1942 2986 4301 3814 8712 828
p7000.3 20446407 332 2311 3078 7868 2551 0
Average 457.1 690.4 1109.6 14154 2082.9 211.7

The following corresponding relation is apparent in comparison with the formu-
lation of QUBO:

n
gi= Y wi, qj=-wi, (%)) (9.6)

j=li#i

According to Eq. (9.6), a MaxCut problem instance can be reformulated into a
QUBO instance. Thus, the algorithms designed for solving the QUBO problem are
directly applicable to the MaxCut problem.

Table 9.4 reports the computational results on the 54 MaxCut instances. For each
execution of the compared algorithms, the time limit for solving each instance is
set to be 30 minutes. Columns 1 gives the instance name. Columns 2 to 4 list the
best solution values found by PR1, PR2 and D?TS. Columns 5 to 8 list the average
solution values found by PR1, PR2, AAC;; and AACg. Both AACj; and AACRg
are proposed in [25], where AACg uses the pxxx.y instances of as training inputs
to irace and AAC),, is trained on the MaxCut instances. The last row “Matched”
indicates the number of instances where each algorithm obtains the best results
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Table 9.4 Computational results comparison on the MaxCut instances

Instance
Gl
G2
G3
G4
G5
G6
G7
G8
G9
G10
Gl1
GI12
G13
Gl4
Gl15
Gl16
G17
G18
G19
G20
G21
G22
G23
G24
G25
G26
G27
G28
G29
G30
G31
G32
G33
G34
G35
G36
G37
G38
G39
G40

fbext
PR1 [28]
11624
11620
11620
11646
11631
2178
2006
2005
2054
2000
564
556
582
3063
3050
3052
3047
992
906
941
931
13359
13342
13337
13338
13324
3337
3296
3404
3412
3306
1408
1382
1382
7674
7666
7673
7674
2402
2394

PR2 [28]
11624
11620
11620
11646
11631
2178
2006
2005
2054
2000
564
556
582
3064
3050
3052
3047
992
906
941
931
13359
13342
13333
13339
13326
3336
3296
3405
3411
3306
1410
1382
1384
7679
7671
7682
7682
2407
2399

D?TS [10]
11624
11620
11620
11646
11631
2178
2006
2005
2054
2000
564
556
580
3061
3050
3052
3046
991
904
941
931
13359
13342
13337
13332
13328
3336
3295
3391
3403
3288
1406
1378
1378
7678
7670
7682
7683
2397
2390

favg
PR1 [28]
11624
11620
11620
11646
11631
2178
2006
2005
2054
2000
564
556
582
3062.1
3049.3
3051.3
3045.5
992
906
941
931
13353.5
13333
13327.3
13328
13313.7
3327.3
3286
3395.2
3404.6
3299.7
1400.9
1373.9
1375.4
7663.3
7653.1
7663.3
7663.4
2391.3
2381.2

PR2 [28]

11624
11620
11620
11646
11631
2178
2006
2005
2054
1999.8
564
556
582
3062.6
3049.3
3051.4
3046.4
992
906
941
931
13354.5
13331.6
13325.3
13328.2
13312.3
3326.9
3288.9
3391.9
3404.8
3299.5
1404.6
1376.1
1378.2
7670.8
7658.7
7667.9
7670.4
2391.1
2383.3

AACy [25]

11624
11620
11622
11646
11631
2178
2006
2005
2054
2000
564
556
582
3062.6
3049.9
3051.9
3046.7
992
906
941
931
13349.2
13332.1
13321.9
13329.2
13314.8
3328.2
3287.7
3390.2
3405.5
3300.7
1401.3
1373.3
1376
7668.8
7660
7670
7671.7
2395.2
2387.8

257

AACg [25]

11607.8
11606.2
11611.2
11633.2
11620.1
2172.1
1995.8
1998.5
2044.4
1989.8
556.4
546
568
3055.9
3035.8
3038.4
3034.3
974.3
886.9
915.1
903.5
13338.4
13330
13321.1
13324.9
13311.7
3316.2
3285.2
3383.4
3397.8
3293.8
1375.4
1352.2
1352.3
7642.5
7633.5
7645
7642.5
2341.5
2324.9

(continued)
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Table 9.4 (continued)

f best f av g

Instance PR1[28] PR2[28] D?>TS[10] PRI[28] PR2[28] AACy [25] AACk [25]
G41 2402 2404 2400 2380 2388.9 2393 2329.2
G42 2475 2478 2469 2462.3 2466.2 2467.8 2404.9
G43 6660 6660 6660 6660 6659.9 6660 6649.3
G44 6650 6650 6639 6649.9 6649.9 6650 6641.4
G45 6654 6654 6652 66539 66539 6654 6647.4
G46 6649 6649 6649 6648.2  6648.8 6649 6641.5
G47 6657 6657 6665 6656.6  6656.8  6656.9 6648
G48 6000 6000 6000 6000 6000 6000 6000
G49 6000 6000 6000 6000 6000 6000 6000
G50 5880 5880 5880 5880 5880 5880 5875
G51 3848 3848 3847 3844.6  3846.4  3846.6 3832.4
G52 3851 3851 3849 3847.6 38484 38499 3836.1
G53 3849 3850 3848 3846.9 3847.7 3848 3835.2
G54 3852 3851 3851 3848.6 3847.8 3850.1 3836.3
Matched 38 47 29 25 27 44 2

among the compared algorithms. In terms of the best solution values, PR2 matches
the best results for 47 out of 54 instances, performing better than PR1 and D?TS that
match 38 and 29 best results, respectively. In terms of the average solution values,
AAC), performs the best by matching the best results for 44 instances, much better
than AACRg that only matches 2 best results. This indicates that the behavior of the
automatic approach is closely correlated to the problem structure.
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Chapter 10 )
The Bipartite QUBO s

Abraham P. Punnen

Abstract This chapter deals with the bipartite quadratic unconstrained binary
optimization problem (BQUBO) which is closely related QUBO, both as a general-
ization and as a particular case. In this sense many of the results discussed for QUBO
in the previous chapters extend to BQUBO. Here we focus primarily on results that
exploit the special structure of BQUBO. In particular, we consider computational
complexity, polynomially solvable special cases, approximation algorithms, MILP
formulations, and exact and heuristic algorithms.

10.1 Introduction

The bipartite quadratic unconstrained binary optimization problem (BQUBO) is
a variation of the quadratic unconstrained binary optimization problem (QUBO)
with special structural properties. Let Q be an m x n real matrix with its (¢, j)th
element as g;j, ¢ = (c1,¢2,...,¢cn) € R", d" = (d1,d2,...,dy) € R", Yy =
1, y25 -+, yn) € {0, 1} and X" = (x1, x2, ..., xm) € {0, 1}". Then, the BQUBO
can be stated as the mathematical programming problem

Maximize f(x,y) =x'Qy+c'x+d"y
Subject to
x € {0,1}",y e {0,1}"!

An instance of the BQUBO is uniquely defined when Q, ¢ and d are specified.
Therefore, we sometimes denote a BQUBO instance by the triplet (Q, ¢, d). The
BQUBO is equivalent to the unconstrained bilinear program (UBLP) [43, 44]
obtained by replacing the binary restrictions on the variables x and y with x €
[0, 1] and y € [0, 1]". There is extensive literature on bilinear programs and some
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of these are relevant to the special case of UBLP. Despite the equivalence between
the BQUBO and the UBLP, we represent a BQUBO using binary variables and focus
primarily on the combinatorial properties, unless otherwise stated.

Before getting into further details on the BQUBO, let us now briefly discuss some
of the notations used in this chapter. We follow the same notational convention as
discussed in Chap. 1. That is, All matrices are represented using bold capital letters
and elements of a matrix are represented by the corresponding small letters along
with accents, if any, and the location coordinates. For example the (i, j)th element
of the matrix A is a;;, of the matrix Bis Bi j» and of the matrix DF is dlk/ Similarly,
vectors are represented by boldface small letters along with appropriate accents, as
applicable, and elements of a vector is represented using the same letter (without
boldface) along with its location coordinate and accents, if any. For example, the
ith element of the vector ¢ is c¢;, of the vector xk is xlk , and of the vector V is ;.
Exceptions to this rule will be stated explicitly and operators such as transpose etc.
are not considered as accents in the case of vectors. The zero vector in any dimension
is represented by 0. Additional notations will be introduced as need arises. Also we
denote M = {1,2,...,m} and N = {1,2,...,n}. Throughout this chapter, we
assume that m < n, without loss of generality.

Many well-studied optimization problems can be formulated as a BQUBO. In
Chapter 1, we have seen that when m = n and Q is symmetric and positive
semidefinite, a QUBO can be solved as a BQUBO and vice versa [42, 43]. Further,
any instance (Q, ¢, d) of a BQUBO can be formulated as the QUBO (Q’, ¢’) or the
QUBO (Q”, ¢/), where

/ Ome ;Q } 7 [Ome Q } /
g s g s ¢ = C d s and
Q [ 3Q" Oy Q Onxm Onxn [cd]

Ouxns Omxm, and O, %, are zero matrices. In this sense, BQUBO is a special
case of QUBO and hence the results derived for the QUBO are applicable for the
BQUBO as well.

A graph theoretic interpretation of the BQUBO can be given as follows. Let G =
(V1, Vo, E) be a bipartite graph with Vi = {1,2,...,m}and Vo = {1,2,...,n}.
The edge set E = {(i, j) : gij # 0} and let g;; be the weight of the edge (7, j) in G.
Also, the weight of the node i € V; is ¢; and the weight of the node j € V; is d;.
Then, the BQUBO is to find an S € V; U V; such that the subgraph of G induced
by S have the largest sum of the weights of its edges and nodes [63-65].

In the preceding chapters, we have discussed two primary forms of QUBO, one
with 0-1 variables and the other with variables taking values —1 or 1. The later was
called the Ising QUBO. The corresponding version of the BQUBO, called the Ising
BQUBO, can be stated as the mathematical programming problem

Maximize ¢ (x,y) = x'Ay + b’ x +p’y
Subject to
xe{—1,1)",ye{~1,1}".
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where b" = (by, by, ..., by) and p’ = (p1, p2, ..., pn). An instance of the Ising
BQUBO can be represented by the 3-tuple (A, b, p). The BQUBO and the Ising
BQUBO without the linear terms are said to be in homogeneous form.

Theorem 10.1 For any BQUBO there exists an equivalent BOUBO which is in the
homogeneous form. Likewise, for any Ising BOUBO there exists an equivalent Ising
BQUBO which is in the homogeneous form.

Proof We prove the result for the Ising BQUBO and the proof for the case of
BQUBO is similar. Consider the instance (A, b, p) of the Ising BQUBO. Introduce
two new variables, say x;,+1 and y,+1. Consider the (m + 1) x (n + 1) matrix

A:[Arb] 10.1)
p M

where M is a large number. Since ¢ (X, y) = ¢ (—Xx, —Y) for any homogeneous Ising
BQUBO and the entry in ay,+1,,+1 1S M, without loss of generality we can assume
that x,,11 = ys+1 = 1 in an optimal solution to the Ising BQUBO (A, 041, 0,41).
This accurately counts the linear terms of the Ising QUBO (A, b, p) for an optimal
solution. However, this adds a constant M to the objective function value of every
optimal solution of (A, 0,,+1, 0,,+1) compared to that of the Ising QUBO (A, b, p),
and this does not affect the optimal solution set for either problem. Thus, the Ising
BQUBO (A, b, p) is equivalent to the Ising BQUBO (1&, 041, 0n41).

The choice of a;4+1,,+1 = M was crucial in the above proof which guarantees
that x,,4+1 and y,4+; will have the same sign in an optimal solution. Just the
property that ¢(X,y) = ¢(—x, —y) is not sufficient to establish this since if
Xm+1 = 1, yn4+1 = —1, its negation also have different signs and hence the linear
terms may not get counted accurately. For a corresponding result in the case of Ising
QUBO, instead of M we could select 0, as we have seen in Chap. 1. Using M in our
reduction although preserve optimality, it need not preserve e-optimality and this is
a significant difference from the case of the Ising QUBO.

We can also establish equivalence between the BQUBO and the Ising
BQUBO [64]. Consider the linear transformation

X =2w—e,andy = 2z — e,, (10.2)

where e, and e, are all-one vectors in R™ and R”", respectively. Under this
transformation, x; = 1 is mapped to w; = 1 and x; = —1 mapped to w; = 0.
Similarly, y; = 1 is mapped to z; = 1 and y; = —1 is mapped to z; = 0. Thus,
using (10.2), the Ising BQUBO can be reduced to the BQUBO
Maximize f(w,z) = w Q%z + (¢*)'w + (d%)"z
Subject to
w e {0, 1}",z € {0, 1}",
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where Q¢ = 4A, ¢ = 2(b — Ae,), d* = 2(p — ATe,,) and the constant term
e/ Ae, — b"e,, — p'e, is ignored from the objective function. Similarly, using the
linear transformation

1 1
X = 2(w—i—em) andy = 2(z—i—en) (10.3)

a BQUBO can be reduced to the Ising BQUBO

Maximize ¢(w,z) = w Az + (b)) w + (p*)'z
Subject to
wel-1, 1" ze{~1,1)"

where A9 = }‘Q, b? = i(Qen) + éc, p? = }‘QTem + éd and the constant term
iez,; Qe, + écTem + édren is ignored from the objective function.

Theorem 10.2 The BQUBO and the Ising BOUBO are strongly NP-hard.

Proof We reduce a QUBO to the BQUBO. Consider the instance (Q, ¢) of a QUBO.
From this, construct the instance (Q, ¢, d) of BQUBO, where

1 -1
Q=Q-2MI, ¢c= 2c~|—Meandd= 2c+Me, (10.4)

Lis the n x n identity matrix, e € R” is the all one vector, and M is a large number.
Now, it can be verified that an optimal solution (x, y) to (Q, c, (_l) satisfies x; = y;
foralli = 1,2, ..., n and hence x is an optimal solution to the QUBO (Q, ¢). Since
the QUBO is strongly NP-hard, BQUBO is also strongly NP-hard. Further, since any
BQUBO can be reduced to the Ising BQUBO using the linear transformation (10.3),
it follows that the Ising BQUBO is also strongly NP-hard.

It is well known that the maximum weight cut problem (MWCP) on a general
graph G is equivalent to QUBO (see Chaps. 1, 3, and the references therein). In
MWOCP, if we restrict the graph G to be bipartite, we get an instance of the bipartite
maximum weight cut problem which we denote by B-MaxCut. Indeed, viewing B-
MaxCut as a maximum weight cut problem on a general graph yields an equivalent
QUBO. But the support graph of the resulting QUBO need not be bipartite and hence
the resulting instance need not be that of a BQUBO. When all edge weights are non-
negative, B-MaxCut is a trivial problem. We now show the equivalence between the
BQUBO and the B-MaxCut.

Let G = (V1, Va2, E) be a bipartite graph with |Vi| = m and |V2| = n. Two
vectors X € {—1,1}" andy € {—1, 1}" defines a cut (S; U S3, 71 U T3) in G if
Si={ieVi:x=1}TT1={ieVi:xi=-1}, % ={jeVi:y =1}
and T = {j € Vo : y; = —1}. We call (x,y) the incidence vector of the cut
(81U 82, T1 U T3). Let g;; be the weight of the edge (i, j) in G. Then, the value of
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the cut (S1 U S», T1 U Tp) is given by

Yooawit Y ai= ) 4y (10.5)

ieSy,jeh ieT,jeS Xi=—Yj

Theorem 10.3 ([64]) The Ising BOUBO (A, 0, 0) and B-MaxCut are equivalent in

the following sense:

1. For any instance of the Ising BQUBO, it is possible to construct a complete
bipartite graph G such that an optimal solution to the B-MaxCut problem on G
gives an optimal solution to the Ising BQUBO.

2. For any instance of B-MaxCut on a bipartite graph G = (V1, Va, E) with | V| =
m and |V,| = n, it is possible to construct an instance of the homogeneous Ising
BQUBO with an m x n cost matrix A such that an optimal solution to the Ising
BQUBO (A, 0, 0) gives an optimal solution to the B-MaxCut problem on G.

Proof The objective function ¢ (x, y) of the Ising BQUBO (A, 0, 0) can be written
as

¢(X,Y)=Zaisz'yj= Zaij_ Z a;,':ZZaij—Z Z aij

ij Xi=Yj Xi==Yj i=1 j=1 Xi==Yj

Since 3°iL; >i_; a;j is a constant, maximizing ¢ (, y) is equivalent to maximizing

2=y, dij- Thus, by solving the B-MaxCut problem on a complete bipartite
graph K,, , with the weight of the edge (i, j) as —a;; solves the Ising BQUB
(A,0,0).

To establish the second part of the theorem, we show that the B-MaxCut problem
on the bipartite graph G = (V1, V2, E with edge weights ¢;; for (i, j) € E can be
solved as an Ising BQUBO (A, 0, 0). Let (S US>, T1 UT>) be acutin G and (x, y)
be the corresponding incidence vector. Let §(S, T) = > xi=—y; Cij be the value of

the cut (S U Sy, Ty U T»). Then it can be verified that g(S, T) = ; Z(i’j)eE cij —
é Z(i’j)eE cijx;y; and, hence, maximizing § (S, T) is equivalent to solving the Ising
BQUBO (A, 0, 0) where A is an m x n matrix with |Vi| = m, |V2| = n and a;; =
—écij if (i, j) € E and a;; = 0, otherwise.

Given any m x n matrix Q we define the support bipartite graph as the bipartite
graph G = (V, Vo, E) where Vi = {u1,ua, ..., up}, V2 = {v1,v2,...,v,} and
E ={(u;j,vj) :u; € V1,v; € V2,qj # 0}. From Theorem 10.3, it follows that,

Theorem 10.4 Let A be an m x n matrix and G = (Vy, Va, E) be the support
bipartite graph of A with the weight of an edge (u;, v;) is a;j. Then G has a cut
(S1 U 82, Th U To) with capacity K if and only if there exists x € {—1,1}", y €
{=1, 1) such that x" Ay = 37| > aij — 2K.
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Fig. 10.1 The support bipartite graph of A and the edges of the given cut

To illustrate the result of Theorem 10.4, consider the matrix

9-10-6 8 0
53 0-10
A= 0 0 —2-3-5
00 0 4 7

The support bipartite graph G = (V1, V2, E), where Vi = {uy, uz, us, ua},
Vo = {v1,v2,v3, v4, v5}, of A with the weight of the edge (u;, v;) is assigned
as a;; is given in Fig. 10.1 along with edges of the cut (S1 U S2, T1 U Tz) where
S1 = {ur, usz}, Ty = {uz, usa}, S2 = {v2, v3, vs} and I = {vy, v4}.

The incidence vector corresponding to the cutis (X, y) wherex = (1, —1, 1, —1)
andy = (—1,1,1,—1,1). Now x"Ay = =39, > """, 27:1 a;j = 9and K = 24.
Note that x"Ay = > /L 377 a;j — 2K is satisfied.

By Theorem 10.4, the Ising BQUBO (A, 0, 0) can be solved by solving the
maximum weight cut problem on the support bipartite graph of A with the weight
of the edge (u;, v;) as —a;;. Further, if (S} U S5, T}* U T5") is an optimal solution
to this maximum cut problem with value K*, then the corresponding incidence
vectors x*, y* will be an optimal solution to the BQUBO (A, 0, 0) with the objective
function value 3717, 371 a;j +2K*.
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10.2 Applications

In Chaps. 1 and 2, we have seen that many combinatorial optimization problems can
be modelled as a QUBO. Since QUBO is a special case of BQUBO as established
in Theorem 10.2, each of these applications can be modelled as a BQUBO as well.
Let us now look at some specific problems where the BQUBO model fits better.

Consider the bipartite graph G = (V1, V2, E) with a weight w;; is defined for
each edge (i, j) € E. Then, the maximum weight biclique problem (MWBP) on the
bipartite graph G [6, 70] is to find a biclique in G such that the sum of the weights
of its edges is maximized. MWBP is a strongly NP-hard [58] even if w;; = 1 for all
(i, j) € E. Define

Wij if (i, ]) eE
qij = .
—M otherwise ,

where M is a large positive number. Then, it can be verified that the BQUBO
(Q,0,,0,) solves the MWBP. The MWBP has applications in various areas.
This include data mining, clustering and bioinformatics [13, 15, 71, 72], anomaly
detection in E-commerce, social recommendation, and advertising [50], and formal
concept analysis [16]. Consequently, these optimization problems can be solved as
a BQUBO. Further, the vertex separator problem on a graph can be formulated as a
BQUBO with cardinality constraints [35].

The BQUBO model also arises in approximating a matrix by a rank-one binary
matrix [24, 45, 46, 49, 67]. For example, let D = (d;;) be a given m x n matrix and
we want to find an m x n matrix B = (b;;), where b;; = u;vj, u; € {0,1},7 =
1,2,...,m,andv; € {0,1},i =1, 2, ..., n such that

m n
> ij —uivy)?
i=1 j=1

is minimized. The matrix B is called a rank one approximation of D. Since u;, v;
are binary variables,

m n m.n
Z Z(dij — u,'vj)z = Zz(dlzl — 2d;juiv; + M%UJZ)

i=1 j=1 i=1 j=1

m n
= Zz(dlzj —2d;juivi +uivj)

i=1 j=1

=D > "d5+ >0 (A= 2diju;v;

i=1 j=1 i=1j=1
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Therefore, minimizing Y 1o, Z';:l(d,-j — Ujv j)z is achieved by minimizing
> oie1 2=1(1 = 2d;j)u;v; which is equivalent to maximizing » 37, >7_ (2d;; —
Du;vj. Thus, given the matrix D, the matrix B can be identified by solving
the BQUBO (Q,0,0) where ¢;; = 2d;; — 1, forall i € {1,2,...,m} and
j € {1,2,...,n}. Binary matrix factorization arises in mining discrete patterns in
binary data [49, 67]. If u; and v; are required to be in {—1, 1} then the resulting rank
one approximation problem can be formulated as a homogeneous Ising BQUBO.

The maximal sum submatrix problem (MSSP) studied by Derval [18] and
Branders [10] is essentially equivalent to the homogeneous BQUBO. Given an
m x n matrix Q with row and column index sets {1,2,...,m} and {1, 2, ..., n}
respectively, the MSSP seeks a subset I of {1,2,...,m} and a subset J of
{1, 2, ..., n} such that

YN ai (10.6)

iel jeJ

is maximized. Derval [18] considered different variations and generalizations of
MSSP with applications in data mining, biclustering , frequent itemset mining,
and tiling. Branders [10] considered a penalty parameter in Eq. (10.6) where g;; is
replaced by g;; — 6. In this case g;; values above the threshold 6 is favored and those
below 6 is penalized. This is again a homogeneous BQUBO and have applications
in the analysis of gene expression data [10].

Another application of BQUBO is to find the cut-norm of a matrix [3, 4]. The
cut-norm of a matrix Q, denoted by ||Q||, is defined as

.= max iil-
1Qlle =, _max_ >N ai

iel jeJ

Thus, the cut-norm ||QJ|. is the optimal objective function value of the binary
quadratic program

CN: Maximize [x"Qy]
Subjectto: x € {0, 1}, y € {0, 1}".

From this definition, it follows that the cut norm of Q is the largest of the objective
function values of the BQUBO problems (Q, 0,,,0,) and (—Q, 0,,, 0,). So, the
cut norm can be identified by solving two BQUBO problems. The cut-norm of a
matrix can be used in developing approximation algorithms for various problems
on matrices and dense graphs [21], solving biclustering problems in computational
molecular biology [71, 72], and finding regular partition of graphs [4, 5]. An Ising
BQUBO formulation for computing the cut norm is given in [4]. This formulation
also leads to computing an efficient approximation of the cut norm of a matrix. Let
us discus this formulation now.
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Let OPT(A, 0, 0) be the optimal objective function value of the instance (A, 0, 0)
of the Ising BQUBO. It may be noted that OPT(A, 0, 0) > 0. The lemma below and
its validity proof is from [4].

Lemma 10.1 ([4]) [|A]lc < OPT(A, 0, 0) < 4||A]l.

Proof Let (x*,y*) be an optimal solution to the Ising BQUBO (A, 0, 0). Since
OPT(A,0,0) > 0, we have 31", 37, aijxiy; = > Yo aijxl?"y;.“. Let
X' =i :xf =1L, X2 =1{i : xf = -1, Y = {i : y» = 1}, and

1 1

Y2 ={i : y* = —1}. Then,

m n m n
* ok k%
2D aixi =) ) aijxiy;

i=1 j=1 i=1 j=I

SPIDITED ST D IR 3 pE

iex! jer! ieX? jey? iex? jey! iex! jey?

=122 |+ 2|+ | D D e+ D
iex! jer! ieX? jey? ieX? jey! iex! jer?

= 4lIAllc,

since each of the absolute values in the sum on the right hand side is at most ||A]||.
Thus,

ZZa,Jxl X < 4)All (10.7)

i=1 j=1

Also note that [[Alle = > ¢/ > e aij or [[Alle = =3/ 3" ;e aij for some I
M, J € N.Now, suppose that |[Allc = >_;c; 3"y aij. Define x; = 1if i € I and
x; = —1if i ¢ I. Similarly, define y; = 1ifi € J and y; = —1if i ¢ J. Then,

n

Al =Y Y0 =3 Y e (1 ZXi) <H;yj>

iel jeJ i=1 j=1

(ZZa”+Zr,x,+2sjyl+22aux,yl) (10.8)

i=1 j=1 i=1 j=1

where r; = 37 a;j and s; = 37 a;;. The absolute value of each of the sums
inside the bracket on the right hand side is at most OPT(A, 0, 0) and hence ||A||, >
OPT(A, 0, 0). The case when [|Alc = —3_;.; > ¢, aij can be analyzed in a similar
way and this completes the proof.
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Lemma 10.2 [f the row and column sums of A are zeros, then OPT(A,0,0) =
4/|Allc.

Proof When each row and column sums of A is equal to zero, in equation (10.8),
ri=0fori =1,2,....,m,s5; =0fori =1,2,...,nand )/, Z?:N’ij = 0.
Thus, [|A]]c < iOPT(A, 0, 0). The result now follows from Lemma 10.1.

Thus, if the row and column sums of a matrix A are zeros, its cut norm can be
identified by solving a BQUBO.

Theorem 10.5 ([22, 41]) For any matrix B, there exists an associated matrix A
with row and column sums equal to zero such that ||A||. = ||B||c.

Proof Let B be an m x n matrix. Now, construct the (m + 1) x (n + 1) matrix A

such that
B —r
A= (10.9)
—sT b

where the ith element of the vectorris r; = 27:1 bij, the jth element of the vector
sissj = Y i, b;j and the scalar b = ) ;" Z'}Zl bij.LetI € {1,2,...,m} and
J C€{1,2,...,n}. Now define I’ and J’ where

g [ritmergn NP P VRS R
(,2,..m)\Iifm+1el (1,2,..n)\Jifn+1elJ
Then, |3 i/ jes dij =‘Zi€1,’jej,b,'j and hence it follows that [|Al[. = |[B]]..

In view of Lemma 10.2 and Theorem 10.5, the cut norm of a matrix B can be
identified by solving an Ising BQUBO (A, 0, 0), where A is defined as in the proof
of Theorem 10.5.

10.3 MILP Formulations

In Chap. 6, we have seen various MILP formulations of the QUBO. The reader is
referred to the discussions there and the references provided for details on some of
the terminologies used here. Further, those models can easily be adapted to the case
of BQUBO. Because of this, we will not consider a detailed discussion on integer
programming or semidefinite programming models for BQUBO in this chapter.
Instead, we simply highlight two basic models that are used in other parts of this
chapter and indicate the simplifications achieved by exploiting the special structure
of BQUBO. Foreachi e M,let R; = {j € N: g;; # 0}.
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We use the variable w;; to represent the product x;y;. Then, the linearization
theorem from Chap. 6 can be used to introduce additional constraints so that wj;
is a 0-1 variable with w;; = 1 if and only if x; = y; = 1. For QUBO, we used
the variable y;; to represent the product x;x;. Thus, y;; = y;; and this fact was
exploited in some linearizations of QUBO [59]. However, for BQUBO, w;; need
not be equal to wj; since wj; = x;¥; # x;y;. Keeping this in mind, the BQUBO
counterpart of the Glover-Woolsey linearization of QUBO can be stated as

m m n
GWB: Maximize Z Z qij Wij + ZC,’X,’ + Zdjyj
i=1 jeR; i=1 j=1

Subjectto: x; +y; —w;; <lforall j e R;,i=1,2,...,m,
(10.10)

wij—x,-§Of0ra11jeRi,i=1,2,...,m (10.11)
wij—yjSOforalljeRi,izl,Z,...,m (10.12)

x; € {0, 1} foralli = 1,2....m, (10.13)
yj €{0, 1} forall j =1,2...,n. (10.14)
wij > 0forall j € Ri,i =1,2,...,m. (10.15)

The model GWB was considered earlier by many authors [10, 68, 69]. Exploiting
the structure of BQUBO, we now show that the binary restrictions in GWB are
required only for the x-variables or y-variables or w-variables. Let GWBy be the
version of GWB with constraint (10.14) is relaxed to 0 < y; < 1 and hence we
have binary restrictions only on the x-variables. Similarly, let GWBy, be the version
of GWB with constraint (10.13) is relaxed to 0 < x; < 1 and GWB,, be the version
of GWB with constraints (10.13) and (10.14) are relaxed respectively to 0 < x; < 1
and 0 < y; < 1 but constraint (10.17) is replaced with w;; € {0, 1} forall j €
R,i=1,2,...,m.

Theorem 10.6 ([69]) GWBy, GWBy and GWBy, are valid MILP models for the
BQUBO.

Proof Let us first show that GWBy is a valid MILP model for the BQUBO. When
x is fixed at some vector in {0, 1}", the coefficient matrix corresponding to the
resulting constraints (10.10) and (10.11) is totally unimodualr since it can be viewed
as the transpose of the node arc incidence matrix of some directed graph. This
implies that when x is fixed as a specific vector in {0, 1}", the coefficient matrix
of GWBy is totally unimodualr and the RHS is also a binary vector. Thus a 0-1
optimal solution exists for GWBy. The case of GWBy can be handled analogously.
Now, let us consider GWBy,. Here both constraints (10.14) and (10.13) are relaxed
to respectively to 0 < y; < 1and 0 < x; < 1 and replace the constraint (10.15)
with w;; € {0, 1} in GWB. Thus, if w;; is fixed at O or 1 for all i and j, the
coefficient matrix corresponding to constraints (10.10) is totally unimodualr since
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it can be viewed as the transpose of the incidence matrix of an undirected bipartite
graph which is known to be totally unimodualr. Thus, it follows that when w;; is
fixed at binary values, the coefficient matrix of the remaining constraints of GWBy,
is totally unimodular. Further, in this case the righthand side coefficients are also
integer establishing that GWB,, has a 0 — 1 optimal solution.

The formulation GWBy shows that the BQUBO can be solved as a sequence of
O (2™) linear programs. Thus, when m = O (logn) the problem can be solved in
polynomial time. A more efficient algorithm for this case will be discussed later.
The formulation GWB can be strengthened by adding additional valid inequalities.
See [69] for various valid inequalities for the bipartite Boolean quadric polytope.

Let R;r ={jeN:gijj >0}and R, = {j € N: gi; < 0}. Then the optimality
restricted version (see Chap. 6) of GWB is

m m n
GWBO: Maximize Z Z qijwij + Zcixi + Zdj)’j
i=1 jeRr; i=1 Jj=1

Subjectto: x; +y; —w;; < 1lforallje R ,i=1,2,...,m,
(10.16)

wij —x; <Oforall j e RF,i=1,2,....,m  (10.17)
wij —yj <Oforall j e RF,i=1,2,....m  (10.18)

x; €{0,1} foralli = 1,2....m, (10.19)
yj €{0, 1} forall j =1,2...,n. (10.20)
wij >Oforall j € R, i=1,2,....m. (10.21)

As discussed in the case of QUBO in Chap. 6, we can aggregate (weighted
or unweighted) blocks of constraints from GWB to obtain valid MILP models
for BQUBO with reduced number of constraints. For example, the constraint
block (10.10) in GWB can be replaced by

D= wi) < |Ri|(1—x), fori =1,2,....m
JER;

to obtain a valid MILP model for BQUBO. A weighted version of the above
constraint is also valid. i.e.

Zaij(yj—wij)f Za,’j (1 — x;), fori=1,2,...,m
JER; JER;

were «;; > 0 can be used to replace the constraint block (10.10) to obtain a
valid MILP formulation of BQUBO. Aggregation however, can weaken the LP
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relaxation. This can be mitigated by choosing the weights «;; appropriately. See
Chap. 6 and [59, 60] for further details.

Let §; = {i € M : g;; # 0}. Weighted aggregation of the constraints in
blocks (10.11) and (10.12) yields

Z,Bijw,'j < Zﬁ,’j xi,i=1,2,....m (10.22)
JER; JER;
S viwi < | Y v |vii=12....n (10.23)
iESl,‘ iESl,‘

where B;; > 0, y;; > 0. In GWB, we can replace the constraint blocks (10.11) and
(10.12) with (10.22) and (10.23) to obtain yet another valid MILP formulation for
BQUBO. In this case, it is important to add the upper bound constraints w;; < 1
for all i and j. Choosing the weights B;; > 0 and y;; > O appropriately, the LP
relaxation of this aggregated model can be made competitive with that of GWB [60]
(see also Chap. 6). Combining all the aggregations discussed above, we get the
following MILP model for BQUBO.

m m n
GWBA: Maximize Z Z qijwij + Zcixi + Zdj)’j
i=1 jeR; i=1 j=1

Subject to: Z o (yj — wij) < Z ajj | (1 —xi),i e M

jER; JER;

(10.24)
> Bywig < | D Bij | xiieM (10.25)
JER; JER;
S vigwig < | Y vii | viieN (10.26)
iESj iESj
xi €{0,1},i e M,y; €{0,1},j e N (10.27)
O<wj<1jeR,ieM (10.28)

10.3.1 Compact Formulations

The compact MILP formulations discussed in Chap. 6 for QUBO can also be
adapted for BQUBO in the natural way. Let h;(y) = >_;cg. gijyj. Then, the
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objective function ¥ (X, y) of BQUBO can be written as
n m n
YY) =Y xihi(y)+ Y cixi+ Y djy; (10.29)
i=1 i=1 j=1

For any y € {0, 1}", h;(y) is a real number satisfying

=" min{0, g} < hi(y) <u; = Y max{0, gi;}. (10.30)
JER; JER;

Applying Glover’s linearization theorem (see Chap. 6) on the product x;h;(y) in
(10.29), we get the compact formulation [26]

n m n
GLB: Maximize Z w; + Zcixi + Zdjyj
i=1 i=1 j=1

Subjectto: w; < u;x;, fori =1,2,...,m (10.31)
w; <{ix; + Zqijyj—ﬁi, fori=1,2,....,m (10.32)

JER;
w; > Lixi, fori =1,2,...,m (10.33)
wizuixi—l—Zqijyj—u,-, fori=1,2,...,m (10.34)

JER;
xi,yj € {0,1} fori € M, jeN. (10.35)

An optimality restricted version of GLB can also be obtained. Note that the
general constraints of GLB can be written as

max{u;xi + Y qijyj — i, €ixi} <w; < minfupxs, Gxi + Y qijy; — Liki=1,2,....m.
JER; JER;

(10.36)

Since we have a maximization objective with the coefficient of w; in the objective
function is one for all i, the inequalities (10.33) and (10.34) can be discarded from
GL without affecting optimality [1]. This leads to the optimality restricted version,
GLBO, of GLB:

m m n
GLBO: Maximize Z w; + Zcix,- + Zdjyj
i=1 i=1 j=1

Subjectto: w; <u;x;, fori =1,2,...,m (10.37)
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w; < Lixi + Zq,'jyj—ﬁi, fori =1,2,...,m
JER;
(10.38)

xi.yj €10, 1} fori e M, j € N. (10.39)

The model GLBO was also given in [18] and [9]. Let z; be the slack variable
in constraint (10.37). Eliminating the unrestricted variable w; using (10.37), we get
the MILP model

m m n
GLOBI: Maximize Y (uixi —zi)+ Y cixi + Y d;yj
i=1 i=1 j=1

Subject to: ujx; —z; < €ix; + Z qijyj —4&i, fori =1,2,....m

JER;
(10.40)
xi,yj€{0,1}fori e M, j e N (10.41)
zi >0,i e M. (10.42)

for the BQUBO [1].

The LP relaxation of these compact formulations are relatively weak. However,
they can be strengthened by adapting methods discussed in Chap. 6. Since these are
relatively straightforward modifications from the corresponding models for QUBO,
the details are omitted.

10.4 Polynomially Solvable Special Cases

In Chap. 3, we have seen various polynomially solvable special cases of the QUBO.
Since the BQUBO can be solved as a QUBO, whenever the transformed QUBO
satisfies conditions of polynomial time solvability of the QUBO, we can solve the
BQUBO in polynomial time. Let us now consider some additional polynomially
solvable cases that exploit the special properties of the BQUBO. Several of the
results in this section are from [65].

Theorem 10.7 ([65]) The BQUBO can be solved in O (mn2™) time. When m
O (logn) it is solvable in 0 (n? logn) time but remains Strongly NP hard if m =
O (¥/n) for any fixed constant k.

Proof Choose any x’ € {0, 1} and compute ay’ € {0, 1}" with

(10.43)

J = :1 ift 521 qijxj +dj >0
=

0 otherwise .
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Then, the solution (x',y’) is optimal for the restricted BQUBO where x = X’ is
enforced. Now, repeat this process by restricting x = x’ to each of the vectors
x' in {0, 1} and compute the best corresponding solution (x’,y’) as discussed in
Eq. (10.43). The overall best solution generated by this process will be an optimal
solution to the BQUBO. For any given x’ € {0, 1}", the corresponding best solution
(x',y") along with its objective function value can be identified in O (mn) time.
Thus, an optimal solution to BQUBO can be obtained in O(mn Y (7)) =
O (mn2™). When m = O (logn), this complexity becomes 0 (n? logn).

We now use a self-reduction technique to establish the complexity of the BQUBO
whenm = O (¥n) for a fixed k. From an instance (Q, ¢, d) of the BQUBO construct
another instance (Q’, ¢/, d’) of BQUBO where

Q o - ~
Q’=|: :|,c’=[c 0],andd’=[d 0].
0’ 0’

Here, O!, O and 03 are zero matrices with dimensions m x n*, (n —m) X (n—m),
and (n —m) x nk respectlvely, 0 is a zero vector of dimension n — m and 0 is a zero
vector of dimension n¥. It can be verified that the instance (Q’, ¢/, d’) of BQUBO
constructed above satisfies the hypothesis of the theorem. Further, for every solution
to BQUBO (Q, ¢, d), there exists a solution to the BQUBO (Q’, ¢/, d’), such that the
corresponding objective function values coincide and viceversa. Since the BQUBO
is strongly NP-hard, the result follows.

An analogous result for the maximum cut problem was proved in [52]. A
variation of the construction discussed in the proof of the first part of Theorem 10.7
has been discussed in Chap. 6 in the context of decomposition upper bounds [14]
and in Chap. 3 for a corresponding polynomially solvable case of the QUBO.

A matrix Q is said to be a sum matrix, if there exist constants ay, ay, . . ., a, and
b1, b2, ..., by suchthatg;; = a;+bjforalli, j. A sum BQUBO is the special case
of the BQUBO when Q is a sum matrix. Let us now discuss an algorithm to solve
the sum BQUBO in polynomial time, which was proposed originally by Punnen,
Karapetyan, and Sriprathak [65]. When Q is a sum matrix,

fxy) =x'Qy+c'x+d"y

m n
Z szy,—l—Zb/y/Zx, +thxz +Zd/y/

m n
Z raj + ci)xi + Z(/Lb/‘ +dj)y;

j=1
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where 37 y; = A and 37, x; = w. Note that A € {0,1,2,...,n} and u €
{0, 1,2, ..., m}. Thus, our BQUBO can be written as

m n
SUM: Maximize Z(Aai +ci)xi + Z(Mb i +d)y;
i=1 j=1

n m
Subject to Zyj =A, in =u
j=1 i=1

x €{0,1},y;€{0,1},i=1,2...,m;j=1,2,...,n
ref{0,1,2,...,n},nue{0,1,2,...,m}.

For a fixed value of A and p, the optimization problem SUM decomposes into two
problems,

m n
P1(, p): Maximize Y (ha; + ¢;)x; P2(x, 11): Maximize Y (ubj +d;)y,
i=1 i=l1
m n
Subject to in =/ and Subject to ZY/‘ =A
i=1 =1
xielo1),i=12...m yi €01} j=12.n

For a fixed A and p, let x(A, ) be an optimal solution to P1(A, p) with optimal
objective function value fi(A, 1) and f>(A, u) be the optimal objective function
value of P2(X, u) for an optimal solution y(A, u). Choose A*, u* such that

FQE w™ + 0%, 1*) = max max (fi(h, w) + f2(r, )
reMO peNO

where M = {0, 1,...,m} and N° = {0, 1,2, ..., n}. Then, x(A*, u*), y(.*, u*)
will be an optimal solution to the sum BQUBO.
Theorem 10.8 ([65]) The sum BQUBO can be solved in O (mnlogn) time.

Proof Based on the discussion above, we need an efficient way to generate the
O (mn) values fi(A, u) and fo(A, u) forr € {0,1,...,n}, u € {0,1,...,m} and
their associated solutions x(A, ©t) and y(A, n). Let w be a permutationof 1,2, ..., m
that generates the descending arrangement

Adpi1) T Cx(1) = Aapi2) + Cr@2) = -+ = Apim) + Crim)
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for a fixed A. Then x = 0 is an optimal solution to P1(A, 0) with f;(x, 0) = 0. For
afixedAand u = 1,2, ..., m, an optimal solution to P1(%, p) is given by

X (1) (ks ) = :1’ fori < 4

0, otherwise

and fi(A, n) = fi(A, u— 1)+ (Aaz ) +Ccr(w)- Thus, for a given A, we can compute
all of fi(A, ), u =0,1,2,...,m and the associated solutions in O (m) time and
hence fi(A, n) for all values of A and u can be generated in O(mn) time. For a
given A, the ordering 7 can be identified in O (m logm) time and this is repeated n
times. Thus, the overall complexity of generating f1(X, n) for all values of A and u
is O (mnlogm). Likewise, f2(X, ;) and the associated solution for all values of A
and p can be generated in O (mn logn) time. Since m < n, the result follows.

Theorem 10.9 BQUBO can be solved in polynomial time, if gij > O for all i, j or
qij <0foralli, j.

Proof Consider the MILP formulation GWBO of the BQUBO. If ¢;; > 0 for
all i, j, then the set R;” used in GWBO is empty. Thus, the constraint coefficient
matrix of GWBO is totally unimodular and hence GWBO can be solved as a linear
program. When ¢;; < 0 fori, j, the set RT = ¢. In this case, the coefficient matrix
of the LP relaxation of GWBO (after adding the redundant constraint w;; < 1) will

be of the type
BIL
A=
(Iz 0)

where I; is the negative of an identity matrix of size mn x mn, I is an identity
matrix of size (m +n) x (m + n), O is a zero matrix and B” is the incidence matrix
of an undirected bipartite graph. Note that BT is totally unimodular and hence A is
totally unimodular. Thus GWBO can be solved as a linear program and the result
follows.

It may be noted that the condition g;; > 0 yields a polynomial time algorithm for
the general QUBO, as shown in Chap. 3. However, the general QUBO is NP-hard
even if ¢;; € {—1,0} for all 7, j (see Chap. 3) but Theorem 10.9 shows that the
BQUBO is solvable in polynomial time for all instances where ¢;; < 0 for all 7, j.
This part of Theorem 10.9 was proved in [8].

The polynomial solvability established in Theorem 10.9 can be extended to a
more general class of matrices where the number of negative elements or the number
of positive elements in Q are small. Let U € Mand V € N. We call the pair (U, V)
a non-negative cover ( non-positive cover) of Q if the matrix Q" obtained from Q
by deleting rows corresponding to U and columns corresponding to V has only
non-negative (non-positive) entries.
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Lemma 10.3 For any matrix Q, a non-negative cover (non-positive cover) (U, V)
such that |U U V| is the smallest can be identified in polynomial time.

Proof Construct the bipartite graph G = (M, N, E) where (i, j) € E if and only
if gjj < 0. Then a non-negative cover of Q with smallest cardinality is precisely a
minimum vertex cover of G. Since the vertex cover problem on a bipartite graph can
be solved in polynomial time, a non-negative cover of Q with smallest cardinality
can be identified in polynomial time. The proof for the case of non-positive cover is
similar.

Theorem 10.10 ([65]) Let (U, V) be a minimum cardinality non-negative (non-
positive) cover of Q. Then, the BQUBO can be solved in polynomial time if |[U U V|
is O(logn) and the problem is strongly NP-hard if (U UV | is O (¥/n) for some fixed
k.

Proof Consider an instance (Q, ¢, d) of the BQUBO. Suppose (U, V) be a non-
negative cover of Q. Now, fix the variables x; fori € U and y; for j € V at
0-1 values results in a BQUBO with the associated cost matrix have non-negative
elements. By Theorem 10.9 such a BQUBO can be solved in polynomial time. Since
there are at most 2/YYV! ways to fix the variables associated with U and V, the
BQUBO can be solved in polynomial time if (U U V| = O(logn). The case of
non-positive cover can be proved in the same way.

The second part of the theorem can be proved by reducing a general BQUBO
to a BQUBO satisfying the hypothesis of the theorem that preserves objective
function values of the corresponding solutions. This can be achieved by increasing
the number of columns (or rows) of Q to a sufficiently large number, yet polynomial
for fixed k and filling these columns (rows) with entries 0.

It may be noted that Theorem 10.10 allows arbitrary ¢ and d. Now let us
look at the case when the rank of Q is one and we refer to this as rank-one
BQUBO. Note that the matrix Q is of rank one if and only if there exist vectors
a’ = (ay,a2,...,ay)andb" = (b, by, ..., b,) suchthatg;; = a;b; foralli, j.In
Chap. 3, it is proved that QUBO is NP-hard if Q is of rank one and ¢ is arbitrary [12].
Unlike QUBO, we now show that BQUBO can be solved in polynomial time when
Q is of rank one and ¢ and d are arbitrary. To establish this, we use parametric linear
programming. This method is successfully applied in solving low rank bilinear
programs [44] and some combinatorial optimization problems with multiplicative
objective functions [62]. Our algorithm for the rank-one BQUBO is closely related
to both of these works. The specific details presented below are from [65].

The rank-one BQUBO can be written as

Maximize (a’x)(b"y) + ¢'x +d"y
Subject to: x € {0, 1}",y € {0, 1}",
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As indicated in Sect. 10.1, we can relax the binary restrictions on the variables and
write the rank-one BQUBO as the bilinear program

BLP: Maximize (a’x)(b"y) +c'x +d"y
Subject to: x € [0, 1],y € [0, 1]".

Now, consider the parametric linear program,

BLP(A): Maximize Ab"y +¢"x +d"y
Subject to: a'x = A

x e [0, 11",y € [0, 11",

where & € [A,A] and A = Y/* min{a;,0} and A = Y ", max{a;, 0}. Solving
BLP(A) for all values of A and choosing the overall best solution will solve BLP
(i.e. the rank-one BQUBO). For a fixed value of A, BLP(A) decomposes into two
linear programs

L1(A): Maximize ¢’x L2(1): Maximize Ab"y + d”y

Subject to: ax = A, x € [0, 1]" and Subjecttoy € [0, 1]".

Thus, for fixed A, let x(1) be an optimal solution to L1(A) and y(A) be an optimal
solution to L2(A). It can be verified that

YO = 1 ifAb; —.i—dj >0
0 otherwise .

Let us now show that only O (m) values of A € [A, A] are relevant in computing an
optimal solution for BLP. Let f1(A) and f>(}) respectively be the optimal objective
function value of L1(}) and L2(A), as a function of A. It is well known that fj(})
is a piece-wise linear concave function and f>(A) is a piece-wise linear convex
function [53]. Thus, f1(A) + f2(X) need not be convex or concave but it is piece-
wise linear. Solving BLP amounts to finding the global maximum of f1(A) + f2(})
for A € [A, )_»]. Let A = A, A2,...,Ap = X be the consecutive breakpoints
of f1(A). Then, f1(A) is linear in [A;, A;4+1] and f>(A) is convex in [A;, Aj41],
i=1,2,..., p—1.Therefore, f1(A) + f2(}) is a convex function in [A;, Aj4+1], for
i =1,..., p— 1 and hence the maximum of fj(}) + f>(}) over A € [A;, Aj+1]1s
attained either at A; or at A;41. Thus,

max (fi(d) + f20) = max ({fi(h)+ f2(0:))
relA,A] i€{l,2,...,p}
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o fo(N)
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Fig. 10.2 Rank one QUBO example

Now, we need an efficient way to generate the points A1, A2, ..., A, and compute an
optimal basic feasible solution x(A;) of L1(A) ateach A;,i = 1,2, ..., p. This can
be achieved relatively easily as shown in [65], which is discussed below (Fig. 10.2).
ci

Let B = {

. C; C
i=1,2,...,m, a; #0 anda”1 > m
ai

c
> ... > 7 bea
51 (7] a

descending arrangement of all distinct elements of B. Let B(k) = {i : Cme _ G }
Ay a;
Then the breakpoints of f(X) are given by

m=rand i =M1+ Y lalfork=2,3,....r

ieB(k)
An optimal basic feasible solution to L1(A) at A = Ay fork =1,2,...,r can be
identified recursively as
1 1 ifa=0andc¢; >0o0ra; <0
X, =

l .
0 otherwise,

and
XU ifi ¢ Bk)
k=11 ifi € Blk)anda; > 0

L
0 otherwise,
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Given f1(Ax) and X, fi(Ax41) and x¥*! can be identified in O(|B(k + 1)|) time.
The complexity for generating these solutions and the breakpoints are dominated
by that of constructing the descending arrangement which is O (m logm). Note that
f1 () has at most m + 1 breakpoints. Given x* a corresponding solution y* can be
computed in O(n) time. This leads to a complexity of O(mn). When m is large,
say not O(logn), we can improve the complexity of the algorithm to O (n logn) by
generating all the breakpoints of f>()) as well and recursively compute the solutions
y(A). For details of this approach we refer to [65].

The basic idea discussed above for solving the BQUBO with a rank-one Q
matrix can be extended to any BQUBO. In this case, instead of using the single
parametric analysis, we use the multi-parametric analysis of linear programs with
bounded variables. Such an algorithm will be polynomially bounded when rank of
Q is fixed [65]. A corresponding result is available for QUBO, with the additional
restriction that the matrix Q is positive semidefinite. (See Chap. 3 for discussions
on relaxing this assumption partially.) A recent algorithm using enumeration of
faces of a zonotope [38] can also be used to solve the continuous version of the
QUBO in polynomial time when the rank of Q is fixed. This algorithm can also be
used to solve the BQUBO (Q, ¢, d) when the rank of Q is fixed. We first solve the
continuous version and if the resulting solution is not binary, a rounding procedure
can be applied to obtain an optimal solution to the BQUBO. The next section
presents a valid rounding procedure that can be used for this purpose.

10.4.1 Polynomially Solvable Biclique Problems

In Sect. 10.2, we have seen that the maximum weight biclique problem (MWBCP)
can be formulated as a BQUBO. In fact any BQUBO can also be viewed as a
maximum weight biclique problem on a complete bipartite graph. This follows from
the fact that any BQUBO is equivalent to a BQUBO in homogeneous form and we
can allow edges of weight zero in the MWBCP. Thus polynomially solvable special
cases of the MWBCP yield corresponding polynomially solvable special cases of
the BQUBO. Let us now review some results in this direction.

A biclique is said to be maximal in a graph G if it is not a proper subgraph of
any other biclique in G. The number of maximal bicliques in a graph could be of
exponential size in the number of vertices. But there are interesting graph classes
where the number of maximal bicliques is polynomially bounded. This include
chordal bipartite graphs and convex bipartite graphs [54]. Further, in such graphs the
maximal bicliques can be enumerated in polynomial time. Thus, if the cost matrix Q
of the homogeneous BQUBO (Q, 0, 0) is such that there exists an optimal solution
to the BQUBO (Q, 0, 0) that corresponds to a maximal bliclique in an associated
bipartite graph G = (V1, V2, E) then the BQUBO can be solved by enumerating the
maximal bicliques in G. For example, suppose that g;; € {0, 1, —nm}. Consider the
complete bipartite graph K,, , corresponding to this BQUBO. An optimal solution
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to the BQUBO cannot correspond to an induced subgraph of K, , containing an
edge of weight —nm. So drop all edges of negative weights from the K, ,,. If the
resulting graph contains a spanning subgraph which is convex and include all the
edges of weight one and possibly some edges of weight zero as well, then we can
solve the BQUBO by enumerating the polynomial number of maximal bicliques in
this spanning subgraph. Recall that BQUBO is NP-hard even if g;; has only two
distinct entries and hence the example given above is non-trivial. Pandey, Sharma,
and Jain [57] showed that when the edge weights are positive, the MWBCP can be
solved in polynomial time on bipartite permutation graphs. Thus, if the missing
edges have weights are 0 or have a value g;; < —mn then the corresponding
BQUBO can also be solved polynomial time.

10.5 Approximation Algorithms

Theoretical analysis of approximation algorithms are carried out using different
performance measures. This include relative performance ratio [75], differential
ratio [17], domination ratio [31, 33, 34, 61], domination number [31, 79], compar-
ison to average value of solutions [56, 61, 73] etc. These measures are defined in
Chap. 8 and hence we use them without formally defining here.

We first prove a non-approximability result for BQUBO in terms of the relative
performance ratio.

Theorem 10.11 Unless NP = ZPP, there does not exist any polynomial time n' -

approximation algorithm for BOQUBO for any € > 0, even if ¢ and d are zero vectors
and Q contains only two distinct non-zero entries.

Proof We reduce the maximum clique problem to BQUBO in such a way that e-
optimality is preserved for ¢ > 0. Let G = (V, E) be a graph on n nodes. Now
construct the n x n matrix Q where g;; = 1,¢q;j = q;; =0if (i, j) € Eand —(n+1)
if (i, j) ¢ E. The optimal objective function value of the BQUBO constructed here
is clearly positive. Let (x, y) be any n!' ~¢-optimal solution to BQUBO. Note that if
x; =y; = 1 then (i, j) mustbe an edge in G. Let § = {i : x; = y; = 1}. Then the
subgraph of G induced by S in G must be a clique in G and the BQUBO objective
function value f(x,y) of (x,y) is |S|. Further, if (x°, y°) is an optimal solution to
the BQUBO then f(x°, y%) = | 59| where $° = {i : x? = y? = 1}. Thus, S must be
an n'~¢-optimal solution for the maximum clique problem on G. The result follows
from the fact that unless NP = ZPP, there does not exist any polynomial time n'¢-
approximation algorithm for the maximum clique problem [20].

For various non-approximability results on the maximum (weight) biclique
problem we refer to [6, 51, 70] and these results extend in a natural way to BQUBO.
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10.5.1 Domination Analysis

The discussion in this subsection is based on [63]. Let us now consider algorithms
for BQUBO that are guaranteed to produce solutions with values no worse than
the average value of all solutions. We will also examine the domination ratio of
such algorithms. For more details on domination analysis of algorithms we refer
to Chap. 8 and the papers [31, 34]. Let ¥ be the family of all feasible solutions
of the BQUBO (Q, ¢, d). ie. ¥ = {(x,y) : x € {0,1}",y € {0, 1}*}. For any
(x,y) € F, there are 2™ choices for x and 2" choices for y. Thus |F] = 2", The
average value of all solutions of the BQUBO (Q, ¢, d) is denoted by A(Q, ¢, d).
For any two solutions (x, y) and (x, y') in F, we say that (X, y) dominates (x',y') if
F(x,y) > f(X,y). In this case, we also say that (x',y’) is dominated by (x,y). A
solution to the BQUBO is said to be no worse than average if its objective function
value is at least A(Q, ¢, d).

n

Theorem 10.12 ([63]) A(Q, ¢, d) = qu,, + Zc, Zdj.

i=1 j=1 j=1
Proof Consider m + n independent random variables xi,x2,...,x,; and
Y1, Y2, ..., Y, which take values 0 or 1 with probability é each. Then, the
expected value E(x;) and E(y;) of the variables x; and y; is é Since x; and y;
are independent, the expected value E(x;y;) of x;y; is E(x)E(y;) = }‘. Now,
consider the random variable

X = ZZq,/x,x, +Zc,x, +Zd,y,

i=1 j=1

By the linearity property of expectation, the expected value E(X) of X is

n
DI ITEES SRS B
j=1

i=1 j=1
and the result follows.

Although we have a closed form formula to calculate the average of the objective
function values of all solutions of the BQUBO, computing the median of the
objective function values of these solutions is hard [63].

Let us now define an equivalence relation among the solutions in . Two
solutions (x,y) and (x',y’) are equivalent, denoted by (x,y) ~ (X,y/, if either
x =e"” —xory =e" —y, where e is the vector in R* with all components equal
to 1. It can be verified that the relation ~ is reflexive, symmetric, and transitive and
hence its is an equivalence relation on ¥ which partitions ¥ into disjoint equivalence
classes. The equivalence class corresponding to (X, y) is

Ex,y) ={(x,y), (" —x,y), (x,e" —y), (" —x,e" —y)}.
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Also, it is easy to verify that

Y fxy) =4AQ, ¢, d). (10.44)

(x,y)€&(x,y)

The collection of all solutions in ¥ with objective function value no better than
A(Q, c,d) is denoted by D.ie. D = {(xX,y) € F: f(X,y) < A(Q, c,d)}.

Theorem 10.13 ([63]) For any instance (Q, ¢, d) of BQUBO, |D| > 2"+1n=2,

Proof Let S(Xk, yk), k=1,2,...,t be the family of all equivalence classes on ¥
defined by the equivalence relation ~. Note that 7 = 2"+"~2 By Eq. (10.44)

min fxy) <AQ,c,d)foreachk =1,2,...,¢.
(x,y)e&(xk,yk)

Since ¢ = 2"1"=2 the result follows.

The lower bound 2”72 established on |D| in Theorem 10.13 is tight and it is
possible to construct examples of BQUBO where |D| = 2"*"~2 Consider the
matrix Q where g,, = —« for « > 0 and all other entries are zeros. Also, ¢ and
d are zero vectors. Then, A(Q,c,d) = _40‘ and the set of solutions (x,y) with
f(x,y) < AQ, ¢, d) is precisely D = {(X,y)|xn = yp = 1} and |D| = 2"+ —2,

Computing a solution to the BQUBO with objective function value no worse than
A(Q, ¢, d) is very easy. First choose a random solution (X, y). Then, by equation
(10.44), the solution with largest objective function value in &(, y) is no worse than
A(Q, ¢, d). In particular, the best solution amongst {(e”, "), (e™, 0™), (0™, e*),
(0™, 0™)} have its objective function value no worse than A(Q, ¢, d) [63]. Despite
this simplicity in computing a solution with the objective function value no worse
than A(Q, ¢, d), reasonable looking heuristic algorithms may not guarantee a
solution that is no worse than average.

For example, let us examine the alternating algorithm [24, 39, 40, 49] which can
be stated as follows. Given a partial solution x° € {0, 1}, find a best y° € {0, 1}"
using the formula

m
1 if x)+d; >0,
W= ;q” P (10.45)

0 otherwise,

This results in the solution (x°, y°). Now fix y° and find the best x' € {0, 1}™ using
the following formula

n
ity gijyd+c >0,
x) = ; e (10.46)

0 otherwise,
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This produces the solution (x', y*).

This process of alternatively fixing x and y can be continued until no improve-
ment is possible by fixing either the x or the y variables. Experimental analysis
shows that this algorithm produces reasonable quality solutions [39, 40]. However,
the worst-case behaviour of the alternating algorithm in comparison to A(Q, ¢, d)
is poor. We illustrate this using the following example from [63].

Consider the instance of BQUBO where Q is an n x n matrix with g1; = 1 and
gnn = o > 3. All other entries of Q are zeros and ¢ and d are zero vectors. The
starting partial solution x° is given by x? = 1 and x? = O fori # 1. The algorithm
will find the solution y* where y? = land y? = Ofor j # 1. The solution (x°, y°) is
locally optimal and the algorithm terminates with its objective function value 1. The
optimal objective function value however is « + 1 and A(Q, ¢, d) = “Il . Thus, the
objective function value of the solution produced by the alternating algorithm for
this instance of the BQUBO with the given selection of the starting partial solution,
is worse than A(Q, ¢, d). Also, as « increases, the quality of the solution produced
by the algorithm deteriorates and becomes an arbitrarily bad solution.

By choosing the starting partial solution appropriately, and using repeated runs
with different starting solutions, the worst case performance of the alternating
algorithm can be improved. More specifically, run the alternating algorithm twice,
once with starting partial solution xX° = e” and then repeat the algorithm with
starting solution X = 0" The best solution produced from these two runs will have
an objective function value no worse than A(Q, ¢, d). In fact, a better domination
number can be established for such an algorithm [63] than the general purpose
domination number established for algorithms producing no worse than average
solutions.

Let us now look at another algorithm, called the rounding algorithm, which
rounds a fractional solution to obtain a 0-1 solution. This is similar to the [0, 1]-
rounding algorithm for QUBO discussed in Chap. 8 with some minor differences.
Let (x,y) be a fractional solution with x € [0, 1]" and y € [0, 1]* and (x*, y*)
be the 0-1 solution obtained from the fractional solution (X, y) using the rounding
scheme:

m
1 ifd; + qijx; > 0,
v ! ; v (10.47)

0 otherwise,

n
1 ife;+ ) qijyt >0,
xf = ' /Z:; Y7 (10.48)

0 otherwise.

Theorem 10.14 ([63]) f(x*,y*) > f(X,y). Further, when X and 'y are all-half
vectors, f(x*,y*) > A(Q,c,d).
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Proof Recall that the objective function f(x, y) of the BQUBO is given by

ZZC]tszy]+Zczxz+Zdjy] Z(qusz-i-d)yj-i-ZC,x,

i=1 j=1 j=1

n m m
SZ(Zq;/x,dej)y}‘wLqu, Zd,y]+z Zq,,y]+c, Xi
j=1 \i=1 i=1

i=1 \j=1
n m n
<Y diyi+ Y D iy | xf = Fx .
j=1 i=1 \j=1

Corollary 10.1 The rounding algorithm produces a solution to the BOQUBO that is
no worse than average in O (mn) time when the starting solution is (X, y) have all
of its components equal to half. Further, in this case, the domination ratio of the

rounding algorithm is }1

Proof Note that the objective function value of a solution with all components equal
to half is A(Q, ¢, d). The result now follows from Theorems 10.13 and 10.14.

It is possible to establish stronger bounds for the BQUBO by using (modifying)
other related algorithms discussed in Chapter 8. The details are omitted.

Let us now establish a non-approximability result for the BQUBO related to the
domination ratio (domination number) of heuristic algorithms. The theorem below
and its validity proof is from [63].

Theorem 10.15 ([63]) Let @ > B be relatively prime natural numbers bounded
above by a polynomial function of the input length of BOQUBO and § = ¢
Unless P=NP, no polynomial time heuristic algorithm for the BOQUBO can have
its domination number more than 2"+ — 21"3"1,
Proof Suppose that a polynomial time algorithm A for the BQUBO exists with
domination number at least 27+ — 21"3"1 + 1. Using this algorithm, we show that
an optimal solution to BQUBO can be identified. Consider any instance (Q, ¢, d)
of the BQUBO. Now, construct the instance (Q’, ¢/, d’) where Q' = (qi’j) is an
affm x offin matrix defined by
) :qij ifl<i<mandl <j<n,
ij

0 otherwise

and ¢’ and d’ are respectively vectors in R*#" and R*" such that

Ci:

, ¢i ifl<i<m, ;L di ifl<j<n,
! anddj_!

0 otherwise 0  otherwise.
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By our assumption on « and 8, the instance (Q’, ¢/, d’) of the BQUBO constructed
above have polynomial size in relation to (Q, ¢, d). Also, if (x',y’) is an optimal
solution to the BQUBO (Q’, ¢/, d’) then (x°, y*) will be an optimal solution to
the BQUBO (Q, ¢, d), where x° consists of the first m components of x’ and y°
consists of the first n components of y’. There are 2°/("+") feasible solutions for
(Q/, ¢, d’) of which at least 228+ =041 are optimal. So the maximum number
of non-optimal solutions is 228+ _ paB(m+m)—(m+n) golye the BQUBO instance

(Q/, ¢/, d’) using A and let (x', y') be the solution produced. The objective function
af(m+n)
value of (x,y’) is no worse than that of at least 2¢#(n+m) _ e 41 =

paB(m+n) _2f*(m+n) | | solutions. Since o > B, we have 2080n+n) _ 2B mtm) L 5
20BOm+n) _pap(m+m)—(m+n) Thys, (x',y’) must be an optimal solution to (Q’, ¢/, d’).
As indicated earlier, from (x', y'), an optimal solution to (Q, ¢, d) can be recovered.
The result now follows from NP-completeness of the BQUBO.

From Theorem 10.15 we can see that no polynomial time approximation

algorithm exists for the BBQP with domination ratio more than 1 -2 5 mm) for any
fixed rational number § > 1. A non-approximability result similar to Theorem 10.15
is mentioned in Chap. 8 for the case of QUBO and proved in [61] for the traveling
salesman problem.

10.5.2 Approximation Algorithms for the Ising BQUBO

Recall that a BQUBO can be mapped to an equivalent Ising BQUBO and vice versa.
This transformation adds a constant to the objective function value, which is ignored
for optimization purposes. This constant however affects the relative performance
ratio of an approximation algorithm. That is, the image of an e-optimal solution for
the BQUBO under the linear transformation (10.3) need not be an e-optimal solution
for the resulting Ising BQUBO. However, domination ratio and the domination
number of an algorithm are not affected by the transformations that adds a constant
to the objective function value. Thus, the approximation algorithms and their
domination ratio discussed for the BQUBO can be used to obtain corresponding
results for the Ising BQUBO and vice versa. In particular, the non-approximability
result in terms of the domination ratio established for the BQUBO is valid for the
Ising BQUBO as well.

Let us now look at some approximation algorithms for the Ising BQUBO from
the point of view of relative performance ratio. As noted in the introduction, any
Ising BQUBO (A, 0™, 0") can be formulated as the Ising QUBO (A’, 0) where

4) 'A
A/ — [ mxm 2 }
VAT Oy

and 0 is the zero vector in R"™*", Note that A’ is symmetric and the diagonal
elements of A’ are zeros. Thus, we can apply the SDP rounding algorithm discussed
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in Chap. 8 to obtain an approximation algorithm for BQUBO with guaranteed
relative performance ratio of O(log(m + n)) in expectation. However, exploiting
the bipartite structure, for the similar SDP based randomized rounding idea and
leads to a constant performance ratio, in expectation [4]. Let us look at this result

briefly.

Let U € R and V e R be matrices with respective columns
u1,4u2,...,u’”, and v!,v2, ..., v", such that [lo'|]| = 1,i = 1,2,...,m and
[IW/]], 7 = 1,2, ..., n. Then the standard semidefinite programming relaxation of
BQUBO can be written as:

m n
SDPB: Maximize n(U, V) = Y ) " a;j(u’ - v/)
i=1 j=1
Subject to

' =1,|v/|l=1,i=1,2,....m;j=1,2,...,n.

where (u’ - v/) denotes the dot product of the vectors u’ and v/. Let U*, V* be an
optimal solution to SDPB and x*, y* be an optimal solution to the BQUBO (A, 0, 0).
These solutions are related by the Grothendieck Inequality which states that

n(U", V*) < Kf(x*,y")

where K is the Grothendieck constant [11, 47]. The precise value of K is not known
but many authors developed upper and lower bounds on K. For example, it is known

that 7 < K < 210g(1’+ ” [11, 47]. This raises the prospect that if we can identify

x € [-1,11",y € [—1, 1]" from U*, V* such that n(U*, V*) is not too far from
f(x,y) we can obtain an e-optimal solution for QUBO by applying our rounding
algorithm on (X, y). Alon and Naor [4] established precisely this using randomized
rounding of the SDP solution.

Theorem 10.16 Let U*, V* be an optimal solution to the SDPB withd = m +n
and xX*,y* be an optimal solution to the BQUBO (A, 0,0). Then it is possible to
identify x € [—1, 11",y € [—1, 11" using U*, V* and randomized rounding such
that

m n
1
E E E ajjxixj | = Kn(U*, V*) > 0.56 f (x*, y%),
i=1 j=1

where E(.) is the expected value.

The proof of Theorem 10.16 can be obtained by following analysis similar
to that used in Chap. 8 for a corresponding result for QUBO with appropriate
modifications. An independent proof of this is given [4]. Other algorithms discussed
in Chap. 8 can also be used to obtain guaranteed relative performance ratio for the
Ising BQUBO (A, 0, 0) with some additional simplifications.
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10.6 Local Search and Metaheuristics

Local search is a powerful and popular heuristic strategy employed in solving a
variety of combinatorial optimization problems. Local search and metaheuristic
algorithms are discussed in Chap. 9 focussing the QUBO model. Let us now discuss
some local search and metaheuristic algorithms for the BQUBO, exploiting the
bipartite (bilinear) structure of the problem. A local search algorithm maintains
a solution (x,y) and an associated neighborhood IN(x, y). If the structure of the
neighborhood is simple with small neighborhood size, complete enumeration can
be employed to find an improving solution. For more complex neighborhoods, as
in the case of very large scale neighborhood search (VLSN search) [2], complete
enumeration is not viable and carefully designed neighborhood search algorithms
are employed to find an improving solution.

Starting with a solution (X, y), the local search algorithm tries to find a ‘better’
solution in IN(x, y). If no such solution exists in IN(x, y), the algorithm terminates
and output the best solution obtained. If an improving solution is identified, then
the algorithm ‘move’ to this solution replacing the current solution (X, y) with the
improved solution and its neighborhood is explored. There are different criteria used
in selecting an improved solution. For example, the first improving criteria selects
the first improved solution found in the neighborhood. In the ‘best improving’
criteria, the entire neighborhood is explored and selects the solution that provides
the largest improvement in the objective function value. An intermediate strategy of
candidate lists is also used in practice, where a list of solutions of a prescribed size
is constructed and a best solution from this list is selected. A local search algorithm
is well defined when the following components are specified.

1. Strategy to select a starting solution.
2. Definition of the neighborhood and the neighborhood search algorithm.
3. Selection criteria for an improving solution.

Local search algorithms are often embedded within more complex metaheuristic
strategies such as tabu search, variable neighbourhood search etc, to achieve
performance enhancements.

10.6.1 Flip Based Neighborhoods

This is perhaps the most natural and well-studied strategy for constructing efficient
neighbourhood structures for 0-1 optimization problems. We have seen in Chap. 9
where various metaheuristic algorithms for QUBO make use of flip-based neigh-
borhoods. Let us now discuss such neighborhoods in the context of the BQUBO
which has additional flexibility. A flip operation changes the value of a variable to its
complement. For example, by flipping the i-th component of X = (x1, x2, ..., Xn),
we get the solution vector (x')" = (x1,...,xi—1, 1 — X;, Xi41,...,Xn). We can
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apply the flip operation on both x and y variables. The flip neighborhood of (x, y),
denoted by NbIx, y), is the collection of all solutions obtained from (x,y) by
precisely one flip operation.

Let us now discuss an implementation of the local search algorithm of Glover
et al. [32] using the IN»!(x, y) neighborhood with the best improving solution as
the move selection criteria. It is important to compute the objective function value
of the candidate solutions in IN""!(x, y) efficiently, after each flip operation. To
accomplish this, we adapt an evaluation technique, widely used for many binary
quadratic optimization problems [27, 28, 48, 76, 77]. Exploiting the structure of the
BQUBO, we maintain two arrays, A(x) and A(y), to store the contribution of each
flip operation to the objective function value.

Let x’ be the solution obtained from x by flipping the ith component. Define
Ax; = f(X,y) — f(x,y) and A(x) = (Ax], Axa, ..., Axy). Then,

n
Axi = (i —x) [ e + Z‘b’jyj - (10.49)
j=1

Similarly, let y’ be the solution obtained from y by flipping the jth component.
Define Ay; = f(x,y) — f(x,y) and A(y) = (Ay1, Ayz, ..., Ay,). Then,

Ayj= "= y)) (dj + thjxi) : (10.50)

i=1

The vectors A(x) and A(y) can be initialized in O(mn) time using direct appli-
cations of (10.49) and (10.50). For subsequent iterations, these values can be
efficiently updated. A detailed description of the algorithm for updating the Ax;
and Ay; values in O(m + n) time is given in [32]. Using the vectors A(x) and
A(y), a best improving solution and the corresponding objective function value can
be identified in O (m + n) time.

10.6.1.1 The Flip and Float Neighborhood

The flip neighborhood discussed earlier is standard for many quadratic optimization
problems. The flip and float neighborhood introduced by Glover et al. [32]
exploits the special structure of the BQUBO. The material presented in this
subsection is drawn from [32] with some modifications. Recall that, for a fixed
X = (x1,x2,...,%n), we can find an optimal y = y*(x) yielding the largest
improvement in the value of f(x,y) [39] as

Lifd; + Y7L qijxi > 0;

10.51
0 otherwise. ( )

VX)) = {
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Similarly, the optimal x = x*(y) for a giveny* = (y1, y2, ..., y») can be identified
using the equation

lifc¢; + Z’}=1 qijyj > 0;

. (10.52)
0 otherwise.

x*(y)i =

A Flip-x-Float-y operation flips a selected component of x and the float y (i.e.
choose the best y with respect to the flipped x). Similarly, the Flip-y-Float-x
operation flips one component of y and then float x with respect to the flipped y.
There are m possible Flip-x-Float-y moves and n possible Flip-y-Float-x moves.

Let N denotes the Flip x -Float y neighborhood and IN""-! denotes the Flip y -
Float x neighborhood. While IN" contains only m solutions and IN">! contains only
n solutions, their extended neighborhoods [55] respectively contains at least m?2"
and n2™ solutions. Note that each flip operation generates an x” and y*(x') is a better
candidate than 2" possibilities for y. Thus, the best solution in IN'" is no worse than
the m2" solutions in the extended neighborhood of IN"", Let N! = IN!." U IN™ !,
Then the best solution in IN! is no worse than n2™ + m?2" alternative solutions. Yet,
we can find the best solution in IN! in polynomial time.

Let us very briefly discuss some implementation aspects of exploring the
neighborhood IN! for an improved solution. Let x’ be the solution obtained from
x by flipping its ith component and Ay, (i) be the change in the objective function
value caused by flipping the i-th component of x and floating y. Then,

Ay() = fX, y*(x) — f(x,y) (10.53)

Similarly, let y/ be the solution obtained from y by flipping the jth component of y
and floating x and A, (j) be the change in the objective function value caused by
flipping the j-th component of y and floating x. Then,

Aye(j) = FE*GY),y) — fF(x,Y) (10.54)

For an efficient implementation of a local search algorithm based on the flip and
float neighborhood, we need a fast way to compute the value of A,y (i) and Ay, ().
Following Glover et al. [32], let us now discuss how to determine A, (i) efficiently.
Let

m
ox, j)=dj+ Y qijxi (10.55)

i=1

Then,

fEY®) =) cxi+ Y max[0,0(x, /). (10.56)

i=1 j=1
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For simplicity, let us write A; for A y+(x)(i). Then,

A = fXLyr(xD))— f(x, ¥4 (X))

= chxik + Zmax [0, o(xi, j)] — Zcixk — Zmax [0, 0 (x, j)]
k=1 j=1

=1 j=1

=

— ¢ — )c,»)Jer::1 (max [0, ox, j)] — max [0, o (x, j)]) (10.57)

We can compute Ay, (j) in an analogous way.

To compute the value of Ay, (i) as indicated above we need the values o (x, j).
For this purpose, we maintain a one dimensional array of size n to store o (X, j)
(j=1,2,...,n). Initially, we calculate o (x, j) using Eq. (10.55) and this requires
O (mn) time. Also the value Ay (i) can be identified in O(n) time. Subsequent to
the Flip-x-Float-y(i) move, we can update the array o (X, j) in O (n) time by simply
adding (x'; — xi)qi ;j to each of its elements. For further details we refer to [32].

The flip neighborhood and the flip and float neighborhood belongs to a more
general neighborhood structure IN** considered by Punnen et al. [63]. For any
solution (x, y) of the BQUBO, let N be the set of solutions obtained by flipping
at most & components of x and at most k components of y. Note that [IN**| =

(Z?:o (’7)) (Zf:o (:’)) For fixed h and k, the best solution in this neighborhood
can be identified in polynomial time. When exactly one % or k is allowed to take
values m or n, we a get a more powerful neighborhood. Let N = IN">* U IN®".
As indicated in [63], [IN| = 2" 3% (%) + 2" Y0 (%) — X0y (%) X ()
However, a best solution in IN* can be identified in polynomial time for a fixed
a [39, 63]. It may be noted that a solution produced by the alternating algorithm
is locally optimal with respect to the neighborhood N = IN"-0 U IN®"  The
flip and float neighborhood is precisely IN', and the flip neighborhood is IN!:!.
Computational results with local search and tabu search algorithms using the
neighborhoods IN' and IN!*! provided good quality solutions [32]. Nonetheless, a
locally optimal solution of such a powerful neighbourhood could be bad and the
corresponding objective function value could be less than A(Q, ¢, d) even if « is a
function of n.

Theorem 10.17 ([63]) A local search algorithm for the BOUBO (Q, ¢, d) with
respect to the neighborhood IN® could produce a solution with objective function
value less than A(Q, ¢, d) for any o < LgJ

Corollary 10.2 ([63]) For any fixed h and k, the objective function value of a
locally optimal solution with respect to the neighborhood IN"* could be worse than
A(Q, ¢, d) for sufficiently large m and n.
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10.6.2 Metaheuristics

Glover et al. [32] developed a tabu search based metaheuristic algorithm enhancing
the flip neighborhood based local search to solve the BQUBO. They also developed
another tabu search algorithm using the flip and float neighbourhood. As noted
in the previous subsection, the flip and float neighborhood is a very large scale
neighborhood (VLSN) and is more powerful but its neighbourhood search algorithm
is slower than that of the flip neighbourhood. Thus, Glover et al. [32] combined
the two search strategies and proposed a hybrid algorithm integrating tabu search
and VLSN search to achieve better overall performance. The algorithm works as
follows. Apply the flip neighbourhood based tabu search first and when a local
optimum is reached, use the flip and float neighbourhood to escape from the
local optimum. This way, the flip and float neighbourhood used as a ‘cutting
neighbourhood’ to get out of the local optimum. If an improvement is obtained using
the flip and float neighbourhood, the algorithm switch back to the flip neighborhood
based tabu search and the process is continued. Otherwise output the best solution
produced. Results of extensive computational experiments reported in [32] suggests
that the hybrid algorithm combining VLSN search [2] and simple tabu search could
result in heuristics with superior performance for the BQUBO.

Duarte et al. [19] proposed an iterated local search heuristic to solve the BQUBO.
The iterated local search first uses a construction heuristic to generate a starting
solution. For this purpose, they used two types of heuristics; a pure greedy heuristic
and the semi-greedy strategy originally proposed by Hart and Shogan [37]. For
the semi-greedy heuristic, they generate a fixed number of solutions and then
choose the overall best solution. The improvement part of the algorithm uses
simple flip operations to explore better solutions. History based intensification,
diversification, and perturbation are also used to enhance the performance of the
algorithm. Extensive computational results using Karapetyan and Punnen data
set [39] disclosed that the algorithms of Duarte et al. [19] and Glover et al. [32]
produced good quality solutions but neither shown superiority over the other.

Karapetyan et al. [40] developed a metaheuristic framework called Conditional
Markov Chain Search (CMCS) and applied it to solve the BQUBO. They developed
different component algorithms such hill-climbers and mutaters etc., and integrated
them into a metaheuristic framework. A distinguishing feature of the algorithm is
the elimination of experimental fine tuning of the parameters and replaced it with
an automated multicomponent fine-tuning procedure. For this purpose the CMCS
framework is used. The automated parameter tuning using acquired intelligence
produced an algorithm for the BQUBO with superior computational performance.

Wau et al. [78] proposed three tabu search based algorithms to solve the BQUBO.
Two of them are based on strategic oscillation while the third incorporates a
path-relinking based strategy to solve the BQUBO. All three algorithms worked
exceptionally well computationally and the path-relinking based algorithm was able
to discover new improved solutions for large benchmark problems. This algorithm
also used the flip neighborhood and the flip and float neighborhood originally



10 The Bipartite QUBO 295

proposed in [32]. Careful integration of various components, including the use
of memory and perturbations, construction and destruction strategies, and path
relinking resulted in enhanced performance.

10.7 Exact Algorithms

Before applying any exact (or complex heuristic) algorithms, a preprocessing
analysis to fix variables will be useful. Such studies are available for QUBO [29, 36]
(see also Chap. 5) and these ideas can be used directly on the BQUBO. We state
two such results for the BQUBO and its validity can be established from the
corresponding results for QUBO.

Theorem 10.18 If a variable x; is zero or one in an optimal solution of the LP
relaxation of GWB, then there exists an optimal solution to BOQUBO where x;
assumes the same values.

This is the well known persistency result for QUBO stated in the context of BQUBO.
See Chap. 5 and the reference therein for further details. As in the case of QUBO,
simple conditions, without using LP relaxation of GWB, can also be derived to fix
variables. Let ¢f = ¢; + )_j_; min{0, g;;}, uf = ¢; + Y} max{0, g;;}, E? =
dj + Z;ﬂ:l min{0, g;;} and uf =d; + Z;ﬂ:l max{0, g;;}.

Theorem 10.19 If ¢ > O then x; = 1 in an optimal solution of BOUBO and if
ui < 0 then x; = 0 in an optimal solution. Similarly, ifﬁ? > O0theny; = linan

optimal solution of BOQUBO and lfuf < 0theny; = 0in an optimal solution.

Proof Without loss of generality assume that i = m. Then,

m—1 n
fxy) = Zczxz+zdjyj+ZZQ1]xtyj +xm<cm+ZQmjyj)
i=1 j=1
(10.58)

The first bracket in Eq. (10.58) is independent of x,,. The minimum contribution
from the second bracket is ¢;, and if this is positive, then x,, must be at value
1 in every optimal solution and if ¢;, = O then x,, = 1 in at least one optimal
solution. Likewise, the maximum contribution from the last bracket is uj}, and if
this is negative, then x,,, must be zero in every optimal solution and if u};, = 0 then
xm = 0 in at least one optimal solution. The case for the y variables can be proved
analogously.

The BQUBO can be solved using general purpose solvers such as Gurobi,
CPLEX etc. using their quadratic 0-1 programming problem solver, or by solving
the MILP formulations. Also, any exact algorithm for QUBO can be used to solve
the BQUBO. The various upper bounds, MILP formulations, and valid inequalities
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discussed earlier for BQUBO can be used to develop branch and cut, branch
and bound, or other implicit enumeration algorithms but there are not many such
exact algorithms published in the literature designed specifically for the BQUBO,
exploiting its special structure. There is however one such work published by Duarte
et al. [19] and let us discuss this briefly here.

The algorithm is of branch and bound type which maintains a binary tree.
Branching is done using the x variables only since for each assignment of x
variables, the best y variables can easily be identified. This is a distinguishing feature
of BQUBO. Each node of the branch-and-bound tree represents a variable x; and a
branching decision is made assigning x; = 1 for one branch and x; = 0 for the
other branch. Also, at each node k of the search tree, the variables corresponding to
the nodes on the unique path from k to the root node are already fixed. Let I¥ be
index set of x variables that are fixed at value one and F* be the index set of free x
variables (variables that not yet fixed at zero or one). Then, an upper bound U (k) at
node k can be identified using the formula

Uk) = Zc, + ZmaX(O c,)—i—Zmax 0, Zq,] + ZmaX(O qij) +d;j

ielk icFk ielk ieFk

Let x* be the solution obtained by setting xlk = 1fori € I*and O fori ¢ I*. By
fixing this x* identify the optimal y* using formulas discussed earlier. Then (x*, y¥)
is a candidate solution. Compare this with the best solution produced so far and
update the best solution and its objective function value, if necessary. Let BOBJ be
the best objective function value identified sofar. Prune the node k if U (k) < BOBJ.
The search tree can be explored using a depth-first or breadth-first strategy. A hybrid
approach is also used normally, with breadth-first strategy applied first and when the
tree size reaches a specified limit and then switch to a depth-first strategy. Duarte
et al. [19] reported that this simple branch and bound strategy was competitive with
the general purpose Cplex solver.

Branders [9] used constraint programming and MILP to solve the homogeneous
BQUBO. The literature on MWBCP also talk about special purpose exact and
heuristic algorithms for the problem. Depending on the restrictions involved on
wedge weights, special cases of the BQUBO which are still hard, can be solved
using these algorithms [7, 23, 66].

10.8 Concluding Remarks

In this chapter, we have discussed various properties, algorithms, and applications
of the models BQUBO and the Ising BQUBO. These problems can be viewed as
generalizations as well as special cases of QUBO or the Ising QUBO. Both BQUBO
and the Ising BQUBO are less studied compared to their QUBO counterparts.
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this chapter we have illustrated how some of the results obtained in the

context of QUBO get simplified for the BQUBO. Further research is necessary
to understand the linkages between the QUBO and the BQUBO and to make
algorithmic advancements for the BQUBO.
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Chapter 11 )
QUBO Software e

Brad D. Woods, Gary Kochenberger, and Abraham P. Punnen

Abstract In this chapter, we compile information regarding various QUBO solvers
available. This includes general purpose MILP solvers, SDP solvers, codes for
heuristics, exact algorithms, and test instances. We include information on solvers
and test instances for problems that are equivalent to QUBO and the equivalent
formulation can be obtained directly without significant effort. This includes the
maximum cut problem, the maximum weight stable set problem, the maximum
clique problem, and bilinear programs.

11.1 Introduction

In the preceding chapters we have discussed various algorithms for solving the
quadratic unconstrained binary optimization (QUBO) problem and other related
problems either by finding a provably optimal solution or by finding a heuristic
solution. When evaluating the performance of heuristic algorithms, two metrics
are most commonly used: solution quality, and computational time to reach the
solution. While these metrics are important, there are other important aspects of
software that must be considered in practice. In addition to cost and licensing
concerns, a practitioner may also be concerned with the specific language that is
used, whether or not a callable library is available, or the complexity of interfacing
with large software packages. Other practitioners may be interested in utilizing
exotic hardware (Quantum Annealers, Coherent Ising Machines, etc.) either now or
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in the future to solve QUBO or related problems, so software packages and services
with these capabilities may be desired. Other software may be provided under the
“Software As A Service” (SaaS) model, where the software is centrally hosted on
cloud infrastructure. Here, we do not attempt to provide a comparative study of
all available software, rather we attempt to provide the reader with a summary of
available codes and present them in an organized manner.

In Chap. 1, we have seen how to write QUBO in other equivalent forms such as
the maximum cut problem, the maximum weight stable set problem, the maximum
weight clique problem, and bilinear programs. Since the transformation from QUBO
to these models are somewhat straightforward, solvers developed for these problems
can also be used to solve QUBO. Consequently, we also include a discussion of
software for solving these equivalent forms. This is not an exhaustive list of all
available software for QUBO, instead we present relevant information on a set
of programs that we either have used or attracted our attention while exploring
powerful solvers for QUBO.

We classify solvers into the following categories: General purpose solvers, Exact
solvers, Heuristic solvers, QUBO Tools, Hardware for QUBO, and Benchmark
Instances along with a list of miscellaneous items. There are many interesting codes
and solvers related to QUBO available as part of the COIN-OR project, particularly
solvers for nonlinear mixed integer programs. We are not listing all of them here but
highlight a couple of relevant programs with a note that other similar programs are
available.

11.2 General Purpose Solvers

1. SCIP: This is a powerful non-commercial suite for solving various mathematical
optimization problems. The current version is 7.0.3, released on 12 August 2021.
The software is available free of cost for academic work under ZIB academic
licence. The licence terms are available at ZIB academic licence. The software
requires an external LP solver and the default LP solver used is SoPlex. A variety
of optimization models can be solved using SCIP directly or with an appropriate
extension. Some specific problem classes that can be handled this way include
mixed integer linear programs, mixed integer non-linear programs, constraint
integer programs, Pseudoboolean optimization, Satisfiability and variations,
multicriteria optimization, and Mixed-integer semidefinite programs. For details
on this powerful and flexible software, we refer to
https://www.scipopt.org/

2. LocalSolver: This is a general-purpose C++ code for solving mathematical
optimization problems. It supports linear, nonlinear, and combinatorial models
involving high-level expressions like set variables, arrays, and external functions
for black-box optimization. Max-Cut is used, among other combinatorial prob-
lems, to illustrate the use of the package.
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The current release 10.5 has free 30 day trial and free academic licenses, as well
as paid options. The software is available for download at:
https://www.localsolver.com/download.html

3. Couenne: This is a mixed integer non-linear programming solver, developed in
C++ and part of the COIN-OR project. The solver is available under Eclipse
Public License 1.0. For additional details, please visit the COIN-OR website
https://www.coin-or.org/projects/ and for program download, please visit
https://github.com/coin-or/Couenne

4. BONMIN: This is an open-source C++ code for solving Mixed Integer Non-
Linear Programming problems. It is available on COIN-OR under the Common
Public License. For additional details, please visit the COIN-OR page of
the software https://www.coin-or.org/projects/. BOMIN can also be accessed
through NEOS web interface. For additional information on the underlying
algorithm, please consult the technical report [4]. For program download, please
visit
https://coin-or.github.io/Bonmin/

5. SYMPHONY: This is an open-source mixed integer linear program (MILP)
solver and a callable library. It can be used to develop customized MILP
solvers. SYMPHONY is available under Eclipse Public License 1.0. For
additional information, please visit the COIN-OR page of the software
https://www.coin-or.org/projects/. For software download, please visit
https://projects.coin-or.org/SYMPHONY

6. GUROBI: This is a popular general purpose commercial solver, that can solve
linear programs, mixed integer linear programs, quadratic programs, and mixed
integer quadratic programs. In Chap. 6 we have seen various mixed integer
linear programming formulations of QUBO and a comparative analysis on the
effectiveness of Gurobi in solving these and other formulations is given in [26].
Small size QUBO problems can be solved to optimality easily by Gurobi. For
larger size problems, Gurobi can be used as heuristic by providing a time limit
and collecting the best solution produced. Gurobi also has a binary quadratic
program solver which can be used directly to solve QUBO of small size. The
pre-solve processor embedded in Gurobi adds cuts automatically (see Chap. 4
for some valid inequalities and cuts.)

The software is free for academic research, through their academic license
program. For commercial use, a paid version is required. For further information
on the product and services, visit their website:

https://www.gurobi.com/

7. CPLEX: This is another popular general purpose commercial solver with
somewhat similar capabilities as Gurobi. This can also solve linear programs,
mixed integer linear programs, and integer quadratic programs.

The software is free for academic research, through their academic license
program. For commercial use, a paid version is required. For further information
on the product and services, visit their website:
https://www.ibm.com/analytics/cplex-optimizer


https://www.localsolver.com/download.html
https://www.coin-or.org/projects/
https://github.com/coin-or/Couenne
https://www.coin-or.org/projects/
https://coin-or.github.io/Bonmin/
https://www.coin-or.org/projects/
https://projects.coin-or.org/SYMPHONY
https://www.gurobi.com/
https://www.ibm.com/analytics/cplex-optimizer
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8. LINDO: This is a commercial software package capable of solving integer
linear, nonlinear, and stochastic programming problems and also global opti-
mization. Academic users can get the software free of cost. The software is
available for download at:
https://www.lindo.com/

9. BARON: The solver BARON (Branch-And-Reduce Optimization Navigator ) is
a commercial software marketed by The Optimization Firm. It computes a global
optimum of mixed integer non-linear programs. It uses the branch and bound
framework and one can use other solves to handle subproblems. It also has many
features, including capability to generate McCormick envelop inequalities (see
Chap. 1). For additional details, please visit
https://www.theoptimizationfirm.com/home.

11.3 Exact Solvers for QUBO

1. Some Max Cut: This is a Python code to solve instances of the QUBO
problem. The code finds the optimal solution by belief propagation on the clique
intersection graph. The code is free to use and distribute for commercial use
under the MIT license. The code repository can be found at:
https://github.com/ongmingyang/some-max-cut

2. BiqCrunch: This is a C code (using a FORTRAN library) for solving binary
quadratic problems. It uses the branch and bound platform BOB [9] and the
nonlinear optimization routine L-BFGS-B [23, 32]. The bounding procedure is
based on an improved semidefinite programming algorithm. The code is released
as a free and open-source software.

The code uses a format similar to the widely used sparse SDPA format, and
contains converters from LP to the BiqCrunch format and from specific problem
classes, such as Max-Cut, QUBO and Max-k-Cluster to the BiqCrunch format.
Users are able to submit problems to an online solver at:
https://biqcrunch.lipn.univ-paris13.fr/BiqCrunch/solver/

The current release can be obtained in tar.gz format (“BiqCrunch?2.0.tar.gz”’) from
the website:

https://biqcrunch.lipn.univ-paris13.fr/BiqCrunch/repository/solver/

3. Maxcut: This source has two codes, maxcut.MaxCutSDP which interfaces
external solvers (such as SCS or CVXOPT) to solve the SDP formulation of
the Max-Cut problem and maxcut.MaxCutBM which is an implementation of
the Burer-Monteiro algorithm to solve a non-convex formulation of the Max-Cut
problem [8].
https://github.com/pandrey-fr/maxcut

4. BigBin: This is an exact solver for linearly constrained binary quadratic
problems by converting the problem into a Max-Cut and solves the latter by
a branch-and-bound algorithm. A parallel version is also available. Users can


https://www.lindo.com/
https://www.theoptimizationfirm.com/home
https://github.com/ongmingyang/some-max-cut
https://biqcrunch.lipn.univ-paris13.fr/BiqCrunch/solver/
https://biqcrunch.lipn.univ-paris13.fr/BiqCrunch/repository/solver/
https://github.com/pandrey-fr/maxcut
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upload their problem data to the software web interface. For additional details,
we refer to:
http://www.bigbin.eu/

. Biq Mac Solver: This is an implementation of the SDP based branch and bound

algorithm solving QUBO [27], where ¢ is assumed to be the zero vector and
there are no restrictions on the diagonal entries of Q. The input data is the Q
matrix. After uploading data, the job will be queued and a time limit of three
hours is set for the solver. Output will be communicated by email. By submitting
the data, you also agree that the will be stored and could also appear in the Biq
Mac Library. Contact information is bigmac @uni-klu.ac.at. For further details,
visit the website:

http://bigmac.uni-klu.ac.at/

. MADAM: This is a maximum cut exact solver with parallel capabilities,

applying ADMM to solve the underlying SDP relaxations. It is one of the newest
exact solvers for max cut (and hence QUBO) introduced by Hrga and Povh [18].

11.4 Heuristics for QUBO

1.

AlphaQUBO: AlphaQUBO is developed by Fred Glover and Rick Hennig.
It is managed and marketed by Meta-Analytics, Inc. AlphaQUBO is actively
managed and updated frequently. It is a modern metaheuristic solver designed to
solve large-scale QUBO models of the form x” Qx (minimized or maximized)
where Q is a symmetric matrix of constants. The current capacity is up to
one million variables and can handle dense as well as sparse problems. It is a
commercial software but a free version with a limit of up to 2500 variables is
available on AWS Marketplace. The software is extensively tested and widely
used to solve large-scale, real-world problems. Some computational experience
with this software is included in Chap. 2. For additional information, please
contact admin @meta-analytics.com or visit the web site
http://meta-analytics.com/.

. dwave-tabu: This is a C++ code to compute an approximate solution of QUBO.

It implements the multistart tabu search algorithm developed by Palubeckis [24].
The code is released under the Apache License 2.0.

The current release 0.4.2 has a Python interface that wraps the C++ implementa-
tion as a sampler for either QUBO or Ising QUBO problems. The code repository
can be found at:

https://github.com/dwavesystems/dwave-tabu

. Qbsolv: This is a C++ code to compute an approximate solution of QUBO. The

code implements a tabu search heuristic which is used as a subroutine on QUBO
subproblems. The algorithm is loosely based off the ideas by Glover [12]. The
code is well-documented and released under the open source Apache License
2.0.


http://www.biqbin.eu/
http://biqmac.uni-klu.ac.at/
http://meta-analytics.com/
https://github.com/dwavesystems/dwave-tabu
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There is also a version of the code which has the ability to use a D-Wave Systems
Quantum computer to solve the QUBO subproblems, which can be obtained from
D-Wave Systems. The open source version is available at:
https://github.com/dwavesystems/qbsolv

4. QCI gbsolv: This a commercial C++ implementation of D-Wave Systems’
gbsolv heuristic algorithm [5].

The software is commercially accessible via a cloud service, and information on
how to purchase access can be found at the website:
https://www.quantumcomputinginc.com/qatalyst-core/

5. OpenJij: This is a C++ library for solving the Ising QUBO and QUBO through
a Python interface. The library is intended to be used to investigate Quantum
Annealing machines, and includes several annealing heuristic algorithms which
can be run on CPU or GPU.

The code is licensed under the Apache 2.0 license, and can be found at:
https://github.com/Openlij/Openlij

6. MQLib: This is a open source collection of C++ codes implementing a
variety of QUBO and Max-Cut heuristic algorithms presented in the academic
literature. An experimental analysis of the implemented algorithms is presented
by Dunning, Gupta and Silberholz [11]. Included in the package are scripts to
test some newly developed heuristics, analysis tools and a set of benchmark
instances. The library, released under the MIT license, can be found at:
https://github.com/MQLib/MQLib

7. Azure Quantum: This is a cloud service providing a diverse set of quantum
solutions and technologies. The service provides access to a number of heuristic
QUBO solvers developed and maintained by 1QBit and Microsoft QIO, which
can be run on CPU, GPU or FGPA. Toshiba has partnered to offer the Simulated
Bifurcation Machine (SBM) [15] in Azure Quantum, but at the time of writing,
this has not yet been made available. The code belongs to an open ecosystem and
there is a free 30 day trial without an Azure membership. Details can be found
at:
https://azure.microsoft.com/

8. BQUBO Markov chain algorithm: This is heuristic algorithm to solve the
bipartite quadratic unconstrained binary optimization problem (BQUBO) devel-
oped by Karapetyan, Punnen, and Parks [19]. It is a learning based algorithm.
The source code and executables can be downloaded from:
http://www.cs.nott.ac.uk/ pszdk/bqplib/BbgpCmcs.zip.

11.5 QUBO Tools

1. dwave-ocean-sdk: This is a C++ software development kit (SDK) containing
tools for QUBO relating to the D-Wave Quantum Annealer [20]. Included are
implementations of algorithms for preprocessing [7], finding exact solutions by


https://github.com/dwavesystems/qbsolv
https://www.quantumcomputinginc.com/qatalyst-core/
https://github.com/OpenJij/OpenJij
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enumeration, heuristics [24], and bounding procedures [6] for QUBO and the
Ising QUBO.

The code is released under the Apache 2.0 license, and is available at:
https://github.com/dwavesystems/dwave-ocean-sdk

. QUBOgen: This is a Python code that converts several types of combinatorial

optimization problems into QUBO problems. It implements the transformations
presented by Glover, Kochenberger and Du [14]. The code repository can be
found at:

https://github.com/tamuhey/qubogen

. pyQUBQO: This is a C++ code that expresses Ising Hamiltonians as QUBO. It

is fully integrated with Ocean SDK. The code is released under the Apache 2.0
license and the repository can be found at:
https://github.com/recruit-communications/pyqubo

Also included is a Python Library for embedding various combinatorial opti-
mization problems into QUBO or Ising QUBO form. For details of this library,
we refer to the article [31].

. dimod: This is a shared API for samplers written in Python and C++. It can

handle discrete variables, linear inequality and equality constraints and samples
with higher-order polynomial objectives. It is included in the DWave Ocean
SDK.

The code is released under the Apache 2.0 license and can be found at:
https://github.com/dwavesystems/dimod

11.6 Hardware for QUBO

In this section we describe some of the custom built hardware using QUBO that has
been brought to market, or is close to being publicly available.

1.

D-Wave Systems Advantage: This is a quantum annealer which solves Ising
problems that can be mapped onto the Pegasus graph structure [10], through the
use of quantum entanglement. The Pegasus graph used in the D-Wave Systems
quantum annealer contains 5640 qubits and 40484 connections. The quantum
annealer can be accessed via the D-Wave Systems cloud service at:
https://www.dwavesys.com/solutions-and-products/cloud-platform/

. Fujitsu Digital Annealer: This is a custom silicon (ASIC) implementation of

a parallel-trial simulated annealing algorithm that supports up to 8§192-bit, full
connectivity, problems [1]. Fujitsu offers access to the device via paid access to
their cloud service. A variety of support services are also offered. Details can be
found at:
https://www.fujitsu.com/ca/en/services/business-services/digital-annealer/
services/index.html

. Hitachi CMOS Annealer: This is an ASIC implementation which implements

an annealing machine with CMOS semiconductor circuits [30]. Due to the
physical nature of the connections, Ising problems that can be mapped onto the


https://github.com/dwavesystems/dwave-ocean-sdk
https://github.com/tamuhey/qubogen
https://github.com/recruit-communications/pyqubo
https://github.com/dwavesystems/dimod
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384 x 384 King’s graph can be solved. A cloud service has been developed and
released for free. Details can be found at:
https://annealing-cloud.com/en/index.html

4. NTT LASOLYV: This is a Coherent Ising Machine (CIM) developed by NTT.
This is a network of optical parametric oscillators to compute heuristic solutions
to Ising problems [17, 29]. Access to the machine at time of this publication has
been limited mainly to academic researchers through LCS a cloud computing
cluster maintained and developed by NTT. Information on this system can be
found at:
https://www.rd.ntt/e/research/IN20191127_h.html

11.7 Miscellaneous

1. Systems Optimization Laboratory: Various optimization solvers (linear and
non-linear) can be obtained from the Systems Optimization Laboratory, Stanford
university. This include among others, MINOS: a Fortran package that can be
used for solving linear and non-linear optimization problems, QPOPT: a Fortran
package for solving constrained linear least-squares and quadratic programming
problems. If the quadratic is convex, the solver provides an optimal solution (for
minimization) and when the quadratic is concave (minimization form) it produce
a local optimum. Additional details on the available software can be obtained
from.
http://stanford.edu/group/SOL/download.html

2. CSDP: This is a C Library for solving Semidefinite Programs that implements
a predictor corrector variant of the semidefinite programming algorithm of
Helmberg, Rendl, Vanderbei, and Wolkowicz. For SDP formulation of QUBO
and the Ising QUBO we refer to Chap. 6 for using solutions of SDP relaxation to
develop approximation algorithms, we refer to Chap. 8. This is part of the COIN-
OR project and is available under the Eclipse Public License. The software is
available for download at:
https://github.com/coin-or/csdp

3. SDPA: This is an efficient package for solving SDP based on the primal-dual
interior-point method. It is written in C++ but python and MATLAB interfaces
are also available. The software can be downloaded free of cost from:
http://sdpa.sourceforge.net/

11.8 Benchmark Instances

Experimental analysis of algorithms for QUBO requires representative standard
test problems. Many authors contributed to generating test instances with specified
properties. In this section, we present information test instance generators and
benchmark problems publicly available.


https://annealing-cloud.com/en/index.html
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1. Biq Mac Library This is a nearly comprehensive source for test problems for
QUBO and the maximum cut problem. The library is maintained by Angelika
Wiegele who can be contacted at angelika.wiegele @aau.at for additional details
or for adding new problem instances. The details on the library and download
links are available at:
http://bigmac.uni-klu.ac.at/bigmaclib.html
The library contains Beasley instances [2] (available through OR Library),
Glover, Kochenberger and Alidaee instances [13] (also available through OR
Library), and Billionnet and Elloumi instances [3]. All these instances are
for QUBO (either maximization or minimization). Additional problems for
maximum cut are also available. This includes Max-Cut instances generated from
applications in statistical physics [21, 22].

2. Verma & Lewis instances: This dataset corresponds to cubic and quadratic
pseudo boolean optimization problems. The name convention used for each file
the setis: data_d_n_m_k.txt, wherein d, n, m, and k represents the degree, the
number of nodes, the number of edges and the instance identifier respectively.
The parameter n = 200 nodes and values of m € [250, 300, 350, 400, 450, 500
, 1000] were used and five instances of each type were generated. In each test
file, the three or four nodes that belong to each term in the optimization problem
are chosen uniformly from the set of available variables. The corresponding
coefficient is also chosen uniformly from the interval [—10, 10]. Experimental
results using this data set is reported in [28].
https://github.com/amitvermal509/QUBO

3. OR Library instances: These data files the Beasley instances. Experimental
results using these instances were reported first in the paper [2] and include some
large instances. The site is maintained by J. E. Beasley. The cite also contains
Glover, Kochenberger and Alidaee instances.
http://people.brunel.ac.uk/ mastjjb/jeb/orlib/bgpinfo.html

4. Instance generators: In [25] Pardalos presented fortran programs for con-
structing test instances for QUBO. It provides additional information on the
difficulty levels and properties of the test problems and includes discussion on
test problems of Gulati, Gupta and Mittal [16].

5. BQUBO Instances: These are test instances for the bipartite quadratic uncon-
strained binary optimization problem reported in Karapetyan, Punnen, and
Park [19]. There are three classes of instances: small instances (56 mb), moderate
instance (11 mb) and large instance (256 mb). The instances can be downloaded
respectively from:
http://www.cs.nott.ac.uk/ pszdk/bgplib/small.rar
http://www.cs.nott.ac.uk/ pszdk/bgplib/moderate.rar
http://www.cs.nott.ac.uk/ pszdk/bqplib/large.rar.


http://biqmac.uni-klu.ac.at/biqmaclib.html
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