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Introduction

In this thesis we study conic optimization problems and consider applications in
finance and approximation theory. An optimization problem consists of the task
of finding an element x in a set X, called the feasible set, such that x minimizes
a cost function f : X — R, i.e., such that f(x) < f(y) for all elements y € X.
Generic optimization problems do not provide enough structure to permit a useful
analysis. To get a grip on things we begin by making the assumption that the cost
function is linear, and the feasible set X is convex. A convex set X is characterized
by the fact that if x, y € X, then all points on the line-segment joining x and y also
liein X, i.e.,, Ax +(1—A)y € X for all A €[0,1]. We call optimization problems
with convex feasible set and linear cost function convex optimization problems. We
will, however, consider a more general setting, called conic optimization, which
provides enough structure to leverage a useful tool called duality theory. Conic
optimization problems are defined over (convex) cones, whose definition we state
below.

Definition 1.1. Let X be a real topological vector space of arbitrary dimension.
A subset K C X is called a (convex) cone if

e forall x,y € K and a, f € R, one has

ax+ Py ek,
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that is, K is closed under non-negative linear combinations.
If K additionally satisfies
* KN (—K)={0}, that is, K is pointed;
e K =cl(K), that is, K is closed;
* int(K) # @, that is, K has a non-empty interior;

we refer to K as a proper convex cone.

1.1 Conic optimization

Let us now introduce the concept of conic programming and the associated duality
theory in a setting that allows for infinite dimensional cones. For a comprehensive
survey on the topic we refer to [Sha01] and [Bar02]. Let X be a vector space of
arbitrary dimension over R and let X* be its algebraic dual space, i.e., the set of
all linear functionals on X. With the pair X, X* we associate a bilinear functional

(o )x X xX* >R

(1.1)
(6, x7) = (x, x%) = x7(x).

When X is finite dimensional, X* can be identified with X, since any finite di-
mensional space X is isomorphic to its algebraic dual space. In this case any non-
degenerate bilinear form (-, -)x will define an inner product on X. The infinite di-
mensional case is more subtle. If X is infinite dimensional its algebraic dual space
is too large to develop a useful notion of duality. In this case we endow X with a
topology and define the space X* to be the subset of the algebraic dual space of X
that defines continuous linear functionals on X with respect to the chosen topol-
ogy. We want (X, X", (-, -)x) to be a dual system. For this we need the bilinear form
(1.1) to be non-degenerate, which we can achieve by requiring the chosen topol-
ogy to be Hausdorff and locally convex. We thereby ensure that there are enough
(continuous) linear functionals to separate points by the Hahn-Banach theorem
[Meg98, cf. §1.9.5]. Similarly, a topology on X* shall be chosen such that the
set of continuous linear functionals on X* is given by {(-, x)x : x € X}. For more
information on these duality considerations we refer to [Bar02, Chapters II and
III]. Let K € X be a closed convex cone, denote by A : X — R™ a (continuous)
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linear operator for some m € N. Further, fix c € X* and b € R™. We define a
primal conic optimization problem as
val(P) =inf  (c,x)x
subject to: A(x)=b P
x €K

The set {x € X : A(x) = b} is an affine subspace of X. Therefore, a conic optimiza-
tion problem consists of minimizing a linear cost function over the intersection of
an affine subspace with a convex cone. Let A" : R™ — X* be the adjoint mapping

of A so that for x € X and y € R™ we have (y, A(x)) = (A*(y), x)x for some
reference inner product (-,-) on R™.

1.1.1 Duality for conic programs

Duality theory is a useful tool in optimization. Every conic optimization problem
has an associated dual problem. To define it we need to introduce the concept of
the dual cone K* C X* of a convex cone K C X, which is defined as

Kfi={x*"eX*: (x*,x)x = 0Vx eX}.

Clearly, K** := (K*)* 2 K. If K is closed, then K** = K, see [Bar02, §IV.5.3]. We
call the following the dual problem of (P):

val(D) = sup (y,b)
subject to: c—A*(y)ekK* (D)
y €R™

The problems (P) and (D) share an intricate relationship. Any feasible solution to
the primal (resp. dual) problem provides an upper (resp. lower) bound for the
dual (resp. primal). This relation is referred to as weak duality.

Theorem 1.2 (Weak duality). Let x,y be feasible solutions to problems (P) and
(D), respectively. Then,

{c,x)x —(y,b) = {c—A"(¥), x)x = 0.
Proof. Inequality follows directly from that fact that x € £ and c—A*(y) € K*. O

We call the difference val(P) — val(D) the duality gap. A pair of feasible so-
lutions (x, y) such that (c — A*(y),x)x = 0 provides a certificate for optimality.
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Corollary 1.3. The optimal values val(P) and val(D) coincide and both problems
have an optimal solution if and only if there exists a feasible pair (x, y) such that
the following complementarity condition is satisfied

(C _.A*(_)/), x)X =0.

Often, we are interested in the cases in which strong duality holds, meaning
val(D) = val(P). Results that guarantee this equality are sometimes referred to
as gero duality gap theorems; we will refer to them as strong duality results. One
such theorem is stated below.

Theorem 1.4 (cf. Theorem 7.2 [Bar02]). Consider the primal dual pair (P), (D).
Suppose the cone
A(K) = {(A(x), (¢, x)x) : x € K}

is closed in X & R and that there exists a primal feasible solution x, i.e., x € K and
A(x) = b. Then val(P) = val(D). Moreover, if val(P) > —o0o, then there exists a
primal optimal solution.

There are also other sufficient conditions for strong duality. Conditions based
on strict feasibility, i.e., the existence of a feasible point in the interior of the
respective cones are known as Slater-type conditions.

Theorem 1.5 (Strong duality (cf. Theorem 2.8. [Sha01])). Suppose val(P) >
—o0, and there exists a strictly feasible solution x for the primal (P), i.e., x € int(K)
and A(x) = b, then

* the dual optimal value is attained
e val(P) = val(D).

Similarly, if val(D) < oo, and there exists a strictly feasible solution y for the dual
(D), i.e., y € R™ such that ¢ — A*(y) € int(K*) then

e the primal optimal value is attained

e and val(P) = val(D).

1.1.2 Special cases of finite dimensional conic programming

We now present two special classes of finite dimensional conic optimization prob-
lem which will play an important part in this thesis.
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Linear Programming (LP)

The simplest and also most well-known case of conic programming is linear pro-
gramming (LP). To formulate LP in the terms presented above, we fix m,n € N
and set X,X* = R". The bilinear form (-,-)y is given by the standard Euclidean
inner product, i.e., for x,y € R": (x,y) = Z?:l x;y; = x'y. The cone K is given
by the non-negative orthant R’}. This cone is proper and self-dual, i.e.,

R1 = (K1) = (R1)"™.

A linear operator A : R" — R™ in this setting can be interpreted as a matrix
A e R™"™ and application of A to x is now standard matrix vector multiplication
A(x) = Ax.

A linear program in standard form can be formulated as follows. Let ¢ € R",
AeR™"™ and b € R™ be given. The linear program reads

inf  (c,x)=c'x
subject to: Ax=Db (1.2)
x €RY,
with its corresponding dual given by
sup (y,b)=yT"h
subject to: c— yTA €R} (1.3)
y €R™.

In practice linear programming problem can be solved by state-of-the-art solvers
with millions of variables and constraints [LY15, §1.3]. Possible algorithms are
the simplex algorithm [Dan51] or interior point methods [Kar84, NN94, Ren01].

Semidefinite programming (SDP)

Let S" be the space of real symmetric matrices. An inner product on this space is
given by the trace inner product, i.e., for A, B € S" we define

n
<A,B> = Tr(AB) = Z Ai,jBi,j'
i,j=1

A matrix X € S" is called positive semidefinite, denoted by X > 0, if x ' Xx >
0 Yx € R". The set of positive semidefinite matrices is a proper and self-dual cone.
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Let A : S" — R™ be a linear operator defined viaX — ({(A;,X),..., (A, X)), where
A; € S" for i € [m]. A semidefinite program in standard form is for C € S" and
b € R™, given by

val(P)=inf  (C,X)

subject to: AX)=b (1.4)
X esl,
with its dual defined as
val(D) = sup (y,b)=y"b
subject to: C— Z YiA; €S} (1.5)
i=1
y €R™

If all matrices appearing in the input data are diagonal, the program is equiv-
alent to an LP. SDP can therefore be seen as a generalization of LP. For more back-
ground info, see [BV96, BV04].

Easy and difficult cones

Special cases of conic programming like LP and SDP can be solved up to a fixed
approximation error ¢ in polynomial time in the Turing model [dKV16] (under
some assumptions). What this means is that the number of elementary operations
needed to obtain an ¢-optimal solution can be bounded by a function that depends
polynomially on the size of the encoding of the problem. An e-optimal solution
is a feasible point with objective value at most £ worse than the true optimum.
The most common class of algorithms used to solve LPs and SDPs in practice are
interior point methods, see [Kar84, NN94] for historical references, [Ren01] for a
comprehensive introduction and [Gon12] for a survey. In recent years research
has been aimed at the analysis of interior point methods applied to problems
where some underlying structure present, see [ZL21, G519, CN21, DSdSG*22,
JV22]. We will deal with interior point methods in greater detail in Chapter 2 and
give some background in the Appendix A.

However, not all conic programs can be solved in polynomial time. In fact,
conic programming can capture NP-hard problems. Consider a graph G = (V, E).
The stability number of G, denoted by a(G), asks for the size of the largest set
S C V such that for no two vertices in S share an edge. Computing the stability
number of a graph G is notoriously NP-hard problem and can be formulated as
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a conic optimization problem as was shown in [dKP02]. Consider the copositive
cone COP,, defined as

C(’)Pn:{AES":xTAXZO forallxe]Ri}.

Let A; be the adjacency matrix of G. Then the stability number of G is the solution
to the following problem:

a(G)=min{A: A(I +Ag)—J €CP,},

where n = |V|. So even though this problem is a convex conic optimization prob-
lem, it is difficult and there are no known polynomial-time algorithms for it. This
demonstrates that the complexity of non-convex problems can be transferred into
a (convex) cone constraint.

1.1.3 Special cases of infinite dimensional conic programming

A special class of infinite dimensional conic optimization problems, called gen-
eralized moment problems (GMPs) will play an integral part of this thesis. Let
K c R" be a compact set and denote by M(K) the (infinite dimensional) vector
space of signed finite Borel measure whose support is contained in K. We equip
this space with the norm of total variation, defined as

lullry = J du* +J du~,
K K

where u = u* —u~ is the Jordan decomposition of u (cf. [Bil86, Chapter 6 §327).
Since K is compact, the (algebraic) dual space of M(K) is the space of continuous
functions on K, denoted by C(K), which we endow with the supremum norm ||| o0,
defined for f € C(K) as ||f ||oo := maxyek |f (X)|. These two spaces form a dual
system with the bilinear form (-,-) : C(K) x M(K) — R defined by

CK) x M(K) > (f, ) = (f, ) = J fx)du(x).
K

We are interested in optimizing over the convex cone of positive finite Borel mea-
sures supported on K, i.e., Radon measures, which we denote by M(K),. The
dual cone of M(K), with respect to the bilinear form defined above is given by
the set

M(K); = {f €C(K) : J fE)du(x)=0Vue M(K)+} ;
K
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which is the set of continuous functions that are non-negative on K. To see this,
note that since the Dirac-6, lies in M(K), for every x € K it follows that all
f € M(K): satisfy f(x) > 0 for all x € K. On the other hand, if f is a non-
negative continuous function on K, we find f* = min,cx f(x) = 0 and hence
fo(x)du(x) > f* fK du(x) = 0 for all u € M(K),.. Hence, we denote by C(K), =
{f € C(K) : f(x) = 0 Vx € K} the dual cone of M(K),. We denote a GMP as
follows for input data fy, f1,..., fn, € C(K) and b € R™

inf  (f,u)
subject to: (fi,u) =b;, i €[m] (1.6)
u € M(K),.

This is a conic program in terms of Section 1.1 when setting X = M(K), X* = C(K)
and K = M(K), as well as defining A via A(u) := ((f1, 4),-- ., (fm> 4)). The dual
is given by

sup y'b
m
subject to: fo(x)— Zyifi(x) € C(K), 1.7)
i=1
y eR™,

Checking non-negativity of a function f on a set K is as difficult as minimizing
f over K:
fx)elCK), < miIr<1f(x) > 0.
Xe

Many NP-hard problems can be modeled as a minimization problem over a basic
semi-algebraic set K, see, e.g., [MK87]. Hence, checking membership to C(K),
is difficult, in the sense that no polynomial-time membership oracle for this cone
exists, unless P = NP. Therefore, solving the GMP in general is numerically in-
tractable. Nevertheless, it is a powerful modeling tool, allowing us to find equiva-
lent convex formulations of non-convex problems. This convexification comes at
the price of increasing the dimension of the convex problem to infinity. However,
we will introduce finite dimensional approximation hierarchies for these kinds of
problems in Section 1.2. But before, we present a few applications of the GMP.

Polynomial and rational optimization

Consider the problem of finding the minimum of a rational polynomial over a

compact set K€ R"
. p(x)
* = min ——, 1.8
p =min e (1.8)
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where p,q € R[x] are relatively prime and g(x) > 0 over K. In fact, if ¢ changes
signs over K, one can show p* = —oo, see [JAK06]. Let us now show that (1.8)
is equivalent to the following GMP

val= inf {f p(x)du(x) : J q(x)du(x) = 1}. (1.9)
K K

UEM(K)

Let x* be such that p (x *) = p* and define u* =

(1.9) and leads to the obJectlve value

q(x*) Ox+. Then u* is feasible for

f Pt = P& _ e
K q(x*)

Thus, val < p*. To prove val > p* note that

px )Zp = p(x) = p*q(x) Vx K.
q(x)

Therefore, for every positive finite Borel measure u € M(K), feasible for problem
(1.9) we find

J p(x)du(x) = p* J q(x)du(x) =
K K

Note that if one sets ¢ = 1 on K, problem (1.8) reduces to a polynomial op-
timization problem, i.e., finding the minimum of an n-variate polynomial over a
compact set.

We will discuss in greater detail in Chapter 3 the generalized moment problem
defined for K being the standard probability simplex A, _; = {x € R" : x; +--- +

x, = 1} and the n — 1 dimensional unit sphere S"! = {x € R" : x% +...+
2 _
2=

problems defined over these sets. For one, the problem of computing the stability
number a(G) of a graph G = (V, E) can be formulated as a quadratic polynomial
optimization problem over the simplex. Indeed, for a graph G with adjacency
matrix A, Motzkin and Strauss [MS65] showed that

x 1}. We take a moment to discuss two important polynomial optimization

1 . T
——= min x Az +1)x,
2(G) (Ag +1)

where I is the identity matrix, which is a quadratic polynomial optimization prob-
lem over the simplex.
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Similarly, deciding convexity of a homogeneous polynomial f of degree 4 or
higher is known to be NP-hard [AOPT13]. It can be modeled as polynomial opti-
mization problem over the sphere. A homogeneous polynomial f is convex if and
only if

min y' Vf(x)y>0,
(X,y)ESZ"‘_l

which in turn be cast as a GMP over the sphere. For polynomials of degree less
than 4 the situation is much simpler. Linear functions are trivially convex. Homo-
geneous quadratic polynomials of the form x' Qx for Q € R™*" are convex if and
only if Q > 0 and polynomials of degree 3 are never convex. Both these examples
illustrate why studying the GMP over simple sets like the simplex and the sphere
is of interest.

1.2 The moment-SOS hierarchy
Since solving the GMP in full generality is out of reach, so-called approximation

hierarchies are often used in practice, which provide approximate solutions. Con-
tinuing we will consider the following GMP

valy = sup y'b
subject to: fo(x)— Zyifi(x) e C(K), (1.10)
i=1
y €R™,

with polynomial data functions f; € R[x], i = 0,1,...,m and the set K will be
assumed to be a compact semi-algebraic set defined by polynomials gi,...,g, €
R[x], i.e.,

K={xeR":g(x)>0,...,g/(x)>0}. (1.11)

A common tool to tackle intractable optimization problems is to relax (some of)
the constraints which make the problem difficult. Solving such a relaxation is
often much easier and leads to an approximation of the sought optimal value.
One way of achieving this in the conic optimization setting is to replace the cone
in question by a more tractable cone. The underlying idea of the approximation
hierarchies that we will consider is to construct a set of polynomials non-negative
on K over which we can optimize efficiently. The objects making this possible are
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the so-called sums-of-squares (SOS) polynomials, which we denote by
k
Y[x] = {Z gi(x)?:keN, q € R[x]} .
i=1

The set X[x] is a proper convex cone. Trivially, every p € X[x] is globally non-
negative. The converse, however is not true: Not all polynomials that are globally
non-negative can be expressed as a sum-of-squares as Hilbert proved in 1888, see
[Rez96] for a survey on this matter.

Theorem 1.6. Hilbert (1888) Every non-negative homogeneous polynomial is a
sum-of-squares if and only if

* n =2 (univariate non-homogeneous case);
* 2r = 2 (quadratic forms);
* n=3and 2r = 4 (ternary quartics);
where n is the number of variables and 2r is the degree.

Even though SOS polynomials do not capture all non-negative polynomials,
they provide a powerful tool because of their relation to the cone of positive
semidefinite matrices.

Lemma 1.7. Every SOS polynomial p € %[x] of degree 2r can be written as
p(x) = [x] Alx],
for a positive semidefinite matrix A > 0, where
[x]r=[1,x1,...,xn,xf,xlxz,...,x;] (1.12)
is the monomial basis vector.

This lemma implies that the question whether a polynomial can be expressed
as a sum-of-squares is equivalent to a semidefinite program. We call the following
convex cone the quadratic module generated by g4,..., g;:

¢
o(g) =9(g1,.--,8¢) = {00 +Zai(x)gi(x) co;€X0[x],i=0, 1,...,[}.
- (1.13)
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The crucial observation is that any y € R™ for which

fo®) = yifix) € Q(g)
i=1

is a feasible solution to (1.10) and thereby provides a lower bound on the optimal
value. In order to formulate a finite dimensional semidefinite program over this
cone we need to consider a truncated version of it, restricting the degrees that the
involved SOS polynomials may have. We refer to this as the truncated quadratic
module

¢

Q,(g):= {00 + Zoi(x)gi(x) r0; €%, [x],i=0,1,. ..,E} , (114
i=1

where X, [x] is the set of SOS polynomials of degree < 2r. Clearly, Q,(g) C

9Q,41(8) € C(K),, leading to a hierarchy of optimization problems. We call the

following instance the r-th level of the SOS hierarchy

Valg) =sup y'b
subject to:  fo(x) — >, yifi(x) € Q,(x) (1.15)
i=1
y €R™,

which, for every r € N is equivalent to a semidefinite program of size polyno-
mial in n. The hierarchy provides a non-decreasing sequence {Valg)}reN upper
bounded by valj). This hierarchy was first proposed by Lasserre [Las01] and Par-
rilo [Par00] in the early 2000s with focus on polynomial optimization problems.
We also refer to [Las08] for a treatment of the GMP. A considerable amount of
research has been aimed at the analysis of these hierarchies. Using tools from al-
gebraic geometry like Putinar’s Positivstellensatz [Put93] it is possible under some
mild assumption on K to prove that the hierarchy converges to the optimal value
of (1.10), i.e.,

. (r) _
r1_1>nolo valy’ = val.

Formulating problem (1.15) as an SDP and dualizing it gives little insight into
the objects, i.e., measures, that we are approximating in the primal. We will
approach the dual of (1.15) from another angle. Let y = {y,},ens be an infinite
real sequence and let L, : R[x] — R be the Riesz linear functional defined by

FE =D fux* = Ly(f) = D fuYar

aeNn aeNn
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where we define by abuse of notation x* := x;x L....-x,". Therefore, if y is the
moment sequence of a measure y supported on a set K, i.e.,

Vo = J x*du(x) for a € N"
K

then Ly coincides with the integration operator on polynomials with respect to u,
i.e., for a polynomial f € R[x] we find

L(f)= D faYa= f £ (x)du(x).
K

aEeNn
Given a finite sequence y = { )’a}aeNgr: we associate the so-called truncated mo-
ment matrix M,(y) to y, defined as (M,(y))qp = Yasp for @, € NI. Such a
matrix has dimensions s(n, r) x s(n, r), where

s(n,r) = (n j r)'

For y as above, given a polynomial g € R[x] of degree d, we define the localizing
matrix M,.(g ~y) associated to y and g as

(M, (g *Y))a,[j = Z &y Yatptys fora,f € NZ,
YENY
Define
Tmin = Max ]{deg(fo), deg(f;),deg(g;),}-

ie[m],je[t

For r € N, with r > r;,, the level r of moment-SOS relaxation of is defined as

Yeﬂi{I;%{zr) Ly(fO)
s.t. Ly(f;) = b;, fori € [m] (1.16)
M.(y) =0

M,(g;*y) =0, forie[L].

For each r this is a semidefinite optimization problem (SDP) whose size depends
polynomially on n. The moment and localizing matrices depend linearly on y and
the objective is linear in y.

It is not difficult to see that the semidefinite programming formulation of
(1.16) is the dual of (1.15). This primal-dual pair sequence is referred to as the
moment-SOS hierarchy in the literature and will play an integral part of this the-
sis.

1t used to be called the Lasserre hierarchy, yet in recent years the name moment-SOS hierarchy
is used more frequently.
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1.3 Thesis overview

We continue to give a brief overview of the contents of this thesis, chapter by
chapter.

Chapter 2: A predictor corrector method for SDP using the factor
width cone

The moment-SOS hierarchy provides a sequence of finite dimensional semdefinite
programming approximations for the GMP. Even though the size of these SDPs de-
pends polynomially on n, it grows rather quickly. Hence, often only the first few
levels are actually computable. To address this problem we propose an interior
point algorithm in Chapter 2 which is more suitable for parallelization that the
ordinary interior point methods used to solve SDPs. The underlying idea of the
presented algorithm is to replace the cone of positive semidefinite matrices by a
more tractable cone, namely the cone of matrices of constant factor width which
is defined as FW, (k) = {Y € S": ¥ = 3, x;x/ for x; € R", supp(x;) <k, Vi},
see [BCPTO05]. More precisely, instead of performing the subroutines of the al-
gorithm in the cone S/} they are performed in the cone product Sﬁ X oo X S’fr
consisting of (Z) cones for some n > k € N. Simply replacing the cone, however,
does of course only lead to a relaxation of the problem. The algorithm we de-
velop utilizes interim solutions to rescale the problem, an idea first proposed by
[AH17]. This iterative rescaling leads to a convergent algorithm. We are thereby
extending results from [RSS22].

Chapter 3: Convergence rates for RLT and Lasserre-type hierarchies

In Chapter 3 we consider the GMP over the standard probability simplex A,_; and
the n— 1 dimensional unit sphere S"~'. We propose a relaxation hierarchy based
on linear programming for the simplex case and conduct a convergence analysis
proving a rate of convergence of O(1/r), where r is the level of the hierarchy. The
foundation of the analysis is a quantitative version of Pélya’s Positivstellensatz due
to Powers and Reznick [Rez95]. Following up, we apply the moment-SOS hierar-
chy due to Lasserre [Las08] as introduced in Section 1.2 to the sphere case and
also analyze the convergence behavior of the hierarchy proving a rate of O(1/r2),
where r is the level of the hierarchy. The main result we rely on in the latter
analysis is a quantitative Positivstellensatz by Fang and Fawzi [FF21].
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Chapter 4: Computing bounds for option prices

A European call option is a financial contract that gives the holder the right, but
not the obligation, to buy an underlying asset (such as a stock, commodity, or
currency) at a specified price on a specified date. Under the assumption of the
absence of arbitrage opportunities the problem of finding upper and lower bounds
on the value of such financial products can be formulated as a GMP over the
non-negative orthant involving piecewise linear data functions. In Chapter 4, we
revisit a method previously employed by Bertsimas and Popescu [BP02], which
utilized semidefinite programming techniques to tackle this problem. We prove
that under the assumption of finite d-th order moments that the underlying set
can be compactified. We then apply the moment-SOS hierarchy due to Lasserre
[Las08] in this setting and provide several numerical examples.

Chapter 5: Construction of approximation kernels via SDP

Chapter 5 is dedicated to the problem of uniform approximation of non-
differentiable functions f : [—1,1]" — R. It is well-known that a convergent
sequence of approximating polynomials can be obtained from a hierarchy of so-
called polynomial approximation kernels [WWAF06]. For a given level r of the
hierarchy such a kernel can be obtained by solving a semidefinite program. The
convolution of an optimal kernel with a non-differentiable function f results in
a degree r polynomial which serves as an approximation of f. The kernels we
look for ought to minimize oscillations such approximations often exhibit, and
are known as kernels of the Jackson-type, due to their similarity to the approxi-
mation kernels first studied by Dunham Jackson [Jac11, Jac12]. We construct a
hierarchy of semidefinite programs and prove the respective solutions constitute
a sequence of approximation kernels which lead to a uniform approximation of
f. The size of the involved SDPs grows quickly, and we use symmetry reduction
techniques as reviewed in Appendix B to limit this growth.

Societal and scientific relevance of the thesis topics

Large-scale SDP is important in engineering design projects like optimal power
flow in large electrical networks [ZJJ*20], in robotics [DT14], and the wing-
design of aircraft like the Airbus A380 [SKL0O9]. The current state-of-the-art SDP
software is often unable to solve these type of large-scale instances, and therefore
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there is a need for novel algorithmic approaches as the one described in Chapter 2.

The GMP finds many applications including options pricing in finance. In
Chapter 3 and Chapter 4 we consider LP and SDP-based approaches to solve such
problems. The novel aspect of the approach in Chapter 4 is that it is data driven:
optimal pricing without assuming some underlying model. This is desirable since
the underlying assumptions in pricing models are often unrealistic or difficult to
verify.

The use of positive kernels to approximate functions is ubiquitous in physics,
as reviewed in the survey [WWAF06]. Our approach presented in Chapter 5
should enhance such applications in the case of several variables.

1.4 Contributions to the Literature

This thesis is based on the following articles:

[KdK22] Felix Kirschner and Etienne de Klerk. Convergence rates of RLT and
Lasserre-type hierarchies for the generalized moment problem over
the simplex and the sphere. Optimization Letters, 16:2191-2208,
2022

[HKdK*23] Didier Henrion, Felix Kirschner, Etienne de Klerk, Milan Korda,
Jean B. Lasserre, and Victor Magron. Revisiting semidefinite pro-
gramming approaches to options pricing: complexity and computa-
tional perspectives. Informs Journal on Computing, 2023. Advance
online publication

[KdKng] Felix Kirschner and Etienne de Klerk. Construction of multivariate
approximation kernels via semidefinite programming. SIAM Journal
on Optimization, forthcoming

[KdK23] Felix Kirschner and Etienne de Klerk. A predictor-corrector algorithm
for semidefinite programming that uses the factor width cone. arXiv
preprint, arXiv:2301.06368 [math.OC], 2023.

These articles are used in the chapters of this thesis as follows:

Chapter 2 Based on [KdK23]
Chapter 3 Based on [KdK22]
Chapter 4 Based on [HKdK*23]
Chapter 5 Based on [KdKng].
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A predictor-corrector method for
semidefinite programming using the factor
width cone

2.1 Introduction

Semidefinite programming problems (SDPs) are a generalization of linear pro-
gramming problems (LPs). While capturing a much larger set of problems, SDPs
are still being solvable up to fixed precision in polynomial time in terms of the
input data [NN94]; see [dKV16] for the complexity in the Turing model of com-
putation. Solving large SDPs in practice is, however, more complicated. While
we are able to solve linear programs with millions of variables and constraints
routinely ([LY15, §1.3]), SDPs become intractable already for a few tens of thou-
sands of constraints and for n X n matrix variables of the order n ~ 1,000. The
reason is that each iteration of a typical interior point algorithm for SDP requires
O(n®m + n?m? + m?) floating point operations, where n is the size of the matrix
variable and m is the number of equality constraints; see e.g., [AHO98]. How-
ever, solving large instances of SDPs is of growing interest, due to applications in
power flow problems on large power grids, SDP-based hierarchies for polynomial

17
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and combinatorial problems, etc. (see [Las01, ZL21, ZJJ*20]). In the following
we will revisit a relaxation of a given SDE where the cone of positive semidefi-
nite matrices is replaced by a more tractable cone, namely the cone of matrices
of constant factor width [BCPT05]. The simplest examples of matrices of con-
stant factor width are non-negative diagonal matrices (corresponding to linear
programs), and scaled diagonally dominant matrices (corresponding to second
order cone programming) [AM14]. We then review how iteratively rotating the
cone and solving the given optimization problem over this new set leads to a
non-increasing sequence of values lower bounded by the optimum of the sought
SDP This iterative procedure, due to [ADH17], does not lead to a convergent
algorithm. However, its essence can be used to construct a convergent predictor-
corrector interior point method, as was done in [RSS22]. This chapter is inspired
by ideas from [AM14, AH17, ADH17, AM19, RSS22]. In particular, we will ex-
tend the results in [RSS22], and give a more concise complexity analysis in our
extended setting. We refer those readers, who are not familiar with interior point
methods and the predictor-corrector method in particular to Appendix A for a
brief introduction and background results.

2.1.1 Iterative approximation scheme

Let a set {A; € S" : i € [m]} of symmetric data matrices be given and define the
linear operator
AX) = ({ALX), ., (A, X)) T €R™

Further, define for b € R™ the affine subspace
L={XeS": AX)=Db}. 2.1

Consider the following semidefinite program
vinp = inf{(40,X) : AX)=b,X €S"}, (2.2)

which we assume to be strictly feasible. Replacing the cone of positive semidefinite
(psd) matrices in (2.2) by a cone K € S}, which is more tractable, leads to the
following program

v = inf{(A,X) : A(X) = b,X € K, where K CS" }. (2.3)

*
SDP*

K. In [AM14], while focusing on sums-of-squares optimization the authors con-

Clearly, vic > v The quality of the approximation depends on the chosen cone

sider the cones of diagonally dominant and scaled diagonally dominant matrices.
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Ahmadi and Hall developed the idea of replacing the psd cone by a simpler cone
further in [ADH17], leveraging an optimal solution of the relaxation. Essentially,
the idea is as follows. Define the feasible set for (2.2) as

fSDp:{XZO:A(X):b}.

We will consider a sequence of strictly feasible points for (2.3), denoted by X, for
¢ =0,1.... Since X; = 0, the matrix X ll /2 is well-defined. One can update the
data matrices in the following way

AV =xAx? (i€{0,1,...,m},£=0,1,...),

giving rise to a new linear operator
¢
AOX) = (AP, x),..., (A0, x))T eR™.

We may also refer to this operation as rescaling with respect to X,. Via this rescal-
ing one obtains the following sequence of reformulations of (2.2)

vipp = inf { (4D, X) : AOX) = b, x €T}, 2.4)
whose feasible set we define as

Fepp, = {X = 0: ADX) = b}.

For each ¢ the identity matrix is feasible, i.e., we have X = I € Fgpp,. To see this,
note that for all i € [m] we have

(A9 1) = (X2 A; (X)? 1) = (A, X;) = by

Similarly, the identity leads to the same objective value in (2.4) as X, in (2.3). Let

X, be an optimal solution to (2.3). Rescaling with respect to X, we find by the

. 0
same reasoning that Vz(c) < vy, where

V,(f) = min{(Ag),X) cAYX)=b,X € ’C}- (2.5)

Reiterating this procedure leads to a non-increasing sequence of values
© * :
{v,C }leN lower bounded by vg,,. Unfortunately, this procedure does not con-

verge to the true optimum of (2.2) in general, as mentioned in [RSS22]. Indeed,
it can happen that liminf,_, o, v,(ce ) > Vapp-

the development and analysis of an algorithm, which converges to the optimal

The rest of this chapter is devoted to

value v,,,. We thereby generalize results from [RSS22].
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2.1.2 The factor width cone

Fix n € N. The cone of n x n matrices of factor width k, denoted by FW, (k), is
defined as

FW, (k) = {Y es':Y = inxiT for x; € R", supp(x;) < k, Vi } .
ieN

The notion of factor width was first used in [BCPT05], where the authors proved

that FW,(2) is the cone of scaled diagonally dominant matrices. Trivially, FW, (1)

is the cone of non-negative n x n diagonal matrices. Clearly, we have that

FW, (k) CFW,(k+1)CS? Vke[n—1].

Moreover, FW,(n) = S'.. It is easy to see these cones are proper for k > 2. As they
define an inner approximation of the cone S’} we may use them in the aforemen-
tioned iterative scheme. Define

Sk) . — sk % ... x sk andSSrn’k) :=Sﬁ X e XSi.
N—
()-times (1)-times

An optimization problem over the cone FW, (k) may be formulated as an opti-
mization problem over the cone product ng’k). To see this we need to consider
principal submatrices. For a matrix S € R™*" we define the principal submatrix
Sy s for J C [n] to be the restriction of S to rows and columns whose indices ap-
pear in J. Further, for a set J = {iy,...,i;;} € [n] and a matrix S € RV*MI we
define the n x n matrix S;”" as follows for i, j € [n]

(s7);; = (2.6)

Sk,l lfl = ikaj == il
0 otherwise.

In other words, S;”" has S; as principal sub-matrix indexed by J, and zeros else-
where. Now, to write a program over FW, (k) as an SDP note the following lemma.

Lemma 2.1. For any X € FW, (k) we have that

X= >y

|J|=k

for suitable Y; € S’i andJ C [n],|J| =k.
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Proof. The proof is straight-forward, and omitted for the sake of brevity. O

Thus, we can write

inf{(Ay,X) : A(X) = b,X € FW (k) } 2.7)

as

inf{ Z ((Ag)y s> Yy) : Z (A, Y;) =D, Y, € S}i, VIJ| = k} . (2.8)

|J|=k |J|=k

It is straightforward to show that the dual cone of FW (k) is given by
FW, (k)" ={Se€S§":S;; =0forJ C[n],|J| =k}.

The dual cone has been studied in the context of semidefinite optimization in
[BDMS22], where it was shown that the distance of FW, (k)* and S, in the Frobe-
nius norm can be upper bounded by ni% for matrices of trace 1. For k > 3n/4

and n > 97 this bound can be improved to 0(n=3/2) (see [BDMS22]).

2.1.3 A predictor-corrector method

In this subsection we propose our algorithm which makes use of the rescaling
introduced in Section 2.1.1. Our aim is to provide a comprehensible exposition,
while the details are postponed to the second part of the chapter, beginning with
Section 2.2.

Algorithm 2.1 is an adaption of the predictor-corrector method as described in
[Ren01, § 2.2.4], see also Appendix A. Before describing the algorithm in detail,
we fix some notation. Let

y={y,es:JcnllJ|=k}

be a collection of (2) matrices of size k x k. We define the operator ¥ as

V)= > v

1=k

where we make use of the notation defined in (2.6). Hence, if ) is a collection of
positive semidefinite k x k matrices, then ¥())) € FW (k). Furthermore, let

Yo =AY, = (1/C}71) i 1 J < [n], 1] =k}, (2.9)
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where we denote for n,k € N the binomial coefficient as (2) =: C}, so that
¥()p) = I. Now let X, be a strictly feasible solution to a problem of form (2.2)
and rescale the data matrices with respect to X,. Recall the feasible set of the
resulting SDP is given by

Ly={Xes": AOX)=b}. (2.10)

Likewise, the feasible set of the factor width relaxation written over S&””‘) (cf.
(2.8)) can be written as

L} ={y es™: (4D o w)(¥) = b}. (2.11)

Note that I € L, and ), € LEI’. We emphasize that, by definition, for any element
Y €L/ we have ¥(Y) € L,.

Main method

The algorithm requires a striclty feasible starting point X, close to the central
path, which is used in the first rescaling step. We also require an ¢ > 0, i.e., our
desired accuracy as well as a parameter o € (0, 1) used in the predictor step. In
the following let fFV() be a self-concordant barrier function for ST’k) (we post-
pone its derivation to Section 2.2, for now we assume it exists and is efficiently
computable). In the algorithm we denote the restriction of f*W&) to the subspace
null(Lz,I’) by flim((?q,). The algorithm initializes £ = 0. The outer while loop re-
peats until an s-op[tirnal solution is found. If after rescaling with respect to X, the
Newton decrement (cf. Definition A.8) at ), satisfies

FW(k)
the predictor subroutine is called. Here, the affine-scaling direction is projected
onto the null space of LY, call it Z. Clearly, Y, +sZ € LZI’ for all s € R. Then the
subroutine computes

s* =sup {s :Vy—SZ € Sﬁ“k)} ,

which provides the necessary notion of distance to the boundary in terms of ),
and Z. The returned point ), := ), +0s* Z is feasible and decreases the objective
value, as shown in Section 2.4. If the Newton decrement is not small enough, the
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corrector subroutine is called. Let v, = (Ay,X;), i.e., the objective value of the
previous iteration, and define

LY (v)) = {¥ € ST (A0, ¥(1)) = vy, AO(())) = b}.

Let xq := ). Denote by n, ng/(w)(xi) the Newton step of f FW(k)

LY (vy) at a point x;. The
o\t

corrector step now computes
. cFW(k
X1 = argmin, f ¢ )(Xi + tnlLZ’(ve)(xi))

until x;,; is close enough to the central path of the rescaled problem over ST”‘)
and returns ), := x;,1. We will prove in Section 2.3 how this leads to a decrease
in distance to the central path of the original SDP. Note that multiple calls of the
corrector step may be necessary as after rescaling the Newton decrement might
not be small enough anymore. However, as we prove in Section 2.4, the maximum

number of corrector steps can be bounded in terms of the problem data. Let ),
be the point returned by one of the subroutines. We set

Xppr =X, P (x>

Then
A1) = (A, W) = (A, Xp40)

i i

foralli=0,1,...,m.

Termination criterion

In the predictor as well as in the corrector subroutine we solve a linear system for
y € R™. The solution of this linear system may be interpreted as a dual feasible so-
lution provided the current iterate is sufficiently close to the central path. Hence,
we can approximate the duality gap of our problem by calculating the difference

<A05XZ> _yTb 2 0’

where y is calculated in every subroutine call. We may use this as a termination
criterion. Once the duality gap falls below the required ¢ > 0 chosen beforehand,
we terminate with an e-optimal solution.
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Algorithm 2.1 Predictor-Corrector SDP algorithm using FW,,(k)
Require: ¢ >0, o0 €(0, 1), X, strictly feasible
{0
while Duality gap > € do
AD — (X242, fori =0,1,...,m

if A ( fi ,yo) < . then

null(L})
Yy < PI‘ediCtor_Step(A([),Ag), o)
else
Y, « Corrector_Step(AL ow, FFWK) yy

Xpa1 = X)V2 0 (X))
L—L+1
return X,

Algorithm 2.2 Subroutine Predictor_Step(A,Ag, o)
Require: A,Ay, 0 €(0,1)

Solve for y: AAy = AA*y

Z=V'(Ay —A)

s* —sup{s: Yy —sZ € FW,(k)}

YVe—)Yy—0os'Z

return )

Algorithm 2.3 Subroutine Corrector_Step(A4, f, x(®)

Require: A, f,x@: A(f];,x®) > L, (L =null(A))
j<0
while A (f|L,x(j)) > %4 do
Solve for y: AH(x(j))_lA*y = AH(x(j))_lg(xU))
n\L(XU)) — H(x(j))—l (A*y —g(x(j)))
x0+D)  argmin, £ (x0 + tn) (x0))
je—j+1

return x(j -1
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2.2 Barrier functionals for S and FW, (k)
In this section we derive the self-concordant barrier functional for the cone ST’k)
which is used in the algorithm. Note that the ordinary self-concordant barrier for
. . SDP _ . .
St is given by f>"*(X) = —log(det(X)). We will emphasize parallels to the work
of Roig-Solvas and Sznaier [RSS22].
In order to construct a self-concordant barrier function for our underlying set,
we introduce the notions of hypergraphs and edge colorings as well as a well-
known result about these objects.

Definition 2.2. A hypergraph # = (V, E) consistsof aset V = {1,...,n} of vertices
and a set of hyperedges E C {J C V : |J| = 2}, which are subsets of the vertex
set V. If all elements in E contain exactly k vertices, we call the corresponding
hypergraph k-uniform. If H is k-uniform and E consists of all subsets of V of size
k, it is referred to as the complete k-uniform hypergraph.

Definition 2.3. Let # = (V, E) be a hypergraph. A proper hyperedge coloring with
m colors is a partition of the hyperedge set E into m disjoint sets, say E = U;e[m]S;
such that $; NS ;= @ if i # j, i.e., two hyperedges that share a vertex are not in
the same set. In other words, a proper hyperedge coloring assigns a color to every
hyperedge such that, if a vertex appears in two different hyperedges, they have
different colors.

Theorem 2.4 (Baranyai’s theorem [Bar75]). Let k,n € N such that k|n and let
K, the complete k-uniform hypergraph on n vertices. Then there exists a proper
hyperedge coloring using C,’:__ll colors.

Remark 2.5. For the case k = 2 the above theorem reduces to the statement that the
complete graph has a proper edge coloring using n — 1 colors. This fact was used by
Roig-Solvas and Sznaier in their analysis [RSS22 ] as they only considered the case
k<2

In (2.8) we wrote a program over FW, (k) as an equivalent program over the
cone product s(f’k). The algorithm uses a self-concordant barrier function over
said cone product. The mapping ¥ from SS:"k) to FW, (k) is surjective, but not
bijective, since multiple elements in the former may give rise to the same element

in the latter set.

Assumption 2.6. Throughout we will assume k|n for somene€ Nand 2 <k € N.



26 Conic Optimization in Finance and Approximation Theory

In the following we will let 7 = {J c [n]: |J| =k} and
y={Y,:JeJ}

be a collection of (Z) matrices of size k x k. We recall the operator ¥ is defined as

V)= > v
JeTJ
The following generalizes Lemma 4.4 in [RSS22], where a similar result is proved
for k = 2. It will be crucial in our analysis as it allows us to compare the values
taken by the barrier functionals on S&“”‘) and S’ at Y and ¥()), respectively.

Lemma 2.7. Let

fFW(k)(y) =— Z log(det(Y;)), Y €int (ngl’k)) .

Jeg

The barrier fFV()) is self-concordant on int (SEL”’k)). Furthermore, if X = ¥())
then

FO) =~ og(det(X)) +nCi log (i)
=: ], f3PP(X) + nC}~| log (C,?:ll .

Let us emphasize here that fFW&) is a self-concordant barrier for sﬁ“") not
FW, (k). Before proving Lemma 2.7, we need an auxiliary result which extends
Lemma A.1 from [RSS22] to general values of k such that k|n. To prove it we will
make use of Theorem 2.4.

Lemma 2.8. Consider the set ) = {Y; : J € J} consisting of positive definite k x k
matrices and let X = ¥(Y) € FW,, (k). Then there exists a set of C]’:ll matrices Z; > 0

n—1

n—1
of size n X n such that X = Zicz’“ll Z; and fFWBO () = —Zicfll log(det(Z;)).

Proof. Let K| be the complete k-uniform hypergraph on n vertices. We can iden-
tify each hyperedge {ij,i,,...,it} C [n] in K}' with exactly one element Y; € ),
namely the one where {iy,i,...,i} =J. Let {S,..., Sc,j*f} be a hyperedge color-

n—1
ing of K. Define ; :={Y; : J € S;} and set Z; := ¥();). Then X = Zicz"’ll Z; since
SiNS; = @ fori # j and U;S; = J. Clearly, Z; > 0. Moreover, since each S; induces

a perfect matching, there exists a permutation matrix P; for every i =1, ..., Cl’:__ll
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such that PiZiPl.T is a block-diagonal matrix with blocks Y; on the diagonal for
J € S;. From this we find

log(det(Z,)) = log(det(P,Z;P,)) = > log(det(¥,)).

JESi

Hence,

G G

D log(det(z)) = ) | > ;log(det(¥)))

i=1 i=1 Jes;

= > log(det(Y;)) = —f ™0y,
Jeg

completing the proof. O

We continue to prove Lemma 2.7.

Proof. (Lemma 2.7) The self-concordance of f FW() on int (S&””‘)) follows im-

mediately from the self-concordance of —logdet(X) on int(S"). By assumption
n—1
X = W(Y) = S5 Z; € FW, (k). Therefore,

n—1
Ck—l

1 _
—log(det(X)) =—log| det P Z C,?_llZi
k—1 i=1

Go

1

<—- Z o log (det(C,?__llzi))
i=1 “k—1

n—1

1 in
=— > ——log(Cpm" det(2))),

n—1
i=1 Ck—l

where the inequality follows by convexity. Hence, we find
G
—C,?__ll log(det(X)) < — Z (n log (C,?__ll) +log (det (Zl-)))
i=1
G
=— Z log (det(Z;))— C;~Inlog(C1),
i=1

and the claim follows. O

The following corollary is analogous to Corollary 4.5 from [RSS22].
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Corollary 2.9. If
Yo =AYy =1/C/ 7 I : J € [n], 1| =k}
then X =¥(),) =1 and

FAB(Y) = CimLFPPE0) + nCi log (€}

= nC]’:__l1 log (C]’::ll .

Proof. The first statement follows when noting that each i € [n] lies in exactly
(Zj) subsets of [n] of size k. The reason is that, when fixing i, there are n — 1
elements left out of which we want to choose k — 1 more elements to make a set
of size k. For the second statement note that

1 —
log (det (FIM)) = 1og((c,g_—11) k) =—klog(Cy7}).

k—1

The result follows when noting that k(Z) = nle__ll. O

2.3 Relations of the barrier functions

To prove convergence of our algorithm we need two essential ingredients. First,
we need to prove that the predictor step reduces the current objective value suffi-
ciently, and secondly, we must prove that the corrector step converges to a point
close to the central path. Moreover, we have to show that our criterion to decide
which subroutine to call is valid. The issue here is that we compute the New-
ton decrement of ™) at ), but we need to be able to assert that the Newton
decrement of f5PP at X, is small enough.

The next result we present will allow us to lower bound the progress made by
the corrector step. For this we need to be able to compare the barrier functions for
S and Sﬂ“‘). We assume we have a given feasible solution X, such that (AE)@, I)=
v. Define the vector b(v) := (v, by,...,b,,)". For further reference, consider

min {£5P(0) : (A, X) = b(v); ¥i=0,1,...,m, X €S}, (2.12)

which we would like to compare to

min {f0():y e L¥(v)ns{P} (2.13)
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Suppose Y* is an approximate solution to (2.13). Defining
X =X, 20 (%, ",

we find that X, € Fgpp for all £. In other words, the points X, we obtain via
this procedure are all feasible for the original SDP (2.2). The following lemma
allows us to lower bound the decrease achieved by one corrector step in terms of
an element in S(f’k).

Lemma 2.10. Let Y* be a feasible solution to (2.13) and Y, as in (2.9). Further,
let X414 =X121/2\P(37*)X2/2 for X, a feasible solution to (2.13). Then

Cioy (FPP (X)) = £ (Xp40)) 2 FTYOp) — YO (7).
Proof. The proof follows immediately when noting that

i (PP )= F PP (X)) = Gt (£5PP (X — PP (¢, 2w ()%, 7?)
= nCp 7 log(C—)) —f PP (¥(V*)) —nCi—  log G~ .

=fFW(K)()),) by Cor. 2.9 >—fFW()()*) by Lemma 2.7

2.3.1 Relation of the Newton decrements

If f|; is a self-concordant function restricted to a (translated) linear subspace L

we have p
A(fir,x)= % foralld € L \ {0}, (2.14)

see Appendix A.2 for details. We will continue to prove that we can upper bound
the Newton decrement of f5PP at the identity in terms of the Newton decrement
of fTW) at ). To this end, define the following operator

vl st — sk

via
. 1 1 -
(O'), =| =1+ —=(ee" =1) |oX,; forJc[n]|J|=k,
Go GO ’

where o denotes the Hadamard product.
This operator satisfies
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S?I

St =gl x ... xS

n B
(k) —times

Figure 2.1: Visualization of the surjection from S(f”‘) to FW, (k)

V(U (X))=X forall X e S".

In other words, W' is a right-inverse of the linear operator ¥. See Figure 2.1 for
a visualization of the surjection from sﬁ“") to FW,, (k).
An inner product on S™" is given by

(X Wiy = D X5, Y),
|J|=k

and it is well-defined for X = {X,; € Sk: |J| =k},Y = {Y,; € Sk : |J| = k}.
Lemma 2.11. For any X € S™ we have
17 GO < 11X1-

Proof. Let X € S". For a matrix Y € S" we define diag(Y) € R" to be the vector
consisting of the diagonal entries of Y, and we further define a diagonal matrix
Diag(Y) € S" as

v, ifi=j

0 otherwise.

Diag(Y); ; = {
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Then,

1 1
T 2 _ T
||qj (X)”(n,k) - (( _1I+ Cn—Z(ee _I)) OXJ>
1

1 1 1 1 . T 4.
(C,?_‘l — C;::Z) (C]?:l + C"__Zz ) diag(X;) ' diag(X;)
1

=) ) diag(x,)" diag(X,)

where the inequality follows from

1 1 1 1
(Cn—z)z = Cn—2 and Cn—l + Cn—z =1l W
k—2 k—2 k—1 k—2

Suppose now X, is a feasible solution to (2.5) such that (Ay,X;) = v. We
define the vector b(v) := (v, by,...,b,,)| as well as the two subspaces

Ly ={yes™: (A o w)(¥) = b}

and
Ly={Xes": AOX)=b}.
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Note that we may also want to keep track of the objective, in which case we will
refer to the following operator

4 4 J4
AV @) = (AD, x), (4P, x),..., (A0, x)) e ™,

The respective subspaces will be denoted as follows

1Y) ={y est: (AL o w)() = b(v)} (2.15)
and
L(v)={x es": AVX) = b()}. (2.16)

When we consider the subspaces defined via the operator with respect to the initial
data matrices, we omit the subscript £, e.g.,

LY ={yes™h (A, w())) =b;, Vie[m]}.

The following lemma corresponds to Lemma A.2 in [RSS22], and allows us to

bound the Newton decrement of fliDP in terms of fiw(k).

Lemma 2.12. Assume ), € LY and I € L. At ), one has

—1 £SDP

FW(k) A(Clil—lflL ’I)

LY ,yo) = n—1

cn—
k—1

= JCria (£ ).

L J

A(f

Proof. Following (2.14) we have

d,n*W n
A ( lew(k)’ y) > (d,n "My foralld € L \ {0}.

v 1|l (n0),
Choosing d = \IJT(n%DP(X )) € L leads to

J

(W (PP ), iV () ek
A FW(k) > L .Y
(f | Y ) 1t (3PP D ),

and evaluating the expression at ), we find

A4

A (wa(k) yo) > (\Iﬁ(niDP(X))a nFW(y0)>(n,k),y
v T (3PP XD ),y
(T (nSPP (), =™ (Vo)) (i)
I (5P Oy
N (PP, (1,1, ..., D))
|In3PP (X))
_ Tr(niDP(X )
—InSPPCO)]
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where the second inequality follows from Lemma 2.11. Setting X = I and noting

Tr(n}PP (1)) = (I,n}°P (1)) = <SDP(1) n;PP (1))
k—l

1
_ Clil_—ll( (Cn 1f|SDP ))2
we conclude

L () aleen)

( leW(k) yo)

i PPl gl
because ( )
A Cn—lfSDP I
k=171 _
In§PP(D)]] = = /e a (). 0
e

2.4 Complexity analysis

We begin the complexity analysis with the following lemma, which helps us to
check whether the current point is close enough to the central path of the SDP

Lemma 2.13. Let X, be a feasible iterate for the SDP (2.12) and let the objective
value at X, be v. Define the two subspaces LZII(V), Ly asin (2.15), (2.10) respectively.
Then, if

FW(k 1
A(fL\I/(( ))’yo) _4’

(fSDP I) %’

fnSvDP(X) =1, (Ao, X) —logdet(X),

one has

where

and 1), is such that
SDP
= min X
V= XGIL[f ( )

Proof. By Lemma 2.12 we know that

1 FW(k) SDP
=4 (f|LZ’(v) 0 )= A (A 1)



34 Conic Optimization in Finance and Approximation Theory

Let now z(v) be the point on the central path of the rotated SDP with objec-
tive value v and let the corresponding parameter be 7,. By Theorem 2.2.5 from
[Ren01] we have

2
3A fSDP ,I 1
(ILI(V) ) - SE- (2.17)

llz(v)—I||; <A fSDi,I
== U ) (7 e )

Let X, be the point returned by taking a Newton step at X = I with respect to the
function f,nSDP restricted to L,. By Theorem 2.2.3 in [Ren01] we have

llz(v) — 1117

T =) 1[I, 2 [IXy =2l

and hence

A(f’rlslez’I) = ||X+_I||[ < ||X+—z(v)||I + ||Z(V)—I||I
llz(v) =111

S ——— O
1=z —=1IlI;

W~ 11l < .
9

The Newton decrement of the rotated SDP being smaller than 1/9 means we
can safely perform the next predictor step. If the current point is too far away
from the central path and one were to perform the predictor step the direction
may not be approximately tangential to the central path. Hence, once the New-
ton decrement of the factor width program is small enough, so is the one of the
SDB and we can perform the next predictor step, knowing the direction will be
approximately tangential to the central path. After each predictor step we may
have to take several corrector steps, to get back close to the central path.

Corrector step

We will now find an upper bound on the number of corrector steps needed to
get close to the central path. We know from Lemma 2.10 that a decrease in the
barrier for the factor width cone will lead to a decrease in the barrier function
for our original SDP. meaning we made progress towards its central path. The
following lemma asserts that if we are too far away from the central path we can
attain at least a constant reduction in the barrier of the factor width cone. Thereby
a constant reduction in the SDP barrier is obtained as well.
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Lemma 2.14. Let X, be a feasible iterate for the SDP (2.12) and let the objective
value at X, be v. Define the subspace LZP(V) as in (2.15). If
A(5m9,5) > o
4

then

FW(k) FW(k)

LY (v)
V*, i.e., the point in L;(v) that minimizes FEWE) | Let anp(v)(Jio) be the Newton

Proof. If A ( leW(k), yo) > %4 the corrector step will employ a line search to find

step taken from ), and let t = where the norm in the denomi-

1
8”nL}P(V)(yO)”(n,k),y0 ?
nator is the local norm at ), induced by (-, ), x)- Then, for

Y=Y+t 1) (Vo)
we find by Theorem 2.2.2 in [Ren01] (see also (A.11) in Appendix A)

11 +1(1)2+ (1/8)3

148 28 3(1—1/8)

< YO, )—ﬁ =

Note that this implies together with Lemma 2.10 that

fFW(k)(y) < fFW(k)(JJ )_

FW(k) FW(k) FW(k) FW(k)
2688 < fO) = FNQ) < FIYO) = £V 2.18)

< G (PP — PP (X))

With each line search we obtain a point, which reduces the function value of fS°?
by a constant amount compared to its predecessor. This fact will allow us to bound

the number of line searches needed to find a point for which A ( fl?f,v((vk)),yo) <
1)

1/14. Another ingredient needed for this is an upper bound on the difference of

function value of f SDP 4t the result of the predictor step and the corresponding

point on the central path with the same objective value.

Lemma 2.15. Let X; be close to a point z(v;) on the central path of the SDP in the
sense that A ( fLS]?f ),Xl) < %. Further; let X, be the result of the predictor step and
%(v,) be the point on the central path with the same objective value as X,. Then

1 ) 1
+—.
1—o 154

FSP,) — £ (a(v,)) < n (1og
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Proof. A proof of this statement for generic self-concordant barriers may be found
on page 54 of [Ren01]. We have used that the barrier parameter as introduced in
(A.1) for the barrier of the psd cone is given by ¥ ¢so» = n. O

Lemma 2.16. Let v, be the objective value of the result X, of the predictor step.
The maximum number K of line searches needed to ﬁnd a point Xy .o which is close
enough to z(vy) in the sense that A (fIL vy ),XK+2) <3is

1 1
= [2688C}:11 (nlog(1 0) + E})] R

where z(v5) is the point on the central path with objective value vs.

Proof. We know that the distance between the result of the predictor phase and
the targeted point on the central path is at most n (log S ) + = 15 7 by Lemma 2.15.
Moreover, using Lemma 2.14 we find that in each corrector step we reduce this
distance by at least 268;?, unless the SDP Newton decrement at I is already
small enough to perform the next predictor step. If after rescaling the Newton
decrement of the factor width program satisfies

FW(k) 1
A(f Ly 0) 14°
thereby implying by Lemma 2.13 that I is not close to the central path of the SDP

we can perform another corrector step yielding at least a constant decrease of

—2688 o of the distance to the central path, and rescale again. This process can be

contlnued until we do not get such a constant decrease anymore at which point we

know we must be close enough to the central path, in the sense of Lemma 2.13.

1

Because if the decrease is not greater than we know that the Newton

2688C]}
decrement cannot satisfy
FW(k) 1
A(fL\IJ()’yO) 14

from which follows by Lemma 2.13 that
1
SDP
A(fE0 1)< 5
This implies we are close enough to the central path to perform the next predictor
step. Hence, after at most

1 1
K= 2688C”_1( 1 (—)+—ﬂ
[ =1\ MO8\ 755 ) T 154

corrector steps we are close enough to the central path so that we can perform
the next predictor step. O
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Predictor step

We will make use of the analysis of the short step interior point method discussed
in Section 2.4.2 in [Ren01]; see also Appendix A.3. We will show that each predic-
tor step reduces the objective value by an amount at least as large as the objective
decrease by the short-step interior point method. This will allow us to conclude
the maximum number of predictor steps needed to obtain an e-optimal solution of
the given SDP. Note that the decrease in objective value obtained by our predictor
method is as follows. Let X be the point from where the predictor method starts
and —(Ag)x := —H(X)A, be the direction. Then for o > ‘1‘ we find

(Ag, X —s5"0 (Ag)x) = ((Ap)x, X) —s" 0 (Ag, (Ag)x)

< <A0,X>—§||(A0)X||X.

This implies the decrease is at least as large the one obtained in one iteration of
the short-step method, as discussed in [Ren01, § 2.4.2]; see also Appendix A.3.
Renegar’s analysis shows that short-step method leads to an ¢-optimal solution in
at most

K =104/ log(9 /(¢ o))

steps, where 7 is such that our starting point X, is close to z,, , in the sense that
A(fSPP,X,) < 1/9 and U is the barrier parameter as introduced in (A.1).

Predictor and corrector steps combined

Combining the complexity analysis of predictor and corrector steps we arrive at
the following theorem.

Theorem 2.17. Let X, be a feasible solution of the SDP (2.2) and assume it is close
to some point z, on the corresponding central path in the sense that A ( flfgf,XO) <
1/14, where L is as in (2.16) for v = (Aq,X,). Algorithm 2.1 converges to an &-
optimal solution in at most

1

K= [2688C,’:__11 (nlog(ﬁ) + ﬁ)] 10+/nlog(n/(e 1))

o )

steps.
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The assumption of a starting point “close to the central path“ may be satisfied
by the self-dual embedding strategy [dKRT97]. Alternatively, one may first solve
an auxiliary SDP problem, as in [Ren01, § 2.4.2], by using the algorithm we have
presented. The solution of this auxiliary problem then yields a point close to the
central path of the original SDP problem.

2.5 Discussion and future prospects

We finish with a brief discussion on the prospects of efficient implementation of
Algorithm 2.1.

Parallelization

Essentially, the contribution of the present chapter lies in providing an algorithm
for solving SDPs which is much more suitable for parallelization than the ordinary
interior point method working over S'}. Given common memory access, the com-
putation of the necessary data for the respective cone factors Sljr is local, meaning
these tasks can be distributed among processor cores leading to a runtime decrease
since each corrector step involves (1) parallel computations of O(k®m+k?m?+m?)
flops. This offers the potential to perform the centering steps much more quickly
than for SDP interior point methods through parallel computation. For more in-
formation about parallel implementation of IPMs for semidefinite optimization
we refer the reader to [Iva08].

Replacing the predictor step

In their paper [RSS22], the authors propose to perform a fixed number of decrease
steps, where a decrease step consists of solving (2.7) and rescaling with respect
to the optimal solution. In our algorithm we considered a different method to de-
crease the objective value, i.e., the predictor method, where we use the traditional
SDP affine scaling direction.

Tractability of factor width cones

The entire approach described in this chapter relies on the premise that one may
optimize more efficiently over FW, (k) than over S". In practice this has not yet
been demonstrated convincingly for k > 2, although the consensus is that it should
be possible. Some recent ideas that could be useful in this regard are:
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* the idea to optimize over the dual cone of FW (k) by utilizing clique trees
[Z1.21]

* a variation on the factor width cone involving fewer blocks [ZSP22].

In addition, it would be very helpful to know a computable self-concordant barrier
functional for the cone FW,(k), as well as its complexity parameter.
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Convergence rates of RLT and
Lasserre-type hierarchies

3.1 Introduction

In this chapter we consider GMP’s of the following form:

-
val:= inf x)du(x
it | Fo0duG)

-
s.t. ] fi(x)du(x) =b; Vi e [m] (3.1
K

du(x) <1,
K

where m € N, b; € R for all i € [m]. Recall that M(K),. is the convex cone of pos-
itive finite Borel measures supported on K ¢ R", and fy, f1, ..., f;; are continuous
on K. We will always assume the GMP (3.1) has a feasible solution, which implies
that it has an optimal solution as well (see Theorem 3.1).

The constraint f x du(x) < 1 essentially means that we know an upper bound
on the measure of K for the optimal solution, since in this case we may scale the
functions f; a priori to satisfy this condition.

41
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We will consider the case where K is the standard (probability) simplex
AN ={XER1 DXyt x, =1
or the Euclidean sphere
Sl = {XE]R" : ||x||§ =x2+---+x,21 = 1}.

Our main result is to establish a rate of convergence for the Lasserre hierarchy
[Las08] for the GMP with polynomial data on the sphere, and for a related,
RLT (reformulation-linearization technique)-type linear programming hierarchy
for the GMP with polynomial data on the simplex. This RLT hierarchy is in fact
a generalization of LP hierarchies for polynomial optimization on the simplex,
as introduced by Bomze and de Klerk [BAKO1], and de Klerk, Laurent and Parrilo
[dKLPO6], and is closely related to the original work on RLT hierarchies by Sherali
and Adams [AS10].

Outline of the chapter

In Section 3.1 we review the duality theory of the GMP (3.1). For K the simplex we
introduce a linear relaxation hierarchy in this setting in Section 3.2 and prove a
convergence rate of O(1/r). Section 3.3 contains the new convergence analysis of
the Lasserre [Las09] SDP hierarchies of the GMP on the sphere. In Section 3.4 we
take a mathematical view of how the optimal measure is obtained in the limit as
the level of the hierarchies approaches infinity. In Section 3.5 we explain how our
LP hierarchy is a generalization of an approximation hierarchy for the problem of
minimizing a form of degree d over the simplex introduced by de Klerk, Laurent
and Parrilo [dKLPO6] based on earlier results obtained by Bomze and de Klerk
[BAKO1].

Duality of the GMP (3.1)

The dual of (3.1) is given by

m

val' = ( )sup Z yib;—t
LOERMXR, S
g T (3.2)

S.t. fo(x)—Zyifl-(x) +t>0 VYxek

i=1
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Note that the dual problem (3.2) is always strictly feasible, due to the constraint
fK du <1 in the primal GMP (3.1).

Weak duality holds for this pair of problems, meaning val’ < val. In fact, the
duality gap is always zero, as the next theorem shows. Note that a zero duality
gap does not imply the existence of a dual optimal solution.

Theorem 3.1. (see, e.g., [Las09, Theorem 1.3]) Assume problem (3.1) is feasible.
Then it has an optimal solution (the inf is attained), and val = val’.

Theorem 3.1 is a direct consequence of Theorem 1.5. We continue by recalling
a sufficient condition for a dual optimal solution to exist.

Theorem 3.2. (see, e.g., [ShaO1, Proposition 2.8 ]) Suppose problem (3.1) is feasi-
ble. If

b eint(((f1,u),---, (frm- 1)) : p € M(K),) (3.3)

then the set of optimal solutions of (3.2) is nonempty and bounded.

As discussed in Lasserre [Las08], it is customary in the literature to assume
that condition (3.3) holds, but in practice it may be a non-trivial task to check
whether it does. We do stress, however, that condition (3.3) does hold for the
applications discussed in Section 1.1.3 for K the simplex or the sphere.

Another result worth mentioning is that if the GMP (3.1) has an optimal so-
lution, it has one which is finite atomic.

Theorem 3.3. (Tchakaloff’s theorem, cf. [Tch57]) If the GMP (3.1) has an optimal
solution, then it has one which is finite atomic with at most m atoms, i.e., of the
form u* = Zznzl w840 where wy > 0,x) € K and 8¢ denotes the Dirac measure
supported at x© for £ € [m].

3.2 A linear relaxation hierarchy over the simplex

In the remainder of the chapter we will only deal with the GMP (3.1) with
polynomial data, i.e., we assume in what follows that all f;’s are polynomials
(iefo,...,m}.

The moment sequence (¥,)qene C R of a measure u € M(K) is the infinite
sequence given by

Vo = f x*du(x) VaeN.
K
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Let L : R[x] — R be a linear operator

PR = D pax* = L(p)= ) PaYa
aeNn aENn
that maps monomials to their respective moments. Thus, to an optimal solution
u* of a GMP of the form (3.1) there is an associated linear functional L* such that
L*(fy) =val and L*(f;) = b; for all i € [m] as well as L*(1) < 1. The idea of the
relaxation we are about to introduce is to approximate the optimal solution by a
sequence (hierarchy) of linear functionals L(") that depend on r = 1,2,.... Let
K=A, ;. Fori=0,1,...,mlet wl.o.g. f; be a real homogeneous polynomial of
degree d and let r > d. Let L(") be the optimal solution of the following RLT-type
relaxation of (3.1):
f= min  L(f)

—LP L:R[x]—R
L linear

s.t. L(f;)=b; Vie[m]
L(H<1 (3.4)
L(x*)=>0 VYl]al<r

n

L(x*) =1L (X“in) Via|<r—1.

i=1
Note that when considering the case where K = A,_;, we may, without loss
of generality, assume the f; to be homogeneous of the same degree for all
. d .
i = 0,1,...,m. Indeed, let f(x) = ijofj(x), where deg(f;) = j. Then,

g(x) = Z?:o fi(x) (Z?:l xi)d_J is homogeneous of degree d and f(x) = g(x)
for all x € A,_;. Every feasible solution u’ to (3.1) provides an upper bound
for (3.4) by setting L(x*) = (x*,u’). Hence, f ](;) < val. The third constraint is
reflecting the necessary condition for a positive measure u over the simplex:

(x*,u) = f x*du>0 VaeN".
An—l

The last constraint in (3.4) arises from the fact that
L(p)=L(g)ifp(x)=q(x) Vxe€A, ;.
Equivalently, defining the ideal Z = {p (1 - Z?:l) : p € R[x]} we require

L(p)=L(g) & p=q modZ,
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where p =q mod Z means p(x) =q(x) + (1 — Z?zl x;)h(x) for some h € R[x].

Formulation (3.4) is closely related to the RLT approach by Sherali and Adams
[AS10], that was originally introduced for 0-1 mixed integer linear programming
problems and subsequently extended for more general problems. In fact, for the
special case of polynomial optimization, problem (3.4) is essentially a Sherali-
Adams RLT approach. To see this, note that our linearization operator L corre-
sponds to the approximation L(x*) ~ (x*, u*), where u* again denotes an optimal
solution to the GMP (3.1). For the special case of polynomial optimization, we
may assume that u* is a Dirac delta centered at an optimal solution, say x*. In
this case, L(x%) ~ (x*,u*) = x*%, i.e., L corresponds to the type of linearization
operator introduced by Sherali and Adams [AS10].

We now state two lemmas that will come in handy in our later analysis.

Lemma 3.4. Let r,k € N with k < r and let L be a feasible solution to the linear
relaxation (3.4) for some fy, f1,..., fm- Then for all X" with y e N" and |y| <r—k

we have .
L(x)=L (x” (in) ) .
i=1

Proof. The last equality constraint in the relaxation forces

n

L(x*)=1L (x“in) Vla|<r—1.

i=1

- we have

Therefore, noting that x% = x;

L(xﬂxef)=L(xﬁxef xi) Bl <r—2
1

Hence,
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Repeating this procedure leads us to the desired outcome. O

Lemma 3.5. Consider the GMP given in (3.1) and let (y,t) € R™ x R, be feasible
solution for the dual (3.2). Then the pair (y, t) is dual optimal only if

0= min (fo(X) —;yiﬁ-(x) + t) :
Proof. The minimization problem
min (fo(X) - izzlyifi(x) + t)
is equivalent to
. UK (fo(X) - ; Yifix) + t) du(x) : L du = 1} .G

By Theorem 3.1 there is no duality gap and there exists a primal optimal so-
lution u* to the GMP (3.1). Set v = u*/u*(K). Hence, v is a probability measure
and therefore a feasible solution to (3.5). We deduce

0 <min fo(x) = > yifi(¥) +t

i=1

< J Fo®) = D yifi(x) + tdw(x)
K i=1

1 * 9 * *
- u*(K) (J;(fo(x)d,u (X)—;J’i foi(X)dM (x)+ thd,u (X))

= M*EK) (val—yTb + t,u*(K))
_ T — 1 _ N —
< (val—y b +¢) 0 (val—val’) =0,

where the first inequality follows from the definition of the dual (3.2) of the GMB
the third inequality from the fact that u*(K) < 1 and the last equality from strong
duality. O
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3.2.1 Convergence analysis

The following theorem is a refinement of a result by Powers and Reznick [PRO1],
obtained by de Klerk, Laurent and Parrilo [dKLP06, Theorem 1.1]. It is a quanti-
tative version of Pdlya’s Positivstellensatz (see, e.g., [Rez96] for a survey), and it
will be crucial in our analysis of the simplex case.

Theorem 3.6. Suppose f € R[x] is a homogeneous polynomial of degree d of the
form f(x) = Z| aj=d faX". Assume ¢ =min, | f(x) > 0 and define

..ol
B(f) = max ST (3.6)

Then the polynomial (x1 + - - - + x,)*f (x) has only positive coefficients if

vs dA=D ()

5 . d. (3.7

We continue by stating and proving one of the main results of this chapter.

Theorem 3.7. Let val be the optimal value of the GMP (3.1) for input data K =
An_1,fos f1s+-+> fm € R[x] homogeneous of degree d and bq,...,b,, € R. Assume
there exists a dual optimal solution (¥, t) for (3.2). Then, setting y, =1 and y; =
—y; for i € [m] we have

(er'n:oB(.)’ifi) +t)d(d—1)
2r—1)—dd—1)

0< Val—fl(;) < (3.8)

for B(*)asin (3.6) and r > d(d —1)/2+ 1.

Proof. By Theorem 3.1 there is no duality gap. Let r > d(d—1)/2+1 and let L")
be an optimal solution to (3.4) whose existence is ensured by Theorem 1.5. Fix
some ¢ > 0. Then,
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m m
0 Sval—):g)) =val— L") (Z}_’ifi_t“'fo_zyifi + t)
i=1

i=1

=val— > 7:LO(f) + e1 (1) — L0 (fo =D it t)
i=1

i=1

SVal—Zyibi‘i‘t_L(r) (fo_zyifi-i_t)

i=1 i=1

=—L") (fo— Yifi+ t)
i=1

— _L(r) (fo_
i

< _L(r) (fO_

M=

NgE

Vifi +t+ s) +eLM(1)
1

v

Il
—

_)_’ifi+t+8)+€,

1

where both inequalities follow from the fact that L(7(1) < 1. Set f,.1 =
(Z?:lxi)d and y;n. = —t. By Lemma 3.5 we have miny,  fo(x) —
Z:n:ll ¥:f:(x)+¢& = €. The goal is now to show that —L(" (fo — Z:":ll Vifi + 8) <0
if

r> [d(d_l) Z;n:le(J’ifi)-i'e“.
2 €

Define
m+1 n d
fizfo—ZJ_’ifi‘*‘E(in) ;
i=1 i=1

which is homogeneous and its minimum over the simplex is €. We continue to
show that L(7(f) > 0 for the appropriate choice of r and then bound r in terms
of €. By Theorem 3.6 for k as in (3.7) we have

N
f(X)(in) = Z cpxP (3.9)

i=1 BENT .

with cg > 0 for all € N7, . To determine the smallest integer k for which the
theorem holds we will first bound B(f). For this, set y, =1 and y; = —y;. We
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may rewrite f as

m+1 n d
f:Zyifi+€( xi)
i=0

i=1

- gyifi +8(Z ((Xl -C-i'an)xa)

lal=d

= Z (Tf Yifia+ g(al da)) x?.

lal=d \ i=0

Then,

(s d! arl...ay!
B(f):mo?x[(iz_o:yifi’a-'_a1!...an!6) a n]
s aq!..oap!

= (maax(; yifi,a) —ar ) t+e

m+1 a! al
Z(maxyifi’a—l'm ”')+s
a d!
i=0
m+1
= > B(yif) +e.

i=0

IA

With this bound on B(f) we find that if r is large enough, i.e.,

. [d(d_nZ?;?B(yifiHﬂ . [d(d—l)B(f)w’
2 £ 2 £

it follows from Lemma 3.4 that

m+1
—L") (fo =D i+ e) +e=e—LU(f)

(g

=e—1" Z cﬂxﬁ <e,

/5 ENZM
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where the last equality follows from (3.9) and the inequality follows from the fact
that L(D(x%) > 0 for all |a| < r and cp = 0forall || <k+d. To find a bound on
r in terms of € we set

[dd—1) X, Blif) +e
r= 2 . .

Then, one may bound r as follows

m+1
1< d(d2— 1) (Zi:o B(yifi) N 1)

5

_ 2 BOufd(d—1)
= 20r—1)—d(d-1) ’

concluding the proof. O

Remark 3.8. The bound we give in Theorem 3.7 depends on the dual optimal solu-
tion (¥, t). We cannot bound the dual variables in terms of the problem data a priori
in general, as they may become arbitrarily large. There are, however, cases in which
one can bound the variables in terms of the problem data. An example of this case
can be found in Section 3.5.

3.3 Moment-SOS hierarchy over the sphere

We now consider the GMP (3.1) over the sphere, i.e., the case K = S Ad-
ditionally, we assume the f), f1, ..., f,, in (3.1) are homogeneous polynomials of
even degree 2d.
The moment-SOS hierarchy [Las01] of semidefinite relaxations of the GMP
(3.1) over the sphere is given by
f&) = min L(fo)

—SDP L:R[x]g, —R
L linear

s.t. L(f;)=b; Vie[m]
L) <1
L([x],[x]]) =0
Lx)=L(x*xlI2) V lal<2r—2,

(3.10)

where the L operator is now applied entry-wise to matrix-valued functions, where
needed, and the optimal solution is denoted by L(3").
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The following lemma enables us to use a quantitative Positivstellensatz by
Fang and Fawzi [FF21] for positive polynomials on the sphere, to obtain a rate of
convergence of the Lasserre hierarchy. It is a basic but crucial result and certainly
known to be true, however we did not find a suitable reference. Hence, we give
a short proof for completeness.

Lemma 3.9. Let L : R[x],; — R be a linear operator and suppose L ([x]k[x];—) >0,
where the operator is applied entrywise to the matrix [X]k[X];—. Then, L(o) = 0 for
all o € X[x];.

Proof. Let o € X[x]; be a sum of squares of degree 2k. Then there exists A > 0
such that o = [x]ZA[x] - Let (-,-) denote the trace inner product. We have

L(o) = L ([xJJAIx]) = D AL (i ([x0);) = (A L (Ix[x))) = 0,
i,j

since both A and L ([x]k[x]z) are psd. O
The quantitative Positivstellensatz by Fang and Fawzi [FF21] is as follows.

Theorem 3.10. [FF21, Theorem 3.8] Assume f is a homogeneous polynomial of
degree 2d such that 0 < f(x) < 1 for all x € S" ! and d < n. There are constants
Cy, Cc’i that depend only on d such that if r > C4n then

f+Cid/r)? = o)+ (1 —|x[5hx)
for o(x) € Z[x], and h € R[x]5,_5.

We may now use the theorem by Fang and Fawzi [FF21] and Lemma 3.9 to
derive a rate of convergence for the Lasserre hierarchy [Las09] of the GMP on the
sphere as follows.

Theorem 3.11. Let val be the optimal value of the GMP (3.1) for input data K =
S™ Y fo, f1,-- s fm € R[x] homogeneous of even degree 2d, by,...,b,, € R and
d < n. Let (7, t) be a dual optimal solution and let f,,,(x) := 1 for every x € S™},
set Y41 = —t and set yo = 1 and y = —y. Further, let fé{ﬁ',ﬁ = maxycgn1 Y;fi(X).
There exist constants Cyq,C (’1, only dependent on d, such that if r > Cyn we have

+1 ,1,Yy;
Cad® 2o Fmax
0<val—f®) <4 =0 .
 SDP 2
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Proof. As in the proof of Theorem 3.7, Theorem 3.1 gives us strong duality. Let
r > Cynand let L") be an optimal solution to (3.10). Then by the same reasoning
as in Theorem 3.7,

m+1
0<val—f) <10 (fo - Zyifi).

i=1

1
Setf = fo— 20 yifi and fipax = maxxegnt f(%). Then f = f / frpay satisfies
finax = 1 and by Lemma 3.5 we have f,,;, = 0. We find for any § > 0

m+1
_L(zr) (fO - Z .)_/ifi) = _fmaxL(zr) (.f)
i=1
< _fmaXL(Zr) (f + 5) + 5fmax~

Choosing 6 = C(’if—i and applying Theorem 3.10 we see that f +8 = o + (1 —
|x|13)h for o € ©[x], and h € R[x],, _».
Thus, since L& (x%) = L(zr)(x"‘leH%) we have
/32

c,d*\ Cid? c’d
_fmaxL(2r) (f +— ) fmax fmaxL(zr) (O + (1 - ”X”%)h) + i_zfmax

/

= _fmax
c d?

fmax:

where the last inequality follows from Lemma 3.9. Noting that

m+1 m+1 m+1 .
fmax = [nax (fo(x) Z Vi fl(x)) < Z Jnax Yifi(x) = Zf i
i=0

i=1 i=0

we arrive at the result. O

3.4 Limiting behavior of the hierarchies of linear opera-
tors
The purpose of this section is to show that the limit functionals of the introduced

hierarchies correspond to measures, in the sense that they are the Riesz functional
of an optimal solution of the corresponding GMP In the following we will define
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the limit of the optimal solutions L") of the introduced hierarchies in a meaningful
way and prove that the corresponding moment sequences have a representing
measure.

3.4.1 The simplex case

Consider the case when K = A,_;. When looking at the linear operators in the
relaxation hierarchies (3.4) one would expect that in the limit, i.e., for r — oo,
the operators L(")(-) behave like (-, u) for some positive measure . In the rest of
this section we prove that this is in fact the case, and we will define the limit in
a meaningful way. Consider again the ideal Z = {p (1 — 2?21 xi) :p € R[x]} and
let L : R[x]/Z — R be a linear operator such that

1. L(x*) >0 for all « € N"
2. L(1)<1

and let
£={L :R[x]/Z — R : L fulfills conditions 1. and 2.}

be the class of all linear operators that satisfy the conditions above. Note that for
every L € £ the relation

n
L ((1 —in)x“) =0 for all a € N"
i—1

trivially holds. Defining ||f || = [|fllco,a, , = SUPxea,_, |f (x)| we obtain a normed
vector space given by (R[x]/Z, ||-|).

Theorem 3.12. (see, e.g. [Meg98, Theorem 1.4.2]) Suppose F : X — Y is a linear
operator between two normed vector spaces (X, ||-||x) and (Y, ||:|ly), then the follow-
ing are equivalent

1. F is continuous
2. ||Fx|ly < M||x||x for some M € R.

Using Theorem 3.12 we can prove that the operators we consider are contin-
uous in the limit.

Lemma 3.13. Every L € L is continuous.
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Proof. Invoking Theorem 3.12 for M = 1 it suffices to show that every L € L
satisfies

ILAOI<Nfll= sup |f &)

for all f € R[x]/Z. We begin by showing that for any f € R[x]/Z and L € £ we
have L(f) > —||f||. Consider the GMP given by

val = inf f(x)du(x)
UEM(Ap1)+ Ay

S.t. J du(x) < 1.
Anfl

frin = min £() 2 —|f1| and g = max £G0 < If.

(3.11)

Set

Let u* be an optimal solution to (3.11) whose existence is ensured by Theorem 1.5.
Note that if f;;, > 0 then

val = f fx)du*(x) = fminf du*(x) =2 0= —|If]l.
Apg

A

n—1

If finin <O then
val = f f(X)d,u*(X) = |fmin| (_f d,u*(x)) = fmin = _Hf ”’
Apg An-1

where we used —fA . du*(x) > —1. It follows that val > —||f||. Every L € £
is feasible for the LP relaxation (3.4) of (3.11). Hence, L(f) > j_f (L;) forall r >

deg(f). Thus, L(f) > lirnr_mo]:g} =val > —||f|| by Theorem 3.7. To show that
L(f) < |If || consider the following GMP

val=  sup f fx)du(x)
HEM(An—1)+ AN (3 12)

S.t. f du(x) <1.
An—l

Let again u* be an optimal solution to (3.12). Then, if f;,,, = 0 we find

val = J £ OO () < e J 4" () < e < I 11
Anq

Arlfl
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If fhax < O then

val = J fE)du(x) < fmaxf du*(x) <0 < [If]I.
Anq Anq
Replacing the min operator in (3.4) by the max operator leads to a relaxation of
(3.12) whose optimal values j_f(L;) form a non-increasing sequence lower bounded
by val and lim, _, o, ]7](;,) = val. Moreover, any L € L is feasible for that relaxation,
hence L(f) < ]TSJ) for all r > deg(f). Thus, L(f) < lim,_, fg,) =val < ||f]l.
Therefore,

ILCOI<IFI,
for all f e R[x]/Z,L € L. O

The set R[x]/Z is dense in C(A,_;). This means we can employ the following
theorem in the next step.

Theorem 3.14. (see, e.g. [Meg98, Theorem 1.9.1]) Suppose that M is a dense
subspace of a normed space X, that Y is a Banach space, and that Ty : M = Y is a
bounded linear operator. Then there is a unique continuous function T : X — Y that
agrees with Ty on M. This function T, called a continuous linear extension of T, is
a bounded linear operator and ||T|| = || Ty||-

Now let
T= {T : C(A,_1) = R : T is the continuous linear extension of some L € C} .

Proposition 3.15. Let T € T and f € C(A,_1). Then
T(f)= J f(x)du(x)
An—l

for some positive measure u supported on A, _q, satisfying uw(A,_1) < 1.

Proof. 1t is sufficient to show T(f) > 0 for all f € C(A,_1); = {f € C(A,_1) :
f(x) >0 Vx e A,_;}. To see this, note that the space C(A,_;) can be ordered
by the convex cone C(A,_;),.. Now T(f) > 0 for all f € C(A,_;), implies that
T € (C(A,_1).), i.e., the dual cone of C(A,_;), which is known to be the set of
finite Borel measures on A,_;. Let f be a homogeneous continuous function that
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is non-negative on the simplex and consider its Bernstein approximation of order

5= 3 (F)(0)e

laf=r

r given by

The approximation converges uniformly to f as r — o0 since f is continuous.
Using Lemma 3.13 we see

(=7 lim,5)

T cont. .. r
= lim 7(5})
a a
= lim > f(—l,...,—”)(r)T(x“)ZO.
r—00 | r r a) ~——
AEN——~——— ~ >0

lal=r 0 >0

Hence, it follows that T(f) = (f,u) for some positive measure u, such that
pw(Ap—) < 1. [

Remark 3.16. By the proof given above, it becomes clear that the continuous linear
extension can in fact be defined in terms of the limit of the Bernstein approximation,
i.e., define T(f):=1lim,_, i(B})forf eC(A,1)and L€ L.

3.4.2 The sphere case

For the sphere case, i.e., K= S""! consider the following theorem.

Theorem 3.17. (see, e.g. [Las09, Theorem 3.8] or [Sch91 ] for the original refer-
ence) Let y = (¥4 )qenn C R be a given infinite real sequence, L : R[x] — R be the
linear operator defined by

P =D pax*— L(p)= D PaYas

aeNn? aeNn

andlet K={xeR": g;(x) >0,...,8,(X) = 0} be compact. The sequence y has a
finite Borel representing measure with support contained in K if and only if

L(f%g,)=>0VJ C{1,...,m} and f € R[x],

where g,(x) = [T, g;(x)-

Now, let L be a linear operator such that
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1. I()<1
2. L([x],[x]))=0VteN
3. L(x*) = i(x“||x||§) YaeN"

and let £/ = {L : R[x] — R : L satisfies 1. — 3.}. Recall that as a semialgebraic
set the sphere can be written as S* ! = {x € R" : g;(x) :=1—||x]|2 > 0, g,(x) :=
||x||% —1>0}. Then for K= S8""! every L € £’ satisfies all conditions of Theorem
3.17. To see this, note that the only possibilities for J are {@,{1},{2},{1,2}}.
Because of condition 3 we have that L(+(1— ||x||%)p) = 0 for all p € R[x] covering
all cases except J = ). For J = ) the condition reduces to L(p?) > 0 which holds
for all p € R[x] because of Lemma 3.9. Hence, every L € £’ has a representing
measure whose support is contained in S"!.

3.5 Concluding remarks

In this last section we conclude by outlining the connection of our results to pre-
vious work. We show that — in the special case of polynomial optimization on
the simplex — our RLT hierarchy reduces to one studied earlier by Bomze and de
Klerk [BdKO01], and de Klerk, Laurent and Parrilo [dKLP06].

De Klerk, Laurent and Parrilo [dKLP06] introduced the following hierarchy for
minimizing a homogeneous polynomial p € R[x] of degree d over the simplex.

n r n d
(") = max A s.t. the polynomial X; xX)— A X;
p polyn Z i | P& Z i (3.13)

i=1 i=1
has only non-neg. coefficients.
It was proved that lim,_, oo p) = ppin = Minge A, , P(X). The LP hierarchy

introduced in Section 3.2 of this chapter is a generalization of the hierarchy (3.13),
in the sense made precise in the following theorem.

Theorem 3.18. For some homogeneous polynomial p € R[x] of degree d let f irp +d)
be the solution to the LP relaxation of the problem

min p(x)=val= inf x)du(x) : du(x)=1
min p(x) MEM(AH_1)+{LH_1p( )du(x) JA ux) }

for some r € N. Then,
(r) — ¢(r+d)
po= jiLP :
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Proof. ” <”: Let A* = p(") be optimal for (3.13). Then the polynomial given by
> x;)" (p(x) -3, xi)d) has only negative coefficients, and we find

i=1
n r n d
0< L0+ ((Z xi) (p(x)—k* (Z xi) ))
i=1 i=1
n r n r+d
— L(r+d) ((Z xi) p(X)) _ A*L(H—d) ((Z Xi) )
i=1 i=1

— f(r+d) A%

—LP

for LU+9) being the optimal solution to the LP relaxation.
” > " For the multinomial coefficient

(k)_( k )_ k!
a) (o ST o _al!...an!

we define ((’i) =0 if a; < 0 for some i € [n].
Consider the expansion

(anxi)r(p(x)—l(zn:xi)d)= S (2he Snaea 3 (70

i=1 i=1 |Bl=r |a|=d |B|=r+d

- 3 (2 (e

Thus, the LP formulation of (3.13) reads

p) =max A

s.t. (’";d)xs > (ﬁia)pa VIBl=r+d

la|=d
with its dual

e 3 S,

|Bl=r+d |al=d
st.yg=0 V|p[=r+d

5 (r+d)yﬁ .

pi=arr > P
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Let y be an optimal solution for the dual and define
L xPy=y, VIBl=r+d.

Then for |a| =r+d—1 we let
n
L(r+d)(xa) _ Z Yare,
i=1

and proceed in this manner for all |y| < r +d — 2. The last constraint of the dual
then implies

n

= 5 = 3 3 peon-eo((85) )

|Bl=d+r |Bl=d+r i=1
By construction, we have
1. L+ (x*) >0 forall |a| < r +d

2. L(r+d)(xa) — L(H‘d)( Z ) for all |a| <r+d-—1

i= 1
3. 1= L(T+d) ((2721 )T+d) L(r+d)(1)

Hence, the constructed solution for the LP relaxation is feasible. Further,

p= >, Zyﬁ( e

|pl=r+d |al=d

- ZLW)(xﬁ)( e

|Bl=r+d |al=d

= (r+d) ( r paxﬁ)
|/5|=Zr:+d |;d (/5 - a)

(5]

— L(r+d)(p) Zfig—d)‘ ]

As has been noted before, the estimate of Theorem (3.7) depends on the dual
variables. While it is in general not possible to get rid of these variables in the
estimate, there are cases in which we can. In the following we present an example
of such a case.
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Example 3.19. Consider the case of polynomial optimization over the simplex. Let
f € R[x] be of degree d and set

fmin = min f(x),
XEA, 4

and analogously define f,,.x. We can cast this as a GMP of type (3.1)

fmin=_ inf f(x)du:f d,u:l,f du<iy.
HEM(Anfl) Anfl A An71

A dual optimal solution is in this case given by (y*,t*) = (fin, 0). Noting that
in the estimate we set y, = 1, our estimate (3.8) becomes

e d(d—1)
Smin Jin S2(r+d—1)—d(d—1)

and applying the inequality

n—1

(B(f) _fmin)

] e )

shown in [dKLP06, Theorem 2.2 ], we find

d(d—1) (Zd - 1)
() < d4 ).
fmm -ﬁLP - 2(T‘+d—1)—d(d—1) d (fmax fmm)
This is essentially the same result as was obtained in [dKLP06, Theorem 1.3] The
presented example highlights the fact that results for convergence rate of the GMP may

not be as clean as for simpler problems like polynomial optimization, even though
the tools that are used to obtain these results are the same. This, of course, is due to
the fact that the GMP is much more complicated in general.

Moreover, we would like to emphasize that the conceptual tools of this chapter
are not limited to the cases that were treated. In fact, given a quantitative version
of a Positivstellensatz, it is possible to perform a convergence analysis of the kinds
we proposed in this chapter as long as the nature of the relaxation hierarchy;,
i.e., linear or semidefinite, is coherent with the positivity certificate given by the
Positivstellensatz. For example, for more general sets K there is a (much weaker)
quantitative Positivstellensatz available found by Nie and Schweighofer [NS07]
as well as a recent improvement by Baldi and Mourrain [BM22]. This result can
be used to bound the rate of convergence of the GMP for more general sets. We
chose to discuss the simplex and the sphere as there are strong Positivstellensatze
available in these cases and to expose the fact that the relaxation must be in line
with the certificate. For the sphere case, one could also make use of the following
Positivstellensatz by Reznick.
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Theorem 3.20 (cf. Theorem 3.12 in [Rez95]). Assume f is a homogeneous poly-
nomial of degree 2d such that 0 < f(x) < 1 for all x € S*"!. Then one has
d(d—1)n

)+ ————— =0+ 1~ [IxI*)h(x)
rlog2

for some o € X[x], 4 and h € R[X]y( 44y

By using this theorem instead of Theorem 3.10, one obtains a convergence
result with fewer assumptions than the one presented in Theorem 3.11, but at the
cost of a worse convergence rate. In particular, one may avoid the assumption
n < d in Theorem 3.10 by using the result by Reznick, leading to a convergence
rate of O(1/r) on the sphere (as opposed to the O(1/r?) in Theorem 3.11). Fi-
nally, we would like to mentioned that in a recent article [Slo22b] provided a
stronger quantitative Positivstellensatz for the simplex than Theorem 3.6 using
similar techniques as [FF21]. Using the results from [Slo22b] a convergence rate
of O(1/r?) can be obtained.
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Computing bounds for option prices

4.1 Introduction

Derivative securities have become an integral part in financial economics and con-
stitute attractive instruments for a wide variety of parties. Such products may be
used to hedge portfolios, ensure financial planning security in supply chains and
for investment purposes. The value of a derivative security relies on the value
of one or multiple assets, called underlyings, like stocks, currencies or commodi-
ties. The most commonly used derivative securities are futures, forwards, swaps
or options. A central question of financial economics is at what price to sell such
products. Important in this respect is to ensure the price put on the security creates
no possibility of arbitrage, i.e., there must not be a risk-free possibility to make
money. Two main approaches to finding bounds on such prices are used through-
out the literature. The first one assumes the prices of the underlying assets follow
a stochastic differential equation (SDE) and tools from the theory of SDEs are used
to solve the problem of finding a price. The most famous model in this regard is
the Black and Scholes model, which provides closed formula solutions to many
problems. However, this has the drawback that the assumed model is highly sus-
ceptible to model misspecifications and to parameter estimation errors. The other
approach, which is the one we will follow, has no underlying model or assump-
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tions on the price dynamics, but solely assumes the non-existence of arbitrage. It
is based on the idea of using observable data like prices of other options on the
same asset or prices of correlation-based derivatives and then using semidefinite
optimization techniques to obtain solutions.

In this chapter we will focus on the problem of deriving bounds on the price
of European call options. A European call option is a contract that gives the owner
the right, but no obligation, to buy an underlying asset at fixed price, referred to
as strike (or strike price) at a predetermined date in the future, called maturity.
Since the owner is not obliged to exercise the option, it has nonnegative value.
For example, consider a European call option with strike K on a stock, whose price
at time t is given by S,. If at maturity T the price Sy of the stock is greater than
the strike price K, a rational owner will exercise the option and make a profit
of St — K. If, however, the price of the asset is less than the strike, the owner
will not exercise the option (since they could buy the stock cheaper at the stock
market) and therefore not make a profit. Thus, the payoff function of the option
is given by max(S; — K,0). There are many different types of options and we
will introduce the ones that will be relevant in this chapter. A rainbow option

is an option on multiple underlyings S(Tl), . ,S(Tn) that pays on the level of one
option, for example a call on max with payoff function max(0, max(S El), .S f"))—

K). This is equivalent to a lookback option on one asset if sﬁ” is the price of the
same asset at n points in time. A basket option also depends on multiple assets
and pays on the level of more than one. For example, it could be a weighted
linear combination of the prices of the assets at maturity with payoff function
max(0, Z?:l aiSEi) — K), where a; > 0. Examples for options of this type are
index options or currency basket options. Because markets are incomplete in
general, it is not possible to compute exact prices of options. However, one can
compute bounds, such that, if the price of the option lies within the given range,
it is consistent with the given information and does not create the possibility of
arbitrage.

4.1.1 Prior work

The problem of computing bounds on option prices without assuming a specific
price dynamic of the underlying assets has been studied since the 1970s beginning
with the poineering work of Merton [Mer73]. Similar problems have already been
studied in the late 1950s, see [Sca57]. Cox and Ross [CR76] and Harrison and
Kreps [HK79] show that the assumption of no arbitrage possibilities is equivalent



Chapter 4. Computing bounds for option prices 65

to the existence of a probability measure under which the option prices become
Martingales. Boyle and Lin [BL97] extended prior contributions of Lo [Lo87]
considering the problem of deriving upper bounds on basket options on multiple
assets given the means and the covariance matrix of the underlying assets by con-
structing a semidefinite program. In [BP02], Bertsimas and Popescu considered a
more general setting assuming observable options prices as well as moment infor-
mation of the underlying distribution of the assets like means and variances are
available. Using semidefinite programming techniques they solve the univariate
case and give closed form solutions to some cases. For the multivariate case, i.e.,
options depending on multiple assets they prove that the problem is NP-hard in
general and present a relaxation to the problem by enlarging the set of possible
values the assets can attain. They follow up by identifying the cases in which
their relaxation can be solved efficiently, which is the case if the objective and the
constraint functions are quadratic or linear over d disjoint polyhedra Dy, ..., Dy
which form a partition of R", where n is the number of assets considered. Davis
and Hobson [DHO7] study the structure of the underlying problem and give suffi-
cient and necessary conditions for the existence of measures specified in [CR76],
[HK79]. In a series of papers (see [LW05], [HLWO5b], [HLW05a]) Hobson, Lau-
rence, and Wang consider the case of multivariate basket options and give sharp
upper and lower bounds when the constraints consist of observable vanilla options
prices. They do not employ semidefinite programming techniques, but approach
the problem by constructing primal and dual solutions with a zero duality gap.
Primbs [Pri06] constructs dynamic replicating portfolios using semidefinite pro-
gramming to get upper and lower bound on option prices, using knowledge of
piecewise polynomial data. In his dissertation [d’A04], d’Aspremont computes
bounds for basket options by constructing static replicating portfolios assuming
knowledge on prices of different basket options with the same maturity. Li et
al. [LSS05] extend the work of Bertsimas and Popescu using SOS relaxations to
obtain a hierarchy of bounds on option prices. Another approach was taken by
Pefia and Zuluaga [ZP05]. They used tools from conic programming to refor-
mulate the considered problem and prove strong duality in many cases. To give
approximate solutions to the problem they propose to use increasingly tight outer
approximations of the cone of interest. For certain sets K they provide explicit
outer approximation sequences for the cone of measures supported on K, and use
these to compute upper bounds for option prices. We also point out the paper
by Pefia, Vera and Zuluaga [PVZ12] where the authors consider the problem of
computing upper bound on European basket options under the no-arbitrage as-
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sumption taking into account the presence of bid-ask spreads. The problem is
recast as an LP linear in size with respect to the input data.

4.1.2 Contribution of this chapter

The work presented in this chapter builds on the work of Bertsimas and Popescu
[BP02]. We analyze and computationally explore cases which they determined to
be NP-hard. We consider a model similar to the one treated by Li et al. [LSS05],
which in itself is a generalization of the problem Boyle and Lin [BL97] considered.
While the authors in [LSS05] focus on a dual approach using inner (i.e., sum of
squares) approximations of the cone of positive polynomials, our main interest
lies in a primal method relying on an outer approximation of the moment cone.
In contrast to Li et al. we give a rigorous argument as to why we consider compact
underlying sets whenever we do so. To complement our primal method of outer
approximation we analyze an inner approximation of the moment cone as well.
Our inner approximation does not rely on any compactness assumption. In special
cases we give explicit bounds on the support of the optimal solution of the treated
problem. Our method of outer approximations takes the same approach as Pefia
and Zuluaga in [ZP05]. Our analysis contributes additional insights into when
optimal solutions exist and the proposed hierarchies converge. Several numerical
examples are provided to illustrate the effectiveness of our methods.

4.1.3 Outline of the chapter

In Section 4.2 we present the problem we intend to study in this chapter, which
is finding bounds on the prices of options depending on multiple assets without
assuming any underlying stochastic processes of the assets prices. This can be
modeled as a generalized moment problem over a non-compact set. We consider
a general model assuming the information given is in the form of observable prices
of vanilla options on the given assets, as well as priced moment information like
mean, variance and covariance of the underlying assets. Higher order moment
information like skewness and kurtosis can also be used in this model. Also in
Section 4.2 we prove the existence of an optimal solution of the problem formu-
lation we proposed. Equipped with this knowledge we continue in Section 4.3 to
demonstrate how to obtain a bound on the support of the optimal solution in the
univariate case. The reason for this is that this allows to consider a new problem
over a compact set with the same solution. This ensures that the moment-SOS hi-
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erarchy converges to the optimal solution in this case. Section 4.4 contains a few
examples of numerical computations for problems with real world data as well
as some explanation of the implementation techniques. In Section 4.5 we apply
a relaxation technique for the non-compact generalized moment problem to our
setting and conclude the section with a numerical example to show its effective-
ness. This procedure provides upper (resp. lower) bounds to the minimization
(resp. maximization) problem, and we refer to these bounds as the inner range.
The last section serves as a conclusion and gives direction for future work.

4.2 Bounds on options via the GMP formulation

In this section we will cast the problem of computing bounds on the price of Euro-
pean call options as a particular instance of the GMP. The option will be dependent
on n assets Sy, ...,S,. We will denote the (piecewise polynomial) payoff function
by ¢ : R} — R, which may depend on the prices of the n different assets. We
assume the payoff is nonnegative, since we consider options, meaning there is no
obligation of the owner to exercise it, in which case the payoff is zero. The range
of possible prices for asset S; will be the nonnegative reals, i.e., x; € R,. Note
that the payoff function is what defines the type of the option. As mentioned in
Section 4.1.1 the no-arbitrage assumption is equivalent to the existence of a proba-
bility measure u such that asset prices become martingales under u. This measure
is referred to as the equivalent martingale measure or the risk-neutral measure. The
price of the option is then given by the expectation of the payoff function with re-
spect to this measure. Here and throughout this chapter we assume for simplicity
an interest rate of 0.

4.2.1 Problem statement

Let for a finite index set 7 information pairs (f;, q;) be given wherei € Z, f; : R} —
R and g; € R. These pairs might consist of (piecewise polynomial) payoff func-
tions f; of options on the assets Sq,...,S, with the observable prices g; at which
these options are traded, or prices of derivatives on moments of underlying asset,
such as mean, variance or correlation. In order to find bounds for the option at
hand we will look for a probability measure that is consistent with this given in-
formation. In other words, the feasible set of measures u will consist of measures
such that
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J fi(x)du(x) <gq;, foralli € Z,
R

where ” < ” means either ” < ” or ” =”. We will also assume that the d-th order
moments of the corresponding distributions are finite for some d € N. To fix ideas
we will consider the following problem adapted from [BP02]. Given n assets
Sy,...,S, whose prices are given by xi,...,Xx,, we want to find a lower bound
on a European call option whose payoff may depend on the assets S; for i € [n].
The available information may come in the form of observable option prices in
which case the corresponding f; is a piecewise polynomial which we assume to be
continuous and g; is the respective price of the option or in the form of observable
moments in which case f; € R[x]. For example, if y; is the observed mean of asset

i and the observed covariance of assets i and j is 0; ;, one can add the constraint

NE
f (x; —Yi)(xj —Yj)dM(X) =0ij-
RY

Define the degree of a piecewise polynomial as the largest degree of its con-
stituents. We assume the d-th order moments under a risk-neutral pricing measure
are finite, where

d= nl_rleazx{deg(tp), deg(f)} +1.

What we mean by this is that

f Ixll3du(x) < M
RH

+

for some M € R, where ||x||, = ,/xf +---+x2 is the standard Euclidean /-
norm. A risk-neutral pricing measure is a measure such that the asset prices are
equal to the expectation under this measure discounted by the risk-free interest
rate. For convenience, we assume that d is even, otherwise we set d «<— d + 1. This
way we make sure that we are dealing with a GMP with (piecewise) polynomial
data. The optimal value of the optimization problem below will serve as bound
for the given option that is consistent with the available information.
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A T T

PEM(RL), MEMRL), Jgn

s.t. [ fix)du(x) = q;, forieZ
JR?
4.1)

[ dux)=1
JR!

:
Ixl4du() < M.

JR!

To obtain upper bounds we maximize and for lower bounds we minimize. In a
nutshell, one is looking for the probability distribution of the asset price, that is
consistent with the known information and minimizes (respectively maximizes)
the objective.

4.2.2 Existence of an optimal solution

Now we prove that the infimum in (4.1) is attained. In order to do so, we will
use the Prokhorov theorem [Pro56] asserting a weak sequential compactness of a
family of tight measures, as well as the monotone convergence theorem.

Definition 4.1 (Tightness). A sequence of measures (u;);2, defined on R" is
called tight if for every e > 0 there exists a compact set K such that u;(K¢) < e
for all k e N.

Theorem 4.2 (Prokhorov). Let (ux)>, be a tight sequence of Borel probability
measures on R™. Then there exists a Borel probability measure u and a subsequence
(ux, )2, converging weakly to , i.e.,

1lim J gduy, = J gdu 4.2)
1— 00

for all bounded continuous functions g on R™.

Theorem 4.3 (Monotone Convergence Theorem). Let X be a measure space with
a positive measure u and let {g, : X — [0, c>o)}2>i1 be a sequence of pointwise
non-decreasing u-measurable functions, i.e., g, < g9 < .... Further, let g be the
pointwise limit of (g,);2,, i.e.,

gx) = elirgo ge(%).



70 Conic Optimization in Finance and Approximation Theory

Then, g is u measurable and

lim Jggd,uzjgdu.
{—o0

Theorem 4.4. If Problem (4.1) is feasible, then its supremum /infimum is attained.

Proof. We begin by observing that if (4.1) is feasible, then the infimum in (4.1)
is finite since the objective function is nonnegative. Also, by the choice of d the
supremum is finite because of the last constraint f RY ||x||gd,u(x) <M. Let ()2,
be a sequence of feasible solutions for (4.1) converging to an optimal solution.
Denote by ¢, the measures defined by

depy = (1+ lIxlI§ ) -

Moving on, we show that the sequence (¢; )2, is tight. Let e > 0 be given and
let K be the closed ball of radius a. Then we have

Pr(K°) = J Lgjxg,zay (1 + IS Ddpy
RTI

1 3 MYd 4 pm
< —J Ix1,(1 + x| duye < ———,
a Jgn a

where we used Jensen’s inequality [Jen06] in the last step. By picking a suffi-
ciently large, we make ¢(K) < €, hence establishing tightness. By Theorem
4.2, there exists a weakly convergent subsequence (that we do not relabel) that
converges weakly to a measure ¢. We set

do

dy := ————
1+ [|x(l3~"

to be the candidate optimizer for (4.1). We first show that the equality constraints
for (4.1) are satisfied by u. For a given pair (f;,q;) corresponding to an equality

constraint we have
fi
= lim | fidy = —d¢y
1+ |Ix[14~

f1+|| 9= ffld“’

where in the third equality we used the fact that the function f;/(1 + ||x||g_1) is
continuous and bounded since deg(f;) < d + 1. The same argument applies if

(4.3)
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(fi,q;) corresponds to an inequality constraint only the first equality in (4.3) is
replaced by a ">". Moreover, (4.3) also shows that u leads to the same objective
value as the optimizing sequence (ux).>,. Finally, we establish that f ||x||‘21 du <
M. We define g,(x) := min(||x||§,£ ). Note that g, is a pointwise non-decreasing
function and its pointwise limit is ||x||‘21. Therefore, Theorem 4.3 applies and we

d @ .. . 8¢
x||$Sdu = lim du= lim | —————d
JII Il dpt e%ojgz u H)Of T+ I ¢

@ g -
l—lglokggof 1+ x| P E—lglokggofge i

(iii) ) q
< lim lim | ||x/|5du, <M.
{—00 k—0o0o

have

In (i) we used Theorem 4.3, the weak convergence of ¢, to ¢ in (ii) and the fact
that g, < [|x||¢ in (iii). O

Combining this result with the Richter theorem (see [Ric57, Satz 4] for an
original reference or [dS18, Theorem 19] for a modern statement and historical
remarks), we get the following immediate corollary.

Corollary 4.5. If Problem (4.1) is feasible, then the optimal value of (4.1) is attained
by an atomic measure with finitely many atoms.

We finish this section by showing that finite d-th order moments are necessary
for the existence of an optimal solution.

Proposition 4.6. The last constraint in (4.1) cannot be omitted in Theorem 4.4.

Proof. Consider the following problem

r oo

p* =inf max(0, x —k;)du

000

s.t. max(0,x —k,)du =a (4.4)

Jo
oo

du=1,
0

where we assume k; < k, and a # 0. Note that this implies that for the optimal
value we have p* > a. We will show that there exists no measure for which the
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optimal value is attained. The following is a minimizing sequence for (4.4)

1 1
Un = (1 - _) 5k1 + _5k2+na :
n n

For every n € N we see that u,, is a probability measure as it is a convex combina-
tion of atomic measures and

« 1
J max(0, x —ky)du, = E(kz-l-na—kz):a.
0

So the sequence is indeed feasible. For the objective value we get

* 1 1
max(0,x —k;)du, ={1—— |(ky —ky) + — (ks + na—k;)
0 n n
1
:a+—(k2—k1).
n

So we have that u, is a minimizing sequence as it is feasible and converges to
a < p*. The limit lim,,_, oo u, = Oy, , however, is not feasible. We now show that
there exists no probability measure u € M(R, ), that is optimal for (4.4). For this
we assume that u is an optimizer of (4.4). Then we have

J max(0,x —k;)du(x)=a= f max(0, x — ky)du(x).
R, R,

Thus,

0= J max(0, x — ky)du(x) — f max(0, x — ky)du(x)
R, R,

ko (o)

= | (r—kpduto+ J (ky — Ky) dpa(x).
N —

ki >0 k2 >0
The latter integral must be zero which implies that supp(u) N [k, 00) = @. But if

that is the case we have

oo

a= J max(0, x —ky)du(x) = (x —ky)du(x)=0.
Ry )

Therefore, u cannot be feasible. O

Example 4.4 illustrates that the support of a minimizing sequence may be
unbounded.
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4.3 Bounding the support

By Corollary 4.5 the optimal solution to (4.1) is a measure with finitely many
atoms. This section is devoted to the question whether it is possible to bound the
support of the optimal solution in terms of the problem data of (4.1). If this were
possible, i.e., if we knew the optimal solution is attained in a box [0, B]" for some
B € R,, we could consider a compact version of (4.1), where R’} is replaced by
[0,B]". This has the advantage that we know that the moment-SOS hierarchy
converges if the underlying sets are compact (recall Archimedian assumption in
connection with [Las09, Theorem 4.10]).

4.3.1 Atomic representation

We now present an approach to the problem of bounding the support. We
consider the univariate case for problem (4.1) and assume for all i € 7 that
fi(x) = max(0, x — k;) is the payoff function of an observable European call op-
tion with associated price g;. By Corollary 4.5 there exists an atomic solution of
the form Z?]:l a]-5xj. Let 0 < x1 < x5 < -++ < xy. The following lemma shows
that we may assume w.l.o.g. that xy_; < k,, < xy if ¢(x) = max(0, x — k) with
k < max;c-{k;}.

Lemma 4.7. Consider (4.1) for n = 1, let ¢(x) = max(0,x —k;) and f;(x) =
max(0,x —k;),q; > 0 foralli € Z =[m]\ {j} be the payoff functions of European
call options with strike k; such that ky < --+ < kj_; < kj < kjiq-++ < ky, with
associated prices q;. If there exists an optimal solution, then there exists one such
that exactly one atom x; lies in (k,,, ©0). Moreover, there exists a solution such that
in each of the intervals

[O; kl): [kly kz): (RN [km—l) km): [km) OO)
there is at most one atom.

Proof. For the first claim asserting that there exists an optimal measure u* such
that exactly one atom lies in [k,,, @), let us assume that all atoms lie in [0, k,,,).
Then

ki
qm = J max(0, x —k,,, )du* = J max(0, x —k,,,)du* =0,
R, 0
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which is a contradiction since g; > 0. Thus, at least one atom lies in [k,,, 00).
Suppose two atoms lie in [k,,, o) and let the associated weighted Dirac measures
be a6, and $6,, with a,f > 0 and x;,x, > k. Now, since x;,x, > k;, these
two Dirac measures influence every constraint of (4.1) as well as the objective
because all input functions are strictly positive at x,x,. Their influence on the
i-th constraint is exactly

a(xl—ki)+/s(xz—ki)=(a+/3)( « p ki).

x7 + Xo —
0L+[51 0L+[52

It follows that these two Dirac measures can be combined to a single one with
weight w = a + > 0 and support x = _7zx; + aﬁTﬁxz > k,, and the corre-
sponding measure remains feasible. Also, because || - ||¢ is convex, the inequality
constraint is also satisfied. By similar reasoning one can prove the second claim

of the lemma. O

Lemma 4.8. In the setting of Lemma 4.7 the support of an optimal measure is
contained in [0, B] for

_ M+ /MM —4q,,k,,)
2qm '

B

Proof. By Lemma 4.7 we have for an optimal solution of the form Z;V:l ;6 x; that
ayn(xy—ky) = g We also know ayxz <M < ay < M/xZ, from which follows
that q,, < (M /x3)(xy —k,,). Hence,

M + /MM —4q,,k,,)
XN < -
2qn,

Hence, the support of an optimal solution lies in [0, B]. O

:B.

4.4 Examples for outer range

We will now present some examples of numerical computations of bounds on
option prices in the framework specified in the previous sections. The moment-
SOS hierarchy provides a lower bound to the minimization problem and an upper
bound to the maximization problem, which is why we call these outer bounds. For
the implementation was coded in Julia, and we used the MOSEK solver [MOS19]
version 9.1.9. The code is available online ! and relies partly on the Julia package
MomentOpt.jl [WLC'19].

'https://github.com/FelixKirschner/boundingOptionPricesCode


https://github.com/FelixKirschner/boundingOptionPricesCode
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Figure 4.1: Visualization of the segmentation of the interval [0, B]

4.4.1 Univariate case

Let us describe our implementation strategy for the univariate case. Assume we
want to find bounds on the price of an option with strike k given strikes k; and
prices g; of other options on the same asset such that 0 < k; < ky <--- <k,,. We
assume there exists an £ € [m— 1] such that k, < k < k;;.

-
sup / inf max(0, x —k)du(x)
UEM(R )4 HEM(R )+ J R,

.
s.t. max(0, x —k;)du(x) =gq;, forie[m]

IR, (4.5)
du(x)=1
Ry
x2du(x) < M.
R,

Since we know from Theorem 4.4 that feasibility implies the existence of an opti-
mal solution, we will assume the optimal solution will be attained in a box [0, B]
for some B € R. A suitable B can be obtained via the procedure described in Sec-
tion 4.3.

To circumvent the problem of dealing with piecewise affine functions we split the
interval [0, B] into subintervals and define measures supported on each of the
subintervals. For this let ¢ be the index such that k, < k < k;,;. We define inter-
vals [0,k ], [k;, kiyp] fori=1,..., —1, as well as [k, k), [k, ky11) and [k;, kjyq)
forj={+1,...,m—1 and finally [k,,, B). The situation is visualized in Figure 4.1
Let S be the collection of these subsets. Elements in S are pairwise disjoint and
the union of all sets in S is [0, B]. The collection S contains m + 2 intervals and to
each one a measure y; is assigned for i = 1,...,m+2. This way we can formulate
a problem equivalent to (4.5).
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m+2
sup /inf Z J(x—k)dui(x)
i=(+2
m+2
s.t. f(x kj)dui(x)=gq;, for j=£+1,.
i=j+2
m+2

J(X k )dnul(x) _q): fOI'] € [E]

i=j+1 (4.6)

m+2
J x*dp;(x) <M

m+2
f du;(x)=1.

SUPP(.Ui) Csi,

where s; = [sll, ,) fori=1,...,m+ 2 are the elements of S. Introduce a linear
operator L : R[x]Zr — R for every u;. The level r relaxation is then given by

m+2
sup / inf Z L (x—k)
i=0+2
m+2
Z Li(x—k;)=gq;j, forj=L+1,...,m
i=j+2
m+2
> Lix—k) =g, forj €[]
i=j+1
m+2
DL <M
i=1
m+2

DL =1

i=1

Lir([x]r[x]rT) € DNN, forie[m+2]

LI((si, —x)(x —s;, [x]r_l[x]rT_l) € DNN, forie[m+2],

“4.7)

where DNV is the doubly nonnegative cone, i.e., S NRY*" and the operator L]
is applied entry-wise to the matrices [x]r[x]rT. The decision variables here are the
linear operators L. By introducing a variable y]@ = Lir(xj ), forie[m+2],j=
0,1,...,2r + d,,x problem (4.7) becomes a regular semidefinite program. For
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i 1 2 3 4 5
k; 95 100 110 115 | 120
q; | 12.875 | 8.375 | 1.875 | 0.625 | 0.25

Table 4.1: Prices of European call options on the Microsoft stock from July 98
with strikes k;

the actual calculation it is expedient to normalize everything, that is dividing the
given data by B. Consider problem (4.5) with the data displayed in Table 4.1 and
with m = 5,k = 105 and M = 200000. Using the relaxation given in (4.7) we
can approximate the optimal solution and we find the first level is tight, meaning
we obtained the optimal bounds proposed by Bertsimas and Popescu in [BP02].
For the considered case we get a lower bound of 3.875 and an upper bound of
5.125 and the computation took 0.01 seconds.

The domain in this problem is partitioned into 7 parts. For each part we
define a measure for each of which we introduce moment variables y](l) for
j=0,1,...,2r + d.,, where

Amax = ie[n]’jrerbgﬁ Ze[m]{deg(w), deg(f; ;),deg(f,)}.

Thus, for this particular problem, we introduced 7 x5 = 35 variables. The number
of involved matrices was 7 x 2 = 14, each of size 2 x 2. In total we had 14 linear
matrix inequality (LMI) constraints, 6 equality constraints as well as 1 4+ 35 =36
inequality constraints, one to ensure finite d-th order moments and one for each
variable to ensure y](i) >0.

4.4.2 Explicit examples with two assets

Consider the following artificial example where we want to compute bounds on
the price of a basket option on a basket with two assets whose prices are given by
x; and x,, respectively. As a payoff function we choose max(0,1/2x,+1/2x,—k).
We assume we can observe the prices of two single call options on each asset. The
corresponding optimization program is given in (4.8) below.
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1 1
sup / inf f max (O, —X;+ =Xy — k) du(x)
PEM(R?), MEMRY), Jg2 2 2
s.t. f maX(O, xi - kxi,j)dnu’(x) = axi,j > for la] = 1) 2
2
- (4.8)
f [Ixl3du(x) < M
R2

+

f du(x)=1.
R2

+

To solve this numerically we slice up the domain into an irregular grid along the
kinks of the max-functions, under the assumption that the support of the optimal
solution is contained in [0,B]? for some B € R. The domain then may look as
depicted in Figure 4.2, where the dotted lines indicate where the objective ascends
from O, i.e., where 0.5x; + 0.5x, —k = 0. We index the tiles from bottom to top,
left to right. For each tile i in the grid we introduce a new measure u;. For example
for tile 12 in Figure 4.2 we get

supp(pyp) = {x €R*: (B—x;)(x; — ke, 2) =0, xo(ky, 1 —x2) =0,
1/2xl+1/2X2_k20}.

Consider the following (strike, price) pairs
* x;: (100,12), (110,3)
. x,: (102,10), (107,6)

and let M = 200000, B =400 and k = 105.

Applying the above described procedure to problem (4.8) with the data given
above results in problem (4.9). Note that (4.8) and (4.9) are equivalent. With
respect to Figure 4.2 the index sets J; fori =0, 1,...,4 correspond to the sets on
which the functions which define problem (4.8) are not identically zero, i.e.,

e max(0, %xl + %xz —k)= %xl + %xz —konJy=1{4,6,8,10,12,13,14}
e max(0, x; —kxl’l) =x1—ky,yonJ; = {5,6,...,14}

° maX(O,xl —kxl’z) = X1 —kxl’z on Jz = {11, ey 14}
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Figure 4.2: Example of how the support might be split
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* max(0,x; —ky, 1) =x3—k,,, onJ;=1{2,3,4,7,8,9,10,13,14}
* max(0,x; —ky, 2) = xg —ky, o on J4 ={3,4,9,10,14}.

Thus, we obtain the following problem:

sup/mf ZJ —x;+ x2 )dMI(X)
S.t. ZJ(XI X1, 1)d‘U,J(X) qxl

jenh

J(Xl X1, 2) d.U'] (X) qx1
JEJ2

J (g = ky, 1) duj(X) = gy, 1 (4.9)
JEJ3

J (XZ x2 2) d.u’] (X) qxz
J€J4

Z f dp;(x) =1
=1
ijf+x§d,ui(x)SM.

Applying the moment-SOS hierarchy to this problem and solving the first level
results in an upper bound of 7.4 and a lower bound of 2.387, which are in the
optimal values of (4.8). The SDP consisted of 14 x 15 = 210 variables, 80 LMIs
involving matrices of size 3 x 3, 4 equality constraints and 211 inequality con-
straints.

Varying strikes

We are now going to give an example to see how changing the strike price affects
the optimal values of the optimization problems. Consider the data presented in
Table 4.2 and let the objective function be max(0,1/2x; + 1/2x, —k), B = 400
and M = 200000. The optimal values are given in Table 4.3. All values stem
from the first level of the moment-SOS hierarchy and increasing the level up to
level 10 did not change the objective values. For each of the strike prices specified
in Table 4.2 the resulting programm for the first level of the hierarchy consisted
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i 1 2 | 3] 4] s
ke || 90 | 95 | 100|110 | 120
Qe || 20 [155] 12 [ 55| 1
ke | 90 | 96 |102]107] 115
|| 205] 15 | 10 | 6 [0.75

Table 4.2: Strikes and corresponding prices for European call options

k | 90 | 95 | 100 [ 105 [ 110 | 115 |
lower bound on price | 16.875 | 12.792 | 8.708 | 4.625 | 1.675 | 0.0
computation time [s] 0.12 0.14 0.13 | 0.15 | 0.14 | 0.13

upper bound on price | 20.25 15.7 | 11.55 | 8.016 | 4.75 2
computation time [s] 0.12 0.14 0.16 | 0.15 | 0.15 | 0.14

Table 4.3: Optimal lower and upper bounds w.r.t. the data given in Table 4.2

of 47 x 15 = 705 variables, 257 LMIs, 11 equality constraints and 706 inequality
constraints. All moment and localizing matrices are of size 3 x 3.

Currency Basket

A currency basket is simply a way to determine the value of a national currency by
calculating the weighted average of exchange rates of selected foreign currencies.
These objects became popular in 1971 after the abolition of the gold standard.
Options on currency baskets are attractive tools for multinational corporations to
manage exposure to multiple currencies. Consider the following currency bas-
ket option on Euro and British Pounds in US Dollars. For both EUR/USD and
GBP/USD two options are observable in the form (strike, price):

* EUR/USD: {(135.5,2.77),(138.5,1.17)}

* GBP/USD: {(116,2.21),(119,0.67)}

We choose the weights (2/3,1/3) for the objective function, i.e. ¢(x) =
max(0,2/3x; + 1/3x, — k) and we compute bounds for different values of k. We
obtain an optimization problem similar to (4.8). The optimal values for the first
level of the hierarchy are shown in Table 4.4. In the corresponding optimization
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k | 100 105 110 115 120
lower bound on price | 1.4933 | 1.2599 | 1.0266 | 0.7933 0.56
computation time [s] 0.22 0.23 0.22 0.20 0.16
upper bound on price | 31.5834 | 26.5833 | 21.5833 | 16.5833 | 11.5833
computation time [s] 0.15 0.16 0.18 0.18 0.16

Table 4.4: Optimal lower and upper bounds for a currency basket option with
different strikes for level r =1

problem the domain is partitioned into 14 sets, for each of which 15 moment vari-
ables are introduced. In total there are 14 x 15 = 210 variables, 80 LMIs each
involving a matrix of size 3 x 3, 211 inequality constraints and 5 equality con-
straints. For this particular example, it is clear that the bounds are not very useful
in practice. This is, however, not due to our approach but to the number of data
points given. If more data is available, the bounds improve.

Example from Boyle and Lin [BL97]

In this example we compute bounds for a different type of option. We assume
we only have data like mean, variance and correlation of the assets under the
risk-neutral pricing measure is available, instead of observable option prices with
different strikes. The type of option is specified through the payoff function, which
will be given by max(0, max(xy,...,x,)— k) in this case. This type of option is
called call on max. It is based on n assets Sy, ..., S,, and gives the owner the right
to buy the asset which at maturity is the most valuable for the predetermined
strike K.

The data in the following example is taken from Boyle and Lin [BL97], where
they introduced a different method to compute upper bounds. Consider three

assets with means (44.21,44.21,44.21) and the covariance matrix given by

184.04 164.88 164.88
164.88 184.04 164.88
164.88 164.88 184.04

C =

Then, in our setting, the smallest upper bound on the price on the call on max
option on these three assets is the optimal value of the following optimization
problem:
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sup f max (0, max(x;, xo, X3) — k) du(x)
pEM(R?), JRS

s.t. f x;du(x) =44.21,fori =1,2,3
]R3

+

f3(xi—44.21)(x]-—44.21)d,u(x)= Cij.fori,j=1,2,3 (4.10)
R+

f Ixl2du(x) < M
RS

+

f du(x) =1.
R3

+

The upper and lower bounds we obtain for different strikes
k € {30, 35, 40, 45,50}

are given in Table 4.5 as well as the bounds obtained by Boyle and Lin. Since all
constraint functions are polynomial the only function contributing to the partition
is the objective max{0, max(xy, x4, x3) — k}. The resulting partition consists of 4
sets. To solve the first level of the hierarchy we introduce 4 x 35 = 140 moment
variables. The final problem has 13 equality constraints, 61 inequality constraints
and 22 LMIs, each involving a matrix of size 4 x 4. As in the previous example, the
weakness of the bound is due to the fact that not enough information is available
and is not inherent to the approach. Note that in their paper, Boyle and Lin only
give a procedure for upper bounds. Also, in the original reference Boyle and Lin
include a discount factor of exp(—0.1) to account for an assumed risk free interest
rate. This has no effect on the optimization problem, they simply multiply their
solution by the discount factor in the end.

Basket option on tech stocks

As a last example we consider four different tech stocks, namely Apple Inc.
(AAPL), Meta Platforms, Inc. (FB), Nvidia Corporation (NVDA), Qualcomm Incor-
porated (QCOM). Suppose one wants to price a basket option on these given the
data provided in Table 4.6 with payoff function max(0, }l(xl +---+x4)—k), where
the x; are the prices of the stocks of the given companies. The bounds obtained
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k 30 35 40 45 50
Boyle & Lin [BL97] | 21.51 | 17.17 | 13.2 | 9.84 | 7.3
upper bound on price | 21.51 | 17.17 | 13.2 | 9.84 | 7.3
computation time [s] | 0.02 | 0.01 | 0.01 | 0.02 | 0.02
lower bound on price | 14.21 | 9.21 | 4.21 0 0
computation time [s] | 0.02 | 0.02 | 0.01 | 0.01 | 0.01

Table 4.5: Revisiting an example from Boyle and Lin, computing bounds on prices
of a basket options given means and covariance of the underlying assets for dif-
ferent strikes.

Company AAPL FB NVDA QCOM
Option 1 (120,45.2) | (155,52.7) (175,57.9) (130,35.35)
Option 2 || (130,35.7) | (170,38.5) (180,53.2) (145,20.5)
Option 3 || (145,21.75) | (180,29.85) | (190,43.85) (157.5,8.8)
Option 4 (160,9.1) (190,22) (195,39.35) | (167.5,2.32)
Option 5 (170,3.35) | (200,14.75) | (227.5,10.75) | (175,0.47)

Table 4.6: Strikes and corresponding prices for European call options observed
on March 1st 2022, all prices in USD.

by solving the first level of the hierarchy for different strike prices are shown in
Table 4.7. We set B =400 and M = 200000. For this problem with k = 140, the
partition consisted of 1938 sets, for each of which we introduce 70 variables, mak-
ing 135660 variables, 135 661 inequality constraints, 21 equality constriants and
18726 LMIs, each involving a 5 x 5 matrix. It is clear that the size of the partition
necessary to compute these bound grows exponentially in the number of assets
considered. Even though for low levels of the hierarchy the involved matrices are
very small, size of the partition is the limiting factor in the computations, since
for every subset we need to introduce moment variables and at least n LMIs. Note
that changing k may slightly change the number of partitions.

4.5 Relaxations of the non-compact case

We will consider another approach to approximate the solutions to problems like
(4.1), but without assuming the underlying set is compact.
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k 140 150 160 170 180 190 200

upper bound on price | 52.79 | 42.89 | 33.48 | 24.53 | 15.68 | 8.51 | 6.99

computation time [s] | 32.38 | 43.10 | 40.92 | 42.89 | 44.11 | 46.46 | 39.44

lower bound on price | 46.26 | 36.26 | 26.27 | 16.28 | 6.28 0.0 0.0

computation time [s] | 47.16 | 50.48 | 53.89 | 52.67 | 57.01 | 45.74 | 37.70

Table 4.7: Bounds for basket options on tech firms subject to observable data of
Table 4.6

4.5.1 Lasserre hierarchy of inner range

The one considered in this section, known as the Lasserre measure-based hierar-
chy of inner bounds introduced by Lasserre [Las11], consists of fixing a reference
measure v on R’ such that »(R}) < oo and then approximating the density func-
tion of the optimal measure u for (4.1) by SOS polynomials h,.(x) € £[x],, such
that du(x) = h,.(x)dv(x). This has the advantage that instead of searching for an
optimal measure in the infinite dimensional cone M(R’}), we optimize over the
set of sums of squares of fixed degree, which can be done with SDP techniques.
For recent result on the convergence behavior of these measure-based hierarchies
in the compact case, see, e.g. [LS22b] and [LS21]. Opposed to before, the cone
of measures M(R'; ) is here approximated from inside, while before, we used an
outer approximation. A possible choice for the reference measure is

An important assumption on the reference measure is that its moments must be

available in closed form or efficiently computable. In the case above the moments

are given by fR“ x*dv(x) = a!. The level r relaxation of problem (4.1) can be
+
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formulated as follows

hreig{x]r J‘RK (P(X)hr(X)d V(X)

s.t. f fi ;R ()dV(x) = q; ;, for i € [n],j € [N;]
- (4.11)

f fi®h, (x)dv(x) = p;, for £ € [m]
R

f ||x||§hr(x)dv(x) <M.

R}

This problem can be cast as an SDP It should be noted that the above SDP might be
infeasible even if the GMP has an optimal solution. As a simple example consider
the following constraint for some a € N"

f x%du(x) =0.
R

n
While the atomic Dirac delta measure §, at O certainly satisfies this equation,
there is no r € N such that there is a degree r SOS polynomial density function
that does. One can, however, relax the constraints slightly, by searching for an
h, such that one lands in (increasingly) close proximity of the right-hand side.
Consider the following generalized moment problem

veP(K),

by = inf {f fo(x)dv(x) : f fix)dv(x) =b;,i € [m]} s (4.12)
Ko K;

where P(K), is the set of probability measures on K C R", intK # @ and K; C K
is closed for every i = 0,1,...,m. De Klerk et al. proved the following result in
[dKKP20].

Theorem 4.9. Let u be a reference measure with known (or efficiently computable)
moments such that the moments are finite and fK x?kd,u(x) < (2k)!M for some
M >O0andalli € [n],k eN. Ifadll f; fori =0,1,...,m are polynomials, then, as
r — oo we have

g(r):= inf max
hex[x], i=0,1,...,m

f fiGeh(x)du(x) — b;
K;

tends to zero (¢(r) = o(1)).
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This means that if we fix an ¢ > 0 and relax the equality constraints to an &
neighborhood of the RHS, then we will eventually (for r large enough) find a fea-
sible solution for the relaxation such that the optimal value is at most € away from
the true optimum. Theorem 4.9 promises convergence, but we cannot say any-
thing about the rate at which € goes to zero. It shall be mentioned that adding the
¢(r) in the relaxation does not necessarily result in the inner range of the bounds
of the sought option prices, since this is basically an outer approximation of the
inner range. Another way to think of it is first relaxing the equality constraints of
problem (4.11) resulting in an increase of the possible range and then applying
the inner approximation to the obtained optimization problem. When adding the
¢.-relaxation it is clear that we cannot expect monotonicity of the bounds, which
will become apparent in the numerical results of Section 4.5.2.

4.5.2 Univariate example

Consider the following example with data taken from [BP02]:

-
sup / inf max(0, x — 105)h,.(x)dv(x)

hees[x], hexlx] Jg,

[

S.t. ] max(0, x —100)h,(x)dv(x) = 8.375
R,

- (4.13)

] max(0,x —110)h,(x)dv(x) = 1.875
Ry

h.(x)dv(x)=1.

R,

We know that the optimal lower and upper bounds for this data set are 3.375 and
5.125, respectively. To improve the numerical stability of SDP (4.13), one can use
a basis which is orthogonal on R, w.r.t. the measure dv(x) = exp(—x)dx, namely
the Laguerre basis defined by

e =3(0)

i=0

These polynomials form an orthogonal system for the Hilbert space given by
L?(R,, w(x)dx) with w(x) = exp(—x), i.e.,
1l,ifm=n

0, otherwise.

J Ln(X)Lm(X) exp(—x)dx = {
0
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To implement the program we used the fact that

J x"dv(x) = exp(—k) (Z Z—:k‘z) (4.14)
‘ !

(=0
and relaxed it to

sup / inf J max(O,x—E)hr(x)dv(x)
R,

hex[x], hrexlx], 110
100 8.375
s.t. max(O,x——)hr(x)dv(x)——7 <e,
R, 110 110
110 1.8 @15
.875
max(O,x——)hr(x)dv(x)——7 <e,
R, 110 110
B ()dr(x) — — | <
x x)——|<e,.
R, 10|~ "

As a normalization step, we divided the data by 110. We indicate in Table 4.8
how the optimal values change if for level r we choose ¢, to be the smallest value
such that the corresponding relaxation still has a feasible solution. In other words,
decreasing ¢, in this case results in infeasibility. Observe that no monotonicity ap-
pears, which is expected because the equality constraint is relaxed. We mention
that in Table 4.8 for r € {6, 7} MOSEK could not solve the maximization problem.
However, the upper bound approximations were already reasonably accurate at
the previous levels. It seems that the approach considered in Section 4.2 is su-
perior to the one presented in this section, since there we get the optimal values
of 5.125 and 3.375 for the first level of the hierarchy already. Especially, when
considering the fact that increasing r quickly results in numerical problems and
the problem is highly susceptible to small changes in ¢,. Additionally, it is dif-
ficult to estimate how much the ¢ relaxation perturbs the optimal value of the
optimization problem.

4.6 Conclusion and further research

In this section we reflect on our results. The model we considered has the advan-
tage that it combines different possibilities of using observable data. Option prices
with different strikes as well as moment information like mean, (co-)variance etc.
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r 2 3 4 5 6 7 o
£, 0.0273 | 0.02525 | 0.022125 | 0.01755 | 0.0161 | 0.0161 0
upper bound | 5.1279 | 5.1366 5.1288 5.1264 - - 5.125
time in s 0.01 0.01 0.01 0.01 - - -
lower bound 5.122 5.1136 5.1221 5.1251 4.224 3.3522 | 3.375
time in s 0.01 0.01 0.01 0.01 0.02 0.03 -

Table 4.8: Optimal solutions for the level-r relaxation of the measure-based
Lasserre hierarchy applied to the ¢, relaxation given in (4.15) for Laguerre ba-
sis with varying ¢, for r = 2,...,7. The ¢, are the smallest possible such that the
resulting SDP still has a feasible solution.

can be taken into account, which is very useful in practice. The moment-SOS hi-
erarchy, which was used to obtain the outer range delivers good approximations
for low hierarchy levels. The method for the inner range quickly fails but in the
considered cases still gave reasonable bounds. However, comparing the two, the
outer range clearly outperformed the inner range.

Regarding the compactness argument it should be noted that in practice it
might be prohibitive to carry out the core variety procedure in a setting with many
assets and constraints.
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Construction of approximation kernels via
semidefinite programming

A classical problem in approximation theory is the approximation of a function
by orthogonal polynomials. Orthogonality of polynomials may be defined in the
following way. Let u be a positive finite Borel measure supported on a compact
semi-algebraic set

K={xeR":g(x)>0,j=1,...,m}

for g; € R[x]. We say two functions f,g € C(K) \ {h € C(K) : h = 0 on K} are
orthogonal (with respect to u), whenever

(f, 8= f f(x)g(x)du(x) =0.
K

It is possible to define systems of pairwise orthogonal polynomials with respect to
the inner product (-, ), so that they form a basis of C(K).

Let {p,},enn be a system of orthogonal polynomials with respect to a measure
u with orthogonality relation

(pa’p[j>u :Ca5a,ﬂ: (51)

91
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for some positive constants c,. Then, any p-integrable function f =,y foX®
can be approximated within that system in the following way

FE~ Y aup.(x), (5.2)
aeN”n
where (o )
a, = pac, = (5.3)

To obtain a degree r approximation of a function f one could simply truncate the
above sum leading to an approximation f, defined by

£E)= D agpa(®), (5.4)
aeNn!

with a, as in (5.3). For non-differentiable functions these approximations usu-
ally do not behave well in practice as reviewed in [WWAF06], because of a phe-
nomenon called Gibbs oscillations, see also Figure 5.1. This phenomenon occurs in
the vicinity of discontinuities of the function to be approximated, near the bound-
ary of the approximation domain, as well as close to points of non-differentiability
[Car25, HH79, GS97].

Our goal in this chapter is to find a polynomial of degree r to approximate f
while mitigating this effect. Another way to frame this question is as follows. We
are looking for a mapping that sends f to an approximation f,, i.e.,

f D bepa=:f,
a€eN!
such that an error which measures the quality of the approximation is minimized.

Such a mapping can be constructed in the following way. Consider a kernel
K,.(x,y) : R" x R" — R given by

K, (x,y) := Z 8aPa(X)Po(¥); (5.5)

n
aeN”

for some constants g,,a € N}.. Then the integral (convolution) operator defined
as

D) = f WK, (x,y)du(y)
K

maps any function f = ). . foX® to a polynomial of degree at most r. More
accurately,

KA = Y, au8pParPpluPp) = D, bupa(X),

a,BEN? aeN?
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Ll
I v

] I | — Degree 64 approximation of f
1 if x € [-1,—-0.025]
0.5 | | — f(x)={—40x if x € (~0.025,0.025)
- -1 ifx €[0.025,1]

Figure 5.1: Plot of a continuous function f and its approximation via the trunca-
tion of the series (5.2) at degree r = 64 visualizing Gibbs oscillations.

where
by =(Pa>f)y&a-

The coefficients g, of the kernel K, determine the approximation. For example,
setting g, = 1/c, results in the truncation of the expansion (5.2). In the univari-
ate case, where the orthogonal system is given by the Chebyshev polynomials of
the first kind this kernel is known as the Dirichlet kernel [Dir29], i.e., the approx-
imation operator used in Figure 5.1. In the multivariate case it is known as the
Christoffel-Darboux kernel (named after [Chr58, Dar78]). This approximation
works well for analytic functions, as reviewed in [Tre17]. Lasserre [Las21] draws
an interesting connection between the celebrated moment-SOS hierarchy [Las01]
and the Christoffel-Darboux kernel. In [MPW™'21] the authors develop a method
for approximating possibly discontinuous functions using the Christoffel-Darboux
kernel, where the Gibbs phenomenon does not occur. Other approaches to get
rid of unwanted oscillations is to make use of non-negative kernels as has been
done in [WWAFO06]. For this reason, positive approximation kernels are popular
in physics for the approximation of non-smooth functions in various settings. The
aim of our work is to generalize these kernels to several variables in a natural way;,
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thus providing computational alternatives to using products of univariate kernels.

Outline and contributions

The aim of this chapter is to present a computational procedure, based on semidef-
inite programming (SDP) (cf. [Tod01, BV96]), to construct non-negative polyno-
mial kernels on K = [—1,1]" suitable for approximation. We show that these
kernels generalize a kernel which is called the Jackson kernel in [WWAF06], but
this is different from the original kernels introduced by Jackson in [Jac12]; we
give more details on this in Section 5.2.2. As the orthogonal basis we will use
products of univariate Chebyshev polynomials, as reviewed in Section 5.1, and
the fixed measure u will be the corresponding product of measures so that the
Chebyshev polynomials are orthogonal. The resulting kernel polynomial method
is reviewed in Section 5.2 for the univariate case (n = 1), and extended to the
multivariate case in Section 5.2.4. In Section 5.3 we discuss how to form the
SDP problems that yield the optimal kernels, in the sense that their resolution
is minimal. In Section 5.4 we show how to exploit algebraic symmetry by using
techniques from [RTAL13, Val09] to reduce the size of these SDP problems. We
show in Section 5.5 that our constructions are superior to simply multiplying op-
timal univariate kernels in a well-defined sense. Finally, in Section 5.6 we give
further details of our numerical computations and show they are useful in practice
to approximate non-differentiable functions and related applications in physics.

5.1 Chebyshev polynomials

In this section we review properties of univariate Chebyshev polynomials for later
use. Our exposition closely follows the survey [WWAFO06].
Let K=[—1,1] and fix the measure u on K defined by
du(x) = ;dx x €K
/1—x2 '
The Chebyshev polynomials of the first kind form a system of orthogonal polyno-
mials. We will refer to the k-th Chebyshev polynomial of first kind as Tj(x). We
have for k € Z

Ty (x) = cos(k arccos(x)).
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The following recurrence relation is well known for m € N

To(x) =1,
T_1(x) =Ti(x) = x,
Th1(x) = 2x Ty () — Ty (x)

Define for f,g :[-1,1] > R

f(X)g(X)

(f,8)u= B m/l_—

to obtain the following orthogonality relations for the Chebyshev polynomials of
the first kind

1+ 60
(Tk7 Tm)u = 2 5k,m'

Chebyshev polynomials exhibit nice stability and convergence properties in prac-
tice which is why they are the first choice in many applications. It is straight-
forward to generalize the Chebyshev polynomials to the multivariate case. Let
K=[—1,1]" and define

Then, for a € N" the corresponding multivariate Chebyshev polynomial of the
first kind is defined as

1,0 = [T (0.

i=1

The orthogonality relations extend in the following way

T, T
(To, Tp) =f To(X) Tp(x)du(x) = l_[J T, (xi)Tp, (x;) )

Ty 1— x

146, 4
= l_[ 5ai:ﬁi = Ca5a:/5,
i=1 2

H(a), where H(a) is the Hamming weight of a, i.e., the number

with ¢, = (%)
of non-zero entries.
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Convergence result

Our goal is to approximate a given continuous f defined on K = [—1,1]", by a
sequence of polynomials of increasing degree, such that the sequence converges
to f, uniformly on K. We further introduce a quantity

1/2
o, = (J ||x—yllzKr(x,y)du(X)du(y)) )
KxK

called the resolution of the kernel K, (x,y) in [WWAFO06]. The resolution may be

interpreted as a measure of how much mass of the kernel is concentrated away
from the line where x = y. If all g, = 1/c, in expression (5.5) then K is
the identity operator on the space of polynomials of degree at most r, and the
associated resolution is zero. This kernel will have all of its mass concentrated at
x =y. To ensure uniform convergence we want a kernel that has as much mass
as possible at the line x =y for every r € N, while fulfilling some other properties
stated below:

PL. K.(%,Y) = 2 qenn 8o Ta(®) To(¥);

P2. K.(x,y) =0 for all (x,y) e Kx Kand all r;
P3. fKKr(x, y)du(y) =1 for all x €K for all r;
P4. lim,_,,, 0, =0.

In the statement of the result, recall that the modulus of continuity of f € C(K) is
defined as

we(0):= max If (x)—f(¥)I.
lIx-yll<&

Proposition 5.1. Let K=[—1,1]" and f : K — R be continuous on K with modulus
of continuity w¢. Under the above conditions P1-P4 on K,.(x,y), one has KO(f)— f
as r — 0o, uniformly on K. Moreover,

IKOE) = flloox < 2(1+ %)wf(ar)' (>-6)

Our main result is the construction of kernels whose resolutions satisfy o, =
O(1/r) using semidefinite programming techniques (see Proposition 5.9). This
proves that our kernels yield the best possible rate of convergence for continuous
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f that are not differentiable, due to Bernstein’s theorem (see [Ber12]). The proof
of Proposition 5.1 will be postponed to later, until we have given all necessary
definitions and auxiliary results. Let us mention at this point that Proposition 5.1
is a known result in approximation theory. Indeed, the argument is essentially
as given in the PhD thesis of Jackson [Jacl1l]. We give a proof in our specific
setting for completeness, since we could not find a statement of Proposition 5.1
in a suitable form in the literature.

5.2 The kernel polynomial method

We begin by considering kernels to approximate univariate functions. Let K, be a
kernel of the following form

Ko (x,y) = 8o +2 ) gk Tkl Te(y). 5.7)
k=1

Kernels of this kind clearly satisfy property P1. If we set g, = 1, the resulting
kernel also satisfies P3. In the following, we will explore how to find kernels that of
this form that additionally satisfy P2 and are therefore suitable for approximation.
For this we will first introduce trigonometric polynomials.

5.2.1 Trigonometric polynomials

A trigonometric polynomial p(t) of degree r is defined as

p(t)=po+ Y prcos(kt) + p_gsin(kt),
k=1

for pp € R for k = —r,—r + 1,...,r — 1,r. The following lemma is proved in
[LP04], but it is a classical result.

Lemma 5.2. If p(t) is a non-negative trigonometric polynomial of degree r, then
there exists a positive semidefinite matrix Q € Sfr“ such that p(t) = v'Qv where

vl =[1,cos(t),sin(t)...,cos(kt),sin(kt)]
if r =2k is even and
vl =[cos(t/2),sin(t/2),cos(t+t/2),...,cos(kt +t/2),sin(kt +t/2)]

if r =2k + 1 is odd.
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Remark 5.3. Let us mention that there are stronger results of the kind of Lemma
5.2. For example Corollary 2 in [FP16 . We state this weaker result for the ease of
exposition.

Note that every trigonometric polynomial of the form

p(t)=go+ ZZ g cos(kt) (5.8)
k=1

gives rise to a kernel of the form

Ko (x,y) =80 +2 ), gk Tk Ti(y).
k=1

To see this, consider the following substitution
1
E[p(arccos(x) + arccos(y)) + p(arccos(x) —arccos(y))]

=go+2 Z gk%[cos(k(arccos(x) + arccos(y)))
k=1

+ cos(k(arccos(x) — arccos(y)))] (5.9)

=go+2 Z g1 cos(k arccos(x)) cos(k arccos(y))
k=1

.
=g+ 2ngTk(x)Tk(J’)-
k=1

If p(t) is non-negative on [—, 7], then K, (x, y) is non-negative on [—1,1]?.

Theorem 5.4. (Fejér (1915)) Every non-negative trigonometric polynomial of de-
gree r of the form

p(t) = Ay + Ay cos(t) + uysin(t) +--- + A, cos(rt) + u, sin(rt)

can be written as

forc,, €C.
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In other words, there is a one-to-one correspondence between trigonometric
polynomials of the form

t — Ay + Ay cos(t)+uqysin(t)+---+ A, cos(rt) + u, sin(rt)

that are non-negative for every t and functions of the form

. 2

£ Z ¢ et

m=0
This correspondence may be leveraged to obtain kernels with minimum resolu-
tion, which is done in the next section.

5.2.2 Constructing optimal kernels

In this subsection we will revisit the approach described in [WWAFO06], showing
the kernel they obtain has minimum resolution among all non-negative kernels
on [—1,1]%. To avoid ambiguity, note the following. The authors in [WWAF06]
refer to their kernel as the Jackson kernel, even though in the literature there
is another object which is referred to in that name. Therefore, we will refer to
the kernel from [WWAF06] as the minimum resolution kernel, reserving the term
‘Jackson kernel” for the object Jackson used in [Jac12] to prove his theorems. We
explain the different notions of the term Jackson kernel in Appendix C.1. We are
interested in non-negative trigonometric polynomials with cosine terms only, as
these are the ones giving rise to kernels of the form that we want as we have seen
in (5.8), (5.9). It is easy to see that if all sine-terms are zero, then the c,, terms
are real. Thus, this gives us a way to characterize kernels of the form (5.7) that
are non-negative. Consider a function of the form

. 2

p() =D aze™|
m=0

for a,, € R. Rewriting this expression we find

r

()= D apacos([f —m])
m,{=0

r r—k

= Zr: a2 + ZZ Z Ay Qi cOS(kt)
m=0

k=1m=0

.
=go+ ZZ gr cos(kt),
k=1
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for
r—k

Gk =D Al (5.10)

m=0
Therefore, every set of real numbers ag,ay, ..., a, satisfying Zzi:o ai = 1 gives
rise to a kernel of the form (5.7) satisfying P1, P2, P3 when the g, are set as in
(5.10). A first idea to construct such a kernel would be to set all a; = 1/#_ to

ensure that go = 1. Then we find gk =1- m The resulting object is known
as the Fejér kernel [Fej04]. However, this kernel is not optimal in the sense that
is does not have minimum resolution. We next take a look at kernels satisfying
P1-P3, with minimal resolution o,. A simple calculation using the orthogonality

of the polynomials defining K, shows that

o= f (x — ¥ K, (x, y)dp(x)du(y) = go — &1-
K

We can formulate an optimization problem to minimize resolution with respect to

ay. ) .
mingy,—g; © minZ a% —Zakakﬂ
o =0 (5.11)
s.t. go=1 S.t. Za,% =1.

k=0
Solving this problem results in the minimum resolution kernel mentioned earlier
which is called the Jackson kernel in [WWAFO06], whose coefficients are given by

KPM _ ( k+2)COS(H_2) +Sln(r+2)COt(r+2)
k,r r+2 .

Thus, we see that 02 = gé(};M — gﬁM =1—cos(:%) = 0(1/r%). We refer to

Figure 5.2 as an illustratlon of the absence of Gibbs’ phenomenon when approxi-

(5.12)

mating a function using the minimum resolution kernel.

5.2.3 Uniform convergence in terms of o, in the multivariate case

In this subsection we prove we may also bound the rate of convergence in terms of
o, in the multivariate case. Note that a simple calculation using the orthogonality
of the chosen polynomial basis shows that o, can be expressed in terms of the
coefficients g,:

o2=>(1-g,). (5.13)
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— Degree 64 approximation of f
0.5 {t 1 if x € [-1,—0.025]
: — f(x) ={—40x if x € (—0.025,0.025)
-1 ifx<€[0.025,1]

Figure 5.2: Plot of a continuous function f and its approximation via the minimum
resolution kernel defined via (5.12) for degree r = 64 visualizing absence of Gibbs
oscillations.

We first prove the result for uniformly continuous periodic functions on [—7, 7T ]"
and then extend the results for the case of uniformly continuous functions on
[—1,1]" Recall that the modulus of continuity for a uniformly continuous func-
tion f is defined as
ws(6):= max If ) —f(¥)l.
x—yll<s
Further, note the following properties of the modulus of continuity

1. For 4,6 > 0: ws(A8) < (1+A)w;(6) (Lemma 1.3 in [Riv69])
2. For continuous f and 6 > 0 one has |f (x—y)—f (x)| < (1 + %IIyIIZ) ws(6)
(by proof of Proposition 5.1.5 in [AC11]).

Let f be uniformly continuous and periodic on B := [—m, ©]" and let the degree
r trigonometric kernel

n
Lx)=1+ Y. 20@g [ cos(aix;) (5.14)
aeNm\{0} i=1
be non-negative on B for some set of coefficients g,,a € N \ {0}. Define

1
(27)"

LO)0) = ff (x—y)L.(y)dy.
B
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Further, note that

1
(2m)"
1
(2m)"

1)~ fF (0l < f If x=y) = f X)L, (y)dy
B

<

1
L (1 + 5||y||2) w¢(6)L,(y)dy (5.15)

_ wf(5) 1
—a)f(5)+—52 (27_[:)“

f IylI2L()dy,
B

where the second inequality follows from the second property of the modulus of
continuity. Note that since —m < y; < 7 one can check that

n 2 n
T
II? = D57 < 5 2 (1 —cos(y)).
i=1 i=1

A simple calculation then shows

2 n n
f IylI2Lr(y)dy < =- (Z(zn)" -> 2H<“>gaj cos(yi)]_[cos(aiyi)dy)
B i=1 B =1

aeNn!

n

2
=@ > (1-g.),

i=1

where we used the fact that
1
cos(x)cos(kx) = > (cos((k—1)x) + cos((k + 1)x)).

Recalling identity (5.13) and choosing

g N
6= %;(1_gei):n/‘/io-r

we find by (5.15) and the first property of the modulus of continuity:
1L = f K] < 205 (1/V20,) < 2(1+ 1/ V2)wp(0,).

We next deal with the case where f is a continuous function on [—1,1]". Define
2(8) = f(cos(0)) = f(cos(6,),...,cos(8,)) for 6 € [0,n]". Further, let g(6) =
g(04,...,—6;,...,0,) for 6; € [—m,0]. Similarly, we may define g(6) for all 6 €
[—m, m]". We see g(60) is even and periodic on [—m, t]". Since it is even, the
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convolution with a trigonometric kernel of the form (5.14) will have only cosine
terms. The argument is as follows:

(2m)*£7(g)(6) =f 8(6 =)L (v)dy
B

= f g(p)L.(60 —)dyp
B

=Jg(<p) 1+ > 2H@g, [ Teos(a;(6;— ) | do.
B

aeNm\{0} i=1

=J g(p)dep+
B

n
> afilag, J ()| [ (cos(e;6,) cos(a;p;) + sin(a;6;) sin(a; ;) dep.
aeNr\ {0} B i=1

The integrand in the last integral is the function g times the sum of products of
sine and cosine functions. The domain B = [—m, 7r]" is symmetric and g is even
by construction. Hence, every integral containing a sine function will evaluate to
zero, since the sine function is odd. We may therefore assume the approximation
will take the following form

n

0 (0)=LD@O)=a+ D, 2"g.a.] Jeos@f). (516

aeNm\ {0} i=1

Substituting 6; = arccos(x;) results in a polynomial

pr(x)=ag+ Z 2@ g a,T,(x). (5.17)

n
ac NI

This polynomial will serve as an approximation for f, and we will bound the
absolute error in terms of o,. For this we will need the following lemma.

Lemma 5.5. For f, g as defined above we have
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Proof. Note that

wg(6)= sup [g(61)—g(6,)l

01,02€[—n,m]"
16,—051I<5
= sup |f(cos6;)— f(cosb,)]
01,09€[0,m]"
16,—06,lI<o
= sup |f (x)— £ (y)l

x,y€[—1,1]"
|| arccos x—arccos y|| <&

< sup [f(X)—=f()| = wr(6),

x,ye[—1,1]
lIx—yll<s

where we set arccosx = (arccos(x;), ..., arccos(x,)) to shorten the notation. Note
that we used | cos(x) —cos(y)| < |x —y|. O

We have gathered everything required to prove Proposition 5.1.

Proof of Proposition 5.1. First, note that
sup |f(x)—p,(x)|< sup [g(0)—q,(0)
xe€[—1,1]" oe[—mn,n]n
<2(1+ n/«/i)wg(ar)
<2(1+ n/vV2)ws(o,),

where the last inequality follows by Lemma 5.5. Above we have obtained a poly-
nomial p, of degree less than r which approximates f € C(K). We did so by using
the convolution with a trigonometric kernel of the form (5.14). Using the substi-
tution given in (5.9) we may transform the trigonometric kernel into a positive
polynomial kernel of the form

Ky =1+ ) 2" g, T, T,(). (5.18)

aeN"!

It is left to show that both approaches are equivalent, i.e., lead to the same ap-
proximation of the function f. For this note the following. The polynomial we
obtain via the approximation process defined as per (5.18) is

KO(f)x) = f Fyduly)+ Y 2@y, ( J f (y)Ta(y)du(y)) Ty (x)
K K

n
a€N?

=Co + Z ZH(a)gacaTa(X):

aeN!
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where
Ca=A{f>Ta)y = J f (T (y)duly).
K

We need to check whether we get the same coefficients from both approaches.
Recall the approximation from (5.17):

pr(x) = Qg + Z ZH(a)gaaa Ta(x);

aeN?

where

1 n
W= Gy Lg(mgcos(ai«mdso.

We would like to show that a, =¢,, i.e.,

J f( )]_[ coste arccos(yl)) dy = 1n f ()| Jeos(aipi)de.
B i=1

1-y?

For this note that

g(cp)]_[cos(alcpl)dcp f f (eos(@)] Jeos(aipde. (5.19)
[0,m]"

i=1 i=1
Next we can make use of the following substitution

1
p; = arccos(x;) = dyp; = —————=dx;.

Finally, using (5.19) we find

n
cos(a; arccos(x;))
a, = f f(eos(p) | Jeos(aipi)de = f fx )]_[ dx =c,.
[0,m]n i=1 V1= x
This proves we indeed have that both approaches are equivalent, i.e., they lead
to the same approximation. This completes the proof of Proposition 5.1. O

5.2.4 Positivstellensatz for the multivariate case

In this subsection we present a classical Positivstellensatz for multivariate trigono-
metric polynomials. This result allows for the construction of semidefinite pro-
grams whose solutions provide optimal kernels with respect to o,. To this end,
recall the identities: if p;(¢) = cos(k¢), then, for x,y € [—1,1],

pr(arccos(x)) = Ti(x)
% (px(arccos(x) + arccos(y)) + px(arccos(x) —arccos(y))) = Ti(x)T(y).
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As a consequence, if we start with a non-negative multivariate trigonometric poly-
nomial of the form

(@1, )1+ > 27@g, [ | cos(o;),

aeNr\{0} i€[n]

then replacing each p, (¢;) := cos(a;¢;) by

1
> (pal_ (arccos(x;) + arccos(y;)) + pg, (arccos(x;) — arccos(yl-)))

as above (this operation preserves non-negativity), one obtains the non-negative
kernel

Kxy)=1+ Y 2"@g, [ ] To,(e)To () xyel-1,11"
aeNm\{0} i€[n]

In contrast to the polynomial case, each multivariate, positive, trigonometric poly-
nomial is a sum of squares of trigonometric polynomials. (The degrees appearing
in the sums-of-squares may be arbitrarily large, though.)

Theorem 5.6 (e.g. Theorem 3.5 in [DumO7]). If p is a positive trigonometric poly-
nomial, then there exists an k € N and a hermitian p.s.d. matrix M of order (“Zk)
such that

p(op) = |:exp(1ocT<i>):|ZGNZ M [exp(laTd))]aeNZ.

Again, the value k in the theorem may be arbitrarily large, but for fixed k > r,
one may consider the kernel given by solving the SDP:

n
af = min Z 1— &e, (5.20)
i=1
subject to

1+ > 21@g, [ Jeosaig; = [eXP(lanp)]ZeNg M [EXp(laT¢)]a€NZ
aeNm\{0} i€[n]
M = 0.

In what follows we will focus on the first level of the hierarchy, that is, r = k. We
discuss the case where k > r in Section 5.6.1.
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5.3 Reformulations of the SDP

In this section we present two ways to find numerical solutions to problem (5.20).
But first we show that the optimal solution to the problem maybe assumed w.l.o0.g.
to be real.

5.3.1 Existence of a real solution

Let M = P +1Q, for P € ™" and Q being skew-symmetric of the same size.
Then,

[exp(lach)]ZeN? (P+1Q)|:exp(laT¢)):|a€N?= Z cos[(a—[j)Td)]Paﬁ

a,fEN!

— > sin[(@—B)T¢]Qup.

a,feN?

because of the identities

cos(aTd)) cos(/quS) + sin(ach) sin(ﬁTqS) = cos [(a — [3)T¢]
and
cos(aTqS) sin(ﬁT¢) — sin(aT¢) cos(/BTqb) =sin [(a — /5)T¢] .
We continue to show we may without loss of generality assume there exists

an optimal solution which is real symmetric, i.e., Q = 0. Let P +1Q be an optimal
solution to (5.20) and define

G(f1,..n )= D 20g [ | cos(ri)

yenn ieln]
= > cos[(@=P) ¢]Pup— . sin[(a—p) ¢]Qup-
a,BEN? a,BEN?
Now, since the cosine is even we find G(¢1,...,¢,) = G(—¢1,...,—¢,). So

G(d)l) R ¢n) = %(G(¢1: AR ¢n) + G(_d)l) .. ',_¢n))
1

=§( Z cos[(a—P) ¢ |Pyp— Z sin[(a—p) ¢ ]Qup
a,BENR a,BENR?

+ > cos[(B=a) ¢]Pup— D, sin[(B—a) ¢]Qup)
arﬂeN? a,ﬁEN;l

= Z cos[(a—ﬁ)T¢]Pa’,3.

a,BENT
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Therefore, we may subsequently assume that in (5.20) the matrix M is real
symmetric.

5.3.2 Sampling based formulation

The first strategy for the implementation is based on sampling, a concept intro-
duced by Lofberg and Parrilo in [LPO4]. Instead of equating coefficients, the idea
is to equate evaluations of two representations of a (trigonometric) polynomial
on a finite number of discrete sampling points. In our problem at hand we are
looking for a real symmetric psd matrix M such that

1+ Z i@ g l_[ cos(a;¢;) = Z cos [(a—ﬁ)Tqb]Ma’ﬂ, (5.21)
aeN"\{0} ie[n] a,BENR?
for all ¢ € [0,27]". We discretize the set of values for ¢ € [0,27]" and en-
force equality after evaluating the cosine terms for these sample points. Consider
the set
kl'TE
(r+2)

d = {go €[0,2n]": ¢; = for (kl,...,kn)e{0,1,...,2(r+2)}”},

which has (2(r +2) +1)" elements. This set may be seen as uniformly distributed
points on the unit sphere of dimension n— 1. Then we can formulate an SDP as

follows .
o?=min Z 1—g., (5.22)
i=1
subject to
Z 2H(Y)gy l_[ cos(y;p;) = Z cos[(a—[p’)T(p]Ma’ﬁ Voed
yEN? i€[n] a,BEN]
g, = 1fory=(0,...,0)
M = 0.

Note that the number of sample points is large enough, so that the optimal
value of the above program is equal to O'f. In practice this approach works well
for small instances, i.e., for n = 2,r < 8. For larger r the solver we used (MOSEK
[MOS19]) terminated because of slow progress. It did, however, return solutions
that were close to being optimal. Using other solvers resulted in a significant
increase in running time.



Chapter 5. Construction of approximation kernels via SDP 109

5.3.3 Equating coefficients via trigonometric identities

The other approach is using the standard idea of SOS-optimization, i.e., equating
coefficients. The following lemma is essential for this step.

Lemma 5.7. Let for I C [n] the function w; : R™ — R" be defined as follows

wi(x); = {_Xi, vrel

X;, otherwise.

The following trigonometric identity holds for all n € N

2H ) ﬁcos(xi) = Z cos (Zn: wl(x)i) . (5.23)
i=1 ] i=1

IC[n

Proof. Note that in other words, w; flips the sign of x; for all i € I. We will prove
the statement by induction on n. Let x € R" and assume without loss of generality
that the support of x is n. For n = 0,1 the identity is obvious. For the induction
step consider the identity for n < n+1. Let X = (X, x,,,1) € R""! with full support.
Then,

n+1 n
ontl l_[ cos(x;) = 2cos(x,41) (2" l_[ cos(xi))

i=1 i=1

@ Z cos (Z wl(x)i) (cos(xp41) + cos(—=xp41))

Ic[n] i=1
@ Z cos (Z wi(x); + XrH—l) + Z cos (Z wy(x); — Xn+1)
Ic[n] i=1 Ic[n] i=1
n+1
= Z cos (Z wl(i)i) )
Ic[n+1] i=1

where in (i) we used the induction assumption and in (ii) we used the well-known
identity
cos(x + y) = cos(x) cos(y) — sin(x) sin(y),

and the fact that sin(—x) = —sin(x). O

For convenience, we restate the optimization problem below. Recall that it is
enough to consider real symmetric matrices.
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n
of = min Z 1-g. (5.24)
subject to
1+ >, 2"Wg [Teostrig)= D coslla—p) ¢IMyp  (5.25)
yeNm\{0} i€[n] a,BEN?
M = 0.

The identity (5.23) will allow us to compare coefficients of trigonometric polyno-
mials in (5.24). On the right-hand side in (5.25) we will find all { € Z" for which
there exist a, § € N7, such that { = a — 3. The identity (5.23) now tells us that
we have to make sure that for a given y € N' the following holds

Z My = Z Myp forallIc[n],

a,[}EN;} a,ﬁEN?
a—p=y a—f=cw;(y)

since then we can factor out the same sum for each w;(y) and apply identity
(5.23). Noting that « — f = —(f — a) we can construct symmetric constraint
matrices. For each y € N' let cD e {0, 1}5(mr)xs(nr)

a.p

D L ifa—f=wi(r)Vawrlr)
0, otherwise.

These matrices will always be symmetric since if a — 8 = w;(y) then f —a =
wic(y). We define 7 as a set of subsets of [n] such that no complement I° of a set
I €T liesinZ and U;e7{I,I°} = {I : I € [n]}. With this we can formulate the first
set of constraints, i.e.,

(M,cr?) = (M, clrD) Y1 e T, ¥y e N,

Then g, = %(M ,CDy for any I € 7. Additionally, we need the following. Let

n
Ty = {Ceznzaa,ﬁ ENYa—B=¢ A D ICI> r},
i=1
which leads us to the next set of constraints

(M,céDy=0VIeT, Ve Lonr)-
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This way we ensure that there will not appear any unwanted terms in the resulting
polynomial. Any { € I}, ., will not find the necessary pairs to use identity (5.23).
Therefore, we force all such terms to be zero. We can equivalently formulate the
SDP now as
n
. 1 _
o?=min » 1— 5 (M, clef) (5.26)
i=1

subject to

(M, ¢ —c@Dy = 0 VYIeZ,YaeN\{0}
(M, &Py = 0 VI€ZV{el,,
Tr(M) = 1
M = 0

Note that Tr(M) = 1 ensures g, = 1 for a = (0,...,0). This implementation
works better in practice than the previous one (5.22), especially for larger values
of r.

5.4 Symmetry reduction

In this section we will present an approach that exploits existing symmetries in
semidefinite programs in order to improve numerical tractability. There has been
done research on the exploitation of symmetries in semidefinite programming,
see, e.g., [Val09]. There are also results available focusing on symmetry exploita-
tion for semidefinite relaxations of polynomial optimization problems for which
we refer the reader to [GP04], [RTAL13]. The name readily implies that we will
use some symmetry to reduce the size of the SDP. The goal is to set up an equiva-
lent SDB where we can impose a block diagonal structure on the matrix variable.
This is helpful because we then only have to enforce the positive semidefiniteness
for the individual blocks instead of the whole matrix. We present the necessary
background information in Appendix B.

5.4.1 Symmetry adapted basis

Let S, be the symmetric group acting on the variables x; for i € [n] by permuting
the elements, i.e.,
o(x;) =xy) fori €[n],o €S,.
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The action of S,, may be defined on functions as well in the following way. Let
f :R" > R, then
o(f)=f(o)),

where, if an element o € S,, is applied to an n-tupel we define for x € R"

o(x) = (0(x1),0(x2)...,0(xp)) = (Xo(1), Xo(2)> - - -» Xo(m))>
i.e., elementwise application. We will call a function f invariant under S, if
o(f)=f(x) for all o € S,.. Note that our kernel is defined over the set [—m, 7],
which is invariant under the action of S,,. We can also assume without loss of gen-
erality that the optimal kernel K, will be invariant under the action of S,,, meaning
that for all coefficients we will have

8a = 8o(a) forallo € S,,a €N,

To see that the optimal kernel will be invariant under S, note that all con-
straints in problem (5.24) are invariant under S,. Thus, any optimal solution to
(5.24) can be “symmetrized” using the Reynolds-operator, which is defined as

RO(f) = = 3 of).

ISnl =5

Let K. = > enn &a | Licgny €08 @i p; be a feasible solution to (5.24), then

RS(K,) = |81 | Z Z gaO(l_[ COSO‘i‘Pi)

o€S, aeN! i€[n]

is also feasible and will lead to the same objective value. Let T[¢], =
T[¢1,..., ], be the set of trigonometric polynomials of degree less that r. We
will define T[Lp]‘f” to be the set of trigonometric polynomials of degree at most
r which are invariant under the action of S,. A basis for T[¢], is given by
{exp(ia' ¢ )}aeNg. To exploit the symmetry we will construct a new basis B, which
we call the symmetry adapted basis, see Appendix B. The set 5 may be seen as a
collection of k(n,r) € N sub-bases B; = {bij € T[y], : forj € [k;]}, for some
k; € N in the sense that B = {B; : i € [k(n,r)]}. In general there are no closed
form expressions for k(n,r) and k; available as functions of n and r, but to give
some impression of these numbers we provide Table C.2 in Appendix C.2. We call
B a basis because
span {RS (b, b7 ), i € [k(n,r)], L, m & [k;]} = T[],

Un
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The basis B has the property that its elements are pairwise orthogonal in the sense
that for b; € B;,b; € B; with i # j the symmetrized product is zero, i.e.,

0 Vjm
Sn _
R (b;, b;'.‘m) =0.
Before, we were interested in suitable kernels that could be written as

Ke = [exp(ta” $)],qq, M [exp(ia $)] cr

where M € S‘;(g’r). Knowing that the optimal K, is invariant under S,, we can

write
k(n,r)

K, = Z [bz;]je[ki]M(i)[bij]je[ki]
i=1
for M@ > 0 for all i € [k(n,r)]. The pairwise orthogonality of B means that we
can consider a block diagonal matrix

‘MO o 0o ... 0 |
o M® o .. 0
0 0
: : . . 0
0 0 ... 0 mknn)

with M@ e S’;"O in our SDP. The computational advantage is that we only have to
ensure the positive semidefiniteness of the individual blocks, instead of the much
larger matrix M.

Example 5.8. Consider the following example for a symmetry adapted basis with
n = 2,r = 2. In this case k(n,r) = k(2,2) = 2 and k; = 4,k, = 2. For a
corresponding SDP we would have to consider two psd blocks of sizes 4 and 2 instead
of one psd matrix of size 6 x 6. For By, B, we find

B, = {exp(1(0¢; +0p,)) =1, B, = {exp(1 1) —exp(1¢y),
exp(1(py + ¥2)), exp(12¢,) —exp(12¢,)}.
exp(1¢q) +exp(1 ),

exp(12¢p7) + exp(12¢,)}
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5.4.2 Construction of the symmetry adapted SDP

For a € NI we define the corresponding orbit as O, = {o(a) : o € S,}. For each
orbit we choose a representative a which is sorted, i.e., a; < ay < --- < @, and
index the orbit by that a. We define S(N!) = {a €N : @y < ay <--- < a,} to
be the set of representatives for the set of orbits. The set N can be written as the
union of orbits, i.e.,

N= | 0.

aeS(Nm)

The invariance of K, means that g, = gg for every § € O,. We are now equipped
to reformulate (5.24) as an equivalent optimization problem which is easier to
solve. We first note that for the invariant kernel we have

Z ZH(“)gall[cosaiSOi = Z 2H(a)ga( Z ﬁcosﬁi%)'

aeNn i=1 a€S(NM) peo, i=1

For every B; € B we define a matrix M@ of size k; x k; with k; = |B;]. Then
the program may be written as follows.

O'f = min n(l—gen) (5.27)

subject to

n k(n,r) k;
Z 2H() g (Z l_lcosﬁ’iqbi) - Z ZR (blj l[ M(l)

a€eS(Nm) pe0, i=1 i=1 jt=1

MO = 0, ie[k]

Let us take a closer look at the terms Rsn(bil b} ). Assume that the elements
bl-j € B; are given in the following form

= Z]: bl(jm) exp (l (a(m))T ¢)

m=1
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Then,

R (b b}) = 15 IZS]o(bijb;;)
Sn oES,

Z ZZb(m)b(p) exp( (a(m)) a(d)))

” oeS, m=1p=1 (5.28)
exp(1(6®) " o(4))

) coslo (™ — pP)T ]
€S, m=1p=1

Recalling the trigonometric identity (5.23) from before, we can now construct
the constraint matrices. Let y € S(N}). For each i € [k(n,r)],I € Z for T as in the
previous subsection we define

(C.(Y’I)) _ c(y,1,1,j,£), if w;(y) or w(y) occurs in Rsn(bij b;)
ot 0, otherwise,

where

c(y,1,i,j,0)= |;n| Z bgjm)bg’).
m,pelk;]

aM—BP)=%w,(y)
As before, we must ensure that for all I € 7 we have that the corresponding
coefficients in our resulting polynomial are equal. Therefore, we arrive at the set
of constraints

k(n,r)

Z (M®, Cl_(y,(b) — Ci(y’l)) =0, foreveryy € S(N7),I € Z,1 # 0.

i=1
We will now define the set ST(,, ,y = I{; ,)/S,, which is the “symmetry adapted”
version of I, ,) of the previous subsection, where we factored out all permutations
o € S, of a reference element y except the identity. This leads to the constraint

set
k(n,r)

> M@, ¢y =0, for every y € ST, 1,1 €.
i=1
The resulting SDP reads as follows.

k(n,
O'f = min n(l—— Z MO C(e ) (5.29)
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subject to

k(n,r)
Z (M, Ci(%@) - Ci(Y’I)) = 0, forevery y € S(N7)/{(0,...,0)},I €Z,1 #0
i=1
k(n,r)
Z (MO, Ci(”)) = 0, foreveryy €SI(,,),] €T

i ,-0),0
Z (M(l),Cl.((O 0) )) - 1
i=1
M®D = 0 forallie[k(n,r)].

The efficiency of using this symmetry reduction of course increases when n
grows, since the underlying group is S,. Fixing n and increasing the degree r
the size of the underlying program still grows exponentially. It is also possible
to use software for the symmetry reduction, such as the Julia package SDPSym-
metryReduction.jl! which is based on the paper [BdK22] by Brosch and de Klerk.
This software takes as input a semidefinite program and numerically performs a
symmetry reduction without any need to specify the underlying group. The ad-
vantage that comes with this is that there is no need for the construction of a
specific symmetry adapted basis. But even for small n, if r becomes too large the
resulting optimization problem becomes numerically unstable. It is still worth-
while to compare the two approaches. The block sizes which are returned by
the software are the same as the ones we obtained by our approach presented in
this section. This suggests that the symmetry is fully exhausted by the symmetric
group S,,. We present a plot of a non-differentiable function as well its degree
r = 50 approximation obtained via the convolution of the minimum resolution
kernel in Figure 5.3.

5.5 Comparison to products of univariate minimum res-
olution kernels

In the following we will have a look at what kernels we get when we take the
shortcut and multiply univariate kernels instead of solving the corresponding SDP
The clear advantage is that some optimal univariate kernels are available in closed

Isee https://github.com/DanielBrosch/SDPSymmetryReduction.jl
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(a) Approximation level r = 50 (b) Plot of function

Figure 5.3: Comparison of plot of the function (x, y) — sin(27x)|y| and its degree
r = 50 approximation via the minimum resolution kernel.

form. Generating kernels as products means solving the corresponding SDP is
unnecessary. Recall that in the univariate case kernels of the form

.
KEM(x, y) =142 g (O)Ti(y), (5.30)

k=1
for g™ as in (5.12), have minimum resolution .. The product of n univariate
degree r kernels of the form (5.30) results in an n-variate kernel of degree nr
that is feasible for the optimization problem (5.24). A natural question is to ask
how these kernels compare to the ones obtained by solving the SDP. Consider the

product of n degree r kernels

1 (1 +2>° g,If};MTk(xi)Tk(yi)) = D, 2T T, (y),

i=1 k=1

aENgr
a;<rji€[n]

where
n
~KPM __ I | KPM
8a - gai,r
i=1
We know the resolution is

ol =2 (1-g)=n(1-g,)

i=1
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Thus, we can generate a feasible n-variate kernel with a degree nr multiplying
n univariate degree r kernels with minimum resolution and the corresponding

resolution is )
2 _ ( KPM) nmn
o =nl|l-— N ———.
nr,KPM 81,r 2(r +2)2
We would expect these to have a worse resolution than the kernels we obtain via

solving the SDP where af is minimized. The reason for this is that the product

kernels would be feasible to the same SDP with the additional set of constraints
gy =0forall a €N} with a; > r for some i € [n].

In particular, we have the following result.

Proposition 5.9. Fix n € N. For r > n we have
3,2
nmn n°m
OZSn(l—cos( ))N if r > 0.
r r+n 2(r +n)?

Proof. Clearly, 03 < 03_1 for any r > 1. Let now k € N be such that kn < r <
(k + 1)n. Then we find

0?2 <o? <o? —n(l—cos( i ))<n 1—cos i ~ '
r = Ynk = Y nk,xpm k+2))= T 2r+n)2

n
n

for r > 0. O

Looking at Table 5.1 we find that the values o, kpy are larger than o,.. There-
fore, our generalization of the minimum resolution kernels to the multivariate
case leads to better approximations than simply multiplying univariate kernels
together. Also, for large n, i.e., the case for which our symmetry reduction is ef-
ficient, multiplying identical univariate kernels together is not always a feasible
approach as the degree is always a multiple of n. In Figure 5.4 and Figure 5.5 we
compare the errors of the approximation via the products of Jackson kernels with
the approximation via minimum resolution for two different functions.

5.6 Numerical computations

In this section we discuss the numerical computations that were conducted. All
code was written in the Julia programming language and is available on GitHub?.

Zsee https://github.com/FelixKirschner/Approximation-Kernels
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Figure 5.4: Comparison of uniform approximation errors of several approxima-
tions of the function g(x) := x4 sin(27x;). We plotted the errors for the kernel
with minimal resolution o, and for the product of two univariate degree r /2 ker-
nels, i.e., K™ as in (5.30).
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Figure 5.5: Comparison of uniform approximation errors of several approxima-
tions of the peaks function p(x) := 3(1 — x;)* exp(—x? — (x5 + 1)*) — 10(x; /5 —
X3 —xz) exp(—x] —xz) (1/3)exp(—(x; +1)? —xz) We plotted the errors for the
kernel with minimal resolution o, and for the product of two univariate degree

r/2 kernels, i.e. KK/P;M as in (5.30).
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At the same website we also list the coefficients of the minimum resolution kernels
for various values of n and r. We present some values of o*f for different values
of n and r in Table 5.1. We also compare them to the resolution of the product
of identical univariate minimum resolution kernels with the same degree. The
results show our method is superior to simple multiplication of identical univari-
ate minimum resolution kernels. In Figure 5.8 we plotted some values of o, for
different values of n.

For n = 2 we were able to compute the coefficients for up to r = 50 in a
reasonable amount of time (375.5 seconds for ago on an Apple M1 Pro with 32GB
of RAM). After the symmetry reduction, the corresponding program contains two
semidefinite matrix variables of order 676 and 650 and has 1277 constraints.
We used the CSDP solver version 6.2.0° (see [Bor99]) to compute these values.
Without the symmetry reduction the program would have one matrix variable of
order (522) = 1326. We computed the values of o, for up to r = 22 for n = 3 and
r = 13 for n = 4. In the latter case, i.e., n = 4,r = 13, without the symmetry
reduction the program contains one matrix of size 2380. Using the symmetry
reduction we can reduce the size to five matrices of the orders 194, 370,192,218
and 38. For values of n > 2 the limiting factor was time.

5.6.1 Decoupling the degrees

Taking a look at problem (5.20) it is clear the value of r on the right-hand-side
could be increased to obtain a kernel with potentially smaller resolution. Consider
the following problem for fixed r and r’ such that r’ > r.

2 _ .
O-r’r/ B garrggNﬁ —y (1 o gei) (5'31)
subject to
1+ > 2", [ [eos(aip) = [expa’$)],  M[explia’ $)]
aeNm\{0} ie[n] ' '
M = 0.
For n = 2 (resp. n = 3) we show how the resolution evolves for r = 3,...,10

(resp. r=2,...,10) and r' = r,r +1,...,20 in Figure 5.6 (resp. Figure 5.7). We
note that the optimal values in the case n = 2 seem to stabilize for r’ > r + Lr;—lj,
whereas such a stabilization pattern may not be observed for n > 3. We leave
further investigation in this direction for future research.

3available at https://github.com/coin-or/Csdp
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5.7 Concluding remarks

We have shown how to construct polynomial approximation kernels with minimal
resolution on the hypercube. A major open question is if one may find closed form
solutions of the semidefinite programs that yield these kernels.

These type of results are also of independent interest in the study of SDP hi-
erarchies for polynomial optimization on the hypercube, as shown recently by
Laurent and Slot [LS22a]. In particular, our kernels may be useful to study hier-
archies of the Lasserre-type [Las01] on the hypercube (see also [dKHL17, dK10]).

The advantage of our approach over the multiplication of univariate minimum
resolution kernels is that it is more efficient (fewer coefficients needed for the
same quality approximation), while the clear disadvantage is that we have no
closed form solution for the coefficients. Having said that, the tables of coefficients
only have to computed once using SDB and we provide a partial list online?, as
well as a smaller list in Appendix C. Moreover, our approach should become more
viable in practice as SDP solvers continue to improve, allowing to compute the
coefficients of the kernels in higher dimensions and for larger values of r.

4Available at https://github.com/FelixKirschner/Approximation-
Kernels/tree/master/SigmaKernels
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n=2 n=3 n=4
r o? o-f,KPM o? o-g,KPM o? O-E,KPM
1 1.5 - 2.5 3.5 -
2 1 1 2 - 2.9310 -
3 || 0.7378 - 1.5 1.5 2.4561 -
4 || 0.5487 | 0.5858 | 1.1823 - 1.9948 2
5 || 0.4260 - 0.9451 - 1.6354 -
6 || 0.3395 | 0.3820 | 0.7764 | 0.8787 | 1.3605 -
7 || 0.2774 - 0.6474 - 1.1518 -
8 | 0.2299 | 0.2679 | 0.5461 - 0.9901 | 1.1716
9 || 0.1939 - 0.4692 | 0.5729 | 0.8584 -
10 || 0.1655 | 0.1981 | 0.4062 - 0.7524 -
11 || 0.1431 - 0.3556 - 0.6648 -
12 || 0.1248 | 0.1522 | 0.3136 | 0.4019 | 0.5917 | 0.7639
13 || 0.1099 - 0.2787 - 0.5299 -
14 || 0.0975 | 0.1206 | 0.2493 - - -
15 || 0.0871 - 0.2243 | 0.2971 - -
16 || 0.0782 | 0.0979 | 0.2028 - - 0.5359
17 || 0.0706 - 0.1843 - - -
18 || 0.0641 | 0.0810 | 0.1682 | 0.2284 - -
19 || 0.0585 - 0.1541 - - -
20 || 0.0535 | 0.0681 | 0.1417 - - 0.3961
21 || 0.0492 - 0.1307 | 0.1809 - -
22 || 0.0453 | 0.0581 | 0.1209 - - -
23 || 0.0419 - - - - -
24 || 0.0389 | 0.0501 - 0.1468 - 0.3045
25 || 0.0362 - - - - -
30 || 0.0261 | 0.0341 - 0.1022 - -
35 || 0.0197 - - - -
40 || 0.0154 | 0.0204 - - - 0.1363
45 || 0.0123 - - 0.0511 - -
50 || 0.0101 | 0.01352 - - - -

Table 5.1: Computational results for O'f and UfKPM for different values of n and
r obtained by solving (5.29).
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Conclusion and outlook

To end this thesis let us give a brief conclusion to reflect on the contributions and
present an outlook for possible research directions. The overarching topic of the
thesis is conic programming, which is a general framework that allows us to for-
mulate a large variety of optimization problems using only a handful of cones.
It is emphasized that the generalized moment problem (GMP) is too difficult to
solve in full generality. Nevertheless, we are interested in finding approximate
solutions for it. The moment-SOS hierarchy for the GMP is defined over the cone
of positive semidefinite matrices, see (1.16). Conceivably, one would like to solve
instances of the moment-SOS hierarchies corresponding to levels as high as possi-
ble. However, the size of both the primal (1.16) and the dual (1.15) semidefinite
programming (SDP) relaxation grows rapidly with the level and the limit cases of
solvable problems involve n x n matrices of size n ~ 1,000 and a few tens of thou-
sands of constraints. The first contribution of this thesis is to address this particu-
lar problem by constructing an algorithm more suitable for large scale instances of
SDP in Chapter 2. The main advantage of the presented algorithm is its suitabil-
ity for parallelization. Since the average number of cores in modern processors
is constantly rising, we believe that this feature will prove advantageous in the
future. An efficient implementation of the algorithm and numerical experiments
are still needed to prove its superiority to existing software. The underlying idea
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of performing subroutines of the interior point method (IPM) in more tractable
cones and rescaling the problem is surely not bound the factor width cone alone.
Possible future research directions include the analysis of other tractable cones
which allow a similar scheme, like the cone of diagonally dominant matrices, see
[RSS22].

In Chapter 3 we consider two approximation hierarchies for the GMP over the
simplex A,_; and the sphere S"1. The contribution is of a theoretical nature by
providing a convergence rate analysis of the hierarchies. Convergence hierarchies
of this kind and their convergence analysis remain an active field of research, as
many questions regarding theoretical guarantees remain open. For general un-
derlying sets the quantitative Positivstellensatz from Baldi and Mourrain [BM22]
can be used to derive a bound on the rate of convergence similarly to the proce-
dure discussed in Chapter 3. However, the resulting convergence rate guarantees
are very weak. To obtain stronger results more information about the underlying
sets must be taken into account. The moment-SOS hierarchies of lower bounds
often exhibit so-called finite convergence, meaning the optimal value is achieved
for a finite level. In fact, Nie showed in [Niel4] that the moment-SOS hierarchy
for polynomial optimization problems exhibits finite convergence generically, that
is under some mild assumptions on the global minimizers of the problem. This
implies that in practice these hierarchies behave better than some of the theoret-
ical results might suggest. Getting a better understanding of the cases and the
orders at which the finite convergence takes place is a promising future research
direction.

Chapter 4 deals with the problem of pricing options when information about
observable data is available. It is known that this problem can be modeled as
a GMP over the non-negative orthant, i.e., R, with (piecewise) polynomial data
functions. In practice option pricing problems are usually solved using numerical
techniques like Monte-Carlo simulations [SC23, JL11]. Our main goal is to pro-
vide a framework based on semidefinite programming which provably converges
to the optimal bounds. For this we prove that, under a mild assumption, the
optimal solution of our problem is attained, which allows us to consider an equiv-
alent GMP with compact underlying set. The moment-SOS hierarchy is known to
converge when the underlying set satisfies an assumption slightly stronger than
compactness. Our intention is to spark the interest in using hierarchies like the
one we proposed in practice. We believe there are cases in which the solution
obtained via solving moderately sized SDPs can be superior to using common
techniques such as Monte Carlo simulation based methods. This, however, is yet
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to be demonstrated. The relaxation of the non-compact case, which is treated
in Section 4.5 was rather numerically unstable. The relaxation is based on inner
approximations of the truncated moment cone. Convergence analyses for such
relaxations with several underlying sets were studied by Laurent and Slot, see
Lucas Slot’s dissertation [Slo22a] for a collection of results. Even though conver-
gence guarantees for hierarchies based on inner approximations of the moment
cone are often better than for outer approximations, the convergence behavior
and numerical stability in practice is much worse, which is certainly a topic we
would like to understand better in the future.

Finally, in Chapter 5 we use SDP techniques to compute multivariate polyno-
mial approximation kernels which lead to uniform approximation of continuous
but non-differentiable functions on the hypercube. To avoid unwanted oscilla-
tions we consider non-negative kernel functions of minimum resolution. In the
univariate case there is a closed form solution of the optimal kernels. These ob-
jects are frequently used by physicists in practice. For the multivariate case usually
products of univariate kernels are used. We provided a framework which allows
for the computation of multivariate minimum resolution kernels via SDB. which
we show to be superior to the product of univariate kernels. We hope to encour-
age physicists who tend to use products of univariate kernels in practice to make
use of the multivariate minimum resolution kernels we provide online, as they
are provable better than product kernels. It is not clear if there exists a closed
form solution of the kernel coefficients in the multivariate case. Here again the
scalability of SDP is the key to numerically obtain optimal kernels of higher orders
and more variables.
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Interior Point Methods

In this appendix we will review a class of algorithms called interior point methods
(IPMs), which can be used to solve (finite dimensional) conic optimization prob-
lems [NN94]. These algorithms gained widespread use in the past few decades for
multiple reasons. For one, they can solve large-scale linear optimization problems
efficiently with good accuracy, where other algorithms like the Simplex method
may fail to do so. Moreover, the increasing computational power of modern
computers made them suitable for solving medium-sized semidefinite programs,
which are known to provide good bounds on NP-hard problems [GW95].

Our exposition follows [Ren01] closely and may be skipped by readers familiar
with the topic. Throughout this section f : Dy € R" — R will denote a twice
continuously differentiable function whose gradient and Hessian we denote by
g(x) and H(x), respectively. The domain Dy of f is assumed to be an open,
convex set and f is such that H(x) > 0, i.e., the Hessian is positive definite for all
x € Dy. Note that this implies that f is a convex function. We associate a local
inner product (u,v), := (u,H(x)v) with f, where (-,-) is some reference inner
product on R". Even though (-, -), depends on the Hessian of f at x, we indicate
the local inner product solely by x since f will remain fixed. Note that since we
will assume that H(x) is positive definite for all x € Dy the local inner product is
well-defined. In fact, all inner products in R" arise this way. With respect to the
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local inner product (-,-),, the gradient of f at y becomes H(x) 'g(y) and the
Hessian is given by H(x) 'H(y). The local inner product induces a local norm,
which we denote by || - ||,.. With respect to this norm we define

By(y,r):={z eR": [lz—yll, <r},

i.e., all points in R" whose distance to y measured by the local norm at x is less
than r > 0.

Definition A.1. A functional f is called (strongly non-degenerate) self-concordant
if for all x € Dy we have B, (x,1) € Dy, and if whenever y € B,(x, 1) we have
vl 1

VIl = 1=y —xllx

We will denote the class of self-concordant functions by SC. The class of func-

I—|ly —x|ly < for all v # 0.

tions defined this way play a crucial role in optimization as they exhibit many
useful properties. For instance, adding a linear functional to a self-concordant
function f does not affect its self-concordance, i.e., if f € SC then the functional
x — {(c,x) + f(x) € SC for any c € R". Similarly, restricting f to an affine sub-
space L, which we denote by f|;, leads to a self-concordant function, i.e., f|; € SC.
Both these claims follow from the fact that the mentioned transformations leave
the Hessian of f unchanged. A functional f is called a self-concordant barrier
functional if f € SC and

¢ := sup ||H(x)_1g(x)||}zc < 00. (A.1)

x&Dy

We refer to ¥; as the complexity value of f. Let SCB denote the set of self-
concordant barrier functionals. Nesterov and Nemirovskii [NN94] proved that
¥ > 1forall f € SCB. A crucial property of the functions in SCB is stated in the
next theorem.

Theorem A.2 (cf. Theorem 2.3.3. in [Ren01]). Let f € SCB and x,y € Dy. Then,

(g(x)ay_x> <ﬁf

Self-concordant barrier functions can serve as penalty functions for convex
cones. If Dy is the interior of a convex cone K and f € SCB then for any x €
Dy we find that f(x) < oo and for x € 9K, i.e., on the boundary of the cone
we have f(x) = oo. This property can be exploited to avoid leaving the cone
when approaching its boundary, where we know every optimal solution to a conic
optimization problem will be attained.
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A.1 The central path

Let f € SCB be a barrier function for a convex cone K and say our aim is to solve
a conic optimization problem of the following form

val = inf (c, x)
s.t.{a;, x) = b;,i €[m] (A.2)
x e k.

Let L ={x €R" :(a;,x) = b;,i € [m]}. Consider now the following sequence of
optimization problems for n € R,

2 = argmineynp, f(x) = n{c, x) + £ (x). (a3)

The collection of minimizers for all > 0 is called the central path and is an
analytic curve in L N Df. Every point on the central path is feasible for (A.2) and
provides an upper bound on the optimal value val. At the end of this section we
will provide a proof that z,, converges to a minimizer of (A.2) for n — oo. Given

some ¢ > 0 interior point methods approximate a sequence z . of points

3B e
on the central path with ng < n; < ... until a feasible point x’n (;s f?)lund such that
(c,x’) < val+¢. There are many ways to achieve this, and we will present two in
the following. The first is conceptually easy to grasp, while the second one works
better in practice and builds the foundation to the algorithm we develop in the
Chapter 2. We close this section with a proof that z, converges to a minimizer
of (A.2) for n — oo. Evaluating the gradient g; of f|;, i.e., f restricted to L
at a point z,, on the central path we find for P; being the orthogonal projection

operator onto L with respect to the reference inner product (-,-) that

g1(z,) =—mPyc,

since 2, is the minimizer of (A.3). Hence, for any y € Df N L it follows by Theo-
rem A.2 that

{c.2p) = (e, y) = —(Prg(z,), ¥ —2p)

where we used the fact that we can write ¢ = P;c + ¢/, with ¢’ € L*. Finally, we
deduce 1
val < (c,z,) < val + —1;.
n

Since ¥ is finite if f € SCB, the claim follows.
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A.2 Newton’s method

In this section we introduce Newton’s method for minimizing functionals. Let f
be the function to be minimized and x(© e Dy be given. Newton’s method works
by iteratively minimizing the quadratic approximation of f at x®) fori =0,1...
and defining x*1) as the minimizer. Let us define the quadratic approximation
q, of f at x as

1
G() = FO+ {80,y —x) + S {y —x, HOO(y —x)).
Given x(® Newton’s method asks for the minimizer of g, i.e.,

x@® = argminy cp g, (y)

and proceeds by using this point as the starting point for the following iteration.
Reiterating this process one obtains a sequence of points {x®};cy. It is well-
known that Newton’s method does not converge to the true optimum in general. It
can be shown, however, that if the given starting point is sufficiently close to a local
minimum, then the procedure converges to this minimum. Note the following
proposition about the gradient and Hessian of the quadratic approximation of f.

Proposition A.3 (cf. Proposition 1.6.1 in [Ren01]). The gradient of q, at y is
given by g(x) + H(x)(y — x) and its Hessian is H(x), with respect to the reference
inner product.

Since we are looking for an extreme point of q,, and we have a formula for
its gradient, we can enforce the necessary condition at the minimizer, call it x™.
We have

g(xM) =g(x)+HX)(x"—x)=0.

Suppose f is such that its Hessian is positive definite for all x € D;. It follows that
xti=x—H(x) tg(x)

(this expression is independent of the reference inner product). For further refer-
ence we define the Newton step at x as

n(x)=x"—x=—H(x) " g(x).

For generic optimization problems the gradient and Hessian are usually not
available in closed form or too difficult to compute. In special cases however, such
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as, e.g., LP and SDB there exist self-concordant barrier functions for the underlying
cones whose gradients and Hessians can be computed efficiently. This implies that
interior point methods are suitable to tackle conic optimization problems of this
kind.

Let us continue by analyzing Newton’s method. For this note the following
theorem.

Theorem A.4 (cf. Theorem 1.6.2 in [Ren01]). If z minimizes f and H(x) is in-
vertible, then

1
[z — x| < [lx — =] IIH(X)_lllf IH(x + t(z —x)) —H(x)|| dt.
0

Essentially, this theorem implies that if a point x is close enough to the mini-
mizer z of f then the result x* of an iteration of Newton’s methods lies closer to
z than x. The following results will be crucial to our analysis.

Theorem A.5 (cf. Theorem 2.2.2in [Ren01]). If f € SC,x € Dy and y € B,(x, 1),

then 5
lly —xII3

(1 =1lly —xlly)
Theorem A.6 (cf. Theorem 2.2.3 in [Ren01]). Let f € SC and x € Dy. If 2
minimizes f and z € B,(x, 1), then

f () —q. )< 3

|lx —=2|I3
Ix™ =2l £ ———.
1—|lx—z=ll,

The following theorem will allow us to decide whether a given point x is close
to the minimizer of f in terms of the Newton step at x. The quantity ||n(x)||, is
also known as the Newton decrement at x; see Definition A.8 below.

Theorem A.7 (cf. Theorem 2.2.5 in [Ren01]). Assume f € SC. If ||n(x)|], < %
for some x € Dy, then f has a minimizer z and

JSNPR [(Col
=TIl

Thus,
3|In(x)12

(1—=lIn()l )3

|lz = x|l < [lnCx)llx +
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Newton’s method on subspaces

Suppose we want to use Newton’s method to minimize a function f|, i.e., a func-
tional f restricted to a subspace L C R". Let P; be the orthogonal projection of
R" onto L with respect to the reference inner product (-,-). The gradient and
the Hessian of f); are given by P, g(x) and P, H(x), respectively. Therefore, the
Newton step at x € L N Dy is given by n;(x) € L such that

ny(x) =—(PLH(x))'Prg(x) & P(H)n(x)+g(x)) =0,

i.e., byavector n; € L such that H(x)n; (x)+g(x) is orthogonal to L. Suppose L is
the nullspace of a linear operator A : R" — R™, then we cast these two restrictions
as a linear system:

H(x)np(x)+g(x)=A"y
An;(x)=0.

Newton decrements for functions restricted to subspaces

The convergence rate of interior point methods depends on the so-called Newton
decrement.

Definition A.8. If f : R"™ — R has a gradient g(x) and positive definite Hessian
H(x) > 0 at a point x in its domain, then the Newton decrement of f at x is
defined as

A(f,x) = 1/ {g(x), g (x)) = 1lg (e = [In(O)l,

where we define g, (x) = H}(x)g(x), i.e., g,(x) is the gradient of f at x with
respect to the (-, ), inner product.

For self-concordant functions f, a sufficiently small value of A(f,x) implies
that x is close to the minimizer of f see Theorem A.7, where the estimates are
given in terms of the Newton decrement.

If a self-concordant function f is restricted to a (translated) linear subspace
L, and denoted by f|;, then the Newton decrement at x becomes

A(fi,x) = 1Py H ' (x)g (s

where || - ||, is the norm induced by the inner product (u,v), = (u, H(x)v), and
P, . is the orthogonal projection onto L for the || - ||, norm; see [Ren01, § 1.6].



Chapter A. Interior Point Methods 135

Note that we have

A(f,x) = (g(x), H 1 (x)g(x)) /2 = (g(x), —n(x))/?

= {nC), () = Il = sup (d, ().,

where n(x) is the Newton step at x, i.e., n(x) = —H(x)*g(x). Hence, restricting
the function f to a subspace L we find

A(fi,,x) = sup (d,P, n(x)), = sup (d,n(x)),

[ld ] =1 Hl(fille]
€
(A4)
_ sup BNy (Dm0 gy g e 1 o
otder  Ild|ly I1d]l

A.3 Short-step method

Let now Dy = {x € K : {(a;,x) = b;,i € [m]}. In the following we assume a
point x(® is given, which is close to a point 2y, on the central path in the sense
that Newton’s method started at x(©) converges to z,,. The method produces a
sequence of points which all lie close to the central path, by taking short steps,
hence the name. Essentially, the algorithm works by increasing the parameter 7
by a specified safe amount and using one iteration of Newton’s method to obtain
a new point near the central path corresponding to the increased 1 value. This
point will serve as a starting point for the next iteration, where 7 is increased
again by the safe amount. This procedure is repeated until a satisfactory solution
is found. In the following we will assume that only a single iteration of Newton’s
method is applied, i.e., starting with x close to 2, We set

x (D) = 5@ g i (5 (D),
where the Newton step with respect to 7) is defined as

n"(x) :=—H(x)™" (ne + g(x)).

Some caution is required when increasing 7, to 11;. If we choose 1, too large with
respect to 1, then xM) may fail to approximate 2y, To avoid this situation, we
will derive an amount k which is so that when n; = Kno, then x(M is close to Zn,
Conceivably, the length of the Newton steps n"(x®) will decrease the closer x(®
is to 2, This relation provides a tool of measuring distance to the central path.
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We say a point x is close to a point z,, on the central path if the Newton decrement
A(fyy,x) =|[n"(x)||, is small. For the time being, we will consider the concept of
smallness and defer quantification until later. Let x(*) be close to 2y, in the sense
that A( fno,x(o)) is given and small. Now increase 7, to k1 =: 17;. Our aim is
to come up with a suitable value for «, such that A(f,,,, xM) is still small. The
Newton step taken from x(©) with respect to the increased 1 value will be given
by n (x(?)). We can relate the Newton steps for 1, and 7, in the following way

nM(x)= M —n"(x)+ (%—1)&(()(), (A.5)

where we set g,(x) := H(x) 'g(x). This equality is easily verified. Using the
triangle inequality we obtain

A0 = I (Ol < LA (fypo0) +

——1’ \/_ (A.6)

We want to find a value of x such that if ||n*"(x(©)|| . is small, then
[|n*M0 (x(M)]| L is small. The following theorem lets us upper bound the latter
expression in terms of the former.

Theorem A.9. [see, e.g., Thm. 2.2.4 in [Ren01]] Let f € SC. If A(f,x) =
[In(x)|l, <1, then
el

lInCGe)ller < (1 —[In()

If [|n™ ()|l < 1

2
[In (x )]0 )

1—[nm (x©)] [0

I (M) < (

With these tools we can upper bound A(f, l,x(l)) in terms of A(f,, O,X(O)). Let
A( Fros x9)) < a, for « to be determined. Then, by (A.6) we have

A(fm,x(o)) <pB:=xa+(xk— 1)\/1?—f.

Suppose we find values for a > 0 and x > 1 such that § < 1 and

() s
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Then, using Theorem A.9 we find

A(f,,x@) ) B \?
(1) m
Alfy,»x )S(—l—A(fm,X(O))) S(—l—/s) <a.

Choosing
1

1
I —— L
+8max{1, \/ﬁ_f} +8\/'6‘_f

and a := 1/9 we find these relations satisfied.

K:=1

Complexity

Recall from Section A.1 that (c,z,) < val + %ﬁf. Hence, to achieve a solution
x approximating z, such that (c,z,,,) < val + ¢ one must increase 1 from 7, to
n =19 /e. If at each step « is chosen as exactly 1+ —L_ we find that the number

57

K of steps required to increase 7, to some value 1 > 7 is

__ log(n/ny) B
~log1+1/8,/5;) 104/8 log(n/m0) = O(y/ By log(n/no))

Thus, the number of increases needed to approximate an g-optimal solution is

o(ores( )

The question remains what is the quality of a solution x approximating z,. Let

x now be an arbitrary point in D¢ N L. By the definition of self-concordance we
have that B, (x,1) € Dy, and thus x — tc, € Dy for all t € [0, ||cx||;1), where
¢, := H(x) lc. Plugging P, (x — tc,) into the objective function we find

val < (c, P, (x —tcy)) = ||Prc, |l < {c,x)—val. (A.7)

It follows for every y € L that

[[Pcsllx 1y — xlx
(c,x)—val

(c,y)—val =1+ (PLCx>y_x>x

= <1+
(c,x)—val (c,x)—val

< 1+|ly — x|l
Therefore, we find that

1
(e,y) < val+ 5 (1+1ly —2lls, ).
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meaning the objective value for any feasible point y is bounded in terms of its
distance to the central path. Now, suppose that x is returned by the algorithm for
given 7). Then by the choice of a = 1/9 we know that ||n"(x)||, < 1/9. Applying
the second part of Theorem A.7 we get |[x —z,||, < 1/6. Recalling the definition
of self-concordance (and setting v = x — z,) note that z, € B,(x,1) and thus

||x_zn||zn 1

Tzl ~ 1Tzl ol ST/

We will close this section with the following remark about the maximal de-
crease in objective value that can be achieved in on iteration of the presented
method. Let x € Dy be the current point and n"(x) the corresponding Newton
step. The decrease is then given by

1
{c,x) —(c,x +n"(x)) = (cy, n"(x))x < lleyelly [y < Z”CxHx; (A.8)
where we used (A.5) to bound

1

45

<22
8

O |+~
| =

lIn?Co)ll, = |

1 n/x 1
(1+8\/ﬁ_f)n (X)+8ﬁgX(X)

because ||n"*(x)||, < 1/9 by construction and ||g,(x)|], < 4/ U by definition.

X

A.4 Predictor-Corrector method

In this section we present the predictor-corrector method, which will serve as the
foundation of the algorithm we introduce in Chapter 2. The method consists of
two phases. In the first phase, called the predictor phase, a feasible point is pro-
duced which reduces the current objective value. This point is not necessarily
close to the central path. In the second phase, called the corrector phase, a se-
quence of points with the same reduced objective value is generated such that
the distance to the central path of each point in the sequence is less that its pre-
decessor’s. Once a point is found which is close enough to the central path, the
algorithm terminates if it is an ¢ optimal solution, or switches to the predictor
phase to reduce the objective value again, see Figure A.1.

Predictor step

Taking a look at the Newton step at x, i.e., n"(x) = —nc, — g,(x) we find that it
consists of two components. The first, i.e., —nc, reduces the objective value and
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(e;) = (¢ 2p)

Corrector step
.

,

s,
0 Corrector steps
"_:y / P!

A\

L
R
S \ Central path

/‘A S ) ‘J“(U Predictor step
’ N -~ *
. . ~

Predictor step ’ et B

Saal

Figure A.1: Visualization of predictor-corrector method. Initial feasible solution
close to central path (red) is given by x(?). Algorithm performs predictor step
returning y,. Corrector steps are taken until point close enough to central path
(xM) is found. Next predictor step returns new point y,. Corrector steps are
taken until x® is found, which is close enough to central path to perform next
predictor step. After one corrector step the final point x4 is e-close to x*.
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is approximately tangential to the central path if x is close enough to the central
path. The second quantity g, (x) contains information about the curvature of the
central path at x. Given a point x(%) close to a point 2y, on the central path for
some 1 > O the predictor step moves a fixed fraction of the way towards the
boundary of the feasible region in the affine scaling direction, which is given by
¢,©. Let 0 €(0,1) be fixed. To perform the predictor step one computes

s* = sup{s : x©

—5Cy(0 € Df},
SER

and returns y, := x© —s*oc . Let vy = (¢, x(¥). Then we find
vi={(c,y0) = (c,x(o) —s*oc, ) =V —s*allcx(o)IIi(O).

By definition of self-concordance, we have that s* > ||cx(o)||;&)). Hence, choosing
o > 1/4 the decrease in the objective value for the predictor step is at least as
large as the maximal decrease (A.8) that can be achieved by an iteration of the
short step method. Usually, o is chosen to be much larger, e.g., o = .99.

Corrector step

The corrector step takes as input a feasible point y, which is not close to the central
path and returns a point x(!) with the same objective value as y, which is close to
the central path. Let v; = (c, y) and define L(v;) = {x € Dy : (¢, x) = vy, {(a;,x) =
b;,i € [m]}. The corrector step seeks to find the minimum of the barrier f|;(,,),
which clearly is the point z,, on the central path such that {(c,z, ) = v;. This can
be done by iteratively computing y; for k > 1 as the minimizer of the univariate
functional

t = f (Ve + tnpen (1)) - (A.9)

Here, n;,,)(¥) is the Newton step of the restricted functional fi;,,) at y; and
the minimizer can be computed using (exact) line search. This is repeated until
a y is found for which [|n;, \(i)ll,, is small enough, implying y; is close to
the central path and one sets x(!) = y,. To prove this method converges we will
first provide an upper bound on the difference f(y,)— f(z,,) and then show that
each y; for k > 1 reduces this distance by at least a constant amount. For the
termination criterion we claim that if ||n;, y(yi)ll,, < 1/14 we can set x; = Y.
To see this, assume |[n;,)(¥)lly, < 1/14 and note that 2, is the minimizer of
fiL(v,)- Hence, applying Theorem A.7 we find ||z, — yi|l,, < 1/11. Theorem A.6
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applied to the functional f, implies

Iz, — il
TN <9,
1_”27)1 _.yk”yk

I (yilly, < lzn, — yilly, +

which is exactly the threshold we obtained for the short step method.
Let us now prove an upper bound for the difference f(y,)— f(2,,). For this
consider the following identity

Fro) — (=) = (fro) = FO)) + (F(xO) = f(z,,)) + (f(z,) — £(z0) -
;gl ;lgz P3

We will bound these one at a time. For p; we can use the following theorem.

Theorem A.10 (cf. Theorem 2.3.8 in [Ren01]). Assume f € SCB and x € Dy. If
y e Df, then forall 0 <t <1,

fy+tlx—y)) < f(x)—0; log(t).
Note that
yo=xW—os*c, = (x(o) —s*cx) +(1—o0) (x(o) —(x© —s*cx)) ,

which after applying Theorem A.10 leads to f(y;) < f(x®)— ¢ log(1 — o).
Hence, it follows that p; < —1; log(1—0). To bound p, we will use the fact that
for a convex functional f and x, y € Dy we have

fFO)—=F(y) < (g(x),x—y). (A.10)
Clearly,

pa = FxO) = f(z) ) = Fire ) = firy) Eno)
11 1

(0) _ (0 R
< npeg (Do zn, = x| x0 < 411~ 154

Finally, for p; we use (A.10) again to find
ps = f(zn,) — f(z5,) < (—N0C, 24, —25,) = —No(Vo—1) <0,
since g(z,,) = —mnoc. Putting it all together we obtain

1

fm(yO)_fm(an) < ﬁf log(i) + ﬁ



142 Conic Optimization in Finance and Approximation Theory

The remainder of the proof consists of providing a lower bound on the dif-
ferences f(yi) — f (¥k41), i-e., we will show that while ||n);¢, y(y)Il,, > 1/14
the decrease of the function value stepping from y; to y;, is at least a constant
amount, which is to be specified. Recall that by Theorem A.5 we have

Iy —xI
lf () =g < TR
* 3(1—”_)/—X||x)
Let y = x + tn(x) for some x € D;. Then,
t3(|n()|2

|f G+ tn(x)) = g (x + tn(x))| < 3(1—tlln(ll)

Setting t = m the RHS becomes
el /8?1
3(1—t||n(x)|l,) 3(1—1/8) 1344

Moreover, we find that

FO) = F(x + tn(x)) < g, (x + tn(x)) + @

=f(X)+ ——<—(g(x),n(x))

8||n ( M

1 1 2
+a(m) ), HGn(0) +

1
1344

= F(0) = ————— (~H(x) g (), HOn(x)) (A1)
8l

1(1)2 1
+={=) +—
2\8 1344

1 1/1)? 1
= —= +={=| +—
f(x) IIn(X)le 2(8) 1344

—f(X)—%

where the last inequality follows from the fact that by assumption ||n(x)||, >
1/14. The line search returns a value of t which minimizes the functional (A.9).
Hence,

fOke)—fO) = 7= 688"

We conclude that the number K of line searches necessary to move from x¢

k=o(s,108( 1)

0)

to xU satisfies



Symmetry reduction

In this chapter we present the theoretical foundation of a tool which can be used
to reduce the size of convex optimization problems which exhibit symmetries.

B.1 Groups and their representations

We begin by reviewing some concepts from representation theory. Recall that a
group (G, %) is a set G together with a binary operation * : G x G — G such that

e there exists one unit element id such that id «x g = g = g *id for all g € G;

* for every g € G there exists an inverse element g7! € G, e, gxg ! =
g xg =id;

* associativity holds, i.e., for g,h, k € G we have

(g*xh)xk=gx(hxk).

We will be particularly interested in the so-called symmetric group S,,, which con-
sists of all bijections from the set {1,...,n} to itself. For a comprehensive study
of the symmetric group we refer to [Sag01]. The elements 7w € S, are called

143
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permutations and the binary group action is composition. As the elements of S,
permute elements of the set {1,...,n}, a group may be interpreted as acting on a
set. Define an action map a : G x X — X such that the map is compatible with the
group law, i.e., for g,he G, x € X

a(h,a(g,x)) = a(hg,x)

and a(id, x) = x. For an element 7 € S,,, which acts on the set {1,...,n}, we may
simply write a(7,i) = 7(i) = j for the action of 7 on the element i.

B.1.1 Representation theory

Representation theory concerns itself with representing groups in a way that fa-
cilitates their study. Let GL, be the set of all invertible matrices in C?*¢. Recall
that for two groups (G, %), (H,-) a group homomorphism h : G — H is a function
such that for all g;, g, € G we have

h(gy * g2) = h(g1) - h(g2).

A matrix representation of a group G is a group homomorphism X : G — GL,.
Equivalently, for each element g € G there is an invertible matrix X(g) € GL4
such that

* X(8182) = X(g1)X(g,) forall g1,8> €.
Clearly, this property implies X (id) = 1.

Example B.1 (cf. Example 1.2.4 in [Sag01]). The following representation of S,, is
called the defining representation for S,. Let € S,, and define the matrix X(m) €

{0, 1}n><n by
X(m);j = {1 Fal)=,

0 otherwise.

It is easy to see that this is a matrix representation.

If a group G acts on a vector space V, then the action of g € G on an element
v € V can be represented by a matrix X(g), where X is a matrix representation of
g,i.e.,
g(v)=X(g)v, where YgeG,veV.

We continue by defining G-modules. For this let V be a finite dimensional vec-
tor space over the complex numbers C. The general linear group of V, denoted
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by GL(V), consists of all invertible linear transformations from V to itself. Let
dim(V) = d. Choosing a basis for V, every linear transformation can be written
as a matrix and hence GL(V) and GL, are isomorphic as groups.

Definition B.2. Let V be a vector space and G be a group. If there exists a group
homomorphism
p:G— GL(V),

then we call (V, p) a G-module.

Further, we call two G-modules (Vy, p;), (Vs, p5) equivalent, if there exists a
linear homomorphism ¢ : V; — V, such that p;(m) = ¢ o p,(m) 0 ¢~ for all
n € G. We now aim to study how G-modules can be decomposed into simpler
objects.

Definition B.3. Let V be a G-module. We call a subspace W C V a proper G-
submodule, if W is a proper subspace of V and W is closed under the action of
g, i.e., for all w € W one has n(w) € W for all © € G. We may also say that W is
G-invariant.

A G-module V is called reducible, if there exists a proper submodule W of V.
If V has as its only G-invariant subspaces the spaces V and {0}, then V is called
irreducible.

Maschke’s theorem states that any non-zero (finite dimensional) G-module
can be decomposed into a finite number of irreducible submodules.

Theorem B.4. (Maschke’s Theorem) Let G be a finite group. If V is a non-zero
G-module, then

k
va@Pwo, (B.1)
i=1
where each W® is an irreducible submodule of V.

Having a decomposition as above, Schur’s Lemma gives insight about the re-
lationship of its constituents.

Lemma B.5. (Schur’s Lemma) Let V,W be two irreducible G-modules and let 0 :
V — W be a G-homomorphism. Then either

* 0 is a multiple of the identity, or

* 0 is the zero map.
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What this lemma tells us is that the components of the Maschke decomposition
(B.1) are either isomorphic or inequivalent. Grouping the pairwise isomorphic
components together into V) we find that for a G-module there is a decomposi-

tion
m;

¢ ¢
— (i) —

v=BvO=DDv

i=1 i=1 j=
with finite m;. For fixed i, the V;; are pairwise isomorphic irreducible G-
submodules, and if i # i, thenIVil, jand V; ; areinequivalent. The decomposition
into the isotypic components V() is unique, while the decomposition into the Vij
is not unique in general.

B.2 Symmetric polynomials

Our interest lies in the case where the set on which the symmetric group acts is
the ring of polynomials in n variables, i.e., R[x]. We refer to [GP04] for more
information of symmetry reduction in polynomial optimization. An element 7t €
S, acts on a polynomial p € R[x] by permuting the (indices of the) variables, i.e.,
nn(p) = p(n(x)) = p(xr@1), - - > Xr(n))- We call a polynomial invariant under S, if
n(p) = p for all = € S,,. Furthermore, we define the set of symmetric polynomials
as R[x]%". Given a polynomial p € R[x] we can symmetrize it with respect to a
group G using the Reynolds operator

R(p) = — > m(p).

91 &2

If the group is clear from the context we may omit the superscript and simply
write R(p). The symmetry reduction for trigonometric polynomials, i.e., the case
we considered in Chapter 5 works the same as the one carried out in the follow-
ing. Essentially, our goal is to block-diagonalize a matrix M > 0 whose rows and
columns are indexed by a € N and is invariant under S,;, i.e., My g = M(q) (p)
for all m € S,,. Whether this matrix gives rise to a sum of squares in the ordinary
or the trigonometric framework makes no difference.

B.2.1 Block-diagonalization

Our aim from now on is to construct a basis which allows us to block-diagonalize
the SDP formulation of a symmetric polynomial optimization problem of the fol-
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lowing form
min (C, M)
s.t. [x]T M[x], = p(x) (B.2)
M =0,

for a polynomial p € R[x]% and given C € S™. The idea is roughly as follows.
Sums of squares of degree less than 2r can be written as [x]rTA[x]r = (A, [x]r[x]rT)
for a positive semidefinite matrix A, where [x], is a monomial basis vector,
e.g., as defined in (1.12). The idea of the block diagonalization is to find a
change-of-basis matrix B such that we can write symmetric sums of squares as
R(B'[x]AB[x],) = (A, R(B[x],[x]'B")) for A = 0 where R(B[x],[x]'B")
is a block-diagonal matrix and the Reynolds operator is applied entry-wise. Let
Bi,...,B; be the blocks of R (B [x]r[x]rTBT). Then we can write a symmetric sum
of squares p(x) as
¢

p(x) = (AR (B[x],[x]TB")) Z
=1
for A > 0 and the A; are the blocks of A corresponding to B;. In the final decom-
position we may find multiple copies of the same blocks B;. By convexity, we can
assume that the corresponding A; are identical as well, allowing us to delete all
but one of the copies. It is therefore enough to enforce the psd constraint on the
blocks A; instead of the whole matrix A. This can result in a significant decrease
of the size of the underlying SDP We will interpret R[x], as an S,- module. Then
we can use a structured decomposition as in (B.1) to obtain a so-called symme-
try adapted basis, which leads to a block-diagonal A. Let V be a G-module with
associated orthogonal representation p : G — GL(V). We know there exists a
decomposition of V as follows:

V=m1V163~-~63mng
:(Vl’l@...@Vl)ml)@...@(vl’l@...@Ve’mz)’

where for fixed i € [{] the irreducible n;-dimensional modules V; ; are equivalent
for all j € [m;] and Vj ,V;, are inequivalent for i # j. Let a basis for V; be
given by

Vik= span{s;’k cj=1,...,n;}.
This basis can be chosen to be orthonormal with respect to the standard inner
)T

product (sj.’1 sé,l = 8;,. For fixed i let ¢; : G — O(n;) be an orthogonal repre-

sentation of the irreducible module V;.
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We call a basis of V given by
= {s}, i€[t],j €n] ke m;]}

a symmetry adapted basis if the bases of the pairwise equivalent copies V; ; trans-
form according to the same orthogonal representation ; we are about to define.

In other words, B is a symmetry adapted basis, if for fixed i € [£] and all
k € [m;] the vector of basis elements (s sfli’k) satisfies for all g € G

Lo
p(g)sy Sk
P(8)s5 S5,
. = p;(g)
p(g)s:.li,k Shok

i

On the left-hand-side we have a vector of images of elements of V under p. On the
right-hand-side we can interpret ¢; as a basis transformation, where the output
is a vector of linear combinations of basis elements of the submodule V; ;. As p is
orthogonal by assumption, we can assume that the given basis B is orthonormal,
ie.,

. . . T .
B ) — (1 )
(sjl,kl’sjz,k2> - (Sjl,kl) sjz,kz 5{11,11,k1} {ig.j2.ka}

When dealing with polynomials up to a fixed degree r € N that are symmetric
with respect to a group g, i.e., R[x],, the situation is essentially the same. We
can view R[x], as a vector space over R of dimension s(n, r), where we associate
to each polynomial its unique coefficient vector. Then R[x], becomes a G-module
for suitable p : S, — GL(R*™"). The following theorem states that rewriting
a sum of squares problem in a symmetry adapted basis block-diagonalizes the
problem into Zle n; blocks, i.e, for each i € [£] there are n; blocks of size m; x m;.
Moreover, there will be n; copies of the same block for every i € [£]. It is therefore
enough to consider £ blocks of size m; x m;.

Theorem B.6. (see [Bro22, Theorem 7.8], cf [GP04, §5]) Let f € R[x]Y be a G
invariant polynomial that can be written as a sum of squares, where each term has
degree at most r. Let {s;.’k eR[x]:ie[L],je[n;],k €[m;]} be an orthonormal
symmetry adapted basis of R[x], (as a G-module). Then,
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for h; € N. Equivalently, we can write

for A; € ST and
Si - (R(SllykSll’l))k,lzl ..... m;
] o CNT T
where we define R(s] ,s],) == R((s’l k) [x][x], ] e).

For a detailed proof of this statement we refer to [Bro22].

B.3 Specht modules

The ring of polynomials R[x], under the action of the symmetric group becomes
an S,-module. Our goal is to decompose this module into its irreducible compo-
nents and construct a symmetry adapted basis to block-diagonalize a given sym-
metric optimization problem. The motivation is that irreducible modules of a
group G correspond to the conjugacy classes of G. As we will see, the conjugacy
classes of S, are given by the so-called cycle-types, which correspond to partitions
of n.

B.3.1 Partitions and cycle types

When characterizing elements of S,,, we will find that it is useful to associate an
element 7 € S, with its cycle type. Given © € S,, we can represent its action by
fixing one element i € [n] and considering the cycle

n(i), ©2(0),..., 71D,

where k is such that 7¥(i) = i. Taking next an element j € {1,...,n} \ {n™() :
m=1,...,k—1} we can reiterate this process until we have captured all elements
as part of exactly one cycle.

Example B.7. Consider the permutation T € S5 defined by
n(1)=2,n(2)=1,n(3)=5,n(4) =4,n(5) =3.
The corresponding cycles are given by

(1,2)(3,5)(4).
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We define the cycle type of a permutation as
(1™,2™M2 .  n™)

where m; denotes the number of cycles of length i for the given permutation. For
the above example this would be (1!,22,3°,4° 5%). We continue by defining a
partition of n.

Definition B.8. A partition A = (A4,...,A;) of an integer n € N is defined as a
weakly decreasing sequence consisting of positive integers such that

Z)Li=n.

i=1
We write A F n if A is a partition of n.

Cycle types correspond to partitions when they are sorted by the size of the
cycles. In the aforementioned example the corresponding partition would be A =
(2,2,1). We call two elements a, b € G of a group (G, *) conjugate if there exists
g € G such that a = g %« b % g~'. Conjugacy is an equivalence relation. The
corresponding equivalence class is called conjugacy class. Two elements 71,0 € S,
are in the same conjugacy class if and only if their cycle types are equal. This
means the conjugacy classes of S, may be identified with the set of partitions of
n.

For a permutation 7 we can define its sign, denoted by sgn(7t) in the follow-
ing way. Consider the conjugacy class of transpositions, i.e., elements of S, of
cycle type (1°,21,3°,...,n°). These are all permutations swapping exactly two
elements in {1,...,n}. Every permutation 7 € S,, can be written as the composi-
tion of transpositions. Let m = 7;... T}, where 7; is a transposition for i € [k].
Then

sgn(m) = (1)K

It can be shown that this is well-defined. We will make use of these concepts later
when we show how to block-diagonalize a symmetric optimization problem of the
form (B.2).

The whole point now is to decompose the S,-module R[x] in its irreducible
submodules to achieve the block-diagonalization presented above in Theorem B.6.
For this we need to define Young tableaux.
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Definition B.9. Given a partition A F n with A = (A4,...,A;) a Young tableau
consists of k rows aligned to the left containing A; elements each. All numbers
{1,...,n} occur exactly once in a Young tableau. A Young tableau is called a
standard Young tableau if all rows and columns are increasing.

Example B.10. Let A = (4,2) with n = 6. Then a Young tableau is given by

213

For the same A a standard Young tableau is given by

1[2]3]4]

t=56 .

A permutation © € S, acts on Young tableaux by replacing the elements in
the cells by their images under . We call two Young tableaux row equivalent,
if the elements in the respective rows are the same. For a given Young tableau t
the class of row equivalent Young tableaux is called a tabloid and denoted by {t}.
Tabloids are display with horizontal lines only. For example, consider the tableau

1|3
t=|2|5],
4]
then we write
1(3]|3(1][1[3](3]1 13
{t}={25,25,52,52}=25,
4 4 4 4 4

to indicate the order of the elements within each row does not matter. Note that
for any m € S, we have that n{t} = {nt}.
With these object we can define permutation modules.

Definition B.11. Let A I n. The permutation module M* corresponding to A is
the S,-module defined by

M* :=span{{t;},..., {t}},
where {t,},...,{t;} is a complete list of A-tabloids.

Since the {t1},...,{t;} form a complete list of A-tabloids, it is clear that the
resulting vector space M* is an S,-module. Note that a permutation module is not
irreducible in general. It can be further decomposed into so-called Specht modules.
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These objects are pairwise inequivalent and constitute a full set of irreducible
submodules of the symmetric group. The next step is show how to decompose
permutation modules into Specht modules.

For A - n consider a Young tableau t and let Cy,...,C; denote the columns of
t. Then the group C; =S¢, X -++ x S, is called the column stabilizer of ¢, where
Se, is the symmetric group over the content of column i. The column stabilizer
allows us to define polytabloids.

Definition B.12. Let A I n and t a Young tableau of shape A. Then we define the
polytabloid e, as

e, 1= Z sgn(m){mt}.

neC,
It is clear that for a given t with corresponding A that e, € M*.

Definition B.13. Let A F n. The Specht module corresponding to A is
s* :=span{e, : t is a tableau of shape A} .

Clearly, for a partition A the Specht module S* is contained in the permutation
module M*. To describe all Specht modules that are contained in a permutation
module M* we need to define the domination ordering of partitions.

Definition B.14. Let A, u - n. We say u is dominating A, writing u > A, if
H1++‘U;lZAl++ll foralliZ 1,
where we set u;, A; = 0 if i is not contained in their index set.

Consider now a generalized tableau t, i.e., a tableau where we allow for re-
petition of entries. Such a tableau is called semistandard if all entries along the
columns are strictly increasing and along the rows are weakly increasing. For a
given generalized tableau t we define the content of t to be the array u where u;
is the number of occurrences of i in t. Take for example the generalized semis-
tandard tableau

1[3]4]4]
414
56

QN U W[

The content is u = (2,0,2,4,2,2). Important for us are the semistandard
generalized Young-tableaux for which the content is a partition itself. Given a
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generalized semistandard tableau t of shape A it is not difficult to see that if the
content u of t is a partition, then A > u. The following theorem states how
permutation modules decompose into Specht modules.

Theorem B.15. The permutation module M”* decomposes into the (irreducible)

M* = PK,a8",

u=A

Specht modules

where the multiplicities are given by the Kostka-numbers K5, which is the number
of semistandard generalized Young-tableaux with shape u and content A.

Note that above the S* are pairwise inequivalent, and for m € N we recall

mS*=S"®---®S".
SN—_———

m times

We will now show how to construct a symmetry adapted basis when V = M*.
Let T be a generalized semistandard Young tableau of shape y and with content
A. This object defines an isomorphism ¥ : M — M? in the following way. Let
t be a Young tableau of shape u which we intend to send to a tableau of shape
A. Define t(i, j) to be the entry in row i column j of t. Mapping t(i,j) of t to
the row given by the entry T (i, j) will result in a tabloid of shape A. Moreover,
summing these up over all elements in {T} we get a function that is constant over
all elements of {t}. Given a Young tableau t of shape u and T a generalized Young
tableau of shape u and content u we define t[T]' as the tabloid of shape A where
we find each entry (i, j) in row T(i, j). We define

B MH - M*
{th> > {11}

T'e{T}

Example B.16. Let u =(3,2,1) > (2,2,2) = A. Then there are two semistandard
generalized Young tableaux of shape u and content A, namely

1]2]
3| and T, =

1[3]
2

T1=

[wo[po] =

(][

'This notation was introduced in [Bro22].
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Let us demonstrate what 07, does. For this, let

1[2]3]
t=\|4|5
6]
Then,
12317T112 13 2 3 12 13 2 3
4 5 - 34 +24+14+35+25+15
6 56 56 56 4 6 4 6 4 6

For a given u the image of the Specht module S € M* under the homomor-
phisms defined by generalized semistandard tableaux of shape u and content A
decompose the permutation module M* fully into irreducible submodules. Note
that there will be many copies of the same Specht module in the final decompo-
sition.

“Recipe“:

Let us construct a symmetry adapted basis with respect to S, for R[x],.

Step 1: Decompose a given basis of R[x], into orbits of S,, and identify which
partitions they correspond to. For a monomial x* the corresponding orbit is de-
fined as O(x*) = {x°(® : ¢ € S,,}. For each orbit we can choose a representative
monomial x* such that a is sorted, i.e., a; < a; < --- < a,. We will denote the
corresponding orbit by @, or O(x*). Clearly, we have that span{x” € 0,} is an
S,-module. The next step is identify orbits with permutation modules. Let O, be
an orbit. Now define the set Z := {j : a; = j for some i € n}, i.e., the set of all ap-
pearing exponents in the monomial x*. Further, let b; = [{k : oy =1i;}| for i; € Z.
The vector b indicates how often an exponent i; € 7 appears in the monomial x“.
Assume without loss of generality that b is sorted, i.e., by = by = -+ = bj7. By
construction b is a partition of n. Moreover, b is the partition of the permutation
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module corresponding to the given orbit. For example

span (O(1)) = span(1) ~ M™
span (O(x;)) = span(x,...,x,) ~ MO~LD
span (O(x?)) = span (x?,...,x%) ~ M1
i< j) e M2
3) ~ p(=1D)
i< ]) ~ (2L

span (O(x;x,)) = Span(
span (O(xf)) = span (x:l”,
span (O(xfxz)) = span (xl2
span (O(x;x5x3)) = span (x;xx; 1 i < j < k)~ M"—33)
span (O(XI)) = span (X{, e, xrrl) ~ M(n_l’l).

Example B.17. Consider the monomial xfx§x2x2x2x7 where we assume n = 7.

Sorting the exponent vector we find this is in the same orbit as xfxgxgxﬁxgx()
Therefore, the corresponding partition will be (3,2,1,1), and we can associate it

to a tabloid:

123
3.3.3.2 2 45 (3,2,1,1)
xx2x3x4x5x6<—>£— eEM .
7

Step 2: After identifying the appearing monomials with tabloids we can de-
compose the permutation modules above into Specht modules. For every orbit
0, we do the following. Let M* be the permutation module corresponding to O,
and let {u™, ..., ul} be a complete list of partitions u - n such that u® > A.
Each u® defines a Specht module

sH = spanf{e, : t is a Young tableau of shape u"}.

By Theorem B.6 it is enough to consider a single element in the spanning set
of sH°. Hence, we will for any partition u() only consider the tableau 4 of
shape u® with strictly increasing rows and columns where for each entry we have
t“(l)(ﬁ m+1)= t“m(ﬁ, m)+1lifm+1< ,uﬁi). For every u® let {Ty, ..., Ty} be a
complete list of generalized semistandard tableaux with shape 4 and content A.

Each T; defines a homomorphism ﬁTj : 54 = M*. The corresponding elements

of the symmetry adapted basis are given by ﬁTj(t“(i)) interpreted in terms of the
orbit O,.
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Example B.18. Let n = 3 and say we want to decompose the permutation module
M@V corresponding to the orbit O(x,). We will interpret the images of the Specht
modules, which will be linear combinations of tabloids, in terms of this orbit. We
collect all A such that A & (2,1), i.e, AV = (3),A® = (2,1). Take A1) = (3).
How many generalized semistandard tableaux T with shape (3) and content (2,1)
do exist? Only one, namely
r =[1]1]2].

How many generalized semistandard tableaux T with shape (2,1) and content (2, 1)
exist? Also, only one:

1[1]
AR

T2=

From this follows that the permutation module M@V decomposes as

MDD =g g g21)

We have yet to determine the corresponding map from the Specht module to elements
in R[x]. Let us compute the image of the Specht module S® under Ur,. Note that

S® = span{e, : t is a Young tableau of shape (3)},

ie.,

2

¥ (1 23)= - -

1 13 23
3 2 1
=~ X3 + X9 + Xq.
This polynomial x; + x5 + x5 will be one basis element of the subbasis belonging to
the appearing S® modules. Consider the next Specht module SV, We let
1]2]
3

t =

and T, is the only generalized semistandard tableau with shape (2,1) and content
(2,1). We see that

12 23
&%=3 771 >
and so
12 23
ﬁTZ(et)Z?—l‘—Xs—Xl-

This polynomial will be an element of the basis belonging to S®*1). Similarly, we can
go about decomposing the other permutation modules to obtain a complete symmetry
adapted basis.



Additional notes on approximation kernels

C.1 A note on Jackson kernels

Our exposition here follows closely Section 5.4 of [AC11]. Our goal is to expose
the relations and differences between the Jackson kernel from [Jacl1] and the
one from [WWAFO06].

Dirichlet and Fejér kernels

The story begins with the approximation of trigonometric polynomials. We define
the space of functions f that are Lebesgue integrable over [—m, 7] and satisfy
f(x) = f(x+2m) almost everywhere on R as L; - We further define the £;-norm
on L; ot

IFl = %J £ (Oldx. 1)
TE —1TT

Let us define periodic kernels and approximate identities. A sequence of functions
{x+}ren in L) is called a (periodic) kernel if
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The kernels that we consider are normalized for any r € N, meaning
ffn 2-(x)dx = 2r for all r € N. We say a kernel is non-negative if y,.(x) > 0
for all x € [—m, ] and r € N. We further refer to a periodic kernel as an approx-
imate identity if there exists N € N such that the sequence {y,},>y is bounded in
L;n with respect to the norm defined in (C.1) and moreover,

- T
r1—1>nolo (f |Xr(x)|dx+J |)(r(X)|dX):O,
-7 )

for every 6 € R, 0 < 6 < m. For non-negative kernels, the approximate identity
property therefore implies that the y, approximate the Dirac-6 at zero as r — oo,
More precisely, {y,/2n}, <y may be viewed as a series of probability density func-
tions, where the mass is increasingly concentrated around zero, and that converge
weakly to the Dirac-6 at zero. For a fixed kernel {y,}, <y the convolution with a
function f € L;_, i.e.,

fm(x)::%J f(x—t)xr(t)dt=$J F(Oz(x—0)dt, reN,

defines a sequence of linear operators L, : L%n — L%n forreNviaL.(f):=fx*y,.
If {x,} ey is non-negative and an approximate identity, then lim,_,, L.(f) = f,
uniformly in L, for every f € L} , (cf. [AC11, Theorem 5.4.1]). Let Cy, be
the set of all 2w-periodic real functions that are continuous. A real trigonometric

polynomial of degree r is defined as

-
u(x)=ap+ 22 (ay coskx + by sinkx), x €R,
k=1
for ay,ay,...,a, and by,..., b, are real numbers. A sequence of trigonometric
polynomials can only uniformly converge to a function in Cy,. To approximate
a function f € C,,; by a trigonometric polynomial of degree r one can use the
Fourier coefficients. These are defined as

T
a=a(f)= if f(t)cosktdt, k=0,
—T

1 s
by =bi(f) = %J f(t)sinktdt, k> 1.
—TT

With these coefficients we can define a linear operator S} : Cy, — Cy,, which
returns the r-th partial sum of the Fourier series of f:

SEFIx) = ag(F) +2 ) (ax(f) coskx + by(f ) sinkx),

k=1
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which serves as an approximation of f. This approximation may also be inter-
preted as the orthogonal projection of f onto the subspace of trigonometric poly-
nomials spanned by (cos kx,sinkx) for k =0, ..., r, since this basis is orthogonal
w.r.t. the integral inner product. We can also write S* as

S =5 f flx—t)D,(6)dt, reEN,

i.e., S*(f) = f *D,, where D, is known as the Dirichlet kernel (cf. [Dir29]). More
precisely, for r € N define

.
D.(t):=1+ ZZcos kt.
k=1

To see this note that
1 T
= J f(x—OD.(6)dt
2 J_ .

:if F(OD, (x — t)dt
21 ) _.

= %f_nf(t)(l+2;cosk(x—t))dt

1 (" r
=—f f(t)(l+22coskxcoskt+sinkxsinkt)dt
2n J_ .

i=1
=ao(f)+ ZZ (ar(f) coskx + by (f)sinkx) = S (f)(x),
k=1

where we used the well-known identity
cos(x —y) =cosxcosy +sinxsiny.
In fact, there is a simpler way to write the Dirichlet kernel, namely

sin % (CZ)

D) M, if t is not a multiple of 2,
t)=
' 2r+1 otherwise.

This kernel is not an approximate identity, as it is not a bounded sequence in L;n.
In fact,

4
ID; | = — log(r) + O(1), for r > 0 (asymptotically),
m
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which was shown in [BN71, Proposition 1.2.3]. From this follows that the Fourier
series does not converge uniformly for all functions f € C,, (cf. [AC11, §5.4]).

An improvement is given by the following kernel. Consider for r € N and
x € R the arithmetic means of the partial sum of the Fourier series. We call the
following object the Fejér kernel:

1 r
() = m;Dk(t),

with Dy := 1. A simple calculation shows that

-
k
(pr(t):1+22(1— )coskt,
= r+1

and this kernel can be rewritten as

sin?((r+1)t/2) . . .
o (t) _ st/ if t isnot a multlple of 21
-
r+1, otherwise.
As has been pointed out, one drawback of the Dirichlet kernel is that it is not
non-negative. Taking its square and norming it by dividing by

N dt =2r+1,

2

T sin®((2r +1)5)
n sin
leads to an approximate identity. Consider the normalized non-negative kernel
Py defined as
_sin?((2k + 1)t/2)

lt)= (2k + 1)sin?¢/2

which is the Fejér kernel for even r = 2k. Clearly, the Fejér kernel is a generaliza-
tion of the normed square of a Dirichlet kernel. Note that for this kernel we have
for any r € N that
sup [, (%) £ —————,
5S|X|pS7'C r (r+1)sin%?65/2
which implies, in connection with the fact that the kernel is normed and positive,
that (¢, ),y is an approximate identity.
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C.1.1 Jackson kernels

Let us consider now two kernels A and B. Let the kernel A be a sequence in L; .
defined as
A (x) = a9, (x),

where a, is chosen such that

1 1 ("
— = —f o (t)*dt.
a 2m J__
In that way it is ensured that the resulting function A, is a normalized periodic

kernel. Now, in these terms the kernel A, is fully determined. We can find a closed
form expression for a,

1 1 (i ”sin4((r+1)t/2)dt)_(2(r+1)2+1)
27 sin*t/2 o 3(r+D

a, (r+1)2
This means we can write out the kernel A, explicitly as

3 sin*((r + 1)t/2)

A= (r+12(r+1)2)+1  sin*t/2

This object is sometimes referred to as the Jackson kernel or Jackson Convolution
operator (see, e.g., [AC11]). However, it is not the same object which is called the
Jackson kernel in [WWAF06]. We will denote the kernel from [WWAFO06] as

-
B.(t)=1+ 22 gﬁM coskt, where gﬁM asin (5.12).
k=1

These objects are not the same. To see this consider again the Dirichlet kernel
(C.2) for r = 1. Taking the fourth power leads to

in3x/2*
(M) =(1+2cosx)*
sinx/2
=19+ 32cosx +20cos2x +8cos3x + 2cos4x,

which after normalizing the coefficients by 19 = 1/(2x) f_nn(l + 2cosx)*dx re-
sults in a kernel of the form

4
At) =1+ Zng coskt.
k=1

We compare the coefficients to those of kernel B, in Table C.1.
So the kernels A, and B, are not the same. They are, however, strongly related,
which we will investigate further in the next section.
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kK o] 1 2 3 4
g || 1]0.842]0.526|0.211 | 0.105

KPM
Sia 11 0.866 | 0.583 | 0.289 | 0.083

Table C.1: Comparison of coefficients for A,(t) and B4(t).

C.1.2 Jackson’s original work

In the following we will look more closely at what Jackson did in his PhD thesis
[Jacl1] and a publication [Jac12] in the following year. Let f be a real 27 periodic
function which is Lipschitz continuous, i.e.,

|f Gea) = f (x1)| < Alxy — x4,

for some constant A € R. Jackson defined the approximating function

/2

. 4
I.(x)=h, f(x+2u)(smru) du,

2 rsinu

1 /2 (sin ru )4d
—_— = u
h. _nja \T sinu
He showed that the integrand in the former integral is a trigonometric poly-
nomial of order no more than 2(r — 1). From there it is not difficult to find that

with

/2

. 4
(f(X+2u)—f(x))(Smru) du.

rsinu

Ir(X)—f(X) = hrf

—1/2

Using the fact that the function f is Lipschitz continuous we see that

. 4
M(smru) du. (C.3)

/2

rsinu

11,(0) = fF ()l < ZAhrJ

—1/2

From here, there are two possible ways to proceed. Jackson continued by

arguing
m/2  rsinru)4
ul( ) du
11,0) — £ () szaf‘)m (.”“”‘1
SlIl. ru du
Jo' ()
and then finding estimates for denominator and numerator achieving

4 e sin4udu
11,(x) = f ()] < ol (g) {%.—HS“-
) e

u
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The fraction containing integrals on the right-hand-side is a finite constant:

0 sintu
f 0 u3 du

——————— < 2log(2).

% (222 au

With this he proved that his kernel achieved the best possible convergence rate of
O(1/r), which had been proved earlier by Bernstein [Ber12].
Another possibility

Going back to the fork (C.3) one can also go about this in the following way!

/2

: 4
11, () — f (x)] < thrf |u|(sm.r”) du
_nj2 rsinu
— 22h w2 | (Sinru)z Zdu
N r /2 rsinu
1 1
/2 . 4 2 /2 . 4 2
SZAhr(J uz(sn%ru) du) (J (sn%ru) du)
/2 rsinu _njp \rsinu
1
T uz(smr“ )4du 2
o /2 rsinu ’

where we used Schwarz’s inequality for integrals and the definition of h,. Since

2
—m/2 <u < m/2 we can use u? < 5-(1 —cosu). Continuing, we find

1
1 /2 sinru\* : 1 " sinru\* :
2Ah2 uz( : ) du | <+V2rAh? (1—cosu)( : ) dul .
—n)2 rsinu e rsinu

Here we changed the domain of integration, but since the integrand is positive
the inequality works the right way. Now, it can be shown that

2(r—1)

: 4
sinru

( - ) =cyg+2 Z cx cos ku,
rsinu =

for some coefficients ¢; € R. Using the identity

1
cosucosku = > (cos(k —1)u + cos(k + 1)u)

Idea from [Riv69] Chapter 1
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we see the only term remaining in the integral is c;, leading to

II.(x)— f(x)] < V2Am4/1—¢4,

where ¢, is the coefficient of the normed kernel. This shows that the convergence
rate may be bounded in terms of 4/1 — ¢;. This is where the “other” Jackson kernel
comes from. One can use a Jackson-type kernel of order r

.
1+ 2ch coskt
k=1

with coefficients ¢, that are yet to be determined. This kernel is normalized by
default. Then, looking for coefficients enforcing non-negativity while maximizing
¢; we find the kernel B,, which was called Jackson kernel in [WWAFO06]. This
second construction uses a kernel whose structure is close to the kernel Jackson
used in his original work. However, Jackson did not explicitly construct a kernel

with coefficients gEI:M. Our suggestion is to not refer to the kernel with coefficients

g,IfEM as the Jackson kernel. In the literature, especially in the approximation
community, the Jackson kernel is defined as the kernel Jackson used in his PhD

thesis [Jac11]:

3 sin*(r +1)t/2
(r+D2(r+1)2)+1  sin*t/2

A(t)=

The kernel which was recovered in [WWAFO06] should be given a name which
reflects that it has minimal resolution among all normed non-negative kernels,
e.g., minimum resolution kernel. In fact, the only references we were able to find
who referred to the minimum resolution kernel as the Jackson kernel were citing
[WWAF06].

C.2 Plots and tables

In this section we present some data relevant to Chapter 5. In Table C.2 we com-
pare the sizes of the SDPs (5.26) and (5.29) for different values of n and r. Tables
C.3 — C.12 contain the values of the (orbit) coefficients of the minimum resolu-
tion kernels, i.e., the solutions of (5.29) for a few values of n and r. In Figure C.1
we compare the approximations resulting from a minimal resolution kernel with
the function (x, y) — sin(27tx)y for different values of r. In Figure C.2 we com-
pare the approximations resulting from a minimal resolution kernel with the peaks



Chapter C. Additional notes on approximation kernels 165

function p(x, y) := 3(1—x)? exp(—x? —(y +1)?) —10(x /5 — x> — y°) exp(—x2 —
¥2)—(1/3) exp(—(x + 1)? — y?) for different values of r. In Figure C.3 we show
the result of the convolution of the minimum resolution kernels with the Dirac-&
measure at the origin, i.e., 6 o).
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n| r | k(nr) ki, .o ki s(n,r)
211 2 2,1 3
2] 2 2 4,2 6
2] 3 2 6, 4 10
2] 4 2 9,6 15
2] 5 2 12,9 21
2| 6 2 16, 12 28
217 2 20, 16 36
21 8 2 25, 20 45
2|19 2 30, 25 55
2|10 2 36, 30 66
31 2 2,1 4
3] 2 2 4,3 10
3|3 3 7,6,1 20
3| 4 3 11,11, 2 35
315 3 16, 18, 4 56
3|6 3 23,27,7 84
3|7 3 31, 39, 11 120
3] 8 3 41,54, 16 165
319 3 53,72,23 220
3|10 3 67, 94, 31 286
41 2 2,1 5
4] 2 3 4,31 15
43 4 7,7,2,1 35
4] 4 4 12,13,5,3 70
4] s 4 18,23,9,7 126
4|6 5 27,37, 16, 13, 1 210
47 5 38, 57, 25, 23, 2 330
48 5 53, 83, 39, 37, 4 495
4] 9 5 71, 118, 56, 57, 7 715
4l10] s 94, 162, 80, 83, 12 1001
511 2 2,1, 6
5| 2 3 4,3,1 21
5] 3 4 7,7,3,1 56
5] 4 5 12,14, 7,3, 1 126
5|5 5 19, 25, 14, 8, 3 252
5|6 6 29,42,26,16,7,1 462
517 6 42,67, 44, 30, 14, 3 792
5| 8 6 60, 102, 71, 51, 26, 7 1287
5] 9 6 83, 150, 109, 83, 44, 14 2002
5|10 7 | 113,214, 162, 128, 71, 25,1 | 3003

Table C.2: Comparison for size of SDP (5.29) and (5.26) for different values of n
and r.
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a 8a

a 8a

a 8a

a 8a

(0,00 1.0

(0,1) 0.78699

(1,1) 0.62968

(0,2) 0.40199

(1,2) 0.31816

(2,2) 0.14946

(0,3) 0.11188

(1,3) 0.08431

(2,3) 0.02954

(0,4) 0.00538

(1,4) 0.00384

(0,5 00

Table C.3: Coefficients of minimum resolution kernel for r =5, n = 2.

a 8a a 8a a 8a a 8a
(0,00 1.0 [(0,1) 091725][(1,1) 0.8452 | (0,2) 0.72312
(1,2) 0.66675 | (2,2) 0.52709 | (0,3) 0.48749 | (1,3) 0.44866
(2,3) 0.35198 | (3,3) 0.23167 | (0,4) 0.27302 | (1,4) 0.25031
(2,4) 0.19314 | (3,4) 0.12244 | (4,4) 0.06021 | (0,5) 0.11905
(1,5) 0.10857 | (2,5) 0.08168 | (3,5) 0.04826 | (4,5) 0.02028
(5,5) 0.0047 | (0,6) 0.03512 | (1,6) 0.03208 | (2,6) 0.02324
(3,6) 0.01204 | (4,6) 0.00337 | (0,7) 0.00532 | (1,7) 0.00496
(2,7) 0.00352 | (3,7) 0.0013 | (0,8) 0.00024 | (1,8) 0.00026
(2,8) 0.00013 | (0,9) 7.0e5 | (1,9) 5.0e-5 | (0,10) 0.0

Table C.4: Coefficients of minimum resolution kernel for r = 10, n = 2.
a 8a a 8a a 8a a 8a
(0,0) 1.0 (0,1) 0.95647 | (1,1) 0.91655| (0,2) 0.84498
(1,2) 0.81035 | (2,2) 0.71818 | (0,3) 0.6908 | (1,3) 0.66249
(2,3) 0.58704 | (3,3) 0.47975| (0,4) 0.52059 | (1,4) 0.49892
(2,4) 0.44107 | (3,4) 0.3589 | (4,4) 0.26675 | (0,5) 0.35808
(1,5) 034275 | (2,5) 0.3017 | (3,5) 0.24347 | (4,5) 0.17847
(5,5) 0.11689 | (0,6) 0.22081 | (1,6) 0.21103 | (2,6) 0.18465
(3,6) 0.14712 | (4,6) 0.10543 | (5,6) 0.06653 | (6,6) 0.03569
(0,7)  0.1185 | (1,7) 0.11309 | (2,7) 0.09822| (3,7) 0.07689
(4,7) 0.05322 | (5,7) 0.03158 | (6,7) 0.01525| (7,7) 0.0054
(0,8) 0.05275 | (1,8) 0.0503 | (2,8) 0.04337 | (3,8) 0.03317
(4,8) 0.02178 | (5,8) 0.01164 | (6,8) 0.00461 | (7,8) 0.00103
(0,9) 0.01804 | (1,9) 0.01726 | (2,9) 0.01486 | (3,9) 0.01105
(4,9) 0.00666 | (5,9) 0.00296 | (6,9) 0.00073 | (0,10) 0.00416
(1,10) 0.00404 | (2,10) 0.00353 | (3,10) 0.00253 | (4,10) 0.00132
(5,10) 0.00037 | (0,11) 0.00052 | (1,11) 0.00052 | (2,11) 0.00047
(3,11) 0.00032 | (4,11) 0.00011 | (0,12) 5.0e-5 | (1,12) 5.0e-5
(2,12) 4.0e5 | (3,12) 1.0e5 | (0,13) 3.0e5 | (1,13) 2.0e-5

(2,13) 1.0e-5 | (0,14) 1.0e5 |(1,14) 0.0 | (0,15 0.0

Table C.5: Coefficients of minimum resolution kernel for r =15, n =2
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a &a a 8a a 8a a 8a
(0,0) 1.0 (0,1) 0.97325 ] (1,1) 0.94811 | (0,2) 0.90176
(1,2) 087892 | (2,2) 0.81609 | (0,3) 0.79699 | (1,3) 0.77697
(2,3) 0.72182 | (3,3) 0.63911 | (0,4) 0.67169 | (1,4) 0.65475
(2,4) 0.60811 | (3,4) 0.53814 | (4,4) 0.45283 | (0,5) 0.53849
(1,5) 0.52475 | (2,5) 0.48685 | (3,5) 0.43002 | (4,5) 0.36082
(5,5) 0.28643 | (0,6) 0.40878 | (1,6) 0.39813 | (2,6) 0.36875
(3,6) 0.32468 (4,6) 0.27109 | (5,6) 0.21366 | (6,6) 0.15784
(0,7) 029168 | (1,7) 0.2839 | (2,7) 0.26235 | (3,7) 0.22999
(4,7) 0.19066 | (5,7) 0.14866 | (6,7) 0.10812 | (7,7) 0.07248
(0,8) 0.1935 | (1,8) 0.18821 | (2,8) 0.17347 | (3,8) 0.15124
(4,8) 0.12418 | (5,8) 0.09536 | (6,8) 0.06779 | (7,8) 0.04396
(8,8) 0.02543 | (0,9) 0.11748 | (1,9) 0.11421 | (2,9) 0.10497
(3,9) 0.09093 | (4,9) 0.07375 | (5,9) 0.05547 | (6,9) 0.03816
(7,9) 0.02356 (8,9) 0.01265 | (9,9) 0.00562 | (0,10) 0.06382

(1,10) 0.06203 | (2,10) 0.05689 | (3,10) 0.04894 | (4,10) 0.03908
(5,10) 0.02857 | (6,10) 0.01876 | (7,10) 0.01074 | (8,10) 0.00512
(9,10) 0.00184 | (10,10) 0.00039 | (0,11) 0.03006 | (1,11) 0.02924
(2,11) 0.02681 | (3,11) 0.02292 | (4,11) 0.01796 | (5,11) 0.01263
(6,11) 0.00772 | (7,11) 0.00392 | (8,11) 0.00151 | (9,11) 0.00034
(0,12) 0.01176 | (1,12) 0.01148 | (2,12) 0.01059 | (3,12) 0.00902
(4,12) 0.0069 | (5,12) 0.00458 | (6,12) 0.00251 | (7,12) 0.00103
(8,12) 0.00025 | (0,13) 0.00361 | (1,13) 0.00355 | (2,13) 0.00332
(3,13) 0.00284 | (4,13) 0.0021 | (5,13) 0.00128 | (6,13) 0.00058
(7,13) 0.00015 | (0,14) 0.00081 | (1,14) 0.00081 | (2,14) 0.00078
(3,14) 0.00066 | (4,14) 0.00047 | (5,14) 0.00025 | (6,14) 7.0e-5
(0,15) 0.00015 | (1,15) 0.00015 | (2,15) 0.00014 | (3,15) 0.00011
(4,15) 7.0e5 | (5,15) 2.0e-5 | (0,16) 5.0e-5 | (1,16) 5.0e-5
(2,16) 4.0e-5 | (3,16) 2.0e-5 | (4,16) 1.0e-5 | (0,17) 3.0e-5
(1,17)  3.0e-5 | (2,17) 2.0e-5 [(3,17) 0.0 |[(0,18) 1.0e-5
(1,18) 1.0e-5 | (2,18) 00 |(0,19) 0.0 |(1,190 0.0
(0,20) 0.0 - - - - - -
Table C.6: Coefficients of minimum resolution kernel for r =20, n =2
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a g(l a g(X a ga a gﬂ
(0,0) 1.0 (0,1) 098191 | (1,1) 0.96467 | (0,2) 0.93234
(1,2) 091628 | (2,2) 0.87123| (0,3) 0.85734 | (1,3) 0.84273
(2,3) 0.80174 | (3,3) 0.7385 | (0,4) 0.76377 | (1,4) 0.7508
(2,4) 071437 | (3,4) 065817 | (4,4) 05868 | (0,5) 0.65878
(1,5) 0.64755 | (2,5) 0.61599 | (3,5) 0.5673 | (4,5) 0.50548
(5,5) 043512 (0,6) 0.54933 | (1,6) 0.53987 | (2,6) 0.51327
(3,6) 047223 | (4,6) 0.42015| (5,6) 0.36095 | (6,6) 0.29868
0,7) 044172 (1,7) 043399 | (2,7) 0.41225]| (3,7) 0.37871
(4,7) 033617 | (5,7) 028787 | (6,7) 023718 | (7,7) 0.18732
(0,8) 034125 | (1,8) 0.33516| (2,8) 0.31802| (3,8) 0.29155
(4,8) 025798 | (5,8) 0.21992 | (6,8) 0.18008 | (7,8) 0.14105
(8,8) 0.10507 | (0,9) 0.25198 | (1,9) 0.24739 | (2,9) 0.23443
(3,9) 021438 | (4,9) 0.18895| (5,9) 0.16012| (6,9) 0.13001
(7,9) 0.10067 | (8,9) 0.07385| (9,9) 0.05086 | (0,10) 0.17659
(1,10) 0.17331 | (2,10) 0.164 | (3,10) 0.14956 | (4,10) 0.13117
(5,10) 0.11032 | (6,10) 0.0886 | (7,10) 0.06755 | (8,10) 0.04851
(9,10) 0.03246 | (10,10) 0.01994 | (0,11) 0.11635 | (1,11) 0.11416
(2,11) 0.10789 | (3,11) 0.09808 | (4,11) 0.08555 | (5,11) 0.07128
(6,11) 0.05644 | (7,11) 0.04215 | (8,11) 0.0294 | (9,11) 0.0189

(10,11) 0.01097 | (11,11) 0.00557 | (0,12) 0.07119 | (1,12) 0.06984
(2,12) 0.06593 | (3,12) 0.05976 | (4,12) 0.0518 | (5,12) 0.04268
(6,12) 0.03318 | (7,12) 0.0241 | (8,12) 0.01615 | (9,12) 0.0098

(10,12) 0.00523 | (11,12) 0.00233 | (12,12) 0.00079 | (0,13) 0.03979
(1,13) 0.03905 | (2,13) 0.03686 | (3,13) 0.03334 | (4,13) 0.0287
(5,13) 0.02333 | (6,13) 0.01771 | (7,13) 0.0124 | (8,13) 0.00785
(9,13) 0.00437 | (10,13) 0.00204 | (11,13) 0.00073 | (12,13) 0.00015
(0,14) 0.0199 | (1,14) 0.01956 | (2,14) 0.01849 | (3,14) 0.01672
(4,14) 0.0143 | (5,14) 0.01144 | (6,14) 0.00842 | (7,14) 0.0056
(8,14) 0.00327 | (9,14) 0.00159 | (10,14) 0.00059 | (11,14) 0.00013
(0,15) 0.00867 | (1,15) 0.00854 | (2,15) 0.00812 | (3,15) 0.00736
(4,15) 0.00627 | (5,15) 0.00491 | (6,15) 0.00347 | (7,15) 0.00214
(8,15) 0.0011 | (9,15) 0.00043 | (10,15) 9.0e-5 | (0,16) 0.00317
(1,16) 0.00314 | (2,16) 0.00302 | (3,16) 0.00276 | (4,16) 0.00234
(5,16) 0.00179 | (6,16) 0.00119 | (7,16) 0.00065 | (8,16) 0.00027
(9,16) 6.0e-5 | (0,17) 0.00094 | (1,17) 0.00094 | (2,17) 0.00092
(3,17) 0.00085 | (4,17) 0.00071 | (5,17) 0.00053 | (6,17) 0.00032
(7,17) 0.00015 | (8,17) 4.0e-5 | (0,18) 0.00023 | (1,18) 0.00023
(2,18) 0.00023 | (3,18) 0.00021 | (4,18) 0.00017 | (5,18) 0.00011
(6,18) 6.0e5 | (7,18) 2.0e-5 | (0,19) 7.0e5 | (1,19) 7.0e5
(2,19) 6.0e5 | (3,19) 5.0e-5 | (4,19) 3.0e5 | (519) 2.0e5
(6,19) 1.0e-5 | (0,20) 4.0e-5 | (1,20) 4.0e5 | (2,20)  3.0e-5
(3,20) 2.0e5 | (4,20) 1.0e5 | (5,20) 0.0 (0,21)  2.0e5
(1,21) 2.0e5 | (2,21) 1.0e-5 | (3,21) 1.0e-5 | (4,21) 0.0
(0,22)  1.0e-5 | (1,22) 1.0e5 | (2,22) 0.0 (3,22) 0.0
(0,23) 0.0 (1,23) 0.0 (2,23) 0.0 (0,24) 0.0
(1,24) 0.0 (0,25) 0.0 - - - -

Table C.7: Coefficients of minimum resolution kernel for r =25, n =2
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a 8a a ga a 8a a 8a
(0,0,00 1.0 [(0,0,1) 0.68496 | (0,1,1) 0.48031 | (1,1,1) 0.33143
(0,0,2) 0.23185 | (0,1,2) 0.15668 | (1,1,2) 0.10399 | (0,2,2) 0.04188
(1,2,2) 0.02408 | (0,0,3) 0.02117 | (0,1,3) 0.01319 | (1,1,3) 0.00757
(0,2,3) 0.00092 | (0,0,4) 7.0e5 | (0,1,4) —5.0e-5 | (0,0,5) —1.0e-5

Table C.8: Coefficients of minimum resolution kernel for r =5, n = 3.

a ga a ga a ga a ga
(0,0,00 1.0 |(0,0,1) 0.86461]| (0,1,1) 0.75281 ] (1,1,1) 0.65401
(0,0,2) 0.57852 | (0,1,2) 0.5036 | (1,1,2) 0.43793 | (0,2,2) 0.33561
(1,2,2) 0.28996 | (2,2,2) 0.18874 | (0,0,3) 0.29062 | (0,1,3) 0.25169
(1,1,3) 0.21767 | (0,2,3) 0.16346 | (1,2,3) 0.14054 | (2,2,3) 0.08819
(0,3,3) 0.07549 | (1,3,3) 0.06385 | (2,3,3) 0.03779 | (3,3,3) 0.01388
(0,0,4) 0.09872 | (0,1,4) 0.08484 | (1,1,4) 0.07271 | (0,2,4) 0.05252
(1,2,4) 0.04453 | (2,2,4) 0.02619 | (0,3,4) 0.02154 | (1,3,4) 0.01782
(2,3,4) 0.00935 | (3,3,4) 0.00238 | (0,4,4) 0.00478 | (1,4,4) 0.00372
(2,4,4) 0.00146 | (0,0,5) 0.01757 | (0,1,5) 0.0151 | (1,1,5) 0.01284
(0,2,5) 0.00872 | (1,2,5) 0.00718 | (2,2,5) 0.00361 | (0,3,5) 0.00277
(1,3,5) 0.00212 | (2,3,5) 0.00081 | (0,4,5) 0.00028 | (1,4,5) 0.00016
(0,5,5) 2.0e-5 | (0,0,6) 0.00108 | (0,1,6) 0.00095 | (1,1,6) 0.00079
(0,2,6) 0.00051 | (1,2,6) 0.00039 | (2,2,6) 0.00014 | (0,3,6) 0.00011
(1,3,6) 6.0e-5 | (0,4,6) 1.0e5 | (0,0,7) 8.0e-5 | (0,1,7) 5.0e-5
(1,1,7) 2.0e5 |(0,2,7) 1.0e-5 | (1,2,7) 00 |[(0,3,7) 00
(0,0,8) 1.0e5 | (0,1,8) 0.0 (1,1,8) 00 |[(0,2,8) 00
(0,0,99 00 [(0,1,9 00 |(0,0,10) 0.0 - -

Table C.9: Coefficients of minimum resolution kernel for r =10, n = 3.
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a g(l a ga a ga a gll
(0,0,0) 1.0 (0,0,1) 0.92525 | (0,1,1) 0.85868 | (1,1,1) 0.79631
0,0,2) 0.74623 | (0,1,2) 0.6932 | (1,1,2) 0.64369 | (0,2,2) 0.56094
(1,2,2) 05199 | (2,2,2) 0.41863 | (0,0,3) 0.52376 | (0,1,3) 0.48624
(1,1,3) 045127 | (0,2,3) 0.39215 | (1,2,3) 0.36346 | (2,2,3) 0.29109
(0,3,3) 027243 | (1,3,3) 0.25169 | (2,3,3) 0.19998 | (3,3,3) 0.13526
(0,0,4) 0.31461 | (0,1,4) 0.29152 | (1,1,4) 0.27006 | (0,2,4) 0.23319
(1,2,4) 021574 | (2,2,4) 0.17145 | (0,3,4) 0.15935 | (1,3,4) 0.14698
(2,3,4) 0.11543 | (3,3,4) 0.07607 | (0,4,4) 0.09079 | (1,4,4) 0.08327
(2,4,4) 0.06428 | (3,4,4) 0.04086 | (4,4,4) 0.02055 | (0,0,5) 0.15601
(0,1,5) 0.14422 | (1,1,5) 0.13325 | (0,2,5) 0.11392 | (1,2,5) 0.10508
(2,2,5) 0.08235| (0,3,5) 0.07573 | (1,3,5) 0.06961 | (2,3,5) 0.0538
(3,3,5) 0.03407 | (0,4,5) 0.04116 | (1,4,5) 0.03757 | (2,4,5) 0.0283
(3,4,5) 0.01699 | (4,4,5) 0.00763 | (0,5,5) 0.01731 | (1,5,5) 0.01561
(2,5,5) 0.01131 | (3,5,5) 0.0062 | (4,5,5) 0.00229 | (5,5,5) 0.00043
(0,0,6) 0.05986 | (0,1,6) 0.05526 | (1,1,6) 0.05095 | (0,2,6) 0.04299
(1,2,6) 0.03951 | (2,2,6) 0.03032| (0,3,6) 0.02746 | (1,3,6) 0.02509
(2,3,6) 0.01887 | (3,3,6) 0.01123 | (0,4,6) 0.01382 | (1,4,6) 0.01249
(2,4,6) 0.00905 | (3,4,6) 0.00494 | (4,4,6) 0.00181 | (0,5,6) 0.00508
(1,5,6) 0.00451 | (2,5,6) 0.00306 | (3,5,6) 0.00142 | (4,5,6) 0.00034
(0,6,6) 0.00119 | (1,6,6) 0.00101 | (2,6,6) 0.0006 | (3,6,6) 0.00019
(0,0,7) 0.01607 | (0,1,7) 0.01487 | (1,1,7) 0.01372 | (0,2,7) 0.01142
(1,2,7) 0.01046 | (2,2,7) 0.0078 | (0,3,7) 0.00693 | (1,3,7) 0.00626
(2,3,7) 0.00449 | (3,3,7) 0.0024 | (0,4,7) 0.0031 | (1,4,7) 0.00274
(2,4,7) 0.00183 | (3,4,7) 0.00083 | (4,4,7) 0.00019 | (0,5,7) 0.00089
(1,5,7) 0.00076 | (2,5,7) 0.00044 | (3,5,7) 0.00013 | (0,6,7) 0.00014
(1,6,7) 0.0001 | (2,6,7) 4.0e5 | (0,7,7) 1.0e-5 | (1,7,7) 0.0
(0,0,8) 0.00273 | (0,1,8) 0.00255 | (1,1,8) 0.00237 | (0,2,8) 0.00195
(1,2,8) 0.00178 | (2,2,8) 0.00128 | (0,3,8) 0.00113 | (1,3,8)  0.001
(2,3,8) 0.00067 | (3,3,8) 0.0003 | (0,4,8) 0.00044 | (1,4,8) 0.00037
(2,4,8) 0.00021 | (3,4,8) 6.0e5 | (0,5,8) 0.0001 | (1,5,8) 7.0e-5
(2,5,8) 3.0e-5 | (0,6,8) 1.0e-5 | (1,6,8) 0.0 (0,7,8) 0.0
(0,0,9) 0.00026 | (0,1,9) 0.00024 | (1,1,9) 0.00022 | (0,2,9) 0.00018
(1,2,9) 0.00016 | (2,2,9) 0.0001 | (0,3,9) 0.0001 | (1,3,9) 8.0e-5
(2,3,9) 5.0e5 | (3,3,9) 1.0e5 | (0,4,9) 4.0e5 | (1,4,9) 3.0e-5
(2,4,9) 1.0e5 | (0,59 1.0e5 | (1,5,9) 0.0 (0,6,9) 0.0

(0,0,10) 2.0e-5 | (0,1,10) 2.0e-5 |(1,1,10) 1.0e-5 | (0,2,10) 1.0e-5
(1,2,100 0.0 |(2,210) 0.0 [(0,3,10) 00 |(1,3,10) 0.0
(2,3,10)0 0.0 |(0,4,10)0 00 |(1,410) 00 |(0,510) 0.0
(0,0,11) 00 |(0,1,11) 0.0 |(1,1,11) 0.0 |(0,2,11) 0.0
(1,2,11) 00 |(2,2,11) 00 [(0,3,11) 00 |(1,3,11) 0.0
(0,4,11) 0.0 [(0,0,12) 00 |[(0,1,12) 0.0 |[(1,1,12) 0.0
0,2,12) 00 |(1,2,12) 00 [(0,3,12) 00 |(0,0,13) 0.0
0,1,13) 0.0 [(1,1,13) 00 |[(0,2,13) 0.0 |[(0,0,14) 0.0
(0,1,14) 0.0 |(0,0,15) 0.0 - -

Table C.10: Coefficients of minimum resolution kernel for r = 15, n = 3.



172 Conic Optimization in Finance and Approximation Theory
a ga a ga a g(l a ga
(0,0,0,00 1.0 | (0,0,0,1) 0.59115 | (0,0,1,1) 0.35488 [ (0,1,1,1) 0.20728
(1,1,1,1) 0.11764 | (0,0,0,2) 0.12466 | (0,0,1,2) 0.06911 | (0,1,1,2) 0.03576
(1,1,1,2) 0.01705 | (0,0,2,2) 0.00736 | (0,1,2,2) 0.00225 | (0,0,0,3) 0.00251
(0,0,1,3) 0.00147 | (0,1,1,3) 0.00051 | (0,0,2,3) 9.0e-5 | (0,0,0,4) —3.0e-5
(0,0,1,4) 0.0 |(0,0,0,5) 0.0 - - - -

Table C.11: Coefficients of minimum resolution kernel for r =5, n = 4.

a %a a %a a La a ga
(0,0,0,0) 1.0 (0,0,0,1) 0.81189 [ (0,0,1,1) 0.66535 | (0,1,1,1) 0.54349
(1,1,1,1) 0.44544 | (0,0,0,2) 0.45316 | (0,0,1,2) 0.37047 | (0,1,1,2) 0.3025
(1,1,1,2) 0.24635 | (0,0,2,2) 0.20357 | (0,1,2,2) 0.16459 | (1,1,2,2) 0.13334
0,2,2,2) 0.08681 | (1,2,2,2) 0.06968 | (2,2,2,2) 0.03479 | (0,0,0,3) 0.15888
(0,0,1,3) 0.12858 | (0,1,1,3) 0.10384 | (1,1,1,3) 0.08364 | (0,0,2,3) 0.06743
(0,1,2,3) 0.05385 | (1,1,2,3) 0.04282 | (0,2,2,3) 0.02653 | (1,2,2,3) 0.02072
(2,2,2,3) 0.00914 | (0,0,3,3) 0.02034 | (0,1,3,3) 0.01576 | (1,1,3,3) 0.01217
(0,2,3,3) 0.00692 | (1,2,3,3) 0.0051 |(2,2,3,3) 0.00166 | (0,3,3,3) 0.00136
(1,3,3,3) 0.0008 | (0,0,0,4) 0.02515 | (0,0,1,4) 0.02016 | (0,1,1,4) 0.01603
(1,1,1,4) 0.01265 | (0,0,2,4) 0.00981 | (0,1,2,4) 0.00759 | (1,1,2,4) 0.00582
(0,2,2,4) 0.00324 | (1,2,2,4) 0.00237 | (2,2,2,4) 0.00076 | (0,0,3,4) 0.00247
(0,1,3,4) 0.00178 | (1,1,3,4) 0.00125 | (0,2,3,4) 0.00059 | (1,2,3,4) 0.00034
(0,3,3,4) 2.0e5 | (0,0,4,4) 0.00027 | (0,1,4,4) 0.00014 | (1,1,4,4) 7.0e-5
0,2,4,4) 0.0 (0,0,0,5) 4.0e-5 | (0,0,1,5) 0.00016 | (0,1,1,5) 0.00017
(1,1,1,5) 0.00017 | (0,0,2,5) 0.00015 | (0,1,2,5) 0.00012 | (1,1,2,5) 9.0e-5
(0,2,2,5) 5.0e5 | (1,2,2,5) 3.0e-5 | (0,0,3,5) 7.0e-5 | (0,1,3,5) 3.0e-5
(1,1,3,5 1.0e-5 | (0,2,3,5) 00 [(0,0,4,5 1.0e5 |(0,1,4,5 0.0
(0,0,5,5 0.0 (0,0,0,6) 0.00024 | (0,0,1,6) 0.00017 | (0,1,1,6) 0.0001
(1,1,1,6) —7.0e-5 | (0,0,2,6) —3.0e-5 | (0,1,2,6) —2.0e-5 | (1,1,2,6) —1.0e-5
0,2,2,6) 0.0 0,0,3,6) 1.0e5 |(0,1,3,6) 0.0 |(0,0,46) 0.0
(0,0,0,7) —4.0e-5 | (0,0,1,7) —1.0e-5 | (0,1,1,7) —1.0e-5 | (1,1,1,7) 0.0
0,0,2,7) 0.0 0,1,2,7) 00 [(0,0,3,7 00 (0008 00
(0,0,1,8) 0.0 0,1,1,8) 00 [(0,0,2,8) 0.0 (0,009 00
(0,0,1,9) 0.0 |(0,0,0,10) 0.0 - - - -

Table C.12: Coefficients of minimum resolution kernel for r =10, n = 4.
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Figure C.1: Approximation of the function (x, y) — sin(27x)y via the kernel with
respect to o, for r =10, 20,...,50 as well as a plot of the function itself.



174 Conic Optimization in Finance and Approximation Theory

00
os 10-1.0 95 10-1.0

(a) Approximation level r =10 (b) Approximation level r = 20

1.0-1.0

(c) Approximation level r = 30 (d) Approximation level r = 40

1.0-1.0

(e) Approximation level r = 50 (f) Peaks function p(x,y)

Figure C.2: Approximation of the peaks function p(x,y) := 3(1 — x)? exp(—x? —
(y +1)?)—10(x/5—x3 — y*) exp(—x? — y2) — (1/3) exp(—(x + 1)*> — y?) via the
kernel with respect to o, for r = 10,20,...,50 as well as a plot of the function
itself in graph C.2f.
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Figure C.3: Convolution of Dirac-6 at (0,0) with optimal kernel with respect to
o, for different values of r
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This dissertation explores conic optimization techniques with applications in
the fields of finance and approximation theory. One of the most general types of
conic optimization problems is the so-called generalized moment problem (GMP),
which plays a fundamental part in this work. While being a powerful modeling
framework, the GMP is notoriously difficult to solve. Semidefinite programming
problems (SDPs) can be used to define approximation hierarchies for the GMP.
The thesis includes an analysis of an interior point algorithm for SDPs, as well as
a convergence analysis of an approximation hierarchy for the GMP defined over
special sets. Additionally, the dissertation investigates the problem of pricing
options that depend on multiple underlyings, which can be modeled as a GMP.
Finally, the dissertation applies tools from conic optimization to address a classical
question in approximation theory.
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