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Laymen’s summary

A set is a group of different items. These items can be any object such as apples, numbers, or squares and
are called elements. We write Q = {1,2,3}, where Q is the set, and 1, 2 and 3 are the elements in Q. We can
also have a set that contains other sets. This is called a collection of sets. We write % = {P, Q, R}, where % is
the collection, and P, Q and R are the sets in the collection. Items can appear in more than one set. If P and
Q are two sets, and 1 is both an element of P and of Q, we say that 1 is in the overlap of P and Q. Another
way to explain overlap, is by noting that a set can also contain all points in the area of a rectangle. We can
for example have a collection & that contains the sets P, Q and R that describe the squares in Figure 1. The
overlap between Q; and Q- is then the area that is both in Q; and Q.

In some fields of mathematics, it can be useful to describe the amount of overlap there is between all the
sets in a collection &. In other words, we want to describe how many elements appear in more than one set
that is an element of 5. Sparse and Carleson constants are two numbers that can be used to describe the
overlap within collections of sets. The closer these constants are to 1, the closer the sets in & are to having no
overlap at all. In this thesis, I will prove that the the two notions are actually equivalent. Although a proof of
this equivalence has already been given by other researchers, I will use a lot less difficult theory in my proof
than they have. I will also describe a way that the sparse and Carleson constants can be approximated if they
are unknown.

R

Figure 1: The collection & of rectangles P, Q and R.
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Abstract

Let (S, %, 1) be a divisible measure space. Let & be a collection of subsets of S that are in X. For some applica-
tions it can be useful to describe the overlap between the sets in & . The sparse and Carleson constant both
describe this overlap in a different way. The closer both of these constants are to 1, the closer the sets in & are
to being pairwise disjoint. It has been shown that the sparse and Carleson condition are actually equivalent:
we always have that .% is A-Carleson if and only if & is A~!-sparse. Proving that a A~!-sparse collection is
A-Carleson is quite simple, but proving that every A-Carleson collection also is A~!-sparse turns out to be
much harder. Previous proofs of the fact that A-Carleson are A’l—sparse, such as the one by Hanninen [14]
and Rey [25], have all relied on difficult theory. There is also no known method to exactly find the sets {Eg} ge #
that we need to satisfy the sparse condition. Rey is able to approximate these sets, but his algorithm has a
logarithmic loss that can only be removed when imposing geometric restrictions.

In this paper I will give a proof of the equivalence of the sparse and Carleson condition for any finite
collection & that relies only on basic set and optimisation theory. This proof can be extended to infinite col-
lections & with only a minimal restriction. Asides from proving the equivalence, I also describe an algorithm
that can find the sets {Eq}ges which we need to satisfy the sparse condition if & is finite and Carleson with
respect to a divisible measure p. Finally, I will describe an algorithm that we can use to find the Carleson
constant of a finite collection & if it is unknown.
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Introduction

The concepts of sparse and Carleson collections have been widely applied in harmonic analysis. They know
many applications [23], for example due to Lerner [18] [19] and Hytonen [15]. The usual definitions of sparse
and Carleson collections are as follows.

Definition 1. Let (S,%, ) be a measure space. Let & be a collection of subsets of S that are in X such that
t(Uges Q) is finite. Let0 <n < 1. Fis called n-sparse with respect to measure . if for every Q € F there exists
a subset Eq < Q such that j1(Eq) = nu(Q) and such that the sets {Eq}geg are pairwise disjoint. The largest
possiblen for which these sets exist is called the sparse constant of & .

Definition 2. Ler (S,Z, 1) be a measure space. Let pF be a collection of subsets of S that are in Z such that
u (UQe # Q) is finite. F is called \-Carleson with respect to measure (1 if for every subcollection o < F we have:

Y w(Q=Ap
Qe

U o

Qedd
The smallest possible A for which this inequality holds is called the Carleson constant of & .

Note that we call & a collection. We use this term to denote an unordered sequence of sets that allows for
repeated elements. Also note that from Definition 2 it follows that a Carleson collection &% must be countable,
because otherwise we cannot sum over each Q € &.

Intuitively we can view both the sparse and Carleson constants as quantifiers on how much a collection
overlaps. The closer the sparse and Carleson constants are to 1, the closer the sets in & are to being pairwise
disjoint. It is easily shown that an n-sparse collection is n~!-Carleson, simply because

ICOLEDS N(EQ)S%N( U QJr (1.1

QeF QeF Qe

where the last inequality holds because all the sets in {Eg}ge# are pairwise disjoint. On the other hand,
showing that a A-Carleson collection is A~!-sparse proves to be more difficult.

It must be noted that in some cases, Carleson collections may not be sparse. Problems arise when working
with atomic measures, as these cannot be divided [14]. Take for example the case of a Dirac measure 6 at
the point x. If we have Q1 = Q2 = {x}, then {Q1, Q»} is 2-Carleson, but cannot be sparse as we will either have
w(Eq,) =0or p(Eq,) = 0as these sets should be pairwise disjoint. Rey [25, Definition 1] resolves this problem
by proposing an alternative definition for sparseness. This definition is as follows.

Definition 3. Let (S,X,u) be a measure space. Let & be a collection of subsets of S that are in X such that
u (UQe # Q) is finite. F is called n-sparse with respect to measure ( if for every Q € F there exist non-negative
functions ¢g = 0 such that:

S Jopo=np Q)
(S2) Xgez po=1.



2 1. Introduction

The largest possible n) for which these inequalities hold is called the sparse constant of & .

Note that this definition is only a slight generalisation of Definition 1. If we take ¢ = 1, the definitions
are actually equivalent. We also can use a convexity argument like the one given by Dor [10, Lemma 2.3] to
show that this definition is equivalent with Definition 1 in the case that ¢ has no point masses.

It has been shown that in general, a A-Carleson collection of sets is A~!-sparse. In the case of dyadic cubes
this was proven both by Verbitsky [28, Corollary 2] and Lerner and Nazarov [20, Lemma 6.3]. Verbitsky gave a
dual reformulation of the Carleson condition as a certain estimate [28, Theorem 4], and combined this with
the characterisation of such general estimates in terms of the existence of pairwise disjoint sets by Dor [10,
Proposition 2.2], which is based on functional and convex analysis. Lerner and Nazarov avoided relying on
functional and convex analysis by giving a constructive proof using the strong nestedness property of dyadic
intervals. I will go a bit more into depth on why dyadic cubes are so special in Section 3.3.1.

Sadly, the simpler approach of Lerner and Nazarov cannot be generalised. Carleson’s counterexample [5]
[27, §7] shows that it already fails in the case of dyadic rectangles'. Proofs for the fact that a more general
A-Carleson collection of general sets is A~ -sparse have all relied on difficult theory. Hanninen [14, Theorem
1.3] generalised the approach of Verbitsky and Dor to prove the existence of the sets {Eg}gcg that satisfy the
A‘l—sparse condition, but he relies on the choice axiom and requires advanced theory to achieve this, such
as the Hahn-Banach's separation theorem. Furthermore, he does not specify how the sets {Eg}ges can be
found or what they look like. Barron later gives a more geometric proof in [3], but also is unclear about how
the sets {Eq}ges can be found.

Rey [25, Algorithm 1] does describe an algorithm that is able to construct the sets {Eq}ge g for any Car-
leson collection %. However, this algorithm has a logarithmic loss. The result is better when some geometric
structure is imposed [25, Algorithm 2], but even then the algorithm yields sets that are only optimal up to an
absolute constant.

In this bachelor’s thesis, I will prove the equivalence of the sparse and Carleson condition for a collection
& of general sets with minimal restrictions, relying only on basic optimisation and set theory. I will also
describe an algorithm that can construct sets {Eg}ge# for a finite collection & of general sets that are A-
Carleson with respect to a divisible measure p without any loss.

In order to give the proof and construct the algorithm, I will transform a A-Carleson collection % into a
graph, and then use a MAX FLow algorithm to find the maximum flow in this graph. MAx FLow algorithms
are widely used in optimisation theory to solve a variety of problems. They are able to find the maximum
amount of flow that is able to pass from a source to a destination (usually called a sink) through a network in
which each route has a maximum capacity. The algorithms are widely used in transportation problems [26],
but also know many other applications [12, Chapter 11]. A general introduction to MAX FLow algorithms can
be found in [6] and [12, Chapter 10]. Each algorithm comes with different advantages and complexities.

Although from an analytic point of view the complexity of the algorithm is not very relevant, it might be
helpful to know how fast the {Eg}gez can be found if applications require us to find these sets. It will also
become useful in Chapter 5, where I will construct a similar algorithm as in Chapter 3 to approximate the
Carleson constant. It will be interesting to see whether this algorithm is faster than simply checking the size
of the sum of each subcollection «f < % and see if they comply with Definition 2. Orlin’s algorithm [22], and
KRT’s algorithm (King, Rao and Tarjan) [16] are some of the fastest MAX FLOW algorithms available. They
are able to find the maximum flow in O (|V||E|) time, where |V| is the amount of vertices in the graph, and
|E| the amount of edges. However, since these algorithms can be complicated to implement, simpler algo-
rithms with a higher complexity, such as Dinitz’s algorithm (O (|V|* | E])) [9] and the Edmonds-Karp algorithm
(O(IVI1EI?)) [11] are still widely used as well.

I will use the maximum flow in the graph based on a A-Carleson collection & to prove that it is also
A~'-sparse. To do this, I will use the complementary slackness of Max-flow and Min-cut problems. This
complementary slackness is a consequence of the Max-flow Min-cut Theorem [7] [12, §10.3], which states
that when we have used a Max FLow algorithm to find the maximum flow in a graph, we can divide the
vertices in two groups such that no more flow can go through the edges that connect vertices in the first
group to those in the second group.

In Chapter 4 I will try to extend the proof from Chapter 2 so that it also works for infinite A-Carleson
collections. To make this generalisation, we need generalisations of graph theory for graphs with an infinite
amount of vertices. This is because we will see that an infinite collection & will transform into a graph with

1 This will also be explained further in Section 3.3.1.



an infinite amount of vertices and edges. We will see that this amount could even be uncountable, despite
the fact that & is countable by definition. Fortunately, research is available on infinite graphs. They have
actually been a part of graph theory from the very beginning. Konig [17] already talked about infinite graphs
in one of the first books on graph theory. Folkman and Fulkerson [13, Theorem 3] discussed flows in infinite
graphs, and generalised the Max-flow Min-cut theorem for locally finite graphs. Locally finite graphs are
graphs where each vertex only has a finite amount of neighbours. Aharoni et al. [2, Conjecture 1.2] later
propose a Conjecture that states that in any infinite graph there exist an orthogonal pair of a flow and a cut.
They manage to prove this for countable graphs, which are graphs with a countable amount of vertices and
edges. This proof was later simplified by Lochbihler [21, Theorem 1]. I will use this generalisation of the Max-
flow Min-cut theorem to generalise the proofin Chapter 2 to prove the equivalence of the Carleson and sparse
condition for a countable collection & that transforms into a graph with a countable amount of vertices and
edges. I will show that this is the case whenever the sets Q € & overlap only countably many times. Sadly I
will not be able to actually construct the sets {Eg}geg because no algorithm is known that can find the values
of the maximum flow in an infinite graph in finite time, and the values of this flow are crucial in the algorithm
that we used for finite collections in Chapter 3.






Equivalence of the Carleson and sparse
condition for finite collections of sets

In this chapter I will prove that the Carleson and sparse condition are equivalent for a finite collection of sets
Z. As explained in the Introduction, it is easily shown that n-sparse collections are ™ !-Carleson. I will thus
only need to prove the converse, which is expressed in the following theorem.

Theorem 2.0.1. Let (S, X, 1) be a measure space. Let & be a finite collection of subsets of S that are in X such
that u(Uges Q) is finite. If F is A-Carleson, then & is A -sparse.

Let & be as in Theorem 2.0.1. To prove the theorem, we will transform % into a graph. We will then find
the maximum flow in this graph and introduce a function ¢, that is based on this flow. We will show that this
function complies with Rey’s definition of sparseness (Definition 3) as stated in the Introduction, and thus
that & is indeed A~!-sparse.

2.1. Representing the collection as a graph

As mentioned above, we want to transform a A-collection & into a weighted and directed graph G(V, E, c).
Here, c is a capacity function c: E — Rx(. Note that the method in this section will also work for a collection
& with a countably infinite amount of elements. Most definitions and lemmas in this sections will thus not
require for & to be finite. Although we will not need this in this chapter, this will become useful in Chapter 4
where we proof the equivalence of the Carleson and sparse conditions for a collection with countably many
elements.

We start by defining the following property of each subcollection «f < .

Definition 4. Let (S,%, 1) be a measure space and let F be a collection of sets in . For each subcollection
o © F, we define the area Ay of the subcollection as

Ad =

v}

Qest QeF\o

The area of of represents the space that is in all the sets in o/, but not in any of the sets that are not in <.
Two important properties of the area of the subcollections are described in the following lemma.

Lemma2.1.1. Let (S, 2, i) be a measure space and let F be a collection of sets that are in X. Define A,y for each
subcollection «f < & as in Definition 4. We then have that

1. The sets {Ay}yco are pairwise disjoint. In other words, we have Ay, N Ay, = @ for any <, <t € F such
that oy # ob,.

2. Foreach o/ < F, we have that\Ugey U130 Ay = Ugewr Q-

5



6 2. Equivalence of the Carleson and sparse condition for finite collections of sets

Proof. (1) We give a proof by contradiction. Suppose there is an element x such that x € A/, and x € A, with
o, € F and &) # of>. We then have

xe(ﬂ Q)m( N Qc)andxe(ﬂ Q)m( N Q”). 2.1)
Qest QeF\ot Qesty QeF\ sty
Without loss of generality, we can assume there is at least one set Q, € o such that Q, ¢ <. The first part of
(2.1) then tells us that x € Qg, whilst the second part tells us that x € Q,. This is a contradiction, so we must
have that Ay, and A, are disjoint.

(2) For any of € %, let x € Ugeos Uorr0 Aoy be arbitrary. Then x € Ay for some /' € & which contains
a set Q' € o' for which we also have Q' € «f. Definition 4 tells us that we must then have A_ € Q'. Because
we have Q' € o we can conclude that x € A, € Q' € Uges Q. We thus have Uges Ugri50 Ay S Ugesr Q-
For the converse we let y € Uge.s Q be arbitrary. There then exists a Q' € &/ such that y € Q'. Let <, denote
the collection containing all the sets Q € & such that y € Q. By Definition 4 we have y € Ay,. We also have
Q' € oy, because y € Q'. Recall that Q' € o by assumption. We therefore have y € Aoy, € Uges Usr's0 A,
which concludes the proof. O

We are now ready to start constructing our graph. Starting with our vertex set V. We see that we add three
kinds of vertices to our graph.

(V1) We add a vertex for the source @ and sink o.
(V2) For any & < &%, such that y(Ay) >0, we add a vertex denoted by v,y .
(V3) For each set Q € % we add a vertex denoted by vg.

Note that for a Q € & we will have separate vertices for the subcollection < = {Q} and for the set Q if 1 (A{Q}) >
0. Asides from the vertices, we will also add the following edges to our graph. We will denote edges by (<7, Q)
instead of (v, vg) for readability.

(E1) Forany «f <& such that u(A.) >0, we add an edge (&, of) with capacity c (&, <) = p(Ay).

(E2) For any «f < & such that p(Ay) > 0, we add an edge (<7, Q) for each Q € «f with capacity c (&, Q) =
H(Ag).

(E3) Foreach Q € &, we add an edge (Q, ©) with capacity (Q,e) = A’lp (Q).

We can demonstrate the transformation with an example. Let us look at the collection of three rectangles
Z =1{Q1,Q2,Q3} shown in Figure 2.1a. The size of the sets and their overlap can be found in Table 2.1b. The
transformation is done in five steps.

1. We first need to calculate the measure of the area of each subcollection. To do this, we use the values in
Table 2.1b. The results can be found in Table 2.1c.

2. We then create the vertices. We start with vertices (V1) for the source and the sink. We then add vertices
(V2) for all subcollections « < & such that u(A.,) > 0. We finally add vertices (V3) for the sets Q;, Q2
and Qs.

3. We then add the edges (E1) from & to each vertex representing a subcollection. We give the edges a
capacity that equals the measure of the area of said subcollection.

4. We add edges (E2) from the vertices representing a subcollection to the vertices representing a set in
said subcollection. Each edge gets a capacity that equals the measure of the area of the subcollection
from which it departs.

5. Finally, we add the edges (E3) between the vertices Q;, Q. and Qs, and e. The weight of the edge from
each Q; to e equals AL 1 (Q;). We can find A using Definition 2. We calculate the Carleson constant for
each subcollection «f < .%. These constants can be found in Table 2.1c. The Carleson constant of % is
then the largest of these values, which is 2.



2.2. Using the maximum flow in the graph to show that & is A~!-sparse 7

Measures of the
sets Q € & and
their intersection
1(Q1)=5
o1 1(Qy) =3
Q2 u (QB) =8
Qs p(Q1NQ2nQ3)=2
(a) The collection & of rectangles Q1, Q2 and Q3. (b) The measures of different the sets of Ugeg Q
Collectionf € F | u(Ay) Ay
@ ={Q1} B\ (QuQ3)=0 | 1 ~
oy = {Qa} H(Q2\(Q1uQ3)=0 | 1
of3 = {Qs} p(Q3\(QuQ2)=2 | 1 Ve
oy =1{Q1,Q2} p((Q1NQ2)\Q3)=0 | 4/3 ¢
o5 =1{Q1,Qs} p(QiNQ3)\Q2)=3 | 13/8
s = {Q2,Qs3} p(Q2nQ3)\Q) =1 | 11/8 v
7 ={Q1,Q2,Q3} | p(Q1NQenQ3)=2 | 2

(c) The possible subcollections < < %, the measures of their areas
(), and their Carleson constant A ;. See Definitions 4 and 2.

(d) The complete graph G. The capacities of the edges follow from
Table 2.1c and the fact that . is 2-Carleson.

Figure 2.1: Transforming a collection & into a graph.

2.2. Using the maximum flow in the graph to show that & is A~ !-sparse
Suppose that we transform a finite collection & as in Theorem 2.0.1 into a graph G = (V, E, ¢) as described in
the previous section. We will then end up with a graph with a finite amount of edges and vertices, because
the amount of sets Q € & and subcollections «f € & are finite. The capacities of all the edges will also be
finite, because for each edge (u, v) we have that c(u, v) = g (Ay) < n(Q) or c(u, v) = A‘lp (Q) = 1(Q) for some
Qe Z, and p(Q) < pu(Uges Q), which is finite. Knowing these facts, we can use a Max FLow algorithm to
find the maximum flow f : E — R in the graph G based on a finite . Any algorithm that is able to find the
maximum flow in a finite, weighted, directed graph should work. A couple of options are mentioned in the
Introduction. Depending on one’s goal, one can either choose an algorithm that is easy to implement or one
with a low time complexity. Time complexity will be discussed further in Section 3.3.
We give the following definitions that we will use to describe the flow in the graph.

Definition 5. Let G = (V,E,c) be a graph. We define cou(v) and foui(v) as the outgoing capacity and the
outgoing flow of a vertex v € V. In other words, we have that

Cout(W) = Y c(w,u) and fou(v) = ) fv,u).

ueVv ueVv

We can define the incoming capacity and flow cin (v) and fin (v) in a similar way:

cn(v) = ) cu,v) and fin(v) = ) f(u,v).

ueVv ueV
Definition 6. An edge (u,v) in a graph G = (V, E, ¢) is saturated by a flow f : E — Ry if we have that:
fw,v) =cu,v).

We now state the following lemma which will gives us a bit more information on what the capacities in
our graph are.



8 2. Equivalence of the Carleson and sparse condition for finite collections of sets

Lemma2.2.1. Let(S,Z, 1) be a measure space and let F be a \-Carleson collection of sets that are in =. Suppose
we transform this collection into a graph G = (V, E, ¢) according to the method described in Section 2.1. Let
A € F be arbitrary. The total amount of flow that can flow into vertices vg with Q € o equals

Z cin(Q) = Z ,U(Ad'):#( U Q)-
Qesd A'<F: Qesl
A'NA#P
Proof. Let us transform & into a graph G = (V, E, ¢) according to the method described in Section 2.1. All
paths P are of the form
P=o—vy,— vop — ©. (2.2)

By (E2) we know that a path goes through a vertex representing a Q € «/ if and only if it goes through a vertex
representing a subcollection «¢’ € & which contains a Q € & that is also in «¢. By (E1) and (E2) we have that
in each path P

c(®,4fp) = c(fp, Qp). (2.3)

So, all the flow that can come into a vertex v, with o/’ €. such that «/' n o # @ can also reach a vertex v
with Q € &/ N.of'. We thus have

Y@= )Y c@ug= Y ulAy). (2.4)
Qe A'<F: Ad'cF:
A NA#P A'NA %P

Now, by the first part of Lemma 2.1.1 we have that the sets {Ay} o are pairwise disjoint. Putting this to-
gether with the second part of this lemma we have

> u(Adf)=u(U U Aw =u(U Q), (2.5)
A'<F: Qe o4'3Q Qeof
A'NA#P

which finally gives us

> cin(Q)=u( U Q), 2.6)

Qedf Qed

which concludes the proof. O

We will use the Max-flow Min-cut Theorem [7] and the complementary slackness of MAx FLOw and MIN
CurT problems, which is a direct consequence of this theorem, to give a proof of Theorem 2.0.1 based the
maximum flow f. I will therefore state both here *.

Theorem 2.2.2 (Max-flow Min-cut). LetG = (V, E, ¢) be a weighted and directed graph with finitely many edges
and vertices and with finite capacities. The value x of the maximum flow that can flow through G is equal to
the value of a minimum cut y in G,

Theorem 2.2.3 (Complementary slackness of Max-flow Min-cut). LetG = (V, E, ¢) be a weighted and directed
graph with finitely many edges and vertices and with finite capacities. Then a flow f is maximal and a cut
Vi € V is minimal if and only if the following two statements are true.

M1 f(u,v)=c(u,v) forall(u,v)e EwithueVy andveV\ V.
M2) f(u,v)=0forall(u,v)e EwithueV\VyandveV,.

For a proof of these theorems the reader is referred to [7] [12, §10.3] and to the theory about comple-
mentary slackness in [1, Chapter 6]. We now state and prove a lemma which will be crucial for the proof of
Theorem 2.0.1.

Lemma 2.2.4. Let (S, 2, 1) be a measure space and let F be a finite A-Carleson collection of sets that are in X.
Suppose we transform this collection into a graph G = (V, E, ¢) according to the method described in Section 2.1.
Let f denote a maximum flow in this graph. There will be no Q € & for which the edge (Q, ©) is not saturated
by f.

lFormulation based on [1, Theorem 9.1 and 9.2]
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Proof. Theorem 2.2.3 tells us that the vertices V in the graph G can be partitioned into V; and V, where
e e,
e o€y,
e The flow f saturates the edges from V; to V5,
¢ The flow f through edges from V; to V; is 0.

We will use this to show that there is no Q € & for which the edge (Q, o) is not saturated. Start by letting
F1={QeF:vgeVi}and % = {Q € F : vg € V»}. Note that this means 5 U.%, = %. Recall that all paths
in G are of the form (2.2). We see that if an edge (Q, ©) is not saturated by the maximum flow, we have that
Q € &,. Let us study such a set Q, which we will call Q.

Because the flow f is maximal, we must have that at least one edge in each path is saturated by f. Seeing
that the flow does not saturate the edge (Q,©), we must have one of the following situations for each path
through Q-.

1. Theedge (7, Q) is saturated by f. This means that f(«/, Q2) = 1t (Ay), which means that ZQe% fl,Q) =
w(Ag).

2. Not the edge (<, Q2), but edge (&, «/) has reached maximum capacity. This means that «/ € V,. Con-
sequence (M2) from Theorem 2.2.3 then tells us that all Q for which f(<#,Q) > 0 are also in V», and
therefore in £%,. In other words, all the outgoing flow of v, goes towards a vertex vg with Q € &,. We
also have that the total outgoing flow of v, equals cj, («/) = p(Ay), because (&, <) is saturated. We
can conclude that } geg, f(«/,Q) = u(Ay).

We see that for each subcollection «f < & for which there exists an edge («/, Q) with Q € &,, which is any
of < & such that of N, # @, the following expression holds

Y f(t,Q =p(Ay), 2.7
Qe
which means we have
Yo owAp= Y Y f&Q=Y Y f(,Q=) fnlQ. 2.8)
AT AF: QeF QeFp A<F Qe
ANF2#P ANF2#D

The middle equality holds because f(«/,Q) =0if Q ¢ «/, and no Q € %, is in an &« such that & N %, = @. By
Lemma 2.2.1 we also have

Y wAy) = u( U Q). (2.9)

AT Qe
ANF2#D
This means we have
u( U Q) =Y fn(Q. (2.10)

QeF, QeF

Now, a proof by contradiction can be given to show that there is no Q € & such that the edge (Q, o) is
not saturated. Suppose there exists at least one set Qy € &>, such that the edge (Qy, ©) is not saturated by the
maximum flow f. We will then have

You@= Y pQ+pQo), @2.11)

QeF» QeZ2\{Qo}

as we would with any collection « such that Q € «. Now recall that by (E3) each vertex vg € (V3) only has
one outgoing edge (Q, ©), meaning that for every Q € %, we have that

fin(Q) = four(Q) < c(Q,8) = A u(Q). 2.12)

For Qg we even have that the inequality in this expression is strict because (Qp, ©) is not saturated. Knowing
these inequalities, (2.11) can be rewritten as

Y p@> Y Afin(Q=Ap

QeF QeF

U Q). (2.13)

Qe
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This expression is in contradiction with the A-Carleson condition, which means that all the edges between a
vertex representing a set Q € & and & are saturated. O

We are now finally ready to prove the main theorem of this Chapter.

Proof of Theorem 2.0.1. Transform % into a graph G = (V, E, ¢) using the method described in Section 2.1. Let
f be the maximum flow in this graph. We will prove that % is A~!-sparse using Definition 3 with a function
¢ that depends on the flow f. We set

flet,Q)
=1 1 . 2.14
%e=1a dgg: At H(Ay) @19
(A0

We first show that this function complies with condition (S2) from Definition 3. To do this, let x € Ugez Q
be arbitrary and let </, denote the subcollection <7, € & of all sets Q € & for which we have y(A.) > 0 and
x € Q. Note that by Definition 4 and Lemma 2.1.1 this implies x € A,y and x ¢ A, for any other o < %. We
have

Z Po(x) = Z ]1Q(x) Z ]lAd(X)f(d'Q) _ [y, Q) < Jout(x) < Cin () =1, 2.15)

GcF OcF AT 1AL g H(Aw) — B(Aw) — p(AL)
H(A»)>0
because by (E1), cin (<) = p (<fy).
It is now left to prove that for a A-Carleson collection %, this function also complies with (S1) from Defi-
nition 3 forn=A"'. Let, A; == UweFua,)>0 Aw and Az := Ugc g ua,)=0 Aw- We then have that

f(,Q) f f(,Q) f(,Q)
=]1 1 =] 1 1a,() +1 1 1 , (2.16)
fo"’Q fo T R TR P Py,
u(A)>0 1(A)>0 1(A)>0

because A; U Az =Uyeg Ay = Uges Q and A; and A are pairwise disjoint (both these facts hold by Lemma
2.1.1). We clearly have that
<,
o ¥ 1,9,

A =Y,
N R A% T2
1(A)>0

(2.17)

because for any x € o we have that x ¢ {«/ € & : u(Ay) > 0}, meaning that the indicator in the summation
will always equal 0. We therefore have that

= 1 1 R 2.18
de)Q L Y 14,0 (2.18)

AT: K (Ag) AT
1(A)>0 H(Az)>0, A_i>0
Qect u(Ayr>0)

ft,Q) [ | [Q
A
A gow 7 H(AL)

because by Lemma 2.1.1 we have that Q = Uycg.0cs A and that the sets {Ay}yc# are pairwise disjoint.
The fact that these sets are pairwise disjoint also means that we have 14, (x) = 0 for any x € A, with o/ "'t
We see that the expression above equals

(«,Q)

AC AL Y f(,Q), (2.19)
weg: JAy WAg) oG,
1(Ay)>0, 1(Ag)>0,
Qe Qeof

which equals the total incoming flow fi,(Q) of v because by (E2) there are no edges (<, Q) for an < such
that Q ¢ «/, meaning there cannot come any flow from a vertex that does not represent a subcollection that
contains Q. We can conclude that

fQ ¢0 = fin(Q) = four(Q), (2.20)

which means that ¢ complies with (S1) for n = A~! if we have that fou(Q) = A"'u(Q) for each Q € &. By
(E3) this is true whenever the maximum flow f saturates the edges (Q, ©) for each Q € &, which by Lemma
2.2.4is the case in a graph G based on a A-Carleson collection . O



An algorithm to find sets {Ep}gc s that
satisfy the sparse condition

In this chapter I will present an algorithm that takes as input a finite collection & that is A-Carleson with
respect to a divisible measure y, and then constructs sets {Eq} e that satisfy the A~!-sparse condition. Note
that the measure y must be divisible, because otherwise the sets {Eg}ge# might not exist, as explained in the
introduction. The algorithm will use the maximum flow in the graph based on & according to the method
described in Section 2.1, to distribute the available space amongst the sets {Eg}ge#. One could say that we
let the available space ‘flow’ to the different Eq so that we end up with sets {Eg}geg of the right size.

3.1. Constructing the algorithm

Let (S,Z,u) be a divisible measure space. Let & be a finite collection of sets in X that is A-Carleson with
respect to p such that i (Ugeg Q) is finite. Let G = (V, E, ¢) be the graph based on % according to the method
described in Section 2.1, and let f be the maximum flow in this graph. We will use the following algorithm to
divide the available space in Uge Q amongst the sets {Eq}ges -

Algorithm 1: An algorithm to find sets {Eg} e for a finite collection & that is A-Carleson with re-
spect to a divisible measure p.

Data: A finite collection & that is A-Carleson with respect to a divisible measure p.
1 begin

2 | Transform % into a graph according to the method described in Section 2.1.
3 Run a Max FLow algorithm to find the maximum flow f: E — R3¢ in G.

4 Set Eg = ¢ for every Q € &.

5 | SetAy,,, =@ forevery o/ €.

6 end

7 forQe F do

8 for vy € (V2) do

9 if f(«/,Q) >0 then

10 Select an arbitrary part Poy g S A \ Ay, such that u(Py o) = f(</,Q).
11 Let A;used =Aclyoon-

12 Set A.Qg'med = A;used UPy 0.

13 else

14 ‘ Set Py g = 9.

15 end

16 | end

17 | Set Eg =Ugczw ev2) Pa,Q-
18 end

Result: The sets {Eg}gez.

11
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We see that the idea of the algorithm is that if there is a flow of value f(«/, Q) from a subcollection < to a
set Q, an arbitrary part of the area A, of size f (<, Q) becomes part of Ep. Now, we need to be sure that this
algorithm actually works. This is expressed in the following proposition.

Proposition 3.1.1. Let (S,Z, 1) be a divisible measure space. Let F be a finite collection of sets in X that is
A-Carleson with respect to u such that p (UQEgz Q) is finite. When running Algorithm 1 with & as input, each
step in the algorithm is possible and the algorithm will finish in finite time.

Proof. Clearly the initialisation is possible, as the method described in Section 2.1 will transform any finite
collection & into a finite weighted and directed graph G = (V, E, ¢) with a source and a sink. As explained in
Section 2.2, can always find the maximum flow f in a finite weighted and directed graph in finite time with
one of the algorithms mentioned in the Introduction. Lines 4 and 5 are possible and finite because we are
just initialising variables.

We now get to the nested for-loops. These loops will only run finitely many times, because by assumption
there are only finitely many Q € &, and the amount of vertices in (V2) is at most the total amount of subcollec-
tions «f < %, which equals' 2!¥!, which is finite. Because we are only assigning variables in these for-loops,
we know that each iteration will also finish in finite time. We do need to check if the actions within the loop
are always possible. Particularly, we need to check whether we can always choose a suitable P g in line 10.
Note that because p is divisible, we can always choose a part Py g S A\ Ay, ,, Such that u(Py o) = f(</,Q),
aslongas p(Py ) = f(<£,Q) < u(Ay \ Ay,,,,)- We will prove by induction that this is the case in each itera-
tion of the for-loop in line 7. Let Q; with i = 1,...,|%| denote the set that is considered in the i'h iteration of
this for-loop. Let o/ such that v, € (V2) be arbitrary. Let P o, denote the Py g that is constructed in the
for-loop of Q;. Note that by (E1) we have cj, (/) = c(8, o) = u(Ay), and that we have

Y f(,Q) < four(e) < cin(f) = p(Agy). 3.1)
Qe

Now, in the first iteration of the for-loop Ay

used

B(Per,g) = f(ef, Q1) < pt(Aey) = (A \ At ) - (3.2)

= @. It then follows directly that for Q; we have

Now, let n = 2,...,|%| be arbitrary. Suppose that we had enough space for each Q; with i < n. Line 12 tells us
that when the for-loop in line 7 runs for Q,, we have that Ay, ,, = U:’;ll P.,q;- Combining this with (3.1) we
see that we have

n-1 n—1
K(Pw,0,) = F(,Qu) S p(A) = Y. fof,Q1) = u(A) = Y 1(Pus,g;)
i=1 i=1
(3.3)

n-1
SH’(A.Q{)_/J(U P-Q{;Qi) SM(A-d\A-Q{used)'
i=1

This means there is enough space in A for each Py, in every run of the nested for-loop in line 7. The other
lines within the for-loops assign variables based on each P . Because these sets exist, we know that the
actions in these lines are possible. We conclude that each step in the algorithm is possible. O

Now before formally proving that Algorithm 1 not only works, but also yields the correct result, I will try to
give some intuition on why it does. In other words, I will try to explain why the algorithm yields sets {Eg}ge
of the right size that do not overlap. Remember that the idea of the algorithm is that we let the available space
flow towards the different sets in {Eg}ges through the graph G based on . The space in each A flows
through the vertex v to a set Eq € {EqQ}gez-

Letting of = & in the second part of Lemma 2.1.1 shows us that the total capacity of the edges (E1) coming
out of the source equals the measure of the unions of all the sets in . This ensures that the total amount of
space that is able to flow through the graph is the same as the amount of space that is in Uge g Q. Edges (E1)
also make sure that the amount of space that can flow out of v, equals exactly the amount of space that is in
Ay . Because the {Ay} sc# are disjoint by Lemma 2.1.1, the space that can flow towards a set Eq € {EQ}ges
through a vertex v, cannot also flow towards the same or another set in {Eg}gec through a vertex v, that
represents a different subcollection «/’. The space in each set in {A.} 4c& can thus only be assigned to exactly
one Eq € {Eg}gez, which ensures that the sets {Eq}geg are pairwise disjoint.

IWe use the notation |%| to denote the amount of elements in &
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Edges (E2) make sure that the space A, can only flow to an Eq € {Eg}ge# such that Q € &/, which means
that the space that flows from v to vg, which is a subset of A, is also a subset of Q, because Ay < Q by
definition. This ensures that we always have Eg < Q. If in part 2 of Lemma 2.1.1, we let & = {Q} forany Q € &,
we see that (E2) also ensures that a set Eg € {Eg}ges can get exactly the amount of space that is in the cor-
responding Q, meaning that this set Eg can consist of any arbitrary part of Q. Finally, edges (E3) ensure that
each Eq € {Eg}ges does not get any more space than what is needed. This is important as the space could be
used for another set Eqy € {Eg}Qes-

We now give a proposition that formally shows that the sets {Eg}ge# found with Algorithm 1 are eligible
candidates for sparse subsets of &.

Proposition 3.1.2. Let (S, X, i) be a divisible measure space. Let F be a finite A-Carleson collection of sets that
are in X such that u (UQEg,: Q) is finite. The sets {Eq}geg that result from running Algorithm 1 with & as input
will meet the following two requirements.

1. Foreach Q€ %, we have Eg € Q.
2. Thesets in {EQ}qeg are pairwise disjoint.

Proof. (1) Let Q € & be arbitrary. Line 17 from Algorithm 1 tells us that Eq = Ugycg Py @ From the if-
statement in line 9 we know that Py ¢ # @ only if f(<f, Q) > 0. We therefore have that

Eo= U Puo 3.4)
AT
f(,Q)>0

Because f describes a feasible flow, we must have f(<f,Q) < c(<f,Q). By (E2) we know that c(</,Q) > 0
only if Q € o/, which by Definition 4 means that A, < Q. Line 10 tells us that if f(<,Q) > 0, we have that
Pyq s Ay. So, for any Py o with &/ such that f (<, Q) > 0, we have Py o € Q, which together with Equation
(3.4) concludes the proof.

(2) We give a poof by contradiction. Suppose that there exists an x € Uge# Q such that x € Eg, and x € E,,
with Q1,Q2 € Z, Q1 # Q2. Note that as a consequence of the first part of Lemma 2.1.1 we have that x € Ay
for exactly one «f < . Call this subcollection «¢'. Without loss of generality, suppose that we first run the
for-loop in line 7 for Q. For x to be in Eg, we must have x € P,y o, for some o € %. As Py o, € A for each
</, we must have x € Py ¢, which is only possible if f(</’,Q;) > 0, which means the algorithm runs the if-
statement that starts in line 9. We see that this means that P, becomes a subset of A A which means we
now have x€ A A Now let us see what happens when the algorithm later runs the for-loop for Q.. Because
x € Eq,, we must have x € Py o, for some &/ € &. By the same reasoning as for Q; we must have x € Py g,
for Q.. Let us see if this is possible. We start at line 9. We must have f(«//, Q») > 0, because otherwise we have
P ,q, = @. Werun the if-statement that starts in line 9. Line 10 tells us that we have Py o, € Aoy \Adlised. But,

as x € Eqg,, we have x € A o meaning we cannot possibly have x € P,y o, for Q. This is a contradiction
and concludes the proof. O

3.2. Proof that the result from the algorithm satisfies the sparse condition
We will now show that the sets {Eg}ge# that result from Algorithm 1 with as input a finite collection & that is
A-Carleson with respect to a divisible measure y, are large enough to comply with Definition 1 forn = A™L.

Theorem 3.2.1. Let (S,Z, 1) be a divisible measure space. Let F be a finite A-Carleson collection of sets that
are in X such that (UQeg Q) is finite. Suppose we run Algorithm 1 with & as input. Then, the resulting sets
{Eq}ges satisfy Definition 1 forn=A"1.

Proof. By line 17 in Algorithm 1 we have that for each Q € & we have Eg = Uyc# Poy,o. Now note that the
sets {Pgy ol Qe#, <% are pairwise disjoint. Firstly because by line 10, we clearly have

Py, @ Pepp, S Ay N Ay = @ (3.5)
for oy, ofp € F with o) # of,. Secondly, from the proof of part (2) of Proposition 3.1.2 it also follows that

PoyiNPeq, =9 (3.6)
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for Q1,Q2 € & with Q; # Q2. We conclude that the sets {P.y gl ge#, < are indeed pairwise disjoint. We also
know that for each Q € &, we have i (Py,0) = f(<Z, Q). So,

p(EQ)= ) nP= ) [f(,Q=finQ = foulQ. 3.7)

A<F A<F

So, to have p(Eg) = A~ (Q) for each Q € &, we must have fou:(Q) = A~ 1 (Q) for each Q € &, which by (E3)
is true whenever the edges (Q, ©) are saturated for each Q € &. Lemma 2.2.4 tells us that this is the case in our
graph, which concludes the proof. O

3.3. The time complexity of the algorithm

Now that we have an algorithm that is able to find the sets {Eg}ge# , it is an interesting question to ask
whether the algorithm does this efficiently. We want to find out what the time complexity of the algorithm is
as a function of properties of the A-Carleson family & that we give as input. We get a better understanding
of the time complexity of Algorithm 1 through the following theorem.

Theorem 3.3.1. Let (S, X, 1) be a divisible measure space. Let F be a finite A-Carleson collection of sets that
are in X such that 1 (Ugeg Q) is finite. Suppose we run Algorithm 1 with % as input. Then, Algorithm 1 will
finish O(| V|3)2 time, where |V| is the amount of vertices in the graph that is created in line 2 of the algorithm.

Proof. Let us look at what happens in lines 2 to 5 of Algorithm 1. In the proof of Proposition 3.1.2 we called
this part the initialisation of the algorithm, but we will see that most the work actually already happens here.
We will thus show that this initialisation already takes O (| V|*) time.

We see that in line 2 we transform % into a graph G = (V, E, ¢) according to the method described in
Section 2.1. This happens in O(|V|+ |E]) time, as this is the amount of variables we need to assign. In line
3 we use a MAX FLOw algorithm to find the maximum flow in the graph we just created. As mentioned in
the Introduction, the best available algorithms can find the maximum flow in O (|V||E]) time. As |V],|E| > 2,
we have that |V| +|E| < |V]|E|. This means that transforming & into a graph takes less than O (|V||E|) time,
meaning lines 2 and 3 together happen in O (|V||E|) time. We clearly have |V| = O (|V]). As for the edges, we
have at most one edge between each vertex, so we have |E| = O (|V|2). We conclude that the time it takes to
find the maximum flow equals

O(VIIEN=O(IVIIVI) =O(IV]?). (3.8)

Now, to check whether the time complexity of the algorithm is not actually larger than O (| V|3), we need
to check that the rest of the algorithm runs in less time. Setting Eq = @ for every Q € & (line 4) and setting
Ay, = @ for each of such that vy € (V2) (line 5), clearly happens in O (|(V3)]) + O(I(V2)]) = O(|V]) time as
there are [(V2)|+|(V3)| variables to be initialised. We then have the nested for-loop. The for-loop that starts in
line 7 will run || = O (|V]) times, and the for-loop in line 8 will run |(V2)| = O (|V]) times. The actions within
these lines all happen in O(1) time, as it only concerns assigning some variables. This means that nested

for-loop will take O (|V|?) time. We conclude that the complexity of the entire algorithm is
O(IVP)+o(vh+O(IVI*) =O(IVP). (3.9)
O

We see that the time complexity of the algorithm depends on the number of vertices V in the graph G =
(V,E, ¢) that is based on the collection & that is given as input. We saw in Section 2.1 that we have

V=(V1+((V2)+(V3). (3.10)

We see that for any &, we have that |(V1)| = 2. Also, we always have |(V3)| = |%|. We cannot really impose any
restriction on &% to reduce these numbers, except limit the number of sets in &%. We see something different
however for |(V2)], which equals the number of subcollections «f < & such that Ay # ¢. The number of
vertices in this set can widely vary between different Carleson collections &, even if they contain the same
number of elements. The complexity of Algorithm 1 thus depends on the amount of overlap that we have in
& . We see in the following corollary that if we do not put any restrictions on the overlap between the sets in
&, the time complexity can become very large.

2We will see that the time complexity of the algorithm depends on the time complexity of the Max FLow algorithm that is used in line 3,
it should be noted that if any faster MaX FLOw algorithm were to be used, the efficiency of the algorithm improves as well.
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Corollary 3.3.2. Let & be a collection as in Theorem 3.3.1 on which we put no restriction except that it must
be A-Carleson. The running time of Algorithm 1 with & as input will be at most of order O (23@' ).

Proof. We know from Theorem 3.3.1 that the time complexity of Algorithm 1 is O (|V|3). Now, because we
do not put any restrictions on %, the only upper bound for |[(V2)| we have is that [(V2)| < |P(&)|, as for any
o/ = F we could have that A,y # @. This means that at worst we have O(|(V2)]) = O(2'#!). Now we clearly
have that |(V1)| = 2 < O(2'¥!) and that |(V3)| = || = O (2!¥!). We thus have that

|V|=|(v1)|+|(v2)|+|(v3)|50(2'9'). 3.11)

We conclude that the time complexity of Algorithm 1 with & as input is at most
3
o(|V|3):o((2'3") ):0(23'9') (3.12)

time. O

It should be noted that a time complexity of O (23'9: ‘) time is very large, which means that the algorithm
is not very efficient.

To improve the time complexity, we can try to put some restriction on & to reduce the amount of sets
of < & such that mA, > 0. In the next section we will see that the time complexity already greatly reduces in
the case of dyadic cubes.

3.3.1. The complexity of the algorithm for a A-Carleson collection & of dyadic cubes

I already briefly mentioned dyadic cubes in the Introduction. We saw that Lerner and Nazarov [20] have
been able to give a constructive proof of the equivalence of the Carleson and sparse condition for A-Carleson
collection & of dyadic cubes. A collection & of dyadic cubes is a subcollection of cubes in a dyadic lattice 2,
which is defined as follows®.

Definition 7. A dyadic lattice 2 inR" is any collection of cubes such that

(D1) IfQ €9, then each child of Q is in D as well. A child of Q is any of the 2" cubes obtained by partitioning
Q by n hyperplanes parallel to the faces of Q that divide each edge into two equal parts.

(D2) Every 2 cubes Q1,Q2 € @ have a common ancestor. This means there exists a Q € 9 such that Q, and Q;
are both children of Q.

(D3) For every compact set K c R", there exists a cube Q € 9 containing K.

Proving that a A-Carleson collection & of dyadic cubes is also A™!-sparse is easier because with dyadic
cubes, the Carleson condition becomes local. This means that for a collection & of dyadic cubes, the Carleson
condition as described in Definition 2 is equivalent to requiring that

> u(Q)=Ap@, (3.13)
Qez
Q'<Q
for every Q € &. Because of this property, if & is finite, we can construct the sets {Eg} ge # inductively, starting
with the smallest cubes, and then working our way up.
Sadly, this locality does not hold in many other cases. As mentioned before, Carleson’s counterexample
[5] [27, Chapter 7] shows that it already fails in the case of dyadic rectangles. Because of this, construction the
sets {Eq}ges for a collection & of dyadic rectangles already is a lot harder than for dyadic cubes.

Seeing that the case of dyadic cubes is much simpler, we can check whether Algorithm 1 might have a
lower time complexity if we take a A-Carleson collection & of dyadic cubes as input. Note that this will be
quite useful, as more techniques are evolving to transfer results form the dyadic setting to the continuous
setting [23, Chapter 1], for example because the dyadic maximal function controls the maximal function as a
consequence of the Three Lattice Theorem [20, Theorem 3.1]. We will show that a collection of dyadic cubes
the algorithm indeed becomes a lot more efficient, using the following lemma.

3For more information on dyadic cubes, see [20].
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Lemma 3.3.3. Let 2 be a dyadic lattice in R", and let & < @ be a finite collection of dyadic cubes. Suppose
we transform this collection into a graph G = (V, E, ¢) as in Section 2.1. The amount of vertices in (V2) will not
exceed the amount of cubes in & .

Proof. Recall that |(V2)| = \{d CF u(Ay) =0} | We will show that there is a one to one relation between the
Q € & and the of < & such that we might have A,, # @, which proves the lemma.

Now, because & is a family of dyadic cubes, Definition 7 tells us that for any Q;, Q> € & we either have
Q1NQ2=9, Q1 € Q2 or Q2 € Q. Suppose & contains N cubes Q. Randomly order each cube Q € & as
Q1,Qz,...,Qn, and for each n = 1,.., N, let of, = {Q € F : Q,, = Q}. We will show that for each o« < & that is
not in {A,}neq1,... Ny, we have that A = @. Let o/’ be any such o < & that is not in {A,}neq1,.. n;. We must
then have a Q, and a Qj, with a, b € {1, ..., N}, such that Q, is not a subset of Q; and that Qj, is not a subset of
Q. Otherwise we would have o/’ = o, or o/’ = of},. Because Q, and Qy, are both members of dyadic family
&, this means that we have Q, N Qp = @. We then have by Definition 4 that

.....

Agr=| Q)ﬂ( N Qc)gQaﬂQb:Q)- (3.14)
Qest! QeF\'
We conclude that only sets {Ay}neq1,.., vy can have an Ay # @, which is as many as there are cubes in &. O

We can use this lemma to show that Algorithm 1 actually has a polynomial time complexity when the
input is a family % of dyadic cubes.

Corollary 3.3.4. Let & be a finite family of dyadic cubes that is A-Carleson. If we run Algorithm 1 with & as
input, the algorithm will finish in O (|F3) time.

Proof. By Theorem 3.3.1 we know that Algorithm 1 has a time complexity of O (|V|®). By Lemma 3.3.3 we have
that for a family & of dyadic cubes, |(V2)| = |%]. This means that

IVI=1(VDI+[(V2)+ (V3 =2+ |F|+|F|= O(FI) (3.15)

Combining these to facts yields the result that the algorithm finishes in O (|F |3) time. O



Equivalence of Carleson and sparse
condition for countable collections of sets

In this chapter we will study whether it is possible to generalise the proof of Chapter 2 so that it also holds for
infinite collections of sets. It can easily be seen that if we try to transform an infinite collection & into a graph
as in Section 2.1, we will end up with a graph with infinitely many vertices and edges. Seeing that the proofin
Chapter 2 relies on theory about the maximum flow in this graph, we will have to look at theory about flow in
infinite graphs to see whether an extension to infinite collections is possible.

4.1. Max-flow Min-cut for infinite graphs

If we look back at the proof for Theorem 2.0.1, we see that we transformed a A-Carleson collection & into a
graph, and then used the maximum flow in this graph to prove that this collection % was also A~!-sparse. The
Max-flow Min-cut theorem (Theorem 2.2.2) played an important role in this proof. We will see if something
similar is possible for an infinite collection 4. Note that the summation in Definition 2 tells us that we only
need to consider countable collections of sets.

If we transform a countably infinite collection & into a graph G = (V,E, ¢) in the same way we did in
Section 2.1, (V3) and (E3) tell us that we will get a graph with an infinite amount of vertices and edges. By
(V2), (E1) and (E2), the amount of vertices and edges might even be uncountable. This is because we could
have [(V2)| = |P(&)], and by Cantor’s theorem [4] [24, Theorem 2.1], P(&) is uncountable for a countably
infinite collection & .

As mentioned above, the Max-flow Min-Cut Theorem (Theorem 2.2.2) played a crucial role in the proof
of the equivalence of the Carleson and sparse condition for finite collections. Luckily, this theorem has been
generalised for infinite graphs [2, Conjecture 1.2] [21, Theorem 1], albeit only for graphs with a countable
amount of edges. I will paraphrase the generalised version from [21, Theorem 1] below!.

Theorem 4.1.1. Let G(V, E, c) be a weighted and directed graph with countably many edges. There exists a flow
fand a cut Vi €V such that the following two statements are true.

(IM1) f(u,v)=c(u,v) forall(u,v) e EwithueVy andveV\V.
(IM2) f(u,v)=0 forall (u,v) € Ewithue V\Vyandve V.

For the proof I refer the reader to [2, Section 6] or to [21, Section 4.2]. Do note that the fact that this
theorem only holds for graphs with a countable amount of edges could be a problem because (E1) and (E2)
make it so that a countable collection might still transform into a graph with uncountably many edges, as
mentioned above. We must thus impose certain restrictions on our collection so that the graph will only
contain countably many edges. In the following lemma we will see a restriction we can put on & to assure
that we only have countably many edges.

Lemma 4.1.2. Let (S,%, 1) be a measure space. Let & be a countable collection of sets that are in Z, for which
we only have countably many instances where sets in & overlap. In other words, we have only countably many

11 paraphrased the theorem so that the notation and structure is similar to Theorem 2.2.3.
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subcollections of < F such that (Ay) > 0. If we transform & into a graph G = (V,E, ¢) according to the
method described in Section 2.1, the number of edges in G will be countable.

Proof. Note that it will suffice to prove whether the amount of vertices is countable. Indeed, the set of edges
equals

E=JE, 4.1
veV

where we use E, to denote the total amount of incoming and outgoing edges of vertex v. In Section 2.1 we see
that by construction there can at most be one edge between each vertex. This means that for each v € V, we
have that |E,| < |V|. This is countable if | V| is countable. If this is the case, we have that (4.1) is a countable
union of countable sets, which is again countable as a consequence of the Countable Axiom of Choice [8,
Proposition 317]. We see that if | V| is countable, | E| is countable.

We will now check whether the amount of vertices is countable. Recall from Section 2.1 that the set V
consists of three subsets, (V1), (V2) and (V3). It will suffice to prove that each of these subsets is countable
because this implies that V is the countable union of countable sets which is countable by the Countable
Axiom of Choice mentioned above. It is clear that (V1) is countable as [(V'1)| = 2, which is countable. (V2) is
countable because because there is only countably many instances where sets Q € & overlap, which means
there are only countably many «f < & such that y (A.) > 0. Finally, (V3) is countable because % is countable.
So we can conclude that V is countable. O

Note that a countable collection & of dyadic cubes will also transform into a graph with a countable
amount of edges, because as we have shown in Lemma 3.3.3, there is a one-to-one correspondence between
the sets in & and the subcollections «f < % for which we could have u(A.,) > @. This means there is only
countably many « € % such that y(Ay) > 0.

4.2. The proof for infinite collections

With Lemma 3.3.3 we have found a category of infinite collections & that transform into a graph G for which
the Max-flow Min-cut Theorem (Theorem 4.1.1) holds. This means that we know that there exists a maximum
flow f in G and a corresponding minimum cut. Although we will not be able to find this flow, we can use the
fact that it exists to generalise the proof from Chapter 2 and prove the following theorem.

Theorem 4.2.1. Let F be a countably infinite collection as in Lemma 4.1.2 such that u(Ugez Q) is finite. If F
is A-Carleson, then & is A~} -sparse.

Proof. Transform & into a graph G = (V, E, ¢) with the method described in Section 2.1. By Lemma 4.1.2 this
graph only has countably many vertices and edges. Let f denote the maximum flow in this graph, which
exists by Theorem 4.1.1. We will prove that % is A~!-sparse using Definition 3. Recall that we did the same in
the proof of Theorem 2.0.1. We will now do the same, so we let ¢ be

0o f(,Q)
=1 1 s
%0 ¢ dg'g: A p(Ag)
H(AL)>0

4.2)

The summation only goes over countably many elements because by assumption there is only countably
many subcollections of < & such that y(Ay) > 0. Note that we do not need to know the exact values that f
maps to in order to use this function to prove that & is A~!-sparse. We only need to show that it complies
with condition (S1) and (S2) from Definition 3.

Observe that qb°Q° always converges. Let x € Ugeg Q be arbitrary. Because by (E2) we can only have
f(«Z,Q) > 0if Q € o, which by Definition 4 implies that A, € Q and therefore u(Ay) < 1 (Q), we have that

- F(et,Q) F(st,Q) F,Q fnl@  coml@

=1 1 < < = < =A"", 43

=le® ) 1a@UEETE L TGS L w0 p@ S *3)
U(A)S0 (A)S0 U(A)S0

which is finite.

We can show that (/)%O(x) complies with (S2) from Definition 3 in the same way we did in the proof of
Theorem 2.0.1. For any x € Uge# Q, let o7y denote the subcollection «/ € & of all sets Q € & for which we
have u(Ay) > 0and x € Q. We have

PN (x) = 1o(x) 1a,(x) =
Q;f < Qggz ¢ dé@: Ay e (A
H(Ay)>0

[6.Q ¢ fQ wa
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where the last inequality holds for the same reason as in (2.15).
Now to prove that (/)‘(’20 satisfies condition (S1) with n = A1 for a A-Carleson collection &, note that for
each Q € & we have

f(,Q)
=11 , (4.5)
fQ(pQ Q ? dé@: Aot w(Ag)
H(A»)>0

We again let A := Ugycg.ua,,)>0 Aw- By the same reasoning as in the proof of Theorem 2.0.1, we have that

o° _ f(‘d’Q)_ f(&{l,Q)_ f(&{yQ)
fQ(PQ—/AlllQ(x) Y La, > fA Y Ly, v = ) (4.6)

AT BAg) oo JAy sicy. u(A,)  Jw Jay nAy)
H(Ag)>0 H(Ag)>0, #(A/ )>0 K(Ag)>0,
Qe i Qest

where the last two equalities holds because the sets {A .} sc are pairwise disjoint (see the proof of Theorem
2.0.1). We conclude that

o fl,Q)
= = («,0Q) = fin(Q) = (Q). 4.7)
fQ 5= T | G L 0= m@= @
1(Ag)>0, 1(Ag)>0,
Qe Qest

We conclude that (/)‘(’20 complies with (S1) if fou(Q) = AL 1 (Q) for each Q € &, which is the case if the edges
(Q, e) are saturated for every Q € &. We have proven that this is the case for a graph based on a finite Carleson
collection. We will now see if this proof also works for a countably infinite collection &, by going through all
the steps in this proof, and checking whether they are also possible in the countably infinite case.

The proof of Lemma 2.2.4, starts by partitioning the graph G. Theorem 4.1.1 tells us that because the
graph G based on a A-Carleson collection & as described in Lemma 4.1.2 has a countable amount of edges,
we can also partition this graph in the same way. That is, we can partition the vertices V in G into V; and V,
such that

e ®eV],

e o€V,

¢ The flow f saturates the edges from V; to V5,

¢ The flow f through the edges form V; to V% is 0,

just like in the finite case. We again define 1 :={Q€ F :vg € Vil and & = {Qe F : vg € Vo}.

The paths in the infinite graph G also are of the form (2.2). The maximum flow f saturates at least one
edge in each path, so by the same reasoning as in the proof of Lemma 2.2.4 we have that for each subcollection
of < & for which there exists an edge (<, Q) with Q € &, the following expression holds

Y fl,Q) =pAy). (4.8)
Qe

This means we have a similar result as in (2.8):

Y A= Y Y [ Q=Y Y fQ=Y fnlQ. (4.9)
AT AF: QeF» QP A<F: QeF»
w(A)>0, 1(A4)>0, W(AL)>0
ANFr#D ANF2£D

Note that these summations will always converge, as we are summing flows in the graph which are all on a
different path. The sum of these flows must always be smaller than the total incoming capacity of the graph,
which equals p (Uges Q) which is finite. We can also give slight generalisation of the proof in of Lemma 2.2.1
that shows that

Y wApn=p| U U Aq|=e|U U Ag =u(U Q), (4.10)
AT Qed o'<F: Qed A'CF: Qe

H(=d)>0, u(=2")>0 o' Nef 0

ANF2 7P o' Nl #0
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where the last inequality holds by Lemma 2.1.1. We now see that that

N( U Q)= Y fin(Q. 4.11)

Qegz Q€L“72

We can now again give a proof by contradiction to show that the edges (Q,e) are saturated for every
Q € &. Suppose there is at least one Qg € & such that the edge (Qp, ©) is not saturated. We can make the
same argument as in the proof of Lemma 2.2.4 that shows that

Y p@Q@> Y Afin(Q=Ap

Qegg QEgz

U Q). (4.12)

Qe

Note that ¥ ge#, A fin(Q) is always finite, as this value will never exceed the total incoming capacity of the
graph which is finite. This means that this inequality holds. We see that we have found a contradiction with
the Carleson condition. We conclude that the edges (Q, e) are saturated for each Q € &, and thus that & must
be A~!-sparse. O

Note that there are no algorithms known that can actually find the flow f in a graph with a countably infi-
nite amount of edges. We will therefore not be able to actually construct the sets {Eg}ge# with an algorithm
similar to Algorithm 1.



Approximating the Carleson constant

We saw in Section 3.3 that for Carleson collections & with enough structure, we can find the sets {Eg}ges
complying with the A~!-sparse definition in polynomial time. It will be interesting to study whether we can
use a similar algorithm to find the Carleson constant of a collection & when it is unknown. I will introduce
such an algorithm in this section. The idea is that we take a A-Carleson collection & for which the Carleson
constant A is unknown. We then make an educated guess A’ for the Carleson constant and transform the
collection into a graph as if the constant A’ were correct and find the maximum flow in this graph. We then
use this flow and the complementary minimum cut to come up with a better estimate, and find the maximum
flow in the graph based on % and the new estimate. We keep correcting until we have found the correct
Carleson constant. Note that we will restrict ourselves to finite families in this chapter, as we cannot find the
maximum flow in an infinite graph (see Chapter 4).

5.1. Correcting a Carleson estimate based on the resulting {Eq}qcs
To understand how we might use the maximum flow in the graph based on an estimated Carleson constant
to correct our guess, we can make use of the following proposition.

Proposition 5.1.1. Let (S,Z, 1) be a divisible measure space. Let & be a finite A-Carleson collection of sets in X
such that p(Uges Q) is finite. Suppose we use the method described in Section 2.1 to transform & into a graph
G = (V,E, ) as if an estimate A’ < A were the Carleson constant. That is, we set ¢(Q,o) = (A )71 1 (Q) instead
of c(Q,8) = A"'u(Q) for all Q € F. The maximum flow in this graph will leave at least one edge (Q, o) with
Q € & unsaturated.

Proof. Let & be a finite A-Carleson collection, and let A’ < A be an estimate for A that is too small. By
Definition 2 this means that

Y u@>Ap
Qe

U Q) (.1)

Qeodf

for some subcollection «f € &. Call this subcollection «¢’. Note that we assume A’ = 1, because A = 1 by
definition. Now transform & into a graph G = (V, E, ¢) according to the method in Section 2.1, but as if A’
were the Carleson constant. This means that for each Q € &, we set ¢(Q,©) = A"'u(Q). (E3) tells us that the
total amount of flow that can flow out of vertices v such that Q € o/’ equals

1
Y c@e)=—= > p@Q. (5.2)

Qegd’ A Qesd’

By Lemma 2.2.1 we have that the total amount of flow that can flow into vertices v such that Q € &' equals

Cin(ef) = u( U Q) : (5.3)
Qed’
The flow coming out of the vertices v with Q € o’ can thus never be larger than this value. We thus have
1
> f(Q,e)scin(d’)=u( Ue < Y H@Q= ) c@e). (5.4)
Qedd’ Qed'! Qegd’ Qegd’
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22 5. Approximating the Carleson constant

We conclude that the flow indeed does not saturate all the edges from a vertex representing a set Q € & to
o. O

5.2. Finding a lower bound for the Carleson constant

Proposition 5.1.1 gives us a way to verify whether an estimate for the Carleson constant A is too small, because
if our estimate is too small, there will be at least one Q € & such that (Q, ©) is not saturated. Our approach will
therefore be to approximate the Carleson constant from below. To do this, we need to find a lower bound for
the Carleson constant. Such alower bound is easily deducted from Definition 2, which we do in the following
proposition.

Proposition 5.2.1. Let (S, Z, u) be a divisible measure space. Let & be a finite A-Carleson collection of sets in Z
such that p(Uges Q) is finite. For &, we always have

As 2 Qe H(Q)

> —, (5.5)
H (UQed Q)

for any subcollection «f < F.

Proof. Letuslook at Definition 2, which states that if & is A-Carleson, we have

Y pQ<=Ap
Qeof

U Q) (5.6)

Qe
for any subcollection &/ < 4. This can be rewritten as

2 Qe H(Q) -
u (UQEM Q) -

which concludes the proof. O

A, (5.7)

Now that we have found a lower bound for the Carleson constant, it would be nice to know some prop-
erties of the graph G = (V, E, ¢) that is based on a A-Carleson collection & and the estimate A’ that we found
with Proposition 5.2.1. We describe some in the following lemma.

Lemma5.2.2. Let(S,Z, 1) be a divisible measure space. Let & be a finite A-Carleson collection of sets in Z such
that  (Uge Q) is finite. Suppose we use the method described in Section 2.1 to transform this collection into a
graph G = (V, E, ¢) as if the Carlson constant is

, Loex Q)
N=""rr =
U (UQE&’ Q)

instead of the actual A. If A" # A, then the following statement holds.

) (5.8)

When partitioning V into V, and Vo amongst a minimum cut in the same way as in the proof of Lemma
2.2.4, there is at least one Q € & such that v € Vy. Furthermore, let of < & be any subcollection for which we
have f(<f, Q1) > 0 with Q, € &. We then have that any Q € & for which there exists an edge (<f,Q), that Q € V.

Proof. Note that A’ is a lower bound for A, meaning that if A’ # A, we have A’ < A. Let G = (V,E, ¢) be the
graph based on a A-Carleson collection &, as if A’ were the Carleson constant. We will prove the first part of
the statement using a proof by contradiction. We thus suppose that A’ < A and that there is no Q € & such
that vg € V1. This means that the maximum flow saturates all paths from @ to vg for any Q € &. Recall that
all paths P are of the form (2.2). If we want to have no Q € % such that v € V7, we must have that in each
path P either the edge (&, «#p) or the edge («/p, Qp) is saturated. Note that by (E1) and (E2) we have that in
each path P

c(®,2fp) = c(lp, Qp). (5.9)

Combining this with the fact that we know that each vertex representing a subcollection <« only has one
incoming edge whilst it has one or more outgoing edges, we know that

f(®,90p) = f(fp,Qp) (5.10)
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in each path. This means that («/p, Qp) can only be saturated if (&, «/p) is saturated as well. Thus for all paths
to be saturated before reaching a vertex vg, we must have that (®, /) is saturated for each &/ < % such that
v € V. We must thus have a total flow out of the source & of value

Y @)= ), u(Aﬂ)=u(U Q), (5.11)

AF A<F QeF

where the last equality holds by Lemma 2.2.1. For this to be possible, the total flow in the graph must be of
this value. This is only possible if the total outgoing capacity towards the sink is at least of the same value. By
(E3) we have that this capacity equals

1
Y. c@e)= )Y —u@. (5.12)
QeF gez N

Additionally, Proposition 5.1.1 tells us that at least one of these edges in not saturated as A’ is smaller than
the actual Carleson constant. This means that for the flow to be feasible, we must have

1
> f(ea,d):u( Uae <X Y u@= ) c@e). (5.13)
AT QeF Qe QesF
But, by (5.8) we have
1
u( Ue = Y p@Q, (5.14)
QeF QeF

which gives us our contradiction. We conclude there is at least one Q € & such that vg € V;.

Now for the proof of the second statement, let o/ be any set «f < & such that f (<, Q;) > 0 for some Q; €
V1. By (M2) from Theorem 2.2.3 this means that </ € V;. Now let Q be any set in % such that the edge (<7, Q)
exists. By (E1) and (E2) we have that cj (¢f) = c(ef, Q). This means that f(«/,Q) < c¢in — f(#,Q1) < ¢c(,Q),
meaning (<, Q) is not saturated, which by (M1) means that we have Q € V. O

5.3. An algorithm to approximate the Carleson constant

Bringing all the above observations together allows us to construct the following algorithm for approximating
the Carleson constant.

Algorithm 2: An algorithm to approximate the Carleson constant of a finite Carleson collection 5.

Data: A finite Carleson collection &.

1 begin

2 | SetF =7

3 end

4 while ' # ¢ do

o | sernro ZoeF HQ
IU(UQ(—;@’ Q)

6 | Transform &' into a graph G according to the method described in Section 2.1 as if A’ were the
Carleson constant of &’
7 | Runa Max FLow algorithm to find the maximum flow f: E — Ry in G.
8 | Use the Max-flow Min-cut Theorem to partition the graph into V; and V; such that the edges
between V; and V5 are saturated. Do this in such a way that v € V; if and only if there is an
unsaturated path between v and e.

9 Let F'={Q:vg e Va}.
10 end
1 return A’

Result: The Carleson constant A of &.

[

Note that all the steps in this algorithm are possible. Assigning variables is always possible, and we have
already shown in Chapter 2 that we can transform %’ into a graph and find the maximum flow in this graph
because &’ is finite. The partition that is made in line 8 is possible because all paths in &’ are of the form (2.2).
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The maximum flow f always saturates at least one of the edges in each path. If only one edge is saturated, we
make the cut in this place. For example, if only the edge («p, Qp) is saturated for a path P, we get v, € V}
and vg, € V,. If two edges are saturated in the same path, we make the cut along the edge that is closest to
©. So, for example, if («/p, Qp) and (Qp, ©) are saturated for a path P, we have that v, € V; and vg, € V1. We
see that if we make the partition in this way, we always have an unsaturated path from a v € V; to ©. Now, to
prove that this algorithm will yield a correct result, we first need the following lemma.

Lemma5.3.1. Let (S, Z, 1) be a divisible measure space. Let & be a finite A-Carleson collection of sets in Z such
that 1 (Ugez Q) is finite. Suppose we run Algorithm 2 with & as input. Suppose the while loop in lines 4 to 9
needs to run N times. Let A,, denote the value of A' in the n'" iteration of the while-loop. We then always have
that

An = An+1

forneil,2,..,N-1}.

Proof. Suppose we are in the n'" iteration of the while loop for any 7 € {1,..., N — 1}. Let %, denote %' in the
beginning of the iteration. Let G, be the graph that is constructed in line 6, let f;, denote the maximum flow
found in line 7, and let V; , and V; ,, denote the partitions from line 8. Let %, ,, := {Q € &, : vg € V> ,}. By line
9 this equals ;4.

Now if A, = A, Theorem 2.0.1 tells us that the edges (Q, ©) should be saturated for all Q € &,,. This would
mean that %,,,1 = %, , = @ which would mean that this nth loop would be the last iteration of the while-loop.
But, we assumed that n < N — 1, so we conclude that A, # A.

If A’ # A we have by (E3) that the total outgoing capacity of the vertices representing a Q € %, ,, equals

1
Z Cn,in(Q) = Z cn(Q,8) = — Z n(Q. (5.15)

QELgZ,n QEgz,n An Qegz,n

Because the edges (Q,e) with Q € &, , are not saturated, we must have f,(%2,,) < cpout(F2,n). Now, by
Lemma 2.2.1 we have that the total incoming capacity of paths going through &, ,, equals

> cn,in(Q)=u( U Q). (5.16)

QP p QeFa,p

Because of the second part of Lemma 5.2.2 we know that no flow that goes through any vertices v, such
that there exists an edge (&7, Q2) with Q> € &, ;, flows towards a vertex vg with vg € V; ,. Seeing that the
edges («/,Q) can not be saturated before (&,<) is saturated (see the proof of Lemma 5.2.2) and we are

dealing with a maximum flow, we must have either }_gc #, , fn,in(Q) = Xqc Fa,n Cn,out(Q) o1 20 Fon frin(Q) =
Y. 0e , Cn,in(Q). Because the edges between vertices vg with Q € &, , and o are not saturated, we must have

Y fam@= Y Cn,in(Q)=,U( U Q)< > cn,out(Q)=i Y. 1@Q. (5.17)

Q€Fon QeFon QeFan QeFon An éz,,

Now, as said before %, , = %,+1. When running the while-loop for the (m+D)™ time, we see that we have

Y Qe P H(Q) _ 2 QeFr, H(Q) . 2 QeFr, H(Q)
N (UQegnH Q) l’t (UQegZ,n Q)

Apor = =Ay, (5.18)

1
, 2 QeF,, H(Q)
which concludes the proof. O

We are now finally ready to prove the main theorem of this chapter:

Theorem 5.3.2. Let (S,Z, 1) be a divisible measure space. Let & be a finite A-Carleson collection of sets in
X such that p(Ugeg Q) is finite. When running Algorithm 2 with F as input, the result will always be the
Carleson constant A. To get this result, the while-loop will run at most N < || times.

Proof. In this proof, we again let &, with n € {1,..., N} denote the collection &' at the beginning of the n'"
iteration of the while loop, and A,, the value of A’ in the n’" iteration of the while loop. Note that Ay then
denotes the result of the algorithm. We let V; ,, and V» , denote the partitions of V,, € G, that is made in line
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8, and we set 1 := {Q € F,,: vg € Vi,,} and %, = {Q € &, : vg € V5 ,,}. Note that we have &, ,, = ¥4 for
every n€{l,..., N—-1}.

We start by proving that the while-loop will run at most N < |.%| times. For the n'" loop we can either
have that A, = A or that A, < A because A, is alower bound for A. By Lemma 5.2.2, if A, < A, we have that
there is at least one Q € &, such that Q € &1 ,,. This means that | Fp.1| = |(F, \ F1,n)| < |Fnl — 1. This clearly
holds for every n =1,...,, N — 1. We see that |9 ! | decreases by at least 1 for each iteration. We thus have that
Fn < |F| - (n—1). We conclude that we must have &, = @, which is when the algorithm would stop, after
at most || iterations.

To prove that this algorithm yields a correct result, we shall first show that the result is not too large, i.e.
we show that Ay < A. Note that we have that &, € & for each n =1,...,, N. By Proposition 5.2.1 we then have
that

As ZQEQ,Z 1
© (UQegn Q)
which proves that each A, is a lower bound for the actual Carleson constant A.

We will now prove that the result is not too small, i.e. that Ay = A. Note that by Theorem 2.0.1 this is
equivalent to showing that for the estimated sparse constant we have Az_vl < A~'. We prove this by showing
that for each Q € & we have a ¢ that complies with Definition 3 for n = A;'. In other words, we have a ¢¢
that complies with (S2) such that fQ ¢o = A]‘\,1 1 (Q). By Definition 3 this means that the actual sparse constant

=Ay, (5.19)

A~! cannot be any smaller, because A~! must be the largest possible value for which this inequality holds,
which means we must have A <A™
Now for n=1,...,N, let

bon = dggz la, A (5.20)

and let us set Ny
(pQ = Zl ]l[UdEyfn Ay/](’bQ‘n, (5.21)
n=

where o/, = {of € Fp,: o/ N Fy,, = @}. Note that the sets {«,,} neq1,.., Ny are pairwise disjoint, because if of € o),
forsome nefl,..,,N—1}, then & N F;11 = & NS, = §, meaning o/ gz Fn+1, and therefore of ¢ of;,.1. This
means that for any x € Uges Q we have that

N
Y po =3 3 Ly, a0%en= ), $on (5.22)
Qe QeZ n=1 Qegly
for some n € {1,..., N — 1}. We saw in the proof of Theorem 2.0.1 that this expression is bounded by 1 because

Srout () - Cnyin (x) -1, (5.23)

Y o)=Y pon= <
QeF Qely H (A-dx) v (A-dx)
where of, = {Q € F : x € Q}. This means that (S2) is satisfied.
Note that the sets {&] ,}neq,.., Ny are pairwise disjoint. Indeed, let n, m € {1, ..., N — 1} be arbitrary. Without
loss of generality suppose n < m. We have % ,, € %, © 41 = F, \ F1,,. These relations are due to line 9 in
Algorithm 2. Now let Q € & be arbitrary. Then Q € gl,nQ for exactly one ng € {1, ..., N}. Observe that

N
f Q= | 2 LUyeu, As1PQn- (5.24)
Q Qn=1

Note there is no x € Q such that x € Uye.y,- Ay for an n~ < ng. Because if there were such an x, we
would have x € o/~ for an &/~ € of,-. By Definition 4 this is only possible if Q € «/~, but by definition of
o~ we should have /™ N F -1 = &~ NFy-2 = @, which would mean Q ¢ Fng S Fn-+1, where we have
9nQ € y,-4+1 because ng = n~ + 1. This is a contradiction. We could have an x € Q, such that x € A, with
of € of+ foran n* > ng. However, for such an o/ we must have f,+ (Ay, Q) =0, because Q ¢ &, < 9—‘”0+1 as
Qe gnQ \g:nQH, which means ¢, ,+ = 0. We conclude that expression (5.24) is equivalent to

fQ bo= fQ H[UME% Ad]d)o,ng (5.25)
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Now note that by Lemma 5.2.2 we have that for an «f < Fno» an («/,Q) >0 only if o« € Ang» because
if of ¢ an, we have a Q, € ﬂnoyg for which there exists an edge («/, Q) in G”Q’ which is only possible if
an («/,Q) =0because Q € gnle. This means we have

an('Q{ Q)
Qo (x) = d;gh“’ A =0 (5.26)

forany xe€ Q\ (Uggean Ad). We conclude that we have

) ) Fao(,Q) Fget
/ngQ_fQ]l[Udean Ad](»bQ,nQ —fQ(I)Q,nQ Z dm—fQ Z ]lAd ,u(A ) an,m(Q)»

QucF g{cga
(5.27)

where the last equality holds by the same reasoning as in in (2.18), (2.19) and (2.20) in the proof of Theorem
2.0.1. Now, because an saturates the edge (Q, o), in GnQ, we have

Frgin(Q) = Eng0ut(Q) = A7 (Q) = AN (Q), (5.28)
because A no AN by Lemma 5.3.1. This means that we have
f $q= f Pon =AY (Q) (5.29)
Q Q

and that (S1) with n = A~! is satisfied. O

5.4. The time complexity of the Algorithm

It will be again interesting to check how efficiently we can discover what the Carleson constant is. Note that
we can also discover the value of the constant with the help of Definition 2 using the following algorithm.

Algorithm 3: An algorithm to approximate the Carleson constant of a finite collection & with the
help of the definition.
Data: A finite Carleson collection .

1 begin
2 Set A=1.
3 end
4 for o/ < & do
2 Qea H(Q)
I (UQE&{ Q) .

if A’ > A then

| SetA=A

end
end
Result: The Carleson constant A.

5 Set A =

© © a4 o

We would like for Algorithm 2 to be more efficient than this one. To see whether this is the case, we first
need to know how efficient Algorithm 3 is, which follows from the following proposition.

Proposition 5.4.1. Let (S,%, ) be a divisible measure space such that 1 (Ugeg Q) is finite. Let F be a finite
A-Carleson collection of sets in Z. Then Algorithm 3 is able to find the Carleson constant A of & in O (P(%)) =
0 (21) time.

Proof. The initialisation of Algorithm 3 in line 2 takes O (1) time, as there is only one variable to be initialised.
The actions that are performed within the for-loop between line 5 and 7 also take O(1) time because one
inequality is checked en then either one or two variables are set. The time complexity of the algorithm now
only depends on how many times the for-loop will run. The for-loop will run one time for each « ¢ %,
meaning it will run |P(&)| times. We conclude that the time complexity of the algorithm equals O (P(%)) =
0(271). 0
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The time complexity of Algorithm 2 follows almost directly from Theorem 5.3.2:

Theorem 5.4.2. Let (S,Z, ) be a divisible measure space such that u(Ugez Q) is finite. Let F be a finite A-
Carleson collection of sets in =. The time complexity of Algorithm 2 with & as input is at most O (|| |V|3)) <
o(IvVI4).

Proof. The initialisation in line 2 takes O (1) time, as there is only one variable to be set. By Theorem 5.3.2,
the while-loop in lines 4 to 9 runs at most || times. We will now check how long it takes to run one iteration
of this while-loop.

In line 5 we set one variable, which takes O (1) time. Then in lines 6 to 7 we again represent a collection &’
as a graph and then find the maximum flow in this graph. In the proof of Theorem 3.3.1, we saw that this takes
ofl Vl?’) time. In line 8 we partition the graph into V; and V, according to the maximum flow. This means that
for each vertex v € V' \ {®, 6} = (V2) U (V3), we need to check whether there is an unsaturated path form this
vertex to ©. For each v € (V3) we only need to check one path, as these only have one outgoing edge. So, this
will take O (|(V3)]), which is O (V) by the proof of Theorem 3.3.1 time. For each v € (V2) we need to check
at most |#| paths, as this is the amount of sets that could be in any «/. We can thus check all the paths from
a vertex in [(V2)| to & in at most O (|F||(V2)|) = O(IVIZ) time. We then finally have line 9, which concerns
defining a variable. This can happen in O (1) time. We conclude that one iteration of the while loop takes at
most

OM+O(IVR)+0(Vh+O(IVI)) = O(IVP) (5.30)

time. All the while loops together therefore take at most
o(Z1IVIE) <oV (5.31)
time. O

We see that our algorithm has a better time complexity than Algorithm 2 if | V| is not too large. We can put
the same restriction on % as in Lemma 3.3.3 to make sure the algorithm finishes in polynomial time. This is
stated in the following Corollary.

Corollary 5.4.3. Let % be a finite collection of dyadic cubes that is A-Carleson. If we run Algorithm 2 with & as
input, the algorithm will finish in at most O (|F|*) time.

Proof. By Theorem 5.4.2 we have that Algorithm 2 runs in at most O (|V|*) time. The proof of Corollary 3.3.4
shows that for a dyadic collection & , we have |V| = |F|. We conclude that the complexity of Algorithm 2 for
F is at most O (|F*) O






Discussion

In this bachelor’s thesis I have succeeded in proving the equivalence between the sparse and Carleson con-
dition for a finite A-Carleson collection %, and generalised this proof for countably infinite collections with
limited overlap. I have also managed to construct an algorithm that can approximate the Carleson constant
for a finite collection & for which this constant is unknown, and an algorithm that can find the sets {Eq} ez if
Z is finite and A-Carleson with respect to a divisible measure u. Both of these algorithms finish in polynomial
time for a A-Carleson collection & of dyadic cubes.

The biggest obstacle in writing this thesis was the construction of Algorithm 1 which is able to find the
sets {Eg} e . Originally, my supervisor and I thought we could divide the space in Uges Q amongst the set
{Eg}ges by finding the maximum flow in a graph which, asides from the source and the sink vertex, only had
vertices for each set Q € &, and not for each subcollection «f < & with u(Ay) > 0. We quickly discovered that
with such a method you run into trouble if there are areas where more than two sets in & overlap. Luckily
we came up with the solution that I have described in this thesis, but for this solution the graph can have
many more vertices than the amount of sets in & . Because of this, the time complexity of this new algorithm
is much larger than that of the original one, seeing that the time complexity depends on how long it takes to
find the maximum flow in the graph, which for a large part depends on the amount of vertices.

We have tried to come up with other, more efficient ways to transform & into a graph, but sadly without
success. For this reason, I expect it might be impossible for an algorithm to find the sets {Eg}gcg satisfying
the A~!-sparse condition in polynomial time for a general collection . I have not been able to prove this, but
this would be an interesting topic for further research. It would also be interesting to try and prove that the
amount of vertices in the graph is limited for any other type of collections except for dyadic cubes, meaning
that the algorithm would be more efficient for this category as well.
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