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Chapter 1

Introduction

1.1 General introduction, background, context and
main results

The topic of this thesis concerns random fractals. This is in the field of fractal
geometry. Fractal geometry is fairly new innovation, and I do not intend to
introduce it in full generality, but I will briefly explain what I know about its origin.
Some of the objects studied in fractal geometry first appeared in the history of
analysis as early as the mid-1800s. For instance the Weierstrass function, introduced
by Karl Weierstrass in 1872, was an early example of a function that is continuous
but nowhere differentiable. The Cantor set appeared in the work of Georg Cantor
on the uniqueness of Fourier coefficients. These objects, however, were mostly
not studied for their own sake, but rather for their pathological properties and
irregularities.

The change came in part from the work of Benoit B. Mandelbrot, who was
born in 1924 and died in 2010. I have the impression from his memoir [32] and
from the paper [58] that certain irregularities and deviations from (what was
commonly thought to be) the expected instead appeared to him to be the norm.
This idea is also reflected in the following quote of Furstenberg: “Incorporating
fractals into mainstream mathematics rather than regarding them as freakish
objects will certainly continue to inspire the many-sided research that has already
come into being” [58, Hillel Furstenberg|. Throughout Mandelbrot’s life, though
mainly between the late 1950s and early 1970s, he observed (or was made aware
of) plenty of phenomena where some things clustered surprisingly. In his memoir
[33] and his book The (Mis)behaviors of Markets [34], he explains that his belief
that self-similar and self-affine objects should be studied came from observations
of certain data concerning the physical world. One example that led him to this
conclusion, he explains, was the curious case of the flooding of the Nile. The yearly
flooding patterns showed long stretches of unusually high or low water, indicating
the presence of a persistent pattern. (This long-term dependency was already
observed before Mandelbrot by Hurst). Mandelbrot explains how flooding also
helped him to understand financial data slightly more, which he observed followed
similar patterns. Moreover, financial data is also impacted by an underlying
fat-tailed distribution, which causes clusters of unexpected events. Mandelbrot
further discusses how galaxies organize into clusters, and similarly errors appear in
a telephone line in-homogeneously in time in “astonishing bundles”. Mandelbrot
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thought about these phenomena not as deviations from something smooth, but
rather as irregularity inherent to their nature. He believed that “The key is spotting
the regularity inside the irregular, the pattern in the formless.” He thought this
could be done utilizing their fractal (or more in some cases multifractal) nature, as
he explains: “A fractal has a special kind of invariance or symmetry that relates a
whole to its parts: The whole can be broken into smaller parts, each an echo of the
whole.”

He later observes how Hausdorff dimension plays a central role in the analysis
of fractal objects (in the above sense). He explains: “In the context of prices, the
measurement of volatility was the Hausdorff dimension. In the context of turbulence,
the dimension of roughness was again the Hausdorff dimension.” He even claimed
that a “fractal is by definition a set for which the Hausdorff-Besicovitch dimension
strictly exceeds the topological dimension.” This is, however, not how we usually
think about fractals in the present day [16, p. xxv.].

A new chapter started in the world of fractal geometry with the 1981 paper [26]
of Hutchinson, which provided a rigorous basis for further research of fractal objects.
In this paper he “introduced the idea of an iterated function system (though not
with that name) for generating fractal sets” [58]. Another major step occurred just
4 years later with the first book of Kenneth Falconer, which served as a rigorous
basis for those who wanted to join the fractal community.

On the other hand, we must mention that long before the work of Mandel-
brot from the 1960s, important research was already done on irregular sets by
(among others) Abram S. Besicovitch, Herbert Federer and John M. Marstrand.
Their enormous effort to structure the knowledge of irregular sets provided an
important basis for the research in (not only) fractal geometry. This side of the
story perhaps starts with Carathéodory who introduced a method to construct
p-dimensional measure in ¢ > p dimensional spaces [42]. This subsequently inspired
Felix Hausdorff, who introduced the Hausdorff outer measure and dimension in the
late 1910s for fractional dimension as well [23]. Simultaneously, in Russia and later
in Copenhagen and the UK, Abram Besicovitch worked on numerous problems
in geometric measure theory. He is closely associated with the Kakeya problem,
and many fundamental theorems bear his name: a covering and a density theorem
(for Hausdorff measures) and a projection theorem (that states that if a planar
set has finite length and is purely unrectifiable, then almost all of its orthogonal
projections have 0 length). According to Federer, “Much of geometric measure
theory during the first half of this century consisted of detailed studies of certain
peculiar sets... From this analysis of pathology there gradually evolved, thanks
largely to the pioneering genius of A. S. Besicovitch, a pattern of structure.” (The
excerpt is noted by Taylor in [60]). In 1954, Marstrand formulated and proved
the highly influential projection and slicing theorems named after him [36], which
had a huge impact on both geometric measure theory and fractal geometry. The
projection theorems are as follows. Any analytic set in R? has the property that
for almost every projection the dimension of the projected set equals the maximum
of the dimension of the original set and 1. Further if its dimension is greater than
1, then it projects to a set of positive Lebesgue measure in almost every direction.

Federer also played a central role in shaping geometric measure theory into a
unified and rigorous discipline. His geometric measure theory book was the first
systematic collection of the knowledge in geometric measure theory. Many variants



of these theorems can be found in the fundamental books by Falconer, Mattila and
many others.

The story of random fractals, which is the primary focus of this thesis, begins
with Mandelbrot as well. In 1974, he introduced a model which later in his 1983
book he called canonical curdling. (The year “1974” was mentioned in [6] and [28].)
This is the common ancestor of random multiplicative cascades and the Mandelbrot
percolation set. Random multiplicative cascades are random measures which are
defined relative to the L-adic subintervals of the interval [0, 1]. These models were
first studied by Kahane and Peyrie (see [28]) as early as 1974, where (among other
things) they were interested in the dimension of the random measure. The topic of
this thesis is more closely concerned with the Mandelbrot percolation set, rather
than measures. This is a random set constructed by iterated coin-tossings on the
L-adic intervals of [0, 1]¢, for some d > 1. Namely, the Mandelbrot percolation
fractal in R is constructed inductively as follows. We fix an integer L > 2 and a
probability p € (0,1). The closed unit cube is divided into L? congruent sub-cubes,
each of which is independently retained with probability p and discarded with
probability 1 — p. This process is repeated in the retained cubes ad infinitum, or
until there are no cubes left. This construction results in a random set, which by
varying the probability parameter p displays different (almost sure) behavior, from
being an empty set, through being a dust-like set, and finally at p = 1 being the
whole unit cube.

A broader family of random fractals was studied by Falconer [14] and Mauldin
and Williams [38| from the perspective of Hasudorff and box-dimension. For d = 2,
Mandelbrot percolation was studied by Jessica T. Chayes, Lincoln Chayes and
Richard Durrett [6] from the perspective of percolation—the event that the left
and the right sides of the unit cube can be connected with a curve contained
entirely within the random attractor. Also, for general d > 2 in the same year, the
geometric measure-theoretic properties (positivity of Lebesgue measure and the
value of dimension) of the coordinate projections were studied by Michel F. Dekking
and Geoffrey Grimmett in [9] for a broader family of random fractals. This was
followed by a collection of interesting work on similar constructions by, for example,
Kenneth Falconer (equality of Hausdorff and box dimension for axes-projections:
[15], interior for axes projections: [17]), Michel Dekking (differences of random
Cantor sets: [12], [10], phase transitions: [11]), Geoffrey Grimmett ([17]), Ronald
Meester ([39]), my supervisor, Karoly Simon ([40]), Michal Rams ([50], [48]), Pablo
Shmerkin ([55]), Ville Suomala ([7],[56]), Sascha Troscheit (|62]), Julien Barral ([4],
[5]), and many of their students and many others. (Note that the above excludes
coauthors and is only intended to mention some important papers; the list is far
from being exhaustive). My supervisor found himself in the topic of random fractals
because he was asked to teach a course on random fractals at BME. As he says,
the best way to learn something is to do some research in it. This is also how the
random fractals began to be taught at BME. My interest in random fractals goes
back to the final Stochastic Processes class, when Kéroly Simon and Balézs Barany
introduced them to me.



1.1.1 Projections and overlaps

The primary object of study this thesis is a family of random fractals on the line.
We briefly explain the motivation for studying such examples. First, recall from
the introduction Marstrand’s projection theorem. Let E < R? be a Borel set with
Hausdorff dimension s, and let 7, denote the orthogonal projection onto the line
at angle a. According to Marstrand’s theorem, for Lebesgue almost every direction
a € [0, ), the projection behaves as expected: if s < 1, then dimy(7,(F)) = s; if
s > 1, then the Lebesgue measure of 7,(F) is positive. Mandelbrot percolations
are spatially homogeneous, they satisfy an even stronger dichotomy. When the
dimension of the set is greater than 1, the projection contains an interval in all
directions simultaneously almost surely conditioned on non-extinction (see [49]).
On the other hand, when the dimension is less than or equal to one, the projected
set has the same dimension as the original one ([48]) in every direction. Moreover,
the natural measure is absolutely continuous with Holder continuous density (a.s.)
except for the vertical and horizontal directions [46]. In [54] Pablo Shmerkin and
Ville Suomala generalized all of these results to a large family of random measures,
and also proved many other results. We only mention that they prove that in
each direction there is an open set of lines whose intersection with the Mandelbrot
percolation set has Hausdorff dimension at least the almost sure dimension minus
1.

Projections of spatially inhomogeneous random self-similar sets behave differ-
ently. When projected in rational directions, even deterministic sponges frequently
exhibit pathological behavior characterized by a strict reduction in dimension caused
by the heavy overlaps. By sponge, we mean a self-similar set constructed recursively
on the unit square [0,1]?. We fix an integer L > 2 and a deterministic pattern
D < {0,...,L—1}* We divide the unit square into the L x L grid of sub-squares of
side length 1/L. We only consider the sub-squares whose grid positions correspond
to the index set D. To construct the random sponge, we run a similar percolation
process on the grid: each of these geometrically allowed sub-squares is retained
independently with a fixed probability p € (0,1) and discarded with probability
1 — p. This subdivision and coin-tossing process is then repeated independently
inside each surviving sub-square ad infinitum or until there is no square left. The
random sponge is the limit set of the process. We again consider the orthogonal
projection of this planar set onto a line at a given angle o, where tan « is a rational
number. (We call such projections rational projections.)

In this thesis we consider a family of random self-similar sets which can be
thought of as rational projections of sponges in R? into lines of rational directions.
Projections to the x-axis were studied, for example, in [9, 11, 15, 17]. Consider
the z-axis projection of the result of running the percolation process described
above with probability p, running on the cylinders of the Sierpinski carpet (see
Figure 1.3). In Figure 1.1 we summarize some consequences of the results appearing
in [9, 11, 15, 17|. The figure shows the phase transitions as the probability parameter
p varies. Those phases that appear in some form in the spatially homogeneous
model are denoted by green.

This shows at least two new phases compared to the spatially homogeneous
model: one parameter interval where the dimension is less than 1 and strictly drops
in the projection, and another where the set has an almost surely empty interior
despite having a positive Lebesgue measure (a.s. on non-extinction). Further, in
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Figure 1.1: Some phases the projection of the random Sierpinski carpet goes
through as we vary p.

[57], the authors show that for any rational angle a there exists p, > 3/8 (so
dim(A) > 1) such that there is no interval a.s. in the a-projection. Similarly, a
considerable amount of research has been devoted to differences of random Cantor
sets (see, for example, [10, 12, 40]). These works also motivated the present research,
both in terms of methods and results, as similar parameter intervals arise in that
setting.

The following question naturally arises: what else can occur in rational direc-
tions? Do general rational projections behave the same as axis projections? These
were the questions that inspired the research in this thesis. Axis projections of
carpets only have simple types of overlaps: two first level cylinders agree, or they
have negligible overlap. In the general case of rational projections, the overlaps are
more complex. Keeping track of the overlaps requires extra bookkeeping, which is
done in this thesis using products of matrices, instead of just numbers.

This thesis builds upon a substantial body of existing work in random fractals,
matrix product theory, fractal geometry, and probability theory. The results
presented here rely on established theory and techniques from these areas, which are
referenced throughout. Within this framework, the thesis develops new connections
and results that extend and combine existing approaches.

1.1.2 Fractal geometry introduction

We call the function f: R? — R? a strict contraction if it is a Lipschitz map with
Lipschitz constant » < 1. In this thesis we will simply refer to these maps as
contractions. A finite list of contractions S := {S;(z)}ier is called a contracting
iterated function system (IFS). In this thesis we confine ourselves to self-similar
IF'Ss, where each function in the IFS is a similarity: namely, for each i € Z, S;
satisfies |S;(x) — S;(y)| = |ri|[lx — y|, where r; € (—=1,1)\{0} and || - | denotes the
Euclidean norm. On R, self-similar IF'Ss have the form S;(x) = r;x + ¢; for some
€ (—=1,1)\{0} and t; e R. On R¢, S;(x) = r,0;x + t; where r; € (0,1) and O; is
an orthogonal matrix. In this thesis we restrict ourselves to the case when there is
a common contraction ratio r; = r, in which we say that the IF'S is homogeneous.
Let X% = {&}, where ¢F is the empty word. For the finite alphabet Z we use



the following notation for n € N:
o0
sr=1v, Ni=|Jzn £F=1V

In natural language, these are the words of length n, the finite words, and the
infinite words over the alphabet Z respectively. For a natural number K > 1, we
will often use the alphabets {0,..., K — 1} = [K]y and {1,..., K} = [K];. We
also use the notational shorthand

S.

11...%n

= S; 008

n*

For a d-dimensional self-similar IFS there exists a compact set B < R?, for
which S;(B) < B. By a classical result of Hutchinson, for this IFS S, (say,

S ={1,..., M}) there exists a unique non-empty compact set satisfying
As = Si(As).
€L

We refer to this set as the attractor, and note that it can be equivalently defined as

As =) U Si..in(B).

neN (iq,..., Je[M]7

Dimensions of sets

In this section we formally introduce the Hausdorff, net and packing measures
and the Hausdorff, packing, lower and upper box dimensions. For this we follow
[3, 13, 37].

For a set U € R? write diam(U) = sup{|z — y| : z,y,€ U}. A collection of sets
{Ui}iez is called a d-cover of a set E'if E < | J,.; U; and, for all i € Z, diam(U;) < 6.
For £ < R% and s > 0 we define

Hi(E) = inf {Z diam(U;)®, {U;} is a countable d-cover of E}

It is easy to see that Hj is increasing in 0 and therefore the limit

H(B) = Jim H3(E)

exists. The resulting set-valued function H?* is in fact a metric outer measure which
when restricted to the * measurable subsets of R? gives the Hausdorff s-measure.
Analogously, we can define the net measures N, for s > 0 and 2 < L € N which
are defined in a way analogous to Hausdorff measures, but instead of general
covers, we only permit L-adic half-open half-closed cubes (£ = |, . £, where
L,={x=(x;...,09) e R kL™ < x; < (k; + 1)L™", k; € Z}). Defined in this
way we have

H(E) < NE(E) < G 1 (E),

for some uniform constant depending only on s. This follows since any ball can be
covered by finitely many cubes of comparable radius (and vice versa).



Assume that E is a bounded set in R?. We define the upper and lower box
dimensions of E as

dimgz(F) = llgiloglf nlog(L)
E) =1 .
Al T o 1)

(1.1)

(1.2)

When they agree we say that the box dimension exists, and we denote the common
values by dimpg(E).

Conjugation of IFSs

An IFS & = {S!} is called bi-Lipschitz conjugate to another IFS & = {S;} if
#S = #S8’ and there exists a permutation 7: {1,...,m} — {1,...,m} and a
bi-Lipschitz homeomorphism h: R — R? such that S;; = ho S;oh™'. In this
case the attractors satisfy h(As) = As (see [3, Section 1.3.3]). From this it follows
bi-Lipschitz conjugation of systems preserves the various properties studied in this
dissertation such as the dimension of sets, positivity of a measure of the set, and
the existence of interior points. We will use conjugation in the special case that h
is a similarity map, in which case the conjugated map has the same contraction
ratio as the original system.

Symbolic space and trees

It will be convenient for us to work with symbolic spaces and trees. Therefore, we
now introduce some basic notation for use throughout this thesis. The symbolic
space over the alphabet {1,..., M} is ¥ = SIMh = {1, ... MV equipped with
the metric
(i ) = phd

for some fixed p € (0,1), where i A j is the maximal common prefix of i and j, |.|
denotes the length. This metric space is also in fact an ultrametric space since it
satisfies the ultrametric inequality d(i, k) < max{d(i,j),d(j,k)} for any i,j, k € 3.
We use this space to encode the points in the attractor in the following way. Let
7: ¥ — R be defined as

(i) = T}Erolo Sil, (0), forie ¥,
where 1i|,, stands for the first n letter of i. This is called the natural projection
corresponding to the IFS S.

It will also be convenient to view the space ¥ as an M-ary tree. Therefore, we
introduce some minimal graph terminology based on the introduction of the book
[31].

A directed graph G = (V, E) consists of a set V' of vertices and aset £ < V xV
of directed edges. We require now that F is irreflexive, i.e. it does not contain
edges of the form (x,z) for z € V. If (z,y) € E, then x is called a parent of y, and
y is called a child of z. The, a (directed) path is a sequence of vertices (vg)}_ys
where n € NuU {00} and (vg_1,v;) € E for every k > 1.

An undirected path is a sequence of vertices in which (vy_1,vx) € E or (vg, vk_1) €
E; that is, we do not worry about the direction of the edge connecting the vertices.
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We call a path a cycle if it contains at least two vertices, and its starting vertex
is the same as its last vertex. We call a cycle-free graph (a graph containing no
cycles) a forest. If all vertices vy, ve € V are connected by an undirected path, then
we call the graph connected. A connected forest is called a tree. We will consider
rooted trees, which are trees in which exactly one vertex which has no parent, and
all other vertices have exactly one parent. If there is a directed path between two
vertices v; and v9 we call v; an ancestor of vy and vy is a descendant of v;.

We will always work with locally finite trees, where each parent has only a
finite number of children. In fact, we will always assume that for some 2 < M € N
each parent has at most M children. Sometimes we will work with M-ary trees,
by which we mean that each vertex has exactly M children. A vertex v is called
a level-n vertex if the shortest directed path from the root to v has exactly n + 1
vertices.

We represent a rooted tree in which each vertex has at most M children using
finite words over the alphabet [M];. Let us describe the construction of the full
rooted tree. The root of the tree is the empty word, denoted by (J. Recall that for
n = 0, we write

So={1,...,M}", %,= Uzn,
n=0
where we set g = {ZJ}. In the tree the set of vertices are the elements of >,. The
edge set is defined by

E = {(iviin-‘rl) (1€ Xy, Upg1 € [M]l }

Thus, each word or vertex is connected to its children obtained by appending one
symbol. Every vertex i # ¢J of length n > 1 has a unique parent |, ;.

More generally, we may consider subtrees which are obtained as subsets of the
full tree constructed above. For a general tree 7, the boundary, 0T of T consists of
the infinite words i for which all finite prefixes i, (n € N) are vertices of 7. Since
we will use trees to represent the geometric structure of a random set obtained by
the percolation process defined earlier, finite lineages (that is, vertices in the tree
which contain no children) will occur naturally. Such lineages are invisible to the
boundary of the tree.

1.2 Notation and conventions used in the thesis

We now briefly collect some standard conventions in use throughout this thesis.

Whenever we work with an IFS, the IFS consists of M maps and each map has
contraction ratio 1/L. The corresponding alphabet is [M]; = {1,..., M}, and we
index the elements most commonly by letters ¢ and j. In section 1.3.1 we define
the basic intervals and there will always be N basic intervals. The alphabet for
these basic intervals is [V]; = {1,..., N} and its elements are usually indexed by
u,v,w. These will be referred to types and shapes as well.

In Section 1.7 environments will be defined. These are infinite words over the
alphabet [L]p = {0,..., L — 1}. Environments are predominantly denoted by 6.

Generally a single letter is denoted by 6,4, 7, ... and a finite word (or vector) is
denoted by 6,4, 7,.... An infinite word is denoted by boldface 6,1, j. Matrices are
also denoted by boldface letters.

11



f

Figure 1.2: Basic notation used throughout this thesis.

12

symbol explanation link

A (M), A L.yapunovn exponent correqunding to the expecta- Sec.‘
tion matrices and the ergodic measure v A 6.1.1

(Ko, [K], ;Fl}’w 'zflfp;ll}all;estpei‘(c)i;e.l; K — 1}; the alphabet Sec. 6.15

5, UKL The infinite alphabet; the infinite alphabet over Sec.6.15
[K];

A The deterministic attractor (1.11)

As mps Ap The statistically self-similar set, and shorthand ~ (1.11)

ZT(LU) (0)(1))72(“) 0 The numbe.r of type v individuals in Jéﬁ), and the Sec. 1.7.9

" corresponding vector for v € [N];

YO0, LOW | 50500 o the comesponding veetor - Se¢ 172

i, The prefix of i consisting of the first n letters

i The maximal proper prefix of ¢

1y (hy v yin)

M, An expectation matrix

By A matrix describing the integer IFS (1.7)

p, p(B) Lower spectral radius Def. 1.12

En € The set of retained level n indices, Sec. 1.4

JO o JW) The basic intervals, J® = [b,L, (b, + 1)L] (1.5)

I, [0,1] - J® T,(z) = L(z + b,)

Leb 1-dimensional Lebesgue measure

Y iy thg rapdom variables X and Y has the same dis-
tribution

v the pushforward of the measure v by the function



We introduce some notation concerning N-dimensional vectors. Let u =
(u1,...,un), v == (vi,...,vy) € RY be two vectors. We denote the pointwise
power by

v«— Yie[N]:u <y,
N]l:u,->v2-,
Q<—>Vi€[N]12ui<'Ui,

v« Jie[N];:u = v

Given a vector u we denote by u; the i-th element of the vector in case when the
vector does not have an index, in which case for the vector u, the j-th element is
u;(j). For a matrix A, A(i,j) the j-th element of the i-th row of the matrix A.

Given two random variable XY, X 2y denotes equality in distribution. For any
set H the cardinality of H is denoted by #H.
In Figure 1.2, we summarize some other notation used throughout the thesis.

1.2.1 Dictionary of terminology

A matrix M is
e non-negative, if all of its elements are non-negative,
e allowable, if all rows and columns have a strictly positive element, and
e strictly positive, if all of its elements are strictly positive.

A finite set of non-negative, allowable matrices {My, ..., M} is

e jointly positively irreducible, if there exists a product My, ... M;, (i1,...,ix €
{1,..., K}") which is strictly positive, and

e jointly positively irreducible with respect to the measure v, (for a finite
measure v defined on LI51) if there exists a product M, ... M, (iy,...,ix €
{1,..., K}") which is strictly positive and v([i1,...,ix]) > 0.

We also use two acronyms:
e IF'S, for Iterated Function System,
e ISSIFS, for Integer Self-Similar IFS.

1.3 Model

In this section, we introduce in detail the random model which we will use through-
out this thesis. We are interested in IFSs which contain overlaps. In general,
overlaps lead to complex geometric structure which results in a wide range of
complicated behaviour. To make the overlaps more tractable, we confine ourselves

13



Figure 1.3: The 45-degree projection of the Sierpinski carpet.

to a special family of overlapping self-similar IFSs for which we can build a system
to keep track of overlaps in a structured way. This will be done using products
of matrices. To summarize, for the special type of IFS which we will consider,
one can define a grid consisting of equally sized parts. The matrices keep track of
how many cylinders intersect each of these grid squares. When the overlaps are
either exact or negligible, it is enough to keep track of the number of overlapping
cylinders. When the overlaps are complicated, we subdivides the cylinders into
exactly overlapping parts, and on each of these parts the behaviour is differently.
It is for this reason that we require matrices. The following family of IFSs which
we introduce in the following section along with their matrix representation was
introduced and considered extensively by Ruiz in [52] where he studied self-similar
measures on [FSs of this type.

1.3.1 Deterministic integer self-similar IFS on the line

The most natural examples of the IFSs in which we are interested are the rational
projections of d-dimensional sponges. Throughout the thesis we only require the
following two properties to hold, which they always do for such projections.

(a) All contractions are the reciprocal of the same integer: that is r; = % for an
integer L > 2.

(b) All translations ¢; are rational numbers.

These IFSs can be conjugated (see Section 1.1.2) to a self-similar [FSs with common
contraction ratio 1/L and translations 0 = t; < ty < -+ < t); where t; € Z for
all ¢ and L — 1 divides t);. We call IFS of this form an Integer Self-Similar IFS
(ISSIFS). In what follows, we may assume without loss of generality that we are
working with an ISSIF'S.

1.3.2 Matrix representation: informal example, the 45-degree
projection of the Sierpinski carpet

Before describing the construction in full generality, let us introduce the approach
informally through an example. We refer to Figure 1.3 for a visual depiction of this
example. The IFS we are considering is bi-Lipschitz conjugate to the 45-degree

14



projection of the IF'S corresponding to the Sierpiriski carpet. More precisely, we
work with the following IF'S:

1 7
S = {SZ(SE) =T +ti} )
3 i=0
where tg = 0,t; =ty =1, t3 =ty = 2, t5 = t¢ = 3 and t; = 4. In this case the
common contraction ratio is the reciprocal of L = 3, and the IFS consists of M = 8
functions. Next, consider the triadic intervals

Dy = {[(i—1)37%i37%] :ieZ}, ke{-1,0,1,2,...}.

We are particularly interested in the intervals J© = [0,3],J = [3,6] € D_y,
which we call basic intervals.

Since the images of the basic intervals under the iterates of the functions of
our IFS are triadic subsets of the basic intervals, we keep track of the number of
cylinders intersecting a triadic subinterval of J®*). The two intervals are denoted by
a dark-blue and an orange color in Figure 1.3 respectively. Visually, the pre-images
(under the projection) of J(© and J® are the large “top left” and “bottom right”
triangles respectively, as it is depicted in the middle subfigure of Figure 1.3. Inside
these larger triangles, we can see smaller preimages of the triadic intervals consisting
of similarly shaped triangles (of smaller size), as it is visible on the left subfigure
of Figure 1.3. The basic intervals correspond to the shapes that appear when
we define a natural grid determined by the angle of projection. We now define
matrices to keep track of the relationship between the shapes which appear and
their rescaled copies.

Consider the triadic subsets of J®

- =1 =1

I = [3u + 70,37 30+ Y 9,37 3—<”—1>] ,

for @ = (6,...,60,) € [3]". For any i € [M]|} and u € [N]; there exists v € [N]; and
0 € [3]" such that S;(J®) = JQ(U). Following Ruiz [51] we define L square matrices
of size 2 x 2 (here, 2 is the number of basic intervals, one corresponding to each
shape):

Bo(u,v) = # {z e [M]; : Si(J®) = JQ“)} , (1.3)

for 0 € [3], u,v € [2]. These matrices describe how many 1/3-scaled copies of the
“top left” and “bottom right” triangles result from each “top left” and “bottom
right” triangle. The index of the matrix corresponds to the triadic interval, the
rows correspond to the original basic intervals, and the columns correspond to the
1/3-scaled copies. For example, the second element of the first row of By is the
number of rescaled copies of J® contained in the middle triadic interval inside
J©_ In the deterministic setting, these matrices count the number of times a given
shape occurs in a given interval. In the random setting, a scalar multiple of these
matrices counts the expected number instead.

The step-by-step construction of B is as follows. The first row describes the
cylinders intersecting J\”. One can verify that So(JM) = §,(J©) = §,(J©) =
J1(0)7 meaning that B;(0,0) = 2, B1(0,1) = 1. In the figure, these correspond to
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the central, light-blue stripe (indexed by B) through J(. This light-blue stripe
contains three intervals: two of which are dark blue (the images of J() and one
which is orange (the image of J). Altogether,

10 2 1 2 2
A e

We use the following terminology: shapes and types are the abstract objects
corresponding to the basic intervals, for example “top left” triangles and the “bottom
right” triangles. A column is a stripe in the figure, which is the preimages of an
N-adic interval (of any size) under the projection map. These are coded by finite
words over the alphabet [L]y. Environments are infinite words over the alphabet
[L]o, and are coding points in [0, 1].

When analyzing rational projections or slices of sponges, it is natural to sub-
divide the cylinders into shapes and use matrices to track their evolution inside
columns. For instance: Manning and Simon [35] considered rational slices of the
Sierpinski carpet. Slices of more general 2-dimensional carpets appeared in [2[;
the authors were using different matrices to encode the evolution of shapes. In
this thesis we follow the general framework used by Ruiz (see [51]) to encode the
growth of shapes. In the random setting shapes appeared in [12, 40|, when studying
differences of random Cantor sets.

General setup

We fix an integer self-similar IF'S S, with common contraction ratio L, and #S5 = M.
Let n be the self-similar measure corresponding to the I[F'S § and the probability
vector (1/M,...,1/M): for Borel sets A, the measure 7 satisfies

n(A) = 3 (S5 )

Next, we introduce a family of partitions (mod 0) of R and refer to the elements of
these partitions as L-adic intervals:

Dy ={[(i—1)L*iL7*]:iez}, ke{-1,0,1,2,...}. (1.4)

Particular attention is given to those elements of D_; which have positive n-measure.
We call them basic intervals. We define the N basic intervals as
N

u=1"

{7 = [b,L, (b, + 1)L} bu€N, b, <bys1, u=1,....,N.  (1.5)

The smallest interval that contains all the basic intervals is

T = [0, Fix(Su_1)] = [o,LzM_ﬂ .

ta—1
L—-1

J®) subdivides into L™ congruent subintervals of length L="~1 contained in D,,_1,
which we denote by JQ(U), where § = (64,...,6,) € [L]j. More precisely, for u € [N];
and 0 € [L]j:

Here we used that € N. For every u € [N]; and n € N the basic interval

Iy = 0L+ D20, L7 b, L+ Y 6,L7 + L(’”)] : (1.6)
=1 =1
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Fact 1.1. For any £ € [M]} and u € [N];

1. There ezists v € [N]; and fe [L]y such that

Sp(J™y = J¥,

>

2. For 9 e [L|y
Se(J) = 1,

z 00

Proof. Since n(J™) > 0 it follows that n(S,(J™)) > 0, hence there exists v €
{1,...,N} so that S,(J®) < J®. Observe that

Sp(J™) = [bu/L" 7+ >t JL"F, by /L4 Dty JLF 4+ 1/
k=1 k=1

where b, and t,, are natural numbers for all £ = 1,...,n by the assumptions on
the form of the basic intervals and the translations of the IFS. From this it follows
that Sy(J™) is in D,_1, namely it is an L-adic interval of size L=, Combining
this with S,(J®) = J®| the first assertion follows.

The second part follows similarly using the representation established in the
first part, namely that S,(J() = Ja(v).

S£<JQU)) _ [bu/Ln—l + 2 tgk/Ln_k + 2 HgL_(“”_I),

k=1 (=1

bu/LZ+n—1 + Z tfk/Ln_k + Z eeL—(€+n—1) + 1/Ln—1]

k=1 (=1

= [boL + D 0, LD 4+ g,
/=1

(=1

b, L + Z ggLi(Zil) + Z HKL*(Z+”*1) + 1/Lf+n71]
(=1

=1
_ 7
= J@

For every 0 € [L]y we define the N x N matrix
Bo(u,v) == # {E e [M], : Se(J@) = J;“>} . (1.7)
Further, for § € [L]j for n > 1
By(u,v) = # {€ e [M]} : S,(J®) = I} (18)
Fact 1.2. For § = (61,...,0,) € [L]§ for n > 1 we have

BQ(U7 "U) = (Bgl te Bgn)(u, U).
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Figure 1.4: Visual depiction of a substitution model defined on a 3-ary tree
corresponding to a random subset of the 45-degree projection of the right-angled
Sierpinski carpet.

Proof. This follows from Fact 1.1 using the observation that for ¢ € [L]j and
u,v € [N]17

Se(J@) = J if and only if 3w e [N]; : S~ (J®@) = J¥, and  (1.9)

S, (JO) = Ji (1.10)
0

Remark 1.3. In this thesis the matrices defined simultaneously for a letter 6 € [L]o
and for a word € € [L]j will satisfy the property in Fact 1.2 that the matrix corres-
ponding to a word § = 6, ...60, is equal to the product of matrices corresponding

to the individual letters 64, ...,0,. For this reason, it is safe to think about Ay
for some general family of matrices {Ag}se(r)x and the word @ as the product
Ag, - Ay .

We will use these matrices extensively in this dissertation.

1.4 Random sets. Formal definition of substitution
random sets.

In this section we introduce a model to randomize the above-defined ISSIFSs,
resulting in a random attractor. Given a general IFS S = {S;(z)}M,, with M
maps, one can define a labelled Galton—Watson tree as a subset of a full M-ary
tree introduced earlier. The approximations of this random tree are projected to
the real line to form the approximations of the attractor as we explain below.

Let us first understand the construction through an example, which is visualized
in Figure 1.4. We will randomize the IF'S which is the rescaled version of the 45-
degree projection of the right-angled Sierpinski carpet (see Section 5.0.2), namely

S={Si(x) =12z +t;}>_,, t1=0,ta=1,13=2.

18



Wy ={2}

olZ} ° W%ié,\- 01,0)
|{’!Z$} (»02. {423}
W (1.1.1) 'WWM Wer(04,0)
9y g /!\ /\ ]
42 24 3

Q“O Qz0 QﬂO Q51 Q ’1 Q 4 Q50 Q50 050

Figure 1.5: Explanation of the quantities involved in the definition of labelled
Galton—Watson trees and IFSs.

In this case B = [0, 4] hence S1(B) = [0,2], S2(B) = [1,3], and S3(B) = [2,4]. We
consider the following distribution on P([3]): let P({1,2,3}) = 2/3, P({1}) = 1/6
and P({@}) = 1/6. Next, consider the labelled 3-ary tree, with labels from {1, 2, 3}*.
At the root we choose a subset wg of {1,2,3} according to the distribution PP, in
Figure 1.4 wgz = {2}. We retain the nodes with labels in wg (the black nodes in
Figure 1.4) and discard everything else (the gray nodes in Figure 1.4). We repeat
this process independently in each retained node ad infinitum or until there are
no nodes left (we call this event extinction). We denote by &, the set of retained
level n nodes. The n-th approximation of the attractor, denoted by A, is the
projection of &,, using the (cylinder projection) map 7 (i) = S;(B), for i € [M]].
The random attractor is A = (), A

We call this model the substitution model and the set substitution random set.
The name refers to the symbolic operation of substituting a node with its children,
and substituting a level-n cylinder for the level-(n + 1) cylinders that it contains.

Now we rigorously define the underlying labelled Galton-Watson trees and the
corresponding substitution random sets. The precise construction differs slightly
from our informal example. The difference is that we will choose a random vector
for each node of the tree, independently of the node being retained or discarded.
This is to ensure consistency with the language of random multiplicative cascades
appearing in, for example, [18]. We also find it more aesthetically pleasing.

The precise construction differs from the informal example described above,
but results in the same object. In the formal construction we assign a vector
Wiy..in © [M]y to each node iy .. .14, of Ty, indicating which children survive, even
if the parent itself is not retained. Eventually survival is defined inductively: The
root survives, and a level-n node survives if its parent survives and the vector
assigned to the parent indicates so. The difference between the formal model and
informal example is represented in Figure 1.5.

Fix an IFS § with #8 = M > 2. Let Q = P([M]y), the power set of [M];.
Let F = P(P([M]1)) denote the usual o-algebra on the finite set P([M];). Next,
fix a probability vector p = (Pn)neq, that is, p, = 0 and >, ., prn = 1. We define a
probability measure P on 2 given for A € F by

= th-

heA

This is the base probability space (2, F,P).
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Next, we consider the M-ary tree T, and the product space

(QTm, FTu P = (H % K F & Pi>’

€T i€Tm €T

where (€2;, F;,IP;) are independent copies of the base space (2, F,P). Let W: Q —
{0, 1} denote the random variable

W(w) = (1{l e w}, 1{2 e w},..., 1{M € w}).

We assign to each level-n node i, .1, € Tar a copy of the vector random variable
il — (Wl[il"'i"], ce W]Ejllz"j) of W. Since the probability space is a product
space and all random variables - nl ¢ depend only on the coordinate 2 = i1 ... 1,,
the family of random variables {W["-1}, - "is jointly independent of each other.
We define another random variable for i € T,;, which relates the model with the
one we informally explained earlier:

Q, = WPyl yyliieal,

11 12 in

In this way, we can define the symbolic set of retained cylinders,
En={ie[M]]:Q;=1}.

The n-th approximation of the random set and the attractor are given by

A= SiB), A=A (1.11)

1€En neN

Furthermore, we use the notation:
Eo={ie[M]}: ¥neN, i, &},
and in this case the substitution random set is
A =m(&s),

where 7 is the natural projection corresponding to the IFS S.

In what follows we will also consider the random (labelled) tree corresponding
to the random sets &,,. Throughout the thesis we call this labelled Galton—Watson
tree. Namely, let 7 be the random subtree of Ty, whose vertices at depth n are
exactly the elements of &,.

1.4.1 Survival of the process, and the event A # ¢

In this section we discuss the event that £, (and consequently A) is non-empty.
The process #&, is a Galton—-Watson process (see for example |31, Chapter
5.1]) (Zn)nen with Zy = 1 and offspring distribution F' = (py)M

Pr = Z Dh.-

heH
#h=k
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It follows from the theory of branching processes that the probability that the
process survives (namely that Z,, > 0 for all finite n) is 1 — ¢ where ¢ is the smallest
non-negative fixed point of the probability generating function

M
f6) = 3 st
k=0

From this it follows that the process survives in the above sense if and only if p; = 1
(this is the critical case) or the expectation satisfies E(Z;) > 1. In the event of
survival, by Kénig’s lemma on the existence of infinite paths in locally finite trees,
we have that £, # J; or A # J since it is an intersection of a nested sequence of
non-empty compact sets.

The substitution model (and the underlying Galton—Watson process) is called
supercritical if B(Zy) > 1, eritical if E(Z,) = 1, and subcritical if E(Z;) < 1. The
substitution model is called supercritical if E(Z,) > 1, critical if E(Z;) = 1, and
suberitical if E(Z7) < 1.

1.4.2 Branching property and statistical self-similarity
Forie&,j=j1...Jn€[M]] let

Qi _ W][f]m/;[gl] o W[Ul-njnfl].

In

Consider the sub-process
Y = (je[Mt: Q=13
h Jj Q5 )

The process satisfies an important branching property: Let ¢,,...,1,, € &, distinct
level-¢ nodes. Then the sub-processes

(5}&11))@07 T (gIEZM))kzo

are conditionally independent given (&), and each has the same distribution as
the original process (Ex)r=o0-
At the level of sets, this property is called statistical self-similarity.

1.5 A special case: the coin-tossing model

The coin-tossing model is a special case of the substitution model. Consider again
an IFS S with #S = M. The distribution P on H = P([M];) is the following:

P(h) := p?"(1 —p)"~#"  he H.

We refer to this as the coin-tossing model, as the retention of the cylinders is
determined via independent coin tosses.

The examples appearing in this thesis mostly correspond to the coin-tossing
model. One reason for this is that the coin-tossing model already shows a colorful
palette of behavior. Another reason is that the coin-tossing model is simpler to
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work with since the expectation matrices for 6 € [L]y and 6 € [L]j can be written

as
M@ =pP- Bg, MQ = pnBQ.

Here, we recall that By(i, k) = # {E e [M]y : Se(J®) = Jei)} was defined in (1.7).
The random attractor in the coin-tossing case will usually be denoted by A, to
emphasize the dependency on the probability parameter p.
In the next section, we note some advantages of the more general substitution
model, as opposed to only considering the coin-tossing model.

1.6 Advantages of the substitution model

It might not be obvious how much larger the family of objects that one can deal
with when considering the substitution model instead of the coin-tossing one. I
believe that both models are standard to use. Examples from the literature where
the general substitution model is used include [9, 15, 17]. On the other hand, the
coin-tossing model is used, for example, in [49, 56, 57|. Here are a few examples
which can be described by the general substitution model but not by the coin-
tossing model. Generally speaking, modifications of the coin-tossing model will be
a substitution model instead of a (different) coin-tossing model.

1.6.1 Multistep process

If we begm with a substitution model and we would like to study the multi-step
process 5 = &,.k, then the process & can be described in its own right using a
substitution model. However, it cannot be described using a coin-tossing model,
even if the &, was defined originally in terms of a coin-tossing model. This is
because the multilevel process has less independence: the retention of nodes which
share an ancestor other than the root are not independent.

1.6.2 Conditioning on survival

It is explained in Section 1.10.2 that, given a labelled Galton-Watson tree which
survives with positive probability, one can define another tree with a new offspring
distribution such that all of its branches are infinite and the distribution of the
boundary of the tree agrees with the original (conditional of non-extinction).

1.7 A different approach, to represent the geometry

In this section we introduce a stochastic process which is completely determined
by (&,), but more directly encodes the geometry of the random attractor. The
stochastic process defined on the cylinders fails to represent the geometry of the
set when substantial overlaps occur. Instead of focusing on the cylinders, one can
instead focus on the number of cylinders intersecting the L-adic intervals. This
translates the branching process model to an environment dependent multitype
branching process model.
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1.7.1 Informal introduction

In the deterministic model we defined a matrix representation first in Section 1.3.2
first through an example, then generally. This section is devoted to explain the
non-deterministic analogue of this matrix representation. Later we will rigorously
define stochastic processes called multitype branching process in varying and random
environments. We will now use the terminology of this theory without the rigorous
definitions: the shapes upper and lower facing triangles are called types in this
theory, infinite intersections of columns (which are slices) are represented by
environments, this determine according to which rule types give birth to next level
types in the corresponding column-sequence.

1.7.2 The multitype branching process description of a sub-
stitution system

We use the notation = (01,6,...)and 8|, = (0y,...,6,). Wefix@ = (61,0,,...) €

¥ = [L]} and u € [N];. These encode a point x = [ J,gﬁl) in the set {,c(n, Jw,

In this section we define a stochastic process

Z(u,8) = {ZW(0) = (ZV(6)(0),...,Z(@)(N —1)), ne N}, (1.12)

n n

neN

taking values in NV, and describing the evolution of the number of cylinders
intersecting the L-adic interval containing x.

We call the sequences 8 = (61,0s,...) € ¥ environments and the elements of
[N]; types or informally shapes. In practice, the random variable Z(Y(#) only
depends on 6|,,, hence we will sometimes use the notation Z™(8),) = Z™(8).

This process translates the original process &, to the language of geometry.
Namely, for v e [N];, Z”(8)(v) is the number of cylinders that correspond to a

type v individual inside the interval Ja(fi). More precisely, Zkw (0)(v) counts the
indices i € [M]} such that S;(J®)) = Jo(ﬁl) and i € &,.
We define the level n > 1 individuals of type v in environment @ in the basic

interval J®:
Xign = {ZE En: Si(JW) = J‘9(|un)}‘

u,9,

Let i € Xy, Then, relative to the basic interval J®  the set of type w e [N];
offspring of a type v individual i € &, in the environment 6 is given by

YWy (w) = {g@m € Epir s S, (J) = Jg‘?ﬂ}. (1.13)

Moreover, for an 7 € X, let

Yo () = #V,  (w). (1.14)
Then by definition,

U U Y. 0) =X (1.15)

ve[NTy X0 g

Observe that
Ifie &y, then (1.16)
(J®) = J  and  dip € &m) . (117

.. w
Ln+1 € Xu,ﬂ,n-‘rl <~ (Sl On+1

n+1
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Note that the events in the bracket in (1.17) are independent for distinct i € X7, ,,
() = g3

9n+1 :

and these events occur with probability >,y pr - 1{in41 € b} if S5,
That is, for every i € [M]}

P (tin+1 € Xlpniali € Xign)

>={Zh€m'““n+1€h}, if 5, (70) = J37)

=P (ipy1 € XY
(Z - 0, otherwise.

V,0n+1,1
Recall that the event {k € X%, |} coincides with the event {k € &, Sp(J®) =
Je(:ll}, for every k € [M];. For fixed @ an d u € [N]y, thesets {i € [M]} : ie XY; }
are mutually disjoint across different choice of v € [N];. Hence, for any v € [N];
(v)

and 7€ XY. the random variables Y
- u,0,n 31,011

1'717’0‘71 1 y Yn+ Y

where £ denotes equality in distribution. In what follows a general random variable
with the same distribution as Y *)((#,8,.1)(w) will be denoted by Y (6,11, v)(w)
forming the vector Y (0,,11,v) = (Y (0ni1,v)(1),. .., Y (0py1,0)(N)).

Independence structure

For i e X;’ o.n W€ define the random vectors
(v) . (v) (v)
YO g = (Y 0 Yy (V=) (1.18)

Note that for fixed i € X}y ,, u € [N]; and 0],,41 the elements of the vector Ygu)o\ »
need not be independent. However as we mentioned earlier, for a fixed u and 6, the

sets X, are disjoint for distinct values of v. It follows that for a fixed w € [N |1
the set {Y(”)‘,,| (w), ie &Y

u,0,n?
the random variables {Y;(Z o(w),ve[N]i,ie[M]},ue[N],0} are all independent

of the o-algebra generated by {X? o UE [N]1,0, v}, ie. the information at level n.
Finally, for @ € 2, u € [N]; and n € N, we define the random variables

Z19(0) = (Z80)(0),..... 2" (0)(N Z Z _wo\ e (119)

]1 leX

v € [N];} are mutually independent. Furthermore,

taking values in NV and the process Z(u,8) = {Z\"(0), n € N}. Starting in
Section 2.1.2 we will call this process a multitype branching process in a varying
environment.

Correspondence between the random attractor and the process

Define the map I',, : [0,1] — J®™ where I',(z) = L(z + b,) and standard L-adic
coding IT : X — [0,1]. A point 2 € {,¢(ny, JW is coded by (u,8) if z = T, o I1(6).
The process corresponds to As, since z € Ag, if and only if there exists a code of
z: aue[N]; and 8 € ¥ (such that = = m,(0)) with Z¥ () > 0 for all n.
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1.7.3 Expectation matrices

First, we define the matrices Bf for h € P([M];) and 6 € [L]y. These matrices are
analogous to the matrices introduced in (1.7), but restricted to the maps whose
indices are contained in h. Let

Bl(u,v) = #{j e h: S;(JV) = I}, he Hc P(M]), 0¢€[Ll.
For 0 € [L]y, the N x N expectation matrices defined for u,v € {1,..., N} by

My(u,v) = E(Z{" (0)(v)) = E(Y (0, u)(v)),

satisfy
My = > pBj
heH
since
E(Z"O)w) = Y, HSi(JV) = [ yBlie &) = Y plie h: Si(J) = J)")
i€[M]1 heH

= Mpy(u,v).
For general words of finite length, the following holds.

Lemma 1.4. For 0 = (6,,...,0,) € [L]§ we have the following relationship:

E(Z"(8)(v)) = (M, - My, )(u,v) = ((Z i Bg > (Z phB’én)) (u, v).

heH heH

Proof. We prove the statement by induction on n = |g|. For n =1 and 0 € [L], we
already have shown that the statement holds.

Now assume that the statement holds for all [#] < n — 1: we prove the claim
for words @ with |8] = n. Fix 0 = (6,...,0,) € [L]§ and u,v € [N];.

We will use two key facts:

e For i e [M]}, we have P(i € &,) = P(i, € &)P(i} " € &,), because of the
branching property in section 1.4.2.

o S;(JW) = J® for i € [M]} if and only if there exists w € [N]; such that
Si (J®) = I3 and Sy (J®) = I

in en 17

see the proof of Fact 1.1.
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Using these facts, we may compute

EZO@OW)=E| 3 3 1 e EILGT G o, (I = I
/71 gne[My
e[M]?

= PG e &) Y, AT S (J) = Jg(irle},
JT_IG[M]{L Jn€[M]1 we[N]1
(S5, (J) = )
B Py € &) gy S () = Tl p

n— -1
we[N]1 jr—te[M]}

Y P(ja e E)L{S;, (JO) = T3}

jne[M]l
= >, My, (u,w) - My, (w,0) = My(u,v).
’LUG[N]l
This completes the proof. O
Summary

The following have key importance:
e The processes Z(6,u) for § € ¥ and u e [N];

e The random variables Y (6, v) for § € [L]y and v € [N];, taking values in NV
and having the same distribution as #{k € & : Sy(J®) = J{"}.

e The expectation matrices My.

1.8 Results appearing in the thesis, and their ap-
plications

In this section we summarize the main results of this dissertation by topic. The
dissertation is based on the following papers:

e Projections of the random Menger sponge [43].

e Interior points and Lebesgue measure of overlapping Mandelbrot percolation
sets [45].

e Multitype branching processes in random environments with not strictly
positive expectation matrices [44].

Theorem 1.8, 1.13 and Lemma 1.14, 1.15 in [45]. There, they were proven in
higher dimension, for coin-tossing systems. Theorem 1.19 appeared in [45] in this
form. It’s general version, Theorem 1.18 together with Theorem 1.23 appears in
this dissertation first. The Menger sponge example 5.1 appeared in detail in [43].
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Theorem 2.6 appeared for coin-tossing systems appeared in [44] and in this general
form appears in this dissertation first.

In this section, we state each result for the attractors of substitution systems
(Section 1.4) running on the cylinders of a 1-dimensional IFS that is conjugate to
an ISSIFS (see Section 1.3.1). We will state the theorems in terms of ISSIFSs. The
IFS is S = {S;(z) = x/L + t;}},, the attractor is denoted by A (with A, reserved
for coin-tossing systems with probability parameter p). We emphasize that the
common contraction ratio is L~!, the number of maps is M, and there are N basic
intervals denoted by JM, ... J™),

The expectation matrices are M = {M,,...,M_;}. These matrices are non-
negative by construction. We say that a non-negative matrix is allowable if each
row and column of each expectation matrix contains a strictly positive element.

Definition 1.5 (jointly positively irreducible matrices). Consider the set of non-
negative, allowable matrices {My, ..., M _1}. Given a probability measure v on
Yo we say that the matrices are jointly positively irreducible if there exists a
finite word (6y,...,0,) € SIMI guch that My, ... My, is a strictly positive matrix,
and v([i1,...,4,]) > 0. When the measure is implicit, we mean that the matrices
are jointly positively irreducible with respect to the uniform measure.

1.8.1 Ergodic measures on the random attractor

The theorem appearing here is based on the work [44], and appeared in [45] for
coin-tossing systems. The contributions to the field are as follows:

e We prove a theorem regarding the extinction of multitype branching processes
in random environments assuming that the expectation matrices only satisfy
a weak positivity condition (Theorem 2.6). Results of a similar flavor exist
in the literature (see for example [1, 29, 59|, or the survey [63]), but only
with quite strong positivity assumptions on the expectation matrices. These
assumptions rarely hold for expectation matrices coding random self-similar
sets with overlaps; see Section 2.1.6.

e In Theorem 1.8 we give sharp conditions under which a substitution random
set has positive measure for a fixed ergodic measure (for example the Lebesgue
measure). This is an extension of |9, Theorem 8] where the authors consider
the positivity of Lebesgue measure of sets with only exact or negligible
overlaps.

Notation

Fix an IFS S. Then II;: X[*e — [0, 1] denotes the standard L-adic coding map
and, for a basic interval J®, we define the projection I': [0, 1] — J™ for z € [0, 1]
by Tw(z) = L(b, + x). We consider the composition projection T', o I, : ¥ — J®.
We write
N
Vo= Y (T, o)., (1.20)

7=1
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where (I'y o I} ), denotes the pushforward measure of v with respect to the map
I'y, o II;. The quantity

1
A(M) = lim = Y w([br,...,0,])log [ My, - - My, |,

n
01,....0n€[L]7

is called the Lyapunov exponent with respect to v. When the measure is not specified,
we refer to the uniform measure on ¥. Equivalently, A, (M) = lim,_,, 1/nlog(||[Mg, |)
for v-almost every § € ¥;. More about the existence of the limit and this equality
can be found in Appendix 6.1.1.

Before we state the theorem we introduce an additional regularity condition, to
treat the critical case.

Recall the vector-valued random variables Y (0, v), for 6 € [L]y and v € [N];
introduced in Section 1.7.2. The elements, Y (0, v)(w) has the same distribution as

#{i€ & S(JW) = J).

Condition 1.6. For a fixed ergodic measure v on X0 there exists 6 € [L], so
that v([#]) > 0 and for each v € [N];:

PY(0.0) e 0 JJe) <L

Remark 1.7. Condition 1.6 is equivalent to a strong regularity property of multitype
branching processes in random environments (defined in Section 2.1.3) introduced
by Tanny in [59].

Results

Theorem 1.8. Consider an ergodic measure v on Lo If M is jointly positively
wrreducible with respect to v, then the following hold:

o If A\, (M) >0 then D(A) > 0.
o If N\, (M) <0 then 7(A) = 0.

o [f A\, (M) =0 and the vector random variables {Y (6,v)} corresponding to the
random attractor satisfy Condition 1.6 then D(A) = 0.

The proof of this theorem can be found in Section 2.2.

Applications

e Positive Lebesgue measure in case of coin-tossing systems. For
the coin-tossing system with parameter p we consider the set of matrices
B = (Bg)ge[L]O corresponding to the deterministic system. Assume that they
are jointly positively irreducible. Then

Leb(A,) > 0 iff p > exp(—A(B)).

Typically, it is very difficult to estimate the Lyapunov exponent corresponding
to a set of matrices.
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Application 1.9. Pollicott and Vytnova (based on personal communication in
2023, and can be found in [47]) estimated it in case of the matrices corres-
ponding to the 45-degree projection of the Sierpinski carpet (see Example 5.4
in Chapter 5.1.1). In this case 0.953 < A(B) < 0.982. For p > 0.384 almost
surely conditioned on non-extinction Leb(A,) > 0.

Application 1.10. Pollicott and Vytnova also proved (this is also based on
personal communication) that for the 45-degree projection of the right-angled
Sierpinski carpet, the lower and upper bounds for the Lyapunov exponent
A(B) are 0.3961 and 0.3962 respectively. Hence, for p > 0.673, Leb(A,) > 0
almost surely conditioned on non-extinction.

e Dimension formula We apply Theorem 1.8 for general ergodic measures in
Chapter 4 to prove the dimension formula appearing in Theorem 1.23.

1.8.2 Non-existence of interior points and positive Lebesgue
measure

The contributions can be summarized as follows:

e We provide a theorem on non-existence of interior points in the substitution
random sets for integer IFSs. This can be considered as an extension of
the result in {17, Theorem 1|, which provides a sharp condition on the non-
existence of interior points for IFSs with exact or negligible overlaps. We note
that sharp result formulated in terms of the lower spectral radius appeared
in [10] for the difference of two random Cantor sets, which is the 45-degree
projection of the product of two random Cantor sets.

e In the case of a coin-tossing integer IF'S, we give conditions under which there
exists a non-trivial interval (pg, p1) of probability parameters such that for
any pp < p < p; the random attractor A, has positive Lebesgue measure, but
empty interior almost surely conditioned on non-extinction.

Heuristics

Let us focus for the moment on the existence of an interval of probability parameters
for which the attractor has positive Lebesgue measure and empty interior (almost
surely, conditioned on non-extinction). By Theorem 1.8 the positivity of Lebesgue
measure can be guaranteed by the positivity of the Lyapunov exponent. We will see
in Theorem 1.13 that similarly, non-existence of interior points can be guaranteed
by negativity of the logarithm of the lower spectral radius (sometimes called the
joint spectral subradius). Heuristically, the lower spectral radius captures the
“worst” behavior, i.e. the smallest matrix norms in the limit.

In order to discuss these two concepts simultaneously, we introduce the subad-
ditive pressure function. This encodes information about the two quantities, as its
right-derivative at zero is precisely the Lyapunov exponent and it’s asymptote at
minus infinity upper bounds the logarithm of the lower spectral radius.
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Concepts

Definition 1.11. The interesting parameter interval is an open interval (pg, p;)
0 < po < p1 < 1 such that for every p € (pg, p1) the random (coin-tossing) attractor
A, has empty interior almost surely, but has positive Lebesgue measure almost
surely conditioned on non-extinction.

Definition 1.12 (Lower spectral radius). Fix a set of non-negative matrices
M ={My,...,Mp_1}. We define

po(M, |- ) = inf{[ M, - M, [+, My, e M, 1< j <nj.
Then, the lower spectral radius of the matrices M is given by
FM) = Tim (M. |- |).

This limit exists by subadditivity and Fekete’s Subadditive Lemma (for more on
the lower spectral radius see [27]). Moreover, it is intuitively clear (and explicitly
proved in [27]) that (M) is bounded above by the spectral radius of any single n-
fold product of matrices raised to the power 1/n. From Theorem 1.13 it follows that
if for v = (1/L,...,1/L)Y, the set of expectation matrices M is jointly positively
irreducible and has positive Lyapunov exponent (with respect to v), then the
attractor has positive Lebesgue measure conditioned on non-extinction. We can
conclude that under these conditions, if A = \,(M) > 0 but log(p(M)) < 0, then
the attractor has positive Lebesgue measure but empty interior (almost surely
conditioned on non-extinction).

We now introduce the subadditive pressure function, which among other useful
properties encodes both the Lyapunov exponent and the lower spectral radius
simultaneously. The subadditive pressure is the function

P(t) == lim ~log( Y [Myf). (1.21)

n—0
Oe[L]y

Properties of the subadditive pressure are proved in [19, 21]. The relevant properties
are that for M, P(t) exists for all ¢t € R, and it is convex and continuous. Moreover,
it is continuously differentiable for ¢ > 0.

In particular, lim;_,o; P'(t) = A (see Lemma 4.5) and lim;_, o, P(t)/t = log(p(M)).
It follows that if P(t) is strictly convex on a subinterval of (—c0, 0], then log(p(M)) <
A

Results

Theorem 1.13. Suppose the expectation matrices satisfy p(M) < 1. Then the
interior of the attractor is almost surely empty.

For the proof see Section 2.4.

Lemma 1.14. Suppose that M is jointly positively irreducible. If P(t) is strictly
convex on a subinterval of (—o0,0), then the corresponding substitution random set
A has positive Lebesgue measure and empty interior almost surely on non-extinction.
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Figure 1.6: The first figure depicts the properties of the subadditive pressure
corresponding to the expectation matrices M (when the interesting parameter
interval exists). The second figure shows the tangents of the subadditive pressure
corresponding to the matrices B and the tangents at zero and a point ty < 0.

We mention one final result here, which is a corollary of a more general theorem
of Tom Rush which we can apply in some special cases.

Lemma 1.15 (Corollary of a theorem of Tom Rush). Assume that M consists of
invertible matrices and is pinching and twisting. Then the pressure is either affine
on its entire domain or strictly convex in a neighborhood of 0.

For definitions of pinching and twisting, as well as more discussion about the
context of this result, we refer to Section 6.1 of the Appendix. In the applications
we will not use these definitions explicitly.

Applications

e Coin-tossing systems In the case of coin-tossing systems, the pressure can
be written as

Fy(t) = P(t) + tlog(p),
where P(t) is the pressure corresponding to the matrices {Bo}oer), of the
deterministic IFS. If for {Bg}ge[z],, the pressure satisfies the strict convexity
condition mentioned in Lemma 1.14, then it is easy to see that for p €
(e=*®B)_5(B)) the random attractor A, has positive Lebesgue measure but
empty interior almost surely conditioned on non-extinction.

e Some specific examples of coin-tossing systems

Application 1.16. For some particular coin-tossing systems we are fortunate
and we have estimates of the Lyapunov exponent and the lower spectral
radius that prove the existence of the parameter interval, where the random
attractor has positive Lebesgue measure but empty interior almost surely
conditioned on non-extinction. Consider the case of the 45-degree projection
of the Sierpiniski carpet (Example 5.4). We saw in Application 1.9 that for
p > 0.384 the random attractor has positive Lebesgue measure almost surely
conditioned on non-extinction. However, one of the first level matrices has
spectral radius 2. This is an upper bound on the lower spectral radius, hence
we know for p < 1/2 that the attractor cannot have interior points almost
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surely. We note here (but do not provide the details in this thesis) that this
is the case also for the projection of the Menger sponge to the diagonal of
the unit cube in Example 5.1.

Application 1.17. Tt follows from [64, Exercise 1.7| that the monoid corres-
ponding to the invertible 2 x 2 matrices is pinching and twisting if there exist
two matrices B; and B, such that they are either parabolic or hyperbolic,
and they have no common eigensubspace. The matrices By, B; and By
are invertible 2 x 2 matrices. Out of the three, By and By are hyperbolic
(i.e. they both have two different eigenvalues). Further they don’t share an
eigensubspace. It follows that the monoid is pinching and twisting. Hence,
the assumptions of Lemma 1.15 are satisfied. The fact that the pressure
is not affine near one in the case of this example is proved by Barany and
Rams in [2, Proof of Theorem 1.3]. Consequently, in this case the interesting
parameter interval exists.

We remark that non-affinity of the pressure can be proven for a more gen-
eral family of sets satisfying the in-homogeneity condition that L does not
divide M. This provides a larger family of examples for the applicability of
Lemma 1.15.

1.8.3 Existence of interior points

In this section we state a theorem about the almost sure existence of interior points
in the substitution random set for an ISSIFS.

In the applications we state a simpler theorem for coin-tossing systems. We
also mention two examples where using the Wolfram Mathematica programming
language, we estimated the probability parameter where almost surely (conditioned
on non-extinction) the attractor contains an interval. The result for coin-tossing
systems appeared in the paper [45].

The contributions to the field:

e We prove a theorem (Theorem 1.18) on existence of interior points in the
substitution random set for ISSIFSs. This is an analog of a [17, Theorem
1] for sets with only exact or negligible overlaps (e.g. axis projections). In
that case, one requires that in all columns the expected number of squares
is greater than 1, and this is the sharp condition for interior points to exist
almost surely conditioned on non-extinction. Below we prove an analogue
of this result for integer IFSs. Our result is not sharp. The complications
arise from having to keep track of the interactions of different types, which
we do by defining a finite set of N-dimensional vectors {u;}; of non-negative
integers. We mention that a sharp result in terms of the lower spectral radius
appears in [10] for the difference of two random Cantor sets.

e We provide examples showing that the theorem provides interesting non-trivial
bound (Application 1.22).

Results

Theorem 1.18. Suppose the expectation matrices are all allowable, and moreover
that there exists a set of vectors U = {uy,...,u,} with u; = (u;(1),...,u;(N)) €
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NM\{0} such that the following hold:
1. There exists w e [N]y, S* e N,u* e and § € [L]5" so that

P(Z™(0*) = u*) > 0.

2. There exists Re N and v > 1 such that:

e There exists a h* € H with p, > 0 so that for all § € [L]¥ and for all
u €U there exists a v el with

u"B" = o,
where (W*)® = (h*,... h*).
e For all @ € [L)¥ and for all u € U there exists a v e U with

u"My > .

Then the random attractor A contains an interval almost surely, conditioned on
non-extinction.

Applications

Coin-tossing systems For coin-tossing systems, Theorem 1.18 simplifies to the
following.

Theorem 1.19. Consider the coin-tossing ISSIF'S with attractor A, and expectation
matrices M = {My =p-Bq,...,M_1 =p-Bp_1}. Assume that there exists a
non-empty set U == {uy, ..., u, } with u; = (u;(1),...,u;(N)) e NV\{0} such that
the following hold:

1. There exists u* € U and 0* € [L]5" for some S* = 1, and U* € [N], such that

el Byr = u*. (1.22)

2. There exists ay > 1 and a level R such that for allu € U and for all § € [L]¥
there exists a v € U such that

u"Mp > .

Then A, contains an interval almost surely, conditioned on non-extinction.

Corollary 1.20. With the setup as in Theorem 1.19, assume that the following
hold:

e there exists a 0 € [L]j such that By has a strictly positive row, and
e for all O € L]y the matriz My has all column sum greater than one.

Then the random attractor contains an interval almost surely conditioned on non-
extinction.
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Application 1.21 (Menger sponge example (Example 5.1)). Using Corollary 1.20,
whenever p > 1/6 the projection of the Menger sponge to the space diagonal of the
unit cube contains an interval almost surely, conditional on non-extinction.

Application 1.22 (Example 5.3 and 5.5). In these examples, we show that Corol-
lary 1.20 is not sharp. To prove this, we used an alternative condition in place
of condition 2 of Theorem 1.19 explained in section 3.1.3. This was to make
computational estimates using Wolfram Mathematica more practical.
In the case of Example 5.3 (which is the “0-1-3 problem”, with contraction ratio
1/2),
U =1{(1,0,1),(1,1,0),(0,1,1)}

and we estimated the optimal ~ at level 20, which gave us the following result:
for p > 4637120 ~ 0.7357, A, contains an interval almost surely conditioned on
non-extinction.

In the case of Example 5.5,

U ={(1,0,1,0),(0,1,0,1)},

and in this case our estimation for the critical probability is p < 377~/ ~ 0.633607.

1.8.4 Dimension theory of the random attractor
Concepts

In this result we again rely on the subadditive pressure function defined for matrix-
product (see (1.21)). The contributions of this part are as follows:

e We provide a theorem (Theorem 1.23.) concerning the value of the almost
sure dimension of the random attractor. This is an extension of similar results
in [9, 15| for sets with either negligible or exact overlaps to case of ISSIFSs.

Results

Theorem 1.23. Fiz an IFS S = {S;(x) = x/L + t;}1, with random attractor
A and expectation matrices M = {My,...,Mp_1}. Assume that M is jointly
positively irreducible. The Hausdorff, box and packing dimension of the random
attractor A have common value

dim A = inf P(t)

1.2
te[0,1] log(L)’ (1.23)

almost surely conditioned on non-extinction.

Applications

It is difficult to calculate or estimate this dimension formula numerically. We
believe, when compared to the case in which there are either exact or negligible
overlaps, no new phenomena can occur. One can make certain conclusions regarding
the dimension of sets, without knowing the precise value such as:
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e Assume that we are given a two-dimensional carpet with the property that
the reciprocal of the contraction ratio (L) does not divide the number of
maps (M). Consider a coin-tossing system running on the cylinders of this
IFS with parameter p. Fix any rational orthogonal projection of this IFS to
a line. Then there exists a non-trivial parameter interval (pg, p1) so that

dimy (proj(A,)) < dimg(Ay).

e For coin-tossing systems, there is no parameter interval of p such that
Leb(A,) = 0 but dimg(A,) > 1.

1.9 Our principal assumptions

We collect here the assumptions we make throughout the thesis and explain their
importance, as well as the potential (or difficulty) associated with their omission.

1. The IFS § = {S;(z)} satisfies:

e it is a 1-dimensional IFS,
e having common contraction ratio 1/L, for some L > 2, integer,

e all the translations are rational.

The second and third assumptions are used to establish the existence of
matrices describing the overlap structure of the system in a certain manner.
Heuristically, because the translations are rational, we can define finitely
many basic intervals (see (1.5)), so that the corresponding matrices are also
finite. Homogeneity of the IF'S is important for the matrices to count cylinders
intersecting certain equally sized (L-adic) intervals.

The same proofs appearing in this dissertation work for higher dimensional sys-
tems as well. In the original papers the results appears for higher dimensional
systems.

2. The set of expectation matrices M satisfies:

e The matrices in M are allowable (i.e. each matrix contains a positive
element in each row and column).

e There exists a product of the matrices of M which is strictly positive.

We usually assume the above two properties. They are both necessary for
the proof of Theorem 1.8 and Theorem 1.23. This is because the proof
of Theorem 1.8 relies on a certain limit theorem Appendix 6.2. The limit
theorem ensures that for ergodic measures, the Lyapunov exponent is equal
to an analogous quantity obtained by replacing the minimal column sum with
the matrix norm in the definition of the Lyapunov exponent. We call this
column-sum exponent. More about this exponent can be found in Section 6.1.1
in the Appendix.
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3. The IFS is statistically self-similar.

In the literature, in some cases the statistical self-similarity assumption can
be omitted (see for example results on differences of random Cantor sets:
[10, 12, 40]). In these cases, the typical practice is to use combinatorial
methods to find a large subset where some form of statistical self-similarity
does appear. Statistical self-similarity is crucial for all the results stated in
this thesis. A different model, also lacking statistical self-similarity, appears
in [62].

1.10 Some useful techniques

In this section we summarize some useful techniques appearing in the literature,
some of which are also used in this thesis.

1.10.1 Inherited properties and a 0—1 law for trees

In this section, we explain why certain events which occur with positive probability
in fact occur with probability one, conditional on non-extinction. This is a type of
0-1 law for Galton—Watson trees. Note that this is not a consequence of the usual
Kolmogorov 0-1 law as we do not have a nested sequence of independent o-algebras
to form a tail o-algebra to which we could apply Kolmogorov’s theorem. Instead,
we exploit the branching property and statistical self-similarity (see Section 1.4.2).

This idea has appeared in many books and papers on the topic of trees and
independent percolation processes. We use the terminology of [31, Proposition
5.6]. We provide two interchangeable statement, one for labelled trees and one for
compact sets.

Definition 1.24. A property P of a tree (resp. a compact set) is called an inherited
property if:

e The finite tree (resp. the empty set) has P.

e If a tree 7 has P, then for all vertices i, the subtree 7; has P (resp. If a
compact set has P then each compact subset has P as well).

The key observation concerning inherited properties is the following lemma.

Lemma 1.25. Suppose P is an inherited property of a tree (resp. of a compact set).
Then the Galton—Watson tree (resp. the substitution random set constructed from
the tree) satisfies P with probability either O or 1 conditional on non-extinction.

For the proof, see |31, Proposition 5.6].

An example of an inherited property for a compact set is being of zero measure.
For Lebesgue measure, this is used in Chapter 2. To show that the Hausdorff
dimension of a statistically self-similar set is almost surely constant, we use this
result with Hausdorff s-measure (for example, in Chapter 4). Having empty interior
is also an inherited property, and is used in Chapter 3.
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1.10.2 Conditioning on non-extinction

In this section we discuss an invention of Harris [22]. For a given Galton—Watson
branching process one can construct a different Galton-Watson branching process
which survives almost surely and for which the limiting behavior of the constructed
process agrees with the original, conditional on non-extinction. We use an analogous
construction here for labelled Galton—Watson trees. Namely, for a given supercritical
labelled Galton—Watson tree, we construct one which has the same boundary
(in distribution) conditional on non-extinction. One can construct a labelled
Galton-Watson tree for which extinction is suppressed by retaining only infinite
lineages. In particular the number of vertices at level n grows monotonically in n.

Assume that we have a supercritical labelled Galton—Watson tree. The offspring
distribution is as above: P(& = h) = p,. The cardinality of the set h € H is
denoted by #h. Because we consider a supercritical labelled Galton—Watson tree,
we have 1 < E(&1) = >,y #h - pr. We of course assume that the process dies
out with positive probability i.e. pgz > 0. Let ¢ be the probability of extinction,
which we recall is the fixed point of the probability generating function f(q) =
Sherbr 7" =q.

One can construct a branching tree, and remove the finite branches. In this
case, if the original tree would die out, we would end up with only the root; but
conditional on the tree not dying out the boundaries agree.

The tree containing only the nodes with infinite lineages has the following
offspring distribution: for a subset k < [M]y, k # & ,

> pu(l— g)#rg#®
he H\{}
~ kch
Pr =

l—gq

which gives an empty sum if such an h does not exist.
The formula is derived as follows. We retain the subset k = [M]; exactly if for

any k < h, with p, > 0

e we retain the subset h,

e cvery i € kn h has infinitely many descendants (this happens with probability
(1 — ¢) for an ¢ which is retained), and

e every i € k\h dies out eventually (which happens with probability ¢ for an i
which is retained).

The rescaling factor 1 — ¢ is the probability of non-extinction of the tree. This is
precisely the distribution of the tree which has only infinite lineages, conditioned on
non-extinction.

Let f: [0,1] — R be the probability generating function of the Galton—Watson
process #&,, which has offspring distribution #&;. The corresponding probability
generating function is

fls) =E(s%) = X pn-s*,
heH
so the process containing only infinite lineages has probability generating function
cy_Js-0-g+q9 —q
o) - FE

Y
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Figure 1.7: Visual depiction of the rescaled probability generating function.

where we recall that ¢ is the probability of extinction (equivalently, the fixed point
of the f). Visually the new pgf is the one obtained by restricting the pgf to the
square [g, 1]? and then rescaling to [0, 1]?, as shown in Figure 1.7.

1.10.3 Large deviation theory

Large deviation theorems are a standard tool in the theory of random fractals.
The reason for this is that, in order to prove certain properties (such as the
existence of an interior point) one must study an exponentially growing family
of events. These events track whether the growth rate is what we expect. In
certain cases it is possible to prove that each unwanted event happens with a
superexponentially small probability (so that their probabilities are summable)
using large deviation upper bounds. (Note that large deviation bounds do not
inherently prove superexponentially small probabilities, but they do in the context
of how they are applied in the theory of random fractals.)

These techniques were used, for example, in [17, 48, 49|.

We present the basics of the theory based on the notes [61]. Since we only
require upper bounds, we omit presentation of the lower bounds.

Lemma 1.26. Let Xy,..., X, be a sequence of finite i.i.d. random variables on
R with E(X1) = m. Then for a,b e R, a < m < b there exists v(a) € (0,1) and
v(b) € (0,1) not depending on n such that

P(X1+...+Xn<n-a)<fy(a)n, andIP’(X1+-"+Xn>n‘b)<7(b)n-

Fix Xi,...,X,, a sequence of bounded i.i.d. random variables on R with
E(X;) = m. The boundedness assumption of the variables is used extensively, even
when not explicitly mentioned. Let

Z(N) = E(exp(A - X1)),

denote the moment generating function. From the dominated convergence theorem
and boundedness of X it follows that Z()\) is finite for all A € R, and further
d"/d\"Z () = E(X"eM) for all A € R. We define

I(X) = log(Z(\),
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which is called the logarithmic moment generating function, and its Legendre
transform is

I(z) = ‘i‘;g(m —I(\).

The function I(z) is defined on (limy_,_o, [/'\’()\), limy_, f’()\)) Since X; is finite,
Z(A) is finite on R, and therefore the logarithmic moment generating function is
defined on R. We do not prove here that Z(\) together with its Legendre transform,

~

I(x), it is also strictly convex. Note that I(x) = X\*(z)z — I(A\*(x)) where A*(x) is
by the strict convexity the unique value where I’ (N (x)) = z.

Since I'(\) = E(Xer)/E(e*), the unique A for which I'(\) =E(X) is A = 0.
From this it follows that I(E(X)) = —1(0) = log(1) = 0.

A~

From I(z) = a\*(z) — [(\*(x)) it follows that
I'(@) = X*(z) + 2 - (V) () = T (2)) (A (@) = A (),
and therefore the following lemma holds.

Lemma 1.27. [ has a unique minimum at m. Moreover, I(m) =0 and I(x) > 0
for all x # m.

Let S, = X1+ -+ + X,,, and b > m. By Lemma 1.27 I(b) > 0. By Markov’s
inequality, for any A > 0
P(S, > nb) = P(AS,, > Anb)
< P(exp(AS,,) > exp(Anb))
< E(exp(AX1))" - e™ = exp(—n(bA — I(\))).

We take the infimum over all A > 0, yielding

P(S, > nb) < exp (—nsup <b)\ - f(A))) . (1.24)

A>0

Recall that A*(b) is the unique value for which T (A*(b)) = b. With this notation

~ ~

sup(bA — T(N)) = (bA*(b) — T(\*(D))). (1.25)

AeR
It follows from Lemma 1.27 that sup,_o(bA — I(\)) = I(b) > 0. From this we get
P(S, > nb) < exp(—1(b))",

and therefore the statement holds for 0 < v(b) = exp(—1(b)) < 1. The statement
for a < m can be proven similarly by swapping the sign of \.
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Chapter 2

Lebesgue measure of the random
attractor

In this chapter we focus on the characterization of positivity of deterministic ergodic
measures on the random attractor, under mild assumptions on the expectation
matrices. By an ergodic measure, we mean an ergodic measure on the symbolic
space projected to the interval I. In order to understand positivity of the measure,
we study the survival of a certain space-dependent branching process.

This method has been used many times in the literature, for example by
Dekking and Grimmett in [9] to characterize the positivity of the Lebesgue measure
of a random attractor in R¢ containing exact or negligible overlaps (projections
of d-dimensional random self-similar sponges to e < d-dimensional coordinate
subspaces). In this case, the process is associated with a (single-)type branching
process in a random environment.

Mora, Simon and Solomyak in [40] studied the difference of random Cantor sets,
we use similar branching processes as they do in our proof.

In this chapter we use the notation introduced in Section 1.8.1. The goal of the
chapter is to prove Theorem 1.8.

This chapter is structured as follows. We first introduce multitype branching
processes in varying and random environments, and state Theorem 2.6 concerning
their survival. Next, we relate these random processes with the process which
defines the random attractor, which also proves Theorem 1.8 assuming Theorem 2.6.
A key step here is Lemma 2.9, which states that we can study pointwise survival at
almost every point, instead of survival of almost every point simultaneously. Finally,
we prove Theorem 2.6, the characterization theorem concerning the survival of
multitype branching processes in random environments, which completes the proof
of Theorem 1.8.

2.1 Multitype branching processes
In order to introduce multitype branching processes, we will use similar notation

as in Section 1.7.2 of the introduction. However, we defer formally stating the
relationship until Section 2.2.
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2.1.1 Introduction to multitype branching processes

We now introduce some preliminary notation regarding the N-type branching
process for N > 2. Let P(N}Y) denote the probability distributions on NJ'. We
identify each distribution in P(N)') with its probability generating functions (pgf)
f. That is, for p e P (Név), its pgf is given by

N
f(s) = Z flz]s®* = Z flz] Hsf", for s = (s1,...,sxn) € [0,1]",
gENéV geN(I)\’ =1

where f[z] = u({z}), z = (21,...,2x) € NIY. More generally, we will work with
N-dimensional vectors of probability measures, which we identified with vectors of

pefs:
F=0Y 0 fM) e P(NY) x - x P(NY) = PY(N)). (2.1)

Some words about the multidimensional probability generating function

We now state some useful facts regarding multivariate pgfs without proof. Let
f:[0,1]Y — R a multivariate probability generating function. This corresponds to
the N'-valued random variable X = (X1,..., Xy) if

f(s) =E(sX) = E(s7 ... s3") = Z P(X = z)s%

Throughout this thesis, we will assume that f corresponds to a bounded distribution,
in which case we may define f: RY — R by the rule

N

fls):= D) flels®= > flzI] [ si

gENéV geNéV u=1
Then, the following are true:
e f is a multivariate polynomial and is in particular analytic on RY.

* ﬁ(l) = E(X;) .

0Sqy

o SHD) = E(Xu(X, 1)) and 374-(1) = E(X, - X,).

83% a511,(’7“52)

2.1.2 Multitype branching processes in varying environments
Now, we define the N-type branching process in varying environment, for N > 2.

Definition 2.1. A sequence v = (f oy .) of N-dimensional probability meas-

ures in = ( ,2”, ceey fT(LN)) on N is called a varying environment.

Definition 2.2. The stochastic process Z = {Z, },>0 is called an N-type branching
process with varying environment v = (L’iz’ ...)if for all z € NYY,

P.w(Z, =22, Zy ) = (f7)]2].

In the above definition, we write P, 5 instead of P to emphasize the initial
population size z, and the fixed (deterministic) environment .
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An alternative description

Alternatively, one can describe the process in the following way. Suppose we are
given a varying environment v = ( f ) of N-dimensional probability measures.
n=1

—n

For each i € [N]; and n > 1 there is an offspring vector random variable
Y = (¥00),....v,PW)

such that ‘ A
P <X$Z) = g) = f [y], for every y € Ny

Now we define {Z,,},-,, which we call the N-type branching process in the varying
environment v. We begin at level 0 where the number of different types of individuals

is deterministic and is given by z, = (z(()l), ce z(()N)). That is, Z, = z,. The n-th
element of the process is the vector random variable Z,, = (Zfll), cee Z,(LN)), where
7 is the number of level n individuals of type ¢. Given Z,,..., 4, _, we define

Z,, as follows.
We consider the sequence of vector random variables

{Kﬁ — (nfjj(l),...yjfjj(N)) ie [N, je {1,...,2:),1}},
for which the following hold:

(a) {Y(i) } ~are independent of each other and Z and

—nn
B

n—1

(b) Y, £ Y.
Informally, the /-th component YJ(;) (¢) of X;ZZL is the number of type ¢ children of
the j-th individual of type i in the n — 1-th generation. Then the vector of the
numbers of various type level-n individuals is

i

Zn1

N
2, (20,02 = Y 5 Y0, 22
i=1 j=1

—~

3

Here, we recall that fo) is the number of type 7 individuals in the n-th generation.
The process {Z,}, is a multitype branching process in the varying environment .
The two descriptions are the same since the probability generating function of a
sum of independent random variables is the product of the probability generating
functions.

Just as in the introduction, we will choose the sequence of distributions from
a finite family of distributions {f 0 adp 1}, and all distributions will be finite.
In this case, we identify the environment (which is formally an infinite sequence
of distributions) with an infinite word over the alphabet [L]o = {0,...,L — 1}.
It makes sense to define the finite set of offspring distributions for 6 € [L], and
i€[N]i:

Yh = (1), Yi(N)),

For a fixed 8 € Z[X0| we denote the corresponding process by Z, (6).
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2.1.3 Multitype branching processes in a random environ-
ment

Now, we describe a generalization of the above process: instead of fixing a determin-
istic environment we consider random environments. The randomness comes from
a predefined ergodic measure on the space of possible environments. Conditioning
on the environment, the multitype branching process in a random environment
behaves as a multitype branching process in a varying environment. We endow
PN(NY) with the metric of total variation (see [30, p. 260]) and its respective Borel
o-algebra. Hence, we can speak about random N-dimensional probability measures.
These are random variables taking values in PV (N{') of the form

F=(F",. .., F™),
where the components are the pgfs

F®(s):= > F™[z]s* ue [N (2.3)

N
2eNg

Definition 2.3. A random environment is a sequence ¥V = (F, )n=1 of N-dimensional
random probability measures taking values in PN (N)Y).

Now we introduce multitype branching processes Z in random environments.
First, we consider a random environment V = (F,),>;. For a realization v =

( f ) = (( ffbl), c j}(ZN))> of V, Z evolves as an N-dimensional branching
n>1 n=1

Ln

process in a varying environment. The offspring distribution of a type u € [N];
individual on the (n — 1)-th generation is governed by the distribution £ (-).

Definition 2.4 (MBPRE). We say that the process Z = <Zn = (Zfll), ce Z,(LN))>

TLGNO
taking values in N} is a multitype (N-type) branching process in the random en-

vironment VY = (E,)n>1 (MBPRE) if for each realization v = (f ),>1 of V and for

—n

N
each 2y, 21,...,2, € N

P(Zl =21, Ly = 211 Zy 22071_):") =P, v(Zi=2,...,Z,=2,) as,

éo’v
where P, ,, denotes the probability measure corresponding to the N-type branching
process in varying environment v with initial distribution Z, = z. We write P (-)
and E (-) for the probabilities and expectations in random environments.

From this it follows that for each realization v = (f ),>1 and z, z, € N that

<n

P(Zn ZEIZO :§0721 :§17"'7an1 :anhv = V) = (ifnil) [Z] a.s. (24‘)
From this, we conclude that
E (s Zy = 2.V = v) = £,(£,(- (£, () -+ ). (25
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2.1.4 Our assumptions

As mentioned above, from now on we restrict our attention to the case that the en-
vironment is coming from the infinite product of a finite set of bounded distributions

from PV (NYY). More precisely, fix a finite set of distributions {fe = ( 0(1), ey Q(N))} (2’
- 0e[L]o

satisfying for all 0 € [L]o f, € PV ({0,..., M}") for some M e N. This is the set
of possible values of £, for n € N. In this way, the random environment Visa

N
random variable which takes values in { fie€ [L]O} :

It is more convenient to identify the environments with their “code” from [L]y",
and refer to the code instead. Namely, we define the map

o {in:ne[L]O}NH[L]ONzE[L]O, @(191,102,...) = (01,0,,...).

Definition 2.5. The probability space (X0, A, v) equipped with the shift map o
is defined as:

(0) U0 = [L]},

(b) A is the Borel o-algebra on X1Fo,

(¢c) v := ®,m, where m is the distribution of V. That is, v(H) = m(®~'H) for
any Borel set H < SlHo,

(d) and for @ = (01,0,...) € X0 5(0) = (0y,0s,...).

We will refer to an environment as@ = (01,0, ...) € S0 instead of (iel’ieg’ ),
and we write Z,, (@) for Z,, in the environment 6.

Principal Assumption I. We always assume that the system (X0, A o, 1) in
Definition 2.5 is ergodic.

To summarize, in what follows to describe an MBPRE we will use the following
four objects:

e the finite alphabet [L]o,

e the ergodic measure v on L0 which is the distribution of the random
environment,

e the set of types [V]; and

e the distributions f}, for u € [N]; and 6 € [L],.

2.1.5 Expectation matrices and survival probabilities

The most important quantity that describes the survival of the multitype branching
process in a random environment is the expectation matrix. This is a multidi-
mensional analog of the expected number of level-1 children for Galton—Watson
processes.
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Expectation matrices

The N x N ezpectation matriz corresponding to a fixed 6 € [L]o is the matrix

oY

Myu,v) = (1), 26)

for u,v e {1,..., N}.
Using the notation of Section 2.1.2,

My(u,v) = E(Y;" (v)).
From this, by induction it follows for any @ = (6;,6s,...) € X*o and n e N that

E[Zn“—}:0>zo :éo] :§5M91 - M,

n

Survival probabilities
Fix @ = (0,0,,...) € XIHo. For every £ € N we consider the pgf vector

o8 = (157, 10(9)  where £5(s) = 3 fi[j)s?,

NN
JeNg

Recall for a j = (ji,...,jn) € NI, g;) [7] is the probability that a level ¢ — 1
individual of type u gives birth to j; individuals of type 1, ..., and jy individuals
of type N simultaneously.

Applying (2.5) to z, = e, gives that

E[s%| V=02 =¢]=f"(s),

where for 0 = (604,0s,...), 8|, = (61,...,0,): the vector containing the first n
letters of #. This implies that

P(Z,=01V=02Z=¢,) =0 =f;"(f, 0 of, @) (27

Let ¢™(#) denote the probability that the process starting with one individual
of type-u becomes extinct. Then, set

q(6) = (@ ®),....d™®)). (2.8)

Furthermore, we denote the level-n extinction probability by

0, (8) = P(Z,(8) = 0| Z, =¢,), and ¢ (8) = (¢,"(8),- ... (0)).

By (2.7),
0,0) = f, ()
and therefore
(6) = lim q,(6) = lim f, (0 29)
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2.1.6 Survival of an MBPRE

The following theorem provides conditions for the almost sure extinction and for the
survival of an MBPRE. This theorem appeared in [44, Theorem 4.4], but we only
present the theorem as well as the proof in the case when there are finitely many
environments and the offspring distributions are all bounded. From a technical
perspective, an infinite alphabet does not cause much trouble in statements and
the proofs. However, in order to clarify the presentation, we restrict ourselves to
the finite alphabet case.

For a recent and detailed survey about MBPRES see [63]. We briefly summarize
some of the results on this topic. The results we describe here have been proven in
the general case of an infinite alphabet and with minimal conditions imposed on the
offspring distributions. The extinction problem for MBPREs was investigated in [1,
Theorem §8|. They proved under some conditions that in almost every environment,

A <0 == almost sure extinction, and A > 0 (2.10)

= survival with positive probability. (2.11)

Among other things, the statement of [1, Theorem 8] includes the assumption that
for every 0 € [L]o and u,v € [N]; we have My(i,j) > 0. In the same year in [66]
and later in [59] this assumption was weakened to only required the existence of a k
such that for all 8y, ..., 6, that appears with positive probability, the corresponding
product of the expectation matrices is strictly positive, i.e.

3k, YOy, ..., 0, with v(6y,...,60;) >0, Vu,v: (My, --- My, )(u,v) > 0. (2.12)

Here, v is the distribution of the environment (see Definition 2.5). We cannot apply
this to the expectation matrices corresponding to integer IFSs since, in this case,
this condition always fails to hold for the random environment obtained by an i.i.d.
sequence if at least one of the matrices is triangular. In this theorem, we weaken
the positivity assumptions. More precisely, we assume that

e cach of the expectation matrices is allowable, i.e. it has a strictly positive
element in all its rows and columns, and

e the following holds (c.f. (2.12))

Ik, 361, ..., 0, with v(6y,...,0,) >0, Vi, j: (Mg, --- My, )(u,v) > 0.

In what follows, we state Theorem 2.6 showing that, under the weakened positivity
assumptions on the expectation matrices, the positivity of the Lyapunov exponent
guarantees the survival of the process, starting from any initial type. We remark
that the second part of Theorem 2.6 states that if the process survives with positive
probability starting from a given initial type, then the process survives with positive
probability from any initial type. This property appeared in [59] and is of key
importance for establishing the almost sure extinction of the process. Namely,
under this condition, extinction is also controlled by the Lyapunov exponent, as
it is stated in Theorem 2.7, a corollary of [59, Theorem 9.6]. The combination
of Theorem 2.6 and Theorem 2.7 gives the characterization of the survival of the

MBPRE.
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Theorem 2.6. Fiz a finite alphabet [L]y and let v be the distribution of the
environment: an ergodic measure on (Z[L]O,a). Consider the N-type MBPRE

= {Z,,}nen with offspring distributions {f, }ee[1], and corresponding expectation
matrices M = {Mg}oer),- Suppose M = {Mg}oerr), is jointly positively irreducible
with respect to v. Then,

1. if M(v, M) > 0, then

q(0) = (@), ...,q™N(8)) # 1 for v-almost every § € T

2. q(0) # 1 for v-almost every 0 € Yo implies that q(0) < 1 for v-almost every
6 e Lo

The following theorem is a corollary of a result by Tanny [59]. We formulate it
using a slightly stronger regularity assumption (the second condition below), which
implies Tanny’s original condition.

Theorem 2.7 (Corollary of a result of Tanny [59]). Assume that for the ergodic
measure v on Lo ejther

o \(v,M) <0, or

e \(v, M) =0 and there exists 0 € [L]o with v([0]) > 0 satisfying a reqularity
condition, that for all ue [N]y: f3[0] + 2el N F97¢,] < 1.

Then q(0) = 1 for v-almost every 6 € Xt

Proof. Tanny proved (see [59, Theorem 9.6]) that the assertions of this corollary
hold if a certain condition (called Condition @ in [59]) is satisfied. The fact that
Condition Q holds in our case follows from part (2) of Theorem 2.6. O]

2.2 The MBPRE corresponding to a substitution
model

In Section 1.7.2 we defined the process Z™ (@), for a fixed @ and u e {1,..., N}.
Recall that we described our system as

Z;u) (0) = (Zr(l,u)(0>(1)7 SO Z?Su Z Z —%u0|n+1’

[N]1 # 'LGX

for Yl Ot which are mutually independent of each other and also of X}y . This
descrlptlon clarifies what we already mentioned in the introduction, that this is
a multitype branching process in a varying environment with initial distribution
Zy=-e¢e,

For a ﬁxed ergodic measure v, we define the corresponding MBPRE Z™ for each
u € [N];. This process corresponds to the u-th interval (J™) of the substitution
random set A. Recall for each x € UuE[N]1 J® that there exists a coding given by
the index of the basic interval containing x (say u € [N];) and the L-adic coding
of x “inside” the basic interval J™ (say #). Then, x = T o I1;(f) and this coding
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is unique modulo v. By definition of the process Z®, if the process does not die
out in the environment @ (for a given realization w) then e Aw).
The expectation matrices for Z are

M, = Z pn-Bl,  for 6 e[L]o. (2.13)

heH
By Theorem 2.6, if M = {M,,...,M_1} is jointly positively irreducible w.r.t. v
and the Lyapunov exponent (A, ) corresponding to the expectation matrices is
positive, then for v-almost every @ € S0 the processes Z( do not die out with
positive probability (i.e. ¢(@) # 1). Therefore, there is an index u € [IN]; for which

we can find a S0 < S with »(SE0) > 0 such that for all 8 € S0 we have
q™ () # 1. This means that z = by L + >,° | 6L~V will be contained in A with
positive probability. Here, we recall from (1.20) that v = (T', o I1} ) v

To summarize, we have proven the following lemma:

Lemma 2.8. Assume that we have a substitution IF'S as defined in the introduction,
with contraction ratio L™, and an ergodic measure v on (X0 o). Denote the
basic intervals by J™, u e [N]; (see (1.5)) and the expectation matrices by My,
0 € [L]o. Assume that M = {My,...,Mp_1} is jointly positively irreducible with
respect to v. Then there exist a set K < | J®) of positive D-measure such
that

uG[N]l

P(xeA) >0, foreveryxe K.

As the below lemma will show, this implies that 7(A) > 0 almost surely
conditioned on non-extinction. A version of Lemma 2.9 appeared in [40].

Lemma 2.9. 1. If there exists a set K, of U-positive measure such that for
re K: P(xeA) >0, then

P(5(A) > 0) > 0. (2.14)

2. If for v almost every x: P(z € A) = 0, then
P(Z(A) > 0) = 0. (2.15)
Proof. (2.14) holds if and only if E(7(A)) > 0, and (2.15) if and only if E(7(A)) = 0.
Observe that

E@(A»:fﬁm( ”n{xeA w)}dP (z) dP ()

JJ]IMEA )}dP (w) dv (x :J]P’ (xeA)dv(x).
T
The assertion of the first part of the lemma (namely that 7({z : P(z € A) > 0}) > 0)
implies that E(7(A)) > 0. Next, the assertion of the second part 7({z : P(z € A) >
0}) = 0 implies that E(Z(A)) = 0. O

Combining all of the above gives the proof of the main theorem.

Proof of Theorem 1.5. The first part of the theorem follows by combining Lemma
2.8, Lemma 2.9, and Lemma 1.25 (the 0 — 1-lemma for inherited properties on
Galton—Watson trees). The second and third parts again follow by combining
Lemma 2.9 and 2.7. O

48



2.3 Proof of Theorem 2.6, the survival theorem

In this section we provide the proof of Theorem 2.6. When considering the Lebesgue
measure the most important quantity is the Lyapunov exponent corresponding
to an ergodic measure and a set of jointly positively irreducible matrices. For
the proof, however, we will use a slightly different notion called the column sum
exponent. This is analogous to the Lyapunov exponent, but instead of using a
matrix norm, we consider the minimal column sum. For an N x N matrix B, the
minimal column sum is denoted by (),, namely

B), — mi . .
(B). = min > B(u,v) (2.16)
ue[N]1

By the super-multiplicativity of (-), for non-negative allowable matrices (namely, if
B4, ..., B, are non-negative and allowable, then (B;---B,). = (B1)s -+ (B,)) it
follows that we can define an analog of the Lyapunov exponent for the minimal
column sum. We call this quantity the column-sum exponent. For more details see
Appendix 6.2.

Definition 2.10. The column-sum exponent corresponding to a jointly positively

irreducible set of matrices, B = {B;}ic[z], and an ergodic measure v is

1
As == A(v, B) = lim —log [(Bg),)s| for v-almost every 6 € »lEo,

n—o N,

Now, we give conditions under which A = A,.

Lemma 2.11. Let v be an ergodic measure on (S0, 0). If B = {Bg}oerr), s
jointly positively irreducible, then

ANy, B) = \(v, B).

The assertion follows from [25, Theorem 2|. For more details see Appendix
6.2.1.

2.3.1 Preparation for the proof of Theorem 2.6 part (1)

Recall
N

A= T}Erolo % log [Mg), |, for v almost every 8 € [L],.
By the assumption of the theorem A > 0. Then we can choose
0<p<1 suchthat 1< pe’. (2.17)
Define the N x N matrices Ay for 6 € [L], as
Ay = pMy. (2.18)

Lemma 2.12. For v almost every € XlEo

1
lim —log ((Ag),)«) = log(p) + A > 0.

n—ao M
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Proof. Let

1
H = {0 e Yo : Tim ~log(My), )« exists and equals to )\} c xlte(2.19)
n

n—o0

It follows from Lemma 2.11 that v(H) = 1. Fix § = (61,0,,...) € H. Then from
(Ag), )« = p" (Mg, )« and the definition of p, the assertion follows. O

Define the set
W = {(u,v,0) € [N]} x [L]o : Mg(u,v) >0} = {(u,v,0) € [N]; x [L]o : Ag(u,v) > 0}.
Then for u € [N]y, 6 € [L]o we define
W = {ve [N : (u,v,6)eW}.

For a matrix B let r,(B) and ¢, (B) denote the k-th row and column vector of
B respectively.
For § € [L]y, u € [N]; and s € [0, 1]V let

98(s) =1 —1,(Ag) - (L~ 5), and g,(s) = (95" (5), ..., 95" () =1 — Ag(L — ).

(2.20)
This immediately implies that for @ = (6y,...,6,) € [L]3, we have for s € [0, 1]V
9y(8) =g, ©9, 009, (s) =1—Ay(l—5). (2.21)

We will frequently use this result without mentioning it.
Remark 2.13 (The meaning of g, and g,). For 6 € [L]o, u € [N]; consider

{(s, /(s)) € RN . 5 € [0,1]V} the graph of the function f{*). We denote
the tangent plane of this graph at 1 € RY by

59(s) == f80) = (Y1) - (L—s) = 1=y (M) - (1—s),  (2.22)

where (f")(1) = (2" (Q),...,on (1)) denotes the gradient of f{" at 1.
By Taylor’s Theorem, we have that for some t € {s +t (1 —s),t e (0,1)} the line
segment connecting s and 1

77) = 157(9) + 50— 97 (157) 0@ - o).

"
where < fé”) (.) denotes the Hessian matrix.

Hence, géu) (s) the analog of t((,u) (s) using the matrices Ay instead of My. From

(2.20), it follows that an analogous description can be given for géu) (s) using fQ(“) (s)
and AQ .

For a visual depiction in the N = 1 case see Figure 2.1c.

Lemma 2.14. If (u,v,0) ¢ 20 (or equivalently ﬁfeu)/(?sv(l) = 0) then for all
te (0,1]¥

1. 0f{" Jos,(t) = 0 and

20



2. v (£ () =, (£)'(2)) = 0.

Proof. Since 2 immediately follows from 1, we only provide details for the first part.
By definition

= 90202, te[0,1]N, we [N]y, ¢ [Llo,

geNN
hence
- = > L 2wtz H t2e. (2.23)
v ZGNN
ZU#O w;év
From

0=0fy"/0s,(1) = > fi"z]70,

geNN

since all the summands are non-negative, we conclude that f(,(u) [z]z, = 0 for all

z € N, hence the assertion follows. ]
Let
= {5 [0,1]" : [1— s <0}, (2.24)
where for z = (21,...,2y) € RY

|2llo = max |z,][.
N

Lemma 2.15. There exists a 6 > 0 such that for all § € [L]y and s € Bs,

Proof of Lemma 2.15. Recall from Remark 2.13 that for s € [0,1]V, 0 € [L]o, and
u e [N]l,

£9(s) = 1§9() + 50— )" (77) 01 ),
95" () = t§°(3) + 1, (Mg — Ag) (1 — 5),
where ¢ (s) = 1 —r,(Mp) - (1 — s), as stated in (2.22).

Hence, we only have to prove that there exists a § > 0 such that for all § € [L]o
and u € [N]; and s € By,

=97 (1) 00— 5) <r,(My — Ag)(1 - 5).

It follows from Lemma 2.14, that

o2 (u)
-7 (#") wa-9= X (2 (1= 3 6852%0) (15

€0 v \wenl -k

Clearly, r,(My — Ap)(1 — s) = Zvewg,u r,(My — Ay),(1 — s),. We will show that
(u)
(S L= 9 0)) (1= 9 < My~ A0 (L= 5, orall e [V,

o1



For v € [N]; either My(u,v) = 0, but then the left-hand side is also 0 by Lemma
2.14, or My(u,v) > 0, in which case choosing any 0 < § < 1 so that

(1 — p) min(um’g)em M9 (u, U)

) <
2-N-M

(2.25)

Let s € Bs. With this choice 0 <1 — s, < ¢ holds for all § € [L]y,u € [N]; and

(u) (u)
v,w e W, By definition ;jj%sv (1) < gjj%Sv (1) for all t € [0,1]", hence
an(u) an(“)
1—8)y=—2—(t)<d6-N- —(1 My — Ag),.
Z (1-s) 08108y ®) e 054,05y (1) < r.(M, 2

jewe,u

The second inequality follows from the fact that all distributions are bounded,

2 p(u)
hence aas f"as (1) < C, for some uniform constant. On the other hand, by the choice

of the matrix Ay (see (2.18)), r,(My—Ay), = (1 — p)My(u,v). Therefore it follows
that r,(My — Ag), > (1 — p) ming,, g)ean Mo(u, v) for ve D)L O

Fix the value of § such that the assertion of Lemma 2.15 holds.
Now we define ¢: [0,1]Y — [0, 1]" such that whenever s € B; then ¥(s) = s
but when s ¢ Bs then 1(s) € Bs. Namely,

Su, if s, >1-—9;
(Y(s)), = { 16 ifs <16 foru e [N];. (2.26)

It immediately follows from the definition that the function 1 has the following
monotonicity properties.

Fact 2.16. For all 0 € [L]y, u € [N], and s,t € [0,1]Y we have
(a) 5 <¥(s), and
(b) fors <t, ¥(s) < ().
We now define for all u € [N];,0 € [L]o and s € [0, 1]V

R (s) = g (1(s)) and hy(s) = (B (s), ..., h§V) (s)).

Here, we recall the definition of géu) from (2.21).
Let us summarize the important properties of hy(s). In order to do that, we
require some more notation. Let

W = min {1, min {Ap(u,v) : (u,v,0) € W}}. (W)

It follows from the uniform allowability condition together with the choice of the
matrix A (see (2.17)) that W > 0. Further, let R(t) denote the open ball with
respect to the 1-norm centered at the origin with radius ¢ in RY and RC(t) its
complement, namely

R(t) = {se[0,1]" : |s] <t} and RE(t) = {s e [0, : s = ¢} (227)

Lemma 2.17. For any 0 € [L]y, u € [N], and s <t e [0,1]V, the following holds.
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) If s € Bs, we have hy(s) = g,(s);

) hy(1) =

(c) hy(s) < hy(t);
)

(f) For any w > N —ud (u was defined in (W)) if hy(s) € R¢(w), then s € Bs
and in particular hy(s) = g,(s)-

Proof. (a) follows from the definition of h,, and (b) immediately follows from (a)
combined with the fact that 1 € Bs. Part (¢) is inherited from the monotonicity
properties (see Lemma 2.16) of ¢ and g,. (¢) follows from (d), since f (s) = 0.
(d) We use induction on n. First if n = 1, then for s € Bs, hy(s) = 99( s) = f,(s)
by the definition of h, and the choice of ¢ (according to Lemma 2.15). For s ¢ By,

hy(s) = g,(¥(s)) on the one hand, g,(¥(s)) = f,(¥(s)) = f,(s) and on the other
hand, g (¢(s)) = g,(s). Here we used that g, and f, are monotone increasing and

that ¢(s) = s. Now suppose 0 = (61,...,60,) € [L]j and that the assumption holds
for 0~ = (61,...,0,-1). Then from the hypothesis and the monotonicity of f , "

hy(s) = hy-(hy,(3)) = [, (b, (s)) = [, ([, () = [,(5).

(f) Assume s ¢ By, then |1 — s|, > 4, i.e. there exists a v* € [IN]; such that
1 — s,% > 9, by the definition of 1, (¢(s)),+ = 1 — 0. Since Ay is allowable, there
exists a u* such that Ag(u*,v*) > 0, in particular Ag(u*,v*) = W. Fix an arbitrary
x> N —ud. It follows that

< |lhy(s)] = 2 h(s) = > g W)= Y 1= ) Aglk,j)(1 - v(s)))

ke[NT1 ke[N]1 jeo k
<N - Ag(k . J )(1 — (YP(8))j*) < N —ud < =,

which is a contradiction. O

2.3.2 Proof of Theorem 2.6, part (1)

Now we are ready to prove the first part of our main theorem.

Proof of Theorem 2.6, Part (1). From Lemma 2.12 it follows that there exists a
set H < Yo with v(H) = 1 such that for every @ there exists a v > 1 and an
N = N(8) such that for n > N

(Ag),), =" (2.28)

We fix such a v > 1 and N.
For a vector v € RV analogously to the matrix case, we will use the 1-norm,
that is let [z] = 3, ny, [7s]- We next show that

forall@ e H, [g)| = lim |f, (0)] < N. (2.29)
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(N,N) '

Figure 2.1

Having established this result, it follows that ¢(#) # 1 for v-almost every 6.
Instead of studying the behavior of L)\ (0) directly, we consider hg (0) = io\ (0)

for n > N. By the uniform allowability condition we can choose 0 < u < 1 such
that

N

min ¢, (Aqg)|-

M uE[N]l,GE[L]Q

For the visual explanation of the following part see Figure 2.1a, 2.1b.
or x,y € R define
0:(y) = N — Nz + zy, (2.30)

Choose n < N such that
g0;1(77) > ¢ =N — W, (2.31)

where the value of ¢ is chosen to satisfy Lemma 2.17 part (f), and W was defined
in (W). Since p < 1, there exists an € > 0 such that

puln) < o (n) = N —¢, (2.32)

where ¢ (n) = gy 00 pu(n).
Now we fix an m > N. Then there are two cases:

(C1) either by, (0| < ¢u(n), or
(C2) kg, (O)] > @u(n)-

First, suppose (C1) holds. Since for all k € [N]; we have fi*)(s) < h{"(s) for any
s€[0,1]Y (by part (d) of Lemma 2.17) and ¢,(n) < N — e (see (2.32)), it follows
that

I, @) = £, QI < @un) <N —e. (2.33)
In the rest of the proof, we assume (C2), namely that
|2y, Q)] > ©u(n). (2.34)

Set § := 0|,,,. In the rest of this section, we always assume that s e [0,1]".
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Lemma 2.18. (i) For all 0 € [L]o, k € [N]y, if g5 (s) > 0, then
lg, ()] < @ullls])-
(ii) Forn > N and 0 = 0\, if for all k € [N];, gS (s) =0, then

lgz(s)ll < @y (llsl)-

Proof. We only present the proof of the first statement since the second one can
be proven using the same steps and the fact (see (2.28)) that (Aj), =" > v. We
compute: -

N N
lg,()] = L= Ag(1=5)| = D (1=, Aglu,v)(1 = 5,))
u=1 v=1

-N- ZZAW (L) = N = Y Al - 5)

= v=1

N—(A ) N+(Ao) sl = N — (Ag)«(N — | s])
N —p(N —|s]) = %(H_H)~

Now we continue the proof of the first part of Theorem 2.6. Define
Ti={p<m: ¥k <p, hoy(0) € R(n)},

where 07" = (6, . ..,0,,) and m was fixed earlier in the proof. By our assumption
(2.34) we get that @9‘ (0) € R%(p,(n)) = RC(n), this implies that 1 € 7. On the
other hand, Lemma 2.17 (f) and (2.31) together imply that m ¢ T. Namely, by
(2.31), hy (Q) < ¢ <, '(n) <n. That is, by (0) € R(n). Therefore, m ¢ T. This
does not contradict 1 € T" in case of m = 1, because if m = 1 then it is not possible
that [ kg, (0) > wu(n) > N — W4, In this case by Lemma 2.17 (f) we have that
0 € Bs, which is not possible since 6 < 1. Therefore 1 < Q) := maxT < m — 1.
Let z := h, 8+1<Q)' By the definition of @,

z € R(n). (2.35)

Also, hy, (h 211(9)) e R%(n), for any k < @, hence by 1 > ¢ and Lemma 2.17 (f) it
follows that for any k < Q

I, (g, (0)) = g, (g

Applying the above repeatedly, we get for any k£ < @)
hge () = gga(v)- (2.36)
Now we show that () can not be too large. Intending to obtain a contradiction,

assume that () > N. Note that the second part of Lemma 2.18 applies since, for
k < @, it holds that 9y, = hg, = 0 by Lemma 2.17 (¢). Now using (2.34), (2.36),
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the second part of Lemma 2.18 together with the assumption @) > N , the fact that
v > 1, and finally (2.35), we obtain that

Pu() < [hop (0] = lge (@) < @ (lz]) < ] <,

which is a contradiction since n < ¢,(n).

Hence, Q) < N. However, in this case using the first part of Lemma 2.18 N-times
(again for k < @ it is true that 9y, = hg, = 0, by Lemma 2.17 (¢)), we get that

1o Q)] = llgge (@) < pullgye @) < -+ < &7 (Iggg()I)

<?(lz]) < @) (n) = N —¢,

where € > 0 was defined in (2.32). This means that (similarly to (2.33)),
12, ()] = 11,0 < [2g(0)] < N —e.

This finishes the treatment of case (C2). It follows that |lg (8)| < N —¢ for all

m > N. In this way we have verified that (2.29) holds, which completes the proof
of the first part of Theorem 2.6. O

2.3.3 The proof of Theorem 2.6, part (2)

It follows from the joint positive irreducibility assumption of Theorem 2.6 that
there exists a finite word 6 = (64, ...,60,) € [L]; (p € N) such that for [0] = {0 =

~.

(61,05,...) € X0 . 9, = 6, i < p} we have v([f]) > 0 and further all elements
of M == My, --- Mgp are strictly positive. From the ergodicity of v (Principal
Assumption I), it follows that there exists ¥ < X0 with v(X) = 1, such that all

6 € ¥ contain § as a subword (in some position).
For a u; € [N]; we define

Bad,, = {0 e$: lim fi(0) = 1}. (2.37)

n—00

Lemma 2.19. Under the conditions of Theorem 2.0, for any uy € [N];, we have
that v(Bad,,) = 0.

Proof. Fix an n > p. Let

0
A, = {0 e Yo . 0|,, does not contain the WOI"dE } , then U Ag =3

n=p

Hence, it is enough to prove for all n = p and € > 0 that
v (Bad,, n Ag) <eEe.

Let n and € > 0 be arbitrary. Recall that RE(t) := {s € [0,1]" : |s]| = t}. By the
assumption limy_, Lm(Q) = q() # 1 for v-almost every 8, we can choose a § > 0
sufficiently small so that for

ti= N(1—06p"), and X, = {0 eS: lim f, (0)e Rc(t)} , o (2.38)
e—»a)_o‘l
we have v(X;) < e, where p, = min  My(u,v)/2.
(u,v,0)e]
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Lemma 2.20. Let 0 € [L]y, u€ [N]y and 0 <& < 1. Then for any s € [0,1]¥
if there exists an i € WO such that s; < 1 — 5 — fe(u) (s) <1-— p*g.

Proof. Fix s € [0,1]" such that s, < 1 — 5 for some v € Wh*. Then:

30 < £ —e0) = D) K-8 < Y YL
gGNN geNéV
2y =0
+ 2 SV =0 <1-8 3, £V <1-pd.
éENN geNN
Z'U?éo Z’u?ﬁo

Now, fix § € AY(Bad,,. Foranr e N, r > 2 let

C:={ue[N]:Iug,...,u,) € [N]}" such that
u; € W=rvi=1 e {2, n},ue i}
= {ue [N]; : Mg, (u1,u) > 0}
Lemma 2.21. C' = [N];.

Proof of Lemma 2.21. This follows from the fact that all the expectation matrices
are allowable and that 8|,, contains the word @, which implies that My, is a strictly
positive matrix. ]

Since we assumed that § € Bad,, we can find a 8 > n such that
f‘9 ( )>1-0. (2.39)
As before, we write 0? = (0;,0,41,...,0;). For every h < R let

sp = (8,(1);- -+, 8, (V) = L,n (9). (2.40)

h+1

Then again for h < K
F(0) = £10(s1), 8,0 = £3)) (341) = far) (fas,(0)).

It follows from Lemma 2.20, and formulae (2.39) and (2.40) that for all ky € 23%
we have s,(ko) > 1 — dp,'. By repeated application of Lemma 2.20 we get that for
the n fixed in the beginning of the proof we have

h+2

Sp(kns1) >1—=0p.", Y(kay... kpy1) € C™.

Using this, by Lemma 2.21 we get that s, (u) > 1 — dp,™ for all u € [N];. This
means that
Jos (0) = s, € Bsn. (2.41)

n+1
Using that f, is component-wise monotone and f, : [0,1]Y — [0, 1]V, we obtain
from (2.41) that
lim fo., (0) € By, n < RY(t),

M—o0 _0n+1

57



where t was defined in (2.38). That is we have proved that 8 € AS (| Bad,, =
0" € X;. In other words we have verified that AC n Bad,, = 0 "X;, where
for (61,0,,...) = 0 € o o=1(0) = {(0,0,,0,); 0 € [L]o}. In particular, o~ "8
contains the infinite words for which 6 is a subword starting starting at index n + 1.
Using that v is measure preserving, we get that v(AY n Bad,,) < v(67"X;) =
v(X;) <e. O

Proof of Theorem 2.6, Part (2). Using that u; € [N]; was arbitrary in Lemma
2.19, we get that the second assertion of Theorem 2.6 holds. [

2.4 Positive Lebesgue measure, empty interior

In this section, we will consider the following question: Under what conditions
can we guarantee the existence of a parameter interval (of p) such that for any
probability from the interval we have that the random attractor, A has positive
Lebesgue measure almost surely, conditioned on non-extinction, but it does not
contain interior points almost surely?

The first step is to determine conditions for the non-existence of interior points
in the attractor. This is connected to the lower spectral radius associated with the
matrices.

Proof of Theorem 1.15. We use a standard argument similar to the one used in [12].
As in the definition of the lower spectral radius (Definition 1.12) for a non-negative
matrix A, we write |[A[. = [A[ =}, ; Ai;. Since p(M) < 1, we can choose an

e > 0 such that p(M) < 1 —2e. For choice of ¢, there exists an N such that for all

n>N,
pn(M, [ -]) < (1 —e). (2.42)

Fix m = N + 1. By the previous observation, there exists a § = (64, ...,6,,) such
that [Mp, --- My = < (1 — €), and therefore

Mg, - My, | < (1 —¢)". (2.43)

Let 6" denote the vector obtained by concatenating ¢ with itself n times. Then,
lim Mg~ | = 0. By the submultiplicativity of the matrix norm it follows that for
n—0o0 -

any ¢, = (Cla SR ,Ck;) € [L:I(k):
i (M = 0. 2.1

Let ¢, € [L]§ be given and write 8 = (¢, 0,0,...). Recall that 2ue[ Vs A 0)

=k+n
. . . (w) .
denotes the number of level k + n cylinders intersecting Uue[ N Jngn. Since

E( > ZY.8)) = [Mgn| — 0asn — oo,
u€[N|1

by Markov’s inequality,

P( Y 200,0)=1) <E( Y] 2,8) > 0asn— .
ue[N] ue[N]1
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In this way the points

U M
ue[N] o

1 n=1

are not contained in A with probability one. By varying ¢, we obtain a countable
dense subset of U%[N]1 J® which is not contained in A with probability one.
Therefore A almost surely cannot contain an interval. m

Proposition 2.22. The following inequality hols:

lim #

t——00

= log(p).

Proof of Proposition 2.22. For all t < 0 and 6 € [L]y, we have |[My| > g and
therefore |[Mg|* < g, From this

1 1 - _
Pu(t) = —log( > [My|') < —log(L"F") = log(L) + tlog(4i),
=

Taking an infimum in n gives log(L)P(t)/t > 1/t + log(p), and then taking the
limit as t — —oo gives the result. n

Our next proposition concerns the existence of the parameter interval. In order
to state it, we must first introduce some further concepts.

Definition 2.23 (Eccentricity, Pinching, Twisting). Let B be an N x N real,
invertible matrix with singular values o1 > - - - = oyn. The eccentricity of the matrix

is
. Oy

Ecc(B) = min —.

1<(<N 041

The Grassmannian manifold is denoted by Grass(¢, V).
The set of matrices B = {By,...,Br_1} of N x N real, invertible matrices is

L. Pinching if there exists a product B;, --- By, , B;; € B with arbitrarily large
eccentricity Ecc(B;, -+ B;,).

2. Twisting if for any F' € Grass({, d) and any finite family Gy, ..., Gk of elements
of Grass(d — /, d) there exists a product B = B;, --- B;,, B;, € B such that
B(F)AG;={0}foralli=1,... K.

Remark 2.24. By |64, Exercise 8.3] with the above notation and setup:

1. if there is B; € B whose eigenvalues are all distinct in norm, then B is
pinching;

2. if there exists B; as above and there exists By € B such that Bo(V)nW = {0}
for any pair of B-invariant subspaces with complementary dimensions, then
B is twisting.

In case of coin tossing systems running on rational projections of carpets these
can be summarized as follows.

Proposition 2.25. Assume that the IFS S is a projection of a 2-dimensional
carpet in a rational direction. Suppose moreover that the following hold:
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1. The matrices {By,...,Br_1} are jointly positively irreducible with respect to
the uniform measure on S0 and they are invertible, pinching and twisting.

2. The number of maps M in the IFS is not a multiple of L, the reciprocal of
the contraction ratio.

Then the interesting parameter interval exists.
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Chapter 3

Interior points in the random
attractor

In the previous section, we proved Theorem 1.13, in which the lower spectral radius
was one way to capture the phenomenon in which “holes appear frequently within
the attractor”. One would expect that the condition given in Theorem 1.13 in
terms of the lower spectral radius is sharp. However, we were not able to prove
this in general. The main reason for this is that the lower spectral radius is stated
using a sub-multiplicative matrix norm (for example the largest column sum),
whereas from a geometric perspective the more meaningful notion again is the
smallest column sum. Hennion’s theorem—which we use in order to prove the
positivity of an ergodic measure—only provides an almost everywhere answer. If
Hennion’s theorem holds everywhere, not just almost everywhere then the lower
spectral radius provides a sharp condition. This is stated in Remark 3.1 below.
This section is devoted to the proof of theorem 1.18 and its corollary for coin
tossing systems stated in 1.19. We further prove an equivalent formulation of the
second assumption of Theorem 1.19 (the version for coin tossing systems), which
makes it easier to use numerical methods for estimating a bound.

Remark 3.1. The condition in Theorem 1.13 is sharp in the following case. If for
the expectation matrices M of an ISSIFS and the coin tossing system it holds that

1< pM) = 7}1_{210 b/n(M7 ()*)7 (3.1)

where (M), is the minimal column sum ((M), = min; >}, M(4, j)) of the matrix
M, then Condition 2 of Theorem 1.19 is satisfied for U = {(1,...,1)}.

3.1 Proofs

3.1.1 Proof of the Theorem 1.18

We prove the main theorem using the following lemma, which in practice will be
used on the multistep IFS F,, = {fi = Si, 4, }1€[L]3 for some n € N. The following
lemma is later used for this multistep process, hence the original M, L, N notation
is changed to 9, £, M respectively, all other notation remains the same. In this
section single types are denoted by u, v, w since u, v, w are vectors with components
for example u,.
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Lemma 3.2. Consider an ISSIFS F = {fi}icpm, with contraction ratio 1/£. Let
P = (Pn)nep (o)) e the distribution for the labelled Galton—Watson tree. As usual

let &, denote the retained level n cylinders from [9N]} and N denote the number

of types JY the basic intervals for u e [N];. Let {Mg}pee), For fived u e [N]; let
YW(B) = (#{ie & fi(JV) = Jé”)})ve[m]l. For u* € N™\{0}, we consider the
random variables -
n
*) é _ Z

where Y( ") are jointly mdependent random variables for j € [uk]; and u € [N]; with

u¥®

—

LI

(3.2)

||M

the same dzstmbutwn as Y ) Suppose that the following hold:

e There exists an h € H with p, > 0 so that for all 5 € [L]y and for all ue U

there exists a v € U with
u"Bj > . (3.3)

e For all 5 € [L]y and for all w e U there exists a v e U with
u"Mjg > . (3.4)

Then with positive probability, Z" ) (B) survives simultaneously for all B € [L]Y.

Equivalently, P({¥n e N, V3 € [L] : Zflu*)(ﬁ) > 0}) > 0.

Proof of Theorem 1.18 assuming Lemma 3.2. Firstly, not having an interior point
is an inherited property. Therefore, it is enough to prove that the random attractor
contains an interval with positive probability and from this the statement follows
by Lemma 1.25.

(A) Proving P(J; () = A) > 0. We shall show that

P(¥n >0, ¥0e [Ll§: 2§, (0%0) € 0) > 0. (3.5)

First, combining the first assumption of the Theorem and the second assumption
with Lemma 3.2,

P(VneN, V8 e [L]?: Z™(6*0) € 0)
>P(VneN, Ve [Lly: Z(0°0) % 0| 2 (0") = u")P(Z2) (%) = u*).

From the first assumption it follows that P(Z®)(8*) > u*) > 0. For the first part

P(VneN, Y0 e [Lly: Z2M(0*0) € 0| Z")(0*) = u*)
>P(VneN, Ve [L]}: Z2¥9(9) «0),

which follows from statistical self-similarity, observing that the process starting in
each retained cylinder is independent with the same distribution as the original.

(A /ii) Multistep processes and connection to Lemma 3.2 The event
{(WneN,V0e [L]y: Z@) (@) + 0} is equivalent to the following: for some fixed
ReN, {V¥neN, Ve [L]F: Zw)(9) % 0}.

This is because the former event requires survival at every level, and in particular
requires survival along the subsequence of levels Rn, so it suffices to prove the
corresponding statement by only considering generations which are a multiple of R.
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Choose R € N so that the assumptions in 2. of Theorem 1.18 are satisfied.
We consider the R-th composition IFS F = {f; = Si, i, (i1,...,ir) € [M]F}.
We further consider the R-th step substitution model: for any h < [M]% let
prn = P(Eg = h). The original basic intervals do not satisfy the assumptions for the
R-composition IFS; however, their L" rescaled version does, and therefore we have
the same types in this case. Denote the process corresponding to this R-composition
IF'S and multistep process starting with one type u individual Z(f“)(é) We will
consider

Z (), (3.6)

HMZ

where for v € [N];,4(v) = 1,...,u* (v) are Jomtly independent processes and are
distributed according to the corresponding Z(f“)(é).

The event {Vn e N, V3 e [L]f": Z®")(3) % 0} is equivalent with the survival
of the above defined process simultaneously for all 8 € [L?]Y. The process survives
with positive probability by Lemma 3.2. The assumptions are satisfied by the
second assumption of Theorem 1.18.

Thus, assuming Lemma 3.2, we have finished the proof of Theorem 1.18. [

We use a standard method to prove Lemma 3.2, the main ideas already appeared
for example in [17, 49]. The main technical tool is to use large deviation theory to
prove exponential growth of cylinders simultaneously for all position.

We denote Z(3) = z )(B) For 3 € [£]f we define

mn

An(B) = {Z(B) €0} and A, = (] Au(B)

Fix 1 <n < v and let

B,(f) ={vi<k<nIuel: Z(Blx) =n*u} and B, = (] B.(B). (3.7)
pele)

. An) > 0 implies

Note that it suffices to prove that P((, B,) > 0, since P(()
») > 0 implies P([), A,) > 0. Since

the conclusion of Lemma 3.2, and P([), B
(Bn)nen 1s an increasing sequence of events,

P (O Bn> = lim P(B,) = P(B) AL{{}OBP(Bk | Br-1)- (3.8)

Lemma 3.3. Under the assumptions of Lemma 3.2 for every { € N, P(By) > 0.
Lemma 3.4. Under the assumptions of Lemma 3.2 there exists an ¢ € N such that
JEEOHZP By | By—1) > 0. (3.9)

Proof of Lemma 5.2 assuming Lemma 3.5 and 3./. The conclusion of Lemma 3.2
follows from P(nA,) > 0, which follows from P(nB,,) > 0. From (3.8) assuming
Lemma 3.3 and 3.4 we conclude that P(nB,,) > 0. O
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II1.

Proof of Lemma 5.5. This follows from the first assumption of Lemma 3.2. For
each retained node of the Galton-Watson tree, choose h € H which satisfies (3.3).
This happens with positive probability for each finite /. Then for all w € 2 with
this property, we have for all 1 <4 < £ and for all 3 € [£]f) that

Z(B) = (u)"BY =y, (3.10)
for some v. O

Before we prove Lemma 3.4, we state an auxiliary lemma: Lemma 3.5. We
remark that the only technical proof appearing in this section if the proof of Lemma
3.5 which we defer to the end of this section.

Lemma 3.5. There exists a 0 < § < 1 such that for all k = 0:
k—1

P(By, | Bi—1) < 92£h"

Proof of Lemma 5.4 assuming Lemma 5.5. For any /

lim ﬁ P(By | By-1) 2 lim ﬁ (1—9122*6577“),

k=0+1 k={+1

by Lemma 3.5. We can choose ¢ in such a way that the product converges to a
non-zero number, which concludes the proof of Lemma 3.4. O]

Proof of Lemma 3.5. The proof lies in the observation that for a fixed 5 as above,
conditioned on Z(~) the number of level & individuals (the elements of the vector
Z(f)) can be written as a sum of independent random variables which are also

independent of Z(') for any 8" € [£]§7".

. Decomposition of the event, union bound.

(By|Bi-1) = P({31 < IBe[Lls, Vueld: Z(B) # n'u}|Br1)
=P({3 e [2]’5, Vuel Z(B) :F n*u}|Bp-1)
< P({Vuel : Z(57)(v) # n*u}|Br ).
BelLl§

The first equality is the definition on By, the second one follows from the meaning
of the condition By_; (that the event can’t happen for ¢ < k) and the last inequality
is the union bound.

Decomposition to sum of independent random variables.

Fix an arbitrary § € [£]§, and w € [91];. Consider P({Yu € U : Z(j3) * n*u}|Bj_1).
Similarly to (2.2)

z(67)
i 2 Z ] 6’“’ (w),

=1

.
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where the random variables Y; (5, v)(w) are independent, and has the same distribu-
tion as va)(ﬁk)(w) and are independent of Z(37)(v) for all v € [9]; and 3’ € [£]5"
(including 7). Recall that By_y = {V¢ <k -1,V e [€]fTuecld : Z(B) > n'u},

hence conditioned on Bj_; for some (vy,...,vn) = v € U, we have that
2@ o]
Z(B)w) = )] Z i (Br,v) Z Z " (Br V) (3.11)
ve[N]; J=1 7&01

For this v and 3, (by the second assumption of the theorem) there exists (at least
one) U such that
oM, = nF Tl (3.12)

hence we examine

P((vue 2(8) # n'u} | Bir) <P((2(8) % 0'2"} | Bu)
< % P({Z(B)w) <1} | Bioa)

WNG [‘ﬁ] 1

we[‘ﬁ]l ve ‘ﬁ]l k=1
Uw#0 vy #0
[n" 1oy
- Y r({ X V5B, v)(w) < ik f).
we[N]y ve[N];  j=1
ﬁW;éO vy #0

The second inequality follows from the definition of 3 and the union bound, the
third is from (3.11), and the last inequality is the consequence of the independence
of the summands from the condition. Now for w such that %, # 0 we consider the
event

{212 o) < |

vy #0
Since

and

it follows that

ve‘ﬁ]l j=1
vy #0 'Uv?éo
[nk—lvv] .
= U { T vevm <o v}
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Therefore,

Uy #0 vy #0
[nk—lvv]
< Z Z ]P)({ Z (5167 )( ) Uk_lvv Mﬂk(v7w)})
we[N]1  ve[N)y j=1

III. Large deviation bound

The summands here are i.i.d random variables with expectation 0 < Mg, (v, w),
and since 77 < 7, we have 2Mp, (v,w) < E(Z;V) (w)), hence we can use the large
deviation lemma (Lemma 1.26), to get that there exists a
0<éd= max 6(8,v,w) <1, (3.13)
Be[£]o,
v,we[N]1

such that

k—1

v n— Ui vy
P({ ) 4)M><nlw;meMm < 0(Br, v, w)"

n—1

<o
where the last inequality follows from the fact, that v, = 1 whenever v, # 0.
Then

P Y] ) < )

ve[N]q
uwio o Mg, (v, w)q/:0

1

<N
from which we get that

-1

P(Bi|Bi1) < £01%6"
[

Proof of Remark 3.1. If (3.1) holds, it means, that there exists an n such that for
all @ € [L]y we have
"My = ae’, (3.14)

for some a > 1. In this case the assumptions of Theorem 1.19 are satisfied. O

3.1.2 Proof of theorem for coin tossing systems

Theorem 1.19 follows from Theorem 1.18. To see this, in case of the coin tossing
system, at every finite level with small but strictly positive probability all cylinders
are retained, and the random system looks like the deterministic up to the fixed
finite level. Therefore, the first assumption of 1.19 implies the first assumption of
1.18. Similarly, the second assumption is satisfied since By is element-wise greater
or equal to My for all § € [L].
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3.1.3 Numerical estimations of the lower bound

This section presents a practical equivalence to numerically estimate a lower bound
on the probability required for the random attractor to almost surely contain an
interval, conditioned on non-extinction.

Proof of a practical equivalence

For the calculations using the program Wolfram Mathematica, we used the following
variant of the second condition of Theorem 1.19.

Definition 3.6 (Condition 2*). There exists a v’ > 1 and a level S’ such that for
all @ € [L]] there exists a non-negative, || x || matrix Ay with all row sums
greater than 7' (i.e. for all i € [[U[] D40y Ao(is k) > 7' > 1). Assume that for this
Ay,

UMy > AU, (3.15)

where U is the [U| x N matrix having row vectors u! for i =1,...,m.

Lemma 3.7. Condition 2 and Condition 2* are equivalent (the parameters v and
S might differ).

Proof of Lemma 3.7. It is easy to see that Condition 2* implies Condition 2, since
assuming condition 2* the matrix Ay has exactly one positive element in each row.

Condition 2* can be rephrased in the following way: Suppose that there exists
a level S such that for all § € [L]3" there exists a non-negative [U| x [U| matrix A,y
such that every row of Ay contains exactly one element which element is greater
than . To prove that 2 implies 2%, choose S so that 7" /[U| > . Then, since the
smallest column sum of a product of matrices is greater than the product of the
smallest column sums (see Fact 2.17), for any 6 = 3, ... 8 € [L]5"5:

UMy > AﬁlUMﬁ2 .. 'Mﬁs > A§1 e AﬁsU' (3.16)

Since all row sums of Ay are greater than 7' it follows that the product has all
row sums greater than +® from which it follows that each row has at least one
element which is greater than 7/%/|U| > « by the choice of S’. This proves 2*, as
required. O]
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Chapter 4

Dimension theory of substitution
IF'Ss with overlaps

4.1 Dimension theory of random self-similar sets

We begin this chapter with a brief historical overview of the dimension theory of
certain statistically self-similar sets. Our starting point is the dimension formula for
boundaries of Galton-Watson trees, established by Hawkes in 1981 [24]. His result
can also be used to determine the dimension of certain statistically self-similar sets
obtained by projecting the Galton-Watson tree to the attractor of a self-similar
IF'S, as described in Section 1.4. In order for this result to be applicable, the IFS
has to be homogeneous and has to satisfy a relatively strong separation condition.
From the perspective of this thesis, the most important family of IFSs that satisfy
these is the one defining a d-dimensional carpet. Let Z denote the offspring random
variable of the Galton-Watson tree. Then for a random carpet with contraction
1/L,

log(E[Z])

log(L)

almost surely conditioned on non-extinction. We note that the dimension formula
follows from the formula in more general constructions, such as the ones appearing
in the work of Falconer [14] or of Mauldin and Williams [38]. For an exposition,
see |31, Chapter 15].

In [9, 15], the authors further permit exact overlaps in the first level cylinders
of the deterministic IFS. These IFSs can be viewed as projections of carpets onto
coordinate subspaces. The dimension formula is already much more complicated in
these cases.

Consider a d-dimensional carpet with contraction ratio 1/L, and let proj denote
the projection to the k-dimensional subspace spanned by the first k£ coordinate
vectors. The projected set is contained in UZL:kO_ ! D;, where each D; is a closed L-
adic cube in dimension k. The “expected column sums” are given by m; = E(#&}),
where & = {j € & : proj(S;([0,1]%)) = D;}, for i € {0,..., L* — 1}.

For simplicity, we assume that £ = 1 and m; > 0 for all i € [L]y. In this case,
the formula for the almost sure dimension is given by

log(3F ! m!
inf 108(2ui0 ™) (4.2)
tef0,1]  log(L)

dim A = (4.1)

dimgy (proj (A)) =
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We assume that not all the m; are equal. In this case, the function ¢(t) =
Zle m is strictly convex and continuous. It has a unique minimum somewhere
in [—o0, 00]. If the minimum is attained in [—o00, 0], the dimension is the ambient
dimension (in this case 1). If it is attained in [1, 00|, the almost sure dimension
is the dimension of the original set. Otherwise, the minimum is strictly less than
®(1); hence the dimension drops.

In this section, we will show that an analogous statement holds for random-
ized integer self-similar IF'Ss (see Section 1.3.1) as well. The matrix analogue of
log(31% , m}) is given by the pressure function, introduced in (1.21) in Section 1.8.2,

4.2 Preliminaries

Let Z be the offspring random variable of the underlying Galton-Watson tree. In
what follows, the quantity

log(E[Z])

dln’lg(A) = log(L)

(4.3)

is called the expected similarity dimension or the similarity dimension of the random
system. We recall the definition of the pressure function.

Definition 4.1. Let My, ..., M _; be non-negative allowable matrices that form

a strictly positive product. Then the pressure function corresponding to M =
{Mo, . ,MLfl} is

1
P(t) = lim — tl.
(1) = lim —log | ) |My]

belLlg

Throughout this section, we use the metric d(i,i) = 0 and d(i,j) = L~ for
i # j on the symbolic space X", Here |i A j| is the length of the common prefix
of i and j, i.e. the largest n > 0 such that i, = j, for all £ < n. The relevant
properties of the pressure function P(t) are collected by Barany and Rams in [2],
and were originally proven by Feng in [19] and Feng and Lau in [20].

Lemma 4.2. The key properties for us are the following:
o The limit exists for all t.
e The pressure function is convex.
e The pressure function is continuously differentiable for all t > 0.

Remark 4.3. Note that in [2] the pressure function is normalized by dividing by
the constant log(L). We omit this normalization.

Another important quantity is the Lyapunov exponent with respect to the
uniform measure on [L]}). Recall that the Lyapunov exponent is defined as

o1 1
A= nh_{{)log Z Tn log ([ Ma||).
6elLly

In [2], it is further proved that lim, o, P'(t) = A; we reproduce the proof in
Lemma 4.5. Throughout this section, we will require the following key lemma
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which was originally proved in [20] by Feng and Lau. The lemma appeared in a
similar form in [2] without proof. For the convenience of the reader, we present the
proof in Appendix 6.4.

Lemma 4.4 (Lemma 4.5 in [|2]). For every t > 0, there is a unique ergodic, left-
shift-invariant Gibbs measure p1; on Lo with the following properties: There exists
a C > 0 such that for any @ = (0,0,,...) € LFo n e N:

| i (10],])
O S M Fexp(—nP@) < & (44

dimy ;= _tpigg)(gp(t), (4.5)

and

i log [ My, ||
m —————

n—0o0 n

= P'(t) for ju-almost every @ € Lt (4.6)

The value appearing in (4.6), that is, the p;-almost sure value of

L log(IMy, )
m —

n—0o0 n

is denoted by () and is called the Lyapunov exponent with respect to the ergodic
measure [i.

Lemma 4.5 (Barany—Rams, proof of Lemma 4.9). The pressure satisfies lim;_,o P'(t) =
A

Proof. 1. limy_,o; P'(t) < A: From the construction of y; (see Appendix 6.4) we
know that p; converges weakly to the uniform measure on [L]}). From this,
it follows that for any fixed . > 0

. / T . ]-

Jim P'(t) = Jim inf — > u(6) log [ My
oelLly

1

L a8 log Iy

oe[L]}

N
E.
I

Since this holds for all 7 € N, it also holds in the limit as 7 — co. This proves
the upper bound.

2. limy_,o4 P'(t) = A\: This follows from the fact that
log (||VL —tA + P(t
dimy {0 € wio . lim M =\ = inf ;() _
n—00 n teR 10g(L)
For (1/L,...,1/L)N-almost every 8 e X[Flo

- Tog(IM, )
m ————

n—0o0 n

=\
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By the mass distribution principle,

n—ao0 n

1 M
dimy {0 e Rl im Log([ Mo, ) = )\} > 1. (4.7)

Therefore, log(L) < (—tA + P(t)) for all t € R. It is easy to see that
P(0) =log(L), so P(0) = P(t) — tP'(t) by the convexity of P(t). Combining
these two inequalities gives the desired result.

O]

Another important value (other than \) is n := P’(1). From convexity and the
above lemma, it follows that A < 7, and therefore we have the following “phases”

(PH1) A > 0 in which case the random attractor has positive Lebesgue measure,
consequently, its dimension equals 1,

PH2) A=0and n >0,
PH3) A=0and n =0,

PH5

)
)

PH4) XA <0 and n > 0,
) A<0andn=0,
)

PH6) A <0 and n <0.

4.3 Meaning and implications of Theorem 1.23

In the case where A > 0, the infimum is attained at ¢t = 0. In this case, the
dimension is the ambient dimension. If n < 0, the infimum is attained at ¢t = 1,
hence the dimension is P(1)/log(L) = log (3},cy Pn - #h) /log(L), which is the
expected similarity dimension of the IFS. In phase (PH4), the dimension of the
random attractor drops from the expected similarity dimension, since P'(1) > 0
implies that there exists a ¢t € (0,1) such that P(¢) < P(1). Heuristically, the only
way for the dimension to be the ambient dimension, while the Lebesgue measure
of the random attractor is zero, is when A = 0. For coin tossing systems, A = 0
implies that the Lebesgue measure is zero. This is made precise in the following
lemma. In fact, it is known that this can only happen for a single value of the
parameter p.

Lemma 4.6. If the Lebesque measure of the random attractor is almost surely zero,
then A < 0. If A <0, the dimension is strictly smaller than the ambient dimension.
For coin tossing systems, Leb(A) = 0 holds if and only if A < 0.

Proof. The first part follows from Theorem 1.8. For the second part, if A < 0, the
infimum of P(t) cannot be attained at ¢t = 0 since lim; o4 P'(t) = A < 0. Therefore,
the infimum is attained at some ¢ € (0, 1], which implies that the dimension is
strictly smaller than the ambient dimension.

The final result concerning coin tossing systems follows from Condition 1.6
combined with Theorem 1.8. ]

71



Figure 4.1: Some forms of spatial homogeneity

Remark 4.7 (Existence and non-existence of the different phases for coin-tossing
models). We begin with the non-existence of certain phase transitions in case of the
coin tossing models. The key components are the N x N matrices By,...,By_3
which describe the deterministic IFS (consisting of M maps with contraction ratio
1/L), along with the probability parameter p. If a certain spatial homogeneity
is present (see, for example, Figure 4.1 for three examples including Mandelbrot
percolation), it can happen that all column sums equal some K. Consequently,
every column sum of every n-fold products is K™, so the pressure function is given
by the formula

1
P(t) = tlog(p) + lim —log | > |Bg|" | = log(L) + tlog(Kp),
0e[L]

which is a straight line. The derivatives A and 7 are both greater than 0 (phase (PH1))
if log(K'p) > 0, or equal to 0 (phase (PH3)) if log(Kp) = 0, or less than 0 if
log(Kp) < 0. These conditions are equivalent to having similarity dimension
log(Mp)/log(L) greater than, or equal to, or less than 1, respectively. This follows
since the number of maps is M = K - L. To summarize, as p increases from 1/M
to 1, the model goes through phases (PH6), (PH3), and (PHI).

Next, we recall certain conditions proven by Barany and Rams in [2] that
guarantee that the pressure is not a straight line. Assume that the IFS in question
is a projection of a two dimension carpet, satisfying the inhomogeneity assumption
that L does not divide M, and the deterministic attractor is an interval. Then
the pressure function P(t) corresponding to the matrices By, ..., By _; satisfies
the following properties: 0 < A = lim, o, P'(t) < P'(1) =/ < log(M) and
P'(1) > log(M/L). In this case, phase (PH3) is not possible.
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1. if p> exp(—X), we are in phase (PH1), (and in (PH2) in case of equality),
and

~

2. if exp(—7) < p < exp(—A) we are in phase (PH2), (PH4) or (PH5) depending
on the strictness of the inequalities, and

3. if exp(—7) > p, then we are in phase (PH6).

We can choose p such that firstly p < L/M (such that dimg(A) < 1), and simul-
taneously satisfying exp(—7) < p < exp(—\), in which case dimpg A < dimg A.

Remark 4.8 (Heuristic explanation of the phases). By [19, Theorem 1.1], for « > 0

dimy {0 e [L]y : lim log(IMo), ) _ a} = inf {M} (4.8)

n—w n teR log(L)

The first phase occurs when lim;_,o P'(t) = A > 0. It follows from convexity of

P(t) that for A and for all ¢ the inequality {_fg‘g(f)(t)} > 1 holds. Hence, there is a

1-dimensional set of points inside the deterministic attractor where, in expectation,
the corresponding fibers intersect exponentially many cylinders (that is, the number
of cylinders grows exponentially with exponent A > 0 in expectation).

If A < 0but n > 0, then inf,er P(t) = infiejo1) P(t). We are interested in

dimg{f € [L]5 : lim, w > 0}. This is the dimension of the set of points
(on the line, inside the deterministic attractor), where the corresponding fibers

intersect exponentially many cylinders, with some positive exponent. For any
P(1)>e>0:

. . log(| My, ) : —te + P(t) o P(t)—e
N, nll) =
dimy, {0 € [Lo - nl—>1moo n c 1315 log(L) > tel[%,fl] log(L)

Thus, the dimension of the set of points where the corresponding fibers intersect
exponentially many cylinders with some positive exponent is greater than or equal
to infyeo1] P(t). The dimension of the set of “large fibers” is lower bounded by
infye[0,17 P(t), which gives a heuristic for the lower bound of the dimension.

In phase (PHG), where n < 0, the global infimum of P is attained outside the
interval [0, 1]. According to the dimension formula (1.23) of Theorem 1.23, the
dimension of the random set is the similarity dimension. However, the dimension
of the set of points where the corresponding fibers intersect exponentially many
cylinders (in expectation) is strictly less than the similarity dimension.

4.4 Proof of Theorem 1.23

We start this section with two preliminary statements, which we will use in the
proofs.

Lemma 4.9 (|62, Theorem 3.5]). dimyg(A) = dimp(A) = dimp(A) almost surely.

We note that Lemma 4.9 was proven by Sascha Troscheit for more general
(graph directed) systems.

Lemma 4.10. dimyg(A) is constant almost surely conditioned on non-extinction.
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Proof. This follows from the fact that having zero s-dimensional Hausdorff measure
for any s is an inherited property (see Section 4.2). ]

We prove the upper and lower bounds separately. The proof has the same
structure and follows similar ideas as can be found in [9, 15]. The proof of the
upper bound is essentially a combination of the proofs for similar statements in
those two papers, with minor modifications to fit the matrix setting.

In [9, 15], three possible cases are identified for the proof of the lower bound.
(These cases correspond to the phases defined in the end of Section 4.2.) Let
to € [—00, 0] denote the unique point where ¢(t) = ZZ'L:1 m! attains its infimum.
Based on this, the three cases depend on the value of ¢(: either ty < 0, or o € [0, 1],
or tg > 1. In [9], these three cases are shown to be equivalent to a certain
branching process in a random environment being supercritical, subcritical, or
strongly subcritical, respectively. Let Z,, denote the branching process in a random
environment. In the supercritical case, P(Z,, > 0) — 1—¢, and in the subcritical and
strongly subcritical cases, P(Z, > 0) — 0. For the latter, the crucial factor, from
the perspective of the dimension of the set, is the exponential rate of convergence
to 0. In the strongly subcritical case, the convergence rate is E(Z;), whereas in the
subcritical case, the rate is strictly smaller. The dimension is given by the rate of
convergence in the subcritical and strongly subcritical cases; this is discussed in [§].

Heuristically, in the supercritical and subcritical regimes, the dimension is dom-
inated by environments with large expectations (recall Section 1.7), corresponding
to ’surviving slices.” (We mention that in these regimes the dimension of the set is
strictly smaller than the similarity dimension.)

In the strongly subcritical case, however, such favorable environments are too
sparse. Instead, the dimension is driven by environments with small expectations.
Although these individual slices are expected to die out, their vast multiplicity
ensures that with positive probability, a uniform ratio of them survives, aligning
with the overall expectation. (The dimension agrees with the similarity dimension.)
Falconer gives more compact arguments in the proof in [15]|, which is more focused
only on geometry. In the super- and subcritical cases the proof of survival of “large”
columns is done with large deviations theory and the law of large numbers, and
for the strongly subcritical case, similarly, the rate of convergence of P(Z,, > 0) is
studied.

In the complicated overlap case, studied in this dissertation, one must consider
multitype branching processes in random environments rather than single-type
ones. This causes technical difficulties when trying to replicate such proofs entirely,
especially in the strongly subcritical case. Generally speaking, we will follow the
structure of the proofs appearing in [9, 15|, but we will of course deviate from them
when necessary.

4.4.1 Proof of the upper bound

For the upper bound, we count the number of level-n L-adic cubes required to
cover the retained level-n cylinders.

Throughout this section, we condition on the event of non-extinction of the
process #&,. Let Y = (Yp, Y1, ...) be a sequence of random variables counting the
level-n L-adic intervals intersecting A,,, which is the n-th level approximation of
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the random set. Namely,

Yo=1
Y, = #{ua € [N]; x [L]g : Jg(“) N A, # I}

With this notation,
log(Yy,)

di A) <1 : 4.9
imp(A) < limsup o (L) (4.9)

The proof has two main structural parts:

log(Y,, log(E[Y,, . log(E[Y,
n—>00 n n n n— n
where the inequality holds almost surely, and
log(E|Y,,
tim S EXD e py. (4.11)
n—0 n te[0,1]

We will see that the equality of (4.10) is a consequence of Fekete’s Superadditive
Lemma. The inequality of 4.10 will follow using Markov’s inequality and the Borel-
Cantelli Lemma.

Proof of equation (4.10)

Let us recall Fekete’s lemma on the limit of a superadditive sequence.

Lemma 4.11 (Fekete’s lemma). If (b,)%_, is a superadditive sequence (i.e. by ym =
by, + by, for all n,m e N), then
. bn . . n bn
lim — exists, and lim — = sup —. (4.12)
n—o M n—o n n N
Taking logarithms and applying Fekete’s lemma to the sequence b, = log (a,) —
log(k), we obtain the following corollary.

Corollary 4.12. Consider a strictly positive sequence (a,)s_,. Assume that there
exists a k such that for all n and m, ayqm = “*=. Then the limit lim %log(an)
n—o0

exists and lim < log(a,) = sup, +log(a,).
n—0o0

Definition 4.13 (Quasi supermultiplicative sequence). If (a,)?_, is a sequence as
in Corollary 4.12, then we call (a,)¥_, quasi-supermultiplicative.

Since we conditioned on non-extinction of #&,,, Y,, > 0 almost surely, and
E(Y,) > 0 for each n.

Lemma 4.14. There exists a A such that

lim llog(]]:'ﬂ[Yn]) =\ (4.13)

n—oo N

and |
A = sup - log(E[Y,])-

n
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Proof. In light of Corollary 4.12, it suffices to prove that the sequence E(Y},) is
quasi-supermultiplicative: namely that there exists a constant C' such that for
every n,m > (

E(Yo)E(Yon)

E(Y, =
(Yarm) = =

Assume that we are at level n. The n-th approximation of the set intersects Y,
L-adic intervals. Denote these intervals by K, ..., Ky, . It is clear that Y,, # #&,
(recall that &, is the index set of retained level-n maps). For each of the intervals
K, we can find at least one i € &, such that K; < f;(I). If i € £, then f;(I) will
intersect exactly IV level-n L-adic intervals, and therefore the intersecting cylinders
can occupy only N + 2(N — 1) < 3N intervals of K, ..., Ky, . Therefore, we may

choose a subset &, £, with at least |32 | elements such that f;(I) n f;(I) = &
for all 4,7 € 8~n Stepping forward to level n + m, for each i € ENn, we obtain jointly
independent processes {Y,f} ren. Bach Y,f has the same distribution as the original

process {Y}.},. Since gn contains disjoint level-n cylinders, for any m > 0
d i
Yn+m = 2 Yrﬁa
g’efn

where Y;! are random variables that are independent of each other and also from
Y,, and distributed according to Y,,. Since #&, > [%J, there exists a C' such that

E(Vuom) > EGE)E(V,) > SE(VIE(Y,,).

This finishes the proof of the quasi-supermultiplicativity of the sequence E(Y,). O

Lemma 4.15. Almost surely,

1
limsup —log(Y,,) < \.

n—ow N

The proof of Lemma 4.15 is the first part of the argument of |9, Theorem 1|;
we include it for completeness.

Proof. From \ = sup,, + log(E[Y,,]), it follows that log(E[Y,]) < n for all n. Let
<

e > 0. By Markov’s inequality, P(log(Y,) = n(A +¢)) < % < e . Since e

is summable for any £ > 0, it follows from the Borel-Cantelli lemma that

1
P <lim sup —log(Y;,) < /\) =1
n

n—o0

as claimed. O

Second part: Equation (4.11)

We now turn to the part where we only consider the expectation E(Y},). The proof
in this section essentially follows [15], with minor adaptations to the matrix setting.
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Lemma 4.16. We have

log(E|Y,, ) :
lim sup log(E[Ys]) < inf P(t) = inf P(t).
n n te(0,1) te[0,1]
Proof. The final equality follows by continuity of P(¢). It remains to prove the
first inequality. We will prove that for all € > 0 there exists an Ny such that for all
n > No,

log(E[Y,
08BN _ e pry e (4.14)
n te(0,1)

From (4.14), the assertion follows. Recall that for § € [L]§ and w,v € {1,..., N},
AR (0)(v) denotes the number of type-v intervals contained in the L~" interval
coded by 6 inside the basic interval J®. Fix 0 < ¢ < 1, such that f(z) = z* is
a concave function. Then the generalized Markov’s inequality (with the function
f(z)), Jensen’s inequality, and finally the concavity of f(z) yields

&

N

E(Yn):E(Z 2 ]122“> ) Z 3 BZ0©)(v) > 1)
v=1ge[L L]p uv= 1
N N
< Z Z E(Z{"(0)(v)") < > EZM(0)(w) = > My(u,v)f
guv 1 Oe[L]f u,v=1 Oe[L]n u,v=1
< W DIy
0e[L]y
This completes the proof. n

4.4.2 Proof of the lower bound

We now proceed with the lower bound: namely, that

| .. P
A) > inf '
dimg (A) tel[%,l] log(L)

We consider four separate cases, and the proof differs in each of these cases.

1. Phase (PH1): A > 0. When the system is in Phase (PH1), the infimum of the
pressure function P(¢) in the interval [0, 1] is attained at 0. Since P(0) = 1,
to verify the statement we need to show that the almost sure dimension of
the random attractor is one. This is the case, because by the definition of
Phase (PH1), the Lyapunov exponent A is positive. By Theorem 1.8, this
implies that the Lebesgue measure of the random attractor is positive, so the
assertion holds.

2. When the model is in Phase (PH2), (PH4) or (PH5), A < 0 and n = 0, but
A and 7 are not simultaneously zero. In this situation, the infimum of P(t)
is attained in the interval [0,1]. By continuity of P’'(t) (see Lemma 4.2),
for each € > 0 we can choose t* € (0, 1) such that 0 < P'(t*) < . For this
choice of t*, there exists a unique Gibbs measure p;+ as in Lemma 4.4. The
Lyapunov exponent A(u) corresponding to this ergodic measure is strictly
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positive by Lemma 4.4 (4.6) since we chose t* such that 0 < P’(¢*). Hence,
using the statement and notation from Theorem 1.8, fi;«(A) > 0 almost surely
on non-extinction. Recall that fig+ is the sum of the measures projected to the
basic intervals J@, i = 1,..., N by the L-adic coding maps, and therefore
the Hausdorff dimension of the measure is unchanged upon projection. It
follows that

dimg(A) = dimg () = dimg (pe«) = —t*P'(t*) + P(t*) = —t*e + P(t¥)

=
> —c+ P(t*) > —e + inf P(t%).
t*€[0,1]

. Phase (PH3): A =1 = 0. The main technique is to perturb the model, which
modifies its phase from Phase (PH3) to (PHG6). The proof for Phase (PHG6) is
quite intricate, hence it is deferred to Section 4.4.2. We perturb the vector
(Ph)neiar), and denote it by D = (pn),e- If pg > 0, then H = H; otherwise

H=HuU {&}. The original system does not die out if ), _, pr#h > 1, so
we may choose € such that (1 —¢)>, _, pp#h > 1.

We perturb the probability vector in the following way: for h € H \{T}:
Dn = pr(l —¢) and Py = € + py(1l — ). In this way D is a probability
vector and the expectation matrices corresponding to this distribution satisfy
Mgl = (1 — )™ My|, for all § € [L];. Hence, the corresponding pressure is
P(t) = P(t) + tlog(1 —¢).

The pressure corresponding to this perturbed model satisfies
P'(t) = P'(t) + log(1 — &),

which implies that the perturbed model is in Phase (PH6). Then the infimum
over the interval [0, 1] is attained at 1, where P(1) = P(1) + log(1 — ¢).

We can define a simple coupling between the probability space of the perturbed
process and the original as follows. First, define the random variable U which
is uniform on [0,1). We fix an ordering on H = {hy,...,hs}. Define the
intervals Iy, = [X;_; Phis Do Py + Pn;). There is exactly one j such that
U € I,;. Let X, and X, be random variables, defined as functions of U.
For U € Ip; we set X, = h;. For the perturbed variable we set X, = h; if

% < 1 — € and otherwise X, = J. In this way X, and X, are the
j

coupled versions of p and p, respectively. This is depicted in Figure 4.2.

We construct the labelled Galton-Watson trees 7, and 7, with offspring
distribution given by X, and X, respectively. Note that with positive
probability the perturbed tree 7, survives since >, _,; Dp#h > 1. Clearly
To(w) < To(w) for all w, and therefore dimy(7(07,(w))) < dimp(7(07,(w)))

for all realizations.

In this way, assuming that the dimension formula is proved for phase (PH6),
it follows that

| _ . Py P(t)+tlog(1—¢)
dimg (v(07,(w))) = inf oo =t =
. P(t) +1log(1—¢)
Z tel[%,fl] 108;(L)
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Figure 4.2: Depiction of the coupling between the original and the perturbed
distribution. The value of X, depends only on which interval U is in, this is shown
in the interval denoted by “O”. The value of X, further depends on whether U is in
an orange interval on the part denoted by “P”, in which case its value is (.

4. Phase (PHG) is considered in a separate section because it consists of multiple
steps.

Proof of the lower bound, when the model is in Phase (PH6)

We start by sketching the steps of the proof.

The fundamental idea hidden behind the technical proof is a standard heuristic:
finding a subset with the same dimension as the original set, but with zero-
dimensional slices ensures that the projection does not decrease the dimension. First,
we subdivide the level-n L-adic intervals intersecting the level-n approximation into
“small” and “big” parts. The small parts are the level-n L-adic intervals which in
expectation do not intersect many cylinders. Lemma 4.17 states that the expected
number of cylinders intersecting the small parts grows at the same exponential
rate as the expected number of all cylinders. Using large deviations theory, we
show that each of the level-n L-adic interval in the small part does not intersect
an exponential number of cylinders (see Lemma 4.22). Combining the fact that
the number of retained cylinders intersecting the small part grows at the same
exponential rate as the total number of cylinders with the observation that each
individual interval in the small part intersects only a small number of cylinders, we
obtain the desired assertion.

The approach is inspired by [49] where, as an auxiliary lemma, the authors
prove in the setting of homogeneous Mandelbrot percolation that if the similarity
dimension is less than one, then along all slices the number of cylinders intersecting
the slices grows at most at a polynomial rate. The idea of looking at a subprocess
to calculate the dimension is inspired by [7]. We believe that we could instead use
the recent result in [56] analogously.

We will prove for all ¢ > 0 that

1Og(th[M]1 pn - #h) B
log(L)

Note that P’(1) < 0, which ensures that the infimum of P(¢) on the interval [0, 1]
is attained at ¢ = 1. Also note that P(1) = log <th[M]1 Ph - #h).
We begin by defining a subdivision of [L]f:
Sui= {0 LI+ IMy] < 1}, and
By = [L]g\Sn = {€ € [L]g = [Mg] = 1}.
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Further, we consider the n-th approximation of the pressure function:
1
Pu(t) = —log( > IMg[")
o[y

Finally, two important quantities are

so:zth'#h>1, and

Lemma 4.17. There exist 60 € (0,1) and Ny such that for all n = Ny,
Z Myl = s (1 —dg/N).
965’n
In particular, for all e > 0 there exists an Ny such that for all n = Ny,
log(& Yyes, IMy)
nlog(L)
Proof. We begin with three preliminary observations:

1. There exist t > 1,£ > 0, and Ny such that P(1) — & > P,(¢) for all n > Nj.

2. P(1) = log(Xpca Pr - #h) + lim, logle) = log(s).

3. Dgen, IMo| < (soe™%)" for all n = No.

The first part follows from a simple calculation. The second part follows from
the definition of My(u,v). Namely, ZQG[L](; |Mp| is simply N times the expected

= S —£&p. (415)

number of retained cylinders at level n. From this the expression for P(1) follows.
For the third part, observe that for every n > Ny:

—1og(ZM9) —IOgZHMGH P,(f) < P(1) - €.

6eB,, 0eB,,

The first inequality follows from the definition of B,,, namely that |[My|| > 1 for all
0 € B,,. The second follows from B,, < [L]j and the third from the first observation.
Therefore, by the second observation

D IMy| < (so-e79)",
0eBy,

for all n > N,.
For ¢ satisfying the assumptions in observation 1. fix &y :== e~ € (0,1). It
follows that

~ Z Mg = D, IMgll = > M| | = 5 (1—65/N).

965 Oe[L]} 0By,
Choose Ny = Ny such that
log(1 — d5/N)

nlog(L) oo
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Recall from Section 1.4 that we defined labelled Galton-Watson trees. Namely,
we chose a distribution in advance on the set P([M];); we call this offspring distribu-
tion. Then we considered the M-ary tree and on each of its nodes, independently of
each other chose a vector according to this distribution indicating which children to
retain and which to discard. Eventually survival of a node was defined inductively:
The root survived, and a level-n node survived if its parent survived and the vector
assigned to the parent indicated so. The set of level-n surviving nodes is an index
set for the retained level-n cylinders. We denote this index set by &,.

We fix a distribution on P([M]1): p = (pr)nc[ar),- Assume that

D pn#th > 1, (4.16)

heH

guaranteeing that the labelled Galton—Watson tree generated with this offspring
distribution is non-empty with positive probability.

Definition 4.18 (Modified trees). 1. Fix a (deterministic) set D < [M];. We
consider the restricted subtree Tp of the random tree 7. For each w € ) and
realization 7 (w) let Tp(w) be the subtree with root ¢ and vertices from D*.
Namely, for all n e N and i € 7,, i € (Tp), if and only if i € D™. The edge
set is unchanged between retained vertices.

2. The K-step tree T is constructed by sampling the original tree 7 at
intervals of height K. The n-th level of this tree, denoted by ’R(K), is given

by:
TE) = T, (4.17)
The edge set is given by
EY) = {(i,ij) i e T, ij e T}, (4.18)

We can restrict the distribution p to deterministic subsets in the following way:

fix D < P([M]), and we define p | = (Pn)nc(ar), where

Ph = Z Prlgnp=ny (k). (4.19)

kC[M]l
For a distribution p, let e(p) = X, (ar, Pr#D.

Lemma 4.19 (Basic facts about labelled Galton-Watson trees). Assume T is a
labelled Galton—Watson tree with offspring distribution p = (pn)ne(ar),- Then the
following hold:

1. Fiz a deterministic set D < [M];. The restricted tree Tp is a labelled
Galton—Watson tree with offspring distribution P, = (Dh)he[m],» defined in
(4.19). The boundary of this tree is non-empty with positive probability if and
only if e(p,,) > 1.

2. For a fived K € N, the K-step tree T is also a branching tree with offspring
distribution equal to the law of Ex on [M|X. The boundary is non-empty
with positive probability if and only if the boundary of the original tree is
non-empty with positive probability.
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3. Assume that T is equipped with the metric d(i, j) = Pl for some p e (0,1).
The Hausdorff dimension of its boundary 0T equals —log(e(p))/log(p) almost
surely conditioned on non-extinction.

Proof. The first two statements follow simply from the analogous properties of the
original tree. For the proof of the third statement see [24]. O

For £/3 we fix N; satisfying (4.15). For the rest of the proof, we fix K such that
e K > Ny, and hence log(1/N > y.q. [|Mgl))/(K log(L)) = s — ¢/3, and
o 1/N D es, |[Mg| > 1 (which is possible, since sp > 1).
We consider the set Dx = [M]¥ defined as
D = {ie [M]¥: 30 € Sk, u,ve [N]y s.t. S;(J@) = J§V}.

This set contains those K-compositions of the functions of the IFS such that the
fibers, in expectation, intersect only a small number of cylinders.
With the notation of Definition 4.18 we consider the tree

~

T = (T")p,.

Let gn denote the level-n nodes of the tree 7. Further, on the boundary (37~', we
define the metric d(i,j) = L=l where [i A j| is the length of the longest common
prefix of i # j, and d(i,i) = 0. We collect the properties of 7 in the following
corollary of Lemma 4.19.

Corollary 4.20 (Properties of %) The tree T is a labelled Galton—Watson tree,
satisfying the following properties.

1. Let ]_?(K) = (pgK))gC[M]f be the distribution of Ex. The offspring distribution

of T is = (Pn)ncianx

=D, p (4.20)
gc[M]fF
gnDg=h

on the set P([M]¥), and
2. 6(?) = 1/N ZQESK HMQH7 hence
3. with positive probability oT # & and

4. with respect to the metric d, dimH(ﬁ%) > s — gg almost surely conditioned on
non-extinction.
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Proof. The proof follows from Lemma 4.19, considering that

e(p) = Z #hph = Y, #h Z 9)1{Dy n g = h}

hcDg gc[M 1
= Z Z Z P(Ex =g)l{ie h,Dx ng=h}= ZZ]P’(ZEEK)
hcDg ze[M] gc[M hcDg ieh
= > 1{Ie SK :Jv,ue [Ny Si(J™) = I3} P(ie &)

ie[M]K
>N DY Y {S,(JW) = IV} Plie Ex)

eSSk v uE[N]l 1E[M]1

= 1/N Y M.

0eSk
Since we choose K such that 1/N > s [Mp| > 1, we are done. O

Similarly to the revious sections, in the following proofs we will focus on the
L-adic intervals Je , for some u € [N]l, n € Nand 6 € [L]j. For a fixed n € N,
0 e [L]? and u € [N]; we consider the random variables

ZW(0)(v) = {ie & : Si(J) = I3}, (4.21)

forming the vectors Z((8) = (Z5"()(v))uern),- For 8 = (6, ...,8,), 6; € [L]K
we define Z;u) (B) corresponding to &, analogously. We remark that for 8 € S

the vector random variables Z. S})((é) and Zfzu) (B) agree. In what follows, we fix a
realization w € €.

Lemma 4.21. Assume that for 6 > 0, ¢ > 0 and Ny € N, for every m > Ny, for
all B € S and u,v € [N],

Z(B) () (w) < e L™,

m

Then N N
dimy (07 (w)) < dimyg(7(0T (w))) + 26,

where w is the natural projection corresponding to the deterministic IFS S.

We defer the proof to the end of this section.
For the fixed parameters 0 > 0 and o > 0 we define a comparison function. Its

arguments are d € N, ne N, § € [L]§, and u,v € [N];, and it is given by

d- My(u,v) (1+a), d=L",

d,n,0,u,v) = N
o(d,n,6,u,v) {dMK’ e
Recall that Mpy(u,v) is the expected number of type-v children produced by one
type u individual in the environment §. The number of functions is M, and M*X
is a fixed uniform upper bound for the number of individuals given birth by any
individual. Hence, to summarize, the function ¢ defines the threshold for typical
growth: for large populations, we bound the count by the expectation (with a
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small error margin), while for small populations, we fall back on the worst-case
deterministic bound d - MX.
We will consider the bad event:

—{38= (81, .. B) € Sk, Fuve [Ny
Z9(8) 2 28 e Bl ) ()., B, w0, 0)

In what follows, when the arguments of Z are clear from the context we will omit
them. We defer the proof of the following two lemmas to the end of this section.

Lemma 4.22. For 0 >0 and o > 0 there exists € (0,1) such that for n € N:

Lemma 4.23. Fiz 6 > 0. There exists an event 25 with P(Qs) > 0, such that for
w € Qg.‘

1. 0T (w) # &.

2. There exist constants C' > 0, and No(w) such that for m > Ny for every
B e SE and every u,v € [N]i,

20 () (v)(w) < C - L™. (4.22)

To summarize: Recall that 7: M R is the natural projection corresponding
to the IFS S. From T (w) < T (w), it follows that for any w € €,

dimy (7(T (w))) < dimp (7(T(w))). (4.23)

Combining Lemma 4.23 and Lemma 4.21 with the choice § = /3 there exists (s,
with P(£25) > 0, such that for all w € Qs,

dimy (07 (w)) < dimy(7(2T (w))) + 2¢/3.
From Lemma 4.20,
dimy (07 (w)) = s — £/3.

Combining these with Lemma 4.10 gives the desired result regarding the dimension
formula in phase (PHG6). This concludes the proofs of this chapter.

Proofs of Lemmas 4.21-4.23

Proof of Lemma 4.21. Let t := dimy(7(07 (w))). There exists a constant C' such
that for each m we can find a net-cover {I;};cz of L¥-mesh intervals such that

|I;] < L~K™ for all i € Z and
DL < C

€L
We will pull this cover back to the symbolic space. We define ¢(1;) such that I; has
diameter LX) For ecach L-adic interval I, let g(I) = {j € [M ]Ke( ) Jue [N]; :
S;(J™) = I}. 1t follows that
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U U &

i€T keg(I)

is a L~K™ cover of 0T (), hence the total cost of this cover is:

Z Z |t+2(5 Z#g L—KE(I,-)(t+25) < ZC . LKZ(Ii)(S . L—Kﬁ(li)(t—&—%)

1€ keg(I;) i€Z i€l
_ Z LK( (I;)6 . L~ K(I;)(t+20) Z |I |t+5
1€l 1€l

Proof of Lemma 4.22. By the union bound,

<X 2 P(ZRBE > Ye0),

BeSE% u,ve[N]1 w

Fix B € Sk and u,v € [N];. We can write Z( )(ﬁ)(v) as a sum of independent
contributions coming from members of generation (n — 1)K:

Z5(B)(v) £ Z ZY By, v),

N]; j=1

where D,, = Z((;LLZI)K(é> (w) and for fixed S, w, v the random variables Y;(8,, w, v)

are i.i.d. with the same distribution as Z&U)(ﬁn, v) (hence with mean Mg, (w,v)).
Here we use the offspring independence and identical distribution assumption
at each parent. In what follows, we write Z,x(5)(v) = Zq(jg(ﬁ)('v), since the
dependence on u will not have any effect. In this way B

B(Zux()0) > 500) =B( ) ZY B,0) > 2 0()

<% P(Zmﬁmw,v)w(-))-
we[N]y Jj=1

For a fixed w we use the law of total probability to consider the two separate cases
when D,, is big and when it is small, namely:

)
g

JONACIDELR)

<.
\ |

||
/\
ME

Yi(Bn,w,v) > ¢(-)| Dy < LTD° )JP(D < Ln=13)

<.
En
& —

4
!
~—

Y5 (B w,0) > 6()|Dyy > L0 )B(D,, > LO-17),

<.
Il
—

The first part is simply 0, because the number of maps is M, hence in K level
the number of children can not grow faster than M¥. For the second part we use
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large deviation theory for the independent sum. We omit the precise calculation,
but this gives:

Dy, . ~ i
P( Y Y;(Bnw,0) > 6()| Do = L) B(D,, = L) <y

Jj=1

for some 1 € (0,1) (depending only on the chosen « and the offspring law). Because

for a fixed o the possible offspring distributions run over only a finite set, we may

take a uniform 7 € (0, 1) with the property above for all triples (w, k, Bn).
Adding up everything indeed gives the desired result. B O]

Proof of Lemma /.23. Fix some 0 < ¢ < 8. Let m = maxges, |Mpg|. Since 0 € Sk
the matrices My have norm less than one, we can choose o small enough such that

(14 a)m < 1. We use Lemma 4.22 for o and 5. In cither way for some C' > 0

ZP LK>n77L(" 1)8 < 007

hence, by the Borel-Cantelli lemma P((, |, Fx) = 0, meaning that almost
surely only finitely many F;, occur.

In particular, there exists a subset Qpc = Q with P(Q2pc) = 1, such that
for all w € Qpc, there exists an Ny := Ny(w) such that for all n = Ny, for all

B=(Br,...,0n) € Sk, and v e [N];:

Z\%(5) 2 S(Z 1 (B (w)(w), 1, By w, ).

We choose N such that Ny > N, and further, for n > N; we have Ln=D0-9) <
L’ —m(1 + a). We choose C(w) = N - MNo): K. In this way, for all 5 € SR° and
type u,v € [N];

2 (B0)w) < OL,

Now we prove that the analogous statement (4.22) holds for all n. From the choice of

our variables, a simple calculation shows that for n > Ny and 8 = (81,...,8.) € Sk
Zy(B) Z (2L (B (W), 1, By w, 0)
U}E
. K nfl . (u)
<N-MELD L N My (w,0) - 20 (B)(w) (1 + @)
we[N]1

<N MELe-D3 4 oL=D3 (1 + @)
< CL(n—l (L(n—l)(5—5) +m- (1 —+ O{)) < CLn6

Since (lpc is a full probability set, the intersection with the set of those
realizations where the trimmed process survives remains positive. ]
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Chapter 5

Examples

5.0.1 Menger sponge

The Menger sponge is a canonical 3-dimensional grid aligned self-similar set. The
construction resembles the construction of the Sierpiniski carpet, defined in Section
5.4 (this is because similarly to the Sierpiriski carpet we remove middle squares), it
is sometimes called the 3-dimensional Sieprinski carpet. The generating IF'S is as
follows.

Let

D ={0,1,2}*\{(1,1,1),(1,1,0), (1,1,2), (1,0,1),(1,2,1),(0,1,1), (2,1,1)}. (5.1)

For each i € D, define the similarity

z+i. (5.2)

Example 5.1 (Menger sponge projected to the space diagonal of the unit cube).
The following example concerns the rescaled version of the orthogonal projection
of the Menger sponge to the space diagonal of the [0, 3]* cube.

1 20
{Si(x)=§x+ti} te(0,1,1,1,2,2,2,3,3,3,3,3,3,4,4,4,5,5,5,6).  (5.3)

i=1

In this system L = 3, N = 3, and the coding matrices are as follows:

Figure 5.1: Examples 5.1 and 5.5.
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Figure 5.2: 45-degree projection of the random right-angled Sierpinski carpet
(Example 5.2) and the 0-1-3 problem (Example 5.3)

S

Figure 5.3: The Menger sponge, up to the second level approximation.

Notice that the function systems contain 20 maps, hence the random attractor
is non-empty iff p > 1/20. The almost sure dimension of the randomized system is
logs(20p).

The smallest column sum is 6, hence for p > 1/6 the random attractor contains
an interval almost surely conditioned on non-extinction by Corollary 1.20. On the
other hand, the spectral radius p(Bg) = 6, hence for p < 1/6 the attractor does
not contain any intervals.

We only mention here that the paper [43] is concerned with the properties of
this projection. It contains arguments that are only applicable to this projection,
hence we do not repeat these arguments here. However, Figure 5.4 summarizes
the results from the paper [43]. We note that the positive result regarding the
Lebesgue measure follows from [43, Theorem 1.11]. The random Menger sponge
with parameter p is denoted by M, and its projection to the space diagonal is by

proj(1,1,1) Mp-

dimg(M,) < 1

a.s. Int(proj; 1.1y (Mp)) # 0 a.s.x
S e O = —mm e mmm s m oo
0.15 X <0.1514. .. 0.166. . . P
dim(M,) > 1 a.s.x Int(proj(; 1.1y (Mp)) = 0 as.
but but
dim(projq 1,1)(M,)) < 1 as. Leb; (proj(; 1.1y (Mp)) > 0 a.s.x

s=conditioned on non-extinction

Figure 5.4: The phase transitions of the random Menger sponge as we vary the
parameter p.
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0.6728 < py < 0.673

Leb(proj(A,) > 0
dim projA, = dim A;, a.s. | dim projA, < dim A, a.s. * Int(proj(A,) = 0 a.s. *

1/3 p1 2/3 p3=1
dimA, =1
P2
Leb(proj(A,) >0
Ul dim projA, = dim A, a.s. | dim projA, < dim A, a.s. * Int(proj(A,) = 0 a.s. *

Int(proj(A 0 a.s. x
2/3 (proj(A,) #
dimA, = 1 0.618 < ps < 0.7357

1/3

Figure 5.5: The phase transitions in case of Example 5.2 and 5.3 as we vary the
parameter p, inferred from the theorems appearing in the thesis.

5.0.2 Projections of the right-angled Sierpinski carpet

In this section we consider projections of the right-angled Sierpinski carpet, the
attractor (see Figure 5.6) of the following self-similar IFS in R?.

3

S = {Si(g) = %gﬂz} ;

1=0

where {t;}?_, is an enumeration of the set {0, %}2 \{(3,%)} . For the random system
we use the coin-tossing system. The right angle Sierpinski carpet as well as its
projections are non-empty iff p > 1/3, and its dimension is almost surely log,(3p)
(on non-extinction).

Example 5.2 (45-degree projection of the random right-angled Sierpinski car-
pet). Consider proj : R? — R, proj(z,y) = —z + y, the rescaled version of
the 45-degree projection. Then proj(G,) (see Figure 5.6) gives the IFS & =
{Si(x) = s +2(i — 1)}?21. In this case L = N = 2. The types are determined by
the basic intervals, J© :=[0,2] and JM) := [2,4]. The environments are identified
with @ = (0y,605,...) € {0,1}. The corresponding matrices are:

10 11
i R

Here we collect the applications of the main theorems to this example. The results
are depicted in Figure 5.5; those regarding dimension are not discussed explicitly
in the text.

e It follows from Application 1.10 that for p < 0.672 the Lebesgue measure of
the random attractor is almost surely 0, however for p > 0.673 the Lebesgue
measure is positive almost surely conditioned on non-extinction.

e It is clear that for p = 1 the random attractor (which agrees almost surely
with the deterministic attractor) has non-empty interior. Since both matrices
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Figure 5.6: The approximations of the (deterministic) right-angled Sierpiniski carpet
and the IFS corresponding to proj(G,).

have spectral radius 1 it follows that for p < 1 the interior is empty almost
surely. We mention that the same situation occurs if one considers the
coordinate projections.

e [t follows that there exists a parameter interval, where the interior is empty but
the Lebesgue measure is positive almost surely conditioned on non-extinction.

Example 5.3 (0-1-3, with contraction 1/2).
1

JO =10,2], JO = [2,4], J@ = [4,6].

10
Bo=|0 1
01

O = O

110
., B,=1|10 1
00 1

Here we collect the applications of the main theorems to this example. The results
are depicted in Figure 5.5; those regarding dimension are not discussed explicitly
in the text. A simple calculation using Remark 2.24 shows that Lemma 1.15 is
applicable, and the pressure is not a straight line by |2, Proof of Theorem 1.3|,
hence the interesting parameter interval exists. In Application 1.22 we proved that
for p > 0.7357 the interior of the random attractor is not empty almost surely
conditioned on non-extinction. This behavior is different from that of the 45-degree
and the axis projections.

5.1 Sierpinski carpet
The Sierpinski carpet is a grid aligned 2-dimensional self-similar set. Let
D ={0,1,2}*\{(1,1)}. (5.6)
Let t; € D, the i-th element of the set D according to the lexicographical order,

i=1,...,8.
fi: R? - R2, filz) = 32 + ;. (5.7)

The Sierpiniski carpet is the attractor of the IFS F = {f;}3_,.
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Example 5.4 (45-degree projection of the Sierpinski carpet.). The IFS corres-
ponding to the 45-degree projection of the Sierpinski carpet is

1
Sl(.iﬂ) = gl’ + ti, t; = 0, 1, 1, 2,2,3,3,4. (58)

The corresponding matrices are:

s [0 B[] 2] 59

For p > 1/8 the attractor is non-empty with positive probability. For p = 3/8 =
0.375 the similarity dimension is 1, for p > 0.384 by Application 1.9 we have that
Leb(A,) > 0 almost surely, conditioned on non-extinction. Further, for p > 1/2 the
random attractor contains an interval almost surely, conditioned on non-extinction
by Corollary 1.20. On the other hand, the spectral radius p(Bg) = 2, hence for
p < 1/2 the attractor does not contain any intervals.

5.1.1 Other examples
Example 5.5. Let
1
Si =3 tia
(x) 5% +
where t; = 0,1,2,4. Note that this IF'S is not a projection of a 2-dimensional

carpet. Consider the CISSIFS corresponding to this IFS. In this case N =4, L = 2
and the expectation matrices are

1000 1100
1110 01 1 1
Mo=p-11 g1 1|0 Mi=p2 |51 ¢ o
0010 0001

In Application 1.22 we estimate the probability p such that for all p > p, As,
contains an interval almost surely, conditioned on non-extinction.

We estimated the probability using Wolfram Mathematica. In case of this
example for

0= {(1,0,1,0),(0,1,0, 1)},

our estimation for the critical probability is p < 377~/ ~ 0.633607. Hence, from
Theorem 1.19 it follows that if we choose p > 377-/13_ the CISSIFS in Example
5.5 contains an interval almost surely, conditioned on non-extinction.
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Chapter 6

Appendix

6.1 Introduction to the theory of matrix products

In this section, we briefly summarize some fundamental results concerning matrix
cocycles. This summary is based primarily on Viana’s Lecture on Lyapunov
exponents [64]. Let (X, 0) denote the (one-sided) shift space over the finite alphabet
[L]o.

Let M(RR, N) be the set of N x N real matrices. For an A: ¥ — M(R, N), we
define the matrix cocycle

A0,n) == A(c"1(8)) - - A(B),

for @ € ¥ and n € N. From now on, we restrict ourselves to maps taking values in
the space of N x N real invertible matrices, A: ¥ — GL(N,R).
We say that A is a one-step cocycle if A only depends on the first letter of .
In this case, there is a natural correspondence between one-step cocycles and the
elements of the set ¥y = {B = {By,...,Br_1}: B; € GL(N,R)}. Namely, for
0 = (01,0,,...),
A(O, n) = Bgn s Bgl.

In this case, we write A ~ B. Recall the definition of the pinching and twisting
properties from Definition 2.23 in Section 2.4.

Definition 6.1 (one-typical). A one-step cocycle is 1-typical if it is pinching and
twisting.

Corollary 6.2 (|53, Theorem 9.1]). The pressure function corresponding to a
one-typical, one-step cocycle is either affine on its domain or strictly convex in a
neighborhood of 0.

Next, we consider the Lyapunov exponent and introduce the column-sum
exponent corresponding to a set of matrices. Finally, we study the properties of
the subadditive pressure.

6.1.1 The Lyapunov and the column-sum exponent

Intuitively, the Lyapunov exponent describes the average exponential growth rate
of the norm of the matrix product according to a given ergodic measure.
We recall a special case of the Subadditive Ergodic Theorem.
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Theorem 6.3 (Partial version of |65, Theorem 10.1|). Let (X, B,v) be a probability
space and let T: X — X be a measure-preserving transformation. Let {f,}>_, be a
sequence of measurable functions f, : X — R u {—oo} satisfying

(1) fiF € L'(v), for fi" (x) = max{0, fi(z)} ;
(2) for each k,n =1, foon < fo+ froT" a.e.

Then there exists a measurable function f: X — R U {—o0} such that the following
hold:

1. fre L' (v),
2. foT = f a.e. (in particular, if v is ergodic, then f is constant a.e.)

3. lim %fn = f a.e.
n—0oo

Consider the probability space (X, A, v) as in Definition 2.5, using the notation
> = YlEo. On this space, we consider the left-shift 0. We assume that v is ergodic
with respect to o and that the N x N matrices {Mp}ge[r], are jointly positively
irreducible (see Definition 1.5) with respect to v.

For @ = (61,0s,...), let f,(0) := log| My, --- My, |. Assumption (1) of The-
orem 6.3 is satisfied because of the finiteness of the alphabet [L]o. The sub-
multiplicativity of the matrix norm (2) implies the second assumption:

Joii(6) :=1log (|My, - -- My, - My, -~ My, [) (
log (|[My, --- My, || - [M,,, - Mg, ||) (

log ([ Mo, -~ My, [) + log (| My, ,, -~ My, [[) = fu(6) + fi(a"(8)).
(6.3)

)
)

NN
(@) BN @)
S«

As a consequence of Theorem 6.3, parts 2 and 3, we obtain the following:
Corollary 6.4. In the above given setup, there exists A € R (called the (maximal)
Lyapunov exponent) such that the following holds:

1
A= Av,B) = lim —log [Mpy,,| for v-almost every 6 € ¥.
n—aoo N

Remark 6.5. For the conclusion of Corollary 6.4, it is enough that the above system
is ergodic and {;, max{0,log |[Mpy, |}dv(f) < oo and the matrix norm can be any
sub-multiplicative norm.

We now introduce and describe the column-sum exponent. Recall from (2.16)
the definition of the minimum column-sum operator (),:

M), = min M(i, 7).
0. = s 3% M)

This operator is super-multiplicative: for any two non-negative allowable
matrices, My, Ms:

(MiMs). = (M), (May).,.
We would like to apply Theorem 6.3 to the sequence of functions

fa: =R, fu(0) = —log (M, ... My,),), 6eX.

93



Assumption (1) of Theorem 6.3 is clearly satisfied. The second assumption of
the theorem is satisfied by a similar argument as in (6.1). Hence, by multiplying
the resulting limit f of the conclusion of Theorem 6.3 with —1, we conclude the
following;:

Corollary 6.6. There exists a Ay € R such that

1
A = Ae(v, M) = lim — log(Mgy, )« for v-almost every 6 € .
n

n—0o0

6.2 A Theorem of Hennion

Let M be an N x N non-negative, allowable matrix. It is easy to check that the
norms defined below agree with the ones used in [25], i.e.

M]; = max D My =max{ > T M, 5)x() x(j) =0, Y] a(j)=1p, and
i€[N] ; j j

M), = min > M(i.j) =min < > > M(ij)a(i) :x(j) 20, Y] a(j) =1
7elNT S ic[N] je[N]

Jje[N]

Let M = {Mg}ge[L]o be a set of non-negative, allowable matrices. For 6 =
(61,...,0,) € [L]§ as before, let My := My, --- My, and M := My, ---My,. In
what follows, we assume that M is jointly positively irreducible.

6.2.1 A corollary of a theorem of Hennion

In |25], one considers a sequence X,, of random variables taking values in the set of
non-negative allowable matrices. The random matrix X ™, which appears in [25,
Theorem 2|, corresponds to ML | where 6 is chosen randomly according to the

probability measure v. |25, Theorem 2| has two conditions: the first one is that

my = [ g [Ma, 1 dv(6) + | |10g(Ms,).| dv(6) < .

which is satisfied by the finiteness of the alphabet [L]o. The second one is called
Condition % in [25]. Condition % is satisfied when M is jointly positively irreducible.
The conclusion of [25, Theorem 2| immediately implies that

lim sup

n=%0e[N] [T

1
— log (lTangi) — )\‘ =0, for v-a.e. € X. (6.4)

Observe that lTMg‘ngi is the i-th column sum of the matrix Mp|,. Hence, for
v-almost every 0 € X,

1
lim |—log(Mgy, )« — )\' =0.

n—aoo [N

Remark 6.7. In this paper, we change the order of the matrix product from M o to
Mgy,,. We briefly explain why this is permitted. Observe that in |25, Theorem 2|,
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the role of 17" and e, is interchangeable, meaning that we can consider row instead
of column sums in the matrices. Consequently, we obtain an analogous result to
Lemma 2.11 but for the “row-sum exponent”

1
lim — log(min e; M|, 1) = A for v-a.e. 6 € X. (6.5)

n—w n i€[N]

Remark 6.8. In [25], depending on the context, the notation X,, stands in some
cases for the whole process starting at the n-th position, and in other cases for the
n-th element of the process. In this thesis, we only use the second interpretation.

6.3 Basic properties of multivariate pgfs

The following is a well-known fact.

Fact 6.9. Let X,Y be independent random variables on (Q, F,P) taking values in
NJ with pgfs fx and fy, respectively. Then the pgf fx.y of the random variable

X +Y satisfies fxiy(s) = fx(s) - fy(s) for s e [0,1].

6.4 Existence of Gibbs measure

In this section, we prove Lemma 4.4.

The version of the lemma presented here follows the formulation of |2, Lemma
4.5] including an explicit normalizing constant 1/log(L). The underlying results
and proofs appeared in [20]. We provide a unified proof here, since in [20] the
underlying results are distributed across several lemmas.

In this section, we consider a set of matrices M = {My}ge[r], Which are jointly
positively irreducible. Recall that this means that the matrices are non-negative,
allowable (that they have a strictly positive element in all the rows and columns),
and moreover that there exists # > 0 and a word § € [L]Z so that the product
matrix Mj is strictly positive. Fix such 7 and E Recall that the pressure function
is given by .

. t
P() = Tim ~log( Y M),

! OelL]
using the norm [M] = 3, vy 2 vy M (i, 5). We equip 3 = S0 with the metric
d(i,j) = L7,

where i A j is the maximal common prefix of i and j, |.| denotes the length. We
now restate Lemma 4.4.

Lemma 6.10 (Lemma 4.5 in [2]). For every t > 0 there is an ergodic measure [
on Yo such that there exists a C > 0 that for any 0 = (04,...,0,) € [L]i

-1 e (101) _
S P esp(—nP@) = (6.6)

Moreover,
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P(t) — tP'(t)

o (L) (6.7)

dimg py =
and

i log [ My, |
11m ———————

n—aoo n

= P'(t) for jiy — a.a.0 = (6,6,...) € Xt (6.8)

Property (6.6) is referred to as the Gibbs property of the measure p;.

We now proceed with the proof of this lemma. We begin with a few preliminary
observations. Let A, B be N x N non-negative matrices and P be an N x N
positive matrix. Then

|APB] > p|A||B]. (6.9)

where p = min P(7, 5). For t > 0 and 0 € [L]j, we define the quantities
2y

$u(0,1) == [ My, and s,(t) :== > s.(0.1). (6.10)
0e[ L]y

Recalling that My is strictly positive, we have that m := min; ; Mé(i,j) > (). For
any t > 0, 0, € [L]? and 6, € [L]§, the following holds:

Smaiire(0,00,,1) = m's,(0,,t)s:(0,,1). (6.11)

Therefore, it follows that

S =Y Z Myl = mt S S) IMy, [ M, | = msu(6)se(t).

01€[L1g 0,115 01€[L15 0,€[ L]}
(6.12)
We now state an analog of Fekete’s Superadditive Lemma:

Lemma 6.11. Assume that there exists an r € N such that for all m,n € N, the
sequence a, satisfies the following almost superadditivity condition:

Uptmsr = Ap + A + C. (6.13)

Then
an + C

(6.14)

. a/’)"L . an . . an
lim — = lim exists and lim — = sup
n—w N n—w0 N + 1 n—w N n N+T

Proof. We will only prove it in the case when ¢ = 0; when ¢ # 0, one can apply the
statement to b, = a,, + ¢, from which the assertion follows. For this shifted version
of Fekete’s Superadditive Lemma, one must modify the original proof slightly.

Assume now that there exists r € N so that for all m,n € N the sequence
satisfies @,y myr = G, + ap,. It then follows that

limsup a,,/n < supa,/(n + r).

Hence, it suffices to show that

Qn

.. 0 0n
liminf — > sup :
n n n n+r
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Assume to the contrary that liminf, a,/n < sup,, a,/(n + 7). Then there exists a
subsequence (n},); and an € > 0 so that

Qpy /M < SUP /(N + 1) — €
n

for all k.

By the definition of the supremum, there exists a z € N such that a,/(z +r) >
sup,, an/(n + r) —e. Fix such a z. By pigeonholing, we can find a subsequence
(ng)r so that each element ny falls into the same residue class modulo z + . That
is, np = ny + ag(z + ) for all k for a sequence of natural numbers (ay),. One can
prove with induction on ¢ € N that

Aot (t—1)r = La.
Consequently, for the fixed subsequence
Qny = Qny 4oy (2+k) =2y + Opay.

Dividing by ny and taking limit yields lim inf,, a,, /nx = a./(z + r) = sup,, a,/(n +
r) — & which provides the required contradiction. O

Now, we adopt some of the standard notation from [21, Lemma 3.1|. Namely,
for two families of positive numbers {a;}, 7, {i};.7, we write

e a;, ~ b; if there exists a constant C' > 0 such that C~'a; < b; < Cq; for all
1€, and

e a; > b; if there exists a constant C' > 0 such that a; > Cb; for all 1 € 7.
We state the following part of [21, Lemma 3.1] without proof.

Lemma 6.12 (Lemma 3.1 in [21]). For anyt >0, ne N and § € [L]y ,

D1 snne(BOt) x> D sue(08,1) ~ 5(0,1)s0(t).

Be[L]§ BelL]§

For § < [L]g, let

X
n,t([Q]) : Sn(t) .

Since {vpn+}n is a sequence of probability measures, it has a subsequence v, which
converges to a measure v in the weak-* topology. In the following lemma, we show
that v, has the Gibbs property.

Lemma 6.13 (Modified version of Lemmas 2.4 and 2.5 in [21]). For n € N and
t>0:
sn(t) ~ exp(nP(t)). (6.15)

For any 6 € [L]y, the measure satisfies

v ([0]) ~ sn(8,t) exp(—nP(t)). (6.16)
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Proof. The assertion of (6.15) follows from the following observations.
First, subadditivity of the matrix norm implies

Snte(t) < sn(t) - 50(1).

By Fekete’s Subadditive Lemma, the pressure satisfies

This yields the lower bound, exp(—nP(t)) < s,(t).
For the reverse inequality, we use for all n, ¢ € N that

Spaok(t) = mis,(t)se(t).
Applying the analog of Fekete’s Superadditive Lemma, Lemma 6.11, leads to

1 tg 1 tg
P(t) = lim log(m” - 5n) = sup log(m” - 5n) ),
n— n n n+r
hence exp((n + r)P(t)) = m' - s,(t). This concludes the proof of (6.15).
To prove the second part, (6.16), we fix § € [L]j. For any ¢ € N, the measure
satisfies the following:

Sn+ Q ; S
wll) = % D 002~ 0 exp(nP0),
gelrpt

Taking the limit as ¢ goes to infinity, we obtain the desired result. O

Let o denote the left-shift operator on ¥ := Lo Namely, o: ¥ — ¥ defined
for (01,02,...) =0 € X, as 0(f) = (02,605,...). We define the measure u; as the
limit of the sequence

1
{— (Vt+l/toa_l +...~|—utoa_(”_l))}
n

in the weak-star topology.

Proposition 6.14. The measure u; is o-invariant, satisfies the Gibbs property, is
ergodic, and 1s the unique measure satisfying these properties.

Proof sketch of Proposition 6.1/. The o-invariance of p; follows from the construc-
tion by a Krylov-Bogolyubov-type argument. We now consider the Gibbs property
(see (6.6)). For each f € [L]?, and ¢ € N the set o=([0]) = UBE[L]é[QQ].

oo {([0) = > w([B0]) (6.17)

EQE[L]SH
A Z sn+e(B0,t) exp(—(n + £)P(t))  (Lemma 6.16,(6.15))
Boe[L]G
~ so(t)sn(0,t) exp(— (£ +n)P(t)) (Lemma 6.12)
~ sp(0,t) exp(—nP(t)) (Lemma 6.13,(1.11))
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This proves that p, satisfies the Gibbs property. Next, we prove that p; is ergodic.
First, we show that there is a constant C' > 0 such that for each 6 € [L]g, 8 € [L]S,

k—o0

k—1
tim 2 5% (16~ o (181) = C (8 ([5))

Since p; is supported on ¥, it suffices to prove the above for 6 € [L]j and

B e [L]§. Let i > n + 27, then

w01 0o ([8) = >, e ([098]) ~ D) siwel638,1) exp(—(i + £)P(1))

S el el
Zsn(0,t)se(B,t) exp(=(i + OP(1)) Y, m*sica-2a(7st)
ye[L]y™"
~5n(0,t)se(B, ) exp(—(i + £)P(t)) exp(—(i —n — 2n)P(t))
t)exp(—(n + O)P(t)) ~ p([0]) e ([5])-

The above used (6.11) and (6.12). Finally, a standard argument shows that the
same holds for arbitrary Borel sets instead of only for cylinders. m

Proposition 6.15. Fort > 0, the Gibbs measure p; defined above satisfies:
P(t) —tP'(t)

dimy () = log(Z) and, (6.18)
1 M

lim log(IMa, ) — P'(t) for jiy — a.e. 6 € XL, (6.19)

n—a0 n

Sketch of the proof, based entirely on the proof appearing in [20]. For ¢ € R, the
Li-spectrum of p; is

198 (S 1 )7)  gpi) — Py
T (9) = P nlog(L) B log(L)

Moreover,

)= "2
Tl log(L)
By [41], for almost every 6 € X,

o) _

P _ /
. _ (1)~ tP(1)
n—x nlog(L) H

log(L)

which implies that
P(t) —tP'(t)

di =
() log(L)
Using the Gibbs property of u, it follows that
log(|M
i 1080Me, ) _ P,
n—o0 n
for p-a.e. @ € 3. ]
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