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Abstract

It was shown by Cipriani et al. in [5] that the odometer function for a divisible sandpile with
iid. weights on Z¢ converges to a continuum bilaplacian field on T¢ after an appropriate
scaling. In this thesis, we consider an odometer function associated with correlated Gaussian
weights (0()),ez¢, with E[o(-)] = 0 and

Elo(z)o(y)] = K(z —y),

where K : Z% — R is a stationary covariance function. We obtain our main result in Theorem 6.1
where we show that after an extra scaling factor depending on K, the odometer still converges
to the bilaplacian field on T¢.
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1 Introduction

The world around us is getting more complex every day. Not only is technology advancing rapidly,
we are also living with more people than ever, all with their own weird quirks. More than ever
now, we need to be able to cope with large, complex systems to make sense of everything. We take
as an example the modern financial market: a gigantic, complex system with an enormous amount
of participants. At small enough timesteps, a stock price can either go up or down, depending on
how much the participants are buying or selling. In a sense, this behaviour resembles a random
walk. However, as there are too many players to take into account in the financial market, we
approximate our discrete model with a continuous model, the Brownian motion, which is much
easier to work with.

Figure 1: Brownian motion on the interval [0, 1].

This is one of the goals of modern probability theory: taking a complex, random system, that
is defined through micro-interactions, and applying abstract theory to say something about the
behaviour of the system at large. In the above example, we had our financial market, which was
our complex system, our micro-interactions were defined by the buyers and sellers, and using our
theoretical tools we obtained the Brownian motion.

Now, modern probability theory has more applications than just modelling the behaviour of
stocks in order for you to buy a supercharged Range Rover or a preposterous yacht. We can
use the above approach in applications in physics, biology and engineering. The idea stays the
same, we take a discrete model with micro-interactions defined on it, and prove a limit theorem
to obtain the behaviour for a large-scale system.

One particular example is the Abelian sandpile model, which was introduced by Bak et al.
in [I4]. In this model, we start out with a finite graph V and for each vertex x € V' we assign
an integer height s(x), representing a certain amount of particles. In each timestep, we now
uniformly at random distribute particles over the vertices € V in the graph. We fix a ¢ € N.
If we now have s(z) > ¢ for a certain vertex, we call x unstable, and it topples by distributing
its particles to its neighbors. Now, if one vertex topples, it can of course cause the toppling of
another vertex, which can in turn create a so-called avalanche of toppling. This procedure is
repeated until all vertices are stable again. In order for this process to become stable, we also
have some vertices that act as sinks, which absorb the particles. These are usually associated
with the boundary when we are working on subsets of Z¢.

This model has applications in for example neuroscience (see for instance [2]), where neurons
fire off electrical signals. Neurons are associated with the vertices in the graph, and synapses
with the edges. If a neuron reaches a certain amount of electrical charge, it fires off charge to
the next neurons through the synapses, and so on.



An extension of the Abelian sandpile, the divisible sandpile was introduced by Levine and
Peres in ([I5],[I6]), where they consider a sandpile model with continuous heights, whereas the
Abelian sandpile had discrete heights. The divisible sandpile model we will be working with is
based on the model in [I] and [5], and is defined in the following way. We start with a collection
of i.i.d. standard normals (¢(x))yezs. Here we think of 7% as a discrete, d-dimensional box of

side length n. Our initial sandpile configuration now is a function s : Z¢ — R defined for all
r € Z4 by

s(x)y=14o0(x) — % Z o(z).

z€Z4

We think of s as representing the heights at each vertex in the beginning. In the divisible
sandpile, a site topples if it has mass > 1. It will then uniformly distribute its excess mass to
its neighbors, while keeping mass 1 to itself. Note that this process is completely deterministic,
the only randomness is in the initial distribution. Subsequently, for each timestep ¢, we can
look at the amount of mass a vertex has distributed to any of its neighbors. Call this function
e® . Zfl — R. As sites can only emit mass, and can’t “un-emit” mass, we see that e® 1 e as
t — oo. We call e : Z¢ — R the odometer function. If the sandpile stabilizes, we have e(z) < oo
for all # € Z¢. As e depends on the initial configuration, (e(%))zeza is a collection of random
variables, more specifically it was shown in [I] that e is a shifted, discrete bilaplacian field. This
roughly means that the odometer e is distributed, up to a constant, like a collection of Gaussians
(n())zeza such that

NEl(e)(y) = 5.(0) .
Subsequently, as n=1Z2 — T4, the scaling limit of this odometer was considered in [5], where it
was shown that the scaling limit of the odometer on T¢ is still a, this time continuous, bilaplacian
field. Now this brings us to the main research question of this thesis is:

What is the scaling limit of the odometer if we start with an initial configuration of
correlated Gaussians?

In order to answer this question, we first recall the most relevant (for this project) concepts
from Probability and Fourier analysis in the Preliminaries section.

In Section 3, we first walk through the basic theory of divisible sandpiles and recall the most
important results from [I]. After this we derive a new identity for the odometer of correlated
Gaussians in Section 3. This result is similar to Proposition 1.3 in [I].

Section 4 is not integral to answering our main research question, but it is nevertheless
another new result related to the divisible sandpile. We consider the speed at which the sandpile
stabilizes. In particular, we will see that in the continuous case the divisible sandpile almost
surely does not stabilize in finite time, meaning that the properties of the odometer function
only hold in the limit.

After this, in Section 5, we go into considerable detail in the proof of the scaling limit for the
odometer of i.i.d. Gaussians, Theorem 1 in [5]. We also derive a new identity for the pairwise
correlations of the bilaplacian field.

Section 6 contains the main result of this thesis, and we answer our research question. We
prove that after an extra scaling factor, depending on the covariance structure, our discrete field
still converges to the bilaplacian field, where the convergence holds in the same way as Theorem
1in [5]. We also compare the maxima of odometers under different covariances.

Now in [5], the result for i.i.d. Gaussians is extended for general i.i.d. weights with mean zero
and finite variance. In Section 7 we outline the problems that arise when we try to generalize



the result in the correlated, Gaussian case to general correlated weights. We also want to obtain
an upper bound as to how fast the sandpile converges to the stable configuration.

We want to stress here that the actual new results are Section 3.3, the entire Section 4,
Section 5.6, and the entire Section 6.



2 Preliminaries: a crash course in Probability and Fourier analysis

In this project, we will repeatedly throw around notions from both Probability theory and Fourier
analysis, and in fact, we won’t do much else. However, as we can not expect from the reader to
have followed the 3rd year courses Advanced Probability and Fourier Analysis, we will attempt
to give a crash course here. This section is split up in three parts: we will first lay out the basics
of measure-theoretic probability, after that we will look at Fourier analysis and analysis on the
torus T¢, at last, we will introduce the basics of infinite-dimensional probability theory.

2.1 A crash course in probability theory

This section is set up in the following way: we will first state the basic definitions of probability
theory, after that we will have a look at some limit theorems. For a more thorough explanation,
we refer the reader to [12].

Definition 2.1. Let (Q, F,P) be a measure space, i.e. F is a g-algebra on Q, and P: F — R™
is a measure. If P(Q2) = 1, we call (Q, F,P) a probability space.

In otherwords, a probability space is just a measure space with total measure of 1. We say
that an event F' € F happens almost surely if P(F') = 1.

Definition 2.2. Let (2, F,P) be a probability space. We call a measurable function X :  — R
a random variable. Equivalently, X is called a random variable if for all B € B(R), the Borel
o-algebra, we have

X YB)eF.

We are often interested in P(X € B), where B is a Borel set. Now the measure B — P(X ~!B)
has name, it’s called the distribution of X.

Definition 2.3. The measure x : B(R) — R* defined by
u(B) = P(X"1B) = P(X € B),
is called the distribution of X. We call
Fy (#) = P(X < &) = u((~o0,2])
the distribution function of X.

Definition 2.4. For X a random variable on the probability space (2, F,P) we define the
expectation as

E[X] = / X dP,
Q
where the integral is the Lebesgue integral over {2 with respect to the measure P.
Definition 2.5. For X a random variable on the space (Q, F,P), we define the variance,
Var(X) = E[X?] — (E[X])*.

We will also be dealing with a notion of “independence” in this thesis, we see that in some
way the outcome of one random variable can influence the outcome of another.



Definition 2.6. For any two random variables X and Y, we say that X and Y are independent
if we have for any two Borel sets By, B2 € B(R),

P(X € Biand Y € By) =P(X € B1)P(X € By).
Furthermore, we define the covariance as
Cov(X,Y) =E[XY] - E[X]E[Y].

In a sense, the covariance measures “how” dependent X and Y are. If X and Y are indepen-
dent, we have E[XY] = E[X]E[Y], but be careful here: zero covariance does not imply
independence!

However, what we will repeatedly do here is look at a sequence of random variables (X, )nen-
We write that (X,,)nen is an 4.4.d. sequence if the X,,’s are all (I)ndependent and (I)dentically
(D)istributed. The independence is defined pairwise, for all ¢, j € N with ¢ # j, X; and X are
independent. We want to consider a notion of “convergence” for this sequence. There are many
forms of convergence in probability theory, but here we will just state convergence in distribution,
also called convergence in law, as this is the main one we will be using in this project.

Definition 2.7. Let (X,)nen be a sequence of random variables with distribution functions
Fx,. We say that X,, converges to X in distribution (or in law) if, for all z € R such that Fx
is continuous in x,
Fx () = Fx(x) asn — oo.
If this is the case, then we write
X, 5 X.

As it will turn out, we practically never use the above definition to prove convergence in law.
The most common for proving that a sequence X,, 4 Xis by using Levy’s Continuity Theorem.
We first define the characteristic function

Definition 2.8. Denote with ¢ the complex unit and let X be a random variable on some
probability space (Q, F,P). We define the characteristic function to be

ox(t) == E[exp(itX)] = /Qexp(atX) dP, teR.

Now we can state Levy’s Continuity Theorem. A more thorough explanation can be found
in the lecture notes of my supervisor’s course on Advanced Probability.

Theorem 2.1. Let (X,)nen be a sequence of real valued random wvariables. and ¢x, their
corresponding characteristic functions. Let px be the characteristic function of a random variable
X. Moreover, assume that

PXn (t) - L)0)((15)7
for allt € R. Then X, % X.
We immediately use this theorem to prove a theorem that will be important later on:

Theorem 2.2. Let (X,)nen be a sequence of Gaussian random variables with E[X,] = m,, and
Var(X,) = o2, and 02 — 02, m,, — m. Then

X, 3 X,

where X ~ N(m,c?).



Proof. From Levy’s Continuity Theorem we have

X, 5 X o ey (t) = ox(t), VEeR.

Here we write ¢, and px for the characteristic functions of X,, and X. Now,

1
vx, (t) =exp (Ltmn - 20,2Lt2> .

Subsequently, since exp is continuous, we have

1 1
lim ¢x, (t) = lim exp (Ltmn - 0721752) = exp ( lim «tm,, — 027&2)
n—00 " n—00 2 n— 00 2
1
= exp( (Ltm - 2ait2> = px(t).
So the claim follows. O

In other words, to show convergence of a sequence of Gaussians, it is enough to consider only
the first and second moment. Now we finally state the Central Limit Theorem, which forms the
basis for most of Statistics and a large part of Probability.

Theorem 2.3. Let (X, )nen be a sequence of i.i.d. random wvariables with E[X1] = m and

Var(X;) = o2. Then
Sh (G om) 4

)

a n

with Z ~ N (0,1).

This theorem is very powerful, as it says that we can approximate a large sum of i.i.d. random
variables of any distribution with a Gaussian random variable, after an appropriate scaling. In
fact we can extend this result to more general random variables. We state the Lindeberg-Levy-
Feller CLT:

Theorem 2.4. Let (X, )nen be a sequence of random variables with E[X] = my, and Var(Xy) =
0% >0. Set s2 =3"7_, o7. If we have for all ¢ > 0 that

1
nh~>nolo 572 ZE((Xk - mk)21|Xk—mk\>asn) = 07

n k=1

then

with Z ~ N (0,1).

2.2 Fourier analysis and analysis on the torus T¢

We will do most of our analysis on the torus T¢, which can be viewed as a generalization of
a donut. In the case d = 2, T? is exactly the shape of a regular donut as we, 3-dimensional
humans, know it. In some sense, the torus is the perfect space to do analysis on. Because first of
all, it is compact, so any smooth function will automatically be integrable. On the other hand,
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the torus is a group: we can never “escape”’ the torus just by walking around. This is different
than looking at for example a compact interval [a,b] C R, which is not a group. In this way
it has all of the good features of spaces like R and C, without the drawbacks of integrability,
convergence that come with infinite spaces. We like to view the torus as (R/Z)?. The intuition
behind this quotient group (consider for a moment d = 1) is the following: we put each z € R
in an equivalence class [x] € (R/Z), such that y,x € [z] if and only if there exists an n € Z such
that © —y = n. In a sense now, we can say [0,1]“ = "(R/Z), however there is one thing different.
If we take any = € R/Z, then x + 1 = z € R/Z. In this way, we walk out of our interval [0, 1] on
one inside, and again walk in on the other side to end up on the same spot after a distance of 1.
A visualisation is given in Figure .

(o
ll

®R/Z)" | T~/

Figure 2: Visualisation of the identification T? ~ (]R/Z)d. First we slice the torus through the
red line, and end up with a cylinder. We subsequently cut the cylinder along the blue line and
roll it out to obtain a square.

Whenever necessary, we will identify T¢ with [—%, %]d C R?, under the equivalence relation
as above (“glueing” the ends to each other). Both definitions are equivalent. We define the space
C>=(T) to be the space of all infinitely differentiable functions on T?. It is now important to
remark that this space is not equivalent with the space C*°([—3%, £]%) or C*°([0,1]%). For the
former we require f(™(0) = f(")(1), or equivalently f() (f%) = f( (%), for all n € Ny, while
in the latter case this is not necessary.

Because T? is a group, it admits a Fourier transform. Denote with ¢ the complex unit. We

define for any u € L'(T?),
u(§) = / u(z)exp(2mi§ - z) dz, € € Z°
Td

The Pontryagin dual group of T? is identified with Z¢, what this means is that the Fourier
transform of u is a function % : Z% — C. This is the reason why the inverse Fourier transform of



T? is a series. For u € L?(T%), we have

u(z) = Z a(¢) exp(—2mif - z), zeT¢

gezd

almost everywhere. For more information regarding Pontryagin duality, see [13]. Recall that in
the case where u is defined on the real line, we have that both the Fourier transform, and the
inverse Fourier transform are integrals over the real line. This is because the Pontryagin dual
group of R is again R. Keeping this idea of Pontryagin duality in the back of our minds, we take
a look at another group: Z¢ = (Z/nZ)¢, the additive group of integers modulo n. Whenever
necessary, we view Z% as [—%,2]? N Z%. Note that Z¢ in some sense resembles our torus, as
n = 0, we again “walk out” on one side, only to enter Z¢ again on the other side. This time, Z2

has side length n, whereas the torus had side length 1.

Y\

W

Figure 3: Z2 is just a grid with side length n. If we walk out on one side, we enter the grid again
on the opposite side.

Now, as Z¢ is a group we can again define a Fourier transform on it. We set for u € ¢1(Z4),

u(g) = % Z u(z) exp (27TL§' %) .

z€ZE

The Pontryagin dual group of Z¢ is again identified with Z%, so the Fourier transform is again

a function on Z%. We have as inverse transform (z € Z%):

u(z) = Z u(§) exp (27TL§~ %) .

£ezs

We can now watch the beauty of this slowly unfold. We set T¢ := %Zi for the discretization
of T4 with n? gridpoints. As we have already seen, ZZ is a torus-like grid of side length n, so
T? will have side length 1. What we can do next is, using the Pontryagin duality of Z¢ with
itself, “prove” the duality of T¢ with Z<. To this end, for any C'-function u : T¢ — R we denote
Up, - ZfL — R for the discretized version u,(-) = u ( ) As u,, is defined on Z;il, we can take the

Fourier transform to find !
- 1 z 1 z z
Un (&) = v Z un(2) exp (2m§ . ﬁ) =3 Z u (ﬁ) exp <2m§ . 5) .
z€Z2 z€28

Here the Fourier transform is defined on Z¢ = [-2, 2] NZ%, ie. £ € [-%, 2] NZ%. If we now let

n — 0o, the following happens with the Fourier transform,

lim @,(§) = lim Z %un(z) exp <2m§- 2) = /Tdu(z)exp(Zmz -€) dz.

12



This is because the summation approximates a Riemann integral. But note that this is exactly
the Fourier transform as defined on T¢! On the other hand, we see that ¢ takes values in
[—2,2]1NZ% so if n — oo, we obtain that ¢ can actually take values in the whole of Z¢. We've
come full circle now, and in this way we see that T¢ is the Pontryagin dual of Z<.

Td ‘‘‘‘‘‘‘‘ Z Z(Z
Td fEEAiirr i 2 r 7
Td Zd

Figure 4: The Pontryagin duality between Z¢ with itself, and T¢ and Z¢ visualized. We can see
that on the left side, T% (= %Zg) grows inwards to approximate the torus. On the right side, Z4
expands outwards to form Z<.

In this project, we will frequently approximate functions u on T¢ with the discretized version
Uy, and use the above to find that

lim i, (€) =u(§), ¢ez”.

n—oo
At last, we state and prove the Plancherel theorem for Z<.

Theorem 2.5. Let f,g € L*>(Z%) and f, g be their Fourier transforms. Then

S FOF@ =" Y ()90,

gezd 2€Zd

Proof. The proof is a straightforward computation. We have

S FO5E = 3wt feew (2me 2 ) ) (07t Y g e <2m5. Z)

Lezg Lezg z€Z8 2/ €Le
—d | —d 2=
= n Z f(z)g(z") | n Z exp | 2me§ - -
2,2/ €28 gezd
= 07" Y 9y =07 Y f(2)e(2).
z,2'€Zd z€Zg

13



2.3 Abstract Wiener Spaces

This section aims to outline the basics of infinite-dimensional probability theory, for a more
in-depth look we refer the reader to [7] or [II]. In this project we will be dealing with a random
variable E (our Gaussian field) that is infinite-dimensional. We would like to view = as a function
Z: T — R, however this is not possible. For our definition of the Gaussian field = to make sense,
we need to be able to define a Gaussian random variable on some infinite-dimensional space. Let
us start with a finite-dimensional example. For R? we can define the following random vector:

X1

X=X )
X3

where the X; ~ N(0,1) and are independent for i = 1,2,3. For any other vector a € R? with
25’:1 a; = 0, a simple calculation shows that

E[(X,a)] =0,
and s
B(X.a)%) = 3 a? = [a

The characteristic function of X in this case is equal to (for t € R3):

Blexn(u(X, )] = exp -5 ).

The question now becomes whether, using this characteristic function, we can extend this result
to infinite dimensional Hilbert spaces in order to define a Gaussian random variable indexed
on T, but as it turns out: we can’t. Corollary 2.3.2 in [7] tells us for a Hilbert space H with
dim H = oo, that ¢(x) = exp (—3|z||?) can NOT be the Fourier transform of any countably
additive measure. A different approach then to constructing a Gaussian measure on our infinite
dimensional Hilbert space H leads to the Abstract Wiener Space (AWS), the idea is to define the

Gaussian measure on a larger Banach space B containing H, but with a different norm | - ||z
than the norm || - || on H. In the following part we will use the same construction of our AWS
as in [8].

Definition 2.9. An Abstract Wiener space is a triple (H, B, i), where
1. H is a Hilbert space with inner product (,-)z and norm || - || z.

2. B is the Banach space completion of H under the new measurable norm || - || g, with the
Borel o-algebra induced by | - || 5.

3. p is the unique Borel probability measure on (B,B) such that for all ¢ € B*, we have
pod~t =N(0,|¢l%), where ¢ is the unique element of H such that ¢(h) = (¢, h)y for all
heH.

Note that the measure p here is exactly what we want. Since H — B densely, we have
B* C H*, so note that the functional here is well defined for all ¢ € B*, since we can always find
such a (;NS € H. The definition of a measurable norm is quite technical, and we will not state it
here. Intuitively, a measurable norm on B is a norm such that we can capture most mass of B
in finite dimensions. We refer the enthousiastic reader to [§]. We do however, state the following
lemma:

14



Lemma 2.6. Let H be a Hilbert space with norm || - ||z and {f; : j € N} an orthonormal basis
of H. If T : H — H is a Hilbert-Schmidt operator, meaning

oo
ST Hla < oo,

j=1
then ||T - || is a measurable norm on B.

Observe that this norm is well defined since T is densely defined on B. Intuitively speak-

ing, the Hilbert-Schmidt operator squeezes our orthonormal basis down to something that is
summable, this again ties in with the concept of a measurable norm, which tries to capture most
mass in finite dimensions.
Recall that we originally wanted to define a Gaussian measure on H~*(T%). We are going to do
this by finding a suitable Hilbert-Schmidt operator and using the construction above, in exactly
the same way as in [5]. To this end, let ~ be the equivalence relation on C°(T?) defined by
f ~ g if and only if f and g differ by a constant. We define the inner product

(f.9a= Y. VI*F0)gr) = (—A)"f, (—A)"g) 2(pa),

vezZ\{0}

and write H*(T?) for the completion of C>°(T%)/ ~ with respect to this inner product. An
important remark to make here is that the space H%(T%) does not agree with the usual definition
of the Sobolev space H*(U) for U C R% and a € N. Next, define the Hilbert space

H, = {u e L*(T?) : (=A)% € L*(TY)}/ ~,
equipped with the norm
lull3,, = ((=A)%u, (=A)%u) L2(r4).-

We want H, to be our Banach space completion of H%(T?), to this end, note that {(—A)~%e, },.z0
(we can take eg = 0, since we look at the space over the equivalence relation ~, so set the first
coefficient to 0) forms an orthonormal basis for H*(T%). Indeed,

(—A) e, (@), (A) “ex()mery =y [k]*(=A) e, (k)(~A)“e,(k)
kezZa\{0}
= D Ik (ke (k)es (k)
kezZa\{0}
= > kIR 0=kt = S
keza\{0}

Since H*(T?) is a subspace of L?(T%) and (—A)~“%e, is just a rescaling of the Fourier coefficients,
this is also a basis for H¢(T%). We will now see that 7 := (—A)*~% is a Hilbert-Schmidt operator
on H*(T?), whenever b < a — 4. Subsequently we find, in the same way as in Section 6.2 of [§],
the following for all v # 0:
IT(=A)eullmary = ((=A)*(=A)""(=A) e, (=A)*(=A)""*(=A)""e,) 12 (re)
= ((-4)" ey, (—A)"%ey) r2(1a)

ST KI5, = ()1 < ||+,
kez4\{0}

15



for some > 0. Now by the Euler-Maclaurin formulas,

oo ATEA) tellpewny < D IT MY ~ /1 pT o) dp

vezd\{0} vezd\{0}

= / p_(1+5) dp < oo.
1

So in fact 7" is a Hilbert-Schmidt operator and ||T"- || g (r4) is a measurable norm on our Banach

space H,. We now set a := —1, and —¢ := b < 0 such that ¢ > 1 —&-d%. In conclusion, we now
have a unique Gaussian measure p_. on our space H_., and (H~Y(T9), H_.,pu_.) is our AWS,
where p_. has characteristic function

o0 = (~14022),

Now the operator A~2 is our infinite-dimensional analog of the covariance matrix.

16



3 Divisible Sandpiles

3.1 Introduction

Before we dive into the scaling limit, we first build up some theory around divisible sandpile
models. The presentation here is based on [I]. Consider a connected, undirected graph G =
(V,E). Write  ~ y if (z,y) € F and deg(z) = #{y € V : y ~ x}. We want to start with some
initial configuration s : V' — R, think of this as a mass assigned to each vertex. If s(z) > 1,
then the site x is called unstable, otherwise x is called stable. Whenever x is an unstable site,
it topples, meaning that it distributes its excess fat evenly among its neighbors, while keeping
mass 1 to itself. At each discrete time step, all unstable sites topple at the same time. Consider
the following example of a graph with 5 vertices, the number in each vertex denotes the mass:

©

1
4
1
o — D,
—o0—0 O-0—0 000
1
4

&

[

O ©

Figure 5: Left: the initial configuration, Middle: the unstable site (red) topples, Right: stabilized.

Once every site has mass < 1, we call the sandpile stabilized. We see in the example above,
that each vertex will have total mass of 1, and thus this sandpile has stabilized after one discrete
time step. A natural question that arises is whether the sandpile stabilizes or not. In our case it
is enough to consider only finite, connected graphs, and as it turns out, we are in luck: Lemma
7.1 in [I] states that for an initial configuration s : V' — R with >y, s(z) = |V, the sandpile
stabilizes to the all-one configuration. We will come back to this later. Now consider for any
site z the amount of mass emitted to any neighbor, up to and including the discrete time step
t, denoted by e (). We see that e is an increasing sequence (a site can not “un-emit” mass),
and if the sandpile stabilizes, converges to some function e,

e® Te< .

We call this e : V' — R the odometer function. Note that if s does not stabilize, the odometer
blows up. Consider the following sandpile:

O—0 0—0O O—™0O
Figure 6: The odometer function e(x) explodes.

In the above example, the t-th odometer satisifes

L], if « is the right vertex

£ . .
e (z) = {1 + 5], if z is the left vertex
2
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In this case e(!)(z) 1 oo for all z € V, this is because V' is finite and 3 s(z) > [V].

Given an initial configuration s : V' — R, the sandpile evolves deterministically, so the
odometer function e is dependent only on the initial configuration s. Before we make all of this
rigorous, we need some definitions.

3.2 Theoretical Background

In the following section (based on Section 2 in [I]), G = (V, E) is a finite, connected, undirected
graph, and we write X = RV for the set of all divisible sandpile configurations on G. We define
for u : V' — R the graph Laplacian to be

Ae(x) =) (ely) —e(@)) .

Yy~

What this intuitively does is taking the unweighted average of e(x) with its neighbors, and this is
no surprise: the continuous Laplace operator in fact does something similar (this can be seen by
taking for example a finite difference approximation of continuous A). Now, as we have already
seen before, in each timestep a site can “topple”, meaning that it distributes its extra mass among
his neighboring sites.

Definition 3.1. Let T C [0,00) be a well-ordered set of toppling times such that 0 € T and T
is a closed subset of [0,00). A toppling procedure is a function T'x V' — [0, 00) defined by

(t,z) — e (),
such that for all z € V
1. e©(z) =0.
2. et (z) < elt2)(z) for all t; < t,.
3. If t,, — t then e()(z) 1 uy(z).

A toppling procedure is essentially the amount of mass emitted from site z, up to and including
time ¢. We can then quantify the amount of mass s;(x) for any site x € V and ¢t € T by the
following equation

si(z) = s(z) + Ae® ().
Here Ae)(z) acts as the net gain of site 2 in the time [0,#] C T, and s € X is the initial mass.
Now write a* := max(a,0) and ¢t~ :=sup{r € T : r < t}.

Definition 3.2. We call a toppling procedure legal for initial configuration s if for all x € V
and t € T'\ {0},
(sp-(x) = 1)*

deg(z)

This is saying a few things at once. Consider first the case s;- () > 1. Then the mass emitted
at timestep t is less than the excess mass, divided by the degree of x. In other words: it has to
distribute its mass equally over its neighbors. Second, if s, (z) < 1, then u;(z) — e®* ) (z) < 0,
so it can not distribute any mass at all.

eW(z) — et ) (x) <

Definition 3.3. A toppling procedure e is called finite if for all z € V' we have

(®)(2) = i )
e\ (z) tliﬁ%Te (x) < 0.

Note that since e(*) () is non-decreasing, this limit exists in [0, 0o]. If e(>)(x) = oo, then we call
the procedure infinite.
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Definition 3.4. Let s € X. A toppling procedure e is called stabilizing if e is finite and sy, < 1
pointwise. We say that s stabilizes if there exists a stabilizing toppling procedure for s.

Now we are finally getting to the most important definition of this section.

Definition 3.5. Let s € X. The function e(®) : V' — [0,00] is called the odometer of s. If s
stabilizes, then its stabilization is the configuration

Soo = 5 + Ael™),

To sum up all of the above: for our initial configuration s, our toppling procedure e(t)(z)
describes the mass distributed to any neighbor of z, in the time [0,¢]. This toppling procedure
can either be finite (whenever it stabilizes), or infinite (if it does not stabilize). The limit of the
toppling procedure is called the odometer.

We may now prove a very useful lemma (Lemma 7.1 in [I]):

Lemma 3.1. Let G = (V, E) be a finite connected graph with |V| = n and let s : V. — R be
a divisible sandpile with ) .y, s(x) = n. Then s stabilizes to the all 1 configuration and the
odometer of s is the unique function e satisfying

minuy =0

{8+Ae:1

Proof. We begin the proof by showing some fundamental properties of the discrete Laplacian.
First note that all harmonic functions f : V' — R (i.e. Af = 0) are constant. Indeed, assume that
Af =0 and f is not constant on V. Since V is finite we can find x € V such that f(x) > f(y)
for all y € V. For this = we have

Af(w) = (f(z) = f(z)) <0,

a contradiction, so f must be constant on V. As we can view A as a linear operator acting on
vectors in R!V!, we can say that A has a 1-dimensional kernel spanned by the constant function.
In this way we see that A must have rank n — 1. Next, we have >\, Af(z) = 0. Indeed,

YAL@) =D > (fw) —f(x) = D |—deg(@)f(x)+ > f(y)

eV zeV y~x zeV yre
= - Z deg(z) f(z) + Z Z Ly~ f(y)
eV zeV yeV
= =Y deg(a)f(@)+ YD Ly f(®)
eV yeV xzeV
= =) deg(@)f(x)+ > deg(y)f(y) =0
zeV yev

In our case we want to solve Av = 1 — s, and since ) (1 — s(z)) = 0, the problem has a
solution. Let w = v — minwv, then w > 0 and s + Aw = 1, so s stabilizes. Now for any function
u that satisfies s + Au < 1,

Z(s + Au)(z) = Z s(x) + Z Au(z) =n.

zeV zeV zeV
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We see that we need to have s + Ae = 1, so in fact the sandpile stabilizes to the all one configu-
ration, and any two functions e that satisfy s+ Ae < 1 differ by only a constant. Proposition 2.5
in [I] then tells us that the odometer is the smallest non-negative one, in other words, we have
mine = 0. OJ

We are interested in the case where the initial configuration is Gaussian. Let (o(x))zev be a
collection of i.i.d. standard normals, and set s(z) =1+ o(z) — ﬁ > .cy 0(2). If our graph is a

50x50 grid (more precisely, Z2,) our sandpile will look something like in Figure .

Figure 7: Sandpile with Gaussian heights.

Now if we let each site x topple as described above (by keeping mass 1 to itself, and distributing
the rest to its neighbors), then we may a run simulation to see what our odometer will look like
as n — oo by taking sufficiently many timesteps. A result of such a simulation is shown in
Figure (8)). We stress that this is not the configuration s;, but instead a surface plot of an
approximation of the odometer e(°>). Note that this is a much nicer, smoother surface than the
initial configuration.

Figure 8: Odometer after 10000 timesteps.

Since the odometer e satisfies s+ Ae = 1, and s is a random variable, then e is also a random
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variable. Proposition 1.3 in [I] tells us that e is in fact Gaussian as well. We will state both the
proposition and its proof (as found in [I]) here, as the proof contains many valuable techniques
we will also use in the next section.

Theorem 3.2. (Proposition 1.3 in [1]) Let G = (V, E) be a finite connected graph and (o(x))zev
a collection of i.i.d. standard normals. Consider the divisible sandpile

s(z) =1+o(z IVIZ

yev
Then s stabilizes to the all 1 configuration and the distribution of its odometer e : V- — [0, 00) is

(e(2))wev < (n(z) —minn),ev,

where the n(x) are again Gaussian with mean zero and covariance

1

Eln(z)n(y)] = deg(z) deg(y)

> 9(z,2)9(2,y).

zeV

Here g is defined by g(x,y) = ﬁ > ey 9°(x,y) and g*(x,y) is the expected number of visits to
y by a simple random walk started at x before hitting z.

Proof. Define for x,y,z € V,

g% (z,y) = E [number of visits to y from a random walk starting in x before hitting z] .

For z,z € V fixed we find that A% ("E(’y) =0, — 6, and ¢g*(z,2z) = 0 (see for a more thorough

discussion of this fact Appendlx where we perform this calculation in the case V = Z2). We
subsequently set g(z,y) := gz(oc,y).

As we have already seen above in Lemma the divisible sandpile stabilizes since )\, o(z) =
n, and the odometer u satisfies s + Ae = 1, with mine = 0. Now set

v¥(y) = deg Zg (z,9)( —1).

Since A%zeg("')) =0, — 05, we have the following for y # z (note J,(y) = 0 in this case),

A = ¥ A% B @) <) = T 0.0 - L )sle) - 1)
zeV zeV
= 1-s(y).

On the other hand, if y = z, then

Ag(;(g(’;)) = 0.(2) — 8,(2) = 1 — 8,(2).

So in fact

Avi(z) = Y (1—6:(2)(s(z) = 1)

eV
— Z Z(s ) —1)=1-35(2).
eV zeV
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We find then that A(e — v?)

Because e — v* is constant, we also have that e — v is constant, furthermore

E[(s(2) = 1)(s(w) = 1)]

Zdegy) 2 9

zeV

- 1)

- =0 ( E:f@wO(%w—D
.
- d%()539<yxam—1»

We now explicitly calculate the covariance of v, note first that

Il
=
1
Q
O
|
S|
<
2]
Q2
s
~_
/q\
B
\
\
<
M
<

% (Z g(%%)) (Z g(w,y)

weV

n yeVv
- E]E U(z)Za(y) +%E
yev
= l.—u l - —+ =1,
Then,
Bp@W)] = e qe > oteslolw B ~ Dlstu) - 1)
Z,we
1
= m <§g(z,x)g(z7y) - P
Define K(y) == ey ffgi(gg Then AK = Y, ey £(

0, — 0y) = 0, so K is constant.

=)

_ _ z __ -2 — 1 z
= Ae — Av® =0, so e — v* is constant. Now let v = =" v*.

)

The

second term on the right then equals £ T so define Y ~ N (0 ( , 72), independent of v. Now if 5

is as given in Theorem [3.2] then

ngv—i—C.

Indeed, since v and C' are both centered Gaussians,

Furthermore,

E[(v(z) + O)(v(y) + O)] =

E[n(z)] = Ejv(z) + C] = 0.

Efo(z)v(y) + Cv(z) + Co(y) + C?]
Efv(z)u(y)) + E[C?] = ——

deg(x) deg(y)

> g(z,2)9(2,)

zeV

= E[n(z)n(y)].

So the result is indeed consistent. Now, ¢ — v is constant and mine = 0, so we need to have

. d .
e=v—minv =7n—min7n.
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3.3 Sandpiles with correlated initial distribution

In this section, we will use the same techniques as in the previous section and in [I] to derive
similar results for the odometer under a correlated initial distribution. Recall that in last section
we were working with the sandpile given by

1
s(x) =o(z)+1— il > o(2),

zeV

where (0(z)),cv was a collection of i.i.d. standard normal random variables. The question now
is what happens if we correlate (o(z)).eyv according to a covariance function,

E[o(z)o(y)] = K(z,y).

Here we will only consider the case where V = Z& := -5, 51N Z%, because this is
our main interest in the next section where we calculate the scaling limit. Note that we have
|Z&| = n?. In this section we will state and prove the correlated analog to Proposition 1.3 in [I],
we only consider the case where K (x,y) = K(x —y). Covariance functions of this form are called

stationary covariance functions.

Theorem 3.3. Let (0(z))yeza be a collection of centered Gaussian random variables with co-
variance Elo(x)o(y)] = K(x —y) and consider the divisible sandpile on Z& given by

s(@)=1+0(@) 5 3 of2)

z€Z2
for each z € Z&. Then the sandpile stabilizes to the all one configuration and the distribution of
the odometer e(x) is given by

e(x) £ n(x) — min n(2).

Here (n(x))geza is a collection of centered Gaussian random variables with covariance

B0 = g7

S K - gz a)g(y).

z,2' €LY

Proof. The proof follows the same strategy as the proof of Proposition 1.3 in [I], and in fact the
first part of the proof is exactly the same. A simple calculation shows us that

Z s(z) = nd,
2€7Z8
so by Lemma 7.1 in [I] the sandpile stabilizes and the odometer e satisfies mine = 0 and
Ae=1-s.
Now, since A% =4, — d;, we get that

v (y) =05 D 07 (@y)(s(x) — 1))

€L

n

satisfies the equation Av*(y) = 1 — s(y) for all y € ZZ. But then A(e — v?) = 0 for all
z € Z%, and thus it must hold that e — v* is constant on Z<. Setting v = # Y oeza V5 =

n?
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5 > ez 9(@,y)(s(z) — 1), we can see in a similar way that e — v is constant. So e = v + ¢ for
some constant ¢ € R, but because minu« = 0, it must hold that

u = v — mino.

Now, since each v(z) is a linear combination of (possibly) correlated Gaussian random variables,
v is again Gaussian with covariance

E[v(z)u(y)] = 2d)2 Y 9z )9 y)E[(s(z) — (s(z') = 1)]- (1)

We first observe that

> K(z—w) = > Kw') =" Kw),

weZd w’'e{z—w|weZd} weZLd

80 ) ,cza K(2—w) does not depend on z anymore, sosay ;4 K(z—w) = C. The expectation
in the summation can be calculated in the following way:

El(s(:) - )(s(=) - 1] = E[o() = 3 olw)| (o)~ 5 3 olw)

weLd weZd
1
= Eo(z)o(z")] ~E |o(z) 3 > o(w)
weZd
]' !
— E |o(2) — Z o(w)| + 2 Z o(w)o(w")
weZd w,w’ €LY
1
= K(z—z’)—ﬁ [K(z’—w)—l—/C(z—w)]—l—@ Z K(w—w')
weZLd w,w' €LY
2C  niC C
= ’C(Z—Z/)—W —2d =K(z—2")— e
If we now plug this into [I} we obtain
E = ! K ! ! ¢ !
[v(z)o(y)] = 242 > Kz —2)g(z2)9(2',y) — I 2d)E > g(za)g(2,y)
2,2/ €24 z,2' €24
2
B 1 K , , C
z,2' €24 z€Z4

2
Here we used the fact that ) ;. g(2, ) does not depend on  anymore. Call R = ng)g (ZzEZd g(z, x)) )
and define Y ~ N(0, R) independent of v. Then

(U + Y)wEZg i (U(l’))zezg{

Where (1())ez4 is a collection of centered Gaussians with

1
(2d)?

En(z)n(y)] = > K(z—2)g(z2)9(2,y),

z,2' €LY
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Now since e — v is constant and mine = 0, we find

el n — min 7(z).
z€LE

3.4 Brief summary

In this section, we have first defined our divisible sandpile. On a finite, connected graph G =
(V, E) we defined s : V' — R, where for each discrete time step, a site x € V' topples if s(z) > 1.
If = topples, it distributes mass s(z) — 1 equally to its neighbors while keeping mass 1 to itself.
The sandpile stabilizes if each site x has mass s(z) < 1.

Consider e : V' — R to be the mass emitted by a site up to and including discrete time-step
t. If the sandpile stabilizes, we call e = lim;_, e® the odometer of the sandpile. We then saw
(Lemma Lemma 7.1 in [I]) that if >° _, s(x) = |V, then the sandpile stabilizes and the
odometer e satisfies

s+ Ae=1,

with mine = 0. As the sandpile evolves deterministically, our main interest was the probabilistic
distribution of the odometer e when the sandpile is defined by

1
s(x) =o(x)+1— v Z o(z),

zeV

where (0(2)).ev is a collection of i.i.d. standard normals. Now Theorem [3.2| (Proposition 1.3 in
[1]) tells us that e is again Gaussian,

d .
e =1 — minmn,,
zeV
where (1),)zev is a collection of centered Gaussians with covariance

1

En(@n() = Goate) deaty)

> 9(z2)9(2,9).

zeV

The question we have attempted to answer in this section is what happens when we take the
(0(2)).ev to be correlated according to some correlation function K,

Elo(z)o(y)] = K(z —y).

We have taken V = Z%, and using the same proof techniques as [I], our key result is Theorem
[3-3] which tells us that for K a stationary covariance function, our odometer is again distributed
as

€e=1- ;IEHZT% Nz,

with this time )

E[n(x)n(y)] = 2d)2

S K(z - 2)g(za)g(, ).

z,2' €LY
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4 Stabilization speed for the divisible sandpile

4.1 Introduction

We consider again the divisible sandpile on Z¢ for n > 3 with initial configuration given by

s(@) =1+ o)~ 5 3 ol2),

z€L2

where (0(2)).eze is a collection of i.i.d. A(0,1) random variables. We write s;(z) = s(z) +
Ae®(z) for the mass present at site x € Z¢ at discrete timestep ¢ > 1 and we set so(x) := s(z).
Now one might think that after enough timesteps, the divisible sandpile stabilizes to the all-one
configuration. At the end of the day, there is only a finite amount of mass we are shuffling around
on a finite grid, so as Jeremy Clarkson would say: “how hard can it be?!” As it turns out, very
hard. In this section we will show that this intuition is wrong and the divisible sandpile does
NOT stabilize in finite time, and we have the relation

s+Ae=1,

only in the limit. We first consider a simulation of the divisible sandpile on ZZ,, we have a
“before” and an “after” picture

Figure 9: Sandpile: initial configuration and after 10.000 timesteps.

At first look, it may seem like we have made a programming error, as the sinks look unusual:
it looks like we have “lost” mass in our graph. This is, however, not the case: analysing the
image reveals that the rest of the graph actually does not have mass 1, but is in fact higher than
1 by a small amount, making all these sites unstable. In each iteration, the heights get shuffled
around, and only a very small amount will end up in the sink.

4.2 Main proof for n > 3

QOur main theorem of this section then is:

Theorem 4.1. The divisible sandpile (s(z))zeza for n > 3, where s is as defined before, does
not stabilize in finite time almost surely.

We will prove this theorem in a few steps, but the idea is very basic: once we find two nodes
x,y that are adjacent to each other, where at least one has mass > 1, and the other mass > 1,
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we are done. Indeed, the unstable site z will distribute some mass to its neighbor y, making y
unstable in the next iteration. In the next step then, y will topple and give some mass to x.
Again now z is unstable, and will give some mass to y again, and we can continue like this. This
mass will decrease in each iteration, but it will only be zero in the limit.

Figure 10: The idea behind our proof: there will always be at least one unstable node.

Lemma 4.2. Let s be a divisible sandpile as given above. If at any timestep t we find T ~ y
such that si(z) > s,(y) > 1, then we have that s;+1(y) > 1. As a consequence, the sandpile does
not stabilize in finite time.

Proof. Assume that we find 2,y € Z< and ¢ > 0 such that z ~ y and s;(x) > s;(y) > 1. We write
si(z) = 1+ c for some ¢ > 0. As sy(x) > 1, vertex z is unstable and topples in this timestep,
distributing its mass equally over its neighboring vertices. Now y ~ x and we consider two cases,
in the first case s¢(y) = 1. Then s;,1(y) > 14 53 > 1, as y receives 53 mass from z. If 5;(y) > 1,
then y topples and keeps mass 1 to itself. Because x also topples in the same timestep, we again
find s441(y) > 1+ 55 > 1, thus proving the claim. In the same way, we see that in timestep ¢ +2,
we have s;yo(x) > 1. Proceeding inductively, the result follows. O

The problem then reduces to finding two sites =,y € Z¢ with z ~ y, of which at least one has
mass > 1. Indeed, if we find this we can use the above lemma to show that the sandpile does
not stabilize in finite time. Our next claim is that we can always find such x ~ y after just one
iteration.

Theorem 4.3. At timestep t = 1, there are x,y € Z¢ with x ~ y such that si(z) > s4(y) > 1.

If we have proven this theorem, we can utilize Lemma to obtain that the sandpile does
not stabilize in finite time. The idea behind the proof and the theorem is that there is “too much
mass” in the graph for this not to happen.

Proof. We write

Vti={zeZ%:5(z)>1} c Z¢,
for the collection of all sites that topple in the first iteration. VT is non-empty, this is easy to
see: if V' is empty, then s(z) < 1 for all z € ZZ, because we have P(s(z) = 1) = 0 for all z € Z4.

n?

If s(z) < 1forall z € Z%, then Y, ;. s(z) < n?, and this is a contradiction. Now, if there exist

two x,y € VT such that  ~ y, then we are done, as we will have s1(x), s1(y) > 1 by Lemma
Therefore it is enough to consider only the case where each z € V' is isolated in the sense that
we have for no z,y € VT that x ~ y. In this case, we have for all z € VT that s(y) < 1 for all
y ~ . Choose x € V™. We can either find y with y ~ @ such that s(y)+ 55 >y (8(2)— 1)t >1,
or we have for all y ~ z that s(y) + 55 > .y(8(2) = 1)T < 1. We will show that the first case
leads to the desired result, while the second case gives a contradiction almost surely for n > 3.
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In the first case, we find that since for all z € VT, we have s(z) > 1, these sites topple. Now
as there is a y such that

with y ~ 2z, and € V't the result follows because s;(z) > 1.

Now consider the second case: Fix z € V*. Then for all y ~ z we have that s(y) +
= > .y(8(2) = 1)T < 1. In words: after the first toppling, all sites adjacent to any site in V*
still have mass of at most 1. In this case, we either find a y ~ 2 for some z € VT such that

1
s(y) + 24 (Z(s(x) - 1)+> <1,

T~y

or we have for all z € VT, and y ~ x that

s(y) + % (Z(s(x) - 1)+> =1

xz~y
We show now that the first case leads to a contradiction. We write
Vti=vtu{zeZ: 2~z for some z € Vt} = V*+ U { all neighbors of V*+}

and look at

Z s(z) = Z s(z) + Z s(2). (2)

2€ZE 2eV+ zeZ;’lL\Vur
As we have for all z € Z% \ V* by definition that s(z) < 1,

Y s(z) < |zo\VE <0t = V. (3)
z€Zd\V+

Note that equality in the above occurs in the case where Z2 \ V+ s empty. Now, if z € VT
topples, it distributes its mass over the neighbors, and by definition we have that these are in

VT, so in fact
Z s(z) = Z s1(2).

zeV+ zeV+

We have already seen that each z € V' is isolated, so that it does not receive any mass from
toppling neighbors, then

Zsl(z) = Zsl(z)Jr Z s1(2)

zeV+ z€VT ZeVH\V+

= Y (s + 5 S 1)

zeVH\V+ z~y

VE + VF = [VF = [V,

A

The last inequality is due to the fact that we could find at least one y € V+ with s(z) +
= > ey (8(x) = 1)T < 1. However, taking the above result together with Equation and
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Figure 11: Visualisation of the proof on ZZ. The blue nodes are the nodes in V* \ V1, while

the red nodes are the nodes in V*. A + denotes nodes with mass > 1, a — denotes nodes with
mass < 1.

plugging it back into Equation , we obtain
LTI SFCEED SIE
zEZgL 26‘7+ ZEZZ\V'*’
< [VH4nd— [Vt =nd
and this is a contradiction as Y _ ;4 s(z) = n? by definition of s. Now we still have to show that
forallz € VT and y ~ x

s(y) + ¥ xNy(s(a:) -t=1
almost surely does not happen when n > 3. We prove this in a separate theorem. [

Theorem 4.4. In the notation of above, we have for fivred x € V™ and y ~ x, that
P (s(y)+ =S (s(z) — )F =1] =0
ST 9 25 )

forn > 3.

Proof. For more convenient notation, we write



Note first that

P(dw+;i @@)1W>PCWD+%§ZM@NM@O>

z~Yy

Next, enumerate the neighbors of y from 1 to 2d. It is then clear that proving the above
probability is zero is equivalent to proving that for any combination of neighbors x1,...,x: of
y, 1 < k < 2d, we have

1 k
—dz =0.

Explicitly calculating the above gives

1< 1 1< 1
*dz —ﬁ U(w)‘FﬁZ U(xj)—ﬁ o(w)
Jj=1 weZd Jj=1 weZd
—o) = o)~ (142 ) = S o(w)
_O'y 2dj=10xj 2d d — w

As we are only interested in the case where the above equals zero, we multiply everything with
n? and find that the above is equal to

( (1 + de» o(y) + (;2 (1 + 2]2)) io( ) - (1 + de) 3 o(w).

j=1 weZi\{z1,....xk,y}

This is a linear combination of the i.i.d. Gaussians (0(z))zeza, which is never equal to zero
unless all coefficients are equal to zero. However, as we have taken n > 3, and k < 2d, the first
coeflicient is always > 0. This proves the claim. O

Now putting the above theorems together, gives the claim that the divisible sandpile on Z2
almost surely does not stabilize in finite time.
Remark: Note that the above proof also works for more general variables. We can repeat the
proof for any sandpile configuration with continuous, i.i.d. weights (o(z)),eza -

4.3 Thecasen=2,d=1

Note that in the case ZZ = Z, the sandpile stabilizes after the first iteration. There are a few
reasons why the above proof fails in this case. As we have taken n > 3, we find that each node
has 2d neighbors, however this does not generalize to the case n = 2, where there are only two
nodes, each has only the other as neighboring node. Here we indeed have

P (s(y) + 2id

This is seen in the following way: as deg(x) = 1 for x € Zs, we constantly replace the factor 2d
by 1 in the proof of Theorem [£.4] Note that the only neighbor of y, has to have s > 1. Looking
at the last line, we see that this becomes for k = 0,1

2-(1+k)o(y) +2—(L+k)o(x)—(1+k) > ow). (5)

weZ\{z,y}

(s(z) — 1)* = 1) =1 (4)

z~Yy
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For k = 1, the first and second coefficient are equal to zero, and as Zs \ {x,y} = 0, the last term
vanishes as well. As a consequence, we see that Equation simplifies to 0, so that indeed
holds.

Brief Summary

We have seen that the divisible sandpile, defined as before, almost surely does not stabilize in
finite time. We have first observed that, whenever we find two neighboring sites x,y, of which
one has mass > 1, and one > 1, then the process only stabilizes in the limit. In order to find two
of these sites, we partitioned our graph in VT, the sites with initial mass > 1, V*\ V', the sites
which receive mass in the first toppling, and Z2 \ ‘~/+, the sites which don’t receive any mass in
the first toppling, and have initial mass < 1. We have seen that it is enough to only consider the
case where each z € V7 is isolated, in other words, no two =,y € VT are neighbors. In this way,
no x € V7T receives mass after the first toppling. In this way we have seen that

Yo siz) < |ZE\VTand Y si(z) =1

2€LZI\V+ zeV T

Now if we can not find a y € vt \ VT with mass > 1 after the first toppling, then either all
Y € v+ \ VT have mass 1, and we have shown that this almost surely does not happen. In the
other case, we can find y € V* \ VT with s1(y) < 1. In this case e 51(2) < [VE\ VT
This leads to a contradiction, as

nd = Z s(z) = Z s1(z) = Z s1(z) + Z s1(z) + Z s1(2)

z€Z8 z€Z8 2€ZI\V+ z€VT ZEVH\V+

< |ZENVH + |V + [VE\ V] =nd

So there must be at least one y € V*+\ V* with mass > 1. As y ~ x for some z € V*, and
has mass 1, we are done.
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5 Scaling Limit for i.i.d. Gaussians

5.1 Introduction

Consider a simple random walk on Z. That is, define Xy = 0, and for all n € N
X, = { 1, w.p.

-1, w.p.

Now set S, := ZZ:O Xi. We can make a plot now of the random walk, as it will look something

like in Figure In this picture we see that we first jump down, then make two jumps upwards,
a jump down again, and so on.

NI

Figure 12: A plot of (S,,)n>0 for n < 50.

In general, we want to be able to quantify our random walk. For example, we might want
to know the probability of S, > 10 for n very large. As S, takes values in [-%, 5] N Z, we
can explicitly calculate this probability. Consider P(S,, = k). If n is even, then S,, takes only
even values, and if n is odd, S,, takes only odd values. To this end, assume that both n and

k are even. As we require S,, = k, we need to have k jumps up, ";k

"T_k jumps down, not necessarily in that order. The problem is then equivalent to computing

how many combinations there are where we have ”TH“ jumps up, and 25% jumps down, and this

2
follows essentially a binomial distribution. We have, for k even,

- ()2

P(S, 210) = (nz’c) (;)"

10<k<n 2
k even

jumps down, and again

Subsequently,

Now, even though it is possible in theory to explicitly compute this probability, it is usually not
very practical as the binomial coefficients are computationally expensive to calculate. Another
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approach then is to use a limit theorem, the Central Limit Theorem roughly states that for a
sequence of reasonable enough i.i.d. random variables (X,,),>1, the following convergence holds

Zk:l Xy — E[Xl] i Z,
ov/n

with Z ~ N(0,1). In our case we have E[X;] = 0 and ¢ = 1. Now, by the Central Limit
Theorem S,,/v/n — Z in distribution, and for large n we have 10/y/n — 0, so we obtain

Sn 10 1

IP’(SHEIO)_IP’<\/EZ \/ﬁ> ~P(Z>0)= 5

Note that this is a much quicker and easier way to approximate the probability we could not

explicitly calculate before. This is exactly the reason why studying scaling limits is so useful,

because instead of working on a gigantic discrete space, we can circumvent the combinatorics

and approximate our probability with a continuous model. In a lot of cases this simplifies our
computation significantly.

This Section, with the exception of subsection 5.6, is entirely based on Cipriani et al. [5], and
the purpose of this section is to explain the techniques they used to prove Theorem 1 in [B]. It
is perhaps important to remark now that we will not go into full detail with their proof, as we
believe it is more important to explain “the big picture” of what is happening.

5.2 Scaling limit of the odometer in the i.i.d. case: the limiting field

We consider a divisible sandpile s on Z¢ associated with the initial i.i.d. weights (o(2)) zezd, as
described in Theorem Write e, : Zfll — R for the odometer in this case, as we have seen

d .
en = (n — Inin n(z)> ;

with (1(2)).cz¢ centered Gaussians with

1

Eln(z)n(y)] = deg(z) deg(y)

> glz,w)g(w,y).

weZL

As we want to calculate the scaling limit, we are interested in the behaviour of e, as n — oo.
Now, €, is defined on Z¢, and in a sense we can view ~Z¢ as a discretization of the torus T¢.
Our limiting field will then also be some sort of function on T¢, however it will turn out to be a
bit more subtle than that. First of all, note that we have, for A the graph Laplacian,

AE@) = A3 | g O sl@wlguy)
wezd
_ glz,w) . glw,y)
= S deg(z) Y dea(y)

weZd
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Now recall our previous calculations with the graph Laplacian (see for example the calculations
in the proof of Theorem . We find

g(w,y) 1 1
=Y A (wy) = > = (6:(y) — duw(y))
Yy 4~y d
deg(y) z€Z3 " z€Zd "
1 1 1
= Z 5z(y)*m Z 5w(y):m*5w(y)~
z€Z8 z€ZE

Plugging this into the above yields

A g9(z, w) ( L )> A2 g(z,w) g(z,y)

Y nd L )
ez deg(z) \ n e deg(z)  deg(x)
1
= 0;(y) — —.
v) — 3

This is because % Y wezd g(%’(wm; is constant, and thus vanishes under the graph Laplacian. For

the second term, we can repeat the same computation as above. All of this together gives us
that

AEln(z)n(y)] = 6:(y) — —

So in a certain sense, our covariance matrix approximates the inverse of a discrete bi-Laplacian.
We will call the limiting field Z. It might now be tempting to simply take the limit n — oo in
the above and to conclude that the continuous limit is exactly the inverse bi-Laplacian, but there
are a few problems with this. First of all, the limiting field = is infinite-dimensional, so how do
we quantify a covariance matrix in this case? Second, how does one go about rigorously proving
convergence for random variables taking values in infinite dimensional spaces?

Before answering these questions, we first need to build up some theory around Fourier
analysis and Sobolev spaces on the torus T¢.

5.3 Sobolev spaces on the torus T¢

For any smooth, rapidly decaying function ¢ on R, we define the Fourier transform on R to be

2(6) = / (@)’ de.

Now note that, by integration by parts,

Z(¢) = / L @)ets de = (1) / (@) s = (—i)" ().

dz" R dz”

Funny thing really, since we found that ¢()(£) = (—£)"p(£), we can in this way define fractional
and negative order derivatives in the following way, for ¢ € R we can say

—

o (@) = (=676 (©)

Now, since the Fourier transform is also defined on T¢, we can do something similar to what
we have seen above. We define for any function f € L?(T?) and v € Z4,

~

Foy= [ f@)erms de,
’H‘d
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Subsequently for all z € T,
fa)= 3 Fpe2mee,
vezd

We can define for any a € R the operator (—A)® by the action of its Fourier transform, let
(ey),cza denote the Fourier basis of L2(Z%) (i.e., e, := exp(—2mw)) and u(V) = 3, 5 U(v)e, (9).
Similar to what we have seen on R%, we define

(=AY awe, @) = Y [v[*aw)e, ().
vezd veZ\{0}

Note that ©(0) = 0 since w is a mean zero function. We define the Sobolev space of order —1
H~(T?) to be the subset of L?(T¢) such that the norm

Jul? = (%A_QU)LZ‘(W)-
is finite. Using the Fourier transform, we can now see what this norm actually means:
2= > vl *aw) .
veZ\{0}

We have essentially just rescaled the Fourier coefficients. This norm will turn out to be very
important in the construction of our field Z, as we will see in the next section!

5.4  Construction of the limiting field =

The presentation here is based on [5] and is a quick rundown of the “Abstract Wiener Spaces”
section in the preliminaries section. We write e, (-) for the odometer on Z¢ associated with the
iid. weights (0(2)).eza. Set

Ea(z) == 4% n%en(nan(z @),

z€T4

for x € ']I“,il. Here we have taken B (z, ﬁ) in the £°° norm, so instead of a ball, this will look

like a box. Theorem 1 in [5] tells us that, as n — oo, Z,, % = in the Sobolev space H_.(T?) for
e > max{l + %, g (don’t worry about this last part just yet). However, up until now we have
not really explained what = actually is. In this section we will explain and quantify what = is.
As =, is a function on T¢, we might expect our field Z to be that as well. However, as it turns
out = can be seen as a random distribution on T?. In this way, we consider Z as a collection of
random variables {(Z,u) : u € H~Y(T%)}, where (-, -) is the usual L2-inner product. Each (Z,u)

now is a Gaussian random variable with E[(Z,u)] = 0 and
E [(2,u)?] = [[ul®y = (u, A7) p2(ra).

Now for a more rigorous construction of =, we refer the reader to the Preliminaries section. Here
we will state just the essentials to understand the proof of Theorem 1 as given in [5]. Define the
equivalence relation ~ such that f ~ g if they differ only by a constant. We set for any a € R:

Ho(TY) := {u € L*(T?) : (—A)"u € L*(T%)}/ ~,
and supply Hq(T9) with the norm

lullze, = ((=8)"u, (—=A)"w) 12 (ra).
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Then = € H_.(T?) for e > 1 + %. Note that actually = is the random distribution associated
with the Gaussian probability measure p_. on ’H_E(Td). Here p_. has characteristic functional

o0 = (~14124),

However strange this definition may seem, it is in fact the infinite-dimensional version of a random
variable X taking values in the 1-dimensional space R, with characteristic function
+2

E[e4X] = e %

For now, just think of = as a random surface, that we can only quantify through
inner products.

5.5 Proving convergence of =,

We repeat Theorem 1 in [5],

Theorem 5.1. Let d > 1 and (0(x))zeza be a collection of i.i.d. standard Gaussians. Let
en(-) 1= eza(-) be the odometer on L% associated to these weights. The formal field

E,(z) := 4n? Z n%en(nz)lg(%%)(x), zeT?
z€Td

converges in law as n — oo to the bilaplacian field = on T¢. The convergence holds in the Sobolev
space H_.(T?) with the topology induced by the norm || - ll2_.(ray for any e > max{1 + %,% .
In this section we will dissect the proof of this theorem as given in [5], and explain the
motivation behind the steps taken.
For random variables (X,,),en taking values in the 1-dimensional space R, proving conver-

gence X, 4 X s relatively simple. A common technique is to look at the convergence of their
characteristic functions. Write ¢, (t) := E[exp(:tX,,)] for the characteristic function of X,, and
©(t) := Elexp(:tX)] for the characteristic function of X. If

on(t) = @(t), Vi €R,

then X, 4 X. As we have already hinted at before, a similar approach is necessary in the
infinite dimensional case: in our case we will be dealing with the sequence (Z,,),en in the space
H_.(T9), with limit = € H__(T%). Now, a remark under Lemma 2.2 in Section 2.1 in [T] states

that for random variables X,, taking values in a Banach space B, X, 4 X as soon as for all

f € B’ we have f(X,,) KA f(X) as a sequence of real-valued random variables, and the sequence
(X )nen is tight, meaning for all € > 0 there exists a compact K C B such that for all n € N,

P(X,€K)>1—c¢.

Subsequently, to show that the convergence =, % = holds in H_.(T?), we need to show two
things:

1. The sequence (Z, ) en is tight in the space H_.(T9).
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2. For all mean zero u € C*(T9), we have
(En, u) 4 (2,u) as n — oo.

The proof of is then split up in two parts, we first show the convergence of the real valued
random variables ((Z,,,u))nen for any mean zero u € C>°(T9), so

(En,u) 5 (Z,0), Yu € C®(T?).

The authors of [5] call this (P2). Now by Theorem it is enough to show E[(Z,,u)] —
E[(E,u)] = 0 and
E [(Znw)®] = E [(2,0)°] = ||ull;.

The authors of [5] prove this in a few steps. They first show (=, u) is a centered Gaussian
random variable for all n € N through a straightforward argument:

(Ep,u) = 4n° Z n%en(nz)/

Tdu(m)lB(zwi)(:ﬁ) dr = 47 Z n%en(nz)/ u(zx) dz.
z€Td )

z€Td B(z,ﬁ)

Now, recall that e, (nz) 4 (Xn= — min, ¢za Xz'). If we then plug this into the above equation,
we obtain

42 Z n%en(nz)/

1
ZET% B(in)

2n
—r Y n s [

z€Te B(z37)

u(x) dz 2 42 Z nzT (an - Zrlxéizr% Xz/) /B(Z ) u(z) dz

z€T4 2n

’277,)
. o d—4
u(z) de — [ min y, | 47°n 2

u(z) dx
2' €74 Z%/B(z,;n) @)

z€T

2n

As we have taken u € C*°(T?) to have integral 0, we see that the last term vanishes, so in fact

<En7u> g 47T2 Z n%an/ U(ZE) dz.

1
ZET;iL B(z’gn)

Now we recall from that x,. are centered Gaussians, so E[x,.] = 0 for all z € TZ. Further-
more, note that (Z,,u) is a Gaussian random variable again, as it is a linear combination of a
finite amount of Gaussians. The claim then follows, as E [(Z,,,u)] = 0 for all n € N, so the limit
agrees with E [(E,u)] = 0. The proof for the second moment is way more technical, and to this
end the authors of [5] start off by proving the following Lemma (Proposition 4 in [5]):

Lemma 5.2. The odometer e, (-) on Z% admits the representation
d .
(en(®))zeze = (Xw — min Xz) )
" 2€Zg,

where the x, are centered Gaussians with correlation

n=¢ exp (2mu(y — z) - £)
Elexy) = = - nl (6)
1 zezgz\{o} (Z:-izl sin? (77%))2
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The proof relies on the Fourier transform of ¢,(a) := g(z,a) = g(a,x), where g is as defined
before. We have for all a # 0,

)\ag\x(a) = —2dn_d exp (—27“/;5 . g) .
n
Here we set )
o= =4 sin? (T2) we z.
;sm - w a4
For a = 0 we find

G2(0)=n""Y" guly) = L

yELL

Now the proof of the above assertion follows from applying the Plancherel Theorem to the
covariance function in [3.2] and using the above facts for the Fourier transform of g,. For the
second moment, we approximate the integrals by their value at the centre,

/ u(z) dz = n"%(z) + K, (u).
B(2,3)
We obtain

<En; = 471'2 Z n T an/ u(a:) dzr = 47'('2 Z n7(€+4) anu(Z) + Rn(u)
B(

1
z€TY Z30) z€TY

For now, we will disregard the R, (u) term, but it can be shown that E[(R,,(u))?] — 0. Our focus
here is on the first term, by neglecting R,,(u), we find the following:

(En,u)? = | 472 Z n=" Xnzu(2) | | 47* Z =7 Xnzu(2')
z€Ty 2'eTd

=167" > 0y xpau(z)u(?).

z,2' €TY

The beauty now comes when we take the expectation and plug in the covariance from @ We
see that

— I .
B[] =t 3 n-CH () b Unl-z) v} 7)
2,2/ €Td weZi\{0} (Zi:l sin® (ﬂ-%))

Note that the above sums are finite, so we can exchange their order:

ip—4
(7) = g n~4 E Yexp (2mLz - w n~¢ E Yexp (—2mz’ - w
a d in? (pwi p( ) p )

wezg\{0} (D i_; sin® (2 ) 2€Td 2/ €Td

We denote by u,, : Z4¢ — R the function defined by u,(-) := u (5) Recall the Fourier transform
on Z%, and one might now notice that

n~=¢ Z z)exp(2mz - w) = n~? Z un (2) exp (sz . %) = Uy, (w).

z€Td z€74
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Notice as well how the above approximates a Riemann integral, and since u is sufficiently smooth
we have the convergence w,(w) — u(w), where 4 is just the regular Fourier transform on T¢.
Similarly, we see that the third term is equal to w,,(w), so plugging this into the above, we find
that it simplifies to

rin =4

we%{‘)} <Z?:1 sin® (W%»

To deal with the fraction term in the summation, Cipriani et al. have made a sharp observation:
Lemma 7 in [5] says

5 [ (w)|*.

Lemma 5.3. There exists ¢ > 0 such that for alln € N and w € Z4 \ {0} we have

1 d - 1 c\?
T <4 ; 2( ) <|— 1 =
el =" @“ = \Jrwl? ™ w2

Multiplying by 7% and subsequently taking the limit of n — oo in the above, we see what it’s
really about. We find

TWw;
n

min—4 1

— .
2 2
(E?:l sin® (71'1‘7}{)) ol

The proof is based on the approximation sin(z) a x for small . Now, as n — oo, the argument
in our sin’s also tends to 0, so heuristically speaking,

d TW; d Tw; \ 2
Zsin2 (—l) ~ Z ( l) =n"?||7w|?
i—1 n ; n

In this way we can see,

)

- 2(7rwi) n?t

3" sin L

; n [[rw||*
=1

Now Lemma follows by scaling appropriately. For a more rigorous proof, we refer the reader
to [B]. Using this approximation then, it is enough to show the convergence of

Yo el = > Lueggllwl ™ (w). (®)

wezZi\{0} wezd\{0}

Ultimately, we would like to switch limit and integral in the above, to obtain (note Lyezs = Lyeza
and U, — U):

i Z Lyeza[lwl]| = in (w)|* = Z [w]| = a(w)? = (u, A™u) 2 (gay. (9)
weZMN{0} weZN\{0}

In the case d < 3, we see that for some C > 0 and n large enough,

) = |2 3w (Z)ew (2r0- )| < 203 fu(2))

z€Zd z€Zd

IN

c/ fu(2)] dz < Cllull s zay < 0.
’]I‘d
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S0 Lyeza |wl|=*|tn (w)[> < CQ||w||_4||uH%1(Td). As this function is integrable over Z¢ when
d < 3, we can use the dominated convergence theorem to switch limit and integral as in [0 and
the required convergence follows. The case d > 4 is more complicated, as we can not easily
bound our function by an integrable function anymore. The strategy used in [5] (and we will

repeatedly use in the next section as well) is to use a mollifier. For now, we will only heuristically
explain what is happening in their proof. Take any ¢ € S(RY) with compact support on [—%, %]d
and [p.¢(x) do = 1. Write ¢,.(z) := k% (£). We now know a few things about the Fourier
transform 5; First of all, as ¢ is smooth, the rescaled ¢, is smooth as well, so the Fourier
transform @;({) decays rapidly as |{| — oo. Second, ¢, will resemble a delta peak, so we would
expect the Fourier transform to g/b:(f) — 1 pointwise as k — 0. The fact that g/b;(f) — 1

pointwise as k — 0, and that @(5 ) decays rapidly in £ for all k > 0 makes this a very useful tool
in proving convergence. Cipriani et al. use this to split up @[) in two parts. We have

Y. A-Gr@) el Mam)P + Y Grlw)lwl T m w)]. (10)

weZd \{0} weZd\{0}
We will be taking the limit n — oo and k — 0. First, they derive a clever bound. We have
|Pr(w) = 1] < Crl|wl],

for some C' > 0 and all w € Z?. We then use this to swiftly bound the first term in ,

Y. A=) wlMamw)P<Cr Y wl Pl < Cr Yo fun(w)?

weZi\{0} weZi\{0} weZd\{0}

IN

CHHUHZLz(W) — 0,

as k — 0. For the second term now, we will first be taking the limit n — oo, and then the limit
k — 0. Note that we now have our Fourier transformed mollifier in the summation, which goes
to 0 rapidly, thus it justified to use the dominated convergence theorem to obtain

Tm > G| Mam@)P = Y Eaw)lw]a(w).

weZd\{0} wezZd\{0}

Now we have done away with the @, (w) terms. Moreover, we have the bound |, (w)| < 1 for all
w € Z%, so again we can bound the function in the summation by an integrable function. Using
the dominated convergence theorem again, we find

. —~ —4 2 -2
lm S )l aw)? = (4, A0,
weZAN\{0}

So by Theorem we have now proven for any u € C°°(T?) with integral 0, that

- d -
(En,u) = (B u),

with (2, u) ~ N(0, |lul|?,). Assertion (P2) as in [5] is proven now, however we are not done yet,
as we still have to show tightness of the sequence (Z,),en in the space H_.(T?). We closely
follow the proof from Section 4.2 in [5]. By Section 2.1 in [II], we have to find a compact
K C H_.(T?) such that for all n € N we have

P(E, e K)>1—c.
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Note that proving this is equivalent with showing that for all § > 0, we can find K compact such
that
supP(E, ¢ K) < 4. (11)
neN
Before we proceed, we state Rellich’s Theorem (as can be found in [5] or [6]), which will turn
out to be very useful in the next step of our proof:

Theorem 5.4. For ki < ks, the inclusion operator H*(T?) < H" (T%) is a compact operator.
Equivalently, if V. C H*2(T9) is bounded, then V.C H*1(T%) is compact.

From Section 2 in [5] (or see Appendix , we know that for any a there is an isomorphism
between H¢(T?) and H,(T?), so the above theorem will also apply for the spaces we are working
with. The strategy for showing tightness then is the following: as ’H,%(']I‘d) — H_.(T?) is a

compact embedding, it suffices to find a bounded K C H_¢ (T?) such that sup,,cyP(E, ¢ K) < 4.

Because if we have found such a K, then K is compact in H_.(T¢), and the required condition
(Equation [11)) holds for K.

We will show, as in the proof of (P1) in [5], that for any é > 0, there exists Rs such that
sup, ey P(En ¢ Bq.L% (0, Rs)) < 4. By Theorem this is sufficient. Note that this is just

equivalent to showing

supP (|[Zall; > Bs) <0.
neN 2

We now use Markov’s inequality to obtain,

_E[I=als ]

—_
=

Putting sup’s in front of everything above, we see that it is enough to show that E [ E,113 5}
-2

is uniformly bounded in n. First of all,
I1Zn 132 (pay = 167* 04" Z (xm - mln Xw) (Xny - rrélznd Xw) :
z,yeTd

So for n fixed, we have Z,, € L?(T?) almost surely, as it is just a finite combination of Gaussians.
Now, since =, € L?(T9) it admits a Fourier representation, so we have

IEall3_, = > vl

2
veZd\{0}

with

E,(0) = /T dan(r&)eyw) dy = 4x? Z 7T X / e, (0) dv.

zeTd B(z,3;)

Now explicitly calculating the expectation,

B[l =1t S S Rl [ e o [ e
veZd\{0} z,yeTd B(z, (¥:35)

—t6rt S S et H (na, ny) / e, (1) d¥ o, (@) dv.
B(z,35) B(y,3)

veZIN\{0} z,yeTY
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We write F,, : T¢ — R for F, ,(z fB(x N )el,(ﬁ) d¥. Now e, € L*(T?), so by Cauchy-

Schwarz we have that F, , is bounded and therefore integrable on T¢. We make the following
claim: there exists C’ > 0 such that

sup sup Z nd74H(nx,ny)Fnyy(:c)qu(y) <. (12)

d neN
veZs ne z,yeTd

If this holds true, we find that (because —e < —%),

E[IZlf ] = 167 > W™ Y n Hw,ny) P (0) Fun(9)

veZI\{0} z,yeTd

o0
< de—l—% < C < 0.
k=1

Since the last constant C does not depend on n, we have that the expectation is uniformly
bounded in n, which is exactly what we needed. Now in proving 7 we will stray off the beaten
path, as we believe we have found a shorter proof of this claim. First we denote G, ,, : Z¢ - R
for the rescaled version of F,, ., set G, ,(-) := F, . (;) We have

Z nd 4H(nx ny)Fnu( ) nt/ =C Z Z n 4€‘XP(27TL(SU*ZJ) (y)

z,yeTd z,y€Zd weZd\{0} (Zl | sin® () )

(13)
From [5], and before, we can bound n~* (Z?:l sin? (%))7 < C|lw||=* for some C > 0.
Furthermore,

(13)

IA

oYy SRemen ), o

i e [Jwl|*
7y€Zn weZn\{O}

= ot Yl G )| s ot Y [t

weZd\{0} wezd

’ 2

Now using the Plancherel Theorem, we obtain the following bound for some C’ > 0 (this is
calculation (4.18) in [5]),

3 ’c?,;(w) = 0 Y G ()G (@) =0 S Fu(w)Fyy (w)

weLd wezZd weTe

72d2/

weTd B(w,z7)

n=24 lle|lr(ray < C'n%,

‘ 2

IA

|e,, )| d¥ = n*Qd/ le, (9)] dv

IN

Here we have used, in the second to last line, that |F}, ,(w)| < n~%: this fact is easily proven
as we are integrating a function bounded in modulus by 1, over an area of measure n~%. Now
putting all of this together, we have

1» <cn* Y ’C/L;(w)‘z < Cn2C'n 2 < ¢

weZL

This proves the tightness, and we are done.
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5.6 Calculating the covariance of the random variables (=, f)

In the previous parts, we have shown the convergence of the real-valued random variables (=, u).
We obtained that for each u € C*(T4), (Z,u) ~ N(0,]||ul|2;). Considering now {(Z,u) : u €
H~(T%)} as a collection of real-valued random variables, we might be interested in the covariance
of any two (Z, f), (Z, /). We can do this in the same way as the proof of 5.1} however here
and there we will tweak the argument to make everything work out. We state and prove the

following:

Theorem 5.5. For any pair f, f' € C>®(T%) of mean zero smooth test functions, we have the
following identity:
EKEv f> <Ea flﬂ = (A71f7 A71.]0/)L2(T‘7l)'

Proof. We find from [5], that

(Enyu) = 400~ 3" xsu(2) + Ra(u).

z€Te

Now,

E[(En, [){En, f1)] = 167*n~ DN " f(2) f/(2)ElXn Xne']) + R, f)- (14)

z,2' €TY

We first show that the first term converges to the required result, in the end we will specify
R (f, f') and show that it goes to 0 as n — co. Recall the covariance from equation (3.3) in [5].
Plugging this into the above equation yields

Ral(f. ) = a'n~2n=t N f(2)f 3 °

2
= wezg\{O} (Zle sin® (”Z”i))

2mi(z—2")-w

= qip—4 Z };(w) 2(t) 2" 19)
wezZd\{0} (ZL sin” (72 i))

Here we have defined f,, : Z¢ — R by f,(2) = f (%) for more convenient notation. Subsequently,
we want to say something about the behaviour of the denominator as n — co. We claim that it
gets arbitrarily close to |Jw||~*. Consider the following:

- — = 44y —4 1
(15) — Z Fulw (H )J|C|4( w) < Z | f(w) fr,(w)] p d n2 27 Q)|
weZd\{0} weZi\{0} (Zi:l sin (%))

We know from Lemma 7 in [5] that for some C' > 0 and all n € N, we have

min—4 1 C
<5

2 4
(S sin? () el o

On the other hand, we claim that 3, 74\ (o |ﬁ(w)?{:(w)| is uniformly bounded in n. First of
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all, by the Cauchy-Schwarz inequality

2

S )] < ST falw) DORIACHIE

wezd\{0} wezd\{0} w’€ZE\{0}
—d wy |2 —d / w’ ?
= (S PO X (7))

weZd w'€Zg

Now, n=4Y cza |f(w/n)|* = [ f(z)* dz < oo, so indeed the previous term is uniformly
bounded in n. Subsequently,

Y f"(H)“ W < on=2 0.

1
weZd\{0} H
It is now enough to consider only the convergence of
fn( )f ( _ e27n(z—z’).w
D D DI (G D D (16)

weZd\{0} 2,2/ €T weZd\{0}

Next we split our proof. The case d < 3 is more straightforward, since ||w|~* is integrable on
Z*. First of all, note that

Faw) =070 3 JEEE 5 [ e dr = flw).

d
z€Z4 T

Using this fact, we can use the dominated convergence theorem in the same way as [5]. We find

S F(w)f' (w )_(Aflf,A’lf')Lmrd)'

4
weZdi\{0} H ”

Next consider d > 4. In this case another approach is noccssary since Hw||’4 is not integrable on

Z4. To this end, take any ¢ € S(R?) with support in [f%, % and fRd ydx =1. For k >0

define ¢, (z) := k¢ (£). It is now sufficient to consider

e27rL(z 2')w

f fim, 3, SEFE) D e

z,2' €T weZd\{0}

as we claim

’
eQﬂ'L(Z—Z )-w

hmhmsupn 2d Z f) (=) Z (g&;(w)—l)W:O

e 2,2/ €T weZa\{0}

To prove this, we recall from [5] that

On(w) = 1] < Crifw].
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Subsequently we have

’
eQWL(Z*Z )-w

S @) Y (B -) S| = | ‘”f S )

2,2/ €T weZg \{0} weZd\ {0}
< Ch Y w7 fu(w) f(w)]
wezd\{0}
< Ch Y falw)Fh(w)].
wezd\{0}

As we have already seen before, > 74\ {0} | fn( ) ( )| < oo uniformly in n. Now letting x — 0
in the above expression gives the required result. We now look at the convergence of the other
expression,

. . 1ol - €
fim lm >, SR D )
z,2' €TY weZi\{0}

Since ¢ is a smooth function, transformed @(w) decays fast at infinity, resolving the issue with
the integrability of ||w||~*. We can now apply the dominated convergence theorem:

27n(z 2w fr
R D D (D S T D DR ||Zuﬁ|§w)'

2,2’ €TY weZi\{0} weZa\{0}

Now since |?¢:()| < 1 uniformly in s, we again utilize the dominated convergence theorem to
obtain

> Gl s DR oty 6
wGZd\{O} weZIN {0}

It now rests us to prove that R, (f, f’) = 0 as n — oco. The rest term is given by

(d+4)
2

Ralf f) = E | Ra(f)ann= 5" 57 f(2)x0s | +E | Ru(£)arn= 5 ST F/()xnr | +E[Ru(£) Ru(F).

z€Td 2'€Td
For the first and second term, we apply Cauchy-Schwarz and see:
2 2
E | Ra(f)4nn= "5 3" £(2)xn: (EIRD)E {420~ 5" 3" f(=)xns
z€T4 z€Td

C-ERL (N2, — 0.

IN

IN

The convergence to 0 follows from Proposition 6 in [5], which states that E[R2(f)] — 0. For the
last term, we use Cauchy-Schwarz again:

E[R,(f)Rn(f)* < B[RS (NHIE[RS ()] — 0.

Lastly, note that for large n € N there exists C' > 0 such that

E[(En, f)(En, f)]? < E[(En, £)?IE(En, £)°] < CUFIZL 120
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Now by the dominated convergence theorem (again), we have

E[(E, /)(E )] = lim E[(En, £)(En, )] = (A7, A7) ooy

5.7 Brief summary

We will now give a brief overview of what we have seen so far. Recall our definition of the
sandpile on Z%. We had initial configuration given by,

s(x)=14o0(z) — % Z o(z),

2€Z4

where the (0(7))zeza are ii.d. standard normals. In the previous section, we have already seen
that the odometer e, : Z¢ — R is distributed as

en(r) £ (77 - Henzg n(Z)) :

with 7 correlated, centered Gaussians. An interesting observation now comes looking at the
covariance of (1()),ez¢, we find (here A, denotes the discrete Laplacian, as can be found in
the previous section),

AZE(@)n(y)] = 6.(y) — -

In some sense, our covariance structure approximates an inverse bilaplacian. It can also be
thought of as a Green’s function for the discrete bilaplacian. The question now is whether our
field is still bilaplacian if we take the limit n — oo and consider our sandpile on %Z‘fl. To answer
this question, we walked through the proof of Theorem 1 in [5], step by step. We have defined
a rescaled version of the odometer, =,,, and we have seen that our limiting field is defined as a
distribution, = = {(Z,u) : u € H~}(T%)}, with

E [(E,U)Q] = (U7A72U)L2(Td).

The inverse bilaplacian A~2 was defined through the Fourier coefficients, as A ~ [|£]|?, we have

A=2 ~ ||¢]|=*. To rigorously prove the convergence =, A =, we had to check two things:
1. (En,u) < (Z,u) for all u € C™(T9), as a sequence of real-valued random variables.
2. The sequence (=, )nen is tight in the space H_.(T?).

The first statement was proven by first observing that each (E,,,u) is Gaussian, since it is a finite
linear combination of Gaussian random variables. Moreover, we have seen that E[(Z,,,u)] = 0.
We have seen that for a sequence of Gaussians (X, )neny with mean E[X,,] = m,, such that
my — m < oo, and Var(X,,) = 02 — 02 < oo, the following convergence holds

X, 5 X,
with X ~ N (m,o?). Thus to show the first assertion we have proven that

E [(En,u>2} — (u7 A_ZU)L2(Td).
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Because the first moments are always 0, this was sufficient. Now, to prove the tightness, we had
to find, for any § > 0, a compact K C H_.(T¢) such that for all n € N,

P(=, ¢ K) < 0.

We have found this K with a bit of a detour, we have used Rellich’s Theorem to first find a
bounded set V' € H_<(T?), such that P(E, ¢ V) < 6 holds. Since H_=(T?) — H_.(T?) is a
compact embedding, we have that V' C H_.(T%). So now we have a compact K :=V C H__(T4),
with P(Z,, ¢ K) < 4. This proves the second statement, so we are done.

After this, we used the same techniques as described above in proving that for any two
f, ' € C>(T%), we have

E[E, )E )] = (A7 AT ) 120y,

In this result we can see on the left hand side the L?(f2) inner product between the Gaussians
(Z, f),(Z, f), and on the right hand side the H~'(T¢) inner product between the test functions
f, f € C>=(T?).
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6 Scaling Limit for Correlated Gaussians

6.1 Introduction

In the previous section, we started with a divisible sandpile with Gaussian i.i.d. weights (0(7))zez4 -
We saw that a rescaling of the odometer e,, called =,, converges in law to the bilaplacian field
Z. We characterized this field in the following way: for any u € C*°(T%), we have that (Z, u) is a
Gaussian with (Z,u) ~ N(0, ||ul|%;). In this section, we consider the odometer e, for a divisible
sandpile given by weights (O’((E))mezg, where the weights are correlated by a certain covariance
function K (z,y), /

Elo(@)o(y)] = K (2,).

The most natural assumption to make on such a covariance function K is that it depends on the
distance between x and y. We thus set K (x,y) = K(z — y) for some even function K : Z¢ — R.
This is called a stationary covariance function. We will then determine the convergence of
the rescaled odometer by using the same techniques as [5].

6.2 Covariance functions on ZZ

There are, as ever, some challenges in defining a proper covariance function in our case. The
first problem is that our graph is changing for each n, so we will be dealing with a sequence
of covariance functions (K, )nen, where for all n, we have K, : Z¢ — R. In some way, these
covariance functions need to be related to each other. One way to define our sequence (K,)nen
is by first considering KC : T¢ — R with K(0). We will subsequently define for every n € N and
z,y € L,
x Yy
Elo(2)(y)] = Kulw — 1) = K (+ - 2).

n o n
In this way, we are discretizing the torus again, and considering our /C,, on discretizations of
T that get more refined as n grows. However, the problem with this definition is that we can
not generate an i.i.d. collection of Gaussians. To do this, we would like L(z —y) =1if x =y
and K(r —y) = 0 if  # y. The only function that satisfies this is & : T¢ — R defined by
K(z) = 1{.—0} for all z € T%. Seeing as we do most of our analysis in L*(T?) and L*(T?) the
function 1;,_g; is identified exactly with 0, and will thus disappear under Fourier transforms or
convolutions.
Another way to construct a covariance function that is defined on Z< for all n € N is to define
K : Z¢ — R such that (z,y) — K(z — y) is positive definite on Z2 x Z2 for every n € N. We
also require |||y (z4) < co. We subsequently define /C,, : 74 — R by K,, = Klza. An example
of such a K is given by

K:(LL'—y): ||x_y||—o¢’ fOI'],‘?éy
C, for x=y.

where C' > 37 .. [|2]|7*. First of all note that (z,2’) — K, (z — y) is positive definite for all
n € Z&. Choose any n € N. We have KC,,(z — 2/) = ||z — 2|7 = |2/ — 2| 7@ = Kn(2' — 2), so
K., is symmetric. Second, the matrix defined by IC,, is strictly diagonally dominant, as we have
Kn(z —2) 2 3. cza Kn(z — 2') by the way C' = K,,(0) was defined. Putting all this together
proves that K is positive definite for any restriction on ZZ. This time, we can define an i.i.d.
collection, by simply setting K(z) = 1,—¢y, as this is indeed a well-defined function on VAS
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6.3 Main results

In this section we will prove the following theorem:

Theorem 6.1. Let e, : Z& — R be the odometer associated with the weights (0(x))zeza, which
have covariance given K : Z* — R as described in Section 6.2. Set Cx =", cpa K(w) and define
for Cx # 0,
2N) = C,gl/247r2 Z n%en(nz)lB(%i)(m), x € T
z€Td

Then EX 4 2 in H_o(T?) for e > max{1 + %,% , where 2 is the bilaplacian field: we have for
all mean zero u € C*(T?) that (Z,u) ~ N (0, ||lul|?,).

Note that we are using the same definition of =, as in [5], but that we now added a scaling

factor Cy /2 This constant is necessary as we will see in the next few examples. We consider

the field Z,, without the appropriate scaling factor (so without the extra C,El/ 2), under different
kinds of covariances. We will indeed see that the larger Cx, the larger the peaks of our limiting
field.

Example 1: We consider a divisible sandpile on Z2 with correlation given by

7, forx =y
IC(SC - y) = _3
—llz =yl forz#y.
In this case, the factor 7 is chosen such that Cx is very small. In our case we have
Cx ~ 0.48,

when the summation is considered on Z%,,. We can now run a simulation of the scaling limit,
which will look as in Figure

Scaling limit of the odometer

Figure 13: Scaling limit of the odometer under negative covariances, K is as specified above.

We remark that in the i.i.d. case, the surface frequently fluctuates at a height of around 20,
with the minimum still being 0. In our case now, our peaks have a height of about 15. Our idea
of a “rescaled” bilaplacian field seems to make sense then.
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Example 2: We now consider a sandpile with covariance function

{7, forx =y

IC— =
=9 = oyl 2, foroy.

Now we have
C}C ~ 135,

so we expect our surface to have higher peaks than in the i.i.d. case. Simulating the sandpile
with this covariance, indeed confirms our expectations. See Figure [[4 Note that the peaks of
our surface almost hit a height of 50.

Scaling limit of the odometer

Figure 14: Scaling limit of the odometer under positive covariance K as above.

6.4 Proof of Theorem [6.1]

We will prove Theorem in a few steps. We will first derive a useful formula for the covariance
of the odometer e, (-) on Z<, similar to Equation (3.3) in [5]. After this we will use this to

determine the scaling limit, and at last we will show the tightness of our sequence (E,)nen in
the space H_.(T%). Recall from Theorem that the odometer had distribution

)= (- minn(s) )

z€Z8

with (for C,, our covariance on Z%),

Bl = G

D Kalz=2)g(z2)9(<',y). (17)

z,z'€Ld

We recall that the eigenvalues of the Laplacian A are given by (€ # 0):

d 3
— 4 .92 i )
Ae = ;:1 sin <7r—n >
Then:
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Theorem 6.2. Let e, : Z¢ — R be the odometer associated with the stationary covariance
functions (Kp)nen as above. Then

d .
en = | x— min x, | .
2€7Z2
Here () ,eza 18 a collection of centered Gaussians with covariance

__exp <2m(x —y)- %

Elaxg = Y. Kal€) 2 )Ziﬂn(%y)
¢ezi\{0} ¢

Proof. As we have remarked above, the covariance of the field (1(2)).cz¢ associated with the
odometer is given by

Eln(e)n(e)] = G

S Kulz = glz,2)g(< ).

’
z,2' €24

We denote ¢, (-) = g(-,x). Subsequently we utilize the Plancherel theorem to find

(22)2 ] Z%d Kn(z = 2")9(2,9)9(#, ) = @ Z;Zd 9(2,y) ng Kn(z —2")g(¢ )
n? -
= W Z 9(z,y) Z exp (27nz . fz) Kn () (8).

Z€ZS ¢ezs

Here we have used the fact that I, (z — 2) = K,,(2' — z), and then used the shift theorem. Next,
swapping the order of summation,

nd ¢ —
() = o 2 | T stwen (2ne- £ | K0m©

gezd \zeZd

n2d —~
= G O KlOROF0

gezd

We find ¢,(0) = > .74 9(2, ), which does not depend on z. In this way, we see that the first

term is constant, and thus vanishes in a similar way as in the proof of Proposition 1.3 of [I] and
the proof of Proposition 4 in [5]. Considering now the second term above, we recall Equation
(20) in [1], for £ # 0,

ixg)::AanidAgleXp(—2ﬂ1€~%).
Plugging this into the above, we obtain
exp (27n(x —y)- %)

E[Xme] = Z ,E:L(g) 22
gezd\{0} ¢

o1



Now we still need to show the positive-definiteness of H,(z,y). For any function ¢ : Z¢ — C,

such that c is not the zero function, we show that >° 74 Hyp(z,y)c(z)c(y) > 0. First of all,

since KC,,(z — 2’) is positive definite, we have

0< Z Kn(z = 2)e(2)e(2)) = Z c(2) Z Kn(z = 2)e(2). (18)

z,2' €74 2€7Z4 z'€rd

In the same way as above, we obtain

0 < i =02 Y Ka(©)ae)ae) = Y Ka(©)le©))>

gezd gezd
Since this needs to hold for all such functions ¢(z), we conclude that @(5) > 0 for all £ € Z4.
Next we find

_y)-&
eZﬂMm Y)

3 Halweleldly) = X i) 3 Kl

z,y€LY z,y€LY £ezi\{0}

= v Y g
ceza\foy ¢

=y Bl
ceza\foy ¢

Since )\g > 0 the positive definiteness of H,(x,y) follows, as we are just summing positive, real
terms. O

We are now ready to prove Theorem [6.1] We will use the same techniques as the proof of
Theorem 1 in [5], and as described in Section 5. We remark first that

£a©) = Y Ka(w)exp <2mw-i>

weZL

weZd
The proof is again split up in two parts, we first prove the convergence of moments, i.e.
=K 12 2
E[(Er,w)?] = [lulZ,.

In the next section, we prove tightness of (ZX),en in H_.(T¢). This then concludes the proof
of Theorem [6.1]

Proof. As we have =~ = Cr 1 QEn, we can recycle the first calculations in the proof of Theorem
1 in [B] to obtain

<E§7u> = C}EI/247T2TL?# Z anu(z) JrC,El/QRn(u)

z€T4
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In the same way, we can split the variance
E[(E,u)?] = 167Cc'n™ N " w(2)u(2)ElXnXnx] + C "EIRS (u)]
z,z'€Td
_ _d+t4
+47r2C,C1E n- 2 Z w(2) XnzRn(u)

z€Te

For the first term, we find

C,El 167r4n7(d+4) Z U(Z)U(Z/)E[anan’]

z,2'€TY

¢ exp (27TL(Z -2 %)
= C,E1167r4n_(d+4) Z u(z)u(z/)n—d Z Z K(w)lwezg exp <2mw . n)

A2
2,2 €T4 gezd\{0} \wezd £

=Cp'167m*n~* Z )\g2 Z K(w)lyeza exp (27TL’LU . 2) Un (E)Up (£).

£ezi\{0} wezs
Where we have used the same notation as before, with u,, : Z¢ — R defined by u,(z) := u (%)
We will now show convergence of the above in three steps; first we will show that the summation
in w is uniformly bounded and converges to Cx, then we will show that the other terms are also
uniformly bounded, at last we will split the proof for dimensions d < 3 and d > 4. First of all,
we have by assumption that K € ¢1(Z%), so

> Klwuerg oxp (20 £ )| < 3 Kwltuery < 3 K] < o

weZd weZ wezZd

Furthermore for each w € Z? we have ”C(w)lwezg exp (2mw . %)‘ < |K(w)]. We introduce

the notation ¥,,(K) 1= >_, cza K(w)lyeza exp <2mw . 5), and use the dominated convergence

n

theorem to find

Z lim K(w)l,cza exp (2mw . 6)
n—oo " n

weZd

> K(w) = Ck.

weZd

lim ¥,(K) = nh_)n;o Z K(w)lyeza exp (27TLU) : i)

n—o0
weZd

We remark here that since K, : Z¢ — R is even and positive-definite, all Fourier coefficients are
real-valued and > 0. It then follows that, since %, (K) = n?k,(€) for some &, it is real valued
and > 0 as well. Now, as we have already seen, there exists some C' > 0 such that

1674n 4 1

—_—— - ——| < Cn%
% €11
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Again, we find

Cl16min™t D" ATSL(K)En (O (€) — Cct D T S (K) i (€)n (€)

£ezd\{0} £ezd\{0}
<Cton > S (K[ ()
£ezd\{0}
<COn Kl Y. (@@ —o.

gezi\{0}

Here we have used the fact from [5] that dezd\ (0} |2, (€)|? is uniformly bounded in n. The
above computation shows that it is now enough to compute the limit of

Ct Y ET S (K (€)Tm (€).-

£ezi\{0}

In dimension d < 3, we have that ||£[| =% is integrable on Z%, and both |, (£)[? and %,,(K) are
uniformly bounded above, we can interchange limit and integral to find

Tim Gt Y TS (K)an (@)@ (€) = lim Gt Y Leena €] S0 (K) @ (6T (€)

£czd\{0} £ez4\{0}
=Cc" ) llEl el = > lgl Tt ace)|
cezd cezd

In the case d > 4 we can again use a mollifying procedure. For ¢ € S(R?) supported on [—%, %]d

with integral 1, we set ¢, (z) := k7% (£) for k > 0. Recall our previous technique, we show

first that .
lim lmsupCet > (g7 (1= 0a(8)) Za(R)lm () = 0. (19)

0 e gezd\{0}

As in Equation (4.11) from [5], we have

On(6) — 1] < Cre].

We then plug this into Equation , to find

IN

Gt Y e (1= 0n(©) SaNm©OP] < CRlCr > IS0l @)
£eZg\{0} £ezi\{0}
Cc ' Cr|IKl e 2oy [l 3a-

IN

Letting x — 0 in the above expression gives the convergence to 0. For the other term, note that
¢, has fast decay, U, (¢) — u(€) for all £ € Z and [S,(K)| < ||K||1(z4y < co. Applying now the
dominated convergence theorem in n,

Tim Gt Y Leendn OIS T ER@mEOP = Clee Do Sa(©lElTHaE)P
§ez\{0} gezi\{o}
= > @leltae
§ez\{0}
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From [5] we know that taking the limit x — 0 in the above gives that
lim 3" Gu©lEl O = ul?y.
EGZd\{O}

At last we compute E[R2 (u)], so

E[R2(u)] = 167in=2¢ Z (nz,n2" YK (2)Kn(2)
z,2'€Td
S D YD MR =y AT
z,2' €T £€24\{0}
< O YT Y Sa(K)exp(2mi(z — 2) - ) Kn(2)Kn(2),

z,2' €T £€24\{0}

since [|£]| > 1. Next, set K}, (z) := K, (£). Now we have, thanks to calculations on page 14 of
5],
Y SL(K)KLEKLE) < CxCn
gezg\{o}

Then R, (u) — 0 in L?. O

6.5 Tightness in H_.

To complete the proof, we show that the convergence in law =X % Z holds in the Sobolev space
H_.(T?) for any e > max{1 + 4, 4}. We state the following theorem:

Theorem 6.3. Define X as above. Then the sequence (EN),en is tight in H_.(T?), in other
words, for all § > 0 there exists Rs > 0 such that

Sup]I”(HEfHH .2 R5> <.
-2

neN

Proof. The proof of this theorem is analogous to the proof of tightness in [5]. We first apply
Markov’s inequality and see

112
N e (I,
(15, = 7)<~
Now whenever we have

E |||zk <C,
sup [II I }

the assertion follows as we can choose R such that

- C
P (H:SHH_§ > R5> < <s

Next, observe that for n € N fixed

=K||? — =114 d—4 : .
H“’" HLQ(Td) = C]C 167" n Z <Xnac - uI;IélZg Xw) <Xny - ur;réll% Xw) < oo a.s.

z,y€Td "
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Now since ZF € L2(T?) it has Fourier expansion, and we write ZN(J) = >, EX(v)e, (9),
with

K (1) = /T EXWe () 49 = x? 3 0T / e, (d) dv.

zeTd B(#,57)

[EX R S P =

® vezd\{o}

We can then write

[N

Furthermore we explicitly calculate the expectation, we obtain

—_ 2
e (I8, |

Ghort 3 e B [ e [ o @ a

veZd\{0} z,yeTd B(@,3;) B(y:35)
= occtiert Y S et tH ny)/ e, (1) dv o, (@) dv.
veZI\{0} z,y€TE B(:25) B(y3s)
Now define F,,, : T¢ — R as F, ,(z) == fB ) d9. We have that both lp(,Ly.€v €

L%(T?) so by Cauchy-Schwarz F,, , € Ll(Td) Next we clalm that for some C’" > 0,

sup sup Z n®*H(nz,ny)F, ., (2)F, ,(y)| < C". (20)
veZd neN 2yeTd

Remark that in the same way as bound (4.5) in [5], we have [n=*).?| < C||¢]|~* for some C > 0.
We write G,, , : 72 — R for Gnoy(2):=F,, (5) Using this, we find

STt (e, ) Py (0 Fan )| = | Y nt Y 5, () SPETUE =) &) o F )

/\2
yeTd zy€eTd  £€z2\{0} ¢

= | X s 0@ )

g€z \{0}
Cr*!Klleay D 117G (O

£€zg\{0}

IN

Here we have again exploited the fact that [, (KC)| < ||K[[s1(z4). Now by the triangle inequality,

|Fn o (w)| = / e, (V) dv| < / dy = n¢
B(w,5) B(w, %)
Now,
ST OGO < Y Gan©P =07 Grn(2)Gru(z)
£ezg\{0} tezd 2€74
= 7dZan nu <n72d2/ |ey ‘d’l9
z€T4 z€Td (z:3%)
< n ey || piray = Cn 2
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We then use this bound to obtain

Cn®Kllpzay Y 117G (O < Cr2Y Kl zayn > = ClIK| g za).-
£e€Zd\{0}

This is a constant that does not depend on n or v, so the claim is proven. Using the claim
now, we have by the Euler-Maclaurin formulas

B[S0, | —cettont X I S G ) P 0]
veZ4\{0} x,yeTd

S Clzlc/ deflfm-: S C

k>1

The last estimate here is due to the fact that —e < —%. O

6.6 Comparing the maxima of correlated odometers

As we have seen in the simulations earlier, and as we would expect from Theorem the
maximum of the Gaussian field with large Cx, is larger than the maximum of the Gaussian
field with small Cx. In this subsection we will investigate whether we can say something about
the maximum of the odometer under different kinds of covariance functions. To this end, let
(0(2))geza be a collection of correlated Gaussians. We consider a divisible sandpile s : Z¢ — R
given by

s(z)=1+o0(x) — % Z o(z).

z€L2

We are concerned with the maximum of the odometer e : Z¢ — R under different covariance
functions. To this end, we state and prove the following theorem:

Theorem 6.4. Let K and K~ be two stationary covariance functions on Z< such that K+ — K~
is still positive definite. Define e, to be the odometer associated with K+ and e_ the odometer

associated with K—. Then
E ()] <E[(er)].

The proof of this theorem is based on the Sudakov-Fernique inequality:
Theorem 6.5. Let X,Y be n x 1 Gaussian vectors with E[X;] = E[Y;] for all 1 < i < n, and
assume that E [(XZ - Xj)ﬂ <E [(Y; - Yj)z} for alli# j. Then
E[X*] < E[Y¥].
Using this theorem, we will now prove [6.4}

Proof. As we have already seen,

d )
ey = (ﬂi — min ni(z)> ,

z€Z8

with
Bl (ens)] = iz 3 K= 2ol a)ol ) (21)

z,2' €L4
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Now, since 7 is a centered random variable, we have
El(ex)"]=E [n*i — min ni(z>] =2E [n}].

In this way we see that in order to prove Theorem [6.4] it is enough to only consider the maxima
of the Gaussian fields (14(2))zezs and (7-(2))zezq, where we have again used the convenient
notation of associating 7, with Xt and n_ with £~. In other words, proving Theorem is
equivalent with proving

E{(n)"] <E[(ns)7].

By Theorem it is sufficient to show now that for all 2,y € Z%, x # y, the following holds:

E[(n-(z) —n-(4))?] <E[(n+(z) —n4(y))?]. (22)
We can explicitly calculate these expectations using We obtain
E[(n-(x) =n-)?] = Eln-(2)’] - 2E[n-(2)n-(y)] + E[n-(y)*]
= 2(Eln-(2)’] - E[n-()n-(y)])
= G X K= el (00) — o).

2,2/ €28

We find a similar result for 7. Next, we show [22] by showing

> K (z=2g(za) (92 2) — g2, y) < D KT(z=2)glz,2)(9(<,2) — g(2,)).

To this end, note that this is equivalent with

0< D7 (K =K7) (=~ glz2)(9(= %) — 9(=0)),
z,2' €LY
which is in turn equivalent to showing

Y (KT =K7) (z=2glz, )9z, y) < > (KT =K7) (2= 2)g(z,2)9(<,2).  (23)

z,2'€Zg z,2' €LY

Now define K = K™ —K~. By assumption, this is positive definite and thus a well-defined covari-
ance function. Now let (x(7))zezs be the field associated with the odometer under covariance
K. As we have already seen before, then

Elx(z)x(y)] = (22)2 > K(z—2)g(z,2)9(2 y).

In this case, we see that 23] simplifies to

Elx(z)x()] < E[x(z)?],

which holds by the Cauchy-Schwarz inequality and because E[x(z)?] = E[x(y)?], and so the proof
is finished. O
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Example: We consider K~ = I, in other words, an i.i.d. initial distribution, and define

C, forx—y=0
Kte—y) =4 ,
) {|x—y|-<d+1> for 2~y #0

where we have chosen C large enough such that K — I is positive definite. Now we have that

P C—-1, forz—y=0
lz =yl =Y forz—y#0

and this is positive definite. So here we have

El(e-)"] <E[(e4)"].

Remark 6.6(i): This theorem is really not as powerful as we would like it to be. The difficulty
here is that we would like to have KT > K~ in some sense, however this is not as easy it seems
on first sight. A common ordering on the collection of positive definite matrices is the Lowner
ordering, which is defined as

A > B if and only if A — B is positive-definite.

We have used this ordering here as well. One might think on first sight that if A > B pointwise,
and A, B are both positive definite, that this would imply that A — B is positive definite as well,
but in general this is not the case, and in fact rules out a lot of covariance structures that we
would like to compare.

Remark 6.6(ii): Another problem is that in the Sudakov-Fernique inequality, we are not dealing
with variables that have equal second moment. If we look at the above example again, we have
found that the odometer in the positively correlated case has a larger expected maximum than
in the ii.d. case, but is this really a consequence of the random variables (0(7)),ezs being
correlated? To make KT a positive definite matrix, the diagional elements (i.e., E[(o(x)?]) need
to be sufficiently large compared to the covariances. If we compare now (for C' > 1)

Kt (z —y) = Clu—y

with the i.i.d. case, we see that the expected maximum is still larger than the expected maximum
for the i.i.d. case. We see now that the expected maximum might have more to do with the
variances themselves, than with the pairwise correlation. An interesting problem to study in the
future then would be whether Theorem also holds under weaker assumptions.

6.7 DBrief summary

Recall that in previous section, we started out with a sandpile configuration given by the i.i.d.
weights (0(7))yezs . We viewed 72 as a discretization of the torus T¢, and saw that after sufficient
scaling, the odometer e,, : Z¢ — R converges to the bilaplacian field =. For all u € C°°(T%) we
have that (Z,u) is a centered Gaussian with

E [(E u)?] = (u, A™2u) g2 pay =: [|uf]? .

In this section, we were concerned with the scaling limit of the odometer given an initial distri-
bution of correlated Gaussians, for each n € N,



r W
“@\ N
i \Q\\\\\\

4

Figure 15: Comparison of the odometers of correlations K* = |z —y|| =2 for z # y and KT = C
for z = y. We observe that the KT surface indeed lies a lot higher than the K~ surface.

We defined K : Z¢ — R as an even function, and for each n € N we set K,, := Klza. We first
derived a useful identity for distribution of the odometer for fixed n. We had

d .
eA)=<x—£$>,

with (x;).ecza centered, correlated Gaussian with covariance

. exp(2mi(x —y) - %
¢ezg\{0} ¢

Subsequently, we took the scaling limit with an extra factor C ,El/ % and found that in some sense,

I/C:L(f) “behaves” like
n=¢ Z K(w) ~n~%Cx.
weZ4

Now the n~¢ factor is the same factor as in and the Cx comes in front of the scaling limit, as
it does not depend on £ anymore as n — co. This then cancels out the Ci 1 After this, we have
used the same techniques as [5] to prove that our rescaled field =% converges in distribution to
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Z in H_.(T?), here = is again the bilaplacian field, we have for all u € C>°(T¢) that (=, u) is a
centered Gaussian with
E [(Z,u)?] = [lull2,;.

Finally, we have compared the maxima of odometers under different kinds of covariance struc-
tures.
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7 Further research

For further research, two main questions arise. First of all, we have seen that for correlated
Gaussians, after an extra scaling factor, the odometer converges again to the bilaplacian field
(E,u) ~ N(0,]|ul|%;). The question now is to what other types of random variables we can
extend this result. In this section we will look at the techniques used in [5], and see if we can
use these in proving a scaling limit result for a more general setting. Not surprisingly, there are
a few issues, otherwise this would not be in the “Further research” section. Second, we are very
interested in the stabilization speed of the sandpile with Gaussian weights.

7.1 Scaling limit for bounded, correlated random variables

We recall Theorem 11 in [5]:

Theorem 7.1. Assume (0(z)),cz4 is a collection of i.i.d. variables with E[o] = 0 and E[o”] = 1.
Moreover, assume there exists K < oo such that |o| < K almost surely. Let d > 1 and e, () the
corresponding odometer. Then the formal field E,,, defined as in the Gaussian case, converges
in law to = on T%. The convergence holds on the same fashion as the convergence for the i.i.d.
Gaussian case.

The strategy used to prove this theorem is the method of moments. We will attempt to do
the same, and outline where the problems are in correlated case. In fact we will be able to show
the convergence of the first and second moment, however in proving the convergence of moments
> 3, the proof of [§] fails in the correlated case and we need to think of another approach.

We consider a sandpile given by weights (0(2)),cz¢, such that E[o(x)o(y)] = Kn(z — y), as
before. We also assume that for some K, we have |o| < K almost surely. The odometer e, in
this case still satisfies Ae,, + s = 1, with min_¢z4 €,(2) = 0. To this end, we define

o) = 55 O gle.)(s(x) ~ 1)

z€Zd
As we have already seen, A(e, — v,)(z) = 0 for all z, implying that e, = v, + C, for some
constant C'. As we need min_cza e,(z), we find

en(z) = vy (z) — Zneuzg U (2).

Like before, we are not interested in the minimum term, as it is constant and will vanish when tak-
ing the inner product with a mean zero u € C*°(T%). Now, as s(z) —1 = o(x) —n~¢ > yezd o),

we have
o) = 55 3 9o @) = 53 3 glwn) 3 o(e).

z€Zd z€Zd z€ZE

Note that in the above, the last term is again constant, as both Y ;. g(z,y) and >~ ;. 0(2)
do not depend on y anymore, and thus vanishes in a similar fashion as the minimum term. Define
then

waly) = 55 3 alz.y)ol)

z€Zd

and set for h, : Z¢ — R

Ep, (z) == dnn T Z hn(nz)lB(Z,ﬁ)(x), z e T
z€Td
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We see then that
<E€n ) u> = <Ewn ) u>

Next, by assumption, we had E[o(z)] = 0 for all x € Z%. Subsequently, we find

E[(Ey,,u)] = Ar?n T Z E[wn(nz)]/ u(y) dy

z€TE B(z,5;)
d—4a 1
= 4n’n 2 Z %4 Z g(x,nz)Elo(z)] / u(y) dy = 0.
z€Td z€Z4 B(Z’i)

For the second moment then, we find

(B, ,u)? = 1671nd—1 Z Z Elo(z)o(z")]g(z,nz)g(z',nz') /

1
z,2'€T4 \w,x’ €22 B(z,

= 167*nd~4 Z Z Kn( Yg(z,n2)g(x',n2') / u(y) dy/ u(y') dy’
B(z,5) B(z’

z,2'€T4 x,x’ €LE 2n o

’2n
= 16mind=1 Z Hn(nz,nz’)/ u(y) dy/ u(y') dy'.
B(z37) B(z',55)

’ d r
z,2’€Td ’2n

u(y) dy / u(y') dy’
) B(', )

(2

However, this is the exact same term we were working with in Theorem [6.1] but then without
the factor C;c ! In this way, we obtain that

E [(Ee,, u)?] =E [(Ew,,u)?] = Ccllully,

which is equivalent to what we have shown in Theorem The proof in [5] now proceeds by
calculating the higher moments, however, here the problem immediately becomes clear. Fix
u € C*°(T%) and define T}, : T¢ — R by

T, = [ )y zeT
B(z,zln)

Using this notation, we obtain for the third moment,

2,452 3
E [(Ew, w)?] = <47T2T;> Z E[wy, (nz1)wn (nze)w, (n23)] Ty (21)Th (22) T (23)

21,22,23€TY

9 d=a\ 3 3 3
= (%) Z Z E Ha(x] H 9(zj,mz;) T (25).
j=1 j=1

21,22,23€TE x1,32,03€LY

In the i.i.d. case, we have
H o(xj)| = Loy =2z =05 E[0°].

This simplifies the proof significantly, as in the correlated case, we have no way of expressing
Elo(x1)o(z2)o(x3)] in their pairwise covariances. We could restrict ourselves to the case where
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(0(2))zeza is collection of symmetric random variables. In this case we have that the odd

moments vanish. Indeed, as o(x) 2 —o(x) for all z € Z¢, we find
Elo(z1)o(z2)0(x3)] = (=1)°E[o(21)0(z2)0(23)] = ~E[o(x1)o(2)o(23)],

implying that E[o(x1)o(x2)o(z3)] = 0 for all combinations x1,z2,73 € Z%. This fact also
generalizes to higher odd moments. However, this still leaves us with the problem of calculating
the even moments.

7.2 Speed of convergence for the divisible sandpile

We have considered a sandpile given by

s@) =1+ o)~ - 3 ol),

z€Z4

for (0(2)).ez¢ ii.d. standard normals. We have seen that in this case, our sandpile s; stabilizes
to the all one configuration, in other words st(xz) = 1 as t — oco. We were particularly interested
in the speed of stabilization. One of the things we have shown is that the sandpile almost surely
does not stabilize in finite time, furthermore we obtained the following lower bound:

c 1
Gy < g 2 s 1

z€Zd

for some ¢ € R. However, we have not managed to show an upper bound to the above quantity.
One of the approaches we could try to find this upper bound is looking at mixing times of Markov
chains, however this idea is just crawling out of the primordial ooze at the time of writing.
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& Conclusion

In this thesis, we have used the techniques from Levine et al. [I] and Cipriani et al. [5] to
generalize Theorem 1 from [5] to a sandpile configuration with correlated Gaussians. More
specifically, we obtained the following theorem as our main result:

Theorem Let e, : Z& — R be the odometer associated with the weights (0(2))zeza, which
have covariance given K : Z¢ — R as described in Section 6.2. Set Cx =Y, 70 K(w) and define

for Cx # 0,
- —1/2 a4
EN(z) = C¢ 2 gn? Z n 2 en(nz)lB(Z,ﬁ)(x), x €T

n
z€Td

Then =X L= n H_o(T?) for e > max{1 + %, %}, where Z is the bilaplacian field: we have for

all mean zero u € C*°(T?) that (Z,u) ~ N (0, ||lul|?,).

To prove this theorem, we walked through a few steps, the first was proving the correlated
analogue to Proposition 1.3 in [I]. We did this in Section 3: we defined a covariance function
K :7Z* — R and a collection of Gaussians (0(2)),czs such that for any z,y € ZZ,

Elo(2)o(y)] = K(z —y).
After this we defined a sandpile s : Z¢ — R by

s(ry=o(z)+1-n"1 Z o(z),

z€Le

and we considered the distribution of the odometer e,, : Z¢ — R. We saw that

d .
en(:) =0 — minn(z),

where (7)(2)).eza is a collection of correlated, centered Gaussians with

Eln(e))] = G

S K - gl 2)g( y).

z,2' €LY

After this, we have used the same approach as in [5] to show that the odometer e,,, after an extra
scaling, again converges to the bilaplacian field. We first showed the convergence of moments,
and for a Gaussian it is enough to compute only the first and second moment. We observed
that E <E§, u)] =0, and then explicitly computed E [(Ef, u)2] to show that it indeed converges
to (u, A™2u)2(pay. In proving the tightness of the sequence (EX),en we have used a quicker
proof than the one given in [5]. We have seen that the mollifier approach they are using is not
necessary, and we have shortened their proof of tightness as well in Section 5.5.

At the end of Section 6 we have compared the maxima of odometers under different covari-
ances, if KT and K~ are both covariances, and we have that KT — K~ is still positive-definite,
then we can say (for e the odometer associated with K and e_ the odometer associated with
K=)

E [?é%f e_ (z)} <E Lné%)d: e+(z)} .
This theorem however was not as powerful as we would like it to be, and we could investigate
whether this theorem also holds under weaker assumptions.
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On the other hand, in Section 4 we were concerned with the stabilization speed of the sandpile
to the all-one configuration. In this section we have proven that the divisible sandpile almost
surely does not stabilize in finite time:

Theorem 4.1: The divisible sandpile (8($))mezg, for n > 3, where s is as defined before, does
not stabilize in finite time almost surely.

At first this result seemed counter-intuitive, but running a few simulations gives a better
insight into the statement. We have therefore used a very hands-on approach in proving this
theorem. We have seen that if, at any timestep, we find two sites of which one has mass > 1,
and the other mass > 1, then we can’t have stabilization in finite time. Now we showed that
this in fact already happens after the first timestep, and to show this we have used a proof by
contradiction: there is too much mass in the graph for this not to happen.

In Section 5, we have also calculated an identity for the pairwise covariances of the collection
of real-valued random variables (Z, u), for u € C>=(T%). For f, f’ € C*=(T), we saw that

EKEv f> <Ea flﬂ = (A71f7 A71.]0/)L2(T‘7l)'

Note that the inner product (covariance) on the left between the variables (Z, f) and (Z, f’)
corresponds to the H~!(T%) inner product on the right.

However, after all these results, a lot of work still needs to be done if we want to extend

Theorem to general correlated random variables. We would also like to find an upper bound
to the speed of stabilization of the divisible sandpile. So in the end, this is just the beginning.
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A Green’s function on a finite graph

Define on Z¢ the Green’s function g(z,y) as the expected number of visits from z to y. Since g
is translation-invariant, we find g(x,y) = g(0,y — x), and therefore it is enough to consider just
g(0,2) for z € Z% and 0 = (0,0,...,0) € Z%. Let (S,)n>0 be a simple random walk on Z4, then

g(o, Z) = g(Zv 0) =E* lz 15',,,—0] = 15'0:0 + Pz(sl == y)Ey lz 1»&,,-0]
n=0 n=1

Lso=o + Y P*(S1 = y)g(y, 0).

Y~z

We have essentially just taken out the first step here, if z = o, then we get an extra visit,
otherwise we just consider the random walk from any of the adjacent tiles. Re-arranging the
order of the above gives

> P (S1 = w)g(o.y) — 9(0.2) = ~Ls,=o.

Y~z
Recall the definition of the graph Laplacian. Since P?(S; = y) = (2d)~'1,., we find
Ag(o,:) = —1.o, = —0,.

Now we have created a Green’s function on the infinite graph Z?. On finite graphs, things become
a bit different as
E[number of visits from z to y] = oo,

for all pairs x,y € V. Intuitively, we have only finite amount of space to walk around for an
infinite time. It is necessary to think of another strategy in this case, and as it turns out the
function

g°(z,y) := E[number of visits to y starting from x before hitting z],

has useful properties that are very much like our Green’s function above. We will try to use the
same proof techniques as [3] to show this.

Lemma A.1l. Define the function g*(z,y) on Z% by
9% (x,y) := E[number of visits to y starting from x before hitting z].
Then g satisfies the equation

g (zy) o
AT =0 = 6,

where A is the graph Laplacian.

Proof. We first consider the case where y # z. Note that we can use the same approach as in
Section 4 in [3] here. We use the symmetry of the function g*(z,y) to find:

g (@,y) =g (1) = S(y)+ > ply,w)g”(w,z)
wezd

HOEDY 7gz(2xc’lw) .

wn~Ny
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What we’ve essentially done here is “take out the first step”. If = y, then we already have one
visit, if not, we just consider the random walk starting at any node connected to y with equal
probability. Rewriting the above, gives us

> (g«;y) ) gZ(;w)) )

wry

But this is exactly —A%, so the formula holds in the case y # 2. Now consider the case
where y = z. From Proposition 7.1 in [4] we derive the following formula for finite sets A, C in
our state space with stationary probability measure 7:

Tc—1
T(A) = / EY lz 1{SkeA}] w(dy).

¢ k=0
Consider now C' = {y} and A = {w € Z¢ : w ~ y}. Then the integral reduces to:

Ty—1

> 1{skeA}] m({y}) = 7(4).

k=0

EY

Note that since S,, is just a simple random walk, 7 is the uniform measure on Z¢ after a rescaling,
so (A) = 2d. Next, we have:

2d =EY

Ty—1
Z 1{skeA}‘| = Z ;*dgy(w,A).

k=0 weA

Here we are starting from 3, but not actually counting 7, = 0 as a stopping time. Essentially
we now have 2d choices to move from, each with the same probability. By symmetry, it now
holds that ¢¥(w, A) = g¥(w’, A) for all w,w’ € A. So in fact g¥(w, A) = 2d for all w € A. Now,
starting the random walk from z # y, set W as the first point where the walk enters A. We find

9Y(z, A) = Z Y (z,w) = Z P,(W =w)g¥(w,A) = 2d Z P, (W =w) = 2d.

So whenever z = y,

g’(z,w)
Z =L

w~y
Note that since g¥(y,z) = 0 for all z € Z2 \ {y} in this case, the following formula holds
2 9 (z, w)
9% (., y) = 62(y) — 0:(y) + Z Tod (24)
w~y

Whenever x = y = z, everything in the above formula reduces to 0, so we can say that [24] holds
in general, so

Agzgxd’ v _ 02 (y) — 6-(y).
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B Matlab code: i.i.d. scaling limit

%% create initial distribution of the sandpile

n = 100;

wn
Il

zeros(n,n);

for i = 1:n
for j = 1:n

S(i,j) = randn;

end
end

total = sum(sum(S));
S =S — (1/(n*n))*total + ones(n,n);

%Ssurf(S)
%hold on;

%% iterate the timesteps
timesteps = 20000;
odometer = zeros(n,n);

figure
hold on

for t = 1l:timesteps

A

zeros(n,n);

for i = 1:n

for j = 1:n
if S(i,j) > 1
extra = S(1i,j) — 1;
distr = 0.25 x extra;
id N = i—1;
if id N ==
id_N = n;
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end

id_S = i+1;

if id_S == n+l
id_S = 1;

end

id_ W= j—1;

if id_W ==
id_W = n;

end

id_E = j+1;

if id_E == n+l
id_E = 1;

end

odometer(i,j) = odometer(i,j)+ distr;

A(i,id W) = A(i,id W)+distr;
A(i,id_E) = A(i,id_E)+distr;
A(id_N,j) = A(id_N,j)+distr;
A(id_S,j) = A(id_S,j)+distr;

A(i,j) = A(i,j) —extra;
end
end

end

S =S+ A;
end
odometer = (4*pi~2)=*(1/n)*odometer;
h = surf(linspace(0,1,n),linspace(0,1,n),odometer);
title('Scaling limit of the odometer')

set(h, 'LineStyle', 'none');
disp(h)
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C Matlab code: correlated case

%% create initial distribution of the sandpile

n = 100;

wn
Il

zeros(n,n);

Sigma = zeros(n~2,n"2);
MU = zeros(n~2,1);

o°

We evaluate the norm from each point in our grid to any other point in
the grid, we start with 1 in the upper left corner, and work down to the
lower right corner

o°

o°

K = zeros(n™2,n"2);
index_x = zeros(n™2,n"2);
index_y = zeros(n™2,n"2);

for i = 1:n"2

i_x = mod(i,n);
if ix ==

ix =n;
end

iy = ((i—i-x)/n)+1;

for j = 1:n"2

j_x = mod(j,n);
if j_x ==
jox =n;
end
joy = ((3=j-x)/n)+1;
dist = zeros(9,1);
dist(1l) = abs(j_x—1i_x) + abs(j_y—i_y);
dist(2) = (abs(i_x—n)+j_x)+abs(j_y—i_y);
dist(3) = (abs(j_x—n)+i_x)+abs(j_y—i_y);

dist(4) = (abs(j_x—n)+i_x) + (abs(i_y—n)+ j_y);
dist(5) = (abs(i_x—n)+j_x) + (abs(i_y—n) + j_y);
dist(6) = abs(j_x—i_x) + (abs(i_y—n)+j_y);

dist(7) = abs(j_x—i_x) + (abs(j_y-—n)+i_y);
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dist(8)
dist(9)

K(i,j) =

index_x(i

index_y(i
end

end

for i = 1:n"2
for j = 1:n"2
if 1 == j
Sigma
else
Sigma
end
end
end

R = mvnrnd(zeros(
sum(Sigma(1l))
S = zeros(n,n);

for 1 = 1:n"2
i_x = mod(i,n
if i_x ==
i_x = n;
end
iy = ((i—i-x

(abs(j_x—n)+i_x) + (abs(j_y—n)+i_y);
(abs(i_x—n)+j_x) + (abs(j_y—n)+i_y);

min(dist);
,J) = 1-x;
y3) = iy;

(i,j) = 6;

(1,3) = —(K(1,3))7(—4);

n~2,1),Sigma);

);

)/n)+1;

S(ix,iy) = R(i);

end

total = sum(sum(S

));

S =S — (1/(n*n))xtotal + ones(n,n);

%surf(S)

%% iterate the timesteps

timesteps = 10000

’

odometer = zeros(n,n);
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figure
hold on

for t = 1l:timesteps

A zeros(n,n);

for i = 1:n

for j = 1:n
if S(i,j) > 1
extra = S(1i,j) — 1;
distr = 0.25 x extra;
id_N = i—-1;
if id_N == 0
id_N = n;
end
id_S = i+1;

if id_S == n+l
id_S = 1;
end

id W= j—1;

if id_W==0
id_W = n;

end

id_E = j+1;

if id_E == n+l
id_E = 1;

end

odometer(i,j) = odometer(i,j)+ distr;

A(i,id_W) = A(i,id_W)+distr;
A(i,id_E) = A(i,id_E)+distr;
A(id_N,j) = A(id_N,j)+distr;
A(id_S,j) = A(id_S,j)+distr;

A(i,j) = A(i,j) —extra;
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end
end
end

S=S+A;

o°

g = surf(S);

set(g, 'LineStyle', 'none');
disp(g);

hold on

o° of

o°

end
odometer = (4%pi~2)=*(1/n)*odometer;
h = surf(linspace(0,1,n),linspace(0,1,n),odometer);

title('Scaling limit of the odometer"')
set(h, 'LineStyle', 'none');

disp(h)
hold on
C_K = 0;
for i = 1:n"2
C_K = C_K + Sigma(1,i);
end
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