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Abstract

In the report, we investigate interacting particle systems. An interacting particle system is a stochastic
system which describes the behaviour of a large number of discrete objects, the particles. The behaviour
of a particle depends on the configuration of the other particles in the system. By construction of the
generator, we formulate the forward Kolmogorov equation describing the stochastic evolution of this
system. Existence and uniqueness of a solution for a truncated version of this forward Kolmogorov
equation are investigated and the existence of a solution to the original system is proven. Thereafter,
we consider the interacting particles on a discrete grid, scale the grid size and let this grid size go to
zero. This limit is called the mean field limit and leads to a deterministic system of integro-differential
equations. We consider an application of interacting particles in terms of a tumor growth model and
investigate this particle system and the mean field limit by means of simulations.



Chapter 1

Introduction

In the last decade, much research has been conducted on interacting particle systems. Interacting
particle systems consist of a large number of discrete objects, the particles, whose behaviour depends
on the distribution of the other particles in the system. Interacting particles can be used to model
biological phenomena such as ecological systems [5], crowd dynamics [6] and disease models [8]. In
literature, we find examples of multi-component interacting particle systems, for example in [3], [4].
In these models, different types of particles occur which enable the investigation of the dynamics in
systems where the types of the particles are relevant to the behaviour of the entire system.

From the microscopic description of a system of interacting particles, the macroscopic behaviour
can be determined by establishing the mean-field limit [3], [5], [8]. The mean field limit is the limit
taken after appropriate scaling of the system. There are several ways to scale the system. For example,
in [3] the intensities of the interactions in the system are scaled. Furthermore, they accelerate birth
and investigate the limiting behaviour. In [5], the interacting particle system is formulated on the
space R? and the limiting behaviour is investigated by letting the number of particles converge to
infinity. Moreover, in [8], the mean field limit is established for a specific example on Z. The limit can
provide a deterministic description in the form of ODEs, PDEs or integro-differential equations. On
the other hand, the microscopic description through interacting particles is stochastic.

In this report, we want to investigate interacting particle systems in a general setting. Similar to
[3], [4], we consider a multiple types interacting particle system. Furthermore, we consider a generally
formulated generator that describes birth of particles, transitions from one type of particle to another
and the death of particles. This generator depends on the rate functions which encode the rates of
birth, transition or death of a particle. The generator is used to formulate the forward Kolmogorov
equation describing the evolution of the probability distribution.

To formulate the forward Kolmogorov equation, we find the adjoint operator of the generator of
the interacting particle system. Constructing the adjoint explicitly enables us to prove statements
about the well-posedness of this evolution equation. The construction of the adjoint uses a change of
variables formula applicable to the different parts of the generator.

We investigate the well-posedness of the evolution equation. By assuming certain regularities and
boundedness of the rate functions, existence and uniqueness of solutions can be verified in the general
setting for a truncated version of the forward Kolmogorov equation. We extend the existence result
to the original forward Kolmogorov equation by applying the Ascoli-Arzeld’s theorem.

Next, we determine the mean field limit for the interacting particle system. We make some addi-
tional assumptions on the rates and the configuration space. Nonetheless, we formulate the interacting
particle system in a general way. Then we scale the system and take the limit which leads to a system
of integro-differential equations.

The motivation behind the determination of the mean field limit is that the analysis of the macro-
scopic model is easier than for the microscopic model. Simulation of the solution in the macroscopic
model is faster than the simulation for the microscopic model. The investigation of the microscopic



model is also useful, however, since we can use biological theory to describe the microscopic behaviour
and to determine the transition rates. Mean field theory provides the link between the microscopic
and the macroscopic model.

We apply the obtained results to a tumor growth model. This tumor growth model is based on
the model from [7]. In this paper, tumor growth is modelled by including layers of different cell
types: proliferative cells, non-proliferative cells and necrotic cells. Informally, proliferative cells are
living tumor cells that can divide, non-proliferative cells are living tumor cells that cannot divide and
necrotic cells are dead tumor cells that still occupy volume. In this paper, they consider a fixed ratio
between the radius of the tumor and the thickness of the different layers.

In our report, we formulate a different tumor growth model based on the ideas of [7]. We describe
tumor growth as an interacting particle system and use the biological background in [7] to determine
an expression for the rate functions. We use the mean field limit to investigate tumor growth and
simulate both the solution to the system of integro-differential equations as well as the interacting
particle system for different grid sizes.

First, we consider a two-dimensional tumor growth model. We simulate the solution of the derived
mean field limit, the original interacting particle system and some scaled versions of this particle
system. However, in the investigation of the limiting behaviour, we encounter systems that are too
large to solve. Therefore, we also consider a one-dimensional interacting acting particle system. In
this lower-dimensional system, we can accurately investigate the limiting behaviour.

We shortly describe the structure of this report. In Chapter 2, we formulate the mathematical
framework behind interacting particle systems. A general interacting particle system is defined and we
formulate the generator for this system. Furthermore, we introduce the reference measure I1* which is
also used in the literature on multiple particle systems, see for example [4]. Lastly, we introduce the
forward Kolmogorov equation, describing the evolution of this system.

In Chapter 3, we formulate a general change of variables formula. The first section of this chapter is
meant to provide us with a useful tool, given by Lemma 3.1.1, used in several other proofs throughout
the report. Moreover, in this Chapter the formula is used to determine the general adjoint operator
for the generator of an interacting particle system under certain assumptions on the rate functions.
This adjoint operator is given in Lemma 3.2.1.

In Chapter 4, the first step towards the well-posedness of our evolution equation is made. We
consider a truncated version of the forward Kolmogorov equation. In this version, the rate functions
are truncated, leading to a sequence of solutions for the truncated system. The result of well-posedness
for this truncated system is formalized in Theorem 4.1.4.

Chapter 5 contains useful a priori estimates such as a first and second moment bound. Both
bounds are used to prove existence of a solution to the forward Kolmogorov equation. Moreover, this
chapter provides a derivation of an entropy estimate. These estimates can be viewed as a summary
of the necessary stepping stones needed to mathematically prove the extension of the well-posedness
results found in Chapter 4. We consider weak solutions and apply Ascoli-Arzela’s theorem to ensure the
existence of a convergent subsequence of our sequence of solutions. Moreover, we prove the convergence
in the weak problem.

Chapter 6 describes the mean field limit for a generally formulated interacting particle system. We
consider a compact set in a Z¢ grid and scale this grid size. Then we take the limit to find a system
of integro-differential equations. Finally, we prove the well-posedness of this system.

Chapter 7 contains a detailed explanation of an application of this theory by consideration of
a tumor growth model. We formulate this model as a specific interacting particle system with four
different cell types. The rate functions satisfy the assumption made in the general setting which means
we can use the well-posedness results we found there. Furthermore, we can investigate the mean field
limit found in Chapter 6. To verify the results, we simulate the solution of the integro-differential
equation, the original interacting particle system and two scaled versions of the interacting particles
system. We plot the radius of the tumor against the density of the cell types and plot the number of
particles at each time. Since we investigate scaling, we want to decrease our grid size. For our ODE
solution, we want to consider the finest grid. However, this leads to more demanding computations,



resulting in a problem that is too large to solve. Therefore, we also consider an example of a one-
dimensional tumor growth model in this chapter. If we assume spherical symmetry, this model can be
regarded as the diameter of the tumor. In this one-dimensional case, we clearly see the convergence of
the scaled interacting particle systems to the ODE solution.



Chapter 2

Model description

In this chapter, we introduce mathematical concepts considered throughout this project. Firstly, we
explain the definition of an interacting particle system. We introduce the Markov generator that de-
scribes the dynamics of the interacting particle system. Next, we define the Lebesgue-Poisson measure.
This all provides us with a framework to define an evolution equation describing the distribution of
this system. This evolution equation is called the forward Kolmogorov equation.

2.1 Interacting particles system

In this report, we consider a general multiple types interacting particle system. An interacting particle
system is a model which describes the interaction of a large amount of discrete objects, the particles.
In this report, we investigate a general interacting particle model where k different types of particles
exist. These particles form a configuration on a compact set X and this configuration evolves over
time. We assume the process behaves as a continuous-time Markov process. Three types of changes
can occur in this configuration: new particles of each type can be born into the system, particles can
transition from one type to another and particles of each type can die all with exponential rates. The
precise value of these rates at a specific time depends on the configuration at that time solely.

To explain the notion of an interacting particle system better, we consider an example. [9] describes
the spread of the corona virus by modeling it as an interacting particle system. Individuals have one of
three possible types: susceptible, infected or recovered/died. Susceptible people can get infected. Their
rate of transition depends on the types of the people surrounding them. When a susceptible individual
is surrounded by many infected people the rate of transition is high. Likewise, when no infected
people are near, the rate of transition is zero. Once an individual is infected, it will either recover
or die after some time. This rate of transition is constant and does not depend on the configuration.
Individuals that are in the state recovered/died remain in this state. This model is an example of an
interacting particle system with three different types of particles. No births into the system occur,
but the model could be extended to consider births as well. This disease model shows one possible
way the configuration changes the rates of transitions. In accordance with our intuition, the likelihood
of a susceptible person getting infected becomes larger when this person is surrounded by individuals
that are infected themselves. The Markov property is also clear in this example, since the rates of
transition only depend on the current transition and are independent of previous configurations.

2.2 Finite point measures

As mentioned before, the configuration of particles in this model follows a continuous time Markov
process where the rates of birth, death and transition at time ¢ depend solely on the configuration at
time ¢t. Therefore, we want to introduce notation to describe the configuration of particles. We want



to describe these configurations as finite point measures. A set of finite point measures is denoted by
M(X). Since we want to distinguish % different types of particles and we assume that each particle
can only have one type at most, we can describe the location of particles as a vector of the form

(1, Vi) = (0 g Oy o0 o0y 62, ) € Dx, where
Ix = {(v1,...,v) € [M(X)]¥ : supp v; Nsupp vi=0 Yi,je{l,....k},i#j}.

In this report, we sometimes use a slight abuse of notation, saying « € v;, for i € {1,...,k}, where
we mean x € supp v;. This is done to shorten notation.
We want to consider the total variation norm on measures v. This norm is defined as

Definition 2.2.1. Let v € 'y, then the total variation norm is defined as

||V||TV = Sup <ga V>7
gECH(X¥),llgll o<1

where (-, ) denotes the duality product.

2.3 Generator

The evolution of this system can be described by the generator. In the formulation of the generator,
we consider the types of changes that can occur and the rates of these different types of changes. The
first one is birth of particles. Let for all m € {1,...,k}, e,, denote the unit normal vector. Then we
say a particle of type m is born at position y € X when the following change occurs

v v+ dyen for y ¢ supp v.

The second possible change is the transition of a particle from one type to another. We denote the
transition of a particle y from type i to type j as

Vi v —0ye; + 0y€; for y € supp v;.

Thirdly, we consider the death of particles. The death of a particle of type | at position y € X is
denoted as

Vi v —0ye for y € supp v;.

We want to consider a generator that tackles all these possible changes. One of the reasons, we
aim to construct this generator is that it enables us to formulate an evolution equation solved by a
probability distribution describing this stochastic process. The definition of a Markov generator relies
on the definition of the Markov pregenerator, which is given in [10] as

Definition 2.3.1. A linear operator L on C(X) with domain D(L) is said to be a Markov pregenerator
if it satisfies the following conditions:

1. 1e€D(L) and L1 = 0.
2. D(L) is dense in C(X).
3. feD(L),a>0,and f —aLf =g, then

min f(¢) = min g(¢).

eX cex



The definition of the Markov generator is then according to [10] given by
Definition 2.3.2. A Markov generator is a closed Markov pregenerator L which satisfies
R(I —aL)=C(X) (2.3.1)
for all sufficiently small positive a.

These definitions are technical, but [10] also explains that we can construct the generator if we
know the possible changes that can occur and the rates that belong to these changes. Based on [4],
we can informally say the generator has the form

LZL@-}-LT—FL(;,

where Lg can be seen a generator corresponding to birth in the system, L, as a generator corresponding
to the transitions of a particle from one type to another and Ls as a generator corresponding deaths
within the system. The generator operates on an observable function F'.

Definition 2.3.3. For F' € L“(fx, lzlk)7 the generator of an interacting particle system is given by

LF(v) = LgF(v) + L. F(v) + LsF(v), (2.3.2)
where
k
LgF(v Z / (v + 0yem) — F(0)]kom (y, V)A(dy), (2.3.3)
k
LF(v)i= Y Y [F(v—dse; + 0ue;) — F(v)]kij(z,v), (2.3.4)
i=1,j#1i TEV;
k
LiF(v) =Y > [F(v = dye)) — F(v)]kio(x,v). (2.3.5)
I=1 z€V;

Here k;; are the rate functions for all 4,5 € {0,...,k}, 7 # j.

In the first part of this generator we integrate over X because this part corresponds to a birth in
the system and this can happen at every unoccupied x € X. In the other two parts of the generator,
we consider sums rather than integrals because we sum over existing particle.

Throughout this report, we make the following assumptions on the rates.

Assumption 2.3.4.
(i) kij(z,-) € L®°(Tx,11%) for all 4,5 € {0,...,k},i # j, i.e. for all 4,5 € {1,...,k},i # j, there
exists a constant &;; such that s, (z,v) < Rij forallz € X,v e I'x.
(ii) Kom(y,w) =01if y € supp w for all m € {1,...,k}.
(ili) K4ij(y,w) =01if y & supp w; for all 4,5 € {1,...,k}, i # j.
(iv) kio(y,w) = 0if y ¢ supp w;.
(v) There exists a constant Cy such that [ kom(y, V)A(dy) < Cp ||V 7y Fom for all m e {1,..., k}.
(vi) There exists a constant Cj such that [ ki0(y, v)Mdy) < Cs ||v||p, Fio for all L € {1,... k}.
Note that Assumption 2.3.4 (i) includes both births, transitions and deaths. In the remainder of
this report, we consider a uniform bound for all rate functions. We say
R :=max{R;i,j € {0,...,k},i # j}.

Furthermore, intuitively, Assumption 2.3.4 (ii) says that a particle cannot be born at position y € X
if there is already another particle at that position. Similarly, Assumption 2.3.4 (iii) says a particle
cannot transition from type i to type j if it is not type i to begin with and according to Assumption
2.3.4 (iv) a particle of type [ cannot die at position y € X, if the particle is not of type [ to begin with.



2.4 Lebesgue-Poisson measure

We want to equip the space I'x with measure II¥. To handle the disjoint union of particles, we first
define a measure IT* on the set I'x = [M(X)]*. We note that I'x C I'x.

The idea behind the measure we are going to construct is that we want to sum over each possible
configuration and count the number of particles in each configuration, where the type of particle is
irrelevant in this count.

Firstly, we consider a system with only one type of particles, i.e. k= 1. Then we define [4]

(o) m
A" |_| X" — [M(X)] as the mapping (7,...,z5) Z(S@’%'
n=0 i=1

The next step is to define a measure over this set | |7~ , X™. This measure is called the Lebesgue-Poisson
measure.
First of all, if we consider B = (z1,...,2%) C |72, X", then we say A\(B) := |B| = #B =m.
What we want, is to define a measure A> on the whole set | |7~ ; X™. Hence, we want to count
the number of particles in each possible subset of | |7~ ; X™. The ordering of the points in this set is
irrelevant. This intensity measure A\*>° is defined as

=1
oo . __ ®n
A =" AT (2.4.1)
n=0
We divide here by n! because we can order particles (z1,...,2L) in n! different ways. Since the

ordering is irrelevant when we want to count the number of particles, we divide by the number of
options. Furthermore, since this measure, A*°, is defined on the domain of A™ and the range of A™
is the set of finite measures M(X), we can define the reference measure II on the set M(X) as a
push-forward II := A% A>.

This means for k = 1, we have for a measurable function f(v) € L*(I'x,II) that
— 1
fv)dIl := — fo A"d\®",
Py nz::o n! Jxn

In an interacting particle system with multiple types, we define the mapping

o0 k ni N
Ak [|_| Xn] =S IMX))E as ((ad,.,al) @ 2R ) e <Z5xg’-~-725x$>-
n=0 =1 =1
(2.4.2)

We define measure II* on a set [M(X)]" as II* := @*II. Hence, for a function f(v) € L(I'x,II¥),
we have

oo

fydt )= >

ni,...,n=0

foA™FANE™ NS,
I'x

1
Hk 1 Sxns  Jxn
p=1Tp* J X1 X"k

To summarize, we constructed a measure IT¥ on the set I'x. However, we describe all the possible
configurations by I'x c I'x. Hence, we want to formulate a measure that is zero when there exists
v; and v; that are not disjoint for some 4,5 € {1,...,k},7 # j. This is accomplished by defining the
measure I1¥ as follows

Definition 2.4.1.

]jk(y) . Hk(l/) ifve fx, (2 4 3)
"o otherwise. o



In other words, this construction means that for some function f(v) € Ll(f‘ X ﬂk), we have

o0

~ 1 i
D D T /X /X Lp o A™Ff o ATFAAD™ | dA®",
p=1""pP*

I'x MY yeeny nk=0

Lemma 2.4.2. Let measure IT¥ be given by (2.4.3) and let X be a compact set, such that A\(X) < oo,
then it holds that

/f dIT* (v) < oo.

Proof. By definition, we have

~ 1
dIT* (v) = 7/ / Lo o ATRAET | gA®nE
/f 0= % e e [ T

N1, Nk P

k(X))
< Z H (np)! _ R

Ny,..,nk p=1

O

Since we want to ensure the finiteness of measure IT* , we assume throughout this report that
AMX) < 0.

2.5 Forward Kolmogorov equation

We study the time evolution of the distribution of the interacting particle system. From [4], we know
that these distributions satisfy the following evolution equation if they exist

d A
$<F,pt>:<LF,pt>, VF € L>=(I'x, 1I1%), (2.5.1)

with initial condition

_ 2.5.2
Pt o Po ( )
Here (-,-) denotes the duality product. The operator L is the generator of this system given by
(2.3.2).
Since equation (2.5.1) has to hold for all F' € L>(I'x,II*), we say that if p; is a solution to (2.5.1)
then it is a solution to the forward Kolmogorov equation

d
—pr =L 2.5.3
dtpt Pt ( )
where L* is the adjoint of L.

We want to establish well-posedness of this system. Therefore, we start by determining the exact
form of the adjoint operator. To do this, we first want to formulate an auxiliary lemma describing a
change of variables formula with respect to the measure II¥. This happens in the next chapter.



Chapter 3

Forward Kolmogorov equation

3.1 Change of variables formula

We want to determine the exact form of the forward Kolmogorov equation. Therefore, we first introduce
an auxiliary lemma in this section. This lemma provides a change of variables formula which will be
used throughout this report and helps us determining the exact form of the forward Kolmogorov
equation.

Lemma 3.1.1. Let gom(y,w) : X X I'y — Rf,m € {1,...,k} be functions such that go,,(y,w) = 0
if y € supp w and gopm(y,-) € L'(Ux,II¥). Furthermore, for 4,j € {1,...,k} with i # j, let gij(z,w) :
X x T'x — R{ be functions such that g;;(z,w) = 0 if = ¢ supp w; and gi;(z,-) € L*(Dx,TT*). Let
go(y,w) + X x I'y — RS, 1 € {1,...,k} be functions such that gjo(y,w) = 0 if y ¢ supp v, and
gi0(y, ) € LY(I'x,T¥). Furthermore, let F € L>°(I'x,T1¥). Then the following equalities hold:

/F / (v + dyem)gom (Y, v )/\(dy)de( / Z Z gom (z, v — csgcfz,n)clf[k(z/)7

m=1TEVy,

/F Z > F(v = baei + 0ue;)gij(w, v)dIT* (v) / Z > gij(@, v+ bre; — pe;)dITF (v),

X zg;ﬁz TEV; i,j A1 TEV;
/ Z > F(v—6dper)giolx, v)dilF(v) / Z/ 910(y, v + dye) M(dy)dITF (v).
Px =1 TEY

(3.1.1)

This lemma is formulated very generally. Note, however, that if we consider the functions gom, gi;
and g0 to be a product of rate functions satisfying Assumption 2.3.4 and L'-functions then the
conditions in the lemma are satisfied. Intuitively, in view of the interacting particle system, the first
equation corresponds to the births into the system. In this lemma, we consider the possibility that
every particle can be born in the system. The second equation corresponds with transitions between
state i to state j. Lastly, the third equation corresponds to cell death. The proof of this lemma can
be found in Appendix A.

3.2 Forward Kolmogorov equation
Next, we want to determine the adjoint operator for the generator of a general type of interacting

particle systems. Under Assumption 2.3.4, we can determine the adjoint operator with the help of
Lemma 3.1.1.



Lemma 3.2.1. For a general interacting particle system with rates satisfying Assumption 2.3.4, we
have the following adjoint operator

L*u = Lju+ Liu+ Lju, (3.2.1)

where

TEVm

k
Liu: Z ( Z Kom (2, v — dzem)u(v — dzem) — kom (X, V)u(u)) , (3.2.2)
m=1

k
Liu:= Z Z Kij(x, v+ 0ze; — Oze;)u(v + dpe; — dpej) — Z kij(x,v)u(v) |, (3.2.3)
ij=1,i#] \z€v; rev,
k
Liu = Z </X Kio(y, v + dyer)u(v + dye;) — Z Kio(z, V)u(u)) . (3.2.4)
=1 TEY]

Here, Kom (X, v) := [y kom(y, v)A(dy) and u is the Radon-Nikodym derivative of p.

If p(dv) is absolutely continuous with respect to the reference measure IT¥, then p(dv) = u(v)dIIT*(v),
where u is the Radon-Nikodym derivative.

Proof. When considering the birth part of the generator we have by the definition of the adjoint
operator that

(F, L;;p> = <LﬁF7 p)-

Furthermore, we know

k

(LgF, p) = /fx (Z

m=1

/X[F(V + dyem) = F(v)]kom(y, V)/\(dy)> u(v)dll* (v),

By application of Lemma 3.1.1, it holds that

[

From this, we can conclude that

Z Kom (T, V — dgem)u(v — dpem) — / Kom (Y, V)A(dy)u(u)) F(l/)dﬂk(l/).

TEVm X

k
Liu = Z ( Z Kom (Y, V — Oyem)u(v — dyem) — Kom (X, V)u(y)> )

m=1 \yYEvm

The proofs for the transition and death part work analogously.

10



Chapter 4

Truncated forward Kolmogorov
equation

4.1 Well-posedness in mild sense

We want to prove that the system (2.5.1) is well-posed. To do so, we first prove in this section the
well-posedness of a truncated version of this system. The reason for the investigation of this truncated
system is that we want to apply a well-posedness theorem for which all the requirements are met by
this truncated system but not necessarily by the original system. Once well-posedness is established
for this truncated system, we extend these results in Chapter 5. The truncated system is given by:

d *
P
{7t o

Here, L3, is defined for fixed M € N as
where

k
Ly gu = Z ( Z Kok (2,v — Spem)u(V — Opem) — k) (X, V)u(u)) , (4.1.3)

m=1 \xE€Evm,

with for all m € {1,...,k}

0 it | > M,
K (V) = i ] 2 (4.1.4)
Kom (2, V) otherwise.
Furthermore,
k
Ly u = Z Z Hf‘f(m, v+ 0ge; — 0ze;)u(v + dge; — 0z€5) — Z /iﬁ\f(a?, viu(v) |, (4.1.5)
1,j#1 \TEV; TEV;
with for all i,5 € {1,...,k},i #j
, 0 if |v;| > M,
KM (2, v) = if sl 2 (4.1.6)
Kij(x, V) otherwise.
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Moreover,

k

Lipgu:= </X Ko (g, v + Syen)u(v + dye)Mdy) — > wig (x, v)u(

=1 TEY]

with for all I € {1,...,k}

0 if 14 > M,
H%[ (xa V) = | ‘ .
Kio(z,v) otherwise.

We note that for the truncated rates, it holds that
12| mf\f(w,u) <Mr  foralli,j#:€{0,...,k}.
To shorten notation, we define the operators A;, AT and Ag’ as follows

k
Agut = Z Z H(I)VT["(I, vV — 0gem)ut(V — dpem),

m=1xE€v,,

k
Atuy = Z Z /{ﬁ‘f(x, v+ 0ze; — 0ze;)ur(v + 0ze; — 0z€5),

1,jF#1 TEV;
k

Afug = Z/ K16 (Y, v + Syer)ug (v + dye) M(dy).
1=17X

Moreover, we say
ATu, = Agut + Afug + Ag'ut.

Furthermore, we define
k
75(”) = Z K(J)\;In(Xv V),
m=1

k
)= 3 Y W)
1,71 TEV;
k

v (V) = Z Z kM (x,v).
=1 z€v;
We say that
Y (V) =5 (V) + 7 (V) + 5 ).

Therefore, we can write L}, u:(v) as

Liu(v) = Au(v) — v~ (v)ue(v).

) , (4.1.7)

(4.1.8)

(4.1.9)

(4.1.10)
(4.1.11)

(4.1.12)

(4.1.13)

(4.1.14)

(4.1.15)

(4.1.16)

(4.1.17)

Since we aim to investigate the existence and uniqueness of a solution to (4.1.1), we have to
define what a solution is. However, first we give meaning to the notions of absolute continuity and

differentiability.

Definition 4.1.1. Let X be a Banach space. A continuous function w : [0,7] — X is said to be

12



1. absolutely continuous if there exists a function g € L'([0,T]; X) such that
¢
Hut—uSHXg/ g(r)dr forany 0 <s<t<T.

We denote by AC((0,T); X) the space of absolutely continuous functions from (0,7") to X.

2. differentiable at ¢t € (0,T) if there exists some g € X, such that

. Ut4h — Ut
lim |[|————— — =0.
[h|—0 h gHX

In this case, we denote the derivative of uw at t € (0,T) by u/(¥) = g.

Lemma 4.1.2. Let X be a reflexive Banach space and v € AC(]0,T); X). Then there exists g €
L1([0,T]; X) such that u is almost everywhere differentiable with g(t) = u’(t) for almost every ¢ € (0,T)
and the fundamental theorem of calculus holds:

t
up = ug + / g(r)dr for every t € [0,T].
0

For the proof of this lemma see Proposition 3.22 of [14].
Let W := L'(I'y,1I*) N L>(I'x, II*) equipped with norm [|-||y := |||l + ||| ;- Then we have
the following definition of a solution to (4.1.1)

Definition 4.1.3. A continuous function w : [0,7] — W is said to be a mild solution of (4.1.1) with
initial datum @ € W, if

t
ut:ﬂ+/ Ly, u,dr for all ¢ € [0, T7.
0
In the following, we consider the closed subset of D C W defined by
D:={ue L'Tx,IT*) NL®Tx, %) : u(v) € [0,00) for T*-almost every v € T'x}. (4.1.18)

We want to prove that under Assumption 2.3.4, system (4.1.1) with initial condition ug = @ € D
has a unique solution in the sense of Definition 4.1.3.

Reformulation into a fixed-point problem. First of all, we formally note that if u; € D is a
solution to (4.1.1), we have that

d, - - —od _
() = 37 ) M) + ¢ S (v) = 7 Oy (v).
If we take the integrated version, this leads to

t
u(v) = ug(v)e™? Wt —|—/ e MU= ATy (V) ds.
0

In view of the previous discussion, we define the mapping 7' : C([0,T]; D) — C([0,T]; D) as
t
(T0)(t, v) := vy (v)e™? W) —|—/ e ME=IATY (1) ds (4.1.19)
0

We claim there exists a one-to-one relation between solutions of (4.1.1) and fixed points of T.
Therefore, we first prove T has a unique fixed point.

Theorem 4.1.4. Let D be given by (4.1.18) and let T be the operator as defined in (4.1.19), where
the rate functions satisfy Assumption 2.3.4. Then operator T has a unique fized point for each M € N.

13



Proof. We aim to use the Banach Fixed Point Theorem. We want to prove that if v € C([0,T]; D),
this implies Tv € C([0,T); D). We split the proof into several steps.

Step 1. Positivity
We first note that if v € C([0,T]; D), then v¢(v) > 0 for all ¢ € [0, 7] and [T*-almost every v € T'x.

Therefore, . .
(Tw)(t,v) >0 for all t € [0, 7] and II*-almost every v € I'x.

Step 2. L* bound
Applying the Assumption 2.3.4 and using bound (4.1.9), we obtain

L S kMR e

k
870 < (5) MRl

HA;_US < kEMCSE ||vs]| oo -

[P

Therefore, if we define Coy := RM (k + (£) + kC5), we have that

¢
1 To(t, ) oo < lvoll e +esssupyefx/ At (v)ds,
0

< Hlvoll oo +tCo0 P [[o(s, )l o < o0
s€|0,

Step 3. L! bound o
We also have to show that Tw € L'(I'x,II¥). Therefore, we first make estimates on AE, Af and A].

We start with the birth part.

Aoy (v)|dIT* (v /
/fx| +u,(v)| Z 5 (

® Z/F M (X, 1) ()] dITF (1),

< kCBEM ||vs]| ;1 < 00.

(2, — Spem)vs(v — 5mem)|> dit* (v),

Here, () follows from application of Lemma (3.1.1) where F(rv) =1 for all v € I'x.
For the transition part, we have

/ |AFv,|dITF < / Z Z |/@Zj T,V 4 0ge; — 056;)0s (v + pei — Ope;)|dITF (1),
f'x

U'x i j#izey;

(2) Z/ Z'“w z, )y (V)] dIT* (v),
i#£j I'x zev,

k
< (Q)KM el < oo

Here, (xx) follows by application of Lemma 3.1.1 where F(v) =1 for all v € I'y.
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Lastly, we want to find a bound for the death part. We have

| oot < [ / 4 (g, v+ 8ye0)uav + 8y |A(dy)dIT* (v),
I'x Ix =1

b Z S ki ()0, () |dIT* (v),

x =1z
< KRM ||vs|| 2 < 0.

Here, (x * x) follows again by application of Lemma 3.1.1 where F(v) =1 for all v € I'y.
If we define Cy := EM (Cgk + (g) + k), we find

ITo(t, I < looll . + / / Ao, (v)dsdIT,

< lvollpa +tC1 sup [Jo(s, )]l x < oo
s€0,t]
Step 4. Supremum bound in time and continuity
Moreover, we want to show that sup,c(o 1) |[T0(¢, )|y, < oo and ¢+ T(t,-) is continuous.
If we define Cywy := C1 + C4, we have that
sup || Tw(t,-)[ly, = sup

)

t
er*’f(')t_i_/ =7 =9 Aty ds
0

te[0,T] t€[0,7] w
< sup |lvolly +tCw sup [lo(s, )|y,
te[0,T] s€[0,t]
< llvolly + TCw sup_|lv(s,)lly, < oo.

s€[0,T]

Furthermore, it holds that

sup ||TU(t + h’a ) - T’U(t, )”W

te[0,T]
t+h t
~ sup ||wpe O 4 / e~ OEHR=9) ATy ds — poe=1 OF _ / e (=5 Aty s
€[0T 0 0 W

)

t t+h
(6*7_(')h,1) / =7 =) Aty s+ / =7 (=) Ay g
0 t w

< sup (€77 O" = 1) Jloglly, +
t€[0,T]

(- hl0
< sup (e O - )(nvonwwa sup o, >||W) +hCw sup o(s, )|y 3 0.
t€[0,T] s€[0,T) s€(t,t+h]

Hence, we can conclude sup,cpo 71 [T0(t, )|y < oo and ¢ — T'w(t,-) is continuous. Hence, we can
conclude Tw € C([0,T7; D).

Step 5. T is a contraction
To apply Banach Fixed Point Theorem, we require T to be a contraction. We consider the following
norm

llwlly == sup e (flw(t, )l + [w(t, ) oe)-
t€[0,T]

Let us, vy € C([0,T); D) with ug = vg. For w; := us — v it holds that
¢
| Tw(t, )| o < esssup,cp / Atw,(v)ds
0

t
s 1
< Calfully [ ¢ ds = Culfully 5 (2 ~ )

15



Therefore, we have that

. Cxo .
e Tw(t ) < Sl (1 - ™),

Moreover,
t A
IITw(tw)IIng/ /A+ws(u)dsdH’“,
I'x Jo
' A Y
< Cilully [ ¥ds = Callully (6~ )

Hence, it holds that
_ Ch _
e M| Tw(t, )| < el (e ).

Hence, for A = C; 4+ C + 1, the operator T is a contraction with respect to norm |||-|||,. Therefore
by Banach Fixed Point Theorem, we can conclude 7" has a unique fixed point. O

Lemma 4.1.5. If u € C([0,7]; D) is a fixed point of T, then for every t € (0,7T):

- 0. (4.1.20)

1
Hh (Ut+h — ’U,t) — A+7.Lt —+ *y*ut
w

In particular, u is differentiable at every ¢ € (0,T) with derivative u, = At u; — vy~ uy = L} uy.

Proof. To show this, we have to show convergence in both the L' and the L>™ norm. We start with
the L' norm.
We can write upyp(v) — ug(v) as

t t+h
(mwu)(h) . 1) (uo(u)— / e”(")(tS)AJ“US(V)ds)e'Y(”)t)) + / e =) ATy (v)ds,
0 0

~ ~ t+h
= (e‘”Y h _ 1) ur(v) +e77 (”)h/ eV MIE=IATy (v)ds.
t

Furthermore, we note that

1

: (efv‘w)h _ 1) w () — v~ (W)ug(v) I (dv).

L 1 ) )

/f ¥ (dv) = /F

Since u; € Loo(fx,f[k) and % (6_77(”)’1 —-1- h’)/_(l/)) is also bounded, we can apply Dominated
Convergence Theorem to conclude this last expression converges to zero as h | 0.
Moreover, we have that

I
-

<

_ 1 [tth _ .
e (”)hﬁ/ e WU=IN Ty (v)ds — AT (v)| ITF (dv)
t

1
/ e”V WA=mh A+ (V)dy — A (v) | TR (dv),

f'x 1Jo
1
A ‘e_wf(y)u—n)hAJruch(y) - A+ut(V)‘ dnIT* (dv).
Ix Jo

The second step follows from a change of variables where s = t + nh.
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By applying Fubini’s Theorem, we have

1
/ / ‘e_Vi(V)(l—ﬂ)hA-‘ruthnh(V) _ A+ut(1/)‘ d77 ﬂk(dl/)
I'x Jo
1
:/ / ‘6_77(”)(1_n)hA+ut+nh(l/) —A+ut(y)‘ﬂk(dz/) d77
0 I'x

1 1
S/ / (1 B eﬂ_(y)(lfn)h) | AT g (v) | T1* (dv) i +/ “A+Ut+nh — AT uy
0 I'x 0

j2 dn

The first term converges to zero as h | 0 since |[ATuypyp||p < C uniformly in h, and it holds that
1— e M=k M4 o Tk almost every v.

Moreover, AT is linear and bounded. Hence, there exists some Cj such that

HA+ut+"7h — A+’Z,Lt Ut4nh — Ut

< CA‘
Ll

28

This last expression converges to zero, because u; is continuous in L'. Applying the dominated
convergence, we then deduce that the earlier expression converges to zero. Hence, we conclude that

1 _
Hh (ugrn —ug) — AT ug + v ugl|  — 0.
Ll
In similar fashion we obtain the convergence in the L*°-norm.
Altogether, we find that indeed
1
Hh (Ut+h — Ut) — A+Ut + v — 0. (4121)
w

O

Due to our reformulation into a fixed point problem we know that any solution of (4.1.1) is a fixed
point of operator T as defined in (4.1.19). So far we proved existence and uniqueness of a fixed point of
T. Moreover, we proved that a fixed point of T satisfies (4.1.20). To establish existence and uniqueness
of a solution of system (4.1.1), we still have to show that a fixed point of T is indeed a mild solution
of (4.1.1). To prove this, we use that a fixed point of 7" must satisfy (4.1.20). This result is stated in
the following lemma.

Lemma 4.1.6. Let v € C([0,T]; D) be a fixed point of T given by (4.1.19). Then u; is a mild solution
of system (4.1.1).

Proof. This proof consists of two steps. First, we show u; is absolutely continuous in LP spaces with
p € (1,00). From this we conclude there exists a function g(s) such that u; = ug + fot g(s)ds in LP by
application of Lemma 4.1.2. In the second step, we show g(s) = L},;us almost everywhere.

Step 1. Absolute continuity
Let p € (1,00). Let 0 <t <t+ h <T. It holds that

t+h
(efwoh _ 1) p 6*7‘(%/ =7 O Ay gr
t

llwtsn — utHLp = |

t+h
</
t

Lr

t+h 1 B _
/ 7 (e_'y Oh _ 1) up + e~ ORI A+y g
t

Lp

% (6_77(')h - 1) up + eV ORI A+ I dr,

Lr
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We note that |lu|;, < ||ut||’]-i;1 lluel| 2+ < oo. Similarly, since A" is bounded in W, it holds that

|ATusl;, < oo. Moreover, for h > 0, it holds that H% (e"fmh - 1)’

conclude that u is absolutely continuous. Since the space L” is reflexive for p € (1,00), we conclude
by Lemma 4.1.2 that u : [0,T] — LP(I'x,II*) is differentiable almost everywhere and there exists a
function g(s) such that the following equality holds in LP

< 0o. This means we can
Lr

t
U = U —|—/ g(s)ds  Vte[0,T]. (4.1.22)
0

Step 2. Equality almost everywhere
From equality (4.1.22), we derive that

Ut V) — UV t+h
+h( )h ( );I'l/t g(S)dS.

Since Lj,u; € W, we again conclude L},u; € LP. Moreover, g € LP. Therefore, due to finiteness
of measure II*, we find by applying the Dominated Convergence Theorem that

Ut+h — Ut h{0
RN | o) — L3l
Lr
Moreover,
Y — 0t MUt < Qeah — Gt Lyut|| —0.

h e h W

Hence, for all p € (1,00), we have
lg(t) = Lasuell Lo = 0.

Therefore, we conclude g(t) = L}, u,; almost everywhere. O

We found a solution u to system (4.1.1). However, we started with a formulation of the forward
Kolmogorov equation in terms of a probability measure pM. We made the assumption that u is the
Radon-Nikodym derivative of this probability measure pM. We can define pM (dv) := uM (v)dITF (dv),
but we still want to check that this is indeed a probability measure. This happens in the next lemma.

Lemma 4.1.7. Let u' be a solution of system (4.1.1) with [ uddIT*(v) = 1. Then I uMdITk (v) =
1forallt>0.

Proof. Since u} is a solution of (4.1.1), we know

t
M _ M « M
Uy = U +/ MUs ds.

0

Hence,

t
/ M (1) dIT* = / M ()T + / / © M () dsdii
N IN I'x JO

t
=1 +/ / Ly u (v)dsdlT?
Ix Jo

We want to prove that ff“x fot L*Mué”(y)dﬁk —0.
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By Fubini’s Theorem we have

/ / s uM(v)dsdIlF = / / v)diTFds.
Fx FX

When we consider the inner integral for the birth part, we find

/ M Bu de /
f Px m=1

= [ Or ) OE ) =

X m=1

né\fn(x, v — bpem)uM (v — bpen) — k)L (X, V)ui‘/[(z/)> ditk,

xT E Vm

This follows from application of Lemma 3.1.1, where F(v) =1 for all v € I'x. The computations for
the transition and the death part work analogously. O
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Chapter 5

Weak solution to the forward
Kolmogorov equation

5.1 Moment bounds

In Theorem 4.1.4, we proved that the truncated system (4.1.1) is well-posed. Since the evolution
operator in this system depends on M, we want to extend this result to establish existence of a
solution to the original forward Kolmogorov equation. In Sections 5.1 and 5.2, we prove a priori
estimates that are essential for the proof of existence. For the moment bounds, we look at state space
I'x, which is defined as follows

Tx = [MT(X)]". (5.1.1)

We consider the measure II¥ on this set I'x as introduced in Chapter 2.

Lemma 5.1.1. Let T > 0 and let p} be a solution to (4.1.1) for every M € N. Then there exists a
constant By > 0 such that for all ¢ € [0,7]

| Wl o) < ( [ Wl st (du>> BT
FX FX

This implies that there exists a constant ¢; > 0 independent of M, such that

¢1:=  sup / [Ny P (dv) < oc. (5.1.2)
te[0,T],MeNJT x

Furthermore, there exists a constant Cf:

ey e (o (£) ). 513

such that for all ¢, s € [0,T], we have
[(F. ") = (F, pi")| < c1CL|[Flsuplt = 5. (5.1.4)

Proof. First, we consider functions Fj,(v),p € N of the form F,(v) = min{p, ||v|;}. The functions

F,(v) are continuous and bounded for all p € N. Furthermore, for these type of functions, we know

for all 4,5 € {1,...,k},i # j, that
|Fp(v — dze; + dze5) — Fp(v)| = 0.
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Moreover, for all m € {1,...,k}, we have
|Ep(v + dyem) — Fp(V)| < 1w <po
and for all [ € {1,...,k}, it holds that
|Fp(v —dyer) — Fp(V)] < Ly, <o

Hence, for the birth part, we have

k
(L Ep @) = | [ 30 [ 1B+ dyem)  E, 0] 0Nl ().

X m=1

k

S/ > L)y <p|om (X, 1) oM (dv),
Ix =1
k

< CBE/ > L,y <o Wmllpy o2 (dv),

X m=1

<knC; [ )l (@)

Furthermore, for the death part, we have

k
(L3 Fy, ! (dv)| = ‘/F YD F (v —bser) = FW)] kg (2, v)p) (dv))|.

X =1 z€,

k
S/F Z]lllVHTVSp Z ‘H%(Z‘W)\py(du),

X =1 TEY]

k
< ZE/ Lo <p 12l oy P2 (dv),
=1 “I'x
<k [ Bl (av).
I'x
We define B; := krkCj + kE, then we know
t
<Fp,pi\/1> = <Fpﬂ p(])W> +/0 <LMFpﬂ p7M>d7",
t
< B+ B [ [ B
0 JTx
Therefore, by Gronwall’s inequality, we can conclude

/FX Ey()pi(dv) < (/FX FAV)WWV)) BT forall t € [0,7).

Therefore, by the Monotone Convergence Theorem, we have

| Wl ot @) < ([ Wy @)™ foratiee o7
I I'x

X

Hence, we can conclude

cim sy () < .
te[0,T],MeNJT x
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Let s,t € [0,T]. Then

t t
|<F,p£4>—<F,p£4>|s/ |<LMF,p£4>|drs/ (LYF, )| + (LY F, )| + (LY F, o) dr.

‘We have
k
(P < [ 1S [ (Pt dyen) = PO () d)| 2 (00),
X |m=1
< 2|l [ Wl (@),
I'x
Moreover,
(MR < [ |30 SO IFw = ducs + 8ac) — P}l (0| o2 ),
I'x 1,j#1 TEV;
k\_ M
<2 9 “||F||Sup ||V||TVpr (dV)-
I'x
Lastly,

(L Ea < | S S~ bye) — F el )| o),
Px |i=1 zey,

< 2KH| Flaup / 1Wllpy o (o).

I'x

Hence, it holds that

t
[(F ") = (F, pi")] S/ C llFHsup/F [Vl y prt (dv)dr < e1OL||F|lsuplt — sl-
s X

O

The calculations made in Lemma 5.1.1 also work for higher order moments. We explicitly show
this for the second moment.

Lemma 5.1.2. Let T' > 0 and let, for every M € N, pM be a solution to (4.1.1). Then there exists a
constant Bs such that

[ Wl et < [ iy sl forall e fo.1)
FX I—‘X

This implies that

cp = sup / ||u||2TV pM(dv) < . (5.1.5)
t€[0,T],MeN JT x

Proof. First, we consider functions F,(v),p € N of the form F,(v) = min{p, HVH?FV} The functions
F,(v) are continuous and bounded for all p € N. Furthermore, for these type of functions, we know

for all i,5 € {1,...,k},i # j, that

|Fp(v — dpe; + dzej) — Fp(v)| = 0.
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Moreover, for all m € {1,...,k}, we have

[Fp(v + dyem) — Fp(v)| < 2 vlpy + 1)1\|u|\2TV§pa
and for all I € {1,...,k}, it holds that
[Fp(v = dyer) = Fp,(W)] < 2 vllpy + DIz, <,

Hence, for the birth part it holds that

| L]WF pT |_

/F / W (v + Syem) — Fy(v)] w3h (v, 9)I\(dy) p (dv)
X m=1

/ Z 2 Ivllpy + D1z, <plmom @ X))o (dv),

X m=1

<o [ S @y + DL, < [y o2 0,

X m=1

<3k [y o),
I'x

< 3kRCp / E,(v)pM(dv).
I'x

For the death part, it holds that

(LY F,,

I\Mw

L 3 1P = due) — Pl (=)o )

=

@lwllpy + D1, <p D 6l (2,0) |0} (dv),

rEy;

~

=
o

IN
Bl

Clwllpy + DLz, <p lvllry p! (dv),

~

1

< 3w [ vl o ),
I'x
- M
< 3kR E,(v)p;” (dv).
I'x

We define By := 3kR(Cj + 1), then we know

t
(Fpr o) = (Fy A1) + / (LM Fy, pMdr,

t
<)+ B [ [ Bl @ar
0 X

Therefore, by Gronwall’s inequality, we can conclude

/rx Fy(v)py"(dv) < (/rx Fp(V)pé”(dV)> BT forallt € [0,7].

Therefore, by the Monotone Convergence Theorem, we have

[ iyt < ([ Wiy dt@)) et foraie o
Fx FX
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Hence,

i s [l ) <.
te[0,T],MeNJT x

5.2 Entropy inequality

Next, we want to find a bound of the Boltzmann entropy functional. Based on [13], we define this
entropy functional as follows.

Definition 5.2.1. The entropy functional is given by

frk . S 4
Ent(p|ITF) := {{rrx ¢(u(v))dll*(v) if p < I1* with u = 2
o0

otherwise,

where ¢(s) := slog(s) — s+ 1 is called the Boltzmann entropy function.

Note that a finite bound on this entropy functional implies that p is absolutely continuous with
respect to II¥. In Theorem 5.4.2, this implication is used in the proof. First, however, we want to
prove the entropy functional is differentiable and determine a bound of the entropy functional.

Lemma 5.2.2. Let for each M € N, uM be a solution to truncated forward Kolmogorov equation
(4.1.1), with [; ug’dlI* = 1. Define p}' = udll* and assume that Ent(pg’[lI¥) < co. Then

Ent(pM|II*) is differentiable. Moreover,

Ent(pM [T1F) < Ent(p}! [T1F) + cemt, (5.2.1)

where cgnt := 1R (k + (g) + kC(;).

Proof. The proof of differentiability is based on the proof of Theorem 4.16 from [13].

Let ¢ € N and let ¢)(c) := min{log(c + ¢7'),¢}. Then we define ¢;(s) = [ ¢;(c)do. We note
that this ¢}(c) is concave and monotonically increasing. This latter property implies ¢¢(s) is convex.
Furthermore, we define

Se(t) == [ pe(ul)dll¥,
I'x

S(t) == A (uM)dIT*,

Furthermore, we have

Se(t) = Se(s) = / [e(up") — de(ul")] dIT¥,

I
1
= () et ) i - at
I'x 0

<t ’uy(u)—uy(u)‘dﬂk
I'x
¢
=0 /&uiwdr
FX S
t A~
<t / / |Opul! | drdll¥,
fx S

¢
:(// |8ru£/[’df[kdr.
s I'x
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We note that ff“x |8ruTM\df[k < 0o, since O, uM = LM*yM and we know this is an L!-function.
Therefore, the mapping ¢ — Sy(t) is absolutely continuous and this implies differentiability almost
everywhere

Next, we want to investigate this limit. Let ¢t € (0,7). We know u} is continuous in L' with
respect to t. Therefore, we know there exists a subsequence (hy)nen such that u%_hn is pointwise

continuous almost everywhere.
It holds that

SR =S ([ - )+ i, () v ) “E D g
I'x 0

B hy
1 1 t+hn R
=— </ op((1 = Nu (v) + Mty (v) d)\> / LyuM (v) dr dII*.
hn f‘x 0 " t
Here, the first step is an application of the definition and the fundamental theorem of calculus. The
second step is an application of the definition of L},. Applying Fubini’s Theorem, we get

ny _ t+h" 1 N
Sl hhg Sl _ hin/ /i“x (/ $u((L = Nut! (v) + M (V))dA) Lyl (v) di® dr,

/ /1“X </ (1 = Nug (v) + Mgy (v ))d>‘> AUt g (v) dIT* d,

In the previous step, we applied a change of variables on r. Moreover, due to the boundedness

of ¢}, we know the integral (fol @y (L= NuM (v) + Aup{, (v)) d)\) is bounded. We also know that

uM(v) is in L™ for all . Hence,

k
|LMut+nh"( V)| < 2ME (Cgk—i— <2> + Cgk) sup ||u1\/[(s7~)HLOo < o0.
SE[t,t+h]

Hence, due to Lo, bound and the finiteness of measure II¥ there exists a dominating function and
we can use the Dominated Convergence Theorem, to conclude

Sg(t + hn) — S@(t) hl¢>0

I I'x

o(up! (V) Lipu (v) dIT*.
Hence, we have that
du( i\/[ MU de
I'x

LM (¢ (™)) uM diT* dr,

Il
5—

I'x

A (LM@ M)t = (LM (@)l ) arl,

\

(LM (p (")), ul diT*.

\

I'x

We want to find a uniform estimate for f; Joo (LM (@(u")) uM dI1*.
@) tait < [ (Y @), + (3 @), + (1 (0hal) ) ol
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‘We have that
/ (LB (d5(ur") , w dIT* < / P> / $p(up! (v + 6yem)) — ¢p(u? (1)), Kb, (v, V) A(dy).

Since the function ¢} is concave, we know that

(de(ut’ (v +dyem)) — dp(ug’ (1)), < 07 (ul (V) (uf (v + Gyem) —ui’ (v)) .,
1
= iy et () @t Gyem) =i () Ly se

Since the rate functions and u (v) are nonnegative, we can conclude

[ @), Wi < [ Z + D [+ 8y~ 0)), )N

S[ Z / ut! (v 8yem) o (v, )M (dy)dIT"
I'x pm1 /X

By application of Lemma 3.1.1, we find
k
[ @), wtait < [ udw) 3 S wdi(ew = Sen)ditt <hw [l ol (@),
Ix I'x m=1z€Ev,, I'x

Similarly, for the transition part of the operator L™ it holds that

(L2 () L T () < 37 > (Dh(u (v — Suei + 00ey)) — $(wp" () | w3 (a, v)u) dIT".

1,jF#1 TEV;
Due to concaveness, we find
(6 (ud" (v = brei + 0ueg)) — B (up” (1)) . < 6 (i () (ut! (v = Suei + buej) —ui (V)

|
W(ut (v

= 8uei + 8pe5) — utt (1)), Lo <e-

Hence, we can conclude

(Lﬂ/[(gbZ(ufnw)) uM dIT* (v / Z uM +€ - Zn (z,v) (UM (v — dpe; + 0, ej)—uM(V))+dek,

Ix INE) TEV;
/ Z Zu — 0ze; + 0y ej) I (x,v)dIT"
Ix i,j£1 TEV;

Again, by application of Lemma 3.1.1, we find

/ - k\_
(L ), it < [ 505 st b=l 0 < () [ ol o ).

X 4,5#1 wEVJ

Lastly, for the death part of the operator, we get

/f (L3 () (D)), uMdiT* < S5 (@ (v - bacr) - B (1)), 1 () ()T (1),

Ix =1 z€y,
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Moreover,

(Go(uf (v = duer)) = (i (1)), < & (u (V) (uf (v = doer) — uf (v)) .,

1
= iy oo (= dee) — (), gy
Hence, we can conclude
/ (L (¢ (ul")) uMdIT* (v) < / Zk: M (WM (v = b,e1) — uM (V) , KM (2 V)diT ()
I'x " L - I'x =1 U,,M(y) +£71 =i r r + 'vi0 ’ ’

k
g/ Z uM (v = Sper)rijy (2, v)dIT* (v),
r

By application of Lemma 3.1.1, we find
k
(L i), dittw) < [ 3 [ ol + de M@l )it <iCs [ gy o ).
x5 /x I'x

Combining these bounds, we find

. k
@ty it < (ke (5) 4 5Cs) [ Wiy o) < con

Hence, we can conclude
Sg(t) < Sg(O) + centt

Hence, since Ent(pd!|TT¥) < 0o, we can conclude by the dominated convergence theorem that

Ent(pM|IT%) < Ent(p}!|TT%) + cent.

5.3 Compactness result

In Chapter 4, we proved the existence and uniqueness of global solutions to the truncated forward
Kolmogorov equation (4.1.1). However, there we looked at a truncated version of adjoint operator L*.
We want to extend these results to establish existence of a solution to the original problem. As a tool
to extend these results, we consider weak solutions for this problem.

Definition 5.3.1. Recall p := (p;)i>0 € C([0,T], MT(I'x)) is a weak solution to the forward Kol-
mogorov equation with initial data py = p if it satisfies

(F, p;) — (F, ps) = /t<LF,pT)dr VF e Cy(Tx), (s,t) C[0,T]. (5.3.1)

We want to prove that a solution to equation (5.3.1) exists. The idea is to consider a sequence
(pM) pren where for every M € N, pM = yMdIT* with uM a solution to the truncated forward Kol-
mogorov equation (4.1.1). We assume [p up(v)dII* = 1 and know this solution exists and is unique

due to Theorem 4.1.4. Therefore, for every M € N, this pM satisfies
t
(F, pMy —(F, pM) = / (LMF, pMydr  VF € Cy(T'x), (s,t) C[0,T] (5.3.2)

Our goal now is to show {(pM);>0}men has a convergent subsequence, which implies the existence
of a solution to (5.3.1).
The main result of this chapter is given in the following theorem.
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Theorem 5.3.2. Let operator L be given by (2.3.2), where the rates satisfy Assumption 2.5.4. Let
X be a compact subset of a separable metric space, with MX) < oco. Then there exists a solution
p = (pt)icpr) € C([0,T); MT(T'x)) to problem (5.3.1).

The proof of this Theorem requires several steps. We want to prove there exists a weak solution
p = (pt)ecp,m) € C([0,T]; MT(I'x)) first. Note, that we consider the configuration space I'x as defined

in (5.1.1), rather than I'x. The reason for this is that we want to apply a refined version of Ascoli-
Arzeld’s Theorem as in [1] and the conditions are easier to check for I'y. Therefore, we begin the proof
of Theorem 5.3.2 by proving that the conditions of Ascoli-Arzela’s Theorem are satisfied. Hence, let
pM(v) be a solution to weak problem (5.3.2) with L%, as defined in (4.1.2). Then the first three steps
consist of proving the following.

A1) T'x is a separable metric space. (Lemma 5.3.3)

A2) There exists a K such that pM C K for all t € [0,T] where K is relatively compact in I'x with
respect to the narrow topology. (Proposition 5.3.4)

A3) {(pM)i>0}men is equicontinuous with respect to the total variation norm. (Lemma 5.3.5)
Once we proved this, we use a refined version of Ascoli-Arzela’s Theorem to prove
A4) The sequence {(pM);>0}aen has a convergent subsequence in M*(I'x). (Theorem 5.3.6)

When we established this subsequence exists, we know that for this subsequence, the left-hand side
of (5.3.2) converges to the left-hand side of (5.3.1). We want to establish convergence of the right-hand
side as well. Hence, we want to prove that

A5) For this subsequence, it holds that

t

t
lim [ (LMF,pM)dr = / (LF,p,)dr. (Theorem 5.4.1)

M—oo [ s

Once, we have proved this, we can prove there exists a solution p = (p¢)icpo, 7] € C([0,T]; M (I'x))
to problem (5.3.1). However, we require a solution p = (pt):efo,r) € C([0, T}; M (['x)). We note that

I'x ¢ T'x and we demand pg € MH(Tx). Therefore, we want to prove that if p is a solution to (5.3.1)
with pg € M*(I'x), this implies p, € MT(I'yx) for all ¢ € [0,T]. Hence, we want to show

A6) If a solution p = (p¢)icpo,r) € C([0,T]; MT(I'x)) is a solution to (5.3.1) with initial data given
by po € MT(I'x) then p, € Mt (I'x) for all t € [0,T]. (Theorem 5.4.2)

Once we have proved this, we can conclude Theorem 5.3.2 holds. We even have that this solution
is absolutely continuous, so we end this chapter by proving the following

AT) The solution p = (p¢)efo,1] € C([0,T); Mt (I'x)) is absolutely continuous. (Lemma 5.4.3)
We start by proving Property Al)

Lemma 5.3.3. Let X be a compact subset of a separable metric space. Then I'x is a separable metric
space.

Proof. We consider I'x endowed with the total variation norm. We have to prove that I'x is separable
with respect to the this norm.

Since X is separable, there exists a countable set Y such that ¥ = X. This means the set [| [>2 Y"]k
is also countable.

Let v € T'x. Then v = (321, 64;y- -+, D 12y 04,;). For each z;, there exists a sequence (y¢)sen € Y such
that yf — ;.
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Let vf = (3012, 64ty Dork) 84¢). We want to show v¥ — v in the total variation norm. This result
follows from simple computations if we can prove that y* — x implies dye — . in total variation norm.

We have that

= |lg(x) — 9| -

H/ 9(z)dd,(z) — / g(2)dd,e(2)

X X

lg(x) = g(y*)|| = 0 for all g € Co(X), [lg|| < 1if y* — x. Hence, ||0, — JyzHTV — 0. O
From Lemma 5.1.1, we find that the sequence {(pM);>0}rren defined as before satisfies

pyeK:{pEp(Fx):/

I'x

lv||rv p(dv) < cl} for all t € [0,T] and M € N,

with ¢; given by (5.1.2).
Proposition 5.3.4. The set K defined above is relatively compact w.r.t. the narrow topology.

Proof. We prove the set K is tight and apply Prokhorov’s Theorem [1]. To show tightness, we define
the set
Ky = {y elx : vl < N} c I'y.

This set is narrowly compact in I'x. By the Markov inequality, we find

M ||V||Tv M C1
p; (dv §/ —p; (dv) < —.
/FX\KNtH [ <

¢y is the constant given by (5.1.2). Tightness of the set K follows by taking the limit N — oo.
Therefore, by Prokhorov’s Theorem K is relatively compact. O

Lemma 5.3.5. Let T > 0 and let (pM)pren : [0,7] — T'x with pM € K for all M € N and ¢ € [0, 7
where K is a o-relatively compact set in I'x. Then {(pM);>0}aen is equicontinuous with respect to
the total variation norm.

Proof. This result follows from Lemma 5.1.1, since

[0 = o |7y = S [(F, pM) — (F, pM)| < 1Ot — s

sup —

Therefore, we can conclude the set {(pM)i>0}aen is equicontinuous with respect to the total variation
norm. .

Theorem 5.3.6. The sequence {(pM)i>0}amen has a convergent subsequence in M*(Tx).

Proof. The theorem follows directly from Lemma 5.3.4 and Lemma 5.3.5 and the application of Propo-
sition 3.3.1 (A refined version of Ascoli-Arzeld theorem) from [1]. O

5.4 Existence weak solution
In Theorem 5.3.6, we proved the existence of a convergent subsequence. However, before we can

conclude there exists a solution to (5.3.1), we must ensure that we can pass to the limit in (5.3.2). The
following Theorem ensures that we can do this at least in I'x.
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Theorem 5.4.1. Let p = (pt)icor) € C([0,T); MT(Tx)) and let {(p}")e>0}men be a subsequence
(not relabelled) such that
oM — p, for allt € 10,17,

where — denotes narrow convergence and let
(F, pMy — (F, p;) for all F € Cy(T'x).

Then

t t
lim [ (LMF,pM)dr = / (LE, py)dr.

M—oo [
Proof. We want to use the Generalized Dominated Convergence Theorem. We note that
ILMF ()] < CLIF g VIl -

This means our claim follows if we can prove

fim [ vl o () = / 1 llgy or(dv).

M—o0
X

We have for all n € N

i [ Wy o) = Jim ( / 1y ™ (dr) + / ||v|TVp£4<du>>,
X

M=o M=o \ vl py <n ]l 7y >n
— [ Wl el + 1Vl o ().
vl py <n oo |7y >n
We then have

2
) ) V||

1 M d < 1 || TV M d

Jim HV”TV>nHV||TV pr (dv) < lim L (dv),

< lim 2 _ %
T M—oo N n ’

Here, ¢y is given by (5.1.5). Hence, we have

. C2
[ Whvetan < tim [ ey s @) < [ el ) + 2
lvllpy <n oo Jrx vl py <n n

The claim follows by letting n — co. O

At this moment, we used Ascoli-Arzela to prove there exists p = (p¢)icpo,r) € C([0,T]; MH(I'x))
and a subsequence (not relabelled) such that

oM — p, for all t € [0,T).

To uphold our modeling assumptions, however, we require a solution with p; € M"’(f x), Vt € [0,T7.
First of all, we note that M*(I'x) € M*(I'x). Furthermore, we note that py = p € M+ (I'x).
Therefore, we know that if 5 € MT(I'x) implies p, € MT('x) for all t € [0,T] then we found our
required solution p = (p¢)scjo.r] € C((0,T]; MT(I'x)).

Theorem 5.4.2. Let p = (pt)icio,r] € C([0,T); M (T'x)) be a solution to (5.3.1) with initial data
po=p e MH(x) then p, € M+ (Lx) for all t € [0,T].
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Proof. Since pM — p; narrowly, for all ¢ € [0, 77, it holds that

Ent(p,|IT%) < lim inf Ent(pM |T1F) < Ent(po|IT¥) + centt.
—00

Hence, we know Ent(pt|ﬁk2 is bounded. Therefore, by definition, we know that p; is absolutely
continous with respect to II*. Since II¥(v) = 0 for v ¢ I'x, we conclude p, € M*(I'x) for all
te[0,T]. O

Proof of Theorem 5.3.2. Lemma 5.3.6 gives the existence in of a solution (p¢).c(0,71 € C([0, T]; MT(T'x)).

The weak problem (5.3.1) requires pg € /\/l*(f x ). Therefore by application of Theorem 5.4.2; it holds
that (p¢)ecpo,r) € C([0,T]; MT(I'x)). O

Lemma 5.4.3. Suppose p = (pt)efo,1] € C([0,T); Mt (I'x)) is a solution to weak problem (5.3.1).
Then this solution is absolutely continuous in the total variation norm.

Proof. According to Lemma 5.1.1, we have for all M € N and all ¢,s € [0,T]
{E. o) = (F i) < c1OL|IF lsuplt — s].

Since this bound is independent of M, we can conclude

imsup  suwp  [(EpM)—(FpM) < swp iCLlFllaplt—sl < eiColt - 5.
MeN FeC.(Tx),|F|<1 FeC.(Tx),|F(<1
In Lemma 5.3.4, tightness was established. Therefore, the absolute continuity follows. O
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Chapter 6

Scaling and mean field limit

6.1 Mean field limit

In this chapter, we aim to scale our interacting particle system and derive the mean field limit. In
other words, we want to look at a measure 7 = (7, ..., ) satisfying equations of the form

BTy = Vi (D) (6.1.1)

forall m e {1,...,k}.

In this chapter, we consider X := Z% N Q, where Q is compact. We assume all transitions can
occur but do not consider births and deaths in this system. Nonetheless, we do note that in X the
number of particles is always finite. Therefore, we could consider “empty particles” as a specific type
of particle as well. If a particle transitions from an empty type to a particle of type ¢, this could be
seen as “birth” of type ¢ even though on the level of the generator we considered this as a transition.
The reason we could not do this before is because we only assumed compactness of X and therefore
could not guarantee the finiteness of the number of particles.

Moreover, we make an additional assumption on the rates. This assumption is

Assumption 6.1.1. The rate functions x;; have the following form for all 4,5 € {1,...,k},i # j,

Kij(x,v) = ;5 ( / (b z,y)ve( dy)) for z € X and v € I'x.

Here, we assume ;; is continuous and locally Lipschitz and qﬁfj € L>®(X?) for all £ € {1,...,M}.
Moreover, v¢(dy) = AMdy) Lyesupp v,-

The idea behind the mean field limit is to scale the grid as Xy := %Zd N, for N € N, and let N
go to infinity. The result leads to a system of integro-differential equations for the measure . First,
we explain the scaling itself and then we derive the limit.

The scaling of the grid affects several aspects of our model. We begin with the scaling of the
intensity measure A. For any N > 1, set

Av =Y 0. e MH(Q). (6.1.2)
zEXN

Since the number of points in X grows when N grows, we expect the mass of this intensity
measure to increase as well. We rescale the map A™* given by (2.4.2) to counterbalance this growth.
For any A C Q with dist(A4,9Q) > 1/2N, we find that

An(4) = #{z e XN nAy=NIAN|, AV = ) Q@)

zeXNNA
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where @, (x) is the cube of radius > 0 around z € Q. Furthermore, |Ay| denotes the Lebesgue
measure of Ay. Hence, the intensity AV (A) of a set A grows as N?, suggesting to rescale the map
A"k n=ny+ -+ 0y, as

AGF DX X X = T = (IME(Q))F
(RS SNHRT) IS o) SUSRS
o Ty )yee s (X1, Ty Nd 93117"‘>Nd a:i" .
i=1 i=1

Consequently, the rescaled Lebesgue-Poisson measure reads

> 1
X= D AV e @, (6.1.3)
nie.me=0 Hp 1 7!

and TI§, = (A%") %A% is the scaled counterpart for TT* defined in (2.4.3). The next step is to consider
the rate functions. Let x;;(x, ) satisfy Assumption 6.1.1 and let ¢€ N.— N Z then

M
i\, V) = i g Z x 14 d I 1%
K;z]( ’ ) 1/]7/] (Z:ZI/X'Qb”( 7y) Z(dy> wz] <ZN / Qb y 4 dy))
M
b (3 X ) oo

(=1 y€Evy

These scaled rates are necessary to define the scaled generator. Since we only consider transitions
in this model, we can write the generator as

R0) = 5 [P (v gt + gaees ) FO)| i)

0,JF1 TEY;

The factors ﬁ in the argument of the test function F, are a result of the scaling as well. This
first argument expresses the configuration after a particular transitioning. Since this transition now
happens on the grid X, it follows that this expression should be scaled as well. Moreover, it holds
that

NFw =Y Y [ ( gt t ]\}(mej) —F(u)} & (e, v)

1,j#1 TEV;
1 1
= Z Nd/ |: (V — Wézez + ]V(i(szej) - F(V):| 'Iﬂj(x’l/) Vl(dx)
NS

We want to know what happens when we let N go to infinity. To investigate this, we consider the
scaled generator for a specific type of test functions: cylindrical functions.
A cylindrical function is a function of the form

F(V) = f((<g%71/1>,,,,<g}n1’y1>)7,,,7(<g]f,yk>7,,. <gfnk71jk>))7

where f is continuously differentiable and ¢ is continuous and bounded.
For any cylindrical function, we have that

lim N¢ {F (1/ — ﬁaxei + ;déxej> - F(v)] =—Dif-g'(x) + D;f - ¢’ (z).

N—o0

33



This equality follows from the linear approximation of F' (1/ — ﬁégﬁei + ﬁérej). Due to linearity of
the function F' most terms vanish when subtracting F'(v), leaving terms depending on i and j.

When we consider the generator and note that we can interchange limit and integral since X is
compact, we obtain for any v € I'x

LF(v):= lim LNF(v) = Z /X {—Dif g'(x) + D f - gj(:c)} kij(x,v) v;(dx).

N—o0
(N
Now let p" be a weak solution of the scaled problem

(F, o) — (FopY) = / | / LN F(w) o (dv) dr. (6.1.4)

Suppose that R
AN narrowly in 'y for every t € [0, 7).

If we take the limit of both sides of (6.1.4) and use that we can interchange integral and limit again,
we find for any cylindrical function F, j satisfies

(o) =P = [ [ EPW) o) i (6.1.5)

We say that a curve t — p, is a weak solution of the Liouville equation 0;p; = L* pt if (6.1.5) holds for
all cylindrical functions and all [s,¢] C [0, T7.

Eventually, we are interested in finding a system of integro-differential equations, which is only
possible if p; concentrates. With this in mind, we motivate a candidate weak solution to the Liouville
equation in the following. Suppose for the moment that p; = §;, for some curve ¢ — 2. Then

k
d d o ' .
%<F7 pt) = %F(Vt) = ;:1 Dif -(g",0:0s).

On the other hand,

M
LF(D) = —Dif - g'(x g7 ()] i oz, y) b U (dx
ire) = Y [ [-Dit-g'@)+ it g<>}w]<;/g¢w< ) e(dy)> (d)

i i
k

=ZDif-<gi,— Do rig(0) | ot | D i D)oy >
i=1 J J

This second equality follows from an index switch of dummy variable ¢ and j.
Therefore, if ¥ satisfies

O =— (D k(o) | 0 | D myil )iy | = Vil@),  i=1,...,k (6.1.6)
J J
then the curve t — p; = §;, is a weak solution of the Liouville equation.

6.2 Well-posedness

We want to prove system (6.1.6) is well-posed. We define operator A as
Av = — Z¢ij </ gbijdl/j) dv; + ZT/)JZ (/ qﬁjidw) dl?j (6.2.1)
J J
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Lemma 6.2.1. Under Assumption 6.1.1, operator A : [M(Q2)]* — [M(£2)]* is Lipschitz continuous in
the total variation norm.

Proof. We only prove Lipschitz continuity for the first term for arbitrary ¢ and j. The proof for the
second term works analogously. We have

||wﬁif, {/ P (i / ‘f’fjdﬁe) div; + / @i (i / %—d@) dwl}
el { - (2/ % dﬂe) i +/ # (i/ ¢fjd@5> (deo; — do; +d17i)},
:”wﬁ:f_ { (W <Z / ¢fjdw€) — i (i / ¢fjdw>> dv; + / oYij (;Ml / ¢fjdwe> (dw; —dui)};
<||¢ﬁsuul:_ {/ ( [M / 01507 ) dvi + / ‘P%i }

< Zwm H¢ HLOQ ||Vz||Tv l|ee — WHTV + ww ||¢ ||Loo HWHTV l|s — 17¢||Tv-
Here, 7,/17,] is the locally Lipschitz constant that exists due to our assumptions. O

/ ¢} diy (dew; — diz;)

We define the Lipschitz constant of operator A as L 4.

Lemma 6.2.2. Under Assumpion 6.1.1, the system of differential equations (6.1.5) has a unique
solution.

Proof. Let A : [./\/l(Q)]’C — [M(Q)]* and let @ € C([0,00); [M(Q)]*). We define an operator B :
C([0,00); [M(Q)]F) = C([0,00); [M(Q)]*) as

t
Bo(t) =w(0) + / Aw(s)ds. (6.2.2)
0
Furthermore, we define the following norm on the space C([0,c0); [M(Q)]F)

fleolly = sup (l&®)llzy ™)

,O0
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Then we have for 7 and @ with 7(0) = @(0), that

)

| Bo(t) — Bas(t)||, = supe ™
£>0

v(0) +/Ot Av(s)ds — v(0) — /Ot Aw(s)ds

TV
t
<supe™ [ An(s) ~ Aa() -
>0 0
t
< Laswpe™ [ o(s) = ()l -
>0 0
t
< Laswpe™ [ M6 ofs) = a(o)y ds,
>0 0
t
< Lal|7 — o], supe™ / eMds,
>0 0
o 1 _
= Lall? ~llysup 5 (1 ),
>0
La,_  _
< T\HV — &[5
We choose A = L4 + 1. Then the operator B is a contraction with respect to norm ||-||,. Hence,
by Banach Fixed point Theorem operator B has a unique fixed point which is a unique global solution
to (6.1.5). O

In this chapter, we derived a mean field limit for a general type of interacting particle systems
with rate functions satisfying Assumptions 2.3.4 and 6.1.1. Moreover, we established well-posedness
for the limiting system of integro-differential equations. In the next chapter, we look at an application
of these results to a tumor growth model.
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Chapter 7

Application to tumor growth model

7.1 Tumor growth model

In the remainder of this report, we consider a specific type of interacting particle system. We use the
theory on interacting particles to formulate a tumor growth model. The goal is to investigate the mean
field limit we found in Chapter 6 for this specific application. First, we investigate a two-dimensional
tumor growth model. We want to compare the solution of the system of integro-differential equations
with both the original stochastic simulation of this interacting particle system as well as two scaled
versions of this stochastic simulation. Since the computations for a two-dimensional model become
too large, we also investigate a one-dimensional model. First, however, we explain the model and give
a biological background to justify the considered cell types.

The model in this report is based on the model in [7]. We consider four different types of cells:
healthy, proliferative, non-proliferative and necrotic cells. The healthy cells are the only cells not part
of the tumor. We explain the different parts of the tumor next. Formally, we can define proliferative
cells as follows:

Definition 7.1.1. Proliferative cells are cells with the ability to grow and increase in number rapidly
[2].

When a tumor starts growing, it consists of proliferative cells only. Proliferative cells are tumor
cells that are able to divide, where division of cells requires space. We assume the proliferative cells
close to the tumor boundary always have enough space, being able to push the healthy cells aside. In
terms of the interacting particles, we say healthy cells transition to proliferative cells. At some point
in time, however, the tumor becomes so large that inner tumor cells are too far from the boundary
and consequently the required space is unavailable. If these cells are still alive, they are called non-
proliferative. Formally, the definition is given by:

Definition 7.1.2. The non-proliferative cells are cells that do not divide but retain the ability the
re-enter cell proliferation [12].

When the tumor grows even larger at some point the inner core turns necrotic.

Definition 7.1.3. Necrotic cells are cells that died uncontrollably before the end of the cells’ natural
life span [11].

Intuitively, necrotic cells can be seen as dead cells in the core of the tumor. Nutrients necessary
for cells survival cannot reach the inner core anymore leading to the death of these cells. Since
these dead cells cannot disappear, they still require space and are therefore not negligible. Figure 7.1
illustrates this model. White cells are the healthy cells, red forms the proliferative layer, green the
non-proliferative layer and black the necrotic core. This image is two-dimensional and can be viewed as
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a cross section of the tumor. The one-dimensional model we consider later can be seen as the diameter
of this cross section and still gives a representation of tumor growth if we assume spherical symmetry.

20 1

o 20 40 &0 80

Figure 7.1: Tumor growth model

In our two-dimensional model, the tumor is modelled as a Markov process on grid X, where
X :=7Z?NQ, with Q a compact set. The grid points represent the centers of the tumor cells. We give
these points values to represent their state. We consider four different state values given by the set
{0, 1,2, 3}. The zeros denote the healthy cells. The {1, 2,3} stand for the proliferative, non-proliferative
and necrotic cells, respectively. Due to the discrete nature of the tumor cells and the Markov property
of the process, we view this process as an interacting particle system. In particular, this model is
an example of the contact process [10]. Due to the compactness of € and since we consider Z?, we
can conclude that the number of cells are always finite. This is the case since || is finite and each
cell has uniformly positive measure. Hence, we can consider O-particles as their own type. We call
these particles the 0-type particles to emphasize the fact that they are not part of the tumor. This
leads to a slight abuse of notation, because we consider ey as the unit normal vector belonging to the
zero-particles. This can be regarded as e4 in this example. We note that we formulated the mean field
limit in the previous chapter for particles starting with index 1, but this is just a matter of notation.

In this tumor growth model the following transitions can occur:

(i) Particles of type 0 can transition to type 1.
(ii) Particles of type 1 can transition to type 0 and type 2.
(iii) Particles of type 2 can transition to type 1 and type 3.

First, we note that only transitions occur. This is because we include O-type particles in our
specification of types rather than considering them as empty. This is due to the compactness of {2,
resulting in a finite number of O-particles. From a biological reasoning, we want the rates to satisfy
the following properties:

(i) The transition rate of a O-particle at position z increases if the number of 1-particles in a neigh-
bourhood of z increases.

(ii) The transition rate of a l-particle to a O-particle at position z increases if the number of 0-
particles in a neighbourhood of x increases.

(iii) The transition rate of a l-particle to a 2-particle at position x increases if the number of 0-
particles in a neighbourhood of x decreases.

38



(iv) The transition rate of a 2-particle to a 1-particle at position x increases if the number of 0-particle
in a neighbourhood of x increases.

(v) The transition rate of a 2-particle to a 3-particle at position x increases if the number of 0-
particles and the number of 1-particles in a neighbourhood of = decreases.

The generator of this model has the form

LE(v)= > 3 [F(v—6sei+bre;) — F(v)] rij(x,v).

ij#i TEV;
We consider the following transition rates:

1. For the transitioning of an empty cell to a proliferative cell, we define the following rate function:
#01(Y, ) = co1 [ Lizex:|z—alpo <1} () V1 (dz) 1y (y).
Heuristically, this is counting the proliferative neighbours of the empty cell, multiplied by some
constant cg; € Rar.

2. A proliferative cell at position y can turn healthy with rate:
HlO(y? V) = C10 f ]lzeX:\zf:v\goc gl(y)VO(dx)]lul (y)

3. A proliferative cell at position x can turn non-proliferative with rate:
/f12(2/, I/) — clg(e_f]lzexﬂz*”‘zxﬁl(y) vo(dz) _ €_|1z€X:|zfx\eocSl(y)‘)]lyl (y)

4. A non-proliferative cell at position y can turn proliferative with rate:
H21(y7 V) = C21 f ]]-zEX:\z—w\goo <1 (y)l/o(dl')]].y2 (y)

5. A non-proliferative cell at position & can turn necrotic with rate:
Ka3(y,v) = cagle” S Leexiiz—algoo <1(¥) Y0(d2) = [ Loexiz—aljoo <1 (NV1(d2) _ o= [liex:z—0ljoo Sl(?m)]lu2 ().

For all the other possible transitions, we say &;;(y, ) = 0. We note that we can write the rates above
in the form k;; = ;5 (Zé‘il Ix ¢fj(x7 y)z/z(dy)), where 1;; is continuous and locally Lipschitz and (zﬁfj
is bounded. g1, 109 and 191 are now just identity functions for these specific rates.

Based on the theory derived in the previous chapter, we find that the mean field limit of this
interacting particle system is given by (6.1.6).

In the next section, we are going to investigate the solution to system (6.1.6) for this tumor growth
model and compare this solution with three stochastic simulations of the interacting particle system.
One of these simulations is the original interacting particle system and the other two are scaled versions
of this system.

7.2 Simulation

In this section, we compare four different numerical simulations. The first is the numerical solution of
integro-differential system (6.1.5) for the tumor growth model. The second simulation is the original
interacting particle system, the third is a scaled version where N = 2 and the fourth is a scaled version
where N = 4. In the original system, we consider a grid of 100 by 100 and the scaling leads to a grid of
N -100 by N -100. Since the integro-differential system is the limit found after scaling, we expect that
the scaled versions of the interacting particle system are closer to the solution of the integro-differential
equations than the original model.

Since the interacting particle system is stochastic, we want to take the average over a number of runs
in both scaled and the original systems. This average is taken by running the simulation several times
and determining for each cell and each time step the number of times that cell is healthy, proliferative,
non-proliferative and necrotic. This number is then divided by the number of runs. This means we
find for each cell and each time step fractions of the different particle types. The fraction belonging
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to a certain particle type, for example the proliferative type, suggest how frequently a specific cell was
proliferative on average at a specific time. The closer this number is to 1, the more likely it is that the
cell is proliferative at the considered time. The idea behind this stochastic simulation is summarized
in Algorithm 1.

Algorithm 1 Pseudocode interacting particle system

1: procedure STOCHASTIC SIMULATION
2: Initialize grid and set count to 0
3 Calculate the rate of all the possible transitions in every cell
4 Sum all the rates
5: Draw random exponential with rate equal to the sum
6 Add exponential to count
7 Choose which transition occurs at random proportional to the total sum of all the possible transitions
8 Choose which cell transitions at random proportional to the rates of the cells with respect to the chosen
transitioning
Repeat until count > 200

©

For the simulation of the solution of the integro-differential equations, we discretize our grid. Since
this solution is the limit after scaling the grid size, we want the grid size to be much smaller than the
grid sizes in all the stochastic simulations. For the solution of the ODE, we scaled the grid with a
factor 15. For a higher scaling factor, the computations become too demanding. The simulation of
the solution of the system of integro-differential equations is summarized in Algorithm 2.

Algorithm 2 Pseudocode ODE solution

1: procedure SIMULATION ODE SOLUTION

2 Initialize grid

3: Formulate solution as large vector (Do, i1, 2, 3)

4 Formulate system of integro-differential equations in a vector form
5 Solve by using ODE solver

The solution of the system of integro-differential equations also gives numbers between zero and one.
Therefore, this solution and the stochastic simulations are easy to compare. We start by comparing with
a radius-density plot. Due to the spherical symmetry of the tumor, we can investigate the densities of
the tumor along the radius. We can do the same for the two averaged scaled and the original interacting
particle systems. The solutions of these three simulation are approximately spherically symmetric if
the number of runs we use to average is large enough. To improve the plot, we also average along the
radii in four different directions. We find the following results.
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Figure 7.2: Radius-density plots for the healthy cells of the ODE solution, normal simulation and
scaled simulation
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For the healthy cells, we notice that the radius-density plots for the normal stochastic simulation,
both the scaled stochastic simulations and the ODE solution are relatively close. This is a promising
result since it means our microscopic and macroscopic model describe the same phenomenon. We
notice that the stochastic simulation for N = 4 is closest to the ODE solution, whereas N = 2 is
the second best match. This is in line with what we expect. Furthermore, the difference between
the original simulation and the scaled simulation with N = 2 seems to be larger than the difference
between the two different scaled simulations. This is also promising since this suggests convergence
to the ODE solution. We do note, however, that the size of the grid in the discretization for the
determination of the ODE solution is equivalent to a scaling of the grid size with N = 15. Since we
want to investigate the limiting behaviour, it would be more interesting to simulate the ODE solution
for a finer grid. However, this system becomes too large to solve.
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Figure 7.3: Radius-density plots for the proliferative cells of the ODE solution, normal simulation and
scaled simulation
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For the proliferative cells, we can again conclude that the four models are relatively close to each
other. Again, the higher the scaling factor N, the closer the graph is to the graph of the ODE solution.
In both the comparison of the non-proliferative cells and the necrotic cells, which are given in Figure
7.4 and 7.5 the convergence of the stochastic simulations to the ODE solution is also clear.
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Figure 7.4: Radius-density plots for the non-proliferative cells of the ODE solution, normal simulation
and scaled simulation
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Figure 7.5: Radius-density plots for the necrotic

scaled simulation
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For further comparison, we calculate the average number of healthy, proliferative, non-proliferative
and necrotic cells. Furthermore, we normalize such that these values are in between 0 and 10000 as
in the original interacting particle system. This way we can compare these values. These graphs are
displayed in Figure 7.6
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Figure 7.6: Number of different type of particles per time unit
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Again, we notice that the scaled stochastic simulation for N = 4 is closest to the ODE solution.
Likewise, the stochastic simulation with N = 2 is the second best fit. Moreover, the difference between
the original interacting particle system and the simulation with N = 2 seems to be larger than the
difference between the stochastic simulations with N = 2 and N = 4. This suggests convergence of
the scaled stochastic simulations to the ODE solution which is precisely what we would expect.

In the next figures, we plot the spread of healthy cells, proliferative cells and non-proliferative cells
for several times. We do not plot the necrotic cells since the number of necrotic cells is too small to
be interesting.
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Figure 7.7: Spread of healthy cells in ODE solution and stochastic simulations for t = 50
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Figure 7.8: Spread of healthy cells
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Figure 7.9: Spread of healthy cells in ODE solution and stochastic simulations for t = 150
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Figure 7.10: Spread of proliferative cells in ODE solution and stochastic simulations for t = 50
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Figure 7.11: Spread of proliferative cells in ODE solution and stochastic simulations for t = 100
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Figure 7.12: Spread of proliferative cells in ODE solution and stochastic simulations for t = 150
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Figure 7.13: Spread of non-proliferative cells in ODE solution and stochastic simulations for t = 50
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Figure 7.14: Spread of non-proliferative cells in ODE solution and stochastic simulations for t = 100
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Figure 7.15: Spread of non-proliferative cells in ODE solution and stochastic simulations for t=150
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To conclude, we find a converging trend of the scaled interacting particle systems towards the ODE
solution. This is promising, because it is precisely what we expect to see based on the calculations of
the mean field limit.

As we mentioned before, however, we want to consider a finer grid in the discretization used to
simulate the ODE solution. The discretization we want to consider is equivalent to a grid after scaling
with N = 1000. In practice, however, the computations in this case are too demanding. Every grid
point leads to four differential equations because we have four types of particles. This leads to a
system with 4 - (N - 100)? number of differential equations which is too large to solve. Therefore, we
consider a one-dimensional simulation in the next section. This decrease of dimension also leads to a
major decrease of the number of differential equations which enables us to investigate a discretization
equivalent to a grid after scaling with a factor N = 1000.

7.3 One-dimensional simulation

As mentioned before, we want to check whether the simulations of the scaled interacting particle system
converge to the solution of the system of integro-differential equations. To simulate the solution of the
integro-differential equation by means of an ODEsolver in Python, discretization of our state space
is required. However, since the grid size in the scaled versions of the interacting particle systems
decreases, and the solution of the integro-differential equations is the limit found after letting the grid
size converge to zero, we want the discretization steps to be much smaller than the grid size in the
interacting particle systems. In the two-dimensional case this leads to a problem due to too demanding
computations. Therefore, a one-dimensional interacting particle system is investigated.

In this one-dimensional model, we consider again healthy, proliferative, non-proliferative and necrotic
cells. The rate functions are also similar to the rate functions considered for the two-dimensional model,
although the rate constants are altered to find more interesting results.

We display the density at every point in the interval of our one-dimensional interacting particle
system. If we assume spherical symmetry, these densities can be regarded as the diameter of the tumor.
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Figure 7.16: Diameter-density plots for the healthy cells of the ODE solution, normal simulation and
scaled simulations
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We were able to determine the ODE solution in a grid discretized in a way equivalent to scaling
with NV = 1000. For smaller times, lines are all very close. However, for ¢ = 100, we notice that the
stochastic simulation for N = 200 is closest to the ODE solution. This becomes clearer for ¢ = 150.
It is clear that the larger N is, the better the interacting particle system resembles the ODE solution.
This seems to be an additional confirmation the mean field limit is correct.
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Figure 7.17: Diameter-density plots for proliferative cells of the ODE solution, normal simulation and

scaled simulations
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In the diameter-density plots for the proliferative cells, we notice a similar result as for the healthy
cells. If we increase N the fit between the stochastic simulation and the ODE solution becomes better.
We notice for t = 100 and ¢ = 150 that there is still some distance between the lines of the stochastic
simulations and the ODE solution, but a converging trend is visible. In Figure 7.18 and Figure 7.19,
we display the diameter-density plots for the non-proliferative cells and necrotic cells, respectively. We
again see a converging trend, where the stochastic simulation becomes closer to the solution of the

ODE solution for higher N.
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Figure 7.18: Diameter-density plots for non-proliferative cells of the ODE solution, normal simulation
and scaled simulations
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Figure 7.19: Diameter-density plots for necrotic
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Furthermore, we plot the number of the different cells types against the time. We normalize the
number of cells in each simulation to compare the results. We find the following number of cells for
each of the four types.

100

Figure 7.20: Number of different type of particles per time unit
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In these plots, the convergence becomes clearer. For each particle type the number of particles for
the stochastic simulation with N = 200 is closest to the number of particles in the ODE solution. The
stochastic simulation with N = 100 is second best and the simulation for N = 50 is the worst. These
figures again suggest the convergence of the scaled interacting particle systems to the ODE solution.
This is the result we expected.
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Chapter 8

Conclusion

In this project, we investigated generally formulated interacting particle systems. These interacting
particle systems consist of multiple types of particles and we considered three possible changes that
can occur: birth of particles, transition of particles from one type to another and the death of particles.
The construction of the generator of this system results in the formulation of the forward Kolmogorov
equation describing the stochastic evolution of this system.

The well-posedness of this forward Kolmogorov equation is investigated. By formulating an auxil-
iary lemma involving a change of variables formula, we were able to determine the exact form of the
adjoint operator of the generator of the interacting particle system. This enables us to prove well-
posedness in a truncated version of the forward Kolmogorov equation. This result is summarized in
Theorem 4.1.4.

Next, we showed both a first moment and second moment estimate as well as a bound on the
Boltzmann entropy functional. These a priori estimates and the application of Ascoli-Arzela’s Theorem
lead to the proof of existence of a solution to the original evolution equation in the weak sense.
Furthermore, we established absolute continuity for this solution.

To determine the macroscopic behaviour of generally formulated interacting particle systems, we
investigate the mean field limit for this system. To establish the mean field limit we make an additional
assumption on rate functions x;;. The mean field limit is established by scaling the system by N and by
taking the limit for N to infinity. The scaling happens by shrinking the grid size by % Furthermore,
the intensity measure X is scaled which implies a scaling of mapping A™* as well. Computations lead
to a system of integro-differential equations. Also for this system well-posedness is established.

Since the interacting particle system is formulated in a general way, the results in this report can
be used for many applications. For an interacting particle system with X compact and A(X) < oo
with rate functions satisfying Assumption 2.3.4, the existence of a solution to the forward Kolmogorov
equation follows from our results. Furthermore, if the interacting particle is formulated on a Z? grid
with rate functions additionally satisfying Assumption 6.1.1, this report provides a mean field limit
given by a system of integro-differential equations.

We considered an example of an interacting particle system. Tumor growth is described as a
multiple type particles system on a compact set in a Z? grid. Here, we consider four different types
of cells: healthy, proliferative, non-proliferative and necrotic cells. The rates of transitions for each
particle depend on the type of the particle itself and the types of particles in a neighbourhood of that
particle. The interacting particle system describes the microscopic behaviour of tumor growth.

Using the results for the generally formulated mean field limit, we find the mean field limit for this
tumor growth model. Since we specify exact rate functions in this application, we can simulate the
solution of this system of integro-differential equations. To compare the interacting particle model and
the system of integro-differential equations, we used simulations. We noticed that both the radius-
density plots and the number of particles are close for all the models. We also note that the scaled
stochastic simulation for N = 4 is closest to the ODE solution, whereas the stochastic simulation for
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N = 2 is the second best fit. This is promising because this is exactly as we would expect. Moreover,
we notice a converging trend of the stochastic simulations to the ODE solution.

Nonetheless, we are not completely satisfied with this two-dimensional model. The reason is that
we want to investigate the limiting behaviour of the scaled interacting particle system. To numerically
determine the ODE solution, discretization of the state space is necessary. This leads to a grid, but
since this ODE solution is the limit found by letting the grid size go to zero, we want to consider a
grid in the discretization that is much finer than the original interacting particle system. We want
a discretization equivalent to a grid after scaling by N = 1000. For the two-dimensional model, this
results in numerical computations that are too demanding. Therefore, we also investigated a one-
dimensional particle system. If we assume spherical symmetry, this one-dimensional particle system
can be regarded as the diameter of the tumor. In this one-dimensional system, we were able to
discretize, equivalent to scaling with factor N = 1000. The convergence is clear in this case, which is
promising because it is in line with our expectations.

In future research, the uniqueness of the solution to the forward Kolmogorov equation could be
investigated. Existence of the solution is established in Chapter 5 and our conjecture is that this
solution is also unique. Moreover, there is a possibility better results for the two-dimensional model
can be achieved if the method for solving the ODE is implemented directly, rather than using an
ODEsolver in Python.

Nonetheless, the determination of the mean field limit and the convergence in the one-dimensional
model are promising results. Due to the general form of the interacting particle system, this result can
be used in other applications as well.
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Appendix A

Proof of Lemma 3.1.1

A.1 Proof of Lemma 3.1.1

In this Appendix, we prove Lemma 3.1.1. Before we start proving this statement, we want to introduce
a function which helps to shorten our notation.

Definition A.1.1. Let h(v) be a IT*(v)-measurable function. We define the function I,,, .., (h(v))

as follows
Iy ..oni (B / / al/\®”1 AN
Ill X’!‘Lk

We continue with the proof of Lemma 3.1.1.

Proof of Lemma 3.1.1. In the proof, we are going to split the birth part, the transition part and the
death part. We start by proving the birth part holds. We have

/F / (1 + 8, em) o (4> 1) A(dy)dIT* (i Z/ Fu + 5yem)gom (g, v)dIT* () A(dy),

= Z / Z %Inlw-vnk (]]'fX © An’kF(An,k + 5yem)90m(y7An)k)) )
.nE=0 H np

In the first step, we apply Fubini’s Theorem and then use the definition of the measure ﬂk(l/) In the
following step, we are going to detach the sum over the mth particle from the other sums and prepare
to make an index shift. Since the function go;(zn,, +1,A™,...A™) is zero when z,,, 1 € A™ () for
some ¢ € {1,...,k} we can include this particle in the indicator function without changing the value
of the total expression. Furthermore, in the following expressions we denote

N\ N, 5= M1y e oy M1y Mang 1, - - -, g for - m € {1,... k}.
Therefore,
k o) n +1
_ m N n N +1 n
-3 Zm D A nk(lrx(/\ L AL A

m=1n,,=0 ’ n\nm,=0 H np!
p=L,p#m

F(A™, . A A gom (T, 11, A, AT Oz y1r---N))
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Next, we apply an index shift on the sum over n,,.

oo

s 1 n n n
Z . Z kil’nly-",’ﬂk (]lfx (A vk)F(A 7k)gom(xn7n7A 7k - 6wn"" em)) ’
N =1 n\n, =0 H np!
p=1,p#m

Ma-

3
l‘

Since we multiply the entire term within the sum over n,, with n,, we can simply add the case
where n,, = 0.

k ) )
1
=X Yo X e (1 (A" ) F(A™) g0 (i, A = 6, em))
m=1n,,=0 n\nm—O H np!

p=1,p#m

In the following step, we use a combinatorial trick to get rid of the n,, term. We do this by
including a sum from ¢ = 1 to n,, and considering particle z, rather than only the last particle z,,,, .
After this, we use the definition of the measure I1¥(v) again to get to the final result.

k oo
=> > <Z]1 (A™F)YF(A™) gogm (20, A™ . ..,A"M—éu,...,A"k)>,

m=1ny,....,ng=0 H np!

:/f F(v) Z Z Gom (T, — Open )dITF (1),

This proves the birth part of equation (3.1.1) holds. Next, we want to prove the transition part
of the lemma holds. First, we interchange sum and integral and apply the definition of the measure
I (v).

/F ZZguxy 5€,+(S€])dnk()

X ij;ﬁl TEV;

:Z Z % ..... (Zl (AP F A"k—5zeez+5uey)gm(%/\”k)>

GgFina k=0 TT p,|

Remark: In the function F', we placed the ¢th term before the jth term, but this could be inter-
changed when j < ¢ without loss of generality. In the following step we apply a similar combinatorial
trick as in the proof of the birth part but in reversed order. This means that instead of subtracting
the Dirac measure of a random particle, we subtract the last particle and multiply with n;.

k
1 n n, n
= Z Z kilnly--wnk (]]'fx (A ’k)F(A o 76‘7"71’1'614 +51n16])glj(‘rnm‘/\ ,k))a
1,J A1 N1 ,...,nEp=0 H npl
p=1

Next, we detach the sums over n; and n; from the other sums. After this, we apply an index shift
over both detached sums.

Furthermore, in the following step we denote A™* := (A™ ... A%~1 . A%+l A™) and
n\ ni,nj = {ny,...ng} \ ng,n,.
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"n;=0 7 p\n;n;=0 H np!
p=1,p#1i,j

T oni=1oemy 41 (lfx (AO)E(A™F)gij (2,1, A + 8, 00 — 5rnj+1€j)> ’

ISP IET) PR L A e
0,71 n; =0 v n;=1 J .n\ni,nj:O H np!
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9ij (xnj ’ Anyk + 55571]‘ €i — 61n7 63)) )

In the following step, we rewrite the expression (e ,1_1), to —:7, and use multiplication with n; to
—1)! i
include the case n; = 0.

-
=3 > T (U AP ) gis (e, A 4 8, i = B, e))
i,j;ﬁinl,.“;ﬂk:O H np!
p=1

We again apply the same combinatorial trick as before and use the definition of measure IT¥(v) in
the final step.

k 9]
= Z Z % 711, . <Z:ﬂ‘ Ank An k)g”(be +5wez 5156]')) R

-/, S 3 gy B — e ),

X 4,j#i €V

Thirdly, we want to prove the death part of equation (3.1.1) holds. We again start with using the
definition of IT¥(v).

/p ZzglofUV (v — bzer)dITF (v)

X |=1z€y

ng
>y I<Z ﬂfx<A””“)gzo<xm,W)F(A”v’“—firmel))'

m=1

The next step is again a result of the similar combinatorial trick used before.

k ')
=3 Y T (L (A ) g0 A FAE 6, e0)).
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We want to make an index shift again.

=1 n;=1
p=1,p#l
koo 1 o 1 . . .
Z Z ol Z . T P (]le(A "t Oy 1 €0)910(Tny 41, A A0, ) F(A™ ))
I=1m=0 """ n\n;=0 IT np!
p=1,p#l
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