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Introduction

This work concerns the analysis of diffusion equations on graphs, where the leading
operator randomly varies during the time evolution. A graph G = (V| E) is a couple
defined by a set V' of vertices, which can be connected by some edges in FE. Graphs can
have complicated structure, but we only deal with those whose number of vertices and
edges is finite. In particular, it is possible to distinguish two classes of graphs on which we
are going to work. If every edge of GG only represents the connection between its endpoints,
without any physical meaning, then G is called combinatorial graph. On the other hand,
we speak of metric graphs when all the edges are identified with one-dimensional intervals
and then, as the name suggests, we can equip G with the structure of metric space.

These two types of graphs open the way for the research in several areas of mathemat-
ics. There is a wide literature where combinatorial graphs are studied with an approach
closer to branches like algebra, topology, discrete mathematics. During the last century
many geometric properties of graphs were analyzed, in order to find some invariants and
to develop a rich and elegant theory of graphs. Several text books can be mentioned, for
instance [11, 25].

Additionally, graphs represent an interesting and challenging subject in the field of
analysis, to which the present work belongs. In fact, graphs provide an efficient substitute
for the classical Euclidean domains on which we define specific matrices or differential op-
erators and then study difference or partial differential equations. In particular, among
the various evolution problems on graphs, we have focused on diffusion systems, both in

the combinatorial and metric settings.

Concerning the discrete framework, one can define a function on a combinatorial
graph G as a map assigning a complex value to each vertex. Hence, in the first chap-
ter of this thesis we are going to present a well-known model which describes the heat
diffusion on G. Suppose that the heat is concentrated only at each vertex and possible
exchanges occur only between vertices which are connected by some edge. The model of
this physical phenomenon, known in literature as discrete heat equation on G, is given

by an autonomous and deterministic linear system, where the leading operator A is a



|V| x |V] matrix. More precisely, A is the minus Laplacian —L associated with G, one
of the fundamental matrices defined on a graph. The discrete Laplacian has many nice
properties and its spectrum was deeply studied in several works (see, for instance [21]).
We review well-known results about the well-posedness and the asymptotic behaviour
of the solution of the heat discrete equation. In fact, we can prove that the semigroup gen-
erated by the minus Laplacian converges uniformly towards the orthogonal projection P
onto the kernel of £. Hence, when the graph environment is connected, namely every two
vertices are linked by some path of edges, then P exactly coincides with the orthogonal
projection P, onto the linear subspace of constant functions on V. Then, given an initial
distribution f, the limit heat distribution will be equal to the average of f computed on
all the graph: the connectedness of GG let the heat reach every vertex. In addition, the
structure of G also influences the rate of convergence to the equilibrium, which is equal

to the lowest nonzero eigenvalue of L.

In Chapter 2, we investigate whether there are analogous results when the diffusion
system is no longer autonomous and deterministic. More precisely, suppose we want
to analyze the heat equation on a graph whose set of edges evolves in a random way:
obviously this means that the connectivity of the domain varies and so does the possibility
of heat exchange between the vertices. In order to describe this situation, in the second
chapter we introduce a new dynamical system and we study its random evolution. The
notion of random evolution was introduced by Griego and Hersh in [14, 15], where the
authors considered the selection from a finite number of strongly continuous semigroups
by means of a finite-state Markov chain.

In this context, in order to simulate the time evolution of the graph environment on
which we study the diffusion, we consider a finite family C = {Gy,...,Gy} of graphs
sharing the same set of vertices, but with different edges. Additionally, we introduce a
Markov chain which takes values exactly in C. Roughly speaking, during every unit time
interval we are going to study the heat diffusion on a different graph in C, determined
by the jumps of the Markov chain. As we will better understand, this implies that the
evolution operator of the model is expressed in terms of a random product of matrices
and studying the limit of S(¢) for ¢ — 400 means dealing with infinite products of them.
Regarding this, there are several articles (like [1,9, 10, 12, 16, 17]) about the convergence
of (random) products of matrices and contractive operators on infinite-dimensional Hilbert
spaces.

In the end, we are going to see that it is possible to obtain the same long-time be-
haviour as in the case of a fixed connected graph under particular conditions involving

the stochasticity of the model and the connectivity of graphs in C. In fact, the main



result proved is that if the Markov chain is irreducible, then the evolution operator S(t)
converges uniformly and — since it is also a stochastic process — almost surely towards
the orthogonal projection P, onto the constant functions on V. Therefore, even when
the graph environment is not constant in time, in this case the limit distribution still

converges to the average of the initial datum on all the vertices in V.

These diffusion models can be generalized in the continuous setting of metric graphs.
In this case, we can consider GG as a family of intervals joined by the vertices in a suitable
way. Hence, we can naturally define functions edgewise and in the same way it is possible
to introduce differential operators, equipped with some vertex conditions. All the classical
results on PDEs and on evolution semigroups are therefore brought in this framework,
where an interesting theory about the so-called quantum graphs (metric graphs on which
differential operators and vertex conditions are defined) is developing. We refer to [5, 22]
for a deep presentation on this branch of graph theory.

Therefore, the aim of Chapter 3 is to present all the known classical results about
the continuous heat diffusion equation on one fixed metric graph: now the heat distri-
bution is to be meant along every edge of the domain. This means introducing and
analyzing in detail the Laplacian operator associated with a metric graph — which acts
edgewise as a second derivative — and studying a partial differential equation on the net-
work domain equipped with Kirchhoff and continuity’s vertex conditions. Also in the
infinite-dimensional setting, it turns out that the model is still well-posed. Additionally,
we will see that its long-time behaviour is similar and parallel to the one in the discrete
heat equation. In fact, we still obtain the uniform covnergence of the evolution semigroup
towards Py, provided that G is connected. In this framework, F, is still the orthogonal
projection onto the subspace of functions which are now constant on every edge of the

metric graph.

Since the asymptotic behaviour of the diffusion problem on a metric graph is quite
similar and analogous to the one in the discrete setting, the challenge in Chapter 4 is to
find a way of generalizing the random evolution model presented in Chapter 2.

We wondered how the evolution dynamics of the metric graph environment could
be meant in this framework. Again, we have built a non autonomous stochastic model,
whose architecture does not present big differences from the discrete one.

In fact, we can start again from a finite family C of N metric graphs: now each one
shares the same set of edges, while the configuration of vertices and the way that these
are joined is different graph by graph. Also the stochasticity of the model is the same as

before: a Markov chain jumps from one to another metric graph at each integer time. In



such a way, we still study the heat diffusion on a non autonomous environment and we
are still interested in analyzing the convergence of the evolution operator for long times.

The final result we will obtain in Chapter 4 is exactly the metric version of the
theorem proved before: as long as we require the irreducibility of the Markov chain, the
evolution operator converges uniformly and almost surely to P if and only if the union
of the initial graphs in C is connected.

In fact, we will see that all the tools and theoretical results used in the combinatorial
framework still hold: it is only necessary to extend some technical computation to the
infinite-dimensional case and everything works well.

On the other hand, one aspect in the discrete setting, the least expected one, will
not be obvious to be generalized: the notion of union of graphs. In fact, in the random
evolution model in Chapter 2 we are able to deal with this concept because there is a
rigorous and well-posed definition of union of graphs, present in all the classical text
books. However, the same no longer holds when we leave the combinatorial framework
to study metric graphs. In this case, in fact, there is just an intuitive and heuristic idea,
but a unique and formal notion of union of metric graphs is missing in the literature.

For this reason, in order to parallelize the results obtained in Chapter 2, a great effort
is placed into formalizing the union of metric graphs and to obtain a reasonable definition.

Using this definition, at the end of Chapter 4 we will obtain a main general result
about the long-time behaviour of two random evolution models, one on combinatorial and
one on metric evolving graphs. As the connectedness of the network plays a funtamental
role in the corresponding diffusion problems on a fixed combinatorial or metric graph,
here we find a similar situation. In fact, in both settings, the connectedness of the union
of graphs in C provides a necessary and sufficient condition in order that the heat spreads

until getting homogenized for long times.



Chapter 1

The heat equation on a

combinatorial graph

The aim of this chapter is to introduce the reader to the main notions of Graph
Theory, emphasizing those properties we are going to use throughout the thesis.

First of all, we are going to give some definitions about combinatorial graphs, a
particular type of graphs which will be often used. Given a combinatorial graph, one can
associate to it some matrices. We are going to focus on one of these, the so-called discrete
(or combinatorial) Laplace operator.

Furthermore, we are going to analyze the discrete heat equation on a combinatorial
graph, which is the starting point of this research. In particular, we are going to present
the case when the fixed graph is finite, i.e. it has a finite number of vertices and edges.
The well-posedness and the long-time behaviour of the dynamical system associated with
the heat equation are well-known (e.g. see [22]). We will see that, despite the system
is always exponentially stable, the heat limit distribution also depends on the particular

structure of the graph.

1.1 Introduction to combinatorial graphs and to the

discrete Laplace operator

In this section we give an overview of the theory of graphs, in order to introduce the
terminology used in the sequel. There is a huge bibliography on the topics we are going
to talk about: we will mainly follow the guidelines of [5, 7, 11, 21, 22, 25].

A graph, denoted by G = (V, FE), is a structure defined by a set V' of wvertices (or
nodes) and a set £ C V x V of edges. The latters are given by ordered couples of



vertices and, in the case of combinatorial graphs, they do not necessarily have a physical
or geometric meaning. Therefore, it is irrelevant how to draw the edges in this type of

graphs: they only represent the possible communication between to vertices.

Figure 1.1: An example of graph.

Two vertices u,v € V are called adjacent (denoted by u ~ v) if there exists an edge
e € E joining them, namely e = (u,v) or e = (v,u). A vertex and an edge e are said to
be incident if v corresponds to one of the endpoints of e. Two edges are incident if there
exists a vertex which is incident with both of them. Additionally, we denote the set of all

the edges with endpoint v € V' by
E, ={e € E : eisincident to v}

and the cardinality d, of this set is called degree of the vertex v.

We deal with particular classes of combinatorial graphs: more precisely, by “graph”
we will always mean a finite graph, which has a finite number of edges and vertices. In
addition, throughout this chapter and the next one we will focus on simple graphs, namely

we exclude the presence of loops and/or multiple edges (see Fig. 1.2).

Figure 1.2: On the left, we have an example of graph with two multiple edges which
connect the same couple of vertices. On the right, we have a loop, namely an edge where
both endpoints coincide.

If we consider two graphs G; = (Vi, E;) and Gy = (Vs, Es), whose vertices are

enumerated, we shall define the notion of union of G; and G5 as the graph given by

G1UG2:(%U%,E1UE2)
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4 3 3 4 3
G, G2 G, UG,

Figure 1.3: Example of union of two graphs.

Given a graph G = (V, E), we can introduce the notion of subgraph as a graph
G' = (V' E") where both V' and E’ are respectively subsets of V' and E. Fixed two

vertices v, vy € V, a path which links v; and vy is a subgraph I' = (V' E’), where
V, = {Ul, V..., UN—-1, UN} CcV and E, = {(U17 UQ), ceey (UN—LUN>} C E.

A graph G is said to be connected if for every couple of vertices u,v there exists a
path I' linking them. Otherwise, a maximal connected subgraph of G is called component
and it turns out that G can be expressed as disjoint union of their connected components.
In the following, we will mention the connectedness of a graph when we will mean the

property of a graph to be connected.

¢— o e— 0

Gl G2

Figure 1.4: (G is a connected graph, whereas (G5 is disconnected and given by the disjoint
union of two connected components.

On the other hand, when we talk about the connectivity of a graph, we will just refer

to how much the vertices are linked to each others by edges.

Given a simple and finite combinatorial graph G = (V, E), we introduce a |V| x |V



matrix A called adjacency matriz and defined as follows:

1 ifu~ow,

0 ifuwow.

The matrix A was deeply studied in the past (see [8]): we notice that it is symmetric and,
since there are no loops, it has null trace. However, this matrix does not have so many
good properties: for instance, one can easily show that it generates a semigroup {e!};>¢

which is not contractive and that

lim |[e*™|| = +oo.
t—r+o0

For this reason, we need to find a matrix associated to GG with nicer properties. We

define the degree matriz D as the diagonal |V| x |V| matrix

D := diag (d,)

veV -

Then, we are finally able to introduce the discrete Laplace operator associated with G,
given by the |V] x |V| matrix
L:=D— A

Example 1.1. Given the graph G = (V, E) shown in Fig. 1.5, we have

1 2

4 3

Figure 1.5

and A=

S O O o
S O N O
S w o O
—_ o O O
O = = O
O = O =
_ O = =
o = O O



Therefore, the associated discrete Laplacian is

2 -1 -1 0
-1 2 -1
L=D—-A= 0
-1 -1 3 -1
0 0 -1 1

One immediately notices that the Laplacian inherits the symmetry from A and that
the algebraic sum of the elements in every row is always zero.
Given a graph G = (V, E), one can define functions on it just by assigning a certain

value at each vertex in V. We denote by
CV):={f:V-scy=cV

the space of all the complex-valued functions on G. By the definition of C'(V'), they can be

meant as |V|-dimensional vectors, whose components represent their value at each v € V:

f(v1)
Viec(WV)y=cVl: f= : , where |V| = N, for some N € N.

f(un)

We can equip C(V') with the canonical scalar product

(f,9) =) f(w)glv), figelV)

veV

and with the induced norm )
3
£l = (Z If(v)IQ) :
veV

Remark 1.2. In many text books, in order to emphasize the structure of Hilbert space
or to use a notation which is suitable even if G is not finite, instead of C(V') they refer

to the space

CV)={f:V=>C: ) |f(v)] < +oo}.

veV

Clearly, the above definition agrees with C!V! when |V'| < co. Therefore, for simplicity we

will always use the notation C/V!.
At this point, given a graph G = (V, E) and a function f € C!V! defined on it, one

10



can apply the Laplacian £ to f and obtain

= Z ‘Cuvf(v)

veV

- Z uv uv U)

veV

=d. f(u) =Y f(v)

v~U

= (fw) = f(v)), weV

v~u

We can consider the symmetric sesquilinear form associated with £

a(f,9) =Y (flw) = f(v) (9(u) = g(v)),  frgeCV (1.1)

v~u

and the corresponding quadratic form

a(f) = (LLNH =) Ifw) —f)P =0,  fecVl (1.2)
From (1.1) and (1.2) it follows that £ is positive semidefinite and self-adjoint. Therefore,
its eigenvalues are real and nonnegative and, in particular, it turns out that 0 is always

an eigenvalue. Looking for the eigenfunctions associated with 0, one gets

(LHw) = (flw) = f() =0, ueV = f(u)=[@v), Vo~u, ueV. (13)
Thus, if GG is connected, then the only choice is that f is constant on V', 0 is a simple eigen-
value and a possible one-dimensional basis for ker £ is given by 1 = (1,...,1)T € CIVI.
Otherwise, if G is given by the disjoint union of G, ..., G connected components,
then from (1.3) we deduce that a possible eigenfunction f associated with 0 has to be
constant on each G™, for all h = 1,..., L. Then, 0 has multiplicity equal to L (i.e. the

number of the connected components) and a possible basis for ker £ is given by
{14,...,1.},
where for every h=1,...,L

1 ifueV(GW),
Tn(u) = ueV.
0 otherwise,

11



Until now, we have only considered undirected graphs, but we can assign an orienta-
tion on G = (V, ), just by assuming that every edge has an initial and a terminal vertex.
Given an oriented graph, we can define the incidence matriz ¢ with dimension |V| x |E|

as follows:

1 if v is a terminal edge for e,
Gue = § —1 if v is a initial edge for e, ueV, ee k.

0 otherwise,

Obviously, this matrix depends on the particular orientation imposed on a graph,
however one can easily prove (see [22], Chapter 2) that the product between ¢ and its
transpose matrix is invariant under orientation. In particular, it turns out that the discrete

Laplacian is exactly given by

L=¢¢".

1.2 The discrete heat equation on a combinatorial
graph

Once introduced the basic notions about combinatorial graphs, we shall present one
first example of difference equation computed on a discrete network, namely the discrete
heat equation.

Fixed a graph G = (V| E), assume that the heat is concentrated only at each vertex
and not along the edges, which in a combinatorial graph do not have a physical meaning.
We denote by

u(t,v) € C, t>0,vevV

the heat concentration at the time ¢ in the vertex v.
We are going to analyze how the heat distribution on each vertex varies during time,
assuming that heat exchanges are possible only between two nodes linked by some edge.

Thus, the discrete heat equation on G is given by definition as

d
d—;&(t,”u) = —Lu(t,v), t>0,veV (1.4)

and the leading operator driving this evolution problem is the minus Laplace matrix —L
associated with G.

In order to rewrite (1.4) in a more compact form, let us introduce the heat distribution

12



u(t) at the time ¢t on G as
u(t,vq)
u(t) = : e C,
u(t, vq)

supposing that from now on |V| = d. Therefore, problem (1.4) can be reformulated as

du
- = — >
p (1) Lu(t), t>0

and, considering the vector

u(v1)
Uy = € Cd7
o (vq)
one obtains the Cauchy problem
d
) = —Lu(t), t>0,
dt (DHE)
u(0) = up.

When G is a finite graph, (DHE) corresponds to a linear system of d equations. Since

—L is dissipative, namely
R‘e(_‘cfa f) < 07 f € Cda

then by the Lumer-Phillips Theorem (e.g. Theorem 3.15 of [13]) it follows that —L gen-

erates a contractive semigroup given by the family of exponential matrices

{eiw}tzo :

Furthermore, from the theory of dynamical systems, it is well-known that (DHE) is well-
posed and that its solution is

u(t) = e “uy.

At this point, one can apply the Spectral Theorem and then represent the solution

of (DHE) in terms of
d

u(t) = ey = Z eft’\’“(f7 ex)erk,

k=1

where {e;}¢_, is an orthonormal basis of eigenfunctions of the (minus) Laplacian. In the

13



above expression ;s are the eigenvalues of £ indexed in increasing order counting the
multiplicity. We remark that \; is always 0, whereas A\ > 0 if and only if G is connected.
Let us now recall a well-known result, which we are going to apply several times in

the next chapters.
Lemma 1.3. If L denotes the discrete Laplacian, then
ker £ = Fixe ¢, t>0,
where
Fixe ™ :={fcC*: e “f=f}
15 the fixed points set.

Proof. We only show the case when G is connected, so that the kernel of the Laplacian is
one-dimensional and the notation is simpler. From this proof, one can easily extend the
thesis to the general case.
Being G connected, we have seen that f € ker £ if and only if f is constant on V.
Let us denote it by
f = aey, aeC,

where e; = ﬁ]l. Thus, by orthogonality, for all ¢ > 0 one has

= (aey, e1)e; = aey = f,

d
e_tﬁf (f,er) 61+Z€ EAk

(fvek)

then f € Fixe £
On the other hand, let f € C represented as

d
F= (fex)ex
k=1

We have that f € Fixe ** if and only if

d
e M (fren)er = Ze_kk(ﬁ €k )€,

k=1 k=1

M=

then
e (foen) = (fren), Vk=1,....d. (1.5)

Equality (1.5) holds if and only if f = ae; € ker £ for some o € C, otherwise we would

get a contradiction. Thus, the proof is complete. O

14



We are now able to study the long-time behaviour of (DHE) in the following

Theorem 1.4 (Asymptotic behaviour of (DHE)). Let P be the orthogonal projection
onto the eigenspace of L associated with A = 0, namely the orthogonal projection onto the
kernel of the discrete Laplacian. Then the semigroup generated by —L uniformly converges

towards P, namely
lim |e™** — P|| =0,

t—>4o00

and the convergence rate is given by X, the lowest nonzero eigenvalue of L.

In particular, it follows that for any initial datum ug € C?

lim w(t) = lim e %uy= Puy.
t—r+o0 t—r+o0

Proof. Let P, be the orthogonal projection such that
Prf = (f, ex)ex, feCh Vk: A\ #0.
Now the exponential matrix of —£ may be written as

eth=p + Z e_tAkPk.
kA #0

Thus, recalling that A > 0, we have

le e =Pl =| 3 ep
k:Ap#0

< > e™n

k:\p7£0

<3 e
k: Ay 720

< Me™ 2120

Y

where M =3, 1 < oo. O

Notice that, despite the convergence to equilibrium always holds, the graph environ-
ment on which we are studying the heat diffusion has an influence on the behaviour of
the solution for long times. First of all, the convergence rate directly depends on G, since
we have shown that it is given by the lowest nonzero eigenvalue of the discrete Laplace

matrix of G. In turn, this eigenvalue can be estimated by some graph invariants® (see,

Following the definition given by [11] in Chapter 1, two graphs G = (V, E) and G’ = (V', E') are

15



for instance, [21]).

In conclusion, we want to investigate how the limit distribution varies depending on
the structure of the combinatorial graph. The previous theorem states that the solution
of the discrete heat equation tends to a vector in C¢, given by

lim wu(t) = Puy,
t—+00

where P is the orthogonal projection onto the kernel of the Laplacian and vy € C? is the

initial datum. Therefore

1. if G is a connected graph, then 0 is a simple eigenvalue and the one-dimensional
ker £ is spanned by 1. Thus, P agrees with the orthogonal projection Py onto the

subspace of constant functions on the graph:

1 1
Poug := Pug = (ug, e1)e; = E(UJO? 1)1= EZUO(U) 1eC,
veV

which is indeed a constant function on GG. In particular, we notice that the constant

value assigned to each vertex

is exactly the average of the initial datum wuy computed on V': the connectedness of

GG let the heat spread and reach every vertex;

2. otherwise, when G is not connected and then it is given by the disjoint union of

L)

connected components G, ... GF) we have seen that 0 has multiplicity equal to

L as an eigenvalue of the Laplacian. As a consequence, ker £ is spanned by the

characteristic function on each connected component

{1.,...1.}.

Therefore, we get

L
1 d
Puy = ;m(u071h> 1,e€C

isomorphic if there exists a bijection ¢: V' — V' such that e = (u,v) € E then (p(u),¢(v)) € E’ for all
u,v € V. Therefore, a graph invariant is a graph property which is invariant under isomorphisms.

16



and

| 1 ,
Pug(v) = VG| Z up(w) = VG| Z up(w) = ]é(m o, v e V(GM).

weV wGV(G(h))

From the above expressions, one deduce that in this situation for long times the
heat tends to homogenize on the graph G in a different way as before: it spreads
component by component until getting constant and equal to the average of ug on
each GW h=1,... L.

This is the long-time behaviour of this diffusion model, studied on a fixed combina-
torial graph. Starting from (DHE), in the next chapter we will modify this framework in

order to obtain variations of the system just described comparing it with each others.

1 2 1 2
——o

Gl G2
—— o
3 4 3 4

Figure 1.6: Suppose to study two heat diffusion problems on G; and on G,. Given the
initial datum wy = (a,b,c,d)’ € C*, then the limit heat distribution Pug is different
depending on the graph. Since G is connected, then Puy = Pyug = (o, a, o, «v), where
a = (a+ b+ c+d)/4. On the other hand, being G5 disconnected, then we have that
Pf=(a,a,B,8), where a = (a+b)/2 and 8 = (¢ + d)/2.

17



Chapter 2

Random evolution on combinatorial

graphs

In this chapter we are going to introduce one of the original problems proposed in this
thesis: the heat diffusion on combinatorial graphs. In Chapter 1, we have already shown
some results about the discrete heat diffusion equation. Now, we no longer focus on one
fixed graph, constant in time, but we are interested in studying what happens when the
graph randomly changes during the evolution of the system.

First of all, when we talk about “evolution of graph” we actually mean that the set of
its edges varies, while the vertices always remain fixed. Suppose that we want to study the
heat diffusion starting from an initial combinatorial graph GG. We recall that the set of its
edges E(G) plays a fundamental role in this context, since the heat exchange between two
vertices is possible only when there exists an edge connecting them. Then, if we decide
to “turn on” some edges and to “turn off” some others according to a suitable random
law, as a consequence the dynamics of the heat diffusion will change as time goes on.

Therefore, we first intend to find a way of suitably modelling the proposed situation.
Additionally, once we will have got a well-posed dynamical system, the following step is

to analyze its long-time behaviour, comparing it to the case in the previous chapter.

2.1 Evolution problems with variable coefficients

Before talking about graphs, we first want to illustrate the general idea of the random
evolution model. In fact, in this section we introduce some basic notions about evolution
equations on randomly evolving structures.

Consider a set £ = {Ay,...,Ay_1} of d x d matrices and we choose a sequence

18



{4;,, k € N} from it. We are going to study the associated evolution problem

dtu
%(t) =A;u(t), telkk+1), keN, (2.1)

+
where T is the right derivative.

Definition 2.1. A weak solution of (2.1) is a function u € H'([0, +00); RY) such that
(2.1) is satisfied for all £ > 0.

A weak solution admits a unique value at ¢ = 0: hence, we can complement (2.1)

with an initial value.

Definition 2.2. If ug € RY, then a weak solution of the problem

Ty Z A ut), telkk+1), keN
dt - Ik ) 9 9 9 (22)
U(O) = Ug € R4

is a weak solution of (2.1) which additionally satisfies the initial condition u(0) = uy.

In particular, a weak solution of (2.2) satisfies the equation in its integrated form
t

k—1 h+1
u(t) = ug + ZAjh /h u(s)ds + A;, /k u(s)ds, telk,k+1], keN.
h=0

We are now about to find a specific solution of (2.2), in terms of an evolution operator.

For all t > 0 we define recursively an operator family on RY by

etdioy t €10,1],
S(t)uy = ’ 0,1 (2.3)
RS (kuy  t € [k k+1].

First of all, we remark that despite {S(¢)}:+>o can be written in terms of the semigroups
generated by matrices in K, it turns out that (2.3) itself does not define a semigroup. In

fact, only the first condition

holds, but if we take t =1 and s = %, then

S(t+s)=2S (g) = 21 ¢ + eioe2io = S(t)S(s).

We know that all semigroups {7;(t) }+>0 generated by the matrices A; are strongly and uni-

formly continuous, thus we find that {S(t)}+>o itself is strongly and uniformly continuous,
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namely
lifgl 1S(t + €)ug — S(t)ug|| =0, wy € RY, >0 (S.C.)

and

lim [[S(t -+ ) = SO =0. =20 (U.C.)

Furthermore, taking the right derivatives of (2.3) yields

+ A S(t tel0,1
d S(t) Uy = Jo ( )UO [ ) (2.4)
dt A S(tyug  telkk+1),

therefore {S(t) }+>0 only fails to be differentiable at the instants ¢t = k. In fact

lim ds(t) = Aj e S(k),

t—(k+1)~  dt (2.5)
, dS(t) A '
lim = Aj, e xS(k)

t—(k+1)*  dt

which can be different, because in general A; # A; . . Formula (2.4) shows that for all
up € RY the mapping
u:[0,+00) — R4

is a weak solution of (2.1) and satisfies the initial condition
S(0)ug = ug.

Now, we also prove the uniqueness of a weak solution of (2.2).

Theorem 2.3. For every uy € R?, the evolution equation (2.1) with initial data u(0) = g

has a unique weak solution.

Proof. We adapt the proof of Proposition 11.6.4 in [13] to the non autonomous case.
We are going to show that there exists a unique solution of (2.1) on [0, 7, for each

T > 0. We start from T = 1 and, due to linearity, it is sufficient to prove that

du
20 =Au(t),  te.1],

u(0) =0

(2.6)

has u(t) = 0 as unique solution. In fact, let u : [0,1] — R be a further solution of (2.6),
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which also solves the integral version of (2.6)

u(t) = u(0) + Aj, /0 u(r)dr

t (2.7)
= A]-O/ u(r)dr, t e 0,1].
Take t € [0,1], then for each s € (0,t) we get
% (S(t _s) /0 su(r)dr) — St — s)u(s) — Ay St — ) /0 Cu(r)dr
= S(t — s)u(s) — S(t — s)A;, /0 Cu(r)dr (2.8)

where we used the fact that A;, commutes with its exponential matrix S(t—s) = elt=*)%i.

Hence, integration from 0 to ¢ of the expression (2.8) gives

/ot d% (S(t — ) /OS U(T)dr> ds = /Ot u(r)dr =0

and from (2.7) we conclude that u(t) = 0 for ¢ € [0, 1].

Now we want to show the uniqueness of (2.1) in [0,2]. Suppose that there exist
u:[0,2] = RYand v : [0,2] — RY solutions of (2.1) with initial condition u(0) = v(0) = ug.
For the previous computations, we can deduce that u and v coincide on the time interval
[0, 1], namely

Ul =l

and we set u(1) = v(1) = u;. Since we just require to have a weak solution, we only need

to prove that
“‘[1,2] = “}[1,2]

to ensure the uniqueness on [0, 2]. If we consider the autonomous problem

du
=) = Au(t), te[1,2),

u(l) = uy,

we know that u‘[ and v‘[l 2 solves (2.9) and this holds if and only if

1,2]

a(t) == u}m(t +1), 9(t) := U\M(t +1), te[o,1]
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are solutions of

dii ~
—(t) = Aza(t), te€0,1] (2.10)
w(0) = uy.

At this point, proceeding as in the case T" = 1, it is clear that (2.10) admits unique
solution, thus
a(t) =o(t), telo,1]

and

u}[Lz} :Ul

(1,2]°

This proves the uniqueness of (2.1) on [0, 2] and, by recursion, one can obtain the same
on [0, 7] for every T' > 0. Due to the arbitrariness of 7', there exists one weak solution of
(2.1) for all ¢ € [0, +00). O

In the next section we are going to study the long-time behaviour of {S(¢) };>¢ for the
specific model on graphs. We remark that while S(t) is well defined for all ¢ > 0, it is a
priori not clear whether its limit exists.

In general, when we talk about asymptotic behaviour of bounded operators from a
normed vector space (X, ||-||) to itself, we always have to specify which type of convergence

we mean. In the sequel, we will consider

— the strong convergence of S(t) towards a bounded operator M € B(X), namely

Jim [S()f = Mfllx =0, ¥/ €X;

— the uniform convergence of S(t) towards a bounded operator M € B(X), namely

lim [[S(t) — M[[ =0,

t——+o0

where || - || is the operator norm.

Remark 2.4. Clearly, uniform convergence always implies the strong one. However,
when we work in finite dimension, also the opposite implication is true.

In fact, if X = R4, let us consider a basis {e;}¢_,. From the strong convergence, we
have that for all £ and for all € > 0, there exists ¢, such that

\S(t)ek—Mek| <€ YVt > t.
If we now define t. := max{ty, kK =1,...,d}, this implies that

|S(t)er — Mey| < € Vit > t., Vk.
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Due to linearity and thanks to Cauchy-Schwarz inequality, for all f € R with |f] < 1 we

< (ki Ifk|2>

Thus, taking the supremum over f € RY with |f| <1

obtain

1

(Z |S(t)er — M6k|2> < || fIIVde.

k=1

N

d

1S f=Mf| = > fulS(t)er — Mey,)

k=1

IS(t) = M| < Vde Vit >t

which implies the uniform convergence.

Coming back to our model, since S(n) is given by a product of n exponential matrices
generated by A;,..., A
like

we can perform an asymptotic study in terms of products

{ﬁMﬁ, nEN} (2.11)

i is a d x d matrix. Hence, in order to prove that S(n) converges uniformly

j'n—l?

where M;, = e#

towards some d x d matrix M, we will equivalently show that

n

—+o00
[T = tim []M;, =01,
n—-+o0o

=0 =0

where the limit is taken with respect to the matrix norm.

2.2 The discrete heat equation on evolving combina-

torial graphs

On the basis of the evolution model just described, we are now ready to introduce a
random evolution diffusion model on graphs. In this section, we are going to deal with
combinatorial graphs which are finite, simple and unweighted. We can consider one graph
G just at first. As already explained, our goal is to analyze how heat spreads on G while

their edges randomly changing in time.

In order to model the evolution of network G in an efficient way, we now forget
about G itself and start considering a finite collection of graphs C = {Gy,...,Gx} with
an arbitrary, but fixed ordering. Roughly speaking, these graphs correspond to all the

possible stages that the graph G can reach at a certain time. Therefore, it is reasonable
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to require that Gy,...,Gy have different sets of edges F(G4),..., E(Gy), whereas the
set of vertices V' = {vy,...,v4} is the same for every graph and represents the structure
of the domain which always remains fixed.

Now we want to introduce the stochasticity of this model. We then consider a proba-
bility space (€2, F,P) and we define a stationary Markov chain {j }r>0 which takes values
in the set of graphs C. Hence, we have that for each k£ € N

w — jr(w)

is a random variable and it represents the state of the chain after the k-th jump. As we
can guess, the time sequence of graphs will be determined by the jumps of this Markov

chain.

Finally, we are able to write the system of equations for our model. The idea is to
generalize the discrete heat equation (DHE) introduced in the previous chapter and to

construct a system with the same form of (2.2). We denote by
K={-L(G1),...,—L(Gn)} (2.12)

the finite family of discrete Laplace operators associated with the graphs in C and we
consider again
u(t, vy)
u(t) = : e CY,
u(t, vg)

i.e. the vector of heat concentration at each vertex of G.

Hence, the discrete random evolution (DRE) system has the following form:

dtu .
W(t) = —L{r)u(t), telkk+1), keN (DRE)
u(O) = Ug € Cd,

where 1o € CY is the initial heat concentration.

Looking at this system, the main difference with (2.2) can be found in the sequence
which determines the evolution of the graphs. We remark that in this random context
the model is clearly no longer deterministic as before. In fact, (DRE) is not only non
autonomous, but its leading operator —L(ji) is also a stochastic process taking values in
K. In particular, {—L(jk)}r>0 is still a Markov chain, with the same class structure as

{Jk}x>0. For this reason, we will directly refer to the original Markov chain to talk about
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the stochasticity of the model.
Despite the stochasticity of (DRE), it is also convenient to analyze every deterministic

problem one obtains fixing a realization w € ). Hence, we get

dtu 4
W(15) = —L(p(w)u(t), telkk+1), keN (DRE w)
u(O) = Uug € Cd

and this problem is exactly (2.2) with K defined as in (2.12) and with a deterministic
sequence given by {jx(w)}x>o-

Once introduced the model in a rigorous way, we can now better understand its dy-
namics. Fig. 2.1 gives a more intuitive idea about what happens when we fix w € {2 and

how the graphs’ evolution actually works.

() we L
Gyt ® - Q
Jo(w)
GL9 o
J1(w)
Gt @) : ')
] ! ! ! 7

Figure 2.1: Dynamics of (DRE w).

Suppose that we deal with three graphs in C = {G1, G, G3} and we start from an initial
heat distribution ug. If we fix a realization w € €2 of the Markov chain, we have seen that
our network will evolve according to a deterministic sequence.

More in detail, for the first time interval [0, 1], we have to study the discrete heat
diffusion on the graph given by the initial state jo(w) = G. After this interval, at ¢t = 1
we "freeze” our system and we substitute the current graph with the state j;(w) = Gy
reached by the Markov chain after its first jump. Hence, for the next interval [1,2], (DRE

w) will follow the heat diffusion on the new graph Gy, which represents the second stage
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of the evolving domain. From ¢t = 1 on, the initial condition for the new system is given
by the final solution e #Uo@)y, of the previous one in ¢t = 1 and the leading operator
is —L(j1(w)). This system will remain unvaried and autonomous until ¢ = 2, then the
Markov chain will jump into G3 and we will have to study the evolution on a different

network again and so on for all the times.

Using those results proved in the previous section, (DRE) is well-posed and its weak

solution is given by

u(t) = e~ (ERLGR) o =LUk-1) L o= EWO) £ ¢ [k, k+ 1]. (2.13)
Let us focus on the evolution operator

S(t) = e~ tRILGK) o= LUk—1) L g=EU0) ¢ e [k, k + 1] (2.14)

Due to the dependence on the Markov chain {ji } x>0, we have that {S(t) }+>0 is a stochastic
process: in particular it is a random product of matrices which receives one more factor

at every integer time according to the Markov chain {ji }x>o.

2.2.1 Asymptotics

Once we have proved the existence and uniqueness of the solution, we can finally
present the main part of this research: the study of the long-time behaviour of model
(DRE). In particular, we are going to refer to the results shown for the discrete heat
equation on a single graph G fixed in time. In that framework, we briefly recall that the
evolution operator for long times converges to the orthogonal projection onto the kernel
of £L(G). This means that, as one can expect, the heat spreads during the time and tends
towards the average of ug on each connected component of the graph. Hence, as we have
already remarked in the previous chapter, the connectedness of G plays a fundamental
role in this analysis, because it determines the asymptotic dynamics of the model.

In the new framework of this chapter, where the network is no longer constant in time,
there are several aspects we now have to consider. First of all, we deal with a stochastic
evolution operator and this obviously implies that we need a convergence notion different
from the one used in the deterministic case. In addition, it seems suitable to impose some
conditions related to the connectivity of graphs. However, since we no longer work with
only one graph, we have to understand which are these conditions are and how much we
can weaken them.

First of all, our idea is to study what happens trajectory by trajectory of the Markov
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chain. More precisely, we are going to study the long-time behaviour of each family of
operators {S(t,w) }+>o, for fixed w € . When we study the dynamics of a single trajectory,

the evolution operator is clearly a deterministic product and it has the following form:
S(t,w) = e ERELGRW) = LUE1w) .. o=Llo(w) telk,k+1], we. (2.15)

Since each exponential matrix e~**Ux) is strongly, uniformly continuos and contractive,
we find that {S(t,w)}s>0 preserves these properties. Then, denoting by {T'(¢, jx(w)) }+>0
the semigroup generated by the minus Laplacian —L(ji(w)), we can also rewrite (2.15)

as the product
St,w) =Tt =k, jr@)TA, jrr(w)) - T(L,jo(w)),  telkk+1], we

and study its asymptotic behaviour using the notions of strong and uniform convergence
recalled in the deterministic case.

In particular, we are going to neglect the trajectories with zero probability P, hence
it is convenient to introduce an additional notion of convergence which is referred to a

random environment.

Definition 2.5. Let (X, ||-]|) be a normed vector space and let (§2, F,P) be a probability
space. We consider a stochastic process {S(t) }+>¢ with state space in B(X) and a (deter-
ministic) bounded operator M € B(X). We will say that S(t) converges P-almost surely

towards M, namely

lim S(t)=M  P—as.,

t——+o0
when

IP’( lim S(t,w) :M> =1

t——+00

Depending on the different convergence of the bounded operator S(t,w), we will say

that S(t) converges uniformly/strongly and P-almost surely towards M.

At this point, we can talk more in detail about our purposes. Imagine that we are
analyzing the heat diffusion during the time and we want to guess its distribution when
t — +o00. At every integer time the graph environment on which we study the diffusion
changes: for this reason, it seems reasonable to deduce that if we let the graph evolve in
a suitable way, the heat will spread on the entire set of vertices V', until its distribution
gets homogeneous. From a mathematical point of view, we have seen that this situation
corresponds to show that S(t) converges towards Fp, the orthogonal projection onto the

subspace of constant functions on G spanned by 1 = (1,...,1)" € R%.
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Then, in a first moment, we are going to deal with the following
Problem (P): Determine whether and under which conditions the evolution operator of
(DRE) converges almost surely to the projection Fy, namely
lim S(t) =P P—as.. (%)
t—-+o0
Regarding the possible conditions under which (%) holds, they can have different na-
ture. Firstly, it seems reasonable to require some hypotheses on the mechanism of graphs’
choice which determines the evolution of (DRE). This means that we have to consider
some suitable properties related to the Markov chain {jx}r>o: in this way, we can get

more information about the sequence of matrices which compose the operator S(t). For

this purpose, from now on we will require that

Condition (1): the Markov chain {j }r>o is irreducible.

It is well-known that an irreducible Markov chain with finite state space is positively
recurrent when it is aperiodic or when it has period p. Hence, this implies that with prob-
ability 1 the chain will visit every graph in C infinitely many times during the evolution

of the system.

In addition, as we have specified before, we certainly need to impose some conditions

about the connectivity of the graphs in C. Let us start from the case when all graphs

G1,...,Gy are connected.
G, G, G3 G4

Figure 2.2: All graphs in C are connected.

In a random evolution like the one described in Fig. 2.2, where at each stage the
graph environment is connected, we can intuitively imagine that (x) holds. In fact, we
recall that in the discrete heat equation on a fixed graph, its connectedness allows the
heat distribution to tend towards the average of ug on V. Then, roughly speaking, the
same happens even when we jump from a connected graph to another one: there will

always be a possible path of edges which let the heat — even though more slowly — reach
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every vertex in V for long times.
The following Proposition 2.7 proves this conjecture in a more rigorous way. We first

present the following

Lemma 2.6. Let G = (V, E) be a connected graph. Then for all t > 0
[Qe™ ]l <1,

where L 1is the Laplace operator associated with G and ) := I — Py is the orthogonal

projection onto the subspace (1)* orthogonal to the constant functions.

Proof. By contradiction, suppose that ||Qe~**|| = 1, then there exists f € C¢, f # 0 such
that

Qe *“f = f,

i.e. f belongs to the fixed points space Fix (Qe_tﬁ). Additionally, we have that f € rg @,

then we can deduce that
Qeftﬁf — eﬂtﬁ@f — eftllf — f

and so f € Fix (e7'*) = ker L.

Since G is a connected graph, it is well-known that the kernel of its Laplacian agrees
with the subspace of constant functions on V', thus f = ¢, for some constant c¢. But f
is also in rg ) and by definition the latter contains only 0 as unique constant. Then, we

conclude that the only possible choice is f = ¢ = 0, which is a contradiction.

]
Now, we are finally able to prove

Proposition 2.7. Let us consider model (DRE) where C = {G1,...,Gn} is a finite
family of connected graphs and {ji}r>0 a Markov chain. Then

lim [|S(t,w) — Pol| =0,  Vw e Q. (2.16)
t—+o00

Before proving this result, observe that the convergence proposed in (2.16) is not the
almost sure one in Definition 2.5: it is clearly stronger, since it holds for any trajectory,
without imposing particular conditions on the Markov chain. This suggests that under
the assumption of connectedness of all graphs, we are able to prove a result which is more
general than (). It does not matter which sequence of graphs (DRE) follows: S(t) will

always uniformly converge to F,.

29



Proof. Fixed w € (), we consider again
Q =1 — P(),
whose range is (1)-. We can prove the thesis in an equivalent way, showing that

lim {|QS(t, w)[| = 0.

t—-+o0

First of all, by definition () is idempotent and commutes with the exponential matrix of

every Laplace operator. Hence

QS(t) — Qe—(t—k)ﬁ(jk)e—ﬁ(jk—ﬂ v e Llo)
— Qe—(t—k)ﬁ(jk)Qe—L(jk—ﬂ ... Qe—ﬁ(jo)7

where we neglect the dependence on w to simplify the notation.
Thanks to Lemma 2.6, we deduce that each matrix Qe ) i =1,..., N has norm

strictly less than 1 and we denote by
0 = max {||Qe_£(Gi)|| ce=1,.. .,N} < 1L

For all t > 0, let k € N be such that k <t < k4 1. By submultiplicativity of the matrix

norm we have

1QS(t,w)| = [|Qe (92U Qe L) .. el

< [|QeREG| Qe E0 V) - [| Qe
< [|Qe 20V |- | Qe
S 6]{,‘—1 .

If t = 400, then k — 400 and we finally get
i [QS(t.)]| = 0.
At this point, we can rewrite the evolution operator as
S(t,w) = PyS(t,w) + (I — Py)S(t,w). (2.17)

Thanks to the spectral representation of each exponential matrix, for alli =1,..., N

eitL(Gi) = PO + Z e*t)"“Pk, t > 0,
A#0
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where \gs are the k— 1 strictly positive eigenvalues of the Laplacian £(G;) and Pys are the
mutually orthogonal eigenprojections. In particular, Fj is the eigenprojection associated
with the simple eigenvalue \y = 0. Applying F, to both sides, due to the properties of

these projections we obtain

Poe—tE(Gi) — P02 + Z e_w\k P()Pk = PO; t>0

Ny ~——
S A0 N

and, recursively,
POS(t,w):PO t> 0.

Then, from (2.17) we can write
S(t,w) =P+ QS(t,w)
and finally conclude that
Jim [[(tw) ~ Bl = lim [[QS(t.)]| =0

so the proof is complete. O

The result just presented is surely strong, but it only holds under a very restrictive
condition too: all the graphs are required to be connected. However, one can wonder what
happens when we weaken this hypothesis and admit also non connected graphs in C. May
we hope that S(t,w) still converges to Py in this situation? The answer is affirmative, but
the price to pay is that the convergence for all the realizations w € €2 no longer holds.

In fact, suppose that Condition (1) holds and fix w € 2 such that

Jew) =G  Vk>0, (2.18)

where G is some non connected graph in C. In this specific situation (DRE) is just the
discrete heat equation on the graph G which remains always the same and, as we have seen
in the previous chapter, we clearly do not expect that the evolution operator converges to
Py. Fortunately, trajectories like (2.18) have zero probability and this is the reason why
we have expressed problem (P) in terms of the almost sure convergence. From now on,
the goal is to find a suitable and as weak as possible connectivity’s condition that allows

us to prove (P).

We start adapting a result of [3] in our setting. The authors proved that if the second

eigenvalues of the operators {A4;,,k > 0} driving a certain non-autonomous diffusion
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equation as (2.1) are bounded from below away from 0, then the solution of (2.2) converges
for all initial data ugy towards the projection of uy onto the first eigenspace. In our case,
this projection is exactly P and the eigenspace is spanned by 1. We are going to refine

their method in the following

Proposition 2.8. Fiz w € Q, consider the sequence j(w) = {ji, k € N} and denote by
Ao (Ji) the second lowest eigenvalue of the discrete Laplacian L(j). If

S Aalin) = o, (219)

then S(t,w) strongly (then uniformly) converges towards the projection Py onto the con-
stant functions, namely the solution u(t,w) converges for all initial datum ug to Pyug =
(ug, e1)er, where ey 1= \/ig (1,...,1)" eR%

Proof. We are going to adapt the proof of Theorem 5.4 in [3].
Throughout this proof we will neglect the dependence on w for simplicity. We start

setting
a(t) = u(t) — (ug, e1)er,

so now we have to show that u(t) — 0 as t — +o00.

We can estimate the Euclidean norm of the vector (t) € C by

a(t)|? — [[a(0)]> = / la(s)] s

b di N
. /0 (C(s), als))ds (2.20)
= =2 [ (€l)its). io)is

Applying the Spectral Theorem, we write

d
i(s) = (ils), en(iis)) enliis)),

h=1

where {e,(j|s)) }4_, is a basis of mutually orthogonal eigenvectors of the Laplacian £(j)5))
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with common first eigenvector e;(js]) = €1, Vs > 0. Thus by linearity

L(j1s)u(s) = L{J15)) (Z(ﬂ(S), en(ils))) eh(jLsJ)>

h=1

Mg

)5 en(dis))An (s )en(dls))

< Nolis) > (als), en(is)) enliis))
h=2
d

= Az(]w)Z( a(s), en(jisy) ) enliys))
h=1

= Xa(Js)uls),

where we used the fact that (4(s),e;) =0 Vs > 0. Then from (2.20) we get

la()][* — ||a(o)]]? = —2 / (L )ils), als))ds
<2 MG i) s
By Gronwall’s Lemma we deduce that
[1a][> < |[a(0)|* e7/o b1

Hence, for t — +00, we have

+o0 oo
/ Ma(js))ds =Y Malji) = +00
0 k=0

and ||a(t)|| — 0. O

The statement we have just proved ensures the convergence towards F provided that
(2.19) holds. First of all, we notice that this series of second lowest eigenvalues diverges
when the family C contains only connected graphs. In fact, since A\y(7) # 0 for all G; € C,
(2.19) is an infinite sum of strictly positive terms and thus diverges. This means that
Proposition 2.8 is another way to prove the convergence result we have already known.

However, Proposition 2.8 is not useless, in fact it ensures that S(t) converges almost
surely to Py for a more general family C of graphs. In fact, the following result states that

it is sufficient that at least one among G, ..., Gy is connected.

Corollary 2.9. Let us consider model (DRE) where C contains at least one connected
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graph G and let {ji }r>0 be an irreducible Markov chain. Then the evolution operator S(t)

converges strongly (then uniformly) and almost surely towards the projection Py.

Proof. We fix w € Q and we recall that, due to the connectedness of G, 0 is a simple

eigenvalue of L£(G): therefore, its second lowest eigenvalue A\o(G) is strictly positive.

Consider

S Na(in) = +os, (2.21)

whose terms are always positive and given by all the second lowest eigenvalues of the
graphs in C
a(Gi), Giegy,

according to the evolution of (DRE). As we know, when they are associated with connected
graphs, some of these eigenvalues are strictly positive, whereas the ones corresponding to

disconnected graphs are equal to 0. With probability 1, we can estimate (2.21) as follows:

+oo
D () = > M(G) =+ P-as,
k=0

h:jp=G

where in the last equality we have applied the fact that G is visited infinitely many times
by the chain with probability 1. Then, the thesis follows just applying Proposition 2.8.
m

o——0

G, G» Gs G4

Figure 2.3: Only G5 is connected, the other graphs are disconnected.

Despite the previous results allow us to prove (x) without requiring a very strong
condition on C, we can even do better. In fact we are going to show that it is not
necessary that one of the graphs we are dealing with has to be connected, as the following

example shows.

Example 2.10. Let V' = {vy,v5,v3} and we consider C = {G1, G2} according to the

following picture
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Gl G2

Both graphs are clearly non connected, nevertheless we can prove that also in this case

S(t) converges almost surely to the orthogonal projection

| . 1 11

Po=-J=<
0= 3 3 1 11
1 11

Equivalently, as done in the proof of Proposition 2.7, we are going to show that Q.S(t) — 0
as t — 400 where

2

2 -

Q=I-P=| -

Wl

wino
Wi Wl

W W=

2
3

Wl

Suppose that the Markov chain which jumps from G; to G5 is irreducible, thus with
probability 1 both graphs are reached infinitely many times. This means that for long
times there are two terms composing the product QS(t), both repeated infinitely often as

the time goes on, and they are
M, = Qe_ﬁ(Gl)’ M, = Qe—ﬁ(C&)'

As we know, both M; and M, are contractions, but we cannot estimate them as in the
case of all connected graphs because it is not true that || M;|| < 1, i = 1,2. In fact, after

easy computations we get

1 11 1 1
6 + 2e2 6 2e2 3
—Oe LG [ 1_ 1 1,1 1
My = Qe - 6 27 6 22 3
_1 12
3 3 3

and its eigenvalues are Ay = 1, Ay = e% and A3 = 0. Thus, denoting by p(M;) the spectral
radius of M;, we have
1< p(My) <[[M] <1

and this implies that ||M;|| = 1 and in a similar way we obtain ||M;|| = 1, too. However,
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one can show by an explicit computation that the operators MM, and My M, satisfy

Clearly, due to the irreducibility of the Markov chain, also the sequences M; My and My M,
are repeated infinitely many times with probability 1. This implies that for ¢ > 0 large

enough, there exists k(¢) € N positively diverging as ¢ — 400 and, for instance, we get

1QS(t)] < ||M1M2||k(t) — gD 2F P— a.s..

This example suggests that the connectedness of all or some graphs in C is not a nec-
essary condition in order that (%) holds. In fact, what is really important is to consider a
more general concept of connectivity, which involves all the graphs in C and at the same
time does not require that the single ones are connected. We are going to show that the

right hypothesis to be imposed is the following

Condition (2): the union graph G := (V, E; U--- Ey) has to be connected.

In view of (2), we now understand why Example 2.10 works. In fact, the union graph of

G, and G, is given by

V1 Vo V3
@ @ @
G UG,

which is clearly connected.
Before proving the sufficience of Condition (2), we need three lemmas. The first one

characterizes the connectedness of the union graph in terms of the Laplace operators of

Gi,...,Gn.

Lemma 2.11. Let Gy,...,Gy be combinatorial graphs and let G = (V, E;U...U Ey)

their union graph. Then

N
G is connected <= ﬂkerL(Gi) = (I).

=1

Proof. We only prove the statement for N = 2, then the general case follows by induction

on N.
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Suppose that the union graph G is connected. Since constant functions are always in

the kernel of a discrete Laplace operator, it always holds
ker L(G1) Nker L(G2) 2 (1)

and then we just need to prove the opposite inclusion. Let f € ker L(G;) N ker L(G2),
hence f is constant on the connected components of G; and G5: we claim that f is
actually constant on each vertex of V. Let u,v € V. Since GG is connected, there exists a
path {(v1,v2), (v2,v3),. .., (Um_1,vm)} of edges in E; U Ey such that

UV~ ~N Uy ~ D,

where ~ can be ~¢, or ~¢g,. We now apply f to u and v;: since this couple of vertices are
adjacent in G; or in GGo and f is constant on the connected components of both graphs,
then we have f(u) = f(v1). Applying the same procedure for every vertex in the path, we
get

flu) = flor) = ... = flom) = f(v),
thus f is constant and ker £(1) Nker £(2) C (1).

As for the opposite implication, suppose G is not connected: then we can find a
function in the intersection of the two kernels which is not constant on V. Being G not

connected, so do G; and GGy and we write
l .
G=||a", a=]¢", G=|]c"
h=1 j

as disjoint unions of connected components. In particular, each component of the union

graph can be written as follows:

G — |_| GY or G = |_| G\, h=1,...,1,

. 4(h) (h)
jeAl ke A
where

Agh) = {j e{l,...,m} : ng) - G(h)} ;
A = {k e{l,....,n}: G C G(h)} .
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Due to the disjointness, we have

AV LAD L uAD =1, m),
AV LAP U uAD = {1, )

At this point, we just define f as
f)=cp, ifveV(GM), i=1,...1,

where ¢, is constant Vh = 1,... 1, and ¢, # cp, for hy # hy. By definition, for all
h=1,...,1, f is constant on each G™ therefore it is also constant on ng), J € Agh) and
on ng), ke Agh). This means that

[ € ker L(G1) Nker L(G),

but by construction f is not constant and the proof is complete. O]

Lemma 2.12. Let G be a combinatorial graph and denote by L its discrete Laplace op-
erator. Then

le™Fl < \IfIl, ¥ ¢ ker £, ¥t > 0.

Proof. The proof is simple and comes from the spectral decomposition of the exponential
matrix of £. In fact, let t > 0 and f ¢ ker £, then we can write

d
eitcf = Z eit/\k (fv Uk) Vg,

k=1

where {v;}¢_, is an orthonormal basis of eigenvectors of £, associated with the eigenvalues

Ais. Taking the square norm, we get

d

le™ AP =Y e ™(f )P = D0 1w+ DS MLl (222)

k=1 {k: A\p=0} {k: A\p£0}

where the last addendum is different from 0 since f ¢ ker £. Recalling that the nonzero

A\ are strictly positive and then e 72+ < 1, one can estimate the norm in (2.22) as follows:

le™flP =Y IfoP+ Y e (f o)l

< D fwlP+ Y el
{k: \,=0} {k: \,#0}
= |If1”
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and the thesis follows. O

Lemma 2.13. Assume that the union graph G = (V, E1 U ... U Ey) is connected. Given

any sequence of indexes o, ..., ar covering the full set {ay,...,ar} ={1,...,N}, then
Qe Ger) .. emHGe)]| < 1, (2.23)

Proof. We argue by contradiction. Let us assume now that (2.23) does not hold: since

the projection ) and all the exponential matrices are contractions, it follows that
|Qe£Car) ... o= £lGa)|| = 1,

Hence, there exists f € C¢, f # 0 such that
Qe £Gar) o7 EGa) f —

which means
f € Fix (Qe*L(G%) e eiﬁ(Gal)) Crgq.

Following the same procedure as in the proof of Proposition 2.7, we get
f € Fix (e’E(GaL) - e*E(Gal)) '

Let us assume that

Fix (e=(Car) o emH(Ga)) = ﬂ Fix (e=%(Cen)) (2.24)

holds. As a consequence, we can apply the result of the previous lemma and we obtain

fe ﬂ FlX( £(Gay,) ) ﬂFlX( i)> = mker e G = (1).

Hence, f is constant and, since f € rg (@), the only possibility is f = 0, then we reach a
contradiction.

To complete the proof, we only have to verify (2.24). Clearly,
ﬂ F1x< —L(Gay,) ) C Fix (e—E(GaL) . e—ﬁ(Ga1)> :

so we only have to prove the opposite inclusion. Given f € Fix (e‘ﬁ(GaL) e e‘ﬁ(Gal)),
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we start to show that f is in the kernel of e %(Ge1). Recalling that we are dealing with

contractive operators, we get

1711 = Jlem#6en) . =8 |
< |JemEGar) .. gmE(Gaz)|| ||e=£(Gar) £
< [l g
< 1111

then
lle=“LGea) £ = || f]I. (2.25)

Thanks to Lemma 2.12, we have that equality (2.25) implies
e f = ]
and so f € Fix (e7#()). It follows that
e LGar) . o L(Gar) f = f (2.26)

and now one can recursively follow the same procedure starting from (2.26) until showing
that

fe ﬁ Fix (e_ﬁ(G%)) .
h=1

Thanks to the previous lemmas, we are finally able to prove the main result of this

chapter.

Theorem 2.14. Let us consider model (DRE) and let {j}r>0 be an irreducible Markov
chain. Moreover, let us assume that the graphs in C have a connected union graph
G=(V,E;U...UEp).

Then the evolution operator S(t) converges uniformly and almost surely towards the

projection Fy.

Proof. We fix w € Q and, due to the irreducibility of {ji}x>0, with probability 1 we can

find a sequence of indexes «q, ..., ar such that

— they cover the full set of indexes:

{ag,...,ar}={1,...,N};
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— the Markov chain follows this path with a strictly positive probability:
pal,ag pag,ag o 'paL,l,aL > 0

Consider now the Markov chain {3} };>0 on the L-tuple of states {1,..., N}* induced
by {Jjk}k>0 as follows:

j(l) = (j07 s 7jL—1) )
g1 = UL, -+ J2n-1),

i = (GLs - Joer1yn—1) 5 k> 2.
Clearly, the number of times the chain {jj }x>o follows the path oy, ...,y is greater than
or equal to the number of times {j; }x>o visits the state & = (a1, ...,ar) and the latter

is infinite P-almost surely, due to the results proved in Appendix A. This means that
the evolution of (DRE) follows the sequence of graphs G, ..., G, infinitely many times
with probability 1 as t — 4o0.

From Lemma 2.13 we are able to estimate
Qe <) ... em£la)|| < 1

and then for ¢ large there exists k(t) such that it diverges as t — +oo and, almost surely,

we get
1QS@)|| < [|[QeEl@r) ... g=Elan)||k(t) 1=+,

Now, the thesis
lim ||S(t) — Bl|=0 P—as.
t—-+o0

follows analogously to Proposition 2.7. O

The result we have just proved ensures that (x) holds for a large class of families
C of graph. At this point, one can wonder again if there exist cases which are further
general. We are now going to show that this is not possible: hence, condition (2) not only

is sufficient, but also necessary. To prove this, we are going to adapt some results in |1,

12] about convergence of random products of contractions in Hilbert spaces.

Let C = {G4,...,Gy} a finite family of graphs such that their union

G=(V,E1U...UEy)
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is a disconnected graph. As a consequence of Lemma 2.11, this implies that

ﬂ ker £(G;) # (1).

In particular, we can prove a more precise result, which also contains the statement of

Lemma 2.11.

Lemma 2.15. Let Gy,...,Gy be combinatorial graphs and let G = (V, EyU...U Ey) be

their union. Then

[ker £(G;) = ker L(G). (2.27)

Clearly, this result makes Lemma 2.11 a trivial consequence of (2.27).

Proof. For simplicity we only prove the case with two graphs. We still need the notation
used in the proof of Lemma 2.11. In general, suppose that G, G; and G5 are written as

disjoint unions of connected components:

l m n

G = |_|C¥(h)7 G1:|_| gﬂ) Gy = |_|ng)

h=1 j=1 k=1

As we have already seen, each connected component of the union G' can be expressed as

G — LIG@ or G — L]Gy, h=1,...,1,

N0 (h)
jeAS ke A

with the same definition of Agh) and A(zh) as in the previous proof.
In Chapter 1, we have seen that Bg = {1, h =1,...,1} such that

1 ifveGW
VoeV: In(v) :=
0 otherwise

is a basis for ker £(G). Similarly, By = {11, j=1,...,m}and By = {lo4, k=1,...,n}
are basis of ker £(G1) and ker £(G5), respectively. Hence, we only need to prove that for
all h=1,...,1, 1, is in the intersection of the kernels in C and then extend the result to

ker £L(G) by linearity. In particular, by construction the function 1, will be

1 ifveG?, jeAl
YvoeV: 1y(v) == 1o !
0 otherwise
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and

1 ifoeGd, ke Al
YoeV: 1p(v) ==
0 otherwise,

thus 1, € ker £L(G1) Nker £(Gy), in fact it can be written as linear combination of both

basis B; and B, as
1, = Z 1, or 1= Z L.

. .(h) (h)
JEA] k€A,

On the other hand, given f € ker £L(G1) Nker L(G3), we have
f = al]ll,l + -+ am]ll,m (228)

and
f=01la0+ -+ Bulon, (2.29)

where B; and By as above. We recall that by construction every function 1, of the basis

Bg can be written for every h =1,...,[ as
Ly= Y Ly or Ly= Y Iy
jeA™ keAd

Then, comparing the expressions (2.28) and (2.29), we get that

a=F=c, VieAl vkeAd,

a] fry /Bk == Cl7 VJ E Agl), Vk' E Agl)

and f can also be expressed in terms of By as

l
f = Z Ch]lha
h=1

thus f € ker L(G). O

Let now denote by P the orthogonal projection onto the kernel of £(G):

P: CY = ker L(G),
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Before proving the main result of this chapter, we introduce two lemmas.

Lemma 2.16. The orthogonal projection P commutes with every exponential matrix
e £G) Vi=1,...,N.

Proof. We follow the proof of the theorem in Section 3 of [1].
Denote T} := e %) for all i = 1,..., N. Since P has range ﬂf\il Fix T; it follows that

PT, =P, i=1,...,N.
This implies (see [23]) that it also holds
PT:=P, i=1,...,N.
Hence, since the projection P is selfadjoint, for all h =1,..., N and z, y € C%:
P=P =(PT;)=TF =T, P,
thus P T; = T; P. O

Lemma 2.17. Given any sequence of indexes oy, ..., ar covering the full set of indexes
{ag,...,ar}y ={1,...,N}, then

|(I — P) e #Cor) ... e £Ca))| < 1. (2.30)

Proof. The proof is exactly the same as the one for Lemma 2.13, just by substituting )
with (I — P) and by taking into account Lemma 2.16. By contradiction, suppose that
there exists a nonzero function f in the fixed points set of the operator in (2.30). In the
end, f € rg PNrg(I — P), so that f = 0, a contradiction. O

We are going to prove the necessity of condition (2) through the following

Theorem 2.18. Let us consider model (DRE) and let {jx}r>0 be an irreducible Markov
chain. Moreover, let C be a finite family of graphs with union G = (V,E; U ... U Ey).
Then the evolution operator S(t) converges uniformly and almost surely towards the

projection P.

We notice that this theorem also contains the result proved in Theorem 2.14. In that

case, we have that P = P, indeed.

Proof. As one can guess, thanks to Lemma 2.17, the proof is very similar to that of
Theorem 2.14.
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Thanks to Lemma 2.16, we can write the evolution operator as

St)=PS(t)+(I—P)S{t)=P+(I—-P)St).

Hence, we just need to prove that

lim|(I —P) S(t)]| =0, P-—as. (2.31)
and this follows as we in the proof of Theorem 2.14. O]
C"11 o °
——o
Gz e———o ) e—eo
G1 UGy UG3
G3 (] e——o o——9

Figure 2.4: GGy, G5 and G5 have a non connected union graph: the heat distribution will
converge towards the average of the initial datum wuy on each connected component of

G1 UGy UGs.
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Chapter 3
The heat equation on a metric graph

In the previous chapter we have obtained and then analyzed a random evolution
system on combinatorial graphs. Now the aim is to generalize that model in the framework
of metric graphs.

As anticipated in the Introduction, in a metric graph the edges are interpreted as one-
dimensional intervals. We will see that we can consider a metric graph as a topological
space and we will equip it with a metric. Furthermore, we will see that it makes sense to
define a Lebesgue measure on it and consequently several spaces of measurable functions
acting on each edge.

At this point, the next natural step is to consider differential operators on these
function spaces. In this work, we will only focus on one simple parabolic PDE studied
on a metric graph, namely the heat diffusion equation. Before analyzing it in a random
evolution’s framework, it is reasonable to illustrate the model on one fixed metric graph.
Hence, we first need to present the main properties about metric graphs, in order to better
understand in which sense we can talk albout PDEs on graphs.

All the results reported in this chapter are well-known: we will only remark those ones
which are necessary to generalize the random evolution in this new setting. In particular,
we will especially refer to the books [5, 22] and to the articles [20] and [3]. In addition,
it will be necessary to apply several results about the classical theory of semigroups: in
this thesis, we assume all the basic notions on evolution semigroups and their generators
to be known. A complete presentation of these topics can be found for instance in [2, 6,
13, 24]: in particular, we will mainly refer to Section I1.6 of [13] and to Chapter 1 of
[24].
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3.1 Introduction to metric graphs

The aim of this section is to introduce metric graphs in a rigorous way, following the
guidelines of [5]. As the combinatorial ones, metric graphs have a structure composed
by a set of vertices and a set of edges. However, what really makes these two classes of
graphs so different from each other is explained in an intuitive way by G. Berkolaiko and
P. Kuchment in [5]: “now one will need to imagine the edges not as abstract relations

between vertices, but rather as physical “wires” connecting them.”.

Therefore, a metric graph is defined by a set V' of vertices and a set E of edges, where
in particular the latters are interpreted as one-dimensional intervals, each one with a
certain length ¢, € (0, 400]. We will never discuss about graphs with infinite length and,
additionally, we will only deal with finite graphs also in this framework. Furthermore, we
will exclude those vertices which are not incident to any edge.

Metric graphs have a topological structure of one-dimensional CW-complexes: roughly
speaking, they can be represented as a certain number of 1-cells (the edges) and 0-cells
(the vertices), glued to each other in a suitable way. In this structure, vertices in common
between more edges are identified.

We will often refer to a metric graph G as the couple (G, ¢), where G is the support
of G, i.e. the combinatorial graph with vertices, edges and orientation induced by G.
Additionally G is equipped with the weight /. for each edge e € E: such a graph is called
weighted graph.

At this point, one can naturally introduce all the topological properties: in particular,
also in this case, we are interested in the notion of connectedness, which is equivalent to

the path-connectedness in this finite setting.

Definition 3.1. A metric graph G is said to be connected when for any two points of G

there exists a path joining them.

If G is disconnected, then as in the combinatorial setting it is given by a disjoint union

of connected components.

Since each e € F is like an interval, we can introduce a parametrization on every edge.
In fact, taken e € F with incident vertices u and v, then the surjection {0,¢.} — {u,v}

ensures that each edge can be identified as follows:
e =10,2.], Ve € E.

In particular, the image of 0 and the image of /. will be respectively called initial and

terminal vertex. Now we can assign an increasing coordinate z. € [0, £.] to each edge of
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the graph.

Notice that in this way we have imposed an orientation on G, given by the natural
orientation from 0 to /. of every edge. As one can expect, if we would like to reverse the
orientation of some e € E, the relation between the old and the new coordinate z. will be
T = L, — x.. It is also possible to define a notion of distance between two points in the
same connected component of the metric graph G. Obviously, if x and y belong to the
same edge, we choose the Euclidean metric d(z,y) = |z — y|. Otherwise, if z and y are
placed in two different intervals (or, in particular, they are vertices), then d(x,y) is given

by the total length of the minimal path connecting x and y.

Thanks to this system of coordinates which identify every point of G, it seems rea-
sonable to define functions on a metric graph: the natural idea is to consider functions
acting edgewise. Therefore, ordering in a certain way the edges E = {ej,...,e,}, a func-
tion f defined on a metric graph G is identified by the m-tuple (f1,..., fi), where for all
jg=1,....,m, f; has e; =2 [0, {;] as corresponding domain.

We are especially interested in a particular class of functions. Based on how we
have described metric graphs, we can naturally define the Lebesgue measure dx on them.
Hence, a function f = (fe)ecr is measurable if every f.: (0,¢.) — C is measurable. In

addition, f is integrable if so does f. for all e € F and we define
ge
/f(x)dx: Z/ fe(xe)dz..
g ecE V0

We are now able to well define the Lebesgue space

LX) == P L0, L)

ecE

with scalar product given by

(fv g)LQ(g) = /gf(x)mdx = Z(feage)[/2(0,€e)7 f)g € LQ(g)

ecE

and induced norm

| fllz2(g) == (ZerH%?(o,ze)) ; feLg).

eck

If we denote by f*) = (fe(k)) the |E|-tuple of the weak derivatives of order k = 1,2 of f,
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for all e € F/, we can also introduce the Sobolev spaces

HYG) = @ H*0,L), k=12

eeE

whose scalar product can be expressed in terms of those in L?(G) and H*(0,¢,)

(fv Q)Hk(g) = Z(f(n)ag(n))L2(g)

n<k

= Z(feafk)Hk(gjge), f,g€ f{k<g)

eelE

and induced norm

1
2
11l vy = (E ||f(”)||2L2(g))

n<k

= (Z IIfeII?Ik(o,ee)) . feHY9).

ecE

Notice that these definitions do not depend on the orientation of the metric graph.

3.2 Diffusion on a metric graph

In the previous section, we have presented the main properties of metric graphs and
how to suitably define some function spaces on them. Additionally, we pointed out that
once introduced Lebesgue and Sobolev spaces, it is now natural to consider differential
operators acting on metric graphs.

In particular, the aim of this section is to illustrate one of the first simple PDE
problems which can be studied on a graph: the heat diffusion equation. As in the classical
setting, the differential operator governing the evolution is still the (continuous) Laplacian.
Therefore, we first are going to introduce how a Laplace operator on a metric graph can
be defined. Then, we proceed the discussion describing in detail the diffusion problem,
its well-posedness and its asymptotic behaviour.

All the results of this chapter are already well-known and in particular we will follow
the guidelines of [5, 20, 22].

3.2.1 Introduction to the Kirchhoff-Laplace operator

Throughout this section we will consider a metric graph G = (G,{) over a finite

oriented combinatorial graph G = (V, E) with vertices V = {vy,...,v,} and edges

49



E = {e1,...,en}. In the metric framework, we admit also graphs with multiple edges

and loops.

In order to introduce the Laplace operator on G, the natural idea is to define a second
derivative operator on each edge e¢; € E:

d2
Uj @Uj, Uj [O,EJ] — (C, €; € E.
J

Notice that this definition does not depend on the choice of orientation of the edge e; for
all j=1,...,m.
Therefore, we will call Laplace operator on G and we will denote it by A the operator

which acts on functions u = (uq, ..., u,) as follows:

A: D(A) € LA(G) — L*(G),

& 0 (L)
1 d2 d2
A= p s AU::(T%Ul,...’@um).
0

2
dxz,

The next step is to understand how the domain D(A) is defined. Clearly, since we
are working with a differential operator in a network setting, we need to impose suitable
boundary conditions at each junction and node. Since these constraints will involve values
of functions at the vertices of G, they are also referred as vertex conditions. In order to
find their nature, first of all we suppose that the Laplacian acts on H 2(G). Thanks to
the Sobolev embedding and trace theorems in the 1D framework, we deduce that each
u; and their first derivatives are continuous, thus they admit well-defined values at the
endpoints of each edge e; € E/. On the other hand, this does not hold for second derivatives
of functions in H?(0,¢;), which just belong to L?(0,¢;) and are not well-defined at the
vertices. Then, the vertex conditions we are going to prescribe will involve only values of
u; and % at each vertex.

The most natural — and also simple — choice is to consider the so-called standard

vertexr conditions, which require that a function v = (u.)eep on G is in D(A) if and only
if

e 1 is continuous on G, i.e. it does not admit discontinuity jumps at each vertex:

YoeV:  wuj(v) =up(v), Vej, en € Ey; (1)
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e v satisfies the Kirchhoff condition at each vertex, namely

du, du,

Yo eV E:%(W—E:ﬁ(v):& 2)
_ J + J

ejEEv ejEEv

where
E, :={e € E : e is incident to v},
Ef :={e € E : v is the terminal vertex of e},
E, :={e € E : v is the initial vertex of e}.

In order to rewrite these conditions in a more compact form, we introduce the fol-

lowing n X m matrices:

1 if €, € E+
6T = (),  wh=
! ’ 0 otherwise,
1 ife; € B
6" =(v5),  ¢5= o
( ]) ’ 0 otherwise.
Then, we define
¢ =0 ¢,

which is the incidence matrix of the graph G, already introduced in Chapter 1. We are
now able to express (1) and (2) in terms of these matrices. In fact, one easily notices that

the continuity in (1) is equivalent to require that

dd e C" s.t. (0)

<u1(0)

(¢7)"d= : = u

um(O)

and (Ce)
uy (6y)

(") 'd= < z = u(?)

U (Cm)

Additionally, we get a more efficient way of writing Kirchhoff condition, namely



where Wlth Z;u we mean that function defined on G whose components are given by the

derivatives of u;js with respect to the spatial coordinate z;.

Remark 3.2. Since these conditions are expressed in terms of matrices ¢+ and ¢~ which
clearly depend on the orientation of G, one might suspect that (Cc) and (Kc) do the
same. However, this is not true: in fact, they remain unchanged if we choose a differ-
ent orientation. To better understand it and how (Cc) and (Kc) work, we propose the

following

Example 3.3. Let us consider a metric graph G = (G, /) where G is the finite and
oriented graph represented by

V1

€1
V3 V4
€3
V2 €2

with V' = {vy,v9,v3,v4} and E = {ey,eq,e3}. Looking at the picture, we can easily

construct ¢ and ¢~ as

Hence, applying condition (Cc) one obtains the expected formula

¢" =

o = O O
o = O O
_ o O O
o o o =
o O = O
o = O O

thus

d1 :Ul(O), dg :U1(€1>,
3d = (di,do,d3,ds)" € C*: { dy = us(0), and  Q dy = us(ls), (3.1)
ds = u3(0) dy = u3(L3),

where expression (3.1) imposes in particular that the function’s value ds at v3 is uniquely

determined.
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After some easy computations, condition (Kc) gives

(

%ul(o) =0,

L ,(0) = 0,

~ dzs (O) + Eul(ﬁl) + %Uz(gg) = O,
\ das 3(€3> = 07

which is more intuitive than the compact form (Kc). First of all, this example let us re-

mark that prescribing (Kc) at a vertex with degree 1 (as vy, v, v4) is equivalent to impose

a Neumann condition.

Secondly, looking at the image above and at (3.2), we can also

understand the reason of the name Kirchhoff. In fact, if we interpret G as an electric

circuit, then (3.2) is similar to the well-known Kirchhoff’s law of Electrodynamics: at

each node v, the total corrent density flowing into v has to be equal to the total corrent

density flowing out of v.

If we now reverse t

he orientation of es3, just considering the new coordinate T3 =

{3 — x3, we obtain a new oriented graph:

(%
1 el

V3

€3

V2 €2

Obviously, ¢t and ¢~ are now different, but applying again the definitions of (Cc) and

(Kc) one has

(Ce) :

and

(Ke) :

which basically represen

(3.3)

N (3.4)
dxo

Ul(gl) —+ U2(£2) = 0,

t the same relations with another parametrization. For instance,
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the value d; at each vertex v; remains unchanged and both third equations of (3.2) and

(3.4) represent the sum of the exterior derivatives computed at vs.

Remark 3.4. One can also wonder how these conditions are interpreted when we deal

with loops. In order to explain it, take a graph composed by a single loop:

In this case, the initial and the terminal ends coincide, therefore if we apply (Cc) and

(Kc), we get the periodic conditions

u(0) = u(0),
1 u(0) = u(l)

Finally, once introduced the standard vertex conditions, the operator A given by (L)

is more precisely called Kirchhoff-Laplace operator on G and its domain is defined as
D(A) = {u € H*(G) | u satisfies (Cc) and (Kc)} : (3.5)

This is the first example of quantum graph, namely a metric graph, equipped with a

differential operator and with suitable vertex conditions.

3.2.2 The continuous heat equation on a metric graph

As we have already said, we are interested in the operator A because it is the leading
operator of the abstract Cauchy problem (ACP) describing a diffusion phenomenon on
the network G.

Suppose we want to study the continuous heat equation (CHE) on a fixed metric
graph G with V' = {vy,...,v,} and E = {ey,...,e,}. If we set all the conductance

coefficients equal to 1 and we denote

u::% and ' = e
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where from now on x is the spatial coordinate for each edge, we get the following parabolic

problem:
(
u;(t, x) = uj(t, ), t>0, z€(0,¢;), j=1,...,m,
wi(t,v;) = up(t, v;), t>0, j,heklk,, i=1,...,n,
i(t, i) | n(t, vi) | J (CHE)
ZGGEJ ul(v;) — ZeeE; u(v;) =0, t>0, i=1,...,n,
\uj(O,x) = fj(l’), S (O,Kj), ] = 1, cee, M.

In system (CHE), u;(t,-) represents the heat distribution along e; € E at time ¢; in
addition, we consider f := (f1,..., f;n) as initial heat distribution on G, while as boundary
conditions we impose (Cc) and (Kc). As in the combinatorial case, we can hide the space

dependence and rewrite (CHE) as an abstract Cauchy problem:

(ACP)

where the leading operator is exactly the Kirchhoff-Laplace operator of the metric graph
G and the boundary conditions in (CHE) are contained in D(A). Now our goal is to study
in detail (ACP), proving that it is well-posed in L?(G) and to analyze the asympotic be-

haviour of its solution.

We start introducing the following sesquilinear form on L*(G):

a:VxV —=C
m 45 . )
dfo) =3 [ pegE. rgev .
where
V = D(a) = {f € H(G) |3deCs.t. (¢7) d= f(0) and (¢*)"d = f(zz)} 57

— {f € HY(G) | f satisfies (Cc)} :

Since for j = 1,...,m, f; and g are in H'(0,¢;), then their derivatives belong to L*(0,¢;),
thus the product f]/g_é € LY(0,¢;) itself and each integral in (3.6) is finite. Hence, a is well
defined and satisfies additionally several properties, which we are going to show following
the techniques of [20].

Lemma 3.5. The sesquilinear form a is densely defined in L*(G) and its domain V is

closed in H'(G), in particular V is a Hilbert space with scalar product induced by H'(G).
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Proof. First of all, since H'(G) is a subspace of L2(G), it follows that V' is a subspace of
L*(G). We notice that @", C°(0,¢;) is contained in V" and then, since it is also dense
in L?(G), the density of V follows.

Regarding its closedness, we just recall that for every j =1,...,m and z € (0, () the
evaluation function from H'(0,/;) to C defined as {f; — f;(z)} is linear and bounded.
Hence, one has just to take a sequence in V' convergent in H 1(G): then, due to the

continuity of the evaluation functions at the involved vertices, it is easy to show that the
limit still fulfills (Cc). O

The previous lemma allows us to study this evolution problem in terms of the theory

on sesquilinear forms, based on results in Chapter 1 of [24]. In this case, we denote

(H ) = (L2G). [l - lz2@)  and (V- llv) = (VoI llarg):

which are both separable Hilbert spaces with V' continuously and densely embedded in
H. At this point, in the following lemma we are going to show some properties statisfied

by the sesquilinear form a.

Lemma 3.6. Let a be the sesquilinear form defined in (3.6)-(3.7). Then a is
(i) symmetric, i.e. a(f,q) = a(g, f), Vf,g € V;
(i1) accretive, in particular positive, i.e. Re a(f, f) =a(f,f) >0, Vf € V;

(i1i) continuous, i.e. AM > 0: |a(f,g)| < M| fllvlgllv, Yf,g € V;

(v) closed, i.e. V is complete with respect to || flla == \/a(f, f) + | f|3:
(v) of Lions type, i.e. AM > 0: [Im a(f, f) < M| fllv|flla, Yf € V;
(vi) H-elliptic, i.e. 3u >0 and 3w € R: Re a(f, f) +w||f|% > ulfl, VfeV.

Proof. (i) Due to the symmetry of the L?-scalar product, for all f, g € V we have

alg.f) = Z/ e dx—Z/f @) = alf, g).

(ii) Thanks to the symmetry of a, it follows that a(f, f) € R for every f € V and

accretivity and positivity are, thus, the same property. One then easily obtains that

alf, f) = Z/ ¥)dz >0,  VfeV.
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(iii) Using the Cauchy-Schwarz inequality, we have
m £
altol=| 3 [ s
j=1

m 4 _
§2AJWMWM

| fillz2 0,y 11951 200,6,)

| fill o, 19510,

m
<>
j=1
m
<>
j=1

2

1
m 2 m
< (Z ||fj||%11(o,ej)> (Z ||gj||%{1(0’gj)>
Jj=1 j=1
= flvllglly, — VfgeV

(iv) Due to the fact that ||-||, = ||+ ||\, the closedness of a follows as a trivial consequence.

(v) Since a(f, f) € R, the property is trivially satisfied due to the posivity of norms:

VM >0: 0 < M| flivIfla, few

(vi) Taking into account that

= IFI5 = 117 + alf. f),
- Rea(f, f) = al(f, f),

H-ellipticity’s inequality

a(f, f) +wll = ullfI5 = walf, £)+ el flE

holds for 1 > p > 0 and for w > p > 0. For instance, taking gy = w = 1 we get an
equality.
O

Definition 3.7. Take a general sesquilinear form a : V' x V' — C. We define the operator
(A, D(A)) associated with a as follows:

D(A) = {f € V| 3h € H such that a(f,g) = (h,g)u, Vg € V},
Af = —h.
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Notice that due to the density of V' in H, the operator associated with a is univocally
defined.

Lemma 3.8. The operator associated with a is the Laplacian A with standard vertex

conditions.

Proof. To prove this lemma we follow the proof of Lemma 2.3 in [20] in the simpler case
pj=c;=1forall j=1,...,m.

Based on Definition 3.7, we have to show that D(A) = D(A) = D and Af = Af
Vf € D. We start showing that A C A. Let f € D(A), then, integrating by parts, for all
g € V we have

EDS / 11(2) (@)
" o (3.8)
=3 [f@n@ ]y =3 [ f@n@i

Observing the first term of (3.8), we notice that to evaluate each f; and gj at 0 and ¢;
means to compute their value at the endpoints of each edge e; € E. Then, we can rewrite
the first part in terms of ¢* and ¢~ as

] =

[ H@g@) ]} = DD ek — 0w,

<
Il
—
.
Il
—

In this way, now it is more convenient to use (Cc) satisfied by g € V. In fact, since the

continuity at the vertices holds, we can reformulate
3 d € C" such that (¢~)"d = g(0) and (¢™)"d = g(¢)

and say that there exist dy, ..., d, € C such that g;(v;) =d;, j € E;, i =1,...,n. Then,
Vg € V we get

n

m moorl _
a(f,g) = ZEZ(%@ — i) fivi) — Z/O £ (x)g;(x)dz

J = (3.9)

-~
=0

= _(Afu g)Ha

where the first term vanishes since f fulfills (Kc). Notice that the equality (3.9) makes
sense because Af € H and proves that A C A.
Now, we start from a function f € D(A); then by definition there exists h € H such
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that

moort - moort
> [ H@gie = alf.o) = g =Y [ h@n@i @10

J=1

for all g € V. Let us consider the following function

0
¢ = g; | < jth row, g; € Hy(0,4), j=1,...,m.
0
We notice that k7 € V for all j = 1,...,m and hence we can use it as a test function in

(3.10)

4; . £;
/0 fi(@)g;(x)dz :/0 hi(x)g;(x)de, g€ Hy(0,4;), j=1,...,m. (3.11)

In particular, (3.11) holds for all g; € C°(0,¢;); then we deduce that —h; € L*(0,¢;) is
the weak derivative of f; € L*(0,¢;). This implies that fi € HY(0,¢;) forallj=1,...,m,
thus f € H%(G). Now, we just have to integrate by parts (3.10) as done for (3.8) and for

all test functions we still obtain

m

D_diy (el = i) fiw) =0, (3.12)

where the right-hand side of (3.12) is 0 thanks to the definition of weak derivative of
fi and d; is the joint value attained by g; at the vertex v;, for all e; € FEj. Due to the
arbitrariness of g € V, it follows that

m

S (e — i) filvs) = 0

Jj=1

and so f satisfies (Kc), too. In this way, we have proved that f € D(A) and for all g € V:

m 45 - m ¢
NN . / )y @)de = / h(2)g;@)dz.

J=1 Jj=1

This implies that Af = —h = Af and so the proof is complete. n

The lemma we have just proved is fundamental, because it let us associate the op-

erator A with the sesquilinear form a. In this way, we are now able to apply the whole
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theory of operators associated with sesquilinear forms reported in [24], where in particular

Proposition 1.22 states the following result.

Proposition 3.9. If A is the operator associated with a densely defined, accretive, con-

tinuous and closed sesquilinear form a, then A is densely defined and for every A > 0, the
operator \I — A is invertible (from D(A) into H ).

As a consequence, we deduce that

Corollary 3.10. The Kirchhoff-Laplace operator A is densely defined in H and \I — A

is tnvertible for every A > 0.

At this point, we define the adjoint a* of a sesquilinear form a as

a*(f,g9) =aly,f), f,geV =D(a)=D(a").

By some easy computations, one can check that a* is densely defined, accretive, continuous
and closed, provided that so is a. In order to find the operator associated with a*, we

prove the following

Lemma 3.11. The operator associated with a* is A*, i.e. the adjoint of the operator

associated with a.

Proof. We follow the argument of Proposition 1.24 in [24].

First of all, we recall that the adjoint A* of an operator A is defined as follows

D(A*) ={f € H | 3h € H such that (Ag, f)g = (g9,h)n, Vg € D(A)}
A*f =h.

Now, denoting by B the operator associated with a*, our goal is to prove that D(B) =
D(A*) and Bf = A*f for all f € D(A*). We start considering f € D(B), then by
definition for all g € V' we obtain

(=Bf,9)n = a’(f,9) = alg, f) = (=Ag, /)u = (}, =Ag)n = (=A" [, 9).
Thus, f € D(A*), namely D(B) C D(A*) and Bf = A*f for all f € D(B).
On the other hand, take f € D(A*) and consider (I — A*)f € H. By Proposition 3.9,
(I — B) is surjective, thus 3g € D(B) such that

(I -A")f=(-DB)g.
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Since A* = B in D(B), we obtain
(I-A")f=-A%g
and, hence, for all h € D(A):
(f =9.(I=A)h)y = (I3)(f —9),h)m = 0.
Due to the invertibility of (I — A) and the density of D(A) in H, we get
(f—g,h)y =0 Vh € H,

thus f = ¢ and the thesis follows. n
Corollary 3.12. The Kirchhoff-Laplace operator A on G is self-adjoint.

Proof. The proof is a simple consequence of symmetry of a. In fact, for all f,¢g € V, one

gets

a*(f,g9) = alg, f) = a(f, ).

Since a = a*, then their associated operators agree with each other too:

(A, D(A)) = (A%, D(AY)).

From this corollary, it follows that

Corollary 3.13. The Kirchhoff-Laplace operator A is closed, i.e. its graph G(A) =
{(f,Af) € D(A) x H} is closed in H x H.

Proof. This follows from the fact that a linear densely defined operator A on H has its
adjoint A* closed. In particular, every self-adjoint operator is closed.

In fact, we only need to consider the operator matrix

0 Id
U .= ,
(—Id O)

which is unitary on H x H (i.e. U is invertible and U~ = U*). Then, denoting by (- | -)
and (-, )y the scalar products on H x H and on H respectively, for all f € D(A) and
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g € D(A*) we get

= (9, Af)u — (A9, lu

hence, this implies that the G(A*) C U(G(A))*.
On the other hand, take (g, h) € U(G(A))*, then for all f € D(A) the vectors (g, h)
and U(f, Af) are orthogonal, thus

0= ((9.1) | (AF.~1)) = (9. ANur — (9. )i

Therefore, we obtain (Af,y)g = (f, h)u, and, due to the density of D(A) in H, h = A*g,
(9,h) = (g,A*g) € G(A*) and G(A*) D U(G(A))*. Since U(G(A))* is an orthogonal
subspace, it follows that G(A*) is closed. O

In order to finally prove the well-posedness of (ACP), we need to establish one last
property fulfilled by A, namely

Corollary 3.14. The Kirchhoff-Laplace operator A on G is dissipative, i.e.

Re(Af, f) <0, Vf e D(A)

Proof. We just have to use the accretivity (which is equivalent to the positivity in this

case) of the sesquilinear form a. In fact

0 <a(f,f)=Realf,f) = —Re(Af, u,

for every f € D(A). Thus,

follows. O

We are now able to apply the Lumer-Phillips Theorem, namely*

Theorem 3.15 (Lumer-Phillips). For a densely defined, closed, dissipative operator (A, D(A))

on a Banach space X the following statements are equivalent.

(i) A generates a contraction semigroup.

'We follow the text book [13].
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(ii) rg (A — A) is dense in X for some (hence all) A > 0.

In this context, X = H and we are dealing with the operator (A, D(A)) which is:
— densely defined,
— dissipative,
— closed
and additionally

— for every A > 0 the operator (Al — A) is surjective, hence its range is clearly dense

in H.
Thus, by the Lumer-Phillips Theorem, it follows that

Theorem 3.16. The Kirchhoff-Laplace operator generates a contractive strongly contin-

uous semigroup, denoted by {etA}t>0.

Based on the good properties satisfied by A, we expect that its associated (ACP)
is well-posed. The relation between the well-posedness of an abstract Cauchy problem
associated with an operator A and the generation of a semigroup by A is well-known. For

completeness, we recall the fundamental Theorem 6.7 in [13].

Theorem 3.17. Let X be a Banach space and let A: D(A) € X — X be a closed

operator. For the associated abstract Cauchy problem

(ACP)
u(0) = f
we consider the following existence and uniqueness condition:
or ever € D(A), there exists a unique
f y [ € D(A) (EV)

classical solution u(-,z) of (ACP),

namely a continuously differentiable function u: RY — X, such that u(t) € D(A) for all
t >0 and (ACP) holds.

Then the following are equivalent.

(i) A generates a strongly continuous semigroup.
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(i) (ACP) is well-posed, i.e. A satisfies (EU) and continous dependence on the data
holds, i.e. for every sequence {f,}n>0 C D(A) satisfying lim, . f, = 0 one has
limy, 00 u(t, fr) = 0 uniformly in compact intervals [0, to]. Additionally, A has dense

domain.
Thus, we finally obtain

Theorem 3.18 (Well-posedness of (ACP)). The abstract Cauchy problem

a(t) = Au(t), t>0 (ACP)

is well-posed, i.e. for every f € D(A) there exists a unique (classical) solution
u(t) == e f, vt > 0.

Moreover, continuous dependence on the data holds.

Once found the solution of (ACP), the next goal is to analyze its asymptotic behaviour
as t — 400 as we have done in the finite-dimensional settings. In fact, the idea is still
to interpret the convergence results in terms of the structure of the metric graph. The
positive fact is that we will find a similar situation as in the case of the discrete heat

equation studied on a combinatorial graph.

3.2.3 On the spectrum of the Kirchhoff-Laplace operator

Before talking about long-time behaviour of the studied evolution model, we first need
to briefly present how the spectrum of the Kirchhoff-Laplace operator is composed. In
fact, as in the combinatorial framework we frequently applied the spectral decomposition
of the semigroup generated by the leading operator (the minus discrete Laplacian), we
will see also here that the knowledge of some main spectral properties of A will be helpful.

In order to recall those information about the spectrum o(A) which are necessary for

our research, we will mainly refer to [20].

Lemma 3.19. The spectrum of (A, D(A)) is purely discrete, i.e. consists of real eigen-

values only. Moreover, its eigenvalues are negative and s(A) =0 € o(A), where
s(A) =sup{|A| : A € o(A)}

18 the spectral radius.
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Proof. We follow the proof of Lemma 4.1 in [20].
First of all, the function 1 = (1,...,1) which is identically equal to 1 on each edge
of G is in D(A) and AL = 0. This means that A is not invertible and thus 0 € o(A).

Moreover, let us suppose that A is a dissipative operator:
Re(Af, fln <0 Vfe D(A),
We take A eigenvalue of A with eigenfunction f, then by dissipativity we get

and due to the positivity of the scalar product (-,-)g it follows that A < 0. Hence any
eigenvalue of A is negative.

Furthermore, one can prove (see [20] and [13]) that the resolvent of A is compact and
this implies that the Kirchhoff-Laplace operator has only point spectrum. Additionally,
being A also self-adjoint and given f eigenfunction associated with some eigenvalue A\, by

sesquilinearity we obtain

thus A = X\ and we conclude that all the eigenvalues of A are real. O]

The study of the Laplacian’s spectrum is still an open problem: right now, only
in few cases it is fully determined and in general just some upper and lower bounds of
eigenvalues are known. In this work, we are going to remark only one property of o(A),
which is also true in the combinatorial framework and for this reason frequently used in
Chapter 2. However, before that we want to introduce an important class of functions.
Let us consider a metric graph with the combinatorial graph G as support. In general, G
is given by the disjoint union of G = (V" E®™) h =1,...,1 connected components.
Then we define

1 ifxcej e € EW.

1, =
0 otherwise,

for all h =1,...,l. Notice that these functions defined on each edge e¢;, j =1,...,m are
in H?(G) and satisfy (Cc) and (Kc): thus, they all belong to D(A).

Proposition 3.20. Let G = (G,{) be a finite metric graph with support G = (V, E).
Assume that G is given by the disjoint union of GM = (VM EM) h =1,... 1 connected
components.

Then, the multiplicity of 0 as eigenvalue of the Kirchhoff-Laplace operator agrees with

65



the number of connected components of the metric graph G. In particular, a possible basis

of ker A is given by the piecewise constant functions {lh}ﬁl:l.

Proof. We have expanded Case 2 of the proof of Theorem 4.3 in [20].

We want to solve the equation
Af =0, f e D(A).

In this simple case, it is easy to see that the eigenfunctions corresponding to the eigenvalue
0 has the form

f1(4y) ayry + by ax 0 1 by
= Ax + b,
where a;,b; € C, j = 1,...,m. We can now use (Cc) and then, evaluating f in each

vertex, for some d € C" we get

f(6) b
fo={ : |=4 +(¢7) d=(¢")"d,
f(lm) -
then
a1
= Lo'd,
Am

where L := diag(+, ..., ﬁ) Hence, the eigenfunction f has to be of the form

i
fl@)=(p7) d+a"Lod.

Applying (Kc), it follows that

¢TLo'd=¢ Lo'd < ¢Lp'd=0,

i.e. d € ker (pLg"). The n x n matrix

oLo"
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is known as the discrete Laplacian of the weighted oriented graph G: its kernel is I-
dimensional (where [ is the number of connected component of GG) and it is spanned by

functions ¢, € C*, h=1,...,[ defined on each vertex v; as follows

1 ifv, e vV
(n)i == )
0 otherwise.

Since {‘Ph}izzl is a basis of ker (pL¢"), then {fh}ﬁzd forms a basis for ker A, where

fu(@) = (67) "on+ 2" Lo pn.

This proves that the multiplicity of 0 as eigenvalue of A is actually equal to [. Moreover,

after some easy computations, one can find that
fhE]lh, thl,,l

Conversely, by linearity we see that for all h = 1,...,[, 1; also exhausts all possible

eigenfunctions of A\ = 0 and the thesis is complete. m

3.2.4 Asympotics

Having introduced some properties related to the spectrum of the Kirchhoff-Laplace
operator, the idea is now to apply the Spectral Theorem for (possibly unbounded) self-
adjoint operators (see, for instance, Theorem 7.1 in [22]) and its corollaries to our frame-
work.

First of all, we check that V' is not only continuously and densely, but also compactly
embedded in H. To show it, we just need to apply Rellich’s Theorem, which in particular
provides that for all j = 1,...,m, H'(0,¢;) is compactly embedded in L?(0,¢;). From
this result, one can easily prove the same for their cartesian products and deduce that
H'(G) is also compactly embedded in L*(G) = H. As a consequence, being V a subspace
of H'(G), we conclude that so does V.

At this point, we are in position to apply Corollary 7.3 of [22], namely

Corollary 3.21. The following statements hold.

(i) There exists an orthonormal basis {ex, k > 1} of H, composed by eigenfunctions of
A;

(i1) for all k > 1 the eigenspaces associated with the eingenvalue N, of A is finite-

dimensional;
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(i1i) denoting the associated eigenvalues A\ € R~ by
O=XN<|A| <...< || <0
then they can only accumulate at infinity:

lim |/\k’ = +00.
k—+o0

(iv) A has the following spectral representation

D(A) = {f CHY X (T < +oo},

k=1

+00
Af=> M Pf,  feDQ),
k=1

where Py is the orthogonal (with respect (-, ) g ) projection onto the subspace spanned

by the eigenvector ey,

Pof = (f,er)n e, feH.

As remarked in [3], the orthonormal basis {ex, k > 1} is clearly not unique. However,
given any eigenfunction g € D(A), i.e. Ag = \g for some eigenvalue \, then g belongs to
span{eg, Ay = A} = ker(A—N\). This also means that A is actually the kth eigenvalue of A
counting the multiplicity. Regarding the eigenvalue A = 0, we can construct one possible
orthonormal basis of ker A just by normalizing the basis {1, h=1,...,1}, provided
that the graph is composed by [ connected components according to the hypotheses in

Proposition 3.20. After easy computations, it follows that

eni=1{ > 4 1, h=1,...,L (3.13)

jie; €EM)

In the next theorem, we are going to report a result of Corollary 7.5 in [22] and in
particular to generalize Corollary 5.2 of [20] (where the authors propose only the case of
a connected metric graph). As a consequence of the results in Corollary 3.21, one can

write

400
et f = Zew (f.en)n e, feHd
k=1

and finally prove the following
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Theorem 3.22 (Asymptotic behaviour of (ACP)). Let P be the orthogonal projection
onto the eigenspace of A associated with X = 0, namely the orthogonal projection onto the
kernel of the Kirchhoff-Laplace operator. Then the following hold:

1. The limit Pf = lim,_,, o > f emists for every f € H;

2. For every e > 0, there exists a constant M > 0 such that
e = Plomy < MeP29t vt >0,

where Ay is the largest nonzero eigenvalue of the generator A.

In other words, the previous theorem states that the semigroup generated by the
Kirchhoff-Laplace operator converges strongly and also exponentially uniformly to the
eigenprojection P. As we expected, we have found the same result as in the combinatorial
case, even if the framework is now more complicated.

Theorem 3.22 determines also the convergence rate of the semigroup towards P, which
agrees with the absolute value of the second largest eigenvalue Ay of A. As pointed out
in [20], it is important to remark that the convergence to equilibrium holds regardless of
the intrisic structure of the graph on which we are studying the heat diffusion. On the
other hand, since there exist estimates of the largest nonzero eigenvalue (for instance, see
[21]) which depend on some properties of combinatorial graphs, the speed of convergence
is directly related to the network.

Anyway, despite the convergence towards equilibrium always holds in this evolution
model, the projection P obviously varies depending on the connectivity of the graph. For
this reason, we want to conclude this chapter by analyzing in detail what P represents

both in the cases of a connected and a disconnected graph.

Suppose we are studying the heat diffusion on a finite metric graph G = (G, ¢). Then,

we can consider two different cases.

1. When G is connected, then 0 is a single eingenvalue for A. As a consequence,
the kernel of the Kirchhoff-Laplacian is one-dimensional and composed by all the
possible functions constant on the edges and, since (Cc) is satisfied, on the whole

graph too. In particular ker A can be spanned by the single constant eigenfunction
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When we apply P to an initial datum f € D(A), we obtain
1 "l
Pf=(fe1)n e1= m—KZ/ fi(x)dz (1,...,1).
Zj:l J j=1 0

We notice that the constant function Pf can be interpreted as an average of the

initial datum f computed on the graph G. Then, also in the metric case we can

Lre=srr / file

and it turns out that P agrees with the orthogonal projection onto the constant

denote

functions on all the edges of the graph. For resemblance with the combinatorial

setting, we decide to denote this projection by Fj.

As one can expect knowing the classical results about the heat equation on finite
one-dimensional domains with Neumann boundary conditions, also in this case for

long times the heat spreading will tend to the constant distribution

Pof:<][gf,...,][gf

. The situation is different if G' is non connected. As usual, we can suppose that it
is given by the disjoint union of connected components GV, ..., G®. According to
Proposition 3.20, 0 is an eigenvalue with multiplicity mult(0) = [, thus an orthonor-
mal basis for ker A is given by the functions defined in 3.13. So, the kernel contains
not only the constants on the whole graph, but also all those piecewise constant
functions, which — due to (Cc) — have to attain the same value on each connected

component of G.

In this case, the limit distribution agrees with

l

Pf=> (fen)u en

h=1

¢ ¢
S > /0 f(x)dxll—f—...—l—; > /0 f(@)dz 1,.

. L o 0.
2 et I jjeB® 2 jjem® 7 jijeB®

(3.14)

Expression (3.14) seems complicated to read, but each coefficient is actually the
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average of the initial datum f on the corresponding connected component

1 g
fi=e—— / f(z)dz, h=1,...,1
][g(h> Zj:jEE(h) £ Z 0 ( )

jjeE(h)

Then, in the case of a disconnected graph, the limit distribution of (ACP)’s solution

is just the average of f on the connected components of G

Pf(z) = o e G,

This result is reasonable: in fact, in such a model each connected component consists
of one indipendent system where we can study a different heat evolution, starting
from the distribution f restricted on G®, h = 1,... 1. Therefore, recalling the pre-
vious case of a connected graph, we expect that for long times each heat distribution
on a different component G will converge towards the average of the intial datum

on the same one.

Those illustrated in this chapter are the main results about one simple example of
diffusion on a fixed metric graph. The next goal, as we have done in the combinatorial
setting, is to study the continuous heat equation on a network which is no longer fixed in

time.
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Chapter 4
Random evolution on metric graphs

We are finally able to generalize the random evolution model to the framework of
metric graphs. Studying the diffusion on a fixed metric graph G in Chapter 3, we have
seen that its dynamics behaves for long times in a way similar to the corresponding
combinatorial model. The heat spreads along the edges tending towards a homogeneous
distribution, which depends on the connectivity of G.

For this reason, we expect that all the results obtained in Chapter 2 still hold in
an infinite-dimensional context. In fact, as long as some proofs are extended from the
discrete to the continuous case, all the known results we have used (such as the techniques
of [1] and [12]) are still valid.

In the end, we will obtain again a necessary and sufficient condition for the con-
vergence of the evolution operator to Fy. However, while almost every definition and
property can be naturally generalized, there is a concept which we will focus on, as it is
not obvious to be treated in the metric setting: the union of two (or more) metric graphs.
In fact, in the literature a general concept of union graph which we can refer to is not
available. Therefore, we are going to introduce a reasonable definition of union when all
the metric graphs share the same number of edges. In this way, we shall obtain the metric

version of the characterization of Theorem 2.14.

4.1 Evolution problems with variable coefficients.

Generalization to infinite dimension

As we have done in Chapter 2, we first propose a general non autonomous model,

where the leading operator varies at every integer time.
Consider a finite family I = {Aq, ..., Ay_1} such that for all i =0,..., N — 1

A D(A)C X = X
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is a linear operator on a Banach space X. We also assume that every A; generates a
strongly continuous semigroup {emi } >0 - All the results about the well-posedness of the

abstract Cauchy problem

du

—(t) = Au(t), t >0,

(t) = Aw) e
u(0) =ug € X

are assumed to be known (see Theorem 3.17 and Chapter I1.6 of [13]).
We are interested in analyzing the following non autonomous problem:
dtu

O =Aju(t), telkk+1), keN, (4.1)

U(O) = Ug € X,

where {jx }r>0 is a sequence taking values in {0, ..., N —1}. Looking at the system (4.1),
it is apparent that a classical solution is in general mot expected. In fact, unless we require
that u(k) € D(A;,), for all k£ > 0, there is no hope that a possible solution is differentiable
even at each integer time k. Hence, as we have done in the finite-dimensional case, we

can only weaken the concept of solution with the following

Definition 4.1. A continuous function u: [0,400) — X is called mild solution of (4.1)
if u(0) = up € X and
¢

k-1 h+1
() = uo + ZAjhA u(s)ds + Ajk/k w(s)ds, telkk+1], keN.  (4.2)
h=0

Notice that (4.2) is well defined: in fact, since every (A

semigroup, it follows that

D(A;,)) generates a Co-

Jk o

h+1 t
/ u(s)ds € D(A;,), Vh=0,....k—1  and / u(s)ds € D(A,,).
h k

In addition, one can naturally generalize the proof of Theorem 2.3 to the current frame-
work and, hence, prove that if problem (4.1) admits a mild solution, then this is also
unique.

Following the guidelines of Chapter 2, we now introduce the evolution operator in

the space of bounded operators B(X)

et4io t €10,1],
S(t) = vt >0, (4.3)
PSR telkk+1],
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which is still strongly continuous since so are e for all £ > 0 and, also in this case,

{S(t)}+>0 is no longer a semigroup. We are going to prove that

Theorem 4.2. The continuous function given by
t— S(t)ug, vVt >0 (4.4)

is the unique mild solution of (4.1).

Proof. Since we have already remarked that the uniqueness holds, we only need to verify
that (4.4) satisfies (4.2) and the initial condition. The latter is clearly verified due to the
property of the semigroup generated by Aj,.

Then, for every t > 0 let &k € N such that ¢t € (k,k + 1] and consider the following
abstract Cauchy problem

du
—(t) = Aju(?), telkk+1
O = Ajult) .+ 1) .
u(k‘) — eAjk—l eAjk—z e eAjouO c X
It is well known that one can express the unique mild solution of (4.5) in terms of the

semigroup generated by Aj, is given by
¢
R Au(k) = u(k) + A;, / e Ay (k)ds (4.6)
k

and since s € [k, k + 1], (4.6) can be rewritten as

u(t) = u(k) + A, /k u(s)ds. (47)

Now we consider the problem

du
1) = Ay yult), telk—1k), (13)

u(k) = etie-2eMin-s .. eMioyy € X,

This admits a unique mild solution u(-) which can be continuously extended to ¢ = k by
computing

u(k) == lim u(t).

t—k—

74



In this way, u(-) uniquely solves (4.8) also on [k, k + 1] and verifies
u(k) = en-1u(k — 1)

k
—u(k—1)+ A; / e~y (k — 1)ds (4.9)
k

Jk—1
—1

=ulk—1)+ A4, , /: u(s)ds.

-1

Hence, by substituing (4.9) in expression (4.7), we get

u(t) =ulk—1)+ A, , /k_l u(s)ds + Aj, /k u(s)ds.

Therefore, it is clear that, proceeding recursively, u(t) satisfies (4.2) for all ¢ > 0. [

We will still be interested in studying the asymptotic behaviour of models like (4.1).
In particular, we want to know whether S(¢) converges uniformly towards some bounded
operator M, namely
lim_[1S(£) = Mllcx) = 0.

t——+o0

Similarly to the finite-dimensional setting, when {ji}r>o is a Markov chain with state

space {0, ..., N — 1}, the notion of almost sure convergence

P ( tim [1S() ~ Moy =0) =1

remains the same.

Passing to the limit for ¢ — 400, we will obtain an infinite (random) product of
linear operators, written in terms of semigroups generated by Ag,..., Ay_1. In addition,
when we study the random diffusion on metric graphs, we will see that every factor of
the infinite product will be a contraction. Hence, in this case it is still possible to apply
results in [1] and [12].

4.2 The continuous heat equation on evolving graphs

4.2.1 An introductive example

In order to introduce the reader to the dynamics of a random evolution model in the
continuous framework, we first propose a simple example.

Consider one interval of length ¢ = 2, along which we intend to study the heat

75



equation

where ug € L*(0,2) and as usual we adopt the notations i = % and v’ = %. In particular,
we are going to analyze two different and well-known boundary value problems: in one
case, we decide to impose two Neumann conditions at x = 0 and x = 2, whereas the sec-
ond setting keeps the same constraints at the boundaries, plus one additional Neumann

condition at the middle point x = 1.

07
1\302
OOZ

N
1

o0 2

Model A Model B

Model A can be interpreted as an example of diffusion problems studied in Chapter
3. Here the graph is trivial, since it is just one edge of length ¢ = 2, and the leading
operator A; is the Kirchhoff-Laplacian

Au(z) = u'(x), x €0,2],
with domain
D(Ay) ={u e H*0,2): «/(0)=0=1u/(2)}.

Based on what we have shown in Chapter 3, we deduce that A; is densely defined, closed,
self-adjoint and generates a contractive C°-semigroup {eml} >0+ In this simple example,

we are also able to fully determine the spectrum of A;, which is given by

k22

U(Al):{)\k:— , k:O,l,Z,...},

with associated eigenfunctions

o(z) = %
ex(z) = cos (]%T:U) , x €]0,2], k> 1.

x € [0, 2],
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In this way, for every initial condition ug € L?(0,2), we can explicitly write the mild

solution in terms of the spectral representation

“+oo

u(t) = e®ug =Y e (ug, ex)r202) €
k=0

and, as we expect, the limit distribution for long times agrees with the average of wuyg

computed on the interval [0, 2]

1 2
lim u(t) = Pyup = = dz = |
t_l}ffrloou() o 2/0 ug(r)dx ]ﬁm] Uo

Regarding Model B, the leading operator is still the second derivative
Agu(z) = u'(x), z € [0,2],
but with different domain

D(Ag) ={u € L*(0,2) : uy := u

(4.10)
up(0) = uy (1) = 0= u)(1) = up(2)}.

Here the dynamics is completely different from the previous one: in fact, the Neumann
condition placed in z = 1 acts like an insulating “wall” through which heat exchanges are
not allowed. Hence, we are studying two parallel and isolated diffusion systems: one on
[0, 1], one on [1,2].

This suggests that, also in this case, an efficient and equivalent way of analazying
Model B is based on those diffusion models presented in Chapter 3. In fact, one can

easily see that
L*(0,2) and L%*(0,1) ® L*(0,1)

are identified by the isometric isomorphism

®: L7(0,2) — L*(0,1) @ L*(0,1)

u = (ug, us),
where ~
O(u(z)) = (Zlg;) = (ué@l)) . xzel01], 2€0,2].
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Through ®, we notice that Model B is equivalent to a new diffusion problem, where

corresponds to the Laplace operator of a graph G with two disconnected edges {ey, ex} of
equal length ¢ = {5 = 1.

N
o
0

>—‘OZ
Z
KQ

€9

In this new framework, one can show that the heavy notation of expression (4.10)
gets simple and the domain of A, is actually

D(A;) = {u € H*(G) : u satisfies (Cc) and (Kc)} .

Hence, A, has all the nice properties of A; and also in this case we are able to find
the spectrum

o(Ay) = {,uk =—k*1% k=0,1,2,.. .},

where every eigenvalue has now double multiplicity. It is convenient to change notation
and count all the eigenvalues twice as follows

0=po=pu1 < |pa| = |ps] < ... <|pax| = [porsa| < ...

One orthonormal basis of eigenfunctions is then given by

1 0
B V2 cos (k) B 0
f2k—< 0 ); f2k+1—<\/§ ), Vi > 1.

and

cos (km-)
Applying again the Spectral Theorem, for every intial condition g € L?(G), one gets

_ +oo
ut) = e f = Z €™ (g, fe)r2(6) fr

k=0
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and then for long times

folg(ﬂf)dx fgm g
tEH}OO u(t) = (g, fo)r20) Jo + (9, f1)r2) fr = = ,
fol g(x)dzx JCg<2> 9

namely the heat distribution converges towards the average on each connected component.
Going back to the initial framework and starting from ®~'g =: uy € L*(0,2), the limit

distribution will agree with

fol uo(z)dx Jf[o,l] Uo

f12 UO(CL’)dI‘ JL‘[LQ] Ug

which is consistent with what one expects from the classical results about diffusion prob-
lems. In particular, as represented in Fig. 4.1, notice that the averages of ug on [0, 1] and

on [1,2] are generally different and clearly

][ Uo —I—][ Uo 7é Uug.
[0,1] [1.,2) 0,2

0 o&—O

€1 €2
g

Figure 4.1: Possible configuration of the limit distribution on graph G, given by the
average of the initial datum on each edge.

Remark 4.3. It is convenient to point out that also Model A can be equivalently studied
as a diffusion problem on a new graph G’ with two edges. In fact, adding an internal
vertex at the middle and requiring continuity of functions and their derivatives do not
change the dynamics of the model. Through isomorphism ®, one can still consider the

Kirchhoff-Laplace operator A; := ®/A; on the new connected graph:
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g/

€1 €2

The spectrum o(A;) remains unchanged, but now the eigenfunctions in D(A;) C

.)) k > I'
.) Y -

€0 = (?) ) € = (COS(
75 COS (

Clearly, given an initial datum g € L?(0,1) & L?(0,1), the long time behaviour does not

vl wlF

vary and we obtain again the convergence of the solution towards a constant function on
the whole graph G':

Jozy o

which is actually the same constant as in the old framework based on (Ay, D(Ay)).

€1 €9

g/

Figure 4.2: The heat distribution converges to the average Jf[o 9] U0 (in orange) for some
initial condition ug € L?(0, 2).

Starting from these two models, we now introduce the following scenario: imagine
that we are going to study the heat diffusion along the interval [0,2] with Neumann
boundary conditions. However, problem’s features are not the same during the evolution

in time: in fact, at each integer time we can decide to add or remove one third Neumann
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condition at = 1. In particular, the choice of considering three or two constraints is
determined by some suitable random law (for instance, a Markov chain).

This means that the system may continuously switch from Model A to Model B:
hence, it is like we were analyzing a problem composed of two subsystems, which are
linked in some intervals and isolated in others, according to the chosen random law. As
one may guess, a problem like this can be easily described through one of the models
presented in Section 4.1. In particular, at every integer time the Markov chain governing
the random evolution can jump from the connected graph G’ to the disconnected graph

G and vice versa.

N N N N
o o o
2 0 1

o0 2

Model A ) Model B

At this point, we wonder how this system behaves for long times: we would like to
understand which configuration will more influence the limit heat distribution. Will the
heat exchanges through z = 1 help to reach an uniform distribution along the whole
interval like in Fig. 4.27 Or, on the contrary, will we get an asymptotic behaviour similar
to the one in Fig. 4.1, due to the presence of the barrier during some time intervals?
Obviously, this will depend on the particular mechanism driving the jumps from one to
the other graph.

In the next section, we will discuss on this and other general models, where the system
can also assume more than two configurations described by various metric graphs. Thanks
to the results we will prove, which are similar to those presented in the combinatorial case,
we will see what happens for long times in this first example. Provided that we require
the irreducibility of the Markov chain, the solution will converge to the average of the

initial datum over the entire interval [0, 2].

4.2.2 The general model

In this section we give a generalization of the analysis made in Chapter 2, studying

diffusion problems on metric graphs which are no longer autonomous.
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As we have seen in Chapter 3, fixed a metric graph G constant in time, the long-time
behaviour of the C%-semigroup generated by the Kirchhoff-Laplace operator depends on
the topological structure of the graph. In fact, the connectivity of the network plays a
fundamental role, as the example introduced above confirms. When G is connected, the
limit heat distribution is an average of the initial datum on the whole graph, otherwise
the average is computed on each connected component.

As a consequence, according to the idea proposed at the end of the previous section,
we would like to understand what happens when we study a diffusion on an environment
which does not remain the same during time. In addition, what influence these changes
may have on the dynamics of the system? The previous example gives us an intuitive idea:
we can imagine a scenario where the non autonomous element is given by the presence or
the absence of a central Neumann condition. The latter randomly joins and disjoins the
network on which the heat spreads, making the dynamics change.

The same approach can be repeated for more general cases, as we have done in the
finite-dimensional framework. However, we first need to point out a substantial difference
between the heat equation in metric and combinatorial settings. In the latter, the heat
is only concentrated at the vertices: in fact, its distribution is given by a vector with |V/|
complex components, each of them indicating the concentration at every node. In this
model, edges only represent the possible communication between their endpoints, namely
they give an idea about the general connectivity of the combinatorial graph.

The situation is reversed in the continuous framework, which is certainly closer to
the physical problem: in fact, as the adjective “continuous” suggests, here the heat no
longer involves only the vertices of the graph. The heat distribution is always a vector,
but now it has |E| components, where each one is an L?*-function on an edge. Therefore,
we can understand that values at points are not even taken into account singularly: what
is really important is to study the heat distribution along the edges. Here vertices have
to join the edges, they now represent the connectivity of the metric graph and, through
the standard node conditions, they govern the heat transfer at the junctions.

Heuristically, edges and vertices exchange their roles in discrete and continuous set-
tings. Based on this “duality”, we can now better understand what we mean when we talk
about random evolution of metric graphs. As in the combinatorial case, we are interested
in studying a network environment whose connectivity randomly changes in time. Hence,
if in Chapter 2 this is modeled by the evolution of edges, here we will focus on the changes

of the vertices during time.

Consider a family of metric graphs C = {Gy,...,Gy} which are finite, but not nec-

essarily simple. These represent the possible stages reached by the network environment
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during the time, based on the same idea as for the discrete random evolution. While in
Chapter 2 we require that graphs in C have the same set V', here it is not necessary. What

is really fundamental is that Gy, ..., Gy share the same set of edges
E={e;=[0,0],...,em =10,04]},

whereas vertices can have different configurations graph by graph.

Also in this case, we introduce a probability space (£2, F,P) and a stationary Markov
chain {jj }x>0 which still takes values in the set of graphs C. Based on the results proved
in Chapter 2, it seems reasonable to request that {j}x>o is still irreducible.

At this point, we can consider the Kirchhoff-Laplace operator associated with each
graph in C:

(A1, D(A1)), - (A, D(AN)).

As we have seen in the previous chapter, they satisfy several nice properties, in particular
they all generate a contractive strongly continuous semigroup {emi } ispofori=1,...,N.
Hence, we now can focus on the unknown function of the model we are about to
present, namely
us (t) m
u(t) = : e P L0,¢y),
Unm(t) =
which represents the heat distribution at time ¢ along every edge. Hence, based on systems
in Section 4.1, the continuous random evolution (CRE) on metric graphs is given by
@(t) = A(jp)u(t), telk,k+1), keN
dt ’ ’ ’ ’ (CRE)
u(0) = f € B, L*(0,4;).

We immediately notice that (CRE) and the discrete random evolution model (DRE)
has the same structure: they both are described by an evolution problem whose leading
operator is non autonomous and stochastic, according to the evolution of {ji }x>o. There-
fore, we are still interested in analyzing the dynamics of (CRE) trajectory by trajectory,
fixing an arbitrary realization w € ().

Based on the evolution of (DRE), the reader can already imagine how the dynamics
works. In fact, during every unit time interval, also in this case the system describes
the heat diffusion on the graph determined by the chain. However, in order to better
understand how the passages from one to another graph occur, let us see a simple example.
Graphs in Fig. 4.3 are taken all equilateral, namely all the edges have the same length,

which we set equal to 1. They have different structure from each other, so it may be
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G1 G2

G3 g ? G4
Figure 4.3: Possible graphs contained in family C: the path graph G, = I(L) of total length
L = 3; the complete graph Go = Ky with V' = 3 vertices; the star graph G3 = S(L, E) of

total length L = 3 and E = 3 edges; the flower graph G4 = F(L, E) of total length L = 3
and F = 3 edges, also called petals.

difficult to realize how (CRE) model is meant in this case.

Looking at the G;s, one can guess that the diffusion on every network does not follow
the same dynamics. In fact, in every configuration the edges are differently linked to each
other by the nodes and consequently the standard vertex conditions change every time.
For instance, in the path graph G, the external edges are not directly connected and heat
exchanges between them necessarily occurs through the central one. On the other hand,
the structure of the triangle K3 makes every edge joined to the others.

Furthermore, one can explicitly compute the nonzero largest eigenvalue A\;(G;) (also
called spectral gap) of the Kirchhoff-Laplacian of these graphs. It is well-known (see, for
instance, [19]) that

2 472 T

)\l(gl) = _37 Al(g2) = _?7 )\l(g3) = _Zv

2

AM(G1) = —7’.

Hence, despite the solution always converges towards

1 3 1 3
Pof = —Z/ filw)de,  fe@L0,1),
3j:1 0 j=1

this limit distribution is reached at a different convergence rate |\;(G;)|, depending on the

specific case.
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Let us going back to (CRE) model: fixing a realization w € €2, a sequence of graphs
{jr(w)}r>0 is determined. Roughly speaking, at every integer time we freeze the system
on which we are working and we pass to a new graph, where we study the diffusion for the
next unit time interval. In this way, for all t = k, k € N, each edge e; of the new network
— now differently organized — inherits as initial condition the final heat distribution on
the same e; of the old graph.

Referring to the example in Fig. 4.3, this means that the evolution can switch, for
instance, from the complete graph (where the heat has two passageways on every edge)
to the star graph (where there is only one vertex joining the three edges and their second
endpoints have a Neumann boundary condition respectively). And again, after one unit
time interval, we may reach the flowergraph, whose edges are all linked by one single
common vertex, and so on.

This is how (CRE) behaves when C contains only connected graph. Obviously, when
the Markov chain visits graphs which can also be disconnected, this further influences the

dynamics’ evolution.

Coming back to mathematical aspects, applying results of Section 4.1, the unique

mild solution of (CRE) is given by
u(t) = S(t)ug = e(tRIAUK) gAGE-1) ... Al0) g t ek, k+1]

and the stochastic evolution operator {S(t)}:>o — despite it is no longer a semigroup —

inherits both contractivity and strong continuity from the semigruops of the A(jy)s.

Asympotics and union of metric graphs

Now we focus on the long-time behaviour of {S(t)}:>0. As we have remarked in
Section 4.1, studying the limit of this operator for ¢ — +o0o means dealing with an
infinite random product, where each term is given by a contraction semigroup of the form
eAUr) - As long as we easily extend some proofs to the infinite-dimensional framework, we
prove the same results proposed in Chapter 2.

Given the identically 1-function 1 = (1,...,1)", we still denote by

Py: éﬁ(o,@) — (1)

the orthogonal projection onto the constants on the whole graph. Therefore, we focus

again on the following
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Problem (P): Determine whether and under which conditions the evolution operator

{S(t)}+>0 converges almost surely to the projection P.

At this point, we introduce the orthogonal projection

m N
P: @ L0,45) = [ kera, (4.11)
=1

j=1

whose range is the intersection of all the kernels of the initial Kirchhoff-Laplace operators.

Then, we are able to extend

Theorem 4.4. Let us consider model (CRE) and let {ji}r>0 be an irreducible Markov
chain. Then the evolution operator S(t) converges uniformly and almost surely towards
the projection P, namely

IP( lim S(t) :F) =1

t—+o0

Proof. We can still follow the guidelines in [1] and [12], where the authors also deal with
an infinite-dimensional framework.
We only need to check that

ker A; = Fix e,  Vt>0,i=1,...,N (1)

and
e f

Since each semigroup e'®¢ can be still spectral represented, one can easily extend to

< \Ifll,  ¥f¢kerA, ¥t>0,i=1,...,N. (2)

the infinite-dimensional case the computations shown in Lemma 1.3 and Lemma 2.12.
Thus, (1) and (2) follow and, arguing as in Lemma 2.16, Lemma 2.17 and Theorem 2.18,
the proof is achieved. O]

As we can easily guess, Theorem 4.4 directly implies some corollaries.

Corollary 4.5. Consider family C = {G,...,Gn} containing the initial metric graphs of
model (CRE). Then

(i) If C contains only connected graphs, then the evolution operator {S(t)}i>o converges

uniformly to the orthogonal projection Fy:

lim S(t) = P uniformly.

t——+o0
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(ii) If C has at least one connected graph, then then the evolution operator {S(t)}i>o0

converges uniformly to the orthogonal projection FPy:

li =P, P- )
i S(t) 0 almost surely
Proof. One immediately notice that with at least one connected graph in C, then its kernel

exactly agrees with the subspace of constant functions on each edge. Thus

N
rg P = ﬂkerAi = (1) =rghy
i=1
and, by uniqueness of the orthogonal projection onto a closed subspace of an Hilbert
space, it follows that P = P.

Taking into account the proof of Proposition 2.7, the thesis follows.
]

Therefore, when we study the diffusion on a network which is infinitely often con-
nected, then the heat spreads until converging to the average on the whole set of edges.
This is also the situation which occurs in the introductive example described at the very

beginning, where family C contains two graphs and one of them is connected.

Remark 4.6. Theorem 4.4 confirms that the connectedness of at least one graph in C is
sufficient, but also not a necessary condition. In fact, we recall that (P) holds if and only

if the orthogonal projections P and P, coincide, namely when their ranges agree:
N
(Vker A; = (1). (4.12)
i=1

We can easily show that (4.12) is satisfied even if no one ker A; is the subspace of con-
stant functions (i.e. no one graph is connected). For instance, suppose N = 2 and

E = {ej, ey, e3}; additionally assume that the kernels of A; and A, are respectively

spanned by
1 0
kerAy=( (1], 0]),
0 1
1 0
ker AQ = < 0 s 1 >
0 1
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Then, one can prove that given f € ker A; Nker Ay, f is necessarily constant and (4.12)

follows.

The next goal to achieve is to find a necessary and sufficient condition in order that
(P) is solved. Based on the results proved in the discrete setting, one may suppose that
the correct hypothesis to be imposed is linked to the connectedness of the union of graphs
in C. This is reasonable, but not obvious: in fact, a formal and rigorous definition of union

of metric graphs is not present in literature.

Given two combinatorial graphs G = (Vi, E1) and Gy = (V,, E»), we can then define
the notion of their union, as long as we enumerate both sets of vertices. For instance,

assuming that |Vi| < |V4], let us denote by
Vi=A{vy, ..., 0}, for some k = |V;]| > 1

and
Vo={v1, ., Uy, U, for some h = V3| > 1.

In this way, we are able to identify each vertex in V; with one in V5 and, thus, the definition
G1UGy = (Vi UV, E1 U Es) (U)

is well-posed. Notice that (U) is not invariant under automorphism of V;, i = 1,2. In
fact, if we change the enumeration of one or both set of vertices, we will obtain a different
union graph.

Coming back to the continuous framework, let us consider now two metric graphs G,
and Gy. In particular, we are only interested in the case when they share the same set
of edges E = {ey,...,e,}. In order to introduce a corresponding notion of (U), the first
intuitive idea one may have is to consider the union graph of the combinatorial supports
of the G;s. In fact, let

G = (G1,0) and Gy = (Go, ),

where G = (V1, F), Gy = (V, E) and ¢ is the edge weight function

¢: E— (0,400
( ) (4.13)
e L.

Hence, we may introduce the union G; U Gy as a metric graph with the same edge
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weight function (4.13) and with combinatorial support
GLUGy = (ViU Vy, E), (U’)

provided that V; and V5 are enumerated in a suitable way and then comparable.

Though, this definition is not well-posed, as the following example shows.

Example 4.7. We consider again graphs G and G’ introduced in the introductive example

and we enumerate their vertices as shown in Fig. 4.4. Looking at this example, one

g’ g Ggug?

o—o—0 o— o—
U1 Vg U3 U1 Vg U3 V4 U1 V9 VU3 V4
Figure 4.4

intuitively expects that the union gives again the graph G’. Instead, applying (U’), we
obtain the graph in Fig. 4.4, which is not G’ and it does not even have the same set E of

the two initial graphs.

In view of the above example, we give a more reasonable and consistent definition,
for which the union graph contains all the junctions of both G; and G,.

We start by considering again the notion of metric graph: we are going to give a more
formal version of the definition introduced in Chapter 3. Let us consider an initial family

of intervals
E={e,....,em},

where each of them has two endpoints, which we denote by e, and e;r. Let

E* ={el,ef,... e el
be the set of the 2m points of the intervals in E. Hence, every equivalence relation R
defined on E* induces an oriented metric graph with set of edges F and set of vertices

given by the quotient

V::—R )

In addition, let S C E* x E* and consider the reflexive, symmetric and transitive

closure S of S, obtained just by adding:

— every (z,z) for all (a,b) € S, where z = a or x = b (reflexive closure);

89



— every (y,z) for all (z,y) € S (symmetric closure);
— every (z, z) for all (z,y), (y,2) € S (transitive closure).

By construction, S is the smallest equivalence relation containing S. Hence, it follows
that the reflexive, symmetric and transitive closure of any subset of E* x E* defines a
metric graph.

We can now consider some intuitive examples, starting from the family

E = {ela €2, 63}7

where, from now on, the orientation of each e; is represented by an arrow with tail e}

and head e;r.

1. Let
Rl = Ei X Ei,

then we obtain the flower graph with three petals, where every endpoint is identified

with each other.

2. Consider the following subset of E* x E*:

S={ler,e5), (e3,e3), (e7,e3), (ef,€3), (e3.€3), (ef . e3)}.

If we take its reflexive and the symmetric closure denoted by R», then the transitivity
follows, too. Hence, the equivalence relation R induces the pumpkin graph with

three slices.

3. Take
T = {(ef,e5), (e3.e3), (e5,€e7)}

and we denote by Rjs its reflexive, symmetric closure, which is automatically tran-
sitive again. In this case, the equivalence relation R3 induces the complete graph

with three vertices, namely a clockwise-oriented triangle.

€3 €1

( en N e/ \®
“ ’ ~ 7

3 €3

Figure 4.5: A flower graph, a pumpkin graph and a complete graph induced by the
equivalence relations Ry, Ry, R3, respectively.
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We are now able to give a definition of union of N = 2 oriented metric graphs, which

can be easily generalized for every N > 1.

Definition 4.8 (Union of metric graphs). Let G; and G, be two oriented metric
graphs which share the same set of edges E. Moreover, let R, Ry C E* x E* be the
equivalence relations on £* which induce G; and G, respectively. Consider the symmetric
and transitive closure of Ry U Ry C E* x E* and denote it by R_.

Then, we call union graph Gy U Gs the oriented metric graph induced by R.

Remark 4.9. The union of two equivalence relations is not necessarily an equivalence
relation, because only the reflexivity is invariant under this operation. For this reason, in

the above definition we need to consider the symmetric and transitive closure of R; U Rs.

In Fig. 4.6 we can consider some examples of union graphs.

g1 Gs G1 UGy

—o—>0 ——e o——» e——e— 0
€1 €2 €1 €2 €1 €2

G Gs G UGy

€3 €3

€3

01 G2 G UGy

€3 o—>0—— >0 €3

Figure 4.6: Some examples of union graph.

Remark 4.10. We want to stress that the notion of union just introduced is not invariant

under the orientation imposed on each initial graph. For instance, we can take the same
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graphs G; and G, in the third example in Fig. 4.6 and just reverse the orientation of one

edge as shown in Fig. 4.7.

01 G2 G1 UGy

es e—>e— >0 €3
€1 €2

€1 €2 S (1 €9
€3

Figure 4.7: If we reverse the orientation of just one edge, the resulting union is different.

We notice that the resulting union gives the star graph again, which is clearly different
from the previous G; U G,. This is reasonable, in fact changing the orientation in G is
related to considering a different equivalence relation R; on E*, which induces a different
oriented metric graph, even though the topological structure is the same as the previous
one. Therefore, since Definition 4.8 directly depends on R; and R,, we can easily deduce
why the union G; UG, is different from the previous case. On the other hand, it turns out

that the union is invariant under the simultaneous reversion of every edge of both graphs.

We recall that the goal is to find a necessary and sufficient condition for (P), in

particular we would like to obtain again
(P) is solved <= the union of graphs in C is connected. (%)

In view of this, the dependence on the orientation highlighted in Remark 4.10 may be a
problem. In fact, since the diffusion problem is invariant under orientation, the latter is
never fixed on graphs in C. Hence, depending on a particular choice of orientation of the
single graphs, we could obtain diffent unions G; U . ..U Gy, among which some of them is
not connected, and this would make (%x) unconsistent.

We show that this cannot happen thanks to the following

Lemma 4.11. Let Gy,...,Gy be metric graphs, with associated Kirchhoff-Laplace opera-
tors Ay,...,Anx. Then

N
G: =G U...UGy is connected <= ﬂker A; = (D). (4.14)

i=1

Notice that this lemma is exactly the metric version of Lemma 2.11 and the proof

will be similar, indeed. One has only to extend the result, taking into account the new
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definition of union.

Proof. We show the proof for N = 2, then one can easily extend the result for an arbitrary
N by induction. In general, both G; and G, have a certain number of disjoint connected

components:

g§1)’ e ,gfm) st. G = |_| gij), for some m € N
j=1

and

Qél), . ,Qé") st. Gy = |_| g@, for some n € N.

Since the connectedness is just a topological property, notice that they do not change and
depend on the particular choice of orientation.

Now assume that G is connected: we need to show that every function ker A; N
ker Ay C (1). Thus, we take f € ker Ay Nker Ay, in particular from the theory presented
in Chapter 3 it is well-known that f is constant on each connected component of both
G, and Gy. Take x,y € G and without loss of generality we can assume that x € e, and
y € e; with h # [. Hence, by connectedness of G, there exists a path of incident edges

Iy ={en, €y,... €, e} linking x and y:
TEep ey~ ~e ~e DY,

where here ~ means the incidence relation. In particular, edges in I';, can be incident in G;
and/or in Gy. Thus, taking into account that f is constant on the connected components

of both graphs, we deduce that f is constant along I';, and in particular

Byr the arbitrariness of x,y, we conclude that f is constant.

In order to prove the opposite implication, we are going to show that if G is dis-
connected, then we can find a non constant function such that f € ker A; Nker A,. For
simplicity, assume that G has only two connected components: G and G®). Then, both

contain a certain number of connected components of G; and G,. In particular, we set
Ja = {j e{l,...,m}: g{j) C Q(A)} , Jg = {j e{l,...,m}: gf” C Q(B)}
and

Ki={ke{l,...n}: 6" g™l Kp={ke{l,....n}:GP cg®}.
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Due to the fact that G is disconnected, it follows that
JaNJpg ::Q, KsNKpg ::®7

in fact there cannot exist some connected components of G; or G, shared by G4 and
GB) . This is always true, even if, roughly speaking, we reverse the endpoints of some edge
in one of the initial graphs. Since the connected components of G; and G, are invariant
under orientation, we will never find an orientation for which some index 7 is in J4 N Jp
or some k is in K4 N Kg. Hence, taking the characteristic functions on each connected

component such that
ker A; = ({1,;}72,) and ker Ay = ({Tok}p—y),

it is always true that

dlyy=Ta= ) Iy (4.15)

j€JA kEK 4

and
Z 1,;,=1p= Z log. (4.16)
jEJB ICEKB

At this point, we only need to take some function of the form
f:a]]-A+BI]-B7 Oé,/BE(C

and from (4.15) and (4.16) one gets that f can be written as a linear combination of both
basis of ker A;, i = 1, 2:

f:a21j+6211j = f € ker Ay

Jj€Ja J€JB
and
f=ad) Li+8> L — f € ker As.
keK keKp
Thus, the proof is complete. O

This lemma is fundamental, since we have just characterized the connectedness of the
union graphs in terms of the intersection of all the kernels ker A;. Hence, from the fact
that every Kirchhoff-Laplace operator does not depend on the orientation of graphs in C,

we can conclude that so does the connectedness of G.

At this point, in order to verify that (%) holds, we follow the same argumentation
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made in Chapter 2 and we extend the following

Lemma 4.12. Let Gy,...,Gy be metric graphs, with associated Kirchhoff-Laplace opera-
tors Ay,...,An. Let G:= Gy U... UGy be their union with associated Kirchhoff-Laplace
operator A. Then

N
ker A = ﬂker A, (4.17)
i=1

Remark 4.13. Before proving this lemma, we underline that also ker A does not depend
on the orientation of the graphs in C. It only refers to the connected components of G,
which do not vary. In fact, one has just to focus on each component and consider it, in
turn, as an union of subgraphs of the G;s. Therefore, applying Lemma 4.11, it turns out

that even the connectedness of these is invariant under orientation.

Proof. Once proved Lemma 4.11, this proof is similar to the one of Lemma 2.15, as long
as we modify the basis of A;, i = 1,..., N. We show the case when N = 2 and, to avoid a
further heavy notation, assume that the union graph has only two connected components.
After proving the thesis under these hypotheses, it will be easy to obtain the general case.

Then, if the union graph has G and G as connected components, then as we

know the kernel of A is spanned by the characteristic functions

{14,15}.

In the previous proof, we have obtained that

dlyy=Ta= ) Iy (4.18)

JjE€JA kEK 4

and

Y liyy=1p= )Y 1lx, (4.19)

jelp keKp
where J4, Jp, K4, Kp have the same definition as before.
Then, if f € ker A, we have shown in the proof of Lemma 4.11 that this implies that
f €kerA;, for all i =1,2.
On the other hand, we now take f € ker A; Nker Ag, and so f can be written as

f = 061]1171 + -+ Ckm]le (420)
and

f=011a1 4+ Bl (4.21)
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Then, as we have done in the discrete case, we compare the expressions (4.20) and

(4.21), so that by construction we obtain that equality holds if and only if

aj = fr = ca, VjeJa, VEke Ky,
Oéj:ﬁk:CB, Vjeldg VkeKg.

Hence, recalling (4.18)-(4.19), we deduce that f can also be expressed in terms of the

characteristic functions associated with G and G®, thus
[ =caly+cplp,

and f € ker A.
O

Once proved Lemma 4.12; we can finally state that (%*) still holds in the continuous
framework. In fact, as we have found in Chapter 2, now projection P introduced in (4.11)
exactly coincide with

P: @LQ(O,@) — ker A
j=1

and then, by Theorem 4.4 and Lemma 4.11, we get the following

Theorem 4.14. Let us consider model (CRE) and let {ji}r>0 be an irreducible Markov
chain. Moreover, let C be a finite family of graphs with union G =G U...UGy.
Then the evolution operator S(t) converges uniformly and almost surely towards the

projection P. In particular,

(i) When G is connected, then P coincides with the orthogonal projection onto the con-
stant functions on the edges E = {e1,...,en}. In addition, for any initial datum
fe @;n:l L*(0,¢;), the solution of (CRE) converges strongly and almost surely to-

wards the average of f computed on E:

m ¢
tgffrloou(t) =hf= Zm;gz;/o fi(z)dx :3][gf

j=1% 5=

(ii) When G is not connected and given by a disjoint union of GV, ... GF) then P is
the orthogonal projection onto the constant functions on each connected component
of the union. In addition, for any initial datum f € @;nzl L*(0,¢;), the solution of
(CRE) converges strongly and almost surely towards the average of f computed on
g ....g".

lim wu(t) = Pf,

t—+4o00
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where

_ L ()
Pf(x) = =—— /fj dx—][g(h)f, x e g\,

D jie;egh) a oy

gl €3 €1 gQ

€3

e €2 €2 : :
o—>0————>9

€2
g1 U Gy

Figure 4.8: Example of two disconnected graphs with connected union: in this case the
limit heat distribution assumes the same constant value on eq, e; and e3.
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G1 G2

€1 €2 €3
€3 €1 €2
o—0 o—————o

"<

G1 UG,y

Figure 4.9: Example of two disconnected graphs with disconnected union: in this case
the limit heat distribution assumes two different constant values on e, e; and on es.
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Chapter 5
Final remarks and conclusions

As we have seen, the asympotic behaviour of the proposed evolution problems can be
described in terms of the convergence of infinite products of matrices and, more generally,
contractive operators on Hilbert spaces. We have often mentioned and directly applied
results in [1, 12| about random products of contractive operators, however there is a
wide theory about the convergence of infinite and deterministic products of matrices,
where the fundamental papers [9, 10] by I. Daubechies and J. C. Lagarias are the most

representative. They have introduced the following

Definition 5.1. A set ¥ = {M,..., My} of complex square matrices is called LCP
set (left-convergent product) if all the infinite products whose factors are in X are left-

convergent (with respect to the matrix norm).

In these articles, they provide a set of necessary and sufficient conditions in order
that ¥ is LCP by means of the eigenvalues, the eigenspaces and the spectral radii of the

involved matrices. In particular, we recall Theorem 4.1 in [9]

Theorem 5.2. Let ¥ = {M,..., My} be a finite set of square matrices. Then the

following are equivalent.
(i) % is LCP set whose limit function is identically 0 for every possible infinite product.

(ii) The joint spectral radius satisfies

==

H(E) = limsup (5())

k—+o0

<1,

where'

. M, €Y, 1§z‘§k}.

k
112
i=1

'Being the supremum of a finite set, pr(X) is actually a maximum.

k() :==sup {
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The problems studied by Daubechies and Lagarias are exactly the starting point and
the general framework of the models introduced in this thesis. In fact, concerning the

finite-dimensional setting, let
2 - {Ml = Qe_ﬁ(Gl)a sty MN = QG_E(GN)} )

where each one of these matrices is related to one graph on which we study the random
evolution. Hence, we recall that problem (P), namely proving that the evolution opera-
tor S(t) converges uniformly towards the orthogonal projection Py onto the subspace of
constant functions, is equivalent to showing that

i [QS(1)] = 0.
Since QS(t) is expressed by means of a product of matrices in ¥, then it immediately
follows that (P) can be solved referring to the LCP property of X.

However, if we only consider the results in [9, 10] and in particular Theorem 5.2,
we do not obtain satisfying results, because it turns out that 3 is LCP under restrective
hypotheses. More precisely, we recall that for Proposition 2.7 the evolution operator
converges uniformly to Py for every possible sequence given by {ji x>0 (thus, ¥ is LCP)
provided that every graph in C is connected. This can also be verified considering the

joint spectral radius of Y. In fact, according to Lemma 2.6, we know that
HMZH < 1, VMZ € E,

hence
k

1]

i=1

k
<[[IMl <1, VMieS, 1<i<k Vk
=1

and taking the supremum

This implies that

==

H(E) = limsup (5())

k—+o0

<1,

then Theorem 5.2 confirms the statement of Proposition 2.7.

The LCP property no longer holds when at least one graph in the family C is not
connected. In fact, assuming that the only disconnected graph is Gy and denoting by £
its Laplacian, one gets that

M, = Q€_£1

has norm 1. This is easily shown by taking f € rg @ Nker £; (which is non empty if G is
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non connected), in fact
Mif=f = M =1

Taking the same f as before, we can prove that every kth power of M; has norm 1 and
then
pe(Z) > [|M7] = 1.

Additionally, since we are dealing with contractions, it also holds that

hence

and condition (47) is not satisfied: we conclude that ¥ is not LCP in this case.

In order to accept more general families C, where graphs are not supposed to be
all connected, one has to leave the framework of LCP sets. In fact, we have decided
to weaken the notion of convergence: instead of analyzing deterministic non autonomous
diffusion models, from the beginning we requested that a Markov chain leads the evolution.
Consequently, we have studied the almost sure convergence of the stochastic operator S(t),
excluding all those products which happen with probability 0.

This suggests to introduce the following definition, as a stochastic version of the

notion according to Definition 5.1 of LC'P set proposed by Daubechies and Lagarias.

Definition 5.3. Let ¥ = {M;,..., My} be a set of square matrices and let (2, F,P) be
a probability space. Moreover, let j = {j,}n>0 be a stochastic process with values in the
set of indexes o = {1,...,N}.

We say that X is stochastically LCP if the limit product

oo nfl.“MjO

M(j) =[] M;, = lim M;, M,
n=0

exists P-almost surely. We say that X is stochastically LC' Py set if it is LCP and addi-
tionally M (j) = 0 P-almost surely.

This is clearly weaker than the LC'P property, because it only requires the convergence
of the sequences with positive probability. However, it is the most suitable notion to
consider in the framework of the random evolution models. In this way, imposing certain
conditions on the stochastic process {j, }n>0, we are able to present the convergence results

proved in Chapter 2 by means of the stochastic LCP property.
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Theorem 5.4. Let ¥ = {e #(G) . e £GNY and consider the framework of the random
evolution model (DRE) on combinatorial graphs in C = {G1,...,Gn}, governed by an
irreducible Markov chain {jk }r>o.

Then the following are equivalent.
(i) 3 is stochastically LCP with limit product M(j) = Fy.
(i) The union graph G = (V,Ey U...U Ey) is connected.
Equivalently, given QX = {Qe %) . Qe *CEN)Y the following are equivalent.
(i) QX is stochastically LC'Py.
(i) The union graph G = (V,E1 U...U Ey) is connected.

In a similar way, one can extend the definition of the stochastic LCP property to
contractive operators on infinite-dimensional Hilbert spaces and, hence, obtain the version
of Theorem 5.4 for the random evolution model on metric graphs.

Since the stochastic LC'P property provides an elegant way to express all the re-
sults of our work, this suggests that many other evolution problems, even not related
to graphs, could be solved in the same terms. In fact, it would be challenging to find
necessary and/or sufficient conditions to ensure the stochastic LC' P notion for the set ¥

of all the matrices (or bounded operators) composing a certain evolution operator S(t).

Concerning the possible modifications and improvements starting from the random
evolution models proposed in this thesis, there are several open problems to be discussed in
the next future. First of all, we have proved the convergence of S(t) towards an equilibrium
in both the combinatorial and the metric settings, but we have not yet investigated the
rate of convergence. Hence, the first goal to achieve is to estimate it, based on the
knowledge from the diffusion models on a fixed graph, where the speed of convergence is
well-known. Intuitively, this rate will still depend on the spectral gap of every Laplace
operator, but we guess that it will be lower than in the problem on one fixed network. In
fact, we imagine that the continuous jumps from one to another graph can slow down the
diffusion and then the convergence process towards Fj.

Another challenging work is to make the stochasticity of the models more complicated,
replacing the simple Markov chain with a different Markov process. The first idea is to
choose a continuous time pure jump Markov process: all the good properties of the Markov
chain would be preserved, but the waiting times between two consecutive jumps would
be random variables, too. We guess that everything will still work, even if the framework

is now more complicated. In fact, as a consequence, every factor in the product S(t)
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would depend on two types of stochasticity: one provided by the chain governing the
jumps, the other one represented by the times. This would mean to deal with a set of
matrices/operators ¥ which is no longer finite, hence more sophisticated arguments would
be needed to prove the stochastic LC'P property.

Regarding the random evolution on metric graphs, it would be interesting to consider
more general operators instead of the Kirchhoff-Laplace one. We could consider different
elliptic operators: based on the well-known results about PDEs on fixed networks, it
should not be difficult to generalize our results. Alternatively, we could still deal with
the Laplacian and consider different vertex conditions which randomly vary in time. We
intend to find which additional hypotheses we need to impose in order to have analogous
results.

In this way, we could obtain evolution models capable of describing more complicated
scenarios. For instance, one could apply them in the area of epidemiology: in our opinion,
it would be interesting to study the diffusion of an epidemic disease among individuals
whose interactions — represented by graphs — changing randomly in time. This is just
an example of application: in fact, graphs are studied in several areas within physics
and chemistry, but also in sociology, ecology, neurobiology, etc., because they can depict
several types of real networks and, as it happens in most cases, the latters are not constant
during the time.

For this reason, having dynamical systems capable of dealing with the (random)
time evolution of newtworks would be challenging and useful. In this context, the re-
sults presented in our work can be considered as one simple and first step towards more

complicated and sophisticated models.
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Appendix A

Some notions of Markov chains

In this appendix, we are going to show some results about Markov chains we have
used in the proof of Theorem 2.14. In order to give a clear presentation, we are going to
breafly recall some important properties, too. We assume the basic notions about Markov
chains to be known: the reader can refer for instance to [4, 18] for a detailed presentation

of the topic.

A.1 Preliminaries

Let {X,,} be a Markov chain with state space E and transition matrix 7. We assume
that X is irreducible, i.e. for any initial state x there exists a positive probability of hitting

any state y in finite time,
P(T, < oo | Xo=2x)=H(z,y) >0, (z,y) € ExE.

Alternatively, we say that X is irreducible if for any couple of states (z, y) there exist times
n,m € N such that T"(z,y)T™(y,x) > 0. We say that a state is recurrent if H(z,z) = 1.
In a finite chain, there always exists a recurrent state. Further, if the chain is irreducible,
then all the states are recurrent.

Let us introduce the mean return time p(y) = E[T, | Xo = y]. Intuitively, its inverse

is the frequency of returns: the following result makes precise this intuition.

Theorem A.1. Denote N,,, the number of passages in the state y up to time n:

Ny, =#{k <n : Xy =y}
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Then

Nyn 1
]P’(i% asn—>oo|X0:x>:H(x,y).
oy

In particular, if H(z,y) =1 then P(N, = o0 | Xg =) = 1.

A.1.1 Period

The period of a state is the ged (greatest common divisor) of the set of times when

a return is possible:
dz) =ged{n>1:T"(xz,xz) > 0}.

Thus, a state has period d if and only if the chain can return to x only at multiples of the
period d, and d is the largest such integer. A state x is aperiodic if d(z) = 1 and periodic
otherwise. If the Markov chain is irreducible then all the states has the same period; we
can speak then about the period of the chain (or, the chain being periodic or aperiodic).

If a Markov chain is periodic, then we can partition the state space in classes, ac-
cording to the period. Let xy be an arbitrary state in £. Then for any k =0,1,...,d—1

we let
Ay ={z € E :3In>0st. T (zy,2) >0}

Notice that for z € Ay and y € A; then T"(z,y) > 0 implies that n = j — k(mod d).

If we consider the d-step Markov chain {Y, = X,4, n > 0} on E with transition
matrix 7" = T¢, then we see that it is reducible, and its final classes are exactly the cyclic
classes Ay, ..., A4_1. In particular, the reduced chain on every class is irreducible and

aperiodic.

A.1.2 Invariant distribution

Given an irreducible Markov chain X, positively recurrent (in particular, this is the
case if the state space is finite) then there exists a positive distribution 7 on E that is left
invariant for the transition matrix 7: 77T = w. Moreover, 7 is explicitly given in terms of

the mean return times:

m(x) = —— re L.
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In the above assumptions, we can prove the following almost sure convergence:

1
T"(x,y) > —— as n — 0o.
p()
Let us consider what this means for the case of periodic chains. We first recall that
the d-step chain Y is reducible, which means that we shall consider it separately on the
various cyclic classes. Then Y| 4, 18 irreducible, aperiodic with transition matrix (T) | Ay

It follows that

x,y € Ag,

( |A)371/)

ta(y) ’

where the mean return time j4(y) is computed with respect to the reduced matrix (7'%) | A,
But then the mean return time for the original Markov chain X is d-times the previous

one:

d
Tz, y) = —, x,y € Ag. Al
(®9) 1(y) ’ (A

Notice that, being z and y in the same cyclic class, it also holds
Tk () = 0, k=1,...,d—1.

Moreover, if the states are in different cyclic classes, it holds

_d
w(y)’

TR (g, ) — re A, yeA, (A.2)

A.2 Multistep chains

In this section, we consider a Markov chain X on a finite state space E. For simplicity
we assume that X is irreducible and, in a first moment, that it is aperiodic. This Markov

chain induces another process Y by setting
YO = (X07X1)7 }/1 - (X27X3)7 cee }/k: - (X2/€7X2k+1)'
The state space is the subset s C E x E of admissible pairs:

Ey = {(x1,22) : T(x1,29) > 0}.
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The transition probability matrix associated to the Markov chain Y is

Plz,y) = T(22, y0)T (Y1, y2)-

Moreover,

P (z,y) = T N(x2,1)T (31, y2).

Since the original chain is irreducible and aperiodic, definitely 72"~ (x5,7;) > 0, hence YV’
is irreducible and aperiodic as well. In particular, given any admissible pair a = (aq, as),
the chain Y visits this state infinite times, a.s..

Previous construction can be extended to the case of vectors of length k without
difficulty. Instead, we are now interested to discuss the case of periodic chains.

Let d be the period of the irreducible chain X. We consider sequences of length &

where d | k and introduce the space Ej, of admissible sequences
Ey ={z = (vo,x1,...,2%_1),: plx) = HT(xj,a:j+1) >0},
If x is an admissible sequence then there exists ¢ such that
xo € Apy w1 € Apyr, .., € Apgjy oo X1 € Apq,

where we assume the indexes are computed modulo d. The transition probability matrix

associated to the Markov chain Y is

P(z,y) = T(xr-1,40)p(Y)-

Notice that by formula (A.2) it follows that

P (z,y) = T % (2521, y0)p(y)

is positive for n large enough; therefore, the Markov chain Y is irreducible and aperiodic,

and every admissible sequence is visited infinite times, a.s..
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