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[eptindm

Ye auth T StmhwpaTixny Topouctdleton o ahyeBeiny| TEOGEY Yo OTIC GUVEAEELS TEOYUOTIXDY
X0l TUVOXOY CLVAETHOEWY Gt BlaxpELtd Ypovo. E¢etdlovton ol 1diotnteg Toug pe T Borideio ah-
YEBEWXADY BoUOY, OTwe etvor 0 doxTOAOE xou 1) ouddo. H yerion autdv tomv ahyeBpixey Yewmpldyv
Bondolv otn cuVEYEL TNG EPYACIAC UEGHL CUYXEXPWUEVLY EQPUPUOY®Y Toug oT1 Vewpio TTrdav-
OTHTWY, eV Yivetal Wdtepn pvelo oTov cuvehillaxd avtioTeopo o omolog TaUlel xaTOAUTIXG
EOA0 GTN OGN YEVIXODY HORPOY OVAVEDTIXWY X0t MopxoBLavmdy avavewTixwy eELloMoENY.

OvoctaoTixd, eapuoleton oTNV ENEXTAOT TNG XAACLXNG AVAVEWTIXAC Yewplag oty omola Yo
VewpooUUE OTL OL UNOEVIXES YPOVIXEC GTIYUES YEYOVOTWY elvol EMITPETTES, EVK EMEXTEVOV-
TolL XOTIAANAL EVVOLEC Xou EPYOUAELR TTOU YENOWOTOO0OVTOL GTNV XAAGIXT| TERIMTWOT UE EUPAOT)
ot optaxd Vewphpata. To Yewpnuind autd mhalolo Yo urnopoloe va yenoytonowniel yia eqop-
noYEég o€ Blohoyoyind cuC TAUATA, AAAS xou 6T Yewpla aflomoTiog, OTOU Yo TUEddELYUa O Vep-
UxOg Yedvog ebvan o xaTdhAnhog yio TV Teplypapy| T e€EAENS EVOC GUC TAUATOC XAl UTOpEL
va Yeweniel wg 1 TAéov xevipxic onuaciac yeovixt cuviotwoa. Enlong, yenowonolobvto
OLUVEMELOXES TIRAEELS Yo TNV ExBooT AMOTEAECUATOY GTNY XxAaotx)| Yewpla Tewv Mapxoflovody
OVOVEWTIXWY OAUGIBWY (U.0L.0L).
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Chapter 1

DISCRETE TIME CONVOLUTIONS

1. Introduction

In this chapter we introduce the discrete time convolution of real and matrix-valued functions.
They are very helpful mathematical tools, which play an active role in several areas of Probability
theory, like Renewal and Markov Renewal theory. The aim of this chapter is to study the algebraic
properties of this operator and apply them in order to solve many theoretical problems in the rest of
this thesis.

Our motivation originates from the work of Barbu-Limnios [4] in which they introduce discrete
time convolutions for matrix—valued functions in one variable, especially for solving renewal and
Markov renewal equations. A particular role in the theory is played by the left convolutional inverse
of a given matrix valued function and its computation is performed recurrently. In Markov renewal
theory, the convolutional inverse is used to give a form and recurrent way to compute the transition
function of a semi-Markov chain, for the development of the semi-Markov reliability systems and
for the desired statistical analysis in the nonparametric case [4] and [28].

The goal of this thesis is to give a unified approach to discrete time convolutions and extend
their use, notably the convolutional inverse usage. Furthermore, convolutional representations will
supplant the generating functions in the proofs of important results in discrete time renewal theory
(for a further investigation see [4] ) and make more convenient representations such as the form of
the renewal function.

In this chapter, by making links with the theory of Rings, Groups and Algebras over a field, we
exploit the algebraic properties of the convolution product in order to simplify significantly the de-
velopment of the theory and obtain new important results. New representations of the convolutional
inverse help also in this direction.

2. Discrete time convolution product of real functions

In this section we study the convolution product of a specific class of real-valued functions.
We give some algebraic properties of the convolutional operator by paying special attention to
the convolutional inverse of a function. The theoretical development is complemented with some
applications in Probability theory.

Definition 1.1. Ler f, g : N — R. The function f * g : N — R, given by

k
[f #gl(k) ==Y f(k—1g(l), neN,

=0
is said to be the discrete time convolution product of f and g.

We give now some examples, which are necessary to explain the convolution’s operator usage
in probability theory. An important role is played by the unitary function (the function which is
identically one) and we will reserve the symbol 1 for this function.
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Example 1.1. Let X be a nonnegative integer-valued random variable and f, F its associated pmf
and cdf (defined on N). The distribution function F' can be written via convolution in the form
F =1xf, since

k k

k
Fh)=> fO)=> flk=1)=> fk—D11) = [f*1](k) = [1* f](k).

=0 =0 1=0

This shows that the unitary function 1 corresponds to the summation operator. Another simple
example of compact convolutional representation is given by the reliability function of X, say it F.
We have

F(k) =1—=F(k) = 1(k) — [1 % f](k)

and consequently F = 1 — 1 % f. A simpler representation is possible through the properties of the
convolution operator that will be developed in the sequel.

Example 1.2. Let us consider the random variable of the previous example. The expected value
E(X) can be determined by

400 00 n
E(X) = > nP(X=n)=>» P(X>n)= n1L%ZP(X > k)
n=0 n=0 k=0

n—oo n—oo

= lim Y F(k) = lim [1%F](n).
k=0

Consequently, the expected value of a positive and integer-valued random variable is expressed as
the limit of the sequence which results from the convolution product of 1 and F'. In the sequel, we
will also examine closer the limiting behaviour of sequences resulting from convolution products.

Example 1.3. Let X, Y be two independent nonnegative integer-valued random variables with pmf
fx and fy respectively. If fxyvy is the pmf of X + Y, then by independence we have directly that

Fxav(n) =Y fx(n=1)fr(l) = [fx * fr](n),

=0

and consequently fx1y = fx * fy. This is indeed the most famous application of convolution in
probability theory.

Example 1.4. Let X, Y be defined as in Example 1.3 and Fx, Fy be their corresponding distri-
bution functions. If Fx 1y is the distribution function of the sum X + Y, then
n
Fxpy(n)=P(X+Y <n) = > P(X+Y <n|Y =)P(Y =1)

=0

= ZIP’(X <n—=1UY =10)f(Q)

=0

= Y P(X <n—Dfy(l)
=0

= Y Fx(n—0fr()
=0

The above decomposition shows that Fx 1y = Fx x fy. Similarly, we have that Fx .y = Fy * fx.
Now, notice that the above decomposition could be obtained directly by using the properties of
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convolution. In particular, by using the results of Examples (1.1) and (1.3) we have that

Fx+y:]1*fx+y:]l*(fx*fy):(]l*fX)*fy:Fx*fy.

In the third equality we used the associativity of convolution that can be verified easily. Conse-
quently, by using the properties of convolution we get directly that

Fxiy =Fx x fy = Fy x fx.

The above examples show an interest in a systematic use of properties of the convolution oper-
ator. For this reason, we will mention some of its basic properties.

Proposition 1.1. The discrete time convolution operator is associative, commutative, it possesses
a unique identity element eqy given by

eo(k) ={ Lk=0 (1.1)

0 elsewhere,
and it is also distributive with respect to the addition of functions (componentwise addition).

Proof. The results are easy to prove and we will just show associativity. Let f,g,h : N — R. In
order to show that the discrete time convolution operator is associative we will show that for an
arbitrary k& € N we have [f * (g x h)] (k) = [(f * g) * h] (k). Indeed,

l
[f*(g*h)] (k) = fk=Dlg*hlQ) = f(k=1) Y g(l —m)h(m)

Bl ||Mw IMW‘
T
3
g

= [ * gl(k —m)h(m) = [(f * g) * h] (F).

3
IS

It will be beneficial in some cases to identify any function f : N — R as an infinite dimensional
vector or a formal power series. For this purpose, we will need some algebraic definitions and
properties. First, let us denote by R := R the set of all real-valued sequences. Therefore, from
Proposition 1.1 we get directly that (R, +, *) is a commutative ring with unity, equipped with the
operations of the usual addition between sequences and of the convolution product of sequences.
Obviously, eg is the multiplicative identity element of this ring and in the following proposition we
show that R is also an integral domain (no zero divisors).

Proposition 1.2. Let f,g € R. Then, we get
fxg=0 <= f=0o0rg=0. (1.2)

Proof. If f = 0 or g = 0, then the reverse implication of (1.2) is true. Now, we will show that the
direct implication is also true.

Let us assume that f(n) # 0 for some n € N. Then, as a consequence of the Archimedean
property there exists an ng € N such that ng = min{l € N : f(I) # 0}. All we have to prove is
that

[f *g](no+ k) = f(no)g(k), YkeN, (1.3)
since then by the assumption that f * g = 0 and the fact that f(ng) # 0, we will get that g = 0.
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We will prove that (1.3) holds by induction. For & = 0, (1.3) is true, since by the definition of
ng, f(1) = 0forall ] < ngand f(ng) # 0. Now, let us assume that (1.3) holds for k = 0,1, ..., ko

and consequently g(0) = ... = g(kg) = 0.
Then,
no—1 ko
[f*gl(no+ko+1) = > f(Dglno+ko+1—1)+f(no)glko+1)+ > f(no+ko+1-1)g(l),

=0

and by using the above assumptions we get directly that (1.3) holds for & = kg + 1. Therefore,
by induction we conclude that (1.3) holds for any £ € N. This implies that R is also an integral
domain. O

In addition, we denote the set of power series with real coefficients R [[z]] equipped with the
following binary operations

+: (fO+fDz+...) + fO)+f(1)

O+ M+ - (9(0) +9(1)
It is well that known that R[z] is a commutative ring with identity element given by the constant
polynomial with value one.

Let us also denote by RY the set of infinite dimensional vectors with real coordinates equipped
with the following operators

() (f0),f(1), f(2),--) (+) (9(0),9(1),9(2),...) = (f(0) + g(0), f(1) + 9(1),...)

= (f0)+9(0) + (M) +9(1))z +...,

It is easy to notice that RY forms a commutative ring with unity. In the following proposition we
show that (R, +, %), (R [[z]], +, +) and (RY, (+), (+)) are algebraically identical.

Proposition 1.3. The rings (R, +,x), (R[[z]], +, *) and (RN, (+), (+)) are isomorphic.

For the above proposition, any f € R can be identified as

FE0), F(1), £(2),..) Z FO) + D)z + fF(2)a® +.... (1.4)

Since convolution of sequences corresponds to multiplication of formal power series, this property
will be used for convenience in some cases. From the above representation, it is now clear that eg
can be written as

02 (1,0,0,...) =1, (1.5)

where the equality is used here abusively, but without causing confusion, and the specific represen-
tation will depend on the context. The first equality gives a clear interpretation to our notation for
the identity element as the vector which attributes 1 to the first component with index zero and the
second one refers to the corresponding constant polynomial. More generally, we denote by

e; = (0,...,0,1,0,...) = 2. (1.6)

1 in the ¢-th index

Notation. For simplicity, we will just suppress + and (+).

Remark 1.1. The function e; clearly corresponds to the pmf of the almost surely constant random
variable X = 1. It is clear that

eixej =2 o'y = T €itj- (1.7)

-) = (£(0)9(0)) + (F(0)g(1) + f(1)g(0))  + ...
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We can also compute the cdf associated to e;. In particular, if we denote by 1; this cdf, then

o0 ) o0 ) o0
L=1x%¢ & (Z:ﬁf) ol =) "2t =Y "2k = (0,...,0,1,1,...). (1.8)
k=0 k=0 k=1

1 from the i-th index

This intuitive notation indicates that 1; corresponds exactly to the sequence that starts with zeros
and has 1 from the i-th index and onwards. Of course we have 1 = 1. Similarly, we have

Il,;*ej:]l*ei*ej:Il*ei+j:]1i+j. (19)

The usefulness of the basis elements e; (1.6) can be found in the simplification of the compu-
tations with convolutions. In this way, the use of formal power series can be avoided. In fact, by
using the left and right member of (1.6) we can now rewrite (1.4) in the form

F=>_ fkex (1.10)

k=0

Then, we have

fxg = (Z f(l)€l> * <Z g(m)em> = Z [f(Dg(m)] e * em = Z f(Dg(m)erim
=0 m=0 I,m=0 I,m=0
= > | D fWglm) ] ex= [f*g(k)ex, (1.11)
k=0 \l,m:l+m=k k=0

as expected. Next, we define the convolutional powers (powers in the sense of convolution):

Definition 1.2. Let f : N — R be a function and n € N. The n-fold convolution f™ : N — R of
the function f is defined recursively by :

O = eo

and
f) = fa f=D > 1,

From the above definition we can get directly that for all n, k > 0,
FOW) = Y fk)f(R2) - f(Ra). (1.12)
E1,k2,.kn >0
k1+ko+...kn==k
Remark 1.2. By rearranging the terms of (1.12) we get that for all n,k > 0,
() (k) .= " oN"e(faN™...(f(k))™.
= S (o T ()

noe,M1,...,Ni >0
no+ni+..np=n

For the first three terms, for k = 0,1, 2, we have that for n > k,

FM0) = (Fo)", (1.13)
FM) = a(fO)" ),
™) M(f(O))"*z(f(l))2 +n(f(0)" £ (2).

2
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It is easy also to see that for all n > k,

n—1
e = X (Duey X (0T e s

l=n—k ni,...,nE>0 157525 » Yk
ni+na+..ng=n—I

n—1 n
= X (7)o - (L1

l=n—k

where fi (k) = f(k + 1), for all k > 0 and therefore f corresponds to the translation of f one
unit to the right.

Some useful properties of the convolutional powers are given below.

Proposition 1.4. Ler f,g : N — R and ¢ € R be a constant. Then, we get directly the following
relations

Proof.

(1) Using relation (1.4) we can take

(cf)xg = (cfo)go+ ((cfi1)go+ (cfo)g1) z+ ...
= fo(cgo) + ((cg1) fo+ (cgo)f1) z + ...
= c(fogo + (fogr + frigo)z +...) = c(f *g)

and consequently we obtain the desired relations.

(7i) From (i) we have

n—times

cx )™ = (cf)x(cf)x---*(cf)=cf*(cf)*--x(cf) =c" K f k% =),
(c*f) (cf) = (cf) (cf) =cfx(cf) (cf) (f f f) f

n—times n—times

(i) F) s plm o = (f*f*--~*f) % (f*f*-..*f) — f faew f= fO0FM),

n—times m—times (n+m)—times

(i) (N = f) o p) oy p () = (f*f...*f> ek (f*f...*f)

m—times n—times n—times

m—times
- f*f...*f:f(nm)'
—

nm—times
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() (f*9)™ = (Frg)x(fxg)---x(fxg)=fxgxfxg - xfxg

n—times n—times
— foafooonf|x|gxg--xg :f(n)*g(n)_
—_—— —_—
n—times n—times
O
In order to familiarize with the convolutional powers we’ll use the following examples:
Example 1.5. Consider the function of Equation 1.6. Since e; x ej = e, j, we get easily that
e™ —cikei k... ke = eni
03 N (2 s 1 T Nt
N—
n times
In particular, we have that for all n € N
en = el (1.15)

This simple functional property is very important in the development of the theory and gives the
possibility to develop a similar calculus as in the case of the generating functions to simplify the
derivation of many results. This can be understood by rewriting (1.11) in the form

(Z f<k>e§’“>) . (Zmé’”) =S "[f *gl(k)e.
k=0 k=0 k=0

The above functional identity justifies that the product of the generating functions of two sequences
corresponds to the generating function of their convolution by using the isomorphism in Proposition
1.3.

Now, we give a proposition which gives an interesting interpretation of 10m),

Proposition 1.5. If [Z] denotes the k-combinations of n elements with repetition, then
1M — m . e, 1M(k) = m . forallk,n € N.
Additionally,

]1§"> = { " ] , ie., Ilz(n)(k) = [ " } , forallk,n €N,
k—ni

- —ng
where [Z] =0, fork <0.

Proof. For n = 0, we have that the £ — combinations of 0 elements with repetition is one for
k = 0 and is zero otherwise. Therefore, we have

m — eo(k) = 1O(k),

and assume that the above relation also holds for an arbitrary n. Then,

k
1 (k) = 1+ 1) (k) = 3 m . (1.16)
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Using Pascal’s triangle and the equality [7] = ("Jrll*l) we have

n+1]  |n+l +[n]
l N [—1 1’
and summing over [ = 0, ... k, we obtain
k
n+1 n
BRI
=0
Therefore, we take

k

and consequently by induction we get the desired form.
From Example 1.1 and Proposition 1.4 we get

10D (1) — [n—l— 1] ’

Ilgn) = (1 % ei)(") =10 « egn) =10 xe,,; = [n} * eng = [ " ] .

O]

Example 1.6. Ler (X,,) be a sequence of i.i.d. nonnegative integer-valued random variables with
common pmf and cdf f and F respectively. Set X = 0. Also, for any n € N define S, =Y ;_, X;
with pmf f,, and cdf F,,. By using the properties of convolution it is straightforward to show by
induction that the following relations hold :

foo = fOufH =W 0<
F, = Fxf0 R =1x5" ¢

Also, recall from Example 1.1 that the associated reliability function F,, can be written in the form
Fnz]l—FnZTl—ﬂ*f("):ﬂ*(60—f(")>.

Since R is a commutative ring with unity then from Proposition A.1 we get directly the New-
ton’s binomial theorem for the discrete time convolution product of functions.

Proposition 1.6 (Binomial expressions). Let f,g : N — R. Then, the n-fold convolution of f + g
is determined by

(F +g)™ :ZG) FO gD e N (1.17)
=0

By a direct application of the above proposition we have the following corollary which will be
useful in the sequel.

Corollary 1.1. For a function f : N — R we take

(eo =)™ == () £, (1.18)

=0

Example 1.7. Let us consider the sequences eqg and e of relation (1.6). Then by applying Example
1.5 in Corollary 1.1 we have

n

<WﬂW:ZmMﬁ&=imM%%7mN

=0 =0
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and each term (e — e1)™ (k) can be determined by

(eo — e1)™ (k) = fj(—nl (7) e = (—1)F (Z) . keN. (1.19)

A useful property arises when a function f satisfies f(0) = 0. The following result will be used
in the sequel to simplify the computation of the convolutional inverse of a given function in the case
that it exists.

Lemma 1.1. Lez f : N — R be a function with f(0) = 0. Then, f™ (k) = 0 for all k, n € N with
k<n.

Proof. By (1.10) and (1.11), we get that

froeoifa= Y filk) o fa(kn) eritoth,- (1.20)
ki,...kn=0
Consequently,
=" fka) - fkn) hyttn- (1.21)
k1., kn=0

Since by assumption f(0) = 0, if at least one of k; is null, then the corresponding coefficient will
be also null. We conclude that

oo
F = 3" flh) e flkn) €rysthns (1.22)
k1,....kn=1
and consequently the coefficients of ey are null for £ < n. O

Remark 1.3. As an immediate consequence of the above Lemma we get that for any fixed k, the
sequence f (n) (k) is eventually zero. Additionally, the function which results from the series ), f (n)
is well defined, since each term is actually a finite sum.

In order to prove the next theorem, we will need a useful identity which is given in the following
lemma (a well known combinatorial identity).

Lemma 1.2. For any k,n € N we have

I+k
n l+k+1
Z(Z)_< L > forany k € N. (1.23)

n=l

Proof. We prove it by induction on k.
For k£ = 0 (1.23), it is obviously true. Let us assume now that (1.23) holds also for an arbitrary
ko € N. Then, for k = kg + 1 we have

l+§l<n>_l+zko l+ko+1 +(n)_ l+Fko+1 N l+ko+1
— 1) —~ l 1) [+1 l ’
and by using Pascal’s triangle we get directly
l+§f1<n)_ I+ (ko+1)+1

= \i/) I+1 '

Consequently, by induction we conclude (1.23). O
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Definition 1.3. Ler f : N — R. If there exists a function g : N — R such that

fxg=gx*f=eo, (1.24)

then g is called the convolutional inverse (inverse of f in the convolution sense) and it is denoted
by f(=1).

The inverse of f does not always exist. For example, for £k = 0 we have to solve the equation
[f * g](0) = f(0)g(0) = 1.

If f(0) = 0, then there exists no solution. In the following proposition we give a necessary and
sufficient condition for the existence and uniqueness of the convolutional inverse.

Theorem 1.1. Ler f : N — R be a function. The convolutional inverse f—Y) exists if and only if
f(0) # 0 and is given by

(=1 _ L - _ (n) 1.25
f f(O) nZ:O(eo fO) ) ( )
where )
k)==—"=, kel
fO( ) f(O) €
Additionally, each term f(=1) (k) in (1.26) can be represented as a finite sum and is given by
(1) L g (n)
(k) = — — fo)™(k), 1.26
or alternatively,
k
(“D(p) = L e (BN o
P00 = g S () A7 (127

Proof. First notice that if f(0) = 0, then there is no function g satisfying (1.24) (see the comments
after Definition 1.1). Then, it suffices to prove that the inverse exists for f(0) # 0. For this purpose,
without loss of generality we assume that f(0) = 1 and consequently we need to prove that

o0

FE = (e — H™. (1.28)
n=0
Indeed, in the general case we have f = f(0) fo and since fp(0) = 1 we get easily that if the result
holds for £{™", then £V = (1/£(0))£""). This justifies that from (1.28) we get (1.26). Since
convolution is commutative, in order to prove (1.28) it suffices to prove that the convolution of f
with the righthand member of (1.28) is in fact eg. Indeed, since (eg — f)(0) = 0 and by Remark
1.3 we have

(Z(eo - f)(n)> *f = (Z(eo - f)(n)> * leo — (eo — f)]

n=0 n=0
= Y o= H" =D (eo—H™
n=0 n=1

= (e0— N =eo.

Additionally, since (eg — f)(0) = 0 by Lemma 1.1 we have that (eq — f)™ (k) = 0, for all n > k,
and consequently (1.26) holds. Also, using Proposition 1.1 and Lemma 1.2 each f (_1)(]<;) can be
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written in the following form

k k n
P = 3= )00 3030 () 10
n=0 n=0 =0
k k k
= 2 () A0 = S0 h X ()
- k+1
(1.23) lz;( 1)l(li1> O (p)

Remark 1.4. Since f = f(0)fu, then by using (1.4), (1.27) can be reformulated as

£ (k) = f(l()) zk: (f(10)>” <:j: D £ (k). (1.29)

n=0

Remark 1.5. Let f € Nandn € N. If f has a convolutional inverse then the function ( f ("))(_1)

is also defined because of Remark 1.2 and is equal to (f(_l))(n) for any n € N. We denote this

sequence by f (=1). This observation allows us to extend the results of Proposition 1.4 on Z.

Example 1.8. Let us consider the sequence of Example 1.7. We have (eg — e1)(0) = 1. Then, using
the relations (1.19) and (1.27) we take

(co-en) Dk = 3 (1) <flj 1) 0*() = Sy (fjj 1) (})=1 ke,

n=0

—_

and thus we obtain
(co—e) V=1 or 1Y =¢y—e;.

Let us now consider a nonnegative random variable X with pmf f and cdf F. From Example 7?
and the above equation we get directly

f:]l(_l)*F:(eo—el)*F,

and consequently

f=(eo—e1)*x(1L—-F),

where F is the associated reliability function.

Remark 1.6. As 1 corresponds to the procedure of formation of partial sums of a sequence, its
inverse ey — ey corresponds to the procedure of formation of first order differences.

Remark 1.7. Set R* := {f : N — R| f(0) # 0 }. From Proposition 1.1 and Theorem 1.1 we have
that the pair (R*, *) forms an abelian group.

In many cases the form of a function is complex and consequently it is difficult to compute
the convolutional inverse of a function via Equation 1.26, but it is possible to use the following
recurrent way,
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Proposition 1.7. Let f € C*. Its convolutional inverse can be computed as follows:

f(l()) ifk=0
FEV () = - (1.30)

_f(lo) 3 Flk=DfD)  otherwise

Proof. In order to prove this form, we’ll use the equation
Fr Y = e
Since f(0) # 0 we have
OO =1 = F0) =

Now, for k£ € N*, we have

k -

0 =eq(k) = [+ FTV)(k) = ; Fle =D V@) = F0)f D (k) + ; Fle =0 V@),

and consequently we get the desired form.
O

Several functions defined usually for real or complex numbers can be extended for sequences
and similar properties can be derived. We are particularly interested in the exponential function.

Definition 1.4. Ler f : N — R. The function
o0 1
— = f(n)
() =3 s e

is called the exponential function of f.

Remark 1.8. By Remark 1.3, it is well defined for all f such that f(0) = 0. For that reason the
exponential function of any f : N — R with f(0) = 0, is expressed in the form

k
exp(f)(k) =) , keN. (1.31)

In the following proposition we give some properties of the exponential function.

Proposition 1.8. Let f,g: N — R, n € Z and c € R be a constant. The following properties hold,
whenever exp (f) and exp (g) are both well defined.

exp(0) = e,

exp(eg) = e-ep,
exp(c-eg) = €°- ey,
exp (f+g) = exp(f)*exp(g),
(exp ()™ = exp(nf),
(exp (/Y = exp(=f).

In the following proposition we study the existence and form of the exponential function.
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Proposition 1.9. Ler f : N — R. Then, the exponential function exp (f) is always well defined
and is given by

n!

ke _
exp(f)(k) = e/@ . (Z f+(k:)> , keN. (1.32)

n=0

Proof. Since any f can be rewritten as f = (f — f(0) - eg) + f(0) - eo, i.e., as a sum of two
functions for which the associated exponential function is well defined (see Remark 1.8). Then,
from Proposition 1.8 we have

exp(f) = exp((f — f(0)- e0) + F(0) - eo) = exp (f — J(0) - e0) * exp (f(0) - eo)
eSO exp (f — (0) - o).

Consequently, the exponential function is well defined for any real sequence f and each term
exp(f)(k) can be expressed in the following form

k n
exp(f)(k) = e/ (Z (f = £(0) - co)' )(k)) , keN. (1.33)

|
ne0 n:

Furthermore, since (f — f(0) - ep) (0) = 0, we have that the following relation holds for any k, n €
N with &k > n,

(fF=F0) )™ (k) = 3 f@Q)-fl)= D felli=1 - filla— 1)
li+...+lp=k li+...+ln=k
Hyeeln>1 1 yeeln>1
= > Fe(l) o fol) = £ (k= n).
li+tln=k—n
Accordingly, from the previous observation and (1.33) we obtain the desired result. O

Proposition 1.10. For any f,g: N — R we have

exp (f) =exp(g) <= f =g

Proof.
(«<=) Itis direct by definition.

(=) For k = 0, we have

e/ = exp (£)(0) = exp (9)(0) = /¥ = f(0) = ¢(0).

Furthermore, since

! @ f(1) = exp (f)(1) = exp (9)(1) = e/ yg(1),

we get directly that f(1) = g(1) or f1(0) = g+(0). In a similar way we take consequentially
that

f(n)=g(n), ne{0,1,...,k—1}.

and
f+(n) =g4+(n), ne{0,1,...,k—2}. (1.34)
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Since,
exp(f)(k) = exp(g)(k) =
0 <ff)(f'—1) 4 f:!(o) _ o900 (f’(f)(’fl_l)+...+g$;!(0)>
ff)(f!—l)Jr_ﬂLfi]Z!(O) _ gil)(i—l)+m+9f;!(0) (139

f+(k) = g+(k),

then we get by induction the desired result.

3. Convolution product of sequences of matrices

In this section we extend the results of the previous sections to the convolution product of matrix
valued functions. We give its relationship with the convolutional product of real valued functions
and we also provide some concrete examples in Probability theory. Also, we give the associated
algebraic properties by paying special attention to the convolutional inverse of a matrix-valued
function.

In order to introduce the convolution product of sequences of matrices we need some definitions.
Let E = {1,2,..., s} be afinite set. We denote by M := R*** the set of all real matrices on Ex E
and by M(N) the set of all matrix-valued functions defined on N with values in M. For A €
M (N) we write A := (A(k); k € N), where for fixed k € N, the matrix A(k) = (a;(k)); ;cp- We
also denote by I and 0, the identity and the zero matrix on the set M respectively. The element A
can also be interpreted as a matrix of real valued sequences, so A = (a;;); jer, Where a;; € R(=
RN). In this sense A € R***, so it corresponds to a matrix with elements in a commutative ring.
This fact will be exploited in the development of the theory.

Definition 1.5. Let A, B € M(N). The matrix-valued function A« B € M(N), given by

k
[Ax B](k) :=>_ A(k—1)B(l), k€N,
=0

with elements

k
[Ax Blij(k) :==>_ Y ik —1)B;(1), i,j€E, keN,

relk [=0
is said to be the discrete time convolution product of A and B.

Remark 1.9. The Definition 1.5 emphasizes the interpretation of A x B as the sequence of matrices
which results from the convolution of the sequences of matrices A and B. Nevertheless, it will also
be useful to interpret Ax B as the matrix of sequences which results from the product of the matrices
of sequences A and B. In particular, A« B = ([A = Blij), ;c g, where

[A * B]z] = Z Quir * /B'rj-

rek

In this way, the convolution of two matrices in Ms(N) corresponds to the usual product of matrices
in R*®, where the product in R is the convolution of real valued sequences.
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An important role in the rest of theory will be played by the matrix-valued function denoted by
I with constant value /. In particular,

I=(I,I,...). (1.35)

Alternatively, in view of Remark 1.9, I can be written as a matrix of sequences in the form

1 0 ... O
O 1 ... 0

r=|. . . (1.36)
0O 0 ... 1.

In the following examples we give some applications of the convolution product of matrix-valued
functions in Probability theory.

Example 1.9. Let J be a homogeneous Markov chain, (X, )n>1 be a sequence of i.i.d non negative
integer valued random variables and Xo = 0. Let f;;, I;; and Fij be the associated conditional
sojourn time pmf, cdf and the survival function of X,, when J goes from a state i to a state j. Let us
also denote by f, F and F the matrix valued functions with elements fij» Fij and Fij respectively.
From the previous comments we get directly that any F;; can be determined by

Fij=1xf;; = ZHO” * fri, 4,J €E,

reE
and by Remark 1.9 we get in matrix form
F=1Ixf
Therefore, each Fij can be written as
Fij=1-F;
and consequently B
F=11-1xf,

where 11 is the matrix valued function whose entries are 1.

Example 1.10. Let us consider a sequence of i.i.d non negative integer valued random variables
(Xn)n>1 and Xo = 0. Letalso S, = Y ;_y X5, n € Nand (J,)nen be a homogeneous Markov
chain with finite state space E := {1,...,s} i.e.

P(Jy=3j | Jon-1) EP(Jy =3 | Ju_1), forallj€E
Furthermore, assume that the pair (J, S) satisfies the following property
P(Jn = j,Sn — Sn—1 = klJo:(n—2), Jn—1 =1, Son—1) = P(Jn = J, S — Sp—1 = k|Jn = 1).
(1.37)
From this property we have that
P(Jnt1 = J, Snt1 — Sn = klJo:(n—2)» Jn-1 =1, Son—1) = Pi(J2 =4, Xa =k).  (1.38)
If we denote by P := (P(k)) and Py := (Py(k)) the matrix valued functions, where

Py(k)=P(J1 =j, S1 =k | Jo=1) :=Pi(J1 =4, S1 = k),
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and
Pgij(k) = P(JQ = 4,85 = k‘Jo = Z) = IP)Z‘(JQ = 4,85 = k), i,7€ E, k,neN.

Then, by using Example 1.4 and the properties (1.37), (1.38) we get directly

k
Py (k) =Y Pi(l)Prj(k — 1) = [P+ Plyj(k) (1.39)

reE =0

and consequently
P2 =P=xP.

Now, if we denote by Fy = (F1(k)) and Fy = (Fy(k)) the matrix valued sequences where
Fy (k) =Pi(J1 = 4,51 < k)

and

Fy, (k) =Pi(J2 = j,S2 < k),

ij
then from Example 1.4 and relation (1.39) we conclude that

F,=1+«P,=(IxP)xP=F, xP.

In the following Proposition we give some algebraic properties of the convolution product of
matrix valued functions, that can be verified easily.

Proposition 1.11. (Properties of the convolution product)[convolution algebra]

(i) Let A,B,C € M(N) be three matrix-valued functions. Then x is an associative and distribu-
tive binary operation, i.e.

Ax(BxC) = (AxB)xC,

(A+B)«C AxC+ Bx*C,
C+x(A+B) = CxA+CxB.

(ii) The identity element for the convolution product of matrices is the matrix valued function E
€ M (N) which is given in the following form :

| Iy ifk=0
Eo(k) _{ 05 otherwise.

or as a matrix of sequences in the form

€0 0 0

0 €0 0
Ey = .

0 0 €0

and satisfies

A*EOZE()*A:A,
forall A e M(N).

Remark 1.10. In the general case, the equality A x B=B x A doesn’t hold true, so the operation *
is not commutative. This is a direct consequence of the non-commutativity of the matrix product.
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It will be useful for the rest of the theory to identify any matrix-valued function A € M(N)
as a formal power series with matrix coefficients or an infinite dimensional vector of matrices. In
order to do this we will need some definitions and properties of the convolution product. For this
purpose, from Proposition 1.11 M(N) := R forms a ring under the binary operations of usual
addition of matrices and convolution product of matrix valued functions. Also, the function Ej is
the corresponding identity element and consequently R4 is a noncommutative ring with unity. In
addition, we denote the set of all power series with s x s real matrix coefficients R*** [[]] equipped
with the following binary operators

+: (A0 + AWz +...) + (BO)+B(1)z+...)=(A0)+ B(0)) + (A1) + B(1))x + ...

v (A0 + Az 4. + (BO)+B1)z+...) = (A0)B(0)) + (A(0)B(1) + AQL)B(0)) z +. ..

and it forms a non commutative ring with unity given by Ej.
For the latter expression we define the set of infinite dimensional vectors of matrices (RSXS)N
equipped with the following binary operators

(+) 1 (A(0), A(L),...) (+) (B(0),B(1),...) = (A(0) + B(0), A(1) + B(1),...),
()1 (A(0),A(1),...) () (B(0),B(1),...) = (A(0)B(0), A(0)B(1) + A(1)B(0),...).

Of course ((RSXS )N , (4), ()) forms a non commutative ring with unity denoted by (I, O, ...). It

can easily be proved that R, R®*? [[z]] and R**® are isomorphic rings.

Proposition 1.12. The rings (R, +, %), (R®** [[z]] , +, ) and <(RSX“”)N , (4), ()) are algebraically

identical.

As aresult of the above, we can express any matrix valued function defined on N in the follow-
ing form
A (A0),A(1),A2),..) = A0)+ ANz + A(2)2® + ..., (1.40)
We can represent Ey as
Ey = (15,04,04,...) = 1. (1.41)

As we can see Ej is interpreted as a vector of matrices which attributes I to the first component
with index zero and the second one refers to the corresponding constant polynomial with matrix
coefficients. More generally, we denote by

E; = (0s,...,0s,I5,0g,...) = I 2" (1.42)

I in the ¢-th index

Remark 1.11. Consider an almost surely random variable X = j and a Markov chain with prob-
ability transition matrix I5. Then, we can represent E; as the diagonal matrix in which the entries
along the main diagonal are given by P(J, =i, X =j | J,—1 =1i) = 1.

E;x E; = (L") (Iaa?) = L™ = By ;. (1.43)

We can also compute the conditional cdf associated to E;. More specifically, if we denote by 1; the
sequence of matrices which starts with Og and is I after the i-th index and onwards then

o &9} oo
Ii = I« E; & (lexl> L' = (Zfsx’“) — (leﬂcl> ~ (0,00, I I, ) (144)
=0 =0 l=i

I from the i-th index

The obvious relation 1y = (I, Is, . .., Is) holds. Similarly, we have

]IZ'*E]‘ZH*EZ'*E]‘Z]I*EZ'_H:]IZ‘_H'. (145)
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Remark 1.12. It is easy to notice that the basis elements E; can be represented as a diagonal
matrix of real sequences, i.e,

€; 0o ... 0
0 € ... 0
g=|. "] (1.46)
0 O €;
where e; are the basis elements of (1.5).
Also, in a similar way we obtain
1, 0 0
0o 1, ... 0
L=|. (147)
0 O 1;

where 1; are the sequences given by (1.8).

The basis elements F; (1.42) can be used for the simplification of the computations with con-
volutions avoiding the formal power series with matrix coefficients. In particular, we can use (1.41)
and consequently (1.40) is reformulated as

A=>"A(k) By (1.48)
=0

Then, since any convolutional product of Ejy with any other matrix valued function is commutative
we have

AxB = <ZA(I<:)Ek> x (ZB(Z)EZ> = (ZA(k)Ek> * <ZE,B(Z)>
k=0 k=0 =0

=0
= Y AR [ExxE]B(1) = > A(k)EpuB(l) = Y [A(k)B()] Exy
k,l=0 k,l=0 k,l=0
= > | > A®B(Q)| E.,=) [A*B](u)E,. (1.49)
u=0 \ k,l:k+l=u u=0

Below, we introduce the convolutional powers of a matrix-valued function.

Definition 1.6. Let A € M(N) be a matrix-valued function and n € N. The n-fold convolution of
sequences of matrices A" is the matrix-valued function defined by :

A(O) = EO
A = Ak AD >

From the above definition we can get directly that for all n, kO,

AM (k) = > A(k1)A(kg) - A(ky). (1.50)
k1, skn >0/ /k1+ke+.. . +kn=Fk

Proposition 1.13 (Binomial expressions). Let A, B € Raq with A x B = B x A. Then, the n-fold
convolution of their sum can be determined by

n

(A+B)™ =% (7) (A(l) s B("*”) , neN (1.51)
=0
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Corollary 1.2. For a function A € Rxq we have

(Eo— A)® = Zn:(—nl (”) AW, (1.52)

l
1=0

Example 1.11. Ler A = diag{«;}icg € Rm. Then, the n-fold convolution powers A™) are given
by

A = diag {al" }iEE . (1.53)

The result follows easily from the fact that if A = diag{a;}icp and B = diag{b;}icp, then
Ax B = diag{al- * bz}zGE

Example 1.12. Let J and (X,,)nen be defined as in Example 1.10. By using the properties of con-
volution product of matrices it is straightforward to show by induction that the following relations
hold:

P, = PyxP,_py=P", 0<k<n, neN,
F, = FexP, r,=1xP"™ 0<k<n, neN.

Example 1.13. Consider the basis elements IJ; of (1.42). Since E; x E; = E;j, we get easily that

Ei(n):Ei*Ei*...*Ei:Em.

n times

Also, using Example 1.53 and Remark 1.12 we get directly
Ei(n) = diag{egn)} = diag{en;} = Eni.
Example 1.14. The n-fold convolutional powers of the matrix-valued function 1; is given by

1™ 0 ... 0
=Lx-xly=1 S

0o ... 1

)

7™

(n)

where 1, is given by Example 1.5.

Then, from the above we can reformulate (1.49) as
o
AxB="[AxB|(k)E".
k=0

In the following Lemma we give a beneficial property when a matrix-valued function A satisfies
A(0) = 05, which will be used in the sequel in order to simplify the computation of the convolu-
tional inverse of a given matrix-valued function in the case that it exists.

Lemma 1.3. Let A € M(N) be a matrix-valued function with A(0) = 0. Then, A™ (k) = 0,
forall k, n € Nwith k < n.

Proof. By (1.48) and (1.49) we get that

ApsooxAp= > Ay(kr) - An(kn) Epy i, - (1.54)
k1,...kn=0
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Consequently,
K1, kn=0

Since by assumption A(0) = O, if at least one of k; is null, then the corresponding matrix coeffi-
cient will be also null. We conclude that

[0.9]
A = N A(ky) - A(kn) By ot (1.56)
ki, kn=1
and consequently the matrix coefficient of Ej are null for £ < n. O

Remark 1.13. As an immediate consequence of the above lemma we get that for any fixed k, the
matrix valued sequence A™ (k) is eventually null. Additionally, the matrix valued function which
results from the series A™M) s well defined, since each term is actually a finite sum.

Definition 1.7. Let A € M(N). If there exists a matrix valued function B € M(N) such that
Ax B = Ej, (1.57)

then B is called the right convolutional inverse of A (right inverse of A in the convolution sense)
and it is denoted by Ag_l). If there exists a matrix valued function C € M(N) such that

C x A = Ey, (1.58)

then C' is called the left convolutional inverse of A (left inverse of A in the convolution sense) and
it is denoted by Al(fl). It is easy to see that if both Ay(fl) and Al(fl) exist, then they necessarily
coincide. Then, there exists a necessarily unique B € M(N) such that

AxB=BxA=Ey, (1.59)
it is called the convolutional inverse of A and denoted by AGD,
The inverse of A does not always exist. For example, denote the matrix-valued function
A(k)=C*1 keN,
where C' is a nilpotent matrix of a finite index. For k = 0 we have to solve the equation
[B x A](0) = B(0)A(0) = B(0) C' = Ey(0) = L.

Since C' has been assumed to be nilpotent then it is a singular matrix and consequently there exists
no solution.

Theorem 1.2. Let A € M (N) be a matrix-valued function. The convolutional inverse A=) exists
if and only if A(0) is non-singular and is given by the following relation

ACY = (A)™ fj(Eo—Ao))(m)] S - ap™]| (a0 (1.60)
m=0 m=0

Ao(k) = A(k)(A0)", k€N,
As(k) = (A(0) YAk), keN.
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Additionally, each term A—Y) (k) in (1.61) can be represented as a finite sum and is given by

k k
AT (k) = (A(0) Z(Evo)(m)(k:)] = | 3" (Bo — 45 ™ (k)| (A(0)™" (161
m=0 m=0
_ I Ry m 4 (m)
ACDR) = (A®0) n;]<m+1>(_1) A (k) (1.62)
- k+1 m gx(m) -1
= |2 () e | o). (1.63)

Proof. We prove that the middle-side of (1.61) holds. The corresponding for the right-side can be
proven similarly.

First, the comments after Definition 1.7 imply that for a matrix-valued function A € R where
A(0) forms a singular matrix, there is no B € R4 satisfying (1.59). Then, it suffices to show that
the inverse exists if A(0) is non-singular. To obtain the desired form, without loss of generality we
assume that A(0) = I, and consequently it suffices to prove that

ACD =N (B — A)™), (1.64)

m=0

because in the general case we have A = Ay A(0) and since Ay(0) = I we can easily get that

if the result holds for A(()_l), then ACD = (A(0))~* A(O_l). In order to prove (1.64) it suffices
to prove that the convolutions between A and the righthand member of (1.64) satisfy the left and
middle side of (1.59). Indeed, since Ey— A(0) = 05 then the condition of Remark (1.13) is satisfied
and consequently we have

(Z(Eo - A)““)) x A = <Z<Eo —A><m>) % [Eo — (Eo — A)]

m=0 m=0
- Z(EO — A)m) Z(EO — A)(m+D)
m=0 m=0
= (Ey— A = E,.

The middle member of (1.59) is proven similarly. Additionally, since Fy — A(0) = 05 by Lemma
1.3 we have that (Ey — A)(™) (k) = 0, for all k& < m, and consequently (1.60) holds. Also, by
using Corollary 1.2, we can reform (1.60) as

k m k k
ADE) = 3OS )A%m) = D030 () a0
m=0 [=0 =0 m=l
k k k
> (1) a0 (n;(l)) DU (m+1) (k)

Remark 1.14. We denote by R}, the set of matrix-valued functions which on 0 are non-singular
matrices. From Theorem 1.60, we get that the pair (R, *) is a (non-abelian) Group.

Next, we introduce the convolutional extension of the determinant and the adjugate of a given
matrix-valued function in order to give an alternative representation of the convolutional inverse.
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Our motivations arises from N. Limnios and G. Oprisan. ([17]) in which they wrote about the
determinant in the convolutional sense. Here, we extend this idea carefully and we give some
important properties of it and proving the link between the convolutional inverses for real and
matrix sequences.

First, a scalar convolution between a real and a matrix sequence will be useful for the develop-
ment of the theory and is given as follows

Definition 1.8. Let A = («;j) € Ry and f € R. The scalar convolution of f and A is given as

frA=(f*aij); jep = (i *f)jep=Ax].

Let A be a 2 x 2 matrix-valued function. The real valued function det(A) is said to be the
convolutional determinant of A given by

det(A) = (V11 * x99 — (X192 * (X271.
This function for a 3 x 3 matrix valued function A is defined in a similar way
det(A) = (1) ay; x det (A;j), forafixed j € {1,2,3},
=)

where det(A);; is the convolutional determinant of a 2 x 2 matrix valued function which is created
by exclunding the i-th row and j-th column entry of A.

In the general case, the convolutional determinant of a s x s matrix-valued function A is defined
recursively

det(A) = Z(—l)”jaij * det (A;j), forafixed j € E,
(1S

where det(A);; is the convolutional determninant of the (s — 1) x (s — 1) matrix sequence which
is created by exclunding the ¢-th row and j-th column entry of A.

Remark 1.15. It is straightforward to notice that the convolutional determinant of A on zero is the
usual determinant of A(0).

In the following definition we introduce the adjugate of a matrix-valued function

Definition 1.9. Let A € Rpq. The convolutional adjugate A denoted by adj(A is the sequence of

matrices given by o
ad](A)Zj = (—1)Z+Jd€t (A]z) y

where det (Aj;) is the convolutional determinant of A excluding the j — th row and i — th column.
Some useful properties of det ar given in the following proposition.

Proposition 1.14. For any A, B € Ryq and f € R we get

det(Eo) = €y, (165)
det(Ax B) = det(A)*det(B), (1.66)
det (A(")) = det(A)™, (1.67)
det(f«A) = f© xdet(A). (1.68)

Furthermore, if A has two identical rows, then det(A) = 0.

In the following Theorem we show an alternative form of the convolutional inverse for a given
matrix-valued function.
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Theorem 1.3. Let A € Ry The convolutional inverse AV exists if and only if A(0) is a
nonsingular matrix and is given by

AY = det(A) Y % adj(A). (1.69)

Proof. First, it’s direct to show that the desired relation holds if and only if the convolutional inverse
of det(A) exists. From Theorem 1.60 we have that a matrix valued function has a convolutional
inverse if and only if det(A) is a real function which has a convolutional inverse. Indeed, for k = 0
we have that A(0) is nonsingular iff its determinant is zero. The latter means that det (A(0)) # 0
and consequently det(A) has a convolutional inverse.

In order to give (1.69) we need to show that

Axadj(A) = det(A) x Ey = adj * A. (1.70)
Leti,j € E. If these elements are equal we have

det(A) = Ajpxdet(A)jy =Y (=1)"H Ajy x adj(A)y;. (1.71)

rek rek

Next, assume 7, j be two distinct elements of £ and B be a sequence of matrices obtained by
replacing row j of A with row i of A. Then, Proposition 1.14 gives

O=det(B) = Y (~1)V"Bj, xdet(B)jr = Y (—1)7" Ajy x det(A);,
rek rek

= > Ay *adj(A)jr. (1.72)

rek

Consequently, by combining (1.71) and (1.72) we get directly

det(A) if i5j
0 otherwise

Z Ajp % adj(A)jr =
rek

and thus the left-hand member of (1.70) holds.
The ride-side of (1.70) can be proven similarly. O

Remark 1.16. Equation (1.69) gives an important relation between the forms of the convolutional
inverses for real and matrix sequences.

In the following proposition we give a recurrent way to compute the convolutional inverse of
a given matrix valued function. The proof is given by Barbu and Limnios (2008) [4] in which
compute the left inverse of a sequence of matrices. Furthermore, we give an alternative way to
compute the convolutional inverse using the corresponding right convolutional inverse.

Proposition 1.15. Let A € R},,. Its convolutional inverse is computed recursively as follows:

(A(0)~! if k=0
A (k) = k (1.73)
(A(o)~! [— S ATk —1DAQ)|  otherwise.
=1
Furthermore, for any k € IN* the convolutional inverse can be also computed by
-1
AT (k) = [— > A=AV ] (A@0) (1.74)
=0
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Proof. For k=0, we get

For k # 0, we have Eo(k)= 0, and the convolution of A and A~) can be written as

k
[A(—D . A] (k) = AV (K)A0) + 3" AT (k — A1)
=1

Since the matrix-valued function A(—1) is the convolutional inverse of A, we have
k
ACY(R)AO0) + > ATY (K — 1) A1) =0,
=1

and we obtained the desired form. O

Definition 1.10. Let A € M(N). The matrix valued function

oo
1
exp(A) = Z HA(”), n € N,

n=0
is called the matrix exponential function of A.

Remark 1.17. Let A € M (N) with A(0) = Os. Then by Remark 1.13, we get directly that the
associated matrix exponential function exp(A) is written as a finite sum and so is well defined.

In the following proposition we give some elementary properties of the matrix exponential
function.

Proposition 1.16. Letr A, B € Ms(N), n € Z and C € Ms. The following properties hold,
whenever exp(A), exp(B) are both well defined.

exp (05) = Eb,
exp (Ey) = e Ep,
exp(C-Ey) = € E,
exp (A") = exp(4)',
exp(A+ B) = exp(A)xexp(B), forAxB=BxA,
(exp(4)™ = exp(nA),
(

(exp(A)TY = exp(—A).

Proposition 1.17. Let A € M(N). Then, the matrix exponential function exp (A) is always well
defined and each term exp (A)(k) is given by

ko4t
exp (A) (k) = e . (Z W) , keN, (1.75)

n=0

where

Ay (k)= A(k+1), keN.
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Proof. Since A = (A — A(0) - Ey) + A(0) - Ep, then any A can be expressed as a sum of two
sequences of matrices for which the associated matrix exponential function is well defined (see
Remark 1.17) and their convolution is commutative. Hence, from the previous proposition we have

exp (4) = exp (A~ A(0) - Eo) + A(0) - Ep) = exp (A — A(0) - Eo) * exp (A(0) - Eo)
O (By x exp (A — A(0) - Ey)) = e - exp ((A — A(0) - Ep).

Therefore, we obtain that the matrix exponential function is well defined for any sequence of ma-
trices A and each term exp (A)(k) can be written as

k

emmAxmzqﬁ@_<§:@4_AW*EMWN“>, keN. (1.76)

n!
n=0

Additional, since (f — f(0) - eg) (0) = 0, we have that the following relation holds for any k, n €
N with k > n,

(A= 40)-E)™ (k) = > Al)Al) = D Al =1 Al - 1)
Lo tlo=k Lt tln=k
Uyl >1 Uyl >1
= Y A Alln) = AV (k).
l1+---+ln:k‘—n
Consequently, from the previous observation and (1.76) we obtain the desired result. O

4. Applications

In this section we give some applications of the convolutional inverse of a given real or matrix-
valued function. We show an equality for a complex sum using the properties of the convolutional
inverse in terms of real sequences.

Example 1.15. We will show the following form

k k1) [1 L #k=0,
(—1)l< M ]z 1 ifk=1,
; 141 )|k 0 ko2

From Example 1.8, the unitary function 1 can be determined by
10D = ¢g — ey 2 (1,-1,0,...).
This implies that
1Yoy =1, 1Y) =-1, 16Y%k) =0, k> 2. (1.77)

Furthermore, by combining Propositions 1.1 and 1.5 we get directly

k

16D (k) = Z(—nl(fif) m keN,

=0
and consequently (1.77) gives the desired result.

Example 1.16. Let us consider a 2 x 2 sequence of matrices A € Ms(N) with

A:(H).
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Let us assume also that det(A)(0) # 0. Then, the convolutional inverse of A exists and is given by
ATY = det(A) Y « adj(A).
The convolutional determinant of A is the function
det(A) = fxw—gx*h,

and the convolutional adjugate is the matrix valued function

adj(A) = ( u )

Consequently, the sequence of matrices A=Y is represented by

ACD = det(A) 1)*ad](

= (fxw—g*h) )(w )

_ ((f*w gxh) D xw (f*w g*h)= 1)*g>
(fxw—gsxh)Ysh (frw—gxh)Dxf

From the above we get directly that any entry of A"V can be written as

50 = (5 (i) (1) ) s

n=0

(k), keN.

The following example represents a famous application of convolution in the theory of distribu-
tions. More specifically, we study the distribution of a sum of i.i.d random variables which follow
well known distributions. Furthermore, we obtain the generating function of each random variable
by using the isomorphism between the real sequence and powerseries.

Example 1.17. (i) Let (X,,)n>1 be an i.i.d sequence such that X; ~ Poisson(\;) with pmf

_AAk
fl(k): ‘ kO k € N.

Then, any f; can be represented as

L ek o= (\ice (k)
fi:kz e ) = g kz( V7 exp (—Ai - €) * exp (A; - e1)
=0 =0

= exp(Ai-(e1 —eo))

Let also define the random variable Sy, = _, Xi, n € Nwith pmf f. Then, from Example
1.6 we have

F=(feenfa) = exp(h-(er—eo)) - exp (A - (€1 — €0))

= exp ZA (e1 —eo)
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(iid)

and consequently we get directly that
n
Sy ~ Poisson Z Aj
=1
Furthermore, if we assume also that X; have the same distribution (i.e \; = X for any 1) then

Sy ~ Poisson (n - \).

Let us consider an i.i.d sequence (X )n>1 with X, ~ Geo(p) for any n € N. Then, the
associated pmf f is given by

Then, f can be rewritten as

F=p-pFe®=p> (1-p)-e)® = p> (eg—(eo—(1—p)-er))™
k=0 =

k=0

Then the sequence (Sy,)n>1 denoted by S, = >, X follows the Negative binomial distri-
bution with size n and parameter p and its pmf f () i given by

F =p (e — (1—p)-en) ™.

Since any sequence f can be represented as a powereseries then from (i) and (ii) we get
directly that the associated generating functions

exp(A-(e1 —ep)) = MY, (1.78)
len—(1—p)-en) o~ P

of the Poisson and Geometric distribution respectively.

In the following table we give the pmf and generating function of some well known distribu-
tions which are obtained in a similar way as previously.

List of distributions
Distribution of X pmf generating function
Poisson(\) exp (A - (e1 —ep)) M=)
Bernoulli(p) p-eo+(1—p)-e; p+(1—px
Binomial(N,p) (p-eo+ (1=p)-e))™ (p+ (1= p)a)"
Geom(p) p-(eo—(1—p)- el)(_l) (17(1’%}7)@
Negbin(n, p) P (eg— (1—p)-er) ™ (md'%p)@)n
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Chapter 2

RENEWAL CHAINS

1. Introduction

In this chapter we study renewal chains. The random system is also allowed to record multiple
renewals at the same time. This implies that, the interarrival time of two successive arrival times are
possible to be null. Our motivation is derived from another project in which we will use systems
with this characteristic.

In classical renewal theory, the interrarival time is assumed to be strictly positive. So, in many
applications, the arrival time describes single events. For example, in a system which counts the
number of an engine’s failures, the arrival time is presented as the time that this engine fails and the
interrarival time represents the engine’s lifetime between two failures.

We use the theory of convolutions in order to give new representations of important quantities
and give alternative proofs. In addition, we generalize well known results of the usual renewal
chain.

The renewal chain is very important for the development of the theory because we will need
it to construct the theory of the Markov renewal chains. More specifically, we can make proper
subsystems in which we can study as renewal chains.

In the next section we introduce the renewal chain, its delayed edition, the counting process and
some other useful quantities. Furthermore, we give a unique solution for the renewal equation. The
final section includes some asymptotic results in terms of renewal chains and the corresponding
results in renewal theory are given as particular cases.

2. Discrete renewal theory

Let (X,,)n>1 be a sequence of i.i.d nonnegative integer-valued random variables with distribu-
tion F' and probability mass function f. The random variable X, will represent the n-th interarrival
time of an arrival process (S, )n>1 corresponding to the realization of a recurrent event. As initial
conditions we take Xy = 0 = Sp. Of course, the relation S,, = Y _;_, X}, holds forn € N.

Definition 2.1. An arrival time sequence (Sy,)nen for which the waiting times (X,,),>1 form an
i.i.d sequence of nonnegative integer-valued random variables is called a discrete time renewal
chain and every S, is called a discrete renewal time.

In the rest of theory, we refer to (.S, )nen simply as a renewal chain.

In the sequel, we will see many results in which f(0) plays an active role and so with the
assumption that f(0) = 0 we get directly the corresponding results in the classical renewal theory.
Also, we will accept the case that f(0) is different from 1 and consequently the convolutional
inverse of (eg — f) always exists.

Remark 2.1. If f(0) = 0, then (Sy,)nen corresponds to a usual renewal chain.

In the following figure we give a possible sample path of a renewal chain.
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FIGURE 2.1: Renewal chain

It corresponds to a realisation, where Xg = 0, X1 = 0, Xo = 2, X3 = Xy = 0, X5 = 1,
Xg = 0and X, = 3. Also, for the corresponding renewal chain we have S = 51 = 0, S5 = S3 =
54 :2,55 :SG =3 andS7:6.

In the development of the theory, we will need to determine an important distinction between dif-
ferent types of renewal chains.

Definition 2.2. A renewal chain (Sy,)nen is called

e recurrent if
]P)(Xl < OO) =1,

e transient if
P(X: <o0) < 1.

In the sequel, we will mainly focus on recurrent renewal chains.
Let us now denote by i := E(X7) and 02 := V(X7) if the latter is well defined (1 < 00).

Definition 2.3. A recurrent renewal chain (Sy,)nen is called

e positive recurrent if
H < 00,

o null recurrent if
= 00.

Definition 2.4. Let (S),)nen be a recurrent renewal chain and
d:= max{l e N*: Zf(kl) = 1}.
k=0

If d > 1, then (S,,) is called periodic with period d or d-periodic, otherwise (d = 1), it is called
aperiodic.

Remark 2.2. Since for a d-periodic renewal chain the probability mass function of X, is concen-
tracted on the multiples of d, we get directly that

f(k)=0, fork #£ 0 (mod d).

In the development of the theory a fundamental role will be played by the sequence of random
variables (Z,)nen, Where

- Zn{sk:n}. (2.1)
k=0

The r.v Z,, corresponds to the number of renewals that take place at time n. We also denote by

u the sequence
u(n) =P(Z, > 1). (2.2)

and we call it renewal probability. Notice that since Xy = 0, we have u(0) = 1.



2.. Discrete renewal theory 31

Remark 2.3. In case that f(0) = 0, the sequence (S})icn is strictly increasing and then (Z,,) is
such that Z,, € {0,1} and Zy = 1. In this case, we also have u(n) = P(Z,, = 1).

Remark 2.4. From Remark 2.3 we get that each Z, is almost surely zero for any n which is not a
multiple of d. As a consequence of that, we get

u(n) =0, n#0 (modd).

In order to obtain easily the desired results we will need the sequence (X'),>1 which is born

by the left-truncated distribution of each (X,,),>1 at zero with f(0) # 1ie. X* 4 (XX > 0).

This implies that, the pmf of each X}, denoted by f,, is given by

f (k)

fo(k) =P(X, =k | X, >0) = 1= F(0)

k e N*. (2.3)

Furthermore, we denote by F, and F, the associated cdf and reliability function of X * respectively,
given by

F(k)

F(k) = [1xf](k)= T/ k € N*, (2.4)
— F
F, = 1—1*1'*:1_7]0(0). (2.5)

We assume also that X§ = 0 and S}, = >";" ; X;". Then, the sequence (S;;)ncn forms a usual
renewal chain with interrarival times with interrarival times (X*), . and is called the associated
usual renewal chain of (S, ), cn. Therefore, by using the sequence (X™*) our inference is based
only on the positive values of X rejecting any zero-time event.

Let us also denote by . = E(X7) and 02 := V(X7) if the latter is well defined. Then, we can
obtain directly that

neN>

M
1—f(0)°

2 _ L (2 SO o
o = 1—f(0)< - /(0) “*)'

Furthermore, equation (2.3) can be rewritten as

Hyx =

f = f=1(0) - e
T1-f(0)
and consequently we can obtain
f=0=5(0) fs+ £(0) - eo. (2.6)

Example 2.1. Let us consider the sequence of r.v’s of Example 1.17 (i) and Xo = 0. Then the
sequence (Sy)nen forms a renewal chain with f(0) # 1 and consequently the associated usual re-
newal chain (S};)nen with interrarival times (X ™), oy is well defined. Furthermore, the associated
pmf f. of each X, can be determined by

e \E

=T k € N*.

f(k)

Furthermore, any S}, follows a distribution with pmf

" F™ (k) e \" (n\)F \
FM (k) = :<1—e_>‘> . keN
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The following proposition gives a relation between f, f, and u via convolution.

Proposition 2.1. Let (S,)nen be a renewal chain. If f(0) # 1, then the sequence of renewal
probabilities u and the pmf f are linked through

u=(eg— f) 7. 2.7)
Proof. Forn =0, we get [f *u](0) = f(0) - u(0) = f(0) since u(0) = 1. Then, we take
w(0) =1 = f(0) + f(0) = (1 = £(0)) - o(0) + [f * u](0).
Let n € N*. Then, by conditioning on the value of the first arrival time S; we obtain
u(n) =P(Z, >1) = > P(Zy > 1S =DP(S1=1) =Y P(Zn > 1)P(S = 1)
=0

1=0
- eo(n)=0
= Y uln = 0f@) = [ +ul(n) “ BT (1= F0) - eoln) + [f  ul(n)
=0
The above decomposition shows that « can be expressed by

u=(1-f(0)) e+ f*u. (2.8)

From (2.8), we get directly:

ux(eg— f)=(1— f(0)) - ep.

Since the inverse of (eg — f) exists (f(0) < 1), we have that

eo— f )(_1) (2.6
)

u= (1= f(0) (oo~ 1) = ( 9 (g — 1)),

1—£(0
O
Remark 2.5. From Proposition 2.1 we get directly the following representations
fo = e—ul"V 2.9)
Fo = 1—-Txu™Y (2.10)
F. 1% uY (2.11)
g = lim [ﬂ@) x u(_l)} (n) 2.12)
n—oo
Let (L(n)),cy be the sequence which represents the expectation of Z,,.
L(n) = E(Z,), n € N. (2.13)

It will be beneficial for our inference to achieve an expression for (L(n)), oy from which we can
have an easier way to compute it. For this purpose, a relation between L and w is given in the
following proposition.

Proposition 2.2. Let (S),)nen be a renewal chain. If f(0) # 1, then the sequences L and u are
linked through
u

L:W.

(2.14)
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Furthermore, L is expressed in the convolutional form
(eo — fo)Y
1—f(0) °

Proof. The random variable Zj depends on the zero-time events at time 0 and to the first jump of
the chain (S),),en. Therefore, we have

L= (2.15)

P(Zo=1) = P(Xo= (X1 =+ = X;_1 = 0,X, > 1) = f(0)"L (1 £(0)), L€ N". (2.16)

Consequently, Zj follows the geometric distribution on N* with parameter p = 1 — f(0). Further-

more, we get
1 w(0)=1 u(0)
E(Zy) = —v = ———.
P =1TTF0 1o 10
For n > 1, if we have the information that Z,, > 1 then this means that at least one renewal takes
place at time n. This is identical to the initial condition that Zy > 1 and consequently we have

d
(Zn|Zn > 1) = Z0>

and thus by (2.16) we have

1

E(ZolZn 2 1) = 155

Therefore, the sequence L can be determined by

u(n) @0 (eo = f)"(n)

L(n) = B(Zn) = BlZn|Zn 2 DP(Zn 2 1) = 7505 = 1= fo)

Remark 2.6. If f(0) = O, then the relation (2.14) can be reformulated as follows
L(n)=u(n)=P(Z,=1), ne N.
In the following examples we give some concrete applications.

Example 2.2. Let us consider the renewal chain of Example 2.1. Then, the associated sequences
of renewal probabilities and expected number of renewals are given by

=3 (755) O

respectively.
In the following definition, we introduce the notion of renewal equation:

Definition 2.5. Let g : N — R be an unknown function and b : N — R be a known one. The
equation
g=b+ fxg, 2.17)

is called discrete time renewal equation.

The existence of a unique solution is given in the following proposition.
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Proposition 2.3. If f(0) # 1, then the renewal equation (2.3) has a unique solution given by

9= % (2.18)
Proof. By using Equations (2.3) and (2.17) we get
greo—f)=b =g=bx(e—f)V.
Then, from Equation (2.7) we get the desired result. O

Remark 2.7. If f(0) = 0, we have the unique solution of the usual renewal equation in discrete
time.

We define the following process
N(n) = ZZk —1= ZZ]I{Sl:k} —-1= Z]I{Szgn} =sup{leN: S5 <n}, (2.19)
k=0 k=0 1=0 =1

which records the number of renewals until the nth period if we exclude the one reffering to Sp = 0.
Since the probability that the interarrival time be zero is positive, we get that P(N (n) = k) for any
k € N. Also, relation (2.19) gives us

P(N(n) > k) = P(S; <n), k,n € N. (2.20)

The following figure represents the sample path of the counting process, which corresponds to the
renewal chain of Figure 2.1.

N(n)

—= N W e ot Oy N @
[ ]
O

o 1 2 3 4

()]
(=]
-~
co

n

FIGURE 2.2: A sample path of counting process

We give here a typical probabilistic proof for the relation between the pmf, cdf and the mean func-
tion of (N(n)),,>0-

Proposition 2.4. For the counting process (N (n)),, cn, we have:
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(1) The sequence of the associated cdfs (F N("))neN is given by
Fk“nﬂk)::l—-F%+10w, n,k € N. 2.21)

(i) The sequence of the associated pmfs ( f N(n))n N is given by
fN(n)(k) = Fk(n) - Fk+1(n)v n,k € N. (2.22)

(#i7) The mean function is determined by
E(N(n)) =) _ Fi(n), neN. (2.23)
k=1

Proof. (i) From Equation (2.20) we get directly
Fymy(k) =P(N(n) <k)=1-P(N(n)>k+1)=1-P(Sk41 <n)=1- Fry1(n).
(7i) First, notice that
{N(n)=k} = {Nn)<Ek}\{N(n)<k-1}, n,keN.

Consequently, we obtain

It (8) = Fyin (k) = Py (k= 1) %2 Bun) - B (n).

(7i7) Since N(n) is a nonnegative integer valued r.v, we directly get

ENm) =3 (1= Fxm®) 7S Fratn) = 3 Fu(n)),
— k=0 k=1

k=0

or by using the definition of /N we can obtain

E(N(n)) =E (Z ]l{SkSn}> = E(Igg,<n}) = > Fi(n).
k=1 pt

k=1
O]
Definition 2.6. The mean function of N (n) is called the renewal function and is denoted by
M(n):=E(N(n)), neN. (2.24)

Also, an other expression of this function can be achieved by the following relation

M:]I*L—]lz]l*(L—eo):]l*(1_1}(0)—60>.

3. Delayed renewal chains

In this section we give a generalization of the class of renewal chains. It is referred to a delayed
observation of a random system when it is happened after the beginning. In that case, we wait for
the residual time of the next event and then we make a renewal chain. More precisely, this time is
assumed to be the beginning of this system and we start to observe its evolution.
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Another reason for which we need this model is that in the general case it’s complicated to make
some random systems with multiple events because we can’t have an event at the O-th period. Let us
first give some definitions and notations. Let (X,,),>1 be a sequence of i.i.d random variables and
let also X be a nonegative r.v independent of (X,),>1, satisfying P(Xy > 0) > 0. We denote by

n

(Sn)nen, the corresponding sequence of arrival times, that is, S, = Z Xk. The chain (S],)nen,
where S/, = S, — Sp, is a renewal chain. Also, notice that =

S, — S _1=(Sn—S0) — (Sn—1— So) = Sp — Sp-1 = X.
Hence, (X,,)n>1 is the sequence of the waiting times for thf? renewal chain (.5),). Furthermore, we
denote by (S} )nen the associated usual renewal chain of (.5;,)nen.

Definition 2.7. An arrival time sequence (Sy)nen for which the waiting times (X, )n>1 form an
i.i.d sequence of nonegative integer-valued random variable and X is independent of (X, )n>1, is
called a delayed renewal chain and every Sy, is called a renewal time. The chain (S),)nen is called
the associated renewal chain which is defined after Remark 2.4.

Remark 2.8. A renewal chain S, is also a delayed renewal chain, assuming that Sy = 0 then we
have S|, = S,,. Therefore, we get directly that the renewal chain is a particular case of the delayed
renewal chain.

In the following figures we present a sample path of a delayed renewal chain with Sy = 1 and
its associated renewal chain respectively.

S s,
8 . 8
P
6 O 6
o

4 4

* L O
2 0 2 e —O

o O
T . T
2 4 6 8 2 4 6 8

FIGURE 2.3: Delayed renewal chain.

The first figure corresponds to a realisation, where Sy = 1, S = 2, So = S35 = 3, 54 = 6,
S5 = 8 and Sg > 8. The latter, corresponds to a realisation which results from the previous one by
subtracting 1 to each S),.

Next, we give some kinds of delayed renewal chains.

Definition 2.8. A delayed renewal chain (Sy,) is called:

1. Periodic with period d > 1 if the associated renewal chain is periodic with period d. Other-
wise, if d = 1 both of them are called periodic.

2. (positive/null) recurrent if this property holds for the associated renewal chain.
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We denote by fj, the probability mass function of X and is said to be the initial distribution of
the delayed renewal chain.
Define the following random variables

Z Lis,=n)
=0
D Lisj=n)-
=0

As v(n) and u(n) we denote the renewal probabilities P(Z,, > 1) and P(Z] > 1) respectively.
Since S, = 0 we get u(0) = 1.

It’s easy to see that (7] ),cn is the corresponding sequence of random variables which records
the number of the events for the nth period in terms of the renewal chain (S),)nen)-

A useful relation between v and w is given in the following proposition:

Proposition 2.5. If f(0) # 1, the sequences of renewal probabilities v and u satisfy
v = fo*u. (2.25)

Proof. Letn € N. By conditioning on Sy, we have

n

=Y P(Z,>1]So=1P(So=1) = Z]P’ L2 DPS=1) =) u(n—1)fo(l).
1=0 1=0

Denote the following sequence
Lp(n) =E(Z,), neN. (2.26)

This sequence is the expected number of the events at time n in terms of the delayed renewal chain.
Below, we give a relation between Lp and the delayed renewal probability v.

_ v ~ Joxu
T T T o) 20

Proposition 2.6. If f(0) # 1, then the sequence of expected renewals L can be determined by

_ fox(eo = f)Y
L= 50

Proof. In a similar way as in Proposition 2.14 we conclude that

(2.28)

(2,17, >1) £ Y, neN,

where Y is the geometric distribution on N* with parameter 1 — f(0). Consequently, we have

E(Z,) = E(Z,|Z, > 1)P(Z), > 1) = % (2.15) W;L](E)";)

O

Remark 2.9. From Remark 2.8, we can easily see that if Xo = 0, then the sequences Z! and Z,,
are coincise. Consequently, for the renewal probabilities u., v, and the sequences L', L coincide.
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In the following proposition we give a necessary and sufficient and condition for a positive
recurrent delayed renewal chain to have constant v

Proposition 2.7. Let (S,)nen be a positive recurrent delayed renewal chain with arrival times
(Xn)nen and p = E(X7) € (0,400). The following are equivalent
(i) v is a constant,

(i) v= -,

(@id) fo= - (1—1xf)=1=
Proof. Since (Sy,)nen is assumed to be positive recurrent we get directly that v > 0.

(1) = (ii) Let ¢ > 0 such that v = ¢ - 1. Then, by using relation (2.5) we have:

fo=v=x uD =c. [1 1 xF,] = c-F.. (2.29)

Since lim [1# fo] (n) =1and lim [1 % Fy] (n) = ., we obtain directly that ¢ = 71*

n—o0 n—o0

(#9) = (i4i) The result is direct by equation (2.29)

(131) = (u4) Since fy = g the sequence v can be written as

1 (= 1 1
v:fo*u:—-(F**F*( 1)*]1>:<>-[11*eo]:-]1.
Mo Hox *

O]

Summarizing the above results, in the following definition we give a particular case of a delayed
renewal chains which satisfies the conditions of Proposition 2.7.

Definition 2.9. Let (Sy,)nen be a delayed renewal chain with p = E(X;) < oo and v = %. This

chain is called a stationary renewal chain and its initial distribution defined by fo = 5—* is called
the stationary distribution of the delayed renewal chain.

4. Asymptotic results

In this section we show some asymptotic results about (delayed or not) renewal chains. We
give the asymptotic behaviour of the counting process /N such as the SLLN and the central limit
theorem. We include also the elementary renewal theorem which refers to the limit of the renewal
function M. Furthermore, we study the convergence of the sequence of renewal probabilities and
expected number of renewals.

First, we admit the following assumption The expectation of any interrarival time is finite.

Proposition 2.8. Let (S,,) be a renewal chain. Then,

(i) Sy RN
n—oo

(¢9) ifit is also recurrent we have
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Proof. (i) Since (Xy),cy is a sequence of iid random variables with E(X1) = p > 0, then by
applying the SLLN we get

Sn a.s
—
n n—oo

Therefore,

Sn a.s
Sp=n— —— 00
n n—oo

(i) Note that (N (n)),,cy is an increasing sequence and thus its limit exists (finite or infinite). Since
N(n) is integer-valued, if it converges to a finite number it will be an eventually constant sequence.
Let us define the following set

A= { lim N(n) < oo} = {N(n) is eventually constant} .

n—oo

In order to show the desired result, we will need to prove that A has probability zero. Also, this set
can be rewritten in the following form

A = {N(n) is eventually constant} = U {N(n) is eventually 1} = U lim inf{N(n) = {}.
1=0 1=0

Additionally, by using the properties of subadditivity and monotonicity of measures we obtain

P(A) = P (Unn%inf{zv(n) :z}) < ZP(liH}Iinf{N(n) :z})

thmf]P’ {N(n thmf (S; <n)) —P(Si41 <n)).

IN

We assumed that S;, is recurrent. For that reason we take:
P(S; <n) = P(Si41 < n) —— P(S; < +00) = P(Si41 < +00) = 0.
n o0

Therefore, P(A) = 0. O
In the sequel, we give some theorems in which we describe the asymptotic behavior of N (n).
Theorem 2.1 (SLLN for counting processes). If (S, )nen is a recurrent renewal chain, then

N(n) a.s l

n n—oo u'
Proof. From the classical SLLN for the i.i.d sequence of random variables (X, )n > 1 we have:

Sn a.s
e

n n—oo

Hence, the combination of the previous proposition and Theorem B.4 gives

SN(n) SN(n)—H a.s
N(n)’ N(n)+1 nooo '

Also, we have

SN(n) n N(n)+1 Snm)+1
Nin) SNm) S Nm) Nm)+1

SNm) En < Symyq1 =
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As N (n) converges to infinity, we have

and we get

Remark 2.10. A direct consequence of the above theorem is the following result

SN(n) a.s

n n—00

1.

Theorem 2.2 (Elementary renewal theorem). For a recurrent renewal chain (Sy,)ncn, we have

M(”) a.s l

n n—0o0 'u'

(2.30)

Proof. In order to prove the desired result, we need to show that the sequence (

formly integrable (Definition B.1). Let p := 1 — f(0).
From the proof of Proposition 2.14 we take
1+ f(0) 2—p

B = op T

and consequently

n 2 n n
B (Zzl> =SB+ Y B(ZZn) < S0 ull) + 5 S E(ZE 4 23)

=0 k#m

_ 2 IS w) + % > {u(k) +u(m)}

p =0 kem
< (2p_2p) <n+1+<n;1>> — (2]:2‘0) <n+1+n(n;1)>.

The combination of the previous inequality and the relation N(n) = >")" 1 Z;—1 < > ', Z; gives

us
" 2
E(N(n)?) <E (ZZ;) <2op) (n+1+n(”2+1)>
=0 p

and consequently the following relation holds

2((M0)) < 5 () = (50)

and is independent of n. Hence, we have

e (%)) =3 (%) <
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N(n)
n
this with the SLLN for counting processes and Theorem B.3, we obtain:

From Proposition B.1 we have that the sequence < ) is uniformly integrable. Combining
n>1

M 1
lim () = —,

n—oo N 7]

O]

Remark 2.11. if f(0) = 0, then we get that % < 1 and from the bounded convergence theorem
we get directly the desired convergence.

Theorem 2.3. Let (Sy,)nen be a positive recurrent renewal chain with p = E(X7) and 0 <
V(X1) = 02 < oo. Then, N is described asymptotically by

\/T <N7i") = ;) — 5 N(0,1).

Proof. Let z € R. In order to show the desired result we need to prove the following limiting

relation:
3
IP’( /n,tg <N(n)_1) §$> n—s00 (x),
o n I

where ® is the distribution function of the standard Normal distribution. Then,

[ 1-2)20) - o(oos3 )

where [z] is the integer part of the real number x. Set &,, = [% + x4/ ”/%2} . For large n we have the
following approximations

¢ no?
n —a
113

[no?
\/ﬁ
o

+x

)

=13

U@NJ

Thus, as n — oo we conclude that
n—&npt -
ovén

Using the CLT for the sequence (X,,),>1 and the symmetry of the Normal distribution we have

P( mf<N“”_1>gx> = P(N(n) < &) = P(Se, > n)

o n 1
- P an_fmuznfén,u
ov/én ov/&n

> ~1— B(—z) = B(z).
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Remark 2.12. The CLT for counting processes gives us an alternative way to show the correspond-
ing WLLN.

Theorem 2.4 (renewal theorem). Let (S, )nen be a recurrent renewal chain, then:

(4)

(i)

if it is aperiodic we have:

if it is periodic of period d > 1 we have:

d
u(dn) —— =,
n—00 [y

and

u(n) =0, Yne{leN|l#£0(modd)}.

The first proof is based on the coupling technique. It is a generalization of the proofin [15].
The difference is identified in the possibility of a zero-time event. The latter doesn’t admit
some properties which exist in a system with time jumps such as the positive reucrrence of a
Markov chain. So this problem is solved using different conditions and properties.

Coupling tecnhique. Let (R,)nen be the stationary b-renewal chain associated to the b-
renewal chain (.S, ),en, with interarrival times (Y},)nen for which we have:

X, 2Y,, n>1.
Also, we take
P(X7¥
}P’(Rozn):(zm, n e N.

Define the chain (U, ),en Which is expressed by

U = Xo—Yo=-Y

Un = Sn_Rn: n—1+(Xn_Yn)7n21-

Obviously, the chain (U,, — Up)pen forms a Markov Chain.

As N we describe the first time when the chains (.S,,)nen and (Ry,)nen have the same re-
newals, i.e.
N=inf{le N: U, = Up}.

As E(X; — Y1) = 0, we obtain that the Markov Chain (U,, — Up)nen implies the condition
of Theorem C.2 and consequently is recurrent. This satisfies that

P(N < o0) =1.

For any n € N, define the following sets

N—-1 e
A= Utsi=n} Af=URyiSi=n} A, =S =n},
1=0 1=0

N—-1

B, = | J{Ri=n}, Bf =UZy{Ri=n}, B,=|J{Ri=n}
=0 =0
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Consequently, we get for n >N that the rv’s S,, and R,, have the same distribution. Hence,
the events A} and B, have equal probabilities.

Therefore,

un) = P(Z,>1) = P(A,) = B((AF U A;) = B(A}) + B(4;) - P(A] N A7)
= B(B})+P(4;) — P(A N A7) = P(B, \ By) + P(4;) — P(4f N A7)

n

= P(Bn) —P(B,\ B) +P(4,) —P(A; N A,).

Since (R, )nen is a stationary b-renewal chain then from Definition 2.9 we infer that

As aresult of P(N < co) = 1 and the recurrence of (.S, ),cn We have:

P(A;) < P(Sy >n) —— 0

n—oo
and consequently
P(AS N A,) <P(4,) —— 0.

n—oo

In a similar way we obtain

P(B,\ B) <P(B;) —— 0.

n—oo

and thus, we get
lim u(n) = —.
n—00 Mo
O
The following is based on the relation F, x w = 1 and an analogous proof is given by [12].

Convolutional . From F, * u = 1 we have

(OO F*<k>e§’“>> : (iume&‘“’) = iumeﬁ’“,
0

and if we use the isomorphism in Proposition 1.3 we will get that

k=0 k=0 k=0

Therefore, for any x € (—1, 1) we can easily obtain that

(o) (Foe) = o=
S

(1) ( » ) I S 231
k=0 Zf*(k)xk
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The left-hand member of (2.31) can be rewritten as

o (St) - S S

k=0 k=0 k=0
= u(0)+ Z u(k)zh — Z u(k —1)a*
k=1 k=1
= 1+ (u(k) —u(k—1))2"
k=1

Since > po g F«(k) = p < oo, then from Abel’s theorem (Theorem D.1) we have

li Fo.k)z" =Y F.(k) = p,
mg{l_kzo (k)z kzo (k) = p

and consequently from the above we conclude that

1+Z(u(k:)fu(k71)) _ ; .
k=1
L i o) ) = L
nlggo“(”) = 2L

(i1) Proof. Define the sequence (X/,)nen as

X == neN.

d

Since X, € d-N then (X),en forms a sequence of i.i.d random variables defined on N with
probability mass function f; and expected values 14 given by

fa(k) = P(X| = k) = P(X; = dk) = f(dk), k€N (2.32)

and

pa =B(X]) = —— =

E(X1) u
d d

Also, define
n
Sh=> X
1=0

and obviously we have

The sequence (S],)nen forms an aperiodic renewal chain with waiting times (X/,),>; and
mean time (g = %. From (2.32), we have that the corresponding sequence of renewal proba-
bilities ug4 is given by ug4(n) = u(dn). Thus, from (i) we obtain

u(dn) = ug(n) —— 2SO 4 _d

n—oo /’Ld
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O]

The difference between the proof with convolutions and this in [12] is that we had already
proven that the genereting function of the reliability function has no zero values on (—1, 1), since
F, *u = 1. The latter arises from the fact that we used convolutional techniques such as the
existence of the convolutional inverse. In [12] the proof starts from (2.8) using generating functions
without convolutional properties and representations. Ultimately, these proofs are crossed in the
end with different starting points.

Remark 2.13. An alternative proof of the elementary renewal theorem is born via renewal theorem.
Indeed, since u converges to [, then its average converges also to .. Consequently,

M(n) 1 [1xul(n) 1 1 11

n 1= n mme 1-f0) w4
In the aperiodic case we obtain similarly that

M(dn) _  d

n n—00 Iu'
The following is a direct consequence of the renewal theorem.
Corollary 2.1. Let (Sy,)nen be a recurrent renewal chain, then:

(1) if it is aperiodic, we have:

L(n) —— —
n—co 4

(ii) if it is aperiodic of period d > 1 we have

d
L(dn) — 2.
n—oo Iu,

and
L(n) =0, forallne{leN|l#0 (modd)}.
Remark 2.14. If f(0)=0, then we take the usual renewal theorem.

As a result of the renewal theorem, we have the following theorem.

Theorem 2.5 (Key renewal theorem). Let (Sy,)nen be a recurrent renewal chain and a real se-
quence (fo(n))nen with Y o2 o | fo(n)] < oo then:

() ifitis aperiodic we have:
1 o
[foxul(n) —— — > fo(n) (2.33)
0

lim
n—+00 n—00 [y
n—

(13) ifit is periodic of period d > 1, then for any positive integer | € [0,d-1], we have:

fox ul(l+nd) —— L. (2.34)

n—00 [y

Proof. (i) From the renewal theorem we get

1
lim u(n—1)=—.
n—oo M*
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Since u(n) < 1, we get

‘fO(l)u(n_l)‘ < ’fO(D‘? Vi=0,...,n

Then

S 1 fouln =] <37 [fo(l)] < oo
=0

=0
Thus, the dominated convergence theorem for sequences (Theorem D.2) gives us:

o0

Tim [foxul(n) = Y lim fo(l)u(n —1) Zfo

(7i) For any positive integer n we have

l+nd
[fo*u](l +nd) = Zfo u(l + nd — k).

Since S, is periodic of period d > 1, we have
u(l+nd—k)>0 = I =k (mod d).
Therefore,

[fo * u](l 4+ nd) = Zfol+dn— k))u(kd)

and in a similar way as (i) we conclude the desired result.

Now, we can give a corresponding renewal theorem for a delayed recurrent renewal chain.

Theorem 2.6. [ Renewal theorem for delayed renewal chains]

Let (Sy,)nen be a delayed recurrent renewal chain with initial distribution fo. Then
1. In the case of aperiodicity
1
v(n) —— — Y fo(n) (2.35)
*

2. In the case of periodicity of period d > 1, we have

v(l 4 nd) —— — Zfol+nd)

n=
for any integer 1 € [0,d — 1).

Proof. From Proposition 2.5 we have:
v(n) = [fo * u)( ng u(n—1), n e N.

Consequently, both of these results are considered as applications of the key renewal theorem. [

The following sequence is a consequence by the combination of Proposition 2.14 and Theorem
2.6. Let (S),)nen be a delayed recurrent renewal chain with initial distribution fy. Then,
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1. in the aperiodic case we have

1
Lo(m) o > foln) (2.36)
n=0
2. in the periodic case of period d > 1, we have
d oo
Lp(l+nd) —— =" fo(l + nd) (2.37)

n—00
/inzo

for any integer 1 € [0,d — 1).

5. Examples

In this section we give some applications. First, We give a usual parametric renewal chain and
its asymptotic results. Furthermore, we show some useful results for two important processes. The
following example summarizes the main results of this chapter for a renewal chain with Poisson
interrarival times and studies the convergence of the sequence of renewal probabilities for different
rates.

Example 2.3. Let (X,,>1) be a sequence of i.i.d random variables which follow the Poisson distri-
bution with rate A € (0,00), pmf

—AAk
fk) ==, keN,

expectation and variance

So the function L is expressed as

u(n)  __u(n)

L) =10 ~ 1= e

n € N.

From the SLLN for counting processes and the elementary renewal theorem we have

N(n) 1 M(n) 1

n n—oo A\ n n—oo  \

respectively.
Furthermore, Theorem 2.3 gives us

(51 (o)

From renewal theorem, we have

and consequently

1
Ln) =2 3

In the following figure we summarize values of renewal probability and function L until time 20 for
different rates
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FIGURE 2.4: Plots of v and L until time 20.

From the above figure we can easily see that the corresponding rate of convergence for the se-
quences u and L decreases as the rate \ increases.

Next, we give the corresponding backward and residual times for a renewal chain and we study
their asymptotic properties which will be used in the sequel.

Example 2.4. Let (X,,)n>1 be a sequence of i.i.d nonnegative integer valued rv’s with Xy = 0.
Also, set
Un :n_SN(n)v R, = SN(”)-l-l -n

For an arbitrary © € N, denote the following sequences
pe(n) =PU, > x), gz(n)=P(R,>=x), ze&N.

The function g, can be rewritten as

9o(n) = P(Ry > 2) = Y P(Ry > z|S1 = 1) f (),
=0
where
0 fl—n<z, l>n
PR, >z|S1=10)=< 1 fl—n>z,1l>n

g(n—1) otherwise.

and we have

ge(n) = Y fD)+ Y geln=Df() = Flz+n+1)+ g, * fl(n) := Fo(n) + [ * fl(n).
=0

l=n+zx

This relation forms a renewal equation and thus, from Proposition 2.3 we have

Also, notice that
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Then, the condition of key renewal theorem is satisfied and consequently we have

1 = e P
gu(n) = 1—7f(0)[u* Fy](n) oo l ;1
1 gul) —— 20T,

Therefore, the sequence of r.v’s (Ry)nen converges in law to a random variable with distribution

function
> T G F(l
Joo() = =0 17 ()7 x € N.

Furthermore, the sequence (Up,)nen is studied under the following relation
Un >} = {n—5Sym >z} ={Snm <n-—-2}={N(n) <N(n -z}
= {N(TL) < N(?’L — l’) + 1} = {n < SN(n—:v)+1} = {TL —r < SN(n—a:)—l—l - ZL'}
= {2 <Snmn-a)+1 — (n—2)} = {Ry—z > T}.

Hence, the limiting distribution of U, is

T F(
1— lim py(n)=1— lim gz(n—z)=1— lim g,(m) 2izo F'( )
n—oo n—oo m—0o0 m—0o0 M
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Chapter 3

MARKOV RENEWAL THEORY

1. Introduction

In this chapter we introduce the discrete-time Markov renewal theory and we study its proba-
bilistic properties. We use elements of convolutional theory in order to achieve more convenient
representations for well known sequences and quantities. Furthermore, we give some alternative
proofs for well known theorems in order to avoid classic techniques and methods of renewal theory
such as the Markov renewal theorem. Some famous results of Markov renewal theory are given in
order to make a well organized chapter.

The structure of this chapter is as follows: In the next section we introduce the notion of discrete-
time Markov renewal and semi-Markov chains and obtain the unique solution for the discrete-time
Markov renewal equation. In section 3, we give the associated asymptotic results for this class of
stochastic processes and in the last section we present some concrete examples.

2. Markov Renewal theory

Here, we give the theory of Markov renewal chains. We introduce the semi-Markov kernel, the
Markov -Renewal chain and we give the unique solution for the Markov renewal equation. Also,
we study some kinds of Markov renewal chains and their probabilistic properties.

In order to introduce the Markov renewal chains we will need some definitions. Consider a
random system with finite state space £ = {1,..., s}. We assume that the system is evolving with
jumps in time and a chain (.J,,) records the successively visited states. The interarrival jump times
are recorded by the sequence of strictly positive integer-valued random variables (X;,),>1 € N and
X = 0. Denote by .S, the sequence of partial sums of (X, )nen, ie. Sp = 5 Xp.

Below, we introduce the notion of semi-Markov kernel.

Definition 3.1. A matrix valued-function q = (g;j(k)) € My(N) is said to be a discrete time
semi-Markov kernel, if it satisfies the following conditions:

(’L) qij(k) >0, i,j cE keN,
(i1) ¢i;(0)=0,1, j € E,
(iid) > jep dopeo @ij(k) =1L i € E.

In the development of the theory we assume that ¢;;(k) = 0 for any state i because we will
study systems in which the direct transitions are possible only between different states.

Definition 3.2. The chain (J,S) := (Jn, Sn)nen is said to be a Markov-renewal chain (MRC) if
foralln € N, 1,5 € E and k € N it satisfies almost surely

P(Jn—i-l = j7 Sn+1 - Sn = k‘JO:nv SO:n) = P(Jn—i-l - jv Sn+1 - Sn = k‘Jn)
Furthermore, if the above equation is independent of n, then (J, S) is said to be homogeneous and
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Remark 3.1. The process (J,S) is a homogeneous Markov chain and its transition matrix is deter-
mined by the semi-Markov kernel.

Remark 3.2. We can also define p;j = > v qij (k). Then, the matrix p = (p;j); jer is a Markov
transition matrix.

Proposition 3.1. Let (J,.S) a MRC and q the associated semi-Markov kernel. Then, the processes
(J,S), (J,X) and J are Markov chains with transition probabilities

P(Jn—H = j, Sn+1 =Sy + k‘Jn = i, Sn = Sn) = qij(k) (3.1
P(Jni1 = j Xnr = KlJy =1, X0 = K) = qii(K) (32)
P(Juir = jlJn=1) = pi. (33)

The process J is a Markov chain, called the embedded Markov chain associated to the MRC (J, S).
Its associated transition matrix is given by p (Remark 3.2).

Example 3.1. Let us consider a Markov renewal chain (J, S) with associated semi-Markov kernel

_ (0 f
= () 7).

where f and g are two probability functions with support on N*. Then, J is a Markov chain and its
transition probabilities are given by the identity matrix I5.

Assumption 3.1. The embedded Markov chain J is irreducible and aperiodic and its stationary
distribution is given by the stochastic vector T*.

Remark 3.3. For the embedded Markov chain J we denote by pj;, and u;fl, with | # j the mean
recurrence time in state | and the passage time in state l, starting from a state j, respectively.
Furthermore, if Assumption 3.1 holds, then by classical results on Markov chain theory, we have

S
Hjj = -
J

In the development of the theory a fundamental role will be played by the sequence of matrices
Ey — ¢ and in the following proposition we examine the existence and form of its convolutional
inverse.

Proposition 3.2. The convolutional inverse of the matrix-valued function Ey — q exists and is given
by

(Bo—q) =) q™. (3.4)

n>0

Proof. Since ¢(0) is assumed to be the null matrix then [Ey — ¢](0) = I and consequently the con-
volutional inverse of the sequence of matrices Ey — ¢ exists because of Theorem 1.2. Furthermore,
from Equation (1.60) we get directly that

(Bo—q) ™) =" (Bo— (Bo— )" = ™.
n>0 n>0

O]

Example 3.2. A Markov chain with state space E = {1, ..., s} and transition matrixp = (p;;)i jcE
is a special case of a Markov renewal chain with semi Markov kernel

k—1 . « . .
iiDy; - ifk €N andi
qij(k,):{pjp if # J

0, otherwise.
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In the following proposition we give a useful form for the n-th step transition probabilities
(Pi(Jn = jv Sn = k))i,jeE, neN’

Proposition 3.3. Let (J,S) be a Markov renewal chain. The following relation holds for any
1,7 € Fandk,n € N.
P(Jn = j. S = Kl Jo = i) = g} (k). (3.5)

Proof. We show it by induction. For n = 0 we have that the quantity P(.J,, = 4, S, = k|Jo = 7) is
zero for ¢ # j, otherwise is one and thus, from Definition 1.2 we can directly observe that

P(Jo = j, So = kl.Jo = i) = a (k).
Furthermore, assume that for an arbitrary n € N the following relation holds

P(Jy = j, S = klJo = i) = ¢\ (k), keN.

Therefore,
k
Pi(Jn+1=J, Sn41 = k) = D Pi(Jns1 = 4, Snt1 = k[Sp = 1, Jp = 1)Pi(Sn = 1, Jp = 1)
rek [=0
k
= Zpi(t]n—i-l = .jv Sn—H - Sn =k — Z‘Sn - l, Jn = T)qg})(l)
1=0
= Z arj (k= Dl (1)
= Qz(j H)(k)
and by induction we conclude that the desired form holds. O

Remark 3.4. From Proposition 3.3 we get directly that the n-step transition kernel ¢™) represents
the n-step transition probability from (i, k') to (j, k) for the homogeneous Markov Chain (J,S)
since

p(n) ((Zv kl)? (.77 k)) - q'L(j )(k k )

Consequently, the n-step transition probabilities of the embedded Markov chain J are determined

by
Y Z a;

Example 3.3. Let us consider the MRC which is defined in Example 3.1. We compute the inverse
of the sequence of matrices Fy — q using the following ways

1. Using Theorem 1.2

2. Using Theorem 1.3.

1. The n-fold convolutions of ¢ are given by

5)
) if n is odd,

() x o(3)
<f2 * g @O Z) if n is even.
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Then, from (3.4) we have

k (L‘H) (L—l) k (2)
— D (R = 0 fU2)xgle 3 xg
ERRCED vl (PPN TO15 ol (i

2 2|n

. The convolutional determinant of £y — ¢ and its inverse are the real sequences

det(Ey —q) = det (EO

g ;g)f) :eo—f*ga

det(Eg — q)(fl) = (60 — f * g)(*l) — Z f(l) * g(l)
=0

The associated adjugate matrix function is given by

.__a.eo—f_e()f
adj(Ey — q) = adj (g eo>_<g €0>'

Consequently, the inverse (Ey — ¢){~!) can be also expressed by

B =)™ = (- frg V().

g ¢€o
Therefore, any associated element is given as follows

(Eo—q){1" = (eo— fFxg)Y,
(Bo— )5 = (0 — fxg) D xg,

n
2

)

0
F(3) x g

(Bo— )i = (e0 — f )"V % f.
(B — )" = (eo = ).

Remark 3.5. Since q(0) is assumed to be null then from Remark (1.3) we take ¢™ (k) is also null
foranyn,k € Nwithn > k.

The previous result can be also obtained through the following reasoning: Since in k-time units

we cannot have more than k jumps (almost surely) we directly obtain that q(”) (k) =0g, n,k €N
withn > k.

Some other quantities of interest related to a specific state of a MRC are given in the following
definition:

Definition 3.3. Foralli,j € E and k € N, we introduce:
(i) The cumulated semi-Markov kernel Q = (Q(k)) € Mg(N),

Q=Txgq,

where I = I,

(ii) the conditional probability mass function of X, 1, n € N, given by

f”(k‘) = P(Xn+1 = /{ ‘ Jn = i, Jn:l = ]),

(7i1) the conditional distribution function of X1, given by

Fij =1 f,

(iv) the sojourn time probability mass function

hi(k) = P(Xny1 = k|J, = 9),

n
2

)
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(v) the sojourn time cumulative distribution function

HiZ]l*hi,

(vi) the survival function of state i

Hi:]l—Hi:]l—]l*hi,

(vii) the mean sojourn time of state i

m; = lim [1 « H;] (k).

k—o0

It’s easy to notice that the conditional probability mass function satisfy the following relation

q;ii(j)’ lfpl'j > 0,
0, otherwise.

fij(k) =

We can also introduce two kinds of semi-Markov kernels for which f;;(k) is independent from
i or j. This case is satisfied by a sequence of matrices which satisfy the form ¢;;(k) = p;; fi(k)
or gi; (k) = pi; fj(k). The first form corresponds to a Markov renewal chain in which the sojourn
times depend only on the present visited state and the latter on the next. In the development of the
theory, we use the general form of f.

Example 3.4. Let (J,, Sy,) be a Markov renewal chain, q;j(k) = pi; fij(k) and hi(k) be the as-
sociated semi-Markov kernel and sojourn time probability mass function. The pair (J,, Sp11)
Sforms also a Markov renewal chain with semi-Markov kernel qu(k) = pijh;(k). Furthermore, the
pair (Jp+1,Sp) is a Markov renewal chain and the form of the semi-Markov kernel is given by

Gij (k) = pijhi(k).

Example 3.5. Let us consider again the MRC of Example 3.1. For the associated conditional
distributions we have

f12:f7 f21:ga h’lzfa h2:g7
Que=F Qu=G, H=F H=aG,
H =F, Hy=G ,

where

F=1x], F=1-F,

G=1xg, G=1-G.
Then, the mean sojourn times of states 1 and 2 are computed by

my = lim [1%F](n), mo= lim [1xG](n).

n—oo n—o0

Define the array of random variables (R;,;)nen, jer Which is described by

n
Rpj=> lyj—js=np nEN, jEE. (3.6)
=0

Since S is strictly increasing, clearly R,,; € {0, 1}, and it can be interpreted as an indicator variable
which records if a renewal of type j has occured at time n. The corresponding probabilities starting
from state 7, are denoted by u;;(n), that is,
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uij(n) = P(Rp; = 1|Jo = i) :== P;y(Rp; = 1),n €N, i,j € E, (3.7)

and we refer it as the sequence of Markov renewal probabilities. Notice that since Xy = 0, we have
u“(O) =1,1€ FE.
The following proposition gives a relationship between u and q.

Proposition 3.4. The sequence of matrices u and q are linked through
u = (Eo—q)Y. (3.8)

Proof. From the monotonicity of (S,),en and the definition of R, the latter is expressed by the
following union of disjoint sets

{Rnj =1} = U{Jl =4S =n}, i,jeE neN
1=0

Thence, the sequence u is given by

n

wig(n) = P (Ji=4, Si=n) =Y ¢l (n),
=0

1=0
and the desired result is obtained by Proposition 3.4. 0

From the above proposition, we can directly obtain that
u=FEy+qx*u.

This representation forms a class of equations known as Markov renewal equations.

Definition 3.4. Let L € Mpg(N) be a known matrix valued function and G € Mpg(N) be an
unknown. The equation

G=L+qxG (3.9)
is called discrete time Markov renewal equation.
The existence of the unique solution is given in the following proposition.

Proposition 3.5. The solution of the discrete time Markov renewal equation exists, is unique and is
given by
G=uxL. (3.10)

Proof. From Equation (3.9) we have

Eo—q)+G=L —G=(F—q) VL% sl
q q

O

Definition 3.5. Let (J, S) be a Markov renewal chain and N;(k) be the number of visits of the MC
J to state j until time N (k), up to time k € N given by

N(k) k kE Kk
Ni(k) =D Ly = D LumiSucky = D O Limjisumiy- (3.11)
n=0 n=0 n=0 [=0

The matrix-valued function U = (U (k), k € N) € M, where

Usi(k) = Es (N3(K)), .5 € B, k€N, (3.12)
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is called Markov renewal function.
Proposition 3.6. The matrix valued functions U and u are linked through

U=Txu. (3.13)
Proof. From the linearity of expectation we get directly that

kok k k
Uij(k) = E; <ZZ]1{Jn:j,Sn:l}> = ZZEZ (Lggpzjsn=iy) = Zuij(n)~ (3.14)
n=0

n=0 [=0 n=0 [=0
O

Remark 3.6. Since
u=FEy+qx*u,

then from equation (3.13) we get directly that
U=uxl=1xEy+g*xuxl=01+¢qx*U,
and consequently U is the unique solution of the Markov renewal equation
U=1+¢=xU.
Next, we give the notion of a semi-Markov chain and its probabilistic characteristics.

Definition 3.6. Let (J, S) be a Markov renewal chain and
N(k) :=sup{n e N: S, <k},
the counting process of the number of jumps in [0, k]. The chain Z = (Zy)ken
Zi = Ingy, k€N,
is said to be a semi-Markov chain associated to the MRC (J, S).

We denote by a=(«;);ck the initial distribution of the SMC Z. This is, o; = P(Zy = i) =
P(Jo =1),i € E.

Definition 3.7. The transition function of the semi-Markov chain Z denoted by P is the matrix
valued function given by

Py(k) =P(Z, = j|Zy =), ijeE, keN.

In the following proposition we give an exact form of the transition function P making links
with the Markov renewal equations.

Proposition 3.7. The transition function P of a semi-Markov chain Z is given by
P=uxH, (3.15)

where

1~ (diag{15}

JjerE

Proof. Leti,j € E be two arbitrary elements and & € N. Any P;;(k) can be written as

Pij(k) =P(Zy = jlZo = 1) = P(Zy, = §, X1 > k|Jo = i) + P(Zy = j, X1 < k|Jo =1i). (3.16)
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We have also
P(Zk = j, X1 > k| Jo = i) = Ly P(X1 > k| Jo = i) = Ly Hy(k) (3.17)

and

k
P(Zp =4, X1 <klJo=1) = > Y P(Zx=jX1=1J1=r]Jy=1i)
relk =0

k
= Y NP2 =X =1 J =1 Jy = )P(Xy =1, Jy = 1]y = i)

rek =0
k
= Z ZP(Zk_l =jlJo =r)qir (1)
rek =0
k
= Z Z qir(l)Prj(k‘ - l) = Z [Qir * PT]'] (k) (318)
reE 1=0 rek

Therefore, by adding (3.17) and (3.18) relation (3.16) becomes

Pij =1y H; + Z Qir * Prj.
rek

This implies that the sequence of matrices P is represented by the Markov renewal equation
P=H+ qx P
Consequently, from Proposition 3.5 we conclude that
P=uxH.
O

Example 3.6. Let us consider the two-state Markov renewal chain of Example 3.1. The matrix-
valued functions u and H are given in Examples 3.3 and 3.5 respectively. Then, Z is a two state
semi-Markov chain with transition function

v -0 8
~ -0 (1 120,

Then, each function P;j(k) is given by

Pu(k) = |(co= ) ™)« F| (k) Pia(k) = [(eo— f x9) T 5 £ 5G] (k).

Po(k) = [(eo— f+ )V x g+ F k), Paa(k) = [(eo— [+ 9) ™)+ G (),

Definition 3.8. For a Semi-Markov chain (Zy)ken, the limit distribution m = (m;);cp is defined,
when it exists, by w; = limy_,o, P;;(k), for every i, j € E.

Also we can express u in terms of renewal chains embedded in the MRC. To do this, we need
the definitions of successive passage times in a certain state and their distributions.
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Definition 3.9. Let (J,S) be a Markov renewal chain. We denote by (S%) N the sequence of
ne

succesive passage times in a fixed state j € E, given by
S =8, withm = inf{l € N|J, = j}
S) = Sy, withm = inf{l e N|.J; = 4,8, > 57 _}
Definition 3.10. For any states i,j € E we consider:

1. The probability mass function of the recurrence time in state j
915 (k) = P; ($] = k), (3.19)
2. the cumulative distribution function of the recurrence time in state j,
Gjj =1 xg;j, (3.20)

3. the survival function of the recurrence time in state j,

Gjj = 1—Gjj,
4. the mean recurrence of state j for the SMC Z :

pj; = E;(S]) = lim [1 % G;](n),

n—oo

5. the probability mass function of the first hitting time of state j, starting from state i :
gi;(k) == P; (sg - k) , 3.21)
6. the cumulative distribution function of the first hitting time of state j, starting from state i :
Gij = 1 * g45, (3.22)

7. the survival function of the first hitting time of state j, starting from state i :

Gij =1 - Gij, (323)

8. the mean first passage time from state i to state j for the semi-Markov chain Z :

n—oo

From the above definitions, we obtain easily that (Sﬂ;), with Sg = 0 is a usual renewal chain
which describes the visits of Z in state j and the function g;; is the associated pmf of the interrarival
times. If we assume that Jy = ¢ then S} > 0 and consequently S, forms a delayed renewal chain

and the sequence (S,]l — Sé) is the associated usual renewal chain, with initial distribution g;;
neN
and pmf g;;. From this observation, we give a concrete result which gives an expression for u in

terms of Renewal chains.
For this purpose, define the matrix valued functions g = (gi;)i jer, @ = diag{u;;}jer. The
latter has a convolutional inverse since u(0) = I.

Proposition 3.8. The matrix valued functions u and g satisfy the following relation

g = (u— Eg)+al=b, (3.24)
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Proof. Note that u; is a sequence of renewal probabilities of the usual renewal chain which records
renewals on j with probability mass function g;;. Therefore, from Proposition 2.1 we have

Ujj = €0 + gjj * Ujj-

Now, let us consider two distinct states ¢, 7 € E. Then, we have a delayed renewal chain which
records the visits on j when the system starts from ¢ with fo = g;;. In this case, u;; and u;; are
the sequences of renewal probabilities for the delayed renewal chain and the simple renewal chain
respectively. Therefore, from Proposition 2.5 we obtain

uij = gij *x ujj.
Consequently, from the above we have the following matrix form
u = Fg+ g *u. (3.25)

From (3.25) we obtain that
gxu=u— Ey

and we get directly that (3.24) holds. O

From the above proposition and Example 1.35 we get directly the following corollary for the

matrix valued sequences G = (Gj); jeE, G = (G'ij)i,jer and the matrix p = (p;5), jem

Corollary 3.1. The sequences of matrices G, G and the matrix ;i are given by

G = (U-I)«alY, (3.26)
G = IM—(U-T)xa"Y, (3.27)
po= lim [11 + (1111 —(U-TI)* aH))] (n). (3.28)

Remark 3.7. We derive from relation (3.25) that q can be determined by
q=FEo— (Eo+gxa) Y.

Remark 3.8. The representations in Proposition 3.8 and Corollary 3.1 can be written differently.
Then, for the recurrence time in a state j we get

gi; = eo —ul; Y, Gjy=1-1xul;"Y, (3.29)
= -1 . 1

Furthermore, for the passage time in a state j, starting from a different state i, we have

gij = ugg xul Giyj = Uy +ul; ", (3.31)
Gij=1-"Us* u§;1)7 paj = lim {1(2) — 1 Uy * ug-;l)} (n). (3.32)

Example 3.7. Let us consider the MRC of Example 3.1. Then, the quantities of Definition 3.10 are
expressed by

gi1=g9g2=[f*xg, gi2=1/f ga=g,
Guu=Gp=Fxg=[f*xG, Gp=F G=aG,
Gui=1-Fxg, Gu=F, Gy=0G.
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In addition, the associated mean passage and recurrence times are determined by
H11 = H22 =M1+ M2, H12 =M1, H21 = M2.

Definition 3.11. Let (Zy)ren be a semi-Markov chain with state space E and (Jp, Sp)nen the
associated Markov renewal chain.

1. If Gjj(00) - Gji(00) > 0, we say that i and j communicate and we denote this by i <> j.
2. The SMC is said to be irreducible if all the states communicate with each other.

3. A state i is said to be recurrent if G;;(00) = 1 and transient if G;(00) < 1.

4. A recurrent state 1 is positive recurrent if |1;; < 0o and null recurrent p; = oo.

5. A subset of states C' is said to be a final set lfz P;j(k) = 0 for any j € E\C and any
1eC
ke N
6. The SMC (MRC) is said to be ergodic if it is irreducible and positive recurrent.

7. Let d be an element of N with d > 1. A state i € E is said to be d-periodic (aperiodic) if the
distribution g;; (o) is d-periodic (aperiodic).

8. Anirreducible SMC is d-periodic, if all states are d-periodic. Otherwise, it is called aperiodic

In order to show that in an irreducible SMC either all states are periodic or none we will need
some definitions. The latter and the proof of this result were given by Cinlar [9]. Let (J,.S) be a
Markov renewal chain defined over (£2, M), where (2 is a set and M the corresponding o-Algebra.

Consider the sequence of o-Algebras

H,, C M.

and assume each (J,,, Sy, ) be H,-measurable. Define the process

A _

N =inf{k > N . g € A}, n> 1, N

n n—

0,

where A is a proper nonempty subset of set E. Namely, any N counts the successive entrance
times in the set A. Its easy to notice that each N4 is an 7, stopping time and consequently the
sequence

H,={Ae M:AN{N, =m} € H, Ym € N}

is a filtration. Also, define the ,,-measurable chain (jn, S'n)neN by

Jn = JN7(1A), Sp = SNr(LA)7 n € N.

with state space A U N.

Lemma 3.1. The process (j , S ) is a Markov renewal chain. Furthermore, if i is the corresponding
Markov renewal probability, then 1i;; = u;; for any i,j € A.

Proof. Since N4 is a stopping time then by applying the strong Markov property to the Markov
chain (J, S) we have that (/, S) forms a Markov renewal chain.
In addition, we have

=i S =nt={J{h=458=n} jeA
1=0 1=0
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Hence, from (3.7) we obtain
U5 = ﬂij) i,j € A.

Proposition 3.9.

1. Two communicating states of a MRC are either both periodic or both aperiodic. In the first
case they have the same period.

2. Ifthe embedded Markov chain J is irreducible and the MRC is d-periodic then q;;(k) has the
support {a;j +rd;r € N}, where o; are nonnegative constants depending on states i and j.

Proof. (i) Let us consider the Markov renewal chain of Lemma 3.1 and set A = {i,j}. The
corresponding semi-Markov kernel ¢ is of form, say

. (CV
q_ BL )

where V, B are accordingly chosen to imply the link about ¢ and j.

Also, by Lemma 3.1 we obtain that the Markov renewal probabilities w;;, ui;, uj;, u;; are the
same whether they are computed from (.J,.S) or (.J,5). As a result of Proposition 3.8 we
have that the same holds true for g;;, gii, gji, g;j; since they are completely determined by the
sequences u. Also, any g can be determined in terms of (j .S ) by

gii=C+V«B+V*LxB+V*LxLxB+---, (3-33)
9ij =L+B*xV+B+xC*xV+BxCxC*V +---, (3.34)
Gij =V +CxV+C*CxV+CxCxCxV+---. (3.35)

Let i be periodic with period d. Then, the function g;; is positive over {0, d, 2d, . .. } and from
Equation (3.33) we have that the same holds for C, V « B,V x L x B, - - - . Consequently, the
sequences C, V x B and L are d — periodics and thus from Equation (3.34) we infer that the
sequence g;; is also periodic of period d. Hence, j is d — periodic.

(7i) Consider z,y be two elements of N for which the sequence V' is positive and set ¢ be a point
such that B(c) > 0. Then, for z; = z+cand 23 = y+c, we have [BxV](z1), [B*V](z2) > 0.
Since i, j are assumed to be d — periodics we have that the support of B * V' is a subset of
dN and we have z1, 29 € dN. Therefore, the element |z — y| = |21 — 22| is a member of
dN. By Equation (3.35) we infer that the support of V' is the set c;; + dN for some «;; € N.
Similarly, g;; is supported by the set aj; + dN for some «j; € N.

Then, by conditioning on the first step we obtain

9 =Gij + Y _Grj*grj, 1,JEE.
-y

This relation implies that each (qij)i,je £ 1s positive over a;; + dN. Obviously, for i = j we
take Qi = 0.
L]

Corollary 3.2. Let (J,S) be an irreducible Markov renewal chain. Then either any state is aperi-
odic or else is periodic with period d > 1.

In the following proposition we give a useful link between the mean recurrence times and so-
journ times. This relation will be useful for the sequel and is achieved with the acceptance of
assumption 3.1.
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Proposition 3.10. Let (J,S) be an aperiodic an ergodic Markov renewal chain. The mean recur-
rence time of an arbitrary state j € E is decribed by

m
i = (3.36)
J
where
e Yo
i€EE
Proof. Fori,j € E we have
pig =Ei(S) = D Ei(SYI = r)pir = pijmi + Y Ei(S§IT = r)pir
rek r#j
= pZsz+Z < +E Sl)) Pir —pz]mz+zpzrﬂrg + (1 _pij)m
r#j r#j
= m;+ Zpir,urj
r#j

and consequently by using the properties of the stationary distribution of the Markov chain J we
get

ZMUW? = Zﬂfmi+zﬂf2mkukj

el i€l i€k k#j
= Srimi+ 3 (Srima)
icE k#j “i€E

= > mmi+ > (k) — 7 ()i

i€E keE
Hence, from the above equality we get the desired form. 0

Example 3.8. For the embedded Markov chain J of the Example 3.1 the corresponding stationary
distribution is given by the vector (2, 2) and so if we apply it in (3.36) we get directly the mean
reccurence times which are given in Example 3.7.

3. Asymptotic Results for Markov renewal chains

In this section we study some asymptotic properties of Markov renewal chains. First, we exam-
inate closely the asymptotic behavior of the process (.S, )nen, of the number of visits to a certain
state, and the number of transitions between two states. We give also the renewal theorem and the
key renewal theorem for Markov renewal chains. Furthermore, we show the SLLN and CLT for
Markov renewal chains.

In the sequel, we will suppose that the following Assumptions hold.

Assumption 3.2. The semi-Markov chain is irreducible.

Assumption 3.3. The mean sojourn time in any state is finite
m; = E;(S1) = lim [Il *E] (n) < oo.
n—oo

Now, we define the processes which count the number of visits to a certain state and the number
of direct transition between two states, respectively.

Definition 3.12. Foralli,j € F, define :
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N(k)-1 k
(i) Ni(k):= Z g =i} = Z L =i, Sp 1 <kl
n=0 n=0
N(k) k
(ii) Nyj(k) := Z Ly, 1=idn=j} = Z L 1 =iJn=j,8n 1<k}
n=0 n=1

Proposition 3.11. Let (J, S) be an aperiodic Markov renewal chain. Then, we have

Nik) ws .
oo N(R) (3-37)
o Nig(k) e
NG TP (3-38)

Proof. From the ergodic theorem we get:

n—1
Sty S
n =iy 75500 T
1=0

and

n
1 1 a.s .
nlz; i, =i} 7 T; Pij-

Since N (k) ka—s> oo, then by Theorem B.4 we have
—00

N(k)—1
Nz(k) 1 a.s *
N (k) leo W= "

and
N(k
Nz(k) _ z(:)]l ' as ok
N(k) — N(k) & =0 hoo P
O
Proposition 3.12. For an aperiodic Markov renewal chain we have
N;(k 1
lim i(k) as —, i€E. (3.39)

Proof. Consider an arbitrary state i € E. Let Jy = i (S§ < 0). Since (S%)nen is a renewal chain
on the event {J = i}, then it’s easy to observe that the process N;(k) — 1 is its counting process.
Then, the application of the SLLN for counting processes gives

Nilbos L e p
k—oco k i
and from Remark ??, we conclude the desired result.
The case in which Jy is not necessarily equal to i (i.e. P(Jy = i) < 1 and P(S{ > 0) > 0) is
studied in a similar way through the delayed renewal chain (S},),cn and its associated renewal
chain (S% — S)nen.
O

The following results are corollaries from the last two propositions
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Corollary 3.3. Let (J, S) be an aperiodic Markov renewal chain. Then, we have

tim Yol as P (3.40)
k—o0 k Mig

lim N(k) a5 1 . (3.41)
k—oo k W;‘/Aii

Theorem 3.1 (Markov renewal theorem). Let (J,,, Sy )nen be a recurrent Markov renewal chain,
then:

(1) if it is aperiodic we have:

1
nl;rgo uij(n) = o
(ii) if it is periodic of period d> 1 we have:
d
lim w;j(n) = —,

and
uij(n) =0, Vne{leN|l#0modd}.

Proof. (i) [Renewal theory] First, we assume that ¢ = j. In this case, the chain S?L forms
a renewal chain on the event {J = j} with probability mass function g;; and sequence
of renewal probability u;;(n) . Hence, by applying the renewal theorem for an aperiodic
recurrent renewal chain we have the desired result.

Now, consider ¢ and j be distinct and then the chain S) s a delayed renewal chain on the
event {J = j} and Sh — SJ is the associated renewal chain. Furthermore, the sequence g;;
is its initial distribution and ui;(n) is the corresponding renewal probability. Therefore, the
application of the renewal theorem for a delayed recurrent renewal theorem gives

lim wu;i(n) ¥ — E G
ij(n) = i (

(i) [Convolutional] From G; * uj; = 1 we have

(S0) (S0 = S 10
k=0 k=0 k=0

and if we use the isomorphism in Proposition 1.3 we will get that

<<>° ij(k)f'«“k> : <§: Ujj(/f)xk> = ifﬂk
k=0 k=0 k=0

Therefore, for any x € (—1, 1) we can easily obtain that

(mwkn’f)-(iuﬁ(knk) - =
k=0 =

(1—z) (Zuﬂ ) SR (3.42)
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The left-hand member of (2.31) can be rewritten as
(1-z)- (Z Ujj(’ﬂ)f’“) = > wji(k)a* = uy(k)2t
k=0 k=0 k=0
= ui(0) + ) u(k)a =Y ik — 1)t
k=1 k=1
= 14> (u(k) —uji(k — 1)) 2",
k=1

Since > poy Gjj(k) = p;j < oo, then from Abel’s theorem (Theorem D.1) we have

S > Gkt =" Glik) = pij,
k=0 k=0

and consequently from the above we conclude that

- 1 , 1
LD (g (k) = ugi(k — 1) = — = 1 lim fugi(n) —u(0)] = —
el g nree g
u;;(0)= 1
”(——0)> Y lim uji(n) = —.

Since g;; * ujj = wu;j, we get directly from Theorem D.2 that

: as 1 o 1
nlggo uij(n) = 1 lzggij(n) = i
Define the sequence (X, )nen as
X/ = %, n €N,

and set

=0

Then the pair (.J,,, S}, )nen is also a Markov renewal chain with sequence of Markov renewal
probabilities u, which satisfies that ug(n) = u(dn) for any n € N. Furthermore, for the
associated mean recurrence time we obtain that g = 4. Therefore from (i) we have

1 d
ujja(n) —— —— = —.
n=o0 Hjjd g
For the sequence w;; with ¢ # j the result is obtained similarly.
O

In the previous theorem we give again the proof which is presented in Theorem 2.4. We did it
because we want to make the theory of Markov renewal chains less dependent from the techniques
of Renewal theory.

Since U;; = 1 * u;; then the following result is a direct consequence of the Markov renewal
theorem

Corollary 3.4 (Elementary Markov renewal theorem). Let (J,,, Sp)nen be a recurrent Markov
renewal chain, then:
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(1) if it is aperiodic we have:

ij 1
lim Usj(n) = —.
(ii) if it is periodic of period d> 1 we have:
17 (d d
lim L]( n) = —,

and

Uij(n) =0, Vne{leN|l#0modd}.
Theorem 3.2 (Key Markov renewal theorem). Let (J,S) be an periodic Markov renewal chain.

o
Also, consider a sequence t;(l) with Z [t;(1)] < co. For any state i,j € E we have
1=0

a.s OO_ t;
lim [u;; * t;](n) = 72"_0 ](n)

(3.43)

Proof. First, we have

[uij = t5](n) = " uij(n —)t;(1), neN.
=0

Since uzj(n; 1) is a bounded sequence which converges to u% forany I < mn, |t;(l)u;;(n—1)| <
|t;(1)| and Z |t;(1)] < oo the conditions of Proposition D.2 are satisfied. For that reason we get
1=0

directly the desired result.
O

AN important application of the key Markov renewal theorem is to obtain the limit distribution
of a semi-Markov chain which satisfies Assumptions 3.2 and 3.3.

Proposition 3.13. Let Z be an aperiodic Markov renewal chain. Then its limit distribution is
determined by

ey
= —. (3.44)
Hjj
Proof. From Proposition 3.7 we have
Pij = Uiy * ﬁj.
Furthermore, from Assumption 3.3 we get directly
li 1% H;| (k) =m,; < oo.
Jim (1 Hy] (k) = m; < o0
Therefore, we can apply the key Markov renewal theorem and thus we have
1 m;
lim Pj(k) = — - lim [1%H;| (k) = —2.
dim Py(k) =~ Jim (1 ] () = -2
O

Remark 3.9. By using Proposition 3.10, relation (3.44) can be refrormulated as

k
¥

ZieE W;kml

Ty =
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Furthermore, we can compute (ij; via Corollary 3.1. This implies that, it is not necessary to find
the stationary distribution of the embedded Markov chain J and we represent the limit distribution
of Z using convolutional forms, i.e

. (1 H;] (n)
A []1(2) * u(fl)} (n)
ji

Example 3.9. Let us consider the MRC of Example 3.1 again. Then, the limit distribution of the
Semi-Markov chain Z is given by
mi ma

m=—", Tn9g=—
ml+ mg m1 + msg

Next, we give the functional SLLN and CLT for Markov renewal chains. The corresponding
results in the continuous-time Markov renewal chains are given in [20]. In order to present these
results we will need some definitions.

Define the function f : F x E x N and the functional

N(k)
Wik) = > f(Jn-1,Jn, Xn), k€N (3.45)

n=1

It’s easy to check that (Jy,, Jp41, Xnt1, )neN is @ Markov chain and its transition probabilities are
given by:
p((T,S,I‘),(i,j, k)) :]l{szz}pz]%j(k)7 T,S,i,j EEv 'T7k€N- (346)

The n-th step transition probabilities can be determined by

P ((r,s,2), (1,4, k) = P(Jy=i,Jns1 =5, Xns1 =k | Jo=rJ1 =5, X| =)

== P(JnJrl :j,Xn+1 =k | Jn :’L)P(Jn :Z|J0 :T,Jl :S,Xl :l‘)

= qi(B)P(Jny =i | Jy = 5) = qi (k)p\" .

So its stationary distribution, when it exists, is given by
7(i,5,k) = miqi;(k), i,j € E, k € N. (3.47)

Also, set the series

zg*Zijv QZ] 7 A; *ZAZJa
z]—Zf 1,7, qU ) B; = ZBZJ

if they converge. Define the quantities:

Tf = ZAjW*(j)v m(f) = sz%

1

ggzzBiw;—<ZAiw§> 232D And Mhﬂ%ﬁ i

i€E i€E reE l£i r#i Forr K

, where
pi; =E(nf{l e N: Jy =34} | Jo =1),
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is the mean passage time from state ¢ to state j.

o2

o =—". (3.48)
T Mg

Theorem 3.3. For an aperiodic Markov renewal chain (J,S) we have

W a.s
lim 7]0(”) =

n—00 n

©(f). (3.49)

Proof. From the functional ergodic theorem we get

L U o) o 57 S gy fgn) = Y Y a6 2)

n
i,jEE =0 ieE jeE =0
1€ER
= Ty.

N(n)
Then, by applying the Gut’s theorem for the process Wy (n) = Z f(Ji=1, Ji, X)) we obtain

O]

The following theorem is the functional CLT for Markov renewal chains and its proof is deferred
to [20] and is based on convolutional forms.

Theorem 3.4. Let (J, S) be an aperiodic Markov renewal chain. Then, the asymptotic distribution
of Wy is given by
w
vn [J;L(n) - W(f)] L>/\/’(0,crj2c) ,

n—o0

where UJ% is given in (3.48).

4. Examples

In this section we apply our results in three concrete examples. First, we study the asymptotic
properties such as asymptotic consistency of an important process. Second, we construct a semi-
Markov model and analyze its characteristics which are applied in a numerical result by using
simulated data.

Example 3.10. Here, we give the asymptotic properties of the process N]@’E Igl;) where Njjq (k) counts
the number of the transitions from state i to state j when it takes x-time units, until time k denoted

by

N(k)

Nija(k) = Y L =i Xi=a. 0=}
=1

First, let us consider the function

9(7', S, y) - ]l{r:i,s:j,y:x} — qij (l.)]l{r‘:z} = f(ra S, 1’) — Qij (x)]l{r:z}
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In order to find the desired asymptotic behaviour of this process we have to compute the associated
quantities A, Ays, By and B¢ forall r,s € E.

Aps = Zg(rvsal)%"s Zf s, l (]rs Z]l{r Z}qW qrs(l)
1=0 =0

= L=y (T, y) — Lp=iyaii (@) Z Gis(1) = =i s=53%ij (@) — Lgr—iqij (2)pis
l,v=0

= Lyopnaij(z) (Lpsmjy — Pis)
and consequently

A = Aps = Tgmyaij(2,9) Y (Tgsjy — pis) =0,

seE selR

Brs = Z QQ(Ta S, Z)QZ](Z)
=0

= Zf(rvsal>QTs(l) + Z ]l{r:i}q” QTs —2 Z f s, l Qz] QTs(l)
=0

l,v=0 l,v=0
= ]l{r:i,s:j}%'j (.CU) + q'?j (x)pis - ]l{r:i,s:j}q'?j (33)
= Lgopnaij(x) (Lgemjy + @5 (@)pis — 2ai5(2) Lsjy)

and

Br — Z Brs

seER
= ly—ingij(v) Z (Lgsmjy + @ij (2)pis — 2qi5(2) L= jy)

seE
= Np—ipaij(@) (1 + gij(2) — 2i5(x))
= Dpeipgij(z) (1= gij(x)) -
Therefore, summing up the above results we get
oy =Y B (r) = wigij(z) (1 — gij(z)), 7y =0
rek

and

Mii T Mg

Hence, by Theorems 3.3 and 3.4 we can obtain

o Wy(k) (W) S _
Jim —Jgﬂo( ok ") =0
and W (k)
g d 2
NG mN(O,U (9))
respectively.

Therefore, some elements about the asymptotic behaviour of ”Z(I;) are given as follows
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CONg(k) Lk (Wk) | Ni(k)
dm N S J;H;ONM( PR W>)
= /liiqij(x)
Hii
= gj(z)

and

1 Nz’ m(k) — W, (k) d
7 (W -w0) = S o N Gt

Example 3.11. Let us assume a Markov renewal chain (J, S), where the embedded Markov chain
J with state space {1,2, 3} has the following transition matrix

0 1 0O
P=107 0 03 |,
1 0 0

with sojourn times given by
1
(X1|J0 = 1, Jl = 2) ~ Geom <2> +1
(X1|h=2,J2=3) ~ DWeibull (3,2)

3)+1

1
(X1|J1 =3, Jo = 1) ~ Geom <3> + 1.

(Xq|J1 =2, J2=1) ~ Duweibull <

N | —

Then, the associated pmfs are given by

1
fr(k) = o Loy,
fas(k) = (3 > L0y
fak) = <2 ) L0}
k—1
f31 (k:) = g . (3) ]l{k>0}, ke N.

Then the semi-Markov kernel is the matrix valued function q given by

0 fi2 0
g=1| 07-for 0 03-fa |,
f31 0 0

and the sequence Eg — q is expressed by

€0 —f12 0
Eo—qg=| —07-fo1r e —03-faz |,
—f31 0 €o

We can compute the convolutional inverse of Eq — q using 3 different ways
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1. Using Proposition 1.15
2. Using Theorem 1.2

3. Using Theorem 1.3.

Here, we show the third way for mathematical reasons. The first is used only for numerical results.
Thence, the convolutional determinant of Ey — q is the real sequence

€o —f12 0
det (Eg—q) = det| —0.7-fo1 ey —0.3- fo3
—f31 0 eo

= € + f12 * det ( -0 le —03: f23 >
_f31 €0

= €9 — 0.3 (fiz * for) — 0.7 (fi2 * faz * f31),

and consequently its convolutional inverse is

det (E() — q)(_l) = Z [03 . (flg * fgl) + 0.7 - (flg * f23 *x fgl)](l) = w.
>0

Furthermore, the corresponding adjugate matrix function is the sequence

€o —f12 0
adj(Eo —q) = adj| —0.7-fo1 e —0.3- fo3

—f31 0 €o

€o fi2 0.7 (f12 * f23)
= 0.7 fo1 + 0.3 - (faz * f31) €o —0.3 - fo3 ,
f31 fiz * far eo— 0.3 (fi2 * fo1)
and hence u is the matrix valued function given by
€0 fi2 0.7 - (fi2 * f23)
u=w | 0.7 for + 0.3 (foz * f31) €0 —0.3 - fo3
f31 fiz* fa1 eo— 0.3 (fi2 * fa1).

In order to find the transition function of the SMC Z we will need the sequence H. The latter is
given by the elements

— 1

Hl(k) = 27’

— 1 1
— 2 1

Therefore, the transition function P is expressed by

P = uxH
€o f12 0.7 - (fi2 * f23)
= wx* | 0.7 for +0.3- (fo3 * f31) €o —0.3 - fo3 * diag { H; }
/31 Jiz* fa1 eo — 0.3 (fi2 * for)
w* Hy w* fig % Hy 0.7+ (w* fi2 * fo3 = Hg)
= | wx (0.7 for +0.3- (foz * f31)) x Hy w * Hy —0.3 - (w * fo3 x H3)

w* f31 x Hy w* fio* f1 x Hy w = (eg — 0.3« (fi2 % f21)) * H3



4.. Examples 73

In the following figure we give the evolution of the transition matrix P until the 40-th period.

1 1 1y
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FIGURE 3.1: Transition probabilities of Z over time

From Figure 3.1 we observe that each of the transition probabilities converge, after time 10, to
some values. This implies that, from this observation we get that Z has a limit distribution. From
the statistical program R we have that the limit distribution of Z is

m = (0.4658548, 0.3245105, 0.2096347). (3.50)

We can also show it using (3.44). In order to do this, we need to compute some useful quantities as
the mean sojourn time, and the limiting behavior of u. For the latter, from the statistical program
R, we have that the function u for a large n will be eventually

0.2329274 0.2329274 0.06987823
u=|0.2329274 0.2329274 0.06987823 | ,
0.2329274 0.2329274 0.06987823

and consequently the mean recurrence time of any state is
w11 = 0.2329274, oo = 0.232974, 33 = 0.6987823

Furthermore, the mean sojourn times are

m; = E [X1’J0 = 1, Jl = 2] = 2, (3.51)
my = 0.7-E[X1|Jo=2,J1=1]+03-E[X1]|Jo =2, J; = 3] = 1.393183, (3.52)
m3 = E [X1’J0 = 3, J1 = 1] = 3, (353)

where the second quantity is computed numerically. By summarizing the above and apply them in
(3.44), we get directly that the limiting distribution of Z is the stochastic vector w with coordinates

w1 = 0.4658548, ,mo = 0.3245105, w3 = 0.2096347 (3.54)
The stationary distribution of J is given by the stochastic vector
= (m],m5,m5) = (0.4347826, 0.4347826, 0.1304348).

Then, we find the mean recurrence times using Proposition 3.36 then we get again the limiting
distrubution which is presented above.
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In the following plot, we add in Figure 3.1 the limiting distrubution of Z for which any coordi-
nate is represented by a red line. We observe that the transition probabilities of Z and the limiting
distrubution coincide, after time 10.
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FIGURE 3.2: Transition probabilities of Z over time vs. limiting distrubution

In the following plot we give 6 independent observations of the desired semi-Markov chain for
n = 30 periods via simulated data. This simulation is obtained by the following steps

1.

2.

NS

AN

Set Xog = 0 and draw a Jy ~ «..
Drawa Jpy, ~ Py, ., m> 1
Drawa X, ~ f5. 7. (), m > 1.
Set Sy, = Sp—1 + X

If Sy > n, then end.

Else, set m <— m + 1 and go to step 2.

By,  wreess . CEE v oap, veess seresn ww A e e R
2lwem .. P . 2l - A —— 2 - - .e
1 - - 14 .. 1 . -

W 15 ] F an 5 W 15 m F3 5 1 15 a0 E3 EY
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FIGURE 3.3: 6 independent observations of a Semi-Markov chain until time 30
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Appendix A

Algebra

1. Group theory

In this section we give the necessary theory of theory of groups in order to apply it in the theory
of Rings. In order to do this, first we need the definition of semi-group. For the sequel, we denote
by G a non-empty set equipped with a binary operation .

Definition A.1. A pair (G, *) is said to be a semi-Group if the operation x is associative, i.e
ax(bxc)=(axb)xc, Va,bceQG.
Definition A.2. A set G equipped with a binary operation x is said to be a group if
(1) (G, ) is a semi-Group.
(79) Exists a special element e for which we have,
YVaeG: axe=exa=a,
which is called the idenity element of G.

(7i1) Forany a € G, there is an element b € G such that
axb=bxa=a.

The element b is said to be the inverse element of a.

Definition A.3. A group (G, %) is said to be an abelian group if  is also commutative, i.e.
axb=bxa, Va,bedqG.

Example A.1. Consider the set of integers 7 equipped with the operation of usual multiplication.
The pair (Z, %) forms a semi-group but it doesn’t satisfy the conditions of Definition A.2.

Example A.2. The set 7 equipped with the operation of usual addition is an abelian group. The
identity element is represented by the zero number. The inverse element of any integer a is expressed
by the number —a.

Example A.3. Let us consider s be a finite natural number and the set G = {A € R**%| det(A) #
0}. G is a group under multiplication of matrices.

2. Ring Theory

Definition A.4. A nonempty set R is called ring if the binary operations addition + and multipli-
cation x are defined in R and

a) (R,+) is an abelian group.
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b) (R, ) is a semi group.
¢) Both left and right distributive laws hold in it, i.e. ¥ a,b,c € R

ax(b+c) = axbtaxc (A.1)
(b+c)xa = bxa+cx*a. (A2)

Definition A.S. Let R be a ring. R is said to be a commutative ring if for any a,b € R we have
axb="bxa.
Definition A.6. Let R be a ring in which for any a € R exists an element e € R such that
exa=axe=a.

Then, R is said to be a ring with unity and e is called the identity element of R.
Example A.4. Let us consider the set of integers 7.. Then, 7. is a commutative ring with unity.

Example A.5. The set of all even numbers 27.={0,+2,+4, ...} is a commutative ring without
unity, equipped with the binary operations of the usual addition and multiplication.

Definition A.7. Let R be a commutative ring. Then a nonzero element a € R is called zero advisor
if there is a nonzero element b € R such that a x b = 0.

Definition A.8. If a commutative ring R is said to be an integral domain if it has no zero advisors
i.e., for any a,b € R we have

a*xb=0= a=00rb=0.

Proposition A.1. Let R be a ring with unity. Then, for any o, 8 € R with o x 3 = 8 * a we have

(@+B)" =3 (7’)&-1 « g (A3)
=0

Proof. Obviously, (A.3) holds for n = 0. Now, let us assume that for an arbritrary n € N (A.3) is
true. Then, we have

(a8 = (ot x(a+ A =ax(@+h" +5x(a+H"

n

- Z (7) o+ 4 gn=D 4 lz:% (7) a® y go=t+1)

n—1 n
= oD gD o lz(; (7) al+D) 4 g(n=0) 4 lz; (7) a® 4 gon=1+1)
— D) 4 gD | ; (l i”t 1) a5 gln=i+1) | ; (?) a® s gln=i+1)

" n n B
— oD 4 gD +Z ((Z— 1> 4 (l>> a®) « gnt1=D).
I=1

Therefore, by using Pascal’s triangle we take

n+1 n+1
(f +g)(n+1) _ Z ( > f(l) N g(n—&-l—l)’

l
=0

and consequently by the principle of mathematical induction we get the desired form. 0
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Definition A.9. Let (R, +, ) and (R, (+), (x)) be two rings. A mapping ¢ : R — R’ is said to be
ring homomorphism if for any a,b € R

(1) ¢(a+0b) = d(a)(+)o(b),
(i) @(a*b) = ¢(a)(x)¢(b).

Definition A.10. A ring homomorphism which is an one to one and onto function is said to be an
isomorphism. If ¢ : R — R’ is such an isomporphism, we call the rings R and R’ isomorphic and
we write R = R/

Example A.6. Let us consider the function ¢ : C — My given by

bla+bi) = (_“b 2) ,

is an isomorphism. Then we can identify any complex number as a concrete 2 X 2 matrix.
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Appendix B

Probability theory

We give some basic elements of Probability theory which we used in this project. All r.v’s and
r..v’s are defined on an abritrary probability space (2, F, P).

1. Elements of Measure theory

Theorem B.1. Let (2, F,P) be a probability space and A,,, A € F. Then,
(1) if Ay, T Athen P(A,) 1 P(A).
(13) if An | AthenP(A,,) | P(A).

Theorem B.2 (Dominated convergence theorem).

Let (Xy,)nen be a sequence of random variables such that lim X, ' X and there is a rvY with
n—oo
E(Y) < oo such that | X,,| <Y for all n. Then

lim E(X,) = E(X).

n—o0

Definition B.1. A sequence of random variables (X, )nen is said to be uniformly integrable if

lim supE(Xn]l{ana}) =0.

a—0o0 7120

Proposition B.1. Let (X,,),cn be a sequence of random variables. Assume that for some § > 0,
we have

supE(|Xn|1+5) < 00.
n>0

Then, any X,, is uniformly integrable.

Theorem B.3. Ler (X,,)nen be an uniformly integrable sequence of random variables. Suppose
that lim,,_,-. X,, = X. Then,

(i) E(X) < oo.
(i4) limp_so0 E(X,) = E(X).

(i) limp_so0 E(| X, — X|) = 0.

2. Stochastic Convergence

Theorem B.4 (Gut’s theorem).

Let (X)) nen be a sequence of random variables and (Ny,)nen a positive integer-valued stochastic
process. Assume that
lim X, £ X & lim N, = cc.

n—oo n—oo
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Then,
lim Xy, = X.

n—oo
Theorem B.5 (Anscombe’s theorem).

Let (X)) nen be a sequence of random variables and (Ny,)nen a positive integer-valued stochastic
process. Suppose that

1 - d 2 Nn P

Then,

Theorem B.6 (Continuous mapping theorem).

Let X, be a sequence of r.v’s inR*, k > 1, and let f : R¥ — R™ be a function which is continuous
on a set C C R¥ such that ]P’(X € C) = 1. Then, the following limits hold

If X “P1% X then f(X,) 22204

n—oo n—oo

f(X).

Theorem B.7 (Slutsky’s theorem).

Let X,,, Y, be sequences of random elements. Also, suppose that X,, converges in law to a random
variable X and 'Y, converges in probability to a constant c. Then,

(i) Xn+Y, %25 X +c
n—oo
(i) X, Y, —LseX
n—oo

X X
(i5) =2 —4 = for ¢, Y, #0.

Y, n—oo
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Markov chains

1. Introduction

Definition C.1. A sequence X = { X, } ,en of random variables is said to be a discrete time Markov
chain, if it satisfies the Markov property, that is, for anyn € N, i,j € E and ig.,—1 € E", such
that]P’(XOm = (lo:n—1, z)) > 0, we have

]P)(Xn—l—l = ]‘Xn = i; XO:nl = iO:nl) - P(Xn—H - J‘Xn = Z) (Cl)

If, additionally, these probabilities do not depend on n, then X is called (time-)homogeneous.

e The conditional probabilities given by C.1, for a time homogeneous Markov Chain X, are
denoted by p;;, and we say that p;; is the one-step transition probability from state 7 to state
Jj. The matrix P = (p;;) jer called the transition matrix of X.

e The vector o = (;);ep With oy = P(X( = 4) is called the initial probability of X.

Proposition C.1. Foranyn € N, i,j € E, and B, C E, k = 0,1,...,n — 1 such that P(X,, =
3y Xn—1 € Bp_1,...,Xp € Bo) > 0, we have

P(Xp = j|Xp1 =4,..., X0 € By) = P(Xp, = j| Xn_1 = ). (C2)

in order to study much better the behavior of a Markov chain we will need the following definition

Definition C.2. Letn € Nand i,j € E we denote by
Py = P(X, = jXo = ).

We refer to the conditional probability ng) as the n-step transition probability from 1 to (state) j.

It corresponds to the probability that X will visit j, starting from i, after n-steps (transitions). For
a xedn € N, these probabilities form the n-step transition matrix of the MC X, that is,

P = (ng))i,jeE.

where P(Y) = P and PO = Ig.

2. Strong Markov property

Definition C.3. A random variable T, defined on (2, F,P), with values in N N {oo}, is called
a stopping time with respect to the sequence (X, )nen if the occurrence of the event {T = n} is
determined by the past of the chain up to time n, (Xi; k < n)

Definition C.4. The Markov chain (X,)nen is said to have the strong Markov property if, for any
stopping time T, for any integer n € N and state j € E we have

P(XnJrT = ]|Xk7 k < T) S IP)XT(‘Xn = j)
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Proposition C.2. Any Markov chain has the strong Markov property.

3. Stationarity and states classification

Definition C.5. A Markov chain X with initial distribution « is said to be stationary if its marginal
distribution is invariant in time, that is, forany A C E andn € N

P(X, € A) = a(A).

Definition C.6. A probability vector m € R® is said to be a stationary vector of X if

ﬂjzzpzjﬂ'i, jEE.
S

This property can be written equivalently in matrix form as follows:
m=T7P.
A rst obvious property of the stationary distribution is given in the following property.

Proposition C.3. Let X be a Markov chain which admits © as a stationary vector. If the initial
vector o = m, then for any A C E andn € N:

P(X, € A) =n(A).
or, in other words, X is a stationary Markov chain with stationary distribution (o).
Definition C.7. Leti € E and define
T; =inf{n e N: X, =i}

The above random variable is said to be the rst return time on i. If Xy = i with probability 1, then
it is called rst recurrence time.

With the help of the above denition the states are classied as follows:
Definition C.8. A state i € E is said to be
(7) recurrent, if P(T; < co|Xp=1) =1
(#) transient, if P(T; < oo|Xop =1) < 1.
Definition C.9. A recurrent state © € E is said to be
(1) Positive recurrent if j.;E;(T;) < oc.
(73) Null recurrent if jE;(T;) = oo
Also, two useful processes are defined as follows
Definition C.10. Let i, j € E and define

e The time spent by the chain in state i, during the time interval [0,n — 1]

n—1
Ni(n) = Z Lix,=i)
=0
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o The number of direct transitions from 1 to j, until n-th period.
n

Nij(n) = D Lix,=ixi=j)
I=1

Definition C.11. (i) we say that the state i € E leads to a state j € E if there exists n € N,

(") > 0. We denote this byi— j.

such that p; j

(ii) If both states lead to each other (i — j and j — 1), then we say that i and j communicate,
and we denote this by i <— j.

Theorem C.1. A state i € F is recurrent if and only if

in@ = o0,
n=0

and for a transient state j, we have that for all € F,

oo
>0l <o
n=0

Proposition C.4. (i) The relation of communication given in Denition C.11, denes an equiva-
lence relation on the state space E.

(ii) Recurrence and transience are properties of the communication (equivalence) class, or, in
other words, if we qualify a state of a class as recurrent or transient, then this is automatically
transferred to all the states of the same class.

Definition C.12. A Markov chain X is said to be irreducible if all of its states communicate. It is
said to be recurrent or transient if all of its states are recurrent or transient respectively.

For finite Markov chains the following result holds.

Proposition C.5. An irreducible Markov chain X (with finite state space) is necessarily positive
recurrent.

Definition C.13. A recurrent and aperiodic state i € E is called ergodic.

Definition C.14. The Markov chain X is said to be periodic, aperiodic or ergodic, if all its states
are periodic, aperiodic or ergodic respectively.

By the above denitions and Proposition C.5 we have:

Corollary C.1. An irreducible and aperiodic Markov chain X (with nite state space) is necessarily
ergodic.

Let (X,)nen be a sequence of i.i.d integer-valued r.v’s. Also, set S, = Y ;" X; for any
n € N. It’s obvious to conclude that (.S, ),cn forms a Markov chain with state space the set Z. In
the following theorem we give a sufficient condition for its recurrence.

Theorem C.2. Suppose that the Markov chain (Sy,)nen is irreducible. Also, assume that
E(| X)) <o & E(Xg) =0, keN

Then the Markov chain (Sy,)nen is recurrent.
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4. Asymptotic results

A useful characterization of the stationary distributions of a nite Markov chain X is given via
the limit distributions of X .

Definition C.15. Let X be a MC with transition matrix P and i € E. If

V=P 22 e B

n—oo

where ™9 is a probability vector, then 7\ is called limit vector of the chain and the associated
distribution 79 (o) is called limit distribution of the chain.

Note that in general a MC can have many limit distributions. The following result holds.
Proposition C.6. If a probability vector T is a limit vector of X, then it is stationary for the MC X.

Proposition C.7. Let i and j be two recurrent states Then,

N; 1
n—oco n 138
lim Nij(n) = pij
n—00 138

Theorem C.3 (Law of large numbers for MCs - Birkhoff).
If X is an irreducible MC with stationary vector w, and if f : E — R, then

1< _
=~ F(X) = iy = Ex(Xo)
=1

where in the last expression X is assumed to follow the stationary distribution (o).

Theorem C.4 (CLT for Markov chains).

Let X be an irreducible MC with stationary distribution  and f : E — R. Then, independently of
the initial distribution

1 - d
ﬁ(;fm) —npig) — N(0,03),
where

ny = EW(X0)>

0f = Va(Xo)+2)  Covr(f(Xo), f(X)).
=0
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Appendix D

Real sequences

Theorem D.1 (Abel’s Theorem). Let G(x) = S 7 aa® be a powerseries with real coefficients
ay, with radius of convergence 1. Suppose that the series - o oy, converges. Then G(z) is con-
tinuous from the left at x = 1, i.e.

rz—1~

lim G(z) = Zak.
k=0

Theorem D.2 (Domitated convergence theorem for sequences).

Let x(n, 1) be a double real sequence for which li_)m x(n, 1) exists forany | € N and that |z(n,l)| <
n—oo

y(l) with Zy(l) < 00. Then,
=0

o o0
nh_)rrolOlZ_;x(n,l) = lz_%"h_)rgo x(n,l)
n

nli_)rrolon(n,l) = lz(;nh_}rrgox(n,l)

=0
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