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PERTURBATION AND STABILITY BOUNDS FOR ERGODIC
GENERAL STATE MARKOV CHAINS WITH RESPECT TO
VARIOUS NORMS

Z. MOUHOUBI

This paper provides new perturbation bounds for general state Markov
chains with respect to various norms. The transition and stationary char-
acteristics estimates are given in terms of the generalized norm ergodic-
ity coefficient, the norm of a residual kernel, or the parameters given in
some drift condition. In fact, those results improve and generalize, for
general state-space with respect to various norms and for a more large
amplitude of perturbation of the transition kernel, the bounds obtained in
[1, 32, 40]. Furthermore, we improve some other inequalities established
in [22, 39, 41]. Theoretical comparison and on the basis of some examples
show the quality of the results obtained in this paper.

1. Introduction

Let X = (X;,t = 0,1,...) an homogeneous Markov chain on the measurable
space (E,&) with a transition kernel P and having a unique and finite invariant
probability measure 7. Suppose that X is perturbed to be another Markov chain
Y = (Y,,t =0,1,...} with transition kernel Q. In regular perturbation theory, we
usually assume that the perturbed chain Y has also a unique invariant probability
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measure v and we are interested in deriving the perturbation bounds (norm-wise
bounds) for the deviation ||V — 7| in term of the difference ||Q — P|| with respect
to a suitable norm. The perturbation analysis investigates the quantitative esti-
mates on the effect of switching from P to Q on the stationary distribution of the
chain. More precisely, we study the bounds of the type

lv =zl <xQ—-P| (1)

where K is the so called condition number. We have to point out that the most
results, in discrete state, are expressed in terms of the potential (fundamental
matrix) R= (I — P+ H)f1 or the group inverse A* of the matrix I — P; where
IT is the ergodic projector of P, i.e., the matrix with rows identical to 77 and
7 is the unique stationary distribution vector. We recall that the group inverse

K* = ( #') for a finite matrix K = (k;;), is the unique square matrix satisfying

the following equalities : KK*K = K, K*KK* = K* and KK* = K*K. We should
notice that the group inverse is a particular case of the Drazin inverse (see [7]).
Let D denote the deviation matrix of P defined by :

D=(I-P+I) ' ~II= Z(Pk M) =r-TI

provided that it exists. So from theorem 3.1 in [34], we have A* = D = R —TII.
According to [14], the generalized inverse plays a major role in perturbation
analysis for finite Markov chains and has computational advantages than the
deviation matrix D = R —I1. For more details on the potential matrix and the
group inverse, we can consult respectively [26, 48, 54] and [34]. The ergodicity
coefficient is also used in inequality (1). For a matrix B = (b;;) its ergodicity
coefficient is defined as follows :

L sup Y Ibi— bl
i,j€E kcE
Some excellent summaries about the coefficient ergodicity for finite matrices
can be found in [18, 50] and for infinite case in [19, 45—47]. Let us review some
known results on perturbation and stability bounds.

The first type of results concerns the sensitivity of stationary distribution for
finite Markov chains established with respect to the L” norm for p = 1 (total
variation norm : the sum of absolute values of the vector components) or p = oo
(the maximum absolute value). Here the matrix analysis is the main tool to
obtain different inequalities. The conditional number k given in (1) is investi-
gated in [9, 10, 15, 16, 28-31, 35, 36, 48, 50-53]. In the most framework, the
condition number is expressed in terms of the potential R = (I — P +I1) ~! (fun-
damental matrix : see [26, 48]) of the unperturbed transition matrix P, the group
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inverse A* of the square matrix / — P (see [8, 11, 17, 35, 43]) and the ergodic-
ity coefficients 7 (P), 7(R) or 7 (A*) (see [51, 53]). Especially, the following
norm-wise bounds are derived respectively in [51, 52] :

A
[v—ml < 1_7,5(},) (2)
if 7(P) < 1 and
v — x| < z(a%)|A]l. 3)

Note that 7(A*) = 7(R). We may consult the main review of those results with
a comparison between different bounds in [6]. It is shown in [30] that (3) is the
best norm-wise bound. More recently, the graph approach theory is used in [55]
in order to obtain a specific norm-wise bound.

For denumerable Markov chains, the use of the weighted norms (v-norms)
is the rule. Thus the more general v-norm-wise perturbation bounds of the type
(1) are investigated deeply during the last decade. Indeed, under the drift condi-
tion Dy (v,C,A,b) (will be exposed in subsection 3.2), a series expansion of the
unperturbed stationary distribution is established for regular and singular per-
turbation in [2]. Under the same condition, explicit bounds are obtained in [32]
and extended for continuous time Markov chains. Different type of bounds are
investigated in [40] and a strong stability estimates are derived under the con-
dition Dy (n,T,h, o) (will be developed in subsection 3.2). Recently, a compar-
ison of some bounds found in the literature for finite and denumerable Markov
chains has been done in [1] and also introduced a new bound based on series
expansions developed in earlier [12, 13].

The third type of results are devoted to general state Markov chains. Unfor-
tunately there are few published research concerning the perturbed bounds of
type (1) since the problem is more hard to derive those corresponding bounds.
Using the operator perturbation theory, some transition and stationary estimates
are established in [22, 23] with respect to various norms and in [24] with re-
spect to the weighted norm. In [39, 41], a renewal theory is used in order to
obtain the transition and stationary bounds with respect to various norms. For
nonhomogeneous Markov chains, transition characteristics and stationary esti-
mates are considered in [3] and established with respect to the total variation
norm. The norm-wise bound (2) is extended for the general state space in [38,
Inequality (3.11)] with respect to the total variation norm. However, the per-
turbation bounds are established in [22, 23, 39, 41] for a wide class of various
norms where the total and weighted variation norm are particular cases. We
point out that the need of perturbation bounds with respect to various norms
comes from the fact that most of the results are established for a class of geo-
metrically Markov chains with respect to the total variation norm. However, a
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wide class of Markov chains are not geometrically or uniformly ergodic with
respect to the total variation norm like several processes in the queuing systems
or other (see e.g. [37]). For example, the simple Bernoulli random walk on
E =7, ={0,1,...} with absorption at zero is not uniformly ergodic with re-
spect to the total variation norm. The choice of the appropriate norm depends
on the structure of the process. For example, in queuing theory with an infinite
capacity of the queues and risk theory, we often use the weighted norms. For
quantum Markov processes we use the Schatten p-norm or any unitarily invari-
ant norm. For the most models described by finite-state Markov chains, we use
total variation norm (for example for some inventory models and finite queues).
The first goal of this paper is to establish new perturbation and stability
bounds for the transition and stationary characteristics as well as to extend for
general state and to various norms some existing results obtained either for dis-
crete state or for total variation norm. The second goal is to improve other
stability estimates in a more wide stability domain of the unperturbed kernel P.
This paper is organized as follows. Section 2 contains the necessary defi-
nitions and notations. In section 3 we expose the main results, with respect to
a large class of norms, concerning the transition characteristics. In section 4,
we provide the norm-wise bounds for the stationary distribution in terms of the
norm of the residual kernel, introduced in the mixing condition Dy (n,T,h, o),
or of the norm ergodicity coefficient. Moreover, we derive explicit bounds un-
der the drift condition D, (v,C, 4,b). In section 5 we expose examples showing
the quality of our results. Finally, to make reading easier for the reader, we
present in the appendix the most important results obtained in [32] for which
comparisons were made with respect to some results reported in this article.

2. Preliminaries and notations

Let us consider X = (X;,# = 0,1,...) an homogeneous Markov chain taking
values in a measurable space (E, ), where E is the state space of the Markov
chain X and £ is a countably generated c-algebra. Moreover, we assume that
X is given by a regular transition kernel P(x,A), x € E, A € £ and having a
unique and finite invariant probability measure 7.

Denote by m&, fE€, and b€ the spaces of finite signed measures on £, mea-
surable functions on E, and measurable bounded functions on E, respectively.
Letm&™, fE, and bE™ the cone of nonnegative elements in these spaces.

For all kernel K(x,A), x € E, A € £, all measurable function g € f€, and
all signed measure y € m&, we introduce the following well known operations:

Kg(x) = [pg(y)K(x,dy), UK(A) = [p K(x,A) u(dx) and pg = [ g(x) p(dx)
provided that these 1ntegrals are well defined. Assume that a Banach space 971
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is given in m& with a norm || - || satisfying the following condition
1I(E) < k| for u € M. @)

Where |u] is the variation of the measure u and k is a finite positive constant.
We introduce the following consistency condition on the norm with the order
structure and the uniform topology in mé:

]| < |l + ||V € M Vi=1,2 (5)

Nl <l — 2] Vi € MT and py L po. (6)

The conjugate norm is defined on the dual space 91 of functions with finite norm
as follows: || f|| = sup{|uf],||tt|| < 1}. Furthermore, we introduce the space 8B
of operators K such that 91K C 9t and the following corresponding operator
norm is finite ||K|| = sup{||uK]||,||t|]| < 1}. In the sequel of this paper, we use
the same notation || - || for the measure, function and operator norms. Moreover,
transition kernels and corresponding linear operators are denoted by the same
symbols. By definition, 4 < A if and only if A —u € M, and K| < K; if and
only if u (K, — K;) € M for u € M*. We define the product KK, of two
kernels K; and K> as follows

V(x,A) e ExE: KiKy(x,A) = /K1 (x,dy)Kx(y,A).
E

We denote by K’ the ¢-times product of K by itself and K = I, where here
I(x,A) = Tjcqy is the unit operator in 901. We assume P € B, that is,

9P C M and ||P|| < eo.

For a function f € 91 and measure p € 91, we denote f ® U the kernel defined by
(fou)(x,A)= f(x)u(A) forall x € E and A € £. The stationary projector IT of
the kernel P on (E,£), is defined as a kernel which verifies [P = PIT =I1> =11
and pulIT = pu provides that uP = u for u € 9. If a kernel P admits a unique
invariant measure 7, then P has a unique stationary projector IT of the form
IT = I® & where 1 is a function identically equals to the unit (see [24] for more
details). Observe that (4) ensures that ||I|| < k is finite and so if 7 € 91 then
|| = || T® x| < |[1|| ||| is also finite.

Let a measurable function v on E such that i = iIb}f v(x) > 0. Define, for all

U € m&, a weighted variation norm

il = [ v lul(@). ™
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This class of norms will be considered in examples of section 7. Le denote
M, = {u € m& : ||ul|, < oo}. The corresponding norms in I, and B, are of

the form
171 = sup (LI ana ), = s (NPT

x€E V(]C) V()C)

For a signed measure u € 9, the v-norm, for v = 1, coincides with the total
variation norm of .

The following definition is a generalization, for any norms verifying (4)-(6),
of the classical uniform ergodicity of a Markov chain usually defined for either
weighted or total variation norm.

Definition 2.1. The chain X is called uniformly ergodic with respect to a given
norm || - || if there exist positive constants p < 1 and C < oo such that for all
t € Z, we have

|P"—T1|| < Cp". )

An alternative definition of the uniform ergodicity states: ||P" —1II|| < p’ for
t > N. We point out that we do not know the length of the transition phase. Some
explicit estimates of the rate of convergence in (9) for general state space are
established earlier in [23], and recently in [41] for norms other than the weighted
or total variation norms. Bounds for some class of Markov chains (Doeblin’s
Chains, reversible chains, monotone chains, etc.) have been established with
respect to the weighted and total variation norms (see e.g. [37, Chapter 16] and
the references therein).

For a probability measure 7(°), we define the distribution of X over ¢ steps
by nt) = nO P! (transition distribution) where r > 1. We introduce an other
Markov chain Y = {Y;,7 € Z. } given on the same phase state (E,£). Let denote
Q the transition operator of ¥ and v = y(0) Q' the distribution of Y over ¢
steps. Thus X is regarded as the unperturbed chain, whereas Y is considered as
the perturbed one.

It is well known in general perturbation theory that the first goal is to estab-
lish upper bounds for the deviation of transition or stationary characteristics in
term of the deviation of the transition operators |[P — Q||. For this, we denote
A=Q—P,A =0 —P and A = v() — 7 for s > 0.

To establish the perturbation bounds, we will use the generalization of the
concept of ergodicity coefficient of an operator. Thus, for all operator K € B
and an integer m > 1, we define the norm ergodicity coefficient of order m of K
as follows

An(K) = sup{|uk™ | : [|u]l < 1, € Do}

with My = {u € M : u(E) =0}.
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For the total variation norm and discrete space, the norm ergodicity coef-
ficient A,,(K) coincides with the well known ergodicity coefficient denoted by
Tn(K) (eg. [49]). It is easy to show that for transition operators K, K, we have
Ay (Kin + Ké") < Am(Kl) + Am(Kz) and A (Kanén) < Am(Kl)Am(Kz) More-
over, and in contrast to the total variation norm, we may have (for example for
the weighted variation norm) A;(K) > 1 for a transition operator K. It is of in-
terest to precise that for the norm which verifies (4)-(6), the uniform ergodicity
of the chain as it is stated in definition 2.1, is equivalent to the existence of an
integer m > 1 such that A,,,(P) < 1. Finally, in the sequel of this paper, we de-

_ _ i _ i _ S _ S
note Ay, = Ap(P), g5 = max 10, ps = max P[], q = igg 10°Il, p= igg 1P,

As= max ||A;|| and Ay = max A;(P). Furthermore, we denote | x| the largest in-
<i<s <i<s
teger less than or equal to x. Henceforth, we use the generic || - || sign whenever

the result holds for any norm verifying (4). In the case of the v-norm (weighted
variation norm) or the total variation norm we use || - ||, and || - ||; respectively.

3. Perturbation bounds of transition characteristics

3.1. General perturbation and stability bounds

We start our investigation by stating the following lemma which allows us to
establish the main results of this section and theorem 4.7 in section 4. For
this, we denote by By = {K € B : KI =0} the set of all weak derivatives of
transition kernels and Q = {K € B : KI = al, for some a € R} D B the set
of all Markov chains up to some normalizing constant. Note that any transition
operator belongs to Q.

Lemma 3.1. Let L € By, K € Q and u € My. Then, for allt > 0 and m > 1,
we get
LK™ || < [|IL|| (Am(K))' (10)

and
K™ | < el (Am(K))" (11)
Proof. Consider a fixed integer m > 1 and the operators sequence {H, };>¢ de-
fined for all # > 0 as follows
— 1 tm
l& |

Notice that H, € B for > 0 and ||LK™|| = ||L|| ||HoK™||. Thus, assuming the
following identity is true

t

t—2
LK = )| TT Ik
k=0
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Then we have

t—2
LK™ || = LKD" | H K™ = (HLH [1 HHkK’"H> |[H: 1 K™
k=0

-1
= |IL|l T T Ieek™ .
k=0
Hence, we obtain by induction that for all ¢ > 0,
—1
1K™ | = |ILI| TT IELK™]. (12)
k=0
Moreover, for all measure u € 9% and ¢ > 1, the measure v = uH, € 91y and
verifies ||v|| = ||uH, || < ||p||- This yields the following assertion
||, K™ (| = sup{|[p (HLK™)| : [|u]l <1}
< sup{|[EK™| : | < 1,B(E) = 0,]t € M} = An(K).

Substituting the latter estimate in the identity (12), we obtain inequality (10).
Let denote

tm

UK"™.

By

|
So in the same way, we obtain the following identity

—1
Tuk™ || = ]l TTIBeK™ |- (13)
k=0

Furthermore, for all k > 0, we have By € M, and ||B,|| = 1 and consequently
|BxK™|| < Am(K). Thus,by utilizing the previous estimate in the equality (13),
we derive (11). ]

The first estimate concerns the upper perturbation bound for the deviation
of the transition operators over z-steps where ¢ > 0.

Theorem 3.2. For allt > 0 and fixed m > 1, we have

1—Al
1Q™" = P™ || < (s 1ym [| A - (14)
1—Ap,
and ]
1— A" L
10 =PIl < Qe llAnll ===+ As 18 1 (1)
1 —Am m
Moreover, if we assume A,,, < 1 and q < oo, then the following inequality holds
(o 1Al <
sup||Q' =P < q +Amn-1- (16)

t>0 1- Am
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Proof. For all t > 1, we have Ay, = Q™A 1), + A, PU~ D™, Utilizing the in-
duction procedure, we obtain the following identity

A = QU"A, +QU=2mA, P4 4 A, P, (17)
This yields to the following inequality
18unll < 10D 1Al + 11O 2 [ 11AnP™ | + ...+ 1|8,
So using lemma 3.1, we obtain

Al < 1 [ 8wl +1Q ™ [ Aml| A+ | Anl| A,
At

<NAwll  sup (O (T+Am+ .+ AL =q1ym | An H
0<s<(t—1)m
So, the estimate (14) is established.
Set t = km+ s where s = 0,m—1 and k > 1, then we have the following
recursive equation A, = QA + A Pkm_ Therefore, using (17), we get

k—1
o -P =0 (ka - P"’") +(Q =P P =00 Y O A, I AP
i=0

k=1
— Z Qim+SAmP(k—1—i)m 4 (QY _ PS) Pkm.
According to lemma 3.1, we obtain

k—1 ; . ’
1A < @ [[An]| ¥ AL A @i — Pl
i=0

L]
l_A m
<q HAmH =

L]
Toa, T 1A £ -

Then inequality (15) is obtained. Moreover, the inequality (16) follows from the
condition A, < 1. O

Remark 3.3. It is easy to derive corresponding estimates directly in term of the
deviation ||Al|. Indeed, we have the relation A,, = Y;"", QkAPm k=1 Then, we
obtain

1An]l < maum—1 An—1 [|Al] < m @1 Pm-1[All.

The need to consider a wide class of norms is explained in the introduction
of this paper and is related to the fact that several processes are not necessar-
ily uniformly ergodic for the usual total variation norm and consequently have
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Ay = T, = 1 for all m. Hence the bounds [38, Bounds (3.11) and (3.15)] are
not applicable. A simple example is given by the Bernoulli random walk on
E =7, ={0,1,...} with absorption at zero which will be investigated in ex-
ample 5.3 of section 7. For this aim, theorems 3.4 and 4.7 extend, for various
norms, [38, Bounds (3.11) and (3.15)].

Theorem 3.4. Let us assume A, < 1 for some m > 1 and q < oo. Then, for all
t > 0, the following estimates are fulfilled

L]
L 1—Ay"
1A < @ As! +a: [V === [ (18)
and
0) 0) vl q
sup [ < A [y + VO Aoy + T A, (19)
1=

where ©,, = HA(O) me—l + ||V(O) me—l < ||A(O)H Pm—1+ HV(O)HZm—l-

Proof. From (17), we have for every integer t = km + s where k > 1,

v g0 = ) (ka _ pkm) + (v@ _ ,,m) phm

5) kil 0", P*-1=0m (v(s) _ n@)) pkm
i=0

0) kf Qs A, pk=1=m (v(s) _ n.(s)) pkm
i=0

Therefore, utilizing lemma 3.1 we derive

lsl-1 .

Ll—1—i

A0 < VO gAY A
i=0

L)
I — Ay L L
= VO g = A 4+ AL A (20)

4 [|AC-LEm ) AL

Furthermore, we have for all s = 0,m — 1, the 1dent1ty A®) = AOPps L yO A,
which yields the following inequality ||A®)|| < [|[AQ || As(P) + ||V ||A]|. Tt
follows the following inequality

sup (A < [AOY Aot + VO Byt A [Py + [V B 2D)

0<s<m—1

The bound (19) derives straightforwardly from (20) and (21). ]



PERTURBATION BOUNDS FOR GENERAL STATE MARKOV CHAINS 253

Remark 3.5. Observe that for the total variation norm, the inequalities (18) and
(19) become

) O L% 1L) 1— Ay
1891 < (IAO + Bt ) AR + =2 (|4l 22)

1*/\m

e ™
sup [ A1 < [[A@ |y + By + 1m0 (23)

>0 1-— Am

It is worth noting that the bound (22) coincides with [38, Bound (3.15)].
Theorem 3.6. Let us assume A,, < 1 for m > 1 and p = sup||P'|| < eo. Then,

t>0
forallt >0 and Ay, + ||Anl| < 1, the following estimates are fulfilled
L + A
A0) < @y (A + anl) 5+ 0 p, =Bt IIAH)II 18l @4
m
and
) ) o)1 |7 p
sup [|AY || < [|A™ | pm—1 + |V ”Am—l‘i‘mHAmH- (25)
>0 m = [|Aml|

Where ®,, is defined in theorem 3.4.

Proof. We have for every integer t = km + s where k > 1,
v(t) _ 7C(l) _ n.(s) (ka _Pkm) + (V(s) . JT(S)> ka

k=1
5) Z PmA,, 0k 1=0m (v(s) _ n.(s)) o
i=0

k—1
— 70 Z pimtsp, ok=1=0m (v(s) _ n@)) o,
i=0

According to lemma 3.1 we get:

k—1 . ‘
A < 170 BellAnll X (Ao 180+ 1A (A -+ )
i=0

- (()) m m
= |z A+ 1AD]] (A 4+ || A
The assertion follows from the latter and (21) which complete the proof. O

Remark 3.7. If we consider the usual total variation norm, we must point

out that those bounds are useless if are greater than 2 since sup||A;|| < 2 and
>0
sup [A)]| < 2.

>0
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3.2. Estimates of the parameters q and p

The previous bounds are expressed in terms of the parameters q and p. In gen-
eral situations, the structure of the transition kernel P of the unperturbed Markov
chain is generally simpler than that of the perturbed chain Y. Consequently, the
spectral decomposition of P allows us to estimate p more easier than q. Espe-
cially, the index q is finite if, in particular, the Markov chain X is uniformly
ergodic and aperiodic for all sufficiently small ||A|. In the case of the total vari-
ation norm, we have p = q = 1 and the previous bounds are sufficiently explicit.

For this purpose, we establish in this subsection some estimates of these
parameters under some conditions. First we consider the following mixing con-
dition for the unperturbed Markov chain X.

Dl(l’l, T, h, OC)I

D [|P]| <ee.

II) There exist a natural integer n, nonnegative measurable function 4 € 917,
measure o € M such that: oh > 0, wh > 0, ol = 1 and the operator
T = P"—h® o is nonnegative.

III) ||T|| < 1 (T is called proper or quasi-compact for the norm || - ||).

Remark 3.8. Condition (II) is fulfilled for all Harris Markov chains. Further-
more, conditions (II) and (IIT) for the usual total variation norm ||u|| = |u|(E)
are equivalent to the well known Doeblin condition for the kernel P to be quasi
compact. For more details we may consult [44, Chapitre 6.3]. Observe that
calculating ||7'|| is not easy to do. For this, we use the following equivalent
condition for (III):

IV) There exists p € [0, 1] such that ||T|| < p.

For the weighted variation norm, condition (III) or (IV) is equivalent to the
following condition: there exists p € [0, 1| such that

Vx €E: Tv(x) < pv(x). (26)

We point out that the kernel T is called the residual kernel (see [39]). In some
situations it represents a degenerate kernel that avoids entering some specific set
state A (Markov kernel conditioned on the even that the chain does not reach A).
In this case, T is called a taboo kernel and denoted by 4P (see [37] for details
and the references therein).

It is worth noting that finding the appropriate substochastic kernel 7 which
verifying condition (II) may be done by using the first input and last exit formula
(eg. see [37]). This technique have been used in an elegant and flexible way in
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[24]. The form of the kernel T is not unique. Unfortunately, condition (III)
is more difficult to be satisfied and consequently choosing appropriate kernel T’
verifying conditions (II)-(III) is more hard to do. Note that the choice of a kernel
T is equivalent to determining a function /# and a measure . Unfortunately, the
optimal choice of the kernel 7', and consequently the choice of the function A
and the measure ¢, remains an open problem.

The two following results establish the estimate of p and q under the mixing

condition Dy (n, T, h, @).

Proposition 3.9. Assume that condition Dy(n,T,h,a) holds. Then, the fol-
lowing estimates are fulfilled for all perturbed transition kernel Q such that
1Al < 1=[IT|:

]l cx]l
i _ 27
Sup”Q H q’l) - (I—HTH_HAHH)Z =0
and || || x| ( )
. ’ h ‘ ||a | n—1 1 Pn—1
i 28
gOPIIQII (T=T] = [A]]? =

Proof. Since T, h and « are nonnegative, so from the sub-condition (II) of the
condition Dy (n,h, o, T), we get for all x € E: 1 = P"(x,E) > h(x)a(E). This
yields, forallx € E and A € £, h(x)o(A) < 1. Hence, for all i > 0, we obtain

00" =| [ [ a(an@"(ryht)| < 1. 29)
Moreover, we have for all i > 1
Q" = g — @li=Nnpr  gli=Nny L oli=Unp g
=0 nA,+T)+ 0 e a.
Therefore, we get
laQ™ || = e (@ (A +T)) + (2@ h)ar|
< @ 14w+ T + @ V"h] et

This implies the following inequality

' o] 1
sup llaO™|| < ———— | (i )”h .
wp o] < 1 jagl

Since ||An+T|| < ||Au]| + ||| < 1 and from (29), we obtain

, o

T 7~ A G0
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Note that for i = 0, the last inequality (30) holds also true. Furthermore, from
the trivial recursive relation Q" = (A, +T)QU" V" + h@ Q1" we obtain

1™ < 1097 [1An +T |+ [loc@ ] 1]

This yields the following

thlsupllaQ’”H (€29)

1
su _—
opll0" < TR 7

By using the latter inequality and (30), we derive (27). Moreover, for ¢t = kn+s
where 0 < s <n—1, we have

”QtH < Han”HQSH < d(n) dn—1 < d(n) (Kn—l +pn—1) . (32)
Therefore, by using (27) and (32), the inequality (28) is derived. ]

Proposition 3.10. Assume that condition D1(n,T,h, Q) holds. Then, we get

o 4]l
sup |P"|| =P ST+ (33)
supllPll =P < I+ 72
and 1]l
- o
p—meW§(wm+)M4. (34)
I - |T]I)?

Proof. We consider the probability distribution (p,;n =1,2,...) defined for all
n>1by p, = aT" 'h. We denote by d the positive integer called the period
of the Markov chain defined by d = gcd{n > 1: p, > 0} > 1. Under the con-
dition Dy(n,T,h, @), we have d = 1 since p; = ah > 0. In this case P is called
aperiodic transition kernel. It is well known that (p,;n = 1,2,...) verifies the
following renewal equation

D) =0, (<0; (35)

According to [41, Relation (1)], we have P =T'+ Y} ¥ QL[.’jTih@ oT/, where
i>0j>0

A{;=A(t —i— j). From the latter equation, it follows that for z > 1:

(1]l ] ex]l
Ill’t\\<HTt|!JrSIJI>7L HhHHaHZZHTH’*’<|!TH+( —ITIE
i>0j>0

The inequality (34) derives straightforwardly from (33) and the obvious inequal-
ity p < p(u)Pn-1- O
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Remark 3.11. It is worth noting that under the mixing condition Dy (n, T, h, &),
(zh) ||od]

we can easily establish (wh) oo < @ = (7wh) a (I — T)il and |[7]| < 1—||T|

In the sequel of this section, we derive explicit bounds, with respect to the
weighted variation norm, under the following drift condition.

D, (v,C,A,b): There exists a finite function v bounded away from zero, a
measurable set C and positive constants A < 1, b < oo such that:

Py < Av+blc. (36)

It is well known that if X is an aperiodic Markov chain with transition kernel
P, then X is geometrically ergodic if and only if P satisfies the drift condition
D, (v,C, A, D) for an unbounded test function v > 1 (see [37]).

Proposition 3.12. Under the condition Dy(v,C,A,b), we have the following
estimate

(37)

b
sup||P|,=p <A+ ———
e A T

Where h = inf v(x) > 0.
xek

Proof. Using the induction procedure from the inequality (36), we obtain:

P’v—/lv+biz"—/lv+bl_7w < vt 2
B =5 1-1 1-2

According to the latter and the definition of the v-norm (see relation (8)), we

get:
P’v(x)> ( 1 b >
P, =su < <sup[A+—F—+
L AT A ANATE R
<A+ .
<;2£v(x)> (1-2)
This yields the desired result. O

Remark 3.13. By integrating both sides of the inequality (36) with respect to
the invariant probability measure 7, we get 7Pv < A wv+ b7(C) and using the
invariance of 7 with respect to P, we obtain the following estimate

br(C)
1-1

wv=|xl, < (38)
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4. Perturbation bounds for stationary distributions

In order to preserve the irreducibility of the unperturbed chain, we have to con-
sider the problem of the stability effects. For this, we consider the perturbed
kernel Q with an invariant probability measure v. Since Vv is an invariant mea-
sure of Q (v =vQ) and vI =1, we get easily

v([—P+II)=v(Q—P)+VII=v(Q—P)+m.

Moreover, R = (I — P+TI)~! is well defined according to the basic theory of
the linear operators (see [21]) and TR = 7. Hence, we have

v=v(Q—P)R+nR=v(Q—P)R+.

However, AIl = A(I® ) = 0. Hence, v = VA(R —1II) + 7, and consequently
v—nm=VAR=Vv—n=vVA(R—TII). This yields v(I—A(R—-1I)) = xm. If
|A(R—TI)|| < 1, then the operator (I —A(R—1II)) ' exists and norm bounded
and its Neumann series converges. So we have straightforwardly the following
relationv=m (I—A(R—T1)) ' =7 ¥ [A(R—TI)]*. Or, explicitly,

k>0

v-r=r) AR-M]' =z ) [AR-TI)]". (39)
k>1 k>1

In the sequel, we consider norms satisfying (4) and we assume that ||R|| < oo
and [|TI|| < o which implies that the deviation operator D = R —IT has a finite
norm (||D|| = ||R —I1|| < ). Indeed, if the considered norm satisfies also the
assertions (5)-(6) as the weighted and total variation norms, it follows from
[21], then the chain is uniformly ergodic (see definition 2.1) with respect to
this given norm if and only if the operator I — P +1I1 is invertible and ||R|| < oo
where R = (I — P+11)~!. Further, ||TI|| < o. Consequently, this implies that
|D|| = ||R —TII|| < oo (see more details in [21]).

Now we state a result that establishes a sufficient condition in order that a
perturbed chain admits an invariant probability measure. The sketch of proof
is similar to the one used in [1, Theorem 1], for the discrete state, but with
differences from the subtle issues arising from dealing with general state space.

Theorem 4.1. Let X a Markov chain with regular transition kernel P with a

unique stationary distribution © and Q is the transition kernel of the perturbed

chain. Assume that the Neumann series © Y, [A(R—T1)]* converges to some
k>0

finite nonnegative measure v =1 (I—A(R—T1)) "' = (I—AR) ™.

1. The limit v is an invariant probability measure of the kernel Q.
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2. If we assume, additionally, that the perturbed chain is ergodic, then Vv is
the unique stationary probability measure of the transition kernel Q.

Proof. Tt is well known for the potential R, we have (I — P)R = [ —I1. Multi-
plying this equation from the left by v, that is taking integral with respect to the
measure vV, we get

v—m=v([—P)R. (40)
Further, we have
+o0 L +o0 L 4o
v=r Y (AR)'=rn+71) (AR)'=rm+7| Y (AR)* | AR=r7+VAR. (41)
k=0 k=1 k=0

By subtracting (41) from (40), we obtain : v(I—P—A)R=v(I—Q)R=0.
Since R exists, so its inverse also exists (see this result in [21] and the remarks
above). Multiplying this latter equation from the right by the regular kernel
[—P+T1=R"!, we obtain v (I — Q) = 0, which yields vQ = v. This proves
that v is an invariant measure of Q. Moreover, by multiplying the relation (40)
from the left by the function T and using the fact that RI=PI=/1= 1 and
nl=1, we obtain: vI—7rI=v(/—P)RI=0<« vI=1. Hence v is an
invariant probability measure of Q. Consequently, the first assertion is proved.

Since the transition kernel Q is ergodic, then llrll 0o = T where I1 is the
t—> oo

stationary projector of @, that is by definition the stochastic kernel verifying
QH HQ 12 =11 and ,LLH U provided that pQ = for p € M. In
this case, 1= I® # where 7 is the stationary distribution of Q. Since V is an
invariant measure of Q as it is proved above, we have v = vQ' for all ¢, this
yields v = tETwVQZ = v =v(I®#)=(vI)# = #. This proves that v is the

unique stationary distribution of the kernel Q. O

The following theorem exposes general upper stability bound under the mix-
ing condition Dy (n, T, h, &) for n = 1. This bound is better than those obtained
in [24] (see proposition 7.2 in the appendix) and valid in a more large neighbor-
hood of the unperturbed kernel P.

Theorem 4.2. Assume that the condition Dy(1,T,h, &) holds.

1|7
LAl < ——0
I+ (o—1) [T

probability measure v such that

then the perturbed kernel Q has an invariant

I+ (c-DT]|
=Tl =1+ (e =D [T Al

v —=| < || 1Al (42)

where o = || —I1|.
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Proof. According to the mixing condition Dy (1,7,h, o), we get ||T|| < 1. From
[25], we get the relation R —I1 = (I —IT) Ry (I —1II), where Ry = (I—T) "
Hence, by using AIl = A(I® ) = (AI) ® T = 0, we derive

AR=AR-TI)=A(I—TI)Ry (I —TI) = ARy (I — IT).

Moreover, we have ARy (I —I1) = A(I+TRyr) (I —11) = A(I+ TRy (I —11)).
Hence, we get:

ARy (1~ T1) || = G+ TRy (1 — D) | < [A] (1 4+ 7] [Re 17— 1))
7)) LT+ T -1
<|a| (1+) N ( )

L=}l =T

1 —H||T
<oy (FH= L), @)

The condition ¢ < 1+ ||I||||z|| involves ||AR|| = ||ARy (I —11)|| < 1. Con-
sequently the Neumann series @ Y [A(R—1II)]" converges and according to
k>0

theorem 4.1, the kernel Q admits an invariant probability measure v such that
v=m ¥ [A(R—II)]*. Substituting the expression of A (R —1I1) in the equality
k>0
(39), we obtain: v—m=m Y [A(R-II)]" =7 ¥ [ARr (I -TI)*. By taking
k>1 k>1
the norm both sides of this last equality, we get:

7]l [ARy (1 —1T) |
lv—=| < |lzll ¥ ARy (1 —T)|[* = : (44)
k; 1 —[|ARy (I-TI) |
The bound (42) follows from combining (43) and (44). ]

Remark 4.3. Observe that the bound (42) is better than those obtained in [24,
Theorem 2] and holds for more large magnitude of perturbation for the unper-
turbed kernel P (see inequality (67) of proposition 7.2 in the appendix), since
o < 1+ ||I||||z|| implies 1 + (o — 1) ||T|| < 1+ ||1|| ||| || T||. Moreover, if we

consider the weighted variation norm || - ||,, where v is a measurable function
on E such that s = in£ v(x) = 1, as assumed in [1], the bound (42) provides the
xXe

following estimate :

L+(o—1)|T]
Iv—z < | Iy
I T =r=a v e - o mnar
L+l T
< Il @45)

L= T = (U I [All
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While the bound [1, Inequality 38] is established for discrete state and for the
specific function v(n) = " where B > 1 and n € S C N, is given as follows :

L+ ||=|

v —=| < || 1Al
=T = (U =) 1Al

(46)

It is clear that the bound (45) is better than (46) and valid in a more large neigh-
borhood.

The two following theorems derive explicit bounds, with respect to the
weighted variation norm, under the drift condition D, (v,C,4,D).

Theorem 4.4. Let us assume that P verifies the drift condition Dy (v,C,A,b) and

b—o

0 =A-+sup <v> < 1 where ot(A) = inf P(x,A) is a non trivial measure
xeC v(x) xeC

andv > 1.

R
1+pl7

v
variant probability measure vV such that:

L If ||A]l, < , then the perturbed transition kernel Q has an in-

Izl (L +plizlly) Al

47
—p—(L+plxl) Al 47

where p = max (1, 0).

(1-p)(1-2)
1-A+pbn(C)
ant probability measure and we have the following inequality

2. Any transition kernel Q such that ||Al|, < has an invari-

br(C) (1 =A+pbxa(C)) [Al _
(1=p)(1=2)* = (1=2) (1= A +pb7(C)) ||All,

(I-p)(1-4)
1-A+pb

lv ==, <

(48)

In particular, if |A||, < , then Q has an invariant proba-

bility measure v such that

< ; 9
(I=p)(1=2)"=(1=2) (1 =4 +pb) [[All,

Proof. We consider the residual kernel defined for x € E and A € £ by:

P(x,A), x¢C
T(x,A) = P(x,A) —h(x)a(A) = { P(x,A) — inf P(x,A), x€C,

xeC
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where h(x) = I¢(x) and a(A) = in(ij(x,A). Hence, T'(x,A) >0 forallx € E
xe
and A € £. Therefore,

Tv(x) :{ Pv(x), x¢C

Pv(x)—av, xeC.

Utilizing the drift condition, we obtain:

Tv(x)g{ A(x)+b—av, xeC v(x)

Av(x), x¢C Tv(x) < { A, x¢C

which implies that ||7||, < p < 1. Further, we have ||P||, <A +

mfv( ) <

Therefore, the unperturbed chain verifies the condition Dy (m, T, h a) There-
fore, according to the inequality (38), we derive

br(C) < b

mv=|=x —
v=lal < ) < 2

Since o < 1 + ||7||,, then we have
I+ (oD Ty <1+|=l [Tl < T+p =l

v /1+pbn( )

involves that the hypothesis of theorem 4.2 is satis-

Therefore, each of the conditions ||A|| < ————

(1-p)(1-2)
Ay < ——F——-

or 18l < s
fied, which therefore implies the existence of an invariant probability measure
for the perturbed kernel Q. The first claim (47) follows directly from (42). The
bounds (48) and (49) derive immediately by replacing ||7||,, in the condition

— b b
Al < 1+PH’7)THV and in (47), with their upper bounds 171_ 7L) and e

spectively. O

I+p H v’

In the next theorem we consider the test set C = {xo}, where xo € E and
we denote 7, = 7 ({x0}). So we can obtain similar results like (47)-(49) un-
der weaker conditions. The proof is quite similar to those of theorem 4.4, and
consequently we omit some details.

Theorem 4.5. Let xqg any fixed state in E and assume that the drift condition
D>(v,C,A,b) is verified where C = {xo} and v > 1.
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1. If ||A||y < ———=—, then any Markov chain with a transition kernel Q
1+ A|x|,

has a unique stationary distribution v such that

[17lly (74 A [[l,) |A]],

lv—rll, < : (50)
=24 —(1+A]=]) Al
2. Any transition kernel Q such that ||Al], < & has a unique
Sl "S 1A+ Abm, 1

stationary distribution v such that

bmy, (1—A+Abmy)| Al

v ==l < 3 - (5D
(1=2)"=(1=2)(1=A+Abmy) ||Al,
In particular, if ||All <(1_7;L)2 then Q has a unique stationa
n particular, i ST A1) unique stationary

distribution v with
b(1+A(b—1)) Al .
(1=2) = (1=2) (1 + A (b—1))||A]

lv—=l, <

(52)

Proof. The existence of an invariant probability measure for the perturbed tran-
sition kernel Q under the condition ||Al|, < h=2) Ay < M or
P h+A ], T A+ A (b—h)
A(1—2)?
1]l <
h(1—A)+Abm,
kernel defined for x € E and A € £ by:

follows from theorem 4.2. Let consider the residual

P(X,A), x?éxo
0, X = X,

T(x,A) = P(x,A) —h(x)a(A) = {

where h(x) = I¢(x) and a(A) = P(xg,A). Hence, T(x,A) > 0 for all x € E and
A € &. Therefore, Tv(x) = { Pv(x), x#x

0, X = XQ.
Using the drift condition, we derive

Av(x), x#xo Tv(x) <{ A, x#xo

<
Tv(x)_{ 0, X =Xxp = vix) — | 0, x=uxo,

b
which yields ||T||, < A. Moreover, it is easy to get ||P||, < A + ) < oo,
v(xo

Hence, the unperturbed chain verifies the condition Dy (1,7, 4, ). Taking into
account that 7 (C) = my, and the estimate
bmy, b

<
1-2 - 1-17

mv=| x|, < (53)
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we derive simply (50)-(52) by following similar sketch of proof than those of
theorem 4.4. O

Remark 4.6. The bounds (50) and (52) extend to general state space and im-
prove [32, Bounds (3.3)-(3.4)] (see the bounds (68)-(69) of proposition 7.3 in
the appendix). Moreover, they are valid for more large magnitude of perturba-
tion. Note that the bounds (50) and (52) improve (68)-(69) in both numerator
and denominator. Let us point out that the estimate of ||7||, = wv in theorem
4.5 may be improved from (53) and by taking into account that 7h = m,,. We
obtain the following estimate:

min (b, av) my,
1-2

The stability bounds obtained in theorem 4.5 and 4.4 are given in terms of the
parameters A and b of the drift condition D(v,C,A,b). Since the geometric
ergodicity is often established for many complex processes, which are not nec-
essarily random walks, by using the drift condition D, (v,C,A,D) (see e.g. [37]
and the references therein), it follows that the obtained perturbation bounds may
be applied for more complex processes other than random walks. We point out
that recently in [42], it is proved that the waiting process in queuing systems
with impatient units (a process which is not random walk in the classical mean-
ing) is strongly stable and some stability estimates were obtained.

= ||zl <

The next theorem gives the upper bound perturbation for the stationary dis-
tribution in term of the norm ergodicity coefficient.

Theorem 4.7. Let assume A, < 1 for m > 1. Then, for all transition kernel Q
such that |Ap|| < 1 — Ay, has an invariant probability measure v. Further, the
following estimate

A(m) H I

1—
is fulfilled provided that q,,) = sup||Q™|| < ee.
>0

lv—=| < il (54)

Proof. For the skeleton X" of the chain X, its potential R, is given by the rela-
tion
Ry=(-P"+I)' =Y (P"—TD.
k>0

It follows that R, —IT=}~¢ (Pk’” — H). By using lemma 3.1, we get
1Am (R =T | < [[Am[[ A (R —TT) = [|Am[| A(Rm)

|
<11anll XA (P) < lanll Y A% =

k>0 k>0

A H.
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Therefore, the condition ||A,| < 1 —A,, involves ||A,, (R, —II)|| < 1, and
consequently the series 7 Yy~ [An (R — I1)]* converges. Hence, from theorem
4.1 the transition kernel Q™ has an invariant probability measure v such that
V=" Y>0[Am (Rn— H)]k. Furthermore, for ¢ > 0, we have

gtm) _y(im) — () (pim _ my | ( (0) _ v(e)) o
According to lemma 3.1, since A, I = 0, and from
A(Q") = AAn+P") < A(A) + A(P") < [|An]l+A(P") <1,
we obtain

A < (17O | Ag]| + 7@ = v O (A Q™))

< NN A+ 17 = VO (A ] +An)"
Utilizing (14), we get
Al
1A < @y |7 1A H A " | = VO ([ A+ A’
< ) [ 7] (0) _/(0) ‘
< 1| L 12 VO (] + An)
m

Finally, substituting 7 = 7 and v() = v in the latter inequality, and taking the
limit as 1 — +o0, we obtain the bound (54). O

Remark 4.8. Observe that if we substitute 7(°) = 7 and v(?) = v in the inequal-
ity (18), and taking the limit as # — 0, we derive straightly the estimate of the
the deviation ||v — x|| as follows

1%
AL |,

lv =]l <
Unfortunately, this upper perturbation bound depends on the unknown distribu-
tion v which we want to estimate. This is why we have considered an other
way to obtain an upper bound of ||v — 7| in theorem 4.7. For the total variation
norm, the bound (54) becomes

1A

v—r| <
v = < 3=

(55)
which coincides with [38, Theorem 3.2, Inequality (3.11)]. Furthermore, we
don’t need the condition ||A,|| < 1 — A, but in return we must assume that the
perturbed kernel has a unique stationary distribution and further the proof must
be modified. Indeed for the total variation norm, we have q;_,, = ||[v(?| = 1.
Therefore, by substituting 7(”) = 7 and v(©) = v in the inequality (18), and
taking the limit as # — o0, we obtain (55), without assuming [|A, || < 1— Ay.
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5. Examples

In this section, we will study two examples with continuous space and one for
the denumerable case, with respect to the total and weighted variation norms. In
order to show the quality of the estimates established in this paper, comparison
with other existing results in the literature is carried out.

Example 5.1. We borrow this random walk example from [25, Example 3.1]
and [22, Example 3]. Let (&, > 1) a sequence of independent identically dis-
tributed random variables with values in £ = [0,1) and with a common distri-
bution F, defined for all B € B = B[0,1) by F(B) = P(§; € B). Moreover, we
assume that F has an absolutely continuous component and its density is not less
than 6 on the measurable set C € B[0,1). On (E,B), we consider the Markov
chain X = (X;,z > 0) defined by X; 1 = X; + &1 (mod 1). It has transition ker-
nel P(x,B) = F(B —x) and with the stationary projector I1(x,B) = L(B) for all
(x,B) € [0,1] x B[0,1), where L = u'®® is the Lebesgue measure on E = [0, 1)
and B—x = {(b—x)(mod1),b € B}, i.e the Markov chain X has a unique in-

1
variant measure 7 = L. Suppose that ¢ = L(C) > 5 and consider the space M

of finite measures with the total variation norm ||it|| = |u|(E) (uniform norm).
Therefore, from [25, Example 3.1] it is shown that 7y <p =1-0(2c—1) < 1.
Let us set € = ||A]|;. Hence, from (18) we derive for all transition kernel Q on
([0,1),8B]0,1)) and ¢ > 1, the following uniform estimate with respect to x € E,
B € B[0,1),

1—p!

Pu(X;€A)—P, (Y, €A)| < ———E€.
Further, we get
€
sup su P(X;eA)—P(Y;€eA)| < —— 67N
tzl())er,fFeB’ * ) Y ) 6(2c—1)

It follows from (55) that for all transition kernel Q admitting a unique invariant
measure vV, we have for all A the following inequality

sup | 7(A) — v(4) £

S — 58
sup < %G1 ©8)

Observe that the estimates [25, Example 3.1; Inequality (3.22)] and [22, Exam-
ple 3; Inequality (20)] are given respectively as follows

e

WM&GA%ﬂwﬁeAﬂﬁgﬁzjng (59)
and €
sup [(A) —v(A)| < 0(2c—1)—2¢" (60)

AeB



PERTURBATION BOUNDS FOR GENERAL STATE MARKOV CHAINS 267

for all transition kernel Q belonging to a neighborhood

€= sup |Q(x,x+A)—F(A)| <9(c—1). (61)

x€EAEB 2
Consequently, it is obviously seen that the bounds (56) and (58) are strictly
sharper than (59)-(60) respectively. Moreover, the inequalities (56)-(57) are
valid for every transition kernel Q and (58) is also valid for all transition kernel
provided it has an invariant measure v, while (59)-(58) hold only for all transi-
tion kernel Q verifying the inequality (61). Observe that in this case and from
[25, Theorem 3.5], the perturbed chain has a unique invariant measure and it is
aperiodic and uniformly ergodic.

Example 5.2 (Random walk on half line). Let us consider the Markov chain
X = {X,;t € Z} defined by the recursive equation

Xio1 = (X +&+1) " =max (0, X, +&41)

for t > 0, and taking values in R. Here (&), is a sequence of independent
random variables taking values in R and identically distributed with a common
distribution function F. The perturbation and stability inequalities have been
considered recently in [39, 41] and the strong stability of this process have been
investigated more earlier in [25]. Assume that E[§;] < . Consequently, from
[33], the Markov chain is ergodic if and only if E[§;] < 0, i.e., X has a unique
probability distribution if and only if E[&;] < 0 with E[;] < eo. Let us consider
the weighted function v(x) = ¢"™ where ¥ is reel parameter such that y > 1.
The v-norm on M have the form |||y = ||ully = Jo~ e™|u|(dx). The norms
in the space 91 and B are defined, respectively, by || f||, = supe™"|f(x)| and
x>0

IK|ly=sup,~qe ™ [y |Q](x,dy)e”. Recall that, for all (x,dy) € (R ,B(R))
and r > 0, we have P'(x,dy) = P(X; € dy|Xo = x). Observe that the transition
kernel can be decomposed as follows

P(x,A)=P0<x+& €A)+P(x+& <0)-8(A) (62)

where & is the degenerate measure concentrated on {0}. Let denote the sub-
stochastic kernel 7'(x,A) = P(0 < x+&; € A) for (x,A) € (Ry,B(Ry)), the
measurable function h(x) = P(&§ +x < 0) for x € R; and the measure & on
B(R;) defined for A € Br, by a(dy) = d(dy). It follows from (62), the
following equation P(x,A) = T'(x,A) + h(x) - a(A). Notice that al = 1 and
ah=h(0)=P(& <0) >0, th=m({0}) > 0. Further, we get

Tv(x) = /WP(O <x+¢& edy)e”? =E [ey(”é‘),x—l—& >0

<E[er+8)] = p(y)v(x)
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where p =p(y)=E [67’51] . Since E[§;] < 0 and p(0) = 1, the convexity of p(y)
involves the existence of ¥ > 0 such that for all y € |0, y|[, we have p(y) < 1.
This proves that ||T'||, < p(y) =E [eygl] < 1and

1Plly =T +h@ally <[[Tlly+[lAllyllelly < p(r) +1 <2 < o0

for all y € ]0, yo[. Hence the chain verifies the condition Dy (1,7, A, c). Since
(zh) (av) _ m({0})
=70y, ~ 1=7ly

Assume that a control sequence (&;);>0 is perturbed to yield another se-
quence (§,)n>0 of independent random variables taking values in R and iden-
tically distributed with a common distribution function G # F. This involves
that the Markov process Y which taking values in R, and generated by the re-
cursive equation ¥, | = (Y, 4+ §41) ", for r > 0, is the corresponding perturbed
chain. Let denote Q, v the transition kernel and the stationary distribution of the
Markov chain Y, respectively. From the definition of the v-norm, we have

|a|ly =1, we derive |||y <

—+oo
£ = 10— Ply=supe ™ [ [0(x.dy) ~ Plx.dy)|eP.
x>0 0

Let us extend the measures y € B(R,) to B(R) such that u(A) = 0 for all

({0
A€ B(R-). Since ||7 Hy < p, it follows that H7r||y < 1({ })
(1 _P)z
Therefore, from (42), for € < , we have

(1-p(1-x({0})))
n({0}) (1-p(1—-7({0}))) & _

I=p (1-p)—(1-p(1-n({0}))) €
According to [24], it is proved that for all y such that p = p(y) = E[e?*!] < 1
and 0 < ¢(F,G) < %, we have the following strong stability bound (see
definition 7.1 in the appendix)
2¢(F,G) 1

l1—p (1-p)*—2¢e(F.G)

IV =y <

[ — vy < =G
with &(F,G) = sup,~( (e 7|F(—x) + G(—x) + [ P |F — G|(dy)).

It is obvious that ||Q — P||y = € < &€(F,G). Consequently, it is clear that
C; < (. In fact, the improvement is made both in the numerator and in the
denominator. Further, the upper bound C; for the deviation of stationary distri-
butions is not only better but is also valid on an optimal stability domain

(1-p)° »_(1-p?

< pl aqony TP
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Example 5.3. (denumerable state and bounds with respect to weighted norm)
Let the Bernoulli random walk chain X on Z . considered in [40, Example 1] and
defined by its transition matrix P = (p[x,)i’j€Z+ where poo =1, pii-1 =g > p,
pijit1 =p=1—gqfori>1and p;; = 0 else. It is well known that this process
is note uniformly ergodic with respect to the total variation norm (see eg. [40]).
Let us introduce the test function v(n) = B” for n € Z, and we consider the
measure weighted v-norm || ||, = |||/ g:

Il = lulv="Y vk)|ul({k}) =Y B |

k>0 k>0

where 1 = (Ux)ycz, - This induces a norm on the vector function and matrix
spaces defined respectively as follows: || f||g = sup;=o B *|f (k)| and

HKHﬁ=igIO3ﬁ*k!K\V( =supB Y v(j)IK (k. {j}) !—Supﬁ “Y BIIKil-

k>0 j>0 j>0

For 1 < B < 4, we get easily that gB~" + pB < 1 and it follows
p

1Pl = supB~ Y B’ pij = max (Lsupﬁ"‘PV(k))

k>0 j>0 k>1
=max (1,gB~ "'+ pB) = 1.

Observe that the spectrum og (P) of Pis 0 (P) = {pz+qz~',|z| > B}U{1} for
each1 < B < q (the necessary and sufficient condition for the uniform ergod-
icity of the chain) which is easy to derive (see for example [23]). At the same

time, if we consider the boundary of the spectrum, i.e., the points 8 = p8 + ¢,
then we can easily prove that the smallest value of 63 is 6 = 2,/pg and reached

for B = \/? . That means that 8 = 6. In the sequel of this example we consider

B = E the measure & = (po, ;) for all j € Z, and the measurable indicator

function /1 = Ty;_gy. Therefore, it is obvious that the residual kernel T = (T;)
0, i=0;
pij, i=>1

is non negative. Let us compute the norm ||T'||,. For this, it is equivalent
from (26) to estimate T'v(k) for all k € Z,..

defined for all (i, j) € Z% by: T(i,{j}) = T;; = pij — hiat; = {

1. For k =0, we have Tv(0) = 0.

2. For k > 1, we have Tv(k) = B*(¢B~"+ pB) = 2,/pgv(k)
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This yields | T||g < 6 < 1, where 8 =2, /pq. Hence, the condition Dy (1,7, 4, &)
is satisfied. Moreover, T = § is the unique stationary distribution of the ker-
nel P and ||||g = ||[IT||g = [|[T||[g = 1. It is worth noting that the condition
D, (v,C,A,D) is also verified for the set C = {0}, A = 6 and b = 1. Indeed,
according to the decomposition P =T +h ® o, we obtain

Pv=Tv+ (OCV) ][{i:O} =Tv+ I{i:O} < Ov+ I{i:O}'

1-6
From (42), (50) or (52), for [|A||g < 5o’ we have the same following stability

bound
1+6

[Allg-
6—(1+6)[al" "
While the bound expressed in [32, Inequality (3.3)] and [1, Inequality (38)], for

Iv—allp < — (©)

1-06
|Allg < — yields the following estimate

2
[v—rllp < —F——7— Al (64)
P=1"9—2/a"""

According to (51), we have for [|Al[g < (1 — 6)? the following inequality

1Al

lv—=lp < 3 : (65)
(1-6)"—(1-06)]Allg
. (1—6)*
On the other hand, and from [32, Inequalitiy (3.4)], we get for [|Al|g < o
the following estimate
2—-6
IV =g < [1Allg- (66)

(1-6)°—(1-6)(2-6)]lAllg

So it is clearly that the bounds (63) and (65) are better and hold under more in-
tense perturbation (more large neighborhood of the unperturbed kernel P) than

(64) and (66). An alternative bound can be expressed in term of the norm coef-

20
ficient. Indeed, we have established in [40, Example 1] that A} < oo

According to (28), for n = 1, and since ||a|g = ||k[|g = 1, we get for all
transition kernel in the neighborhood {Q € B : ||Q —P||g = [|[Allg < 1— 6}, the
1

following inequality q <

-
(1—6—1Allp)
Therefore, according to (54), we derive
(1+0) [|A]
lv ==l < :

(1-0)(1—6—[|All5)*
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This latter bound is valid under a more large magnitude of perturbation, but less
accurate than (63)-(66).

6. Concluding remarks

Few results are considered in the last two decades for the perturbation bounds
for general state Markov chains. Moreover, most results are established with
respect to the total variation norm. In this paper, we have established new per-
turbation bounds for the transition and stationary characteristics of general state
Markov chains, with respect to a wide class of norms, in terms of the gener-
alized norm ergodicity coefficient or the residual kernel given in the condition
Dy(n,T,h,). In this case, the unperturbed chain is strongly stable with re-
spect to the given norm. Namely, for a small parameter disturbance, then the
perturbed chain inherits some suitable characteristics of the unperturbed chain
(see [22, 25, 39, 41]). Explicit bounds are established under the drift condition
D, (v,C,A,b). We have shown by a theoretical comparison and on the basis of
examples the quality of the inequalities obtained in this paper. More precisely,
some estimates improve some specifically bounds in [1, 3, 32], hold true for
general state and various norms, and applicable for a more large magnitude of
the perturbation.

For scale models, that is scale perturbation (linear perturbation), the per-
turbed kernel Q(6) is given by the convex combination of the two transition
kernels P and R defined explicitly by

0(8)=(1—8)P+6R,0 € [0,1]

where Q(0) = P and Q(1) = R. Here 6 is the scale parameter. Let denote
A(B) =Q(0) — P = 0||R— P|. It follows that all results obtained in this paper
remain valid where we substitute |Q — P|| by 6 ||R — P||, which allows us to
scale the size of the perturbation via the scalar control parameter 6.

It is worth noting that we can improve the stability bounds obtained in [32,
Inequalities (4.10)-(4.11)] for continuous-time Markov chains (CTMCs) with
the discrete state by following a similar process of proof as that of [32] and
based on the improved bounds (50)-(52). Similarly, we can establish bounds
similar to (48)-(49) for (CTMCs) under the drift condition. But that is outside
the scope of this article and will be the subject of another paper.

7. Appendix

We set out some results for which comparisons have been made. First we clar-
ify the definition of the strong stability of Markov chains. We set out some
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results for which comparisons have been made in this paper. First, we clarify
the definition of the strong stability of Markov chains.

Definition 7.1. Let X a Markov chain with transition kernel P and unique in-
variant probability measure 7. The chain X is called strongly stable with respect
to the norm || - || if the following two conditions are fullfilled.

1. ||P| < .

2. Any transition kernel Q € 9B in some neighborhood {||Q — P|| < €} ad-
mits a unique invariant probability measure v and ||V — 7| — 0 when
||Q — P|| — 0 uniformly in this neighborhood.

The next proposition is taken straightforwardly from [24, Theorem 1 and 2]
and [24, Corollary 2].

Proposition 7.2. Let v a finite measurable function on E bounded away from
zero. The Markov chain X taking values in a measurable space (E,E) with
transition kernel P and the unique invariant probability measure T is v-strongly
stable (strongly stable with respect to the v-norm || - ||,) if and only if the follow-
ing condition holds: D1(n,T,h,a)

D) ||P]]y < oo

Il) There exist a natural integer n, measurable function h € " and measure
o € M such that: oh >0, th > 0, oo = 1 and the residual kernel
T = P"—h® o is nonnegative.

IIl) There exists a real number p € [0, 1| such that Tv(x) < pv(x) forallx € E.

Furthermore, if Q is a transition kernel of a perturbed Markov chain'Y such that
—p
Aly=10-P|y < ———F——
unique probability measure v and we have:
[zl (L4 (Y] [[7lv) 1Al
—p — (L4 [l (|7l [|A[ly

The following proposition resumes [32, Corollary 3.1].

, then the perturbed Markov chain Y have a

(67)

Proposition 7.3. Let iy be any fixed state in E. Suppose that the unperturbed
transition kernel P satisfies D (v,C,A,b) for C = {ip}.

1-2
(i) Let c =1+ |1|, |||, If |Ally < ——, then X is positive recurrent and
c

cllxlly [1Ally



(ii) If v>1and ||A|y <

[1]

(2]

[10]

(11]

[12]

[13]

[14]
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(1-2)° o
m,then X is positive recurrent and
b(b+1-21) (Al

HV—E”VS 3 '
(1=2)"=(1=2) (b+1=2)[|A[l,

(69)
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