Hoeffding’s inequality for continuous-time Markov

chains

Jinpeng Liu * , Yuanyuan Liu™* and Lin Zhou™**

April 24, 2024

Abstract

Hoeffding’s inequality is a fundamental tool widely applied in probability theory,
statistics, and machine learning. In this paper, we establish Hoeffding’s inequalities
specifically tailored for an irreducible and positive recurrent continuous-time Markov
chain (CTMC) on a countable state space with the invariant probability distribution
7 and an £2(m)-spectral gap A(Q). More precisely, for a function ¢ : E — [a,b] with a
mean 7(g), and given ¢, > 0, we derive the inequality

B (3 [ o0x)ds—nto) 2 <) <o {21,

which can be viewed as a generalization of Hoeffding’s inequality for discrete-time
Markov chains (DTMCs) presented in [J. Fan et al., J. Mach. Learn. Res., 22(2022),
pp. 6185-6219] to the realm of CTMCs. The key analysis enabling the attainment of
this inequality lies in the utilization of the techniques of skeleton chains and augmented
truncation approximations. Furthermore, we also discuss Hoeffding’s inequality for a
jump process on a general state space.
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1 Introduction

Classical Hoeffding’s inequality [26] provides a specific upper bound on the deviation between
the empirical mean of a series of independent and identically distributed (i.i.d.) random

*School of Mathematics and Statistics, Xidian University, Xi’an, Shanxi, 710071, P.R. China, E-mail:
liujinpeng123@xidian.edu.cn.
** School of Mathematics and Statistics, HNP-LAMA, Central South University, Changsha, Hunan, 410083,
P.R. China, E-mail: liuyy@csu.edu.cn.
*** School of Information Science and Engineering, Hunan Women’s University, Changsha, Hunan, 410004,
P.R. China, E-mail: zhoulin@hnwu.edu.cn.


http://arxiv.org/abs/2404.14888v1

variables and their actual expected value. To be specific, for i.i.d. random variables {X;,
i > 0} such that P(a < X; < b) =1, where a and b are a pair of real numbers, Hoeffding’s
inequality gives us
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where € is a positive real number. It can be seen that Hoeffding’s inequality guarantees that
the probability of the large deviation between the sample mean and the actual expected
value will decrease exponentially with the increase of the sample size. Based on this, Hoeffd-
ing’s inequality has been widely used in various fields, especially in probability limit theory,
statistical learning theory, machine learning and information theory; see, [I8 [5, 0] and their
references therein.

Drawing inspiration from the diverse applications of Hoeffding’s inequality, researchers
have developed various generalizations of this powerful tool. One fundamental generalization
involves extending Hoeffding’s inequality to Markov processes, thereby removing the assump-
tion of independence among random variables. This extension allows for the application of
Hoeffding’s inequality in a range of fields, including Markov chain Monte Carlo (MCMC)
algorithms, time series analysis, and multi-armed bandit problems with Markovian rewards;
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There is a wealth of literature available on Hoeffding’s inequality for DTMCs. For exam-
ple, Glynn and Ormoneit [23] employed the minorization and drift conditions to establish
a Hoeffding inequality for uniformly ergodic DTMCs. In the same setting, Boucher [8] uti-
lized the Drazin inverse and obtained similar results to those in the aforementioned study.
More recently, Liu and Liu [31] derived Hoeffding’s inequality for DTMCs via the solution of
Poisson’s equation, thereby eliminating the need for the aperiodic assumption made in the
previous work [23] []. On a different note, Dedecker and Gouézel [I7] employed the coupling
technique to derive a Hoeffding inequality specifically for geometrically ergodic DTMCs.
Building upon this work, Wintenberger [36] extended the results from Dedecker and Gouézel
[17] to encompass unbounded functions. Additionally, Paulin [33] developed Marton cou-
pling techniques to derive McDiarmid’s inequality for DTMCs with a finite mixing time,
which serves as a generalization of Hoeffding’s inequality by replacing the sum of random
variables with a function of random variables.

The spectral gap is another crucial tool for studying Hoeffding’s inequality for Markov
processes. Gillman [22] was the first to utilize the spectral gap to establish a Hoeffding
inequality for a reversible DTMC on a finite state space. Building upon this initial work,
Dinwoodie [19] and Lézaud [30] further refined the Hoeffding bound in reference [22] using
different techniques. As a significant contribution, Leén and Perron [28] derived an optimal
Hoeffding inequality via the spectral gap. Miasojedow [32] then extended the result of Leén
and Perron [28] to geometrically ergodic DTMCs on a general state space, eliminating the
requirement of invertibility. More recently, Fan et al. [20] developed a time-dependent



functional Hoeffding inequality based on the work of Leén and Perron [28] and Miasojedow
[32]. Additionally, there are other Hoeffding-type inequalities constructed using methods
such as Stein’s method, regeneration techniques, information-theoretical ideas, and others,

as detailed in reference [12 I} [35].

In the realm of MCMC algorithms, it is an increasing need to deal with cases involving
CTMCs, and there is empirical evidence that these continuous-time MCMC algorithms are
more efficient than their discrete-time counterparts; see, e.g., [7, 21 [6]. Moreover, additional
algorithms, including diffusion Metropolis-Hastings type algorithms [34] and time-invariant
estimating equations [4], also rely on the use of concentration inequalities in the context of
CTMCs to control approximation errors. Consequently, there is a compelling need to develop
Hoeffding’s inequality specifically for CTMCs. Choi and Li [16] built upon the techniques
introduced in the works [23] and [§] to derive a Hoeffding inequality for uniformly ergodic
diffusion processes. Liu and Liu [3I], on the other hand, extended the results of [16] to
encompass general continuous-time Markov processes by employing the solution of Poisson’s
equation. Additionally, there are other concentration inequalities available for CTMCs; see,

e.g., [30, 291 25].

However, the body of research on Hoeffding’s inequality for CTMCs is still relatively
sparse compared to the extensive results available for DTMCs. In this paper, we will utilize
the spectral gap to describe Hoeffding’s inequality for CTMCs, which serves as a parallel
result to the discrete-time case presented in Fan et al. [20], but the two inequalities display
subtle difference in the presentation of its upper bounds, as shown in Theorems 2.1l and 311
Since Theorem [B.1] characterizes the optimal Hoeffding’s inequality for DTMCs using the
spectral gap, see, e.g., [28, 20], this implies that our result represents the optimal Hoeffding’s
inequality for continuous-time case. A comparison with existing results can be found in
Remark 2 Meanwhile, we have to note that there is an additional assumption that @ is
regular in Theorems 2Tl which result from essential difference between CTMCs and DTMCs:
for a CTMC with an unbounded @-martix (), the regularity assumption on @ is usually
needed to guarantee the uniqueness of the Q-process.

The remainder of this paper is organized as follows. In Section[2, we provide the necessary
background and introduce our version of Hoeffding’s inequality. Section [3 presents the proof
of our main result, utilizing two key tools: the skeleton chain and the collapsed chain. Finally,
in Section M we discuss Hoeffding’s inequlity for jump processes on general state spaces.

2 Main Results

As preparation for presenting theorems, we introduce some notations as follows. Let { X, ¢t >
0} be an irreducible and time-homogeneous CTMC on a countable state space E, and let
P, = (Py(i,7))ijer be the transition function of X;. We focus on the case that X; is a
()-process with a totally stable and regular Q-matrix @) = (Q(%,));jer. Assume that X,



is positive recurrent with the unique invariant probability distribution 7. Furthermore, we
assume that the state space F is equipped with a o-algebra B and a o-finite measure 7 on
(E,B). Let L2(E,B,7) := {f : n(f?) < oo} be the set of all square-integrable functions
on (E, B, 7). For convenience, we write L2(E, B, ) as L2(w). It is known that £2(7) is the
Hilbert space equipped with the following inner product and norm:

(fih), =m(fh) =Y w(i) f(@)h(i), Vfhe L (n),

1 fllr2 =V {Fo f)n = (n(f2)2, Vf € L3(m).

For a transition function P, with the invariant measure m, it can be extended uniquely to
L?() as a strongly continuous contraction semigroup, which acts to the right on functions,
ie.,

Pf(i) =Y Pii,j)f(j), Vi€ E, VfeLn).
JEE
According to the ordinary semigroup theory, P, deduces an infinitesimal generator, which is
denoted by A. That is, for any f € £2(r), if we have

lim hf=f =

t—0t t

95 (2.1)
and g € £?(r), then we define Af = ¢g. Such functions f consist of the domain of A, denoted
by D(A).

In Chapter 9 of [14], the £?(m)-spectral gap of X;, denoted as A\(Q) for convenience, is
defined as follows.

Definition 2.1. The chain X; is said to admit an L*(r)-spectral gap N(Q) if
ANQ) = inf {—(Af, )z : [ € D(A), [fllz2=1, 7(f) =0} >0.

We call a CTMC X, is (time) reversible if P; satisfies
W(Z)Pt(za]) = W(])Pt(]a Z)? VZ>] € E> 13 Z 07
which is equivalent to
m()Qi,j) = m(j)Q0, 1), Vi,jeE.

In the case of that X; is reversible and the state space F is finite, we have

AMQ) = A, (2.2)

where J; is the sth smallest non-trivial eigenvalue of —@). For the irreversible case, we have
the following symmetrizing procedure. Let P, = (P;(, 7)) jer be the dual of P, ie.,

: 7(§) P, )

Pii,j) = = Visj € E.
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It deduces the adjoint operator A of A and the dual Q-matrix Q = (Q(z, j))ije > given by

5. ) = TWRU: Y
Q(1, J) 0

It is easy to check that @ has the same invariant distribution 7 as @, and that Q is regular
if @ is regular, see Theorem 4.70 in [14]. Furthermore, A and A lead to a self-adjoint

operator A = (A + .»Zl) /2. Similarly, we obtain a reversible Q-matrix Q = (Q(z, j))ij6 » With

, Vi,jEE. (2.3)

respective to the same stationary distribution 7 as follows

Q(i, 5) + Q. 5)
2

Qi,j) = , Vi,j€E. (2.4)

According to Corollary 9.3 and Theorem 9.12 in [I4], we know that
Q) = MQ). (2.5)

Our main result is the following theorem, which yields a Hoeffding type inequality for
CTMCs with the £%(7)-spectral gap A\(Q).

Theorem 2.1. Assume that the chain X, admits an L*(r)-spectral gap MQ), and that the
Q-matriz Q) is regular. Then for any bounded function g : E' — |a, b, and t,e > 0, we have

e (] (X, ds — 7(g) > ) <o {2

Remark 2.1. Although both Q) and Q are regular, Q may be not regular, see [13] for example.
Hence the reqularity assumption of () can not be removed.

By Holder’s inequality, we have the following result directly.

Corollary 2.1. Assume that the assumptions of Theorem [21] hold. If the initial measure
v is absolutely continuous with respect to the invariant distribution m, then for any bounded
function g : E — [a,b], and t,e > 0, we have

1/t dv AQ)te?
]P)l/ n Xs ds — Z S - ———5 (>
(3 [sxaas—sto)=<) <[ ﬂf’{p{ POEE
where .
I
dm ,Tp. esssup}j—;’r , if p= o0,
and 1
-+-=1.
p q
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Remark 2.2. Lézaud [30] was the first to obtain a chernoff-type bound for a finite state
space CTMC wvia the L2(r)-spectral gap N(Q). If the function g satisfies 7(g) = 0, ||g|lee =
lgll25 =1, then Theorem 3.4 in [30] gives

P, G /Otg<Xs>ds > a) < exp{—“%t52}.

Under the same assumptions, our result derives a better bound as follows

P, G /Otg(Xs)ds > 5) < eXp{—A(Ci)tgz}.

Note that under the same assumptions as Theorem 2.1 or Corollary 2.1 Hoeffding’s
inequalities are also established by replacing A(Q) by one of its lower bounds. In the reversible
case, if there exists a constant § > 0 and a fixed state j € E such that

E; [¢"7] < o0, Vi€ E, (2.6)
where 7; :=inf{t > 0: X; = j} is the first hitting time to the state j, then

AMQ) = 6.

Furthermore, (Z.6]) holds if and only if there exists a function V' > 1 such that

QV (i) < =BV (i), i# ],
see Theorem 4.1 in [13].
In addition, the L2(m)-spectral gap A(Q) can be characterized by its Dirichlet form
(D,D(D)), which will be used in the proof of Theorem [T where D is an operator on
L2(7), defined by

t—0

and D(D) is the domain of D, given by

, VfeLm),

D(D) = {f € Ln): D(f) <oc}.
The spectral gap of D is defined by
A(D) :=inf{D(f) : f € D(D), [|fllx2=1, =(f) =0}.

From Theorem 9.1 in [14], we know that



There is another Dirichlet form (D*, D(D*)), where D* is an operator on £?(7), defined
by

D(f) =5 > m(0QG.5) (F(7) = F0)*, Vf € L(r),
and D(D*) is the domain of l;ngiven by
D(D*) = {f € L) : D*(f) < oo} .
If Q-matrix Q is regular, it follows from [I3] that D = D* and D(D) = D(D*), i.e.,
D—nom (ILFIB- == I £II* + D*(£)) + (2.8)

where IC is the set of all functions on E with finite support.

K is dense in D (D*) in the || - |

Example 2.1 (Irreversible Case). Consider a CTMC on a finite state space E = {0,1,2}
with the Q-matriz as follows

-2 1 1
o= 1 -3 2
1 0 -1
By calculations, we have
1 1 )
"0)=3, ")=3, ")="
According to (2.3) and ([24]), we can obtain
A -2 1/3 5/3 ) -2 2/3 4/3
Q= 3 -3 0 , Q= 2 -3 1
3/5 2/5 —1 4/5 1/5 —1

It is easy to calculate that

B-VI5 15+ VI5

)\1 = 5 ) 2 5
Then, combining with (22)) and (21), we have
15— /15
NQ) = 2

Example 2.2 (Birth and Death Processes). Consider a birth and death process with death
rates a;, 1 <i < N, and birth rates b;, 0 <1 < N —1, N < o0.



In the case of a; = « and b; = f3, it follows from [24] that

MQ) = o+ B — 2y/af cos(

™

N +1

).
In particular, as N — oo and a > (3, we have

AQ) = a+ 8~ lim 2\/af cos(

s
N+1

)= (Va— VB

For general birth and death processes, we can give an estimate of the lower bound of the
spectral gap. Define

by ---br_
wy =1, ukzﬁ, 2< k<N <o0.
a9« * g

If 32N 1 < 00 and § = sup,,p > im0 My Sy uk—{bk < 00, then it follows from Corollary 6.4
in [I5] that
1
A > —.
@2 4
3 Proof of Theorem 2.2

To prove Theorem 2.1 we initially introduce Hoeffding’s inequality for DTMCs based on
the £?(m)-spectral gap. Let {X}, k > 0} be an irreducible and positive recurrent DTMC on
the countable state space E. Let P = (P(i,7)); jer and m be the one-step transition matrix
and the invariant probability distribution of the chain Xj. It is known that each transition
matrix P of DTMC can be viewed as a linear operator acting on £%(m), which acts to the
right on functions, i.e.,

Pf(i)=>_ P(i,j)f(j), Vi€ ENf e L(n).
jEE
We now introduce the £?()-spectral gap of P, denoted by 1 — A(P).
Definition 3.1. The chain X} is said to admit an L£*(r)-spectral gap 1 — \(P) if

A(P) := sup {(Ph, h)y : ||h]lz2 = 1, 7(h) =0} < 1. (3.1)

Note that when the state space E is finite and the transition matrix P is reversible, i.e.,
P satisfies
m(i)P(i, j) = 7(5)P(j, i), Vi,j€E,
then A(P) coincides with the second largest eigenvalue of P (the largest eigenvalue of P is
identically equal to 1). Similar to CTMCs, it is not difficult to verify that

A(P) = \(P), (3.2)
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where

m(J) P 1)
(i)
According to Theorem 3.3 in [20] and ([B.2]), we introduce the following Hoeffding inequal-

ity regarding DTMCs with the £?(r)-spectral gap 1 — A\(P).

Theorem 3.1. Assume that the chain Xj admits an L£*(m)-spectral gap 1 — X\(P). Then for
any bounded function g : E' — |a,b], and n,e > 0, we have

n—1
1 1 — max{\(P),0}  2ne?
(n ;g( ©) = 7(9) = 5) = exp{ 1+ max{\(P),0} (b— a)?

Next, we will derive the proof of Theorem 2] into three steps, which are presented in
Subsections 3.1-3.3. In Subsection Bl we first introduce a Hoeffding inequality for finite
state CTMCs, employing Theorem [3.1] and the skeleton chain technique. In Subsection [3.2]
we introduce the collapsed chain and present some basic properties. Finally in Subsection

.3, we extend the result established for finite state CTMCs to infinitely state by employing
the results established in Subsections Bl and

P(i,j) = and P(i,j) =

PG.j )—;P( ) , Vi,j e k.

3.1 Finite state CTMCs

In this subsection, we present a Hoeffding inequality for a finite state CTMC. To show this, we
introduce the definition of the skeleton chain according to Chapter 5 of [3]. Given a number
§ > 0, the DTMC {X,5,n > 1} having the one-step transition matrix P° = (P°(i, 7)) jer
(and therefore the n-step transition matrix P™) is called the d-skeleton chain of the CTMC
{X;,t > 0}. It is not difficult to verify that X5 and X; have the same invariant probability
distribution 7. In addition, if X, is reversible, then X, is also reversible. Furthermore, if
X, has a finite state space, the transition matrix P° is given by

P’ =exp{6Q} =) 57;52” (3.3)
n=0 ’

Theorem 3.2. Assume that the chain X; has a finite state space E. Then for any bounded
function g : E — [a,b], and t,e > 0, we have

e (1] (X, ds — n(g) > ) <o {-HLL.

Proof. For any w € Q, X;(w) is a right-continuous with left limits sample function. Further-
more, since g is bounded, the integral % fg g (X;) ds can be expressed as the limit of Riemann
sums, such as

k—

L[ o0n)as = jim 5 (),

1=0



from which, we know that

Z (Kies) == ;/0 g(X,)ds, (3.4)

1=0

?vl*—‘

where X,/ is the £-skeleton chain of X;. It follows from (B3) that

[e.9] ’I’L

¢ 1
PE=S" 0 =14 1@+ o). (3.5)

n=0

where I is the identity matrix and o() is the infinitesimal of higher order with respect to 1.

According to (B1]) and (3.0), we have

APE) = sup {{PES, fhat | fllea = 1,7(/) = 0}

= s {( (1+ 3@+ o) £.7) +flla=17(5) =0}

= s {1+ (1. F)_+0(): Il = 1.7 =0}

= 1+sup{<%@f,f>7r [ fllw2 =1, 7(f) :0} +0(%)

= 1- %inf{—<Qf> i 1 fllee =1,7(f) = 0} + 0(1

Since the state space F is finite, it is evident from (2.2)) and (Z.3]) that A(Q) > 0. In addition,
it follows that for any f € £?(r), we have f € D(A). Thus, when the state space E is finite,
the infinitesimal generator A is equal to the Q-matrix (). According to Definition 2.1}, we
can obtain that

(3.6)

ANQ) = inf {—=(QFf, [z - [fllx2 =1, 7(f) = 0} > 0. (3.7)
Hence, from ([B.06) and ([B.1), we have

| =

t t
ANPr)=1-— E)\(Q) +o(=). (3.8)
Since A(Q) > 0, then for any fixed ¢ > 0, there exists a positive constant K such that

1
1< —%A(Q) +o(3) <0, Yk K,

which implies that t
0<APr) <1, Vk>K. (3.9)
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Furthermore, according to (8.8)), we have

L= A(PH) = TN@Q) + 0(%). (3.10)

Therefore, as k > K and for any € > 0, Theorem 3.1 and (3.9)-BI0) give
k—1 :
1 1 A(PE) ke
P - Xi -7 > € < expq—2- -

o2 POl
(0]

R P tAMQ) + k- o .
- p{ 2 INQ) T ol}) <b—a>2}‘(3‘”’

Applying ([B4]) and Fatou’s lemma, and letting k& — oo to inequality ([BI1) gives the following
result

Pr (% /Otg (X5)ds —m(g) > 6) = P, <,}Lrgo % gg (Xiesn) —7(9) 2 6)

VAN

=

=

=

=B

3
VR
| =
. E
M1

e}
—~

>

<

ol
SN—"

|

A

s

Vv

™
~___—

IN

liminfexp{—Q. tk(?)_;{.o(%)' 2 }

k—o0

= exp{lim -2 7

2 INQ) T ol}) (b a)?
= exp {—7>\(Q>t62 } .
(b—a)?
Thus, we obtain the assertion. O

Using the same proof of Theorem 3.2, we can obtain the Hoeffding inequality for a infinite
state CTMC with a uniformly bounded @-matrix (i.e., sup,c —Q(7,7) < 00).

Corollary 3.1. Assume that the chain X; admits an L*(m)-spectral gap NQ), and that
the Q-matriz Q is uniformly bounded. Then for any bounded function g : E — [a,b], and

t,e >0, we have
1/ AQ)te?
P (;/0 9(Xs)ds —7(g) = 5) < exp {—m} :

However, since equality (B.3) fails to hold for a CTMC with an unbounded @-matrix,
the skeleton chain technique is not applicable to more general CTMCs, which urges us to
develop the augmented truncation approximation technique in order to extend the results
from finite state CTMCs to infinite state CTMCs.
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3.2 The collapsed chain

We first introduce the technique of the collapsed chain, one special augmented truncation ap-
proximation. Let {(,)E,n = 1,2,...} be a sequence of subsets in the state space E, satisfying
mE C nm+E and lim, o ()£ = E. Then, let (n)EC be the complement of (,)E and con-
sider (e = (,) E¢ as a new single-point state. For an irreducible and regular Q-matrix Q =

(Q(7,7))ijer, consider the augmented truncation Q-matrix (,+1)Q = ((+1Q(%,7))

on the state space (,41)E = ()£ U {m)e}, given by

i7j€(n+1)E

(n—l—l)Q(Zv.]) = Q(Zuj)u Zaj S (n)E7

(n—l—l)Q(ia (n)e) - Z Q(Za k)a (S (n)E>
kE(n)EC
@( ) Zke(n)EC W(k)Q(kaZ)
n n)€, 1) =
e ke pe (k)

, 1€ @mE,

and

) Qe me) = = D> Qe k).

ke(n)E

Denote by {(n+1))?t,t > 0} the CTMC with ()-matrix (n+1)@, whose irreducibility is

inherent from the irreducibility of the original chain. The chain (n+1))~(t is called the collapsed
chain since it can be interpreted as “the original chains with states collapsed to a single state
my€”. This collapsed chain was essentially introduced in Chapter 9 of [14] for continuous-time
reversible Markov chains. Here we do not need the reversibility assumption. The discrete-
time version of the collapsed chain was introduced in Chapter 2 of [2]. Let (4 17(i) =
7(1),1 € W, me)T((mye) = Zke(n)EC m(k). It is not difficult to verify that (,.1)7 is the

unique stationary distribution of the chain (n+1))?t.

Let (,41yg be an (n+1)-dimensional function on (n+1)E, such that (,11)9(7) = g(i),7 € (&
and (,41)9((mye) = 0. For the chain (,,)X; and the function (,)g, we have the following lemma.

Lemma 3.1. For any bounded function g on E, we have
]P)i (w €f: nh—golo (n)g((n)jzs(w)) =g (Xs(w))) = 1a

and
Jim )7 ()9) = 7(9)-
Proof. Since @)-matrix @) is regular, we know that the chain X, is non-explosive, i.e., for any
fixes s > 0,
P (weQ: J(s,w) <o0)=1,

12



where J(s) denotes the number of jumps of X; in the time interval (0,s). Furthermore, for
any sample path w, we define M (w) as a subset of E that includes all states visited by
Xi(w) during the time interval (0, s). Hence, we can find an N such that M (w) C ) E for
all n > N. Due to the particular structure of (n)@, we have (n))zt(w) = X;(w),0 <t <s,
n > N. That is, for any fixed s > 0,

P, <w €Q: lim (X, (w) = Xs(w)) —1.

n—oo

Furthermore, for any bounded function g on E, we have

P, (w €0 lim (X, (W)) =g (X, (w))) ~1.

li
n—oo

On the other hand, by applying the dominated convergence theorem, we can conclude
that

lim o7 (g) = lim Y w(i)g(0)
Z'G(nfl)E

= nl1_)no10 Z W(i>g(i)1{i€(n71)ﬁ}
i€E
= 7(9)7

where 1¢, is the indicator function. Thus, we complete the proof of this lemma. O

Lemma 3.2. Assume that the original chain X; admits an L2%(7)-spectral gap N(Q), and
that the Q-matriz Q) is reqular. Then we have

lim )\((n)Q) = )\(Q)

n—oo

Proof. Since Q is regular, according to (Z.7) and (Z.8), we have

AD) = wf{D*(f): [[fllx2=1, n(f) =0}
inf {D*(f) : f € K, [fllz2 =1, =(f) = 0}, (3.12)

where IC is the set of all functions on E with finite support. Without loss of generality,
support that f(i) =d, i € (n_l)EC, for some n > 1, where d is a constant. The rest of the
proof is modified from the proof of Theorem 9.20 in [14]. It is simple to show that 7(f) =0,
||f||7r72 =1 if and OIﬂy if (n)%((n)f) = 0, ||(n)f||(n)ﬁ72 = 1. NOW, let

1

mD*(f) =3 > wF) QU ) (FG) — F(5)? Vf € L2(m7).

LjE(n)E
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Furthermore, we have

D) = 5 3 wi)Q.I) ()~ F(0))

_ ;Z OIS @(z‘,j><f<j>—f<z'>>2+§ > @ Do Q)= f6)
€1 E J€m-nE €m-E J€Mm-1)E°
w3 X w0 Y Q-
i€(n_1)EC JE€m-1»E
- ; > wr) <n>@’<z’,j><f<j>—f<i>>2+§ > wF Q. n) (d— f(i)?
i€m-1)E JE€Em-nk €m-nk
3 Y wAmw@ond) ([ f6)°
ZE(n,l)E
B %Z (m7(2) Z QG 3) (0 f () = w ()
= (n;;?(]jn)f ). o

From (BI2) and the above equation, we know that

NQ) = inf{D*(f):n(f)=0,[|fllr2=1,f(i) =dfor i € (,_1)E and some n > 1}
= lim inf {D*(f) : 7(f) = 0, f|lx2 =1, f(i) = d for i € (,_1)E and some n > 1}

n— oo

= lim inf {(n)D*((n)f) LT () f) =0, ) fll 72 = 1}
= lim A(()Q). (3.13)
n—o0
Thus, combining with ([2.7)) and (B.13), we obtain the assertion immediately. O

3.3 Infinite state CTMCs

We now finish the proof of Theorem 2.1l by extending Hoeffding’s inequality from finite state
CTMCs to infinite state CTMCs.

Proof of Theorem[2. According to Theorem [3.2] for any bounded function g : E — [a, b
and n > 1, we have

LY 5 ~ M @)t
Poyr <;/0 9 ((n)Xs) ds — 7 ((m)9) > 6) <exp {— b—a)? e (3.14)
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Then, applying Lemmas B.IH32l and Fatou’s Lemma, and letting n — oo to inequality (814,

we have
1 t
P, (?/ g (XS) ds — 7(9) > 5)
0
1 t
= Y w(i)P; <—/ 9(Xs)ds —m(g) > 5)
i€E tJo
1 t
= Z;J;rgo Liie,,, By T ()P (;/0 Tim g ((Xs) ds = lm 7 (@g) = 5)
1€
. . I -
< liminf Y @7 (0)E; (; / 09 (0 Xs) ds — T () 25)
ie(n)E 0
1t ~
= liminfP = (—/ 3 (0 Xs) ds — T (9) = 5)
n— 0o tJo
A(m) Q)2
< liminf exp —M
n—o00 b — a)2

= exp { lim —7)\((")Q)t52}

n—00 (b — a)2

]

4 Extensions to Jump Processes

In this section, let E be a general state space and B represent the associated o-algebra.
Let {X;,t > 0} be an irreducible time-homogeneous continuous-time Markov process on E
with the transition function P, = (Py(z, A)).cp aep and the stationary distribution 7. We
assume that P, is continuous at the origin, i.e., X; is a jump process. Please refer to [14] for
more details about jump processes. Furthermore, we focus on the case that X; has a g-pair
(q(x),q(z, A)), ie., for any z € E, A € B, we have

lim R‘/(xv A) - 1{:(:6A} _

£50 ; Q(x>A) - Q(z)l{meA}a M EaA € B.

Furthermore, we assume that this ¢-pair (¢(x),q(x, A)) is totally stable, conservative and
regular. The infinitesimal generator A generated by P, is defined by ([21). We define

Mg) == inf {=(Af, f)z - f € D(A), [|fllz2 =1, 7(f) =0},
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where D(A) is the domain of A. If A(¢) > 0, \(¢) is said to be the £?()-spectral gap of X;.

By the technique of skeleton chains, we can obtain the following result similar to Corollary

B.1

Lemma 4.1. Assume that the process X; exists an L2(r)-spectral gap \(q), and that the
q-pair (q(x), q(x, A)) is uniformly bounded. Then for any bounded continuous function g :
E — [a,b], and t,e > 0, we have

B (1 [ ox)ds—nto) 2 <) s {0

Similar to the case of countable state space, define

1

()= [ wldmaedy) (@) = F0) 9 € £2(7),

and

D(D*):={f € L*(n) : D*(f) < oo},
where D(D*) is the domain of D*. Let I be the set of all functions on E with finite support.
According to Theorem 9.11 in [I4], we know that if K is dense in D*, then

Mg) =imf{D*(f) - f € K, [[fllz2 =1, =(f) =0}

Now, let {(,)E,n = 1,2,...} be an increasing sequence compact subsets of E such that

/ m(dz) >0, n>1
mEC

Furthermore, let (,)e (n)E as a new single-point state. We consider the following collapsed
¢-pair ((n1+1)¢: m+1)q(x, A)) on n+1)E = (& U{me}, which is given by

a1y @(2, A) = q(2, AN ) E) + 1 eeayq(z, ) EC), © € m)E, A€ (11)B,

~( A) f(n)EC W(d%’)q({l}" A m (n)E)

n+1)4\(n)€, = )
(n+1)4{(n) f(n)EC 7(dx)

Ae (n+l)Ba

and B

(n+1)21v(x) = (n+1)§(xv (n—l—l)E)v LS (TL)E7
where (,41)B is the o-algebra generated by (n+1)E. Then, let {(nﬂ))?t,t > 0} be the
jump process on (,41)E corresponding to the g-pair ((n+1)q; (n+1)q(, A)), and (,11)7 be the
stationary distribution of (1) )?t such that (,11)7(A4) = fAm(n)EW(dI) for e ¢ A and
4T (A) = fAﬂ(n)E m(dx) + f Be T n(dx) for (,ye € A. Finally, let (,41)g be a continuous
truncation function satisfying (n+1)§( z) = g(z) for z € (,) £ and (,419((m)e) = 0.

By following a similar proof technique as in Lemma [3.J] and 3.2 we obtain the following
convergence result.
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Lemma 4.2. For the collapsed process (n)f{t, we have that

(1) if g is a bounded continuous function on E, then

P, (W €2 lim 7 (mXaw)) =g (Xs(w))) —1,

n—oo

and
lim (7 (()9) = 7(9);

n—oo

(ii) and if the original process X; admits an L()-spectral gap \(q), and K is dense in D*,
then

Tim A(n)q) = A(g)-
By combining Lemmas [T and £.2] and using a similar argument in the proof of Theorem

2.1, we obtain the following Hoeffding’s inequality for a jump process on a general state space.

Theorem 4.1. Assume that the process X; exists an L2(r)-spectral gap \(q), and that K is
dense in D*. Then for any bounded continuous function g : E — [a,b], and t,e > 0, we have

B (4 [ s a2 ) senp {0
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