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Policy Gradient Based Semi-Markov Decision Problems:
Approximation and Estimation Errors

Ngo Anh VIEN'®, Nonmember, SeungGwan LEE™Y, Member,

SUMMARY In[1] and [2] we have presented a simulation-based algo-
rithm for optimizing the average reward in a parameterized continuous-
time, finite-state semi-Markov Decision Process (SMDP). We approxi-
mated the gradient of the average reward. Then, a simulation-based al-
gorithm was proposed to estimate the approximate gradient of the average
reward (called GSMDP), using only a single sample path of the underly-
ing Markov chain. GSMDP was proved to converge with probability 1. In
this paper, we give bounds on the approximation and estimation errors for
GSMDP algorithm. The approximation error of that approximation is the
size of the difference between the true gradient and the approximate gradi-
ent. The estimation error, the size of the difference between the output of
the algorithm and its asymptotic output, arises because the algorithm sees
only a finite data sequence.

key words: Markov decision processes, dynamic programming, semi-
Markov decision processes, policy gradient SMDP, approximation and es-
timation error bounds

1. Introduction

A generalization of MDP is the SMDP in which the amount
of time between one decision and the next is a random vari-
able, either real- or integer-valued [3]—[6]. In the real-valued
case, we have SMDPs model with continuous-time discrete-
event systems. In a discrete-time SMDPs, decisions can
be made only at (positive) integer multiples of an under-
lying time step. In this section, we restrict ourselves to
continuous-time systems with a finite or a countable num-
ber of states.

We consider a semi-Markov decision process with fi-
nite state space S = {l,...,N} and finite action space
U = {1,...,M}. Transition probabilities in MDP are re-
placed by transition distributions Q;;(t, u), witha state i € S,
u € U(), and T > 0 is time interval between the transition
to state i and the transition to the next state. For a given pair
(i, u), transition distributions are used to specify the joint
distribution of the transition interval and the next state [4]:

Qij(t,u) = Pltger — tx £ 7, X001 = Jlxx = Lug = u} (1)

where the state and control at any time ¢ are denoted by x(¢)
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and u() respectively. We will use the following notation for
the whole paper:

tx: The time of occurrence of the kth transition. We
denote ty = 0.

Ty = ty — t—1: The kth transition time interval.

xp = x(t): We have x(t) = x for t; <t < tyyq.

u = u(ty): We have u(t) = uy for ty, <t < ty,y.

We assume that for all states i and j, and actions u €
U(i), Qjj(t,a) is known that the average transition time is
finite:

f 7Q;i(dt,u) < 00
0

Note that the transition distributions specify the ordinary
transition probabilities via

pij() = Plxip = jlxg = i,up = u} = Tll_{go Qij(t,u)

For each pair (i,u), we denote G(i,u) the single stage ex-
pected cost corresponding to state i and control u. We have

G(i,u) = g(i, u)T(i, u) 2)

where g(i, u) is the immediate reward at each time step, i and
u are the current state and action respectively. And 7(i, u) is
the expected value of the transition time corresponding to

(i, u)

N 00
H(iu)= j; Qij(dv, u) 3)
=1

A randomized policy is defined as a mapping
u:SxUw[0,1]

such that:

D, M =1

ueU(i)

VieS

Under a policy p, action u is chosen with probability (i, u)
whenever the state is equal to i.

The approach we pursue here is to consider a class
of policies parameterized by a parameter space {6 € RX},
whose dimension K is tractable small, compute the gradient
with respect to 6 of the average reward (cost), and then im-
prove the policy by adjusting the parameters in the gradient
direction. Let 8 = [0,,6,,...,0x]" € RX be the parameter

Copyright © 2010 The Institute of Electronics, Information and Communication Engineers



272

that determines the control policy (we use the superscript ’
to denote vector transposition). Because it is impossible to
provide an arbitrary policy u for problems having very large
state spaces. In this paper, we are interested in parameter-
ized policy methods that perform small incremental updates
of the parameter 6. Hence, we choose to work with random-
ized policies that make policy have a smooth dependence on
0.

Let us consider a natural reward function for the
continuous-time average reward problem:

T

o1
J(6) = lim —Eo f 8(x, up)dt “)
0

We parameterize a randomized policy p(6), which at any
given state i chooses an action u with probability u(i, u, 6).
We assume that every wu(i,u,6) is nonnegative and that
Yweu(y M@, u,0) = 1. Thus, the expected reward per stage
is given by

g.0) = ) uli,u, )G, u) )

ue(i)

The objective is to maximize the parameterized average re-
ward function J(6) under policy u(8). Now we discuss vari-
ous assumptions about the SMDP.

1.1  Assumptions

The following assumption assumes the bound of transition
time:

Assumption 1: There is v < co such that

0<7(,u)<v i=1,....,N, ue U@

For every 6 € RX, let P(0) is the stochastic matrix with
entries P;;(f). We assume the transition probability and the
reward matrices satisfying the following assumptions:

Assumption 2: For any 6 € RX, the embedded chain
{x?}k=0 with transition probability P;;(6) = P(x{,, = jlx{ =
i) = Yueu) Pij(wpu(i, u, 0) is a unichain.

Assumption 2 ensures J(6) is well defined quantity with a
limit independent of the initial distribution for xy. A finite
state discrete-time homogeneous Markov chain with state
space S and transition probability P;; is said to be a unichain
if the transition probability matrix [P;;] corresponding to ev-
ery deterministic stationary policy consists of one single re-
current class plus a possibly empty set of transient states [4],
[7]. Since any finite-sate Markov chain always ends up in
a recurrent class, and it is the properties of this class that
determine the long-term average reward, this assumption is
mainly for convenience so that we do not have to include the
recurrence class as a quantifier in our theorems.

We denote the Markov chain corresponding to P(6) by
M(0). A stationary distribution of a Markov chain with
transition probability matrix P is a probability distribution
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() = [n(6,1),...,m(6,N)]" over states. Assumption 2 im-
plies that each P(6) has a unique stationary distribution 7(6)
satisfying the balance equations

n(0)' P(0) = n(6) (6)

where

N

Zn(i, ) =1 (7

i=1
Then, the average reward is equal to:

N

J(O) = Z n(i, 0)8(i,0) = n'g ®)

i=1

To make a gradient method applicable, suitable derivatives
must exist. The following assumption about parameterized
stochastic policies suffices.

Assumption 3: The derivatives du(i, u, 8)/06; exist for all
ueU,ieS,k=1,...,Kand g e RK,

This assumption implies that the derivatives dP;;(6)/06) ex-
istforalli,j=1,...,N,k=1,...,K and § € RX.

Assumption 4: For every i € S, u € U the magnitudes of
the rewards, |g(i, u)|, are bounded by a C < oo.

Assumption 5: There is a B < oo such that, for all u € U,
ieS k=1,...,Kand 8 € RX,

[Ou(i, u, 6)/ 06| <B
(i, u,6)

In the Assumption 5, we assume that 0/0 = 0 in the case
u(i,u,0) =0.

2. Policy Gradient SMDP

In [1], [2], we pursued the approach that searches for a pol-
icy minimizing the average reward of SMDP problems di-
rectly. Our work was inspired by the works in [8] and [9].
In [8], the authors consider a class of stochastic policies pa-
rameterized by 6 € R¥, and compute the gradient with re-
spect to 6 of the average reward, then improve the policy by
adjusting the parameters in the gradient direction. We in-
troduced GSMDP algorithm which extended the results in
[8] and [9] with a continuous-time model. We can consider
the average reward of SMDP problems as a function J(6) of
6 € RX. Our main contribution in the papers [1], [2] is to de-
velop an algorithm for computing an approximation VgJ(6),
to the gradient VJ(0) of the average reward, from a single
path of the underlying Markov chain for a SMDP.

Theorem 1: For all § € R,
VJ(@O) = éin(l) VpJ(6)

where

VsJ(60) = 7' (Vg) + 7' VPJ4(0) )
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Proof: See [1] and [2]. Where Jg(0) = [Jp(1,6),...,
Jg(N,0)]" is the vector of the expected discounted rewards
from each state i:

0o

Ju(i.0) = Ey f Py up)| o = i (10)
0

Then a gradient-based SMDP (GSMDP) algorithm was
introduced to estimate the approximation VgJ(6) as de-
scribed in Algorithm 1. This algorithm was proved in [1]
and [2] to converge to the approximate gradient when the
number of iterations 7 — oo: Tlgrolo A7(0) = VgJ(6).

The accuracy of the approximation is controlled by a
discount factor 8 € (0, o) of the algorithm. The approxima-
tion VzJ(6) has the property that VJ(6) = [lgirré VgJ(60). How-

ever, when g is close to 0, the variance of the algorithm’s
estimates increase as § — 0. Inspired by the proofs in [8]
and [9], we will prove the same results that the approxima-
tion error is small provided that the 1/(1 — ") (where v is
the bound of the magnitude of the transition time) is large
compared to the mixing time of the derived Markov chain
for a SMDP. And inherited by the proof in [9], we will give
a bound on the estimation error of the GSMDP algorithm.
The estimation error, which is the size of the difference be-
tween the output of the algorithm and its asymptotic output,
arises because the algorithm sees only a finite data sequence.

Algorithm 1: Gradient-based Semi-Markov Decision Process
(GSMDP) algorithm
1. Given :

e Parameter § € RK

e Parameterized class of randomized policies {u(.,.,0) : 6 € REKY
satisfy Assumption 3 and 5

e Discount factor 8 € (0, o)

o State sequence xo, X, ... generated by the SMDP with controls
ug, Uy, . . . generated randomly according to the distribution {u(., ., 6)}.

e Reward sequence g(xo, ug), g(x1,u1), ... satisfies Assumption 4,
transition time sequence T(xo, up), 7(x1, u1), . . . satisfies Assumption 1
2: Setzg = 0 and Ag = 0 (29, Ag € RK)
3:Fort=0toT —1do

1 = 3_132[ +V;
A1 = A

1
+ +1 [VigCxr u)TCxr, ur) + (X1, Uri 1)Zes1 — Af]

where

v, = Viu(xe, uy, 0)

= DT
H(xs, g, 6)

4: End for
5: Return Ay
where we concatenated K gradients Vg, to one vector

A|P©® aJ®) |
| 80 T dek
and
_— [Ve,/t(-,-;ﬂ) Veku(~,~;6)J’
! uG,50 T uG, 6
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Our estimation error bound is in terms of 1/(1 — ¢#”)? and
the mixing time of a certain stochastic process associated
with the SMDP.

3. Policy Gradient in Partially Observable SMDP

In this section, we discuss an applicability of our proposed
policy gradient algorithm (GSMDP) in Algorithm 1 for a
Partially Observable SMDP (POSMDP). Specifically, we
assume that there are Y observations Y = {1,...,Y}, and
for each state i € S, there is a probability distribution v(i)
over observations in Y. Denote the probability of observa-
tion y € Y as v(y,i). Thus, a randomized policy is defined
as a function y mapping observation y € Y into the proba-
bility distribution over the controls 2. As a consequence,
the Markov chain for the corresponding partially observ-
able SMDP is that: state transitions are generated by choos-
ing an observation y in state i according to the distribution
v(y, i), then choosing a control u according to the distribu-
tion u(y, u), and then generating a transition to a next state
J according to the probability p;;(u), the transition time 7 is
generated according to a certain distribution. If the policies
are parameterized by a parameter 6 € RX, u(y, u, 6), then the
Markov chain corresponding to 6 has state transition matrix
given by

Pij(6) = Eyosiiy Eupty 0y Pi(10)

which means

pi(®) = D V0, DO, 1, 0)pija0)

uy

then

VpiiO) = D vy, VA, u, O)pij(a)

uy

= Z VO D 6) = = i)

We introduce Algorithm 2 which is the policy gradient based
POSMDP. The modification is in which the updates of z; are
now based on the parameterized policy function u(yy, u;, ).
The convergence proof of this algorithm can be derived
straight-forward similarly to the proof of Algorithm 1 in [1],
[2].

4. Approximation Error

The following results about approximation error bound are
inspired by the works of Baxter [8], and Bartlett [9].
Theorem 1 showed that VzJ(6) is an accurate approx-
imation to the gradient as 8 approaches 0. However, we
will prove that 8 approaching 0 leads to large variance in
the estimate of VgJ(6). The following theorem will give
the approximation error bound depending on 8. This the-
orem is defined under the assumption that the eigenvalues
of the transition probability matrix H = E X P(6), where
E = diag(e ™ ... ™) are all distinct. The existence
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Algorithm 2: Gradient-based Partially Observable Semi-Markov De-
cision Process (GPOSMDP) algorithm
1. Given :

o Parameter § € RX

e Parameterized class of randomized policies {u(., .,0)
satisfy Assumption 3 and 5

e Discount factor 8 € (0, o)

e Observation sequence Yo, yi, . . . generated by the POSMDP with
controls ug, ui, ... generated randomly according to the distribution
{uOr, - 0).

e Reward sequence g(xo,up), g(x1,u1),... satisfies Assumption
4, transition time sequence T(xo, uo), T(x1, U1), . ... satisfies Assump-
tion 1. Where xg, x1,... is the (hidden) sequence of states of the
Markov decision process.

2: Setzg = 0 and Ag = 0 (209, Ag € RK)
3:Fort=0to7T —1do

1 0 e RK)

Z+1 = € Zt +V;
A1 = A

1 _
1 [V18(xts )T (1, 1s) + g(Xex 1, Urs )zest — A

where

V(e ur, )
1y, g, 0)

4: End for
5: Return Ap

Vv, =

of a unique stationary distribution implies that the set of
eigenvalues A; > |4p| > - - - > |Ay]| have magnitudes less than
1 (some eigenvalues may be equal to each other) [10]. In the
following theorem, k,(X) is the spectral condition number
of a nonsingular matrix X which is defined as

K2(X) = [IXII [|X
where
IX]l, = max |IXy|
yiiyll=1

and ||y|| is the Euclidean norm of a vector y.

Theorem 2: Let assumption 1-5 hold, with station-

ary distribution n” = (my,...,my) and denotes II =
diag(my,...,ny), and H = E X P(f), where E =
diag(e™P™,...,eP™), has distinct eigenvalues. Then the

normalized inner product between VJ(6) and VgJ(0) satis-
fies
~ VJeP Vgl _a- eP)BCy
\vJP? - IvJi|

vV ﬁl—eﬁv
Nl ~ 1]

where S = (x; x; ... xy) is the matrix of the right eigen-
vectors of H corresponding, respectively, to the eigenvalues
VSR VO I VIV R

+ (25 —2

The proof of the Theorem 2 appears in Appendix A.

According to the result of Theorem 2, it turns out that if
[1 — e?| is small compared to |1 — 1;|, the gradient approx-
imation is accurate, and large 8 gives large approximation
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error. By this theorem, we have trade-off method between
the approximation error reduction and variance reduction of
the algorithm. As seen in the proof of Theorem 1 in [1], if 8
is larger, the limit converges more quickly as  — co with the
order of magnitude Sz, that means, Algorithm 1 needs fewer
iterations to make the approximate gradient VgJ converge
to the true gradient VJ(8). However, Theorem 2 shows that
large B gives a larger approximation error. Inversely, small
B makes the limit converges more slowly, that means Algo-
rithm 1 needs many more iterations to make the approximate
gradient VgJ converge to the true gradient VJ(6). However,
small 8 gives small approximation error.

Theorem 2 is similar to the work of Baxter [8]. It shows
that the approximation is accurate, but the proof requires an
assumption that the eigenvalues of the Markov chain M(6)
are all distinct. The following theorem has similar result,
but without the assumption about the eigenvalues. The fol-
lowing result is inspired from the result of Bartlett [9]. The
result is in terms of a different mixing time 7*, based on Xz
distance.

Definition 1: Given two probability distributions p, m on
{1,2,...,N}, with r; > O for all i, the )(2 distance between p
and 7 is given by

dys(p.m) = [Z b7 ]

i=1

12

We use the following lemma result from [9]

Lemma 1:

T2~ = eI 2| < Ecr {dye (ph 102

See Lemma 22 in [9] for proof. And definition of p’, in the
next theorem. Now we can obtain the bound of approxima-
tion error.

Theorem 3: Partition the state transition probability ma-
trix P as

P =
Py
Suppose there are constants ¢, 7" (the mixing time is defined
based on y? distance) that

(Ecerfd i m?)) < coxp(-2)
Then
[VJ = eVsd|| < (1 = eP)BCy + ||Va'|| c7*
x (1= e [ g

The proof of the Theorem 3 appears in Appendix B. The
above theorem also justifies our discussion that if 8 is
smaller, the right hand side reaches to 0, thus the approx-
imation error is smaller; otherwise if 8 is larger, the right
hand side becomes larger, thus the approximation error is
larger. However, we previously argued that large S leads
to small variance, and vice versa. Thus, we can derive the
trade-off between bias/variance from either Theorem 2 or 3.
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5. Estimation Error

In this section, we give bounds on the estimation error of
the GSMDP algorithm. Our estimation error bound is in
terms of the algorithm’s discount factor and the mixing time
of a certain stochastic process associated with the SMDP.
We will generalize the work of Bartlett in [9] which finds
estimation error bounds of GPOMDP algorithm associated
with the Partially Observable MDP (POMDP) framework.
In Algorithm 3, we also modify our algorithm similarly to
GPOMDP. The new algorithm has three distinct phases,
which extends for n, ny, n3 time steps. “The first phase in-
volves waiting for the controlled SMDP to mix. The second
involves gathering gradient information about actions that
are taken. The third involves waiting for the long term out-
comes of the actions for which the gradient information was
gathered” (this modification is described in detail in [9]).
Thus, we can rewrite A in Algorithm 1, the estimate pro-
duced by GSMDP algorithm in Algorithm 3:

ny+ny—1

A=—

Vt[g(xt, u)T(x;, Uy)
np

= (11)

ny+ny+nz—1-t

+ Z e—Bxg(leH, ut+1+s)]
5s=0

Algorithm 3: GSMDP algorithm.
1. Given :

o Parameter 6 € RK| discount factor B € (0, 00).

e Parameterized class of randomized policies {u(.,.,0) : 6 € REKy
satisfy Assumption 3 and 5.

o State sequence X, X, ... generated by the SMDP with controls
ug, u1, ... generated randomly according to the distribution {u(., ., 6)}.

e Reward sequence g(xo, up), g(x1,u1), ... satisfies Assumption 4,
transition time sequence 7(xo, tg), 7(x1, u1), . . . satisfies Assumption 1.
2: Setzg = 0 and Ag = 0 (29, Ag € RK)
3:Fort=0ton; —1do

I+l = 2
A1 = A
End for

4: Fort =nyton; +ny — 1 do

2+l = eiﬁzt +V;

A1 = Ar + PRE— [Vtg(xh ug)T(xy, uy)
+ 8(Xr41, Ur1)Zr41 — At]
End for
S:Fort=ny+nyton; +ny +n3 —1do
41 = Pz

A = A+ [Vfg(xt, u)T(X1, ) + Q(Xpx 15 Urs1 )Z:+1]

End for
where
_ Vux, ui, 6)

vV, =
! H(xy, g, 6)

6: Return Ay
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where
— V:u(xt’ M[, 0)
#(-xl’ ut’ 9)

t

We also apply the k-blocked algorithm, which uses only &
of the future reward values

n1+n2—l

A= — Z Vz[g(xz, u)T(x;, Uy)

LR
: (12)

k—1
+ Z €7ﬁsg(xz+1+s, ut+1+s)]
s=0

Assume that k < n3 + 1. The estimate A is an average
of n, terms, each of which is a function of a vector Sf =
Vi, 8(),7(2),...,81 + k), T(t + k)). Define that

Af = V[ gt )75, 1)

k-1
i (13)

+ Z e ﬂsg(xwlﬂ, Mt+1+s)]

s=0
Then, use Assumptions 1, 4, 5 to obtain
1 —ePk 1
k —

A4, < BC(V+ T ) < BC(v+ — e—ﬁ) (14)

We now give the estimation error bound of the GSMDP al-
gorithm

Theorem 4: If the process S¥ = (V,,g(t), 7(?),...
k), T(t + k)) is T° — mixing, s < np, k < n3 + 1, then

Xo)
K

N N ( —e2ny(1-eF)? )
< E {se—L"I/T Iy nze—LS/T 14 4ge\ ™ 482 }

8t +

Pr(”A —VaJ|| > e+ IZBC_ e

where K is the parameter dimension, |a/b] is integer divi-
sion, and X, is the infinite sequence (..., x;_, X;).

The proof of the theorem 4 appears in Appendix C. This
result shows the relationship between the number of itera-
tions in Algorithm 1 (n, or T) with the estimation error. We
consider the right side in theorem 4 as a function of n,. It is
easy to derive that the function is an decreasing function if
np > 0 (by taking its derivative). Thus, if the number of iter-
ations n, (or T') of GSMDP is infinite, the probability of the
estimation error greater than a small number becomes zero.

6. Conclusion

In this paper, we give bounds on the approximation and es-
timation errors for our GSMDP algorithm in [1]. GSMDP
algorithm is a simulation-based algorithm which was pro-
posed to estimate the approximate gradient of the average
reward, using only a single sample path of the underlying
Markov chain. The approximate gradient of the average re-
ward, with respect to the parameters in SMDP controlled by
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parameterized stochastic policies, is computed as in Algo-
rithm 1.

The approximation error of the above approximation
is the size of the difference between the true gradient and
the approximate gradient. The estimation error, the size of
the difference between the output of the algorithm and its
asymptotic output, arises because the algorithm sees only a
finite data sequence. Through approximation error bounds,
we show that the accuracy of the approximation depends
on the relationship between the discount factor used by the
approximation method and the mixing-time of the Markov
chain for a SMDP. As a consequence, we derive a trade-off
method between the approximation error reduction and vari-
ance reduction of the algorithm. The estimation error bound
shows the relationship between the number of iterations of
GSMDP with the estimation error. It is easy to derive that
if the number of iterations of GSMDP is infinite, the prob-
ability of the estimation error greater than a small number
becomes zero.
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Appendix A: Proof of Theorem 2

Lemma 2: Assume that S = (x1 x; ... xy) is the matrix of

IEICE TRANS. INF. & SYST., VOL.E93-D, NO.2 FEBRUARY 2010

the right eigenvectors of H = E X P corresponding, where
E = diag(e ™D, ..., e ™M) respectively, to the eigenval-
ues 1 =4y > [dp| > > |Ayl,and S~ = 155N

Then y; is the left eigenvector corresponding to eigen-
value A;,i=1,...,N.

Proof: From Theorem 4.10.2, p153 in [11], the existence
of N distinct eigenvalues implies that H = SAS~!, where
A =diag(Ay, ..., ), S = (i, ..., yn).

H=SAS ' S'H=AS"'

S (V15N H = (Y1, .. Avyn)
& O YWH = (Y, Avyy)
yir ot YIN Hy -+ Hiy
< . . . . . .
YNI :t YNN Hyy -+ Hyn
Ay 0 A
ANYN1 ANYNN

N
@ZyiHijz/ljyj j= 1,...,N

i=1

Then y; is the left eigenvector corresponding to A;, i

1,...,N. O
Lemma 3: For any polynomial function f, then f(P) =
SfN)SL
Proof: First, we prove that P* = SAS~!, k is integer. We
have S 7' Pk = §-1PPF1 = AS-1PF1 = ... = AKS~!. Then
Pk = SAkS~!. Assume that f = ag + a1x + - - - + a,x,, then

f(P) = Z P = Z a:SA'S™!

=0 =0
=S (Z a,A’]S—1 = Sf(A)S™!
1=0

O

The following proof is for Theorem 2. We have the

formula of the true gradient and the approximate gradient of
the average reward Eq. (9)

VJ©) =7'(Vg) + (Vn)'g
and

VsJ(0) = 7' (Vg) + n'VPJg
On the other hand, in [3]

Jp(i) = g+ €0 3" Pygs(j)
J=0

or
J5(0) = g + EPJ4(0) (A1)

where E = diag(eP™V, ..., eP™W)
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Following from Assumption 1, the magnitude of the
transition time satisfies 7(i) < v = ¢ 7@ > ¢, Thus, we
have

(Vn)'g = (Vn)' (Jg — EPJp)

< (Vr)Jg — e P (Vr) PJg
(by (A-1)). Hence, from the definition of VJ(8) and the
above inequality, we have

VJ < ' (Vg) + (V) Js — e (V) PJg

According to the balance equation that (V)P = Va'—n’'VP,
then

VJ < 7' (Vg) + (Vn) Jg — e (V' — n'VP)J,
Subtract both sides of the above inequality by both sides of
VgJ () formula multiplied with e to obtain
VJ =PV < (1 - e’ (Vg) + (1 — e ) (Vn) Jp
(A-2)

First, we will find the bound of the first part of the right-
hand side, then the reduced form of the second of the above
inequality. We have

i
(Vg = 3 S miuti ) gy, )

- u(i, u)
=D D EW)

where E(Y;) is the expectation of the stationary and ergodic
process {Y,} is defined by:

Vi, u)

(i, u)

where y;(-) denotes the indicator function:

= xi(x)xu(us) g, u)T(i, u)

0 otherwise

Xi(x) = {

then
ou(i, u)
7'V = Z lim — Z»a(x,)xu(u,) i ST
1 V:u(xts ut) -
= 711_{130 T #(xz, ) 8(xs, up)T(xs, uy)
T-1
< lim — Z BCy = BCy (A-3)

t=0
Use results from (A- 1), Lemmas 2 and 3, we obtain

(1-eP)g=(1-¢™) ) (EP)g
=0

=(1—e?)s (ZA’]S—‘g

t=0
=(1-e™) ) xy) [Z (A_,)’) g
j=1 1=0
=SMS~'g (A-4)

2717

where

l—e? 1—-e? 1—e?

1= 1=-2"""" 1—/1N)

Now we prove the main result of this theorem. From the

inequality (A- 2), we have
VJI—(1-eP)n'Vg—(1—eP)(Vn)Js < eP Vg

Thus,

M = diag(

VJe PVl
V7P
VIV = (1 - eP)r'Vg — (1 - eP)(Vay Jg]
V7P
VI[(1 = eP)n'Vg + (1 - eP)(Vr) Jg
- IvJ]P
VI[(1 - eP)n'Vg + V'S MS g
- V7]

(Following to (A-4))
VJ[(1 = e#)BCy + V'S MS'g]
<
Vs
_(=ePpey  [Vrsms |
a v v
(Following to (A- 3) and the Cauchy-Schwartz inequality).
From here we apply the result of Baxter [8] to reduce
the above inequality of the normalized inner product be-
tween VJ(0) and VzJ(6). Since Va' = (V+/)1!/2, then
apply the Cauchy-Schwartz again to obtain
VJe Vgl
VI
< (1-e?)BCy
IV IvJ
The second part of the right-hand side of the above inequal-
ity is
|[(1'/28 MS ' g|| = ||172s ps T AT g |
< [lrsl, fls et ozl i,

1—e¢P
skz(H”ZS)«/g'Hgl 1

Because
. l—e® 1—e® 1—eP
IM|l, = ||diag , yeees
1-24, " 1-2, -y /||,
l—e®| 1-e#
= max =
i 1-2; 1-2
Then
VJeP'VgJ - (1 -eP)BCvy
2/ v/l
VAT 1—e?
+ KZ(I/ZS)“ |VJ” H \/_ e
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Appendix B: Proof of Theorem 3

Proof: The inequality (A-2) shows that
[V = ePVgi| < (1 - ) (Vg)
+(1—eP)(Vn) Jg
And applying the inequality (A- 3) to obtain
[VJ = e Vgd|| < (1 = eP)BCy + (1 — ) (V) Jg
(A-5)
According to (A- 1), we have

(1= eP) V) Jg = (1= eP)Va' ) E'P'g
t=0

= (1 — eV’ Z E'(P' - en)g
=0
(because Vr'e = V(n'e) = 0)

=Vr(1—e?) ) BT
t=0
% (Hl/z(Pz _ eﬂr)H—I/Z)HI/Zg

<fvrffa-em > Em?
t=0

Ever {de (e w2} 112

(by Lemma 1)

(L= ™) Y e e 2|
=0

< HV;T’” - e_ﬂV)Z co 11T BiTuin “H—l/zn “Huzg”

< [

=0
(because ||E|| = max{e ™D, ... eP W)} = ¢Fmn, where
Tyin = min{7(1), ..., T(N)})

c(l —e®)

- [

TEpT=nd

Because

1 R
1 — e Bming=l/T" = | — e~ l/T" — T

5

then
(1 =P\ (Vn) Jp

< [Fer' e [ g
(A-6)
From (A-5) and (A- 6), we have
“VJ - e’ﬁVVﬁJ“ <(-eP)BCv + ||V7r'|| ctt
x (1= ) I 2l
O
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Appendix C: Proof of Theorem 4
Lemma 4: Assume that Assumptions 1, 2, 3, 4, and 5 hold,
then

e Pk
|

|A% = Al| < BC

Proof: We have

1
la* - Al = —
np
k—1
ni+np—1 Z € ﬁsg(xz+1+s, Urslts)
s=0
X Z V’ ny+ny+n3—1-t
=n - P G(Xix1ss Ups1as)
5s=0
ny+ny—1
<— > IV
1=ny
k—1
2 e Bsg(xz+1+s,uz+1+s)
% s=0
ny+ny+nz—1-t
- 2 e ﬁsg(xtﬂﬂ, Urslss)
s=0
ni+ny—1 ny+np+nz—1-t
<

DI /B Ve

t=n, s=k

X |g(Xrt 145> Urr145)]

1 nye Pk M=l B +ny+ns) =i
< —BC - _
ny 1—eB = (1 - e’ﬁ)
e—ﬁk BC ni+np—1 e—ﬁ(nl+n2+ng)e—ﬁt
=BC i R
l—e? m & (1-e?)
—Bk
e
< BC
1—e®
The equality is when ny = oo. O
Lemma 5:
—Bk
k e
EA7 = Vo | < BCT—

Proof: From the proof of Theorem 2 in [1] and [2], we have
!
VsJ(©) = lim — > Vi[gx u)Txr 1)

r =0

+ Z e_ﬁsg(xmn s Ustr+l )]
s=0
On the other hand,

. 1 T-1 )
ExA; = Jim T ; Vi g u) )

k-1
+ Z e_ﬁsg(xs+t+1 > us+t+1)]
s=0
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Thus,
|E-AF = V5J0)|

oo

T-1
.1 _
lim — Z \Z Z e ﬂsg(xsﬂﬂ S Ugiisl)
=0

T
—oo T =

A
8

I
=)
a

O

To prove Theorem 4, we use the following theorem

from [9] (see Theorem 15): if {X;} is ™ — mixing and
f:1X — [a,b]X, and s < n,, then

1 ny+ny—1
Pri|— >0 fX)-Ef) 2 ¢ X%
npy 4
=np 00
K . . —en
=L /77] ~Ls/7*] 2
< E (Se 1 + nre +4S6Xp(m))

(where K is the parameter dimension and |a/b] is integer
division)

Theorem 4 is now easy to be proved by using results of
Lemmas 4, 5 and the above theorem. We apply the above
Theorem to the function A¥ of the vector S¥ to obtain

1 ny+ny—1 2BC
Pr||— X;) — Ex e
r an 2. fX)=ED| + {5

=ny )
2BC

ST Bk

> €+ 1= e‘f”e X(_)Do
2BC
— k k —Bk
_ Pr(”A B e
2BC
ST Bk
> €+ l—e‘ﬁe X‘EM)
where,

1 n|+n2—1
A= — Af

ny t:an !

On the other hand,
2BC
k_ k —Bk

|A% - EqAY, + i

2 [|a" - Bl + [la - A
+[|Exat = VI
> || = V|,
(Following to Lemmas 4, 5). Thus,
( ”Ak —EnAme 4 2BC ,—pk
Pr

1—e?
= 1—e#
> Pr(HA ~Vgl|| = e+ %e*ﬁk

g
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According to (14) (or actually Theorem 15 in [9]), if we set
a=0
{ b=BC(v+ L)
Then finally, we obtain

2BC _
PI'(”A—VﬁJ”oo > €+ me Bk

g

K (se"/m) 4 pye-lof]
—e2ny(1-e#)? )
4B2C2(v—veP+1)2s

<

0|

+45exp (

E{Se—Lnl/T ] + nze—b/‘r ] + 4se aB2cZs }
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