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Abstract The mean-square asymptotic behavior of temporal-difference learning algorithms
with constant step-sizes and linear function approximation is analyzed in this paper. The
analysis is carried out for the case of discounted cost function associated with a Markov
chain with a finite dimensional state-space. Under mild conditions, an upper bound for the
asymptotic mean-square error of these algorithms is determined as a function of the step-size.
Moreover, under the same assumptions, it is also shown that this bound is linear in the step
size. The main results of the paper are illustrated with examples related to M/G/1 queues and
nonlinear AR models with Markov switching.
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1. Introduction

The mean-square asymptotic behavior of temporal-difference learning with linear function
approximation is the subject of this paper. Temporal-difference learning could be consid-
ered as a recursive parametric method for approximating a cost function associated with
a Markov chain. The aim of these algorithms is determining the optimal value of the ap-
proximator parameters by using only the available observations of the underlying chain. In
order to minimize the approximation error, temporal-difference learning algorithms update
the approximator parameter whenever a new observation of the underlying chain becomes
available.

The prediction and approximation of a cost-to-go function associated with a Markov chain
are problems arising in the area of dynamic programming (e.g., the policy evaluation step of
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the policy iteration algorithm is based on the estimation of a cost-to-go function), as well as in
areas such as automatic control and time-series analysis. Several methods have been proposed
for solving these problems (e.g., Monte Carlo methods in statistics and maximum likelihood
methods in automatic control), among which temporal-difference learning is probably the
most general. Moreover, it is easy to be implemented and computationally low or moderate
complex. Due to their excellent performance, temporal-difference learning algorithms have
found a wide range of application (for details see e.g., (Bertsekas & Tsitsiklis, 1996; Sutton &
Barto, 1998) and references cited therein), while a great number of papers have been devoted
to the analysis of their asymptotic behavior (see Dayan, 1992; Dayan & Sejnowski, 1994;
Jaakola, Jordan, & Singh, 1994; Konda, 2002; Nedi¢ & Bertsekas, 2003; Sutton, 1988; Tadic,
2000; Tsitsiklis & Van Roy, 1997; see also Bertsekas & Tsitsiklis, 1996; Sutton & Barto,
1998 and references cited therein). Unfortunately, none of the existing results provide an
insight into asymptotic properties of temporal-difference learning algorithms with constant
step-sizes. Since temporal-difference learning algorithms (as well as other reinforcement
learning algorithms) are usually implemented with constant step sizes, it seems that the
asymptotic results obtained for the case of constant step sizes are more important and
interesting (at least from the practical point of view) than results on the asymptotic behavior
of decreasing step size algorithms.

In this paper, the mean-square asymptotic behavior of temporal-difference learning algo-
rithms with constant step-sizes and linear function approximation is analyzed. The analysis
is carried out for the case of discounted cost function associated with a Markov chain with
a finite dimensional state-space. Under mild conditions, an upper bound for the asymptotic
mean-square error of these algorithms (i.e., for the their asymptotic mean-square deviation
from the optimal value of the approximator parameters) is determined as a function of the
step-size. Moreover, under the same assumptions, it is also shown that this bound is linear
in the step size. The main results of the paper are illustrated with examples related to M/G/1
queues and nonlinear autoregressive (AR) models with Markov switching. The results of
this paper are an extension of the results of (Tsitsiklis & Van Roy, 1997) and a continua-
tion of the author’s work presented in (Tadié, 2000). Moreover, to the best of the author’s
knowledge, there does not exist a similar result in the available literature on reinforcement
learning.

The paper is organized as follows. In Section 2, temporal-difference learning algorithms
are formally defined and the assumptions under which their rate of convergence is analyzed
are introduced. The statement of the main result is also presented in Section 2, while its proof
is given in Section 4. A special case where the underlying Markov chain is geometrically
ergodic is considered in Section 5, while the examples related to M/G/1 queues and nonlinear
AR models with Markov switching are presented in Section 6. In Section 3, the existence and
properties of solutions of certain Poisson equations associated with the underlying Markov
chain are analyzed. The results presented in this section are a crucial prerequisite for the
analysis carried out in Section 4.

2. Main results

Temporal-difference learning algorithms analyzed in this paper are defined by the following
equations:

9n+1 = PQ (0)1 + Vdn+1 el‘l+l)7 (1)

dui1 = ¢ X, Xpi1) + 6] ¢ (Xys1) — 6] ¢ (X,0), )
@ Springer



Mach Learn (2006) 63:107-133 109

e =Y (@) 'p(X;), n=0. 3

i=0

y € (0, 00),a € (0, 1) and A € (0, 1] are constants (y is the algorithm step size).
c:RY x RY - R and ¢ : RY — R? are Borel-measurable functions. 6y is an R?-valued
random variable defined on a probability space (2, F, P), while {X,},>¢ is an R -valued
homogeneous Markov chain defined on the same probability space. O C R? is a convex
compact set, while Py (-) is the projection on Q, i.e.,

Pp (9) = arginf||0’ — 0|
0'eQ

for @ € R4(|| - ||) is the Euclidean norm in R?).

Temporal-difference leaning algorithms appearing the literature on reinforcement learning
typically do not have projection. However, due to the finite precision of digital computers,
any implementation of these algorithms (as well as other reinforcement learning algorithms)
implicitly involves projection of the algorithm iterates. Moreover, if the algorithm limit
points can a priori be located within a convex compact set (which is a typical situation in
practice), the projection to this set usually improves significantly the algorithm asymptotic
properties (stability and convergence).

X 0=X )

For x € R let
(provided that J, (-)xs is well-defined). In the context of dynamic programming, J, (-) is
interpreted as a discounted cost function associated with the chain {X,},>¢ (for details see
e.g., (Bertsekas & Tsitsiklis, 1996). The task of the algorithm (1) — (3) is to approximate
the function J, (-) by 87 ¢(-). It determines the optimal value 6, of the parameter § € R
such that the 67 ¢(-) is the best approximator of J,(-) in the sense explained in [Tsitsiklis
& Van Roy, 1997, Section III]. If A = 1 and {X,},>0 has a unique invariant probability
measure 77(-), the algorithm (1) — (3) determines 6, € R? such that O*Tqb(-) approximates
J. () optimally in the L?(;r )-sense, i.e., it searches for the minimum of the function J (9) =
SO ¢ (x) = i (x))* 7 (dx), 0 € RY.

It can easily be noticed from (1) — (3) that temporal-difference learning algorithms
belong to the category of stochastic approximation algorithms (for more details on stochas-
tic approximation see e.g., (Benveniste, Metivier, & Priouret, 1990 and Kushner & Yin,
1997). Therefore, the asymptotic analysis of temporal-difference learning is usually based
on the methods developed for stochastic approximation (see e.g., Bertsekas & Tsisik-
lis, 1996; Sutton & Barto, 1998 and references cited therein). The analysis carried out
in this paper relies on the Poisson equation based general methodology for the asymp-
totic analysis of stochastic approximation (for details see Benveniste, Metivier, & Priouret,
1990).

The following notation is used throughout the paper. || - || denotes the Euclidean vector
norm and the matrix norm induced by the Euclidean vectornorm (i.e., [|A|| = supyq,=; | A0]l,

A € R4 while BY isthe family of Borel measurable sets from R 4 Forx € RY,letP (x,-)

J.(x)=E <ZO{”C (X, Xn+l)

n=0
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and P"(x, -) be the single and n-th step transition probability kernel of { X, },,>0 (respectively),
1.e.,

P'(x,By=PX, € B|Xo=x) w.p.1

and P (x, B)= P'(x, B)forallx € RY, B € BY, n>0.
In this paper, the asymptotic behavior of temporal-difference learning algorithms with
linear function approximation is analyzed under the following conditions.

Al. {X,},>0 has a (unique) invariant probability measure m (-).
A2. There exist a constant K € [1, 0c0) and a Borel-measurable function f : RY > [1, 00)
such that ||¢ (x)|| < f (x) and

f () (dx') < oo, 4
(P" fH(x) < K £ (), 5)
/|C(x, x’)|4P (x, dx') < f4 (x) 6)

forall x € RY n>0.
A3. There exist a constant L € [1, 0o) and a Borel-measurable function g : RY = [1, 00)
such that

/g2 (x)m (dx) < o0,

(P"gH) (x) < L g*(x),

> f ¢ () (P ") () (P — 1) (x, dx)| < g (x), )
m=0

> /¢(x’)(P”E) ()P" — ) (x, dx")|| < g (x) ®)
m=0

forallx € R*,n > 0, where & (x) = fc(x,x’)P (x, dx').
Ad. [ ¢ ()¢ (x) 7 (dx) is positive definite.

Remark: Using Lemma 1, it can easily be deduced that &(-) and the left-hand sides of (7)
and (8) are well-defined and finite.

Assumption Al is related to the stationarity properties of {X,},>0. Assumptions of this
type are standard for the asymptotic analysis of temporal-difference learning algorithms (see
Bertsekas & Tsitsiklis, 1996; Sutton & Barto, 1998 and references cited therein; see also
Tadic¢, 2000; and Tsitsiklis & Van Roy, 1997).

Assumption A2 corresponds with the growth rate of c(-, -) and ¢(-). It requires these
functions not to grow too fast so that their upper bound f{-) satisfies (4) and (5). The role of
A2 is to ensure that J,(-) and Ay, b, (defined in (10) and (11)) are well-defined and finite,
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as well as that solutions of certain Poisson equations associated with the algorithm (1) — (3)
(defined in the statement of Lemma 4, Egs. (31), (32)) have finite second-order moments. A2
is satisfied if ¢(-, -) and ¢(-) are globally bounded or if c(-, -), and ¢(-) are locally bounded
and there exists a constant M € [1, oo) such that || X, || < Mw.p.1,n > 0. It is also satisfied
if {X,},>0 is geometrically ergodic (see Section 5).

A2 and particularly the requirement expressed by (5) are motivated by the necessary
and sufficient conditions for the V-uniform ergodicity of homogeneous Markov chains.
Namely, an irreducible and aperiodic R -valued Markov chain with a transition probability
kernel P(x, ), x € RY | is uniformly ergodic with respect to a Borel-measurable function
V : RY — (1, co) if and only if there exists a Borel-measurable function Vy : R — (1, 00),
constants 8 € (0, 1), b,c € (1,00) and a set C € B¢ such that ¢~V (x) < Vo(x) < ¢V (x)
and

(PVo)(x) =Vo(x) = =B Vo (x) + D lc (x) &)

forallx € RY (for details see e.g.,(Meynet. al., 1993, Section 16]; I~ (-) denotes the indicator
function of the set C). Iterating (9), it can easily be deduced that

(P Vo)1) < (1= B Vo) +bY (1= By~ < Vo) +b(1 — )"

i=1

forallx € R?, n > 0. Consequently,

A

(P"V)(x) < c(Vo (x)+b(1 —p)™")
V@) +be(1 =B <+ - B V()

IA

forallx € RY,n > 0.On the other hand, if a Borel-measurable function /2 : RY — [0, 00)
does not satisty 4 (x) <V (x) for all x € RY | it is possible that fh (xX)m(dx) =00 or
(P"h)(x) = oo for some x € RY, n > 0. Therefore, in order to ensure that an upper bound

of [|¢ (x)|| and
1/4
(/ lc (x, XH*P (x, dﬂ))

have finite fourth-order moments with respect to 7 (- ) and P(x ,- ), n > 0, itis quite reasonable
(and natural) to assume that (5) holds (which is equivalent to f(x) = V/4(x) if {Xu}n>01s
V-uniformly ergodic).

Assumption A3 is related to the stability of {X,},>0. Basically, A3 requires {X,},>0 to
exhibit sufficient “degree of stability” (i.e., P"(x, -), x € RY to converge to 7 (- ) sufficiently
fast) so that (7) and (8) hold. Its role is to ensure that the Poisson equations associated with
the algorithm (1) — (3) have unique solutions (see Lemma 4). A3 is satisfied under geometric
ergodicity conditions (see Section 5) and is typical for the asymptotic analysis of temporal-
difference learning algorithms (see Bertsekas & Tsitsiklis, 1996; Sutton & Barto, 1998; and
references cited therein; see also Tadi¢, 2000 and Tsitsiklis & Van Roy, 1997).

Assumption A4 is a “persistancy of excitation” condition. These conditions are typical
for the areas of system identification, adaptive control and adaptive signal processing (see
e.g., Goodwin & Sin, 1984; Solo & Kong, 1995 and references cited therein). A4 requires
{#(X,)}a=0 to be sufficiently “rich” with respect to all directions in R? at the asymptotic
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steady-state characterized by 7 (- ). Assumptions of this kind are standard for the asymptotic
analysis of temporal-difference learning algorithms (see Bertsekas & Tsitsiklis, 1996; Sutton
& Barto, 1998; and references cited therein; see also Tadi¢, 2000 and Tsitsiklis & Van Roy,
1997).

Let

Ay=— f $()$T (T (dx) + a1 — 1) Y (@)’ / ¢ (P! 7)) (dx), (10)

n=0

o0
by = Z(a)»)"/ & (x) (P" O)(x) m(dx), (11)
n=0
while 6, = —A*‘lb*. Moreover, let Api, be the minimal eigenvalue of —A,, while

po = sup max{[|0]l, |6 — 6|},
0.0'cQ

M =161 —ar) 2 (K + L)/ £ (dx),

KQ = 6M2(1 + pQ)z(l + )\min)(l + )“r;iln)'

Furthermore, for x € RY, let

ho (x) = Ko (f* (x) + g (x)).

The main results of the paper are contained in the next theorem.

Theorem 1. Let Al — A4 hold. Suppose that 6, € Q and y < AL . Then,

min*

Tim E(|16, — 60.]*1Xo = x) < ho(x)y (12)

forallx € R

Theorem 1 basically claims that if the step-size y is less than the constant Ar;iln (which
depends only on 7 (), ¢(- ), &, A), the algorithm (1) — (3) is stable in the mean-square sense,
and its conditional mean-square error given the chain initial state Xo = x is asymptotically
bounded by a linear function of the step-size y . Hence, if the step-size y is sufficiently small,
the algorithm iterates {6,},>0 fluctuate asymptotically around 6, with a variance which is
linearly bounded by the step-size.

Let

én+1 = én +v (A*én + 5n+1)’ n >0,
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where 6y and {b,},> are vectors from R?. Then, it is straightforward to demonstrate the
following:

@ {6, }n>0 1s bounded (i.e., Lagrange stable) for any bounded sequence {I;n}nzl only if

y < )"mm
(i1) If y < kmlnHO is deterministic vector and {b, }n=11s an i.i.d. sequence with b, = E (b))

= E||by — b,||?, then

lim ENl6, — 6.7 = y* Y E((Br = b)" (I + y A (b — b))
n=0

[}
= 63 Z ] - ‘)/)‘max)zn 52
n=0

G20 — (1= Yama)) > 27100 52y

max *

where Anmax 1s the maximal eigenvalue of A, and

(o]
0, = Tim. E@) =Y (I +yA)"D,.
n=0
Since the algorithm (1) — (3) can be rewritten as

en+l = ‘9n + V(An-Hen + bn+l)a n= 0’

where lim, . E(A,) = A, lim,_, o E(b,) = b, this is a direct consequence of Lemma 4,
Section 3), the results (i) and (ii) on the asymptotic behavior of {67,,},120 suggest that the
mean-square stability of {6,},>0 cannot be guaranteed ify > A1 as well as that the asymp-
totic mean-square error of {6,},>0 cannot be bounded by a function of the step-size y
which tends to zero at zero at a rate faster than linear. Hence, the results of Theorem 1
are tight regarding the step-size interval (0, A1) of the guaranteed stability and the lin-
ear dependence of the upper bound yhp(-) on the step-size. Unfortunately, the constant
Ko appears to be conservative. However, is seems very hard (if possible at all) to im-
prove Ko using any existing technique for the asymptotic analysis of stochastic approxi-
mation.

It is also important to emphasize that an upper bound for the asymptotic unconditional
mean-square error of {0,},>¢ can be obtained from Theorem 1. Namely, Markov property
and Theorem 1 imply that

Tim E()6, = 0.1%X) = Tim E(10+n = 011 X0) < ho(Xp)y w.p.1
for m > 0. Then, the Fatou lemma yields that
lim £(6, - 6.1° < £ (Tm E(16, — 6.171X,)) = v E(ho(X,.)
n—00 n—00

for m > 0. Letting m — oo in the previous relation, we get

lim E 6, — 6| < y lim E(ho(X,)). 13)
n—o00 m—00
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If {X,},>0 is geometrically ergodic, then
lim E(ho(X,) = /hQ(x)n(dx).
n— 00

Asymptotic behavior of temporal-difference learning algorithms has been considered in a
large number of papers (see Dayan, 1992, 1994; Jaakola, Jordan, & Singh, 1994; Konda, 2002;
Nedi¢ & Bertsekas, 2003; Sutton, 1988; Tadi¢, 2000; Tsitsiklis & Van Roy, 1997; see also
Bertsekas & Tsitsiklis, 1996; Sutton & Barto, 1998 and references cited therein). Although
the existing results provide a good insight into the asymptotic behavior of temporal-difference
learning algorithms, not much is known about the asymptotic properties of the temporal-
difference learning algorithms with constant step sizes. The strongest existing results on their
asymptotic behavior are probably contained in (Tsitsiklis & Van Roy, 1997) recently, the
results of (Tsitsiklis & Van Roy, 1997) have been extended in (Tadi¢, 2000). In comparison
with the assumptions adopted in (Tsitsiklis & Van Roy, 1997) A1 — A4 are just slightly more
restrictive: the assumptions of (Tsitsiklis & Van Roy, 1997) would be a special case of A1 — A4
if A2 were replaced with the requirement that there exists a constant K € [1, 0o ) and a Borel-
measurable function f : R — [1, oo] such that f F20Om(dx) < oo, |p)| < f(x) and

/ le (x, X)PP(x,dx") < f2(x),
(P" 3 (x) < Kf2(x)

forall x € R¥2? n > 0. However, only the algorithms with decreasing step sizes have been
analyzed in (Tsitsiklis & Van Roy, 1997. On the other hand, implementations of temporal-
difference learning algorithms are based on constant step sizes. Therefore, the results on
the asymptotic behavior of constant step size algorithms seem to be more important and
interesting than the results obtained for the case of decreasing step-sizes (at least from the
practical point of view). To the best knowledge of the present author, the asymptotic behavior
of temporal-difference learning algorithms with constant step sizes has not been considered
in the available literature on reinforcement learning.

3. Preliminary results

In this section, we consider the existence of J.(-), Ay, by, 04, as well as the existence and
properties of solutions of certain Poisson equations associated with the algorithm (1) — (3)
(which are defined in the statement of Lemma 4, Eqs. (31) and (32)). The results of this
section are a crucial prerequisite for the analysis carried out in the next sections.

Throughout the paper, the following notation is used. Forx, x’ € RY,y e RY, B €
and z = (x, x, y), let

Bd +2d’

A2) = y(a ¢ (') — ¢ (),
b(z) = yc (x, x"),

Iz, B) = /IB &, X oy +d )P (', dx"),
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where /() denotes the indicator function of the set B. Let Z,1; = (X, X415 €nt+1), 1 > 0.
Then, it is straightforward to verify that

9n+1 = 9}1 + yn-H(A(Zn-H)en + b(Zn+l))7

PZy1€B|Zy,....2,)=11(Z,,B) w.p.1

forall B € B*2 n>0.Moreover,if ¢ : RY x RY x R? — R is a Borel-measurable func-
tion, ¥(z) = @(x, x', y) forallx,x’ € RY,y e R,z = (x, ', y), and [ |y(z)|(z, dZ') <
oo forall z € R | then

/w(z’)H(z,dz/) = /(p(x',x”,otky + ()P (X', dx") (14)

forallx, x’ € RY,y € R,z = (x, X/, y).

Outline of the Results of Section 3: The most important results of Section 3 are contained
in Lemma 4. Lemma 4 is concerned with the existence and properties of solutions of Poisson
Egs. (31), (32) and is of crucial importance for the proofs of Lemma 6 and Theorem 1
(see the outline of the results of Section 4 on page 20). It also provides an explanation for the
selection of the constant M in the definition of Ko, hp(-) (page 7): M is selected in such a way
that the constant terms in the last inequalities of (35), (36) (i.e., 3(1—aA)~! f A m(dx"),
2(1—ar)~! If 2(x"")m (dx"")) are not greater than 5~' M. The proof of Lemma 4 is essentially
based on inequalities (35), (36), which themselves are direct consequences of the results of
Lemma 3. Lemma 3 itself determines the conditional expectations of A(-), b(-) with respect
to the kernels I1"(z,), z € Ry > 1, while its proof uses only mathematical induction
and the results of Lemma 1. On the other hand, Lemma 2 is related to the existence of A,,
b, 0., while its proof is exclusively based on the Cauchy-Schwartz inequality and Lemma
1. Lemma 1 itself is concerned with the existence of J.(-), ¢(-), as well as with the existence
and upper bounds of the conditional expectations of ¢(-), é(-) with respect to the kernels
P'(x,),x e R, n> 1.

Lemma 1. Let Al and A2 hold. Then, J,(-), €(-), (P"$)(-), (P"C)(-) are well-defined and
finite for all n > 0. Moreover,

max{[|(P" ¢) ()l [(P"E))I} < Kf (x), (15)
(P"fP)(x) < KfP(x) (16)
forallxe RY,n>0.
Proof: Due to the Jensen inequality and A2,

(P" fPYNYP < (P" fH DV < K F(x), a7

1/4
/Ic‘(x, P (x, dx') < (/ leGe, X)I*P(x, dx/)> < f®) (18)
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forallp e[1,4],xe RY n > 0. Therefore, &(-) is well-defined, finite and satisfy |C(x)| < f(x)
for all x € R*. Then, A2 and (17), (18) imply

max{[|(P" )|, [(P"O))} = K f(x),
> a” / / le(x/, x| P(x', dx"YP™ (x, dx")
m=0
<) QP S K1 —a)! fx) < 00
m=0

for all x € RY, n > 0. Hence, J..(-), (P"¢) (-), (P"&)(-) are well-defined and finite for all n >
0, while (15), (16) hold for allx € RY, n > 0. O

Lemma 2. LetAl, A2 and A4 hold. Then, A, b, and 0, are well-defined and finite. Moreover,
A, is negative definite and

max{[|A.ll, b1} < K(1 —ar)™! f FA)m(dx) < M2, (19)

Proof: Due to the Jensen inequality, A2 and Lemma 1,

@y [ 1o ¢ olnan < Kt e [ P < o,

n=0

Z(OM)”/ )P &) )l (dx) < K (1 — ad)™! / FA0)m(dx) < oo (20)

n=0

Then, it is obvious that A, and b, are well-defined and finite. On the other hand, owing to
the Jensen inequality,

/ O(P"$)(x))*m(dx) < / / 0T p(x)?P"(x,dx") = / 07 p(x))*m (dx)

for all & € R?, n > 0. Therefore,

1/2
< ( / (9T¢(x>>2n(dx)>

1/2
x ( f (9T<P"¢)<x>>2n<dx)) < / 07 p(x))*m(dx)

’ / 67 (0)(P" 7))o (d)

forall® € R?, n > 0. Consequently,

0T A0 =~ / 0" )P m(dx) +a(l —2) ) (@h) / 0" ()P T )0 (dx)
n=0
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<- (1 —al -1 (@ A)") / 07 ¢ ()7 (dx)

n=0
=—(1—-a)(l—ar e’ ( f ¢<x)¢>T<x)n<dx)) 0 1)

forall @ € R?. Then, it is obvious that A, is negative definite, as well as that 6, is well-defined
and finite. Due to A2 and (21),

Al < (1 —e)(1 —an)™ / lp0)p" )|z (dx) < (1 —an)™ / fAom(dx). (22)

Hence, (19) follows from (20) and (22). O

Lemma 3. Let A2 and A3 hold. Then, (I1" A)(-) and (I1" b)(-) are well-defined, finite and
satisfy the following relations for all x, x' € RY, y € R z = (x,x, y),n>1:

M A = Y () f P )P )" = (PN - P" (', dx")

i=0
+ @) y(@(P ) ") = (P )" (23)

n

Mh)E) = (@) / U NPTOC P dx) + (@h) ™y (PTG, (24)

i=0
Proof: The assertion of this lemma is shown by the mathematical induction. Due to A2,

TA@I = (ol + eI = (FC) + FENIVIL (25)

16N < leCx, X1yl (26)
forall x,x’ € RY,y € RY, z = (x, x’, y). Owing to Lemma 1 and (14), (25), (26),
[1a@me.az) = [ iy + o neon’) + 6 1P6 )

< / FO) + Iy D) + FE)PE, dx')
= (FO) + Iy D) + (PG < oo,
f 1B, d2) = / lahy + ¢ e, XIP( dx”)

= /(f(x/) + 1y IDle’, x)IP (', dx")

— S+ D / e, PG dx”) < 00
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forallx,x¥ eR¥,ye R z=(x,x,y). Consequently, (IT A)(- ) and (IT b)(- ) are well-defined
and finite, while (14) implies
/A(Z/)H(L dz') = /(aky + ¢ N(ap(x") — p(x" )" P, dx")
= (ary + o())(@(PP)(x) — p(x")),
/b(z/)l'[(z, dz') = /(aky + (e, x"YP (X', dx")
= (ary + o(x")E(")
forallx, ¥ € R?, ye R z=(x,x,y).Hence, (23) and (24) hold for n = 0 and all x, x’
€ RY,ye RY z=(x,x,y). Suppose that (TT"*! A )(- ) and (IT"*! b )(- ) are well-defined,

finite and satisfy (23), (24) for some n > 0 and all x, ¥ € R,y € RY, z = (x, ¥, y). Then,
Lemma 1 implies that

I+ Ay < Z/ IpCIAP S+ IPH I - P (v, dx")

i=0

+UIP S + P @) DI

<> f FONP ") + (P HE NP (1, dx")
i=0
H(P"HE) + PHENIY I

< 2K Y (P" OO + 2K F )]yl 27)

i=0

[GEDETEDY f I P O P (', dx) + (P )]l
=0
=2 f FOGP!HEPI dx") + (P )
i=0

< KY (P )+ KOyl (28)

i=0
forallx,x¥’ € RY,ye R z=(x,x,y). DuetoLemma 1 and (14), (27), (28),

n

/ I AGHITz, d2') < 2K / (Z(P”"fz)(X”) + fllary + ¢<x/>||> P(x',dx")

i=0

< 2K ) (PG + 2K Iyl 4+ FOONPLE') < oo,
i=0
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f I bz, d2') < K / (Z(P”"fz)(x”) + fO)llaky + ¢(x/)||) P, dx")
i=0

< KDY (PTG 4 Kyl + NP < 00

i=0

forallx, X € R¥ ye R?,z=(x, x,y). Consequently, (IT"t2 A )(- ) and (IT"*2 b )(- ) are
well-defined and finite, while (14) implies that

M2 4)z) = Y (@n) / / 0PI — (PIo)" )T
i=0

'Pn_i(}(”,dXW)P(X/,dXH)

+ (ar)"t! / (ary + ¢ NP )" — (P")(x" N - P, dx)

=D (@) / PO @(P T )" = (PTg)(x") - P, dx”)
i=0
+ (@) (@ry + ¢ N(@(P 2 P)(x") — (P"H)(x)T

n+1

= (o) / P N@ P — (PP - P dx”)

i=0

+ @A) P y(@(P"o)(x") — (P ) ()T,

(MT"2b)(z) = Y (@A) f / )PP (", dx")P(x', dx")

i=0

+ (o) f (ary + ¢ NP O(x"P(x', dx")

— Z(Ol)»)i/¢(x”)(Pi5)(X”)P”_i+l(X,,dx”)
i=0
+ (@n)" @y + NP ()

n+l

=D (@) / PL) (PP, dx") + (@a) 2y (P

i=0
forallx,x’ € RY,ye RY z=(x,x,y). Hence, (23) and (24) hold for n + 2 and all x, x' €

R?, y € R z=(x,x, y ). Then, using the mathematical induction, it can easily be deduced
that the assertion of this lemma holds. O

Lemma 4. Let Al — A3 hold. Then, there exist Borel-measurable functions A : R4+ —
R qnd b« R 5 R4 sych that

/ IAGHIPT(z, d2') < hP(2), (29)
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/ IBCEHIPTIG. d2) < 1), (30)
AG) — A, = () — (TTA)G), 31)
b() — b, = b(:) — (TTH)E) 32)

for all z € R4 where
h(z) = M(f2 () + g2 + l1yI%)
for x,x € R” ye R z=(x,x,y) (M is defined on page 7).
Proof: Forx,x¥ € RY,yeR?andz=(x,x,y), let
a@) =5"M+ fOlyll+ fFEIyI 420 —ad)™ g,

bz) =57"M + e DIyl + (1 — o)~ g,
Then, using the Jensen and Minkowski inequality, it can easily be deduced from A2 that

1/2
( / a*(2HI(z, dz’)) <5'M 4201 — ) (PEHE N + F()lary + ¢

1/2
+ < / PR lary + ¢(DIP P, dx”))
<57'M +2(1 — an) T (PgH() 2

+ )+ (PFHCEDHASE) + DIy D)
= h(2), (33)

12
( / BT, dz’)) <5 M + (1 —an) (PN
12
+ ( / o, )P llaky + S P dx”))
<5T'M A+ (1 —an) T (PgHE)?

1/4
+( |c(x,x/)|4P(x/,dx”)) (f+ Iy

< h(z) (34
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forallx,x’ e RY, ye R z=(x,x, ¥). On the other hand, using Lemma 3, it is straightforward
to verify that

(M A — A =) (@) f P ) @(PHP)") = (PIH)" ) - (P — m)(x', dx")

i=0

- > (@ / P )P P) ") = (PT@)x") 7w - (dx)

i=n+1

+ (@) y(@(P"™ M g)(x") — (P ")), 35)

(b)) — b, = Y (@r) / PP NP — ), dx”)

i=0

- > (@ / PO ) (dx") + (@)™ y(P"E)(x')  (36)

i=n+1

forallx, ¥ € RY, ye R z=(x,x,y), n> 0 (note that the infinite sums in (35) and (36)
are well-defined and finite due to Lemma 2). Owing to A3,

> Y

n=0 i=0

<D @ Y]
i=0 n=i

/¢(X/)(Pm+i¢T)(X')(P"_i —m)(x, dx’)

/¢(x/)(Pm+i¢T)(x/)(P”_i —m)(x, dx’)

<Y (@)g) =1 —an)'gx), 37
i=0
DO @y / PP NP" = 1)(x, dx)
n=0 i=0

<D @'y
i=0 n=i

f SO PO )P — 7)(x, dx')

<D @gn) =1 —an)gx) (38)

i=0

forallx € RY,m > 0, while A2 and Lemma 1 imply that

PDINC] f 1) (P ™)) (dx)

n=0i=n+1

<KDY D (@) / FAmdx) = K(1 —ar)™? / FP0m(dx), (39)

n=0 i=n
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D> @y f ()P &) ()| (dx)

n=0i=n+1

<K) ) (@) [ FPeom(dx) = K(1 —ai) / feomdx)  (40)

n=0 i=n

for m > 0. Since |A(z) || < (ftx) + fix') ) Iy | forallx, ¥ € RY,ye R% z=(xx)y)
(due to A2), it can easily be deduced from Lemma 2 and (35),(36), (37), (38), (39), (40)
that

DI AN — Al < YD (@)
n=0

/ (NPT NPT — ), dx)

n=0 i=0

DI

n=0 i=0

/¢(X”)(P"¢T)(X")(P"_’ —m)(x', dx")

+D 0> (@ / (e )(PH T (dx”)

n=0i=n+1

+) ) (@ f (" )(P @)1 (dx")

n=0i=n+1

+(fC)+ FENIYI+ 1AL
<3(1—an) / LAOMNm@x") + (F) + FEDIy

+2(1 —ar)lg(x) < az) < oo, 41)

Y MDY = bull < DY (@ry
n=0

n=0 i=0

/ PP EWP" — (¥, dx")

+) ) (@ f lp(x")(P &)l (dx")

n=0 i=n+1
Lo, Ol + 1Bl < 201 — a2y / P
+ leCe, Iyl + (1 —ar) ' gx) < b(z) < 00 42)

forallx, ¥ € R yeR? z=(x,x,y). Let A(z) =Y 2 (TI"A)(z) — A,) and b(z) =
3% (T1"b)(z) — by), z € R+ Then, (41) and (42) imply that A(-) and b(-) are well-
defined, finite and satisfy (31), (32), while (29) and (30) directly follow from (33), (34), (41)
and (42). 0
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4. Mean-square error analysis

In this section, Theorem 1 is proved. The following notation is used in the section. For x €
RY x € R let E(- ) = E(-|Xo = x) and

§(2) = A(2)0, + b(2),

E(z) = A@2)0. + b(2),

while IZQ = M*(1+ Po) and EQ = 6I€Q(1 + ,0Q)2(1 + Amin) (005 Amin, M are defined on
page 7). Moreover, for n > 0, let

0;,+1 = en + V(A(Zn+l)9n + b(Zl’l+1))s
while ¢, =60,— 0, and ¥, = 0',— 0. Furthermore, for n > 1, let

Pt = 2y0) (A(Zys1) — (MANZ)) + 2y 0] E(Zus1) — (TTEXZ)),

Gni1 =2y (07 (MANZy ) 0gt — O (TANZg1)00) 4 27 @t — 00) (TENZi1),
Fart = VIAZys)00 + b(Zu)|I* — y?OT AZ9,,

Snet = —Hhminy 20 (ANZ,)0y — Ahminy >0, (TIE)(Z,),

while

up = 2y 0 (MMAXZ,)9,,
v, =2y 0] (EXZ,)

and a, = ||l9n||2 + Up + Vp.

Outline of the Results of Section 4: The main result of Section 4 is the proof of Theorem 1.
The proof of Theorem 1 is crucially based on the inequality (61). This inequality also provides
an obvious explanation for why y < ynji}] has to hold in order for (12) to be satisfied. The
inequality (61) is essentially based on the decomposition (58) of [|®’,+1]|> and Lemma 6.
Lemma 6 directly follows from the results of Lemma 5 and basic properties of conditional
expectations, while the decomposition (58) is crucially based on the Poisson egs. (31),
(32). Moreover, Lemma 6 (i.e., the right-hand sides of (56), (57)) provides an obvious
explanation for the selection of sp(-) in (12). On the other hand, Lemma 5 provides upper
bounds on the conditional expectations of A(-), A(-), (ITA)(-), £(- ), E(-), (TI)(-), while
its proof uses only the Cauchy-Schwartz and Minkowski inequalities, and the results of
Lemma 4.

Lemma 5. Let Al — A4 hold. Suppose that 0, € Q. Then,

max{(E, | A(Z)I)'"?, (ENAZ)IH'?, (ENTTANZ)IH?) < Ko(f(x) + g(x)KU3)

max{(E |E(Z)I)"2 (ENEEZ)IH2, (ENTENZ)IN Y < Ko(f2(x) + g(x))(44)

orallxe RY n>0.
f
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Proof: Due to the Jensen inequality and A2,
E (X = (P"fHONY* < K12 f(x), 45)

1/4
(Ecle(Xp, XprD)HVE = (E ( / |c(xn,x’)|4P(Xn,dx/>>>

< (P"fHN* < K2 f(x), (46)

(Ex(&X)"? = (P"g))'? < Lg(x) (47)
for all x € R?, n > 0, while the Minkowski inequality, A2 and (45) yield

1/4

n 4
(EcllenIH* < | Ex (Z(a@""’f(x,a)

i=0
<Y @) TESEN <K PA—an) T ) (48)
i=0

for all x € R, n > 0. Using the Cauchy-Schwartz and Minkowski inequality, it can easily
be deduced from A2 and (45) — (48) that

(ENAZ DDV < (E(FX) + FXr)llentt D2
< (E(F2XDlens1 1PN + (Ec(FA X nrDllensr 120

< (Ex(f*ENHE et 1D + (Ec(FHXnr)) N Ellensa 1M
<2K(1 —ar)™" f2(x), (49)

(ENB(Zus DI < (Ex(jeXny X)) P llensr P02
< (ExleXn, Xus DI E et 1DV

<K —an)™ fAx), (50)

(Ex(h*(Zus))'? < MUE(f* X s ON'? + (B2 (X )'?

+(ExllenalH'?) < MP(F2(0) + g(x) D

for all x € R, n > 0. On the other hand the Cauchy-Schwartz inequality and Lemma 4 yield
that

ENA(Zu)II* = Ex ( f IA@)IIPTI(Z,, dz)) < E.(h*(Z,)), (52)
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EB(Z,s ) = E ( / 16()IIPTI(Z,,, dz)) < E.(h*(Zy)), (53)

2
E (TTIAXZ)II* = E,

/ A@(Z,, d?)

< E; </ IAG)IPTI(Z,, dZ)) < E.(B*(Zp11)), (54)

2
<E, ( / 1P TI(Z,, dz))

< E.(hX(Zy11)) (55)

E (MDY Z)I* = E,

/ b()II(Z,, dz)

for all x € R, n > 0. Since |0, || < po and

1EZIl = TAZDON 4 16(Z)N <= (A + p)WNAZD)I + 116(Z)1),
IEZDI < TAZDNEM + 1DZ DI < (1 + p)NAZ)I + IBZ)D),
IAENZ)N < ITAZDIN6: + ITBYZ)I < (14 p)ITTANZ) + I(THYZ,)I)

for n > 0, (43) and (44) follow directly from (49) — (55). O

Lemma 6. Let Al — A4 hold. Suppose that 0, € Q. Then, E.(p,) =0forallxe RY n=>1.
Moreover,

@E.Y(anl F 17l 4 IsaD) < Loy (F4(x) + g2(x)), (56)
nliinoloEx(mA + |va]) < [:Q)/(f4(x) + gZ(X)) (57)

forallxe R?.
Proof: It is straightforward to verify that
g1 = 2y @1 — 0 (MANZ, )0, + 279, (MANZ, ) (@ng1 — )
+2yDnp1 — 0 TMANZys ) Ongt — 90) 4+ 27 @t — 00) (TENZp1)
for n > 0. Since
1901l = 116x — il < po,

||l9n+1 - l9n|| = ||0n+1 - gn ” = PO,

191 = Oull = 1001 — Oull < N0, 14 — Oull = 101 — Dl
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for n > 1 (notice that |[Po(8") —0 || < |0’ — 0]| for all & € Q, 6" € RY; see e.g., [(Pflug,
1996, Appendix E]), it can easily be deduced that for n > 1,

1Pastl < 205V NAZue DIl + ITTANZ D) + 205 Y IE(Zns DIl + ITIENZ,)),
gns1] < ¥II0us1 — 0l 600 (AN Z,r )| + 2I(TENZus )]
<Y UAZu DNl + 16 Zai D) - 600 (TANZui )| + 21 (TENZ, 1))
<61+ po)’ Y (IAZus DI” + IEZus DI + 6(1 + po)y* (AN Z, i)
+ IMENZus DI,
rail < VUAZu DI + 1EZar DD + ¥ 1 AP 1911
<201+ p)V (IAZuwi DI + 1EZurDIP) + M2 057,
Isnr1l < 405 miny *(ITTANZ)] + I(TENZ,)ID,

as well as

|t < 205y ICTLAXZ,)I,

|val < 20 ¥ ITIENZ)II.

Then, Lemma 5 implies that (56) and (57) hold, as well as that E,|p),| < co and E,lp)| <
0o, YxeR"},n> 1.
Let 7, = o6, X0, ..., X,],n > 0. Since o {8%,} C F, and
E(A(Zy1) | Fo) = (MAXZ,),
Ec(E(Zps1) | Fu) = (TEXZ,) 0
forall x € R, n > 0, it can easily be deduced that E,(p,4+; | F,) =0 forall x € RY n>
0. Consequently, E,(p,) = 0 forn > 0. d

Proof of Theorem 1: [t is straightforward to verify that

”19,/14_1 ”2 = ﬁnT(I + VA*)zﬁn + Pn+1 + qn+1 + Fn+1 + Up + Up — Up4+1 — Up+1, (58)

an = 194117 = un] — |vg] (59)
for n > 1. Since

O+ y A0 < (1= AminY)2 1D 117,

19all = 10, — Ocll <116, — Oull = 1,1l
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for n > 1 (notice that |Pp(0") — 0| < |16’ — 6| forall 6 € 0, 0 € RY; for details see
e.g.[(Pflug 1996, Appendix E)], it can easily be deduced from (58) that for n > 1

||17n+1 ”2 < (1 - }‘miny)znl?n”z + Pnt1 +Gn1 F 1 F Uy + U — Upp) — Upypr- (60)
Consequently,

apr1 < (1 - )\min)’)2”l9n||2 + Put1 +Gnt1 + 1 + U + 0y
= (1 - )‘miny)zan + Pn+1 + qdn+1 + Fp+1 + Sn+1
for n > 1. Then, Lemma 6 and (59) imply that for all x € RY n>1,
Ei(@ns1) <= dminy ) Ex(@n) + Ex(Igui1] + [ras1] + [sng1])
< (1= hminy) Ex(an) + Loy?(f*(x) + g°(x)), (61)
while Lemma 6 and (60) yield that

lim E,[|9,]1> < Tim E.]a,| + Loy (f*(x) + g*(x)) (62)
n—oo n—oo

for all x € R”. Due to (61),

n—1

E(a) < (1= hniny )" E(a0) + Loy (4 () + g2 D (1 = Ainy)” (63)
i=0

for n > 1, while (63) yields that for all x € RY,
Tim Ecan) < Loy*(1 = (1 = dniny)) ™ (f*(0) + g7(0)
= LoV 2 = Aniny) ™ (F4(0) + g2(0)) < Lohphy (f(x) + g7(x)X64)
(notice that 2 — Apiny > 1 due to y < A~ ! in). Owing to (62) and (64), for all x € R,
Tim E 10,12 < Lo(1+ hgi)y (f(x) + 87(x)),

wherefrom (12) directly follows for all x € RY. O

5. Special Case

The results of this section correspond with a special case of Al — A4 where {X,},>0 is
geometrically ergodic. This case is analyzed because the geometric ergodicity is considered
in practice as one of the most important types of stability of Markov chains (see e.g., Meyn &
Tweedie, 1993). Furthermore, most of the existing asymptotic results on temporal-difference
learning (as well as on reinforcement learning) either explicitly require the underlying chain
{Xn}n>0 to be geometrically ergodic, or have been obtained under assumptions which are
very close to geometric ergodicity (see Bertsekas & Tsitsiklis, 1996; Tsitsiklis & Van Roy,
1997 and references cited therein).
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B1. {X,},>0 has a unique invariant probability measure m (-).
B2. There exists a Borel-measurable function f : RY— [1, oo ) such that f FA) m(dy) <
00, |lp(x) || < fix) and

/|c(x,x’)|4P(x,dx’) < 4

forallx e RY.
B3. There exist constants K € [1,00) and p € (0, 1) such that

V @) P" — m)(x, dx")| < Kp" f*(x) (65)

forallx € R?,n > 0, and for any Borel-measurable function ¢: RY — R satisfying 0 < ¢(x)
<f*x)forallxe R?.

Remark. Assumption B3 is equivalent to the requirement that {X,},=o is f*-uniformly
ergodic (for more details on this type of ergodicity, see [( Meyns Tweedie, 1993, Section 16]).

Lemma 7. Let Bl — B3 hold. Then, Al — A3 are also satisfied.

Proof: As {X,},>0 is geometrically ergodic (due to B1), Al holds. Let

L=K+ / FHo)m(dx).

Due to the Jensen inequality and B2, B3,

(P"fH(x) < /f4(X)ﬂ(dx) + V AP = m)(x, dx)| < LA, (66)

1/4
60| < / e, P (r, ') < ( / e, )P, dx/)) <f0 )
for all x € R?, n > 0. Owing the Jensen inequality and (66), for all x € R, n > 0,
(P" f)(x) < (P" fH)* < Lf(x) (68)
while B2 and (67), (68) imply

PP ")) < FNP" [H(x) < 4LF(x),
IpCOP O < FE)P" f)(x) < ALFA(x)

x€RY n> 0. Then, B3 yields

< KLp"f*(x),

H/QS(X')(P%T)(X/)(P” —m)(x, dx")
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H/d)(x/)(P’"f)(x/)(P“ —m)(x, dx")| < KLp" f*(x)

xe€R? m, n> 0. Consequently,
< KL(1—p)~' f4),

[}
n=0
0
n=0

/¢(X’)(Pm¢T)(x/)(P" —m)(x, dx’)

<KL —p)"'fHx)

/(P(x/)(P’”C‘)(X')(P” —m)(x, dx")

x € RY m > 0. Then, it can easily be deduced that A2 and A3 hold, too. O

As an immediate consequence of Theorem 1, Lemma 7 and (13), the following corollary
is obtained:

Corollary 1. Let A4 and B1 — B3 hold. Suppose that 0, € Q. Then, there exists a Borel-
measurable function hy: RY— [1, 00 ) such that

lim E(]|6, — 6.]*|X0 = x) < ho(x)y,
n—oo
m E(6, —6.]> <y / ho(x")m(dx")
n—oo

forally € (0, A1), x € RY (Aminis defined on page 7).

min

6. Examples

In this section, the main results of the paper are illustrated with examples related to M/G/1
queues and nonlinear autoregressive (AR) models with Markov switching.

6.1. M/G/1 Queue

M/G/1 queues are models for service stations with the following properties:

(i) The times between arrivals of consecutive customers (interarrival times) are independent
and identically distributed random variables.
(ii) Customers are severed on ‘first-come-first-served’ principle.
(iii) The times of serving customers (service times) are independent and identically dis-
tributed random variables.
(iv) Interarrival times are exponentially distributed.

Let Y, is the number of customers in a M/G/1 queue immediately after the completion of
the service of the n-th customer. Moreover, let X,, = ¥ (Y,,), n > 0, where {/(-) is a function
mapping nonnegative integers into RY and satisfying ¥ (m) = ¥ (n) only if m = n. Then,
it can easily be deduced that {X,}n < 0 is a Markov process with values in R? and the
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transition probability kernel P(x, -), x € R, defined as

oo o0

P(x,B) =) > P =j|Y=0Dlyu®IW()

i=0 j=0

+ Z P = jlYo = O)yiyiz0pc I (¥ (j))

j=0

forxe RY,B e B,

Let 1 be the mean of the interarrival times of the customers in the queue, while v(-) is the
distribution of their service times (for details on M/G/1 queues see e.g., (Asmussen, 1987,
Meyn, Tweedie, 1993) and references cited therein). The next lemma is a direct consequence
of[(Meyn & Tweedie, 1993,Subsection 16.1.3]

Lemma 8. Suppose that there exists a constant s € (0, 00) such that f exp (st) v(dt) <
00. Moreover, suppose that f tv(dt) < pand ||[Y(n) || < n, n > 0. Then, {X,},>0 has a
unique invariant probability measure 7w (-) (concentrated on {yr(n) : n > 0}) and there exist
constants K € [1,00),L € (0, 00)and p € (0,1) such that f exp (L||x||) 7 (dx) < oo and

‘/ () (P" — m)(x,dx")| < Kp" exp(L|lx|)

for all x € R, n > 0, and any Borel-measurable function ¢: R* — R satisfying 0 < ¢(x) <
exp (L||x||) for all x € RY.

As an immediate consequence of Theorem 1, Lemmas 7, 8, and (13), the following
corollary is obtained.

Corollary 2. Let A4 hold. Suppose that the conditions of Lemma 8 are satisfied and

l¢COll < M+ [[x]I7),
leCe, XD < ML+ [Ix]1” + [IX"[I7)

forall x, x' € R, where p, M € [1, 00) are constants. Moreover, suppose that 6, € Q.
Then, there exists a Borel-measurable function hg: RY— [1, 00) such that

Jim E([16, — 0.1%1Xo = x) < ho(x)y,

Tin £16, — 0.7 <y [ hotwmx)
n—o0

forally € (0,Az1), x € RY (Amin is defined on page 7).

min
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6.2. Nonlinear Autoregressive Models with Markov Switching

Nonlinear autoregressive (AR) models with Markov switching are defined by the following
difference equation:

Xn+1 = F(Xn» sn)+‘i:n+1a n = 0. (69)
F:RY x {1,....d" }—> R is a Borel-measurable function, while X € R4 is a deterministic
variable. {s,},>0 is a homogeneous Markov chain with values in {1, ..., d” }, while {£,},>0

is an RY'-valued i.i.d. sequence independent of {s,},>0.
Nonlinear AR model with Markov switching (69) is a state-space model with the following
properties:

(i) The model states have two components X, and s,,.
(i1) The discrete-valued components {s,},>0 form a Markov chain which evolves indepen-
dently of {X,},>0-
(iii) Conditionally on {s,},>0, continuously valued components {X,},>0 have a Markov
property, i.e.,

P(X,+1 € Bl Xo, ..., Xu,80) = P(Xys1 € Bl X, 5,) w.p.l

forall B € B ,n>0.

Nonlinear AR models with Markov switching usually correspond to systems whose struc-
ture and dynamics (modeled by {X,},>0) is significantly influenced by certain exogenous
events (modeled by {s,},>0). These models have found a great number of applications in
areas such as automatic control, signal processing and econometrics (see e.g., Yao & Attoli,
2000).

Let Y, = (Xu, s»), n > 0. Then, it can easily be deduced that {Y,},>0 is a Markov chain
with values in R x {1,...,d"} and the transition probability kernel defined as

P(x,i,B x {j}) = EUp(F(x, j)+&))pi;

forxe RY,Be B! 1< i,j <d’, where

pij =P(si = j|so=1).

The next lemma is a direct consequence of [Yao & Attali., 2000, Theorem 2]

Lemma 9. Suppose that {s,},>o is irreducible and aperiodic. Moreover, suppose that & has
everywhere positive density with respect to the Lebesgue measure. Furthermore, suppose
that there exist a constant p € [1, 00) and a sequence {f{i)}1< i<q from [0, 00 ) such that

I1F e, D)l < £+ Ix)*P),
o

E FPGpij <1
j=0
@ Springer
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forallx e RY,1 <i<d" Then, {Yu}ns0 has an invariant probability measure 7 (- ) and
there exist constants K € [1,00), p € (0,1) such that

‘/¢(X',S’)(P" — (¥, i, dx', ds)| < Kp"(1 + [lx]|*7)

forallxe R?,1<i<d’, n=>0,andanyBorel-measurable function ¢p: R* x {1, ...,d"}
— R satisfying ¢(x,i) <1+ ||x|* forallxe R, 1<i<d'.

As an immediate consequence of Theorem 1, Lemmas 7, 9, and (13), the following
corollary is obtained.

Corollary 4. Let A4 hold. Suppose that the conditions of Lemma 9 are satisfied and

¢l = M+ [lx[I”),
leCe, XN < ML+ [Ix |7 + [Ix"]17)

forallx,x € R?,where M € [1,00) isa constant. Moreover, suppose that 0, € Q. Then,
there exists a Borel-measurable function hy: RY— [1, 00 ) such that

Jim E(16, — 60,1%1Xo = x) < ho(x)y.
tim £16, — 6.7 < v [ howmx)
n—o0

forally € (0, \min~'), x € RY (Amin is defined on page 7).

7. Conclusion

In this paper, the mean-square asymptotic behavior of temporal-difference learning algo-
rithms with constant step-sizes and linear function approximation has been analyzed. The
analysis has been carried out for the case of discounted cost function associated with a
Markov chain with a finite dimensional state-space. Under mild conditions, it has been
demonstrated that for sufficiently small step-size, the corresponding temporal-difference
learning algorithm is stable in the mean-square sense and its asymptotic mean-square error
is bounded by a linear function of the step-size. The main results of the paper are illustrated
with examples related to M/G/1 queues and nonlinear AR models with Markov switching.
The results of this paper are an extension of the results of (Tsitsiklis & Van Roy, 1997) and
a continuation of the author’s work presented in (Tadi¢, 2000).
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