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ESTIMATION AND CONTROL
IN FINITE MARKOV DECISION PROCESSES
WITH THE AVERAGE REWARD CRITERION

Abstract. This work concerns Markov decision chains with finite state
and action sets. The transition law satisfies the simultaneous Doeblin con-
dition but is unknown to the controller, and the problem of determining
an optimal adaptive policy with respect to the average reward criterion is
addressed. A subset of policies is identified so that, when the system evolves
under a policy in that class, the frequency estimators of the transition law
are consistent on an essential set of admissible state-action pairs, and the
non-stationary value iteration scheme is used to select an optimal adaptive
policy within that family.

1. Introduction. This note is concerned with discrete-time Markov
decision processes (MDPs) with finite state and control spaces. The perfor-
mance of a control policy is measured by the (long-run expected) average
reward criterion, and the main structural assumption is that the simulta-
neous Doeblin condition (SDC) is satisfied by the transition law (Thomas,
1980), but it is otherwise unknown to the controller. In this context, to drive
the system in an optimal way, the decision maker must combine the control
task with an estimation procedure, so that the actions applied are adapted
to the available estimate at each decision time; the main problem considered
below is to build an optimal adaptive policy.

The adaptive control problem studied in this note has recently been ad-
dressed, for instance, in Borkar (1996), Duncan et al. (1998), Drabik and
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Stettner (2000), and Ren and Krogh (2001). In these papers the conditions
imposed on the transition law are such that, under the action of each sta-
tionary policy, the whole state space is a communicating class. The main
difference between the result in this work and those already available stems
from the conditions imposed on the model, since the SDC used in this note
is weaker than those used in the references above; particularly, the presence
of transient states is possible under SDC.

Roughly, the analysis performed in the following sections to construct
an optimal adaptive policy consists of two steps: First, a class of policies is
identified so that, if the system is driven by a policy in that family, then the
frequency (or empirical) estimators of the the transition law are consistent at
an “essential” set of state-action pairs; the key tool in this part is the strong
law of large numbers established in Loeve (1977, p. 53), and the results in
this direction extend those established in Cavazos-Cadena (1991) concerning
completely communicating MDPs. Next, the non-stationary value iteration
algorithm, extensively studied in Herndndez-Lerma (1988), is used to obtain
consistent estimates of a solution of the optimality equation on a subset of
“essential” states; the analysis in this part avoids the restrictions on the rate
of convergence of the estimators of the transition law imposed in Hernandez-
Lerma (1988, p. 61).

After these steps, the approximate solution of the optimality equation is
used to select, at each time n, a stationary policy ¢,, and the optimal adap-
tive policy is constructed using a randomization mechanism under which the
probability of applying ¢,, converges to 1 as n increases. In contrast with
the certainty-equivalence approach (Herndndez-Lerma, 1988, p. 38, Ren and
Krogh, 2001), the implementation of this adaptive policy requires neither
a priori knowledge of an optimal stationary policy corresponding to each
available estimate of the transition law, nor computing such a policy on-line.

The presentation has been organized as follows: In Section 2 the decision
model is briefly described, and the sequence { P, } of frequency estimators of
the transition law is introduced in Section 3. Next, the consistency of {P,}
is studied in Section 4, and the results obtained in this direction are used to
analyze the non-stationary value iteration scheme in Section 5. Finally, the
optimal adaptive policy is constructed in Section 6.

Notation. Throughout the paper, N and R stand for the sets of non-
negative integer and real numbers, respectively. A finite set is always en-
dowed with the discrete topology, and the cartesian product of topological
spaces is endowed with the corresponding product topology. Let S and A
be finite sets. Given a function V: S — R,

IV = mae |V ()
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is the maximum norm of V', whereas P(S) denotes the set of all probability
measures on S, i.e., P(S) consists of all functions p: S — [0, 1] satisfying
> zes#(xz) = 1. Furthermore, P(S| A) denotes the class of all stochastic
kernels on S given A, that is, y(-|-) € P(S| A) if and only if v(- |a) € P(S)
for each a € A; notice that P(S) and P(S| A) are naturally identified with
(compact) subsets of finite-dimensional Euclidean spaces. The total variation
distance between pu, uy € P(S) is defined by

e = pall == i) = pa ().

zeS

Notice the multiple meanings of ||-||; the context will make it clear which one
is currently in use. Finally, the indicator function of an event W is denoted
by I[W] and, as usual, all the relations involving conditional expectations
are supposed to hold almost everywhere with respect to the underlying prob-
ability measure.

2. Decision model. Let M = (S, A, R, P) be a Markov decision chain,
where the finite sets S and A are the state and action spaces, respectively,
R: K — R is the reward function, with the class K of admissible state-action
pairs given by K := S x A, and P = [P(y|z,-)] is the controlled transition
law. This model M is interpreted as follows: At each time ¢ € N the state of a
dynamical system is observed, say X; =z € S, and an action A; =a € A is
chosen. Then a reward R(z, a) is earned and, regardless of the previous states
and actions, the state of the system at time t 4+ 1 will be X¢y; =y € S with
probability P(y|z,a); this is the Markov property of the decision model.
Notice that it is assumed that every a € A is an admissible action at each
state; as noted in Borkar (1984), this latter condition does not imply any
loss of generality.

Policies. Givent € N, let H; be the set of possible trajectories (histories)
of the state-action process {(X;, A;)} up to time ¢, where Hy = S, and H; =
K xH;_1; a generic element of H; is denoted by by = (xo, ag, x1,a1,...,2¢-1,
at—1,x¢). A control policy m = {m(-|-)} is a sequence of stochastic kernels,
where m; € P(A|H,);ift € Nand B C A, then (B | h¢) is the probability of
choosing A; € B when the observed history is h;. A policy « is randomized
stationary if there exists v € P(A|S) such that the equality m(-|h:) =
(- | ) always holds. In this case m and  are naturally identified, and with
this convention P(A|S) C P. Under the action of policy v € P(A|S) the
state process {X;} is a Markov chain with transition probability matrix P
determined by

(2.1) P}, => Plyl|zan(alz), wzyeS vePAlS).
acA
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Set F:= [],cg A, so that I consists of all functions f: S — A. A policy
7 is (non-randomized) stationary if there exists f € F such that 7¢(- | by) is
always concentrated at f(x;), so that, under 7, the action applied at time ¢
is simply determined by A; = f(X;). The class of stationary policies is
identified with IF; thus, F C P, and policy f € [F corresponds to the stochastic
kernel vy € P(A|S) determined by v¢(f(z)|z) =1, z € S. Given 7 € P
and x € S, a unique probability measure is determined on the Borel o-field
of Hyo := K; this is the distribution of the state-action process {(X;, 4:)}
under the action of # when Xo = «, and it is denoted by P, whereas
E7 stands for the corresponding expectation operator. For details on this
construction see, for instance, Herndndez-Lerma (1988), Arapostathis et al.
(1993), or Puterman (1994).

Performance index. Let m € P and € S be arbitrary. Under policy 7
the (long-run) expected average reward at state z is defined by

1
(2.2) J(m,x) :=lim SUp ——— ETr [Z R(X, At)}
whereas
(2.3) J*(z) := sup J(m, x)

TEP

is the optimal average reward at x; a policy 7* is optimal if J(7*, x) = J*(x)
for every x € S. This work focuses on the case of a constant optimal value
function, result that is ensured under the following simultaneous Doeblin
condition (Thomas, 1980).

ASSUMPTION 2.1. There exist z € S such that max,es, rer BL[T] < oo,
where the first passage time T is given by 7' := min{n > 0 | X,, = z}.
LEMMA 2.1. (i) Under Assumption 2.1, there exist g € R and h: S — R
satisfying the average reward optimality equation (AROE):

(2.4) g+ h(z) = max[ (z,a —I—ZP |z,a)h(y)|, =x€S.
yeS

(ii) J*(-) = g, so that g is uniquely determined.

(iii) If h(-) is normalized to satisfy h(z) =0, then h(-) is also unique.

(iv) If for each x € S the term within brackets in (2.4) is mazimized at
a = f(x) € A, then the stationary policy f is optimal.

A proof of this lemma can be found, for instance, in Herndndez-Lerma
(1988), Arapostathis et al. (1993) or Puterman (1994).

The problem. Throughout the remainder it is assumed that the transi-
tion law of the model satisfies Assumption 2.1, but is otherwise unknown
to the controller and, in this sense, the working context is non-parametric,
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since no other special structure is assumed on P. Within this framework,
to drive the system optimally, the decision maker must combine the control
task with an estimation scheme to approximate the unknown transition law,
and at each decision time n € N the selection of the action to be applied
can be visualized as a two-step procedure: First, at each n € N, the history
of the process up to time n is used to build an estimation P, = [P,(-|,")]
of P, and then the action A,, is (appropriately) chosen based on P, ; a pol-
icy combining the control task and an estimation procedure is referred to
as an adaptive policy, so that the main problem of the decision maker is to
determine an optimal adaptive policy. After analyzing the two steps men-
tioned above, an adaptive policy solving the controller’s problem will be
formulated.
The following consequence of Assumption 2.1 will be useful.

LEMMA 2.2. For each policy v € P(A|S), the Markov chain associated
to v has a unique invariant distribution ., € P(S) which satisfies pi(z) > 0,
where z is as in Assumption 2.1.

Proof. Given v € P(A|S), for each x € S select a, € A such that
v(ag|x) > 0 and set f(z) := az, ¢ € S, whereas ¢ := mingegsy(as | ),
so that ¢ > 0. With this notation, (2.1) implies that P¥ > ¢P/ and then
PY[X,, = 2] > "P{[X,, = 2] for each state  and n € N. Next, for each x €
S, Assumption 2.1 implies that there exists n, € N satisfying P/ [X,, = 7]
> 0 and in this case PJ[X,,, = z] > 0. Thus, under the action of policy
v € P(S|A), state z is accessible from every state z € S, and then P7 has a
single recurrent class, which contains z, and consequently, a unique invariant
distribution p, € P(S) that necessarily satisfies 1 (z) > 0. m

3. Estimation of the transition law. In this section the frequency
estimators of the transition law are introduced. These estimators have previ-
ously been studied under the assumption that the whole state space is a com-
municating class under the action of each stationary policy; see, for instance,
Borkar (1984), where they were used to establish the existence of optimal
(non-adaptive) stationary policies for MDPs with denumerable state space
and “norm-like” cost function, or Cavazos-Cadena (1991), where estimators
P,, below were applied to build an adaptive policy which is asymptotically
optimal with respect to the discounted criterion.

DEFINITION 3.1. Let v € P(K) be arbitrary but fixed.

(i) The sequence {v,} of frequency distributions on K is defined by
Vo = v and

7
!

v (k): = I[(X, A) =k, keK, n=12....

S|
-
Il
)
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(ii) For each n € N, p,, € P(S) is the marginal distribution of v,, on S;
in particular,

3
|
-

() = IX;=z], ze€Sn=12....

S|

t

I
=)

(iii) The conditional distribution m,, € P(A|S) is given by
Un (y; b) .
— i p(y) #0,
mu(bly) == Haly)
m(b|y) otherwise,

where m € P(A|S) is arbitrary but fixed.

(iv) Let P € P(S|K) be fixed. The sequence {P,} C P(S | K) of empirical
transition laws is defined by Py = ﬁ, whereas for each x € S, k € K
andn=1,2,...,

2?21 11Xy =2, (Xy1, A1) = K]
(3.1) Pu(z|k):= nvy (k)
]3(1’ | k) otherwise.

if v, (k) > 0,

REMARK 3.1. (i) Throughout the remainder the information vector up
to time ¢ is denoted by I} = (Xo, Ao, ..., X¢—1,As—1, X)) for t > 1
and Iy = Xgy. The o-fields F; are determined by

Fr=o0l—1, A1), t2>1,

whereas Fy is the minimum o-algebra on H.,. Each field F; repre-
sents all the information available before observing state X;, whereas
o(I;) contains the information available immediately after X is ob-
served, and F; C o([;) C Fy4q for every t € N.

(ii) Notice that for each z,y € S and a € A, P,(y|z,a) is a random
variable depending on I,, so that, formally, it should be denoted by
P, (y|x,a;1I,). However, to ease the notational burden, the expres-
sion in Definition 3.1 will be used consistently. Similarly, v, (k), ()
and my,(b|y) always depend on I,,_; and A,,_1, so that they all are
JF-measurable random variables.

From Definition 3.1 it follows that v,, can be factored as

(3.2) Un(y,0) = pin(y)mn(d|y),  (y,0) €K, n €N;

indeed, when p,(y) # 0, the equality follows from the definition of the
conditional distribution m.,, whereas if p,(y) = 0, Definition 3.1(ii) implies
that v, (y,b) = 0, so that both sides of (3.2) are zero. The analysis of the
sequence {P,} relies on the following version of the strong law of large
numbers, whose proof can be found in Loeve (1977, p. 53).
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LEMMA 3.1. Let {Y,} be a sequence of random variables on a probability
space (£2,G,P), and suppose that conditions (a) and (b) below hold:

(a) For some finite constant C, P[|Y,,| < C] =1 for each n € N.

(b) G C Gr41 C G, k€N, and each Y, is G,41-measurable.
In this case, if {b,} is an increasing sequence of positive numbers satisfying
by, /o0 and Y., 1/b% < oo, then

n

Tim LSV, — B[V, |G,]) =0

™ =0

with probability 1.

REMARK 3.2. Throughout the subsequent development N denotes the
number of states, whereas {d,,} and {c, } are two sequences of positive num-
bers satisfying the following properties (a)—(d):

(a) {dn} C (0,1], and d,, \, 0.

(b) n/ey, > 1 for each positive integer n.

(c) For each j =0,1,...,N, dlc, /o0 asn / oc.

(@) 350 1/(den)? < oc.

These conditions are satisfied, for instance, if we set co = dg =1, ¢, = n
and d,, = n~'/@N+D for n > 1. Notice that (a) and (d) together imply that

(e) Yoo o 1/(dhen)? <302 1 1/(dN ¢,)? < o0, j =0,1,...,N.

The key tool to analyze the consistency of the sequence { P, } of frequency
estimators is the following consequence of Lemma 3.1; it is an extension of
Theorem 5.1 in Cavazos-Cadena (1991), which was derived under conditions
stronger than Assumption 2.1.

LEMMA 3.2. For each w € S and m € P the following assertions (i)
and (ii) hold P[-a.s.:

(1) liminf, o pn(2) > 0, where z € S is as in Assumption 2.1.
(ii) For each x € S and k € K,

. nvp(k)
nhHHéO dNe,

[P k) — P(x| k)] =

Proof. (i) Let the o-fields F; be as in Remark 3.1 and let z € S be
arbitrary but fixed. From Definition 3.1(ii) it follows that for each integer
n>1,

(3.3) (1+n)pnsi(x ZIXt_m +ZE7r (X, = z]| F,

t=1
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where the random variable W, (z) is given by
(3.4) Wi(x) = I[Xo = 2] + > _(I[X; = 2] — ER[I[X; = 2] | 7).
t=1
Observe now that the Markov property implies that ET[I[X; = x| | F;] =
P(x| X¢—1, A1) for each ¢t > 1, so that

n—1
ZE” (X: =] | F] = pr|Xt 1 A) =) P(x| Xy, Ay
t=0

from th1s, Definition 3.1 and (3.2) yield

Y oELXi=al|Fl=n Y Plx|y,bva(y,b)

t=1 (y,b)eK

=nY { > Pa |y, b)mn(b] y)}un(y)

yeS beA
=n E lu’n ym Y

where formula (2.1) was used to obtaln the last equality. Together with (3.3)
this implies

(I+n)pnt1(z) = —l—nz,un )Py

Now let {2, be the subset of trajectories for Wthh lim, oo Wy (z)/n =0.
Applying Lemma 3.1 with n, I[X,, = z] and F,, instead of b,, Y;, and G,,
respectively, we deduce that PT[2,] = 1. Therefore 2 = Nyeg 22 satisfies
PT[2] = 1, since S is finite, and the above displayed equation yields

(3.5)  On the event Q, lim |:,Lbn+1 Z“” Pm”} =0, zebf.

Next, consider a fixed trajectory in Q, and let £ be the lower limit of the
sequence {u,(2)} along such a trajectory. In this case there exists a sequence
{ny} such that limy_,oo pin, (2) = ¢; moreover, since S and A are finite sets,
taking a subsequence if necessary, it can be assumed that for some p € P(5)
and m € P(A|S) the following convergences hold:

M i, (y) = ply), - lim me, (by) =m(bly), yesS beA
Since pin, +1(x) = [ng/(ng + 1)) pin,, (z) + 1 X, = x]/(ng + 1), it follows that

limpg oo fin,+1(-) = p(-), whereas (2.1) shows that limy_o Pya'* = P
for all z,y € S. Therefore, the convergence in (3.5) implies that u(x) =
>, H(y) Py for every € S, so that u(+) is the invariant distribution of ma-

trix P™, and then ¢ = p(z) > 0, by Lemma 2.2. In short, it has been shown
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that liminf, . un(2) > 0 along each trajectory in (NZ, and the conclusion
follows since, as already noted, P[2] = 1.
(ii) Let z € S, k € K and the positive integer n be fixed, and notice that

nwn (k) Po( | k) =Y T[X; = 2, (Xy -1, A1) = K.

Indeed, the right hand side of this equality is bounded above by nv, (k),
by Definition 3.1(i), so that both sides of the above equation are null if
vn (k) = 0, whereas the equality follows from Definition 3.1(iv) if v, (k) > 0.
Thus,

(3.6)  nwy(k)Pu(x | k) = Wy + Y ESII[X, = 2, (Xo—1, A1) = k]| 7],

where the random variable W, is given by

(3.7) W= (I[X; =z, (X—1, A1) = k]
t=1
— ELI[Xe =2, (X1, A1) = K] | F])
Since the event [(X;_1, A;—1) = k] belongs to F;, the Markov property im-
plies that E,Zr) [I[Xt =x, (thl, Atfl) = ]C] | ft] = P(CE | k)[[(thl, Atfl) = ]C],
and then

ZEW Xt—x (Xt 1,At 1 —k ’.7:15 ZP x\k Xt_l,At_l):k']

t=1
n—1

= P(e|k) Y I[(Xe, Ar) = K]
t=0
= nv,(k)P(x| k),
by Definition 3.1(i). Together with (3.6), this implies that nv,, (k)[P,(z | k) —
P(x|k)] = W,, so that

. nvp(k)
nhHH;o dNe,

[Po(z|k) — P(z|k)] = lim ——— =0 Pr-as.,

where the second equality follows from Lemma 3.1 applied, with b; = d¥¢;
and G; = Fi, to the variables YV; = I[X; = =z, (X;—1,Ai—1) = k]; see (3.7)
and Remarks 3.1 and 3.2. =

4. Consistency. This section analyzes the consistency of the estimators
of the transition law introduced in Definition 3.1. The result in this direction
is stated after introducing subsets of the state space and the set of admissible
state-action pairs, as well as a subfamily of the class P of all policies.
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DEFINITION 4.1. (i) For each n € N, the set .S,, C S is recursively defined
as follows: Sy = {z}, where z is the fixed state in Assumption 2.1,
and for n > 1,

Sp=8—1U{ye S| Ply|z,a)>0 for some (z,a) € Sp,_1 x A}.

(ii) The set S* of essential states is defined by S* = |J,—, Sy, whereas
the class K* of essential state-action pairs is given by K* = §* x A.

(iii) If M = [My,] is a matrix whose components are indexed by the
elements of S, define
(4.1) 1M = max 37 1Moy,
yeS*

The properties of the sets S* and K* stated in the next lemma will be
useful.

LEMMA 4.1. (i) The set S* is closed, i.e., P(S* | k) = 1 for each k € K*.

(ii) S* = Ufj;ol Sn; recall that N is the number of states.
(iii) Let w € S and ® € P be arbitrary, and for each k € K* define the
hitting time Ty by

(4.2) T = min{n > 0| (X,, 4,) = k}.
With this notation, for each k € K*,
P,(S*|k)=1 PJ-a.s. on the event [T} < n],

i.e., PT[Ty, <n| = PI[[Tk < n]N[P,(S* k) =1]].
(iv) PI[X, & S*] < PZ[T > n] — 0 as n — oo, where T is the hitting
time in Assumption 2.1.

Proof. (i) Let (z,a) € S* x A = K* be fixed. In this case there exists i
such that =z € S;, and then P(y|z,a) > 0 implies that y € S; 11 C S*.

(ii) Notice that {z} = Sy C S1 C --- C Sy—1 C Sn. Since the state
space S has N elements, at least one of these inclusions is not strict, so
that S = Siy1 for some & < N. From this, an induction argument using
Definition 4.1 shows that Sy = Sy, for every r € N. Therefore, $* =
Uf:o Sy = Ui\gl St, since k < N.

(iii) Let & € K* be arbitrary but fixed. From Definition 3.1 and (4.2),
it follows that [T} < n| = [v,(k) > 0] and this implies, via (3.1), that for
each y € S,

[T <n] N [Pu(y[k) > 0] = [pn(k) > 0] N [Pu(y | k) > 0]

n—1

- U (Xi =y, (Xe—1, A1) = K]
t=0
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Suppose now that y € S\ S* = S*°. Since I[(X¢—1, Ai—1) = k] is Fi-meas-
urable, the Markov property yields P7[X; = y,(Xi—1,4:i-1) = k| F] =
P(y|k)I[(Xi-1,Ai—1) = k] = 0, where part (i) was used to establish the
last equality. Therefore, PI[X; = vy, (X;—1,A1—1) = k] = 0, and the above
displayed inclusion leads to PJ[[Tx < n| N [P,(y|k) > 0]] = 0 for each
y € 5*¢. Consequently,

P[[T} < n] O [Py(S*¢| k) > 0]] = PT [[Tk <nln | [Paly|k) > 0]
yES*C
< > PillTe <nlN [Py |k) > 0] =0,
y€S*c

and then PI[T, < n] = PJ[[Tk < n]N[P,(S*|k) = 0]] = PJ[[Tx < n]
N[Pn.(S* | k) = 1]].

(iv) Since z € S*, using part (i) it is not difficult to see that, for each
n € N, PT[X, ¢ S*] = 0. Observe now that [T = r] € o(I,), so that for
each n > r, the Markov property implies that

PrT =7 X, &S5 |I,]=I[T =P [X,_. ¢ §*] =0,

z

where the shifted policy 7’ is determined by 7(,(- | z) = 7.(- | ) and 7} (- | b)
= Tr (| Ir, ) for t > 0. Therefore, P[T = r, X,, ¢ S*] = 0 when r < n,
and thus PJ[X, & S*] = PJ[X, &€ S*,T > n] < PZ[T > n|] — 0 as
n — oo, where the convergence follows from Assumption 2.1 via Markov’s
inequality. m

The following class of policies was used in Cavazos-Cadena (1991) to
study communicating MDPs with the discounted criterion.

DEFINITION 4.2. Let o(+) be a fixed probability distribution on A satis-
fying o(a) > 0 for all a € A. The family P* C P consists of all policies 7
satisfying

me(-[be) > dio(), t€N, b € H.

Let I; be the information vector up to time ¢ introduced in Remark 3.1,
and notice that the equality PT[A; = a|I;] = m¢(a | I;) always holds, so that
(4.3)  ET[[Ay = a][It] = P[[A; = a| L] > dio(a),

me P, (x,a) e K, t €N,

The main result of this section can now be stated.

THEOREM 4.1. Let {P,} be the sequence of frequency estimators of the
transition law in Definition 3.1. For each m € P*, w € S and k € K*,

P lim |[Ba(- k)~ P(-[K)| = 0] = 1
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The proof of this theorem is based on the following auxiliary result.
LEMMA 4.2. Let m € P* and w € S be arbitrary.
(i) For any i =0,1...,N —1 and k € S; x A,

(4.4) lim inf ”: fl(fn)
(ii) For each k € K*, PI [T} < oo] = 1; see (4.2).
Proof. (i) [By induction on i.] Let 7 € P* and w € S be fixed. To

establish the case i = 0 of (4.4), let (z,b) € Sp x A = {z} x A be fixed and
observe that for each positive integer n,

>0 Pj-a.s.

n—1 n—1
nwn(2,0) = > I[Xy =2, Ay =b =W, + > ER[I[X, =z, A, = b] | I,
t=0 t=0
where
_ n—1
(4.5) W= Y (I[X; = 2, Ay = b] — EJ[I[X; = 2, A, = b] | I})).
t=0

Since I[X; = z] is o(I;)-measurable, (4.3) yields
EQUXe = 2, Ay = O] | It] = I[X; = 2| EG[I[A; = O] [ 1] > T[X; = 2]dro(a)
and thus

|
-

n

nvy(z,b) > W, + I[X; = z]dio(a)

t

Il
o

n—1
W, + dy0(a) Z I[Xy = 2] = Wy, + ndpo(a) pn(2),
t=0

v

where the second inequality used the fact that {d;} is a decreasing sequence,
and the equality is due to Definition 3.1. Therefore,

nvp(2,b) W, n
> — .
dnCn o dncn * Cn Q<a),un(z>
Set YV; = I[X; = 2, Ay = a] and by = dicy; then parts (c) and (e) of Re-
mark 3.2 and (4.5) together allow one to apply Lemma 3.1 with G; = o(I})
to obtain

W,

dnCn
Also, since n/c, > 1 and p(a) > 0 (see Remark 3.2 and Definition 4.2),
Lemma 3.2(i) leads to

—0 PJ-as.

lim inf — o(a)pun(z) >0 Pj-as.,

Cn

Combining the last three displayed relations yields
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lim inf Ljn(z’ b)

>0 PJ-as.,

nCTL
establishing the case i = 0 of (4.4).

Assume now that (4.4) holds for some non-negative integer i = j — 1 <
N —1 and let (y,b) € S; x A be arbitrary. In this case, by Definition 4.1(i),
there exists (z,a) € S;_1 x A such that

(4.6) P(y|z,a) > 0.

Next, since the event [X; = vy, (X1, A:—1) = (x,a)] belongs to o(I;) for
each t > 0,

E’Z—}[I[(Xt7‘/4t) = (yab)> (Xt—l’At—l) = (x,a)] |It]
— 11X, =y, (Xo1, v 1) = (e, 0) E T[4, = ]| 7]
> I[Xy =y, (Xe—1, A1) = (z,a)]dro(b)

where (4.3) was used in the last step; if we recall that F, C o(I;), this
inequality and the inclusion [(X;—1, A:—1) = (z,a)] € F; together imply

EZ[I[(Xtht) = (y,b), (Xt*hAt*l) = (.CC,CL)] ’Ft]
> dio(D) E [I[ Xt =y, (Xi—1, Ar—1) = (z,0)] | Fi]
=dio(b)I[(X¢—1, Ar—1) = (z,0)|EL [I[ X, = y] | F4
= dio(O)I[(Xi—1, Ar—1) = (z,0)|P(y | Xi—1, Ar—1),

where the second equality is due to the Markov property and the definition
of the o-field F;; see Remark 3.1. Thus,

(4.7)  EGU[(Xe, Ar) = (y,b), (X1, A1) = (z,0)] | FY]
> diP(y |z, a)o(0)I[(Xi—1, Ae—1) = (z,a)].

To continue, notice that Definition 3.1(i) shows that for each n > 0,

n—1

(4.8) nn(y,b) > Y I[X; =y, Ay = 1]
t=1
. n—1
=W+ > ELlI[X, =y, A = V]| 7],
t=1
where
/\ n—1
(4.9) Woi=> (I[Xy =y, A =0 — EL[I[X, =y, A = ]| F2)).
t=1
Since

EG[I(Xt, Ar) = (y,0) | Fi]
= Eg[l[(Xtht) = (yvb)7 (Xt—lvAt—l) = (x,a)] |ft]7
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from (4.7) and Definition 3.1 it follows that for n > 1,
ZEﬂ [(Xi, Ar) = (y,0)] | Fi]

> P(y|x,a)o(b) i dil[(Xi—1,Ar1) = (2, 0)]

t=1
> P(y|z,a)o(b)d, Z (X, Ar) = (z,a)]

= P(y|z,a)ol dn{nl/n(m,a) —I[(Xp-1,An-1) = (z,0)]}
> P(y|z,a)o(b)d,nvy,(z,a) — 1,

where the second inequality used the fact that {d,,} is a decreasing sequence.
Together with (4.8) this implies that

nljn(y7 b) > /Wn -
dtic, B,

nvy(x,a)

(4.10) L Py |z, a)0d)

de,,
Since di e, /oo and > 1/(diTte,)? < oo (see Remark 3.2), from the
definition of W, in (4.9), an application of Lemma 3.1 yields

W, —1

lim ——— =0 PT-as.
= J+1 w ’
n— oo dn Cn

whereas the inclusion (z,a) € Sj_1 x A implies

nv, (T, a
lim inf #
n— oo dncn

>0 PJ-as.,

by the induction hypothesis. Since o(-) > 0, these last two statements, (4.6),
and inequality (4.10) imply that

it

>0 Pj-as.;

since (y,b) € S; x A is arbitrary, this establishes the case ¢ = j of (4.4) and
completes the induction argument.
(ii) Let k € K* be arbitrary so that & € S; x A for some i < N, by
Lemma 4.1(ii). From (4.2) and Definition 3.1(i) it follows that
=Pln(k)=0foralt=1,2,...] =0,
where the last equality is due to part (i). m

Proof of Theorem 4.1. Let m € P* and w € S be arbitrary. Since d,, €
(0,1] it follows that 1/(dY¢,) > 1/(diFe,) for any i = 0,1,2,...,N —1, so
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that Lemma 4.2 implies that

(4.11) lim inf "22(%)

N
n—oo n Cn

>0 Pr-as.,

for every k € UiV:_Ol(SZ- x A) = K*. Therefore, Lemma 3.2(ii) shows that for

any ¢ € S and k € K*, lim,, .o [Pn(x | k) — P(z| k)] = 0 PJ-a.s., and the
conclusion follows. m

5. Non-stationary value iteration. This section introduces a form of
the value iteration algorithm, a device that will be used later to formulate an
optimal adaptive policy. According to an advice in Puterman (1994), firstly
the original model will be modified by applying the following Schweitzer’s
transformation to the transition law P.

DEFINITION 5.1 (Schweitzer, 1971). Let M = (S, A, R, P) be the MDP
described in Section 2, and let o € (0, 1) be fixed.

(i) The modified transition law @ = [Q(y | z,-)] is defined by
(6.1 Qlz,a)=(1-a)d(z,y) +aP(y|r,a), z,yeS acA,

where (-, -) is the Kronecker symbol on S, i.e., for x,y € S, 0(x,z) =
1 and §(z,y) = 0 if x # y. Similarly, for each n € N set

(52) Qn(y\m,a):(l—a)é(m,y)—i—aPn(y]:U,a), .’E,yGS,GGA,
where P, is the estimator of the transition law P introduced in Def-
inition 3.1(iv).

(ii) The transformed MDP M is given by M = (S, A, R, Q).
The following lemma, which follows from Definition 5.1 via direct cal-

culations, shows that the solution to the optimality equations associated to
models M and M are simply related.

LEMMA 5.1. (i) Suppose that g € R and h: S — R satisfy (2.4) and
define H: S — R by

H(x):@ zeS.

In this case (g, H(+)) is a solution to the AROE associated to the
transformed model M:
(5.3) g+ H(x) = sup [R(:z:, a) + Z Qy|z,a)H(y)|, xz€S8.
acA yes
(ii) Suppose that (5.3) is valid for the pair (g,H(:)) and set h(-) =
aH(-). In this case (g,h(-)) satisfies the AROE (2.4) for the orig-
tnal model M.



142 R. Cavazos-Cadena and R. Montes-de-Oca

REMARK 5.1. Throughout the remainder (g,h(-)) and (g, H(-)) stand
for pairs satisfying (2.4) and (5.3), respectively, and H(z) = 0 = h(z); such
pairs exist and are unique, by Lemmas 2.1 and 5.1, and aH(-) = h(-).

DEFINITION 5.2 (Federgruen and Schweitzer, 1981; Herndndez-Lerma,
1988).

(i) The non-stationary value iteration functions {V,,: S — R | n = —1,0,
1,2,...} are defined as follows: V_1(-) = 0, and
(5.4) Vi(x) = max [R(a:, a)+ Z Qn(y|lz,a)V,_1(y)|, xe€S nelN
“ yeS

(ii) Let z € S be as in Assumption 2.1. The nth relative value function
H,: S — R is given as follows:

(5.5) H,(z)=V,(x) = V,(2), z€S n=-1,012,...,
whereas the nth differential reward g,, € R is defined by
(5.6) gn = Vo(2) = Vp—1(2), neN.
From this definition, it is not difficult to see that
(5.7) [Vaill <nlRll,  neN,

and after some computations using (5.6) and (5.5), equation (5.4) can be
equivalently written as

(5:8)  go+ Ha(x) = max R(,a) + > Quly|2,0)Ha 1 (y),
yeSs

neN zes,
which resembles the AROE (5.3).

REMARK 5.2. Notice that for each k € K, z € S, and n € N, Q,,(z | k)
is a function of I,,; see Remark 3.1(ii). Consequently, g, V,(x) and H,(x)
are always o(1,,)-measurable random variables.

The main result of this section can now be stated as follows.

THEOREM 5.1. For each x € S*, w € S and ©m € P* assertions (i)
and (ii) below hold PJ-a.s.:

(i) limy, oo gn = g.
(ii) limy— oo Hp(z) = H(x); equivalently, lim, o aH,(x) = h(x) (see
Remark 5.1).

To establish this theorem it is convenient to introduce the following
notation.



Adaptive control in finite MDPs 143

DEFINITION 5.3. (i) For each n € N, the random variable ¢,, is given by

Y [Qu(w]k) = Qw | k)] Vyoa (w)|.

weS

En = max
keK*

(i) Given f € F and n € N, matrices @/ and Q™/ are determined as
follows: for each x,y € S,

QL =QWle (), QI =Qulylz, f(2)).
(iii) For fi,..., fx € F, set fF := (f1,..., fr) and define

k k
ME(Y =TT ME(H =[] whenn>k.
i=1 =1
The proof of Theorem 5.1 has been divided into four lemmas. The first
one was stated as Theorem 5.1 in Cavazos-Cadena (1998), where it was
proved using the inequality Q(x | z,a) > 1—a > 0, which follows from (5.2).

LEMMA 5.2. Let z € S be as in Assumption 2.1. There exist a positive
integer No and A € (0,1) such that if f; € F fori=1,..., Ny, then
MNo (o), >2A, =z €S

LEMMA 5.3. Let Ny and A be as in Lemma 5.2. There exists a random
variable L: Ho, — [Np, 00] such that:

(i) When n > L, the set S* of essential states is closed with respect to
each matriz Q™' that is, given f € F, x € 8* and n > L, we have
Q™I =0 for each w € S*°.

(i) For each x € S* and fi,..., fn, €F, if n > L then MNo(fN0),, >0
=y e S* and

(5.9) MY (f)ez > A.
(iii) For each w € S and w € P*, PJ[L < oo] = 1.
Proof For each r € N, define the event

(510) 2 i= () () [Pa(S*1%) =1, and [[Pu(-| k)= P(: [R)]| < A/(aNy)
n>rkek*
= () () Qu(S*18) =1, and [[Qu(- | F)—Q(- | )] < A/No};
n>rkek*

see Definition 5.1. With this notation and via Definition 5.3(ii), it is not
difficult to see that the following assertion holds:

(a) Along a trajectory in 2., for each x € S* and f € F, if n > r then
ZwES* Qn = =1
No

From this, the product formula for MNe(f;*°) in Definition 5.3(iii) allows
us to obtain
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(b) On the event §2,., if n > Ny + 7 and = € S*, then MNo(fN°),, >0
implies that y € S*.
Recall now that P(S* | k) =1 = Q(S* | k) for each k € K*, by Lemma 4.1(i)
and (5.2). Since along a trajectory in {2, the equality @Q,,(S*|k) = 1 holds
when n > r, an induction argument shows that for each positive integer t
the following is true (see (4.1)):

(5.11)  On the event £2,, ||M}(f1) — M*(f})]| <ZHQ” L ofi,,

fl,...,ft ceF.n>t+r
On the other hand, combining Definition 5.3(ii) and (4.1) yields
QTS — QT Qn—iv1(- k) = Q( B,
so that along trajectories in (2.,
Q"5 — QP < A/No, n—i+12>r, fi €F;
see (5.10). Next, let z € S* be arbitrary but fixed. Since z € S*, (4.1) yields
M (1) 2 = MY (F)aa] < IMAO(F) = MM ()]
and combining these relations with the case ¢ = Ny of (5.11) shows that,
on trajectories in £2,, if x € §*, then |MNo(fNo),, — MNo(fNo),.| < Ais

always valid when n > Ng + r; since Mo (f1°),. > 2A, by Lemma 5.2, the
next claim follows:

(c) Foreach x € S* and f1,. .., fn,, if n > No+r, then M2No( lNO)M > A
on the event (2,.

< max
keK*

Now, observe that {2y C £2;41, and define the random variable L: Hy, —
[NOa OO] by
I No+r onQT\UKTQi,
T oo on Hoo \ Usey £2:.
In this case assertions (a)—(c) above show that parts (i) and (ii) hold with
this variable L. To conclude, let w € S and w € P* be arbitrary but fixed,
and notice that Theorem 4.1 implies that

lim Py N krﬂl [Pl 1K) = P R)]| < Af(aNo)] = 1.

Next, set T* = max{T} | k € K*} (see (4.2)) and observe that PJ[T™ < o0]
= 1, by Lemma 4.2(ii) and the finiteness of K*, and thus P7[T* < r] /1
asr /1. Since [T < 7] C (5, Niex- [Pn(S™ [ k) = 1], by Lemma 4.1(iii),

it follows that
11mP7f[ﬂ M [Pu(s" k) =1]] =1,
e n>r keK*
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so that lim, o, PJ[f2.] =1, by (5.10), and thus
PTIL < o0] = P;[UQT} — 1. u

To continue, for each W: S — R define

(5.12) sp* (W) = max W(z) — min W(x)

and notice that, via (5.7),
(5.13) sp*(Vo) <2||R||(n+1), mneN.

LEMMA 5.4. Let the random variable L be as in Lemma 5.3. On the event
[L < 00|, the sequence {sp*(V,)} is (pointwise) bounded.

Proof. Givenn € N, (5.4) and the finiteness of A ensure that there exists
a policy ¢,, € F such that

(5.14)  Vi(2) = R(z,¢n(2)) + Y Qu(w |z, ¢ (2))Va-1(w), =z € S;

notice that, for each state z, ¢, (z) is a random variable depending on I,
by Remark 5.2. This equality implies that for every state x,

— || R[]l + Z Qn(w |z, ¢n(2))Vi—1(w)
<Vo(2) <RI+ Qn(w |z, ¢n(2)Va1(w).

If we identify V,, with a column vector and use the notation of Definition 5.3,
it follows that —||R||1 + Q™% V,,_1 < V,, < ||R||1 + Q™% V,,_1, where 1 is

the vector of ones, and an induction argument shows that, for each ¢t € N,
t

_ (t + 1)||R”]]. + [H Qn—i;¢n—i] Vi i1
i=0
t
<Vo <@+ DRI+ [J[Q = |Vaer, n>t
i=0
Now, let n be an integer satisfying n > L (> Np). In this context, set
(fiy--s fng):= (Pny P—1, - - -, Pn—nNy+1) and observe that, by Definition 5.3,
the previous inequality with t = Ny — 1 leads to

—No||RI[L + M (f") Ve < Vi < Nol RIL + M () Vi
Next, let =,y € S* be arbitrary but fired. The above displayed relation
implies that

(5.15)  Va(2) = Va(y) < 2No[IR[| + D Mo (f1%) g Ver— v ()
weS

- Z Mrjzvo(leo)wan*No (w)a
wEeS
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and since MNo ()., = 0 when w ¢ S, by Lemma 5.3(ii),
N
Z Mrjzvo( 1 )aw Vi (w)

weS
= Z Mrjlvo(leO)wan—No(w)

weS*

= Z M7]zvo (leo)a:anfNo (w)
weS*, w#z

+ (Mrjzvo( 1N0)a:z — A)Viono (2) + AVion, (2);
since MNo(fNo),. — A >0, by (5.9), it follows that

Z Mrjzvo( 1No)mwvn—No (w) + (MT]LVO (leO)zz - A)Vn—No (2)
weES*, w#z

<[> MY+ (M ()0 = A)] max Vi, (w)

wES*, w#z wesT
=(1-4) max Vo, (w)
so that
Z Mr]zvo( 1N0)xwvano (w) <(1-4) 11316@3)2 Vi—No (W) + AV, (2)-
weSs

Similarly, it can be established that
D M)y Vi vg (w) = (1= A) in Vi g (w) + AVi, (2).
weS

The last two displayed inequalities together with (5.15) and (5.12) lead to
Vo(z) — Vi (y) < 2No||R|| + (1 — A)sp*(Vi—n, ), and since x,y € S* and
n > L are arbitrary, it follows that

sp* (Vi) <2No||R|| + (1 — A)sp* (Va—n,), n> L.

Next, given n > L, let r be the first positive integer such that n—rNy < L.
Repeated application of the above inequality allows us to obtain

r—1
sp* (Vo) < 2No[[RI|D (1= A) + (1 — A)"sp* (Vrv)
i=0
2Ng||R
< M + D" (Vo );

- A
since n — rNy < L, via (5.13) it follows that sp*(V,,—rn,) < 2(L + 1)||R]|,
and then

2No||R||

Sp*(Vn) < T + 2(L + 1)||R||7 n > L;
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together with (5.13), this implies that {sp*(V,,)} is pointwise bounded on
the set [L < oo]. =

The following is the last step before the proof of Theorem 5.1.

LEMMA 5.5. Let the random variable L be as in the previous lemmas,
define the event 2’ by

(5.16) ' =[L < oo, and nh_}ngo |Qn(-1k) — Q(-|k)|| =0 for all k € K*],
and set
(5.17) Dp(-) = Val(-) —ng — H()

(see Remark 5.1). The following convergences (i) and (ii) hold on the
event §2':

(i) limy,— o0 £, = 0, where €, is as in Definition 5.3(1).
(ii) limy,— o0 sp*(Dy) = 0.

Proof. (i) Observe that
(5.18) Q(S*|k)=1, and @Q,(S*|k)=1 whenn > L, ke K",

see Lemma 4.1(i), (5.2), and Lemma 5.3(i). Since z € S*, it follows that for
k € K*,

| D 1Qu(w k) = Q| )]V (w)]

weS

— ‘ > 1@n(w[k) = Qw | k)(Va1(w) = Vio1(2))

weS*

IN

Y 1Qu(w|k) = Q(w|k)[sp™ (Vo1)

weS*

=sp (Vo) ||@n(- | k) — Q(- | K)||.

Thus, &, < sp*(Vi—1) maxkek- ||Qn(-|k) — Q(-| k)| for n > L and, via
Lemma 5.4, the conclusion follows from the specification of (2.

(ii) Given a positive integer n, let ¢,, € F be as in (5.14). From (5.3), it
follows that ng+h(z) < R(z, ¢n(x))+)_,cs Qw |z, dp(x))[(n—1)g+h(w)],
which together with (5.14) and (5.17) yields

(5.19) Dp(z) > Y Qu(w|z, ¢ () Vi1 (w)

weS

~ 3 Qw2 ¢u(@))(n - 1)g + h(w)], z €S

weS
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This is equivalent to

Do) > > [Qn(w |z, én(2)) — Q(w |, ¢n(x))] Vi1 (w)

weS

+ 37 Qw |, éu(2)) Dues(w)

weS
and thus
Dn(x) > —en+ Y Q%nDn1(w), x€ 8%

weS*

see Definition 5.3 and observe that Q% = Q(w |z, ¢,,(x)) = 0 when x € S*
and w ¢ S*, by Lemma 4.1(i) and (5.1). From this, an induction argument
shows that for each t € N,

Zan i+ Z [HQ¢" } D, (w), ze€S* n>t,

weS*  1=0

or, with the notation in Definition 5.3,

(5.20) D, ( an it > M (fDewDnt-1(w), z€8% n>t,

weS*

where (f1,..., ft):= (¢n, Pn-1,- .., Pn—t+1). Observe now that MNO(le‘J)IZ
> A, by Lemma 5.2, so that

Z MNO( fvo)meano(w)

wES*

= Z Mo fvg)zan*No(w)

WES*, wH#z

+ (MNO( 1N0):tw = A)Dp-Ny(2) + ADp—n,(2)

> No No No No _ ]
=z Z M7 (f17)zw + (M7 (f170)ze — A) u?élsn* Dy N, (w)

weS*, w#z

+‘Aﬁl)nfﬁb(z)

= (1= 4) mip Du-xg(w) + ADy-x, (2),
and together with the case t = Ny of (5.20) this implies
No—1

(5.21) ) > — Z eni+ (1= A) min Dyny (w) + AVono (2),

x e S, n> Ng.
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Next, let f € F be such that, for each z € S, f(z) maximizes the right
hand side of (5.3), so that

ng+h(y) = Ry, f(v)) + Y _ Qw |y, f(1))[(n — 1)g + h(w)]

weS
for every y € S and n > 0. Since
Va(y) < Ry, f(0) + D Qul(w |y, FW)Va1(y),
weS
by (5.4), it follows that for each n > 0,

Du(y) < D Qu(w|y, f(y)Va-1(y)

weS
=3 Qly, f)ln—g+h(y), yeS
wES
Paralleling the argument used to go from (5.19) to (5.21), it can be estab-
lished that
No—1
D, (y) < Z En—it(1—-A) max Dy_ny(w)+ AV, _ N, (2), y €S, n>No.
i=0
Combining this with (5.21) and (5.12) implies that, for each x,y € S*,
Dy (y) — Dn(z) <237 eni + (1 — A)sp*(Dy—ny), and thus
No—1
(5.22) sp*(Dy) <2 Z en—i+ (1 —A)sp*(Dn-n,), n > No.
i=0

To conclude, let ho, € 2’ be arbitrary but fixed, and notice that part (i) im-
plies that {e,} is bounded along this trajectory, say ¢, < b = b(h) for each
n € N. In this case, (5.22) leads to sp*(D,,) < 2bNy + (1 — A)sp*(Dn—n,),
for each n > ng, and along the same lines as in the proof of Lemma 5.4
this implies that {sp*(D,,)} is bounded, so that limsup,,_, . sp*(D,,) < oco.
Taking the upper limit on both sides of (5.22), via part (i) it follows that

limsup sp*(D,) < (1 — A)limsup sp*(D,,),

and then limsup,, . sp*(D,) = 0, since A is positive. m
Proof of Theorem 5.1. Since H(z) = 0 (see Remark 5.1), (5.5) and (5.17)
yield
Hy () — H(z) = [Va(2) = Va(2)] — H(x) + H(2)
= [Va(z) —ng — H(x)] = [Va(2) — ng — H(2)]
= Dy(z) — Dy (2),
and as z € S*, from (5.12) it follows that |H,(z) — H(x)| < sp*(D,,) for
every x € S* and thus, by Lemma 5.5(ii),
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(5.23)  on the event ', lim H,(z) = H(z), z € S*.
n—oo

On the other hand, on {2’ the random variable L is finite, and by (5.16),
lim, 00 [|@Qn(- | 2,a) — Q(- | 2,a)|| = 0. Therefore, since A is finite, via (5.18)
it follows that along trajectories in (2’,

lim max [R(z, a) + Z Qn(y| Z7G)Hn—1(y)}

n—oo a€A
yes

= lim max {R(z,a) + Z Qn(y|Z,G)Hn—1(y)]

n—oo a€A
yeS*

= max [R(z,0) + 3" Q|2 0)H(y)]

acA
yeS*

= max [R(z, a) + Z Qy|z, @)H(Z/)}a

acA ves
and together with (5.23), (5.8) and (5.3), this shows that
(5.24) lim g, =g on the event (2.

To conclude, observe that PJ[lim, . ||Qn(-| k) — Q(-| k)| = 0 for all
k € K*] = 1 by Theorem 4.1 and (5.2), whereas PJ[L < oo] = 1 by
Lemma 5.3(ii). Thus, formula (5.16) leads to PJ[f2’] = 1, so that (5.23)
and (5.24) yield the conclusions of Theorem 5.1. m

7. The adaptive policy. The results in the previous sections will now
be used to construct an optimal adaptive policy. On a given trajectory in H
let the policy ¢,, be as in (5.14), and notice that, as already observed in the
proof of Lemma 5.4, ¢,,(z) is a function of I,, for each z € S.

DEFINITION 6.1. The NVI adaptive policy ©* is specified as follows: For
each t € N and b; = (29, a0,...,T¢—1,ai—1, %) € Hy,

T (Bl be) = (1 = dt)dg, () (B) + dio(B), B CA,

where, for each a € A, ., stands for the Dirac probability measure concen-
trated at a, and p(+) is as in Definition 4.2.

When the system is driven by 7*, the actions are selected using a ran-
dom mechanism: If state X,, = x is observed, then with probability 1 — d,,
the action applied is A,, = ¢, (z), whereas with probability d,, the control
A, is selected among all the available actions according to the probability
distribution g(-); notice that 7* € P*. The main result of this note is the
following.
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THEOREM 6.1. The NVI adaptive policy 7* is optimal.

The proof of this theorem is based on the two lemmas below; as usual
(Hernédndez-Lerma, 1988), the argument uses the discrepancy function @:
K — R given by

(6.1) @(x,a) =g+ h(x) ZPy|xa (z,a) €K,
yeS

where (g, h(+)) is the unique solution of (2.4) satisfying h(z) = 0.

LEMMA 6.1. For each w € S and w € P*,
(1) limy,— 00 P(Xn, On(Xn))I[X,, € S*] =0 Pr-a.s., and consequently,
(ii) limy,— oo B [P( Xy, ¢n(Xp))] = 0.
Proof. From (5.2) and Definition 5.2, it is not difficult to see that (5.14)
is equivalent to
gn + QH, (@) + (1= @) Hy () — oy ()]
= R(x,6n(2)) + > Puly |2, 60 (@) [aHn 1(y)),

yeS
and via (6.1) it follows that for every state x,
(6.2)  &(x,én(x)) = g — gn] + [n(z) — aHn(z)]
— (1= a)[Hn(z) = Hpa (2)]
+ay [Pulylz, ¢u(z)) = Ply |z, ¢u()) Hu-1(y)

yeS

+ Z Py |z, ¢n())[aH,1(y) — h(y)]-

yeS

Next, let w € S and m € P* be arbitrary, and recall that P(S*|z,a) = 1
when (z,a) € K* = 5* x A, by Lemma 4.1(i), so that

6.3) | Plyle ou@)aHa 1) — h(y)]

yeS

= ‘ 3" Py |z, dn(x))laH,—1(y) — h(y)]

yeS*

< Z laH,—1(y) — h(y)| = 0 Pr-as., z € S™,
yeS*

by Theorem 5.1(ii). On the other hand, via (5.2) and (5.5), it follows that
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@y [Pulyla, éu(x)) = Py |z, én(@)Ha1(y)

yeS

= [Qu(y]z,6u(2)) = Qy |2, du(@)] (Vi1 (y) = Vao1(2))

yes
= > [Qu(ylz,¢u(2)) = Qy| 2, $u(@)]Va-1(y)
yes
and then for each x € S*,

ST 1Puly ]2, 60(2)) = Py |2, on ()| Haa ()] < 0 =0 Plas,
yes

by Definition 5.3(i) and Lemma 5.5(i). Combining this with (6.3) and
Theorem 5.1, and letting n — oo on both sides of (6.2) we deduce that
Prlimy, oo @(z, ¢n(x)) = 0] = 1 for each z € S*, and part (i) is a con-
sequence of [D, (X, p(Xn))I[X, € S*]| < >, co« P(x,dn(x)). Now, the
bounded convergence theorem implies E7 [®,, (X, ¢(X,,))I[ X, € S*]] — 0,
and (ii) follows by observing that

| B [P (X, (X)) [Xp & S7]| < || @ PG [Xn & S7] —
by Lemma 4.1(iv). =

LEMMA 6.2. Let ©* be the NVI adaptive policy in Definition 6.1. For
each w € S,

lim ET [#(X,,A,)] =0.

n—oo

Proof. Let n € N and w € S be arbitrary. By the Markov property, the
specification of 7* yields

EZL* [D( X, An) [ In] = P(Xn, n(Xn))
+du( Y e(@P(X,0) = P(X,, 00(X,)))

ac 4
s0 that |E7 [6(Xn, An) | In] — B(Xn, ¢n(X0))| < 2d,|| @], and thus
B [@(Xn, An)] = B [8(X, én (X))
= |E} (B} [8(Xn, An) | I] = B(Xo, ¢n(X0))]]
< By (| [8(Xn, An) | In] = (X, ¢n(Xn))[] < 2d, ]| 2]

Since d,, — 0, this last inequality and Lemma 6.1(ii) applied to policy
7 € P* together imply that lim,, . E7 [#(X,, A,)] =0. =
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Proof of Theorem 6.1. An induction argument using (6.1) shows that
for each w € S and n € N,
h(x) 1 -

By [ Y IR(X0, An) + B(X0, A)]].

6.4 =—
64) g+ 7 P

Observe now that Lemma 6.2 implies that

. 1
lim
n—oo N +

-E} [;qﬁ(Xn,An)} —0, wes§,

and thus, replacing 7 by 7* in (6.4) and letting n — oo on both sides of the
resulting equality, we conclude that for each w € S,

g= lim — 1E;,;*[Zn:R(Xn,An)},
t=0

n—oo n
so that 7* is optimal; see (2.2), (2.3) and Lemma 2.1(ii). m
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