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1. Introduction

Consider a stochastic dynamic programming model (also known as a Markov decision
process (MDP), see Arapostathis et al. 1993, Bertsekas 1995, Puterman 1994), in the
setting where only sample paths of state transition sequences are available, e.g., when
it is impractical to explicitly specify the transition probabilities, but the underlying
system can be readily simulated. This is often the case when the system of interest is
large and complex, and must therefore be modeled by a stochastic simulation model.
One drawback of using sample path estimation is the relatively slow convergence rate
for estimation of performance measures (e.g., the value, or cost-to-go, function), which
is generally on the order of O(N~%%), where N is the number of sample paths. The
focus of this paper is the problem of finding an optimal policy, and we exploit the fact
that the policy search involves ordinal comparisons, rather than absolute estimation.
In practice, the main idea of this approach is to compare relative orders of performance
measures in finding the best action as quickly as possible rather than wasting effort
in getting a more precise absolute estimate of the value function associated with each
possible action. Under appropriate conditions, we show that the probability of selecting
suboptimal actions is bounded by a quantity that decays to zero at an exponential rate.

The overriding purpose of our work is to provide a rigorous theoretical foundation for
the sample path approach in finding good policies in stochastic dynamic programming
problems. The convergence results obtained here are completely new to this setting.
To put our results in some perspective, we touch on the most closely related work. A
type of exponential (geometric) convergence rate is well known in the traditional MDP
framework (e.g., Puterman 1994), where the convergence is with respect to the horizon
length for the value iteration procedure in infinite horizon problems with explicitly
known transition probabilities. Our finite action setting is included in the book of
Bertsekas and Tsitsiklis (1996), where the solution approach goes under the name
of neuro-dynamic programming, but the focus there is on approzimating the value
function, and sample path optimal policies are not analyzed. Our results buttress
the literature on ordinal optimization see Ho et al. (1992, 2000), which focuses on the
efficiency of ordinal comparisons rather than absolute estimation. In particular, the ex-
ponential convergence rate for static stochastic optimization problems is established in
Dai (1996) and Dai and Chen (1997). Also, somewhat in the same spirit as our approach
is the work of Robinson (1996) and Giirkan, Ozge, and Robinson (1999), who consider
sample path solution to stochastic variational inequalities, and establish conditions
under which the sample path solution converges to the true solution; however, their
setting is quite different from ours, in that we consider a dynamic model involving
sequential decision making under uncertainty, and we focus on actually quantifying
the error incurred in utilizing sample path estimates, going beyond just establishing
convergence.

The rest of the paper is organized as follows. Section 2 defines the problem setting.
Section 3 establishes the theoretical results on the exponentially decaying probability
error bounds for the basic finite horizon discounted cost problems. Section 4 briefly
discusses some easy extensions, and the Appendix contain the detailed proof of one of
the more technical lemmas.



2. Problem Setting

In this section, we formulate the basic problem of minimizing total expected dis-
counted cost in a setting where the state space and action space are finite, albeit
possibly non-stationary. Let {Xx, k = 1,2,...} denote a Markov decision process with
finite state space S (|S| > 1), where X7 is the starting state. Let T > 2 be the time
horizon, or number of periods (also known as stages), Sy C S be the state space for
the kth period, and Ay (x),x € Sk, be the (finite) set of feasible actions in state z and
period k. At stage k in state z, the decision maker chooses an action a € A (z); as a
result the following occur:

(i) an immediate (deterministic) cost cx(z,a) > 0 is accrued, and

(ii) the process moves to a state &’ € Sgy1 with transition probability py(z’|z, a),
where pi(2'|z,a) = 0 and 3 e, | Pe(@'|z,a) = 1.

The objective is to find a sequence of decision rules {ui(-)} comprising a policy u =

{pr} that minimizes total expected discounted cost given by

E : (1)

T
> af (X, Ar)
k=1

where Ay is the action taken in period k& — which would be g (X)) under policy p —
and o € (0,1) is the (constant) discount factor. Here X1 depends on both X}, and
Ay, i.e., given X =z and A; = a, we have

Xk+1(x7a) ~ {pk(-|a:,a)}, (2)

but such dependence will generally be suppressed for the sake of simplicity. Through-
out, we assume a fixed initial state X7 = x1, but this can easily be generalized to
the setting where the initial state is a random variable with an associated probability
distribution.

Define the optimal cost-to-go (or value) function from stage k by

T

Ji(z) = glelalE z;ai_kci(Xi,ui(Xi))
1=

Xk=$] NreSy, k=1,...,T, (3)

where U denotes the set of all policies. The value of the MDP is given by Ji(z1),
and an optimal policy pu* — defined as any policy that minimizes (1) — satisfies the
following set of equations:

ur(x) € arg min ){ck(a:,a) + aF [Jei1(Xpy1(z,0))]}, k=1,2,..,T, (4)

a€A(z

where the expectation is taken with respect to the next state X, 1, which is a function
of the current state x and action a, and we follow the convention that Jry1(-) = 0.
It will be convenient to introduce the Q-factors defined by the expectation on the
right-hand side (e.g., Bertsekas 1995):

Qk(l‘,&) = ck(x,a) +aF [JkJrl(XkJrl(xva))] ) k= 1,2,..,T, (5)
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representing the expected cost of taking action a from state X = x in period k, and
then following the optimal policy thereafter. In particular,

Qr(z,a) = cr(z,a). (6)

Thus, we have

Je(z) = i Qr(z,a).

For finite horizon dynamic programming with finite space, backward induction can
be used via Equation (3) to obtain the optimal value functions {Jx(x),x € Sk, k =
1,2,....,T} and a corresponding optimal policy satisfying (4). For the infinite horizon
case, value iteration, policy iteration, or variants on these are used to solve the sta-
tionary version of (3) when applicable. When the transition probabilities are explicitly
known, these procedures can sometimes be carried out in closed form or by using
straightforward numerical procedures to calculate the necessary expectations.

In our setting, based on sample paths of the MDP sequence X1, Xo, ... for a given
policy u, the expectations in (1), (3), or (4), are estimated by taking sample means.
By a sample path optimal policy, we mean a policy (possibly only partially specified, if
not all states are visited in the sample paths) that optimizes the sample mean of the
objective function given in (1). (This is not to be confused with using a single “long”
sample path to estimate a stationary optimal policy for infinite horizon problems.) This
will be a function of both the sample path length and the number of sample paths. For
the finite horizon setting, the sample path length will be equal to the number of periods
T, whereas in the infinite horizon case, the optimal policy is approximated by a finite
horizon sample path optimal policy. A direct implementation for using sample paths
would be to take a “large” number of samples for each value that must be estimated,
thus in essence reducing the problem to the traditional setting. In practice, taking a
large number of samples may be unnecessarily wasteful, especially when the ultimate
objective is to find the optimal policy, not necessarily to precisely estimate the optimal
value functions for all states. The underlying philosophy is that one may obtain good
policies through ordinal comparison even while the estimate of the value function itself
is not that accurate.

3. Sample Path Probability Error Bounds

We now derive probability error bounds for the convergence of sample path optimal
policies to a true optimal policy. We focus on searching for the optimal action in the
first period, since optimal actions for subsequent periods can be obtained in the same
manner. Write the feasible action set for the initial period starting in state x; as

Aq(z1) ={a1,a2,...,am}.
The Q-factor of interest for the first period, as defined by (5), is
Qi(z,a) = c1(z,a) + aE [J2(Xa2(z,a))],

where Js is the cost-to-go function defined by (3) with horizon T'— 1. Since throughout
we are focusing on the first period with initial state X; = x1, we will simplify notation
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by dropping explicit display of the dependence on the period and initial state by
defining the unsubscripted @Q-factor:

Q(a) = Qi(z1,0a).
Without loss of generality, we assume

Qa1) < Q(az) <... < Qam),

ie., pf(x1) = a1. The case with ties for the best can also be handled in exactly the
same way; see Remark 3.2 following Theorem 3.1.

The procedure to estimate the optimal action from a given state in the setting of
this section uses sample trees. Specifically, for state xy, for each action a; € A;(z1),
n independent sample trees are generated. Each tree begins by taking action a; in
period 1, and then sampling all possible actions in subsequent states visited. Since
the state space is finite, there may be common states visited between trees and also
within trees. We keep the tree structure by sampling from each node separately and
independently according to (2), so there will be no “recombining” branches, even if the
same state were reached at different nodes of the tree. To be more specific, a sample
tree is generated as follows for initial period action a;:

(i) In period 1, generate one next (period 2) state sample (node) according to
pi(lzr, ar).

(ii) In period 2, generate a next (period 3) state sample (node) according to pa(-|x, a),
for each feasible action a € As(z), where x is the state generated in step (i).

(iii) Starting from each state x visited in period k of the tree (k = 3,...,T — 1),
generate a next (period k+1) state sample (node) according to px(:|z, a) for each
feasible action a € Ag(z).

As mentioned earlier, all sampling is done independently of other trees and other nodes
in the same tree; however, correlation between sampling of different actions from the
same node in a tree is allowed. Let S,gl) C Sk, k =2,...,T, denote the set of states
actually visited in period k over all n sample trees initiated with action a;. An example
for n=3 is shown in Figure 1. In this example, even if x5 = xg, i.e., the state reached is
the same, the nodes themselves remain distinct, in that separate independent samples
would be generated from each for each possible action in Agz(xs) = As(z6).

Sample path estimates for the @-factors and cost-to-go functions are obtained via
backward induction as follows:

A(Tl)(x,a) = cp(z,a), x €S(Tl), (7)
ﬁ;(cl)(x) € arg Iﬁirg )@g)(a:,a), x € S,il), k=2,...,T, (8)
acAg(z
T () = Jin )@;”(x,a) = QWi (@), ze sV, k=2,....T, (9)
a E\T

A,(cl)(a:, a) = cg(z,a)+ |./\/’,§21(a:, a)|ta Z ',]\1(921(9)7 x € 8,8), k=2,...,T —1,10)
yENéQl(z,a)

where N, é?l(x, a) is the multi-set (i.e., includes states repeated if sampled more than

once) of states reached in period k + 1 from state z with action a in period k (k =
1,....,7—1).
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Az(z2) = {a}, a5}, As(xs) = {as,a}, a5}, Ax(ws) = {ag,az},

S = (w2, 23,24}, 88 = {5, w6,..., 211},

FIGURE 1: Example of simulated trees for n=3.

Similar to the unsubscripted initial period, initial state, Q-factors defined earlier,
we define the following corresponding tree-based estimator:

Qay =a(ea) +—a 3 T,

yeN (ar)

where we have defined N (q;) = Nél)(xl, a;) and |[N(a;)| = n. We then estimate the
optimal first-period action in the natural way:

a1(n) = arg alegilxgxl){@ml)}. (11)

Averaging over N, 1&21 (z,a) in (10) is needed to ensure consistency in defining decision
rules via (8), since the same state can be reached more than once in sampling, on the
same tree or on different trees. If all n trees for a given a; are distinct with no common
states in any period beyond the initial state, so |N,§Ql(x, a)l =1 for k > 1, then the
DP algorithm simply corresponds to performing (deterministic) backward induction
individually on each tree.

Figure 2 shows a simple example, which we use to illustrate how Equations (7)-(11)
are applied and why the averaging is necessary. There are two trees (n=2), and both
reach the same state xo in period 2, hence the multi-set N (a;) = {x2,z2}. Assume

5



T3
al 2
T aj X2 1
ab 3
X
2 ! 4
5
3
x
! 4
Clll 5
X1 a X9 1
a/2 1
Ts5
2

Nz(ﬂ?hm) = {5527132},/\/3(3?27@/1) = {333,554},/\/3(3?27@/2) = {3?4,555}7

S = {22}, 8 = {w3, 24,75}

FIGURE 2: Example of two simulated trees with common states (costs shown on branches).
Dynamic programming performed separately on each tree would lead to a different action from
state z2 in period 2 on the two trees (a] in the upper tree, aj in the lower tree). Averaging

appropriately over the corresponding nodes in two trees leads to fi2(z2) = aj.

for simplicity that the discount factor is one (o = 1). Applying the DP algorithm
separately to each tree, we obtain (suppressing superscripted () for notational con-
venience) Js(xs) = 1,Js(x4) = 3,3?3(%) = 1; for the upper tree, Jo(z3) = 2 and
Ha(x2) = af, whereas for the lower tree, jg(xg) = 3 and jiz(z2) = db, leading to a
conflict in specifying the decision rule (action for state z3). On the other hand, with
tlle averaging (over just the two trees, i.e., n= 2), Qg(xg, a’lA) =1+(1 + 3)/2 =3 and
Q2(x2,a5) = 2+ (34 1)/2 = 4, which gives Jo(22) = min{Q2(z2,a}), Q2(x2,a5)} = 3
and fiz(r2) = argming {Qa(z2,a})} = aj, hence Q(a;) = c1(w1,a;) + 3. This would
be repeated for all other actions in A; (1), and then (one of) the action(s) with the
lowest value of Q() would be selected to be the estimated optimal action in state z;.
Our results use the large deviations principle (cf. Dembo and Zeitouni 1998), which
yields exponentially decaying probability error bounds under appropriate conditions.

Lemma 3.1: Consider a sequence of i.i.d. random variables {Y,,,n > 1} with moment
generating function M(A) = Elexp(AY:)]. Let S, = i, Yi. If M()) exists in a
neighborhood (—¢,¢) of A =0 for some € > 0, then

P(S,/n > z) < exp(—nA7(x)), Vu,

and
P(S,/n < z) <exp(—mA* (z)), Ve,
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where

A (x) = 021/1\26(/\3: —log M(\))

and
A (z) = sup (Az —log M(N)).

—e<A<0

Furthermore, if |Y1| < M for some constant M < oo, then A% (z) > 0 for z > E[Y1],
and A* (z) > 0 for for x < E[Y1].

Proof. The first part follows directly from Xie (1997). For the second part, we show
only the x > E[Y1] case, since the z < E[Y;] case is similar.
Using a Taylor series expansion around A > 0, there exists £ € [0, A) such that

A(N) = log Elexp[AY1]]
1 1
= AO) + N(OA + GA(EN = AB[YI] + SN (€N,
the last equality following from A(0) = 0 and A’(0) = E[Y1].
We now turn to evaluating A”(€). Since, |Y1| < M,

E[Y? exp(§Y1)] Elexp(€Y1)] — (E[Y1 exp(€Y1)])*
(Elexp(¢Y1)])?

A"(E) =
E[Y{ exp(§Y1)]

< M2
Elexp(éV1)] —
Consequently, for z > E[Y1],
All@) = sup{Az —log Elexp[AVi]]}
M?)\?
> sup {A@c B - } >0, (12)
A>0 2

completing the proof. ]

Remark 3.1: For a finite-horizon MDP with finite action and state spaces, the total
discounted cost 25:1 a*lep(Xy, ur(Xy)) has finite moment generating function on
(—00,00) for any policy u € U. Define

co = max m

= X CLlZ,a
ke{1,2,.., T} z€Sp,a (z,a),

a.
€A (x)

and
T
Jo = § aF g
k=1

From the backward induction DP algorithm, it is easy to show that for any [, k, and
x?

T (@) < Jo,
and, from the definition of Ji(z), it is easy to see

7



Set

|Al = pe X ax | Ak ()]

Lemma 3.2: If v € (0,1) and ¢ > 0 satisfy

285 < Q(az) — Q(ar), (13)
T—1
where A, 5 = (Z " ho + ( Z o 1)|S |y Jo, (14)
i=1
then
mo T-2 ) .
(U{Q(al) > Qay) + Ay, 5}) < |A| (Z |8|1exp(—n'y’5')> , (15)
=1 i=0
mo T-2 ) ‘
(U{Q(az) < Qar) — Ws}) < |A| ( |3|zeXP(—n’715/)> ; (16)
I=1 i=0
where _
242
5'—sup{)\5—m} > 0. (17)
A>0 2
Proof. See the Appendix. m]

We are now in a position to present and prove the main result of this section. In
words, the theorem states that the sample path first-period optimal action(s) contained
in the set d1(n) converges in probability to the true optimal action ay for the finite
horizon problem at an exponentially decaying rate with respect to the number of sample
paths (trees).

Theorem 3.1:
P(ai(n) # {ar}) < 2|A] <Z |3|lexp(—ml5’)> 7
i=0
where 7 and ¢ satisfy the conditions of Lemma 3.2 and ¢’ is given by (17).

Remark 3.2: If Q(a1) = Qaz2) = ... = Q(ar) < Qar+1) < ... < Q(ap), then the
left-hand side just becomes P (a1(n) € {a1,...,ar}).

Proof. Suppose that a;(n) # {a1}. Then, 31 # 1 such that Q(a;) < Q(a1), i.e

P (U{c?(al) < @(an})
141
(U{Q a) < Q(a1)}, Qar) < Qar) + A, 6)

1#1
+ P (Qar) > Qar) + A,s).

P(a(n) # {ar})

IA

Since Q(az2) < Q(a;) for any a;(# aq), condition (13) gives
Q(a1) < Q(az2) — 24,5 < Q(ar) — 24 5,
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or
Qa1) + Ay 5 < Qar) — Ay s,

so we have

T—2
P(ar(n) #{a}) < P J{Qa) < Q(ar) — Ay s} | +A] (Z ISIieXp(—mi5')>
1#1 i=0
T-2 ‘
< 204 <Z ISIZexp(—mW)) :
i=0
where Lemma 3.2 has been applied twice. m]

4. Extensions

The results can be extended to the following cases with essentially the same frame-
work:

e random costs;

e stochastic and non-stationary discount factor, by replacing a* throughout by
H?zl o, where «; is the discount rate for period j.

Convergence of the same algorithm for infinite state spaces is not a problem, but
the current method of proof for the convergence rate result will not carry through.
Extension to infinite action spaces is also not straightforward, as the current algorithm
is not even applicable. These extensions are topics of ongoing research.

Appendix A. Proof of Lemma 3.2

We show (15) only, as the proof for (16) proceeds analogously. First, we first
establish three preliminary results.

Lemma Al: Let Z; ~ pi(-|z,a) i.i.d. for fixed z € S, a € Ax(x). For any N > 0 and
60 >0,
0N
P (N; Jk+1(Zi) 2 OéE[JkJrl(Zl)] + (5) § exp(—Né’),

k=1,..,T —1, where §’ is given by (17).

Proof. The proof follows directly from Lemma 3.1, with Y; = a(Ji11(Z;) —
E[Jk+1(Z;)]), so E[Y;] = 0 and Y; has finite moment generating function (cf. Remark
3.1). Applying the first part of Lemma 3.1 leads to

N
P (%;aml(zi) > aB[Jes1(Z)] + 5) < exp(—=NA*(5)),

where
A% (6) = sup(Aé — log Elexp[AY;]]).

A>0
Since ;| < ajo = M, the second part of Lemma 3.1 can be applied:

7122
sup(Ad — log Eexp[A\Y;]]) > sup {)\5 - M} =4 >0,
A>0 A>0 2
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with §’ derived using (12). m

Lemma A1’: Under the same conditions as Lemma Al, let N' be a non-negative
integer-valued random variable independent of {Z;}. Then,

(NZJk_H ) > aE[Je1(Z)] + 0,N > N) < exp(—Nd'),

k=1,..,T —1, where ¢’ is given by (17).
Proof. Using Lemma Al, note that the conditional probability

ZJkJrl ) = aE[Jx11(Zi)] + v| N = No

Z Ji+1(Zi) > aBlJk11(Zi)] +

N: No] < exp(—Noél).

Unconditioning yields the desired result. m]

Note that |./\/'t(l)(x,a)| is constant over A;—;(z), i.e., |./\/t(l) (x,a)| = |./\/t(l) (w,a’)], for
all o’ € A¢—1(x), so we simplify notation by dropping the dependence on the action in
writing |./\/t(l) (x)] for |./\/'t(l)(a:,a)|.

Lemma A2: For z € Sy_1,

P(J1(2) = Jroa(@) + 6, N (@) = N) < | Alexp(~N), (18)

Proof. For x € Sy,

l
TP = min Qr(r,a)= min cr(za)=Jr() (19)
SO
~1) . (z
J = /\/ Jr(
71 (x) aeﬂlfhx){cT 1(z,a) + | a; 7 }
yENT (z,a)
Note that
{'T(Tl)_l(a?) > Jra(z) + 5}
. (z
= Jr(
Laclin g {oratoa) =Wl 3 0 arto}
ENI(w)(z,a)
o
> aejr;lnl(x) {CT_l(J), a) + aE[Jr(Xr(z,a))] + (5}}
¢ U {WP@raX srlw) > aBlr(Xr(r,0)] +6}.
a€Ar_1(z) yEJ\/( )(x,a)
Thus,
P (T 1) = Jroalw) +6, W<”<x>| > N)
< p( U {N(l 10" Jr(y) = aBlIr(Xr(z,a)] + 6, N (2)] N})
a€AT_1() ENI(w)(z,a)
< |Alexp(=N¢'),

10



the last inequality following from Lemma A1l’, proving (18). i

Lemma A3: For k € {2,3,....,T — 1}, x € Sk, and a € Ag(x),
P @) > Ju(@) + G W, (@)] = 7" ) < D, (20)

where Ci = (X1 015 + (N1 a8y,
and Dy, = [A|(Z5, " IS exp(~ 7’“ 7).
In particular, C; = A, 5 and Cr_; = 6.
Proof. We establish the result via backward induction. By (18) in Lemma A2, (20)
holds when &k = T — 1. Assuming that (20) is true when k =¢, t € {3,...,T — 1}, we
want to show that it holds when k =¢ — 1.

Recall that IV, lgl)(y) denotes the number of times state y is reached in period k over
all n sampled trees initiated by a;, and define the set

R =R () ={y e 8 N () 2 my* 1Y,

where explicit dependence on ~y is omitted for notational simplification, since it is fixed.
Ifye Rg), then state y was visited at least ny*~! times in period k.

From the definition of jt(l) given by (9) and (10), we have the following decomposition
for x € S;_1:
! . @ 1)
W) = g fo e A0S 10}
yEJ\/(l) (z,a)
R NO (2 70y
aeffl_?(@{ct 1(z,a) +| a >
ye/\ff“(x)mzi”
1 - 1
+WVO@ e Y TP (21)

yEJ\ft(l) (z,a)f‘ﬂéy’)

where the set complement is denoted using the overbar, and the intersection of a
multi-set and an ordinary set is assumed to be given by a corresponding multi-set. For
example, {1,1,1,2,3}N{1,3,5} = {1,1,1,3}. We now find bounds for each of the last
two terms in the decomposition given by (21).

By definition of R,(f), we have the following bound:

N (@) R = 30 NP UN () < myF ) < Do mt T = ISyt

yeS yeS

Thus, for x € S;_1 such that |./\/t(l) (z)] > ny'~1, we have

(1) O] ~
WO Y a0 < HEEERRLG e 500) < )
yENél)(I,a)mﬁil) |N ( )|

< adolSim! /(') < |8l (22)

Note that for a € A_1(x),y € M(l)(m, a) N Rgl), we have |'/\[f,(-l|-)1 (y)] > n~yt, and by
the induction assumption, (20) holds when k = ¢, so

P W) = T(y) + Cry € N (@,a) N RY)
< P(I"w = ) + € WD )] = mr') < Dy,

11



implying that

Pl U U 520 = L) +C)
a€Ai—1(7) ye NP (z,a)n R

[S]
< P(U{“” ) > Ju(si) + Co INY, (s i)|>mt})<|8|Dt, (23)

i=1

where we have enumerated all possible states as S = {s1,...,5s/}.

Hence, similar to the proof of Lemma A2, by combining (21), (22) and (23), we have

P(72(@) = Jea (@) + Co, N (@) = ')

P(UA{W @I Y 700) = aBlh(Xu(z.a)] + Cot }. N @) = ')

a€A;_1(x) ye/\/t(”(:c,a)
l — l l
- r( U W@t Y Pw+ Y Hw)
acAi—1(z) yENt(l)(x,a)ﬁﬁ,gl) yENt(l)(z,a)ﬂRy)
> aB[(Xi(w,0)] + Cia [N (@)] = n' 1) by (21)
P( U {IShh+WP@ e Y T 2 aBlL(Xi(za)] + Ce |,
a€Ai—1(x) ye/\/t(”(:c,a)ﬂRi”
N (@) = ny' ) by (22)
T l —
P( U {Ishh+Wl@I1 el Y () + )
a€Ai—1(x) yEN,,m(x,a)ﬂRgl)

> aB[J(Xa(w,a))] + Cor ), N (@) 2 m“) +[SID; by (23)

IA

IA

IA

l 1)
— (U {shdes BEEOORD 6 O S )
a€Ai_1(x) WV ()] yeN‘”(x,a)mR(”

> aB[J(Xi(z,0))] + Cit N @)] = ny' 1) + 181D,

< (U [T a0 zositino )
a€Ay_1(x) yeN " (z,a)
|A/t(l) (z)| > nfyt—l) +|S|Dy  (since 6 = Ci—1 — aCy — |S|'Y'70)
< |AJexp(~ny' ') +|S|Dy = Dy—; by Lemma A1, (24)
completing the induction. °

Similar to the proofs of Lemmas A2 and A3, we finish the proof of Lemma 3.2 by
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establishing (15), recalling that N (a;) = ./\/'2(1)(31317 a;) and [N (a)| = n:
P(U G,l >Qal)+AA/§}>

Cs

{ ZO‘ ) 2> aB[la(Xz(z1, @))] + Cl})

yeN (ar)

N
I
—

Cs

IN

ZaJQ )+ aCs + S Jo > aElJa(Xa(z1, a))] + cl}) + 18| D,
=1 yEN(az)

by (21),(22), (23)

{ Za,]g ) > aFE[Jo(Xa(z1, ar))] + (5}}) + [S| D2

1 yeN (a;)

Cs

u

T2
|A| exp(—nd’) + |S|Dy = Dy = | A] (Z |S|iexp(—n'yi5')> using Lemma Al. O

=0

~

IA
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