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Markov decision process (MDP) is a well-known framework for devising the optimal
decision-making strategies under uncertainty. Typically, the decision maker assumes a
stationary environment which is characterized by a time-invariant transition probability
matrix. However, in many real-world scenarios, this assumption is not justified, thus the
optimal strategy might not provide the expected performance. In this paper, we study the
performance of the classic value iteration algorithm for solving an MDP problem under

nonstationary environments. Specifically, the nonstationary environment is modeled as a
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1 Introduction

1.1 MDP. The theory of MDP aims to study optimal
decision-making processes under uncertainty. It is widely used in
economics, engineering, operation research, and artificial intelli-
gence. In an MDP setting, there is a controller which interacts
with its environment by taking actions based on its observations at
every discrete-time step. Each action by the controller induces a
change in the environment. Typically, the environment is
described by a finite set of states. An action will move the envi-
ronment from the current state to some other states with certain
probabilities. Associated with each action in each state is a reward
given to the controller. The goal of the controller is to maximize
the expected cumulative reward or average reward over some
finite or infinite number of time steps by making sequential deci-
sions based on its current observations.

It is not difficult to find many applications of the MDP frame-
work. A classic application of MDP is the warehouse example in
operation research. In this setup, a company’s business is to buy
and sell a number of merchandizes. To operate smoothly, it uses a
warehouse to store the merchandizes, which allows shipments to
the buyers promptly. Everyday, it has to make the decision on
how many and which items it should buy and store in its ware-
house subject to the uncertainty of the market demands. Buying
too many items would incur high storage costs while buying too
little would run the risk of not having the items ready for shipping
and thus reducing profits. The MDP framework enables the com-
pany to decide on the optimal action, i.e., how many and which
items it should buy on a given day in order to maximize the
expected cumulative reward, i.e., its profits over a month, a year,
or indefinitely. Naturally, the optimal action should base on the
environmental states, i.e., the current status of different items in
the stock and the current market demands.

A solution of an MDP problem is an optimal policy. A policy/
decision rule is a mapping from the states to the action. The opti-
mal policy would produce the maximum expected cumulative
reward. For the infinite-horizon MDP models, to be discussed sub-
sequently, there are a number of classic algorithms for finding
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sequence of time-variant transition probability matrices governed by an adiabatic evolu-
tion inspired from quantum mechanics. We characterize the performance of the value
iteration algorithm subject to the rate of change of the underlying environment. The per-
formance is measured in terms of the convergence rate to the optimal average reward.
We show two examples of queuing systems that make use of our analysis framework.
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such optimal policies. These algorithms include value iteration
[1], policy iteration [2], and linear programing [3,4], which all are
based on the Bellman equations [1,5]. Also, all assume a station-
ary policy, i.e., a policy that does not change with time. This
assumption is justified as it is well-known that for a stationary
environment, there exists an optimal policy that is also stationary.
Fundamentally, the MDP framework relies on the assumption that
a given policy will induce a stationary dynamics on the states.
Moreover, the state changes are characterized by a time-invariant
transition probability matrix P.

1.2 Nonstationary Environment. For many real-world sce-
narios, this assumption is not justified, thus the optimal policy
might not provide the expected performance. In this paper, we
study the performance of the classic value iteration algorithm for
solving an MDP problem under nonstationary environments. Spe-
cifically, the nonstationary environment is modeled as a sequence
of time-variant transition probability matrices governed by an adi-
abatic evolution inspired from quantum mechanics [6-9]. For-
mally, the transition probability matrix P¢ at time step i induced
by decision rule d is determined by

Pl = ®())P§+ (1 - ()P, vd 6))
where P and P{ are the transition probability matrices induced
by the decision rule d at time step 0 and oo, and ®@(.) characterizes
the rate of change of the system with ®(0) = 1 and ®(c0) = 0.
The decision rule will be formalized in Sec. 2.

The above transition model can be applied in two interesting
scenarios. In the first scenario, P¢ models the actual dynamics of
the underlying nonstationary environment under the decision rule
d at step i. In other words, the environment is initially character-
ized by P¢, then its dynamic is characterized by ®(-) and con-
verges to P;’ according to ®(-). In the second scenario, the
environment is assumed to be stationary and is characterized by
P;’. However, the estimation of the environmental parameters
is initially inaccurate and thought to be PZ. Thus, the
actions/decisions are made based on inaccurate knowledge of the
environment. Over time, the estimations of the environmental
parameters become increasingly more accurate, i.e., P¢ getting
closer to P¢. Therefore, using an MDP algorithm such as value
iteration will eventually produce the optimal solution due to
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increasing accuracy. Over time, the decisions are closer to the
optimal ones and eventually converge to the optimal policy. How-
ever, we characterize the performance of the value iteration algo-
rithm subject to the rate of change in the environment as
characterized by ®(-). The performance is measured in terms of
the convergence rate to the optimal average reward. We present
two queuing system examples illustrating the two scenarios above
that make use of our analysis framework.

1.3 Related Work. A learning scheme in varying environ-
ment is presented by Szita et al. in Ref. [10]. This work introduces
the concept of ¢ -MDP where at each step, the transition matrix is
perturbed by small noise bounded by ¢ around a base MDP. It
shows that the value iteration algorithm for ¢ -MDP converges to
a suboptimal value which is ¢-close to the optimal value, where
0 o &. In addition, the paper shows that Q-learning can return a
suboptimal decision rule/policy in varying environments. On the
other hand, in this paper we consider the change in transition
matrix (environment) in adiabatic settings, which is characterized
by a nonincreasing function ®. Given the function ®, we show
that the value iteration algorithm converges to the optimal value
of the final MDP (base MDP), derive bounds on the convergence
rate of the value iteration algorithm, and therefore can predict its
stopping time.

The adiabatic evolution was first studied in quantum mechanics
by Born and Fock [6]. They provided a first important adiabatic
theorem for unitary matrices. Basically, the theorem shows that in
the evolution from the initial Hamiltonian to the final one, a sys-
tem converges to the ground state of the final Hamiltonian after a
long time. Recently, another type of adiabatic theorem in Markov
chain was presented for linear evolution by Kovchegov [8] and
for general evolution by Bradford and Kovchegov [9]. In Ref. [8],
the adiabatic time of a time homogeneous Markov chain with lin-
ear evolution, which is the chain’s mixing time, is shown as an
order of the square of the mixing time of the final transition ma-
trix. Generally, Bradford et al. showed that the stable adiabatic
time, which is a general concept of adiabatic time, is an order of
the maximum mixing time to the power of four [11]. The idea of
applying adiabatic evolution to partially observable MDP is men-
tioned in Ref. [12].

For queuing application, an adiabatic approach to analysis of
adaptive queuing policies was proposed in Ref. [13]. It shows that
for continuous-time queuing systems with arrival rate estimation,
the queue converges to the final distribution after a long time with
high probability. It also evaluates the adiabatic time for the queu-
ing system. In our work [14], an MDP in nonstationary environ-
ments is modeled as a sequence of time-variant transition matrices
governed by adiabatic evolution. The convergence rate of the
value iteration algorithm is partly evaluated.

1.4 Our Contribution. In this paper, we study the MDP in
nonstationary environment modeled as an adiabatic evolution.
Specifically, the convergence of value iteration algorithm is eval-
uated by an upper bound on the distance between the actual aver-
age reward in value iteration and the optimal average reward. As
a result, we can derive the necessary time for the value iteration
algorithm to get e-close to the optimal one. Application to an M/
M/1/K continuous-time queue with estimated arrival rate and a
discrete-time queue with changing arrival rate is shown to verify
the results.

Section 2 provides some background on the theory of MDP and
value iteration, which are necessary for the development of our
results. In Sec. 3, we formulate the problem in terms of the dis-
tance from the average reward to the optimal one using value iter-
ation algorithm under changing environment. The theoretical
results on the convergence rate of adiabatic value iteration algo-
rithm are also presented in this section. Section 4 formulates adia-
batic MDP for two examples of queuing systems based on the
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theoretical results. Finally, some conclusions and future work on
noisy stochastic matrices are provided in Sec. 5.

2 Mathematical Preliminaries

In this section, we present some definitions, notations, and
some propositions for stationary environments.

2.1 MDP

2.1.1 Definitions. A typical discrete-time MDP represents a
dynamic system and is specified by a finite set of states S, repre-
senting the possible states of the system, a set of control actions
A, for each state s € S, a transition probability matrix PSS/, and
a reward function r. The transition probability specifies the dy-
namics of the system whose each entry P;=P (s = jls, =
i,a, = a) represents the conditional probability of the system
moving to state s,;; = j in the next time step after taking an action
a in the current state s,=1i. The dynamics are Markovian in the
sense that the probability of the next state j depends only on the
current state i and the action @ and not on any previous history.
The reward function r(s, @) assigns a real number to the state s
and the action a, so that r(s, a) represents the immediate reward of
being in state s and taking action a. A policy n = {d,,d,,...} is a
sequence of decision rules. Each decision rule d, is a mapping
from states to actions at each time step: d; : S — A and induces a
corresponding transition probability matrix, where A = UscgA;.
The policy = is called stationary if its actions depend only on the
state s, independent of time, i.e., n = {d,d,d,...}. A stationary
policy induces a time-invariant transition probability matrix.
Every policy = is associated with a value function V" (s) such that
V7 (s) gives the expected cumulative reward achieved by = when
starting in state s.

Let IT be the policy space. It can be MD (Markovian and deter-
ministic), HD (history dependent and deterministic), MR (Marko-
vian and randomized), or HR (history dependent and randomized)
[5]. Clearly, IT™™P c ITM® c I and TP ¢ TP ¢ IR,
Moreover, for each 7 € IT"P, s € S, there exists a 7’ € ITMP such
that their transition matrices are the same [15]. Therefore, we only
consider Markovian deterministic policy.

DErINITION 1 (unichain MDP). An MDP is unichain if the transi-
tion matrix corresponding to every deterministic stationary policy
consists of a single recurrent class plus a possibly empty set of
transient states.

The solution to an MDP problem is an optimal policy ©* that
maximizes the expected cumulative reward over some finite or in-
finite number of time steps. The former and latter are termed
finite-horizon MDP and infinite-horizon MDP, respectively. An
infinite-horizon model has two typical forms of reward functions:
the discounted and the average reward functions. The discounted
reward function is defined as

Viis(s) = E"{Z o'ri(se, ar) } )
t=1

where 0 < oo < 1 denotes a given discount factor that provides
convergence of V*(s), but also carries the notion of discounting
the future reward, i.e., putting less emphasis on the rewards in the
far future than those in the near future. The average reward func-
tion is defined as

Ve (s) = lim 2 3)

ave N—oo N
N
where Vi (s) = ET[> ., r(s, ar)].
For discounted reward function with discount factor
0 < a < 1, Puterman [5] showed that the convergence of value

iteration for discounted reward function is controlled by function
o, from which we can easily find the convergence rate. Therefore,
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in this paper, we only consider the average reward function crite-
ria presented in Appendix A.

2.1.2  Span Seminorm. The span seminorm sp(v) of a vector v
is used to evaluate the convergence rate of value iteration for
MDP using average reward criterion [5] (see Appendix B for defi-
nition and properties of span seminorm).

ProrosiTiON 1. Let v € V and d € D, where D is the set of deci-
sion rule [5], then

sp(P™v) < Sasp(v)

where delta coefficient 6, =1 — minsyuegxszjesmin{Pd(j|s),
P(jlu)}, and P* is the transition matrix corresponding to the de-
cision rule d.

Furthermore, 0 < 64 < 1, and there exists a v € V such that
sp(P1v) = S45p(v).

2.1.3 Value Iteration. The value iteration algorithm is an iter-
ative algorithm for finding an ¢-optimal policy for the infinite-
horizon MDP. More precisely, given an ¢, the value iteration
algorithm guarantees to produce a reward value within an ¢ of the
optimal value. The key to the value iteration algorithm is that
each step of the algorithm can be viewed as applying a contracting
operator L on v. Running the algorithm iteratively, or equiva-
lently, applying the operator L repeatedly, will guarantee that v
will converge to the optimal value based on Bellman equation.
Specifically, for a unichain MDP, at each iteration n, we have:
Va1 = Lv,, where L is defined as Lv = maxycp{r? + P?v}, and 4
and P¢ denote the reward and the transition probability matrix
induced by the decision rule d. The pseudocode for the value iter-
ation algorithm with average reward objective is shown below.

DerINITION 2 (the value iteration). The algorithm for the value
iteration with average reward criteria is shown below [5]:

(1) Choose any initial reward vector vy, for a given ¢ > 0. Let
n=20.

(2) For each s€S, we have: v,ii(s) = maxuea{r(s,a)
+2_jespUls; a)va(j)}-

(3) Increasing n until  sp(vpy1 —vn) < &, then choose:
d; € argmax{r(s,a) + > s (jls,a)va (/) }

where sp(v) is the span seminorm of vector v.

We note that the ¢-optimal policy approaches to an optimal pol-
icy as ¢ reduces to zero when the number of iterations becomes
infinity.

DerFINITION 3 (gamma coefficient). The gamma coefficient is
defined as follows [5]:

y=  max {1—Zmin{pmxa),pcﬂs',a')}

seS.acA; s'€S,adcAy =

Easily, we can see that the gamma coefficient is an upper bound
of the delta coefficient d, for all decision rule d. Therefore, from
Proposition 1, we have the following proposition:

ProrosITION 2. Let v € V and d € D, where D is the set of deci-
sion rule, then

sp(Pdv) < sp(v)

ProposiTioN 3 (convergence of value iteration). For unichain
MDPs [5], we have

Sp(vn+2 o vn+l) < ysp(v”“ _ V”)
where Y= n'laXsESﬂGA1 S'eSacAy [1 - Z/gsmin{p(i‘s7a)7p(i|sl7a/)}]'

Then, if y < 1, the value iteration algorithm will stop after a finite
step n.

3 Adiabatic MDP

This section formalizes the adiabatic evolution and provides the
necessary background for performance study of value iteration
algorithm in nonstationary setting.

Journal of Dynamic Systems, Measurement, and Control

3.1 Preliminaries on Adiabatic-Time Evolution. We intro-
duce adiabatic-time framework to model nonstationary environ-
ments. The initial adiabatic setting was first described in quantum
mechanics by Born and Fock [6]. Recently, the adiabatic setting
for both discrete-time and continuous-time Markov chain was pro-
posed by Kovchegov [8], which is shown below:

P; = ®(i)Po + (1 — ©(i))Pr

= Py + O(i)(Py — Py) S

where Pg and Py are the initial transition matrix and the final tran-
sition matrix, respectively. P; is the transition matrix at time i.
®(-) is a function to characterize the adiabatic evolution such that
D(i) : [0,400) — [0, 1], ®(0) = 1, and lim;_,, (i) = 0.

Because of the properties of ®(-), we have: lim;_...P; = Py. For
each application, we have different ®(-) function. In this paper,
we suppose that @ is given.

The following propositions and corollaries are needed for the
development of convergence of value iteration with adiabatic
setting.

ProposiTioN 4 (the bound on gamma coefficients). Given
Pi = ®(i)Py + (1 — ®(i))Pr, ®(i) € [0,1]

7 < O(i)pg + (1 — (i)

Proof. See Appendix C for details.
CoROLLARY 1. Given P; = ®(i)Py + (1 — ®(i))P; with nonin-
creasing function ®(i) > 0, ®(i) € [0, 1] for any ny < i

7 < max(y,,, ) (5)

Proof. See Appendix C for details.

Note that one way to ensure that 0 < y < 1 is that for each deci-
sion rule d, there exists a column of the corresponding P having
all positive entries.

3.2 Problem Formulation

3.2.1 Adiabatic MDP Model. Typically, the value iteration
algorithm is used to find an ¢-optimal stationary policy in an off-
line manner using a number of iterations, assuming a stationary
environment such that every stationary policy 7 induces a time-
invariant transition probability matrix. The resulting policy is then
used in an online manner with the assumption that the environ-
ment is stationary and governed by the time-invariant transition
probability matrices in the value iteration algorithm. In this paper,
we study an adiabatic MDP setting, in which we assume that the
“environment” is no longer stationary. Instead, it might change at
every iteration of the value iteration algorithm, resulting in a
sequence of time-variant transition probability matrices under a
stationary policy. The precise meaning of the environment will be
clear shortly.

Instead of running the value iteration algorithm offline to find
an ¢-optimal policy, we apply the decision rule found after each
iteration immediately and repeatedly in an online manner. Our
goal is to determine how good the reward is for such a scheme.
The analysis of such a setting is useful in the rapidly changing
environments where decisions must be made quickly. Unlike the
classic MDP setting where for each decision rule d, there is a
time-invariant transition probability matrix P?, in our setting, for a
fixed decision rule d, there is sequence of time-variant transition
probability matrices

P{ = ®(i)P§ + (1 — ©(i))Pf

’ , ©)
=P/ +®(i)(P§ - P}), Vd

where @ is a function such that
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@(i) : [0, +00) — [0,1], ®(0) = 1, lim D) =0 (7

1—00

®(-) characterizes the change in the environment at the iteration i
of the value iteration algorithm, and P;’ is the induced transition
probability matrix due to the decision rule found at the iteration i
of the value iteration algorithm. A slowly changing ®(i) implies a
slow change in the environment. We note that the notion of opti-
mal reward is not well defined if the environment fluctuates arbi-
trarily. Thus, in the model above, we assume that the environment
will approach to a final stationary environment characterized by
P! to ensure a well-defined reward. This can be seen as
lim; ., P{ = P{. In this paper, we also assume that the function
@(-) is the same for all decision rules d as seen in the example
below.

A simple example. Consider a discrete-time queue with size
K=2.Let p and g be the probabilities that a packet arrives and
departs the queue, respectively. The state-space is S = {0, 1,2}.
The action is the value of ¢. For this queue, the transition
matrix is

1 —p(l—gq) p(1—q) 0
P=| ql-p) pg+(1-p)(1-¢q) p(l-q)
0 q(1-p) 1 —q(1-p)

If we let p change over time following the rule:
pi = ¢()po + (1 — ¢(i))ps, where poandp, are the initial and
final arrival probabilities, respectively. Since each entry in the
transition matrix is a linear function of p, for any decision rule d
which is a mapping from state-space S to a set of values of ¢,
the transition matrix is changing following the rule
P¢ = ®(i)Pd+ (1 — (I)(i))P}’f, where @(-) = ¢(-). Note that the
function ®(-) is the same for all decision rules d.

We now articulate a bit more on the meaning of the environ-
ment. Note that the induced P¢ depends on both actions and envi-
ronments. Therefore, a change in the environment implies
possible changes in the underlying environments, or the set of
actions, or the combination of both over time. For example, let us
consider a queuing system in which the controller attempts to
send packets (actions) at some varying rates based on the number
of packets in the queue in order to maximize a given reward. In
one scenario, we assume the traffic arrival rate at the queue
increases steadily from a initial rate of /y to a final rate of . As a
result, Pf‘l varies as the underlying environment changes over
time. In another scenario, the arrival rate of the packets remains
the same, however, the controller has inaccurate estimation of the
arrival rate initially due to few observations. Consequently, it
makes the decision on what rate it should send based on an inac-
curate arrival rates, and P;’ characterizes the change based on its
decision rule d at iteration i. However, over time with more obser-
vations, its estimation of the arrival rate becomes more accurate.
Therefore, its decision rule approaches the optimal one for which
the state dynamic is characterized by P;’. We will discuss these
two examples in more detail in Sec. 4.

3.2.2 Convergence Rate of Adiabatic MDP. It is important to
emphasize again that the environment will be asymptotically sta-
tionary corresponding to an induced transition probability matrix
P¢ for any decision rule d. In addition, there exists an optimal de-
cision rule d* corresponding to a transition probability matrix P;’*,
which can be obtained when running the value iteration algorithm
under a stationary environment [5]. Importantly, running the value
iteration algorithm in an adiabatic setting for a sufficiently large
number of steps would produce the same optimal decision rule djif
as that of the classic value iteration algorithm and also the same
average reward g* (see Appendix A)

x _ poo.dr _ _d¥ df
§ =Pyri =mprie
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where by Cesaro mean, P = limy_ ., 1/NY N, (Pf“-'x)"*l =
d&r

f
7t
P
. o 2 e . o d;
lim,,_ oo (Pf )Y'=|Tp |, np, is the stationary distribution for P,
e
f
Tp

.
and e = [11...1]".

However, the convergence rates to this final reward g* are quite
different for the classic MDP and adiabatic MDP settings. One
would expect that the rate in the former setting would be faster
since the environment does not change, thus the value iteration
algorithm can learn faster than that of the latter. Therefore, our
primary focus of this paper is to characterize the convergence rate
of the value iteration algorithm in an adiabatic setting given the
dynamics specified by ®(-). Specifically, we want to find an inte-
ger N such that Vn > N

E=||" gl <e ®)
n

Note that the index n is both the step index in value iteration
algorithm and the time step. In other words, we run the value iter-
ation algorithm while the environment is changing. The reason for
this online manner is that it might take a long time to wait until
the environment is stable then run the classic value iteration algo-
rithm or the environment keeps changing.

The difference between the classic value iteration and the value
iteration in adiabatic setting is illustrated in Figs. 1 and 2. We can
see that, compared to the classic value iteration algorithm, the set
of transition matrix P, where we are looking for the optimal one,
is changing at every time step, i.e., also the step in value iteration
algorithm. In the value iteration in adiabatic setting, we apply the
same operator on different set of matrices at each step. Denote L;
as the operator L applied on the set of matrices at step i.

Finding N is not trivial. Therefore, we will provide a lower
bound on N which depends on ®@(-) as well as the set of all possi-
ble matrices P

3.3 Main Results

THeorREM 1 (main result 1). Consider a unichain adiabatic-time
MDP with S and A both finite, |r(s,a)| bounded by a number M.
Suppose 0 <y = max(y;,7,,) < 1, then

n—1 i—1

Vo, — Nog* 1
s I | ] EA R

i=ng k=ng

+YM|e+2 Z sp(vj) | AD;—i | Hyk

J=no+1 k=j
Set of P’s Set of P’s Set of P’s Set of P’s
| | | |
Operator L Operator L Operator L Operator L
v v 4 v
—v0 P1(d1) [=vi» P2(d2) [~v2» P3(d3) f——........—» Pn(dn) [=vn>
Fig.1 The classic value iteration
Set of P’s Set of P’s Set of P’s Set of P’s
at time at time at time at time
step 1 step 2 step 3 step n
I I I I
Operator L1 Operator L2 Operator L3 Operator Ln
¥ ¥ 4 ¥
—vO0» P1(d1) [=vi» P2(d2) [v2» P3(d3) pf—........—» Pn(dn) [=vn->

Fig.2 The value iteration in an adiabatic setting
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for —any no, where [[,_,()=1 if v<u e=37",
(sp(vj)|AD;_1]), 2Y = maxgep||[Po — Pr| .-
Proof. From Eq. (6), for any d € D we have

[P{ = PLLy| < |®(i) — @(i — 1)[|P§ — Py
< [@(0) — (i — 1)[|P§ — Pf| ©)
< 2Y|AD;_,|, where fixed 2Y = max |Po — Py
S

Consider E = ||(v,/n) — g*||

00
Vi "
E= — =8 ||x
n
*
|| Vn—ng
- - ||oc
n

n—1 ) ) % %
= Z(VHH —Vi— & > +Vno — no& Hoc
n n

i=ng

nii ’|Vi+1 —Vi— g*HOC + ano B nOg*Hoo
n n

i=ng

First, we bound ||vii1 —v;i — g%||. Let x; = argmax,ecg(viy —
vi) = argmaxes(Liv;i — Li—1vi—1) and y; = argminges(vip1 — vy)
= argminges(L;v; — Li—1vi—1). Let d; be the optimal decision rule
corresponding to the operator L;. Let d;_; be the optimal decision
rule corresponding to the operator ;. Let L/ be the operator that
we apply the = decision rule d: Ly =r? 4+ P%. Since
Liyvici(x) > L iy (xi)
Livi(xi) — Lioviet (%) < LOvi(xr) — L& visg (x;)

< (ra (%) + P{vi(x)) = (ra, (x0)

+ P vica ()

< PIvi(xi) = P v ()

< (PP =P i) + P (v = i) (x0)
Let o; =argmaxes(vi(s)),f; :argminses(v,-(s)),APf[i :P?’ —P?Ll.
We have: a=AP%v;(x;)=(AP% (x;,))vi=(AP (x;,-)) (vi—vi(B:)e)

where e=[11...1]" since P and P! | are the transition matrices,
then 3", (AP (x;,5))=0. Then,

a= Z AP (xi8)) (vi(s) — vi(B;))

sES
< D AP (xi,s) (vils) — vi(B)
AP (x;,5))20
< (i) =vi(B)) D> AP (xi,s))
AP,.d’ (x1,5))>0
1P = PPl

< (vi(ow) —vi(By) 2
< Y|A®;[sp(v;) since Eq. (9).
Then, we have
L,‘V,‘(X,‘) — L,;]V,;] (Xl') S YMS‘D(V,')|ACD[,1 ‘ + P:i'fl (V,‘ — Vi )(X,')
(10)

Similarly,

Livi(vi) = Licvie1 (3i) > —YMsp(vi)|AD;_y | + P (vi = vict) (1)
11

Consider b= P?LI(V[(X,') — Vi—1 (X,‘)) = P?LI(V[ — V,;])()Ci) S
vi(xio1) —vi_1(x;i—1) since x;_; = argmax,es(v; —vi_1). There-
fore, L,'Vl' (x,') — L,;]V,',] (X,') S YMSp(V,')|A(I),;1 ‘ -+ V,‘()Cl',l) —
Vi (}C,;] ) Slmllarly, Ll’V,‘ (yl) — Li,1 Vi (y,) Z —YMSP(V,')
[AD; 1| +vi(yi1) = vio1 (yi1)-
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Now, by keep on expanding, we have: v.(x) — v(x;) =
Love(o) = Leveer (x) S YM Y0 (sp)IAD; 1 ]) + (v () —
vi(x;)). Let t — oo, when t = oo, we know exactly P, and run
value iteration algorithm for it, we will have a reward received at
one time step lim, o (v11(x;) — v¢(x;)) = g* which is the optimal
average reward [5].

Therefore, g" <YM 3%, (sp(vj)|ADj—1]) + (vie1 (x:) — vi(xi))
for any i.

Similarly, we have:
(Vig1 (i) = vi(yi)) for any .

Denote ¢; = > .°, | (sp(v;)|A®;_,]), which represents the total
error from the time step i to oco. This error comes from the fact
that we use the inaccurate matrix at each time step instead of the
true one. Now, for any s € S

—YMe; — (viei (xi) — vi(xi)) + (Vi1 (i) = vi(yi)) < (viga (s)
—vi(s)) — g" < YMe; + (vig1 (xi) — vi(xi)) = (Vi1 (i) — vi(yi))

§=2-YM Z;C;i+1(sp(vj)\A¢>j,1 )+

Hence, if we use co-norm, we have

[[Vier =vi— g Ml SYMe;+ (vig1 (i) = vi(xi)) — (visr (1) —vi(yi)
<sp(vir1 —vi) + YMe;

Now, we bound sp(v;+1 — v;). Since Egs. (10) and (11), we have
sp(vigr —vi) = (Livi(xi) = Li—1vic1 (%)) — (Livi(vi) — Lic1vie1 (i)
S ZYMS.D(V,')|A(D,;| | +PldL1 (V,‘ — Vi1 )(Xl')
— P (vi—vi) ()
<2YMsp(v;)|AD;_4| —Q—manPfLI (vi—viz1)(s)
NS

- SEiSnP?ff (vi—=vic1)(s)

<2YMsp(vi)|AD; 1|+ sp([P /P ) (vi = vi )
<2YMsp(vi)|AD; 1| +p;_ysp(vi — vi-1)
(Proposition 2) (12)

where [P1/P2] denotes the stacked matrix in which the rows of
P1 follow the rows of P2. Based on Definition 3, the gamma coef-
ficient of the set of stacked matrices at time step i — 1 is at most
7i—1- Equation (12) is similar to Proposition 3 except there is an
error 2YMsp(v;)|AD;_|.

Since 0 < y; <y = max(y,,,7y) < 1,Vi > ny (Corollary 1), we
have

i—1
Sp(vi+1 - Vi) < H Vi Sp(vno+1 - Vno)

k=ng

i i—1

+2vM | > sp(vy) ||AD; | | [ 7e) | foralli > no

J=no+1 k=j
(13)
Then,

al|Vier — Vi — g*Hoc 12!

Z = 72[317(":41 — Vi) + YMe;]

i=ng n n i=ng

n=1 {|viep — v — g*Hoc 1 n—1 i—1

— < _Z Hyk Sp(vno+l - Vng)
i=ng n n i=ng k=nyg

+YM e; + 2 Z Sp(V]')|A(D];1‘

J=no+1
i—1
<\ 1w
k=j
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Therefore, we have a upper bound of A which is as follows:

i—1

Vpo — No0g
E<H no 0 H 4= Z H’yk SP(V;10+1_V'10)

1 no k=nyg

i i—1
+YM e +2 > spp)Ad || [ % (14)

Jj=no+1 k=j

Comments on Theorem 1. From Theorem 1, if we want to get an
integer N so that for n > N, E < ¢, we have to find out an ng so
that we can bound the last term in the right-hand side of Eq. (14).
If we can run value iteration algorithm until time steps ng, we
have some more information about the value vector v. Therefore,
we can get a good bound as shown in Theorem 2. Whereas, if we
are not able to run value iteration algorithm for some steps, we
have to find a general bound on all the terms in the right-hand side
of Eq. (14) as described in Theorem 3. As a consequence, we
obtain a looser bound on the left-hand side. We will see this in
Sec. 4.

Note that, in Theorem 1, we consider general function ®
while in Theorems 2 and 3, we consider positive nonincreasing
function ®.

THEOREM 2 (main result 2). Consider a unichain adiabatic-time
r(s,a)| bounded by a number M.
Suppose 0 <y =max(y;,7,,) < 1 and ®(i) is a positive nonin-
creasing function on [ngy, +00), then for

) + 2YM e"n ))
11—y

2 Sp(Vn +1 = Vn
n2max(no,g(||"no|‘oc+ i,«/ :
15)

we  guarantee:  E = ||(vyy/n) —g*||, <e where e =
Z, ,H(sp(vj) |A®D;_1]),2Y = maxsep||Po — Pyl o> is the
smallest integer sansjymg (2YM®(ng)/1 —y) < 1 and (sp(v,,o) +

P (a1 —ve) /1 = 7)0(m0) /(1 — 2YM®(no) /1 — ) < &/2YM.
Proof. By applying Theorem 1 with 7, we have

n—1 i—1

[Vny — 108l , 1
gl AP CTT Yspunes — )

i=ng k=ny

i—1

+YM | e +2 Z sp(vi) | AD;—1 | Hyk

J=no+1 k=j
< ano - nog*llm SP(Vag+1 = Vg
- " n(1—=7)
- ZYM e 42 Z ( Tsp(v)) | AD; 1\)
= =no J=no+1

since 0 < 9; <y = max(y,,, ) < 1,Vi > ng (Corollary 1).
Given ng, ||vylls and sp(v,,0+1 —vy,) are fixed. Let
Yi = Djmng1 (0 7sp(v) |AD;_1])). We have

o =0
Ynot1 = SP(Vuy11)ADy,
Yno+2 = VVno+1 + Sp(Vno+2)Aq)rro+l
Vo3 = Pnor2 + P (Vng43) ADyy 12

Yn = VYn—1 +5P(Vn)A(Di71

Then, (1—7) 3 7%, ¥ =25, (p()[A®_]) or 375,
yi=en/l—y

Now, we find conditions on no SO that
ny = D i nyr1 (5P(V)|A®;1[) < &/2YM. In order to do that we

061009-6 / Vol. 138, JUNE 2016

need to bound sp(v;) because we do not know sp(v;) ahead of
time when j > ng. By the triangle property of seminorm, we get

sp(vis1) < sp(vj) +sp(Vipr —vj)

< sp(vj—1) +sp(v; — vj—1) + sp(vjr1 — ;)
. (16)

J
< sp(vay) + ZSP(ViH —v)

i=ng
From Eq. (13), we have

sp(vig1 —vi) <2YM E sp(vj)|AcI)j71|y"*-/'

Jj=no+1
+ VF”OSP(VnOH - vno)
< 2YMyl + “/i_nUSP(Vn(]H - Vno)
Then, for all j > ny

J J
Sp(VjJrl) S AYP(VnO) + ZYMZ)G + sp(vno+l - Vng)z’yl_nu

i=ng i=ng
oo oo .
< 5p(Vig) + 2YMY it Sp (Vg = Vig) D 7"
i=ngy i=ng
sp(Vno+l - Vng)

e
§sp(v,,0)+2YMli°V+ 1

By plugging back into ¢,,, we get

o0

en = D (sp()|AG )
J=no+1
sp(v, —v 0
< <p(vnu)+2YM 6110" i D (Vig+1 : nU)) % Z |A(I)j1>
1=y 1= 7 J=no+1

SP(Vno+1 = Vn
< <p(vm,) +2YM - _y+ ( ‘;ly U))(D(no)

since ®(i) is nonincreasing, i > ng, then |[AD;_| = (i —1)
—®(j). In other words,

2YM®(n sp(v, -V
en (1 - : 7(3) 0)) < (Sp(vno) + P( no+1 no))cb(no)
Since lim;_ @ (i) = 0, then there exists ng so that
2YM®
ﬂ < 1
1=y

Then, we only need to run the value iteration until the following
condition is satisfied:

an

Sp(Vpg+1 — V.
(sp(v,,o) + ( ni - ”O))(I)(no) c
< <—
Cno = | M) o 1Y
_ 17—1/
Now, for n > ny
n—1
YMY e
Y [ e Bk U S =
- n 11—y n
1
4 ooym S
n 1—y
1 N SP(Vig+1 = Vny) e
SZ(HVMO*nOg Hoc+ (1'_? ‘ +2YM110')/
g
YM(n — o)
+ 2YM
n
1 Sp(vno+l - Vng) €ny &
<- — * 2YM —
,n(ano nOgHoc+ 17“/ + I,V +2
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Let 1/n(|[va, —n08"|lo +(sp(Vag+1—vn,) /1 _7)+2YM(eno/1 _V))
SS/2’ or n22/8(||v,,U—nog*||oo+(sp(vnn+1 _V"())/l_y)+
2YM (ey,/1—7)). Then, for all n>max(no,2/e(|[va, —n0g |l
+(p(Vng1 — Vo) /1 = 7) +2YM (e4,/1 — 7)), we guarantee E < &.

Comments on Theorem 2. From Theorem 2, if we run value
iteration algorithm until step 7, satisfying the conditions in the
theorem, then we can predict that number of steps necessary for
value iteration algorithm to ensure that £ < ¢. If running value
iteration algorithm to find ny is not satisfactory then in that case,
we provide an alternative on the upper bound without 7, as shown
in Theorem 3. However, this bound is looser then the bound in
Theorem 2.

THeoreEM 3 (main result 3). Consider a unichain adiabatic-time
r(s,a)| bounded by a number M.
Suppose 0 < y = max(yy, 7, ), 7 = max(y;,7) < 1, and ®(i) is a
positive nonincreasing function on [ny, +00), then for

> 2 (2noM + ol +—
}’l_8 no vOoc 1—"/
—

I—y

+({1+7) [M +0)" (SP(VO))] (19
—+

we guarantee: E = ||(v,/n) — g"||, <& where 2Y = maxgyep

[|Po = Pl 10 is the smallest integer satisfying
M €
L — w’("")sp(vo):| ®(ng) < M (20)
Proof. By applying Theorem 1 with n(, we have
|V o nog*|| 1 n—1 i—1
g =08 AP T Y spnger )
n ni:ng k=ny
i i1
+YM e +2 ) sp(v)|Ad | | [T
Jj=no+1 k=j
oy = gl 1P = )
- n n 1—9
A (a2 3 (Fwniae)
1 no J=no+1
We have
. -
Vi = 108" o < 17ty + P57 Vi1 =108 [l <11, — 7)1
Ay — *
1P (vag—1 = (10— 1)g")|
<N(ray =8 Mo +11(Vig—1 = (0 = 1)g") |
ny
<Dl =8 oo + [1vollc < 2000+ ol
=1

|
n—1
YM e

since 0 < |ry, |, 8" <M

and
SP(Vug+1 = Vng) = P(7a,, + Py Vg — Vi)
< sp(ra,, ) + sp(Pa,, vay) + sp(va,)
<M+ (1+9)sp(vu,)
Consider
sp(vi) = ( +P, vie 1)
< o0t
< [M +7y;1sp(vi-1)]  (Proposition2)
i—1 i
<M1+ Tvie| + [ Irie(sp(v0))
=1 k=1 k=1
m(i-o) ,
< lf/ + () (sp(v0)), wherey' = max (Yo, Jr)
21
Then,

Sp(vno-H - Vno) S M+ (1 + y)sp(v,,o)

M(1—()")

<M+ (1+7) -

+ ()" (sp(vo))

(22)
Let yi = 37,21 (7 7sp(v))|AD;_1])). Then 32, yi = ey, /1 =7
as shown in Theorem 2 proof. Now, we find conditions on 7y so

that €ny = Z/?imﬁrl (Sp(vj)lAq)./*l |) < (S/ZYM)
Since

sp(vy) < M(1—('Y) /1=y + (v'Ysp(w)
< (M/1 =) + /") sp(vo)

for all j > ny

(o] M (o @]
ey < Z (sp(v))|AD; 1) {i+ (y1)"°sp vo} Z (|AD;_4])

Jj=no+1 J=no+1
M
< I:l y/ y’(no)SP(V()):| D(ng) (23)
since ®(i) is nonincreasing, i > ng, then LA‘I)j,l\ =0(G—1)

—@(j). Easily, we can see (M/(1 =) + 7™ sp(vo) is bounded.
Therefore, there exists ny so that e, <[M/1—
+7/0)sp(vg)|@(no) < &/2YM. Then for all i> np, e; < ey,

< &/2YM. Now, for n > ny

E< [[Viy — 108"l lsp(v"!l“ ~ Vo) i=no +12YM6¢
n 1—v n n -y
, (1 — ( )ng) o &
. M+ (1+47y) ?‘5‘(/) (sp(vo)) YM(n —no)=v—
< 200 + fIvoll, + L - + M
n 11—y n
_M 1 _ (v/)ﬂn , ]
| M+ (1+7) (lfy/)+ ()" (sp(v0))
<\ 20nM L . :
< | 2000+ ol + = .
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Let 1/a((M + (1 +9)[M(1 = ()")/1 ="+ (') (sp(vo))]/1 =
7) 4 20M + [[vol| + /1 =) < (¢/2), or

n>2/e2noM +-||vol| o + (e/1—=7) + M+ (1+7)[M(1—(y")")/
L=y + ()" (sp(v))]/1=7).

Then, E < &.

Comments on Theorem 3. From Theorem 3, we can predict the
number of steps necessary for the value iteration algorithm to
ensure that £ < ¢ without running value iteration algorithm for a
while. This is useful for some applications that we would like to
have a prediction in advance although the prediction might not be
good. Note that Egs. (21) and (22) together show the existence of
ng in Theorem 2.

According to Ref. [16], the delta coefficient of a matrix is an
upper bound of the second largest eigenvalue modulus (SLEM)
2*. Thus, the gamma coefficient is also an upper bound of 1*.
Then, the term 1/1 — y is a upper bound of the relaxation time
e =1/1 = 2" of P}‘;’ for all d € D. Moreover, the relaxation time
is proportional to the mixing time of P;’ or the convergence rate of
the corresponding Markov chain [17]. Therefore, in any of the the-
orems above, the convergence rate of the adiabatic-time MDP is
proportional to the convergence rate of a Markov chain with P, .
This is reasonable to the intuition that when n approaches infinity,
the environment stops changing and the value iteration process
becomes a Markov chain with the decision rule d.

4 Application of Adiabatic MDP: Queuing Systems

In this section, we apply the previous result to a continuous
queuing system with estimated A.

4.1 Queuing Theory Basics. Queuing systems are used in
many applications in engineering and management, such as trans-
ferring packets over a network, waiting line of customers, etc.
[18-20]. A queuing system typically includes a queue and one or
many servers as seen in Fig. 3. It is characterized by the arrival

rate 4 (of packets or customers), the service rate u (of packets or
customers), the number of servers, and the system’s size.

For continuous-time queuing system, the arrival process to the
queue is modeled by a Poisson process with the arrival rate 4. The
arrival rate A could be known or estimated by taking the average
number of arrival packets per unit time. Similarly, the service or de-
parture process is also modeled by a Poisson process with the service
rate ¢. The arrival sequence and departure sequence are independent
or Markovian. In this paper, we consider queue with only one server.
According to Kendall’s notation, this queuing system is called
M|M|1|K, where the first M stands for Markovian arrival process,
the second M stands for Markovian departure process, 1 is the num-
ber of server, and K is the size of the system including 1 in the server
and K — 1 in the queue. This queuing system can be modeled as a
continuous-time Markov chain with transition matrix in time interval
t: P' = 2", where Q is the generator matrix [21,22]

- A 0 0
poo—(u+i) 2 0
0 o o—(u+4a) A
0 0 I —u

For the discrete-time queuing system, time is divided into small
discrete-time slots. Suppose the time slot is small enough that at
most one packet can come in. Then, the arrival process can be
modeled as a Bernoulli process with parameter p defined as the
probability of one packet arrived in a time slot. This probability
could be changed over time due to the network’s environment or
the source. Similarly, the departure process is also modeled as a
Bernoulli process with parameter ¢ which is the probability that
one packet is served and departs the queue. In this paper, we also
consider the discrete-time queuing system with only one server
and system’s size K. This queuing can be modeled as a Markov
chain with tridiagonal transition matrix as follows assuming that
if there is no packet in the queue, a packet coming in will be
served immediately:

1—p(l—q) p(1—q) 0 0
q(1=p)  pg+(1=p)(1—-q) p(l—gq) 0
P=
0 q(1=p) pg+(1-p)(1—-q) p(l—q)
0 q(1-p) 1—¢q(1-p)

A more general analysis of discrete-time queuing system could be
found in Ref. [23].

4.2 Application to Continuous-Time Queuing System
With Arrival Rate Estimation

4.2.1 MDP Formulation for Continuous-Time Queuing
System. Consider an M|M|1|K queue with fixed arrival rate A
which is unknown. We estimate A at time iAt denoted as A; and

u

—O —

Fig.3 Queuing systems
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decide packet departure rate, y; = f (j,) based on this estimate as
follows:

s 1
A :E;Xk
o =1(0) = (1+ B

where X; ~ Poisson(/A¢) is the number of packets in the kth slot
of duration Az, and f; > 0 is an action we choose from a set of
constant numbers. The goal is to find the departure rate that maxi-
mizes the reward. Intuitively, high departure rate incurs high costs
(high power consumed) and low departure rate may lead to over-
flow [24]. We define the state s as the number of packets in the
queue; therefore, s € S = {0,1,2,...,K — 1,K}. Let d be the de-
cision rule which is a mapping which maps each state to a value

Transactions of the ASME

920z Aeniga4 £ uo Jasn Aysiaalun sjels uobaio Aq 4pd 600190 90 8EL SP/092ZZ19/600190/9/8€ L /4pd-aloie/swalsAsoiweukp/Bio swse uonos|joofelbipswse//:dpy woy papeojumoq



of f; or B;(s) =di(s). The generator matrix in time interval
(iAt, (i + 1)Ad] is shown as follows:

Note that at each time step, we have different Q; since the arrival
rate is estimated over time. The corresponding transition probabil-
ity matrix P(iAt, (i + 1)Ar)

—2i Ai 0 0
=+ ) A 0
Wi =+ A) A P: = P(iAt, (i + 1)Ar) = 24 (25)
0= 24
0 Wi =+ 4) A
0 0 u, > where
-1 1 0 0
L+ A1) =2+ A1) 1 0
0-i| - ) . :
0 L+ B(K—1) —(2+Bi(K—1)) 1
0 0 1+ Bi(K) —(1+ Bi(K))
| 55 : \ : : .
! Estimated A
Suppose f € [0, 1]. If we only care about the delay of packets in “ - = = Upper Bound
the queue and the cost of high serving rate, we can set and normal- sorv == Lower Bound ||

ize the reward function: r(s,f)=—-M(s— (K)ﬁ)z/maxx,/;
(s—KB)> or we can define the cost function:
c(s,f) =M(s — K[)’)z/maxs,,;(s — Kp)*. In this reward function,
for a value of s, the cost is high if we use either too high departure
rate (high cost) or too low departure rate (overflow cost). Since
s € [0,K], we have to scale € [0, 1] by K.

4.2.2  Simulation Results. Let Z; = 22:1 X ~ Poisson
(iAAt),E[Z;] = VAR[Z;] = i2At. By applying Chernoff’s bound,
we get

(eil. At)(1+a,)[/".At
((1 + al_)l-/lA[)(H—a,)i/lAr

P(Z; > (1 + a)idAr) < ! =78)

Since (A0 (i Ar) T 1 (1 4 a;)idAr) T s 2 decreas-
ing function and approaches 0, when a; > 0. Therefore, given a
small o, we can find a; = f(iAAr) which is a decreasing function
of i so that e (eiJ Ar) T 1((1 4 a)id A 1T < 5 and
lim_ooa; = 0. Then, P((Z;/iA,) > (1 + a;)1) < aor

P > (14a)l) <«

Therefore, with probability o, we have /f,v > (1 4+ a;)A. Similarly,
with probability «, we have 4; < (1 — b;)/ where b; > 0 can be
calculated using the Chernoftf’s bound. Both «; and b; tend to O
when i reaches infinity. Overall, with probability 1 — 2a, (1 — b;)
A < 24 < (14 a;)A This is illustrated in Fig. 4.

To use a decreasing function ®(-) for queue, we consider the
cases where /; follows the upper and lower bounds on 4; above to
model the dynamic of P; in Eq. (25), ie., 4 = (1 +a;)4 and
A = (1 = b;)A, respectively. These are two worst cases for /;
with probability 1 — 2. We know that P; = Py + ®(i)(Po — Py),
hence

‘P’_Pfloc:q)(l”PO_Pf‘oc

or ®(i) = |P; — Pf|../|Po — Pf|,, can be computed in term of g;
or b;, respectively.

Since a; and b; decrease to 0 when i tends to oo, ®(i) decreases
to 0 from ®(0) = 1. Therefore, ®(i) is a decreasing function satis-
fying our conditions on ®(i). We now show the bound on the av-
erage reward provided by Theorems 1 and 3 applied to the
following scenario.

Simulation Scenario 1: Let ¢=0.01,A=40,A, = 1,0 =
0.1,M =1,K =10, A ={0.2,0.4,0.6,0.8}, vy = Oe.
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Fig. 4 An example of estimated /i and it bounds for actual
A=40

09 1

06 1

0.4 1

0.3 b
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0 2000 4000 6000 8000
i (time step)

10000

12000 14000

Fig.5 The ®(-) function for simulation scenario 1

_ Now, we consider the upper bound as the estimated arrival rate
4i = (1 + a;A). The function ®@(-) is shown in Fig. 5. From Theo-
rem 2, we obtained ngp = land N = 29. From Theorem 3, we
obtained ny = 58 and N = 23, 870. We can see that the value of N
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— — = Actual Distance
— Upper Bound | |
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-16r
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Distance (log)
N
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n (time step)

Fig. 6 The actual distance and its upper bound for ii= (1+aj)
from Theorem 2 (simulation scenario 1)
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Upper Bound
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Distance (log)

-551 T~ ]

n (time step) x10°

Fig.7 The actual distance and its upper bound for i; = (1+a;)J
from Theorem 3 (simulation scenario 1)
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Fig. 8 The actual distance and its upper bound for i; = (1—b;)4
from Theorem 2 (simulation scenario 1)
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Fig.9 The actual distance and its upper bound for Z; = (1—b;)4
from Theorem 3 (simulation scenario 1)

Table1 The optimal decision rule for continuous-time queuing
system example

State 0 1 2 3 4 5 6 7 8 9 10

Action 02 02 02 02 04 04 06 06 08 08 08

from Theorem 2 is much better than the value from Theorem 3 as
expected.

Figures 6 and 7 show the actual distance to the optimal reward

obtained from the value iteration algorithm and its upper bound
by Theorems 2 and 3, respectively. As seen, they are well corre-
lated with each other.
_ Similarly, for the lower bound on estimated arrival rate
A = (1 = b;)/, we have np =2andN = 16 from Theorem 2 and
ny = 88and N = 35,925 from Theorem 3. As anticipated, the
results from Theorem 2 are better than ones from Theorem 3.

The actual distance and its upper bound for each theorem are
shown in Figs. 8 and 9. As seen, they are also well correlated with
each other.

From both value iteration for nonstationary environment with
adiabatic-time setting and value iteration for stationary environ-
ment, we have the optimal decision rule as shown in Table 1. The
optimal average reward g* = —0.0235. We can see that the opti-
mal policy is reasonable since we need high departure rate for
high queue occupancy and vice versa.

4.3 Application to Discrete-Time Queuing System

4.3.1 MDP Formulation. In this section, we show a simple
example illustrating the application of our framework to the time-
varying underlying environments. Specifically, we consider a
discrete-time queuing system of size K =2.

Assume at each time step, there are probabilities p and ¢ that a
packet will be arriving and departing the queue, respectively. In
this case, the state-space S = {0, 1,2}, the time-varying environ-
ment is described by changing the values of p over time, while the
action is the value of g. The transition matrix has the following
form:

1—p(l—gq) p(1—q) 0
P=1| q(1-p) pe+0-p)1-q) p(l-q)
0 q(1—p) 1—¢(1-p)

Because all the entries in the matrix P are linear functions of p, if
we set p; = ¢(i)po + (1 — ¢(7))py to model the change in the
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Table 2 The reward r(s, a) for discrete-time queuing system

A
(s, a) 01r 02 03 04 05 06 07 08 09
s 0 09 08 07 06 05 04 03 02 0.1

,_.
(=)
i
e
to
(=]
(98]
(=)
~

. . . 05 04 03 02 0.1
01r 02 03 04 05 06 07 08 09

=17 T T T T T T
= = = Actual Distance
Upper Bound B

=21r

Distance (log)
N
N

,2'3 = 4
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24 LN N . 4
N
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Fig. 10 The actual distance and its upper bound from Theorem
2 (simulation scenario 2)
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Fig. 11 The actual distance and its upper bound from Theorem
3 (simulation scenario 2)

arrival rates, then: P; = ®(i)Py + (1 — ®(i))P; where (i) =
¢ (i) for all i. Note that ®(-) satisfies the conditions for the adia-
batic setting. For the reward function, when the number of packets
s is small, we should not use high serving rate. Whereas, when the
number of packets s is large, we have to use high serving rate to
avoid overflow. Therefore, we choose the reward function as
shown in Table 2.

4.3.2  Simulation Results. To examine the theoretical results,
we run simulation using the following parameters:

Simulation Scenario 2: Let ¢ = 0.01,pg = 0.4,py = 0.6, (i) =
1/i+ 1,v9 =0e,A ={0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}.

Journal of Dynamic Systems, Measurement, and Control

Table 3 The optimal decision rule for discrete-time queuing
system example

State 0 1 2

Action 0.1 0.5 0.9

From Theorem 2, we obtained ny = 17and N = 164. From
Theorem 2, we obtained ny = 811 and N = 512,509. Once again,
the results from Theorem 2 are better than ones from Theorem 3.
Figures 10 and 11 show the simulated distance to the optimal
reward obtained from the value iteration algorithm and its upper
bound from Theorems 2 and 3. As seen, they are very correlated.

From both value iteration for nonstationary environment with
adiabatic-time setting and value iteration for stationary environ-
ment, we have the optimal decision rule as shown in Table 3. The
optimal average reward g* = 0.7185. We can see that the optimal
policy is reasonable since we need high departure rate for high
queue occupancy and vice versa.

5 Conclusions and Future Work

We provide an analysis framework for studying the value itera-
tion algorithm under the adiabatic setting. We provide theoretical
bounds on the convergence rate of the value iteration algorithm
with the average reward objective. Specifically, our work provides
a lower bound on the number of time iterations in the value itera-
tion algorithm needed in order to ensure that the resulting policy
produces an average reward that is ¢-close to the optimal average
reward value. In the future, we can apply these results to noisy
stochastic matrices with parameter estimation. This is more gen-
eral than the continuous-time queuing systems we considered
previously.

Appendix A: Average Reward Criteria

In this section, we show some previous results on average
reward criteria for stationary environment. Therefore, we have
three following assumptions:

AssumptioN 1. The reward r(s, a) and the probability p(j|s,a)
are stationary.

AssumpTioN2.  The  reward r(s, a) is
[r(s,a)] <M < oo VaeA;seS.

AsSUMPTION 3. The set of states S is finite.

Note that the stationary probability p(j|s,a) condition is only
necessary for this section where the results for stationary environ-
ment are shown.

DEFINITION 4 (average reward). Let v, (s) = ET SN r(seyar)]
be the total reward we get at the time step N + 1 starting from the
state s under the policy n, where s, and a, are the state and action
at time step t. Then, the average reward g"(s) is defined as
follows:

bounded:

! R
g7(s) = Jim 27, (s) = lim ﬁ;PZ ra,(s)
where d,, is the decision rule at the time step n under the policy m.

ProposimioNn 5. Let S be countable, m=d* P} =
limy oo (1/N) SN (P9 is stochastic [5], then g% (s) exists
and

o N
g7 (5) = Jim T (5) = PF(s)
Obviously, for finite S, this proposition holds.

ProposITION 6. Suppose P is stochastic. Then, if j and k are in
the same closed recurrent class, g(j) = g(k) [5]. Furthermore, if
the chain is irreducible and aperiodic or has a single recurrent
class and may have some transient states, g(s) is a constant
function.

JUNE 2016, Vol. 138 / 061009-11

920z Aeniga4 £ uo Jasn Aysiaalun sjels uobaio Aq 4pd 600190 90 8EL SP/092ZZ19/600190/9/8€ L /4pd-aloie/swalsAsoiweukp/Bio swse uonos|joofelbipswse//:dpy woy papeojumoq



Unichain MDP satisfies these conditions since it only has one
single recurrent class plus possibly empty set of transient states.

Appendix B: Span-Seminorm and Its Properties

DErFINITION 5 (span seminorm). The span seminorm of a vector
v € V is defined as follows:

sp(v) = maxesv(s) — mingegv(s)

where V is the vector space and s is the state.
This seminorm has the following properties:

(1) sp(v) > 0.

2) sp(u+v) <sp(u) +sp(v), Vu,veV.

3) splkv) = |klsp(v) Vke R,veV.

4) sp(v+ ke) = sp(v) Vk € R, where e is the constant vec-
tore = [11...1]".

5) sp(v) = sp(—v).
(©) sp(v) < 2[]v[].

Note that d, is called Hajnal measure or delta coefficient of P¢
[16]. It is an upper bound on the SLEM |i,| of P? and
5d S 1— ZjesminsesPdU|s).

Appendix C: Additional Details on Proof
ProposiTiIoN 4 (the bound on gamma coefficients). Given
P; = ®(i)Py + (1 — ®(i))Pr, ®(i) € [0,1]
7 < @(i)y0 + (1 = 1))y

Proof. Since P; = ®(i)Py + (1 — ®(i))Ps, @(i) € [0,1], for all
J,s,a,s',d, we have
min{p;(jls, a), pi(jls',a')} > ®(i)min{py(jls, a), po(jls’, a’)
+ (1 = ®(i))min{ps (jls, a), ps (jls', @')

Therefore,
> " min{p;(js,a), pi(jls',a') > ®(i) > min{po(jls,a), po(jls’, @)

JjeS JjES

+ (1= @(0)) Y min{p;(jls, a),

Jes
X pf(.j‘s,>a,)
L= S min{pi (s, @), piGls' @) < )1 — 3 mingpo(jls, @),
JES =
x po(jls’,a")) + (1 — @(i))
% (1= 3" min{p (s, ),

jes
< pr(jls’,d’))
In other words, 7; < ®(i)yy + (1 — ®(i))yy.
CoroLLARY 1. Given P; = ®(i)Py + (1 — ®(i))Ps with nonin-
creasing function ®(i) > 0, (i) € [0, 1] for any ny <'i

Vi S max(yn(,u Vf) (Cl)

061009-12 / Vol. 138, JUNE 2016

Proof. We have

P = 0(i)Pg + (1 — 0()Pf
=Py + ®(i)(Po — Py)

=P+ 0 g py — g Py)

() )
= Pf + (I()D(E’llj) ((D(no)P() + (1 — (D(n()))Pf — Pf)

@(i)

—Prt—2 (P, —P
f+q)(n0)( o — Pr)

Let 0 < @'(i) = ®(i)/®(ng) < 1, since ®(-) is a positive non-
increasing function. Then, P; = Py + @'(i)(P,, — Py) = @' (i)P,,
+(1 — @'(i))Py. By applying Proposition 4, we have

i < @)y, + (1 — @)y, < max(y,,, )
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