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Abstract— We consider a class of restless multi-armed bandit boL
problems that arises in multi-channel opportunistic commu 0
nications, where channels are modeled as independent and Poo @ P11
stochastically identical Gilbert-Elliot channels and chanel
state observations are subject to errors. We show that the pio
myopic channel selection policy has a semi-universal striizre Fig. 1. The Gilber-Elliot channel model.
that obviates the need to know the Markovian transition

probabilities of the channel states. Based on this structe, we  B. Restless Multi-armed Bandit and Myopic Policy

establish closed-form lower and upper bounds on the steady- Thi bl be f lated tially ob bl
state throughput achieved by the myopic policy. Furthermoe, IS probiem can be formulated as a partially observanle

we characterize the approximation factor of the myopic poley ~Markov decision process (POMDP) for generally corre-
to bound its worst-case performance loss with respect to the lated channels [3], or a restless multi-armed bandit psces
optimal performance. (RMBP) for independent channels considered here. The
Index Terms— Dynamic multi-channel access, restless multi- maximum expected total reward of the multi-channel oppor-
armed bandit, myopic policy tunistic system is essentially the value function of an RMBP
Unfortunately, obtaining optimal solutions to a generait+e

I. INTRODUCTION less bandit process is PSPACE-hard [4], and analytical char
acterization of the performance of the optimal policy ieaft
A. Dynamic Multichannel Access intractable.

We thus focus on the low-complexity myopic policy which

We consider the following stochastic optimization problenhas been shown to be optimal for this class of restless bandit
that arises in multichannel opportunistic communicationgroblems under certain conditions (see Sec. I-C). Specifi-
Assume that there aréV independent and stochasticallycally, we establish a simple structure of the myopic policy
identical Gilbert-Elliot channels [1]. As illustrated ind= 1,  when false alarm probability of the channel state detector
the state of a channel — “good” or “bad” — indicatesjs pelow a certain value. This structure is semi-universal:
the desirability of accessing this channel and determingsis independent of the Markovian transition probabiktie
the resulting reward. The transitions between these tWekcept the order of;; andpo;. Based on this structure, we
states follow a discrete-time Markov chain with tranSitiOerve|op closed-form lower and upper bounds on the Steady_
probabilities {p;; }; je(o,1;- This channel model has beenstate throughput under the myopic policy that monotonycall
commonly used to abstract physical channels with memonyghten as the numbeN of channels increases. When each
Consider, for example, the emerging application of cogeiti channel is positively correlated( > po1), we further
radios for opportunistic spectrum access where secondajigtain the limiting performance of the myopic policy as
users search in the spectrum for idle channels temporaréyproaches to infinity. Furthermore, by considering a genie
unused by primary users [2]. For this application, the googlided system, we develop an upper bound on the optimal
state represents an idle channel while the bad state gBrformance, which provides a performance benchmark for
occupied channel. the myopic policy. This result, coupled with the lower

In each time slot, a user choos&sout of the N channels bound on the performance of the myopic policy, leads to
to sense and subsequently access channels sensed to banimnalytical characterization of the approximation facto
the good states. Sensing is subject to errors: a good chantied myopic policy.
may be sensed as bad awmide versa. Accessing a good
channel results in a unit reward, and no access or accessfﬁg Related Work
a bad channel leads to zero reward. The design objective isThe design of multi-channel opportunistic access was
the optimal sensing policy for dynamic channel selection iformulated as a constrained POMDP in [3] for general
order to maximize the expected long-term reward. correlated channels. A separation principle has been -estab

lished in [5] which decouples the design of channel state
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a certain value. Based on this structure, the optimalitynef t the probability of false alarna and the probability of miss
myopic policy has been proved fé@¥ = 2 and conjectured detectiond:
o e o e exampis 610 1S D91 docert, s is s, 52 efdecidert s e
channel sensing scenarios and characterize its perfoemamBased on the imperfect detection outcome in $)dhe user
and approximation factor. chooses an access actidr (t) € {0 no access1 acces$

This paper also extends our earlier work in [7] thathat determines whether to access chanrfel transmission.
assumes perfect detection of the channel states, where ve note that the design should be subject to a constraint on
structure of the myopic policy has been established for alhe probability of accessing a busy channel, which causes
N and its optimality proved forN = 2 and conjectured interference to primary users. Specifically, the probgpbili
for N > 2. A recent follow-up work [8] has extended the P, (¢) of collision perceived by the primary network in any
optimality of the myopic policy to allV under the condition channel and in any slot is capped below a predetermined
of p11 > po1. For the same model in [7] except assuminghreshold(, i.e.,
non-identical channels, Whittle’s index policy under both A
discounted and average reward criteria has been establishe Pr(t)=Pr(®n(t) = 1|S.(t) = 0) < ¢, Vn, t.

in [9]. The structure and the optimality of Whittle's index Thjs constrained stochastic optimization problem rectine
policy are also established in [9] for stochastically idesit ;oint design of the channel state detectioe.(how to choose
channels based on its equivalence to the myopic policy. Thge detection thresholds to trade off false alarms with miss
same problem is also considered in a parallel work in thgetections), the access policy that decides the transmissi
context of multi-agent systems [10], where Whittle's indexpropapilities based on imperfect detection outcomes, and
is established under the discounted reward criterion usifge sensing policy for channel selection. This problem is
a different approach. The structure and the optimality ofprmulated as a constrained POMDP in [3] for generally cor-
Whittle’s index policy, however, were not considered inJ[10 rg|ated channels. A separation principle has been establis
Other related work on multi-channel opportunistic accesg, [5] showing that the optimal detector is the Neyman-
can be found in [11]-{13]. In [11], the authors consider theearson detector with the probability of miss detection
POMDP framework established in [3] and an approximatiogjven by the maximum allowable probabilityof collision,
method is proposed. In [12], a heuristic sensing policy & pr and the optimal access policy is to simply trust the detectio
posed to reduce channel switching under general stochasgigticomes: transmit over a channel if and only if it is detécte
models for channel occupancy. In[13], the authors extead thys jdle. Thus, the user can obtain a unit reward on a chosen
POMDP framework established in [3] by considering the Usghannel if and only if it is idle and detected correctiye(
of analog channel measurements (instead of acknowledgg; false alarm). The optimal sensing policy can then be
ment) in the belief update. In this case, a dedicated contrgksigned using the optimal detector and the optimal access
channel is needed to ensure that the secondary transmiwicy without the constraint on accessing a busy channel,
and its receiver select the same channel for communicatiofhich becomes an unconstrained POMDP addressed here.
The issue of unknown parameters in the distribution of thgne gpjective is to maximize the expected total reward over
primary signal is also addressed in [13]. a horizon ofT" slots by choosing judiciously a sensing policy
that governs channel selection in each slot.
) ) ~_ Since failed transmissions may occur, acknowledgements
In this section, we formulate the problem by consideringacks) are necessary to ensure guaranteed delivery. Specif
the cognitive radio application. ically, when the receiver successfully receives a packe fr
A. System Model a channel, it sends an acknowledgement to the transmitter
over the same channel at the end of the slot. Otherwise, the
'receiver does nothinge., a NAK is defined as the absence of
an ACK, which occurs when the transmitter did not transmit
. . . . over this channel or transmitted but the channel is busy. We
user first decides whichi/ channels to sense for IOOtem'alassume that acknowledgements are received without error

access. Once a channel (say chantjels cho_sen, the USET since acknowledgements are always transmitted over idle
detects the channel state, which can be considered as & b'na'iannels

hypothesis test
Ho : Sn(t) =1 (good/idlg vs. Hy : S, (t) = 0 (bad/busy.

Il. PROBLEM FORMULATION

Let S(t)é[Sl(t),...,SN(t)] denote the channel states
where S,,(t) € {0 (bad/busy, 1 (good/idlg)} is the state
of channeln in slot . At the beginning of each slot, the

B. Restless Multi-Armed Bandit Formulation

Due to limited and imperfect sensing, the system state
The performance of channel state detection is characterizgs: (¢),- - -, Sn(t)] € {0,1} in slott is not fully observable
by the receiver operating characteristic (ROC) which eslat to the user. It can, however, infer the state from its denisio
and observation history. It has been shown that a sufficient
"We consider here the nontrivial cases wiiby and p1y in the open  statistic of the system for optimal decision making is given
interval of (0,1). When they take the special value (ofor 1, channel L. . e
by the conditional probability that each channel is in state

state detection can be simplified. Extensions to such dpeases are ; - -
straightforward. 1 given all past decisions and observations [14]. Referred



to as the belief vector, this sufficient statistic is denote@&ven when approximate numerical solutions can be obtained,
by Q(%) 2 [wi(t), -+ ,wn(t)], wherew;(t) is the conditional they do not provide insight into system design or analytical
probability thatS, (t) = 1. In order to ensure that the user andcharacterizations of the optimal performariGe<(1)).

its intended repeiver tune to the same channels in each _sloi“_ STRUCTURE AND PERFORMANCE OFTHE MYOPIC
channel selections should be based on common observations: POLICY

the acknowledgements(t) € {0 (NAK), 1 (ACK)}M in ) i i i _
each slot rather than the detection outcomes at the transmit !N this section, we show that the myopic sensing policy
ter. Let I(t) denote the sensing action that consists)éf has a 5|mple. and robust structure. Based on .thls.structure,
channels to sense in slot Given the sensing actiof(t) W& character|ze the performance and ap.pr.oxmatmn.factor
and the observation§k;(t) € {0,1} : i € I(¢)} in slott, of the myopic policy. Due to the space limit, we omit all

the belief vector for slot + 1 can be obtained via the BayesPro0fs which can be found in [15]. ,
A myopic policy ignores the impact of the current action

rule.
e I K () = 1 on the future reward, focusing solely on maximizing the
b, cwi(t) ! €I(t), Ki(t) = expected immediate rewaft{ (1 (¢))]. Myopic policies are
wit +1) = P(ewi(t)#kwi(t) ), e l(t), Ki(t) =0 thus stationary. The myopic actidnunder belief staté) =
[(wi(t)), i #1(t) M [wi,- - ,wny] is simply given by
where the operator(-) is defined as 1(Q) = arg max Lie wi. ®3)
A In general, obtaining the myopic action in each slot
I(x)=zp11 + (1 — x)po1. requires the recursive update of the belief vecforas
A sensing policyr specifies a sequence of functions= given |r_1.(.1), which requires the knowledge of the transition
1,72, , 7] wherer, maps a belief vectof2(t) to a probabilities{p;,; }. However, for the problem at hand, we

sensing action/(¢) for slot £. Multi-channel opportunistic SnOW that the myopic policy has a simple and robust structure
access can thus be formulated as the following stochasffé@t does not need the precise knowledge of the transition

optimization problem. probabilities.
A. Assumptions
7 = argmax E, Z R(wt(Q(t)))|Q(1)i , The following two assumptions are adopted in this paper.
" t=1 Al: The initial belief values are bounded betwagn and

where R(m:(€2(t))) is the reward obtained when the belief D11

is ©2(t) and channels;(€2(t)) are selected, anf(1) is the min{po1, p11}(1 — max{po1,p11})

initial belief vector. This problem falls into the model of a = "max{po1, p11 }(1 — min{po1, p11}

RMBP by treating the belief value of each channel as the Assumption A1 will only be used in Theorem 1 which

state of each arm of a bandit. If no information on the initiajjascribes the structure of the myopic policy. We note that
system state is ava_ulable, each entrﬂﬁ_ﬂ) can be set to_the the structure can be directly extended if assumption A1 does
stationary distributionv, of the underlying Markov chain: 5+ hoid. We assume A1l in Theorem 1 for the easy of

—_ P ) presentation.
Po1 + P1o For Assumption A2, the allowed probability of miss
Let V;(©2) be the value function, which represents theletectiond plays a major role since can be reduced

maximum expected total reward that can be obtained starting an arbitrarily small value at the price of increas&d
from slot¢ given the current belief vectdp. Given that the However, bothe and § can be improved by increasing

user takes actiof and observek = {K}ic, the expected o sensing/detection timéd, taking more measurements).
reward that can be accumulated starting from slobnsists . o . i
The caveat is the reduced transmission time for a given

of two parts: the expected immediate rewatd jw;(1 — ¢ Y ' 8
and the maximum expected future rewafd , (7 (Q|1,K)), slot length. This interesting tradeoff between the comipfex
where7 (|1, K) denotes the updated belief vector for slotof the detector at the physical layer and the transmission

t + 1 after incorporating action’ and observationsC as  strategy at the Medium Access Control (MAC) layer of a

given in (1). Averaging over all possible observatidasind o mynication network can be complex and is beyond the
maximizing over all actiond, we arrive at the following

optimality equation. scope of this paper.
ViQW) = max(Sierwr(t)(1 - ¢) + E[Vier (T ()|, K))), B Sructure
B - B The implementation of the myopic policy can be described
V(1)) = i Fierwi(T)(1 —e). with a queue structure: alV channels are ordered in a queue,
In theory, the optimal policyr* and its performance and in each slot, thos&/ channels at the head of the queue
V1(2(1)) can be obtained by solving the above dynamiare sensed.
programming. Unfortunately, due to the impact of the curren Theorem 1: The Semi-Universal structure of the myopic
action on the future reward and the uncountable space of thelicy
belief vector, obtaining the optimal solution using ditgct The initial channel orderin@(1) is determined by the initial
the above recursive equations is computationally prakiéoit belief vector as given below.

Wo



wny (1) > - 2wy (1) = Q) = (n1,- -+ ,nnN). where Vi.7(Q(1)) is the expected total reward obtained in
_ T slots under the myopic policy when the initial belief
Under assumptions Al and A2, channels are reorderggl()(1). From Corollary 1,U(€(1)) is determined by the

at the end of each slot according to the fqllowing S'mplq\/larkov reward procesgS (1), R()}. Itis easy to see that the
rules. Whenp,; > poi, the channels over which ACKS are oy _ gia10 Markov chaifS(¢)} is irreducible and aperiodic,
observed will stay at the head of the queue, and the chann Us has a limiting distribution. As a consequence, thet limi
over which NAKs are observed will be moved to the en . ' S

of the queue while keeping their order unchanged. Whe 4) exists, and the steady-state throughigu independent

) ., Of the initial belief valueQ(1).
P11 < po1, the channels over which NAKs are observed will Corollary 1 also rovide(s 3’;1 numerical approach to evaluat-
stay at the head of the queue, and the channels over which y P P

. INg U by calculating the limiting (stationary) distribution of
ACKs are observed will be moved to the end of the queu%(t) whose transition probabilities can be directly obtained
The order of the unobserved channels are reversed.

Based this struct h : i be imol from the transition probabilities of the channel statesisTh
ased on this structure, the myopic policy can be IMpl&; , yerica) approach, however, does not provide an analytica
mented without knowing the channel transition probaletiti

t th d d A it th _~ characterization of the throughplitin terms of the number
except the order opy; and por. As a result, the myopic o opannels and the transition probabilitigs; ;1. In the
policy is robust against model mismatch and automaticall :

K o in the ch | model ided that th dP{ext section, we obtain analytical expressiondjofind its
tracks variations in t € channel model provide t att_elor scaling behavior with respect t& based on a stochastic
of p11 and py; remains unchanged. Following thelief-

ind d f this simple struct tdominance argument.
Independence property of this simple structure, we presen 2) Analytical Characterization of Throughput: From the

:\r/}e l:ollowmg (;:orollary Wh't(;]h afl_lol\;vs lt‘lst to WOI’k.WI;[h 3 structure of the myopic policy, the throughput is deterrdine
ar o_\;hrewar procteils Wlt t a finite s a;)ells?acetlns ea how often each channel is moved to the end of the queue.
one with an uncountable state spaie.(, belief vectors) as When p1; > poi, the event of moving a channel to the

we encounter in a general POMDP. end of the queue is equivalent to a sWathout reward on
Corollary 1: Let Q(t) = (ni,n2,---,nn) (% € this channel. The opposite holds when < pei: moving a

1,2, 7,N} V,Z) Dbe the order of channels in s!thhere channel to the end of the queue corresponds to avalbt

the myopic actior! (t) = {n;}}£,. Under assumption A2, the o\ 4 on this channel.

ordered channel stateS(t)2[S,,, (t), Su, (1), , Sy (1)) We thus introduce the conceptténsmission period (TP)

form a2" —state Markov chain, and the performance of thejefined with respect to each channel; it is the time period

myopic policy is determined by the Markov reward procesghen a channel is continuously sensed before being moved

(S(t), R(t)) with R(t) = 2}, S, (t)(1 —¢), wheree is the {0 the end of the queue (see Fig. 2 for an example). We index

probability of false alarm. _ o the transmission periods over all channels in the ordersof it
Theorem 1 and Corollary 1 provides foundations in anastarting point. Let L, denote the length of thith TP. We
lyzing the performance of the myopic policy. then have a discrete-time random procéss }° , taking

values of positive integers.
C. Performance
It has been shown in [6] that the myopic policy achieves channejswnchlng

the optimal performance faV = 2. To analytically charac- - e I
terize the performance of the myopic policy fof > 2, we T T SR SR
develop closed-form lower and upper bounds on the steady- =~ Lp=3" Lyt =6—""" t
state throughput achieved by the myopic policy. This result Fig. 2. The transmission period structurél (= 1).

allows us to study the scaling behavior of the performance
limit (based on the conjectured optimality of the myopic
policy) of a multichannel opportunistic communications-sy { M1 —1/L), pi1 > por

tem as the number of channels increases. The lower bound U= 7
; M/L, P11 < po1

also provides a closed-form worst-case performance of the
myopic policy, which, combined with a closed-form uppefynere I, — limg oo(3.K | L/K) denotes the average
bound on the system maximum throughput obtained based Rihgth of a TP. Throughput analysis is thus reduced to
a genie argument (see Sec. IlI-D), leads to characterimitiognalyzing the average TP lengih which is determined by
of the approximation factor of the myopic policy. the stationary distribution of the random procdss, }° ;.

1) Uniqueness of Steady-State Performance and Its Nu-  For NV = 2 and channels are negatively correlatgf; }3°
merical Evaluation: We first establish the existence andis a first-order Markov chain where the stationary distiiut

uniqueness of the system steady-state performance ureler ¢an be solved in closed-form, leading to the closed-form
myopic policy. The steady-state throughput under the myopaverage TP length. Unfortunately in generak L, }2° | is a

Based on the structure of the myopic policy, we have

®)

policy is given by random process with high-order memory and it is difficult to
A . Vl:T(Q(l)) 2When several TPs have the same starting point, their indeaede set
u1)) = Tlggo T 4 arbitrarily.



solve its stationary distribution. Under single-chanmgisng  where
(M = 1), the approach is to construct first-order Markov

N
chains that stochastically dominate or are dominated Hji() = 1= (wo—(wo—=pi1)(p11 — por)?H 72 (1 ),
{Ly}32,. The stationary distributions of these first-orderz(-) = 1 — (p11(p11 —po1) + po1)(1 —e),
Markov chains, which can be obtained in closed-form, lead r, = DPo1
to lower and upper bounds di according to (5). p11(p11 — po1) +por’
Theorem 2: Define functions y1 = 1—(p11i(p11 —po1) + po1)(1 —e),
f(x)é Wo — T Z1 = (1 — E)p()l.

Ll - o1 - Grgmiamet=g)

Note thata; andb; can be arbitrary since they are arguments
of the constant functions; andws.

1—wo(l—¢)+
h(z,y,z,a, b)é (y(pn7;}1)2“1)5)7%3“1% , Corollary 2: For p11 > po1, the lower bound on through-
1 —a( T—((p11—po1)y)> - ) put U increasingly converges to the constant upper bound at

geometrical ratépu—pm)ﬁ asN increases; fop11 < po1,
the lower bound orUV increasingly converges to a constant
at geometrical ratépy; — p11) 7.

1 . (6) The monotonicity of the difference between the upper
(L= _ 2yo(z,y, 2,a,b) + 1 and lower bounds with respect t illustrates that the

=y ~ 7 : - :
) ) erformance of the multichannel opportunistic system im-
Under assumption A2, we have the following lower ancgroves with the numbelV of channels, as suggested by

and for any functiorw(-) of vector [z, y, z, a, b], define the
following operator

1>

Glv(z,y,2,a,b)]

upper bounds on the throughplitwhen M = 1. intuition. For p;; > po1, the upper bound gives the limiting
e Case 1l p11 > po1 performance of the system wheN — oo (under the
fe)(1 =) wo(l — €) conjectured optimality of the myopic policy). However, for

1— (p1 — fle))(1—e) = U< 1— (p1 —wo)(1—¢)’ fixed sensing capacity/, the throughput in the multichannel
opportunistic system saturates quickly as the number af-cha

wherew, is given by (2) and nels goes to infinity (see Corollary 2). Since the saturating
e = (Wo—e2)(pr1 —por)V Y, rate is decreasing wn.M, for a sy_stem consisting of a Iargg
(1= po1 + ep11) numbgr of channels, it is cruma_l to enhance _the sensing
e = PO . capacity M to the level under which the saturation can be
1= por + epoy avoided in order to fully exploit the opportunities offerieg
o Case 2: p11 < po1 1 a large number of channels.
Glh(z1,vy1,21,01,2N—4)] < U < G[h(—,1—21,1—y1, a1, 3)], . ) )
(1,31, 21,01 l | (Il 1 1-41,01,3)] D. Approximation Factor of the Myopic Policy
where x; = pn(mlﬂ’w, Although the optimality of the myopic policy is proved
for N = 2 and conjectured for general scenarios based
yo= 1= =¢pulpn —po)+po), on numerical results, proving this conjecture or estabigh
z1 = (1—¢€)po, simple sufficient conditions for the general optimality bét
ar = (1—€)(wo—p11)(p11 — po1). myopic policy appears to be challenging. Under discounted

For multi-channel sensing\{ > 1), it is difficult to con- reward criterion, we have shown that so long as the discount

struct first-order Markov process to stochastically dorgina factor is less thari /(M + 1), the myopic policy is optimal
or be dominated byL;}2° ;. Instead, we establish a uniformfor all N. In this section, we take a further step toward
statistical bound on the distributions of all TPs based @n tHhe optimality of the myopic policy by characterizing its
structure of the myopic policy. The bounds on the throughp@pPProximation factor with respect to the optimal policy.
when app“ed toM = 1 are thus looser than those underspeCiﬁca”y, we will bound from below the apprOXimation
single-channel sensing scenarios as given in Theorem 2. factorr of the myopic policy, which is defined as the ratio

Theorem 3: Recall the definition of the operat6f-] given ~©Of the throughput achieved by the myopic policy to that
in (6). Under assumption A2, we have the following lowerdchieved by the optimal policy.

and upper bounds on throughgiitwhen M > 1. In the genie-aided system, the secondary user still senses,
accesses, and accrues rewards ambhghannels in each
Muwo(1— €) slot. However, at the end of each slot, the genie will inform
rwot SUS o S — ¢ the secondary user the observations (ACK/NAK) that would
N have been obtained from alhobserved channels if they had
wherecs = wo — (wo — i) (P11 —por) . also been sensed and subsequently accessed based on the
o Case 2: p11 < po1 sensing outcomes. As a consequence, the secondary user will
M max{G[vi(z1,y1,21,a1,b1)], wo(l —€)} U obtain ACK/NAK from all N channels at the end of each
1 slot. Clearly, the optimal policy in the genie-aided system
< Mg[v2(x—17 1—z1,1=yi,a1,b1)], given by the myopic policy since the current sensing action

o Case L p11 > po1
c3
1—(p11 —c3)(1—¢)

M (1—€) max{



will not affect the belief transitions as well as the future

V. CONCLUSION AND FUTURE WORK

reward. The optimal performance of the genie-aided system | this paper, we have analyzed the performance of the
can thus be upper bounded as given in Lemma 1 below. myopic sensing policy in multi-channel opportunistic axxe

Lemma 1: Define Ié 617?1-*-;001 —Po1P11
T epi1t+1l—pi1 - )
A2, the maximum steady-state throughgitin the genie-
aided system is upper bounded as given below.
« Case 1! p11 > po1

U < min{Mpy; — 2L, ( N

L) de N - o

whered;, = (M —k)(p11—2)(wo(1—€))F (1—w,(1—¢€)) N F.
o Case 2! p11 < po1 N
U < min{Mz — %M, ( I ) ek, Nwo}(l—e),

whereey, = (M —k)(x—p11)(wo(1—€)) N F(1—w,(1—e))k.

The throughput of the genie-aided system provides airfl]
upper bound on the optimal performance and a performancE]
benchmark of all sensing policies, including the myopic pol
icy. Combining the lower bound on the throughput achieved3]
by the myopic policy as given in Sec. 1ll-C.2, we bound
the approximation factoy of the myopic policy as given in
Theorem 4 below.

Theorem 4: Under assumption A2, the approximation fac-
tor of the myopic policy is lower bounded by

(4]

(5]

%, if p11 > por
n>< max{% ¥} if pi1 <por )
1, if p1=por or N =2 R

IV. NUMERICAL EXAMPLES

In this section, we demonstrate the tightness of the boun
on U given in Sec. 1lI-C.2 and the upper bound on the
optimal performance given by the genie-aided system given
in Sec. llI-D. We obtain the performance of the myopic 8]
policy and the optimal performance in the genie-aided syste
by Monte Carlo simulations. From Fig. 3, we observe that
the lower bound on the performance of the myopic policy
quickly converges to the upper bound &5 — oo when
channels are positively correlated. We also observe from
Fig. 3 that the upper bound on the optimal performance in
the genie-aided system is tight.

El
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Fig. 3. Performance bounds of the myopic polic¥/ (= 1, p11 =
0.8, por = 0.2, € =0.0312).

. Under assumption under an independent and stochastically identical Gilbert
Elliot channel model with noisy state observations. The
obtained analytical results allow us to bound the worst case
performance of the myopic policy and to systematically ex-
amine the impact of the number of channels and channel dy-
namics (transition probabilities) on the system perforogan
Future work includes proving the optimality conjecture of
the myopic policy, and generalization to independent and
stochastically non-identical channel model by investigat
Whittle’s index policy.
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