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Dynamic Server Allocation over Time Varying
Channels with Switchover Delay

Guner D. Celik, Long B. Le, Eytan Modiano,

Abstract

We consider a dynamic server allocation problem over parajleues withrandomly varying connectivitgnd server
switchover delayetween the queues. At each time slot the server decides &itlstay with the current queue or switch to another
gueue based on the current connectivity and the queue lémfigiimation. Switchover delay occurs in many telecommatitns
applications and is a new modeling component of this probthat has not been previously addressed. We show that the
simultaneous presence of randomly varying connectivity smitchover delay changes the system stability region hedtructure
of optimal policies. In the first part of the paper, we considesystem of two parallel queues, and develop a novel apprtmac
explicitly characterize the stability region of the systasingstate-action frequencieshich are stationary solutions to a Markov
Decision Process (MDP) formulation. We then develop a frédamed dynamic control (FBDC) policy, based on the statierac
frequencies, and show that it is throughput-optimal aswtiglly in the frame length. The FBDC policy is applicabéea broad
class of network control systems and providesew framework for developing throughput-optimal netwaoktrol policiesusing
state-action frequencies. Furthermore, we develop sipylepic policiesthat provably achieve more th&®% of the stability
region.

In the second part of the paper we extend our results to sgstgth an arbitrary number of queues. In particular, we show
that the stability region characterization in terms of estattion frequencies and the throughput-optimality of FBDC policy
follow for the general case. Furthermore, we characteriz@wer bound on the stability region and an upper bound on sum
throughput and show that a simple Myopic policy can achiéve sum-throughput upper-bound in the corresponding atgdr
system. Finally, simulation results show that the Myopitigies may achieve the full stability region and are moreagigdfficient
than the FBDC policy in most cases.

Index Terms

Switchover delay, randomly varying connectivity, schéayl queueing, switching delay, Markov Decision Procegsink,
downlink, wireless networks

[. INTRODUCTION
Scheduling a dynanlic server over time varying wireless ohkimnis an important and well-studied research problem hwhic

provides useful mathematical modeling for many practiggligations [8], [17], [25], [[29], ([32], [[3B], [[38]-:[40],45], [46].
However, to the best of our knowledge, the joint effectsarfdomly varying connectivitgnd server switchover delaliave
not been considered previously. In fact, switchover detag widespread phenomenon that can be observed in manycptacti
network systems. In satellite systems where a mechanistlred antenna is providing service to ground statiomstithe

to switch from one station to another can be around 10ms [4d]. [Similarly, the delay for electronic beamforming can be
more than300.s in wireless radio systemsl1[3].][9]. [41], and in optical commitation systems tuning delay for transceivers
can take significant timeué-ms) [11], [28].

We consider the dynamic server control problem for parajlelues with time varying channels and server switchoverydel
as shown in Figl]l. We consider a slotted system where thdesigth is equal to a single packet transmission time and it
takes one slot for the server to switch from one queue to afbtone packet is successfully received from quéukthe
server is currently at queug it decides to stay at queuge and queue is connected, wherée {1,2,..., N} and N is the
total number of queues. The server dynamically decidesay sith the current queue or switch to another queue based on
the connectivity and the queue length information. Our geaéb study the impact of the simultaneous presence of sawth
delays and randomly varying connectivity on system stgbdind to develop optimal control algorithms. We show that th
stability region changes as a function of the memory in thenclel processes, and it is significantly reduced as compared
systems without switchover delay. Furthermore, we showttir@ughput-optimal policies take a very different struret from
the celebrated Max-Weight algorithm or its variants.

A. Main Results

In the first part of the paper we consider a two-queue systaindamelop fundamental insights for the problem. We first
consider the case of memoryless (i.i.d.) channels wherehaeacterize the stability region explicitly and show thaEe
Exhaustive type policies that ignore the current queue aimk channel state information are throughput-optimal.tNex
consider the Gilbert-Elliot channel modéll [1],_[20] whick a commonly used model to abstract physical channels with
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1In a slotted system, even a minimal switchover delay willléa a loss of a slot due to synchronization issues.
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Fig. 1: System model. Parallel queues with randomly varyiognectivity processe§'; (t), Ca(t), ..., Cn(t) andts = 1 slot switchover time.

memory. We develop a novel methodology to characterize thigility region of the system usingtate-action frequencies
which are steady-state solutions to an MDP formulation fi@r ¢orresponding saturated system, and characterizeahiéitgt
region explicitly in terms of the connectivity parametetssing this state-action frequency approach, we developvelno
frame-based dynamic control (FBDC) policy and show thas ithroughput-optimal asymptotically in the frame lengthurO
FBDC policy is the only known policy to stabilize systems lwiandomly varying connectivity and switchover delay and it
is novel in that it utilizes the state-action frequenciegshd MDP formulation in a dynamic queuing system. Moreoves, w
develop a simple 1-Lookahead Myopic policy that provabliiages at leasi0% of the stability region, and myopic policies
with 2 and 3 lookahead that achieve more thaf and96% of the stability region respectively. Finally, we preseimlation
results suggesting that the myopic policies may be througbptimal and more delay efficient than the FBDC policy.

In the second part of the paper we consider the general matielarbitrary number of parallel queues. For memoryless
(i.i.d.) channel processes we explicitly characterize dtability region and the throughput-optimal policy. Foraahels with
memory, we show that the stability region characterizatioterms of state-action frequencies extend to the genessd and
establish a tight outer bound on the stability region and ppeu bound on the sum-throughput explicitly in terms of the
connectivity parameters. We quantify teaitching lossin sum-throughput as compared to the system with no swithov
delays and show that simple myopic policies achieve the guoughput upper bound in the corresponding saturate@msyst
We also show that the throughput-optimality of the FBDC ppkxtend to the general case. In fact, the FBDC policy presad
new framework for achieving throughput-optimal networkteol by applying the state-action frequencies of the corresimand
saturated system over frames in the dynamic queueing sydteenFBDC policy is applicable to a broad class of systems
whose corresponding saturated model is Markovian with sklyeammunicating and finite state space, for example, syste
with arbitrary switchover delays (i.e., systems that takg finite number of time slots for switching) and general Mark
modulated channel processes. Moreover, the frameworkeoFBDC policy can be utilized to achieve throughput-optitgal
in systems without switchover delay, for instance, in da@setwork control problems such as those considereddp [36],

[40], [46].
B. Related Work

Optimal control of queuing systems and communication nete/das been a very active research topic over the past two
decades[[17],[125],129]/132]/ 133][38]=[40][_[45]._[46]n the seminal papef [39], Tassiulas and Ephremides cteaized
the stability region of multihop wireless networks and preed the throughput-optimal Max-Weight scheduling akhoni
In [40], the same authors considered a parallel queuingsystith randomly varying connectivity where they charaeztst
the stability region of the system explicitly and proved theoughput-optimality of the Longest-Connected-Quelreedaling
policy. These results were later extended to joint powarcallion and routing in wireless networks [n [32], [33] andimal
scheduling for switches in [36], [38]. More recently, subingal distributed scheduling algorithms with throughputgantees
were studied in[[23],122][125][145], whileé [17][[29] delaped distributed algorithms that achieve throughputroality (see
[19], [30Q] for a detailed review). The effect of delayed chahstate information was considered in][21].1[37],1[46] ethi
showed that the stability region is reduced and that a pdlicylar to the Max-Weight algorithm is throughput-optimal

Perhaps the closest problem to ours is that of dynamic setl@cation over parallel channels with randomly varying
connectivity and limited channel sensing that has beenstiyaged in [[1], [24], [[47] under the Gilbert-Elliot charmaodel.
The saturated system was considered and the optimality of@pim policy was established for a single server and two
channels in[[477], for arbitrary number of channels[ih [1]ddar arbitrary number of channels and servers’in [2]. Theb|em
of maximizing the throughputin the network while meetingeage delay constraints for a small subset of users wasd=yesi
in [31]. The average delay constraints were turned into ipefiznctions in [31] and the the theory of Stochastic Shetrfeath
problems, which is used for solving Dynamic Programs withtaie special structures, was utilized to minimize the Hasy



drift+penalty terms. Finally, a partially observable Mavkdecision process (POMDP) model was used[in [16] to analyze
dynamic multichannel access in cognitive radio systemsvever, none of these existing works consider the servecboier
delays.

Switchover delay has been considered in Polling models @uipg theory community (e.g[1[7]._[23]._[26]. [42]), howney
randomly varying connectivity was not considered sincediymot arise in classical Polling applications. Similadgheduling
in optical networks under reconfiguration delay was considen [11], [15], again in the absence of randomly varying
connectivity, where the transmitters and receivers wesaraed to be unavailable during reconfiguration. A detailegey of
the works in this field can be found in [42]. To the best of ouoWiedge, this paper is the first to simultaneously consider
random connectivity and server switchover times.

C. Main Contribution and Organization

The main contribution of this paper is solving the schedyfinoblem in parallel queues wittandomly varying connectivity
and server switchover delay®r the first time. For this, the paper providasnovel framework for solving network control
problemsvia characterizing the stability region in terms of statfien frequencies and achieving throughput-optimality by
utilizing the state-action frequencies over frames.

This paper is organized as follows. We consider the two-quaistem in Sectioh]ll where we characterize the stability
region together with the throughput-optimal policy for mayless channels. We develop the state-action frequeaayeiwork
in Section[1I=Q for channels with memory and use it to explljccharacterize the system stability region. We prove the
throughput-optimality of the FBDC policy in Section TID @ranalyze simple myopic policies in Section 1I-E. We extend o
results to the general case in Sectian 11l where we also dpvelter bounds on the stability region and an upper bound on
the sum-throughput achieved by a simple Myopic policy. Wespnt simulation results in Sectibn] IV and conclude the pape
in SectionV.

Il. TwO-QUEUE SYSTEM
A. System Model

Consider two parallel queues with time varying channels ane server receiving data packets from the queues. Time is
slotted into unit-length time slots equal to one packetgnaission time;t € {0,1,2,...}. It takes one slot for the server
to switch from one queue to the other, andt) denotes the queue at which the server is present at slo¢t the i.i.d.
stochastic procesd;(t) with average arrival rate; denote the number of packets arriving to quews time slot¢, where
E[A2(t)] < A2 .., i€ {1,2}. Let C(t) = (C1(t), C2(t)) be the channel (connectivity) process at time sjavhereC;(t) = 0
for the OFF state (disconnected) afigt) = 1 for the ON state (connected). We assume that the procelsses Az (t), Cy (t)
and C5(t) are independent.

The process”;(t),: € {1,2}, is assumed to form the two-state Markov chain with traosifprobabilitiesp;y and pg; as
shown in Fig[2, i.e., the Gilbert-Elliot channel model [J20], [24], [47], [48]. The Gilbert-Elliot Channel model hebeen
commonly used in modeling and analysis of wireless chanmiglsmemory [1], [24], [44], [47], [48]. For ease of expositi,
we present the analysis in this section for the symmetribegitElliot channel model, i.epig = po1 = ¢, and we state the
corresponding results for the non-symmetric case in AppeBdThe steady state probability of each channel state imlem
0.5 in the symmetric Gilbert-Elliot channel model. Morenver e = 0.5, C;(¢) = 1,w.p. 0.5, independently and identically
distributed (i.i.d.) at each time slot. We refer to this casethememoryless channetase.

Let Q(t) = (Q1(t), Q2(t)) be the queue lengths at time slotWe assume thaf)(¢) and C(t) are known to the server at
the beginning of each time slot. Let € {0,1} denote the action taken at the beginning of $lowvherea; = 1 if the server
stays with the current queue and= 0 if it switches to the other queue. One packet is successfatigived from queueé at
time slott, if m(t) =4,a; =1 andC;(t) = 1.

Definition 1 (Stability [30], [32]): The system is stable if

t—1
1
lim sup 7 Z Z E[Qi(7)] < oc.
t=oo 1 20ie{1,2)
For the case of integer valued arrival processes, thislisyadziterion implies the existence of a long run stationdistribution
for the queue sizes with bounded first momehts [30].

Definition 2 (Stability Region [30]/132]): The stability ggon A is the set of all arrival rate vectord = (A1, A2) such that
there exists a control algorithm that stabilizes the system

The é-stripped stability region is defined for sorie- 0 asA® = {(/\1, A2)[(A1 46, 2406) € A . A policy is said to achieve
~-fraction of A, if it stabilizes the system for all input rates insigé, where+ = 1 for a throughput-optimal policy.

In the following, we start by explicitly characterizing tis¢ability region for both memoryless channels and chanwéls
memory and show that channel memory can be exploited togmthe stability region significantly.



Fig. 2: Markov modulated ON/OFF channel process. We have+ po1 < 1 (e < 0.5) for positive correlation.
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Fig. 3: Stability region under memoryless (i.i.d.) chasnahd channels with memory (Markovian with< 0.5) with and without switchover delay.

B. Motivation: Channels Without Memory

In this section we assume that= 0.5 so that the channel processes are i.i.d. over time. Thelistatdgion of the
corresponding system with no-switchover time was estadtisn [40]: A1, A; € [0,0.5] and A\; + A2 < 0.75. Note that when
the switchover time is zero, the stability region is the sdoreboth i.i.d. and Markovian channels, which is a speciaecaf
the results in[[32]. However, when the switchover time is-zemo, the stability region is reduced considerably:

Theorem 1: The stability region of the system with i.i.d. channels ame-slot switchover delay is given by,
A:{()\l,)\g)’)\l-i-/\Q < 0.5, A1, A2 ZO} (1)

In addition, the simple Exhaustive (Gated) policy is thriopgt-optimal.

The proof is given in Appendix A for a more general system. bhsic idea behind the proof is that as soon as the server
switches to queuéunder some policy, the time to the ON state is a geometricaianéhriable with mean 2 slots, independent
of the policy. Therefore, a necessary condition for stgbi given by the stability condition for a system withoutiskiover
times and i.i.d. service times with geometric distribut@frmean 2 slots as given bll(1). The fact that the simple Gatdidyp

is throughput-optimal follows from the observation thattls arrival rates are close to the boundary of the stabiétyian,

the fraction of time the server spends receiving packetsintaes the fraction of time spent on switching[42].

As depicted in Fig[13, the stability region of the system imsiderably reduced for nonzero switchover delay. Note that
for systems in which channels are always connected, thélistadegion is given byA; + Ao < 1,1, A2 > 0 and isnot
affected by the switchover delay [42]. Therefoites the combination of switchover delay and random conimigtthat result
in fundamental changes in system stability

Remark 1: As shown in Appendix A, the results in this subsection carilyedg generalized to the case of hon-symmetric
Gilbert-Elliot channels with arbitrary switchover delay®r a system oR queues with arbitrary switchover delays and i.i.d.
channels with probabilitieg;, i € {1,2}, A is the set of all\ > 0 such that\; /p1 + \2/p2 < 1. Moreover, simple Exhaustive
(Gated) policy is throughput-optimal

When channel processes have memory, it is clear that onecteeva better throughput region than the i.i.d. channede ca
if the channels are positively correlated over time. Thisésause we can exploit the channel diversity when the chatates
stay the same with high probability. In the following, we shthat indeed the throughput region approaches the thrautghp
region of no switchover time case in in_[40] as the channeloiy® more correlated over time. Note that the throughput
region in [40] is the same for both i.i.d. and Markovian chalsrunder the condition that probability of ON state for thied.
channels is the same as the steady state probability of Qélfstathe two state Markovian channels. This fact can bevddri
as a special case of the seminal work of Neely[in [32].

C. Channels With Memory - Stability Region

When switchover times are non-zero, the memory in the cHaxamebe exploited to improve the stability region consithiéra
Moreover, ax — 0, the stability region tends to that achieved by the systeth wo-switchover time and fdb < € < 0.5 it
lies between the stability regions corresponding to the éwimeme cases= 0.5 ande — 0 as shown in Figl]3.



We start by analyzing the corresponding system with satdraueues, i.e., both queues are always non-emptyALet
denote the set of all time average expected departure feesdn be obtained from the two queues in the saturatednsyste
under all possible policies that are possibly history dejeemn, randomized and non-stationary. We will show that A,.

We prove the necessary stability conditions in the follgyiremma and establish sufficiency in the next section.

Lemma 1: We have that
A CA,.

Proof: Given a policyn for the dynamic queueing system specifying the switch amag sictions based possibly on
observed channel and queue state information, considesativeated system witthe same sample path of channel realizations
fort € {0,1,2,...} andthe same set of actiores policyr at each time slot € {0,1,2,...}. Let this policy for the saturated
system ber’, and note that the policy’ can be non-stationeﬁy_et D;(t),i € {1,2} be total number departures by time
from queuer in the original system under policy and letDj(t),i € {1,2} be the corresponding quantity for the saturated
system under policy’. It is clear thaflim;, (D1 () + D2(t))/t < 1, where the same statement also holds for the limit of
Di(t),i € {1,2}. Since some of the ON channel states are wasted in the drigyisgem due to empty queues, we have

Di(t) < Di(t), and  Da(t) < Dy(t). @)

Therefore, the time average expectationiofit),i € {1,2} is also less than or equal to the time average expectation of
DL(t),i € {1,2}. This completes the proof sincel (2) holds under any patidgr the original system. [ ]

Now, we establish the regioA, by formulating the system dynamics as a Markov Decision &8dqMDP). Lets, =
(m(t), C1(t), Ca(t)) € S denote the system state at timeshereS is the set of all states. Also, let € A = {0, 1} denote the
action taken at time slatwhere A is the set of all actions at each state. E&t) = [s,]|._,U|a.]|"_{, denote the full history
of the system state until timeand letT(A) denote the set of all probability distributions oh For the saturated system, a
policy is a mapping from the set of all possible past hiswteY (A) [6], [27]. A policy is said to bestationaryif, given
a particular state, it applies the same decision rule intalies and under a stationary policy, the prodesst € NU {0}}
forms a Markov chain. In each time slotthe server observes the current stgteand chooses an actiar). Then the next
statej is realized according to the transition probabilitl6j|s, a), which depend on the random channel processes. Now, we
define the reward functions as follows:

T1(s,a)=11if s=(1,1,1) ors = (1,1,0), anda=1 3
Ta(s,a)=11if s=(2,1,1) ors =(2,0,1), anda=1, (4)

and7 (s, a) = T2(s,a) = 0 otherwise. That is, a reward is obtained when the serves stagn ON channel. We are interested
in the set of all possible time average expected departtes,rtherefore, given some, as > 0, a3 + o = 1, we define the
system reward at time by 7(s, a) = 171 (s, a) + a2T2(s, a). The average reward of policy is defined as follows:

. 1 = = ™

T hII(n:BOpKE{;r(St,at)}.
Given somevy, s > 0, we are interested in the policy that achieves the maximoma siverage expected rewafd= max, ™.
This optimization problem is a discrete time MDP charaegtiby the state transition probabiliti®yj|s,a) with 8 states
and 2 actions per state. Furthermore, any given pair of state accessible from each other (i.e., there exists a \siti
probability path between the states) under some statiethegrministic policy. Therefore this MDP belongs to thassl of
Weakly CommunicatinyiDP$ [35].

1) The State-Action Frequency Approadfor Weakly Communicating MDPs with finite state and actioacgs and bounded
rewards, there exists an optimal stationary-determmsilicy, given as a solution to standard Bellman’s equatiath optimal
average reward independent of the initial staté [35, ThadBet.5]. This is because if a stationary policy has a norteons
gain over initial states, one can construct another statiopolicy with constant gain which dominates the formeriqgl
which is possible since there exists a positive probabjdth between any two recurrent states under some statiqiodcy
[27]. Thestate-action frequencgpproach, or th®ual Linear Program (LP)approach, given below provides a systematic and
intuitive framework to solve such average cost MDPs, andhit be derived using Bellman’s equation and the monotonicity
property of Dynamic Programs [Section 8.8][35]:

Maximize Z Z 7(s,a)x(s,a) (5)

s€eSacA

2The policy =’ can be based on keeping virtual queue length informatien, the queue lenghts in the dynamic queueing system.
3In fact, other than the trivial suboptimal poliey; that decides to stay with the current queue in all statestafionary deterministic policies are unichain,
namely, they have a single recurrent class regardless dhitied state. Hence, whemr is excluded, we have a Unichain MDP.



subject to the balance equations

x(s;1) + x(s;0) ZZP sls’, a)x , Vses, (6)
s’eSacA
the normalization condition
> ox(si1) +x(s;0) = 1, )
sesS

and the nonnegativity constraints
x(s,a) >0,s€S,a € A (8)

The feasible region of this LP constitutes a polytope catteglstate-action polytopé&X and the elements of this polytope
x € X are called state-action frequency vectors. CleaXlyis a convex, bounded and closed set. Note th@at 1) can be
interpreted as the stationary probability that actstay is taken at state. More precisely, a poink € X corresponds to a
stationary randomized policy that takes actios {0, 1} at states w.p.

x(s, a)
x(s;1) + x(s;0)’
where S, is the set of recurrent states given By = {s € S : x(s; 1) + x(s;0) > 0}, and actions are arbitrary for transient

statess € S/S, [27], [35].

Next we argue that the empirical state-action frequencisesponding to any given policy (possibly randomized,-non
stationary, or non-Markovian) lies in the state-actionypmbpe X. This ensures us that the optimal solution to the dual LP
in @) is over possibly non-stationary and history-depengmlicies. In the following we give the precise definitiondathe
properties of the set of empirical state-action frequesidige define thempirical state-action frequencies’ (s, a) as

P(actiona at states) = a€AseS,, 9)

T
1
T B
z (Sv a) - T ;I{st:s,at:a}v (10)

where I is the indicator function of an evett, i.e., [ = 1 if E occurs andly = 0 otherwise. Given a policyr, let P™
be the state-transition probabilities under the policyand ¢ = (¢,) an initial state distribution withh___s ¢s = 1. We let
x,if,(i)(s, a) be theexpected empiricadtate-action frequencies under poligyand initial state distributiorp:

ZC£7¢(S,G) = E™¢ [:%T(s,a)]

T
1
T Z ZQSS/P"(st =s,a; = alsgp =¢').

t=1s’eS

We letx, 4 € T(S x A) (as in [27], [35]) be the limiting expected state-actiongirency vector, if it exists, starting from an
initial state distributionp, under a general policy (possibly randomized, non-stationary, or non-Markovian)

Tr,(s,a) = Tlim cvz (s, a). (11)
—00 ’
Let the set of all limit points be defined by

X§ ={zeT(Sx.A): there exists a policyr s.t.
the limit in (I1) exists anck = x4 }.

Similarly let X¢, denote the set of all limit points of a particular class ofigies I’ starting from an initial state distribution
¢. We letTlgp denote the set of all stationary-deterministic policied are letco(Z) denote the closed convex hull of sét
The following theorem establishes the equivalency betviberset of all achievable limiting state-action freques@ed the
state-action polytope:

Theorem 2: [35, Theorem 8.9.3]/[27, Theorem 3.Hor any initial state distributionp
co(Xf, ) =X§=X.

We haveco(XﬁSD) C X since convex combinations of vectors KI?ISD correspond to limiting expected state-action
frequencies for stationary-randomized policies, which eiso be obtained by time-sharing between stationaryruatestic
policies. The inverse relatiOO(Xl‘?ISD) D Xf-’[ holds since for weakly communicating MDPs, there exists aditary-
deterministic optimal policy independent of the initiaht& distribution. Next, for any stationary-determinispiolicy, the



underlying Markov chain is stationary and therefore theitinx . , exists and satisfies the constrairfts (€), (7) ddd (8) of
the polytopeX. Using co(XﬁSD) = X{f’l and the convexity ofX establishe§({f’1 C X. Furthermore, via[{9), every € X

corresponds to a stationary-randomized policy for whiah lthits x 4 exists, establishing(ﬁ D X.
Letting ex{X) denote the set of extreme (corner) pointsXaf an immediate corollary to Theordm 2 is as follows:

Corollary 1: [27],[35]. For any initial state distribution
ext(X) = X%

Msp-
The intuition behind this corollary is that ¥ is a corner point ofX, it cannot be expressed as a convex combination of any
two other elements iiX, therefore, for each stateonly one action has a nonzero probability.

Finally, we have that under any policy the probability of agk distance between the empirical expected state-action
frequency vectors and the state-action polytdpelecays exponentially fast in time. This result is similathe mixing time
of an underlying Markov chain to its steady state and wezetiBuch convergence results within the Lyapunov drift esialy
for the dynamic queuing system in SectlonI-D.

2) The Rate Polytopd: Using the theory on state-action polytopes in the previaetien, we characterize the set of
all achievable time-average expected rates in the satusytem A,. The following linear transformation of the state-action
polytopeX defines the 2 dimensiongdte polytope27]:

A = {(Tl,Tg)‘ r = Z Z x(s,a)T1 (s, a)

seSacA

ry = Z Z x(s,a)Ta(s,a), x € X},

s€eS acA
whereT (s, a) and7s (s, a) are the reward functions defined [d (3) ahtl (4). This polytispbe set of all time average expected

departure rate pairs that can be obtained in the saturasteinsyi.e., it is the rate regiofi,. An explicit way of characterizing
A, is given in Algorithm[..

Algorithm 1 Stability Region Characterization
1. Given ay, a2>0, a; + as = 1 solve the following Linear Program (LP)

max. agr1(X) + agra(x)
subject to x € X. (12)

2: For a givenas/ay ratio, there exists an optimal solutign?,r;) of the LP in [I2) at a corner point ohs. Find all
possible corner points and take their convex combination.

The fundamental theorem of Linear Programming guarantessan optimal solution of the LP il (lL2) lies at a corner
(extreme) point of the polytopK [10]. Furthermore, the one-to-one correspondence bettireeextreme points of the polytope
X and stationary-deterministic polices stated in Corollrg useful for finding the solutions of the above LP for all gibke
az/a; ratios. Namely, there are a total ®f stationary-deterministic policies since we havstates and® actions per state
and finding the rate pairs corresponding to these 256 stafjedieterministic policies and taking their convex conation
gives A ;. Fortunately, we do not have to go through this tedious mioce The fact that at a vertex di {12) eithefs; 1)
or x(s;0) has to be zero for eache S provides a useful guideline for analytically solving thi®.LThe following theorem
characterizes the stability region explicitly. It showattkhe stability region enlarges as the channel has more nyegmal that
there is a critical value of the channel correlation paramgiven bye. = 1 — /2/2 at which the structure of the stability
region changes.

Theorem 3: The rate regionA is the set of all rates; > 0, ro > 0 that for e < ¢, satisfy

1— 2
er1 4+ (1—e)ry < %
3

Q-+ (1+e—er < Z‘%
+ - 3 €

r+r - — =

R

3 €

1+e—é 1— S
(I+e—€e)r +( e)ra < 173
1— 2
(L—e€)’ry+ery < ( 26),
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Fig. 4: Stability region under channels with memory, witldamithout switchover delay for (& = 0.25 < €. and (b)e = 0.40 > ..

and fore > ¢, satisfy

rn+(1—-¢B—-2¢ry < 1=9B=29)
ri+ry < 3¢
4 2

(I—-e)(3—=2¢)r1 +12 < w

The proof of the theorem is given in Appendix B and it is basadsolving the LP in[(IR) for all weights; andas to find
the corner points ofAg, and then applying Algorithial 1. The following observatiailéws from Theoreni]3.

Observation 1: The maximum achievable sum-rate in the saturated systagivén by
3 €

L+ 1ro = 1 2

Note thatry + 7o < % is the boundary of the stability region for the system withewitchover delay analyzed in [40], where
the probability that at least 1 channel is in ON stat8 4. Therefore¢/2 is thethroughput loss due to the 1 slot switchover
delay. This throughput loss corresponds to the probability thatgerver is at a queue with an OFF state when the other queue
is in an ON state.

The stability regions for the two ranges ofare displayed in Fid.l4 (a) and (b). As— 0.5, the stability region converges
to that of the i.i.d. channels with ON probability equal G®. In this regime, knowledge of the current channel state is of
no value. Ase — 0 the stability region converges to that for the system withsmitchover time in[[40]. In this regime, the
channels are likely to stay the same for many consecutive $iots, therefore, the effect of switching delay is nebligi

The rate regiom\, for the case of non-symmetric Gilbert-Elliot channels igegi in Appendix B.

Remark 2: The stability region characterization in terms of statBescfrequencies is general. For instantt@s technique
can be used to establish the stability regions of systents mvidre than two queues, arbitrary switchover times, and more
complicated Markovian channel process€s.course, explicit characterization as in Theofdm 3 mayahotys be possible.

D. Frame Based Dynamic Control (FBDC) Policy

We propose a frame-based dynamic control (FBDC) policyiiespby the characterization of the stability region in term
of state-action frequencies and prove that it is througiyptiimal asymptotically in the frame length. The motivatioehind
the FBDC policy is that a policyr* that achieves the optimization i {12) for given weights and o, for the saturated
system should achievegood performance in the original system when the queue sizeand (@, are used as weights. This
is because first, the policy™* will lead to similar average departure rates in both systemsufficiently high queue sizes, and
second, the usage of queue sizes as weights creates seifiregljpolicies that capture the dynamic changes due to astich
arrivals similar to Max-Weight scheduling in [39]. Specifily, we divide the time into equal-size intervals Bfslots and let
Q1(jT) andQ2(5T) be the queue lengths at the beginning of ftieinterval. We find the deterministic policy that optimally
solves [(IR) wherQ,(5T) and Q2 (j7T) are used as weights and then apply this policy in each timeo$lthe frame. The
FBDC policy is described in Algorithial 2 in details.

There exists an optimal solutign?, r5) of the LP in [I3) that is a corner point &, [10] and the policyr* that corresponds
to this point is a stationary-deterministic policy by Cdaoy 1.

Theorem 4: For anyd > 0, there exists a large enough frame len@trsuch that the FBDC policy stabilizes the system for
all arrival rates within thes-stripped stability regionA? = A, — §1.
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Algorithm 2 FRAME BASED DYNAMIC CONTROL (FBDC) PoLicy
1: Find the policysr* that optimally solves the following LP

Maxyr, ry} Ql (]T)rl + Q2 (]T)TQ
subject to (r1,7r2) € Ag (13)

where A, is the rate polytope derived in Sectibn 1I-C.
2: Apply 7* in each time slot of the frame.

0 (0 T3 (e) 1 T (e) Ti) 22

\ s

cornerbs cornerby cornerbs cornerbs cornerb, cornerbg

(1,1,1): stay | (1,1,1): stay |(1,1,1): stay [(1,1,1): stay |(1,1,1): switch{(1,1,1): switch|
(1,1,0): stay |(1,1,0): stay [(1,1,0): stay |(1,1,0): stay | (1,1,0): stay |(1,1,0): switch
(1,0,1): stay |(1,0,1): switchH (1,0,1): switch (1,0,1): switch| (1,0,1): switch (1,0,1): switt
(1,0,0): stay |[(1,0,0): stay |(1,0,0): stay |(1,0,0): switch|(1,0,0): switch (1,0,0): switc|
(2,1,1): switchf (2,1,1): switcH (2,1,1): stay |(2,1,1): stay | (2,1,1): stay| (2,1,1): sta
(2,1,0): switch| (2,1,0): switch(2,1,0): switch (2,1,0): switch| (2,1,0): swit§li2,1,0): stay

(2,0,1): switch| (2,0,1): stay |(2,0,1): stay |(2,0,1): stay [(2,0,1): stay | (2,0,1): stay
(2,0,0): switch| (2,0,0): switch (2,0,0): switcH (2,0,0): stay |(2,0,0): stay |(2,0,0): stay

=3

TABLE I: FBDC policy mapping from the queue sizes to the ceosnef As, bo, b1, bz, bs, ba, bs shown in Fig[# (a), fore < e.. For each states =
(m(t), C1(t), C2(t)) the optimal action is specified. The thresholds@p/Q1 are 0,7} = ¢/(1 — €)2, Ty = (1 —€)/(1+e—€2),1,T5 = (1 +¢—
)/(1 =), Tf = (1—€)?/e.

An immediate corollary to this theorem is as follows:
Corollary 2: The FBDC policy is throughput-optimal asymptoticallytive frame length.

The proof of Theoreril4 is given in Appendix D. It performs dftdainalysis using the standard quadratic Lyapunov function
However,it is novel in utilizing the state-action frequency framekvof MDP theory within the Lyapunov drift argumenihe
basic idea is that, for sufficiently large queue lengths, mwihe optimal policy solving[{13)z*, is applied over a sufficiently
long frame ofT" slots, the average output rates of both the actual systentharmbrresponding saturated system convergeé to
For the saturated system, the probability of a large diffeeebetween empirical and steady state rates decreasaseaxipdly
fast in T [27], similar to the convergence of a positive recurrent kéarchain to its steady state. Therefore, for sufficiently
large queue lengths, the difference between the empiratalsrin the actual system and also decreases withi’. This
ultimately results in a negative Lyapunov drift whenis inside thed(7')-stripped stability region since froni {13) we have
Q1(UT)ry + Q2(jT)r5 > Q1(IT) M + Q2(5T) Ae.

The FBDC policy is easy to implement since it does not reqthieearrival rate information for stabilizing the system for
arrival rates inA — (7)1, and it does not require the solution of the I[P1(13) for eaenfs. Instead, one can solve the (Pl (13)
for all possible(Q1, Q2) pairs onlyoncein advance and create a mapping fré@, Q-) pairs to the corners of the stability
region. Then, this mapping can be used to find the correspgrabtimal saturated-system policy to be applied durindheac
frame. Solving the LP in[{13) for all possibl&):, Q) pairs is possible because first, the solution of the LP willobe of
the corner points of the stability region in FIg. 4, and sekdhe weightdQ;, Q2), which are the inputs to the LP, determine
which corner point is optimal. The theory of Linear Prograimgnsuggests that the solution to the LP [[n](13) depends only
on the relative value of the weight€),, Q=) with respect to each other. Namely, changing the queue atie@®,/Q, varies
the slope of the objective function of the LP [n[13), and tadue of this slope&)./Q; with respect to the slopes of the lines
in the stability region in FiglJ4 determine which corner gdime FBDC policy operates on. These mappings from the queue
size ratios to the corners of the stability region are showidble[] for the case of < ¢. and in Table]l for the case of
€ > ¢.. The corresponding mappings for the FBDC policy for the aafseon-symmetric Gilbert-Elliot channels are shown in
Appendix B. Given these tables, one no longer needs to shivé P [IB8) for each frame, but just has to perform a simple
table look-up to determine the optimal policy to use in eaemke.

S

In the next subsection we provide an upper bound to the longsacket-average delay under the FBDC policy, which is
linear inT'. This suggest that the packet delay increases with inecrgdisime lengths as expected. However, such increases are
at most linear in". Note that the FBDC policy can also be implemented withoytfamames by setting” = 1, i.e., by solving
the LP in Algorithm[2 in each time slot. The simulation restilh Sectio IV suggest that the FBDC policy implemented
without frames has a similar throughput performance to tigiral FBDC policy. This is because for large queue lengths
optimal solution of the LP in[{13) depends on the queue lemgtios, and hence, the poliey* that solves the LP optimally
does not change fast when the queue lengths get large. Wagolicy is implemented without the use of frames, it becomes



p Q2
0 T (e) 1 T3 (e) Q1
L | -
T >
'
'
cornerbs cornerbs ! comerb; cornerbg
(1,1,1): stay (1,1,1): stay (1,1,1): stay (1,1,1): switch
(1,1,0): stay (1,1,0): stay (1,1,0): stay (1,1,0): switch
(1,0,1): stay (1,0,1): switch (1,0,1): switch (1,0,1): switch
(1,0,0): stay (1,0,0): stay (1,0,0): switch (1,0,0): switch
(2,1,1): switch (2,1,1): stay (2,1,1): stay (2,1,1): stay
(2,1,0): switch (2,1,0): switch (2,1,0): switch (2,1,0): stay
(2,0,1): switch (2,0,1): stay (2,0,1): stay (2,0,1): stay
(2,0,0): switch (2,0,0): switch (2,0,0): stay (2,0,0): stay

TABLE II: FBDC policy mapping from the queue sizes to the @m of As, bo, b1,b2,bs shown in Fig.[# (b), fore > e.. For each state
s = (m(t), C1(t), C2(t)) the optimal action is specified. The thresholds®@p/Q1 are0, Ty = 1/((1 —€)(3 — 2¢)),1, Ty = (1 — €)(3 — 2¢).

more adaptive to dynamic changes in the queue lengths, whgllts in a better delay performance than the frame-based
implementations.

1) Delay Upper Bound:The delay upper bound in this section is easily derived oheestability of the FBDC algorithm
is established. The stability proof utilizes the followiggadratic Lyapunov function

2
=> Qi)
1=1

which represents a quadratic measure of the total load isyem at time slot. Let ¢, denote the time slots at the frame
boundariesk = 0,1, ..., and define th& -step conditional drift

Ar(ty) £E[LQ(ty + T)) — L(Q(tx))|Q(tk)] ,

The following drift expression follows from the stabilityhalysis in Appendix C:

200y (3 a0

where B = 1+ A2, X is strictly inside thed-stripped stability regionA — 61, and¢ > 0 represents a measure of the
distance of\ to the boundary ofA — §1. Taking expectations with respect @Q(¢;), writing a similar expression over the
frame boundaries;, k € {0, 1,2, ..., K}, summing them and telescoping these expressions lead to

Z@w]

%

MQ@@)—MQ®»§2KBT”—%£§ﬁ

k=0

Using L(Q(tx)) > 0 and L(Q(0)) = 0, we have

l1msup— Z ;EQl tr)] < BT

K—o0

Fort € (tx,tr+1) we haveQ;(t) < Qi(tk)+ZT;0 A;(tp+7). ThereforeE[Q;(¢)] < E[Q;(tx)]+TN; < E[Q:(tr)]+T Amax-
Therefore, forlx = KT we have

KT-1

hmsup— Z ZIE Qi(t)

T —00

(B+Amaxé)T
<lim sup — TE[Q;(tr)] +T?Amax < ———2/7
. ZZ ¢

Dividing by the total arrival rate into the systen, \; and applying Little’s law, the average delay is upper bowhble an
expression that is linear in the frame length

In the next section we consider Myopic policies that do nguree the solution of an LP and that are able to stabilize the
network for arrival rates within ove90% of the stability region. Simulation results in Section IVggest that the Myopic
policies may in fact achieve the full stability region whieoviding better delay performance than the FBDC policyrfarst
arrival rates.
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E. Myopic Control Policies

We investigate the performance of simpN&opic policies that make scheduling/switching decisions adogrdo weight
functions that are products of the queue lengths and thenethgmedictions for a small number of slots into the futuree W
refer to a Myopic policy considering future time slots as thé-Lookahead Myopic policy. We implement these policies
over frames of lengtll’ time slots where during thgth frame, the queue lengths at the beginning of the frathé;7T") and
Q2(jT), are used for weight calculations during the frame. Spedf§icin the 1-Lookahead Myopic policy, assuming that the
server is with queué at somet € {jT,...,j5(T + 1) — 1}, the weight of queué is the product ofQ;(j7') and the summation
of the current state of the channel procégsand the probability thaC; will be in the ON state at + 1. The weight of
qgueue? is calculated similarly, however, the current state of tharmel procesé€’; is not included in the weight since queue
2 is not available to the server in the current time slot. Thimitkd description of thé-Lookahead Myopic policy is given in
Algorithm [3 below.

Algorithm 3 1-LOOKAHEAD MYOPIC PoLICY

1: Assuming that the server is currently with queluand the system is at thgh frame, calculate the following weights in
each time slot of the current frame;

Wi(t) = Qu(GT) (C1() + E[Ca(t + DIC1(1)] )
Wa(t) = Q2(jT)E[Ca(t + 1)|Ca(t)]. (14)

2: If Wh(t) > Wa(t) stay with queue 1, otherwise, switch to the other queue. Alairmule applies for queue 2.

Next, we establish a lower bound on the stability region @& 1hLookahead Myopic Policy by comparing its drift over a
frame to the drift of the FBDC policy.

Theorem 5: The 1-Lookahead Myopic policy achieves at leadtaction of the stability regionAg asymptotically inT'
wherevy > 90%.
The proof is constructive and will be establish in variouspstin the following. The basic idea behind the proof is that t
1-Lookahead Myopic (OLM) policy produces a mapping from #at of queue sizes to the stationary deterministic policies
corresponding to the corners of the stability region. Thégping is similar to that of the FBDC policy, however, thestrolds
on the queue size ratia3,/Q; are determined according o {14):

Mapping from queue sizes to actions. Case-1: € < ¢,
For e < e, there are 6 corners in the stability region denoted§y, ..., b5 whereb, is (0,0.5) andbs is (0.5,0) as shown
in Fig.[4 (a). We derive conditions 0-/Q; such that the OLM policy chooses the stationary deterniniitcisions that
correspond to a given corner point.
Corner by:
Optimal actions are to stay at queue-2 for every channelitondTherefore, the server chooses queue-2 even wherhtreel
state isC; (), Co(t) = (1,0). Therefore, using(14), for the Myopic policy to take theedetinistic actions corresponding to
bo we need
Q1.(1—¢€) < Qa2.(e) = Q > ! <.
@1 €
This means that if we apply the Myopic policy with coefficie;, Q> such thatQ./Q1 > (1 — ¢)/¢, then the system output
rate will be driven towards the corner poilt (both in the saturated system or in the actual system witfel@nough arrival
rates).
Corner b;:
The optimal actions for the corner poibit are as follows: At queue-1, for the channel stéiestay, for the channel statésg,
01 and00: switch. At queue-2, for the channel stdté switch, for the channel statdd, 01 and00: stay. The most limiting
conditions arel1 at queue-1 and0 at queue-2. Therefore we ne€gh (2 —€) < Q2(1 —€) and @1 (1 — €) > Q2¢e. Combining
these we have
2—e¢ Q2 1—c¢

< <
l—¢ Q1 €
Note that the conditiom < ¢, = 1 — v/2/2 implies that!=¢ > 2=¢.
Corner by:

The optimal actions for the corner poibt are as follows: At queue-1, for the channel stafeand 11:stay, for the channel
states01 and00: switch. At queue-2, for the channel statles switch, for the channel statdd, 01 and 00: stay. The most

11



M Q2
0 Ti(e) Ty(e) Ta(e) T5(e) 1 T3 () Ts(e) Ti(e) Tu(e) @F
L a4 rzl (VavA |z Y
- Y v i >
\ \ / /
AY Y ’ 7’
cornerbs %, cornerby Y,  cornerbs cornerbs / cornerb; Jcornerbg

(1,1,1): stay | (1,1,1): stay |(1,1,1): stay [(1,1,1): stay |(1,1,1): switch{(1,1,1): switch|
(1,1,0): stay |(1,1,0): stay |(1,1,0): stay |(1,1,0): stay | (1,1,0): stay |(1,1,0): switch
(1,0,1): stay |(1,0,1): switch (1,0,1): switc (1,0,1): switch| (1,0,1): switch (1,0,1): swit
(1,0,0): stay | (1,0,0): stay |(1,0,0): stay |(1,0,0): switch|(1,0,0): switch (1,0,0): switc
(2,1,1): switchf (2,1,1): switch (2,1,1): stay |(2,1,1): stay | (2,1,1): stay| (2,1,1): sta
(2,1,0): switch| (2,1,0): switcp(2,1,0): switch (2,1,0): switch| (2,1,0): switii2,1,0): stay

(2,0,1): switch| (2,0,1): stay |(2,0,1): stay |(2,0,1): stay [(2,0,1): stay | (2,0,1): stay
(2,0,0): switch| (2,0,0): switcH (2,0,0): switcH (2,0,0): stay [(2,0,0): stay |(2,0,0): stay

=3

TABLE IlI: 1 Lookahead Myopic policy mapping from the queuizes to the corners of\s, bo, b1, ba, b3, ba, bs shown in Fig[# (a), fore < e.. For
each states = (m(t), C1(t), C2(t)) the optimal action is specified. The thresholds @a/Q1 are 0,71 = ¢/(1 —¢€),To = (1 —¢€)/(2 —¢),1,T3 =
(2—¢€)/(1—¢€),T4 = (1 —¢€)/e. The corresponding thresholds for the FBDC policy @&, T, 1, T3, T, . For example, cornéliz is chosen in the FBDC
policy if 1 < Q2/Q1 < T3, whereas in the OLM policy it < Q2/Q1 < T3.

limiting conditions arell at queue-1 an@0. Therefore we need);(2 — ¢) > Q2(1 — ¢) and Q1 < Q2. Combining these we
have Q 5
2 — €
1< == .
= @1 R

The conditions for the rest of the corners are symmetric amhe found similarly to obtain the mapping in Higl I11.

Mapping from queue sizes to actions. Case-2: € > ¢,
In this case there are 4 corner points in the throughput re§Me enumerate these cornershgds, bs, bs whereby is (0,0.5)
andbs is (0.5,0).
Corner by:
The analysis is the same as theanalysis in the previous case and we obtain that for the Mypgiicy to take the deterministic
actions corresponding ty we need

Q2 - 1—ce¢

Q1 €

Corner by
This is the same corner point as in the previous case comedgmp to the same deterministic policy: At queue-1, for the
channel statd 0 and 11:stay, for the channel statéd and00: switch. At queue-2, for the channel statés switch, for the
channel state$1, 01 and00: stay. The most limiting conditions ar at queue-2 (since > ¢. we havelz6 < f:Z) and00.
Therefore we need); (1 —€) > Q2 and@Q; < Q2. Combining these we have
1—
pc@ 1oc

Q1 €

The conditions for the rest of the corners are symmetric amdoe found similarly to obtain the mapping in Hig] IV fop e..

The conditions for the cornefs andbs are symmetric, completing the mapping from the queue sizélket corners of\g
for € > ¢. shown in TabldTV. This mapping is in general different frone tcorresponding mapping of the FBDC policy in
Table[dl. Therefore, for a given ratio of the queue sizksy @+, the FBDC and the OLM policiesayapply different stationary
deterministic policies corresponding to different corpeints of Ag, denoted byr* andr respectively. The shaded intervals
of Q2/Q in Table[1M are the intervals in which the OLM and the FBDC pias apply different policies. A similar mapping
can be obtained for the OLM policy fer< e.. The corresponding mapping for the OLM policy for the casaaf-symmetric
Gilbert-Elliot channels is given in Appendix B.

The following lemma is proved in Appendix E and completes pheof by establishing th€0% bound on the weighted
average departure rate of the OLM policy w.r.t. to that of BRDC policy.

Lemma 2: We have that S 0i(t)7

i @i\l)Ti
v SO > 90%. (15)
Furthermore,¥ > 90% is a sufficient condition for the OLM policy to achieve at [£98% of As asymptotically inT.

A similar analysis shows that tH&Lookahead Myopic Policgchieves at leasi4% of A, while the 3-Lookahead Myopic
Policy achieves at leasi6% of A. The k-Lookahead Myopic Policy is the same as before except tleafdtowing weight
functions are used for scheduling decisions: Assuming énees is with queue 1 at time slof
Wi(t) = Q1 (5T (Cr(t) + 5_, B[C1(t + 7)[Cr(1)]) and Wa(t) = Qo(iT) Lh_, E[Ca(t + 7)|Ca (1),

12
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cornerbs RN cornerbs cornerbz ¢ cornerbg
(1,1,1): stay (1,1,1): stay (1,1,1): stay (1,1,1): switch
(1,1,0): stay (1,1,0): stay (1,1,0): stay (1,1,0): switch
(1,0,1): stay (1,0,1): switch (1,0,1): switch (1,0,1): switch
(1,0,0): stay (1,0,0): stay (1,0,0): switch (1,0,0): switch
(2,1,1): switch (2,1,1): stay (2,1,1): stay (2,1,1): stay
(2,1,0): switch (2,1,0): switch (2,1,0): switch (2,1,0): stay
(2,0,1): switch (2,0,1): stay (2,0,1): stay (2,0,1): stay
(2,0,0): switch (2,0,0): switch (2,0,0): stay (2,0,0): stay

TABLE IV: 1 Lookahead Myopic policy mapping from the queuees to the corners ol\s, bg, b1, ba, b3 shown in Fig[# (b), fore > e.. For each
states = (m(t), C1(t), C2(t)) the optimal action is specified. The thresholds@p/Q1 are 0,71 = ¢/(1 —€),1,T> = (1 — €)/e. The corresponding
thresholds for the FBDC policy ame, T}, 1, T, . For example, corneb; is chosen in the FBDC policy if < Q2/Q1 < T3, whereas in the OLM policy
if 1<Q2/Q1 < To.

IIl. GENERAL SYSTEM

In this section we extend the results developed in the pusveection to the general case of an arbitrary number of gueue
in the system.

A. Model

Consider the same model as in Secfionll-A with> 1 queues for somé&/ € N as shown in Figl]1. Let the i.i.d. process
A;(t) with arrival rate\; denote the number of arrivals to queiat time slott, whereE[A?(¢)] < A2 ., i€ {1,2,...,N}. Let
C;(t) be the channel (connectivity) process of queuec {1,2, ..., N}, that forms the two-state Markov chain with transition
probabilitiespy; andpiy as shown in Figll2. We assume that the proceskés,i € {1,..., N} andC;(t),i € {1,..., N} are
independent. It takes one slot for the server to switch frora queue to the other, and(¢) € {1, ..., N} denotes the queue
at which the server is present at stotLet s, = (m(t), C1(t), ..., Cn(t)) € S denote the state of the corresponding saturated
system at timg whereS is the set of all states. The actiaiit) in each time slot is to choose the queue at which the server

will be present in the next time slot, i.ey; € {1,..., N} = .4 where A is the set of all actions at each state.

B. Stability Region

In this section we characterize the stability region of tlemeyal system under non-symmetric channel mBdé&er the
case of i.i.d. channel processes we explicitly charaatdtie stability region and the throughput-optimal poliogr Markovian
channel models, we extend the stability region charae®oz in terms of state-action frequencies to the generstesy.
Furthermore, we develop a tight outer bound on the stahiégion using an upper bound on the sum-throughput and show
that a simple myopic policy achieves this upper bound fordbesponding saturated system.

A dynamic server allocation problem over parallel chanméte randomly varying connectivity and limited channel sy
has been investigated ihl[1].][2]._[47] under the GilbetlieElchannel model. The goal in[1]][2][[47] is to maximizbet
sum-rate for the saturated system, where it is proved thay@pio policy is optimal. In this section we prove that a myopi
policy is sum-rate optimal under the Gilbert-Elliot chahmedel and 1-slot server switchover delay. Furthermore,gmal is
to characterize the set of all achievable rates, i.e., talgy region, together with a throughput-optimal schiéty algorithm
for the dynamic queuing system.

1) Memoryless Channelsthe results established in Section 1I-B for the case of.i¢g@hnectivity processes can easily be
extended to the system &f queues with non-symmetric i.i.d. channels as the sametioiuapplies for the general case. We
state this result in the following theorem whose proof carfdagd in Appendix A.

Theorem 6: For a system ofV queues witlarbitraryswitchover times and i.i.d. channels with probabilitigsi € {1, ..., N},

the stability regionA is given by
N
> 2 <l.

= P

A:{Azo

In addition, the simple Exhaustive (Gated) policy is thriopgt-optimal.

As for the case of two queues, the simultaneous presencaddmay varying connectivity and the switchover delay siigaintly
reduces the stability region as compared to the correspgradistem without switchover delay analyzed[in| [40]. Furnthare,
when the channel processes are memoryless, no policy caratblantage of the channel diversity as the simple quené-bli
Exhaustive-type policies are throughput-optimal.

4For Markovian (Gilbert-Elliot) channels, we preserve tlyenmetry of the channel processes across the queues.
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In the next section, we show that, similar to the case of tweugs, the memory in the channel improves the stability regio
of the general system.

2) Channels With MemorySimilar to Sectioi I[I-C, we start by establishing the ratgioa A, by formulating an MDP for
rate maximization in the corresponding saturated systdm.r€ward functions in this case are given as follows:

Ti(s,a)=1if m=14,C; =1, anda=4, i =1,...,N, (16)
and7;(s,a) = 0 otherwise, wheren denotes the queue at which the server is present. That issesrsed is obtained when

the server stays at a queue with an ON channel. Given sgme0, i € {1,..., N}, >", ; = 1, we define the system reward
at timet¢ as

N
7(s,a) = Z ;T (s, a).
i=1

The average reward of policy is defined as
1 K

= i, e { S rtan)
Therefore, the problem of maximizing the time average etqubceward over all policiesy* = max, r™, is a discrete
time MDP characterized by the state transition probabdi®(s’|s,a) with N2V states andV possible actions per state.
Furthermore, similar to the two-queue system, there erigissitive probability path between any given pair of stateder
some stationary-deterministic policy. Therefore, this RIBelongs to the class Weakly CommunicatinglDPs [35] for which
there exists a stationary-deterministic optimal policgtépendent of the initial staté [35]. Tistate-action polytopeX is the
set of state-action frequency vectotghat satisfy the balance equations

Z x(s,a) = Z Z P(s|ls’,a)x(s’,a), Vs €S, a7)

acA s’eSacA

ZZx(s,a) =1,

seSacA

the normalization condition

and the nonnegativity constraints
x(s,a) >0, fors € S,a € A,

where the transition probabilitieP(s|s’,a) are functions of the channel parameterg and py;. The following linear
transformation of the state-action polytope defines therate polytopeA,, namely, the set of all time average expected
rate pairs that can be obtained in the saturated system.

Ay :{r|rizz Zx(s,a)?i(s,a),x eX,ie{l1,2, ...,N}},
s€SacA

where the reward functions;(s,a),i € {1, ..., N}, are defined in[(16). Algorithil4 gives an alternative chemazation of
the rate regiom,.

Algorithm 4 Stability Region Characterization

1: Givenay,...,an>0, >, a; = 1, solve the following LP

N

max. Z ;1 (X)
i=1

subject to x € X. (18)

2: There exists an optimal solutiofr], ..., r3) of this LP that lies at a corner point dfs. Find all possible corner points
and take their convex combination.

Similar to the two-queue case, the fundamental theoremraédti Programming guarantees existence of an optimal soluti
to (I8) at a corner point of the polyto@€ [10]. We will establish in the next section that the rate oegiA, is in fact
achievable in the dynamic queueing system, which will imfilgt A = A,. For the case of 3 queues, FId. 5 shows the
stability regionA. As expected, the stability region is significantly reduesccompared to the corresponding system with zero
switchover delays analyzed in [40].
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Fig. 6: Stability region outer bound for 3 parallel queues #gy = po1 = 0.3.

3) Analytical Outer Bound For The Stability Regiom this section we first derive an upper bound to th% sum-iinput
in the saturated system and then use it to characterize @&n lbotind to the rate regioA,. Let CéN ) = (pmiw denote
the probability that all channels are in OFF state in steddies

Lemma 3: An upper bound on the sum-rate in the saturated systemvenddy

N
Sori 1= = (ot - ) = pon V). (19)
1=1
The proof is given in Appendix F. In the next section we prapasimple myopic policy for the saturated system that aelsiev
this upper bound. Similar to the case of two-queues, theasaﬁjfil r <1— CSN) is one of the boundaries of the stability
region for the system without switchover delay analyzed4i@][ where the probability that at least 1 channel is in ONesta
in steady state id4 — C(()N). Therefore,p1o(1 — C(()N)) — pmcéN) is the throughput loss due to 1 slot switchover deiay
our system. The analysis of the myopic policy in the nextisacshows that this throughput loss due to switchover delay
corresponds to the probability that the server is at a quatre @FF state when at least one other queue is in ON state. For
the case ofV = 3 queues, the sum-throughput upper bound in Leriina 3 is thegbaghregion at the center of the plot in
Fig.[S.
Because any convex combinationfi € {1,..., N}, must lie under the sum-rate surfade.](19) is in fact an dutend
on the whole rate region . Furthermore, no queue can achieve a time average expettethat is greater than the steady
state probability that the corresponding queue is in ONestia.,po1/(p10 + po1). Therefore, the intersection of thedé+ 1
surfaces in theV dimensional space constitutes an outer bound for the egfiem A ;. Note that this outer bound is tight in
that the sum-rate surface of the maximum rate regignas well as the corner poinis; /(p1o + po1) coincide with the outer
bound. This outer bound with respect to the rate region aplaljed in Fig[b for the case &f = 3 nodes.

15



C. Myopic Policy for the Saturated System

We show in this section that a simple and intuitive policynted the Greedy Myopic (GM) policy, achieves the sum rate
maximization for the saturated system. This policy is a dygeolicy in that under the policy, if the current queue isitalde
to serve, the server serves it. Otherwise, the server s@téh a queue with ON channel state, if such a queue exists. The
policy is described in Algorithri]l5. Recall that(¢) denotes the queue the server is present at timet slot

Algorithm 5 Greedy Myopic Policy

1: For all time slotst, if C,)(t) = 1, serve queuen(t).
2: Otherwise, if35 € {1,...,N},5 # m(t), such thatC;(¢) = 1, among the queues that have ON channel state, switch to
the queue with the smallest index in a cyclic order startirognf queuen(t).

The cyclic switching order under the GM policy is as follovifsthe server is at queugand the decision is to switch, then
the server switches to quegewhere fori = N, j = argminjcqy,. n—13(Cj(t) = 1) and fori # N if 35 € {i +1,..., N},
such thatC; () = 1, we havej = argminje (i1, (C;(t) = 1), if not, thenj = argminje -1y (C;(t) = 1).

Theorem 7: The GM policy achieves the sum-rate upper bound.

Proof: Given a fixed decision rule at each state, the system statesfaffinite state space, irreducible and positive recurrent
Markov chain. Therefore, under the GM policy, the systentestanverges to a steady state distribution. We partitientotel
probability space into three disjoint events:

E4: the event that all the channels are in OFF state,
Es: the event that at least 1 channel is in ON state and the sianatra queue with ON state
Ej3: the event that at least 1 channel is in ON state and the sesnatra queue with OFF state
Since these events are disjoint we have,

1 =P(E,) + P(Ey) + P(E3).

We haveP(E,) = C’éN) by definition. Since the GM policy decides to serve the curggreue if it is in ON statelP(Es)
gives the sum throughpgt’, ; for the GM policy. Therefore, we have that under the GM policy

ZTi =1- CéN) —P(E3)

We show thatP(Es) = p1o(1— C(()N)) — Po1 CéN). Consider a time slat in steady state and let(¢) be the number of channels
with ON states at time slat and letEy(¢) be the event that the server is at a queue with OFF state atstohe We have

P(E3) =P(Ey(t) andl <k(t) < N-1) =P(Ey(t) andx(t) >1)
=P(Ey(t) andk(t) > 1|kt —1) > D)P(x(t —1) > 1)
+P(Ey(t) andk(t) > 1|k(t —1) = 0)P(k(t —1) = 0).
Sincet is a time slot in steady state, we have that
P(k(t—1)=0)= CéN). ThereforeP(Es3) is given by
P ((t) 2 1| Eo(t), w(t—1) = YB(Eo(t)|s(t=1) 2 )(1~Cg ")
+P (k(t) > 1|Eo(t), k(t—1)=0)P(Eo(t)|r(t—1)=0)C{™).

We haveP(Ey(t)|k(t—1) > 1) = p1p since the GM policy chooses a queue with ON state if there ¢h suqueue and
P(Ey(t)|(t—1)= 0) is the probability that the queue chosen by the GM policy keepOFF channel state, given by po;.

P(Es) = (1= P(k(t) = 0|Eo(t), 5(t—1)>1))pio(1 — C§)
+(1 = P(s(t) = 0| Eo(t), m(t—1)=0))(1 — po1)Cg"

P(s(t) = 0, Bo ()| (t— 1>1
:plo(l—cé“)(l— () =0, ol 3

]P’(Eo(t)|/~c (t— 1

P(k —O,Eot
+(1—po1)C (1 )
)|f€t :)
P(k _OFLt >1)
=pio(1 - C (1 In( )
P1o
P ) = 0|k(t— 1
+ (1 = po1)C, N)<1 Al )
1 —po1



We have thal(x(t) = 0|x(t—1)>1) is given by

P(k(t) = 0) — P(x(t) = Okt — 1) = 0)B(k(t — 1) = 0)
P(k(t—1)>1) ’

which is equivalent th’éN) —(1- pm)NC’éN))/(l - C’éN)). ThereforeP(Es) is given by

C(N) (11— Nc(N)
P(Es) =po(1 - CéN))<1 _ G —Uopa) G )
pro(l=Cy ")

1— N
+(1 = po1) S <1 e 2Vl I ow) >
— Po1

=pio(l — OéN)) - P01C(§N)-

As mentioned in the previous sectidh(Fs) is the throughput loss due to switching as it representsréueién of time the
server is at a queue with OFF state when there are queues Witht&de in the system. |

D. Frame-Based Dynamic Control Policy

In this section we generalize the FBDC policy to the geneyatesn and show that it is throughput-optimal asymptotycall
in the frame length for the general case. The FBDC algoritontlie general system is very similar to the FBDC algorithm
described for two queues in Sectibn 1I-D. Specifically, thmet is divided into equal-size intervals @f slots. We find the
stationary-deterministic policy that optimally solvES)Tor the saturated system whén (j7'), ..., Qn(jT) are used as weights
and then apply this policy in each time slot of the frame in dlctual system. The FBDC policy is described in Algorithin 6
in details.

Algorithm 6 FRAME BASED DYNAMIC CONTROL (FBDC) PoLicY
1: Find the optimal solution to the following LP

max{r} sz\il Ql(jT)Tl
subjectto r = (ry,...,rn) € As (20)

where A is the rate region for the saturated system.
2: The optimal solution(r}, ..., 7% ) in step 1 is a corner point oA that corresponds to a stationary-deterministic policy
denoted byr*. Apply v* in each time slot of the frame.

Theorem 8: For anyd > 0, there exists a large enough frame len@trsuch that the FBDC policy stabilizes the system for
all arrival rates within thed-stripped stability regiomA® = A, — 1.
The proofis very similar to the proof of Theoréin 4 and is oedttThe theorem establishes the asymptotic throughpirtajity
of the FBDC policy for the general system.

Remark 3: The FBDC policy provides new framework for developing throughput-optimal pokcfer network contral
Namely, given any queuing system whose correspondingatatiisystem is Markovian with finite state and action spaces,
throughput-optimality is achieved by solving an LP in ortefind the stationary MDP solution of the corresponding isad
system and applying this solution over a frame in the actystesn. In particularthe FBDC policy can stabilize systems with
arbitrary switchover times and more complicated Markov mlated channel structureS.he FBDC policy can also be used
to achieve throughput-optimality for classical networkntrol problems such as the parallel queueing systems_in [&8],
scheduling in switches in_[36] or scheduling under delaylegnnel state information [46].

Similar to the delay analysis in Sectibn II-D1 for the twoege system, a delay upper bound that is linear in the frame
length’T" can be obtained for the FBDC policy for the the general systdoreover, the FBDC policy for the general system
can also be implemented without any frames by setfing 1, i.e., by solving the LP in Algorithril6 in each time slot. The
simulation results regarding such implementations sugies the FBDC policy implemented without frames has a simil
throughput performance and an improved delay performasampared to the original FBDC policy.

1) Discussion:For systems with switchover delay, it is well-known that dedebrated Max-Weight scheduling policy is
not throughput-optimal [11]. In the absence of randomlyyirag connectivity, variable frame based generalizatiohshe
Max-Weight policy are throughput-optimdl [15]. Howeverhen the switchover delay and randomly varying connectivity
are simultaneously present in the system, the FBDC polidhésonly policy to achieve throughput-optimality and it heas
significantly different structure from the Max-Weight pmyi
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The FBDC policy for a fixed frame length’ does not require the arrival rate information for stahilizithe system for
arrival rates inA —6(7)1, however, it requires the knowledge of the channel conviecfiarameter,, po1. To deal with this
problem one can estimate the channel parameters perilydical use these estimates to solve the LH 1A (20). This apbroa
of course, incurs a throughput loss depending on how largesgtimation error is.

As mentioned in Remaill 3, the FBDC policy can stabilize adastass of network control problems whose corresponding
saturated system is weakly communicating Markovian witmgefistate and action spaces. However, one caveat of the FBDC
policy is that the state space of the LP that needs to be sateeeases exponentially with the number of links in the eyst
The celebrated Max-Weight policy (which is not stabilizifog the system considered here) has linear complexity feisthgle
server system considered in this paper. However, for geénarti-server systems withv servers or for a single hop network
with N interfering links, the Max-Weight policy has to solve a nraxim-independent set problem over all links at each time
slot, which is a hard problem whose state space is also ergiah& the number of linkgV. The FBDC policy on the other
hand, only has to solve an LP, for which there are standargsohvailable such as CPLEX. Furthermore, the FBDC policy
has to solve the LP once per frame, whereas the the Max-Wedicly performs maximum-independent set computation each
time slot. If the frame length for the FBDC policy is chosenht® bigger than the computational complexity of the LP in
(20), then the per-slot computational complexity of theoailhm is reduced ta)(1). Such a frame-based implementation is
also possible for the Max-Weight policy to reduce its comjtleto O(1) per time slot. On the other hand, the shortcoming
of such an approach for both policies is the increase in datag result of the larger frame length. This outlines a trideo
between complexity and delay, whereby tuning a reductiotoimplexity by adjusting the frame length comes at the expens
of delay.

The celebrated Max-Weight policy was first introduced.in] [@8® multi-hop networks and, despite its exponential coenjily
in number of links, it provided a useful structure for desngnqueue length based scheduling algorithms. Later, thistsire
suggested by the Max-Weight policy lead to suboptimal butéomplexity algorithms, as well as distributed implenagitns
of the Max-Weight policy for certain systems (see e.g., @yeaximal network scheduling in_[45]). Our aim in propogithe
FBDC policy and the state-action frequency framework fotwoek scheduling is to give a structure for throughput-oati
algorithms for systems with time-varying channels and clvater delays, and hopefully to provide insight into design
scalable algorithms that can stabilize such systems. ThepMycontrol policies we discuss in the next section congia
first approach towards characterizing the structure of soree scalable algorithms.

E. Myopic Control Policies

In this section, we generalize Myopic policies that we idtroed for the two-queue system in Sectioh Il to the general
system. Myopic policies make scheduling decisions basequmue lengths and simple channel predictions into the dutur
We present an implementation of these policies over franidength 7' time slots where during thgth frame, the queue
lengths at the beginning of the fram@; (57), ..., Qn(jT), are used for weight calculations during the frame. We descr
the 1-Lookahead Myopic (OLM) policy for the general system in Atighm[8.

Algorithm 7 1-LOOKAHEAD MYOPIC PoLICY

1: Assuming that the server is currently with queluand the system is at thgh frame, calculate the following weights in
each time slot of the current frame;

Wi(t) = QuGT)(CL) + E[Ca(t +1)[C1(1)])
Qi(JTE[Ci(t + 1)|Ci(1)]. (21)

=
—~
~
~—
|

2: If Wh(t) > Wi(t), Vi € {2,..., N}, then stay with queue 1. Otherwise, switch to a queue thaeeeh
max Ql(jT)E[Cl(t + 1)|Ci(t)} .

A similar rule applies when the server is at other queues.

Similar to the FBDC policy, the Myopic policies can be implemed without the use of frames by settifig= 1, i.e.,
by utilizing the current queue lengths for updating the sieci rules every time slot. This could potentially lead toreno
delay-efficient policies that are more adaptive to dynanhianges in queue lengths. We elaborate on this via the nuaheric
results in the next section.

These policies have very low complexity and they are simfglémplement as compared to the FBDC policy. As suggested
by the simulation results in SectignllV, the Myopic policiaay achieve the full stability region while providing bettielay
performance than the FBDC policy in most cases.
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F. Myopic Control Policies

In this section, we generalize Myopic policies that we idtroed for the two-queue system in Sectioh Il to the general
system. Myopic policies make scheduling decisions basedqumue lengths and simple channel predictions into the dutur
We present an implementation of these policies over franidength 7' time slots where during thgth frame, the queue
lengths at the beginning of the fram@; (57), ..., Qn(jT), are used for weight calculations during the frame. We descr
the 1-Lookahead Myopic (OLM) policy for the general system in Atighm[8.

Algorithm 8 1-LOOKAHEAD MYOPIC PoLICY

1: Assuming that the server is currently with queluand the system is at thgh frame, calculate the following weights in
each time slot of the current frame;

Wi(t) = QuUT)(C1(t) + E[Ca(t + DG (1)) )
Wi(t) = Qi(IT)E[Ci(t + 1)|Ci(1)]- (22)

2: If Wh(t) > Wi(t), Vi € {2,..., N}, then stay with queue 1. Otherwise, switch to a queue thaeeeh
max Q;(jT)E[Ci(t + 1)|C;(1)].

A similar rule applies when the server is at other queues.

The technique used for the case of two queues for analyzmgttbility region achieved by the OLM policy is extremely
cumbersome to generalize to the general system Withueues. Therefore, for the general system, we have inag¢stighe
performance of the OLM policy in simulations. The simulati@sults in Sectiof IV suggest that the OLM policy may achiev
the full stability region while providing a better delay fmmance as compared to the FBDC policy.

Similar to the FBDC policy, the Myopic policies can be implemed without the use of frames by settifig= 1, i.e.,
by utilizing the current queue lengths for updating the sieci rules every time slot. This could potentially lead toreno
delay-efficient policies that are more adaptive to dynanhianges in queue lengths. We elaborate on this via the nuaheric
results in the next section.

Similar to the system with two queues, thel ookahead Myopic Policy is the same as before except treaffdhowing
weight functions are used for scheduling decisions: Asegrtiie server is with queue 1 at time siopt
Wi(t) = Qu(GT)(C1(t) + X5 B[C1(t + 7)|C1(8)]) and Wi(t) = Q;(5T) Sk _, E[Ci(t + 7)|Ci(8)], i € {2,..., N}

These policies have very low complexity and they are simf@iémplement as compared to the FBDC policy.

IV. NUMERICAL RESULTS

We performed simulation experiments that present averageia occupancy results for the FBDC, the One-Lookahead
Myopic (OLM) and the Max-Weight (MW) policies for systemstviN = 2 or N = 3 queues. We first verified that in the
simulation results for the FBDC policy, queue sizes growaurimled only for arrival rates outside the stability regiand
then performed experiments for the 1-Lookahead Myopic (Qlpdlicy. In all the reported results, we haxec A with 0.01
increments. For each point at the boundaryAgfwe simulated one point outside the stability region. Femttore, for each
data point, the arrival processes were i.i.d., the chanmagsses were Markovian as in Fig. 2 and the simulation tengis
T, = 100,000 slots.

Fig.[@ (a) presents the total average queue IQg,, = ZtT;l(Ql(t) + Q2(t))/Ts, under the FBDC policy forV = 2
queuesg = 0.25 < €., and a frame size df' = 25 slots. The boundary of the stability region is shown by (r&ws on the
two dimensional\; — A\, plane. We observe that the average queue sizes are small for;a\2) € A, and the big jumps
in queue sizes occur for points outside Fig.[? (b) presents the performance of the OLM policy with= 25 slot frames
for the same system. The simulation results suggest theg thano appreciable difference between the stability megiaf the
FBDC and the OLM policies. Note that the total average quéze is proportional to long-run packet-average delay in the
system through Little’s law. For these two figures, the agerdelay under the OLM policy is less than that under the FBDC
policy for 81% of all arrival rates considered.

Next, we implemented the FBDC and the OLM policies withow tise of any frames (i.e., f&f = 1). When there are
no frames, the FBDC policy solves the LP in Algoritlith 2 in ediche slot, and the OLM policy utilizes the queue length
information in thecurrent time slot for the weight calculations ifi (IL14). Figl 8 (a) arx) present the total average queue
size under the FBDC and the OLM policies fof = 2 queues,I’ = 1, ande = 0.40 > ¢.. Similar to the frame based
implementations, we observe that the average queue sigesall for all(A\1, \2) € A for both policies and the big jumps
in queue sizes occur for points outside which suggests that the the non-frame based implementafithe FBDC and the
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Fig. 7: The total average queue size for (a) the FBDC poliay @) the Myopic policy forT’ = 25 ande = 0.25.

OLM policies may achieve the full stability region. The reasvhy the FBDC and the OLM policies provide stability withou
the use of frames is because for large queue lengths, thercpoint that these policies choose to apply depend contplete
on the queue length ratios, and hence, the choice of cornetspand the associated saturated-system policies watilizeéhe
FBDC and the OLM policies do not change fast when the queugtherget large. Furthermore, the no-frame implementations
of these policies are more adaptive to dynamic changes ingubee sizes as compared to implementations with large fame

For the same system (i.€V, = 2 queues and = 0.40 > ¢..), Fig.[d presents the long-run packet average delay as édanc
of the sum-throughput; + A2 along the main diagonal line (i.e\; = \3). We compare the delay performance of the FBDC
and the OLM policies withI" = 1, and the Max-Weight policy which, in each time slotchooses the queue that achieves
max; Q;(t)C;(t). The maximum sum-throughput 575 — ¢/2 = 0.55 as suggested by Theordh 3. Hi§. 9 shows that while
FBDC and the OLM policies stabilize the system for &jl+ A\, < 0.55, the system becomes unstable under the Max-Weight
policy around); + A2 = 0.45. This result also confirms that the OLM policy has a much bettday performance than the
FBDC and the Max-Weight policies.

For N = 3 queues and = 0.30, Fig.[TI0 presents the long-run packet-average delay ascéidarof the sum-throughpt,; A;
along the main diagonal line (i.8\; = A2 = \3). The maximum sum-throughputis- 0.5 —ex* (1 —0.5Y) +€x0.5" = 0.65
1 —e—0.5Y(1 — 2¢) = 0.65 as suggested by Lemnia 3. Similar to the previous case[Figha®s that FBDC and the
OLM policies stabilize the system for afl_; \; < 0.65, the system becomes unstable under the Max-Weight polimyrak
>-; Ai = 0.48. This result also confirm that the OLM policy has a delay penfance than the other two policies.

The delay results in this section show that the OLM policy @ anly simpler to implement as compared to the FBDC
policy, but it can also be more delay efficient.

V. CONCLUSIONS

We investigated the dynamic server allocation problem watdomly varying connectivitgnd server switchover time~or
the case of two queues, we analytically characterized thleilisy region of the system using state-action frequendheat
are stationary solutions to an MDP formulation for the cepending saturated system. We developed the throughpintalp
FBDC policy. We also developed simpMyopic Policiesthat achieve a large fraction of the stability region. Weeexied
the stability region characterization in terms of statBeamcfrequencies and the throughput-optimality of the FBpdicy to
the general system with arbitrary number of queues. We cteiaed tight analytical outer bounds on the stabilityizag
using an upper bound on the sum-rate and showed that a simgdely\gmyopic policy achieves this sum-rate bound. The
stability region characterization in terms of the statBescfrequencies of the saturated system and the througtytirhality
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of the FBDC policy hold for systems with arbitrary switchotienes and general Markovian channels. Furthermore, tHeGB
policy provides a new framework for developing throughpptimal policies for network control as this policy can bedgo
stabilize a large class of other network control problems.

In the future, we intend to explicitly characterize the digbregion of systems with multiple-slot switchover timeavith
general Markov modulated channels. We intend to developutifrput-optimal Myopic policies for general system models
Finally, joint scheduling and routing in multihop networkéth dynamically changing channels and server switchowees
is a challenging future direction.

APPENDIX A-PROOF OFTHEOREM(]

We prove Theorerfl1 for a more general system u\tflgueues and travel time between queéwsd queuer given by D;;
slots. We call the ternzfi1 i /pi the system load and denote it pysince it is the rate with which the work is entering the
system in the form of service slots.

Necessity
We prove that a necessary condition for the stability of aoljcp is p = vazl Ai/pi < L.

Proof: Since queues have memoryless channels, for any receiv&dtpas soon as the server switches to some qieue
the expected time to ON state igp;. Namely, the time to ON state is a geometric random varialile parametep;, and
hence,1/p; is the “service time per packet” for queueln a multiuser single-server systemith or without switchover delays
with i.i.d. arrivals whose average arrival rates arei € {1, ..., N}, and i.i.d. service times independent of arrivals with mean
1/pi,i € {1,..., N}, a necessary condition for stability is given by the systeat|p, less than 1[112]. [ |

To futher ellaborate on this, consider the polling systeithwero switchover times, i.i.d. arrivals of meapand i.i.d. service
times of meanl/p;. The throughput region of this system is an upperbound orthteughput region of the corresponding
system with nonzero switchover times. This is because Bs#fime sample path of arrival and service processes, tiearsysth
zero switchover time can achieve exactly the same departapess as the system with nonzero switchover times by rgake
server idle when necessary. A necessary condition for &i®lisy of the former system isg = A1 /p1+An/py+...+ 1 /pn < 1,
(e.g., [43], [12]). Finally, note that this necessary dtgbtondition can also be derived by utilizing the statei@t frequency
approach of Sectiop I[AC for the system with i.i.d. connéttiprocesses.

Sufficiency

Proof: Under the Gated cyclic policy, we have a Polling system wiildl.i arrivals with mean\;,: € {1,..., N}, i.i.d.
service times independent of arrivals with méaip;, € {1,..., N}, and finite and constant switchover delays. It is shown in
[12] that the Gated cyclic policy results in an ergodic systé p = Zf;l l < 1, the expected per-message waiting times
in steady-state are finite, and they satisfy a pseudo-csatien law. Through Little’s law (([18, pp. 139] arl[5, pp. 1D
this implies that the expected number of packets in the systesteady state is finite, which in turn implies that the syst
is stable. |

APPENDIX B-PROOF OFTHEOREM[3|
We enumerate the states as follows:

s=(1,1,1) =1, s=(1,1,0) = 2, s=1(1,0,1) = 3, s=1(1,0,0) =4, 23
s=(21L1)=5 s=(21.0)=6 s=(201)=7 s=(20.0) =S (23)
We rewrite the balance equations [nJ(12) in more details.

2(1;1) + 2(1;0) = (1 — )*(z(1;1) + 2(5;0)) + e(1 —€)(z(2;1) + 2(6;0))
+e(1—€)(x(3;1) + 2(7;0)) + € (x(4:1) + x(8;0)) (24)

z(2;1) +2(2;0) = e(1 — €) (z(1; 1) + 2(5;0)) + (1 —€)*(x(2;1) + (6;0))
+€*(2(3;1) + 2(7;0)) + €(1 — €)(z(4;1) + z(8;0)) (25)

z(5;1) + 2(5;0) = (1 — €)*(x(5; 1) + 2(1;0)) + (1 —€)(2(6;1) + x(2;0))
+e(1—€)(x(7;1) + 2(3;0)) + € (2(8;1) + x(4;0)) (26)
z(7;1) + 2(7;0) = e(1 — €) (2(5; 1) + 2(1;0)) + €(2(6;1) + 2(2;0))

+(1—e)*(2(T;1) + 2(3;0)) + e(1 —€)(2(8;1) + z(4;0)) (27)
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The following equations hold the channel state péirs, Cs).

2(1;1) + 2(1;0) + 2(5; 1) + 2(5;0) = 1/4 (28)
2(2;1) + 2(2:0) + 2(6; 1) + 2(6;0) = 1/4 (29)
x(3;1) + 2(3;0) + 2(7;1) + 2(7;0) = 1/4 (30)
2(4;1) + 2(4;0) + 2(8; 1) + 2(8;0) = 1/4. (31)

andus = (x(5;1) + z(7;1)). Summing up[(24) with[{25) and(P6) with {27) we have

;1)
;0) + :v(2 0)) + €e(z(3;1) + (4;1)) + €(x(7;0) + 2(8;0)) + (1 — €) (x(5;0) + x(6;0))
;0 + €(z(6;1) + 2(8; 1)) + e(x(2;0) + 2(4;0)) + (1 — €) (z(1;0) + x(3;0))

Rearranging and using_(28)-(31) we have

uy = % +€(z(3;1) + 2(4;1) + 2(7;0) + 2(8;0)) — (2 — €)(z(1;0) + 2(2;0)) — (1 — €)((5; 1) + z(651))
(32)
Uy = 2 ; ‘ (2(2;0) — z(4;1) + 2(6;1) — x(8;0)) — (2 — €)(x(5;0) + z(7;0)) — (1 — €)(2(1;1) + z(3;1))
(33)
Using [26) in [32) and[{24) i (33) we have
up = % +e(x(3;1) + x(4;1) + x(7;0) + x(8;0)) — 6(21__:) (2(4;0) + 2(8; 1)) — Wx(& 1)
—€ €—¢e? —¢€)? —¢)?
+ 6(12 —(5:0) - 1:{2 —a(1:0) - (12 = E) (#(3:0) +2(T;1) — (2 e+ %)x(z; 0) (34)
Uy = 2 ; ‘4 e(x(2;0) + (6;1)) — (e + 6(21__ E)) (z(4;1) + x(8;0)) — Wx(fﬁ; 1)
—€ €—¢e? —¢€)? —¢)?
+ hx(l;o) - 1:{2 —(5:0) - (12 _E) (#(2:1) +2(6;0)) — (2 e+ (12 —9) )a(7;0). (35)
Using [30) and[(31) in[(34) and_(29) ih (35) we have
up = %ﬁ;ze) + (e + %) (z(4;1) 4+ x(8;0)) + i - (z(3;1) +z(7;0))
- Wx(&l)—i— ﬁx(f);o) - 1:(“267_‘5;5(1;0) - (2—e+ (12__6) )x(2;0) (36)
Uy = 4?22__2; - (e + 6(21__:)) (a:(4; 1)+ x(8; O)) + i - (:c(2; 0) + z(6; 1))
- Wx(g;n + 6(127__66)1:(1;0) - 1;{26__6; 7(5;:0) ~ (2 e + (12__62 )a(7;0). 37)

Consider the LP objective functiom; (z(1;1) + z(2;1)) + a2 (x(5; 1) + 2(7;1)), and note that the solution to this LP is
a stationary deterministic policy for any given andas. This means that, for any stateeitherz(s; 1) or z(s;0) has to be
zero. In order to maximize (z(1;1) + #(2;1)) + a2 (2(5;1) + x(7; 1)) we need
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0) — f 22
117(750) O | o (2—6)2+(1_€)2’
(6%} 1
1) =0 if 22
&N =00 2 T E T
o 2} 1—¢
#(5:0) =0 it 2>
z(8;0) =z(4;1) =0 if %Zla
aq
2(6:0) =0 if 22> (1—e)(3—2e),
aq
2
p(1:1) =0 if 22> 1teze
oq 1—c¢

Note that we have
2—e*+(1—-€? > (1—€)(3-2¢)>1
14+e—¢2

(2— €+ (1 —¢)? .

Y

>1

holding for alle € [0, 0.5]. Consider the following two cases:

Caseli e >e.=1—1/2/2
In this case we havél —€)(3 —2¢) < (1+¢€—€?)/(1 —¢). This means that we have the following optimal policies dejneg
on the value ofs/a;.

1 <22 <(1—¢€)(3—2e):

@queue 1 (1,1,1):stay (1,1,0): stay, (1,0,1) : switch  (1,0,0) : switch
@queue 2 (2,1,1) : stay,  (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay.

Substituting zero values for the state action pairs thahatehosen into (36) an@ (B7), it can be seen that this pobtyeaes
the rate pair
(1—¢€)(3—2¢) 3 — 2

T T 0 T ae—o

2 > (1—-¢€)(3—2e):

@queue 2 (2,1,1) : stay,  (2,1,0) : stay, (2,0,1) :stay, (2,0,0) : stay.

In this case it is optimal to stay at queue 2 for all channelditions. The decisions at queue 1 are to switch to queue 2.
Namely, it is sufficient that at least one state correspantbnserver being at queue 1 to take a switch decision, whitheis
case foras/a; > ((1 —€)(3 — 2¢)), sincex(3;1) = 0 if az/a; > 1/((1 — €)(3 — 2¢)). Since the policy decides to always

stay at queue 2, it achieves the rate pair
r = O, To = 0.5.

Note that the case fars /a1 < 1 is symmetric and can be obtained similarly.

Case-2: e<ec=1—\/§/2

In this case we havél — ¢)(3 — 2¢) > (1 + € — €?)/(1 — €). This means that before the staté;0) becomes zero, namely
for (1+e—¢€*)/(1—¢€) < as/ar < (1 —€)(3—2¢), havingz(1;1) = 0 is optimal. This means that there is one more corner
point of the rate region foe < ¢.. We have the following optimal policies.

1< &2 < 1+e—e2:
— a; — 1—e¢
@queue 1 (1,1,1) :stay (1,1,0) : stay, (1,0,1) : switch,  (1,0,0) : switch
@queue 2 (2,1,1) : stay,  (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay.

)

3 )
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This policy is the same policy as in the previous case andhiteaes the rate pair

(1—¢€)(3—2¢) 3—2¢

-_ - ro = .
102=¢) P a2—9

T =

Qg 14e—e?.
aq > 1—e °

We have the following deterministic actions.

@queue I (1,1,1):switch, (1,1,0):?, (1,0,1):switch (1,0,0) : switch

@queue 2 (2,1,1) : stay, (2,1,0):?, (2,0,1): stay, (2,0,0) : stay.
In order to find the final threshold am, /1, we substitute the above deterministic decisionsin (Z%) and [2¥). Utilizing
also [28), [2P),[[30) and(B1) we obtain
(1—¢)?

4

2(5;1) + 2(T; 1) = % +ex(6;1) (39)

x(2;1) = — (1 —¢)%x(6;1) (38)

The previous threshold on./«; for 2(6;0) to be zero, i.e.(1 — €)(3 — 2¢), is valid for the case where(1;0) = 0. Other
decisions staying the same, whefl;0) is positive andz(1;1) = 0, r, increases and, decreases. Therefore the threshold
on az/a; for z(6;0) to be zero changes, in particular, a simple derivation shizsit becomesvs /oy > (1 — €)?/e. This
gives the following two regions:

14e—e? < a2 < (1—€)?.
1—e — oy — € )

The optimal policy is

@queue I (1,1,1): switch (1,1,0) : stay, (1,0,1) : switch  (1,0,0) : switch
@queue 2 (2,1,1) : stay, (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay
From [38) and[(39) it is easy to see that this policy achieves
(1) 2
T .

T =

] (1—¢)?.
o 5 (o,

The optimal decisions at queue 1 are to switch to queue 2. ddlisy achieves
@queue 2 (2,1,1) : stay,  (2,1,0) : stay, (2,0,1):stay, (2,0,0) : stay.

This policy achives
r = O, T9 = 0.5.

Similar to Case-1, the case;/a; < 1 is symmetric and can be solved similarly.
Thus we have characterized the corner point of the stalvéityon for the two regions of. Using these corner points, it is
easy to derive the expressions for the lines connectingtbeser points, which are given in TheorEm 3.
APPENDIX C - GENERALIZATION TO NON-SYMMETRIC GILBERT-ELLIOT CHANNELS

In the following, we state results analogous to the resutakdished in Section]ll for symmetric Gilbert-Elliot cheals to
the case of non-symmetric Gilbert-Elliot channel model aemyin Fig.[2.
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Theorem 9: When the connectivity processes follow the non-symen&ilbert-Elliot channel model, the rate regiok; is

the set of all rates; > 0, o > 0 that for pg; < (=p10)* satisfy

2—pio
Po1
poim1 + hire < hj————
po1 + P1o
2
Pio P1opo1
1—pio)r1 +hare < 1-— -
( ) (p1o +Ppo1)?>  po1 + pio
rMAry < _ plo ___P1oPot1
o (P10 +Ppo1)?>  Ppo1 + pio
2
Pio P1oPo1
hori 4+ (1 —pio)ra < 1-— -
( ) (P10 +Ppo1)?>  Ppo1 + pio
hiry +porra < 1L7
Po1 + P1o

whereh; = (1 — po1)(1 — p1o), ha = 1+ p1o — p3y, and forpg; > (1 ”10) satisfy

Po1
poi71 + hara < hg————
P1o + po1
2
Pio P1opo1
ri+ry < 1— -
(p1o +Ppo1)®>  po1 + pio
Po1
hari +po1rs < h3———,
P1o + po1

wherehs = (1 — p1o)(pio + (pio + po1)(1 — p1o))-
Proof: We enumerate the states as follows:

s=(1,1,1) =1, s=(1,1,0) =2, s=(1
s=1(2,1,1)=5 s=(2,1,0)=6 s = (2,

We rewrite the balance equations [nJ(12) in more details.

2(1;1) + 2(150) = (1 = p1o)?(2(151) + 2(5;0)) + por (1 —plo)( (2;1) + x(6;0))
+po1(1 — p1o) (x(3;1) + z(7;0)) + pg; (2(4;1) + z(8;0))
2(2;1) 4+ 2(2;0) = p1o(1 — p1o) (z(1; 1) + 2(5;0)) + (1 — p10)(1 —pol)(x(2,1 + z(60))
+p01p10(517( ; )+$(770)) +p01(1—p01)( (4;1) + 2(8; ))
z(5;1) + 2(5;0) = (1 — p10)*(z(5; 1)+x(1, )) + po1(1 — pio)(z(6;1) + 2(2;0))
+por(1 = p1o) (x(7;1) + 2(3;0)) + pg; (2(8;1) + x(4;0))
2(T;1) + 2(7;0) = p1o(1 = p10) (2(5; 1) + 2(150)) + propor ((6; 1) + 2(2;0))
+(1 = po1)(1 — p1o) (2(7; 1) + 2(3;0)) + por(1 — por) (x(8; 1) + z(4;0))

The following equations hold the channel state péirs, Cs).
pgl
(Po1 + p10)?
Po1P1o

(po1 + p10)?
PoiP1o

(po1 + p10)?
p%o
(po1 + p10)?

x(1;1) + x(1;0) + x(5; 1) + x(5;0) =
x(2;1) + x(2;0) + x(6;1) + x(6;0) =

z(3;1) + 2(3;0) + z(7;1) + 2(7;0) =

xz(4;1) + 2(4;0) + x(8;1) + 2(8;0) =
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Let u; = (z(1;1) + x(2;1) andug = (x(5;1) + :c(7' 1)). Summing up[(41) with[{42) and(¥3) with-(44) we have

prour = —(2(1;0) +2(2;0)) + por (#(3; 1) + (43 1)) + por (¢(7;0) +(8;0)) + (1 — p10) (x(5;0) + 2(6;0))
prouz = —(2(5;0) + =(7;0)) + por (I +2(8;1)) + por (#(2;0) + 2(4;0)) + (1 = p1o) (2(1;0) + 2(3;0))

Rearranging and using_(#¥9)-(48) we have

_ por(1=p10) +po1(#(3; 1) + 2(4; 1) + 2(7;0) + 2(8;0)) — (2 — p1o) (#(1;0) + 2(2;0)) — (1 = p1o) (x(5; 1) + 2(6;1))
Po1+Ppio
(49)
_ Pou(pon PIODOPIO) 4 ((2:0) = (d: 1) (62 1)~ (8:0)) — (2 o) (w(5: 0)+ (73 0)) — (1 pao) ({1 1) +(3: ).
(po1+p10)
(50)

Using [43) in [49) and[(41) il (30) we have

~ po1(1—pio) . , ] ) _p(2)1(1_p10) . 1N (1 Po1(1 — p1o) .
= +po1 (z(3; 1)+ (45 1) +2(7;0)+z(8; 0)) @) (z(4;0)+z(8;1))—(1 plo)(1+p7w(2 _plo))x(6, 1)
1—pio 2(5:0) — 14—1’10—1)%0/17 ) _p01(1—p10)2 (3 (7 1)) — (2— po1(1 — p1o)? (2
p10(2 = p10) (5:0) p10(2 — p1o) (1:0) p10(2 — p1o) (+(3:0) +(T:1)) (2 Pt P10(2 = p1o) ) (2:0) &)
_ P01(p01 +P10—p01p10) . . . p%l(l_plO) . . 1 p01(1—]910) .
= PP S o ((2:0) (6 1) (p01+p710 (2_p10)) (145 1) (850)) = (1 —pao) (14 D2 5P (3:1)
1 —pio oy L4pio — Dl . ~ por(l— p10)? . o (o po1(1 — p1o)? .
Sy e(150) = B (5 0) — PP (2(2:1) 4 0(6:0) (2 P+ o )a(7;0). (52)
Using [4T) and[(48) in((31) and_(#6) ih_(52) we have
_ por(1=pio) P31 (1—p1o) P31 (1—p1o) (4 (8 Po1 (3 (7
e Po1+P1o (2 = p10) (Po1+p10)? * P10(2—p10) (2(41) +2(8;0)) + P10(2 — p10) (2(3;1) +2(7;0))
1 po1(1 = pio) 2(6: 1-pio e gy 14—1?10—17%0:17 o (o po1(1—pio)? (2
S p10)(1+p10(2 - Plo)) (6; 1)4—]910(2—]?10) (5:0) P10(2—p10) (1;0) (2 Pro P10(2—p10) ) (20) (53)
_ Do (Po1+Pp10—Ppo1P10) _ Pgl(l—plo)Q _ P(Qn(l—plo) . . Po1 ) )
— ot o) @ pro) o1 + 102 (p01 +p710(2_p10)) (z(4;1)+2(8;0)) + @ —pro) (z(2;0) + 2(6;1))

1 Po1(1=p10)\ o 1 —pio v LEpo—=pio o (o po1(1 = pio)? .
(1=p10)(1+ 0(2—1?10)):8(3’ D+ P10(2 —plo)x(LO) P10(2 — p10) z(5:0) (2 Pro P10(2 — p10) )x(?, 0)- (34)

Consider the LP objective functiom (z(1;1) + (2;1)) 4+ a2 (2(5;1) + 2(7;1)), and note that the solution to this LP is a
stationary deterministic policy for any givem and as. This means that, for any stateeither xz(s;1) or z(s;0) has to be
zero. In order to maximizer; (z(1;1) + z(2;1)) + a2 (z(5;1) + 2(7; 1)) we need

. (%) Po1
2(7;0) =0 if 2> :
(7:0) a; — p1o(2 —p10)? + poi1(1 — p1o)?

. (%) Po1
31 =0 if 2> :
(3:1) a; — (1 —=pi0)(P10(2 = p1o) + po1(1 — p1o))
Qg 1—pio

2(5:0)=0 if 2>_~"P0O0
(5:0) ar — 1+pio—ph
2(8;0) = z(4;1) = 0 if %21,

1

2(6:0) = 0 if a2 (1 —p10)(P10(2 = p10) + po1 (1 — p10))

aq Po1
1 _ 2
z(1;1) =0 if @2 > 1+ P10~ Pio plo.
o 1 —p1o
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Note that we have that

p10(2 — p10)* + po1(1 — p10)* 1+ p1o — pio
Po1 1—pio

p10(2 — p10)* + po1(1 — p10)? (1 = p10)(P10(2 — p10) + Po1(1 — p10))
Po1 Po1

>1

Y

>1

Y

3

whenevermo + p1g < 1 (the condition for positive correlation). Consider theldaling two cases:

. (1—-p10)®
Ca%-l Po1 Z 2}%

2
In this case we havél"’10)(1’10(2—;;110)%01(l—mo)) < 1*{’3;;?10. This means that we have the following optimal policies
depending on the value @fy/q;.

1< (¥2 < (A—p10)(P10(2—p10)+po1 (1— ;Dlo))
Po1

@queue 1 (1,1,1):stay (1,1,0) : stay, (1,0,1) : switch,  (1,0,0) : switch
@queue 2 (2,1,1) :stay, (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay

Substituting the above zero variables iftal (53) dnd (54)ait be seen that this policy achieves the rate pair

1 — p1o po1pio + po1(1 — pio)(Po1 + pio) - 1 poipio + po1(1 — pio)(po1 + Plo)
2 —p1o (po1 + p10)? ’ 2 —p1o (po1 + p10)?

r =

Q2 (1—-p10)(P10(2—p10)+po1(1—pi0)) .
[e31 Po1 :

@queue 2 (2,1,1) :stay,  (2,1,0) : stay, (2,0,1):stay, (2,0,0) : stay.

In this case it is optimal to stay at queue 2 for all channelditions. The decisions at queue 1 are to switch to queue 2.
Namely, it is sufficient that at least one state correspantbnserver being at queue 1 to take a switch decision, whitheis
case foray /oy > (=P pm)“’“l(l ) sincex(3;1) = 0 if ag/aq > (L=2e)@r0C=pio)+poi1=p10))y-1 gince the

p
policy decides to always stay ‘at queue 2, it achleves thepaite "

Po1
Po1 + P1o
Note that the case faz /a1 < 1 is symmetric and can be obtained similarly.

7‘120, Ty =

. (1—-p10)®
Case-2: po1 < ﬁ

2
In this case we havgl_pw)(pw(2_;110)””1(1_’”0)) > 1+f“;_p1“ This means that before the stat@@; 0) becomes zero, namely

2
Hfj‘)ip:f“’ < as/oq < (1=p10)(P10o(2 Zf;ll“)“’f’l(l P10)) , havingz(1;1) = 0 is optimal. This means that there is one more

corner point to the rate region fap; < % We have the following optimal policies.

for

1< 22 < 1+p10—pio -
— a1 — 1—pio

@queue 1 (1,1,1):stay (1,1,0): stay, (1,0,1) : switch  (1,0,0) : switch
@queue 2 (2,1,1) :stay, (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay

This policy is the same policy as in the previous case andhieaes the rate pair

= 1 — p1o po1pio + po1(1 — pio)(Po1 + pio) - 1 poipio + poi(1 — pio)(po1 + pio)
2 —p1o (po1 + p10)? ’ 2 —p1o (po1 + p10)?
Q- 1+p10—pig -
g 1—pio
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We have the following deterministic actions.

@queue I (1,1,1) : switch (1,1,0):?, (1,0,1): switch (1,0,0) : switch
@queue 2 (2,1,1) : stay, (2,1,0): 2, (2,0,1): stay, (2,0,0) : stay.

In order to find the final threshold am, /1, we substitute the above deterministic decision$in (423) énd [(4%). Utilizing
also [45%), [(4b),[(47) and_(#8) we obtain
(1- 5)2 2
x(2;1) = T (1 —€)?z(6;1) (55)

Po1(P1o — Propo1 + por)
(po1 + p10)?

z(5;1) +2(7;1) =

+ po1x(6;1) (56)

The previous threshold ony/a; for z(6;0) to be zero, i.e. t=pilleCrioltral=r)) is valid for the case where

x(1;0) = 0. Other decisions staying the same, whei;0) is positive andx(l 1) = 0, ro increases and; decreases.
Therefore the threshold ons/«; for z(6;0) to be zero changes, in particular, a simple derivation shihas it becomes
ag/ag > (1 —p10)(1 — po1)/po1- This gives the following two regions:

14+pio—p} :
epoctia < 58 < (1= pro)(1 - po) o

The optimal policy is

@queue I (1,1,1) : switch (1,1,0) : stay, (1,0,1) : switch,  (1,0,0) : switch
@queue 2 (2,1,1) : stay, (2,1,0) : switch, (2,0,1) : stay, (2,0,0) : stay

From [55%) and[(36) it is easy to see that this policy achieves

PoiP1o ry = Po1 (plo — P1oPo1 +p01)
(po1 + p10)?’ (po1 + p10)?

r1 = (1= p10)(1 — po1)

a2 > (1= pi0)(1 = por)/por:

The optimal policy is
@queue 2 (2,1,1) : stay,  (2,1,0) : stay, (2,0,1) :stay, (2,0,0) : stay.

The optimal decisions at queue 1 are to switch to queue 2. ddlisy achieves
Po1
Po1 + Pio

Similar to Case-1, the case/«; < 1 is symmetric and can be solved similarly.

Thus we have characterized the corner point of the stabi#igyon for the two regions ofy; andp;o. Using these corner
points, it is easy to derive the expressions for the linesieoting these corner points, which are given in Thedrem 9.m

Closely examining the upper bound on sum-ragter- o, the term1 — p?,/(p10 + po1)? is the steady state probability that
at least one channel is in ON state. This is the maximum aahlevsum-rate value for the system with zero switchover
delay studied in[[40]. Therefore, the ter}gﬁw is exactly the loss due to switchover delay. It can be showan timder a
sum-rate-optimal policy, this term is equal to the steadyesprobability that server is at a queue with an OFF charta& s
when the other queue is at an ON channel state.

The FBDC policy is asymptotically throughput-optimal undbe non-symmetric Gilbert-Elliot channel model. This is
straightforward as the FBDC policy only needs to solve tharRIgorithm[2 for a given Markovian state transition struic,
and the non-symmetric Gilbert-Elliot channel model leanlsatMarkovian state transition structure. For the non-sytrime
Gilbert-Elliot channels case, the mappings from the quérnessto the corner points of the rate region used by the FBDC
policy, analogues to the mappings in tallés Il, Bnd | can keinéd from the slopes of the lines forming the boundary ef th
stability region. Furthermore, an analysis very similathie one in Section II-E gives the correspondmg mappingtier@ne
Lookahead Myopic (OLM) policy. These mappings are shown&hla[\ for the case ofy; < 1 pw) , and in Tabld_VI for

the case ofo; > %.

7‘1:0, o =
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« Q2
0 Ti(e) Ty(e) Tale) T5(e) 1 T3 (€) Ts(e) Ti(e) Tule) Q)
L A rz 21 | vl -
- - - - >
Ay AY ’ ’
AY Ay ’ ’
comerbs Y, cornerbs %,  comerbz cornerby / comerb, ,/cornerbg

(1,1,1): stay | (1,1,1): stay |(1,1,1): stay [(1,1,1): stay |(1,1,1): switch{(1,1,1): switch|
(1,1,0): stay |(1,1,0): stay |(1,1,0): stay |(1,1,0): stay | (1,1,0): stay |(1,1,0): switch
(1,0,1): stay |(1,0,1): switch (1,0,1): switc (1,0,1): switch| (1,0,1): switch (1,0,1): swit
(1,0,0): stay | (1,0,0): stay |(1,0,0): stay |(1,0,0): switch|(1,0,0): switch (1,0,0): switc
(2,1,1): switchf (2,1,1): switch (2,1,1): stay |(2,1,1): stay | (2,1,1): stay| (2,1,1): sta
(2,1,0): switch| (2,1,0): switcp(2,1,0): switch (2,1,0): switch| (2,1,0): switii2,1,0): stay

(2,0,1): switch| (2,0,1): stay |(2,0,1): stay |(2,0,1): stay [(2,0,1): stay | (2,0,1): stay
(2,0,0): switch| (2,0,0): switcH (2,0,0): switcH (2,0,0): stay [(2,0,0): stay |(2,0,0): stay

=3

TABLE V: Mapping from the queue sizes to the corners/Ad, bo, b1, b2, b3, ba, bs, for po1 < %. For each state = (m(t), C1(t), C2(t)) the
optimal action is specified. The thresholds@p/Q1 for the FBDC policy aré, T} = po1/((1—po1)(1—p10)), T5 = (1 —p10)/(1+p10 —p§0)7 1,75 =
1/Ty, Ty = 1/T5 and for the OLM policy aré), T = po1/(1 — p10), T2 = (1 — p10)/(2 — po1), 1,13 = 1/T>, Ty = 1/T}. For example corneb; is
chosen in the FBDC policy it < Q2/Q1 < T3, whereas in the OLM policy ift < Q2/Q1 < T3.

T Ty 1 Ty T Q2
.U |1 5! | Z |2 Q.
\. 1) 4 =
\ 1 /'

cornerbs '\ cornerbs ! cornerby *  cornerbg
(1,1,1): stay (1,1,1): stay (1,1,1): stay (1,1,1): switch
(1,1,0): stay (1,1,0): stay (1,1,0): stay (1,1,0): switch
(1,0,1): stay (1,0,1): switch (1,0,1): switch (1,0,1): switch
(1,0,0): stay (1,0,0): stay (1,0,0): switch (1,0,0): switch
(2,1,1): switch (2,1,1): stay (2,1,1): stay (2,1,1): stay
(2,1,0): switch (2,1,0): switch (2,1,0): switch (2,1,0): stay
(2,0,1): switch (2,0,1): stay (2,0,1): stay (2,0,1): stay
(2,0,0): switch (2,0,0): switch (2,0,0): stay (2,0,0): stay

2
TABLE VI: Mapping from the queue sizes to the corners Af, bo, b1, b2, b3, for po1 > % For each stats = (m(t), C1(t),Ca(t)) the
optimal action is specified. The thresholds @3»/Q1 for the FBDC policy are0, T} = p01/((pl — p1o)(p1o + (p1o + po1)(1 — p10))), 1, Ty =

(1 —=p10)(P10 + (P10 +po1)(1 — p10))/po1 and for the OLM policy ard, T = po1/(1 — p10), 1,T2 = (1 — p10)/po1. For example corneb; is chosen
in the FBDC policy if1 < Q2/Q1 < Ty, whereas in the OLM policy il < Q2/Q1 < Ts.

APPENDIXD - PROOF OFTHEOREM[

Let 5 be the first slot of théth frame where,.; =t + 7. Let D;(t) be theservice opportunitgiven to queue at time
slot ¢, where D;(t) is equal tol if queue: is scheduled at time sldt (regardless of whether queuds empty or not) and
zero otherwise. We have the following queue evolution iefat

Similarly, the followingT-step queue evolution relation holds:

T-1
Qi(tr + T) <maxq Qi(ty) =y _Dj(ty +7),0
o
+ Z Aty + 1), (58)
7=0

where Zf;ol D;(t, + 7) is the totalservice opportunitygiven to queuei during the k™ frame. To see this, note that if
Zf;ol D;(t, + 1), the totalservice opportunitygiven to queue during thek™ frame, is smaller thad);(t), then we have
an equality. Otherwise, the first term is 0 and we have an al@guThis is because some of the arrivals during the frame
might depart before the end of the frame. Note t@f;ol D;(tr + 7) denotes the link departures that would happen in
the correspondingaturated systenf we were to apply thesameswitching decisions over’ time slots in the corresponding
saturated system. We first prove stability at the frame batiad. Define the quadratic Lyapunov function

2
L(Q(t) = Y Qi (1),
1=1
which represents a quadratic measure of the total load isyteem at time slot. Define theT-step conditional drift

Ar(ty) £E[LQ(ty + T)) — L(Q(tx))|Q(tk)] ,
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where the conditional expectation is over the randomneasrivals and possibly the scheduling decisions. Squarat bides
of (B8), usingmax(0, z)? < 2%,Vax € NU {0}, and D;(t) < 1,Vt we have

Qilty + T)2—Qi(ty)? < T? + (ZAtk—i—T)

T-1

—2Qi(ty) (X:Di(tk +7) ‘ZAi (tr + r)) : (59)

7=0 7=0

Summing [(5D) over the queues, usiBify; (t)?] < A2 for all time

max

slotst; andt., we can easily derive the following-step conditional Lyapunov dr|ft

Ar(ty) <2BT? +2T % Qiltx)A

—2) " Qi(ty)E
whereB = 1 + A2

‘2 ax and we used the fact that the arrival processes are i.i.d.towe, independent of the queue lengths.
Recall the definition of the reward functioms(s;, a;) in in @) and [#) and le¥;(s;, a;) be the reward function associated
with applying policyw* given in the definition of the FBDC policy in Algorithid 2 to tteaturated system. L&t (¢) denote
7i(st, a;) for notational simplicity;i € {1, 2}. Note thatr;(¢) is equal toD;(t), sinceD;(t) is theservice opportunitgiven to
link ¢ at time slott. Now letr* = (r}); be the infinite horizon average rate associated with patityLet x* be the optimal
vector of state-action frequencies correspondingtoDefine the time-average empirical reward from quéuethe saturated
system,rr;(t;), @ € {1,2} by

andE[A4; (t1)Ai(t2)] < VE[A;(t1)]PE[A; (t2)]2 < A2

max

T-1
ZDi(tk-i-T)‘Q(tk)], (60)
7=0

T-1

. ! _
Pri(ty) = T TZ% Ti(ty + 7).
Similarly, define the time average empirical state-acti@yfiency vectoky (t;s,a).
thrT 1
(tky S, a Z I{s,._s a,=a} (61)
T= tk

where I is the indicator function of an everit, i.e., Iy = 1 if E occurs and/g = 0 otherwise. Using the definition of the
reward functions in[{3) and{4), we have that

P (tr) ZZrzsaxT ti;s,a), i € {1,2},

s€eS a
andir(tx) = (P11 (tk)):. Similarly, we have

= ZZFi(s,a)x*(s,a), ie€{1,2}.
seS a
Now we utilize the following key MDP theory result in Lemmal4[27], which states that a% increasesxr(t;) =
(x7(tx;s,a))s,a CONVErges tac*.
Lemma 4: For every choice of initial state distribution, there std constantg; and ¢, such that

P(|[%7 (tr) — x*|| = 60) < c1e™%T, YT > 1, V5, > 0.

Furthermore, convergence &y (¢) to x* is with probability (w.p.) 1.
This result applies in our system because every extreme goiaf X can beattained by a stationary and deterministic policy
that has a single irreducible recurrent class in its undwegljarkov chain [[27], [EE Due to the linear mapping from the
state-action frequencies to the rewards, by Schwartz elégueach component dfr(¢;) also converges to the corresponding
component ofr*. Therefore, we have that for every choice of initial statstriiution, there exists constants and ¢, such
that

P(||fr(tk) — r¥|| > 61) < cre %7, VT > 1,5, > 0. (62)

a Markov chain with a single recurrent class.
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Furthermore, convergence of(t;) to r* is w.p. 1. Now letRp(t) = >, Qi(tx)rr,i(tx) and R*(ty) = >, Qi(tx)r;. We
rewrite the drift expression:

Ap(ty)

< BT+ Z Qi(ti)hi —E [Rr(te)|Q(te)]

— BT+ ZQi(tk)/\i -~ ZQi(tk)r

+ E[R*(tx) —Rr(tx)|Q(tr)] - (63)
Now we bound the last term. For al} > 0 we have

E [R*(tx) — Rr(ty)|Q(tr)] =
=E[R*(ty) = Rr(ty)|Q(tx), R* (tr) — Rr(ty) > 82/[Q(t)]]]
P (R*(tx) — Rr(t) > 52| |Q(tx || |Q(tr))
+E[R*(tk)—RT tk ‘Q tr ,R*(tk) (tk)<62||Q(tk)||]
]P’(R*(tk) — Ry(t) < 62|Q(tx)|| |Q(tr))
ZQ ti))P(| R (tx) =Ry (t)| > 62/|Q(tx) 1] | Q(tr))

n 02| Q(tx)I], (64)

where we bound the first expectation by, Q;(tx) by using||r*|| < 1, the second expectation By||Q(tx)|| and the second
probability by 1. By Schwartz inequality we have

P (|R*(tx) — Rr(tr)] = 62[|Q(tx)|| |Q(tx))
< P ([[r* = Er(te)|] > 62| Q(tr)) - (65)

Using [62) and[(65) in[(64), we have
BIR* (0) = Rr(t| QU] £ (2 Qu(t) cre™ 4T+l Qe0

Hence, using|Q(tx)|| < Y, Qi(tx), we bound[(EB) as
Arlt) _ pr +ZQ1 B\ ZQl to)r

2T
(ZQZ tk) (cle C'*‘;?T—i—ég)

. . 2
Therefore, calling = c;e= %7 + §,, we have

A
géf’“ <BT+ZQ1 ) A ZQ te r+5ZQ tr). (66)

Now for X strictly inside thes-stripped stability regionA?, there exist a smalf > 0 such that\ + ¢.1 = r — 61, for some
r € A,. Utilizing this and the fact tha} ", Q;(¢)(r; — r}) < 0 by definition of the FBDC policy in Algorithnil]2, we have,

A;jf’f < BT - (ZQ (1)) (67)

Therefore, the queue sizes have negative drift wherQ;(t) is larger thanBT'/£. This establishes stability of the queue sizes
at the frame boundaries= kT, k = {0, 1,2, ...} for X within the §-strippedstability regionA?. To see this, take expectations
with respect toQ(¢x) to have

E[L(Q(tr+1))] — E[L(Q(tr))] < 2BT? - 2TE

> Qilts)

i

Writing a similar expression over the frame boundatie¢ € {0, 1,2, ..., K}, summing them and telescoping these expressions

leads to Kt
L(Q(tk)) — L(Q(0)) < 2KBT? - 2(T» E | Qi(ml :

k=0 i
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Using L(Q(tx)) > 0 and L(Q(0)) = 0, we have

K—-1
1 BT
— E E ; < — .
Kk_oEl i Ql(tk)] <7 < o0
This implies that

BT
linsup 7 ZEE =
This establishes stability (as defined in Definitidn 1) at fiteene boundariesy, k € {0,1,2,...}.

For any given timet € (ty,t,11) we haveQ;(t) < Qi(ty) + S.r_o Ai(ty, + 7). Therefore,E[Qi(t)] < E[Q;(t4)] +
TN < E[Q;(tr)] + T Amax. Hence stability at the frame boundaries implies the oVestalbility of the system. Finally,
§ = cre=%T 4 5, for any &, > 0. Therefore choosing, appropriately (for examples, = 7-9-5+% for some smalb; > 0),
we have that)(T") is a decreasing function df. Therefore, for anyy > 0, one can findI" such that the hypothesis of the
theorem holds.

APPENDIX E - PROOF OFLEMMA [2

U — Zi Qi(t)fi
> Qi(t)r]
Considering the mappings in tableg Il and IV, for the regiaf ¢ where the OLM policy and the optimal policy “choose”
the same corner point, we have= 1. In the following we analyze the rati@ in the regions where the two policies choose
different corner points, which we call “discrepant” regioWe will use@; and @ instead of();(¢) andQ2(t) for notational
simplicity. We first consider the cagg, > @)1, and divide the proof into separate cases for differentoregjofe values.

We first establish that
> 0.90.

Weighted Departure-Rate Ratio Analysis, Case 1: € < ¢,
Note that the following inequality always hold%— > 1“ 6 8! . However, we havé— (1 > fore= e = 0.245 for the
case ofe < e, = 0.293.

Case 1.1 e < ¢
For this case we havé=¢ < (4=,

Discrepant Region 1£=<" 5) < Q: < L=
In this case the OLM poI|cy chooses the corner poéintvhereas the optimal policy chooses the corner plyjntTherefore,
Qu(55) + Qa3 - 9) e (-0 «

>1- -
Q21 S T

v =

€
5 =
Discrepant Region 2@ < 82 < 2=
In this case the OLM policy chooses the corner p(bmWhereas the optimal policy chooses the corner pbiniTherefore,

Ql( + 5p= e))+Q2( 82— e))
Q1 ( A=) 1 Qy(L - )

§_£+_+_ 3 _ _€e
_ 8 2 =oE (62)2 €) 5 ( 8(275)) > 0.9002.
801

This is a minimization of a function of two variables for albgsiblee values in the intervad < ¢ < ¢, and the ratiog—f in
| 1+e I3 )

the interva o

CASE 1.2 € < €< €, ,
For this case we havé= > @
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Discrepant Region 1%2 Eg <92 ol
In this case the OLM policy chooses the corner poéintvhereas the optimal policy chooses the corner pajniTherefore,

Q) + @3- %) >1_§+(1—6)2 €

Q21 =2 2 1-e

> 0.9500.

v =

(™)

€

= 11— —
2

Discrepant Region 25" :) <& 2
In this case the OLM policy chooses the corner poéintvhereas the optimal policy chooses the corner pajnfTherefore,

Q1(§_§ 8(2— 5))+Q2( T 82— 5))

Q22
1—€,,3 €

—(2—6)(1_6+4(2—e)

v =

3 €
- — > 0.9150.
R To

Discrepant Region 3&=) « Q2 o (1-9°
In this case the OLM policy chooses the corner p(bmwhereas the optimal policy chooses the corner pbinfTherefore,
Ql( 8(2 e)+Q2( T 82— 5))

Ql(“ ) + Q23— 4)
R e)+Q2( - 5)
ET G-

Due to symmetry, the same bounds wrapplies forQ, < Q1.

Weighted Departure-Rate Ratio Analysis, Case 2: € > ¢,
For the case where> e.., we have(l —¢)(3 —2¢) < (1 —¢)/e and 1=¢

the FBDC and the OLM policies fo@: > @ is given by (1 — e)(3 — 26) < % < % where for this interval the OLM
policy chooses the corner poibt, whereas the FBDC policy chooses the corner pajnt

Discrepant Region 1(1 — ¢)(3 — 2¢) < 92 < 1=¢

In this case the OLM policy chooses t%e corner pointvhereas the optimal policy chooses the corner pajniTherefore,

Q1(§_§ 8(2— e))+Q2( 8(2— e))
Q22

€ 3 €
= (1—6)(Z_€+4(2—6))+Z_4(2—6)

V=

> > 0.9474.

v =

> 0.914.

Due to symmetry, the same bound @napplies forQ. < Q. Combining all the cases, for adl € [0,0.5], we have that
¥ > 0.90 for all possibleQ; andQ-.
Now the following drift expression for the OLM policy can berized similarly to the derivation of (66) used in the proof
of Theoren{ &:
AT(tk

ST <BT+Z Qi(tx) i_z Qi(tk)fﬁ-&tz Qi(tr),
whereds(T) is a decreasing function &f. Using [15)
Ar(ty)
T( k <BT+ZQ (tr)A —0-92Qi(tk)7°f+54262i(fk)-

Using an argument similar to that fdr {73) we have that(for, \2) strictly inside the 0.9 fraction of th&,-strippedstability
region, there exist a smafl > 0 such that(\;, A2) + (£,€) = 0.9(r1,72) — (04, 94), fOr somer = (r1,r2) € Ag. Substituting
this expression fofA;, A\2) and using, Q;(t)(r —r;) < 0 we have,

ATT(tk) < (B—t—K)T—t—O.QXi:Qi(fk)(T’ — i)

—(;Qz«m) b - (;wm)e(;@(tw) s
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After cancelations we have,

) (o)

Therefore, using an argument similar to the proof of Thed#m Appendix C, the system is stable for arrival rates within
at least the 0.9 fraction aof,-strippedstability region, wheré,(T') is a decreasing function d&f.

APPENDIX F - PROOF OFLEMMA [3

We follow similar steps to the proof of the sum-throughpupeipbound for the case of two queues in Appendix A. In order
to obtain an expression fat,i € {1,..., N}, we sum the ~! equations in[(1I7) for which the server locationis i and the
channel process of queugC;, is 1. This gives for alk € {1,..., N}

DioTi = Z Z x(s,a) +p01z

sm za;éz

+ (1—1)10) Z 571) +p01z

s:m#i s:m#i

Summingr; over all queues and using the normalization condifion " x(s,a) = 1, we have

N N
(p1o+p01)z7°i = po1 — ZZ Z

i=1 i=1 j#i st m=i
i c:Z1.C1=0

N
—(p01+p10)zz Z x(s;7)

=1 j#i stm=t
Jj# cEE

N
+ (1—p01—p10)zz Z
1=1 j;éiC'ig)nC?jizl

From Corollary[1, there exists a stationary-determinigtiticy 7 that solves this LP of maximizind_, r;(x) over the state-
action polytopeX. Therefore, under this policy, at each state, at least one of the actions must batate-action frequency.
Therefore, in order to maximize the sum-rate, the terms lihge negative contribution to the sum-rate must be zero:

N N
(P10 +p01)z7"i = po1 + (1 = po1 — p1o Z Z Z x(s;7). (68)
i=1 i=1 J;ézc s: mc Z_l

Similar to the two-queue case in Appendix A, we utilize thpr@ssions resulting from the fact that the steady stategtibty

of each channel state vector is known. For mstancecﬁ&) (Cl, ., Cn) = (0, ..., 0)) (miw, we have

C;=0,vj
Summing these expressions we obtain
N N
D20 X xmi=1-6" =3
i=1 7;&1'0;670:;:1 i=1

Combining this expression witli_(68) we obtain
N

ZTi =1-C6" = (po(1 = ") = parC§™).

i=1
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APPENDIX G - PROOF OFTHEOREMI[g

This proof follows very similar lines to the proof of Theor&hin Appendix D. The followingl’-step conditional Lyapunov
drift expression can easily be derived similar [fa] (60).
N
Ar(ty) SNBT? + 2T " Qiltx)A
=1
T-1
—23 Qit)E | Y Dit +7)|Q(t)),
4 T7=0
where B = 1 + A2 . Recall the definition of the reward functiong(s;, a;), i € {1,..., N}, in (I8) and letr;(s¢, a;) be the
reward function associated with applying poligy given in the definition of the FBDC policy in Algorithid 6 to tisaturated
system. Lef;(t) denoter; (s, a;) for notational simplicity; € {1,..., N}. Note again that;(¢) is equal toD;(t), sinceD;(t)
is the service opportunitygiven to link: at time slott. Now letr* = (r}); be the infinite horizon average rate associated with
policy =*. Let x* be the optimal vector of state-action frequencies cornedjpg to «*. Define the time-average empirical
reward from queué in the saturated systemy;(tx), i € {1,..., N} by

T-1

. 1 _
Pri(ty) = T Z Ti(ty + 7).
7=0
Similarly, define the time average empirical state-acti@yfiency vectok(tx;s, a).
tk-l-T 1
(tka S, a Z I{sTfs ar=a}
T= tk

whereIg is the indicator function of an evelf, i.e., I = 1 if E occurs andlg = 0 otherwise. Using the definition of the
reward functions in[(16), we have that

7. (th) ZZnsathk,sa)ze{l N},
scSacA
andtr(ty) = (fr1(tx)):. Similarly, we have
rr =YY Ti(s,a)x"(s,a),i € {l,...,N}.
scSacA

Again utilizing Lemma 4.1 in[[27], we have that for every cbmiof initial state distribution, there exists constantsand c;
such that ,
P(||E7(tg) — r*[| > 61) < cre” 20T VT > 1,¥6; > 0. (69)

Furthermore, convergence of(t) to r* is w.p. 1. Now letRp(tx) = >, Qi(tr)7r,i(tr) and R*(tx) = >, Qi(tx)r;. We
rewrite the drift expression:

Agéf’“) < NBT+ ZQi t)Ai — E [Re(t)|Q(tr)]
_ NBT ZQltkA —ZQltk
+ E [R*(tk) — Ry ( tk )|Q(tk)] - (70)
The last term can be bounded similarly [51(64) to have fosalh 0
E [R*(tx) — Rr(tr)|Q(tr)] ZQz (tr))P(|R(tr) =R (tr)| > 62| |Q(tx)|] | Q(tx)) + 02/|Q(t1)]I. (71)

By Schwartz inequality we have

(|R*( k) — Ro(te)| > 62/ |Q(tw) || |Q(tk))
P (|[r* — £r(t)|| > 62| Q(tr)) - (72)

Using [69) and[{72) in[{71), we have
B (t) = Rr(t)| Q(ew)] £ (3 Q) e T4l Qe
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Hence, using|Q(tx)|| < >, Qi(tx), we bound[(7D) as

A NBT
% < — +¥ Qi(tk))\i—;Qi(tk)rr

+ (Z Qi(tk)) (616_035§T+52) .

. . 2
Therefore, callingd = c¢;e= %7 + §,, we have

A NBT
% S—— +; Qi(tr)Ni —; Qi(tk)rf"“szi: Qi(tr)-

Now for X strictly inside thes-stripped stability regionA?, there exist a smaf > 0 such that\ + ¢.1 = r — 61, for some
r € A,. Utilizing this and the fact tha}_, Q;(¢)(r; — r}) < 0 by definition of the FBDC policy in Algorithrll2, we have,

S <t (Tam)e ©
Therefore, the queue sizes have negative drift wherQ;(¢) is larger thanNQ—iT. This establishes stability of the queue sizes
at the frame boundaries= kT, k = {0,1,2,...} for A within the §-stripped stability regionA? (see e.g.,[[32, Theorem 3]).

For any given time € (tx,tx+1) we haveQ;(t) < Q;(tx) + Zf;(} Ai(ty + 7). Therefore E[Q;(t)] < E[Q;(tx)] + TA; <
E[Q;(tx)] + T Amax. Hence stability at the frame boundaries implies the oVstability of the system since the frame length
is constant. Finallyy = cre—es%T 4 5, for any d, > 0. Therefore choosing, appropriately (for examplel, = 7~%5+% for
some smalb; > 0), we have that(T) is a decreasing function &f. Therefore, for any > 0, one can findl" such that the
hypothesis of the theorem holds.
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