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Abstract— Emerging spread spectrum high-speed data net-
works utilize multiple channels via orthogonal codes or
frequency-hoppingpatterns such that multiple users can trans-
mit concurrently. In this paper, we develop a framework for
opportunistic schedulingover multiple wir elesschannels.With a
realistic channel model, any subsetof users can be selectedfor
data transmission at any time, albeit with differ ent thr oughputs
and systemresource requirements.We rst transform selection
of the bestusersand rates from a complex general optimization
probleminto a decoupledand tractable formulation: a multi-user
scheduling problem that maximizestotal systemthr oughput and
a control-update problemthat ensureslong-term deterministic or
probabilistic fairnessconstraints. We then design and evaluate
practical schedulersthat approximate theseobjectives.

Index Terms—Weighted fair scheduling, multi-channel
scheduling, probabilistic fair nessguarantees,wir elessnetworks

I. INTRODUCTION

Achieving fair bandwidthallocationis animportantgoal for
futurewirelessnetworks andhasbeena topic of intenserecent
research(see[1] for example and the referencegherein).In
particular in errorpronewirelesslinks with a binary channel
model (0 or 100% link error) it is impracticalto guarantee
identicalthroughputsto eachuserover shorttime scalesyet,
over longer time scales,as channelconditionsvary, lagging
0 ws can “catch up” to re-normalizeeach o w's cumulatve
service(see[2] for example).Undera morerealistic “contin-
uous” channelmodel, ary usercantransmitat ary time, yet
userswill attaindifferentperformancdevels(e.g.,throughput)
and require different system resourcesdependingon their
currentchannelcondition. Several schedulingalgorithmshave
beendesignedfor continuouschannelsthat provide temporal
or throughputfairnessguarantee$3], [4], [5].

Regardlessof the channel model employed, a common
assumptiorof existing designsis that only a single usercan
accesghe channelat a giventime, i.e., time division multiple
access(TDMA). However, spreadspectrumtechniquesare
increasinglybeing deployed to allow multiple data usersto
transmitsimultaneoushon a relatively small numberof sepa-
ratehigh-ratechannelsin particular multiple logical channels
canbe createdvia differentfrequengy hoppingpatternsor via
orthogonalcodesin CodeDivision Multiple Access(CDMA)
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systems.In this paper we develop a novel frameawork for
designand analysisof multi-channelwirelessschedulerghat
opportunisticallyexploit variationsin userchannelconditions
to selectthe bestset of usersand ratesto scheduleat each
time instancesubjectto fairnessandresourceconstraintsOur
approachs asfollows.

First, we develop a general methodologyfor design of
opportunisticfair wirelessscheduleraising an adaptve con-
trol framewvork. The framawvork consistsof a scheduling-
optimization problem that guaranteesa throughput-optimal
selection of usersand a control-parameteupdate problem
that ensuresthat the fairnessconstraintsare satis ed. By
decouplingthe probleminto two parts,the two sub-problems
canbe solved separatelytherebysigni cantly simplifying and
standardizinghe designprocedure.

With this methodology we next formulate and solve the
multi-channel schedulingproblem. Our key techniqueis to
jointly exploit thetemporalvariationsin theresourceconsump-
tion of multiple usersto opportunisticallyselectuserswith
greaterthroughputpotential,while also ensuringthat fairness
constraintaresatis ed. Towardsthis end,we develop MFS-D
andMFS-R aMulti-channelFair Schedulemwith Deterministic
and Probabilisticfairnessconstraintsrespectrely. For MFS-
D the (long-term) expectedthroughputof different usersare
requiredto be equal,whereador MFS-Pthey candiffer by a
x ed amountwith a boundedprobability. The two schedulers
provide systemoperatorswith the e xibility to tradebetween
stringeng of the fairnessguaranteeandtotal systemthrough-
put. In both caseswe emplgy stochastiapproximatiorbased
algorithmsfor updatingthe control parameterto ensurethe
respectie fairnessconstraintsare satis ed.

Finally, we perform an extensie set of simulations to
evaluatethe performanceof MFS-D and MFS-P underchan-
nel models that incorporate mobility and fast fading. The
simulations quantify the throughputgains of multi-channel
scheduling under increasingly relaxed fairness constraints.
Moreover, we study the impactof channelheterogeneityand
systemconstraintssuchaslimits on total power transmission.

Theremainderf this paperis organizedasfollows. In Sec-
tion 11, we describethe framework for wirelessschedulingln
Sectionlll, we formulatethe problemof schedulingmultiple
usersconcurrentlyon the wirelessmedium.In SectionlV we
develop MFS-D andin Sectionlll MFS-RP Next, in Section
VI we presentsimulation results.Finally, we review related



work in SectionVIl and concludein SectionVIII.

Il. A FRAMEWORK FOR WIRELESS SCHEDULING
A. Preliminaries

We considerschedulingfor a wirelesssystemaccessedy
multiple usersin which a centralizedschedulerat the base
station controls downlink scheduling,and uplink scheduling
uses an additional mechanismsuch as polling to collect
transmissionrequestsfrom mobile nodes.We assumethat
downlink and uplink transmissionglo not interferewith each
otherasin GPRSJ[6] for example.

Changing channel conditions are related to three basic
phenomenafastfading on the order of msec,shadev fading
on the order of tensto hundredsof msec,and nally, long-
time-scalevariationsdue to user mobility. As our algorithm
will exploit the users' channel conditions in making the
schedulingdecision,we considersystemswith mechanismso
male predictedchannelkonditionsavailableto the basestation
asis commonlythe casewith technologiessuchasHDR [7],
UMTS-HS-DR [8], (E)GPRS[6], etc.

To develop a schedulingalgorithm that is applicableto a
broad class of standardsand systems,we abstracta users
channel condition into its “resource consumption”, which
re ects the systemefciency due to selectingthat particular
userfor datatransmissionFor example,schedulinga userthat
currentlyhasa poor quality channelould requireconsuming
additional resourcessuch as transmissionpower, stronger
forward error protection,or longer transmissiortime due to
lower datarates.

Due to inherentlimits on the total systemresourcege.g.,
power or time), high resourceconsumptionby one usermay
preventotherusersrom beingscheduledin this way, resource
consumptiordiffers from “utility”, asthe formerrepresenta
costto otherusersandthe latter a gain to one particularuser
We remarkthat resourceconsumptionis a non-ngjative and
non-increasingunction of the channelquality indication(e.g.,
SNR).

B. ScedulerDesign

Our objective in wirelessscheduledesignis to ensurefair-
nesswhile simultaneouslyemploying opportunisticscheduling
stratgiesto increasethe total systemthroughputby selecting
userswith high-quality channelswhen possible.To solve the
problem,we obsene thatthetwo con icting goals(throughput
optimization and fairnessguaranteesgan be decoupledand
solved as two separateentities as describedin Figure 1: the
control parametemupdatingblock for fairnessguaranteesnd
the schedulingdecision block tameting system throughput
optimization.

A detailed description of the framework is as follows.
The schedulingblock makes schedulingdecisionsbasedon
the channelcondition and con-
trol parameters . The output of
the schedulingblock is the schedulingdecision

for timeslot . In generalthescheduling
decisionrepresents setof ratesfor simultaneousransmission
of multiple users. That is, denotesthe schedules

Channel Condition

lca(k)
(ca(k)

ek

Flowsincoming

w Scheduling Decision

)

>

Scheduling Decision

Making Block |

wa(k)
Wa(k)

R0
20
H0)

fi Control
f, Parameter

Weights ;/.v.N(k)

Control Parameter
Updating Block

Fig. 1. A GeneralWirelessSchedulingFormulation

selectedransmissiomateof user in slot . Forthedegenerate
caseof single-channekcheduling,the decisionis simply the

next ow to be serviced,e.g., . Selectionof this

decisionvector is accomplishedby solving an optimization
problem, implicitly or explicitly, to maximize the system
throughputor a function of it. Unlike the updateblock, the

schedulingdecisionis temporally local in the sensethat it

only optimizesthe objective atthe currentslot. This scheduling
decisionis outputto the physicallayerwhich transmitspaclets
accordingly

TABLE |
NOTATION SUMMARY

De nition
Channelconditionof user in time slot
Control parameteof user in time slot

Schedulingdecisionfor user in time slot
Assignedweightof ow

Term

Becauseadaptingto the channelconditionwill easily lead
to short-termdeviations from ideal fairness,memory of the
decision history is required. Therefore, to enable service
compensatiorat a later and more opportunetime to under
serviced o ws, the schedulingdecisionis fed back to the
updating block. The functionality of the updating block is
to updatethe control parameter to in such
a mannerthat the output of the schedulingblock will satisfy
the fairnesscriteria on a larger time scale.

Obsere that if a xed optimal control parametervector
is given, the schedulingblock will maximize the system
throughputsubjectto the resourceconstraint.By monitoring
the outputof the schedulingblock, the updatingblock ensures
that the control parametervector corvergesto the optimal
value subjectto the fairnessconstraintso that the overall
systemis optimized.

Thus, the philosophyof decouplingthe systemdesigninto
a schedulingblock and control-updateblock is to simplify
andstructurethe designprocessdnto two standardprocedures,
allowing differentcombinationsof optimizationobjectvesand



fairnessconstraints.We next apply this designmethodology =~ The secondconstraintis fairness,and we considertwo

to the multi-channelschedulingproblem. fairnessobjectives: deterministicand probabilistic. The two
fairnesscriteria lead to two schedulerdesignsdescribedin

I11. MULTI-CHANNEL PROBLEM FORMULATION SectionlV andV and provide techniquesfor network oper

A. SystemModel atorsto tradestricter fairnessfor higherthroughputwhile in

both casesmaintainingquanti able fairnesscharacteristicat

Using CDMA asanexample,we formulatethe fair schedul- longertime scales

ing problemover a multi-channelwireless system.In voice
CDMA system,wirelessusersare separatedvia orthogonal
codeswith power control employed to maintaina particular
Signalto InterferenceNoise Ratio (SINR) at the recevers[9].

In dataCDMA systemsa numberof higherrate orthogonal
channelsare available for datatransmission(typically fewer

thanthe numberof users).The multi-channelschedulingprob-
lem is to selectthe times,channelsandratesfor transmission
of queuedpaclets (note that userscan receve on ary pre-
assignectode,albeitwith differentresourceconsumption)in

this paper total transmissionpower is consideredto be the
systemresourceconstraintwhile the power requirementper
bit is usedasanindicationof a users channelcondition. Fol-

lowing the systemmodelfor schedulingdescribedn Section
II, we presentthe following multi-channelformulation.

IV. SCHEDULER DESIGN FOR DETERMINISTIC FAIRNESS

In this sectionwe devise MFS-D, a multi-channelkcheduler
for deterministicfairness.Let denotethe
expectedthroughputfor user . Given user 's target weight

in the system,deterministicfairnessrequires

- — ®3)

Thatis, for ary two ows and , their expectedthroughput
should be exactly proportional to their assignedweights.
Thereforethe schedulingdecisioncan be formulated as the
following optimizationproblem.

Consider usersaccessinghe systemsuchthatuser has (4)
a setof possibletransmittingratesin slot  given by
, where denotegthe numberof the
possibleratesfor user , andrate O indicatesthat the useris - (5)
not scheduledhat that time. Sucha rate setis enabledby, for
example, using different spreadingcodesand/or modulation ©)

schemeson the different wireless channels.In time slot
user experiencesa certainwirelesschannelcondition
abstractedsaperbit powerconsumptiorin orderto guarantee @)
acertainSINR. In otherwords,thetransmittinguser in slot
usingrate requirespower . Notice
that is a random processre ecting the users channel
conditionasdriven by usermobility and channelshadaeving.

To solwe this problem,we obsenre that the above is equiv-
alentto the following problem?

8
B. Objectiveand Resouce Constaint
The objective of the scheduleris to maximize the system — 9)
throughputsubjectto the fairnessand resourceconstraints.
Mathematicallylet denotethe transmissiomate of user 10
in time slot andlet denotethe total (10)
throughputin slot . The objective of the schedulelis thento
maximizethe expectationof , i.e., (11)
(1) Intuitively, if we maximize the minimum —, the system

throughputis maximized subjectto the fairnessconstraint.

Oneconstraintis the total systemresourcdimitation which Consequentlythe rst constrainfieadsto the requirementhat
in a CDMA systemis the maximumtransmissiompower limit

in eachtime slot given by — (12)

) since one can easily reducethe throughputfor userswith
surplus. Moreover, since each — is identical, the objectie

where  denotesthe maximum total power transmission functionis equivalentto maximizing
regulated.
(13)
lWe assumea linear relationshipof the scheduledrate and power con-
sumptionasapplicableto (for example)transportformatselectionin a UMTS
system[8]. A non-linearrelationshipis a trivial but lengthy extension. 2See[3], [10] for otherapplicationsof sucha transformatiortechnique.



where is a non-ngative constant.Thus, if (1) we can
maximize denedin (13)for a xed , and(2) we can
alsosatisfythe fairnessconstraintthe resultingschedulemill
be the optimal solutionto the original problem.

We remarkthata x edcontrolvectorleadingto the optimal
solutionis not available,asthe channelinformationcannot be
obtainedin adwance,and the channelconditionsmay change
over time. Thus, as describedin Sectionll, we dynamically
adjustthe control parameter®nline suchthatit corvergesto
the optimal solution. Next, basedon the above discussionwe
introducea control parameter for eachuser in time
slot and designthe schedulingblock and updating block
respectiely.

A. Designof the SchedulingBlock

According to the framework, the functionality of the
schedulingblock is to ensurea throughput-optimakelection
of usersand rates. According to (13), the objective of the
schedulingblock is setto

(14)

suchthatin eachtime slot the weightedsystemthroughputis
maximized.The constraintsof this optimizationare given by
the following.

(15)

(16)

Notice thatthereis no fairnessconstraintas (from Sectionll)
fairnessis treatedin the updatingblock.

We obserne that this optimal schedulingblock formulation
is an NP hard Knapsackproblem[11]. Consequentlysincea
completesearchof the solutionspaces infeasiblein practice,
we develop an approximationto the optimal solution as
follows. Obsenre that the larger the ratio ——, the more
likely the usershouldbe selectedasit addsincreasinglyto
the objectve function. Hencea greedyalgorithmto solwe this
problem can be formulatedby rst generatingthe following
sortedlist:

_ _ a7)
Then select beginning with
ordered- ow 1 and proceedingsequentiallyuntii ow  such

thatthe maximumpower limit is reached(Notice that ow
may have to selecta rate smallerthanits maximumpossible.)
For all , the transmissionrate in time slot  will be
setto zero. This approximationto the optimal solution has
computationacompleity dueto the sort of

However, the deviation of the greedyalgorithm from the
optimal solution is unboundedFor example,assume? users
both with rate set arein the system.Let

, and , Where is the

total transmlssmrpcwer Accordmgto the greedyalgonthm

only userl will be selectedas long as P is greaterthan 2.
In contrastthe optimal solutionis to selectuser2 so thatthe
deviation betweenthe two solutionsincreaseswith
A simple enhancemento limit the deviation from the
optimal solutionis asfollows. First, still employing the greedy
algorithm, we generateuser sets and
where isthesolutiongivenby thegreedyalgorithm

and are the index of the sortedlist describedas
above.If set generates betterresultthan , is selected;
otherwise, is selected.This algorithm hasbeenshawn to

achieve an objective within a factorof 2 to the optimal value.
Readersan nd otherenhancedpproximationalgorithmsin
[11] at the costof increaseccomputationakcomplexity.

We malke two obsenationsaboutthe schedulingblock. First,
note that we considerthe resourcdimits and rate setascon-
straints.If the systemhasotherconstraintsthey canbe added
into the schedulingblock optimizationproblem.For example,
if user anduser cannot be scheduledsimultaneouslyin
onetime slot, we cansetanotherconstraint
This may be importantfor partlcuIarunderlymgphysmallayer
implementationFor example,in a CDMA network, two users
may not be assignedn the sametime slotin orderto maintain
codeorthogonality

Secondpbsene that althougha rate setis assignedo each
user the maximum rate is most often usedin the approxi-
mation to the Knapsackproblem. With a linear relationship
between and , other ratesare only usedfor the
last selecteduserto utilize the remainingtotal transmission
power. However, we remarkthatfor a non-linearrelationship,
theratesetwill be of increasedmportancein selectingusers.

B. Designof the Updating Block

The function of the updatingblock is to updatethe control
parametersn orderfor the outputof the schedulingblock to
satisfy the fairnessrequirement.Recall that the requirement
of the updatingblock is to guaranteghat the control vector
corvergesto the optimal value while satisfying the fairness
constraint.To ensurethis, we employ the stochasticapprox-
imation algorithm in the updatingblock. We note that such
a techniqueis rst employed in [4] in the context of single
channelscheduling.

De ne avectorfunction , where

(18)

and denoteghe adaptie control vector The
deterministicfairnessconstraintof Equation(3) is equivalent
to the requirement . In otherwords, the control pa-
rameterupdatingalgorithmhasto nd thesolution  for this
function. Notice thatthe valueof dependsn the output
of thescheduledecisionsothatthe updatingalgorithmshould
be dynamicallyadjustedaccordingto schedulingdecisions.
Stochastiapproximationis an effective techniquefor nd-
ing zerosof a function which cannotbe explicitly known
[12]. If anoisymeasuremeris available,i.e., ,
where denoteghe obserednoise,stochasti@pproximation



recursvely estimateghe root for by

(19)
where isthestepsize.lf iswhitenoiseand corverges
to zero, will convergewith probability 1 to the root of

if certainconditionson aresatis ed3
In our case,since is an expectedvalue, we can not
directly obsene it. However, we do have a noisy obsenation
, Where

(20)

The expectedvalue of the obsenation error in this caseis
(21)

Therefore we canusethe stochasticapproximationalgorithm
to adaptvely nd as

(22)

where is chosento corvergeto zero,e.g.,

Thus, the resulting schedulerMFS-D containsthe ab0/e
schedulingand updateblocks. Note that this solution max-
imizes the total normalized throughputin each time slot,
ensuresthat  corvergesto a xed , and ensuresthat
the deterministicfairnessconstraintis satis ed. Thus,MFS-D
providesan approximatesolutionto the optimizationproblem
of Equations(4) to (7).

V. SCHEDULER DESIGN FOR PROBABILISTIC FAIRNESS

In this section,we use the methodologyof Sectionll to
develop MFS-R a multi-channelschedulerfor probabilistic
fairness.

In [5] awirelessscheduleiis designedundera probabilistic
fairnessindex de ned by

(23)

Notice that Equation(23) de nes probabilisticfairnesson the
entire distribution of the service difference betweenuser
and user . To simplify the schedulerdesign,we relax the
probability constraintto a x ed point. In otherwords, for the
multiple channelschedulingproblem, we use the following
fairnessconstraintto replace(23)

(24)

where thetargetedprobabilityand is anoperatorspeci ed
constantdenotingthe servicediscrepang whereprobabilistic
fairnessis to be ensuredFor a x ed , alower value of
providesfor more stringentfairnesssuchthat provides
thattwo users'throughputshave 0 differencewith probability
of no morethan . With a scalefactorof on , this
equationcan be further transformednto

(25)
SDifferent stochasticalgorithms require different conditions. Generalre-

quirementsinclude stationarityand a certain order differential. Readersare
referredto [12] for a detaileddiscussion.

A. Designof the SchedulingBlock

We emplgy the samecontrol parameter asin MFS-D
and formulate the objective function of the schedulingblock
as

(26)

Togetherwith the resourceand rate constraints,this again
is a Knapsackproblem suchthat MFS-P's schedulingblock
employs the samealgorithmic solutionasin SectionlV.

A generalproof of optimality of the MFS-P scheduling
block is dif cult to obtain due to the probabilistic fairness
constraint.However, for the specialcaseof , the
proof for MFS-P is identical to that of MFS-D. However, in
generalas well asin this specialcase,the actual scheduling
decisionsandcontrolupdatefor MFS-PandMFS-D arequite
different,as quanti ed in SectionVI.

B. Designof the Updating Block

We employ stochasticapproximationto ensurethe proba-
bilistic fairnessconstraintvia corvergenceof control parame-
ter updatingasfollows. De ne avectorfunction of the control

parameter  as

(27)
where
The target is to have . Notice that is an

expectedvalue and is not directly obsenable. However, in
eachtime slot , we have a noisy obsenation

(28)
where istheuser throughputattimeslot . A measured
and smoothedversionof canbe obtainedas

(29)

where is the lter parameter
Therefore,we can use the stochasticapproximationalgo-
rithm to updatethe control parametersgainas follows.

(30)

We remark that in (28), the relationship between
and is only capturedasan indicator

functionwhich takeson valuesO and1. Thisis rootedfrom the

fairnesgequirementmeasuredt only oneservicediscrepang,

. While a simple updatingscheme this approachmay have



larger unfairnessfor deviations larger than . To limit such
unfairnessthe updatingalgorithm canbe re ned asfollows.

(31)

The addedtermsmeasurdhe deviation of the currentfairness
from the requirementsand scalethe adjustmentspeedon the
control parametersThis leadsto fastercornvergenceand less
uctuation.

VI. SIMULATION EXPERIMENTS

In this section,we presentan extensie set of simulation
experimentsto evaluatethe performanceof the deterministic
and probabilistic multichannelfair schedulers(MFS-D and
MFS-P) designedn SectionslV andV.

Our experimentaldesignconsiderghroughputand fairness
as the primary performancemeasuresand we consider a
numberof factorsof scheduleperformanceWe rst compare
the dynamicbehaior of MFS-Pand MFS-D in termsof both
control parameteupdateandshort-termfairnessbehaior. We
next study the fundamentalthroughput-irnesstradeof by
exploring the impact of the operatordesignatedairnessdis-
crepanyg parameter on fairnessandtotal systemthroughput.
Third, we study the effects of scalingthe numberof users
in the systemin multi-channelvs. single channelschedulers.
Next, we considerthe effect on fairnessof oneuserhaving a
perpetuallygood channel.Finally, we explore the impact of
total systempower on throughputand fairness.

A. ChannelModel

To explore the role of the channelconditionson system
throughputand peruserfairnesswe considera simple model
to capturethe effects of mobility and fading. In the model,
power consumptionper bit rangesfrom 0 (best)to 1 (worst).
The channelcondition is representedby a random process
consistingof a sinusoidwith randomphaseplusadditive noise.
Thatis, the channelconditionfor user attime is givenby

(32)

areindependenanduniformly distributedin
giving the channelconditionsstatisticallyindependent
phases.
The sinusoidaterm representshelong time scaleeffectsof
mobility for differentmobility speedsandchanneltime scales
and representghe range of the channeleffects due
to mobility. The additive noise representa model of
the effectsof Rayleighandshadav fadingvia the conserative
assumptiorof additive white Gaussiamoisewith variance
This modelallows usto studythein uence of the experienced
channelon both systemthroughputand fairness.

where

We assumehat power control is perfectand the transmis-
sion rate equalsthe throughputat eachtime slot. The power
consumptionfor user transmittingat rate in slot
is simply . All usersin the systemare allocated
with the rate set . We considertrafc in which all
ows are continuously backloggedsuch that the achieved
fairnessand throughputis entirely relatedto the scheduling
processand channelconditionswithout any variation due to
trafc uctuations. Moreover, we assumethat data can be
dynamicallyfragmentedo t into onetime slotatthespeci ed
transmissionrate. Unless otherwise speci ed, ,

, and

B. ScedulerDynamics

A key distinction betweenMFS-D and MFS-P is their
control parameteupdatingblocksthattarget differentfairness
guaranteeslntuitively, the updatingblock of MFS-P is less
reactve as the control parameteris updatedonly when the
threshold of discrepang is triggered. In contrast, MFS-D
updategthe control parametert every time slot to satisfythe
stricter fairnessconstraint.
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Fig. 2. MFS-D and MFS-P Control ParametetUpdate

This phenomenas illustrated in Figure 2 which depicts
a temporalsnapshotof the control parameterupdating pro-
ceduresfor MFS-D and MFS-P Notice that in MFS-D, the
users control parameteris continuously being updateddue
to its stricter fairnessrequirement.The oscillating patternof
the updatingcurve representghe schedules effort to track
and corverge to the underlying channelcondition. In order
to maintainidentical normalizedthroughputin the long term,
MFS-D has to accumulate“credits” via control parameter
updatingfor bad channelusersin order for it to acquirea
transmissioropportunityin the future.

In contrast, control parameterupdatesfor MFS-P occur
more smoothly and the control parameterstays constantfor
a certaintime interval, especiallyfor a larger . The means
thatduringtheseslots,the condition

is satis ed andthe updatingprocedurds nottriggered.For the
specialcaseof andabove, a users control parameteis
notincreasedvenif its throughputis zero,anda continuously
bad channeluserwill not accumulatecredit for catchingup




at a later time. Thus, as further elaboratedbelow, is
requiredto ensurefairness.
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Fig. 3. Distribution of Short Term Unfairness

The less stringent update policy of MFS-P also has an
impacton short-termfairnessin particular with MFS-Pabad
channelusercantemporarilyloseits chancefor transmission
until the control parametethresholdis met. Figure 3 depictsa
histogramof the normalizedservicediscrepang betweentwo
userswith a 30 time slot measuremerninterval. Obsene that
MFS-P hasmore densityat high discrepancieidicating that
MFS-P allows the schedulerto deviate farther from perfect
fairnessthandoesMFS-D.

C. Throughputand Fairness

The goal of opportunisticschedulingis throughputmaxi-
mization subjectto the fairnessguaranteeand resourcecon-
straints.Here, we study the throughputgain of MFS-P as a
function of the fairnessthresholdparameter . From Equa-
tion (25), the parameter representghe normalizedservice
discrepang thatis allowed with probability . For example,
with andidentical weights,two o w's throughputscan
differ by upto afactorof 1 with probability . Similarly, with

, any two o ws' serviceis maintainedo beidenticalwith
probability

In this setof simulations,16 usersare active with 12 users
having weight 1 and4 usershaving weight2.* The maximum
transmissionpower is setto be 2 and . The total
simulationtime is 2000 slots.

Figure4 depictsthe effect of the parameter onthroughput.
The x-axisdepicts rangingfrom 0 to 3 with steplength0.5.
Eachbarin thegraphcontainsghreecomponentsthe lower bar
representshe averagethroughputper time slot normalizedto
the weight unit, the middle and upperbarsrespectiely depict
the standarddeviation and the maximum differencebetween
ary two users'normalizedthroughput.Essentially the lower
bar representghe efciency of the schedulerin increasing
systemthroughputthe middle bar denotegshe averagesystem

4Use of different weights in this scenariogives more e xibility to the
scheduler
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unfairnessandthe upperbar representshe maximumsystem
unfairness.

Obsene thatsystemthroughputincreasesoughly 25%with
increasing , aslarger valuesof representincreasinglyre-
laxedfairnessconstraintsMoreover, noticethatthethroughput
cannotincreasefurther when is greaterthan2: when ,
accordingto (31), a users parametewwill not be updatedeven
if its throughputis zero.Betweentheseextremesawide range
of 'syield aneffective tradeof betweerthroughputgainsand
fairness.

D. Numberof Users

A larger numberof usersprovides an increaseddegree of
freedomfor the schedulerto exploit varying channelcondi-
tions and selectthe bestsubsetof usersfor transmissionln
this setof simulationswe investigatehe relationshipbetween
thetotal systemthroughputandnumberof usersfor multi- and
single-channeschedulersFor MFS-R we consider givenby
0.5, givenby 0.2, andall usershaving weight 1.

Figure 5 shaws the total systemthroughputper time slot
versusthe numberof usersin the system.The gure indi-
catesthat the total systemthroughputincreaseslmostalmost
linearly with the numberof usersuntil saturationdue to the
systems total power constraintThisimpliesthatwith joint op-
timization of multiple channelschedulingover multiple users,
the averagethroughputper user remainsroughly unchanged
with an increasednumberof usersin the system,up to the
fundamentalthroughputlimits of the systemdue to physical
constraints.

To explore this result more deeply and compare multi-
channelto single-channelscheduling,we perform a set of
simulationsin which eachusers channelconditionsis uni-
formly distributed in [0,1] and the total transmissionpower
is still 2. Moreover, to isolatethe effects of the channeland
userandrateselectionwe x the control parameteto always
be 1 suchthatthe bestchannel(sare always selectedwithout
regardto fairness.

Figure 6(a) illustratesthat this linear relationshipholds for
a wide rangeof maximumperuserratesfrom 1 to 11. Figure
6(b) depicts the result for single-tcannel schedulingunder
the samesimulation setup and shavs that the total system
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throughputis strongly dependenbn the maximum user rate
availablein the systemWhenthe maximumrateis low, single-
channelschedulingis limited by the one-usesat-a-timerule
and thus cannotclaim unusedpower in the system.As the
maximum rate increasesthe total systemthroughputbegins
to increasewith the numberof usersas well, although at
a signi cantly lesserrate. Obsenre that equal throughputis
achievedin bothsystemnly in the extremecasein which the
maximumuserratein thesingle-channedystemis limited only
by the total systempower, an unrealisticscenarioin cellular
systems.

E. HeteogeneousChannelConditions

Here, we considerthe impact of usershaving perpetually
differentchannelconditions.For MFS-D and MFS-R we use
an approximatesolution to the Knapsackproblem in the
schedulingblock. After schedulingusers accordingto the
algorithmdescribedn SectionlV-A, the scheduleichecksthe
remainingusersto determindf onecanbe t in toto claimthe
excesspower. If so,theuserwill be scheduledegardlesf its
control parameterr positionin the sortedlist. Obsere that
when a userhas an extremely good channeland hencelittle
resourceconsumptionthe schedulers lik ely to selectthis user
usingthe remainingpower after schedulingother users.

In these experiments,we modify the above simulation
scenariocsuchthatone“best-channel'userhasa constanthigh
quality channelcondition. In differentsimulations.this users
power perbit consumptiorvariesfrom 0.01to 0.3.

Figure 7 shaws the resultsand depictstwo barsfor each
channekondition. Theright bardenoteshethroughputfor the
userwith the perpetuallyhigh-qualitychannelandthe left bar
denoteghe averagethroughputof all otherusers Obsene that
the best-uses throughputdecreasess its channelcondition
getsworse.However, whenits channelconditionis extremely
good(theleft-mostbars),this useris scheduledn almostevery
time slot. The reasonis that althoughthis user continuously
incurs a decreasingfairnesscontrol update parameterdue
to receving high servicerates,it can nearly always be t
into the remaining power budget which cannotbe claimed
by the other userswith lower quality channels.Thus, while
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the attainedthroughputsare not strictly “fair”, it is indeeda
desirableoutcomeas this throughputobtainedby the best-
channeluser would otherwise be wasted. In other words,
uniqueto multiple channekchedulingunfairnessmaybecome
not only unpreventable but also desirable.

Similarly, Figure 8 illustratesthe effects of having a sin-
gle user with a perpetually poor channelcondition. While
the degradationin that users throughputis expected with
increasinglypoor channelconditions,the key obsenation is
thatthe averagesystemthroughputs nearlyunchangedThus,
in the multi-channelsystem otherusersare not forcedto wait
while the laggingbad-channelo w catchesup, assucha user
occupiesat mostone channel.

F. MaximumTransmissiorPower

The above issueof tting in an “extra” best-channelser
becomesnorepronouncedvhenthetotal resourcas relatively
large, as a betterchannelusercan be more easily accommo-
datedin theremainingpowerbudget.Thisissueis alsoaffected
by the transmissiorrate set: in the limit, if a single usercan
utilize all availableresourcesndtransmitat a very high rate,
no remainingpower budgetwould be available to scheduler
otherusers.

Figure 9 depictsthe resultsof experimentghatconsiderthe
effectsof varyingthetotal transmissiorpowerfrom 2 to 8. The
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gure illustratesthatfor the reasonglescribedabose combined
with the e xibility of multi-channelschedulinga larger total
transmissionpower results in increasesin the normalized
average throughput, as well as the standarddeviation and
maximumdifferencein throughput.

VIl. RELATED WORK

While mary fair wirelessschedulerswvere designedunder
the binary channelmodel e.g., [1], a numberof schedulers
have beendesignedundera more realistic multi-rate channel
model [3], [4], [5], [13], [14], [15], [16]. Such schemes
have the advantageof being able to opportunisticallyexploit
channelvariationsto select good-channeluserswhile also
satisfying fairnessconstraints.In contrast,MFS considersa
more generalmulti-channelformulation applicablein spread
spectrumnetworks in which multiple userscan be sched-
uled simultaneouslyagainat multiple rates.As illustratedin
Section VI, multi- and single-channekystemsbehae quite
differentlyin termsof their achievablethroughputandfairness
characteristics.

At the physical layer, multiple-channelpower control in
CDMA networks is an areaof intensestudy e.g.,[17], [18],
[19], [20]. The objective of suchresearchs to selectthe set
of user transmissionpowers to optimally allocate the total
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power budgetsubjectto peruserSINR requirementor per
userthroughputrequirementsHowever, suchpower allocation
problemsarequitedifferentfrom our formulatedmulti-channel
schedulingproblem as the latter determineswhich usersto
schedulewhenandat which ratesas given by the formulated
optimizationproblem.In otherwords,in contrastto a purely
physicallayeroptimization MFS-D andMFS-Pprovide anop-
timal MAC-layer schedulingalgorithmthat exploits physical-
layer information on channelconditionsto dictate the rates,
times, and powers of eachusers transmission.

Finally, the generic problem of schedulinga set of jobs
over multiple resourcegmachines)hasbeenstudiedin [21],
[22], [23] for example.Suchpapersfocus on minimizing the
averagejob delay and developing on-line algorithmsthat ap-
proximatethe optimal solution with boundederror. However,
such solutions are not applicablehere as the multi-channel
wireless schedulingproblem has a unique formulation such
as constraintsof fairnessamongusers,high variability in the
resourceavailability andcost(i.e., a complex channelmodel),
etc.

VIIl. CONCLUSIONS

This paper formulates the problem of opportunistically
schedulingmultiple usersconcurrentlyin wirelessnetworks.
We introduced and analyzed Multi-channel Fair Scheduler
(MES), the rst wireless schedulingalgorithm that provide
long term deterministic (MFS-D) and probabilistic (MFS-
P) fairness guaranteesrespectiely over multiple wireless
channelsBy consideringresourceconsumptiorover different
channels,the algorithms allow system operatorsto jointly
optimize the transmissionover multiple channelsfor total
throughputmaximizationwhile maintaining e xible fairness
constraints.
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