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Abstract— Emerging spread spectrum high-speed data net-
works utilize multiple channels via orthogonal codes or
fr equency-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 best usersand rates fr om a complex general optimization
problem into a decoupledand tractable formulation: a multi-user
schedulingproblem that maximizestotal systemthr oughput and
a control-update problem that ensureslong-term deterministic or
probabilistic fair nessconstraints. 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 animportantgoalfor
futurewirelessnetworksandhasbeena topic of intenserecent
research(see[1] for exampleand the referencestherein).In
particular, in error-pronewirelesslinks with a binary channel
model (0 or 100% link error) it is impractical to guarantee
identical throughputsto eachuserover short time scales;yet,
over longer time scales,as channelconditionsvary, lagging
�o ws can “catch up” to re-normalizeeach�o w's cumulative
service(see[2] for example).Undera morerealistic “contin-
uous” channelmodel,any usercan transmitat any time, yet
userswill attaindifferentperformancelevels(e.g.,throughput)
and require different system resourcesdependingon their
currentchannelcondition.Severalschedulingalgorithmshave
beendesignedfor continuouschannelsthat provide temporal
or throughputfairnessguarantees[3], [4], [5].

Regardlessof the channel model employed, a common
assumptionof existing designsis that only a single usercan
accessthe channelat a given time, i.e., time division multiple
access(TDMA). However, spreadspectrumtechniquesare
increasinglybeing deployed to allow multiple data usersto
transmitsimultaneouslyon a relatively small numberof sepa-
ratehigh-ratechannels.In particular, multiple logical channels
canbe createdvia differentfrequency hoppingpatternsor via
orthogonalcodesin CodeDivision Multiple Access(CDMA)
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systems.In this paper, we develop a novel framework for
designandanalysisof multi-channelwirelessschedulersthat
opportunisticallyexploit variationsin userchannelconditions
to selectthe best set of usersand ratesto scheduleat each
time instancesubjectto fairnessandresourceconstraints.Our
approachis as follows.

First, we develop a general methodology for design of
opportunisticfair wirelessschedulersusing an adaptive con-
trol framework. The framework consists of a scheduling-
optimization problem that guaranteesa throughput-optimal
selection of users and a control-parameter-updateproblem
that ensuresthat the fairnessconstraintsare satis�ed. By
decouplingthe probleminto two parts,the two sub-problems
canbe solved separatelytherebysigni�cantly simplifying and
standardizingthe designprocedure.

With this methodology, we next formulate and solve the
multi-channelschedulingproblem. Our key techniqueis to
jointly exploit thetemporalvariationsin theresourceconsump-
tion of multiple usersto opportunisticallyselectuserswith
greaterthroughputpotential,while alsoensuringthat fairness
constraintsaresatis�ed.Towardsthis end,we developMFS-D
andMFS-P, a Multi-channelFair Schedulerwith Deterministic
and Probabilisticfairnessconstraintsrespectively. For MFS-
D the (long-term)expectedthroughputof different usersare
requiredto be equal,whereasfor MFS-Pthey candiffer by a
�x ed amountwith a boundedprobability. The two schedulers
provide systemoperatorswith the �e xibility to tradebetween
stringency of the fairnessguaranteeandtotal systemthrough-
put. In both cases,we employ stochasticapproximationbased
algorithmsfor updatingthe control parameterto ensurethe
respective fairnessconstraintsaresatis�ed.

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

Theremainderof this paperis organizedasfollows. In Sec-
tion II, we describethe framework for wirelessscheduling.In
SectionIII, we formulatethe problemof schedulingmultiple
usersconcurrentlyon the wirelessmedium.In SectionIV we
develop MFS-D and in SectionIII MFS-P. Next, in Section
VI we presentsimulation results.Finally, we review related



work in SectionVII andconcludein SectionVIII.

I I . A FRAMEWORK FOR WIRELESS SCHEDULING

A. Preliminaries

We considerschedulingfor a wirelesssystemaccessedby
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 anduplink transmissionsdo not interferewith each
otheras in GPRS[6] for example.

Changing channel conditions are related to three basic
phenomena:fast fadingon the order of msec,shadow fading
on the order of tens to hundredsof msec,and �nally , long-
time-scalevariationsdue to usermobility. As our algorithm
will exploit the users' channel conditions in making the
schedulingdecision,we considersystemswith mechanismsto
makepredictedchannelconditionsavailableto thebasestation
as is commonlythe casewith technologiessuchasHDR [7],
UMTS-HS-DPA [8], (E)GPRS[6], etc.

To develop a schedulingalgorithm that is applicableto a
broad class of standardsand systems,we abstracta user's
channel condition into its “resource consumption”, which
re�ects the systemef�ciency due to selectingthat particular
userfor datatransmission.For example,schedulinga userthat
currentlyhasa poorquality channelwould requireconsuming
additional resourcessuch as transmissionpower, stronger
forward error protection,or longer transmissiontime due to
lower datarates.

Due to inherentlimits on the total systemresources(e.g.,
power or time), high resourceconsumptionby one usermay
preventotherusersfrom beingscheduled.In this way, resource
consumptiondiffers from “utility”, asthe former representsa
cost to otherusersandthe latter a gain to oneparticularuser.
We remark that resourceconsumptionis a non-negative and
non-increasingfunctionof thechannelquality indication(e.g.,
SNR).

B. SchedulerDesign

Our objective in wirelessschedulerdesignis to ensurefair-
nesswhile simultaneouslyemploying opportunisticscheduling
strategiesto increasethe total systemthroughputby selecting
userswith high-quality channelswhen possible.To solve the
problem,weobserve thatthetwo con�icting goals(throughput
optimization and fairnessguarantees)can be decoupledand
solved as two separateentitiesas describedin Figure 1: the
control parameterupdatingblock for fairnessguaranteesand
the schedulingdecision block targeting system throughput
optimization.

A detailed description of the framework is as follows.
The schedulingblock makes schedulingdecisionsbasedon
the channelcondition
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Fig. 1. A GeneralWirelessSchedulingFormulation

selectedtransmissionrateof user* in slot � . For thedegenerate
caseof single-channelscheduling,the decisionis simply the
next �o w 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
schedulingdecision is temporally local in the sensethat it
only optimizestheobjectiveat thecurrentslot.Thisscheduling
decisionis outputto thephysicallayerwhich transmitspackets
accordingly.

TABLE I

NOTATION SUMMARY

Term De�nition
�

)

����� Channelconditionof user * in time slot �

�

)

����� Control parameterof user * in time slot �

#
)

����� Schedulingdecisionfor user * in time slot �

/0)

Assignedweight of �o w *

Becauseadaptingto the channelcondition will easily lead
to short-termdeviations from ideal fairness,memory of the
decision history is required. Therefore, to enable service
compensationat a later and more opportunetime to under-
serviced �o ws, the schedulingdecision is fed back to the
updating block. The functionality of the updating block is
to updatethe control parameter

�

������� to
�

�����21$-
� in such
a mannerthat the outputof the schedulingblock will satisfy
the fairnesscriteria on a larger time scale.

Observe that if a �xed optimal control parametervector
is given, the scheduling block will maximize the system
throughputsubjectto the resourceconstraint.By monitoring
theoutputof theschedulingblock, theupdatingblock ensures
that the control parametervector converges to the optimal
value subject to the fairnessconstraint so that the overall
systemis optimized.

Thus,the philosophyof decouplingthe systemdesigninto
a schedulingblock and control-updateblock is to simplify
andstructurethedesignprocessinto two standardprocedures,
allowing differentcombinationsof optimizationobjectivesand



fairnessconstraints.We next apply this designmethodology
to the multi-channelschedulingproblem.

I I I . MULTI-CHANNEL PROBLEM FORMULATION

A. SystemModel

UsingCDMA asanexample,we formulatethefair schedul-
ing problem over a multi-channelwirelesssystem.In voice
CDMA system,wirelessusersare separatedvia orthogonal
codeswith power control employed to maintaina particular
Signalto InterferenceNoiseRatio (SINR) at the receivers[9].
In dataCDMA systems,a numberof higher-rate orthogonal
channelsare available for data transmission(typically fewer
thanthenumberof users).Themulti-channelschedulingprob-
lem is to selectthe times,channels,andratesfor transmission
of queuedpackets (note that userscan receive on any pre-
assignedcode,albeit with differentresourceconsumption).In
this paper, total transmissionpower is consideredto be the
systemresourceconstraintwhile the power requirementper
bit is usedasan indicationof a user's channelcondition.Fol-
lowing the systemmodel for schedulingdescribedin Section
II, we presentthe following multi-channelformulation.

Consider
�

usersaccessingthesystemsuchthat user * has
a setof possibletransmittingratesin slot � givenby �
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1 - � denotesthe numberof the
possibleratesfor user * , and rate 0 indicatesthat the user is
not scheduledat that time. Sucha rate set is enabledby, for
example,using different spreadingcodesand/or modulation
schemeson the different wirelesschannels.In time slot � ,
user * experiencesa certainwirelesschannelcondition �

)

�����

abstractedasaperbit powerconsumptionin orderto guarantee
a certainSINR. In otherwords,thetransmittinguser* in slot �

usingrate �

)

����� requirespower �

)
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)

�����

�

)

����� .1 Notice
that �

)

����� is a randomprocessre�ecting the user's channel
conditionasdriven by usermobility andchannelshadowing.

B. Objectiveand Resource Constraint

The objective of the scheduleris to maximize the system
throughputsubject to the fairnessand resourceconstraints.
Mathematically, let
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throughputin slot � . The objective of the scheduleris thento
maximizethe expectationof �
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Oneconstraintis the total systemresourcelimitation which
in a CDMA systemis the maximumtransmissionpower limit
in eachtime slot given by
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where � denotes the maximum total power transmission
regulated.

1We assumea linear relationshipof the scheduledrate and power con-
sumptionasapplicableto (for example)transportformatselectionin a UMTS
system[8]. A non-linearrelationshipis a trivial but lengthyextension.

The secondconstraint is fairness,and we consider two
fairnessobjectives: deterministicand probabilistic. The two
fairnesscriteria lead to two schedulerdesignsdescribedin
SectionIV and V and provide techniquesfor network oper-
atorsto tradestricter fairnessfor higher throughputwhile in
both casesmaintainingquanti�able fairnesscharacteristicsat
longer time scales.

IV. SCHEDULER DESIGN FOR DETERMINISTIC FAIRNESS

In this section,we deviseMFS-D,a multi-channelscheduler
for deterministic fairness.Let �
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expectedthroughputfor user * . Given user * 's target weight
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in the system,deterministicfairnessrequires
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That is, for any two �o ws * and $ , their expectedthroughput
should be exactly proportional to their assignedweights.
Thereforethe schedulingdecisioncan be formulatedas the
following optimizationproblem.
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To solve this problem,we observe that the above is equiv-
alent to the following problem.2
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Intuitively, if we maximize the minimum 3

�

4
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, the system
throughput is maximized subject to the fairnessconstraint.
Consequently, the �rst constraintleadsto therequirementthat
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since one can easily reducethe throughput for userswith
surplus.Moreover, since each 3
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is identical, the objective
function is equivalent to maximizing
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2See[3], [10] for otherapplicationsof sucha transformationtechnique.



where �

)

is a non-negative constant.Thus, if (1) we can
maximize / de�ned in (13) for a �x ed

�

�

�

, and (2) we can
alsosatisfythe fairnessconstraint,theresultingschedulerwill
be the optimal solutionto the original problem.

We remarkthata �x edcontrolvectorleadingto theoptimal
solutionis not available,asthechannelinformationcannot be
obtainedin advance,and the channelconditionsmay change
over time. Thus, as describedin SectionII, we dynamically
adjustthe control parametersonline suchthat it convergesto
the optimal solution.Next, basedon the above discussion,we
introducea control parameter�

)

����� for eachuser * in time
slot � and design the schedulingblock and updatingblock
respectively.

A. Designof the SchedulingBlock

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

� ���

�

�

)��

�

�

)

�����

# )

�����&� (14)

suchthat in eachtime slot the weightedsystemthroughputis
maximized.The constraintsof this optimizationaregiven by
the following.
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Notice that thereis no fairnessconstraintas(from SectionII)
fairnessis treatedin the updatingblock.

We observe that this optimal schedulingblock formulation
is an NP hardKnapsackproblem[11]. Consequently, sincea
completesearchof thesolutionspaceis infeasiblein practice,
we develop an approximation to the optimal solution as
follows. Observe that the larger the ratio
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����� , the more
likely the usershouldbe selected,as it addsincreasinglyto
the objective function.Hencea greedyalgorithmto solve this
problemcan be formulatedby �rst generatingthe following
sortedlist:
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ordered-�ow 1 and proceedingsequentiallyuntil �o w $ such
that the maximumpower limit is reached.(Notice that �o w $

may have to selecta ratesmallerthanits maximumpossible.)
For all *�
 $ , the transmissionrate in time slot � will be
set to zero. This approximationto the optimal solution has
computationalcomplexity dueto the sort of �
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However, the deviation of the greedyalgorithm from the

optimal solution is unbounded.For example,assume2 users
both with rate set
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 are in the system.Let � ������� � -
+ ,
��� ����� � -
+0� ,	- , �
�%����� � - , and ��� ����� � � , where � is the
total transmissionpower. According to the greedyalgorithm,

only user 1 will be selectedas long as P is greaterthan 2.
In contrast,the optimal solutionis to selectuser2 so that the
deviation betweenthe two solutionsincreaseswith � .

A simple enhancementto limit the deviation from the
optimalsolutionis asfollows.First, still employing thegreedy
algorithm, we generateusersets �
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 where� is thesolutiongivenby thegreedyalgorithm
and $

�
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$

1$- � are the index of the sorted list describedas
above. If set � generatesa betterresultthan ��� , � is selected;
otherwise,��� is selected.This algorithm hasbeenshown to
achieve an objective within a factorof 2 to the optimal value.
Readerscan�nd otherenhancedapproximationalgorithmsin
[11] at the costof increasedcomputationalcomplexity.

Wemaketwo observationsabouttheschedulingblock.First,
note that we considerthe resourcelimits andratesetascon-
straints.If thesystemhasotherconstraints,they canbe added
into the schedulingblock optimizationproblem.For example,
if user * and user $ can not be scheduledsimultaneouslyin
onetime slot, we cansetanotherconstraint
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This maybeimportantfor particularunderlyingphysicallayer
implementation.For example,in a CDMA network, two users
maynot beassignedin thesametime slot in orderto maintain
codeorthogonality.

Second,observe that althougha ratesetis assignedto each
user, the maximum rate is most often used in the approxi-
mation to the Knapsackproblem.With a linear relationship
between �

)

����� and
# )

����� , other ratesare only usedfor the
last selecteduser to utilize the remainingtotal transmission
power. However, we remarkthat for a non-linearrelationship,
the ratesetwill be of increasedimportancein selectingusers.

B. Designof the UpdatingBlock

The function of the updatingblock is to updatethe control
parametersin order for the outputof the schedulingblock to
satisfy the fairnessrequirement.Recall that the requirement
of the updatingblock is to guaranteethat the control vector
converges to 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.
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and
�

� � 
 �
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� denotestheadaptive control vector. The
deterministicfairnessconstraintof Equation(3) is equivalent
to the requirement�
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� � � + . In otherwords, the control pa-
rameterupdatingalgorithmhasto �nd thesolution
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function.Noticethat thevalueof �
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� � dependson theoutput
of theschedulerdecisionsothattheupdatingalgorithmshould
be dynamicallyadjustedaccordingto schedulingdecisions.

Stochasticapproximationis an effective techniquefor �nd-
ing zerosof a function �

� � � which cannotbeexplicitly known
[12]. If anoisymeasurementis available,i.e., �
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The expectedvalueof the observation error in this caseis
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Therefore,we canusethe stochasticapproximationalgorithm
to adaptively �nd
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is chosento converge to zero,e.g., �
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Thus, the resulting schedulerMFS-D containsthe above

schedulingand updateblocks. Note that this solution max-
imizes the total normalized throughput in each time slot,
ensuresthat

�

� converges to a �x ed
�

�

�

, and ensuresthat
the deterministicfairnessconstraintis satis�ed. Thus,MFS-D
providesan approximatesolutionto theoptimizationproblem
of Equations(4) to (7).

V. SCHEDULER DESIGN FOR PROBABIL ISTIC FAIRNESS

In this section,we use the methodologyof Section II to
develop MFS-P, a multi-channelschedulerfor probabilistic
fairness.

In [5] a wirelessscheduleris designedundera probabilistic
fairnessindex de�ned by

��� �	�

�

�

)

/
)

,

�#"

/

"

�

�




� �2�

�

�

*

�

$

� �0� (23)

Notice that Equation(23) de�nes probabilisticfairnesson the
entire distribution of the service differencebetweenuser *

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)
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where�
� thetargetedprobabilityand 
 is anoperator-speci�ed

constantdenotingthe servicediscrepancy whereprobabilistic
fairnessis to be ensured.For a �x ed ��� , a lower value of 


providesfor morestringentfairnesssuchthat 
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that two users'throughputshave 0 differencewith probability
of no morethan ��� . With a scalefactorof �
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3Different stochasticalgorithmsrequire different conditions.Generalre-
quirementsinclude stationarityand a certainorder differential. Readersare
referredto [12] for a detaileddiscussion.

A. Designof the SchedulingBlock

We employ thesamecontrol parameter�

)

����� asin MFS-D
and formulatethe objective function of the schedulingblock
as

� � �

�

�

)��

�

�

)

�����

# )

����� � (26)

Togetherwith the resourceand rate constraints,this again
is a Knapsackproblem such that MFS-P's schedulingblock
employs the samealgorithmicsolutionas in SectionIV.

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 as in this specialcase,the actualscheduling
decisionsandcontrolupdatesfor MFS-PandMFS-D arequite
different,asquanti�ed in SectionVI.

B. Designof the UpdatingBlock

We employ stochasticapproximationto ensurethe proba-
bilistic fairnessconstraintvia convergenceof control parame-
ter updatingasfollows.De�ne a vectorfunctionof thecontrol
parameter�
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expectedvalue and is not directly observable. However, in
eachtime slot � , we have a noisy observation
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where�
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����� is theuser* throughputat timeslot � . A measured
andsmoothedversionof �
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����� canbe obtainedas
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where � is the �lter parameter.
Therefore,we can use the stochasticapproximationalgo-

rithm to updatethe control parametersagainas follows.
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We remark that in (28), the relationship between
�

3

�

��� �

#%.

&('*)

3

&

�����

,

/0)

� and + � �




/0)

is only capturedasan indicator
functionwhich takesonvalues0 and1. This is rootedfrom the
fairnessrequirementmeasuredat only oneservicediscrepancy,


 . While a simple updatingscheme,this approachmay have



larger unfairnessfor deviations larger than 
 . To limit such
unfairness,the updatingalgorithmcanbe re�ned as follows.
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The addedtermsmeasurethedeviation of thecurrentfairness
from the requirementsandscalethe adjustmentspeedon the
control parameters.This leadsto fasterconvergenceand less
�uctuation.

VI . SIMULATION EXPERIMENTS

In this section,we presentan extensive set of simulation
experimentsto evaluatethe performanceof the deterministic
and probabilistic multichannel fair schedulers(MFS-D and
MFS-P)designedin SectionsIV andV.

Our experimentaldesignconsidersthroughputand fairness
as the primary performancemeasuresand we consider a
numberof factorsof schedulerperformance.We �rst compare
the dynamicbehavior of MFS-PandMFS-D in termsof both
controlparameterupdateandshort-termfairnessbehavior. We
next study the fundamentalthroughput-fairnesstradeoff by
exploring the impact of the operatordesignatedfairnessdis-
crepancy parameter
 on fairnessandtotal systemthroughput.
Third, we study the effects of scaling the 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 channelconditions on system
throughputandper-userfairness,we considera simplemodel
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 asinusoidwith randomphaseplusadditivenoise.
That is, the channelconditionfor user * at time ' is given by
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where 	
�

�
	
�

������� areindependentanduniformly distributedin

 +�� ��� � giving the channelconditionsstatisticallyindependent
phases.

Thesinusoidaltermrepresentsthelong time scaleeffectsof
mobility for differentmobility speedsandchanneltime scales

-��

�

)

and
�

representsthe rangeof the channeleffects due
to mobility. The additive noise

#
�

�

� ' � representsa model of
theeffectsof Rayleighandshadow fadingvia theconservative
assumptionof additive white Gaussiannoisewith variance�

�

) .
This modelallows usto studythein�uence of theexperienced
channelon both systemthroughputand fairness.

We assumethat 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 consider traf�c in which all
�o ws are continuously backloggedsuch that the achieved
fairnessand throughputis entirely relatedto the scheduling
processand channelconditionswithout any variation due to
traf�c �uctuations. Moreover, we assumethat data can be
dynamicallyfragmentedto �t into onetimeslotat thespeci�ed
transmissionrate. Unless otherwisespeci�ed, �

)

� + � +.+ � ,
�

� + � � , and �

)

� + � � .

B. SchedulerDynamics

A key distinction betweenMFS-D and MFS-P is their
controlparameterupdatingblocksthat targetdifferentfairness
guarantees.Intuitively, the updatingblock of MFS-P is less
reactive as the control parameteris updatedonly when the
threshold of discrepancy is triggered. In contrast, MFS-D
updatesthe control parameterat every time slot to satisfythe
stricter fairnessconstraint.
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Fig. 2. MFS-D andMFS-PControl ParameterUpdate

This phenomenais illustrated in Figure 2 which depicts
a temporalsnapshotof the control parameterupdatingpro-
ceduresfor MFS-D and MFS-P. Notice that in MFS-D, the
user's control parameteris continuouslybeing updateddue
to its stricter fairnessrequirement.The oscillating patternof
the updatingcurve representsthe scheduler's effort to track
and converge to the underlying channelcondition. In order
to maintainidenticalnormalizedthroughputin the long term,
MFS-D has to accumulate“credits” via control parameter
updating for bad channelusersin order for it to acquirea
transmissionopportunityin the future.

In contrast,control parameterupdatesfor MFS-P occur
more smoothly and the control parameterstaysconstantfor
a certain time interval, especiallyfor a larger 
 . The means
thatduringtheseslots,thecondition ���
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is satis�edandtheupdatingprocedureis not triggered.For the
specialcaseof 


� � andabove, a user's control parameteris
not increasedevenif 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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The less stringent update policy of MFS-P also has an
impacton short-termfairness.In particular, with MFS-Pa bad
channelusercantemporarilylose its chancefor transmission
until thecontrolparameterthresholdis met.Figure3 depictsa
histogramof the normalizedservicediscrepancy betweentwo
userswith a 30 time slot measurementinterval. Observe that
MFS-Phasmoredensityat high discrepanciesindicatingthat
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
 representsthe normalizedservice
discrepancy that is allowed with probability �

� . For example,
with 


� - andidenticalweights,two �o w's throughputscan
differ by up to a factorof 1 with probability �

� . Similarly, with



� + , any two �o ws' serviceis maintainedto beidenticalwith
probability �

� .
In this setof simulations,16 usersareactive with 12 users

having weight 1 and4 usershaving weight2.4 Themaximum
transmissionpower is set to be 2 and ��� � + � � . The total
simulationtime is 2000slots.

Figure4 depictstheeffectof theparameter
 on throughput.
The x-axisdepicts 
 rangingfrom 0 to 3 with steplength0.5.
Eachbarin thegraphcontainsthreecomponents:thelowerbar
representsthe averagethroughputper time slot normalizedto
the weight unit, themiddle andupperbarsrespectively depict
the standarddeviation and the maximumdifferencebetween
any two users'normalizedthroughput.Essentially, the lower
bar representsthe ef�ciency of the schedulerin increasing
systemthroughput,themiddlebardenotestheaveragesystem

4Use of different weights in this scenariogives more �e xibility to the
scheduler.
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Fig. 4. Throughputvs. FairnessParameter
�

unfairness,andthe upperbar representsthemaximumsystem
unfairness.

Observe thatsystemthroughputincreasesroughly25%with
increasing
 , as larger valuesof 
 representincreasinglyre-
laxedfairnessconstraints.Moreover, noticethatthethroughput
cannotincreasefurther when 
 is greaterthan2: when 


5

� ,
accordingto (31), a user's parameterwill not beupdatedeven
if its throughputis zero.Betweentheseextremes,a wide range
of 
 's yield aneffective tradeoff betweenthroughputgainsand
fairness.

D. Numberof Users

A larger numberof usersprovides an increaseddegreeof
freedomfor the schedulerto exploit varying channelcondi-
tions and selectthe bestsubsetof usersfor transmission.In
this setof simulations,we investigatetherelationshipbetween
thetotal systemthroughputandnumberof usersfor multi- and
single-channelschedulers.For MFS-P, we consider
 givenby
0.5, �

� given by 0.2, andall usershaving weight 1.
Figure 5 shows the total systemthroughputper time slot

versusthe numberof usersin the system.The �gure indi-
catesthat the total systemthroughputincreasesalmostalmost
linearly with the numberof usersuntil saturationdue to the
system's totalpowerconstraint.This impliesthatwith joint op-
timizationof 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 comparemulti-
channel to single-channelscheduling,we perform a set of
simulationsin which eachuser's channelconditions is uni-
formly distributed in [0,1] and the total transmissionpower
is still 2. Moreover, to isolatethe effects of the channeland
userandrateselection,we �x thecontrolparameterto always
be 1 suchthat thebestchannel(s)arealwaysselectedwithout
regardto fairness.

Figure6(a) illustratesthat this linear relationshipholds for
a wide rangeof maximumper-userratesfrom 1 to 11. Figure
6(b) depicts the result for single-channel schedulingunder
the samesimulation setup and shows that the total system
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Fig. 5. Throughputvs. Numberof Users

throughputis strongly dependenton the maximumuser rate
availablein thesystem.Whenthemaximumrateis low, single-
channelschedulingis limited by the one-user-at-a-timerule
and thus cannotclaim unusedpower in the system.As the
maximum rate increases,the total systemthroughputbegins
to increasewith the number of usersas well, although at
a signi�cantly lesserrate. Observe that equal throughputis
achievedin bothsystemsonly in theextremecasein which the
maximumuserratein thesingle-channelsystemis limited only
by the total systempower, an unrealisticscenarioin cellular
systems.

E. HeterogeneousChannelConditions

Here, we considerthe impact of usershaving perpetually
differentchannelconditions.For MFS-D andMFS-P, we use
an approximatesolution to the Knapsack problem in the
schedulingblock. After schedulingusers according to the
algorithmdescribedin SectionIV-A, theschedulerchecksthe
remainingusersto determineif onecanbe�t in to to claim the
excesspower. If so,theuserwill bescheduledregardlessof its
control parameteror position in the sortedlist. Observe that
when a userhasan extremely good channeland hencelittle
resourceconsumption,thescheduleris likely to selectthis user
using the remainingpower after schedulingotherusers.

In these experiments,we modify the above simulation
scenariosuchthatone“best-channel”userhasa constanthigh
quality channelcondition.In differentsimulations,this user's
power per-bit consumptionvariesfrom 0.01 to 0.3.

Figure 7 shows the resultsand depictstwo bars for each
channelcondition.Theright bardenotesthethroughputfor the
userwith theperpetuallyhigh-qualitychannelandthe left bar
denotestheaveragethroughputof all otherusers.Observe that
the best-user's throughputdecreasesas its channelcondition
getsworse.However, whenits channelconditionis extremely
good(theleft-mostbars),thisuseris scheduledin almostevery
time slot. The reasonis that althoughthis usercontinuously
incurs a decreasingfairnesscontrol update parameterdue
to receiving high service rates, it can nearly always be �t
into the remaining power budget which cannot be claimed
by the other userswith lower quality channels.Thus, while
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Fig. 6. Throughputvs. UserNumber

the attainedthroughputsare not strictly “f air”, it is indeeda
desirableoutcomeas this throughputobtainedby the best-
channel user would otherwise be wasted. In other words,
uniqueto multiplechannelscheduling,unfairnessmaybecome
not only unpreventable,but alsodesirable.

Similarly, Figure 8 illustratesthe effects of having a sin-
gle user with a perpetuallypoor channelcondition. While
the degradation in that user's throughput is expectedwith
increasinglypoor channelconditions,the key observation is
that theaveragesystemthroughputis nearlyunchanged.Thus,
in themulti-channelsystem,otherusersarenot forcedto wait
while the laggingbad-channel�o w catchesup, assucha user
occupiesat mostonechannel.

F. MaximumTransmissionPower

The above issueof �tting in an “extra” best-channeluser
becomesmorepronouncedwhenthetotal resourceis relatively
large, as a betterchannelusercan be more easily accommo-
datedin theremainingpowerbudget.This issueis alsoaffected
by the transmissionrate set: in the limit, if a single usercan
utilize all availableresourcesandtransmitat a very high rate,
no remainingpower budget would be available to scheduler
otherusers.

Figure9 depictsthe resultsof experimentsthatconsiderthe
effectsof varyingthetotal transmissionpowerfrom 2 to 8. The



0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Best User Channel Condition

N
or

m
al

iz
ed

 T
hr

ou
gh

ou
t P

er
 T

im
e 

S
lo

t

Average Throughput
Best Channel User Throughput

Fig. 7. Throughputvs. BestUser's ChannelCondition

0.4 0.5 0.6 0.7 0.8 0.9
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

N
or

m
al

iz
ed

 T
hr

ou
gh

pu
t P

er
 T

im
e 

S
lo

t

Worst User Channel Condition

Average Throughput
Worst Channel User Throughput

Fig. 8. Throughputvs. Worst User's ChannelCondition

�gure illustratesthatfor thereasonsdescribedabovecombined
with the �e xibility of multi-channelscheduling,a larger total
transmissionpower results in increasesin the normalized
average throughput,as well as the standarddeviation and
maximumdifferencein throughput.

VI I . RELATED WORK

While many fair wirelessschedulerswere designedunder
the binary channelmodel e.g., [1], a numberof schedulers
have beendesignedundera more realisticmulti-rate channel
model [3], [4], [5], [13], [14], [15], [16]. Such schemes
have the advantageof being able to opportunisticallyexploit
channel variations to select good-channelusers while also
satisfying fairnessconstraints.In contrast,MFS considersa
more generalmulti-channelformulation applicablein spread
spectrumnetworks in which multiple users can be sched-
uled simultaneously, againat multiple rates.As illustratedin
SectionVI, multi- and single-channelsystemsbehave 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 suchresearchis to selectthe set
of user transmissionpowers to optimally allocate the total
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Fig. 9. Throughputvs. Maximum Total TransmissionPower

power budgetsubjectto per-userSINR requirementsor per-
userthroughputrequirements.However, suchpowerallocation
problemsarequitedifferentfrom our formulatedmulti-channel
schedulingproblem as the latter determineswhich usersto
schedulewhenandat which ratesasgiven by the formulated
optimizationproblem.In otherwords, in contrastto a purely
physicallayeroptimization,MFS-DandMFS-Pprovideanop-
timal MAC-layerschedulingalgorithmthat exploits physical-
layer information on channelconditionsto dictate the rates,
times,andpowersof eachuser's transmission.

Finally, the generic problem of schedulinga set of jobs
over multiple resources(machines)hasbeenstudiedin [21],
[22], [23] for example.Suchpapersfocuson minimizing the
averagejob delay anddevelopingon-line algorithmsthat ap-
proximatethe optimal solutionwith boundederror. However,
such solutionsare not applicablehere as the multi-channel
wirelessschedulingproblem has a unique formulation such
asconstraintsof fairnessamongusers,high variability in the
resourceavailability andcost(i.e., a complex channelmodel),
etc.

VI I I . CONCLUSIONS

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

REFERENCES

[1] V. Bharghavan, S. Lu, andT. Nandagopal,“Fair schedulingin wireless
networks: Issuesandapproaches,” IEEE PersonalCommunications, pp.
44–53,Feb. 1999.

[2] T. Ng, I. Stoica,and H. Zhang, “Packet fair queueingalgorithmsfor
wirelessnetworks with location dependenterrors,” in Proceedingsof
IEEE INFOCOM '98, SanFrancisco,CA, Mar. 1998.



[3] S. Borst and P. Whiting, “Dynamic rate control algorithmsfor HDR
throughput optimization,” in Proceedingsof IEEE INFOCOM '01,
Anchorage,Alaska,Apr. 2001.

[4] X. Liu, E. Chong,andN. Shroff, “Transmissionschedulingfor ef�cient
wirelessnetwork utilization,” in Proceedingsof IEEE INFOCOM '01,
Anchorage,Alaska,Apr. 2001.

[5] Y. Liu, S. Gruhl, andE. Knightly, “WCFQ: an opportunisticscheudler
with statisticalfairnessguarantee,” to appearin IEEE Transactionson
WirelessCommunications.

[6] Digital cellular telecommunicationssystem (Phase 2+) European
TelecommunicationsStandardsInstitute, “Overall descriptionof the
GPRSradio interface;stage2 (GSM 03.64version8.5.0release1999,”
http://www.etsi.org, Aug. 2000.

[7] P. Bender, P. Black, M. Grob, R. Padovani, N. Sindhushayana,and
A. Viterbi, “CDMA/HDR: a bandwidthef�cient high speedwireless
dataservicefor nomadicusers,” IEEE CommunicationsMagazine, vol.
38, no. 7, pp. 70–77,July 2000.

[8] 3rdGenerationPartnershipProject;TechnicalSpeci�cationGroupRadio
AccessNetwork, “Physical layer aspectsof utra high speeddownlink
packet access(release4) tr25.848 v4.0.0,” http://www.3gpp.org, Mar.
2001.

[9] T. Rappaport, Wireless Communications:Principles and Practice,
PrenticeHall, 1996.

[10] S. Kandukuri and S. Boyd, “Optimal power control in interference-
limited fadingwirelesschannelswith outage-probabilityspeci�cations,”
IEEE Transactionson WirelessCommunications, vol. 1, no. 1, pp. 46–
55, Jan.2002.

[11] S. Martello andP. Toth, Knapsack Problems:Algorithmsand computer
Implementations, JohnWily andSons,Ltd., New York, 1990.

[12] H. Kushner and D. Clark, Stochastic Approximation Methods for
Constrained and Unconstrained Systems, Springer-Verlag,1978.

[13] M. Andrews, S. Borst, F. Dominique,P. Jelenkovic, K. Kumaranand,
K. Ramakrishnan,and P. Whiting, “Dynamic bandwidth allocation
algorithmsfor high-speeddatawirelessnetworks,” Bell LabsTechnical
Journal, Jul.-Sep.1998.

[14] M. Andrews, K. Kumaran,K. Ramanan,A. Stolyar, P. Whiting, and
R. Vijayakumar, “Providing quality of serviceover a sharedwireless
link,” IEEE CommunicationsMagazine, pp. 150–154,Feb. 2001.

[15] G. Holland,N. Vaidya,andP. Bahl, “A rate-adaptive MAC protocolfor
multi-hop wirelessnetworks,” in Proceedingsof ACM MOBICOM '01,
Aug. 2001.

[16] B. Sadeghi, V. Kanodia,A. Sabharwal, andE. Knightly, “Opportunistic
mediaaccessfor multirate ad hoc networks,” in Proceedingsof ACM
MOBICOM '02, Sept.2002.

[17] K. Gilhousen, I. Jacobs,R. Padovani, A. Viterbi, L. Weaver, and
C. Wheatley III, “On the capacityof a cellular CDMA system,” IEEE
Transactionson VehicularTechnology, vol. 40, pp. 303–312,Feb. 1991.

[18] J. Lee, R. Mazumdar, and N. Shroff, “Downlink power allocation
for multi-class CDMA wireless networks,” in Proceedingsof IEEE
INFOCOM '02, New York, June2002.

[19] P. Marbachand R. Berry, “Downlink resourceallocationand pricing
for wirelessnetworks,” in Proceedingsof IEEE INFOCOM '02, New
York, June2002.

[20] R. Yates, “A framework for uplink power control in cellular radio
systems,” IEEE Journal on SelectedAreas in Communications, vol.
13, pp. 1341–1347,Feb. 1995.

[21] J. ChenandA. Miranda,“A polynomialtime approximationschemefor
generalmultiprocessorjob scheduling,” SIAM Journal on Computing,
vol. 31, no. 1, pp. 1–17,May 2001.

[22] R. Li and L. Shi, “An on-line algorithm for someuniform processor
scheduling,” SIAM Journal on Computing, vol. 27, no. 2, pp. 414–422,
Apr. 1998.

[23] W. Schwiegelshohn,W. Ludwig, J. Wolf, J. Turek, and P. Yu, “Smart
smart boundsfor weightedresponsetime scheduling,” SIAM Journal
on Computing, vol. 28, no. 1, pp. 237–253,June1998.


