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Abstract—In multi-rate wir elessLANs, thr oughput-basedfair
bandwidth allocation can lead to drastically reducedaggregate
thr oughput. To balance aggregate thr oughput while serving
users in a fair manner, proportional fair or time-based fair
schedulinghasbeenproposedto apply at eachaccesspoint (AP).
However, since a realistic deployment of wir eless LANs can
consist of a network of APs, this paper considersproportional
fair nessin this much wider setting. Our technique is to intelli-
gently associateuserswith APs to achieve optimal proportional
fair nessin a network of APs. We proposetwo approximation
algorithms for periodical of�ine optimization. Our algorithms
are the �rst approximation algorithms in the literatur e with
a tight worst-case guarantee for the NP-hard problem. Our
simulation results demonstrate that our algorithms can obtain
an aggregate thr oughput which can be as much as 2.3 times
more than that of the max-min fair allocation in 802.11b.
While maintaining aggregate thr oughput, our approximation
algorithms outperform the default user-AP associationmethod
in the 802.11bstandard signi�cantly in terms of fair ness.

I . INTRODUCTION

Fair andef�cient mediumaccessis a fundamentalproblem
in wirelessnetworks.Thisproblemis particularlychallenging
to addressin modernWLAN networksdueto theintroduction
of multi-rate WLANs to accommodateuserswith diverse
channelconditions.Recentmeasurementstudieshave shown
that ratediversity is prevalent in operationalWLANs [15].

In the caseof a singleaccesspoint supportingmulti-rate,
the tradeoff betweenfairnessand ef�ciency is resolved by
the introduction of the proportional fair scheduler. Specif-
ically, the widely used 802.11 MAC provides equal long-
term transmissionopportunities.This is also referredto as
throughput-basedfairness.A consequenceof this fairness
is that nodes with lower data rates occupy the medium
a larger percentageof time than those with higher data
rates,leadingto drasticallyreducednetwork throughput[10],
[15]. In contrast,proportionalfairnessimplementstime-based
fairnessand provides a good tradeoff betweenfairnessand
network throughput.

However, many deployed WLANs consist of multiple
APs,interconnectedby a wired backbonenetwork, providing
overlapping coverage. In this much wider network-based
setting,theclient nodesareoftendistributedunevenlyamong
theaccesspoints[6], [7], [12], anda nodecanbe associated
with one of multiple APs. In other words, a signi�cant
challengein this morerealisticsettingis associationcontrol.
Associationcontrol plays a major role in determiningnot
only fairnessbut also ef�ciency and load balancing[5]. As
researcherspointedout in a previous study [9], association
control without considerationof fairnesscan lead to non-
Pareto optimal channel capacity allocation. By a Pareto
optimalallocationit meansonesuchthat theredoesnot exist
anotherfeasibleallocationwhereat leastonenodegetsmore
bandwidth,andall othersget at leastthe samebandwidth.

In this paper, we study how to use associationcontrol
to achieve optimal proportional fairness; that is, how to
associatethe nodesto maximize the sum of the logarithm

of the ratesallocatedto users.The logarithm of a rate can
be viewed asa utility function of eachuser.

Sincetheobjectivefunctionof proportionalfairnessis non-
linear and non-concave, implementingoptimal proportional
fairnessis muchmorechallengingthanthemax-minfairness
problemaddressedin [8]. If eachusercanbeassociatedwith
only oneAP, the problemof achieving optimal proportional
fairnessthenis NP-hard.We presenttwo algorithmsallowing
tradeoffs betweenperformanceand computationalspeed.In
our �rst algorithm, we solve a relaxed convex programto
obtain a fractional association.We then round this solution
to an integral solution. The total utility of the bandwidth
allocationvector given by our algorithm is greaterthan the
that of optimal bandwidth allocation vector scaled down
by a factor of ��� 	�
�	 . In our secondalgorithm, we �rst
discretizethe nonlinearprogramto obtain a linear program
relaxationof the problemwhereeachusercanbe associated
with multiple APs simultaneously. Via roundingthe solution
to the discretizedlinear program, we design an ef�cient
approximationalgorithm such that, the total utility of the
bandwidthallocationvectorgivenby our algorithmis greater
than the that of optimal bandwidthallocationvector scaled
down by a factorof 
�
�� .

As far as we know, the only closely relatedpaperin the
recent theory literature is [4]. Azar and Epstein [4] give
algorithmsfor minimizing the ��� norm of the load vector
in the problem of schedulingunrelatedparallel machines.
Similar to our work, they use the GeneralizedAssignment
techniqueof ShmoysandTardos[14] to rounda relaxationof
theproblemformulation.Thus,to thebestof our knowledge,
weare the�r st to presentassociationcontrol algorithmsthat
provide guaranteeson the quality of bandwidthallocation
with respectto the optimal proportional fairnesssolution.

Our approximationalgorithms can be used for periodic
of�ine optimization.The function can be implementedin a
central managementserver (e.g., Cisco's Wireless Control
System [2]) to allow enterprisewirelessnetworks to be de-
signed,controlled,andmonitoredfrom acentralizedlocation.

We conductextensiveevaluationsto demonstratetheeffec-
tivenessof our algorithms.We show that our approximation
algorithm achieves close-to-optimalproportionalbandwidth
allocation(we comparewith an upperboundof the optimal
objective function since the problem is NP-hard), obtains
an aggregate throughput which can be as much as 2.3
time more than that of the max-min fairnessallocation,and
outperformsthe default user-AP associationmethodin the
802.11standard.We also �nd that our convex programming
basedalgorithmrunsmuchfasterthanour seconddiscretized
linear programmingformulation.

Therestof this paperis organizedasfollows.We motivate
our design in Section II. We introduce our notationsand
formulation in Section III. We presentour two algorithms
in SectionsIV and V, respectively. We evaluateour algo-
rithms in SectionVI. After presentingthe relatedwork in
SectionVII, we concludein SectionVIII.



2

I I . MOTIVATION

We motivateour designchoicesusinganexamplenetwork
shown in Fig. 1. Thenetwork has2 APs � and � , and3 users
indexed by 1, 2, and 3. The dashedlines show the possible
links. Thenumberbesideseachlink is its bit rate.We assume
that all usershave the samepriority.

A. Fairness

Two fairnessde�nitions are widely used in network re-
sourceallocation.Proportionalfairnessallocatesbandwidth
to usersin proportion to their data rates in the single AP
case.It maximizesthesumof the logarithmsof theallocated
bandwidthof eachuser in the multiple-AP case.Max-min
fairness,on theotherhand,triesto allocatebandwidthequally
among usersto the extent possible.That is, a bandwidth
allocation is max-min fair if there is no way to give more
bandwidthto any userwithout decreasingthe allocationof a
userwith lessor equalbandwidth.

32948 66

321

a b

Fig. 1. An examplenetwork (the numberbesideseachlink is its bit rate).

Applying the two fairnessde�nitions to the examplenet-
work shown in Fig. 1, we can verify by exhaustive search
that the following assignmentof usersto APs satis�es both
fairnessde�nitions: user1 and2 to � , and3 to � .

However, the two fairnessde�nitions allocate different
amountsof bandwidth to different usersand achieve dif-
ferentoverall network throughput.Speci�cally, proportional
fairnessallocates3, 24 and6 unitsof bandwidthto users1, 2
and3 respectively by giving users1 and2 equaltransmission
time.As a comparison,max-minfairnessallocates16/3,16/3
and6 units to users1, 2 and3 respectively by giving user1
longertransmissiontime(8 timesmorethanthatgivento user
2). Comparingthe total network throughput,we observe that
max-min fairnessachieves only 16.67, far lessthan 33, the
total throughputachieved by the proportionalfair allocation.

This example also can illustrate that fairnessmust be
consideredin a broadercontext thana per-AP basis.Without
this, the bandwidthallocation can be quite inef�cient. For
example,considera �x ed assignmentof user1 to � , 2 and
3 to � . This allocationgivesthe useran allocationof 6, 4.5,
and3 which resultsin a total bandwidthof 13.5,far lessthan
the optimal of 33.

Notethat in anextremelylargewirelessLAN deployment,
we may partition the network into several components.In
each component,we apply our proportional fairnessallo-
cation. This may have fairnessimplications, but maybe a
reasonabletradeoff in achieving feasibleimplementation.

B. Load balancing

Fairnessand load balancingare traditionally considered
in separation.In our framework, the resourcesat all access
pointsareconsideredasa whole whenallocatingbandwidth
fairly to users.With this network-wide fairnessobjective,
load balancingis automaticallytaken careof.

C. Periodic of�ine optimization

The network has to make associationdecisionsas users
arrive.Therefore,onlineassociationalgorithmsarenecessary.
However, online decisionsmay becomeinef�cient over time
both in terms of aggregate throughputand fairness.Thus,
our systemis to combinean online algorithm with periodic
of�ine optimization.

An onlinealgorithmhasto make a decisionwithout know-
ing the future.Becauseof this, it canbe arbitrarily unfair to
certain users.For example,supposewe have two APs �����

and � users.Supposeonly user 1 is able to communicate
with both APs and the data rate is 48, and 24 to � and �

respectively. Therestof theusersareall outsidethecoverage
of AP � , but arewithin the coverageof AP � . Whenuser1
�rst arrives,an online algorithmwill associatethe userwith
AP � . Then the rest of ����� usersarrive. Sincean online
algorithm will not re-associateusers,the �rst userwill get

�

	 �!� . However, if user 1 associateswith AP � instead,it
will get 


�

. We remark that this worst caseoccursfor any
onlinealgorithmwith a simpleadversarialanalysis.Suppose
an online algorithm assignsthe �rst user to AP � when it
�rst arrives.The adversarycanplacethe restof �"��� users
to AP � which result in the samesituation.

Due to the inef�ciency in termsof aggregate throughput
andfairnessof anyonlinealgorithm,our systemarchitecture
is to combine an online algorithm with periodic of�ine
optimization.

I I I . NOTATIONS AND FORMULATION

Our notation is summarizedin Table I. We consideran
IEEE 802.11 WLAN consistingof multiple accesspoints
(APs).We denotethe setof APs as # indexed by �$�%�&�%�'�)( .
All the APs are attachedto a �x ed infrastructurewhich
connectsthem to wired datanetworks suchas the Internet.
The backhaulcapacity for eachAP may be limited. Each
AP hasa limited coverageand it can serve only usersthat
residein its coveragearea.The network coverageareais the
union of the coverageareaof eachAP. We assumeadequate
frequency planning where interfering APs are assignedor-
thogonal channels.Our algorithms can be easily extended
to the casewhere interfering APs sharethe samechannel
resourceequally.

Symbol Semantics
*

The setof all accesspoints (APs).
+ The numberof APs, i.e. +-,/.

*

. .
0

The setof all users.
1 The numberof users,i.e. 12,3.

0

. .
465

The infrastructurelink bit rateof AP 7 .
8

5 9

The wirelesslink bit ratebetweenAP 7 anduser : .
;

5 9

The fraction of time that AP 7 allocatedto user : .
<

9

The weight (priority) of user : .
=>9

The bandwidthallocatedto user : .
?

5 9

The fractionalassociationof user : with AP 7 .
? An user-AP associationmatrix.

; An user-AP time allocationmatrix.
@

5 9)A

1 if AP : allocatesB time slots to 7

C

5 9

The utility user : getsfrom AP 7 .
C An user-AP utility matrix.

TABLE I
NOTATIONS.

We denotethe setof usersas D indexed by �$�&�%�%�%�E� . For
eachuser–AP pair F��)G , we assumethatwe know theeffective
bit rate HJILK of the link betweenF and G . Theeffective bit rate
is measuredin a longer time scalewhich tracks the long-
term channelcondition (mainly in�uenced by path loss and
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slow fading). The effective bit rate also takes into account
the overheadof retransmissionsdue to receptionerrors.We
assumethat a user consumesall bandwidthallocatedto it
by the network and always has traf�c to sendor receive.
Furthermore,we assumethat eachuser F has a weight M K

that speci�es its priority. This weight is usedto determine
the channeloccupancy time it entitles to have with respect
to the otherusers.

We assumethateachusercommunicatesdirectly only with
a singleAP for an extendedperiodof time. In otherwords,
eachuser must be assignedto only one AP. Each AP, on
the other hand,may serve multiple users.We formulatethe
problem of associatinguserswith APs as an optimization
problem.Dueto thedynamicnatureof thechannelcondition
betweenan AP and a user, as well as the bursty natureof
datatraf�c, rateallocationthroughassociationcontrolshould
bedonein a longertime scale.Thealternative would entaila
muchhighercommunicationoverheadandadverselyimpact
ongoingtraf�c �o ws. Therefore,our associationcontrol de-
cisionsare basedon the effective bit rate of user-AP pairs,
not the instantaneousrate.

In our formulation,we usetwo setsof variables.For each
user-AP pair, we shallhave a binaryvariableN6ILK that is equal
to 1 if client F is associatedwith accesspoint G ; 0 otherwise.
We expressthefractionof timeeachAP devotesto eachof its
usersusinga fractionalvariableO6ILK . For eachAP G anduserF ,
if F is associatedwith G , then O

ILK is a fractionbetween0 and
1 thatspeci�eshow muchtime G spendscommunicatingwith

F . If client F is not associatedwith G , thenthe fraction O6ILK is
0. We denotethe N

ILK matrix by N andthe O
ILK matrix by O . It is

easyto verify thattheproductO
ILK or N

ILK
O

IPK accuratelyre�ects
the fraction of time accesspoint G spendstalking to client G .
For convenience,we use N

ILK
O

IPK in our secondalgorithm.The
bandwidth �

K allocatedto eachuser F is given as follows.
�)KRQ�S

IUT$VXW

HJIPKYN�IPK)O�IPKJZ[Q\S

I>T$VXW

HJIPK]O�IPK!Z

Our goal is to constructanassignmentof clientsto APs in
a proportionalfair manner;the assignmentallows eachuser
suf�cient bandwidthwithout unduly restricting the amount
of bandwidthavailable to other users.Formally, we would
like to maximizethe weightedsum of the logarithm of the
bandwidthallocation[11]:

^!_

W

NY�`O�ZaQcb

K'T d

M
K2egf$h

�
K

� (1)

Notethat,we assumeno isolatedusers.That is, for eachuser
F , at leastone of its H

IPKji�k . Therefore,the sum inside the
elf�h function is strictly greaterthanzero.This canbeensured
easily by pruning the isolatedusers.We can show that the
problemis NP-hardby slightly adaptingthereductionin [9].

IV. A �m� 	 
�	 APPROXIMATION ALGORITHM VIA CONVEX
PROGRAM RELAXATION

We �rst presenta convex programrelaxationformulation
of the problem. We then show how we can obtain an
approximationalgorithmthroughrounding.

A. Convex program relaxation

Since eachuser F is assignedto only one AP (integral
association),thereis exactly onenon-zeroOnIPK , for G[op# . We
now relax this constraintand obtain the following convex
programformulation:

Algorithm cvapPF(qsrut )

1. v

5 9

= solve CVP(wyx

5 9&z

, w'{

9Jz

)

2. |�}•~jtRrJ€2~•q

set vƒ‚

5 9…„

vƒ‚

5 9 if †‡}ˆrU€!‰ is a strongedge;0 otherwise
Š

‚

9…„�‹

5>ŒJ•

x

5 9

v ‚

5 9

Ž

‚

5 9 „••’‘”“’•—–

‘”“

˜

–

“

™

5 9

„

˜

–

“

•š‘”“

3. Setup the GeneralizedAssignmentproblem
using †

Ž

‚>r

™

‰

4. ›

Ž = roundGAP(™ , Ž

‚ )

5. ›v

5 9

„ œ

•

‘L“

˜

–

“

ž”Ÿˆ ¢¡ Ÿu£

•š‘”“

Fig. 2. A formal descriptionof our proportionalfair algorithm

maximize ¤

9'Œ$¥

{

9n¦L§&¨

Š

9

|$€©~•q-ª

Š

9

„

¤

5‡Œ«•

x

5 9

v

5 9

|�}•~jt¬ª
¤

9'Œ$¥

v

5 9R­¯®

|$€©~•q-ª ¤

5‡ŒJ•

v

5 9
­¯®

|�}•~jt�r>€2~•q¬ª °

­

v

5 9
­¯®J±

(CVP)

The �rst constraint is an expression for the auxiliary
variable ��K , the bandwidth allocated to each user F . The
secondconstraintsaysthat the total allocatedtime fraction
of eachAP G can not be more than 1. The third constraint
saysthat the total fractionof time eachuserF communicates
with all AP cannot be morethan1.

Convex programcan be solved to the desiredprecision
in polynomial time. We �rst solve problemCVP andobtain

O
ILK , which inducesa fractionalassignmentN ILK , where N

ILK
Q

²

‘L“

�

‘”“

³

“

. We canview the assignmentasa bipartitegraph.We
now de�ne two types of edges.An edge

W

G—�šFƒZ is weak if
�

K©iµ´
H

IPK ; otherwise,it is calleda strongedge.´
Q·¶ 
a
¬�

is a parameterwhich will bedeterminedlater. Our algorithm
is summarizedin Fig. 2.

We usethe examplein Fig. 1 to illustratethe key stepsof
our algorithm.Let's index AP � and � by 1 and2. Applying
cvapPF, weobtaina fraction O

ILK asfollows: O6¸�¸¹Qc�«��
 , O6¸EºRQ


���� , On¸u»RQc�«���
k , O¢º�ºRQ¼	ƒ�ƒ�J� , O�º)»RQ·½$���J� . We have �&¸¹Q¿¾ ,

�
º

QÀ


�

, �
»

QÂÁ . The induced N�ILK is shown in Fig. 3-a.
Note that, edge

W


m��
$Z is weak. This is because�&ºjQÃ


�

i

W

¶ 
�
¼�«ZYÄ[Å .

7/151/54/51 8/15
321

a b

1 7/151 8/15
321

a b

(a) N after solve CVP (b) N�Æ after weakedgedel

111
321

a b

(c) ÇN after roundingvia GAP

Fig. 3. An example:assignmentsat eachstep.
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B. Roundingvia generalizedassignmentproblem(GAP)

ThefractionalassignmentN ILK yieldstoomany assignments
(edges).Our goal is to derive an integer assignment.We
�rst deleteall weak edges.This inducesanotherfractional
assignmentO�Æ

IPK

. That is,

O�Æ

IPK

Q O�IPK$� if (i,j) is strongÈ

k � if (i,j) is weak�

(2)

De�ne �yÆ

K

Q S

IUT$V

HJIPK)O�Æ

IPK

. We have the following lemma:
Lemma4.1: For a given user F , �%Æ

K©É

W

�¹�

¸

Ê

Z)�)K .
Proof: Let Ë be a subsetof APs # suchthat, Ì6G�o¯Ë ,

W

G—�šFƒZ is a strongedge.

� K Q\�

Æ

K


 b

IUT$VÎÍ6Ï

H ILK O ILK �

By de�nition of weakedge,

b

I>T$VÎÍnÏ

H IPK O IPKÑÐ

�)K

´

b

IUT$VÎÍ6Ï

O ILK �

Since
S

I>T$VÎÍnÏ

O ILK�Ð � , we have that the bandwidthcon-
tributed by all weak edges is no more than

³

“

Ê

. Thus,
�yÆ

K
É

W

���

¸

Ê

ZE�
K .

De�ne N�Æ

IPK

Q

²

‘L“

�

–

‘”“

³

–

“

. By de�nition of N�Æ

ILK

and �'Æ

K

, we have

S

IUT$V

N�Æ

IPK

Q•� . Since S

IUT d

O¢Æ

ILK

Ð
� , substituteO�Æ

ILK

by N�Æ

ILK

³

–

“

²

‘L“

,

we have S

I>T d

³

–

“

²

‘L“

N�Æ

IPK

Ð
� .

Thus,we get the following assignmentproblem:

|ƒ}Y~Òq-ª ¤

5‡Œ«•

Ž

‚

5 9
„

®JÓ

|ƒ}Y~Ôt¬ª
¤

9yŒ�¥

Š

‚

9

x

5 9

Ž

‚

5 9

­¯®J±

(GAP-C)

We have the following lemma:
Lemma4.2: If N

Æ

IPK

i-k , then
³

–

“

²

‘L“

Ð¬´ .
Proof: By de�nition of N6Æ

IPK

, O¢Æ

ILK

iÕk . By de�nition of

O

Æ

ILK

iµk , edge
W

G—�šFƒZ is strong.Per its de�nition,
³

–

“

²

‘”“

Ð-´ .
Using our example, after deleting weak edge

W


��—
$Z , we
obtain N

Æ

ILK

asshown in Fig. 3-b.
Using theroundingprocedureof Shmoys andTardos[14],

we get an integral solution ÇN�ILK suchthat,

|�€©~•q-ª ¤

5‡Œ«•

›

Ž

5 9

„

®&Ó

|ƒ}Y~Öt¬ª×¤

9'Œ$¥

Š

‚

9

x

5 9

›

Ž

5 9
­¯®ÙØ�ÚÙ±

(3)

Theroundingprocedurehasto cleverly reassignusersthat
are fractionally assignedto many machineseachto a single
machine,while not reducingtheoverall valueof thesolution
obtained(we do not have an explicit objective functionhere;
we will seeone in our next algorithm).Shmoys andTardos
achieve this by carefully settingup a bipartitemin-cost�o w
problem,whoseoptimumsolution correspondsto a suitable
integerassignment.In this process,theproceduremayassign
an extra job to eachmachine,thus exceedingthe capacity
of eachmachineby the load imposedby the extra job. For
detaileddescriptionof the roundingprocedure,we refer the
readerto the original source[14].

De�ne

ÇO IPK Q

ÇN¢ILKJ�yÆ

K

W

�…
 ´ ZuH ILK

� (4)

Denote Ç

� K the bandwidthallocatedby ÇO IPK . We have the
following lemma:

Lemma4.3: Ç

��K

É

¸

¸uÛ

Ê

W

�¹�

¸

Ê

ZE�)K .
Proof: By de�nition, Ç

�)KpQ S

IUT$V

HJIPKYÇ O�IPK . By de�nition
of ÇO IPK ,
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(5)

After this step,our exampleyields the integral associationÇN

asshown in 3-c.

C. Analysis
We would like our integral assignmentto achieve a band-

width as close to the optimal as possible.Thus, we try to
�nd the bestparameter´ . It is easyto seethat ´

Qà¶ 
¹
µ�

is the bestparameter. We have the following theorem:
Theorem4.1: Consider any optimal integral association

W

N6á$�`O6á&Z . Then, for the solution
W

ÇNÎ�mÇ O6Z produced by our
algorithmit holds that
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Note that, the secondinequality is due to the fact that the
convex programsolutionachievesa betterobjective function
value than that of any optimal integral solution.

V. A 
�
�� APPROXIMATION ALGORITHM VIA
DISCRETIZED LINEAR PROGRAM RELAXATION

In thissection,we �rst presentanexactnon-linearprogram
formulation. We then discretizethe non-linear formulation
to obtain a linear formulation.We establishthe relationship
betweenthesolutionsof thetwo programs.We show how we
canmake useof the linear formulationto obtainan ef�cient
approximationalgorithm.

A. Non-linearexact formulation
BecauseN�IPK takes either 0 or 1 and there is exactly one

N
ILK

Qì� for each user F (denotesuch a speci�c AP as
G’Æ ), we have elf�h

S

IUT$V…W

H&ILKÙN¢ILKEO¢ILK«ZXQ
egf$h

W

H&I

–

KEO¢I

–

KJZ ; similarly,
S

IUT$V

N�IPK
egf$h

W

HJIPK)O�IPKJZ�Qîí`ïJð

W

H&I

–

KEO�I

–

KJZ . So the egf$h of sum
equalsto the sum of egf$h in our speci�c setting (note that
in generalthis is not the case).Thus, the objective function
in Eq. (1) is equivalent to the following function:

^!ñ
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NY�`O�ZaQòb
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M
K2egf$h
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ILK
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ILK

Z'� (7)

To simplify our notation,we allow H
IPK to be zero.When H

IPK

is 0, N
IPK will besetto 0. Notethat,by convention, k

íUïJð

W

k
Z is
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de�ned to be 0. In practice,when H ILK Q k , thecorresponding
terms in the objective function and the constraintswill be
prunedbeforerunningany mathematicalprogramsolver.

We now formulatethe multi-AP proportionallyfair asso-
ciationproblemasthe following mathematicalprogram.The
non-linearprogramis referredasNLP.
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(NLP)

The�rst andfourth setsof constraintsspecifythateachuser
mustbeassignedto exactly oneaccesspoint. Thesecondset
of constraintsexpressesthe fact that eachAP mustshareits
available time amongits assignedusersto the extent of at
most 1. The third set of constraintsstatesthat no usercan
get morethan100%of an AP's time share.

The mathematicalprogram (NLP) is dif�cult to solve
becauseof two reasons.First, it imposesintegrality con-
straintson the N�IPK variables.Second,even if we disregard
theintegrality constraints,theproblemis non-linearandnon-
concave.

In the caseof a single AP, proportionalfairnesscalls for
the accesspoint to divide its time amongits usersequally
if all usershave the samepriority, or in proportionto their
assignedpriorities. Using the Lagrangianmethods,we can
check that our formulation satis�es this property. We state
the following lemmafor useby later proofs.

Lemma5.1: If the numberof APs (óQô� , then O•¸
K

Q

õ

“

ö

“

–>÷&ø

õ

“

–

gives the unique optimal solution to our NLP
formulation where D is the set of usersassociatedwith AP
1.

Thus,givena �x edassociationmatrix N which determines
which AP a user associates,we know how much time OnILK

user F gets from AP G . By Lemma5.1, it is O
IPK

QùN
IPK

M
K

�

S

K

–

T d…W

N
IPK

–

M
K

–

Z . If M
K is the samefor all F , then all users

associatedwith a given AP G getsequaltime sharefrom G .

B. Discretizedlinear formulation
As the �rst stepin solving the NLP formulation,we start

by discretizing the schedulingperiod of each AP into ú

discrete intervals. To achieve a theoretical approximation
guarantee,we have to pick a possibly larger ú , where

úûQ

W

�j
ò�yZ

ö

“

÷&ø

õ

“

üþý ÿ��Eõ

“��

K'T d��

turns out to be suf�cient. We
introduce a new indicator variable � ILK�� that is equal to 1
if andonly if user F is assignedto accesspoint G , andaccess
point G hasallocated	 (out of ú ) of its time slots to user F .
Note that it is 	 numberof slotsout of ú , not the 	 -th slot.
Here is the discretizedformulation. The variable 	 always
rangesfrom � to ú .
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(DLP)

With the integral constraint on �
IPK�� (third one in DLP

formulation),the �rst constraintmakessurethat thereis one

and only one � ILK�� equalsto 1 for eachuser F . The second
constraintensuresthat the total fraction of time allocatedby
an AP G is no greaterthan1. In the following discussion,we
use

^��

to denotetheobjective functionof theDLP program.
That is,

^��

W

�mZ�Q b

IUT$V

b

K'T d

�

b

��� ¸

� ILK�� M K2egf$h

W

H ILK

	

ú

Z'� (8)

Recall that previously we have de�ned
^$ñ

in Eq. (7). The
following lemmaestablishesa tight relationshipbetweenthe
two formulations.

Lemma5.2: For every integral solution
W

NY�`O�Z to the NLP
formulation,if we wereto scaledown all time allocationsin
theformerformulationby a factor ��
 � , thelatterformulation
would yield a solutionthat is at leastasgood:

^ ñ

W

NY�UOn�

W

�Ù


�—Z)Z Ð

^��

W

�mZ .
Proof: Without loss of generality, we can assumethat

W

NY�`O�Z is an optimal solution.By Lemma5.1, the optimal O

for any �x ed integral assignmentN is the weightedtime fair
allocation O�ILK©QµN¢ILK&M[K!� S

K

–

T d…W

N¢ILK

–

MaK

–

Z .
De�ne an integral solution � to the formulation(DLP) as

follows.For eachpair
W

G—�šFƒZ , de�ne � ILKˆ� Qc� and 	ÒQ��PO IPK ú��

if N¢ILKÖQù� ; �$IPKˆ�"Q
k , otherwise.For the Lemmato be true,

all we need is �

É

�PO�ILKYú��

É

�

‘L“

�

¸uÛ��

, Ì�F•o D¹�EG/o # if
O

ILK/iÃk . If O
IPK3iÃk , then O

IPK

É

õ

“

ö

“

–
÷&ø

õ

“

–

. Thus, picking

úùQ

W

�[
��yZ

ö

“

÷&ø

õ

“

üþý ÿ��)õ

“
�

K'T d��

suf�ces.
For theoppositedirection,we needonly concernourselves

with translatinga fractionalsolutionto (DLP) to a fractional
solutionto (NLP).

For every G—�’F , de�ne
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In caseswhere N
ILK

Q
k , we can de�ne e.g. O

IPK
Q

k and
�

ILKRQc� � . We have:
Lemma5.3: For every fractionalsolution � to the formu-

lation (DLP), the precedingis a fractionalsolution
W

NY�`O�Z to
the formulation(NLP) suchthat

^�ñ

W

NÙ�UO�Z

É

^��

W

��Z .
Proof: It is straightforward to check that the solution

W

NY�`O�Z is feasiblefor (NLP). To seethat
^

ñ

W

NY�UO6Z

É

^
�

W

�mZ ,
wemakeuseof theconcavity of thelogarithmfunction.From
Jensen's inequality:

�

ILK
Q¼M

K•egf$h

!

S

�

���
¸

�$ILK��"	XH&ILK!��ú

S

�

���
¸

�$ILK�� #

É

M
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S
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���
¸
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IPK��
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Since
^!ñ
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NÙ�UO6ZaQ\S

I%$ K

N
IPK

�

IPK , we have,

^!ñ

W

NY�UO6Z

É

b

I>T$V

b

K'T d

N
IPK

M
K

S

�

���
¸

�
ILK��Ôelf�h

W

	�H
ILK

�!ú"Z

S

�

���
¸

�
IPK��

�

By the de�nition of N�ILK ,
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Algorithm nlapPF(qsr’t )

1.
�

„'&
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é ä�(
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Fig. 4. A formal descriptionof our proportionalfair algorithm

By the de�nition of
^ �

W

��Z , this �nishes the proof.

C. Algorithm
With the formulation introducedin the precedingsection,

we �rst give an overview of our approximationalgorithm
referred to as nlapPF. We then discussthe details of the
remainingstepsof our algorithm,followed by the analysis.

1) Overview of the algorithm: Our algorithm is summa-
rized in Fig. 4. It consistsof the following � ve steps.

1) Set up the problem (DLP) using ú Q54

W

�Ù�!�yZ , and
disregardthe integrality constraints.Solve theresulting
linear program,and let � denoteits optimal solution.

2) Using Equationsshown in Fig. 4, obtain a fractional
solution

W

NÙ�UO6Z to problem(NLP).
3) UsethevalueO to setupaninstanceof theGeneralized

Assignmentproblem,to which N is a feasiblefractional
solution.

4) Usetheroundingprocedureof ShmoysandTardos[14]
to obtainan integer associationvector ÇN .

5) Finally, divide up the time allocation of each AP
proportional to the weight of associatedusers.That
is, de�ne ÇO

ILK
QùM

K
�

W

S

K

–

T d

ÇN
ILK

–

M
K

–

Z for eachuser F

associatedto accesspoint G (i.e. N6IPK©Qà� ).

1/102/5

t=1

1/2

321

a b

1/102/5

t=2

1/2

321

a b

7/158/15

t=3
321

a b

Fig. 5. Step1: @ value for B

,7698;:�8;< .
To betterunderstandthesesteps,we illustrate themusing

the examplenetwork shown in Fig. 1. Recall that we index
AP � and � by 1 and 2. Assume M

¸
Q M

º
Q M

»
Q � .

Supposein the �rst step,we pick ú Q\¾ . Solving the linear
relaxationof DLP, wegetthe � valueasshown in Fig. 5. That
is, �

¸�¸)¸
Q=�

¸�¸uº
Q•�«�$
 , �

¸Eº—¸
Q>�

¸Eº)º
Q�
��$� , �

º�º�»
Q¿	ƒ�ƒ�J� , and

� ¸u»y¸�Q?�ƒ¸u»�º-Q �!�ƒ�
k , �$º�»)»µQ ½$�ƒ�«� which meansuser 1

is associatedwith AP � andgetsassigned1/2*1+1/2*2=1.5

out of threeslots,user2 is associatedwith both AP � and � ,
and getsassigned2/5*1+2/5*2=1.2slot from AP � and 1.6
slots from AP � , user3 is associatedwith AP � and � and
gets0.3 and1.4 slots from each.

In Step 2, applying the �rst equation in this step, we
obtain N ¸�¸ Q � , N ¸uº QùN º)º Q

�

��� and N ¸u» QÃN º)» Q �«�$� ;
applyingthesecondequation,wehave OY¸�¸¹Qà�«�$
 , O6¸EºRQ�
���� ,

O¢º�º¬Qô	 �ƒ�«� , O6¸E»¬Q �«��� k and O�º)»¬Q ½��ƒ�J� ; applying the
third equation,we have �

¸�¸ Q elf�h

W

¾�Z , �

¸Eº Q elf�h

W

Å$Áƒ���$Z ,
�

º�ºRQ egf$h

W

½$
�����Z and �

¸E»RQ egf$h

W

�&Áƒ����Z , �

º�»RQ egf$h

W

�

�

����Z .
Step 3 setsup the GAP problem using the N ,O ,� value

obtainedin Step2. In step4, we will geta roundedsolution.
One suchsolution is N ¸�¸ Q � , N º�º Q � and N ¸E» Qù� which
meansuser1 and 3 is associatedwith AP � , and user2 is
associatedwith AP � . Since O is �x ed in Step4, we obtain
the �nal ÇO in Step5 where ÇO ¸�¸ Q ÇO ¸u» Q•�«�$
 , and ÇO º)º Qà� .

Our algorithm resultsin a bandwidthallocationof 3, 24
and6 for users1, 2 and3 respectively.

2) Roundingvia Generalized Assignment:We now dis-
cussthemostimportantremainingstepin our algorithm.For
this section,assumethat we have a fractionalsolution

W

NÙ�UO�Z

to the problem (NLP), obtained,for example,by applying
Lemma5.3. Our goal is to replacethe fractionalassignment
vector N by a @

k
�&��A vector ÇN that encodesthe desired

associationof usersto APs. In the processof roundingthe
associationvector, we shallhold thetime allocationO

ILK �x ed;
this allows us to considera much simpler linear problem.
De�ning �

ILK as in Equation (11), consider the following
formulation:

maximize ¤
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(GAP)

The N�IPK are variables,and O�ILK and �

ILK are constantsas
de�ned in Equations(10) and(11). Notethat theformulation
(GAP) is identical to (NLP) except that we are holding the
time allocation O �x ed. We denotethe objective function as

^�B

W

N6Z . Thus,the following lemmaholds trivially.
Lemma5.4: Thevector N in a feasible(fractional)solution

W

NY�`O�Z to the formulationNLP is feasiblefor the formulation
GAP. Alternatively, the feasiblesolution N for GAP together
with its parametervector O is a feasiblesolution to NLP.
Furthermore,

^
ñ

W

NY�UO6ZaQ

^
B

W

N6Z .
The problem (GAP) is known as the GeneralizedAs-

signmentProblem.It can be phrasedas assigningjobs to
machines,with eachjob beingassignedto onemachine,and
each machinebeing able to handlemultiple jobs. We get
reward �

IPK for assigningjob F to machine G , and put load
O

ILK on that machine.The goal is to assignjobs to machines
so that no machinehas total load more than 1, and the
total reward for the assignmentis maximized.Note that by
construction,we canguaranteethat O

ILK2Ð
� .

Shmoys and Tardos [14] gave a rounding procedurefor
the GeneralizedAssignmentproblem.The proceduretakesa
fractional assignmentN as input, and constructsan integer
assignmentvector ÇN with the following properties.

1)
^

B

W

ÇN6Z

É

^
B

W

N6Z .
2) Each user F is assignedto exactly one machine,i.e.

S

IUT$V

ÇN¢ILK©Qà� .
3) The load imposedon eachserver is at most2, that is,

S

K'T d

ÇN
IPK

O
ILKÑÐ


 for every server G .
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D. Analysis
Finally wecanstatethefollowing approximationguarantee

for our algorithm. If we take any optimal solution
W

NYá$�UO6á&Z ,
scaleall bandwidthsdown by a factor

W


ê
>4

W

�yZ)Z , then the
utility of this scaled-down optimalsolutionwill beno greater
than the utility of our solution

W

ÇNY�mÇ O6Z .
Theorem5.1: Considerany integral association

W

NYá$�UOná%Z

that is a feasiblesolution to (NLP). Then, for the solution
W

ÇNÎ��Ç O¢Z producedby our algorithmit holds that
^�ñ

W

N

á

�UO

á

�

W


¹
C4

W

�yZEZEZ Ð

^�ñ

W

ÇNÎ�mÇ O6Zy�

Proof: Considerany integral associationvector
W

N á �UO á Z .
By Lemma5.2, we know that thereexists a vector � that is
a feasiblesolutionof (DLP) suchthat

^ ñ

W

N

á

�`O

á

�

W

�[
��yZEZ Ð

^ �

W

�mZ'� (12)

In particular, this holds if � is an optimal solutionto (DLP)
that we �nd in step 1 of our algorithm. This is because
the optimal objective function value for the linear program
relaxationis alwaysgreaterthanor equalto theoptimalin the
original integer program(basiclinear programmingtheory).
By Lemma5.3, for the solution

W

NY�`O�Z constructedin step2
of the algorithmwe have

^
ñ

W

NY�`O�Z

É

^
�

W

�mZ'� (13)

By the �rst property of the rounding algorithm,
^DB

W

ÇNnZ
i

^
B

W

N6Z . By Lemma 5.4, we have
^

ñ

W

ÇNÙ�UO6Z-Q

^
B

W

ÇN6Z and
^!ñ

W

NY�`O�Z Q

^�B

W

N6Z . Thus, we producean integer vector ÇN

in Step4 of the algorithmsuchthat
^�ñ

W

ÇNY�UO6Z

É

^�ñ

W

NY�UO6Zy� (14)

CombiningEqn. 12, 13 and14, we have,
^�ñ

W

ÇNÙ�`O�Z

É

^�ñ

W

N

á

�UO

á

�

W

�a
¯�yZ)Zy� (15)

The solution
W

ÇNÎ�UO6Z may not be feasible, as some of the
accesspoints may be over-scheduledby a factor of 2.
However, if we scaledown the time allocationsO by �!��
 ,
we obtaina feasiblesolution.By noting S

IUT$V

S

K'T d

ÇN
ILK

M
K

Q
S

IUT$V

S

K'T d

Nná

IPK

M[KÖQÕ�
S

K'T d

M[K , it is matterof simple
algebrato checkthat

^
ñ

W

ÇNÙ�

O




Z

É

^
ñ

W

N

á

�

Oná




W

�a
¯�yZ

Zy� (16)

By Lemma5.1, the �nal time allocation ÇO is optimal for the
given ÇN ; it mustbe that

^!ñ

W

ÇNÎ�mÇ O¢Z

É

^!ñ

W

ÇNÎ�UOn��
$Z'� (17)

CombiningEqn. 16 and17 �nishes the proof.
We remarkthat the inapproximibility result in [9] doesnot
contradictto our result.The approximationfactor is de�ned
to be the ratio betweenthe objective function value of an
algorithm and the optimal objective function value. Their
inapproximibility result is due to the fact that the optimal
objective function value can be zero. Thus, the factor is
unboundedwith zero as a denominator. Our approximation
ratio is de�ned to be the scaling factor such that when we
scalethe bandwidthallocationof an algorithm, we achieve
a better objective function value than the optimal. The
appealingfeatureof this de�nition is that it quanti�es the
boundof bandwidthpenaltyof an approximationalgorithm.
In other words, we needto scalethe amountof bandwidth
at the accesspoints by the approximationfactor in order to
achieve more total utility than the optimal achieveswill the
currentamountof bandwidthavailableat the APs.

VI . EVALUATIONS

A. Methodology
We comparethe performanceof the following algorithms:

E Our proportionalfair algorithms:cvapPFandnlapPF.
E An algorithm which computes an upper bound on

proportional fairness.Since the optimal proportional
fairnessproblem is NP-hard,we can not computean
optimal solution in polynomial time unlessP=NP. We
insteadcomparewith an upper bound of any optimal
solution. We obtain this upper bound as follows: we
scaleup the fractionalsolution O obtainedin step2 by
a factor of ��
µ� (equalsto 1.1); it is easyto seethat
the total utility of this scaledsolution is greaterthan
the objective function value of any integral solution to
formulation(NLP); thatis,

^ ñ

W

NÙ�UO

W

�!
Ñ�—Z)Z i

^ ñ

W

N6á$�UOná%Z

where
W

Nná$�UOná%Z is any integral optimal solution to for-
mulation(NLP); We refer to this fractionalalgorithmas
FracPF.

E Two algorithmsbasedon max-min fair allocation de-
scribedin [8]; we refer to their fractional and integral
max-minfair algorithmsasFracMM andIntMM respec-
tively.

E A popularheuristic:Strongest-Signal-First(SSF),which
is the default user-AP associationmethodin the 802.11
standard.

For our proportional fairnessalgorithms, we assumea
time-fair scheduling mechanismsuch as [15]. For max-
min fair allocation,we assumea throughput-fair scheduling
mechanism.For SSF, we investigatethe performanceunder
both schedulingmechanisms.The SSF method is referred
to asSSF-PFandSSF-MM for the two schedulingschemes
respectively.

For easeof comparison,we assumeessentiallythe same
simulationsettingastheonein [8]. We usea simplewireless
channelmodelin which theuserbit ratedependsonly on the
distanceto theAP. Adoptingthevaluescommonlyadvertised
by 802.11bvendors[3], [1], we assumethat the bit rate of
userswithin 50 metersfrom AP is 11 Mbps,5.5Mbpswithin
80 meters,2 Mbps within 120 meters,and 1 Mbps within
150 meters,respectively. The maximumtransmissionrange
thereforeis 150 meters.We do not assumeany backhaul
capacitylimitation.

We placea total of 20 APs on a 5 by 4 grid, wherethe
distancebetweentwo adjacentAPs is set to 100 metersand
we assumethatanappropriatefrequency planningwasmade.

We have conductedevaluationsfor two user population
sizes.We use100 to simulatea moderatelyloadednetwork
and 250 a heavily loaded network. Since the results are
similar qualitatively, we only presentresultsfor the100-user
case.We assumetwo typesof userdistributions:(1) usersare
distributedwithin thecoverageareauniformly at random;(2)
usersarerandomlypositionedin a circle-shapehotspotwith
theradiusof 150metersnearthecenterof the20AP network.
We assumeall usershave the samepriority. We choosethe

ú parameterto be ten times the numberof users.
We solve thediscretizedlinear programusingtheCPLEX

solver. All of our results presentedare averagedover 10
simulationruns.

B. Performance Comparison of Proportional Fair Algo-
rithms

We �rst comparethe performanceof proportionalfairness
basedalgorithms.We usethe SSF-PFmethodas a baseline
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Fig. 6. Comparisonof proportionalfair basedalgorithmsusing per-user
bandwidth.
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Fig. 7. Zoom in on the per-userbandwidthallocationof proportionalfair
algorithms.

casefor comparison.
Our resultsare shown in Fig. 6 and 7. The Y axis is the

per-userbandwidthin MbpsandtheX axis is theuserindex.
The usersaresortedby their bandwidthin increasingorder.
The user locationsare different at eachrun, and therefore
the bandwidthof the user with the same N index actually
indicatestheaveragebandwidthof the N -th lowestbandwidth
user(usersallocatedthe N -th lowestbandwidth).We refer to
the vector of per-userbandwidthin increasingorder as the
bandwidthallocationvector.

We make the following observations.The bandwidthal-
location vector of nlapPF and FracPF coordinate wise is
very close. Only a few coordinatesdiffer by morethan10%.
The differenceis at most22%. On the otherhand,although
SSF-PFperformsvery well for the uniform casewhich is
expected(still many of the lowestbandwidthusersget 20%
lessbandwidththan nlapPF),SSF-PFcan be very far from
ApproxPFin thehotspotcase. For the�rst 48 lowest-indexed
coordinates,coordinatewise, SSF-PFis between57% and
70% of that allocatedby ApproxPF. Thus, SSF-PFcan be
very unfair to lots of users without consideringfairnessin a
network-widecontext. To seethe detailson the differences,
Fig. 7 zoomsin on the low-bandwidthusers.We also note
that,nlapPFperformsbetterthancvapPFin thehotspotcase.
Users index 12 to 30 can get as much as 20% more than
cvapPF.

Notethat,theper-userbandwidthsof the�rst 36-thusersin
the uniform caseareall smallerthanthe per-userbandwidth
of the lowest bandwidth user in the hotspot case. This
seemsto be rather counter-intuitive as the usersare more
concentratedin thehotspotcase.This observation is actually
anartifactof oursettinganddoesnot in generalapplyin other
settings.A closelook at our settingshows that,in thehotspot
case,all APshave userswithin range;in addition,sinceusers
are deployed uniformly within the coveragerangeof APs,
there is a signi�cant fraction of them are at the boundary
with low data rate. For example, for a speci�c realization
of the topology, we see20 usersin the uniform casewhose
highest data rate to APs is 1Mbps. This is becausethese
usersare at the boundaryof the grid (18% of the areaare
more than 120 metersaway from any AP); while there is
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Fig. 8. Per-userbandwidthcomparisonwith max-minalgorithmsandSSF-
MM.

none in the hotspotcasebecauseall usersare within 120
metersaway from at leastoneAP from the setup.Thereare
17 userswhosehighestdatarateto APsis 2Mbpswhile there
is only 6 of them in the hotspotcase.As a consequenceof
this deploymentsetting,we seethis non-intuitive result.

Besidesper-user bandwidth,we also comparethe algo-
rithms using their aggregated throughput.Table II shows
the results. We observe that the three proportional fair-
basedalgorithms achieve very similar aggregate through-
put. Although SSF-PFachieves a slightly higher aggregate
throughput(lessthan 5%), this comesat a cost of reducing
thebandwidthallocationof thelow bandwidthusersasshown
in Fig. 7.

Case FracMM IntMM SSF FracPF nlapPF cvapPF
PF MM

Uniform 38 36 132 95 125 126 126
Hotspot 96 93 89 83 112 112 110

TABLE II
AGGREGATE THROUGHPUT OF DIFFERENCE SCHEMES IN MBPS.

C. Comparisonwith Max-minAlgorithmsand SSF-MM.

We now comparenlapPFwith max-min fair basedalgo-
rithms: FracMM andIntMM [8] andSSF-MM.

We �rst look at the uniform case.From Fig. 8-(a),we can
seethat max-minfairnessprovidesthe maximumthroughput
for the �r st lowest bandwidth user. However, in order to
achieve this, it unduly sacri�ces the throughput of other
users. Proportional fairnesstries to strike a balance.The
�rst lowest bandwidthuser in our schemegets44% of the
bandwidth it gets from the IntMM scheme.However, as
shown in Table II, in terms of aggregate throughput,our
schemeis about236%timesmorethanthat of the max-min
scheme.The reasonfor this poor performanceof the max-
min schemein termsof aggregatethroughputis as follows.
In the uniform case,for eachAP, there exists someusers
with very low datarate (situatedat the boundary)within its
coverage.Becausemax-minschemetries to guaranteeequal
throughputamongassociatedusers,this drastically reduces
aggregatethroughput.SinceSSF-MMdoesnotdistributeuser
loadin any intelligentway, it is nosurprisingthatour scheme
performsmuch better than SSF. As shown in Table II, our
scheme's aggregatethroughoutis about35% more thanthat
of SSF-MM(SSF-PF).Themedianper-userbandwidthvalue
of our schemeis over 260% times that of the max-min
schemeandover 2 times that of SSF-MM respectively.

We now look at thehotspotcasewhereusersarerandomly
positionedin a circle-shapehotspotwith the radius of 150
metersnearthe centerof the 20 AP network. Notice that in
this setupdifferentuserscanreachdifferentsetof cells.From
TableII, we seethat,becauseSSF-MMdoesnot intelligently
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redistribute usersamongnearbyAPs, its aggregatethrough-
put in this caseis actually even worse than the max-min
scheme.The aggregate throughputof our schemeis about
20% more than that of the IntMM scheme.The lowestper-
userbandwidthvalue of our schemeis 91% of that of the
IntMM scheme.The median per-user bandwidth value of
our schemeis slightly more (7%) than that of the max-min
scheme,and is over 38% more than that of SSF-MM. The
performanceof max-minschemein thehotspotcaseis much
betterthantheuniformcase.Thereasonis thatit redistributes
usersto nearbyAPs away from the hotspotarea;asmostof
theseuserssituateat the boundaryof nearbyAPs, their rate
diversity is low. As a result, the aggregatethroughputdoes
not decreasetoo muchwhencomparedwith our proportional
fair basedschemeApproxPF.

D. Summary

Our simulation resultsdemonstrateclearly that our Ap-
proxPF algorithm achieves close to optimal proportional
fairness(close to FracPF, an upper bound of optimal). We
have shown that, with rate diversity, proportional fairness
tendsto be a betterfairnessmeasureasthemax-minscheme
can lead to signi�cant reduction in aggregate throughput.
The percentageof throughputgain of our proportionalfair
schemesover max-min schemesis preciselylinked to rate
diversity. The percentageis more than226%in the uniform
case,while it is 20% in the hotspotcase.The rate diversity
of the �rst case is much more than the latter. The poor
performanceof SSF in the hotspot casedemonstratesthe
valueof associationcontrol.

VI I . RELATED WORK

The work that is most closely related to this paper is
that of [9], [8], [15]. Bu et al. [9] formulated the gen-
eralized proportional fairnessproblem in third generation
(3G) wirelessdatanetworks. However, their formulation is
speci�c to 3G datanetworks.In 3G datanetworks,througha
signalingchannel,eachuserfeedsbackits channelcondition
continuouslyto theproportionalfairnessschedulerat thebase
stationit associateswith. At eachtime slot, the schedulerat
eachbasestationschedulesthe userwith the largestweight
wherethe weight is the rate of the userat the current time
slot divided by the averagerate it hasreceived so far. In our
WLAN context, such mechanismdoes not exist at access
points.Furthermore,their associationcontrol algorithmsdo
not provide worst caseperformancebound with respectto
optimalproportionalfairness.Bejeranoet al. [8] considerthe
problemof achieving network-widefairnessusingassociation
control.However, their fairnessmeasureis max-minfairness.
Max-min throughputfairnesscansigni�cantly reduceaggre-
gate throughputin multi-rate WLANs. The max-min time
fairnessproblem they consider is intendedfor single-rate
WLANs. We considerproportionalfairnessusingassociation
control. Our problemis much more challengingthan [8] as
the objective function is non-linearand the constraintshave
integral variables.Sadeghi et al. [13], TanandGuttagin [15]
consider the proportional fairnessproblem at each access
point. They do not considerthe network-wide proportional
fairnessproblem.

VI I I . CONCLUSION AND FUTURE WORK

Wirelesslocal areanetworks (WLANs) basedon 802.11
standardhave increasingly been deployed in enterprises,

academicinstitutions,etc. In thesedeployment settings,the
physical locations that accesspoints can be deployed are
typically constrained;usersmaynot bedistributeduniformly.
Since eachuser typically communicateswith a single AP
for an extendedperiodof time, it is very importantto opti-
mize network performanceby intelligently distributing users
amongAPs, i.e. associationcontrol. Network performance
should not be measuredin terms of aggregate throughput
only. In multi-rate WLANs, without fairnessconsideration,
someusersmay get starved. We considerthe objective of
achieving network-wide proportionalfairnessusing associa-
tion control.Fromtheuser's perspective, thenetwork triesto
provide equalchanneloccupancy time to the extent possible
while being work-conserving.If each user has a utility
function in termsof the bandwidthit getsfrom the network,
andtheutility function is concave, proportionalfairnesstries
to maximize the total utility. As the problem is NP-hard,
we designtwo ef�cient algorithmswith worst performance
bound. Our evaluation shows that our algorithmsare very
close to optimal. They can obtain much higher aggregate
throughputthanmax-min fairnessbasedalgorithm.

For futurework, we would like to studythenetwork-wide
proportional fairnessproblem in mesh networks. In mesh
networks,our algorithmhasto take routing andinterference
constraint into account.The problem we consider in this
paper is a special case as the user-AP associationtakes
one hop. We also believe that, our result in the paperis of
interestto researchersworking in network utility optimization
becauseit is a subproblemto many of the very important
openproblems.
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