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Abstract —We consider a wireless system consisting of a wire- location of resources. The purpose of this study is to formulate and
less wide area network (WAN) that cooperates with a set of wire- evaluate centralized and distributiead balancingalgorithms which
less local network (WLAN) access points to serve a spatially dis- enable such assignment decisions. The implementation of centralized
tributed customer base. We assume that WAN and WLAN utilize algorithms could be accomplished via a “tightly coupled” internet-
orthogonal, i.e. non-interfering technologies, and that users’ de- working solution [11], while the distributed version could be imple-
vices are equipped with dual-mode interfaces which enable them mented via software “agents” within individual dual-mode devices.
to communicate with both the WAN and the WLANs. We fo- We will derive load-balancing decision metrics that tie together
cus on the downlink and address the problem of optimal inter- the average physical channel rates available at users’ locations, prox-
face selection (decision-making) in order to minimize the total imity to access points, utilization of resources and current demand for
queueing backlog in the system. We start by considering an iso- particular services. The most important feature that distinguishes this
lated WAN cell and describe algorithms for centralized and dis- work from [14, 15] is how we incorporate interference at the WAN
tributed implementation for optimal decision-making. We show layer as a factor biasing the load-balancing decisions. The model
via simulations that our proposed algorithms enable significant that we develop here is applicable to systems where no power control
performance gains over more natural strategies (based on prox- takes place on the downlink at the WAN layer: a key example of such
imity) that we use as a benchmark for comparison. We thenturn  a system is Qualcomm’s 1XEV-DO [16]. In this 1XEV-DO model
to a multi-cell scenario, and show how one can modify decision- users are served in a generalized processor-sharing fashion, and only
making to factor in the other-cell-interference in the WAN. We  one user is served per time slot with full power allocated at the WAN
construct simulation examples that demonstrate the value of such AP. Thus in such systems the larger the fraction of users routed to a

modifications for achieving better system performance. particular WAN AP, the larger the fraction of time that the WAN AP
has to be active on average. This in turn makes the WAN AP create
I. INTRODUCTION more interference to its neighboring WAN APs, and forces degrada-

In this paper we consider a wireless system that combines a witien in service quality seen by users served by neighboring WAN APs.
less wide area network (WAN), engineered to provide uniform spie show that load-balancing algorithms which factor such interfer-
tial coverage, and a set of wireless local area networks (WLAN$Rce at the WAN layer lead to improved performance, especially in
each with limited coverage and used to enhance throughput at logggtems with spatially asymmetric loads.
“hotspots”. This is an example of a “hierarchical overlay”, a “multi- Our methodology includes devising simple geometric models for
tier”, or an “umbrella” network, with macro- and micro-cell levelsservice zones of the WAN and WLAN APs these are presented in
corresponding to the WAN and WLANSs coverage areas respectiveBection Il. Our objective will be to minimize the total queueing back-
Such systems are likely to become increasingly pervasive in the fog in a multi-cell heterogeneous wireless system, thus our modeling
ture, and each constituent network will be devised to meet its owpproach involves some queueing analysis and approximations. In
engineering design goals [1, 2]. The problem of efficient design 8kction Il under the assumption that the other-cell interference at
such networks was previously addressed in the context of cellutke WAN layer is negligible we derive decision-metrics that can be
voice applications [3]-[6]. Emerging integrated 3G and WiFi netised as a basis for load-balancing algorithms. In Section IV we de-
works [7]-[11] and dual-mode wireless devices [12] have also stirseribe how one can correct the decision-metrics so as to incorporate
ulated research on how to design such systems to efficiently haniie “cost” of other-cell interference at the WAN. The corrected al-
data [13]-[15]. gorithms perform equally well in scenarios with both significant and
We will consider networks where WAN and WLANs use nonsmall other-cell interference. We demonstrate this in Section V where
overlapping portions of spectrum, users are spatially distributed amd report our simulation results.
have dual-mode wireless devices capable of communicating with
both WAN and WLANSs. Users generate requests for data down- Il. THE MODEL
loads, i.e. the traffic demand is asymmetric in that it assumes the
down-link traffic greatly exceeds that of the up-link. We assume thistetwork geometry. In this section we introduce a simple geo-
requests from users not covered by any WLAN can only be routetktric model that captures the key features of spatial interactions be-
to the WAN, while there is flexibility in routing requests from usersween the WAN and WLANS. In our setup, there &e/NVAN andK
covered bybothWAN and WLAN. WLAN APs which are placed within a regid of a plane. We will
In such networks the design of users’ assignment strategies Besume that the locations of the WAN and WLAN APs are distinct
tween the layers plays a crucial role [15]. The design depends in pand denoted b){wm}w;&, and{hk}E:’ol respectively (see Figure 1).
on the application at hand (e.g. we focus on data) and relates to otimewhat follows, with some abuse of notation we will refer to the AP
system aspects, e.g. optimization objective, network capacity andlatated at poink as “APX".



systems, we shall postulate that APs serve queued requests in a
processor-sharingashion and no request is blocked from service. In
our simulation models the time is divided into slots of duration 1.67
ms and within each slot a small portion of the requested file transfer
for a single user is realized. To derive our algorithms we will assume
that users with active requests are served in a round-robin fashion
which neglects the gains from multi-user diversity, exploited in HDR
protocol. This assumption, will greatly simplify our analysis and will

be relaxed when evaluating the proposed algorithms via simulation.

Data rates. Each time slot, the amount of data that is served to a
user depends on the instantaneous data rate, available at user’s loca-
tion. Note that there are two factors that limit this rate: the received
signal quality and the bandwidth of the backhaul that is provisioned
for the corresponding APs. Our numerical experiments have been
Fig. 1: Example of defining WAN and WLAN service zones to ensure Performed under the assumption that the backhaul at the WAN layer
can carry as much traffic as necessary, but the one at WLAN layer is
limited®. The instantaneous physical data rates at each location are
obtained based on the instantaneous value of the SINR via SINR-rate

We denote byS}, (3}) the service zone of the WAN ARv, correspondence table used in 1XEV-DO specification [16]. To find
(WLAN AP hy), where the service zone of an AP is a set consistirgignal strengths from various APs we use standard attenuation mod-
of spatial locations that the AP can serve. Note that in practice thks which combine large scale path loss, slow (log-normal) and fast
geometry of these zones would depend on the underlying technold@ayleigh) fading components.

Thus, for example, in an 1S-95 system a mobile decides whether it l?_?ecision-making and system objective. The central assump-
longs to the service zone of a particular AP by comparing the strengil}, of this paper is that the requests arriving in regions covered by
of pilot signals in its vicinity. However, to simplify the derivation of i 2 \WAN and a WLAN APs could be served by either. We will
our I@d-balancmg algorithms we will make the following assumpyenote byrtthe decision-making control strategy, i.e. the rule that de-
tions: termines to which AP an incoming request is routed. In general, the
Assumption 1. The WAN has uniform coverage, i@m:(ﬁ)lsl‘;{l -D. ;trategyn may depgnd onmany fgctors that describe the system state,
E— ~ i.e. current AP utilizations, physical data rates at various spatial lo-
Assumption 2. The service zones of distinct WAN (WLAN) APs axgations, current number of requests served by APs, etc. In this paper
disjoint, i.e. % NSk, =0 and % N 3(12 =0, formy # mp, andky, #  we will not attempt to study all possible decision-making strategies,
ko. but confine ourselves to designing several which would be simple to
] ) ) ~implement in practice.
Assumption 3. The service zone of any WLAN AP is fully contained e efficiency of strategyt will be evaluated based on how well
within a service zone of some WAN AP, i.e. fokat 0,2,...,K—1, i optimizes a certain system objective, given a stationary spatial load
Sk C S, for somem 0<m<M—1. of requests for file transfers. In this paper we will set the objective
mto be the total mean queueing backlog within the system:

Assumptions 1-3.

TU
Assumption 1 is typically true when the WAN utilizes a portiorPSySte
of licensed spectrum and APs use large enough powers for their M—1 K1
down-link transmissions. Assumption 2 is valid for scenarios where U;Tystem: z E™QR + Z EH[QEL (1)
WLANSs are sufficiently spaced or when they operate using orthog- m=0 K=
onal spectra. It also holds for some curre_nt WA“N technologlyfas, b\mth the convention thal L, oo if the strategyr results in un-
would not be true for systems implementing a “soft handoff”. For . -y !
these svstems a mobile “on the cell boundary” mav be sim Itansé&_alble queueing dynamics. Note that whenever the system is stable
Y : u Y Y imu Lwdern, the optimization also corresponds (via Little’s law) to mini-
ously served by several WAN APs, however Assumption 2 can still._. - . .
. o . izing the average delay experienced by a typical user in the system.
be accepted as a reasonable, first order approximation. Finally, As-
sumption 3 is motivated by the fact that WAN and WLAN technolo- 111. L OAD BALANCING IN INTERFERENCEFREE

gies operate at significantly different spatial coverage scales. SCENARIOS

Traffic assumptions. We will concentrate on the so-called semid_et us start by formulating load-balancing algorithms for scenarios
dynamic [17] scenario, where mobiles move slowly enough that omagere the other-cell interference at the WAN layer is small enough
can neglect the effect of handovers. Mobiles generate requests fortfilgt it can be neglected. By Assumption 3 two different requests that
transfers, that arrive at random spatial locations, and stay at thesealeive within the service zone of a WLAN AP can only be routed to
cations for the duration of the file transfer. The arrivals are modellgge WLAN AP or thesame@NAN AP. When no other-cell interference
by a stationary, possibly nonhomogeneous, spatial Poisson procgspresent at both WAN and WLAN levels, the physical data rates
i.e. the number of arrivals per unit time within disjoint spatial regionsre only affected by fading. It follows thatis decomposable into
are independent, and the number of arrivals per unit time for a laecouection{rqﬂ}g"*l of independent decision strategies operating
gionASis Poisson distributed with parameter giveangAs)\(y)dy. independently for requests originating witi@#%, m=0,....M -1

We also let the file sizes associated with the requests be independesipectively. We focus on designing eaghseparately, and without
and generally distributed with, possibly, spatially-dependent meafisss of generality concentrate og.

denoted byf (y), fory € D.

. . . ) 1For example, although WiFi access points can operate at physical rates
Assumptions for service type at access points.Motivated of over 10Mbps, it is rarely the case that the available backhaul bandwidth
by the service mechanism used in current high data rate (HDR) [Eteeds 1Mbps: bachhaul capacity usually incurs high recurring costs.




Let K ,, denote the indices of WLAN APs that fall within the ser- Since Problem 1 is convex, any version of a gradient descent
vice zoneSy. Taking into account the above discussion, the optinethod could be used to obtain globally optimal per-class routing
mization reduces to finding a decision strategythat minimizes the probabilitiesP. For example we can adapt the routing probabilities
objective: in a “greedy” fashion according to:

Ug® =E™N§]+ 5 E[Nf].
keXo P(t+1) =P—a0OUp(t), )

I11.A  CENTRALIZED ADAPTIVE LOAD BALANCING . . .
. ; . . . . wherea > 0is some appropriately chosen constant, and the gradient
We first consider a family of strategies where incoming requests - . : .
o(t) is as given in Proposition 1.

routed to APs in a probabilistic fashion. We will assume that the Wi d i ol tati fh tralized ad
decision-making entity is able to differentiate between a finite num- € can now gescribe an implementation of the centralized adap-
load-balancing algorithm based on gradient estimation. In our

ber of disjoint service classes, and associates the incoming requ@é’?ﬁ
with a particular class based on the average physical data rates alap

able at the requests’ locations. In other words, each request is a%'é%‘?‘tes for the average physical data rates at locations of all incom-

ciated with a given class which in turn quantifies the mean rate ta¢ requests. S,UCh es_ﬂmgtg§ could n practice be obtained .for _each
the request can achieve to the WAN and WLAN. Our goal is to o lual-mode device during initial session set-up and then maintained

timize system performance by selecting appropriate per-class rout ughout a session’s life-time. T_h(_a incoming requests are first
probabilities. rotited to the central controllers, residing at each WAN AP, and the

Let us denote bjgw(x) the time average physical data rate ava"_(_:ontrollers forward the request to either WAN or WLAN AP accord-

able aix € S from WAN AP wo. Similarly, Iet|§h(x) denote the time "9 to the current value of the routing probabilities. The controller

average of the physical data rate availablnecaﬂ(‘, from WLAN AP 6.“’ e.g. WAN APwo is gb_le o co_mmum_cate (via a wired connec
: . - tion) to all WLAN APs in its service regio) and thus maintains
he € §. Based on this pair of rates the request at locatios as- : . S
: S . . . a database that includes smoothed estimates for utilizations of the
signed to one of the disjoint classes, which we will denoteByidor

; . - . /AN and WLAN APs withinS) (equivalently, fraction of time each
i=1,...,1. We will assume that the probability of routing a reques} _ . .
7 P is busy), estimates for the average data rates (at both WAN and
that belongs to clas®; to the WAN AP wy is given byPR and let . LS
P={p} WLAN layers) for each active mobile in the system, and current val-
={R}_.

: . ... ues of the routing probabilities.
Using the results in [18], we may express the system objective in ) . .
terms of the vectoP as: Whenever a request is forwarded to the controller, the information
'W h on the average data rates is used to associate request with a particular
Uo(P) = Po(P) Pr(P) @) class of service. The size of fife and the corresponding estimates
1-p8(P) &g, 1-P}(P)’ B¥ andB" of average physical data rates at WAN Af and WLAN

h he utilizatiom(P) of the WAN APW is di by: AP hy € &), associated with a request of claBs are then used to

where the utilizatiorpg (P) of the Wo IS given By update the values af' andtl'(k) — we simply keep a finite history of

. . AW "h .

vy)l(y€ B I Viy)1(y € B the entries given b /B andF /B" and compute a running average

Po (P) = /yec_o % dy+3> R /yec0 % dy, (3) of these entries. Given estimates for utilization of the WAN g{p
! utilization of WLAN APs pfl, k € Ko, estimates oft!", t(k), for
and the utiIizatiorpE(P) of WLAN AP hy € & is given by: i=1,...,1, ke Kq, the controller atvy updates the estimate of the
| Vil e B) gradient via (5,6), and the values of per-class routing probabilities,
h YY)y € 5 ia (7
P =y a-r) [ Ty (@ Vvia(?).

: |z Ules BY(y)

In the above expressionysy) = f(y)A(y), and we denote b (Co) [11.B DISTRIBUTED HEURISTIC FOR LOAD BALANCING

the set of locations ir®) covered by some WLAN (not covered by

any WLAN), i.e. Co = Ukex, q: (60 = ¥\ Cp). Our optimization Implementation of the centralized controller rgqui_re_s tight_ coordina-
problem is then given by: tion between the WAN and WLANS. In practice it is desirable not

to require such coordination: WAN and WLAN networks could be
Problem 1. operated by different providers and may not even be aware of each
min{Up(P) | 0< P <1} other's existence. To secure good performance for such networks,
the intelligence has to be moved to the dual-mode devices themselves
The following proposition establishes a convexity property of olnq implemented via software “agents”, which select suitable access

cost function, as is the case for Jackson networks [19]. points with minimal feedback from WAN/WLAN APs. In this sub-
Proposition 1. Problem 1 is convex. The gradient elementsgP) ~Section we provide a particular design for such agents along with the
Uo(P) Unfortunately, the computation of gradients given via Proposi-
G = ao = G}’V—Gih, (5) tion 1 is not amenable to distributed implementation. To overcome
R this problem, we reformulate our optimization problem by switching
where to more convenient variables. We partiti@ into a large number
™w r-h(k) L of disjoint sets which we deno#S; ,AS,,... ,AS, containing a
G'=——"0s., G'= —s, (6) representative locati LWL tively. Note that wheln
P12 i (1—ph)2 epresentative locatioyy ,y,...,Yy. respectively. Note tha
0 keXo k is sufficiently large, one can approximate, foe AS: y(y) = y(yi),
andt¥, (k) are defined as: B™(y) = B"(yi), andB"(y) = B"(yi).

_ _ Let us assume that requests emerging at locatiels are routed
W= / YY)y e B) dy, (k) = / w dy,  tothe WAN with probabilityp; and denote by the vector{p;}- ;.
yeGo  BY(Y) yeg By Then we obtain the following representation of the system objective



as a function of the vectqr: Thus, we will adopt the approach introduced in [22] that relies heav-
h ily on approximations.
Pe(P) The following is a list of additional simplifying assumptions that
' we make in order to derive interference-aware load balancing algo-
rithms. We will use notatiord™(t) to refer to the stochastic process
which captures the set of WAN APs active at titender control

P (P) N

Vo) =1 ow o) T 2 T o)

where
‘8’( )= Eiy ‘W ‘ strategyrt.
5 BY(y) Assumption 4. We consider a set of decision-making stratedies
VIASI 1 ) such that for anymt e M, the stochastic procesg™(t) is stationary
le Yi € 52 ) and ergodic, and has same marginal distribution&

and|AS| denotes the area &S. The correspondlng optimization ASsumption 5. The system operates in a quasi-stationary regime,
problem is similar Problem 1, but witho(p) in place ofUg(P): i.e. the queueing dynamics within the service zone of each WAN AP
are much faster than the changes in the set of active WAN APs.

Problem 2.
Assumption 6. The service rates at WAN AR, are affected only

min{Up(p)| 0<p < 1}. by the activity pattern of the sé{ ,, of WAN APs that are immediate

- neighbors ofwr, i.e. the ones that share service zone boundaries
We also can state an analogue of Proposition 1 as follows: With Win.

Proposition 2. Problem 2 is convex. The gradient elementsig(p) In what follows with some abuse of notation, we will ugg(t) =
are given as: A™"N N, to refer to the set of WAN APs that are immediate neigh-
aUo(p) bors towy, and, for fixed controft are active at timé (correspond-
60 — =Vj|AS| (G}"’ - G|h> , (8) ingly, we will also use4} to refer to the random set that has the same
Pi stationary distribution ag7(t)).
where Using Assumptions 4-6 we can readily obtain the mean number of
1 transfers in progress at WAN ARy,
GV= —
I Bw(yi)(l_p\(l)v)z TN W] pvrr\q(m%)
E"INY] = Eag | oo
1y e ) 1-ph(m AR)
Gh= — = 9) : L .
i R BN(y;)(1— pE)z wherepi(Tt, 4T) is the utilization of WAN APwpy, under decision-

making strategyit when the set of active neighboring WAN APs is

Based on Proposition 2 we suggest the following decision-makigiven by 4% and we use® 4r[-] to denote the expectation with re-
strategy. As before, prior to generating requests, each dual-modesfeect to the distribution off}}. Using the notation introduced in Sec-
vice has to establish a connection with the APs it can access. Diipn B, a policyrtcorresponds to routing vectprand we can express
ing initial session setup and within the session lifetime, the devicg§(p, ¥ ) as:
maintain information about the average physical data rates that are
available for communication with nearby APs. Prior to requesting a
file download from one of the APs, a device at locatjpre ¥ NS}
asks both WAN ARvg and WLAN APhy to signal their current mea-
sured utilizationsp andpll. The device then computes an estimatwhereBY (y) denotes the average WAN physical data rate available
G" and Gl via (9) using the estimates for the respective utilizatior® Iocat|ony when the set of active WAN APs i5.

and average ph.ysiAcaI dg}}a rates. It forwards the download reque Aé%umptlon 7. Decision- maklng policiesty, are adjusted indepen-
the WAN APw if G — GI' < 0 and addresses the request to WLA ently for differentn=0, ... ,M — 150 as to minimize “partial” sys-

AP hy otherwise.
The proposed approach is based on the observation that the routt?nna objectlveklm( m:

probability p; has to be decreased if the denvat% is positive. Um(T) = ET[NW] + > E"NI] +ClE > ETNGT,
By imposing “hard” decisions on the agents we diminish the per unit keXm S

time average of the number of requests incoming to the WAN APhereC"" -0
from the set of locations arours(y;). Note that, strictly speaking, IF

decisions that agents make are no longer probabilistic and thus, therhe |ast preliminary step that we take is making assumptions that
analysis based on the assumption that arrivals to APs follow Poiss@fw us to describe the actual changes that occur within the system
processes no longer holds. due to small variations of a single component of veatpsay 1.

Note that form € A we can expresE™[N}] as:

L
w _ < YilAS|pi
pO(p’T)_,, Bv:}v_(yi)

IV. INTERFERENCEAWARE LOAD BALANCING

In this section we return to a more general case, in which the WAN E™[Nm] = (ASIE%[N,\“{ | wo is busy
service rate at each location depends on the current set of active WAN
APs. The queueing dynamics can thus be represented by that of +(1—A§)E%[N}’n" | wo is silenj), (20)

multi-class processor sharing queues, where the service rates at each

queue vary over time as governed by the activity state of other queugbereAf is the probability of WAN APw; to be active under strategy
Rigorous analysis of such queueing systems is a hard task andth&Ve will make another key assumption, under which we will con-
analysis is barely tractable even for two single class queues [20, Zigler the effect oft™[N}¥] associated with the change of distribution



A5 on EM[N®], occurring due to a change i, to be negligible, in
comparison to the effect on the same quantity of the change in activ-
ity probabilitiesAg(11) induced by the change imy. Expressing this
mathematically we have:

Assumption 8.
S BT NY] = (Ear[Ny | wo is busy
—E.4z[Ni | Wo is silent) 8m, A
+0(3r,Ag)

wheredy, F is a first variation ofF due to the variation img. In
addition, assume that

BrinAm = Bt (B [Pm(TC Am)]) = E1(Br, Prm(TL A

. o ) . . Fig. 2: Geometric setup: WAN APs shown as boxes and WLAN APs are
Correction term in distributed estimation of the gradient.  spon as triangles. The power levels at WLANS are sufficient to cover their
We will derive the correction to load-balancing algorithm for the case

L . . . o service zones represented by corresponding Voronoi cells.
of distributed implementation (it can be done similarly for the cen- P y P 9

tralized version of the algorithm). Under Assumptions 4-8 we can N
concentrate on decision-making within a particular service zone, and 10
we choose to focus o8}, as before. Load -©- Distributed
Using Assumption 8 the convexity of the functiblg(p) with re- balancing e ng”;i'l‘;"]'i'éEd
spect to the vectop could be established, however due to our other o gain
assumptions it might be expected to hold only “approximately” in re- 10y
ality. The elements of the gradient of the partial objective can now be =
expressed as: [}
-1
G =20 —yyas (Gr-d)). il
opi
whereG is the same as in (9), ar@" includes a correction term,
which involves “cost of interference” caused to neighboring cells: 1072 ‘ ‘ ‘ ‘
0 200 400 600 800 1000
~ 1 Backhaul bandwidth at WLANSs, kbps
G}N =Ea | qw o w 2]
Bﬂo(y')(lf Po (P, A0)) Fig. 3: Performance of interference-unaware load balancing algorithms
under symmetric loads, compared to performance of proximity-based routing
+CirE4, B (v } Z <E;4m[Nn"‘1’ | wo is busy strategy.
A yi) meab
~Ea4,[Nm | Wo is 3”9”0 a benchmark, we also use a simple and more natural (at least in cur-

rent applications) proximity-based routing strategy, under which all

The interference-aware decision-making algorithms are the sam&&fuests that emerge within a service zone of a WLAN are simply
we described in Section B, except that an agept@n\§ selects to 4 ted to the corresponding WLAN AP.

join the WAN or WLAN AP via comparing3{” with G'. To enable g good performance of distributed algorithm can in part be at-
the computation of5{" the WAN access points have to be involvedriputed to the fact that it does not require estimation of current traffic
in a more complex coordination between their neighboring APs: tg@mands at various locations, or on a per-class basis as has to be done
WAN APs neighboring tonp have to maintain the estimates of theor centralized implementation when estimating the quantitiesnd
averaged 5 [Ny | wo is busy andE 4, [Ny | wo is silent and signal (k). The imprecision of these quantities contributes to errors in
them tOWQ over some dedicated Wil’eline or Wireless Channel. Th%t”'nanng of gradient of the Objective_
estimation of expectationg 4,[-] can be done in a straightforward  our second experiment models an asymmetric traffic scenario, in
way b_y_ maintaining a finite history of measurements for respectighich the aggregate load with, (service zone of WAN AP at the
quantities. center of Figure 2) greatly exceeds the load for the adjacent WAN
service zones. To create even more load asymmetry, for this exper-
V. SIMULATIONS iment we assume that WLANSs falling within the WAN service zone
For most of our simulation experiments we found that distribute® (at the center of Figure 2) aghut off in which case the WAN AP
decision-making strategy performs either as well or even better thagm has to serve all requests emerging witei The power levels
the centralized one. Figure 3 we illustrates this by comparing theed at WAN APs are large enough to ensure “interference-limited”
performance of centralized and distributed load-balancing strategiegime of operation.
for a scenario with homogeneous Poisson load and geometric setug-igure 4 shows simulation results for this scenario where we vary
shown on Figure 2. The mean delay seen by a typical request is ptbe file arrival rate within the service zone of the WAN AP in the cen-
ted vs the backhaul bandwidth, available at each WLAN. To provider, keeping the load on adjacent WAN AP service zones fixed. The
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decision-making for other decision-making strategies, under asymmetric
loads.

(8]

results are interesting in that they demonstrate how the proximity-
based strategy, which is probably the worst possible decision-makirtg}
strategy under low utilizations, becomes desirable with increased
load at the central WAN cell. The key to understanding the seem-
ingly unexpected outcome of the experiment is to note that the oth&
cell interference affects mostly the WAN AP at the center, especially
when it approaches its service capacity when load on it increases. THé
interference unaware algorithms do not however, stimulate adjacent
service zones to route more requests to WLANS in order to reduce
utilizations of WAN APs and to reduce interference on the WAN set2]
vice zone at the center.

The “partial” objectives used in our formulation of thel13]
interference-aware algorithms use the current queue lengths at all
neighboring WAN APs to signal their congestion. Including these
signals is equivalent to inducing a bias on the system that forces mbrd
requests to be routed towards WLANs when the whole system can
benefit from it. Note that the value of this bias can be controlled
via tuning the constar®r. We illustrate this tuning in Figure 4 by 15]
showing performance for differe@jg .

Note that with properly “tuned” interference-aware decision-
making it is possible to achieve both the gains of distributed loagy
balancing under light loads and proximity-based routing, for heavy
asymmetric loads. Good performance of interference-aware strate-
gies has been verified also in other experiments which we do not
describe due to space considerations. The gains from employjny
interference-aware policies, however, depend on environmental prop-
agation characteristics, degree of load asymmetry and particular ca-
pacities available at various access points in the system. [18]

[19]
[20]
In this paper we presented some new results on achieving load-
balancing among heterogeneous wireless systems that include a da#i-
bination of WAN and a set of WLANs. Under the assumption
that the access points serve the incoming download requests in a
processor-sharing fashion, we formulate and evaluate centralized E#d
distributed decision-making routing schemes that enable significant
performance gains. The major contribution of this paper is explicit
incorporation of other-cell interference as a factor affecting load-
balancing decisions and exhibiting scenarios in which interference-
aware algorithms achieve significant performance gains.

VI. CONCLUSION
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