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Abstract— The effectiveness of service provisioning in large-
scale networks is highly dependent on the number and location
of service facilities deployed at various hosts. The classical
centralized approach to determining the latter would amount
to formulating and solving the uncapacitated k-median (UKM)
problem (if the requested number of facilities is fixed), or the
uncapacitated facility location (UFL) problem (if the number
of facilities is also to be optimized). Clearly, such centralized
approaches require knowledge of global topological and demand
information, and thus do not scale and are not practical for large

networks. The key question posed and answered in this paper

is the following: “How can we determine in a distributed and
scalable manner thenumber and location of service facilities?”
We propose an innovative approach in which topology and
demand information is limited to neighborhoods, or balls of small
radius around selected facilities, whereas demand information is
captured implicitly for the remaining (remote) clients outside
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platform [4], [5], [6], to name some. Such services must cope
with the typically voluminousand bursty demand — both

'in terms of overall load and geographical distribution oé th

sources of demand — due to recently observed flash crowd
phenomena [7]. To deploy such services, decisions must be
made on the time scale of minutes to a few hours based on:
(1) the location, and optionally, (2) the number of nodes (or
hosting infrastructures) used to deliver the service. Tvedl-w
known formulations of classi€acility Location Theory[8]

can be used as starting points for addressing decisionsifll) a
(2), respectively: Thencapacitated:-median (UKM)problem
prescribes the locations for instantiating a fixed number of
service facilities so as to minimize the distance betweamsus
and the closest facility capable of delivering the service.

these neighborhoods, by mapping them to clients on the edge ofthe uncapacitated facility location (UFLproblem, the number

the neighborhood; the ball radius regulates the trade-off betwen
scalability and performance. We develop a scalable, distributed
approach that answers our key question through an iterative re
optimization of the location and the number of facilities within
such balls. We show that even for small values of the radius
(1 or 2), our distributed approach achieves performance under
various synthetic and real Internet topologies and workloads
that is comparable to that of optimal, centralized approaches
requiring full topology and demand information.

Index Terms— Server migration, service deployment, content
distribution, facility location.

I. INTRODUCTION

Imagine a large-scale bandwidth/processing-intensive s

vice such as the real-time distribution of software updates
patches [2], a distributed data-center [3], or a cloud caingu
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of facilities is not fixed, butjointly derived along with the
locations as part of a solution that minimizes the combined
service hosting and access costs.

Limitations of existing approaches:Even though it provides

a solid basis for analyzing the fundamental issues involaed
the deployment of network services, facility location theo

is not without its limitations. First and foremost, propdse
solutions for UKM and UFL are centralized, so they require
the gathering and the transmission of the entire topoldgica
demand information to a central point, which is not possible
(not to mention practical) for large networks. Second, such
solutions are not adaptive in the sense that they do not allow
Eor easy reconfiguration in response to changes in the tggolo
and the intensity of the demand for service. To address these
limitations we propose distributed versions of UKM and UFL,
which we use as means of constructing an automatic service
deployment scheme.

A scalable approach to automatic service deployment:
We develop a scheme in which an initial set of service
facilities are allowed to migrate adaptively to the besivuek
locations, and optionally to increase/decrease in number s
as to best service the current demand. Our scheme is based
on developing distributed versions of the UKM problem (for
the case in which the total number of facilities must remain
fixed) and the UFL problem (when additional facilities can
be acquired at a price or some of them be closed down).
Both problems are combined under a common framework with
the following characteristics: An existing facility gatisethe
topology of its immediate surrounding area, which is defined
by anr-ball of neighbors — nodes that are withinadius of r

hops from the facility. The facility also monitors the derdan



that it receives from the nodes that have it as closest fiacilia mapping from the aforementioned software distribution
It keeps an exact representation of demand from withim-its service to our abstract UKM and UFL problems.

ball, and an approximate representation for all the nodes 8ervice providers, hosts, and clients:We envision the
the ring of its r-ball (nodes outside the-ball that receive availability of a set of network hosts upon which specific
service from it). In the latter case, the demand of nodes functionalities may be installed and instantiated on dednan
the“skin” of the r-ball is increased proportionally to accountWe use the term “Generic Service Host” (GSH) to refer to
for the aggregate demand that flows in from outsiderttimall  the software and hardware infrastructure necessary to host
through that node. When multipleballs intersect, they join a service. For instance, a GSH could be a well-provisioned
to form more complex--shapes The observed topology andLinux server, a virtual machine (VM) slice similar to that
demand information is then used to re-optimize the currensed in Planet L&b or that envisioned in GENI, or a set
location (and optionally the number of) facilities by solgi of resources in a Cloud Computing platfored, an Amazon
the UKM (or the UFL) problem in the vicinity of the-shape. Machine Image (AMI) in the context of EC2).

The trade-off between scalability and performanceReduc- A GSH may be in Working (W) or Stand-By (SB) mode.
ing the radius- decreases the amount of topological informan W mode, the GSH constitutes a service facility that is able
tion that needs to be gathered and processed centrally at #myespond to client requests for service, whereas in SB mode
point (i.e., at facilities that re-optimize their posit®)n This is the GSH does not offer the actual service, but is ready to
a plus for scalability. On the other hand, reducingarms the switch to W if it is so directed. Thus the set of facilities
overall performance as compared to centralized solutibas tused to deliver a service is precisely the set of GSHs in W
consider the entire topological information. This is a nsinumode. By switching back and forth between W mode and SB
for performance. We examine this trade-off experimentalijnode, thenumberas well as thdocation of facilities used to
using synthetic (Erds-Renyi [9] and Barahsi-Albert [10]) deliver the service could be controlled in a distributechfas.

and real (AS-level [11]) topologies. We show that even fdn particular, a GSH in W mode.€., a facility) monitors the
very small radii,e.g, » = 1 (i.e., facility migration is allowed topology and the corresponding demand in its vicinity and is
only to first-hop neighbors), ar = 2 (i.e,, facility migration is thus capable of re-optimizing the location of the facility.
allowed only up to second-hop neighbors), the performariice o Third-party Autonomous Systems (AS) may host the GSHs
the distributed approach tracks closely that of the ceimtrdl of service providers, possibly for a féeln particular, the
one. Thus, increasingmuch more is not necessary for perforhosting AS may charge the service provider for the assets
mance, and might also be infeasible since even for relgtivét dedicates to the GSHs, including the software/hardware
smallr, the number of nodes contained inashape increases infrastructure supporting the GSHs as well as the bandwidth
very fast (owing to the small, typicallg)(log n), diameter of used to carry the traffic to/from GSHs in W mode.

most networks, including the aforementioned ones). The implementation of the above-sketched scenarios re-
A case study — large-scale timely distribution of cus- quires each GSH to be able to construct its surrounding AS-
tomized software: Consider a large scale software updattevel topology up to a radius. This can be achieved through
system, similar to that used fddicrosoft Windows Update standard topology discovery protocdlsAlso, it requires a
Such a system not only delivers Terabytes of data to millafns client to be able to locate the facility closest to it, and it
users, but also it has to incorporate complex decision gses requires a GSH to be able to inform potential clients of the
for customizing the delivered updates to the peculiaritiés service regarding its W or SB status. Both of these could be
different clients [2] with respect to localization, preusly- achieved through standard resource discovery mechanisens |
installed updates, compatibilities, and optional commtsie DNS re-direction [13], [14] (appropriate for applicatidevel
among others. This complex process goes beyond the dissé@alizations of our distributed facility location apprégcor
ination of a single large file, where a peer-to-peer appraschproximity-based anycast routing [15] (appropriate forwak

an obvious solution [12]. Moreover, it is unlikely that seétre layer realizations). Furthermore, we show in Section VII-C
providers will be willing to trust intermediaries with suchthat the performance of our scheme degrades gracefully as
processes. Rather, we believe that such applicationskay |i re-direction becomes more imprecise.

to rely on dedicated or virtual hoste,g, servers offered for Outline: The remainder of this paper is structured as follows.
lease through third-party overlay networksa-a Akamai or Section Il provides a brief background on facility location
Planet Lab, or the newest breed of Cloud Computing platfornggction Ill presents our distributed facility location apach
(e.g, Amazon EC2). To that end, we believe that the use ofo automatic service deployment. Section IV examines @naly
our distributed facility location approach presents digant ically issues of convergence and accuracy due to approgimat
advantages in terms of optimizing the operational cost afepresentation of the demand of nodes outsigapes. Sec-
efficiency of deploying such applications, and improve end

user experiencé. In the remainder of this section, we provide  P-/www.planet-ab.org

5 http://www.geni.net/ GDD/GDD-06-08.pdf
6 Switching to W might involve the transfer of executable andfiguration
1 http://update.microsoft.com files for the service from other GSHs or from the service pievi
2 http://laws.amazon.com/ec2 7 Notice that each AS (or a smaller organizational unit thérénalso a
3t is important to note that the large-scale timely distribatbf customized client of the service, with demand proportional to the aggteghumber of
content is hardly unigue to the dissemination of softwareaisl as it could requests originating from its end-useesq, number of downloads of a service
be equally instrumental for “Virtual Product Placement” inelicontent as pack).
well as in video-on-demand services, to mention two examples. 8 http://www.caida.org/tools/measurement/skitter



tion V evaluates the performance of our schemes on synthedic Definitions

topologies. Section VI presents results on real-world (AS- we make use of the following definitions, most of which are
level) topologies. Section VIl looks at the effects of nonsyperscripted byn, the ordinal number of the current iteration.
stationary demand and imperfect redirection. Section Vljlet p(m) C v denote the set of facility nodes at theth

presents previous related work. Section IX concludes tpepajieration. LetV™ denote the--ball of facility node v, i.e.

with @ summary of findings and on-going work. the set of nodes within radiusfrom v;. Let U™ denote the
ring of facility node v;, i.e., the set of nodes not contained
[I. BACKGROUND ONFACILITY LOCATION in Vi(m), but are being served by facility;, or equivalently,

Let G = (V,E) represent a network defined by a nodéhe nodes that have; as their closest facility. Thelomain
setV = {vy,v,...,v,} and an undirected edge st Let wim™ =ytm UUi(M) of a facility node consists of its-ball
d(vs,v;) denote the length of a shortest path betwegand and the surrounding ring.

v;, ands(v;) the (user) service demand originating from node From the previous definitions it is easy(}no) see that=
v;. Let F C V denote a set of facility nodesie., nodes on V"™ UU™, where V™) =, cpe V™, U™
which the service is instantiated. If the number of ava#ablJ, . p., U™,

facilities k = | F| is given, then the specification of their exact o .

locations amounts to solving the following uncapacitated B- The Distributed Algorithm

median problem: Our distributed algorithm starts with an arbitrary initial

Definition 1: (UKM) Given a node sef” with pair-wise batch of facilities, which are then refined iteratively thgh
distance functiond and service demands(v;), Yv; € V, relocation and duplication until a (locally) optimal saart is
select up tok nodes to act as medians (facilities) so as teached. It includes the following steps:

v, €EF

minimize the service cost'(V, s, k): Initialization: Pick randomly an initial sett® C V of
_ ko = |F©]| nodes to act as facilities. LefF = F(*) denote
CV.5,k) = Z s(vy)d(vg, m(v;)), @ a temporary variable containing the “unprocessed” faesit
o€V from the current batch. Also, Ief~ = F(*) denote a variable
wherem(v;) € F' is the median that is closer tg. containing this current batch of facilities.

On the other hand, if instead @f, one is given the costs Iteration m: Pick a facilityv; € F and process it by executing
f(v;) for setting up a facility at node;, then the specifi- the following steps:
cation of the facility setF" amounts to solving the following 1) Construct the topology of its surroundingball by
uncapacitated facility location problem: using an appropriate neighborhood discovery protocol
Definition 2: (UFL) Given a node sel/ with pair-wise (see [21] for such an example).
distance functiond and service demands(v;) and facility 2) Test whether its-ball can be merged with theballs of
costsf(v;), Yv; € V, select a set of nodes to act as facilities other nearby facilities. We say that two or more facilities

so as to minimize the joint cosE(V, s, f) of acquiring the can be merged (to actually mean that thedalls can

facilities and servicing the demand: be merged), when their-balls intersecti.e., when there
exists at least one node that is within distandeom all

CVis, /)= flw)+ > s(vd(v;,m(v;)), (2) the facilities . Let/ C F(™) denote a set composed@qf
Vv, €F Vv eV and the facilities that can be merged witH it/ induces

wherem(v;) € F' is the facility that is closer ta;. anr-shapeG; = (V;, E;), defined as the sub-graph of

For general graphs, both UKM and UFL are NP-hard Qcomposed of the facilities of, their neighbors up to
problems [16]. A variety of approximation algorithms have  distancer, and the edges between them. We can place
been developed under metric distance using a plethora of ~Cconstraints on the maximal size ohapes to guarantee

techniques, including rounding of linear programs [17}db that it is always much smaller thafi(n).
search [18], [19], and primal-dual methods [20]. 3) .Re—opt|m|ze ther-shapeGJ.. If the_orlgmal problem
is UKM, solve the|J|-median within ther-shape —

this can produce new locations for thé| facilities. If
HI. AL IMITED HORIZON APPROACH TODISTRIBUTED the original problem is UFL, solve the UFL within the
FACILITY LOCATION r-shape — this can produce new locations as well as
In this section we develop distributed versions of UKM change the number of facilities (make it smaller or larger
and UFL by utilizing a natural limited horizon approach in than|.J|). In both cases the re-optimization is conducted
which facilities have exact knowledge of the topology ofithe by using a centralized algorithf. The details regarding
r-ball (surrounding topology up te-hop neighbors), exact the optimization ofr-shapes are given in Section IlI-C.
knOW|e.dge of the demand of each node in theipall and  When an initialr-ball merges with a second one, then additional facilities
approximate knowledge of the aggregate demand from nodgs can merge with the second one merge as well, and so on ontifher
on the ring surrounding their-ball. Our distributed approach facilities can be merged.

will be based on an iterative method in which the location ang°Numerical results can be obtained by using Integer Lineagiraming
ILP) formulations [17] and local-search heuristics [19] solving UKM and

the numb_er of _facilities (in the case of UFL only) may chang FL within r-shapes. Since both perform very closely in all our experisien
between iterations. we don't discriminate between the two.



4) Remove processed facilities, both the origimaland a node in the corresponding ring, having the property that
the ones merged with it, from the set of unprocessesl v;’s closest facility. Letv;, denote a node on the skin of
facilities of the latest batch.e., setF7 = F\ (J(\F~). G, having the property that; is included in a shortest path
Also updateF"™ with the new locations of the facilities from v; to v;. To take into consideration the demand fram
after the re-optimization. while optimizing ther-shapeG ;, we map that demand onto

5) Test for convergence. IF # () then some facilities the demand ofy, i.e., we set:s(vy) = s(vg) + s(vj).
from the latest batch have not yet been processed, sdNote, we do not require synchronization between decisions
perform another iteration. Otherwise, if the configuratiomade by individual facilities. Our algorithm is also robust
of facilities changed with respect to the initial one fomapping error, non-stationary demand, and imperfect eedir
the latest batchj.e, F(™) £ F—, then form a new tion of users to facilities as we will elaborate in SectioksR
batch by settingF = F(™ and 7~ = F(™) and and VII.
perform another iteration. Else (F(™) = F~), then
no beneficial relocation or elimination is possible, solV. A M ORE DETAILED EXAMINATION OF DISTRIBUTED
terminate by returning the (locally) optimal solution FACILITY LOCATION

Fm. The previous section has provided an overview of the basic

characteristics of the proposed distributed facility khoa
C. Optimizingr-shapes approach. The section goes beyond that to look closer at some
As discussed in Section I, the input of a UKM problenimportant albeit more complex properties of the proposed
is defined completely by a tupléV, s, k), containing the solution.
topology, the demand, and the number of allowed medians.
A UFL problem is defined by a tupleV,s, f), similar to A, Convergence of the Iterative Method
the previous one, but with facility creation costs instedd o We start with the issue of convergence. First we show

a f|?<eq cqnstramt on the number (_)f allowed facilities. Faz ththat the iterative algorithm of Section IlI-B converges in a
optimization of anr-shape, we set: finite number of iterations. Then we show how to control the
« V=V, and convergence speed so as to adapt it to the requirements of
o k =|J|, for the case of UKM, orf = {f(v;) : Yv; € practical systems.
Vs}, for the case of UFL. Proposition 1: The iterative local search approach for dis-
Regarding service demand, a straightforward approagfbuted facility location converges in a finite number of
would be to sets = {s(v;) : Yv; € Vy}, i.e, retain in jterations.
the re-optimization of the-shape the original demand of the  proof: Since the solution space is finite, it suffices to
nodes of ther-shape. Such an approach would, nonethelesgow that there cannot be loope,, repeated visits to the same
be inaccurate since the facilities within arshape service the configuration of facilities. A sufficient condition for this that
demand of the nodes of theshape,as well as those in the the cost (either Equation (1) or (2) depending on whether we
corresponding ring of the r-shapeSince there are typically are considering distributed UKM or UFL) be monotonically
a few facilities, each one has to service a potentially largfcreasing between successive iteratides, c(™) > c(m+1),
number of nodese(g, of order O(n)), and thus the rings Below, we show that this is the case for the UKM applied
are typically much larger than the correspondinghapes!  to r-shapes with a single facility. The cases of UKM applied
Re-optimizing the arrangement of facilities within aishape to r-shapes with multiple facilities, and of UFL follow from
without considering the demand that flows-in from the ringtraightforward genera”zations of the same proof_
would, therefore, amount to disregarding too much inforiorat  Suppose that during iteration + 1 facility vy is processed
(as compared to the information considered by a centralizeghd that between iteratiom andm + 1, vy is located at node
solution) Including the nodes of the ring into the optimization; whereas after iteratiom + 1, vg is located at node. If
is, of course, not an option, as the ring can be arbitrarily = 4, thenc(™) = ¢+ For the case that # y, we need
large O(n)) and, therefore, considering its topology wouldo prove thate(™ > ¢(m+1),
contradict our prime objective — to perform facility locari For the case in whicIWe(m) = We(””“), it is easy to show

in a scalable, distributed manner. that ¢(™ > c(m+1) Indeed, since the facility moves from
Our solution for this issue is teonsider the demand of ;; to 4 it must have been that this reduces the cost of the

the ring implicitly by mapping it into the local demand ofyomain of vy, i.e, c(We(’”)) > c(We(m“)), which implies

the nodes that constitute thekin of the r-shape The skin .(m) 5 .(m+1) gince no other domain is affected.

consists of nodes on the border (or edge) of thehape, The case in whicHWém) + Wa(mﬂ) is somewhat more

e, nodes of ther-shape that have direct links to nodes Ofhyolved. It implies that there exist sets of nodds B: A U

the ring. This intermediate approach bridges the gap betweg A0 A={zeV:z¢ We(m) e We(m+1)} and B =

absolute disregard for the ring, and full consideration tef i - (m) (mi1)y .

exact topology. The details of the mapping are as follows. L&~ . Vize Wz ¢ W J. A is actually the set of
d P ?y ility insid h erpLg U d odes that were not served by facility before them + 1

vi denote a facility inside an-shapeG. Letv; € eNOte jieration and are served after the-+ 1 iteration. Similarly, B

11 Notice thatr is intentionally kept small to limit the size of the individual is the ?et Of_ nodes that were served by facm@yb?fore_ the
re-optimizations. m + 1 iteration and are not served after the+ 1 iteration.
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Fig. 1. Depiction of the move of a facility from X to Y and of thets A, Fig. 2. Example of a possible facility movement from nageto nodew;
B, and C. with respect to a particular node € U;.

LetC = {2 eV e WO L e WD) be the set Proof: Let¢(®, ¢(M) ¢* denote the initial cost, a locally
= {z Dz PR P

f nodes th ined in the d . fter | minimum cost obtained at the lasd/gh) iteration, and the
of nodes that remained in the domain @f after its MOVE " minimum cost of a (globally) optimal solution, respectivel

ere we consided/ to be the number of “effective” iterations,

(m) _ L o
W,™ = BUC (B,C disjoint) and the re-optimization of ; o ' ,nes that reduce the cost by the required factor. The total

W,™ moved the facilityvy from = to y, it must be that: number of iterations can be a multiple 8f up to a constant
given by the number of facilities. Since we are interested in
o(B,z) +c(C,z) > c(B,y) + c(C,y) (3) asymptotic complexity we can disregard this and focus\én

: (m) (m+1)
where ¢(B, z) denotes the cost of servicing the nodesif For m < M W% have required that™’ > (1 + a)c. N
or equivalently,c(®) > (1 +a)™c(™). Thus when the iteration

from z (similar definitions forc(C, x), ¢(C, y)). -

Let & denote the set of facilities that used to service tHeNVEr9es we have:
nodes ofA before they entered the domain of at m + 1. 0 > (1+ a)MC(M) =
Similarly, let & denote the set of facilities that get to service
the nodes ofB after they leave the domain ef, at m + 1.

From the previous definitions it follows that:
Given the definition of the cost and the fact that node service
c(4,y) < c(4,2) ) demands {(v)’s) are constants with respect to the size of the
c(B,y) > (B, V) () input (n), it is easy to see that® can be upper bounded by
O(n?) and c¢* be lower bounded by2(n). This leads to an
O(n) upper bound forcc(—?. Substituting in Equation (7) gives
(B, z) + ¢(C,x) > ¢(B, V) + ¢(C, 1) ©) the claimed upper bound for the number of iterations.

O O
M <logy,, ~on <logy, o (7)

Using Equation (5) in Equation (3) we obtain:

Applying Equations (6) and (4) to the differen¢&) —c(m+1),

we can now show the following: B. The Mapping Error and its Effect on Local Re-

Optimizations

In this section we discuss an important difference be-
(c(B,:r) +¢(C, z) +c(A,<I>)> - (c(A,y) +¢(C,y) +c(B,\IJ)> = tween solving a centralized version of UKM or UFL (Def-
initions 1, 2) applied to the entire network and our case
(c(B,x) +¢(C,z) — (B, W) — ¢(C, y)> + (C(A7 B) — c(A, y)) < o Where these problems are solved within asshape based
on the demand that results from a fixed mapping of the ring
demand onto the skin. In the centralized case, the amount of
which proves the claim also for thWam) + Wa(mﬂ) case, demand generated by a node is not affected by the particular
thus completing the proof. B configuration of the facilities within the graph, since atides
We can control the convergence speed by requiring eaichthe network are included and considered with their oagin
turn to reduce the cost by a factor af in order for the turn service demand. In our case, however, the amount of demand
to be accepted and continue the optimizing processaccept generated by a skin node can be affected by the particular
the outcome from the re-optimization of arshape at thenth  configuration of facilities within the--shape. In Figure 2 we
iteration, only ifc™ > (14 «)c(™*1V)., In this case, where an illustrate why this is the case. Nodeon the ring has a shortest
at leasto improvement is achieved at each turn, the followingath to facility nodev; that intersects the skin af;'s r-ball at
proposition describes the convergence speed. point B, thereby increasing the demand of a local nodg hy
Proposition 2: The iterative local search approach for diss(u). As the locations of the facilities may change during the
tributed facility location converges i®(log, , , n) steps. various steps of the local optimizing processg(the facility

c('m) _ C('m+1) _



moves fromC'to D, Figure 2), the skin node along the shortest ER
path betweem and the new location of the facility may change ‘ ‘ ‘
(node/pointE in Figure 2). Consequently, a demamdpping 08 |
error is introduced by keeping the mapping fixed (as initially
determined) throughout the location optimization procéss

A;(r,j,u) denote the amount of mapping error attributed to
ring nodew with respect to a move of the facility from,

to v; under the aforementioned fixed mapping and radius
Then thetotal mapping errorintroduced in domairi¥; under owl

0.6

coverage

0.4

0.2

radiusr is given by: b radius r ’
BA
Air)=>" Y Ai(rju). ®) e
vj €Vi u€U;vj#v;
v F#VG 0.8 |-

The mapping error in Equation (8) could be eliminated by re- 0.6

computing the skin mapping at each stage of the optimizing oal |
processi(e., for each new intermediate facility configuration). ' =200 ——

coverage

Such an approach not only would add to the computational 02t P00 %
cost but — most important — would be practically extremely N N e
difficult to implement as it would require the collection of 1 2 3 4 5 6 7 8

radius r

demand statistics under each new facility placement, deday ) )
the optimization process and inducing substantial ovefheg'g' 3. Average coverage of a node for different size of ER BAdgraphs.
Instead of trying to eliminate the mapping error one could V. SyNTHETIC RESULTS ONERAND BA GRAPHS

try to assess its magnitude (and potential impact) on the

. o o In this section we evaluate our distributed facility locati
(;Lf)e(::tlveness of the distributed UKM/UFL. This is eXplore%pproach on synthetic Ebg-Renyi (ER) [9] and Baradsi-

. - . Albert (BA) [10] graphs generated using the BRITE genera-
; Ttne example depugt?d 'n, Figure 2 hglps df“"ed‘f"” expressl ? [22]. For ER graphs, BRITE uses the Waxman model [23]
or the mapping erron,; (r, j, u), assuming a wo-dimensional;\ o the probability that two nodes have a direct link is
plane where nodes are scattered in a uniform and continu

— o - e—d/(BL) i i i
manner over the depicted domaif\,(r, j,u) corresponds to (}y(su’v) ace , whered is the Euclidean distance

. . betweenu and v, and L is the maximum distance between
the Ie_ngth difference of the_tvvo different routes betweedeno any two nodes. We maintain the default values of BRITE
u (point A) and nodev; (point D). Therefore,

a = 0.15, 8§ = 0.2 combined with an incremental model
A(r,j,u) = |AB| + |BD| — |AD|. 9) in which each node connects t@ = 2 other nodes. For
BA graphs we also use incremental growth with = 2.

Note that for those cases in which the anéldnetweenAC This parameterization creates graphs in which the number of
and CD, is 0 or 7, |[AB| + |[BD| = |AD|, and therefore, (undirected) links is almost double the number of vertices (
A;(r, j,u) = 0. For any other value op, AB, BD and AD also observed in real AS traces that we use later in the paper)
correspond to the edges of the same triangle and therefore,
[AB| + |BD| — [AD| > 0 or Ai(r, j,u) > 0. A. Node Coverage with Radius

Based on Equation (9), it is possible to derive an upper
bound regarding the total mapping erefy; () for this partic-
ular environment. In Appendix |, we prove that,

Figure 3 depicts the fraction of the total node populatiat th
can be reached in hops starting from a certain node in ER
and BA graphs, respectively. We plot the mean and%5&
Ai(r) < 202r3(R2 — ?), (10) confidence interval of each node under different networkssiz
n = 400, 600, 800, 1000, representing typical populations
where R is the radius of the particular domaii; (for of core ASes on the Internet as argued later on. The figures
simplicity we assume that the domain is also a circle). show that a node can reach a substantial fraction of the total
According to Equation (10), the upper bound f&xg(r) is node population by using a relatively smallln ER graphs,
close to0, whenr — 0 or r — R. We are interested in thoser = 2 covers2% — 10% of the nodes, whereas= 3 increases
cases where the-ball is small. This corresponds to smalthe coverage td0% — 32%, depending on network size. The
values ofr for the particular (two-dimensional continuous)overage is even higher in BA graphs, where= 2 covers
environment. Therefore, a small radinsn addition to being 4% —15%, whereas: = 3 covers20%—50%, depending again
preferable for scalability reasons has the added advarthgeon network size. These observations are explained by the fac
facilitating the use of a simple and practical mapping witthat larger networks exhibit longer shortest paths and dtars
small error and expected performance penalty. Indeed,dan tand also because BA graphs, owing to their highly skewed
following sections we show that small values feryield (power-law) degree distribution, possess shorter shopihs
both fast and accurate results in different network grapits aand diameters than corresponding ER graphs of the same link
demands. density.
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B. Performance of distributed UKM

In this section we examine the performance of our digmga]i,-shapes). BA graphs converge in fewer iterations, since
tributed UKM of radiusr, hereafter referred to as dUKMY, or the same value of BA graphs induce larger-shape®
when compared to the centralized UKM utilizing full knowl-and’ thus, fewer re-optimizations.

edge. The set of open facilities and the service cost in
UKM can be obtained by solving an Integer Linear Program .
(ILP) [17]. We fix the network size tox = 400 (matching C. Performance of distributed UFL
measurement data on core Internet ASes that we use latein order to evaluate the performance of distributed UFL of
on) and assume that all nodes generate the same amouniagiusr, henceforth referred to as dURL( we need to decide
service demand(v) = 1,Vo € V. To ensure scalability, we how to set the facility acquisition cosf§v;) which constitute
don't want our distributed solution to encounteshapes that part of the input of a UFL problem (see Definition 2). This
involve more thatl0% of the total nodes, and for this weis a non-trivial task, essentially a pricing problem forwetk
limit the radius tor = 1 andr = 2, as suggested by the nodeservices. Although pricing is clearly out of scope for thagpr,
coverage results of the previous section. We let the fractigve need to use some form ¢fv;)’s to demonstrate our point
of nodes that are able to act as facilitié®.( service hosts) that, as with UKM, the performance of the distributed vemsio
take valuest/n = 0.1%, 0.5%, 1%, 2%, and5%. We perform of UFL tracks closely that of the centralized one (obtaingd b
each experiment 10 times to reduce the uncertainty due to §®ving an ILP [17]). To that end, we use two types of facility
initial random placement of thg facilities. costs:uniform where all facilities cost the same independently

The plots on the left-hand-side of Figure 4 depict the cost 6f location {.e., f(v;) = f, Vv; € V) and,non-uniform where
our dUKM(r) approach normalized over that of the centralizethe cost of a facility at a given node depends on the location
UKM, with the plot on top for ER graphs and the plot orPf that node. The uniform cost model is more relevant when
the bottom for BA graphs. For both ER and BA graphs, thidie dominant cost is that of setting up the service on the, host
performance of our distributed solution tracks closelyt thi whereas the non-uniform cost model is more relevant when
the centralized one, with the difference diminishing fast ghe dominant cost is that of operating the facility (implyin
r and k are increased. The normalized performance for Bfat this operating cost is proportional to the desirapibit the
graphs converges faste'r_d_, at smallerk for a given T’) to host, which depends on tOpOlOgicaI |Ocati0n). The latert cos
ratios that approach 1. This owes to the existence of highlfodel is general enough to capture the congestion assdciate
connected nodes (the so call “hubs”) in BA graphs — buildingith each facility.
facilities in few of the hubs is sufficient for approximating For the non-uniform case we will use the following rule:
closely the performance of the centralized UKM. The twi#e Will make the cost of acquiring a facility proportional to
plots on the right-hand-side of Figure 4 depict the number 8 degreeji.e, proportional to the number of direct links it
iterations needed for dUKM{ to converge. A smaller value ,,

. . . . . Again it is the hubs that create largeshapes. Even under a smalla

of r requires more iterations as it leads to the creation th@b will be close to the facility that re-optimizes its locatj and this will
large number of small sub-problems (re-optimizations ohyna bring many of the hub’s immediate neighbors into thehape.



has to other nodes. The intuition behind this is that a highection performance results on real AS-level maps under non
connected node will most likely attract more demand fromniform service demand from different clients. We choose
clients, as more shortest-paths will go through it and, thuhe AS-level to evaluate our approach as many infrastractur
building a facility there will create a bigger hot-spot, angbroviders such as content distributors, data-centers andic
therefore the node should charge more for hosting a setViceproviders are located within an AS that peers with other
In [24],[25] the authors showed that the “coverage” of a nod&Ses [26], [27], or maintaining a highly distributed hostin
increases super-linearly with its degree (or alternajivéie infrastructure in a large number of ASes [28], [29], [30] to
number of shortest paths that go through it). We, thereforgetter satisfy end-user demand and control their operation
use as facility costf(v;) = d(v;)***c, whered(v;) is the cost.

degree of node; € V andag is the skewness of the degree

distribution of the graphG. In order to estimate the value

of ag, we use the Hill estimatord,iff,’;ll) = 1/%.m, where: A. Description of the AS-level Dataset

5 _1\k X() _ . .

Trom = 1 2oi=1 108 5, 5» X(i) denotes theé-th largest value  \we yse the relation-based AS map of the Intehatb-

in the sampleX;, ..., X,,. We prefer the Hill estimator since tained using the measurement methodology described in [11]
it is less biased than linear regression for fitting power-laThe dataset includes two kinds of relationships betweersASe
exponents.

In Figure 5 we plot the cost of dUFL(1), dUFL(2), and cen-
tralized UFL, in ER and BA graphs under the aforementioned
degree-based facility cost. For dUFL, we present threesline
for each radiusr, corresponding to different initial number
of facilities used in the iterative algorithm of Section-Bl
We useky = 0.5 F, F, and2 - F', where F' denotes the
number of facilities opened by the corresponding centedliz
UFL. As evident from the results, the cost of dUFL is close
to that of UFL (around 5-15% for both types of graphs). As
with dUKM, the performance improves withand is slightly
better for BA graphs (see the explanation in Section V-B). Overall the dataset includes 12,779 unique ASes, 1,076
Also we observe a tendency for lower costs when starting tReers and 11,703 customers, connected through 26,387 di-
distributed algorithm with a higher number of initial fatiés. rected and 1,336 undirected links. Since this AS graph is
Under the non-uniform (degree-based) cost model, both duPRt connected, we chose to present results based on its
and UFL open facilities in 2-8% of the total nodes, dependirigrgest connected componéfit,which we found to include
on the example. a substantial part of the total AS topology at the peer level:

We also evaluate the performance of dUFL under uniford®7 peer ASes connected with 1,012 undirected links; we
facility cost f; the cost is set at a value that leads to buildingerified that this component contains all the 20 largest peer
the same number of facilities as the corresponding degrétSes reported in [11]. Since it would be very difficult to
based example. Both the distributed and centralized UFId bupbtain the real complex routing policies of all these netgor
the same number of facilities, and the performance of dUFL ¢ did not consider policy-based routing, but rather asslme
very close to the centralized one, as is illustrated in Figer Shortest-path routing based on the aforementioned coehect
Again, we emphasize that our goal here is not to evalugt@mponent.
performance under different pricing scheme, but rathehtms ~ We exploit the relationships between ASes in order to derive
that the performance of distributed UFL tracks well thattaf t & more realistic (non-uniform) service demand for the peer
centralized, optimal approach. ASes that we consider. Our approach is to count for each peer

The number of iterations for dUFL(r) to converge is similaAS the number of customer ASes that have it as provider,
to this of the dUKM(r), for the same graph (ER or BA, and siz&ither directly or through other intermediary ASes. We then
of graph), in both the case of degree-based and the unifos@t the service demand of a peer AS to be proportional to
facility cost. The number of iterations can be significantl§his number. In Figure 7 we plot the demand profile of peer
reduced, especially for large graphs, if no migration takeésSes (in decreasing order using log-log scale). As evident

place unless the service cost is decreased by a fagtas from this plot, the profile is power-law like (with slight
discussed in Section IV-A. deviation towards the tail), meaning that few core ASesycarr

the majority of the demand that flows from client ASes. In

the sequel we present performance results in which nodes

correspond to peer ASs that generate demand that follows the
To further investigate the performance of our distributegforementioned power-law like profile. We seek to identifg t

approach, as well as better support our sketched applicatigeer ASes for building service facilities.

scenario described in the introduction, we include in this

14 http:/www.cc.gatech.eds/mihail/ASdata.html
13 As sketched in the introduction, a node may correspond to anhas 15There are smaller connected componefits ASes) that are formed by
charges for allowing network services to be installed ordtal GSH. small regional ISPs with peering relationships.

o Customer-Provider: The customer is typically a smaller
AS that pays a larger AS for providing it with access
to the rest of the Internet. The provider may, in turn, be
a customer of an even larger AS. A customer-provider
relationship is modeled using a directed link from the
provider to the customer.

o Peer-Peer. Peer ASes are typically of comparable sizes
and have mutual agreements for carrying each other's
traffic. Peer-peer relationships are modeled using undi-
rected links.

VI. RESULTS FORREAL AS-LEVEL TOPOLOGIES



#oostumer ASes for a peer-AS cost ratio dUFL(1)/UFL || cost ratio dUFL(2)/UFL
10000 mean median mean median
degree-based| 1.22 1.20 1.04 1.03
1000 L uniform 1.01 1.01 1.01 1.01
100 | TABLE |

COST RATIO BETWEEN OJFL(r) AND UFL IN THE AS-LEVEL TOPOLOGY.
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the convergence of the former, for= 1 andr = 2, an ifferent facility i _li H

densitiesk/n = 0.1%, 0.5%, 1%, 2%, and 5% under the AS graph. to a multi-player on-line game_and then use this workload to
derive a performance comparison between dUFL and UFL.
Then, we assume that mapping a client to its closest facility

B. Distributed UKM on the AS-level Dataset node has to incur some time lag and study the performance

[Sq”nphcatlons of such an imperfect redirection scheme.

20

The plots on the left-hand-side of Figure 8 show the co
of dUKM(1), dUKM(2), and the centralized UKM, under ) )
the AS-level graph. Clearly, even for small values af A. Measuring the demand of a popular multi-player game
the performance of our distributed approaches track gjosel We used the Mininova web-site to track all requests for
that of the centralized approach. Regarding the number jofning a torrent corresponding to a popular on-line multi-
iterations needed for convergence, the same observafipig a player game. By tracking the downloads of the game client,
as with the synthetic topologieise., they increase with smaller which is possible to do due to the use of BitTorrent, we can
radii. The substantial benefit from knowledge of only locabbtain a rough idea about the demographics of the load put on
neighborhood topologies (“neighbors of neighbor”) hasrbeehe game servers, to which we do not have direct access. We
observed for a number of applications, including [21] whickhen use this workload to quantify the benefits of instaimtipt
has also investigated and quantified implementation oeerhegame servers dynamically according to dUFL. Hereafter, we
in an Internet setting. use the term facility and server interchangeably.

More specifically, we connected periodically at 30-minute
C. Distributed UFL on the AS-level Dataset intervals to the tracker serv_ing thi_s torrent, over a totadation

of 42 hours. At each 30-minute interval, we got all the IPs of

Table | presents the performance of dUFL on the ASsarticipating downloaders by issuing to the tracker mistip
level dataset. Again, it is verified that dUFL is very closgequests for neighbors until we got all distinct downloader
in performance to UFL, even for small valuesrofwithin 4% 4t this point in timé” . In Figure 9 (left) we plot the number

for r = 2, under both examined facility cost models). of concurrent downloads at each measurement point. Oyerall
we were able to capture a sufficient view of the activity of the
VII. N ON-STATIONARY DEMAND AND IMPERFECT torrent and detect expected profiles, e.g., diurnal vamativer
REDIRECTION the course of a day. In total, we saw 34,669 unique users and

Up to now, our performance study has been based the population varied from 6,000 to 8,000 concurrent users,

. ! . ) i i ; 0

assuming (1) stationary demand, and (2) perfect redinectib® the population variance was \;;sse to 25%.

of each client to its closest facility node. The stationary MoOVving on, we used Routeviews to map each logged IP

demand assumption is not justified for relat!vely large Hme 16 http:/fwww, mininova.org

scales (hours or days), and perfect redirection can bereithei7 tracker is a server that maintains the set of distinct dovddes of

too costly to implement or too difficult to enforce due ta torrent. Upon a neighbor set request, the tracker repligls s random

faults or excessive load. In this section we look at th?)bset of the distinct downloaders set. We requested tleeadithe distinct
L. ; - . . ownloaders set, and then we repeatedly requested for a peyhbor set

performanpe of d|str|buteq facmt_y location when droppitihe  ntil we reach the same number of distinct IPs.

aforementioned assumptions. First, we present a measatemel8 hitp://www.routeviews.org



10

Non-stationary demand, churn . .
Non-stationary demand, performance comparison

0.12
140000 0 —
0.1t i
0.08 | 120000
E B
g 005y 100000 -
0.04 L
% 80000 Frswaniizs
002 8 17000
0 ‘ ‘ ‘ ‘ ‘ 60000 Fstatic-min - oy, g 4 -
16:00 24:00 08:00 16:00 24:00 08:00 static-max guooo| .
time (GMT) 40000 | dUFLQ) —— o i
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address to an AS. The variance in the number of concurrent 16:00 24:00 08:00 16:00 24:.00 08:00
users from a particular AS was even higher. Focusing on the time (GMT)

most popular AS, we found out that the variance in the numb Average cost of static-min, static-max, dUFL(1) anéLUn the
of concurrent users was as high as 50%, as it is shown tﬂﬁent of a popular on-line multi-player game at each measunemaint.
Figure 9 (right). Last, we looked at churn at the AS level

by counting the number of new ASes joining and existing

. . . Non-stati d d, dUFL(1), mi i f
ASes leaving the torrent over time [31]. Formally, we defined on-stafionary deman (1), migraton of servers

churn(t) = m, where U, is the set of ASes T
at time ¢, and S Is the set difference operator. In Figure 10 0.05 1
we plot the evolution of churn. One can observe that AS- 2 o004
level churn is quite high, ranging from 6% to 11%, with no £
specific pattern. This serves our purpose which is to study th g 098
performance of dUFL under non-stationary demand. 2 o0l
0.01

B. Distributed UFL under non-stationary demand e el

We consider a distributed server migration scheme given 600 2400 0800 1600 2400 0800
by dUFL with radiusr = 1. The pricing model for starting time (GMT)

a server at an AS is the aforementioned degree-based ongig@f12. Migration ratio of dUFL(1) in the torrent of a populan-line
Section V-C. The evaluation assumes an AS-level topologylti-player game at each measurement point.
obtained from Routeviews. The demand originating from each
AS at each particular point in time is set equal to the value Non-stationary demand, dUFL(1), number of utilized servers
we obtained from measuring the downloads going to the
torrent of the game client. We compare the cost of UFL,
dUFL(1), static-min, and static-max. Static-min is a siepl
heuristic that maintains the same placement across time. Th
number of maintained facilities is equal to the minimum
number of facilities that UFL opened in the duration of the
experiment. This is used as a baseline for the performance
of an under-provisioned static placement of servers adogrd
to minimum load. Static-max captures the cost of an over-
provisioned placement according to peek load. Obviously, 500 2400 0800 16:00 2400 08:00
static-max suffers from a high purchase cost of buying a time (GMT)
maximum number of servers (in this case 100), whereas statify. 13. Number of utilized servers over time when applying {1 under
min suffers from high communication cost to reach the fewon-stationary demand.
bought servers (in this case 70).

We report the average cost in the duration of the experiment
(42 hours) for each one of the aforementioned policies. Fand static-max. Looking at the close-up, it can also be seen
each policy we repeated the experiment 100 times to remd¥f@t dUFL(1) is actually pretty close, within 10-20%, of the
the effect of the initial random opening of facilities. Inperformance of the centralized UFL computed at each point
Figure 11 we plot the resulting average costs along Wittt  in time. Taken together, these results indicate that dUFL(1
percentile confidence intervals. One can see that dUFL(figlds a high performance also under non-stationary demand
achieves 4 to 7 times lower cost compared to static-minNext, we quantify the number of server migrations required

84 |
82
80 |
78 |
76 |
74 |

number of utilized servers

72 -
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by dUFL(1), between consecutive intervals, to track thereff
non-stationary demand. In Figure 12 we plot the percentage

of servers that are migrated, henceforth referred as nidgrat

ratio, along with95'" percentile confidence intervals based 10|
on 100 runs. Evidently, migrations are rather rare, typycal
0%-3%, after the servers stabilize from their initial rando
positions, to where dUFL(1) will have them at each point in
time. In Figure 13 we show the number of utilized servers over
time when applying our distributed algorithm (dUFL(1)) wnd
non-stationary demand. The number of utilized serveresgai )
lot through out the experiment, but the migration ratio besw o s 0 s 20

two consecutive intervals is small. There are two noticeabl lag

exceptions, at around 16:00 GMT and 08:00 GMT, when ChUFI‘g. 14. Normalized cost of static-min, static-max and dUFL(1) with respect to the
is hlgh (up to 7%). This is to be expected as the evening peoaiR; of UFL in the torrent of a popular on-line multi-player game undaious levels
hour (in different parts of the globe) starts at the arourdat th ¥

time. These results suggest that dUFL(1) is relatively sbbu

to demand changes and can typically address them without

massive numbers of migrations that are of course costly [@l- A large number of subsequent works focused on develop-
terms of bandwidth and management. Of course, the numiig centralized approximation algorithms [17], [18], [1£20].

of migrations can be reduced further by trading performandd'e authors of [32] have proposed an alternative approach fo

Non-stationary demand, effect of lag

static-min —s—
4 [static-max ——
dUFL(1) —s—

normalized cost
[}

with laziness in triggering a migration. approximating facility location problems based on a contin
uous “high-density” model. Recently, generalizations Ioé t
C. The Effect of Imperfect Redirection classical centralized facility location problem have spe

We now move on to dropping the assumption that clients ail% [33], [34]. The first mention_ of distribu'Fed facility qu’an
always redirected to their closest facility, which prettyich S€€MS to have been from Jain and Vazirani [20] while com-

implies that there are no performance penalties for themtalueMenting on their primal-dual approximation method, butythe

server migrations. In many cases it has been shown thatgerfd® N0t pursue the matter further. To the best of our knowledge
redirection is indeed feasible using route triangulatiord a the only work in which distributed facility location has tree

DNS [14]. In this section, however, we relax this assumptiof'€ focal point seems to be the recent work of Moscibroda
and study the effects of imperfect redirection. We do so fJ'd Wattenhofer [35]. This work, however, is mostly focused
cover cases in which perfect redirection is either too gowtl ©ON deriving worst-case performance bounds for distributed

implement, or exists, but performs sub-optimally due tdtgau facility location. It is based on primal-dual te_chniqueatth _
or excessive load. are amenable to such analysis but no practical protocol is
To this end, we assume that there exists a certain amounPgpvided. Furthermore, it does not take into consideratin
lag between the time a server migrates to a new node and fifgnand of the users nor it includes any experimental results
time that the migration is communicated to the affectechttie O implementation guidelines. The online version of fdgili
During this time interval, a client might be receiving seei Iocatlo_n, in which request arrive one at a time according to
from its previously closest facility which, however, mayka " arbitrary pattern, has been studied by Meyerson [36] that
ceased to be optimal due to one or several migrations. Sirf@&/€ & randomized onlin@(1)-competitive algorithm for the
we assume that migrations occur at fixed time intervals, f@Se that requests arrive randomly an@@g n)-competitive
measure the lag in terms of number of such intervals (1 fgcili2lgorithm for the case that arival order is selected by an
migration at each interval). Notice that under the existeat 2dversary. Oikonomou and Stavrakakis [37] have proposed
lag, even with stationary demand, the optimization is ngeon @ fully distributed approach for service migration — their
guaranteed to be loop-free (as in Section IV-A). We solve thieSults, however, are limited to a single facility (repretieg
by stopping the iterative re-optimization if it reaches at@ia & Unique service point) and assume tree topologies.
high number of iterations. Several application-oriented approaches to distributrd s
In Figure 14 we plot the cost ratio between dUFL(1yice deployment have appeared in the literatueey, Ya-
and dUFL and thed5" percentile confidence interval undermamoto and Leduc [38] (deployment of multicast reflectors),
various levels of lag that range from 0 up to 20 (which meark¥abinovich and Aggarwal [39] (deployment of mirrored web-
that clients of facility; hear about’s migration afteri+lag has content), Chambers et al. [40] (on-line multi-player netkvo
completed its migration). As expected, lag puts a perfoeaangames), Cronin et al. [41] (constrained mirror placement),
penalty on dUFL. The degradation, however, is quite smootKrishnan et al. [42] (cache placement), and Qureshi et 8). [4
while the performance always remains superior to static-m{energy cost-aware server selection). The aforementioned
and static-max. works are strongly tied to their specific applications and do
not have the underlying generality offered by the distriolit
VIII. RELATED WORK facility location approach adopted in our work. Relevant to
There is a huge literature on facility location theory. it our work are also the works of Oppenheimer et al. [44] on
results are surveyed in the book by Mirchandani and Franagstems aspects of a distributed shared platform for servic
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deployment, Agarwal et al. [45] on automated data placement]
for geo-distributed cloud services, and Loukopoulos ef44]
on the overheads of updating replica placements under nef,)
stationary demand.
[16]
IX. CONCLUSION

We have described a distributed approach for the problem g
placing service facilities in large-scale networks. Werceene
the scalability limitations of classic centralized apprioes 18]
by re-optimizing the locations and the number of facilitieg
through local optimizations which are refined in several-ite
ations. Re-optimizations are based on exact topologicel af®!
demand information from nodes in the immediate vicinity
of a facility, assisted by concise approximate represimtat
of demand information from neighboring nodes in the widdf®!
domain of the facility. Using extensive synthetic and trace
driven simulations we demonstrate that our distributed af#i]
proach is able to scale by utilization limited local infortioa )
without making serious performance sacrifices as comparleglJ
to centralized optimal solutions. We also demonstrate dbat
distributed approach yields a high performance under nofs!
stationary demand and imperfect redirection. Our approagh;
leverage recent advances in virtualization technology thed
flexibility of billing models, such as pay-as-you-go, todsr
a fully automated and scalable service deployment in tipg;
Internet.

[26]
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APPENDIXI Therefore,A;(r, j,u) < 2y. Given thaty < r,

DERIVATION OF AN UPPERBOUND FORA;(r) Ai(r, j,u) < 2r. (14)

For the rest, a two-dimensional space is considered overI der to deriveA. (r. i ding to Equati 11
which nodes are scattered in a uniform and continuous manner _O'cer 0 derve ?(r’])' according to tquation ( .)’
Ther-ball is considered as a circle with radiusind the entire & analytical expression has to be derlvgd for_the inte-
domain also as a circle with radius (see Figure 2). oral Jy, Ai(r’J’u)du' Note that0 < Ay(rj,u) < 2r,

Suppose that a nodec U; is served by its closest facility Jy, Ai(r,j,u)du < [y, 2rdu and R corresponds to the radius
nodew;. This case is depicted in Figure 2 wherés located of the U; U V; area (note thakk > r). Eventually,
at point A and the corresponding facility nodg is located at Ai(r, §) < 2mr(R? — r?), (15)
point C. Note that lineAC intersects with the periphery (skin) | ) ) s o
of the r-ball at a particular point denoted b§. Clearly, line Since the area of the rinj; is w(R* — 7). .

AC corresponds to the shortest distance between pdiratsd In ordgr to derive .Ai(r)’ according t'o Equation .(12)’
C (nodesu andu;, respectively). Denoting as the length of &7 analyyogl expression has to pe derived 2for t?e integral
AB, |AB] (the distance of node from the skin of ther-ball) Jy; 2(r>7)dj. Note that0 < Ai(r, j) < 2mr([* — %) and

we can writt AC = z + r. Line AC may be regarded as Jv, Bl j)dj < [y, 27r(R? — r®)dj. Eventually,
fggaﬁ):éha?\;%rdgilch node uses the resources of the facility Ai(r) < 20273 (R2 — ?), (16)

Suppose that a node; € V; is considered as a possiblesince ther-ball area isrr?.
alternative facility location. LetD be the point denoting the

location ofv; and lety denote the distance between nade APPENDIXII
and nodev; (i.e., the length ofCD, |CD|). The mapping DERIVATION OF AN ANALYTICAL EXPRESSION FOR
error, A (r, j,u) = |AB| + |BD| — |AD|, is always positive Ay(r, j,u)

since|AB|+ |BD| > |AD| (AB, BD and AD correspond to  When one of the angles of a trianglé) (is known as well
edges of the same triangle) whet3D # 0 and ABD # w.  as the length of both adjacent edgesafidy), then the length
The mapping error becomes zero only in the exceptional cagésthe third edge is possible to be derived as a function of
where ABD = 0 and ABD = r (corresponding tap = 7 &, r,y. Two different cases may be distinguished with respect
and ¢ = 0, respectively, as concluded from Figure 2). to the triangle’s particular form, as depicted in Figure 15.

Let A;(r,j) be the summation of\;(r, j,u), Vu € Us.
Since we have assumed the network area as a two-dimension
continuous space, all nodes= U; correspond to the ring area
U;, depicted in Figure 2. Consequenthy,;(r, j) is given by /L

the following integral,
Aird) = [ A gy (a1) o
Ui

Let A;(r) denote the total mapping error, or the summatiolrg_ 5 Th distinauished died 1o derive thalveal
) . . - 1g. . e two IStIngUIS ed cases studied to derive t yHCﬁ
of A;(r,7) for all nodes;j € V;. Therefore, expression for; (r, 4, u).

Ailr) = /ViAi(T’])dj' 12) " For the case depicted in Figure 15@s¢ = “. Since
In Appendix Il we derive the following analytical expressio ¥ = Y1 + %2, ¥2_= y — 41 = y — rcos¢. Further-
; i ; more, sing = 42l and |AD| = rsing. It holds that
for A;(r, j,u) as a function of parameters y, » and ¢: o SIQ = = rsmo.

|AC|? = |ADJ? + 42, or |AC| = /|AD|2 + 43, or |AC| =
r2sin ¢ + y2 + 12 cos? ¢ — 2yr cos ¢. Eventually,

Ai(r,jyu) = x4 \/r2+y2 —2yrcos ¢
—\/(x—i—r)Q + 42 — 2y(x + 1) cos ¢.

(13) |AC| = \/r2 + y2 — 2yr cos . @an
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The same result is also derived for the case depicted i
Figure 15.b, wheref = 7 — ¢. For this case|AC| =

Prof. loannis Stavrakakis , IEEE Fellow Diploma
in Electrical Engineering, Aristotelian University of

VIADP? + (y +¢')2. However, [AD| = rsing andy' =

rcos@. Since,sin 0
rsing andy’ = —r
this case as well.
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