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ABSTRACT

This paper introduces a lightweight, scalable and accuratee-
work, called Meridian, for performing node selection basadhet-
work location. The framework consists of an overlay netwsirlc-
tured around multi-resolution rings, query routing withedit mea-
surements, and gossip protocols for dissemination. We $toow
this framework can be used to address three commonly ereresht
problems, namely, closest node discovery, central leddetien,
and locating nodes that satisfy target latency constrantarge-
scale distributed systems without having to compute absaloor-
dinates. We show analytically that the framework is scalatith
logarithmic convergence when Internet latencies are neadat a
growth-constrained metric, a low-dimensional Euclideagir, or
a metric of low doubling dimension. Large scale simulatjdrased
on latency measurements from 6.25 million node-pairs as agel
an implementation deployed on PlanetLab show that the framie
is accurate and effective.

Categories and Subject Descriptors: C.2.1[Computer-Communi-
cation Networks]: Network Architecture and DesignNetwork topology
General Terms: Algorithms, Design, Measurement, Performance
Keywords: Node selection, Network locality, Nearest neighbor

1. INTRODUCTION
Selecting nodes based on their location in the network is-a ba
sic building block for many distributed systems. In smabtgyns,

it is possible to perform extensive measurements and make de

cisions based on global information. For instance, in arinenl
game with few servers, a client can simply measure its lgtenc
to all servers and bind to the closest one for minimal respons
time. However, collecting global information is infeagbfor a
signi cant set of recently emerging large-scale distréaitipplica-
tions, where global information is unwieldy and lack of caitized
servers makes it dif cult to nd nodes that t selection ceitia. Yet
many distributed applications, such as lesharing netwodontent
distribution networks, backup systems, anonymous comeation
networks, pub-sub systems, discovery services, and iplalyier
online games could bene t substantially from selectingemdased
on their location in the network.

A general technique for nding nodes that optimize a givetr ne
work metric is to perform anetwork embeddingthat is, to map
high-dimensional network measurements into a locatiorsimaller
Euclidean space. For instance, recent work in network iposit
ing [42,15,40,57,52,44,12,43, 39] uses large vectors défto-
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node latency measurements on the Internet to determinere- cor
sponding single point in d-dimensional space for each node. The
resulting embedded addressyigual coordinate can be used to
select nodes.

While the network embedding approach is applicable for a&ewid
range of applications, it is neither accurate nor complétee em-
bedding process typically introduces signi cant errorslegtion of
parameters, such as the constdnthe set of measurements taken
to perform the embedding, the landmarks used for measutemen
and the timing interval in which measurements are takenois n
trivial and has a signi cant impact on the accuracy of therapph.
Further, coordinates need to be recomputed as networkclaten
uctuate. In addition, complex mechanisms besides virt@or-
dinates are required to support large-scale applicatiddisnple
schemes, such as centralized servers that rétgih) state or naive
algorithms withO(N ) running time, are unsuitable for large-scale
networks. Peer-to-peer substrates that can naturally withkkEu-
clidean coordinates and support range queries, such as @8N [
Mercury [5] and P-Trees [13], can reduce the state requinésne
per node; however, these systems introduce substantigblerm
ity and bandwidth overhead in addition to the overhead ofragk
embedding. And our simulation results show that, even wi2g
substrate that always nds the best node based on virtuabéoo
nates, the embedding error leads to a suboptimal choice.

This paper introduces a lightweight, scalable and acciratee-
work, called Meridian, for performing node selection basadhet-
work location. Meridian forms a loosely-structured ovgrizet-
work, uses direct measurements instead of a network enmopddi
and can solve spatial queries without an absolute coorlsyzce.
Its functionality is similar to that of GNP combined with CAN
performing node selection based on network location

Each Meridian node keeps track ©flog N) peers and orga-
nizes them into concentric rings of exponentially increggiadii.

A query is matched against the relevant nodes in these rargs,
optionally forwarded to a subset of the node's peers. Ielit,
the forwarding “zooms in” towards the solution space, hagdiff
the query to a node that has more information to solve the-prob
lem due to the structure of its peer set. A scalable gossifpro
col is used to notify other nodes of membership in the systam.
node selection algorithm provides diverse ring membershipax-
imize the marginal utility provided by each ring member. Mam
avoids incurring embedding errors by making no attempt ¢ome
cile the latencies seen at participating nodes into a diplahsis-
tent coordinate space. Directly evaluating queries agaahsvant
peers in each ring avoids errors stemming from out of date-coo
dinates. Meridian provides a general framework applicébtea
wide range of network location problems. In this paper, waufo
on three network location problems that are commonly enevad

1We use the term “location” to refer to a node's placement @lttiernet as
de ned by its round-trip latency to other nodes. While Méaitl does not
assume that there is a well-de ned location for any node,ilustrations
depict a single point in a two-dimensional space for clarity



in distributed systems, and describe how the lightweightidiien
framework can be used to address them.

The rst network location problem that we examine is that of
discovering the closest node to a targeted reference pohis is
a pervasive problem; content distribution networks (CD[29),
large-scale multiplayer games [38], and peer-to-peerays(27,
30, 9, 8], among others, can signi cantly reduce resporse &nd
network load by selecting nodes close to targets. For instange-
ographically distributed peer-to-peer web crawler camceccrawl
time and minimize network load by delegating the crawl to the
closest node to each target web server, CDNs can reduceyaten
by assigning clients to nearby servers, and multiplayeregaoan
improve gameplay by reducing server latency.

Meridian can also be used to nd a node that offers minimal la-
tencies to a given set of nodes. Intuitively, various alans seek
to locate a node that is at the centerpoint of the region d I
the set members. This basic operation can be used for loeatio
aware leader election, where the chosen central node snable
erage communication latency to be minimized. For instaace,
application-level multicast system can use location-awaader
election to improve transmission latencies by placing rediytloc-
ated nodes higher in the tree.

Finally, we examine the problem of nding a set of nodes in a
region whose boundaries are de ned by latency constraiRts.
instance, given a set of latency constraints to well-knowerp
ing points, we show how Meridian can locate nodes in the regio
de ned by the intersection of these constraints. This fiometl-
ity is useful for ISPs and hosting services to cost effettiveeet
service-level agreements, for computational grids toteedes
with speci ¢ inter-cluster latency requirements, and gaiilg, for
applications that require ne-grain selection of servitesed on
latency to multiple targets.

We demonstrate through a theoretical analysis that ouesyst
provides robust performance, delivers high scalability balances
load evenly across the nodes. The analysis ensures thatthe p
formance of our system scales beyond and is not an artifamtrof
measurements.

We evaluate Meridian through simulations as well as a deploy
ment on PlanetLab [4]. Our simulations are parameterizedrby
extensive measurement study, in which we collected nodmtie
round-trip latency measurements for 2500 Internet nameeser
(6.25 million node pairs). We use 500 of these nodes as w@rget
and the remaining 2000 as overlay nodes in our experiments.

Overall, this paper makes three contributions. First, itioess
a lightweight, scalable, and accurate system for keepimgktof
location-information for participating nodes. The systensim-
ple, loosely-structured, and entails modest resourcesnfuinte-
nance. The paper shows how Meridian can ef ciently nd theszl
est node to a target, the latency minimizing node to a givewnfse
nodes, and the set of nodes that lie in a region de ned by ¢gten
constraints, which are frequently encountered buildiracklop-
erations in many location-sensitive distributed systefshough
less general than virtual coordinates, we show that Maerida
curs signi cantly less error. Second, the paper providebent
retical analysis of our system that shows that Meridian ioles
robust performance, high scalability and good load balaiides
analysis is general and applies to Internet latencies tratat be
accurately modeled with a Euclidean metric. Following & lof
previous work on object location (see [24] for a recent sunyna
we give guarantees for the family of growth-constrainedrivgt
Moreover, we support a much wider family of metrics of Idau-
bling dimension Finally, the paper shows empirical results from
both simulations parameterized with measurements fromge-a

scale network study and a PlanetLab deployment. The resuits
rm our theoretical analysis that Meridian is accurate lab&e, and
load-balanced.

2. FRAMEWORK

The basic Meridian framework is based around three mecha-
nisms: a loose routing system based on multi-resolutiogsrion
each node, an adaptive ring membership replacement scinatne t
maximizes the usefulness of the nodes populating eachaimya
gossip protocol for node discovery and dissemination.

Multi-Resolution Rings. Each Meridian node keeps track of a
small, xed number of other nodes in the system, and organize
this list of peers into concentric, non-overlapping ringghe ith

ring has inner radius; = s' ! and outer radiu®; = s ', for

i> 0, where isa constants is the multiplicative increase factor,
andro = 0, Rp = for the innermost ring. Each node keeps
track of a nite number of rings; all rings>i for a system-wide
constanti are collapsed into a single, outermost ring that spans
therangds ' ;1 ].

Meridian nodes measure the distamketo a peerj, and place
that peer in the corresponding ringuch that; <d; R;. This
sorting of neighbors into concentric rings is performedeipen-
dently at each node and requires no xed landmarks or digtith
coordination. Each node keeps track of at nkogbdes in each ring
and drops peers from overpopulated rings. ConsequentlyidMe
ian's space requirement per node is proportionak toWe later
show in the analysis (Section 4) that a choic& of O(log N) can
resolve queries i©(log N) lookups; in simulations (Section 6),
we verify that a smalk suf ces. We assume that every participat-
ing node has a rough estimatelog N .

The ring structure with its exponentially increasing riaglii fa-
vors nearby neighbors, enabling each node to retain awelati
large number of pointers to nodes in their immediate vigintthis
allows a node to authoritatively answer geographic quddegts
region of the network. At the same time, the ring structursuess
that each node retains a suf cient number of pointers to temo
regions, and can therefore dispatch queries towards nbdespe-
cialize in those regions. An exponentially increasing uadalso
makes the total number of rings per node manageably small and
clamps it at a constant.

Ring Membership Management. The number of nodes per ring,
k, represents an inherent tradeoff between accuracy antieacr
A largek increases a node's information about its peers and helps
it make better choices when routing queries. On the othed,h&n
largek also entails more state, more memory and more bandwidth
at each node.

Within a given ring, node choice can have a signi cant efiect
the performance of the system. A set of ring members thatare g
ographically distributed provides much greater utilitatha set of
ring members that are clustered together, as shown in Figure
tuitively, nodes that are geographically diverse instefadustered
together enable a node to forward a query to a greater reGiom:-
sequently, Meridian strives to promote geographic ditgnsithin
each ring.

Meridian achieves geographic diversity by periodicallggsess-
ing ring membership decisions and replacing ring membetsati
ternatives that provide greater diversity. Within eaclgyia Merid-
ian node not only keeps track of theprimary ring members, but
also a constant numbeéif secondary ring members, which serve
as a FIFO pool of candidates for primary ring membership.

We quantify geographic diversity through the hypervolunfie o
the k-polytope formed by the selected nodes. To compute the hy-



Figure 1: Each Meridian node keeps track of a xed number
of other nodes and organizes these nodes into concentric, mo
overlapping rings of exponentially increasing radii.

pervolume, each node de nes a local, non-exported coorelsza-
ce. A nodei will periodically measure its distana to another
nodej in the same ring, forald i;j  k+ |. The coordinates
of nodei consist of the tuplédy ; d; :::; di . i, whered, = 0. This
embedding is trivial to construct and does not require arpiatiy
error-introducing mapping from high-dimensional data towaer
number of dimensions.

Having computed the coordinates for all of its members img,ri
Meridian nodes then determine the subsek aibdes that provide
the polytope with the largest hypervolume. For snkallt is pos-
sible to determine the maximal hypervolume polytope by bns
ering all possible polytopes from the setlof- | nodes. For large
k + |, evaluating all subsets is infeasible. Instead, Meridisesia
greedy algorithm: A node starts out with thet+ | polytope, and
iteratively drops the vertex (and corresponding dimensiomose
absence leads to the smallest reduction in hypervolumEkungr-
tices remain. The remaining vertices are designated thepniew
mary members for that ring, while the remainihgodes become
secondaries. This computation can be performed in linea tis-
ing standard computational geometry tools [10]. The ringniner-
ship management occurs in the background and its latenagtis n
critical to the correct operation of Meridian. Note that twordi-
nates computed for ring member selection are used only éztsel
a diverse set of ring members; they are not exported by Maridi
nodes and play no role in query routing.

Churn in the system can be handled gracefully by the ring mem-
bership management system due to the loose structure ofatid-M
ian overlay. If a node is discovered to be unreachable dutiag
replacement process, it is dropped from the ring and remasex
secondary candidate. If a peer node is discovered to beanrea
able during gossip or the actual query routing, it is remadveth
the ring, and replaced with a random secondary candidate.nod
The quality of the ring set may suffer temporarily, but wi bor-
rected by the next ring replacement. Discovering a peer faitle
ure during a routing query can reduce query performakaan be
increased to compensate for this expected rate of failure.

Gossip Based Node Discovenyfhe use of a gossip protocol to per-
form node discovery allows the Meridian overlay to be lopsein-
nected, highly robust and inexpensively kept up-to-dateeber-
ship changes. Our gossip protocol is based on an anti-gnpuegh
protocol [17] that implements a membership service. Therakn
goal of our gossip protocol is for each node to discover anihma
tain a small set of pointers to a suf ciently diverse set ofles in
the network.

Our gossip protocol works as follows:

1. Each nodé randomly picks a nodB from each of its rings
and sends a gossip packeBocontaining a randomly chosen
node from each of its rings.

. On receiving the packet, nod® determines through direct
probes its latency té and to each of the nodes contained in
the gossip packet froA.

. After sending a gossip packet to a node in each of its rings,
nodeA waits until the start of its next gossip period and then
begins again from step 1.

In step 2, nodd sends probes t& and to the nodes in the gos-
sip packet fromA regardless of whethd® has already discovered
these nodes. This re-pinging ensures that stale latenosniation
is updated, as latency between nodes on the Internet cagehan
dynamically. The newly discovered nodes are place® &rings
as secondary members.

For a node to initially join the system, it needs to know the IP
address of one of the nodes in the Meridian overlay. The newly
joining node contacts the Meridian node and acquires iiseeligt
of ring members. It then measures its latency to these nautds a
places them on its own rings; these nodes will likely be bihiméo
different rings on the newly joining node. From there, theynede
participates in the gossip protocol as usual.

The period between gossip cycles is initially set to a siellie
in order for new nodes to quickly propagate their arrivalte éx-
isting nodes. The new nodes gradually increase their gpssipd
to the same length as the existing nodes. The choice of goyossi
riod depends on the expected rate of latency change betveekeis n
and expected churn in the system.

Maintenance Overhead.The average bandwidth overhead to main-
tain the multi-resolution rings of a Meridian node is modeBhe
number of gossip packets a node receives is equal to the mahbe
neighborg'm log N ) multiplied by the probability of being chosen
as a gossip target by one of the neighbggg+-), wherem is the
number of rings in the ring-set. A node should therefore ekpe
to send and receiva gossip packets and to initiate? probes per
gossip period. A node is also the recipient of probes frorglmmirs

of its neighbors. Since it ha® log N neighbors, each of which
sendsm gossip packets, there ame? log N gossip packets with a

IoglN probability of containing a reference to it. Therefore, @@o

expects to receiven? probes from neighbors of its neighbors. As-
sumingm = 9, a probe packet size of 50 bytes, two packets per
probe, and a gossip packet size of 100 bytes, membershignaliss
ination consumes an average of 20.7 KB/period of bandwidth p
node. For a gossip period of 60 seconds, the average ovealsead
sociated with gossip is 345 B/s, and is independent of sysiee
There is also maintenance overhead for performing ring man-
agement. In every ring management period where the mempersh
of one ring is re-evaluate® logN requests are serglogN are
received4 log® N probes are sent, artlog? N are received. As-
suming two packets are necessary per request and per phabe, t
size of a probe request packet is 100 bytes and a probe padi@t i
bytes, and a 2000 node system with 16 nodes per ring, ring man-
agement consumes an average of 218 KB/period. For a ring man-
agement period of 5 minutes, the average overhead assbuiile
ring management is 727 B/s. This analysis conservativedyrass
that all primary and secondary rings of all nodes are fulliclwhs
unlikely in practice.

3. APPLICATIONS

The following three sections describe how Meridian can le&lus
to solve some frequently encountered location-relatetilpms in
distributed systems.




Figure 3: A multi-constraint query consisting of targets
A; B; C with respective latency constraints of a; b; c. The

Figure 2: A client sends a “closest node discovery to targek” shaded area represents the solution space.
request to a Meridian node A, which determines its latencyd
to T and probes its ring members betweerfl ) dand(1+
) d to determine their distances to the target. The requestis  lem in distributed systems is to locate a node that is “céptst-

forwarded to the closest node thus discovered, and the prose uated” with respect to a set of other nodes. Typically, suohde
continues until no closer node is detected. plays a specialized role in the network that requires fratjuem-
munication with the other members of the set; selecting &raky

Closest Node DiscoveryMeridian locates the closest node by per- located node minimizes both latency and network load. Amrexa

forming a multi-hop search where each hop exponentiallyces ple application is leader election, which itself is a builglblock for
the distance to the target. This is similar to searching fincst ~ higher level applications such as clustering and low |atenalti-
tured peer-to-peer networks such as Chord [55], Pastry §4d] cast trees.

Tapestry [61], where each hop brings the query exponeptiidser The central leader election application can be implemehted
to the destination, though in Meridian the routing is perfed us- extending the closest node discovery protocol. We repthae
ing physical latencies instead of numerical distances ifrtaat the single target closest node selection protocol Wity for cen-
identi er space. Another important distinction that Meed holds tral leader election. When a Meridian node receives a client
over the structured peer-to-peer networks is the targe¢ megtd ~ quest to nd the closest node to the target 3etit determines
not be part of the Meridian overlay. The only requirementiistt  the latency setds; :::; dit; g between itself and the targets through
the latencies between the nodes in the overlay and the taoget ifect measurements, and computes the average latkagy=
are measurable. This enables applications such as ndmglts- ( {Ii di)5Tj. Similarly, when a ring member is requested to de-

est node to a public web server, where the web server is not di- termine its latency to the targets, it computes the averagaty
rectly controlled by the distributed application and ondgponds and returns that to the requesting node. The remaining péneo
to HTTP queries. central leader election application follows exactly frame tlosest

When a Meridian node receives a request to nd the closest nod node discovery protocol.
to a target, it determines the laterttpetween itself and the target.
Once this latency is determined, the Meridian node simatiasly
queries all of its ring members whose distances are within ) d
to(1+ ) d. These nodes measure their distance to the target and
report the result back to the Meridian node. Nodes that tadeem
than(2 +1) dto provide an answer are ignored, as they cannot
be closer to the target than the Meridian node currentlygssiog
the query.

Meridian uses an acceptance thresholdvhich determines the
reduction in distance at each hop. The route acceptancehthick
is met if one or more of the queried peers is closer thaimes
the distance to the target, and the client request is fomeata the
closest node. If no peers meet the acceptance threshotdrahe
ing stops and the closest node currently known is chosenré&®)
illustrates the process.

Meridian is agnostic to the choice of a route acceptancesihre
old , where0 < 1. Asmall value reduces the total number
of hops, as fewer peers can satisfy the requirement, butdates
additional error as the route may be prematurely stoppedréef
converging to the closest node. A largeeduces error at the ex-
pense of increased hop count.

Multi-Constraint System. Another frequent operation in distribut-
ed systems is to nd a set of nodes satisfying constraintshen t
network geography. For instance, an ISP or a web hosting ser-
vice is typically bound by a service level agreement (SLAj&b-
isfy latency requirements to well-known peering locatiavisen
hosting services for clients. A geographically distritlt8P may
have thousands of nodes at its disposal, and nding the Sght
of nodes that satisfy the given constraints may be necegeary
ful lling an SLA. Latency constraints are also importantr forid
based distributed computation applications, where trentat be-
tween nodes working together on a problem is often the main ef
ciency bottleneck. A customer may want to specify Sgtp2 P
whereP is the set of grid nodesl;; < for some desired latency

Finding a node that satis es multiple constraints can beveid
as a node selection problem, where the constraints de niedted-
aries of a region in space (the solution space), as illwestrat Fig-
ure 3. A constraint is speci ed as a target and a latency bound
around that target. When a Meridian node receives a mufistcaint
query withu constraints speci ed altarget ; ranggi, for all 0 <
i u, it measures its latenay to the target nodes and calculates
Central Leader Election. Another frequently encountered prob- its distance to the solution space as



(7]
|

max(0;d;  range)?
i=1

If sis 0, then the current node satis es all the constraints, and
it returns itself as the solution to the client. Otherwigatdrates
through all its peers, and simultaneously queries all petrat are
withinmax(0; (1 ) (di range)) to(1+ ) (di+rangg) from
itself, forall0 < i u. These nodes include all the peers that lie
within the range of at least one of the constraints, and plyssther
peers that do not satisfy any of the constraints, but arertimless
close to the solution space. These peer nodes measureisiairod

u; letByi = By (2'). For simplicity let the smallest distance be 1
and denote the maximal distance by

For some xedk, every nodeu maintainslog() rings S.i
Bui nB(ui 1) of exactlyk nodes each; the elements of these rings
are calledMeridian neighborsof u. We treat each ring at a given
time as a random variable whose valueslarede subsets @y .
In particular, we can talk about the distribution of a givergr and
about several rings being probabilistically independeoinf each
other.

Ring quality. Intuitively, we want each ringy; to cover the corre-
sponding annuluB i nB(,;; 1) reasonably well; that is, we want
each node in this annulus to be within a relatively smallagise

to theu targets and report the results back to the source. Nodes thatfrom some Meridian neighbor of. We say that Meridian rings are

take longer thamaxo«;
an answer are ignored.
The distance; of each nod¢ to the solution space is calculated
using the metrics de ned above. Ifs; is 0, then nodg satis es
all the constraints and is returned as a solution to thetcliémo
zero valueds; is returned, the client determines whether there is
ans; < s, where is the route acceptance threshold. If the
route acceptance threshold is met, the client requestisfaed to
the peer closest to the solution space. A largenay increase the
success rate, at the expense of increased hops.

4. ANALYSIS

In this section we argue analytically that Meridian scaleslw
with the size of the system. Our contributions are thred-fBirst,
we put forward a rigorous de nition that captures the quabf
the ring sets, and prove that under certain reasonable psisms)
small ring cardinalities suf ce to ensure good quality. Sed,
we show that with these good-quality rings, the nearegier
queries return exact or near-exact neighbors in logarithmmber
of steps. Finally, we argue that if the ring sets of diffenentles are
stochastically independent then the system is load-bathrbat is,
if many random queries are inserted into the system, thelottte
is spread approximately evenly among Meridian nodes.

We model the matrix of Internet latencies as a metric, that is
a symmetric function obeying the triangle inequality. ®irmne
cannot hope to provide theoretical guarantees for arlgitreatrics,
we will need to make some reasonable assumptions to capiire t
properties of real-life latencies. However, we avoid agsiions on
thegeometryof the metric. Most notably, we do not assume that the
metric is Euclidean, since recent experimental resultgssigthat
approximating Internet latencies by Euclidean metrichaalgh a
useful heuristic in some cases, incurs signi cant relagivers [42,
15,40,57,52,44,12,43, 39].

We will consider two families of metrics that have been papul
in the recent theoretical literature as non-geometricomstiof low-
dimensionality:growth-constrainednetrics ancdioublingmetrics.
We focus on the case when the rate of churn and uctuations in
Internet latencies are suf ciently low to provide Meridiaith time
to adjust. So, for the purposes of this analysis, we assuatdtth
node set and the latency matrix do not change with time.

Proofs of the forth-coming theorems are deferred to a comple
mentary technical report [60]. We provide proof sketchdswe

u((2 +1) (di + range)) to provide

Preliminaries. Nodes running Meridian are call&deridian nodes

When such a node receives a query to nd the nearest neighlibor o

some node, thisqis called thearget LetV be the set of all pos-
sible targets. LeBv  V be the set of Meridian nodes, of sikle

Let d be the distance function ovi induced by the node-to-node
latenciesd,y is theuv-distance, that is, the latency between nodes
u andv. LetB, (r) denote the closed ball B of radiusr around
nodeu, that is, the set of all Meridian nodes within distamdeom

-nice, if for any two nodesu;v 2 Sw , nodeu has a Meridian
neighborw 2 Sy such thatyy dw anddy (1+ ) 2. If
the Meridian rings are-nice then our algorithm nds good approx-
imate nearest neighbors; the precision improves gsts smaller.
Under some additional assumptions, even % suf ces to guar-
antee ndingexactnearest neighbors.

We will show that even with small ring cardinalities it is pdsle
to make the rings-nice, and con rm this with empirical evidence
in Section 5. We give constructive arguments where we shaiv th
the rings with small cardinalities arenice provided that the ring
sets, seen as stochastic distributions over subsets ofnbdee
certain reasonable properties.

4.1 Growth-constrained metrics

For n-dimensional grid and O(n), the cardinality of any
ball is at most2 times smaller than the cardinality of a ball with
the same center and twice the radius. This motivates thefinih
de nition: the grid dimensiorof a metric is the smallest such that
the above property holds. If the grid dimension is constant(
intuitively, small), we say that the metric growth-constrained
Growth-constrained metrics can be seen as generalizest gl
have been considered in the context of compact data stesdt8®],
and have been used as a reasonable abstraction of Inteemetids
(see [25] for a short survey).

We start with a model where the metric on the Meridian nodes
is growth-constrained, but we make no such assumption dbeut
non-Meridian nodes. This is important because even in an un-
friendly metric we might be able to choose a relatively wathaved
subset of Meridian nodes.

Our rstresult is that even with small ring cardinalitiesstpos-
sible to make the ringsnice. We say at some point of time the ring
Sui is well-formedif it is distributed as a randork-node subset of
Bu nB:i 1. Intuitively, this is desirable since, in a growth-
constrained metric, the density is approximately uniform.

Theorem 4.1 Let the metric orSy have grid dimension . Fix

2 (0;1) and < 1, let the cardinality of a Meridian ring be
k = O(%) log(N=). If the Meridian rings are well-formed then
with probability at leastl they are -nice.

Proof Sketch: Fix two Meridian nodesu, v and letr = d .

Pick the smallestsuch thaty + r 2. Then
Bu Bv@ +dw) Bv@" )= By(r);
where =4+ 3 =. By de nition of the grid dimensionB ; j

iBv(r)j. By Chernoff Bound§ some node frons,, | i
lands inB (r) with failure probability< =N 2. 2

2Chernoff Bounds establish that the sum of many bounded &vbEmt
random variables is close to its expectation with very higibpbility.



Recall that our nearest-neighbor search algorithm forsiamglie-
ry to the nodew 2 S that is closest to the targéet subject to the
constraint thatly: =dat o; if suchw does not exist, the algo-
rithm stops. Here o > 1is a parameter; we denote this algorithm
by A( o).

Consider a nodg and letu be its nearest neighbor. Say node
v is a -approximatenearest neighbor af if dyq=dyq . An
algorithmA( o) is -approximateif, for any query, it nds a -
approximate nearest neighbor and does so in at Hogi{ ) steps.

The following theorem describes the quality of algorithrf ),
for different values of the threshold,, under the assumption that
the rings are -nice. In part (a) the algorithm looks at only three
rings at every intermediate node; in parts (bc) it might nieddok
atO(log 1) rings. The tradeoff between, and the approximation
ratio matches our simulation in Section 6 (Figure 7).

Theorem 4.2 Suppose the Meridian rings arenice.
(a) algorithmA (2) is 3-approximate if %;
(b) A(L+ 2)is(1+3 )-approximate if
(c) A+ )is(1+3 + )-approximate if

1.

Y1 2
47 5°

Proof Sketch: Let g be the target node and be the nearest neigh-

bor of g. For a nodeu, letr (u) = dug=0wg be the approximation

ratio. If the query is forwarded from nodeto nodev, we say that

theprogressatu is dug =0 .

For part (a) we show that the progress is at |@zst every node
u such thatr (u) 3, so in at mostog  steps we reach some
nodev such that (v) < 3.

For parts (bc) we de ne a functioh(x) which is continuously
increasing fronf (1) < 1+3 toin nity, and show that algorithm
A( o) achieves progress o at any nodeu such that (u) =
f (x). The query is thus forwarded fromto some node within
distancedyq =x from g; it follows thatr (v)  f (x)=x.

The query proceeds in two stages. In the rst stage the pssgre
ateach node is  2;inatmostlog steps we reach some node
u such thatr (u) < f (2). For the second stage, the progress can
be less than 2. The crucial observation is thit + y)=(1 + y)

f (1 + y=2) foranyy 1. Therefore if for the current nodd ) is
f (1 + y), then for the next node it is at mds(l + y=2).

If o=1+ then we can iterate thisg X times and reach a
node such that() f(1+ =2). For part (c) we just note that
f(l+ =2)< 1+3 + . For part (b) we take = 2 and note
thatf (1+ 2=2) 1+3 . 2

In Thm. 4.1 the value ok depends on. We can avoid this and
nd exact nearest-neighbors by restricting the model. Spaity,
we assume that the metric & [f qg is growth-constrained for
any targetq in some selQ V. However, we do not need to
assume that the metric @fl of Q is growth-constrained; in partic-
ular, very dense clusters of targets are allowed.

We modifyA( o) slightly: if w is the Meridian neighbor of the
current nodeu that is closest to the targét anddy =dwt < o,
then instead of stopping atthe algorithm stops at. Denote this
modi ed algorithm byA%( o); say it isQ-exactif it nds an exact
nearest neighbor for all queries to targets in theBetind does so
in at mostiog() steps.

Theorem 4.3 Fix some seQ  V such that for anyg 2 Q the
metric onSy [ f gg has grid dimension . Fix 2 (0;1) and
letk = 2°0 ) log(NjQj= ) be the cardinality of a Meridian ring.
If the rings are well-formed then with probability at leakt
algorithmA%2) is Q-exact.

Proof Sketch: Using the technique from Thm. 4.2a, we prove that
the distance to target decreases by a factor of at least 2an ea
step except maybe the last one. We have to be careful absut thi
last step, since in general the target is not a Meridian nodk a
therefore not a member of any ring. In particular, this is wigy
need bounded grid dimension 8y [f qg, notonlyonSy . 2

Ideally, the algorithm for nearest neighbor selection widosl-
ance the load among participating nodes. Intuitivel\f(A) is
the maximal number of packets exchanged by a given algothm
on a single query, then fan random queries we do not want any
node to send or receive much more tHahl q,(A) packets.

We make it precise as follows. Fix some §t V and sup-
pose each Meridian node receives a query for a random target
tu 2 Q. Say algorithmA is ( ; Q )-balancedif, in this scenario
under this algorithm, any given node sends and receives st mo

N q(A) packets. To reason about load balance, we need a slightly
more restrictive model in which the metric on all Qfis growth-
constrained and the rings are stochastically independemt éach
other. The latter property matches well with our simulatiesults
(Figure 10).

Theorem 4.4 Fix some seQQ V such that the metric oiQ
has grid dimension . Let Sy be a randomN -node subset of
Q. Fix 2 (0;1) and let the cardinality of a Meridian ring be
k =2°0)1og(jQj= )log(N)log() .

If the rings are well-formed and stochastically indepertdben
with probability at leastl algorithm A°(2) is Q-exact and
(;Q)-balanced, for =2°¢ ) log(N =).

Proof Sketch: We prove thatA %(2) is Q-exact using the technique
from Thm. 4.3. Some extra computation is needed due to the fac
that we do not have a good bound on the grid dimensio8yof
instead, we are given th&, is a random subset @).

The load-balancing property is much harder to prove, egdignt
because we need to bound, over all nodes, not only the expecte
load (which is relatively easy), but also the actual load.cdfesider
the probability space where the randomness comes from €hoos
ing Meridian nodes, Meridian neighbors, and the query targe
u 2 Sy . Inthis space, we consider thenearest-neighbor queries
propagating through the Meridian network. Ideally, we veblike
to express the contribution of a given quény the load on a given
nodeu as a random variabley; , anqguse Chernoff Bounds to show
that with high probability the sum ; L, does not deviate too
much from its expectation. However, Chernoff Bounds onlglgp
to independentandom variables, which tHe; 's are not. To rem-
edy this, we need to be a lot more careful in splitting the load
into a sum of random variables; see the full version [60] fetiads.

2

Extensions.We can further show that if a metric is comparatively
‘well-behaved' in the vicinity of a given node, then sometsfings

can be made smaller. Second, our guarantees are wWorsboase;
erageit suf ces to query only a fraction of Meridian neighbors of a
given ring, e.g(%)°¢ ) neighbors in Thm. 4.1. Third, our results
for growth-constrained metrics hold under a less restgatie ni-

tion of grid dimension that only applies to balls of cardityaht
leastlog N . Finally, Thm. 4.4 holds under a more demanding def-
inition of ( ; Q )-balanced algorithm. We discuss these extensions
in the full version [60].

4.2 Doubling metrics
Any point set in am-dimensional Euclidean metric has the fol-
lowing property: for = O(n), every ball of radiug can be



covered by2 balls of radiug=2. For an arbitrary metric, we de-
ne the doubling dimension21] as the smallest such that the
above property holds. If the doubling dimension is consfant,
intuitively, small), we say that the metric@®ubling Such metrics
have recently become an active research topic [21, 56, §7, 32

By de nition, doubling metrics generalize low-dimensidrzu-
clidean metrics. This generalization is non-trivial: lﬁdIZhere
exist doubling metrics oN nodes that need distortiof = logN)
to embed into any Euclidean space. It is known [21] that the do
bling dimension is at most four times the grid dimension, eo-d
bling metrics also generalize growth-constrained metri€ou-
bling metrics are more powerful because they can combing ver
sparse and very dense regions, e.g. foredkponential ling the
subseff2' : 0 i N g, the doubling dimension is 1, but the
grid dimension idog N .

For doubling metrics, the notion of well-formed rings is nagder
adequate, since we might need to boost the probability ettal
a node from a sparser region. In fact, this is precisely tha gb
our ring-membership management in Section 2. Fortunatedyh-
ematical literature provides a natural way to formalizes timitu-
ition.

Say a measure is-doubling[23] if for any ball B, the measure
of B is at mosts times larger than that of a ball with the same
center and half the radius. Intuitively, a doubling measaran
assignment of weights to nodes that makes a metric look growt
constrained. It is known [23] that for any metric of doublidy
mension there exists &°( ) -doubling measure.

Say that at some point of time the rig; is -well-formedif it
is distributed as a randokrnode subset 08 = Bui NB(i 1),
where nodes are drawn with probabilitf )= (S). Using these
notions, one can obtain the guarantee in Thm. 4.1, wherteadf
the grid dimension, we plug in a potentially much smallerldimg
dimension ofSy .

Theorem 4.5 Suppose the metric dBy has doubling dimension
,and let be a2 -doubling measure 08y . Fix 2 (0;1) and
1;letk = O(%) log(N= ) be the cardinality of a Meridian
ring. If the Meridian rings are -well-formed, then with probability
at leastl they are -nice. In particular, Thm. 4.2 applies.

5. EVALUATION

We evaluated Meridian through both a large scale simulgi#n
rameterized with real Internet latencies and a physicalogement
on PlanetLab.

Simulation. We performed a large scale measurement study of
internode latencies between 2500 nodes to parameterizgrour
lations. We collected pair-wise round-trip time measunetade-
tween 2500 DNS servers at unique IP addresses, spanninm-25
lion node pairs. The study was performed on 10 different&lzah
nodes, with the median value of the runs taken for the rotipd-t
time of each pair of nodes. Data collection was performed ay M
5-13, 2004; query interarrival times were dilated, and theryg or-
der randomized, to avoid queuing delays at the DNS servdrs. T
latency measurements between DNS servers on the Intermet we
performed using the King measurement technique [20].

In the following experiments, each test consists of 4 rurth wi
2000 Meridian nodes, 500 target nodkss 16 nodes per ring, 9
rings per nodes = 2, probe packet size of 50 bytes,= % and

Error (ms)
=
S
T

. . .

Vivaldi+CAN  Vivaldi(h) Vivaldi(h)+CAN Meridian

L
GNP+CAN

GNP

Vivaldi

Figure 4: Light bars show the median error for discovering
the closest node. Darker bars show the inherent embedding
error with coordinate systems. Meridian's median closest nde
discovery error is an order of magnitude lower than schemes
based on embeddings.
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Figure 5: Meridian's relative error for closest node discowry is
signi cantly better than virtual coordinates.

node in the system and discovers other nodes through th@goss
protocol.

We compare Meridian to virtual coordinates computed thhoug
network embeddings. We computed the coordinates for oud 250
node data set using GNP, Vivaldi and Vivaldi with height [IGNP
is a global virtual coordinate system based on static lankinaVe
con gured it for 15 landmarks and 8 dimensions, and used\the
clustered-medians protocol for landmark selection. \die a vir-
tual coordinate scheme based on spring simulations and evas c
gured to use 6 dimensions with 32 neighbors. Vivaldi withdte
is a recent scheme that performs a non-Euclidean embeddiicty w
assigns a two dimensional location plus a height value tb rade.

We randomly select 500 targets from our data set of 2500 nodes

We rst examine the inherent embedding error in absolute-coo
dinate systems and determine the error involved in ndirgdlos-
est neighbor. The dark bars in Figure 4 show the median embed-
ding error of each of the coordinate schemes, where the edirizpd
error is the absolute value of the difference between thesored
distance and predicted distance over all node pairs. Whéset
systems incur signi cant errors during the embedding, thmeght
still pick the correct closest node. To evaluate the erronding
the closest node, we assume the presence of a geographic quer
routing layer, such as a CAN deployment, with perfect infation
at each node. This assumption biases the experiment towiards

= 1ms, for 25000 queries in each run. The results are presentedtual coordinate systems and isolates the error inherengtinark

either as the mean result of the 100000 total queries, oleaséan
of the median value of the 4 runs. All references to latendyis
section are in terms of round-trip time. Each simulationlvegins
from a cold start, where each joining node knows only onetiexjs

embeddings. The resulting median errors for all three exlibgd
schemes, as shown by the light bars in Figure 4, are an order of
magnitude higher than Meridian. Figure 5 compares theivelat
error CDFs of different closest node discovery schemes.idider
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Figure 6: A modest number of nodes per ring achieves low er-
ror. Average latency is determined by the slowest node in elac
ring and the hop count, and remains constant within measure-
ment error bounds.
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Figure 7: Anincrease in signi cantly improves accuracy for
0:5. The average query latency increases with increasing
, as a bigger increases the average number of hops taken in

a query.

has a lower relative error than the embedding schemes bye lar
margin over the entire distribution.

We also examine the improvement in closest node discovery ac
curacy using Vivaldi coordinates with the addition of latgmata
from active probes. We modify Vivaldi+CAN to return the tbp
candidates based on their coordinates and actively prebeitbet
to determine the closest candidate. Figure 5 shows thetsefsul
M =2 andM = 3. Active probing greatly improves the accuracy
of closest node discovery, but is still signi cantly lessarate than
Meridian. Note that selecting thd closest targets fdv > 1in
a scalable€ O (N)) manner requires additional, complex exten-
sions to CAN that are equivalent to a multi-dimensional exjiag
ring search.

The accuracy of Meridian's closest node discovery protaies!
pends on several parameters, such as the number of nodésger r
k, acceptance interval, the constant , and the gossip rate. The
most critical parameter is the number of nodes per kings it de-
termines the coverage of the search space at each nodee Bigur
shows that median error drops sharplykasicreases. Hence, a
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Figure 8: Median error and average query latency as a functia
of system size, fok = blog,.¢ N c; both remain constant as the
network grows, as predicted by the analytical results.
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Figure 9: The average load of a closest node discovery query
increases sub-linearly with system sizek(= blog,.¢ N ).

processing overheads because they are negligible in csupar
Meridian bounds the maximum latency probezdy+ 1 times the
latency from the current intermediate node to the destinatas
any probe that requires more time cannot be a closer nodesand i
result is discarded. The average query latency curve inr€igu
shows that queries are resolved quickly regardleds. ofiverage
query latency is determined by the hop count and the slovestst n
in each ring, subject to the maximum latency bound; botheiase
only marginally ak increases from four to sixteen.

The parameter captures the tradeoff between query latency and
accuracy as shown in Figure 7. Increasinimcreases the query la-
tency, as it reduces the improvements necessary beforgtakiop
and therefore increases the number hops taken in a query- How
ever, increasing also provides a signi cant increase in accuracy
for 0:5; this matches our analysis (see Thm. 4.2). Accuracy is
not sensitive to for > 0:5.

We examine the scalability of the closest node discoveriiegp
tion by evaluating the error, latency and aggregate loadfatent
system sizes. Figure 8 plots the median error and averagg que
latency. We sek = blog,.q N ¢ such that the number of nodes per
ring varies with the system size; settikdo a constant would favor
small system sizes, and this particular log base yiklds16 for

node only needs to keep track of a small number of other nodes 2000 nodes. As predicted by the theoretical analysis iniGedt

to achieve high accuracy. The results indicate that as fegigin
nodes per ring can return very accurate results with a sysieen
of 2000 nodes.

High accuracy must also be coupled with low query latency for
interactive applications that have a short lifetime pergaad can-
not tolerate a long initial setup time. The closest nodealisty

the median error remains constant as the network growsingary
only within the error margin. The error improves for realipal
networks where it is feasible to test all possible nodes foximity.
Similarly, the query latency remains constant for all tdstgstem
sizes.

Scalability also depends on the aggregate load the systragl

latency is dominated by the sum of the maximum latency probe on the network, as this can limit the number of concurrenseto

at each hop plus the node to node forwarding latency; we &nor

node discoveries that can be performed at a particularmysize.



09 | |
08} |
ol |

06 ,

e
04 ]

Cumulative fraction of nodes
o
@
T
I

03} |
02 F i

01 20ms ball

SOTS ball -------

0 2 L L L L
0 05 1 15 2 25 3

In-degree ratio
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Figure 11: Central leader election accuracy.

Figure 9 plots the total bandwidth required throughout thére
network to resolve a query, that is, the total number of bfras
every packet associated with the query, and shows thatitggsab-
linearly with system size, with 2000 nodes requiring a tofdl0.4
KB per query.

A desirable property for load-balancing, and one of the mgsu
tions in our theoretical analysis (see Thm. 4.4) is stodhastle-
pendence of the ring sets. We verify this property indisetty
measuring thén-degree ratioof the nodes in the system. The in-
degree ratio is de ned as the number of incoming links to aerfad
over the average number of incoming links to nodes withinla ba
of radiusr aroundA. If the ring sets are independent, then the
in-degree ratio should be close to one; a ratio of one indgcttat
links to the region bounded by radiusaroundA are distributed
uniformly across the nodes in the area. Figure 10 shows thatiM
ian distributes load evenly. More than 90% of the balls have a
in-degree ratio less than two for balls of radius 20ms ands50m

Another useful property, as well as an assumption in our-theo
retical analysis (see Thm. 4.2), is that ring members aré dil
tributed. To determine the effectiveness of Meridian'grinem-
bership management protocol, we examinel#étency ratioof the
nodes. The latency ratio for a nodeand a target nodB is de-
ned as the latency of nod€ to B over the latency ofA to B,
whereC is the neighbor oA that is closest t®8 . We nd that, for
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Figure 12: The percentage of successful multi-constraint
queries is above 90% when the number of nodes that can satisfy
the constraints is 0.5% or more.
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Figure 13: An increase in the number of nodes per ringk
signi cantly reduces the failure percentage of multi-congraint
queries fork 8.

management protocol selects a useful and diverse set ofrrémg-
bers. Compared to a random replacement protocol, we nd that
the standard deviation of relative error is 38ms when usimeh
volumes for selection and 151ms when using random replateme
hypervolume-based selection is more consistent and robust

We evaluate how Meridian performs in central leader eledbip
measuring its relative error as a function of group size.ufggll
shows that, as group size gets larger, the relative errdreotén-
tral leader election application drops. Intuitively, tlidecause the
larger group sizes increase the number of nodes eligiblert@ s
a well-situated leader, and simplify the task of routing qoery to
a suitable node. Central leader election based on virtuabarates
incurs signi cantly higher relative error than Meridianrfa group
size of two. The accuracy gap between coordinate schemes and
Meridian closes as the group size increases, as large geips
plify the problem and even random selection becomes cotivgeti
with more accurate selection.

We evaluate our multi-constraint protocol by the perceata
queries that it can satisfy, parameterized by the dif culfythe
set of constraints. For each multi-constraint query wecsdtair
random target nodes and assign a constraint to each tardet no
chosen uniformly at random between 40 and 80 ms. The difycult
of a set of constraints is determined by the number of nodégein
system that can satisfy them. The fewer the nodes that cesfiysat
the set of constraints, the more dif cult is the query.

Figure 12 shows a histogram of the success rate broken down
by the percentage of nodes in the system that can satisfetlod s

= % further progress can be made via an extra hop to a closer constraints. For queries that can be satis ed by 0.5% of tues

node more than 80% of the time. For= 0:9, an extra hop can be
taken over 97% of the time. This indicates that the ring mestip

in the system or more, the success rate is over 90% for Meridia
and less than 11% when using coordinate schemes.
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Figure 14: The percentage of multi-constraint queries thatan-
not be resolved with Meridian and average query latency. Bdt
are independent of system size.

Figure 15: The relative error of closest node discovery for a
Meridian deployment on PlanetLab versus simulation. Meridc
ian achieves results comparable to or better than our simula
tions in a real-world deployment.

As in closest node discoverl, the number of nodes per ring, We deployed the Meridian implementation over 166 PlanetLab
has the largest in uence on the performance of the multise@amt nodes. We benchmark the system with 1600 target web servers
protocol. Figure 13 shows that the failure rate decreaseses  grawn randomly from the Yahoo web directory, and examine the
number of nodes per ring increases. It also shows a decrease i latency to the target from the node selected by Meridianugetise
average query latency as the number of nodes per ring ireseas optimal obtained by querying every node. Meridian was comegl

Anincrease in decreases the failure percentage and increases theyjthk =8,s=2, = %, and

average latency of a multi-constraint query, though théoperance
of the multi-constraint protocol is mostly independent of

The scalability properties of the multi-constraint systam very
similar to the scalability of closest node discovery. Fegli4 shows
that the failure rate and the average query latency are erdimt
of system size. The average load per multi-constraint gy
shown) grows sub-linearly and is approximately four tinfesav-
erage load of closest node discovery query. The non-incigas
failure rate and the sub-linear growth of the query load nthiee
multi-constraint protocol highly scalable.

Physical Deployment. We have implemented and deployed the
Meridian framework and all three applications on PlanetLBhe
implementation is small, compact and straightforward;oitsists

of approximately 6500 lines of C++ code. Most of the compiexi
stems from support for rewalled hosts.

Hosts behind rewalls and NATs are very common on the Inter-
net, and a system must support them if it expects large-stele
ployment over uncontrolled, heterogeneous hosts. Meridig-
ports such hosts by pairing each rewalled host with a fultges-
sible peer, and connecting the pair via a persistent T CPeaztiam.
Messages bound for the rewalled host are routed througfuitg
accessible peer. A ping, which would ordinarily be sent asect
UDP packet or a TCP connect request, is sent to the proxy mede i
stead, which forwards it to the destination, which thenqent the
ping to the originating node and reports the result. A nodesgh
proxy fails is considered to have failed, and must join thisvoek
from scratch to acquire a new proxy. Since a rewalled hosinca
directly or indirectly ping another rewalled host, rewlald hosts
are excluded from ring membership on other rewalled hosts,
included on fully-accessible nodes.

A large overlay network that performs active probes canrpote
tially be used as a platform for launching denial-of-seswattacks.
This problem can be avoided either by controlling the setiefits
that may inject queries via authentication, or by placimgité on
the probing frequency of the overlay nodes. Our implemémat
chooses the latter and caches the result of latency probks T
considerably reduces the load the overlay nodes can plaagan

get, as each overlay node can only be coerced to send at nest on

probe per target within a cache timeout.

= 1ms. Overall, median error in
Meridian is 1.8ms, and the relative error CDF in Figure 15n&ho
that it performs better than simulation results from a santyl con-
gured system.

6. RELATED WORK

Meridian is a general network location service that we hae a
plied to three separate location-related problems. Weratppast
work on these problems into approaches that rely on network e
beddings and those that do not, and survey both in turn.

Network Embedding: Recent work on network coordinates can be
categorized roughly into landmark-based systems and ationt
based systems. Both types can embed nodes into a Euclidean co
dinate space. Such an embedding allows the distance beamgen
two nodes to be determined without direct measurement.

GNP [42] determines the coordinates of a node by measusng it
latency to a xed set of landmarks and then solving a multielim
sional, iterative, nonlinear minimization problem. 1C]4nd
Virtual Landmarks [57] both aim to reduce the computatiarat
of the GNP embedding algorithm by replacing it with a computa
tionally cheaper, linear approximation based on princgmhpo-
nent analysis, though the speedup may incur a loss in agcurac
avoid the load imbalance and lack of failure resilience Emedy
a set of xed landmarks, PIC [12] and PCoord [39] use landreark
only for bootstrapping and calculate their coordinatestam the
coordinates of peers. This can lead to compounding of enibgdd
errors over time in a system with churn. NPS [43] is similar to
PIC and PCoord but further imposes a hierarchy on nodes id avo
cyclic dependencies in computing coordinates and to ersure
vergence. Lighthouse [44] avoids xed landmarks entireld ases
multiple local coordinate systems that are joined togetherugh
a transition matrix to form a global coordinate system.

Simulation-based systems map nodes and latencies intosa phy
ical system whose minimum energy state determines the rmde ¢
ordinates. Vivaldi [15] is based on a simulation of sprireysj can
be augmented with an additional height vector to increase-ac
racy. Big-Bang Simulation [52] performs a simulation of atjzde
explosion under a force eld to determine node positions.

IDMaps [19] is a system that can compute the approximate dis-
tance between two IP addresses without direct measurerased b



on strategically placed tracer nodes. IDMaps incurs inttezerors
based on the client's distance to its closest tracer semérre-
quires deploying system wide infrastructure. Other wot®] [ias
also examined how to delegate probing to specialized nodd®i
network.

Recent theoretical work [32,54] has sought to explain thpiem
ical success of network embeddings and IDMaps-style aphesa

Server Selection: Our closest node discovery protocol draws its
inspiration from the Chord DHT [55], which performs routiimga
virtual identi er space by halving the virtual distance teettarget
at each step. Proximity based neighbor selection [9, 8] jates!
DHT routing tables with nearby nodes, which decreases lpddu
tency, but does not directly address location-relatedigserThe
time and space complexity of two techniques are discussg¥]n
and [30], but these techniques focus exclusively on ndhmynear-
est neighbor, apply only to Internet latencies modeled loyvgr-
constrained metrics, and have not been evaluated with e saxae
Internet data.

In beaconing [33], landmark nodes keep track of their latenc
to all other nodes in the system. A node nds the closest ngde b
querying all landmarks for nodes that are roughly the saistatce
away from the landmarks. This approach requires each larichma
retainO(N) state, and can only resolve nearest neighbor queries.
Binning [47] operates similarly, using approximate bin rars in-
stead of direct latency measurements. Mithos [58] provédgsdi-
ent descent based search protocol to nd proximate neighibdts
overlay construction. It is similar to Meridian as it is iive and
performs active probing but it requir€yN ) hops to terminate. It
is also more prone to terminate prematurely at a local minimu
than Meridian as it does not promote diversity in its neighdet.
Various active-probing based nearest neighbor selectiharses
are proposed in [51]. These schemes req@ifhl ) state per node,
which limits their scalability, and are non-trivial to adap other
positioning problems. Tiers [3] reduces the state requérgny
forming a proximity-aware tree and performing a top-dowarsk
to discover the closest node. Hierarchical systems suffearently
from load imbalance as nodes close to the root of the hieyarch
service more queries, which limits scalability when the kioad
increases with system size.

Early work on locating nearby copies of replicated serv[e2$
examined combining traceroutes and hop counts to perfooughr
triangulation, and to determine the closest replica at arakred
O(N) server using Hotz's distance metric [28]. Dynamic server
selection was found in [6] to be more effective than statiwese
selection due to the variability of route latency over tinmel dhe
large divergence between hop count and latency. Simukafitin
using a simple dynamic server selection policy, where gllica
servers are probed and the server with the lowest averageiais
selected, show the positive system wide effects of latdrased
server selection. Our closest node discovery applicatam e
used to perform such a selection in large-scale networks.

7. CONCLUSIONS

Selecting nodes based on their network location is a chiigiéd-
ing block for many large scale distributed applications.tvidek
coordinate systems, coupled with a scalable node selestibn
strate, may provide one possible approach to solving such-pr
lems. However, the generality of absolute coordinate systpmes
at the expense of accuracy and complexity.

In this paper, we outlined a lightweight, accurate and $dala
framework for solving positioning problems without the ugex-
plicit network coordinates. Our approach is based on a lgose
structured overlay network and uses direct measuremesttsith of

virtual coordinates to perform location-aware query nogitwith-
out incurring either the complexity, overhead or inaccyratan
embedding into an absolute coordinate system or the coiityptex
a geographic peer-to-peer routing substrate.

We have argued analytically that Meridian provides robst p
formance, delivers high scalability, and balances loadlgacross
nodes. We have evaluated our system through a PlanetLatydepl
ment as well as extensive simulations, parameterized tay/fdan
measurements of 2500 nodes a@5 million node pairs. The
evaluation indicates that Meridian is effective; it incless error
than systems based on an absolute embedding, is decesdraliz
requires relatively modest state and processing, anddscaides
quickly. We have shown how the framework can be used to solve
three network positioning problems frequently-encoweden dis-
tributed systems; it remains to be seen whether the liglgtweip-
proach advocated in this paper can be applied to other signt
problems.
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