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We describe the design and implementation of SWORD, a scalabl e resource discovery service for
wide-area distributed systems. In contrast to previous systems , SWORD allows users to describe
desired resources as a topology of interconnected groups with requ ired intra-group, inter-group,
and per-node characteristics, along with the utility that the a  pplication derives from speci ed
ranges of metric values. This design gives users the exibility to nd geographically distributed
resources for applications that are sensitive to both node and n etwork characteristics, and allows
the system to rank acceptable con gurations based on their qua lity for that application.

Rather than evaluating a single implementation of SWORD, we  explore a variety of architec-
tural designs that deliver the required functionality in a scal able and highly-available manner.
We discuss the tradeo s of using a centralized architecture as co mpared to a fully decentralized
design to perform wide-area resource discovery. To summarize our res ults, we found that a cen-
tralized architecture based on 4-node server cluster sites at ne twork peering facilities outperforms
a decentralized DHT-based resource discovery infrastructure with  respect to query latency for all
but the smallest number of sites. However, although a centrali zed architecture shows signi cant
promise in stable environments, we nd that our decentralizedi mplementation has acceptable per-
formance and also bene ts from the DHT's self-healing propertie s in more volatile environments.
We evaluate the advantages and disadvantages of centralized and distributed resource discovery
architectures on 1000 hosts in emulation and on approximately 2 00 PlanetLab nodes spread across
the Internet.

Categories and Subject Descriptors: C.2.4 [ Computer-Communication Networks ]: Distributed
Systems

General Terms: Design, Experimentation, Performance, Reliabil ity
Additional Key Words and Phrases: Resource Discovery, PlanetLa b

1. INTRODUCTION

Large-scale distributed services such as content distribiion networks, peer-to-peer
storage, distributed games, and scienti ¢ applications hae recently received sub-
stantial interest from both researchers and industry. At the same time, shared
distributed platforms such as PlanetLab [Bavier et al. 2004]and the Grid [Foster
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2 Jeannie Albrecht et al.

et al. 2001] have become popular environments for evaluaton and deploying such
services. These platforms are typically comprised of largaumbers of heterogeneous
machines connected to the Internet behind links of varying ndwidth and latency.
One di culty in the practical use of these large-scale infrastructures centers around
locating an appropriate subset of system resources to host service, computation,
or experiment. The process of locating a set of machines to rua distributed appli-
cation is often called resource discovery This paper explores the design decisions
that must be made when building a highly available and user-fiendly service that
performs resource discovery for users who wish to run applidions in wide-area,
heterogeneous environments, speci cally focusing on Plarteab.

The principal challenges to performing resource discovenyn federated Internet
systems include the heterogeneity of the underlying resowes, dynamically chang-
ing per-node characteristics such as CPU load and free memagrand application
sensitivity to inter-node characteristics such as bandwidh and latency. Each dis-
tributed application also has a di erent set of resource reqiirements, which means
that the best set of resources will vary for each application For example, compute-
intensive applications, such as parallel scienti ¢ appli@ations, might be particularly
concerned about available CPU, physical memory, and disk cagcity on machines
(or nodes) hosting the application. Network-intensive apgications, such as content
distribution networks and security monitoring applicatio ns, might be particularly
concerned about placing service instances at particular re/ork locations|near po-
tential users or at well-distributed locations in a topology|and on machines with
low-latency, high-bandwidth links among themselves. Othe applications, such as
multiplayer games, might be concerned about per-node CPU resirces and inter-
node latency and bandwidth. Additional characteristics may be of interest to all
applications: deploying on nodes with high historical avalability may reduce per-
formance degradations due to failures, while deploying on edes with low resource
variability over time may improve service predictability. Thus, a resource discov-
ery infrastructure designed to support a variety of distributed applications must
accurately track per-node and inter-node characteristicsand provide support for a
range of semantics with respect to specifying resource regqrements.

In addition to supporting a variety of application resource requirements, there
are a number of other factors to consider when designing a resrce discovery ser-
vice for use in distributed environments. To help guide our design decisions and
before discussing the architecture of a speci c resource scovery service, we extract
the following key system requirements and goals. First, to le useful for nding re-
sources in large-scale infrastructure-based platforms [@vier et al. 2004; Foster et al.
2001] and end-user-based platforms [Red Herring Magazined@4], the system must
scaleto thousands of nodes and sites. Second, it must beighly available as it is
the entry point into the system for service deployers wishirg to nd nodes to host
their application. Third, since certain node characteristics vary rapidly, the sys-
tem must support high rates of measurement updatefrom participating machines.
Fourth, the system must track both static characteristics such as operating system,
processor speed, and network coordinates [Dabek et al. 200Mg and Zhang 2002;
2004], as well as moredynamic characteristics such as available CPU, memory,
and disk resources. Fifth, the system must support queries\e@r not just per-node
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Wide-Area Resource Discovery 3

characteristics such as load and network location, but alscover inter-node char-
acteristics such as latency and bandwidth. Lastly, due to the fact that di erent
applications have widely varying needs and place varying porities on those needs,
the system must o er an expressive query language that allow specifying ranges of
required resource quantities, as well as information aboutiow much utility is lost
from the selection of imperfect but acceptable nodes. Thushe resource discovery
service we envision combines aspects of distributed measment, distributed query
processing, and user utility speci cation and optimization.

A number of recent e orts have explored large-scale resoure discovery [Balazin-
ska et al. 2002; Huang and Steenkiste 2003; Czajkowski et a001; Spence and
Harris 2003; Wawrzoniak et al. 2003; van Renesse et al. 2003However, to our
knowledge no existing system meets all of the above requireemts. In particu-
lar, we believe that resource discovery systems must suppbspecifying required
inter-node characteristics and the relative utility of bot h per-node and inter-node
characteristics. Further, the system must consider the oveall utility of a group
of resources when making decisions and assessing the tradeamong competing
potential con gurations. One contribution of this work is t o present the query se-
mantics of SWORD, a resource discovery infrastructure thatallows users to easily
describe desired resources astapology of interconnected groupsvith required intra-
group and inter-group characteristics andpenalty functions to indicate the utility
of those characteristics to the application. While we canno prove generality and
indeed there are certain semantics that we cannot capture, & provide examples of
a set of disparate applications that we map to SWORD's semarits.

A resource discovery system meeting our requirements has ¢hpotential to gen-
erate signi cant load, both in terms of monitoring the targe t infrastructure, and in
terms of running the NP-hard group nding algorithm required to answer queries
for resources described as interconnected groups. Gathag, storing, and query-
ing the monitoring data requires su cient storage, network , and CPU resources to
support the measurement update and query rate of the systemThe group- nding
algorithm, which is analogous to the classick-clique complexity problem, requires
substantial CPU resources for each query. The generated loadf a resource discov-
ery infrastructure increases dramatically as the number ofusers submitting queries
and available resources increase, in turn impacting systenscalability and perfor-
mance. Thus, the second contribution of this work is an exploation of a variety of
architectures to support SWORD's design.

In this paper, we consider building SWORD using three di erent architectures,
and quantify the advantages and disadvantages of each desig Our rst approach
is fully distributed, and is based on the intuition that some type of decentralized
architecture is required for scalability, load balancing, and fault tolerance (similar
to a variety of earlier related e orts [Balazinska et al. 2002; Huang and Steenkiste
2003; Spence and Harris 2003; van Renesse et al. 2003]). Ordle key disadvan-
tages to any distributed architecture when compared to its @ntralized counterpart
is the complexity required to maintain consistency among dstributed participants,
which often impacts performance. To quantify the overhead aused by this added
complexity in a resource discovery system, our second ardeicture is fully cen-
tralized. We show that while the distributed architecture o ers some advantages
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Fig. 1. High-level architecture of SWORD.

with respect to scalability and fault tolerance, under certain operating conditions
a centralized approach outperforms its distributed countepart. Additionally, we
nd that a third \hybrid" design, which combines aspects of b oth centralized and
distributed solutions, has the potential to outperform both techniques.

The remainder of this paper is organized as follows. Sectiof presents a high-
level overview of the SWORD architecture and Section 3 desdbpes the details of our
implementation. We describe our evaluation infrastructure and performance results
in Section 4, and in Section 5 we describe qualitative lessarlearned from operating
SWORD as a PlanetLab service for the past two years. We presentelated work in
Section 6 and conclude in Section 7.

2. SYSTEM ARCHITECTURE AND QUERY REPRESENTATION

This section explains our assumptions and terminology, degibes SWORD's high-
level architecture, and describes the query model that dries our design.

2.1 Architectural Overview

SWORD's architecture consists of three parts, illustrated schematically in Figure 1.
The rst component, labeled (i), is a query syntaxfor specifying desired node char-
acteristics. The SWORD query syntax is described in detail h Section 2.4. The
second component, labeled (ii), is a distributedquery processorfor nding candi-
date nodes whose characteristics match the speci ed requéments. Logically, this is
analogous to a database and a query engine. In the case of SWORhaving a single
centralized database does not scale well to high amounts ofsers and resourcés In
Section 3.1, we explore other approaches that leverage thealability provided by
distributed hash tables. The third and nal component of SWORD, labeled (iii),
is the optimizer that nds a utility-maximizing mapping of a subset of the can -
didate nodes returned by the query processor to the groups ithe user's queries,
accounting for desired per-node, intra-group (or inter-nale), and inter-group char-
acteristics. The optimizer outputs this mapping, along with the measurements that
led to those nodes' selection. Section 3.2 presents the dgsi of the optimizer.

1we use the terms resources, nodes, hosts, and machines interchangeably.
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Wide-Area Resource Discovery 5

SWORD can return many such mappings if desired, ranked fromdwest to highest
penalty, but for clarity we describe SWORD as if it outputs only the lowest-penalty
con guration. Note that while we often refer to the \client" or \user" as a human
submitting a query, in reality, the \user" may be an applicat ion such as an execution
management system [Albrecht et al. 2006] who is submitting aguery on behalf of
a human user. This distinction does not a ect the operation of SWORD.

Note that an additional (and unlabeled) component in Figure 1 is the set of
resource monitors used to populate the logical database. S®RD does not dictate
the mechanisms for measuring per-node and inter-node atthiutes, so we do not
discuss such mechanisms here in detail. In Section 3.3 we debe our deployment
of SWORD on PlanetLab and mention the speci ¢ resource monitas that SWORD
uses in that deployment.

2.2 Target Usage Scenarios

One of the key assumptions in our development of SWORD is thatapplication

deployers have some incentive to avoid deploying their apjptation on all nodes
available to them. This incentive may be altruistic, nanci al, performance-related,
or scienti ¢ (e.g., to evaluate an application's performance and robustness under
various con gurations). Hence, SWORD is designed with two tsage scenarios in
mind. When used in a \best e ort" environment such as PlanetLab, SWORD

matches a user's speci cation of desired resource charaaistics to the resource
characteristics of nodes at the time the request is made. SWRD returns an ordered

list of sets of nodes, ranked by the closeness of each set's ttta to the user's

desires. The substantial heterogeneity in available node esources and network
characteristics across both space (nodes and network linksand time on shared
platforms such as PlanetLab is quanti ed elsewhere [Oppenheer et al. 2006; Rhea
et al. 2005]; SWORD helps users cope with this heterogeneitywhen they deploy
and operate their distributed applications.

In the second usage scenario, SWORD operates in conjunctionith an external
resource allocation or admission control mechanism such amight be the case with
Grid systems [Foster and Kesselman 2003]. Here, the resowallocation system
might augment the measurement database with information alwut which resources
each user can access, at what cost, and during what time perits. Queries would
then specify a desired period of time for using the requestedesources, and candi-
date nodes would be Itered to exclude nodes unavailable to aiser for the requested
period. Additionally, the nancial cost of each returned con guration is indicated
as a function of the total utility of the resources. Although our deployment of
SWORD thus far has been in a \best e ort" environment, we expect to integrate it
with resource allocation tools such as SHARP [Fu et al. 2003)pr SNAP [Czajkowski
et al. 2002] in the future to support arbitrated usage scenaios.

In both usage scenarios described above, SWORD assumes thagers consult an
out-of-band mechanism for determining what the valid query attributes are for the
target infrastructure. SWORD places few restrictions on the format and type of
attributes available to the user. We discuss the acceptabldormats in detail in Sec-
tion 2.4. SWORD supports queries for any attribute in the logical database, which
includes any values that the target infrastructure has a mebanism for measuring
and reporting. Some example attributes are available operng systems, per-node
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measurements such as load and free memory, inter-node measments such as la-
tency and bandwidth, information about node rewall status , and disk protection

requirements. The live deployment of SWORD on PlanetLab uses webpage that
lists all available attributes.

2.3 Query Semantics

Two observations guide the design of SWORD's query repres¢ation. First, we
observe that it is common for distributed services to be compsed of groups of
nodes that cooperate closely within a group, and, in some cas, more loosely among
groups. One simple example is a \client-server" web applicBon, where the servers
are a group of well-connected high bandwidth, powerful machmes, and the clients
are less powerful, geographically distributed machines. Asurvey of common Grid
applications described in [Kee et al. 2005] mentions that sme scienti ¢ applications
desire collections of tightly-coupled groups of nodes. Inddition to these examples,
consider the following more speci ¢ scenarios:

| An Internet search engine consists of a dozen sites distributed worldwide that
are close (in network topology) to various large user popultions. Each site is com-
prised of of a number of nodes which together hold a full copy fothe search index.
Nodes within a site coordinate in an all-to-all fashion to implement techniques such
as parallelized index searching and cooperative caching. Mong sites, a small num-
ber of nodes communicate periodically to share newly-crawld data. This service
desires su cient per-node storage, low-latency and high-landwidth network links
among nodes in each site, and at least one high-bandwidth linto connect each
pair of sites.

| A data-intensive scienti ¢ application utilizes data sto red in several geograph-
ically distributed data warehouses. The application needsa few nodes near each
data source with low-latency and high-bandwidth connectims to the data source to
perform Itering and summarization of data from that source, and a large number
of powerful compute nodes with low-latency, high-bandwidh connections among
one another to perform a distributed computation over the data received from the
nodes that perform Itering and summarization.

| A Content Distribution Network such as CoDeeN [Pai et al. 20 03] wishes
to place instances of its service on nodes near each of seveggographically dis-
tributed user populations, with low-latency, high-bandwidth links among the nodes
for e cient transfer of content between forward and reverse proxies. Moreover, to
support high workloads, the application deployer wants eah instance to be not a
single node but rather a \virtual cluster" of several machines, all nearby in network
topology and with low latency, high bandwidth links among them.

With these examples as motivation, resource speci cationsn SWORD focus on
the notion of groupsthat capture equivalence classes of nodes. Each group cortsis
of nodes with similar per-node and inter-node characterists, as well as constraints
between pairs of nodes in di erent groups.

The second observation guiding the design of SWORD's queryesnantics is that
applications have varying sensitivities to deviations fran speci ed per-node and
inter-node characteristics. Thus, rather than specifyinga single acceptable value
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for the amount of free memory desired, for example, we give @ss the exibility
to specify a range of acceptable values for free memory, andsign a utility to this
range. To achieve this, users specify absolute requiremesnton per-node and inter-
node characteristics, stricter preferred per-node and irér-node characteristics, and
the sensitivity of their application to deviations from the preferred values. With
this method, nodes whose value for an attribute fall within the absolute required
range are ranked by their suitability based on their deviation from the preferred
range. The user describes this sensitivity using per-attithute penalty functions,
which can be thought of as the inverse of utility functions. The penalty function is
designed to allow the user to express the application's seitivity to each attribute
and the relative importance of preferences for di erent attributes.

For example, consider the small Internet search engine, wit large user popula-
tions in North America and Europe. The service operator requsts two groups of
nodes, one in each of those geographic regions. With respettt per-node storage,
the operator requests that all machines selected for the Eunoe group have at least
1000 MB of free disk space, but that under constraint, machirs with at least 300
MB of free disk space are acceptable. Any candidate machine ith between 300
and 1000 MB of free disk space is assigned a penalty proportial to the deviation
from 1000 MB. Machines with more than 1000 MB of free disk spag are assigned a
zero penalty, and machines with less than 300 MB of free diskmace are discarded.
In this example, the acceptable range of values for free memyg is [300 MB, in n-
ity]. The preferred range of values in this example, which isalways a subset of the
acceptable range, is [1000 MB, in nity]. SWORD responds to this query with a
group of nodes that are the lowest-penalty con guration|de ned as the sum over
all groups of each member node's penalty, taking into accourper-node, inter-node,
and inter-group constraints|that meets all of the resource requirements speci ed
in the query.

2.4 Expressing Queries

SWORD o ers two query syntaxes: a \native" XML syntax and the ClassAds
syntax [Raman et al. 1998] used by the Condor workload manageent tool. Be-

cause the standard ClassAds syntax is somewhat limited andannot be used to
express inter-node properties, SWORD users can only consiin and rank con gu-

rations based on per-node properties when using the ClassAdsyntax. When eval-
uating queries expressed using ClassAds syntax, we invokée ClassAds evaluator
rather than our optimizer. The ClassAds evaluator is computationally simpler than

SWORD's native optimizer because the ClassAds evaluator diy considers per-node
properties; ranking a con guration is therefore linear in the number of nodes in the
con guration. In contrast, inter-node and inter-group con straints make SWORD's

optimization problem exponential in the number of nodes.

The native SWORD XML syntax for a sample query that might be issued by
the search engine operator appears in Figure 2(a), with the arresponding response
shown in Figure 2(b). For clarity of presentation, we have caverted the XML
syntax that SWORD takes as input into a more human-readable brmat that struc-
turally matches SWORD's actual XML syntax. Figure 3 shows the equivalent
guery using ClassAds syntax, minus the inter-node and intergroup constraints and
rankings based on them.
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Requerylnterval 60 SWORD Groups

Group NA e
NumMachines 4 Name: Group NA
Required Load [0.0, 2.0] Max Latency: 20.0 ms
Preferred Load [0.0, 1.0], penalty 100.0 Min Latency: 0.0 ms
Required FreeDisk [500.0, MAX] (MB) Overall Group Cost: 4.1
Preferred FreeDisk [1000.0, MAX], penalty 0.2 Group Size: 4
Required OS [ Linux"] planetlab6.nbgisp.com
Required AllPairs Latency [0.0, 20.0] (ms) planetl.halifax.org
Preferred AllPairs Latency [0.0, 10.0], penalty 2.0 planet02.csc.ncsu.edu
Required AllPairs BW [0.5, MAX] (Mb/s) planetlabl.kscy.org

Preferred AllPairs BW [1.0, MAX], penalty 2.0
Required Location [NorthAmerica”, 0.0, 50.0] (ms)

Group Europe Name: Group Europe
NumMachines 4 Max Latency: 20.0 ms
Required Load [0.0, 2.0] Min Latency: 0.0 ms
Preferred Load [0.0, 1.0], penalty 100.0 Overall Group Cost: 2.2
Required FreeDisk [300.0, MAX] (MB) Group Size: 4
Preferred FreeDisk [1000.0, MAX], penalty 100.0 planetlab-02.1ip6.fr]
Required OS [Linux"] planetlab2.dcs.ac.uk]
Required AllPairs Latency [0.0, 20.0] (ms) planetlab-01.lip6.fr]
Preferred AllPairs Latency [0.0, 10.0], penalty 2.0 planetlab2.uni-kl.de
Required AllPairs BW [0.5, MAX] (Mb/s)

Preferred AllPairs BW [1.0, MAX], penalty 2.0 Total cost: 6.3
Required Location [Europe”, 0.0, 50.0] (ms) Total query time: 0.095 s
InterGroup

Required OnePair BW NA Europe [3.0, MAX] (Mb/s)
Preferred OnePair BW NA Europe [5.0, MAX], penalty 0.5

(@) (b)

Fig. 2. (a) Sample query in native SWORD syntax. The actual imp lementation of SWORD
uses an XML representation of this information. (b) Sample SWOR D response, indicating the IP
addresses and hostnames of the resources found that meet the requ ested criteria.

A native SWORD XML query takes the form of an XML document with three
sections. The rst section of a SWORD query allows the user torequest that the
guery be processed as aontinuous queryrather than as a default one-time-only
qguery. The Requeryinterval directive speci es the frequency, in seconds, at which
the query should be re-processed. When the user rst issueseir query, they re-
ceive in response the optimized mapping of available node®tgroups in the query,
the nodes' resource measurements (this is optional and notewn in Figure 2(b)),
and the penalty associated with the mapping. EveryRequeryinterval seconds
after the query was initially issued, SWORD recomputes the rew optimal map-
ping and returns to the user the new mapping and the penalty dierence between
that mapping and the one originally returned. The user can maitor the stream
of penalty di erences returned by SWORD over time. If the di erence reaches an
application-speci c criteria, perhaps exceeding a predened threshold or exceeding
a prede ned threshold consistently for some period of time,the user can compare
the original and new mappings to decide, for example, which pplication instances
to migrate to new nodes. In the future we plan to explore the tesk of optimizing
the new mapping for minimal application disruption; in other words, we will de-
termine the optimal mapping that migrates the fewest application instances while
still producing a low-penalty con guration.

Recall that one of our design goals was to allow users to de nepologies of inter-
connected groups. The second section of the SWORD query deeas the groups. It
speci es the number of nodes in each group, as well as the canaints on the per-
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{ [ name = “NA"
nummachines = 4;
constraint = load <= 2.0 && freedisk >= 500 && o0s == “linux" & &
netdist(""NorthAmerica") < 50;
rank = (100.0 * (load-1 > 0 ? load-1 : 0)) +
(100.0 * (1000-freedisk > 0 ? 1000-freedisk : 0)); I;
[ name = “Europe";
nummachines = 4;
constraint = load <= 2.0 && freedisk >= 300 && o0s == linux" & &
netdist(""Europe") < 50;
rank = (100.0 * (load-1 > 0 ? load-1 : 0)) +
(100.0 * (1000-freedisk > 0 ? 1000-freedisk : 0)); ];

Fig. 3. Sample query using ClassAds syntax.

node and inter-node attributes within each group. The value of an attribute can
be a static value, e.g, an operating system, an instantaneous measuremeng.g.,
the node's current free memory measurement, or a statistidaproperty of a base
attribute, e.g, the variance of a node's load over the past hour. SWORD supprs
oating point, string, boolean, and network coordinate datatypes. Network coor-
dinate constraints allow the user to specify that a node mustbe located within a
desired latency of any other node in SWORD. This feature is usful for deploying
instances of a service near known user populations, as in owgearch engine and
CDN examples, or near data sources, as in our Grid example. S@RD tracks the
network coordinates of a set of reference nodes in common ggaphical regions, and
uses the network coordinate distance between the candidateode and the reference
node to determine whether the candidate node is within the dsired latency of the
speci ed region. Note that only the user-speci ed attribut es matter in a SWORD
query. If an attribute is not speci cally de ned in a query, i tis not evaluated or
even considered by the query processor.

The third section of a SWORD query speci es pairwise constrants between in-
dividual members of di erent groups. These constraints are used to ensure that
at least one pair of nodes that exist in di erent (and disjoint) groups meet some
desired requirement. For example, suppose a user requestad groups of nodes
that are physically separated into two distinct geographic regions. An inter-group
constraint de ned in the third section of the query is then used to request that at
least one network link between the groups has some minimum agunt of available
bandwidth. We note that because an arbitrary number of inter-group constraints
may be specied, SWORD is su ciently exible to describe any overlay network
graphlin the worst case, every node is its own group, and evely edge is represented
by a pairwise constraint between the two nodes that the edge @nnects.

To further clarify the structure of a SWORD query, consider our earlier example
query shown in Figure 2(a) that shows a request for two groupf resources. The
rst group consists of four nodes in the North America (NA) group. The query
requires that the operating system on these nodes be Linux,rad that the node be
located within 50 ms, calculated using network coordinatesof a reference SWORD
node in North America. The query further requires that nodes load be less than
2.0, free disk space be at least 500 MB, inter-node latency nmore than 20ms,
and inter-node bandwidth no less than 0.5 Mb/s. The Europe graip is de ned
identically except that free disk space must be at least 300 M. The \Preferred"
clauses describe penalty functions, which we explain shdst Also in our sample
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Fig. 4. (a) Floating point attribute penalty function. (b) St ring attribute penalty function.

qguery, the third section de ning inter-group constraints i ndicates that the user
wants a pair of nodes such that one node is in the NA group, one ade is in
the Europe group, and the bandwidth between the two nodes is aleast 3 Mb/s.
Figure 2(b) shows a typical SWORD response to this sample qus.

2.5 Penalty functions

Although SWORD is commonly used to simply nd nodes meeting user speci ed
requirements, a key feature of SWORD is its ability to rank node con gurations
according to user preferences. These preferences are dechiey a \penalty function”
associated with one or more attributes on a per-group basisTo simplify user query
syntax, we allow penalty functions of a restricted shape tha we believe is useful
for approximately characterizing applications. In summary, the penalty function is
de ned by the \Required" and \Preferred" clauses for an attri bute. The resulting
con gurations that SWORD returns match all requirements and are ranked based
on their overall penalty or cost. The overall penalty assocated with a node is
taken as the sum of the per-attribute penalties associated wh that node. The
overall penalty of a group is computed by summing the per-noé penalties of all
members, in addition to the inter-node penalties of each likk. The overall penalty of
a con guration is the sum of the overall group penalty and the inter-group attributes
across all groups. Note that for queries speci ed using the @ssAds syntax, the
penalty function is de ned by the \rank" statement, which de nes the rank of a
candidate node as a function of the per-node attributes of tle node.

For oating point attributes, Figure 4(a) shows that the SWORD penalty functi on
has ve regions: two regions of in nite penalty where attrib ute values are either too
high or too low to be useful to the application, a preferred reggion of zero penalty,
and two constant-slope regions starting at the endpoints ofthe preferred region.
Notice that the preferred region de nes a sub-range of the rquired region. The
penalty function for a oating point attribute takes the for m

Required attr [abs_min, abs_max]
Preferred attr [pref_min, pref_max], penalty k

The k value maps a deviation from the preferred region to an abstrat penalty unit.
It therefore indicates how sensitive the application is to dianges in the attribute's
value|larger k denotes more incremental penalty per unit change in the attibute,
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while smaller k denotes less incremental penalty per unit change in the attibute|
and de nes the relative weighting of attributes.

Although most resource-related attributes are oating point quantities, users also
have to ability to specify requirements and preferences fostring attributes such
as operating system and machine architecture. Figure 4(b)liustrates the penalty
function for a string, which takes the form

Required attr [namel, name2, name3, name4, name5, name6]
Preferred attr [namel, name2, name3], penalty pl
Preferred attr [name4, name5, name6], penalty p2

This penalty function associates penalty pl with discrete values namel, name2,
and name3, and penalty p2 with discrete valuesname4, name5, and name6. Any
values that meet the \Required" clause for an attribute but are not mentioned in
a \Preferred" clause for that attribute are implicitly assig ned a penalty of 0.

Boolean attribute penalty functions are of the same form as string atribute
penalty functions, but the only allowed strings are \true" and \false." Network
coordinate attribute penalty functions are of the same form as string atribute
penalty functions, but in place of an arbitrary string they u se a name that maps to
a speci ¢ node, and a range of latencies from that node.

One extension to this work is the characterization of sensivity to resource con-
straints for real applications. We believe that our assumptons that overall penalty
is the sum of independent per-attribute penalties and that the penalty associated
with an attribute can be approximated by a piecewise functin are reasonable rst
approximations that are suitable for the majority of our users. While a simple piece-
wise function restricts the form of the penalty function for a small subset of our
more advanced users, we currently believe that keeping theugry syntax somewhat
simple and intuitive for all users is important.

3. DESIGN AND IMPLEMENTATION

In addition to de ning a resource speci cation language, Setion 2 established the
need for a logical database and query processor for storingid querying monitoring

data, and an optimizer that nds an optimal mapping of resources to groups in the
user's query. Given the design goals of Section 1, all of theomponents of SWORD
must scale to large numbers of resources without sacri cingavailability. For the

logical database, this means we require su cient storage (isk and memory) and
network capacity to transmit and store the measurement upddes from all nodes
in the system. For the query processor, each node needs su ent network capac-
ity and memory to receive queries, lter nodes based on per-ade attributes, and

forward the results as appropriate. The optimizer requiresenough CPU cycles and
memory to complete at least a partial exponential search ovethe candidate nodes
returned from the query processor. For per-node attributes the storage, network,
and memory requirements increases linearly as the number afodes and metrics
in the system increases. While per-node attributes scaletiearly, the storage, net-
work, and memory requirements for inter-node attributes s@le exponentially as
the number of nodes increase. In the following paragraphs, & describe how we
achieve the desired scalability and availability in the implementation of our logical
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database and query processor in Section 3.1, as well as thegign of our optimizer
in Section 3.2.

3.1 Logical Database and Query Processor

SWORD's query processor is responsible for retrieving the gr-node and inter-node
measurements from the logical database needed to satisfy augry of the form
described in Section 2.4. Recognizing that it may be usefuldr the query processor
to treat per-node attributes dierently from inter-node at tributes, we split the
retrieval of per-node attributes and inter-node attribute s into two separate phases.
In this section, we rst describe several alternatives for $oring and retrieving per-
node attributes. Here the core algorithm of interest ismulti-attribute range search
to identify the set of nodes whose measurements match all rages of per-node
requirements for some group in the query, and that could theefore potentially be
placed into one of the groups in the query response. In Sectin3.1.3, we discuss
alternatives for storing and retrieving inter-node attrib utes.

3.1.1 Per-node Attribute Alternatives. As previously mentioned, the core algo-
rithm of interest for retrieving per-node attribute data is the multi-attribute range
search. To better understand what is meant by multi-attribu te range search, con-
sider a query that requests a group of nodes that have load avage between 0.0 and
2.0, and free disk space greater than 100 MB. Logically, to g&sfy this query a join
operation must be performed over the sets of nodes whose inddual attributes fall
within the desired ranges. One approach to satisfying this gery is a centralized
architecture where a central database collects and storesllanodes' reports of load
and free disk space, and maintains indexes on load and disk ape to quickly nd
nodes that meet the required ranges. One potential problem ith this alternative
is its lack of scalability as the number of nodes increases, hich may also reduce the
overall system availability. Thus, we look to distributed architectures in addition
to centralized approaches, and compare their performanceFigures 5 and 6 show
four di erent database and query processor architectures.

Before discussing our speci ¢ design alternatives, we mustst de ne some basic
terminology. A node that wishes to o er its resources through SWORD joins the
SWORD infrastructure and collects resource monitoring dat locally. This reporting
node periodically sends ameasurement reportto one or more SWORD servers
according to the query processor architecture in use. A nodeeed not be part of
the SWORD infrastructure to submit queries. To issue a query a client node sends
a query to any node in the SWORD infrastructure. This query nodethat receives
the request acts as a proxy into the SWORD infrastructure, pdentially issuing
one or more SWORD sub-queries to one or more remote SWORD segts, again
depending on the query processor architecture in use. The quy node collects the
necessary information to satisfy the query and returns the esulting node list back
to the client, along with the measurement values of the attributes in the query. In
our implementations, the reporting node, server, client, aad query node roles are
implemented on the same set of nodes.

Within this framework, we explore alternatives for the design of our logical
database and query processor, focusing on how per-node atiute data is orga-
nized among the servers, and how a query is satis ed. How the ata is organized
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dictates where a reporting node sends measurement reportsyhere and whether
guery nodes send sub-queries, and how the query node collsctesults. Overall,
the alternatives we explore fall into three categories: digibuted, centralized, and
a hybrid between distributed and centralized. We implement four solutions in to-
tal: two distributed approaches that organize servers intoa DHT (distributed hash
table) overlay, one centralized approach that uses cluster of xed servers, and one
hybrid option that combines the distributed and centralized approaches, storing
the measurement reports on nodes in the DHT overlay and storig on xed servers
an index that maps DHT key ranges to DHT server IP addresses.

A centralized architecture for SWORD consists of a single SVORD server that
collects measurement reports anode,attribute,value> triples from reporting
nodes. It builds a database, each of whose \rows" contain albf the information
from a single reporting node including its name, and one colmn for each reported
attribute. Additionally, the server maintains indices over one or more attributes.
Each index maps ranges of an attribute to the rows that currenty record values of
that attribute in the corresponding range. Answering a quely then involves using
the index to retrieve the rows for the value range of interestfor one of the attributes
of interest, and then lItering out the rows that do not meet th e desired values of the
other attributes. The nal set of rows contains the measurement reports from the
nodes that meet all criteria in the query. Since a single, cetnal server does not scale
well and is a single point of failure, we chose to implement aariation of this design
that uses clusters of xed servers rather than a single serveto improve scalability
and fault tolerance. In this approach, we assign the reportng nodes to one (or more
for added fault tolerance) of the servers in our xed server tuster. Then each ofN
xed servers becomes responsible for maintaining all the auwent attribute values
for (at least) 1=N of the reporting nodes. Assuming there is su cient bandwidth
and CPU power for the xed servers, this solution provides mud better scalability
than a single server approach, since each xed server requs =N of the bandwidth
and CPU power that a single server would need for comparable péormance.

The data storage and query processing becomes more complexi@n employing
a distributed architecture. One option that we explore for distributed data storage,
which is common in traditional distributed databases, isdynamic range partitioning:
partitioning the data space according to dynamic attributes and ranges of values for
those attribute. For instance, a subset of SWORD servers wold become responsible
for handling updates for all machines whose load average isebween 0.0 and 1.0, a
second subset for all machines whose load average is betwek® and 2.0, a third
subset for machines that have between 100 MB and 200 MB of diskpace, and so
on. Given our target operating conditions, choosing a dynant attribute such as
load works just as well as a static attribute as the basis for ange partitioning. Since
we expire data quickly in our database to avoid maintaining sale information, it is
more important to pick an attribute with a wide distribution of values for better load
balancing among servers, than to pick an attribute that doesnot change frequently.

In the distributed approaches, we focus primarily on DHT-based range search al-
gorithms because of their scalability, self-con guration, and high availability. These
traits are a good match to our target of federated platforms that eschew central-
ized management, such as PlanetLab. Additionally, DHTs are well-suited to range
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Fig. 5. (a) SingleQuery. For updates, the full report is routed to the node responsible for a =7
and the node responsible for b= 15. For queries, the query is routed to a node chosen randomly
among those responsible for values of a between 2 and 391, and forwarded to all other nodes
responsible for those values. (b) MultiQuery. For updates, th e a measurement is sent to the node
responsible for a = 7, and the b measurement is sent to the node responsible for b = 15. For
queries, the a portion of the query is sent to one randomly chosen node responsib le for values of
a between 2 and 391, and forwarded to all other nodes responsible f or those values. The same is
done simultaneously for the b portion of the query.

partitioning, because they automatically partition a large (160 bit in our case)
keyspace among servers. Our DHT-based algorithms are builbn top of the Bam-
boo DHT [Rhea et al. 2004], though they could be built on top ofany structured
peer-to-peer overlay network. We leverage the DHT's abiliyy to partition responsi-
bility for the keyspace among servers, to deliver to the respnsible node a message
addressed to a key (\key-based routing” [Dabek et al. 2003])and to enable, through
\successor pointers” that organize the nodes into a linked ikt sorted by ascending
key ranges, the visiting of the nodes responsible for a comguous range of keys. On
top of the DHT's key-based routing interface we build our ownsoft-state distributed
data repository. All non-DHT messages are sent using UdpCCRhea et al. 2004].

The principal alternatives we consider for the distributed approaches also explore
how the amount of information stored in a measurement reportimpacts perfor-
mance. The information stored in a measurement report is somwhat dependent
on what the resource monitors are measuring. We currently us a bootstrapping
mechanism at startup to determine the list of available attributes being reported
by the resource monitors. This allows us to inform the reporing nodes of the
\useful" attributes for future measurement reports. As detailed below, one alter-
native for the measurement report is to include information only for the attribute
of interest to the particular SWORD server. A second alternaive is to include all
current attribute values for the particular reporting node . These alternatives have
implications for how queries are performed, and have varyig levels of performance
depending on the workload and deployment scenarios. The spec details of the
design of our four approaches are as follows.

| Figure 5(a) illustrates  SingleQuery . A reporting node sendsn measurement
reports, each containing the n attribute values it has measured, to n SWORD
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Fig. 6. (a) Fixed. For updates, the full report is sent to one of N servers chosen at random. For
queries, the client sends the query to one of N servers chosen at random. The server that receives
the query, called the \querying node", sends the query to each of the other N 1 servers. (b)
Index. Updates are handled identically to SingleQuery. A query is rst routed to the set of index
servers responsible for the range specied in the query, and the in dex servers forward the query
to the appropriate nodes in the DHT.

servers. Each report is routed to a DHT key computed, as desdoied later in this
section, from the value of one of the attributes in the update While updates are
large (sizen), in this approach a multi-attribute query need only be sent to the
set of servers responsible for the target range of one of theugried attributes. In
particular, the query is rst routed to any node responsible for any key in the query
range of any attribute in the query, and it is forwarded along DHT successor pointers
to all other nodes responsible for keys in the query range ofnat attribute. This
technique is similar in principle to how Mercury [Bharambe & al. 2004] performs
multi-attribute distributed range queries and how eSearch [Tang and Dwarkadas
2004] performs multi-keyword full text searches over a DHT.

| Figure 5(b) illustrates MultiQuery . The reporting node places a single value
in each measurement report. Thus, a node reportingn attributes transmits n 1-
attribute measurement reports to n SWORD servers, with the measurement report
routed to the DHT key computed from the value of the attribute in the report.
This approach has the potential to reduce update bandwidth @nsumption relative
to SingleQuery. The downside is that to perform a query, one st of SWORD
servers must be queried for each attribute in the request. Tl query node sends
messages to the servers in parallel and intersects the retned nodes to nd those
that satisfy all attributes in the query. Because each serve only stores information
about one attribute, each server can only Iter on one attribute, so this approach
can potentially return many more nodes than SingleQuery, inwhich each server can
Iter on all attributes. This approach resembles in some ways how multi-attribute
searches are performed by XenoSearch [Spence and Harris 3p@nd how keyword
search is performed in [Reynolds and Vahdat 2003].

| Figure 6(a) illustrates Fixed . This approach is basically a centralized data-
center model with a varying number of servers. To send an upd&, a SWORD node
sends one copy of its measurement report to one of infrastructures servers that is
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assigned at random when the reporting node starts up, so thagpproximately m=n
SWORD nodes are assigned to each server when the reporting de population is
m. (Note that if redundancy is desired for increased fault tokerance, the reporting
node sends its report tokn servers, and each server stores information fokm=n
nodes, wherek is the level of redundancy.) A server acting as a query node favards
the query to the remaining n 1 servers, collects the results, and returns the results
to the querying node or client.

| Figure 6(b) illustrates Index , which is a hybrid between the Fixed and Sin-
gleQuery approaches. The xed infrastructure servers holdan index containing
the mapping of contiguous DHT key ranges to the IP address of he DHT node
responsible for that range. Each DHT node periodically infoms one of the index
servers of the range of keys for which it is responsible. Thedyspace index is range-
partitioned among the xed servers. Updates are handled as \th the SingleQuery
and MultiQuery approaches. A query is sent rst to the index server(s) responsible
for the key range of interest, and those index servers then fward the query di-
rectly to the DHT nodes responsible for the requested key rage(s) without having
to route through the DHT.

For all of the DHT-based approaches, one implementation dedil relates to how
the querying node decides it has received all responses. Fire Fixed architecture,
the query is complete when a response has been received frorh queried servers.
For the other architectures, the querying node does not knowahead of time to
which, or how many, servers the query will be routed. But the querying node does
know the lowest and highest DHT keys corresponding to the rage of values to be
queried. Additionally, all nodes send back the range of DHT leys for which they
are responsible when they send a reply to the querying node. Mempty response
is returned if the DHT node has no matching nodes. Thus, the gerying node can
keep track of gaps in the query's key range from which no respaling node has yet
indicated responsibility. As responses are returned, the rigsing ranges of the query
key range will shrink until a response has been received frorthe nodes responsible
for each piece of the query key range. At that point the respose set is complete.
The query may also eventually time out if some messages aredt at which time
the query processor will return the partial results receiveal thus far.

Nodes send their measurement reports at a frequency intervaf their choosing.
The interval chosen is indicated as a parameter (called the TL) in the measure-
ment report. When a report arrives at a server, the server reords the update
in memory|thus reports are soft state. The servers time out t hese reports when
the TTLs expire so that when a reporting node fails, that node will eventually no
longer appear in the result set of any query. Our use of soft stte also provides
a low-overhead mechanism for recovery from failures withinthe server infrastruc-
ture in the DHT-based approaches: in our DHT-based approachs, if a DHT server
fails, the next update that the DHT would have routed to that s erver will instead
be routed to the new server now responsible for the report. Ths soft-state-with-
timeout mechanism requires that the reporting nodes re-pulish their measurement
reports more often than their chosen timeout interval. However, since node mea-
surements are likely to change over fairly short timescalesfrequent re-publishing
is arguably necessary for accurate query answering anywaylhe alternative, using
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the reliable DHT storage layer rather than our memory-only sorage would add
unnecessary network, processor, and memory overhead by régating each piece of
data on multiple nodes, only to change that data soon thereagr.

3.1.2 DHT Keys and Load Balancing. An important design issue when apply-
ing DHT-based range search techniques to resource discoyers how to construct
the 160-bit DHT key corresponding to a measurement value. Reall that it is the
SWORD node that \owns" this DHT key that will receive the corr esponding mea-
surement update. To accomplish this mapping, we associate ith each per-node
attribute A a monotonically non-decreasing functionf 5 (x) that maps a value from
the range of A to a DHT key. The f, function can be user-de ned, or the user can
choose to use a per-datatype default function built into SWCRD.

A reporting node sends measurement reports to servers by rémmg each report
to a DHT key fa(x) for each attribute A in the report and its corresponding
value x. A querying node sends a query to one (in SingleQuery) or muiple (in
MultiQuery) servers. Taking the example of SingleQuery, the querying node chooses
one attribute B from the query as the \range search attribute." It computes fg (m)
and f g (n) where m is the lowest value in the queried range for attribute B and n is
the highest value in the queried range for attribute B. The query node routes the
query to a randomly chosen key within the rangefg (m) to fg (n). The receiving
node replies to the query using the information it stores andforwards the query to
its successors, which, by the structure of the DHT, form a lirked list of Node IDs
in sorted order. The search range wraps around to the low endfahe range upon
reaching the node responsible foff g (n). This process continues until all nodes
responsible for the range of keysg (m) to fg (n) are visited and have returned to
the querying node the matching results they store. Becausew f functions are
monotonically non-decreasing, they are guaranteed to map antiguous attribute
values to a contiguous range in the DHT, making it feasible tofollow successor
pointers in the DHT to cover all nodes with attributes in a user-speci ed range.

Our f mapping constructs the key from three parts: high-order attribute bits,
middle value bits, and low-order random bits. The rst bits o f the DHT key are
\attribute bits." Each attribute is mapped to a setting of the attribute bits which
does not need to be unique. These attribute bits partition the keyspace into \sub-
regions,” each responsible for one or more attributes. Subegions allow us to
limit the worst-case number of nodes that might be visited to answer a distributed
range querylan unconstrained search on a single attribute will visit at most all
the nodes in the sub-region for that attribute|thereby help ing to bound query
latency. Although all nodes must agree on the number of key lis used as attribute
bits, the mapping of attributes to attribute bits can be comp uted autonomously,
for example, by hashing the name of the attribute.

The remaining bits of the DHT key are divided between \value bits" and \random
bits" depending on the number of values each attribute commaly takes on. The
value bits represent the value itself, while the random bitsspread instances of the
same value among multiple nodes for load balancing of update For example,
a boolean-valued attribute would be represented using onealue bit followed by
160 a 1 random bits, where 160 is the number of bits in a key anda is the
number of attribute bits. This randomization would serve to spread \false" values
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over half of the nodes in that attribute's sub-region, and \true" values over the

other half of the nodes in that attribute's sub-region. When a node issues a query,
the random bits are set to all 0 when computing the key for the bwest value in

the range, and are set to all 1 when computing the key for the hghest value in the

range. In this way, the query will search all keys that could possibly have been
generated from the desired range.

Our current implementation uniformly maps the expected range of a given oat-
ing point attribute to the number of bits allocated to value bits. For e xample, if 2
bits are used for value bits and the value represented is an teger percentage (0-
100), then the mapping function might map 0 25t0 00, 26 50to 01, 51 75to
10, and 76 100 to 11. If the distribution of update values is known ahead of time,
then more frequently-occurring values can be \spread" overmore keys relative to
less frequently-occurring values, to improve load balancdor updates. Extending
the previous example, if 0 25 occurs three times more often than 26 100, then
the mapping function might map 0 8t0 00,9 16to01, 17 25to10and 26 100
to 11. Because we only require thatf , be monotonically nondecreasing, all values
less than the lowest value in the expected range can be mapped all 0 value bits,
and all values greater than the largest value in the expectedange can be mapped
to all 1 bits. The expected value range does not need to be knawahead of time to
achieve a good spreading of input values; only the range of Yipical” values needs
to be known, and outliers are mapped to the two extreme endpaits.

The default function for booleansis as described earlier. The default function
for strings forms the value bits from the high-order bits of the ASCII value of the
string, allowing string pre x searches, such as \all IP addresses that begin with
128.112." Finally, the default function for network coordinatesgenerates the value
bits using the z-coordinate [Jagadish 1990] linearizatiorof the 3-dimensional net-
work coordinate of the client node. (The z-coordinates are dtermined using an out-
of-band mechanism that maps geographic names to correspoimd) z-coordinates.)
This transformation enables multidimensional range sears in the n-dimensional
network coordinate space via a linear search over the-coordinate attribute. This
mapping is especially useful for the MultiQuery approach beause it allows one
range query to be issued, over the synthetic z-coordinate nstead of three, namely
one over each of 3 dimensions.

In summary, attribute bits reduce con icts between identical values of di erent
attributes, random bits reduce con icts between identical values of the same at-
tribute, and value bits can be used to spread potentially noruniform value ranges
to more uniform DHT key ranges. These load balancing techniges arepassive
since they do not require nodes to measure or react to their l|ad. A second,active
layer of load balancing [Karger and Ruhl 2004; Bharambe et al2004] can further
enhance load balance by observing load distributions on nogk and remapping Node
IDs accordingly. The active and passive load balancing techiques are orthogonal.

3.1.3 Inter-node Attribute Alternatives. The process we have described thus far
retrieves the identities of all reporting nodes matching al per-noderequirements in
the query, along with the values of those attributes. A numbe of alternatives also
exist for handling inter-node attributes, which are attributes de ned between pairs
of nodes, for example inter-node latency or available bandidth. These alternatives
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revolve around which nodes measure and report inter-node #tbutes, and how
inter-node measurements are stored and queried. With resmet to the rst issue,
we can have all nodes measure and report inter-node attribigs, or we can elect a
subset of nodes as \representatives" for other nodes that ar likely to have similar
values for the inter-node attribute in question. With respect to the second issue,
we can store inter-node measurements either within the DHT o externally.

The key distinction between per-node attributes and inter-node attributes (and
the main reason we separate the discussion into two di erensections) is the amount
of data that must be stored as the number of resources in the stem increases.
While per-node attributes scale linearly with the number of nodes in the system,
inter-node attributes scale exponentially. To reduce the esource consumption of
gathering O(N 2) inter-node measurements, SWORD leverages the observatiothat
nodes typically fall into equivalence classes for severahier-node attributes. For
example, the latency between Node A in Autonomous System 1 (81) and Node B
in AS2 is often approximately equal to the latency between ag node in AS1 and
any node in AS2. (While there are certainly exceptions to ths generalization, on
target infrastructures such as PlanetLab, we nd that this is true in most cases.)
SWORD therefore allows arbitrary groups of nodes to de ne a Vepresentative"
node that collects inter-node measurements on their behalfChoosing appropriate
representatives is an orthogonal issue that we do not addrasand might leverage
existing work on network-aware clustering [Krishnamurthy and Wang 2000; Chen
et al. 2004]. The mapping from each node to its representati is one of the per-node
attributes that nodes report; this is essentially an \object location" pointer. We
allow arbitrary equivalence classes to be de ned, perhapsrogranularities smaller
than ASes.

The distributed query that retrieves inter-node measurements could take a num-
ber of forms. For example, we could use an approach similar tmur per-node
attribute range search but use as the DHT key an inter-node masurement range,
for example \10-20 ms", and use as the values stored at that ke the list of node
pairs whose inter-node measurements are within that rangefor example all node-
pairs whose inter-node latency is between 10 ms to 20 ms. Theugry would visit
the DHT keys corresponding to inter-node value ranges spe@d by the inter-node
requirements of the query, and the servers responsible fohbse keys would return
all nodes such that both endpoints are nodes returned from tke per-node attribute
guery step. Note that choosing the \resolution" of these graups well requires some
knowledge of the distribution of inter-node measurements.

Alternatively, the DHT key could be a mixture of an IP address and an inter-
node measurement range, for example \10.0.0.1, 10-20 ms". &ktould then use as
the values stored for that key the list of nodes whose inter-nde measurement from
the indicated node is within that range, for example all nodes that are within 10 ms
to 20 ms from the node 10.0.0.1. In this case, the query wouldisit the DHT keys
corresponding to inter-node value ranges speci ed by the iter-node requirements
of the query for the nodes that were returned in the per-node #ribute query step.

A third approach would be to use as the DHT key simply the IP address |
of a representative, and use as the values stored for that kew list of all other
representatives and their inter-node measurement from thaepresentative with IP
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addressl| . This approach does not allow us to perform a distributedrange query,
only a distributed query, with the range ltering done on the querying node once
it has received all pairwise measurements among all represgtives of interest.

Our distributed query processor implementation actually uses a variant of the
third approach: instead of storing inter-node measuremers in the DHT, represen-
tatives themselves store the inter-node measurements thathey collect. This tech-
nigue saves them the bandwidth of having to publish a potentally large number
of inter-node measurements into the DHT. Such savings are pécularly bene cial
if representatives measure inter-node attributes often, ér high accuracy. Thus, in
SWORD, after a querying node receives the node report® from the per-node at-
tribute range query, the querying node issues a second disbuted query, to the
representative nodes indicated inR, to obtain the inter-node attribute(s) of inter-
est among those representative nodes. This two-step procgss essentially a \join"
operation. To bootstrap this process, each node in the systa need only know the
identity of its own representative. Each node periodically reports the identity of
its representative as part of its measurement reports. Whera representative node
boots, it performs a standard SWORD distributed query to nd the identities of
all other representatives in the system, and begins measurg to them.

3.2 Optimizer Implementation

Section 3.1.1 describes how the query processor obtains anges the per-node
measurements to create a set of candidate nodes, and Secti@il.3 discusses how
to gather the corresponding inter-node measurements. It igmportant to realize
that the query processor designs previously discussed do hdter based on inter-
node measurements. They also do not compute any penalties. HBy simply perform
a disitributed range search for per-node attributes, and then gather the inter-node
measurements for the candidate nodes that meet the per-nodeonstraints speci ed
in the query. These candidate nodes and their correspondinger-node and inter-
node measurements are then fed to the optimizer. It is the ofdmizer's role to
determine an appropriate mapping of nodes to the groups speéed in the query.
The optimizer computation is not itself distributed, as it r uns only on the \query
node" that receives the initial query from the client. However, because a client may
contact any SWORD node as its proxy, the computation is e ectively distributed
on a per-request basis, assuming nodes choose proxies ramdg

The optimizer proceeds in several steps. The input to each sp is a list of nodes
organized into groups, and the output is also a list of hodes anized into groups.
Some phases use heuristics to improve their running time athe expense of solution
optimality; we describe those heuristics below, and analya their impact on running
time and solution optimality in Section 4.2.

Phase 1 computes per-node penalties based on the penalty functionde ned in
the user's query. We take as input a list of candidate nodes fsm the query proces-
sor, and the corresponding per-node and inter-node measurents. The optimizer
creates, for each group in the user's query, a list of candida nodes sorted by the
per-node penalty associated with placing that node in the goup. Note that the
per-node penalty associated with placing a node in a group isot a ected by the
choice of other nodes in the group. In other words, we assumehat the per-node
penalties are independent from each other.
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Phase 2 computes per-group penalties using the per-node penaltiesom Phase
1, in addition to the inter-node penalties associated with ech group that are com-
puted in this phase. For each group in the user's query, we ciage combinations
of nodes from the Phase 1 candidate list that also meet the intenode constraints
speci ed in they query. These combinations of nodes are cadd \candidate groups."
Once all possible candidate groups have been formed for eaghoup speci ed in the
user's query, the optimizer sorts the candidate groups baskon total group penalty,
which is computed by summing the per-node attribute penalties across all nodes
in the group plus the inter-node attribute penalties. Note that given a list of n
candidate nodes for a group that requirek nodes, there are E possible candidate
groups that must be considered, though all candidate groupsio not necessarily
satisfy the inter-node requirements.

Creating groups of a specic size that satisfy the inter-node constraints is an
NP Hard problem; it is an instance of the k-clique search problem. Thus, as an
optimization, we form groups that use the lower-penalty noces in the list passed in
from Phase 1 before we use the higher-penalty nodes in the listWe can do this
easily since Phase 1 sorts the nodes based on per-node peresti Furthermore, we
allow the user to specify a maximum per-group running time fa this phase of the
computation. Therefore, if the computation is terminated for a particular group
before all candidate groups are enumerated, the candidatergups that have been
formed thus far will have low per-node penalties, and thus ae likely to yield groups
with low overall (per-node plus inter-node) penalty. This heuristic will not help,
however, if the inter-node constraints are given much more wight in the user's
query than per-node constraints. In that case, groups with bw per-node penalty
may not have low overall penalty, and the candidate groups wih low overall penalty
will never be formed if the computation is cut short in the way we described. The
output of Phase 2 is one list of candidate groups per group in te user's query.
Each list is sorted by overall group penalty before being passd to Phase 3.

Phase 3 computes total solution penalty based on the already-compted per-
node and inter-node (also called per-group) penalties, plsi inter-group penalties
computed in this phase. We enumerate a list of \candidate anwers" to the user's
query. These are combinations of candidate groups from Phasg that satisfy the
query's inter-group constraints; they are therefore potetial \solutions" to the user's
query. For example, given lists from Phase 2 of size, b, and ¢, Phase 3 could
generate up toa b c candidate answers, though not all may satisfy the inter-
group requirements.

Creating candidate answers that satisfy the inter-group castraints is again an
NP hard problem. Thus, as an optimization, we form solutionsthat use the lower-
penalty candidate groups from each list passed in from Phase Before we use the
higher-penalty groups from those lists. As in Phase 2, we impge an optional user-
speci ed limit on the running time of this phase. If the computation times out
before the full search is complete, the candidate answers #i have been formed
up to that point will have low per-group penalties, and thus are likely to yield
answers with low overall (per-group plus inter-group) pendty. Analogous to our
caveat on this optimization in phase 2, this heuristic is notuseful if the user's query
weights inter-group constraints much more heavily than pergroup constraints. In
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that event, groups with low per-group penalty may contribut e signi cant penalty
to the overall solution, and the candidate answers with low eerall penalty will
never be formed if the computation is cut short. The output of Phase 3 is one or
more \candidate answers" along with their associated pendles; these solutions are
returned to the user.

In Section 4.2, we examine several heuristics for reducinghe optimizer's running
time, possibly at the expense of solution optimality. Three second timeout
simply runs the exponential search for three seconds and ratns the best solution
found at the end of that time. The three second time budget is &enly divided
between Phase 2 and Phase 3 described abov&op half of candidates searches
only the lowest-penalty half of the candidate groups. Top 5 candidates tries to
shortcut the previous heuristic by eliminating all but the t op 5 candidates for each
group before running the search. Finally, since the groups i@ sorted based on
overall penalty, and the lowest penalty groups are processk rst, the rst answer
found may be relatively good compared to the optimal solution. Thus the First
answer heuristic runs the exponential search but stops as soon as #h rst valid
solution is found.

3.3 PlanetLab Implementation and Deployment

SWORD has been running as a publicly-accessible service ondtletLab since June
2004. A SWORD instance runs on every PlanetLab node, periodally issuing
measurement reports. A user creates a query by either manulgl writing XML or
using the SWORD web interface which automatically generats XML. The web
interface (or publicly available command line client) then makes a TCP connection
to any SWORD instance, and sends the text of the query over theconnection.
The contacted SWORD instance invokes its query processor wbh issues a search
for nodes meeting the per-node criteria and gathers the coasponding inter-node
requirements, and invokes its optimizer (locally) using the result of the search. That
node then returns to the user over the same TCP connection theesult, which is a
list of nodes, the groups to which they have been assigned byhe optimizer, total
penalties accrued, and if desired, the raw node measurementhat were used in
making the assignment.

SWORD can also be used programmatically. For example, the Plgh [Albrecht
et al. 2006] distributed application management system taks a user de ned de-
scription of a distributed application, and then automates the process of nding
resources, preparing them for execution, running any exedables, and recovering
from failures for the duration of an application's lifecycle. For PlanetLab users,
Plush has the ability to use SWORD as its resource discovery ashservice placement
component. Thus Plush \closes the loop" of the application dgloyment process, by
automatically instantiating a user's application on the nodes returned by SWORD.
The Bellagio [AuYoung et al. 2004] microeconomic-based resirce allocation system
similarly uses SWORD as its resource discovery component. btivated from the
development and use of these technologies, we present quéative evidence that
applications benet from using resource discovery servicg in making deployment
decisions in [Oppenheimer et al. 2006].

SWORD currently uses four data sources for resource measurents on Plan-
etLab: a Vivaldi [Dabek et al. 2004] network coordinates impgementation that is
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built into SWORD, the Ganglia [Massie et al. 2004] daemon on ach node that col-

lects node-level measurements, and the \CoTop" tool [Pai ] mvoked on each node
to collect slice-level measurements from the slicestat [Qin ] sensor. Because the
number of nodes on PlanetLab is relatively small, we are abled con gure every

node as a \representative" without imposing extraordinary inter-node measurement
or storage overhead.

For SWORD's PlanetLab deployment, we extended the query langiage to allow
users to specify, for each group in their query, the maximum omber of nodes that
can be assigned to that group from any single PlanetLab site. Tis feature allows
the user some protection from correlated failures that disonnect all of a site's
nodes from the network, such as a power failure or failure ofhe site's Internet
gateway. For example, a user might request 10 nodes from 10 drent sites instead
of running the risk that all 10 nodes will come from the same die. A \site" can be
de ned arbitrarily; we use the simple approximation of assigning a site ID to each
node as the hash of its DNS su x, but other approximations such as the node's AS
number could be used, or a delegation model could be used in vdh each site that
joins PlanetLab is assigned a site number by a central authoty, and the site then
autonomously creates sub-sites by appending additional gjits to their site number.

To add an attribute to SWORD, a reporting node's administrat or may choose to
use one of the four defaultf o, functions or a custom-written function. Our current
implementation trusts administrators to supply well-behaved f» functions when
they add attributes with custom f, functions to the system; protecting against
malicious or misbehaving user code that might in nite loop or crash is left as future
work. Once a new attribute is installed on a reporting node, SVORD itself can
be used to distribute the attribute's identity and its fa function: reporting nodes
can include a list of the names of the attributes they report,and the corresponding
fa's, in their measurement reports. All nodes can periodicaly probe the full range
of this attribute to retrieve all other nodes' reported attr ibutes and f5's. If one
node is the \seed" node that introduces an attribute, all nodes will discover the
new attribute and its f function the next time they conduct such a probe query.

4. PERFORMANCE EVALUATION

We are interested in evaluating the following properties of SWORD: (i) How does
the performance of the various DHT-based range search appazhes compare to one
another and to the xed-servers implementation? (ii) How does workload intensity
a ect performance? (iii) How do our optimizer heuristics impact optimizer perfor-
mance and accuracy compared to performing the full exponeial search? (iv) How
well does our system perform on PlanetLab?

In Section 4.1 we focus on the rst two questions, describingthe results of an
emulation-based evaluation of our distributed query procesor con gurations. In
Section 4.2 we address the third question, examining the péormance of the opti-
mizer. Finally, in Section 4.3 we address the question of péormance on PlanetLab.

4.1 Emulation-based Evaluation

Our emulation experiments focus on the performance of SWORDB distributed
query processor that retrieve per-node and inter-node measements. We choose
qguery latency as our performance metric because SWORD usersay periodically
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re-query SWORD to adapt their application to changing node and network con-
ditions, or as the resource needs of their application chares. For our emulation
experiments, we run the distributed query processor to coct per-node and inter-
node measurements, but we do not invoke the optimizer on theasult. We evaluate
optimizer performance separately in Section 4.2, and the ato-end performance
of the entire system, on PlanetLab, in Section 4.3.

We evaluated SWORD's query processor on a cluster of 40 IBM x&ies PCs with
Dual 1 GHz Pentium Il processors, 1.5 GB of RAM, and Gigabit Ethernet. We
used ModelNet [Vahdat et al. 2002] with an INET topology [Chang et al. 2002] con-
sisting of 10,000 transit nodes, 1,000 (virtual) client noes, and 8 client nodes per
stub. In ModelNet, packet transmissions are routed throughemulators responsible
for accurately emulating the hop-by-hop delay, bandwidth, and congestion of a net-
work topology. Propagation delays in the network topology ar calculated based on
the relative placement of the network nodes in the plane by INET. Groups of net-
work nodes are classi ed as being client, stub, or transit dpending on their location
in the network. Transit-transit links were given 150 Mb/s (O C3) bandwidth and
client-stub links 384 Kb/s bandwidth. Latencies were basedon the INET topology.
1=32 of the nodes were chosen as \representatives." When evalting the Fixed
and Index approaches, the infrastructure servers were grqued into 4-node stub
domains each with 150 Mb/s, 1 ms latency connections to theirupstream transit
node. For the DHT-based approaches, we used the Bamboo DHT.

Our baseline workload consisted of measurement updates angueries issued by
each of 1000 virtual nodes. The content of updates were takefrom a represen-
tative one-hour portion of a trace of Ganglia measurements allected from all live
PlanetLab nodes every 5 minutes between July 2004 and Octobe2004. Updates
contain 32 metrics collected by Ganglia during that time period, along with Vivaldi
network coordinates and several debugging attributes, fora total of 40 attributes.

Queries contained ve per-node attributes| fteen-minute load average, free disk
space, free memory, network receive bandwidth, and networkransmit bandwidth|
and one inter-node attribute, inter-node latency. Querieswere formulated according
to a distribution such that they requested a minimum amount of disk space that
is Zipf distributed between 10 MB and 100 MB (biased toward the high end of
the range); a fteen-minute load average less than a unifornly distributed value
between 0 and 5.0; a minimum amount of free memory that is Zipfdistributed
between 0 MB and 48 MB (biased toward the high end of the range) bytes per
second in and out (competing tra c¢) that is no more than 0.1 MB /s for half of the
queries and unconstrained for the other queries, and intenrode latency between
0 ms and 1000 ms. Because our trace contained valid data for gn124 PlanetLab
nodes, we emulated a 1000-node system by replicating each tife 124 entries an
average of 8 times. The median number of nodes returned per guy was 120 and
the 90th percentile was 160. In the DHT approaches, attribuie bits are assigned so
that each of the 40 attributes is mapped to a sub-region contaming 25 nodes.

We examined the four query processor architectures from Séon 3.1 under a
variety of workloads. For evaluating the Fixed and Index approaches, we modi ed
the emulated topology so that the data servers and index semrs, respectively, were
each placed intoN=4 groups of 4 nodes each, wherd is the number of Fixed (2,
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Fig. 7. (a) 90th percentile latency of the SingleQuery vs. Mult iQuery approaches. (b) 90th
percentile latency of range query approaches.

4, 8, or 16) or Index (4) servers used. (For Fixed-2, one groupf 2 nodes was
used.) As previously mentioned, each group was given a 150 Mf 1 ms latency
network connection to its upstream transit node, and serves within a group were
given 150 Mb/s point-to-point communication links. This co n guration is intended

to emulate an environment in which a service provider has plaed the N servers in
N=4 geographically distributed, well-connected co-locatio centers. For Index, we
chose to use 4 index servers because preliminary results stexd that using fewer
worsened performance, while using more did not improve pesfmance signi cantly.

4.1.1 Distributed Query Latency. Figure 7(a) shows the impact of range-search
approach and workload intensity on the latency to satisfy the range query for per-
node attributes in both the SingleQuery and MultiQuery approaches, with a work-
load of 3 or 4 updates/hour/node and 3 or 4 queries/hour/node evenly generated
by all nodes. At higher workload rates, our emulation cluste's processors became
overloaded for the MultiQuery approach. The primary reason for the di erence
between SingleQuery and MultiQuery is that the network bandwidth consumed by
the larger number of nodes returned to the querying node by MitiQuery compared
to SingleQuery creates su cient congestion to overwhelm the bene t MultiQuery
derives from sending only one attribute per measurement reprt. We would expect
that substantially increasing the number of attributes per update, substantially de-
creasing the number of attributes per query, or decreasingtte selectivity of queries,
would serve to reduce this performance di erence somewhat. However, we be-
lieve our choice of these values is reasonable for an expeemtal resource discovery
workload. Since these experiments reveal that SingleQuerglearly outperforms
MultiQuery for our \typical" resource discovery workload b y at least an order of
magnitude, so we do not consider MultiQuery in the remainderof our evaluation.

Figure 7(b) shows the impact of range-search approach and wkload intensity on
the latency to satisfy the range query for per-node attributes for the SingleQuery,
Index, and Fixed approaches, with a workload of 12 or 24 updas/hour/node and
12 or 24 queries/hour/node, evenly generated by all nodes ¢eept the servers in the
Index and Fixed approaches). We see that Index always outpéorms SingleQuery.
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This result is reasonable because queries in Index take theehops in paralleljone
to the index server(s), one to the DHT server(s) storing meagrements, and one
back to the querying node|while a query in SingleQuery visit s up to 25 nodes.

The Fixed approaches vary greatly in performance. With two rvers (Fixed-
2), Fixed underperforms the DHT-based approaches (Single@ery and Index) for
all workloads. This is likely due to the limited bandwidth and processing power
that using only 2 servers provides. With four servers (Fixed4), Fixed outperforms
the DHT-based approaches for all but the 12 updates/hour + 24 queries/hour
workload. Again the main limitation for the more intense query workload was the
lack of su cient bandwidth and processing power on the serve nodes. With eight
or sixteen servers (Fixed-8 or Fixed-16), Fixed always outprforms the DHT-based
approaches (SingleQuery and Index). This result suggestshiat a more centralized
approach using a xed infrastructure cluster with a relativ ely small number of nodes
and high-bandwidth network connections better supports the resource discovery
workload that we tested than an infrastructure based on endnodes organized into a
DHT. As predicted, the main problem experienced with the cenralized architecture
was lack of scalability due to insu cient network bandwidth , and the smaller cluster
con gurations that performed poorly did so because of netwok congestion, which
we veri ed by examining router queues.

Although the above workloads included retrieval of inter-node measurements
from representatives, our graphs show only the time for the ange search over
per-node measurements. We found that the end-to-end query necessor latency|
in other words, including per-node attribute and inter-node attribute retrievall|
followed exactly the same trend as the per-node attribute ldency alone. The ex-
planation for this observation is that inter-node measurenent retrieval is a ected by
the same congestion as per-node measurement retrieval. Weund that the amount
of time to retrieve inter-node measurements was about 600 m&r the DHT-based
approaches, about 450 ms for the Fixed-8, Fixed-16, and Fix&4 workloads that
outperformed the DHT approaches in Figure 7, and was 1000 msrayreater for the
remaining Fixed variants and workloads.

Our use of representatives has a signi cant impact on 90th pecentile end-to-
end query processor latency. For the 12 updates/hour/node 12 queries/hour/node
workload, we compared selecting all nodes in the system aspeesentatives to select-
ing only half of them. This latter con guration reduced query latency by more than
70% for the Fixed-2 and Fixed-4 implementations, where netwrk congestion at the
xed servers is high and bandwidth consumption savings are lus very valuable,
and by 7% in the SingleQuery approach.

4.2 Optimizer Performance

Due to the complexity of the searches that the optimizer perbrms, it is bene cial
to consider some heuristics that reduce the size of the spadbat must be searched.
Although more complicated algorithms exist for solving this optimization problem,
we chose to evaluate some simple heuristics that attempt tolsortcut the full expo-
nential search while still nding a solution that is close to the optimal. The specic
heuristics that we evaluated were described in Section 3.2.

We measured the performance of the optimizer on a single 3 GHPentium 4
processor node with 512 MB of RAM. The workload consisted of geries containing
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Fig. 8. (a) Runtime of optimizer using di erent heuristics sho  wn as a percentage of the runtime
to complete the full exponential search. The x-axis shows the total number of possible group

combinations that would be checked if the complete exponent ial search were run. (b) Accuracy of

optimizer heuristics relative to the optimal solution found i n the full exponential search. The x-

axis shows the total number of possible group combinations th at would be checked if the complete
exponential search were run. The \Equal" bars represent queries whe re the penalties assigned to
all attributes are weighted equally. The \Unequal" bars represen t queries in which the penalty

assigned to the inter-group constraint is 10 times greater thant he per-node and per-group inter-
node attributes' penalties. A missing bar indicates that no s  olution was found.

2 or 3 groups. The queries required load less than a value beegn 0 and 5, inter-
node latency within each group less than 100 ms, and at leastn® inter-group link
between 0 ms and 200 ms. The \preferred" attribute values intuded load less than
1, inter-node latency within each group between 5 ms and 50 msand at least one
inter-group link between 50 ms and 100 ms. The underlying da used for all queries
was taken from a snapshot of Ganglia system resource statists and all-pairs-ping
measurement from PlanetLab in October 2004. The queries wersatis ed by less
than 20% of the possible group combinations for all experimets. We considered two
settings for the penalties of the queries. For half of the expriments, all attributes
(per-node load, pairwise intra-group latency, and inter-goup latency) were assigned
equal penalties. For the other half, the inter-group lateng attribute was assigned
a penalty 10 times greater than the per-node and inter-node #iributes to explore
the \pathological" case where the sorting based on per-nodand per-group total
penalties does not provide any benet to the complete search

To quantify the bene ts of the various heuristics, Figure 8(a) shows the running
time of the optimizer using each of our heuristics, as a peregage of the optimizer
running time when using the full exponential search. The time for the full expo-
nential search was 0.28, 1.52, 8.75, and 72.8 seconds for 824389, 103823, and
729000 group combinations examined, respectively. For snlanumbers of possible
group combinations, the bene ts of using the heuristics arerelatively small since
the runtime for the full search is small. But for larger problems, the savings gained
from using a heuristic is signi cant, reducing a 72 second sarch to a few seconds.

Reducing the time of the search is only useful if the result reurned maintains an
acceptable level of \accuracy,” which in this case implies hat the solution is found
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(if it exists) and it is still close to optimal. Figure 8(b) sh ows the accuracy of the
various heuristics relative to the results that the full exponential search nds. These
results show that some of the heuristics perform signi canty better than others.
The \3-seconds" heuristic performs well for small searchgsthough for half of the
experiments the full exponential search completed in lesshian 3 seconds anyway.
The \top half" heuristic performs well in all cases and, for our workload, actually
nds the optimal solution in all but one case. The \rst answe r" approach is the
least accurate heuristic, particularly in the cases where he inter-group constraint
is heavily weighted, returning solutions with penalties sibstantially higher than the
optimal penalty. The explanation for this result is that the inter-group latency is
the dominant factor in the total penalty achieved, so the soting that helps nd
good answers early by considering groups with lower penakts rst does not have
a noticeable impact. Finally, the \top 5" heuristic does not nd a feasible solution
at all in half of our cases, while the other approaches alwaydo. Thus we conclude
that the \top half" heuristic o ers the best performance-ac curacy tradeo .

4.3 End-to-end Performance on PlanetLab

In addition to evaluating SWORD in an emulated environment, we evaluated
SWORD on PlanetLab. Compared to ModelNet, PlanetLab has a smder number
of nodes, more processor contention, and a wide range of int@ode bandwidths.
We ran our experiments on PlanetLab in July 2004 on two sets of ndes (one is a
subset of the other): i) all 214 usable nodes that were conngéed to the commodity
Internet, that is, all usable nodes that were not connected aly to Internet-2 2; and
ii) the subset of the rst set that is used by CoDeeN, a content distribution net-
work that runs on PlanetLab. This second set of 108 nodes are kbt universities
in North America and tend to have high-bandwidth, low-latency network paths to
one another. We deployed SWORD in the SingleQuery con guraton.

2Bamboo needs symmetric reachability among nodes, hence ths restriction.
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Each node reported the same number of metrics as our ModelNetxperiments.
We ran the experiments with updates at a 2 minute interval and at a 4 minute
interval but found no signi cant di erence in the performan ce results, so we report
only the 2-minute interval results here. We measured query dtency when a single
guery was in the system at a time; the measured times thus rem@sent the \best
case" latency. We issued a series of queries, each requegtitwo groups of 4 nodes
each, such that the inter-node latency among all nodes witm each group was
between 0 ms and 150 ms, and the load on each node was betweenr@l &\ , where
N was varied in each query so as to cover all integers between hé 15, inclusive.

Figures 9(a) and (b) show the median latency for the distributed range query and
the optimizer runtime, as a function of the upper bound of the load requested, and
hence the number of candidate nodes returned, with a query i@ of one query per
minute. The number of candidate nodes returned ranged from @8 to 214 for the
all-non-12-nodes con guration, and 34 to 108 for the CoDeeNonly con guration,
depending on the range of loads requested. The number of DHTades searched
ranged from 2 to 9 and 1 to 6 for the two con gurations, respecively.

Figure 9(a) shows that SWORD's range search performs reasatly well on Plan-
etLab, returning results to the optimizer within a few seconds even when all nodes
are returned by the range query. The graph also shows that fothese relatively
small con gurations, in which at most 9 nodes are searched, st performance ef-
fects are in the \noise" except for the number of candidate nales returned. This
observation suggests thatif real-world user queries on PlanetLab commonly return
hundreds of candidate nodes, we can improve SWORD's perforance by returning
fewer nodes at the expense of providing approximate solutiws, or by compressing
returned data. Figure 9(b) shows SWORD's optimizer latency increasing as the
number of candidate nodes increases. Here the increasingtésmcy is not due to
data transfer, but because of the larger input to the optimizer algorithm. This
graph shows that on a shared platform where other jobs are cdanding for the pro-
cessor (PlanetLab nodes in July 2004 were often highly load¢doptimizer latency
is potentially signi cant if a large number of candidate nodes is returned.

Finally, Figure 10 shows range query latency as a function ofquery rate for
SWORD in three con gurations: the SingleQuery con guratio n, a Fixed-1 con gu-
ration, in which all measurement reports and queries are séno a single node, and a
Fixed-2 con guration in which half of all measurement reports are sent to one node,
half of all measurement reports are sent to a second node, arall queries are sent
to both nodes. The workload for this experiment was identica to that for the \All
non-12-only nodes" con guration of the previous experimert with \load requested"”
set to 15. However, this experiment was run several months &r the one described
earlier in this section, so the absolute latencies are not dectly comparable. The
error bars in the graph correspond to the SingleQuery con guation; we omit er-
ror bars for the centralized con gurations for clarity. The important observation
in this graph is that for these workloads, the Fixed-2 centrdized implementation
always outperforms the DHT-based implementation and the Fked-1 centralized
implementation outperforms the DHT-based implementation with a query rate at
or below forty queries per minute.

ACM Transactions on Internet Technology, Vol. 8, No. 2, May 2 008.



30 Jeannie Albrecht et al.

20000

ixed-
18000 [ o
16000 -
14000 -
12000 | -
10000 - ) e

8000

Median Query Latency (ms)
\

6000 [

4000

2000

Fig. 10. Range query latency versus workload rate, expressed as to tal queries per minute issued
across the entire system. The error bars show 10th and 90th percenti le values over 10 runs.

5. OBSERVATIONS AND LESSONS LEARNED FROM SWORD ON PLANETLAB

In this section, we present several lessons learned from ogdieployment and opera-
tion of SWORD on PlanetLab for several months. For each obseration, we have
italicized the point we feel generalizes to services beyon8WORD and likely to
future testbeds other than PlanetLab.

The claim has been made that DHTs are important distributed application build-
ing blocks becausea service built on top of a DHT will automatically inherit the
DHT's self-con guration, self-healing, and scalability. We found this claim to be
largely true, although our centralized architectures did autperform the distributed
designs when there was su cient bandwidth and processing pwer for the central
servers to operate. Using a DHT also simpli ed the implementtion of our dis-
tributed architectures. Bamboo's neighbor heartbeat meclanism and node join
bootstrap protocol automatically repartitioned the keyspace|and hence the range
partition mapping of measurement reports to servers|when D HT nodes joined or
left, voluntarily or due to failure or recovery, without the need for human involve-
ment or application-level heartbeats within SWORD.

Our second observation stems from the fact that managed infistructure dis-
tributed testbeds like PlanetLab tend to be small, particularly in contrast to end-
user peer-to-peer networks like Kazaa [Kazaa 2001] or pulgliresource computing
networks like BOINC [Red Herring Magazine 2004], both of whch typically have
thousands to perhaps millions of nodes participating at anyone time. To handle the
resource discovery needs of a platform the size of PlanetLala resource discovery
system with a few centralized server sites, each containingne or a few clustered
machines, provides su cient performance, as Figure 10 sugests.

More generally, at such small scales, simple architectureequently outperform
peer-to-peer architectures. This advantage is especiallfgrue for non-compute-
intensive, low-bandwidth applications, as such applicatons by their nature will
not benet signi cantly from the many extra processors and network links that
peer-to-peer architectures provide. SWORD is an example o$uch an application:
although its performance bene ts from parallelizing the work of the optimizer on
a per-query basis, the dominant performance factor is the sgiential visiting of
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nodes during the range search, with each traversal incurrig one average-latency
network hop. Such multiple wide-area network hops are unneessary when the ap-
plication is deployed across a small testbed. Thus, our obseation is that when
deploying a system that targets a platform the size of Plankdb, it may be worth-
while to evaluate a centralized implementation before embdng on a peer-to-peer
implementation. Among the factors that should be considered are as follows.

| Performance for expected workload and scale:As already mentioned, the
tradeo s between peer-to-peer and more centralized implerantations are highly
dependent on expected system scale and workload.

| Availability and disaster tolerance requirements: DHTs provide node and net-
work link failure and recovery detection and automatic repartitioning of ownership
of the keyspace in the event of node and network link failure ad recovery. Such
automatic failover is also possible in centralized implemstations, though typically
requiring an external mechanism such as a front-end failuraletecting load balanc-
ing switch. DHTs provide disaster tolerance when they replcate data; non-peer-to-
peer multi-site implementations can also provide disastertolerance at the expense
of additional failover mechanisms.

| Implementation e ort, given desired features: It is much easier to build a
service to run on a single node than it is to build a service to un on a peer-to-peer
network. Between these two extremes are services built to nu on a cluster at a
single site or across a small number of sites. The implementi®n e ort required
for these various architectures depends on the type of sere& implemented and its
desired scalability and availability.

| Debugging e ort: Likewise, it is much easier to debug an application running
on a single node than it is to debug one running on a peer-to-p& network. Be-
tween these two extremes are services built to run on a clusteat a single site or
across a small number of sites. The implementation e ort regiired for these various
architectures is application-speci c.

| Security: Peer-to-peer networks, whether installed in users' homesrospread
across a large number of managed sites as in PlanetLab, storeath on hundreds or
more nodes. Because of the wide distribution and federated emagement of these
nodes, it is likely to be easier for an attacker to compromisedata in a distributed
implementation than it is for an attacker to compromise data when the service is
deployed at xed, pre-authenticated datacenters. We disciss speci ¢ security issues
related to SWORD in Section 7.

Another challenge we overcame during our deployment of SWOR was keeping
the service running continuously on PlanetLab. We used the PlaetLab Application
Manager [Huebsch 2004] to automatically restart crashed SWWRD instances. It
was important to disable this feature during debugging, hovever, since in that
setting a crashed application instance generally indicate a bug that needs to be
xed. Automatic re-start was a mixed blessingonce we had deployed the service in
\production." While it allowed SWORD to recover quickly fro m node reboots, and
allowed us to continue to provide the service in the face of bgs, it hid transient
bugs. Because periodically collecting log les from hundrds of machines to look
for restarts is time-consuming and resource intensive, a mme sensible approach
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is to automatically email the service operator the most recet log le each time

the application is restarted on a node. Restart allows a serice to handle failure
gracefully, but care must be taken to notify an operator and peserve forensic
evidence when failures do occur, so that the underlying bugan be xed.

Finally, we note that when it comes to evaluating distributed applications, Plan-
etLab o ers several bene ts and drawbacks compared to more ttaditional platforms
such as fast network simulatior? and cluster-based emulation. These tradeo s fall
into the following categories.

| Scale: During our measurement period, PlanetLab consisted of about500
physical nodes, about two thirds of which were typically onine and functional
at any one time. In contrast, cluster-based emulation typically allows evaluation
of applications with ten or twenty \virtual nodes" per physi cal cluster node; for
example, when evaluating SWORD, we found that we could emulte a network
of about 1000 \virtual nodes" on 40 physical nodes before proessor contention
due to multiplexing many virtual nodes per physical machine began to a ect our
performance measurements. Simulation is arguably the mosscalable evaluation
method. Unlike PlanetLab and emulation, it does not run in real-time, so an
arbitrarily large system can be simulated if the experimentr is willing to wait long
enough and is able to provision the machine running the simwtion with su cient
virtual memory.

| Network topology and link characteristics: The PlanetLab network topology is
\hard-wired" based on the nodes that have elected to particpate in PlanetLab, but
these network links re ect real-world latency, bandwidth constraints, and packet
loss rates. In contrast, simulation allows the experimente to create an arbitrary
network topology, but fast network simulators typically si mulate only network la-
tency, not bandwidth constraints or packet loss. Emulation oers the best of both
words, enabling the creation of arbitrary network topologies and emulation of user-
de ned latency, bandwidth, and loss rate on each network lirk.

| Competition for resources: Applications running on PlanetLab nodes are ex-
posed to contention from other applications for processormemory, disk, and net-
work resources. Applications running in emulation can be shjected to contention
for these resources in a more controlled way. Fast network siulators, because they
are network simulators and not processor or operating systa simulators, cannot
evaluate the application impact of contention for node resairces. Thus emulation,
and to some extent PlanetLab deployment, are the best platfoms for studying
application sensitivity to resource constraints.

| Workload: A key bene t of PlanetLab deployment is that applications can be
o ered as a service to others, and thereby can be exposed to @al user workload.
Of course, the challenge is attracting enough users to the séce to meaningfully
characterize typical usage. Our current SWORD deployment fas not yet met this
criteria, but we hope that its integration with Plush, descri bed in Section 3.3, will
attract more users and thereby enable to us to draw conclusios about what a
\typical" SWORD query workload is. On the other hand, we were able to use

3By \fast network simulation" we mean simulators such as p2psim  [Li et al. 2005] or the simulator
that is distributed with Bamboo and Tapestry.
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PlanetLab to derive a typical SWORD \update" workload, by obs erving the node
utilization data that SWORD measured from Ganglia and other sources.

| Operator actions: Because PlanetLab nodes are deployed across hundreds of

sites and operated by local site administrators and PlanetL#& Central, they are sub-
jected to a realistic set of operator actions|some bene cial to availability and/or
performance, and some detrimental. However, users cannotibject nodes to the full
range of operator actions that they can in a dedicated clusteenvironment, because
they do not have access to the physical machine or root access the underlying
operating systenf. Finally, operator actions cannot be realistically represnted at

all in a fast network simulator, as neither the hardware nor qerating system is
simulated.

| Faults: Because PlanetLab nodes are deployed across hundreds of sit¢hey
are subjected to a realistic set of hardware, operating sygm, and operator faults.
Furthermore, application deployers are free to inject applcation-level faults of their
choosing. However, because PlanetLab users do not have acsds the hardware or
underlying operating system, they are limited to injecting arbitrary faults into the
application and virtualized operating system (vserver) layer of their system only.
Emulation, because it runs in a dedicated cluster environmety allows introduction
of the full set of hardware, operating system, and applicatbn-level faults. Simu-
lation cannot realistically re ect faults; in essence, the best a simulator can do is
to map all faults into a single fault, namely node disconnecton from the simulated
network.

| Reproducibility: The large size of the error bars in our graphs in Figure 10
shows that one of the key drawbacks of PlanetLab experimentabn is reproducibil-
ity. Due to varying contention for processor, memory, netwak, and disk 1/O re-
sources, performance varies signi cantly over even shortite periods. This fact
makes it di cult to use PlanetLab to ascertain the performanc e impact of a design
parameter by varying that parameter over multiple runs, as many other factors will
be varying across those runs outside of the experimenter'sontrol. In contrast, the
controlled environments of an emulation cluster and a simutor allow the same ex-
periment to be repeated multiple times, with only the desired parameter(s) changing
between runs. We note that simulation is slightly more repraducible than emulation
because it allows a repeatably deterministic ordering of esnts, whereas emulation
allows events to become arbitrarily interleaved among di erent nodes.

| Experiment management: Deploying an application on a single-node simula-
tor is generally easy. Deploying an application on a clusteis slightly more di cult
because code and data must be distributed to the cluster nodg the application
must be started and stopped on the various nodes, and relevarog les must be
copied back to a central node if centralized analysis is dessd. The same steps
must be taken to run an application on PlanetLab, but with an additional twist:
nodes and network links may fail and recover during the applitation's deployment

4Each PlanetLab slice (user) is given a Linux vserver [Linux VSe rver 2003] environment on each
machine, providing namespace isolation (for les, processes , and other entities) but not a true
virtual or physical machine. This allows users to perform some of their own operator actions on
PlanetLab, but not the full set possible on a truly dedicated m  achine.
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and operational phases. Tools that deploy and monitor the aplication|not just
the application itself|must therefore handle failures gra cefully. Moreover, to un-
derstand application behavior, an experimenter must \factor out" the failures that
occurred outside of their control as the experiment ran.

Based on these observations, we conclude that PlanetLab ewstion comple-
ments, rather than replaces traditional evaluation approaches. We believe that in
the future, it will be common for system developers to obtainthe \best of both
worlds" by deploying their system on PlanetLab to obtain traces and/or models
of realistic workload, contention, and failures, and then wing those traces and/or
models to drive simulation or emulation. In this study, we have started along
these lines in a small way by generating the SWORD \update wokload" for our
experiments from a measurement trace taken from PlanetLab.

6. RELATED WORK

SWORD builds on work in resource discovery, Internet-scalequery processing, and
distributed range search. In this section we discuss how SWRD compares to
related work in each of these areas.

6.1 Resource discovery

Resource discovery has long been a research topic in the Gricbommunity [Cza-
jkowski et al. 2001]. The most widely-deployed Grid resoure discovery system is
the Globus Toolkit Monitoring and Discovery Service (MDS2) [Zhang and Schopf
2004]. MDS2 de nes an architecture in which \Information Providers" provide raw
measurement data, a \Grid Resource Information Service" (RIS) makes the infor-
mation available for querying, and a \Grid Index Informatio n Service" (GIIS) ag-
gregates data from GRISes. Globus provides an OpenLDAP-baseper-node GRIS
and allows users to plug in their own GIIS implementations. MDS2 data aggre-
gation follows an administrator-speci ed hierarchical structure. SWORD's query
processor could be used as a GIIS, connecting GRISes in a pderpeer fashion.
MDS3 and MDS4 have recently emerged as successors to MDS2 isimilar goals.

Kee et al. describe \virtual grids" [Kee et al. 2005]. The description language
vgDL allows users to describe resource requirements as harchies of homogeneous
or heterogeneous groups of nodes with good or poor connedtiy reminiscent of
SWORD's groups with per-node, inter-node, and inter-groupconstraints, but with
coarser-grained speci cations and support for arbitrarily deep hierarchies. The re-
source mapping component vgFAB stores resource measurentsronly in a central-
ized database, in contrast to SWORD which has the ability to g¢ore measurements
in groups of central servers or in a DHT. Also, vgFAB computesa bounded set
of pre-fabricated groups and stores them in the database rdter than dynamically
forming them on a query-by-query basis like SWORD.

Condor and its ClassAds language [Litzkow et al. 1988] prode similar func-
tionality to virtual grids and SWORD, absent the notion of gr oups and inter-node
connectivity constraints. Gang matching [Raman et al. 2003 extends Condor's
original bilateral matching scheme to a multilateral one, dlowing co-allocation of
multiple resources. Set matching [Liu et al. 2002] allows rquests that express ag-
gregate constraints. SWORD o ers ClassAds as one of its qugrlanguages; this
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provides users the exibility of ClassAds' more general serantics for ranking can-
didate nodes, but using this syntax users cannot specify irgr-node or inter-group
constraints or ranking functions. Redline [Liu and Foster 2004] formulates the
matching problem as a constraint satisfaction problem. These latter systems allow
expression of resource groups, but they do not o er a concisenethod to express
network topologies. Also, to date their implementations have been centralized.

XenoSearch [Spence and Harris 2003] supports DHT-based ntiéttribute range
gueries in a manner similar to our MultiQuery approach, but it uses a separate DHT
instance per attribute, creates its query routing structure explicitly rather than
using built-in DHT successor pointers, and provides approinate answers using
Bloom Filters. Additionally, SWORD allows users to de ne groups with inter-
node and inter-group requirements and \penalty functions" to rank nodes meeting
the requirements. SWORD penalty functions are a simple ver®n of more general
utility functions, which are well studied components in many resource management
and allocation mechanisms. Though utility functions are oten discussed in the
context of microeconomics and game theory, [Ferguson et all996] and [Ibaraki
and Katoh 1988] provide a survey of some of the earlier compet science research
that focuses on utility functions in resource allocation stiemes.

Huang and Steenkiste [Huang and Steenkiste 2003] describe raechanism for
network-sensitive service selection. Their system addregs problems similar to
the ones that SWORD addresses, but using only centralized da collection and
resource mapping. They focus on nding single groups that met target criteria for
a desired application, rather than multiple groups with int er-node and inter-group
characteristics as SWORD does.

The network topology embedding problem is formulated as a costraint satisfac-
tion problem in [Considine et al. 2003] for wide-area netwodks and as an optimiza-
tion problem in [White et al. 2002] for cluster networks. Similar to SWORD, the
former system nds the best \embedding" of a user's requestd emulated network
topology within the graph of PlanetLab nodes, while the latter maps a user's re-
guested emulated network topology to a set of physical clugr resources that o er
emulation capabilities.

PlaceLab [Chawathe et al. 2005] is a resource discovery sece for locating nearby
WiFi hotspots. Organizations store a < latitude, longitude > tuple corresponding
to each hotspot they operate, and arbitrary users may also sire such location
information when they discover a hotspot whose administrabrs have not explicitly
registered the hotspot with PlaceLab. Users wishing to loca¢ a hotspot near them
may query PlaceLab with their current location, and the infrastructure returns a
list of nearby hotspots.

Other Internet technologies, including the Service Locaton Protocol (SLP) [SLP
1987], Domain Name System (DNS) [DNS 1987], and LightweighDirectory Access
Protocol (LDAP) [LDAP 1997] have been in use for many years and lave similar
goals as SWORD. SLP is a protocol that allows applications todiscover networked
services without knowing the speci ¢ hostname or IP addres®f the desired resource.
Instead, applications simply describe the desired servicand SLP nds the URLs
for the appropriate resources. Jini [Jini 1998] is an exam@ of a specic Java
technology that provides this service. DNS is an Internet teehnology that is used
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to translate alphabetic domain names into IP addresses. Tt prevents users from
having to remember IP addresses for resources they wish to eess, since domain
names like \www.google.com" are easier to remember than sings of numbers.
Similarly, LDAP is a protocol that is used to access a directoy that stores the
location of organizations, individuals, and other networked devices. Thus a user
who wishes to access a particular resource uses LDAP to lookputhe resource in
a directory. Like SWORD, in all three of these instances, uses benet from not
needing to know all information about all available resoure@s ahead of time.

6.2 Internet-scale query processing

PIER [Huebsch et al. 2003], Sophia [Wawrzoniak et al. 2003], IsNet [Nath et al.
2003], and Astrolabe [van Renesse et al. 2003] provide Inteet-scale query process-
ing. All four could be used to satisfy per-node resource quéss, and they o er a
more expressive language for specifying such requiremerttsan SWORD. However,
the rst three must contact all data-storing nodes to perform range search and the
last disseminates measurement data globally, while SWORDargets its range search
to only the nodes storing measurements within the target attibute's range. Also,
SWORD provides a query language and optimizer specializedof specifying and
optimizing groups of nodes with inter-node requirements ad preferences. We note
that PIER implements an e cient distributed join primitive th at SWORD does not,
which could allow faster processing of range queries overter-node characteristics.

6.3 Distributed range search

DHT-based range search was suggested initially by Karger ah Ruhl [Karger and
Ruhl 2004], using the technique of mapping values of an attbute to DHT keys.
They also suggested an \item balancing" algorithm that reasigns Node IDs so as to
spread load evenly among nodes in the face of a non-uniform wdoad, though at
the expense of path length in ation. Mercury [Bharambe et al. 2004] extends this
work to multi-attribute queries using the concept of hubs similar to our subregions
They also describe a small-world based routing overlay thatrestores logarithmic
routing path length. Mercury is evaluated primarily via sim ulation, with a focus
on routing e ciency and load balance. In contrast, SWORD focuses on end-to-
end performance and resource consumption, in emulation ana live deployment,
when multi-attribute range search is applied to resource dscovery. Additionally, we
describe passive load balancing that complements Mercurg'active load balancing.

Another recent proposal for distributed range search is thePre x Hash Tree
(PHT) [Ramabhadran et al. 2004]. PHT is designed to perform simgle-dimensional
range queries on top of DHTs while maintaining load balance.PHT incrementally
grows a trie, where each leaf corresponds to a range of item édti ers that map
to the DHT node responsible for the DHT key de ned by the path from the root
of the trie to that leaf. The trie starts with a singleton node, namely the root,
and grows by incrementally splitting nodes when they becomeoverloaded. The
PlaceLab mapping infrastructure described earlier uses th&®HT algorithm running
atop OpenDHT [Rhea et al. 2005]. It converts< latitude, longitude > tuples into a
single-dimensional attribute using a Z-curve linearizaton.

Researchers have also recently proposed distributed rangearch using skip graphs
[Aspnes and Shah 2003; Aspnes et al. 2004; Awerbuch and Sattleir 2003], and us-
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ing special-purpose data structures built on top of CAN [Ratnasamy et al. 2001;
Tang et al. 2003] and Chord [Stoica et al. 2001; Gupta et al. 203; Crainiceanu
et al. 2004].

7. CONCLUSION AND FUTURE WORK

In this paper we have described SWORD, a scalable resourcestiovery service for
wide-area distributed systems. SWORD users describe a re@sted system topology
in terms of groups with required intra-group, inter-group, and per-node characteris-
tics whose relative importance and sensitivity are expressd using penalty functions.
We explore a number of distributed and centralized query algrithms for nding
nodes meeting required per-node constraints, and severakhristics for nding the
best mapping of nodes to groups. Through emulation-based a@ation, we nd
that an architecture based on 4-node server clusters at netark peering facilities
outperforms a DHT-based resource discovery infrastructue for all but the smallest
number of sites.

Our experience with SWORD's PlanetLab deployment shows thatthis DHT-
based approach performs reasonably well despite competith from numerous pro-
cessor and network-intensive applications sharing the sam PlanetLab infrastruc-
ture nodes. While our results are speci c to the system archiectures and workload
con gurations we examined, we believe that our experience ansidering both cen-
tralized and distributed architectures provides interesting guidelines and insights
regarding appropriate architectures for a variety of systens depending on available
resources, expected level of load, and required levels of ff@rmance and availability.
In operating a live deployment of SWORD on PlanetLab for more than a year, we
found that SWORD bene tted signi cantly from the DHT's self -healing properties
but less from its scalability properties due to the small siz of the platform. As
an evaluation platform, we found that PlanetLab is an excellet addition to, but
not a replacement for, emulation. In particular, PlanetLab does not allow creation
of arbitrary network topologies or injection of node-level faults, and results on the
platform are less reproducible than those from emulation, die to unpredictable
competition with other PlanetLab users for node and network resources.

An important area of future work is security. Nodes could sigh measurement
reports and queries as a form of authentication. Given an autentication infras-
tructure, per-node rate limiting could ensure that no node uilizes more than a
prede ned amount of bandwidth (or optimizer CPU time) per uni t time on any
single node. Such a technique is vulnerable to the Sybil attek [Douceur 2002]
and therefore requires a trusted identity creation service To ensure that nodes
are truthful in their measurement reports, a veri cation service could run micro-
benchmarks to verify that resource availability matches ealier advertisements. To
ensure that, modulo collusion, nodes are truthful when theyrun the optimizer,
a client might issue each query to several query nodes and cquare the results.
Privacy is another challenging security issue for distribuied versions of SWORD.
Reporting nodes could encrypt attribute names to hide their meanings, but our
range search mechanism relies on a monotonic mapping funoih from measured
values to DHT keys, and encrypting values using standard telkniques, either be-
fore or after mapping them to a DHT key, will break this monotonicity.
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Finally, we have not yet studied the system dynamics that resilt from multiple
large-scale applications periodically querying SWORD to eétermine when and how
to migrate application instances. We anticipate that mechanisms are needed to
dampen potential oscillations. Further, providing support for more complex penalty
functions is another extension we hope to explore in the futee.

More information on SWORD including the PlanetLab deployment can be ac-
cessed at http://www.swordrd.org/.
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