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Abstract

Resource discovery is an important process for finding
suitablenodesthat satisfy applicationrequirements in large
loosely-coupled distributed systems. Besides inter-node
heterogeneity, many of these systems also show high de-
greeof intra-node dynamism, so that selecting nodes based
only ontheir recently observed resource capacitiescanlead
to poor deployment decisions resulting in application fail -
ures or migration overheads. However, most existing re-
source discovery mechanisms rely only on recent observa-
tions to achievescalabilit y in large systems. In this paper,
we propose the notion of a resourcebundle—a representa-
tive resource usage distribution for a group of nodes with
similar resourceusagepatterns—that employs two comple-
mentary techniques to overcome the limitations of existing
techniques: resourceusagehistograms to providestatistical
guarantees for resource capacities, and clustering-based
resource aggregation to achievescalabilit y. Using trace-
driven simulationsand data analysisof a month-longPlan-
etLab trace, weshow that resourcebundlesareable to pro-
vide high accuracy for statistical resourcediscovery (up to
56% better precision than using only recent values), while
achieving high scalabilit y (up to 55% fewer messages than
a non-aggregation algorithm). We also show that resource
bundles are ideally suited for identifying group-level char-
acteristics such as finding load hotspots andestimating to-
tal groupcapacity (within 8% of actual values).

1 Introduction

Recent yearshaveseen increasing useof loosely-coupled
distributed platforms for scientific computation [3, 12, 1],
data sharing and dissemination [4, 7, 8], and experimental
testbeds [5]. For instance, computational grids provide ac-
cessto large collectionsof idle computational resourcesthat
have enabled large-scale deployments of high-performance

and resource-intensive applications [3, 2]. File and content
sharing applications [7, 8] exploit the use of spare band-
width and storage capacity for scalable data dissemination.
PlanetLab [5] is another example of a large collection of
heterogeneous, dynamic resources that areused for deploy-
ing and experimenting with large-scale network applica-
tions. In the near future, home appliances and personal ap-
pliances are expected to be connected to the Internet [14],
providing further opportunities to tap into their computa-
tional power for such large-scale cooperative applications.

While such platforms are highly attractive due to their
low deployment cost and inherent scalabilit y, they are also
highly heterogeneous and dynamic [10]. The nodes par-
ticipating in such platforms differ widely in their resource
capabiliti es such as CPU speeds, bandwidth, and memory
capacity. As a result, resource discovery is often used in
such large-scale systems to find suitable nodes that satisfy
applicationrequirements. Many existingresourcediscovery
systems [15, 11, 10, 18] rely on the recent resource capaci-
tiesof individual nodesto maketheir deployment decisions.

However, resource allocation decisions based oncurrent
statusof nodeshavesevere limitations in thesesystems, be-
cause of the presence of intra-node dynamism in addition
to the inter-node heterogeneity. Individual nodes can have
widely varying resource capabiliti es due to varying loads,
network connectivity, churn, or user behavior. For instance,
a resource usage study of PlanetLab [16] has shown that
node resource capabiliti es fluctuate on the order of about
30 minutes. Such dynamism in node-level resource capac-
ities makes it difficult to deploy long-running services and
applications that need consistent resource availabilit y to en-
sure desired performance and avoid disruptions or migra-
tion overheads.

To handle the inherent heterogeneity and dynamism in
such systems, the resource discovery processemployed in
such systems must be able to provide statistical guarantees
on application resourcerequirements. While incorporating
long-term resource availabilit y information is likely to im-
prove the resource discovery decisions substantially [16],



most existing resource discovery systems use only the re-
cent node usage information for scalabilit y and simplicity
reasons. It helps in reducing the amount of monitoring data
that needs to be exchanged between nodes in the system,
and enables easy location of desirable nodes (e.g., by map-
ping resource requirements to node IDs in case of DHT-
based resourcediscovery systems [15, 11]).

Our contention is that one key reason for this scalabil -
ity problem with existing resource discovery techniques is
the lack of a suitable representation for node resource us-
age information. In particular, most algorithms try to cap-
ture exact recent resourceusageof individual nodes, so that
it can either be disseminated with low network cost, or be
mapped easily to DHT keys. Moreover, most existing re-
source discovery algorithms try to maintain the resource
usage information about individual nodes, which may be
redundant since many closely related nodes (e.g., those in
the same administrative domain, or running the same ap-
plication) may have similar usage patterns. We argue in
this paper that for providing statistical resourceguarantees
in a scalable manner, the resource usage information from
nodescan be approximated both in temporal (long-term us-
agepattern) andspatial (number of nodeswith similar usage
patterns) dimensions.

In this paper, we propose the notion of a resource
bundle—a representative resource usage distribution for a
group of nodes with similar resource usage patterns. This
resourcebundle employs two complementary techniques to
capture the long-term resource usage behavior of a set of
nodes: (i) resource usage histograms to provide statistical
guaranteesfor resource capacities, and(ii ) clustering-based
resourceaggregation to achieve compact representation of
aset of similarly-behaving nodes.

Besides providing a scalable resource discovery mech-
anism to achieve stable application deployment, resource
bundles can also be used for several other purposes in a
large distributed system. Resource bundles can be used to
easily find a group of nodes satisfying a common require-
ment1. Resourcebundles can also be used to find load hot
spots: geographical regions in the distributed system with
several nodesexperiencing overloadsdueto reasons such as
heavy traffic for apopular resourcein that region or locality-
based application stresses. The identification of such hot
spots can be used to inform decisions about application de-
ployment or load balancing. Finally, resource bundles can
also be used for auditing and accounting purposes, e.g., to
determine the resource assignment of a distributed applica-
tion running onmultiple nodes, or to determine the spare
capacity in an administrativedomain.

We evaluate the performance of resource bundle-based

1SWORD [15] allows the specification of inter-node latencies for
multi -node discovery, but there may be other inter-node relationships that
may not depend onlatencies.
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Figure 1. Example of a PlanetLab nod e’s CPU
capacity histogram representation, with 95th

percentile shown.

resourcediscovery using trace-driven simulations and data
analysisof amonth-longPlanetLab trace. Our results show
that resource bundles are able to provide high accuracy
for resource discovery through the use of resource usage
histograms, (up to 56% better precision than an algorithm
based oncurrent usage values), while achieving high scala-
bilit y throughaggregation (up to 55% fewer messages than
a non-aggregation algorithm). We also show that resource
bundles are ideally suited for identifying group-level char-
acteristics such asfinding load hotspotsandestimatingtotal
groupcapacity (within 8% of actual values).

2 Statistical NodeBehavior

In this section, we present our system model, define a
notion of statistical resourceusage guarantees, and discuss
how historical resource usage patterns can be used to pro-
vide thesestatistical guarantees.

2.1 System Model

We assume our system is a large-scale wide-area dis-
tributed system. Participant nodes are geographically dis-
tributed and could span multiple administrative domains.
We assume the nodes are interconnected by some inter-
connection overlay, using a DHT or a flooding-based ap-
proach, which allows nodes to communicate with other
nearby nodes. Nodes monitor their own resource capacities
over time and can exchange messages as required. Further,
we assume ahierarchical structure can be constructed ontop
of theoverlay, e.g., usingmethodsprovided in SDIMS[24].



2.2 Statistical Resource Requirements

During the resourcediscovery process, applications typ-
ically seek nodes meeting certain resource requirements,
e.g., minimum CPU spare capacity of 1GHz, memory ca-
pacity of 512MB, etc. Such resourcerequirements can be
expressed as a tuple{R,c}, where R is a resourcetype, and
c is the desired minimum capacity of the resource. How-
ever, the resource capacities of nodes in loosely-coupled
distributed systems often vary a lot over time, which could
result in application performance degradation, failures, or
need for frequent migrations [16] resulting in large over-
head. It would be desirable to provide statistical resource
guarantees so that applications can be deployed on nodes
that are likely to satisfy the minimum desired requirement
for a certain period of time. The desired length of time
could depend onfactors such as the overheads of applica-
tion component migration and restart, or the cost of perfor-
mancedegradation or disruption.

We formalize this notion of statistical resource require-
ment as follows:

Definition 1 Statistical Requirement: We define a statis-
tical requirement r as a tuple {R, c, p, t}, where, R is a
resource type, c refers to a capacity level, p is a percentile
value, andt isa timeduration.

Intuitively, based onthisdefinition, an applicationcan spec-
ify that it needs a resource R to meet a minimum capacity
level c for at least p percent of time(correspondingto itstol-
eranceto overload) over a time duration t (which could de-
pend onits length of executionand overheadsof distruption
and migration, etc.). The goal is to avoid serious service
disruptions (e.g. overloads) or reallocation penalties (e.g.
migration overheads) over time t. Thus, usingthisdefinition
of statistical requirements, a compute-intensive application
can specify a requirement {CPU, 1GHz, 95, 24hrs}, which
would mean it requires a 95 percentile CPU capacity of 1
GHz over 24 hours.

2.3 Statistical Resource Usage Represen-
tation

Sincedifferent applications can specify different values
of c, p, and t, maintaining only a few values such as the
capacity corresponding to a fixed percentile (e.g., 95th per-
centile) of resource usage on each node, or the percentile
correpsonding to a fixed capacity level (e.g., 1 GHz) may
not provide enoughinformationto satisfy different resource
discovery queries. Similarly, wemay need to capturethere-
sourceusagebehavior over different timedurations(such as
an hour, day, week, etc.) to incorporate requirements over
different timegranularities.

To provide a general way to handle different resource
requirement specifications, we propose the use of resource
usage histograms with an associated observation time pe-
riod T , which represent the resource capacity distributions
from observations over the past T time units. Figure 1
shows an example of a histogram constructed from a 24-
hour time series of CPU capacity for a PlanetLab node,
alongwith the 95th percentile shown (with 95% of the ca-
pacity observations to the right of the vertical li ne). A sep-
arate histogram would need to be maintained for each re-
source type (e.g., CPU, memory, etc.) and for each time
granularity (e.g., hour, day, week, etc.); intermediate time
granularities can be interpolated from thesehistograms.

Using histograms to represent resource usage data has
two primary advantages:

• Requirement percentiles(correspondingtop) for apar-
ticular resource capacity arenow straightforward com-
putations from thegiven histograms.

• Histograms help us preserve all data. Different ap-
plications may have different resource requirements
and may have different tolerances, expressed as per-
centiles. We can effectively analyze resource capac-
ity percentiles no matter which requirements and tol-
erances aregiven.

Each node can maintain its own histogram by monitor-
ing its own resource capacities over time. Given an arbi-
trary time period T , nodes can construct histograms from
their own historical observations. To saveobservation over-
head, a node may replaceits historical tracerecords with
histograms only, using a decay function to have the his-
tograms reflect an approximate trace.

The above technique for statistical resource usage rep-
resentation through histograms is complementary to any
prediction techniques that may be able to predict future
resource usage behavior based on historical observations.
Predictors are complimentary since histograms merely ex-
pressusage distributions for nodes; predictors can be used
to provide more accurate future estimates of distributions
which could then be converted into histograms, enhancing
the level of accuracy for future resource capacity estimates.

3 Resource Bundles

Whileusingresourceusagehistogramsprovidesameans
to capture an accuraterepresentation of an individual node’s
dynamic resourceusagepattern andenables thesatisfaction
of statistical resourcerequirements, it can potentially create
a scalabilit y problem in a large wide-areadistributed sys-
tem. Thestatistical informationfor each nodewould berep-
resented bymultiplehistograms, corresponding to different
resourcesand different timescales. Disseminatingthiskind



of detailed data over the network can create significant net-
work traffic. It is infeasible for each node to have aglobal
node-level behavioral view of the entire system. Moreover,
if the goal is to find multiple nodes meeting a certain re-
quirement, it would be desirable to combine this discovery
processrather than having to find individual suitable nodes
separately.

Thus, thequestion iswhether we can usetheserepresen-
tations in ascalablemanner to makebetter resourcediscov-
ery descisionsinalargesystem? Secondly, can weusethese
node behaviors to provide any collective information about
group-level usagepatterns, e.g., for nodeswithin an admin-
istrative domain, or for nodes assigned to a distributed ap-
plication?

3.1 Resource Aggregation

Aggregation [24], particularly hierarchical aggrega-
tion [6], is a common technique employed in large dis-
tributed systems for the scalable dissemination of informa-
tion. Aggregation essentially compresses the amount of
transmitted data in the system while preserving the overall
information content. In the context of resource discovery,
this would correspond to a suitable “compression” of the
node resourceusagepatterns to achieve adesirable tradeoff
between thequality of resourcediscovery and theoverhead
of network data transmission in thesystem.

In other words, our goal is to achieve the same qual-
ity of resource discovery as a global resource discovery
system with full historical node-behavioral knowledge, but
to significantly compress the amount of necessary node-
behavioral representation data in the system in order to
achieve scalabilit y and to produce precise, timely results.
Such an aggregation of node resource usage distributions
for agroup of nodes can beused to represent:

• An accurate approximation of any individual node’s
resource usage in the group. Such an approximation
is important for thediscovery of desirablenodesbased
ona resourcerequirement.

• The collective resourceusagebehavior of thegroup of
nodes. This can provide information about load pat-
terns or dynamic resource usage behavior for a set of
related nodes(e.g., thosein thesamegeographical area
or running thesame application).

• The overall capacity of the group. This can be used
to track the overall resource usage, e.g., for audit or
accounting purposes.

A naive approach to aggregationfor aset of nodeswould
be to compute the average resource capacity distribution
across all nodes. An example of this naive approach can
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Figure 2. Naive approach to aggregation b y
averaging resource capacity distributions.

be seen in Figure 2. While this averaging allows the es-
timation of overall capacity of the group of nodes, it is a
poor representation of individual node-level behavior. For
instance, as shown in Figure2, whileonenodeis skewed to-
wards low capacity and another towards high capacity, the
averagerepresentation losesthis informationandappearsto
represent aset of bimodal nodes.

The problem with this naive approach is that it does not
account for theheterogeneity of thenodesin thesystem, and
failstocaptureimportant behavioral differencesbetween in-
dividual nodes. Thus, thisapproach could result in the com-
bination of nodesthat havewidely different resource capac-
ity distributions, thus providing a highly inaccurate view of
individual nodes’ resource capacities.

3.2 Resource Bundles: Aggregation via
Clustering

To account for the heterogeneity of nodes, we define the
notion of resource bundles: an aggregation of a group of
nodes with similar resource capacity distributions. An av-
eragedistributioncould be computed over aresourcebundle
to achieve a compact representation of the individual node
resource capacity distributions. Werefer to such an average
distribution as a bundle representative. Such an aggrega-
tion processwill preserve the individual node distributions
more accurately, while bundle representatives can be used
to provide group-level resource capacity information.

Figure 3 shows a high-level view of the notion of re-
source bundles and how they might be constructed. First,
a group of nodes are bundled based on the similarity of
their resource capacity histograms. Second, each bundle
produces a representative distribution that can be used to
characterize the whole bundle. But how can we identify



(1)

(2)

Figure 3. High-level view of the clustering
process . First, nod es are group ed by s imilar
behavior distributions (1), then bund le repre-
sentatives are formed for each bund le (2).

such groups of similar nodes to construct a resource bun-
dle, and how can we compute the bundle representative to
accurately represent thenodes in thebundle?

To identify nodes with similar distributions, we propose
theuseof clusteringalgorithms that have traditionally been
used in data mining applications to group together statis-
tically similar data elements. However, a clustering algo-
rithm must meet several requirements in our context:

• The data to be clustered (i.e., the node resource his-
tograms) is not single-point, but multi -element (con-
sisting of multiple histogram bins). The clustering
algorithm must be able to handle such multi -element
data.

• The node resource usage histograms could represent
arbitrary distributions, and cannot be assumed to con-
form to standard distributions(e.g., Gaussian, uniform,
etc.). The clustering algorithm must be distribution-
free, i.e., it must not assumethe existenceof astandard
distribution or certain parameters.

• The clustering algorithm must not only identify the
closely related set of nodes, but it is desirable if it can
also produce acompact representation of the collective
resource usage of these nodes. Such a representation
can beused to easily characterizethenodesin abundle
(e.g., high-capacity/low-capacity, etc.)

A clustering algorithm that meets the above require-
ments is the multinomial model-based expectation maxi-
mization(EM) clusteringalgorithm [26]. Thisclusteringal-
gorithm hasbeen used primarily for thepurposesof cluster-
ing text documents with common words. We first describe

this algorithm in a document clustering context for ease of
exposition, and then describehow it maps to our context.

In adocument clusteringcontext, each document iscon-
sidered as a “bag of words” , and is represented as a vector
of word frequencies based on how many times each word
appears in the document. Then, the set of all documents
is represented as a mixture of multimonial distributions on
these word frequencies, with each document belonging to
one such distribution. The probabilit y that a document be-
longs to one of the clusters corresponding to a multinomial
distribution isgiven by [26]:

P (di|λj) =
∏

l

Pj(wl)
nil , (1)

where λj is the set of parameters for model j, nil is the
frequency of occurrences of word wl in document di, and
Pj(wl) is the probabilit y of word wl occurring in cluster j.
Further,

∑
l Pj(wl) = 1 holds.

Mapping the document clustering scenario to our con-
text, we can think of nodes corresponding to documents
and histogram bin magnitudes for node-level resource us-
agedistributionscorresponding to document word frequen-
cies. The clustering algorithm then maps nodes to clusters
based on the similarity of their resourceusage histograms.
In other words, this algorithm will group those nodes to-
gether that havesimilar histogrambin-magnitudes, meaning
it can cluster nodes having arbitrary (but similar) distribu-
tions. Such a cluster of closely related nodes returned by
the clusteringalgorithm isconsidered a resourcebundle.

In practice, the multinomial model-based EM clustering
takes a set of vectors as its input and forms clusters based
on the similarity of corresponding vector elements. It is a
hill -climbing algorithm that adjusts its mapping of vectors
to clusters iteratively in order to maximizethe expected ob-
jective value achieved from itsclustering.

Notice that this clustering algorithm meets the require-
ments we had outlined above. The algorithm is able to
handle multi -point data as it operates on vectors of values.
Sincethe clusteringalgorithm operatesonarbitrary vectors,
it is independent of any assumptionsabout specific distribu-
tions, enabling the clustering of arbitrary resource capacity
distributions. Finally, by associating each cluster to a mul-
timonial distribution, it is able to characterize the common
statistical properties of the nodes in a cluster in a compact
manner.

3.3 Bundle Representatives: Aggregate
Distributions

As described above, the multinomial model-based EM
algorithm associates each resource bundle with a multino-
mial distribution that captures the statistical properties of
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Figure 4. An example of a CPU capacity clus-
tering o f 4 nod es, produ cing a bundle represen-
tative

the nodes that are members of the bundle. This multino-
mial distributioncan beused asthebundlerepresentative: a
compact representation of theindividual nodesdistributions
in thebundle.

Bundlerepresentativesaretheresulting distributionsthat
represent the mean node capacity distribution within each
respective bundle. In the multinomial model clustering al-
gorithm, cluster representatives are the result of probabili s-
tic models coupled with Laplacesmoothing; however the
differencebetween these models and the mean node capac-
ity distribution is negligible.

Figure4 showsan examplebundlerepresentativethat ag-
gregates4 noderesource capacity histograms. As seen from
thefigure, the representative closely matches the individual
nodedistributions. In Section 4, wewill quantify the close-
nessof the representative to its member distributions, and
itseffectivenessin resourcediscovery, hotspot detectionand
capacity estimation.

3.4 Hierarchical Aggregation

While aggregation, as described above, enables the cre-
ation of resourcebundles that closely approximate individ-
ual node behavior for a similar set of nodes, the question
is whether bundles can be further aggregated to provide a
meaningful view of the combined set of nodes correspond-
ing to multiple bundles. The abilit y to combine resource
bundles is particulary desirable in a large system where we
may want to get concise estimates of resource capacities of
nodes at different granularities; for instance, at a local site
level, at an administrativedomain level or at aglobal level.

Building onthe assumed abilit y of thesystem-employed
overlay to support a hierarchical information structure, we

Nodes

Clustering

Bundle Representatives

Level-2 Bundle Representatives

Clustering
of Bundles

Figure 5. Hierarchical aggregation

proposetheuseof hierarchical aggregation [6] in combina-
tionwith resourcebundlesthroughtheuseof recursive clus-
tering, i.e., successive clustering of bundle representatives
at different levels of the hierarchy. Figure 5 is a high-level
ill ustration of this process. Groups at the bottom level are
individual sets of node distributions. These nodes are ini-
tially clustered, producing bundle representativeswhich are
then propagated to the next level of the hierarchy to create
level-2 representatives, thus beginning the recursive repre-
senative clustering process.

Note that this recursive aggregationmust incorporate in-
dividual bundle cardinaliti es during the clustering process
to minimize the lossof representative data. In an instance
of recursive clustering, representativeswith highly different
cardinaliti es might be combined. If the bundle represen-
tatives are all t reated alike, low cardinality representatives
might have an unusually large influence in the formation
of higher-level representatives. For example, if a bundle
representative of 1000member nodes is combined with an-
other representative of cardinality 10, their respective con-
tributions to the resulting aggregate should be proportional
to their respective cardinaliti es, so that smaller cardinality
representatives do not have undue influence.

To balance the relative importanceof different resource
bundles into the resulting aggregate bundle, we use bun-
dle cardinaliti es as representativeweights in the processof
hierarchical clustering. Formally, for a set of representa-
tiveresource capacity histogramsH = H1,H2, ...,Hn, with
each respectivehistogram Hi havingcardinality wi, andaf-
ter presentingeach histogram to the clusteringalgorithm as
Wi = Hiwi, we define the combination of the alike his-
tograms in H into abundle representative histogram C as

C =
1 +

∑n

i=1
Wi∑n

i=1
wi

(2)

The resulting bundle representatives2 at any level in the
hierarchy can thus be used for any arbitrary capacity re-

2The addition of 1 to the numerator in Equation 2 effectively adds 1
to each histogram bin. This is important for the probabili stic model in the
algorithm; no histogram bin should have aprobabilit y of 0.



quirement; the resource discovery system need not know
capacity requirements apriori. Rather, the bundle represen-
tatives are adequate representations of their respective de-
scendants.

If the underlying topology of the distributed system
causes nodes to be grouped by locality, our hierarchical
approach will be suitable for finding localized sets of re-
sources for application deployment.

Further, bundle representatives can be used to predict
group-level capacity levels. Sincesimilar node-level capac-
ity distributionsare clustered together, our hypothesis is the
varianceof bundle-level capacity distributions will be low.
Our abilit y to predict group-level capacities results in an-
other high-level abilit y to detect hotspots within large dis-
tributed systems.

4 Evaluation

Wenow evaluatetheperformanceof usingresourcebun-
dles for resourcediscovery, capacity estimationand hotspot
detection using data analysis of a month-long PlanetLab
trace as well as a trace-driven simulation. We begin with
our data analysis results and present the simulation results
in detail i n Section 4.8.

4.1 Data Analysis Methodology

Weused aPlanetLab traceobtained byCoMon[17] from
February 2007for our experiments. CoMon collects node-
level resource capacity information every 5 minutes. We
used freeCPU capacity as the resource of interest for our
evaluation, which wasestimated usingtheCPU Burp statis-
tic: it is calculated by occasionally running a spin-loop to
determine how much CPU bandwidth could be obtained
by a newly-deployed application. We multiply the CPU
Burp by the CPU speed to determine the total amount of
node-level freeCPU. DuringFebruary 2007, 427PlanetLab
nodes contributed at least one data point per day and thus
were chosen for our analysis. We used a time period of 24
hoursasthedesired timewindow, thuscomputing nodehis-
tograms on a 24-hour period, one per day. Each histogram
consisted of 100 bins, each onerepresentingabout 34MHz,
with 3.4 GHz assumed as the maximum CPU capacity in
PlanetLab, as well as a 101st bin for any higher observed
capacities.

We used MatLab as our main tool for data analysis in-
corporatingan already implemented Matlab packagefor the
multinomial model EM clustering algorithm [25]. Since
this algorithm is hill -climbing, we ran it with 100random
initializations taking the best objective value to determine
the best clustering. We emulated single-level (flat) cluster-
ings, as well as hierarchical clusterings with 2 and 5levels
over the trace.

4.1.1 Emulating Resource Discovery

To evaluate the accuracy of a resource bundle-based re-
sourcediscovery processin finding desirablenodes, we em-
ulate aresourcediscovery processas follows. We run a re-
sourcediscovery algorithm on an observation time window
to determine the choiceof acceptable nodes that meet a de-
sired resourcerequirement. Wethen compare thischoiceof
acceptablenodes to the actual set of nodes that satisfied the
desired requirement over a solution time window: the time
window in the traceduring which these nodes would have
been allocated to the application.

For the purposes of our experiments, we defined the sta-
tistical requirement r={CPU, c, p, 24hrs}, with different
values of c and p. The goal of the resourcediscovery algo-
rithms was to find all nodes meeting requirement r on the
427-node PlanetLab trace. Notice we did not specify how
many nodes an application needs for its deployment. In-
stead of using this as a parameter in our initial analysis, we
had the algorithms search for the completeset of acceptable
nodes.

In our experiments, we use the entire February 2007
traceby using each day’s trace(starting from Feb 1 data)
as the observation window with the next day’s tracebeing
used as the solution window. The observation and solution
windowsarethen shifted by oneday, thusgiving us27sam-
ples of tracedata to evaluate our algorithms.

4.1.2 Compar ison Algor ithms

We used the following resource discovery algorithms for
comparison:

• Memoryless: This algorithm uses the last CPU capac-
ity data point for each node to estimate its expected
capacity over the next day. This algorithm emulates
resourcediscovery algorithms that use recent resource
usage information to determine the suitabilit y of a
node to meet a minimum requirement, and does not
incorporate statistical resource usage patterns into its
decisions.

• History: This is a centralized algorithm with global
historical knowledgeof the entiresystem. It maintains
complete 24-hour CPU capacity histograms for each
node. Each node histogram is individually examined
to determine which nodes meet the desired statistical
requirement r, thereby determining the set of accept-
ablenodes. Thisalgorithm can be considered to be the
best we can do using historical observations without
using any accurate predictors. It also provides us with
a baseline to determine the effect of data lossdue to
aggregation onthe accuracy of resourcediscovery.

• Aggregation: This algorithm uses resourcebundles to
aggregate the resource usage histograms of groups of



nodes into resourcebundles. Nodesarebundled into k

bundles based on histogram similarity. Bundle repre-
sentativesare then used to determine theset of accept-
ablenodes: for each bundle, if its representativemeets
thedesired statistical requirement r, all of itsmembers
areselected as acceptable nodes.

4.1.3 Evaluation Metr ics

The accuracy of resource discovery was measured using
two statistical metrics: precision and recall , defined as fol-
lows:

Precision =
nacc

ntot

(3)

and
Recall =

nacc

Nacc

(4)

Here, nacc = acceptable nodes chosen, ntot = total nodes
chosen, Nacc = total acceptable nodes in thesystem.

Intuitively, high precision means that a high fraction of
the nodes returned by a resource discovery algorithm are
actually acceptable, thus reducing the chances of poor allo-
cation decisions. On the other hand, recall measures what
percentage of the total acceptable nodes in the system are
discovered bythe algorithm, indicating how well aresource
discovery algorithm can locate acceptable nodes in the sys-
tem. Note, however, that if an algorithm exhibits a high
level of recall , this saysnothingabout theoverall quality of
its set of chosen nodes.

Essentially, these measures compare resourcediscovery
algorithms against an “oracle” that has perfect knowledge
of futurebehavior, whoseprecisionand recall areboth 1.

4.2 Accuracy of Aggregation for Resource
Discovery

Figure 6 compares the accuracy of our single-level ag-
gregationalgorithm using 10clusters3 against thememory-
lessand history-based resourcediscovery algorithms. This
figure shows the precision and recall achieved by the algo-
rithmsfor threedifferent CPU capacity requirementsaswell
as the mean requirement (MeanCPU), the average measure
over all possible requirements (one for each of the 100 his-
togram bins).

As seen from Figure 6(a), both the Cluster and His-
tory algorithmshavesignificantly better precision(87-97%)
than theMemorylessalgorithm (37-77%). Thisresultsfrom
their use of more historical information to make more sta-
tistically accurate decisions. The algorithms with historical
capacity distributions select a node only if it has had a re-
source capacity of at least c CPU MHz for at least p = 95%

3We investigate the impact of number of clusters on aggregation accu-
racy in Section 4.6.

of the observations in the past 24 hours. On the other hand,
Memorylesswill select anode if it hasa capacity of c MHz
at its last observation point, which is a much less stringent
requirement.

This samebehavior also explainstherecall valuesin Fig-
ure 6(b), which shows Memorylesshad the highest recall ,
while History came in second, and Cluster consistently had
the worst recall . The Memoryless algorithm turns out to
be an unusually optimistic predictor; it finds nearly all of
the acceptablenodesbut also findsmany other unacceptable
(but temporarily well -performing) nodesaswell , leading to
poor precision but excellent recall . Thisresult can beunder-
stood by noting that the Memorylessalgorithm would find,
on average, p = 95% of the acceptable nodes in the system
along with every other node that had a resource capacity
ct ≥ c at the moment of observation t. The Cluster algo-
rithm suffers in recall because it is conservative similar to
History. However it missesadditional acceptablenodesdue
to the lossof accuracy because of aggregation, that might
sometimes combine acceptable nodes alongwith unaccept-
able nodes in the same bundle. Thus it achieves a higher
precision than History but experiences worse recall .

However, when welookat the absolutenumber of nodes
discovered by each algorithm in Figure 7, we find that the
actual number of nodes missed by Cluster is typically be-
tween 10-20, even in the worst recall case (MeanCPU - 13
nodes missed), while the number of additional (unaccept-
able) nodes returned by Memorylesscan be in the order of
50-85 nodes. This indicates that the impact of missing ac-
ceptablenodesby Cluster iscomparatively smaller than that
of finding additional poor nodes by Memoryless.

To consider the relative impact of high precision vs. low
recall and vice versa, we note that the goodnessof choice
of nodes from the application’s perspective is primarily af-
fected by precision. Once the allocation decision has been
made, precision ultimately reflects the confidenceof the ap-
plication in the selected nodes meeting the given require-
ment. On the other hand, recall ’s effects are dependent on
thesystem context. In asystem wherevery few nodesmeet
the given requirement, a high recall may be desired so that
most of the acceptable nodes could be found. However, in
a large system with several acceptable nodes, recall would
primarily affect query latency: low recall i mplies that ac-
ceptable nodes will be missed, therefore taking the query
longer to find the desired number of acceptable nodes. But
poor precision and goodrecall may adversely impact the
performanceof an application if a choiceof poor nodes af-
fects the execution of the application after deployment.

In summary, our precision and recall evaluations show
that resource discovery using our resource bundle ap-
proach, even thoughit experiences data loss through ag-
gregation, isableto find achoiceof nodes similar in quality
to those discovered by a fully-informed history-based algo-
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Figure 6. Aggregation (Cluster) compared against baseline resource discovery algorithms (95th per-
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rithm, althoughits set of chosen nodes is smaller, thereby
missinga few potentially acceptable nodes.

4.3 Using Aggregation to Identify Group-
level Characteristics

One potential advantage of using resourcebundles is to
concisely capturegroupcharacteristicsof setsof nodes such
as their overall l oad behavior and spare capacity. Such
group-level characteristics could inform decisions of load
balancing or capacity planning without having to rely on
fine-grained node-level statistics. Next, we perform an ex-
periment to evaluate this potential of resource bundles for

geographically related nodes in PlanetLab.
To establish proximity-based groupings of nodes for

our experiment, we hand-selected 5 geographically dis-
tributed groupleaders in our PlanetLab trace. Theseleaders
wererespectively from UMASSAmherst, UFL, UT Austin,
UWash, andUMN, representing different USregions. Pair-
wise pings between these leaders and the remaining Plan-
etLab nodes were taken, forming a total of 300 responsive
PlanetLab nodes. We then formed 5 groups of 60 nodes
each based ontheir proximity from theselected grouplead-
ers.

4.3.1 Load Hotspot Detection

Figure8(a) showsavisual display of theresourceusagehis-
tograms of 60 nodes from one of the geographical groups.
The figure is a gray-scale image where the x-axis corre-
sponds to CPU capacity, the y-axis corresponds to node
identifiers (sorted based on the bundle identifier assigned
by our clustering algorithm), and the brightnessof a point
corresponds to the magnitude of the histogram bin. Thus,
a node with brighter values towards smaller CPU capac-
ity values (e.g., node 10) has a smaller spare CPU capac-
ity available. Figure 8(b) shows the corresponding bundles
representatives we obtain by our clustering algorithm. As
can be visually seen from this figure, low capacity nodes
are clearly separated from high capacity nodes, and further
we can easily estimate the number of nodes in each cate-
gory simply by the cardinality of the corresponding bundle.
For instance, cluster 2 (consisting of nodes9 to 19) appears
to havevery low spareCPU capacity, andcould potentitally
be overloaded. Using such group-level views can allow ad-
ministrators to identify potential load hot spotsby usingap-
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Figure 8. Distributions of a local group o f nod es sorted by bund le. Bund le reps with their respective
weights can be used to detect hotspots in the network.

propriate thresholds.

4.3.2 Capacity Estimation

We now investigate the capacity estimation abiliti es of our
aggregation algorithm. Here, we ask the following ques-
tion: To what level of accuracy can the aggregation-based
algorithm estimate the expected resource capacity of a
group of nodes for the next day based on observations of
a 24-hour period? We compare the results to those of a
history-based capacity estimation algorithm that has fine-
grained knowledge of individual node resourceusage. For
the aggregation-based algorithm, the group capacities are
estimated by taking a weighted sum of the mean capacities
of the bundle representatives, while the mean capacities of
individual nodes are added upfor the history-based estima-
tionalgorithm.

Figure 9 shows our results. As seen from the figure, us-
ing 10clusters, the aggregation-based algorithm is able to
estimate within 3% accuracy of a history-based estimation
algorithm. To seehow sensitive aggregation is to the choice
of a good cluster size, we also include an average of our
group-level predictionsfor all clusteringsthat used between
5 and 20clusters (the third bar in the figure). The results
show that the impact of the cluster size is minimal (< 1%
accuracy).

4.4 Impact of Hierarchical Aggregation

We now examine the impact of hierarchical aggregation
on the accuracy of our algorithm. As described in Sec-
tion 3.4, hierarchical aggregation corresponds to recursive
bundling, with the goal of achieving scalabilit y in a large
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Figure 11. A 5-level hierarchical aggregation algorithm (HierL5) compared against baseline sing le-
level aggregation (Cluster). Results are shown over requirement percentiles.

distributed system. Here, we examine the impact of this
further approximation of node-level capacity.

4.4.1 2-Level Hierarchy

We first examine a 2-level hierarchy that consists of 420
PlanetLab nodes divided into 6 random groups of size 70.
The hierarchical aggregation algorithm (HierClus) works
as follows: It first reduces each group of nodes to 10 re-
source bundles. The respective 10 resource bundles from
each group, 60 in all , are then further aggregated into 10
second-level resource bundles, representing the aggregate

resource usage behavior of the 420 nodes. For resource
discovery purposes, the algorithm examines the 10 second-
level bundle representatives and if a bundle representative
Hi meets requirement r, then all nodes represented by Hi

(recursively) are chosen by the algorithm.

Figure 10 compares HierClus with Cluster for precision
and recall statistics. Precision does not suffer from the re-
cursive aggregation in HierClus, while the recall i s slightly
lower (about 6% for MeanCPU). This shows that the loss
of accuracy in hierarchical clustering is small compared to
asingle-level clustering.
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4.4.2 5-level Hierarchy

Since 420 nodes is small to emulate a larger hierarchy,
we emulated a large distributed system by using PlanetLab
traces from each day in our one-month traceto represent a
different node (two consecutive days’ traces were still used
for observation and solution time windows). This provided
uswith427∗27 = 11, 529 nodedistributions, each of which
was assigned randomly to one of 15 different locations in
the system. We then constructed a 5-level hierarchy over
this system using groupsizesof 70 nodeseach, and 10 bun-
dles per groupat each level.

We evaluated this 5-level hierarchical aggregation al-
gorithm (HierL5) against a single-level aggregation algo-
rithm (Cluster) in the same fashion as the 2-level hierar-
chical evaluations. The results are displayed as different
percentiles for requirements. Also for these results, we ob-
served the mean requirement starting from a 34MHz re-
quirement up to a requirement of 1.36GHz. Figure 11
shows the precision and recall of HierL5 as compared to
the single-level aggregation algorithm. Once again, we see
that the precision of hierarchical aggregation is very close
to thesingle-level aggregation, with asmall l ossin recall .

4.5 Aggregation Information Loss

While aggregation helps in the scalabilit y of resource
discovery and the capturing of group-level characteristics
by reducing the amount of resourceusage data to be main-

tained and examined, we next examine how much informa-
tion lossoccurs as a result of this reduction in data.

We measure this information loss by comparing each
node-level resourcedistributionto itsbundlerepresentative.
We use the Kolmogorov-Smirnov (K-S) statistic Dnode for
each node as aquantitative measure for this comparison:

Dnode = sup
x

|Fnode(x) − Frep(x)|,

where Fnode and Frep are CDFs for the resource capacity
distributions of the node and its bundle representative re-
spectively. The K-S statistic is a value between 0 and 1
indicating themagnitudeof differencebetween the two dis-
tributions. The more similar the two distributions are, the
closer is the K-S statistic is to 0. The K-S statistic captures
the information lossbased on the overall goal of aggrega-
tion: to havethebundlerepresentativesbe as similar to their
represented nodes as possible.

For our evaluation, we compare the K-S statistic for the
followingalgorithms: single-level aggregation, hierarchical
2-level aggregation, hierarchical 2-level unweighted aggre-
gaton(wherewedo not consider bundle cardinaliti esduring
recursive aggregation), and random (which assigns nodes
randomly to equal-sized bundles). Here we use the random
algorithm asabaseline for comparison. Note that ahistory-
based algorithm would have aK-Sstatistic of 0, sinceit uses
individual node-level distributions.

Figure 12 shows the average K-S statistics for these al-
gorithms. The K-S statistic has a worst-case value of about
0.38 for the single-level aggregation, but reduces to about
0.21 for a cluster sizeof 10 (which is the value used in our
previous experiments), compared to a value of 0.55 for the
random algorithm. While aK-Sstat valueof 0.21may seem
a bit high (considering a cutoff value of 0.05 typically used
for statistical significance tests), this result still shows that
thelossof informationisrelatively low consideringthat 420
distributions have been reduced to 10 distributions. Also,
the results from previous subsections have shown that this
information losshasonly asmall i mpact on the accuracy of
resourcediscovery and capacity estimation.

We also seefrom thefigure that hierarchical aggregation
results in a small l ossof information, and that using bun-
dle cardinaliti es as weights provides more accurate results
compared to theunweighted algorithm.

Another observation from the figure is that the value of
K-S statistic decreases with increasing number of clusters.
This is as expected, because as the number of clusters in-
creases, each cluster has fewer constituent nodes, resulting
in more accurate aggregations. In the limit, havingasmany
clusters as the number of nodes would result in a K-S stat
close to 0.
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4.6 Effect of Clustering Parameters

We next examine the effect of clustering parameters on
the accuracy of aggregation. In particular, we explore the
impact of thenumber of clustersused bythe clusteringalgo-
rithm as a parameter to generate the desired set of resource
bundles.

Figure 13 shows the accuracy of capacity estimation.
Thefigureshowsthat the accuracy decreasesasweincrease
the number of clusters. This result seems counter-intuitive
asonemight expect the accuracy to converge to that of His-
tory when thenumber of clustersapproaches thenumber of
nodes, as was observed for information loss in Figure 12.
However, this inaccuracy occurs because the multinomial
model EM clustering algorithm uses a probabili stic model
to generate bundle representatives. As a result, the rep-
resentative distributions are not identical to the individual
node distributions in the limit, and there is always a small
amount of difference in the resulting distribution4. With a
high number of clusters, this differencegets amplified due
to the additive natureof capacity estimation.

Together, the results from Figures 12 and 13show that
while having too few clusters might result in inaccurate
bundle-level aggregation, having too many clusters can ad-
versely impact group-level estimates. This implies that
some intermediate values might be desirable to achieve a
good balancebetween the two requirements. This result is
also evident from Figure 14 that shows the accuracy of re-
source discovery over the number of clusters used in our
clustering algorithm. The figure shows diminishing returns
in accuracy occuring beyond the kneeof the curve, which

4Note that this difference is expected as the probabili stic model is
merely using the observed distribution as a set of samples that are being
fitted to ageneral distribution from which thesesamples aredrawn.
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occurs at numclusters = 10. In general, this value is de-
pendent on thedynamism and heterogeneity of thesystem.

4.7 Observation Time Window length ef-
fects

So far we have been using a 24-hour observation time
window for our 24-hour test set (prediction period). We
wanted to explore the effects of varying the sizeof this ob-
servation window to see if we could tune the balance be-
tween precision and recall for our HierClus algorithm. We
also wanted to seewhat would happen to the baseline His-
tory algorithm under thesame circumstances.

Figure15shows the results. Themost interesting results
occur at the 24-hour mark. For both algorithms, precision
plateaus and recall diminishes after the 24-hour mark. This
can be explained by an increasing amount of stale data be-
ing used to make relatively shorter and shorter time-period
predictions.

As the observation window decreases from 24 hours
down to 1 hour, we seethe precision of HierClus increase
while the recall of HierClus decreases; hence, HierClus is
choosing fewer nodes, but the nodes it chooses are still
highly acceptable. Thisisan additional side-effect of poorer
clusterings as lessdata is received; clustering performance
ispoor with insufficient data.

The results indicate that a 24-hour observation window
is the best sizefor a 24-hour prediction period. If lessthan
24 hours of observation data is used, then the clusterings
are poorer and recall i s worse. If more than 24 hours of
observation data are used, data stalenessbecomes an issue,
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causing diminishing recall but steady precision.
Precision is steady due to the fact that if nodes meet

the given requirement for 95% of the observations for a
very large observation window, that they are highly likely
to show thesameresource capacities in the future.

4.8 Trace-Driven Hierarchical Aggrega-
tion Simulation

Wenow present results from atrace-driven simulation of
a hierarchical aggregation algorithm. The purpose of these
simulationswas to quantify theoverhead and query latency
of our resourcediscovery algorithmsin alarge-scalesystem
with a realisitic topology. We have based our simulator on
PeerSim, a widely used simulator for distributed algorithm
evaluation. We have used our month-long PlanetLab trace
to drive thesesimulations.

4.8.1 PeerSim Methodology

A hierarchical overlay was implemented using WireInet-
Topology in PeerSim. The depth of the hierarchy varied
from 5 to 7 levels. Sincesingle-nodedistributionsmay now
be bundled together with multi -level bundles, in this con-
text wenow define abundleasarepresentation of 1 or more
nodes.

At each simulator cycle, each nodepropagates itsbundle
list upwards to its parent. Between each cycle, each node,
upon receiving its messages, updates its data store and if
the number of bundles it stores exceeds a maximum bun-
dle threshold Bt, the aggregation algorithm is executed at

 0

 200000

 400000

 600000

 800000

 1e+06

 1.2e+06

 0  10000  20000  30000  40000  50000

M
es

sa
ge

s 
(R

ep
re

se
nt

at
iv

es
) 

S
en

t O
ve

r 
N

et
w

or
k

Network Size (Nodes)

Aggregation
PropagateAll

Figure 16. Aggregation o verhead increases
at a slower pace than PropagateAll with the
same hierarchical top logy.

that node, consolidating its current list of bundles into Ba

aggregate bundles.
We applied our clusteringaggregationalgorithm into this

topology. We also applied a baseline PropagateAll algo-
rithm into this same topology with threshold Bt = ∞,
where no aggregation takes place; all node-level capacity
distributionsarepropagated all theway to theroot. Another
baseline algorithm we used was PropagateNone, where
no resource discovery information is propagated between
nodes beforehand; resource discovery must be performed
throughtheprobing of each node individually for itscapac-
ity distribution. All three algorithms use bundle histograms
for resourcediscovery purposes.

4.8.2 Overhead

We investigated the overhead of Aggregation and Prop-
agateAll by measuring the data transfer necessary for a
complete system-wide propagation to the root node in the
heirarchy. Data transfer is measured in the number of bun-
dles sent over the network. For Aggregation, we used
Bt = 70, Ba = 10. Figure 16 measures overhead by the
sizeof the network. As seen in the figure, the overhead of
Aggregation increases at a slower pacethan PropagateAll .
We seeno asymptotic differencebetween Aggregation and
PropagateAll since they operate on the same hierarchical
topology structure.

4.8.3 Query latency

We now analyze query latency from our traceof 11,529
PlanetLab node distributions as in Section 4.4.2. We chose
not tofix anapplication-desired number of acceptablenodes
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to be found; instead, we measured how many actual ac-
ceptable nodes were found bythe resourcediscovery algo-
rithms given a time-to-live value measured in hops. Using
the node-level requirement {CPU, 680MHz, 95%, 24hrs},
wedetermined thenumber of actual acceptablenodesfound
by the average of 500samples in the system. Bundles were
chosen based ontheir histogram as in previous sections; the
number of actual acceptable nodes foundwas determined
by evaluating which of the selected nodes actually met the
given requirement over the following day.

Figure 17 shows the results. Aggregation finds nearly
as many nodes as PropagateAll , however with about half
thedatatransfer overhead in thesamehierarchical structure.
PropagateNone starts to reboundat 7 hops, but with signif-
icant query-time overhead, as it must query each individual
acceptable node it finds.

5 Related Work

Statistical resource guarantees: Previous work on ap-
plication profiling[23] andresourceoverbooking haveused
intensive offline-analysis techniques for determining appli -
cation placement at the single-node level to meet qual-
ity of service requirement levels. Our work targets on-
line node-level behavior observations instead of offline
application-level profiling. Recent work in Computational
Markets [21] has placed importance on the prediction of
consumer-oriented resource costs in a market-based pric-
ing system to maintain quality of servicelevels. Such chal-
lengesaremoreon thesocio-economic realm of distributed
computing. Our work focuses more on the absolute capaci-

tiesavailable on nodes in a largedistributed system.
Resource discovery: SWORD [15] is a scalable re-

source discovery service deployed on PlanetLab that uses
a DHT underlay to store node statistics. While the focus of
SWORD is on providing scalabilit y in terms of querying,
we have also addressed the issue of scalabilit y in data col-
lection and propagation. While SWORD excels at finding
sets of suitable nodes meeting instantaneous requirements
for initial serviceplacement, our approach isgeared towards
meetingstatistical requirements.

Resource discovery in dynamic desktop grid environ-
ments has been explored in [10]. They use peer-to-peer
query forwarding, which is poor for locating large groups
of acceptablenodes. Our work instead emphasizespropaga-
tion of nodebehavioral information in ahierarchy to enable
thequick discovery of largenumbers of nodes.

The useof content-addressable networks (CANs) for re-
source discovery has been covered in [9]. Advertisements
for jobs are inserted into the CAN in a decentralized fash-
ion. Resourcerequirements are loosely defined, dynamism
isnot addressed, andsinglevalues for load areused.

Aggregation: Recent work on Information Planes [6]
and Astrolable [19] provide frameworks for scalable de-
ployments of information systems. This work has shown
hierarchical aggregationto be auseful model for scalabilit y,
but in a more general context. Similarly, SDIMS [24] men-
tions aggregation as a key model for scalabilit y, and speci-
fieslanguage constructstosupport aggregation. Whilethese
systems provide ageneral aggregation framework, our fo-
cus is to solvethespecific aggregation problem for resource
usagedistributions, andakey contribution of our work is to
show theuseof resourcebundles for thispurpose.

Histor ical data and prediction: Previous work on
availabilit y prediction[13] has studied patternsof availabil -
ity and the application of various predictors. Availabilit y
predictionisaspecial caseof prediction, with only two pos-
sible node states. Also, resource capacity prediction can be
viewed as more of a reliabilit y paradigm than availabilit y.
Histograms were used in workload prediction for multi -tier
Internet applicationsin [22]. Such predictioniscomplimen-
tary to our techniques for statistical guarantees. Statistical
demand profiles similar to our requirementsfor applications
arepresented in [20].

6 Conclusionsand Future Work

In this paper, we addressed the problem of scalable re-
source discovery in large loosely-coupled distributed sys-
tems. A key problem in these systems is that besides inter-
node heterogeneity, they also show high degree of intra-
node dynamism, where the resource capacities of individ-
ual nodes can vary drastically over time. This dynamism
means that selecting nodes based only on their recently ob-



served resource capacities can lead to poor deployment de-
cisions resulting in application failures or migration over-
heads. However, most existing resource discovery mecha-
nismsrely only onrecent observationsto achievescalabilit y
in largesystems.

We proposed the notion of a resource bundle—a repre-
sentative resource usage distribution for a group of nodes
with similar resource usage patterns—that employs two
complementary techniques to overcome the limitations of
existing techniques: resource usage histograms to provide
statistical guaranteesfor resource capacities, andclustering-
based resource aggregation to achieve scalabilit y. Using
trace-driven simulations and data analysis of a month-long
PlanetLab trace, we showed that resourcebundles are able
to provide high accuracy for statistical resource discovery,
while achieving high scalabilit y. We also showed that re-
sourcebundlesare ideally suited for identifying group-level
characteristics such as finding load hotspots and estimating
total groupcapacity.

As part of future work, we intend to explore the use of
resource bundles for multi -resource discovery. The prob-
lem of determiningtheoptimal number of clusters for a live
hierarchical aggregation algorithm is also an active part of
our futurework.
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