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Abstract by success stories such as SETI@home [2], that has re-
ported aggregate CPU cycles on the order of 60 Tflops over
Scientific computing is being increasingly deployed over several years. The increasing reliance of scientific and en-
volunteer-based distributed computing environments con-gineering disciplines on computation and harnessing huge
sisting of idle resources on donated user machines. A fun-data have led a number of projects into the Grid space, e.qg.
damental challenge in these environments is the disseminabiomedical computing [4], high-energy physics [15], and
tion of data to the computation nodes, with the successfulhealth-care [9], to name a few. These domains have sev-
completion of jobs being driven by the efficiencgolfec- eral distinguishing characteristics: their end-user camm
tive data downloadcross compute nodes, and not only the nities are growing and rely on standard toolsets, thess tool
individual download times. This paper considers the use of are often compute- and data-intensive, and the resource de-
a data network consisting of data distributed across a set of mands on these tools often outstrip what is available within
data servers, and focuses on therver selection problem  any particular organization within a domain area. For ex-
how do individual nodes select a server for downloading ample, BLAST (Basic Local Alignment Search Tool) [3]
data to minimize theommunication makespasthe max-  is a fundamental tool for the large bioinformatics commu-
imal download time for a data file. Through experiments nity. BLAST queries require massive computation and data
conducted on a Pastry network running on PlanetLab, we processing when operating against large databases, and the
demonstrate that nodes in a volunteer-based network areresources for BLAST could easily exceed a single investi-
heterogeneous in terms of several metrics, such as bandgator site.
width, load, and capacity, which impact their download be-
havior. We propose new server selection heuristics that in- lik
corporate these metrics, and demonstrate that these heuris
tics outperform traditional proximity-based server selec
tion, reducing average makespans by at least 30%. We fur-
ther show that incorporating information about download
concurrency avoids overloading servers, and improves per-
formance by about 17-43% over heuristics considering only
proximity and bandwidth.

A fundamental challenge for the deployment of services
e BLAST on a volunteer Grid is the efficient distribution
and dissemination of data to the computation nodes. For
example, decomposing a BLAST query across a Grid typ-
ically requires that large databases (with sizes on therorde
of several Ghytes) be split up and sent to a large number of
volunteer compute nodes to enable fast parallel execution.
Such a requirement makes efficient data download crucial
for the success of the end-to-end computation.

In this work, we consider the problem of concurrent
downloading by a humber of compute clients working on
the same service request. This challenge is complicated
o ] ) by the extreme time-varying heterogeneity of the volunteer

Volunteer-based distributed computing environments Griq as data servers have widely different capacity, band-
such as Grids and peer-to-peer systems have become iniqth and latency with respect to a downloading client. Si-
creasingly popular over the past few years. The potential of o, jtaneous downloading from central data servers can lead
volunteer computing for Grid systems has been establishedq pottienecks due to capacity and geographic constraints.

*This work was supported in part by National Science Foundagrant Since _Worker nodes can be dispersed world-wide, the down-
ITR-0325949. load times of some distant and poorly connected nodes
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might overwhelm the overall execution time of the service () scheduier Us a set of workurits

W;: a set of worker nodes

request. Replicating to a few data servers can achieve more o o Fic a sat of fles
efficient data access, but still suffers from the problems //U\

of scalability and fault-tolerance if static replicas ased. w,

Caching at the compute workers can help, butitis notwell- (O O ) O OO0 O OO000O

suited to handle the problems of node churn and dynamic Compute nodes = {¢,, o}
data generation. \ \ / orkersetsze [ =4

To address these problems, we assume that the data is Fy F Fs
highly replicated across a data network and that clients O O OO0 OO oo
make local decisions to select a server for download. Be-
cause a service request is not complete until all individual
workers complete their execution, minimizing the slowest
data download is crucial for achieving high performance
overall. We refer to the download time of the slowest node
in the computation as theommunication makespaMini- they download. In our model, treompute networkonsists
mizing makespan is a challenge due to the heterogeneity ofof worker nodes that provide CPU cycles for computation.
the data servers and the possibility of communication load The data networkis responsible for transmitting data from
imbalance (if large numbers of concurrent workers happenthe data generation or storage locations to the worker nodes
to pick the same data server). In this setting, simple strate that operate on the data. An example of a compute net-
gies such as minimizing round-trip time (RTT) do not work work would be BOINC [1] and a data network would be
well. Pastry [18].

We investigate this problem in the context of two dis- Formally, the compute network consists of compute
tributed computing infrastructures: BOINC (Berkeley Open nodes{ci, co, ...}, and the data network is composed of data
Infrastructure for Network Computing) [1]—a volunteer- servers{d,ds,...}. All the data files required for compu-
based compute network, and Pastry [18]—a volunteer-tation are assumed to be replicated across multiple servers
based data network. BOINC is a pull-based system uponin the data network, witlR, denoting the set of replicas for
which SETI@home was based. In our context, computea file F;. For scheduling purposes, a joB is decomposed
nodes pull the distributed work associated with service re- into a set of tasks or workunitg; (0 < ¢ < n), where each
guests. The compute nodes then fetch the needed data file§; requires one (or more) fileB;. In BOINC, workunits
from the Pastry network, a peer-to-peer DHT-based storageare often redundantly scheduled to worker nodes to improve
system. We propose and analyze server selection heuristicgeliability. As shown in Figure 1, the scheduler assigns a
that can address the dynamic and heterogeneous nature ofiorkunit U; to a set of worker node®/;, each of which
the Grid environment. The contributions of this paper are then attempts to download the associated Fijérom one
as follows: of its replicas.

To download the file, each node;; € W; queries the
e We show how the heterogeneity of data servers impactsdata network for a set of servers holding the filg along
concurrent downloading behavior. with their current state. The server state might include at-
tributes such as the server capacity, its roundtrip latency
from the worker node, etc. We define a candidate(et
for the worker nodew;; to be the set of replicas that the
data network returns in response to the query. The size and

e We demonstrate that simple heuristics exploiting het- composition of the candidate set is a function of the degree
erogeneiw Outperform typica| proximity-based server of repllcatlon, the time-out values used to search for Fep'l

Figure 1. System model

e We quantify the impact of different metrics such as
proximity, bandwidth, load and concurrency, on down-
load time.

selection. cas, and is dependent on the type of data network employed
as well as the location of the worker node. The worker then
2 System M odel uses aserver selection heuristi¢/ to select a serves;;

from the candidate set for the actual download. In other

, words, a server selection heuristic is a mapping function:
In our system model, we incorporate a compute network

as well as a data network to host large-scale services that op H : C;j — s;5, wheres;; € C;;.
erate on large datasets, require significant computatiwh, a
are accessed by remote end-users. An example is BLAS
where a service request is split across many compute node
that operate on portions of large read-only databases that !in our application model, a job is a service request.

T Minimizing makespan is key as the service request will
pot be complete until all tasks are finished. Since data
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Figure 2. Heterogeneity of servers: concur- Figure 3. Performance comparison of
rency refers to the number of simultaneous random- and proximity-based selection.
download requests. The data size is 2MB.

download or communication is a key component of the lay networks [18][16][21] to nearest server selection ia th
workunit execution time, we define theommunication Internet [10]. In general, proximity refers to the network
makesparno be the maximal download time for a worku- distance between hosts and can be measured in terms of

nit U;: roundtrip latency between the hosts, using TCP roundtrip
makespan = max {T};}, times or ICMP echo packets. According to conventional

wi; €W; wisdom, proximity is the dominant factor in predicting

where,T;; is the download time for workep;; € ;. data download performance. As a result, proximity infor-

The objective of this work is to reduce the makespan by mation is collected by many data network infrastructures.
selecting good data servers. A challenge is that the individ For example, FreePastry [11] is a DHT-based network that
ual compute workers are distributed and isolated from eachprovides end-to-end roundtrip information between peers
other. Collecting global state dynamically to improve sgrv  based on predicted latency values. Figure 3 compares mean
selection is not scalable or practical. On the other hand,download times with errorbaf®bserved by workers using
a greedy server selection technique might choose the besproximity-based selection vs. random selection for differ
server for each node locally without consideration of the ent data download sizes. As can be seen from the figure,
other workers. Figure 2 shows how such a greedy approachproximity-based selection always outperforms random se-
might degrade the download performance of servers by in-lection, and hence, proximity information is clearly impor
creasing concurrency of downloads. This experiment usestant. However, is proximity the only useful metric that de-
a set of PlanetLab nodes. Another point to be noted fromtermines the choice of a server for data downloading?
this graph is the heterogeneity of nodes in PlanetLab—each To answer this question, we conducted experiments on
server has a different level of sensitivity with respectdac ~ a 43-node PlanetLab slice to determine the various param-
current downloading requests, indicating the differemce i eters that affect download performance. An experimen-
their capacities. Our goal is to incorporate such server het tal evaluation was performed on PlanetLab over a 7-month
erogeneity to do local server selection while avoiding poor period (Apr-Oct 2006). Several measures are explored,

global decisions. and we find strong correlations not only between RTT and
download performance but also between network band-
3. Server Selection Heuristics width and download performance. RTT is gathered from

our deployed data network, Pastry [18], while Iperf [12]
In this section. we investigate different metrics that af- statistics are used to determine network bandwidth. Fig-
fact thel eff'c'elnc’ \c/)vf dlat\:al d(I)g nIoa(I:i'n Basedlon the im- ures 4(a) and 4(b) show the relationship of download times
t of th Icl yt' W ¢ 'hg' istics f | It' with RTT and bandwidth respectively. We use 4 differ-
pact of tnese MELNCS, We present NeUnstcs Tor selecingy i 4415 download sizes: 256KB, 512KB, 1MB, and 2MB.
data servers in our environment. A key requirement of our N .
Each point in these graphs corresponds to a single data

model is to minimize the overall makespan of a service re- . .
. S S download. We make the following observations from these
guest, and not to simply minimize the individual download graphs:

times at each worker independently.
P.I‘OXI.mIty has been Qmployeq as a netWO_rk memc of * 2Errorbars in this paper represent 95% confidence intervdss oth-
choice in several domains ranging from routing in over- erwise noted.




e Observation 1in the case of RTT (Figure 4(a)), the data This cost function has the following desired properties
download time for each data size is lower-bounded by a lin- based on our observations. First, the cost function is tiyrec
ear curve, indicating the presence of a near-linear relatio proportional to RTT (Observation 1), such that the propor-
ship to RTT. However, the variation in the observed down- tionality constant is the weight; which incorporates the
load times suggests the impact of other parameters. effect of other server parameters. Second, the cost functio
e Observation 2:In the case of bandwidth (Figure 4(b)), has an exponential relation to the server bandwidth (Obser-
we observe that the lower bound on the download time for vation 2). Finally, we define the constattto incorporate
each data size has an exponential relationship to bandwidthfactors such as load and concurrency (Observation 3). Note
In other words, servers with fairly large bandwidth (e.g., that the values returned by the cost function are not meant
those over 10Mbps) do not show considerable differenceto be absolute (i.e., these values are not used for pregictin
among their download time trends, while low bandwidth the actual download times), but their relative values can be
servers (e.g., those under 1Mbps) show a sharp increase insed for ranking multiple servers in the order of their selec
the download time as the bandwidth decreases. Howevertion desirability.

again, the variation in the observed download times sug- We define three heuristics for server selection that use
gests the impact of other parameters. different values for;:

e Observation 3:We also observed that system load and
concurrency are correlated to download time (the effect of
concurrency is illustrated in Figure®)These factors may
impact the performance if too many concurrent downloads e BW-LOAD: Usesk; = load;, whereload; is the 5-

e BW-ONLY: Usesk; = constant We usek; = 1in our
experiments.

occur from the same server simultaneously. Such con- minute average system load on the server.

currency may happen due to race conditions, where inde-

pendent workers making independent download decisions ® BW-CAND: Uses k; = num._cand;, where

might select the same “desirable” server, in turn overload- num._cand, is the number of times the servers has re-

ing it. Such overloading should be avoided to minimize the sponded as a candidate within the last 15 seconds.

communication makespan. The heuristic BW-ONLY uses only the RTT and the
Based on these observations, we gain the following in- pandwidth metrics for selecting a server, while the other

sights into making server selection: heuristics BW-LOAD and BW-CAND also use average sys-

tem load and concurrency information respectively. For
BW-LOAD, we use 5-minute system load as the load metric
which is obtained by Linux/Unixipt i me command. As

e Servers with relatively high bandwidth (e.g. over 10 the load value grows, the weight becomes large, and pre-

Mbps) should be preferred, and should use RTT as adicted download cost goes up. BW-CAND uses the number
discriminator. of times the server has responded as a candidate within a

predetermined time window. In the experiments, we set the
e Servers with medium bandwidth (e.g. between 1-10 time window to 15 seconds which is equal to the search time
Mbps) should be discriminated by load or concurrency. we used in the DHT ring. Using the heuristic BW-CAND,
servers which have responded as a candidate several times
recently are penalized, because they are more likely to be
selected by multiple workers, and hence to be concurrently
serving data in the near future.

e Servers with low bandwidth (e.g. under 1 Mbps)
should be avoided, even if their RTT is small.

We use these insights to deriveast functionf; ; that is
used by a workei to quantify the desirability of a server
for data download:

i,j = oy - rtt; g, 1 i
fij=a; J @) 4. Perfor mance Evaluation

wherertt; ; is the RTT between the worker and the server,
anda; is a weight used to incorporate other server parame-4.1. Experimental Testbed and Methodol-
ters, defined as follows: ogy

k; Jbw; . . -

aj = elha/bws), 2) To evaluate the various server selection heuristics de-

. _ . scribed in the previous section, we conducted experiments

wherebw; is the bandwidth of the server, ahgis a (server- o 3 set of randomly selected PlanetLab nodes geographi-
dependent) constant that incorporates parameters such a8,y distributed across the globe: North America 20, Eu-

load and concurrency (discussed below). rope 19, and Asia/Pacific 4 nodes. For data replication and

3We did not find correlation to other parameters such as CPUpow ~download, We.'mpleme_nted a data _netWOfk over FreePas-
size of memory, etc. in our experiments. try [11], a public Pastry implementation developed by Rice
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Figure 4. Performance correlation to RTT and Bandwidth: download performance has a linear rela-
tionship to RTT that is offset by secondary factors. In the case of bandwidth, download performance
decreases exponentially as bandwidth goes beyond 1Mbps.

Table 1. Experiments setup

Experiments| Nodes| Replication| Candidate| Concurrency, Data Size Queries
EX-1 19 10 5 5 2M 690
EX-2 33 10 5 5 256K,512K,1M,2M| > 200
EX-3 29 10 5 5,10,15 2M > 250
EX-4 29 10 5 5 256K,512K,1M,2M| > 450

University. FreePastry provides the underlying data place data placement (driven by FreePastry) to generate differen
ment, request and data routing mechanisms. We conducte@énvironmental conditions. Table 1 shows the various exper-
each of our experiments as follows: data files are distribute imental scenarios we created. The scenarios differ in some
over the data network at the beginning of each experiment,of the parameters above, as well as the specific set and num-
and then data queries are generated for downloading theseer of nodes that were used.

data files. For each data query, a set of worker nodes are

selected randomly to request the same designated file cong,2, Comparison of Server Selection Heuris-
currently. For fair comparison across the different server tics

selection heuristics, queries are interleaved: e.g., sath

of worker nodes downloads the files first with the PROXIM

(proximity-based heuristic) selection, followed by the BW — - .
ONLY selection, etc. Some queries might fail due to rea- for C=5 and D=2MB, using the aggregated results of all the

sons such as churn (e.g., nodes going down) or query in_experlments that used C=5 and D=2MB. Figure 5(a) plots

completion (6.0.. message routing failure in the DHT rin the average download time and makespan respectively for
P ( 9 ag 9 . 9)- the various heuristics. The first observation we make from
If any query fails in the interleaved set of queries, the itesu

o . . the figure is that the bandwidth-based heuristics perform
is discarded in our analysis. much better that proximity-based server selection in terms
There are two main parameters that we vary across ourof both the average as well as the makespan. Moreover,
experiments: (i)data download siz€D), with values of the gaps in performance are larger in the case of makespan
256KB, 512KB, 1MB, and 2MB, and (iigoncurrency(C) (~30-45%) than in mean download time20-30%). This
of client accesses for the same file, using values of 5, 10,resultis also seen from Figure 5(b) that plots the CDF of the
and 15. We use a replication factor of 10 for placing each download completion times. As seen from the figure, 10%
data file to provide us with a relatively large set of candi- of PROXIM queries take more than 60 seconds to complete,
date servers for download. This allows a better comparisonwhile the bandwidth-based heuristics take less than 40 sec-
of server selection heuristics. In addition, we use diffiere onds to complete 90% of their queries. Moreover, these
sets of machines in each experiment, with randomly chosenrheuristics finish most of their queries within around 100

Figure 5 compares the various server selection heuristics
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Figure 5. Performance comparison of different heuristics (C=5, D=2MB, Num Queries>1800): (a)
shows the average download time and makespan, (b) shows the CDF of download completions, and
(c) shows the bandwidth distribution of data servers.

seconds, while about 5% percent of queries are unfinished

for PROXIM selection. Thus, this result implies thating Table 2. Server bandwidth distribution

bandwidth in addition t imit d bett f Class Low Medium High
m?ncvél notlrl)zl 'Inlczgrmospg?‘x'lr:?jl' y'dprgl ggeiloZderbp(taracl)sr; < 1Mbps | 1 - 10Mbps | > 10Mbps
in overall makeZplan e " e EX-1 oY% 26% 67%
' - 0, 0, 0,

Another observation we make from Figures 5(a) and 5(b) EX-2 12% 6% 82%
. EX-3 0% 24% 76%
is that BW-CAND shows the best results for both mean

. EX-4 0% 24% 76%

download time and makespan. In the case of makespan,
BW-CAND gains over 40% compared to PROXIM, while
BW-ONLY and BW-LOAD show 30-40% gains. Fig-
ure 5(b) shows the CDF of the completion times of all the
queries. This result implies thatcorporating concurrency The reason BW-CAND performs the best can be found
in addition to bandwidth improves the performance even in the bandwidth distribution of servers as shown in Ta-
further. ble 2. Here, we classify hosts in three categories: low,

While Figure 5 shows the aggregated results, Figure 6 medium, and high bandwidth, based on their bandwidth
depicts the results separately for each experiment. Oncevalues. All of the bandwidth-based heuristics can penalize
again, we see that bandwidth-based heuristics outperformow-bandwidth servers (i.e. those with less than 1Mbps),
proximity-based server selection in all cases, and that BW-but may not penalize medium-bandwidth servers (i.e. those
CAND performs best in all cases (except EX-2, where its between 1Mbps and 10Mbps). In fact, BW-ONLY might
performance is equivalent to the other heuristics). not penalize such medium-class servers because the weight

The basic reason why the bandwidth-based heuristicsvaluec; is likely to stabilize beyond 1Mbps, due to its ex-
outperform proximity-based selection is that they can ex- ponential relation to bandwidth (Equation 2). In additiidn,
clude extremely slow servers. In our experiments, the par-the average load is low on these medium-class hosts (close
ticipating hosts are almost uniformly distributed throdigé to 1), BW-LOAD also does not penalize them. In contrast,
bandwidth ranges as shown in the Figure 5(c): nearly 10%BW-CAND can penalize these servers, if too many clients
of the hosts have a bandwidth under 1Mbps, 50% of thetry to select them, thus leading to higher values of recent
hosts have under 30Mbps, and upper 10% hosts have ovecandidate set queries. Thus, BW-CAND is able to provide
80Mbps bandwidth. By penalizing low bandwidth servers, better performance for such servers, by proactively preven
the bandwidth-based heuristics can select servers with beting overloads from happening, while BW-LOAD is able
ter bandwidth, even though they may be a little further from to react only to past observed load. Unlike other experi-
the worker node. Given that PlanetLab systems are well-ments, EX-2 shows all the heuristics to have similar perfor-
organized compared to systems in typical volunteer-basednance. This can be explained by the fact that EX-2 has only
networks, we anticipate that the heuristics can diffeegati 6% medium-class servers (as seen from Table 2), whereas
the results much more in such environments. other experimental scenarios have more than 20% medium-
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parable to BW-ONLY and BW-LOAD.
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Figure 8. Impact of concurrency (EX-3;
D=2MB): BW-CAND widens the gap against
other heuristics as concurrency increases.

Figure 7 shows the average makespan obtained for vary-
ing data sizes from 256KB to 2MB. The figure indicates
that the bandwidth-based heuristics outperform proximity
based selection much more significantly as the data size in-
creases, going from 16% for D=256KB to 42% for D=2MB
when comparing BW-CAND to PROXIM. Another experi-
ment with varying data sizes (EX-4) showed similar results,
and has been omitted due to space constraints. This result
indicates that while proximity-based selection may be suf-
ficient for small data sizeserver bandwidth assumes an
important role for larger data sizes.

5. Related Work

Much server selection research has been conducted in the
Internet [19, 14, 5, 10]. Carter and Crovella [5] also consid

To see the impact of concurrent downloads for the sameered available bandwidth information (end-to-end link la-
files, we used concurrency values of 10 and 15 in addition totency and congestion information) between the client and
the value of 5 used in our previous experiments. Since theserver for server selection. The major difference from our
replication factor for data placement is set to 10, race cond Work is that we also consider system aspects due to hetero-
tions would be unavoidable in this experiment with clients geneity and system loading, such as capacity and workload.
selecting the same server for download in several cases. Irin [10], the authors compared four metrics: previously mea-
this case, we see that the bandwidth-based heuristicsreutpe sured RTT, IP path length, AS path length, and geographi-
form proximity consistently. Moreover, we see that as the cal distance. According to their results, RTT works best as
concurrency increases, BW-CAND starts outperforming the a distance metric in the Internet to find the nearest server.
other heuristics, indicating thavoiding overloads by re-  Our results show that the nearest server does not guarantee
ducing concurrent data downloads from the same server isbetter performance in terms of actual data transfer.
important. Estimating network proximity is a hot topic in peer-to-

4.4. Impact of Concurrency



peer networks. To estimate proximity, landmarks [13, 7],
direct communication [8], and topological information 17
have been proposed. Our approach is to utilize the best com-
munication metrics from the underlying infrastructure and

would be compatible with all of these approaches.

BitTorrent is a peer-to-peer file distribution protocol
which enables parallel downloading using network coding

(2]

D. P. Anderson, J. Cobb, E. Korpela, M. Lebofsky,
and D. Werthimer. Seti@home: an experiment in
public-resource computingCommunications of the ACM
45(11):56-61, 2002.

] BLAST: The basic local alignment search tool,
http://www.ncbi.nlm.nih.gov/blast.
caBIG: cancer biomedical informatics grid,

(4]

in peer-to-peer networks [6]. In [20], the authors suggest g

large data sharing using BitTorrent in computational Grids
The ultimate goal of this work is similar to ours. The major
difference is that we are focusing on replica selection for
downloading data blocks and accounting for heterogeneity.

6. Conclusion

In this paper, we examined the problem of efficient data
dissemination for scientific computing in a volunteer-lshse

(6]
(7]

(8]

network. We considered the use of a data network consist- [9]

ing of data distributed across a set of data servers, and fo-

cused on theserver selection problemhow do individual

nodes select a server for downloading data to minimize the
communication makesparthe maximal download time for

[11

[10]

a data file. The communication makespan is an important [12]

measure because the successful completion of jobs is driven
by the efficiency ofcollective data downloadcross com-

pute nodes, and not only the individual download times.
Through experiments conducted on a Pastry network run-
ning on PlanetLab, we showed that conventional proximity- [
based server selection does not always produce good re-
sults. We demonstrated that nodes in a volunteer-based net-
work are heterogeneous in terms of several metrics, suchy;g

[13]

http://cabig.cancer.gov/index.asp.

R. Carter and M. Crovella. Dynamic server selection gsin
bandwidth probing in wide-area networks. Technical report
Boston University, MA, USA, 1996.

B. Cohen. Incentives build robustness in bittorréntWork-
shop on Economics of Peer-to-Peer Syste2063.

M. Costa, M. Castro, A. Rowstron, and P. Key. Pic: Pratic
internet coordinates for distance estimationlniternational
Conference on Distributed Syster@04.

F. Dabek, R. Cox, F. Kaashoek, and R. Morris. Vivaldi: a
decentralized network coordinate systemSIGCOMM’'04
pages 15-26, 2004.

ePCRN: electronic primary care
http://www.epcrn.org.

P. Francis, S. Jamin, C. Jin, Y. Jin, D. Raz, Y. Shavitd a
L. Zhang. Idmaps: a global internet host distance estimatio
service.|EEE/ACM Trans. Netw9(5):525-540, 2001.

research network,

] FreePastry, http://freepastry.org.

PlanetLab
lab.org/phpl/iperf.
E. Ng and H. Zhang. Predicting internet network distanc
with coordiantes-based approaches. Phoc. of IEEE IN-
FOCOM’'02 pages 170-179, 2002.
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