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Abstract— Many Peerto-peer (P2P)applications suchasmedia
broadcasting and content distribution require a high perfor-
mance overlay structure in order to deliver satisfying quality
of sewice (QoS). Previous approachesto building such overlays
either involve non-scalablesolutions such as global information
and shared contact point, or rely on gossip style membership
dissemination, which lacks QoS awareness.In this paper, we
presenta distrib uted membership sewice called RandReer, which
managesmembership information on behalf of P2P applications,
and allows peers to locate good neighbors based on their QoS
characteristics. Using this sewice, P2P applications can easily
construct their overlays in a scalableand QoS aware fashion.

We have implemented RandPeer and experimented in both
local and wide area ervironments. Our results show that (1)
RandPeer is scalable and robust to highly dynamic P2P mem-
berships; (2) RandPeer has good lookup performance, both in
terms of responsetime and the randomnessof peer selection.
The latter improvesload balancing and failur e resilienceof P2P
applications; (3) when used to improve the performance of a
mesh based P2P overlay, RandPeer achieves 10% improvement
in just 2 protocol rounds, which is more than 5 times faster than
pure random neighbor selections.

I. INTRODUCTION

Unlike early le sharingapplicationssuchas Napsterand
Gnutella,mary recentP2P applications,ncluding live media
broadcasting1], [2], [3], [4], [5], high bandwidth content
distribution [6], [7], and real-time audio conferencing[8]
requirea high performanceverlay structurein orderto deliver
satisfying Quality of Service(QoS)to the users.As a result,
building high performanceoverlaysis an importanttask for
theseapplications.

Ideally, if the characteristic®f all the applicationpeersare
known, a globally optimal structurecan be built using some
deterministicalgorithms|[1], [9], [2]. Although this holistic
approachmight producethe best possibleoverlay structure,
it is not scalable.This is becauseP2P applicationsoften
consistof large numberof peers,which may join and leave
at ary time. Maintaining consistentstate for such dynamic
systemswould incur too much overhead. Therefore, most
recentsystemg3], [4], [5], [10], [11] have adopteca localized
approachwhereeachpeerjoins the overlay by independently
selectingits neighbors,and neighborfailuresare repairedby
local adjustmentClearly, the performanceof an overlay built
this way dependscritically on the ability of individual peers

to selectgoodneighborsThus,the questionbecomeshow can
individual peersselecttheir neighborsin a scalableand QoS
aware fashion?

In somesystemssuchas NICE [3] and Zigzag [4], mem-
bershipinformationis embeddedn the overlay structure.To
selectits neighborsa joining peer rst contactsa well known
rendezwuspoint, thensuccessiely probesexisting peersuntil
it nds its bestpositionin the overlay While this approach
allows peersto locategood neighbors,it hastwo dravbacks.
First, for highly dynamicsystemsthe contactpoint caneasily
becomea bottleneck.Second,when the systemis large, a
joining node may have to probe mary peersbefore nding
its bestposition, which is alsoundesirable.

To addressthe scalability problem, mary recentsystems
suchasDONet[5], PRO [10] andlaterversionsof Naradg11]
employ a gossipstyle membershipmanagemenschemesim-
ilar to [12]. The ideais that eachpeermaintainsa small list
(calledthe partial view) of othermembersn the system,and
periodically exchangesmembershipinformation with other
peers. As a result, the partial view representsa uniform
samplingof thewhole system Whenever aneighboris needed,
it is selectedrandomlyfrom the partial view.

Although the gossipschemeachieres scalability in mem-
bershipmanagement is not suitedfor QoS aware neighbor
selection.This is becausea randomlyselectedpeerin a large
systemis unlikely to have the desired QoS characteristics
(e.g., delay and bandwidth). The gossip style membership
managementvas originally designedfor probabilistic data
disseminatiorapplications[12], which are themseles gossip
basedapplications.It is not clear hov the schemecan be
modi ed to accommodatealifferent application QoS require-
ments? . In addition, becausea peer can learn about other
peerdndirectly (throughgossip),it is dif cult to detectif some
peersin the partial view have failed.

In this paper in recognizing that QoS aware neighbor
selection, and hence membershipmanagemenis common
to QoS sensitve P2P applications,we proposeto decouple

IMary theoreticalresults about gossip protocols [13], [14] rely on the
assumptiorthatthe partial views areuniform samplingof the entiresystem If
QoSis introducedsuchthatthe partial views consistof peersthatcanprovide
goodQoSto the local peer the theoreticalresults(e.g.,network connectvity)
may no longer be applicable.
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membership management from P2P applications by designing
a distributed membershipservicecalled RandPeer. RandPeer
allows decentralizedmembershipregistration for peers,and
enablesefcient lookup of other peers.In its basic form,
RandPeeallows thelookup of a peerthatis randomlyselected
from the entire system.Randomnesé neighborselectionis
necessaryn a P2P ervironment,becausdt avoids the over
headfor deterministicsearchof the bestneighbor However,
different from the gossipbasedschemesRandPeercan also
clusterpeershasedon their QoS characteristicsBy restricting
randompeerselectionwithin speci ¢ QoS clusters,RandPeer
achieves QoS awarenessn neighborselection,while at the
sametime preseresthe ef ciency offered by randomness.

Clusteringpeersfor better overlay constructionhas previ-
ously beenexploredin [15]. However, in that work one peer
in eachclusteris designatedas a membershipsener, which
managesthe state information of its cluster This approach
addsadditionalcomplity and overheado applicationpeers,
especiallywhen the membershipseners are themseles dy-
namic. The goal of RandPeelis exactly to free peersfrom
complx membershipmanagementwhile at the sametime
enableQoS aware neighborselections.

We have implementedhe RandPeeserviceand conducted
experimentsin both local and wide area (PlanetLab[16])
ernvironments.Our resultsshav that (1) RandPeeis scalable
and robust to both bulk and constantmembershipchanges;
(2) RandPeehasgood lookup performancebothin termsof
responséime andrandomnes peerselection.The formeris
boundedby O(loglog V), where N is the maximumnumber
of peersallowed in the system,and the latter is close to
uniform distribution, which improves the load balancingand
failure resilienceof P2P applications;(3) when usedto im-
prove the performancef a meshbased”2Poverlay, RandPeer
achives10%improvementin just 2 protocolrounds,whichis
morethan5 timesfasterthanpurerandomneighborselections.
The quicknessn performancemprovementis especiallyvalu-
able in applicationssuch as P2P streaming,where neighbor
failures must be repairedquickly in order to prevent buffer
underruns.

In the rest of this paper we rst describethe application
model that RandPeettargets in Sectionll, then presentthe
detaileddesignof RandPeein Sectionlll. SectionlV provides
the evaluationresults.SectionV discusseselatedresearctand
SectionVI concludeghe paper

Il. APPLICATION MODEL

In this paper we considerQoS sensitve P2P applications
such as live media streamingand high bandwidth content
distribution, which can be primarily characterizedby their
large and dynamic membershipsand their requirementon
high performanceoverlay structuresWe assumehe localized
overlay constructionand maintenancepproachis used.This
meansboth theinitial joining of a peerandthe recovery from
a neighborfailure are doneby individual peersselectingtheir
neighbors RandPeeprovides supportto suchapplicationsby
managingtheir membershipin a scalableand robust way,
and allowing peersto selectneighborsbasedon their QoS
requirements.

Figure 1 shovs how an example live P2P streamingap-
plication can bene t from RandPeerA single source S in
the application provides the live content(e.g., Internet TV
program). Other peers (recevers) can join the systemand
streamthe contentfrom either the sourceor other peers.In
line with recentwork on P2P streaming[17], [10], [5], [18],
we allow eachpeerto streamfrom multiple parentpeersin
orderto betterutilize their residuebandwidth.

When a new peer(e.g., p6 in Figure 1) joins the system,
it needsto locate some other peerssuitable as its parents.
Withouta membershiservice the sourceS would necessarily
becomea sharedcontactpoint. With RandPeerowever, each
peercurrentlyin the system(includingthe source)canregister
with the serviceusing a registration protocol, and a joining
peer (p6) can query the service? to lookup potential good
parents,and connectto theseparents.At the sametime, the
joining peer can register with the RandPeerservice,so that
it can be locatedby other peers.Later, if a parentfails or
experiencesdegradedperformancea similar lookup can be
madeto locatean alternatve parent.

Thus we can seeby decouplingmembershipmanagement
from P2PapplicationsRandPeegreatlyfacilitatestheir devel-
opment.The applicationsonly needto invoke somestubcode
provided by RandPeerwhich executesthe registration and
lookup protocols) without knowing how theregistrationinfor-
mationis organized,and how the lookup is performed.Since
RandPeeis offeredas a service,it hasthe additionalbene t
that a single servicecan be sharedby multiple applications,
and that the servicecan evolve (e.g., be re-implementedor
betterperformancejvithout changingthe applicationssolong
asthe protocolsfor accessinghe serviceremainunchanged.
Although relying on a separatenembershipserviceseemsto
be oppositeto a pure P2P design,we believe the bene ts
offered by RandPeemale it attractve, especiallyfor legal
P2PapplicationssuchasInternetTV broadcastingfor which
the provision of a dedicatedserviceis not a problem.

Before going into the details of our RandPeedesign,we
enumeratethe high-level characteristicghat are desirablein
sucha service.

2RandPeeis a distributed servicethat consistsof different servicenodes.
We assumeeach peer knows about a service node via some out of band
information,in a way similar to usingthe domainnameservice(DNS).



Scalability: RandPeershould be able to scaleto large
numberof peers.In particular the serviceshouldoperate
in a decentralizednanney and no single point of failure
shouldbe involved.

Robustness: The RandPeerprotocol should be robust
to messagdossesand require no complex coordination
amongpeers.The servicestateshouldremainrelatively
stable,despitethe constanfoining and leaving of peers.
Performance: RandPeershould allow efcient peer
lookup, and the lookup result should have desirable
randomnesgéwithin the QoSclusters)in orderto improve
load balancingand failure resilienceof the applications.
Customization: RandPeershould allow different appli-
cationsto clusterpeersbasedon differentQoScharacter
istics.

Self-organization: RandPeershould ideally be self-
organizing,sothatadditionalservicenodescanbe added,
andfailed servicenodescan be replaced.

To achieve the goalslistedin the previous section,RandPeer
usesa distributed trie datastructureto organizethe member
ship information, which is in turn mappedto an underlying
distributed hashtable (DHT). Our choiceto usea trie data
structureis basedon two reasonskFirst, a trie datastructure
can dynamicallygrow and shrink, which is especiallysuited
for managinghe dynamicmembershipnformationof P2Pap-
plications.If the membershignformationis directly storedin
aDHT [19], [20], someDHT nodemight be overloadedf too
mary peersareregisteredwith the samenode.Seconda trie
datastructureallows ef cient lookup, which is alsodesirable
for a membershipservice.The map of the membershiptrie
to a DHT further allows RandPeeto achieve decentralization
and self-oiganization.

DESIGN OF RANDPEER SERVICE

A. Membership Trie

RandPeeusesa trie datastructurefor membershiporgani-
zation. A trie is basicallya tree with its nodeslabeledwith
0, 1 strings®. The label of the root is an empty string. If a
nodehaslabell, its left child is labeledi0, andits right child
is labeled/1. Each nodein the trie is called a “bin”. Peer
registrationinformationis only storedat leaf bins. We assume
the maximumlengthof alabelis h, thusthereare at most2"
leaf binsin a membershigrie (alist of the systemparameters
is givenin Tablel). Figure 2 shavs an examplemembership
trie. Note the membershiptrie is a data structurewithin the
RandPeeserviceto organizethe registrationinformation for
applicationpeerslt' s differentfrom the actualoverlay network
formed by the applicationpeers.

To register its membershipwith the trie, a peer must
randomly selecta peer id of b bits (b h) for itself. This
peerid determineswhich leaf bin the peer should register
with. Speci cally, it should register with the leaf bin whose
labelis a pre x of its peerid. Clearly, given a peerid, there

3For simplicity, we only discussbinary tries.

TABLE |
SYSTEM PARAMETERS

max numberof bits in a bin label
numberof bits in a peerlD/lookup key
capacityof a leaf bin

max numberof peersin an application
randomratio

3 2 Wo o

\\registration information stored in bin O
peerid| meta data (IP, port, ...)

192.174.xxX.XxX, 6022, ..
169.220.xxx.XxX, 6024, ..

\ 00101
v 00111

Fig. 2. Membershiptrie

exists a uniqueleaf bin whosebin labelis a pre x of the peer
id. As anexample,in Figure2, peersD0101and00111should
registerwith bin 001, becausehis is the leaf bin whoselabel
is a pre x of their peerids. Similarly, a peerwith id 10010
shouldregisterwith leaf bin 10.

The membershigrie is a dynamicdatastructure.Eachleaf
bin hasa capacity B, which meansit can store at most B
registrationentries.If thereare morethan B peersregistered
with aleafbin (with alabell), thebin canbesplit into two leaf
bins (with labelsi0 and!1, respectiely). All peerspreviously
registeredwith bin [ are now informed to register with its
childrenbins. If laterthe total numberof peersregisteredwith
10 and!1 dropsto below B/2, thetwo leafbinscanbe merged
again. The split of bins ensureghat no leaf bin is overloaded
by too mary registrations,andthe mewge of binsimprovesthe
lookup performanceby remaving sparselypopulatedeaf bins.

RandPeers built on top of a distributed hashtable (DHT),
thereforewe use consistenthashingto map the logic mem-
bershiptrie to the RandPeerservice nodes.Figure 3 shawvs
how the mappingis done. The bottom of the gure shaws
the RandPeerservice network, which consistsof distributed
RandPeerservice nodes*. Given a bin in the membership
trie (e.g.,bin 1001in Figure 3), we usea consistentashing
function such as SHA1 [22] to map it to a unique number
in the DHT key space.This numberis called the bin id of
the bin. The “successor”[21] of this bin id (which is node
r2 in this case)is responsibldor maintainingthe statein the
bin. Since eachapplicationhasits membershigrie, to avoid
con ict betweerthemembershiginsof differentapplications,
we assumeeachapplicationhasa uniqueapplication id, and
include it in the hashingprocess.To senda messagdo bin
1001, a peer can obtain its bin id using the samemapping

4The RandPeemodes self-oganize into an overlay which is a ring if
Chord[21] is usedasthe DHT.
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process,and sendthe messageo a nearby RandPeemode.
Themessagés thenrouted(usingthe underlyingDHT routing
mechanism}o the RandPeenode(e.g.,r2), which processes
the message.

B. Registration Protocol

Due to the dynamic nature of P2P membershipsRand-
Peertakes a soft stateapproachto membershipmanagement.
Speci cally, the registrationinformation for eachpeerhasa
life time. It must be refreshedperiodically (by Regi st er
messagesptherwiseit will time out andbe removed from its
leaf bin.

Whena new peerbegins to register it must rst locateits
leaf bin. This canbe doneby walking down the trie, starting
from the root bin, until a leaf bin is reached.However, this
would suffer from the sharedcontactproblem of NICE [3]
and Zigzag [4]. Therefore,RandPeewusesthe binary search
algorithm describedin Section llI-C to quickly locate the
leaf bin for a peerin O(loglog N) steps.Oncethe leaf bin
is located, the peer bagins to periodically sendRegi st er
messagedo its leaf bin. The leaf bin is expectedto send
a Regi st er OK messageback, unlessit has been marked
for split or memge (to be discussedbelaw). In this case
a Regi st er GoDown or Regi st er GoUp messagds sent
back,andthe peerwill move to its new leaf bin.

Each Regi st er messagecontainsthe peerid of a peer
and some metainformation such as its IP addressand port
number This informationis storedin theleaf bin asillustrated
in Figure 2. EachRegi st er OK messagealso containsthe
metainformationpreviously registeredunderthe peerid. This
canbe usedto detectif two peershave chosenthe samepeer
id.

The information storedat eachinterior bin (e.g.,the height
of the subtreerooted at the interior bin) is also soft state.
Therefore eachleaf bin andinterior bin (exceptthe root) also
needsto periodicallyrefreshits parentbin usinga Ref r esh
message.

Bin Split‘Merge To dynamically grow and shrink the
membershiptrie, our registration protocol relies on the co-
ordination betweenRandPeerand the application peersfor
bin splittmege. Each leaf bin has a leader peer, which is
the peerwith the smallestpeerid in the bin. The leaderpeer
of a leaf bin is responsiblefor initiating the bin split/mege
processEachRegi st er OK messageontainsa bit indicating
if the peeris the leaderpeer It also containsthe number
of registrationentriesin the bin. If the leaderpeer nds the
numberof entries B, it will senda Spl it messagego

label _bits = TryRegister(peer_id) lllocateinitial leaf bin
bin_label = peer_id (b label_bits)
bin_id = SH Al(app-id, bin_label)
while(true)
send_-message(Register, bin_id, meta_info)
msg = receive_message() llreply messagdrom leaf bin
if msg.type == RegisterOK
if msg.is_leader == true
if msg.num_entries B SendSplitMsg()
elseif msg.num_entries < B/4 SendMergeM sg()
endif
else
if msg.type == RegisterGoDown label bits + +
elselabel _bits
bin_label = peer_id (b label_bits)
bin_id = SH Al(app-id, bin_label)
endif
sleep llwait till next protocol period
endwhile

Fig. 4. RaistrationProtocol

the bin. If the bin acceptghe messageit will mark itself for
split. Any peerthat attemptsto register with sucha bin will
receve aRegi st er GoDown messagewhich causeshe peer
to register at a lower level and new leaf bins to be created.
The “marked for split” stateis a temporarystateand the bin
will becomean interior bin after a shorttime.

If aleaderpeer nds the numberof entriesin a leaf bin to
be too small (e.g., < B/4), it will senda Mer ge message
to the parentbin. If the Mer ge messages accepted,the
parentbin is marked for memge. If a bin marked for meige
recevesa Ref r esh messagdrom its child bin, it will reply
with a Ter mi nat e messageThe child will thenrespondto
ary Regi st er messagewith a Regi st er GoUp message,
telling the peersto registerwith a higherlevel. The “marked
for memge” stateis alsotemporaryandthe bin will becomea
leaf bin after a shorttime.

Both the Spl it and Merge messagemay or may not
successfullymark the bin. For example,the messagenay be
lost, or for Mer ge messageghe otherchild of the parentbin
may not be a leaf bin. For example,in Figure?2 if the leader
peerof bin 10 sendsa Mer ge messagdo bin 1, it will be
ignored.Thisis becausdin 11 is notaleaf, which meanghere
may be morethan B peersregisteredunderthe subtreerooted
at bin 1. As a result, after a leaderpeerhassenta Spl i t
or Mer ge messageit continueswith its normal registration
processlIf the split/mege is successfulthe leaderpeerwill
be noti ed to go up or down, just like other peers.If it is
not successfulthe leaderpeerwill retry periodically at a low
frequeng, as long as the condition for split/mege remains.
This approachgreatly simpli es the protocol betweenthe
RandPeeserviceandthe applicationpeers.It also makesthe
protocol robust, becauseno complex coordinationamongthe



peersare neededandthe eventualsuccesf bin split/meige
is not affectedby the loss of one or more messages.

Since eachpeer only sendsand receves one messagdn
eachprotocol period (except for leaderpeerswho may send
an additional splitfmege message)and each messageonly
containssmall amountof information, the overheadof the
registrationprotocolis negligible. In our implementationthe
protocol periodis 10 secondsand the membershipentry for
eachpeeris only 30 bytes. Togetherwith messageéheaders,
the registration overheadis still much smallerthan 1 kbps.
EachRegi st er messageloesinvolve a DHT lookupin the
RandPeesservice network. However, this service network is
usuallymuchsmallerthanP2Papplicationsthusthe overhead
is still small. In addition, peerscan cachethe IP addressof
the RandPeemnode holding their leaf bins. Thus registration
messagesan be sentdirectly without a DHT lookup.

The registration protocol (as executedby the registration
stub at each peer) is shovn in Figure 4. In Figure 4,
TryRegister usesthe binary searchalgorithmin Sectionlll-
C to quickly locatethe initial leaf bin. b and B arethe system
parameterasgivenin Tablel.

C. Random Peer Lookup

In this subsection,we presentthe algorithm to lookup
a random peer that is currently registered with RandPeer
Random peer lookup avoids the overheadof deterministic
search,and improves load balancingand failure resilienceof
P2Papplicationsin the next subsectionye will describehowv
RandPeeclusterspeersfor QoS aware neighborselections.

To look up a random peer a peer generatesa random
lookup key of b bits, andsendsa Lookup messagéo the leaf
bin whoselabel is a pre x of the lookup key. The leaf bin
will returnthe registrationinformation of the registeredpeer
whoseid immediatelyfollows the lookup key. For example,
in Figure2, if thelookup key is 00100,the Lookup message
will be sentto bin 001. Since the peer id 00101 is the
onethat immediatelyfollows the lookup key, the registration
informationfor this peerwill be returned.

To quickly locatethe leaf bin, we usean algorithm similar
to binary search.Initially, the query peer sendsa Lookup
messageo a bin whosebin labelis a pre x of thelookupkey,
and hasa length (label _bits) of h/2. If the bin is a leaf bin,
a LookupOK messagas returned,togetherwith the lookup
result. Otherwisea LookupGoDown or LookupGoUp mes-
sageis returned,dependingon if the bin is aninterior bin, or
doesnot exist. The query peerwill thenchangethe label bits
(with exponentiallydecreasingtepsize),andretry otherbins.
The lookup protocol as executedby the query peeris shavn
in Figure>5.

It is possiblethat the lookup key is larger than ary peer
id storedin the leaf bin. In this case,no peeris returnedin
LookupOK andthe queryingpeershouldtry the “next” leaf
bin. What it doesis to increasethe lookup key, so that it
just falls out of the currentleaf bin, and repeatthe lookup
process.As an example,in Figure 2, if a peergeneratesa
randomlookup key 01111 ,the Lookup messagavill be sent

label bits = h/2
step_size = label bits/2
bin_label = lookup_key (b label_bits)
bin_id = SHAl(app-id, bin_label)
while(true)
send_message(Lookup, bin_id, lookup_key)
msg = receive_message()
if msg.type == LookupOK
returnmsg.result
if msg.type == LookupGoUp label _bits —= step_size
elselabel _bits += step_size
bin_label = lookup_key (b label_bits)
bin_id = SH Al(app-id, bin_label)
if step_size > 1 step_size [= 2
endwhile

Fig. 5. Lookup Protocol

to leaf bin 011. If every peerregisteredin the bin hasan id
smallerthan 01111, the query peerwill increasethe lookup
key to 10000, which just falls out of the bin 011. This time
the Lookup messagevill be sentto leaf bin 10, andthe rst
peerin this bin will be returned.

Clearly the protocol in Figure 5 can locate a leaf bin in
O(log h) steps.Since there are at most 2" leaf bins in the
system,and eachleaf bin can containat most B entries,the
maximum number of peersallowed in the systemis N =
B 2". Thismeansh = O(log N), andour protocolcanlocate
the leaf bin in O(loglog N) steps,regardlessthe numberof
peerscurrently in the system.To further improve the lookup
performancewe canlet eachinterior bin recordthe minimum
heightof its left andright subtreesWhena Lookup message
is receivedby aninterior bin, it will returnthe minimumheight
of its subtredogethemwith theLookupGoDown messageThe
guerypeercanusethis informationto reachthe leaf bin more
quickly.

In the above registration/lookup protocol, both the peer
registration id and lookup key are randomly selected,and
a peeris returnedif its id immediately follows a lookup
key. It is well known such an approachmay not result in
uniformly randompeerselectionln fact,with high probability,
some peersmay be selectedt times more often than other
peerg[21], wheret is logarithmicalin the currentsystemsize.
This is becauseventhougheachpeerselectsanid randomly
the resultingmembershigrie may not be perfectly balanced.
Therearemary load balancingtechniqueghatcanaddresghe
problem[23], [24]. For simplicity, we usea simple heuristic
to improve the randomnes®f the lookup result. Eachtime
a random peer is needed,we look up the m peerswhose
ids immediately follow the lookup key, we then randomly
chooseone from the m peersto be the nal randompeer
m is calledthe random ratio of the lookup. Since eachleaf
bin visited may containmultiple entriesfollowing the lookup
key, looking up m peersdoesnot signi cantly increasethe



lookup overhead.Due to the small size of eachmembership
entry, multiple entriescanalso be returnedin one message.

D. QoS Aware Neighbor Selection

The basic membershipregistration and lookup protocols
describedabore allow the lookup of randompeers.To build
high performanceoverlays,however, we may wantto look up
peersbasedon somegiven QoS metrics.This canbe achieved
by combining applicationspeci c QoS metricswith peerid
and lookup key selection.Speci cally, the id of a peeris
dividedinto a QoS prefix anda randomsufx. The QoSpre x
encodests QoS characteristicsand determinesthe possible
set of leaf bins that the peer can register with. If two peers
have the sameQoS characteristicsthey will be automatically
clusteredunderthe samesubtreein the membershigrie. When
apeerneedgo look up someotherpeer it generates random
key with the desiredQoS pre x. The lookup resultof sucha

key is likely to be a peerwith the desiredQoS characteristics.

As an example, supposea P2P applicationwantsto min-
imize the averagedelay betweenneighboringpeers,we can
usea QoSpre x (e.g.,5 bit binary string) for eachpeerthat
indicatesits geographicalocation 5. When a peer needsto
look up a neighbor it generatesa lookup key that hasthe
samepre x asits own peerid. The result of sucha lookup
is likely to be a peerthat is close by. As anotherexample,
supposea P2Papplicationwantsto selectneighborsbasedon
their accessbandwidth,we can use a pre x to encodethe
accessbandwidth of the peers.To look up a peerthat has
certainaccessandwidth,we cangeneratea lookup key with
the speci c pre x. The pre x can also encodemultiple QoS
metrics, so that we canlookup a peerthat is not only close
by, but also hasthe desiredaccessandwidth.

To betterunderstandhe QoS awarenesgprovided by Rand-
Peer we male the following obsenations:

1) RandPeeprovidestheability to clusterapplicationpeers
basedon their QoS pre xes, and to lookup neighbors
from a speci c clusterof peers.However, it is up to the
applicationto decidehow its QoS metricsare mapped
into QoS pre xes. In particular different QoS metrics
can be usedin the mapping,and multiple QoS metrics
canbe mappedto one QoSpre x (bit string). All these
aretransparento the registrationand lookup protocols.
For scalability reasons,RandPeeruses QoS pre xes
to encodethe QoS characteristicof individual peers,
instead of those betweendifferent peerssuch as the
available bandwidthbetweentwo peers,which requires
signi cantly more overheadfor its maintenance.

Although the QoS pre xes for geographicallocation
and accessdhandwidthare static, it is possiblefor peers
to usetime-varying pre xes. The effect of usingtime-
varying pre x is similar to the departureof an old peer
and the joining of a new peer becausethe ID of the
peer has changed.We do not expect peersto encode

2)

3)

5Suchpre®xes canbe generatedfor example,usingthe landmarkbinning
techniqueintroducedin [25].
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Fig. 6. Rolustnesof RandPeeto bulk joins and departures

QoScharacteristicthatchangerapidly (e.g.,theamount
of streamingdata buffered by a peer). This kind of
informationis bestobtainedby applicationlevel probes.
In this sensethe lookup result of RandPeelis only a
potential good neighbor After such a peeris located,
the applicationnodestill needsto probethe peerto nd
out if it is truly a good neighbor
Clusteringpeershasedon their QoS pre xesmeanghat
the membershiptrie might becomeunbalanced Some
clusters may have more peersthan others. And the
randomnessf peerlookupis no longeruniform among
the whole system.However, within each QoS cluster
goodrandomnessganstill be achieved.

4)

IV. PERFORMANCE EVALUATION

We have implementedRandPeeon top of the Chord [21]
codethatwe obtainedrom the I3 project[26]. SinceRandPeer
can be implementedusing ary DHT, in our evaluation, we
focus on the performanceof RandPeeitself, insteadof that
of the underlyingDHT. Speci cally, we wantto examine(1)
the scalability and robustnessof RandPeeto highly dynamic
P2Pmemberships;2) the performancef randompeerlookup,
both in terms of responsetime and the randomnesf the
lookup result; (3) theimpactof QoSawareneighborselection
on the performanceof P2Poverlays.Most of our experiments
are run in a local ervironment, which meansthe RandPeer
serviceis startedon a single machine.For the lookup per
formanceexperimentswe alsodeploy RandPeeon about20
PlanetLab[16] nodes.For all experiments,we seth = 16,
b= 32 and B = 16.

A. Robustness of RandPeer

Figure 6 shaws the performanceof RandPeefor bulk peer
joins and departuresA peeris said to be in stablestate, if
its leaf bin is not undersplit or meige process Otherwiseit
is said to be in transientstate.We rst register 1024 peers
with the RandPeeservice.After the systemis stabilized,we
register another1024 peerssimultaneouslyat time 95. This
causesnary leaf binsto be split, andthe correspondingeers
to register with new leaf bins. However, after only about70
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secondsall the peerssuccessfullysettleddovn with their new
leaf bins. Note in our implementation,each peer refreshes
its membershipabout every 10 seconds.This meansfor a
bulk join of 1024 peers,our systemstabilizesin only about
7 protocol periods. This is due to the quick join process
describedin Sectionlll-B. At time 205, all the new peers
arekilled atthe sametime. Figure 6 shaws that afterabout40
secondstheir registration entriesare timed out. This causes
someleaf binsto be mergedandthe peersto registerhigherin
the membershigrie. However, it takesonly about30 seconds
for thesepeersto reach stable state again. The 40 second
delay is causedby two facts. First, the registration timeout
value is setto a little more than 20 seconds,in order to
tolerateoccasionaimessagénssesSecondto preventfrequent
bin split/mege processa leaderpeerwill senda Split or
Mer ge messagefter the condition for splitymeige hasbeen
truefor two protocolperiods.Althoughthis causesomedelay
in bin split/mege, it improves the stability of RandPeer

Figure 7 shaws the robustnessof RandPeetto continuous
peerjoins anddeparturegchurns) We register2048peerswith
RandPeeinitially half of the peersareregisteredandin stable
state.Startingfrom time 20, all peersbegin to switch between
on and off states.Both on and off periodsare exponentially
distributedwith a meanof 300 secondsWhenoff peerscome
back,they will registerwith new peerids. Figure7 shaws that
initially somepeersareaffectedby thejoining anddeparturenf
otherpeersHowever, aftertime 150, mostnodesaresettledin
stablestate,even though during eachsecondthere are about
7 nodejoin and departureevents. This is becausesachleaf
bin can accommodate rangeof peerregistrations,thus the
joining andleaving of a peerdoesnot necessarilycausea bin
split‘/mege. The delayof bin split‘mege describedabore also
avoids unnecessargplits/meges.

B. RandPeer Lookup Performance

For P2P applications, it is likely that mary peers are
potentialgoodneighborgor agivenpeer(for example they all
have thesamepre X in theirids). In this case we shouldreturn
each peer with equal probability, in order to improve load
balancingand failure resilienceof the applications.Figure 8

Histogram of pure random selection

250
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Fig. 9. Histogramof purerandomselection.

shavs the randomnes®of RandPeelookup results. For this
experiment,we register 1024 peerswith the RandPeeservice,
and then perform 4096 random lookups. Figure 8(a) shavs
that when the randomratio m is 1, the returnedpeersare
very unevenly distributed. For example,about200 peersare
never selectedwhile somepeersare selectedmore than 20
times.Figure8(b) shavs thatwhenm is 2, therandomnessf
the returnedpeersis still not uniformly distributed. However,
Figure 8(c) shavs that when m = 8, the randomnes®f the
lookup resultsis much better Only about 20 peersare not
selected and most peersare selectecbetweenl and 7 times.
In fact, Figure 9 shaws the histogramof perfect (uniformly
distributed) randomselectionsWe canseeFigure8(c) is very
closeto purerandomselections.

Another aspectof the lookup performances the response
time. To examinethe responsdime of RandPeetookups,we
deploy RandPeeon about20 PlanetLalnodes(mostlylocated
in North America). Eachtime we register a given numberof
peerswith RandPeegrand perform 200 randompeerlookups,
usingdifferentrandomratio m. We recordthe averagenumber
of DHT lookups (each Lookup messagencurs one DHT
lookup)thatis neededandthe actualdelay(in milliseconds}to
gettheresult. Thenumberof DHT lookupsre ects RandPees
performanceindependenbf the underlying DHT. The delay
re ects the performanceof our particularimplementation.

Figure 10 shaws the numberof DHT lookups neededfor
a RandPeetookup. First we can seethat larger randomratio
involvesmoreDHT lookups.Thisis becauseve needto locate
m peersin orderto producea randomlookupresult. However,
evenfor m = 8, only 3 or 4 DHT lookupsareneededSecond,
the numberof DHT lookupsis the largestwhenthereare 256
peersin the system,and the smallestwhen there are 2048
peersThereasoris thatwhenthereare256 peerstheleafbins
have abin labelof 5 to 6 bits. Accordingto thelookup protocol
in Figure5, a querypeerwill rst try a bin with label _bits =
h/2 = 8, thenlabel _bits = 4, andthenreachthe leaf bin. So
on average|jt takesalittle morethan3 DHT lookups(for m =
1). Whenthe systemhas1024peerstheleaf binshave 7 to 8
bits. Therefore the queryeithersucceedsn the rst message,
or takes?2 or 3 messagefusingthe heightinformation).When



Histogram of RandPeer lookup result (m=1)

Histogram of RandPeer lookup result (m=2)

Histogram of RandPeer lookup results (m = 8)

200

5
3

150

number of peers
number of peers

100

(] 5 10 15 20 25 0 2 4 6 8
number of times returned

(@m=1

number of times returned

(b)ym=2

number of peers

10 12 14 16 18 20 (] 2 4 6 8 10 12 14
number of times returned

(c)m=8

Fig. 8. Randomnessf RandPeetookup results

Number of DHT lookups for a RandPeer Lookup

st
35
” _—
o
2 3
o
S
£ 25
T
o)
B 2
9]
Qo
€ 15
p=}
[=
e
05
0 !
256 1024 2048
number of peers registered
Fig. 10. Numberof DHT lookupsfor a RandPeetookup
Response Time of RandPeer Lookup on PlanetLab
400 | ! , ! ) )
—e— 256 peers
—— 1024 peers
2048 peers
350 E
n
E
© 300F
E
E
3
c
% 250
O A
14
w0l

150 . . . . .
1 2 4 8
random ratio (m)

Fig. 11. Responsdime of RandPeefookupson PlanetLab

thereare2048peerstheleafbinshave 8 to 10 bits. Therefore,
mostlookupstake only 1 or 2 messagesTheseresultsshov
that judicious selectionof the initial label _bits in the lookup
protocol(e.g.,usingcachedabel _bits from previouslookups)
may have animpacton the lookup performanceHowever, we
do not explore this furtherin this paper

Figure 11 shaws the lookup delay (in milliseconds)for the
sameexperiment.we can seemost of the RandPeetookups

take just 200 to 300 milliseconds.Even for 256 peersand
m = 8 (which requiresthe largestnumberof DHT lookups),
we canlocatearandompeerin about380ms We believe thisis
acceptabldor a control planeoperation.Note the Chordcode
we usedis not locality aware.If we usesomeotherDHT such
asPastry[27], we would expecteven betterlookup delays.

C. Impact of QoS Aware Neighbor Selection

To examinethe impactof QoSawareneighborselectionon
P2Papplicationswe simulatea meshbasedP2P application,
and see how RandPeercan help reducethe average delay
betweenneighboringpeers.

For this experiment, we use the BRITE [28] topology
generatoto generatetwo level hierarchicahetwork topology
thatconsistsof 10000nodesWe thenrandomlyselecta subset
of nodesas peersin the P2P application.We also randomly
selectseveral landmarknodesand usethe binning technique
in [25] to generatdandmarkvectorsaspre xesfor the peers.
We usetwo bitsto encodehedelayof anodeto eachlandmark
node.Peerswill generataheir ids with the given pre xesand
registerwith the RandPeeservice.

For eachexperiment,we rst build a pure randommesh
of the peers.After that, eachpeercan periodically (with an
averageof 20 seconds)kselecta randompeerand replaceits
worst neighborwith the selectedpeer if the selectedpeeris
closer(hasa smallerdelay) than the worst neighbor We use
two methodsfor peerselection.The rst usesno landmarks,
which correspondso purerandomselection.The seconduses
RandPeeto selecta node with the samepre xes. Every 5
seconds,we evaluate the overall averagelink delay of the
mesh,and compareit with that of the initial randommesh.

Figure 12 shows the performanceratio for 1024 peers.
We can seethat using landmarkvectorsto clusterthe peers
can improve the performanceof the applicationmuch faster
than pure randompeer selection(landmark=0).For example,
it takes about50 secondsfor the applicationto reducethe
averagelink delayto 90% of the initial mesh,if 3 landmark
nodesare used. It takes only 40 seconds(two evolvement
rounds)if 4 landmarksare used.However, for pure random
peerselection,even after 250 secondsthe delayimprovement
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is still lessthan 10%. By that time, RandPeehasimproved
the performanceof the applicationby 15%if 3 landmarksare
used,and19% if 4 landmarksare used.

Figure 13 shaws similar resultsfor a larger systemof 4096
peersgexcepttheinitial performancémprovementof RandPeer
is even faster This is becausethe larger a systemis, the
less likely that a randomly selectedpeer would be a good
neighbor By clustering peersbasedon their characteristics
suchasgeographicalocation,RandPeecanfocuson a much
smallersetof peersandreturnmuch betterpeerson average.

We note that given enoughtime, pure random neighbor
selectioncanprobablyachiere the sameperformancesRand-
Peer However, for dynamic P2P applications,it is often the
quicknessn performancémprovementthatis moreimportant.
For example for aP2Pstreamingapplication whenaneighbor
hasfailed, it is important that an alternatve good neighbor
is quickly located,in orderto prevent QoS degradationsuch
as buffer underruns. Thus we believe the QoS awarenessof
RandPeeis especiallyvaluableto suchapplications.

V. RELATED WORK

A lot of researcton DHTs [21], [27] hasattemptedo build
a generic “routing layer” for large distributed applications.
While this has bene ted mary distributed applications,the
multi-hop routing of DHTSs is undesirablefor QoS sensitve

P2P applicationssuch as media streaming.For theseappli-
cations,we believe a betterway is to provide somecontrol
plane service to facilitate the applications,while allow the
applicationsto managetheir own overlay constructionbased
on their own QoSrequirements.

Membershipmanagements a control plane service that
can greatly bene t QoS sensitve P2P applications.Previous
approachegitherrequireglobal membershignformation[1],
[2], [9], or embed membershipinformation in the overlay
structure[3], [4], both of which would introduce scalability
problems.The gossipstyle membershipnanagemenadopted
by recentsystems[5], [10], [11] can not be easily modi ed
to accommodateifferent application QoS requirementsin
contrastwe have shavn thatRandPeeachiazesboth scalabil-
ity and QoS aware neighborselectionsfor P2P applications.
Some previous work such as CollectCast[17] directly uses
DHT to storemembershipnformationof somepeers(e.g.,all
the peersthat have a particularvideo le). This schemdacks
the adaptive property of a dynamictrie datastructure.As a
result, someDHT nodesmight be overloadedif mary peers
have the samevideo le.

Our membershipmanagemenusesa distributed trie data
structure,which has beenusedby previous work for range
queryover DHTs [29], [30]. The binary searchalgorithmhas
also been mentioned.However, RandPeeis different from
thesework in thatthe P2P membershignformationis highly
dynamic,thusdesigningsimpleprotocolsto achieve scalability
and robustnessis of primary concern.In RandPeerwe rely
on the coordination between RandPeerservice nodes and
applicationpeersto simplify the growing andshrinkingof the
trie. For example,we allow membershipbins to be marked
in different states,and allow peerregistrationand lookup to
be re-directed(to go up or down on the membershiptrie).
We believe this is a properdivision of responsibilityfor our
RandPeeservice.In contrastPHT [29], [30] attemptgo build
rangequeryontop of agenericDHT service. TheDHT service
provides very little supportin implementingthe trie. Thusiit
is dif cult to coordinatethe datainsertion/deletiorof different
peers,and comple< algorithms have to be usedto address
concurreng problems[30].

VI. CONCLUSION

We have presentedhe designand evaluationof the Rand-
Peermembershipnanagemenservicefor QoS sensitve peer
to peerapplicationsRandPeeachievesscalableanddecentral-
ized membershipmanagemenby using a trie data structure
andmapthetrie to anunderlyingdistributedhashtable(DHT),
and it enablesQoS aware neighbor selectionby clustering
application peers based on their QoS characteristics.Our
experimentresultsin both local and wide areaervironments
veri ed that RandPeers highly robustto dynamicP2Pmem-
berships,and has good random peer lookup performance.
Further when usedfor neighborselectionin a meshbased
P2PapplicationsRandPeeachieresmuchfasterperformance
improvementthanpurerandomneighborselectionsespecially
for large systems.
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