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Abstract

Lookupservicesare usedin manylinternetapplications
to translatea key (e.g., a file name)into anassociatecetof
entries(e.g., the location of file copies). The key lookups
can often be satisfiedby returning just a few entriesin-
steadof theentire set. However, currentimplementationsf
lookupserviceddo nottake advantaye of thisusage pattern.
In this paper weformalizethenotionof a partiallookupser
vicethatexplicitly supportsreturninga subsebf theentries
per lookup. We presentfour schemedor building a partial
lookupservice and proposevariousmetricsfor evaluating
the schemes. We showthat a partial lookup servicemay
havesignificantadvantaesovercorventionalonesin terms
of spaceusage, fairness fault tolerance andotherfactors.

1 Intr oduction

A lookupservicetranslates key, e.g.,thenameof afile,
into an associatedgetof entries e.g.,the locationsfor the
file. Lookup servicesare usedby mary Internetapplica-
tions. The mostwell known exampleis the DomainName
Servicg[2] thattranslatesnachinenamesnto IP addresses.
More recentlyin file sharingapplicationge.g. Gnutella[1],
namesof the files aretranslatednto the IDs of computers
storingthosefiles. In the exampleswe have given, the en-
tries point to the desiredresourcesbhut in othercasesthe
entriesthemselesmaybethe desiredresourcesin thelat-
ter casetheentriescouldbelarge.

In mary casesysersdo not needall the entriesassoci-
atedwith akey, but only “a few.” For example,a userlook-
ing for a popularsongmay only needtwo or threesitesto
contactfor thesong,notthe hundredsf sitesthatmayhave
acopy. In this paperwe studyhow to exploit this obsenra-
tion to build lookup serviceghataremuchmore“efficient”
thantraditionalservicesvhereall entriesarereturned.
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Figure 1. Three ways of managing a key with two
entries vy and vs.

To illustrate, considerFigure 1, wheretwo seners, Sy
and.S, implementa lookup service.Let usfocuson a par
ticularkey k thatmapsto two entries{vy, v2 }. With atradi-
tionalfull-replicationapproachleft, Figurel), themapping
of k to {v1, v2 } is storedon both seners.With atraditional
hashingapproact{center) key k is hashedo onesener, say
S2, which storeghefull mapping.With a partiallookupap-
proach(right), senersneednot keepthe full mapping. In
our example, S; storesthe k to {v;} mapping,while S,
storeshek to {v2 } mapping.In storingpartialmappingsat
theseners,we permitclientsto contacteithersener, if they
areonly lookingfor oneof thetwo entries thusavoidingthe
overheadbf full replication.

As we will studyin this paper the partial lookup strat-
egy hassomeimportantadvantage®ver thetraditionalap-
proaches.Specifically storageneedsand updatecostsare
reducedas comparedo full-replication. Despitethe large
disk spaceavailable in modernseners, reducingstorage
costis still critical becausapplicationspreferto fit all the
lookup datain physicalmemory which is limited. More-
over, performanceof modernsenersis usuallylimited by
the handling of network interrupts(i.e., remotemessages
andrequests)n the operatingsystemratherthan process-
ing power. Thusreducingupdatecostamongthe senersis
stronglydesirable.Partial lookupsalsoprovide betterload
balancinghantraditionalhashing.For instanceif & is very
popular(i.e., a hot-spot) with hashingin Figurel (center),
S, canbeoverloadedwhile with partiallookupin Figurel
(right), the load is distributed. Furthermoregvenif S; is
down, partiallookupscanstill continue.

Thebasicideaof allowing a senerto trackfewerentries
is simple, and hasbeenusedin a few systems(most no-
tably the now-defunctNapstef4]). Yet, surprisingly there
are quite a few waysto implementthe idea,andthereare
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Figure 2. Two strategies of placing 3 entries on 2
servers, exploiting partial lookup.

importanttradeofs to consider As far aswe know, these
tradeofs have not beencarefully evaluated,even by peo-
pleimplementingpartiallookups.In this paperwe provide
sucha detailedevaluationof partiallookup schemesAs a
preview, let usillustratetwo of the optionsandthe issues
thatarise.Let usreturnto ourtwo senerexample,andcon-
siderthe two schemesgllustratedin Figure2, for mapping
akey k to entries{vy, vy, v3}. With option (a), we place
the sameentry v; at both seners. In option (b), we use
a round-robinschemeto assignindividual entriesto each
sener. Both optionswill return at leastone entry to the
useron a lookup. However, option (a) always gives out
v; while option (b) cangive out differentanswergdepend-
ing onwhich seneris contacted Thus,option (b) provides
more variedresults,and is “fairer” becausehe resources
representeddy v1, v, andvs aremoreevenly accessedOn
the otherhand,option (a) doesnot have ary updatecostif
vq is deletedwhile option (b) hasto shufle entriesaround
to maintainthe round-robinassignment.Option (a) also
usedessstoragespacehan(b). Othertradeof includehow
resilientthe serviceis to senerfailures,andthe costof pro-
cessingeachuserlookuprequest.
In this paperwe malke the following contributions:

e We formally definethe partial lookup problem(Sec-
tion 2).

e We presentfour fundamentalschemesfor partial
lookups firstin a staticscenariovith noupdategSec-
tion 3) andthenin adynamicscenariqSection5s).

e We define metrics for evaluating partial lookup
schemegSectiond).

e We evaluateour four partial lookup schemesin some
casesvia simulations,in both the staticand dynamic
scenariogSections4, 6). We shav thattherecanbe
significantperformancefairness,and scalability dif-
ferenceamongthe schemes.

e We provide guidelinesor “rules of thumb” for select-
ing schemes.

2 Seuwice Definition and Assumptions

A lookup servicemanageseys andtheir associate@n-
triesandallows lookup operations.In atraditionallookup
service eachlookupreturnsall entriesfor a givenkey. For-
mally, we definea traditional lookup serviceas a service

that maintainsthe setS = {(k;, Vi) };, wherek; denotesa
key andV; denoteghe correspondingetof entriesfor key
ki, andsupportghefollowing interfaceandsemantics:

e place(k,{vi,va,...,up}): if k = k; for some
(ki, Vi) € S, thenV; « {v1,vs,...,up}. Else,
S(—SU{(k,{’l}l,Ug,...,Uh})}.

e lookup(k): if k = k; for some(k;,V;) € S, then
returnV;. Else,return{.

e add(k,v): if k = k; for some(k;,V;) € S, thenV; «
V; U {v}. Else,S «+ S U {(k, {v})}.

e delete(k,v): if k = k; for some(k;,V;) € S, then
Vi Vi — {v}.

The place interface specifiesa set of entriesfor a key in
batchwhereasidd anddelete provideincrementalpdates.
And lookup returnsthecurrentsetof entriesfor agivenkey.

A partial lookup serviceis then a traditional lookup
service that supports partial lookup(k,t) instead of
lookup(k) where

e partial lookup(k,t): if k = k; for some(k;, V;) € S,
thenreturnV' C V; suchthat|V| > ¢. Elsereturnf.

In otherwords,partial lookup(k,t) retrievesatleastt en-
triesfor a clientwithout gettingall entriesfor akey k. The
parametet is thetarget answersizeof the partiallookup.

The above definitionsinvolve multiple keys. However,
eachkey canbemanagedeparatelye.g.,replicateasingle-
key strategy to managemore thanone key at a time. In
fact, different strat@ies can be usedto managedifferent
typesof keys. For instance,frequently updatedkeys re-
quire stratgies with small updatecosts,while static keys
wantlow lookup costsandfairnessn which entriesarere-
turned. Sinceit is easyto generalize we focus hereon
stratgyies that manageonly one key. Hencewe omit the
key parametelin the interfaceand describeeachstrategy
in termsof place({v1, v, ..., vn}), add(v), delete(v), and
partial lookup(t).

This paperfocuseson the basictradeof decisionsin a
centralizedsenerfarmsetting. In particular we make the
following two assumptionsboutthe clients’ usageof the
service. Whena client C' performsa partial _lookup(t),
we assumehatC doesnotcarewhicht entriesarereturned
in theresponsandthatC canaccessll n senersequally
We discussssueswvhenrelaxingthesetwo assumptiongn
the extendedversionof this paper8].

3 Strategiesfor Static Placement

We first describe the stratgies in a static place-
ment setting where entriesare placedon the senersvia
place(vy, .. .,vy), andfollowed by partial_lookup opera-
tionsonly. We giveinformaldescription$ere.More details
canbefoundin theextendedversionof this paper8].



3.1 Full Replication Strategy

Thenaive stratay is to storeall h entriesfor a givenkey
on all n seners. This traditional full replicationstrateyy
doesnottake advantageof thepartiallookuppropertyatall.
Sinceevery sener hasthe sameentries a client cancontact
ary senerduringalookupoperationwhich spreadoutthe
workloadamongthe seners.

3.2 Fixed-z Strategy

An obvious “improvement”is to only storea fixed sub-
setof the h entriesat all the seners,e.g.,thefirst = of the
h entries. One implementationof Fixed- is to broadcast
a client’s place(vy, . .., vy) requestto all seners, and let
eachsener keepthe entriesv; throughv,. Similar to full
replication,aclientcancontactarny senerto do alookup.

Fixed« obviously usesless storagespaceand can ig-
nore updateg(e.g. deleterequestspn entriesthatit does
not have. However, the parameterz mustbe sufficiently
largesothatno clientwill everwantmorethanz entriesfor
alookup, i.e., the target answersizet of a lookupis less
thanthe parameter: for all lookups.

3.3 RandomSewer-z Strategy

In Fixed«x, eachsener hasthe samesubsebf z entries.
Thusanotherimprovement”is to placedifferentsubset®f
z entriesattheseners,i.e.,let eachsenerchoosearandom
subsebf x entriesinsteadof the subset; throughv,, after
receving the place(vy,. .., v;,) broadcast.For lookups,a
clientcancontactary of theseners.

RandomSererz has an advantageover the Fixed«
stratgy in thatz doesnot have to be largerthanary con-
cevabletargetanswersizet. If aclientwantsmorethanx
entriesduringa lookup, it cancontactmultiple senersand
meige the answers. Another advantageis that clients get
more variety in which entriesarereturnedon eachlookup
sincesenersstoredifferentsetsof x entries.

3.4 Round-Robin-y Strategy

Fixed« and RandomSerer-z sharea commonfeature
that each sener independentlydecideswhich entriesto
storeaftertheclient’s place requests broadcastwhichim-
pliesthatsomeentriesmaynotbestoredatarny seners.An
alternatve is to usea round-robinplacemenbf entriesthat
ensuregachentryis assignedo someseners. Specifically
whena client doesa place(vy, . . . ,vy), the requests sent
to a coordinatoiwho thenstoresy; onsenersi throughy,
vy onseners2 throughy + 1, andsoon.

Becausehe placemenis deterministic,if a client must
contactmultiple senersto assemble entriesfor alookup, it

Stratgyy StorageCost
Full Replication h-n
Fixed«, RandomSemrz z-n
Roundy h-y
Hashy h-n-(1—(1-2))

Table 1. Storage cost for h entries on n servers.

canchooseadditionalsenersthathave the leasthumberof

entriesn common.For example,if aclientinitially contacts
sener 2, thencontactingsener 2 + y will yield the most
numberof new entries.

3.5 Hash+y Strategy

Insteadof allocatingentriesto senersdeterministically
like Roundy, Hashy usesy hashfunctions fi, fa, ..., fy
to assignentriesto seners,i.e. the coordinator after re-
cewving a place(vy, . .., vy) requestassignseachentry v;
to seners f1 (v;), fa(vi), - - ., fy(v;). If two hashfunctions
assignanentryto thesamesener, it is storedonly once.On
a lookup, a client contactssenersin a randomorder until
retrieving enoughentries.

This pseudo-randomassignmentcan result in some
senershaving moreentriesthanothers.Thuswhile Round-
y cantell, in advance how mary new entriesaclientcanget
for contactinganothersener, Hashy cannot. The trade-
off for this “determinisnt; aswe will seelater, is themuch
smallerupdatecostfor Hashy.

4 Static PlacementEvaluation

We suggesfive metricsfor evaluatingthedifferentstatic
placemenstratgiesdescribedn Section3. The first two
metrics capturethe operatingoverheadof the stratgies.
Thelastthreemetricsevaluatethe quality of thelookupan-
swers.We comparestratgjiesthatincur similar overhead.

4.1 StorageCost

Thefirst overheadcostis thetotal storageequiredacross
all seners.We assumall theentrieshavethesamesizeand
computethe storage costby countingthecombinechumber
of entriesstoredon all seners. Low storagecostis impor-
tantif wewantourentries(e.g.,IP addressjo fit entirelyin
physicalmemoryfor fastacces®rif ourentries(e.g.,music
file) aresolargethatwe might nothave enoughdisk space.

Tablel summarizeshe costs.Note that storagecostfor
Fixed« and RandomSererx grows as a function of the
numberof seners,whichis usefulif the storagemediumis
the physicalmemorythat cannotbe adjusteddynamically
The costfor full replication,Roundy and Hashy, on the
otherhand,grows asafunctionof the numberof entriesfor
akey which canbeunbounded.



Lookup Cost vs. Target Answer Size with Fixed Storage Cost
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Figure 3. Lookup cost for managing 100 entries on
10 servers with a fixed stora ge cost of 200.

4.2 Client Lookup Cost

Anotheroverheadcostis the client lookup cost. We de-
fine the lookup cost as the expectednumberof senersa
clientwill contactduringalookup. We usethis metric be-
causethe performancebottleneckfor a modernsener is
usuallyin handlingnetwork interruptsin the operatingsys-
tem,i.e.,thenumberof clientrequestseceved,ratherthan
raw processingpower. Ideally, we want the client lookup
costto be1, i.e.,aclient contactsxactly onesener during
alookup. Howeverthe costcouldbemorethani if aclient
contactsnultiple senersto assemble entriesfor alookup.

Toillustratethedifferentlookupcostfor thesestrataies,
we performeda small simulationof managingl00 entries
using10 senerswhile allowing eachstratey to useup to
200 entriesof storagespaceamongthe 10 seners. From
thelimit of 200 entrieswe computeparameters andy us-
ing the storagecostformulain Tablel. In this case we get
parametet is 20 andparametey is 2. Hence we arecom-
paringFixed-20, RandomSerer-20, Round2, andHash2.
The choiceof 200 entriesis simply for illustration. Other
limits exhibit similar behavior.

Figure 3 shaws the resultof the simulation. The figure
doesnot include Fixed20 becausat hasa simplelookup
costl for ¢ < 20 andcannotanswernookupswith ¢ > 20.
For Round2, we seea stepcurve behaior in thefigurebe-
causeeachsenerstore20 entriesin adeterministidashion
whichallows a partial lookup to choosesenersthatshare
no commonentries. Thusthe lookup costincreasesy 1
whenthetargetanswersizet increase$y 20.

For RandomSerer-20, the lookup costin Figure 3 is
consistentlyhigherthanRound?2’s stepcurve becauseon-
tactingadditionalsenersduring a lookup doesnot always
yield 20 new entries(two senersmay keepthe sameen-
try dueto randomchoices).This effectis especiallyisible
whenthe target answersize approaches multiple of 20,
e.g.,35 <t <40.

In contrast,Hash2 is sometimesbetter than Round2
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Figure 4. Two placements with diff erent coverage

andsometimesvorsebecausét doesnot guarantee min-
imum numberof 20 entriesper sener. A smalltargetan-
swer sizelike 15, which always haslookup cost1 under
otherstratgies,hasanaveragecostof 1.124 becaussome
senersmayhave lessthan15 entries.However, for atamget
answersize of 25, Hash2 may still succeedn contacting
only onesener while all the other stratgjies needat least
two senersasshown in thefigure.

Thedatain Figure3 suggests coupleof empiricalrules
of thumh One,if the partial lookup target answersizes
aresmallerthanthe numberof entriesat eachsener, then
avoid using Hashy. Two, if the target answersizesare
not slightly morethanthe numberof entriesat eachsenwer,
Roundy will givethelowestlookupcost.

4.3 Maximum Coverage

The first quality metric is the maximumnumberof dis-
tinct entriesretrievableby a client whenit contactsall the
seners. We call this metricthe maximuncoverage. Figure
4 shows two differentplacement®f five entriesontothree
senerswith differentmaximumcoverage Both placements
cansatisfy a target answersize 2. However, placementl
hasa coverageof two while placemen® hasa coverageof
five. Thecoveragesstablisheanupperboundonthelargest
targetanswersizet supportecby a strateyy. For instance,
placementl in Figure4 cannever supporta targetanswer
sizeof morethan?2.

The maximumcoverageis interestingfor two reasons:
(1) alargercoverageimplies a stratgy cansupporta more
diversegroup of clients with different target answersize
requirements;(2) if entriesassociatedvith a key canbe
deletedthenthecoveragealsoreflectshow resilienta strat-
egy is in continuingto supporta specifictargetanswersize.
Supposewne deletethe entry v2 in placementl of Figure
4. Thenall threesenersonly have v1, thuscanno longer
supportargetanswersize?2. In contrastplacemeng® is less
affectedby sucha deletion,thoughsomelookupsmay re-
quirecontactingup to two senersinsteadof justonesener.

Full replicationhasa completecoveragethat includes
every entry. Roundy andHashy have completecoverage
only if thetotal storageof all senersis enougho storeeach
entry (v, ..., vp) atleastonce. In the eventof inadequate
storagespacewe assumeroundy andHashy keepa sub-
setof (v1,...,vy); hencethe coverageis proportionalto
the storagdimit until every entryis storedon somesener.
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Figure 5. Coverage of strategies for managing 100
entries on 10 servers.

Similarly, Fixed«, hasa coverageof = entries.
Thecoverageof RandomSerer-z depend®nhow mary
entriesarenot storedatany seners. The probabilitythatno
sener keepsa specificentryis (1 — §)" whereh is theto-
tal numberof entriesandn is the numberof seners. Thus,
theexpectedcoverages h(1 — (1 — §)"). Figure5 shavs
graphicallythe coverageof the stratgieswith differentto-
tal storagelimit. For this figure, we have 100 entriesand
10 seners,andvary the total storagdimit from 10 entries
to 200 entries. In short, Roundy and Hashy areideal if
clientsrequirealargecoverage.

4.4 Fault Tolerance

Another important quality metric is how mary sener
failurescanastratgy toleratein theworstcasebeforesome
client lookupsfail. We considera client lookupfailed if it
retrieveslessthant entriesspecifiedin partial lookup(t).
We focus on the “worst case”scenarioinsteadof random
failures. Therefore,our fault tolerancemetric reflectsthe
minimumnumberof senerfailuresfrom all possiblefailure
patterns Findingtheminimumnumberof senersfailuresis
NP-hard. For our evaluation,we usea heuristic,described
in moredetailin the extendedversionof this papen8].

For stratgiesin Section3, becauseall senersin full
replicationandFixed-z areidentical,they only requireone
operationalsener to serviceall client requestshencecan
tolerateupto n — 1 failures. For the otherthreestrategies,
we ran a small simulationof managingl00 entrieson 10
senerswith a storagelimitation of 200 entries. Figure 6
shaws the result of the simulationwherewe computethe
fault toleranceasa function of the target answersize(i.e.,
how mary entriesa clientwantsperlookup).

As Figure6 shows, for theround-robinstrateyy, because
entriesare assigneddeterministically we get a stepcurve
whereincreasingthe target answersize by 10 reduceshe
fault toleranceby 1. For RandomSerer-z, we obsene a
higherfault tolerancebecausef the potentialcommonen-
tries betweenmultiple senersdueto the randomchoices.

Fault Tolerance vs. Target Answer Size
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Figure 6. Fault tolerance of strategies for manag-
ing 100 entries on 10 servers using 200 entries of
stora ge space .

However, the samereasoncontributedto the higherlookup
costof RandomSerer-2 thanRoundy, asnotedearlier
Hashy exhibits anS-shapeurve asthe overallfaulttol-
erancedeclines. This shapeis causecdby two factors. The
firstfactoris senersin Hashy have differentnumberof en-
tries. If a sener with more entriesthanthe averagefails,
we lose more entries,which implies that the curve should
drop like an exponentialdecay However, the secondfac-
tor of having multiple copiesof eachentry on a random
setof senersmakesit moredifficult to renderanentryirre-
trievablebecaus¢helocationsof theentriesandtheir dupli-
catesarenothighly correlatedasin theround-robinstrateyy.
Thereforethe failure of onesener is unlikely to eliminate
a large group of entriesfrom the seners. As a summary
whencoverageis notimportant,useFixed- for bestfault
toleranceptherwiseuseRandomSerer-2 andRoundy for
large coverageandcompletecoveragerespectiely. Hashy
shouldbeavoidedunlesghetargetanswersizeis verylarge
(e.g.,morethanhalf of thetotal numberof entries).

4.5 Unfairnessin Lookup Answers

The maximum coverageand fault toleranceare con-
cernedwith how mary entriescan be returnedfor each
lookup without examining whether some entries are re-
turnedmore frequentlythan others. We capturethis bias-
nessin which entriesare returnedmore frequently as the
unfairnessmetric. The unfairnessprovidesinsightsto the
effectsof a partiallookup service.For example,if eachen-
try isanlP addres®f aserviceprovider, thenabiasnessan
overloada particularserviceprovider.

A “fair” stratgyy should return eachentry with equal
likelihoodduringary individuallookups,i.e.,if akey hash
entriesanda userwantst entries the strategyy shouldreturn
eachentrywith probability%. Thefull replicationstrateyy
is obviously “fair” wheread-ixed« is not becausahe un-
storedentrieshave probability 0 of beingretrieved.
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Figure 7. The four possible instances for
RandomSer ver-1 managing 2 entries on 2 servers

To quantifytheunfairnessyve first definetheunfairness
of aninstance whereaninstances a specificplacementf
entriesonto the senersasa resultof executinga strateyy.
Letp;(j) bethe probability of returningthe j-th entryona
lookupin instancel. ThentheunfairnesdJ; is

Thedefinitionaboveis commonlyknown asthe coeficient
of variation. The squareroot portioncomputeghe standard
deviationof individual entry’sretrieval probabilityfrom the
ideal value % The % factorthen normalizesthe standard
deviation. A large coeficient(e.g.,ontheorderof 0.1 to 1)
indicatessomeentriesare returnedmuch more frequently
thanothers. A small coeficientimpliesthatall the entries
have abouta % probability of beingreturnedon a random
client lookup. For example,if we manage2 entrieson 2
seners using Fixed-1 stratey, we retrieve the first entry
with probability 1 andthe secondentry with probability 0.

12 1\2
This instancehasan unfairness2 - % =1.
Sincethecoeficientis 1, the strateyy is very unfair.

Not all stratgjies have only one instancelike Fixed-
z. For example,randomchoicesin RandomSerer-z and
Hashy createdifferent placementf entriesonto seners
andresultin differentinstances. Eachinstancecan have
a different unfairness. ConsiderRandomSerer-z with 2
seners,2 entries,andthe parameter: is 1. Dependingon
whichentryis storedateachsener, therearefour instances,
asshown in Figure7. For targetanswersizel, instancesl
and4 have anunfairnesdl while instance® and3 arecom-
pletely fair. To accommodatehe differentinstanceswe
take the averageunfairnessver all instancesFormally, let
S bethe setof all instancegossibleundera strateyy. Let
I beaninstancein S. Let U; denotethe unfairnessof in-
stancel computedby Eq. (1). Thenthe unfairnessof a
strategy U = II?I > res Ur. For the examplein Figure7,
theunfairnesof RandomSerer-1is 1.

Of the stratgjiesdescribedn Section3, full replication
andRoundy has0 unfairness.Otherstratgyies’ unfairness
dependson the amountof storage.Figure 8 illustratesthe
unfairnessof RandomSerer-z and Hashy when manag-
ing 100 entrieson 10 senerswith a client target answer
size 35. We vary the total storagelimit from 100 entries
to 1000 entriesto seehow unfairnesschanges.Fixed« is

Unfairness vs. Total Storage
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Figure 8. Unfairness when managing 100 keys on
10 servers with a target answer size 35.

notincludedin this figure asit exhibits similar behaior to
RandomSerer-z exceptanorderof magnitudevorse.

FromFigure8, we seethe unfairnesof RandomSerer-
2 improvesin two differentphasesaswe increasehe stor
age.In thefirst phasethe unfairnessdecreasespidly like
an exponentialdecayand correspondso low storagelimit
wherewe needto contactmultiple senersfor eachlookup.
In the secondphase the unfairnessdecrease$inearly and
correspondso high storagdimit whereonesener is suffi-
cientto answerthelookup.

The exponentialdecayin thefirst phases strongly cor-
relatedto the maximumcoverage.For instance using 200
storagespacein RandomSerer-z hasa coverageof about
89 entries.This coveragemeansl 1 of the 100 entrieshave
retrieval probability 0 and imposesa lower boundon un-
fairness.Sincethe maximumcoveragefor RandomSerer
z grows like aninvertedexponential theunfairnesamirrors
the effectin the first phase.The secondphasehasa linear
characteristibecause lookup contactsexactly onesener
anddependsheaily on which entriesthat sener has. As
we increasehe storage eachsener keepsmoreand more
entriesuntil eventuallyit hasall the entries.

Interestingly for Hashy, the oppositetrendis true. In
the first phase,the unfairnessincreasesrather than de-
creasesIn the secondphasethe unfairnesslecreaseenly
slightly. Theintuition behindtheincreasas thathashfunc-
tionscreateaninherentbiasnessn which entriesarestored
at eachsener. This biasis masled in the first phaseby
contactingmultiple senersduring a lookup. Whenwe in-
creasedhe storage,a lookup contactsfewer seners, and
the unfairnesgeacheghe inherentbiasof theinitial place-
ment.Whenwe increasahe storagdurtherto in thesecond
phasethe numberof entriesstoredat eachsener doesnot
increasevery muchbecausenultiple hashfunctionscould
mapthesameentryto thesamesener. Hencewe donotget
asmuchbenefitasRandomSerer-z.

In short,if wewantto befair, thenwe mustto useeither
full replicationor round-robin. If we canrelaxthe unfair-



nessconstraintthenFixeds, RandomSerer-z, andHash-
y offers several alternatves with different degreesof un-
fairness.Onewould choosethe alternatvesbasedon other
metricssuchasclientlookup costor dynamicupdatecosts.

5 Dynamic Updatesfor the Strategies

This sectiondescribeshow eachstratgy handlesdy-
namic updates. Again we only give informal description.
Detailsarein the extendedversionof this paper8].

5.1 Full Replication

For eachadd or delete requesta client selectsa coor
dinatorsener S at random,andsendsS the request.The
coordinatorthen broadcastsnstructionsto all senersthat
performtheactualoperation.

5.2 Fixed-z Strategy

Fixed« usesthe sameapproachas full replicationfor
updates. However, sinceFixed« only keepstrack of the
first z entriesandeachsener hasthe sameentries,the co-
ordinatorsener S, afterreceving a clientadd(v) request,
canignoreuw if it alreadyhasz entries. Thussener S only
doesa broadcastvhenit hasfewer thanz entries. Simi-
larly on delete(v), a broadcasis neededonly if sener S
currently storesv locally. Thesesemanticsallow Fixed
to selectvely broadcasandgeneratéessupdatetraffic than
full replication.

Therearetwo caveatsin this scheme.First, thereis no
concurreng control. If two add requestsarrive at two dif-
ferentsenerssimultaneouslywhentherearex — 1 entries
persener, bothrequestill be processedSecondseners
mayhavefewerthanz entriesafterdeletes becausd isim-
possibleto find areplacementor thedeletedentries.Hence
to supporta client targetanswersizet, pick parameter: as
t + b whereb is a cushionfor having deletes without new
adds. Thecushionb doesnotguaranteehe servicewill al-
waysreturnat leastt entriesperlookup; it merelyreduces
the probability of gettingfewer thant entries.Notethatthe
cushionsize b could be much smallerthanthe numberof
consecutre deletes sincenotall of themwill be oneof the
x storedentries. Section6.2 looks at what arereasonable
cushionsizeb.

5.3 RandomSewer-z Strategy

An updatein RandomSerer-z could affect ary subset
of the seners. Thereforeafter recevving an updaterequest
atsener S, S mustbroadcastherequesto all senersand
let eachsenerperformits randomizediecisionsasfollows.
Onadd(v), if asenerhasfewerthanz entries,v is stored

locally onthesenerautomatically If asenerhasz entries,
thenit decidesvhetherto keepits currentsubsebdf z entries
or replaceoneof theold z entrieswith the new entryv. It
hasbeenshaowvn in [9] thatto maintaina uniformly random
subsetof z entries,a sener should,with probability 75+,
keepv andremove one of the z entriesat random,where
h is the currentnumberof entriesin the system.However,
this incrementalschemeonly guarantees uniformly ran-
domsubsebdf x entriesif thereareno deletes.
Ondelete(v), we usethesamecushionschemeasFixed-
z. An alternatve is to actively find a replacementfor
a deletedentriesby contactingother seners, since two
seners are not likely to have the sameentries. This re-
placementlternative useslessstoragebecauseave do not
needto keepcushionentries.However, neitheroption pre-
senesRandomsSerer-z’s advantageof muchlower unfair-
ness(Section4.5) than Fixed«. In fact, the replacement
alternative resultsin higher unfairnessthan the cushion
schemewnhentherearedeletes. Becausdinding areplace-
mentis a costly operation,we chosethe simpler cushion
schemeSection6.3looksat how quickly thefairnessdete-
rioratewhentherearedeletes.

5.4 Round-Robin-y Strategy

Ensuringround-robinplacement®f entriesontoseners
with updatesis problematic. For example, a seriesof
deletes thataffect only one sener will createholesin the
round-robinsequencelf theseholesarenot fixed, we lose
the benefitsof low lookup cost, low unfairness,and high
faulttolerance Also, adds requireknowledgeof thecurrent
round-robinsequenceThedetailsaregivenin theextended
versionof the paper{8].

5.5 Hash+y Strategy

SinceHashy useghehashfunctionsto determinavhich
senersareaffectedby the updaterequestjt avoidsdealing
with dedicatedcountersor broadcasts.After receving an
add(v) or delete(v) requestat sener S, S informsthe af-
fectedseners f;(v), ..., fy(v) directly to add or remove
the entry. Note Hashy is essentiallythe dual of Fixed«.
Fixed« doesalot of work (thebroadcastsfor asmallnum-
berof updatesvhile Hashy doedittle work oneachupdate.
We compareof thetwo stratgjiesunderdynamicupdatesn
Section6.4.

6 Dynamic Update Evaluation

We first describehow we simulatedynamicupdatesWe
thenfocusonindividual strateyies.
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6.1 Generating Synthetic Updates

We usea discrete-timesvent-drivensimulationto study
the dynamic behaior of the stratgies. We createup-
date eventswith timestampsn adwanceandreplay these
eventsin the simulation. In orderto focuson the steady-
statebehavior, we generatehe add eventsseparatelyfirom
the delete eventssuchthatthe expectednumberof entries
maintainedby the senersis constanbvertime.

Specifically we generatehe add eventsusingthe Pois-
sonarrival modelwith anexpectation\ = 10, i.e.,oneadd
event per 10 time units. For eachadd(v) event, we then
determinethe lifetime of the entry v usinga seconddistri-
bution andrecordthe correspondinglelete(v) eventatthe
endof its lifetime. For this study we experimentwith both
an exponentialdistribution and a Zipf-lik e distribution for
an entry’s lifetime. We chosethesetwo distributions be-
causeoneis tail-heary while the otheris not.

6.2 Cushion Factor for the Fixed-z Strategy

The updatebehavior of the Fixed« strateyy, described
in Section5.2, oftenresultsin fewer thanx entrieson each
senerwhendelete occurs.Consequentlyevenif we know,
apriori, thatno clientswill requesimorethant entriesper
lookup,we cannotsimply run Fixed« with 2 = ¢. Instead,
we needto setz = t + b whereb is thecushionfactor One
naturalquestiorthenis how big is this cushionfactorb.

In Figure9, we show theresultof a simulationwhereour
steady-statés 100 entriesin the systemanda client only
wants15 entriesper lookup. We vary the cushionfactorb
from 0 to 7 entriesandplot the percentagef timein which
the client failed to retrieve 15 entries. The percentagés
plottedin log scale.For 0 cushion,we getover 10 percent
failures.As we increasehe cushion thefailuretime drops
exponentially Notethattheheavy-tail Zipf-lik edistribution
tapersoff attheend.
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The trendin Figure9 is similar for differenttarget an-
swersizes. But the exact cushionsize neededo achieve a
certainfailure rate dependson two factors: the target an-
swersizet andtheexpectedengthof anentry'slife timein
the system. Thesetwo factorsare oppositesof eachother
As a clientwantsmoreentriesperlookup, the cushionsize
growsproportionally But astheexpectedife time of anen-
try increasesthecushionsizedecreaseproportionally For
examplein Figure 9, a cushionsize 3 yields a failure rate
0.1% whentheaveragdife timeis 1000. If theaveragédife
time doublesto 2000 time units, a cushionsize2 is suffi-
cient. Thisbehaior is becausdongerentrylife time means
the probability of multiple deletes occurringbetweentwo
adds is smaller In practice anon-zerdailurechances not
detrimentakto mostapplications.Sincefailuresarequickly
repairedby new add events,we can maskthe failuresby
askingtheclientto retry afterapause.

6.3 RandomSewer-z and Round-y

We now argue qualitatvely that RandomSerer-z and
Roundy arenotappropriatavhenupdaterateis high. Con-
sider RandomSerer-z versusFixed<. The adwantageof
RandomSerer-z is lower unfairnessregardingwhich en-
triesarereturnedto clients. However whentherearemary
delete operationsthe unfairnessfor RandomSerer-z ap-
proacheghelevel of Fixed.

Figure 10 shows the effect on the unfairnessas more
deletes occur In this experimentthereare10 senersand
eachsenerholdsatmost20 entriesout of the expectedl00
entriesin the system. From the graph,we seethe unfair-
nessdeteriorategapidly andthenstabilizesasthe number
of deletes increaseThis riseis becauseleletedentriesare
replacedby newer insertions,thus creatinga bias towards
the newer entries. Evenif we try to actiely find replace-
mentimmediatelyafter a deletionasmentionedn Section
5.3, the unfairnesswill notimprove becauseve thenbias
towardsthe olderentries.In fact, finding replacementsn-



mediatelyis worsein termsof unfairness.

In comparisonFixed«, for this sameexperiment,has
an unfairnessof 2. Thus RandomSerer-z is only a fac-
tor of 2 betterthanFixed« in unfairnessasopposedo an
orderof magnitudebetterfor thestaticcase While notget-
ting muchbetterunfairnesgshanFixed«, RandomSerer-z
is alsoincurring five times more broadcastghan Fixed«
becausdRandomSersr-z doesa broadcasbn eachupdate
comparedo one-fifth of the updatesfor Fixed« (keeping
20 entriesout of 100). HenceFixed« is muchmoreattrac-
tiveunderhighupdaterates.Thetrade-of for usingFixed-
is the smallercoverage.For the sameexperiment,Fixed«
usuallyhashalf asmary distinctentriesasRandomSerer-
z. Similarly, high updateratescauseproblemsfor Round-
y. Thetrade-of in usingHashy over Roundy is thatsome
client lookupsmay contactone extra sener becausesome
senersmay have fewer entriesthanothers.

In short, RandomSerer-2 and Roundy are much bet-
ter in a staticernvironmentthan Fixed« andHashy. If a
smallercoverageor a higherclient lookup costcanbe tol-
erated,Fixed« and Hashy are more efficient becauseof
lower overheadn processingachupdate.

6.4 Comparing Fixed-z and Hash—y

The previous sectionhasarguedfor choosingFixed«
over RandomSerer-z andHashy over Roundy. This sec-
tion focuseson quantitatvely comparing-ixed« andHash-
y in termsof the overheadcostfor handlingupdates.For
the overheadcost, we countthe total numberof messages
recevedandprocessedtby all the senersin the systemdur-
ing simulation.Sincewe arecountingprocesseanessages,
a broadcashasoverheadcostn wheren is the numberof
seners.A point-to-pointmessagéascostl.

Underthissimplecostmodelof countingprocessedhes-
sageswe studyhow thestratgiesbehare whenclientswant
asmallfraction of all the entriesperlookupandwhenthey
wanta largefraction. This notion of smallor largefraction
is capturedn theratio betweertheclienttargetanswersize
t andthe numberof entriesin the systemh. A small % ra-
tio implies clientswanta small fractionwhile a large ratio
meansa largefraction. Thusin theexperimentwe varythis
% ratio andsimulatethe overheaccostfor differentratios.

Forthesimulation wefix thetargetanswersizeat40 and
vary the numberof entriesin the systemfrom 100 to 400,
thusgiving us a rangeof ratios between0.1 and0.4. We
alsousel0 senersfor this experiment.With this setup,we
chooser = 50 for the Fixed« strateyy. This choicegives
a cushionof size 10, ensuringthat requestgor 40 entries
canbe satisfiedwith very high probability. For Hashy, we
cannotjust fix the valueof y becauseéf we choosea large
y suchthatthe lookup costis closeto 1 whentheratio is
0.4, the strateyy is unnecessarilypenalizedwhenthe ratio
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is 0.1 wherea smallery is suflicient for thetask. Similarly,

if we choosea small y for the ratio 0.1, the lookup cost
is muchbiggerthan1 (thelookup costfor Fixed-50) when
theratio is 0.4. To resole this complication,we decided
to choosean optimal y for eachratio we study wherethe
optimalis whenthe expectednumberof entriesper sener
is at leastthe target answersize 40. This choiceimplies
thatthe lookup costis alwayscloseto 1. In the context of

this experiment,we usey = 1 whenthe total numberof

entriesh is 400, y = 2 whenh is between200 and 400,

y = 3 whenh is betweenl33 and200, andy = 4 whenh

is betweenL00 and133.

Figure 11 shavs the resultof the simulationaswe vary
the total numberof entriesin the systemfrom 100 to 400.
The x-axis shavs the total numberof entries,from which
we cangetthe correspondingatio. The y-axis shavs the
total numberof messageprocessedy the seners. The
curvefor Fixed« is inverselyproportionatto thetotal num-
berof entriesin the systembecaus¢hefractionsof add and
delete that affect the chosene entriesis decreasingt the
samerate. For Hashy, the overheadcostis purely deter
minedby the choiceof y asdescribedn the previouspara-
graph,hencefollows a stepcurve shapewith breakpoints
at133, 200, and400.

Notice that the two curvescrosseachotherat a couple
points. The cross@er points can be capturedanalytically
by computingwhenthe two stratgjieshave the sameover-
headcost. For Hashy, we performapproximatelyl + y
operationgor eachupdate:oneto processheclientrequest
andy for storingor deletingy copiesin the system(barring
collisionsamongthe y hashfunctions). Therefore the to-
tal costfor Hashy is (1 + y)U whereU is the numberof
updates. For Fixed«, eachupdateincurscost1 to check
whetherthe broadcasts necessarplusthe costn if there
is a broadcastyhich occurswith probability 7. Hencethe
total costis (1 + 7n)U. Comparingthetwo costsyield the
equality zn = y. When £n is smallerthany, Fixed« has

h
lower overheadhanHashy, andvice versa.This equality



Stratgy Storage Coverage Fault Fairness Lookup UpdateOverhead
Few Mary Tolerance| Few Many Cost Small Large
entries | entries updates| updates targetsize | tamgetsize
Fixedz *ok ok | ko k * * % Kk * * * %k ok * % Aok *x
RandomSemr-z * % kk * % kk * k% * % % * % % * * % % *x *k
Roundy * % Kok Fok * % Kok * % % kkokk | kkodok | kokokk * *
Hashy * % Kok Fok * % Kok Jok * % * * % * *ok * % % * % ok

Table 2. Informal summar y of the strategies with respect to our proposed metrics. (More stars is better.)

testonly givesus onecrossaer point. However recall that
we areusingdifferentvaluesfor y asthe numberof entries
increase.Specifically y = [42] wheret is the targetan-
swersize. Thereforetheequalitytestis really £n = [52].

The ceiling function createsdiscontinuityin the overhead
cost,thuscreatesnultiple crosseer points. Notethatif we

continueto increasehe numberof entriesin the systemto

beyond 500, we get a third cross@er point where Fixed-
50 haslower overheadhanHash1. Beyondthe 500 point,

Hashi alwayshashigheroverheadbecauset hasto store
eachentry at leastonce,thuscannottake advantageof the
smallratio £ where£ is lessthan.

As arule of thumb,if the client targetanswersizeis a
smallfraction of the total numberof entries(typically less
than %), thenFixed« will have lessupdateoverhead.An-
otherconsiderationn decidingbetweerfixed« andHash-
y is thelookup costdescribedn Sectiorn4.2. SinceHashy
hashigherlookup cost,the ratio betweenlookupsandup-
dateswill alsobeafactorin choosingFixed« or Hashy.

7 RelatedWork

The most well known lookup serviceis the Domain
Name Service[2. More recently peerto-peer(P2P)sys-
tems[4, 3, 7, 6] have dominatedthe discussionof lookup
servicesin locating sharedfiles. Some P2P systems
like Napster[4 usea centralizedlookup servicewith the
partial lookup characteristic. When clients searchfor a
file, only the first 50 or 100 hits are returned. However,
the senersusually keeptrack of a large amountof infor-
mationratherthandiscardingextra information. OtherP2P
systemdike Chord[7] and CAN[6] partitionthe key space
ratherthan partition the entriesof a key aswe suggesfor
partiallookups.And Gnutella-style[] systemslo noteven
reomganizekeys.

Aside from P2R the partial lookup idea of storingjust
enoughentriesof akey ateachsener alsoresembleserti-
cal partitioning of relationsin distributed databases|5 In
vertical partitioning, a relation table is broken up by at-
tributesand only a subsetof the attributesof the tableare
storedat individual seners. However, the main focusesof
various partitioning schemesare completenessind recon-
struction,which arenot concerndor partiallookup.

8 Conclusion

In this paper we demonstrateé partial lookupservice
thatmaintainsfewer entrieson a sener providessignificant
performanceémprovementsoverthetraditionalfull replica-
tion or hashing-basetbokup services. Specifically stor
agecostfor partiallookup servicesarelower, whichin turn
leadsto lower overheadin processingupdates. Further
more, partial lookup servicesareinsensitve to the popular
key or hot-spotproblemswhich plaguetraditionalhashing-
basedlookup services. Thesetwo advantagesnake par
tial lookupservicesrery attractive to applicationswith high
workload.Ourpaperalsoshovedthatkeepingfewerentries
at senersdoesnot adwerselyaffect most metricsthat are
importantto userssuchasclientlookup cost,coverageand
fairness. Table 2 informally summarizeghe tradeofs be-
tweendifferentstratayies,with respecto our proposednet-
rics. In thetable,four starsimply the stratey is very suit-
able, while one starimplies the strategyy performspoorly.
Notethatno strateyy is the bestin all situations.
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