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Abstract

We proposeDSL, anew ScalableDistributedDataStructurefor thedic-
tionary problem,basedon a versionof Skip Lists, asan alternatve to both
randomtreesanddeterministicheightbalancedrees.Our schemesxhibits,
with high probability, logarithmicsearchtiime, constanteconstructiorniime,
and linear spaceoverhead.Additionally, at the expenseof two additional
pointersperinternalnode the searctoperationcouldcostO(logd) expected
messagesyhered is thedistancebetweerguesse@ndactualposition.
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1 Introduction

As network technologyevolves,it providesmoreprevalentthe technologicafra-
mework known asnetworkcomputing fastnetworksinterconnectnary powerful

and low-priced workstations creatinga pool of perhapgerabytesof RAM and
evenmoreof discspacq7]. Everysitein sucha network manageslata—sads a
server—or requestaccesso dataandit is specifiedasa client. Every senerpro-
videsa storagespaceof b dataelementstermedbudket to accommodate partof

thefile undermaintenanceEachclientignoresthe presencef otherclients.Sites
communicatéy sendingandreceving point-to-pointmessageslhe underlying
network is assumeckrrorfree; in that way we devote our concernto efficiency

aspectnly, asit is widely advocated More specifically we concentraten the
numberof the messagesxchangedetweenthe sitesof the networks, irrespec-
tively from thelengthof a messager the network topology.

This context calls out for the designandimplementatiorof distributedalgo-

rithms and datastructureghat (a) shouldexpandto new senersgracefully and
only when seners alreadyusedare efficiently loaded;and (b) their accessand
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2 Proceeding# Informatics

Table 1: Summaryof results.The datastructuresare one-dimensionalree-like
dictionariesandthe updateboundsarepositiongiven.O(-), O(-) andO(-) denote
worstcase averageandhigh probability boundsrespectiely, n is the numberof
seners,andd is thedistancebetweerguesse@dndactualposition.

SCHEME SEARCH TIME UPDATE TIME SPACE OVERHEAD

RP*[8] O(height O(height O(n)
O(n) O(n)

RBST[12] O(log?n) O(logn) o(n)

BDST[2] O(logn) O(logn) O(n)

DSL gg:ggg; S(1) S(n)

maintenanceperationsnever requireatomic updateso multiple clients, while
thereis no centralized'access’site. A datastructurethat meetstheseconstrains
is namedScalableDistributedData Structue (SDDS).

Sincethe seminalpaperby Litwin et al. [7] introducingthe modelwith the
LH* datastructuretherehave beenvariouskindsof SDDSproposalshamelyR-
P*[8], DRT [5], lazyk-d-Tree[11, 13], DEH [1, 15], RBST[12], BDST|2, 3, 4].
Ontheotherhand Kroll andWidmayer[6] shovedthatif all thehypothesesised
to efficiently managesearchstructuresin the single processorcaseare carried
over to a distributed ervironment,thena tight lower boundof Q(,/n) holdsfor
theheightof balancedsearchrees.

In this papemwe proposeDSL, anenv SDDSfor thedictionaryproblem based
onaversionof Skip Lists,asanalternatve to randomsearchrees lts logarithmic
height, kept with highly local criteria without dependencen datadistribution,
malesthis effort quite appealingTablel summarizesurresults.In section2 we
briefly describeSkip Lists andanalternatie way of viewing them.Section3 in-
troducedDSL anddiscussegts performancewhile section4 concludesurwork.

2 Skip Lists

In this sectionwe briefly discussSkip Lists [14]. More detailscanbe found in
the cited referencelet Sbe a setof n elementss; < s < --- < s, drawn from
a totally ordereduniverseU. Let alsoFc denotethe smallestand biggestele-
mentsof U, respectrely. We would like to build a dynamicsearchstructures
on Swith operationssear ch( x) , range _sear ch([x,X]),i nsert (x) and
del et e( x) . Assumewe aregiven a biasedcoin with probability of success—
the bias—p € (0,1). Startingwith S, we form a sequencer of subsetof S, of
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Figurel: An instanceof a Skip List § andits equivalenttree7. The dottedline
denotesa searchpath.Schemeb) shovs the effect of aninsertion.

levell:

S=§2%2:-25.10§=0

Each§ is derivedfrom S_; by flipping the coin independentlfor eachs €
S_1 andcollecting all thoseelementswith a succesutcome.Then S is built
asfollowing (seefig. 1). We storeeach§ in a sortedlinkedlist £;. Eachsin £;
storesadescenpointerto its occurrencén £;_1. Sear ch( x) proceeddikethis:
Commencingwith level |, in each.; we locatethe maximumelements < x. We
follow theassociatedescenpointerto leveli—1 andsoon, until wereachlevel 1.
In caseof r ange sear ch( [x,X]) afterwesear ch( x), we moveto theright
until we find someelementbiggerthanx’.

Whenwewanttoi nsert ( X) , wetossthebiasedcoinuntil we fail. Letk be
thenumberof successe#fter wesear ch( x) (seefig. 1), weknow theelement
s, thatprecedex in every orderedist £i. Sowe addx to Ly, Lp,... , Lk after
Sc1,SLps--+ 5 Sty FESPEcCtely. The caseof del et e( x) is quite simple;we just
remove X from every list £; containingit.

Besidestheir simplicity, Skip Lists are popularsincethey exhibit very good
performanceThatis, thenumberof levels| andthesearcteostis O(log, ,, n) with
high probability, theoccupiedspacas O(n) alsowith high probability, whereasif
Sj,Sj+1 aretwo consecutre elementsn £, thenthe expectedhumberof elements
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betweerthemin £i_; is O(1). Finally, eachelementis storedin expectedO(1)
levels.

Thereis anotherview of Skip Lists which we will usein this paper(seefor
example[10]). SetsS partitionU in |S|+ 1 intervals(consultfig. 1). Every such
interval | belongingto alevel i is dividedinto a numberof child subintenalsin
level i—1. If we associatavith eachinterval a nodeandconnectwith anarceach
nodeto its child nodesthenatree7 results.7 hasthefollowing propertiesia)
All leavesareat the samedepth;(b) HeightandstorageareO(log, /,n) andO(n)
respectiely with high probability; (c) Every nodehasexpectedO(1) numberof
children; (d) An insertion/deletiorcausesexpectedO(1) numberof reconstruc-
tions(splits/megesof nodes).

3 Digributed Skip Lists (DSL)

3.1 Motivation

Searchireesareproposedn the SDDSmodel,sincethey supportnearesneigh-
borandrangequeried2, 3, 4, 5, 8, 11]. Kroll andWidmayer[5] introducedran-
domtreesin adistributedernvironmentasthey adaptaturallyto it. Their primary
disadwantageqi.e., their dependencen datadistribution and their unbounded
height)leadto balancedinary searchtrees[2, 3, 4] which guaranteavorstcase
logarithmic height. However, their maintenancehroughrotationsseemsmore
complex andmore centralizedn a broadersenseThis, in our opinion, leadsto
seekingfor a distributedversionof a datastructurethatcombineshe simplicity
of arandomtreewith the boundecheightof abalancedree.We chooseSkip Lists
becausda) they arerandomstructureswhich respondo input datadistribution
with their “own” randomnessand (b) their balancecriteria are “local”, name-
ly split‘megeswhich changethe extentof a nodeonly with respecto its initial
value.

3.2 Distribution

We follow thestandardpproachin SDDSmodel:aportionof theglobalstructure
is storedat eachsener. A client maintainsits own view of the structure jnitially
coarseandpartial,becomingbetterasit issuesmoreandmorerequests.

Servers. Leaf nodesrepresenbuckets capableof holding up to b dataitems
lying into the correspondingextent of the leaves. Internal nodesandleavesare
associateavith the sener managinghem.A nodeor aleafis associatedo only
onesener. In contrast,a sener canhold several nodes but only oneleaf. Each
nodestorests extent(subintenal of values) parentandchild pointers.
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Figure2: Evolutionof theDSL. Eachnodeis denotedwith its extent(interval) and
bucket/sererit belongs Arc numberdndicate# of similar nodedinearly linked.

Figure3: Bucket-senerinterconnection.

Initially, DSL consistof abucketb; belongingto seners; (se€fig. 2). When-
everb; overflows, it splitsin two; themedianvalueis insertedusingthe Skip List
algorithm.Thenew bucketb, andthenew rootnodeareassignedo anew sener
$. As long asinsertionskeepcoming,we have bucket splitsandcorrespondence
of the new leaf/lucket alongwith the nodesit introduceso a new senerin such
away thatunnecessargointer(re)assignmentareavoided.For example,consult
figure 2, wherethe new bucket-serer bs is associatedo the left subintenal so
thatthepath(sy,ss) — (S2,S7) remainsunchanged.

Deletionsaretreatedanalogouslywe just memge the underflav bucketsand
thosenodeson the pathtowardsthe root thatthe underlyingSkip List algorithm
dictates.So,in therestof the paperwe will no longerreferto deletions.In fig-
ure 3 we presenffigure 2 in anotherequivalentyet moreilluminating way. The
dottedovals denoteseners. Inside every oval the internal DSL nodesassigned
to the correspondingener areshonn. Arcs betweenovals correspondo sener
interconnection.
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We closethis subsectionvith four remarksia) Balancingafteraninsertionor
adeletionleadingto overflow or underflaw is alocal randomdecisiondueto the
rationaleunderlyingSkip Lists; (b) Eachseneris “charged” only expectedO(1)
internalnodes eachonehaving expectedO(1) fanout. This meanshat, besides
the bucket capacity eachsener occupiesexpectedO(1) additionalspaceandit
is connectedo expectedO(1) otherseners;(c) The pathfrom the root of DSL
to abucket invoIvesO(Iogl/p n) senerswith high probability; (d) Theextentof a
nodedecreasesr increaseslueto splitsor memges but never exceedghevalueit
hadatthetime of its birth.

Clients. As the SDDS dictates,eachclient maintainslocal datareflectingits
own view of thedistributeddatastructure Specifically it keepsnodeassociations
andtheir extentasthey wereduring the lasttime it accessedhe datastructure.
Basedonlocalview, it issueghe desiredoperatiorto themostappropriatesener.
If it succeededh its choice,it recevesthe answer Otherwise,DSL routesthe
requestothepertinentsenerandinformsbacktheclientaboutthepartof thedata
structurevisitedduringtherouting. Theinformationis piggybacledin theanswer
adoptingstandard—irthe SDDScontext—approachefor example,cf. [2, 5]).

3.3 Search Operation

Theclientsearchei hislocal datafor themostappropriatesener, i.e.,thesener
owing the bucket whoseextent containsthe dataelementWhena bucket-sener
recevesasearchrequesthatcanbesened,it answergo theclientappropriately
Otherwise|t checksthe portionof DSL it ownsto forwardthe demanddown to
achild sener or up to a fathersener alongwith its local information. Sooneror
laterthe client receivesthe answeyandthetraversedportionof DSL in theform
of piggybacledcorrectioninformation.In thisway, aclientcanadjustthe private
index it maintains After the discussiorin previoussectionst is easyto seethat

Lemmal Thesearch opemtion costsO(Iogl/pn) messgeswith high probabili-
ty. O

In casethatlevel pointersbetweerinternalneighboringnodesof sameheight
areafforded,then

Lemma 2 Theseach opermation costsO(Iogl/pd) expectednessges,wheed is
thenumberof bucketsbetweertheinitial guessandthebudketactuallycontaining
thedataelement.

Proof. Every sener hasthe additionalability to forward the requestto one of
its sibling senerswheneerthatis possibledueto theassigneaxtent.So,during
the searchingprocessthe highestnodein our structurewe reachis the lowest



Bozanisetal.: DSL-Skig.istsin the SDDSModel 7

commonancestof ca(b;, ba) of theinitially guesseducket b; andthe bucket b,
actuallycontainingtheitem. Thelemmafollows sincel ca(bj, ba) hasO(log, ,,d)
expectedcheight(cf. [10]). O

3.4 Insertion, Deletion

After the appropriatesearch,operationcontinuesin the way describedin sec-
tion 3.2.1t follows promptlythat

Lemma 3 Giventheposition(budket) of theinvolveditem,aninsertionor a dele-
tion costsexpectedO(1) reconstructioroperationsandtherefore messges. O

The above lemmasubstantiallystatesthat the logarithmic costis paid only
onceduringthe searctoperationasopposedo previousapproachegconsultta-
ble 1 onpage?).

4 Conclusions

In this paperwe proposedDSL, a new SDDSfor the dictionary problem,based
on aversionof Skip Lists, asanalternatve to randomsearchrees.We feel that
its logarithmicheight,keptwith highly local criteriawithout dependencen data
distribution, makesour treatmentjuiteappealingOur future plansincludeexper

imentalevaluationof our approactandextensionto d dimensionemploying the
decompositiorparadigm(see for example,[9]).
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