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Abstract

Proximity queries(the searchingproblemgeneralizecdbeyond exact match)is mostly modeled
asmetric space.A metric spaceconsistsof a collectionof objectsanda distancefunction defined
amongthem. The goalis to preprocesshe dataset(a slov procedure}o quickly answerproximity
gueries.This problemhave receved a lot of attentionrecently speciallyin the patternrecognition
community

The Excluded Middle VantagePoint Forest(VP-foes) is a datastructuredesignedo search
in high dimensionalectorspaces A VP—folestis built asa collectionof balancedvantagePoint
Trees(VP-trees.

In this work we proposea novel two-fold approachfor searching.Firstly we extendthe VP—
forestto searchin metricspacesandmoreimportantlywe testa counterintuitve modificationto the
VP-treg namelyto unbalancet. In exactsearchingan unbalancediatastructureperformpoorly;
andmostof the algorithmiceffort is directedto obtaina balanceddatastructure. The unbalancing
approachs motivatedby arecentdatastructurgtheList of Clustes) specializedn highdimensional
metricspacesearchesyhichis anextremelyunbalancediatastructure(alinkedlist) outperforming
otherapproaches.

1. Intr oduction and motivation

The conceptof “approximate”searchinghasapplicationsin a vastnumberof fields. Someexamples
are next-generationdatabasege.g. storingimages,fingerprintsor audio clips, wherethe conceptof
exactsearchs of nouseandwe searchinsteadfor similar objects) text searchinginformationretrieval,
machinelearningand classificationjmagequantizationand compressioncomputationabiology, and
functionprediction.

All thoseapplicationshave somecommoncharacteristics.Thereis a universeU of objects and
a nonngative distancefunctiond : U x U — R* definedamongthem. This distancesatisfiesthe
threeaxiomsthat make the seta metric space strict positvenesd(z,y) = 0 < = = y), symmetry
(d(z,y) = d(y,z)) andtriangle inequality (d(z,z) < d(z,y) + d(y,z)). The smallerthe distance
betweentwo objects,the more“similar’ they are. We have afinite databaseS C U, whichis a subset
of the universeof objectsandcanbe preprocessefto build anindex, for example).Later, givena new
objectfrom the universe(a querygq), we mustretrieve all similar elementfoundin the databaseThere
aretwo typical queriesof thiskind:

Rangequery: Retrieve all elementswithin distancer to ¢ in S. Thisis, {z € S, d(z,q) <r}.

Nearestneighbor query (k-NN): Retrieve the k closestelementdo ¢ in S. Thatis, asetA C S such
that|A| = kandVz € A,y € S — A,d(z,q) < d(y, q).

*This work hasbeenpartially supportedy RIBIDI ProjectCYTED VII.19 andCONACYT grant36911-A



https://core.ac.uk/display/301041549?utm_source=pdf&utm_medium=banner&utm_campaign=pdf-decoration-v1

Thedistanceas consideredxpensveto computgthink, for instancejn comparingwo fingerprints).
Hence,it is customaryto definethe compleity of the searchasthe numberof distanceevaluations
performeddisregardingothercomponentsuchasCPUtime for sidecomputationsandeven1/O time.

Givena databasef |S| = n objects,queriescanbe trivially answeredy performingn distance
evaluations.Thegoalis to structurehedatabasé computeaminimalamountof distancesn answering
proximity queries.

Therearea numberof methodsto preprocesshe set(to index the dataset)in orderto reducethe
numberof distanceavaluationg2]. All thosestructuresvork on the basisof discardingelementausing
the triangle inequality and mostof them usethe classicaldivide-and-conqueapproach(which is a
generaklgorithmicapproach).

TheVP—forestis a datastructuresupportingworst casesublineartime searcheg high dimensional
vectorspacedor fixed-radiumearest-neighbagueries.Worstcaseperformancalepend®f the dataset
but is not affectedby thedistribution of queries.

TheVP-treewasproposedn anearlypaperby PeterYianilos[3], whichis astraightforvardimple-
mentationof ageneraimultidimensionakearch.

Theabove datastructuresarebalancedPerhapdgollowing generaklgorithmiccriteria,andstrongly
motivatedby exactsearchingoroblems.However it hasbeenprovedin [1] thatunbalancings indeeda
goodideato save distancecomputations.

In thiswork we will testthe unbalancinghypothesisn this particulardatastructure.

2. VP—treeand VP—forest

In this sectionwe briefly describeboth datastructuresthe VP—forestandthe VP-treg moredetailscan
beseenin [3, 4].

The VP-tree) organizea databasesS with n elementsallowing metric-rangeand nearest-neighbor
guerieswith a expectedsublinearcompleity for a fixed distribution. Performancedependson the
dataseaindon the assumedlistribution of queries.The VP—forestis a relateddatastructuresupporting
worst casesublineartime searchesor fixed-radius(r) nearesineighborsqueries. Worst caseperfor
mancedepend®n the datasebut is not affectedby the distribution of queries.

Thedatasets organizednto aforestof O (n'~*) treesgachof depthO(logn). Herep maybeviewed
asdependingn 7, the distancemeasureandon the dataset.The radiusof interestr is aninputto the
organizationprocessandtheresultis a datastructurespecializedo answerguerieswithin this distance.

Eachelementof the datasebccursin exactly onetreesothatthe entireforestremainslinearspace.
Searche$ollow asingleroot-leafpathin eachtree. Therein no backtrackingvhenthe searchis limited
to neighborswithin distancer. Along its way everyneighborwithin 7 is necessarilyencounteredThe
effect of thequeryis to guidethedescenthrougheachtree.

The generalideabehindVP—foestis easilyunderstood.A VP—treerecursvely divide the dataset
usingasa ruler the distanceto a fixed vantage point or pivot. At eachnodea, roughly central,fixed
thresholdis usedin the distribution of values. Elementsbelow this thresholdare assignedo, say the
left child, andthoseabove to theright child. Element:earto thethresholdeadto backtrackingduring
search.

Theabove backtrackingoroblemis eliminatedin the VP—forest by deletingsuchelementdrom the
tree. Oncethetreeis completedthethroved elementsareorganizedinto a differenttreewith the same
procedureresultingin another(smaller)bucket of elementsThis continueauntil all the elementsn the
datasebelongto atree. Thiseffectively eliminatesbhacktrackingbecauselementsiearto thethreshold



arerecursvely deleted,andthis thresholdlies nearthe middle of the distribution of values. This data
structureis referredasanexcludedmiddlevantage point forest
Theideasandconstructiorsketchedcanbe formalizedby thefollowing definition.

Definition 1 Consideran orderedsetS = {z;...z,} andavaluem € [0,1]. Letw = |mn| and
a = |(n —w)/2]. Thenthem-split of S consistof left, middle andright subsetsiefinedby:

L = {z;]i <a}
M = {xili >a,i <a+w}
R = {zi >a+w}

Thatis, a balanced3-waypartition of S with a central proportionof approximatelym.

3. BalancingversusUnbalancing

We learnin ary elementarypookof algorithms,asoneof thefirst lessonsthatbalancediatastructures
(treesin general)rovide the bestperformancelndeed,asatreebecomesnoreunbalancedt becomes
moresimilarto alinkedlist, andthe costraisesfrom O(logn) to O(n).

However, all the conceptof balancingis basedon the implicit assumptiorof exactsearching: We
have a searchqueryandwantto find its exactreplicain the tree. Hence,we enteronly one branchof
the tree, and thereforea balancedree minimizesthe cost. More sophisticatedjueriessuchasrange
searchingarestill basedn the assumptiorihatthereexist atotal linearorderon thekeys. Hence these
gueriesarereducedo a coupleof exactsearcheso find the extremesof therangeof interest.

Noneof theseassumptionss valid in proximity searchingTheonly tool to organizea datastructure
on metricsspacess the distancesamongelements. Many proposalsstill manageto designtree data
structureswherea total linear orderis imposedby sortingthe elementsaccordingto their distancego
theroot. Probablyinfluencedby a strongalgorithmicbackgroundmostauthorstry aswell to obtaina
balancedlatastructureby splitting the rangeof distancesothatthe subtreehave the samesize,asthe
VP-treedoes.

Thereal problemwith this approachappearsvhenoneconsiderghe type of searchcarriedout on
thesebalancedrees. As explained,the searchis not exact, but it hasa toleranceradiusr which is
fixedat querytime andis insensitve to the slicesassignedy thetree. Low dimensionametric spaces
have an histogramof distanceswvhich is more uniform thanthoseof high dimensionalkpaces.In low
dimensionalspacestherefore the queryis comparedagainstthe root anda rangeof the histogramis
selected.This rangecontainsa reasonablysmall fraction of the distribution andthereforethe problem
is reducedwell alongthe iterations. Moreover, sincethe histogramis not concentrateda partition
wherethe subtreehave the samenumberof elementsyields slicesof approximatelythe samewidth,
andthereforethe searchentersinto areasonabl@umberof subtreesConsidemow a high dimensional
spaceAll thehistograms concentrateth asmallrange wherethequeryalsolies with high probability
whencomparedo theroot of thetree.Hencea large proportionof the elementswill now beselectedy
thequeryrange.Thisis the basicreasorthatmakessearchingn high dimensionakpacesodifficult.

However, balancingthe treesaddsan extra inefficiencgy to this. As the histogrambecomesmore
concentratedthe slicesto partitionthe elementsn equalsizegroupsbecomethinner Sincethe search
radius staysthe same,it will intersectmore slicesand the searchwill needto entermore subtrees.
This shavs why the searchmodelfor proximity queriesmakesbalancedreesa poor choicefor high
dimensionalmetricspaces.



A treewherethesliceshave fixedwidth avoidsthis lastproblem.Sincethewidth is independentn
the dimensionof the spacethe searchwill not entermoresubtreeof a nodeasthe dimensiongrows.
However, a new consequencshavs up whenfixed slicesareused: The subtreesorrespondingo the
slicescontainingthe coreof the distribution will have muchmoreelementghatthe rest,anetherefore
thetreewill bemoreandmoreunbalance@sthe dimensiongrows.

As thetreebecomesnoreunbalance@ndhenceallerasthedimensiongrows, theleavesof thetree
will know their (approximately)istanceto morepivots: from O(logn) in abalancedreeto O(n) in a
very unbalancedree.Also arandomquerywill becomparedagainsimorepivotsasit traverseghetree.
this effectis very similar to having a large numberk of pivotsin plain pivot-basedalgorithms. Unlike
those,however, this unbalancedree takes alwayslinear space. The main problemis its construction
cost,which movesfrom O(nlogn) to O(n) asthetreelosesbalance.

To summarizeunbalancingpermits,in essencetp have alargenumberof pivotswithoutincrement-
ing the spacecost(the priceis paidin constructioncost). Hencewe canreachthe optimumnumberof
pivots,which grows with the dimension.

4. Unbalancinga VP—forest

Theideabehindour proposalis to improve the VP—forestsearchingperformancen high dimensional
spacesunbalancinghe VP—-treesthatcompoundt.

As VP-forestdoeswe recursvely divide the datasetn threeparts,but the partssizesarenot similar.
Hence,the treeswill not be balanced.We choosean elementp of S aspivot, andwe considerthe set
orderedby distanceto p andavaluem € [0, 1]. Letw = |mn| anda = | (n — w)/k|, wherek canbea
valuenotequalto 2. Thenthem-split of S consistsaagainof left, middle,andright subsetslefinedby:

L = {z;]i <a}
M = {z]i>a,i<a+w}
R = {zili >a+w}

Notethatit is a 3-way partitionof .S with acentralpart M with aproportionof m, but L and R parts
canhave very dissimilarproportionof elementdependingnthechosernvalueof k. The particularcase
whenk = 2 will producea VP—forestbalanced.

The simplerway to definethis 3-way partition of .S, usingp asa pivot, is consideringto obtaina
distancevalued,, to p suchthatthe numberof elementsvhosedistanceto p is lower thand,,, — 7 is
approximatelys (thoseform L). R would be the elementsat distancegreaterthand,,, + 7 to p and M
would bethe elementavhosedistanceo p belongto therangeld,, — 7, d,, + 7.

At eachnodewe puttheelementp of S, chosemaspivot, and L and R partsareassignedo its left
andright child, andrecursvely we continueon both parts. Oncethetreeis completedall the elements
discardedthatis thoseof the M partfor p andthosediscardedduringthe constructionof the left and
right subtreesare organizedinto a treein the sameway, resultinganother(smaller)setof discarded
elements.This continuesuntil the forestis completelybuilt. We canobsenre thatall the treeswill be
unbalancedhecausall of themhave differentsizesbetweerieft andright subtrees.

Whenwe searchanelement; with radiusr, in our proposedstructurewe compare; againstheroot
elemenp of thefirsttree.If d,,, — 7 < d(p, q) +r < d,, + 7 wedonotneedto enterin thistree,because
we known thatall theelementselevantto thequeryg mustbein anothettree.If d(p, ¢) £r < d,,+7, or
if d(p, q)+r > d,,+7, wecontinuerecursvely thesearchingroces®nly ontheleft, or right, subtreeof
p respectirely . In ary othercasewhentheball queryintersecimorethanonezone ,we shouldenterinto



morethanonesubtreeand/ormorethanonetree. Theworstcases whentheball queryintersectevery
zoneof p, becausen this casewe mustenterin eachsubtreeof p andwe needto continuesearching
on thefollowing trees.However, in the next pathsof the processve will consideranotherpivot thatit
shouldpermitsusto avoid enteringin somebranches.

Hence,althoughwe unbalancehe trees,we also effectively eliminatesbacktrackingif the query
radiusr is lowerthanr, becauselementof M partsarerecursvely deleted.

5. Conclusionsand Futur e Work

In this work we have proposedo unbalancea datastructurealreadyknown for similarity searchingn
metricspacesin orderto improve its searchingperformancen high dimensionakpaces.
As work in progressalreadybeingcarriedout within our researclgroup,we areconsidering:

e Experimentingwith differentmetric space®f low andhigh intrinsic dimensionality

e ComparingagainstList of Clustess[1], thatis a unbalancedatastructurefor searchingn metric
spacesndvery resistanto theintrinsic dimensionalityof the dataset.

Comparingagainstdatastructureghatusepurepivoting.

Characterizinghe goodunbalancindor theintrinsic dimensionof the metricspace.

Characterizinggoodvaluesof theradiusr for thequeriesthatcouldbe consideredn eachspace.

Analyzingif thereis anothemway to make unbalance@ VP—forest andif it is possible comparing
it againsiour proposaljn orderto obtainthe bestway.
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