TheM?-tree: ProcessingComplex Multi-FeatureQuerieswith JustOnelndex

Paolo Ciaccia,MarcoPatella
DEIS- CSITE-CNRUniversity of Bologna,ltaly
{pci acci a, npatel | a}@lei s. uni bo. it

Abstract

Motivatedby theneeddor efficientsimilarity retrieval in multimediadigital libraries,we present
basicprinciplesof a new pagedandbalancedndex structure the M2-tree. The M2-treecanbe ap-
plied whenerer “complex” rangeand/orbestmatchesqueriesover differentdescriptiongfeatues
of objectsneedto be solved. The proposedapproachcombineswithin a singleindex structurein-
formationfrom multiple metric spacesthusbeing able to efficiently supportquerieson arbitrary
combination®f indexedfeatures Efficiency of thestructurds presentedhroughpreliminaryexper
imentalresultsover areal-world data-set.

1 Intr oduction

Similarity queriesare a primary concernfor supportingcontent-basedetrieval in multimediadigital libraries
(MM-DLs). A commonapproactviews similarity searchasa searctor closepointsin some(high-dimensional)
featurespacewith closenessneasuredhroughsomedomain-(and possiblyuser) specificdistancefunction.
For instance retrieving imageswith similar colors canbe approachedy representinghe color contentof an
imagethroughan histogram(i.e. a vector)and thenby measuringhe Euclideandistancebetweenhistograms.
For the efficient processingf “simple” similarity queries,i.e., whereonly one matchingcriterion/predicatas
specified,several index structureshave beenproposedjncluding multi-dimensional(spatial)trees,suchasthe
X-tree[1] andthe SR-tre€[7], metrictrees(M-tree[3], Slim-tree[9], etc.),andsignature-baseapproachesuch
asthe VA-file [10]. Thesesolutions,however, arenot suitablefor the more generalcasewheremore thanone
similarity criterionis specified gachreferringto a specificobjects feature for instance!'F ind videonevswhee
Bill Clintonis talkingabouttheKosorzoWar” . Explorationof MM-DLs usingsuchcomplex (multimodal)queries
is therule ratherthanthe exception. For instance a major objectivesof the Informedia-1l projectat CMU is to:
“... allow multidimensionatjueriesthat maycombineimage elementsyideoclips, text andspeet” .

Theproblemwe addresén this paperis how to efficiently supportcomplex similarity queriesover large MM-
DLs. Sincewe do notwantto limit ourselhesto a particulardomain,the solutionwe seekshouldalsosatisfythe
two following requirements:

1. (Generality) Dueto the complex natureof MM objects,it shouldwork not only on vectorspaceshput it
shouldalsobe ableto dealwith the moregeneralcaseof metric spacesi.e. whenfeaturevaluescanonly
be comparedisinga distanceunction.

2. (Flexibility) We would alsoretainthe possibilityto issuequeriesoveronly a subsedf objects’'featuresas
well asto vary at querytime therelevanceof eachfeaturein determiningthefinal result.

Comple similarity queriesare composecf simple predicateseachinvolving a singlefeature. Suchpred-
icatesarethencombinedso asto yield, for eachobject,an overall evaluationscore(seeSection2.1). Current
approachefor processingomplex queriescanbe summarizedsfollows.

Synchronizedevaluation of predicates. Thisapproachwell representetly Fagin's 4, [5] andQuick-Combine
[6] algorithms,dealswith best-mathes(also called k-nearesineighborsor k-NN) queries,wherethe k
objectswith thebestoverallscoresaresought.lt is assumedhateachpredicatecanbe efficiently evaluated
by an index, andthat indicesprovide a sortedaccessscanmodality, with a Get Next () methodthat
returnsthe bestmatchfor that predicateamongthe not-seen-yebbjects. At eachstep,the 4, algorithm
checkswhetherthe bestsolution computedso far can be improved by using objectsnot yet retrieved
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by the scans. If not, the sortedaccesscan be stopped;otherwise,at leastanotherstepis required. To

computethe final result, a secondrandomaccessphaseis requiredto evaluate,by taking into account
scoredfor simplepredicatesthe overall scorefor eachobjectretrieved during the previous sortedaccess
phase Unfortunatelythe performancef this approactrapidly deterioratesvith the numberof predicates.

Statistics-basedevaluation. In [2], the authorsproposeto transforma k-NN queryinto a multi-dimensional
rangequery by exploiting statisticson datadistributions. However, this approachworks only for (low-
dimensionalyectorspacesandcanonly supportalimited classof scoringfunctions.

Signature-basedapproach. TheVA-file [10], whichis a sequentiaktructurethat storeshinary approximations
of high-D featurevalues,canbe straightforvardly usedto processomplex queriesby building a VA-file
over eachfeaturein the query However, this solutiononly dealswith vectorspacesandits compleity
scaledinearly with the data-sesize.

“Collapsing” approach. Finally, onecould usea singleindex for the combinationof all features.Sincewe are
looking for a “metric solution” (1strequirement)this would requireto predeterminean overall distance
functionaccordingto which objectscouldbe organizedwhichis in conflict with our 2ndrequirement.

In conclusionno known processindechniquecanefficiently supportcomplex queriesand,at the sametime,
satisfiesbothourrequirements.

2 TheM?-tree

ConsideracollectionC of databasebjectsthancanbedescribedby way of asetF = {Fy, ..., F,;} of features
(in this work, we do not considerthe problemof choosingthe numberandthe type of featureswhich aremore
suitable,from the efficiency and/oreffectivenesgoint of view, for the domainat hand). For eachfeature F;,
whosevaluesaredravn from a domainD; = dom/(F;), (dis-)similarity betweenfeaturevaluesis assessetly
way of a distancefunctiond; : D? — R¢, which, for ary pair of featurevaluesfrom D;, yields a non-negyatve
real value, being understoodhat low distancescorrespondo similar valuesand high distancego dissimilar
values.

In thefollowing, we assumehatd; is ametric,i.e.anon-ngatveandsymmetricfunctionwhich alsosatisfies
thetriangleinequality Eachcoupleof featuredomainanddistancefunction, thus,formsametricspace(D;, d;).

2.1 Query Model

We considergeneric(simple)predicatep having theform F; ~ ¢, whereq € D; is a constantalsocalledquery
value and~ is a(dis-)similarityoperator Evaluatingp onanobjectO € C equalgo computed; (g, O.F;), where
with O.F; we denotethevalueof featureF; extractedfrom objectO. In thefollowing, for easeof representation,
we will write §(p, O) = d;(q, O.F;), meaningthatassessinthe distancebetweera simplepredicatep : F; ~ ¢
andanobjectO equalsto computethed; functionbetweerthe queryvalueq andthefeaturevalueO.F;. Metric
trees/ike the M-tree[3], areableto solve rangeandk-NN queriesbasedn simplepredicates.

Sinceour objectie is to generalizéo complex querieswe needa way to combinemultiple predicatespos-
sibly referencingdifferentfeaturesjnto aformula f in orderto obtaina singledistancevalue,to comparewith
theuserprovidedthresholdfor acomplex rangequery, or on whichto orderobjects for acomplex k-NN query
We only requirethat,if f = f(p1,--.,ps) is aformulacomposedf predicategy, . .. p,, thenthe overall dis-
tancevalueof anobjectO with respecto f, denotedasd(f, O) is computeddy way of a correspondingcoring
function[5], d;, takingasinputthedistance®f O with respecto eachpredicatep; of f, thatis:

6(f(p17 - 7pn)70) = df((s(plaO)a - 76(pn70)) (1)

Although, in line of principle,ary kind of scoringfunctionwould do thejob, in this work we only consider
monotonicscoringfunctions,in the senseof thefollowing definition.

Definition 1 (Monotonicity) We saythata scoringfunctiond(é(p1,0), ... ,d(ps, O)) is monotonicincreas-

ing (respectivelyleceasing)in thevariabled; if, givenanytwon-tuplesof distancevalues(és, . .. ,d;,... ,0y)
and (d1,...,0%,...,0,) With 6; < &3, itis dg(d1,...,05,...,0n) < df(d1,...,8},...,0,) (respectively
dg(61,...,05,...,0n) > dg(b1,... ,6;.,... ,0r)). If a scoringfunctiond; is monotonicincreasing(resp.de-

creasing)in all its variables,we simplysaythatd, is monotonidncreasing(resp.decteasing). O



Suchpropertyis surelyreasonabldérom a users point of view. It is alsothe casethat commonlyusedscoring
functionsaremonotonicin all their argumentsor example,theni n andmax functionsaremonotonicincreas-
ing. As anotherexample,weightedsums,with d¢(d1,... ,d,) = Z;;l 0;0;, whered;’s are positive weights,
and}_%_, 6; = 1, aremonotonicincreasind4].

Givenaformula f whosescoringfunctiond, is monotonicin all its agumentswe considerrange queries
range f,T(C), selectingall the objectswhoseoverall distance(computedoy way of the scoringfunction dy) to
f is not higherthana specifiedthresholdr (6(f, O) < r), andk-NN queriesNNy ;(C), selectingthe k objects
having thelowestd( f, O) distanceo f.

It shouldbenotedthatmetrictreesarealreadyableto efficiently processomplex similarity querieswhenall
the predicateseferto asinglefeature(#;, = F;, = ... = F;_) [4]. In thiswork we dealwith themoregeneral
caseof multi-featurequeries.

2.2 Principles

Ourapproactreconcileghetwo requirement®sf Sectionl by providing asolutionwhich canbeseenasa “multi-
dimensional’extensionof the M-tree[3], muchlike asspatialaccessnethodscanbe viewed, at someextent,as
generalizationsf the Bt -treeto D-dimensionalvectorspacesThefollowing tablesummarizeshis point.

no. of “coordinates”

1 mary
Spaceype | Vector | BT -tree R-tree X-tree,. ..
Metric | M-tree,... | M2-tree

For metricindices, like the M-tree, we saythatthey usel “coordinate”sincethey canorganizeobjectsby
usingonly 1 distancefunction. Givena queryvalueg;, a metric spacecanbe viewed asan half-line departing
from g;, the so-calleddistancespace All pointsof D; aremappedo this line with a distancefrom the origin
whichis equalto their distancefrom g;. A simplerangequeryis equivalentto aninterval queryover suchspace
(seeFigurel (a)). If we considera complex formula f(py, ... ,pn), With p; : F;; ~ g;, eachg; inducesan
independendistancespaceon D;,;, andwe obtainwhatcanbe corventionallycalleda multiple distancespace?
Thus,a comple rangequeryis equivalentto aregion queryover suchspace(seeFigurel (b)). Thereforejust
asspatialaccessnethodsare generalization®f the B+ -tree, sincethey areableto organizemulti-dimensional
feature(scalar)spacestheM?-treegeneralizethe M-treein thesensehatit cansupporimultiple distancespaces.
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Figurel: A simplerangequeryin a distancespace(a) anda complex rangequeryin a multiple distancespace

(b).

Fromtheabovetableit canbeseerthatthe M?2-tree: (1) candealwith themoregenerakaseof metricspaces,
and(2) canindex objectsby usingmanydistancefunctionsat the time. Theseareindeedthe key ingredientgo
satisfybothrequirement&xpressedn Sectionl.

Justasthe M-tree, the M2-treeis a balancedand dynamictree whosefixed-sizenodesare mappedto disk
pagesandwhereindexed featurevaluesare storedin the leaf nodes. To highlight the main differencebetween
M-treeandM?-tree, it is usefulto shav how regionsassociateavith eachnodeof thesestructuresaredefined:

e EachnodeNl of the M-tree correspondo aregion of theindexedmetricspace(D, d). Theregion of node
N is Reg(N) = {v € D|d(v,v!™) < [V}, wherev!M is the routing value of node N andrM is its
coveringradius All the objectsin the sub-treerootedat N are thenguaranteedo belongto Reg(V),
thustheir distancefrom vV doesnot exceedr!™! (the region is equivalentto the interval [0, 1] of the
distancespacenducedoy v!™1).

2|t shouldbe notedthateachcoordinatein suchspacecorrespondso a single(possiblymulti-dimensionalfeaturespace.



e For an M2-treebuilt overa setof m (m > 1) featuresF = {Fy,..., F,}, with correspondingnetric
spacesD;,d;) (i = 1,... ,m), theregionassociatedo nodeN is now definedas:

Reg(N) = {(v1, ... ,0m) € D1 X ... Dp|di(v;, V) <™ i =1,... m}

Wherevz[N] is the routing valuefor thei-th featureand rEN] is the correspondingoveringradius. Thus,
[N]

Reg(N) consistsof the hyperrectangle[O,rEN]] X ... X [0,r '] in the m-dimensionaldistancespace
inducedby theroutingvalues.

2.3 Format of M2-treeEntries

Eachentry e in an M2-tree nodeconsistsof a setof m valuesv; € D; for eachconsideredeature F;. For
entriesin a leaf node,suchvaluescorrespondo the featuresextractedfrom eachindexed object, whereasfor
internalnodes suchvaluesare obtainedby way of a specificpromotionalgorithm (for spacereasonwe do not
give detailshereof M2-treemaintenancalgorithms).Entriesof internalnodesalsoincludea setof m covering
radii rEN] anda pointerptr(7'(e)), referencingthe root N of a sub-treeT'(e), whereasentriesin leaf nodes
includeanidentifieroid(e), whichis usedto provide accesgo the whole object,which mayresidein a separate
datafile. The semanticof the covering radii is similar to that of M-tree: All the objectsstoredin the sub-tree
pointedby ptr(T'(e)) arewithin distancer!™V!, consideringthe metric d;, from oM ie.vO € T(e),Vi =

i i
1,... ,m,di(szN],O.Fi) < rEN)]. As for M-tree, the distancesdbetweerentry featurevaluesand parentrouting

valuesd; (v;, ULN]) arestoredwithin eachentryin orderto prunesub-treesiuringthe searctphase.

Example 1 We haveto index a collectionof images, which havebeenmanuallyannotatedby differenthuman
opefators,whoassigned setof keywordsto eat of them.We alsowouldlike to seach the collectionfor images
having similar color distributions. To this end, a color descriptoris extractedfrom eac image by usingthe
techniquedescribedn [8], resultingin a 9-dimensionalrector(seeFigure 2). Distancebetweerimagesfor the
descriptionfeature is assesseds the numberof commonkeywords dividedby the total numberof keywords for

theimages,i.e. di(v;,,v;,) = 1 — M wherreasdistancebetweencolor descriptos is computedas the

||U1'1 Uvjl |

Euclideandistancebetweerassociatedrectos, i.e. da (v;,, vj,) = \/22:1 |vi, [h] — v}, [R]|?

name keywords color distribution vector

tigerbmp nature animals mammalsfeline, tiger (1.73,0.381,0.483,1.97,0.407,0.518,0.957, 0.133, 0.0903)
lion.jpg nature animals mammalsfeline, lion (1.32,0.380,0.729,1.60, 0.480,0.776, —2.27, —0.686, —1.34)
tiger_cat.jpg animals,domesticfeline, cat (0.754, 0.325,0.730,0.922, 0.409,0.757,1.58,0.645, 1.41)

tigershrimp.jpg  natureanimalscrustaceartiger, shrimp ~ (3.23,0.104, 0.853, 3.42,0.189,0.884, —1.24, 0.222, —0.282)

Figure2: Fourimageswith their descriptionandthe correspondingolor distribution vectors.

Suppostghattheimagesof Figure 2 areinsertedin an M2-treenode: Thetwo choserroutingvaluescouldbe,
for examplevEN] = (nature, animals feling tiger) andugN] = (1.76, 0.297, 0.699, 1.98, 0.371, 0.734, —0.243,
0.0786, —0.0293). Thecorrespondingstructue of leaf node N is depictedin Figure 3. Therepresentativeof
nodeN in theparentnode P(N) is shownin Figure 4, alongwith a graphicalrepresentatiornf Reg(N) in the
multiple distancespaceinducedby v, o

2.4 Solving complexqguerieswith M?2-tree

In this Sectionwe shov how complex queriescan be resohed by the M2-tree accessstructure. Supposehat
we wantto solve the queryrange; ,.(C): In orderto seewhetheranodeN of the M?2-tree hasto be accessed,



oia(e) 0.7, 0.Fy 41071, 5V dy00.75, 0N
€1 tigerbmp nature animalsmammalsfeline, tiger (1.73,0.381,0.483,1.97, 0.407,0.518, 0.957, 0.133, 0.0903) 0.2 1.25
62 lion.jpg nature animals mammalsfeline, lion (1.32,0.380,0.729, 1.60, 0.480,0.776, —2.27, —0.686, —1.34) 0.2 2.60
63 tigercat.jpg animals,domesticfeline, cat (0.754, 0.325, 0.73, 0.922, 0.409, 0.757, 1.58, 0.645, 1.41) 0.667 2.80
€4 tiger.shrimp.jpg  animals crustaceartiger, shrimp (3.23,0.104, 0.853, 3.42, 0.189, 0.884, —1.24, 0.221, —0.282) 0.5 2.33

Figure3: Thestructureof anM?2-treenodeN.
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Figure4: Theroutingobjectfor nodeN (a)anda graphicalrepresentationf Reg(N) (b).

we computea lower boundon the distancebetweenary objectreachabldrom N andthe complex queryfor-
mula f, thatis, betweenf andtheregion associatedo N, dmin (f, Reg(N)), just aswe would do for a simple
querywith an M-tree. To computesuchboundwe computea lower boundfor eachpredicatep; : F;; ~ g; in
f, andcombinesuchboundsby way of the scoringfunctiond;. Therefore,dmin(f, Reg(N)) is computedas
d¢(Omin(p1, Reg(N)), ... ,0min(pn, Reg(NN))). Sincethe scoringfunctiond; is monotonicincreasingn all its
argumentsno objectreachabldrom N couldleadto a valueof § lowerthandmi, (f, Reg(IV)).

Boundson individual predicatecanbe easilycomputedby takinginto accountinformationaboutV stored

in its parent,i.e.therouting valuesu!! andthe coveringradii TEN] 3

i

Suin (pj, Reg(N)) = min{d(pj,v;)")) =7, 0} = min{dy,(¢j,vi, ) =1, ", 0}
Only nodesN for which dmin (f, Reg(N)) < r areaccesseduringthesearchWhentheleaflevelis reachedwe
caneasilycomputethe overalldistanceimin ( f, O) for eachobjectO in theleafnodeusingEquationl. It should
be notedthatabove consideratiortanbe alsousedfor complex £-NN queries by substitutingthethresholdvalue
r with the k-th lowestoverall distanceencounteredofar.

3 Experimental Results

Existing approachedjk e thoseproposedn [5, 2, 6], solve complex rangequeriesby separatelyndexing each
feature,e.g.with an M-tree, andby independenthyaccessinghe indicesto solve a correspondingimplerange
query;finally, resultsof all queriesarecombined.In the caseof Figure5 (a),the M; index would retrieve objects
03, O3, Os5, andOg, Whereasndex M- would retrieve objectsOq, O2, andOj; then, objectsO, andO5 are
correctlyreturnedasresults.The M2-treeapproachpn the otherhand,combinesnformationfrom all the metric
spacessuchthat, in orderto solve a complex rangequery, only thosenodeswhoseregion overlapsthe query
region are accessedluring the search(seeFigure 5 (b)) and no work is wastedto accesobjectsthat do not
satisfythe query(like objectsO;, O3, andOg in Figure5 (a)).

To shaw the efficiency of the M2-tree,we comparedts performancedor complex k-NN queriesover a real
data-setomposeaf over 15,000imageswith respecto thoseof the Aq algorithm[5] andof asimplesequential
scan. Featuresusedto asses®bjectsimilarity were (1) a string representinghe imagename(comparedising
the L.q4;; distance,.e. the minimum numberof characterdo be inserted,deletedor substitutedo transforma
string into another)anda 32-binshistogramrepresentingolor informationfor theimage(comparediusingthe
Euclideandistance) We built anM?2-treeoverthe 2 featuresand2 M-treesover eachsinglefeature andexecuted
several k-NN conjunctive queries(d; = max{d;,d2}) by varyingthevalueof k. Figures6 (a) and(b) shav the
averagecomputedlistancesindtheaveragepagereadsor eachqueryasafunctionof k. Fromthegraphswe see
thatthe M2-treeis indeedmoreefficient thanthe Ay algorithm,for both CPUandI/O costs.Moreover, we also
seethat, for high valuesof k, performanceof the .4, algorithmrapidly decreasebeyondthat of the sequential
scanwhereadvi?-treecostsarealwaysthelowest.

8If thed functionis monotonicdecreasingn its j-th agumentwe computea upperbounddmax (p; , Reg(N)) = di; (45, vl[jv])+rl[§v]
anduseit in placeof d,min(p;, Reg(N)).
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Figure5: Solvingacomple rangequery(d; = &; + d2) with 2 M-trees(a) andwith anM?-tree(b).
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Figure6: AverageCPU (a) andl/O (b) costsfor solvinga complex k-NN conjunctve query

4 Conclusions

In this papemwe have presentedasicprinciplesof M2-tree,a balancedearchreedesignedor indexing multiple
metricspacesWe have shavn how theM?2-treecanbeusedto performcomple similarity searchover multimedia
objectsrepresentetdy multiple features Structureof M2-treenodesandthe sketchof searchingalgorithmshave
beenillustrated.Finally, we have demonstratetheefficiency of the proposedstructureover otherstate-of-the-art
approachethroughsomepreliminaryexperiments.

Currentandfuture work includesthe completespecificationof index maintenancealgorithms(choosingthe
nodein which a new objectshouldbe inserted splitting a node,choosingthe routing values,etc.),aswell asa
wider querymodel, to include other queriesthat can be efficiently solved by the M2-tree (e.g. intersectionand
compositionof complex queries).Thoroughexperimentatiorwith differentrealdata-setss alsoplanned.
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