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Abstract

Motivatedby theneedsfor efficientsimilarity retrieval in multimediadigital libraries,wepresent
basicprinciplesof a new pagedandbalancedindex structure,theM � -tree. TheM � -treecanbeap-
plied whenever “complex” rangeand/orbestmatchesqueriesover differentdescriptions(features)
of objectsneedto be solved. The proposedapproachcombineswithin a singleindex structurein-
formation from multiple metric spaces,thusbeingable to efficiently supportquerieson arbitrary
combinationsof indexedfeatures.Efficiency of thestructureis presentedthroughpreliminaryexper-
imentalresultsovera real-world data-set.

1 Intr oduction

Similarity queriesarea primary concernfor supportingcontent-basedretrieval in multimediadigital libraries
(MM-DLs). A commonapproachviewssimilarity searchasasearchfor closepointsin some(high-dimensional)
featurespace,with closenessmeasuredthroughsomedomain-(andpossiblyuser-) specificdistancefunction.
For instance,retrieving imageswith similar colorscanbe approachedby representingthe color contentof an
imagethroughan histogram(i.e. a vector)andthenby measuringthe Euclideandistancebetweenhistograms.
For the efficient processingof “simple” similarity queries,i.e., whereonly onematchingcriterion/predicateis
specified,several index structureshave beenproposed,including multi-dimensional(spatial)trees,suchasthe
X-tree[1] andtheSR-tree[7], metrictrees(M-tree[3], Slim-tree[9], etc.),andsignature-basedapproaches,such
asthe VA-file [10]. Thesesolutions,however, arenot suitablefor the moregeneralcasewheremore thanone
similarity criterionis specified,eachreferringto aspecificobject’s feature,for instance:“F ind videonewswhere
Bill Clintonis talkingabouttheKosovoWar” . Explorationof MM-DLs usingsuchcomplex (multimodal)queries
is therule ratherthantheexception.For instance,a majorobjectivesof theInformedia-IIprojectat CMU is to:
“... allow multidimensionalqueriesthatmaycombineimageelements,videoclips, text andspeech” .1

Theproblemweaddressin thispaperis how to efficiently supportcomplex similarity queriesover largeMM-
DLs. Sincewe do not wantto limit ourselvesto a particulardomain,thesolutionwe seekshouldalsosatisfythe
two following requirements:

1. (Generality) Dueto the complex natureof MM objects,it shouldwork not only on vectorspaces,but it
shouldalsobeableto dealwith themoregeneralcaseof metricspaces,i.e. whenfeaturevaluescanonly
becomparedusinga distancefunction.

2. (Flexibility) Wewouldalsoretainthepossibilityto issuequeriesoveronly asubsetof objects’features,as
well asto varyatquerytime therelevanceof eachfeaturein determiningthefinal result.

Complex similarity queriesarecomposedof simplepredicates,eachinvolving a singlefeature.Suchpred-
icatesarethencombinedso asto yield, for eachobject,an overall evaluationscore(seeSection2.1). Current
approachesfor processingcomplex queriescanbesummarizedasfollows.

Synchronizedevaluation of predicates.Thisapproach,well representedbyFagin’s ��� [5] andQuick-Combine
[6] algorithms,dealswith best-matches(alsocalled � -nearestneighborsor � -NN) queries,wherethe �
objectswith thebestoverallscoresaresought.It is assumedthateachpredicatecanbeefficiently evaluated
by an index, and that indicesprovide a sortedaccessscanmodality, with a GetNext() methodthat
returnsthe bestmatchfor thatpredicateamongthe not-seen-yetobjects.At eachstep,the ��� algorithm
checkswhetherthe bestsolution computedso far can be improved by using objectsnot yet retrieved

1TheCMU Informedia-IIWebsite:http://www.informedia.cs.cmu.edu/dli2/ .



by the scans. If not, the sortedaccesscanbe stopped;otherwise,at leastanotherstepis required. To
computethe final result, a secondrandomaccessphaseis requiredto evaluate,by taking into account
scoresfor simplepredicates,theoverall scorefor eachobjectretrievedduring theprevioussortedaccess
phase.Unfortunately, theperformanceof thisapproachrapidlydeteriorateswith thenumberof predicates.

Statistics-basedevaluation. In [2], the authorsproposeto transforma � -NN query into a multi-dimensional
rangequeryby exploiting statisticson datadistributions. However, this approachworks only for (low-
dimensional)vectorspaces,andcanonly supporta limited classof scoringfunctions.

Signature-basedapproach. TheVA-file [10], which is a sequentialstructurethatstoresbinaryapproximations
of high-� featurevalues,canbestraightforwardly usedto processcomplex queriesby building a VA-file
over eachfeaturein the query. However, this solutiononly dealswith vectorspacesandits complexity
scaleslinearlywith thedata-setsize.

“Collapsing” approach. Finally, onecouldusea singleindex for thecombinationof all features.Sincewe are
looking for a “metric solution” (1st requirement),this would requireto predeterminean overall distance
functionaccordingto which objectscouldbeorganized,which is in conflictwith our2ndrequirement.

In conclusion,no known processingtechniquecanefficiently supportcomplex queriesand,at thesametime,
satisfiesbothour requirements.

2 The M 	 -tr ee

Consideracollection 
 of databaseobjectsthancanbedescribedby wayof aset �
����������������������� of features
(in this work, we do not considertheproblemof choosingthenumberandthetypeof featureswhich aremore
suitable,from the efficiency and/oreffectivenesspoint of view, for the domainat hand). For eachfeature � � ,
whosevaluesaredrawn from a domain !��"�$#&%�')(*� �,+ , (dis-)similarity betweenfeaturevaluesis assessedby
way of a distancefunction #-�/.0! ��2143/5� , which, for any pair of featurevaluesfrom !6� , yieldsa non-negative
real value, being understoodthat low distancescorrespondto similar valuesandhigh distancesto dissimilar
values.

In thefollowing,weassumethat # � is ametric,i.e.anon-negativeandsymmetricfunctionwhichalsosatisfies
thetriangleinequality. Eachcoupleof featuredomainanddistancefunction,thus,formsametricspace(7! � ��# � + .

2.1 Query Model

We considergeneric(simple)predicates8 having theform � ��9;: , where:=<>!6� is a constant,alsocalledquery
value, and 9 is a(dis-)similarityoperator. Evaluating8 onanobject ?@<>
 equalsto compute#-��(*:A�B?=� � �C+ , where
with ?=� � � wedenotethevalueof feature��� extractedfrom object ? . In thefollowing, for easeof representation,
we will write DE(F8G�B?�+/�H#&�I(J:A��?=� ���C+ , meaningthatassessingthedistancebetweena simplepredicate8K.&� ��9�:
andanobject ? equalsto computethe #&� functionbetweenthequeryvalue : andthefeaturevalue ?=� � � . Metric
trees,like theM-tree[3], areableto solve rangeand � -NN queriesbasedon simplepredicates.

Sinceour objective is to generalizeto complex queries,we needa way to combinemultiple predicates,pos-
sibly referencingdifferentfeatures,into a formula L in orderto obtaina singledistancevalue,to comparewith
theuser-providedthreshold,for a complex rangequery, or on which to orderobjects,for acomplex � -NN query.
We only requirethat, if LK�ML�(F8 � ���������*8ON0+ is a formulacomposedof predicates8 � �������*8PN , thentheoverall dis-
tancevalueof anobject ? with respectto L , denotedas DE(QLO��?�+ is computedby way of a correspondingscoring
function[5], #AR , takingasinput thedistancesof ? with respectto eachpredicate8ES of L , thatis:

DE(JL�(T8U���������G�*8 N +V��?�+W�X# R (JDE(T8Y����?�+V�������G��DE(T8 N �B?�+Z+ (1)

Although,in line of principle,any kind of scoringfunctionwould do the job, in this work we only consider
monotonicscoringfunctions,in thesenseof thefollowing definition.

Definition 1 (Monotonicity) We saythat a scoringfunction # R (*DE(F8Y�[��?�+V���������IDE(F8 N �B?�+Z+ is monotonicincreas-
ing (respectivelydecreasing)in thevariable D S if, givenanytwo \ -tuplesof distancevalues(*D]������������D S �������U��D N +
and (JD]�����������ID�^S �������U�ID N + with D SX_ D�^S , it is # R (*D����������U�ID S �������U�ID N + _ # R (*D����������U��D�^S �������G�ID N + (respectively
# R (JD]�[�������U�ID S �������U�ID N +6`a# R (JD]�[�������U�ID�^S �������U�ID N + ). If a scoringfunction # R is monotonicincreasing(resp.de-
creasing)in all its variables,wesimplysaythat # R is monotonicincreasing(resp.decreasing). b



Such
c

propertyis surelyreasonablefrom a user’s point of view. It is alsothe casethat commonlyusedscoring
functionsaremonotonicin all theirarguments:For example,themin andmax functionsaremonotonicincreas-
ing. As anotherexample,weightedsums,with # R (*D����������U�ID N +6�ed NSIf �Ug S D S , where g S ’s arepositive weights,
and d NSIf �Yg Sh�Mi , aremonotonicincreasing[4].

Givena formula L whosescoringfunction #AR is monotonicin all its arguments,we considerrange queriesj0kmlAn0o R�p q (7
G+ , selectingall the objectswhoseoverall distance(computedby way of the scoringfunction #&R ) to
L is not higherthana specifiedthresholdr ( DE(JLO�B?�+ _ r ), and � -NN queriessAs R�p t (u
�+ , selectingthe � objects
having thelowest DE(JLO��?�+ distanceto L .

It shouldbenotedthatmetrictreesarealreadyableto efficiently processcomplex similarity querieswhenall
thepredicatesreferto a singlefeature( ���7vw�x� �zy"�@�����0�����z{ ) [4]. In this work we dealwith themoregeneral
caseof multi-featurequeries.

2.2 Principles

Ourapproachreconcilesthetwo requirementsof Section1 by providing asolutionwhichcanbeseenasa“multi-
dimensional”extensionof theM-tree[3], muchlike asspatialaccessmethodscanbeviewed,at someextent,as
generalizationsof theB 5 -treeto � -dimensionalvectorspaces.Thefollowing tablesummarizesthispoint.

no.of “coordinates”
1 many

Spacetype Vector B 5 -tree R-tree,X-tree, �����
Metric M-tree, ����� M � -tr ee

For metric indices,like the M-tree,we saythat they use1 “coordinate”sincethey canorganizeobjectsby
usingonly 1 distancefunction. Givena queryvalue :|S , a metricspacecanbeviewedasanhalf-line departing
from :|S , the so-calleddistancespace. All pointsof !hS aremappedto this line with a distancefrom the origin
which is equalto their distancefrom :BS . A simplerangequeryis equivalentto aninterval queryoversuchspace
(seeFigure1 (a)). If we considera complex formula L�(F8 � ���������*8ON0+ , with 8ES}.�� ��~ 9�:|S , each :BS inducesan
independentdistancespaceon !6� ~ , andwe obtainwhatcanbeconventionallycalleda multipledistancespace.2

Thus,a complex rangequeryis equivalentto a region queryover suchspace(seeFigure1 (b)). Therefore,just
asspatialaccessmethodsaregeneralizationsof the B 5 -tree,sincethey areableto organizemulti-dimensional
feature(scalar)spaces,theM � -treegeneralizestheM-treein thesensethatit cansupportmultipledistancespaces.
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Figure1: A simplerangequeryin a distancespace(a) anda complex rangequeryin a multiple distancespace
(b).

Fromtheabovetableit canbeseenthattheM � -tree:(1) candealwith themoregeneralcaseof metricspaces,
and(2) canindex objectsby usingmanydistancefunctionsat thetime. Theseareindeedthekey ingredientsto
satisfybothrequirementsexpressedin Section1.

Justasthe M-tree, the M � -treeis a balancedanddynamictreewhosefixed-sizenodesaremappedto disk
pagesandwhereindexedfeaturevaluesarestoredin the leaf nodes.To highlight the main differencebetween
M-treeandM � -tree,it is usefulto show how regionsassociatedwith eachnodeof thesestructuresaredefined:

� Eachnode � of theM-treecorrespondto a region of theindexedmetricspace(7!���#&+ . Theregionof node
� is �"���Y(J��+����]��<�!�� #O(u�O�Z�P� ���u+ _ r&� ���,� , where ��� ��� is the routing valueof node � and r&� ��� is its
covering radius. All the objectsin the sub-treerootedat � are thenguaranteedto belongto �"���Y(J��+ ,
thustheir distancefrom ��� ��� doesnot exceedr-� ��� (theregion is equivalentto the interval � ���Zr&� �W�z� of the
distancespaceinducedby ��� ��� ).

2It shouldbenotedthateachcoordinatein suchspacecorrespondsto asingle(possiblymulti-dimensional)featurespace.



� For an M � -treebuilt over a setof ' ( '�`�i ) features�����]� � �������G�I� � � , with correspondingmetric
spaces(7!6�I�I#&�Q+ ( � �Mi-�������U�Z' ), theregionassociatedto node� is now definedas:

�"���U(*�K+��M�&(*�-���������G�Z�[�"+�<>!��h�}������!6�=� #&�I(*�[�Z�I� � ���� + _ r � �W�� �Z���Mi-�������Y�Z'K�
where � � ���� is the routing valuefor the � -th featureand r � ���� is the correspondingcovering radius. Thus,

�����U(*��+ consistsof the hyper-rectangle� �0�Ir � ���� � �¡����� �;� ���Zr � �W�� � in the ' -dimensionaldistancespace
inducedby theroutingvalues.

2.3 Format of M 	 -tr eeEntries

Eachentry � in an M � -treenodeconsistsof a setof ' values � � <x! � for eachconsideredfeature � � . For
entriesin a leaf node,suchvaluescorrespondto the featuresextractedfrom eachindexedobject,whereas,for
internalnodes,suchvaluesareobtainedby way of a specificpromotionalgorithm(for spacereason,we do not
give detailshereof M � -treemaintenancealgorithms).Entriesof internalnodesalsoincludea setof ' covering
radii r � ���� anda pointer ¢E£ j (*¤�(*��+Z+ , referencingthe root � of a sub-tree¤�(J��+ , whereasentriesin leaf nodes
includeanidentifier ¥P¦�§�(J��+ , which is usedto provideaccessto thewholeobject,which mayresidein a separate
datafile. The semanticsof thecovering radii is similar to thatof M-tree: All the objectsstoredin the sub-tree
pointedby ¢E£ j (u¤�(*��+Z+ are within distancer � ���� , consideringthe metric # � , from � � ���� , i.e. ¨U?©<@¤�(J��+|�C¨Y���
im�������U�Z'}�I#&�Z(u� � ���� �B?=� � �,+ _ r � �/ª«�� . As for M-tree,thedistancesbetweenentry featurevaluesandparentrouting

values# � (*� � �I� � ���� + arestoredwithin eachentryin orderto prunesub-treesduringthesearchphase.

Example1 We haveto index a collectionof images,which havebeenmanuallyannotatedby different human
operators,whoassigneda setof keywordsto each of them.Wealsowouldlike to search thecollectionfor images
havingsimilar color distributions. To this end,a color descriptoris extractedfrom each image by using the
techniquedescribedin [8], resultingin a 9-dimensionalvector(seeFigure 2). Distancebetweenimagesfor the
descriptionfeature is assessedas thenumberof commonkeywordsdividedby the total numberof keywordsfor

the images, i.e. #E��(*�[�«v[�Z� S vV+2�¬i�­¯®,°�± v�² ° ~ v ®®,°�± v�³ ° ~ v ® , whereasdistancebetweencolor descriptors is computedas the

Euclideandistancebetweenassociatedvectors, i.e. # � (*� � ym�Z�]S,y�+´�
µ
d;¶· f � � � � ym� ¸0�P­}�]S,ym� ¸0�C� �

image name keywords colordistributionvector

tiger.bmp nature,animals,mammals,feline, tiger ( �|¹ º�» , � ¹ »I¼|� , � ¹ ½B¼I» , �B¹ ¶ º , � ¹ ½ � º , � ¹ ¾|��¼ , � ¹ ¶ ¾Iº , � ¹ �Z»�» , � ¹ � ¶ � » )

lion.jpg nature,animals,mammals,feline, lion ( �|¹ » � , � ¹ »I¼ � , � ¹ º � ¶ , �B¹ ¿ � , � ¹ ½�¼ � , � ¹ º�ºI¿ , À � ¹ � º , À � ¹ ¿I¼�¿ , À �B¹ »I½ )

tiger cat.jpg animals,domestic,feline,cat ( � ¹ º�¾Z½ , � ¹ » � ¾ , � ¹ ºI» � , � ¹ ¶ ��� , � ¹ ½ � ¶ , � ¹ º�¾Iº , �B¹ ¾�¼ , � ¹ ¿I½�¾ , �B¹ ½V� )

tiger shrimp.jpg nature,animals,crustacean,tiger, shrimp ( »�¹ � » , � ¹ � � ½ , � ¹ ¼�¾I» , »V¹ ½ � , � ¹ ��¼ ¶ , � ¹ ¼�¼Z½ , À �|¹ � ½ , � ¹ ���I� , À � ¹ � ¼ � )
Figure2: Four imageswith their descriptionandthecorrespondingcolordistributionvectors.

Supposethat theimagesof Figure2 areinsertedin anM � -treenode:Thetwochosenroutingvaluescouldbe,
for example, � � ���� �@( nature, animals,feline, tiger+ and � � ���� �@(Zim�TÁ�Â , �0� �[Ã Á , �0� Â Ã-Ã , i-� Ã-Ä , �0� Å&ÁEi , ���ÆÁ[Å[Ç , ­È�0� � Ç-Å ,
�0� �&Á Ä Â , ­È�0� � �mÃ Å&+ . Thecorrespondingstructure of leaf node � is depictedin Figure 3. Therepresentativeof
node � in theparentnode ÉÊ(J��+ is shownin Figure 4, alongwith a graphicalrepresentationof �"���Y(J��+ in the
multipledistancespaceinducedby ��� ��� . b

2.4 Solving complexquerieswith M 	 -tr ee

In this Sectionwe show how complex queriescanbe resolved by the M � -treeaccessstructure. Supposethat
we want to solve the query j0k[lEn0o R�p q (7
G+ : In orderto seewhethera node � of the M � -treehasto be accessed,



ËzÌÆÍ7ÎTÏQÐ Ñ0Ò Ó v Ñ�Ò Ó y ÔZv ÎFÑ�Ò Ó v|ÕuÖB× ØOÙv Ð Ô�y ÎTÑ�Ò Ó y�ÕuÖB× ØOÙy Ð
� � tiger.bmp nature,animals,mammals,feline, tiger Î v Ò ÚJÛ Õ*Ü Ò ÛJÝ v Õ*Ü Ò ÞQÝQÛ Õ v Ò ß,Ú Õ*Ü Ò Þ Ü Ú Õ*Ü Ò à v Ý Õ*Ü Ò ßQàQÚ Õ*Ü Ò v ÛQÛ ÕJÜ Ò Ü ß Ü ÛQÐ Ü Ò y v Ò y à
� � lion.jpg nature,animals,mammals,feline, lion Î v Ò Û y Õ*Ü Ò ÛJÝ Ü�Õ*Ü Ò Ú y ß Õ v Ò á Ü�Õ*Ü Ò ÞQÝ ÜZÕ*Ü Ò ÚQÚ*á ÕCâ y Ò y Ú ÕCâmÜ Ò áJÝQá ÕCâ v Ò ÛJÞ,Ð Ü Ò y y Ò á Ü
��» tiger cat.jpg animals,domestic,feline,cat Î Ü Ò ÚJà*Þ Õ*Ü Ò Û y à ÕJÜ Ò Ú*Û Õ*Ü Ò ß yJy Õ*Ü Ò Þ Ü ß Õ*Ü Ò Ú*à,Ú Õ v Ò àJÝ Õ*Ü Ò áJÞ,à Õ v Ò Þ v Ð Ü Ò áQáQÚ y Ò Ý Ü
�]½ tiger shrimp.jpg animals,crustacean,tiger, shrimp ÎTÛ�Ò y Û Õ*Ü Ò v Ü Þ Õ*Ü Ò ÝJàQÛ Õ Û�Ò Þ y Õ*Ü Ò v ÝQß Õ*Ü Ò ÝQÝ*Þ ÕCâ v Ò y Þ Õ*Ü Ò yJyCv ÕCâmÜ Ò y Ý y Ð Ü Ò à y Ò ÛJÛ

Figure3: Thestructureof anM � -treenode� .
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Figure4: Theroutingobjectfor node� (a)anda graphicalrepresentationof �"���U(*�K+ (b).

we computea lower boundon the distancebetweenany object reachablefrom � andthe complex queryfor-
mula L , that is, betweenL andtheregion associatedto � , DVè�é ê0(JLO���"���U(*�K+Z+ , just aswe would do for a simple
querywith an M-tree. To computesuchboundwe computea lower boundfor eachpredicate8 S .U��� ~ 9ë: S in
L , andcombinesuchboundsby way of the scoringfunction # R . Therefore,DVè�é ê0(QLO�I�"���Y(J��+Z+ is computedas
#AR�(JD è�é ê (T8 � �������U(*��+I+|�������U��D è�é ê (T8ONY�I�"���Y(J��+Z+I+ . Sincethescoringfunction #AR is monotonicincreasingin all its
arguments,no objectreachablefrom � couldleadto a valueof D lower than D è�é ê (JLO���"���U(*�K+Z+ .

Boundson individual predicatescanbeeasilycomputedby taking into accountinformationabout � stored
in its parent,i.e. theroutingvalues� � ���� andthecoveringradii r � ���� :3

D�è�é ê0(F8 S �������U(*��+I+´�íì2îzï��]DE(F8 S �Z� � ���� ~ +�­}r � �W�� ~ �I�0�h�¡ì2îzïU�]#&� ~ (J: S �I� � ���� ~ +�­Kr � ���� ~ ���E�
Only nodes� for which DVè�é ê�(JLO���"���U(*�K+Z+ _ r areaccessedduringthesearch.Whentheleaf level is reached,we
caneasilycomputetheoveralldistanceDVè�é ê�(QLO��?�+ for eachobject ? in theleafnodeusingEquation1. It should
benotedthataboveconsiderationcanbealsousedfor complex � -NN queries,by substitutingthethresholdvalue
r with the � -th lowestoveralldistanceencounteredsofar.

3 Experimental Results

Existingapproaches,like thoseproposedin [5, 2, 6], solve complex rangequeriesby separatelyindexing each
feature,e.g.with an M-tree,andby independentlyaccessingthe indicesto solve a correspondingsimplerange
query;finally, resultsof all queriesarecombined.In thecaseof Figure5 (a),the ð � index wouldretrieveobjects
? � , ? » , ? ¾ , and ? ¿ , whereasindex ð � would retrieve objects ? � , ? � , and ? ¾ ; then,objects ? � and ? ¾ are
correctlyreturnedasresults.TheM � -treeapproach,on theotherhand,combinesinformationfrom all themetric
spaces,suchthat, in orderto solve a complex rangequery, only thosenodeswhoseregion overlapsthe query
region areaccessedduring the search(seeFigure 5 (b)) andno work is wastedto accessobjectsthat do not
satisfythequery(likeobjects?�� , ?h» , and ?h¿ in Figure5 (a)).

To show the efficiency of theM � -tree,we comparedits performancefor complex � -NN queriesover a real
data-setcomposedof over15,000imageswith respectto thoseof the � � algorithm[5] andof asimplesequential
scan.Featuresusedto assessobjectsimilarity were(1) a string representingthe imagename(comparedusing
the ñ�ò�óB��ô distance,i.e. the minimum numberof charactersto be inserted,deletedor substitutedto transforma
string into another)anda 32-binshistogramrepresentingcolor informationfor the image(comparedusingthe
Euclideandistance).Webuilt anM � -treeoverthe2 featuresand2 M-treesovereachsinglefeature,andexecuted
several � -NN conjunctivequeries( #AR=�HìÊõ�öO�]D � ��D � � ) by varyingthevalueof � . Figures6 (a) and(b) show the
averagecomputeddistancesandtheaveragepagereadsfor eachqueryasafunctionof � . Fromthegraphs,wesee
that theM � -treeis indeedmoreefficient thanthe ��� algorithm,for bothCPUandI/O costs.Moreover, we also
seethat, for high valuesof � , performanceof the ��� algorithmrapidly decreasesbeyondthatof thesequential
scan,whereasM � -treecostsarealwaysthelowest.

3If the ÷�ø functionis monotonicdecreasingin its ù -th argument,wecomputeaupperboundúZûUü,ý�þ ÿ��������	�[þ�

����� ÷�� ~ þ���������� ���� ~ ������� � �� ~
anduseit in placeof ú û"! # þ ÿ$�%�����	�[þ�

��� .
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Figure5: Solvinga complex rangequery( # R �;D��'& D � ) with 2 M-trees(a)andwith anM � -tree(b).
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Figure6: AverageCPU(a)andI/O (b) costsfor solvinga complex � -NN conjunctivequery.

4 Conclusions

In thispaperwehavepresentedbasicprinciplesof M � -tree,abalancedsearchtreedesignedfor indexing multiple
metricspaces.Wehaveshownhow theM � -treecanbeusedtoperformcomplex similarity searchovermultimedia
objectsrepresentedby multiple features.Structureof M � -treenodesandthesketchof searchingalgorithmshave
beenillustrated.Finally, wehavedemonstratedtheefficiency of theproposedstructureoverotherstate-of-the-art
approachesthroughsomepreliminaryexperiments.

Currentandfuturework includesthecompletespecificationof index maintenancealgorithms(choosingthe
nodein which a new objectshouldbe inserted,splitting a node,choosingthe routingvalues,etc.),aswell asa
wider querymodel,to includeotherqueriesthat canbe efficiently solvedby the M � -tree(e.g.intersectionand
compositionof complex queries).Thoroughexperimentationwith differentrealdata-setsis alsoplanned.
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