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Abstra
tThe List of 
luster LC is an e�e
tive te
hnique to index high dimension metri
 spa
es. LCis an array-type stru
ture for similarity sear
h based on 
lustering. Sparse Spatial Sele
tionSSS is a new stru
ture based on pivots for similarity sear
h in metri
 spa
es. This array-typestru
ture has shown good performan
e during the sear
h as 
ompared to other methods.This work shows di�erent 
onstru
tion strategies on LC ; for instan
e, the use of SSS asa general sele
tion method of pivots or 
enters, among others. The arti
le also shows theadvantages of the use of other te
hniques like keeping the distan
e between the obje
ts and the
luster 
enter, apart from revising the e�e
ts of re
ursive appli
ation of su
h methods. Finally,the in�uen
e of the use of Voronoi partitions for the distribution of the obje
ts within thestru
ture will be shown.Preliminary experimental results show that the new versions of LC have a better performan
ein terms of distan
e evaluation than the original data stru
ture and other renowned stru
tures.Keywords: Databases, Data stru
tures, Algorithms, Metri
 Spa
es, Similarity Sear
h.1. Introdu
tionThe sear
h of similar obje
ts in a large array of stored obje
ts in a metri
 database has be
ome amost interesting problem. For example, one typi
al query for these appli
ations is the range sear
hwhi
h 
onsists of obtaining all the obje
ts that are at a de�nite distan
e from the 
onsulted obje
t.From this operation, another 
an be built, nearest neighbor for example. The appli
ation of thesete
hniques 
an be used in voi
e and image re
ognition, data mining, plagiarism and many others.Similarity is modeled in many interesting 
ases through metri
 spa
e and the sear
h of similar obje
tsthrough range sear
h or nearest neighbor. A metri
 spa
e is a set X with a distan
e fun
tion d :
X

2 → R, so that ∀x, y, z ∈ X; then there must be properties of positiviness (d(x, y) ≥ 0andd(x, y) =
0 ssi x = y) symmetry (d(x, y) = d(y, x)) and triangular inequality (d(x, y) + d(y, z) ≥ (d(x, z)).In a metri
 spa
e (X,d), a �nite data set Y ⊆ X, a series of queries 
an be made. The basi
 queryis the range query, a query being x ∈ X and a range r ∈ R. The range query around x with ranger is the set of points y ∈ Y, as d(x, y) ≤ r. A se
ond type of query that 
an be built using therange query is k nearest neighbor, the query being x ∈ X and point k. Neighbors k nearest to x are



a subset A of obje
ts Y, if |A| = k and an obje
t y ∈ A does not exist so that d(y,x) is shorter thanthe distan
e of any obje
t from A to x.The obje
tive of sear
h algorithms is to minimize the quantity of distan
e evaluation made to solvethe query. Sear
hing methods for metri
 spa
es are mainly based on dividing the spa
e using thedistan
e to one or more sele
ted obje
ts. As they do not work with the parti
ular 
hara
teristi
s ofevery appli
ation, algorithms be
ome more general to work with any type of obje
ts [5℄.There exist di�erent stru
tures to sear
h in metri
 spa
es, whi
h 
an o

upy dis
reet or 
ontinuousdistan
e fun
tions, namely: GNAT [1℄, MTree [6℄, sSAT [8℄, Slim-Tree [10℄, EGNAT [11℄, amongothers.Some sear
h stru
tures are fo
used on pivots and others on 
lustering. In the �rst 
ase, data setpivots are sele
ted and the distan
es are pre
al
ulated between the elements and the pivots. Whena query is made, the query distan
e to the pivots is 
al
ulated and the triangular inequality is usedto dis
ard the 
andidates.Clustering-based algorithms divide the spa
e in areas, where every area has a 
enter. Some informa-tion is stored in the area to dis
ard all the area by 
omparing the query with its 
enter. Clusteringalgorithms are the best for large spa
es, whi
h is the biggest problem in pra
ti
e.There exist two 
riteria to de�ne the areas in 
lustering-based stru
tures: hyper planes and 
overingradius. The former divides the spa
e in Voronoi partitions and determines the hyper plane the querybelongs to a

ording to the 
orresponding 
enter. The 
overing radius 
riterion divides the spa
ein spheres that 
an be interse
ted and one query 
an belong to one or more spheres.The Voronoi diagram is de�ned as the plane subdivision in n areas, one per ea
h 
enter ci of the set
{c1, c2, . . . , cn} (
enters) so that q ∈ ci area, if and only if the Eu
lidian distan
e d(q, ci) < d(q, cj)for every cj , with j 6= i.One of the fa
tors that lead to a mistake in the query is the unfortunate 
hoi
e of 
enters andpivots. In this respe
t, this work proposes the use of a new method 
alled Sparse Spatial Sele
tion(SSS ) [9℄, as a general method, the sele
tion of the stru
ture 
alled List of Clusters [4℄, whi
h is anarray-type 
lustering-stru
ture and the use of 
overing radius sets of obje
ts during the sear
h.For the experiments in this arti
le, an area 
onsisting of a Spanish di
tionary of 86,061 entries withedition distan
e obje
ts was sele
ted . The se
ond was an area of 100,000 real 
oordinate ve
torsof dimension 10 with Gaus distribution with mean 1 and varian
e 0.1, the Eu
lidean distan
e wasused for this spa
e . The third spa
e is a 
olle
tion of 40,700 images from image �les and videosfrom NASA represented as ve
tors of dimension 20.The sear
h stru
ture was established with 90%of the data and reserving 10% for queries.2. List of ClustersList of Clusters [4℄ is a stru
ture based on 
lustering or 
ompa
ted partitions, whi
h is verysimilar to a linked list, designed for a good performan
e in large spa
es. Center 
 is sele
ted in theList of Clusters pertaining to database Y and a radius r whi
h determines the fra
tion of spa
e that
overs the sphere (c, r) de�ned by the subset of elements Y, whi
h are at a distan
e not longer thanr from 
enter 
. Then, all the elements within sphere 
enter 
 are denominated I (this is also 
alledBu
ket Y ), and E to all elements external to sphere 
enter 
. This pro
ess is repeated re
ursively.As a result, a list it provider 
ontaining a 
enter, a radius and a bu
ket, whi
h is 
alled 
luster. (See�gure 1(a)) When 
ompared other 
lustering algorithms, the List of Clusters only uses the 
overingradius 
riterion and instead of like the Voronoi-Tree. It is also possible to see the List of Clusters asa parti
ular 
ase of Voronoi-Tree or an (M-tree), 
onsidering I and E as right and left subtrees of2



root 
. The di�eren
e lies in the fa
t that the above mentioned stru
tures, try to build a balan
edtree with internal stru
tures, and the List of Clusters,on the 
ontrary, is extremely unbalan
ed anddoes not possess any internal stru
tures. The stru
ture of the data is not symmetri
. The �rst
hosen 
enter has preferen
e over the subsequent 
enters whi
h 
ause overlapping with the other
lusters. Look at �gure 1(b). All the elements in the 
luster of the �rst 
enter (
) in �gure 1(b) arekept in bu
ket I. Nevertheless, they 
an also remain within bu
ket I of subsequent 
enters (
2, 
3,et
. �gure 1).
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(b) General distribution in spa
eFigure 1: Spa
e 
onstru
tion and distribution of the List of Clusters.The algorithm for the sear
h is shown in �gure 2(a), applied to any query q and a sear
h radius rover the list of 
luster L.An essential 
hara
teristi
 absent in other 
lustering algorithms, in whi
h the sear
h needs to enterall the 
lusters that are interse
ted by the query sphere. In this stru
ture, the sear
h in the remaining
lusters 
an be 
an
elled as long as the query sphere is 
ompletely 
ontained in a 
luster. Figure2(b), shows three types of queries in a 
luster. In q1, the 
urrent bu
ket and the rest of the 
lustersmust be 
onsidered. The query ball for q2 is 
ompletely 
ontained in the 
luster, and thus thesear
h is done only in that bu
ket. For q3, the sear
h is avoided in the 
urrent bu
ket.As a general 
hara
teristi
 of this stru
ture, the sele
tion of the 
enters and radius in every pointof 
onstru
tion algorithms is not spe
i�ed , as it is related to e�
ien
y and not to a

ura
y of thedata stru
ture. A good sele
tion of 
enters may be 
ostly and an adequate sele
tion of radius mustbe made for every 
enter of the 
luster.2.1. Pivot and 
enter sele
tionParti
ularly, 
enter and pivot ele
tion a

ording to the stru
ture is relevant to obtain a betterperforman
e during the sear
h, whi
h is empiri
ally proven in [2℄. Di�erent strategies have beensuggested as adequate for the ele
tion of pivots. In [1℄, heuristi
s are followed to sele
t the pivotsthat are away from ea
h other. In [2℄, a 
riterion of 
omparison of the e�
ien
y between the twosets of pivots is presented. It also provides several set sele
tion strategies where the 
riterion ofprior e�
ien
y is used presented as well.2.2. Sparse Spatial Sele
tion (SSS)This method is a new te
hnique proposed for the sele
tion of pivots [9℄, that was originally imple-mented in an array type stru
ture and uses the triangular inequality to dis
riminate obje
ts in the3



Search(L,q,r)
     if L is empty then

     if d(c,q) <= r then

     Let L=(c,rc,I) : E

     if d(c,q) <= rc + r then

     if d(c,q) > rc − r then

     Compute d(c,q)

            return

            add c to the results

            search I exhaustively

            Search(E,q,r)(a) Sear
h Algorithm rq
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rqq1
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(b) Three queriesFigure 2: Sear
h in the List of Clusters.
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Figure 3: Reprodu
tion of sele
ted pivots. M is de�ned as the distan
e between obje
t 1 andobje
t 2, whi
h are the farthest in the spa
e.sear
h. The method performed like those proposed in [2℄ or better in terms of e�
ien
y, with theadditional advantage that it 
hooses a dynami
 set of pivots well distributed in the spa
e.Let (X, d) be a metri
 spa
e, Y ⊂ X a 
olle
tion of obje
ts and M the distan
e between the twofarthest obje
ts. At the beginning, the set of pivots is made up of the �rst obje
t of the 
olle
tion.Then, every element of the 
olle
tion is veri�ed be at as equal or longer distan
e to M ∗α from thesele
ted pivots. If this is so, set of pivots is added; being a 
onstant whose value is 
lose to 0.4[9℄.Figure 3 shows the attainment of pivots in any spa
e.The 
onstru
tion is similar to stru
ture FQA[3℄ and others of the same array, but they di�er in theway of 
hoosing and sear
hing.Basi
ally, there is an array where the quantity of rows is the total quantity of obje
ts in the databaseand the quantity of 
olumns is the number of pivots. For this work, SSS is basi
ally 
onsidereda well distributed sele
ted obje
t sele
tion method in spa
e as it 
an be applied to any stru
ture,regardless of the type and the 
riteria to limit the areas. It is also possible to build a stru
tureSSS -based, that is to say, a stru
ture that 
an be 
ompletely adjusted to the metri
 spa
e in whi
hit is implemented.3. List of Clusters and Sparse Spatial Sele
tionDuring the 
onstru
tion, the List of Clusters initially sele
t a 
enter and a radius. Thus, it be
omesnatural to 
hoose M ∗ α as radius and every 
enter using the SSS algorithm. In other words,the 
enters are 
hosen if they are lo
ated at a distan
e M ∗ α from all the prior 
enters. SSS
an be used for �xed radius, as well as for �xed size. However, preliminary tests determined abetter performan
e in List of Clusters with a �xed radius. The 
al
ulation of M is done in all the4



obje
ts of the database. This pro
ess is 
ostly. Nevertheless, it is o� line and is not 
onsidered asa 
onstru
tion 
ost in this work.Experimentally, it was observed that the di�eren
e was minimal for the List of Clusters with �xedradius with 
enter sele
tion at random against the alternative of 
enters using SSS and radius M ∗αin the word spa
e. It is all due to the fa
t that the fun
tion of distan
e is dis
reet, and thus thebest radius is 
losely similar to the best α. In ve
tors, there is an improvement when sear
h rangesare in this experiment. The best radius is the one that re
over 0.1% of all the data. For both, thebest values for �xed radius and for α were used.3.1. Re
ursive List of ClustersIn those des
ribed above, no improvement is a
hived in the stru
ture performan
e. This o

ursbe
ause the best methods were sele
ted for both experiments. The best �xed radius and α wereobtained experimentally.Considering that the spa
e is divided on
e in N parts, it is possible to apply this division in thegenerated subspa
es; that is to say, every 
luster of the stru
ture 
an be a List of Clusters atthe same time. Then, a se
ond alternative of 
onstru
tion is to apply re
ursively the pro
ess of
onstru
tion in every 
luster formed in the original stru
ture. The SSS method is used for the
onstru
tion of this stru
ture.Finally, a tree stru
ture is obtained where the spa
iously disperse 
enters are sele
ted using a radiusof M ∗ α.Every 
luster of the original stru
ture represents a subspa
e whose 
hara
teristi
s di�er from theoriginal. In fa
t, the sizes of su
h spa
e are mu
h smaller. If this tree is built using the original
M , it 
ould be disadvantageous due to the fa
t that the spa
e would be over dimensioned, 
ausinga low performan
e in the methods e�
ien
y. Now, it is possible to 
al
ulate M again for the newsubspa
e, but this would imply an elevated 
ost during the 
onstru
tion. However, it is possible touse the same 
overing radius of subspa
e to 
al
ulate an approximate M without paying additional
osts.The 
overing radius is the distan
e from the 
enter to its farthest element therefore, M would bealways smaller than or the same as 2 ∗ rc (twi
e the 
overing radius or diameter of 
luster). This
ould be used every time the pro
ess of 
onstru
tion is done re
ursively.The re
ursive use of SSS in every 
luster, modifying value M , for
es the stru
ture to adapt tothe new form of spa
e. This implies that the quantity of 
enters in every node of the tree will bedynami
, that is to say, the nodes will not usually have the same quantity of obje
ts.Finally, the pro
ess �nishes when the 
luster has su�
ient data for a quota, for example a diskpage.Similar works to lists of re
ursive 
lusters have been 
arried out [7℄, where one of the proposedsele
tion methods is to 
hoose the farthest away 
enter from the others.3.2. List of Clusters and other te
hniquesInitially, the appli
ation of 
enter sele
tion using SSS did not yield the expe
ted results. However,when 
ombining the re
ursive appli
ation of LC with SSS, the results improve the performan
e ofthe original version.In this respe
t, this work analyses experimentally the stru
ture of diverse renowned te
hniques1.1DF: Distan
e to Father, R: Re
ursive, VD: Voronoi Diagrams5



One of the added te
hniques was to keep the distan
e of an father obje
t (or 
luster 
enter) so thatthe data 
an be used during the sear
h. This te
hnique is applied in the SSS version (LC+SSS+DF)and with re
ursive SSS (LC+SSS+R+DF). Figure 4 shows the behavior of di�erent versions againstthe original version with SSS (LC+SSS). In all the experiments, a 
al
ulated α was used experi-mentally for every spa
e, using the one with the best performan
e in ea
h. The value used as αappears between bra
kets. Finally, the latest applied te
hnique was to modify the LC+SSS butdistributing the obje
ts in the 
lusters using Voronoi diagrams and keeping the distan
e to thefather (LC+SSS+VD+DF). The results presented in this arti
le are preliminary but promising.It is important to note that all versions improve the performan
e of the original List of Clusters.From the graphi
s, it 
an be inferred that the 
hoi
e of keeping the distan
e to the father resultsin a good idea, enhan
ing the results obtained in all spa
es. In general, the re
ursive versions arethe se
ond best 
hoi
e in all spa
es, ex
ept in the ve
tors of dimension 20. From the graphs, it issurprising that the version with data distribution using Voronoi diagrams outperforms all versionswith notable di�eren
es in the Gauss spa
e. It is 
onsidered that the advantage di�eren
e in favor
an be found in the spa
e distribution, whi
h is favored by this data distribution.
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(
) NASA images, ve
tors dimension 20Figure 4: Average sear
h 
osts for the di�erent versions of LC.3.3. List of Clusters and other stru
turesFigures 5(a) and 5(b) show the de
rease of distan
e evaluations of the new versions of LC againstdata stru
tures known as M-Tree, GNAT and EGNAT. In these �gures, the best three versions ofLC are shown. It 
an be noted that LC haas a better performan
e in the words spa
e. EGNAT isthe only 
ompetitive stru
ture in the spa
e with Gauss distribution. This stru
ture is similar to allother versions of LC and is only beaten by the version with Voronoi diagrams.6
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tors dimension 20Figure 5: Sear
hes, di�erent stru
tures against the di�erent LC versions.Figure 5(
) shows a 
omparative graph for the spa
e of dimension 20 between the three prior stru
-tures, and the three versions of LC. For this spa
e, di�eren
es are smaller, however LC outperformsEGNAT.4. Con
lusionsA good 
hoi
e of pivots or 
enters during the 
onstru
tion of metri
 stru
tures will be alwaysrelevant for query pro
esses. Considering that the best 
enters are dependent on spa
e, it is idealto boast me
hanisms that allow the re
olle
tion of best 
enters regardless of the form of spa
e. Inthis respe
t, the authors 
onsider that SSS obtains an adequate number of 
enters, whi
h is 
learlyproven throughout the paper.The main 
ontribution of this work is to develop di�erent versions of LC stru
tures, where all thenew proposals have a better performan
e than the original version. The new versions are all basedon 
lustering and use 
overing radius to dis
riminate during the sear
h.It is shown that the use of distan
e to father (
luster 
enter) diminishes distan
e evaluations, whi
h isa usual te
hnique based on pivots. It is worth mentioning that the re
ursive version of the stru
tureadjust itself to the form of spa
e if SSS is used. This is also possible due to the estimate of value
M during the 
onstru
tion, whi
h does not have any additional 
osts. It is also possible to a�rmthat preliminarily in 
ertain spa
es the use of Voronoi diagrams allows for a better distribution ofspa
e and thus enhan
es sear
h e�
ien
y. 7



The authors highly re
ommend that during the design stage of new stru
tures the following shouldbe 
onsidered: the e�e
ts that some te
hniques may have on adequate 
enter or pivot sele
tion, theuse of distan
e to the 
luster 
enter and the use of Voronoi partitions. The experimental resultsprovide a vision of the enormous advantages of the new versions of the List of Clusters against otherpromising stru
tures.A
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