Slim-trees: High Performance Metric Trees
Minimizing Overlap Between Nodes

Cagtano TrainaJr.!, AgmaTraingZ, Bernhard Seeger®, Christos Faloutsos

12 Department of Computer Science, University of So Paulo at Sdo Carlos - Brazil
3 Fachbereich Mathematik und Informatik, Universitét Marburg - Germany
* Department of Computer Science, Carnegie Mellon University - USA
[ Caetano]Agma)Seeger+|Christos@cs.cmu.edu]

Abstract. In this paper we present the Slim-tree, a dynamic tree for
organizing metric datasetsin pages of fixed size. The Slim-tree usesthe
“fat-factor” which provides a simple way to quantify the degree of
overlap between the nodes in a metric tree. It is well-known that the
degree of overlap directly affects the query performance of index
structures.  There are many suggestions to reduce overlap in multi-
dimensional index structures, but the Slim-tree is the first metric
structure explicitly designed to reduce the degree of overlap.

Moreover, we present new algorithms for inserting objects and
splitting nodes. The new insertion algorithm leads to a tree with high
storage utilization and improved query performance, whereas the new
split algorithm runs considerably faster than previous ones, generally
without sacrificing search performance. Results obtained from
experiments with real-world data sets show that the new algorithms of
the Slim-tree consistently lead to performance improvements. After
performing the Slim-down algorithm, we observed improvements up to
afactor of 35% for range queries.

1. Introduction

With the increasing availability of multimedia data wariousforms, advancedjuery
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processingechniquesirerequiredin futuredatabasenanagemergystemgDBMS) to
copewith large and complexdatabases. Of utmost importance is the design of new
accessnethodsvhich supportqueriedike similarity queriesn amultimediadatabase.
While therehasbeenalargenumberof proposaldor multidimensionabccessnethods
[1], almostall of themarenotapplicableto multimediadatabasesincetheyassumehat
databelongtoamultidimensionalectorspace. However, dataof multimediadatabases
often are not in vector spaces, baotmetric spaces.

In this paper we address the problem of designing efficient metric access methods
(MAM). An MAM should organize a large set of objects in a dynamic environment
assuming only the availability of a distance function d which satisfiesthethreerules of
a metric space (symmetry, non-negativity and triangle inequality). Consequently, an
MAM isnot permitted to employ primitive operations like addition, subtraction or any
type of geometric operation. While insertions of new records should be supported
efficiently, we are mainly interested in MAMSs supporting range queries and similarity
gueries (nearest neighbor queries). Efficiency of an MAM is determined by several
factors. Firgt, sincethe data set is generally too large to be kept in main memory, one
major factor for efficiency isthe number of disk accessesrequired for processing queries
and insertions. We assume here that an MAM organizes data in pages of fixed size on
disk and that disk accessrefersto read (write) one page from disk into main memory.
Second, the computational cost of the distance function can be very high such that the
number of distance cal culations hasamajor impact on efficiency. We expect, however,
that there is a strong relationship between the number of disk accesses and the number
of distance calculations. Third, storage utilization isanother important factor although
it has rarely been considered in this context previously. The reason we are concerned
about storage utilization is not because of the storage cost, but primarily because of the
number of disk accessesrequired to answer “large’” range queries. For those queries, the
number of accessesisonly low when the storage utilization issufficiently high. In other
words, an MAM can perform less efficiently than a ssmple sequential scan for such
Cases.

We present in this paper the Slim-tree, a new dynamic MAM.The Slim-tree shares
the basic data structure with other metric trees like the M-tree [2] where data is stored
in the leaves and an appropriate cluster hierarchy isbuilt on top. The Slim-tree differs
from previous MAMsin the following ways. First, a new split algorithm based on the
Minimal Spanning Tree (MST) is presented which performs faster than other split
algorithms without sacrificing search performance of the MAM. Second, a new
algorithm is presented to guide an insertion of an object at an internal node to an
appropriate subtree. In particular, our new algorithm leads to considerably higher
storage utilization. Third, and probably most important, the Slim-down agorithm is
presented to make the metric tree tighter and faster in a post-processing step. This
algorithm was derived from our findings that high overlap in a metric tree is largely
responsible for itsinefficiency. Unfortunately, the well-known techniques to measure
overlap of a pair of intersecting nodes (e.g. circlesin atwo-dimensional space) cannot
be used for metric data. Instead, we present the “fat-factor” and the “bloat-factor” to
measure the degree of overlap where a value close to zero indicates low overlap. We
show that the Slim-down algorithm reduces the bloat-factor and hence, improves the



query performance of the metric tree.

Theremainder of the paper isstructured asfollows. In the next section, wefirst give
abrief history of MAMSs, including a concise description of the datasets we used in our
experiments. Section 3introducesthe Slim-tree, and Section 4 presentsits new splitting
algorithm based on minimal spanning trees. Section 5 introduces the fat-factor and the
bloat-factor. The Slim-down algorithm is described in Section 6, while Section 7 gives
a performance evaluation of the Slim-tree. Section 8 presents the conclusion of this

paper.

2. Survey

The design of efficient access methods has interested researchers for more than three
decades. However, most of these access methods require that data be ordered in a one-
or multi-dimensional vector space.

The problem of supporting nearest neighbor and range queriesin metric spaces has
recently attracted the attention of researchers. The work of Burkhard and Keller [3]
provided different interesting techniquesfor partitioning ametric datasetin arecursive
fashion where the recursive process is materialized as a tree.  The metric tree of
Uhlmann [4] and the vantage-point tree (vp-tree) of Y anilos[5] are somehow similar to
a technique of [3] as they partition the elements into two groups according to a
representative, called avantage point. In [5] the vp-tree has also been generalized to a
multi-way tree. In order to reduce the number of distance calculations, Baeza-Y ates et
al [6] suggested to usethe same vantage point in all nodesthat belong to the samelevel.
Then, abinary tree degeneratesinto asimplelist of vantage points. Another method of
Uhlmann [4] is the generalized hyper-plane tree (gh-tree). The gh-tree partitions the
data set into two by picking two points as representatives and assigning the remaining
to the closest representative. Bozkaya and Ozsoyoglu [7] proposed an extension of the
vp-tree called multi-vantage-point tree (mvp-tree) which chooses in a clever way m
vantage points for a node which has a fanout of n?. The Geometric Near Access Tree
(GNAT) of Brin[8] can beviewed asarefinement of another techniquepresentedin [3].

All methods presented above are static, in the sense that the data structure is built
once and new insertions are not supported. The M-tree [2] of Ciaccia, Patella and
Zezullaovercomesthisdeficiency. The M-treeisaheight-balanced tree wherethe data
elements are stored in the leaves, and the M-tree supports insertions similar to R-trees

9.

3. TheSlim-Tree: An Improved Performance Metric Tree

The Slim-tree is a balanced and dynamic tree that grows bottom-up from the leaves to
theroot. Like other metric trees, the objects of the dataset are grouped into fixed size
disk pages, each page corresponding to atreenode. The objectsarestoredin theleaves.
The main intent is to organize the objects in a hierarchical structure using a
representative as the center of each minimum bounding region which coversthe objects
in a sub-tree. The Slim-tree has two kinds of nodes, data nodes (or leaves) and index



nodes. Asthe size of a page is fixed, each type of node holds a predefined maximum
number of objectsC. For simplicity, we assumethat the capacity C of theleavesisequal
to the capacity of the index nodes.

Analogous to other metric trees, the distance to a representative can be used in
combination with the triangle inequality to prune an entry without any extra distance
calculation. Theregionsthat correspondsto each nodeof the Slim-tree can overlap each
other. Theincreasing of overlapsal so enlargesthe number of pathsto be traversed when
a query isissued, so it also increases the number of distance calculations to answer
queries. The Slim-treewas devel oped toreducethe overlapping between regionsin each
leve.

3.1- Building the Slim-tree

Theobjectsareinserted in aSlim-treein thefollowing way. Starting fromtheroot node,
the algorithm tries to locate a node that can cover the new object. If none qualifies,
select the node whose center is nearest to the new object. If more than one node
qualifies, execute the ChooseSubtree algorithm to select one of them. This processis
recursively applied for all levels of thetree. When a node m overflows, a new node m’
isallocated at the same level and the objectsare distributed among the nodes. When the
root node splits, a new root is allocated and the tree grows one level.

The Slim-tree hasthree optionsfor the ChooseSubtree algorithm: random (randomly
choose one of the qualifying nodes), mindist (choose the node that has the minimum
distance from the new object and the center of the node), minoccup (choose the node that
has the minimum occupancy among the qualifying ones).

The splitting algorithms for the Slim-tree are:

Random - The two new center objects are randomly selected, and the existing
objects are distributed among them. Each object is stored in a new node that
hasits center nearest this object, with respect to a minimum utilization of each
node.

minMax - All possible pairs of objects are considered as potential representatives.
For each pair, a linear algorithm assigns the objects to one of the
representatives. The pair which minimizesthe covering radiusis chosen. The
complexity of the algorithm is &(C?), using &(C?) distance calculations. This
algorithm has already been used for the M-tree, and it was found to be the most
promising splitting algorithm regarding query performance [10].

MST - Theminimal spanning tree[11] of the objectsis generated, and one of the
longest arcs of thetreeis dropped. This algorithm is one of the contributions of
this paper, and it is presented next. Thisalgorithm produces Slim-treesalmost
as good as the minMax algorithm, in afraction of the time.

4. The Splitting Algorithm Based on Minimal Spanning Tree

In this section we address the following problem. Given a set of C objectsin a node to
be split, quickly divide them in two groups, so that the resulting Slim-tree leadsto low



search times. We proposean algorithm based on theminimal spanning tree[11], which
has been successful used in clustering. We consider the full graph consisting of C
objects and C(C-1) edges, where the weight of the edges refers to the distance between
the connecting objects. Therefore, we proceed with to the next steps.

1. Build the MST on the C abjects.

2. Delete the longest edge.

3. Report the connected components as two groups.

4. Choosethe representative of each group, i.e., the object whose maximum distance

to all other objects of the group is the shortest.

Unfortunately, this
algorithm does not
guarantee that each group
will receive a minimum
percentage of objects. To
obtain more even
distribution, wechoosefrom e e ot MST buil sing he
among the longest arcs the hjucts ofhis nod
most appropriate one. If
none exists (as in a sar-
shaped set), we accept the uneven split and removethelargest edge. The execution time
of this algorithm is O(C21og((C)) on the number of node objects.

Figure 1illustrates our approach applied to a vector space. After building the MST,
the edge between objects A and E will be deleted, and one node will keep the objects A,
B, C, D, having B as the representative. The other node will have the objects E, F, G
and H, having F as the representative.

b) <)
Edge to be
removed

x

Nodes after splitting

Fig. 1. Exemplifying a node split using the MST algorithm.

5. Overlap Optimization

In this section we present the theoretical underpinnings behind the Slim-down
algorithm. The Slim-down algorithm is an easy-to-use approach to reduce overlapsin
an existing Slim-tree. Before presenting the algorithm, we have to define the meaning
of overlapin ametric space. It should benoted that the notion of overlap in vector space
cannot be applied to a metric space [12].

A typical assumption when someoneisestimating the number of distance cal culations
or disk accesses from atree, isthat thetreeis ‘good’ [13][14]. That is, the nodes are
tight and the overlapsover thenodesareminimal. Thepresent work directly tacklesthis
subject. That is, the major motivation behind this work was to solve the following
problem: “ Given N objects organized in a metric tree, how can we express its
‘goodness /' fitness', with a single number ?”

We also show that our approach to measuring overlap in ametric space leadsto the
fat-factor and to the bloat-factor. Both of these factors are suitable to measure the
goodness of the Slim-treeand other metrictrees. After discussing the propertiesof these
factors, we will present the Slim-down algorithm.



5.1. Computing Overlap in a Metric Access M ethod

Let usconsider twoindex entries stored in anode of the Slim-tree. In vector spaces, the
overlap of two entries refers to the amount of the common space which is covered by
both of the bounding regions. When the dataisin a vector space, we ssmply compute
the overlap asthevolume of theintersection. Sincethenotion of volumeisnot available
in ametric space we pursue a different approach. Instead of measuring the amount of
space, we suggest counting the number of objectsin the corresponding sub-trees which
are covered by both regions.

Definition 1- Let 11 and 12 betwo index entries. Theoverlap of 11 and [2 isdefined as
the number of objects in the corresponding sub-trees which are covered by both
regions divided by the number of the objects in both sub-trees.

This definition provides a generic way to measure the intersection between regions
of a metric tree, enabling the use of the optimization techniques, developed for vector
spaces, on metric trees.

5.2. The Fat-Factor

Analogous to Definition 1 of overlap in a metric space, in this section we present a
method to measure the goodness of a metric tree. The basic idea of the following
definition of thefat-factor isthat agood treehasvery little or ideally no overlap between
its index entries. Such an approach is compatible with the design goals of index
structureslike the R+-tree[15] and the R*-tree[16], which were designed with the goal
of overlap minimization.

Our definition of thefat-factor makestwo reasonable assumptions. First, wetakeinto
account only range queries to estimate the goodness of atree. This assumption is not
restrictive since nearest neighbor queries can be viewed as special cases of range queries
[17]. Second, we assume that the distribution of the centers of range queriesfollowsthe
distribution of data objects. Thisseemsto be reasonabl e since we expect the queriesare
more likely issued in regions of space where the density of objectsis high.

Assuming the above, it is easy to state how an ideal metric-tree should behave. For
apoint query (a range query with radius zero), the ideal metric-tree requires that one
node be retrieved from each level. Thus, the fat-factor should be zero. The worst
possible treeisthe onewhich requirestheretrieval of all nodesto answer a point query.
In this situation the fat-factor should be one. From this discussion we suggest the
following definition of fat-factor.

Definition 2- Let T beametrictreewith height H and M nodes, M =1 LetN bethe
number of objects. Then, the fat-factor of ametrictree T is
lc—H*N 1
N QM —H)

fat(T) = (@)



where | denotes the total number of node accesses required to answer a point query for
each of the N objects stored in the metric tree.

Lemmal- Let Theametrictree. Then, fat(T) returnsavaluein therange[0,1]. The

worst possible tree returns one, whereas an ideal tree returns zero.

Proof: Let usconsider apoint query for an object stored in thetree. Such aquery has
to retrieve at least one node from each level of thetree. In particular, the nodes
on theinsertion path of the object qualify and arerequired to beread from disk
intomemory. A lower limit for I (thetotal number of disk accessesfor all point
queries) isthen H*N resulting in a fat-factor of zero. The worst case occurs
when each node has to be read for each of the queries. An upper limit of I is
then M*N resulting in a fat-factor of one. Since the fat-factor is a linear
functioninlcand H* N <I,<M* N, itfollowsthat thefat-factor hasto be
in therange[0,1].

QED
Figure 2 shows two trees and their fat-factor. In

order to illustrate the relationships between the a) b) ~ :
representative and its associated objects, we have / \\
drawn aconnection line. Calculating thefat-factor ~ / iy
for these treesis sraightforward, e.g., for thetree | i
in Figure 2awe have | =12, H=2, N=6 and M=4,
leading to afat-factor=0. For thetreein Figure2b |
we have | =14, H=2, N=6 and M=3, leading to a \ 4 N
fat-factor=1/3. Sfut()=0 ﬁ,t();j ca—
Fig. 2. Two trees storing the same
dataset with different number of
nodes and fat-factors. Root nodes are
shown in broken line.

5.3. Comparing Different Trees for the Same
dataset: the bloat-factor

Thefat-factor isameasure of theamount of objects

that lieinside intersection of regions defined by nodes at the samelevel of ametrictree.
In order to enable the comparison of two trees that store the same dataset (but that use
different splitting and/or different promotion algorithmsleading to different trees), we
need to “penalize’ treesthat usemorethan the minimum required number of nodes (and
so disk pages). This can be done by defining a new measure, called the “bloat-factor” .
In asimilar way to the fat-factor, the bloat-factor considers not the height and number
of nodes in the real tree, but that of the minimum tree. Among all possible trees, the
minimum tree is the one with minimum possible height H,,;, and minimum number of
nodes M., Thus, this leads to the following definition.

Definition 3 - The bloat-factor of ametrictree T with more than onenodeis expressed
as
le =H i * N 1
- min D
bl (T) N ( M min H

This factor will vary from zero to a positive number that can be greater than one.

@

min)



Although not limited to one, this factor enables the direct comparison of two trees with
different bloat-factors, as the tree with the smaller factor aways will lead to a lesser
number of disk accesses.

Theminimum height of thetreeorganizing Nobjectsis  H;, =log. N[ andthe

minimum number of nodes for a given dataset can be calculated
Hmin .

as My, = [N/ C'[vhere, Cisthe capacity of the nodes.
i=1

It isworth emphasi zing that both thefat-factor and thebl oat-factor aredirectly related
to the average amount of overlap between regions in the same level of the tree
represented by |.. Thefat-factor measures how good a given treeiswith respect to this
amount of overlaps, regardless of a possible waste of disk space due to a lower
occupation of itsnodes. The bloat-factor enables us to compare two trees, considering
both the amount of overlaps and the efficient occupation of the nodes.

6. The Slim-down Algorithm

In thissection we present an algorithm that producesa'‘tighter’ tree. Thefat and bl oat-
factor indicate whether atree has room for improvement. Itisclear from Definition 3
that if we want to construct atree with a smaller bloat-factor, we need first to diminish
the number of objects that fall within the intersection of two regionsin the same level.
Secondly, we may need to decrease the number of nodesin the tree.

We proposea Slim-down algorithm to post-process atree, aiming to reduce thesetwo
numbers in an already constructed tree. This algorithm can be described in the
following steps (see Figure 3).

1. For each nodei in agiven level of thetree, find the farthest object ¢ from the
representative b.

2. Find asibling nodej of i, that also covers object c. If such anodej exists and
it isnot full, remove ¢ from nodei and insert it into nodej. Correct the radius
of nodei.

3. Steps 1 and 2 must be applied sequentially over al nodes of a given level of the
tree. If after afull round of these two steps, an object moves from one node to
another, another full round of step 1 and 2 must be re-applied.

In this way, if
object ¢ was moved
from nodei tonodej in
step 2, and itistheonly
object in nodei at this
distance from the
original center, then
the correction of the Fig. 3. How the Slim-down agorithm works.
radius of node i will
reducetheradius of thisnodewithout increasing any other radii. AsFigure3illustrates,
we can assume that object e isthe next farthest object from the representative of nodei.

Before Correction After Correction




Thus, after the reduction, the new radius of node i will be that shown with solid line.
With this reduction, at least object ¢ will go out of the region of this node which
intersects with the region of node j, reducing I. counting. Moreover, when this
algorithmisapplied, we do not guarantee aminimum occupancy in thenodes of thetree,
so eventually some nodes can become empty, further reducing the number of nodesin
thetree. It must be noted that step 2 can take advantage of the triangle inequality to
prune part of the needed distance cal culations.

Thisalgorithm can be executed at different phases of theevolution of thetree. The
following variations immediately come to mind.

a) A similar algorithm could be applied to the higher levels of the tree.

b) The algorithm could be dynamically applied to dim-down the sub-tree stored in

anodejust after one of its direct descendants has been split.

¢) When a new object must be inserted in a node which isfull, a single relocation

of the farthest object of one node could be tried instead of splitting.

Besides the algorithm being applied over the leaf nodes after the compl etion of the
tree, we also have implemented variation (b), and we found that it indeed leads to a
better tree. Moreover, both variations can be applied isolated or together, and either
way, each providesan increasein performance. However, thislast variation slowsdown
the building of the tree and does not give results as good as those obtained by working
on the completed tree. So, due to lack of space, we are not showing these results here.

7. Experimental Evaluation of the Slim-tree

In this section we provide experimental results of the performance of the Slim-tree. We
run experiments comparing the Slim-treewith theM-treeand demonstrating theimpact
of the MST-splitting method and the slim-down algorithm. The Slim-tree was
implemented in C++ under Windows NT. The experiments were performed on a
Pentium 11 450MHz PC with 128 MB of main memory. Our implementation is based
on asimple disk simulator which provides a counter for the number of disk accesses.

Sincetheperformanceof insertionsislargely determined by the CPU-time (because
of therequired distance computations and the compl exity of split operations), we report
in thefollowing only the total runtime for creating metric trees. For queries, however,
we report the number of disk accesses which is a good indicator for the query
performance. We found that the number of distance calculationsis highly correlated
with the number of disk accesses.

In order toillustrate the performance of the new MAM proposed, the Slim-tree, we
use six synthetic and real datasets throughout the paper. Table 1 reports the most
important characteristics of our datasets. Among them therearevector datasets( 2- and
16-dimensional) and metric datasets. Specifically note that for the Facel T dataset we
have used a distance function from a commercial software product. In general, we have
used the L, metric for the vector datasets, but for the EnglishWords dataset, Levenshtein
or string edit distance (Lgg, ) Wwasused. Lgg, (X,y) isametric which countsthe minimal
number of symbols that have to be inserted, deleted, or substituted, to transform x into
y (0. Ly ("head”, “hobby”) = 4 - three substitutions and one insertion).



Let us mention here that the domain of the vector sets is the unit cube. The
experiments were performed in the way that wefirst build up ametric tree by inserting
tuplesone by one. Thereafter, werun 13 sets of 500 range querieswherethe size of the
range queries was fixed for each set. In the following graphs we report the average
number of disk accesses obtained from a set of queries asthe function of the query size.
All the graphs are given in log-log scale.

Table 1. Datasets used in the experiments.

Datasets # Objects Dimension Metric Description
-N -D
Uniform2D 10,000 L, Uniformly distributed data
Sierpinsky 9,841 L, Fractal dataset
MGCounty 15,559 L, Intersection points of roads from
Montgomery County - Maryland
EigenFaces 11,900 16 L, Face vectors of the Informedia project [18].
Facel T 1,056  unknown Facelt A dataset constructed by a distance matrix
™ obtained from Facelt™ software, version
2.51[19].
EnglishWords 25,143 none Lei: Words from an English language dictionary.
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Fig. 4. The query performance (given by average number of disk accesses) for the M-tree and the
Slim-tree as a function of the query radius where each of the plots refers to one of our datasets.

7.1 Comparing the Slim-tree and the M-tree
Since the M-treeisthe only dynamic metric tree available, we compared itsalleged best

performance to the corresponding one of our Slim-tree. Figure 4 shows the query
performance of the Slim-tree and the M-tree for the six datasets. Both trees were built



using the minMax-splitting algorithm, which was found to be the most promising for
the M-tree[12]. The corresponding capacities of the nodes used in these experiments
are reported in Table 3. Note that for both trees we used the same settings of the
parameters, leading to afair comparison.

From theplotsin Figure4 we can seethat the Slim-tree constantly outperforms M-
tree. One of the reasonsis that the occupation of the nodesis higher for the Slim-tree
and therefore, the total number of nodesissmaller. This effect isvisible for the Facelt
and EnglishWords datasets, where a large number of the pages are required for large
range queries. For the vector data sets, however, both trees perform similarly for large
query radii. Thisis becausethe overlap of the entriesislow and therefore, the different
insertion strategies of the M-tree and the Slim-tree perform similarly. Note also that for
large query radii it might be more effective to read the entire file into memory (using
sequential 1/0s). However it is common to expect that the majority of queriesradii are
rather small sothat it is beneficial to use ametric tree.

7.2 - Comparing minMax and M ST Splitting Algorithms

Figure 5 compares the query performance of two Slim-trees where the one uses the
minMax-splitting algorithm and the other uses the MST-splitting algorithm. The left
and right plot showsthe resultsfor Sierpinsky and Facelt, respectively. The plot shows
that both Slim-trees perform similarly. Table 2 give more details about the comparison
of the different splitting strategies. Here, the columns “range queries’ refer to the CPU
time (in seconds) required to perform all the queries of the 13 sets. We point out here
that the M ST-splitting strategy suffers slightly when the number of objects per node (the
capacity) issmall. The columns “build” show the time (in seconds) to create the Slim-
trees. The MST-algorithm is clearly superior to the minMax-splitting algorithm. For
example, theMST-algorithm isfaster by afactor of 60 for thetwo-dimensional datasets.
Overall, the MST-splitting algorithm gives considerabl e savings when a Slim-treeis
created and provides aimost the same performance as the minMax-splitting algorithm
for range queries.

The experiments on the splitting algorithms show that the runtime of the MST-

(a) $Iim—tree, Sigrpinsky datqset (b) ‘Slim-tree, Fgcelt dataset‘
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Fig. 5. Thequery performance of two Slim-treesusing the minMax-splitting algorithm
and the MST-gsplitting algorithm. (a). Sierpinsky dataset, (b) Facelt dataset.



splitting algorithm is increasingly better than the minMax-splitting algorithm as the
number of entries increases. From the results of our experiments we can give the
following rule of thumb for choosing a split algorithm: when C (the capacity of the
nodes) islower than 20, it isbeneficial to usethe minMax- splitting strategy. For trees
with bigger C, theMST-splitting algorithm isabetter choice. It isalsoimportant to say
that the ChooseSubtree algorithm also has an influence on the splitting a gorithms.

Table 2 - A comparison of the Slim-trees using the minMax-splitting algorithm
and the MST-splitting algorithm. The numbers are wall-clock timesin seconds.

Slim-tree using the minMax- Slim-tree using the M ST-splitting
Datasets splitting algorithm (time in sec.) algorithm (timein sec.)
build range |slim- fat- build range | slim- fat-

queries | down | factor queries | down | factor
Uniform2D 9462 | 1723 | 0.23 154 158 16.62 0.33 191
Sierpinsky 10388 | 11.86 | 0.41 0.83 168 [ 11.96 0.23 0.99
MgCounty 195.16 | 20.67 | 0.38 231 3.08 20.78 0.40 2.16
Eigenfaces 61.60 [ 62.33 | 1.20 0.13 6.46 68.67 0.89 71.10
EnglishWords] 1704.44 | 504.17 |82.59 | 173.36 || 33.96 | 513.03 | 210.41 | 204.78
Facelt 0.45 0.13 | 0.08 0.06 0.15 0.16 0.01 0.16

7.3 - Experimentswith the Slim-down Algorithm

The Slim-down algorithm improves the number of disk accesses for range queriesin
average between 10 to 20% for vector datasets. As these datasets already have a low
bloat-factor, this gives small room for improvement through the Slim-down algorithm.
For datasetswith bigger bloat-factors (as the metric datasets Facelt and EnglishWords),
the average improvement goes to between 25 and 35%.

Slim-tree, Facelt dataset
10 . ; ; 10

minMax (without slimming down) —x— MST (without slimming down) —x—
MinMax (with slimming down) —=—

Slim-tree, Facelt dataset

MST (with Slimming down) —s—

Avg #Disk Accesses

Avg #Disk Accesses

10 L I I
0.0001 0.001 0.01 0.1

10! 1 1 1 1
0.0001 0.001 0.01 0.1 radius

radius !
Fig. 6. Comparing the improvements given by the Slim-down algorithm to answer range queries.



Figure 6 compares the query performance of the Slim-trees where the one uses the
slim-down algorithm and the other does not. Note that on the left-hand side of Figure
6 we show the resultswhen the minMax-splitting algorithm is used, whereasthe results
of the MST-splitting algorithm are presented on theright-hand side. Both graphs show
that theslim-down algorithm improvesthe Slim-trees. In Table2 (column*dim-down”)
we also show the time to perform the slim-down on the tree. In general, only a small
fraction of the build timeis required to perform a slim-down on a Slim-tree.

Although the measurement of | takes some computing time, the alternative way
to obtain some values that represent the performance of ametric tree isto issue several
queries for each given radius, keep the average number of disk accesses (or distance
calculations) and their standard deviations and then generate the corresponding plots.
We measured the times spent to calculate both the fat-factor and the average of disk
accesses using 500 randomly generated queries. These measurements are shown in
Table2, and from there we can see that the cal cul ation of the fat-factor isfaster than the
other alternative.

Thelast two columns of Table 3 show the fat-factor and the bl oat-factor cal culated
for the Slim-trees using the MST-splitting algorithm. Moreover, we also present the
number of nodes and the height of the tree. Notethat parameter M refersto the actual
number of nodesand parameter M., , givesthe minimum number of nodes. Analogously,
the parameters H and H,;;, refer to the height of the Slim-tree. The number of objects
per node (C) varies because of the size of the data objects.

Table 3 - Parameters of the Slim-trees using the M ST-splitting algorithm

Dataset Num. | Objects| Number of nodes| Height of the Fat Bloat
of per tree factor | factor
objects | node M Muin Ff() Bl()

N C H Huin

Uniform2D 10,000 52 307 198 3 3 0.03 0.05

Sierpinsky 9,841 52 374 195 3 3 0.01 0.01

MGCounty 15,559 52 568 307 3 3 0.01 0.01

Eigenfaces 11,900 24 930 518 4 3 0.32 0.58

Facelt 1,056 11 226 106 4 3 0.23 051

Englishwords | 25,143 60 476 428 3 3 0.48 0.53

In general, theresultsof our experiments confirmed that the fat-factor issuitableto
measurethequality of aSlim-tree. Asaruleof thumb, webelievethat ametrictreewith
afat-factor between 0 and 0.1 can be considered asagood tree, with afat-factor between
0.1 and 0.3 asan acceptabletree, and with afat-factor greater than 0.3 abad tree. From
Table 3 we can see that the Slim-trees for Uniform2D, Sierpinsky and MGCounty are
very good trees, but the trees for Eigenfaces, Facelt and EnglishWords are considered
to be barely acceptable.



8. Conclusions

We have presented the Slim-tree, a dynamic metric access method which uses new
approaches to efficiently index metric datasets. Our main contributions consist of the
Slim-down algorithm and anew splitting algorithm based on the minimal spanning tree
(MST). Additionally, we suggest a new ChooseSubtree algorithm for the Slim-tree
which directs the insertion of an object from a given node to the child node with the
lowest occupation when more than one child node qualifies. Thisleads to tighter trees
and fewer disk pages, which also resultsin amore efficient processing of queries.

The new MST-splitting method is considerably faster than the minMax-splitting
method, which has been considered the best for the M-tree [2] [10], while query
performance is amost not affected. For a node with capacity C, the runtime of the
minM ax-splitting method is O(C?) whereasthe runtime of the MST-splitting method is
O(C? log C). Their performance difference is reflected in our experiments where the
timeto build a Slim-tree using the M ST-splitting method, isby afactor of up two orders
of magnitude lower than using the minMax-splitting method. Both splitting methods
result in Slim-trees with almost the same query performance. We observed that query
performance suffered alittle by using the M ST-splitting method, but only for small node
capacities (less than 20).

The Slim-down algorithm is designed to be applied to a poorly constructed metric
tree in order to improve its query performance. The theoretical underpinning of the
Slim-down algorithm isour approach for computing overlap in ametrictree. Although
overlap isidentified asan important tuning parameter for improving query performance
for spatial access methods, it has not been previously used for metric trees due to the
inability to compute the volume of intersecting regions. In order to overcome this
deficiency, we propose using the relative number of objects covered by two (or more)
regions to estimate their overlap. This concept is used in the design of the Slim-down
algorithm. Inthispaper, weused the Slim-down algorithm in a post-processing step, just
after theinsertion of all objects. This approach does not impedes subsequent insertions
sinceit could also be used when objects have yet to beinserted. In our experiments, the
Slim-down algorithm improves query performance of 35% in average.

Our concept of overlap also leads to the introduction of two factors each of them
expressesthe quality of a Slim-tree for a given dataset using only asingle number. The
fat-factor measuresthe quality of atree with afixed number of nodes, whereasthe bl oat
factor enables a comparison of treeswherethe number of nodesisdifferent. Moreover,
we foresee that the proposed method of treating overlaps in metric spaces allows us to
apply to metric access methods many well-known fine-tuning techniques devel oped for
spatial access methods.

In our future work, we are primarily interested in thefollowing subjects. First, we
plan to apply the Slim-down algorithm to the nodes of the upper levels of ametric tree.
So far, we have used the algorithm only for the internal nodes on the lowest level (the
first level abovetheleaves). Second, weareinterested in acomparison of the Slim-down
algorithm with the re-insertion technique of the R*-tree. Third, wewill study whether
the bloat-factor can be used to develop a cost model for predicting the cost of a range



guery in the Slim-tree. Fourth, we will investigate whether the definition of the bloat-
factor can be generalized when we explicitly distinguish between a set of query objects
and a set of data objects.
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